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Abstract

Accurate prediction of drug-target affinity (DTA) plays an important role in targeted
therapy and drug discovery by enabling efficient virtual screening. However, many
computational methods for DTA prediction show poor accuracy on novel drug-
target pairs and inconsistent performance across different datasets because they only
focus on a single view. In this work, we present a novel method called MomeDTA,
which utilizes mixture of multi-view expert models to adaptively fuse 1D, 2D
and 3D information. Our method achieves state-of-the-art (SOTA) performance
in multiple scenarios on different datasets, demonstrating that we successfully
improve model generalizability in DTA prediction. All of our code is available at
https://github.com/Yangqy-16/MomeDTA.

1 Introduction

In conventional drug discovery, the identification of ligands that selectively bind to a target protein
relies on labor-intensive manual design and experimental validation. However, a significant proportion
of drug candidates will be eliminated in the experimental stages due to insufficient binding affinity,
which leads to enormous expenditures of time and financial resources. Therefore, virtual screening
serves as a key step in novel drug development by leveraging deep learning methods for rapid,
large-scale prediction of drug-target binding affinities.

Recent deep learning approaches for predicting drug-target binding affinity can be categorized by
how they represent drugs and targets on different views. Sequence-based (1D) models use amino
acid sequences for proteins and SMILES for drugs. Early models such as DeepDTA [1] apply
convolutional neural networks (CNNs) [2] to one-hot encoded inputs. More recent work employs
pretrained language models (PLMs) for DTA prediction. For example, LLMDTA [3] uses ESM-2 [4]
for proteins and Mol2Vec [5] for drugs. Graph-based (2D) approaches represent drugs and proteins
as graphs to capture topological information. GraphDTA [6] extends DeepDTA by applying graph
neural networks (GNNs) [7, 8] to molecular graphs. MMSG-DTA [9] integrates the GINE network
for molecular graph representation and further constructs protein contact maps to facilitate feature
learning through GateGAT. Structure-based (3D) methods [10] leverage 3D conformational data,
including the use of structural PLMs such as Uni-Mol [11].

However, methods based on a single view have potential flaws related to generalizability. First, while
practical drug discovery scenarios require computational methods to have good performance on novel
samples, the prediction accuracy of these methods on unseen drugs or proteins remains poor, probably
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due to limited input features of the single view. Second, most existing studies use the same modal
features for all datasets, yet they overlook data bias: due to variation in their data collection scenarios,
different datasets inherently exhibit differences in their distributions and traits. According to our
experiments, the traits of different datasets lead to distinct dependencies on specific data views (see
Appendix C.2) and unstable performance of single-view approaches (see Section 3.3).

Multimodal learning, which trains models by combining inputs from multiple modalities/views to
capture complementary information and learn a more comprehensive representation [12], has found
many applications in biomolecule representation learning and property prediction [13–16]. In this
work, we present MomeDTA, a novel deep learning method that utilizes Mixture of multi-view
expert models to predict Drug-Target Affinity. Notably, we are the first to combine 1D, 2D, and 3D
inputs of both drugs and proteins, and achieve SOTA performance in warm and cold-start scenarios
on multiple datasets, effectively improving model generalizability in DTA prediction. In addition, we
validate the necessity and effectiveness of integrating multi-view inputs, and demonstrate that the
affinity prediction for different drug-target pairs have distinct dependencies on different views.

2 Methods

2.1 Model Architecture

Typically, a DTA prediction model follows a framework comprising three components: encoders
for extracting representations from the protein and drug inputs, a fusion module to combine these
representations, and a prediction head for estimating the binding affinity [17]. Concerned with the
generalizability and inspired by previous MoE-like architectures [18] in DTA prediction, we design
three tracks that process different views of the input drug and protein, with each track following
the above framework. Specifically, in the 1D and 3D tracks, we first utilize pretrained language
models (PLMs) with rich prior biological knowledge to encode drugs and proteins, which enhances
the generalizability and robustness of our model. Then, a modified mutual attention (MAN) [10]
and a fusion block are applied to fuse and refine the information of the two molecules. In the 2D
track, we adopt multiscale GNNs for drugs and proteins to capture both global and local information.
Finally, a gating architecture named ViewMix integrates the three processed embeddings to get the
affinity score. The whole pipeline is shown in Figure 1 and the details can be found in Appendix A.

