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Introducing the GNN

* Previous approach for graph data
- J2fmo| Lo MAtY TS ot

Z LT H MM A &2 2| (shallow embedding) AFHR
9 2t 1 E & unique olH-"l:lo x| X3}

* Limitations (Ch.3 &11)
- Parameters sharing 27t
- Regularization 22} H%& X

- LB 202 ZE | HY K|
- 1CH1 mapping 22 QI3 3H|

- ofg 180 ZeE(X| B2 = =0 tioid = YHEE otk 24

= LS 1=



Introducing the GNN

* GNN?
- Graph Neural Network (GNN)
- BCHE| SIS 01T RES M8 ol
5

|
- 12 ¢|0|E{0]| CHE DNN2 H2|Sh2| {2k framework 2 R4 ZXY.

3

* Key Idea of GNN
1) L2|7t 7}X|= feature information O 2 =0 CHeE HHS MAHSHE],
2) &A| Jefzo| =0 o E(EHY)sHOor.
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Introducing the GNN

* Challenges of GNN
- J2iT X HI0[E{E ¢

ot

e Q1A 2 JHol|o| of2{ 2 =X,

r

- 7|&2| He{'d toolbox2&= 2 G|O|E{F ME[5t= 20| 0[] Gi2.
.CNN : grid t= ¥=(e.q., O[O X|)0{| CHSHA 2 well-defined.
. RNN : sequence H|0|E{(e.qg., Bl A E)0f| CHSHA{2F well-defined.

- general graphs 0| L DNNZ well-define 57| 28, M2 72| Ha{'d O |HI{E
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Introducing the GNN

* General architecture over graphs
- DNNQ| =20 = QI & (adjacency matrix) ALE.

-UEHB A=~~~ o ~] 2 AN
[~~~ e ~] D AL2] %Vector concat.
[ I NI NI ...I N]I 9 A[3]

~

[~~~ = ~11 > AlVI] >

- A 2RI YHIT 7, M4 ?
: 01N A S flatten > 0| A= MLPO]| feed 610 A=
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zg = MLP(A[1l]® A2]® ... ® A[|V]]),

* 2X|™? o1 siFEof| AFR El arbitrary ordering Off 2|&X Q.
- not permutation invariant (= =&0| 7HHAEY,
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The New Deep Learning Architecture

* Important features for the new architecture
- permutation invariance and equivariance : =&9| £#/d 4! SH#4

f(PAPT) = f(A) (Permutation Invariance)
f(PAP") =Pf(A) (Permutation Equivariance)

- Invariance vs Equivariance
.Invariance : &= f 2t Q1 HFH | /Aoy CHet YA HEHO| 2| EX0| 342,

— O—

. Equivariance: OJX* 0| X|=2Hpermute) ff, 2= 2| outputO| Y&AH O Z(in a consistent way)
=T

ex) Ch.30f| &3 shallow encoders 2t permutation equivariant &4=2| Gf|A].
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The New Deep Learning Architecture

* Important features for the new architecture over general graphs

f(PAPT) = f(A) (Permutation Invariance)
f(PAP") =Pf(A) (Permutation Equivariance)

- Permutation matrix(X|&t si=) p
AP ENE Yool sHHE S o| = E

=l CHE A2 FA=(/E wet3 Ast=) HE
et o 2 TR HE /oM 2 S M2 wetot Toto 2 HE,
I P, Py Py, ex)A=[[a b c]
1 0 0][o 1 0]f[o 0 1][1 0 © [d e f]
01 0[[1t ooff0o 1 0|JOo 0 1 [g h 1]] Of| CH3H,
0 0 1{fo o 1)1 0 offo 1 o
P_13A=[[g h 1] AP_13=[[c b a]
[d e f] [f e d]

[a b c]] [i h gl



The New Deep Learning Architecture

* 12 HE{O] BHIA}
- How to take Y& 12X G = (V, E) along with a set of node features X,
> A=, O|EH X 2E8H LE UHT z, E M H5H=X].

- GNN framework 7t subgraphs & entire graphs & A4445t7| 2o {EH| AFRE|=X].

