oMbeanHI rpadOoB
6e3 yunTeng

AHTOH LnuynnH
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[ToyeMy amMbenanHIrn?

Y Hac ecTb XOpoLUMe aNIropUTMbI A1 aHAIN3a BEKTOPHbIX AAHHBIX ...
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]
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HacTb 1. rpadpbl 6€3 aTprbyTOB



DeepWalk

“BepLUnHbI B CyY. 61y>XKOaHUSAX~C/I0BAM B NMpeasioXKeHnsax — 6axHem word2vec”

HaunHaem y O1y>XAaHUW O/IMHbI t U3 KaXK40M BEPLUMHDI
Cny4danHbie 61y>KaaHuns
2\
o—0—C09 word2vec

- 00

> » w : wT

Fﬂﬁ representation

MCMNOJ1Ib3YEM Mapbl B OKHE W

DeepWalk: Online Learning of Social Representations. Perozzi et al., KDD 2014 14



DeepWalk: acuMnTOoTMKA U NPAKTUKA

Ha npakTtuke, y = 80, t = 80, w = 10, nony4yaem 80 * 80 * n “TekcTa”

NB: HuKorga He MeHsleM w

Ecnn cHu>kaeTe w, yBenmumBantTe y ut

KaK npaBu/IbHO THOHUTb NapaMeTpPbl Mbl He 3HaeM :(

DeepWalk: Online Learning of Social Representations. Perozzi et al., KDD 2014



DeepWalk: acuMnTOoTMKA U NPAKTUKA

Koa Ha nMToHE AenaeT Bce 61yXXAaHus U Bbl3biBaeT word2vec

A Hanmcan Bepcuio Ha C++ KOTopas Tak He AenaeT
2noxa aenaetcs 3a 0(d = logn) :(

Ha npakTtuke: ~3M BepLUnH

DeepWalk: Online Learning of Social Representations. Perozzi et al., KDD 2014

16


https://github.com/phanein/deepwalk
https://github.com/xgfs/deepwalk-c

Nodezvec

‘HasanTte-ka nobasuMm ele aBa napameTpa (p,q) B DeepWalk”

HaunHaem y 6y>XAaHUN OSIMHbI t N3 KaXXA40M BEPLLUMHBI

word2vec

> w a w'T

two representations

Node2vec: scalable feature learning for networks. Grover & Leskovec, KDD 2016

17



Nodezvec

“NaBaiiTe-Ka f,06aBUM ellie ABa napameTpa (p,q) B DeepWalk’

CnyyanHble bay»KgaHUA BTOPOro nopaakKa
u v

O EaO=y = | word2vec

—> W ; W’T

o 0 0 O o two representations

Node2vec: scalable feature learning for networks. Grover & Leskovec, KDD 2016
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Node2vec: M N°1

Mudp: napameTpsl (p,q) oTBeyaroT 3a BFS n DFS
PeanbHocmb: napamMeTpbl (p, q) OTBEYAIOT 32 TPeryJ/ibHMKU = KJ1acTepbl
Huskum q — oay>kpatesnb XoAUT MeXAy KaacTepamMu

Bbicokun q = 6nyxgatesib XoauT BHYTPU K1laCcTepOoB

Node2vec: scalable feature learning for networks. Grover & Leskovec, KDD 2016



Node2vec: Mmnp N°2

Mud: node2vec 6bICTpO paboTaeT
PeasvbHocmb: cny4daiHble 61y»KaaHnsa BToporo rnopsaka - 0(n?)

XyaLwmm cnyydam ans rpadoB-3BE3a

(M nrobbIX rpadoB € BEPLUMHAMMU C BbICOKOI CTEMEHbIO)

Node2vec: scalable feature learning for networks. Grover & Leskovec, KDD 2016

20



Node2vec: acuMnToTMKa 1 NMpakTUKa

NB: cpaBHeHMs B cTaTbe 06MaHumMBbI (y = 10 ons BCex)
B ctatbe, y = 10,t = 80, w = 10, nepebop (p,q)
y = 10 pa€Tt naoxue pesysbTaTbl, UCMosib3ynte y = 80

[Ton6op (p,q) He AaéT NpupocTa Ha 6O/IbLUMHCTBE rpadoB

Node2vec: scalable feature learning for networks. Grover & Leskovec, KDD 2016



Node2vec: acuMnToTMKa 1 NMpakTUKa

Koa Ha nMToHE AenaeT Bce 61yXXAaHus U Bbl3biBaeT word2vec

A Hanucan Bepcuto Ha C++ KOoTopasd Tak He aesaeT
MNpenpoueccuHr ao 0(n?)
onoxa aenaetcsa 3a 0(d) :)

Ha npaktuke: ~500T BepLUMH ecsi NnoBe310 € rpadpoMm, ecsim HeT, ~50T

Node2vec: scalable feature learning for networks. Grover & Leskovec, KDD 2016 22


https://github.com/aditya-grover/node2vec
https://github.com/xgfs/node2vec-c

VERSE

“Cny4damHble 61y>KaaHUA — Mepa MOXOXKECTU BEPLUUH”

VERSE: Versatile graph embeddings from similarity measures. Tsitsulin et al., WWW 2018

word2vec

> w a wT

shared representation

23



VERSE

“Cny4dainHble 61y>KOaHNA — Mepa NOXOXKeCTU BepPLUUH”

Camnampyem 13 mepbl NOXOXKeCTn
sim(u,") sim(v,)

word2vec

w w!

