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ABSTRACT

Virtual screening (VS) has become an indispensable component of early drug dis-
covery, aiming to identify potential ligands for a given protein target. While CLIP-
style methods (e.g., DrugCLIP) have emerged as a powerful solution by enabling
efficient active compound retrieval through drug-target representation alignment,
current models face two fundamental challenges: (1) the scarcity of true bind-
ing data for training limits coverage of diverse binding modes, and (2) the use
of trivial negatives (molecules binding to other pockets) leads to a significant
train-test domain gap. To address these challenges, we introduce GenDrugCLIP, a
novel generation-augmented framework that repositions structure-based drug de-
sign (SBDD) models as controllable data engines. GenDrugCLIP implements a
Generate-Filter-Score-Select pipeline to construct target-aware pseudo positives
and hard negatives for triplet contrastive learning. Our approach not only expands
the chemical space but also prevents the model from relying solely on trivial neg-
atives. Extensive experiments on three benchmarks demonstrate that GenDrug-
CLIP achieves state-of-the-art performance, outperforming DrugCLIP by +7.66%
in BEDROC and +7.45 in EF0.5% on the DUD-E benchmark. Our work highlights
the untapped potential of SBDD models as powerful data engines for representa-
tion learning, opening a new paradigm for data-efficient drug discovery.

1 INTRODUCTION

Virtual screening (VS) is a fundamental component of early drug discovery, aiming to identify po-
tential candidate compounds from vast chemical libraries for a specific protein target (Lionta et al.,
2014). Traditional VS methods (Friesner et al., 2004; Trott & Olson, 2010) rely on molecular dock-
ing, which uses physical force fields to predict the binding conformation and assess the binding
affinity between a molecule and its target. However, these methods require extensive conformations
sampling and scoring, making them difficult to scale to billion-compound libraries.

Deep learning has revolutionized VS by enabling end-to-end prediction of protein-ligand interac-
tions. Among existing approaches, supervised methods, such as deep neural networks for binding
pose prediction and affinity regression, have achieved strong performance by learning from 3D struc-
tural complexes or experimental affinity measurements (e.g., IC50, Ki) (Öztürk et al., 2018; Yan et al.,
2023). However, such supervision is scarce and costly to obtain, with public DTI datasets containing
only tens of thousands of high-quality entries, leading to poor generalization (Yan et al., 2023). Re-
cent work has shifted toward self-supervised paradigms. DrugCLIP (Gao et al., 2023b) reframes VS
as a dense retrieval task. DrugCLIP uses a contrastive objective to align ligands with targets without
relying on explicit binding affinity labels. This eliminates the need for costly annotations and en-
ables efficient billion-scale screening through conformation-free inference via embedding similarity
search, achieving strong performance with reduced computational cost.

Despite its promise, training CLIP-style models in drug discovery still faces two key challenges: (1)
True ligands remain sparse. Although no carefully curated binding affinity labels are required, each
target has only a handful of known ligands. This scarcity limits the model’s exposure to diverse
binding modes and generalizable interaction patterns (Gao et al., 2023a). (2) Negative sample con-
struction is overly simplistic. In standard in-batch negative sampling strategy (Radford et al., 2021)
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Figure 1: DrugCLIP uses standard CLIP-style contrastive learning to pull True Ligand closer
and push Trivial Negatives apart from the pocket. GenDrugCLIP augments this pipeline with
pocket-conditioned generated Pseudo Positives and Hard Negatives to expand chemical space cov-
erage and construct hard contrast.

used in DrugCLIP training, for a given pocket, all ligands paired with other pockets in the same batch
are treated as negative samples. However, these ligands are often chemically and structurally distinct
to the true binders of the query pocket, making them ”trivial negatives” that are easily distinguish-
able from positives. As illustrated in Figure 1, the contrastive learning process for a ligand-pocket
pair includes one true ligand, and the negatives are molecules binding to other pockets with very
different chemical sizes and structures. Prior research (Robinson et al., 2021; Huynh et al., 2022)
have shown that using this kind of easy-to-distinguish negatives in contrastive learning can lead to
”shortcut learning”, where models rely on coarse-grained statistical differences rather than learning
complex patterns, thus compromising performance.

In real-world VS, a model must not only identify novel and bindable molecules but also exclude
those that are similar to known ligands yet fail to bind due to subtle conformational or chemical
differences. The scarcity of these two critical sample types during training results in a significant
train-test domain gap, which severely constrains the model’s generalizability (Shen et al., 2025). A
conventional approach to address this limitation is to augment the training data by perturbing known
ligands. However, the perturbation process is target-agnostic. The resulting variants are often
mere modifications of known ligands and may disrupt key binding interactions, rendering these
augmented positives neither novel nor structurally valid. Concurrently, the undirected nature of
such perturbations makes it difficult to precisely generate hard negatives that are similar to positive
samples but exhibit hardly binding. Thus, there is an urgent need for a mechanism capable of
constructing target-aware molecules to augment the training data.

We hypothesize that structure-based drug design (SBDD) models offer a promising solution. These
models generate molecules conditioned on the protein binding pocket, demonstrating a unique po-
tential to explore the target-specific chemical space (Tang et al., 2024). Although molecules gen-
erated by SBDD models may exhibit poor drug-likeness or low synthetic accessibility, which limits
their direct use in drug design (Parrot et al., 2023; Schneuing et al., 2024), their generation process
holds a crucial advantage: The generated molecules are intrinsically focused on the potential binding
regions of the target, forming a curated set of novel, target-aware chemical compounds.

This insight leads us to reposition SBDD models as target-aware data engines for representation
learning. We propose GenDrug, a Generate-Filter-Score-Select pipeline. GenDrug leverages SBDD
model to produce pocket-conditioned molecules, followed by drug-likeness filtering and compatibil-
ity scoring to construct two crucial types of samples: (1) Pseudo Positives: High-scored molecules
used to alleviate the issue of sparse true positives, (2) Hard Negatives: Molecules with low scores
used to create challenging negative pairs.

