e
»1=° EuroHPC
b b

www.eurocc-project.eu

Cizge Uzerinde
(Derin) Ogrenme

Kamer qua
Sabanci Universitesi

. Sabanc1 .
Universitesi




Cizge Verisi

e Cizgeler veriicerisindeki elemanlarin birbirleri ile
olan iliskilerini modellemek icin kullanilan
yapilardir.

e Farkli nokta (vertex) ve kenar (edge) turleri farkli
tur iliskileri modellemek icin kullanilabilir.




Cizge Verisi

“m Nokta Ozellikleri m Kenar Ozellikleri

Havayolu Hava alanlari Terminaller, $ehir, nifus, Ucaklar, Ugus frekansi, yolcu sayisi, mesafe,
aglari ulusal/uluslararasi rotalar benzin kullanimi, kapasite
Banka Musgteriler, Kisi, ID, Urunler, hesap bakiyesi, i§|em|er Tip, miktar, glivenli/glvensiz, yer,
aglari hesap sahipleri kredi miktari, demografik veri zaman, arag
Sosyal Kullanicilar isim, demografik veri, beg@eniler, Etkilegimler,  Ortam, zaman, sure, konu, frekans
aglar gonderiler, tyelikler mesajlar
Medikal Doktorlar Demografik veri, uzmanlik, ig yeri  Hastalar Demografik, teshis, tedavi, goris
aglar bilgisi, glinlik-haftalik ortalama sikligi, sigorta

hasta sayisi
Tedarik Depolar Yer, boyut, kapasite, indirme Kamyonlar, Yuk miktari, getiri, mesafe, siricd,
zinciri agi yukleme hizi, otomatik/el ile rotalar bakim masraflari

idame



Cizge Verisi

Pazarlama Analitigi - Cizgeler, bir sosyal agdaki en etkili kisileri bulmak igin
kullanilabilir. Reklam verenler ve Pazarlamacilar, mesajlarini bir Sosyal Agdaki en
etkili kisiler aracihgiyla yonlendirerek, pazarlama gelirinin en blyik patlamasini
tahmin edebilirler.

Bankacilik i§lemleri - Cizgeler, dolandiricilik iglemlerinin azaltilmasina yardimci
olan olagandisi kaliplari bulmak i¢in kullanilabilir. Birbirine bagl bankacilik aglari
Uzerinden para akiSini analiz ederek yasadisi faaliyetin tespit edildigi 6rnekler
olmustur.



Cizge Verisi

llag Endiistrisi - ilag sirketleri, saticinin rotalarini gizge teorisini kullanarak
optimize edebilir. Bu, maliyetleri diglrmeye ve satici i¢in seyahat siresini
azaltmaya yardimci olur

Telekom - Telekom sirketleri, maksimum kapsama saglamak icin Hiicre
kulelerinin optimal miktarini ve yerlerini bulmak icin genellikle ¢izge (Voronoi
diyagramlari) kullanir.

Tedarik Zinciri - Cizgeler, teslimat kamyonlariniz icin en uygun rotalari
belirlemenize ve depolar ve teslimat merkezleri icin konumlari belirlemenize
yardimci olur
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Cizge Verisi

Cizge Veritabanlari: Sezgisel arama sonuglari,
cevrimici magaza tavsiyeleri ve kigisellestirilmis
aligveris deneyimleri araciligiyla toplanan veri bilgi
cizgeleri olarak organize edilmektedir.

Bu cizgeler ve altta kullanilan cizge veritabanlari
klasik veritabanlarindan farkhdir.

Bankacilik, otomobil endstrisi, petrol, saglik,
perakende, yayincilik, medya ve daha bircok alanda
yer alan kuruluslar, ellerindeki verilere deger
katmak icin bilgi cizgelerini ve gizge veritabanlarini
kullanmaktadirlar.




Cizge Verisi
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Knowledge Graphs

Aidan Hogan, Eva Blomqvist, Michael Cochez, Claudia d'Amato, Gerard de Melo, Claudio Gutierrez, José Emilio Labra Gayo, Sabrina Kirrane, Sebastian Neumaier, Axel Polleres, Roberto
Navigli, Axel-Cyrille Ngonga Ngomo, Sabbir M. Rashid, Anisa Rula, Lukas Schmelzeisen, Juan Sequeda, Steffen Staab, Antoine Zimmermann



Cizge Veri Yapilari

Matris veri yapisi
1M nokta i¢in 10% de@er tutmak gerekiyor.
(1TB deger — 4TB hafiza)
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Cizge Veri Yapilari

2(21212|2| ... |9]9]|10

10

5|6|7(819| ... |2|10| 4

5

Koordinat veri yapisi (COO)

Memory:
2m



Cizge Veri Yapilari

Memory:
2m

ptrs | 1| 2 [10112|15]18|21)|24(27]|29|35~————~——~" \

% ; Memory:
n+m-+1
adjs |2 ... |2]10{4|5]|6(7|8|9

Sikigtirilmig gizge veri yapisi (CCS ya da
CRS)




Cizge Veri Yapilari

ptrs | 1|2 |10)12|15]|18|21)24 (272935 ~~~——~~~~"~, \
|
% \ ' Memory:
=y e 1| ) [ n+m+1
adjs |2 ... |2]10|4|5|6(7|8|9
vmap|1|2|2|3|4(5]|6|7|8)|9([10/10
vptrs | 1|2 |6 |10(12|15|18|21|24]|27|29(33 |35} ~——~ s: Memory:
4 Y 2nn+m+1

2

Sanal noktalar ile CRS
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Cizge Analizi: Algoritmalar

1. Cizge gezme: BFS, DFS, ...
2.  En kisa yol, en yakin komsu, maksimum en
genis yol: Dijkstra, Edmonds-Karp,

Ford-Fulkerson, Dinic, ...

3. Kapsayan agaclar: Prim, ... c D
4. Kiimeleme, parcalama: k-means, Louvain,

modularite, ...




Cizge Analizi: Etki Eniyilemesi

Etki Eniyilemesi (Influence Maximization)

ki, toplamda etkileyebilecegimiz nokta
sayisi en fazla olsun.

* Monte Carlo simulasyonlari, literattrdeki
en iyi etki eniyileme algoritmalarndir.

* Fakat bu yontemler oldukga pahalidir.

* Blyuk olcekli cizgeler icin bu K noktanin bulunmasi saatler hatta glinler
surebilmektedir.



Cizge Analizi: Etki Eniyilemesi
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Cizge Analizi: Etki Eniyilemesi

Algorithm 1 NEWGREEDY(G, K, R)
Input: G = (V, E): the influence graph

K: number of seed vertices

R: number of MC simulations per seed vertex
Output: S: a seed set that maximizes influence on G

mg: marginal influence scores Algorithm 2 SAMPLE(G)

1: S«0

2. fork=1... K do

3: forv e V do

4 mg, < 0

5 forr=1...R do

6: G' = (V,E') + SAMPLE(G)
7: Compute Rg(S)
8.
9

Input: G = (V, E): the original graph
Output: G’ = (V, E'): a subgraph of G
: B« 0
: for each {u,v} in E do
Randomly choose r € [0, 1] from a uniform dist.
if r < w, , then
E' « E'U{u,v}
: Construct G’ = (V, E')

Compute |Rg({v})| forallv e V
. for v e V\ Sdo
10: if v ¢ R/ (S) then

by £ AT I -

return G’
11: o' (S,v)  |Rg(v)|
12: mg, < mg, + oq(S,v)

13:  mg, « Zforallve V\S
14 S+ SU{argmax, ., {mg,}}

15: return S, mg




Cizge Analizi: Etki Eniyilemesi
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Cizge Analizi: Etki Eniyilemesi

IEEE TRANSACTIONS ON PARALLEL AND DISTRIBUTED SYSTEMS, VOL 32, NO. §, MAY 2021
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Boosting Parallel Influence-Maximization
Kernels for Undirected Networks With Fusing

