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Abstract

Drug-target interaction prediction (DTI) is essential in vari-
ous applications including drug discovery and clinical appli-
cation. There are two perspectives of input data widely used
in DTI prediction: Intrinsic data represents how drugs or tar-
gets are constructed, and extrinsic data represents how drugs
or targets are related to other biological entities. However,
any of the two perspectives of input data can be scarce for
some drugs or targets, especially for those unpopular or newly
discovered. Furthermore, ground-truth labels for specific in-
teraction types can also be scarce. Therefore, we propose
the first method to tackle DTI prediction under input data
and/or label scarcity. To make our model functional when
only one perspective of input data is available, we design
two separate experts to process intrinsic and extrinsic data
respectively and fuse them adaptively according to different
samples. Furthermore, to make the two perspectives com-
plement each other and remedy label scarcity, two experts
synergize with each other in a mutually supervised way to
exploit the enormous unlabeled data. Extensive experiments
on 3 real-world datasets under different extents of input data
scarcity and/or label scarcity demonstrate our model outper-
forms states of the art significantly and steadily, with a max-
imum improvement of 53.53%. We also test our model with-
out any data scarcity and it also outperforms current meth-
ods. The codes are available at https://github.com/BUPT-
GAMMA/MoseDTI.

1 Introduction
The task of drug-target interaction (DTI) prediction is cru-
cial across various biological fields, particularly within the
pharmacology (Lukačišin and Bollenbach 2019; Bredel and
Jacoby 2004; Lee et al. 2019; Zhang, Zang, and Zhao 2024).
In this task, a drug (molecule) and a target (a gene or the
encoded protein of a gene) are input and output is the prob-
ability of them interacting.

There has been a surge in the development of diverse neu-
ral networks for DTI prediction, which significantly reduces
the need for domain knowledge and has demonstrated su-
perior results. Generally, there are two perspectives of data
which can be utilized in these methods, which are illustrated
in Fig. 1. The first perspective of data is how molecules or
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Figure 1: Illustration of intrinsic and extrinsic data.

proteins are composed, like molecule structures and amino
acid residue sequences of proteins. We denote this perspec-
tive of data as intrinsic data. DeepDTA (Öztürk, Özgür,
and Ozkirimli 2018) uses two separate CNNs to encode the
SMILES representation of molecule structures and amino
acid residue sequences of proteins respectively. The second
perspective of data is the relations between various biolog-
ical entities, such as diseases, side effects and symptoms,
besides the drugs and targets. We denote this perspective of
data as extrinsic data. Entities and relations can be formed as
graphs so various graph embedding methods can be applied
(Su et al. 2024; Wang et al. 2022). It is natural to consider
utilizing both perspectives of data to achieve better predic-
tion performance, and more recently, there have emerged a
few methods to realise it. MDTips (Xia et al. 2023) uses a
ConvE to embed extrinsic data, a GAT and a transformer to
embed intrinsic data of drugs and targets, and then concate-
nate them to predict interaction.

However, there are two forms of data scarcity that limit
the usage of all current works: (1) Intrinsic or extrinsic input
data scarcity. With regard to intrinsic data, for example, the
acquisition of the most accurate and precise structure of pro-
teins still relies on wet experiments with expensive equip-
ment like cryo-electron microscopes, causing the scarcity of
precise protein structures. For extrinsic data, though there
has been massive relation data between biology entities ac-
cumulated, newly discovered or unpopular drugs or targets
could still have few connections with other entities. (2) In-
teraction label scarcity. The interactions between drugs and
targets have diverse specific types. Though there are abun-



dant binary labels of whether they interact, the labels for
a specific interaction type are still limited. For example,
though there are about 210k DTI labels in the DRKG (Ioan-
nidis et al. 2020) dataset, some specific interaction types,
like ”positive allosteric modulator”, could only have dozens
of labels, which are insufficient for common deep learning
methods.

The main research goal of this work is to propose a
method that exploits both intrinsic and extrinsic data effec-
tively, while still functional under input data and/or interac-
tion label scarcity. This requires us to address the following
two challenges: (1) How to fuse intrinsic and extrinsic data
flexibly and substantially. Models with a direct fusion of
intrinsic and extrinsic data, like concatenating embeddings
from two perspectives, cannot predict when one perspective
of data is absent. Furthermore, when predicting without one
data perspective, how could we still utilize the knowledge
learnt from data of this perspective during training? (2) How
to optimize efficiently with limited interaction labels. Caused
by the huge divergence between different specific relations,
we cannot transfer the knowledge learnt in the general in-
teraction to specific interactions to remedy the interaction
label scarcity, which is demonstrated experimentally in Ap-
pendix B. Moreover, intrinsic data contains composition in-
formation of the drugs and targets themselves while extrin-
sic data contains higher-level semantic information between
drugs and targets. Hence it also remains to be explored how
to optimize models more label-efficiently by exploiting the
complementarity between the two data perspectives.

In this paper, we propose a novel method MoseDTI, i.e.,
mixture of synergistic experts for data-scarcity drug-target
interaction prediction, which performs well under any or
both of these two types of data scarcity. We propose a novel
model architecture called the mixture of synergistic experts
to address the two challenges unitedly and organically. To
address the first challenge, two heterogeneous experts are
designed to predict DTI interaction probabilities according
to intrinsic and extrinsic data respectively. Then a gating
model is applied to adaptively adopt their output according
to whether the intrinsic or extrinsic data of a sample is more
reliable. The two experts are synergized, i.e., one expert su-
pervises the other during training to inject knowledge from
one perspective into the other expert. If intrinsic or extrinsic
data is absent when predicting, one of the experts can still
predict normally. To address the second challenge, the two
experts are designed to generate pseudo labels for each other
as the supervision method. The pseudo labels generated ef-
fectively enlarge the training samples for the two experts and
the gating model, and adequately exploit the complementar-
ity between the two perspectives of data.

Elaborate experiments on three real-world datasets un-
der any or both data scarcity of different extents show that
our method outperforms state-of-the-art steadily and signifi-
cantly, with a maximum improvement of 53.53%. We also
test our method on two real-world datasets without data
scarcity and it still outperforms other methods, which proves
the generality of our method.

