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Jumping Knowledge Connection

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

v In the examples so far, we have directly used the embedding in 
the last layer 𝒉!

(#) as node-level feature representation 𝒛!.
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<latexit sha1_base64="0+SekxWv43CiNHXuJ20a482q0ro=">AAAB+3icbVDJSgNBEO1xS4xbjEcvjUHwIGFGRD0GvXiMYBbIhNDTqZk06VnorpGEIR/ixYsHRbz6I968+yF2loMmPih4vFdFVT0vkUKjbX9ZK6tr6xu5/GZha3tnd6+4X2roOFUc6jyWsWp5TIMUEdRRoIRWooCFnoSmN7iZ+M0HUFrE0T2OEuiELIiELzhDI3WLJRdhiIgZCwIFAUMYd4tlu2JPQZeJMyflKnVPv3uPuVq3+On2Yp6GECGXTOu2YyfYyZhCwSWMC26qIWF8wAJoGxqxEHQnm94+psdG6VE/VqYipFP190TGQq1HoWc6Q4Z9vehNxP+8dor+VScTUZIiRHy2yE8lxZhOgqA9oYCjHBnCuBLmVsr7TDGOJq6CCcFZfHmZNM4qzkXl/M6kcU1myJNDckROiEMuSZXckhqpE06G5Im8kFdrbD1bb9b7rHXFms8ckD+wPn4AwyyX3A==</latexit>

aggregate
<latexit sha1_base64="a/vfHNbXo60zZc/Dy1aDmXbe4sk=">AAAB+HicbVDJSgNBEO1xS4xLRj16aQyCBwkzIuox6MVjBLNAMoSenkrSpGehu0aMQz5EvHhQxKuf4s27H2JnOWjig4LHe1VU1fMTKTQ6zpe1tLyyupbLrxc2Nre2i/bObl3HqeJQ47GMVdNnGqSIoIYCJTQTBSz0JTT8wdXYb9yB0iKObnGYgBeyXiS6gjM0UscuthHuETFLk4AhjDp2ySk7E9BF4s5IqULbx9/BY67asT/bQczTECLkkmndcp0EvYwpFFzCqNBONSSMD1gPWoZGLATtZZPDR/TQKAHtxspUhHSi/p7IWKj1MPRNZ8iwr+e9sfif10qxe+FlIkpShIhPF3VTSTGm4xRoIBRwlENDGFfC3Ep5nynG0WRVMCG48y8vkvpJ2T0rn96YNC7JFHmyTw7IEXHJOamQa1IlNcJJSp7IC3m1Hqxn6816n7YuWbOZPfIH1scPhVqWmg==</latexit>

update

<latexit sha1_base64="0+SekxWv43CiNHXuJ20a482q0ro=">AAAB+3icbVDJSgNBEO1xS4xbjEcvjUHwIGFGRD0GvXiMYBbIhNDTqZk06VnorpGEIR/ixYsHRbz6I968+yF2loMmPih4vFdFVT0vkUKjbX9ZK6tr6xu5/GZha3tnd6+4X2roOFUc6jyWsWp5TIMUEdRRoIRWooCFnoSmN7iZ+M0HUFrE0T2OEuiELIiELzhDI3WLJRdhiIgZCwIFAUMYd4tlu2JPQZeJMyflKnVPv3uPuVq3+On2Yp6GECGXTOu2YyfYyZhCwSWMC26qIWF8wAJoGxqxEHQnm94+psdG6VE/VqYipFP190TGQq1HoWc6Q4Z9vehNxP+8dor+VScTUZIiRHy2yE8lxZhOgqA9oYCjHBnCuBLmVsr7TDGOJq6CCcFZfHmZNM4qzkXl/M6kcU1myJNDckROiEMuSZXckhqpE06G5Im8kFdrbD1bb9b7rHXFms8ckD+wPn4AwyyX3A==</latexit>

aggregate
<latexit sha1_base64="a/vfHNbXo60zZc/Dy1aDmXbe4sk=">AAAB+HicbVDJSgNBEO1xS4xLRj16aQyCBwkzIuox6MVjBLNAMoSenkrSpGehu0aMQz5EvHhQxKuf4s27H2JnOWjig4LHe1VU1fMTKTQ6zpe1tLyyupbLrxc2Nre2i/bObl3HqeJQ47GMVdNnGqSIoIYCJTQTBSz0JTT8wdXYb9yB0iKObnGYgBeyXiS6gjM0UscuthHuETFLk4AhjDp2ySk7E9BF4s5IqULbx9/BY67asT/bQczTECLkkmndcp0EvYwpFFzCqNBONSSMD1gPWoZGLATtZZPDR/TQKAHtxspUhHSi/p7IWKj1MPRNZ8iwr+e9sfif10qxe+FlIkpShIhPF3VTSTGm4xRoIBRwlENDGFfC3Ep5nynG0WRVMCG48y8vkvpJ2T0rn96YNC7JFHmyTw7IEXHJOamQa1IlNcJJSp7IC3m1Hqxn6816n7YuWbOZPfIH1scPhVqWmg==</latexit>

update

<latexit sha1_base64="91t94pC64GU2KjBPIl7xTPB1qIA=">AAACBnicbVBNS0JBFJ3Xp9mX1bIPhiRoJe9FVEupTYsghTRBReaNV52c98HMfZI8XEXQX2nToohc9hva9Rv6E43aorQDA4dz7mXuOW4ohUbb/rSmpmdm5+YTC8nFpeWV1dTaelEHkeJQ4IEMVMllGqTwoYACJZRCBcxzJVy77bOBf90BpUXgX2E3hKrHmr5oCM7QSLXUdgXhFuNL9wY4ig7QHq14DFucyfiiV0ul7Yw9BJ0kzg9JZ7f6+a/7nX6ulvqo1AMeeeAjl0zrsmOHWI2ZQsEl9JKVSEPIeJs1oWyozzzQ1XgYo0f3jFKnjUCZ5yMdqr83YuZp3fVcMzk4UY97A/E/rxxh46QaCz+MEHw++qgRSYoBHXRC60KZ9LJrCONKmFspbzHFOJrmkqYEZzzyJCkeZJyjzGHetHFKRkiQTbJL9olDjkmWnJMcKRBO7sgjeSYv1oP1ZL1ab6PRKetnZ4P8gfX+DZrxnOs=</latexit>

Objective L
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v In the examples so far, we have directly used the embedding in 
the last layer 𝒉!

(#) as node-level feature representation 𝒛!.
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aggregate
<latexit sha1_base64="a/vfHNbXo60zZc/Dy1aDmXbe4sk=">AAAB+HicbVDJSgNBEO1xS4xLRj16aQyCBwkzIuox6MVjBLNAMoSenkrSpGehu0aMQz5EvHhQxKuf4s27H2JnOWjig4LHe1VU1fMTKTQ6zpe1tLyyupbLrxc2Nre2i/bObl3HqeJQ47GMVdNnGqSIoIYCJTQTBSz0JTT8wdXYb9yB0iKObnGYgBeyXiS6gjM0UscuthHuETFLk4AhjDp2ySk7E9BF4s5IqULbx9/BY67asT/bQczTECLkkmndcp0EvYwpFFzCqNBONSSMD1gPWoZGLATtZZPDR/TQKAHtxspUhHSi/p7IWKj1MPRNZ8iwr+e9sfif10qxe+FlIkpShIhPF3VTSTGm4xRoIBRwlENDGFfC3Ep5nynG0WRVMCG48y8vkvpJ2T0rn96YNC7JFHmyTw7IEXHJOamQa1IlNcJJSp7IC3m1Hqxn6816n7YuWbOZPfIH1scPhVqWmg==</latexit>

update

<latexit sha1_base64="91t94pC64GU2KjBPIl7xTPB1qIA=">AAACBnicbVBNS0JBFJ3Xp9mX1bIPhiRoJe9FVEupTYsghTRBReaNV52c98HMfZI8XEXQX2nToohc9hva9Rv6E43aorQDA4dz7mXuOW4ohUbb/rSmpmdm5+YTC8nFpeWV1dTaelEHkeJQ4IEMVMllGqTwoYACJZRCBcxzJVy77bOBf90BpUXgX2E3hKrHmr5oCM7QSLXUdgXhFuNL9wY4ig7QHq14DFucyfiiV0ul7Yw9BJ0kzg9JZ7f6+a/7nX6ulvqo1AMeeeAjl0zrsmOHWI2ZQsEl9JKVSEPIeJs1oWyozzzQ1XgYo0f3jFKnjUCZ5yMdqr83YuZp3fVcMzk4UY97A/E/rxxh46QaCz+MEHw++qgRSYoBHXRC60KZ9LJrCONKmFspbzHFOJrmkqYEZzzyJCkeZJyjzGHetHFKRkiQTbJL9olDjkmWnJMcKRBO7sgjeSYv1oP1ZL1ab6PRKetnZ4P8gfX+DZrxnOs=</latexit>

Objective L

<latexit sha1_base64="CzGRTIsGjESWzdjrq5rCJDCiEBw="></latexit>

" h(0)
i

<latexit sha1_base64="e0TiI1U8EuaGuhtd7+MvZTRSVf4="></latexit>

" h(1)
i

<latexit sha1_base64="nOVF96JcxHVOZD5yOAubJyHkMlc="></latexit>

" h(2)
i
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Jumping Knowledge Connection

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

v In the examples so far, we have directly used the embedding in 
the last layer 𝒉!

