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Feature Extraction

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

v The structure of a graph is fully described by its nodes and 
their connections.

v While a small graph may be qualitatively analyzed by eye 
inspection, large scale study of graphs needs mathematical 
measures to quantify their structure.

v The extracted features should characterize a graph on different 
levels for different tasks.

v These features are inputs for standard machine learning 
algorithms.

v We look at measures of extracting node and edge-level 
features and statistics.
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Centrality

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

v Consider the study of nodes in the following social graph.

v Centrality measures how central and important a node is.
v Various definitions of importance lead to various centrality 

measures. 

Florentine 
Families 

graph
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Degree Centrality

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

v Degree centrality: measures the number of a node’s 
neighbors.

Ø Number of friends in a social network (undirected).
Ø Number of citations in a citation graph (directed)

<latexit sha1_base64="AZhRxvsTQprA/vAd6Og0lzsaYWE="></latexit>
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Eigenvector Centrality

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

v But not all neighbors are as important.
v One may also consider the importance of the neighbors.
v Eigenvector centrality: Centrality of a node 𝑣! is proportional 

to the sum of the centrality of its neighbors.

v Writing in matrix notation yields eigendecomposition of A.
<latexit sha1_base64="0uJ4TwIA/rayANeg/5ZuNbWVyXA=">AAACHHicbVC7TsMwFHXKq5RXgJHFokJiqhKogAWpwMJYJPqQmqhyHKe16jiR7SBVUT6EhV9hYQAhFgYk/ganzdAHV7J8fM658r3HixmVyrJ+jdLK6tr6RnmzsrW9s7tn7h+0ZZQITFo4YpHoekgSRjlpKaoY6caCoNBjpOON7nK980SEpBF/VOOYuCEacBpQjJSm+ua5w7TZR9DxIubLcaivlGTXs8+bbF7sm1WrZk0KLgO7AFVQVLNvfjt+hJOQcIUZkrJnW7FyUyQUxYxkFSeRJEZ4hAakpyFHIZFuOlkugyea8WEQCX24ghN2tiNFocxH084QqaFc1HLyP62XqODKTSmPE0U4nn4UJAyqCOZJQZ8KghUba4CwoHpWiIdIIKx0nhUdgr248jJon9Xsi1r9oV5t3BZxlMEROAanwAaXoAHuQRO0AAbP4BW8gw/jxXgzPo2vqbVkFD2HYK6Mnz9mYaN4</latexit>

�e = Ae

Centrality

<latexit sha1_base64="h9wjivn1eCdDFIXmXflLcG9+Mt0="></latexit>
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Eigenvector Centrality

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

v But not all neighbors are as important.
v One may also consider the importance of the neighbors.
v Eigenvector centrality: Centrality of a node 𝑣! is proportional 

to the sum of the centrality of its neighbors.

v Writing in matrix notation yields eigendecomposition of A.

v To keep the centrality of nodes non-negative, we select the 
leading eigenvector as the solution (Perron-Forbenius theorem).

<latexit sha1_base64="0uJ4TwIA/rayANeg/5ZuNbWVyXA=">AAACHHicbVC7TsMwFHXKq5RXgJHFokJiqhKogAWpwMJYJPqQmqhyHKe16jiR7SBVUT6EhV9hYQAhFgYk/ganzdAHV7J8fM658r3HixmVyrJ+jdLK6tr6RnmzsrW9s7tn7h+0ZZQITFo4YpHoekgSRjlpKaoY6caCoNBjpOON7nK980SEpBF/VOOYuCEacBpQjJSm+ua5w7TZR9DxIubLcaivlGTXs8+bbF7sm1WrZk0KLgO7AFVQVLNvfjt+hJOQcIUZkrJnW7FyUyQUxYxkFSeRJEZ4hAakpyFHIZFuOlkugyea8WEQCX24ghN2tiNFocxH084QqaFc1HLyP62XqODKTSmPE0U4nn4UJAyqCOZJQZ8KghUba4CwoHpWiIdIIKx0nhUdgr248jJon9Xsi1r9oV5t3BZxlMEROAanwAaXoAHuQRO0AAbP4BW8gw/jxXgzPo2vqbVkFD2HYK6Mnz9mYaN4</latexit>

�e = AeLeading 
eigenvalue

Centrality

<latexit sha1_base64="h9wjivn1eCdDFIXmXflLcG9+Mt0="></latexit>

ei =
1
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Eigenvector Centrality

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

Ø Florentine Families graph 

v Eigenvector centrality is more suitable for undirected graphs.

𝒅𝒊 = 𝟒
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Eigenvector Centrality

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

v For a directed graph, the adjacency matrix is (generally) 
asymmetric and hence has two sets of right and left 
eigenvalues.

v Incoming edges is usually a better indicator of importance of 
the node.

Ø Web, citation
v We look at the rows of the adjacency matrix for the incoming 

edges

v As a result, to value incoming edges, one may select right 
leading eigenvector as the centrality measure.

