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Biology is interconnected

3Graph Representation Learning for Biomedicine, Nature Biomedical Engineering (in press), 2022, arXiv:2104.04883

The effects of drugs are not limited to the 
molecules to which they directly bind in the 
body. Instead, these effects spread throughout 
biological networks in which they act. 
Therefore, the effect of a drug on a disease is 
inherently a network phenomenon
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Graph 
representation 

learning
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Cellular components associated with a specific disease 
(phenotype) show a tendency to cluster in the same 

network neighborhood

Deep graph representation learning methods are well-
suited for the analysis of biological networks

Graph representation learning realizes key 
network principles for data-rich biomedicine



This Tutorial
1. Methods: Network diffusion, shallow 

network embeddings, graph neural 
networks, equivariant neural networks

2. Applications: Fundamental biological 
discoveries and precision medicine

3. Hands-on exercises: Demos, 
implementation details, tools, and tips
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§ Node-level
§ Characteristics of a given 

node
§ Edge-level

§ Whether or how two 
nodes are connected

§ Subgraph-level
§ How clusters of nodes 

interact with each other 
and the rest of the graph

§ Graph-level
§ Similarity of graph to 

other graphs
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Graph representation learning tasks
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Node classification: Example
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Classifying the 
function of 

proteins in the 
interactome!

Image from Ganapathiraju et al. 2016. Schizophrenia interactome with 504 novel protein–protein interactions. Nature.

https://www.nature.com/articles/npjschz201612?WT.feed_name=subjects_neuroscience


§ Node-level
§ Characteristics of a given 

node
§ Edge-level

§ Whether or how two 
nodes are connected

§ Subgraph-level
§ How clusters of nodes 

interact with each other 
and the rest of the graph

§ Graph-level
§ Similarity of graph to 

other graphs
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Graph representation learning tasks
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RL
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Link prediction: Example
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Predicting 
which 

diseases a 
new molecule 
might treat!

Image from: Zitnik et al. 2020. Network-based discovery of drug indications.

Drugs Diseases

“Treats” relationship

?

?

? Unknown drug-disease relationship
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Subgraph classification: Example
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Identifying 
disease 

proteins in the 
interactome!

Image from: Menche et al. 2015. Uncovering disease-disease relationships through the incomplete interactome. Science.

mailto:http://science.sciencemag.org/content/347/6224/1257601


§ Node-level
§ Characteristics of a given 

node
§ Edge-level

§ Whether or how two 
nodes are connected
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other graphs
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Graph classification: Example
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Designing new 
small molecule 
compounds to 
treat a disease!

Image from: Jin et al. 2018. Junction Tree Variational Autoencoder for Molecular Graph Generation. ICML.

http://proceedings.mlr.press/v80/jin18a/jin18a.pdf


Predictive modeling lifecycle
(Supervised) Machine learning lifecycle: This 

feature, that feature. Every single time!
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Raw 
Data

Structured 
Data

Learning 
Algorithm  Model

Downstream 
prediction task

Feature 
Engineering

Automatically 
learn features



Feature learning in graphs
Goal: Efficient task-independent feature 

learning for machine learning in networks!
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vectornode
𝑓: 𝑢 → ℝ!

ℝ!
Feature representation, 

embedding

u



Embedding nodes
Intuition: Map nodes to embeddings such that 
similar nodes in graph are embedded close by
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f (    )=
OutputInput

Disease similarity network 2D node embeddings

How to learn mapping function 𝑓?
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Predominant graph learning paradigms



GRAPH MACHINE 
LEARNING TASKS

Time for a poll question about…
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1. Which of the following is an example of a node-
level task? Multiple choice

2. Which of the following is an example of a graph-
level task? Multiple choice



Poll Question
Which of the following is an example of a node-level 
task? Multiple choice

1. Identifying a collection of disease proteins in the 
interactome

2. Predicting which diseases a new molecule 
might treat

3. Designing new small molecule compounds to 
treat a disease

4. Classifying the function of proteins in the 
interactome

20
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Poll Question
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Predominant graph learning paradigms



Random walks and diffusion
§ Nodes in a graph influence each other along paths
§ Diffusion measures these spreads of influences

25

Red: Target node
k = 1: 1-hop neighbors
k = 2: 2-hop neighbors
k = 3: 3-hop neighbors

§ Intuition
§ Capture the local connectivity patterns for each node
§ Define node similarity function based on higher-order 

neighborhoods

Towards Precision Medicine with Graph Representation Learning - bit.ly/biomedicalgml - ISMB 2022



Random walks and diffusion
§ Method: Diffusion state distance (DSD)

§ Simulate random walks from source node u
§ Count the number of random walks of length k that start at 

u and visit a destination node v
§ Node representation: Each node u has vector ᴪu that 

represents its influence on its k-hop neighborhood

§ Comparison: Calculate whether nodes u and v have 
similar local connectivity by DSD(u, v) = || ᴪu - ᴪv ||1

26

u
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Diffusion profile 
for node u

Graph Representation Learning for Biomedicine, Nature Biomedical Engineering (in press), 2022, arXiv:2104.04883
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Application: Identify disease pathways
§ Pathway: Subnetwork 

of interacting proteins 
associated with a 
disease

27

27

Large-scale analysis of disease pathways in the human interactome, Pacific Symposium on Biocomputing, 2018
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§ Protein-protein interaction (PPI) network culled from 
15 knowledge databases:
§ 350k physical interactions

