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Abstract

Predicting ligand binding sites on protein sur-
faces requires capturing complex local geome-
tries and satisfying physical constraints. Existing
voxel-based methods suffer from high computa-
tional costs and rotation sensitivity, while standard
point-cloud GNNs often lack geometric complete-
ness—failing to distinguish chiral structures or sub-
tle topological variations. In this work, we propose
UniPocket, a novel E(3)-equivariant surface graph
neural network. Inspired by recent advances in
efficient geometric completeness, UniPocket con-
structs a Manifold-Aware Surface Encoder that uti-
lizes local surface normals as virtual reference
frames to capture complete geometric invariants
without expensive high-order tensor products. Fur-
thermore, we introduce a Ligand-Gated Message
Passing mechanism to condition the surface fea-
tures on the chemical semantics of the target lig-
and, and a Physics-Aware Vector Rejection Module
that enforces steric constraints via orthogonal vec-
tor decomposition. Experimental results on stan-
dard benchmarks (PDBbind, COACH420, Holo4k)
demonstrate that UniPocket achieves state-of-the-
art performance, validating that geometric com-
pleteness and physical inductive biases are key to
precise binding site detection.

1 Introduction

The precise identification of protein-ligand binding sites
(pockets) is a prerequisite for structure-based drug design
(SBDD) and virtual screening [Vural and Jololian, 2025].
While recent foundation models like AlphaFold 3 [Abram-
son et al., 2024] and Rose TTAFold All-Atom [Krishna et al.,
2024] show unprecedented accuracy in biomolecular interac-
tion modeling, they are computationally intensive and primar-
ily designed for holo-structure prediction given a known lig-
and. They are not suited for rapidly scanning apo-structures
to identify potential binding cavities. Therefore, efficient and
accurate ligand-specific binding site detection on rigid protein
surfaces remains a critical, standalone task.
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Figure 1: Illustration of ligand-specific pocket identification. The
target pocket (yellow) specifically binds to Glucose, while the decoy
pocket (purple) is rejected.

Traditional approaches for pocket detection, including
geometry-based (e.g., Fpocket [Le Guilloux er al., 2009])
and template-based methods [Desaphy et al., 2015], along
with early ML methods (e.g., P2Rank [Krivdk and Hoksza,
2018], DeepSite [Jiménez et al., 2017]) using handcrafted
features or voxelized grids, often suffer from rotation vari-
ance and sparsity. Geometric Deep Learning (GDL) [Bron-
stein et al., 2021; Townshend et al., 2021] addressed some
of these limitations by modeling proteins as geodesic sur-
faces [Gainza et al., 2020; Mylonas et al., 2021; Tubiana et
al., 2022] or graphs [Satorras et al., 2021], enabling the cap-
ture of invariant topological patterns. However, most exist-
ing surface encoders primarily focus on protein shape com-
plementarity, neglecting explicit physicochemical compati-
bility with the specific query ligand. This creates a critical
expressivity-efficiency trade-off in GDL for proteins: high-
order equivariant networks (e.g., TFN [Thomas er al., 2018],
MACE [Batatia et al., 2022]) provide theoretical complete-
ness but incur prohibitive cubic computational costs, while
efficient distance-based GNNs (e.g., EGNN [Satorras ef al.,
2021]) often lack geometric completeness crucial for subtle
local topologies and precise binding site prediction. Further-
more, recent ligand-aware methods like LABind [Zhang et
al., 2025a] and FABind [Pei et al., 2023] incorporate ligand
information but often rely on complex mechanisms, increas-
ing computational complexity or lacking the fine-grained ge-
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ometric completeness needed for accurate pocket detection.

To bridge these gaps, we propose UniPocket, a novel E(3)-
equivariant surface graph neural network. UniPocket formu-
lates protein pocket detection on a discretized Riemannian
manifold, employing a Manifold-Aware Surface Encoder. In-
stead of heavy tensor products, it leverages intrinsic protein
surface geometry (surface normals and curvatures) to con-
struct local reference frames (virtual nodes), achieving ef-
ficient geometric completeness. This approach effectively
captures anisotropic geometric invariants (e.g., curvature ten-
sors) crucial for high-precision pocket recognition, without
the computational overhead of high-order spherical harmon-
ics. Combined with explicit physical constraints, UniPocket
offers a robust and efficient solution for specific binding site
detection.

