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Data Representation

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

v Some data are naturally defined on a graph. 
Ø multi-component systems.
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Data Representation
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v Some data are naturally defined on a graph. 
Ø multi-component systems.

v Graph incorporates information about the structure of the data 
that resides on it. 

Ø Closeness, strength, or type of the relation between nodes.
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Anna Potapenko1,4, Alex Bridgland1,4, Clemens Meyer1,4, Simon A. A. Kohl1,4, 
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Proteins are essential to life, and understanding their structure can facilitate a 
mechanistic understanding of their function. Through an enormous experimental 
e!ort1–4, the structures of around 100,000 unique proteins have been determined5, but 
this represents a small fraction of the billions of known protein sequences6,7. Structural 
coverage is bottlenecked by the months to years of painstaking e!ort required to 
determine a single protein structure. Accurate computational approaches are needed 
to address this gap and to enable large-scale structural bioinformatics. Predicting the 
three-dimensional structure that a protein will adopt based solely on its amino acid 
sequence—the structure prediction component of the ‘protein folding problem’8—has 
been an important open research problem for more than 50 years9. Despite recent 
progress10–14, existing methods fall far short of atomic accuracy, especially when no 
homologous structure is available. Here we provide the #rst computational method 
that can regularly predict protein structures with atomic accuracy even in cases in which 
no similar structure is known. We validated an entirely redesigned version of our neural 
network-based model, AlphaFold, in the challenging 14th Critical Assessment of protein 
Structure Prediction (CASP14)15, demonstrating accuracy competitive with 
experimental structures in a majority of cases and greatly outperforming other 
methods. Underpinning the latest version of AlphaFold is a novel machine learning 
approach that incorporates physical and biological knowledge about protein structure, 
leveraging multi-sequence alignments, into the design of the deep learning algorithm.

The development of computational methods to predict 
three-dimensional (3D) protein structures from the protein sequence 
has proceeded along two complementary paths that focus on either the 
physical interactions or the evolutionary history. The physical interac-
tion programme heavily integrates our understanding of molecular 
driving forces into either thermodynamic or kinetic simulation of pro-
tein physics16 or statistical approximations thereof17. Although theoreti-
cally very appealing, this approach has proved highly challenging for 
even moderate-sized proteins due to the computational intractability 
of molecular simulation, the context dependence of protein stability 
and the difficulty of producing sufficiently accurate models of protein 
physics. The evolutionary programme has provided an alternative in 
recent years, in which the constraints on protein structure are derived 
from bioinformatics analysis of the evolutionary history of proteins, 
homology to solved structures18,19 and pairwise evolutionary correla-
tions20–24. This bioinformatics approach has benefited greatly from 

the steady growth of experimental protein structures deposited in 
the Protein Data Bank (PDB)5, the explosion of genomic sequencing 
and the rapid development of deep learning techniques to interpret 
these correlations. Despite these advances, contemporary physical 
and evolutionary-history-based approaches produce predictions that 
are far short of experimental accuracy in the majority of cases in which 
a close homologue has not been solved experimentally and this has 
limited their utility for many biological applications.

In this study, we develop the first, to our knowledge, computational 
approach capable of predicting protein structures to near experimental 
accuracy in a majority of cases. The neural network AlphaFold that we 
developed was entered into the CASP14 assessment (May–July 2020; 
entered under the team name ‘AlphaFold2’ and a completely different 
model from our CASP13 AlphaFold system10). The CASP assessment is 
carried out biennially using recently solved structures that have not 
been deposited in the PDB or publicly disclosed so that it is a blind test 
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“The monolithic corn fields that surround Route 90 that connects
Notre Dame to Chicago allowed my mind to contemplate a whole
range of quixotic questions: […] Could one indeed formulate a set of
equations that could predict the future of a system as complex as
the society? […], Asimov kept pulling my mind back to the questions
that never stopped fascinating me […]: networks and complex
systems.”
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Ø A molecular graph is a representation of the molecules and 
chemical compounds using graph theory.   

v Atoms are shown by the nodes and edges symbolize the 
covalent bonds. 

3D molecular
representation Molecular

graphs
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Ø Amino acids in a protein.
v Nodes are amino acids and edges show spatial proximity.

Amino
acids

Protein
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Ø Social Network.
v Nodes represent people and edges are type of interactions.
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Ø Internet
v Computers are nodes and optical cables are edges.
Ø World Wide Web
v Websites are nodes and links are edges.

nd.edu
graph
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Ø Transportation network
v Edges are routs and nodes are connections.
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Ø fMRI.
v Nodes represent brain regions and edges are temporal activity 

correlation.
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v Simulation:
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Ø Conventional ML models work on Euclidian space.

Ø Graphs contain richer topological information

<latexit sha1_base64="mXTTqJLVGzQHkYptyoikscqKUlE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlZtgvV9yqOwdZJV5OKpCj0S9/9QYxSyOUhgmqdddzE+NnVBnOBE5LvVRjQtmYDrFrqaQRaj+bHzolZ1YZkDBWtqQhc/X3REYjrSdRYDsjakZ62ZuJ/3nd1ITXfsZlkhqUbLEoTAUxMZl9TQZcITNiYgllittbCRtRRZmx2ZRsCN7yy6ukfVH1Lqu1Zq1Sv8njKMIJnMI5eHAFdbiDBrSAAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPzd+M8w==</latexit>

f

<latexit sha1_base64="mXTTqJLVGzQHkYptyoikscqKUlE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlZtgvV9yqOwdZJV5OKpCj0S9/9QYxSyOUhgmqdddzE+NnVBnOBE5LvVRjQtmYDrFrqaQRaj+bHzolZ1YZkDBWtqQhc/X3REYjrSdRYDsjakZ62ZuJ/3nd1ITXfsZlkhqUbLEoTAUxMZl9TQZcITNiYgllittbCRtRRZmx2ZRsCN7yy6ukfVH1Lqu1Zq1Sv8njKMIJnMI5eHAFdbiDBrSAAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPzd+M8w==</latexit>

f

Property

Property
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v Conventional ML models are not designed for graph analysis.
Ø Convolution.

v Extend conventional tools to graph non-Euclidean domain.
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Motivation

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

v Conventional ML models are not designed for graph analysis.
Ø Convolution.

v Extend conventional tools to graph non-Euclidean domain.
Ø Traditional methods
Ø Learning on graphs
Ø Graph-based deep learning
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v Graphs are mathematical objects 𝐺 that are consisted of a set 
of nodes 𝑉 and a set of pairwise connections 𝐸, hence defining 
a graph as

where an edge 𝜀!" is defined with the pair of vertices 𝑣!, 𝑣" .

v v: Node, vertex, site, actor.
v (u, v): Edge, link, connection, bond

tie, interaction.

G = (V,E)
<latexit sha1_base64="ZrGl9Fh+/UKZSTAVVH1zBEMPXPU=">AAAB7nicbVBNSwMxEJ31s9avqkcvwSJUkLJbBb0IRRE9VrAf0C4lm2bb0Gw2JFmhLP0RXjwo4tXf481/Y9ruQVsfDDzem2FmXiA508Z1v52l5ZXVtfXcRn5za3tnt7C339Bxogitk5jHqhVgTTkTtG6Y4bQlFcVRwGkzGN5M/OYTVZrF4tGMJPUj3BcsZAQbKzXvrkqN09uTbqHolt0p0CLxMlKEDLVu4avTi0kSUWEIx1q3PVcaP8XKMMLpON9JNJWYDHGfti0VOKLaT6fnjtGxVXoojJUtYdBU/T2R4kjrURTYzgibgZ73JuJ/Xjsx4aWfMiETQwWZLQoTjkyMJr+jHlOUGD6yBBPF7K2IDLDCxNiE8jYEb/7lRdKolL2zcuXhvFi9zuLIwSEcQQk8uIAq3EMN6kBgCM/wCm+OdF6cd+dj1rrkZDMH8AfO5w+E1I5g</latexit>
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<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="tmPotF2OsWAxokXgBHXXcdn7X7Q=">AAAB6nicbVC7SgNBFL3rM8ZXVLCxGQyCVdgVX2WIjWWC5gHJEmYns8mQmdllZjYQlnyCjYUitrb+hV9gZ+O3OHkUmnjgwuGce7n3niDmTBvX/XKWlldW19YzG9nNre2d3dzefk1HiSK0SiIeqUaANeVM0qphhtNGrCgWAaf1oH8z9usDqjSL5L0ZxtQXuCtZyAg2VrobtC/aubxbcCdAi8SbkXzxsPLN3ksf5Xbus9WJSCKoNIRjrZueGxs/xcowwuko20o0jTHp4y5tWiqxoNpPJ6eO0IlVOiiMlC1p0ET9PZFiofVQBLZTYNPT895Y/M9rJia89lMm48RQSaaLwoQjE6Hx36jDFCWGDy3BRDF7KyI9rDAxNp2sDcGbf3mR1M4K3mXhvGLTKMEUGTiCYzgFD66gCLdQhioQ6MIDPMGzw51H58V5nbYuObOZA/gD5+0H8DuRSA==</latexit>v5

<latexit sha1_base64="CrDyUmuB1PQ5quwTGCfDCE+bbsE=">AAAB6nicbVC7SgNBFL3jM8ZXVLCxGQyCVdgViZYhNpYJmgckS5idzCZDZmeXmdlAWPIJNhaK2Nr6F36BnY3f4uRRaOKBC4dz7uXee/xYcG0c5wutrK6tb2xmtrLbO7t7+7mDw7qOEkVZjUYiUk2faCa4ZDXDjWDNWDES+oI1/MHNxG8MmdI8kvdmFDMvJD3JA06JsdLdsFPs5PJOwZkCLxN3TvKl4+o3fy9/VDq5z3Y3oknIpKGCaN1yndh4KVGGU8HG2XaiWUzogPRYy1JJQqa9dHrqGJ9ZpYuDSNmSBk/V3xMpCbUehb7tDInp60VvIv7ntRITXHspl3FimKSzRUEisInw5G/c5YpRI0aWEKq4vRXTPlGEGptO1obgLr68TOoXBbdYuKzaNMowQwZO4BTOwYUrKMEtVKAGFHrwAE/wjAR6RC/odda6guYzR/AH6O0H8b+RSQ==</latexit>v6

<latexit sha1_base64="QMJ9nUyoMvj2Fxq9DNAlUbl++Oc=">AAAB6nicbVC7SgNBFL3jM8ZXVLCxGQyCVdgVMZYhNpYJmgckS5idzCZDZmeXmdlAWPIJNhaK2Nr6F36BnY3f4uRRaOKBC4dz7uXee/xYcG0c5wutrK6tb2xmtrLbO7t7+7mDw7qOEkVZjUYiUk2faCa4ZDXDjWDNWDES+oI1/MHNxG8MmdI8kvdmFDMvJD3JA06JsdLdsFPs5PJOwZkCLxN3TvKl4+o3fy9/VDq5z3Y3oknIpKGCaN1yndh4KVGGU8HG2XaiWUzogPRYy1JJQqa9dHrqGJ9ZpYuDSNmSBk/V3xMpCbUehb7tDInp60VvIv7ntRITXHspl3FimKSzRUEisInw5G/c5YpRI0aWEKq4vRXTPlGEGptO1obgLr68TOoXBfeqcFm1aZRhhgycwCmcgwtFKMEtVKAGFHrwAE/wjAR6RC/odda6guYzR/AH6O0H80ORSg==</latexit>v7Node

Edge
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Directed and Undirected Graphs

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

v In an undirected graph, there is no direction assigned to the 
edges. Mathematically put, 𝑣#, 𝑣$ ∈ 𝐸 ↔ 𝑣$, 𝑣# ∈ 𝐸.