No. of No. of

Dataset Vertices Edges
Amazon 262,113 1,234,878

T DBLP 317,081 1,049,867
‘é Net HEP 15,235 58,892
5§ NetPhy 37,151 231,508
5 Orkut 3,072,441 | 117,185,083
Youtube 1,134,891 2,987,625
Epinions 75,880 508,838

m LiveJdournal 4,847,571 68,993,773
£ Ppokec 1,632,803 | 30,622,564
£  slashdot0sil 77,360 905,468
QA slashdot0902 82,168 948,464
Twitter 81,306 2,420,766

and Vectorization
Gokhan Goktirk ™ and Kamer Kaya™
p=0.01 p=0.1
IMM IMM INFUSER IMM IMM INFUSER
Dataset (€=013)|(e=05] MG |l(e=013)|(e=035]| MG
Amazon 62.67 495 2.09 24.80 2.72 9.99
DBLP 55.92 4.02 7.02 168.68 15.34 11.83
Epinions 72.39 7.55 1.91 86.10 7.82 1.96
LiveJournal 9078.34 860.38 265.84 -| 1527.58 153.46
NetHEP 2.80 0.29 0.08 6.31 0.65 0.18
NetPhy 3.55 0.39 0.36 2257 2.06 0.73
Slashdot 0811 135.54 12.33 2.69 146.09 14.48 2.04
Slashdot0802 107.83 10.63 3.11 129.15 13.29 1.81
Orkut 24300.59 | 2279.10 654.52 -1 1987.11 195.60
Pokec 2646.98 247.36 227.24 - 611.36 74.38
Twitter 298.97 26.70 3.07 261.94 23.70 2.52
Youtube 201.65 19.42 26.18 740.35 78.51 26.31




Cizge Analizi: Etki Eniyilemesi
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Cizge Analizi: Etki Eniyilemesi

Fast and Error-Adaptive Influence Maximization
based on Count-Distinct Sketches

Gokhan Goktirk and Kamer Kaya

https://github.com/ggokturk/infuser

M([j] = max(M[j], clz(hj(z)), 1< j< T
My [j] = max(My[j], Mu[j]), 1 <5 < T.

(s [s 18] [5Is] [af3]
@
e




Cizge Analizi: Etki Eniyilemesi

Fast and Error-Adaptive Influence Maximization
based on Count-Distinct Sketches

Gokhan Goktirk and Kamer Kaya

https://github.com/ggokturk/infuser

Time Score Memory

Method HYPER TiM+ IMM SKIM HYPER TiM+ IMM SKIM | HYPER TiM+ IMM SKIM
Dataset FUSER FUSER FUSER

Amazon 0.69 133.22 1.98 23.62 117970 1.006x 0990x 0.815x 0.17 5.49 0.23 2.59
DBLP 0.54 1368.83 14.54 6.30 485499 1.001x  0.995x 1.001 % 0.27 35.19 1.06 0.65
Epinions 0.26 439.33 5.46 9.42 184099 1.000x 0998x  0.997x 0.06 12.17 0.39 1.18
LiveJournal 10.10 - 1071.30 65.73 | 2134726.0 - 1.000x 1.000x 3.97 - 65.49 1.40
Net HEP 0.10 14.18 0.33 0.61 2461.7 1.002x 0975x  0.899x 0.01 1.02 0.04 0.10
NetPhy 0.16 107.52 1.53 0.34 83395 1.007x 0994x 0975x 0.03 3.84 0.13 0.03
Orkut 16.55 - 1964.83 44692 | 2692366.5 - 1.000x  1.000x 5.19 - 71.94 9.68
Pokec 490 - 514.79 31.80 | 1034859.8 - 1.000x 1.000x 1.57 - 26.46 0.98
Slashdot0B11 0.21 677.49 7.34 244 25871.8 1.000x 1.000x 0.999x 0.06 19.10 0.59 0.25
Slashdot0902 0.23 695.12 7.99 235 275195 1.000x 1.000x 0.999x 0.06 18.45 0.66 0.24
Twitter 0.33 1897.50 16.09 1.62 553273 1.000x 0998x 0.998x 0.09 34.56 1.04 0.05
Youtube 1.12 7158.56 60.59 30.57 1713929 1.000x 0.999x 1.001 x 0.73 139.12 419 2.88
Norm. arit. mean 2624.61x 4717x  15.37x 1.002x  099%x 0.974x 199.54 x 8.79x 5.32x
Norm. geo. mean all 144941 x 2787x  11.06x all 1.002x  099%x 0972x all 163.77 x 7.15x 2.63x
Norm. max perf 1.00x 6391.57x 118.72x  36.23x 1.000x 1.007x  1.000x 1.001 x 1.00x 384.00x 16.85x 19.67 x
Norm. min perf 141.80x 2.87x 2.13x 1.000x 0975x  0.815x 32.29x 1.35x 0.35x



Makina Ogrenmesi

Bir bilgisayara programlama yapmadan programlamasi
zor olan bir igi 6Qretmek.

e Elyazisitanima

o vyazili harfleri dijital harflere dénustirmek
® Cevirisi

o s0zli ve/veya yazili dilleri cevirmek (6r. Google Translate)
e Konu$ma tanima

o ses pargaciklarini metne dénustirme (or. Siri, Cortana, ve Alexa)
® Goruntu Siniflandirma

o resimleri uygun kategorilerle etiketleme (6r. Google Fotograflar)
e Otonom Surus

o arabalarin kaza yapmadan bir noktadan bir noktaya varmasi



Cizge Uzerinde Makina Ogrenmesi




Cizge Uzerinde Makina Ogrenmesi

Cizgeler duzensiz ve seyrektir.

Ornedin bir sosyal agda insanlar arasindaki ortalama baglanti sayisi, agdaki
toplam insan sayisindan cok daha kucuktur. Ayrica insanlar arasindaki
baglantilari genellestirebilecek kesin bir kalip yoktur.

Cizge yerlestirme basitce bir M matrisi olusturma islemidir. Burada satir sayisi
|V| ve sutun sayisi d'dir (yerlestirme boyutu). M[v] vektoru (satin), v
noktasinin yerlesimini temsil eder.

d
Al1.216 0.134 -0.982 ... 0.401
B [-0.052 -1.004 -0.219 ... 1.881
——>» M=cC|0.0457 0.151 -0.986 ... 0.526 \4
D|0619 —0.147 -0.775 ... 0.598

E |-0.869 —-0.790 -0.928 ... 0.237




Cizge Uzerinde Makina Ogrenmesi

original network embedding space



Cizge Analizi - Cizge Yerlestirme

Network

(a) Matrix factorization based

e

o»o»o»oﬁ>mm;:{> 0° o oo

A — %

Embedding Space

(c) Neural network based

1
. : 3
: o> @ : Low-dimensional
! 1 Rrepresentation
1 ]

-

(a) Link Prediction

:(b) Node Classification

Binary
Classifier
_No

Multi-label
Classifier

Graph Embedding Methods Downstream Prediction Tasks

Xiang Yue, Zhen Wang, Jingong Huang, Srinivasan Parthasarathy, Soheil Moosavinasab, Yungui Huang,
Simon M Lin, Wen Zhang, Ping Zhang, Huan Sun, Graph embedding on biomedical networks: methods,
applications and evaluations, Bioinformatics, Volume 36, Issue 4, 15 February 2020, Pages 1241-1251,



Cizge Analizi - Cizge Yerlestirme

Cizge yerlestirme Uzerine ilk calismalar 2000'lerin basSinda yapildi, ancak
genelde bu ¢alismalar 6l¢ceklenmeyen bir yontem olan matris ayrigtirma
yontemini kullandi.

Son yillarda birgok arastirma alaninda oldugu gibi (derin) sinir aglari
temelli yaklagimlar populer hale gelmistir. Bu yaklagimlar etkili fakat
hesaplama acisindan pahalidir.

Literatiirde sinir aglari kullanmayan ama yine onlar kadar etkili
DeepWalk, Line, Node2Vec, ve Verse gibi yontemler de vardir.



Cizge Analizi - Cizge Yerlestirme

e DeepWalk (Online Learning of Social Representations) temel olarak rastgele
yuruyus ve glincelleme proseduri olmak Gzere iki bolimden olusur. Rastgele
yuruyuslerle benzerlikleri ve topluluk tyeliklerini tahmin eder.

e Rastgele ylrliyus Ureteci ilk 6nce bir nokta 6rnegi alir. Ardindan, (bir adimi temsil
eden) komsu noktalardan biri secilir. Bu islem t kez tekrarlanir.

e Ziyaret edilen noktalarin tim esdizimleri, pozitif 6rneklerle sonuglanan hesaplanir.
Daha sonra glincellemeler SkipGram algoritmasi kullanilarak gerceklestirilir.

e DeepWalk, rastgele yuriuyuisleri kullanmayan yontemlerden daha iyi performans
gosterir.