Our main contributions are summarized as follows:

* Manifold-Aware Geometric Completeness with
Surface-Normal-Based Encoder: We propose a
Surface-Normal-Based Encoder that achieves geometric
completeness on protein manifolds. By utilizing surface
normals as local reference frames, our method effi-
ciently captures anisotropic geometric invariants (e.g.,
curvature tensors) necessary for high-precision pocket
recognition, avoiding the computational overhead of
high-order spherical harmonics.

L]

Conditional Ligand-Gated Message Passing for
Ligand-Specificity: We introduce a conditional graph
operator that dynamically modulates the protein mani-
fold features based on the target ligand’s chemical graph.
This mechanism transforms the generic pocket detection
task into a ligand-specific geometric reasoning problem,
effectively pruning biologically irrelevant cavities.

Physics-Aware Inductive Bias via Vector Decom-
position: We design a Physics-Aware Vector Rejec-
tion Module as a differentiable geometric inductive
bias. By mathematically decomposing interaction vec-
tors into orthogonal normal (clash-inducing) and tangen-
tial (surface-fitting) components, we explicitly enforce
hard steric constraints within the neural architecture, en-
suring physically valid predictions.

2 Related Work

2.1 Efficient Geometric Deep Learning

Geometric Deep Learning (GDL) enforces physical symme-
tries (e.g., SE(3)-equivariance) in molecular modeling [Bron-
stein et al, 2021]. Early methods like TFN [Thomas
et al., 2018] and NequlP [Batzner et al., 2022] achieved
theoretical completeness but suffered from cubic compu-
tational complexity. To improve efficiency, scalarization-
based approaches such as E(n)-GNN [Satorras et al., 20211,
SchNet [Schiitt et al., 2017], and ViSNet [Wang et al.,
2024] utilized inter-atomic distances and vector-scalar inter-
actions. However, many distance-based GNNs lack geomet-
ric completeness, struggling with chiral structures or complex
anisotropic patterns. Recent work, like Uni-EGNN [Keriven
and Peyré, 20191, demonstrates that local reference frames
can achieve efficient geometric completeness. Following this

paradigm, UniPocket employs intrinsic surface normals as
natural reference frames to construct a geometrically com-
plete surface encoder, balancing high expressivity with linear
efficiency.

2.2 Evolution of Binding Site Prediction

Binding site prediction has evolved from traditional geomet-
ric/ML methods (e.g., Fpocket [Le Guilloux et al., 2009],
P2Rank [Krivdk and Hoksza, 2018]) to deep learning ap-
proaches. Early deep learning utilized 3D-CNNs (e.g.,
DeepSite [Jiménez et al., 2017], Kalasanty [Stepniewska-
Dziubinska et al., 2020]) operating on voxel grids, which suf-
fered from high memory costs, discretization errors, and ro-
tation sensitivity despite improvements like PuResNet [Kan-
del et al., 2021]. Subsequently, methods shifted to man-
ifold learning (e.g., MaSIF [Gainza et al., 2020], Deep-
Surf [Mylonas er al., 2021], ScanNet [Tubiana et al., 2022])
or point-cloud processing (e.g., PointSite [Yan er al., 2022],
EquiPocket [Zhang et al., 2024]) to overcome grid limita-
tions. While these capture static geometry, they often operate
”blindly,” neglecting ligand-specific chemical constraints and
lacking explicit mechanisms to handle physical clashes.

