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Abstract

Protein-Ligand Affinity (PLA) prediction quantifies the in-
teraction strength to guide rational drug design. Existing ap-
proaches typically analyze interaction at a single granular-
ity and overlook tightly coupled relationships between pro-
tein and ligand in both structure and functionality, conse-
quently yielding suboptimal representations, leading to sig-
nificant performance drops in real-world scenarios. To ad-
dress this problem, we propose PLA-MGRA, a minimalist
and effective PLA prediction framework. Specifically, PLA-
MGRA captures both fine-grained atomic details and coarse-
grained functional semantics within the 3D structure of pro-
tein—ligand complexes, through multi-granularity learning.
To further parse the coupled protein-ligand relationships, we
design relation-aware learning to enhance the binding nature
of representations. Extensive experiments demonstrate that
our method achieves state-of-the-art performance on multi-
ple protein—ligand affinity prediction benchmarks, while also
offering generalizability and interpretability.

Introduction

Protein—ligand interactions underpin essential cellular pro-
cesses such as gene regulation, signal transduction, and
metabolism (Du et al. 2016). Accurate prediction of the
binding affinity between proteins and ligands remains a cen-
tral challenge in structure-based drug design (Pawson and
Nash 2003; Scott et al. 2016). Traditional wet-lab assays
offer high precision, but are time consuming and costly,
limiting their scalability (Bleicher et al. 2003; Inglese and
Auld 2007; Mayr and Bojanic 2009). In contrast, computa-
tional chemistry approaches are grounded in rigorous phys-
ical and chemical principles but struggle with high compu-
tational costs, the vast conformational space of complexes,
and limited scoring function accuracy (Lim et al. 2021; Su
et al. 2018; Trott and Olson 2010). Consequently, achiev-
ing high predictive accuracy while improving computa-
tional efficiency remains a key bottleneck in protein—ligand
affinity prediction. With the increasing availability of high-
quality protein-ligand complex structures and correspond-
ing affinity measurements, researchers have turned their
attention to data-driven approaches for affinity prediction
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(Yang et al. 2019; Stepniewska-Dziubinska, Zielenkiewicz,
and Siedlecki 2018; Vefghi, Rahmati, and Akbari 2025; Zou
et al. 2023, 2025, 2024; Deng et al. 2025b,a). Depending on
whether atomic interactions and 3D structure are utilized,
existing machine learning methods can be broadly catego-
rized into interaction-free and interaction-based methods.

Interaction-free methods (Li, Zhao, and Li 2021; Oztiirk,
Ozgiir, and Ozkirimli 2018; Nguyen et al. 2021; Chen et al.
2023; Bai et al. 2023) rely solely on modeling the individual
features of proteins and ligands, without considering their
interactions. Such simplicity implies an intentional omis-
sion of the fundamental origin of binding affinity. Although
interaction-free methods may achieve high predictive accu-
racy by learning statistical correlations, correlation does not
imply causation (Zhang et al. 2022; Sieg, Flachsenberg, and
Rarey 2019).

In contrast, interaction-based methods (Yang et al. 2024;
Jiang et al. 2021; Sanchez-Cruz et al. 2021; Stepniewska-
Dziubinska, Zielenkiewicz, and Siedlecki 2018; Torng and
Altman 2019; Feinberg 2018) explicitly employ the 3D
structure at the atomic level of protein-ligand complexes
and model their interactions, aligning more closely with the
physical principles that underlie the binding affinity. Repre-
sentative models include physics-informed neural networks
(Moon et al. 2022), and geometric interaction-based graph
neural networks (Yang et al. 2023). By incorporating fea-
tures directly linked to binding mechanisms, yielding better
predictive accuracy and computational efficiency.

Although interaction-based methods naturally align with
the mechanisms of protein-ligand binding and have become
mainstream, their generalization ability and interpretability
remain limited due to two key challenges:

Neglect of cooperative functional group effects. Although
interaction-based methods typically represent molecules at
the atomic level, the functional cooperativity among atoms
is overlooked. For example, delocalized mw-electrons from
lone pairs on sp’-hybridized carbons in aromatic rings can
form m—m stacking with ligands, enhancing binding stability
(Zhao et al. 2015). Such cooperative effects are intentionally
omitted in a single atomic granularity.

