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Abstract

Accurate prediction of compound protein interactions (CPIs)
is crucial for drug discovery. However, existing deep
learning-based methods suffer from hidden biases and poor
cross-domain generalization, leading to spurious correlations
and inadequate representation of unseen compound-protein
pairs. To address these limitations, we propose FuseMine,
a multimodal deep learning framework that jointly lever-
ages molecular structures and biological sequences for re-
liable CPI prediction. Specifically, FuseMine adopts a dual-
representation strategy for each molecule. It employs a con-
volutional encoder to capture structural features, combined
with pretrained large language models for extracting seman-
tic information from sequences. We propose a novel Multi-
modal Feature Orchestration Aggregation (MFOA) module
that enables deep and synergistic fusion between the struc-
tural features and the sequential semantics of molecules, ef-
fectively capturing the complementary patterns across modal-
ities. Additionally, we design a Reduction Differential Fea-
ture Mining (RDFM) module to further enhance the repre-
sentation of discriminative features, thereby improving the
model’s generalization capability. Extensive experiments on
multiple benchmark datasets demonstrate that our frame-
work consistently outperforms state-of-the-art methods in
both intra-domain and cross-domain scenarios. These results
highlight the synergistic value of combining structural and
sequential data for CPIs.

Code — https://github.com/Biowust/FuseMine.

Introduction
Drug development is a protracted, capital-intensive process
with characteristically high failure rates (Berdigaliyev and
Aljofan 2020). Each year, only a limited number of first-
in-class drugs receive regulatory approval, while potential
compound-protein combinations constitute a virtually infi-
nite exploration space. Conventional experimental screen-
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ing methodologies are inadequate for addressing such vast
scales and require substantial financial and temporal in-
vestments. Against this backdrop, computational prediction
of compound protein interactions (CPIs) has emerged as
a promising approach. Through virtual screening technolo-
gies, this methodology can rapidly identify promising candi-
dates from extensive molecular libraries, thereby accelerat-
ing drug discovery, mitigating developmental risks, and pro-
viding insights into molecular mechanisms of action.

The evolution of computational methods has witnessed
a paradigm shift from traditional machine learning to
deep learning approaches (Zhao et al. 2022a). Traditional
machine learning models relied on hand-crafted features,
which exhibited limited capability in capturing complex,
non-linear interactions despite their partial effectiveness
(Nagamine and Sakakibara 2007; Peska, Buza, and Koller
2017; Madhukar et al. 2019). Deep learning has provided
a significant breakthrough by enabling automatic feature
extraction. Researchers have employed various neural net-
work architectures to model compound-protein interactions.
For example, Convolutional Neural Networks (CNNs) have
been applied to both SMILES representations and pro-
tein sequences to capture local patterns (Öztürk, Özgür,
and Ozkirimli 2018; Lee, Keum, and Nam 2019), Graph
Neural Networks (GNNs) are commonly used to represent
molecular graphs (Nguyen et al. 2021; Bai et al. 2023),
and Transformer-based models leverage attention mecha-
nisms to encode contextual relationships in sequences or
graphs (Zhao et al. 2022b; Huang et al. 2021). These meth-
ods have substantially improved prediction performance
through automated feature learning. Recently, pre-trained
Large Language Models (LLMs) trained on extensive bio-
logical datasets have been introduced to the field, offering
novel perspectives for understanding compound-protein in-
teractions through their sophisticated sequence representa-
tion capabilities (Xie, Tu, and Xu 2024). These advance-
ments, particularly the integration of LLMs, have signif-
icantly improved the semantic understanding of biologi-
cal sequences and enabled richer molecular representations.

The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

27278



However, despite these promising breakthroughs, CPI pre-
diction effectiveness remains constrained by several key lim-
itations.