§ Examples: metabolic enzyme-coupled interactions, signaling 
interactions, protein complexes

§ All protein-coding human genes (21k)
§ Protein-disease associations

§ 21k associations split among 519 diseases
§ Multi-label node classification

§ Every node (i.e. protein) can have 0, 1, or more labels (i.e. 
disease associations)

28Large-scale analysis of disease pathways in the human interactome, Pacific Symposium on Biocomputing, 2018
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Disease pathway dataset



§ Two main stages:
1. Take the PPI network and use DSD to compute a 

vector representation for every node
2. For each disease, fit a logistic regression classifier

that predicts disease proteins based on the vector 
representations:
§ Train the classifier using training proteins
§ Predict disease proteins in the test set (i.e. the probability that 

a particular protein is associated with the disease)
29Large-scale analysis of disease pathways in the human interactome, Pacific Symposium on Biocomputing, 2018
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RANDOM WALKS & 
DIFFUSION

Time for a poll question about…
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1. Which of the following describes how random 
walks can be used to generate representations 
of nodes? Multiple choice



Poll Question
Which of the following describes how random walks 
can be used to generate representations of nodes? 
Multiple choice

Each element (denoted by v, corresponding to 
node v) of the embedding for node u represents 
the _____________________ between u and v.
1. …number of hops…
2. …connection…
3. …collaboration…
4. …influence…

31
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Predominant graph learning paradigms



Shallow network embeddings
§ Intuition: Map nodes to d-dimensional 

embeddings such that similar nodes in the graph 
are embedded close together

§ Assume we have a graph G:
§ V is the vertex set
§ A is the adjacency matrix (assume binary)
§ No node features or extra information is used!

34

f (    )=
Disease similarity

network 
2-dimensional node

embeddings
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Shallow network embeddings
§ Goal: Similarity in the embedding space approximates similarity 

in the network  
§ Three main stages:

1. Given a pair of nodes u, v in network G, obtain function f to map 
these nodes to an embedding space to generate hu and hv

2. Define network similarity fn(u,v) and embedding similarity fz(hu , hv )
3. Define loss 𝑙 to measure whether embedding preserves distance in 

original graph, and optimize by minimizing the loss  

35

…

u
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<latexit sha1_base64="XLJFks1yYE03+RAEgO7gPHUbfXw=">AAAB+HicbVDNTgIxGPwW/xD/UI9eGsHEE9nFgx6JXjxiIoKBlXRLFxq67abtasiG9/DiQS/Gq4/izbexC3tQcJI2k5nvS6cTxJxp47rfTmFldW19o7hZ2tre2d0r7x/caZkoQltEcqk6AdaUM0FbhhlOO7GiOAo4bQfjq8xvP1KlmRS3ZhJTP8JDwUJGsLHSQ7UXYTMKwnQ07SfVfrni1twZ0DLxclKBHM1++as3kCSJqDCEY627nhsbP8XKMMLptNRLNI0xGeMh7VoqcES1n85ST9GJVQYolMoeYdBM/b2R4kjrSRTYySykXvQy8T+vm5jwwk+ZiBNDBZk/FCYcGYmyCtCAKUoMn1iCiWI2KyIjrDAxtqiSLcFb/PIyua/XvLOaveo39UrjMm+kCEdwDKfgwTk04Bqa0AICCp7hFd6cJ+fFeXc+5qMFJ985hD9wPn8ABJaS7w==</latexit>

fz
<latexit sha1_base64="JadAhVPjLrTCOiAKxTttQ3sD+6w=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTaWGLiiQYuZG+Zgw17e5fdPRMk/AYbC22MrX/Hzn/jAlco+JLdvLw3k5l5YSq4Nq777RRWVtfWN4qbpa3tnd298v7BnU4yxdBniUjUfUg1Ci7RN9wIvE8V0jgU2AqHV1O/9YhK80TemlGKQUz7kkecUWMlvxp1n6rdcsWtuTOQZeLlpAI5mt3yV6eXsCxGaZigWrc9NzXBmCrDmcBJqZNpTCkb0j62LZU0Rh2MZ8tOyIlVeiRKlH3SkJn6u2NMY61HcWgrY2oGetGbiv957cxEF8GYyzQzKNl8UJQJYhIyvZz0uEJmxMgSyhS3uxI2oIoyY/Mp2RC8xZOXyUO95p3V7Fe/qVcal3kiRTiCYzgFD86hAdfQBB8YcHiGV3hzpPPivDsf89KCk/ccwh84nz/Z4I7S</latexit>

Embedding 
Space

hv
<latexit sha1_base64="figeL9HupaCtJOTkeqjCUAu+StQ=">AAAB+HicbVDNTgIxGPzWX8Q/1KOXRjDxRHbxoEeiF4+YiGBgJd3ShYa2u2m7GLLhPbx40Ivx6qN4823swh4UnKTNZOb70ukEMWfauO63s7K6tr6xWdgqbu/s7u2XDg7vdZQoQpsk4pFqB1hTziRtGmY4bceKYhFw2gpG15nfGlOlWSTvzCSmvsADyUJGsLHSY6UrsBkGYTqc9saVXqnsVt0Z0DLxclKGHI1e6avbj0giqDSEY607nhsbP8XKMMLptNhNNI0xGeEB7VgqsaDaT2epp+jUKn0URsoeadBM/b2RYqH1RAR2MgupF71M/M/rJCa89FMm48RQSeYPhQlHJkJZBajPFCWGTyzBRDGbFZEhVpgYW1TRluAtfnmZPNSq3nnVXrXbWrl+lTdSgGM4gTPw4ALqcAMNaAIBBc/wCm/Ok/PivDsf89EVJ985gj9wPn8ABh6S8A==</latexit>