Figure 1: The pipeline of MomeDTA. Pretrained drug models are shown in red text and pretrained
protein models are shown in blue text.

2.2 View-aware Mixture Block

Mixture of Experts (MoE) is a common approach to take advantage of the ability of multiple models
[19] and has found some applications in DTI prediction [18]. In this work, we design a view-aware
mixture block (ViewMix). It imitates and refines the gating architecture, where gating refers to the

2



technique that, given an input x, the proportion of each model’s prediction logit to the final prediction
logit is determined by a mapping of the combination of x’s embeddings of different models. Here,
we take a step further: the final prediction logit depends on the weighted sum of the embeddings of
each model, where the weights are predicted through a simple MLP from these embeddings. This
allows the fusion to be aware of different features or positions in a sample instead of giving each
model a fixed weight. The detailed process is shown in Algorithm 6 in Appendix A.

3 Experiments and Results

3.1 Data

We collect the labeled data of Davis [20] and Kiba [21] from DeepDTA and Metz [22] from the
original paper, and no protein structures are provided in these three datasets. First, we search
AlphaFold DB [23] for matched structures of all the protein sequences. For those without matched
structures, we run AlphaFold2 [24] to predict their structures. Then, we encode drugs and proteins
based on all the encoders in our model to obtain their embeddings. The encoding process of the 4
PLMs can be found in their corresponding codes [4, 11, 25, 26].

Next, we split the dataset into training, validation, and test set under 2 scenarios: warm and cold-start.
For the warm scenario, we randomly split all labeled drug-target pairs into 64:16:20. For the cold-start
scenario, we first cluster drugs and proteins and divide them into different folds. Then, different folds
are distributed to the training, validation, and test sets, which ensures molecular dissimilarity between
these three sets. More details can be seen in Appendix C.1.

3.2 Experimental Setup

We collect baselines covering different methods based on sequence, graph, and multi-modal inputs.
Their details are listed in Table 4 in Appendix B. We adopt MSE, CI, R2, Pearson correlation
coefficient, Spearman correlation coefficient, and MAE as evaluation metrics, all of which are defined
and widely used in previous methods [1, 3, 6].

3.3 Results

Table 1: Results of the warm scenario. The method ranking first is in bold and second is underlined.
"PCC" is short for Pearson correlation coefficient and "SCC" is short for Spearman correlation
coefficient. Likewise for other tables.

Dataset Method MSE↓ CI↑ R2↑ PCC↑ SCC↑ MAE↓

Davis

DeepDTA 0.4870 0.8229 0.2497 0.6334 0.5742 0.5314
GraphDTA 0.2632 0.8603 0.5944 0.7738 0.6298 0.2820
LLMDTA 0.2083 0.8777 0.6790 0.8261 0.6548 0.2861
MMSG-DTA 0.3797 0.8233 0.4150 0.6479 0.5752 0.3840
MomeDTA 0.1988 0.8837 0.6937 0.8360 0.6644 0.2185

Kiba

DeepDTA 0.1934 0.8630 0.7173 0.8477 0.8430 0.2614
GraphDTA 0.1567 0.8821 0.7709 0.8793 0.8729 0.2225
LLMDTA 0.1642 0.8681 0.7599 0.8743 0.8594 0.2478
MMSG-DTA 0.3008 0.8090 0.5604 0.7489 0.7557 0.3406
MomeDTA 0.1553 0.8867 0.7730 0.8798 0.8737 0.2103

Metz

DeepDTA 0.1660 0.8611 0.6986 0.8427 0.8366 0.2400
GraphDTA 0.1275 0.8872 0.7683 0.8771 0.8759 0.1989
LLMDTA 0.1347 0.8663 0.7553 0.8709 0.8532 0.2270
MMSG-DTA 0.2585 0.8068 0.5306 0.7285 0.7489 0.3219
MomeDTA 0.1308 0.8899 0.7624 0.8742 0.8731 0.1943

The results in warm and cold-start scenarios on the Davis, Kiba, and Metz datasets are shown in
Table 1 and Table 2, respectively. In general, MomeDTA achieves SOTA performance in almost all
experiments. In the warm scenario, our method ranks first on all metrics on Davis and Kiba and is
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comparable to the best baseline GraphDTA on Metz. In the cold-start scenario, our model ranks first
on all metrics on Metz and performs best overall on Davis and Kiba. The performance of all methods
drops significantly in the cold-start scenario, implying that prediction on novel samples is difficult,
but our top performance on all the datasets and the rise of our performance rank from the warm to the
cold-start scenario on Metz demonstrate that MomeDTA has better generalizability than baselines.
The comparison of predicted versus true values of MomeDTA is shown in Appendix D.

