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Cora dataset

Bl(graph)2— M FEEANEIESN, NSHRPRSRBRSESAUERNE R, LEAHLERME, B
G, RBREMEE, MRRANMREES, EEMNNBSHEEEE, MN%FHEERLEN—
YA, EER—TRESHRNIE,

fXfgraphtytAR AT A R =2

1.2880graph &%, MERMNELR, REREE EX—RN_7BELER, BRAREESESE;
2MREER, BEREMERRANELEN, HHE—DEE, ARNERGBIISE

3 EEZME, ARELWEIEIZENGEE, HENHFgraph embedding, graph CNN%

AN EEHNERENLE, TR LR FZIFN—ERRER, BTFNAR Z(EERHRNELR
RAFIREEER), URZFREZIEEMMERINNER, XM AEEBRSEE S TSR AN
[mMz—7, $%Fkdd2018H31/Ftutorials B EBREXTgraphhy, bestpaperttExFgraphty, 1EXH
U : adversarial attacks onclassification models for graphs. 5] IL AR T\l FAOHIS,

X E N Bgraph Embedding, REMMAgraphER SRR T: RENHEgraph convolutional
network(B1&1R), &EEENBETENRIIER,
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1.Graph Embedding

Graph embeddding(GE) t1ilfinetwork embedding(NE)t2 Nl Graph representation learning(GRL),
g & network representation learning(NRL), JifERXEEgraphfinetwork X9 FR 7T, itgraph—
AR R THRAIELENANIIREE, networkRRSEAMAAIEIBIMNH RS, EREEREITXS T . E1.1
EENDGEARIR, ANIANABREN, EEREMA—NART ., ™EXR, BHRBETGEN—7,
HTFEMARUREXEERA, BIN1RBEDERXEE D)



» Graph Embedding!

deepwalk CN GraphGAN
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& 1.1 Graph Embedding K& ik

1.1.WHAT & WHY
BEARHNEIZEt42embedding, MUKt 42EMembedding
WHAT?
e EmbeddingZE#F LR—TRE, f:X—>Y, BI—TZTENRMEES—1Z(E, =MNE

B SRRV B BRGTRRE B SRRV (8);
o —MRMIRIRAEZ BHNRTEED MARERTNEE

WHY?

o HHKRMNBYNIZE —TMRAENKT: LNENEI—KSEKNONER, ERENRTMESGS
B, BHFNHENER dog" X MR, EHRNZAERENRT

o HEHMNHENEETLERSERES

o f&Rone-hotfRi3[a)E; one-hot/RIBE—TMSTIRINSEZNRARME, BERANE, BONERERK
HREEFAREZMMEN ., one-hot/wIZE—FIFIT'NREIBL N, —MRIERTM LA ZERIEX
4, embeddingFIIA—EZE L ARIRXLE D],

1.2.Word2vec

woed2vec[2013]: DistributedRepresentations of Words and Phrases and their Compositionality
BEEENBword2vec, XEEAIBSHAEMBEINEN, BENNGEIEBE RN, FHANSTIE
ZEpaper FEiZEE.

word2vec @ IRIEIEN ERBENEIX ZKES T EiEMNembedding, & Hword2vectEEE cbow#l
skip-gramfd, cbowAR#E_EFXFNENE, skip-gram BB OETN T, BFMmAPEREM, &
TR Bskip-grami&Es!,


http://xueshu.baidu.com/s?wd=paperuri:(785910f0818a68484b073cf4a2662719)&filter=sc_long_sign&tn=SE_xueshusource_2kduw22v&sc_vurl=http://arxiv.org/pdf/1310.4546&ie=utf-8&sc_us=5298703194063391108
https://blog.csdn.net/itplus/article/details/37969519

Input projection  output

4 w(t-2)
— minimize | = —10g P(We—m, .., We—1, Wes1s -+ ) Wetm|We)
2m
o w(t-1) = —log I_I P(wc—m+j|wc)
)/ j=0,j#m
2m
w(t) =-log [] P(uc—m4jlvc)
\ _— j=0,j#m
‘ w(t+1) . log 2m exp(ug_m+jvc)
- v
j=0,j#m ):L=|1 exp(ulv.)
< wt2)

1.2 skip-grami&#y

Word2vec SR 2 — T MAFEENsoftmax@!)3, Ei@HsoftmaxBl/FHMANZRERN, HNFEKRESE
#EpE, Mword2vecHd, MANRENSEERLETHEN, AERMACDET Z2HINBEEFEN, SHE
NIRRT m, E@softmaxEl)I2— iR, Ammword2vecH TRARHENZE— Ot
A, BERIEMUT LR EFARAHTTIE,

BT MITRE:

1. —RSRIBENERIEAHERZM, softmaxitE(EERR DRI SIFEFELN;
2. ERESRERIE

—MBABEERMAEN ARNRAR, B—LMHL, bl BEsoftmaxMHaRE, —MRiZNERERNE
skip-gram+f 4%,

XERTR—T, — kB s BRIt EHEENNL, HAEHE—MRABREELEEIT(Noise
Contrastive Estimation, NCE), 1A% (Negative Sampling)i&iRENCERN—M4EHIER, BERIISZE
AR Mtrick, FUREN—MRERARNLRLL, HEF j(z) REIEEST, U(z) @EMI9"9 MWL
HHEHMH. BEN. HEREND, WAT, NCENEEMRBEEAN _oREa, BEIHESHR
1, NB— 1O HFRENESEN 0, AR1.22word2vec MBI RAFREATR, BENERHEIA Skip Gram
MAIEEA, BENRERIEER AR, X TNCERAENTEREM M softmaxElFRIENFIERIF INCESE
it Fsoftmax[ElYFA3IERR

Esnp(a)log(p(1|z)) + Epnv(z) log(p(0])) (1.1)

B (w;wi) 109(< Ui, V5 >) + Egpuy)log(1— < ui, v >) (1.2)

1.3.5HAE

fEword2vect L §i[2013], BAE L/ A ENgraphi#t{Tembedding, XEMENHB=1
1.Locally Linear Embedding
EHHEBR— NP RANAESE T AMEHASERT, BFREENO(Y) =1 3, |V - 3, Wi, Y,/


https://blog.csdn.net/c9yv2cf9i06k2a9e/article/details/80731084

2.Laplacian Eigenmaps

1275&1}\737‘ [FRia= BB T RUERBNES), MEEMRATEMEthSEAEMN, BIinRER
¢(Y) =3 Zij(Ki - YJ) VViJ'

