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Structure-based virtual screening and binding affinity prediction remain challenging due to solvation/entropy effects,

protein flexibility, and induced fit. We present a Heterogeneous Contrastive Graph Transformer for Protein-Ligand (HCGT-

PL) framework. Each complex is represented as a directed heterogeneous graph with multiple node and relation types;

relation-specific multi-head attention enables message passing and aggregation. Unsupervised augmentations yield

transferable interaction representations that are fine-tuned for affinity regression and virtual screening. Across diverse

benchmarks and hold-out evaluations, the approach delivers robust accuracy, strong ranking capability, and pronounced

early-enrichment, with consistent generalization over varied protein families and pocket conditions. Interpretability

visualizations indicate that the model prioritizes ligand functional groups and contacting receptor side chains within the

binding pocket. By unifying heterogeneous graph modeling, graph Transformers, and contrastive learning, this framework

provides a general, transferable, and interpretable solution for protein—ligand modeling.

Introduction

In the lengthy and costly process of modern drug discovery,
accurately predicting the binding affinity between ligands and
their target proteins, as well as their binding conformations, is
crucial. High binding affinity is not only essential for the efficacy
of drugs but also critical for minimizing side effects.

Isothermal Titration Microcalorimetry! and Surface Plasmon
Resonance,? as two widely applied techniques for analyzing
molecular interactions and determining binding affinities, face
challenges such as complexity, high cost, and time consumption
in large-scale drug screening. There is an urgent need for
innovative computational methods to accelerate the drug
discovery process and reduce costs.

Virtual screening (VS), as a computational method, identifies
molecules that may bind to drug targets by screening large
chemical libraries, thereby accelerating the drug discovery
process. Among these, structure-based virtual screening (SBVS)
simulates ligand-target interactions through computational
modeling to achieve optimal spatial and physicochemical
complementarity.3#
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Classic affinity prediction calculation methods include force
field-based scoring functions, empirical scoring functions, and
knowledge-based scoring functions. However, these methods
generally face problems such as difficulty in handling solvation
effects, ignoring or simplifying entropy contributions, inability
to capture non-linear relationships, challenges in simulating
protein flexibility and induced fit, as well as inaccurate binding
pose predictions. These issues result in poor correlation with
experimental binding affinities, creating a disconnect between
simplified models and the complex reality of biological
interactions. This leads to significant inaccuracies and a lack of
comprehensive physical representation, necessitating more
sophisticated computational methods to model these complex
factors for accurate protein-ligand affinity prediction.

Graph Neural Networks (GNNs) have overcome the limitations
of early deep learning architectures (CNNs, RNNs) in processing
molecular data’s graph structure and three-dimensional spatial
relationships, providing a powerful framework for analyzing
graph-form data, particularly suitable for non-Euclidean data
structures.® In drug discovery, they have advanced the graph
representation of drug compounds and target proteins,
enabling more comprehensive and accurate understanding of
molecular interactions. The core of GNNs follows a message
passing mechanism, including message passing and node
updating, with specific architectures such as GCNs® and GATs,”
each having their own characteristics. Compared to traditional
deep learning models, GNNs show clear advantages in handling
graph topologies, arbitrarily complex topologies, and structures
without fixed node ordering, effectively capturing relationships
and propagating information. For molecular representation,
they are more targeted, providing more natural, powerful, and
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accurate  representations  for
interactions.

Biological systems involve multiple types of entities (e.g.,
different types of protein atoms, different types of ligand
atoms) and interactions (e.g., covalent bonds within proteins,
covalent bonds within ligands). Isomorphic GNNs treat all nodes
and edges equally. Furthermore, Heterogeneous Graph Neural
Networks (HGNNs)® explicity model this heterogeneity,
allowing for different types of nodes and edges, each of which
may have unique feature spaces and message
passing/aggregation functions.

Protein-ligand complexes can be represented as heterogeneous
graphs, where protein atoms and ligand atoms are different
node types, while intramolecular covalent bonds and
intermolecular non-covalent interactions are different edge
types. For example, HGEF-Net models ligands as heterogeneous
graphs, capturing inter-atomic correlations, subgraph topology,
and chemical functional group information. The advantage of
HGNNs for PLI lies in their ability to represent complex biological
interactions more accurately and in greater detail, and to learn
patterns and relationships specific to certain types. For
instance, the HGScore model separates embeddings for each
edge type (protein-protein, protein-ligand, etc.), allowing
submodels to learn from specific contexts, thereby capturing
richer semantic contexts and improving performance compared
to homogeneous graphs.

Related models include HGScorel%, HGEF-Net®, HNCL-DTI!, and
MVCL-DTI*2. The transition from generic GNNs to HGNNs in the
PLI field marks the maturation of this domain. This reflects a
recognition that a singular approach to processing nodes/edges
is insufficient to address the complexity of biological systems.
The Transformer architecture, with its attention mechanism,
demonstrates excellent performance in capturing long-range
dependencies and global context, while Graph Transformers
apply the attention mechanism to graph-structured data,
allowing nodes to attend to other nodes in the graph, thereby
capturing global information and long-range dependencies both
within and between molecules. Moreover, Contrastive Learning
(CL)13, as a self-supervised learning method, can leverage large
unlabeled molecular databases to learn robust, generalizable,
and intrinsic molecular representations, enhancing the
performance of downstream tasks (such as PLA prediction, DTI
prediction, and molecular property prediction). Our previous
work, CL-GNN4, has also demonstrated this.