Undirected 
Graph
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Directed and Undirected Graphs

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

v In an undirected graph, there is no direction assigned to the 
edges. Mathematically put, 𝑣#, 𝑣$ ∈ 𝐸 ↔ 𝑣$, 𝑣# ∈ 𝐸.

v A directed graph or digraph is a graph where each edge 
𝑣#, 𝑣$ ∈ 𝐸 starts from one node 𝑣$ ∈ 𝑉 and ends at another 

node 𝑣# ∈ 𝑉.
Ø E.g. WWW, citation graph.

Undirected 
Graph

Directed 
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="QMJ9nUyoMvj2Fxq9DNAlUbl++Oc=">AAAB6nicbVC7SgNBFL3jM8ZXVLCxGQyCVdgVMZYhNpYJmgckS5idzCZDZmeXmdlAWPIJNhaK2Nr6F36BnY3f4uRRaOKBC4dz7uXee/xYcG0c5wutrK6tb2xmtrLbO7t7+7mDw7qOEkVZjUYiUk2faCa4ZDXDjWDNWDES+oI1/MHNxG8MmdI8kvdmFDMvJD3JA06JsdLdsFPs5PJOwZkCLxN3TvKl4+o3fy9/VDq5z3Y3oknIpKGCaN1yndh4KVGGU8HG2XaiWUzogPRYy1JJQqa9dHrqGJ9ZpYuDSNmSBk/V3xMpCbUehb7tDInp60VvIv7ntRITXHspl3FimKSzRUEisInw5G/c5YpRI0aWEKq4vRXTPlGEGptO1obgLr68TOoXBfeqcFm1aZRhhgycwCmcgwtFKMEtVKAGFHrwAE/wjAR6RC/odda6guYzR/AH6O0H80ORSg==</latexit>v7

<latexit sha1_base64="C5oduhTOeXmDjcddBcdLnBARVrE=">AAAB8XicbVBNS8NAEJ3Ur1q/qh69LBahgpSkFOux6MVjBfuBbQib7aZdutmE3U2hhP4LLx4U8eq/8ea/cdvmoK0PBh7vzTAzz485U9q2v63cxubW9k5+t7C3f3B4VDw+aasokYS2SMQj2fWxopwJ2tJMc9qNJcWhz2nHH9/N/c6ESsUi8ainMXVDPBQsYARrIz2VJ55zhSZe/dIrluyKvQBaJ05GSpCh6RW/+oOIJCEVmnCsVM+xY+2mWGpGOJ0V+omiMSZjPKQ9QwUOqXLTxcUzdGGUAQoiaUpotFB/T6Q4VGoa+qYzxHqkVr25+J/XS3Rw46ZMxImmgiwXBQlHOkLz99GASUo0nxqCiWTmVkRGWGKiTUgFE4Kz+vI6aVcrznWl9lArNW6zOPJwBudQBgfq0IB7aEILCAh4hld4s5T1Yr1bH8vWnJXNnMIfWJ8/naSPlg==</latexit>

(v1, v7)
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Adjacency matrix

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

v The underlying structure of the graph is typically demonstrated 
using a matrix representation. 

v For a graph 𝐺 = (𝑉, 𝐸) with |𝑉| nodes, an adjacency matrix 𝐴 is 
a |𝑉|×|𝑉| square matrix such that 

<latexit sha1_base64="jRwOIeQ5Rwjp0qa8bi+6mWzMlAw="></latexit>

Amn =

(
1 if "mn 2 E

0 otherwise.
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Adjacency matrix

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

v The underlying structure of the graph is typically demonstrated 
using a matrix representation. 

v For a graph 𝐺 = (𝑉, 𝐸) with |𝑉| nodes, an adjacency matrix 𝐴 is 
a |𝑉|×|𝑉| square matrix such that 

<latexit sha1_base64="jRwOIeQ5Rwjp0qa8bi+6mWzMlAw="></latexit>

Amn =

(
1 if "mn 2 E

0 otherwise.
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Adjacency matrix

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

v The underlying structure of the graph is typically demonstrated 
using a matrix representation. 

v For a graph 𝐺 = (𝑉, 𝐸) with |𝑉| nodes, an adjacency matrix 𝐴 is 
a |𝑉|×|𝑉| square matrix such that 

1
2
3
4
5
6
7

1 2 3 4 5 6 7

<latexit sha1_base64="jRwOIeQ5Rwjp0qa8bi+6mWzMlAw="></latexit>

Amn =

(
1 if "mn 2 E

0 otherwise.

7

1

2

36

5 4
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Adjacency matrix

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

v The underlying structure of the graph is typically demonstrated 
using a matrix representation. 

v For a graph 𝐺 = (𝑉, 𝐸) with |𝑉| nodes, an adjacency matrix 𝐴 is 
a |𝑉|×|𝑉| square matrix such that 

1 1

1 1 1 1

1 1

1

1 1

1

1 1

1
2
3
4
5
6
7

1 2 3 4 5 6 7

<latexit sha1_base64="jRwOIeQ5Rwjp0qa8bi+6mWzMlAw="></latexit>

Amn =

(
1 if "mn 2 E

0 otherwise.

7

1

2

36

5 4
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Adjacency matrix

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

v For a directed graph, the adjacency matrix is a 𝑉 × 𝑉 non-
symmetric square matrix such that 

7

1

2

36

5 4

1

1

1

1

1

1 1

1
2
3
4
5
6
7

1 2 3 4 5 6 7

<latexit sha1_base64="mhE753rck6aCGcg27cFL/VGdMow="></latexit>

Amn =

(
1 if (vm, vn) 2 E

0 otherwise
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Degree

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

v Node Degree: The degree 𝑑! of a vertex 𝑣! is defined as the 
number of edges connected to the vertex.

<latexit sha1_base64="jkQoo6apdxVGzSKQd3rNWMKmCRE="></latexit>

dm =

|V |X

n=1

Amn

1 1

1 1

1 1 1 1

1

1

<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="tmPotF2OsWAxokXgBHXXcdn7X7Q=">AAAB6nicbVC7SgNBFL3rM8ZXVLCxGQyCVdgVX2WIjWWC5gHJEmYns8mQmdllZjYQlnyCjYUitrb+hV9gZ+O3OHkUmnjgwuGce7n3niDmTBvX/XKWlldW19YzG9nNre2d3dzefk1HiSK0SiIeqUaANeVM0qphhtNGrCgWAaf1oH8z9usDqjSL5L0ZxtQXuCtZyAg2VrobtC/aubxbcCdAi8SbkXzxsPLN3ksf5Xbus9WJSCKoNIRjrZueGxs/xcowwuko20o0jTHp4y5tWiqxoNpPJ6eO0IlVOiiMlC1p0ET9PZFiofVQBLZTYNPT895Y/M9rJia89lMm48RQSaaLwoQjE6Hx36jDFCWGDy3BRDF7KyI9rDAxNp2sDcGbf3mR1M4K3mXhvGLTKMEUGTiCYzgFD66gCLdQhioQ6MIDPMGzw51H58V5nbYuObOZA/gD5+0H8DuRSA==</latexit>v5
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Degree

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

v Node Degree: The degree 𝑑! of a vertex 𝑣! is defined as the 
number of edges connected to the vertex.

<latexit sha1_base64="jkQoo6apdxVGzSKQd3rNWMKmCRE="></latexit>

dm =

|V |X

n=1

Amn

1 1

1 1

1 1 1 1

1

1

<latexit sha1_base64="35Nh3oJac/lvDyojiYXKen76oF0=">AAAB7nicbVC7SgNBFL0bXzG+ooKNzWAQrMKuBLURQmwsEzAPSJYwOztJhszMLjOzQljyETYWitja+Bd+gZ2N3+LkUWjigQuHc+7l3nuCmDNtXPfLyaysrq1vZDdzW9s7u3v5/YOGjhJFaJ1EPFKtAGvKmaR1wwynrVhRLAJOm8HwZuI376nSLJJ3ZhRTX+C+ZD1GsLFSM+ymYnxd6uYLbtGdAi0Tb04K5aPaN3uvfFS7+c9OGJFEUGkIx1q3PTc2foqVYYTTca6TaBpjMsR92rZUYkG1n07PHaNTq4SoFylb0qCp+nsixULrkQhsp8BmoBe9ifif105M78pPmYwTQyWZLeolHJkITX5HIVOUGD6yBBPF7K2IDLDCxNiEcjYEb/HlZdI4L3oXxVLNplGBGbJwDCdwBh5cQhluoQp1IDCEB3iCZyd2Hp0X53XWmnHmM4fwB87bD+gikv8=</latexit>

dm = 4
<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="tmPotF2OsWAxokXgBHXXcdn7X7Q=">AAAB6nicbVC7SgNBFL3rM8ZXVLCxGQyCVdgVX2WIjWWC5gHJEmYns8mQmdllZjYQlnyCjYUitrb+hV9gZ+O3OHkUmnjgwuGce7n3niDmTBvX/XKWlldW19YzG9nNre2d3dzefk1HiSK0SiIeqUaANeVM0qphhtNGrCgWAaf1oH8z9usDqjSL5L0ZxtQXuCtZyAg2VrobtC/aubxbcCdAi8SbkXzxsPLN3ksf5Xbus9WJSCKoNIRjrZueGxs/xcowwuko20o0jTHp4y5tWiqxoNpPJ6eO0IlVOiiMlC1p0ET9PZFiofVQBLZTYNPT895Y/M9rJia89lMm48RQSaaLwoQjE6Hx36jDFCWGDy3BRDF7KyI9rDAxNp2sDcGbf3mR1M4K3mXhvGLTKMEUGTiCYzgFD66gCLdQhioQ6MIDPMGzw51H58V5nbYuObOZA/gD5+0H8DuRSA==</latexit>v5
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Degree

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

v Node Degree: The degree 𝑑! of a vertex 𝑣! is defined as the 
number of edges connected to the vertex.

v In directed graphs, node degree is distinguished by its 
direction.