3.Graph Factorization

ZHEBIT B R Bembedding®R R, BAREREN
P(Y,A) = %E(i,j)eE(VVij_ <YLY >+ 33 | Yl

1.4.Deepwalk

Deepwalk[2014] : DeepWalk: online learning of social representations

BE—TEE, BRBRIES PHIBIE(word)rl BUBT R X Ri#H{Tembedding, BRgraphZ&iF8ME
HEE, BEdTR(node)EZ T8I, FHATeIABUE I node 2 [B]JIIHIIX RAXFgraphdiInodei# T
embddingle? BERNXBET EAAnodeMIHIX R, XFword2veckin, ERERS— DG FHA]
AR 218 2 B HEL, BARMTA AR UMEE— MR UTIF NFEIIE, EXERIERNnodery a
FH1SF|Hembeddingl8? 3frt, deepwalk®LERETEgraph L& XLE G F", REEEER
word2vect&BYi)l| 415 2lgraph & nodefJembedding &R !

deepwalk 2 EtifInetwork embedding&i%, Efword2vecEiZAFgraphf&ER, REEIN T BELE
FEUAMIEFF (M Fword2vechRIIERE), At1.32random walkiIAT, RIBIDNFTEFENAIER
T—MTE, SEfrtrandom walk2—$P eI EISLESREM LIS

=, if(v,z) € E.

0, otherwise

plei = zleis = v) = { (1.3)

1.5.LINE

LINE[2015] : Large scale information network embedding

EHEIANNSSERMNNT R, MEEMEAT EHEAZEBM, AN T B0, FEERNHEN
EX:

1. 1% order proximity: EBHERRENRBEET, RRATRZEGN ERABRREFNEOEEL
EEBOAME, F—1Tsigmoid RERR

2. 2™ order proximity: BFHEEE, ESHER, RTAM I TRZEESOAE—ETS; ER4%E
BRERTRA—PFHHRER,

pili,g) = g (vjvi) exp(i@}" - i) R
1 p2(vjlvi) = ——7—"—,
'O ’ gl —_‘ T TV exp(@r - @)
ZO 5 F 1 +exp(—il i)’ A ol _ﬂj_
o . ) : pa(vj|v:) = 5
O O1 =d(p1(-+), p1(5 ),
“ /\,1 2 D2 i
3 O 6 Ow O =- Z w;; log p1(vi, v), Z d(p2(lv), pa(-fos),
(i,J)EE
& O Oy =— Z w;; log pa(vj|v:).
K (1,7)€EE J

1.3 LINEAREY


http://doi.acm.org/10.1145/2623330.2623732
http://doi.acm.org/10.1145/2623330.2623732
http://doi.acm.org/10.1145/2623330.2623732
https://arxiv.org/abs/1503.03578
https://arxiv.org/abs/1503.03578

1%t order proximitytb#4FIBAR, 274 order proximity ZLEEORRAR, EIEM RS EXBRTE M
TEREREN., HIRTENEEERENTABERTEE, —TENERZE@;), — M REFHEE(
U;). WEEELTEMIL, AFERZT AT Sontext@BRNNEXR, BEmERIARZembedding
BRNEE, RAAFEBETTIRFEIMT REITROBE, XRIEEZTREANFENIREAMT S
XA,

EETEME1® order proximity 2™ order proximity2 D B HE, AT Fp, (vj]v) X2 —1
softmax, FHAIEHEER ARER LA

K
logo(< 4,4 >) + ZE'UnNPn('U) [loga(— < @, 1; >] (1.4)
=1

REERE—R, LINEETMEENARIER, XEHLE—METBFSHE

1.6.GraRep

GraRep[2015] : Learning GraphRepresentations with Global Structural

AL A2 = Al A2
Al A2 AL "
o*— B1 () B2
B
Bl B2 B3 B4 ca O
c1 () a3 ca
(a) (b) (c) (d)
Al A2
Al A2 A B C A Al A2
v
B B1 B2
(e) (f) (8) (h)

El1.4 T R ZEK(1,2,3,4) 8 M01E

LINER Z[E2-orderfB{IVEIFIB? A+ AARZE[E3-order, 4-order..., WE1.45, HK(VRBELE FE—1T
AMS5A20XRZBT TE—1T, BABAHERIFTXZRIE? GraRepi @ RX N alf, FILINERE—HF,
B TPERmITEE, —TEERE, —THER=E,

B E X k-ordertB bl :
Ly =) Ly(w) (1.5)

wevV

HA Ly (w) ®R TR THET Rwidk-orderf8il, Li(w) RTARN1L.6ELER T RREMMN):

Li(w) = (Z pr(clw)loga(® - €)) + AEeep, (v) [logo(—w . E')] (1.6)
ccV
Hrhpy (c|w) RTAMwT RETEBAREIACHIBRER, BIP N7 REMEERSERE, —MiEisEErl IAARYT—

CBIHEMA = DTIWRTE, BAMERENENP, = A%, Blpy(clw) = Ak,
pr () RTEFEBIING ST, BIENLERIAME, SRR CHIBER:


https://www.researchgate.net/publication/301417811_GraRep
https://www.researchgate.net/publication/301417811_GraRep

pr(c) = q(w)pe(clw') = % DAk (1.7)

w w

Hepg(w')Rmw' B RI%RS f, XERENINT, Blg(vw') = &

181.6, LTRA?T?7HLSEN0, AIMEEIT:
k

W . CF = log(—=—"—) — log(=) (18)
! 21 Al N

BIsk— 1 iERE D fRENA], ERCHEIECGMEQZEAHMIVIEE), WIEFEENNETK.
1.7.Node2vec

Node2vec[2016] : Scalable Feature Learning for Networks

1.5 BFSHIDFS{# %

BIEI%EIDeepwalk ESL 2 EFDFSHER!, LINEFIGraRep 2 EFDFSHIMEER!, —AgskiiE T BFSAUR R G
FIRENE RN BB ENEEREME), EFDFSHEEE ME FIRENGEWEMNME, BBARETIRIT—Me]
A BFSHIDFSHURZEELIE? Node2veca 7T —MA R, BRIt T —DIZMHENEE, Bdp, M 1TSECk
& BFSHIDFSFRFHIE R REL,

E1.6 p, gi=HI89 — R REALIEEE

E1.62p, giIEH AN M BENFERTREE, HRa2XTHRNRvERT— 1T RsNRY, p,qghiES
&, Rl


https://arxiv.org/abs/1607.00653
https://arxiv.org/abs/1607.00653

%a z.fdta: =0.
a(t,z) =91, ifdy =1. (1.9)
%7 zfdta: = 2.

