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1 I Introduction

Seminar Topic

* Deep learning
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01 I Introduction

= Seminar Topic
v Graph Neural Networks

Graph Neural Networks
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01 I Introduction

= Seminar Topic

Graph Attention Networks
v Graph Neural Networks + Attention
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02 I Attention

= Text data & Recurrent Neural Network (RNN)
« RNN2 sequential datal| st&0f Mgt MFY ZE

« Text data= co-occurence?} sequential patternS 123t 240 ZQ

hS entence

RNN
Cell

RNN Is Suitable for Text data
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02 I Attention

= SeqZseq
«  RNN encoder + RNN decoder

 Machine translation

Encoder: RNN Decoder: RNN
I , R Context vector
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02 I Attention

= SeqZseq
* Long term dependency

» Vanishing/Exploding gradient

Encoder: RNN Decoder: RNN

Context vector
sh=0] 24| v = &of v
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02 I Attention

= SegZ2seq with Attention

+ Relieve the encoder from the burden of having to encode all information into a fixed length vector

Encoder: RNN Decoder: RNN

N Context vector
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02 I Attention

= Key, Query, Value
 Dictionary At& 7=
« Query®f KeyZ} YX|SHH ValueE return

Key Value
oIk=2=] M=
eapSkel, Al
N =H]
SHAL &H|
EZHEEE
B3l Dictionary —  Output: X|0] &
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02 I Attention

= Key, Query, Value @ def Similarity(Query, Key)
- Dictionary At& #+Z& if Query = Key:
« Query®l KeyZl LX|SHH ValueE return return 1
else:
return O
Key Sim Value
Oz 0 =
epsiel, 0 s
A Al 0 =H]
SHAL 0 cLl
Eppe : x0] 9

27l Dictionary
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02 I Attention

= Key, Query, Value
Dictionary At& F+&
Query®f KeyZt YX|5HH ValueE return

@ def Similarity(Query, Key)

if Query = Key:
return 1 @ def SimXValue(Sim,Value)
else: output = Sim X int(value)
return O return output
Key Sim Value SimXValue
Olze 0 M= — 0
Skl 0 o= — 0
A Al 0 =H| — 0
=ION, 0 A Hj — 0
S 1 Aol g || xog

27l Dictionary
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02 I Attention

= Key, Query, Value @ def Similarity(Query, Key)
« Dictionary At& & if Query = Key:
« Query®t Key?Zl X[5tH ValueE return return 1 @ def SimXValue(Sim,Value)
else: output = Sim X int(value)
return O return output
Key Value SimXValue
0|z 2 s | 0
SR oig | 0
Result
A Al =4 — 0 >
x|o| 8
[=19N; AlH| — 0
exd | xo e | =xog
£ 71 Dictionary ® def Result(outputs)

return sum(outputs) ‘ 2
5
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02 I Attention

= Key, Query, Value

@ def Similarity(Query, Key)

Dictionary At2& Q| Z1} 2[H 1pH if Query = Key:

@ Similarity(key, value) return 1
v’ Key2 valuel| FAI=E A LS} clse:

@ SimXValue(sim, value) return 0
v SAE2} valueE &L

® Result(outputs) ‘
v FAEL}valueE &9 42| o= 2| Hotrt @ def SimXValue(Sim,Value)

output = Sim X int(value)
result = Z similarity(key, query) * value return output

i

A

® def Result(outputs)

return sum(outputs)
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02 I Attention

= Key, Query, Value in Attention
« Attention: Query2t key2| FALEE A itot 2 valuel| 7HEE S Al AHSH=E 1t
. Attention score: ValueOf| E5iX|&= 7t&X|
» Considerations
v Key, Query, Value = Vectors (Matrix/Tensor)

v" Similarity function

output = Z similarity(key, query) * value A(q,K,V) = z softmax(f(K,q))V

i i

Dictionary A& +X Attention
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02 I Attention

= Attention in Seg2seq Machine Translation Query Key | Value Output Feature
. o = T o . 51 hy hy "l a1z xhy 5
« Attention: Query2l keyl| FAtEE AL = valuel| 7t5 &S AlLtst= b8 ai, * h;
S2 " h; h, "l a2+ hy 2o
. = i . i=1
Key, Value = Hidden states of encoder h; 5 hy hy S
* Query = Hidden state of decoder s, S h, hy, || aup*h,
» Feature = Context vector at time step 2 Sg hs hg »| asy *hg
Encoder RNN Decoder RNN
Yo | h p e} | s [ N {@i2} = softmax(f(h;, s2))
\\ \\;®\\ + e
X2 hp | WO s [T >
\ ) 7
PP~ = .o %k N
X | (A | s feature = ) iz b
e i=1
X 4 h 4 (\: ‘/\) \\)‘:(\/ ..: S4
X5 h5 <: \\1\\\\\‘\\ l" Ss

® (T Chrn A(q,K,V) = ZSoftmax(f(K, aNVv
a §F |
papago papago Machine Translation oz
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02 I Attention

Feature

5

ZaiB * h;

i=1

= Attention in Seg2seq Machine Translation Query ey | Yale || Outedt
«  Attention: Query2} key2| SALZE A AHSH Z valuel| 7HEE S A ASHE Ity 51 hy hy 7| a3 *hy

S2 h; h, "| @23 *hy

+ Key, Value = Hidden states of encoder h; 5 hy hy || agehs

* Query = Hidden state of decoder s; S \ h, hy, || au*h,

» Feature = Context vector at time step 3 Ss hs hg »| @53 *hs

Encoder RNN Decoder RNN
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02 I Attention

