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Abstract

Virtual screening (VS) is an essential task in drug discovery,
focusing on the identification of small-molecule ligands that
bind to specific protein pockets. Existing deep learning meth-
ods, from early regression models to recent contrastive learn-
ing approaches, primarily rely on structural data while over-
looking protein sequences, which are more accessible and can
enhance generalizability. However, directly integrating pro-
tein sequences poses challenges due to the redundancy and
noise in large-scale protein-ligand datasets. To address these
limitations, we propose S>Drug, a two-stage framework that
explicitly incorporates protein Sequence information and 3D
Structure context in protein-ligand contrastive representation
learning. In the first stage, we perform protein sequence pre-
training on ChemBL using an ESM2-based backbone, com-
bined with a tailored data sampling strategy to reduce re-
dundancy and noise on both protein and ligand sides. In the
second stage, we fine-tune on PDBBind by fusing sequence
and structure information through a residue-level gating mod-
ule, while introducing an auxiliary binding site prediction
task. This auxiliary task guides the model to accurately local-
ize binding residues within the protein sequence and capture
their 3D spatial arrangement, thereby refining protein-ligand
matching. Across multiple benchmarks, S*Drug consistently
improves virtual screening performance and achieves strong
results on binding site prediction, demonstrating the value of
bridging sequence and structure in contrastive learning.

Introduction

Virtual screening (VS) is regarded as a cornerstone of mod-
ern drug discovery, as it enables researchers to computa-
tionally evaluate large libraries of chemical compounds to
identify potential drug candidates that bind to a target pro-
tein (Shoichet 2004). By leveraging high-performance com-
putation algorithms and hardwares, VS significantly reduces
the cost, time, and labor required in early-stage hit iden-
tification, especially when compared to traditional high-
throughput empirical screening over trillions of or even
more drug-like molecules (Lyu, Irwin, and Shoichet 2023).
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Molecular docking and deep learning methods are two
types of the most mainstream approaches for virtual screen-
ing. The docking-based methods (Friesner et al. 2004) sim-
ulates the physical binding process between a ligand and
a protein to estimate binding affinity, while learning-based
methods leverage data-driven models to predict interactions
without explicit simulation. Notably, the success of deep
learning in related fields such as graph learning and natural
language processing has fueled growing interest in learning-
based approaches. Early works in this category consider the
VS as a binding affinity regression or classification task (Wu
et al. 2022; Zhang et al. 2023). Recent works like Drug-
CLIP (Gao et al. 2023) and DrugHash (Han, Hong, and
Li 2025) model the VS as a retrieval task, where protein
pockets are regarded as queries to retrieve matching lig-
ands. To enable this, they leverage contrastive learning to
align protein and ligand representations by pulling binding
pairs closer and pushing apart non-binding pairs in the em-
bedding space. However, whether molecular docking or ex-
isting learning methods, most approaches still rely exclu-
sively on 3D structures (Maia et al. 2020), neglecting the
employment of protein sequence information. In fact, this
reliance on single-conformer atom-level structural informa-
tion can make models overly sensitive to input perturba-
tions, and less robust to pocket conformational flexibility-a
common challenge in practical drug discovery. Furthermore,
determining protein 3D structures requires techniques such
as X-ray crystallography and Cryo-EM, which are time-
consuming and costly. These limitations hinder the expan-
sion of large-scale training datasets, ultimately restricting
the performance and generalizability of VS methods.

The protein research in recent decades follows a fun-
damental principle: “Sequence determines structure, and
structure determines function” (Anfinsen 1973). This im-
plies that amino acid sequences fundamentally encode the
information necessary for protein folding and function,
which in turn influences how proteins interact with lig-
ands, especially their affinity to ligands in specific sites.
Early works (Shen et al. 2023) have explored the intro-
duction of protein sequence information for VS. How-
ever, they merely leverage sequence representations en-
coded by pretrained protein LSTM (Alley et al. 2019)



