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Abstract
Protein-protein Interaction (PPI) prediction, which aims to identify
the interactions between proteins within a biological system, is
an important problem in understanding disease mechanisms and
drug discovery. Recently, Equivariant Graph Neural Networks (E3-
GNNs) are advanced computational models that provide a powerful
solution for accurately predicting PPIs by preserving the geometric
integrity of protein interactions. However, most E3-GNNs model
protein interactions at the residue level, potentially neglecting crit-
ical atomic details and side-chain conformations. In this paper, we
propose a novel model, MEANT, designed to adaptively extract
atom-level geometric information from varying numbers of atoms
within different residues for PPI prediction. Specifically, we define
a full-atom graph that contains atomic geometry and guides the
message passing under the structure of residues. We also design
a geometric relation extractor to integrate geometric information
from different residues and adaptively handle variations in the num-
ber of atoms within each residue. Finally, we adopt the attention
mechanism to update the residue representation and the atomic
coordinates within a residue. Experimental results show that our
proposedmodel, MEANT, significantly outperforms state-of-the-art
methods on three typical PPI prediction tasks. Our code and data are
available on GitHub at https://github.com/BUPT-GAMMA/MEANT.
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1 Introduction
Protein-protein interactions (PPIs), which are physical contacts
with specific binding affinities between protein molecules, play
a pivotal role in nearly all biological processes [18]. PPI predic-
tion refers to the computational process of identifying potential
interactions between protein pairs, including binary interactions
and changes in binding free energy [16, 20]. Accurate prediction
of PPIs is important for improving our understanding of disease
mechanisms and supporting the development of new drugs [10, 40].
However, traditional experimental methods, such as those based
on mass spectrometry, are often time-consuming, expensive, and
limited in their ability to process large numbers of samples, which
underscores the importance of reliable computational solutions.

The development of deep learning has greatly advanced PPI
research by offering more effective modeling and prediction capa-
bilities than traditional approaches [11, 33]. Sequence-based models
rely on amino acid sequences to predict interactions, using the se-
quential order of residues to capture meaningful patterns [36, 41].
Graph Neural Networks (GNNs) represent proteins as nodes within
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Figure 1: The illustration of the difference between residue
level and full-atom level.

a graph, focusing on the relationships between them to infer poten-
tial interactions [3, 4, 20, 39]. A recent breakthrough in this area is
the introduction of Equivariant Graph Neural Networks (E3-GNNs),
which improve upon standard GNNs by maintaining invariance to
node order and sensitivity to geometric symmetries present in bio-
logical data [17, 30]. These properties are particularly important for
accurately modeling the three-dimensional structures of proteins
and predicting how they interact.

Despite the promising capabilities of E3-GNNs, existing meth-
ods that operate at the residue level [17, 30] often fail to capture
detailed atomic-level information. As illustrated in Fig. 1, residue-
level modeling focuses primarily on the protein backbone struc-
ture, effectively representing the overall fold but neglecting the
fine-grained structural features of side chains [22, 37]. These side
chain details play a crucial role in protein-protein interactions, in-
fluencing binding specificity and interaction strength. In contrast,
atom-level modeling provides a more complete view of the pro-
tein’s three-dimensional structure, including both main chain and
side chain configurations. To the best of our knowledge, there have
been no prior studies that explore PPI prediction from a full-atom
perspective, highlighting a significant gap in current research.

In practice, designing an atomic equivariant graph neural net-
work is non-trivial, we need to carefully consider how to apply
EGNNs to full-atom protein graphs. This requires us to address the
following two fundamental problems:

(1) Efficiency Challenges in Protein Graph Modeling: From Residue
to Atomic Level. This shift dramatically increases the complexity
and size of protein graphs, as each amino acid residue is decom-
posed into its constituent atoms, resulting in a much denser and
more detailed graph representation. HSRN [15] makes an initial at-
tempt to incorporate all side-chain atoms into a hierarchical graph;
however, it suffers from efficiency limitations and inevitably omits
certain structural details of the protein.

(2) How to Extract Full-atom Geometric Information between
Residues. Due to the varying number of atoms in different residues,

representing the geometric information between residues using
inter-atomic distances results in distance matrices of different di-
mensions. Consequently, integrating atomic-level binding informa-
tion between different residues presents a significant challenge that
necessitates careful consideration.

In this paper, we propose a novelmodel namedAtoMicEquivariant
Attention NeTwork (MEANT), an E(3)-equivariant graph neural
network designed to adaptively extract atom-level geometric infor-
mation from varying numbers of atoms within different residues
for PPI prediction. To address the first challenge, we define a full-
atom protein graph that allows us to extract atomic-level geometric
information between different residues while maintaining residue-
level network structure for message passing. To address the second
challenge, we propose a geometric relationship extractor to capture
the atomic geometry between residues. This extractor is capable
of integrating geometric information across different residues and
adaptively manages variations in the number of atoms within each
residue. Finally, we aggregate neighborhood information using an
attention mechanism to update the residue-level representations
and the coordinates of atoms within the residues. We evaluate our
model, (MEANT), on three representative PPI tasks. The experimen-
tal outcomes indicate that our proposedMEANTmodel significantly
surpasses baseline methods, demonstrating its effectiveness in nav-
igating the intricacies of PPI prediction with enhanced accuracy
and efficiency.

To conclude, our contributions are as follows:
• For the first time, we first try to design a solution for PPI

prediction from a full-atom perspective and tested it on five datasets
across three main PPI prediction tasks.

• Our proposed model, MEANT, adaptively accommodates varia-
tions in the number of atoms across different residues while consid-
ering the full atomic geometric structure, thereby enabling effective
message passing along the 3D structure.