<latexit sha1_base64="0uJ4TwIA/rayANeg/5ZuNbWVyXA=">AAACHHicbVC7TsMwFHXKq5RXgJHFokJiqhKogAWpwMJYJPqQmqhyHKe16jiR7SBVUT6EhV9hYQAhFgYk/ganzdAHV7J8fM658r3HixmVyrJ+jdLK6tr6RnmzsrW9s7tn7h+0ZZQITFo4YpHoekgSRjlpKaoY6caCoNBjpOON7nK980SEpBF/VOOYuCEacBpQjJSm+ua5w7TZR9DxIubLcaivlGTXs8+bbF7sm1WrZk0KLgO7AFVQVLNvfjt+hJOQcIUZkrJnW7FyUyQUxYxkFSeRJEZ4hAakpyFHIZFuOlkugyea8WEQCX24ghN2tiNFocxH084QqaFc1HLyP62XqODKTSmPE0U4nn4UJAyqCOZJQZ8KghUba4CwoHpWiIdIIKx0nhUdgr248jJon9Xsi1r9oV5t3BZxlMEROAanwAaXoAHuQRO0AAbP4BW8gw/jxXgzPo2vqbVkFD2HYK6Mnz9mYaN4</latexit>

�e = Ae

<latexit sha1_base64="obxpp0UzoYC4XDLqsDnBOrzjOVE="></latexit>

ei =
1

�

X
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Eigenvector Centrality

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

v Consider 𝑣% which has no incoming edges.
v It may seem reasonable to set centrality of 𝑣% to zero.

<latexit sha1_base64="xRFvcCAHe3sdZK6o49MLG0zyJbM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbSbt0swm7m0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8Hobua3xqg0j+WTmSToR3QgecgZNVZ6HPe8XrniVt05yCrxclKBHPVe+avbj1kaoTRMUK07npsYP6PKcCZwWuqmGhPKRnSAHUsljVD72fzUKTmzSp+EsbIlDZmrvycyGmk9iQLbGVEz1MveTPzP66QmvPEzLpPUoGSLRWEqiInJ7G/S5wqZERNLKFPc3krYkCrKjE2nZEPwll9eJc2LqndVvXy4rNRu8ziKcAKncA4eXEMN7qEODWAwgGd4hTdHOC/Ou/OxaC04+cwx/IHz+QMLko2n</latexit>v1
<latexit sha1_base64="pd6CG+fgXjPa9TrI/+SvifD5VxY=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYJUY9ELx4xyiOBDZkdemHC7OxmZpaEED7BiweN8eoXefNvHGAPClbSSaWqO91dQSK4Nq777eQ2Nre2d/K7hb39g8Oj4vFJU8epYthgsYhVO6AaBZfYMNwIbCcKaRQIbAWju7nfGqPSPJZPZpKgH9GB5CFn1Fjpcdyr9Iolt+wuQNaJl5ESZKj3il/dfszSCKVhgmrd8dzE+FOqDGcCZ4VuqjGhbEQH2LFU0gi1P12cOiMXVumTMFa2pCEL9ffElEZaT6LAdkbUDPWqNxf/8zqpCW/8KZdJalCy5aIwFcTEZP436XOFzIiJJZQpbm8lbEgVZcamU7AheKsvr5NmpexdlasP1VLtNosjD2dwDpfgwTXU4B7q0AAGA3iGV3hzhPPivDsfy9ack82cwh84nz8NFo2o</latexit>v2

<latexit sha1_base64="b2tEeKlWWv/DNO1wXN9nzf05O4M=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHaVqEeiF48Y5ZHAhswOvTBhdnYzM0tCCJ/gxYPGePWLvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCooeNUMayzWMSqFVCNgkusG24EthKFNAoENoPh3cxvjlBpHssnM07Qj2hf8pAzaqz0OOpedoslt+zOQVaJl5ESZKh1i1+dXszSCKVhgmrd9tzE+BOqDGcCp4VOqjGhbEj72LZU0gi1P5mfOiVnVumRMFa2pCFz9ffEhEZaj6PAdkbUDPSyNxP/89qpCW/8CZdJalCyxaIwFcTEZPY36XGFzIixJZQpbm8lbEAVZcamU7AheMsvr5LGRdm7KlceKqXqbRZHHk7gFM7Bg2uowj3UoA4M+vAMr/DmCOfFeXc+Fq05J5s5hj9wPn8ADpqNqQ==</latexit>v3

<latexit sha1_base64="hO320iBa8sEmbXNNilQxEqLdr0Y=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KokU9Vj04rGi/YA2lM120y7dbMLupFBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR03TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWju5nfGnNtRKyecJJwP6IDJULBKFrpcdyr9kplt+LOQVaJl5My5Kj3Sl/dfszSiCtkkhrT8dwE/YxqFEzyabGbGp5QNqID3rFU0YgbP5ufOiXnVumTMNa2FJK5+nsio5ExkyiwnRHFoVn2ZuJ/XifF8MbPhEpS5IotFoWpJBiT2d+kLzRnKCeWUKaFvZWwIdWUoU2naEPwll9eJc3LindVqT5Uy7XbPI4CnMIZXIAH11CDe6hDAxgM4Ble4c2Rzovz7nwsWtecfOYE/sD5/AEQHo2q</latexit>v4

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

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

v Consider 𝑣% which has no incoming edges.
v It may seem reasonable to set centrality of 𝑣% to zero.
v Consider 𝑣&, which has one incident edge.