BAMERIT RUBBNLFER T— TN RelBEM 2R T —H Rz
a(t, z)
Z(y,v)eE a(t’ y)

p(zlv) = (1.10)

MAX1.9F1.10F] AEH, piEIERHREENZ KR EL", o=HEEEFERETDFSIERE
BFS, ZHgiAR, EFBFS, Hei/\Bt, iaFDFS, 455lits, Hp, &R 18, FiftFrandom walk.

node2vecfE TSR+ TN, REDZEMNEG], — 1 EFacebookfE SHUERE B Z RV A,
AT EREANENAERE ISR B SR

1.8.Struc2vec

Struc2vec[2017] : struc2vec:LearningNode Representations fromStructural Identity

Struc2veciAinodefJembedding RN i%E [BIERIMBIME, MEIAZETRNZBSEMEMNE. EIAR
deepwalk#Inode2vecHFEEL Z RN BN R, ML FPESIT REFHLEREUNTEINE,
XA ERBN, BRBLMRXMAERER, FIE.7,

1.7 graphZ& 98U A2

BE1.77, TRufllvZ B EERRRIE, BREM AN +2B08, GEEAMZERZIMTERN
LA, BLABLRBAES ERXMEMELUR? —TENNERER, MR T REMESE
AT IR, AT /RFELEEARML, SEfr L, IEXIERERXMAG N2 BE X SRR
E,\]O

ZEBEU, SR (u)FETSUREEBAENTSES, s(S)RTTHAEES C VIEFE(degree)
5, EX fi(u, v):

e (u,v) = fe1(w,v) + g(s(Ry(u), (R (v)))) (1.11)

R B LERFM TR IBMEREE, AILAZDynamic Time Warping(GhASE BB EE), ARITERD
AR REAFNRINBMUE, fi(u, v)RIET Ru, vZENEEAELNYE, FTUEL, BEHEX,

fre(u, v) ORZF A, FLFNEELREREE = ILERTRUZERLE, URMITRZERRZR
2%, BFEAESEREARRE)REERTTRNEME, AX113RMNEX—RHE T [ _LiE

/\:E)o

A fr(u, V) WEDEE, BEZETRZENENARNL12, BEEYNT RERERAT1.13


http://geek.csdn.net/news/detail/200138
http://www.sohu.com/a/124091440_355140
http://persagen.com/files/ml_files/Ribeiro%20LF%20(2017)%20struc2vec.pdf
http://doi.acm.org/10.1145/3097983.3098061

wy (u, v) = e f(®?) (1.12)

{w(uk,ukH) = log(Tk(u) +e), Tr(w) = Xoey Lwr(u,v) > ). (1.13)

wug, ug-1) = 1

ETRMERNEENEsequenceT, BAB—SE—THRpELRE, 1 - pHhARE, NMREFERR
ARXLRFET IR, WRBEAR, REANL15HEE E—FR(up 1) B2 T —F(ug—1):

(vfu) = £ (110
pr(v|u) = .
Zj(u)
Dk (Uk+1 |’U,k) — w(uk’uk+1)
W( Uk Uk41 ) +W( Uk, Uk-1) (1.15)
Pr(ur—1|ug) = 1 — pr(ups1|ur)

K FstrucvecE—MERINAI TN A, 1EB8ERXIZIERN A T struc2vecls, 1ERS ZAIRInode2vec
BRAIRF .

1.9.GraphSAGE

GraphSAGE[2017] :Inductiverepresentation learning on large graph

NR—ARE:

o HHANFY: HIERIEgraphZEIE—1TN x FrUiER, graphEMTEHEEEHRF I
o APWES): FATRBHEFEEEZRFEILFIETR (unseen node) Bembedding®R iR

AIENANRESPNEERES), BEIERSgraphT N, FEEHFS., GraphSAGERAMRF
JN—MR, ERERFEISITTRANKT, MEFIRGRY, FRTRGRHUE, X THENT
REEREMRERNembedding®RR, MARTEEXFS., THEEMEGraphSAGERZOLATT, E1.8
BRESNERTIRX—8A,

Algorithm 1: GraphSAGE embedding generation (i.e., forward propagation) algorithm

Input : Graph G(V, £); input features {x,, Vv € V}; depth K; weight matrices
WF¥ VEk € {1, ..., K}; non-linearity o; differentiable aggregator functions
AGGREGATEy, Vk € {1, ..., K }; neighborhood function N : v — 2V

Output : Vector representations z,, for allv € V

1 hd «x,,YweV;

2 fork =1...K do

3 for v e V do

4

hj(,) ¢ AGGREGATEx({h}™!,Vu € N(v)});
5 ht o (W"’ - coNCAT(h* 1, hjc\,(v)))
6 end
7 hk « hk/||hk||5, Vo € V
8 end
9 z, + hE Vwey



https://www.sohu.com/a/162168329_99940985
https://www-cs-faculty.stanford.edu/people/jure/pubs/graphsage-nips17.pdf

1. Sample neighborhood 2. Aggregate feature information 3. Predict graph context and label
from neighbors using aggregated information

Figure 1: Visual illustration of the GraphSAGE sample and aggregate approach.

&]1.8 GraphSAGER R REE
ZEED AR
1. BEXREF: ARBTTRENEET—HN, ITIHESR, ABTTRDBKE)REETEHNEMMD
E.
2. SPEIHIERS: BIRERFINMBEIE, EMARITRAGE, MEEKERESERINBFS
TR EKERIBEFRE,
Aggregator function EXREX|IF A8, FEXrandomiEiFEinodeXRGETFH, RINEWN T/ LM%
#, HAtTMBESRIT:
Mean aggregator: h¥ < o(W . MEAN({hE 1} U{hE™1,Vu € N(v)}))
LSTM aggregator: LSTMBIANEE R, BXEFENNnodeFEEshuffle—T

Pooling aggregator: Aggregator®™® < maz({o(Wpoathk, +b),Vu; € N'(v)})
GCN aggregator: BIERRE2E, BXEE

1.10.CANE

A wN -

CANE[2017] : Context-AwareNetwork Embedding for Relation Modeling

I am studying NLP problems,
including syntactic parsing,
machine translation and so on.

& <« Co-author P> % ¢ Co-author-p»

My research focuses on typical I am an NLP researcher in
NLP tasks, including word machine translation, especially
segmentation, tagging and using deep learning models to

syntactic parsing. improve machine translation.