Here, we present an end-to-end workflow, termed the
Heterogeneous Contrastive Graph Transformer for Protein-
Ligand Modeling (HCGT-PL) (Fig. 1). For each protein-ligand
complex, we construct a directed heterogeneous graph with
two node types (protein and ligand) and four relation (edge)
types that distinguish intra-molecular covalent structure from
inter-molecular contacts. During training, to support task-
agnostic representation learning, we apply graph-view
augmentations-including subgraph removal, atom masking, and
bond deletion. Message passing and aggregation are performed
through relation-specific Q-K-V projections under multi-head
attention, with geometric context incorporated on inter-
molecular edges to capture contact geometry efficiently. We

learning  protein-ligand
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first pretrain the model in a self-supervised contrastive.masnher
to learn transferable interaction represeritatiéhs0aNa therP el
tune the pretrained encoder with lightweight task heads for
downstream binding-affinity regression and structure-based
virtual screening. Together, these designs explicitly reflect the
intrinsic asymmetry of molecular recognition (ligand to protein
and protein to ligand) while enabling relation-aware and
geometry-sensitive interaction modeling with practical
computational cost.

Methods
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Figure 1. Overall workflow of the HCGT-PL. (A) Data preparation. Protein-ligand
complexes are converted to pockets (B) Graph construction. A heterogeneous graph is
built with two node types (protein atoms, ligand atoms) and four edge types; node/edge
features include atom/bond types, degrees, valence, aromaticity, distances/angles,
etc.(C) Data augmentation. Such as subgraph removal, atom masking, and bond deletion
on the graph information. (D) Heterogeneous Graph Transformer. For a target node
(Total nodes of the complex graph) of type t, relation-specific linear projections generate
Q/K/V; multi-head attention with edge-scaled softmax computes message weights,
followed by relation-specific message passing and target-specific aggregation. (E)
Contrastive pre-training. Two augmented graph views are encoded and optimized with
a contrastive loss to learn transferable interaction representations. (F)and (G)
Downstream tasks. The pretrained encoder is fine-tuned for binding-affinity regression
and structure-based virtual screening.

Graph representation in protein-ligand complex
We model each complex as a typed, directed heterogeneous
graph.

G = (V.E1,¢.X" XE)

where V = V! U VPis the union of ligand and protein atoms. The
node—type mapping is :V—A with A = {I,p} (ligand, protein).
The edge—type mapping is ¢:E—-R with R = {11,pp,1p,pl}.
Accordingly

E=EYUEPPUE UEPLEYY CcV* x V7,

This journal is © The Royal Society of Chemistry 20xx
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E'1:intra-ligand edges between ligand atoms (covalent bonds).
EPP: intra-protein edges between protein atoms in the pocket
(covalent bonds).E'P and EP!: inter-molecular contact edges
from ligand->protein and protein—>ligand, respectively. These
are constructed between atom pairs within a distance threshold
d‘.

Edge features comprise bond attributes for intramolecular
ligand—ligand and protein—protein edges and invariant
geometric descriptors for intermolecular ligand—protein and
protein—ligand edges. The 11-dimensional geometry-only edge
feature is constructed as follows. For each directed edge i->j, all
neighboring atoms k of atom j, excluding atom i, are
enumerated. For each i—j-k triplet, three geometric quantities
are calculated: the angle zijk, the area of triangle Aijk, and the
Euclidean distance d(i,k).
aggregated over all neighboring atoms k using max, sum, and

mean statistics, yielding 3x3=9 features. Two direct distance

Each quantity is independently

terms between atoms i and j, namely the L1 norm and the
L2/Euclidean distance, are then appended, resulting in an 11-
dimensional geometric feature vector. For intramolecular
edges, a 6-dimensional chemical bond feature, including bond
type, conjugation, and ring membership, is prepended, yielding
a 17-dimensional edge feature. Intermolecular edges use only
the 11-dimensional geometric feature. Full feature definitions are
summarized in Table S1.

Heterogeneous graph transformer

In this section, we will introduce the detailed steps for
constructing the Molecular Heterogeneous Graph Transformer
(HGT). The HCGT-PL encoder consists of three stacked HGT
convolutional layers. Each HGT layer uses two relation-specific
attention heads, with a hidden dimension of 128 per head,
giving a concatenated node embedding dimension of 256. Layer
normalization is applied within each HGT layer, and a dropout
rate of 0.05 is used in both the graph convolutional layers and
the prediction head. For affinity regression, the graph-level
representation is fed into a three-layer MLP prediction head
with dimensions 256 - 256 -> 1, where Dropout(0.05),
LeakyReLU activation, and BatchNorm1d are applied after the
hidden layer. The input node feature is a 35-dimensional one-
hot atom descriptor, including element type, atom degree,
implicit valence, hybridization, aromaticity, and total hydrogen
count.

The entire HGT is divided into three modules: heterogeneous
mutual attention, heterogeneous message passing, and target-
specific aggregation.

Heterogeneous mutual attention. In contrast to the traditional
transformer model, the HGT model assigns a distinct set of
projection weights W to each meta-relationship. In a
conventional transformer, however, all words share a common
set of weights. With a more focused approach, we apply a linear
projection technique, denoted as Q—Lineari(t), to transform
the target node t into the i-th query vector.

