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Correlation between data

Cat or dog?
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Correlation between data

Q: is there correlation between images?

Cat or dog?
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Correlation between data

Q: is there correlation between images?
No

Cat or dog?
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Correlation between data
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Correlation between data
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Correlation between data

Image credit http://web.stanford.edu/class/cs224w/slides/01-intro.pdf
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Correlation between data

Image credit http://web.stanford.edu/class/cs224w/slides/01-intro.pdf
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Correlation between data

(with directions)

Image credit http://web.stanford.edu/class/cs224w/slides/01-intro.pdf
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Correlation between data

CANCELLED BY

Event Graphs

Image credit http://web.stanford.edu/class/cs224w/slides/01-intro.pdf
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Correlation between data
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Computer Networks

Image credit http://web.stanford.edu/class/cs224w/slides/01-intro.pdf

27


http://web.stanford.edu/class/cs224w/slides/01-intro.pdf

Correlation between data

Chesapeake Bay Waterbird Food Web

Food Webs

Image credit http://web.stanford.edu/class/cs224w/slides/01-intro.pdf
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Correlation between data

Image credit: Medium

Social Networks

Image credit http://web.stanford.edu/class/cs224w/slides/01-intro.pdf
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Correlation between data
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Image credit http://web.stanford.edu/class/cs224w/slides/01-intro.pdf
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Correlation between data
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Correlation between data

Image credit http://web.stanford.edu/class/cs224w/slides/01-intro.pdf
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Correlation between data

undirected graph

Image credit http://web.stanford.edu/class/cs224w/slides/01-intro.pdf
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Correlation between data

node

undirected graph

Image credit http://web.stanford.edu/class/cs224w/slides/01-intro.pdf
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Correlation between data

node

edge

undirected graph

Image credit http://web.stanford.edu/class/cs224w/slides/01-intro.pdf
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Correlation between data

node

edge edge

undirected graph

Image credit http://web.stanford.edu/class/cs224w/slides/01-intro.pdf
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Correlation between data

CNN on an image:

Convolutions Subsampling Convolutions Subsampling Fully connected

Image credit https://web.stanford.edu/class/cs224w/slides/08-GNN.pdf
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Machine learning tasks for graph data

* Node level
e Edge level Node level
e Community level

* Graph level

Graph-level <-

prediction, :: » Community

Graph (subgraph)
generation level
Edge-level

Image credit http://web.stanford.edu/class/cs224w/slides/01-intro.pdf *
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Machine learning tasks for graph data
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Machine learning tasks for graph data

classification
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Social network
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Social network
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Machine learning tasks for graph data
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Machine Learning

— D . CAR
© 1 ‘ © ©
Q - - - % -

Input Feature extraction Classification Output

Deep Learning

= o é%é o

Input ‘ Feature extraction IF Classification Output
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Machine learning tasks for graph data

Consider correlations

Graph data

Machine Learning

©

Input

Feature extraction Classification

Deep Learning

X -

Input

St

‘ Feature extraction Ir Classification

Output

Output

58



Machine learning tasks for graph data
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Machine learning tasks for graph data
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Machine learning tasks for graph data

Machine Learning Q: how to learn node features?

Feature extraction Classification

Consider correlations
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Machine learning tasks for graph data
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Machine learning tasks for graph data

Machine Learning Q: how to learn node features? How to consider the correlation in graph?
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Machine learning tasks for graph data
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Machine learning tasks for graph data

Machine Learning Q: how to learn node features? How to consider the correlation in graph?
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Machine learning tasks for graph data

Machine Learning Q: how to learn node features? How to consider the correlation in graph?
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Machine learning tasks for graph data
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Node degree

Image credit http://web.stanford.edu/class/cs224w/slides/03-nodeemb.pdf
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Node degree

Image credit http://web.stanford.edu/class/cs224w/slides/03-nodeemb.pdf
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Node degree

Image credit http://web.stanford.edu/class/cs224w/slides/03-nodeemb.pdf
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Node degree

