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ABSTRACT

Few-shot virtual screening (VS), which aims to identify active molecules for a
target with only a few known ligands, is crucial for accelerating drug discovery
in cases where experimental data are extremely limited. Traditional ligand-based
few-shot learning methods rely on molecular similarity or latent embeddings to
generalize from these limited examples, but they often fail to capture target-ligand
interactions, leading to overlooked active molecules. Here, we present Drug-few,
the first few-shot learning framework designed for strict target-specific VS that ex-
plicitly incorporates binding-relevant information. Drug-few introduces prompt
tokens for rapid target-specific adaptation and incorporates lightweight adapter
modules to refine pocket-ligand representations. These components are combined
in a Gated Prompt Adapter (GPA), where the contribution of prompt tokens is
dynamically modulated by interaction-aware signals. Extensive experiments on
three benchmark datasets show that Drug-few consistently outperforms the zero-
shot baseline, maintaining strong retrieval performance even when the target ac-
tive molecules are dissimilar to the known ligands, demonstrating its ability to
generalize to novel molecules.

1 INTRODUCTION

In drug discovery, virtual screening (VS) aims to prioritize candidate molecules for a given target
from large compound libraries, accelerating the identification of potential bioactive compounds (Pa-
tel et al.l 2021 |Schneider, [2010; [Sadybekov & Katritchl 2023). In certain screening scenarios, a
target may be associated with a few known hit” compounds, which are called ligands (Edwards &
Owen| 2025} [Li et al., [2025; [Zhang et al.| [2025)). How to leverage such limited information to dis-
cover new active molecules across much larger chemical space is highly important (Eckmann et al.,
2024). For instance, the orphan receptor GPR6, linked to Parkinson’s disease, was only recently
crystallized with two inverse agonists, yet the number of known ligands remains very limited, hin-
dering novel modulator discovery (Barekatain et al., [2024). Consequently, there is a pressing need
to develop strategies that can effectively tackle this challenging problem.

Traditional ligand-based drug discovery method relies on molecular fingerprints and similarity met-
rics, such as the Tanimoto coefficient, to rank candidates based on their structural resemblance to
known ligands (Bajusz et al.||2015; Rogers & Hahn| [2010; Khan et al.,|2016). With the rise of deep
learning, few-shot ligand-based methods have recently emerged (Stanley et al., 2021} [Li et al., 2025
Schimunek et al.,[2023)). Some meta-learning methods frame (Li et al.,[2025)) the problem as a series
of tasks, each being a binary classification of active versus inactive compounds for a specific target,
following a task-support-query paradigm. Others employ embedding- or metric-based approaches
(Schimunek et al., 2023; [Eckmann et al., 2024) to directly compare molecules in a learned latent
space. In all cases, the focus is on generalizing molecular properties from limited examples rather
than capturing the pocket-ligand interaction patterns. In other words, the molecules selected by these
ligand-based models may be statistically similar to known ligands but do not necessarily bind effec-
tively to the target (Sundar & Colwell, [2020; Scior et al.|[2012). Essentially, these studies are aimed
at molecular property prediction or classification, rather than addressing the practical challenges of
target-specific VS.
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Figure 1: (a) Case with similar structure but different activity: Compound CID 5389558 and
CID 5389660 exhibit nearly identical structures (Tanimoto coefficient = 0.86) but show markedly
different thrombin inhibitory activities (IC50 pM = 5.84 uM vs. 50), representing a typical activity
cliff. (b) Case with dissimilar structure but similar activity: Ligands GO0 and 3TO both inhibit
BACE-1, although their 3D similarity by SHAFTS is only 1.1.

Next, we provide concrete examples demonstrating these issues in practice. First, structurally similar
compounds can exhibit strikingly different potencies, a phenomenon widely recognized as activity
cliffs (Hu et al.l 2013). For example, as shown in Figure , compound CID 5389558 and CID
5389660 share high structural similarity (Tanimoto coefficient of 0.86), yet their thrombin inhibitory
activities differ markedly: the former is active with an IC50 of 5.84 uM, whereas the latter is inactive
with an IC50 greater than 50 uM. Second, ligands with very different scaffolds may still share
comparable activity by adopting similar binding modes (Xu & Zou, 2021)). As illustrated in Figure
[Ip. ligand GOO and ligand 3TO both inhibit BACE-1, but their 3D similarity score by SHAFTS is
only 1.1, below the commonly used threshold of 1.2 that indicates significant 3D similarity. Notably,
the RMSD between them is 1.42 A, indicating that despite low molecular resemblance, the two
ligands engage the target in similar ways. These examples demonstrate that relying solely on ligand
similarity can both misclassify truly actives and overlook other actives, highlighting the necessity of
explicitly modeling target-ligand interactions in practical VS.

In this work, we are the first to focus on few-shot learning for realistic target-specific virtual screen-
ing scenarios with binding-relevant information, where the goal is to identify active molecules for
a given target with only a few available ligands. However, performing few-shot adaptation directly
within conventional VS frameworks remains challenging. Approaches such as docking- or energy-
based methods require modeling accurate docking conformations, which makes them computation-
ally demanding and unsuitable when only a few known ligands are available for adaptation (Cai
et al.l 2024; Zhang et al. |2023bj [McNutt et al., 2021). On the other hand, recent feature alignment
based retrieval architectures (e.g., DrugCLIP (Gao et al., 2024a)) offer an elegant workaround. By
embedding pockets and ligands into a shared space, they bypass explicit docking and affinity eval-
uation, enabling molecules to be ranked directly by feature similarity. In fact, this CLIP paradigm
has already proven highly effective for few-shot learning in natural language processing (NLP) and
computer vision (CV). Nevertheless, transferring such strategies to VS scenario is nontrivial, as
each atom can critically influence binding, unlike image-text pairs, where local information is often
redundant. Thus, an effective few-shot VS method requires not only modulation based on known
ligands, but also sensitivity to fine-grained target-ligand interactions.

Building on these observations, we propose Drug-few, a composite adaptation strategy within the
DrugCLIP paradigm for few-shot target-specific VS. In our design, prompt tokens are introduced to
enable rapid target-specific adaptation from a few known ligands, while lightweight adapter modules
are incorporated to refine pocket-molecule representations and capture subtle interaction features.
Crucially, the two components are not simply combined; instead, we design a Gated Prompt Adapter
(GPA) module, where the contribution of prompt tokens is dynamically modulated by interaction-
aware signals, ensuring that adaptation is guided by binding-relevant information rather than generic
similarity. In this way, Drug-few effectively balances efficiency and representational power, achiev-
ing robust few-shot VS even under high scaffold diversity.

Our contributions can be summarized as follows:

1.To our knowledge, Drug-few is the first few-shot learning method for strict target structure-aware
VS that explicitly incorporates target-ligand interactions, moving beyond purely ligand-centric sim-
ilarity.



Under review as a conference paper at ICLR 2026

(a) Training stage (¢) Token-Level Mutual

Interaction (TMI) module
Molecule
WMW o

Support ‘molecules E Adapter
1
] Feature 1 Trained !
% similarity 1 DrugCLIP : 4 b\
2 ; ' Interaction
i encoder |

area

Binary classification

) g Iz

Adapter E /' """""""""""""" ™ ‘, j ** P03 3 jam

Pocket GPA

\\‘ ___________________________ S g

o (b) Inference stage Prompt [ -}
SY Adapted

lnl\?x} ﬂ T
— lecul = -
P | e | M "o lia
Query molecules & gr"t?ncc:d @
M Feature token @ @
similarity @ @
& Input O ¢
& [Adapter} [ Adapter ] [ Adapter J
N } BE t T T o
SCORE
= R D -

Score

Pocket —— Original DrugCLIP —— Drug-Few extension

Figure 2: Overview of Drug-few. (a) Training stage. In the original DrugCLIP (blue arrows),
pocket and molecules are encoded, and contrastive learning aligns their embeddings into a shared
representation space, followed by feature similarity matching. In Drug-few, the modifications to
the original DrugCLIP are indicated by black arrows. For a new target with only a few known
molecules, the Gated Prompt Adapter (d) injects prompt tokens and lightweight adapters to condition
the model on interaction-aware information, while the Token-Level Mutual Interaction module (c)
further refines pocket-molecule representations to dynamically regulate the contribution of prompt
tokens. (b) Inference stage. Query molecules are encoded in the same way, and their similarity to
the adapted target representation is used to rank candidates for target-specific VS.