A major limitation stems from the scarcity of high-quality
labeled data, which restricts the training capacity of deep
models and undermines their generalization. Without suffi-
cient data, models often overfit to statistical artifacts rather
than capturing biologically meaningful patterns, leading to
degraded performance on novel compounds or targets (Chen
et al. 2020). To address this challenge, recent research
has focused on multi-modal integration, particularly lever-
aging LLMs to enrich semantic representations. However,
most current fusion approaches rely on late-stage strate-
gies, wherein compound and protein modalities are pro-
cessed separately and combined via simple concatenation
(Sun et al. 2024). Such designs often fail to capture deep
cross-modal synergies, thereby limiting joint representa-
tional power. Developing effective deep fusion mechanisms
thus remains a critical open problem.

To address these challenges, we propose FuseMine, a
deep learning framework that learns joint representations
from multiple data modalities. FuseMine combines a Graph
Neural Network for encoding molecular graph structures, a
Convolutional Neural Network for extracting local patterns
from protein sequences, and pre-trained Large Language
Models for incorporating global semantic information de-
rived from large-scale biological data. Building upon this ar-
chitecture, we design two novel modules to enhance feature
integration and improve the model’s generalization capabil-
ity. The Multi-modal Feature Orchestration and Aggrega-
tion (MFOA) module systematically orchestrates and aggre-
gates complementary features from structure and sequence.
Concurrently, the Reduction Differential Feature Mining
(RDFM) module is introduced to mine discriminative and
generalizable features, which improves the modeling of fun-
damental interaction mechanisms and enhances predictive
robustness for unseen compounds and targets. Experimental
evaluations on public benchmarks demonstrate that FuseM-
ine achieves state-of-the-art performance. Furthermore, the
model excels in challenging cross-domain tests, showcas-
ing its superior generalization and affirming its potential for
real-world drug discovery applications.

Our contributions are summarized as follows:
• We design the innovative MFOA module, which effec-

tively fuses multi-modal information, overcoming the
limitations of vanilla fusion approaches.

• We introduce the RDFM module to enhance model gen-
eralization, significantly improving the predictive ro-
bustness for unseen compound-protein pairs and cross-
domain scenarios.

• We conduct extensive experiments on four benchmark
datasets to evaluate the effectiveness and generalization
ability of our model.

Related Work
Compound-Protein Interaction Prediction
Machine learning methods have been instrumental in com-
putational drug discovery for decades. Traditional ap-

proaches leverage quantitative structure-activity relation-
ships, protein stoichiometry, and molecular docking to
model CPIs through classification algorithms including sup-
port vector machines, random forests, and artificial neural
networks (Barkat, Moussa, and Badr 2021). While these
methods demonstrate effectiveness on well-characterized
datasets, they often struggle with generalization to novel
compound-protein pairs and exhibit limited scalability.

The emergence of deep learning, with its enhanced rep-
resentation learning capabilities, has significantly advanced
CPI prediction. Current methodologies can be broadly
grouped by their input modalities and architectural designs.

One prominent paradigm centers on sequence-based
methods, which encode compounds as SMILES strings
and proteins as amino acid sequences. DeepDTA (Öztürk,
Özgür, and Ozkirimli 2018) pioneered this line of work by
employing dual 1D-CNNs to extract features from raw se-
quences. To better capture protein motifs at varying scales,
DeepConv-DTI (Lee, Keum, and Nam 2019) advanced this
architecture by introducing variable-length convolution win-
dows, which improved the detection of binding sites.

To model long-range dependencies and complex inter-
action patterns more effectively, another stream of re-
search has focused on attention-based architectures. Trans-
formerCPI (Chen et al. 2020) was the first to adapt the
transformer model for this task, utilizing multi-head self-
attention on atom-level compound tokens to enhance in-
terpretability without sacrificing performance. Building on
this, MolTrans (Huang et al. 2021) combined sub-structural
pattern mining with transformer attention, significantly im-
proving performance in challenging cold-start scenarios.

A more recent paradigm shift involves structure-aware
methods that incorporate molecular graph representations.
GraphDTA (Nguyen et al. 2021) introduced a significant
advance by integrating Graph Neural Networks (GNNs) to
process compound molecular graphs, while retaining a 1D-
CNN for protein sequences. This hybrid approach achieved
state-of-the-art results by leveraging rich structural informa-
tion, including atom types and bond connectivity.

