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Neural Message Passing

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

v In the previous lecture, we discussed the general propagation 
rule for a graph-based neural network.

v This propagation rule is based on the concept of neural 
message passing.
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Neural Message Passing

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

v In the previous lecture, we discussed the general propagation 
rule for a graph-based neural network.

v This propagation rule is based on the concept of neural 
message passing.

v A single iteration of neural message passing defines a 
computational graph by unfolding a subtree pattern of height 
1 rooted at each node 𝑣!.
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GNN Design

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

v In general, the design space of a graph neural network 
consist of the following elements:
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GNN Design

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

v In general, the design space of a graph neural network 
consist of the following elements:

Ø Aggregation operator

2 63

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

aggregate
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GNN Design

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

v In general, the design space of a graph neural network 
consist of the following elements:

Ø Aggregation operator
Ø Update operator
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update
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GNN Design

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

v In general, the design space of a graph neural network 
consist of the following elements:

Ø Aggregation operator
Ø Update operator
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GNN Design

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

v In general, the design space of a graph neural network 
consist of the following elements:

Ø Aggregation operator
Ø Update operator
Ø Staking layers
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GNN Design

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

v In general, the design space of a graph neural network 
consist of the following elements:

Ø Aggregation operator
Ø Update operator
Ø Staking layers
Ø Objective function
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Objective L
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GNN Design

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

v In general, the design space of a graph neural network 
consist of the following elements:

Ø Aggregation operator
Ø Update operator
Ø Staking layers
Ø Objective function

v In this lecture, we look at different approaches to improve the 
aggregation and update stages of the network.
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Neighborhood Normalization

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

v The degree of nodes varies across the graph in many graph 
data structures.

v Suppose the difference between the degree of nodes is too 
high. 

v In that case, it is reasonable to expect that the neighborhood 
messages 𝑚"!→! aggregated by summation drastically differ
in magnitude.

v This imbalance throughout the graph results in numerical 
instabilities during the training.

<latexit sha1_base64="IU5ozTayhN0/9YPKQDt+TElj/ug="></latexit>������

X

vk2N(vi)

hk

������
>>

������

X

vk2N(vj)

hk

������
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Neighborhood Normalization

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

v One remedy is to normalize the message.

v Given embeddings 𝒉$ of the neighbor nodes 𝑣$ ∈ 𝑁(𝑣!) of node 
𝑣! with degree 𝑑!, one can normalize the message as

v Another way to alleviate the imbalance of the messages is 
through symmetric normalization.

v Mathematically put,
<latexit sha1_base64="EGRXHhzSO/WMg6F+zL/IbEo3lcw="></latexit>

mNi!i =
X

vj2N(vi)

hjp
djdi

<latexit sha1_base64="25bYGFOfj5e0KOzSicG5Bi2loe4="></latexit>

mNi!i =
1

|di|
X

vj2N(vi)

hj
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Set Pooling

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

v Aggregators are multi-set functions.
v We can improve them by adding fully-connected layers that 

extract features from input hidden node embeddings.

2 63

1
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Set Pooling

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

v Aggregators are multi-set functions.
v We can improve them by adding fully-connected layers that 

extract features from input hidden node embeddings.
v An aggregation function would then take the form 

where 𝑓𝜽 is a neural network parameterized by 𝜽.

2 63

1

<latexit sha1_base64="M+s/6OxJ5+uuYVO5kerIhRkb7KA="></latexit>

mNi!i =
X

vj2N(vi)

f✓(hj)
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Set Pooling

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

v Aggregators are multi-set functions.
v We can improve them by adding fully-connected layers that 

extract features from input hidden node embeddings.
v An aggregation function would then take the form 

where 𝑓𝜽 is a neural network parameterized by 𝜽.

2 63

1

2 63

<latexit sha1_base64="M+s/6OxJ5+uuYVO5kerIhRkb7KA="></latexit>

mNi!i =
X

vj2N(vi)

f✓(hj)

<latexit sha1_base64="rdtlXA+nKKAj5yzwBbgDmFFkh/c=">AAACAHicbVDLSsNAFJ3UV62vqAsXigSL4KokIuqy6MZlC/YBTQiTyaQdOnkwcyOUkI3gl7hxoYi74me48xv8CSdtF1o9MMzhnHu59x4v4UyCaX5qpYXFpeWV8mplbX1jc0vf3mnLOBWEtkjMY9H1sKScRbQFDDjtJoLi0OO04w2vC79zR4VkcXQLo4Q6Ie5HLGAEg5JcfS9wM9uLuS9HofoyGwYUcJ67etWsmRMYf4k1I9X6wbj59XA4brj6h+3HJA1pBIRjKXuWmYCTYQGMcJpX7FTSBJMh7tOeohEOqXSyyQG5cawU3whioV4ExkT92ZHhUBYLqsoQw0DOe4X4n9dLIbh0MhYlKdCITAcFKTcgNoo0DJ8JSoCPFMFEMLWrQQZYYAIqs4oKwZo/+S9pn9as89pZU6VxhaYoo310hE6QhS5QHd2gBmohgnL0iJ7Ri3avPWmv2tu0tKTNenbRL2jv3+5bmvs=</latexit>

f✓
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Set Pooling

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

v Further, we can add fully-connected layers to construct more 
distinctive feature representations from the aggregated input 
messages

where 𝑓𝜽 and 𝑓𝝓 are NNs parameterized by 𝜽 and 𝝓.