<latexit sha1_base64="jkQoo6apdxVGzSKQd3rNWMKmCRE="></latexit>

dm =

|V |X

n=1

Amn

1 1

1 1

1 1 1 1

1

1

1 1

1

1

1

<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="tmPotF2OsWAxokXgBHXXcdn7X7Q=">AAAB6nicbVC7SgNBFL3rM8ZXVLCxGQyCVdgVX2WIjWWC5gHJEmYns8mQmdllZjYQlnyCjYUitrb+hV9gZ+O3OHkUmnjgwuGce7n3niDmTBvX/XKWlldW19YzG9nNre2d3dzefk1HiSK0SiIeqUaANeVM0qphhtNGrCgWAaf1oH8z9usDqjSL5L0ZxtQXuCtZyAg2VrobtC/aubxbcCdAi8SbkXzxsPLN3ksf5Xbus9WJSCKoNIRjrZueGxs/xcowwuko20o0jTHp4y5tWiqxoNpPJ6eO0IlVOiiMlC1p0ET9PZFiofVQBLZTYNPT895Y/M9rJia89lMm48RQSaaLwoQjE6Hx36jDFCWGDy3BRDF7KyI9rDAxNp2sDcGbf3mR1M4K3mXhvGLTKMEUGTiCYzgFD66gCLdQhioQ6MIDPMGzw51H58V5nbYuObOZA/gD5+0H8DuRSA==</latexit>v5

<latexit sha1_base64="35Nh3oJac/lvDyojiYXKen76oF0=">AAAB7nicbVC7SgNBFL0bXzG+ooKNzWAQrMKuBLURQmwsEzAPSJYwOztJhszMLjOzQljyETYWitja+Bd+gZ2N3+LkUWjigQuHc+7l3nuCmDNtXPfLyaysrq1vZDdzW9s7u3v5/YOGjhJFaJ1EPFKtAGvKmaR1wwynrVhRLAJOm8HwZuI376nSLJJ3ZhRTX+C+ZD1GsLFSM+ymYnxd6uYLbtGdAi0Tb04K5aPaN3uvfFS7+c9OGJFEUGkIx1q3PTc2foqVYYTTca6TaBpjMsR92rZUYkG1n07PHaNTq4SoFylb0qCp+nsixULrkQhsp8BmoBe9ifif105M78pPmYwTQyWZLeolHJkITX5HIVOUGD6yBBPF7K2IDLDCxNiEcjYEb/HlZdI4L3oXxVLNplGBGbJwDCdwBh5cQhluoQp1IDCEB3iCZyd2Hp0X53XWmnHmM4fwB87bD+gikv8=</latexit>

dm = 4

<latexit sha1_base64="0FehCTSuBwK7aNSCy6f3mOXEHh4="></latexit>

d(out)m =

|V |X

n=1

Amn

<latexit sha1_base64="DTDAe1QQLbCuWElX5Sn4fn+2hMM="></latexit>

d(in)m =

|V |X

n=1

Anm

<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="tmPotF2OsWAxokXgBHXXcdn7X7Q=">AAAB6nicbVC7SgNBFL3rM8ZXVLCxGQyCVdgVX2WIjWWC5gHJEmYns8mQmdllZjYQlnyCjYUitrb+hV9gZ+O3OHkUmnjgwuGce7n3niDmTBvX/XKWlldW19YzG9nNre2d3dzefk1HiSK0SiIeqUaANeVM0qphhtNGrCgWAaf1oH8z9usDqjSL5L0ZxtQXuCtZyAg2VrobtC/aubxbcCdAi8SbkXzxsPLN3ksf5Xbus9WJSCKoNIRjrZueGxs/xcowwuko20o0jTHp4y5tWiqxoNpPJ6eO0IlVOiiMlC1p0ET9PZFiofVQBLZTYNPT895Y/M9rJia89lMm48RQSaaLwoQjE6Hx36jDFCWGDy3BRDF7KyI9rDAxNp2sDcGbf3mR1M4K3mXhvGLTKMEUGTiCYzgFD66gCLdQhioQ6MIDPMGzw51H58V5nbYuObOZA/gD5+0H8DuRSA==</latexit>v5
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ACMS 80770: Deep Learning with Graphs, Navid Shervani-Tabar

v Node Degree: The degree 𝑑! of a vertex 𝑣! is defined as the 
number of edges connected to the vertex.

v In directed graphs, node degree is distinguished by its 
direction.

<latexit sha1_base64="jkQoo6apdxVGzSKQd3rNWMKmCRE="></latexit>

dm =

|V |X

n=1

Amn

1 1

1 1

1 1 1 1

1

1

1 1

1

1

1

<latexit sha1_base64="0FehCTSuBwK7aNSCy6f3mOXEHh4="></latexit>

d(out)m =

|V |X

n=1

Amn

<latexit sha1_base64="DTDAe1QQLbCuWElX5Sn4fn+2hMM="></latexit>

d(in)m =

|V |X

n=1

Anm

<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="tmPotF2OsWAxokXgBHXXcdn7X7Q=">AAAB6nicbVC7SgNBFL3rM8ZXVLCxGQyCVdgVX2WIjWWC5gHJEmYns8mQmdllZjYQlnyCjYUitrb+hV9gZ+O3OHkUmnjgwuGce7n3niDmTBvX/XKWlldW19YzG9nNre2d3dzefk1HiSK0SiIeqUaANeVM0qphhtNGrCgWAaf1oH8z9usDqjSL5L0ZxtQXuCtZyAg2VrobtC/aubxbcCdAi8SbkXzxsPLN3ksf5Xbus9WJSCKoNIRjrZueGxs/xcowwuko20o0jTHp4y5tWiqxoNpPJ6eO0IlVOiiMlC1p0ET9PZFiofVQBLZTYNPT895Y/M9rJia89lMm48RQSaaLwoQjE6Hx36jDFCWGDy3BRDF7KyI9rDAxNp2sDcGbf3mR1M4K3mXhvGLTKMEUGTiCYzgFD66gCLdQhioQ6MIDPMGzw51H58V5nbYuObOZA/gD5+0H8DuRSA==</latexit>v5

<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="tmPotF2OsWAxokXgBHXXcdn7X7Q=">AAAB6nicbVC7SgNBFL3rM8ZXVLCxGQyCVdgVX2WIjWWC5gHJEmYns8mQmdllZjYQlnyCjYUitrb+hV9gZ+O3OHkUmnjgwuGce7n3niDmTBvX/XKWlldW19YzG9nNre2d3dzefk1HiSK0SiIeqUaANeVM0qphhtNGrCgWAaf1oH8z9usDqjSL5L0ZxtQXuCtZyAg2VrobtC/aubxbcCdAi8SbkXzxsPLN3ksf5Xbus9WJSCKoNIRjrZueGxs/xcowwuko20o0jTHp4y5tWiqxoNpPJ6eO0IlVOiiMlC1p0ET9PZFiofVQBLZTYNPT895Y/M9rJia89lMm48RQSaaLwoQjE6Hx36jDFCWGDy3BRDF7KyI9rDAxNp2sDcGbf3mR1M4K3mXhvGLTKMEUGTiCYzgFD66gCLdQhioQ6MIDPMGzw51H58V5nbYuObOZA/gD5+0H8DuRSA==</latexit>v5

<latexit sha1_base64="35Nh3oJac/lvDyojiYXKen76oF0=">AAAB7nicbVC7SgNBFL0bXzG+ooKNzWAQrMKuBLURQmwsEzAPSJYwOztJhszMLjOzQljyETYWitja+Bd+gZ2N3+LkUWjigQuHc+7l3nuCmDNtXPfLyaysrq1vZDdzW9s7u3v5/YOGjhJFaJ1EPFKtAGvKmaR1wwynrVhRLAJOm8HwZuI376nSLJJ3ZhRTX+C+ZD1GsLFSM+ymYnxd6uYLbtGdAi0Tb04K5aPaN3uvfFS7+c9OGJFEUGkIx1q3PTc2foqVYYTTca6TaBpjMsR92rZUYkG1n07PHaNTq4SoFylb0qCp+nsixULrkQhsp8BmoBe9ifif105M78pPmYwTQyWZLeolHJkITX5HIVOUGD6yBBPF7K2IDLDCxNiEcjYEb/HlZdI4L3oXxVLNplGBGbJwDCdwBh5cQhluoQp1IDCEB3iCZyd2Hp0X53XWmnHmM4fwB87bD+gikv8=</latexit>

dm = 4

<latexit sha1_base64="Vpi6f0tBv2McrSlPjW4jLBmbhSc=">AAAB9XicbVDLSgMxFM3UV62vqks3oUWomzIjYt0IRTcuK9gHtNOSyWTa0CQzJBmlDPMfgrhQxK3f4dad6MeYPhbaeuDC4Zx7ufceL2JUadv+tDJLyyura9n13Mbm1vZOfnevocJYYlLHIQtly0OKMCpIXVPNSCuSBHGPkaY3vBz7zVsiFQ3FjR5FxOWoL2hAMdJG6vq9hKfdpETFUXpu9/JFu2xPABeJMyPFaqH0/VV5f6j18h8dP8QxJ0JjhpRqO3ak3QRJTTEjaa4TKxIhPER90jZUIE6Um0yuTuGhUXwYhNKU0HCi/p5IEFdqxD3TyZEeqHlvLP7ntWMdnLkJFVGsicDTRUHMoA7hOALoU0mwZiNDEJbU3ArxAEmEtQkqZ0Jw5l9eJI3jsnNaPrk2aVyAKbLgABRACTigAqrgCtRAHWAgwT14As/WnfVovViv09aMNZvZB39gvf0AFqiV+g==</latexit>

d(in)m = 0
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ACMS 80770: Deep Learning with Graphs, Navid Shervani-Tabar

v Node Degree: The degree 𝑑! of a vertex 𝑣! is defined as the 
number of edges connected to the vertex.

v In directed graphs, node degree is distinguished by its 
direction.

<latexit sha1_base64="jkQoo6apdxVGzSKQd3rNWMKmCRE="></latexit>

dm =

|V |X

n=1

Amn

1 1

1 1

1 1 1 1

1

1

1 1

1

1

1

<latexit sha1_base64="0FehCTSuBwK7aNSCy6f3mOXEHh4="></latexit>

d(out)m =

|V |X

n=1

Amn

<latexit sha1_base64="DTDAe1QQLbCuWElX5Sn4fn+2hMM="></latexit>

d(in)m =

|V |X

n=1

Anm

<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="tmPotF2OsWAxokXgBHXXcdn7X7Q=">AAAB6nicbVC7SgNBFL3rM8ZXVLCxGQyCVdgVX2WIjWWC5gHJEmYns8mQmdllZjYQlnyCjYUitrb+hV9gZ+O3OHkUmnjgwuGce7n3niDmTBvX/XKWlldW19YzG9nNre2d3dzefk1HiSK0SiIeqUaANeVM0qphhtNGrCgWAaf1oH8z9usDqjSL5L0ZxtQXuCtZyAg2VrobtC/aubxbcCdAi8SbkXzxsPLN3ksf5Xbus9WJSCKoNIRjrZueGxs/xcowwuko20o0jTHp4y5tWiqxoNpPJ6eO0IlVOiiMlC1p0ET9PZFiofVQBLZTYNPT895Y/M9rJia89lMm48RQSaaLwoQjE6Hx36jDFCWGDy3BRDF7KyI9rDAxNp2sDcGbf3mR1M4K3mXhvGLTKMEUGTiCYzgFD66gCLdQhioQ6MIDPMGzw51H58V5nbYuObOZA/gD5+0H8DuRSA==</latexit>v5

