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Learning

ACMS 80770: Deep Learning with Graphs, Navid Shervani-Tabar

v In data science, we often deal with problems that predict a 
target variable 𝒚 given an input variable 𝒙.

v Traditionally, machine learning models address this by learning 
a map from input data to target labels.

Ø Regression
• Advertising spending and revenue.

Ø Classification
• Predict image categories.
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Learning

ACMS 80770: Deep Learning with Graphs, Navid Shervani-Tabar

v You use a dataset 𝐷 = 𝑥 ! , 𝑦 !
!"# of N data points 𝑥 ! and 

their corresponding labels 𝑦 ! to train your model.
Ø Regression

Ø Classification

v This approach is called supervised learning.
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Learning

ACMS 80770: Deep Learning with Graphs, Navid Shervani-Tabar

v In some problems, we don’t have access to labels.
Ø Cluster

• Classify MNIST digits without labels.

v The model is trained using a dataset 𝐷 = 𝑥 !
!"# of N data 

points 𝑥 ! without any labels.
v This approach is called unsupervised learning.
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Learning on Graphs

ACMS 80770: Deep Learning with Graphs, Navid Shervani-Tabar

v Similar ML approaches can learn over graphs.
Ø Classification

• Predict toxicity of chemicals.

v In this example, the model is trained using a dataset 𝐷
= 𝐺 ! , 𝑦 !

!"# of N graphs 𝐺 ! , which are independent, and 
the corresponding labels 𝑦 ! .
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Learning on Graphs

ACMS 80770: Deep Learning with Graphs, Navid Shervani-Tabar

v Extension of these ideas to graph domain considers each 
graph as an independent and identically distributed sampled 
datapoint.

v Graph ML consists of: 
Ø Learning over a dataset of graphs. 
Ø Learning within a single graph.
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Learning on Graphs

ACMS 80770: Deep Learning with Graphs, Navid Shervani-Tabar

v Graph ML tasks are in the level of nodes, edges, subgraphs, or 
graphs.

v Within-graph tasks are based on data that are not 
independently and identically distributed.

v Traditional machine learning is equivalent to graph-level tasks.

Node

Subgraph
Edge
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Node-Level Tasks

ACMS 80770: Deep Learning with Graphs, Navid Shervani-Tabar

Ø Node Classification:
v In this problem, we learn to predict labels associated with each 

node in the graph.
v Such model is trained on a graph and its partial node 

attributes, i.e. training dataset is defined as
𝐷 = {𝑉, 𝐸, {𝑓$|𝑢 ∈ 𝒜,𝒜 ⊂ 𝑉}}
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Node-Level Tasks

ACMS 80770: Deep Learning with Graphs, Navid Shervani-Tabar

Ø Fake accounts problem:
v Classify users of a social network website to fake or real users 

given labels for a small portion of users.

Real account
Fake account
Unknown

Social 
Network
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Node-Level Tasks

ACMS 80770: Deep Learning with Graphs, Navid Shervani-Tabar

v Instead of node attributes, their connections are leveraged to 
yield predictions.

v General strategies to tackle node classification include:
Ø Homophily
Ø Equivalence
Ø Heterophily 
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Node-Level Tasks

ACMS 80770: Deep Learning with Graphs, Navid Shervani-Tabar

Ø Homophily: 

Ø Elementary school friendship network:

Friendship 
graph
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Node-Level Tasks

ACMS 80770: Deep Learning with Graphs, Navid Shervani-Tabar

Ø Homophily: Tendency to associate with similar others.
v Birds of a feather flock together.
Ø Citation network: same field.
Ø Elementary school friendship network: gender.

Friendship 
graph

Girls
Boys
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Node-Level Tasks

ACMS 80770: Deep Learning with Graphs, Navid Shervani-Tabar

v Equivalence:   
v Nodes with similar neighborhood structure tend to have similar 

features.  
Ø Structural equivalence        

Ø Regular equivalence 
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Node-Level Tasks

ACMS 80770: Deep Learning with Graphs, Navid Shervani-Tabar

v Equivalence:   
v Nodes with similar neighborhood structure tend to have similar 

features.  
Ø Structural equivalence        

Ø Regular equivalence 
Student Student Student Student Student

Professor ?
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Node-Level Tasks

ACMS 80770: Deep Learning with Graphs, Navid Shervani-Tabar

v Equivalence:   
v Nodes with similar neighborhood structure tend to have similar 

features.  
Ø Structural equivalence        

Ø Regular equivalence 
Student Student Student Student Student

Professor ?