Cizge Analizi - Cizge Yerlestirme

Algorithm 1 DEEPWALK(G, w, d, v, t)

Input: graph G(V, E)
window size w
embedding size d

walks per vertex 7y Algorithm 2 SkipGram(®, W,,, w)

walk length ¢
Output: matrix of vertex representations ® € R!V/*¢ 1: for each v; € W, do. .
1: Initialization: Sample ® from U/!V!*? 2: for each ux € W,,[j —w:j+w] do
2: Build a binary Tree T" from V 3 J(®) = —log Pr(ux | ®(v;))
3: for i =0 to v do 4: P=0—ax3l
O = Shuffle(V) 5: end for
for each v; € O do 6: end for

4
5
6: W, = RandomW alk(G, vi,t)
e SkipGram(®, W,,,, w)

8: end for
9: end for




Cizge Analizi - Cizge Yerlestirme

(a) Random walk generation.

(b) Representation mapping.

P(vy)

(c) Hierarchical Softmax.




Cizge Analizi - Cizge Yerlestirme

inline void update( // update the embedding, putting w_t gradient in w_t_cache
float *w_s, float xw_t, float *w_t_cache, float lr, const int label) {
float score = 0; // score = dot(w_s, w_t)

AVX_LOOP
for (int ¢ = @; c < n_hidden; c++) T -
= ~ —

score += w_s[c]l * w_t[c]; R o P X Q - R
score = (label - fast_sigmoid(score)) * 1lr; T ;
AVX_LOOP Fij = Pi 45 = D=1 Piklk;
for (int ¢ = 0; ¢ < n_hidden; c++)

w_t_cachelc] += score x w_sl[cl]; // w_t gradient

2 _ [ A \2 _ (.. K _ 32

= € = (rij — 7ij)° = (rij — Dok=y Pikxj)
for (int ¢ = @; ¢ < n_hidden; c++)

w_s[c] += score x w_t[c]l; // w_s gradient .

3 .9 " A —

d .2

g Cid —2(7':'1' - fij)(Pik) = _2€ijpik




Cizge Analizi - Cizge Yerlestirme

® Node2Vec benzer bir ¢cizge yerlestirme algoritmasidir.
Node2vec ve DeepWalk arasindaki fark ince ama 6nemlidir. node2vec, p ve q ile
parametrelenen bir sapma degiskeni a'ya sahiptir. p parametresi bir genislik ilk
arama (BFS) prosedirtine oncelik verirken, g parametresi bir derinlik ilk arama
(DFS) prosediiriine dncelik verir.

e Bundan sonra nereye yiriiyecedine dair karar 1/p veya 1/q olasiliklarindan etkilenir.




Cizge Analizi - Cizge Yerlestirme

e BFS yerel komsulari 6grenmek icin idealdir, DFS ise global degiskenleri 6grenmek
icin daha iyidir. node2vec, goreve bagh olarak iki dncelik arasinda gegis yapabilir.

e Bu, tek bir ¢izge verildiginde, node2vec parametrelerin degerlerine bagl olarak
farkli sonuglar déndirebilecegi anlamina gelir.

e DeepWalk'a gore node2vec, yluruyuslerin gizli yerlesmesini de alir ve bunlari
siniflandirma igin bir sinir agina girdi olarak kullanir.




Cizge Analizi - Cizge Yerlestirme

e LINE (Large-scale Information Network Embedding) noktalar arasindaki
benzerligi 6lgmek icin iki yeni kavram sunar; birinci ve ikinci dereceden yakinlik.
o Birinci dereceden yakinlik: bir kenari paylaSiyorlarsa iki nokta benzer
olarak kabul edilir
o ikinci dereceden yakinlk: bircok komsu/bitisik nokta paylasiyorlarsa
iki nokta benzer kabul edilir.



Cizge Analizi - Cizge Yerlestirme

LINE'in yeni bir glincelleme sireci vardir. DeepWalk gibi bir baglangi¢c noktasi
rastgele secilir ve agirliklarina gére komsu bir kenar segilir.

LINE icin orijinal yerlestirme ve baglam yerlestirme olmak Uzere iki farkli
yerlestirme vardir. Kaynak noktalardaki giincellemeler orijinal matrise uygulanir
ve baglam noktalarindaki glincellemeler baglam matrisine uygulanir.

Son olarak, iki yerlestirme matrisi birlegtirilir. Orijinal ve baglam yerlestirmeleri,
sirasiyla birinci ve ikinci dereceden yakinhgi temsil eder.



GOSH: Embedding Big Graphs on Small Hardware

Tel bir GPU uzerinde hizl bir sekilde gizge

yerlestirme islemini gergeklestiren bir arag.
o Baglanti tahmini ve nokta siniflandirma @\ / Mg
dogrulugu literatir ile aynu. G @ s “a® (]I

o Paralel bir ¢izge indirgeme ile sirecin Z (&
hizlandiriimasi.

Cizge GOSH Hizlanma
Hyperlink (40m nokta, 0.2 saat (97% AUC) bir TITAN X 26.7x
600m kenar) SotA: 5.4 saat (4 Tesla P100)

Wiki-topcats (1.7m nokta, | 11 saniye (98% AUC) bir TITAN X 27.4x

28m kenar) SotA: 310 saniye (bir TITAN X)



GOSH: Genel Akis

Algoritma, girdi ¢izgeyi bazi sonlanma kriterleri karsilanana kadar daha kiguk
cizgelere donusturerek baslar.

Bu islem bittiginde en kii¢lik ¢izge yerlestirilir ve bir Gstteki ¢izgenin her noktasinin
yerlestirilmesi bir stiper noktanin yerlestirmesine gore ayarlanarak elde edilecektir.

Girdi ¢cizge yerlestirilene kadar bu islem devam eder.



GOSH: Genel Akis

Execute DAG

' G i H
M i1 | {Embedding ) Embedding) -+ (Embedding) _
Coarsen Expand & embed 3 | ' g
: . - & e Legend
: ' i ‘). xS
M : M 5 33 GPU
0 : (initial) ; : e CPU
- A 0 S o
Go : GPU memory T GPU memory : Senerale poniive ainpies & |
: sufficient insufficient ' : : %] """ Only with
f ) Dispatch sequential kernels randorn wabis. |
M4 : Execution DAG '
G ‘ Sequential-kernel ! Send complete
L : i : embedding mat
: execution : Embeddng) - {Embedding g mat.
s s e Send embecding
Embedding 2 sub-matrix
' L if 4 ' 4 Q
Mp- : : \ \ Send positive
Gp-1 ; D-1 T N X’ N -§ samples
i ] 3
; ; : S
: Mi ' Generate positive samples L
: (embedded) : i



GOSH: Yerlestirme sureci

Yerlestirme islemi NCE'ye (Noise Contrastive Estimation) dayanir ve SGD
(Stochastic Gradient Descent) eniyilemesi kullanir.

for j =0 toepochs do
for Vsrc € V do
u «— GETPOSITIVESAMPLE(s7C, G)

UpPDATEEMBEDDING(M [src|, M|u], 1, Ir)

for k =1 tons do
L u < GETNEGATIVESAMPLE(s7¢,G)

UprDATEEMBEDDING(M|[src|, M[u], 0, Ir)

40



Cizge Indirgeme

# of graphs

2
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En iyi indirgeme nedir?
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+— random
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novel
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‘fast '

Understanding Coarsening for Embedding
Large-Scale Graphs

Taha Atahan Akyildiz, Amro Alabsi Aljundi and Kamer Kaya
Faculty of Engineering and Natural Sciences, Sabanci University, Istanbul, Turkey
E-mail: {aakyildiz, amrca, kaya}l@sabanciuniv.edu
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0. Initial, uncoarsened graph

1. Mark » and match its
neighbors ¢ and a. Cannot

match f due to matching rule.

