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A B S T R A C T

Drug–target interaction (DTI) prediction plays a critical role in virtual screening and computational
drug discovery. Existing Transformer-based models such as MolTrans improve sequence representa-
tion learning but still rely on implicit interaction modelling, limited global semantic aggregation, and
optimisation strategies that are sensitive to dataset imbalance and scarce-data settings. In this work,
we propose a strengthened Transformer-based DTI framework integrating three key components:
a bidirectional cross-attention mechanism for explicit modelling of drug–protein dependencies, a
hybrid local–global representation scheme combining CNN-based interaction modelling with multi-
scale global pooling, and a residual-enhanced classification head with stabilised optimisation using
BCEWithLogitsLoss, AdamW, and cosine learning-rate scheduling. Comprehensive experiments
on the BindingDB, BIOSNAP, and DAVIS benchmark datasets demonstrate that the proposed
framework consistently outperforms MolTrans across multiple evaluation metrics, achieving up to
2.4 percentage-point improvements in AUROC and 11.8 percentage-point improvements in AUPRC.
The largest gains are observed on the small and imbalanced DAVIS dataset, indicating improved
robustness under scarce-data conditions. Ablation studies further confirm that cross-attention and
global semantic aggregation contribute complementary performance benefits. Overall, the proposed
framework provides a more expressive, interpretable, and robust approach for DTI prediction under
realistic drug discovery settings.

1. Background

Drug discovery is a costly and time-intensive process,
largely due to the need to experimentally screen vast chemi-
cal spaces of candidate compounds Hughes, Rees, Kalind-
jian and Philpott (2011); Broach, Thorner et al. (1996).
Drug–target interaction (DTI) prediction offers an efficient
computational alternative by estimating the likelihood that
a small molecule binds to a specific protein target, thereby
enabling virtual screening and drug repositioning Schenone,
Dančík, Wagner and Clemons (2013). With the rapid growth
of molecular and bioactivity data, deep learning has become
a key approach for modelling complex biochemical inter-
actions in silico Unterthiner, Mayr, Klambauer, Steijaert,
Wegner, Ceulemans and Hochreiter (2014); Mayr, Klam-
bauer, Unterthiner, Steijaert, Wegner, Ceulemans, Clevert
and Hochreiter (2018).

Early deep learning models for DTI prediction typically
encode drugs and proteins as sequences or hand-crafted
descriptors, followed by convolutional or recurrent archi-
tectures Wen, Zhang, Niu, Sha, Yang, Yun and Lu (2017);
Öztürk, Özgür and Ozkirimli (2018); Lee, Keum and Nam
(2019). While effective at capturing local patterns, these
methods often treat drug and protein representations inde-
pendently and rely on simple fusion mechanisms such as
concatenation. As a result, they fail to explicitly model the
underlying interaction process, where specific substructures
of a drug bind to particular regions of a protein Jia, Zhu, Ma,
Cao, Li and Chen (2009).
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Transformer-based approaches have recently improved
DTI modelling by capturing long-range dependencies. Among
them, MolTrans Huang, Xiao, Glass and Sun (2021) intro-
duces a sub-structural tokenisation strategy based on fre-
quent consecutive subsequences (FCS), enabling the model
to learn representations from large-scale unlabeled data. It
further constructs an interaction map using element-wise
operations followed by convolution, achieving strong perfor-
mance and improved interpretability. However, despite these
advances, existing Transformer-based DTI models still rely
on implicit and locally constrained interaction modelling.
Specifically, their interaction mechanisms are limited to
element-wise correlations and shallow convolutional pro-
cessing, which restricts the ability to capture higher-order
and long-range cross-modal dependencies between drug
fragments and protein residues.

In addition, current architectures often lack explicit
global semantic aggregation at the sequence level, mak-
ing it difficult to integrate holistic contextual information
beyond local interaction patterns. This limitation becomes
particularly critical in small, noisy, or scarce-data settings
commonly encountered in realistic drug discovery scenarios,
where robust sequence-level representations are essential for
stable generalisation. Furthermore, standard optimisation
strategies based on Sigmoid and BCELoss can lead to
unstable convergence and degraded performance under class
imbalance, limiting the robustness of Transformer-based
DTI models.In addition, current architectures often lack
explicit global semantic aggregation at the sequence level,
making it difficult to integrate holistic contextual infor-
mation beyond local interaction patterns. This limitation
becomes particularly critical in small, noisy, or scarce-data
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settings commonly encountered in realistic drug discovery
scenarios, where robust sequence-level representations are
essential for stable generalisation. Furthermore, standard
optimisation strategies based on Sigmoid and BCELoss can
lead to unstable convergence and degraded performance un-
der class imbalance, limiting the robustness of Transformer-
based DTI models.