Staff

CEO CEO

Board members

Staff

?
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Node-Level Tasks

ACMS 80770: Deep Learning with Graphs, Navid Shervani-Tabar

v Heterophily:   
v Nodes that interact with each other tend to have opposite 

attributes. 
v Also called disassortative mixing.
v Rarely observed in graphs.
Ø Sexual contact network.
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Edge-Level Tasks

ACMS 80770: Deep Learning with Graphs, Navid Shervani-Tabar

Ø Link prediction:
v In this problem, we predict relationship between two nodes by 

observing a portion of the edges in a graph.
v The model is trained using a dataset that includes set of all 

nodes and a subset of the edges, 
𝐷 = {𝑉, {(𝑢, 𝑣)|𝑢, 𝑣 ∈ V, 𝑢, 𝑣 ∈ 𝐵, 𝐵 ⊂ 𝐸}}

Full
graph

Training
graph

Training edges

Test edges
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Heterogeneous Graphs

ACMS 80770: Deep Learning with Graphs, Navid Shervani-Tabar, Navid Shervani-Tabar

v Heterogeneous graphs are a type of multi-relational graphs 
where both nodes and edges have types:

Here, 𝑉% is set of nodes with type 𝑗.

v Edges of specific type 𝜏! usually only connect nodes of certain 
types.

<latexit sha1_base64="TEaol3SU8ppoomLQTD4na1cW8gI="></latexit>

V = V1 [ . . . [ Vk, Vi \ Vj = ;, 8i 6= j

<latexit sha1_base64="pcU/HaQ6sExcKbuhOTMNOoLCbiY="></latexit>

(u, ⌧i, v) 2 " ! u 2 Vj , v 2 Vk
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Link Prediction

ACMS 80770: Deep Learning with Graphs, Navid Shervani-Tabar

Ø Polypharmacy side-effect prediction
v Taking multiple drugs results in new side-effects
v Not all combinations of drugs have been studied.
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Hypergraph

ACMS 80770: Deep Learning with Graphs, Navid Shervani-Tabar

v An edge that connects more than two nodes is called a 
hyperedge.

v A graph with hyperedges is called a hypergraph.
v Hyperedges are used to show membership in a group.
Ø Recommender system:
v Connects book readers and the books they read.

Book

Reader
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Bipartite Graphs

ACMS 80770: Deep Learning with Graphs, Navid Shervani-Tabar

v Information on a hypergraph can equivalently be represented 
by a bipartite graph.

v Bipartite graphs, bigraphs, or two mode graphs consist of two 
disjoint sets of nodes.

v It is a special case of heterogenous graphs where edges only 
exist between nodes of different sets.

Set 1 Set 2
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Bipartite Graphs

ACMS 80770: Deep Learning with Graphs, Navid Shervani-Tabar

v This type of graph is often used to represent interactions 
between two separate type of components or nodes.

Ø The authorship graph: 
v connects authors with their papers.

Authors Papers

Authorship
graph
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Link Prediction

ACMS 80770: Deep Learning with Graphs, Navid Shervani-Tabar

Ø Recommending content:
v We use a bipartite graph to represent interactions between 

users and content, e.g. Netflix users and movies, Amazon 
shoppers and items.

Citizen Kane

Netflix 
Graph

Scent of a Woman

Godfather 1

Angry Birds
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Link Prediction

ACMS 80770: Deep Learning with Graphs, Navid Shervani-Tabar

Ø Recommending content:
v We use a bipartite graph to represent interactions between 

users and content, e.g. Netflix users and movies, Amazon 
shoppers and items.

v The predicted link is presented in the form of a 
recommendation to watch a movie or purchase an item

Citizen Kane

Netflix 
Graph

Scent of a Woman

Godfather 1

Angry Birds
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Bipartite Graphs

ACMS 80770: Deep Learning with Graphs, Navid Shervani-Tabar

v One interesting property of the bipartite graphs is that each set 
of nodes can be projected onto a projection graph.

v Each projected graph includes nodes of one set and edges 
that connect nodes who share a neighbor.