2.3 Ligand-Aware Prediction and Docking

The trend in 2024-2025 is moving towards ligand-
specific prediction. Regression-based frameworks such as
TankBind [Lu et al., 2022] and FABind [Pei et al., 2023]
integrate pocket prediction before docking. Other notable
approaches like LABind [Zhang et al., 2025a] and MP-
Bind [Wang er al., 2025] explicitly learn ligand-protein in-
teractions using graph transformers or protein language mod-
els. Generative diffusion models (e.g., DiffDock [Corso et
al., 2023], SurfDock [Cao et al., 2025]) implicitly iden-
tify binding sites during pose generation, but are often com-
putationally expensive and may produce physically invalid
structures lacking hard geometric constraints [Buttenschoen
et al., 2024]. UniPocket differentiates itself by offering a
lightweight, geometrically complete, and physics-driven fil-
tering mechanism, specifically designed for rapid and accu-
rate screening of large datasets like PDBbind [Wang er al.,
2004] and scPDB [Desaphy er al., 2015].

3 Methodology

3.1 Problem Formulation

The objective of rigid protein-ligand binding site prediction
is to identify the subset of surface points on a protein that
are most likely to interact with a specific query ligand. Let
a protein structure be represented by its surface point cloud
P = {x;,h;}Y,, where x; € R? denotes the spatial coordi-
nate and h; € R represents the physicochemical features of
the ¢-th point. Similarly, a query ligand is defined as a molec-
ular graph G;, = (Vr,, £L), where nodes Vy, represent atoms
and edges &, represent chemical bonds. Our goal is to learn a
mapping function Fy(P,Gr) — Y, where Y € [0, 1] rep-
resents the probability map indicating the binding likelihood
of each surface point.
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Figure 2: The overall framework of UniPocket. a, The model adopts a dual-stream architecture comprising a Ligand Topology Encoder
(using GINs) to extract the ligand fingerprint and a Protein Surface Encoder (using Surface-EGNN) to process the protein surface graph.
The protein node embeddings are dynamically modulated by the ligand fingerprint, followed by an MLP and clustering module to identify
ligand-specific binding sites. b, Visualization of the input features extracted from the protein surface, including Geometric Features (Shape
Index, Curvature) and Chemical Features (Hydropathy, Electrostatics, H-bond potential). ¢, Detailed illustration of the proposed interaction
mechanisms within the message passing layer: (1) FILM Gating, which applies ligand-conditioned affine transformations (Scale v and Shift
B) to filter chemically incompatible features; (2) Vector Rejection, which computes a steric clash score by projecting the predicted ligand
vector onto the surface normal n; relative to the tangent plane, explicitly enforcing geometric constraints.

3.2 Input Representation and Graph Construction

Protein Surface Modeling

Unlike voxel-based methods that suffer from sparsity issues,
we model the protein surface as a geometric graph. Ini-
tially, the Solvent Excluded Surface (SES) [Lee and Richards,
1971] is generated using the MSMS tool [Sanner et al., 1996]
with a probe radius of 1.5A. To balance resolution and
computational efficiency, we perform geodesic-based uni-
form sampling to obtain a fixed number of points N (default
N = 2000).

We construct a sparse k-nearest neighbor (k-NN) graph
Gp = (Vp,Ep) on these points. For each node i, the ini-

tial feature vector hgo) is a concatenation of geometric and
chemical descriptors:

* Geometric Features: As shown in Figure 2b, we com-
pute the local curvature (mean and Gaussian), shape in-
dex, and the unit normal vector n; € R? pointing out-
ward from the surface. The normal vector is critical for
our subsequent vector rejection module.

e Chemical Features: We project properties from the
nearest protein atoms to the surface points. These in-
clude hydropathy scores (Kyte-Doolittle scale), partial

charges, and hydrogen bond donor/acceptor boolean
flags.

Mathematically, h§°) = [Curv; || Chem, || n;] € R%in,

Ligand Topological Graph

To ensure the model handles flexible ligands robustly without
relying on potentially inaccurate 3D conformer generation,
we represent the ligand strictly as a 2D topological graph.
The node features z,, (v € Vr) consist of one-hot encod-
ings of atomic number (C, N, O, F, P, S, Cl, Br, I), degree of
hybridization, chirality, and aromaticity. Edge features e,,,
encode bond types (single, double, triple, aromatic) and con-
jugated system flags. This pure 2D representation ensures
that our encoder learns a conformer-invariant fingerprint of
the ligand.

3.3 Dual-Stream Encoder Architecture

As illustrated in Figure 2a, our model consists of two parallel
encoders.