Table 2: Results of the cold-start scenario.

Dataset Method MSE↓ CI↑ R2↑ PCC↑ SCC↑ MAE↓

Davis

DeepDTA 0.4914 0.6351 -0.0725 0.2771 0.2228 0.5758
GraphDTA 0.4977 0.4973 -0.0863 0.0226 -0.0058 0.4596
LLMDTA 0.4314 0.7093 0.0642 0.3618 0.3415 0.4384
MMSG-DTA 0.4799 0.5820 -0.0474 0.1396 0.1341 0.5362
MomeDTA 0.4013 0.6884 0.1241 0.3735 0.3079 0.4137

Kiba

DeepDTA 0.8730 0.5620 -0.2630 0.1942 0.1754 0.6865
GraphDTA 0.6727 0.5783 0.0268 0.2078 0.2218 0.5936
LLMDTA 0.8725 0.6136 -0.2626 0.2174 0.3166 0.6048
MMSG-DTA 0.7105 0.5715 -0.0279 0.2115 0.2035 0.6041
MomeDTA 0.6555 0.6014 0.0516 0.2865 0.2819 0.5903

Metz

DeepDTA 0.6933 0.5881 -0.1704 0.1949 0.2427 0.5247
GraphDTA 0.5707 0.5968 0.0365 0.2430 0.2650 0.5386
LLMDTA 0.4482 0.6577 0.2439 0.4957 0.4257 0.4781
MMSG-DTA 0.5383 0.6344 0.0912 0.3061 0.3673 0.5090
MomeDTA 0.4357 0.6776 0.2644 0.5239 0.4731 0.4513

Figure 2: Ablation study in cold-start scenario on
Metz.

Note that the performance of these baseline
methods varies between different datasets. In
the warm scenario on Davis, some sequence-
based methods show superior performance
than graph-based methods (i.e. LLMDTA
is better than GraphDTA). By contrast, in
the warm scenario on Kiba and Metz, the
graph-based method is superior to sequence-
based methods (i.e. GraphDTA is the best).
These results collectively reveal the presence
of data bias, which refers to the situation that
different datasets have distinct traits and thus
tend to rely on different kinds of input fea-
tures, possibly due to variations in their data
collection process or data distribution. Ac-
cording to the above experiment results and
our data analysis in Appendix C.2, sequence
information can be more important to the
data in Davis while drugs in Kiba and Metz
have stronger correlations with topological
information. Hence, it may be difficult for previous methods based on a single modality to work
with datasets of all kinds. We alleviate the problem by combining information from 1D to 3D. These
multiple views enable the model to be more comprehensive so that it can be used in a wider range,
which is demonstrated in our experiments.

3.4 Ablation Study

To validate the necessity of integrating the three views, we also perform an ablation study in the
cold-start scenario on Metz, with results shown in Figure 2. It is clear that the performance of
the entire MomeDTA exceeds that of any single view or combination of only 2 views. This result
demonstrates the advantage of integrating information of multiple views within the model. When
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working alone, the 2D track slightly lags behind because its optimal hyperparameters (e.g. learning
rate, batch size, etc.) are different from those of MomeDTA, but we keep all hyperparameters the same
when performing ablation study for fair comparison. Among the 2-view combinations, "1D&2D"
performs the worst, which means 3D view makes the most contribution under this setting, followed
by 1D and 2D.

3.5 Case Study

Figure 3: Weights W in ViewMix for 3 different drug-target pairs in the test set of Davis.

To showcase our model is able to perceive the information of different views, we randomly select 3
drug-target pairs in Davis, perform model inference on them, and visualize the weights in ViewMix
(W in Algorithm 6 in Appendix A) in Figure 3, where lighter colors represent larger weights.
According to the results, the weights of the 3 modalities all appear large somewhere, meaning
that all the 3 views are useful for the prediction to some extent. More importantly, the numerical
distribution of the weights varies between different views and between different drug-target pairs,
which demonstrates that different drug-target pairs exhibit distinct dependencies on specific views,
and our ViewMix is capable of capturing such differences. The reason is that ViewMix decides the
contribution of each view to the prediction of binding affinity by controlling "dynamic" weights,
where the weights are calculated according to the input features and thereby "dynamic" for different
samples. This is different from "static" fusion techniques such as concatenation or weighted average
where the same proportion of each modality is applied to all the samples.

