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Abstract

Protein-ligand binding prediction is central to virtual screen-
ing and affinity ranking, two fundamental tasks in drug dis-
covery. While recent retrieval-based methods embed ligands
and protein pockets into Euclidean space for similarity-based
search, the geometry of Euclidean embeddings often fails
to capture the hierarchical structure and fine-grained affin-
ity variations intrinsic to molecular interactions. In this work,
we propose HypSeek, a hyperbolic representation learning
framework that embeds ligands, protein pockets, and se-
quences into Lorentz-model hyperbolic space. By leveraging
the exponential geometry and negative curvature of hyper-
bolic space, HypSeek enables expressive, affinity-sensitive
embeddings that can effectively model both global activity
and subtle functional differences–particularly in challenging
cases such as activity cliffs, where structurally similar ligands
exhibit large affinity gaps. Our model unifies virtual screen-
ing and affinity ranking in a single framework, introducing a
protein-guided three-tower architecture to enhance represen-
tational structure. HypSeek improves early enrichment in vir-
tual screening on DUD-E from 42.63 to 51.44 (+20.7%) and
affinity ranking correlation on JACS from 0.5774 to 0.7239
(+25.4%), demonstrating the benefits of hyperbolic geometry
across both tasks and highlighting its potential as a powerful
inductive bias for protein-ligand modeling.

Code — https://github.com/jianhuiwemi/HypSeek
Extended version — https://arxiv.org/pdf/2508.15480

1 Introduction
Modeling protein–ligand interactions is critical for drug
discovery, where accurate binding affinity prediction un-
derpins both large-scale virtual screening and fine-grained
ligand prioritization. Virtual screening seeks to identify
molecules likely to bind a given protein target from large
compound libraries, often containing millions or even bil-
lions of candidates. Approaches such as molecular dock-
ing (Friesner et al. 2004; Trott and Olson 2010) estimate
binding compatibility by sampling ligand poses and scor-
ing them with physics-based functions. While effective in
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Figure 1: Illustration of how hyperbolic geometry distin-
guishes activity cliffs (PDB ID: 5EHR). Left: Two struc-
turally similar ligands (Ligand ID: 5OD vs. its amino-
substituent-removed derivative) show an ∼80-fold affinity
difference. Right: The yellow and red points denote the two
ligands; the blue point is the pocket. Dashed lines show dis-
tances in hyperbolic (red/light blue) and Euclidean (dark
blue) space. Euclidean embeddings preserve structural sim-
ilarity but fail to reflect affinity gaps, while hyperbolic em-
beddings separate such pairs via both radial and angular di-
mensions (DH , green), enabling affinity-sensitive represen-
tations.

small-scale settings, these methods are computationally in-
tensive and scale poorly to modern library sizes. Unlike vir-
tual screening, which emphasizes identifying likely binders
from vast libraries, affinity ranking focuses on ordering
a smaller set of candidate ligands by predicted binding
strength, with physics-based techniques like free energy per-
turbation (FEP+) (Wang et al. 2015) offering high accuracy
at the cost of extensive molecular dynamics simulations.
These limitations restrict the practicality of traditional meth-
ods in early-stage drug discovery pipelines.

A notable shift in virtual screening came with Drug-
CLIP (Gao et al. 2023), which reframed the task as a dense
retrieval problem. Rather than predicting binding affinity
or docking poses, DrugCLIP learns contrastive embeddings
of ligands and protein pockets such that interacting pairs
are close in a shared Euclidean space. This design enables
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efficient similarity-based retrieval and allows for scalable
screening across billion-scale compound libraries. Despite
its promising performance and efficiency, DrugCLIP strug-
gles to capture fine-grained interaction patterns which are
essential for downstream affinity ranking. Recently, LigU-
nity (Feng et al. 2025) extends the retrieval-based frame-
work by unifying virtual screening and affinity ranking into
a single training objective. It combines contrastive learning
for global interaction patterns with listwise ranking to model
pocket-specific ligand preferences, aiming to jointly learn
both binding likelihood and relative affinity within a unified
embedding space.