2 Related work
In this section, we classify all current DTI works into intrin-
sic methods, extrinsic methods and hybrid methods accord-
ing to which data perspective they use, which is elaborated
in Sec. 1, and roughly review them.

Intrinsic methods. Many works utilizing various deep
neural networks have achieved excellent performance for
drug-target interaction prediction to encoder intrinsic data of
drugs and targets (Tsubaki, Tomii, and Sese 2019; Li et al.
2020; Chen et al. 2020, 2023; Nguyen et al. 2021; Öztürk,
Özgür, and Ozkirimli 2018; Karimi et al. 2019). An end-
to-end deep learning framework named GNN-CPI (Tsub-
aki, Tomii, and Sese 2019) that applied the GNN to embed
the compound represented by molecular graph is an early
work. MONN (Li et al. 2020) was proposed to jointly pre-
dict both non-covalent interactions and binding affinities be-
tween compounds and proteins. TransformerCPI2.0 (Chen
et al. 2023) introduces a sequence-to-drug concept, employ-
ing end-to-end differentiable learning based on protein se-
quences. These methods only use the local features of drugs
and targets themselves ignoring there are abundant extrinsic
data between biology entities and cannot predict a specific
interaction type with few-shot labels. From another perspec-
tive, they can also be seen as orthogonal to our work be-
cause the drug and target encoder in our model can be easily
replaced by the encoders presented in these works.

Extrinsic methods. Some studies on DTI prediction ap-
ply extrinsic data and resolve a link prediction task on a
graph or a heterogeneous information network (Mohamed,
Nováček, and Nounu 2020; Su et al. 2024; Ezzat et al. 2016;
Wan et al. 2019; Peng et al. 2021; Wang et al. 2022; Li
et al. 2021). For example, TriModel (Mohamed, Nováček,
and Nounu 2020) adopted KG embedding to learn the repre-
sentations of drugs and targets for DTI prediction. AMGDTI
(Su et al. 2024) introduces an adaptive meta-graph learning
approach and automates semantic information aggregation
from heterogeneous networks for DTI prediction. However,
these works ignore the intrinsic data, i.e., the local features
of nodes themselves, which is fatal when we need to pre-
dict newly discovered or unpopular drugs or targets with few
connections to other biological entities.

Hybrid methods. We also noticed that there are attempts
to utilize both intrinsic and extrinsic data for better DTI pre-
diction performance (Zhou et al. 2021; Ma et al. 2022; Xia
et al. 2023; Li et al. 2023; Dong et al. 2023). KG-MTL (Ma
et al. 2022) tries to merge knowledge graph and molecule
graph via multi-task learning, which employs a shared unit
to jointly maintain drug entity semantics and compound
structural relations in both graphs. MDTips (Xia et al. 2023)
predicts DTI using multi-modal data, integrating knowledge
graphs, gene expression profiles, and structural details of
drugs and targets. However, They are not designed to handle
DTI prediction with limited labels and are hard to predict
when extrinsic or intrinsic data is absent for some samples.

3 Preliminaries
Extrinsic data. We consider extrinsic data as a knowledge
graph (KG) as KG = (E,R,O) that provides abundant re-



lation information between different kinds of biological en-
tities, where E is a set of entities, R is a set of relations, and
O is a set of observed (h, r, t) triples. In a triple, h, r, t rep-
resents the head entity, relation, and tail entity respectively.
The entity set E contains various biological entities such as
diseases, side-effects and symptoms, and the drug and target
sets are subsets of the entity set: D,T ⊂ E. To prevent la-
bel data leakage, we remove all direct connections of drugs
and targets from KG, i.e. remove all (h, r, t) from O which
satisfies h ∈ D, t ∈ T or h ∈ T, t ∈ D.

Intrinsic Data. For a drug di ∈ D, we use the SMILES
sequence SMdi , i.e., simplified molecular-input line-entry
system sequence as its intrinsic feature, which is a specifica-
tion in the form of a line notation for describing the structure
of chemical substance using short ASCII strings. For a tar-
get gene ti ∈ T , we use the UniProt database to obtain the
amino acid sequence of the protein it encodes as its intrinsic
feature, denoted as ASti .

DTI Task. In the drug-target interaction task, we aim
to estimate the interaction probability pij of a drug-target
pair (di, tj) under a specific interaction type, where di ∈
D, tj ∈ T . Such a DTI dataset can be described as
(Xp, Xn,KG, SMD, AST ), where Xp or Xn is {(di, tj)}
which indicates these drug-target pairs have or do not have
this type of interaction, and SMD and AST denote intrinsic
data of all drugs and targets respectively.

4 Methodology
In this section, we describe the proposed MoseDTI model
for drug-target interaction prediction with data scarcity
specifically, as illustrated in Fig. 2. We first introduce the
model structure of two heterogeneous experts and a gating
model, and then elaborate on how we optimize them.

Model Architecture
Our model consists of three components: an extrinsic ex-
pert, an intrinsic expert and a gating model. The two experts
take extrinsic and intrinsic data as input respectively and out-
put interaction probabilities. The gating model takes intrin-
sic and extrinsic representations of both the drug and target
and output weight to determine whether the intrinsic or ex-
trinsic expert is more reliable for the current sample. This ar-
chitecture utilizes the extrinsic and intrinsic data adaptively
according to specific samples, and the two experts can work
alone if one perspective of data is absent when predicting.

Extrinsic Expert The extrinsic expert is to predict DTI
based on relation data between biological entities. We first
use the massive unlabeled association data between biologi-
cal entities to pretrain embeddings of drugs and targets, and
then train a classifier with labels to output the interaction
probabilities from the extrinsic perspective.

Knowledge graph embedding. The knowledge graph
KG contains various association data between different bi-
ological entities, in which drugs and targets are connected to
other types of entities, like diseases, side effects, and symp-
toms. To leverage the abundant semantic information it im-
plies, we first use the KG embedding method to pretrain the
d-dimensional drug extrinsic embedding hex

di
∈ Rd for drug

di and target extrinsic embedding hex
tj ∈ Rd for target tj .