(#) as node-level feature representation 𝒛!.

v However, over-smoothing causes the local information of the 
node contained in node embedding to be washed out after a 
few iterations of GNN.
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aggregate
<latexit sha1_base64="a/vfHNbXo60zZc/Dy1aDmXbe4sk=">AAAB+HicbVDJSgNBEO1xS4xLRj16aQyCBwkzIuox6MVjBLNAMoSenkrSpGehu0aMQz5EvHhQxKuf4s27H2JnOWjig4LHe1VU1fMTKTQ6zpe1tLyyupbLrxc2Nre2i/bObl3HqeJQ47GMVdNnGqSIoIYCJTQTBSz0JTT8wdXYb9yB0iKObnGYgBeyXiS6gjM0UscuthHuETFLk4AhjDp2ySk7E9BF4s5IqULbx9/BY67asT/bQczTECLkkmndcp0EvYwpFFzCqNBONSSMD1gPWoZGLATtZZPDR/TQKAHtxspUhHSi/p7IWKj1MPRNZ8iwr+e9sfif10qxe+FlIkpShIhPF3VTSTGm4xRoIBRwlENDGFfC3Ep5nynG0WRVMCG48y8vkvpJ2T0rn96YNC7JFHmyTw7IEXHJOamQa1IlNcJJSp7IC3m1Hqxn6816n7YuWbOZPfIH1scPhVqWmg==</latexit>
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<latexit sha1_base64="91t94pC64GU2KjBPIl7xTPB1qIA=">AAACBnicbVBNS0JBFJ3Xp9mX1bIPhiRoJe9FVEupTYsghTRBReaNV52c98HMfZI8XEXQX2nToohc9hva9Rv6E43aorQDA4dz7mXuOW4ohUbb/rSmpmdm5+YTC8nFpeWV1dTaelEHkeJQ4IEMVMllGqTwoYACJZRCBcxzJVy77bOBf90BpUXgX2E3hKrHmr5oCM7QSLXUdgXhFuNL9wY4ig7QHq14DFucyfiiV0ul7Yw9BJ0kzg9JZ7f6+a/7nX6ulvqo1AMeeeAjl0zrsmOHWI2ZQsEl9JKVSEPIeJs1oWyozzzQ1XgYo0f3jFKnjUCZ5yMdqr83YuZp3fVcMzk4UY97A/E/rxxh46QaCz+MEHw++qgRSYoBHXRC60KZ9LJrCONKmFspbzHFOJrmkqYEZzzyJCkeZJyjzGHetHFKRkiQTbJL9olDjkmWnJMcKRBO7sgjeSYv1oP1ZL1ab6PRKetnZ4P8gfX+DZrxnOs=</latexit>

Objective L
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" h(0)
i

<latexit sha1_base64="e0TiI1U8EuaGuhtd7+MvZTRSVf4="></latexit>

" h(1)
i

<latexit sha1_base64="nOVF96JcxHVOZD5yOAubJyHkMlc="></latexit>

" h(2)
i
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ACMS 80770: Deep Learning with Graphs, Navid Shervani-Tabar

v One way to avoid this is by explicitly combining the node 
embeddings 𝒉!

(%) at different layers 𝑘 to construct final feature 
representation 𝒛! for different nodes 𝑣! ∈ 𝑉.
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<latexit sha1_base64="CzGRTIsGjESWzdjrq5rCJDCiEBw="></latexit>

" h(0)
i

<latexit sha1_base64="e0TiI1U8EuaGuhtd7+MvZTRSVf4="></latexit>

" h(1)
i

<latexit sha1_base64="nOVF96JcxHVOZD5yOAubJyHkMlc="></latexit>

" h(2)
i

<latexit sha1_base64="+Gbvy6QrAxZILksW7BmW+sdSEOM="></latexit>

jumping knowledge

<latexit sha1_base64="91t94pC64GU2KjBPIl7xTPB1qIA=">AAACBnicbVBNS0JBFJ3Xp9mX1bIPhiRoJe9FVEupTYsghTRBReaNV52c98HMfZI8XEXQX2nToohc9hva9Rv6E43aorQDA4dz7mXuOW4ohUbb/rSmpmdm5+YTC8nFpeWV1dTaelEHkeJQ4IEMVMllGqTwoYACJZRCBcxzJVy77bOBf90BpUXgX2E3hKrHmr5oCM7QSLXUdgXhFuNL9wY4ig7QHq14DFucyfiiV0ul7Yw9BJ0kzg9JZ7f6+a/7nX6ulvqo1AMeeeAjl0zrsmOHWI2ZQsEl9JKVSEPIeJs1oWyozzzQ1XgYo0f3jFKnjUCZ5yMdqr83YuZp3fVcMzk4UY97A/E/rxxh46QaCz+MEHw++qgRSYoBHXRC60KZ9LJrCONKmFspbzHFOJrmkqYEZzzyJCkeZJyjzGHetHFKRkiQTbJL9olDjkmWnJMcKRBO7sgjeSYv1oP1ZL1ab6PRKetnZ4P8gfX+DZrxnOs=</latexit>

Objective L
<latexit sha1_base64="C6avNEntLr40pYmQtTJxHUX3kUc="></latexit>

" zi
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Jumping Knowledge Connection

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

v One way to avoid this is by explicitly combining the node 
embeddings 𝒉!

(%) at different layers 𝑘 to construct final feature 
representation 𝒛! for different nodes 𝑣! ∈ 𝑉.

v This approach is referred to as Jumping knowledge

v Mathematically put

where 𝑓&' is a differentiable function, ⊕ denotes 
concatenation, and 𝐾 is the number of GNN layers.

<latexit sha1_base64="xGd8ZwFYvJLJ2KsXLQLw2F5LXwQ="></latexit>

zi = fJK
⇣
h(0)
i � · · ·� h(K)

i

⌘
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Graph Pooling

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

v Our discussion on GNNs has, so far, been focused on 
extracting node-level features 𝒛! for nodes 𝑣! ∈ 𝑉.

2 63

1

2 63

2 4 5 1 5131

<latexit sha1_base64="0+SekxWv43CiNHXuJ20a482q0ro=">AAAB+3icbVDJSgNBEO1xS4xbjEcvjUHwIGFGRD0GvXiMYBbIhNDTqZk06VnorpGEIR/ixYsHRbz6I968+yF2loMmPih4vFdFVT0vkUKjbX9ZK6tr6xu5/GZha3tnd6+4X2roOFUc6jyWsWp5TIMUEdRRoIRWooCFnoSmN7iZ+M0HUFrE0T2OEuiELIiELzhDI3WLJRdhiIgZCwIFAUMYd4tlu2JPQZeJMyflKnVPv3uPuVq3+On2Yp6GECGXTOu2YyfYyZhCwSWMC26qIWF8wAJoGxqxEHQnm94+psdG6VE/VqYipFP190TGQq1HoWc6Q4Z9vehNxP+8dor+VScTUZIiRHy2yE8lxZhOgqA9oYCjHBnCuBLmVsr7TDGOJq6CCcFZfHmZNM4qzkXl/M6kcU1myJNDckROiEMuSZXckhqpE06G5Im8kFdrbD1bb9b7rHXFms8ckD+wPn4AwyyX3A==</latexit>

aggregate
<latexit sha1_base64="a/vfHNbXo60zZc/Dy1aDmXbe4sk=">AAAB+HicbVDJSgNBEO1xS4xLRj16aQyCBwkzIuox6MVjBLNAMoSenkrSpGehu0aMQz5EvHhQxKuf4s27H2JnOWjig4LHe1VU1fMTKTQ6zpe1tLyyupbLrxc2Nre2i/bObl3HqeJQ47GMVdNnGqSIoIYCJTQTBSz0JTT8wdXYb9yB0iKObnGYgBeyXiS6gjM0UscuthHuETFLk4AhjDp2ySk7E9BF4s5IqULbx9/BY67asT/bQczTECLkkmndcp0EvYwpFFzCqNBONSSMD1gPWoZGLATtZZPDR/TQKAHtxspUhHSi/p7IWKj1MPRNZ8iwr+e9sfif10qxe+FlIkpShIhPF3VTSTGm4xRoIBRwlENDGFfC3Ep5nynG0WRVMCG48y8vkvpJ2T0rn96YNC7JFHmyTw7IEXHJOamQa1IlNcJJSp7IC3m1Hqxn6816n7YuWbOZPfIH1scPhVqWmg==</latexit>

update

<latexit sha1_base64="0+SekxWv43CiNHXuJ20a482q0ro=">AAAB+3icbVDJSgNBEO1xS4xbjEcvjUHwIGFGRD0GvXiMYBbIhNDTqZk06VnorpGEIR/ixYsHRbz6I968+yF2loMmPih4vFdFVT0vkUKjbX9ZK6tr6xu5/GZha3tnd6+4X2roOFUc6jyWsWp5TIMUEdRRoIRWooCFnoSmN7iZ+M0HUFrE0T2OEuiELIiELzhDI3WLJRdhiIgZCwIFAUMYd4tlu2JPQZeJMyflKnVPv3uPuVq3+On2Yp6GECGXTOu2YyfYyZhCwSWMC26qIWF8wAJoGxqxEHQnm94+psdG6VE/VqYipFP190TGQq1HoWc6Q4Z9vehNxP+8dor+VScTUZIiRHy2yE8lxZhOgqA9oYCjHBnCuBLmVsr7TDGOJq6CCcFZfHmZNM4qzkXl/M6kcU1myJNDckROiEMuSZXckhqpE06G5Im8kFdrbD1bb9b7rHXFms8ckD+wPn4AwyyX3A==</latexit>