While retrieval-based methods have shown strong po-
tential, they typically embed ligands and protein pockets
into Euclidean space, where distances grow linearly and the
geometry does not explicitly encourage separation based
on functional or activity-related differences. As a result,
standard Euclidean training objectives may fail to empha-
size fine-grained distinctions in binding strength, especially
when molecular structures are similar.

To enrich the embedding geometry and better capture
complex protein–ligand interactions, we propose HypSeek,
a retrieval-based model that embeds ligands, pockets, and
protein sequences into hyperbolic space. Unlike previous
dual-tower designs, HypSeek adopts a protein-guided three-
tower architecture during training to promote more struc-
tured representations. The curvature of hyperbolic space en-
ables affinity-sensitive encoding through both angular direc-
tion and radial depth, providing greater expressivity than
linear Euclidean geometry. This design not only enhances
fine-grained affinity discrimination, but also offers a natu-
ral mechanism to address activity cliffs—cases where struc-
turally similar ligands exhibit large differences in binding
strength. While Euclidean embeddings often enforce func-
tional similarity among structurally similar ligands, hyper-
bolic geometry allows such ligands to diverge meaningfully
in the embedding space, reflecting differences in interaction
modes or physicochemical properties. During inference, we
retain efficient similarity computation via Euclidean inner
products over hyperbolically shaped representations, pre-
serving scalability without sacrificing expressiveness.

We evaluate HypSeek across both large-scale virtual
screening and fine-grained affinity ranking tasks. On the
DUD-E (Mysinger et al. 2012) benchmark, HypSeek im-
proves EF1% from 42.63 to 51.44 (+20.7%), demonstrating
strong retrieval performance across targets. For affinity rank-
ing, it increases Spearman correlation on the JACS (Wang
et al. 2015) dataset from 0.5774 to 0.7239 (+25.4%), con-
sistently outperforming Euclidean baselines. These results
highlight the benefits of hyperbolic geometry in capturing
both global activity and nuanced affinity variation within a
unified embedding space.

In summary, our contributions are as follows:

• We propose a hyperbolic embedding framework for pro-
tein–ligand modeling, where the geometry naturally cap-
tures hierarchical interactions and targets the critical
challenge of activity cliffs by enabling structured sep-
aration of similar ligands with divergent affinities.

• We introduce HypSeek, a dense retrieval model with
a protein-guided three-tower architecture that integrates
structure and sequence information to learn affinity-
aware representations in hyperbolic space.

• HypSeek achieves strong performance on both virtual
screening and affinity ranking, capturing fine-grained
binding differences more effectively than Euclidean
baselines while maintaining scalable inference.

2 Related Work

Virtual Screening. Structure-based virtual screening tra-
ditionally relies on molecular docking methods such as
Glide (Friesner et al. 2004) and AutoDock (Trott and Ol-
son 2010), which predict ligand binding poses and evalu-
ate affinities using physics-based scoring functions. Some
predict binding affinity directly from protein–ligand com-
plex structures by learning scoring functions (McNutt et al.
2021a; Jiang et al. 2021; Shen et al. 2022; Cao et al. 2024),
while others infer interactions from raw structural inputs (Lu
et al. 2022; Zhang et al. 2023). A major shift occurred with
DrugCLIP (Gao et al. 2023), which introduced contrastive
retrieval by aligning ligand and pocket embeddings in a
shared Euclidean space for billion-scale similarity search.
This paradigm has since inspired a range of efficient re-
trieval methods. For example, DrugHash (Han, Hong, and
Li 2025a) employs binary hash codes for efficient retrieval
with reduced memory cost, and LigUnity (Feng et al. 2025)
integrates listwise ranking with contrastive screening.
Affinity Ranking. Accurate ranking of ligand binding
affinities is essential for lead optimization but remains
computationally challenging. Physics-based methods such
as FEP+ (Wang et al. 2015) and MM-GB/SA (Genheden
and Ryde 2015) deliver high accuracy via alchemical free-
energy calculations and implicit solvent models, respec-
tively, yet they require extensive molecular dynamics sam-
pling. Recent deep learning approaches seek to reduce
this cost: PBCNet (Yu et al. 2023) models pairwise lig-
and differences with graph neural networks, EHIGN (Yang
et al. 2024) encodes heterogeneous protein–ligand interac-
tion graphs, and LigUnity (Feng et al. 2025) combines con-
trastive screening with listwise ranking to jointly address
global retrieval and local prioritization.
Hyperbolic Representation Learning. Hyperbolic space
offers a natural geometry for data with latent hierarchies,
due to its exponential volume growth and low-distortion em-
beddings (Nickel and Kiela 2017; Chamberlain, Clough, and
Deisenroth 2017). It has been successfully applied in tax-
onomy modeling (Ganea, Bécigneul, and Hofmann 2018),
graph learning (Bécigneul and Ganea 2018), and adapted
to various neural architectures (Gulcehre et al. 2019; Bdeir,
Schwethelm, and Landwehr 2024). Recent works extend its
use to multimodal and vision–language tasks (Desai et al.
2023a; Poppi et al. 2025). We are the first to apply hy-
perbolic learning to protein–ligand retrieval, leveraging its
geometric bias to better capture fine-grained affinity differ-
ences.
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Figure 2: Overall architecture of HypSeek: three encoders lift ligands, pockets and protein sequences to a shared hyperbolic
space (left); contrastive and list-wise ranking losses align pocket/sequence with ligands while the cone–hierarchy loss imposes
radial–angular tiers around each pocket (right).