<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="tmPotF2OsWAxokXgBHXXcdn7X7Q=">AAAB6nicbVC7SgNBFL3rM8ZXVLCxGQyCVdgVX2WIjWWC5gHJEmYns8mQmdllZjYQlnyCjYUitrb+hV9gZ+O3OHkUmnjgwuGce7n3niDmTBvX/XKWlldW19YzG9nNre2d3dzefk1HiSK0SiIeqUaANeVM0qphhtNGrCgWAaf1oH8z9usDqjSL5L0ZxtQXuCtZyAg2VrobtC/aubxbcCdAi8SbkXzxsPLN3ksf5Xbus9WJSCKoNIRjrZueGxs/xcowwuko20o0jTHp4y5tWiqxoNpPJ6eO0IlVOiiMlC1p0ET9PZFiofVQBLZTYNPT895Y/M9rJia89lMm48RQSaaLwoQjE6Hx36jDFCWGDy3BRDF7KyI9rDAxNp2sDcGbf3mR1M4K3mXhvGLTKMEUGTiCYzgFD66gCLdQhioQ6MIDPMGzw51H58V5nbYuObOZA/gD5+0H8DuRSA==</latexit>v5

<latexit sha1_base64="35Nh3oJac/lvDyojiYXKen76oF0=">AAAB7nicbVC7SgNBFL0bXzG+ooKNzWAQrMKuBLURQmwsEzAPSJYwOztJhszMLjOzQljyETYWitja+Bd+gZ2N3+LkUWjigQuHc+7l3nuCmDNtXPfLyaysrq1vZDdzW9s7u3v5/YOGjhJFaJ1EPFKtAGvKmaR1wwynrVhRLAJOm8HwZuI376nSLJJ3ZhRTX+C+ZD1GsLFSM+ymYnxd6uYLbtGdAi0Tb04K5aPaN3uvfFS7+c9OGJFEUGkIx1q3PTc2foqVYYTTca6TaBpjMsR92rZUYkG1n07PHaNTq4SoFylb0qCp+nsixULrkQhsp8BmoBe9ifif105M78pPmYwTQyWZLeolHJkITX5HIVOUGD6yBBPF7K2IDLDCxNiEcjYEb/HlZdI4L3oXxVLNplGBGbJwDCdwBh5cQhluoQp1IDCEB3iCZyd2Hp0X53XWmnHmM4fwB87bD+gikv8=</latexit>

dm = 4

<latexit sha1_base64="iLUkQbw1AkgtauKkq2kwRns5Ris=">AAAB+HicbVDLSsNAFJ3UV62PRl26CS1C3ZREinUjFN24rGAf0MYwmUzaoTOTMDMRasiXdONCEbf+hVt3oh/jtHWhrQcuHM65l3vv8WNKpLLtDyO3srq2vpHfLGxt7+wWzb39towSgXALRTQSXR9KTAnHLUUUxd1YYMh8ijv+6HLqd+6wkCTiN2ocY5fBASchQVBpyTOLgZey7DatRIk6zs5rnlm2q/YM1jJxfki5Uap8fdbfJk3PfO8HEUoY5gpRKGXPsWPlplAogijOCv1E4hiiERzgnqYcMizddHZ4Zh1pJbDCSOjiypqpvydSyKQcM193MqiGctGbiv95vUSFZ25KeJwozNF8UZhQS0XWNAUrIAIjRceaQCSIvtVCQyggUjqrgg7BWXx5mbRPqs5ptXat07gAc+TBISiBCnBAHTTAFWiCFkAgARPwCJ6Me+PBeDZe5q0542fmAPyB8foNgxWWug==</latexit>

d(out)m = 4

<latexit sha1_base64="Vpi6f0tBv2McrSlPjW4jLBmbhSc=">AAAB9XicbVDLSgMxFM3UV62vqks3oUWomzIjYt0IRTcuK9gHtNOSyWTa0CQzJBmlDPMfgrhQxK3f4dad6MeYPhbaeuDC4Zx7ufceL2JUadv+tDJLyyura9n13Mbm1vZOfnevocJYYlLHIQtly0OKMCpIXVPNSCuSBHGPkaY3vBz7zVsiFQ3FjR5FxOWoL2hAMdJG6vq9hKfdpETFUXpu9/JFu2xPABeJMyPFaqH0/VV5f6j18h8dP8QxJ0JjhpRqO3ak3QRJTTEjaa4TKxIhPER90jZUIE6Um0yuTuGhUXwYhNKU0HCi/p5IEFdqxD3TyZEeqHlvLP7ntWMdnLkJFVGsicDTRUHMoA7hOALoU0mwZiNDEJbU3ArxAEmEtQkqZ0Jw5l9eJI3jsnNaPrk2aVyAKbLgABRACTigAqrgCtRAHWAgwT14As/WnfVovViv09aMNZvZB39gvf0AFqiV+g==</latexit>

d(in)m = 0
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ACMS 80770: Deep Learning with Graphs, Navid Shervani-Tabar

v Degree Matrix: For an undirected graph, we can define 
vertex-degree matrix 𝐷 as a diagonal matrix with 

2

2

4

1

1

<latexit sha1_base64="7HfQ8RiHZ3J6BC7Z6v/hgydC8ts=">AAAB7HicbVDLSsNAFL2pr1pfVcGNm8EiuCpJEXUjlLpx2YJpC20ok8mkHTqZhJmJUEK/wY0LRdy68y/8Andu/Banj4W2HrhwOOde7r3HTzhT2ra/rNzK6tr6Rn6zsLW9s7tX3D9oqjiVhLok5rFs+1hRzgR1NdOcthNJceRz2vKHNxO/dU+lYrG406OEehHuCxYygrWR3KDnXFd6xZJdtqdAy8SZk1L1qPHN3msf9V7xsxvEJI2o0IRjpTqOnWgvw1Izwum40E0VTTAZ4j7tGCpwRJWXTY8do1OjBCiMpSmh0VT9PZHhSKlR5JvOCOuBWvQm4n9eJ9XhlZcxkaSaCjJbFKYc6RhNPkcBk5RoPjIEE8nMrYgMsMREm3wKJgRn8eVl0qyUnYvyecOkUYMZ8nAMJ3AGDlxCFW6hDi4QYPAAT/BsCevRerFeZ605az5zCH9gvf0AwwGRtQ==</latexit>

d1 = 2

<latexit sha1_base64="avRQvojAqhUa7TOwGhflT70Oi6Q=">AAAB7HicbVDLSsNAFL2pr1pfVcGNm8EiuCpJEXUjlLpx2YJpC20ok8mkHTqZhJmJUEK/wY0LRdy68y/8Andu/Banj4W2HrhwOOde7r3HTzhT2ra/rNzK6tr6Rn6zsLW9s7tX3D9oqjiVhLok5rFs+1hRzgR1NdOcthNJceRz2vKHNxO/dU+lYrG406OEehHuCxYygrWR3KBXua70iiW7bE+BlokzJ6XqUeObvdc+6r3iZzeISRpRoQnHSnUcO9FehqVmhNNxoZsqmmAyxH3aMVTgiCovmx47RqdGCVAYS1NCo6n6eyLDkVKjyDedEdYDtehNxP+8TqrDKy9jIkk1FWS2KEw50jGafI4CJinRfGQIJpKZWxEZYImJNvkUTAjO4svLpFkpOxfl84ZJowYz5OEYTuAMHLiEKtxCHVwgwOABnuDZEtaj9WK9zlpz1nzmEP7AevsBxIeRtg==</latexit>

d2 = 2

<latexit sha1_base64="I8Fm/u5sN8QGkD2gxTPvmPpvOpQ=">AAAB7HicbVDLSsNAFL3xWeurKrhxM1gEVyXRom6EUjcuWzBtoQ1lMpm0QyeTMDMRSug3uHGhiFt3/oVf4M6N3+L0sdDWAxcO59zLvff4CWdK2/aXtbS8srq2ntvIb25t7+wW9vYbKk4loS6JeSxbPlaUM0FdzTSnrURSHPmcNv3Bzdhv3lOpWCzu9DChXoR7goWMYG0kN+ieX5e7haJdsidAi8SZkWLlsP7N3qsftW7hsxPEJI2o0IRjpdqOnWgvw1Izwuko30kVTTAZ4B5tGypwRJWXTY4doROjBCiMpSmh0UT9PZHhSKlh5JvOCOu+mvfG4n9eO9XhlZcxkaSaCjJdFKYc6RiNP0cBk5RoPjQEE8nMrYj0scREm3zyJgRn/uVF0jgrORelct2kUYUpcnAEx3AKDlxCBW6hBi4QYPAAT/BsCevRerFep61L1mzmAP7AevsByRWRuQ==</latexit>

d3 = 4

<latexit sha1_base64="f5F8htlXix3obMQkxwpvMnLOhp8=">AAAB7HicbVDLSsNAFL2pr1pfVcGNm8EiuCqJFHUjlLpx2YJpC20ok8mkHTqZhJmJUEK/wY0LRdy68y/8Andu/Banj4W2HrhwOOde7r3HTzhT2ra/rNzK6tr6Rn6zsLW9s7tX3D9oqjiVhLok5rFs+1hRzgR1NdOcthNJceRz2vKHNxO/dU+lYrG406OEehHuCxYygrWR3KBXuXZ6xZJdtqdAy8SZk1L1qPHN3msf9V7xsxvEJI2o0IRjpTqOnWgvw1Izwum40E0VTTAZ4j7tGCpwRJWXTY8do1OjBCiMpSmh0VT9PZHhSKlR5JvOCOuBWvQm4n9eJ9XhlZcxkaSaCjJbFKYc6RhNPkcBk5RoPjIEE8nMrYgMsMREm3wKJgRn8eVl0jwvOxflSsOkUYMZ8nAMJ3AGDlxCFW6hDi4QYPAAT/BsCevRerFeZ605az5zCH9gvf0Axg+Rtw==</latexit>

d4 = 1
<latexit sha1_base64="PcUtpP3eyIATp6Ddqlk0H+MWiq0=">AAAB7HicbVDLSsNAFL2pr1pfVcGNm8EiuCqJ+NoIpW5ctmDaQhvKZDJph04mYWYilNBvcONCEbfu/Au/wJ0bv8XpY6GtBy4czrmXe+/xE86Utu0vK7e0vLK6ll8vbGxube8Ud/caKk4loS6JeSxbPlaUM0FdzTSnrURSHPmcNv3Bzdhv3lOpWCzu9DChXoR7goWMYG0kN+ieXzvdYsku2xOgReLMSKlyUP9m79WPWrf42QlikkZUaMKxUm3HTrSXYakZ4XRU6KSKJpgMcI+2DRU4osrLJseO0LFRAhTG0pTQaKL+nshwpNQw8k1nhHVfzXtj8T+vnerwysuYSFJNBZkuClOOdIzGn6OASUo0HxqCiWTmVkT6WGKiTT4FE4Iz//IiaZyWnYvyWd2kUYUp8nAIR3ACDlxCBW6hBi4QYPAAT/BsCevRerFep605azazD39gvf0Ax5WRuA==</latexit>

d5 = 1

<latexit sha1_base64="Bn6TOcFjc8t7jwM23v6RNhFT6HQ="></latexit>

Dmn :=

(
dm if m = n

0 if m 6= n
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Node Attributes

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

v Node attributes: Graphs provide a domain for node 
information to reside. These information can be discrete 
categories of continuous values.