Attention yer(s,et) = Softmax (|l ATT — head i(s,e,t))
N(t

Vs € N(t)

This journal is © The Royal Society of Chemistry 20xx
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; . u
ATT — head i(s,e,) = (Ki()WATEQi()T) -~ DL e
' DOI10. 1039/9(55@9548[3

Ki(s) = K — Linear (,(H(-D[s])

Qi(t) = Q-Linear i(t)(HU—D[t])

Here, ATT-head refers to the i-th attention head, K(s) represents
the i-th key vector for source nodes, and Q(t) is the i-th query
vector for target node t. The relationship e links source node s
and target node t, while p(-) scales each relational ternary
adaptively. The attention operation involves combining the
outputs from all h attention heads to generate the attention
vector for each node pair (s,t). Essentially, it performs a softmax
operation to create a probability distribution tailored to each
target node t, derived from the accumulated attention vectors
from neighboring nodes N(t).

Heterogeneous message passing. In this module, meta-
relationships between edges are incorporated into the
message-passing mechanism to address the discrepancies in
how different node and edge types are distributed.

Messageper(s.e,t) = |lie[1,nyMSG — headi(s,e N?
MSG — headi(s,e,t) = M-Linear! ) (D [s]) Wi,

Target-Specific aggregation. In this module, the results from the
heterogeneous mutual attention and message passing are
aggregated from the source node to the target node:

AO[t] = @ (Attention ygr(s,et) - Message yer(s.et))

Vs € N(t)
These results are then passed through an ELU activation layer,
followed by linear transformation and residual connections:

HO[t] = o A-linear o HO[t t]) + HED[e]

Contrastive learning

We adopt unsupervised contrastive learning to obtain
discriminative and transferable representations of protein—
ligand interactions.

Given a complex G, we generate two augmented graph views
GM,G@via subgraph removal, atom masking, and bond
deletion. Each view is encoded by a heterogeneous graph
encoder fy(-) and a projection head g(-); the resulting
vectors are £, — normalized:

A 0)
HECI

In a mini-batch of M complexes we obtain 2M views; the two
views of the same complex form a positive pair, while all other
views serve as in-batch negatives. We use cosine similaritysim(
uv) =u'v.

For view i with its positive index j and temperature t,

(sim(zi,zj)>
exp\—

2M exp (sim(zi,zk)) '

2k=1,k:a&i T

€ R%4v € {1,2}.

£(i,j) = —log

The symmetric batch objective is

J. Name., 2013, 00, 1-3 | 3
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This objective maximizes agreement between two
augmentations of the same complex while pushing apart
different complexes, yielding invariance to perturbations and
sensitivity to cross-sample differences. Contrastive pre-training
drives the encoder to pull together representations of
interacting protein—ligand views and to repel mismatched pairs,
providing a strong initialization for downstream binding-affinity
regression and structure-based virtual screening. The
temperature T controls distribution sharpness, and g(-) is a
small MLP used only in the contrastive space, while encoder

outputs feed the downstream heads.

Architecture overview

Our framework consists of two stages: self-supervised
contrastive pre-training and task-specific fine-tuning.

Pre-training. Each protein-ligand complex is converted into a
directed, typed heterogeneous graph with two node types and
four relation types. To construct the two views used in
contrastive  pre-training, apply stochastic graph
augmentations to the directed heterogeneous complex graph.
Concretely, for each protein-ligand complex we create three
candidate augmented graphs, each generated by one of the
following operators (all applied with an augmentation ratio p=
0.2): (1) Atom masking: with probability p, we randomly select
nodes and either remove them together with all incident edges.
(2) Bond deletion: we randomly drop p fraction of edges while
keeping all nodes. The operator is applied to both intra-
molecular covalent edges and inter-molecular contact edges.
(3) Subgraph removal: we sample a connected subgraph
containing approximately p fraction of nodes using a random-
walk expansion from a randomly chosen seed node. During pre-
training, we randomly sample two views from the above
candidates to form a positive pair for the NT-Xent (InfoNCE)
objective. Each view is encoded by a Heterogeneous Graph
Transformer®> encoder fy; a small projection head g(-) maps
the graph readout to a contrastive space. We optimize fy with
the symmetric InfoNCE (NT-Xent) loss using in-batch negatives,
optionally adding a protein—ligand pairing loss to explicitly pull
together true pairs and push apart mismatched pairs. This stage
yields a domain-specific encoder that captures interaction-
relevant and augmentation-invariant representations.

we

Fine-tuning. For downstream tasks, we reuse the pretrained
encoder as a feature extractor and attach lightweight heads:
Binding affinity regression: an MLP on the graph readout with a
regression objective (MSE). Structure-based virtual screening:
an MLP classifier with a sigmoid output and class-balanced
cross-entropy . Unless stated otherwise, we fine-tune the entire
network end-to-end. This two-stage design provides strong
initialization and consistently improves convergence speed and
final accuracy on both affinity prediction and virtual screening.

Dataset preparation

4| J. Name., 2012, 00, 1-3

Pre-training. Following CL-GNN, we compiled 368,896 unigue
unlabeled protein-ligand complexes fr6M10BIGIGPS$6LI5EIR
supervised pre-training. Structure preparation. Because raw
PDB entries often contain missing or inconsistent records, we
reprocessed all complexes with PDBFixer: (i) identify and rebuild
missing residues and heavy atoms; (ii) replace non-standard
residues with their standard counterparts; (iii) remove all
heterogens (including water/ions/metals/cofactors), and add
missing heavy atoms.; (iv) add missing hydrogens.

For each complex we generate two graph views via subgraph
removal, atom masking, and bond deletion, ensuring both views
preserve pocket—ligand feasibility.