aggregate
<latexit sha1_base64="a/vfHNbXo60zZc/Dy1aDmXbe4sk=">AAAB+HicbVDJSgNBEO1xS4xLRj16aQyCBwkzIuox6MVjBLNAMoSenkrSpGehu0aMQz5EvHhQxKuf4s27H2JnOWjig4LHe1VU1fMTKTQ6zpe1tLyyupbLrxc2Nre2i/bObl3HqeJQ47GMVdNnGqSIoIYCJTQTBSz0JTT8wdXYb9yB0iKObnGYgBeyXiS6gjM0UscuthHuETFLk4AhjDp2ySk7E9BF4s5IqULbx9/BY67asT/bQczTECLkkmndcp0EvYwpFFzCqNBONSSMD1gPWoZGLATtZZPDR/TQKAHtxspUhHSi/p7IWKj1MPRNZ8iwr+e9sfif10qxe+FlIkpShIhPF3VTSTGm4xRoIBRwlENDGFfC3Ep5nynG0WRVMCG48y8vkvpJ2T0rn96YNC7JFHmyTw7IEXHJOamQa1IlNcJJSp7IC3m1Hqxn6816n7YuWbOZPfIH1scPhVqWmg==</latexit>

update

<latexit sha1_base64="91t94pC64GU2KjBPIl7xTPB1qIA=">AAACBnicbVBNS0JBFJ3Xp9mX1bIPhiRoJe9FVEupTYsghTRBReaNV52c98HMfZI8XEXQX2nToohc9hva9Rv6E43aorQDA4dz7mXuOW4ohUbb/rSmpmdm5+YTC8nFpeWV1dTaelEHkeJQ4IEMVMllGqTwoYACJZRCBcxzJVy77bOBf90BpUXgX2E3hKrHmr5oCM7QSLXUdgXhFuNL9wY4ig7QHq14DFucyfiiV0ul7Yw9BJ0kzg9JZ7f6+a/7nX6ulvqo1AMeeeAjl0zrsmOHWI2ZQsEl9JKVSEPIeJs1oWyozzzQ1XgYo0f3jFKnjUCZ5yMdqr83YuZp3fVcMzk4UY97A/E/rxxh46QaCz+MEHw++qgRSYoBHXRC60KZ9LJrCONKmFspbzHFOJrmkqYEZzzyJCkeZJyjzGHetHFKRkiQTbJL9olDjkmWnJMcKRBO7sgjeSYv1oP1ZL1ab6PRKetnZ4P8gfX+DZrxnOs=</latexit>

Objective L
<latexit sha1_base64="C6avNEntLr40pYmQtTJxHUX3kUc="></latexit>

" zi
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Graph Pooling

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

v Our discussion on GNNs has, so far, been focused on 
extracting node-level features 𝒛! for nodes 𝑣! ∈ 𝑉.

v However, many practical scenarios involve graph-level tasks.

v To that end, we need to construct graph-level embeddings 𝒛(
that represent the whole graph 𝐺.

2 63

1

2 63

2 4 5 1 5131

<latexit sha1_base64="0+SekxWv43CiNHXuJ20a482q0ro=">AAAB+3icbVDJSgNBEO1xS4xbjEcvjUHwIGFGRD0GvXiMYBbIhNDTqZk06VnorpGEIR/ixYsHRbz6I968+yF2loMmPih4vFdFVT0vkUKjbX9ZK6tr6xu5/GZha3tnd6+4X2roOFUc6jyWsWp5TIMUEdRRoIRWooCFnoSmN7iZ+M0HUFrE0T2OEuiELIiELzhDI3WLJRdhiIgZCwIFAUMYd4tlu2JPQZeJMyflKnVPv3uPuVq3+On2Yp6GECGXTOu2YyfYyZhCwSWMC26qIWF8wAJoGxqxEHQnm94+psdG6VE/VqYipFP190TGQq1HoWc6Q4Z9vehNxP+8dor+VScTUZIiRHy2yE8lxZhOgqA9oYCjHBnCuBLmVsr7TDGOJq6CCcFZfHmZNM4qzkXl/M6kcU1myJNDckROiEMuSZXckhqpE06G5Im8kFdrbD1bb9b7rHXFms8ckD+wPn4AwyyX3A==</latexit>

aggregate
<latexit sha1_base64="a/vfHNbXo60zZc/Dy1aDmXbe4sk=">AAAB+HicbVDJSgNBEO1xS4xLRj16aQyCBwkzIuox6MVjBLNAMoSenkrSpGehu0aMQz5EvHhQxKuf4s27H2JnOWjig4LHe1VU1fMTKTQ6zpe1tLyyupbLrxc2Nre2i/bObl3HqeJQ47GMVdNnGqSIoIYCJTQTBSz0JTT8wdXYb9yB0iKObnGYgBeyXiS6gjM0UscuthHuETFLk4AhjDp2ySk7E9BF4s5IqULbx9/BY67asT/bQczTECLkkmndcp0EvYwpFFzCqNBONSSMD1gPWoZGLATtZZPDR/TQKAHtxspUhHSi/p7IWKj1MPRNZ8iwr+e9sfif10qxe+FlIkpShIhPF3VTSTGm4xRoIBRwlENDGFfC3Ep5nynG0WRVMCG48y8vkvpJ2T0rn96YNC7JFHmyTw7IEXHJOamQa1IlNcJJSp7IC3m1Hqxn6816n7YuWbOZPfIH1scPhVqWmg==</latexit>

update

<latexit sha1_base64="0+SekxWv43CiNHXuJ20a482q0ro=">AAAB+3icbVDJSgNBEO1xS4xbjEcvjUHwIGFGRD0GvXiMYBbIhNDTqZk06VnorpGEIR/ixYsHRbz6I968+yF2loMmPih4vFdFVT0vkUKjbX9ZK6tr6xu5/GZha3tnd6+4X2roOFUc6jyWsWp5TIMUEdRRoIRWooCFnoSmN7iZ+M0HUFrE0T2OEuiELIiELzhDI3WLJRdhiIgZCwIFAUMYd4tlu2JPQZeJMyflKnVPv3uPuVq3+On2Yp6GECGXTOu2YyfYyZhCwSWMC26qIWF8wAJoGxqxEHQnm94+psdG6VE/VqYipFP190TGQq1HoWc6Q4Z9vehNxP+8dor+VScTUZIiRHy2yE8lxZhOgqA9oYCjHBnCuBLmVsr7TDGOJq6CCcFZfHmZNM4qzkXl/M6kcU1myJNDckROiEMuSZXckhqpE06G5Im8kFdrbD1bb9b7rHXFms8ckD+wPn4AwyyX3A==</latexit>

aggregate
<latexit sha1_base64="a/vfHNbXo60zZc/Dy1aDmXbe4sk=">AAAB+HicbVDJSgNBEO1xS4xLRj16aQyCBwkzIuox6MVjBLNAMoSenkrSpGehu0aMQz5EvHhQxKuf4s27H2JnOWjig4LHe1VU1fMTKTQ6zpe1tLyyupbLrxc2Nre2i/bObl3HqeJQ47GMVdNnGqSIoIYCJTQTBSz0JTT8wdXYb9yB0iKObnGYgBeyXiS6gjM0UscuthHuETFLk4AhjDp2ySk7E9BF4s5IqULbx9/BY67asT/bQczTECLkkmndcp0EvYwpFFzCqNBONSSMD1gPWoZGLATtZZPDR/TQKAHtxspUhHSi/p7IWKj1MPRNZ8iwr+e9sfif10qxe+FlIkpShIhPF3VTSTGm4xRoIBRwlENDGFfC3Ep5nynG0WRVMCG48y8vkvpJ2T0rn96YNC7JFHmyTw7IEXHJOamQa1IlNcJJSp7IC3m1Hqxn6816n7YuWbOZPfIH1scPhVqWmg==</latexit>

update

<latexit sha1_base64="91t94pC64GU2KjBPIl7xTPB1qIA=">AAACBnicbVBNS0JBFJ3Xp9mX1bIPhiRoJe9FVEupTYsghTRBReaNV52c98HMfZI8XEXQX2nToohc9hva9Rv6E43aorQDA4dz7mXuOW4ohUbb/rSmpmdm5+YTC8nFpeWV1dTaelEHkeJQ4IEMVMllGqTwoYACJZRCBcxzJVy77bOBf90BpUXgX2E3hKrHmr5oCM7QSLXUdgXhFuNL9wY4ig7QHq14DFucyfiiV0ul7Yw9BJ0kzg9JZ7f6+a/7nX6ulvqo1AMeeeAjl0zrsmOHWI2ZQsEl9JKVSEPIeJs1oWyozzzQ1XgYo0f3jFKnjUCZ5yMdqr83YuZp3fVcMzk4UY97A/E/rxxh46QaCz+MEHw++qgRSYoBHXRC60KZ9LJrCONKmFspbzHFOJrmkqYEZzzyJCkeZJyjzGHetHFKRkiQTbJL9olDjkmWnJMcKRBO7sgjeSYv1oP1ZL1ab6PRKetnZ4P8gfX+DZrxnOs=</latexit>

Objective L
<latexit sha1_base64="C6avNEntLr40pYmQtTJxHUX3kUc="></latexit>

" zi
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Graph Pooling

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

v Our discussion on GNNs has, so far, been focused on 
extracting node-level features 𝒛! for nodes 𝑣! ∈ 𝑉.

v However, many practical scenarios involve graph-level tasks.

v To that end, we need to construct graph-level embeddings 𝒛(
that represent the whole graph 𝐺.

v The set of approaches to construct graph-level embeddings 
from node-level embeddings are referred to as graph pooling.

v There are two general methods for graph pooling

Ø Multi-Set pooling approaches

Ø Graph coarsening approaches.
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Multi-set Pooling

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

v In the multi-set pooling approach, a pooling function 𝑓) maps 
node embeddings 𝒛! to a graph-level embedding 𝒛(.