4 Discussion

In conclusion, we have designed a new method called MomeDTA which exploits mixture of multi-
view expert models to predict drug-target affinity. We achieve SOTA performance in warm and
cold-start scenarios on datasets with different traits, effectively improving generalizability both on
novel samples and against data bias in DTA prediction. The ablation study demonstrates the necessity
of integrating multi-view inputs, and the case study shows that our model is aware of the distinct
dependencies on specific views across different drug-target pairs. Moreover, our model can identify
the binding region within the drug-target pair (see Appendix E).

The superiority of MomeDTA over its single tracks can be attributed to the distinct and complementary
roles played by the different views in modeling interactions. In the 1D view, pretrained BERT-style
[27] models are employed. For proteins, such models extract evolutionary information closely
related to their biological function and binding propensity [4]. For drugs, semantic patterns in
SMILES/SELFIES allow the model to capture functionally relevant atomics, even over long ranges,
and reveal general binding tendencies [28]. The 2D view is well suited to represent relational
structures such as chemical bonds and functional groups in drugs as well as residue interaction
networks in proteins, allowing identification of the topological structures in both entities [29]. The
3D view provides essential spatial contexts including potential binding pockets in proteins [30] and
fine-grained conformations of drugs [11]. These factors directly determine intermolecular affinity by
defining shape complementarity and interaction feasibility. Integrating these three views enriches the
feature space with non-redundant information, enabling the model to capture complex drug-target
interaction mechanisms that no single view can fully represent.

Still, our model has limitations. Our prediction accuracy is not very high on some datasets or in some
scenarios. Specifically, the 2D track possibly drags behind the model capability due to incompatible
batch size. In addition, our training speed is slower than single-modality methods due to our multiple
tracks (see Appendix F). These limitations are our potential places for improvement. The future of
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DTA prediction probably lies in developing more efficient methods for modal fusion and continuous
improvement on model generalizability and interpretability.
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A Methods

A.1 Model Architecture

The whole process of MomeDTA can be formulated as Algorithm 1. The algorithms in each line are
elucidated in the following subsections.

Algorithm 1 MomeDTA

Input: d1, p1, d3, p3 defined in following algorithms, drug graph d2, protein graph p2;
Output: Affinity score s;

1: F1 = 1D-Track(d1, p1); // see Algorithm 4
2: F2 = concat([MGNN(d2),MSAGE(p2)]); // see Section A.3
3: F3 = 3D-Track(d3, p3); // see Algorithm 5
4: s = ViewMix([F1, F2, F3]). // see Algorithm 6

A.2 1D Track

In the 1D track, the input is the one-dimensional SMILES and amino acid sequence. Inspired by
[17], we convert SMILES to SELFIES [28] and adopt the pretrained SELFormer [25] as the encoder.
SELFIES is a string-based representation that circumvents the issue of robustness and that always
generates valid molecular tokens for each character [17, 28]. For proteins, we use ESM-2 [4] as
encoder since it is one of the most widely used protein encoders in DTA prediction [3, 10, 31, 32].
Trained on a great number of unlabeled protein sequences, ESM-2 efficiently captures proteins’
sequential and evolutionary information and shows great generalizability in many downstream tasks
[4]. After getting the outputs of the PLMs, we need to align them to the same size. Here, we adopt
the one-dimensional convolutional neural network (1D-CNN) as in [3], which down-samples the
hidden dimension of the original embedding while retaining multiscale neighborhood information.

Algorithm 2 MAN

Input: Drug representation D ∈ Re×N , drug mask Dm ∈ RN ,
protein representation P ∈ Re×L, and protein mask Pm ∈ RL;

Output: Protein-aware drug representation D̂ ∈ Re and drug-aware protein representation P̂ ∈ Re;
1: C = tanh(PTWbD), Wb ∈ Re×e;
2: Hd = tanh(WdD + (WpP )C), Hp = tanh(WpP + (WdD)CT ), Wd,Wp ∈ Rk×e;
3: Ad = softmax((WT

hdH
d).masked_fill(¬Dm)),

Ap = softmax((WT
hpH

p).masked_fill(¬Pm)), Whd,Whp ∈ Rk×1;
4: D̂ = AdD, P̂ = ApP .