/ _

b e
‘. \// — L ¢
( \ NS
\ / '\,\
() (£)

/\‘ o A\u
&

5. Try to mark a, ¢, and d, but
they are all marked already.

4. Mark f. Since all its neighbor
are marked, none of them are
matched.

3. Mark e and match its neighbor
d. Cannot match fdue to
matching rule.

6. Generate the coarsened
graph and reconstruct edges



Cizge Analizi - Cizge Yerlestirme

GOSH: Embedding Big Graphs on Small Hardware

Taha Atahan Akyildiz* Amro Alabsi Aljundi* Kamer Kaya
aakyildiz@sabanciuniv.edu amroa@sabanciuniv.edu Sabanci University
Algorithm || G | Time(s) Speedup AUCROC || G | Time(s) Speedup AUCROC
VERSE 128.02 1.0x 97.76 700.26 1.0x 97.99
MILE Q. 122.55 1.04x 9770 | 184718 0.38x 94.55
GRAPHVITE-fast 2 596 21.47x 95.72 2 2248 31.15% 9712
GRAPHVITE-slow 2 8.80 14.56 x 97.48 o 34.96 20.19x 97.08
PYTORCH-BIGGRAPH || £ 2129 601 x 9773 || o |[__7442 __ 94Ix 9707
GOsH-fast 0 053  241.44x 9702 || ™ 189  370.88x 97.67
GOsH-normal 1.41 90.95x 97.79 6.11  114.65x 98.00
GOsH-slow 2.83 45.20% 97.95 12.64 55.39 % 98.00
GosH-NoCoarse 19.17 6.68 x 97.13 90.46 7.74% 96.51
VERSE 7472.89 1.0x 98.91 25020.28 1.0x 98.28
MILE 3046.88 2.45x 85.89 || & [ 9347.67° 2.68x 90.22
GRAPHVITE-fast ) 146.21 51.11x 9833 | 456.00 45.87 97.75
GRAPHVITE-slow £ 236.00 31.66x 98.36 || © 746.25 33.53x 97.30
PYTORCH-BIGGRAPH [| § 497.06 15.03 x 9840 || € 1102.90 22.69x 98.42
GOsH-fast 1138 656.55x 9828 || o 3052 819.68% 98.86
GOSsH-normal 3944  189.48x 98.74 211.64  211.64x 98.66
GOsH-slow 85.26 87.65x 98.72 261.57 95.66 % 98.37
GosH-NoCoarse 655.00 11.41x 96.57 2228.92 11.23x 96.88

(https://github.com/SabanciParallelComputing/GOSH)



Cizge Analizi - Cizge Yerlestirme

GOSH: Embedding Big Graphs on Small Hardware

Taha Atahan Akyildiz* Amro Alabsi Aljundi* Kamer Kaya
aakyildiz@sabanciuniv.edu amroa@sabanciuniv.edu Sabanci University
Sabanci University Sabanci University kaya@sabanciuniv.edu
Micio' Pracisions — TrllePn.\'f'u:r('.\'l - Trucl’m‘l('ll:\'e.\'Z — Algorithm G Time (s) MlC;(; MaC;(; G Time (s) Mlc;(; Macr;:
TruePositivesl + FalsePositives| + TruePositives2 + FalsePositives2
» o VERSE 166.21 46.97 43.27 146.34 94.94 94.63
Micro — Recall = _ Trueanm-resl + TrueF osfu-resz : GRAPHVITE-fast o 713 53.95 33.83 8 g g ]
TruePositives| + FalseNegativesl + TruePositives2 + FalseNegatives2 GRAPHVITE-slow 5‘ 10.56 57.05 4290 g 9.43 90.16 89.03
PYTORCH-BIGGRAPH 1 32.79 39.38 35.19 E 29.63 89.02 88.51
Mic F—Score =2 Micro — Precision .Micro — Recall GOsHW-fast g 0.86 52.82 4938 IE 0.77 9722 96.43
scra S S e Miero —PracisiontMicis —Racall GOsHW-normal 0 1.76 60.36 58.76 || © 1.64 98.21 97.80
GOSHW-slow 341 62.27 61.22 2.69 98.31 97.82
GOsHW-NoCoarse 15.62 58.59 54.10 13.86 97.44 97.34
VERSE 882.29 24.70 16.23 4135.20 40.15 37.27
GRAPHVITE-fast g 26.24 34.51 24.90 % 110.29 48.77 46.62
GRAPHVITE-slow B 41.04 35.27 25.77 = 177.58 48.54 46.05
Pecisionl + Precision? PYTORCH-BIGGRAPH || 134117 3429 2354 || o | 59772 4720 4468
Macro — Precision = GOsHW-fast 2 2.62 32.33 23.13 hal 8.74 46.43 44.63
2 GOsHW-normal 6.86 34.70 25.30 30.12 49.57 47.88
Recalll + Recall2 GOsSHW-slow 13.63 35.30 25.79 65.64 50.24 48.54
Macro=RBecall =—————— GosHW-NoCoarse 7354 3507 2533 34254 5077 49.10
VERSE 4893.53 81.99 81.24 i 24917.93 68.03 65.24
M5 — PRocisiow . Mie 5 — REGHT] GRAPHVITE-fast i 180.71 87.25 84.64 2 564.42 83.98 83.26
Macro — F — Score = 2. : GRAPHVITE-slow ! 290.49 87.68 85.59 - 926.09 84.38 83.74
Macro — Precision + Macro — Recall PYTORCH-BIGGRAPH E 935.18  87.94 8654 || 7 3111.03 8279 81.96
GosHW-fast 0 1768 8468 8334 || § | 3949 7723 7591
GOsHW-normal 60.08 85.60 84.26 © 155.55 81.63 80.75
. . . GOsSHW-slow 127.53 86.36 85.04 342.62 82.78 82.02
(https://github.com/SabanciParallelComputing/GOSH) GoSHW-NoCoarse 54143 8603  84.63 183623 8320 8239




PyTorch . PyTorch

geometric

Ornek bir koda bakalim
(1. defter)



Makina Ogrenmesi: Yapay Sinir Aglari

Bir bilgisayara programlama yapmadan programlamasi
zor olan bir igi 6gretmek.

Girdi Gizli
Katmani Katman
Cikti

Katmani

Noron

Sinaps



Makina Ogrenmesi: Egitim

1. Bir girdi kiimesi ile ileri besleme.

2. Hata hesabi:

4. Baska bir girdi

Bir h(z) fonksiyonu
kGmesi.

icin

Mean Squared Loss

J0) = 5= 3y — hi)?

Layer L, Layer L, n

AaN dal 7 da?

3. Geri besleme: Kismi tlrevler AJO) _ (5'](9) 5‘](9))



Makina Ogrenmesi: Egitim

Input h2 Output

Wiij1 Witk Wian

Jj1k3

o

Wi1j3 11:]2 J}kz Wkll3 ;‘kllz

Wizja Wizka ‘ Wion

Wiz Q S Wk ) ~ Wiar

Wizjz™ ; Wizka Wiz

Wizjn P Wjzk1 P Wian

Wiz 1 /' Wiska Witz

Wiz jz Q Wji"‘3 ___ 3 Wiats

Relu Sigmoid Softmax




Makina Ogrenmesi: Egitim

Input

h1i

Wit

Wiz~

O Woas () Wi Wap Wap
iy & i Wop Waop |+ |y b

w(m Wiy, Wiz

Sigmoid

Matrix Operation:

Output

ip i3] X| Wy )

Wiain Wap Wap

Layer-1Matrix Operation

Relu operation:

relu = max(0, x)

by | = [hly,

Ml Bl |

[Alowr  Mlowz  hloua | = [max(0,hl,;) max(0,hl,;)  max(0, hlya))

Layer-1Relu Operation



Makina Ogrenmesi: Egitim

Matrix operation:
Input h1 h2 Output
1 ' fj1k1 : Wienn ( ) ‘VI]kl w1|u WI|U
/ A N . A N / Ihloull hlm hl‘,-; l X WR“ WM ij + [bu bu bu I = [h2,,,| ’I2M| h2m ]
;14/;2,»2 N G_I;n ‘ Layer-2 Matrix Operation
7N 7NN 7AN\ Sigmoid operation:
Oz;/ Wiy \;Q 1 B ;\)Q/ Wit \;O R

Relu

Sigmoid

Sigmoid = 1/(1 +¢™*)