3 Preliminaries
We perform all representation learning in an n-dimensional
hyperbolic space of constant negative curvature, using the
Lorentz model (Nickel and Kiela 2018; Lin et al. 2023a; De-
sai et al. 2023a). This choice affords numerical stability and
readily supports geodesic and exponential-map operations.

Let Ln denote the Lorentz (hyperboloid) model, realized
as the upper sheet of a two-sheeted hyperboloid in Rn+1.
We first equip Rn+1 with the Lorentzian inner product

⟨p,q⟩L = − p0 q0 +
〈
p̃, q̃

〉
E, (1)

where we write p = (p0, p̃), p0 ∈ R, p̃ ∈ Rn with p0 the
time-coordinate and p̃ the spatial-coordinates, and ⟨·, ·⟩E de-
notes the standard Euclidean inner product.

The Lorentz model is then defined by

Ln =
{
p ∈ Rn+1 : ⟨p,p⟩L = − 1

κ
, p0 =

√
1
κ + ∥p̃∥2, κ > 0

}
,

(2)
where −κ ∈ R is the curvature of the space.

We can measure distances by integrating the metric
along geodesics. The Riemannian metric induced by the
Lorentzian inner product gives the length of geodesics on
Ln, which in turn defines the hyperbolic distance.

dL(p,q) =
1√
κ

cosh−1
(
−κ ⟨p,q⟩L

)
, p,q ∈ Ln. (3)

At each point p ∈ Ln, the tangent space TpLn provides
a linear approximation of the manifold. Concretely, any tan-
gent vector v ∈ TpLn ⊂ Rn+1 satisfies ⟨p,v⟩L = 0, so
that

TpLn =
{
v ∈ Rn+1 : ⟨p,v⟩L = 0

}
. (4)

To transfer Euclidean encoder outputs into hyperbolic
space, we apply the exponential map at a base point. For

any p ∈ Ln and v ∈ TpLn, the exponential map is

expκp(v) = cosh
(√

κ ∥v∥L
)
p+

sinh
(√

κ ∥v∥L
)

√
κ ∥v∥L

v, (5)

where ∥v∥L =
√
⟨v,v⟩L. In practice, we interpret the out-

put of a Euclidean encoder as a vector in the tangent space at
the point 0 = ( 1√

κ
, 0, . . . , 0)⊤ on the hyperboloid, and then

apply the exponential map expκ0 to lift it onto Ln (Khrulkov
et al. 2020).

4 Method
4.1 Problem Setting
Our goal is to predict the binding affinity between protein
pockets and candidate ligands. The training data are orga-
nized by assay, where each assay is an experimental setup
designed to evaluate ligand binding against a specific pro-
tein target. Each assay includes one protein and a subset
of ligands from the full compound library that have been
experimentally screened, yielding binary activity labels and
optionally affinity values. Crucially, affinity values are only
comparable within the same assay due to differences in ex-
perimental conditions (e.g., pH, temperature, cofactors), as-
say protocols (e.g., cell-based or target-based), and measure-
ment types (e.g., IC50, Kd, Ki).