or Transformer (Rives et al. 2021) models, without ex-
plicitly learning the protein sequence-ligand interactions.
Although large-scale protein sequence—ligand interaction
datasets such as ChemBL (Gaulton et al. 2012) have been
available for years, their potential to directly supervise the
learning of sequence-level binding preferences remains un-
derexplored. Nevertheless, directly integrating such datasets
into VS model training poses significant challenges. Be-
cause the data redundancy and noise in both protein and
ligand sides-such as homology/functional redundancy, bind-
ing affinity variability, and non-specific binders-may sig-
nificantly hinder the model performance and generalizabil-
ity. Moreover, relying solely on protein sequence informa-
tion while discarding structural context severely limits the
model’s ability to identify binding pockets, model spatial
interactions (e.g., shape complementarity), and account for
conformational flexibility. These factors are critical for ac-
curate and generalizable virtual screening.

To tackle such challenges, we propose S?Drug, a two-
stage contrastive learning framework that bridges protein
Sequence and 3D Structure information to enable more ac-
curate virtual screening. (1) In the first stage, we perform
protein sequence-ligand contrastive representation pretrain-
ing on the large-scale dataset ChemBL. During this stage,
we design a bilateral data-sampling strategy: on the protein
side, we apply homology-aware downweighting and func-
tional deduplication to reduce protein-side redundancy; on
the ligand side, we apply affinity variability filtering and
frequent hitter removal to mitigate noise. (2) In the next
stage, we introduce a residue-level gating module to fuse
protein sequence and 3D structure information. This enables
fine-tuning of the learned representations on the small-scale
PDBBind dataset, which provides high-resolution pocket
structures. In addition, we introduce an auxiliary binding
site prediction task that determines whether each residue be-
longs to the binding site. Given that a pocket is essentially
the spatial cavity-shape aggregation of binding site residues
scattered across the sequence, this task enhances the model’s
understanding of protein 3D folding-particularly in pocket
regions-thereby further improving VS performance.

We summarize our contributions as follows:

* We propose a two-stage contrastive learning framework,

namely S2Drug, which performs sequence pretraining and
sequence-structure fusion finetuning for virtual screening.

* We devise a data sampling strategy to harness large-scale
protein sequence-ligand datasets, ensuring high-quality
pretraining data by reducing redundancy and noise.

* We incorporate a binding site prediction auxiliary task in
the fine-tuning stage to enhance model’s understanding of
binding pocket locations and their spatial configurations.

» We evaluate our S?Drug framework on two most typi-
cal virtual screening datasets and obtain consistent supe-
rior performance over baselines. Additionally, S2Drug ex-
hibits compelling results on binding site prediction.

Related Works

Virtual Screening Existing methods for virtual screen-
ing can be broadly categorized into two main approaches:
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docking-based and learning-based methods. Docking-based
methods, such as Glide-SP (Friesner et al. 2004) and Vina
(Trott and Olson 2010), is a computational technique that
predicts how a small molecule (ligand) binds to a target pro-
tein’s binding site, estimating both the binding pose and in-
teraction strength. However, this type of methods are often
time-consuming because they must search numerous ligand
conformations and evaluate each with computationally ex-
pensive scoring functions. On the other hand, learning-based
methods leverage machine learning and deep learning tech-
niques to predict ligand-protein pocket interactions more ef-
ficiently. Within learning-based methods, there are three pri-
mary subcategories: regression (Oztiirk, Ozgiir, and Ozkir-
imli 2018; Zheng, Fan, and Mu 2019; Zhang et al. 2023),
classification (Wu et al. 2022; Yazdani-Jahromi et al. 2022),
and retrieval (Gao et al. 2023; Han, Hong, and Li 2025) ap-
proaches. Among them, while structural data has been ex-
tensively used, the potential of protein sequence data, which
is more readily available and can provide complementary in-
formation, has been largely neglected.

