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/ 02 Introduction

() How much features of node “c” are important to node “i"?
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02 Introduction

How much features of node “c” are important to node “i"?

Can we learn such importance, in an automatic manner?
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/ 0 3 Graph Attention layer

INPUT: a set of node features h = {Bl, Bz, e ooy Bn}

OUTPUT: a new set of node features h' = {5'1, EI27°
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a:RF xR - R

eij = a(W - hi, W - h;)



2) Self attention

a:RF xR 5 R

Specify the importance of node j's features to node i
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4) Attention mechanism (,

s a single-layer feed forward neural network
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| 4) Attention mechanism a
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4) Attention mechanism a
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> 1 X 4) Attention mechanism a,
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4) Attention mechanism a

Leaky RelLU

max(0.2x, x)
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4) Attention mechanism a
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4) Attention mechanism a
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4) Attention mechanism a

P /
(2F x 1)
L F
(F' x F)F (F' x F)F
_m | |
exp(LeakyReLU(a' [Wh;]| 'Wh;]))
S

R — exp(LeakyReLU(a' [Wh;||[Why]))

al — transpose(a)

|| = concatenation



/ 0 3 Graph Attention layer

4) Attention mechanism a
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4) Attention mechanism
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5) Use it ;)
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6) Multi-head attention
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s Self-attention layers can be parallelized across edges

> Output features can be parallelized across nodes

o Computationally efficient
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.' / OL'_ Pros of GAT

8 Self-attention layers can be parallelized across edges

> Output features can be parallelized across nodes

Computationally efficient

Allows to assign different importances to nodes of a same neighborhood

Not required to have the entire graph
It is applied in a shared manner to all edges in the graph/

Transductive learning (Cora, Citeseer, Pubmed)
Works in both:4 Inductive learning (PPI)
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Features representations of
node i at the k-th layer

O 5 Message passing implementation
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e Feature rep of node i at
the (k-1)-th layer

e Feature rep of node j at
the (k-1)-th layer

e [optionally] features of
edge (i)

Features representations of

node | at the keth layer Differentiable, ordering

invariant function.
For every jin the
neighbourhood of i.

Eg: sum, average, etc...

Differentiable function *
Eg: MLP




Features representations of
node i at the k-th layer

Differentiable function
Eg: MLP
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e Feature rep of node i at
the (k-1)-th layer

e Feature rep of node j at
the (k-1)-th layer

e [optionally] features of
edge (i)

Differentiable, ordering
invariant function.
For every jin the
neighbourhood of i.

Eg: sum, average, etc...

Differentiable function *
Eg: MLP
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a ‘/E'PyTorCh Geometric provides the MessagePassing base class.
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PyTorch Geometric provides the MessagePassing base class.
PARAMETERS

CLASS MessagePassing ( aggr: Optional[str] = 'add', flow: str = 'source _to_target', node_dim:int = .
—52)) [source]

Base class for creating message passing layers of the form
X; =70 (xiylj]k éG‘) (xuxjae_)l))e

where [ denotes a differentiable, permutation invariant function, e.g., sum, mean or max, and
Yo and @@ denote differentiable functions such as MLPs. See here for the accompanying /
tutorial. o




PARAMETERS

aggr (string, optional) - The aggregation scheme to use ( "add" , "mean" , "max" Or None ).

(default: "add" )

CLASS MessagePassing ( aggr: Optional[str] = 'add', flow: str = 'source _to_target', node_dim:int = .
—2)) [source]

Base class for creating message passing layers of the form
x! = 7o (Xi, Ojeni) %o (Xir Xj,€5;:))

where [ denotes a differentiable, permutation invariant function, e.g., sum, mean or max, and
Yo and @@ denote differentiable functions such as MLPs. See here for the accompanying
tutorial.
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PARAMETERS

, "mean" , "max" Or None)

/|
PyTorch Geometric provides the MessagePassing base class.