Most recently, the field has begun to leverage pre-trained
language models for representation learning. These models,
pre-trained on large-scale unlabeled biomedical data, show
great promise in capturing complex molecular and biolog-
ical patterns. However, significant challenges remain in ef-
fectively integrating such multimodal information and ad-
dressing domain-shift issues.

Large Language Models for Drug Discovery
The application of large language models to molecular
and protein data has become a transformative force in
computational drug discovery. These models leverage self-
supervised pre-training on massive datasets to learn rich, se-
mantically meaningful representations of chemical and bio-
logical entities.

Molecular language models have rapidly advanced
through several paradigms. Initial work adapted BERT-
style architectures for SMILES strings, with models
like SMILES-BERT (Wang et al. 2019) and Chem-
BERTa (Chithrananda, Grand, and Ramsundar 2020) pi-
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Figure 1: (a). The overall framework of FuseMine. The model leverages two pre-trained language models (ChemBERTa and
ESM-2) to encode SMILES and protein sequences, respectively. Structural representations are extracted using a 3-layer GNN
for compounds and a 3-layer CNN for proteins. These features are fused via the MFOA module. The resulting embeddings
from both molecules are passed to the RDFM module for further refinement. The final representation is used for DTI prediction
via a bidirectional cross-attention mechanism (b). The internal structure of the MFOA module. (c). The structure of the RDFM
module.

oneering masked language modeling on large molecular
datasets. A parallel stream focused on generative models,
such as MolGPT (Bagal et al. 2021) and Chemformer (Irwin
et al. 2022), for molecular design. More recently, systems
like ChemCrow (Bran et al. 2023) have integrated LLMs
with chemical tools to create interactive, tool-augmented re-
search platforms.

Protein language models have followed a similar
trajectory. After early LSTM-based models like Se-
qVec (Heinzinger et al. 2019), the field quickly adopted
more powerful transformer architectures. Models like
ProtT5 (Elnaggar et al. 2021) demonstrated the power of
scaling, while the influential ESM series (Rives et al. 2019;
Lin et al. 2022) showed that structural information emerges
from large-scale sequence pre-training, enabling accurate
structure prediction with ESMFold. The most groundbreak-
ing advance in this field came from DeepMind’s AlphaFold
series (Jumper et al. 2021; Abramson et al. 2024), which
predicts highly accurate 3D structural models from amino
acid sequences. Concurrently, generative models like Pro-
Gen (Madani et al. 2023) have enabled the design of novel,
experimentally validated functional proteins.

Method
In this section, we first introduce the overall framework and
then provide detailed descriptions of the implementation of
each component.

Problem Definition
Given a compound C and a protein P , our objective is to
predict whether an interaction exists between them. This

constitutes a binary classification problem. We define this
task as learning a prediction function f : (C,P ) → y, where
y ∈ {0, 1}, and y = 1 indicates the presence of an interac-
tion.

Overview of FuseMine Framework
Figure 1 illustrates the overall architecture, which takes a
compound–protein pair as input and aims to predict their
potential interaction. We begin with a dual-encoder mod-
ule, designed to extract comprehensive representations for
both the compound and the protein. It consists of a struc-
ture encoder and a sequence-level semantic encoder, which
collaboratively capture molecular topology and contextual
information from sequences. Subsequently, a Multi-modal
Feature Orchestration Aggregation (MFOA) module is ap-
plied to aggregate and align the structural and semantic rep-
resentations. This operation captures the complementary in-
teraction patterns across modalities and produces a unified
representation of the molecule. Next, a Reduction Differ-
ential Feature Mining (RDFM) module is employed to fur-
ther refine the fused features by enhancing the discrimina-
tive capacity of molecular representations. Finally, the pro-
cessed features are fed into an interaction prediction mod-
ule, which estimates the likelihood of interaction between
the compound and the protein.

Dual Molecular Encoder
We employ four parallel encoders to extract multimodal
feature representations of compounds and proteins. Specif-
ically, we utilize a 3-layer Graph Neural Network (GNN)
to process molecular graph structures and a Convolutional
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Neural Network (CNN) to process protein sequences, ob-
taining convolutional feature embeddings Hct and Hpt, re-
spectively.