Attention in RNN-based Document Classification
« Attention: Query2}t key2| FAI=E AL = valuel| 7t
* Feature = Document vector
» Key, Value = Hidden states of RNN h;

* Query = Learnable parameter vector c (context vector)

RNN
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Feature

5

Zaiz *h;

i=1

Query Key Value Output
c hy hy "I ag*hy
h, h, " ay xhy

h; h; | asz xh;z

h, hy | ag xhy

| h he o g *hg

{a;} = softmax(f(h;, c))

5

feature = z a; * h;

i=1

4

A(q,K,V) = z softmax(f(K,q))V

Document Classification
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02 I Attention

= Similarity Function (Alignment model)

Vector?t A& A LSHE CHot 2R S similarity function2 2 A8 7t A(q, K, V) = z softmax(f(K,q))V
Bahdanau Attention (2014), Graph Attention Network (2018) -> Additive / Concat i

Luong (2015) -> CFBE similarity function2 A Al
Transformer (2017) -> Scaled-dot product

f(Key,Query)= score

decoder state encoder state

score

| Additive / Concat | | Dot product | | Scaled dot product |

O O
.=...-: .%...-:

| Location-based | | Cosine similarity | | General |

mgm 000 - ! 0-000 - 8 atore %..%;Q
000 © - leooiicoo O 000
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I Attention

» Feature Representation by RNN-based Network

* Bi-RNN with Attention
» Hierarchical Attention Network (2016)

Softmax Classifier

sentence
Concatenate + — — — attention
sentence
encoder
RIS EES v
HeadtoTail 1| py = hy F— hs || - -] [hoy[— h, || ! attention
TailtoHl:adi h, } ; h, : ; h; E i h,_]i ; h, i word
il it S Mt L ‘= encoder
f f f f f
yél 1 y &) Y1 X
Bidirectional RNN with Attention Hierarchical Attention Network

Liu, Tengfei, et al. "Recurrent networks with attention and convolutional networks for sentence representation and classification." Applied Intelligence 48.10 (2018): 3797-2806.

-
Yang, Zichao, et al. "Hierarchical attention networks for document classification." Proceedings of the 2016 conference of the North American chapter of the association for computational //ngu/s‘ 2516.
S

20/77
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I Attention

= Feature Representation by CNN-based Network

¢ TextCNN (2014)
e Character-level CNN (2015)

wait I
for |
the o —
video — S s
1 = ;
do . J— E
n't - &
rent . N\
it B
1 | | | | | |
k tati f Convoluti | I ith M: &l Fulr ected I . .
sentence with tatic and multile fiter widths and oot P Convolutions Max-pooling  Conv. and Pool. layers Fully-connected
non-static channels feature maps softmax output
TextCNN Character-level CNN

Kim, Yoon. "Convolutional neural networks for sentence classification." arXiv preprint arXiv:1408.5882 (2014).

-
Zhang, Xiang, Junbo Zhao, and Yann LeCun. "Character-level convolutional networks for text classification." Advances in neural information processing sys\‘:. 2915.

N
21/77
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02 I Attention

Attention to Self-Attention
RNN-based Network

v Sequential data — Parallel computing X

N-1 state

th—l

hZ,n— 1

RNN-Based

v Calculation time and complexity 1
v" Vanishing gradient / Long term dependency
CNN-based Network

v Long path length between long-range dependencies

N state

N-1 state

hl,n—l

hon-1 |-
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02 I Attention

= Self-Attention
¢ RNN, CNN #+& & AESIX] ¢4 attentionTHS AFESH0] feature representation A(q, K, V) = z softmax(f(K,q))V

v' Key = Query = Value = Hidden state of word embedding vector i
v Scaled dot-product attention

v Multi-head attention

Key = Query = Value

N-1 state N state N-1 state N state N-1 state N state
hin-1 ' hin-1 hin hin-1 - hin
: x'\:\\\\\ - ~
| Y Y \\
hZ,n—l 1 hZ,n—l - hz n hZ,n—l ~ i “\ S h2 n
| ~o 4 NN ~ !
| \‘\‘\ \'\\(,: -I‘\\\ \\
I \\\\ "/";,: ‘II \\‘\ ~
Y T R e e - 0 il S J
1 - A =27
! -=" VT -
he— he-1, | -~ her, |/ 1277 .
=1 i ean
1 NS
| ! ,’///
7
he—1n ¥oooooo-- " hn he,n-1 hen he -1 hen
RNN-Based CNN-Based Self-Attention

y
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02 I Attention

Transformer

/

\

1

Mathul
A

SoftMax

—

Mask (opt.)
T

Scale

Mathul

Q K V

/

Scaled Dot-Product Attention
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Linear Linear

Linear

Multi-Head Attention

Output
Probabilities
g N
-—Md & Norm
Feed
Forward
- “
[ Add & Norm | -
gdd & hlorm Multi-Head
Feed Attention
Forward J ) Nx
RS
Masked
Multi-Head Multi-Head
Attention Attention
) t
4 J >,
Dsitional ) ¢ Posilional
Encoding Encoding
Input Qutput
Embedding Embedding
Inputs Outputs
(shifted right)
Transformer

Vaswani, Ashish, et al. "Attention is all you need." Advances in neural information processing sysz‘e“ZG:i?..
N\
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02 I Attention

Transformer

Scale-dot product attention (Self-Attention)

v" Key = Query = Value = Hidden state of word embedding vector (X)
v" Similarity function = Dot-product

/

4
|1 MatMul
A
SoftMax
¥

Mask (opt.)
¥

Scale

MatMul |

Q K V
\

\ Gem?ralized A(q, K, V) = Z softmax(f(K,q))V
Attention Form

1

@ - f(K,Q) = QK" (K =xwkK,Q=xwe v=xw"

While the two are similar in theoretical complexity, dot-product
attention is much faster and more space-efficient in practice, since

it can be implemented using highly optimized matrix multiplication

/ code. (...)