"source_to_target" )

(default: "add" )

aggr (string, optional) - The aggregation scheme to use ( "add"

flow (string, optional) - The flow direction of message passing ( "source_to_target" or

"target_to_source" ). (default:
'source_to_target', node_dim: int = -

add’, flow: str =

CLASS MessagePassing ( aggr: Optional[str]

=2 2)

[source]
Base class for creating message passing layers of the form
L ="7e (Xi,D]k Gj@) (xux]ae]z))

where [ denotes a differentiable, permutation invariant function, e.g., sum, mean or max, and
Yo and @@ denote differentiable functions such as MLPs. See here for the accompanying

tutorial.
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o /1»\5PyTorCh Geometric provides the MessagePassing base class.
S METHODS

CLASS MessagePassing ( aggr: Optional[str] = 'add', flow: str = "source_to_target', node_dim:int =
—2) [source]

Aggreg ates messages from nelg h borS aggregate ( inputs: torch.Tensor, index: torch.Tensor, ptr: Optional[torch.Tensor] = None, dim_size:
Optional[int] = None ) — torch.Tensor  [source]
(sum, mean, max)
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Ol /N /s"PyTorCh Geometric provides the MessagePassing base class.

N — METHODS
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‘/ﬁPyTorCh Geometric provides the MessagePassing base class.
N METHODS

CLASS MessagePassing ( aggr: Optional[str] = 'add', flow: str = "source_to_target', node_dim:int =

- 2) [source]

14

aggregate ( inputs: torch.Tensor, index: torch Tensor, ptr: Optional[torch.Tensor] = None, dim_size:

Aggregates messages from neighbors
Optional[int] =None ) — torch.Tensor  [source]
(sum, mean, max)

Constructs messages from node | to
nodeiin ana|ogy 1{6) q)@ message ( X_j: torch.Tensor ) = torch.Tensor  [source]
?

propagate ( edge_index: Union[torch.Tensor, torch_sparse.tensor.SparseTensor], size:

Propagate messages Optional[Tuple[int, int]] = None, **kwargs) [source]
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S

‘/‘SPyTorCh Geometric provides the MessagePassing base class.

METHODS

CLASS MessagePassing ( aggr: Optional[str] = 'add', flow: str = "source_to_target', node_dim:int =

- 2) [source]

14

Aggregates messages from neighbors
(sum, mean, max)

Constructs messages from node | to
node i in analogy to ¢$0

Propagate messages

Updates node embeddings in
analogy to y@

aggregate ( inputs: torch.Tensor, index: torch Tensor, ptr: Optional[torch.Tensor] = None, dim_size:
Optional[int] =None ) — torch.Tensor  [source]

message ( x_j: torch.Tensor ) —= torch.Tensor  [source]
]

propagate ( edge_index: Union[torch.Tensor, torch_sparse.tensor.SparseTensor], size:
Optional[Tuplelint, int]] = None, **kwargs ) [source]

update ( inputs: torch.Tensor ) —= torch.Tensor  [source]
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Layer Name

class GCNConv(MessagePassing):
def init (self, in channels, out channels):
super (GCNConv, self). init (aggr='add')

def forward(self, x, edge index):

return self.propagate(edge index, X=X, norm=norm)
def message(self,...):

return ...
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%
Layer Name /

class GCNConv(MessagePassing):
def init (self, in channels, out channels):
super (GCNConv, self). init (aggr='add')

def forward(self, x, edge index):

return self.propagate(edge index, X=X, norm=norm)
def message(self,...):

return ... T
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YavN HOW TO USE IT?

-
/ / GCNConv inherits from MessagePassing
‘/“Jﬁ/
- Layer Name /

class GCNConv(MessagePassing): Initialme he el K " e f
def init (self, in_channels, out channels): niialize the class, call 'super: Specitying your
super (GCNConv, self). init (aggr='add') aggregations (add,max,mean)

def forward(self, x, edge index):

return self.propagate(edge index, X=X, norm=norm)
def message(self,...):

return ... .
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HOW TO USE IT?

