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Abstract

Virtual screening (VS) is a critical step in computer-aided
drug discovery, aiming to identify molecules that bind to a
specific target protein. Traditional VS methods, such as dock-
ing, are often too time-consuming to efficiently screen large-
scale molecular databases. Recent advances in deep learn-
ing have demonstrated that learning vector representations
for both proteins and molecules using contrastive learning
can outperform traditional docking methods. However, con-
sidering that the target databases often contain billions of
molecules, real-valued vector representations adopted by ex-
isting methods can still incur large memory and time cost
in VS. To address this problem, we propose DrugHash, a
hashing-based contrastive learning method for VS. DrugHash
formulates VS as a retrieval task that leverages binary hash
codes for efficient retrieval. In particular, DrugHash designs
a simple yet effective hashing strategy to enable end-to-
end learning of binary hash codes for both proteins and
molecules, which can dramatically reduce the memory and
time cost with higher accuracy compared with existing meth-
ods. Experimental results show that DrugHash can outper-
form existing methods to achieve state-of-the-art accuracy,
with at least a 32× reduction in memory cost and a 4.6×
improvement in speed.

Introduction
Due to the high failure rate of drug candidates, drug dis-
covery requires a long development cycle and substantial
cost (Gorgulla et al. 2020). Virtual screening (VS) is a criti-
cal step in computer-aided drug discovery, aiming to identify
molecules that bind to a specific target protein. High-quality
VS can streamline the drug discovery process by identify-
ing promising lead compounds, thereby reducing both time
and resource cost. One of the key factors influencing the
effectiveness of VS is the size of the molecular database.
A larger database generally includes more potential binding
molecules, increasing the likelihood of identifying effective
drug candidates. However, as shown in (Lyu et al. 2019), a
poorly performing VS method will increase the false pos-
itive rate when the database is enlarged. This highlights
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two requirements for effective VS: a large-scale molecular
database and an effective VS algorithm.

Numerous large-scale molecular databases have been de-
veloped for drug discovery. For instance, ZINC (Irwin
and Shoichet 2005), a widely used commercial database,
contains over 1.4 billion compounds in its latest release
called ZINC20 (Irwin et al. 2020). The Enamine REAL
database (Shivanyuk et al. 2007) contains over 6.75 bil-
lion molecules. Despite the availability of these extensive
databases, existing VS methods often struggle to handle
their scale. Traditional VS methods, such as molecular dock-
ing methods, are particularly time-consuming when screen-
ing large molecular databases. For instance, AutoDock
Vina (Kitchen et al. 2004) requires around 70 seconds
to dock a single molecule with a single-core CPU when
the exhaustiveness is set to 8. Hence, docking millions of
molecules, the scale of which is comparable with or even
smaller than those in many real applications, would take
Vina over two years. While increasing the number of CPUs
can reduce docking time, it comes with substantial resource
consumption.

In contrast, the learning-based VS methods (Zheng, Fan,
and Mu 2019; Jones et al. 2021; Zhang et al. 2023; Wu
et al. 2022; Yazdani-Jahromi et al. 2022) are relatively more
resource-efficient. However, most of the existing methods
focus on predicting the binding affinity or interactions be-
tween the proteins and molecules, As a result, they often
fail to outperform traditional docking methods in VS bench-
marks. Recently, DrugCLIP (Gao et al. 2023) proposes to
formulate VS as a retrieval task rather than learning the bind-
ing affinity or protein-molecule interaction. Through con-
trastive learning, DrugCLIP learns real-valued vector rep-
resentations for both proteins and molecules, enabling it to
surpass traditional docking methods. However, the use of
real-valued vector representations for molecular databases,
particularly those containing billions of molecules, presents
a significant challenge on memory consumption. For ex-
ample, DrugCLIP encodes molecules into 128-dimensional
real-valued vectors, and hence the real-valued vector repre-
sentations for the Enamine REAL database would have a
memory cost of nearly 3TB, which is extremely large for
local computer memory. Additionally, loading pre-encoded
vectors from storage, computing similarity scores between
billions of vectors, and ranking the results can be time-



consuming.
In this paper, we propose a hashing-based contrastive

learning method, called DrugHash, for VS. DrugHash also
treats VS as a retrieval task, but it uses binary hash codes for
efficient retrieval. The contributions of DrugHash are out-
lined as follows:

• To the best of our knowledge, DrugHash is the first hash-
ing method for VS.