Rigid assumptions of binding mechanisms. Many mod-
els follow rigid lock-and-key paradigm (Lim et al. 2021; Xu
et al. 2024), and represent proteins and ligands via two irrel-
evant branches. However, as Koshland’s induced fit theory



suggests, protein binding sites may undergo conformational
changes in response to ligand interaction, enabling dynamic
complementarity (Koshland Jr 1995). Irrelevant representa-
tions overlook their tightly coupled relation- ships in both
structure and functionality, consequently yielding subopti-
mal representations for PLA prediction.

To address these challenges, we propose an interaction-
based model, named PLA-MGRA, grounded in two pro-
found insights: (1) Although atomic-level interactions drive
binding affinity, the synergistic behavior of atoms within
functional groups also plays a crucial role. Thus, we intro-
duce a multi-granularity learning to integrate both fine-
grained atomic features and coarse-grained functional se-
mantics. (2) Beyond separately representing proteins and
ligands, it is crucial to model their interactions, particularly
the induced-fit-like conformational changes that occur upon
binding, as these dynamic adaptations are closely linked to
binding affinity. To this end, a relation-aware learning is ap-
plied to model the coupled relationships between the protein
and the ligand. The key contributions of PLA-MGRA are
summarized as follows:

e Multi-granularity learning: PLA-MGRA integrates
fine-grained atomic details with coarse-grained func-
tional semantics, enabling more expressive representa-
tions of proteins and ligands individually.

* Relation-aware learning: By modeling interaction fea-
tures, PLA-MGRA effectively captures the structural and
functional coupling between proteins and ligands, pro-
ducing representations that better correlate with binding
affinity.

* Superior generalizability and interpretability: Exten-
sive experiments on three PLA datasets demonstrate that
PLA-MGRA achieves SOTA, while maintaining strong
generalizability and interpretability.

Related Work

In this section, we first introduce the interaction-free meth-
ods and interaction-based methods for PLA prediction.
Then, we make comparisons with some methods that are
closely related to our work.

Interaction-free Methods

Interaction-free methods treat affinity prediction as a purely
data-driven problem, neglecting inductive biases embed-
ded in protein-ligand interactions. For instance, DeepDTA
(Oztiirk, Ozgiir, and Ozkirimli 2018) employs two sepa-
rate convolutional neural networks (CNNs) to extract fea-
tures from protein and ligand sequences independently. In
contrast, GraphDTA (Nguyen et al. 2021) and MGraphDTA
(Yang et al. 2022) extend this approach by representing
proteins and ligands as 2D molecular graphs, thus captur-
ing structural and topological information that sequence-
based representations inherently lack. To enhance the ex-
pressiveness of protein sequence representations, certain
methods incorporate prior structural or physicochemical in-
formation. DGraph (Jiang et al. 2020), for example, utilizes
two-dimensional amino acid distance matrices, whereas
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CAPLA (Jin et al. 2023) integrates secondary structure in-
formation and residue-level chemical descriptors. Although
these methods often achieve high accuracy on benchmark
datasets, they typically focus on fitting data rather than mod-
eling the underlying interaction mechanisms. As a result,
their generalization ability and interpretability remain lim-
ited (Karimi et al. 2020).

Interaction-based Methods

Interaction-based methods focus on the underlying mech-
anisms of affinity formation by leveraging the 3D atomic
structures of protein-ligand complexes. Early interaction-
based methods relied on domain knowledge and hand-
crafted descriptors to represent molecular structures and in-
teractions (Deng, Chuaqui, and Singh 2004; Ballester and
Mitchell 2010; Sanchez-Cruz et al. 2021). More recently,
deep learning-based models have emerged, primarily em-
ploying 3D convolutional neural networks (3D-CNNs) and
graph neural networks (GNNs). These models not only
consider atomic-level interactions but also incorporate fea-
tures related to chemical bonds and spatial geometry, en-
abling the model to learn the topology and 3D spatial
features of the complexes. Kdeep (Jiménez et al. 2018)
and Pafnucy (Stepniewska-Dziubinska, Zielenkiewicz, and
Siedlecki 2018) apply 3D convolutions to voxelized protein-
ligand complexes, extracting spatial features from dis-
cretized atomic grids. However, voxelization may cause ge-
ometric distortions during the discretization of continuous
atomic coordinates, potentially misrepresenting critical in-
teraction sites such as hydrogen bonds, negatively impact-
ing binding affinity prediction accuracy (Kuzminykh et al.
2018). In contrast, interaction-based GNN approaches have
recently gained prominence in PLA prediction because of
their conformity with biochemical structures. Methods such
as PotentialNet (Moon et al. 2022), IGN (Jiang et al. 2021),
and GIGN (Yang et al. 2023) typically follow a three-stage
modeling workflow: modeling intramolecular covalent in-
teractions, incorporating intermolecular noncovalent inter-
actions, and finally learning unified graph-level representa-
tions using GNNs. Unfortunately, these methods focus on a
single level of granularity and neglect the influence of pro-
tein—ligand coupling on feature representation.