We do not introduce any labelled drug-target interaction data
into the pretrain, so the embeddings can be used for different
specific DTI datasets without retraining.

Extrinsic classifier. After that, given a specific interaction
dataset and its ground-truth samples (Xp, Xn), there is an
extrinsic classifier gr to predict the interaction probability
for (di, tj):

pexij = gex(hex
di
,hex

tj ) (1)

In the experiment, we implement the gr as a simple MLP
because a simpler gr with fewer parameters can be more eas-
ily trained by limited samples.

Intrinsic Expert The intrinsic expert is to predict DTI
based on the structure data of drugs and targets. We use a
drug encoder and a target encoder to encode drug SMILES
sequence and target amino acid residue sequences respec-
tively. Then, an intrinsic classifier is applied to output the
interaction probability intrinsically.

Drug encoder. For a drug di, its SMILES sequence SMdi

is first translated to a molecule graph MGdi
with RDKit

(Landrum 2006). MGdi
= (Vdi

, Edi
), where Vdi

denotes
the set of nodes, i,e., atoms and Edi

is the set of edges be-
tween atoms, i.e., chemical bonds. A node v ∈ Vdi

has its
embedding initialized as h

(0)
v with the method proposed in

(Quan et al. 2019). We utilize a graph neural network (GNN)
to obtain the final embedding of each node (Gilmer et al.
2017; Quan et al. 2019):

m(l)
u→v = Message(l)

(
h(l−1)
v ,h(l−1)

v

)
(2)

m(l)
v = Reduceu∈N (v)m

(l)
u→v (3)

h(l)
v = Update(l)

(
h(l−1)
v ,m(l)

v

)
, (4)

where Message, Reduce and Update are three functions
specified by the selected GNN, like GCN (Kipf and Welling
2017) or GAT (Velickovic et al. 2017). The superscript
(l), l = 1, 2, ..., L indicates a certain GNN layer, and the
N (v) denotes the nodes connected to v by edges. m(l)

u→v

and m
(l)
v indicate the message from u to v and the overall

message v received at layer (l) respectively. Then, the em-
bedding of the whole molecule graph hin

di
is calculated by a

multi-layer perceptron (MLP) from the L− th layer embed-
dings and a max readout function:

hin
di

= max({MLP (h(L)
v )|v ∈ V }). (5)

Target encoder. For a target tj , its amino acid residues se-
quence AStj is first input to a pre-trained protein language
model ESM-MSA-1b (Rives et al. 2021) and embeddings
{e(0)m |m = 1, ...,M}for every amino acid residue are out-
put, where M is the length of the sequence. Then, a K layer
1-dimensional CNN with adaptive max pooling is applied to
obtain the final embedding for the sequence (Ma et al. 2022):

hin
tj = AMP (Conv({e(0)j |k = 1, ...,K})), (6)
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Figure 2: The framework of our MoseDTI. The three components are surrounded in blue rectangles and the first three training
steps S1 to S3 are surrounded in dotted black rectangles. For the last step S4, all components with little flames are jointly
trained.

where Conv = Conv(1) ◦ · · ·◦Conv(K) and each convo-
lution layer contains a 1-dimensional convolution operation
and a ReLU activation function, and AMP represents adap-
tive max pooling.

Intrinsic classifier. Subsequently, given a specific inter-
action dataset, an intrinsic classifier gin is trained to predict
the interaction probability:

pinij = gin(hin
di
,hin

tj ). (7)

Experimentally, like the extrinsic classifier gex, we also
implement gin as a MLP.

Gating model To exploit both extrinsic and intrinsic adap-
tively, we fuse the output of two experts according to specific
samples. We design a gating model (Jacobs et al. 1991) that
accepts the hidden embeddings of the two experts to gener-
ate a weight wij :

wij = Gating(hex
di
,hex

tj ,h
in
di
,hin

tj ). (8)

We implement Gating as an MLP and a softmax func-
tion. Then we use wij to blend the two models as the final
output of our entire model:

pij = wijp
ex
ij + (1− wij)p

in
ij . (9)

Optimization
In this subsection, we first introduce how experts are syner-
gized and then elaborate on the entire training procedures.

Synergizing experts Inspired by the self-training opti-
mization strategy, we design a novel expert synergizing
mechanism, in which experts generate pseudo labels from
massive unlabeled samples for each other. Compared to the
self-training, the exchange of pseudo labels could bring in
high-confidence samples from another perspective, prevent-
ing the model from over-fitting to the samples similar to the
offered ground-truth samples. Here we elaborate on how one
expert called ExpertA generates pseudo labels with two-
stage sampling to train another expert ExpertB.

First, we sample a portion of the cartesian set of the drug
set D and the target set T as a candidate set:

CandA = Sample(D × T, ⌊αALca⌋), (10)

where × denotes the cartesian product of two sets, Lca =
|D||T | is length of the cartesian product set and αA is
the sampling rate . The length of CandA is denoted as
LCandA

= ⌊αALca⌋. Next, we use expert A to predict on
CandA:

PCandA
= ExpertA(CandA), (11)

where PCandA
= {pAs |s = 1, ..., LCandA

} and pAs is the
probability of interaction predicted by ExpertA for drug-
target pair s. Then we sort CandA according to PCandA

and
select top samples in CandA as pseudo positive samples,
denoted as Xp

A:

Xp
A = Top(CandA, PCandA

, ⌊βALCandA
⌋), (12)

where Xp
A = {(di, tj)}, its length LXp

A
= ⌊βALCandA

⌋ and
βA is a choosing rate. Denoting the ground-truth positive



and negative samples as Xp and Xn, the expert B is trained
with loss:

LB = −

 ∑
(di,tj)∈γAXp∪Xp

A

log(pBij)+

∑
(di,tj)∈Xn∪Xn

A

log(1− pBij)

 (13)

, where Xn
A is pseudo negative samples and γA is an inte-

ger to amplify the weight of true positive samples versus
pseudo positive samples. Considering that most samples in
CandA are actually negative samples, to improve the di-
versity of negative samples, we select the bottom samples
from CandA according to PCandA

with a larger length |Xn
A|

which satisfies
|Xn

A| = γA|Xp|+ |Xp
A| − |Xn| (14)

to keep the label balanced.