Therefore, the task is formulated as learning relative bind-
ing strength rankings within each assay rather than predict-
ing absolute affinities across assays. Let A denote the set of
assays. For each assay Ai ∈ A, let Li be the set of tested lig-
ands, and vi(ℓ) be the affinity value of ligand ℓ ∈ Li. Each
assay corresponds to a target protein, represented by both
its amino acid sequence and a set of candidate pocket struc-
tures Pi. During training, one pocket from Pi is sampled
to represent the structure, and combined with the sequence
information to encode the full target. The model is trained
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to embed both targets and ligands into a shared hyperbolic
space, enabling retrieval of active ligands and ranking them
by relative binding strengths within each assay.

4.2 Multimodal Encoding and Lorentz Mapping
Let xp and xm denote the atom-based inputs (coordinates
and types) for a protein pocket and ligand, respectively, and
let S = (s1, . . . , sL) denote the amino acid sequence of a
target protein. We define three encoder functions: gϕ and
fθ as SE(3)-equivariant 3D graph transformers for pockets
and ligands (following DrugCLIP (Gao et al. 2023)), and hψ
as a protein sequence encoder based on ESM-2 (Lin et al.
2023b). As illustrated in Figure 2, each encoder maps its in-
put to a vector in Rdeuc :

Epoc = gϕ(x
p), Emol = fθ(x

m), Eseq = hψ(S). (6)
We then lift these Euclidean embeddings to hyperbolic

space via the exponential map defined in Eq. (5):
hpoc = expκ0

(
Epoc

)
,hmol = expκ0

(
Emol

)
,hseq = expκ0

(
Eseq

)
.

(7)
The resulting hyperbolic embeddings hmol,hpoc,hseq ∈

Ln are subsequently employed in both the training and the
inference stage.

4.3 Contrastive and Ranking as the Foundation.
We retain the in-batch contrastive retrieval losses of Drug-
CLIP (Gao et al. 2023) and LigUnity’s listwise ranking
term (Feng et al. 2025), applied to the hyperbolic embed-
dings h̃u. For each assay Ai with query modality u ∈
{poc, seq} and its B candidate ligands {vj}, we compute
similarity logits si,j = 1

τ

〈
h̃ui , h̃vj

〉
.

We adopt a symmetric InfoNCE objective over each assay
Ai. Let Li ⊆ {1, . . . , B} denote the indices of true binders
for ui. We compute:

L(i)
p→l = − 1

|Li|
∑
k∈Li

log
exp(si,k)∑B
j=1 exp(si,j)

, (8)

L(i)
l→p = − 1

|Li|
∑
k∈Li

log
exp(si,k)∑B
n=1 exp(si,n)

, (9)

The total contrastive loss is then

Lcontrast =
1

2

∑
i

(
L(i)
p→l + L(i)

l→p

)
. (10)

For each assay Ai the screened ligands are sorted by mea-
sured affinity, yielding an ordered list (vi,1, . . . , vi,B). Fol-
lowing the Plackett–Luce model (Cao et al. 2007), the prob-
ability of selecting ligand vi,k at step k (from the remaining
set Ri,k = {k, k + 1, . . . , B}) is

pi,k(vi,k) =
exp

(
si,k

)∑
j∈Ri,k

exp
(
si,j

) , (11)

where si,k = ⟨h̃ui , h̃vi,k⟩/τ . We use the decay µk =
1√

B log(k+1)
. The listwise loss for assay Ai is therefore

L(i)
rank = −

B∑
k=1

µk log pi,k
(
vi,k

)
. (12)

4.4 Hyperbolic Geometry as a Structural Prior
Beyond simply embedding pockets and ligands into a shared
hyperbolic space, we aim to further leverage the geometric
structure of Ln to encode fine-grained inductive biases about
binding affinity. The exponential capacity of hyperbolic
space allows for natural modeling of hierarchical relation-
ships, while the Lorentz model enables cone-based entail-
ment mechanisms. We therefore introduce a cone–hierarchy
learning process that exploits both the radial and angular di-
mensions of hyperbolic space to reflect the graded nature of
ligand binding strength.