<latexit sha1_base64="xRFvcCAHe3sdZK6o49MLG0zyJbM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbSbt0swm7m0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8Hobua3xqg0j+WTmSToR3QgecgZNVZ6HPe8XrniVt05yCrxclKBHPVe+avbj1kaoTRMUK07npsYP6PKcCZwWuqmGhPKRnSAHUsljVD72fzUKTmzSp+EsbIlDZmrvycyGmk9iQLbGVEz1MveTPzP66QmvPEzLpPUoGSLRWEqiInJ7G/S5wqZERNLKFPc3krYkCrKjE2nZEPwll9eJc2LqndVvXy4rNRu8ziKcAKncA4eXEMN7qEODWAwgGd4hTdHOC/Ou/OxaC04+cwx/IHz+QMLko2n</latexit>v1
<latexit sha1_base64="pd6CG+fgXjPa9TrI/+SvifD5VxY=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYJUY9ELx4xyiOBDZkdemHC7OxmZpaEED7BiweN8eoXefNvHGAPClbSSaWqO91dQSK4Nq777eQ2Nre2d/K7hb39g8Oj4vFJU8epYthgsYhVO6AaBZfYMNwIbCcKaRQIbAWju7nfGqPSPJZPZpKgH9GB5CFn1Fjpcdyr9Iolt+wuQNaJl5ESZKj3il/dfszSCKVhgmrd8dzE+FOqDGcCZ4VuqjGhbEQH2LFU0gi1P12cOiMXVumTMFa2pCEL9ffElEZaT6LAdkbUDPWqNxf/8zqpCW/8KZdJalCy5aIwFcTEZP436XOFzIiJJZQpbm8lbEgVZcamU7AheKsvr5NmpexdlasP1VLtNosjD2dwDpfgwTXU4B7q0AAGA3iGV3hzhPPivDsfy9ack82cwh84nz8NFo2o</latexit>v2

<latexit sha1_base64="b2tEeKlWWv/DNO1wXN9nzf05O4M=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHaVqEeiF48Y5ZHAhswOvTBhdnYzM0tCCJ/gxYPGePWLvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCooeNUMayzWMSqFVCNgkusG24EthKFNAoENoPh3cxvjlBpHssnM07Qj2hf8pAzaqz0OOpedoslt+zOQVaJl5ESZKh1i1+dXszSCKVhgmrd9tzE+BOqDGcCp4VOqjGhbEj72LZU0gi1P5mfOiVnVumRMFa2pCFz9ffEhEZaj6PAdkbUDPSyNxP/89qpCW/8CZdJalCyxaIwFcTEZPY36XGFzIixJZQpbm8lbEAVZcamU7AheMsvr5LGRdm7KlceKqXqbRZHHk7gFM7Bg2uowj3UoA4M+vAMr/DmCOfFeXc+Fq05J5s5hj9wPn8ADpqNqQ==</latexit>v3

<latexit sha1_base64="hO320iBa8sEmbXNNilQxEqLdr0Y=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KokU9Vj04rGi/YA2lM120y7dbMLupFBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR03TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWju5nfGnNtRKyecJJwP6IDJULBKFrpcdyr9kplt+LOQVaJl5My5Kj3Sl/dfszSiCtkkhrT8dwE/YxqFEzyabGbGp5QNqID3rFU0YgbP5ufOiXnVumTMNa2FJK5+nsio5ExkyiwnRHFoVn2ZuJ/XifF8MbPhEpS5IotFoWpJBiT2d+kLzRnKCeWUKaFvZWwIdWUoU2naEPwll9eJc3LindVqT5Uy7XbPI4CnMIZXIAH11CDe6hDAxgM4Ble4c2Rzovz7nwsWtecfOYE/sD5/AEQHo2q</latexit>v4

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

<latexit sha1_base64="BIqe/P0g5JOr9w1lLwWPE6suHNg="></latexit>c1

<latexit sha1_base64="deJ03YG8VfKmkWpTw2yLs8AbWVo="></latexit>c2

<latexit sha1_base64="deJ03YG8VfKmkWpTw2yLs8AbWVo="></latexit>c2

<latexit sha1_base64="BIqe/P0g5JOr9w1lLwWPE6suHNg="></latexit>c1

<latexit sha1_base64="BIqe/P0g5JOr9w1lLwWPE6suHNg="></latexit>c1
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Eigenvector Centrality

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

v Consider 𝑣% which has no incoming edges.
v It may seem reasonable to set centrality of 𝑣% to zero.
v Consider 𝑣&, which has one incident edge.
v But what if the node connected to the incoming node had no 

importance?

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

<latexit sha1_base64="pd6CG+fgXjPa9TrI/+SvifD5VxY=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYJUY9ELx4xyiOBDZkdemHC7OxmZpaEED7BiweN8eoXefNvHGAPClbSSaWqO91dQSK4Nq777eQ2Nre2d/K7hb39g8Oj4vFJU8epYthgsYhVO6AaBZfYMNwIbCcKaRQIbAWju7nfGqPSPJZPZpKgH9GB5CFn1Fjpcdyr9Iolt+wuQNaJl5ESZKj3il/dfszSCKVhgmrd8dzE+FOqDGcCZ4VuqjGhbEQH2LFU0gi1P12cOiMXVumTMFa2pCEL9ffElEZaT6LAdkbUDPWqNxf/8zqpCW/8KZdJalCy5aIwFcTEZP436XOFzIiJJZQpbm8lbEgVZcamU7AheKsvr5NmpexdlasP1VLtNosjD2dwDpfgwTXU4B7q0AAGA3iGV3hzhPPivDsfy9ack82cwh84nz8NFo2o</latexit>v2

<latexit sha1_base64="b2tEeKlWWv/DNO1wXN9nzf05O4M=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHaVqEeiF48Y5ZHAhswOvTBhdnYzM0tCCJ/gxYPGePWLvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCooeNUMayzWMSqFVCNgkusG24EthKFNAoENoPh3cxvjlBpHssnM07Qj2hf8pAzaqz0OOpedoslt+zOQVaJl5ESZKh1i1+dXszSCKVhgmrd9tzE+BOqDGcCp4VOqjGhbEj72LZU0gi1P5mfOiVnVumRMFa2pCFz9ffEhEZaj6PAdkbUDPSyNxP/89qpCW/8CZdJalCyxaIwFcTEZPY36XGFzIixJZQpbm8lbEAVZcamU7AheMsvr5LGRdm7KlceKqXqbRZHHk7gFM7Bg2uowj3UoA4M+vAMr/DmCOfFeXc+Fq05J5s5hj9wPn8ADpqNqQ==</latexit>v3