- = HE0|M= message passing Of| CHSHA] A
GNN 222 A2 0|EH =8 A 2Nzt ot=X|=

My ]
OF
:|:

h.6 OflA 213,
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Neural Message Passing (1): Overview

* Neural message passing?
- GNN =2 2 £ & ofLt.
- HIE| HAIX|E0| LEE 2t WEHE|T NN 2 S8l update /= Z.

- GNN2J 2f message passing iteration &¢F, 2f .= E u 0| &f-83t= hidden embedding hx =
u 2| 122X 0]2 N(u) off 2fsi &M T! FEO| 2[5 update 2.

cf) message passing?| 2t iteration == GNN2| 2} layer 2t11 O[3}
J2[ I 0] N(A)

o
G
S
9
8
2
5
=
=
=
s
°
=
<
3
I3
=
@
2

TARGET NODE

z / AGGREGATE 1

INPUT GRAPH h(A) Update
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Neural Message Passing (1): Overview

* Update a node u from its local neighborhood N(u)

TARGET NODE il
l ..... . A“ ................. ‘
e e  J
| s e .
] AGGREGATE S .«.g ............
} .................
............ ®
..‘.‘

4 0 T oy - Oy = E2| 7
£ INPUT GRAPH A) Update @

- BEIO| ..E A9 |ocal graph ne|ghbors (B, C, D) 2R E| HIA|X|ZZE aggregate.

- O] HAIX|S2 CtAl, A2] O] R5(B, C, D)2l Z 0[2=¢! (AC), (AB,EF), AS|

HE0| 7[2F5HH, Of2{eh ntgo| 14,

23, GNNO| 14t T2f I, B2l o5 59/0] 0|2 52 BHEL E2| 752 243!
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Neural Message Passing (1): Overview

* Neural message passing?
- 7l 2= A= LIEHHT Of2fiet 23,

h{*+1) = yppaTE® (hg’“), AGGREGATE®) ({h{F) Vv € i/ (U)}))

— &) (h(E) (k)
— UPDATE (h mN(u))

-m_N(u)*k : ..E u8| O| 22! N(u)EFE 22 H|A|X]

- k : GNN2| k&Y iteration

- AGGREGATE() : O{ iteration OFC}, N(u)

- UPDATE() : IA| X m_Nu)*k 2 =E u
YOOI EE AHIE h_u"kE d4.

9
9



Neural Message Passing (1): Overview

* Neural message passing?
- k=0 & o] 7| UHHL2 R E = =0 CHSt input feature 2 MIE.
(i.e., huo = Xu)
> Z, shallow embedding 2t 22|,
GNN framework2 - E At& x, § 22 ¢HOo 2 8tg,

- KE12| GNN message passing iteration 20{|, OFX|2} layer 2| outputQ! 2t L.E ul| 2HH z, E &

z, = h{%) vy e V.
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cf) =& Xt x_u 7} not available gt Z0|2t,
1) node statistics AFZ(Ch.2.1 £1)
2) 2t =EE one-hot feature 2 identity features 2 THH(ZH == unique YHIY).
- unseen nodes 0f| LSt generalization 53 X},
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Neural Message Passing (2): Motivation

* Intuition (GNN message passing framework)
- 2t passing iteration (GNN layer)O| BH=Zl0f| I}z,
J2fxo| R E L E us= T local neighborhood N(u)28E HEE aggregate 2.

> 2t & ud2 J2i X LHe| O M reaches 2R E A O B2 JEHE =S &
- &, iteration k = 1 I, 1-hop HE[0f| U= N(u) 2 §EHE 2o 1,

k =2 9 0, 2-hop 2|0 U= 0|R0| HEE BOD - (3H=)--
k2t Of, k-hop 2] 0| 22| HEMtX| 2ls.
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Neural Message Passing (2): Motivation

* What actually encode the node embeddings
- message passing iteration O] ZIHE!0f| 2}, 2f == uQ| YHY h(u) = F IHX| Ko HEE & =

1) =™ MH (structural)
kI iteration 0™ =& u 2| YHY hyg £ u 2| k-hop O|2E2
HE L EO| Xtx(degrees) WHE QFH T,
- e.g.,, molecule T2 24 Al Xt~ HEHZ molecule 8 20| AFRE.