<latexit sha1_base64="6QosvYV+RAkiLhHAovxRSXjdX9I="></latexit>

mNi!i = f�(
X

vj2N(vi)

f✓(hj))

2 63

1

2 63

<latexit sha1_base64="rdtlXA+nKKAj5yzwBbgDmFFkh/c=">AAACAHicbVDLSsNAFJ3UV62vqAsXigSL4KokIuqy6MZlC/YBTQiTyaQdOnkwcyOUkI3gl7hxoYi74me48xv8CSdtF1o9MMzhnHu59x4v4UyCaX5qpYXFpeWV8mplbX1jc0vf3mnLOBWEtkjMY9H1sKScRbQFDDjtJoLi0OO04w2vC79zR4VkcXQLo4Q6Ie5HLGAEg5JcfS9wM9uLuS9HofoyGwYUcJ67etWsmRMYf4k1I9X6wbj59XA4brj6h+3HJA1pBIRjKXuWmYCTYQGMcJpX7FTSBJMh7tOeohEOqXSyyQG5cawU3whioV4ExkT92ZHhUBYLqsoQw0DOe4X4n9dLIbh0MhYlKdCITAcFKTcgNoo0DJ8JSoCPFMFEMLWrQQZYYAIqs4oKwZo/+S9pn9as89pZU6VxhaYoo310hE6QhS5QHd2gBmohgnL0iJ7Ri3avPWmv2tu0tKTNenbRL2jv3+5bmvs=</latexit>

f✓
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Set Pooling

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

v Further, we can add fully-connected layers to construct more 
distinctive feature representations from the aggregated input 
messages

where 𝑓𝜽 and 𝑓𝝓 are NNs parameterized by 𝜽 and 𝝓.

<latexit sha1_base64="6QosvYV+RAkiLhHAovxRSXjdX9I="></latexit>

mNi!i = f�(
X

vj2N(vi)

f✓(hj))

2 63

1

2 63

1
<latexit sha1_base64="QtXOHgPt1RASa0YOwbM7T/k/8bU=">AAAB/nicbVDNS8MwHE39nJsfVfHkpTgFT6MVUY9DLx4nuA9YS0nTdAtLk5Kkg1EK/itePCjiTbz7H3jzD9Gz6baDbj4Iebz3+5GXFySUSGXbn8bC4tLyympprVxZ39jcMrd3WpKnAuEm4pSLTgAlpoThpiKK4k4iMIwDitvB4Krw20MsJOHsVo0S7MWwx0hEEFRa8s29yM/cgNNQjmJ9ZW7SJ3num1W7Zo9hzRNnSqr1w6/X92Hlu+GbH27IURpjphCFUnYdO1FeBoUiiOK87KYSJxANYA93NWUwxtLLxvFz60groRVxoQ9T1lj9vZHBWBbx9GQMVV/OeoX4n9dNVXThZYQlqcIMTR6KUmopbhVdWCERGCk60gQiQXRWC/WhgEjpxsq6BGf2y/OkdVJzzmqnN7qNSzBBCeyDA3AMHHAO6uAaNEATIJCBe/AInow748F4Nl4mowvGdGcX/IHx9gMj9Zqw</latexit>

f�

<latexit sha1_base64="rdtlXA+nKKAj5yzwBbgDmFFkh/c=">AAACAHicbVDLSsNAFJ3UV62vqAsXigSL4KokIuqy6MZlC/YBTQiTyaQdOnkwcyOUkI3gl7hxoYi74me48xv8CSdtF1o9MMzhnHu59x4v4UyCaX5qpYXFpeWV8mplbX1jc0vf3mnLOBWEtkjMY9H1sKScRbQFDDjtJoLi0OO04w2vC79zR4VkcXQLo4Q6Ie5HLGAEg5JcfS9wM9uLuS9HofoyGwYUcJ67etWsmRMYf4k1I9X6wbj59XA4brj6h+3HJA1pBIRjKXuWmYCTYQGMcJpX7FTSBJMh7tOeohEOqXSyyQG5cawU3whioV4ExkT92ZHhUBYLqsoQw0DOe4X4n9dLIbh0MhYlKdCITAcFKTcgNoo0DJ8JSoCPFMFEMLWrQQZYYAIqs4oKwZo/+S9pn9as89pZU6VxhaYoo310hE6QhS5QHd2gBmohgnL0iJ7Ri3avPWmv2tu0tKTNenbRL2jv3+5bmvs=</latexit>

f✓
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Set Pooling

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

v So far, we have used a summation as the aggregation 
function.

<latexit sha1_base64="jrRaSBg9b7T0oCsHKti0W65lqmg="></latexit>

aggregate : m(k)
Ni!i =

X

vj2N(vi)

h(k)
j
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Set Pooling

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

v So far, we have used a summation as the aggregation 
function.

v Other permutation invariant functions that we can use 
include:

Ø Element-wise maximization
<latexit sha1_base64="Li30BSWKgYOcFfKVltuXuVEpk1o="></latexit>

aggregate: m(k)
Ni!i = max

⇣n
h(k)
j | 8vj 2 N (vi)

o⌘

<latexit sha1_base64="jrRaSBg9b7T0oCsHKti0W65lqmg="></latexit>

aggregate : m(k)
Ni!i =

X

vj2N(vi)

h(k)
j
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Set Pooling

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

v So far, we have used a summation as the aggregation 
function.

v Other permutation invariant functions that we can use 
include:

Ø Element-wise maximization

Ø Element-wise minimization

<latexit sha1_base64="Li30BSWKgYOcFfKVltuXuVEpk1o="></latexit>

aggregate: m(k)
Ni!i = max

⇣n
h(k)
j | 8vj 2 N (vi)

o⌘

<latexit sha1_base64="o4RTWzqb+u8lLmSr+MdfcMauBS8="></latexit>

aggregate: m(k)
Ni!i = min

⇣n
h(k)
j | 8vj 2 N (vi)

o⌘

<latexit sha1_base64="jrRaSBg9b7T0oCsHKti0W65lqmg="></latexit>

aggregate : m(k)
Ni!i =

X

vj2N(vi)

h(k)
j
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Janossy Pooling

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

v Another approach is to define the aggregation step using 
functions that are not permutation invariant.