To address these limitations, we propose a strengthened
Transformer-based DTI framework that explicitly models
higher-order cross-modal dependencies through bidirec-
tional alignment learning while incorporating hybrid local–
global representation modelling and stabilised optimisation.
Unlike prior approaches that rely on implicit interaction
modelling, our method introduces a bidirectional cross-
attention mechanism that allows drug tokens to attend to
relevant protein residues and vice versa, enabling explicit
learning of residue–substructure relationships. In parallel,
we design a hybrid local–global representation scheme that
combines convolutional interaction modelling with multi-
scale global pooling to capture both fine-grained and holis-
tic semantic information. Finally, we employ a residual-
enhanced classification head together with stabilised op-
timisation strategies to improve convergence robustness,
representation stability, and predictive performance under
realistic and scarce-data drug discovery settings.

The main contributions of this work are as follows:

• We reformulate DTI prediction as a bidirectional
cross-modal alignment problem and propose a cross-
attention framework that explicitly models higher-
order dependencies between drug substructures and
protein residues.

• We introduce a hybrid local–global representation
framework that combines CNN-based interaction mod-
elling with multi-scale semantic aggregation to jointly
capture fine-grained local interactions and global
contextual dependencies.

• We employ a residual-enhanced classification head
together with stabilised optimisation strategies, in-
cluding BCEWithLogitsLoss, AdamW, and cosine
learning-rate scheduling, to improve convergence sta-
bility and robustness under scarce-data settings.

• We conduct comprehensive evaluations under realis-
tic drug discovery settings across BindingDB, BIOS-
NAP, and DAVIS benchmarks, demonstrating consis-
tent improvements over MolTrans and strong robust-
ness on small, imbalanced, and scarce-data datasets.

2. Related Work

Research on DTI prediction has progressed rapidly,
from similarity-based approaches and feature-based ma-
chine learning models to deep neural networks and Transformer-
based architectures Pahikkala, Airola, Pietilä, Shakyawar,
Szwajda, Tang and Aittokallio (2015); Zheng, Ding, Mamit-
suka and Zhu (2013); Mayr et al. (2018).

2.1. Similarity- and Feature-Based DTI Prediction
Classical computational DTI methods typically rely on

chemical and biological similarity. Kernel-based regression
and matrix factorisation approaches use drug and target
similarity matrices to infer new interactions from known
ones Pahikkala et al. (2015); Zheng et al. (2013). Feature-
based methods instead construct numerical descriptors such
as ECFP fingerprints Rogers and Hahn (2010) and PubChem
features Bolton, Wang, Thiessen and Bryant (2008) for drugs
and protein composition descriptors like CTD and PSC for
proteins Dubchak, Muchnik, Holbrook and Kim (1995);
Cao, Xu and Liang (2013). These features are then fed
into shallow models such as logistic regression or gradient
boosting He, Heidemeyer, Ban, Cherkasov and Ester (2017).
Although such methods are efficient and interpretable, they
depend heavily on hand-crafted features and often generalise
poorly to unseen proteins or chemotypes Wen et al. (2017).

2.2. Deep Learning for DTI Prediction
Deep learning approaches aim to learn representations

directly from raw SMILES and amino-acid sequences. Deep-
DTA Öztürk et al. (2018) applies CNNs to both drug and
protein sequences to predict binding affinity. DeepConv-
DTI Lee et al. (2019) uses convolution and global max pool-
ing on protein sequences combined with ECFP4 fingerprints
for drugs. WideDTA Öztürk, Ozkirimli and Özgür (2019)
extends this idea with multiple sequence representations,
and several GNN-based methods such as GNN-CPI and
GraphDTA incorporate molecular graphs for the ligand
side Tsubaki, Tomii and Sese (2019); Nguyen, Le, Quinn,
Nguyen, Le and Venkatesh (2021). These models improve
performance over classical methods but still mainly rely
on local receptive fields and often treat drug and protein
encoders independently with only simple concatenation for
fusion.

2.3. Transformer-Based DTI Models
Transformers Vaswani, Shazeer, Parmar, Uszkoreit, Jones,

Gomez, Kaiser and Polosukhin (2017) have been adopted
in chemoinformatics and bioinformatics due to their abil-
ity to capture long-range dependencies. MolTrans Huang
et al. (2021) is a representative token-based Transformer
model for DTI prediction. It decomposes drug and protein
sequences into sub-structures using FCS mining, applies
Transformer encoders to each modality and then constructs
a pairwise interaction map through dot-product operations
followed by a CNN and a shallow MLP decoder. MolTrans
demonstrates strong performance and robustness across
BIOSNAP, DAVIS and BindingDB, including scenarios
with scarce labels and unseen drugs or targets. However,
MolTrans still employs a relatively shallow interaction
module and does not explicitly aggregate global sequence-
level semantics; its training procedure is also not tailored for
small, noisy datasets. These limitations motivate our design
of a cross-attention-based interaction module with improved
global pooling and stabilised optimisation.
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2.4. Cross-Modal Attention in Bioinformatics
Cross-attention mechanisms have been widely used in