Authorship graph
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<latexit sha1_base64="z/G7EAEp3D8Pt1vfgAi3OZtaSqk=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lKUY9FLx4r2lpoQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgbjm5n/+IRK81g+mEmCfkSHkoecUWOl+7Rf65crbtWdg6wSLycVyNHsl796g5ilEUrDBNW667mJ8TOqDGcCp6VeqjGhbEyH2LVU0gi1n81PnZIzqwxIGCtb0pC5+nsio5HWkyiwnRE1I73szcT/vG5qwis/4zJJDUq2WBSmgpiYzP4mA66QGTGxhDLF7a2EjaiizNh0SjYEb/nlVdKuVb2Lav2uXmlc53EU4QRO4Rw8uIQG3EITWsBgCM/wCm+OcF6cd+dj0Vpw8plj+APn8wcLkI2n</latexit>u2

<latexit sha1_base64="99Wdjz++tMqwi9EB+qTbsFx1nYM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0qMeiF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1Bqw8GHu/NMDMvSKQw6LpfTmFldW19o7hZ2tre2d0r7x+0TJxqxpsslrHuBNRwKRRvokDJO4nmNAokbwfjm5nffuTaiFg94CThfkSHSoSCUbTSfdo/75crbtWdg/wlXk4qkKPRL3/2BjFLI66QSWpM13MT9DOqUTDJp6VeanhC2ZgOeddSRSNu/Gx+6pScWGVAwljbUkjm6s+JjEbGTKLAdkYUR2bZm4n/ed0Uwys/EypJkSu2WBSmkmBMZn+TgdCcoZxYQpkW9lbCRlRThjadkg3BW375L2mdVb2Lau2uVqlf53EU4QiO4RQ8uIQ63EIDmsBgCE/wAq+OdJ6dN+d90Vpw8plD+AXn4xsNFI2o</latexit>u3



26

Bipartite Graphs

ACMS 80770: Deep Learning with Graphs, Navid Shervani-Tabar

v One interesting property of the bipartite graphs is that each set 
of nodes can be projected onto a projection graph.

v Each projected graph includes nodes of one set and edges 
that connect nodes who share a neighbor.

Collaboration graph

<latexit sha1_base64="mcKDsKA1sqVd6am6Aj2VVvHWhxw=">AAAB6nicbVC7SgNBFL0TXzG+ooKNzWAQrMKuiFqG2FgmaB6QLGF2MpsMmZ1dZmYDYckn2FgoYmvrX/gFdjZ+i5NHoYkHLhzOuZd77/FjwbVxnC+UWVldW9/Ibua2tnd29/L7B3UdJYqyGo1EpJo+0UxwyWqGG8GasWIk9AVr+IObid8YMqV5JO/NKGZeSHqSB5wSY6W7Ycft5AtO0ZkCLxN3Tgqlo+o3fy9/VDr5z3Y3oknIpKGCaN1yndh4KVGGU8HGuXaiWUzogPRYy1JJQqa9dHrqGJ9apYuDSNmSBk/V3xMpCbUehb7tDInp60VvIv7ntRITXHspl3FimKSzRUEisInw5G/c5YpRI0aWEKq4vRXTPlGEGptOzobgLr68TOrnRfeyeFG1aZRhhiwcwwmcgQtXUIJbqEANKPTgAZ7gGQn0iF7Q66w1g+Yzh/AH6O0H6iuRRA==</latexit>v1

<latexit sha1_base64="hQV4oQAAZOIH+jgtmIcIOmWIsZo=">AAAB6nicbVC7SgNBFL3rM8ZXVLCxGQyCVdgNopYhNpYJmgckS5idzCZDZmeWmdlAWPIJNhaK2Nr6F36BnY3f4uRRaOKBC4dz7uXee4KYM21c98tZWV1b39jMbGW3d3b39nMHh3UtE0VojUguVTPAmnImaM0ww2kzVhRHAaeNYHAz8RtDqjST4t6MYupHuCdYyAg2VrobdoqdXN4tuFOgZeLNSb50XP1m7+WPSif32e5KkkRUGMKx1i3PjY2fYmUY4XScbSeaxpgMcI+2LBU4otpPp6eO0ZlVuiiUypYwaKr+nkhxpPUoCmxnhE1fL3oT8T+vlZjw2k+ZiBNDBZktChOOjESTv1GXKUoMH1mCiWL2VkT6WGFibDpZG4K3+PIyqRcL3mXhomrTKMMMGTiBUzgHD66gBLdQgRoQ6MEDPMGzw51H58V5nbWuOPOZI/gD5+0H66+RRQ==</latexit>v2