Building on GenDrug, we introduce GenDrugCLIP, a contrastive learning framework that inte-
grates generated samples into a triplet-based training set and performs hard negative mining. We
employ a triplet contrastive loss (Patel et al., 2024) that draws strong binding molecules closer to its
target while pushing away hardly binding decoys in shared embedding space. Figure 1 illustrates
how GenDrugCLIP integrates pseudo positives and hard negatives into contrastive learning training
process.
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Our main contributions are summarized as follows:

1. We introduce GenDrugCLIP, a novel generation-augmented framework for contrastive
drug-target representation learning. GenDrugCLIP leverages target-aware pseudo posi-
tives and hard negatives generated by GenDrug within a triplet-based contrastive learning
objective to mitigate the sparsity of positives and overly simplistic negative construction.

2. Extensive experimental results show that GenDrugCLIP achieves state-of-the-art perfor-
mance with significant improvements across three external test sets. Notably, it demon-
strates +7.66% improvement in BEDROC and +7.45 in EF0.5% on the DUD-E benchmark
compared to DrugCLIP.

3. We demonstrate a new role for generative models in biomolecular representation learning:
beyond generating candidates for synthesis, they can serve as data construction tools that
characterize the binding-competent chemical space. This shifts the paradigm from viewing
generation as an end goal to a means of scalable data augmentation, which is particularly
valuable for understudied proteins in data-scarce regimes.

2 METHOD

Given a protein pocket p and a set of candidate molecules M = {m1, . . . ,ma}, virtual screening
aims to rank these molecules by their predicted probability of binding to p. We introduce GenDrug-
CLIP, a generation-augmented contrastive framework for drug-target representation learning. Gen-
DrugCLIP optimizes a triplet contrastive loss on the training set expanded with GenDrug-generated
molecules. The overall workflow is depicted in Figure 2 and detailed in the following subsections.

Section 2.1 briefly reviews the contrastive learning framework employed by DrugCLIP (Gao et al.,
2023b) for completeness. We then introduce GenDrug, a target-aware generative data augmentation
pipeline designed to produce pseudo positive and hard negative samples (Section 2.2). Finally,
we present GenDrugCLIP, a novel contrastive learning framework that integrates these generated
samples into the training pipeline to improve model robustness and generalization (Section 2.3).

2.1 CONTRASTIVE LEARNING-BASED DRUGCLIP

DrugCLIP formulates virtual screening as a cross-modal retrieval task, leveraging contrastive learn-
ing to align representations of protein pockets and ligand without relying on expensive binding
affinity labels or pose optimization. Formally, let P and M denote the input spaces of pockets and
molecules from training dataset PDBBind (Wang et al., 2005). DrugCLIP employs a dual-tower
architecture with two modality-specific encoders fP : P → Rd and fM : M → Rd from Uni-
Mol (Zhou et al., 2023) to map pocket p ∈ P and molecule m ∈ M into a d-dimensional shared
embedding space:

zp = fP(p), zm = fM(m). (1)

The similarity between them is measured using cosine similarity:

s(p,m) =
zTp zm

||zp|| · ||zm||
. (2)

The model is trained using a bidirectional InfoNCE loss:

LP = − 1

N

N∑
i=1

log
exp (s(pi,mi)/τ)∑
j exp (s(pi,mj)/τ)

, (3)

LM = − 1

N

N∑
i=1

log
exp (s(pi,mi)/τ)∑
j exp (s(pj ,mi)/τ)

, (4)

L =
1

2
(LP + LM), (5)

where τ is the trainable temperature parameter and N is the batch size. For each pair (pi,mi), all
other molecules mj and pockets pj in the same batch are used as negative samples. To improve
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Figure 2: Illustration of GenDrugCLIP. Left: overall workflow and pocket-molecule embedding sim-
ilarity matrix showing how GenDrug constructs (blue path) and supplies pseudo positives (green)
and hard negatives (red). These generated samples are integrated into GenDrugCLIP training to
optimize the model with a triplet loss. Right: four detailed steps of the Generate-Filter-Score-
Select GenDrug workflow. It generates pocket-conditioned molecules, filters for drug-likeness,
scores compatibility using physical affinity (SV ) or semantic similarity (SD), and selects pseudo
positives and hard negatives by hierarchical sampling.

robustness to structural variations in protein pockets, DrugCLIP introduces HomoAug, a biology-
inspired augmentation strategy that derives pocket variants from homologous proteins. For each
pocket pi ∈ P , three structurally similar variants {p1i , p2i , p3i } are paired with the original ligand mi,
expanding the pocket space to Paug and the number of pairs. In training, these four samples are
treated equally. We denote the whole augmented training set as Dori. To ensure a fair comparison
and maintain consistency with the original methods, we regard Dori as the foundation for subsequent
data supplementation and triplet construction in our framework.

2.2 GENDRUG: GENERATION-BASED DRUG DATA AUGMENTATION

To enrich the training data with high-quality, target-aware ligands, we propose GenDrug, a target-
aware generative data augmentation pipeline. As illustrated in Figure 2 (right), GenDrug follows
a four-stage Generate-Filter-Score-Select pipeline to construct samples. This pipeline enables the
controlled generation of chemically valid and biologically relevant molecules and extends the data
distribution beyond naturally observed binders. This pipeline is then integrated into GenDrugCLIP
through blue path in Figure 2 (left). We detail each stage below.