• Experimental results on three PPI prediction tasks show that
MEANT achieves a relative improvement of up to 3.10% in terms of
ACC in binary classification and significantly outperforms baseline
methods in the other two tasks.

2 Related Work
2.1 GNN-based PPI Method
Graph neural networks (GNNs) have played a crucial role in ad-
vancing protein-protein interaction (PPI) prediction by effectively
capturing both sequence-derived and structural features within
protein graphs. S-VGAE [39] combines sequence information with
graph structure using a variational graph autoencoder, achieving
superior performance compared to purely sequence-based meth-
ods. Struct2Graph [3] introduces a graph attention network that
incorporates three-dimensional structural features of proteins to
improve the accuracy of PPI prediction. GRABP [4] adopts a graph
signal processing (GSP) approach, modeling PPI networks through
a Markovian framework to analyze node connectivity and signal
flow. Kabir et al. [20] propose a deep learning framework for semi-
supervised learning on multi-relational graphs, which adaptively
learns the contribution of different types of relations to the pre-
diction outcomes. Furthermore, Jha et al. [14] integrate molecular
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protein GNNs with language models by using per-residue embed-
dings from sequence data as node features, enabling a more com-
prehensive representation of proteins for interaction prediction.
Collectively, these studies highlight the versatility and effective-
ness of GNN-based methods in capturing complex relationships
underlying PPIs. SemiGNN-PPI [42] introduces a self-ensembling
multi-graph neural network that leverages both feature and label
graph structures with consistency-based semi-supervised learning,
achieving strong generalization under label-scarce and domain-
shifted PPI scenarios.

2.2 Equivariant Graph Neural Networks
Equivariant Graph Neural Networks (E3-GNNs) are a type of geo-
metric graph neural network designed with the necessary inductive
bias that their outcomes should not depend on the observer’s view-
point, achieving E(3)-equivariance. EGNNs are specifically designed
to leverage information from geometric data, such as the three-
dimensional structures of molecules or spatial relationships within
physical systems. The SE(3)-Transformer [34] utilizes the advan-
tages of self-attention to operate on large point clouds and graphs
with varying numbers of points, ensuring SE(3)-equivariance for
robustness. DimeNet [8] employs spherical Bessel functions and
spherical harmonics to construct theoretically grounded orthogo-
nal representations. EGNN [6] introduces a novel model to learn
graphs equivariant to rotations, translations, reflections, and permu-
tations, capable of modeling protein graphs at the residue level and
predicting molecular properties. Similar efforts include GVP-GNN
[17], which introduces a geometric vector perceptron for geometric
and relational reasoning on large molecules’ effective represen-
tations. MEAN [21] proposes a multi-channel equivariant graph
network where each residue node references multiple coordinates
for different atoms, primarily modeling atoms on the main chain.
An advanced version, dyMEAN [22], introduces a more powerful
multi-channel equivariant message-passing model capable of mod-
eling protein structures at the full atomic level, applied in antibody
design tasks.

3 Preliminary
In this section, we will formalize the protein-protein interaction
prediction problem, i.e., binding binary classification, binding en-
ergy prediction (△𝐺), and prediction of mutation effect (△△𝐺).
Firstly, a full-atom protein graph can be defined as follows [22]:

Definition 1. Full-atom Protein Graph. We describe the single
protein as a graph GP = (VP , EP ), whereVP refer to the vertices
(i.e., the residues) and EP is the set of edges. Each residue 𝑣𝑖 =

(𝑠𝑖 ,𝑿 𝒊), 𝑣𝑖 ∈ VP , where 𝑠𝑖 is the amino acid type,𝑿 𝒊 ∈ R3×𝑐𝑖 is the
3D coordinate matrix and 𝑐𝑖 is the number of atoms in 𝑣𝑖 . The edges
in EP are constructed by finding the k-nearest Neighbors (kNN)
of each residue, using the minimum pair-wise distance between 𝑣𝑖
and 𝑣 𝑗 :

𝑑
(
𝑣𝑖 , 𝑣 𝑗

)
=







 1𝑐𝑖
𝑐𝑖∑︁
𝑝=1

𝑿 (𝑙 )
𝑖

(:, 𝑝) − 1
𝑐 𝑗

𝑐 𝑗∑︁
𝑞=1

𝑿 (𝑙 )
𝑗

(:, 𝑞)
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, (1)

where 1
𝑐𝑖

∑𝑐𝑖
𝑝=1 𝑿

(𝑙 )
𝑖

(:, 𝑝) represents the average of all atomic co-
ordinates for the residue 𝑣𝑖 , which we consider it as the coordinates
of residue 𝑣𝑖 .

After we define the single full-atom protein graph, we can further
define the tasks in the protein-protein interaction problem.

Definition 2. Protein-protein Interaction(PPI) Netwok. A
protein-protein interaction network can be indicated as G = (V, E)
where 𝑉 and 𝐸 are the sets of nodes and edges. Each node 𝑣𝑖 ∈ 𝑉

represents a type of protein, and each edge 𝑒𝑖 ∈ 𝐸 represents the
interaction between proteins.

Definition 3. Binding Binary Classification in PPI Networks.
Given a PPI network G = (V, E) where each node 𝑣𝑖 ∈ 𝑉 can
represent a protein graph, our goal is to predict whether there will
be an interaction between two proteins.

Definition 4. Free energy of binding(△𝐺) in PPI networks.
Given a protein-protein(i.e., protein-ligand) complex as a protein
graph, our goal is to predict the binding energy 𝐸 by the neural
network.