Protein Representation Learning Though the impor-
tance of molecular representation learning in drug discov-
ery tasks has been widely recognized (Wang et al. 2022),
the most advanced protein representation learning methods
in the virtual screening still stay in the structure learning
stage (Han, Hong, and Li 2025). They utilize pretrained
SE(3) Transformers to model 3D atom-level interactions,
and adopt contrastive learning to align protein and ligand
representations. In contrast, out of virtual screening domain,
the protein sequence representation learning has achieved
great progress in recent years due to the widely available
sequence data, low annotation cost without structure deter-
mination, and the model architecture derived from language
models (Lin et al. 2023; Abramson et al. 2024). Besides,
there is also increasing interest in incorporating both se-
quence and structure information to conduct more compre-
hensive protein representation learning (Lee et al. 2023; Hu
et al. 2024; Li et al. 2024). However, how to employ protein
sequence representation learning in virtual screening, espe-
cially sequence-structure collaborative learning, is still less
explored, which is the focus of this work.

Methodology

In this section, we first define the problem, and then de-
tail the two stages of our S2Drug framework: (1) sequence
model pretraining and (2) sequence-structure fusion finetun-
ing. We illustrate the framework in Figure 1.

Problem Formulation

In this work, we define two interrelated tasks to enhance
virtual screening in drug discovery. Note we use the term
“ligand” to refer to candidate small molecules, regardless of
whether binding has been experimentally confirmed.

Main Task: Virtual Screening The primary objective is
to predict the binding likelihood between a specific protein
binding pocket and a ligand, enabling the identification of
potential drug candidates from a ligand library. Given a pro-
tein P, which includes its amino acid sequence S(P) and
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Figure 1: The illustration of our proposed two-stage contrastive representation learning framework S?Drug for bridging protein
sequence and 3D structure. The red characters indicate pocket residues, which are however agnostic to the sequence encoder.

three-dimensional structural information G(P), we denote
its binding pocket as B(P) C P, defined by a subset of
residues and their spatial configuration. For a ligand L, rep-
resented by its molecular structure G(L), we aim to learn a
scoring function s(B(P), L) : B x L — R, where B is the
space of protein binding pockets, and L is the space of lig-
ands. The function s(B(P), L) outputs a real-valued score
indicating the likelihood of ligand L binding to the pocket
B(P), which is used to rank ligands for a given protein tar-
get based on their affinity to the specified binding pocket.

Auxiliary Task: Binding Site Prediction The auxil-
iary task focuses on identifying the amino acid residues
in the protein sequence that constitute the binding site,
thereby enhancing the performance of the main task. For
a given protein P, its sequence is represented as S(P)
(r1,72,...,71), where r; is the i-th amino acid residue,
and [ is the sequence length. We predict a binary label
y; € {0,1} for each residue s;, where y; = 1 indicates
that the residue is part of the binding site, and y; = 0 in-
dicates otherwise. This task is formulated as a sequence la-
beling problem, where the model outputs a prediction vector
Y(P) = (1,92, - .., Jr), with §; representing the predicted
probability that residue ¢ belongs to the binding site.

Sequence Model Pretraining

Although large-scale protein language models have demon-
strated strong performance across a wide range of tasks, they
are primarily trained on general sequence corpora without
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explicit supervision from protein-ligand interactions. To ef-
fectively model residue-level representations that are sensi-
tive to binding specificity, it is necessary to further adapt
these sequence models using protein-ligand interaction data.

Bilateral Data Sampling To ensure high-quality and gen-
eralizable supervision from large-scale protein—ligand in-
teraction datasets such as ChemBL, we introduce a holis-
tic strategy that jointly filters and subsamples the training
data from both the protein and ligand sides. Let Dy =

{(Pn, Ln, an)}‘lpo‘ denote the initial dataset with 745K pro-
tein—ligand—affinity triplets, where P, is the protein with
S(P,) as corresponding residue sequence, L, is the ligand,
and a,, € R is the reported binding affinity. We construct a
cleaned subset D C Dy via the following two-sided strategy:

Step 1: Protein-side Redundancy Reduction Protein
data in ChemBL suffers from severe homology and func-
tional redundancy, which may encourage the memorization
of family-specific patterns rather than the learning general-
izable interaction rules.

(1) Homology-aware Downweighting. We compute pair-
wise residue sequence similarity SeqSim(S(P,,), S(Pm)) €
[0, 1], based on normalized sequence alignment scores. Then
we cluster the sequences using MMseqs2 at a 40% iden-
tity threshold (Kallenborn et al. 2024), yielding clusters
Chom = [Cfem ... Cho™}. The sampling probability of
each protein P, € C"*™ is defined as:

1

Pr(Pn) = |Ch0m‘(x’

o€ (0,1]. (1)



We set a = 0.5 to penalize large protein families while re-
taining sufficient diversity.