[hzou!l h2pun hzo.asl = [1/(1 +e M2y 1)1 +e72)  1/(1 +e""2-'~3)l

Sigmoid Operation



Makina Ogrenmesi: Egitim

Input h1
@ Wiz N W
\ £ of W,
Wiags Wirr Wisia, Witie
\ N\ \
/ : \/
Wap /" \ Wiaka 4
/ /
S Wizja “Wiake
Wizjs\ Wik
\;\/', / \¢ /
Wizja N Wiska /N
Wz | Wik

Q/ Wisjs

Sigmoid

Output

Matrix operation:

Wun War Wap
[M201 M20uz W20us ]| X| Wan Wian Wian |+ [bn b bs] =[Om Om
Wian Wian Wan

Layer-3 Matrix Operation

Softmax operation:
3 i
Softmax = e~ ()’ e0~1
a=1
(Ot O Ovus] = [ 1(Zauy =) €2l(Fpny €%) €2y %)

Softmax formula



Makina Ogrenmesi: Egitim

"
Input h1 h2 Output
7@ Wiy ) m L Q, |
M i v
von N e crossentropy = ~(Un)(Y, (i X 10g(Opui)) + (1 = ;) X 1og((1 = Opuai))))
A Y A4 e\ | =
Yai/ ) won et Cross-Entropy Formula
Q:’ i Wisj: \O Wiskis 7 O/ Wiais Q
Relu Sigmoid Softmax
w

Error = —((1 * 10g(0.2698) + 0 + 0 * log(0.3223) + 1 * log(1 — 0.3223) + 0 * log(0.4078) + 1 * log(1 — 0.4078))
Error = —10g(0.2698) — log(0.6777) — log(0.5922)
Error = +0.569858 + 0.16886 + 0.22753 = 0.985



Makina Ogrenmesi: Egitim

0E; _ o(=1%((y1 *10g(Opun) + (1 — y1) * log((1 = Opun ))|

a()outl Bl aOoutl
Input 5 h1 o h2 . Output aE
L L O O o = ~1* (01 * M/0pu) + (1 = y1) * /(1 = Opu))
W, War W, Wiz Wiarp, Wiz outl
- o { Vo Example: Derivative of Cross-Entropy
WAVAEViVA
iy i o ol by [ OE; ]
Q Wi O B Q e G 901 —1 x ((}’1 e (llooutl) T (1 - yl) * (1/(1 — Oourl ))
7)
Relu Sigmoid Softmax aoia =1]-1=x (()’2 * (lloautZ) B (1 - )’2) * (1/(1 = 00ut2 ))
OF; =1 % (73 * (1/Opu3) + (1 — y3) * (1/(1 — Opus3))
- a0014:3 -

Matrix of cross-entropy derivatives wrt output




Makina Ogrenmesi: Egitim

00u _ a(eOm [(e%m + eOm2 4 0im))

00in1 00;n1
Input h1 h2 Cutput
w . 00 . . . . .
qm " ijm - ’ va - D aooutl — (eoml x (COM2 + e0m3 ))/(eOml + eOmZ + eOm3 )1
' inl
4©WW Ow ol ! ka:” | } Example: Derivative of softmax wrt output layer input
h sziz' b Wisiz - Wiz ) [ M 1 =
Q e : Q W]u - Q e l(:) i aoinl (eoinl x (eoin2 + eoinS ))/(eoin] + eoin2 + eoin3 )2
Relu sigmoid sftmax % — (eoin2 X (eoinl + eoin3 ))/(eoml + eoinz + eoin3 )2
in2
B aoom:,‘ (eoin3 X (eoinl + eoinZ ))/(eoinl + eoin2 + eoin3 )2
Softmax = /(Y €%) = € /(" + €2 + ¥ | 90 )
a=1

(Sof tmax)
ox 1

=(e" X (e2 +eB))/(e" +e2 +e¥ )ﬁ Matrix of Derivative of softmax wrt output layer input.

Derivative of Softmax



Makina Ogrenmesi: Egitim

Input h1 h2 Output
o~ 0 - 0 10

W Was W Wiie Wy, Wit

Wi Wiaic ) Wien /
4@ Wi O w, m Wiz @

Wi Wiz Wicais

w; Wk Wi
Wi Wiskz

Relu Sigmoid Softmax

00;n _ N2y * Wii1) + (h2pug * Wj2k1) + (h2pu3 * Wj3k1) + byy) |
Wun Wi |
90in1_
Wi

= h2pu

Example: Derivative of input to output layer wrt weight

00n;
Wun
901
0Wian
00y
Wian

a0im2
Wun
aOin2
oWion
aoin2
Wian

aOinB
Wi
a01'713
oW
a0in3
OWiars

h20utl

h20ut2
h20ut3

hzoutl
h20ut2
h20ut3

hzoutl

h20ut2
h20ut3



Makina Ogrenmesi: Egitim

3) Bu parametredeki degisim

aEl - aEl * aooutl * aOinl |
Wi 00, 00, Wiy |
h1 h2 Output
o 0L =10
w W Wiri Wk / Wi, Weat
Wej W ) Wian
m W, ~ m Wi @
v s 4
Wi; w; Wit
Wij w; Wiz
ey Wik Witz
o- o0~ o
Relu Sigmoid Softmax

00;n _ N2y * Wii1) + (h2pug * Wj2k1) + (h2pu3 * Wj3k1) + byy) |

oWin

Wi ‘

00;n

=h2
aka outl

Example: Derivative of input to output layer wrt weight

00n;
Wun
901
0Wian
00y
Wian

a0in2
Wun
a01'712
aOinZ
Wian

a01'713
Wi
a0in3
oW
aoin3
OWiars

h20ut1

h20ut2
h20ut3

h20utl

h20ut2
h20ut3

h2

outl

h20u12
h20ut3



Cizge Analizi - Makina Ogrenmesi

Cizge lzerinde makina 6grenmesi:

e Nokta siniflandirma
® Anomali bulma
e Baglanti tahmini

Klasik yontemler cizge verisini islemek icin uygun dedil.

Tablosal veri Gizerinde uzmanlagmiglar ve veri elemanlarinin (satirlarin) 6zelliklerini
(sttunlan) igliyorlar.

Bazi durumlarda yapisal cizge verisini, tablosal veriye cevirmek gerekiyor.



Cizge Analizi - Makina Ogrenmesi

image object proposal scene graph

D. Xu, Y. Zhu, C. B. Choy, and L. Fei-Fei, “Scene graph generation
by iterative message passing,” in Proc. of CVPR, 2017



Cizge Analizi - Makina Ogrenmesi

Noise Conv Upsample IEH

Cascaded Refinement Network Output: Image

Graph Layout prediction ro.
Convolution

man < rightof <= man

+ +
throwing boy < behind
. .

frisbee on == patio

Input: Scene graph Object

features layout

J. Johnson, A. Gupta, and L. Fei-Fei, “Image generation from scene graphs,” in Proc. of CVPR, 2018



Cizge Analizi - Makina Ogrenmesi

Fig. 1: Graph-based representation of an N-grain polycrystalline microstructure.
Adjacency relation

Grain size
Number of neighbors

Feature matrix

Graph neural networks for an accurate and interpretable prediction of the properties of
polycrystalline materials Minyi Dai, Mehmet F. Demirel, Yingyu Liang & Jia-Mian Hu npj
Computational Materials volume 7, Article number: 103 (2021)



Cizge Analizi - Makina Ogrenmesi

NG

Bunu yapiyoruz >

Layer L,

N

N hy)

Bu niye olmasin >

Layer L

W | N| O | V| H| W IN| =

=
=




Cizge Analizi - Makina Ogrenmesi

P?°?7°7?7?7°?




Cizge Analizi - Makina Ogrenmesi

Cizgeler yuz milyonlarca, milyarlarca noktaya sahip olabilirler. Bu tir bir gizge icin
matris gosterimi 10718 elemana ihtiya¢ duyacaktir. Bu da Su anki hesaplama ve
depolama kapasiteleri ile mimkiin degildir.

Graph V] || Density
com-dblp [11] 317,080 1,049,866 3.31
com-amazon [11] 334,863 925,872 2.76
youtube [12] 1,138,499 4,945,382 4.34
flickr [12] 1,715,254 22,613,981 13.18
com-orkut [11] 3,072,441 117,185,083 38.14
com-17 [11] 3,997,962 34,681,189 8.67
hyperlink2012 [13] 39,497,204 623,056,313 15.77
twitter_rv [14] 41,652,230 1,468,365,182 35.25

com-friendster [11] 65,608,366 1,806,067,135 27.53



Cizge Analizi - Makina Ogrenmesi

Cizgelerin boyutlari farkl - her gizge icin farkh bir ag mi e@itilecek?