• DrugHash designs a simple yet effective hashing strat-
egy to enable end-to-end learning of binary hash codes
for both protein and molecule modalities, which can dra-
matically reduce the memory and time cost.

• DrugHash can also outperform existing methods in terms
of accuracy. This seems to be counter-intuitive but is ac-
tually reasonable, because binary hash codes can act as a
constraint (regularization) for improving generalization
ability.

• Experimental results show that DrugHash can outper-
form existing methods to achieve state-of-the-art accu-
racy, with at least a 32× reduction in memory cost and a
4.6× improvement in speed.

Related Works
Virtual Screening Existing VS methods can be broadly
categorized into two main classes: docking-based methods
and learning-based methods. Docking-based methods like
FlexX (Rarey et al. 1996), Glide (Friesner et al. 2004)
and AutoDock Vina (Trott and Olson 2010) involve pre-
dicting the molecule conformation and pose given a tar-
get protein (Kitchen et al. 2004). Docking relies on com-
plex scoring functions to estimate the binding affinity or
strength of the connection between the molecule and the tar-
get protein (Raval and Ganatra 2022). Random approaches
like Monte Carlo and genetic algorithms are performed to
search the vast conformation space to find the optimal dock-
ing pose. Hence, docking-based methods are typically very
time-consuming.

Most of the learning-based methods are supervised by
the binding affinities or interactions between molecules and
proteins. Methods such as OnionNet (Zheng, Fan, and Mu
2019), FAST (Jones et al. 2021), Planet (Zhang et al. 2023),
and CAPLA (Jin et al. 2023) treat VS as a regression task
that predicts the binding affinities of the protein-ligand com-
plex. Another kind of methods such as BridgeDPI (Wu
et al. 2022), TransformerCPI (Chen et al. 2020), and At-
tentionSiteDTI (Yazdani-Jahromi et al. 2022) treat the prob-
lem as a binary classification task and predict whether
or not a molecule could bind to the target protein. How-
ever, due to the scarcity of labeled data, the performance
of these supervised methods is limited and falls behind
docking-based methods (Brocidiacono et al. 2022). Re-
cently, DrugCLIP (Gao et al. 2023) proposes to formulate
VS as a retrieval task. By applying data argumentation and
learning real-valued vector representations for proteins and
molecules with a contrastive learning objective, DrugCLIP
can surpass traditional docking methods on VS benchmarks.
However, the real-valued vectors for feature representations

will bring large memory and time cost to screen billion-scale
molecular databases.

Cross-Modal Hashing Hashing adopts a hash function to
map each data point in the database to a binary vector (or
called hash code) while preserving the similarity in the orig-
inal space. In cross-modal hashing (CMH), the modality of
the query point is different from the modality of the points in
the database, and hence different hash functions will be de-
signed for different modalities (Bronstein et al. 2010; Kumar
and Udupa 2011; Lin et al. 2015). Binary hash codes have
advantages in low storage cost and fast retrieval time, and
hence there are many CMH methods proposed for multime-
dia data (text, audio, images, video) retrieval (Jiang and Li
2017; Deng et al. 2018; Shen et al. 2020; Hu et al. 2022). To
the best of our knowledge, no research has explored hash-
ing and CMH on VS problems including protein-molecule
retrieval.

Method
In this section, we present the details of our proposed
method called DrugHash, which is a hashing-based con-
trastive learning method. DrugHash treats VS as a retrieval
task. Although the techniques in DrugHash can be used
for various VS problems, we focus on protein-ligand com-
plexes (Wang et al. 2005; Yang, Roy, and Zhang 2012;
Gaulton et al. 2012) in this paper. Hence, the term protein ac-
tually refers to the protein pocket. For brevity, we will con-
tinue to use protein in the following content. The term ligand
refers to a small molecule that binds to a target protein. The
complexes reveal the structural and functional relationships
between proteins and molecules. We treat the complexes as
data of two modalities: proteins and molecules. DrugHash
uses protein queries to retrieve molecules in the database.

The hash function can be manually designed or learned
from the training data. We focus on learning hash functions
for proteins and molecules. Figure 1 illustrates the archi-
tecture of DrugHash1. DrugHash contains the protein and
molecule encoder and the objective function which includes
a contrastive learning objective and a cross-modal hashing
objective.