After obtaining the above representations, we use a refined mutual attention (MAN) for information
fusion, as shown in Algorithm 2). Note that softmax is calculated along the embedding dimension,
and masked_fill is the same as that in the pytorch library. There are also other similar cross-
attention blocks widely used in DTA prediction including BAN [3] and CAN [17]. However, in
our experiments, BAN tends to have too large attention logits during forward propagation, which
may cause unstable loss curve during training, and CAN has large computation cost, while MAN is
relatively stable and efficient with minor accuracy loss, so we choose MAN in our work. Compared
to original mutual attention [10], we consider drug and protein masks in the process, which can
eliminate noise in the padding region that affects prediction accuracy.

Next, similar to [3], the outputs of MAN and encoder blocks are fed into a fusion block together (see
Algorithm 3). This approach enables the model to learn both the global feature of the drug-protein
complex and the features of the intermolecular interaction. Lastly, the fused feature is passed through
an MLP to get the final affinity score. The whole process can be summarized in Algorithm 4.
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Algorithm 3 FusionBlock

Input: Drug representation D, protein representation P ,
protein-aware drug representation D̂, and drug-aware protein representation P̂ ;

Output: Fused feature F ;
1: PreFeat = LayerNorm(GELU(Linear(concat([MaxPool(D),MaxPool(P )]))));
2: PostFeat = GELU(Linear(concat([D̂, P̂ ])));
3: F = Linear(PreFeat+ PostFeat).

Algorithm 4 1D-Track

Input: SELFIES d1 and amino acid sequence p1;
Output: 1D output feature F1;

1: d1 = EmbedSELFormer(d1), p1 = EmbedESM-2(p1);
2: (D,Dm) = Pad(d1), (P, Pm) = Pad(p1);
3: D = 1D-CNN(SELFormer(d1)), P = 1D-CNN(ESM-2(p1));
4: D̂, P̂ = MAN(D,P,Dm, Pm);
5: F1 = FusionBlock(D,P, D̂, P̂ ).

A.3 2D Track

Table 3: Residue features
used in protein graph.

Feature Size
Type 21
Hydrophobicity 1
Charge 1
Polarity 1
Molecular weight 1

In the 2D track, the input is the graph of the drug and the protein. A
graph has a topological structure and is often considered as a modality
between the 1D sequence and the 3D structure, providing a unique
view related to drug-target binding [6, 33].

In this track, we use GNN to encode both the drug and protein graphs.
For the drug graph, we utilize the MGNN proposed in [33], which
contains multiscale blocks and dense connection to learn both local
and global structural information in the molecule. For the protein
graph, for simplicity, we choose some basic residual features as node
features, as shown in Table 3. The edges are determined by the
distance between the Cα atom of the residues. Then, similar to the
idea of MGNN, we design a multiscale GNN called MSAGE consisting of 3 SAGEConv blocks
with residual connection and pooling, as depicted in Figure 4. After going through GNNs, drug and
protein representations are concatenated as fed into the final MLP.

Figure 4: MSAGE architecture.

A.4 3D Track

The process of 3D track is the same as that of 1D track except that the inputs are different and the
encoders are replaced with 3D PLMs (see Algorithm 5). In this track, we focus on the coordinates of
the drugs and proteins since they provide fine-grained structure information. The coordinates of the
drugs can be obtained by RDKit. For proteins, we use AlphaFold2 to predict their 3D structures, and
the details are in Section 3.1.
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Algorithm 5 3D-Track

Input: Drug conformation d3 (obtained by RDKit) and
protein structure p3 (predicted by AlphaFold2);

Output: 3D output feature F3;
1: d3 = EmbedUni-Mol(d3), p3 = EmbedSaProt(p3).
2: (D,Dm) = Pad(d3), (P, Pm) = Pad(p3);
3: D = 1D-CNN(Uni-Mol(d3)), P = 1D-CNN(SaProt(p3));
4: D̂, P̂ = MAN(D,P,Dm, Pm);
5: F3 = FusionBlock(D,P, D̂, P̂ ).