2. We design a hybrid adaptation mechanism that incorporates prompt tokens guided by fine-grained
interaction signals to enable efficient task-specific adaptation.

3. We conduct extensive experiments on three widely used VS benchmarks, and Drug-few consis-
tently outperforms the zero-shot baseline. In particular, under the scaffold and feature-cluster splits,
where the known actives are dissimilar to the query actives, Drug-few still maintains strong retrieval
performance, showing its ability to identify novel molecules.

2  METHOD

2.1 OVERVIEW OF DRUG-FEW

Given a protein pocket p and a set of n candidate molecules {m, mo, ..., m,}, the goal of few-shot
VS is to rank these candidate molecules according to their likelihood of binding to p. In practice, a
few known binding molecules are provided for a given target. We refer to these as support molecules,
while the molecules to be evaluated are query molecules.

As shown in Figure[2] Drug-few performs few-shot learning for training and inference using support
set and query set, respectively. Both the pocket and molecules are projected into a shared embedding
space via contrastive learning. To enable adaptation to the given pocket target with only a few known
ligands, we introduce two key components on the base model DrugCLIP (Gao et al., 2024a): the
Gated Prompt Adapter (GPA), which injects learnable prompt tokens and lightweight adapters; and
the Token-Level Mutual Interaction (TMI) module, which computes fine-grained feature interactions
between pockets and molecules.
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2.2 BASE MODEL

Our method builds upon DrugCLIP (Gao et al.|[2024a) and extends it to the few-shot virtual screen-
ing setting. Specifically, pockets and molecules are tokenized at the atomic level, where atom
types form the token features and 3D spatial information is encoded as pairwise representations.
The encoded inputs are processed separately by the Uni-Mol (Zhou et al., [2023) molecule encoder
and pocket encoder, each with a backbone built from stacked Transformer layers, which integrates
atomic embeddings with pairwise 3D distance encodings.

Specifically, the Pocket encoder ¢,(-) and Molecule encoder ¢, (-), together with projection heads
op(+) and oy, (-), map inputs directly into a shared embedding space: z, = 0,(¢p(P)), 2m =
Om (@m(m)). To align the two modalities, DrugCLIP adopt a contrastive objective. For a batch of
N binding pairs, these pockets and molecules can be combined to form N? pairs {(p;, m;)}

ij=1>
. . e e VAQENAY
for which the cosine similarity is computed as S(p;, m;) = m
p II"l14m

2.3 FEW-SHOT ADAPTATION FRAMEWORK

Building on the trained DrugCLIP dual-encoder framework, we propose a few-shot learning method
to enable fine-grained adaptation of pocket-molecule interactions. This extension introduces two
key components: Token-Level Mutual Interaction (TMI) module and Gated Prompt Adapter (GPA).

2.3.1 TOKEN-LEVEL MUTUAL INTERACTION (TMI) MODULE

As illustrated in Figure 2, the tokenized pocket and molecule are first embedded using the frozen
trained DrugCLIP encoders, namely the Molecule encoder and the Pocket encoder. This produces
token-level representations. To focus on fine-grained contextual information, the [CLS] token is
removed, yielding refined representations:

MeRBmX(Lm_l)XD7 PERBPX(Lp_l)XD, (1)

where B,,, and B,, denote the molecule and pocket batch sizes, L,, and L, are the original token
counts (including [CLS]), and D is the embedding dimension. We index the remaining token posi-
tions by e € {1,..., L,,, — 1} for molecules and f € {1,..., L, — 1} for pockets (so the second
dimension of M, P is indexed by e, f respectively). Next, token-wise interactions are computed by
element-wise multiplication for all pocket-molecule token pairs:

B XxB Ly—1)x(L,—1)xD
Iy bpefd = My, ea® Py, ja € REmBrx )X (Lp=1)xD 2)

where d € {1,..., D} indexes embedding dimensions and ® denotes element-wise multiplication.

The token-wise interactions are then averaged over the token-pair dimensions while keeping the
embedding channels:

Ly,—1Lp—1
) ) "
Ibm,bp,d = Ibm,bp,e, d c RBmXBPXD. (3)
(L —1)(L, — 1) ; f; f

Finally, obtain interaction-driven per-molecule and per-pocket representations by averaging across
the opposite batch dimension:

B.
- 1 LA -
Iv‘:lno’ld - b by - Imol ERBmXD, (4)
P p,=1
P
B
Tpoc 1 ~ z Fpoc B,xD
lyya = 7= bunbpd = AP ERTPEE (5)
D Bm p
b =1

Notably, the TMI module introduces no trainable parameters, keeping the few-shot adaptation stage
lightweight and efficient.
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Table 1: Few-shot virtual screening results on the DUD-E benchmark compared with zero-shot
baseline under 2-, 4-, 8-, and 16-shot settings. Bold indicates better performance.

EF
Sample ‘ Method ‘ AUROC (%) ‘ BEDROC (%) ‘ 0.5% 1% 59
2 Zero-shot 80.67+0.03 49.85+0.07 39.28+0.08 32.15+0.07 10.65+0.01
Drug-few 82.35+0.04 52.13+0.05 40.90+0.23 33.65+0.08 11.10£0.02
4 Zero-shot 80.74+0.01 49.79+0.03 39.75+0.03 32.41+0.02 10.66+0.01
Drug-few 84.78+0.24 56.20+0.07 43.95+0.13 36.80+0.62 11.89+0.06
3 Zero-shot 80.73+0.01 49.45+0.07 40.53+0.06 32.87+0.07 10.66+0.01
Drug-few 88.54+0.37 61.95+0.43 48.79+0.15 41.66+0.23 13.20+0.12
Zero-shot 80.76+0.04 49.11+0.04 42.79+0.12 33.78+0.01 10.70+0.03
Drug-few 93.16+0.11 71.70+0.13 58.17+0.34 50.22+0.21 15.40+0.08

Table 2: Few-shot virtual screening results on the LIT-PCBA benchmark compared with zero-shot
baseline under 2-, 4-, 8-, and 16-shot settings.

EF

Sample ‘ Method 0.5% 1% 59

AUROC (%) ‘ BEDROC (%)

5 Zero-shot 57.30+0.32 6.29+0.33 8.71+0.91 5.61+0.38 2.2440.07
Drug-few 58.04+0.72 6.43+0.52 8.86+1.56 5.40+0.54 2.24+0.32
4 Zero-shot 57.52+0.09 6.36+0.26 8.85+0.32 5.67+0.29 2.30+0.14
Drug-few 59.88+0.74 6.74+0.46 8.02+0.44 5.51+0.57 2.61+0.17
3 Zero-shot 57.2240.75 5.97+1.06 8.24+2.74 5.57+1.47 2.18+0.22
Drug-few 61.11+1.36 6.64+0.51 8.69+2.13 5.81+0.57 2.2740.17
16 Zero-shot 58.19+2.12 7.46+3.13 11.214£6.38 6.68+3.36 2.46+0.70
Drug-few 67.03+1.72 9.90+3.91 12.41+8.34 8.16+3.91 3.69+1.09

2.3.2 GATED PROMPT ADAPTER (GPA)

As shown in Figure 2d, GPA serves as a key adapter that inserts conditionally adapted prompt to-
kens into the original Transformer-stacked encoder. Its main function is twofold: first, to introduce
learnable prompt tokens into the token-level input at every Transformer layer; and second, to adapt
these prompt tokens using a lightweight adapter that incorporates interaction-informed signals de-
rived from the TMI module. Together, this design enables the encoder to dynamically adjust its
representations according to the specific pocket-molecule interaction. GPA adapts both the Pocket
and Molecule encoders in same way; therefore, we describe the Molecule encoder as an example.