2 63

1

2 63

2 4 5 1 5131

<latexit sha1_base64="0+SekxWv43CiNHXuJ20a482q0ro=">AAAB+3icbVDJSgNBEO1xS4xbjEcvjUHwIGFGRD0GvXiMYBbIhNDTqZk06VnorpGEIR/ixYsHRbz6I968+yF2loMmPih4vFdFVT0vkUKjbX9ZK6tr6xu5/GZha3tnd6+4X2roOFUc6jyWsWp5TIMUEdRRoIRWooCFnoSmN7iZ+M0HUFrE0T2OEuiELIiELzhDI3WLJRdhiIgZCwIFAUMYd4tlu2JPQZeJMyflKnVPv3uPuVq3+On2Yp6GECGXTOu2YyfYyZhCwSWMC26qIWF8wAJoGxqxEHQnm94+psdG6VE/VqYipFP190TGQq1HoWc6Q4Z9vehNxP+8dor+VScTUZIiRHy2yE8lxZhOgqA9oYCjHBnCuBLmVsr7TDGOJq6CCcFZfHmZNM4qzkXl/M6kcU1myJNDckROiEMuSZXckhqpE06G5Im8kFdrbD1bb9b7rHXFms8ckD+wPn4AwyyX3A==</latexit>

aggregate
<latexit sha1_base64="a/vfHNbXo60zZc/Dy1aDmXbe4sk=">AAAB+HicbVDJSgNBEO1xS4xLRj16aQyCBwkzIuox6MVjBLNAMoSenkrSpGehu0aMQz5EvHhQxKuf4s27H2JnOWjig4LHe1VU1fMTKTQ6zpe1tLyyupbLrxc2Nre2i/bObl3HqeJQ47GMVdNnGqSIoIYCJTQTBSz0JTT8wdXYb9yB0iKObnGYgBeyXiS6gjM0UscuthHuETFLk4AhjDp2ySk7E9BF4s5IqULbx9/BY67asT/bQczTECLkkmndcp0EvYwpFFzCqNBONSSMD1gPWoZGLATtZZPDR/TQKAHtxspUhHSi/p7IWKj1MPRNZ8iwr+e9sfif10qxe+FlIkpShIhPF3VTSTGm4xRoIBRwlENDGFfC3Ep5nynG0WRVMCG48y8vkvpJ2T0rn96YNC7JFHmyTw7IEXHJOamQa1IlNcJJSp7IC3m1Hqxn6816n7YuWbOZPfIH1scPhVqWmg==</latexit>

update

<latexit sha1_base64="0+SekxWv43CiNHXuJ20a482q0ro=">AAAB+3icbVDJSgNBEO1xS4xbjEcvjUHwIGFGRD0GvXiMYBbIhNDTqZk06VnorpGEIR/ixYsHRbz6I968+yF2loMmPih4vFdFVT0vkUKjbX9ZK6tr6xu5/GZha3tnd6+4X2roOFUc6jyWsWp5TIMUEdRRoIRWooCFnoSmN7iZ+M0HUFrE0T2OEuiELIiELzhDI3WLJRdhiIgZCwIFAUMYd4tlu2JPQZeJMyflKnVPv3uPuVq3+On2Yp6GECGXTOu2YyfYyZhCwSWMC26qIWF8wAJoGxqxEHQnm94+psdG6VE/VqYipFP190TGQq1HoWc6Q4Z9vehNxP+8dor+VScTUZIiRHy2yE8lxZhOgqA9oYCjHBnCuBLmVsr7TDGOJq6CCcFZfHmZNM4qzkXl/M6kcU1myJNDckROiEMuSZXckhqpE06G5Im8kFdrbD1bb9b7rHXFms8ckD+wPn4AwyyX3A==</latexit>

aggregate
<latexit sha1_base64="a/vfHNbXo60zZc/Dy1aDmXbe4sk=">AAAB+HicbVDJSgNBEO1xS4xLRj16aQyCBwkzIuox6MVjBLNAMoSenkrSpGehu0aMQz5EvHhQxKuf4s27H2JnOWjig4LHe1VU1fMTKTQ6zpe1tLyyupbLrxc2Nre2i/bObl3HqeJQ47GMVdNnGqSIoIYCJTQTBSz0JTT8wdXYb9yB0iKObnGYgBeyXiS6gjM0UscuthHuETFLk4AhjDp2ySk7E9BF4s5IqULbx9/BY67asT/bQczTECLkkmndcp0EvYwpFFzCqNBONSSMD1gPWoZGLATtZZPDR/TQKAHtxspUhHSi/p7IWKj1MPRNZ8iwr+e9sfif10qxe+FlIkpShIhPF3VTSTGm4xRoIBRwlENDGFfC3Ep5nynG0WRVMCG48y8vkvpJ2T0rn96YNC7JFHmyTw7IEXHJOamQa1IlNcJJSp7IC3m1Hqxn6816n7YuWbOZPfIH1scPhVqWmg==</latexit>

update

<latexit sha1_base64="33e1WK6lC7eIba8Tfd3yo4oZsx0="></latexit>

" h(K)
i
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Multi-set Pooling

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

v In the multi-set pooling approach, a pooling function 𝑓) maps 
node embeddings 𝒛! to a graph-level embedding 𝒛(.

2 63

1

2 63

2 4 5 1 5131

<latexit sha1_base64="0+SekxWv43CiNHXuJ20a482q0ro=">AAAB+3icbVDJSgNBEO1xS4xbjEcvjUHwIGFGRD0GvXiMYBbIhNDTqZk06VnorpGEIR/ixYsHRbz6I968+yF2loMmPih4vFdFVT0vkUKjbX9ZK6tr6xu5/GZha3tnd6+4X2roOFUc6jyWsWp5TIMUEdRRoIRWooCFnoSmN7iZ+M0HUFrE0T2OEuiELIiELzhDI3WLJRdhiIgZCwIFAUMYd4tlu2JPQZeJMyflKnVPv3uPuVq3+On2Yp6GECGXTOu2YyfYyZhCwSWMC26qIWF8wAJoGxqxEHQnm94+psdG6VE/VqYipFP190TGQq1HoWc6Q4Z9vehNxP+8dor+VScTUZIiRHy2yE8lxZhOgqA9oYCjHBnCuBLmVsr7TDGOJq6CCcFZfHmZNM4qzkXl/M6kcU1myJNDckROiEMuSZXckhqpE06G5Im8kFdrbD1bb9b7rHXFms8ckD+wPn4AwyyX3A==</latexit>

aggregate
<latexit sha1_base64="a/vfHNbXo60zZc/Dy1aDmXbe4sk=">AAAB+HicbVDJSgNBEO1xS4xLRj16aQyCBwkzIuox6MVjBLNAMoSenkrSpGehu0aMQz5EvHhQxKuf4s27H2JnOWjig4LHe1VU1fMTKTQ6zpe1tLyyupbLrxc2Nre2i/bObl3HqeJQ47GMVdNnGqSIoIYCJTQTBSz0JTT8wdXYb9yB0iKObnGYgBeyXiS6gjM0UscuthHuETFLk4AhjDp2ySk7E9BF4s5IqULbx9/BY67asT/bQczTECLkkmndcp0EvYwpFFzCqNBONSSMD1gPWoZGLATtZZPDR/TQKAHtxspUhHSi/p7IWKj1MPRNZ8iwr+e9sfif10qxe+FlIkpShIhPF3VTSTGm4xRoIBRwlENDGFfC3Ep5nynG0WRVMCG48y8vkvpJ2T0rn96YNC7JFHmyTw7IEXHJOamQa1IlNcJJSp7IC3m1Hqxn6816n7YuWbOZPfIH1scPhVqWmg==</latexit>

update

<latexit sha1_base64="0+SekxWv43CiNHXuJ20a482q0ro=">AAAB+3icbVDJSgNBEO1xS4xbjEcvjUHwIGFGRD0GvXiMYBbIhNDTqZk06VnorpGEIR/ixYsHRbz6I968+yF2loMmPih4vFdFVT0vkUKjbX9ZK6tr6xu5/GZha3tnd6+4X2roOFUc6jyWsWp5TIMUEdRRoIRWooCFnoSmN7iZ+M0HUFrE0T2OEuiELIiELzhDI3WLJRdhiIgZCwIFAUMYd4tlu2JPQZeJMyflKnVPv3uPuVq3+On2Yp6GECGXTOu2YyfYyZhCwSWMC26qIWF8wAJoGxqxEHQnm94+psdG6VE/VqYipFP190TGQq1HoWc6Q4Z9vehNxP+8dor+VScTUZIiRHy2yE8lxZhOgqA9oYCjHBnCuBLmVsr7TDGOJq6CCcFZfHmZNM4qzkXl/M6kcU1myJNDckROiEMuSZXckhqpE06G5Im8kFdrbD1bb9b7rHXFms8ckD+wPn4AwyyX3A==</latexit>

aggregate
<latexit sha1_base64="a/vfHNbXo60zZc/Dy1aDmXbe4sk=">AAAB+HicbVDJSgNBEO1xS4xLRj16aQyCBwkzIuox6MVjBLNAMoSenkrSpGehu0aMQz5EvHhQxKuf4s27H2JnOWjig4LHe1VU1fMTKTQ6zpe1tLyyupbLrxc2Nre2i/bObl3HqeJQ47GMVdNnGqSIoIYCJTQTBSz0JTT8wdXYb9yB0iKObnGYgBeyXiS6gjM0UscuthHuETFLk4AhjDp2ySk7E9BF4s5IqULbx9/BY67asT/bQczTECLkkmndcp0EvYwpFFzCqNBONSSMD1gPWoZGLATtZZPDR/TQKAHtxspUhHSi/p7IWKj1MPRNZ8iwr+e9sfif10qxe+FlIkpShIhPF3VTSTGm4xRoIBRwlENDGFfC3Ep5nynG0WRVMCG48y8vkvpJ2T0rn96YNC7JFHmyTw7IEXHJOamQa1IlNcJJSp7IC3m1Hqxn6816n7YuWbOZPfIH1scPhVqWmg==</latexit>

update

<latexit sha1_base64="33e1WK6lC7eIba8Tfd3yo4oZsx0="></latexit>

" h(K)
i

<latexit sha1_base64="g+BaiwFBMmwK3XOa0EKRVOfbBUI="></latexit>

multi-set pooling

<latexit sha1_base64="710A/OeyyGfWZv6KrAAodHqiUko="></latexit>

" zG
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Multi-set Pooling

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

v In the multi-set pooling approach, a pooling function 𝑓) maps 
node embeddings 𝒛! to a graph-level embedding 𝒛(.

v This approach is similar to constructing messages from the 
multi-set of node embeddings in the neighborhood during 
message-passing.