Step 1. Generating Molecule Candidates: To generate structurally plausible molecules condi-
tioned on target protein pockets, we adopt MolCRAFT (Qu et al., 2024), a structure-based drug
design (SBDD) model based on Bayesian Flow Networks (BFNs), which generates molecules in a
continuous latent space while preserving SE(3) equivariance. MolCRAFT is able to generate 3D
ligand structures that adhere to the geometric constraints of the binding pocket, thereby minimizing
conformational distortions and steric clashes. As a result, the generated molecules exhibit enhanced
structural stability and biologically plausible binding modes. For each pocket in Dori, we generate
100 molecular candidates. On a single NVIDIA RTX 4090 GPU, this process takes approximately
120 seconds per pocket—over 30× faster than traditional diffusion-based models. This high through-
put enables large-scale data augmentation.

Step 2. Filtering for Drug-Likeness: While SBDD models generate structurally feasible molecules
for each pocket, some candidates may exhibit poor pharmaceutical properties. Including such
molecules in training could introduce noise and degrade model performance. To ensure chemi-
cal validity and drug-likeness, we apply a filtering step based on four commonly used criteria: QED
(Quantitative Estimate of Drug-likeness), SA (Synthetic Accessibility), LogP (Partition coefficient)
and Lipinski’s Rule of Five. In this work, we adopt moderate thresholds in these metrics. Only
molecules satisfying all four criteria are retained for subsequent stages. This filtering step improves
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the chemical validity and pharmaceutical relevance of the generated set, ensuring that the augmented
data resides within realistic drug-like chemical space. We further discuss the impact of filter strate-
gies in Appendix D.

Step 3. Scoring Fitness: After filtering, we independently evaluate the compatibility between each
candidate molecule m and its target pocket p using two orthogonal scoring functions: a learned
similarity score SD and a physics-based binding affinity score SV , providing two perspectives on
molecular. We describe the two scores below:

The learned score SD(p,m) is derived from the original DrugCLIP model. It measures the cosine

similarity between the embeddings of the pocket and molecule: SD(p,m) =
zT
p zm

||zp||·||zm|| . This
score reflects how closely the molecule aligns with the target pocket in the shared semantic space,
capturing high-level structural and functional patterns associated with binding.

The physics-based score SV (p,m) is calculated using AutoDock Vina (Trott & Olson, 2010):
SV (p,m) = V inaScore(p,m). SV estimates binding affinity through conformational search and
empirical scoring functions based on molecular mechanics. Lower SV indicates stronger binding.
SV evaluates the physical plausibility of interactions under geometric and energetic constraints.

Step 4. Selecting Strategy: Building on scoring outputs, we design a hierarchical sampling strategy
to construct two types of high-quality training samples for contrastive learning: pseudo positives and
hard negatives. Here, SD and SV are used independently to guide the sampling process. We next
describe the selection criteria for each type of samples.

Pseudo Positives: We define the pseudo positive set M+
i for each pocket pi. For SD, we select the

top-K molecules with the highest SD. For SV , we include all molecules with SV < θpos.

Hard Negatives: We define the hard negatives set M−
i for each pocket pi. We collect candidates

with significantly worse scores (i.e., low rank in SD or SV > θneg) than those in M+
i to form the

hard negative set M−
i . Crucially, to avoid including ambiguous samples due to scoring inaccura-

cies, we introduce a gap zone which is an intermediate score margin that excludes molecules with
moderate SD or SV values. This ensures that selected negatives are confidently hardly-binding and
reduces noise from scoring model uncertainty.

2.3 GENDRUGCLIP

We propose GenDrugCLIP, a contrastive learning framework that leverages specially generated
samples from GenDrug to improve representation learning. GenDrugCLIP’s key ideas are: (1)
supplementing pairs with pseudo positives to mitigate data sparsity, and (2) constructing challenging
triplets with hard negatives to augment contrastive learning.

Let Dori = {(pi,mi)}ni=1 denote the original training set, where each (pi,mi) represents a known
or homology-augmented protein–ligand pair. For each pocket pi, we obtain two curated sets M+

i

and M−
i from GenDrug. We sample from these sets to enrich training dataset through the following

two steps.

Pair Enrichment with Pseudo Positives: For each pocket pi ∈ P , we sample l molecules from
M+

i to form augmented positive pairs. This yields an extra positive pair set:

Dpos = {(pi,m+
i,j) | pi ∈ P,m+

i,j ∈ M+
i , j = 1. . . l}, (6)

which is then merged with the original data to form the mixed dataset:

Dmix = Dori ∪ Dpos. (7)

We vary l to systematically evaluate the effect of mixing ratio in ablation study. In subsequent sec-
tions, both experimentally verified binders and pseudo positives are treated equally as valid positive
samples and denoted collectively as m(+).

Triplet Construction with Hard Negatives: We continue to construct triplet-based dataset based
on Dmix. For each pair (pi,m

(+)
i ) in Dmix, we sample a corresponding hard negative molecule m−

i

5
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Table 1: Results on DUD-E in zero-shot setting. Bold indicates the best performance, underline
denotes the second best.

Method AUROC(%) BEDROC(%) EF0.5% EF1% EF 5%

DeepDock* 63.76 14.80 5.14 4.85 3.73
pafnucy 63.11 16.50 4.24 3.86 3.76

dltlaVinaRF 69.70 21.30 9.52 8.00 4.38
NNscore2.0 68.30 12.20 4.16 4.02 3.12

Kdeep* 66.06 20.10 9.25 7.79 3.91
PIGNET* 67.36 19.90 7.90 6.72 3.88
3D-GNN* 58.66 15.10 4.91 4.32 3.02

RTMScore* 65.84 29.50 10.60 9.32 5.31
Glide SP 76.70 40.70 19.39 16.18 7.23

EquiScore 77.57 43.23 20.94 17.67 7.82
DrugCLIP 78.68 37.76 28.18 23.48 8.73

GenDrugCLIPDC 77.80 43.60 34.99 28.07 9.38
GenDrugCLIPVina 78.11 45.42 35.63 29.24 9.79

from M−
i to construct a triplet (pi,m

(+)
i ,m−

i ). This results in a triplet-based training set:

Dtri = {(pi,m(+)
i ,m−

i ) | (pi,m
(+)
i ) ∈ Dmix,m

−
i ∈ M−

i }. (8)

Training Objective: To effectively leverage Dtri, we extend the contrastive objective of Drug-
CLIP. As illustrated in Figure 2 (left), each training batch samples N triplets {(pi,m(+)

i ,m−
i )}Ni=1.