Definition 5. Mutation effect (△△𝐺) prediction in PPI Net-
works. The goal of the prediction of the mutational effect of PPI
is to understand how a specific mutation (or mutations) alters the
affinity of the protein-protein interaction. Formally, it can be ex-
pressed as:

△△𝐺 = △𝐺𝑚𝑢𝑡 − △𝐺𝑤𝑡 , (2)
where △△𝐺 is the change in the free energy of binding due to
mutation, △𝐺𝑚𝑢𝑡 is the free energy of binding of the mutated pro-
tein complex, △𝐺𝑤𝑡 is the free energy of binding of the wild-type
protein complex.

4 Methodology
4.1 Overview
Our model consists of two components. The first component is the
Atomic Equivariant AttentionNetwork(MEANT), an E3-equivariant
graph neural network designed to adaptively capture geometric
information at the atomic level between different residues. The
second component describes how our model can be applied to solve
PPI prediction problems, including binding binary classification,
free energy (△𝐺) prediction, and mutation effect (△△𝐺) prediction.
Lastly, we provide proof that our model demonstrates E3 equivari-
ance at the atomic structural level of proteins.

In this work, our primary objective is to model the atomic-level
representation of proteins 𝒉G based on the given protein sequence
𝑠 , initial residue features 𝒉(0) , and the 3D structure of the protein
𝑿 . For the initial embedding of the 𝒉(0) , we can adopt random
initialization or use a large protein language model to initialize the
embedding of each node of the protein. Next, we will describe how
to use our proposed method to model proteins at the atomic level.

4.2 Atomic Equivariant Attention Network
The Atomic Equivariant Attention Network(MEANT) is designed
to acquire the representation of residues and handle the problem
of message passing between residues due to the different number
of atoms in different residues. In this section, we first introduce the
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MEANT architecture, which generates hidden representations and
updates 3D coordinates for each residue. Then, we will explain how
to extract the geometric relationships between residues and update
their representations and coordinates.

Architecture. The illustration of the framework is presented
in Figure 2. Given the initial embedding 𝒉(0)

𝑖
and the coordinate

matrix 𝑿𝑖 , the 𝑙𝑡ℎ layer updates the hidden representation 𝒉𝑖 and
the coordinate matrix 𝑿𝑖 as follows:

𝒎𝑖 𝑗 = 𝜙𝑚

(
𝒉(𝑙 )
𝑖

,𝒉(𝑙 )
𝑗
, 𝑹𝑖 𝑗

)
, (3)

𝑿𝑖 𝑗 = 𝑿 (𝑙 )
𝑖

− 𝜙𝑥
(
𝒎𝑖 𝑗

) 1
𝑐 𝑗

𝑐 𝑗∑︁
𝑘=1

𝑿 (𝑙 )
𝑗

(:, 𝑘), (4)

𝒉(𝑙+1)
𝑖

= 𝜙ℎ (𝒉
(𝑙 )
𝑖

,
∑︁

𝑗∈N(𝑖 )
𝛼𝑖 𝑗𝒎𝑖 𝑗 ), (5)

𝑿 (𝑙+1)
𝑖

= 𝑿 (𝑙 )
𝑖

+
∑︁

𝑗∈N(𝑖 )
𝛼𝑖 𝑗𝑿𝑖 𝑗 , (6)

where, 𝜙𝑚, 𝜙𝑥 , 𝜙ℎ are MLPs, N(𝑖) is the neighbor set of residue
𝑖 , 𝒎𝑖 𝑗 and 𝑿𝑖 𝑗 are scalar information(a.k.a. non-geometric infor-
mation) and vector information(a.k.a. geometric information). 𝑹𝑖 𝑗
is the processed message between two distinct-shape matrices
𝑿𝑖 ∈ R3×𝑐𝑖 and 𝑿 𝑗 ∈ R3×𝑐 𝑗 , The attention score 𝛼𝑖 𝑗 measures
the impact of scalar information on the current residue represen-
tation. Next, we will introduce how to calculate 𝑹𝑖 𝑗 and attention
weight 𝛼𝑖 𝑗 .

Geometric Relation 𝑹𝑖 𝑗 . The main goal of geometric rela-
tion 𝑹𝑖 𝑗 is to extract atomic geometry between residues. We first
calculate the distance map 𝑫𝑖 𝑗 (𝑝, 𝑞) =



𝑿𝑖 (:, 𝑝) − 𝑿 𝑗 (:, 𝑞)



2 be-

tween two residues. Then we use two learnable attribute matrices
𝑨𝑖 ∈ R𝑐𝑖×𝑑 and 𝒄𝒋 × 𝒅 and a residue-specific parameter𝝎𝑖 ∈ R𝑐𝑖×𝑑

to extract useful information from residue coordinates. Formally,
the 𝑹𝑖 𝑗 ∈ R𝑑×𝑑 can be written as:

𝑹𝑖 𝑗 =
𝝎⊤
𝑖
(𝑨𝑖 + 𝑫𝑖 𝑗𝑨𝑗 )

∥𝝎⊤
𝑖
(𝑨𝑖 + 𝑫𝑖 𝑗𝑨𝑗 )∥𝐹

, (7)

where ∥ ¤∥𝐹 is Frobenius norm [12]. From the above equation, it can
be seen that the dimension of 𝑹𝑖 𝑗 does not changewith the variation
of residue types, thereby achieving the alignment of geometric
information between different residues.

Attention weight 𝜶 𝒊𝒋 . The primary purpose of the attention
weight 𝛼𝑖 𝑗 is to measure the impact of neighboring residue repre-
sentations on the current residue representation. We need a shared
attention weight 𝒂 ∈ R2𝑑 to calculate the attention score. The
calculation method for 𝛼𝑖 𝑗 is as follows:

𝛼𝑖 𝑗 =

exp
(
𝒂⊤

(
𝒉(𝑙 )
𝑖

⊕
𝒉(𝑙 )
𝑗

))
∑

𝑗∈N(𝑖 ) exp
(
𝒂⊤

(
𝒉(𝑙 )
𝑖

⊕
𝒉(𝑙 )
𝑗

)) , (8)

where
⊕

means vector concatenation, 𝒉(𝑙 )
𝑖

and 𝒉(𝑙 )
𝑗

are the repre-
sentation of residues 𝑖 and 𝑗 in 𝑙 − 𝑡ℎ layer.