Protein and Molecule Encoder

Various protein and molecule encoders can be adopted in
DrugHash. To show the effectiveness of our proposed hash-
ing strategy, we adopt the same encoder as DrugCLIP (Gao
et al. 2023), which is a pre-trained SE(3) Transformer pro-
posed in Uni-Mol (Zhou et al. 2023). The input of the en-
coder are atom representation which is initialized from atom
type and pair representation which is initialized by encoding
the Euclidean distance between pairs of atoms using a Gaus-
sian kernel (Shuaibi et al. 2021). We denote the pair repre-
sentation of ij in layer l as ql

ij . ql
ij is first updated by the

Query-Key product in attention mechanism (Vaswani et al.

1The protein and molecule pictures in Figure 1 and Figure 2 are
from Protein Data Bank (Berman et al. 2000).



Figure 1: Illustration of the DrugHash architecture.

2017):

ql+1,h
ij = ql,h

ij +
Ql,h

i (Kl,h
j )⊤

√
d

, h ∈ [1, H], (1)

where Ql,h
i and Kl,h

j is the Query and Key of i-th and j-th
atom representation in layer l for the h-th attention head, H
is number of attention heads, d is the dimension of Key. The
pair representation serves as a bias term in self-attention to
update the atom representation:

Attention(Ql,h
i ,Kl,h

j ,V l,h
j )

= softmax(
Ql,h

i (Kl,h
j )⊤

√
d

+ ql,h
ij )V l,h

j ,
(2)

where V l,h
j is the Value of the j-th atom representation in

layer l for the h-th attention head. The above encoder is
pre-trained through 3D position recovery and atom-type re-
covery tasks. The input atom coordinates are randomly cor-
rupted, and the model is trained to predict the correct posi-
tions and pairwise distance of the atoms. The atom types of
corrupted atoms are also masked by a [CLS] token, and the
model is trained to predict the masked atom type. The pro-
tein encoder is pre-trained on 3.2 million protein pockets and
the molecule encoder is pre-trained on 19 million molecules.
The encoder of DrugHash is initialized by the parameter of
the trained encoder.

Formally, we denote the above encoding process of pro-
tein and molecule as Ep and Em respectively. Consider-
ing a set of n complexes, we denote the set of proteins as
P = {p1, p2, · · · , pn} and the set of molecules as M =
{m1,m2, · · · ,mn}. For any index k, pk and mk indicate the
protein and molecule data originating from the same com-
plex. For a protein-molecule pair (pk,mk), their vector rep-
resentation (yp

k,y
m
k ) can be obtained by:

(yp
k,y

m
k ) = (Ep(pk), Em(mk)). (3)

Objective Function
The objective function of DrugHash includes a contrastive
learning objective and a cross-modal hashing objective. The

contrastive learning objective aims to align the representa-
tion of proteins and molecules in a shared embedding space.
The cross-modal hashing objective aims to enable end-to-
end learning of the binary hash codes for both protein and
molecule modalities.

Contrastive Learning We aim to maximize the similarity
between correct pairs and minimize the similarity between
incorrect pairs. In this context, the word “correct” means
that the protein and molecule belong to the same complex.
The encoded protein set Ep(P ) = {yp

1 ,y
p
2 , · · · ,yp

n} and
the encoded molecule set Em(M) = {ym

1 ,ym
2 , · · · ,ym

n }.
As shown in Figure 1, there are n2 protein-molecule pairs
in total, but only the pairs in the diagonal are supposed to
be similar. We use cosine similarity to define the similarity
between yp

i and ym
j :

sim(yp
i ,y

m
j ) = (yp

i )
⊤ · ym

j /(∥yp
i ∥∥y

m
j ∥). (4)

We use infoNCE loss (Oord, Li, and Vinyals 2018) to de-
fine our contrastive learning objective, which aims to mini-
mize the negative log-likelihood of similar protein-molecule
pairs. From the perspective of protein modality, we aim to
distinguish the true ligand that binds to the given protein:

Lp
k = − 1

n
log

exp(sim(yp
k,y

m
k )/τ)∑

i exp(sim(yp
k,y

m
i )/τ)

, (5)

where τ denotes a temperature hyperparameter. From the
perspective of molecule modality, we aim to distinguish the
true receptor that accepts the given molecule:

Lm
k = − 1

n
log

exp(sim(yp
k,y

m
k )/τ)∑

i exp(sim(yp
i ,y

m
k )/τ)

. (6)

The above loss function has been utilized in existing works
like CLIP (Radford et al. 2021) and DrugCLIP (Gao et al.
2023). The overall contrastive learning objective is defined
as:

Lc =
1

2

n∑
k=1

(Lp
k + Lm

k ). (7)



Figure 2: Illustration of the inference stage.