multimodal tasks such as natural language inference, image–
text retrieval and protein–ligand docking Gong, Luo and
Zhang (2017). Recent works such as CAPLA and AttentionMGT-
DTA apply cross-attention to model protein–ligand inter-
actions and report improvements in binding-affinity predic-
tion Jin, Wu, Chen, Pan, Wang, Xie, Quan and Lyu (2023);
Li, Zhang, Guan and Zhou (2022). These results demonstrate
that jointly attending over drug and protein representations
can better capture inter-molecular dependencies. However,
cross-attention has so far been less explored within token-
based Transformer DTI frameworks like MolTrans, where
the interaction module still largely relies on element-wise
operations and CNNs.

2.5. Hybrid Local Convolution and Global

Aggregation
Several studies have argued that purely local 2D con-

volution on interaction maps may lose global semantic in-
formation at the sequence level Li et al. (2022). To ad-
dress this, hybrid architectures combine local convolutions
with global pooling or attention mechanisms that summarise
sequence-level context. Multi-scale pooling (average, max
and attention) can provide complementary views of global
semantics and help emphasise important regions. Our work
follows this line by augmenting the interaction map with
multi-scale global pooling over the cross-attention-enhanced
token representations.

2.6. Deep Residual Classification Heads and

Training Stability
Deep residual classification heads are widely used to

increase discriminative capacity and improve gradient flow
in vision and NLP models, and recent DTI models have
started to adopt deeper MLP heads and shortcut connections
to alleviate bottlenecks caused by shallow classifiers Mayr
et al. (2018). For training stability, BCEWithLogitsLoss is
preferred over a separate Sigmoid + BCELoss combination,
and optimisers such as AdamW, together with learning-rate
schedules and mixed-precision training, are recommended
as best practice. We adopt these ideas to stabilise optimisa-
tion on small datasets (e.g. DAVIS) and to reduce variance
across random splits.

2.7. Graph Transformers and Structured DTI

Modelling
Graph-based Transformers such as Graphormer and its

DTI variants integrate attention mechanisms with molecular
graph structures, enabling simultaneous modelling of local
chemical environments and global topology Gao, Zhang,
Chen, Zhang, Wang, Wang, Li, Guo, Webb, Nguyen et al.
(2024). Pocket-aware or subpocket-aware Transformers fur-
ther incorporate protein structural information. These devel-
opments suggest that attention-based fusion and structure-
aware encoders can substantially improve model expressive-
ness. Our framework can be seen as a step towards this

direction within the MolTrans-style token-based setting, and
it could be extended in future work to include graph or 3D
structural encoders.

Overall, existing DTI models still face limitations in
explicitly modelling cross-modal dependencies, integrating
global semantic context, and maintaining stable optimisation
under realistic and scarce-data settings. These limitations
motivate the proposed bidirectional cross-attention frame-
work with hybrid local–global representation learning and
stabilised optimisation.

3. Methods

Figure 1 presents an overview of the proposed bidi-
rectional cross-attention framework for robust drug–target
interaction prediction. Building upon the sub-structural en-
coding strategy of MolTrans, our framework focuses on
three key aspects: (1) explicit cross-modal interaction mod-
elling, (2) hybrid local–global representation learning, and
(3) stabilised optimisation. These components are designed
to address the limitations of implicit interaction modelling,
insufficient global context aggregation, and unstable training
observed in existing Transformer-based DTI methods.

3.1. Problem Formulation
Given a drug SMILES sequence d and a protein amino-

acid sequence p, the goal of DTI prediction is to learn a
mapping function:

f� ∶  ×  → [0, 1],

which estimates the probability ŷ = f�(d, p) that a drug in-
teracts with a target protein. Each training sample is defined
as a tuple (d, p, y), where y ∈ {0, 1} denotes the interaction
label. The model is trained using a binary classification
objective and evaluated using AUROC, AUPRC, and F1-
score.

3.2. Transformer-Based Sequence Encoding
Drug and protein sequences are first decomposed into

sub-structural tokens using the FCS mining strategy intro-
duced in MolTrans. Each token is embedded into a continu-
ous vector space of dimension E, combined with positional
encodings to preserve sequential order.