Image credit http://web.stanford.edu/class/cs224w/slides/03-nodeemb.pdf
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Node degree

Image credit http://web.stanford.edu/class/cs224w/slides/03-nodeemb.pdf
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Node degree

Image credit http://web.stanford.edu/class/cs224w/slides/03-nodeemb.pdf
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Node degree

kB = 2 We can compute degree for each node

Image credit http://web.stanford.edu/class/cs224w/slides/03-nodeemb.pdf
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Adjacency matrix

Q: which nodes are connected to node #17?
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0 0o
0 0o

1
1

1

(0 0

0

1 0 0

u
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Adjacency matrix

Q: which nodes are connected to node #17?

1
1

0 0o
0 0o

1
1

1

(0 0

0

1 0 0

u
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Adjacency matrix

2 a
L -

AN
m/@p OEH

Q: which nodes are connected to node #17?

runw ‘001 0 1) ‘001 1 0)
00 1 1 1 010 1 00 1
1 100 010 1 1 00 1
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Adjacency matrix

Q: which nodes are connected to node #17?

0
001
0 0o

0
1

1

1

0 0

1 0 0

u
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Adjacency matrix

Q: which nodes are connected to node #3?

1
1

0 0o
0 0o

1
1

1

(0 0

0

1 0 0

u
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Adjacency matrix

Q: which nodes are connected to node #3?

1
1

0 0o
0 0o

1
1

1

(0 0

0

1 0 0

u
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Adjacency matrix
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Adjacency matrix

1
1

0 0o
0 0o

1
1
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Adjacency matrix

Q: What do entries on diagonal stand for?

85



Adjacency matrix
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Adjacency matrix

87

-~ =,
= = =
—_— Y e
— S
= = =
-~ -,
—_— O - O
o — O -
— O — Q
= = O =
p-

llﬂﬂ7
— =0 O
o Q= —
= o= —




Adjacency matrix

1

0 0o

1

Symmetric
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Encoder-decoder for graph data

(0. I 0 1)

A—l O 0 1

V:{1, 2, 3, 4} 0 0 0 1
(11 1 0

Image credit http://web.stanford.edu/class/cs224w/slides/03-nodeemb.pdf
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Encoder-decoder for graph data

(0. I 0 1)

A—l O 0 1

V:{1, 2, 3, 4} 0 0 0 1
(11 1 0

Q: can we learn node features with the correlation in the adjacency matrix?

Image credit http://web.stanford.edu/class/cs224w/slides/03-nodeemb.pdf .
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Encoder-decoder for graph data

Goal: similarity(u,v) =~ zlz,
in the original network Similarity of the embedding

Need to define!

original network embedding space

Image credit http://web.stanford.edu/class/cs224w/slides/03-nodeemb.pdf
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Encoder-decoder for graph data

Goal: similarity(u,v) =~ zlz,
in the original network Similarity of the embedding

Need to define!

original network embedding space

Image credit http://web.stanford.edu/class/cs224w/slides/03-nodeemb.pdf
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Encoder-decoder for graph data

Goal: similarity(u,v) =~ zlz,
in the original network Similarity of the embedding

Need to define!

-----------------
.......
'

~ATENC(u)

pde nodes

-
-------
------

original network embedding space

Image credit http://web.stanford.edu/class/cs224w/slides/03-nodeemb.pdf
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Encoder-decoder for graph data

Goal: similarity(u,v) =~ zlz,
in the original network Similarity of the embedding

Need to define!

-----------------
.......
'

~ATENC(u)

pde nodes

-
-------
------

original network embedding space

Image credit http://web.stanford.edu/class/cs224w/slides/03-nodeemb.pdf
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Encoder-decoder for graph data

Goal: [similarity(u, v)| = zlz,

in the origmal Network Similarity of the embedding

Need to define!