Cross-Modal Hashing Note that the vector representation
yp
k and ym

k of protein and molecule is still real-valued at this
stage. Unlike existing methods, we aim to learn the binary
hash codes for both protein and molecule modality. Let bpk ∈
{−1, 1}d and bmk ∈ {−1, 1}d respectively denote the binary
hash codes for protein pk and molecule mk, where d is the
code length and is the same as the embedding dimension
of yp

k and ym
k . We define the loss function for hashing as

follows:

Lhash =
1

nd

n∑
k=1

(∥yp
k − bpk∥

2
2 + ∥ym

k − bmk ∥22). (8)

The loss function designed in this way has two purposes. On
one hand, it brings yp

k and ym
k closer to its binary hash codes

bpk and bmk . On the other hand, it serves as a regularization
term to alleviate model overfitting.

The overall objective function is formulated as follows:

L = Lc + λLhash, (9)

where λ is a hyperparameter for balancing the two loss
terms.

Training and Inference
We denote the whole parameter of Ep and Em as θ. In the
training stage, the model parameter θ and binary hash codes
bpk and bmk can be optimized alternately. When θ is fixed, bpk
and bmk can be obtained by

bpk = sign(yp
k),

bmk = sign(ym
k ),

(10)

where the function sign(·) returns the signs of the elements.
When the binary hash codes are fixed, θ can be optimized by
backpropagation.

In the inference stage, as illustrated in Figure 2, we aim
to retrieve molecules that would bind to the target protein
from the molecular database. Given a target protein p and
molecular database DM = {m1,m2,m3, · · · }, the binary
hash code bp of protein and binary vector database BDm

of

molecules can be obtained as follows:
bp = sign(Ep(p)),

BDm
= {bm1 , bm2 , · · · }
= {sign(Em(m1)), sign(Em(m2)), · · · }.

(11)

The number -1 in hash codes can be easily changed to 0 to
get the final hash code representation. We rank the molecules
most likely to bind with the target protein based on Ham-
ming distance, which can be calculated as the number of
different bits of binary hash codes.

Experiment
Evaluation Settings
Metric We adopt several metrics to evaluate the accuracy
of VS: the area under the receiver operating characteris-
tic curve (AUROC), the Boltzmann-enhanced discrimina-
tion of receiver operating characteristic (BEDROC), and the
enrichment factor (EF). AUROC is a commonly used met-
ric to evaluate the ranking performance. BEDORC is a met-
ric proposed in (Truchon and Bayly 2007), which is sensi-
tive to “early recognition”. EF is formulated as EFx% =

Hitsx%/Nx%

Hitstotal/Ntotal , where Hitsx% and Hitstotal denote the ac-

tives in top x% and total database, Nx% and Ntotal denote
the number of molecules in top x% and total database. We
consider the EFx% of EF0.5%, EF1% and EF5%. We also
calculate the memory and time cost for different VS meth-
ods.

Datasets To train DrugHash, we adopt the same training
datasets as DrugCLIP, which is the PDBBind dataset (Wang
et al. 2005) argumented by HomoAug (Gao et al. 2023). To
benchmark the VS performance of different methods, we
adopt two evaluation datasets, which are DUD-E (Mysinger
et al. 2012) and LIT-PCBA (Tran-Nguyen, Jacquemard,
and Rognan 2020). DUD-E contains 102 protein targets, in
which each target is associated with a set of ligands and de-
coys. The total number of ligands is 22,886 and each is with
50 property-matched decoys. LIT-PCBA contains 15 target
proteins, and the number of active compounds is 7,844 while