The protein and molecule encoders fP and fM map each entity to its embedding: (p̃i, m̃
(+)
i , m̃−

i ).
We then construct an extended molecule representation list by concatenating 2N molecule embed-
dings: M̃2N = [m̃

(+)
1 , . . . , m̃

(+)
N , m̃−

1 , ..., m̃
−
N ] ∈ R2N×d and a pocket representation list P̃N =

[p̃1, . . . , p̃N ] ∈ RN×d. The extended similarity matrix is computed as: S = P̃N · M̃T
2N ∈ RN×2N ,

where each row contains the cosine similarities between a pocket and 2N molecules in the embed-
ding space.

We adopt a modified contrastive loss Ltri. The denominator for the pocket-to-molecule direction
loss LP

tri includes all positive and hard negative molecules and increases the difficulty of positive
identification. We do not compute the symmetric molecule-to-pocket loss for hard negatives, as they
have no true matching pockets:

LP
tri = − 1

N

N∑
i=1

log
exp (s(pi,m

(+)
i )/τ)∑

j exp (s(pi,m
(+)
j )/τ) +

∑
j exp (s(pi,m

−
j )/τ)

, (9)

LM = − 1

N

N∑
i=1

log
exp (s(pi,m

(+)
i )/τ)∑

j exp (s(pj ,m
(+)
i )/τ)

, (10)

Ltri =
1

2
(LP

tri + LM). (11)

3 EXPERIMENTS

3.1 EXPERIMENTAL SETUP

Training Dataset. The original training data is primarily sourced from PDBBind (Wang et al.,
2005). However, this dataset exhibits “hard overlap” or “soft overlap” that certain protein targets
and their corresponding ground-truth ligands either appear directly in both train and test sets, or
are highly similar across splits. Solely deduplicating by PDB ID risks data leakage, leading to an
overestimation of model performance (Roy et al., 2015; Sieg et al., 2019; Su et al., 2020). To ensure
rigorous evaluation, we follow EquiScore’s (Cao et al., 2024) deduplication strategy: exclude all
proteins in the training set that share the same UniProt ID with any target in DUD-E (Mysinger
et al., 2012) or DEKOIS 2.0 (Bauer et al., 2013). This eliminates the possibility of hard overlap
and mitigates soft overlap. Appendix C provides a detailed analysis of overlap across datasets and
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Table 2: Results on DEKOIS 2.0.
Method AUROC(%) BEDROC(%) EF0.5% EF1% EF 5%

DeepDock* 62.42 11.77 4.46 3.38 2.87
pafnucy 60.60 9.10 2.79 2.58 2.14

dltlaVinaRF 63.00 15.80 5.41 4.47 2.87
NNscore2.0 64.60 11.60 3.10 3.25 2.58

Kdeep* 56.96 6.80 2.33 1.95 1.82
PIGNET* 65.20 18.92 6.20 5.34 3.78
3D-GNN* 67.20 23.77 9.34 7.41 4.77

RTMScore* 67.60 35.25 12.92 12.12 4.99
Glide SP 74.20 37.80 13.63 12.10 6.26

EquiScore 82.09 46.03 19.10 16.83 8.27
DrugCLIP 78.54 41.22 15.08 14.06 7.87

GenDrugCLIPDC 77.02 49.12 19.40 17.59 8.59
GenDrugCLIPVina 76.31 47.08 18.53 16.77 8.38

discusses its impact on generalization assessment. As a result, the number of pairs in our Dori

decreased by 20% compared to DrugCLIP. For each remaining pocket, we employ GenDrug (Section
2.2) and GenDrugCLIP (Section 2.3) to construct the final training dataset Dtri.

Baselines. To evaluate the performance of our method, we assess the zero-shot performance of
GenDrugCLIPDC (GenDrugCLIP with SD) and GenDrugCLIPVina(GenDrugCLIP with SV ) on 3 vir-
tual screen benchmarks: DUD-E (Mysinger et al., 2012), DEKOIS 2.0 (Bauer et al., 2013) and LIT-
PCBA(Tran-Nguyen et al., 2020). We adopt eleven baseline methods: DeepDock (Méndez-Lucio
et al., 2021), pafnucy (Stepniewska-Dziubinska et al., 2018), dltlaVinaRF (Stepniewska-Dziubinska
et al., 2018), NNScore 2.0 (Durrant & McCammon, 2011), Kdeep (Jiménez et al., 2018), PIGNET
(Moon et al., 2022), 3D-GNN (Moon et al., 2022), RTMScore (Shen et al., 2022), Glide SP (Friesner
et al., 2004), EquiScore (Cao et al., 2024), DrugCLIP (Gao et al., 2023b). Among them, pafnucy,
dltlaVinaRF, NNScore 2.0, Glide SP, EquiScore and DrugCLIP are evaluated under the same dedu-
plication protocol as our model. For the remaining baselines, hard overlap exists between their
training and test datasets. We report the results of test targets that do not appear in training set for
these methods. These adjusted results are marked with asterisks (∗) next to their model names.

3.2 EVALUATION ON VIRTUAL SCREENING BENCHMARKS

DUD-E Benchmark (Mysinger et al., 2012): DUD-E (Directory of Useful Decoys, Enhanced)
benchmark is a well-established dataset for evaluating virtual screening methods. It includes 102
protein targets and a total of 22,886 known active compounds, averaging 224 actives per target. For
each active molecule, the dataset provides 50 carefully selected decoy molecules that share similar
physicochemical properties but dissimilar in 2D topologies.