f
<latexit sha1_base64="yCnDmKZVaJGbOpysbRIHLSzlqN4=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTaWGIUxcCF7C17sGFv77I7Z0Iu/AQbC22Mrf/Hzn/jAlco+JLdvLw3k5l5QSKFQdf9dgorq2vrG8XN0tb2zu5eef/g3sSpZrzFYhnrdkANl0LxFgqUvJ1oTqNA8odgdDX1H564NiJWdzhOuB/RgRKhYBStdFsNq71yxa25M5Bl4uWkAjmavfJXtx+zNOIKmaTGdDw3QT+jGgWTfFLqpoYnlI3ogHcsVTTixs9mq07IiVX6JIy1fQrJTP3dkdHImHEU2MqI4tAselPxP6+TYnjhZ0IlKXLF5oPCVBKMyfRu0heaM5RjSyjTwu5K2JBqytCmU7IheIsnL5PHes07q9mvflOvNC7zRIpwBMdwCh6cQwOuoQktYDCAZ3iFN0c6L8678zEvLTh5zyH8gfP5A0I+jeU=</latexit>

f
<latexit sha1_base64="yCnDmKZVaJGbOpysbRIHLSzlqN4=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTaWGIUxcCF7C17sGFv77I7Z0Iu/AQbC22Mrf/Hzn/jAlco+JLdvLw3k5l5QSKFQdf9dgorq2vrG8XN0tb2zu5eef/g3sSpZrzFYhnrdkANl0LxFgqUvJ1oTqNA8odgdDX1H564NiJWdzhOuB/RgRKhYBStdFsNq71yxa25M5Bl4uWkAjmavfJXtx+zNOIKmaTGdDw3QT+jGgWTfFLqpoYnlI3ogHcsVTTixs9mq07IiVX6JIy1fQrJTP3dkdHImHEU2MqI4tAselPxP6+TYnjhZ0IlKXLF5oPCVBKMyfRu0heaM5RjSyjTwu5K2JBqytCmU7IheIsnL5PHes07q9mvflOvNC7zRIpwBMdwCh6cQwOuoQktYDCAZ3iFN0c6L8678zEvLTh5zyH8gfP5A0I+jeU=</latexit>

l(fz(hu,hv), fn(u, v))
<latexit sha1_base64="OdPAAZxhpb2e2ThluvQFEUdUTGk=">AAACG3icbVBNT8IwGO78RPyaevTSCCaQENzwoEeiF4+YiGBgWbrSQUPXLW1Hggs/w4t/xYsHvRhPJh78N3awA4JP0ubp87xv+r6PFzEqlWX9GCura+sbm7mt/PbO7t6+eXB4L8NYYNLEIQtF20OSMMpJU1HFSDsSBAUeIy1veJ36rRERkob8To0j4gSoz6lPMVJacs2zIiv57mOpGyA18PxkMHHjCpx7jcoV6Lu8pNVRuVx0zYJVtaaAy8TOSAFkaLjmV7cX4jggXGGGpOzYVqScBAlFMSOTfDeWJEJ4iPqkoylHAZFOMl1sAk+10oN+KPThCk7V+Y4EBVKOA09XphPLRS8V//M6sfIvnYTyKFaE49lHfsygCmGaEuxRQbBiY00QFlTPCvEACYSVzjKvQ7AXV14mD7WqfV7VV+22VqhfZYnkwDE4ASVggwtQBzegAZoAgyfwAt7Au/FsvBofxuesdMXIeo7AHxjfv+qDnw0=</latexit>

minimize

Graph Representation Learning for Biomedicine, Nature Biomedical Engineering (in press), 2022, arXiv:2104.04883
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Shallow network embeddings
§ Summary:

§ One-layer of data transformation
§ A single hidden layer maps node 𝑢 to 

embedding 𝒉! via function 𝑓
§ Limitations:

§ O(|V|) parameters are needed: 
§ No sharing of parameters between 

nodes
§ Every node has its own unique 

embedding  
§ Inherently “transductive”

§ Cannot generate embeddings for 
nodes not seen during training

§ Do not incorporate node features
§ Many graphs have features that we 

can and should leverage 

36
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Application: Predict protein interactions
§ Human PPI network:

§ Experimentally validated physical 
protein-protein interactions (BioGRID)

§ Link prediction: Given two proteins, 
predict probability that they interact

37

RAD50MSH4

MSH5
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?