Within an assay Ai, the protein pocket is represented by
a Lorentz-model vector hpoc,i ∈ Ln, and every screened
ligand j ∈ Li has its own embedding hmol,ij ∈ Ln. Each
hyperbolic vector splits into a time-like coordinate and an
n-dimensional spatial part: hpoc,i =

(
p0,i, p̃ i

)
,hmol,ij =(

m0,ij , m̃ ij

)
, with p0,i,m0,ij ∈ R and p̃ i, m̃ ij ∈ Rn.

These components satisfy the hyperboloid constraint p20,i −
∥p̃ i∥2 = m2

0,ij − ∥m̃ ij∥2 = 1/κ.
The geodesic distance di,j = dL(hpoc,i,hmol,i,j) is com-

puted via Eq. (3). The exterior angle at the pocket,

ϕi,j = arccos
( m0,i,j + κ

(
⟨p̃i, m̃i,j⟩ − p0,im0,i,j

)
p0,i

∥p̃i∥
√[

κ(⟨p̃i, m̃i,j⟩ − p0,im0,i,j)
]2 − 1

)
,

(13)
follows from the hyperbolic law of cosines and measures
how far the ligand “leans” away from the pocket direction.

Each pocket defines a surface of admissible directions. Its
half-aperture angle is formulated by Le et al. (2019); Desai
et al. (2023b) as

ωi = arcsin
(

2r0√
κ ∥p̃i∥

)
, (14)

with a small constant r0 > 0 to keep the expression bounded
near the origin; larger ∥p̃i∥ (a pocket already pushed to-
wards the boundary) therefore yields a narrower cone.

Given the assay–specific affinity values {vi,j}|Li|
j=1, we

draw K thresholds t0 < t1 < · · · < tK and assign each
ligand a bucket index

bi,j =
{
k ∈ {0, . . . ,K} : vi,j ∈ [tk, tk+1)

}
. (15)

Bucket 0 therefore collects the weakest binders and
bucket K the strongest. For every ligand we derive a
bucket–specific radial limit ri,j and angular–scaling factor
ηi,j

ri,j = r0 + bi,j ∆r, ηi,j = η0 − bi,j ∆η, (16)

where r0 and η0 are the base radius/angle for the weakest
tier, and ∆r,∆η > 0 are the per-tier increments. Smaller
bi,j thus yields a smaller radius cap and a larger cone. We
penalise violations in radius and angle:

Lrad =
1√
N

∑
i,j

max
(
di,j − ri,j , 0

)
, (17)

Lang =
1√
N

∑
i,j

max
(
ϕi,j − ηi,j ωi, 0

)
, (18)
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and combine them as
Lcone = λrad Lrad + λang Lang. (19)

We furthur introduce two regularization terms that oper-
ate on angular structure and intra-assay heterogeneity, re-
spectively. To prevent trivial angular collapse, we introduce
a fixed angular margin m > 0 beyond the cone boundary:

Rang =
1√
N

∑
i,j

max
(
ϕi,j − ηi,jωi +m, 0

)
, (20)

We also re-weight active ligands within each assay using
rank-based weights wi,j and intra-assay softmax scores pi,j :

Rhet =
1

max(C, 1)

∑
i

∑
j

vi,j<vth

−wi,j log pi,j , (21)

where C is the number of assays with at least one active
ligand, and vth is a predefined affinity threshold.

4.5 Addressing Activity Cliffs with Hyperbolic
Geometry

While structurally similar ligands often cluster in Euclidean
space, such geometry can underrepresent functional differ-
ences—especially in activity cliffs, where minor structural
changes lead to large affinity shifts. As formalized in Propo-
sition 1, hyperbolic space provides exponentially greater
separation via angular variation, offering a principled mech-
anism for distinguishing such cases. The theoretical deriva-
tion is provided in Appendix.
Proposition 1. (Hyperbolic Separation of Activity Cliffs)
Let ℓ1, ℓ2 be structurally similar ligands with large affinity
differences. Under constant radial norm and small angular
deviation, hyperbolic embeddings yield significantly larger
geodesic distance than their Euclidean counterparts:

dH(hH(ℓ1), hH(ℓ2)) ≫ dE(hE(ℓ1), hE(ℓ2)).