2) XFA! J|Ht M (feature-based)
 hyay = == u 2l k-hop 0|2 LEE9| RE XA HEES 13T,
-> OFX| CNNO| spatially-defined patches in an image 28E XA HHE £ O 50|,
GNN2= local graph neighborhoods E2E8 HEE 2 3.



Neural Message Passing (3): The Basic GNN

* A1 GNN framework 2| 4|3}
- 12HA{ O|X|, UPDATE, AGGREGATE &£=0f| CH$t A& MH TQ.
- 2005A0]| [ X|2tEl original GNN 20| CHot Theegtot I 7|2 %1 GNN 2 Z0f| A A|%},

) o (WERED s W8, 3 B
veN (u)

- Weerr, Wheign  trainable parameter matrix
- ¢ : non-linear layer (e.q., tanh, ReLU)
- b : bias term

a
®
3
@
8
=
@
2
i
=
)
Qo
£
<
L]
o
£
@
@

1) neighbors 28£E{2| HA|X[Z2 sum
2) ==29| 0] UM} neighborhood HEE Z=H(HHE)
3) H| M layerd| H&
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cf) basic MLP 2} QA > single non-linearity 0f 2.




Neural Message Passing (3): The Basic GNN

* The basic GNN through UPDATE, AGGREGATE functions
- =28 concept

h(+1) = uppate® (h("), acerEGATE® (b, Vo € N (1)}))

= upDATE ) (hq(f), mﬁ(ﬁ%u)) ,

m () =|AGGREGATE™({h{, Yo € N (u)})

- A=t

by @(Wéfl)fh«(ﬁ_l) e Wl(llggh >, bSFP+ b(k)>

veEN (u)
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MAf(u) = Z h,,
vEN (u)

UPDATE(hy, mp/(y)) = 0 (Weeithy + Wheighmpr(w) )
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Neural Message Passing (3): The Basic GNN

* Node vs Graph-level equations

- 2t E249t basic GNN 42 node-level 2| message-passing Z2H0]| Lot He Y.

my) = », hy,
vEN (u)

UPDATE(hua mN(u)) =0 (Wselfhu as Wneighm./\f(u))
N\

m () = AGGREGATE®) ({h{®, Vo € N (u)})

> J3CHH, 0|2 graph-level 2 1gtotCH?

HO = o (A0 TW,, + HO-Iw )

- H® : t-th GNN layer 0{lA2| node representation matrix

- 2t 0| StLte| L E0f| Cf 3.
- A e oIy AE
- 0|2 LES2| FEOf tHE STl OfshsHH .




Neural Message Passing (4): Message Passing with Self-loops

* Adding self-loops
- neural message passing ?|H2| the2E foh YRl 2,
. to add self-loops to the input graph
. to omit the explicit update step

h{®) = AGGREGATE({h{*~V) Vv €| N(uv) U {u}})

<

- - AGGREGATE =71 N(u)2t {u}el &8 % setS 23
PEE U2 O[2 N(u)2t HE0 = O Xl Eot,
| R

FEPNESIe] update SIAE M oA Ho|gt QI QoM
- aggregation 7|'H& £33l implicitly Mo|=ICtn & 2 Q2.
- O|2{st ¥fAl O 2 CHa=3tEl message passing2 overfittin g2 At

- 5tX|2t, GNNQ| expressivityS ~2F6HAH| X|atst| = &t
|§3—i S2HH Q= MHE LT XJAO| HHZHE| Al AT} 910| IS,

\l/
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Neural Message Passing (4): Message Passing with Self-loops

* self-loops Fst= Q| 2|0|
- Wselfet Wneigh $& 2t2| parameters sharing?t S gt

h{®) = AGGREGATE({h{*~V) Vv €| N'(uv) U {u}})

<

- O|Z graph-level YH|0|E= H245IH,

HY = ¢ (AH(""l)W e H<’“—1)W§'§1)f)

neig

|

H® = ¢ <(A + I)H(t‘l)W(t))
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Generalized Neighborhood Aggregation