How to address tasks involving pairs of nodes (e.g., link 
prediction)?
§ Given 𝑢 and 𝑣, define an operator 𝑔 that generates an 

embedding for pair (𝑢, 𝑣):

§ Examples of choices for 𝑔

𝒉(!,$) = 𝑔(𝑢, 𝑣)

Towards Precision Medicine with Graph Representation Learning - bit.ly/biomedicalgml - ISMB 2022



Experimental Setup

§ We are given a PPI network with a certain fraction of 
edges removed:
§ Remove about 50% of edges
§ Randomly sample an equal number of node pairs that have no 

edge connecting them 
§ Explicitly removed edges and non-existent (or false) edges form a 

balanced test data set
§ Two main stages:

1. Learn an embedding for every node in the filtered PPI network
2. Predict a score for every protein pair in the test set based on 

the embeddings
38
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SHALLOW NETWORK 
EMBEDDINGS

Time for a poll question about…

Towards Precision Medicine with Graph Representation Learning - bit.ly/biomedicalgml - ISMB 2022 39

1. Which of the following are true about shallow 
network embeddings? Select many



Poll Question
Which of the following are true about shallow network 
embeddings? Select many

1. Similarity in the embedding space 
approximates similarity in the network

2. Requires feature engineering
3. Requires a network similarity metric
4. Requires an embedding similarity metric

40
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Poll Question
Which of the following are true about shallow network 
embeddings? Select many

1. Similarity in the embedding space 
approximates similarity in the network

2. Requires feature engineering
3. Requires a network similarity metric
4. Requires an embedding similarity metric

41
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Graph Representation Learning for Biomedicine, Nature Biomedical Engineering (in press), 2022, arXiv:2104.04883 42
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§ Encoder: Multiple layers of nonlinear transformation of 
graph structure

43

…

Graph neural networks
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Convolutional networks

44

§ Let’s start with convolutional networks on an image:

§ Single convolutional network with a 3x3 filter:

§ Transform information (or messages) from the neighbors and 
combine them: ∑!𝑊! ℎ!

End-to-end learning on graphs with GCNs Thomas Kipf

Convolutional neural networks (on grids)

5

(Animation by  
Vincent Dumoulin)

Single CNN layer with 3x3 filter:

Image Graph
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§ But what if your graphs look like this?

§ Examples: 
§ Biological or medical networks
§ Social networks
§ Information networks
§ Knowledge graphs
§ Communication networks
§ Web graphs
§ …

Disease pathwaysGene interaction network Biomedical knowledge graphs

45
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Naïve approach
§ Join adjacency matrix and features
§ Feed them into a deep neural network:

§ Issues with this idea:
§ 𝑂(𝑁) parameters
§ Not applicable to graphs of different sizes
§ Not invariant to node ordering

46
End-to-end learning on graphs with GCNs Thomas Kipf

A    B    C    D    E
A
B
C
D
E

0     1     1     1     0          1     0
1     0     0     1     1          0     0
1     0     0     1     0          0     1
1     1     1     0     1          1     1
0     1     0     1     0          1     0

Feat

A naïve approach

8

• Take adjacency matrix     and feature matrix   

• Concatenate them  

• Feed them into deep (fully connected) neural net 

• Done?

Problems:

• Huge number of parameters 
• No inductive learning possible

?A

C

B

D

E

[A,X]
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Graph neural networks

§ Neighborhood aggregation:

§ Model can be of arbitrary depth
§ Nodes have embeddings at each layer
§ Layer 0 embedding of node u is its input features Xu

§ Basic neighborhood aggregation approach (i.e. ☐): Average information 
from neighbors and apply a neural network

47
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Neural networks

Layer 2

Layer 1
Layer 0

XE

XF

XA

XB

XA

XA
XC

?

?

?

?

§ Intuition: 
§ Each node’s neighborhood defines a 

computational graph
§ Generate node embeddings based on local 

network neighborhoods
u

<latexit sha1_base64="se8ycstYh4Z5RzSHNQ/a09eGrDQ=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTaWGIUxcCF7C17sGFv77I7Z0Iu/AQbC22Mrf/Hzn/jAlco+JLdvLw3k5l5QSKFQdf9dgorq2vrG8XN0tb2zu5eef/g3sSpZrzFYhnrdkANl0LxFgqUvJ1oTqNA8odgdDX1H564NiJWdzhOuB/RgRKhYBStdFtNq71yxa25M5Bl4uWkAjmavfJXtx+zNOIKmaTGdDw3QT+jGgWTfFLqpoYnlI3ogHcsVTTixs9mq07IiVX6JIy1fQrJTP3dkdHImHEU2MqI4tAselPxP6+TYnjhZ0IlKXLF5oPCVBKMyfRu0heaM5RjSyjTwu5K2JBqytCmU7IheIsnL5PHes07q9mvflOvNC7zRIpwBMdwCh6cQwOuoQktYDCAZ3iFN0c6L8678zEvLTh5zyH8gfP5A1k2jfQ=</latexit>

k = 1
<latexit sha1_base64="BEMi1ksf3A2Zhd5XBusQKIYzyiM=">AAAB8XicbVA9TwJBEJ3zE/ELtbTZCCZW5A4LbUyINpaYiGDgQvaWPdiwt3fZnTMhF36EjYU2xtZ/Y+e/cYErFHzJbl7em8nMvCCRwqDrfjsrq2vrG5uFreL2zu7efung8MHEqWa8yWIZ63ZADZdC8SYKlLydaE6jQPJWMLqZ+q0nro2I1T2OE+5HdKBEKBhFK7UqI3JFvEqvVHar7gxkmXg5KUOORq/01e3HLI24QiapMR3PTdDPqEbBJJ8Uu6nhCWUjOuAdSxWNuPGz2boTcmqVPgljbZ9CMlN/d2Q0MmYcBbYyojg0i95U/M/rpBhe+plQSYpcsfmgMJUEYzK9nfSF5gzl2BLKtLC7EjakmjK0CRVtCN7iycvksVb1zqv2q93VyvXrPJECHMMJnIEHF1CHW2hAExiM4Ble4c1JnBfn3fmYl644ec8R/IHz+QPrU47A</latexit>

