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GNN(Graph Neural Network)

* What is Graph data?

- Graph data
- Edge and Vertex

Vertex N _f_,:ﬁ"_i;."-"o Edge

- GNN’s task
- Node classification
- Link prediction
- Clustering

- Anomaly detection
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Graph Representation
» Graph representation?
- Graph?2| Zf nodeE featureE H20}= A
_ GraphZ HIE|L} HiE| o] Fgto 2 B

- Embedding= &5l low-dimension space0fl ZI node= mappingSt¥ == Xt Q| latent matrix 4§

~ore  Latent
Vector

embedding

Node

Node Embedding

Latent Dimensiohs ’ _
e Anomaly Detection

N ® Attribute Prediction

L}' Clustering
e Link Prediction

Adjacency Matrix

Network Embedding
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Graph Representation

 Why we need graph representation?
7| Z2| Deep Learning 7| 12 & M E5t=0| oA 7t =Y

=
- CNN,RNN 5= @8l 12tE 7|&EL CH M| 2 Euclidean S| O| E{ E}Q

or
| -
¥ Grid9-| 7d_<|3_ OAXSH TIME 7 9}1 r

=)
S ot HAS 2| HEO| (Locality) 7t8 7t=
- Graph 712 & [&H #x0| W2t F 27| I Z 0 =& H|O|E Ef
O|OX|el B 2|, o5 &= Sl HE L X|T, GraphQ| {[&& QI =
- Embedded Latent vector & &0l 7| =2| deep learning 7|'H & 7t

H 1o

- Low-Dimension 2 Z 2| node feature mapping =55
f

- Graph 2| Node ==7} B O}FX| AL}, Node feature 2| =7
S7t

~ QIH|E &l yector 71| 2| 2] GIAIO 2 ZHCRS| I MR Of AF JHE

= f(X,A) = softmax(zfﬂReLU(ﬁXW”) b

Layer 2 Layer 1
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Graph Representation

 Challenge of Graph Representation
- Embedding O| Graph 2| &3 & LIEILJOF &
- GCN A -4-50[ embedding XHHI ol 40 2 F&= &
~ Graph 2| 917 MEf F=H Ax
- Original Graph Of| M 2] similarity 7 |' Embedding space & 0| A = 5 AFSHO{ OF &,

BRI H

rr
1o

Goal: similarity(wu, v) ~ zT,z
. 1 u

in the original netwo‘rk\ Similarity of the embedding

Need to define!

/\\
|

original network embedding space
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Graph Representation

« Graph Representation Method

- Node Embedding
- Random-walk[1]
- Node2Vec[2]
- Variational Graph Autoencoder[3]

- Graph Projection — Reprojection structure[4]

= Graph Embedding

original network embedding space

Graph Embedding example
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Graph Representation

* Node Embedding — Variational Graph Auto-Encoder[3]
- Variational Auto-Encoder(VAE) T-Z& Graph0| &
- YO E Node feature X2} Adjacency Matrix AS AFE010| Node 2| £ & St&

Sl
- 2 layers T2 Z XM layer O| A uE FZot2, T8 layerO| Al loge? 2 =5+ latent
vector Z ‘44

- M4 El ZE inner product 8} 0 Adjacency Matrix = decoding
un=GCN,(X,A) = AXW,

logo? = GCN,(X,A) = AXW,;
Z =+ 0x*xe

GCN(X,A) = AReLU(AX W)W,
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Graph Representation

* Node Embedding —Variational Graph Auto-Encoder

- Graph Auto-Encoder

- Variational Graph Auto-Encoder(VGAE) 2= CFE | 1 layer & 2 latent vector Z& GCN =
o B2 ==

A=0(2Z"), with Z=GCN(X,A)

N(0.1)

> 4 —> | A

X —>Encoder =3 Z —>Decoder—> X

VAE architecture

A

4 | U —> ‘ A
—> Encoder | Z ——> Decoder —> A

2
g~ —>

VGAE architecture
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Graph Representation

* Node Embedding —Variational Graph Auto-Encoder

- Experimental Result

~ Input feature & 2H AHESIF 2 I 50| E =0tX[= A E =0l
; Cora Citeseer Pubmed
Method AUC AP AUC AP AUC AP
SC 84.6 £+ 0.01 885+ 0.00 8B0.54+0.01 85.0 £ 0.01 84.24+0.02 87.84+0.01
DW [6] 83.1+0.01 85.0+£0.00 80.54+0.02 83.6+0.01 84.4+0.00 84.14+0.00
GAE*# 84.3+£0.02 88.14+0.01 T8.7+0.02 8414002 82.2+0.01 7.4 £+ 0.00
VGAE* 84.0 £+ 0.02 7.7+ 0.01 78.9+0.03 84.14+0.02 82.7+0.01 7.5 4+0.01
GAE 91.04+£0.02 92.04+£003 #H95+£0.04 &E99+L005 964000 96.5+0.00
VGAE 91.44+001 9264+001 90.8+002 9204+£002 944+002 94.74+0.02
AU 0
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Graph Representation