Graph V] || Density
com-dblp [11] 317,080 1,049,866 3.31
com-amazon [11] 334,863 925,872 2.76
youtube [12] 1,138,499 4,945,382 4.34
flickr [12] 1,715,254 22,613,981 13.18
com-orkut [11] 3,072,441 117,185,083 38.14
com-17 [11] 3,997,962 34,681,189 8.67
hyperlink2012 [13] 39,497,204 623,056,313 15.77
twitter_rv [14] 41,652,230 1,468,365,182 35.25

com-friendster [11] 65,608,366 1,806,067,135 27.53



Cizge Analizi - Makina Ogrenmesi

Cizge ayni ama matrisler farkli - ayni gizge icin farkl bir eQitim siireci mi
gerceklesecek?




Cizge Analizi - Cizge Sinir Aglari

(4 9 0]
G=(V,E) 141
x— |0 4 8| Cpmav
[1,3,5]1 [1,1,0] 1 3 1
6 e 1 1 0
1 3 5
49,00 @ (@) [1,3,1]
[1,4,1] [0,4,8]
A = Adj(G) =

O R O O R O

! 1
_ o O O O O
== O = O O

o = O O O O
= O R = = O

o = O O = =
' 1



G=(V,E)

Cizge Analizi - Cizge Sinir Aglari

f?é e

z ®

@««@«Q%@i«\\%@« /fé
b =
~®




Cizge Analizi - Cizge Sinir Aglari

G=(V,E)
[1,3,51 [1,1,0] /
[1,4,1] [0,4,8] x

2 no’lu nokta icin hesap cizgesi (agi).

dovsooe OB



Cizge Analizi - Cizge Sinir Aglari

G=(V,E)

"
(13,51 [1,1,0] 5

[1,4,1] [0,4,8] t

2 no’lu nokta icin hesap cizgesi (ag).

ol

-
P
dbedane bel




Cizge Analizi - Cizge Sinir Aglari

"

pEHL — & (Wk D wer, % + B;, h,",’) @~ '{@

7, — hE \
o

2 no’lu nokta icin hesap cizgesi (ag).

ol




Cizge Analizi - Cizge Sinir Aglari

cti egitilen
aktivasyon degerler

fonksiyonu

v noktasinin

komsulardan
k+1 gelen degerler
adimindaki
deger
vektoru

f)*
e e

Katman 2 Katman 1

AR

v noktasinin k
adimindaki

AN

AAR

deger vektoru

00800 0o

Katman 0

2 no’lu nokta icin hesap cizgesi (ag).



Cizge Analizi - Cizge Sinir Aglari

IEEE TRANSACTIONS ON NEURAL NETWORKS, VOL. 20, NO. 1, JANUARY 2009

The Graph Neural Network Model

Franco Scarselli, Marco Gori, Fellow, IEEE, Ah Chung Tsoi, Markus Hagenbuchner, Member, IEEE, and
Gabriele Monfardini

The graph neural network model 2641 2008
F Scarselli, M Gori, AC Tsoi, M Hagenbuchner, G Monfardini
|EEE transactions on neural networks 20 (1), 61-80

61



Cizge Analizi - Cizge Sinir Aglari

Xy = fw (1v7 lco[v] y Xne[v] s lne[v] )

Oy = gw(xva lv)

X = fo (L 102y 16,1 - La gy s Le,1) s X2, %3 %4, X6, I I3, Uy I )
NS, | Sty § SR
l coll] X ne[1] l ne[n]



Cizge Analizi - Cizge Sinir Aglari

Xy = fu (lv’ lco[v] y Xnelv] s lne[v] )

Oy = Gu (xva lv)
Eger G normal (pozisyonel olmayan)
bir ¢izge ise f fonksiyonu agagidaki
gibi, parametrik bir h fonksiyonu ile
yazilabilir:

fw - ZuEne[v] hw (1v7 l(v,u) y Xy lu)

l‘/.i I’EKIJ AR
[XIXIXT ®

e G

F r

Zonghan Wu, Shirui Pan, Fengwen Chen, Guodong Long,

Chengqi Zhang, Philip S. Yu, “A Comprehensive Survey on
Graph Neural Networks”, arxiv, 2019



https://arxiv.org/search/cs?searchtype=author&query=Wu%2C+Z
https://arxiv.org/search/cs?searchtype=author&query=Pan%2C+S
https://arxiv.org/search/cs?searchtype=author&query=Chen%2C+F
https://arxiv.org/search/cs?searchtype=author&query=Long%2C+G
https://arxiv.org/search/cs?searchtype=author&query=Zhang%2C+C
https://arxiv.org/search/cs?searchtype=author&query=Yu%2C+P+S
https://arxiv.org/abs/1901.00596
https://arxiv.org/abs/1901.00596

Cizge Analizi - Cizge Sinir Aglari

Banach Sabit Nokta Teoremi: (X, d) bir tam metrik uzay olsun, (T: X—X) ise bir
biiziilme fonksiyonu olsun. Bu durumda T tek bir x’ sabit noktasina sahiptir ve
herhangi bir x € X i¢in n—’a giderken T (x) degeri X’ degerine yakinsar.

zf = T(z* 1),k € [1,n]



Cizge Analizi - Cizge Sinir Aglari

0,(1)= 8w

l],l(l.z) PRpp——

Sw

'

04(1)

0,(1)

gy

X;(1)

ls

<—12,l(2’3) e Y

8w

03 (1)

/

;Lm@* Lol

8w

ol

Xy = fw (lfva lco[v] y Xne[v] » lne['u] )

Oy = gw(xva lv)




Cizge Analizi - Cizge Sinir Aglari

. , , Ground
Aggregation Combination Aggregation Combination truth
a1(¢1) = mean(hs(t:O), h2(¢0)’ h6(¢=0)) h1(¢=1) = ReLU(W('l) a1(¢=1)) a1(€=2] = mean(h3($=1)' h2(¢1)' h6($=1)) h1(F2) i ReLU(W(z) a1(l=2)) I
| 1 1 wo | [ R T R ) [

Loss function €

" - |
" _ o¢' Backpropagatlon - _ 8¢ Backpropagatlon
&; /ahf £ = g/awﬂ) g = E/thl_ P —
N [ =3 [wo] | )

Computing Graph Neural Networks: A Survey from Algorithms to Accelerators SERGI ABADAL, AKSHAY JAIN,
ROBERT GUIRADO, JORGE LOPEZ-ALONSO, and EDUARD ALARCON, arxiv, Jul 2021.




Cizge Analizi - Cizge Sinir Aglari

Mitigating social bias in
knowledge graph embeddings

Method significantly reduces bias while maintaining comparable performance

(https://www.amazon.science/)

on machine learning tasks. ]
Amazon's open-source tools
make embedding knowledge

graphs much more efficient

Tools include optimizations for multicore, multiple-GPU, and distributed-training

settings.

August 06, 2020

By Miguel Romero Calvo

December 21, 2020

Using knowledge graphs to
streamline COVID-19 research

A knowledge graph linking research papers, authors, and topics should make it
easier for researchers fighting COVID-19 to discover relevant information.




Cizge Evrisimsel Aglari

Hata fonksiyonu

SEMI-SUPERVISED CLASSIFICATION WITH
GRAPH CONVOLUTIONAL NETWORKS

Thomas N. Kipf Max Welling

University of Amsterdam University of Amsterdam

T.N.KipfQuva.nl Canadian Institute for Advanced Research (CIFAR)
M.Welling@uva.nl

L=Lo+Nrg, With Leeg= ) Aillf(X:)— f(X5)|* = f(X)TAF(X)

Katmanlar arasi gecis

HD — a(D-%AD-%HU)W(”)

A=A+

In

birim
matrisi



Cizge Evrisimsel Aglari

Graph G

A BCDE
A0OOOO 1
B|lo/0olo1]1
Clooo11
Do 1101
Eifafafajo
Adjacency matrix A

ABCODE
A10000
BO0O2000O
cC00200
DOO0O 30
E0O0O0O 4

Degree matrix D

SEMI-SUPERVISED CLASSIFICATION WITH
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T.N.KipfQuva.nl

Max Welling

University of Amsterdam

Canadian Institute for Advanced Research (CIFAR)
M.Welling@uva.nl

A |-11(32 |42
B b’.Z’[’s.T a7
¢ |12 ;1.3 21
D |14 ‘-12 25
E |14 |25 |45
Feature vector X



/_\
11132 42
-1.2
12 |13 |21 | ==
2l —
-1.2 |2.5
14 125 45

- H.