Independent Transformer encoders are then applied to
each modality to capture contextual dependencies:

D′ ∈ ℝ
B×Ld×E , P ′ ∈ ℝ

B×Lp×E ,

where B denotes the batch size, and Ld and Lp de-
note the sequence lengths of drug and protein tokens,
respectively. Each encoder layer consists of multi-head
self-attention, feed-forward networks, residual connections,
and LayerNorm. This design enables the model to capture
contextual and long-range intra-modal dependencies within
drug and protein sequences, thereby improving sequence-
level representation quality.
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Figure 1: Overview of the proposed bidirectional cross-attention framework for drug–target interaction prediction. Drug and
protein sequences are first encoded using independent Transformer encoders and aligned through bidirectional cross-attention to
capture explicit cross-modal dependencies. A CNN-based interaction branch extracts higher-order local interaction patterns, while
multi-scale global pooling aggregates sequence-level semantic information. The fused local–global representation is finally passed
to a residual-enhanced classification head for interaction prediction.

3.3. Bidirectional Cross-Attention
While self-attention captures intra-sequence dependen-

cies, it does not explicitly model interactions between drug
and protein modalities. To address this limitation, we intro-
duce a bidirectional cross-attention mechanism that explic-
itly aligns drug substructures with protein residues.

Specifically, we compute:

D̂ = MHA(D′, P ′, P ′), P̂ = MHA(P ′, D′, D′),

where MHA denotes multi-head attention.In this for-
mulation, drug tokens attend to protein representations and
vice versa, enabling the model to explicitly capture cross-
modal dependencies and biologically meaningful residue–
substructure interactions that are difficult to model using
implicit element-wise correlation mechanisms alone.

Residual connections and LayerNorm are applied to
stabilise training:

D′′ = LayerNorm(D′+D̂), P ′′ = LayerNorm(P ′+P̂ ).

This design reformulates DTI prediction as a cross-
modal alignment problem, allowing the model to move be-
yond local correlation-based interaction modelling towards
explicit modelling of higher-order cross-modal dependen-
cies and semantic alignment between drug substructures and
protein residues.

3.4. Interaction Map Construction
Based on the cross-attention-enhanced representations

D′′ and P ′′, we construct an interaction map to model

fine-grained relationships between drug substructures and
protein residues.

We first compute an element-wise interaction tensor via
broadcasting:

I = D′′ ⊙ P ′′,

where I ∈ ℝ
B×Ld×Lp×E . This operation captures pair-

wise interactions across all token combinations. To obtain a
compact 2D interaction representation, we aggregate along
the embedding dimension:

M ∈ ℝ
B×Ld×Lp .

The resulting interaction map M encodes fine-grained
local interaction patterns between drug and protein tokens,
enriched with explicit cross-modal dependency information
obtained through bidirectional attention. A lightweight 2D
CNN is then applied to M to extract local interaction fea-
tures:

fconv = CNN(M).

This branch focuses on capturing higher-order local in-
teraction patterns among drug substructures and protein
residues, similar to MolTrans, but benefits from the en-
hanced cross-modal representations introduced by bidirec-
tional attention.
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3.5. Hybrid Local–Global Representation
While convolutional processing effectively captures lo-

cal interaction patterns, it lacks the ability to model global
sequence-level semantics. To address this, we introduce a
hybrid representation framework that combines local inter-
action features with global contextual information.

Global Feature Extraction. We apply three complemen-
tary pooling operations—average pooling, max pooling, and
attention pooling—to both drug and protein representations:

davg, dmax, dattn, pavg, pmax, pattn.

The attention pooling is defined as:

�i =
exp(w⊤ℎi)

∑

j exp(w
⊤ℎj)

, ℎattn =
∑

i

�iℎi,

where ℎi denotes token features and w is a learnable
parameter. These pooling operations provide complemen-
tary semantic views of the interaction space: average pooling
captures holistic contextual information, max pooling em-
phasises highly activated discriminative patterns, and atten-
tion pooling adaptively focuses on biologically informative
interaction regions.

Global Feature Fusion. All pooled features are fused via
concatenation to form a unified global representation:

G = [davg, dmax, dattn, pavg, pmax, pattn].

Local–Global Fusion. The final representation is ob-
tained by combining global semantic features with local
interaction features extracted from the CNN:

z = [fconv, G].

This hybrid representation enables the model to jointly
capture fine-grained local interaction patterns and holistic
sequence-level semantic dependencies, thereby improving
robustness, interpretability, and generalisation, particularly
under small, imbalanced, and scarce-data settings.

3.6. Enhanced Classification Head
The prediction head is a three-layer MLP with hidden

sizes 1024 → 512 → 256 → 1. GELU activation is
used between layers, LayerNorm replaces BatchNorm and
dropout is applied for regularisation. Residual connections
between hidden layers improve gradient flow and mitigate
optimisation difficulties. The final output logit is passed to
BCEWithLogitsLoss during training.