Inspired by previous works [10, 31], we choose Uni-Mol [11] and SaProt [26] as the encoders for drug
and protein respectively. Uni-Mol was trained on millions of molecules and their 3D conformations,
significantly enhancing the quality of molecular representations [10, 11]. SaProt uses Foldseek
[34] to convert local structures to tokens, and then combines it with amino acid letters to form
a "structure-aware" protein sequence as input to ESM-2 [26], which is a convenient way to fuse
structure information into sequence encoder.

A.5 ViewMix

The detailed computing process of ViewMix is shown below.

Algorithm 6 ViewMix

Input: 1D output feature F1, 2D output feature F2, and 3D output feature F3;
Output: Affinity score s;

1: F = concat([F1, F2, F3]);
2: Fg = LayerNorm(GELU(Linear(F )));
3: W = softmax(Unflatten(Linear(Fg)));
4: H = stack(F );
5: Fnew = HW ;
6: s = MLP(Fnew).

To detect whether ViewMix learns the importance of different views, we analyze the training dynamics
of the weight W in ViewMix, as depicted in Figure 5. We choose the pair (AT-7519, FLT1) in the
training set under cold-start setting on Davis, and visualize the change of the values of 3 different
feature dimensions in W (i.e. W ∈ R256×3, and we extract W [100], W [150], and W [200]) with
regard to the training epoch. Obviously, the weights are oscillating in the beginning but becomes
stable when the number of epochs increases, which complies with the convergence of the whole
model. In each dimension, the weight of one of the 3 views becomes dominant at last, indicating
that it is the most crucial view related to this feature and is successfully captured by our model.
Meanwhile, the dominating view differs across different dimensions, which shows that the importance
of each view varies between different features, further validating the necessity of proportionally
fusing weight matrices instead of prediction logits.
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Figure 5: The training dynamics of the weight in ViewMix.

B Baselines

Table 4: Architecture and the corresponding views of baseline methods.
Methods Drug Representation Protein Representation Fusion
DeepDTA (2018) [1] CNN CNN -
GraphDTA (2020) [6] GNN CNN -
LLMDTA (2024) [3] Mol2Vec [5] ESM-2 BAN

MMSG-DTA (2025) [9] GINE+Transformer Sequence: MCNN;
Graph: ESM-2+GateGAT Attention
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C Data

C.1 Data Split

For data split under cold-start settings, following GraphBAN [35], we first cluster all the drugs based
on Jaccard distance [36] between their ECFP fingerprints [37] and cluster all the proteins based on
cosine similarity between their 3-mer embeddings. Then, we split all the drugs into 5 folds such that
the drugs within the same cluster must be in the same fold and the total number of drugs in each fold
is nearly the same. The same method is applied to proteins. This ensures that drugs and proteins
from different folds are biologically dissimilar. Next, we randomly select one fold of drugs (assume
fold 0, and denote {D0}) and one fold of proteins (denoted {P0}), and let all data pairs (d, p) where
d ∈ D0 and p ∈ P0 be the test set. We select another fold (assume fold 1), and all (d, p) where
d ∈ D1 and p ∈ P1 are the validation set. Under this condition, all (d, p) where d ∈ D2 ∪D3 ∪D4

and p ∈ P2 ∪ P3 ∪ P4 are the training set.

C.2 Data Analysis

To demonstrate that different datasets exhibit data bias and thus have dependencies on modalities
of different views, we conduct two experiments on the drugs in our datasets. Firstly, we show the
presence of data bias, which means that data itself may have intrinsic properties suitable for methods
based on different kinds of views. We extract the Morgan fingerprints of all the drugs in Davis,
Kiba, and Metz, which encode the topological structure of molecules, and calculate the pairwise
distance between the fingerprints within each dataset. As shown in Figure 6, Davis has the lowest
molecular fingerprint diversity, while Kiba and Metz exhibit higher molecular fingerprint variability.
This implies why graph-based methods, which primarily extract topological features, perform well
on Kiba and Metz.

Figure 6: Distribution of Drug Pairwise Dis-
tance measured by Morgan Fingerprint in
Davis, Kiba, and Metz.

Figure 7: The distribution of Bertz scores
of the best-predicting drugs of three baseline
methods.