For each layer, L., prompt tokens Progfl) are randomly initialized and inserted after the [CLS]
token. Since the Uni-Mol (Zhou et al., 2023)) encoder relies on both token and pairwise distance
inputs, prompt tokens must also be defined in the pairwise space. Unlike real atoms, they lack 3D
coordinates, and random assignment would add noise. To address this, we treat them in pairwise
computation the same as [CLS]: only their pairwise bias is aligned with [CLS], while the token-

level features remain randomly initialized. This design integrates prompt tokens into the pairwise

. . . . . =~ (1)
representation without breaking geometric consistency. Lastly, Proﬁfl) are encoded to Pro .

To enable target-specific adaptation, a lightweight adapter ngﬁ)oj for t-th laryer takes the TMI-
derived representation 1" as input and generates a scaling vector 4(!) € RP. This vector modu-

— (1
lates the projected prompt embeddings Pro( ). through element-wise scaling, yielding the adapted
(t)

—(t —
features of prompt tokens: Pro( - Pro " ®~®, where ® denotes element-wise multiplication.
After being modulated, the processed features of prompt tokens are inserted immediately after the
[CLS] token. At the ¢-th layer, the molecule representation is thus formulated as

= - ——(t) -
Xg) = [.7,‘[015] P?“O L1y ,,CCL"Lfl]. (6)

The subsequent computation then follows the process of the original encoder layer in Uni-Mol Zhou
et al.[(2023). Similarly, the same procedure is applied within the Pocket encoder, ensuring a con-
sistent representation framework for both molecules and pockets. After passing through the GPA-
adapted encoders, the molecule and pocket features are updated to Zm and Z »» Tespectively.
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Table 3: Few-shot virtual screening results on the DEKOIS 2.0 benchmark compared with zero-shot
baseline under 2-, 4-, 8-, and 16-shot settings.

EF
Sample ‘ Method ‘ AUROC (%) ‘ BEDROC (%) ‘ 0.5% 1% 59
2 Zero-shot 79.12+0.04 49.28+0.59 20.12+0.06 18.39+0.08 9.13+0.03
Drug-few 80.61+0.11 52.25+0.12 20.83+0.07 19.33+0.08 9.65+0.02
4 Zero-shot 79.01+0.07 48.48+0.12 20.60+0.18 18.88+0.10 9.08+0.02
Drug-few 82.66+0.05 55.32+0.52 23.03+0.56 21.28+0.30 10.41+0.08
3 Zero-shot 79.21+0.31 47.19+0.32 22.44+0.19 20.30+0.09 9.15+0.07
Drug-few 87.22+0.42 61.14+0.92 27.69+1.10 26.35+1.59 12.05+0.06
16 Zero-shot 78.75+0.27 43.59+0.34 26.91+0.06 23.50+0.13 9.34+0.07
Drug-few 91.98+0.14 66.62+0.36 37.78+0.29 35.17+0.30 14.1240.07

Table 4: Few-shot virtual screening results on the CASF-2016 benchmark compared with zero-shot
baseline under 2-, 4-, 8-, and 16-shot settings.

EF

Sample ‘ Method 0.5% 1% 5%

AUROC (%) ‘ BEDROC (%)

2 zero-shot 85.93+0.01 67.75+0.01 36.62+0.01 34.52+0.01 12.93+0.00
Drug-few 88.71+0.18 71.30+0.13 37.74+0.28 35.72+0.11 13.98+0.09
4 zero-shot 85.93+0.00 67.70+0.02 36.73+£0.00 34.59+0.01 12.93+0.00
Drug-few 91.32+0.34 74.03+1.53 38.78+0.83 36.83+0.85 14.55+0.12
] zero-shot 85.9240.01 67.62+0.02 36.95+0.01 34.74+0.01 12.93+0.00
Drug-few 94.04+0.41 78.72+1.31 40.32+1.19 38.27+1.16 15.77£0.26
zero-shot 85.94+0.02 67.49+0.03 37.38+0.01 35.09+0.00 12.94+0.01
Drug-few 97.34+0.46 87.12+0.32 42.65+0.34 41.69+0.29 17.54+0.10

2.4 TRAINING AND INFERENCE STAGES

As shown in Pseudocode [T] the framework follows a two-stage process of training and inference.
For each new target, the original DrugCLIP weights are first reloaded, then fine-tuned on the corre-
sponding support set, and the updated model is subsequently used for inference on the query set.

2.4.1 TRAINING STAGE

Given a support set of molecules {mj}, a query set {m2}, and a pocket p, the inputs are first

mapped to token-level embeddings and enriched with TMI-derived features. Subsequently, layer-

wise prompt tokens are introduced through the GPA, producing adapted embeddings for the k-th

molecule and the corresponding pocket, denoted as Z,, () and Zp, respectively. Next, the similarity
ZT Z(k)

EARESIR

ms

between each pocket-molecule pair is computed as Sp =

Correspondingly, a binary label vector Y}, indicates the actives for pocket p. The classification loss
summarizing the overall training objective is then defined as:
NS
Las = ZBCE Sk, Yi), (7

where BCE(-,-) denotes the binary cross-entropy function and N® is the number of support
molecules. During optimization, only the GPA parameters, including prompt embeddings, pro-
jection matrices, adapters, and Transformer layer normalization, are updated.

2.4.2 INFERENCE STAGE

During inference, query molecules and the pocket are processed in the same manner as during

training, including the application of GPA for adaptation. Specifically, for the r-th query molecule
ZT Z(")

~ Z

prediction for each query molecule is given by similarity scores. Finally, the query molecules are

ranked according to their predicted scores S,

{m4} and the pocket p, the similarity score is computed as S, . Accordingly, the
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Table 5: Few-shot virtual screening results on the DUD-E benchmark under the scaffold split com-
pared with zero-shot baseline (2-, 4-, 8-, and 16-shot settings).

EF
Sample ‘ Method ‘ AUROC (%) BEDROC (%) ‘ 0.5% 1% 59
2 Zero-shot 80.58+0.10 49.61+0.17 41.22+0.34 32.73+0.15 10.61+0.04
Drug-few 82.36+0.14 51.93+0.12 43.31+0.37 34.31+0.24 11.11£0.04
4 Zero-shot 80.41+0.08 48.87+0.19 41.96+0.19 32.98+0.17 10.54+0.03
Drug-few 84.44+0.21 54.84+0.25 46.74+0.58 37.24+0.12 11.72+0.04
3 Zero-shot 80.32+0.19 48.39+0.21 43.46+0.07 33.68+0.09 10.54+0.06
Drug-few 87.87+0.49 60.07+0.89 52.96+0.73 42.40+0.49 13.04+0.17
16 Zero-shot 78.89+0.47 46.83+0.51 44.83+0.34 33.97+0.56 10.41+0.12
Drug-few 91.60+0.50 67.34+0.68 61.12+0.67 49.44+0.89 14.86+0.14

Table 6: Few-shot virtual screening results on the DUD-E benchmark under the feature-cluster split
compared with zero-shot baseline (2-, 4-, 8-, and 16-shot settings).