B11.9 M X AE B AIFL 3L


http://www.thunlp.org/~lzy/publications/acl2017_cane.pdf
http://www.thunlp.org/~lzy/publications/acl2017_cane.pdf

BIEPMAREHEERSEH LHXE, ERILERFTANLLEFENEE(WEN9), BERANANR
FIER B BMNESHENRES MAZ BXRER), TRNZNESHETTREEN, FHNNIXERX
L£(E8, HTgraph embeddingZ eI M LR, FIMASZSHXELET R LRESSHXAERL
B, XUARETHECENE, BXAEANFANTR, ZHEMERMED, (TR-XEUAR(TR-TR),

MM —EER, trans-netiSHEEIER—LRIAS|#E, XEHMEMnpAXE, MAHIRT, XER
BB T4ACANE, CANERMZEMBMUENXXARBRMUE, NMAattentiondl#H], AJXBBENMITEXXARZ
B BIHEILIE .

Column-pooling +
softmax

Row-pooling +

( \
I I
I I
I I
I I
I I
I I
I I
: softmax :
I I
I I
I I
! tanh(PTAQ) |
I
: /\ l
I I
I I
I I
I I
I I
I
| P Q|
I I
I I
I
I A .
: Convolutional Convolutional :
: Unit Unit :
I I
I I
I I
: Text Text :
| Description Description I
| |
O b éé """" |
I
| Edge u \% :
A & o = — — — — — — — — — — — — — — — — — i — — — — -

E1.10 CANERBUEZRREE

E1.9ZCANERIERTEE, MRREE, EAIIGFMNIEaEFHEE —FiaE(1REMword2ve)tiEE
M HRNXBAMERRTA—T N, REERITERER; 1#5 PHNQM—TAttention REEIFHAT
tanh(PTAQ)iz8, F,;ZXTEPNQ;NEERE, ARE25IKMAMrow-poolingflcolumn-pooling +
softmaxf=4£—MEBNMEE, thilla? MR TN PEBIINEERRE; SREEMEIENRENRIEEEEN
BREGHREZ N ufludtviItext@ £, ﬁ%Ui@ﬁ??‘Uvﬁu) *Dufv)
MRRBAMEBORT, —HDNREMBMUEL, (e), Z—HOARIXAEEHEKMEL, (e):

L(e) = Ly(e) + Ly (e) (1.16)

ZREMEMNMYE, FLNEFRDL:
exp(< ub,v® >)
sev €xp(< u?, v® >)

p(v’u’) = 5 (1.17)

L,(e) = wyylogp(v® |u’) (1.18)



NABUNER=32ABK, Paltext-textiBAUME, text-structurefBAUEFIstructure-textfBILIE:

Li(e) = aLi(e) + BLis(€) + vLst () (1.19)
Lyt (€) = wy,ylogp(v*|ut) (1.20)
Lis(€) = wy ylogp(v!|u®) (1.21)
Lyt (e) = wy ylogp(v® [ut) (1.22)

LR, HFARFRATEMsoftmax, BB FRENEL,
1.11.SDNE

SDNE[2016] : Structural Deep Network Embedding

FEtgski, BIEFIAREME LERE, SONER—TETERBSBIRERE, B 11EZEEERMTR

Unsupervised Component Unsupervised Component
(Local structure preserved cost) (Local structure preserved cost)
x; ... 000) , [... .00]
: parameter sharing : 1
9 (1) | < — ! ~ (1)
(00000 . (000-00) n
1 . Supervised Component 1

_______________________________________________________________

Laplacian
Eigenmaps

Vertex i

E1.11 SDNEEELREE

SDNEETRAE BYRIE:S, EE’JE@)\%graphE’]”B}%%EB?F B nodeX N —1T, &{TFR~IZnode 5 EHALAR

BnodeREHIL, EMIRKRIEMELD HM, o RET MR T nodeFil, BBAMAINIZEE
WIEE, FWMHEEEFIR, AXAT:
L:mia: = £2nd + aﬁlst + Uﬁreg (123)

SR Lre, RENHLIAL
LongREEMRK, RIEAANAI1.24:
n
Lona =Y || (& — ) © bi[3
=1

=[| (X - X) @ Bll}

(1.24)


http://www.kdd.org/kdd2016/papers/files/rfp0191-wangAemb.pdf
http://www.kdd.org/kdd2016/papers/files/rfp0191-wangAemb.pdf

REEE—Mvrick, MEANENB, ESEAMORET, BN Te; =0, A, XTz; #0, b
N, XERZETMIER:

1. —ARRUSBIBIERE L RTRER, MRFNEBPMNOMIEHET, BSEH0MTAR.
2. [RIGEFRFA T node 2 [ BN (SBIZEMHINER0), HATRKRMNEKNREXR, AJEEENER
TEIEM TN RAZEEBEMZK — hopBE(K > 1).

L1 ZHB B T node, embeddingFEIM@EEE, KX A AR1.25:

Lona = Zs” I @& — 51 (1.25)

Hehs, FRFNT A,

1.12.GraphGAN

GraphGAN[2018] : GraphGAN: Graph Representation Learning with Generative Adversarial Nets

MR IFHREAFERAXOREZMTA? BAGAN—EERIEZEF, GANFIVAERBRIRMELERESR
SRR NRELERERR, MER—5, &IABE—Rpaper: Variational Inference: A Unified
Framework of Generative Models and Some Revelations}¥$GANFIVAEZ: — B L o #HRTAIEZR T, E&
AE—a): RIF3T 7, MEERAH, HITREQ

EYIER, RXRESRBEEZANABDSE—M], XMEGraphGAN, EMHEERTHE
ANE(Adversarial Network Embedding), X8RN 43GraphGAN.

GraphGANBEE, £HBRER—KEHFAEFENY, #BB3AM—FORESNEFEFEENL, HilZkss
2E, £RRERNOEREIEFEENBIED YR, Blembeddingmilh, RE1ERAERKEHEIRME—
MER.

S & GraphGANRY B FREE £ :

|4
min max V G, D Z VD (:[Ve) [lOgD('U, Ue; OD)]) + (E'vNG(.|'uc;0G) [lOg(]. - D('U, Ue; 01)))]) (126)

¢ Op c=1

ATN1.26P] U AFIRRR

1. BEOpEming,, REGHE—UMIEX, sIMEH-—THEIEFEAKD(v,v.;0p), HFvEM
G(s|ve; O ) REER, HAIERvREMBGERNER, AR Hming, HENRILHFIRDIARE
ARG EMNEERRE, REMAEMS.

