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EPFL AT A GLANCE 4Background-Binding Site/Pocket

The Core Problem

Predicting the binding sites of target proteins.
It is a fundamental step in modeling drug discovery

• Protein-ligand docking tasks.
• Structure-based molecular generation
• Understanding biological interactions in living systems

Problem Statement. Given a protein 𝐺𝑃 = (𝒱𝑝 , 𝐸𝑐 , 𝐸𝐷), the model 𝑓(𝐺𝑃)
is required to predict the atoms of binding sites: 𝒱𝐵 ∈ 𝒱𝑝.

Binding site

Ligand
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Geometry-Based 

Examples: Fpocket, LigSite

Exploit hand-crafted 
geometric algorithms to find 
hollow spaces. Limited 
expressivity

Machine Learning

Examples: P2Rank

Use Random Forest with 
surface geometry features. 
Still relies on hand-crafted 
descriptors

Deep Learning (CNN)

Examples: DeepSite, DeepSurf

Treats protein as a 3D image
(voxelization). Currently the 
dominant approach but has 
flaws



EPFL AT A GLANCE 6Limitations of CNN-based Methods

▪ Irregular Structures: Regular voxels struggle to 
model  the naturally shape of proteins. (fixed
box)

▪ Rotation Sensitivity: Rotation changes the 
input, confusing the model.

▪ Surface Coarseness: Voxel grids are too 
coarse to capture the fine-grained geometry of 
surface atoms.

▪ Size Shift Unawareness: Fixed grid sizes often 
cut off large proteins or waste space for small 
ones.



7The Proposed Method: EquilPocket

Key Innovations

EquilPocket is an E(3)-equivariant GNN that addresses previous limitations

▪ Graph-based: naturally handles irregular protein

▪ Equivariant: Insensitive to rotation and translation

▪ Surface-centric: Specifically models surface 
geometry using probes

▪ Adaptive: Uses dense attention to handle 
variable protein sizes



8Preliminaries & Definition
Protein Graphs

▪ Protein Graph 𝐺𝑃 = (𝑉𝑃 , 𝐸𝐶 , 𝐸𝐷): Nodes 
𝑉𝑃 are atoms, edges 𝐸𝐶 are chemical 
bonds and 𝐸𝐷 are spatial neighbors

Surface Probe Set

▪ A set of 3D coordinates generated by 
rolling a solvent probe (e.g., water) 
across the protein surface (alg. MSMS)
o 𝒙𝒊 ∈ R𝟑: Its 3D coordinate. 
o 𝑝𝒊 ∈ 𝑉𝒑: The index of its Nearest 

Protein Atom.

Surface Graph 
▪ 𝐺𝑆 = (𝑉𝑠 , 𝐸𝑠): 𝑉𝑠 = {𝑝𝑖} (Nearest Protein 

Atoms).

E(3)-Equivariance

▪ A function 𝑓 is equivariant if 
transforming the input transforms the 
output similarly:

𝑓 𝑔 ⋅ 𝑋 = 𝑔 ⋅ 𝑓 𝑋

▪ Invariant: 𝑓 𝑔 ⋅ 𝑋 = 𝑓 𝑋

𝒔𝒊 = (𝒙𝒊, 𝑝𝒊)

Surface Graph 



9EquilPocket Overview
Three modules：Local Geometric Modeling, Global Structure, Surface Message Passing Modeling

Protein



10Module 1 - Local Geometric Modeling
Extracting Surface Features (context)

▪ Collect surrounding probes 𝑆𝑖 = ൛

ห

𝑠𝑗 = 𝒙𝑗 , 𝑝𝑗 ∈

𝑆 𝑝𝑗 = 𝑖} for each surface atom 𝑖 ∈ 𝑉𝑆.

Virtual points(balls)

Geometric descriptor 𝑔𝑖

▪ For each surrounding surface probe 𝑠𝑗 ∈ 𝑆𝑖 , we first 
search its two nearest surface probes from 𝑆 as 𝑠𝑗1
and 𝑠𝑗2, ഥ𝒙𝑖 = 𝒎𝒆𝒂𝒏(𝑆𝑖)

nearest

nearest

Compute relative distances and angles between probes



11Module 2 - Global Structure Modeling

Chemical-Graph Modeling

▪ Uses GNN to process chemical 
features (atom types) and chemical 
bonds

Spatial-Graph Modeling

▪ Uses EGNN to incorporate 3D 
coordinates 𝑥𝑖 and spatial edges.

▪ This captures the global structural 
context of the protein.



12Module 3 – Surface Message Passing

We  perform equivariant message passing 
exclusively on the Surface Graph to refine
features.