Training procedures Due to the scarcity of interaction la-
bels, in the first step S1 in Fig. 2, we first pretrain the KG
embedding with classical methods like TransE (Bordes et al.
2013) or RotatE (Sun et al. 2019), exploiting all the ob-
served triples in the knowledge graph. Then we only train
the extrinsic classifier in Equ.1 with relatively much fewer
parameters above the frozen pre-trained embeddings, using
the ground-truth labels:

Ls1 = −

 ∑
(di,tj)∈Xp

log(pexij ) +
∑

(di,tj)∈Xn

log(1− pexij )

 .

(15)
In the second step S2, the extrinsic expert is the ExpertA,
the intrinsic expert is the ExpertB and the intrinsic expert
is trained with Equ.13. In the third step S3, the two models
exchange their positions, and the extrinsic expert is tuned
with Equ. 13. In the last step S4, we jointly train the gating
model, intrinsic, and extrinsic expert with ground-truth and
pseudo labels from two experts:

Lg = −

 ∑
(di,tj)∈γgXp∪Xpos′

A ∪Xpos′
B

log(pij)+

∑
(di,tj)∈Xn∪Xneg′

A ∪Xneg′
B

log(1− pij)

 . (16)

Similar to Equ.12, the positive pseudo samples Xpos′

A and
Xpos′

B are also selected from the top of CandA and CandB
with a shared rate βg and tailing samples of the longer one
are trimmed to keep their length equal. Xneg′

A and Xneg′

B
are also selected from the bottom of CandA and CandB
according to PCandA

and PCandB
respectively, with their

lengths

|Xneg′

A | = |Xneg′

B | = (γg|Xp|+ |Xp
A|+ |Xp

B | − |Xn|)/2,
(17)

to balance the total positive and negative samples.

5 Experiments
In this section, we first introduce on the datasets and base-
lines and then show model results. The goal of our experi-
ments is to answer the following research questions (RQs).

1. Can MoseDTI effectively confront input data scarcity
(including intrinsic or extrinsic data scarcity) and/or in-
teraction label scarcity? (RQ1)

2. If there is no data scarcity, can MoseDTI still perform
well? (RQ2)

3. Are the MOE architecture and the synergizing mecha-
nism beneficial? (RQ3)

We also conduct experiments of hyper-parameters, case
studies and few-shot learning on general interaction datasets.
Please see Appendix F, G and H respectively.

Experimental Setup
Datasets We conduct experiments on 5 datasets. There
are 3 few-shot datasets of specific interactions including
DGIDB::BLOCKER (blocker), DGIDB::AGONIST (ago-
nist) (Griffith et al. 2013) and GNBR::E- (e-) (Percha and
Altman 2018). Each dataset presents a specific interaction
type and only contains 10 positive ground-truth samples for
training. There are also two normal datasets of general DTI
interaction including DrugBank (Wishart et al. 2018) and
DrugCentral (Ursu et al. 2016), which contain 18480 and
18066 samples respectively and are partitioned into train,
valid and test with a ratio of 6:2:2. All of the datasets use
the DRKG (Ioannidis et al. 2020) as the common extrinsic
data and all connections between drugs and targets are re-
moved to prevent data leakage. The SMILES of drugs are
also from DrugBank (Ursu et al. 2016). We collect the amino
acid residue sequences of proteins coded by targets from
UniProt1. More details of datasets and the evaluation pro-
tocol are in Appendix C and D.

Baselines We use 8 baselines and classify them into intrin-
sic methods, extrinsic methods and hybrid methods accord-
ing to whether they only use the intrinsic or extrinsic data,
or use both perspectives of data, which is elaborated in Sec.
1. Intrinsic methods include GNNCPI (Tsubaki, Tomii, and
Sese 2019), TransformerCPI (Chen et al. 2020) and Trans-
formerCPI2.0 (Chen et al. 2023). Extrinsic methods include
TransE (Bordes et al. 2013), RotatE (Sun et al. 2019), Tri-
Model (Mohamed, Nováček, and Nounu 2020), AMGDTI
(Su et al. 2024). Hybrid methods include KG-MTL (Ma
et al. 2022) and MDTips (Xia et al. 2023). For the imple-
mentation details of our model and baselines, see Appendix
E.

Performance under data scarcity (RQ1)
To validate that MoseDTI is effective under different sce-
narios of data scarcity, we conduct exhaustive experiments
with the following two orthogonal scarcity settings: (1) For
intrinsic or extrinsic data scarcity, there are 3 different set-
tings of data availability when inference: only intrinsic data

1https://www.uniprot.org/



Table 1: Model performance on three 10-shot datasets of specific interaction comparing three variants of our model including
MoseDTI, Mose-intr and Mose-extr with nine baselines. The best performance is boldfaced.

DGIDB::AGONIST DGIDB::BLOCKER GNBR::E-
ACC AUC AUPR ACC AUC AUPR ACC AUC AUPR

Intrinsic Method

GNNCPI 51.10±1.03 61.22±2.77 61.89±1.85 57.63±3.63 70.23±5.73 73.51±5.49 54.39±3.29 64.71±3.84 65.81±3.44
TFCPI 58.55±3.42 66.11±6.33 66.37±4.67 56.27±5.07 68.15±1.72 63.94±3.05 63.10±3.20 78.14±0.37 78.06±0.45

TFCPI2.0 50.79±0.10 53.05±0.11 50.77±0.12 36.66±0.25 33.53±0.42 38.85±0.16 42.07±0.07 40.49±0.12 41.90±0.06
Mose-intr 64.50±6.31 73.70±6.40 72.47±6.91 88.48±4.64 93.17±3.64 94.34±2.34 70.64±4.32 80.43±3.75 78.83±4.32