v As opposed to that, aggregation constructs messages using a 
permutation sensitive functions.
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Janossy Pooling

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

v Another approach is to define the aggregation step using 
functions that are not permutation invariant.

v As opposed to that, aggregation constructs messages using a 
permutation sensitive functions.

v Let Π be the set of all possible permutations corresponding to 
the nodes 𝑣$ in the neighborhood 𝑁(𝑣!) of node 𝑣!.
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Janossy Pooling

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

v Another approach is to define the aggregation step using 
functions that are not permutation invariant.

v As opposed to that, aggregation constructs messages using a 
permutation sensitive functions.

v Let Π be the set of all possible permutations corresponding to 
the nodes 𝑣$ in the neighborhood 𝑁(𝑣!) of node 𝑣!.

v Then, we can define the aggregation as

where 𝑓𝜽 is a permutation sensitive function, parameterized by 
𝜽.

<latexit sha1_base64="W2NQgaxk5g0oZ0EwfBSIuHXRj+A="></latexit>

mNi!i =
1

|⇧|
X

P2⇧

f✓(h1, . . . ,h|N(vi)|)P
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Janossy Pooling

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

v Then, we can define the aggregation as

where 𝑓𝜽 is a permutation sensitive function, parameterized by 
𝜽.

v In practice, it may not be feasible to compute all permutations 
𝑃 ∈ Π of the neighborhood 𝑁(𝑣!) for all nodes 𝑣! ∈ 𝑉.

<latexit sha1_base64="W2NQgaxk5g0oZ0EwfBSIuHXRj+A="></latexit>

mNi!i =
1

|⇧|
X

P2⇧

f✓(h1, . . . ,h|N(vi)|)P
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Janossy Pooling

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

v Then, we can define the aggregation as

where 𝑓𝜽 is a permutation sensitive function, parameterized by 
𝜽.

v In practice, it may not be feasible to compute all permutations 
𝑃 ∈ Π of the neighborhood 𝑁(𝑣!) for all nodes 𝑣! ∈ 𝑉.

v An approximation to this uses only a few randomly sampled 
permutations to compute message.

where 𝑇 is the number of sampled permutations.

<latexit sha1_base64="AEhJN5caTMx9bozv5eJ8j5UYOLg="></latexit>

mNi!i =
1

T

X

P⇠⇧

f✓
�
h1, . . . ,h|N(vi)|

�
P

<latexit sha1_base64="W2NQgaxk5g0oZ0EwfBSIuHXRj+A="></latexit>

mNi!i =
1

|⇧|
X

P2⇧

f✓(h1, . . . ,h|N(vi)|)P
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Directional Bias

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

v The aggregation methods discussed so far have treated all 
neighbors 𝑁(𝑣!) of a node 𝑣! equally.

v However, in practice, some neighbors may be more 
informative than the others.

<latexit sha1_base64="bobisf/2fAhH0zf5R5iZrFW2Plc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbSbt0swm7m0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8Hobua3xqg0j+WTmSToR3QgecgZNVZ6HPd4r1xxq+4cZJV4OalAjnqv/NXtxyyNUBomqNYdz02Mn1FlOBM4LXVTjQllIzrAjqWSRqj9bH7qlJxZpU/CWNmShszV3xMZjbSeRIHtjKgZ6mVvJv7ndVIT3vgZl0lqULLFojAVxMRk9jfpc4XMiIkllClubyVsSBVlxqZTsiF4yy+vkuZF1buqXj5cVmq3eRxFOIFTOAcPrqEG91CHBjAYwDO8wpsjnBfn3flYtBacfOYY/sD5/AFgco3f</latexit>vi

<latexit sha1_base64="16KuzjtcVi6KWqXPY4lw1f1kG6o=">AAAB9HicbVBNS8NAEJ3Ur1q/qh69LBahXkoiRT0WvXiSCvYD2hA22027drOJu5tACf0dXjwo4tUf481/47bNQasPBh7vzTAzz485U9q2v6zCyura+kZxs7S1vbO7V94/aKsokYS2SMQj2fWxopwJ2tJMc9qNJcWhz2nHH1/P/E5KpWKRuNeTmLohHgoWMIK1kdzUe+gzgW6rqcdOvXLFrtlzoL/EyUkFcjS98md/EJEkpEITjpXqOXas3QxLzQin01I/UTTGZIyHtGeowCFVbjY/eopOjDJAQSRNCY3m6s+JDIdKTULfdIZYj9SyNxP/83qJDi7djIk40VSQxaIg4UhHaJYAGjBJieYTQzCRzNyKyAhLTLTJqWRCcJZf/kvaZzXnvFa/q1caV3kcRTiCY6iCAxfQgBtoQgsIPMITvMCrlVrP1pv1vmgtWPnMIfyC9fENw+WRdA==</latexit>

vj 2 N(vi)
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Directional Bias

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

v The aggregation methods discussed so far have treated all 
neighbors 𝑁(𝑣!) of a node 𝑣! equally.

v However, in practice, some neighbors may be more 
informative than the others.