2. EEf;Emaxg,, MIEMIpAEX, WFE—I, EAKE—TEYTFHEALD(v,v.;0p), Hbv
ZM Dirue (s|ve ) RAER, BRAFRBILABIZBDINEINEARRE;, MTFEW, KRAMME _LiE
HFHRIMED(v,vc;0p), BEFvEM G(s|ve; 0g) KRR, HEIERZILHIBIBDIANEMEGT %
HEARNR. XZMAFIBIZE,

P BIGANRYloss PR B (B/ N KilF 3R EB AT AR A 3B . BMAEB B LR AFIAZRA02 20

1

D(v,ve) = o(d « dy,) = 1+ exp(—d? . dy,)

(1.27)

ezp(gy - gu.)
Ev;évc éxp (g'vT » G, )

G(v|ve) = (1.28)


http://cn.arxiv.org/abs/1711.08267
https://www.paperweekly.site/papers/2117

WME, FIBIEE—sigmoid®EN, E£mERE—Tsoftmax®Ey, LR EMRAIIHERISENERKEES #
AlEs, EAMBAIERA, X1.272—Tsoftmax, HMNFBEMMAE, EXHFEEIRIT T —MIUHGraph
SoftmaxBIA LA, REMFANET, BHENRZEBRTIEX,

1.13.245

AU T IRZGERVREL, MEESE, FIRZEEMNRE, BIEIZETRMBextra infofIRE, BENR
BRE, ARFERGIREHEE, HARETFRH XA TMEE,

REBHRT—6), (REFEE—EENRAISEPRE)EAEX

o EUNANRARAYE)RAE HNXEA S BN (FBERLB BB AR AT AiEtEnode2vec, LINE, GraRep
F;

o UNRIRAYEIRAEINFELEMBOUE, 1RATMikEstruc2vec, XEBRILABRIR— T AT ABIERXIZE
REMEAstruc2vectBtbnode2vecE ANIRFH, XERENERIZIE, RANMEHNERNRIMIBE
BEEEAVTRBERE), BE—TEMNRELEE, WRADAZERLTHEUAMA(EENR
MRV, BBARXANARZERHEHEARE, HERRREXFENFH AT R)EERLERET;

o BEMRMIRILFEZRT RMILNEIMER, IBAMRAIIEZFCANE, CENE, Trans-net¥;

o WR{RELIBAMESTE, (RAIARAGraphSAGE, SEMSFEREMGES %, B{EMGraphSAGE
JAMF ] ;

o WNRIREHMIFIRAIREL, (RAIIEEGraphGAN;

o EFEROILUEFRZGERE, HIEBEIMembeddingmE#1TRE, tbillconcatFAH;

B2, R A KEEURIRAG) !
2.Graph CNN

BIHEGEIEMEAR T, MEZRNES— 1T EBMEEEFT(Graph Convolutional Neural Network,
GCN), EXXENFGERSZ— TR, GEETSHAM MM EMELG BN, RIMNBERARE
FINZFTEIEBRN (EEnlpFhrIword2vec) , MGCNFMEEEmZEIRD KK ET, HAMAIATEE
BA#ETES®RAN, ERHmARENEHTITEN, BgnRIBMESHFI=EETRAN,

—MRKIRGCND AT AL, —MZEEER, BEEBEHEHTERTMR; S—MEIREEER(LIM =
EEER"), BEIZEEGraph L#TER, HMNDAINTEXME, E2.12GCNHAEKIE.

1t GCN
2" GCN
34 GCN

DCNNs

CNN4G

GAT

E2.1 Graph CNNAZ &



2.1. Spectral Convolution

EEESRBE—LIMIMIANIR, FHALEIZ—ERS

2.1.1. Graph EHIBEEHT

BEM IR IGRI ARG ERE, BN TRE—TRBNTENAE, ENERELARAT:
F(u) = F(f() = [ e at 1)

AR2IBNREEEHTHREMIES f(H) 5ERKe ™ HAY, RTIERMAITESMHELL, L5

ERAUEASEF(A)BIFERE, BHARAEHREFIR? UEHINEFRE R RETRe; PRAEIE
BEZMRSEZM, STngsHFRERR, HRARXN:

n 82

A= 2.2
i=1 6:1712 ( )
RIERET B FRFIERTERN:
Ag=XAg (2.3)
TE e E25182.30— MR
; 0% _. )
A e ™t = 507 e Wt = e it (2.4)

K3

HAEHEN = —w?, BHEwiiSEENBIEX.,
RAKNNSILE: BEHTRMENEES ShEHETE FISERENTAS !

B4, FNBER BN EREICH BIGraph £, ENEAIESSE]: Graph EREEH TR I AE
{555 Graphfu B Hi E FAFIERERIRA?

SR, ARNXZMBEEEHRNZE, XER(IBRERRE FRNGraphfI BRI B F(XBRAE
BGraphfU BN EF R4, FERR), BHEREIRASIEEEGFIER IR XA TR R
£), BRDWAKRM, XREEN, BABENITTHRNGraph EAEENZRRIANERN:

N
F() = FO0) = O £#00) » (i) (2.5)
=1

Hep, N RGraphfiBHEEFBIMFIHE, wABIMTFERE, 252 NXNAEERTR, T
GraphfI BRI EF, EAENTHILE, BAEMEHRER:

Fn) ui(l) wi(2) ... w(N) Fn)
F (%) _ w1 (1) w(2) ... w(N) f(2) (2.6)
f(Ow) w(1) w2 ... w(V)/) \fOw)

1¥102.65 FUAERERZ VAN -
f=Uf (2.7)



BAMEFE— M EBOAE, (+4RGraphfURERFET? BOSANETEXNT:
L=D-W (2.8)

HeAnW24EENK, DEEEN, 81D, STFWIEESITIN, D, =0, BHEfa% FTER0.3
FGraphERIIEFAHARAEY, —HRXFHRAES, BEBOARTSEEEBICHIR,
HAE BN R AN,

2.1.2. Graph ER9BEHET
ETHEHTS, BAEABMERRTHRANHRIR? SHSEEHEER, RAth:

P (w / F(w)e ™ dw (2.9)

ME2.9M 2. 1REM, E—TEERE, AAEMR, B LEEEMZETRA:

f() u (1) w(2) ... w(N) F(n)
fO) | _ | wa(@) w(2) ... wi(N) F ()