» Graph Convolutional Auto-encoder with Bi-decoder and Adaptive-sharing Adjacency
(BAGE)[5]

- VGAE 2| Decoder 0| A Adjacency Matrix 2 Node feature X77} X| decoding St = tH
X~ _Q_

o2t

- Adaptive-sharing Adjacency Matrix =

(—\(e_ D7© Latent
e Z_ Z Representations
_|oooo O vlv G ::: * )—)
X SESS 7, =7 012) e00
000
E Bi-decoder
4 @Dz

_—

@

Initialization

v

O
O
I:I S—
gs s . D ﬂ
| ol |2
O AN
ol |2
a g %) O X=70D
A ol [a]] [r,|®|=P|©|aL RE —
ol |a e = o Al 1B DEog
=1 o ] Al 189 | OonE
| Al |O oDoom
O Al |o oood
O A o
= AL g
Encoder

Update AdjacencyA
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Graph Representation

» Graph Convolutional Auto-encoder with Bi-decoder and Adaptive-sharing Adjacency

= I—I

K

(BAGE)[5]
'6I-§‘6I-9EM-| 75; (=13

- Node feature 77t X| decoding otA| S5 2tSF Latent vector

- Overfitting & X|
- Adaptive-sharing Adjacency Matrix

- Latent vector =5 E| Adjacency matrix & 37350 update 5t0{ AE
s's Prior Adjacency Matrix 7F ‘2tSHK| 2 A4 A E LIEtL = &2 RLEE #&0| A=
[} O| = optimization & =+ U
;o | ESI A7} prior adjacency information Off CHO|f =2 SIEEE & X| R = b5 7t
- Adaptlve sharing Adjacency Matrix = Backpropagation St =73SHX| &
AH A‘l

= Backpropagation = & 2t adjacency matrix =82 29| 2{ meaningless 2} matrix 4

co F™ENZ node latent vector 2| distance Of] Lagrange equation 1t KK T(Karush-Kuhn-Tucket)

condition = &35} ad1acency matrix &3

miﬂ Z (”Za ZJHQ Qij + Fﬁa?j)

ij=1
st all=1,0<a; <1.
»
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Graph Representation

» Graph Convolutional Auto-encoder with Bi-decoder and Adaptive-sharing Adjacency

(BAGE)[5]

- Experimental Results

Pl L n A
SOGANG UNIVERSITY

Methods Ours Ours-NA CAN GAE SAE RWL-AN  k-means

Cora-P ACC  48.49 42 64 30.13  47.14 \ \ \
NMI  32.09 19.87 10,79 27.24

Citeseer-P ACC 48.21 34.54 21.17  38.94 \ \ \
NMI 21.71 0.99 10.56 13.11

COIL ACC  68.69 66.62 68.52 \ 66.75 63.66 65.53
NMI  81.20 79.99 81.79 76.24 71.26 79.11

oI ACC 42.01 43.66 45.14 \ 36.45 35.10 38.84
NMI 7340 74.02 74.48 70.35 69.17 72.28

IMM ACC 64.96 63.47 46.00 \ 54.46 49.91 57.71
NMI  80.82 7427 71.49 75.74 72.89 77.92

YALEB ACC 58.31 51.94 15.31 \ 46.94 53.58 51.78
NMI 7499 69.50 29.03 64.72 66.80 61.38
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Graph Representation

» Node Embedding — Graph Projection — Reprojection structure
Beyond Grids: Learning Graph Representations for Visual Recognition[4]
- 0| 2| GCNZ Graph T2 data & 2t &
- ex) Semi-supervised clustering, Unsupervised clustering ...
- OO X| 2} Z0] Pixel TH?| 2 O] F0{ M U= data Off CHSH GCN 7= HE 0| O{2{=

- Pixel2 T'd 0] = dataE Graph space = projection ot O| data & GCN= & ¢t
A4 = CHA] pixel domain 2 £ reprojection
- 7|& HE$ A O H| semantic segmentation, object detection, object instance segmentation
ol A soTa &4
- Local region 2| information 2t Z-&3I A 7| E 2| CNN models@t & 2| global region 0f Ci B

information 2 & 7}
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Graph Representation