AUROC BEDROC EF0.5% EF1% EF5%

Glide-SP 76.70 40.70 19.39 16.18 7.23
Vina 71.60 - 9.13 7.32 4.44

NN-score 68.30 12.20 4.16 4.02 3.12
RF-Score 65.21 12.41 4.90 4.52 2.98
Pafnucy 63.11 16.50 4.24 3.86 3.76
Planet 71.60 - 10.23 8.83 5.40
Banana 50.14 2.40 1.19 1.18 1.01
DrugCLIP 79.45 47.82 37.86 30.76 10.10
DrugCLIP+sign 76.82 41.42 33.87 26.50 8.89

DrugHash 83.73 57.16 43.03 37.18 12.07

Table 1: Results on DUD-E

the number of inactive compounds is 407,381. To evalu-
ate the memory and time cost of different VS methods, we
adopt the ZINC database (Irwin et al. 2020) and the Enam-
ine REAL database (Shivanyuk et al. 2007). ZINC contains
2.3 million ready-to-dock molecules. Enamine REAL is a
database designed for ultra-large scale VS which contains
more than 6.75B molecules.

Baselines On the DUD-E dataset, we adopt 7 base-
lines, which include two docking methods Glide-SP (Fries-
ner et al. 2004) and Vina (Trott and Olson 2010),
and five learning based methods NN-score (Durrant and
McCammon 2011), RF-Score (Ballester and Mitchell
2010), Pafnucy (Stepniewska-Dziubinska, Zielenkiewicz,
and Siedlecki 2017), Planet (Zhang et al. 2023), Ba-
nana (Brocidiacono et al. 2022), and DrugCLIP (Gao et al.
2023). On the LIT-PCBA dataset, we adopt 7 baselines,
which include three docking methods Surflex (Spitzer and
Jain 2012), Glide-SP (Friesner et al. 2004) and Gnina (Mc-
Nutt et al. 2021), and four learning based methods Deep-
DTA (Öztürk, Özgür, and Ozkirimli 2018), Planet (Zhang
et al. 2023), Banana (Brocidiacono et al. 2022), and Drug-
CLIP (Gao et al. 2023). We directly apply sign(·) function
on the trained DrugCLIP model to obtain binary output as
an additional baseline.

Implementation Details In our implementation, we set
the hyperparameter λ to 0.2. The temperature coefficient τ is
set to 0.07. Each time, we sample 48 protein-molecule pairs
for contrastive learning. The code length of the output binary
hash codes is 128. Our model is trained on NVIDIA RTX
A6000 GPUs, and each model is trained up to 200 epochs.
The model is trained for five random seeds and we report the
average results. The CASF-2016 dataset (Su et al. 2018) is
used as the validation set to select the best number of epoch.
We utilize gradient accumulation, performing gradient back-
propagation every four steps on a single GPU card, which is
equivalent to using four cards for distributed training. The
time test is running on the Intel Xeon Gold 6240R CPUs.

Results
Evaluation on DUD-E We compare the AUROC,
BEDORC and EF of DrugHash with baselines on the DUD-
-E dataset. The results are shown in Table 1. DrugCLIP has
several versions in the original paper. For a fair compari-
son, we train DrugCLIP using the same dataset and evaluate

AUROC BEDROC EF0.5% EF1% EF5%

Surflex 51.47 - - 2.50 -
Glide-SP 53.15 4.00 3.17 3.41 2.01
Gnina 60.93 5.40 - 4.63 -

DeepDTA 56.27 2.53 - 1.47 -
Planet 57.31 - 4.64 3.87 2.43
Banana 62.78 5.02 3.98 3.79 2.83
DrugCLIP 56.36 6.78 7.77 5.66 2.32
DrugCLIP+sign 55.82 5.96 7.35 4.70 2.03

DrugHash 54.58 7.14 9.65 6.14 2.42

Table 2: Results on LIT-PCBA

the zero-shot results on DUD-E, and the results are consis-
tent with those of the original paper. DrugHash also does not
perform any finetuning on the DUD-E dataset and the zero-
shot results are reported. We can find that DrugHash outper-
forms the baselines across all metrics. DrugHash uses the
same encoder and training data as DrugCLIP, but it outper-
forms DrugCLIP by a large margin across all metrics, which
shows the superiority of our hashing strategy. When directly
post-processing the output of DrugCLIP into binary values,
the accuracy drops. This demonstrates the effectiveness of
our hashing strategy which integrates the binary coding pro-
cess into the whole learning process.