2 63

1

2 63

2 4 5 1 5131

<latexit sha1_base64="0+SekxWv43CiNHXuJ20a482q0ro=">AAAB+3icbVDJSgNBEO1xS4xbjEcvjUHwIGFGRD0GvXiMYBbIhNDTqZk06VnorpGEIR/ixYsHRbz6I968+yF2loMmPih4vFdFVT0vkUKjbX9ZK6tr6xu5/GZha3tnd6+4X2roOFUc6jyWsWp5TIMUEdRRoIRWooCFnoSmN7iZ+M0HUFrE0T2OEuiELIiELzhDI3WLJRdhiIgZCwIFAUMYd4tlu2JPQZeJMyflKnVPv3uPuVq3+On2Yp6GECGXTOu2YyfYyZhCwSWMC26qIWF8wAJoGxqxEHQnm94+psdG6VE/VqYipFP190TGQq1HoWc6Q4Z9vehNxP+8dor+VScTUZIiRHy2yE8lxZhOgqA9oYCjHBnCuBLmVsr7TDGOJq6CCcFZfHmZNM4qzkXl/M6kcU1myJNDckROiEMuSZXckhqpE06G5Im8kFdrbD1bb9b7rHXFms8ckD+wPn4AwyyX3A==</latexit>

aggregate
<latexit sha1_base64="a/vfHNbXo60zZc/Dy1aDmXbe4sk=">AAAB+HicbVDJSgNBEO1xS4xLRj16aQyCBwkzIuox6MVjBLNAMoSenkrSpGehu0aMQz5EvHhQxKuf4s27H2JnOWjig4LHe1VU1fMTKTQ6zpe1tLyyupbLrxc2Nre2i/bObl3HqeJQ47GMVdNnGqSIoIYCJTQTBSz0JTT8wdXYb9yB0iKObnGYgBeyXiS6gjM0UscuthHuETFLk4AhjDp2ySk7E9BF4s5IqULbx9/BY67asT/bQczTECLkkmndcp0EvYwpFFzCqNBONSSMD1gPWoZGLATtZZPDR/TQKAHtxspUhHSi/p7IWKj1MPRNZ8iwr+e9sfif10qxe+FlIkpShIhPF3VTSTGm4xRoIBRwlENDGFfC3Ep5nynG0WRVMCG48y8vkvpJ2T0rn96YNC7JFHmyTw7IEXHJOamQa1IlNcJJSp7IC3m1Hqxn6816n7YuWbOZPfIH1scPhVqWmg==</latexit>

update

<latexit sha1_base64="0+SekxWv43CiNHXuJ20a482q0ro=">AAAB+3icbVDJSgNBEO1xS4xbjEcvjUHwIGFGRD0GvXiMYBbIhNDTqZk06VnorpGEIR/ixYsHRbz6I968+yF2loMmPih4vFdFVT0vkUKjbX9ZK6tr6xu5/GZha3tnd6+4X2roOFUc6jyWsWp5TIMUEdRRoIRWooCFnoSmN7iZ+M0HUFrE0T2OEuiELIiELzhDI3WLJRdhiIgZCwIFAUMYd4tlu2JPQZeJMyflKnVPv3uPuVq3+On2Yp6GECGXTOu2YyfYyZhCwSWMC26qIWF8wAJoGxqxEHQnm94+psdG6VE/VqYipFP190TGQq1HoWc6Q4Z9vehNxP+8dor+VScTUZIiRHy2yE8lxZhOgqA9oYCjHBnCuBLmVsr7TDGOJq6CCcFZfHmZNM4qzkXl/M6kcU1myJNDckROiEMuSZXckhqpE06G5Im8kFdrbD1bb9b7rHXFms8ckD+wPn4AwyyX3A==</latexit>

aggregate
<latexit sha1_base64="a/vfHNbXo60zZc/Dy1aDmXbe4sk=">AAAB+HicbVDJSgNBEO1xS4xLRj16aQyCBwkzIuox6MVjBLNAMoSenkrSpGehu0aMQz5EvHhQxKuf4s27H2JnOWjig4LHe1VU1fMTKTQ6zpe1tLyyupbLrxc2Nre2i/bObl3HqeJQ47GMVdNnGqSIoIYCJTQTBSz0JTT8wdXYb9yB0iKObnGYgBeyXiS6gjM0UscuthHuETFLk4AhjDp2ySk7E9BF4s5IqULbx9/BY67asT/bQczTECLkkmndcp0EvYwpFFzCqNBONSSMD1gPWoZGLATtZZPDR/TQKAHtxspUhHSi/p7IWKj1MPRNZ8iwr+e9sfif10qxe+FlIkpShIhPF3VTSTGm4xRoIBRwlENDGFfC3Ep5nynG0WRVMCG48y8vkvpJ2T0rn96YNC7JFHmyTw7IEXHJOamQa1IlNcJJSp7IC3m1Hqxn6816n7YuWbOZPfIH1scPhVqWmg==</latexit>

update

<latexit sha1_base64="33e1WK6lC7eIba8Tfd3yo4oZsx0="></latexit>

" h(K)
i

<latexit sha1_base64="g+BaiwFBMmwK3XOa0EKRVOfbBUI="></latexit>

multi-set pooling

<latexit sha1_base64="710A/OeyyGfWZv6KrAAodHqiUko="></latexit>

" zG
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Multi-set Pooling

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

v In the multi-set pooling approach, a pooling function 𝑓) maps 
node embeddings 𝒛! to a graph-level embedding 𝒛(.

v This approach is similar to constructing messages from the 
multi-set of node embeddings in the neighborhood during 
message-passing.

v In practice, any function used in the aggregation step can be 
used for multi-set pooling.

Ø An example of such function is sum or average function

where 𝑓* is a differentiable normalization function.

<latexit sha1_base64="sK6ZIBk8cuO9lcozYv42p9NRLWw="></latexit>

zG =

P
vi2V zi

fn(|V |)
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Multi-set Pooling

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

v One issue with the multi-set pooling approaches is that they 
construct graph-level representations from a multi-set of 
individual node embedding vectors and disregard the graph 
connectivity.
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Graph Coarsening

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

v One issue with the multi-set pooling approaches is that they 
construct graph-level representations from a multi-set of 
individual node embedding vectors and disregard the graph 
connectivity.

v To address this issue, one can perform successive graph 
coarsening operations to construct graph-level features.

v This method is inspired by pooling in the CNN models.
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Graph Coarsening

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

v One issue with the multi-set pooling approaches is that they 
construct graph-level representations from a multi-set of 
individual node embedding vectors and disregard the graph 
connectivity.

v To address this issue, one can perform successive graph 
coarsening operations to construct graph-level features.

v This method is inspired by pooling in the CNN models.
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Graph Coarsening

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

v One issue with the multi-set pooling approaches is that they 
construct graph-level representations from a multi-set of 
individual node embedding vectors and disregard the graph 
connectivity.

v To address this issue, one can perform successive graph 
coarsening operations to construct graph-level features.

v This method is inspired by pooling in the CNN models.
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Graph Coarsening

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

v In each iteration, coarsening operator clusters sets of 
connected nodes to construct super-nodes for a coarsened 
graph.
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Graph Coarsening

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

v In each iteration, coarsening operator clusters sets of 
connected nodes to construct super-nodes for a coarsened 
graph.
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Graph Coarsening

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

v In each iteration, coarsening operator clusters sets of 
connected nodes to construct super-nodes for a coarsened 
graph.
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Graph Coarsening

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

v In each iteration, coarsening operator clusters sets of 
connected nodes to construct super-nodes for a coarsened 
graph.

v Let 𝑓+ be a coarsening function such that 
<latexit sha1_base64="TQpgg13i2nt9kaQL89AzMVYIIXI="></latexit>

fc : G⇥ R|V |⇥d �! R+,|V |⇥C
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Graph Coarsening

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

v The coarsening function 𝑓+ maps graph 𝐺 and its set of node 
embeddings 𝒉! ∈ ℝ, to an assignment matrix 𝑺 ∈ ℝ-, / ×1

which assigns each node 𝑣! to one of the 𝐶 clusters.
v Each row 𝑺! ∈ ℝ-, 2 represents strength of association of 

node 𝑣! to each of the 𝐶 different clusters over the graph. 
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Graph Coarsening

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

v The coarsening function 𝑓+ maps graph 𝐺 and its set of node 
embeddings 𝒉! ∈ ℝ, to an assignment matrix 𝑺 ∈ ℝ-, / ×1

which assigns each node 𝑣! to one of the 𝐶 clusters.
v Each row 𝑺! ∈ ℝ-, 2 represents strength of association of 

node 𝑣! to each of the 𝐶 different clusters over the graph. 
v Given an assignment matrix, one can coarsen the graph and 

represent it using 𝐶 nodes, instead.
Ø
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Graph Coarsening

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

v The coarsening function 𝑓+ maps graph 𝐺 and its set of node 
embeddings 𝒉! ∈ ℝ, to an assignment matrix 𝑺 ∈ ℝ-, / ×1

which assigns each node 𝑣! to one of the 𝐶 clusters.
v Each row 𝑺! ∈ ℝ-, 2 represents strength of association of 

node 𝑣! to each of the 𝐶 different clusters over the graph. 
v Given an assignment matrix, one can coarsen the graph and 

represent it using 𝐶 nodes, instead.
v This coarsened representation, roughly speaking, depicts the 

graph on a lower resolution.
v The adjacency matrix for the coarsened graph 𝐺′ is 

where 𝐀3 ∈ ℝ-, 2×2.