3.7. Training Stabilisation
Training stability is a critical factor in DTI prediction,

particularly for small and imbalanced datasets such as
DAVIS. To improve convergence behaviour and reduce
optimisation variance, we adopt a set of stabilised training
strategies.

Loss Function. We employ BCEWithLogitsLoss as the train-
ing objective, which combines a sigmoid activation with
binary cross-entropy in a numerically stable formulation.
Compared to a separate Sigmoid + BCELoss pipeline, this
approach mitigates numerical instability and improves gra-
dient behaviour.

Optimisation. The model is optimised using AdamW,
which decouples weight decay from gradient updates and
provides better generalisation compared to standard Adam.
A cosine learning-rate scheduler with warm-up is applied to
ensure smooth convergence and avoid abrupt learning-rate
changes during early training.

Regularisation and Efficiency. To further stabilise opti-
misation and reduce overfitting, dropout is applied within
the enhanced classification head during training. In addi-
tion, automatic mixed-precision training is used to improve
computational efficiency and reduce memory consumption,
while also helping to stabilise numerical computations.

Dataset-Specific Adjustments. Hyperparameters such as
learning rate, batch size, and training epochs are adapted for
each dataset. In particular, for smaller datasets, we employ
slightly lower learning rates and longer warm-up phases to
prevent overfitting and ensure stable optimisation.

4. Experiments

4.1. Datasets
We evaluate the proposed framework under realistic drug

discovery settings using three widely adopted benchmark
datasets for drug–target interaction prediction: BindingDB,
BIOSNAP, and DAVIS Liu, Lin, Wen, Jorissen and Gilson
(2007); Zitnik, Sosic and Leskovec (2018); Davis, Hunt,
Herrgard, Ciceri, Wodicka, Pallares, Hocker, Treiber and
Zarrinkar (2011). These datasets vary in scale, data dis-
tribution, and class imbalance, enabling a comprehensive
assessment of model performance.

BindingDB is a large-scale biochemical dataset contain-
ing experimentally measured binding affinities between drug
compounds and protein targets. BIOSNAP is a biomedical
interaction dataset derived from multiple sources, including
DrugBank and STITCH, and is commonly used for binary
interaction prediction. DAVIS is a kinase inhibitor dataset
with relatively small size and high imbalance, making it
particularly challenging for robust model training.

Following prior work Huang et al. (2021), continuous
binding affinity values in DAVIS are binarised using a
threshold (Kd < 30) to obtain positive interactions. Neg-
ative samples are generated by randomly pairing drugs and
proteins that are not known to interact.

Table 1 summarises the key statistics of the datasets,
including the number of drugs, proteins, and interaction
pairs.
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Table 1
Dataset Comparison Summary

Metric BindingDB BIOSNAP DAVIS

Number of Drugs 7,165 4,510 68

Number of Proteins 1,254 2,181 379

Number of Interactions 32,601 27,483 11,103

Positive Interactions 9,166 13,836 1,506

Negative Interactions 23,435 13,647 9,597

Positive Ratio (%) 28.12% 50.34% 13.56%

Negative Ratio (%) 71.88% 49.66% 86.44%

4.2. Data Splitting and Evaluation Metrics
For each dataset, we adopt an 80/10/10 split into training,

validation, and test sets under a warm-start setting, consis-
tent with the evaluation protocol of MolTrans. To ensure ro-
bustness, experiments are conducted across multiple random
seeds, and average performance is reported.

We evaluate model performance using AUROC, AUPRC,
and F1-score. AUROC measures the overall ranking capabil-
ity, while AUPRC is particularly informative for imbalanced
datasets by emphasising precision–recall trade-offs. F1-
score provides a balanced measure of classification accuracy.

In addition, we report the epoch corresponding to the
best validation performance and the overall training time
to analyse convergence behaviour and computational effi-
ciency.

4.3. Implementation Details
The proposed framework is implemented in PyTorch

with GPU acceleration and automatic mixed-precision train-
ing. The embedding dimension is set to 128, with two
Transformer encoder layers and eight attention heads. The
intermediate feature dimension is 512, while the maximum
sequence lengths are fixed to 50 for drug sequences and 545
for protein sequences. The drug and protein vocabularies
contain 2,586 and 16,693 tokens, respectively.

The model is trained using the AdamW optimiser with an
initial learning rate of 1×10−4 and weight decay of 1×10−5.
A warm-up cosine learning-rate scheduler is applied over 60
epochs with 3 warm-up epochs. The batch size is set to 16.
Dropout is applied with a rate of 0.1 for both attention and
hidden layers to improve regularisation.

For the enhanced classification head, the hidden dimen-
sions are configured as 1024 → 512 → 256 → 1, using
GELU activation, LayerNorm, and residual connections be-
tween hidden layers.