This highlights the capacity of hyperbolic geometry to dis-
tinguish functionally divergent ligands without distorting lo-
cal structural similarity.

4.6 Training and Inference
The core learning signal is driven by the pocket–ligand re-
lationship. Accordingly, we apply hyperbolic regularisation
only to the structure-based (pocket) branch, where geomet-
ric alignment in Lorentz space is both meaningful and effec-
tive. The sequence pathway provides complementary infor-
mation to enhance generalisation, but does not participate in
hyperbolic supervision.

Our full training objective is given by:

Ltotal = αpoc

(
Lpoc↔lig

cont + λrank Lpoc
rank

)
︸ ︷︷ ︸

pocket ↔ ligand

+ αseq

(
Lseq↔lig

cont + λrank Lseq
rank

)
︸ ︷︷ ︸

sequence ↔ ligand

+ γcone Lcone + λang Rang + λhet Rhet︸ ︷︷ ︸
pocket ↔ ligand

.

(22)

At inference time, we simply embed a query pocket and
each candidate ligand into hyperbolic space, extract their
spatial components h̃poc and h̃mol,j , and compute similar-
ity scores by their inner product sj = h̃⊤

poc h̃mol,j . We then
rank all ligands in descending order of sj .

5 Experiments

5.1 Experimental Settings

Implemention Details. We adopt the same curated as-
say–level training dataset as LigUnity (Feng et al. 2025),
which is constructed from ChEMBL (Mendez et al. 2018),
BindingDB (Gilson et al. 2015), and PDBBind (Liu et al.
2017). For virtual screening, we strictly exclude any target
UniProt IDs present in the DUD-E (Mysinger et al. 2012),
LIT-PCBA (Tran-Nguyen, Jacquemard, and Rognan 2020)
test sets. For affinity ranking tasks, we perform ligand-level
deduplication by removing redundant small molecules and
non-redundant assay IDs. Training is run on four NVIDIA
A100 GPUs for 50 epochs, using the Adam optimizer with
an initial learning rate of 1× 10−4 and the curvature param-
eter κ (absolute value of negative curvature) fixed to 1.
Benchmark. In virtual screening, evaluations are performed
on DUD-E (Mysinger et al. 2012) and LIT-PCBA (Tran-
Nguyen, Jacquemard, and Rognan 2020). DUD-E includes
102 protein targets, each associated with experimentally ver-
ified actives and 50 property-matched decoys, designed to
test enrichment capability under artificially constructed de-
coy scenarios. LIT-PCBA, in contrast, contains 15 targets
with over 400K experimentally confirmed inactives, offer-
ing a more realistic and challenging setting without synthetic
decoy bias. For affinity ranking, the evaluation is conducted
on JACS (Wang et al. 2015) and Merck (Schindler et al.
2020). JACS consists of eight high-quality congeneric series
extracted from real lead optimization projects, emphasizing
precise ranking within narrow chemical series, while Merck
serves as a large-scale benchmark for FEP-based lead opti-
mization with diverse chemical scaffolds and higher experi-
mental noise.
Evaluation Metrics. For virtual screening, we use AU-
ROC, BEDROC80.5, Enrichment Factor (EF), and ROC-
enrichment (RE) to assess model performance. For fine-
grained affinity ranking, we evaluate using Pearson’s and
Spearman’s rank correlation coefficients.
Baselines. We compare our method against a broad spec-
trum of existing approaches, including classical physics-
based docking tools, empirical scoring functions, and mod-
ern deep learning models. These baselines reflect diverse
modeling paradigms, ranging from structure-based simu-
lations to neural networks trained on large protein–ligand
datasets. For affinity ranking benchmarks, we additionally
include methods based on free energy perturbation, en-
ergy decomposition, and recent representation learning tech-
niques. All baselines are evaluated using their reported pro-
tocols or open-source implementations, ensuring consis-
tency with prior work.
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Method DUD-E (n = 102) LIT-PCBA (n = 15)
AUROC BEDROC80.5 EF1% AUROC BEDROC80.5 EF1%