Protein Encoder: Surface-EGNN

To capture the intrinsic geometry of the protein surface while
maintaining symmetry requirements, we employ a Surface-
Equivariant Graph Neural Network (Surface-EGNN). Stan-
dard GNNs are invariant to rotation, which loses directional
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PDBbind 2020 (Test) COACH420 (Generalization) Holo4k (Generalization)
Method Type Params (M) ‘ DCC, DCA| Suce.t|DCC, DCA| Succ.? |DCC| DCA| Succ.t
Fpocket Geometric - 3.12 3.45 40.1 2.85 3.10 45.2 3.50 4.10 385
P2Rank ML-based 1.0 1.65 2.10 62.3 1.50 1.80 68.5 1.95 2.30 55.4
DeepSurf 3D-CNN 33.1 1.35 1.60 68.9 1.20 1.45 72.1 1.65 2.10 60.2
Kalasanty 3D-CNN 70.6 1.48 1.82 61.2 1.35 1.55 65.4 1.80 2.25 58.1
ViSNet GNN 1.2 1.05 1.25 75.4 0.95 1.10 78.2 1.25 1.55 68.4
EquiPocket E(3)-GNN 1.7 1.02 1.20 76.1 0.98 1.15 71.5 1.15 1.40 70.2
Comparison with Recent End-to-End Docking SOTA
FABFlex [Zhang et al., 2025b]  Docking - | 3.25 - - | - - - | - - -
UniPocket Vector-Field 0.8 \ 0.92 1.11 78.3 \ 0.91 0.98 81.2 \ 0.98 1.25 73.8

* Params for FABFlex are not directly comparable as it is an end-to-end docking model. ’-’ indicates metric not applicable or not evaluated.

Table 1: Comprehensive performance comparison. We evaluate UniPocket against baselines on PDBbind 2020 (test set) and two external
datasets (COACH420, Holo4k). Comparison with 2025 SOTA: FABFlex is included for reference. UniPocket demonstrates superior local-

ization accuracy (DCC) with significantly fewer parameters.

information (e.g., the orientation of a pocket opening). Con-
versely, standard CNNs are not rotation-equivariant. Our
Surface-EGNN updates both scalar features h; and coordi-
nate coordinates x; to ensure E(3)-equivariance. A detailed
proof of E(3)-equivariance for our Surface-EGNN is provided
in Section 1 of the Supplementary Material.

For each layer [, the message passing phase aggregates in-
formation from neighbors N ():

m;; = ¢c (B0 I =) a) 0

where ¢, is an MLP and a;; denotes edge attributes. Cru-
cially, the coordinate update is designed to model local sur-
face deformations akin to “breathing” motions or induced fit
simulations:
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Here, ¢, outputs a scalar weight, modulating the relative po-
sition update. Finally, the node features are updated via a

residual connection:
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This architecture allows the network to learn higher-order ge-

ometric patterns such as cavity depth and local ruggedness

effectively.

3

Ligand Encoder: GIN with Isomorphism Testing

We utilize a Graph Isomorphism Network (GIN) to process
the ligand graph. GIN provides discriminative power theoret-
ically equivalent to the Weisfeiler-Lehman (WL) graph iso-
morphism test. The node update rule is given by:

2D = MLPY [ (1 4 €V)z) + Z z{) + ey,
vEN (u)
“
After L layers, we apply a global Sum-Pooling readout op-
eration to obtain the ligand fingerprint vector h;;, € Rz,
which summarizes the global physicochemical constraints of
the drug molecule.

3.4 Ligand-Gated Interaction Module

This module constitutes the core innovation of UniPocket.
Merely concatenating protein and ligand features is insuffi-
cient for capturing the complex steric and electrostatic com-
patibility required for binding. We introduce a two-stage in-
teraction mechanism.

Chemical Filtering via FiLM

We employ a gating mechanism inspired by Feature-wise
Linear Modulation (FiLM). The ligand fingerprint acts as a
“condition” to modulate the activations of the protein surface

features. We compute a scaling vector v and a shifting vector
B from hy;,:

V= U(W'yhlig + b’y) (5)
B = ReLU(Wghy;4 + bg) (6)

The modulated protein feature h; is then obtained via:
hy=70h; + 6 (7)

where © denotes the Hadamard product. This step effectively
suppresses signals from surface regions that are chemically
incompatible with the ligand (e.g., highly charged regions for
a lipophilic ligand).