(2) Functional Deduplication. Functional isoforms or mu-
tants may be overrepresented, contributing negligible ad-
ditional information. Based on UniProt or Gene Ontology
function annotations ¢(P;), we define groups:

'™ = (P, | 6(P,) = ¢1.)- @)

We retain a single representative per C,‘Cf “" prioritizing pro-
teins with greater ligand diversity.

Step 2: Ligand-side Noise Mitigation The noise in the
ligand side arises from binding affinity variability across as-
says and from non-specific promiscuous compounds.

(1) Aﬁﬁnity Variability Filtering. For duplicate protein-
ligand pairs with different affinity values obtained under dif-
ferent assay conditions {(P,, Ly, af,}7_,, we calculate:

o, = StdDev(logal, ..., logal). 3

Only instances with o,, < § (we use § = 1.0) are retained,
and the canonical affinity is set as the mean log-value.

(2) Frequent Hitter Removal. Some compounds exhibit
promiscuous binding activity across multiple targets, not due
to specific molecular recognition but rather because of re-
active substructures. These artifacts can mislead representa-
tion learning. Let f(L,,) be the number of proteins a ligand
binds. We discard ligands where f(L,) > T (with T' = 20)
unless a majority of affinities indicate strong binding, i.e.,
high affinity values. Besides, ligand molecules with known
such reactive substructures (e.g., PAINS) are filtered out.

Step 3: Joint Subsampling with Rebalancing After
cleaning, we subsample remaining data with rebalancing:

D = Sample(p 1, 4D, [Pr(P) - Lican(P,L,a) - iig(L)] »
“)
where lcican(p,L,q) € {0, 1} indicates that a triplet passes all
filtering rules, and wyig(L) o< 1/f(L) downweights high-
frequency ligands.

Representation Learning To learn modality-specific rep-
resentations that simultaneously capture protein sequence
semantics and ligand structural properties, we first employ
modality-aligned encoders for both proteins and ligands.
Then, a symmetric contrastive training objective is applied
to align their embeddings in a shared latent space.

Sequence Encoder for Proteins We adopt the pretrained
ESM2 model (Lin et al. 2023) to encode the amino acid
residue sequences. Given a protein P, with its residue se-
quence S(P,) = (r1,...,71), the sequence encoder Seq”(+)
maps it to a fixed-length embedding h?>* € R%:

hP® = MeanPool(Seq? (S(Fy))), Q)

where Seq”(+) is initialized from the 650M-parameter ESM2
model. The output ~P° is the mean pooling of tokens’ rep-
resentation from the final Transformer layer.

Structure Encoder for Ligands For ligand molecules,
we adopt the Uni-Mol molecular encoder (Zhou et al. 2023),
which encodes 3D conformers using atom types and pair-
wise Euclidean distances. Given a ligand L; represented by
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structual information G(L,,) including 3D atomic coordi-

nates and associated atom types, the encoder Stru! (+) outputs
an embedding h’9 € R% after mean pooling over atoms:

(6)

To align its representation space with the protein sequence
encoder, we project both h2* and hl:9 into a shared embed-
ding space via two-layer MLPs with layer normalization.

Contrastive Training Objective We train the protein
and ligand encoders using a symmetric contrastive objec-
tive that brings matching pairs closer while pushing apart
non-matching ones. For a batch of N protein—ligand pairs
{(P,, L,)}N_,, we compute the pairwise cosine similarity:

(hi, i)

h:9 = MeanPool (Stru' (G(Ly,))).

sim(hP? hﬁ;f) —_— @)
1151 (172 |
The contrastive loss is defined via InfoNCE (Oord 2018):
Z exp (sim(hE-s, hL9) /T)
= > —; exp(sim(hy” b N/7) ®)
exp(sim(hh*, hy?) /7)

log

ooy exp(sim(hbi", h?) /1)
where 7 is a temperature hyperparameter controlling the
sharpness of the similarity distribution.