<latexit sha1_base64="bobisf/2fAhH0zf5R5iZrFW2Plc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbSbt0swm7m0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8Hobua3xqg0j+WTmSToR3QgecgZNVZ6HPd4r1xxq+4cZJV4OalAjnqv/NXtxyyNUBomqNYdz02Mn1FlOBM4LXVTjQllIzrAjqWSRqj9bH7qlJxZpU/CWNmShszV3xMZjbSeRIHtjKgZ6mVvJv7ndVIT3vgZl0lqULLFojAVxMRk9jfpc4XMiIkllClubyVsSBVlxqZTsiF4yy+vkuZF1buqXj5cVmq3eRxFOIFTOAcPrqEG91CHBjAYwDO8wpsjnBfn3flYtBacfOYY/sD5/AFgco3f</latexit>vi

<latexit sha1_base64="16KuzjtcVi6KWqXPY4lw1f1kG6o=">AAAB9HicbVBNS8NAEJ3Ur1q/qh69LBahXkoiRT0WvXiSCvYD2hA22027drOJu5tACf0dXjwo4tUf481/47bNQasPBh7vzTAzz485U9q2v6zCyura+kZxs7S1vbO7V94/aKsokYS2SMQj2fWxopwJ2tJMc9qNJcWhz2nHH1/P/E5KpWKRuNeTmLohHgoWMIK1kdzUe+gzgW6rqcdOvXLFrtlzoL/EyUkFcjS98md/EJEkpEITjpXqOXas3QxLzQin01I/UTTGZIyHtGeowCFVbjY/eopOjDJAQSRNCY3m6s+JDIdKTULfdIZYj9SyNxP/83qJDi7djIk40VSQxaIg4UhHaJYAGjBJieYTQzCRzNyKyAhLTLTJqWRCcJZf/kvaZzXnvFa/q1caV3kcRTiCY6iCAxfQgBtoQgsIPMITvMCrlVrP1pv1vmgtWPnMIfyC9fENw+WRdA==</latexit>

vj 2 N(vi)
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Directional Bias

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

v The aggregation methods discussed so far have treated all 
neighbors 𝑁(𝑣!) of a node 𝑣! equally.

v However, in practice, some neighbors may be more 
informative than the others.

v One idea is to modify the aggregation function to account for 
the importance of the neighbors when computing the 
neighborhood message 𝑚"!→!.

<latexit sha1_base64="bobisf/2fAhH0zf5R5iZrFW2Plc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbSbt0swm7m0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8Hobua3xqg0j+WTmSToR3QgecgZNVZ6HPd4r1xxq+4cZJV4OalAjnqv/NXtxyyNUBomqNYdz02Mn1FlOBM4LXVTjQllIzrAjqWSRqj9bH7qlJxZpU/CWNmShszV3xMZjbSeRIHtjKgZ6mVvJv7ndVIT3vgZl0lqULLFojAVxMRk9jfpc4XMiIkllClubyVsSBVlxqZTsiF4yy+vkuZF1buqXj5cVmq3eRxFOIFTOAcPrqEG91CHBjAYwDO8wpsjnBfn3flYtBacfOYY/sD5/AFgco3f</latexit>vi

<latexit sha1_base64="16KuzjtcVi6KWqXPY4lw1f1kG6o=">AAAB9HicbVBNS8NAEJ3Ur1q/qh69LBahXkoiRT0WvXiSCvYD2hA22027drOJu5tACf0dXjwo4tUf481/47bNQasPBh7vzTAzz485U9q2v6zCyura+kZxs7S1vbO7V94/aKsokYS2SMQj2fWxopwJ2tJMc9qNJcWhz2nHH1/P/E5KpWKRuNeTmLohHgoWMIK1kdzUe+gzgW6rqcdOvXLFrtlzoL/EyUkFcjS98md/EJEkpEITjpXqOXas3QxLzQin01I/UTTGZIyHtGeowCFVbjY/eopOjDJAQSRNCY3m6s+JDIdKTULfdIZYj9SyNxP/83qJDi7djIk40VSQxaIg4UhHaJYAGjBJieYTQzCRzNyKyAhLTLTJqWRCcJZf/kvaZzXnvFa/q1caV3kcRTiCY6iCAxfQgBtoQgsIPMITvMCrlVrP1pv1vmgtWPnMIfyC9fENw+WRdA==</latexit>

vj 2 N(vi)
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Directional Bias

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

v The aggregation methods discussed so far have treated all 
neighbors 𝑁(𝑣!) of a node 𝑣! equally.

v However, in practice, some neighbors may be more 
informative than the others.

v One idea is to modify the aggregation function to account for 
the importance of the neighbors when computing the 
neighborhood message 𝑚"!→!.

<latexit sha1_base64="bobisf/2fAhH0zf5R5iZrFW2Plc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbSbt0swm7m0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8Hobua3xqg0j+WTmSToR3QgecgZNVZ6HPd4r1xxq+4cZJV4OalAjnqv/NXtxyyNUBomqNYdz02Mn1FlOBM4LXVTjQllIzrAjqWSRqj9bH7qlJxZpU/CWNmShszV3xMZjbSeRIHtjKgZ6mVvJv7ndVIT3vgZl0lqULLFojAVxMRk9jfpc4XMiIkllClubyVsSBVlxqZTsiF4yy+vkuZF1buqXj5cVmq3eRxFOIFTOAcPrqEG91CHBjAYwDO8wpsjnBfn3flYtBacfOYY/sD5/AFgco3f</latexit>vi

<latexit sha1_base64="16KuzjtcVi6KWqXPY4lw1f1kG6o=">AAAB9HicbVBNS8NAEJ3Ur1q/qh69LBahXkoiRT0WvXiSCvYD2hA22027drOJu5tACf0dXjwo4tUf481/47bNQasPBh7vzTAzz485U9q2v6zCyura+kZxs7S1vbO7V94/aKsokYS2SMQj2fWxopwJ2tJMc9qNJcWhz2nHH1/P/E5KpWKRuNeTmLohHgoWMIK1kdzUe+gzgW6rqcdOvXLFrtlzoL/EyUkFcjS98md/EJEkpEITjpXqOXas3QxLzQin01I/UTTGZIyHtGeowCFVbjY/eopOjDJAQSRNCY3m6s+JDIdKTULfdIZYj9SyNxP/83qJDi7djIk40VSQxaIg4UhHaJYAGjBJieYTQzCRzNyKyAhLTLTJqWRCcJZf/kvaZzXnvFa/q1caV3kcRTiCY6iCAxfQgBtoQgsIPMITvMCrlVrP1pv1vmgtWPnMIfyC9fENw+WRdA==</latexit>

vj 2 N(vi)
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Directional Bias

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

v The aggregation methods discussed so far have treated all 
neighbors 𝑁(𝑣!) of a node 𝑣! equally.