-----------------
.......
'

~ATENC(u)

pde nodes

-
-------
------

original network embedding space

Image credit http://web.stanford.edu/class/cs224w/slides/03-nodeemb.pdf
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Encoder-decoder for graph data

Goal: [similarity(u, v)| =

in the origmal Network Similarity of the embedding

Need to define!

-----------------
.......
'

~ATENC(u)

pde nodes

-
-------
------

original network embedding space

Image credit http://web.stanford.edu/class/cs224w/slides/03-nodeemb.pdf
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Encoder-decoder for graph data

Goal: ‘similarity(u, v)‘ ~ u=ky,v=k,

in the origmal Network Similarity of the embedding

Need to define!

.................
.......
.

~ATENC(u)

pde nodes

-
-------
------

original network embedding space

Image credit http://web.stanford.edu/class/cs224w/slides/03-nodeemb.pdf
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Encoder-decoder for graph data

Goal: similarity(u, ’U) ~ zg'zu U =ky,v =k Q: how to learn ENC?
in the original network Similarity of the embedding

Need to define!

-----------------
.......
'

~TENC(u)

pde nodes

-
-------
------

original network embedding space

Image credit http://web.stanford.edu/class/cs224w/slides/03-nodeemb.pdf
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Encoder-decoder for graph data

Goal: similarity(u, 17) =~ z,'fzu Q: how to learn ENC?
in the original network Similarity of the embedding

Need to define! [ENCO)|=2,=2Z v

.................
.......
e

~TENC(u)

dx[V maitrix, each columnis a node
Z € RV embedding [what we learn /
optimize]

V| indicator vector, all zeroes
vel except a one in column
indicating node v

pde nodes

-
-------
------

original network embedding space

Image credit http://web.stanford.edu/class/cs224w/slides/03-nodeemb.pdf >
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Encoder-decoder for graph data

Goal: similarity(u, 17) =~ z,'fzu Q: how to learn ENC?
in the original network Similarity of the embedding Linear transformation

Need to define! “wEL

.................
.......
e

~TENC(u)

dx[V maitrix, each columnis a node
Z € RV embedding [what we learn /
optimize]

V| indicator vector, all zeroes
vel except a one in column
indicating node v

pde nodes

-
-------
------

original network embedding space

Image credit http://web.stanford.edu/class/cs224w/slides/03-nodeemb.pdf e
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Encoder-decoder for graph data

Goal: similarity(u, 17) =~ z,'fzu Q: how to learn ENC?
in the original network Similarity of the embedding Linear transformation

Need to define! “wEL

e dx[p| Matrix, each column is a node
ENC(’U,) EE RV embedding [what we learn /

optimize]

pde nodes

V| indicator vector, all zeroes
.E I except a one in column
indicating node v

-
-------
------

original network embedding space

Image credit http://web.stanford.edu/class/cs224w/slides/03-nodeemb.pdf .
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Encoder-decoder for graph data

Goal: similarity(u, 17) =~ z,'fzu Q: how to learn ENC?
in the original network Similarity of the embedding Linear transformation

Need to define! “wEL

e dx[p| Matrix, each column is a node
ENC(’U,) EE RV embedding [what we learn /

optimize]

pde nodes

V| indicator vector, all zeroes
.E I except a one in column
indicating node v

-
-------
------

I ENC(’U] One-hot labels
original network embedding space

Image credit http://web.stanford.edu/class/cs224w/slides/03-nodeemb.pdf e
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Encoder-decoder for graph data

Goal: similarity(u, 17) =~ z,'fzu Q: how to learn ENC?
in the original network Similarity of the embedding Linear transformation
- ENC(l=7z_.=7 -1
N t fine! |:
eed O de © Binary  Gray code | One-hot
""""""""""""""""" 000 | 000 00000001
\T € RV
ENC(u) IZl 001 | 001 00000010
910" [ion 00000100
pde nodes V]
E I 011 010 00001000
--------------- 100 [110 00010000
|ENC(v) 101 |11 00100000
original network embedding space 110 101 01000000
11 100 10000000