<latexit sha1_base64="kjcvyGuWEsmtSnGENYQaL2db3kY=">AAACHXicbVDLSsNAFJ3UV62vqEs3wSK6KokUdSNU3bis2Be0tUwmk3boJBNmbsQS+iNu/BU3LhRx4Ub8G6dtQNt6YJjDOfdy7z1uxJkC2/42MguLS8sr2dXc2vrG5pa5vVNTIpaEVongQjZcrChnIa0CA04bkaQ4cDmtu/2rkV+/p1IxEVZgENF2gLsh8xnBoKWOWWwBfQDXTy6Gh+ctV3BPDQL9JbfDu8qvN+10zLxdsMew5omTkjxKUe6Yny1PkDigIRCOlWo6dgTtBEtghNNhrhUrGmHSx13a1DTEAVXtZHzd0DrQimf5QuoXgjVW/3YkOFCj1XRlgKGnZr2R+J/XjME/aycsjGKgIZkM8mNugbBGUVkek5QAH2iCiWR6V4v0sMQEdKA5HYIze/I8qR0XnJNC8aaYL12mcWTRHtpHR8hBp6iErlEZVRFBj+gZvaI348l4Md6Nj0lpxkh7dtEUjK8fG5qj0g==</latexit>

A0 = STAS
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Graph Coarsening

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

v Elements on the coarsened adjacency matrix 𝐀3 may not be 
binary anymore.

v Therefore, non-zero elements on 𝐀3 represent the strength of 
relation between different clusters.
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Graph Coarsening

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

v Elements on the coarsened adjacency matrix 𝐀3 may not be 
binary anymore.

v Therefore, non-zero elements on 𝐀3 represent the strength of 
relation between different clusters.

v Similarly, we can construct coarsened feature representations 
analogue to the original graph

v The coarsened features 𝑯′ would be 

where 𝑯3 ∈ ℝ2×,.

<latexit sha1_base64="KOeVxHu4XGm8gW7eM9zXwwiPbo0=">AAACF3icbVC7TsMwFHV4lvIKMLJYVAimKEEVsCBVsHQsoi+pDZXjOK1VJ45sB6mK+hcs/AoLAwixwsbf4LQZ+uBIlo/PuVe+93gxo1LZ9q+xsrq2vrFZ2Cpu7+zu7ZsHh03JE4FJA3PGRdtDkjAakYaiipF2LAgKPUZa3vAu81tPREjKo7oaxcQNUT+iAcVIaalnWl2PM1+OQn2l1fHZzez7YfxYn/d7Zsm27AngMnFyUgI5aj3zp+tznIQkUpghKTuOHSs3RUJRzMi42E0kiREeoj7paBqhkEg3new1hqda8WHAhT6RghN1tiNFocxG05UhUgO56GXif14nUcG1m9IoThSJ8PSjIGFQcZiFBH0qCFZspAnCgupZIR4ggbDSURZ1CM7iysukeWE5l1b5vlyq3OZxFMAxOAHnwAFXoAKqoAYaAINn8ArewYfxYrwZn8bXtHTFyHuOwByM7z8EiqEa</latexit>

H
0 = S

T
H
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Graph Coarsening

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

v Elements on the coarsened adjacency matrix 𝐀3 may not be 
binary anymore.

v Therefore, non-zero elements on 𝐀3 represent the strength of 
relation between different clusters.

v Similarly, we can construct coarsened feature representations 
analogue to the original graph

v The coarsened features 𝑯′ would be 

where 𝑯3 ∈ ℝ2×,.
v Each row 𝑯𝒊

3 of the updated feature matrix represents an 
aggregation of feature representation of the corresponding 
cluster 𝒜!.  

<latexit sha1_base64="KOeVxHu4XGm8gW7eM9zXwwiPbo0=">AAACF3icbVC7TsMwFHV4lvIKMLJYVAimKEEVsCBVsHQsoi+pDZXjOK1VJ45sB6mK+hcs/AoLAwixwsbf4LQZ+uBIlo/PuVe+93gxo1LZ9q+xsrq2vrFZ2Cpu7+zu7ZsHh03JE4FJA3PGRdtDkjAakYaiipF2LAgKPUZa3vAu81tPREjKo7oaxcQNUT+iAcVIaalnWl2PM1+OQn2l1fHZzez7YfxYn/d7Zsm27AngMnFyUgI5aj3zp+tznIQkUpghKTuOHSs3RUJRzMi42E0kiREeoj7paBqhkEg3new1hqda8WHAhT6RghN1tiNFocxG05UhUgO56GXif14nUcG1m9IoThSJ8PSjIGFQcZiFBH0qCFZspAnCgupZIR4ggbDSURZ1CM7iysukeWE5l1b5vlyq3OZxFMAxOAHnwAFXoAKqoAYaAINn8ArewYfxYrwZn8bXtHTFyHuOwByM7z8EiqEa</latexit>

H
0 = S

T
H
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Graph Coarsening

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

v After coarsening the graph, one can apply a new GNN layer
on the updated graph 𝐺′.

v We can continue this step on the output embedding 𝑯′ until all 
node embeddings are aggregated into one vector to construct 
a graph-level feature representation.

2 63

2 4 5 1 5131

<latexit sha1_base64="0+SekxWv43CiNHXuJ20a482q0ro=">AAAB+3icbVDJSgNBEO1xS4xbjEcvjUHwIGFGRD0GvXiMYBbIhNDTqZk06VnorpGEIR/ixYsHRbz6I968+yF2loMmPih4vFdFVT0vkUKjbX9ZK6tr6xu5/GZha3tnd6+4X2roOFUc6jyWsWp5TIMUEdRRoIRWooCFnoSmN7iZ+M0HUFrE0T2OEuiELIiELzhDI3WLJRdhiIgZCwIFAUMYd4tlu2JPQZeJMyflKnVPv3uPuVq3+On2Yp6GECGXTOu2YyfYyZhCwSWMC26qIWF8wAJoGxqxEHQnm94+psdG6VE/VqYipFP190TGQq1HoWc6Q4Z9vehNxP+8dor+VScTUZIiRHy2yE8lxZhOgqA9oYCjHBnCuBLmVsr7TDGOJq6CCcFZfHmZNM4qzkXl/M6kcU1myJNDckROiEMuSZXckhqpE06G5Im8kFdrbD1bb9b7rHXFms8ckD+wPn4AwyyX3A==</latexit>

aggregate
<latexit sha1_base64="a/vfHNbXo60zZc/Dy1aDmXbe4sk=">AAAB+HicbVDJSgNBEO1xS4xLRj16aQyCBwkzIuox6MVjBLNAMoSenkrSpGehu0aMQz5EvHhQxKuf4s27H2JnOWjig4LHe1VU1fMTKTQ6zpe1tLyyupbLrxc2Nre2i/bObl3HqeJQ47GMVdNnGqSIoIYCJTQTBSz0JTT8wdXYb9yB0iKObnGYgBeyXiS6gjM0UscuthHuETFLk4AhjDp2ySk7E9BF4s5IqULbx9/BY67asT/bQczTECLkkmndcp0EvYwpFFzCqNBONSSMD1gPWoZGLATtZZPDR/TQKAHtxspUhHSi/p7IWKj1MPRNZ8iwr+e9sfif10qxe+FlIkpShIhPF3VTSTGm4xRoIBRwlENDGFfC3Ep5nynG0WRVMCG48y8vkvpJ2T0rn96YNC7JFHmyTw7IEXHJOamQa1IlNcJJSp7IC3m1Hqxn6816n7YuWbOZPfIH1scPhVqWmg==</latexit>

update

<latexit sha1_base64="e0TiI1U8EuaGuhtd7+MvZTRSVf4="></latexit>

" h(1)
i

<latexit sha1_base64="BaN3DE9AnFb1/WplyptxwfhR+uc="></latexit>

graph coarsening

<latexit sha1_base64="WTD5//6aq+D+ifo5WXn1DUI7lN0="></latexit>

" h(1)
i0
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Graph Coarsening

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

v After coarsening the graph, one can apply a new GNN layer
on the updated graph 𝐺′.

v We can continue this step on the output embedding 𝑯′ until all 
node embeddings are aggregated into one vector to 
construct a graph-level feature representation.