EF
Sample ‘ Method ‘ AUROC (%) ‘ BEDROC (%) ‘ 0.5% 1% 59
) Zero-shot 80.77£0.01 49.94+0.01 39.34+0.01 32.21+0.03 10.68+0.01
Drug-few 82.16+0.08 51.98+0.10 40.72+0.14 33.56+0.10 11.06+0.02
4 Zero-shot 80.87+0.01 49.93+0.02 39.82+0.05 32.54+0.02 10.71+0.01
Drug-few 84.29+0.27 55.18+0.38 43.24+0.37 36.31+0.36 11.73+0.02
3 Zero-shot 81.01+0.03 49.91+0.06 40.71+0.05 33.09+0.07 10.76+0.01
Drug-few 87.27+0.16 58.33+1.50 46.00+1.60 39.05£1.02 12.52+0.17
16 Zero-shot 81.37+0.03 49.75+0.06 43.15+0.04 34.34+0.05 10.86+0.02
Drug-few 92.66+0.56 64.66+3.83 51.81+3.05 44.51+2.81 14.62+0.47

3 EXPERIMENTS

We evaluate Drug-few on three widely used target-specific virtual screening benchmarks, DUD-E
(Mysinger et al., 2012), LIT-PCBA (Tran-Nguyen et al.| [2020), DEKOIS 2.0 (Bauer et al., [2013)),
and CASF-2016 (Su et al., [2018)). Each benchmark provides a collection of protein targets along
with their corresponding active and inactive compounds. For more details of the benchmarks, please
refer to Appendix [C| For few-shot evaluation, we randomly sample a small number of actives (2,
4, 8, or 16) together with an equal number of randomly selected inactives to construct the support
set for model training. Subsequently, the trained model is applied to the remaining compounds,
where the goal is to prioritize actives at the top of the ranked list. To measure performance, we
adopt established early recognition metrics in VS, including AUROC, BEDROC, and Enrichment
Factor (EF). Finally, all experiments are conducted on an RTX 4090 GPU with an SGD optimizer,
and full implementation details, including training procedures and hyperparameters, are provided in

Appendix

It is important to emphasize that Drug-few is the first few-shot learning framework explicitly de-
signed for target-specific VS. In contrast, existing few-shot drug discovery methods typically address
molecular property prediction (e.g., classifying compounds as active or inactive) without consider-
ing the protein target, making direct comparison inappropriate. Therefore, we benchmark Drug-few
against its zero-shot counterpart, i.e., the base DrugCLIP model directly applied to candidate ranking
without adaptation, and the results are summarized in Section[3.1] Moreover, we compare Drug-few
with the ligand-only few-shot method in Section [3.2] Furthermore, to highlight the ability of Drug-
few to uncover novel actives beyond simple similarity, we perform evaluations under scaffold and
feature-cluster splits (Section [3.3). For a fair comparison with classic CLIP-based few-shot learn-
ing methods, we include such baselines in the ablation study. All ablation studies are presented in
Section [3.4] followed by visualization analyses in Section

3.1 COMPARISON WITH ZERO-SHOT DRUGCLIP

In this section, we compare Drug-few with DrugCLIP (zero-shot). For each target, we randomly
sample a subset of actives and the same number of inactives as the support set for training, while
the remaining compounds are used for evaluation. Each experiment is repeated three times, and the
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mean performance with standard deviations is reported in Table[T] Table 2] Table 3] and Table @] for
DUD-E, LIT-PCBA, DEKOIS 2.0, and CASF-2016, respectively.

Compared with zero-shot, our few-shot learning approach consistently outperforms across nearly
all metrics, showing that the model can extract meaningful binding information from few examples
without overfitting. As the number of support examples increases, the performance of our method
steadily improves, which further validates its capacity to leverage additional supervision effectively.
It is worth noting that when more actives are sampled for the support set, the proportion of actives
remaining in the evaluation set becomes smaller, making the ranking task more challenging. Specifi-
cally, on the DUD-E benchmark, our method surpasses the zero-shot baseline by 12.40% in AUROC
and 22.59% in BEDROC under the 16-shot setting, which demonstrates a clear advantage in learning
pocket-ligand interaction rules from limited data. Similarly, on the LIT-PCBA benchmark, Drug-
few also outperforms the zero-shot baseline in nearly all AUROC and BEDROC metrics, with only a
small number of EF scores showing comparable values. Furthermore, under the most limited 2-shot
setting, our framework achieves a 2.97% BEDROC improvement on the DEKOIS 2.0 benchmark
and a 3.55% improvement on CASF-2016, highlighting its robustness even with extremely scarce
supervision.

3.2 COMPARISON WITH LIGAND-ONLY FEW-SHOT METHOD

Most existing few-shot virtual screening methods are ligand-only approaches that rely solely on
SMILES strings or molecular similarity and do not incorporate any form of target-specific informa-
tion. Because our framework explicitly integrates 3D pocket representations as part of the target
modeling, a direct comparison with ligand-only methods is inherently less fair due to the fundamen-
tally different problem formulation.

To provide a more meaningful reference, we additionally evaluate the most advanced ligand-based
few-shot model, FS-CAP (Eckmann et al., | 2024)), which represents the current state of the art among
ligand-similarity-based methods. Using the official implementation and pretrained weights, we run
three independent trials for FS-CAP on exactly the same support and query splits on DUD-E bench-
mark used by Drug-few, and report the averaged performance and standard deviations. This setup
ensures a controlled and strictly comparable evaluation protocol. Table [7] summarizes the results
under 2-, 4-, 8-, and 16-shot settings. Across all metrics and shot configurations, Drug-few con-
sistently and substantially outperforms FS-CAP. These results demonstrate the clear advantage of
incorporating explicit 3D pocket information in few-shot target-specific virtual screening.

Table 7: Comparison between FS-CAP and Drug-few under 2-, 4-, 8-, and 16-shot settings on DUD-
E benchmark. Results are averaged over three runs.

EF
0.5% 1% 5%

Sample ‘ Method ‘ AUROC (%) ‘ BEDROC (%) ‘
2 FS-CAP 70.80+0.06 19.89+0.10 12.95+0.18 11.42+0.21 5.77£0.02
Drug-few 82.35+0.04 52.13+0.05 40.90+0.23 33.65+0.08 11.10+0.02
4 FS-CAP 70.83+0.10 19.50+0.27 12.76+0.41 11.2320.16 5.72+0.04
Drug-few 84.78+0.24 56.20+0.07 43.95+0.13 36.80+0.62 11.89+0.06
3 FS-CAP 70.89+0.12 19.27+0.25 12.67+0.23 11.25+0.16 5.74+0.06
Drug-few 88.54+0.37 61.95+0.43 48.79+0.15 41.66+0.23 13.20+0.12
16 FS-CAP 70.78+0.04 18.89+0.17 12.90+21.23 11.28+12.27 5.73+0.05
Drug-few 93.160.11 71.70+0.13 58.17+0.34 50.22+0.21 15.40+0.08

3.3 EVALUATION UNDER SIMILARITY-CONTROLLED SPLITS

To further assess whether Drug-few can discover actives beyond simple similarity rules, we conduct
experiments on the DUD-E benchmark under two complementary split strategies. The first, referred
to as the scaffold split, ensures that the scaffolds of support actives do not overlap with those of
the query actives. This setting reflects a traditional measure of chemical similarity based on two-
dimensional structural cores and prevents the model from exploiting trivial scaffold overlap. The
second, termed the feature-cluster split, leverages molecular representations from the pre-trained
Uni-Mol (Zhou et al.| |2023)) encoder. Here, all actives for each target are clustered in the learned
embedding space, and support and query actives are sampled from different clusters, thereby enforc-
ing dissimilarity in both geometric structures and chemical properties. While the scaffold split eval-
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Table 8: Ablation studies on interaction-aware adaptation, adapter placement and prompt tokens
inserting placement. Bold indicates best performance.