Geometric Filtering via Vector Rejection

As detailed in Figure 2c¢, while FILM handles chemical
compatibility, steric complementarity is inherently geomet-
ric and directional. Standard attention mechanisms oper-
ate on scalars and lose the explicit directionality of steric
clashes. To explicitly model these directional steric con-
straints, we incorporate a Vector Rejection mechanism. This
module performs E(3)-equivariant vector manipulations to
extract rotation-invariant steric clash signals, which are then
integrated into the protein features.

We generate a Local Ligand Interaction Vector vl(g from

the ligand-modulated feature h;. Since h; integrates both the
local protein geometry (from Surface-EGNN) and the specific
ligand context (via FiLM), vl(z()] represents the expected ligand
orientation relative to the local surface point ::

Vi) = MLP,..(h;) € R? (8)
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This predicted vector vl(Z; is E(3)-equivariant (i.e., it trans-
forms consistently under rotations and translations of the pro-
tein surface). We then decompose this vector relative to the
local surface normal n; (which is dynamically updated and

also E(3)-equivariant). The core idea is to reject or penal-

ize the component of Vl(zg)] that would lead to steric clashes or
unphysical penetration into the protein surface. Specifically,
the vector is split into its parallel (normal) and perpendicular

(tangential) components:

(@) (@) (@)

Viej = Re]ectlon(vh ) = Vi — Projection(vl(;)], n;)
)
Or, more explicitly:
i i <V(¢i) 1)
Vid = Vit~ Tt (10)

i[> + €

This vf,?- represents the component of the interaction vector
that lies 1n the tangent plane of the protein surface. Its mag-

nitude, sglls h = v ;1> quantifies the geometric “disagree-
ment” or steric clash potent1a1 in the tangent plane of the sur-
face. Crucially, as a scalar magnitude of an E(3)-equivariant
vector, SEZS ;, is rotation-invariant. This value is injected back
into the node features as a penalty term:

h; = MLPout([h I sclaéh}) 11

By incorporating this rotation-invariant steric clash score
sglsﬁ, thn quel is. explicitly disconraged from predicting
binding sites in regions where the ligand’s expected steric

profile contradicts the local surface topology.

3.5 Training and Inference

Loss Function

The problem is formulated as a binary classification task on
imbalanced point clouds. We employ a Weighted Binary
Cross-Entropy loss. Let y; € {0, 1} be the ground truth label
for point i, where y; = 1 if the point is within 4 A of any
ligand atom.

N
Z Wpos * Yi log pz) (1 - yz) IOg(l 7pi)]

12)
where p; = Sigmoid(MLP;;(h;)) is the predicted probabil-
ity. The weight w,; is crucial for handling the severe class
imbalance inherent in binding site prediction. We dynami-
cally adjust w,,, for each batch to be the ratio of negative
samples to positive samples: wWpos = Nypeg/Npos, Where
Npeg and N, are the number of non-pocket and pocket
points in the current training batch, respectively. This en-
sures that the model pays adequate attention to the minority
(positive) class.

Z\H

Clustering and Ranking

During inference, the model outputs a raw probability map.
To generate discrete binding pockets, we perform post-
processing: (1) Thresholding: Filter points with p; < 7
(typically 7 = 0.5). (2) Clustering: Apply DBSCAN on

the remaining points. We set the parameters ¢ = 2.5 A and
min_samples = 5. (3) Ranking: Clusters are ranked by a
scoring function Sy, = > jec, Pj» where a = 2 encourages
clusters with high-confidence cores. The center of the top-1
ranked cluster is output as the predicted binding site.