As shown in Table 1, the results clearly demonstrate that our method outperforms other paradigms.
GenDrugCLIPVina achieves state-of-the-art with average BEDROC of 45.42%, outperforming Eq-
uiScore and DrugCLIP by +2.19% and +7.66%. On all early enrichment metrics, GenDrug-
CLIP achieves substantial improvements over both its base model DrugCLIP and EquiScore. No-
tably, DrugCLIP already demonstrates strong performance. GenDrugCLIPVina further pushes the
limit, surpassing EquiScore by +14.69 in EF0.5%. This highlights that our method significantly
enhances the model’s generalization performance on unseen targets. Our results also show that
GenDrugCLIPDC achieves competitive results with over 10000× speedup in scoring process. This
trade-off suggests that DrugCLIP score is a promising surrogate for fast screening, especially in
large-scale training scenarios, while vina score remains valuable for final validation or small-scale,
high-precision scoring.

DEKOIS 2.0 Benchmark (Bauer et al., 2013): DEKOIS 2.0 (Demanding Evaluation Kits for Ob-
jective In Silico Screening) is a widely used benchmark dataset for evaluating structure-based virtual
screening methods. It comprises 81 protein targets across diverse families, with an average of ap-
proximately 128 active molecules per target.
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Table 3: Results on LIT-PCBA.
Method AUROC(%) BEDROC(%) EF0.5% EF1% EF 5%

DrugCLIP 54.93 3.78 3.43 2.96 1.69

GenDrugCLIPDC 56.71 5.03 5.64 3.98 2.19
GenDrugCLIPVina 56.83 5.51 6.61 5.02 2.10

As shown in Table 2, GenDrugCLIPDC demonstrates consistent improvements over the base model
DrugCLIP and achieves state-of-the-art performance. Notably, our method surpasses the current
state-of-the-art EquiScore on BEDROC and all early enrichment metrics, which emphasize the pri-
oritization of true actives in the very top ranks. This capability is critical for practical virtual screen-
ing. In metrics such as EF0.5% and EF1%, GenDrugCLIPVina performs on par with EquiScore, with
negligible differences across targets. The results indicate that our method significantly enhances
the model’s sensitivity to high-value, hard-to-distinguish binders, making GenDrugCLIP a more
effective solution for early-stage hit identification than its predecessor.

LIT-PCBA Benchmark (Tran-Nguyen et al., 2020): LIT-PCBA (Large-scale Interaction and Toxic-
ity Prediction for Chemical Bioactivity Assays) comprises 15 protein targets 7844 active molecules
and 407,381 unique inactive molecules. Crucially, LIT-PCBA is considered a more challenging
benchmark than DUD-E or DEKOIS 2.0 due to its significantly higher proportion of non-binders,
making the identification of true actives a more difficult task and providing a more rigorous test of a
model’s screening power.

In Table 3, we compare GenDrugCLIP with DrugCLIP under the same deduplication protocol to
ensure a fair and stringent evaluation. GenDrugCLIPVina demonstrates consistent performance gains
across all evaluation metrics, with a notable improvement in the of +1.73%, +3.18 on BEDROC and
EF0.5%. This trend is also observed in GenDrugCLIPDC, indicating the robustness of the proposed
approach.

We observed that the baseline DrugCLIP model exhibits varying performance across different
datasets, specifically in terms of BEDROC scores: DEKOIS 2.0 > DUDE > LIT-PCBA. This
indicates that DrugCLIP’s intrinsic ability to discriminate between active and inactive molecules,
and thus the reliability of its similarity scores, is highly context-dependent. In contrast, AutoDock
Vina, as a general-purpose affinity estimation function, tends to offer a more robust and univer-
sally applicable measure of binding affinity across a wider range of chemical spaces and targets.
Our results suggest that when the baseline DrugCLIP model demonstrates high performance on a
dataset, leveraging its internal similarity metric for pseudo-label generation can further enhance per-
formance. However, on datasets where DrugCLIP’s performance is relatively low, using the more
general and robust affinity estimator, Vina, is preferable. This understanding is crucial for selecting
the appropriate affinity proxy function to optimize performance in specific drug discovery contexts.

3.3 ABLATION STUDY

SBDD Model: We conduct ablation studies on DUD-E benchmark by replacing the SBDD model
with Targetdiff (Guan et al., 2023). We set up three distinct experiments. Targetdiff(pos-only):
generate only positive samples using Targetdiff. Targetdiff(pos&neg): consistent with main model’s
setup but with a different SBDD model. MC (pos) & TD (neg): molecules generated by MolCRAFT
are used as positive samples, while those generated by Targetdiff serve as negative samples.

By comparing the results of Targetdiff(pos&neg) and DrugCLIP, we can see that GenDrugCLIP
pipeline still yield comparable improvements over baseline when utilizing the SBDD model Target-
Diff. This result demonstrates the generalizability of our pipeline. Since the quality of molecules
generated by TargetDiff is slightly weaker than that of MolCRAFT, the model’s performance gain
from positive samples is lower (Targetdiff(pos-only)). Intriguingly, the experiment MC(pos) &
TD(neg) achieves results comparable to our main findings. This suggests that sampling negative
examples from slightly weaker generators is also a viable strategy. By comparing the results of
Targetdiff(pos&neg) and GenDrugCLIPVina, we can see that sample pseudo positives from stronger
model improve overall performance, which implies more performance gain with stronger SBDD
model in the future.
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Table 4: Ablation Study on Various Aspects.”w/o” indicates the removal of the respective component
compared to GenDrugCLIPVina.