Scaled Dot-Product Attention

Vaswani, Ashish, et al. "Attention is all you need." Advances in neural information processing sysz‘e“ZGbi?..
N\

25/77
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02 I Attention

= Transformer

» Scale-dot product attention (Self-Attention)
v" Similarity function: Scaled-dot product

/ \ Gem?ralized A(q} K, V) = Z softmax(f(K, CI)) V
Attention Form

f 1
MatMul

I? Y @ f(K,Q) = QKT (K =xwkK,Q=xwe, v=xw")
Soft’Max
Mask (opt.) KT

ES"DP @ [ Scale ] ¢

Scale \/d_k

MatMul

We suspect that for large values of dk, the dot products grow large in
\ Q K V / magnitude, pushing the softmax function into regions where it has extremely

small gradients . To counteract this effect, we scale the dot products (...)

Scaled Dot-Product Attention Vaswani, Ashish, et al. "Attention is all you need." Advances in neural information processing sysz‘e“Z(ij?..
N\

26/77
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02 I Attention

= Transformer

» Scale-dot product attention (Self-Attention)

v" Weight-sum of value vectors

Generalized —
/ \ Attention Form 4@, K, V) Z softmax (f(K' C[)) v
* ® f(K,Q) = QKT (K =KW¥X,Q=qQw? v =qw")
SoftMax
¥
Mask (opt.) QKT

-+ @ | 1 | &

® [ Softmax ] softmax(— \/_)

|
Y o ey

Scaled Dot-Product Attention Vaswani, Ashish, et al. "Attention is all you need." Advances in neural information processing syste“ZG_'fi?..

N
27/77
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02 I Attention

= Transformer

Multi-head Attention

v' Learning diverse input features

/ ' \ Self-Attention SA(q,K,V) = SOftmax(\/—)V
Linear
Concat ® [ Linear ] Q = QVVlQ K = KWiK V= VWiV (i=1..h)
uuf

head; = SA(Q',K', V")

Linear Linear
' @[ Concat ] [head,, head,, ..., head,,]

l
\ - / @[ Linear ] [heady, heady, ..., head, ]W*

= MultiHead(Q,K,V)

MUItl'Head Attention Vaswani, Ashish, et al. "Attention is all you need." Advances in neural information processing sysz‘e“ZG}i?..

N
28/77
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02 I Attention

Transformer

Contributions

= One is the total computational complexity per layer. (...)
» Another is the amount of computation that can be parallelized, (...)

= The third is the path length between long-range dependencies in the

network. Learning long-range dependencies is a key challenge in

many sequence transduction tasks. (...)

» As side benefit, self-attention could yield more interpretable models.

Output
Probabilities

Lin

-

i

Add & Norm
Feed
Forward
- ~\
Multi-Head
Feed Attention
Forward J ) MNx
N
Masked
Multi-Head Multi-Head
Attention Attention
- J o,
Positional Posilional
£ ! D G .
ncoding Encoding
Input Qutput
Embedding Embedding
Inputs Outputs
(shifted right)
Transformer

Vaswani, Ashish, et al. "Attention is all you need." Advances in neural information processing sysz‘e“ZGbi?..
N\

200911 Open HCAI Seminar — Graph Attention Networks

29/77



http://jalammar.github.io/

03 I Graph Neural Networks

= Graph Data Structure
* Node = Vertex
v Represent elements of a system
* Edge

v" Relationship or interaction between nodes
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03 I Graph Neural Networks

= Graph Data Structure

Image data: Euclidean space

[3 X W X H]
dimension
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03 I Graph Neural Networks

= Graph Data Structure

Text data: Euclidean space

1 0 B:[S 06 | 04
BTS
_LE%X-I i%x-l ®
LEE
0 1 L 04 | 06 ®
=
BTS BTS >

One-hot encoding

Distributed representation
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03 I Graph Neural Networks

= Graph Data Structure
* Graph data: Non-Euclidean Space

g 1 g g
\/
C
H

1
H\ / \ /H

H.fC—CH.H

Social Network Molecular Graph 3D Mesh Euclidean Space

CETR\)

{
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03 I Graph Neural Networks

= Matrix Representation of Graph

Node-Feature matrix
v" N by D dimension

-:- [Node-Feature Matrix]
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03 I Graph Neural Networks

= Matrix Representation of Graph
Adjacency matrix: Undirected graph
v" N by N square matrix

V' Symmetric

[Adjacency Matrix]
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03 I Graph Neural Networks

= Matrix Representation of Graph
Adjacency matrix: Directed graph
v NbyN

v' Asymmetric

[Adjacency Matrix]
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03 I Graph Neural Networks

= Matrix Representation of Graph

Adjacency matrix: Directed graph

v Adjacency matrix + ldentity matrix

[Adjacency Matrix]
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03 I Graph Neural Networks

= Matrix Representation of Graph

» Adjacency matrix: Weighted directed graph
v Edge information

v al-j#:al-j,i :/:j

[Adjacency Matrix]
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03 I Graph Neural Networks