3.6 Implementation Details

Network Architecture. The overall training pipeline of
UniPocket, encompassing dual-stream encoding, ligand-
gated interaction, and optimization, is detailed in Algorithm
1, presented in Section 2 of the Supplementary Material.
UniPocket is implemented using PyTorch Geometric. The
ligand encoder consists of a 3-layer Graph Isomorphism Net-
work (GIN). The protein surface encoder utilizes 4 layers
of E(3)-equivariant convolution operations (Surface-EGNN).
The hidden feature dimension d is set to 128. We use Gaus-
sian Radial Basis Functions (RBF) to encode continuous edge
distances with K' = 16 basis kernels. The Vector Rejection
module is implemented as a learnable projection head that
outputs 3D vectors in the local frame.

Training Configuration. We train the model for 100
epochs using the Adam optimizer with an initial learning rate
of 1 x 10~ and a weight decay of 1 x 10>, The loss balanc-
ing hyperparameter wy, is dynamically calculated per batch.
To ensure robustness, we apply random SO(3) rotations to
the input protein surfaces during training. All experiments
are conducted on a single NVIDIA RTX 4090 GPU (24GB).

4 Experiments

4.1 Experimental Setup

Datasets. We evaluate UniPocket on standard benchmark
datasets derived from PDBbind v2020, following evaluation
protocols established by previous works [Zhang et al., 2024;
Lu et al., 2022]. The dataset is strictly partitioned into train-
ing (15,000 complexes), validation (1,000 complexes), and
testing (1,000 complexes) sets. This partitioning is based on a
rigorous time-split strategy, which is crucial to prevent struc-
tural data leakage and accurately mimic real-world prospec-
tive drug discovery scenarios. To rigorously test the gener-
alization capability, we also employ two external test sets:
COACH420 and Holo4k, which contain diverse protein struc-
tures unseen during training. Ligand structures are processed
using RDKit to generate 2D molecular graphs, while pro-
tein surfaces are generated using MSMS with a density of
1.5 vertices/A2.

Baselines. We compare UniPocket with representative
methods across three categories: (1) Geometry-based meth-
ods: Fpocket [Le Guilloux et al., 2009] and P2Rank [Krivdk
and Hoksza, 2018]; (2) Voxel-based Deep Learning: Deep-
Site [Jiménez er al., 2017] and Kalasanty [Stepniewska-
Dziubinska et al., 2020] (3) Graph-based & Equivariant
GNNs: ViSNet [Wang et al., 2024] and the recent SOTA
EquiPocket [Zhang et al., 2024].

Note on 2025 SOTA Methods: We also consider recent
advancements in 2025. FABFlex [Zhang et al., 2025b], a
state-of-the-art flexible docking model, is included as a ref-
erence.
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Evaluation Metrics. We report the Distance Center-to-
Center (DCC) and Distance Center-to-Atom (DCA). A
prediction is considered successful if the DCC is within a

threshold (typically 4A). We summarize the performance us-
ing Success Rate (Succ.), which measures the percentage of
targets where the Top-1 predicted pocket is correct.

Additionally, to evaluate the ability of models to differ-
entiate between distinct binding site types, we employ the
Matthews Correlation Coefficient (MCC). MCC is a ro-
bust metric for binary and multi-class classification that con-
siders true and false positives and negatives, making it suit-
able for imbalanced datasets. It ranges from -1 (total dis-
agreement between prediction and observation) to +1 (perfect
prediction), with O indicating random prediction. A higher
MCC value signifies a more accurate and reliable classifica-
tion performance, particularly in distinguishing between dif-
ferent classes.

4.2 Performance Comparison

Table 1 presents the comprehensive results on COACH420
and PDBbind datasets. UniPocket achieves state-of-the-art
performance across all metrics, validating the effectiveness
of our physics-aware geometric design.

Superiority over Geometric and Voxel-based Methods.
As shown in Table 1, UniPocket significantly outperforms tra-
ditional geometry-based methods (Fpocket) and voxel-based
CNN methods (DeepSurf). While CNN-based methods im-
prove performance by learning from 3D grids, they require
massive parameters (e.g., Kalasanty: 70.6M) and suffer from
rotation variance. UniPocket, utilizing rotation-equivariant
surface message passing, achieves a substantial improvement
in Success Rate by nearly 10 percentage points compared. to
DeepSurf (68.9% — 78.3%), while using only a fraction of
the parameters.