<latexit sha1_base64="hO320iBa8sEmbXNNilQxEqLdr0Y=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KokU9Vj04rGi/YA2lM120y7dbMLupFBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR03TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWju5nfGnNtRKyecJJwP6IDJULBKFrpcdyr9kplt+LOQVaJl5My5Kj3Sl/dfszSiCtkkhrT8dwE/YxqFEzyabGbGp5QNqID3rFU0YgbP5ufOiXnVumTMNa2FJK5+nsio5ExkyiwnRHFoVn2ZuJ/XifF8MbPhEpS5IotFoWpJBiT2d+kLzRnKCeWUKaFvZWwIdWUoU2naEPwll9eJc3LindVqT5Uy7XbPI4CnMIZXIAH11CDe6hDAxgM4Ble4c2Rzovz7nwsWtecfOYE/sD5/AEQHo2q</latexit>v4

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

<latexit sha1_base64="BIqe/P0g5JOr9w1lLwWPE6suHNg="></latexit>c1

<latexit sha1_base64="deJ03YG8VfKmkWpTw2yLs8AbWVo="></latexit>c2

<latexit sha1_base64="afQUwZUGxgpTDBxNIa+9bCIrDZE="></latexit>c3

<latexit sha1_base64="VhCF7rOeZyZCYf+TDQcSrgBgfBY="></latexit>c4
<latexit sha1_base64="deJ03YG8VfKmkWpTw2yLs8AbWVo="></latexit>c2

<latexit sha1_base64="BIqe/P0g5JOr9w1lLwWPE6suHNg="></latexit>c1

<latexit sha1_base64="BIqe/P0g5JOr9w1lLwWPE6suHNg="></latexit>c1
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Katz Centrality

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

v Katz centrality: Adds a small centrality to every node, 
regardless of their in-degree.

v In matrix notation, 𝒄 = 𝛼𝑨𝒄 + 𝛽𝟏. Rearranging yields

v 𝛼 balances between eigenvector centrality term and the 
constant term.

<latexit sha1_base64="nIKqr3bZyhbk49rGRZoAngjjPVQ="></latexit>

ci = ↵
X

vj2V

Aijcj + �

<latexit sha1_base64="ll/uykRykxkLk9Oq0eYeizXL+VM="></latexit>

c = �(I � ↵A)�1�!1
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PageRank

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

v Consider WWW.
v We would like to rank pages based on their importance for a 

search engine.
v We model web as a graph, node represent webpage and 

edges represent hyperlinks.
v A centrality measure can be used to rank pages (nodes) in this 

graph.

nd.edu
graph
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PageRank

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

v Let’s consider using the Katz centrality.
v A website like Amazon has a high importance and centrality.

Amazon.com

<latexit sha1_base64="xRFvcCAHe3sdZK6o49MLG0zyJbM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbSbt0swm7m0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8Hobua3xqg0j+WTmSToR3QgecgZNVZ6HPe8XrniVt05yCrxclKBHPVe+avbj1kaoTRMUK07npsYP6PKcCZwWuqmGhPKRnSAHUsljVD72fzUKTmzSp+EsbIlDZmrvycyGmk9iQLbGVEz1MveTPzP66QmvPEzLpPUoGSLRWEqiInJ7G/S5wqZERNLKFPc3krYkCrKjE2nZEPwll9eJc2LqndVvXy4rNRu8ziKcAKncA4eXEMN7qEODWAwgGd4hTdHOC/Ou/OxaC04+cwx/IHz+QMLko2n</latexit>v1<latexit sha1_base64="pd6CG+fgXjPa9TrI/+SvifD5VxY=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYJUY9ELx4xyiOBDZkdemHC7OxmZpaEED7BiweN8eoXefNvHGAPClbSSaWqO91dQSK4Nq777eQ2Nre2d/K7hb39g8Oj4vFJU8epYthgsYhVO6AaBZfYMNwIbCcKaRQIbAWju7nfGqPSPJZPZpKgH9GB5CFn1Fjpcdyr9Iolt+wuQNaJl5ESZKj3il/dfszSCKVhgmrd8dzE+FOqDGcCZ4VuqjGhbEQH2LFU0gi1P12cOiMXVumTMFa2pCEL9ffElEZaT6LAdkbUDPWqNxf/8zqpCW/8KZdJalCy5aIwFcTEZP436XOFzIiJJZQpbm8lbEgVZcamU7AheKsvr5NmpexdlasP1VLtNosjD2dwDpfgwTXU4B7q0AAGA3iGV3hzhPPivDsfy9ack82cwh84nz8NFo2o</latexit>v2

<latexit sha1_base64="b2tEeKlWWv/DNO1wXN9nzf05O4M=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHaVqEeiF48Y5ZHAhswOvTBhdnYzM0tCCJ/gxYPGePWLvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCooeNUMayzWMSqFVCNgkusG24EthKFNAoENoPh3cxvjlBpHssnM07Qj2hf8pAzaqz0OOpedoslt+zOQVaJl5ESZKh1i1+dXszSCKVhgmrd9tzE+BOqDGcCp4VOqjGhbEj72LZU0gi1P5mfOiVnVumRMFa2pCFz9ffEhEZaj6PAdkbUDPSyNxP/89qpCW/8CZdJalCyxaIwFcTEZPY36XGFzIixJZQpbm8lbEAVZcamU7AheMsvr5LGRdm7KlceKqXqbRZHHk7gFM7Bg2uowj3UoA4M+vAMr/DmCOfFeXc+Fq05J5s5hj9wPn8ADpqNqQ==</latexit>v3