Ablation aspects Method AUROC(%) BEDROC(%) EF0.5% EF1% EF 5%

- DrugCLIP 78.68 37.76 28.18 23.48 8.73
GenDrugCLIPVina 78.11 45.42 35.63 29.24 9.79

SBDD Model
Targetdiff(pos-only) 75.69 38.68 30.67 24.38 8.57
Targetdiff(pos&neg) 77.88 42.73 33.69 27.39 9.30
MC(pos) & TD(neg) 77.73 45.27 36.23 28.93 9.73

Filter No Filtering 78.35 43.88 33.98 27.93 9.60
Loose Filtering 78.53 43.82 34.39 28.26 9.53

Mixing Ratio
w/o mixing 77.24 39.89 32.04 25.31 8.70
real:gen=4:1 78.48 44.69 34.76 28.64 9.72
real:gen=4:4 78.03 42.98 33.88 27.40 9.32

Negative Strategy
w/o Neg 76.12 38.74 30.66 24.01 8.61
DC+Neg 77.24 39.89 32.04 25.31 8.70

with trivial Neg 78.55 39.02 30.04 24.89 8.83

Filter: To investigate the impact of the ’Filter’ stage, we conducted additional ablation experiments
on DUD-E benchmark. These included scenarios where the filtering step was entirely removed (’No
Filtering’) and where a loose Vina score filtering criterion was applied (allowing approximately 90%
of GT molecules to pass, termed ’Loose Filtering’).

Our findings indicate that both ’No Filtering’ and ’Loose Filtering’ exhibited slightly weaker perfor-
mance compared to the full pipeline in term of BEDROC and EF, which are important metrics for
virtual screening. Nevertheless, they still significantly outperformed the baseline DrugCLIP model.
This demonstrates that even with imperfect or less curated filtering criteria, the performance ad-
vantage of our method remains substantial, highlighting the robustness of our overall pipeline with
respect to the specific filtering choices.

Mixing Ratio: We conduct an ablation study on the mixing ratio to investigate the impact of posi-
tive supplement strategy. The ratio effectively modulates how much the model relies on the enriched
chemical space provided by generated molecules. In DrugCLIP, pockets are augmented with Ho-
moAug, resulting in 4 entries for each pocket. We evaluate different levels of GenDrug-generated
sample mixing ratio, specifically, w/o mixing(4:0), ratios of 4:1 and 4:4 (real:generated). Our results
in Table 4 show that moderate injection (4:2, used in GenDrugCLIPVina) achieves the best perfor-
mance, outperforming both 4:1 and 4:4. This indicates that GenDrug-generated samples provide
valuable chemical diversity and structural novelty that complement the original data, enhancing the
model’s ability to generalize across unseen proteins. However, doubling the generated samples (4:4)
leads to performance degradation, suggesting that excessive reliance on synthetic data may introduce
distributional shift or noise that harms performance. The optimal balance at 4:2 reveals that gener-
ated positives are most effective when used to enrich rather than dominate the training, highlighting
the importance of calibrated data augmentation.

Hard Negative Strategy: To evaluate the impact of our pocket-guided hard negative construction
strategy, we conduct an ablation study on three settings of negative sampling schemes: ”w/o Neg”
(no negative mining), ”DC+Neg” (DrugCLIP with negative mining), and ”with trivial Neg” (replace-
ment with random molecules from ZINC as negatives). The results in Table 4 demonstrate that the
hard negative strategy consistently improves model performance over all metrics, whether applied to
Dori directly (”DC+Neg” > DrugCLIP) or in conjunction with mixing strategy (GenDrugCLIPVina
> ”w/o Neg”). The experiment ”with trivial Neg” also demonstrates the importance of specially
constructing the negatives. This highlights the significant benefit of tailoring target-aware negative
samples to pockets in contrastive learning.

3.4 VISUALIZATION AND INTERPRETABILITY ANALYSIS

We visualize generated samples for the target 5H14 to illustrate the effectiveness of our Generate-
Filter-Score-Select pipeline. As shown in Figure 3a, two generated pseudo positives (PP1, PP2)
and two hard negatives (HN1, HN2) share a similar substructure encapsulated within the binding
pocket, while differing in peripheral regions. Two PPs (PP1: SV = −10.79, PP2: SV = −12.63)
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Figure 3: (a) Visualization of GenDrug-generated samples for the pocket of 5H14. (b) The t-SNE
visualization of feature distributions for the target DPP4 from DUD-E using DrugCLIP and Gen-
DrugCLIP.

exhibit strong docking scores, indicating their potential to enrich the positive chemical space. In
contrast, two HNs (HN1: SV = −4.36, HN2: SV = −3.72) exhibit relatively low docking scores,
making them structurally plausible and thus challenging for the contrastive model to distinguish.
This demonstrates that GenDrug successfully generates and selects structurally diverse, target-aware
compounds which are ideal for improving GenDrugCLIP’s triplet contrastive learning.

We also perform a t-SNE visualization of the learned protein-ligand embedding space on the DPP4
target from DUD-E benchmark. As shown in Figure 3b, active ligands and decoys exhibit a clear
separation in the embedding space, with active molecules clustering more tightly around the rep-
resentation of the corresponding protein pocket. In contrast, embeddings generated by DrugCLIP
show only moderate clustering of active ligands, but with a noticeable deviation from the target
protein’s embedding vector. These results suggest that our method achieves more accurate feature
alignment and more discriminative representation learning in modeling protein-ligand interaction.

To evaluate the effectiveness of our proposed GenDrugCLIP, we embedded all molecules in the test
dataset using both DrugCLIP and GenDrugCLIP. Subsequently, we computed the average similar-
ity scores for Pocket-Active, Pocket-Decoy, and Active-Decoy pairs across all tested targets. For
DrugCLIP, Sim(P,A) = 0.3575, Sim(P,D) = 0.2021, Sim(A,D) = 0.1757. for GenDrugCLIP,
Sim(P,A) = 0.3164, Sim(P,D) = 0.0997, Sim(A,D) = 0.0396. The data demonstrates that
GenDrugCLIP’s architectural strategy optimizes the embedding space. While still achieving a robust
similarity for Pocket-Active pairs, GenDrugCLIP markedly enhances the discrimination of subtly
different decoy molecules. This is achieved by effectively learning to push decoy molecules further
away from the binding pocket representations, thereby reducing the likelihood of false positives.
The Active-Decoy similarity dramatically decreases from 0.1757 (DrugCLIP) to 0.0396 (GenDrug-
CLIP). This significant reductio enhances separability between active compounds and their inactive
decoys. This outcome demonstrates that GenDrugCLIP’s strategy empowers the model to discern
more subtle and fundamental distinctions between true active binders and structurally similar, yet
inactive, decoy molecules.