Each view is encoded by the heterogeneous graph encoder f0
and a projection head g(-). During self-supervised pre-training,
the HCGT-PL encoder was optimized using only the NT-Xent
contrastive loss, i.e., INfoNCE with symmetric cosine similarity,
with a temperature parameter of t=0.05. The model was pre-
trained for 2,000 epochs with a batch size of 512 using the Adam
optimizer, with a learning rate of 0.001, B1=f2=0.9, and a
weight decay of 1x10-6. No gradient accumulation was applied.
Although the model implementation supports an optional
protein—ligand pairing loss, this auxiliary loss was not used in
the final reported model. The downstream affinity regression
model was fine-tuned on the labeled PDBbind dataset using
MSE loss with a batch size of 64.

We randomly split the pre-training set into a training split and a
validation split of 20,000 complexes. Checkpoints are selected
by the best validation InfoNCE objective. No supervised labels
are used at this stage.

Downstream test. We trained and validated our encoder-head
model on PDBbind v2016 (general + refined), in line with prior
work. From the PDBbind website we collected 13,285
complexes with experimentally determined affinities. After
excluding entries that could not be parsed or repaired, 12,904
complexes remained and were randomly split into train (N =
11,904) and validation (N = 1,000). Affinity labels were
converted to pK values, using reported Kd or Ki (larger is
stronger binding). To assess generalization, we evaluated on
PDBbind Core 2013 (N = 107) and Core 2016 (N = 285), ¢ and
additionally compared on CSAR-HiQ.1” Pre-training, training and
validation sets share no overlap with the test sets. Structures
underwent the same preparation as in Pre-train.

Heads, loss, and metrics. A lightweight MLP head is attached to
the graph readout for regression; we optimize with MSE (Huber
as a robustness check). We report RMSE and Pearson’s
correlation coefficient r (Pearson’s r), computed on complexes
with valid labels.

Large-scale SBVS is cast as binary classification (actives vs.
decoys) at the target level. We train on DUD-E*®(diverse actives
paired with property-matched decoys across many targets) and
evaluate generalization on Three independent benchmarks:
DEKOIS2.0'° (harder decoys to reduce artificial enrichment),
TrueDecoy_set and TrueDecoygap set.?°

Training protocol and evaluation. We attach a classification MLP
(sigmoid output) atop the pretrained encoder and optimize with
class-balanced cross-entropy (focal loss as an option for class

This journal is © The Royal Society of Chemistry 20xx
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imbalance). We  evaluate early-enrichment  metrics
(EF@0.1/0.5/1/5%) per target, then report both per-target
scores and cross-target averages. EF@k is computed per target
and then summarized across targets (mean/median), consistent
with the violin and heatmap presentations.Thresholds are
selected on the validation targets and applied unchanged to test
targets.

Results
Comparative evaluation of binding-affinity prediction

We first evaluated the proposed heterogeneous contrastive
graph Transformer on the PDBbind v.2016 and PDBbind v.2013
core sets, comparing its performance with a wide range of state-
of-the-art methods. As shown in Table 1, HCGT-PL achieves
highly competitive results on both benchmarks. On the PDBbind
v.2016 Core Set, our method reached an RMSE of 1.210 and
Pearson’s r of 0.845, which is the best Pearson’s r among all
compared models and comparable to the lowest RMSE (1.209
from CL-GNN). This indicates that the proposed framework not
only preserves predictive accuracy but also captures the binding
affinity trends more consistently, reflecting a strong ability to
learn discriminative interaction patterns. On the PDBbind
v.2013 Core Set, HCGT-PL obtained an RMSE of 1.512 and
Pearson’s r of 0.762, which are competitive with existing
methods. While the RMSE is close to the best-performing
baselines (e.g., IGN with 1.372), the correlation remains slightly
lower compared to CL-GNN (0.815) and IGN (0.832). This
observation suggests that although HCGT-PL generalizes well to
older datasets, further optimization may be required to fully
capture the variability present in earlier versions of PDBbind.

This journal is © The Royal Society of Chemistry 20xx
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Table 1. Performance comparison of different models on the PD@%@dAr\{iczlglénﬁHg

PDBbind v.2013 Core Sets. Results are reported in termsef e Aean ssuua@semer
(RMSE, the lower the better) and Pearson correlation coefficient (Pearson’s r, the higher

the better). The best results in each column are highlighted in bold.

Models PDBbind v. 2016 Core Set  PDBbind v. 2013 Core Set

RMSE Pearson’s r RMSE Pearson’sr
RF-Score?! 1.488 0.785 1.616 0.776
PotentialNet?? 1.503 0.772 1.607 0.773
GNN-DTI?® 1.384 0.779 1.533 0.767
RosENet?* 1.24 0.820 1.430 0.800
Pafnucy® 1.420 0.780 1.620 0.700
AGL-Score? 1.733 0.833 1.973 0.793
OnionNet?’ 1.278 0.816 1.503 0.782
AEScore?® 1.300 0.800 1.460 0.760
PSH-ML?® 1.280 0.835 1.482 0.783
PerSpect ML3° 1.724 0.840 1.956 0.793
BAPA3! 1.308 0.819 1.457 0.771
IGN32 1.220 0.837 1.372 0.832
PointTransformer®®*  1.260 0.833 1.613 0.781