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

<latexit sha1_base64="hO320iBa8sEmbXNNilQxEqLdr0Y=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KokU9Vj04rGi/YA2lM120y7dbMLupFBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR03TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWju5nfGnNtRKyecJJwP6IDJULBKFrpcdyr9kplt+LOQVaJl5My5Kj3Sl/dfszSiCtkkhrT8dwE/YxqFEzyabGbGp5QNqID3rFU0YgbP5ufOiXnVumTMNa2FJK5+nsio5ExkyiwnRHFoVn2ZuJ/XifF8MbPhEpS5IotFoWpJBiT2d+kLzRnKCeWUKaFvZWwIdWUoU2naEPwll9eJc3LindVqT5Uy7XbPI4CnMIZXIAH11CDe6hDAxgM4Ble4c2Rzovz7nwsWtecfOYE/sD5/AEQHo2q</latexit>v4
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PageRank

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

v Let’s consider using the Katz centrality.
v A website like Amazon has a high importance and centrality.
v Webpages linked by amazon would also have high centrality.

Amazon.com

<latexit sha1_base64="xRFvcCAHe3sdZK6o49MLG0zyJbM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbSbt0swm7m0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8Hobua3xqg0j+WTmSToR3QgecgZNVZ6HPe8XrniVt05yCrxclKBHPVe+avbj1kaoTRMUK07npsYP6PKcCZwWuqmGhPKRnSAHUsljVD72fzUKTmzSp+EsbIlDZmrvycyGmk9iQLbGVEz1MveTPzP66QmvPEzLpPUoGSLRWEqiInJ7G/S5wqZERNLKFPc3krYkCrKjE2nZEPwll9eJc2LqndVvXy4rNRu8ziKcAKncA4eXEMN7qEODWAwgGd4hTdHOC/Ou/OxaC04+cwx/IHz+QMLko2n</latexit>v1<latexit sha1_base64="pd6CG+fgXjPa9TrI/+SvifD5VxY=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYJUY9ELx4xyiOBDZkdemHC7OxmZpaEED7BiweN8eoXefNvHGAPClbSSaWqO91dQSK4Nq777eQ2Nre2d/K7hb39g8Oj4vFJU8epYthgsYhVO6AaBZfYMNwIbCcKaRQIbAWju7nfGqPSPJZPZpKgH9GB5CFn1Fjpcdyr9Iolt+wuQNaJl5ESZKj3il/dfszSCKVhgmrd8dzE+FOqDGcCZ4VuqjGhbEQH2LFU0gi1P12cOiMXVumTMFa2pCEL9ffElEZaT6LAdkbUDPWqNxf/8zqpCW/8KZdJalCy5aIwFcTEZP436XOFzIiJJZQpbm8lbEgVZcamU7AheKsvr5NmpexdlasP1VLtNosjD2dwDpfgwTXU4B7q0AAGA3iGV3hzhPPivDsfy9ack82cwh84nz8NFo2o</latexit>v2

<latexit sha1_base64="b2tEeKlWWv/DNO1wXN9nzf05O4M=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHaVqEeiF48Y5ZHAhswOvTBhdnYzM0tCCJ/gxYPGePWLvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCooeNUMayzWMSqFVCNgkusG24EthKFNAoENoPh3cxvjlBpHssnM07Qj2hf8pAzaqz0OOpedoslt+zOQVaJl5ESZKh1i1+dXszSCKVhgmrd9tzE+BOqDGcCp4VOqjGhbEj72LZU0gi1P5mfOiVnVumRMFa2pCFz9ffEhEZaj6PAdkbUDPSyNxP/89qpCW/8CZdJalCyxaIwFcTEZPY36XGFzIixJZQpbm8lbEAVZcamU7AheMsvr5LGRdm7KlceKqXqbRZHHk7gFM7Bg2uowj3UoA4M+vAMr/DmCOfFeXc+Fq05J5s5hj9wPn8ADpqNqQ==</latexit>v3

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

<latexit sha1_base64="hO320iBa8sEmbXNNilQxEqLdr0Y=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KokU9Vj04rGi/YA2lM120y7dbMLupFBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR03TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWju5nfGnNtRKyecJJwP6IDJULBKFrpcdyr9kplt+LOQVaJl5My5Kj3Sl/dfszSiCtkkhrT8dwE/YxqFEzyabGbGp5QNqID3rFU0YgbP5ufOiXnVumTMNa2FJK5+nsio5ExkyiwnRHFoVn2ZuJ/XifF8MbPhEpS5IotFoWpJBiT2d+kLzRnKCeWUKaFvZWwIdWUoU2naEPwll9eJc3LindVqT5Uy7XbPI4CnMIZXIAH11CDe6hDAxgM4Ble4c2Rzovz7nwsWtecfOYE/sD5/AEQHo2q</latexit>v4

<latexit sha1_base64="NCkR0cbHGMO6irvzguu/W71gPg0="></latexit>c5
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PageRank

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

v Let’s consider using the Katz centrality.
v A website like Amazon has a high importance and centrality.
v Webpages linked by amazon would also have high centrality.
v But many unimportant pages are linked by Amazon, which all 

receive high centrality.