Extrinsic Method

TransE 50.00±0.00 50.22±0.08 50.65±0.08 50.00±0.00 53.96±0.23 55.22±0.48 50.00±0.00 48.59±0.04 48.62±0.06
RotatE 50.00±0.00 50.41±0.07 50.49±0.05 50.00±0.00 51.24±0.40 50.98±0.52 50.00±0.00 48.84±0.07 49.91±0.08

TriModel 50.19±0.15 48.34±1.23 50.21±1.29 50.00±0.00 33.85±5.38 42.09±2.57 50.01±0.04 49.59±1.81 50.08±0.98
AMGDTI 57.91±3.72 66.48±2.87 69.42±6.84 80.89±2.42 96.14±2.35 96.08±0.36 61.49±8.87 63.84±1.24 64.28±1.69
Mose-extr 64.88±3.54 75.55±3.94 75.41±4.48 80.28±2.18 98.11±0.29 97.14±0.31 70.87±4.08 88.03±4.52 87.24±4.74

Hybrid Method
KG-MTL 56.76±1.02 56.06±2.71 50.22±0.89 65.83±5.69 73.57±4.09 76.07±3.16 54.06±0.71 57.65±1.08 57.61±1.16
MDTips 64.23±4.13 73.51±2.91 72.37±2.87 91.25±2.34 97.27±0.86 96.90±0.79 69.61±3.43 82.35±3.89 80.78±4.86

MoseDTI 67.27±1.90 75.82±2.90 75.57±3.62 92.85±2.79 98.76±0.82 97.21±0.64 78.17±4.86 88.71±4.34 86.62±5.31

is available; only extrinsic data is available; both perspec-
tives of data are available. We take the intrinsic expert in
our method as Mose-intr, the extrinsic expert as Mose-extr,
after the entire training procedure, which can predict when
only one data perspective is available. (2) For interaction la-
bel scarcity, there are also three scarcity extents regarding
to the number of labelled positive samples for training, i.e.,
10-shots, 20-shots and 40-shots.

we compare MoseDTI and its variants with state-of-the-
art methods on three real-world datasets under totally 9
(3×3) differnet scarcity settings. The results of 10-shots are
shown in Tab. 1. The results of 20 and 40 shots are shown
in Appendix I. Generally, our method significantly outper-
forms other methods.

The first four methods can be applied when intrinsic data
is absent and only extrinsic data is available for predic-
tion. GNN-CPI, which applies a GNN to encode molecular
graphs of compounds and a CNN to obtain chemical features
of proteins, demonstrates its stable but limited ability to
confront few-shot settings. TransformerCPI2.0 (TFCPI2.0)
claims its excellent performance for generalizing to new
compounds and proteins, while it fails to predict specific in-
teraction types, probably owing to the substantial difference
between specific and general DTI interaction. Our Mose-intr
makes use of a pre-trained protein language model and mas-
sive unlabeled drug-target pairs when training, outperform-
ing them steadily by a large margin.

The following five methods can be applied when extrinsic
data is absent and only extrinsic data is available for predic-
tion. The three KG-embedding-based methods, i.e., TransE,
RotatE and TriModel all fail to perform well with limited
labelled interactions. It is conceivable that the few-shot la-
bels are not enough for them to optimize their free embed-
dings of entities and relations associated with a certain in-
teraction type. AMGDTI automatically aggregates semantic
information from KG by training an adaptive meta-path and
performs pretty well in the blocker dataset. However, our
Mose-extr, which also accommodates label scarcity via the

designing of the pre-trained entity embedding plus a simple
MLP layer and trained with unlabeled potential interaction
pairs, performs generally better on the three datasets

The last three methods can be applied when both extrinsic
and intrinsic data are available for prediction. KG-MTL fails
to perform well, probably because the complex model archi-
tecture for handling two related tasks together needs suffi-
cient labelled samples. MDTips fuses the embeddings from
KG embeddings, drug embeddings and target embeddings
and performs remarkably across three datasets. Thanks to
the MOE architecture and the usage of unlabeled samples,
our MoseDTI outperforms it obviously and steadily.

Performance without data scarcity (RQ2)
We also test the performance of our model compared with
all the baselines above in two datasets of normal label scale
for general DTI prediction task. General DTI prediction task
regards all kinds of specific interactions as a whole and does
not distinguish them, and hence there is abundant labelled
interaction data accumulated.

We can observe that GNNCPI, AMGDTI, KG-MTL and
TFCPI all perform well, which proves general DTI predic-
tion with plentiful labels is a relatively simple task compared
to predicting a specific interaction with a limited amount of
labels. Furthermore, taking advantage of blending two ex-
perts adaptively according to the relative importance of in-
trinsic and extrinsic data of each sample, our MoseDTI even
performs better than all other methods.

Ablation Study (RQ3)
To investigate how our synergizing mechanism and the de-
sign of MOE improve the performance for DTI prediction,
we conduct the ablation study with the following variants on
few-shot specific DTI prediction: 1) True-intr: training the
intrinsic model with only the ground-truth labels. 2) True-
extr: training the extrinsic expert with only the ground-truth
labels. 3) True-all: training the entire model with only the
ground-truth labels. For convenience of comparison, we also



Table 2: Model performance on general DTI datasets. The best performance is boldfaced.