To improve stability on smaller datasets such as DAVIS,
we employ a slightly lower learning rate, increased dropout,
and longer warm-up scheduling.

4.4. Baselines
We compare the proposed model with the original

MolTrans framework, which serves as the primary baseline
due to its strong performance and similar token-based rep-
resentation design. In addition, we include representative

deep learning approaches for DTI prediction, including
DeepDTA, DeepConv-DTI, and GraphDTA, to provide a
broader comparison across different modelling paradigms.

To ensure fair comparison, we follow the same data
preprocessing and evaluation protocol as MolTrans wher-
ever applicable. For methods where re-implementation is not
feasible, we report results from the literature.

4.5. Ablation Study
To evaluate the contribution of each component, we

conduct ablation experiments by enabling cross-attention,
multi-scale global pooling, and the enhanced classification
head individually and in combination.

This analysis allows us to isolate the effect of each
module and understand their complementary roles. In partic-
ular, cross-attention aims to improve cross-modal alignment,
global pooling enhances semantic representation, and the
residual classification head increases discriminative capac-
ity.

5. Results

5.1. Overall Performance
Table 2 presents the quantitative comparison between

the proposed framework and baseline models across the
BindingDB, BIOSNAP, and DAVIS datasets.

The proposed framework consistently outperforms the
original MolTrans baseline across all datasets and evaluation
metrics, demonstrating the effectiveness of explicit cross-
modal interaction modelling and hybrid local–global rep-
resentation learning. On BindingDB, the model achieves
an AUROC improvement from 0.9073 to 0.9202 and an
AUPRC increase from 0.5899 to 0.6344. Similar gains
are observed on BIOSNAP, where AUROC improves from
0.8884 to 0.8927 and AUPRC from 0.8968 to 0.9023.

Notably, the most significant improvements are obtained
on the DAVIS dataset, where AUROC increases from 0.9022
to 0.9262 and AUPRC from 0.3721 to 0.4898. Given the
small size and strong class imbalance of DAVIS, these re-
sults indicate that the proposed framework is particularly ef-
fective in handling challenging data distributions and learn-
ing robust interaction patterns under scarce-data conditions.

Overall, the consistent performance gains across datasets
of varying scale demonstrate the robustness, interpretability,
and generalisation capability of the proposed framework.

All results are averaged over multiple runs, demonstrat-
ing consistent performance improvements across different
random initialisations.

5.2. Training Dynamics and Stability
Figure 2 illustrates the training and validation curves for

the proposed model and its variants.
On BindingDB, the introduction of cross-attention leads

to faster convergence, reaching optimal performance in sig-
nificantly fewer epochs compared to the baseline. On BIOS-
NAP, improvements are more moderate but consistently
stable, with smoother validation curves indicating better
generalisation.

Page 6 of 11



Figure 2: Training and validation curves for the original MolTrans model and the proposed variants on BindingDB, BIOSNAP and
DAVIS. On BindingDB, cross-attention notably accelerates convergence and improves final performance. On BIOSNAP, gains
from individual components are modest but the combined model generalises best. On DAVIS, the full model yields the most
stable optimisation behaviour.

The most notable effect is observed on the DAVIS
dataset, where the proposed framework substantially reduces
fluctuations in validation performance. Compared to the
baseline, the training curves exhibit lower variance and
fewer oscillations, suggesting improved optimisation stabil-
ity.

These results demonstrate that the combination of ex-
plicit cross-modal interaction modelling, hybrid local–global
representation learning, and stabilised optimisation con-
tributes not only to improved predictive accuracy, but also
to more reliable, interpretable, and stable training behaviour
under challenging and scarce-data settings.

5.3. Ablation Study
To analyse the contribution of each component, we eval-

uate three ablation variants: (i) cross-attention only, (ii)
multi-scale global pooling only, and (iii) enhanced classi-
fication head only.

The results reveal that each component contributes in
a complementary manner. The cross-attention module con-
sistently improves AUROC across all datasets, indicating
its effectiveness in modelling cross-modal dependencies. In

particular, it provides a +1.01% AUROC gain on BindingDB
and +0.65% on DAVIS.

The multi-scale global pooling module yields substantial
improvements in AUPRC, with gains of +5.98% on Bind-
ingDB and +4.88% on DAVIS. This suggests that global
semantic aggregation enhances the model’s ability to cor-
rectly identify positive interactions, especially under class
imbalance.

The enhanced classification head alone provides limited
improvements and can slightly reduce AUROC in some
cases, indicating that increased model capacity without im-
proved representation may not be sufficient.