Sequence-Structure Fusion Finetuning

To enhance virtual screening accuracy, it is crucial for the
model to incorporate both the evolutionary information em-
bedded at protein sequences and the fine-grained geometric
context provided by 3D pocket structures. While structural
encoders are effective in modeling atomic interactions, they
often suffer from sensitivity to conformational perturbations
and may not generalize well to novel proteins. To address
this, we propose a fusion-based finetuning strategy that com-
bines above pretrained protein sequence embeddings with
structure-aware representations. They are jointly trained us-
ing a contrastive interaction objective and an auxiliary bind-
ing site prediction task on the PDBBind dataset.

Sequence-Structure Fusion Module Given a protein P,
I,

we obtain residue-level sequence representation {x;, ;};";
from the encoder Seq” and the atom-level structural repre-
sentation {2, }4ecp(p) from pocket structure encoder Stru”
initialized from Uni-Mol. For each pocket residue r; C
B(P), we perform masked mean pooling over its constituent
atoms to aggregate the structure-based embedding:

§ a€r; * Fas

acr;

©))

xn,i

IZ\

where I, ¢,, indicates the atom a is in the pocket residue ;.
We then apply a gating mechanism to adaptively fuse the

sequence and structure information, thus obtaining xfl i
)

ﬁ _J(Wﬁ [Wxnz7W‘rn7]+bﬁ)

(10)
xh,i = ﬁn,i : Wswn’i ( 671 ’L)

'I’Ll’



where o(-) denotes the sigmoid function, and W3, bg are
learnable parameters. Also Wy, W, are learnable matrices
to project x, ; and x? n,i 10O shared representation space.
This fusion mechanism allows the model to dynamically pri-
oritize the most informative modality for each residue, de-
pending on the local sequence-structure alignment. Finally,
after two Transformer layers, we conduct mean pooling over
pocket residues to obtain fused pocket representation h?:/.

Auxiliary Binding Site Prediction As we know, a pocket
is a spatial aggregation of residues in the three-dimensional
conformation, rather than a continuous segment in the pri-
mary sequence. These residues come together to form a
binding cavity as a result of protein folding that brings them
into close proximity in 3D space. Therefore, conducting
binding site prediction on the entire protein sequence helps
the model infer its spatial arrangement-particularly the con-
formation and further biochemical properties of the pocket
region-ultimately facilitating the accurate virtual screening
process. To obtain the residue distribution of the binding
pocket on the whole residue sequence, for each protein, we
sample K ligand probes {L;}%_, and compute their inter-
action relevance with residues via a shared attention projec-
tion:

exp(Wyas, ; - Wlhéfg)
ngl exp(W,z}, ; - Wlhi’gf

where hﬁé’g is the structural representation of the k-th probe

ligand from Strul, and W,., W; are trainable projection ma-
trices. To avoid information leakage, we only utilize the se-
quence representation xy, ; here. We then average the atten-
tion scores to obtain the per-residue binding probability:

1 K
Un.i ::j§f252‘1i¢~
k=1

The prediction is trained with summed binary cross-entropy:

(1D

n,i

(12)

N I,

['bsp = - Z Z Yn,i IOg gn,i"’
n=1i=1

(1- ynl) log(1 — ﬁnz)}

Training Objective To align protein-ligand interactions
while emphasizing spatially grounded residue position, we
jointly optimize a dual loss objective. For contrastive train-
ing, we encode a protein pocket into h” via poohng over
fused residue embeddings, and a hgand into hl:9 using the

Stru’ encoder. The contrastive loss is defined as:
exp (sim(h®f hL9)/7T)
Lre = N Z p.f 1lg
N exp(sim(hi7, W) /7)
1 eXp(Slm(hﬁ’f, hb9) /7
og )
SN exp(sim(hBT, hh?) /)

where sim(+, -) denotes cosine similarity, N is the batch size,
and 7 is the temperature parameter, similar to pretraining
phase. The final training objective combines two losses:

Lol = Lic + X Ebspv

13)

(14)

15)

358

where ) is a balancing coefficient. This learning scheme en-
ables the model to simultaneously learn global interaction
alignment and local spatial specificity, improving both vir-
tual screening accuracy and binding site interpretability.