Amazon.com

<latexit sha1_base64="xRFvcCAHe3sdZK6o49MLG0zyJbM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbSbt0swm7m0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8Hobua3xqg0j+WTmSToR3QgecgZNVZ6HPe8XrniVt05yCrxclKBHPVe+avbj1kaoTRMUK07npsYP6PKcCZwWuqmGhPKRnSAHUsljVD72fzUKTmzSp+EsbIlDZmrvycyGmk9iQLbGVEz1MveTPzP66QmvPEzLpPUoGSLRWEqiInJ7G/S5wqZERNLKFPc3krYkCrKjE2nZEPwll9eJc2LqndVvXy4rNRu8ziKcAKncA4eXEMN7qEODWAwgGd4hTdHOC/Ou/OxaC04+cwx/IHz+QMLko2n</latexit>v1<latexit sha1_base64="pd6CG+fgXjPa9TrI/+SvifD5VxY=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYJUY9ELx4xyiOBDZkdemHC7OxmZpaEED7BiweN8eoXefNvHGAPClbSSaWqO91dQSK4Nq777eQ2Nre2d/K7hb39g8Oj4vFJU8epYthgsYhVO6AaBZfYMNwIbCcKaRQIbAWju7nfGqPSPJZPZpKgH9GB5CFn1Fjpcdyr9Iolt+wuQNaJl5ESZKj3il/dfszSCKVhgmrd8dzE+FOqDGcCZ4VuqjGhbEQH2LFU0gi1P12cOiMXVumTMFa2pCEL9ffElEZaT6LAdkbUDPWqNxf/8zqpCW/8KZdJalCy5aIwFcTEZP436XOFzIiJJZQpbm8lbEgVZcamU7AheKsvr5NmpexdlasP1VLtNosjD2dwDpfgwTXU4B7q0AAGA3iGV3hzhPPivDsfy9ack82cwh84nz8NFo2o</latexit>v2

<latexit sha1_base64="b2tEeKlWWv/DNO1wXN9nzf05O4M=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHaVqEeiF48Y5ZHAhswOvTBhdnYzM0tCCJ/gxYPGePWLvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCooeNUMayzWMSqFVCNgkusG24EthKFNAoENoPh3cxvjlBpHssnM07Qj2hf8pAzaqz0OOpedoslt+zOQVaJl5ESZKh1i1+dXszSCKVhgmrd9tzE+BOqDGcCp4VOqjGhbEj72LZU0gi1P5mfOiVnVumRMFa2pCFz9ffEhEZaj6PAdkbUDPSyNxP/89qpCW/8CZdJalCyxaIwFcTEZPY36XGFzIixJZQpbm8lbEAVZcamU7AheMsvr5LGRdm7KlceKqXqbRZHHk7gFM7Bg2uowj3UoA4M+vAMr/DmCOfFeXc+Fq05J5s5hj9wPn8ADpqNqQ==</latexit>v3

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

<latexit sha1_base64="hO320iBa8sEmbXNNilQxEqLdr0Y=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KokU9Vj04rGi/YA2lM120y7dbMLupFBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR03TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWju5nfGnNtRKyecJJwP6IDJULBKFrpcdyr9kplt+LOQVaJl5My5Kj3Sl/dfszSiCtkkhrT8dwE/YxqFEzyabGbGp5QNqID3rFU0YgbP5ufOiXnVumTMNa2FJK5+nsio5ExkyiwnRHFoVn2ZuJ/XifF8MbPhEpS5IotFoWpJBiT2d+kLzRnKCeWUKaFvZWwIdWUoU2naEPwll9eJc3LindVqT5Uy7XbPI4CnMIZXIAH11CDe6hDAxgM4Ble4c2Rzovz7nwsWtecfOYE/sD5/AEQHo2q</latexit>v4

<latexit sha1_base64="NCkR0cbHGMO6irvzguu/W71gPg0="></latexit>c5
<latexit sha1_base64="NCkR0cbHGMO6irvzguu/W71gPg0="></latexit>c5

<latexit sha1_base64="NCkR0cbHGMO6irvzguu/W71gPg0="></latexit>c5

<latexit sha1_base64="NCkR0cbHGMO6irvzguu/W71gPg0="></latexit>c5

<latexit sha1_base64="NCkR0cbHGMO6irvzguu/W71gPg0="></latexit>c5

<latexit sha1_base64="NCkR0cbHGMO6irvzguu/W71gPg0="></latexit>c5
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PageRank

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

v It is reasonable to reduce the outgoing centrality of node based 
on the number of its outgoing edges.

v Hence, each node passes its centrality divided by its out-
degree through each edge.

v For nodes without outgoing edges, we set 𝑑' = 1.

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

<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="b2tEeKlWWv/DNO1wXN9nzf05O4M=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHaVqEeiF48Y5ZHAhswOvTBhdnYzM0tCCJ/gxYPGePWLvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCooeNUMayzWMSqFVCNgkusG24EthKFNAoENoPh3cxvjlBpHssnM07Qj2hf8pAzaqz0OOpedoslt+zOQVaJl5ESZKh1i1+dXszSCKVhgmrd9tzE+BOqDGcCp4VOqjGhbEj72LZU0gi1P5mfOiVnVumRMFa2pCFz9ffEhEZaj6PAdkbUDPSyNxP/89qpCW/8CZdJalCyxaIwFcTEZPY36XGFzIixJZQpbm8lbEAVZcamU7AheMsvr5LGRdm7KlceKqXqbRZHHk7gFM7Bg2uowj3UoA4M+vAMr/DmCOfFeXc+Fq05J5s5hj9wPn8ADpqNqQ==</latexit>v3