1

1

1

1
1

1 1

1

1

1

C:
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N:
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Node 
Features

Alenine
Dipeptide
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Node Attributes

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

v Node attributes: Graphs provide a domain for node 
information to reside. These information can be discrete 
categories of continuous values.

Signal Graph Domain
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Weighted Graphs

v Weighted graphs consist of a set of nodes, a set of pairwise 
connections, and their corresponding set of weights W 

𝐺 = (𝑉, 𝐸,𝑊)
Ø Relationship strength, spatial proximity.

1 2.5

1 1

2.5 1 1 1.5

1

1.5

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

<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="tmPotF2OsWAxokXgBHXXcdn7X7Q=">AAAB6nicbVC7SgNBFL3rM8ZXVLCxGQyCVdgVX2WIjWWC5gHJEmYns8mQmdllZjYQlnyCjYUitrb+hV9gZ+O3OHkUmnjgwuGce7n3niDmTBvX/XKWlldW19YzG9nNre2d3dzefk1HiSK0SiIeqUaANeVM0qphhtNGrCgWAaf1oH8z9usDqjSL5L0ZxtQXuCtZyAg2VrobtC/aubxbcCdAi8SbkXzxsPLN3ksf5Xbus9WJSCKoNIRjrZueGxs/xcowwuko20o0jTHp4y5tWiqxoNpPJ6eO0IlVOiiMlC1p0ET9PZFiofVQBLZTYNPT895Y/M9rJia89lMm48RQSaaLwoQjE6Hx36jDFCWGDy3BRDF7KyI9rDAxNp2sDcGbf3mR1M4K3mXhvGLTKMEUGTiCYzgFD66gCLdQhioQ6MIDPMGzw51H58V5nbYuObOZA/gD5+0H8DuRSA==</latexit>v5

<latexit sha1_base64="jQaosVPNqeQrQ0x3q9XnSIkww6s=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgadkVX8egF48RzQOSJcxOepMhs7PLzKwQQj7BiwdFvPpF3vwbJ8keNLGgoajqprsrTAXXxvO+ncLK6tr6RnGztLW9s7tX3j9o6CRTDOssEYlqhVSj4BLrhhuBrVQhjUOBzXB4O/WbT6g0T+SjGaUYxLQvecQZNVZ68N2Lbrniud4MZJn4OalAjlq3/NXpJSyLURomqNZt30tNMKbKcCZwUupkGlPKhrSPbUsljVEH49mpE3JilR6JEmVLGjJTf0+Maaz1KA5tZ0zNQC96U/E/r52Z6DoYc5lmBiWbL4oyQUxCpn+THlfIjBhZQpni9lbCBlRRZmw6JRuCv/jyMmmcuf6le35/Xqne5HEU4QiO4RR8uIIq3EEN6sCgD8/wCm+OcF6cd+dj3lpw8plD+APn8wdeAI01</latexit>

1.5

<latexit sha1_base64="9Lx0GQ6fTeeQ4eY07/joE5XOc1U=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgadkN8XEMevEY0TwgWcLsZDYZMjuzzMwKYcknePGgiFe/yJt/4yTZgyYWNBRV3XR3hQln2njet1NYW9/Y3Cpul3Z29/YPyodHLS1TRWiTSC5VJ8SaciZo0zDDaSdRFMchp+1wfDvz209UaSbFo5kkNIjxULCIEWys9FB1L/rliud6c6BV4uekAjka/fJXbyBJGlNhCMdad30vMUGGlWGE02mpl2qaYDLGQ9q1VOCY6iCbnzpFZ1YZoEgqW8Kgufp7IsOx1pM4tJ0xNiO97M3E/7xuaqLrIGMiSQ0VZLEoSjkyEs3+RgOmKDF8YgkmitlbERlhhYmx6ZRsCP7yy6ukVXX9S7d2X6vUb/I4inACp3AOPlxBHe6gAU0gMIRneIU3hzsvzrvzsWgtOPnMMfyB8/kDX4aNNg==</latexit>

2.5

<latexit sha1_base64="DSs/otLGM3tGcbw7Y+b2owP1uy4=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlptcvV9yqOwdZJV5OKpCj0S9/9QYxSyOUhgmqdddzE+NnVBnOBE5LvVRjQtmYDrFrqaQRaj+bHzolZ1YZkDBWtqQhc/X3REYjrSdRYDsjakZ62ZuJ/3nd1ITXfsZlkhqUbLEoTAUxMZl9TQZcITNiYgllittbCRtRRZmx2ZRsCN7yy6ukfVH1Lqu1Zq1Sv8njKMIJnMI5eHAFdbiDBrSAAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPfYuMvg==</latexit>

1

<latexit sha1_base64="DSs/otLGM3tGcbw7Y+b2owP1uy4=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlptcvV9yqOwdZJV5OKpCj0S9/9QYxSyOUhgmqdddzE+NnVBnOBE5LvVRjQtmYDrFrqaQRaj+bHzolZ1YZkDBWtqQhc/X3REYjrSdRYDsjakZ62ZuJ/3nd1ITXfsZlkhqUbLEoTAUxMZl9TQZcITNiYgllittbCRtRRZmx2ZRsCN7yy6ukfVH1Lqu1Zq1Sv8njKMIJnMI5eHAFdbiDBrSAAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPfYuMvg==</latexit>

1

<latexit sha1_base64="DSs/otLGM3tGcbw7Y+b2owP1uy4=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlptcvV9yqOwdZJV5OKpCj0S9/9QYxSyOUhgmqdddzE+NnVBnOBE5LvVRjQtmYDrFrqaQRaj+bHzolZ1YZkDBWtqQhc/X3REYjrSdRYDsjakZ62ZuJ/3nd1ITXfsZlkhqUbLEoTAUxMZl9TQZcITNiYgllittbCRtRRZmx2ZRsCN7yy6ukfVH1Lqu1Zq1Sv8njKMIJnMI5eHAFdbiDBrSAAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPfYuMvg==</latexit>

1
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Multi-Relational Graphs

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

v Multi-relational graphs have different types of edges. 
v Each edge is defined by 𝑢, 𝑡, 𝑣 ∈ E, where 𝑡 is the type of the 

edge

1

1

1

1

1

1 1

1 1

1

𝑨𝑰𝑰𝑰

𝑨𝑰𝑰𝑨𝑰

<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="tmPotF2OsWAxokXgBHXXcdn7X7Q=">AAAB6nicbVC7SgNBFL3rM8ZXVLCxGQyCVdgVX2WIjWWC5gHJEmYns8mQmdllZjYQlnyCjYUitrb+hV9gZ+O3OHkUmnjgwuGce7n3niDmTBvX/XKWlldW19YzG9nNre2d3dzefk1HiSK0SiIeqUaANeVM0qphhtNGrCgWAaf1oH8z9usDqjSL5L0ZxtQXuCtZyAg2VrobtC/aubxbcCdAi8SbkXzxsPLN3ksf5Xbus9WJSCKoNIRjrZueGxs/xcowwuko20o0jTHp4y5tWiqxoNpPJ6eO0IlVOiiMlC1p0ET9PZFiofVQBLZTYNPT895Y/M9rJia89lMm48RQSaaLwoQjE6Hx36jDFCWGDy3BRDF7KyI9rDAxNp2sDcGbf3mR1M4K3mXhvGLTKMEUGTiCYzgFD66gCLdQhioQ6MIDPMGzw51H58V5nbYuObOZA/gD5+0H8DuRSA==</latexit>v5
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Line Graph

v For a given graph 𝐺, a line graph 𝐼 is defined by assigning a 
node for every edge in graph 𝐺.

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

v For a given graph 𝐺, a line graph 𝐼 is defined by assigning a 
node for every edge in graph 𝐺.

v Two nodes of the line graph 𝐼 are connected if the 
corresponding edges in the graph 𝐺 are neighbors.  

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

v For a given graph 𝐺, a line graph 𝐼 is defined by assigning a 
node for every edge in graph 𝐺.

v Two nodes of the line graph 𝐼 are connected if the 
corresponding edges in the graph 𝐺 are neighbors.  

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

v For a given graph 𝐺, a line graph 𝐼 is defined by assigning a 
node for every edge in graph 𝐺.

v Two nodes of the line graph 𝐼 are connected if the 
corresponding edges in the graph 𝐺 are neighbors.  

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

v For a given graph 𝐺, a line graph 𝐼 is defined by assigning a 
node for every edge in graph 𝐺.

v Two nodes of the line graph 𝐼 are connected if the 
corresponding edges in the graph 𝐺 are neighbors.  

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

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

v Self-loop or self-edge is an edge starting and ending at the 
same node.

v Self-loop represents interaction of a node with itself.

<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="tmPotF2OsWAxokXgBHXXcdn7X7Q=">AAAB6nicbVC7SgNBFL3rM8ZXVLCxGQyCVdgVX2WIjWWC5gHJEmYns8mQmdllZjYQlnyCjYUitrb+hV9gZ+O3OHkUmnjgwuGce7n3niDmTBvX/XKWlldW19YzG9nNre2d3dzefk1HiSK0SiIeqUaANeVM0qphhtNGrCgWAaf1oH8z9usDqjSL5L0ZxtQXuCtZyAg2VrobtC/aubxbcCdAi8SbkXzxsPLN3ksf5Xbus9WJSCKoNIRjrZueGxs/xcowwuko20o0jTHp4y5tWiqxoNpPJ6eO0IlVOiiMlC1p0ET9PZFiofVQBLZTYNPT895Y/M9rJia89lMm48RQSaaLwoQjE6Hx36jDFCWGDy3BRDF7KyI9rDAxNp2sDcGbf3mR1M4K3mXhvGLTKMEUGTiCYzgFD66gCLdQhioQ6MIDPMGzw51H58V5nbYuObOZA/gD5+0H8DuRSA==</latexit>v5
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Self-loop

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

v Self-loop or self-edge is an edge starting and ending at the 
same node.

v Self-loop represents interaction of a node with itself.

v A self-edge to node 𝑣& is represented by 𝐴&& = 2 on the 
adjacency matrix.

2 1 1

1 1

1 1 1 1

1

1

<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="tmPotF2OsWAxokXgBHXXcdn7X7Q=">AAAB6nicbVC7SgNBFL3rM8ZXVLCxGQyCVdgVX2WIjWWC5gHJEmYns8mQmdllZjYQlnyCjYUitrb+hV9gZ+O3OHkUmnjgwuGce7n3niDmTBvX/XKWlldW19YzG9nNre2d3dzefk1HiSK0SiIeqUaANeVM0qphhtNGrCgWAaf1oH8z9usDqjSL5L0ZxtQXuCtZyAg2VrobtC/aubxbcCdAi8SbkXzxsPLN3ksf5Xbus9WJSCKoNIRjrZueGxs/xcowwuko20o0jTHp4y5tWiqxoNpPJ6eO0IlVOiiMlC1p0ET9PZFiofVQBLZTYNPT895Y/M9rJia89lMm48RQSaaLwoQjE6Hx36jDFCWGDy3BRDF7KyI9rDAxNp2sDcGbf3mR1M4K3mXhvGLTKMEUGTiCYzgFD66gCLdQhioQ6MIDPMGzw51H58V5nbYuObOZA/gD5+0H8DuRSA==</latexit>v5
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Neighbors

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

v Neighbors of node 𝑣 ∈ 𝑉 is the set of nodes that are connected 
to 𝑣 through an edge, i.e. 