» Node Embedding — Graph Projection — Reprojection structure

Beyond Grids: Learning Graph Representations for Visual Recognition

Soft Assignment
n 0
||

Graph O O | Graph
Projection Re-Projection
% &

Graph Representation Graph Convolution

A 5 AV
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Graph Representation

» Node Embedding — Graph Projection — Reprojection structure
Beyond Grids: Learning Graph Representations for Visual Recognition

- Graph Projection

- Pixel-to-vertex assignment

= H| =2t Feature & 7}l pixel =2 StLE2| vertex 2 assign

o = exp (—||(zi; — wi)/ok[3/2) Zk q-ﬁi_ —1
S i
T eexp (=i —wk)/okll3/2) !
- Encoding

'+ 24 vertex Of| A assign Zl pixel information = latent vector = encoding

!
2k !
ZE = . Zp = qi; (zi; — wy) Jok
AL T 2t (@i

- Adjacency Matrix

;' Encoding = latent vector ZO{| Al Adjacency Matrix &%

A=27T7
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Graph Representation

» Node Embedding — Graph Projection — Reprojection structure
Beyond Grids: Learning Graph Representations for Visual Recognition

- Graph Convolution Network

- QHEEQI GON B8
— T
Z = f(AZ™W,)

- Graph Reprojection
- Vertex-to-pixel

;= Graph projection A|Of| LS} % & assignment matrix Q& O|-& St reprojection

X = oz7T

B2k, . VDS



Graph Representation

* Node Embedding — Graph Projection — Reprojection structure

Beyond Grids: Learning Graph Representations for Visual Recognition

- Experimental Results

- Semantic segmentation

Backbone Method PixAcc% mloU%
FCN-8s [12] 71.32 29.39
SegNet [41] 71.00 21.64
VGG16 [42
palie DilatedNet [17] 73.55 32.31
CascadeNet [37] | 74.52 34.90
GT — Dilated FCN 7651 35.60
PSPNet [13] 80.76 42.78
ResS0[38] | preNet14] | 7973 4111
FCN GCU (ours) 79.51  42.60
- RefineNet [19] - 40.20
Sy PSPNet [13] 81.39  43.29
Coffes
ceu RelUISA] | e Tid] 81.69  44.65
GCU (ours) 81.19 44.81

| B THEha
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Graph Representation

* Node Embedding — Graph Projection — Reprojection structure
Beyond Grids: Learning Graph Representations for Visual Recognition

- Experimental Results

- Object instance segmentation

Backbone Method AP™  APXY APYY | AP*E APLE  APLE
Mask RCNN [15, 20] 380 59.6 410 | 346 564 365

Mask RCNN + NL [20 390 61.1 419 | 355 580 374

ResNet SOI38] | \ sk RCNN(DetecEror}) [15,44] | 37.7 592 409 | 339 558 358
Mask RCNN(Detectron) + GCU | 387 605 417 | 347 572 365

Mask RCNN [15, 20] 395 613 429 | 360 58.1 383

Mask RCNN + NL [20] 408 63.1 445 | 371 599 392

ResNet 101 [38] | \ 1 sk RONN(Detectron) [15. 44] | 40.0 618 437 | 359 583 380

Mask RCNN(Detectron) + GCU | 41.1 63.2 449 | 369 598 39.0
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Graph Representation

» Node Embedding — Graph Projection — Reprojection structure
Graph-Based Global Reasoning Networks [6]

- Pixel to Vertex Projection & = CNN= M &

- 1x1 Conv 2 &5l projection matrix &3

g FEE projection matrix = = 0/ &3] projection > gL reprojection e

* 1x1, Conv | B X))
Frojection Matrix B Reverse Projection Matrix
v
Beduce [hm Mode Extend Ddm
Starbes !"'
#  1xl, Conv b # 1, 1D Conw 1, 10 Comy =] 1x1, Comv
¥ .
" _ u I
&(X) AgV (I — A VIV,
Interaction Space
J‘-
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Graph Representation

* Node Embedding — Graph Projection — Reprojection structure
Graph-Based Global Reasoning Networks [6]

- Experimental Results

Input Ground Truth FCN FCN + 1 GloRe uait Input Ground Truth FCN FCN + 1 GloRe unit

B azasa s VDS



Graph Representation

» Node Embedding — Graph Projection — Reprojection structure
Edge-aware Graph Representation Learning and Reasoning for Face Parsing [7]
- Face Parsing 0| GCN & -&