DrugCentral DrugBank
ACC AUC AUPR ACC AUC AUPR

Intrinsic Method
GNNCPI 72.64 ± 0.51 78.44 ± 0.12 80.20 ± 0.18 73.82 ± 0.14 80.65 ± 0.11 81.99 ± 0.10
TFCPI 80.97 ± 1.34 88.94 ± 0.46 88.67 ± 0.48 81.50 ± 0.53 90.69 ± 0.46 90.28 ± 0.39

TFCPI2.0 57.58 58.67 60.60 54.51 57.19 60.93

Extrinsic Method

TransE 55.89 ± 0.59 74.83 ± 1.02 75.11 ± 1.02 57.86 ± 0.42 74.44 ± 0.23 76.62 ± 0.46
RotatE 54.34 ± 0.18 63.09 ± 0.74 60.22 ± 1.30 60.62 ± 9.72 68.17 ± 11.99 68.66 ± 12.69

TriModel 52.89 ± 0.40 63.41 ± 0.60 61.41 ± 0.70 54.25 ± 0.28 65.08 ± 0.49 64.35 ± 0.87
AMGDTI 80.70 ± 3.32 89.27 ± 1.84 89.48 ± 2.70 83.80 ± 0.45 90.03 ± 0.62 92.57 ± 0.54

Hybrid Method
KG-MTL 81.60 ± 0.71 88.69 ± 0.30 88.98 ± 0.73 80.31 ± 0.46 87.50 ± 0.54 89.71 ± 0.24
MDTips 88.10 ± 0.30 94.62 ± 0.12 95.32 ± 0.21 87.75 ± 0.58 94.38 ± 0.15 94.02 ± 0.23

MoseDTI 88.40 ± 0.49 95.11 ± 0.19 95.32 ± 0.22 88.15 ± 0.78 94.90 ± 0.14 95.23 ± 0.28
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Figure 3: Ablation study on three real-world datasets. The standard deviations are shown in small black lines on top of each bar.

add the results of Mose-intr, Mose-extr and MoseDTI to
Fig.3. The difference between True-intr and Mose-intr is
whether trained with the synergizing mechanism, and the
same with True-extr and Mose-extr. We have the following
observations:

Effect of synergizing mechanism The effect of the syn-
ergizing mechanism to augment one expert is affected by
the performance of the other. For example, on the agonist
dataset, the performance of Mose-extr is not obviously bet-
ter than True-extr, while the improvement is more obvi-
ous on the blocker dataset. It is more than likely due to
the intrinsic data on the blocker dataset is more easily to
be utilized for the intrinsic model to produce pseudo labels
with higher quality according to the better performance of
True-intr on the blocker dataset compared with the agonist
dataset. We also find our synergizing mechanism is robust
enough to avoid a negative impact, even if there is a huge
gap between the performance of True-intr and True-extr, like
on the e- dataset. Furthermore, the performance promotion
is even larger when we compare the whole model True-all
and MoseDTI on all three datasets, thanks to the synergiz-
ing mechanism also providing additional information for the
joint training of the whole model.

Effect of mixture of experts The better performance
of MoseDTI versus Mose-intr and Mose-extr on all three
datasets demonstrates the design of the mixture of experts
can enhance both experts while keeping their independence.
However, direct training the whole model with few-shot true

labels may not surely promote the performance, according
to the comparison of True-all against True-intr and True-extr
on the e- and agonist datasets.

6 Conclusion

This work confronts the problem of effective DTI predic-
tion under input data scarcity (including intrinsic or extrin-
sic data scarcity) and/or interaction label scarcity. We pro-
pose a model architecture: the mixture of synergized ex-
perts, which utilizes two synergized heterogeneous experts
to process different perspectives of data, which supervise
each other mutually with pseudo labels generated from un-
labelled samples. The framework solves both forms of data
scarcity organically and exhaustive experiments under vari-
ous data scarcity settings prove its superiority over states of
the art.

Limitations and Broader Impact. Despite the encour-
aging results, there could be more modalities to be incorpo-
rated to promote drug-target interaction prediction, such as
textual data describing biological entities. Our future work
will address these limitations. This research may inspire the
AI4Science community to pay more attention to the separa-
tion and synergizing of different components when design-
ing their models and make them robust with data scarcity in
real-world applications.
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A Details of Notations
We elaborate the key notations we use in Tab. 1.

B Preliminary Experiments of Transfering
from General to Specific Interaction

Datasets
To investigate whether it is beneficial to directly transfer
from the general interaction datasets to specific interaction
datasets, we pre-train the MDTips model (Xia et al. 2023)
using the Drugbank (Wishart et al. 2018) general interac-
tion dataset and fine-tune it on the three specific interaction
datasets of 10-shots. The results are shown in Table 2, com-
pared with results of direct training on specific datasets.

The results demonstrate that direct transferring cannot
bring in a positive effect, probably because the data pat-
terns of general interactions have a significant variance with
that of specific interactions. Hence, we choose to design a
method which can be effectively trained with limited spe-
cific interaction labels.

C Dataset Details
The whole data of all our experiments can be divided into
two parts: input data (i.e., intrinsic and extrinsic data) and
interaction label data. Every dataset shares common input
data. The extrinsic input data is the knowledge graph DRKG
(Ioannidis et al. 2020) with 97238 entities and 11326934
triples. The intrinsic input data is the 11439 SMILES of
drugs and 57063 amino acid sequences of targets we collect
from Uniprot and Drugbank(Wishart et al. 2018). The fol-
lowing elaborates on the interaction label data, i.e., datasets
of labelled DTI pairs.

Datasets of specific interactions. We split every dataset
to train, validation and test set. The length of the posi-
tive train sets is set to 10, 20 or 40, the length of posi-
tive valid sets is fixed to 20, and the rest of the positive
samples are considered positive test sets. By convention,
we randomly sample pairs from drugs and targets of posi-
tive samples to generate the same number of negative sam-
ples. DGIDB::BLOCKER means antagonist interactions in-
cluding alpha blockers, beta blockers, and calcium channel
blockers, which contains 253 positive samples. GNBR::E-
means decreasing expression or production, which contains
1401 positive samples. DGIDB::AGONIST means a drug
binds to a target receptor and activates the receptor to pro-
duce a biological response, which contains 1338 positive
samples.

Datasets of general interactions. We adopt the datasets
used in (Ma et al. 2022) and remove the samples for which
we cannot find their corresponding intrinsic data. The Drug-
bank and Drugcentral datasets contain 18480 and 18066
samples respectively. The split ratio of train, valid and test
set is 6:2:2.