H
(l+1)
ct = σ

(
D̂− 1

2 Â D̂− 1
2 H

(l)
ct W(l)

c

)
(1)

H
(l+1)
pt = σ

(
BN
(
CNN(W(l)

p ,H
(l)
pt )
))

(2)

where Â = A + I is the adjacency matrix with self-
connections, I is the identity matrix, D̂ is the diagonal node-
degree matrix of Â, H(l)

ct ∈ Rn×d denotes the latent repre-
sentation of the l-th layer, W(l)

c is the layer specific learn-
able weight matrix, and σ(·) is the ReLU activation function.

Concurrently, we leverage ChemBERTa-MTR
(Chithrananda, Grand, and Ramsundar 2020) and ESM-2
(Lin et al. 2022) pre-trained language models to encode
molecular SMILES sequences and amino acid sequences,
yielding sequence feature representations Hcs and Hps.

Multi-modal Feature Orchestration Aggregation
To effectively integrate the structural and sequential infor-
mation, we propose a Multi-modal Feature Orchestration
Aggregation (MFOA) module that systematically combines
heterogeneous features through a three-stage orchestration
process. We illustrate the process using the compound as an
example, while an identical procedure is employed for the
protein.

Preliminary Feature Fusion. Given compound structural
features Hct from the GNN encoder and compound se-
quential features Hcs from the ChemBERTa-MTR model,
we first perform matrix multiplication to obtain preliminary
fused compound features:

Hc = Conv(HctH
T
cs) (3)

where Conv(·) denotes a convolutional transformation
that refines the initial fusion of compound structure and se-
quence information.

Orchestrated Feature Partitioning. The fused com-
pound features Hc are strategically partitioned into three
functionally complementary subsets with a carefully de-
signed 3:4:1 ratio:

Hc1,Hc2,Hc3 = Split(Hc) (4)

where Hc1 ∈ Rn×3d/8, Hc2 ∈ Rn×d/2, and Hc3 ∈
Rn×d/8. This asymmetric partitioning strategy enables spe-
cialized processing of different aspects of compound fea-
tures while maintaining information diversity between struc-
tural and sequential representations.

Coordinated Feature Aggregation. Each compound fea-
ture subset undergoes purposefully designed transforma-
tions before final aggregation:

Gc = SiLU(Conv(Hc)) (5)

H̃c = SiLU(Concat(Conv(Hc1),Hc2,Conv(Hc3))) (6)

Zc
st = Hct + Conv(Gc ⊙ H̃c) (7)

where ⊙ denotes element-wise product, SiLU(·) repre-
sents the Swish activation function, and Concat(·) performs
channel-wise concatenation. We retain the structural fea-
tures Hst as a guidance term during the fusion process to en-
hance cross-modal interactions. An identical process is ap-
plied to protein features, resulting in the fused representation
Zp

st.

Reduction Differential Feature Mining
We denote the fused representations of the compound and
the protein obtained from the MFOA module as Zc

st and Zp
st,

respectively. These representations are subsequently fed into
the Reduction Differential Feature Mining (RDFM) mod-
ule to enhance the discriminative power by suppressing ir-
relevant or noisy components. This module further guides
the model to identify and extract key discriminative features
that are critical for complex molecular interactions, thereby
enhancing its capacity for downstream interaction modeling
and improving prediction accuracy.

Given the fused feature matrix Zc
st and Zp

st, we apply a
convolutional projection to reduce the dimensionality of the
key and value vectors:

Kc
r = WkConv(Zc

st), Vc
r = WvConv(Zc

st) (8)

Kp
r = WkConv(Zp

st), Vp
r = WvConv(Zp

st) (9)
This reduction operation decreases computational overhead
and improves focus by retaining the most informative com-
ponents.