4.3 Prediction and Training Losses
Prediction. We calculate the protein representation through the
graph pooling [38], after the representations 𝒉𝑖 are obtained for
every residue by MEANT encoder.

𝒉G
𝑘

= READOUT(G𝑘 )

= CONCAT ©­«
∑︁
𝑖∈V𝑘

ℎ
(𝑙 )
𝑖

| 𝑙 = 0, 1, . . . , 𝐿ª®¬ ,
(9)

where CONCAT is vector concatenation operation.
To predict binary classification between protein 𝑘 and protein 𝑘′

in the PPI network, we need to obtain the representations of both
proteins hG

𝑘
and hG

𝑘 ′ . Then we can calculate the affinity score by
𝑝𝑘𝑘 ′ = 𝜙𝑝 (hG𝑘 , hG

𝑘 ′ ), where 𝜙𝑝 is MLPs.
When we prepare to predict the binding free energy (△𝐺) and

the mutation effect (△△𝐺), our research subject is the protein com-
plex, which can be seen as a whole protein with multiple chains.
In protein complexes, the distance between interacting residues
from different peptide chains is smaller than the boundary distance
used for sampling neighboring residues during the construction
of the protein graph. As a result, our message-passing mechanism
can propagate information across different peptide chains without
restriction.

To predict the binding free energy of protein complex 𝑘 , we
first calculate the complex representation 𝒉G

𝑘
through the MEANT

encoder. And then predict the free energy through function 𝜙𝑒 :
△𝐺 = 𝜙𝑒 (𝒉G𝑘 ), where 𝜙𝑒 is MLPs. What’s more, we follow the set-
tings in work [24] to predict mutation effect through the function
𝜙𝑚𝑢𝑡 : △△𝐺 = 𝜙𝑚𝑢𝑡 (𝒉G𝑚𝑢𝑡 − 𝒉G

𝑤𝑙
), where 𝒉G𝑚𝑢𝑡 is the protein repre-

sentation after the mutation and 𝒉G
𝑤𝑙

is the protein representation
of wild type.

Loss function. For three different tasks, we have different loss
functions: binary classification prediction loss L𝑏 , binding free
energy prediction lossL𝑒 , andmutation effect lossL𝑚 . We formally
define the binary classification loss function as:

L𝑏 = −𝑦𝑘𝑘 ′ log𝑝𝑘𝑘 ′ − (1 − 𝑦𝑘𝑘 ′ ) log(1 − 𝑝𝑘𝑘 ′ ), (10)

where 𝑦𝑘𝑘 ′ is the ground-truth of the interaction between protein
𝑘 and protein 𝑘′.

For binding free energy prediction andmutation effect prediction,
which are regression problems, we calculate the error between
predicted values and actual values using MSE (Mean Squared Error)
loss.

5 Analysis of E(3)-equivariance
We analyze the equivariance of MEANT with respect to E(3) sym-
metries, which consist of arbitrary 3D rotations and translations.
Preserving such symmetries is essential for molecular modeling,
since the physical properties of a structure should not depend on its
absolute position or orientation in space. An E(3)-equivariant en-
coder guarantees that the learned representation is geometry-aware
yet independent of arbitrary coordinate choices.

In MEANT, the geometric relations 𝑹𝑖 𝑗 and the associated mes-
sages 𝒎𝑖 𝑗 are constructed solely from inter-atomic distances. Dis-
tances remain unchanged under any rigid motion (𝑸, 𝒕), with 𝑸 ∈
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Figure 2: The overall framework of our proposed MEANT.

O(3) and 𝒕 ∈ R3. Consequently, the invariant design ensures that
the attention weights and message-passing steps are unaffected by
transformations of the inputs.

Furthermore, the coordinate update rule is designed so that the
outputs transform consistently with the inputs. Specifically, if the
input coordinates follow𝑿 (𝑙 )

𝑖
↦→ 𝑸𝑿 (𝑙 )

𝑖
+𝒕 , the updated coordinates

satisfy 𝑿 (𝑙+1)
𝑖

↦→ 𝑸𝑿 (𝑙+1)
𝑖

+ 𝒕 , while the hidden features 𝒉(𝑙+1)
𝑖

remain invariant.
Taken together, these properties show that MEANT is E(3)-

equivariant: the encoder consistently respects rotational and trans-
lational symmetries, ensuring stable and physically meaningful
representations across different molecular conformations.

6 Experiments
6.1 Experimental Setup
6.1.1 Datasets. For the prediction of binary classification in the
PPI network, we extracted three datasets to evaluate the model.

Dataset H-PPI M2H-PPI AM-PPI

Unique Nodes 11403 624 545
Number of PPIs 156066 39041 14664

H-PPI is extracted from the complete human PPI network, specif-
ically focussing on interactions classified as physical binding. In
this dataset, each node represents a distinct protein, and each edge
indicates that there exists a physical binding between two proteins.

M2H-PPI is a subset of the H-PPI dataset, consisting exclusively
of human cell membrane proteins. In this dataset, each protein
represents a human cell membrane protein, and each edge also
means that there exists a physical binding between two proteins.

AM-PPI is a PPI dataset specific to Actinosynnema mirum, a
novel species. Similarly, we have filtered this dataset to include only
interactions categorised as "physical binding" between proteins.