Comparisons

Our proposed model, PLA-MGRA represents molecules at
multi-granularitiy. Unlike existing methods, which often
overlook critical structural details during coarse-graining,
PLA-MGRA restores these fine-grained features within the
same graph. Such details are essential for molecule repre-
sentation because sharp changes in activity can be caused
by subtle modifications (Janela and Bajorath 2023). Fur-
ther, PLA-MGRA emphasizes the coupling relationships be-
tween proteins and ligands, through relation-aware learning.
We deliberately place this relation-aware learning after the
multi-granularity learning stage, enabling the model to cap-
ture the coupling between proteins and ligands across mul-
tiple granularities, thereby enhancing the binding nature of
representations.
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Figure 1: Architecture of PLA-MGRA for protein-ligand binding affinity prediction. To generate the input for the model, the
protein-ligand complex is first modeled as a heterogeneous graph and processed using geometry-aware interaction-based graph
neural network (GIGN). Then, multi-granularity learning is employed. Finally, relation-aware learning is applied to capture
the coupling relationships between the protein and the ligand. We include the details of the multi-granularity learning in the

bottom-left corner of the figure.

Methodology

Problem Definition. In this study, our objective is to predict
the affinity of protein-ligand complexes, which is formulated
as a regression problem. Each complex is represented as a
graph G = (V, E) = (V;UV,, E;UE,UEy,), where V; and
V}, denote the sets of nodes corresponding to atoms in the
ligand and protein, respectively. Each node v; € V is asso-
ciated with a feature vector z; € R%, which encodes atomic
properties, as well as a 3D coordinate r; € R?. The edge sets
E; and E), represent covalent bonds within the ligand and
protein, respectively, while the set £, captures noncovalent
interactions between ligand and protein atoms. Specifically,
an edge in I, is created between any pair of atoms from the
ligand and the protein that are within a distance threshold of
5 A. The target variable 3y € R represents the binding affinity
of the complex, expressed as — log(K ), where K denotes
the dissociation constant. The goal is to learn a predictive
mapping function fg : G — y, which estimates the binding
affinity from the graph representation of the protein-ligand
complex.

Model Architecture. The proposed PLA-MGRA archi-
tecture, as illustrated in Figure 1, consists of three com-
ponents: graph encoder, multi-granularity learning, and
relation-aware learning. The graph encoder is designed
to extract atom-level embeddings from the complex, cap-
turing fine-grained structural information. The subsequent
multi-granularity learning operates on both the protein and
the ligand, transforming their fine-grained structural fea-
tures into coarse-grained functional semantic representa-

661

tions while restoring atomic-level details. Based on the
multi-granularity features, the relation-aware learning cap-
tures the coupling relationships between the protein and the
ligand, reconstructing features that are highly relevant to
affinity. Ultimately, these representations are utilized to pre-
dict affinity.