v However, in practice, some neighbors may be more 
informative than the others.

v One idea is to modify the aggregation function to account for 
the importance of the neighbors when computing the 
neighborhood message 𝑚"!→!.

v This can be done by assigning learnable coefficients, 
reflecting the importance of each neighbor 𝑣$ of node 𝑣!.

v This approach is named neighborhood attention.
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v Consider node 𝑣' in the graph below.
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v Consider node 𝑣' in the graph below.

v Each node has an attribute vector 𝒉!
()) ∈ ℝ+".
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v Consider node 𝑣' in the graph below.

v Each node has an attribute vector 𝒉!
()) ∈ ℝ+".

v An attention mechanism 𝑓:ℝ+"×ℝ+" → ℝ takes embeddings 
𝒉!
()), 𝒉$

()) ∈ ℝ+" corresponding to nodes 𝑣! and 𝑣$ as input and 
returns a score 𝑒!$ ∈ ℝ as output
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v Consider node 𝑣' in the graph below.

v Each node has an attribute vector 𝒉!
()) ∈ ℝ+".

v An attention mechanism 𝑓:ℝ+"×ℝ+" → ℝ takes embeddings 
𝒉!
()), 𝒉$

()) ∈ ℝ+" corresponding to nodes 𝑣! and 𝑣$ as input and 
returns a score 𝑒!$ ∈ ℝ as output

v This score quantifies the importance of the corresponding 
edge (𝑣! , 𝑣$) and is referred to as attention coefficient.

v However, these values depend on the magnitude of the node 
embeddings and hence, need to be normalized over the 
neighborhood 𝑁(𝑣!).
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v One can normalize the set of scores {𝑒!$|𝑣$ ∈ 𝑁(𝑣!)} within 
neighborhood of each node 𝑣! through a softmax function

v The normalized attention weights 𝛼!$ can be used in the 
aggregation stage to account for the importance of different 
neighbors.
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v One can normalize the set of scores {𝑒!$|𝑣$ ∈ 𝑁(𝑣!)} within 
neighborhood of each node 𝑣! through a softmax function

v The normalized attention weights 𝛼!$ can be used in the 
aggregation stage to account for the importance of different 
neighbors.

Ø For instance, for a summation aggregation function, the 
message has the form
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Directional Bias
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v There are various attention mechanisms to compute the 
attention coefficients.

Ø One example is to use a function of the form

where 𝑾 ∈ ℝ+"×+"#$ and 𝒂 ∈ ℝ-+"#$ are trainable parameters.
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Directional Bias
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v There are various attention mechanisms to compute the 
attention coefficients.

Ø One example is to use a function of the form

where 𝑾 ∈ ℝ+"×+"#$ and 𝒂 ∈ ℝ-+"#$ are trainable parameters.
Ø Another popular variant is bilinear attention model,
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Directional Bias
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v There are various attention mechanisms to compute the 
attention coefficients.

Ø One example is to use a function of the form

where 𝑾 ∈ ℝ+"×+"#$ and 𝒂 ∈ ℝ-+"#$ are trainable parameters.
Ø Another popular variant is bilinear attention model,

Ø An alternative is using neural network models,

where 𝑓𝜽 is a neural network parameterized by 𝜽 that takes 𝒉!
and 𝒉$ as input and returns a scalar output.
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v Another approach is to use a multi-headed attention 
mechanism.

v In this approach, we learn multiple attention 𝛼!$) corresponding 
to each pair of connected nodes (𝑣! , 𝑣$).

v We compute each message corresponding to each of 𝑇
attention heads using linear projection.

v Then, the final message 𝑚"!→! is computed by concatenating 
all messages 𝑚"!→!

. corresponding to different attention heads.
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v In many practical scenarios, the node degree can be 
excessively large.

Ø Instagram followers of celebrities.

v In such cases, aggregating information over neighbor nodes 
can become hard.
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Neighborhood Sampling
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v In many practical scenarios, the node degree can be 
excessively large.

Ø Instagram followers of celebrities.

v In such cases, aggregating information over neighbor nodes 
can become hard.

v To alleviate that, we can select a random subset of neighbors 
𝑁/ ⊆ 𝑁(𝑣!) and aggregate information only from the sampled 
nodes.
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v Consider the graph below, with 𝑣! colored in purple.
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v Consider the graph below, with 𝑣! colored in purple.
v At each iteration 𝑘, we uniformly select a fixed-size 

neighborhood 𝑁′ and aggregate embeddings only from 𝑣$ ∈ 𝑁/.
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v Consider the graph below, with 𝑣! colored in purple.
v At each iteration 𝑘, we uniformly select a fixed-size 

neighborhood 𝑁′ and aggregate embeddings only from 𝑣$ ∈ 𝑁/.
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v Consider the graph below, with 𝑣! colored in purple.
v At each iteration 𝑘, we uniformly select a fixed-size 

neighborhood 𝑁′ and aggregate embeddings only from 𝑣$ ∈ 𝑁/.