Importantly, when combined, these components produce
the best overall performance, demonstrating that explicit
cross-modal interaction modelling, global semantic aggre-
gation, and stabilised optimisation contribute in a com-
plementary and mutually reinforcing manner. Specifically,
cross-attention improves semantic alignment between drug
and protein representations, global pooling enhances rep-
resentation robustness, and the enhanced classifier refines
decision boundaries.

Table 2 summarises validation and test performance for
all variants, together with best epoch and training time.
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Figure 3: Comparison of AUROC, AUPRC, F1-score, and loss between the original MolTrans model and the proposed framework
across the three benchmark datasets.

Table 2
Performance comparison of different improvements

Model AUROC AUPRC F1

BindingDB

Original 0.9073 0.5899 0.5724

Cross-Attention 0.9125 0.6312 0.5768

Multi-scale Feat. 0.9143 0.6319 0.5536

Enhanced MLP 0.8989 0.6003 0.5686

All Improvements 0.9202 0.6344 0.6106

BIOSNAP

Original 0.8884 0.8968 0.8157

Cross-Attention 0.8870 0.8892 0.8145

Multi-scale Feat. 0.8847 0.8876 0.8200

Enhanced MLP 0.8768 0.8852 0.7973

All Improvements 0.8927 0.9023 0.8183

DAVIS

Original 0.9022 0.3721 0.3172

Cross-Attention 0.9127 0.4374 0.3284

Multi-scale Feat. 0.9166 0.4373 0.3474

Enhanced MLP 0.8968 0.3301 0.3200

All Improvements 0.9262 0.4898 0.3771

On all datasets the combined model achieves the highest
AUROC and AUPRC, confirming that the three modules
are complementary when used together. The largest relative

Figure 4: Visualisation of cross-attention between drug frag-
ments and protein residues. (a) Cross-attention map showing
interaction patterns learned by the model. (b) Example of a
successful prediction with concentrated attention regions. (c)
Example of a failure case exhibiting weaker and more diffuse
attention patterns.

improvements are observed on DAVIS, where the data are
scarce and noisy; here, the AUPRC increase of more than
11 percentage points suggests that the improved architecture
and training strategy allow the model to better capture rare
positive interactions.

Page 8 of 11



Table 3
Performance under unseen drug and protein settings on the
BIOSNAP dataset (ROC-AUC averaged over five runs)

Setting DeepDTA DeepConv-DTI GNN-CPI Ours

Unseen drugs 0.861 ± 0.006 0.872 ± 0.005 0.879 ± 0.004 0.893 ± 0.006

Unseen proteins 0.781 ± 0.021 0.795 ± 0.018 0.801 ± 0.017 0.818 ± 0.021

Table 4
Performance under different missing-data ratios (ROC-AUC
averaged over five runs)

Missing (%) DeepDTA DeepConv-DTI GNN-CPI Ours

70 0.895 ± 0.004 0.901 ± 0.003 0.906 ± 0.003 0.916 ± 0.004

80 0.872 ± 0.006 0.881 ± 0.004 0.887 ± 0.004 0.902 ± 0.005

90 0.821 ± 0.009 0.835 ± 0.006 0.842 ± 0.005 0.865 ± 0.006

95 0.742 ± 0.012 0.765 ± 0.009 0.772 ± 0.008 0.801 ± 0.007

5.4. Attention Visualisation and Case Analysis
To better understand the interaction modelling behaviour

of the proposed cross-attention mechanism, we visualise
representative attention maps between drug fragments and
protein residues, as shown in Figure 4.

The attention maps reveal that the proposed framework
learns focused and structured interaction patterns rather
than diffuse correlations. In successful prediction cases, the
model exhibits concentrated attention over specific drug
fragments and protein residue regions, suggesting that the
cross-attention mechanism effectively captures biologically
meaningful interactions.

In contrast, failure cases tend to exhibit weaker and more
dispersed attention patterns, suggesting reduced confidence
and less discriminative cross-modal interaction modelling.
These cases may reflect ambiguous biochemical interaction
signals or insufficient contextual representation under chal-
lenging data conditions. This observation is consistent with
the lower predicted interaction probabilities produced by the
model.

These visualisations provide qualitative evidence that
the proposed bidirectional cross-attention mechanism en-
hances cross-modal alignment between drug and protein
representations and contributes to improved predictive per-
formance. In addition, the attention maps improve inter-
pretability by providing a tractable view of the learned inter-
action patterns between drug fragments and protein residues.
Concentrated attention regions in successful cases suggest
that the model learns biologically meaningful cross-modal
dependencies.

5.5. Comparison with Existing Methods
We further compare the proposed model with repre-

sentative DTI prediction methods, including DeepDTA,
DeepConv-DTI, and GNN-CPI.