EF
Sample Method AUROC (%) | BEDROC (%) 0.5% 1% 5%

w/o interaction-aware 72.94+3.04 14.47+£3.72 9.15+2.75 7.80+2.19 4.69+0.91

5 Post-hoc adapter 61.44+0.61 7.66x0.14 4.78+0.24 4.13£0.06 2.62+0.07
Shallow 81.83+0.14 51.5240.18 40.04+0.39  33.27+0.11 10.94+0.07
Drug-few 82.35+0.04 52.13+0.05 40.90+0.23  33.65+0.08  11.10+0.02

w/o interaction-aware 76.97+2.26 20.26+5.40 13.17£4.01 11.45+3.20 6.23+1.32

4 Post-hoc adapter 72.33+0.08 16.30+0.31 10.52+0.18 9.37+0.24 5.03+0.08
Shallow 84.15+0.11 54.97+0.11 42.82+0.09  36.04+0.08  11.75+0.08

Drug-few 84.78+0.24 56.20+0.07 43.95+0.13  36.80+£0.62  11.89+0.06

w/o interaction-aware 78.06+4.59 21.51+6.97 14.71£5.23 12.61+4.44 6.50+1.65

] Post-hoc adapter 82.99+0.23 34.73+0.75 25.1740.63  21.59+0.47 8.99+0.17
Shallow 87.12+0.20 59.37+0.24 47.11£045  39.92+0.18  12.68+0.09

Drug-few 88.54+0.37 61.95+0.43 48.79+0.15  41.66+£0.23  13.20+0.12

w/o interaction-aware 88.22+1.86 41.56+5.78 32.41+£5.13 26.96+3.86  10.95%1.21

16 Post-hoc adapter 89.39+0.29 51.45+0.81 41.68+0.85  34.56+0.51 12.2240.19
Shallow 90.82+0.46 66.11£1.11 54.71£1.01 46.33£1.04  14.18+0.15

Drug-few 93.16+0.11 71.70+0.13 58.17+0.34  50.22+0.21  15.40+0.08
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Figure 3: Visualization analysis on the target HDAC2 under the 2-shot setting with feature-cluster
split sampling. (a) 2D structures of all support actives (S1, S2) and query actives (Q1, Q2). (b)
Global feature similarity heatmap among S1, S2, Q1, and Q2, with darker colors indicating lower
similarity. (c) Docked conformations of the four molecules with HDAC?2. Molecular colors corre-
spond to the backgrounds in (a), and blue regions on the protein indicate contact atoms with four
ligands. (d) Fine-grained molecule—pocket attention maps for S1, S2, Q1, and Q2. Blue boxes high-
light pocket regions with strong interactions with the molecules.

uates generalization across distinct structural backbones, the feature-cluster split captures broader
molecular diversity.

Results are presented in Tables [5]and [f] Across both split strategies, Drug-few consistently outper-
forms the zero-shot baseline, achieving performance comparable to that under random splits. These
results indicate that Drug-few does not rely on molecule similarity alone. Rather, it effectively
captures target-specific interaction patterns, enabling the prioritization of novel actives even when
support and query sets are deliberately made dissimilar at either the scaffold or representation level.
This shows the potential practical utility of Drug-few in discovering structurally and chemically
novel active molecules, which is the central challenge in target-specific VS.
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3.4 ABLATION STUDY

To better understand the contribution of each component in our framework, we perform a series of
ablation studies on the DUD-E benchmark. All experiments are performed on the same datasets
described in Section[3.1} and additional studies are in Appendix [H]

Interaction-aware adaptation: We remove the TMI module that controls the prompt tokens with
pocket-ligand interaction information. In this setting, the model simply inserts randomly initial-
ized prompt tokens after the [CLS] token in the input of each Transformer layer, similar to a di-
rect adaptation of VPT-style prompting in CLIP few-shot learning (Jia et al.| [2022). As shown in
the “Interaction-aware adaptation” row of Table [§] this setting results in extremely high variance
across runs, and the mean performance is even lower than the zero-shot baseline. This indicates
that naively migrating CLIP-style prompting harms model stability and accuracy. In contrast, our
interaction-guided adaptation provides a more reliable inductive bias, ensuring that the model learns
from meaningful pocket-molecule interaction information.

Adapter placement: We evaluate the effect of placing a lightweight adapter layer only at the end
of the encoder, corresponding to the “post-hoc adapter” design commonly used in CLIP few-shot
transfer (Gao et al., [2024b)). As shown in Table @ this design exhibits clear overfitting under the
2-, 4-, 8-shot settings, with performance metrics even falling below the zero-shot baseline. This
suggests that simply applying a post-hoc adjustment to the final features is insufficient to capture
fine-grained pocket-ligand interactions, and may even introduce adverse effects.

Prompt tokens inserting placement: We compare “shallow” prompt tokens (inserted only before
the input of the first layer) with ”deep” prompt tokens (inserted before the input of every layer). Table
[8 shows “deep” consistently outperforms “shallow”, improving BEDROC from 66.11% to 71.70%
in 16-shot setting, demonstrating the necessity of distributing prompt tokens across all layers.

3.5 VISUALIZATION

As shown in Figure 3] we visualize results of target HDAC2 under the 2-shot feature-cluster set-
ting. All support actives (S1, S2) and two selected query actives (Q1, Q2) are shown in Figure .
As shown in Figure 3p, the global similarity between support actives and query actives are weak.
In contrast, the fine-grained attention maps (Figure [3d) reveal consistent focus on the same pocket
regions (blue boxes), which align with contact atoms in the docked conformations (Figure ), con-
firming chemically meaningful interactions. Despite low global similarity, Drug-few ranks Q1 and
Q2 in the top 0.06% and 0.15% of candidates. These results highlight the importance of interaction-
aware representations for early active recognition and demonstrate Drug-few’s ability to prioritize
novel molecules from few known actives. Additional case studies are provided in Appendix [

4 CONCLUSION

In this study, we present Drug-few, the first framework that explicitly incorporates target structural
information for target-specific few-shot virtual screening. By incorporating a small set of learn-
able parameters into the DrugCLIP backbone, it rapidly captures target—ligand interaction patterns
and refines their representations. Drug-few consistently outperforms the zero-shot counterpart and
maintains strong performance under scaffold and feature-cluster splits, demonstrating robustness to
dissimilar molecules. Importantly, it enables the discovery of novel actives and provides a practical
approach for identifying new actives for a given target when experimental data are extremely lim-
ited. By establishing this framework, Drug-few opens a new path for applying few-shot learning
to target-specific virtual screening and lays the foundation for future methods to further advance
early-stage drug discovery.

ETHICS STATEMENT

This work does not involve human subjects, sensitive personal data, or dual-use concerns. All
datasets employed are publicly available and widely used in prior research, with appropriate licenses
and citations. We ensure that no proprietary or confidential data are included, and our methods are
intended solely for advancing scientific research in computational biology and machine learning.
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To the best of our knowledge, this work raises no ethical issues related to fairness, bias, privacy, or
security.

REPRODUCIBILITY STATEMENT

We provide detailed descriptions of our model architectures, hyperparameters, training protocols and
inference process in the main body and the Appendix. All experiments are conducted using publicly
available datasets, and we will release our code and trained models to ensure full reproducibility.
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A RELATED WORK

Virtual screening: Virtual screening (VS) aims to identify the most relevant candidate compounds
from large libraries that are likely to bind a target pocket. Traditional methods (Trott & Olson, 2010
Halgren et al., 2004} Spitzer & Jain,2012)) rely on docking software to generate and score interaction
conformations, which is computationally intensive and sensitive to scoring-function accuracy. Deep
learning approaches (Zheng et al.,|2019; [Zhang et al.| 2023aj; |Cai et al.| 2024} [Zhang et al.l 2023b;
Brocidiacono et al.| 2023)) accelerate this process by predicting docking poses or binding affinities
with deep models, but they still require large amounts of labeled data that are rarely available. To
overcome these limitations, recent studies reformulate VS as an embedding-retrieval task. For ex-
ample, DrugCLIP (Gao et al.| 2024a)) aligns protein pocket and ligand features through contrastive
learning, enabling candidate ranking by similarity in a shared embedding space. This design pre-
serves target-awareness while avoiding costly docking or affinity labels, and its transferability makes
it naturally compatible with few-shot settings, similar to how CLIP supports data-efficient learning
in NLP and CV (Zhou et al.| 2022bda; |Jia et al.| [2022)).

Few-shot learning for drug discovery: In drug discovery, a growing line of work explores few-
shot learning paradigms. Early approaches were predominantly ligand-centric, using molecular
fingerprints (e.g., Morgan fingerprints) or clustering to find new molecules similar to known ligands
(Rogers & Hahnl 20105 [Khan et al., 2016). With the rise of deep learning, representation-based
methods emerged. Some employ neural networks or fused fingerprints to encode molecules, fol-
lowed by similarity comparison or prototype aggregation between support and query compounds
(Eckmann et al. 2024} |Schimunek et al. [2023} |Stanley et al., |2021). Another direction applies
meta-learning to enable cross-task transferability (Li et al.l 2025} |Qian et al.| 2024 L1 et al., [2024).
Despite their advances, these studies remain ligand-only formulations: tasks are constructed at the
molecule level, and predictions rely on embedding similarity or prototype matching without explic-
itly modeling protein-ligand interactions. These ligand-based methods limits their ability to discover
novel actives and may lead to practical issues such as activity cliffs. Strictly speaking, they resemble
few-shot molecular property prediction or classification rather than strict VS, where the task is to
identify active ligands for a specific target. Addressing this gap requires frameworks that explicitly
incorporate target information into the few-shot setting, which motivates our work.