k = 2
<latexit sha1_base64="bxdfEbr46yVXygtaJwcUgxYsbm0=">AAAB8XicbVA9T8MwEL3wWcpXgZHFokViqpIwwIJUwcJYJEqL2qhyXKe14tiR7SBVUX8ECwMsiJV/w8a/wW0zQMuTbD29d6e7e2HKmTau++2srK6tb2yWtsrbO7t7+5WDwwctM0Voi0guVSfEmnImaMsww2knVRQnIaftML6Z+u0nqjST4t6MUxokeChYxAg2VmrXYnSF/Fq/UnXr7gxomXgFqUKBZr/y1RtIkiVUGMKx1l3PTU2QY2UY4XRS7mWappjEeEi7lgqcUB3ks3Un6NQqAxRJZZ8waKb+7shxovU4CW1lgs1IL3pT8T+vm5noMsiZSDNDBZkPijKOjETT29GAKUoMH1uCiWJ2V0RGWGFibEJlG4K3ePIyefTr3nndfv6dX21cF4mU4BhO4Aw8uIAG3EITWkAghmd4hTcndV6cd+djXrriFD1H8AfO5w/s247B</latexit>

v1
<latexit sha1_base64="Zbfq1ATg9nGsugy0sfLxSAUnYrw=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTaWGLiiQYI2VvmYMPe3mV3j4Rc+A02FtoYW/+Onf/GBa5Q8CW7eXlvJjPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjBx2niqHPYhGrx4BqFFyib7gR+JgopFEgsBWMbmZ+a4xK81jem0mC3YgOJA85o8ZKfnXc86q9csWtuXOQVeLlpAI5mr3yV6cfszRCaZigWrc9NzHdjCrDmcBpqZNqTCgb0QG2LZU0Qt3N5stOyZlV+iSMlX3SkLn6uyOjkdaTKLCVETVDvezNxP+8dmrCq27GZZIalGwxKEwFMTGZXU76XCEzYmIJZYrbXQkbUkWZsfmUbAje8smr5Kle8y5q9qvf1SuN6zyRIpzAKZyDB5fQgFtogg8MODzDK7w50nlx3p2PRWnByXuO4Q+czx+CuI6Z</latexit>

v2
<latexit sha1_base64="nlKFIXUAyGsG9a0ztJV/u9kxXsw=">AAAB73icbVA9T8MwEL2Ur1K+CowsFi0SU5WEAcYKFsYiEQpqo8pxndaq7US2U6mK+htYGGBBrPwdNv4NbpsBWp5k6+m9O93di1LOtHHdb6e0tr6xuVXeruzs7u0fVA+PHnSSKUIDkvBEPUZYU84kDQwznD6mimIRcdqORjczvz2mSrNE3ptJSkOBB5LFjGBjpaA+7vn1XrXmNtw50CrxClKDAq1e9avbT0gmqDSEY607npuaMMfKMMLptNLNNE0xGeEB7VgqsaA6zOfLTtGZVfooTpR90qC5+rsjx0LriYhspcBmqJe9mfif18lMfBXmTKaZoZIsBsUZRyZBs8tRnylKDJ9YgolidldEhlhhYmw+FRuCt3zyKnnyG95Fw37+nV9rXheJlOEETuEcPLiEJtxCCwIgwOAZXuHNkc6L8+58LEpLTtFzDH/gfP4AhECOmg==</latexit>

v3
<latexit sha1_base64="s5iTkX3DIoDH5hMZTGaNlJcvKwU=">AAAB73icbVBNTwIxEJ3FL8Qv1KOXRjDxRHbhoEeiF4+YuIKBDemWLjS03U3bJSEbfoMXD3oxXv073vw3FtiDgi9p8/LeTGbmhQln2rjut1PY2Nza3inulvb2Dw6PyscnjzpOFaE+iXmsOiHWlDNJfcMMp51EUSxCTtvh+HbutydUaRbLBzNNaCDwULKIEWys5Fcn/Ua1X664NXcBtE68nFQgR6tf/uoNYpIKKg3hWOuu5yYmyLAyjHA6K/VSTRNMxnhIu5ZKLKgOssWyM3RhlQGKYmWfNGih/u7IsNB6KkJbKbAZ6VVvLv7ndVMTXQcZk0lqqCTLQVHKkYnR/HI0YIoSw6eWYKKY3RWREVaYGJtPyYbgrZ68Tp7qNa9Rs1/9vl5p3uSJFOEMzuESPLiCJtxBC3wgwOAZXuHNkc6L8+58LEsLTt5zCn/gfP4AhciOmw==</latexit>

w1
<latexit sha1_base64="egjo+us5vaX34Evvv2x+6VtTUQE=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTaWGLiiQYuZG+Zgw17e5fdPQ0h/AYbC22MrX/Hzn/jAlco+JLdvLw3k5l5YSq4Nq777RRWVtfWN4qbpa3tnd298v7BnU4yxdBniUjUfUg1Ci7RN9wIvE8V0jgU2AqHV1O/9YhK80TemlGKQUz7kkecUWMlv/rU9ardcsWtuTOQZeLlpAI5mt3yV6eXsCxGaZigWrc9NzXBmCrDmcBJqZNpTCkb0j62LZU0Rh2MZ8tOyIlVeiRKlH3SkJn6u2NMY61HcWgrY2oGetGbiv957cxEF8GYyzQzKNl8UJQJYhIyvZz0uEJmxMgSyhS3uxI2oIoyY/Mp2RC8xZOXyUO95p3V7Fe/qVcal3kiRTiCYzgFD86hAdfQBB8YcHiGV3hzpPPivDsf89KCk/ccwh84nz+EQo6a</latexit>