v This results in a fixed memory footprint.
v However, we may then overlook some very important and 

informative neighbors.
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Neighborhood Sampling
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v Consider the graph below, with 𝑣! colored in purple.
v Neighborhood sampling may result in loosing information from 

potentially highly informative neighbors.
v One solution is to sample a new neighborhood 𝑁′ at each 

training iteration.
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Neighborhood Sampling
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v Consider the graph below, with 𝑣! colored in purple.
v Neighborhood sampling may result in loosing information from 

potentially highly informative neighbors.
v One solution is to sample a new neighborhood 𝑁′ at each 

training iteration.
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Neighborhood Sampling
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v Consider the graph below, with 𝑣! colored in purple.
v Neighborhood sampling may result in loosing information from 

potentially highly informative neighbors.
v One solution is to sample a new neighborhood 𝑁′ at each 

training iteration.
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Update Methods
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v So far, we have looked at different variations of aggregation 
steps.

v To achieve a higher discriminative power, GNN models should 
map different multisets to different representations.

v Therefore, aggregation step affects the expressivity of the 
GNNs.

v This has rendered aggregation the focus of GNN research.

v Next, we are looking at some issues with the update step and 
methods to address them.
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Over-Smoothing
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v When dealing with fully-connected neural networks, we can 
build more powerful models by increasing the depth of our 
model.

v However, this does not translate well to graph neural networks.



52
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v When dealing with fully-connected neural networks, we can 
build more powerful models by increasing the depth of our 
model.

v However, this does not translate well to graph neural networks.
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Over-Smoothing
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v When dealing with fully-connected neural networks, we can 
build more powerful models by increasing the depth of our 
model.

v However, this does not translate well to graph neural networks.
v Recall that 𝐾 iterations of the aggregation process in a neural 

message passing propagation rule uses an unfolded, height 𝐾
subtree pattern rooted at node 𝑣! ∈ 𝑉 to construct node 
embeddings 𝒉!
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v When dealing with fully-connected neural networks, we can 
build more powerful models by increasing the depth of our 
model.

v However, this does not translate well to graph neural networks.
v Recall that 𝐾 iterations of the aggregation process in a neural 

message passing propagation rule uses an unfolded, height 𝐾
subtree pattern rooted at node 𝑣! ∈ 𝑉 to construct node 
embeddings 𝒉!
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v When dealing with fully-connected neural networks, we can 
build more powerful models by increasing the depth of our 
model.

v However, this does not translate well to graph neural networks.
v Recall that 𝐾 iterations of the aggregation process in a neural 

message passing propagation rule uses an unfolded, height 𝐾
subtree pattern rooted at node 𝑣! ∈ 𝑉 to construct node 
embeddings 𝒉!
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v Consider the graph below, with 𝑣! colored in red.



57

Over-Smoothing
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v Consider the graph below, with 𝑣! colored in red.
v In a single iteration of aggregation process, node 𝑣! receives 

information from a neighborhood 𝑁(𝑣!).
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v Consider the graph below, with 𝑣! colored in red.
v In a single iteration of aggregation process, node 𝑣! receives 

information from a neighborhood 𝑁(𝑣!).
v In the second layer, these information are gathered from a 
2 −hop neighborhood.
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v Consider the graph below, with 𝑣! colored in red.
v In a single iteration of aggregation process, node 𝑣! receives 

information from a neighborhood 𝑁(𝑣!).
v In the second layer, these information are gathered from a 
2 −hop neighborhood.

v The set of nodes that influence the embeddings 𝒉!
()) is called 

the effective range of nodes in the aggregation scheme.
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v The influence of each node embedding 𝒉!
0 by any node    

𝑣$ ∈ 𝑉 in a 𝐾-layer graph neural network is quantified by the 
influence score, defined as  
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v The influence of each node embedding 𝒉!
0 by any node    

𝑣$ ∈ 𝑉 in a 𝐾-layer graph neural network is quantified by the 
influence score, defined as  

v As the depth of GNN 𝐾 increases, the effective range of 
different nodes overlap with each other.
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v The influence of each node embedding 𝒉!
0 by any node    

𝑣$ ∈ 𝑉 in a 𝐾-layer graph neural network is quantified by the 
influence score, defined as  

v As the depth of GNN 𝐾 increases, the effective range of 
different nodes overlap with each other.

v As a result, the node representations 𝒉!
(0) for different nodes 

𝑣! ∈ 𝑉 become increasingly similar to each other.
v This is referred to as over-smoothing.
v Over-smoothing degrades learning and limits the aggregation 

scheme.

<latexit sha1_base64="1Knt3z1dxq+kU1EqVy5P0DnOjpw="></latexit>

IK(vj , vi) =
�!
1 T

 
@h(K)

i

@h(0)
j

!
�!
1



63

Adding Layers
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v As a consequence of over-smoothing, the depth of GNN layers 
is limited.

v One solution to this is to use deeper fully-connected networks 
within each GNN layer.
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<latexit sha1_base64="QtXOHgPt1RASa0YOwbM7T/k/8bU=">AAAB/nicbVDNS8MwHE39nJsfVfHkpTgFT6MVUY9DLx4nuA9YS0nTdAtLk5Kkg1EK/itePCjiTbz7H3jzD9Gz6baDbj4Iebz3+5GXFySUSGXbn8bC4tLyympprVxZ39jcMrd3WpKnAuEm4pSLTgAlpoThpiKK4k4iMIwDitvB4Krw20MsJOHsVo0S7MWwx0hEEFRa8s29yM/cgNNQjmJ9ZW7SJ3num1W7Zo9hzRNnSqr1w6/X92Hlu+GbH27IURpjphCFUnYdO1FeBoUiiOK87KYSJxANYA93NWUwxtLLxvFz60groRVxoQ9T1lj9vZHBWBbx9GQMVV/OeoX4n9dNVXThZYQlqcIMTR6KUmopbhVdWCERGCk60gQiQXRWC/WhgEjpxsq6BGf2y/OkdVJzzmqnN7qNSzBBCeyDA3AMHHAO6uAaNEATIJCBe/AInow748F4Nl4mowvGdGcX/IHx9gMj9Zqw</latexit>