B DETAILS OF TRAINING AND INFERENCE STAGES

All training and inference experiments are conducted on the trained DrugCLIP (Gao et al., [2024a)
backbone. For each target, the model weights are reloaded independently to ensure that few-shot
episodes do not interfere with each other. This design is consistent with the goal of building a target-
specific framework, rather than training a global classifier to distinguish actives from inactives across
all targets. As a result, each training and inference process focuses on a single target.

Two types of support and query sets sampling strategies are used. In random sampling (Section [3.1)),
we select IV pairs of actives and inactives as the N-shot support set, and the remaining compounds
serve as the query set. The model is trained on the support set and evaluated on the query set, where
the objective is to rank actives ahead of inactives, reflecting realistic virtual screening scenarios.
In similarity-controlled splits (Section [3.3), we adopt scaffold and feature-cluster splits. Scaffold
split ensures that actives in the support and query sets do not share scaffolds. Feature-cluster split
ensures separation according to molecular feature clusters derived from the Uni-Mol (Zhou et al.,
2023)) encoder.

All experiments are run on a single NVIDIA RTX 4090 GPU. To make the approach applicable
when the number of known samples per target is uncertain, a unified training configuration is used
across all few-shot settings. The model is trained for 10 epochs with a learning rate of 0.01 using the
SGD optimizer. The projection matrix for prompt tokens is initialized with Kaiming initialization.
The hyperparameters are summarized in Table 9]
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Table 9: Hyperparameter settings

Hyperparameter Value
Number of molecular prompt tokens 5
Number of pocket prompt tokens 3
Dimension of projection matrix (Wpj) 512
Woroj hidden dimension 64
Number of transformer layers 15

C DETAILS OF BENCHMARK DATASETS

DUD-E (Mysinger et al.l [2012) includes 102 protein targets with an average of 224 annotated ac-
tives per target, each paired with property-matched decoys that differ in topology. LIT-PCBA (Tran-
Nguyen et al.,|2020) covers 15 targets with 7,844 active compounds and over 407,381 unique inac-
tives derived from PubChem assays, providing a more challenging and realistic evaluation. DEKOIS
2.0 (Bauer et al.l |2013)) consists of 81 protein targets across diverse families, where each target in-
cludes 40 curated actives and 1,200 drug-like decoys designed to rigorously test VS performance.

D CustoM CLIP FEW-SHOT STRATEGIES

To better understand the design choices in few-shot adaptation for CLIP-based models, we catego-
rize existing methods into two main strategies: prompt insertion before the encoder and adapter-
based tuning after the encoder. The following sections briefly describe each strategy and relate them
to Drug-few.

D.1 PROMPT INSERTION BEFORE THE ENCODER

This mode inserts learnable prompt tokens or vectors directly into the model input before the en-
coder. Inspired by textual prompt-based fine-tuning in NLP (e.g., CoOp (Zhou et al. [2022b)), Co-
CoOp (Zhou et al.|, [2022a)), the prompt vectors are optimized using downstream task data while
keeping the main encoder largely frozen. In multi-modal settings, visual prompt tuning (VPT) (Jia
et al.| 2022) similarly introduces learnable tokens or pixel-level prompt tokens before the visual en-
coder. The key idea is to guide the model to adapt to new tasks by modifying the input representation
without changing the backbone features. In our experiments, the ”Interaction-aware adaptation” ab-
lation corresponds to this mode: when we remove the interaction module and insert random prompt
tokens in each Transformer layer (VPT-style), the model shows high variance and even lower mean
performance than zero-shot, highlighting that naive prompt insertion without task-relevant guidance
is unstable.

D.2 PROMPT INSERTION AFTER THE ENCODER

In this mode, a small adapter module is added after the encoder, and only this module is fine-
tuned on the downstream task (Gao et al., [2024b). The encoder outputs are projected through the
adapter, which captures task-specific adjustments while preserving the pre-trained knowledge of
the backbone. This approach is efficient and reduces the risk of overfitting, as the main encoder
weights remain fixed and only a small set of parameters is updated. In our ”Adapter placement”
ablation, placing a lightweight adapter only at the end of the encoder corresponds to this mode. The
results show clear overfitting in few-shot settings, with performance sometimes falling below zero-
shot, indicating that post-hoc adapters alone cannot capture fine-grained pocket-ligand interactions
effectively.

In contrast, Drug-few combines interaction-aware prompt insertion with adapter-based adjustments
in a coordinated manner. By conditioning prompt tokens on pocket-ligand interactions and lever-
aging adapters effectively, the method consistently improves performance across almost all targets,
achieving both stability and fine-grained adaptation that neither naive pre-encoder prompting nor
post-hoc adapters alone can provide.
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E PSEUDO CODE

Pseudo codes for the training vs. the inference stage are listed in Algorithm [T}

Algorithm 1 Training vs. Inference Stage

Training Stage Inference Stage
1: Reload DrugCLIP weights 1: Load weights from training stage for p
2: for each batch of {mj } do and target p 2: for each batch of {m?} do and target p
3: Encoding {m; } and p 3: Encoding {mZ} and p
4: Compute TMI features: /™!, [Po° 4: Compute TMI features: /™!, [Po°
5: Apply GPA: 5: Apply GPA:
Zym = GPA(¢,(m*)) i

. Zm = GPA(¢y(m?))

Zp = GPA(¢p(p)) . P
6: Compute similarity score: Zp = GPA(¢p(p))

>T 7 (k)
G, — Zz;r Ze 6: Compute similarity score:
R 5k
1211 12! o
7: Compute loss: g _ Zy L
N°® ARG
1 - 12l - 1 Zmal
Los = 775 D BCE(Sk, Yi)
k=1 7: end for

8: Update the adapted parameters 8: Rank molecules by S
9: end for 9:
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F CASE STUDY

To better understand how the Drug-few adapts to new query molecules, we further analyze the
representations of molecules and pockets on the target CASP3. Since our framework introduces
prompt tokens into both the Molecule encoder and the Pocket encoder, and these prompt tokens are
modulated by interaction-aware signals, the pocket representation dynamically shifts depending on
the paired molecule. This mechanism enables the model to capture fine-grained interaction patterns,
rather than treating the pocket as a fixed feature.

Figure 4| provides a comparative visualization between the zero-shot baseline and Drug-few. Each
pocket-molecule pair is represented by a triangle (molecule) and a star (pocket) of the same color.
The dashed gray lines connect the pairs identified by the zero-shot DrugCLIP, while the red lines
correspond to pairs produced by Drug-few. It can be observed that Drug-few consistently pulls active
molecules closer to their corresponding pocket representation, effectively improving the alignment
of pairs.

On the right side of Figure 4] we visualize four representative active molecules. The percentages
indicate their predicted rank positions among all molecules for the CASP3 target. Compared to the
zero-shot model, Drug-few significantly improves the rankings of these actives, moving them from
the tail (e.g., 31.5%) toward the top (e.g., 1.48%). This highlights the model’s ability to discover
structurally diverse actives that would otherwise be overlooked.

P NN, @
o7 o 0
A Zero-shot: 31.51% Zero-shot: 39.16%
Drug-few: 1.48% Drug-few: 1.15%
VA . _ [
£ o oy ¥
— WA D)< ;
S o g o
N A B <
) ¥ “\)
= = = Zero-shot pair
= = = Drug-few pair Zero-shot: 39.25% Zero-shot: 33.99%
Pocket/Molecule feature Drug-few: 2.61% Drug-few: 1.66%

ji\7/A Pair with same color

L Y Zero-shot pocket feature

Figure 4: Case study on the CASP3 target. Left: stars denote pocket features and triangles denote
molecular features; pairs are shown in the same color. Gray dashed lines indicate zero-shot pairings,
while red dashed lines show Drug-few pairings. Right: visualization of four active molecules, with
percentages representing their predicted ranking among all compounds.