* Generalized Neighborhood Aggregation
- 9HA] ADHfSH Of2f2| basic GNN B 2248t Mg L= 242 ghx|ot
Theoh MLPR} OREDEX| 2 02 DHX| B S Sl 21/ 2=t Ots &,

o (W Wl 3 )
vEN (u)

- E5|, AGGREGATE operator9tUPDATE operatorE {EA| 7§ /LEt=z} St=ot0f XA,
- HX, aggregation0f| CHsl| CZ =, updateE CI=.
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Generalized Neighborhood Aggregation (1): Neighborhood Normalization

* Neighborhood aggregation operation
- D12 Bt X = the neighbor embeddings?| sumEt j<|orE 3j
> o[2{gt 22| EXE2, k=2 Xt(node degrees)of o 2ok, 2PYdCh= A,
ex) == u?t CHE OfH = ' ECt 1008 = B2 0|22 7?*“3':"'
O|ZH| 2 H 29| Xt0|&= numerical instabilities, Z|&X3t9| {228 X2 Jts.

- 2| 2X|0]| CHot sHAX : = = O| Xt~0f| 7|25t aggregate operationS normalize SHH =,

= "1
: D 22 Y 0|2 AHIFEE2| sum CHAIO averageE F[ot= .
% my . E’UGN(’U,) h,
W IN@

. Symmetric normalization : spectral graph O|20f ¥Z& 2t
symmetric-normalized aggregation2 X-&%.

Copyright © 2021 Natural Language Proce:
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My = ) VIN@)[N ()|

vEN (u)




Generalized Neighborhood Aggregation (1): Neighborhood Normalization

* Graph convolutional networks (GCNs)
-GNN 22 3 JHg ot to| A2kl 23
- fM A E3H symmetric-normalized aggregationt self-loop update approachE & Ct A&
- [[}2tA, message passing &4~E Cr21f 20| Mol JHsat,

hk) =¢ [ W

h,
2 VIN@WIIN ()|

veEN (u)U{u}
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Generalized Neighborhood Aggregation (2): Set Aggregators

* Normalization 2|2 AGGREGATE A HfoF?
- nelghborhood aggregation operation2 —EEE. O =2 set &2l
: &, a set of neighbor embeddings {h,}& #5141, O| set2 smgle vector my ., 2 QHI (=42,
- setO|2t= 0| off Z322t?
CSet 2xR2| FR, LEQO| 0|2F2| A AR A (natural ordering)2t= 20| GlZ.
> Of2kA, 22|17} H2lSh= aggregation efa~= BtEA| permutation invariant 2.

* Set pooling
- permutation invariant NN O| 20| 23t aggregation &+& &[5}
ex) universal set function approximator

g™ S OlLt.

rr

my () =MLPy [ Y MLPy(h
vEN (u)
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Generalized Neighborhood Aggregation (2): Set Aggregators

* Set poolingType equation here.
_)H'—o| AEAI-*O Eo:i |
- Ar&El MLP E1|0|01°I Z0[0f| QIE"*OION overfitting2| ¢[&d0| Z7tet
- MEtA, =2 ST WY ARE A| StLES| hidden layerh JF

* Janossy pooling
- &/ Set pooling ?|'H& 7|&2| permutation invariantet basic neighborhood aggregationo|
LR EEEESTEES
- 0|2} HICHZ, permutation sensitive function2 AFESH, many possible permutationsOi| CHSt
BAYSC| BAS 78,

-, 0T YD 4B S &M (hy o) 2 LD

4ot

,Of2fie 22 A5 HE¢

vN W

mN(u) MLPg <|H| Z p¢ v1ahv27 very hv|j\/(u)|)ﬂ-i )
mell

- =g Al (a set of permutations)
- py - permutation-sensitive &=~ (e.g., NN that operates on sequences, $+Z LSTM)