- Backbone feature Of| A face parsing feature map 1} edge & ZfAt &ZSt11, O] & Attention
mechanism = &89} graph projection €1 2|F 0| MESI0 d= 4
ﬂ_'[ Edge Aware 1_
Graph Reasoning
Feature Map
Pyrami | Decoder
- O )
Feature Map I

‘ 1|

Input Image : !\‘ P ! i
Eﬂ ’ e Rapm]actlnn

) ijectlcm Reasoning _,"

EdgeMap ¥ T Parsing

»
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Graph Representation

» Node Embedding — Graph Projection — Reprojection structure

Edge-aware Graph Representation Learning and Reasoning for Face Parsing [7]

- Edge-aware Graph Reasoning module
- Edge pixels Of| | & weight 8 &

SOGANG UNIVERSITY

AU
2

X(features)

HWyx C

HWxT

Cmﬁ@:} HWx T

| Transpose ‘ [Pooling |
HWis xT

HiY x K HWx HW/s'

HW/s* x K
Graph
Convolution Transpose
HW/s' x K
@ Hadamard Product
HWx K
HW x HW/s ® Matrix Multiplication
conv(a)

@ Element-wise Addition
HWx C

~ CL} Z(features) ) HIV

23

ViS




Graph Representation

* Node Embedding — Graph Projection — Reprojection structure

Edge-aware Graph Representation Learning and Reasoning for Face Parsing [7]

- Experimental Results
Model 1 Model 2 Model 3 QOurs Ground Truth

P g ‘5_['.3. 24 v |5
M S0GANG UNIVERSITY LAB




7Hel A+ F=H|

* Pose Refinement with GCN
- Human pose estimation = CH HE XM @l graph structure 2| data

- CNN 7| gtQ] Pose estimation model Ol M =74 =l Keypoints & Node feature £ St GCN M & =

= QI Bt Keypoints "3 2 & aggregation ot 0 &2 £ =l Keypoints |/ X| =8

3 3
4 2 & 4 «(1» 7
¥ l b
5 8 5 8
/ B\
6 2 9 6 Y '\ 9

10 13 10 13

11 14 1 14

12 15 12 15

v _ »
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7Hel A+ F=H|

* Pose Refinement with GCN
- Graph Projection — Reprojection T+ M -&
- Pixel TF9| 2 EH K| = human pose heatmap = Graph space = projection

- Reprojection A| Ground Truth heatmap 22| L2 loss& & ol [5]2F 2 O Node feature reconstruction
M| Bt

N
%

Ak 26 VA
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7Hel A+ F=H|

* Pose Refinement with GCN

- Graph Auto-Encoder & & 2t Adaptive adjacency matrix & &

~ Human pose i prior adjacency matrix 7} &= X StX| 2 pose estimation A| prior adjacency matrix 7}
Ot =l dynamic adjacency matrix & &0l 2 W ds & = 2(DGCN[8])

:Bdge = 2 X 22|X ¢l HZ =0t OfL{2f HAE|X] B2 Edge & &9 A = Keypoints Of
UB2 E 4+ 9US.

= & K| inference A| image LH Ol &X{S}X| Bf= Keypoints 7} RO 7|Z 2] prior adjacency
matrix = [5] Ol A &8} Polluted adjacency matrix 210 & = US.

| S
DGCM DGCM
| D6 | L BeaH |

i

KxHxW KxH=xW K=xHxW CxH*xW

Relation
Weights Dynamic Graph J

DGCM

@ g(}Gfl;(E :;.J:;‘sf;gm 21 L' A‘Bb
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AT FH

* Pose Refinement with GCN

- Adaptive adjacency matrix =

-GAE &
human o

I—l_Q_

= ot latent Vector = adaptive adjacency matrix & -850 & K| image LHOl| =X ot=

bject O &=

= adjacency matrix T+

- Bi-decoding A| Adjacency matrix 2| GT-= prior adjacency matrix 0| Al GT &0 ZX{SHX| E =

point O

- 74 =l Adaptive adjacency matrix 7|2t Attention mechanism

SfEl=

- Node 7t2| feature &

(—) [(z¢Dz®

Representations

ilt[]}()(D_gg ;7}73

aggregation o} 7| E gt SHA|
feature 2| weighted summation 2

X~ _9_

=4 =l adaptive adjacency matrix=S &Sl node

Latent

B> B> B Db >

[eoee
g
=

[eooe

3

| EEECECEEEEEEEEEE |

=

ncoder

> o

Oooooooog

&2
-

igd kg
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