Graph Encoder for Atom-Level Embeddings. It is es-
sential to update the embeddings of protein and ligand
nodes to capture atomic-level interactions. The choice of
graph encoder is flexible. Candidate include GCN (Kipf
and Welling 2016), SE(3)-equivariant networks (Satorras,
Hoogeboom, and Welling 2021), and SE(3)-Transformer ar-
chitectures (Fuchs et al. 2020). Given the geometric equiv-
ariance and the heterogeneity between covalent interactions
and noncovalent interactions, we employ a geometry-aware
interaction-based graph neural network (GIGN) (Yang et al.
2023) for embedding updates. This model updates node em-
beddings while maintaining translation and rotation invari-
ance in 3D space, and preserves the distinction between co-
valent and noncovalent information propagation. The em-
bedding update is formulated as

hi = GIGN(IL’Z,T’Z,N(UJ), (1)
where h; € R is the updated embedding of node v;, x; and
r; denote the atomic feature vector and 3D coordinate, re-
spectively, N (v;) represents the set of neighbors of v;, and
d is the embedding dimension. The resulting embedding h;
can be decomposed into protein features X, and ligand
features Xj;g, which serve as inputs for subsequent multi-
granularity learning.



Multi-Granularity Learning. We employ a multi-
granularity learning strategy on both protein and ligand
atom-level embeddings to extract coarse-grained functional
semantics while preserving fine-grained structural details:

XM = MultiGran (X, Apro ),

pro

(@)

X}y = MultiGran(Xig, Aig), 3)

where X, and Xj;; denote the atom-level representations
of the protein and ligand, respectively, and A, and Ay,
are their corresponding adjacency matrices. Specifically,
we introduce a two-stage scheme consisting of coarse-
grained abstraction and fine-grained restoration. In the
coarse-grained stage, the model dynamically selects the top-
k most informative nodes to construct a condensed semantic
graph (Gao and Ji 2019). Subsequently, during fine-grained
restoration, structural details are recovered based on the
coarse-grained semantics, thereby enhancing the granularity
and richness of the original representations.

During coarse-grained abstraction, all nodes are ranked
according to their responses to a learnable projection vector
p- The top-k nodes with the highest responses are selected
to form a smaller, semantically focused subgraph. The se-

lection process is formulated as:
X p
((ar)..)
1Pl / iax

idx = TopK (M, k) , Y=o0
Ipll
where X denotes the node feature matrix, y is a gating vec-
tor that reflects the importance of the selected nodes in the
semantic space, and k is a predefined hyperparameter. Here,
o(-) denotes the sigmoid activation function. The coarse-
grained representation is obtained by extracting the sub-
graph indexed by idx and reweighting the node features us-
ing the learned gating values:

X = Xiigx) © (¥ 18), A = Ajgeiag. )
During fine-grained restoration, we utilize the node in-

dices idx obtained from the coarse-grained stage to recon-

struct the full-resolution graph. This process is defined as:

Xresore — GCN (distribute (O x ¢, X, idx)),  (6)

where the operation distribute(-) inserts the features from
Xcoars¢ into the corresponding rows of a zero-initialized ma-
trix, guided by the indices idx, while leaving other rows un-
changed. A graph convolutional network (GCN) is then ap-
plied to propagate the coarse-grained semantics throughout
the full graph, thereby recovering fine-grained structural de-
tails. To combine the restored features with the original node
representations to enhance both structural fidelity and se-
mantic completeness, we incorporate a skip connection that
fuses the restored representation with the original input:

XMS = SkipConnect (X", X) , (7)

where SkipConnect(-) denotes a residual fusion operation.
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Relation-Aware Learning. Relation-aware learning is de-
signed to obtain coupling relationships between protein and
ligand. In contrast to previous methods, our approach is
based on multi-granularity features, enabling both global
and detailed perception of the coupling relationships. For
optimization of protein representation, we first aggregated
protein embeddings to get induced protein representation
XL‘}g‘md using a ligand-induced attention encoder, inspired
by the concept of induced fit (Koshland Jr 1995). Specif-
ically, we use the ligand features X}° as the query, and
the protein features ngff as the key and value. For brevity,
we omit the superscript “MG” (multi-granularity). That is,
we use Xy, to represent ng(? and Xj;, to represent X{‘éG
throughout the rest of this paper. The induced protein repre-
sentation X 19" s computed as:

XligWQ (XproWK ) !
Vd

Then, we define the final Relation-Aware protein repre-
sentation based on Multi-Granularity XRAMG .