<latexit sha1_base64="q74aIlCbFOHwNpDiVKhgMzA3ikM=">AAACBXicbVDLSgMxFM3UV62vUZe6CC1Ci1JmRNSNUBTBlVSwD+iUkknTNjSTGZJMYRi7ceMP+BFuXCji1n9w178x03ahrQcunJxzL7n3uAGjUlnWyEgtLC4tr6RXM2vrG5tb5vZOVfqhwKSCfeaLuoskYZSTiqKKkXogCPJcRmpu/yrxawMiJPX5vYoC0vRQl9MOxUhpqWXu3+YHhQsnDh3KYfUhHx7BQQEmj2tn2DJzVtEaA84Te0pypaxz+DwqReWW+e20fRx6hCvMkJQN2wpUM0ZCUczIMOOEkgQI91GXNDTlyCOyGY+vGMIDrbRhxxe6uIJj9fdEjDwpI8/VnR5SPTnrJeJ/XiNUnfNmTHkQKsLx5KNOyKDyYRIJbFNBsGKRJggLqneFuIcEwkoHl9Eh2LMnz5PqcdE+LZ7c6TQuwQRpsAeyIA9scAZK4AaUQQVg8AhewBt4N56MV+PD+Jy0pozpzC74A+PrB5RFmbM=</latexit>

N(v) = {u 2 V |(u, v) 2 E}
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Neighbors

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

v Neighbors of node 𝑣 ∈ 𝑉 is the set of nodes that are connected 
to 𝑣 through an edge, i.e. 

<latexit sha1_base64="q74aIlCbFOHwNpDiVKhgMzA3ikM=">AAACBXicbVDLSgMxFM3UV62vUZe6CC1Ci1JmRNSNUBTBlVSwD+iUkknTNjSTGZJMYRi7ceMP+BFuXCji1n9w178x03ahrQcunJxzL7n3uAGjUlnWyEgtLC4tr6RXM2vrG5tb5vZOVfqhwKSCfeaLuoskYZSTiqKKkXogCPJcRmpu/yrxawMiJPX5vYoC0vRQl9MOxUhpqWXu3+YHhQsnDh3KYfUhHx7BQQEmj2tn2DJzVtEaA84Te0pypaxz+DwqReWW+e20fRx6hCvMkJQN2wpUM0ZCUczIMOOEkgQI91GXNDTlyCOyGY+vGMIDrbRhxxe6uIJj9fdEjDwpI8/VnR5SPTnrJeJ/XiNUnfNmTHkQKsLx5KNOyKDyYRIJbFNBsGKRJggLqneFuIcEwkoHl9Eh2LMnz5PqcdE+LZ7c6TQuwQRpsAeyIA9scAZK4AaUQQVg8AhewBt4N56MV+PD+Jy0pozpzC74A+PrB5RFmbM=</latexit>

N(v) = {u 2 V |(u, v) 2 E}
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K-hop Neighborhood

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

v The 𝑘-hop neighborhood of 𝑣 is the set of vertices that are 
reachable from 𝑣 in 𝑘 hops or fewer.
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K-hop Neighborhood

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

v The 𝑘-hop neighborhood of 𝑣 is the set of vertices that are 
reachable from 𝑣 in 𝑘 hops or fewer.

1-hop 
Neighborhood
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K-hop Neighborhood

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

v The 𝑘-hop neighborhood of 𝑣 is the set of vertices that are 
reachable from 𝑣 in 𝑘 hops or fewer.

2-hop 
Neighborhood
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K-hop Neighborhood

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

v The 𝑘-hop neighborhood of 𝑣 is the set of vertices that are 
reachable from 𝑣 in 𝑘 hops or fewer.

3-hop 
Neighborhood
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Ego Graph

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

v The ego graph of a node is the subgraph containing the node, 
it’s neighbors, and all the connections between them
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Ego Graph

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

v The ego graph of a node is the subgraph containing the node, 
it’s neighbors, and all the connections between them
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Path

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

v In graph terminology, a path is defined as a sequence of 
unique connected edges and vertices. 

Ø Route: 𝑣# → 𝑣' → 𝑣$ → 𝑣( → 𝑣) → 𝑣*.
Ø Length: 𝑛 = 5

<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="tmPotF2OsWAxokXgBHXXcdn7X7Q=">AAAB6nicbVC7SgNBFL3rM8ZXVLCxGQyCVdgVX2WIjWWC5gHJEmYns8mQmdllZjYQlnyCjYUitrb+hV9gZ+O3OHkUmnjgwuGce7n3niDmTBvX/XKWlldW19YzG9nNre2d3dzefk1HiSK0SiIeqUaANeVM0qphhtNGrCgWAaf1oH8z9usDqjSL5L0ZxtQXuCtZyAg2VrobtC/aubxbcCdAi8SbkXzxsPLN3ksf5Xbus9WJSCKoNIRjrZueGxs/xcowwuko20o0jTHp4y5tWiqxoNpPJ6eO0IlVOiiMlC1p0ET9PZFiofVQBLZTYNPT895Y/M9rJia89lMm48RQSaaLwoQjE6Hx36jDFCWGDy3BRDF7KyI9rDAxNp2sDcGbf3mR1M4K3mXhvGLTKMEUGTiCYzgFD66gCLdQhioQ6MIDPMGzw51H58V5nbYuObOZA/gD5+0H8DuRSA==</latexit>v5
<latexit sha1_base64="CrDyUmuB1PQ5quwTGCfDCE+bbsE=">AAAB6nicbVC7SgNBFL3jM8ZXVLCxGQyCVdgViZYhNpYJmgckS5idzCZDZmeXmdlAWPIJNhaK2Nr6F36BnY3f4uRRaOKBC4dz7uXee/xYcG0c5wutrK6tb2xmtrLbO7t7+7mDw7qOEkVZjUYiUk2faCa4ZDXDjWDNWDES+oI1/MHNxG8MmdI8kvdmFDMvJD3JA06JsdLdsFPs5PJOwZkCLxN3TvKl4+o3fy9/VDq5z3Y3oknIpKGCaN1yndh4KVGGU8HG2XaiWUzogPRYy1JJQqa9dHrqGJ9ZpYuDSNmSBk/V3xMpCbUehb7tDInp60VvIv7ntRITXHspl3FimKSzRUEisInw5G/c5YpRI0aWEKq4vRXTPlGEGptO1obgLr68TOoXBbdYuKzaNMowQwZO4BTOwYUrKMEtVKAGFHrwAE/wjAR6RC/odda6guYzR/AH6O0H8b+RSQ==</latexit>v6

<latexit sha1_base64="QMJ9nUyoMvj2Fxq9DNAlUbl++Oc=">AAAB6nicbVC7SgNBFL3jM8ZXVLCxGQyCVdgVMZYhNpYJmgckS5idzCZDZmeXmdlAWPIJNhaK2Nr6F36BnY3f4uRRaOKBC4dz7uXee/xYcG0c5wutrK6tb2xmtrLbO7t7+7mDw7qOEkVZjUYiUk2faCa4ZDXDjWDNWDES+oI1/MHNxG8MmdI8kvdmFDMvJD3JA06JsdLdsFPs5PJOwZkCLxN3TvKl4+o3fy9/VDq5z3Y3oknIpKGCaN1yndh4KVGGU8HG2XaiWUzogPRYy1JJQqa9dHrqGJ9ZpYuDSNmSBk/V3xMpCbUehb7tDInp60VvIv7ntRITXHspl3FimKSzRUEisInw5G/c5YpRI0aWEKq4vRXTPlGEGptO1obgLr68TOoXBfeqcFm1aZRhhgycwCmcgwtFKMEtVKAGFHrwAE/wjAR6RC/odda6guYzR/AH6O0H80ORSg==</latexit>v7

<latexit sha1_base64="u6V/eq7UqoiLReJFGTmlIoVdewU="></latexit>

P : {(vi, vj) , (vj , vk) , . . . , (vl, vm)}
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Shortest Path and Distance

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

v The shortest path or the geodesic path between 𝑣& and 𝑣+ is 
the path that connects 𝑣& and 𝑣+ with the fewest number of 
edges.

v Distance between node 𝑣& and 𝑣+ is the length of the shortest 
path between 𝑣& and 𝑣+.

<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="tmPotF2OsWAxokXgBHXXcdn7X7Q=">AAAB6nicbVC7SgNBFL3rM8ZXVLCxGQyCVdgVX2WIjWWC5gHJEmYns8mQmdllZjYQlnyCjYUitrb+hV9gZ+O3OHkUmnjgwuGce7n3niDmTBvX/XKWlldW19YzG9nNre2d3dzefk1HiSK0SiIeqUaANeVM0qphhtNGrCgWAaf1oH8z9usDqjSL5L0ZxtQXuCtZyAg2VrobtC/aubxbcCdAi8SbkXzxsPLN3ksf5Xbus9WJSCKoNIRjrZueGxs/xcowwuko20o0jTHp4y5tWiqxoNpPJ6eO0IlVOiiMlC1p0ET9PZFiofVQBLZTYNPT895Y/M9rJia89lMm48RQSaaLwoQjE6Hx36jDFCWGDy3BRDF7KyI9rDAxNp2sDcGbf3mR1M4K3mXhvGLTKMEUGTiCYzgFD66gCLdQhioQ6MIDPMGzw51H58V5nbYuObOZA/gD5+0H8DuRSA==</latexit>v5
<latexit sha1_base64="CrDyUmuB1PQ5quwTGCfDCE+bbsE=">AAAB6nicbVC7SgNBFL3jM8ZXVLCxGQyCVdgViZYhNpYJmgckS5idzCZDZmeXmdlAWPIJNhaK2Nr6F36BnY3f4uRRaOKBC4dz7uXee/xYcG0c5wutrK6tb2xmtrLbO7t7+7mDw7qOEkVZjUYiUk2faCa4ZDXDjWDNWDES+oI1/MHNxG8MmdI8kvdmFDMvJD3JA06JsdLdsFPs5PJOwZkCLxN3TvKl4+o3fy9/VDq5z3Y3oknIpKGCaN1yndh4KVGGU8HG2XaiWUzogPRYy1JJQqa9dHrqGJ9ZpYuDSNmSBk/V3xMpCbUehb7tDInp60VvIv7ntRITXHspl3FimKSzRUEisInw5G/c5YpRI0aWEKq4vRXTPlGEGptO1obgLr68TOoXBbdYuKzaNMowQwZO4BTOwYUrKMEtVKAGFHrwAE/wjAR6RC/odda6guYzR/AH6O0H8b+RSQ==</latexit>v6

<latexit sha1_base64="QMJ9nUyoMvj2Fxq9DNAlUbl++Oc=">AAAB6nicbVC7SgNBFL3jM8ZXVLCxGQyCVdgVMZYhNpYJmgckS5idzCZDZmeXmdlAWPIJNhaK2Nr6F36BnY3f4uRRaOKBC4dz7uXee/xYcG0c5wutrK6tb2xmtrLbO7t7+7mDw7qOEkVZjUYiUk2faCa4ZDXDjWDNWDES+oI1/MHNxG8MmdI8kvdmFDMvJD3JA06JsdLdsFPs5PJOwZkCLxN3TvKl4+o3fy9/VDq5z3Y3oknIpKGCaN1yndh4KVGGU8HG2XaiWUzogPRYy1JJQqa9dHrqGJ9ZpYuDSNmSBk/V3xMpCbUehb7tDInp60VvIv7ntRITXHspl3FimKSzRUEisInw5G/c5YpRI0aWEKq4vRXTPlGEGptO1obgLr68TOoXBfeqcFm1aZRhhgycwCmcgwtFKMEtVKAGFHrwAE/wjAR6RC/odda6guYzR/AH6O0H80ORSg==</latexit>v7
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Walk

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

v Any sequence of connected pair of nodes on the graph is a 
walk.

v A walk can revisit an edge or node more than once.
Ø Route: 𝑣# → 𝑣' → 𝑣, → 𝑣) → 𝑣' → 𝑣$ → 𝑣) → 𝑣,.