= Graph Neural Networks

* Neural Networks for learning the structures of graphs

Hidden layer Hidden layer
. ™ s ™)
L ] L
. ] - ]
Input ® o e Output
i ™ - ™
L] »
. RelLU RelLU .
* - - ® ° ®
® ] L @
e ®
b ~ b A
@ L
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03 I Graph Neural Networks

= GNN Tasks

«  Node Level

* Edge Level
Noun Verb Noun Noun Verb

PO OO0

Attention You Need

* Graph Level

2 3 2 3
1 1
4 5 4 5
Node Level Edge Level Graph Level
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03 I Graph Neural Networks

= GNN Tasks

*  Node Level
» Edge Level
* Graph Level

Node Level Edge Level Graph Level

200911 Open HCAI Seminar — Graph Attention Networks



03 I Graph Neural Networks

= GNN Tasks
Node Level
Edge Level
Graph Level
MojL L OF%| qHE
2 3 2 3
| | ®
4 5 4 5
Node Level Edge Level
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03 I Graph Neural Networks

= Graph Task

+ Computer Vision

* Natural Language Processing
+ Etc

Image Graph Text Graph

Zhou, Jie, et al. "Graph neural networks: A review of methods and applications." arXiv preprint ar)(/v:7872.0&‘[20’—1 8).
b
N

43/77
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03 I Graph Neural Networks

= GNN Learning Process

RNN learning process

([ ) ( ) ([ ) ( ) ( )

L

RNN
Cell

v,

|

\_

RNN
Cell

v,

|

L

RNN
Cell

v,

|

h3 \_

RNN
Cell

v,

|

L

RNN
Cell

v,

|

X1 X2 X3 X4 X5

h; = combine(hs_4, x;) combine € {RNN, LSTM, GRU}
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03 I Graph Neural Networks

= GNN Learning Process
« Graph: different with sequential data
v" No sequences(ordering)

v Various graph structures

v" Multiple in-edge per node

» Considerations for encoding graphs

v Information passes along edges
v Information passes in parallel

v Target nodes affected by multiple nodes

RNN RNN RNN RNN RNN
Cell Cell Cell Cell Cell
) hy h, h3 hy

X1 X2 X3 Xa X5
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03 I Graph Neural Networks

= GNN Layer

Node feature update reflecting graph structures

@ Aggregate / Massage passing
@ Combine / Update

(3 Readout

Graph Neural Networks

A

[

( GNN Layer \

# 1

(O Aggregate
@ Combine

(® Readout

ﬁ

\_ v

( GNN Layer \

# 2

(@ Aggregate
@ Combine

(® Readout

\_ v

o0 ﬁ

\

#T

(@® Aggregate
@ Combine

(® Readout

\_

( GNN Layer \

J
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03 I Graph Neural Networks

= GNN Notation
hf,k): hidden embedding node v at kth GNN layer graph = G(A' X)

v = target node X = Node — Feature Matrix

N(v) = neightbor nodes of v )
A = Adjacency Matrx

u = neightbor node € N(v)
hgk—l) hgk—l) hgk) hgk)
( GNN Layer \

# k

@ Aggregate

ﬁ ﬁ

@ Combine

(3 Readout

(k—-1) (k-1) \ )
hl h!
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03 I Graph Neural Networks

= GNN: @ Aggregate

« EtM LEO[O|R LEZ2| k-1 AlE 2| hidden stateE 2% o.oio @ Aogregae 0.0‘
] Combine — [ ]
A T of

~—
~—
~~—
~~
~~
~.
~.
S
~,
~

= agoregace [ T h

al(,k_l) = aggregatek({hl(lk_l), vue N(v)})
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03 I Graph Neural Networks

hgk—n hgk_l)

= GNN: mbin
G @ Combine T
. . . - #
k-1 A" target node?| hidden state?} aggregated informationg At&3t0] -+ s
k Al 2| target nodel| hidden stateE update | @combine [
(3 Readout

k-1 k-1
RED R N~

pk=D D)
2 , o " =aggregure’ ([ WL ] [ENIY

Seee

—-—

~——
~~
~~o
~.
~
~.
~.

——

Gy
1 CT e B
(k-1) h(k_l))
L

p k=1 p k=1 hl(,k) = combine®(a;
4 5
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. Rl pUe-) B k)

] 2 3 2 3

GNN: 3 Readout ——
. o . #k
K AE2| 2= Node=2| hidden stateE Z25HH graph2| hidden state ‘44 °v° °v°
o ‘ @ Aggregate o
Graph level classification ‘ ® Combine n ‘
L & Readout i

hé(}k*l) hgkfl) \ } hgk) hgk)

K

h{®

<

(k)
he T
hg‘) = readout®( hgk) . . ) =
h? [
o I I

hgc) = readout*(h%", vv € 6)
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- . hg_k_l) hgk—l) hg_k) hgk)
StaCkIng GNN Layer mn oflE B W /W‘\
. . #
* CNN: Increase the receptive filed o °v‘° © Asgreaat 0."
«  GNN: Increase hop of the graph ‘ T e [T _— ‘
RN e — R R

g d
// / GNN Layer \ [ GNN Layer \

L
figics , @B
A d g > ad S

v ,7/ V S // l
A1 |4 ‘ @ A
-“7 // N N // S
'/ v S S S

% : @---®

O
//\;aﬁe \ / \ /
Convolutional Neural Networks Graph Neural Networks
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= GNN: Summary