as:
pro
X}l}l{(\)—MG =r- Xg/g} + (1 _ '7) . Xinduced (9)

pro )
where ~y is a hyperparameter used to balance the contribu-
tions of the protein features before and after induction. Since
the interaction between the protein and ligand is mutual, we
need to apply a symmetric operation by using a protein-
induced attention encoder:
Xpro W (Xiig W) "
Vd

where X}{‘;”C"'d is the ligand representation induced by the
protein. We integrate it with the multi-granularity ligand fea-
tures Xﬂ/ng to obtain the final Relation-Aware ligand repre-
RA-MG.

induced
Xpro

= Softmax ( ) (XpoWrv). (8)

Xiingduwd = Softmax < ) (XigWy), (10)

sentation based on Multi-Granularity X

lig
XFEaMO =60 X0+ (1—0) - Xjpteed (11)

where 6 is a hyperparameter used to balance the contribu-
tions of the ligand features before and after induction.
Affinity Prediction. After the relation-aware feature recon-
struction module, we combine XRAME and XEQ'MG to ob-
tain Relation-Aware and Multi-Granularity complex feature
Xeomnies Specifically, we combine XRAMY and XFAME us-
ing a multi-layer perceptron (MLP) and a residual connec-
tion:
A-MG -MG -MG
Xmpier = MLP (XRAMO 4 XEAMO) - (12)

Finally, this combined representation is passed through an

MLP-based regressor fe to predict the binding affinity:

J = freg(XRAMG. (13)

complex
Model Training. To train our model, we utilize the mean
squared error (MSE) loss, which measures the squared L2
norm between the predicted and actual binding affinity val-

ues. Formally, the MSE is calculated as:
n

1 N
Lyse = o Zl(yz - i),
i=
where gy; is the predicted binding score for the ¢-th pro-
tein—ligand pair, y; is the corresponding ground truth, and
n denotes the number of training examples.

(14)



2013 Core Set (N = 107)

2016 Core Set (N = 285)

2019 Holdout Set (N = 4366)

Model

RMSE | R, T RMSE | R, T RMSE | Ry 1
Interaction-free methods
DeepDTA 1.639 (0.026) 0.718 (0.014)  1.357 (0.015) 0.785(0.007) 1.485(0.023)  0.586 (0.012)
GraphDTA 1.645(0.085) 0.711(0.036) 1.434 (0.064) 0.754 (0.025) 1.705(0.075)  0.474 (0.028)
MGraphDTA 1.680 (0.093)  0.696 (0.046)  1.439 (0.047) 0.753(0.022) 1.553 (0.028)  0.538 (0.013)
Interaction-based methods
Pafnucy 1.517 (0.014)  0.783 (0.005) 1.450 (0.047) 0.769 (0.019) 1.438 (0.016) 0.612(0.014)
OnionNet 1.583(0.079)  0.741 (0.037)  1.399 (0.076) 0.770(0.027) 1.510(0.034)  0.573 (0.014)
PotentialNet 1.607 (0.027) 0.773 (0.010)  1.503 (0.033) 0.772(0.007) 1.514(0.028)  0.564 (0.014)
GNN-DTI 1.533(0.084) 0.767 (0.040) 1.384 (0.013) 0.779 (0.008)  1.446 (0.006)  0.614 (0.007)
IGN 1.428 (0.020)  0.807 (0.001)  1.269 (0.030) 0.821(0.013) 1.410(0.015)  0.630 (0.008)
SchNet 1.570 (0.029)  0.754 (0.030) 1.390 (0.023) 0.787 (0.016)  1.522(0.071)  0.560 (0.028)
EGNN 1.498 (0.025) 0.782(0.015) 1.289(0.021) 0.816(0.011) 1.399 (0.013)  0.628 (0.010)
MetalProGNet 1.494 (0.027) 0.773 (0.012)  1.309 (0.043) 0.802(0.013) 1.448 (0.021)  0.610 (0.009)
GIGN 1.380 (0.009)  0.821(0.003) 1.190 (0.017) 0.840(0.007) 1.393 (0.007)  0.641 (0.006)
AttentionSiteDTI 1.444 (0.037) 0.792 (0.014) 1.352(0.022) 0.784 (0.008) 1.539 (0.015)  0.563 (0.004)
SS-GNN 1.330(0.011)  0.830(0.007) 1.165 (0.011)  0.846 (0.004) 1.450 (0.006)  0.633 (0.004)
GAABind 1.488 0.772 1.297 0.803 - -
DEAttentionDTA 1.470 0.800 1.266 0.827 - -
CL-GNN 1.345 (0.004)  0.812 (0.003)  1.200 (0.009)  0.838 (0.004) - -
PLA-MGRA (ours) 1.288 (0.016)  0.851 (0.006) 1.121 (0.015) 0.863 (0.004) 1.357 (0.010)  0.658 (0.004)

Table 1: Performance comparison of PLA-MGRA and baselines on the cross-dataset evaluation. All experimental results are
reported in the form of mean (standard deviation). The top results are shown in bold, and the second-best are underlined.