Secondly, we show that different methods perform differently on distinct drug-target pairs. We
choose Kiba, which is the largest dataset in our study with multiple sources of drug-target pairs [21],
and collect the predicted logits of DeepDTA, GraphDTA, and MMSG-DTA on it. Then, we rank
drug-target pairs according to the difference between their predicted logits and ground-truth affinities
in ascending order, and collect the drugs in the top 100 samples. These are the drugs on which the
corresponding method has the best prediction performance. Next, we collect the Bertz scores of these
drugs representing their topological complexity [38] and visualize them in Figure 7. The results show
that topological complexity of the drugs of the graph-based methods (GraphDTA and MMSG-DTA
which use GNN to encode drug graphs) is higher than that of the sequence-based method (DeepDTA
which uses CNN to encode SMILES). This demonstrates that graph-based methods show superior
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performance on molecules with more complex topological structure, which further indicates that
different drug-target pairs have distinct traits and show dependencies on different modalities.

D Result Analysis

Figures 8 and 9 show the distribution of predicted versus true affinity values of MMSG-DTA and
MomeDTA in each dataset in the warm and cold-start scenario respectively. In both scenarios, the
predicted values of MomeDTA are closer to ground-truth affinity values than those of MMSG-DTA
in all datasets in that the data points of MomeDTA are closer to the y = x line which means perfect
prediction. However, in the cold-start scenario, many data points are far from the y = x line for
both methods, indicating that the generalizability of the model to novel samples still has room for
improvement.

Figure 8: The distribution of predicted versus true affinity values of MMSG-DTA and MomeDTA in
the warm scenario.
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Figure 9: The distribution of predicted versus true affinity values of MMSG-DTA and MomeDTA in
the cold-start scenario.

E Interpretability Analysis

Figure 10: Binding sites predicted by AF3 for the studied drug-target pair. The protein is colored
blue and the drug is colored green. The binding sites (mainly in residue region 310-318 and 384-393)
are marked orange.

To figure out whether the model actually learns any binding pattern between drugs and targets, we
select a drug-target pair in Davis, where the drug is A-674563 and the protein is CLK3, and pass this
pair through the model. We extract the attention map of MAN (C in Algorithm 2 in Appendix A)
in the 3D track, and visualize it in Figure 11. The positions in the map are the attention logits with
regards to the corresponding drug and protein positions for x-axis and y-axis respectively. Deeper
color represents stronger signal. There are some deep "lines" in the map (i.e., target position near 300
and 390; drug position near 11, etc.) which indicates the potential binding sites of the drug and target.
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Meanwhile, AlphaFold 3 [39] (AF3) is employed for predicting the structure of drug-target binding
complex. We visualize the complex and mark its binding sites (mainly in residue region 310-318 and
384-393) using PyMol [40], as shown in Figure 10. Overall, the deep positions of the protein in the
attention map correspond closely to the AF3-predicted binding sites, especially the regions around
residue 300 and residue 390. This implies that our model learns the binding mechanisms between
drugs and proteins.

Figure 11: MAN’s map in 3D track for the studied drug-target pair. The deepest lines are near 300
and 390.
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F Computational Cost

Finally, we analyze the computational cost of our method. Our memory requirement is at the same
level as most baselines (see Table 5). However, the running time of our method is slower than the
baselines, mainly because we use features from multiple views and train them together, and the details
are shown in Table 7 with the number of data counted in Table 6 for reference. This is the main point
to improve for our method, and we will design more concise and efficient way for modality fusion in
the future.

Table 5: Average memory consumption of each method (in GB).
Method Memory
DeepDTA 1.4
GraphDTA 1.9
LLMDTA 1.2
MMSG-DTA 22.8
Ours 2.8

Table 6: Number of data in each dataset.
Davis Kiba Metz

warm novel_pair warm novel_pair warm novel_pair
Training 16451 9307 75573 45850 68258 34889
Validation 4113 975 18894 4632 17065 4733
Test 5140 1064 23616 3572 21330 4966

Table 7: Runtime of each method (in hours).

Method Davis Kiba Metz
warm novel_pair warm novel_pair warm novel_pair

DeepDTA 0.6 0.4 1.9 1.2 1.8 1.0
GraphDTA 0.7 0.7 3.0 3.7 2.6 3.0
LLMDTA 4.0 1.4 33.8 6.1 16.4 3.3
MMSG-DTA 1.5 0.2 7.7 2.8 6.6 0.6
Ours 19.3 3.3 91.1 13.1 41.5 12.0
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