<latexit sha1_base64="Gnk7IP9wbT2ukOyChgySgx0n6+A=">AAAB6nicbVC7SgNBFL3rM8ZXVLCxGQyCVdhVUcsQG8sEzQOSJcxOZpMhM7PLzGwgLPkEGwtFbG39C7/AzsZvcfIoNPHAhcM593LvPUHMmTau++UsLa+srq1nNrKbW9s7u7m9/ZqOEkVolUQ8Uo0Aa8qZpFXDDKeNWFEsAk7rQf9m7NcHVGkWyXszjKkvcFeykBFsrHQ3aJ+3c3m34E6AFok3I/niYeWbvZc+yu3cZ6sTkURQaQjHWjc9NzZ+ipVhhNNRtpVoGmPSx13atFRiQbWfTk4doROrdFAYKVvSoIn6eyLFQuuhCGynwKan572x+J/XTEx47adMxomhkkwXhQlHJkLjv1GHKUoMH1qCiWL2VkR6WGFibDpZG4I3//IiqZ0VvMvCRcWmUYIpMnAEx3AKHlxBEW6hDFUg0IUHeIJnhzuPzovzOm1dcmYzB/AHztsP7TORRg==</latexit>v3

<latexit sha1_base64="nqB7D6/Sa1y+m09KNTOMWNbk7h0=">AAAB6nicbVC7SgNBFL3jM8ZXVLCxGQyCVdiVoJYhNpYJmgckS5idzCZDZmeXmdlAWPIJNhaK2Nr6F36BnY3f4uRRaOKBC4dz7uXee/xYcG0c5wutrK6tb2xmtrLbO7t7+7mDw7qOEkVZjUYiUk2faCa4ZDXDjWDNWDES+oI1/MHNxG8MmdI8kvdmFDMvJD3JA06JsdLdsFPs5PJOwZkCLxN3TvKl4+o3fy9/VDq5z3Y3oknIpKGCaN1yndh4KVGGU8HG2XaiWUzogPRYy1JJQqa9dHrqGJ9ZpYuDSNmSBk/V3xMpCbUehb7tDInp60VvIv7ntRITXHspl3FimKSzRUEisInw5G/c5YpRI0aWEKq4vRXTPlGEGptO1obgLr68TOoXBfeyUKzaNMowQwZO4BTOwYUrKMEtVKAGFHrwAE/wjAR6RC/odda6guYzR/AH6O0H7reRRw==</latexit>v4

<latexit sha1_base64="FusJ3Mu+gn0dyYFuNiGOGuzMLNM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0kPa9frniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPYzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa2LqndZrd3XKvWbPI4inMApnIMHV1CHO2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gAKDI2m</latexit>u1

<latexit sha1_base64="z/G7EAEp3D8Pt1vfgAi3OZtaSqk=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lKUY9FLx4r2lpoQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgbjm5n/+IRK81g+mEmCfkSHkoecUWOl+7Rf65crbtWdg6wSLycVyNHsl796g5ilEUrDBNW667mJ8TOqDGcCp6VeqjGhbEyH2LVU0gi1n81PnZIzqwxIGCtb0pC5+nsio5HWkyiwnRE1I73szcT/vG5qwis/4zJJDUq2WBSmgpiYzP4mA66QGTGxhDLF7a2EjaiizNh0SjYEb/nlVdKuVb2Lav2uXmlc53EU4QRO4Rw8uIQG3EITWsBgCM/wCm+OcF6cd+dj0Vpw8plj+APn8wcLkI2n</latexit>u2