D Evaluation Protocol
We report accuracy (ACC), AUC (area under the receiver
operating characteristic curve), and AUPR (area under the

precision-recall curve) as the performance metrics. For ex-
periments under data scarcity (RQ1), we construct 5 dif-
ferent cross-validation variants of each dataset and report
the means and standard deviations of performance across
the 5 variants. For other experiments, we report the means
and standard deviations of performance across 5 indepen-
dent runs with different random seeds on fixed data. Trans-
formerCPI2.0(Chen et al. 2023) only provides its model for
inference instead of the training code, so its results are de-
terministic without a standard deviation value except for the
RQ1 experiments.

E Implementation Details
We keep the model architecture and hyper-parameters in-
variant across all datasets except that for general interaction
datasets, due to the sufficient labelled samples, we do not
use unlabelled samples to generate pseudo labels. Due to the
input length limitation of the ESM-MAS-1b model, we trun-
cate long protein sequences to take their middle 1022 amino
acid residues as input. We use the TransE (Bordes et al.
2013) method to pretrain our KG embeddings and GCN
(Kipf and Welling 2017) to encode molecule graphs. We use
the Adam optimizer to optimize our model. The learning rate
is set to 1e-2 for joint training and 1e-3 otherwise. The train
and test batch size is 16. αextr, αintr, βextr, βintrβg are 2e-
2, 2e-4, 3e-5, 3e-4, 3e-3 respectively. The αextr is much
larger than αintr since the inference of extrinsic expert is
much faster than that of intrinsic expert. γextr, γintr, γg are
set to make the ratios of the total length of ground-truth la-
bels versus pseudo labels 0.3, 1, and 1 respectively. We con-
duct experiments on NVIDIA 3090 graphic cards and Intel
Xeon Gold 6348 CPU.

F Hyper-parameter Sensitivity Analysis
In this experiment shown in Fig. 2, we test the impact of
the major hyper-parameters of MoseDTI, which include the
sample selecting rate for the extrinsic expert βextr, sample
selecting rate for the intrinsic expert βintr, sample selecting
rate for the joint training βg . We can observe that, for all
these three parameters, performance grows as the selecting
rate grows. Subsequently, performance plateaus and then de-
creases as the selection rate grows. This is probably because
experts need enough pseudo labels to be trained while an
overly high choosing rate may corrupt the quality of pseudo
labels. The optimal β of the intrinsic expert differs from
those of the extrinsic expert by a factor of 100 because the
two α have a reverse difference of 100.

G Discovering New Patterns by Synergizing
Experts

To illustrate how synergizing experts can improve model
performance, we conduct an experiment to observe whether
experts can discover new data patterns after being syner-
gized. After the KG pretraining, we use only one drug-target
pair in the blocker dataset as the positive training set to train
the extrinsic expert. The paths between the drug and the tar-
get of the training pair are shown in Fig.1(a), which is a
frequent pattern in the whole dataset. It describes if a drug



Table 1: Descriptions of key notations.

Notations Descriptions

D The drug set.
T The target set.
{(di, tj)} A set of DTI pairs. di ∈ D and tj ∈ T denote the i-th drug and the t-th target respectively.
(Xp, Xn) A DTI dataset. Xp and Xn denote the postitive and negative drug-target pairs respectively.
pij , p

in
ij , p

ex
ij The probabilities estimated of the entire model, the intrinsic expert and the extrinsic expert

respectively.
KG = (E,R,O) The definition of a knowledge graph with an entity set E, a relation set R and a set of observed

triplets.
(h, r, t) A triple consists of a head entity mathsfh, a relation mathsfr, and a tail entity mathsft.
SMdi SMILES of drug di.
ASti amino acid sequence of target ti.
hex
di
,hex

ti ,h
in
di
,hin

ti Embedding of drug di or target ti generated by extrinsic or intrinsic expert.
gex, gin The extrinsic or intrinsic classifier (a part of the extrinsic or intrinsic expert).
MGdi

= (Vdi
, Edi

) The definition of a molecule graph of drug di, with its node set Vdi
and edge set Edi

.
{e(0)m |m = 1, ...,M} The feature set for target tj of length M generated by ESM-MSA-1b.
wij The blending weight output by the gating model.

Table 2: Performance comparison between direct training and transfering from general to specific interaction datasets.

DGIDB::AGONIST DGIDB::BLOCKER GNBR::E-

ACC AUC AUPR ACC AUC AUPR ACC AUC AUPR
MDTips 64.23±4.13 73.51±2.91 72.37±2.87 91.25±2.34 97.27±0.86 96.90±0.79 69.61±3.43 82.35±3.89 80.78±4.86

MDTips-transfer 53.00±12.28 54.55±17.23 59.16±14.00 83.29±3.38 91.17±2.02 90.61±2.08 67.87±3.79 75.07±6.08 73.06±6.70

treats a disease and the disease is associated with or caused
by mutation of a gene, then the drug may be a blocker of the
gene. However, the extrinsic expert may not identify some
drug-target pairs with relatively rare path patterns in the pos-
itive testing set. For example, a testing pair may have a to-
tally different path pattern illustrated in Fig.1(b). In this pat-
tern, the drug and target are connected by at least 3 hops with
complicated drug-disease-gene-gene paths. This testing pair
is given a score of only 0.0457 by the extrinsic expert, which
means being trained with the drug-target pattern (a), the ex-
trinsic expert cannot identify a different drug-target pattern
(b). However, the intrinsic expert assigns pair (b) a score
of 0.9999, which means this sample is regarded as a simple
positive case from the perspective of intrinsic data. After be-
ing trained with the pseudo labels generated by the intrinsic
expert, the extrinsic expert assigns a score of 0.8418 for pair
(b), which indicates the extrinsic expert has learned to rec-
ognize this pair pattern with the aid of the intrinsic expert.

H Performance on General Interaction
Datasets with Limited Labels

There have been massive labelled samples accumulated for
general DTI interaction in both the drugcentral and drug-
bank datasets, so we regard few-shot learning for specific
interaction as more meaningful. To validate that our method
can also handle few-shot scenarios on general interaction
datasets, here we also evaluate our method on the general
datasets with 10 positive training samples, compared with
the competitive baseline MDTips(Xia et al. 2023), shown in

Tab. 3. From the result, our models still outperform the com-
petitive baseline by a large margin.