GCNConv inherits from MessagePassing

Layer Name /

class GCNConv(MessagePassing): Initialize the cl K ) i
def init (self, in_channels, out channels): niialize the class, call 'super: Specitying your
super (GCNConv, self). init (aggr='add') aggregations (add,max,mean)

def forward(self, x, edge index):

return self.propagate(edge index, X=X, norm=norm) Forward and-propagate
def message(self,...):

return ...
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Simple example

1 :

i L. _ (@ _ (k—1)>
== , : X
jeN%:U{z‘} v/ deg(?) - 1/deg(j) !

k g ke— A k— g . /—/
xg ) = i (XE 1)aDj€N(z') ¢ (XE 1),x§. 1),ej,,,-,)) , /
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/ Q/ Simple example
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09 *
<>\ Simple example
/ ; 1 2
Wo oy L (et)
JEN()U{3} deg(i) - \/deg(J)

In steps:

1. Add self loops

2. Alinear transformation to node feature matrix

3. Compute normalization coefficients

4. Normalize node features

5. Sum up neighboring node features
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OV VAV Simple example
: 1 L
xgk) _ z . ., ((_).Xy 1)>
JENGE)UEY V deg(2) - \V deg(j)
In steps:
1. Add self loops
2. Alinear transformation to node feature matrix Forward method
3. Compute normalization coefficients
4. Normalize node features Message method
5. Sum up neighboring node features ] int
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f GCNConv inherits from MessagePassing

/

class GCNConv(MessagePassing):

' def init (self, in_channels, out channels):
super(GCNConv, self). init (aggr='add') # "Add" aggregation (Step 5).
self.lin = torch.nn.Linear(in_channels, out channels)

def forward(self, x, edge index):
# x has shape [N, in channels]
# edge index has shape [2, E]

# Step 1: Add self-loops to the adjacency matrix.
edge index, = add self loops(edge index, num nodes=x.size(0))

# Step 2: Linearly transform node feature matrix.
x = self.lin(x)

# Step 3: Compute normalization.

row, col = edge index ”
deg = degree(col, x.size(0), dtype=x.dtype)
deg inv_sqrt = deg.pow(-0.5)

norm = deg inv_sqrt[row] * deg inv_sqrt[col]

# Step 4-5: Start propagating messages.
return self.propagate(edge index, x=x, norm=norm)

def message(self, x_j, norm):
# x_j has shape [E, out channels]

# Step 4: Normalize node features.
return norm.view(-1, 1) * x j
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/ q q .
/GCNConv inherits from MessagePassing
i
class GCNConv(MessagePassing):
def init (self, in_channels, out channels):
super(GCNConv, self). init (aggr='add') # "Add" aggregation (Step 5).
self.lin = torch.nn.Linear(in_channels, out channels)

def forward(self, x, edge index):
# x has shape [N, in channels]
# edge index has shape [2, E]

# Step 1: Add self-loops to the adjacency matrix.
edge index, = add self loops(edge index, num nodes=x.size(0)) 1) Add self |00pS

# Step 2: Linearly transform node feature matrix.
x = self.lin(x)

# Step 3: Compute normalization.

row, col = edge index ”
deg = degree(col, x.size(0), dtype=x.dtype)
deg inv_sqrt = deg.pow(-0.5)

norm = deg inv_sqrt[row] * deg inv_sqrt[col]

# Step 4-5: Start propagating messages.
return self.propagate(edge index, x=x, norm=norm)

def message(self, x_j, norm):
# x_j has shape [E, out channels]

# Step 4: Normalize node features.
return norm.view(-1, 1) * x j
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0 6 Implement our GCNConv

/GCNConv inherits from MessagePassing

class GCNConv(MessagePassing):
def init (self, in_channels, out channels):
super(GCNConv, self). init (aggr='add') # "Add" aggregation (Step 5).
self.lin = torch.nn.Linear(in_channels, out channels)

def forward(self, x, edge index):
# x has shape [N, in channels]
# edge index has shape [2, E]

# Step 1: Add self-loops to the adjacency matrix.
edge index, = add self loops(edge index, num nodes=x.size(0)) 1) Add self |00ps

# Step 2: Linearly transform node feature matrix. 2) A |inear transformation to nOde feature matrix

x = self.lin(x)