Evaluation on LIT-PCBA We compare the AUROC,
BEDORC and EF of DrugHash with baselines on the
LIT-PCBA dataset. The results are shown in Table 2.
LIT-PCBA is a more challenging dataset compared to DUD-
-E, and we can find that the performance of all meth-
ods has declined. DrugHash outperforms all other methods
on metrics of BEDROC, EF05% and EF1%. The perfor-
mance of DrugHash on AUROC is not outstanding. How-
ever, as pointed out in (Truchon and Bayly 2007), AU-
ROC is not sensitive to early recognition. Early recogni-
tion means a good VS method should rank actives very
early among all molecules, because only a small proportion
of potential actives will be tested in experiments. Hence,
AUROC is less meaningful compared with other metrics.
Although DrugHash does not surpass Banana on EF5%,
it significantly outperforms Banana on EF05% and EF1%.
EF05% and EF1% are more aligned with the requirement of
early recognition than EF5%. Moreover, Banana generalizes
poorly on the DUD-E dataset. Overall, the experiment re-
sults show the effectiveness of DrugHash.

Memory and Time cost We show the memory and time
cost of Planet, Banana, DrugCLIP and DrugHash when
adopting ZINC and Enamine REAL as the target molecule
library in Table 3. Unlike the learning-based methods, Vina
could only store the raw molecule files. The memory cost of
raw molecule files is extremely high, so we do not present
them in the table. For the ZINC database, which contains
around 2.3 million ready-to-dock molecule files, the mem-
ory cost of real-valued vectors is still acceptable for the three
real-valued methods. However, when the database size in-
creases to the size of the REAL database, the memory cost
for real-valued vectors rises to around 3080GB, which is



Model Memory Cost Loading | Computing Time Cost
ZINC (∼2.3M) REAL (∼6.5B) ZINC (∼2.3M) REAL (∼6.5B)

Vina - - - | 1863 days - | -
Planet 2.57GB 7264GB 1.42 | 1749 seconds 1.20 | 1408 hours
Banana 1.00GB 3080GB 0.66 | 67.05 seconds 0.52 | 52 hours
DrugCLIP 1.00GB 3080GB 0.66 | 0.35 seconds 1876 | 1064 seconds

DrugHash 0.03GB 96GB 0.02 | 0.20 seconds 57 | 301 seconds

Table 3: Comparison of memory and time cost
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Figure 3: (a) Comprehensive comparison of EF0.5%, memory cost and time cost. (b) The results of EF0.5%, EF1% and EF5%

on different λ.

unacceptable for the memory of most computers. However,
DrugHash only needs 96GB to store the REAL database,
which is about 32 times smaller than that of Banana and
DrugCLIP, and 75 times smaller than that of Planet.

We also evaluate the time cost of the above methods when
using only one target protein as the query. We show the data-
loading time from storage and the computing time separately
in Table 3. The time cost of Vina to dock the total ZINC
dataset takes around 1863 days which is impractical in real-
world applications, so we do not show the time cost for the
larger REAL database. Though Planet and Banana can pre-
encode the proteins and molecules to vector representations,
they have to further fuse the protein and molecule represen-
tations to predict the final binding affinity or interaction. On
a database with the same size of ZINC, their required time is
still acceptable, but on REAL, their time cost rises to tens or
even thousands of hours. DrugCLIP takes much less time on
both databases compare with the above methods. DrugHash
is the fastest method and achieves more than 4.6 times faster
than DrugCLIP on the REAL database. DrugHash has more
significant advantage as the number of target proteins in-

creases.
We show the results of a comprehensive comparison of

EF0.5%, memory cost and time cost in Figure 3a. We can see
that Vina is not practical due to the large memory and time
cost. Planet and Banana require less memory and time cost,
but the cost is still too large for real applications, and their
accuracy is not satisfactory. Although DrugCLIP performs
VS at a relative faster speed, its pre-encoded molecular vec-
tors still poses storage challenge for computational devices.
DrugHash addresses the issue of high memory consumption
required by the other learning-based methods and simulta-
neously enhances retrieval speed. Furthermore, DrugHash
achieves the highest accuracy, which shows the promising
potential of DrugHash in VS.

Analysis of Hashing Strategy
In this subsection, we will conduct a detailed analysis of how
the hashing strategy works.