I Results of 20 and 40 Shots of Experiment
RQ1

Due to the page limit of the paper, we display the results of
20 and 40 shots of experiment RQ1 here, see Tab. 4
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Figure 2: Hyper-parameter sensitivity analysis on the blocker datasets.

Table 3: Model performance on general DTI datasets with 10 positive labels.

DrugBank DrugCentral
ACC AUC AUPR ACC AUC AUPR

MDTips 55.94±3.34 62.47±4.70 61.96±3.35 56.89±4.16 61.31±6.36 62.50±5.48
Mose-intr 62.51±1.66 63.70±1.27 66.00±2.61 62.14±1.22 65.41±2.02 67.28±2.55
Mose-extr 61.12±1.52 63.52±4.39 64.72±1.13 62.83±1.43 66.65±3.12 66.67±2.39
MoseDTI 61.76±1.84 64.89±1.00 66.25±2.38 63.64±1.05 67.10±0.68 68.25±1.51



Table 4: Model performance of 20 and 40 shots in experiment RQ1.

DGIDB::AGONIST DGIDB::BLOCKER GNBR::E-
ACC AUC AUPR ACC AUC AUPR ACC AUC AUPR

20 shots

Intrinsic Method

GNNCPI 55.26±4.63 60.01±4.99 58.86±2.79 68.54±7.19 74.97±8.57 76.77±8.64 51.23±3.12 60.38±1.89 58.93±2.72
TFCPI 60.56±4.26 68.56±3.42 68.73±2.49 51.79±3.33 68.67±2.63 64.34±3.93 62.40±1.99 77.46±2.12 77.60±1.58

TFCPI2.0 50.92±0.24 53.27±0.32 51.06±0.27 37.16±0.48 33.99±0.88 39.05±0.34 42.17±0.14 40.65±0.19 41.99±0.11
Mose-intr 70.89±1.46 77.18±2.39 75.43±4.71 89.34±3.07 93.42±2.14 94.34±1.64 68.32±1.94 78.00±1.99 77.65±2.06

Extrinsic Method

TransE 50.00±0.00 50.15±0.10 50.67±0.10 50.00±0.00 54.84±0.68 56.24±0.88 50.00±0.00 48.80±0.10 48.89±0.11
RotatE 50.00±0.00 50.21±0.10 50.35±0.06 50.00±0.00 51.08±0.30 50.74±0.58 50.00±0.00 48.87±0.17 49.97±0.12

TriModel 40.01±22.37 45.02±2.30 47.08±1.92 49.95±0.20 26.52±2.35 38.82±1.83 50.01±0.06 49.33±1.57 50.92±1.05
AMGDTI 66.18±2.98 75.22±2.64 76.58±4.99 86.17±2.62 96.65±2.45 96.37±0.32 75.37±5.20 84.97±1.80 84.72±1.17
Mose-extr 70.54±1.88 80.32±2.72 80.17±3.08 88.86±2.79 98.13±0.25 97.45±0.29 81.93±3.10 92.34±2.22 92.71±2.49

Hybrid Method
KG-MTL 56.81±1.27 57.74±5.56 51.71±4.07 73.31±4.12 81.56±3.32 84.31±3.14 59.16±2.16 65.65±2.06 64.47±3.06
MDTips 68.41±3.56 80.00±3.17 79.13±4.27 89.12±4.64 98.11±0.58 98.04±0.64 80.10±4.72 90.85±2.05 90.47±2.09

MoseDTI 70.28±2.36 80.82±3.59 80.95±5.02 91.15±4.45 98.46±0.62 98.04±0.39 81.98±4.76 92.56±1.71 93.96±1.84

40 shots

Intrinsic Method

GNNCPI 66.13±1.72 73.04±2.20 71.32±2.85 73.40±3.82 82.95±2.48 84.83±1.70 61.97±4.15 70.67±3.31 70.35±3.71
TFCPI 63.83±2.03 71.19±1.03 70.32±0.69 69.72±2.39 78.47±2.46 76.74±2.31 70.55±2.64 77.50±2.15 76.79±2.08

TFCPI2.0 50.92±0.22 53.20±0.36 50.97±0.25 36.91±0.48 33.73±0.71 38.97±0.30 42.10±0.15 40.64±0.18 41.97±0.10
Mose-intr 70.51±7.23 81.68±2.50 79.88±3.13 93.97±1.17 96.96±1.32 96.24±1.36 70.88±4.23 78.39±4.25 77.97±4.29

Extrinsic Method

TransE 50.00±0.00 50.16±0.10 50.69±0.06 50.00±0.00 54.52±0.31 56.10±0.58 50.00±0.00 48.60±0.27 48.76±0.22
RotatE 50.00±0.00 50.24±0.26 50.42±0.18 50.00±0.00 50.65±0.52 50.68±0.56 50.00±0.00 48.95±0.19 49.92±0.18

TriModel 50.02±0.04 39.88±0.57 44.86±0.64 49.97±0.21 22.31±3.05 36.30±1.52 50.00±0.00 43.22±3.11 46.60±2.09
AMGDTI 72.37±2.81 81.98±2.47 82.19±3.58 93.45±2.68 97.67±2.64 97.18±0.35 83.41±2.38 91.76±1.24 91.35±1.97
Mose-extr 76.88±2.72 85.97±1.00 85.21±1.14 95.95±1.56 98.78±0.25 98.14±0.44 85.44±0.86 93.93±0.75 94.19±0.84

Hybrid Method
KG-MTL 59.24±1.00 63.50±2.08 58.39±2.53 84.12±1.30 90.63±1.25 92.22±1.30 62.66±2.99 68.38±4.60 68.77±3.36
MDTips 73.91±3.97 86.46±1.36 85.94±1.44 84.42±11.57 98.53±0.56 98.34±0.72 77.98±6.49 92.11±1.43 91.94±1.53

MoseDTI 76.07±3.82 86.71±3.10 85.78±3.73 96.42±6.82 98.13±0.53 98.39±0.59 84.83±4.11 93.42±3.79 94.29±3.63
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