f�

<latexit sha1_base64="rdtlXA+nKKAj5yzwBbgDmFFkh/c=">AAACAHicbVDLSsNAFJ3UV62vqAsXigSL4KokIuqy6MZlC/YBTQiTyaQdOnkwcyOUkI3gl7hxoYi74me48xv8CSdtF1o9MMzhnHu59x4v4UyCaX5qpYXFpeWV8mplbX1jc0vf3mnLOBWEtkjMY9H1sKScRbQFDDjtJoLi0OO04w2vC79zR4VkcXQLo4Q6Ie5HLGAEg5JcfS9wM9uLuS9HofoyGwYUcJ67etWsmRMYf4k1I9X6wbj59XA4brj6h+3HJA1pBIRjKXuWmYCTYQGMcJpX7FTSBJMh7tOeohEOqXSyyQG5cawU3whioV4ExkT92ZHhUBYLqsoQw0DOe4X4n9dLIbh0MhYlKdCITAcFKTcgNoo0DJ8JSoCPFMFEMLWrQQZYYAIqs4oKwZo/+S9pn9as89pZU6VxhaYoo310hE6QhS5QHd2gBmohgnL0iJ7Ri3avPWmv2tu0tKTNenbRL2jv3+5bmvs=</latexit>

f✓
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Adding Layers

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

v As a consequence of over-smoothing, the depth of GNN layers 
is limited.

v One solution to this is to use deeper fully-connected networks 
within each GNN layer.

2 63

1

2 63

<latexit sha1_base64="QtXOHgPt1RASa0YOwbM7T/k/8bU=">AAAB/nicbVDNS8MwHE39nJsfVfHkpTgFT6MVUY9DLx4nuA9YS0nTdAtLk5Kkg1EK/itePCjiTbz7H3jzD9Gz6baDbj4Iebz3+5GXFySUSGXbn8bC4tLyympprVxZ39jcMrd3WpKnAuEm4pSLTgAlpoThpiKK4k4iMIwDitvB4Krw20MsJOHsVo0S7MWwx0hEEFRa8s29yM/cgNNQjmJ9ZW7SJ3num1W7Zo9hzRNnSqr1w6/X92Hlu+GbH27IURpjphCFUnYdO1FeBoUiiOK87KYSJxANYA93NWUwxtLLxvFz60groRVxoQ9T1lj9vZHBWBbx9GQMVV/OeoX4n9dNVXThZYQlqcIMTR6KUmopbhVdWCERGCk60gQiQXRWC/WhgEjpxsq6BGf2y/OkdVJzzmqnN7qNSzBBCeyDA3AMHHAO6uAaNEATIJCBe/AInow748F4Nl4mowvGdGcX/IHx9gMj9Zqw</latexit>

f�

<latexit sha1_base64="rdtlXA+nKKAj5yzwBbgDmFFkh/c=">AAACAHicbVDLSsNAFJ3UV62vqAsXigSL4KokIuqy6MZlC/YBTQiTyaQdOnkwcyOUkI3gl7hxoYi74me48xv8CSdtF1o9MMzhnHu59x4v4UyCaX5qpYXFpeWV8mplbX1jc0vf3mnLOBWEtkjMY9H1sKScRbQFDDjtJoLi0OO04w2vC79zR4VkcXQLo4Q6Ie5HLGAEg5JcfS9wM9uLuS9HofoyGwYUcJ67etWsmRMYf4k1I9X6wbj59XA4brj6h+3HJA1pBIRjKXuWmYCTYQGMcJpX7FTSBJMh7tOeohEOqXSyyQG5cawU3whioV4ExkT92ZHhUBYLqsoQw0DOe4X4n9dLIbh0MhYlKdCITAcFKTcgNoo0DJ8JSoCPFMFEMLWrQQZYYAIqs4oKwZo/+S9pn9as89pZU6VxhaYoo310hE6QhS5QHd2gBmohgnL0iJ7Ri3avPWmv2tu0tKTNenbRL2jv3+5bmvs=</latexit>

f✓

3
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Adding Layers

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

v Another remedy is to apply deeper fully-connected networks 
before and after the GNN layers.

2 63

1

2 63

2 4 5 1 5131
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Adding Layers

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

v Another remedy is to apply deeper fully-connected networks 
before and after the GNN layers.

2 63

1

2 63

2 4 5 1 5131

<latexit sha1_base64="QtXOHgPt1RASa0YOwbM7T/k/8bU=">AAAB/nicbVDNS8MwHE39nJsfVfHkpTgFT6MVUY9DLx4nuA9YS0nTdAtLk5Kkg1EK/itePCjiTbz7H3jzD9Gz6baDbj4Iebz3+5GXFySUSGXbn8bC4tLyympprVxZ39jcMrd3WpKnAuEm4pSLTgAlpoThpiKK4k4iMIwDitvB4Krw20MsJOHsVo0S7MWwx0hEEFRa8s29yM/cgNNQjmJ9ZW7SJ3num1W7Zo9hzRNnSqr1w6/X92Hlu+GbH27IURpjphCFUnYdO1FeBoUiiOK87KYSJxANYA93NWUwxtLLxvFz60groRVxoQ9T1lj9vZHBWBbx9GQMVV/OeoX4n9dNVXThZYQlqcIMTR6KUmopbhVdWCERGCk60gQiQXRWC/WhgEjpxsq6BGf2y/OkdVJzzmqnN7qNSzBBCeyDA3AMHHAO6uAaNEATIJCBe/AInow748F4Nl4mowvGdGcX/IHx9gMj9Zqw</latexit>