Glide-SP (Friesner et al. 2004) 0.7670 0.4070 16.18 0.5315 0.4000 3.41
Surflex (Spitzer and Jain 2012) 0.7426 0.2387 13.35 0.5147 — 2.50
DeepDTA (Öztürk, Özgür, and Ozkirimli 2018) 0.5836 0.0513 2.28 0.5627 0.0253 1.47
Gnina (McNutt et al. 2021b) 0.7817 0.2994 17.73 0.6093 0.0540 4.63
BigBind (Brocidiacono et al. 2022) 0.5014 0.0240 1.18 0.6278 0.0502 3.79
RTMScore (Shen et al. 2022) 0.7529 0.4341 27.10 0.5247 0.0388 2.94
Tankbind (Lu et al. 2022) 0.7509 0.3300 13.00 0.5970 0.0389 2.90
DrugCLIP (Gao et al. 2023) 0.8093 0.5052 31.89 0.5717 0.0623 5.51
GenScore (Shen et al. 2023) 0.8160 0.4726 28.53 0.5957 0.0654 5.14
Planet (Zhang et al. 2024) 0.7160 — 8.83 0.5731 — 3.87
EquiScore (Cao et al. 2024) 0.7760 0.4320 17.68 0.5678 0.0490 3.51
DrugHash (Han, Hong, and Li 2025b) 0.8373 0.5716 37.18 0.5458 0.0714 6.14
LigUnitypoc (Feng et al. 2025) 0.8922 0.6526 42.63 0.5985 0.1133 6.47

HypSeek 0.9435 0.7892 51.44 0.6210 0.1196 6.81

Table 1: Virtual-screening results on the DUD-E and LIT-PCBA benchmarks.

Type Method JACS Merck

Pearson r Spearman ρ Pearson r Spearman ρ

Physics FEP+ (Wang et al. 2015) 0.7811 0.7595 0.6960 0.6798
MM-GB/SA (Genheden and Ryde 2015) 0.1489 0.2011 0.1299 0.1299

DL

PBCNet (Yu et al. 2023) 0.3939 0.3799 0.4058 0.4075
EHIGN (Yang et al. 2024) 0.5787 0.5814 0.4246 0.3830
GET (Kong, Huang, and Liu 2024) 0.4034 0.3753 0.4203 0.4214
BindNet (Feng et al. 2024) 0.5481 0.5368 0.4037 0.3477
Boltz-2 (Passaro et al. 2025) 0.5231 0.5285 0.4298 0.4013
LigUnitypoc (ensemble) (Feng et al. 2025) 0.6454 0.6460 0.5997 0.5554
LigUnitypoc (meanstd) (Feng et al. 2025) 0.57050.1955 0.57740.2097 0.53230.1865 0.49940.1773

Ours HypSeek (ensemble) 0.7742 0.7819 0.6120 0.5447
HypSeek (meanstd) 0.71860.1157 0.72390.1321 0.56060.1738 0.50340.1739

Table 2: Affinity ranking results on the JACS and MERCK benchmark datasets.

5.2 Quantitative Results

Virtual Screening. As shown in Table 1, HypSeek sub-
stantially outperforms all baselines across both DUD-E and
LIT-PCBA. On DUD-E, HypSeek achieves an AUROC of
0.9435, improving over the next best method (LigUnity) by
more than 5 points, and delivers a BEDROC80.5 of 0.7892,
nearly 0.14 higher than LigUnity. Its EF1% of 51.44 is more
than 20 points above the highest competing model, demon-
strating exceptional early retrieval of actives. Similarly, on
the more challenging LIT-PCBA benchmark, HypSeek at-
tains the top AUROC (0.6210), the highest BEDROC80.5

(0.1196), and an EF1% of 6.81, consistently surpassing both
docking-based and deep learning approaches. These results
highlight HypSeek’s superior ability to rank true binders
early in the list, making it particularly well suited for high-
throughput virtual screening applications.