Then we choose two public datasets for the binding free energy
prediction and mutation effect prediction.

SAbDab [31] is the Structured Antibody Database, which has
566 antibody-antigen complexes with binding affinity labels.

SKEMPI [13] has 348 protein complexes and approximately
6000 △△𝐺 data points, which are used to train the models for △△𝐺
prediction.

6.1.2 Baseline Approaches. To evaluate the effectiveness of our pro-
posed method, we compare it with a comprehensive set of baselines
across three tasks: binary PPI classification, binding free energy
prediction, and mutation effect prediction.

For binary classification in PPI networks, we categorise the base-
lines into three groups:

Traditional GNNs: (1) GraphSAGE [9] is an inductive frame-
work that generates node embeddings by sampling and aggregating
information from local neighbourhoods. (2) GAT [35] introduces
attention mechanisms into message passing, enabling the model to
assign dynamic importance to neighbouring nodes.

GNN-based PPI methods: (3) GNN-PPI [25] models protein se-
quences as graphs and applies GNNs to predict binary interactions.
(4) High-PPI [7] enhances this approach by incorporating hierarchi-
cal structural information from protein domains. (5) SemiGNN-PPI
[42] combines multigraph modelling with a Mean Teacher frame-
work to improve generalisation in semi-supervised PPI prediction.

Geometric GNNs: (6) EGNN [30] is an E(3)-equivariant GNN
that maintains geometric symmetries such as rotation and transla-
tion. (7) GVP-GNN [17] uses geometric vector perceptrons tomodel
both scalar and vector features in protein structures. (8) GBPNet
[2] integrates geometry-aware attention and physical priors for
structure-based PPI prediction.

For binding free energy prediction, we compare against the fol-
lowing supervised learning baselines: (1) Rosetta [1], a physics-
basedmodelling suite that estimates binding affinity via energymin-
imisation and scoring functions. (2) FoldX [5], an empirical force-
field-based tool for assessing mutation-induced stability changes.
(3) ESM-1v [26], a protein language model trained on sequence
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Table 1: Experimental results of binary classification in PPI networks.

Settings Methods
M2H-PPI H-PPI AM-PPI

ACC(%) AUC(%) F1(%) ACC(%) AUC(%) F1(%) ACC(%) AUC(%) F1(%)

Random
Initialization

GraphSAGE 80.32 ±0.18 87.07 ±0.21 79.89 ±0.16 82.65 ±0.15 89.12 ±0.17 81.82 ±0.12 80.81 ±0.09 86.32 ±0.06 69.74 ±0.08

GAT 80.97 ±0.17 87.84 ±0.19 79.49 ±0.16 82.12 ±0.21 89.27 ±0.25 81.16 ±0.17 81.79 ±0.13 87.04 ±0.11 70.69 ±0.08

GNN-PPI 83.32 ±0.21 90.41 ±0.18 81.78 ±0.15 84.5 ±0.15 91.02 ±0.19 84.28 ±0.13 83.59 ±0.09 89.47 ±0.13 72.61 ±0.08

High-PPI 83.97 ±0.09 91.02 ±0.11 82.68 ±0.13 85.03 ±0.11 91.62 ±0.13 85.11 ±0.12 84.32 ±0.14 90.45 ±0.18 73.46 ±0.15

SemiGNN-PPI 84.12 ±0.14 91.56 ±0.13 82.84 ±0.11 85.47 ±0.16 92.21 ±0.18 85.53 ±0.13 84.51 ±0.12 90.83 ±0.10 73.88 ±0.10

EGNN 84.23 ±0.06 91.32 ±0.08 83.04 ±0.05 85.34 ±0.08 92.08 ±0.11 85.46 ±0.06 84.69 ±0.05 90.72 ±0.07 73.74 ±0.06

GVP-GNN 84.54 ±0.15 91.78 ±0.18 83.32 ±0.12 85.43 ±0.13 92.14 ±0.11 85.72 ±0.13 84.53 ±0.09 90.61 ±0.13 73.59 ±0.11

GBPNet 84.62 ±0.15 91.91 ±0.19 83.54 ±0.13 85.86 ±0.16 92.59 ±0.23 85.98 ±0.15 84.82 ±0.07 90.83 ±0.08 73.92 ±0.09

MEANT 86.96 ±0.21 93.47 ±0.26 85.28 ±0.19 87.15 ±0.25 94.15 ±0.31 86.92 ±0.22 86.24 ±0.15 92.31 ±0.18 75.43 ±0.13

Improvements(%) 2.77 1.70 2.03 1.36 1.68 1.09 1.67 1.65 2.04

ESM-2
Initialization

GraphSAGE 83.81 ±0.18 90.95 ±0.21 82.33 ±0.14 84.78 ±0.15 91.28 ±0.19 84.85 ±0.13 84.07 ±0.13 89.92 ±0.16 73.07 ±0.14

GAT 83.97 ±0.21 91.23 ±0.24 82.56 ±0.17 85.11 ±0.23 91.79 ±0.27 84.98 ±0.24 84.66 ±0.17 90.87 ±0.15 73.84 ±0.14

GNN-PPI 84.37 ±0.13 91.46 ±0.15 82.81 ±0.11 85.52 ±0.16 92.03 ±0.17 85.24 ±0.12 84.63 ±0.09 90.52 ±0.08 73.67 ±0.09

High-PPI 84.85 ±0.15 91.93 ±0.13 83.37 ±0.11 85.83 ±0.16 92.33 ±0.18 85.92 ±0.13 85.19 ±0.11 91.05 ±0.12 74.18 ±0.08