Experiment
Evaluation Settings

Datasets We evaluate the virtual screening performance
of various methods on the DUD-E (Mysinger et al. 2012)
and LIT-PCBA (Tran-Nguyen, Jacquemard, and Rognan
2020). As for the binding site prediction task, HOLO4K,
COACH420 (Krivak and Hoksza 2018), ASD (Liu et al.
2020) are utilized as the benchmarks. To ensure fairness, all
the evaluations in this paper follow the zero-shot setting.

Baselines For virtual screening evaluation, we take several
shared baselines over above two datasets: docking: Glide-
SP (Friesner et al. 2004), learning: Planet (Zhang et al.
2023), Banana (Brocidiacono et al. 2023), SVSBI (Shen
et al. 2023), DrugCLIP (Gao et al. 2023), DrugHash (Han,
Hong, and Li 2025). Besides, we also take specialized base-
lines on DUD-E: docking: Vina (Trott and Olson 2010),
learning: NN-score (Durrant and McCammon 2011), RF-
score (Ballester and Mitchell 2010), Pafnucy (Stepniewska-
Dziubinska, Zielenkiewicz, and Siedlecki 2017). On LIT-
PCBA, we compare with following exclusive baselines:
docking: Surflex (Spitzer and Jain 2012), learning: Deep-
DTA (Oztiirk, Ozgiir, and Ozkirimli 2018), Gnina (McNutt
et al. 2021). As for the evaluation of binding site predic-
tion, we adopt P2Rank (Krivak and Hoksza 2018), VN-
EGNN (Sestak et al. 2023), DiffDock (Corso et al. 2023),
and VN-EGNNrank (Schneckenreiter et al. 2025) as the
baselines. Given these methods directly predict the pocket
center coordinates, residues whose heavy atoms are within a
fixed distance threshold (8 A) from the predicted center are
considered as binding site residues.

Metrics Following previous works (Gao et al. 2023; Han,
Hong, and Li 2025), we utilize the following metrics to eval-
uate virtual screening accuracy: the area under the receiver
operating characteristic curve (AUROC), the Boltzmann-
enhanced discrimination of receiver operating characteristic
(BEDROC), enrichment factor (EF). For binding site predic-
tion, we take F1 Score and the area under the precision-recall
curve (PR-AUC), which is specially suitable for this task due
to the extremely unbalanced labels. All reported metrics are
scaled to percentage values for presentation clarity.

Implementation Details We conduct our experiments on
a local server with 1.6 TB RAM, 8 x NVIDIA RTX A6000
GPUs, and dual Intel Xeon Silver 4309Y processors (16
cores, 32 threads @ 2.80 GHz). The epoch, learning rate,
and batch size for pretraining stage are set as 10, le-3, and
128, respectively. During the finetuning stage, the epoch and
batch size values are set to 50 and 48, while the learning
rate keeps unchanged. As for the parameter initialization of
sequence encoder and structure encoders, we employ the
650M version of ESM2 pretrained model and the 181MB
version of Uni-Mol pretrained models, respectively. Statis-
tical significance is assessed using paired t-tests, with per-



formance improvements over best baselines considered sig-
nificant at p < 0.01 (marked by * in tables). We run each
experiment for 5 times and report the average results. The
code has been provided in supplementary materials.

Results and Analysis

| AUROC | BEDROC | EF*5%* | EF'% | EF°%
Glide-SP | 76.70 4070 | 19.39 | 16.18 | 7.23
Vina 71.60 - 9.13 | 732 | 444
NN-score | 68.30 12.20 416 | 402 | 3.12
RF-Score | 6521 12.41 490 | 452 | 298
Pafnucy 63.11 16.50 4.24 3.86 3.76
Planet 71.60 - 1023 | 883 | 5.40
Banana 50.14 2.40 119 | 118 | 101
SVSBI 76.28 4235 | 25.64 | 12.82 | 7.03
DrugCLIP | 79.45 4782 | 37.86 | 30.76 | 10.10
DrugHash | 83.73 57.16 | 43.03 | 37.18 | 12.07
S?Drug | 92.46% | 79.25% | 5837+ | 43.06* | 18.82*