w2
<latexit sha1_base64="saPALw48f1aEprfz8Md/BWYwnBk=">AAAB73icbVA9T8MwEL2Ur1K+CowsFi0SU5WEAcYKFsYiEQpqo8pxndaqY0e2A6qi/gYWBlgQK3+HjX+D22aAlifZenrvTnf3opQzbVz32ymtrK6tb5Q3K1vbO7t71f2DOy0zRWhAJJfqPsKaciZoYJjh9D5VFCcRp+1odDX1249UaSbFrRmnNEzwQLCYEWysFNSfen69V625DXcGtEy8gtSgQKtX/er2JckSKgzhWOuO56YmzLEyjHA6qXQzTVNMRnhAO5YKnFAd5rNlJ+jEKn0US2WfMGim/u7IcaL1OIlsZYLNUC96U/E/r5OZ+CLMmUgzQwWZD4ozjoxE08tRnylKDB9bgolidldEhlhhYmw+FRuCt3jyMnnwG95Zw37+jV9rXhaJlOEIjuEUPDiHJlxDCwIgwOAZXuHNEc6L8+58zEtLTtFzCH/gfP4AhcqOmw==</latexit>

w3
<latexit sha1_base64="ufGw4Nm1WalwSQ+wtQSolcsfUgY=">AAAB73icbVBNTwIxEJ3iF+IX6tFLI5h4Irtw0CPRi0dMXMHAhnRLFxq63U3b1ZANv8GLB70Yr/4db/4bC+xBwZe0eXlvJjPzgkRwbRznGxXW1jc2t4rbpZ3dvf2D8uHRvY5TRZlHYxGrTkA0E1wyz3AjWCdRjESBYO1gfD3z249MaR7LOzNJmB+RoeQhp8RYyas+9RvVfrni1Jw58Cpxc1KBHK1++as3iGkaMWmoIFp3XScxfkaU4VSwaamXapYQOiZD1rVUkohpP5svO8VnVhngMFb2SYPn6u+OjERaT6LAVkbEjPSyNxP/87qpCS/9jMskNUzSxaAwFdjEeHY5HnDFqBETSwhV3O6K6YgoQo3Np2RDcJdPXiUP9ZrbqNmvfluvNK/yRIpwAqdwDi5cQBNuoAUeUODwDK/whiR6Qe/oY1FaQHnPMfwB+vwBh1KOnA==</latexit>

w4
<latexit sha1_base64="SIr6dylwLQfk+q8lhBPRktt045M=">AAAB73icbVBNTwIxEJ3FL8Qv1KOXRjDxRHbRRI9ELx4xcQUDG9ItXWjotpu2qyEbfoMXD3oxXv073vw3FtiDgi9p8/LeTGbmhQln2rjut1NYWV1b3yhulra2d3b3yvsH91qmilCfSC5VO8Saciaob5jhtJ0oiuOQ01Y4up76rUeqNJPizowTGsR4IFjECDZW8qtPvfNqr1xxa+4MaJl4OalAjmav/NXtS5LGVBjCsdYdz01MkGFlGOF0UuqmmiaYjPCAdiwVOKY6yGbLTtCJVfookso+YdBM/d2R4VjrcRzayhiboV70puJ/Xic10WWQMZGkhgoyHxSlHBmJppejPlOUGD62BBPF7K6IDLHCxNh8SjYEb/HkZfJQr3lnNfvVb+uVxlWeSBGO4BhOwYMLaMANNMEHAgye4RXeHOG8OO/Ox7y04OQ9h/AHzucPiNqOnQ==</latexit>

w5
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…
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…
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trainable weight matrices 
(i.e., what we learn) 

We can feed these into any loss function and run 
stochastic gradient descent to train the weight parameters
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Application: Prioritize drug combos
§ Combinatorial explosion

§ >13 million possible combinations of 2 drugs
§ >20 billion possible combinations of 3 drugs

§ Non-linear & non-additive interactions
§ Different effect than the additive effect of individual drugs

§ Small subsets of patients
§ Side effects are interdependent 
§ No info on drug combinations not yet used in patients

50Modeling Polypharmacy Side Effects with Graph Convolutional Networks, Bioinformatics, 2018

,

Prescribed 
drugs

Drug
side effect

,

Prescribed 
drugs

Drug
side effect

,

Prescribed 
drugs

Drug
side effect

+ ≠

Mode 1
e.g., 
drugs

Mode 2
e.g., 
proteins

E.g., Specific type of drug-
drug interaction (𝑟!)