2 63

2 4 5 1 5131

<latexit sha1_base64="0+SekxWv43CiNHXuJ20a482q0ro=">AAAB+3icbVDJSgNBEO1xS4xbjEcvjUHwIGFGRD0GvXiMYBbIhNDTqZk06VnorpGEIR/ixYsHRbz6I968+yF2loMmPih4vFdFVT0vkUKjbX9ZK6tr6xu5/GZha3tnd6+4X2roOFUc6jyWsWp5TIMUEdRRoIRWooCFnoSmN7iZ+M0HUFrE0T2OEuiELIiELzhDI3WLJRdhiIgZCwIFAUMYd4tlu2JPQZeJMyflKnVPv3uPuVq3+On2Yp6GECGXTOu2YyfYyZhCwSWMC26qIWF8wAJoGxqxEHQnm94+psdG6VE/VqYipFP190TGQq1HoWc6Q4Z9vehNxP+8dor+VScTUZIiRHy2yE8lxZhOgqA9oYCjHBnCuBLmVsr7TDGOJq6CCcFZfHmZNM4qzkXl/M6kcU1myJNDckROiEMuSZXckhqpE06G5Im8kFdrbD1bb9b7rHXFms8ckD+wPn4AwyyX3A==</latexit>

aggregate
<latexit sha1_base64="a/vfHNbXo60zZc/Dy1aDmXbe4sk=">AAAB+HicbVDJSgNBEO1xS4xLRj16aQyCBwkzIuox6MVjBLNAMoSenkrSpGehu0aMQz5EvHhQxKuf4s27H2JnOWjig4LHe1VU1fMTKTQ6zpe1tLyyupbLrxc2Nre2i/bObl3HqeJQ47GMVdNnGqSIoIYCJTQTBSz0JTT8wdXYb9yB0iKObnGYgBeyXiS6gjM0UscuthHuETFLk4AhjDp2ySk7E9BF4s5IqULbx9/BY67asT/bQczTECLkkmndcp0EvYwpFFzCqNBONSSMD1gPWoZGLATtZZPDR/TQKAHtxspUhHSi/p7IWKj1MPRNZ8iwr+e9sfif10qxe+FlIkpShIhPF3VTSTGm4xRoIBRwlENDGFfC3Ep5nynG0WRVMCG48y8vkvpJ2T0rn96YNC7JFHmyTw7IEXHJOamQa1IlNcJJSp7IC3m1Hqxn6816n7YuWbOZPfIH1scPhVqWmg==</latexit>

update

<latexit sha1_base64="0+SekxWv43CiNHXuJ20a482q0ro=">AAAB+3icbVDJSgNBEO1xS4xbjEcvjUHwIGFGRD0GvXiMYBbIhNDTqZk06VnorpGEIR/ixYsHRbz6I968+yF2loMmPih4vFdFVT0vkUKjbX9ZK6tr6xu5/GZha3tnd6+4X2roOFUc6jyWsWp5TIMUEdRRoIRWooCFnoSmN7iZ+M0HUFrE0T2OEuiELIiELzhDI3WLJRdhiIgZCwIFAUMYd4tlu2JPQZeJMyflKnVPv3uPuVq3+On2Yp6GECGXTOu2YyfYyZhCwSWMC26qIWF8wAJoGxqxEHQnm94+psdG6VE/VqYipFP190TGQq1HoWc6Q4Z9vehNxP+8dor+VScTUZIiRHy2yE8lxZhOgqA9oYCjHBnCuBLmVsr7TDGOJq6CCcFZfHmZNM4qzkXl/M6kcU1myJNDckROiEMuSZXckhqpE06G5Im8kFdrbD1bb9b7rHXFms8ckD+wPn4AwyyX3A==</latexit>

aggregate
<latexit sha1_base64="a/vfHNbXo60zZc/Dy1aDmXbe4sk=">AAAB+HicbVDJSgNBEO1xS4xLRj16aQyCBwkzIuox6MVjBLNAMoSenkrSpGehu0aMQz5EvHhQxKuf4s27H2JnOWjig4LHe1VU1fMTKTQ6zpe1tLyyupbLrxc2Nre2i/bObl3HqeJQ47GMVdNnGqSIoIYCJTQTBSz0JTT8wdXYb9yB0iKObnGYgBeyXiS6gjM0UscuthHuETFLk4AhjDp2ySk7E9BF4s5IqULbx9/BY67asT/bQczTECLkkmndcp0EvYwpFFzCqNBONSSMD1gPWoZGLATtZZPDR/TQKAHtxspUhHSi/p7IWKj1MPRNZ8iwr+e9sfif10qxe+FlIkpShIhPF3VTSTGm4xRoIBRwlENDGFfC3Ep5nynG0WRVMCG48y8vkvpJ2T0rn96YNC7JFHmyTw7IEXHJOamQa1IlNcJJSp7IC3m1Hqxn6816n7YuWbOZPfIH1scPhVqWmg==</latexit>

update

<latexit sha1_base64="e0TiI1U8EuaGuhtd7+MvZTRSVf4="></latexit>

" h(1)
i

<latexit sha1_base64="BaN3DE9AnFb1/WplyptxwfhR+uc="></latexit>

graph coarsening

<latexit sha1_base64="WTD5//6aq+D+ifo5WXn1DUI7lN0="></latexit>

" h(1)
i0

<latexit sha1_base64="qbFgxSUjl5abm4s5CRFL94410dc="></latexit>

20
<latexit sha1_base64="NESs/e+swRiuun0ZfOULCW+x+Ec="></latexit>

30

<latexit sha1_base64="Dd68qBFCodzsblhMtQ5SIIjXLbg="></latexit>

10

<latexit sha1_base64="ZlljrSHI8OR1PbXwAQCvimJuQgw="></latexit>

" h(2)
i0
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Graph Coarsening
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v After coarsening the graph, one can apply a new GNN layer
on the updated graph 𝐺′.

v We can continue this step on the output embedding 𝑯′ until all 
node embeddings are aggregated into one vector to 
construct a graph-level feature representation.

v Many approaches like spectral clustering can be used to 
coarsen the graph in the pooling step.

v However, in order to train the model using backprop, the 
clustering function 𝑓+ used in GNNs needs to be 
differentiable.

v Alternatively, one can instead coarsen the graph by removing 
nodes in graph, rather than pooling them into a cluster.
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v We have considered aggregate and update steps as the core 
functions to build GNNs.

v We have further looked at different methods to enhance them.

<latexit sha1_base64="TvHaaers+ms5T9e1Ujrwwlp5foI="></latexit>

h(k+1)
i = update(h(k)

i ,m(k)
Ni!i)

<latexit sha1_base64="MfsTCcYW8Fn85/WmJlWaVvwAx1A="></latexit>

m(k)
Ni!i = aggregate({h(k)

j |vj 2 N(vi)})
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GNN Architectures
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v We have considered aggregate and update steps as the core 
functions to build GNNs.

v We have further looked at different methods to enhance them.
v Now we look at four most popular GNN architectures
Ø Graph Convolution Network (GCN)
Ø Graph SAmple and aggreGatE (GraphSAGE)
Ø Graph Attention Network (GAT)
Ø Graph Isomorphism Network (GIN)

<latexit sha1_base64="TvHaaers+ms5T9e1Ujrwwlp5foI="></latexit>

h(k+1)
i = update(h(k)

i ,m(k)
Ni!i)

<latexit sha1_base64="MfsTCcYW8Fn85/WmJlWaVvwAx1A="></latexit>

m(k)
Ni!i = aggregate({h(k)

j |vj 2 N(vi)})
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GCN
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v In Graph Convolution Network (GCN),
Ø Aggregate:

• Mean function is used as multi-set aggregate function.
• Aggregation includes self-loop.

Ø Update:

• Update function is a single layer fully-connected network

<latexit sha1_base64="BOUpqMjmoW/qp1BevBaDTaEbMdM="></latexit>

m(k�1)
Ni!i =

X

vj2N(vi)[vi

h(k�1)
jp
didj

<latexit sha1_base64="NNAD0kgxIJev4p06OeAI2K+u6Qg="></latexit>

h(k)
i = �

⇣
W(k�1)m(k�1)

Ni!i

⌘
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GraphSAGE

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

v In Graph SAmple and aggreGatE (GraphSAGE)
Ø Aggregate:

• Aggregate function is trainable.
• Max pooling is used as multi-set aggregate function.
• Aggregate function uses neighborhood sampling.

Ø Update:

• Update function is a single layer fully-connected network.

<latexit sha1_base64="pR387OsTwUIwd6Syd9fjoFMBSBs="></latexit>

m(k�1)
Ni!i = max

⇣n
�
⇣
Waggh

(k�1)
j + b

⌘��� 8vj 2 N(vi)
o⌘

<latexit sha1_base64="0dbpHzNHBaf9cqwBnCDJ7t0cZms="></latexit>

h(k)
i = �

⇣
W(k)

h
h(k�1)
i �m(k�1)

Ni!i

i⌘
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GAT
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v In Graph Attention Network (GAT)
Ø Aggregate:

• Aggregate function uses attention mechanism

• Sum function is used as multi-set aggregate function.

Ø Update:

• Update function is a single layer fully-connected network

<latexit sha1_base64="pBfZQZyiMGvnAlGDukgrLhUZNto="></latexit>

m(k�1)
Ni!i =

X

vj2N(vi)

exp(f (k�1)
att (vi, vj))

P
vk2N(vi)

exp(f (k�1)
att (vi, vk))

h(k�1)
j

<latexit sha1_base64="NNAD0kgxIJev4p06OeAI2K+u6Qg="></latexit>

h(k)
i = �

⇣
W(k�1)m(k�1)

Ni!i

⌘

<latexit sha1_base64="nEzuvBLOGmPqYVF66IhcuCl9Md4="></latexit>

f (k�1)
att (vi, vj) = �(aT [W(k�1)h(k�1)

i �W(k�1)h(k�1)
j ])
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v In Graph Isomorphism Network (GIN),
Ø Aggregate:

• Sum function is used as multi-set aggregate function.