<latexit sha1_base64="hO320iBa8sEmbXNNilQxEqLdr0Y=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KokU9Vj04rGi/YA2lM120y7dbMLupFBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR03TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWju5nfGnNtRKyecJJwP6IDJULBKFrpcdyr9kplt+LOQVaJl5My5Kj3Sl/dfszSiCtkkhrT8dwE/YxqFEzyabGbGp5QNqID3rFU0YgbP5ufOiXnVumTMNa2FJK5+nsio5ExkyiwnRHFoVn2ZuJ/XifF8MbPhEpS5IotFoWpJBiT2d+kLzRnKCeWUKaFvZWwIdWUoU2naEPwll9eJc3LindVqT5Uy7XbPI4CnMIZXIAH11CDe6hDAxgM4Ble4c2Rzovz7nwsWtecfOYE/sD5/AEQHo2q</latexit>v4

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

<latexit sha1_base64="cfoHjyAZ38YRQmwcbthuBp1en4A="></latexit>c4

<latexit sha1_base64="7VBb6DLp50GOdX9P8gwdF6BOStY="></latexit>c1
2

<latexit sha1_base64="7VBb6DLp50GOdX9P8gwdF6BOStY="></latexit>c1
2

<latexit sha1_base64="7ySwJoc7uuhzdi7O6THgAERg8u0="></latexit>c5
2

<latexit sha1_base64="7ySwJoc7uuhzdi7O6THgAERg8u0="></latexit>c5
2

<latexit sha1_base64="E0G675th81FcsCtFOJSyJOcPePY="></latexit>c3
2

<latexit sha1_base64="E0G675th81FcsCtFOJSyJOcPePY="></latexit>c3
2

<latexit sha1_base64="SLQX+cXxg/9wsRFFEk5YHWjXxak="></latexit>c2
3

<latexit sha1_base64="SLQX+cXxg/9wsRFFEk5YHWjXxak="></latexit>c2
3

<latexit sha1_base64="SLQX+cXxg/9wsRFFEk5YHWjXxak="></latexit>c2
3

<latexit sha1_base64="m/ncXHRCaq+bwIf4syqwbaOHAac="></latexit>

ci = ↵
X

vj2N(in)(vi)

cj

d(out)j

= ↵
X

vj2V

Aij
cj

d(out)j
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ACMS 80770: Deep Learning with Graphs, Navid Shervani-Tabar

v It is reasonable to reduce the outgoing centrality of node based 
on the number of its outgoing edges.

v Hence, each node passes its centrality divided by its out-
degree through each edge.

v For nodes without outgoing edges, we set 𝑑' = 1.

v Similar to Katz, we add 𝛽 for webpages with no in-links.

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

<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="b2tEeKlWWv/DNO1wXN9nzf05O4M=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHaVqEeiF48Y5ZHAhswOvTBhdnYzM0tCCJ/gxYPGePWLvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCooeNUMayzWMSqFVCNgkusG24EthKFNAoENoPh3cxvjlBpHssnM07Qj2hf8pAzaqz0OOpedoslt+zOQVaJl5ESZKh1i1+dXszSCKVhgmrd9tzE+BOqDGcCp4VOqjGhbEj72LZU0gi1P5mfOiVnVumRMFa2pCFz9ffEhEZaj6PAdkbUDPSyNxP/89qpCW/8CZdJalCyxaIwFcTEZPY36XGFzIixJZQpbm8lbEAVZcamU7AheMsvr5LGRdm7KlceKqXqbRZHHk7gFM7Bg2uowj3UoA4M+vAMr/DmCOfFeXc+Fq05J5s5hj9wPn8ADpqNqQ==</latexit>v3

<latexit sha1_base64="hO320iBa8sEmbXNNilQxEqLdr0Y=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KokU9Vj04rGi/YA2lM120y7dbMLupFBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR03TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWju5nfGnNtRKyecJJwP6IDJULBKFrpcdyr9kplt+LOQVaJl5My5Kj3Sl/dfszSiCtkkhrT8dwE/YxqFEzyabGbGp5QNqID3rFU0YgbP5ufOiXnVumTMNa2FJK5+nsio5ExkyiwnRHFoVn2ZuJ/XifF8MbPhEpS5IotFoWpJBiT2d+kLzRnKCeWUKaFvZWwIdWUoU2naEPwll9eJc3LindVqT5Uy7XbPI4CnMIZXIAH11CDe6hDAxgM4Ble4c2Rzovz7nwsWtecfOYE/sD5/AEQHo2q</latexit>v4

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

<latexit sha1_base64="cfoHjyAZ38YRQmwcbthuBp1en4A="></latexit>c4

<latexit sha1_base64="7VBb6DLp50GOdX9P8gwdF6BOStY="></latexit>c1
2

<latexit sha1_base64="7VBb6DLp50GOdX9P8gwdF6BOStY="></latexit>c1
2

<latexit sha1_base64="7ySwJoc7uuhzdi7O6THgAERg8u0="></latexit>c5
2

<latexit sha1_base64="7ySwJoc7uuhzdi7O6THgAERg8u0="></latexit>c5
2

<latexit sha1_base64="E0G675th81FcsCtFOJSyJOcPePY="></latexit>c3
2

<latexit sha1_base64="E0G675th81FcsCtFOJSyJOcPePY="></latexit>c3
2

<latexit sha1_base64="SLQX+cXxg/9wsRFFEk5YHWjXxak="></latexit>c2
3

<latexit sha1_base64="SLQX+cXxg/9wsRFFEk5YHWjXxak="></latexit>c2
3

<latexit sha1_base64="SLQX+cXxg/9wsRFFEk5YHWjXxak="></latexit>c2
3

<latexit sha1_base64="PvQlZ26zfCTosDE2qW2Mwgco+14="></latexit>

ci = ↵
X

vj2N(in)(vi)

cj

d(out)j

+ �

= ↵
X

vj2V

Aij
cj

d(out)j

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

v In matrix notation (with 𝛽 = 1), 

v Each column in the stochastic adjacency matrix sums to 1.
v The stochastic adjacency matrix is a left stochastic matrix.
Ø Google