Image credit http://web.stanford.edu/class/cs224w/slides/03-nodeemb.pdf
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Encoder-decoder for graph data

Goal: similarity(u, 17) ~ z,'fzu Q: how to learn ENC? Each node
in the original network Similarity of the embedding Linear transformation
' ENC(?\:? =7 .1
Need to definel [ENCGf

eed O de c Binary | Gray code = Onej-hot
. ENC(U) IZlE RAXIV 000 | 000 ‘|00000001|
001 001 00000010
010 | omn 00000100

pde nodes 7|
E I on 010 00001000
............... 100 | 110 00010000
I ENC(U] 101 |11 00100000
original network embedding space 110 1071 01000000
11 100 10000000

Image credit http://web.stanford.edu/class/cs224w/slides/03-nodeemb.pdf
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Encoder-decoder for graph data

Goal: similarity(u, 17) ~ z,'fzu Q: how to learn ENC? Each node
in the original network Similarity of the embedding Linear transformation
' ENC(?\:? =7 .1
Need to definel [ENC(p

eed O de c Binary | Gray code = Onej-hot
. ENC(U) IZlE RAXIV 000 | 000 ‘|00000001|
001 | 001 00000010
010 | ON 00000100

pde nodes V|
€ I on | 010 00001000
............... 100 | 110 00010000
|ENC(v) 101 |11 00100000
original network embedding space 110 1071 01000000
1M 100 10000000

Image credit http://web.stanford.edu/class/cs224w/slides/03-nodeemb.pdf
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Encoder-decoder for graph data

Goal: similarity(u, ’U) =~ z,'fzu Q: how to learn ENC?
in the original network Similarity of the embedding

Need to deﬂne' embedding vector for a
- embedding specific node
.................. matrix e
s E / o -
-\ 1o imension/size
. ENC(U) Z = 2 of embeddings
'@
W@
pde nodes : e -
one colum\rq per node
|ENC(v)
original network embedding space
106

Image credit http://web.stanford.edu/class/cs224w/slides/03-nodeemb.pdf
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Encoder-decoder for graph data

Goal: similarity(u, ’U) =~ z,'fzu Q: how to learn ENC?
in the original network Similarity of the embedding

Need to deﬂne' ‘embedding vector for a
- embedding specific node
.................. matrix T
N § / o
-\ 19 imension/size
. ENC(U) Z = 2 of embeddings
'@
W@
pde nodes : 8 -
one colum\rq per node
|ENC(v)
original network embedding space
107

Image credit http://web.stanford.edu/class/cs224w/slides/03-nodeemb.pdf
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Encoder-decoder for graph data

Goal: similarity(u, ’U) =~ z,'fzu Q: how to learn ENC?
in the original network Similarity of the embedding
Need to deﬁnel ‘embedding vector for a
- embedding specific node
.......................... matrix : /
AT o Dimension/size
' ENC(U) Z = 2 ofI embcleddinlgs
o
W@
pde nodes t i -
one colum\rq per node
"""""""" Learnable parameters
|[ENC(v) P
original network embedding space
108

Image credit http://web.stanford.edu/class/cs224w/slides/03-nodeemb.pdf
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Encoder-decoder for graph data

Goal: similarity(u, 17) =~ z,'fzu Q: how to learn ENC?
in the original network Similarity of the embedding

Need to deﬂne' | ‘embedding vector for a
embedding specific node
................... matrix 9
B § / o oS
\- o imension/size
ENC(U) 7 = 2 of embeddings
o
@
pde nodes — ’
one colum\rq per node
"""""""" Learnable parameters
[ENC(v)] "
original network embedding space Q: how can we replace linear node

embedding with nonlinear functions?

Image credit http://web.stanford.edu/class/cs224w/slides/03-nodeemb.pdf o
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Graph neural networks

Image
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Graph neural networks

Image

Q: can we use convolution operation on graph?

Graph convolutional neural networks
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