Generalized Neighborhood Aggregation (2): Set Aggregators

* Janossy pooling

1
my(y) = MLPg (ﬁ Z pg (hoy, By, ..., hvww)m) ’
well

-2t 758 B & permutations?| setO|2tH, set pooling2| A1} 2F0| set H|O|EE [Tt
universal &==0|Z{OLt, BE JHset = H0j| T3l Hots A2 LYY O = intractable.
> UatM, CHS & 24| giH S S8l Mast

o HL Oo-

o
©
S
Q
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11%4

1) To sample a random subset : 7}5%t &=

)
=)
Ho
H
In;
mn
N
=2
(@)
Q
.
(@]
5.
(@)
QL
oA
e
>
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Generalized Neighborhood Aggregation (3): Neighborhood Attention

* To apply attention = aggregation layer
- 2t 0|2 & OICt attention weight(importance)& assign.
ex) GAT (Graph Attention Network) 2 &
0|2 LEE9| 71&ehE ot fleh 2t L. = OtCre| attention weightsE &[5 &0

A (u) = Z au,'vhva
vEN (u)

a, ,: 0|2 =E v € N)O| CHSt attention weight
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@
2

exp (a' [Wh, & Wh,])
Qy,v = )
Zv/ GN(u) exp (aT [Whu b Whvl])

. a : trainable attention vector
. W : trainable matrix

Copyright © 2021 Natural Language Proce:

- Work well with graph data.
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Generalized Update Methods

* The basic update methods
- update operation : L E2| YAXl| /UH|E = 1 0| =2| H|A|X|2} linear combination St=

* Generalized UPDATE ?|®HHe| T/
- Over-smoothing &4
: GNN message passing2| 0421 iteration 232 HAX| LD LIH, 2 L E 20| HHE0|
MZ 02 FARHX= 30| US

> E3|, basic GNN 221} self Ioop updateE AMESH ZEO|M S3| L.

- Over-smoothing2 & 212 GNN 222 0t= = Qi Bt=7| W20f| 2X|7t E.
: over-smoothed embeddlngsg M.

S
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Generalized Update Methods (1): Concatenation and Skip-connections

* Over-smoothing2| &2l
- over-smoothing &&= GNN 1 X2| message passing ZHH0|A] sHAX Ol 0|4
- NWEHE 291 HEot M2 HH|0|EE == BH a2 dominate %* i t'e”é:”
> =, my Ol by O R 2ot QEsH0, 01 & HHOI hk & AMsH= B

* Vector concatenation or skip-connections
- update THH| QM0 O] = AUH|E HEE HE6H= HitH,
cf) skip connection? deep architecturesOf|A| StLtQ| layer2| output=2 2 12| layer& HUF L
CtS layerQ| inputdf| F2tst= 2
- It ER==%t Vector concatenation update : =& 2| HEE HE617| /8l concatenation AFE.

UPDATEconcat (hu7 m/\/(u)) = [UPDATEbase (hu7 mN(u)) D hu]a

7|& update &=2| outputE, CIHA| HH ==2| O™ 2|0|0{ E4 1t concat. SHZ.
> intuition : "0/ L ESRHE 2 X SE(my )5 B 2 20| BN h, ZRE ESLCL



Generalized Update Methods (1): Concatenation and Skip-connections

* linear interpolation
- concatenation2 AEoh & 2|0 T linear interpolation 7|2 A5 skip-connections &8 7ts.

UPDATEinterpolate (hu, Mar(u)) = @1 © UPDATEpase (hy, Mpr(y)) + @2 © hy,

- a4, o, © gating vectors (a, = 1- a;)

- 0 : multiplication

- final updated representation : O|™ representation h, 2} 0|2 HE&E mN(u)E update =l
representation 22| linear interpolation
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- parameter «,©| 32, 2R 204 jointly Cifel YHO2 o1& Jbs e
e.g., BE 9| single-layer GNN2| O2ES a, Q2 ALE. (34Xl hidden-layer B3 S Q2 XA Z 'HO{A)
0[S S5l o5 AZ|ALY,

- 20 | 7|-I:|-O|-j-||'— ™™oz 2f message passing
oiXH L= HSH0|AM MLPE A|--9-0Hk| Stk A ~E US,

Copyright © 2021 Natural Language Proce:
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Generalized Update Methods (2): Gated Updates