@ LV OAMH 3MGeaANHT

VERSE: Versatile graph embeddings from similarity measures. Tsitsulin et al., WWW 2018

24



VERSE

“Random walks define a similarity distribution”

Camnanpyem 13 mepbl MNOXOXKECTU

Predictions with negative sampling

w w!

. shared representation
MaTtpuua nonapHon noxoxectn M

HE MaTepunaan3yeTcA

VERSE: Versatile graph embeddings from similarity measures. Tsitsulin et al., WWW 2018



VERSE: MHTEP

pe

auma DeepWalk

bay>xnaHnsa B DeepWalk ~= Personalized PageRank

[TapameTp PPR a = X—;i nna w B DeepWalk

MbI MOYXXeM MepUTb KavyecTBO 3MbeaINHIOB :)

1 napameTp BMecTO 3 MM 5

VERSE: Versatile graph embeddings from similarity measures. Tsitsulin et al., WWW 2018



VERSE: acuMnToTnKa 1 NpakTmnka

[TpocTOM 1 BLICTPLIN ANIFTOPUTM, XOPOLL Ha NMpeacKkasaHum péodep :)

onoxa aenaetcsa 3a 0(d) :)
Koa Ha C++ paboTaeT XopoLluo

Ha npaktuke: ~10M BepLumH

VERSE: Versatile graph embeddings from similarity measures. Tsitsulin et al., WWW 2018

27


https://github.com/xgfs/verse

oOMbeanHrn ans pebep

Operator Result

Average (a+b)/2

Concat [a,...,a4,by, ..., b,]
Hadamard [a, * by,...,a; * by]
Weighted L1 [|la, —by],...,|a; —by]]
Weighted L2 [(a, — b)), ..., (a; — by)’]

Table 2.3: Vector operators used for link-prediction task for each u,v €
V and corresponding embeddings a,b € R4,

NB: onepaTop BbIGMpaeM B 3aBUCUMOCTU OT aJ/IFOPUTMA



HacTb 1. rpadbl ¢ aTpnbyTamMum



[padpbl ¢ aTprbyTamu

Ha Ka)kaou BepLUnHE eCTb HEKOTOPbIN BEKTOP C PU4aMu

aMbeaANHI

k-cpegHunx

Lt
]

g
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[ pac

CKpbITOE npeacTaB/aeHNE BEPLLUUHBbI = cpeaHee NpeacTaB/ieHne coceaen

i

DOBbIE CBEP

KW
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Deep Graph Infomax

“Yunmca otamyaTb rpad OT HEro e ¢ nepemMellaHHbIMU npmu3HakamMmn”

i CymnTtaemM amMbeaanHrn rpadpoBbIMU CBEPTKaAMM

KnaccnpukaTop:
aMbeaaNHI N3
nepemMeLLlaHHOoro
rpada unm HeT

l

> —
m CTpouM BMHapHbIN

[lepemewunBaem
NPU3HaAKWN BEPLLUUNH

Deep Graph Infomax. Velickovic¢ et al., ICLR 2019. 32



DGl acuMnToTUKa U NPAaKTUKA

MoykHO aenatb Ansd 6oablnX rpados :)
«Pa3Ma3sbiBaeT» MHpOpMaLUUIO Mo rpady

HeTpuBmnanbHoe obyyeHmne — Hy»keH early stopping :(

Deep Graph Infomax. Velickovi¢ et al., ICLR 2019.



Deep Modularity Networks

“Yunmcsa knactepmsoBbiBaTh rpad”

B CyutaeM amMbeaanHIn —I =
’ rpadoBbIMU CBEPTKAMU I
Cyuntaem, 4To
> > j aMbeaaNHIN — 3TO
«MSATKME» KJacTepbl,
onTUMM3INpyeMm no rpady

Graph Clustering with Graph Neural Networks. Tsitsulin et al., arXiv 2020. 34



DMoN: acMMnToTrKa 1 NpaKkTnKa

MoykHO aenaTtb anda cpegHux rpados (1M) :/
[ pynnupyeT BepLUnHbI rpada no rpady

[TpocTOE 0by4yeHue

Graph Clustering with Graph Neural Networks. Tsitsulin et al., arXiv 2020. 35



OcTannchb BOMNpPOCHI?
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