<latexit sha1_base64="99Wdjz++tMqwi9EB+qTbsFx1nYM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0qMeiF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1Bqw8GHu/NMDMvSKQw6LpfTmFldW19o7hZ2tre2d0r7x+0TJxqxpsslrHuBNRwKRRvokDJO4nmNAokbwfjm5nffuTaiFg94CThfkSHSoSCUbTSfdo/75crbtWdg/wlXk4qkKPRL3/2BjFLI66QSWpM13MT9DOqUTDJp6VeanhC2ZgOeddSRSNu/Gx+6pScWGVAwljbUkjm6s+JjEbGTKLAdkYUR2bZm4n/ed0Uwys/EypJkSu2WBSmkmBMZn+TgdCcoZxYQpkW9lbCRlRThjadkg3BW375L2mdVb2Lau2uVqlf53EU4QiO4RQ8uIQ63EIDmsBgCE/wAq+OdJ6dN+d90Vpw8plD+AXn4xsNFI2o</latexit>u3

<latexit sha1_base64="mcKDsKA1sqVd6am6Aj2VVvHWhxw=">AAAB6nicbVC7SgNBFL0TXzG+ooKNzWAQrMKuiFqG2FgmaB6QLGF2MpsMmZ1dZmYDYckn2FgoYmvrX/gFdjZ+i5NHoYkHLhzOuZd77/FjwbVxnC+UWVldW9/Ibua2tnd29/L7B3UdJYqyGo1EpJo+0UxwyWqGG8GasWIk9AVr+IObid8YMqV5JO/NKGZeSHqSB5wSY6W7Ycft5AtO0ZkCLxN3Tgqlo+o3fy9/VDr5z3Y3oknIpKGCaN1yndh4KVGGU8HGuXaiWUzogPRYy1JJQqa9dHrqGJ9apYuDSNmSBk/V3xMpCbUehb7tDInp60VvIv7ntRITXHspl3FimKSzRUEisInw5G/c5YpRI0aWEKq4vRXTPlGEGptOzobgLr68TOrnRfeyeFG1aZRhhiwcwwmcgQtXUIJbqEANKPTgAZ7gGQn0iF7Q66w1g+Yzh/AH6O0H6iuRRA==</latexit>v1

<latexit sha1_base64="hQV4oQAAZOIH+jgtmIcIOmWIsZo=">AAAB6nicbVC7SgNBFL3rM8ZXVLCxGQyCVdgNopYhNpYJmgckS5idzCZDZmeWmdlAWPIJNhaK2Nr6F36BnY3f4uRRaOKBC4dz7uXee4KYM21c98tZWV1b39jMbGW3d3b39nMHh3UtE0VojUguVTPAmnImaM0ww2kzVhRHAaeNYHAz8RtDqjST4t6MYupHuCdYyAg2VrobdoqdXN4tuFOgZeLNSb50XP1m7+WPSif32e5KkkRUGMKx1i3PjY2fYmUY4XScbSeaxpgMcI+2LBU4otpPp6eO0ZlVuiiUypYwaKr+nkhxpPUoCmxnhE1fL3oT8T+vlZjw2k+ZiBNDBZktChOOjESTv1GXKUoMH1mCiWL2VkT6WGFibDpZG4K3+PIyqRcL3mXhomrTKMMMGTiBUzgHD66gBLdQgRoQ6MEDPMGzw51H58V5nbWuOPOZI/gD5+0H66+RRQ==</latexit>v2

<latexit sha1_base64="Gnk7IP9wbT2ukOyChgySgx0n6+A=">AAAB6nicbVC7SgNBFL3rM8ZXVLCxGQyCVdhVUcsQG8sEzQOSJcxOZpMhM7PLzGwgLPkEGwtFbG39C7/AzsZvcfIoNPHAhcM593LvPUHMmTau++UsLa+srq1nNrKbW9s7u7m9/ZqOEkVolUQ8Uo0Aa8qZpFXDDKeNWFEsAk7rQf9m7NcHVGkWyXszjKkvcFeykBFsrHQ3aJ+3c3m34E6AFok3I/niYeWbvZc+yu3cZ6sTkURQaQjHWjc9NzZ+ipVhhNNRtpVoGmPSx13atFRiQbWfTk4doROrdFAYKVvSoIn6eyLFQuuhCGynwKan572x+J/XTEx47adMxomhkkwXhQlHJkLjv1GHKUoMH1qCiWL2VkR6WGFibDpZG4I3//IiqZ0VvMvCRcWmUYIpMnAEx3AKHlxBEW6hDFUg0IUHeIJnhzuPzovzOm1dcmYzB/AHztsP7TORRg==</latexit>v3