CL-GNN* 1.200+0.0090.838+0.004 1.345+0.004 0.812+0.003

HCGT-PL 1.238+0.041 0.842+0.003 1.441+0.004 0.783+0.003

Impact of the protein binding pocket on binding affinity

Without invoking pre-training, we systematically evaluated the
impact of the pocket cropping radius re{5,6,7,8,9,10} A on
binding-affinity prediction performance (Table 2). On the
PDBbind 2016 core set, the highest correlation was obtained at
r=5 A (Pearson’s r=0.821). Increasing the radius from 7 to 9 A
consistently worsened performance, with RMSE increasing
from 1.362 to 1.530 and correlation decreasing from 0.790 to
0.777. A consistent trend was observed on the PDBbind 2013
core set: r=5 A yielded superior results (RMSE=1.498; Pearson’s
r=0.771), whereas expanding the radius to 9 A markedly

J. Name., 2013, 00, 1-3 | 5
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degraded performance (RMSE = 1.883; Pearson’s r=0.546).
These findings indicate that, for a model trained from scratch,
smaller pockets (5-6 A) provide a higher signal-to-noise ratio
and accentuate local interactions; in contrast, including many
distal residues introduces noise and structural heterogeneity
that exceed the model’s ability to disentangle informative
signals at initialization, leading to higher errors and lower
correlations. Balancing robustness and computational cost, we
therefore adopt r=5 A as the default in subsequent
experiments.

Table 2. Effect of pocket radius on model performance (no pretraining)

A PDBbind v. 2016 core set PDBbind v. 2013 core set
RMSE Pearson’s r RMSE Pearson’s r

5 1.333 0.821 1.498 0.771

6 1.300 0.808 1.504 0.750

7 1.362 0.790 1.543 0.740

8 1.431 0.791 1.629 0.717

9 1.530 0.777 1.883 0.546

Regression accuracy and ranking performance on comprehensive
benchmarks

We plot the squared error as a function of experimental p
K = —logK;/K; and fit it with a three-segment piecewise
linear model (PWL-3).34 The curve exhibits a characteristic “U”
shape: errors are minimal around the near-neutral/moderate
affinity regime (pK=6.5-8.0), but rise markedly at the extremes
of very strong or very weak affinity. This suggests that (i)
training samples are denser and have a higher signal-to-noise
ratio in the middle range; and (ii) extreme regimes are more
prone to measurement noise, pocket conformational
heterogeneity, systematic contributions
solvent/entropy, all of which inflate residuals. The segmented
pattern motivates subsequent error calibration (e.g., interval-
wise isotonic regression or temperature scaling) and indicates a
need to augment data or inject physical priors in the extreme
ranges to curb extrapolation error.

On the CASF-2016 ranking benchmark, our method achieves the
highest (p) score, outperforming traditional scoring functions
(e.g., X-Score33, DrugScore3®) and learning-based baselines (e.g.,
ChemPLP?7, iScore-Hybrid38). This indicates that the proposed
heterogeneous graph Transformer captures relative affinity
trends within ligand series more robustly, maintaining pairwise
ranking consistency even under substantial conformational
variation and broad chemical diversity. Together with the
interval-wise error analysis above, this implies particularly
strong discriminability in the moderate-affinity regime, which
lifts overall ranking metrics.

On CASF-2016 (PDBbind v2016 core set), the model attains
Pearson’s r =0.845 and RMSE=1.210 (as annotated in the
figure). The regression line is essentially parallel to the identity
line in the scatter p lot, indicating not only reduced absolute
error but also preservation of the global linear relationship both
within and across targets. On the independent CSAR-HiQ
dataset, our approach surpasses representative baselines—
including RF-Score, PotentialNet, GNN-DTI, and IGN—on both

and from
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RMSE and Pearson’s r , demonstrating stronger,crassitarget
generalization and robustness. DOI: 10.1039/D55C09548D
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Figure 2. Comprehensive evaluation of the heterogeneous contrastive graph
Transformer for protein—ligand binding affinity. (A) Residual structure captured by a
three-segment piecewise linear fit (PWL-3). Squared prediction error is plotted against
experimental pK (x-axis; labeled “Experimental pK” in the panel); the red line denotes
the PWL-3 fit. (B) Ranking power comparison (average (p)). (C) CASF-2016 regression:
scatterplot of experimental vs. predicted pK. (D) Cross-dataset generalization on CSAR-
HiQ: comparison of RMSE (left axis, blue) and Pearson’s r (right axis, green).

Ablation analysis of contrastive learning pre-trained models

To evaluate the impact of contrastive pre-training on model
performance, we conducted an ablation study using varying
pre-training factors. Table 3 presents the results on the PDBbind
v.2016 and PDBbind v.2013 core sets with models trained
without pre-training and with pre-training factors (Temperature
7) 0f 0.01, 0.05, 0.1, 0.5, and 1. The baseline model without pre-
training achieved an RMSE of 1.333 and an Pearson’s r of 0.821
for the PDBbind v.2016 core set, indicating suboptimal
performance. When pre-training was applied with a factor of
0.01, the model’s performance improved slightly, with RMSE of
1.287 and Pearson’s r of 0.832. The best performance was
observed at a pre-training factor of 0.05, where RMSE reached
1.210 and Pearson’s r increased to 0.845, indicating that
contrastive pre-training significantly enhances the model’s
ability to capture transferable interaction representations.
However, further increases in the pre-training factor (0.1 to 1)
resulted in diminishing returns, with RMSE increasing to 1.282
and 1.257, and Pearson’s r decreasing slightly to 0.818 and
0.819, respectively. These findings suggest that while
contrastive pre-training improves model generalization, the
optimal factor is around 0.05, beyond which the improvements
plateau or decline. This ablation study highlights the critical role
of contrastive pre-training in enhancing the performance of the
HCGT-PL model for protein-ligand binding affinity prediction
and virtual screening.