We leverage differential attention (Ye et al. 2024) to fur-
ther filter out redundant or weakly relevant regions within
the fused structure-sequence representations. This idea is
analogous to differential amplifiers proposed in electrical
engineering (Laplante et al. 2018), where the output is com-
puted as the difference between two input signals to elimi-
nate common-mode noise. Differential attention eliminates
attention noise by computing the difference between two
softmax attention functions. The differential attention is
computed as:

Diff =

[
softmax

(
Q1K

T
1√

d

)
− λ · softmax

(
Q2K

T
2√

d

)]
V

(10)
The core design involves decomposing both the query

and key matrices into two complementary subspaces: Q1,
Q2 ∈ Rn×d/2 and K1,K2 ∈ Rn×d/2, respectively. A
shared value matrix V ∈ Rn×d is retained for downstream
attention computation. Here, λ denotes a learnable scalar
that modulates the suppression strength of the second atten-
tion branch. The first attention term is designed to capture
the dominant sequence–structure interaction patterns, while
the second term, scaled by λ, highlights components that
should be selectively suppressed, thereby enhancing atten-
tion sparsity and robustness. The RDFM module produces
the final refined features Zc and Zp, which are then used as
inputs to the interaction prediction stage.

Compound Protein Interaction Prediction
To capture the intricate interaction patterns between com-
pounds and proteins, FuseMine employs a bidirectional
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cross-attention mechanism that generates complementary
representations through multiple attention heads. This
mechanism systematically aggregates attention patterns to
construct comprehensive interaction mappings for each
molecular perspective. For each attention head h ∈
{1, 2, . . . , H}, this bidirectional process unfolds as follows:
The compound-centric attention pathway captures how spe-
cific compound substructures relate to protein binding sites:

Attn(h)c→p = softmax

(
Q

(h)
c (K

(h)
p )T√

dk

)
(11)

Conversely, the protein-centric pathway identifies which
protein regions are most relevant for compound binding:

Attn(h)p→c = softmax

(
Q

(h)
p (K

(h)
c )T√

dk

)
(12)

where Attn(h)c→p denotes the attention from compound
features to protein features, and Attn(h)p→c represents
the reverse attention flow, the transformations follow
standard multi-head attention with learnable projections
W

(h)
Q ,W

(h)
K ,W

(h)
V We derive global attention descriptors

Ac and Ap by applying average pooling to the attention
matrix along the protein and compound dimensions, respec-
tively.

Ac,Ap = AvgPool(Attn(h)
c→p + Attn(h)

p→c) (13)

Finally, we update the features based on the global descrip-
tors as follows:

Fc = (AcZc) + Zc (14)

Fp = (ApZp) + Zp (15)
This enables the model to adaptively weight interaction-

specific features while maintaining a connection to the orig-
inal molecular embeddings through residual connections.
The final prediction emerges from a multi-layer perceptron
that transforms the joint representation into an interaction
probability.

ŷ = MLP(Concat(Fc,Fp)) (16)

Given that we treat CPI prediction as a binary classification
task, the cross-entropy loss is employed to train our model:

L = − [y log(ŷ) + (1− y) log(1− ŷ)] (17)

where y is the binary interaction label, and ŷ is the predicted
likelihood.

Experiments
Datasets and Splitting Protocols
We evaluate our method on four benchmark datasets: Hu-
man, C.elegans (Tsubaki, Tomii, and Sese 2018), Bind-
ingDB (Liu et al. 2007), and BioSNAP (Zitnik, Sosic, and
Leskovec 2018). To ensure fair comparison, we adopt the
identical data partitioning protocol used in the prior works
(Bai et al. 2023; Xie, Tu, and Xu 2024).

Compound

Protein

BindingDB

C.elegans

Human

BioSNAP(a)
Positive

Negative BindingDB

C.elegans
Human

BioSNAP(b)

Figure 2: Dataset information: (a) Distribution of compound
and proteins across four datasets. (b) Distribution of positive
and negative interaction samples in each dataset.

Intra-Domain Random Splitting. For the smaller Hu-
man and C.elegans datasets, we randomly divide the data
into training, validation, and test sets using an 8:1:1 ratio.
For the larger BindingDB and BioSNAP datasets, we adopt
a 7:1:2 split.