* Aggregate
v af,k_l) = aggregatek({hl(lk_l), vue N(v)})
« Combine
v h{? = combine* (", R )
* Readout
v For graph level task
v hY = readout*(h”, vv € G)
» Stacking GNN Layer
v Increase hop of the graph
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= GNN Variants
« Aggregate / Combine function2| Z2[0] 2t CHFot BHAlo| @ O] ZXY g

« Differentiable function

Name Variant Aggregator Updater 5:‘ . U(W'h‘ U'h‘,_l}
= _ r, = o(WThy, + Uhy !
Chebliet | Ne=Tu@X H = ZhoNis Gated Graph | GGNN hiy, = Yhew, i '+ i e b(Whi, + U(r! }o )
st Ny =X _ Neural Net- o
ms :n('du;;:ler N; =D fAD X H =NoBo + N16, works hi = (1 2,) b 1+’*Dh‘
Single N - (Iy + D #AD H)X H=NOe i, = o(W'x), + U'hly, +b')
parameter f", =a(wfx,,+Ufh* ! -I-b'r}
GCN N-D fAD X H-Ne 1 o' = o(W"x, + U’h}, +b”)
Tree LSTM hj'«&. = Zke.ﬂfu hi i u i
Cmvolll:ional hj'\r‘ —ht 1y Zi\f;] hi,‘l h! = a(h_fv.Wf') (Child sum) Cu:: j ta:.‘)hfrr:%t:;:l h:r(-): bl}
networks  in o ., ke
[33] h! = of, @ tanh(c )
gode lsl.a)stsiﬁcation: i, = o(W'x}, + hiy, +b")
Non-spectral | DCNN B e H- (W@ N) E;_ U'h:,g ! £l = a(WIx! hy .f g+ b')
Methods Graph classification: h bt~ zﬁ ulht ! of — o(Woxt 1 hie 1 b)
NPUX/ Graph LSTM | Tree  LSTM E U 1 uu _ t.anh(W‘x,, + hlu + bu)
GraphSAGE | hl. = AGGREGATE, ({h!,",Vu c N}) | hi =0 (W' [} "|h}.]) (N-ary) h I UL:""‘ i oul+ Ei £, o c
- mpimkykhung[\Vh.IWhn]!:; e ' = o, @ tanh(c
" FEN, O CJ W 4,
hifu - (Ekeﬂ'. aUkWh*) ;E a a(m?‘r +h U .t h‘ill 1 bj')
Multi-head concatenation: - h'} I'lt 1 =a x, + (v, k) o
Graph GAT LM — hi, = hj, hﬂ'v Eke”w "“:'-"1 :'h D _ a(W“x, + h.la +b?)
o e ) Crgh 51 | 5 UEC AR
Networks Multi-head average: in [34] hh" EkeN Um(u .t)h.t - E—1
age e =iy Ouy 4+ Y “(:)l:,,
hiy, = o (# Sn1 Deen, AW hi) ht = ot © tanh(ct)

Zhou, Jie, et al. "Graph neural networks: A review of methods and applications." arXiv preprint ar)(/v:7872.0&‘[20’—1 8).
b
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= GNN
* Aggregate

v D= pk=D)

ZuE N®)
«  Combine

hgk—n hgk—1)
C B (|

*  Matrix form o o
v H® = Relu(H" D W, + AHEDW, 0 pal ™) v

=

j(=1)
1 o TN
(k—-1) (k—-1)
hl h!

k k— k—
v hl(J ) = Relu (Wselfhl(J 2 + Wneigha,(, 1))

-
F. Scarselli, M. Gori, A. C. Tsoi, M. Hagenbuchner, and G. Monfardini, “The graph neural network model,” IEEE TNN 2009, vol. 20, no. 1, pp. 61-* 2G09.

N
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= GNN (Self-loop)

When aggregating, self information is needed

Weerr= Wneigh =W

Aggregate
k-1 k-1 k-1
v oal TV =3,e N(v)hl(J o+ hSEY
Combine

v h% = Retuwa® ™)

k k-1
v hl(J ) = Relu(quE Nw)u{v} hl(t ))
Matrix form

v H® = Relu((A+ DHE VW)

-
F. Scarselli, M. Gori, A. C. Tsoi, M. Hagenbuchner, and G. Monfardini, “The graph neural network model,” IEEE TNN 2009, vol. 20, no. 1, pp. 61-< 2G09.
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= Graph Convolutional Networks (2016) SEMI-SUPERVISED CLASSIFICATION WITH
. Amsterdam Univ, CIFAR GRAPH CONVOLUTIONAL NETWORKS
« If graph size is too large Thomas N. Kipf Max Welling
University of Amsterdam University of Amsterdam
v" Unstable and sensitive to node degrees T.N.Kipf@uva.nl Canadian Institute for Advanced Research (CIFAR)

M.Welling@uva.nl
v Degree = # of neighbor nodes for each node

* Normalized aggregate function ABSTRACT
(k—1) hflk_ ) We present a scalable approach for semi-supervised learning on graph-structured
v o a = Z & T data that is based on an efficient variant of convolutional neural networks which
v uE NV INW)INW) : : - : -
operate directly on graphs. We motivate the choice of our convolutional archi-
. tecture via a localized first-order approximation of spectral graph convolutions.
«  Combine Our model scales linearly in the number of graph edges and learns hidden layer
representations that encode both local graph structure and features of nodes. In
v h(k) = Relu (W a(k —1)) a number of experiments on citation networks and on a knowledge graph dataset
v v we demonstrate that our approach outperforms related methods by a significant
. margin.
* Matrix form
,E
1 1
v H® = Rel - -5 pt-1 ¢ &
H'") = Relu((D 2(A+1)D z2H W)