4 CONCLUSION

We introduce GenDrugCLIP, a novel generation-augmented framework for contrastive drug-target
representation learning. GenDrugCLIP leverages target-aware pseudo positives and hard negatives
generated by GenDrug within a triplet-based contrastive learning objective to mitigate the sparsity of
positives and overly simplistic negative construction. Importantly, our work repositions generative
models not merely as tools for molecular design, but as controllable data engines that actively enrich
the training samples for representation learning. This paradigm shift opens new avenues for efficient
learning in data-scarce settings. We envision that generated samples can be used to provide plausible
positive pairs and informative hard negatives for understudied targets, thereby facilitating candidate
screening under few-shot or zero-shot settings. We believe the integration of generative modeling
and self-supervised representation learning will inspire future work at the intersection of AI drug
discovery and foundation model pretraining.
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Viet-Khoa Tran-Nguyen, Célien Jacquemard, and Didier Rognan. Lit-pcba: an unbiased data set for
machine learning and virtual screening. Journal of chemical information and modeling, 60(9):
4263–4273, 2020.

Oleg Trott and Arthur J Olson. Autodock vina: improving the speed and accuracy of docking with
a new scoring function, efficient optimization, and multithreading. Journal of computational
chemistry, 31(2):455–461, 2010.

Renxiao Wang, Xueliang Fang, Yipin Lu, Chao-Yie Yang, and Shaomeng Wang. The pdbbind
database: methodologies and updates. Journal of medicinal chemistry, 48(12):4111–4119, 2005.

Jiaxian Yan, Zhaofeng Ye, Ziyi Yang, Chengqiang Lu, Shengyu Zhang, Qi Liu, and Jiezhong Qiu.
Multi-task bioassay pre-training for protein-ligand binding affinity prediction. Briefings in Bioin-
formatics, 25(1), 2023.

Xujun Zhang, Odin Zhang, Chao Shen, Wanglin Qu, Shicheng Chen, Hanqun Cao, Yu Kang, Zhe
Wang, Ercheng Wang, Jintu Zhang, et al. Efficient and accurate large library ligand docking with
karmadock. Nature Computational Science, 3(9):789–804, 2023.

Zaixi Zhang and Qi Liu. Learning subpocket prototypes for generalizable structure-based drug
design. In International Conference on Machine Learning, pp. 41382–41398. PMLR, 2023.

Gengmo Zhou, Zhifeng Gao, Qiankun Ding, Hang Zheng, Hongteng Xu, Zhewei Wei, Linfeng
Zhang, and Guolin Ke. Uni-mol: A universal 3d molecular representation learning framework.
2023.

13



702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755

Under review as a conference paper at ICLR 2026

A LLM USAGE STATEMENT

We used a large language model (LLM) during the preparation of this manuscript to assist with
language editing and proofreading. The model was used solely for improving the clarity and read-
ability of the text. It did not contribute to the research design, idea development, data analysis, or
technical content of the paper. All final content and scientific decisions were made and approved by
the human authors.

B RELATED WORK

Virtual Screening: Traditional virtual screening relies on molecular docking tools like Glide (Fries-
ner et al., 2004) and AutoDock (Trott & Olson, 2010), which use physics-based scoring functions
to predict binding poses and affinities. Deep learning has significantly advanced virtual screen-
ing by enabling end-to-end modeling of protein-ligand interactions. Most of these methods train
a deep model in a supervised way to predict the binding affinity between a molecule and a pocket
(Öztürk et al., 2018; Shen et al., 2022; Moon et al., 2022) or calculating binding scores from 3D
protein-ligand complex structures (Zhang et al., 2023; Cai et al., 2024). Recently, DrugCLIP (Gao
et al., 2023b) introduces a contrastive retrieval paradigm, aligning ligand and pocket embeddings for
billion-scale similarity search, shifting the paradigm from scoring to embedding-based screening.

Structure-Based Drug Design: Generative models for SBDD aim to design molecules conditioned
on target pockets. Autoregressive approaches generate atoms sequentially with SE(3) equivariance
(Masuda et al., 2020; Luo et al., 2021), but suffer from high computational cost. Fragment-based
methods improve efficiency (Powers et al., 2022; Zhang & Liu, 2023), yet require post-processing
to correct assembly errors. Non-autoregressive models, particularly diffusion models (Guan et al.,
2023; Schneuing et al., 2024) and Bayesian Flow Networks (BFNs) (Qu et al., 2024) improve sam-
pling efficiency and quality. Some further incorporate affinity or property guidance to steer synthesis
toward viable candidates (Huang et al., 2024).