Table 1: Virtual screening performance comparison of dif-
ferent methods on DUD-E. The bold indicates best result.

| AUROC | BEDROC | EF’*% | EF'* | EF®%
Surflex 5147 - - 250 | -
Glide-SP | 53.15 4.00 3.17 | 341 | 201
DeepDTA | 56.27 2.53 - 147 | -
Planet 5731 - 464 | 3.87 | 243
Gnina 60.93 5.40 - 463 | -
Banana 62.78 5.02 398 | 379 | 2.83
SVSBI 53.77 3.84 305 | 271 | 1.92
DrugCLIP | 5636 6.78 777 | 5.66 | 232
DrugHash | 54.58 7.14 9.65 | 6.14 | 242
S?Drug | 5823 | 8.69% | 1144% | 7.38* | 2.97*

Table 2: Virtual screening performance comparison of dif-
ferent methods on LIT-PCBA. The bold indicates best result.

Overall Screening Performance To evaluate whether our
proposed S?Drug can effectively identify small-molecule
ligands binding to the given protein pockets, we conduct
experiments on DUD-E and LIT-PCBA datasets, with re-
sults shown in Tables 1 and 2. From these results, we can
observe that S?Drug significantly outperforms all docking-
based and learning-based baselines on all metrics. In par-
ticular, S?2Drug outperforms recent retrieval-based meth-
ods including DrugCLIP and DrugHash by a large margin
(e.g., 13.01 and 8.73 points on AUROC, respectively), even
though these methods also employ the contrastive represen-
tation learning. This demonstrates that our two-stage repre-
sentation learning framework-designed to bridge protein se-
quence and 3D structure-can indeed improve VS accuracy.

Evaluation on Homology Exclusion Scenarios To assess
the S?Drug’s generalization ability, we conduct the experi-
ments by varying the identity cutoffs between testing tar-
gets and training data in DUD-E. We set the identify cutoff
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Figure 2: Virtual screening experiments on homology exclu-
sion scenarios to evaluate method generalizability.

as 90%, 60%, 30% and HMM, respectively, where the se-
quence identity decreases progressively. According to the
results shown in Figure 2, we may notice that no matter
under any homology exclusion threshold, S?Drug can al-
ways achieve much higher virtual screening accuracy over
DrugCLIP. This validates that S2Drug indeed exhibits strong
generalizability even under HMM scenario which enforces
strict remote homology exclusion. Moreover, we observe
that under 90% and 60% identity cutoff settings, S? still
outperforms the performance of DrugHash and DrugCLIP
obtained under the no exclusion setting. This evidence sug-
gests our method significantly reduces the dependency on
high train-test distribution similarity. This advantage can be
attributed to the bilateral data sampling strategy used during
the pretraining, which effectively mitigates bias and overfit-
ting by filtering out redundant proteins and noisy ligands.
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Figure 3: The hyperparameter robustness analysis for bal-
ancing coefficient A and temperature parameter 7.



| DUD-E | LIT-PCBA

| AUROC | BEDROC | EF%5% | EF'” | EF®® | AUROC | BEDROC | EF’*% | EF'% | EF°%
-BDS | 88.73 73.91 50.83 | 3842 | 16.54 | 56.12 7.21 10.06 | 6.41 | 2.66
- SSF 87.92 69.85 | 47.14 | 3539 | 15.12 | 55.03 6.88 973 | 6.15 | 251
-BSP | 89.58 75.60 | 52.93 | 39.27 | 17.36 | 56.47 7.56 1049 | 6.85 | 2.73
S?Drug | 92.46% | 79.25% | 58.37*% | 43.06*% | 18.82% | 58.23* | 8.69% | 11.44% | 7.38* | 2.97*

Table 3: Ablation studies on both DUD-E and LIT-PCBA datasets. The BDS, SSF, and BSP indicate bilateral data sampling,
sequence-structure fusion module, and auxiliary binding site prediction task, respectively. The bold indicates the best result.