G PER-TARGET PERFORMANCE ANALYSIS

As shown in Figure [5] we perform a per-target analysis comparing our method with the zero-shot
approach described in Section 4.1. We report the performance of 2-, 4-, 8-, and 16-shot settings
on each target on the DUD-E benchmark. In the plots, the red line represents our method, while
the gray bars correspond to the zero-shot results. Drug-few consistently outperforms the zero-shot
baseline across most targets. Moreover, the performance gap increases as the number of shots grows,
indicating that the improvement is not driven by a few well-performing samples but occurs broadly
across nearly all targets.
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BEDROC
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Target Index Target Index
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Target Index Target Index
(c) 8-shot (d) 16-shot

Figure 5: Results of 2-, 4-, 8-, and 16-shot experiments on individual targets are shown in panels
(a-d). The red line represents Drug-few, and the gray bars indicate zero-shot results. Error bars
represent the mean and standard deviation over three independent samplings.

H ABLATION STUDY

H.1 PROMPT TOKEN NUMBERS

In Appendix we set the number of molecule tokens (M) to 5 and pocket tokens (P) to 3. We further
investigate the effect of different token combinations (M/P = 1/3/5/7) on model performance. Table
10| reports the results of Drug-few on the DUD-E benchmark using random splits, averaged over
three independent runs. The results indicate that performance is relatively consistent across all six
M/P token combinations. This suggests that Drug-few is robust to the choice of token counts, and
the selected configuration (M=5, P=3) provides the best overall performance. Across different few-
shot sizes, we observe the expected trend: as the size of the support set increases (2, 4, 8, 16),
performance improves consistently for all token combinations.

H.2 LAYER NORM TUNING

We further assess the impact of freezing vs. unfreezing the layer normalization parameters in the
Transformer. When all normalization layers remain frozen, model performance degrades compared
to the setting where these parameters are trainable. As shown in Table[T1] updating the layer norms
yields a clear improvement. This gain can be attributed to the relatively small scale of the Uni-
Mol encoder 2023)), where modest adjustments to normalization parameters enhance
adaptation without destabilizing training.

H.3 INTERACTION MECHANISM

To evaluate the contribution of our proposed interaction mechanism, we conduct an ablation study by
replacing it with a lightweight cross-attention module. As shown in Table[T2] Drug-few consistently
outperforms the cross-attention variant across the 2-, 4-, 8-, and 16-shot settings, especially in the
BEDROC and EF metrics. For example, under the 16-shot setting, BEDROC improves from 56.75%
to 71.70% and EF1% increases from 37.28 to 50.22. These metrics reflect the model’s ability to
prioritize active compounds, which is critical for practical virtual screening.

Furthermore, the cross-attention module exhibits higher variance, indicating reduced stability. In
contrast, our interaction mechanism provides stronger and more consistent performance without
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Table 10: Ablation results of different molecule (M) and pocket (P) token combinations (M/P =1,
3,5, 7) on the DUD-E benchmark across 2-, 4-, 8-,and 16-shot. Bold and underline denote the best
and second results across all settings.

EF
M/P token ‘ Sample ‘ AUROC (%) BEDROC (%) 0.5% 1% 5%
2 82.32+0.08 52.02+0.08 40.80+0.14 33.65+0.05 11.10+0.02
51 4 84.85+0.12 55.98+0.19 43.97+0.33 36.83+0.25 11.89+0.04
8 88.55+0.36 61.67+0.59 48.73+0.44 41.43+0.43 13.20+0.09
16 92.81+0.58 70.55+0.97 57.20+0.76 49.25+0.76 15.25+0.17
2 82.40+0.05 52.1240.05 40.87+0.08 33.62+0.11 11.10£0.02
55 4 84.78+0.23 55.92+0.17 43.79+0.19 36.77+0.12 11.89+0.04
8 88.28+0.38 61.62+0.63 48.65+0.48 41.43+0.48 13.14+0.13
16 93.03+0.39 71.52+0.04 58.18+0.01 50.31+0.28 15.32+0.12
2 82.35+0.04 52.19+0.11 41.00+0.22 33.76+0.19 11.11+0.02
57 4 84.88+0.27 55.80+0.03 43.93+0.12 36.71+0.05 11.87+0.02
8 88.51+0.60 62.15+1.19 48.74+1.27 41.81+0.76 13.24+0.21
16 93.14+0.31 69.50+1.29 56.84+0.82 48.39+1.07 15.18+0.13
2 82.35+0.01 52.14+0.05 40.92+0.05 33.70+0.08 11.10+0.01
13 4 84.56+0.07 56.00+0.12 44.09+0.14 36.93+0.20 11.89+0.02
8 88.36+0.69 61.83+0.95 48.93+0.92 41.64+0.63 13.20+0.20
16 92.91+0.03 71.12+0.23 57.63+0.51 49.86+0.48 15.22+0.05
2 82.35+0.04 52.17+0.04 40.93+0.22 33.71+0.06 11.1240.02
33 4 84.71+0.13 55.91+0.12 43.92+0.10 36.95+0.18 11.84+0.03
8 88.77+0.45 62.40+1.08 49.23+1.40 41.56+0.49 13.2940.23
16 93.10+0.43 71.65+0.51 57.93+0.72 50.32+0.46 15.34+0.11
2 82.37+0.09 52.04+0.10 40.78+0.23 33.64+0.15 11.09+0.01
73 4 84.75+0.25 55.89+0.27 43.74+0.44 36.84+0.18 11.84+0.06
8 88.45+0.29 61.68+0.53 48.55+0.49 41.45+0.53 13.15+0.10
16 93.10+0.26 71.05+0.14 57.15+0.43 49.73+0.13 15.36+0.09
2 82.35+0.04 52.13+0.05 40.90+0.23 33.65+0.08 11.10£0.02
Drug-few(53) 4 84.78+0.24 56.20+0.07 43.95+0.13 36.80+0.62 11.89+0.06
& 8 88.54+0.37 61.95+0.43 48.79+0.15 41.66+0.23 13.20+0.12
16 93.16+0.11 71.70+0.13 58.17+0.34 50.22+0.21 15.40+0.08
Table 11: Ablation study on layer norm tuning.
EF
Sample ‘ Method ‘ AUROC (%) ‘ BEDROC (%) ‘ 0.5% 1% %

2 w/o norm 81.86+0.02 51.33+£0.05 40.32+0.07 33.07+0.09 10.97+0.02

Drug-few 82.35+0.04 52.13+0.05 40.90+0.23 33.65+0.08 11.10+0.02

4 w/0o norm 83.65+0.11 54.02+0.25 42.70+0.11 35.2540.15 11.56+0.05

Drug-few 84.78+0.24 56.20+0.07 43.95+0.13 36.800.62 11.89+0.06

3 w/0 norm 87.47+0.07 60.30+0.58 47.84+0.31 40.64+0.58 12.85+0.12

Drug-few 88.54+0.37 61.95+0.43 48.79+0.15 41.66+0.23 13.20+0.12

16 w/o norm 92.27+0.21 68.46+0.11 55.67+0.14 47.78+0.13 14.88+0.12

Drug-few 93.16+0.11 71.70+0.13 58.17+0.34 50.22+0.21 15.40+0.08

adding any parameters or increasing model complexity, thus avoiding the instability associated with
standard cross-attention. This ablation study validates the effectiveness and robustness of our inter-
action design.