(2.10)
f(Aw) ur(1) wi(2) ... w(N)/ \ f(Ow)
=yl wak
f=U%f (2.11)
2.1.3. Graph EHiEEEFR
BRI T XA SEREHTIRIAR, XRBRNEROERETAXRR? SREERIUEEXMIS
*SAEE: RIASRNEIIHTHRERREIHTIROTRA, *
rEEskEMO, EERARKA—BTHA:
F(f*h) = f(w) . h(w) (2.12)
HepuRREH, X2.1272.97] S50
Frxh=F(f(w).h(w) = % / F (w) « h(w)e ™ dw (2.13)

H2.13R R T HEREBEENTHAIX R, BIENSRZZIPEENERELEMSEIEN, FINEG
%, WFAMUEIGraph#iE, BIZHT CNNEFRE S, ﬁB/AﬁzﬂTJLﬂﬁe/\ 8%, BATTUFIAEN2.13
EEREMEAMER, ARHEEMHETHR, IMENTERZBEZMER
Graph LHIEEBERF AL A

h(M1)

h(%2) Uurf (2.14)

(f*xh)eg=U
h(Aw)

SR EREZ T



(f*h)e =U(UTf) © (Uh)) (2.15)

2.1.4. 1%t Spectral Convolution

1%t Spectral Convolution: Spectral Networks and Locally Connected Networks on Graphs

AR2.ISEZBNMSHERINREMRET, UT fAIUT hp 3 AGraphRAHEAE R M T HANSRZAE R0
T}, MERE, BERUBIANRZENER,

BAE—RIERERMEZRET, R%E?Eﬁ(z\ﬂf’ﬁ?ﬂ%ﬁ’@%iﬂﬂﬂﬂ! RARNWT:
61

62 UTx) (2.16)

Youtput = O (U

On

RINERL! FAVMETT ARBH2. 163 TIEE BT, E21% Spectral Convolution®A —LERFEEA M
7
o ITHEAX, SRENCHLBHITEMER, ITEEREO(NV?) EMEERKHNINEREEERE
HEO(N?3)), BRBIHIDR, 1HIDBERERNO(N?)
e &Hspatial localization(Z[EFERE), EARMCNNZIRTRZE, BRAEMRAFTEE—/N\EoLRE,
ERGCNEE—REMHEEEFABNT R,
o SHIMHMO(N), EHNCNNSETHMZEL, BIA3*3MERZBITSE,

2.1.5. 2™ Spectral Convolution

gnd Spectral Convolution[2016] : Convolutional neuralnetworks on graphs with fast localized spectral

filtering

1%t Spectral Convolution5 —LER52 R 75, 274 Spectral Convolutionfi 2 ARRXLE 8R! 1151
BHRES:

y=0(Ugg (A)UT:c) (2.17)

HAARSTEARMI BERME, BB43FTF1% Spectral Convolution,
96(A) = diag(6) (2.18)

33F27 Spectral Convolution, iEge(A) NI TR :

K-1
go(A) = OA* (2.19)
k=0

BAHER2.19CARI2.17FRIE R BRI


http://yann.lecun.com/exdb/publis/orig/bruna-iclr-14.pdf
http://pdfs.semanticscholar.org/c29d/6dc86a4e28165601b2b37492ec551dd68fe0.pdf

K-1
o(UD oAU )
k=0
-1

N

=o(Y 6.UANUTz) (2.20)

”TF
L&

= ( ekLk.’D)
0

x>
Il

2.20% SITFR R A TIHED BRIERUARUT = Lk

AX2.20BMNBENBENARK, UBNBAELITEF, S—SREERES5EMER, SRERREN
O(KN?), MR ERBHENREEL, SE2&ENO(K|E|), BRE_RERELKMspatial localization
We?

RXENB—MUEREE FAOMR:
Lemma 2.1: #Rda(m,n) > s, WL, =0, dg(m,n)FXREGFTmmAniIREERE

IR ESERIREINTLKE, MERMDT R, JRAELHEE, BAL;; =0,

(L*)mm =D Lunjy Liey oy - - - L,y o> FBOTRIRBILHFPR T AL HIELR, HithithHHMENL, HrEN
T B8k, k2, .. -y ks—1, Lpmp, Ly gy - - - Lty n BEISHY, MR(L?)pmpn # 0, BLAEDFE—A
ki,kay... ks 11845 Ly Liy &y - - - Lk, ; n AR0, BIUERBMIL,, gy o Liy kg s - - -y Lk, ; o BBAR0, AR
MEE—FBEM =k =k — ... = k) = n, XFBRKERs, Bldg(m,n) =s, X5FH
dg(m,n) > sHR, HIRGBIER, EE

HLemma 2.1, 2. 2009BMANERK — hopsPiEl, BIRRTFIRZRK.

WX RIS AR, BLNBILEREFRMNITEERE, RUETEERELNO(K|E])
, B RBEELEM AR
YILEEXRFF: (Efak )X STz EF A AER LI TX Z Wi /R T
PILEERBA RN
T() (il:) =1
Ti(z) == (2.21)
Ti(z) = 22T)—1(z) — Tk—2(z)

¥2.20 I L ERILE SRR S

K-1
y==0()_ 6:Ti(L)) (2.22)
k=0
HenL =255 — Iy, XEHNTRLMELRORI-1,1), EEEELEROETRIRE.

E£59m Spectral Convolution:

o HHEERERFENOK|E))
o REEK — hopll, H—EM=HBEIE

2.1.6. 3™ Spectral Convolution

3rd Spectral Convolution[2017] : Semi-supervisedclassification with graph convolutional networks



https://classes.cs.uoregon.edu/17S/cis607bddl/papers/ICLR2017.pdf

FEZN, BEERELZKEFARE, F=NGCINKEITKT, BEMITR:

1. RK=1, EISBRERREEERDBE, XEMFTCNNF3*385kernel,
2. REINR, BEMNREZINZR, RE>EE).

HFAR2.22, Amae ~ 2, K = 17]75:
gy T~ Oz + 60, (L—Iy)x

R | (2.23)
=0z —0,D 2 AD 2
AR2.23SMATIA—HML =D i (D— A)D 3 =Iy — D 1 AD" 3.
Bt —S N, Bige) = -0, NX2.28FUETR:
gy xz~0(Iy +D i AD i)z (2.24)
BT Iy + D : AD T BigEE AL, 2], HE—HLURN:
Iy +D 1AD™7 — D iAD? (2.25)
HbA=A+1Iy,Di =Y ; Aij.
X2.25M S BESR, HFANEBEHRMT:
RN SR |
Z=D*AD *X0 (2:26)

HehX € RV*C @ ¢ ROF | Z ¢ RVF, N, C, FARIRET AN, BERNERIZE.
E 4537 Spectral Convolution:

o HHERERENO(E|)
o REE] - hopll, BIREZE, FEEANBSY

2.2. Spatial Convolution

AIEANSBEETERECHER, BERERZRERATH, BMERN SRS TSR,
BLRESFMERERZEHERE? HRIEFLAR, Spatial Convolution(ZEHER)MEEIZEE LM
R, BAIESRRANZEERN, EMERINIFTEEREEA/NNIBERMER, BB TN

18454, graphf T REEBETRTHBE, XEARTBHERNEIERE.