Intra-Domain Cold-Pair Splitting. On BindingDB and
BioSNAP, we further apply a cold-pair protocol: 70% of
compounds and proteins are randomly selected, and all as-
sociated compound–protein pairs constitute the training set.
The remaining 30% of compound–protein pairs are then
split 3:7 into validation and test sets, ensuring that every
compound and protein in the test set remains unseen during
training.

Cross-Domain Splitting. Following DrugBAN, we clus-
ter compounds using ECFP4 fingerprints and proteins us-
ing PSC descriptors. Sixty percent of the resulting clusters
constitute the source domain, with all associated compound-
protein pairs serving as labeled source data. The remaining
40% of clusters form the target domain, ensuring disjoint
distributions between the source and target domains.

Baselines
We evaluate our method against ten representative baselines:
SVM (Cortes and Vapnik 1995), RF (Ho 1995), GraphDTA
(Nguyen et al. 2021), DeepConv-DTI (Lee, Keum, and
Nam 2019), MolTrans (Huang et al. 2021), TransformerCPI
(Chen et al. 2020), HyperattentionDTI (Zhao et al. 2022b),
DrugBAN (Bai et al. 2023), MlanDTI (Xie, Tu, and Xu
2024) and LAM-DTI (Wei, Wang, and Tang 2025). These
baselines encompass both classical machine learning models
and state-of-the-art deep learning architectures, providing a
comprehensive performance spectrum. All neural baselines
were run with the official hyper-parameters released by their
authors.

Implementation Details
Our model is implemented using PyTorch Lightning and
trained on NVIDIA A800 GPUs. We adopt the AdamW
optimizer (Loshchilov and Hutter 2017) with learning rate
5× 10−5, batch size 64, and train the model for 100 epochs.
Performance is evaluated using AUC-ROC, AUPR, and F1-
score. All evaluation metrics are computed on the test set,
with results averaged over five independent runs.
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Method human C.elegans BindingDB BioSNAP

AUC AUPR F1 AUC AUPR F1 AUC AUPR F1 AUC AUPR F1

SVM 0.910 – 0.967 0.894 – 0.801 0.939 0.928 0.787 0.862 0.864 0.762
RF 0.940 – 0.878 0.902 – 0.832 0.942 0.921 0.858 0.860 0.886 0.808
GraphDTA 0.960 0.959 0.897 0.974 0.975 0.919 0.951 0.934 0.867 0.887 0.890 0.789
DeepConvDTI 0.967 0.964 0.922 0.983 0.985 0.944 0.945 0.925 0.859 0.886 0.890 0.797
MolTrans 0.974 0.976 0.944 0.982 0.985 0.966 0.952 0.936 0.865 0.895 0.897 0.824
TransformerCPI 0.973 0.975 0.920 0.988 0.986 0.952 0.943 0.925 0.855 0.889 0.893 0.798
HyperAttDTI 0.984 0.984 0.946 0.989 0.990 0.958 0.959 0.948 0.887 0.901 0.902 0.838
DrugBAN 0.981 0.983 0.940 0.986 0.988 0.949 0.959 0.947 0.881 0.903 0.902 0.832
MlanDTI 0.988 0.990 0.961 0.990 0.992 0.962 0.945 0.926 0.857 0.909 0.912 0.841
LAM-DTI 0.856 0.876 0.724 0.908 0.916 0.809 0.878 0.837 0.765 0.893 0.897 0.812

FuseMine 0.989 0.989 0.957 0.996 0.994 0.984 0.968 0.957 0.900 0.918 0.922 0.843

Table 1: The results of the proposed model and baselines on four datasets. The best results are indicated by bold. ”–” means no
result for this metric.