H.4 LIGAND-ONLY PROTOTYPE RANKING

To investigate whether the performance improvement of Drug-few is solely due to better ligand
representation, we conduct an ablation study using a ligand-similarity based prototype method. In
this experiment, we first train the original Drug-few model using the standard training procedure.
During evaluation, we freeze all model parameters and completely remove the pocket branch, so
that the model no longer uses any pocket information or interaction module. The features of active
support ligands are encoded using the frozen molecule encoder, averaged to form a prototype, and
query molecules are ranked solely by their similarity to this prototype.
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Table 12: Ablation study comparing the cross-attention variant with our proposed interaction mech-
anism on the DUD-E benchmark

EF
Sample ‘ Method ‘ AUROC (%) ‘ BEDROC (%) ‘ 0.5% 1% 5%

2 Ccross 83.60+0.18 54.44+0.48 42.63+0.18 35.22+0.46 11.58+0.07
Drug-few 82.35+0.04 52.13£0.05 40.90+0.23 33.65+0.08 11.10£0.02

4 Ccross 89.22+0.18 56.90+4.62 42.63+3.68 36.64+3.70 12.88+0.47
Drug-few 84.78+0.24 56.20£0.07 43.95+0.13 36.80+0.62 11.89+0.06

8 Cross 90.99+1.59 56.12+6.87 42.1946.06 36.36+5.12 13.27+1.03
Drug-few 88.54+0.37 61.95+0.43 48.79+0.15 41.66+0.23 13.20+0.12

cross 93.38+0.28 56.75%1.30 42.94+1.32 37.28+1.00 14.38+0.14

Drug-few 93.16+0.11 71.70+0.13 58.17+0.34 50.22+0.21 15.40+0.08

TabldI3] summarizes the results on the DUD-E benchmark. The ligand-similarity prototype method
consistently underperforms Drug-few across all metrics, particularly in early enrichment and
BEDROC. This confirms that Drug-few’s performance gain arises from effectively capturing pocket-
ligand interactions rather than merely improving ligand representations.

Table 13: Comparison of Drug-few with a ligand-similarity prototype method on the DUD-E bench-

mark.
EF
Sample ‘ Method ‘ AUROC (%) ‘ BEDROC (%) ‘ 0.5% 1% 5%
2 prototype 80.23%1.14 45.94+3.33 35.57+2.66 29.25+2.32 10.05+0.62
Drug-few 82.35+0.04 52.13+0.05 40.90+0.23 33.65+0.08 11.10£0.02
4 prototype 83.08+0.52 50.95+0.53 39.43+0.20 33.18+0.41 11.07+0.09
Drug-few 84.78+0.24 56.20+0.07 43.95+0.13 36.800.62 11.89+0.06
3 prototype 84.81+0.36 51.51+0.31 40.42+0.76 34.36+0.41 11.38+0.02
Drug-few 88.54+0.37 61.95+0.43 48.79+0.15 41.66+0.23 13.20+0.12
16 prototype 87.06+0.14 55.09+0.19 45.19+0.18 38.21+0.25 12.33£0.06
Drug-few 93.16+0.11 71.70+0.13 58.17+0.34 50.22+0.21 15.40+0.08
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I POTENTIAL DATA LEAKAGE

To evaluate whether potential data leakage affects the reliability of our conclusions, we perform an
additional study using a version of DrugCLIP retrained after removing any proteins that overlap
with the test set. Table El summarizes the results on the DUD-E benchmark. Even after filtering,
our method consistently outperforms the zero-shot baseline of this retrained DrugCLIP across all
sample sizes, indicating that its effectiveness remains robust and is not attributable to unintended
data leakage.

Table 14: Performance of Drug-few using a version of DrugCLIP retrained after removing any
proteins that overlap with the test set.

EF
0.5% 1% 5%

Sample ‘ Method ‘ AUROC (%) ‘ BEDROC (%) ‘

2 zero-shot 74.82+0.03 32.59+0.05 25.43+0.06 20.57+0.06 7.61+0.01
Drug-few 78.53+0.22 38.07+0.34 28.92+0.19 24.25+0.23 8.76+0.07

4 zero-shot 74.84+0.02 32.50+0.02 25.77+0.04 20.70+0.02 7.62+0.01
Drug-few 82.53+0.06 44.12+0.39 34.27+0.49 28.41+0.34 9.94+0.10

3 zero-shot 74.82+0.05 32.29+0.03 26.25+0.18 21.010.01 7.63+0.02
Drug-few 88.82+0.40 55.91+0.56 43.02+0.30 37.02+0.26 12.54+0.12

16 zero-shot 74.91+0.13 32.05+0.12 27.69+0.12 21.66+0.08 7.65+0.03
Drug-few 93.60+0.26 65.47+1.26 52.44+1.52 45.05+1.09 14.95+0.15

J SENSITIVITY ANALYSIS OF TMI MODULE TO BATCH SIZE

To evaluate the sensitivity of the TMI module to inference batch size and batch composition, we
conduct experiments on the DUD-E benchmark with batch sizes of 8, 16, 32, and 64. As shown in
Table T3] the performance remains largely consistent across all batch sizes, with negligible differ-
ences compared to our default batch size of 32. These results indicate that the TMI module is robust
to variations in batch size.

Table 15: Performance of Drug-few under different inference batch sizes on the DUD-E benchmark.

. EF
Sample Method (Batch Size) AUROC (%) BEDROC (%) 0.5% 1% 5%

8 82.34+0.04 52.13+0.05 40.89+0.24 33.65+0.09 11.10+0.01

2 16 82.35+0.04 52.13+0.05 40.89+0.23 33.66+0.08 11.10£0.01
64 82.35+0.04 52.13+0.05 40.90+0.23 33.65+0.08 11.10+£0.01

Drug-few (32) 82.35+0.04 52.13+0.05 40.90+0.23 33.65+0.08 11.10+0.02

8 84.78+0.24 56.20+0.07 43.97+0.14 36.99+0.29 11.89+0.07

4 16 84.78+0.24 56.20+0.07 43.95+0.14 37.00+0.29 11.89+0.06
64 84.78+0.24 56.20+0.07 43.96+0.12 37.01£0.28 11.89+0.06

Drug-few (32) 84.78+0.24 56.20+0.07 43.95+0.13 36.80+0.62 11.89+0.06

8 88.53+0.37 61.95+0.43 48.78+0.16  41.66+0.22 13.19£0.12

3 16 88.54+0.37 61.95+0.43 48.78+0.17 41.66+0.23 13.20+0.12
64 88.54+0.37 61.96+0.43 48.79+0.15 41.66+0.24 13.20£0.12

Drug-few (32) 88.54+0.37 61.95+0.43 48.79+0.15 41.66+0.23 13.20+0.12

8 93.160.10 71.69+0.13 58.20+0.34 50.22+0.20 15.39+0.08

16 16 93.16x0.11 71.70£0.13 58.20+0.33 50.25+0.24 15.39+0.08
64 93.1620.11 71.71+0.12 58.18+0.35 50.22+0.20 15.39+0.09

Drug-few (32) 93.1620.11 71.70£0.13 58.17+0.34 50.2240.21 15.40+0.08

K LLM USAGE STATEMENT

For this study, LLMs are used solely to polish the manuscript. They do not contribute to concep-
tual development, experimental procedures, data analysis, or interpretation of results. All research-
related ideas and technical content are entirely produced and verified by the authors.

21



	Introduction
	Method
	Overview of Drug-few
	Base model 
	Few-shot adaptation framework
	Token-level Mutual Interaction (TMI) module
	Gated Prompt Adapter (GPA)

	Training and inference stages
	Training stage
	Inference stage


	Experiments
	Comparison with zero-shot DrugCLIP
	Comparison with ligand-only few-shot method
	Evaluation under similarity-controlled splits
	Ablation study
	Visualization

	Conclusion
	Related work
	Details of training and inference stages
	Details of benchmark datasets
	Custom CLIP few-shot strategies
	Prompt insertion before the encoder
	Prompt insertion after the encoder

	Pseudo code
	Case study
	Per-target performance analysis
	Ablation study
	Prompt token numbers
	Layer norm tuning
	Interaction mechanism
	Ligand-only prototype ranking

	Potential data leakage
	Sensitivity analysis of TMI module to batch size
	LLM Usage Statement