This journal is © The Royal Society of Chemistry 20xx
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Table 3. Ablation Results of Contrastive Learning Pre-training on Model Performance

t PDBbind v. 2016 core set PDBbind v. 2013 core set
RMSE Pearson’s r RMSE Pearson’s r
Without pre- 1.333 0.821 1.498 0.771
train
0.01 1.287 0.832 1.522 0.754
0.05 1.210 0.845 1.437 0.786
0.1 1.282 0.818 1.501 0.760
0.5 1.257 0.819 1.487 0.765
1 1.276 0.814 1.482 0.758

Practical applications of HCGT-PL: Quantitative affinity vs MD-
based MM/GBSA.

In binding free-energy estimation, MD-MM/GBSA3? has long
been used as a reference method for its clear physical intuition
and manageable computational cost. Accurate MD workflows
are time-consuming, which constrains their use in large-scale
virtual screening. Deep learning scoring can be orders-of-
magnitude faster, so a head-to-head comparison with MD-
MM/GBSA clarifies when a learned model is a viable drop-in or
complementary replacement. Zou et al.3® systematically
juxtaposed their Deep learning model with MD-MM/GBSA;
adopting the same datasets and measurement conventions
(including MAE) ensures that differences primarily reflect the
scoring function rather than implementation.

To align with Zou et al.,?® we evaluated the same (aligned) set
of protein—ligand complexes and compared three binding free
energies: the experimental reference (AGe), the MD-—
MM/GBSA3® estimate (AGmm/eesa), and HCGT-PL prediction
(AGpred). When the model outputs pKq , we convert it to free
energy using AG = —RTIn K4 at T=300 K, (with pK4 = — log¢
K 4), ensuring consistent units and enabling direct comparison
with the literature. For each complex, the absolute error is
defined as [|AAG| = |AG — AGeypl; across  complexes,
performance is summarized by the mean absolute error (MAE).

This journal is © The Royal Society of Chemistry 20xx

ARTICLE

(A) Mean Absolute Error Comparison

25{[E HCGTPL 27
= MWGESA

(B) Comparison of Prediction Methods
s HOCGTAL View Article thr}e
* DOl 10.1039/D5SC09548D
o

%

@

B

.
.

.
.

LY

o

MAE (keal/mol)
8

Predicted AG (kcal/mol)
P :

a5 ¥
-5 -d0 35 -0 25 -0 -15
Experimental AG (kcalimel)
(D) Overall

08 12 10
0
& &ﬁ’

fff;@ q‘,fp\
Protoin Family

(C) Error Distribution: HCGT-PL vs MM/PBSA

ECE

A (kealmol)

718

184G] (kcalimol)
Value

5 % é % 1 =
* B, = &F S
& Lﬁe P f?“ ff}\

Protein Family

o

HCGTAL MMIGBSA

Figure 3. Comparison of Different Prediction Methods. (A) Shows the Mean Absolute
Error (MAE) of the prediction model and MM/GBSA across different protein families.
Blue bars represent the prediction model, and orange bars represent MM/GBSA. (B) A
scatter plot comparing predicted AG with experimental AG, illustrating the correlation
between predicted and experimental values. (C) Box plot comparison of the error
distribution between the prediction model and MM/GBSA. (D) Overall performance
comparison, where the blue bars represent the MAE of the prediction model, and the
orange bars represent the MAE of MM/GBSA.

Figure 3 provides a benchmark comparison between the HCGT-
PL and MM/GBSA workflow under a consistent evaluation
protocol. We note that these two approaches represent
fundamentally different paradigms: HCGT-PL is a data-driven
statistical model trained to minimize prediction error on
PDBbind-like supervision, whereas MM/GBSA is an
approximate physics-based simulation whose accuracy depends
on force-field parameterization, conformational sampling, and
end-point free-energy approximations. Therefore, the observed
differences should be interpreted as a practical trade-off on this
benchmark rather than a universal superiority of one paradigm
over the other. In Fig. 3A, HCGT-PL achieves lower MAE across
multiple protein families than MM/GBSA in this setting,
suggesting that the learned interaction representations can
serve as an efficient surrogate scorer for affinity estimation and
ranking. Fig. 3B shows that, despite some deviations, the model
captures the overall trend of experimental AG variations,
indicating that it encodes informative protein-ligand interaction
patterns. Fig. 3C further summarizes the error distribution,
where HCGT-PL exhibits a narrower spread for several systems,
especially those that are challenging for the chosen MM/GBSA
setup. Consistently, Fig. 3D reports a reduced error for HCGT-PL
relative to MM/GBSA, including an average error reduction of
62.5% under the current protocol. For difficult cases such as
GSK3B/CDK2 (e.g., 4ACG/4ACC/4ACM), Table S12 shows that
MM/GBSA can yield large | AAG| deviations (32.15/25.72/23.95
kcal/mol), whereas HCGT-PL remains within 0.8—3.75 kcal/mol
error. This discrepancy may reflect the sensitivity of MM/GBSA
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to sampling and parameter choices in highly polar and
conformationally heterogeneous systems, while the learned
model provides a stable estimate within its training distribution.
In contrast, for systems such as 10H4 dominated by aromatic
stacking and hydrogen bonding, both approaches are closer to
the experimental values, suggesting that when the dominant
interactions are well captured, MM/GBSA and HCGT-PL can
both provide reasonable estimates. Overall, these results
support the complementary use of the two paradigms: HCGT-
PL for high-throughput prescreening/ranking and MM/GBSA for
physics-based refinement and mechanistic analysis on a smaller
subset.