SemiGNN-PPI 85.27 ±0.12 92.34 ±0.15 84.27 ±0.12 86.34 ±0.11 93.27 ±0.14 86.44 ±0.13 85.46 ±0.16 91.64 ±0.13 74.63 ±0.09

EGNN 85.27 ±0.14 92.16 ±0.15 84.07 ±0.14 86.29 ±0.13 92.98 ±0.16 86.37 ±0.12 85.83 ±0.09 91.78 ±0.11 74.93 ±0.09

GVP-GNN 85.54 ±0.06 92.48 ±0.08 84.32 ±0.04 86.43 ±0.08 93.14 ±0.11 86.72 ±0.07 85.67 ±0.05 91.83 ±0.04 74.88 ±0.05

GBPNet 85.86 ±0.09 92.71 ±0.11 84.62 ±0.08 86.82 ±0.13 93.56 ±0.15 86.95 ±0.11 85.88 ±0.04 92.03 ±0.05 75.07 ±0.05

MEANT 88.52 ±0.16 94.89 ±0.19 86.46±0.13 88.79 ±0.21 96.26 ±0.25 89.32 ±0.22 87.79 ±0.15 94.56 ±0.18 76.63 ±0.12

Improvements(%) 3.10 2.35 1.84 1.71 2.26 2.89 2.22 2.75 2.08

Table 2: Experimental results of mutation effect prediction on SKEMPI datasets.

Category Method
Per-Structure Overall

Pearson Spearman Pearson Spearman RMSE MAE AUROC

Sequence Based

ESM-1v 0.0073 -0.0118 0.1921 0.1572 1.9609 1.3683 0.5414
PSSM 0.0826 0.0822 0.0159 0.0666 1.9978 1.3895 0.5261

MSA Transf. 0.1031 0.0868 0.1173 0.1313 1.9835 1.3816 0.5768
Tranception 0.1348 0.1236 0.1141 0.1402 2.0382 1.3883 0.5885

Energy Function
Rosetta 0.3284 0.2988 0.3113 0.3468 1.6173 1.1311 0.6562
FoldX 0.3789 0.3693 0.3120 0.4071 1.9080 1.3089 0.6582

Supervised
DDGPred 0.3752 0.3407 0.6580 0.4687 1.4998 1.0821 0.6992
EGNN 0.3735 0.3423 0.6137 0.4665 1.9265 1.3321 0.6876

RDE(End-to-End) 0.3873 0.3587 0.6373 0.4882 1.6198 1.1761 0.7172
MEANT 0.3892 0.3764 0.6682 0.4891 1.4217 1.0386 0.7189

data without requiring structural input. (4) AF2 [19], a structure
prediction model that provides transferable representations for
downstream tasks. (5) FANN [28], a geometric model using frame-
aligned representations to estimate binding free energy. (6) EGNN
[6], adapted for regression-based prediction using equivariant rep-
resentations.

For mutation effect prediction, we follow prior work and group
baselines into three categories:

Traditional empirical energy functions: (1) Rosetta [23]; (2)
FoldX [5].

Sequence/evolution-based methods: (3) ESM-1v [26]; (4)
PSSM, which uses position-specific scoring matrices derived from
evolutionary alignments; (5) MSA Transformer [29], which incor-
porates evolutionary information through attention to MSAs; (6)
Tranception [27], which combines autoregressive modelling with
alignment-based priors for predicting zero-shot fitness.
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End-to-end learning models: (7) DDGPred [32], a deep model
for predicting mutation effects directly; (8) EGNN [6]; (9) RDE
[24], originally unsupervised, here adapted for supervised learning
to predict PPI labels based on side-chain conformational changes.

6.1.3 Evaluation Task. We selected three representative PPI tasks
to assess the effectiveness of our method in capturing protein ex-
pression capabilities.

Binary classification in the PPI network. The evaluation task
is to predict whether there is an interaction between two proteins.
All of the methods will output an affinity score for each link and
the prediction can be treated as a binary classification problem.
Therefore, we employ three metrics to fully evaluate our model and
baseline methods: accuracy (ACC), AUC, andMacro-F1.

Binding free energy prediction. We tested our model on
SAbDab, which has 566 antibody-antigen complexes with bind-
ing affinity labels. We follow the settings in the work [16] and train
the model on all binding affinity labels in SKEMPI except those
appearing in the test set. Finally, we test the model with five ran-
dom seeds and report the average Spearman correlation on the
SAbDab.

Mutation effect prediction. We follow the settings in the work
[24] and partition the dataset into three distinct folds, each compris-
ing exclusive protein complexes absent in the other folds. We em-
ploy five metrics to assess the accuracy of △△𝐺 prediction: Pearson
correlation coefficient, Spearman correlation coefficient, RMSE
(root mean squared error), minimised MAE (mean absolute er-
ror), and AUROC (area under the receiver operating characteristic
curve).

6.1.4 Hyperparameter Settings. We implement MEANT using Py-
Torch 2.1.2 and train it with the Adam optimiser, setting the initial
learning rate at 1 × 10−3 and applying a decay rate of 0.96. The
model uses a hidden state size of 128, an embedding dimension of
64, and an atom attribute dimension of 16. Each residue connects
to its 10 nearest spatial neighbours, and MEANT is composed of
two message-passing layers. A batch size of 32 is used for all ex-
periments and all hyperparameters are kept consistent between
tasks to ensure fair comparisons. Experiments are conducted on
a Linux server equipped with a single NVIDIA A800 GPU and an
Intel(R) Xeon(R) Platinum 8358 CPU, enabling efficient training on
full-atom protein graphs.

6.2 Main Experiments
This section evaluates our proposedMEANTmethod against several
baseline approaches in three types of PPI prediction tasks. The
results are shown in Table 1, Fig. 3, and Table 2 respectively. Testing
across three different PPI prediction tasks showcases our method’s
ability to effectively represent proteins in PPI tasks.