<latexit sha1_base64="nqB7D6/Sa1y+m09KNTOMWNbk7h0=">AAAB6nicbVC7SgNBFL3jM8ZXVLCxGQyCVdiVoJYhNpYJmgckS5idzCZDZmeXmdlAWPIJNhaK2Nr6F36BnY3f4uRRaOKBC4dz7uXee/xYcG0c5wutrK6tb2xmtrLbO7t7+7mDw7qOEkVZjUYiUk2faCa4ZDXDjWDNWDES+oI1/MHNxG8MmdI8kvdmFDMvJD3JA06JsdLdsFPs5PJOwZkCLxN3TvKl4+o3fy9/VDq5z3Y3oknIpKGCaN1yndh4KVGGU8HG2XaiWUzogPRYy1JJQqa9dHrqGJ9ZpYuDSNmSBk/V3xMpCbUehb7tDInp60VvIv7ntRITXHspl3FimKSzRUEisInw5G/c5YpRI0aWEKq4vRXTPlGEGptO1obgLr68TOoXBfeyUKzaNMowQwZO4BTOwYUrKMEtVKAGFHrwAE/wjAR6RC/odda6guYzR/AH6O0H7reRRw==</latexit>v4

<latexit sha1_base64="FusJ3Mu+gn0dyYFuNiGOGuzMLNM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0kPa9frniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPYzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa2LqndZrd3XKvWbPI4inMApnIMHV1CHO2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gAKDI2m</latexit>u1

<latexit sha1_base64="z/G7EAEp3D8Pt1vfgAi3OZtaSqk=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lKUY9FLx4r2lpoQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgbjm5n/+IRK81g+mEmCfkSHkoecUWOl+7Rf65crbtWdg6wSLycVyNHsl796g5ilEUrDBNW667mJ8TOqDGcCp6VeqjGhbEyH2LVU0gi1n81PnZIzqwxIGCtb0pC5+nsio5HWkyiwnRE1I73szcT/vG5qwis/4zJJDUq2WBSmgpiYzP4mA66QGTGxhDLF7a2EjaiizNh0SjYEb/nlVdKuVb2Lav2uXmlc53EU4QRO4Rw8uIQG3EITWsBgCM/wCm+OcF6cd+dj0Vpw8plj+APn8wcLkI2n</latexit>u2

<latexit sha1_base64="99Wdjz++tMqwi9EB+qTbsFx1nYM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0qMeiF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1Bqw8GHu/NMDMvSKQw6LpfTmFldW19o7hZ2tre2d0r7x+0TJxqxpsslrHuBNRwKRRvokDJO4nmNAokbwfjm5nffuTaiFg94CThfkSHSoSCUbTSfdo/75crbtWdg/wlXk4qkKPRL3/2BjFLI66QSWpM13MT9DOqUTDJp6VeanhC2ZgOeddSRSNu/Gx+6pScWGVAwljbUkjm6s+JjEbGTKLAdkYUR2bZm4n/ed0Uwys/EypJkSu2WBSmkmBMZn+TgdCcoZxYQpkW9lbCRlRThjadkg3BW375L2mdVb2Lau2uVqlf53EU4QiO4RQ8uIQ63EIDmsBgCE/wAq+OdJ6dN+d90Vpw8plD+AXn4xsNFI2o</latexit>u3

Authorship graph
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Multi-partite Graph

ACMS 80770: Deep Learning with Graphs, Navid Shervani-Tabar

v K-partite graphs consist of k disjoint set of nodes, where nodes 
of the same set are not connected.

Ø UberEats network.
Restaurants

Uber eats
network

UsersFoods
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Clustering

ACMS 80770: Deep Learning with Graphs, Navid Shervani-Tabar

v Clustering problem within a graph partitions it into subgraphs 
with similar underlying structure. 

v Depending on the problem, these subgraphs may or may not 
overlap.

v The model is trained on the set of nodes and edges in the 
graph 𝐷 = {𝑉, 𝐸}.
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Clustering

ACMS 80770: Deep Learning with Graphs, Navid Shervani-Tabar

Ø Detect latent community structures (Community detection).

Academics

Co-authorship

Collaboration 
graph
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Clustering

ACMS 80770: Deep Learning with Graphs, Navid Shervani-Tabar

Ø Detect latent community structures (Community detection).
v The underlying structures learned from a collaboration graph 

may yield communities based on department, demographic, or 
research interests.