Performance comparison of virtual screening

We treat virtual screening as a binary classification ranking task:
for each target, active molecules (actives) and decoy molecules
(decoys) are scored and ranked separately. The receptor
preprocessing, pocket cropping, and scoring/post-processing
workflows are kept consistent across methods, with the
following metrics used: enrichment factor EF{0.5%, 1%, 2%,
5%}, and compared against three major baselines: (i) traditional
docking/scoring function-based methods (Glide_SP#%); (ii)
machine learning-based scorers (RF-Scorel8); (iii) deep learning
methods (IGN32). All baselines are either reproduced under the
public implementation or settings from the original papers, or
directly cited from published results.

As shown in Fig. 4, Across EF@0.1-5%, HCGT-PL achieves the
highest median and interquartile range, with the largest gains
at EF@0.1% and EF@0.5%, indicating superior early
enrichment. IGN ranks second, while RF-score and Glide_SP trail
behind. As the threshold widens to 1% and 5%, differences
narrow but HCGT-PL remains top or tied, suggesting better
cross-target consistency. These gains likely stem from relation-
specific attention over heterogeneous protein—ligand graphs
and contrastive pretraining that enhances transferable

interaction representations.
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Figure 4. Early-enrichment comparison across methods (violin plots). (A-D) show
EF@0.1%, 0.5%, 1%, and 5%, respectively. The x-axis lists the methods (HCGT-PL, IGN,
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RF-score, Glide_SP); the y-axis reports the enrichment factor (EF; h'k%lger SYtICFttSr‘?llne

each violin, the central line marks the median, the grayhox denpiestiresintergaartife
range (IQR), and the violin width reflects the per-target density.

Fig. 5 shows a heatmap comparison of EF@0.1%, 0.5%, 1%, and
5% across different targets. Overall, HCGT-PL exhibits deeper
color scales at most targets, with the most significant advantage
in the early enrichment regions of EF@0.1%/0.5%. IGN is the
strongest baseline, but still weaker than HCGT-PL on most
targets. RF-score and Glide_SP generally show shallower
results. As the threshold widens from 0.1% to 5%, the
differences between methods narrow, but HCGT-PL's
advantage remains highly consistent across all thresholds,
demonstrating better robustness across both thresholds and
targets. For a few targets, baseline methods are close to or
slightly better than HCGT-PL, suggesting that these targets may
have stronger regularity or be better suited for
physics/empirical-based scoring. Overall, this heatmap
validates the broad early enrichment improvement and ranking
stability of our method across most targets.
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Figure 5. Target-wise early enrichment heatmaps. (A-D) show EF@0.1%, 0.5%, 1%, and
5%, respectively. Rows correspond to methods (HCGT-PL, IGN, RF-score, Glide_SP);
columns correspond to individual targets. Cell color encodes the enrichment factor (EF),
with the color bar indicating the value range—darker colors denote higher EF (better
performance).
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We evaluated HCGT-PL for SBVS on the TrueDecoy and
TrueDecoygap datasets following Gu et al.2%, comparing against
two families of baselines: (i) traditional docking/empirical
scoring (Glide?, rDock?*, Surflex®?, LeDock** and their
combinations with RTMScore**; KarmaDock?#?) and (ii) learning-
based/deep-learning scorers (RF-Score?®, IGN32, DiffDock*’,
FlexPose?®®). Performance was summarized by EF@0.5%, 1%,
and 5%.

To avoid confounding factors, we distinguish pose-generation
from pose-scoring in SBVS. For docking baselines
(Glide/rDock/Surflex/LeDock), ligand poses are obtained from
docking under the same receptor preparation and pocket
definition; the Top-1 pose and the corresponding docking score
are used for ranking. For docking+rescoring variants (e.g.,
RTMScore), we rescore the same docked pose using the
specified rescoring function. For learning-based scorers (e.g.,
RF-Score, IGN) that require a pose as input, we use a shared set
of docked poses generated once with a fixed docking protocol,
and apply different scorers on exactly the same poses. For
learning-based methods that generate poses (e.g., DiffDock,
FlexPose), we run the official implementations with default
pipelines/settings and use their Top-1 predicted pose for
ranking.

As shown in Fig. 6, violin plots of cross-target EF distributions
indicate that at the most stringent cutoffs (EF@0.5% and
EF@1%), HCGT-PL achieves a higher median than all—or the
vast majority of—baselines. The distribution is visibly shifted
toward larger EF values with a “thick” interquartile range (IQR),
implying that early-enrichment gains arise across many targets
rather than being driven by a few outliers. In contrast, several
docking/empirical methods exhibit violin bodies concentrated
in the low-EF regime, with medians near zero, underscoring
limited ability to prioritize the very top of the ranked lists. On
the more challenging TrueDecoyg,, benchmark (Fig. 6D-E),
HCGT-PL retains the highest median and a similarly substantial
IQR, demonstrating consistent, target-wide early enrichment
even when actives and decoys are harder to distinguish.
Collectively, these results suggest that the learned interaction
representations in HCGT-PL capture transferable binding
determinants that translate into robust, practically valuable
early retrieval in SBVS.