Xo 7_r_ I _<

hidden

X3 layers
Xy
),
input layer output layer
(a) Graph Convolutional Network (b) Hidden layer activations

-,

Kipf, Thomas N., and Max Welling. "Semi-supervised classification with graph convolutional networks." arXiv preprint ar)(/u‘7609.02&*[2’.1,-1 6).
N
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= Gated Graph Neural Networks (2016) GATED GRAPH SEQUENCE NEURAL NETWORKS

« Stacking deep layers lead overfitting / vanishing gradient

Yujia Li* & Richard Zemel

 |CLR, Toronto Un iV., Microsoft Department of Computer Science, University of Toronto
Toronto, Canada

. Aggregate {yujiali, zemel}@cs.toronto.edu

k-1 k-1 Marc Brockschmidt & Daniel Tarlow
v af} ) = Zu E Nw) D hl(l ) Microsoft Research

Cambridge, UK

e« Combine {mabrocks,dtarlow}@microsoft.com

k k-1 k-1
v hg? = GRUMR Y, af ™)
ABSTRACT
« Matrix form
Graph-structured data appears frequently in domains including chemistry, natural
) — (t-1) language semantics, social networks, and knowledge bases. In this work, we study
v H =GR U(((A +1 )W' H ) feature learning techniques for graph-structured inputs. Our starting point is pre-
vious work on Graph Neural Networks (Scarselli et al., 2009), which we modify
to use gated recurrent units and modern optimization techniques and then extend
to output sequences. The result is a flexible and broadly useful class of neural net-

(RN T RS N DR . - T P B - . . LI

Dulgninp Edges Inmminp Edges
1 2 3 4 1 2 3 4

O I

(a) (b) (©) A =[Alw Alm)]

-

Li, Yujia, et al. "Gated graph sequence neural networks." arXiv preprint arXiv:1511.054*2(‘:15).
N\
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= GraphSAGE (2017)
e NIPS, Stanford Univ.

+ Consider node importance or ordering

* Aggregate
+ Mean aggregate

(k-1)
(k-1) _ h
v ay - ZuE N(v) |1\l/1(u)|

« LSTM aggregate (Random permutation of neighbors)
v D = LSTM(S{W,geh ™, vue N(w)})

« Pooling aggregate
v af,k_l) = Pool({Wpoolhl(lk_l),VuE N)})
V' Pool = element-wise mean or max

e  Combine
v 1P = Retuw ¥, o))

» Residual connection / Skip connection

Hamilton, Will, Zhitao Ying, and Jure Leskovec. "Inductive representation learning on large graphs." Advances in neural information processing syst

Inductive Representation Learning on Large Graphs

William L. Hamilton® Rex Ying” Jure Leskovec
wleif@stanford.edu rexying@stanford.edu jure@cs.stanford.edu
Department of Computer Science
Stanford University

Stanford, CA. 94305

Abstract

Low-dimensional embeddings of nodes in large graphs have proved extremely
useful in a variety of prediction tasks, from content recommendation to identifying
protein functions. However. most existing approaches require that all nodes in the
graph are present during training of the embeddings: these previous approaches are
inherently transductive and do not naturally generalize to unseen nodes. Here we

‘ 617,
by

N\
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= GNN Variants
+ Challenges
v Self-loop (Vanilla GNN)
Node degrees (GCN)

Output
Probabilities

v
v" Node importance (GraphSAGE) reed
v" Overfitting / Vanishing gradient (GGNN) p N
M- Food
Feed Attention
Forward T ¥ N
(Add & Norm :
Softmax Classifier | | | | | | Add & Norm Masked
) | S I — — — — Multi-Head Multi-Head
wait 1 Attention Attention
for Bl _— g | | 9=
v-idgo e N I ' | —— J /)
o ] - % Positional e Posilional
do — Encoding 3 q Encoding
“tt = Input Output
Head 0Tl | I‘F;';l B , Embedding Embedding
Tail to Head i I I I I I l I T T
i n xtk reprei:nttal:n o[d Caﬁynlllgl(;nal I;}::r witl; Max-over-time Full}!':udnnectetd Ia;jer In pu s Out pu ts
o static channels. T et maps pectng " sofmax output (shifted right)

y i
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= Graph Attention Networks: Paper GRAPH ATTENTION NETWORKS

+ ICLR 2018
. ) . Petar Velickovic® Guillem Cucurull”

« Cambridge University Department of Computer Seience and Technology Centre de Visié per Computador, UAB
University of Cambridge goucurullfgmail . com

. Velickovié Petar et al petar.velickoviclest.cam.ac.uk

! I .

e Recite: 1951 Arantxa Casanova® Adriana Romero
Centre de Visid per Computador, UAB Montréal Institute for Leamning Algorithms
ar.casanova.ffgmail .com adriana.romero.soriancfumentreal.ca
Pietro Lio Yoshua Bengio
Department of Computer Science and Technology  Montréal Institute for Leamning Algorithms
University of Cambridge yoshua.umontrealBgmail . com

pietro.lioBost.cam.ac.uk

ABSTRACT

We present graph attention networks (GATs), novel neural network architectures
that operate on graph-structured data, leveraging masked self-attientional layers to
address the shortcomings of prior methods based on graph convolutions or their
approximations. By stacking layers in which nodes are able to attend over their
neighborhoods® features, we enable (implicitly) specifying different weights to
different nodes in a neighborhood, without requiring any kind of costly matrix op-
eration (such as inversion) or depending on knowing the graph structure upfront.
In this way, we address several key challenges of spectral-based graph neural net-
works simultancously, and make our model readily applicable to inductive as well
as transductive problems. Our GAT models have achieved or matched state-of-the-
art results across four established transductive and inductive graph benchmarks:
the Cora, Citeseer and Pubmed citation network datascts, as well as a protein-
profein inferaction dataset (wherein test graphs remain unseen during training).