2.2.1. DCNNs

DCNNSs[2016] : Diffusion-convolutional neural networks



http://www.orie.cornell.edu/orie/research/groups/multheavytail/upload/6212-diffusion-convolutional-neural-networks.pdf

v TWd(HxF)

Twe ¢ixp H{ Z4

{ y

H Z,
C\it WEHXF)
WEHXF)
N Py X N
N Py X Nt
| || |

(a) Node classification (b) Graph classification

[E2.2 DCNNsFFNode £ M Graphp LR EE
DCNNsEI AR B FAMES, — PR TRDE, —PGraphD X, BIARTRDEES.

MNFHRDHEES, BRARNA:

N,
Zuige = F(W5,+ Y Py Xur) (2.27)
=1
Heh Xy "B T Graph Gy, BITRIEE T Pr,RnG HiT RET B AEEIAIT REEEE,

Py = Pl PG MW, PINGMjERIEN: OESIERams: Wehsmiz,
B2 2TRIANKERAN:
Zy = f(W*° © B X) (2.28)

N FGraphpEES, WTG: LNEITT R, NHRRAESENSEFMHADKIE, FRMEW A
7], FAXWTF:

Zy = f(W°® 1& P*X; | N) (2.29)

BRI Z0E, REBEE2.2ZMMNEENH,
DCNNsE 4 :

o BRESHMO(H * F)
o EEHHE

2.2.2. CNN4G

CNN4G[2016] : Learningconvolutional neural networks for graphs



http://xueshu.baidu.com/s?wd=paperuri:(fb404a3656f8899f54b804ccb25600c7)&filter=sc_long_sign&tn=SE_xueshusource_2kduw22v&sc_vurl=http://arxiv.org/pdf/1605.05273&ie=utf-8&sc_us=17922396210966843156

ZREZH N GraphDERIESH, TERREELE LT REKRENGraph, HFRABTTHRZLIFETEN
P, ARRESTTRAEBET RARRIER EHER.

BESR:

1. HHWT TR, JwMHRAMKKRE N Graph, XEFERNZcentralitydy757%, EliHw M a&RF 0
MR, BERITEZnodeS5AANodelEEHM, BEMM/NERC, WE2.3%, ZRdeTR5HE
AT RIEEMA23, HRAETRRN25, MUAZBLIETRERLD, MiZRFLEE.

2. BT THREEKTSNE, (FAETRINEEE, WE2.4
2.1 FoikE—R<REl, —BREBIARaSRLIE —Ri<R
g, BERIZDPKTTR, RERETRALE.
22 EENTHRUMRAGE, FE0@E, WRST

BR—(K +1) (K + 1) » FRKE, EXEKE HSR, WE2.S,

ag St lag At

E2.3 fltirankHFZITE AR
@
OQ— A—Q B—2
N W ol o 7
@ @ g O~ & 5 O—D—0
=
neighborhood normalization (exactly k=4 nodes)

AT of ot

neighborhood assembly (at least k=4 nodes)

O O O O O O
5N

node sequence selection (w=6 nodes)

S o

E2.4 PEHNIEFETREE



Convolutional architecture
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e normalized nelghborhoods serve as receptive fields
e node and edge attributes correspond to channels

E2.5 AT RERTER

2.2.3. GATs

GATs[2018] :Graph Attention Networks

ZRBES TIERANG, FIMBSHETRZENEXY, HEZERATNERERFS), BalERR
F3), BIREEERGUEEstate-of-the-artl7575, FARSAFTHIEREG TIFEFRR,

concat/avg

Figure 1: Left: The attention mechanism a(Wﬁi, WHJ) employed by our model, parametrized by a

weight vector & € R2¥ ". Right: An illustration of multi-head attention (with K = 3 heads) by node
1 on its neighborhood. Different arrow styles and colors denote independent attention computations.

The aggregated features from each head are concatenated or averaged to obtain l_i'l.

E2.6 FEAHEIS multi-head T2 HHHI

EXMERRREENHMEattention, EIFZSITERET SfizT REEXR, BITEERRERE
attentionfI BIRE 2 —HEHY, B Attention is all you need B ERRIE &,

GATSHISIN 2 SIS EESh = {hy, ha, ..., hn 1, b € R | ERESRSTHRENT SISIES
ey B—y —/ =/
h' = {h1,hys- - Ry}, by € R”
EBAREITENT:
eij = a(Wh;, Wh;) (2.30)


https://arxiv.org/abs/1710.10903
https://arxiv.org/abs/1706.03762

HAgREENHEIRE, 1 EXT—1HEER:
exp(e;;)
> ken; ezp(eir)

a;j = softmax(e;;) = (2.31)

H N, R RBETRES.

BEBENNSRB AL —RREMERRT, S8R e RY, NxX2.3185%:
exp(a’ [Wh; || Wh;))

Sken; ezp(@’ [Wh; || Why))

Olij = (2.32)
Hrl|®RRconcatiz®., —BRENIENRE, NREEIATIREMNIFLES IR N RABNEMAS:
hi = o(Y a;jWh;) (2.33)

WMER2.6FR, HATRIORITTKEENRE, HBENMNERRERE®X, REREFINiEFEconcatslEavg
5
—|| 1 O'(Z a”th )

keN

ol 3 3ol

k 1 keN;

(2.34)

BATRILAR Z1°GAT layeriREifcsk, BERBEARRERE,
2.3. IE\ét

—MRRIRGCND AR AL, —MZEESER, BEBEHEHTERTIR; S—MEIREESR (LI =
BEER"), BEEZEGraph L#TER. BEERE-—EA—EIEXS, EEAMERSZEIEEAE
BFHRS); =EEEREMRE, i%li&&?ﬁ%ff%%ﬁﬁt, REERTHHE, RELHEIR,
BZE—Thtrick.