I W

: -

i g | S
ﬁA o VUV 0 w
WMl = = O
Q0| = O
Voo O = =
000 O ™ -
900 © © =™

< 0o V0w

Cizge Evrisimsel Aglari
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Feature vector X

Adjacency matrix A
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m oo w>
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Adjacency matrix A

A

A= =1K=)

H'o""o =1=)

Identity matrix I

A+

In

birim
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New Adjacency matrix A

matrisi
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Xy = fw (1v7 lco[v] y Xne[v] ) lne[v] )

Oy = gw(xm lv)
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Hata fonksiyonu

L=Lo+Nrg, With Leeg= ) Aillf(X:)— f(X5)|* = f(X)TAF(X)

Katmanlar arasi gecis

HH = o (|- AID—%HU)W(”)

%=A+IN

normalizasyon birim matrisi

N |-




Cizge Evrisimsel Aglari

o N0 o »

New adjacency matrix A

A B C D E
1 Jo Jo [o [a
o |2 [o |1 |a
o o [1 [2 ]2
o il larila
1 (2 [1 [1 |a

2 0 o 0o o
o 3 |o lo ’o
o 0o 3 0 0
o o |0 I4 ]o
o o 0o o0 5
New degree matrix D

SEMI-SUPERVISED CLASSIFICATION WITH
GRAPH CONVOLUTIONAL NETWORKS

Thomas N. Kipf
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T.N.Kipf@uva.nl

Max Welling

University of Amsterdam

Canadian Institute for Advanced Research (CIFAR)
M.Welling@uva.nl

1/2‘0 0 0 0
0 ‘1/3 0 0 0
0 0 1/3/0 0
0 0 0 (1/4 0
o 0 0 o |15
o



Cizge Evrisimsel Aglari

Ozelliklerin
agirlklandiritmasi?

SEMI-SUPERVISED CLASSIFICATION WITH
GRAPH CONVOLUTIONAL NETWORKS

Thomas N. Kipf

Max Welling

University of Amsterdam University of Amsterdam
T.N.KipfQuva.nl Canadian Institute for Advanced Research (CIFAR)
M.Welling@uva.nl
ABCDE
A1000O0T1 A |-11 3.2 4.2
BO0O1011 B |04 51 |12
cCoo111 x c [12 13 |21
DI0OI1111 11 D 14 .-1.2‘2.5‘
E 1 1 1 1 1 E 14 25 45 ‘
New Adjacency matrix 4 Feature vector X
\ )
~
1/2 0 ‘0 0 0 A
o |1/3l0 o o e B
— S T
0 0 130 o0 4 c
0 0 0 1/a40 D
0o 0 0 0 15 E
D! ”Sum of neighbors” matrix



Cizge Evrisimsel Aglari

Aslinda matrisin
agirliklandirilmasi ile
ayni.

o 0 0 0
13l0_ 0o o
0 130 o0
0 0 140
0o 0o o s

SEMI-SUPERVISED CLASSIFICATION WITH
GRAPH CONVOLUTIONAL NETWORKS

Thomas N. Kipf

University of A
T.N.KipfQuva.nl

Max Welling

University of A

/

—

ABCDE
10001

| _—®0'11'0 |1 1
M colorn
D0/1,111
Elatatalafa

New adjacency mat

Canadian Institute for Advanced Research (CIFAR)
M.WellingQuva.nl

A [1132 a2
B |04 51 -12
x c |12 [13 |22
D |14 -12 25
E [14 25 a5
Feature vector X
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New scale factor for columns

1/2 A [11]32 a2 ]
0 B |04 51 12
0 x c [12 |13 |21
0 p (14 [12]25]
= E |14 (25 [as
Farkli bir RS il I
normalizasyon Feature vector X
yontemi.
2 0 o 0 o 120 0o o o AN
TrErl T PR
: : : : : | - o oo w0 | o :f 30
0 .0 40 -0 .5 0 0o o0 o0 s *FIEP lV/IE
b b b7

Because we normalize twice, we change *-1"to -1/2"



Cizge Evrisimsel Aglari

Xy = fw (lv7 lco[v] y Xne[v] ) lne[v] )
Oy = gw(xfm lv)

GCN Layer 1 _

(for every node)

GCN Layer 2 _

(for every node)

—

—

[ Average( neighbors )

00
0@0

hidden layer

[ Average( neighbors )

L X _
O
4

Output
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GRAPH CONVOLUTIONAL NETWORKS
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Cizge Evrigsimsel Aglari . PyTorch

geometric

Ornek bir koda bakalim
(2. defter)



G ra p h SAG E Inductive Representation Learning on Large Graphs

William L. Hamilton* Rex Ying* Jure Leskovec
wleif@stanford.edu rexying@stanford.edu jure@cs.stanford.edu

Eski yontemler:
e Egitim icin butln cizgeye ihtiyac duyuyor (transductive).
e Yerlestirmeleri buluyor fakat.
o Yeni nokta geldiginde
o Ogrenilen parametreler yeni bir cizgeye uygulanmak
istendiginde
sorun oluyor.

GraphSAGE biraz once gordugumuz GCNlerde kullanilan fonksiyonlari
ogrenmeye calisan bir algoritmadir.



G ra p h SAG E Inductive Representation Learning on Large Graphs

William L. Hamilton* Rex Ying* Jure Leskovec
wleif@stanford.edu rexying@stanford.edu jure@cs.stanford.edu

P
]/ label

)
)

5
0
0
o
0
B
o
k 2 o
= .
.
.
s
wes®

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



G ra p h SAG E Inductive Representation Learning on Large Graphs

William L. Hamilton* Rex Ying* Jure Leskovec
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Graph Convolutional Networks

[:I:] Feature Vector ‘ Target Node

Neighbor aggr

Non-learnable
feature Aggregator

Hub node

Input Graph Feature Aggregation for
the target node 0 at K=1 hub noktalar



G ra p h SAG E Inductive Representation Learning on Large Graphs
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GraphSage
[:[:] Feature Vector

Learnable feature
Aggregator

Sampling 1-Hop
neighborhood

Sampling 2-Hop
neighborhood

Neighborhood Sampling of input Feature Aggregation for the target
graph at search depth K=1 node 0 at K=1 with sampling



G ra p h SAG E Inductive Representation Learning on Large Graphs
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Algorithm 1: GraphSAGE embedding generation (i.e., forward propagation) algorithm
Input : Graph G(V, £); input features {x,, Vv € V}; depth K; weight matrices
WF* Vk € {1, ..., K}; non-linearity o; differentiable aggregator functions
AGGREGATEy, Yk € {1, ..., K'}; neighborhood function N : v — 2V
Output : Vector representations z,, forallv € V

1 hY «x,,YweV;
fork=1...K do

2
3 forve Vdo

4 hj,,) < AGGREGATE,({hf~!,Vu € N(v)});
5 h* « o (W’C - CONCAT(h*—1, hj“v(v)))

6 end

7 | hE < hk/|hE|y, Vv eV

8 end

9 z, +— hX ey




G ra p h SAG E Inductive Representation Learning on Large Graphs

William L. Hamilton* Rex Ying* Jure Leskovec
wleif@stanford.edu rexying@stanford.edu jure@cs.stanford.edu

Algorithm 1: GraphSAGE embedding generation (i.e., forward propagation) algorithm
Input : Graph G(V, £); input features {x,, Vv € V}; depth K; weight matrices
WF* Vk € {1, ..., K}; non-linearity o; differentiable aggregator functions
AGGREGATEy, Yk € {1, ..., K'}; neighborhood function N : v — 2V
Output : Vector representations z,, forallv € V

1 hY «—x,,YweV;
fork=1...K do

2
3 forveVdo

4 hj,,) < AGGREGATE,({hf~!,Vu € N(v)});
5 h* + o (W’c - CONCAT(hf=1, hj“\,(v)))

6 end

7 | hE < hk/|hE|y, Vv eV

8 end

9 z, +— hX ey




G ra p h SAG E Inductive Representation Learning on Large Graphs
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0 _
hg = xp
’..
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G ra p h SAG E Inductive Representation Learning on Large Graphs

William L. Hamilton* Rex Ying* Jure Leskovec
wleif@stanford.edu rexying@stanford.edu jure@cs.stanford.edu

Algorithm 1: GraphSAGE embedding generation (i.e., forward propagation) algorithm
Input : Graph G(V, £); input features {x,, Vv € V}; depth K; weight matrices
WF* Vk € {1, ..., K}; non-linearity o; differentiable aggregator functions
AGGREGATEy, Yk € {1, ..., K'}; neighborhood function N : v — 2V
Output : Vector representations z,, forallv € V

1 h? < x,,Vv € V; | Her nokta icin ilk ¢ikti vektoriini, 6zellik vektorine esitle.