Experiments

In this section, we evaluate PLA-MGRA on the PLA pre-
diction task. We compare our method with both the classi-
cal and the SOTA approaches. Then, we conducted ablation
studies to assess the effectiveness of each component. Fi-
nally, we conducted visualization and interpretability studies
to evaluate the potential of PLA-MGRA in drug discovery.

Protein-Ligand Affinity Prediction

Datasets. We evaluated the performance of PLA-MGRA on
the PDBbind datasets, which offers 3D structural informa-
tion of protein-ligand complexes along with experimentally
measured binding affinity. To ensure a fair comparison, we
adhered to the experimental settings employed in previous
studies.

Evaluation. We evaluate our model using the following two
evaluation paradigms:

* Cross-dataset evaluation: We train and validate PLA-
MGRA on the PDBbind v2016 general set (12,904 sam-
ples), and evaluate it on three datasets: PDBbind v2013
core set (107 samples), v2016 core set (285 samples),
and v2019 holdout set (4366 samples). It should be noted
that there is no overlap among training, validation, and
testing sets. This configuration is designed to assess the
model’s performance in different versions of the dataset.

* Diverse protein evaluation: As in Atom3D (Townshend
et al. 2020), the PDBbind v2019 refined set is split ac-
cording to protein sequence identity thresholds of 30%
(PLA 30%) and 60% (PLA 60%), ensuring that the test
proteins have lower similarity to those in the training set.
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This evaluation setup is designed to assess the generaliz-
ability of the model by testing it on structurally diverse
proteins.

Baselines. We compare PLA-MGRA with a variety of
baseline models, including interaction-free methods and
interaction-based methods. In addition, for diverse pro-
tein evaluation, we also include comparisons with several
pretraining-based approaches (Elnaggar et al. 2021; Liu,
Guo, and Tang 2022; Wu et al. 2023). All baselines are im-
plemented using the source codes provided by the original
works and share the same training, validation, and test sets.
Each experiment is repeated three times with a different ran-
dom seed. We report RMSE and Pearson correlation coeffi-
cient for both settings, with the addition of Spearman corre-
lation in the diverse protein evaluation. The mean and stan-
dard deviation of performances are then reported based on
these three independent runs.

Performances on cross-dataset evaluation. To validate the
effectiveness of our proposed method, we evaluate it against
various models on three test sets. Table 1 presents the mean
and standard deviation of the performance of each model.
The results show that our model consistently achieves the
best performance across all test sets. Further, it is worth
noting that although SS-GNN performs comparably to our
model on the 2013 core sets and 2016 core sets, it is trained
on the larger PDBbind v2019 dataset, while our model is
trained on the smaller PDBbind v2016 general dataset. This
suggests that SS-GNN’s performance may be overly opti-
mistic. Moreover, the 2019 holdout set contains samples
not present in the other four datasets, simulating a “tem-
poral split” scenario-using models trained on past structural



PLA 30% PLA 60%

Model

RMSE | R, T Rs T RMSE | Ry T Rs 1
Pre-training
ProtTrans 1.544 (0.015) 0.438 (0.058) 0.434 (0.058) 1.641(0.016) 0.595(0.014) 0.588 (0.009)
GeoSSL 1.451(0.030) 0.577 (0.020) 0.572 (0.010) - - -
EGNN-PLM 1.403 (0.010)  0.565 (0.020) 0.544 (0.010)  1.559 (0.020)  0.644 (0.020)  0.646 (0.020)
Interaction-free
DeepDTA 1.866 (0.080) 0.472(0.022) 0.471 (0.024) 1.762 (0.261) 0.666 (0.012)  0.663 (0.015)
SSA 1.985 (0.006)  0.165 (0.006)  0.152 (0.024)  1.891 (0.004)  0.249 (0.006)  0.275 (0.008)
TAPE 1.890 (0.035) 0.338 (0.044) 0.286 (0.124)  1.633 (0.016) 0.568 (0.033)  0.571 (0.021)
Interaction-based
Atom3D-3DCNN 1.416 (0.021)  0.550 (0.021)  0.553 (0.009) 1.621 (0.025) 0.608 (0.020) 0.615 (0.028)