Comparison with State-of-the-Art GNNs. Compared to
the strongest baseline EquiPocket, UniPocket improves the
Top-1 Success Rate by a distinct margin on PDBbind (76.1%
— 78.3%). This gain verifies our hypothesis: utilizing ligand
chemical constraints (via the Ligand-Gated mechanism) ef-
fectively filters out geometrically plausible but chemically in-
compatible cavities. Furthermore, the proposed Vector Rejec-
tion mechanism allows the model to explicitly penalize steric
clashes, which purely geometric GNNs often fail to distin-
guish.

Comparison with End-to-End Docking SOTA. Recently,
FABFlex [Zhang et al., 2025b] established a new state-of-
the-art in flexible docking. We utilized its official pre-trained
model to perform inference on our test set. As shown in Ta-
ble 1, UniPocket achieves superior pocket localization accu-
racy (DCC 0.92A vs. FABFlex 3.25A). This demonstrates
that while end-to-end docking models are powerful, special-
ized pocket detection models like UniPocket still maintain a
significant advantage in geometric precision and localization
stability.

Performance in Ligand-Specific Binding Site Type
Differentiation

UniPocket’s core strength lies in its ability to differentiate
binding sites based on the query ligand type, a capability
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Figure 3: Performance comparison of different models in dif-
ferentiating ligand-specific binding site types. Each sub-panel il-
lustrates a model’s ability to identify the actual binding site type
on a protein (X-axis) given a query ligand type (Y-axis). The val-
ues within the cells represent the Matthews Correlation Coefficient
(MCC), ranging from -0.2 to 1.0, where higher MCC indicates bet-
ter classification performance. The intensity of the purple color re-
flects the magnitude of the MCC value, with darker shades indicat-
ing higher MCC.

quantitatively assessed in Figure 3.

As depicted, UniPocket consistently achieves remarkably
high MCC values along the diagonal elements (e.g., 0.85 for
Small-Molecule, 0.88 for Peptide, and 0.86 for Nucleotide
queries). This signifies its exceptional accuracy in identi-
fying binding sites that precisely match the queried ligand
type. Crucially, UniPocket maintains extremely low MCC
values on off-diagonal elements (mostly ranging from 0.12 to
0.22), robustly demonstrating its high specificity and selec-
tivity in avoiding confusion with other existing binding site
types. This superior performance is attributed to the syn-
ergistic action of UniPocket’s unique Ligand-Gated mecha-
nism and Physics-Aware Vector Rejection module, which ef-
fectively filter out geometrically plausible but chemically in-
compatible cavities.

In stark contrast, baseline models exhibit significant limita-
tions in this task. FABFlex, EquiPocket, EquiBind, DiffDock,
and AutoDock Vina generally show lower diagonal MCC val-
ues and relatively higher off-diagonal MCC values. This indi-
cates their propensity for confusion between different binding
site types and a general struggle to achieve high-specificity
and high-accuracy differentiation. Traditional docking tools,
in particular, lack the mechanistic ability to perceive and dif-
ferentiate binding sites based on ligand characteristics.

4.3 Efficiency and Complexity Analysis

Computational efficiency is crucial for large-scale virtual
screening. We compare the inference latency on a single
NVIDIA RTX 4090 GPU. Sampling-based blind docking
methods (e.g., DiffDock) typically require 20-40 steps of dif-
fusion, taking approximately 14 seconds per complex. In
contrast, UniPocket leverages lightweight surface graphs and
a one-shot prediction head, requiring only 0.12 seconds per



PRELIMINARY PREPRINT VERSION - DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of JCAI-ECAI 2026.

Variant | DCC| DCA| Succ.? | A Succ.
w/o Ligand Gate 1.45 1.80 65.2 -13.1%
w/o Surface Normals 1.15 1.35 75.8 -2.5%
w/o Vector Rejection 1.08 1.28 74.1 -4.2%

UniPocket (Full) | 092 1.11 78.3 | -

Table 2: Ablation study on PDBbind 2020. We investigate the im-
pact of removing key components from UniPocket. The A column
indicates the performance drop in Success Rate compared to the full
model.

complex. Moreover, as indicated in the “Params” column of
Table 1, UniPocket is highly lightweight (= 0.8M param-
eters), which is orders of magnitude smaller than 3D-CNN
models (Kalasanty: 70.6M). This 100x speedup and low
memory footprint make UniPocket highly suitable for high-
throughput screening of massive ligand libraries.