Sensitivity Analysis of λ We study the sensitivity of the
hyperparameter λ in DrugHash. The results are shown in



Model AUROC BEDROC EF0.5% EF1% EF5%

DrugHash-64 83.17 55.12 41.01 35.40 11.73
DrugHash-128 ⋆ 83.73 57.16 43.03 37.18 12.07
DrugHash-256 84.96 59.23 43.67 37.76 12.50
DrugHash-512 84.06 60.50 44.44 39.30 12.57

Table 4: Results of DrugHash with different code length
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Figure 4: The loss curve on validation set.

Figure 3b. The horizontal line indicates the results obtained
by removing the hashing strategy in training and directly us-
ing the real-valued vectors for calculation. Setting λ = 0
implies that no hashing strategy is applied during training;
however, during evaluation, the sign(·) function is still used
to generate binary hash codes. This serves as an ablation
study of the hashing strategy. In this case, we can find that
the accuracy drops by a large margin, which proves the ne-
cessity of our hashing strategy. When λ is tuned from 0 to
1.0, the accuracy of DrugHash initially increases, peaking
at λ = 0.2, before declining. When λ lies within the range
of 0.1 and 0.4, the accuracy of binary retrieval can consis-
tently exceed that of real-valued vectors. This demonstrates
that our methods perform robustly within a relatively broad
range of λ, and simply choosing λ within this range can
yield better results compared to DrugClip.

Code Length Experiment We study the influence of the
length of the binary hash codes. The results are shown
in Table 4. DrugHash-128 is marked with ⋆ to denote
our default implementation. We study the code length of
{64, 128, 256, 512}, and the accuracy of DrugHash continu-
ously improves as the code length increases. Therefore, the
accuracy of DrugHash could be improved by simply increas-
ing code length. However, a larger code length will bring
larger memory and time cost. But due to the efficiency of
binary hash codes, DrugHash is capable of adopting larger
code lengths. Even with the code length of 512, DrugHash
requires less than 200GB of memory cost to store the REAL
database. DrugHash offers a good trade-off between accu-
racy and cost in real-world applications.

Overfitting Analysis We provide an explanation of how
the hashing strategy enhances model accuracy. We demon-

Model EF5% EF1% EF0.5% Computing Time Cost
DrugHash 43.03 37.18 12.07 0.20 seconds
DrugHash+Faiss 42.00 37.08 12.08 0.06 seconds

Table 5: Performance of DrugHash with Faiss

strate the loss curves of DrugHash on the validation set with
and without the hashing strategy in Figure 4. In VS, the test
space is much larger than the training/validation space and
hence overfitting training/validation set is hard to avoid. In
particular, the training/validation set consists of paired pro-
tein and molecule, but during testing (real deployment), each
protein has to screen against tens of thousands of molecules.
We can find that the model without the hashing strategy has
the trend to overfit after 35k steps, with the loss on the vali-
dation set continuing to increase. However, after adding the
hashing strategy, the loss on our validation set continues to
decrease and reaches a lower value compared to the variant
without hashing. The experiment indicates that the hashing
strategy could alleviate the model overfitting and improve
the accuracy.

Combined with Faiss
The searching speed of DrugHash can be further improved
with Faiss (Douze et al. 2024). We denote the number of
samples as N and configure the settings as follows: #cells =
4
√
N and #probes = 0.1× #cells. The index is constructed

using IndexFlatIP. After embedding both the query protein
and the molecule database with DrugHash, we employ Faiss
to search for matching molecules. The accuracy on DUD-E
dataset and the search time on the ZINC database are shown
in Table 5. We can find that DrugHash can be combined with
Faiss to further improve the speed with only a minimal loss
in accuracy.

Conclusion
In this paper, we propose a hashing-based contrastive learn-
ing method, called DrugHash, for VS. DrugHash treats VS
as a retrieval task that uses binary hash codes for efficient
retrieval. In particular, DrugHash designs a simple yet effec-
tive hashing strategy to enable end-to-end learning of binary
hash codes for both protein and molecule modalities, which
can dramatically reduce the memory and time cost while im-
proving accuracy. Experimental results show that DrugHash
can outperform existing methods to achieve state-of-the-art
accuracy, with at least a 32× reduction in memory cost and
a 4.6× improvement in speed. We also conduct detailed ex-
periments on how the hashing strategy works.
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