Atom3D-ENN 1.568 (0.012)  0.389 (0.024)
Atom3D-GNN 1.601 (0.048)  0.545 (0.052)
IEConv 1.554 (0.048) 0.414 (0.053)
MaSIF 1.484 (0.018)  0.467 (0.045)
Holoprot-Full 1.464 (0.015)  0.500 (0.026)
Holoprot-Superpixel 1.491 (0.012)  0.491 (0.014)
ProNet-AminoAcid 1.455(0.018)  0.500 (0.013)

ProNet-Backbone
ProNet-All-Atom
PLA-MGRA (ours)

1.458 (0.003)
1.463 (0.005)
1.387 (0.035)

0.546 (0.007)
0.551 (0.008)
0.614 (0.010)

0.408 (0.021)

1.620 (0.049)

0.623 (0.015)

0.633 (0.021)

0.533(0.033)  1.408 (0.069) 0.743 (0.022)  0.743 (0.027)
0.428 (0.032)  1.473 (0.042) 0.667 (0.011)  0.675 (0.019)
0.455(0.014)  1.426 (0.017)  0.709 (0.001)  0.701 (0.001)
0.482 (0.032)  1.365(0.038) 0.749 (0.014)  0.742 (0.011)
0.484 (0.032) 1.416(0.022) 0.724 (0.011)  0.715 (0.006)
0.397 (0.018)  1.397 (0.018)  0.741 (0.008)  0.734 (0.009)
0.550 (0.008)  1.349 (0.019)  0.764 (0.006)  0.759 (0.001)
0.551 (0.008)  1.343 (0.025)  0.765 (0.009)  0.761 (0.003)
0.616 (0.005) 1.282(0.011) 0.781 (0.007)  0.777 (0.004)

Table 2: Performance comparison of PLA-MGRA and baselines on the diverse protein evaluation.

data to predict the binding affinity of newly released struc-
tures. This setting better reflects real-world drug discov-
ery tasks. Under this more challenging and realistic condi-
tion, SS-GNN’s performance declines noticeably, whereas
our model maintains its leading performance, highlighting
PLA-MGRA’s superior generalization ability.

Performances on diverse protein evaluation. To further
assess the generalizability of our model, we performed ex-
periments on the PDBbind 2019 refined set. Table 2 re-
ports the result for each model in the atom3D setting. The
results demonstrate that our model consistently achieves
robust performance across all evaluation metrics, regard-
less of the data splitting strategy. This indicates that it has
learned the underlying mechanisms of protein-ligand inter-
actions rather than merely memorizing specific complexes,
which highlights its advantage in predicting binding affini-
ties for unseen structures. Moreover, we observe that pre-
training and interaction-based models exhibit the strongest
performance, while interaction-free methods generally un-
derperform due to their inability to capture the underly-
ing interaction mechanisms. Compared to pre-training mod-
els, which rely on massive training data and large parame-
ter scales (e.g., EGNN-PLM with 650 million parameters),
interaction-based models effectively leverage the intrinsic
inductive biases of the protein-ligand binding affinity (Yang
et al. 2024), achieving competitive performance with signifi-
cantly fewer parameters(e.g., PLA-MGRA with 1.83 million
parameters). It demonstrates our proposed model can be an
efficient alternative to large-scale pre-training approaches.
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Ablation Study

To validate the effectiveness of each component in PLA-
MGRA, we consider the following variants of our model.

* PLA-MGRA without multi-granularity learning (w/o
MG) removes the multi-granularity learning module
from the full model.

* PLA-MGRA without relation-aware learning (w/o RA)
removes the relation-aware learning module from the full
model.

* PLA-MGRA without multi-granularity and relation-
aware learning (w/o MGRA) removes both the multi-
granularity learning module and the relation-aware mod-
ule from the full model, leaving only the GIGN encoder.