| P2Rank | VN-EGNN | DiffDock | VN-EGNNrank | S?Drug

FlScore | 42.63 | 4725 | 5291 48.84 51.66
HOLO4K pr_aUC | 3620 ‘ 4117 ‘ 47.52 ‘ 44551 ‘ 16.97
FlScore | 3914 | 4080 | 4225 4391 4732+
COACH20 proauUC | 3476 ‘ 35.95 ‘ 38.58 ‘ 39.81 ‘42.62*
D FlScore | 3367 | 3893 | 4060 42,18 48.79%
PR-AUC | 2958 | 3281 3441 37.44 43.96*

Table 4: Binding site prediction performance comparison of different methods across three datasets. Bold denotes the best.

Hyperparameter Robustness Analysis To investigate
whether the performance of S2Drug is robust to hyperpa-
rameter settings, we vary the values of the balancing coeffi-
cient X in the combined training objective during finetuning
stage (Eq. 15) and the temperature parameter 7 in the con-
trastive learning objectives (Eq. 8 and 14). The experiment
results have provided in the curves of Figure 3. From the
table, we can first find the virtual screening accuracy is rel-
atively robust, especially within the area around the default
hyperparameter setting (A = 0.50, 7 = 0.1). For A, when its
value is set higher than 1.0, this auxiliary binding site pre-
diction task will introduce the optimization conflict and dis-
tract model learning away from the primary virtual screen-
ing task, leading to underfitting. As for extreme settings of
7, overly low or high values may lead to over-sharpening
and over-smoothing issues for learning, respectively.

Ablation Studies To explore the contribution of each pro-
posed technique to the final virtual screening performance,
we conduct experiments by individually removing the bi-
lateral data sampling, the sequence-structure fusion mod-
ule (only finetuning protein sequence encoder on PDBBind
data), and the auxiliary binding site prediction task from the
overall training framework, respectively. As shown in Ta-
ble 3, the removal of any of these modules leads to a signif-
icant performance drop across all evaluation metrics. This
means each of such three parts brings the positive contri-
bution to the overall framework effectiveness. Notably, the
lack of sequence-structural fusion module will result in 9.40
and 1.81 points BEDROC decrease on DUDE-E and LIT-
PCBA, respectively, highlighting the importance of bridging
sequence and structural information for virtual screening.

Auxiliary Binding Site Prediction Performance To vali-
date that our S2Drug framework benefits both virtual screen-
ing and binding site prediction tasks simultaneously, we em-
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pirically compare it against several representative binding
site prediction baselines. According to the results in Table 4,
we can observe that S2Drug achieves the highest accuracy
on 2 out of 3 benchmarks-COACH240 and ASD-showing
clear superiority over the strongest baseline. This also val-
idates the central hypothesis of our framework: the bind-
ing site prediction task and virtual screening task enhance
each other. Binding site information provides useful struc-
tural priors for virtual screening, and vice versa. On the eval-
uation dataset HOLO4K, although SQDrug ranks the second,
it still achieves a competitive performance with a 51.66%
F1 Score and 46.97% PR-AUC, which are closed enough to
the baseline DiffDock. This narrow gap can be attributed to
DiffDock’s diffusion-based generative nature, which excels
at handling symmetric complexes (common in HOLO4K)
by sampling multi-modal pose distributions and mitigating
geometric redundancy from symmetric units; these proper-
ties ultimately contribute to its stronger results.

Conclusions and Future Works

In this paper, we propose S2Drug, a two-stage contrastive
representation learning framework that explicitly bridges
protein sequence and 3D structural information to enhance
virtual screening. Our approach pretrains a sequence en-
coder on large-scale protein—ligand data with bilateral sam-
pling to reduce noise, and fine-tunes by fusing sequence
and 3D pocket representations with an auxiliary binding site
prediction task for improved spatial specificity. Extensive
experiments across diverse benchmarks demonstrate that
S2Drug consistently outperforms baselines on VS accuracy.
Additionally, our model achieves accurate binding site lo-
calization, validating the complementarity between the two
tasks. Future work will explore the integration of protein sur-
face and solvent features to enhance VS accuracy.
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