Surface-EGNN Layer
▪ Input: Invariant features ℎ 0 = 𝑐′′, 𝑔 and 

coordinates 𝑿𝑖(0) = [𝒙𝑖 , ഥ𝒙𝑖 ].

con𝑐𝑎𝑡( 𝑐′′, 𝑔 )

where 𝜙𝑚, 𝜙ℎ, 𝜙𝑥are MLPs, and



13Module 3 – Surface Message Passing
Challenge: A fixed receptive field causes over-smoothing 
in small proteins and insufficient coverage in large ones.

Dense Attention Output Layer. 

1. Calculate the density of neighbors at different hop distances 𝑛𝑖

2. An MLP generates attention weights 𝑎𝑖 to adaptively 
balance information from different GNN layers.



14Training Objectives

Binding Site Prediction
▪ Binary Classification: label 𝑦 =1 : surface atom 𝑖 is within 4Å of a ligand.

▪ Loss: Dice Loss (𝐿𝑏) handles class imbalance effectively.

Relative Direction
▪ Auxiliary Task: Predict the unit vector direction 𝑑𝑖 from atom 𝒙𝑖 ∈ 𝐺𝑝 to 

the nearest ligand atom 𝑚𝑖 .

▪ Loss: Cosine Similarity Loss(𝐿𝑑) 

Total Loss
𝐿 = 𝐿𝑏 + 𝐿𝑑

▪ Combines semantic segmentation with geometric regression



15Experimental Setup

Datasets

Dataset Role Number of 

Binding 

Sites

Description

scPDB Trainin

g

1 ~16k entries, 

curated 

binding sites

COACH42

0

Testing 1,2,3,4,5… Standard 

benchmark(mli

g subset)

HOLO4K Testing 1.2,3,4,5… Larger, more 

complex 

proteins

Evaluation Metrics
▪ DCC: Distance between the 

predicted and true binding site 

center. (Success if < 4Å )

▪ DCA: Shortest distance from 

predicted center to any ligand atom

Failure Rate: % of proteins without 

any binding site center

4Å



16Comparison with SOTA

EquilPocket outperforms geometry-based, ML-based, and CNN-based methods



17Case study

EquilPocket outperforms geometry-based, ML-based, and CNN-based methods



18Ablation & Size Shift Analysis
EquilPocket outperforms geometry-based, ML-based, and CNN-based methods

The protein size shift and model performances for proteins of various sizes



19Summary: Positive & Negative 

EquiPocket is an E(3)-Equivariant Graph Neural Network (GNN) that leverages 
a dual-graph architecture (atomic and surface) to integrate geometric
context for rotation-invariant ligand binding site prediction.

Positives:

• E(3) Equivariance: Guarantees rotation/translation invariance for the final prediction 
and consistency of feature learning, improving generalization.

• Geometric Context: Effectively models the protein surface geometry to provide 
crucial context for binding site prediction.

Limitations:

• Scalability Issue: Performance can deteriorate or become inefficient for very large 
proteins due to the sheer size of the surface probe set and complex graph message 
passing.
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▪ EquiPocket:

▪ Contextual AI models for signle-cell protein biology 



21Background—protein in the biological contexts
Importance of biological contexts (e.g. cellular and tissue)

Understanding protein function and developing molecular therapies require 
deciphering the cell types in which proteins act as well as the interactions between 
proteins. 
• The expression of genes and the function of proteins encoded by these genes 

depend on cellular and tissue contexts
• Protein functions and interactions will be different in various biological contexts.
• Modeling protein interactions across biological contexts remains challenging for 

existing algorithms



22Context-free protein representation learning

▪ Existing works: Generate one representation for each protein, not tailored to 
specific biological contexts (cell types and disease states) (e.g. GAT)

▪ Weakness: These representations cannot identify protein functions that vary 
across different cell types, which in turn hamper the prediction of protein roles 
in a cell type-specific manner.



EPFL AT A GLANCE 23The Data Revolution

Single-Cell Atlases

We are in the era of single-cell transcriptomics. 
Resources like Tabula Sapiens provide a high-
resolution "parts list" of activated genes across 
hundreds of unique cell types and tissues.

The Missing Link

While we have the schematic (protein networks) 
and the inventory (single-cell atlases), they have 
historically remained separate.

The challenge lies in effectively merging these 
massive, disparate datasets to inform protein 
models.

Protein



24Contribution: Context-specific model
PINNACLE

Geometric Deep Learning

PINNACLE integrates single-cell transcriptomics, protein-protein interaction networks, and tissue 
hierarchies. It moves beyond static models to generate high-resolution protein representations.

Distinct Cell-Type Specificity

Instead of one single vector per protein, PINNACLE generates 394,760 distinct representations—one 
for every cell type in which a protein is active. This allows for precise, cell-type-specific therapeutic 
targeting.