6.2.1 Binary Prediction in PPI Networks. We evaluated the binary
classification performance of our proposed model, MEANT, in com-
parisonwith three categories of baselinemodels in three benchmark
PPI datasets (M2H-PPI, H-PPI, and AM-PPI) under two initialisa-
tion settings: random initialization and ESM-2 initialization. The
experimental results, summarised in Table 1, lead to several key
observations:

Our model significantly outperforms the baseline models in all
three datasets under both settings. In terms of AUC, MEANT shows
2. 35%, 2. 26% and 2. 75% relative improvements over the best-
performing baseline method, demonstrating the effectiveness of
our design based on geometric graph neural networks at the atomic
level for the prediction of PPI. Additionally, the performance drop
of our model with two types of initial node representation is not as
pronounced as with traditional graph neural networks, indicating
the stability of our model and its ability to capture more useful
information from the spatial structure of proteins.

What’s more, MEANT shows strong robustness across different
input initializations. Although traditional GNNs and even some
geometric GNNs exhibit notable performance fluctuations between
random and pretrained initializations, MEANTmaintains stable and
high performance. This stability indicates that our model can effec-
tively extract meaningful structural features from raw inputs and
is less dependent on external sequence-based embeddings, making
it more adaptable in real-world scenarios with limited annotation
or pretraining resources.

Compared to traditional GNNs, our approach offers a better rep-
resentation of a protein at both the feature and structural levels
through the use of geometric graph neural networks at the atomic
level. While traditional GNNs focus on the connectivity of nodes
in the PPI network and treat proteins as abstract nodes without
internal structure, MEANT leverages detailed 3D geometric config-
urations within each protein. This allows it to capture fine-grained
interaction cues that are critical for PPI prediction but are often
overlooked in conventional approaches.

Furthermore, unlike GNN-based PPI methods, our approach in-
tegrates spatial structural information from proteins into our repre-
sentations. Protein interactions depend on their spatial structures,
and our model incorporates more spatial structural information
than GNN-based methods, resulting in improved performance.

In contrast to other geometric graph neural networkmethods, we
construct the entire protein graph at the atomic level. This enables
the model to capture interaction-specific atomic configurations
that are critical in determining the binding affinity and specificity.
By modeling proteins at such fine granularity, MEANT is better
equipped to distinguish subtle structural variations that influence
PPIs, resulting in its consistently superior performance across all
tasks.

Figure 3: The results of binding free energy prediction. Larger
scores indicate better performances.
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6.2.2 Binding free energy (△𝐺) prediction. Our model, MEANT,
was evaluated on the SabDab dataset for the prediction of binding
free energy against six baseline methods, as illustrated in Figure 3.
The results indicate that MEANT significantly outperforms energy
function-basedmodels, such as Rosetta and FoldX, as well as protein
language models like AF2. Additionally, sequence-based protein lan-
guage models exhibit poor performance in predicting binding free
energy, as merely modeling sequence information is insufficient
for accurately predicting the binding of two proteins. This experi-
ment demonstrates that incorporating more atomic-level structural
information in MEANT is advantageous for predicting binding free
energy.

6.2.3 Mutation effect (△△𝐺) prediction. We conducted compar-
isons on the SKEMPI dataset against three categories of baseline
methods, evaluating the Pearson correlation coefficient, Spearman
correlation coefficient, minimized RMSE, minimized MAE, and AU-
ROC. The results are presented in Table 2. Our method outperforms
all baselines, particularly in demonstrating improvements in each
structural correlation metric, indicating higher reliability in practi-
cal applications.

Compared to sequence-based methods, our model captures more
effective information from the structural level of proteins. Sequence-
based models are based on the mining of evolutionary history and
statistical analysis of multiple sequence alignments from large se-
quence databases. These approaches are not ideal for predicting the
impact of mutations on general protein-protein interactions, espe-
cially when the two proteins involved may not belong to the same
species. This leads to the underperformance of methods like MSA
and ESM. In contrast to energy-based methods, our approach is
specifically designed for the prediction of mutation effects, whereas
baseline energy-based methods are primarily aimed at predicting
protein structure and stability, making them less suitable for pre-
dicting binding free energy. Compared to supervised methods, our
approach incorporates information at the original atomic level, in-
tegrating the structure of side chains to more effectively model
the contact positions between proteins, thereby achieving better
results.

6.3 Analysis of Model Components
Effect of atomic information. We conducted ablation experi-
ments to substantiate the importance of incorporating atomic-level
geometric structural information for PPI prediction tasks. Table 3
shows the results for the binary classification and the predictions of
the mutation effect. In these experiments, the variant that excludes
atomic-level structural information is denoted as "-Atomic." The
results indicate that the absence of atomic structural information
leads to the most pronounced decline in performance. This under-
scores the crucial role of atomic-level structural information in
enhancing the accuracy of PPI predictions.

Effect of geometric relation extractor. To demonstrate the
effectiveness of our designed geometric relation extractor, we re-
placed it with the average distance of all atoms between two residues.
Table 3 presents the results for binary classification and mutation
effect predictions, where the variant with the geometric relation
extractor replaced is labeled as “−𝑹𝑖 𝑗 ”. The results show that replac-
ing the geometric relation extractor still has a significant impact on

the experimental outcomes. This indicates that merely changing
the graph structure to an all-atom level is insufficient; it is crucial
to model the atomic-level geometric information between residues
accurately.