In the evaluated generalisation settings, the proposed
framework achieves superior performance compared with
representative DTI prediction methods.

The results in Table 3 further demonstrate strong gen-
eralisation capability under realistic drug discovery settings
involving unseen drugs and unseen protein targets.

In addition, the proposed model exhibits robust per-
formance under high levels of missing data, as shown in
Table 4. Even when up to 95% of interaction data is removed,
the model maintains a significant performance advantage
over baseline approaches.

Compared to MolTrans, the improvements can be at-
tributed to three key factors: (i) explicit cross-modal interac-
tion modelling via bidirectional attention, (ii) integration of
local and global feature representations, and (iii) improved
optimisation and classification design.

These results confirm that the proposed framework pro-
vides a more expressive, interpretable, and robust solution
for DTI prediction by explicitly modelling cross-modal de-
pendencies and integrating complementary local and global
interaction representations.

6. Discussion

The experimental results provide several important in-
sights into the design of effective Transformer-based models
for drug–target interaction prediction.

First, the introduction of bidirectional cross-attention
plays a central role in improving model performance. By
explicitly modelling interactions between drug substructures
and protein residues, the proposed framework moves beyond
the implicit, element-wise correlation mechanisms used in
prior methods. This enables the model to capture higher-
order and long-range dependencies, which are particularly
important for complex biochemical interactions. The consis-
tent AUROC improvements across all datasets, especially on
the DAVIS dataset, highlight the effectiveness of this explicit
cross-modal alignment strategy.

Second, the hybrid local–global representation proves
essential for robust performance. While the CNN-based
interaction map effectively captures fine-grained local pat-
terns, it alone is insufficient to represent global sequence-
level context. The integration of multi-scale pooling intro-
duces complementary global information: average pooling
encodes overall context, max pooling emphasises salient
features, and attention pooling adaptively focuses on in-
formative regions. The observed improvements in AUPRC,
particularly under class imbalance, suggest that global se-
mantic aggregation enhances the model’s ability to correctly
identify positive interactions.

Third, the results demonstrate that architectural im-
provements must be coupled with stable optimisation strate-
gies. The use of BCEWithLogitsLoss, AdamW, and cosine
learning-rate scheduling leads to smoother convergence and
reduced variance across training runs. This effect is most
evident on the DAVIS dataset, where the baseline model
exhibits unstable behaviour, while the proposed framework
achieves more consistent and reliable performance.

The results further suggest that the proposed framework
is more robust under scarce-data settings, where stable repre-
sentation learning and explicit interaction modelling become
increasingly important.
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The ablation study further reveals that the proposed
components contribute in a complementary manner. Cross-
attention primarily enhances cross-modal alignment and dis-
criminative capability, while global pooling improves repre-
sentation robustness and recall. The enhanced classification
head, although less impactful in isolation, plays a supporting
role by refining decision boundaries when combined with
improved feature representations. These findings highlight
the importance of balancing representation learning and
model capacity.

Despite these improvements, several limitations remain.
The current framework primarily relies on sequence-based
representations and does not explicitly incorporate structural
priors such as molecular graphs, binding pockets, or 3D
protein conformations, which may contain additional bio-
chemically relevant interaction information. In addition, the
cross-attention mechanism introduces additional computa-
tional overhead, which may limit scalability for very large
datasets.

Future work will explore integrating graph neural net-
works, structure-aware Transformers, and 3D geometric rep-
resentations to better capture molecular topology, binding-
site information, and protein structural dependencies. Incor-
porating 3D structural information, for example from Al-
phaFold predictions, may further enhance interaction mod-
elling. In addition, techniques such as knowledge distil-
lation and model compression could improve deployment
efficiency, while active learning strategies may reduce the
reliance on large labelled datasets.

Overall, the proposed framework demonstrates that ex-
plicitly modelling cross-modal interactions, combined with
hybrid representation learning and stabilised optimisation,
provides a more expressive, interpretable, and robust ap-
proach to DTI prediction across diverse and realistic drug
discovery scenarios.

7. Conclusion

This work proposed a bidirectional cross-attention and
hybrid local–global representation framework for Transformer-
based DTI prediction that builds on the sub-structural foun-
dations of MolTrans. By redesigning the interaction and
decoding stages and stabilising training, the method achieves
consistent improvements across three benchmark datasets.
The ablation study shows that cross-attention, multi-scale
global pooling and residual-enhanced classification con-
tribute complementary benefits, and that the combination of
all components yields the best trade-off between predictive
accuracy, robustness, and generalisation capability.Overall,
the proposed framework demonstrates that explicit cross-
modal interaction modelling, combined with hybrid local–
global representation learning and stabilised optimisation,
provides an effective and interpretable solution for robust
DTI prediction under realistic drug discovery settings.
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