Velickovi¢, Petar, et al. "Graph attention networks." arXiv preprint arXiv:1710. 70.‘(2_(?1 7).
N
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Model Architecture

A(q,K,V) = z softmax(/(K,q))V

Aggregate -

1
v al(}k—l) — Attentlon({ h]gk_l), ue N(v) U {v}})

v' Key = Query = Value = hl(lk_l)

v Similarity Funtion( /) =1 —layer Feed — Forward NN
k-1 k-1
wh{Y  walV

i EpE B BN

Velickovi¢, Petar, et al. "Graph attention networks." arXiv preprint arXiv:1710. 70.‘(2_(?1 7).
N
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Model Architecture

A(q,K,V) = z softmax(/(K,q))V

Aggregate -

1
v al(}k—l) — Attentlon({ h]gk_l), ue N(v) U {v}})

v' Key = Query = Value = hl(lk_l)

v Similarity Funtion( /) =1 —layer Feed — Forward NN
k-1 k-1
wh{Y  walV

O ) (W

Velickovi¢, Petar, et al. "Graph attention networks." arXiv preprint arXiv:1710. 70.‘(2_(?1 7).
N
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Model Architecture

A(q,K,V) = z softmax(/ (K, q))V

Aggregate -

1
v al(}k—l) — Attentlon({ h]gk_l), ue N(v) U {v}})

v' Key = Query = Value = hl(lk_l)

v Similarity Funtion( /) =1 —layer Feed — Forward NN
k-1 k-1
wh{Y  walV

i EpE B BN

Velickovi¢, Petar, et al. "Graph attention networks." arXiv preprint arXiv:1710. 70.‘(2_(?1 7).
N
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= Model Architecture A0, K,V) = ) softmax(/ (1. 0)V

* Aggregate I

v al(}k—l) — Attentlon({ h]gk_l), ue N(V) U {v}})

whED wpkD
Ol W (O fu | B1z

ve €21 €22

WhtkD

lII €32

€14
€23 €25
€33 €34 €35
€41 €43 €44 €45
€25 €53 €54 €55

WD Whgk—n

Velitkovi¢, Petar, et al. "Graph attention networks." arXiv preprint arXiv:1710. 70.‘(2_(?1 7).
N\
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= Model Architecture A(q,K,V) = z softmax(f(K,q))V
Aggregate !

1

v al(}k—l) — Attentlon({ h]gk_l), ue N(V) U {v}})

whdD kD
e eq1 | ez Softmaxe,,

e,1 | €y, Soétmax €yc

215 Sowg"a Xe34, €35

€41 Sof{maxe,, | e

€25 Softmaxess | €ss

whED wpkD

-
Velickovi¢, Petar, et al. "Graph attention networks." arXiv preprint arXiv:1710. 70.*(2@ 7).
N
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= Model Architecture A(q, K, V) = z softmax(f(K,q))V
- Aggregate !

1

v al(}k—l) — Attentlon({ h]gk_l), ue N(V) U {v}})

k-1 k—1
wh{Y  walV
N BE m N M1 | 2 s

ove a1 | Qdzz | Q23 azs
o . a3, A3z d34 dzs
k—1 ° ° Ayg1 Au3  Agq Qs

Wh T
az5 As3 A4  QAsg

WD Whgk—n

Velitkovi¢, Petar, et al. "Graph attention networks." arXiv preprint arXiv:1710. 70.‘(2_(?1 7).
N\
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= Model Architecture A(q, K, V) = z softmax(f(K,q))V

* Aggregate :

v al(}k—l) — Attentlon({ h]gk_l), ue N(V) U {v}})

 Masked Attention

v Using adjacency matrix, masked value with negative values before softmax.

_ 10
€41 €42 €43 €44 €45 €41 €43 €44 | €45 (41 0  au3 Qs Qs
_ 10
€57 €52 €53 €54 E€ss e €52 €53 €54 €33 0O as, ass3 ass QAsg
Similarity Masking Softmax g:
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= Model Architecture A(q, K, V) = z softmax(f(K,q))V

e Combine :

(k) _ (k=1); (k—1)
v hv - 2:uEN(v)U{v} ay hu

v" Weight-sum of aggregated information & k-1 hidden state (Value)

whl™  whalY
Doy 0
0 azs
a3z4 | Azs
s | Qys
As4 | Qss

Velickovi¢, Petar, et al. "Graph attention networks." arXiv preprint arXiv:1710. 70.‘(2_(?1 7).
N
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= Model Architecture A(q,K,V) = 2 softmax(f(K,q))V

e Combine o

(k) _ (k=1); (k—1)
v hv - 2:uEN(v)U{v} ay hu

v" Weight-sum of aggregated information & k-1 hidden state (Value)

wheD  wpkD

‘112 S P 0
Ay | Azs 0 | ays
Qzy | Q33 | G34 | Q35

0 | as3 | Gaa | us
Uys | Asz | Gsq | Gss

Velickovi¢, Petar, et al. "Graph attention networks." arXiv preprint arXiv:1710. 70.‘(2_@1 7).
N
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= Model Architecture A(q,K,V) = 2 softmax(f(K,q))V

e Combine :

(k) _ (k=1); (k—1)
v hv - 2:uEN(v)U{v} ay hu

v" Weight-sum of aggregated information & k-1 hidden state (Value)

-
—

Velickovi¢, Petar, et al. "Graph attention networks." arXiv preprint arXiv:1710. 70.‘(2_@1 7).
N

70/77

200911 Open HCAI Seminar — Graph Attention Networks




04 | Graph Attention Networks

» Model Architecture A(q,K,V) = Z softmax(/ (K,q))V

Combine .