Effect of residue-specific learnable matrix. In addition to
the geometric relation extractor, we also investigated the impact of
the residue-specific parameter matrix on the experimental results.
We fixed the parameters of the matrix, denoted as “−𝝎𝒊”, to create
a variant. Table 3 shows that fixing the parameter matrix has a
noticeable impact on the model performance. This suggests that
there are differences in the geometric information extracted when
considering different residues as central nodes, and it is essential
to account for these differences.

Effect of attention aggregation. As shown in Equation 6, we
employ an attention mechanism to update the representations and
coordinate information of the residues. To validate the effective-
ness of this attention mechanism, we created a variant removing
it, denoted as ’-atten’. The results in Table 3 indicate that the at-
tention mechanism significantly contributes to the performance in
our selected ablation experiments. Therefore, we incorporated this
mechanism into our final model.

6.4 Analysis of Hyperparameter

(a) # Layers (b) # Neighbors

(c) # Dimension (d) # Batch size

Figure 4: Performance under different hyperparameters.

In this subsection, we discuss the impact of primary hyperparam-
eters on the performance of MEANT. Specifically, we analyse the
number of layers in MEANT, the number of residue neighbours in
the atomic protein graph, the dimension of the final representations,
and the batch size. The results, presented in Fig. 4, reveal several key
observations. First, utilising additional layers in the model enhances
performance as a result of the central residue node’s increased abil-
ity to aggregate information from more distant residues. However,
as the number of layers continues to increase, the performance
gains diminish and the time cost for model training and inference
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Table 3: Ablation Study on binary PPI classification and mutation effect prediction. Best results are highlighted in bold.

Binary Classification

Model M2H-PPI H-PPI AM-PPI
AUC F1 AUC F1 AUC F1

MEANT 94.89 ±0.19 86.46 ±0.13 96.26 ±0.25 89.32 ±0.22 94.56 ±0.18 76.63 ±0.12
-Atomic 92.87 ±0.13 84.11 ±0.15 93.27 ±0.21 86.42 ±0.20 92.39 ±0.14 73.91 ±0.11
-𝑹𝑖 𝑗 93.17 ±0.22 84.62 ±0.16 94.42 ±0.27 87.83 ±0.18 92.96 ±0.21 74.10 ±0.10
-𝝎𝑖 93.64 ±0.16 85.33 ±0.14 95.92 ±0.22 88.67 ±0.19 93.47 ±0.16 75.02 ±0.09
-Atten 93.68 ±0.18 85.27 ±0.12 95.26 ±0.21 88.19 ±0.17 93.82 ±0.18 75.34 ±0.10

Mutation Effect Prediction

Model Per-Structure Overall
Pearson Spearman Pearson Spearman RMSE AUROC

MEANT 0.3892 0.3764 0.6682 0.4891 1.4217 0.7189
-Atomic 0.3784 0.3660 0.6513 0.4726 1.4615 0.7032
-𝑹𝑖 𝑗 0.3816 0.3705 0.6549 0.4754 1.4478 0.7067
-𝝎𝑖 0.3852 0.3738 0.6601 0.4813 1.4332 0.7110
-Atten 0.3846 0.3722 0.6592 0.4807 1.4359 0.7103

grows non-linearly. Consequently, we have set the number of model
layers to 2. Additionally, the model performance stabilises when
the number of neighbours sampled for residues increases to 10, the
dimension of final representations is set to 64, and the batch size
is increased to 32. It is important to note that while increasing the
dimension of the final representations and the batch size improves
performance, it also significantly increases the computational re-
source requirements of our model.

6.5 Computation Efficiency Analysis
The computational efficiency of graph-based protein modeling is
closely related to the granularity of the graph representation. Tradi-
tional residue-level GNNs construct coarse-grained graphs, where
each node corresponds to a residue. These graphs typically contain
𝑁𝑟 nodes and a limited number of edges reflecting sequential or
structural proximity, leading to a per-layer complexity of O(𝑁𝑟 ·𝑑2),
where 𝑑 is the hidden feature dimension. This design is computa-
tionally efficient but lacks fine-grained structural resolution.

In contrast, full-atom GNNs model proteins at the atomic level,
where the number of nodes increases to 𝑁𝑎 ≈ 10 · 𝑁𝑟 , and pair-
wise interactions among atoms often result in dense connectivity.
This leads to a message passing complexity of O(𝑁 2

𝑎 · 𝑑), which
is significantly more expensive, especially for large proteins. Our
method, MEANT, strikes a balance between expressiveness and
efficiency by retaining atomic-level features, but restricting mes-
sage passing to a residue-level graph. Specifically, we used atomic
nodes for geometric encoding within each residue, followed by a
residue-level message passing across the protein graph. This hybrid
design reduces the overall time complexity to O(𝑁𝑟 · 𝑑2 + 𝑁𝑎 · 𝑑),
avoiding quadratic growth while preserving structural detail. Em-
pirically, our model introduces only a modest overhead compared to

residue-level GNNs, yet delivers significantly improved predictive
performance.

7 Conclusion
In this paper, we introduce MEANT, a novel model designed for full-
atom PPI prediction. Our method utilises learnable parameterized
matrices to construct atom-level geometric knowledge between
residues. This approach enables us to capture comprehensive struc-
tural information at the atomic level while avoiding the need to
learn individual representations for each atom. Consequently, we
ensure the computational efficiency of the model without com-
promising its expressive capability. The results of three tasks on
five datasets demonstrate that MEANT consistently outperforms
baseline models.

While the results are promising, MEANT currently considers
only relative positional relationships between residues, ignoring
more complex geometric details like side-chain rotational angles.
Future work will address these limitations and explore using struc-
tures of unlabeled proteins and protein complexes to enhance the
model’s representation. Advancing protein affinity research can ac-
celerate drug discovery, and this study may inspire the AI4Science
community to tackle practical challenges in this field, promoting
further development and having significant real-world implications.
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