Ø Update:

• 𝜖 shows the importance of the target node compared to the 
neighbors and can be a fix or trainable parameter.

• Update function is a deep neural network.

<latexit sha1_base64="u/qkqvhHex6fYoFWFxcRxgtVXao="></latexit>

m(k�1)
Ni!i =

X

vj2N(vi)

h(k�1)
j

<latexit sha1_base64="r59e3FUZIR9YBpjwpCSU/JFl+VY="></latexit>

h(k)
i = MLP(k�1)

⇣⇣
1 + ✏(k�1)

⌘
h(k�1)
i +m(k�1)

Ni!i

⌘
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Generalized Message Passing

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

v One common point between all these methods is that they are 
based on neural message passing algorithms that propagate 
node-level information.
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Generalized Message Passing
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v One common point between all these methods is that they are 
based on neural message passing algorithms that propagate 
node-level information.

5

31

46

2<latexit sha1_base64="R246tYqEMY6XnMU07mAOkchJPVI="></latexit>

h(k)
1



39

Generalized Message Passing
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v One common point between all these methods is that they are 
based on neural message passing algorithms that propagate 
node-level information.

5

31

46

2<latexit sha1_base64="R246tYqEMY6XnMU07mAOkchJPVI="></latexit>

h(k)
1

<latexit sha1_base64="1UcpenDEDzFr8f7/8xxFi57G4MI="></latexit>

h(k�1)
6

<latexit sha1_base64="zGq7sMcBSey9oE7/A1sQbUrwRFM="></latexit>

h(k�1)
3

<latexit sha1_base64="SwkWQbgDs9q2GVa5Ov2dVLTXKtI="></latexit>

h(k�1)
2
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Generalized Message Passing
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v One common point between all these methods is that they are 
based on neural message passing algorithms that propagate 
node-level information.

5

31

46

2<latexit sha1_base64="R246tYqEMY6XnMU07mAOkchJPVI="></latexit>

h(k)
1

<latexit sha1_base64="1UcpenDEDzFr8f7/8xxFi57G4MI="></latexit>

h(k�1)
6

<latexit sha1_base64="zGq7sMcBSey9oE7/A1sQbUrwRFM="></latexit>

h(k�1)
3

<latexit sha1_base64="SwkWQbgDs9q2GVa5Ov2dVLTXKtI="></latexit>

h(k�1)
2

<latexit sha1_base64="lqPxQHXWdZL6U1IkdyyjKHWdybs="></latexit>

m(k)
Ni!i = aggregate

⇣n
h(k�1)
j | vj 2 N (vi)

o⌘
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Generalized Message Passing

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

v One common point between all these methods is that they are 
based on neural message passing algorithms that propagate 
node-level information.

5

31

46

2<latexit sha1_base64="R246tYqEMY6XnMU07mAOkchJPVI="></latexit>

h(k)
1

<latexit sha1_base64="1UcpenDEDzFr8f7/8xxFi57G4MI="></latexit>

h(k�1)
6
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3

<latexit sha1_base64="TeAf8hTJ3miYiaVEpIqkA8KW8zw="></latexit>
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1
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h(k�1)
2

<latexit sha1_base64="lqPxQHXWdZL6U1IkdyyjKHWdybs="></latexit>

m(k)
Ni!i = aggregate

⇣n
h(k�1)
j | vj 2 N (vi)

o⌘
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Generalized Message Passing
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v One common point between all these methods is that they are 
based on neural message passing algorithms that propagate 
node-level information.

5

31

46

2<latexit sha1_base64="R246tYqEMY6XnMU07mAOkchJPVI="></latexit>

h(k)
1

<latexit sha1_base64="1UcpenDEDzFr8f7/8xxFi57G4MI="></latexit>

h(k�1)
6

<latexit sha1_base64="zGq7sMcBSey9oE7/A1sQbUrwRFM="></latexit>
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3

<latexit sha1_base64="SwkWQbgDs9q2GVa5Ov2dVLTXKtI="></latexit>

h(k�1)
2

<latexit sha1_base64="TeAf8hTJ3miYiaVEpIqkA8KW8zw="></latexit>

h(k�1)
1

<latexit sha1_base64="lqPxQHXWdZL6U1IkdyyjKHWdybs="></latexit>

m(k)
Ni!i = aggregate

⇣n
h(k�1)
j | vj 2 N (vi)

o⌘

<latexit sha1_base64="Chcz2+scwvhqsezbqarppzEQFa8="></latexit>

h(k)
i = update

⇣
h(k�1)
i ,m(k)

Ni!i

⌘
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Generalized Message Passing

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

v One common point between all these methods is that they are 
based on neural message passing algorithms that propagate 
node-level information.

v However, one can integrate edge-level and graph-level
embeddings into neural message passing propagation rule.

5

31

46

2<latexit sha1_base64="R246tYqEMY6XnMU07mAOkchJPVI="></latexit>

h(k)
1

<latexit sha1_base64="1UcpenDEDzFr8f7/8xxFi57G4MI="></latexit>

h(k�1)
6

<latexit sha1_base64="zGq7sMcBSey9oE7/A1sQbUrwRFM="></latexit>

h(k�1)
3

<latexit sha1_base64="SwkWQbgDs9q2GVa5Ov2dVLTXKtI="></latexit>

h(k�1)
2

<latexit sha1_base64="lqPxQHXWdZL6U1IkdyyjKHWdybs="></latexit>

m(k)
Ni!i = aggregate

⇣n
h(k�1)
j | vj 2 N (vi)

o⌘

<latexit sha1_base64="TeAf8hTJ3miYiaVEpIqkA8KW8zw="></latexit>

h(k�1)
1

<latexit sha1_base64="Chcz2+scwvhqsezbqarppzEQFa8="></latexit>

h(k)
i = update

⇣
h(k�1)
i ,m(k)

Ni!i

⌘
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Generalized Message Passing

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

v In the generalized algorithm, we use distinct update functions 
to update node, edge, and graph-level embeddings.

<latexit sha1_base64="q3o0SyzEqkkp2GY8M73rmn3K5Vg="></latexit>

h(k)
(i,j) = updateedge

⇣
h(k�1)
(i,j) ,h(k�1)

i ,h(k�1)
j ,h(k�1)

G

⌘
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Generalized Message Passing
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5

31

46

2
<latexit sha1_base64="Snk2gkJHRF9UemMBKUZl9zPAUkQ="></latexit>

hi
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Generalized Message Passing
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5

31

46

2
<latexit sha1_base64="Snk2gkJHRF9UemMBKUZl9zPAUkQ="></latexit>

hi

<latexit sha1_base64="3rxbmjkqKV+jYYyloWOZOBHdj80="></latexit>

h(i,j)

<latexit sha1_base64="YH419425phCiXPT03QMTi7lATLE="></latexit>

hG
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Generalized Message Passing
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v In the generalized algorithm, we use distinct update functions 
to update node, edge, and graph-level embeddings.

5

31

46

2
<latexit sha1_base64="Snk2gkJHRF9UemMBKUZl9zPAUkQ="></latexit>

hi

<latexit sha1_base64="3rxbmjkqKV+jYYyloWOZOBHdj80="></latexit>

h(i,j)

<latexit sha1_base64="YH419425phCiXPT03QMTi7lATLE="></latexit>

hG



48

Generalized Message Passing
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v In the generalized algorithm, we use distinct update functions 
to update node, edge, and graph-level embeddings.

5

31

46

2

<latexit sha1_base64="aBkKoVJG64rD61Ya3XfFaZxoUjo="></latexit>

h(k)
(1,6)
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Generalized Message Passing
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v In the generalized algorithm, we use distinct update functions 
to update node, edge, and graph-level embeddings.

5

31

46

2

<latexit sha1_base64="aBkKoVJG64rD61Ya3XfFaZxoUjo="></latexit>

h(k)
(1,6)
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h(k�1)
(1,6)
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v In the generalized algorithm, we use distinct update functions 
to update node, edge, and graph-level embeddings.

5

31

46

2
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h(k�1)
(1,6)



51

Generalized Message Passing
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v In the generalized algorithm, we use distinct update functions 
to update node, edge, and graph-level embeddings.

5

31

46

2
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Generalized Message Passing
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v In the generalized algorithm, we use distinct update functions 
to update node, edge, and graph-level embeddings.

5

31

46

2
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v In the generalized algorithm, we use distinct update functions 
to update node, edge, and graph-level embeddings.

5
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46
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v In the generalized algorithm, we use distinct update functions 
to update node, edge, and graph-level embeddings.
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v In the generalized algorithm, we use distinct update functions 
to update node, edge, and graph-level embeddings.
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v In the generalized algorithm, we use distinct update functions 
to update node, edge, and graph-level embeddings.
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v In the generalized algorithm, we use distinct update functions 
to update node, edge, and graph-level embeddings.
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v In the generalized algorithm, we use distinct update functions 
to update node, edge, and graph-level embeddings.
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v In the generalized algorithm, we use distinct update functions 
to update node, edge, and graph-level embeddings.
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v In the generalized algorithm, we use distinct update functions 
to update node, edge, and graph-level embeddings.
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v In the generalized algorithm, we use distinct update functions 
to update node, edge, and graph-level embeddings.
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v In the generalized algorithm, we use distinct update functions 
to update node, edge, and graph-level embeddings.
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Summary
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v Jumping Knowledge Connections 
v Graph pooling
Ø Multi-Set pooling

Ø Graph coarsening

v Popular GNN models
Ø GAT
Ø GraphSAGE
Ø GCN
Ø GIN

v General message passing