* GNN message passing ¥12|52 2= E CIE 2™
- "aggregation &f4~= neighborsZ£E observation2 &1 Q= ZA0|H, O|=
2t .- =9| hidden stateQ| updated| AtEEICEH 11 HH,
- observationsOi| 7|2t5104 RNN 22| hidden stateE update St=0| A Q1 7|HZ ML E = U S.
e.g. I £7| GNN Of?|ElX = StLt= update +E Cha2 20| Holgt.

h{" = GRU(h{ ), m{(),,)),

- GRU : gated recurrent unit cell2| update 74!,

* GNN <-> RNN
- 2|2t Z0|, YetH o= RNNsZ 2fall He|E CHEE2| update &f+S2 GNN2| IO M= AFE JHS3L
- RNNQ| update 49| hidden state =% hf £ L E9| hidden state h, 2 CHX|5tT,
observation vector x* £ local neighborhood28E{ 22 message mN(u)g CHX|SHO AL

- 0|242F gated update= 22 GNN OF2[EI(10 2/|0]0{ O]+))E 2tH e 2 XTI5HH,
Over-smoothing= ¥X| 7t5.
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Generalized Update Methods (3): Jumping Knowledge Connections

* Use of the final layer node embeddings
- Or2 GNNC| approches?t 2|7t GNN2| £|Z A Z 9| outputS AHESICHD JHEEE,
- &, RE R AER EfATO| AF8SHE = E B9 2,01, T3t 20|

GNNS| 215 A% == A#iE h, o ZTHS 21, > 4] 2133t over-smoothingt 242 2| L4 I},

w=hE) vy e V.

- O|& 221517 ?|dl, skip-connection, gated updates 52| 0| LIgtS,
* Leveraging the representations at each layer of message passing
- CHE 2B L& B 2 &y W 1 2[5 AT outputh AHESH=2| OfL 2},
H2I0|Ct each layer of message passingOi|A]2| EHSIHX| -2 6kKH

= fixkm©@ ehl) ¢ ... @ hH),

‘. ?:.QIOI differentiable &=
2 42 identity &= ’HOI (ZF GNN 20| =& E{2e| . E H|F S Ehed| concat.Bt SHCH=
EESE max-pooling O|Lt, LSTM attentions layers& A5 | = 2.

(m]l
LS
C

‘f]
S
S

olal.)



Edge Features and Multi-relational GNNs (1): Relational Graph Neural Networks

*So far--
- X|37HX|= simple graphsE CH2CHD JPY3HE.
- multi-relationaldt 2L} knowledge graphs@t 22 O 289t H|0|B &= 12 oEH|?

* Relational Graph Neural Networks
- Relational Graph Convolutional Network (RGCN)
CE40| 2 RS CHED] I8, aggregation functionS augment
2| @A Ot HEO| transformation &S specify sHES

MmN =D, D fn(N >N(v>>

TER vEN - (u)
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. f» - normalization function
- normalizationO| 70| &l basic GNNI} SASHK|2H CHE edge S0 HsiM = B2 HEE
D 2C0t= HolA CHE. (2 E ull =E voj| CHEHAM)
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Edge Features and Multi-relational GNNs (1): Relational Graph Neural Networks

* Relational Graph Neural Networks (2): parameter sharing
- RGCNo| EHH 2 relation type & tLIQ| trainable matrixE 7HX| 22,
Or2to|e =2t S35 S212th= A,
- 0|= overfitting, &2l at&52 X2l 7t5.
- 0| Z 3{{Z517| ?I3l, basis matricesE &2 Of2t0|E S|/} H[QHE.

b
W7-= E ai,TBi-
i=1

- B .E relation matrices= b7H2| basis matrices By, ..., BbE F2|5t 1,
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Edge Features and Multi-relational GNNs (2): Attention and Feature Concatenation

* For mor general edge features
- 2F 2A|0tCH H £ 9| aggregation parameterE H2|St= relational GNN approache,
multi-relational graphs@t edge features?} discrete st= H0| A Q.
- JHCHH edge features?t O ZEFHQI HE{QI FL0=?
> 0| §E =(features)=2 message passing &2t neighbor embeddings2t concat. (82 attention AFE)