<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="tmPotF2OsWAxokXgBHXXcdn7X7Q=">AAAB6nicbVC7SgNBFL3rM8ZXVLCxGQyCVdgVX2WIjWWC5gHJEmYns8mQmdllZjYQlnyCjYUitrb+hV9gZ+O3OHkUmnjgwuGce7n3niDmTBvX/XKWlldW19YzG9nNre2d3dzefk1HiSK0SiIeqUaANeVM0qphhtNGrCgWAaf1oH8z9usDqjSL5L0ZxtQXuCtZyAg2VrobtC/aubxbcCdAi8SbkXzxsPLN3ksf5Xbus9WJSCKoNIRjrZueGxs/xcowwuko20o0jTHp4y5tWiqxoNpPJ6eO0IlVOiiMlC1p0ET9PZFiofVQBLZTYNPT895Y/M9rJia89lMm48RQSaaLwoQjE6Hx36jDFCWGDy3BRDF7KyI9rDAxNp2sDcGbf3mR1M4K3mXhvGLTKMEUGTiCYzgFD66gCLdQhioQ6MIDPMGzw51H58V5nbYuObOZA/gD5+0H8DuRSA==</latexit>v5
<latexit sha1_base64="CrDyUmuB1PQ5quwTGCfDCE+bbsE=">AAAB6nicbVC7SgNBFL3jM8ZXVLCxGQyCVdgViZYhNpYJmgckS5idzCZDZmeXmdlAWPIJNhaK2Nr6F36BnY3f4uRRaOKBC4dz7uXee/xYcG0c5wutrK6tb2xmtrLbO7t7+7mDw7qOEkVZjUYiUk2faCa4ZDXDjWDNWDES+oI1/MHNxG8MmdI8kvdmFDMvJD3JA06JsdLdsFPs5PJOwZkCLxN3TvKl4+o3fy9/VDq5z3Y3oknIpKGCaN1yndh4KVGGU8HG2XaiWUzogPRYy1JJQqa9dHrqGJ9ZpYuDSNmSBk/V3xMpCbUehb7tDInp60VvIv7ntRITXHspl3FimKSzRUEisInw5G/c5YpRI0aWEKq4vRXTPlGEGptO1obgLr68TOoXBbdYuKzaNMowQwZO4BTOwYUrKMEtVKAGFHrwAE/wjAR6RC/odda6guYzR/AH6O0H8b+RSQ==</latexit>v6

<latexit sha1_base64="QMJ9nUyoMvj2Fxq9DNAlUbl++Oc=">AAAB6nicbVC7SgNBFL3jM8ZXVLCxGQyCVdgVMZYhNpYJmgckS5idzCZDZmeXmdlAWPIJNhaK2Nr6F36BnY3f4uRRaOKBC4dz7uXee/xYcG0c5wutrK6tb2xmtrLbO7t7+7mDw7qOEkVZjUYiUk2faCa4ZDXDjWDNWDES+oI1/MHNxG8MmdI8kvdmFDMvJD3JA06JsdLdsFPs5PJOwZkCLxN3TvKl4+o3fy9/VDq5z3Y3oknIpKGCaN1yndh4KVGGU8HG2XaiWUzogPRYy1JJQqa9dHrqGJ9ZpYuDSNmSBk/V3xMpCbUehb7tDInp60VvIv7ntRITXHspl3FimKSzRUEisInw5G/c5YpRI0aWEKq4vRXTPlGEGptO1obgLr68TOoXBfeqcFm1aZRhhgycwCmcgwtFKMEtVKAGFHrwAE/wjAR6RC/odda6guYzR/AH6O0H80ORSg==</latexit>v7

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

v Any sequence of connected pair of nodes on the graph is a 
walk.

v A walk can revisit an edge or node more than once.
Ø Route: 𝑣# → 𝑣' → 𝑣, → 𝑣) → 𝑣' → 𝑣$ → 𝑣) → 𝑣,.
v Length of a walk is the number of the edges visited along the 

walk.
Ø Length = 7 <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="tmPotF2OsWAxokXgBHXXcdn7X7Q=">AAAB6nicbVC7SgNBFL3rM8ZXVLCxGQyCVdgVX2WIjWWC5gHJEmYns8mQmdllZjYQlnyCjYUitrb+hV9gZ+O3OHkUmnjgwuGce7n3niDmTBvX/XKWlldW19YzG9nNre2d3dzefk1HiSK0SiIeqUaANeVM0qphhtNGrCgWAaf1oH8z9usDqjSL5L0ZxtQXuCtZyAg2VrobtC/aubxbcCdAi8SbkXzxsPLN3ksf5Xbus9WJSCKoNIRjrZueGxs/xcowwuko20o0jTHp4y5tWiqxoNpPJ6eO0IlVOiiMlC1p0ET9PZFiofVQBLZTYNPT895Y/M9rJia89lMm48RQSaaLwoQjE6Hx36jDFCWGDy3BRDF7KyI9rDAxNp2sDcGbf3mR1M4K3mXhvGLTKMEUGTiCYzgFD66gCLdQhioQ6MIDPMGzw51H58V5nbYuObOZA/gD5+0H8DuRSA==</latexit>v5
<latexit sha1_base64="CrDyUmuB1PQ5quwTGCfDCE+bbsE=">AAAB6nicbVC7SgNBFL3jM8ZXVLCxGQyCVdgViZYhNpYJmgckS5idzCZDZmeXmdlAWPIJNhaK2Nr6F36BnY3f4uRRaOKBC4dz7uXee/xYcG0c5wutrK6tb2xmtrLbO7t7+7mDw7qOEkVZjUYiUk2faCa4ZDXDjWDNWDES+oI1/MHNxG8MmdI8kvdmFDMvJD3JA06JsdLdsFPs5PJOwZkCLxN3TvKl4+o3fy9/VDq5z3Y3oknIpKGCaN1yndh4KVGGU8HG2XaiWUzogPRYy1JJQqa9dHrqGJ9ZpYuDSNmSBk/V3xMpCbUehb7tDInp60VvIv7ntRITXHspl3FimKSzRUEisInw5G/c5YpRI0aWEKq4vRXTPlGEGptO1obgLr68TOoXBbdYuKzaNMowQwZO4BTOwYUrKMEtVKAGFHrwAE/wjAR6RC/odda6guYzR/AH6O0H8b+RSQ==</latexit>v6

<latexit sha1_base64="QMJ9nUyoMvj2Fxq9DNAlUbl++Oc=">AAAB6nicbVC7SgNBFL3jM8ZXVLCxGQyCVdgVMZYhNpYJmgckS5idzCZDZmeXmdlAWPIJNhaK2Nr6F36BnY3f4uRRaOKBC4dz7uXee/xYcG0c5wutrK6tb2xmtrLbO7t7+7mDw7qOEkVZjUYiUk2faCa4ZDXDjWDNWDES+oI1/MHNxG8MmdI8kvdmFDMvJD3JA06JsdLdsFPs5PJOwZkCLxN3TvKl4+o3fy9/VDq5z3Y3oknIpKGCaN1yndh4KVGGU8HG2XaiWUzogPRYy1JJQqa9dHrqGJ9ZpYuDSNmSBk/V3xMpCbUehb7tDInp60VvIv7ntRITXHspl3FimKSzRUEisInw5G/c5YpRI0aWEKq4vRXTPlGEGptO1obgLr68TOoXBfeqcFm1aZRhhgycwCmcgwtFKMEtVKAGFHrwAE/wjAR6RC/odda6guYzR/AH6O0H80ORSg==</latexit>v7

: Revisited



53

Walk

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

v The number of walks of length 1 between 𝑣& and 𝑣+ is denoted 
by 𝐴&+.

v Number of walks of size 2 from 𝑣& to 𝑣+ that go through 𝑣- ∈ 𝑉
is

<latexit sha1_base64="EDaBeVmp3jbBoVUrOVUUDlzqRZk=">AAAB/HicbVDLSsNAFJ34rPUV7dJNsAgVJCQiKoJQdeNKWrAPaGOYTKft2MkkzEyEEOJ3uHPjQhF3ov/hzr9xmnahrQcunDnnXube44WUCGlZ39rM7Nz8wmJuKb+8srq2rm9s1kUQcYRrKKABb3pQYEoYrkkiKW6GHEPfo7jhDS6GfuMOc0ECdi3jEDs+7DHSJQhKJbl64cpNyG16k5Ts3fT0LHu4etEyrQzGNLHHpFg2T94/96oPFVf/ancCFPmYSUShEC3bCqWTQC4JojjNtyOBQ4gGsIdbijLoY+Ek2fKpsaOUjtENuComjUz9PZFAX4jY91SnD2VfTHpD8T+vFcnusZMQFkYSMzT6qBtRQwbGMAmjQzhGksaKQMSJ2tVAfcghkiqvvArBnjx5mtT3TfvQPKiqNM7BCDmwBbZBCdjgCJTBJaiAGkAgBo/gGbxo99qT9qq9jVpntPFMAfyB9vEDUIyXjg==</latexit>

N (1)
ij = Aij

1 1

1 1

1 1 1 1

1

1

<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="tmPotF2OsWAxokXgBHXXcdn7X7Q=">AAAB6nicbVC7SgNBFL3rM8ZXVLCxGQyCVdgVX2WIjWWC5gHJEmYns8mQmdllZjYQlnyCjYUitrb+hV9gZ+O3OHkUmnjgwuGce7n3niDmTBvX/XKWlldW19YzG9nNre2d3dzefk1HiSK0SiIeqUaANeVM0qphhtNGrCgWAaf1oH8z9usDqjSL5L0ZxtQXuCtZyAg2VrobtC/aubxbcCdAi8SbkXzxsPLN3ksf5Xbus9WJSCKoNIRjrZueGxs/xcowwuko20o0jTHp4y5tWiqxoNpPJ6eO0IlVOiiMlC1p0ET9PZFiofVQBLZTYNPT895Y/M9rJia89lMm48RQSaaLwoQjE6Hx36jDFCWGDy3BRDF7KyI9rDAxNp2sDcGbf3mR1M4K3mXhvGLTKMEUGTiCYzgFD66gCLdQhioQ6MIDPMGzw51H58V5nbYuObOZA/gD5+0H8DuRSA==</latexit>v5