(Protein Network-based Algorithm for Contextual Learning)



EPFL AT A GLANCE 25Overview of PINNACLE 
model

➢ PPI

Cell type-specific PPI (Protein-protein
interation) networks {𝐺𝑖}

• Edges: Protein-Protein interation

➢ Metagraph:

Cell types and tissues form a network.
▪ Edges

• cell type-cell type interactions
• cell type-tissue associations
• Tissue–tissue relationships

tissues

Cell

protein



26PINNACLE: Multiscale GNN (Attention based)

1. Protein-level attention with cell type specificity. 

2. Metagraph-level attention on cellular interactions and tissue 
hierarchy.

learned attention weights 𝛽𝑟, 𝑟 = 𝐶𝐶, 𝐶𝑇, 𝑇𝐶, 𝑇𝑇,

3. Bridge between protein and cell type embeddings.



27Training objective
Self-supervised learning

➢ Each cell type-specific PPI network (link prediction )
and cell type identity

(cell type identity)

➢ Cell type level (link prediction) BCE(C-C + C-T)

➢ Tissue level (link prediction) BCE(T-T + T-C)



EPFL AT A GLANCE 28Pretraining data

Multiorgan, single-cell transcriptomic atlas of humans.Reference human physical PPI network

BioGRID, HuRI and Menche et al[1] with 15,461 nodes and 
207,641 edges.

Total Cells: 483,152 (from 15 Donors, 59 Specimens) Tabula Sapiens

• Nodes: 15,461
• Edges: 207,641

Menche, J. et al. Uncovering disease–disease relationships through the incomplete interactome. Science 347, 1257601(2015).



EPFL AT A GLANCE 29Application
Tasks:

• enhance three-dimensional (3D) structural protein representations,
• analyze the effects of drugs across cell type contexts, nominate therapeutic targets in a cell 

type-specific manner
• retrieve tissue hierarchy in a zero-shot manner 
• perform context-specific transfer learning
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Results: captures cellular and tissue 
organization

Two dimensional UMAP(uniform 
manifold approximate projection)
plots of contextualized protein
representations generated by 
PINNACLE from six different cell type 
context.

Protein from Cell

text contact region

proteins from other 
cell types

Quantified by neighborhood enrichment 
scores (NES), the higher is better.



31
Embedding similarities using PINNACLE’s 
protein representations

Same cell type v.s. Different Cell type

Protein presentations from the same cell type show high
similarity

Context specific v.s. Context-free

Context-free PINNACLE: remove cell type and tissue network and all 
cell type- and tissue-related components of PINNACLE’s architecture 
and objective function

KS two-sample KS test P-value, lower is better (from two distribution)
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PINNACLE enhances 3D structural 
representations of PPIs

Socre gap↑

discrimination ↑

Four protein

Context information increases the discrimination of the protein representations 



EPFL AT A GLANCE 33Tissue embedding evaluation

This validates PINNACLE's ability to learn and 
encode the underlying biological structure of 
tissues. The closer the tissues are in the real 
world (ontology), the closer they are in the 
model's embedding space.

closer

As the biological distance (X-axis) increases, the 

computational distance (Y-axis) also increases.

Tissues discrimination ↑



34
Therapeutic target prioritization ( via fine-tuning contextualized 
proteinrepresentations )

IBD: inflammatory bowel diseaseRA: rheumatoid arthritis

The predictor module (that is, MLP) fine-tunes the (pretrained) contextualized protein representations for 
predicting whether a given protein is a strong candidate for the therapeutic area of interest. (RA: rheumatoid arthritis
+ IBD: inflammatory bowel disease)

Disease Ontology Tree

Specific diseases

MLP



35Contextual models outperform context-free target prediction

Benchmarking of context-aware and context-free approaches for RA (d) and IBD (e) therapeutic areas. 

Baselines: Random work, GAT, BIONIC (context free model)

Dot: performance (averaged across ten random seeds) of 
protein representations from a given context

context-free multimodal

70/156=44.9% 57/152=44.9%

18.6% 8.6%
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Performance of contextualized target 
prioritization for RA and IBD therapeutic areas

GAT

BIONIC
Average Precision 
and Recall at 5

GAT

BIONIC

PINNACLE

outperforms GAT

PINNACLE

outperforms GAT

PINNACLE can nominate targets across cell type contexts



37Cell type contexts reflect MoAs (mechanisms of actions)

▪ Predictive cell type contexts elucidate MoAs in IBD therapies▪ Predictive cell type contexts reflect MoAs in RA therapies

protein

compartment



38Summary: Positive & Negative 

PINNACLE is a protein representation learning method that use the context learning for 
enhancing the context-specific property of the presentations 

Positives:

• Sophisticated Modeling: Utilizes GNNs to capture complex topological interactions within 
the static PPI network backbone.

• High-Resolution Targeting: Achieves cell-type specificity in protein representations, 
moving beyond "average" network views using single cell atlases context.

Limitations:

• Inter-Cell Signaling: Long-range connections (protein interactions between different cell 
types) are currently only modeled implicitly through the Metagraph structure, simplifying 
direct molecular dialogue.



Thank you 
for your 
attention !

E V E N T

P R E S E D E N T E D  B Y
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