Intra-domain Random Split Experiments

Table 1 presents a comparative analysis of FuseMine against
several baseline models across four datasets. On the smaller
datasets (Human and C.elegans), FuseMine achieves modest
improvements across various metrics. Specifically, FuseM-
ine attains an AUC of 0.989 on the Human dataset, repre-
senting only a marginal improvement over the second-best
model MlanDTI (AUC = 0.988). Similarly, on the C.elegans
dataset, FuseMine achieves an AUC of 0.996, slightly out-
performing MlanDTI (AUC = 0.990). These limited per-
formance gains can be attributed to the smaller scale of
these datasets, which constrains the model’s potential for
improvement. On the larger datasets (BindingDB and BioS-
NAP), FuseMine demonstrates superior generalization per-
formance with more substantial improvements. These en-
hanced results demonstrate the stability and scalability of
FuseMine when handling larger and more complex datasets.
These findings indicate that while FuseMine exhibits certain
advantages, the extent of improvement varies with dataset
size. However, despite these positive outcomes from random
splitting, it is important to acknowledge potential data leak-
age, as compounds or proteins may appear in both training
and test sets, potentially leading to overly optimistic perfor-
mance estimates.

Methods BindingDB BioSNAP

AUC AUPR F1 AUC AUPR F1

Moltrans 0.595 0.522 0.511 0.672 0.697 0.437
TransformerCPI 0.656 0.594 0.566 0.680 0.708 0.523
HyperAttDTI 0.661 0.598 0.582 0.732 0.760 0.539
DrugBAN 0.655 0.600 0.542 0.651 0.667 0.449
DrugBANCDAN NA NA NA NA NA NA
MlanDTI 0.671 0.594 0.601 0.782 0.801 0.653
MlanDTI (with PL) NA NA NA NA NA NA
LAM-DTI 0.682 0.568 0.585 0.748 0.758 0.646
FuseMine 0.745 0.665 0.606 0.798 0.814 0.611

Table 2: Cold-Pair Split Results.

Methods BindingDB BioSNAP

AUC AUPR F1 AUC AUPR F1

Moltrans 0.537 0.476 0.389 0.632 0.635 0.401
TransformerCPI 0.568 0.450 0.410 0.656 0.693 0.432
HyperAttDTI 0.545 0.462 0.376 0.654 0.685 0.395
DrugBAN 0.578 0.471 0.484 0.608 0.606 0.438
DrugBANCDAN 0.616 0.512 0.426 0.673 0.706 0.542
MlanDTI 0.657 0.537 0.489 0.728 0.759 0.604
MlanDTI (with PL) 0.687 0.579 0.564 0.749 0.770 0.629
LAM-DTI 0.531 0.453 0.547 0.649 0.720 0.494
FuseMine 0.657 0.592 0.623 0.765 0.792 0.591

Table 3: Cross-domain Split Results.

Intra-domain Cold Pair Split Experiments

In cold-start settings, training and testing samples are com-
pletely isolated at both compound and protein levels, pro-
viding a more realistic assessment of the model’s extrapola-
tion ability to unknown entities. Table 2 shows that FuseM-
ine achieves top-ranking performance on both BindingDB
and BioSNAP datasets, obtaining AUC scores of 0.745 and
0.798, respectively. These scores represent improvements of
11.0% and 2.0% over the second-best method. Addition-
ally, AUPR values improved by 10.8% and 1.6%, respec-
tively. These performance gains demonstrate FuseMine’s
capability to capture discriminative features across diverse
chemical and sequence spaces. However, based on fixed-
threshold F1 scores, FuseMine only marginally outperforms
MlanDTI on BindingDB, achieving 0.606 compared with
MlanDTI’s 0.601, while underperforming on BioSNAP with
0.611 against MlanDTI’s 0.653. This indicates that although
FuseMine optimizes overall ranking performance, class im-
balance sensitivity still affects decision boundary determina-
tion. Overall, FuseMine’s robust ranking performance under
the demanding cold-start scenario confirms its practical po-
tential as a screening tool for large-scale compound-protein
prediction.
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Figure 3: Ablation study on BindingDB and BioSNAP
dataset.