Table 5: Test results of DrugCLIP under different remove setting
Test Set Method AUROC(%) BEDROC(%) EF0.5% EF1% EF 5%

Lit-PCBA

DrugCLIPdedup 54.93 3.78 3.43 2.96 1.69
Remove Non-leak 59.02 6.79 8.53 5.85 2.46
Remove Globally 58.44 5.70 6.59 4.76 2.07

DrugCLIP 57.17 6.23 8.56 5.51 2.27

DUD-E

DrugCLIPdedup 74.84 32.68 25.19 20.4 7.61
Remove Non-leak 81.28 45.27 34.01 28.48 10.25
Remove Globally 78.53 44.74 35.15 28.54 9.68

DrugCLIP 80.93 50.52 38.07 31.89 10.66

C OVERLAP BETWEEN TRAINING AND TESTING DATA

Similar to Equiscore, we conducted an analysis on overlap between training and testing data in Drug-
CLIP. While the original training and test sets (DrugCLIP is evaluated on DUD-E and LIT-PCBA)
are constructed to avoid exact PDB ID overlap which ensures independence at the level of experi-
mentally resolved structures, further analysis reveals a deeper layer of contamination: approximately
20% of the training samples share the same UniProt ID as proteins in the test set. This indicates that
the training data includes the same (or highly similar sequence variants/homologs) proteins to target
protein present in the test set. Among these overlapping entries, we find that 5% samples contain
ligands identical to active compounds in the test set (based on standardized SMILES), and 28%
samples contain highly similar molecules (Tanimoto similarity > 0.8). This overlap in both target
identity and ligand structure constitutes a significant information leakage, which enables models
to recognize test instances through memorization rather than generalization. Such data overlap is
inconsistent with the assumptions underlying the zero-shot evaluation protocol, which requires that
test targets be entirely novel with respect to the training set. To align the benchmark with this prin-
ciple, we follow EquiScore to apply a systematic decontamination procedure to the original training
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set by excluding all protein-ligand pairs associated with any UniProt ID present in the test set. This
ensures strict separation at the target level.

To isolate the impact of this data leakage, we conduct two controlled ablation studies:

• Randomly removing the same number of non-leaking samples (i.e., those with no UniProt
overlap), and

• Randomly removing an equivalent number of samples globally.

In both cases, we retrain DrugCLIP on the reduced datasets while matching the final training size to
that of the deduplication set. Results in Table 5 show that performance decreases only marginally in
both control settings, indicating that the mere reduction in training data volume has limited effect.
In contrast, after removing all samples with shared UniProt IDs, DrugCLIPdedup model performance
drops significantly by 17.84% and 2.45% in BEDROC on DUD-E and LIT-PCBA, respectively.

This stark contrast demonstrates that overlapping protein–ligand pairs, particularly those involving
shared targets and known active compounds, disproportionately contribute to the model’s perfor-
mance. Their presence introduces a favorable shortcut, enabling models to rely on memorization
rather than learning transferable binding patterns.

D DISCUSSION ON THE IMPACT OF FILTERING

In this work, we apply moderately permissive filtering criteria to eliminate chemically unstable or
synthetically intractable molecules and to reduce the computational burden of downstream Vina
scoring. We apply the following thresholds: QED > 0.4, SA > 0.5, 5 > LogP > 0.4 and no
more than one violation of Lipinski’s Rule of Five. While these filters improve the overall quality of
the generated set and improve the performance slightly (Table 6 ”No Filtering” vs. GenDrugCLIP
DC), we emphasize that they are not strictly necessary for early-stage virtual screening. In real-world
drug discovery pipelines, oral bio-availability and other related properties are often relaxed during
initial hit identification, where the primary goal is to identify hits with binding potential rather than
fully optimized leads. Importantly, our framework reveals that such filtering steps can be repurposed
as design levers to encode inductive biases into the training data. By customizing the filtering rules
and pairing them with strategic negative sampling, one can explicitly shape the model’s sensitivity
to specific molecular properties. For instance, enriching high-SA compounds in the positive set
while pairing them with low-SA negatives would encourage the model to learn a decision boundary
sensitive to synthetic complexity. Similarly, one could promote or suppress other traits—such as
solubility, metabolic stability—by aligning filter design with data construction. This suggests a
broader opportunity: beyond mere data cleaning, filtering criteria can serve as a mechanism for
preference injection in self-supervised or contrastive learning frameworks.

E ADDITIONAL ABLATION STUDY

We further conduct ablation studies under the SD training setting (Table 6), evaluating the same
data composition strategies: varying the mixing ratio of real to generated positives and applying
the pocket-guided hard negative sampling. The results show trends consistent with those observed
in SV , where moderate data enrichment (e.g., 4:2 ratio) and hard negative construction lead to
the best performance. This confirms the robustness and generalizability of our two core strategies
across different training paradigms. Additionally, we evaluate a variant where GenDrug generates
molecules without applying any post-generation filtering, and all samples are directly scored and
selected based on SD . The resulting performance is lower compared to the filtered counterpart,
indicating that quality filtering, although permissive, plays a non-trivial role in maintaining data
integrity and enhancing model learning.

F IMPLEMENTATION DETAILS

We adopt MolCRAFT as the structure-based drug design (SBDD) model, generating 100 molecules
per target binding pocket. For computing SD, we use the trained DrugCLIP model. Pseudo positives
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Table 6: Ablation Study on Various Aspects on SV .
Ablation aspects Method AUROC(%) BEDROC(%) EF0.5% EF1% EF 5%

- DrugCLIP 78.68 37.76 28.18 23.48 8.73
GenDrugCLIPDC 77.80 43.60 34.99 28.07 9.38

Mixing Ratio real:gen=4:1 78.48 44.69 34.76 28.64 9.72
real:gen=4:4 78.03 42.98 33.88 27.40 9.32

Negative Strategy w/o Neg 76.12 38.74 30.66 24.01 8.61
DC+Neg 77.24 39.89 32.04 25.31 8.70

Filtering Strategy No Filtering 77.37 41.06 33.13 26.11 8.91

are select by Top-10 SD and hard negatives by Top 20-40 SD. The SV score is computed directly us-
ing AutoDock Vina (v1.2.2) with default parameters. Pseudo positives and hard negatives are select
by SV < θpos, SV > θneg , respectively. In this work, θpos = −10 and θneg = −8. We use four-
step gradient accumulation to train the model on a single GPU, enabling optimization equivalent to
multi-GPU training using four devices. Inference and scoring are performed on NVIDIA GeForce
RTX 4090 GPUs and Intel Core i9-13900K CPUs. During training, we sample 48 protein–molecule
triplets (or pairs) per batch. All models are trained on NVIDIA RTX A6000 GPUs.
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