<latexit sha1_base64="ooWw9y8SGF2ye58jpCV3FNFKQI0="></latexit>

c = (I � ↵AD�1)�1�!1
Stochastic 

Adjacency Matrix

<latexit sha1_base64="8Rg4d1Z2gYNkcc9Ut2Zj+dnGYF0="></latexit> {

!1 2 !1 3
!1 3

1

!1 3
1 !1 2 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

Rank vector
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Closeness Centrality

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

v Apart from matrix concepts, we may use shortest path to 
define centrality.

v Closeness centrality: Measures the mean distance from a 
node to other nodes.

v If 𝑙!' denotes the shortest distance between nodes 𝑣! and 𝑣' , 
the closeness centrality is computed as 

Ø Faster spread of someone's opinions through a community.

<latexit sha1_base64="JH750h4JbqbrsxunsluAvEKmQg4="></latexit>

ci =
1

1
|V |

P
vj2V lij

=
|V |P

vj2V lij



21

Betweenness Centrality

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

v Betweenness centrality: Measures how often a node lies on 
the path between two nodes in the graph.

where

v A measure of nodes influence on the flow of information in the 
graph.

Ø Cities and postal services.

<latexit sha1_base64="uryTdmZXaD6Djqkrs8V5hCdeQPQ="></latexit>

ck =
X

vi2V

X

vj2V

nk
ij

<latexit sha1_base64="b0aGXVKHJGhmc7FWZmU63O1QyVI="></latexit>

nk
ij =

8
><

>:

1 if vk on the shortest

path between vi, vj
0 otherwise.
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Clustering Coefficient

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

v Clustering coefficient: Computes the ratio of connected 
neighbors 𝑣% and 𝑣& of node 𝑢 to the total pair of nodes in its 
neighborhood. 

<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="gXIHI9tVolCifuVHQKI/BwCuSUs=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF49V7Ae0oWy2k3bpZhN2N0Ip/QdePCji1X/kzX/jps1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4NvPbT6g0j+WjmSToR3QoecgZNVZ6SEv9csWtunOQVeLlpAI5Gv3yV28QszRCaZigWnc9NzH+lCrDmcBZqZdqTCgb0yF2LZU0Qu1P55fOyJlVBiSMlS1pyFz9PTGlkdaTKLCdETUjvexl4n9eNzXhtT/lMkkNSrZYFKaCmJhkb5MBV8iMmFhCmeL2VsJGVFFmbDhZCN7yy6ukdVH1Lqu1+1qlfpPHUYQTOIVz8OAK6nAHDWgCgxCe4RXenLHz4rw7H4vWgpPPHMMfOJ8/GSuNFg==</latexit>u

<latexit sha1_base64="31iC1cmaKbNeR+SBCubUhyO+5Jg="></latexit>

cu =
|(v1, v2) 2 E : v1, v2 2 N (u)|

1
2du(du � 1)

Connected pair 
of neighbors

Total pair of neighbors
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Clustering Coefficient

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

v Clustering coefficient: Computes the ratio of connected 
neighbors 𝑣% and 𝑣& of node 𝑢 to the total pair of nodes in its 
neighborhood. 

v If ego graph of node u is a clique, then 𝑐( = 1.

<latexit sha1_base64="31iC1cmaKbNeR+SBCubUhyO+5Jg="></latexit>

cu =
|(v1, v2) 2 E : v1, v2 2 N (u)|

1
2du(du � 1)

Connected pair 
of neighbors

Total pair of neighbors
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Clustering Coefficient

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

v Clustering coefficient: Computes the ratio of connected 
neighbors 𝑣% and 𝑣& of node 𝑢 to the total pair of nodes in its 
neighborhood. 

v If ego graph of node u is a clique, then 𝑐( = 1.
v By convention, clustering coefficient is zero for disconnected 

nodes and nodes with 1 neighbor. 

<latexit sha1_base64="31iC1cmaKbNeR+SBCubUhyO+5Jg="></latexit>

cu =
|(v1, v2) 2 E : v1, v2 2 N (u)|

1
2du(du � 1)

Connected pair 
of neighbors

Total pair of neighbors

𝒄𝒖 = 𝟎
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Structural Hole

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

v Structural hole: Disconnected neighbors introduce structural 
holes in the graph.

v Structural holes can have both advantages and disadvantages:
Ø High traffic flow in a poorly connected neighborhood.
Ø Added value for transit hubs.
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Clustering Coefficient

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

v Like betweenness, clustering coefficient reflects control of the 
node over the flow of information.

v Betweenness centrality shows nodes centrality in a global 
perspective, while clustering coefficient shows a local 
measure.

v Betweenness centrality is computationally expensive.  

Betweenness 
Centrality

Clustering 
Coefficient
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Motif Count

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

v Motif count: Counts number if arbitrary structures of given 
size within a node’s neighborhood

Ø Triangles
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Summary

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

v Node-Level Features:
• Node Centrality:
v Degree centrality
v Eigenvector centrality
v Katz centrality
v PageRank
v Closeness Centrality
v Betweenness Centrality

• Clustering Coefficient
• Structural Holes
• Motif Count