Like other structure-based learning scoring functions, HCGT-PL
depends on the quality of the input 3D pose. When crystal
structures are used, the model receives experimentally
supported protein-ligand geometries and can learn reliable
contact patterns. When docked poses are used, inaccurate
ligand orientations or distorted contacts may perturb
intermolecular distances, angles, and edge construction,
leading to reduced prediction accuracy. Nevertheless, HCGT-PL
may retain a degree of robustness because it integrates atom-
level chemical descriptors, intramolecular bond information,
directed protein-ligand contact edges, relation-specific
attention, and contrastive pre-training, rather than relying on a
single geometric feature. These design choices help the model
focus on chemically meaningful interaction motifs and
transferable local patterns. Future work will further improve
pose robustness by incorporating multiple docked poses or

This journal is © The Royal Society of Chemistry 20xx
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Figure 7. Interpretability visualization based on a Heterogeneous Graph Transformer
(PDB ID: 1BCU). The protein backbone is shown as a cyan trace, the binding pocket as a
gray envelope, and the ligand in a ball-and-stick representation. The displayed atom-wise
importance weights indicate each atom’s contribution to the model readout (prediction)
in the current forward pass; higher weights denote greater contribution.

Model interpretability is essential for practical deployment. To
visualize how ligand—protein atomic-pair interactions
contribute to the final prediction, we analyzed the complex PDB
ID: 1BCU. For each atom, we computed an importance score by
aggregating its incoming attention mass across all relation types
(edge categories), weighting by head and layer importance, and
summing the contributions. As shown in Fig. 7, high-weight
(orange/red) atoms cluster along the ligand surface within the
pocket envelope; these hot spots cover the ligand’s key
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functional groups as well as receptor side chains that form
hydrogen bonds, hydrophobic contacts, and mn-mediated
interactions with them. This pattern indicates that the model
concentrates representational capacity on regions where
physical interactions actually occur, rather than distributing
weight uniformly inside and outside the pocket.

Within the ligand, heteroatom sites (donors/acceptors,
charged/polar groups) and the edges of aromatic rings receive
prominently higher weights, whereas the inert carbon scaffold
is typically assigned medium-to-low weights. Such
intramolecular selectivity suggests the model discerns not only
whether contact occurs but also which chemical fragments are
functionally responsible. Point clouds far from the ligand are
mostly low-weight (blue), with only weak signals at a few
remote locations, consistent with a “near-field—-dominant, far-
field—decaying” physical intuition. The resulting distance—
attention trend implies that the model primarily relies on short-
range interactions (hydrogen bonding, hydrophobic packing, m—
n/m—cation) for discrimination, while retaining limited
sensitivity to longer-range electrostatic or shape constraints.

Conclusions

This study introduces a HCGT-PL that unifies, in a single framework,
heterogeneous graph representation (multiple node and relation
types), relation-specific multi-head attention, contrastive pre-
training, and downstream fine-tuning, thereby overcoming the
limitations of homogeneous graphs in capturing the diverse
semantics and cross-scale dependencies of biological systems.
Systematic experiments show that HCGT-PL achieves both high
accuracy and strong ranking power on binding-affinity regression and
structure-based virtual screening, with stable generalization and
robustness across multiple datasets, protein families, and pocket
conditions; interpretability visualizations further reveal that the
model concentrates within the pocket on ligand key functional
groups and receptor side chains where interactions truly occur.
Analysis of pocket-cropping radii and residual structure indicates
that smaller radii improve the signal-to-noise ratio, whereas very
strong/very weak binding regimes are more susceptible to
measurement noise, solvent/entropy effects, and conformational
heterogeneity; ablations of contrastive pre-training confirm that
cross-sample invariant representations facilitate downstream
convergence and enhance final performance. Taken together, HCGT-
PL offers a unified route for protein—ligand modeling that is scalable,
transferable, and interpretable, and it is poised to serve as a general
component for affinity prediction and early-enrichment screening in
drug discovery.

Despite these advances, there remains room for improvement:
performance in extreme affinity regimes and in strongly polar/strong
induced-fit scenarios is still constrained by upper-bound errors,
which may be alleviated by injecting physical priors (explicit/implicit
solvent terms, polarization and long-range electrostatics, many-body
interactions, or energy regularization) and, going forward, by
incorporating conformational ensembles and pocket dynamics to

10 | J. Name., 2012, 00, 1-3

improve extrapolability. In parallel, dataset shift angd target-label
imbalance persist, calling for stronger YebdstHEsY DR OprdR
benchmark joint training, hard-example mining, and imbalance-
aware learning.

Looking forward, several promising directions warrant further
investigation. First, replacing a single static complex structure with
conformational ensembles generated by molecular dynamics or
enhanced sampling could better capture receptor flexibility and
induced-fit effects, although this would increase computational cost.
Second, incorporating explicit or implicit solvent effects, such as
GB/SA-type solvation descriptors or learned water-placement
representations, may improve affinity prediction for polar and
solvent-exposed binding sites where electrostatic desolvation and
water-mediated  interactions  strongly  influence  binding
thermodynamics. Third, extending the self-supervised pre-training
framework to larger structural and bioactivity databases, such as the
full PDB and ChEMBL, may provide richer supervisory signals and
further improve generalization to novel protein families and
chemotypes. Finally, adapting HCGT-PL to covalent docking scenarios
and allosteric binding sites represents an important direction toward

broader applications in computational drug discovery.
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