<latexit sha1_base64="m2zIpAcOxXyTk7HTWHS9ltSCEa8="></latexit>

N (2)
ij =

nX

k=1

AikAkj

=
⇥
A2

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

v The number of walks of length 1 between 𝑣& and 𝑣+ is denoted 
by 𝐴&+.

v Number of walks of size 2 from 𝑣& to 𝑣+ that go through 𝑣- ∈ 𝑉
is

<latexit sha1_base64="EDaBeVmp3jbBoVUrOVUUDlzqRZk=">AAAB/HicbVDLSsNAFJ34rPUV7dJNsAgVJCQiKoJQdeNKWrAPaGOYTKft2MkkzEyEEOJ3uHPjQhF3ov/hzr9xmnahrQcunDnnXube44WUCGlZ39rM7Nz8wmJuKb+8srq2rm9s1kUQcYRrKKABb3pQYEoYrkkiKW6GHEPfo7jhDS6GfuMOc0ECdi3jEDs+7DHSJQhKJbl64cpNyG16k5Ts3fT0LHu4etEyrQzGNLHHpFg2T94/96oPFVf/ancCFPmYSUShEC3bCqWTQC4JojjNtyOBQ4gGsIdbijLoY+Ek2fKpsaOUjtENuComjUz9PZFAX4jY91SnD2VfTHpD8T+vFcnusZMQFkYSMzT6qBtRQwbGMAmjQzhGksaKQMSJ2tVAfcghkiqvvArBnjx5mtT3TfvQPKiqNM7BCDmwBbZBCdjgCJTBJaiAGkAgBo/gGbxo99qT9qq9jVpntPFMAfyB9vEDUIyXjg==</latexit>

N (1)
ij = Aij

1 1

1 1

1 1 1 1

1

1

<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="tmPotF2OsWAxokXgBHXXcdn7X7Q=">AAAB6nicbVC7SgNBFL3rM8ZXVLCxGQyCVdgVX2WIjWWC5gHJEmYns8mQmdllZjYQlnyCjYUitrb+hV9gZ+O3OHkUmnjgwuGce7n3niDmTBvX/XKWlldW19YzG9nNre2d3dzefk1HiSK0SiIeqUaANeVM0qphhtNGrCgWAaf1oH8z9usDqjSL5L0ZxtQXuCtZyAg2VrobtC/aubxbcCdAi8SbkXzxsPLN3ksf5Xbus9WJSCKoNIRjrZueGxs/xcowwuko20o0jTHp4y5tWiqxoNpPJ6eO0IlVOiiMlC1p0ET9PZFiofVQBLZTYNPT895Y/M9rJia89lMm48RQSaaLwoQjE6Hx36jDFCWGDy3BRDF7KyI9rDAxNp2sDcGbf3mR1M4K3mXhvGLTKMEUGTiCYzgFD66gCLdQhioQ6MIDPMGzw51H58V5nbYuObOZA/gD5+0H8DuRSA==</latexit>v5

<latexit sha1_base64="m2zIpAcOxXyTk7HTWHS9ltSCEa8="></latexit>

N (2)
ij =

nX

k=1

AikAkj

=
⇥
A2

⇤
ij



55

Walk

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

v The number of walks of length 1 between 𝑣& and 𝑣+ is denoted 
by 𝐴&+.

v Number of walks of size 2 from 𝑣& to 𝑣+ that go through 𝑣- ∈ 𝑉
is

<latexit sha1_base64="EDaBeVmp3jbBoVUrOVUUDlzqRZk=">AAAB/HicbVDLSsNAFJ34rPUV7dJNsAgVJCQiKoJQdeNKWrAPaGOYTKft2MkkzEyEEOJ3uHPjQhF3ov/hzr9xmnahrQcunDnnXube44WUCGlZ39rM7Nz8wmJuKb+8srq2rm9s1kUQcYRrKKABb3pQYEoYrkkiKW6GHEPfo7jhDS6GfuMOc0ECdi3jEDs+7DHSJQhKJbl64cpNyG16k5Ts3fT0LHu4etEyrQzGNLHHpFg2T94/96oPFVf/ancCFPmYSUShEC3bCqWTQC4JojjNtyOBQ4gGsIdbijLoY+Ek2fKpsaOUjtENuComjUz9PZFAX4jY91SnD2VfTHpD8T+vFcnusZMQFkYSMzT6qBtRQwbGMAmjQzhGksaKQMSJ2tVAfcghkiqvvArBnjx5mtT3TfvQPKiqNM7BCDmwBbZBCdjgCJTBJaiAGkAgBo/gGbxo99qT9qq9jVpntPFMAfyB9vEDUIyXjg==</latexit>

N (1)
ij = Aij

1 1

1 1

1 1 1 1

1

1

<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="tmPotF2OsWAxokXgBHXXcdn7X7Q=">AAAB6nicbVC7SgNBFL3rM8ZXVLCxGQyCVdgVX2WIjWWC5gHJEmYns8mQmdllZjYQlnyCjYUitrb+hV9gZ+O3OHkUmnjgwuGce7n3niDmTBvX/XKWlldW19YzG9nNre2d3dzefk1HiSK0SiIeqUaANeVM0qphhtNGrCgWAaf1oH8z9usDqjSL5L0ZxtQXuCtZyAg2VrobtC/aubxbcCdAi8SbkXzxsPLN3ksf5Xbus9WJSCKoNIRjrZueGxs/xcowwuko20o0jTHp4y5tWiqxoNpPJ6eO0IlVOiiMlC1p0ET9PZFiofVQBLZTYNPT895Y/M9rJia89lMm48RQSaaLwoQjE6Hx36jDFCWGDy3BRDF7KyI9rDAxNp2sDcGbf3mR1M4K3mXhvGLTKMEUGTiCYzgFD66gCLdQhioQ6MIDPMGzw51H58V5nbYuObOZA/gD5+0H8DuRSA==</latexit>v5

<latexit sha1_base64="m2zIpAcOxXyTk7HTWHS9ltSCEa8="></latexit>

N (2)
ij =

nX

k=1

AikAkj

=
⇥
A2

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

v The number of walks of length 1 between 𝑣& and 𝑣+ is denoted 
by 𝐴&+.

v Number of walks of size 2 from 𝑣& to 𝑣+ that go through 𝑣- ∈ 𝑉
is

v The number of walks of length 𝑟 from 𝑣& to 𝑣+ is represented by

<latexit sha1_base64="EDaBeVmp3jbBoVUrOVUUDlzqRZk=">AAAB/HicbVDLSsNAFJ34rPUV7dJNsAgVJCQiKoJQdeNKWrAPaGOYTKft2MkkzEyEEOJ3uHPjQhF3ov/hzr9xmnahrQcunDnnXube44WUCGlZ39rM7Nz8wmJuKb+8srq2rm9s1kUQcYRrKKABb3pQYEoYrkkiKW6GHEPfo7jhDS6GfuMOc0ECdi3jEDs+7DHSJQhKJbl64cpNyG16k5Ts3fT0LHu4etEyrQzGNLHHpFg2T94/96oPFVf/ancCFPmYSUShEC3bCqWTQC4JojjNtyOBQ4gGsIdbijLoY+Ek2fKpsaOUjtENuComjUz9PZFAX4jY91SnD2VfTHpD8T+vFcnusZMQFkYSMzT6qBtRQwbGMAmjQzhGksaKQMSJ2tVAfcghkiqvvArBnjx5mtT3TfvQPKiqNM7BCDmwBbZBCdjgCJTBJaiAGkAgBo/gGbxo99qT9qq9jVpntPFMAfyB9vEDUIyXjg==</latexit>

N (1)
ij = Aij

<latexit sha1_base64="dMzAuszQcp9VBbJr88l7ZLFGI7o=">AAACDXicbVDLSsNAFJ3UV62vqEs3wSpUkJKIqAhC1Y0racE+IE3DZDJtx04ezEyEEvIDbtz6GS4UUcSte3f+jZO0C60eGOZwzr3ce48TUsKFrn8puanpmdm5/HxhYXFpeUVdXWvwIGII11FAA9ZyIMeU+LguiKC4FTIMPYfipjM4T/3mDWacBP6VGIbY8mDPJ12CoJCSrW5d2jG5Tjpxie0kJ2bbCajLh5784tOkw6zMtdWiXtYzaH+JMSbFSvn48Xm3dl+11c+2G6DIw75AFHJuGnoorBgyQRDFSaEdcRxCNIA9bErqQw9zK86uSbRtqbhaN2Dy+ULL1J8dMfR4uqKs9KDo80kvFf/zzEh0j6yY+GEksI9Gg7oR1USgpdFoLmEYCTqUBCJG5K4a6kMGkZABFmQIxuTJf0ljr2wclPdrMo0zMEIebIBNUAIGOAQVcAGqoA4QuAUP4AW8KnfKk/KmvI9Kc8q4Zx38gvLxDZqjn4w=</latexit>

N (r)
ij = [Ar]ij

1 1

1 1

1 1 1 1

1

1

<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="tmPotF2OsWAxokXgBHXXcdn7X7Q=">AAAB6nicbVC7SgNBFL3rM8ZXVLCxGQyCVdgVX2WIjWWC5gHJEmYns8mQmdllZjYQlnyCjYUitrb+hV9gZ+O3OHkUmnjgwuGce7n3niDmTBvX/XKWlldW19YzG9nNre2d3dzefk1HiSK0SiIeqUaANeVM0qphhtNGrCgWAaf1oH8z9usDqjSL5L0ZxtQXuCtZyAg2VrobtC/aubxbcCdAi8SbkXzxsPLN3ksf5Xbus9WJSCKoNIRjrZueGxs/xcowwuko20o0jTHp4y5tWiqxoNpPJ6eO0IlVOiiMlC1p0ET9PZFiofVQBLZTYNPT895Y/M9rJia89lMm48RQSaaLwoQjE6Hx36jDFCWGDy3BRDF7KyI9rDAxNp2sDcGbf3mR1M4K3mXhvGLTKMEUGTiCYzgFD66gCLdQhioQ6MIDPMGzw51H58V5nbYuObOZA/gD5+0H8DuRSA==</latexit>v5

<latexit sha1_base64="m2zIpAcOxXyTk7HTWHS9ltSCEa8="></latexit>

N (2)
ij =

nX

k=1

AikAkj

=
⇥
A2

⇤
ij



57

Complete Graph and Clique

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

v A clique or complete graph is a graph in which every pair of 
nodes are connected with an edge.
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Complete Graph and Clique

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

v A clique or complete graph is a graph in which every pair of 
nodes are connected with an edge.

v A subset of nodes in the undirected graph that are all 
connected with an edge is called a clique.
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Summary

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

v Data representation on graphs
Ø Molecules, proteins, social network, WWW, fMRI, simulation.

v Undirected and directed graphs.
v Adjacency matrix.
v Node degree.
v Node attributes.
v Weighted graphs, Multi-relational graphs, and Line graph.
v Self-loop.
v Neighbors, k-hop neighborhood, and Ego graph.
v Path, distance, and walk.
v Complete graph and Clique.