Arts and Letters

Science

Engineering
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Connectedness

ACMS 80770: Deep Learning with Graphs, Navid Shervani-Tabar

v A graph is connected if there is a path between any given pair 
of nodes in the graph.

<latexit sha1_base64="xRFvcCAHe3sdZK6o49MLG0zyJbM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbSbt0swm7m0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8Hobua3xqg0j+WTmSToR3QgecgZNVZ6HPe8XrniVt05yCrxclKBHPVe+avbj1kaoTRMUK07npsYP6PKcCZwWuqmGhPKRnSAHUsljVD72fzUKTmzSp+EsbIlDZmrvycyGmk9iQLbGVEz1MveTPzP66QmvPEzLpPUoGSLRWEqiInJ7G/S5wqZERNLKFPc3krYkCrKjE2nZEPwll9eJc2LqndVvXy4rNRu8ziKcAKncA4eXEMN7qEODWAwgGd4hTdHOC/Ou/OxaC04+cwx/IHz+QMLko2n</latexit>v1

<latexit sha1_base64="Vx17vpUuOe1Mymv9gb2X5BrXIdI=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYNPo5ELx4xyiOBDZkdemHC7OxmZpaEED7BiweN8eoXefNvHGAPClbSSaWqO91dQSK4Nq777eTW1jc2t/LbhZ3dvf2D4uFRQ8epYlhnsYhVK6AaBZdYN9wIbCUKaRQIbAbDu5nfHKHSPJZPZpygH9G+5CFn1FjpcdS97BZLbtmdg6wSLyMlyFDrFr86vZilEUrDBNW67bmJ8SdUGc4ETgudVGNC2ZD2sW2ppBFqfzI/dUrOrNIjYaxsSUPm6u+JCY20HkeB7YyoGehlbyb+57VTE974Ey6T1KBki0VhKoiJyexv0uMKmRFjSyhT3N5K2IAqyoxNp2BD8JZfXiWNi7J3Va48VErV2yyOPJzAKZyDB9dQhXuoQR0Y9OEZXuHNEc6L8+58LFpzTjZzDH/gfP4AEaKNqw==</latexit>v5

<latexit sha1_base64="xRFvcCAHe3sdZK6o49MLG0zyJbM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbSbt0swm7m0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8Hobua3xqg0j+WTmSToR3QgecgZNVZ6HPe8XrniVt05yCrxclKBHPVe+avbj1kaoTRMUK07npsYP6PKcCZwWuqmGhPKRnSAHUsljVD72fzUKTmzSp+EsbIlDZmrvycyGmk9iQLbGVEz1MveTPzP66QmvPEzLpPUoGSLRWEqiInJ7G/S5wqZERNLKFPc3krYkCrKjE2nZEPwll9eJc2LqndVvXy4rNRu8ziKcAKncA4eXEMN7qEODWAwgGd4hTdHOC/Ou/OxaC04+cwx/IHz+QMLko2n</latexit>v1

<latexit sha1_base64="Vx17vpUuOe1Mymv9gb2X5BrXIdI=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYNPo5ELx4xyiOBDZkdemHC7OxmZpaEED7BiweN8eoXefNvHGAPClbSSaWqO91dQSK4Nq777eTW1jc2t/LbhZ3dvf2D4uFRQ8epYlhnsYhVK6AaBZdYN9wIbCUKaRQIbAbDu5nfHKHSPJZPZpygH9G+5CFn1FjpcdS97BZLbtmdg6wSLyMlyFDrFr86vZilEUrDBNW67bmJ8SdUGc4ETgudVGNC2ZD2sW2ppBFqfzI/dUrOrNIjYaxsSUPm6u+JCY20HkeB7YyoGehlbyb+57VTE974Ey6T1KBki0VhKoiJyexv0uMKmRFjSyhT3N5K2IAqyoxNp2BD8JZfXiWNi7J3Va48VErV2yyOPJzAKZyDB9dQhXuoQR0Y9OEZXuHNEc6L8+58LFpzTjZzDH/gfP4AEaKNqw==</latexit>v5
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Connectedness

ACMS 80770: Deep Learning with Graphs, Navid Shervani-Tabar

v A graph is connected if there is a path between any given pair 
of nodes in the graph.

v If graph is not connected, each connected subgraph is called a 
component.