3.EFGraphitFIEE

RE—RFREFIZERIE, XXRETENRD, CRBRNEFEZEHEMEE, EHRRRERESERTIX
INRBAERN, EREANBIER RN, & RGraphZ2EEN, EREENEIERNEFIIN, £
EETFARSAFTON —4F, TR TR —ERAYE), EREBIERZENL, flaEMeta, BIMRENERER,

ROMREXHD, EEESBConvLSTMRIEEE, 1ERNNFIGCNELS

FEBRIR— TFConLSTMRU B, RIFFEBHMAMINAVES, BABRTERNE—MEGN=EBERLES
ZENMER, BENMESM 2 BREANEEXME, ttMerKEERNIRENT B EEXE, E2E
ZHLSTMEAR—HOEE, NRBBIME—MEGEFN—HE@E, BLABEEMIINZEER. IR

?*Z_JLXlJ:LSTM_JL/{LfEEBJ)\jj_é’EE’Jlt% BBizZ e, FANIMAIURNABREZEMNEEE, X

ConvLSTMARRRIB)E, fEERIHConvLSTMIGLSTMAAFRBRIERFIERIZE RN ETRME, FHRNB AKX

A4S & 18X Convolutional LSTM Network: A Machine Learning Approach for Precipitation

Nowcasting



http://cn.arxiv.org/pdf/1506.04214

3.1. DCRNNs

DCRNNSs[2018] : Diffusion Convolutional Recurrent NeuralNetwork: Data-Driven Traffic Forecasting
Graph_ERYE (8] 5 71 2 4% a) R AT AR 79 -
[(X®-T+D L xX@);6] - k() — (XL, X 4 T)) (3.1)

BlGraphEIE T, RIERI—ERFIIFNE—KREFT, f—Tseq2seqia)&.,

BT ConvLSTMRIEEE, HNMEBARIAEER, BGCNFIRNNESER, BIEHFNESLIEGraphiiid
RNN#ZELENR], DCRNNsHZHDCNNSHIGRUGERRMNEF, AT oI DIMER Ll TiiEs, FEX
DCNNsEHN T M@ 8, XNEy BER AT :

K-1

X.p*g fo = (k1 (D' WT)* + 65(DFIWT)F) (3.2)
=0

He D, D HRIFERHEERFINEIER, %3.2H MO EpHBIEBENERAR, MFEQMER
BB REERARIT:

P
H,g = a(z X.p *g fo,,.) (3.3)
p=1
Hrfg=1,2,...,Q, B2BA3.INMARIGRUA, FJAFEIDCGRUKIAT:

¥ = (6, xg [XO, H*™V] + ;)
u®) = (0, ¢ [XD, HED] +b,)

(3.4)
CY = tanh(O¢ +¢ [X®), (r® ® HE )] + be)
HO =u® oH + (1-u®) ot
PR EiZOE —Tseq2seq2 &), EULIATRIAERE Afencoder-decodertEsR, #E3.1
Diffusion Convolutional  Diffusion Convolutional  Diffusion Convolutional  Diffusion Convolutional
Recurrent Layer Recurrent Layer Recurrent Layer Recurrent Layer
o o . e
[ 3PN [ 2 -9 I 0
Input Graph *o? *o? “ o Predictions
Signals Vs -/ N N <D
& . .. ~<GO>~ e
;\\ ..0. . cee RelU ces cee RelU- ese o .. °
®* — ° ..
LI e o [ 2 -8 e

o “J* “J? 4 . "
.... .... JJ .... .... :

T 1

| I 4 :

i e F=== ol -

Encoder Copy States Decoder

[E]3.1 DCRNNs R &= E

3.2. GAT-LSTM


http://pdfs.semanticscholar.org/5618/bb2aff7ecdb0a2ae7c57838d156f731008ff.pdf

GAT-LSTM[2019] : Graph Attention LSTM(X Z &Rk HAR)

XRie X AN —=/IVINE#ER, A EEDCRNNs—#, RATHIGDCNNSHRALEMRBARIGATs, KRR
AT R RSB FON, M ERMEE MY IMRN, AUESSEM ZNIESREEN, NiZeZE
€89, DCRNNSEMIVEREEMN, f—TEBIIRE,
GAT-LSTMAR AN T :
i® = o(g(XD; Was, azi) + g(HE™; Whi, ans ) + by)
FO = o(g(XD; Weg, az) + g(HY™; Wiy, ang) + by)
o) = o(g(XV; Wao, az0) + g(H ™3 Who, ano) + bo) (3.5)
c® = & o ¢t 1 i@ © tanh(g(XD; Wae, age) + g(H®D; Whe, ane) + be)
HO = o) @ tanh(C?)

E3.22GAT-LSTMZ IR EE, E3.32HKFAMencoder-forecasteriEzl, EREAZRRRSEN, &
Fencoder-forecasteriEZR 2 ET U FEE:

o RID-MRISMBHBRIESRE—AREFEZMA, IIGHREERIEE, HETRIEERTUNE: MmameE-Fin
MEBRIFION W 48 R AR EEIMANR, X B R ERTHREIANIRE &S

o RID-REIBMBHRIBFNFEERTURTEMMAXNER, BERE-FTNMENRERS TR 2
NIREY, XREANREBEPESREROREELRRETERNNEXER, FAIMIESMERTNZREEIA

00N

GAT-LSTM Layer

O © Q
X;o Q‘ O O 0«0 X
t 1 ,b‘ -o ,‘O‘ » t

Input Layer

[&]3.2 GAT-LSTM4FF TR B E



Encoder Forecaster
GAT-LSTM« =¥ GAT-LSTM« [*®| GAT-LSTM« =¥ GAT-LSTM«
GAT-LSTM« =1 GAT-LSTM« p=® GAT-LSTM« =» GAT-LSTM.
GAT-LSTM« =1 GAT-LSTM« t-®| GAT-LSTM+« = GAT-LSTM«

GAT Layer« GAT Layer+
X, A X5, A X, X
[§]3.3 encoder-forecasteriEZe R = E

3.3- I%\é:l:
ETFGraphtIFFIZERRNAZ, BRIERAESERGCNEUERNN, FHIRE P AERFREIGraph#iy
I EESEZ LN EES N

XERMMBELERT, AXGRIERNGraphHBENEHIT T HR, RELSE—DIE: MRIRAYE)E
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