Affinity Ranking. We evaluate HypSeek on the JACS and
Merck datasets using five independent random seeds to as-
sess both accuracy and robustness. We report two sets of
our results: “ensemble,” which averages the five models’
predictions before computing metrics, and “meanstd,” which
gives the mean and standard deviation of Pearson’s r and
Spearman’s ρ across the five runs. As shown in Table 2, on
JACS HypSeek (ensemble) achieves Pearson r = 0.7742
and Spearman ρ = 0.7819, closely matching the physics-
based FEP+ (Pearson r = 0.7811, Spearman ρ = 0.7595)
and significantly outperforming all deep-learning baselines.
On Merck, HypSeek (ensemble) attains Pearson r = 0.6120
and Spearman ρ = 0.5447, leading the non-physics meth-
ods. Moreover, HypSeek’s standard deviations are lower
than those reported for LigUnity’s meanstd results, indicat-
ing more consistent performance across random seeds.
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Setting Module DUD-E (n = 102) JACS

Lcone Rang Rhet Seq BEDROC80.5 EF1% Pearson r Spearman ρ

Hyperbolic space
Full model ✓ ✓ ✓ ✓ 0.7892 51.44 0.7518 0.7580
– no hyp × × × ✓ 0.7671 49.14 0.6839 0.6906
– no Rang ✓ × ✓ ✓ 0.7856 50.52 0.7340 0.7529
– no Rhet ✓ ✓ × ✓ 0.7773 50.42 0.7047 0.7074
– no Seq ✓ ✓ ✓ × 0.7351 47.70 0.7194 0.7050

Euclidean space
Contrastive + rank × × × × 0.6565 42.87 0.5978 0.6060

Table 3: Ablation results on the DUD-E and JACS benchmarks.

(A) (B)

(C) (D)

Figure 3: Pairwise analysis on the JACS benchmark. (A) Accuracy of affinity change prediction on ligand pairs with different
ECFP4 similarity, comparing Euclidean and hyperbolic spaces; (B) Pearson’s R between predicted score difference and ground
truth affinity gap.

5.3 Ablation and Analysis of HypSeek
Impact of Key Components. As summarised in Ta-
ble 3, switching off hyperbolic–specific terms (no hyp) al-
ready degrades virtual–screening performance on DUD-E
(BEDROC80.5 drops from 0.7892 to 0.7671; EF1% from
51.44 to 49.14), while the Euclidean baseline is markedly
worse. The advantage becomes even more pronounced for
affinity ranking on JACS, where Pearson r falls from 0.7518
to 0.6839 without hyperbolic supervision and to 0.5978 in
purely Euclidean space. In the affinity ranking task, due to
limited computational resources, we conducted each abla-
tion with a single random seed. Ablating either the angular
or heterogeneity regulariser alone (no Rang, no Rhet) yields
intermediate losses, confirming that both angle control and
intra-assay weighting contribute complementary signals be-
yond the core cone loss. Finally, removing the protein se-
quence pathway (no Seq) also degrades performance, indi-
cating that protein-sequence features serve mainly as an aux-
iliary signal that further shapes the embeddings.
Pairwise Affinity Prediction. Figure 3 (A)-(B) highlight
how Euclidean and hyperbolic models behave across in-
creasing ECFP4 (Rogers and Hahn 2010) similarity. Per-

formance is comparable on dissimilar ligand pairs, but once
the two molecules become structurally close, Euclidean ac-
curacy and correlation deteriorate, whereas the hyperbolic
model remains consistently strong. This suggests that the
richer angular separation in hyperbolic space better captures
subtle affinity shifts characteristic of activity cliffs, which
are often compressed in Euclidean geometry.

6 Conclusion
We introduced HypSeek, a hyperbolic protein–ligand bind-
ing prediction model that embeds ligands, protein pockets,
and sequences into a shared hyperbolic space using a three-
tower architecture. By leveraging the negative curvature and
exponential geometry of hyperbolic space, HypSeek cap-
tures both global interaction patterns and fine-grained affin-
ity differences—especially in challenging cases like activity
cliffs, where Euclidean embeddings often fail. Meanwhile,
it retains efficient retrieval through inner product similar-
ity, enabling large-scale virtual screening. Extensive experi-
ments show that HypSeek consistently outperforms existing
baselines across both screening and ranking tasks. HypSeek
provides a geometry-aware solution for binding prediction.
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