f�

<latexit sha1_base64="rdtlXA+nKKAj5yzwBbgDmFFkh/c=">AAACAHicbVDLSsNAFJ3UV62vqAsXigSL4KokIuqy6MZlC/YBTQiTyaQdOnkwcyOUkI3gl7hxoYi74me48xv8CSdtF1o9MMzhnHu59x4v4UyCaX5qpYXFpeWV8mplbX1jc0vf3mnLOBWEtkjMY9H1sKScRbQFDDjtJoLi0OO04w2vC79zR4VkcXQLo4Q6Ie5HLGAEg5JcfS9wM9uLuS9HofoyGwYUcJ67etWsmRMYf4k1I9X6wbj59XA4brj6h+3HJA1pBIRjKXuWmYCTYQGMcJpX7FTSBJMh7tOeohEOqXSyyQG5cawU3whioV4ExkT92ZHhUBYLqsoQw0DOe4X4n9dLIbh0MhYlKdCITAcFKTcgNoo0DJ8JSoCPFMFEMLWrQQZYYAIqs4oKwZo/+S9pn9as89pZU6VxhaYoo310hE6QhS5QHd2gBmohgnL0iJ7Ri3avPWmv2tu0tKTNenbRL2jv3+5bmvs=</latexit>

f✓
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Adding Layers

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

v Another remedy is to apply deeper fully-connected networks 
before and after the GNN layers.

v These approaches are referred to as pre-processing and 
post-processing, respectively.

2 63

1

2 63

2 4 5 1 5131

<latexit sha1_base64="QtXOHgPt1RASa0YOwbM7T/k/8bU=">AAAB/nicbVDNS8MwHE39nJsfVfHkpTgFT6MVUY9DLx4nuA9YS0nTdAtLk5Kkg1EK/itePCjiTbz7H3jzD9Gz6baDbj4Iebz3+5GXFySUSGXbn8bC4tLyympprVxZ39jcMrd3WpKnAuEm4pSLTgAlpoThpiKK4k4iMIwDitvB4Krw20MsJOHsVo0S7MWwx0hEEFRa8s29yM/cgNNQjmJ9ZW7SJ3num1W7Zo9hzRNnSqr1w6/X92Hlu+GbH27IURpjphCFUnYdO1FeBoUiiOK87KYSJxANYA93NWUwxtLLxvFz60groRVxoQ9T1lj9vZHBWBbx9GQMVV/OeoX4n9dNVXThZYQlqcIMTR6KUmopbhVdWCERGCk60gQiQXRWC/WhgEjpxsq6BGf2y/OkdVJzzmqnN7qNSzBBCeyDA3AMHHAO6uAaNEATIJCBe/AInow748F4Nl4mowvGdGcX/IHx9gMj9Zqw</latexit>

f�

<latexit sha1_base64="rdtlXA+nKKAj5yzwBbgDmFFkh/c=">AAACAHicbVDLSsNAFJ3UV62vqAsXigSL4KokIuqy6MZlC/YBTQiTyaQdOnkwcyOUkI3gl7hxoYi74me48xv8CSdtF1o9MMzhnHu59x4v4UyCaX5qpYXFpeWV8mplbX1jc0vf3mnLOBWEtkjMY9H1sKScRbQFDDjtJoLi0OO04w2vC79zR4VkcXQLo4Q6Ie5HLGAEg5JcfS9wM9uLuS9HofoyGwYUcJ67etWsmRMYf4k1I9X6wbj59XA4brj6h+3HJA1pBIRjKXuWmYCTYQGMcJpX7FTSBJMh7tOeohEOqXSyyQG5cawU3whioV4ExkT92ZHhUBYLqsoQw0DOe4X4n9dLIbh0MhYlKdCITAcFKTcgNoo0DJ8JSoCPFMFEMLWrQQZYYAIqs4oKwZo/+S9pn9as89pZU6VxhaYoo310hE6QhS5QHd2gBmohgnL0iJ7Ri3avPWmv2tu0tKTNenbRL2jv3+5bmvs=</latexit>

f✓

Post-Processing

Pre-Processing
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Skip Connection

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

v The update operator introduced here combines the message 
𝑚"!→! from neighbors 𝑁(𝑣!) of node 𝑣! with the hidden 
activation 𝒉!

()) of node 𝑣! to yield an updated hidden 
activation 𝒉!

()12).

v While the embedding 𝒉!
()) is used in the update stage, after a 

few iterations, this information may be lost.

v Therefore, we may want to directly include the hidden 
activation 𝒉!

()) in 𝒉!
()12).

v This is referred to as skip connection.
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Skip Connection

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

v One approach to implement skip connections is by 
concatenation

<latexit sha1_base64="GHvDY8B3TXLyAHBAL63k1yEz6Pw="></latexit>

h(k+1)
i =

h
update(h(k)

i ,m(k)
Ni!i)� h(k)

i

i
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Skip Connection

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

v One approach to implement skip connections is by 
concatenation

v Another approach is to instead linearly interpolate between 
these two terms.

v Mathematically put,

where 𝛼 ∈ 0,1 + is a gating vector with learnable parameters.

<latexit sha1_base64="2MnQvYZPs3wFDwB6q6yEK78HErA="></latexit>

h(k+1)
i = ↵� update(h(k)

i ,m(k)
Ni!i) + (1�↵)� h(k)

i

<latexit sha1_base64="GHvDY8B3TXLyAHBAL63k1yEz6Pw="></latexit>

h(k+1)
i =

h
update(h(k)

i ,m(k)
Ni!i)� h(k)

i

i
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Summary

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

v General GNN framework
v Aggregation methods

• Neighborhood normalization
• Set pooling
• Janossy pooling
• Directional Bias
• Neighborhood sampling

v Update methods
• Over-smoothing
• Adding layers
• Skip Connections