(k) _ (k=1); (k—1)
v hv - 2:uEN(v)U{v} ay hu

v" Weight-sum of aggregated information & k-1 hidden state (Value)

whED wpkD

i EpE B BN

h L(Lk) h gk)

Velickovi¢, Petar, et al. "Graph attention networks." arXiv preprint arXiv:1710. 70.‘(2_(?1 7).
N
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= Model Architecture A(0, K, V) = Zsoftmax(f(l(, DV
*  Multi-head Attention :

v Concatenate or average

hgk) hgk)
B (] (T
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Result
Inductive Transductive
Method PPI Method Cora Citeseer Pubmed
MLP 55.1% 46.5% 71.4%
Random 0.396 ManiReg (Belkin et al., 2006) 59.5% 60.1% 70.7%
MLP 0.422 SemiEmb (Weston et al., 2012) 59.0% 59.6% 71.7%
GraphSAGE-GCN (Hamilton et al., 2017)  0.500 LP @ et 2009 o S0 45.3% 3.0%

N * cpyva Crozzi et al., . . .
GraphSAGE-mean (Hamilton et al., 2017) ~ 0.598 ICA (Lu & Getoor, 2003) 75.1% 69.1% 73.9%
GraphSAGE-LSTM (Hamilton et al., 2017)  0.612 Planetoid (Yang et al., 2016) 75.7% 64.7% 77.2%
GraphSAGE-pool (Hamilton et al., 2017) 0.600 Chebyshev (Defferrard et al., 2016)  81.2% 69.8% 74.4%

GCN (Kipf & Welling, 2017) 81.5% 70.3% 79.0%
GraphSAGE® 0.768 MoNet (Monti et al., 2016) 817 +0.5% — 78.8 + 0.3%
Const-GAT (ours) 0.934 - 0.006 GCN-64* 81.4+05% 709+05% 79.0+03%
GAT (ours) 0.973 + 0.002 GAT (ours) 83.0 £ 0.7% 725+07% 79.0 + 0.3%

Velickovi¢, Petar, et al. "Graph attention networks." arXiv preprint arXiv:1710. 70.‘(2_(?1 7).
N
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=  Attention Score Visualization

Color = Class of node

Edge thickness = average of multi-head attention score

-
Velickovi¢, Petar, et al. "Graph attention networks." arXiv preprint arXiv:1710. 70.*(2@ 7).
N
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= Conclusion

+ Attention
v Attention: Query2t key2| FALZE A 4tot = valuel| 7SS AlLtsts 1

* Graph Neural Network

v Graph T+& 23 cipjy ool
v Text, Image I:'||0|E1E o2 FESs|M StSsle REER A7 S| £ S

* Graph Attention Network
v Attention 7HE S GNNO| H-E&3}0 explainability + model performance

-
Velickovi¢, Petar, et al. "Graph attention networks." arXiv preprint arXiv:1710. 70.*(2@ 7).
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= Pytorch-Geometric

° M essa g e PaSS| n g (Ag g reg ate + CO m bl N e) CLASS GCNConv ( in_channels: int, out_channels: int, improved: bool = False, cached: bool = False,

add_self_loops: bool = True, normalize: bool = True, bias: bool = True, **kwargs ) [source]

The graph convolutional operator from the “Semi-supervised Classification with Graph
Convolutional Networks” paper

X =0 '2ip xe.

CLASS MessagePassing ( aggr: Optional[str] = *add", flow: str = 'source_to_target', node_dim: int = -
2) [source] where A = A + I denotes the adjacency matrix with inserted self-loops and f)ﬂ- = zj=0‘2§f its

. . diagonal degree matrix.
Base class for creating message passing layers of the form

PARAMETERS
X, =7e (xi: Oien) Po (xi:xj:ei.i)) )

« in_channels (int) - Size of each input sample.

where [J denotes a differentiable, permutation invariant function, e.g., sum, mean or max, and + out channels (inf) - Size of each outnut samnle.
~Ye and ¢g denote differentiable functions such as MLPs. See here for the accompanying

tutorial.
PARAMETERS CLASS GATConv ( in_channels: Union[int, Tuple[int. int]], out_channels: int, heads: int = 1, concat: bool =
True, negative_slope: float = 8. 2, dropout: float = 8.0, add_self_loops: bool = True, bias: bool = True,
« aggr (string, optional) - The aggregation scheme to use ( "add" , "mean" , "max" OF None ). ““kwargs ) [source]
(default: “add») The graph attentional operator from the “Graph Attention Networks” paper
« flow (string, optional) - The flow direction of message passing ( “source_to_target* oOr x; =, Ox,+ | Z K ox,
“target_to_source” ). (default: "source_to_target" ) JEN)

where the attention coefficients a; . are computed as

« node_dim (int, optional) - The axis along which to propagate. (default: -2) v’

exp(LeakyReLU(aT[E)x y Oxj]))

N ZEeN(i) U {i}e"p([‘e"’kyReLU(aT[exi'Bxﬂ))-

y

N
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