Component 1

Component 2
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Connectedness

ACMS 80770: Deep Learning with Graphs, Navid Shervani-Tabar

v Disconnected graphs have an adjacency matrix with nonzero 
square blocks on the diagonal and zeros outside of these 
blocks.

v Using this principle, linear algebraic methods can inspect the 
connectedness of the graph.

[[0 1 0 0 1 0 0 0 0]
[1 0 1 1 1 0 0 0 0]
[0 1 0 1 1 0 0 0 0]
[0 1 1 0 1 0 0 0 0]
[1 1 1 1 0 0 0 0 0]
[0 0 0 0 0 0 1 0 0]
[0 0 0 0 0 1 0 1 1]
[0 0 0 0 0 0 1 0 1]
[0 0 0 0 0 0 1 1 0]]

[[0 1 0 0 1 0 0 1 0]
[1 0 1 1 1 0 0 0 0]
[0 1 0 1 1 0 0 0 0]
[0 1 1 0 1 0 0 0 0]
[1 1 1 1 0 0 0 0 0]
[0 0 0 0 0 0 1 0 0]
[0 0 0 0 0 1 0 1 1]
[1 0 0 0 0 0 1 0 1]
[0 0 0 0 0 0 1 1 0]]

Block diagonal matrix

Bridge
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v There are two types of connectivity in directed graphs:
Ø Strong connectivity: If there is a path from every node 𝑢 ∈ V

to every node 𝑣 ∈ V, the graph is strongly connected.

Ø Weak connectivity: If the graph is not strongly connected, but 
removing directions yields a connected undirected graph. 

• Example: Web.
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v There are two types of components in directed graphs:
Ø A weakly connected component consists of nodes that are 

connected through one or more paths that can go either 
direction.

Ø A strongly connected component consists of maximal 
subset of nodes such that every pair of nodes are connected in 
both directions.
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Graph-Level Tasks
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v Make prediction based on the whole graph. Closer to 
conventional ML tasks.

v Accounts for the inherent topology of the datapoints in addition 
to the data that it presents.

Ø Graph regression: Predict real value graph-level attributes 
given the graph structure, e.g. property prediction.

v The training dataset 𝐷 = 𝐺 ! , 𝑦 !
!"# includes a set of N iid

graphs 𝐺 ! and their corresponding properties 𝑦 ! .

Ø Graph classification: Predict the graph-level target label for 
the input graph (e.g., solubility and toxicity prediction)

<latexit sha1_base64="kSdCj2WHwYV5qHb6ynCQjCw2ecY=">AAAB63icbVBNSwMxEJ2tX7V+VT16CRahXsquFPVY9KDHCvYD2qVk02wbmmSXJCuUpX/BiwdFvPqHvPlvzLZ70NYHA4/3ZpiZF8ScaeO6305hbX1jc6u4XdrZ3ds/KB8etXWUKEJbJOKR6gZYU84kbRlmOO3GimIRcNoJJreZ33miSrNIPpppTH2BR5KFjGCTSWH17nxQrrg1dw60SrycVCBHc1D+6g8jkggqDeFY657nxsZPsTKMcDor9RNNY0wmeER7lkosqPbT+a0zdGaVIQojZUsaNFd/T6RYaD0Vge0U2Iz1speJ/3m9xITXfspknBgqyWJRmHBkIpQ9joZMUWL41BJMFLO3IjLGChNj4ynZELzll1dJ+6LmXdbqD/VK4yaPowgncApV8OAKGnAPTWgBgTE8wyu8OcJ5cd6dj0VrwclnjuEPnM8fJNiNqQ==</latexit>

f(G)
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Ø Graph clustering: Group a set of graphs into different 
clusters.

v Data: iid data points 𝐺 = {𝐺(!)}.
v This task is equivalent to unsupervised learning in traditional 

ML.
Ø Ring size, number of hydrogens, functional groups.
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Summary

v Learning Tasks on graphs
• Node-level tasks: Node classification
v Strategies: Homophily, Equivalence, Heterophily.

• Edge-level tasks: Link prediction
v Heterogenous graphs
v Hypergraphs
v Bipartite and multi-partite graphs

• Subgraph-level tasks: Clustering
v Connectedness
v Components

• Graph-level tasks: Regression, classification, and clustering.
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