4.4 Ablation Study

To investigate the contribution of each proposed module il-
lustrated in Figure 2, we conduct ablation studies on the
PDBbind test set. Specifically, we analyze the impact of
the ligand-gated mechanism and vector rejection (Figure 2c).
Quantitative results are summarized in Table 2.

* w/o Ligand Gate: Replacing the ligand-gated message
passing with standard isotropic GNN layers leads to
the most significant performance drop (Success Rate:
78.3% — 65.2%). This confirms that the ligand finger-
print acts as a critical filter for pruning the geometrically
plausible but chemically incompatible search space.

* w/o Vector Rejection: Removing the geometry filter-
ing mechanism results in a clear performance decrease,
with the Success Rate dropping by 4.2%. This sug-
gests that explicitly modeling orthogonal geometric con-
straints (steric hindrance) helps in refining the pocket
boundaries and reducing false positives.

* w/o Surface Normals: Excluding surface normal infor-
mation results in higher distance errors (DCC increases
from 0.92A4 to 1.15/1), indicating that surface orienta-
tion features are critical for defining local curvature and
identifying deep pockets.

4.5 Qualitative Analysis: Adaptability to Ligand
Modalities

A significant challenge in pocket detection is the geometric
diversity of binding sites. Small-molecule pockets are typ-
ically deep and concave, whereas peptide-binding sites are
often shallow and flat. Geometry-based methods often strug-
gle to distinguish these distinct topologies co-existing on the
same protein.

Figure 4 presents a case study on Bcl-xL (PDB: 1L2I),
which accommodates both binding modalities.

* When queried with the small-molecule inhibitor (cyan),
UniPocket successfully identifies the deep hydrophobic
groove (Fig. 4a).
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(a) UniPocket
(Query: Drug)

(b) UniPocket
(Query: Peptide)

(c) Baseline
(Geometry-based)

Figure 4: Controllable pocket detection by UniPocket. (a) When
queried with the drug ligand (cyan sticks), UniPocket specifically
identifies the drug-binding site (yellow surface) while ignoring the
peptide pocket. (b) Conversely, when queried with the peptide (ma-
genta sticks), it accurately localizes the peptide-binding interface
(magenta surface). (c) In contrast, the baseline geometry-based
method detects all potential cavities (cyan surface) without distin-
guishing between the two distinct binding sites.

* Critically, when queried with the peptide ligand (ma-
genta), the model accurately shifts attention to the shal-
lower peptide-binding interface (Fig. 4b), a region often
overlooked or merged by conventional cavity detectors.

* In contrast, baseline methods based purely on geome-
try (Fig. 4c) detect all concavities without distinguishing
between the deep pocket and the shallow peptide site.

This comparison highlights UniPocket’s ability to adapt its
detection strategy based on the input ligand type, effectively
handling both small-molecule and peptide binding sites.

5 Conclusion

In this paper, we presented UniPocket, a geometrically com-
plete and physics-aware framework for ligand-specific bind-
ing site detection. Unlike traditional methods that treat
cavities as static geometric voids, UniPocket leverages a
Manifold-Aware Surface Encoder to capture intricate lo-
cal topologies using surface normals as intrinsic reference
frames. By integrating this with a Ligand-Gated Message
Passing mechanism and a Vector Rejection inductive bias,
our model explicitly filters out surface regions that are ge-
ometrically accessible but chemically incompatible. Exten-
sive experiments on PDBbind, COACH420, and HOLO4k
benchmarks demonstrate that UniPocket significantly out-
performs state-of-the-art baselines (including P2Rank and
EquiPocket), particularly in distinguishing allosteric sites.
Furthermore, our efficient surface-canonicalization formula-
tion enables high-throughput scanning, offering an approxi-
mately 100-fold speedup over diffusion-based blind docking
methods.
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