* PLA-MGRA without GIGN (w/o GIGN) replaces it with
GCN as the GNN encoder for protein-ligand representa-
tion in the full model.

As shown in Figure 2, PLA-MGRA achieves superior pre-
dictive performance by learning multi-granularity represen-
tations of proteins and ligands, as well as their relation-
aware representations. The removal of any single component
leads to performance degradation across all datasets. Results
of the ablation study demonstrate that each component of
our model is indispensable. In addition, we have the follow-
ing observations: (1) PLA-MGRA significantly outperforms
the variant without the multi-granularity module (w/o MG),
indicating that multi-granularity learning plays a key role
in protein-ligand representations learning. (2) The variant
(w/o RA) suffers a significant degradation on the PDBbind
v2019 test set. Notably, the PDBbind v2019 test set adopts
a more realistic “time-split” evaluation protocol. Therefore,
the substantial decline in performance on this set highlights
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Figure 2: The performance of our model and its four variants on protein-ligand affinity prediction across three PDB datasets.
To ensure consistency with the Pearson correlation coefficient (higher is better), the RMSE values are processed using inverse
RMSE minmax normalization, so that higher bars in the chart indicate better performance.
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Figure 3: Visualization results of PLA-MGRA on protein-ligand complexes are presented in three parts, corresponding to (a),
(b), and (c). (a) highlights key interacting atom pairs (red boxes) and their interactions (yellow dashed lines). (b) displays the
atom pairs (red boxes) with critical interactions on a heatmap, illustrating the model’s ability to capture critical binding regions.
(c) illustrates the interactions (blue dashed lines) between key atom pairs in the 3D structure.

that relation-aware learning can enhance the model’s gener-
alization ability. (3) When both the multi-granularity learn-
ing module and relational learning module are removed (w/o
MGRA), the model’s performance significantly decreases
and is generally worse than the variants that remove only
one of these modules (w/o MG or w/o RA). This suggests
that learning the relationship between proteins and ligands
based on multi-granularity representations is beneficial for
PLA. (4) The performance of the variant (w/o GIGN) drops
noticeably compared to the full model, indicating that phys-
ical characteristics of chemical molecules, such as transla-
tion and rotation invariance, should be considered in molec-
ular representation. These physical properties are so essen-
tial that ignoring them may hinder the model’s ability, ren-
dering subsequent processing of the original representations
futile.

Visualization and Interpretability

We visualize the protein-ligand complex (PDB ID:4agq) and
analyze the interpretability of the model. Figure 3 illustrates
the core mechanism by which PLA-MGRA focuses on crit-
ical binding regions. It assigns higher attention weights to
atom pairs known to be essential for binding, demonstrating
its ability to filter out noise and identify the most relevant
node features between the protein and the ligand. Further,
PLA-MGRA provides intuitive 3D structural visualizations
to illustrate the molecular mechanisms driving binding affin-
ity. This interpretability makes PLA-MGRA a powerful tool
for understanding protein-ligand binding processes and fa-
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cilitates rational drug design.

Implementation Details

We implemented PLA-MGRA using PyTorch and PyG. All
experiments were conducted on an NVIDIA TITAN V GPU
with 12 GB of memory. During the feature integration stage,
where original and induced features are combined, we em-
pirically set the hyperparameters v = 0.5, 6 = 0.5 based on
prior validation. The model parameters were updated using
the Adam optimizer with a learning rate of 1 x 103 and
applied a weight decay of 1 x 107% to mitigate overfitting.
The batch size was set to 128, and the model was trained for
300 epochs with early stopping.

Conclusion

In this work, we propose PLA-MGRA, an interaction-based
model for PLA prediction. Benefiting from the integration of
multi-granularity representations and relation-aware repre-
sentations, it achieves competitive performance and demon-
strates superior generalization. Moreover, PLA-MGRA ex-
hibits high interpretability through the visualization of key
atom-atom interactions, showcasing its potential in rational
drug design. For example, while we have focused primar-
ily on prediction performance, the computational efficiency
and scalability of PLA-MGRA remain to be systematically
evaluated. Addressing these aspects will be an important di-
rection for our future work.
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