𝑟"

𝑟#

𝑟$

E.g., drug-target interaction (𝑟")𝑟% 𝑟%
𝑟%

𝑟%

E.g., protein-protein interaction (𝑟#)

𝑟&

𝑟' Edge type 𝑖
Node types

Towards Precision Medicine with Graph Representation Learning - bit.ly/biomedicalgml - ISMB 2022



§ Molecular, drug, and patient data for all drugs prescribed in US
§ 4,651,131 drug-drug edges: Patient data from adverse event system, 

tested for confounders [FDA]
§ 18,596 drug-protein edges 
§ 719,402 protein-protein edges: Physical, metabolic enzyme-coupled, 

and signaling interactions
§ Drug and protein features: drugs’ chemical structure, proteins’ 

membership in pathways
§ Gives multimodal network with over 5 million edges separated 

into 1,000 different edge types
51Modeling Polypharmacy Side Effects with Graph Convolutional Networks, Bioinformatics, 2018
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Polypharmacy dataset



§ Two main stages:
1. Learn an embedding for every node in polypharmacy network
2. Predict a score for every drug-drug, drug-protein, protein-

protein pair in the test set based on the embeddings

52Modeling Polypharmacy Side Effects with Graph Convolutional Networks, Bioinformatics, 2018

Example: How likely will 
Simvastatin and Ciprofloxacin, 
when taken together, break 
down muscle tissue?
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GRAPH NEURAL 
NETWORKS

Time for a poll question about…
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1. Which of the following are false about graph 
neural networks? Select many



Poll Question
Which of the following are false about graph neural 
networks? Select many

1. Requires an encoder
2. Not invariant to node ordering
3. Can be of arbitrary depth
4. Not applicable to graphs of different sizes

54

Towards Precision Medicine with Graph Representation Learning - bit.ly/biomedicalgml - ISMB 2022



Poll Question
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2. Not invariant to node ordering
3. Can be of arbitrary depth
4. Not applicable to graphs of different sizes
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Molecular graphs and structures (xyz coordinates) 
are fundamental features in molecules

Often these are converted into molecular 
descriptors or some other representations

Why is that? Why can we not work with the data 
directly? 
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Illustrative example (1/2)
§ Let’s say we have a butane molecule and would like to predict 

its potential energy from its position. We could train a linear 
model *𝐸 that predicts energy:

*𝐸 = 𝑋𝑊 + 𝑏
where 𝑋 is 14 (atoms) × 3 (xyz coordinates) matrix containing 
positions and 𝑊, 𝑏 are trainable parameters

§ Now what if we translate all the coordinates by −10:
𝑋 − 10 𝑊 + 𝑏 = 𝑋 + 𝑏 − 10|𝑊|

§ We know the energy should not change if we translate all the 
coordinates equally – the molecule is not changing 
conformations

§ However, our linear regression will change by −10 𝑊
§ We have accidentally made our model sensitive to the origin of 

our coordinate system, which is not physical. This 
is translational variance – the model changes when we 
translate the coordinates
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Illustrative example (2/2)
§ Consider another example from our butane molecule. 

What if we swapped the order of the atoms in 
our 𝑋 matrix?

§ There is no such thing as a “left” or “right” side of our 
molecule, so it should not matter

§ However, changing the order of 𝑋 changes which 
weights are multiplied and thus the predicted energy 
will change

§ This is permutation variance – the model changes if 
we re-order the inputs, even though from our 
knowledge of chemistry this should not matter 

§ We have accidentally made the model sensitive to the 
ordering of the atoms
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Take-away message: We want models 
predicting potential energy of molecules 

from their position to be insensitive to the 
translation and rotation of molecular 

coordinated — namely, they should be 
permutation invariant and translationally 

invariant.



Methods so far presented in Tutorial
§ Method presented so far: Neural networks that 

process input data in a way that is invariant to node 
and edge permutations

§ Next: Neural networks that process input data in a 
way that is sensitive to some type of transformations 
§ Equivariant neural networks!
§ Permutation equivariant: If you rearrange the order of 

atoms, the output changes in the same way
§ Translationally equivariant: If you translate the input to a 

neural network the output will be translated in the same 
way
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Example of rotational equivariance
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Example of rotation equivariance on a graph with a 
graph neural network 𝜙

Equivariant to rotation 
means that rotation of 

input features results in 
an equivalent rotation of 

outputs. 



Equivariant neural networks

§ Equivariant neural networks are part of a broader 
topic of geometric deep learning, which is learning 
with data that has some underlying geometric 
relationships
§ Geometric deep learning is a broad-topic and includes the 

“5Gs”: grids, groups, graphs, geodesics, and gauges
§ Typical nomenclature in current literature: 

§ Point clouds (gauges) à equivariant neural networks
§ Graphs à graph neural networks
§ Grids à convolutional neural networks
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Highly-active research area, especially for 
predicting energies, forces, protein docking, 

and structures of molecules



Why should I care about 
equivariant neural networks?

Equivariant neural networks underly several 
breakthroughs, including AlphaFold 2 for protein 

structure prediction 
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Equivariant neural networks are receiving increasing interest 
from the natural and medical sciences as they represent a 

new tool for analyzing molecules and their properties



§ What drives accurate protein structure prediction?
§ Novel neural architecture based on the evolutionary, 

physical and geometric constraints of protein structures
§ Input:

§ Primary AA sequence of a given protein
§ Aligned sequences of homologues

§ Output:
§ Predicted 3D coordinates of all heavy 

atoms in the protein

Motivation: AlphaFold network (1/2)
Towards Precision Medicine with Graph Representation Learning - bit.ly/biomedicalgml - ISMB 2022
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Motivation: AlphaFold network (2/2)
§ Structure module in the AlphaFold network: 

§ It introduces an explicit 3D structure in the form of a rotation 
and translation for each residue of the protein 

§ Representations are initialized in a trivial state with all 
rotations set to the identity and all positions set to the origin

§ Representations rapidly develop and refine a highly accurate 
protein structure with precise atomic details
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Problem definition
§ Setup: 