# Step 3: Compute normalization.

row, col = edge index

deg = degree(col, x.size(0), dtype=x.dtype)
deg _inv_sqrt = deg.pow(-0.5)

norm = deg inv_sqrt[row] * deg inv_sqrt[col]

# Step 4-5: Start propagating messages.
return self.propagate(edge index, x=x, norm=norm)

def message(self, x_j, norm):
# x_j has shape [E, out channels]

# Step 4: Normalize node features.
return norm.view(-1, 1) * x j
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class GCNConv(MessagePassing):
def init (self, in_channels, out channels):
super(GCNConv, self). init (aggr='add') # "Add" aggregation (Step 5).
self.lin = torch.nn.Linear(in_channels, out channels)

’ -

O 6 Implement our GCNConv

def forward(self, x, edge index):
# x has shape [N, in channels]
# edge index has shape [2, E]

# Step 1: Add self-loops to the adjacency matrix.
edge index, = add self loops(edge index, num nodes=x.size(0)) 1) Add self |00pS

# Step 2: Linearly transform node feature matrix. 2) A |inear transformation to nOde feature matrix

x = self.lin(x)

# Step 3: Compute normalization.

row, col = edge index

deg = degree(col, x.size(0), dtype=x.dtype) 3
deg _inv_sqrt = deg.pow(-0.5) )
norm = deg inv_sqrt[row] * deg inv_sqrt[col]

Compute normalization coefficients -

# Step 4-5: Start propagating messages.
return self.propagate(edge index, x=x, norm=norm)

def message(self, x_j, norm): :
# x_j has shape [E, out channels] -

# Step 4: Normalize node features.
return norm.view(-1, 1) * x j
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class GCNConv(MessagePassing):
def init (self, in_channels, out channels):
super(GCNConv, self). init (aggr='add') # "Add" aggregation (Step 5).
self.lin = torch.nn.Linear(in_channels, out channels)

def forward(self, x, edge index):
# x has shape [N, in channels]
# edge index has shape [2, E]

# Step 1: Add self-loops to the adjacency matrix.
edge index, = add self loops(edge index, num nodes=x.size(0)) 1) Add self |00ps

# Step 2: Linearly transform node feature matrix. 2) A |inear transformation to nOde feature matrix

x = self.lin(x)

# Step 3: Compute normalization.

row, col = edge index

deg = degree(col, x.size(0), dtype=x.dtype) 3
deg inv_sqrt = deg.pow(-0.5) )
norm = deg inv_sqrt[row] * deg inv_sqrt[col]

Compute normalization coefficients -

# Step 4-5: Start propagating messages.
return self.propagate(edge index, x=x, norm=norm)

def message(self, x j, norm): )
# x_j has shape [E, out channels] P

# Step 4: Normalize node features.

return norm.view(-1, 1) * x_j 4) Normalize node features
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class GCNConv(MessagePassing):
def init (self, in_channels, out channels):

super(GCNConv, self). init (aggr='add') # "Add" aggregation (Step 5). 5) Sum up neighboring n0de features

self.lin = torch.nn.Linear(in_channels, out channels)

< 7 N\ '/ / 0 6 Implement our GCNConv

def forward(self, x, edge index):
# x has shape [N, in channels]
# edge index has shape [2, E]

# Step 1: Add self-loops to the adjacency matrix.
edge index, = add self loops(edge index, num nodes=x.size(0)) 1) Add self |00ps

R IR (R et R 2)  Alinear transformation to node feature matrix
X = selT.Ll1n(X

# Step 3: Compute normalization.

row, col = edge index

deg = degree(col, x.size(0), dtype=x.dtype) 3
deg inv_sqrt = deg.pow(-0.5) )
norm = deg inv_sqrt[row] * deg inv sqrt[col]

Compute normalization coefficients -

# Step 4-5: Start propagating messages.
return self.propagate(edge index, x=x, norm=norm)

def message(self, x j, norm):
# x_j has shape [E, out channels]

# Step 4: Normalize node features.

return norm.view(-1, 1) * x_j 4) Normalize node features
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