Mu/(u) = AGGREGATEpase ({hy @ €(u,,v)> Vv € N(u)}),
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"€ x v, - €dge (u, 7, v)0l| 2t 2|2 vector-valued feature
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Graph Pooling (1)

* Make predictions at the graph-level
- neural message passing approach= a set of node embeddingsE 4t&%.
-> 1™ 22|72} graph-level0i|A predictions o112 *'Er':“'?
- = X|E27HK| R2| 2E = node representatlons z, S St&6t= Z40|RUCHH,
entire graph G2| embedding z,E 2l&6t= A2 graph pooling 0|2t 2.
> FH| J2fzo| U &S I8 node embeddingsE pool together 47| LHE.

* Set pooling approaches (1)
- aggregate operator2t SAISHA|, graph pooling2 sets datad]| CHet ot& EX2t0 & 4~ US.
- = aset of node embeddings {71, ..., z, }& z_GE WSI= pooling function f, 7 2%,
- set pooling ?|'H2 0| &%t & 7K approach

1) node embeddingsdi| CHBH sum 22 meana F|oHA A4-d.
_ Z’UEV Zy,
Zg - 9
fn(IV])

. o identity functionZt Z2 normalizing &=
g
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Graph Pooling

* Set pooling approaches (2)
2) LSTMs@} attentionS ZelsH= HitH

qr = LSTM(Ot—laqt—l)’ - _|) Zg = 01 @ 02 ED siei @ orT.
€u,t =fa,(zfu,Qt),V’UEV, -> I_) _ . N N
exp(ey ;) - TEHHO| iteration 20|, t7H2| 2= o, 2+E TG,
Gyt = i NYv ey, 3 ) A J2jZo| AUH|E S H|Atstk,
Zuev eXp(eu,t)
0: = Z av,tzv- 9 E)
veVY

-t =1, T H2| step2 iteration S}, §| A1} Z2 L& Q| attention-based aggregation= 3ef,
- q . 2t iteration tOf|A{ Q| attention= ¢/t Query vector
> L)OIM 2+ = | 2,01 CHSH attention scoreE &t I,
attention &=~ f, (e.g., dot product)of| 2H| AL,
- C) : attention score normalization
- 2) : attention weight a, ,2} node embeddings2| 7t5%}
- 71) : 2)0f|AM AHEE gfE LSTMS 0|86t0{ 1)2Q| Bk query vector g, & update St= H|0f AHE.



Generalized Message Passing

* Generalize to leverage edge and graph-level information (1)
- X|27HX|= node-leveld| X CtE= GNN message passingdi| CH2F 2.
- message passing 2t £tH|0| 4] edge®t graph-level2| HEE 0|2510{, YBt3} Ots
- message passing %.%, T2zl 2t edge0f| CHet hidden embeddings h , ,. 2t
FH| 224 Z0f et UMD h, B dd .
- 0|= 20| edge®} graph Ievel featuresg S| 805k .
- basic GNN 221} H| w60, logical expressiveness?t SFO{LICH= A5 ZB1f QS
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hgk) ) —UPDATEedge(h(k U hk=D p-1) h(k Dy 1)

my/(y) = AGGREGATEnOde({hEZ?v)VU € N(u)}) 5 2)

ssing & Artificial Intelligen

h1(1k) = UPDATEnode(h(k_l) MAS ()5 h(gk_l))

h$” = UPDATEgrapn(hS ™, {b®, Vu € V},{hgz)v)V(u,v) €&}).- 3 3)

1) HX, edge embeddingsE 2= = E=(incident nodes)Q| 2| 0| 7|2H5H0{ updatedt.
2) 2 E incident edges?| edge embeddingsE aggregate 5t0{ node embeddingsE update¥.
3) entire graph embedding2 node and edge representations = Ct2| updatedi| AHE |,
1 Xt 2Eiteration?| OFX|2H0| 2& node and edge embeddingsE aggregate 510 update &l.
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GCN

GraphSAGE

GAT (Graph Attention Network)
GTN (Graph Transformer Networks)
RGCN (Relational GCN)

GGCN (Gated GCN)

SGConv (Simplifying GCN)
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