Cross-Domain Experiments
The cross-domain evaluation results underscore the chal-
lenge of achieving generalization in compound-protein in-
teraction prediction, as the performance of various methods
generally deteriorates in cross-domain settings compared
to cold-start scenarios. Table 3 shows that AUC values of
most baseline methods drop significantly on BindingDB,
with several methods achieving AUC scores below 0.58
and approaching random performance, whereas results on
BioSNAP are relatively better. Notably, technical enhance-
ment strategies exhibit clear effectiveness: MlanDTI, which
employs pseudo-labeling techniques, substantially improves
performance on both datasets, raising AUC from 0.657 to
0.687 on BindingDB and from 0.728 to 0.749 on BioSNAP.
Similarly, DrugBANCDAN notably outperforms the original
DrugBAN, particularly on BioSNAP, achieving a substan-
tial increase in AUC from 0.608 to 0.673, confirming the ef-
ficacy of adversarial domain adaptation strategies. Our pro-
posed FuseMine model performs exceptionally well in this
challenging scenario, achieving an AUC of 0.657 and an
AUPR of 0.592 on BindingDB. Although its AUC is com-
parable to that of the best baseline, FuseMine’s F1 score
significantly surpasses those of other methods at 0.623. On
BioSNAP, FuseMine attains the highest AUC and AUPR
among all methods, at 0.762 and 0.794, respectively. These
results demonstrate that the innovative technical design of
FuseMine effectively mitigates inherent difficulties in cross-
domain generalization, providing more reliable predictive
performance in realistic lead-compound transfer scenarios
and clearly validating our approach’s strengths in address-
ing critical challenges in drug discovery.

Ablation Studies
To quantitatively evaluate the individual contributions of
each proposed component within the FuseMine framework,
we conduct comprehensive ablation experiments on two
benchmark datasets: BindingDB and BioSNAP. Specifically,
we assess the performance impact of removing the Multi-
modal Feature Orchestration Aggregation (MFOA) and the
Reduction Differential Feature Mining (RDFM) modules,
respectively, denoted as noMFOA and noRDFM in the fig-
ure.

As illustrated in Figure 3, both components are criti-
cal to the model’s effectiveness. The noMFOA variant re-
sults in a substantial decline in performance across both
AUC and AUPR metrics, highlighting the importance of
MFOA in facilitating effective multi-modal feature align-
ment and interaction. Similarly, the noRDFM variant causes
noticeable performance degradation, underscoring the role
of RDFM in enhancing the discriminative capacity of fused
features. Overall, the complete FuseMine model consis-
tently achieves superior results compared to its ablated vari-
ants, thereby validating the complementary benefits of inte-
grating both MFOA and RDFM modules.

Neg
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Neg
Pos

Epoch20

Neg
Pos

Epoch100

Figure 4: Visualization of the fused embeddings of
compound-protein pairs under different epochs.

Embedding Visualization

We visualize the fused embeddings of compound–protein
pairs on the Human dataset using t-SNE at epochs 0, 20,
and 100, as illustrated in Figure 4. Embeddings of posi-
tive and negative samples evolve from being highly entan-
gled to forming compact, well-separated clusters, indicating
progressively enhanced discriminative power. This behavior
demonstrates that MFOA effectively fuses structural and se-
quential modalities, while RDFM further refines the fused
features by mining and emphasizing informative interaction
patterns, thereby yielding more separable representations for
positive and negative samples.

Conclusion
In this work, we propose FuseMine, a multi-modal deep-
fusion framework that integrates graph neural networks,
convolutional neural networks, and pre-trained language
models to predict compound–protein interactions. FuseMine
introduces the Multi-modal Feature Orchestration and Ag-
gregation (MFOA) and Reduction Differential Feature Min-
ing (RDFM) modules, which together enable deep cross-
modal fusion and enhance the model’s ability to capture
discriminative features. We evaluate FuseMine under both
intra-domain and cross-domain settings. Results on four
benchmark datasets demonstrate that it outperforms state-
of-the-art baselines, achieving substantial improvements in
both AUC and AUPR metrics. Ablation studies further val-
idate the individual contributions of each component, con-
firming the necessity of the proposed modules. These results
highlight the synergistic value of combining structural and
sequential data for compound–protein interactions.
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