§ Graph 𝐺 = (𝑉, 𝐸)with nodes 𝑣$ ∈ 𝑉 and edges 𝑒$% ∈ 𝐸
§ In addition to node embeddings ℎ$ ∈ 𝑅& we also 

consider a 𝑛-dimensional coordinate 𝑥$ ∈ 𝑅' associated 
with each node

§ Goal:
§ Model that will preserve equivariance to rotations and 

translations on these set of coordinates 𝑥$
§ Model that will preserve equivariance to permutations on 

the set of nodes 𝑉 in the same fashion as GNNs
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Approach: Equivariant GNN (EGNN)

§ EGNN model has multiple neural layers 
§ Layer 𝑙 is an equivariant graph convolutional layer:

§ Input: 
§ Set of node embeddings ℎ& = {ℎ'& , . . . , ℎ()*& }
§ Coordinate embeddings 𝑥& = {𝑥'& , . . . , 𝑥()*& }
§ Edge information 𝐸 = (𝑒+,)

§ Output: 
§ Updated node embeddings ℎ&-* = {ℎ'&-*, . . . , ℎ()*&-* }
§ Updated coordinate embeddings 𝑥&-* = {𝑥'&-*, . . . , 𝑥()*&-* }

§ Concisely: ℎ123, 𝑥123 = EGCL(ℎ1 , 𝑥1 , 𝐸)
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Approach: EGC layer
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Aggregate node info: We choose to aggregate messages 
from all other nodes 𝑗 ≠ 𝑖. Alternatively, we could limit the 

message exchange to a given neighborhood 𝑗 ∈ 𝑁(𝑖)

Update node embeddings: It takes as input the 
aggregated message, the node embedding from layer 𝑙
and outputs the updated node embedding at layer 𝑙 + 1

Main difference 
with the 

original GNN

Aggregate coordinate info: We choose 
to aggregate coordinates according to 
the relative squared distance between 

two coordinates

Update coordinate embeddings: 
Update the position of each particle 

𝑥$ as a vector field in a radial 
direction



Recap: Equivariant neural network
Towards Precision Medicine with Graph Representation Learning - bit.ly/biomedicalgml - ISMB 2022
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Mean Squared Error in the N-body experiment for 
the Radial Field, GNN and EGNN methods when 
sweeping over different amounts of training data

E(n) Equivariant Graph Neural Networks, ICML, 2021

Example of rotation equivariance on a 
graph with a graph neural network 𝜙



EQUIVARIANT NEURAL 
NETWORKS

Time for a poll question about…
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1. Which of the following are applicable to 
equivariant neural networks? Select many



Poll Question
Which of the following is true about neural networks 
that preserve equivariance to rotations? Select many

They are 
1. …permutation invariant
2. …sensitive to rotation
3. …translationally invariant
4. …sensitive to changes from the origin

70

Towards Precision Medicine with Graph Representation Learning - bit.ly/biomedicalgml - ISMB 2022



Poll Question
Which of the following is true about neural networks 
that preserve equivariance to rotations? Select many

They are
1. …permutation invariant
2. …sensitive to rotation
3. …translationally invariant
4. …sensitive to changes from the origin
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This Tutorial
1. Methods: Network diffusion, shallow 

network embeddings, graph neural 
networks, equivariant neural networks

2. Applications: Fundamental biological 
discoveries and precision medicine

3. Hands-on exercises: Demos, 
implementation details, tools, and tips

72
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Resources
§ Books & survey papers

§ William Hamilton, Graph Representation Learning
(morganclaypool.com/doi/abs/10.2200/S01045ED1V01Y202009AIM046)

§ Li et al., Graph Representation Learning for Biomedicine 
(arxiv.org/abs/2104.04883)

§ Keynotes & seminars
§ Michael Bronstein, “Geometric Deep Learning: The Erlangen Programme of 

ML” (ICLR 2021 keynote) (youtube.com/watch?v=w6Pw4MOzMuo)
§ Broad Institute Models, Inference & Algorithms: Actionable machine learning 

for drug discovery; Primer on graph representation learning 
(youtube.com/watch?v=9YpTYdru0Rg)

§ Stanford University (CS224W Lecture): Graph neural networks in 
computational biology (youtube.com/watch?v=_hy9AgZXhbQ)

§ AI Cures Drug Discovery Conference (youtube.com/watch?v=wNXSkISMTw8)

§ Conferences & summer schools
§ London Geometry and Machine Learning Summer School (logml.ai)
§ Learning on Graphs Conference (logconference.github.io)
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Resources
§ Software & packages

§ PyTorch Geometric
§ NetworkX
§ Stanford Network Analysis Platform (SNAP)

§ Tutorials & code bases
§ Pytorch Geometric Colab Notebooks (pytorch-

geometric.readthedocs.io/en/latest/notes/colabs.html)
§ Zitnik Lab Graph ML Tutorials (github.com/mims-harvard/graphml-tutorials)
§ Stanford University’s CS224 (web.stanford.edu/class/cs224w)

§ Datasets
§ Precision Medicine Oriented Knowledge Graph (PrimeKG) 

(zitniklab.hms.harvard.edu/projects/PrimeKG)
§ Therapeutic Data Commons (TDC) (tdcommons.ai)
§ BioSNAP (snap.stanford.edu/biodata/)
§ Open Graph Benchmark (OGB) (ogb.stanford.edu)
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