2 fork=1...K do

3 forv ey do

4 hj“\,(v) ¢ AGGREGATE({h{~!,Vu € N(v)}); Birlestirme ve giincelleme
k k k—1 Lk '

5 h* « o (W - CONCAT(hF ’hN(v))) fonksiyonlarini calistir.

6 end

7 h* « h%/||hE||o, Vv e V Her k katmani icin vektorleri normalize et.

8 end

9 z, «— hE Ywey




GraphSAGE

Inductive Representation Learning on Large Graphs

William L. Hamilton* Rex Ying* Jure Leskovec
wleif@stanford.edu rexying@stanford.edu jure@cs.stanford.edu

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

1
2
3
4

5

6
7
8
9

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

Output : Vector representations z,, forallv € V

hd « x,,Yv e V;

(L x 21) matris, (21 x 1) vektor carpimi

fork =1...K do
forv e Vdo
hj,,) < AGGREGATE({hf !, Vu € N(v)});
h* + o ((W* . concaT(hF—1, hj“\,(v)))
end
hf < h/|hf|ls, Vv € V
end

z, +— hE Vv ey




G ra p h SAG E Inductive Representation Learning on Large Graphs

William L. Hamilton* Rex Ying* Jure Leskovec
wleif@stanford.edu rexying@stanford.edu jure@cs.stanford.edu

e Ortalama
h* < o(W - MEAN({h*~1} U {h*~! vu € N (v)}).

o |STM
e Pooling

AGGREGATEIZOOI = max({o (Wpeoth* '+ b) ,Vu; € N'(v)})



G ra p h SAG E Inductive Representation Learning on Large Graphs

William L. Hamilton* Rex Ying* Jure Leskovec
wleif@stanford.edu rexying@stanford.edu jure@cs.stanford.edu

e Geri besleme:

o Gudumlu: Capraz duzensizlik kayip fonksiyonu
o Gudumsuz: Noktalarin cizge uzerindeki yakinliklarina
gore olusturulan bir fonksiyon.

Jg(z,) = —log (0(z, 2v)) — Q - E, p,(v) l0g (0(—2, 20, ))




G ra p h SAG E Inductive Representation Learning on Large Graphs

William L. Hamilton* Rex Ying* Jure Leskovec
wleif@stanford.edu rexying@stanford.edu jure@cs.stanford.edu

Citation Reddit PPI

Name Unsup. F1  Sup. F1  Unsup. F1  Sup. F1  Unsup. F1  Sup. F1
Random 0.206 0.206 0.043 0.042 0.396 0.396
Raw features 0.575 0.575 0.585 0.585 0.422 0.422
DeepWalk 0.565 0.565 0.324 0.324 — —
DeepWalk + features 0.701 0.701 0.691 0.691 — —
GraphSAGE-GCN 0.742 0.772 0.908 0.930 0.465 0.500
GraphSAGE-mean 0.778 0.820 0.897 0.950 0.486 0.598
GraphSAGE-LSTM 0.788 0.832 0.907 0.954 0.482 0.612
GraphS AGE-pool 0.798 0.839 0.892 0.948 0.502 0.600

% gain over feat. 39% 46% 55% 63% 19% 45%




G ra p h SAG E Inductive Representation Learning on Large Graphs

William L. Hamilton* Rex Ying* Jure Leskovec
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= il i~ — = Runtime
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>° AR c-a 65’\’5 Neighborhood sample size



GraphSAGE . PyTorch

geometric

Ornek bir koda bakalim
(3. defter)



Cizge Analizi: Makina Ogrenmesi

Model Neighborhood Aggregation hit!
NN4G [88] a(leTxv + R coTuane vl hL)
GNN [104] S wen, MLPHH (xu, Xu, Bun, hﬁ)
GraphESN [44] (W‘-’“xu +WRE .. ,hf;Nv])
GCN [72] o (WS, oy Dbl

GAT [120] o(Tuew, ol » W*h,)

ECC [111] a(l—Nlﬁ ¥ s MLP‘“(aw)Thﬁ)
R-GON [105] 0 (Topec Suense TaryWahE + WHh?)
GraphSAGE [54] - (W”l (e Xuens hf,]))
CGMM 3 Siow'+ (Sepee v, * (o Suenss b))

GIN [131] MLP1 ( 0 ) S hf;)

A Gentle Introduction to Deep
Learning for Graphs Davide Bacciua,
Federico Erricaa, Alessio Michelia,

Marco Poddaa, arxiv, 15 June 2020
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Model Neighborhood Aggregation hit!
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A Gentle Introduction to Deep
Learning for Graphs Davide Bacciua,
Federico Erricaa, Alessio Michelia,

Marco Poddaa, arxiv, 15 June 2020



Cizge Analizi: Makina Ogrenmesi

Model Neighborhood Aggregation hit!
NN4G [88] a(leTxv + R coTuane vl hL)
GNN [104] S wen, MLPHH (xu, Xu, Bun, hﬁ)
GraphESN [44] (W’-’“xu +WRE .. ,hfwv])
GCN [72] o (WS, oy Dbl

GAT [120] o(Tuew, ol » W*'h,)

ECC [111] a(w;"l ¥ s MLP“‘(aw)Thﬁ)
R-GCN [105] 0 (Topec Suense TaryWahE + WHh?)
GraphSAGE [54] - (W“l (e Xuens hf,]))
CGMM 3 Siow'+ (Sepee v, * (o Suenss b))

GIN [131] MLP* (14 )bt + 3, b))

A Gentle Introduction to Deep
Learning for Graphs Davide Bacciua,
Federico Erricaa, Alessio Michelia,

Marco Poddaa, arxiv, 15 June 2020
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® GCN'lerin aksine, GAT modeli (dolayh olarak) ayni komsuluktaki farkli
komsgulara farkh énemlerin atanmasina izin verir. Bu da model kapasitesinde
bir sigrama saglar.

e Ayrica, 6grenilmis dikkat agirliklari yorumlanabilirlikte faydalar saglayabilir.
Ornegin: makine cevirisi alani (Bahdanau vd. (2015) nitel analizi).

GAT [120] a(z;uE N, Qb W‘“hu)




izge Dikkat Aglar

Girdi: h={hi,hs,...,hn}  h; eRF
h'; € R

Cikti: b’ = {W,hy,..., 1}
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- nokta ozellikleri
- yeni nokta ozellikleri



Cizge Dikkat Aglari

Girdi: h:{ﬁl,ﬁm...,ﬁn} TLZ e RY
Cikt: b/ = {W1,Hs,....,N,} H;eRF
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- nokta ozellikleri

- yeni nokta ozellikleri

Adim 1

Dogrusal transformasyon

W. h;

W < RF’XF
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Girdi: h— {h, b, ...,

Cikti: b’ ={w,1y,...
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h,}  h; € RF - nokta ozellikleri
K.Y KW, eRF - vyeninokta 6zellikleri

Adim 2
Dikkat Mekanizmasi

Tek katmanl bir sinir agi

a: RF xRF - R
€i,j — a(W?I,Z,W i_I,J)
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Girdi: h={hy,hs,...,h h; € RF - nokta ozellikleri

}
Cikti: b ={w,hy,..., 1

.} W, eRF - yeninokta 6zellikleri

Adim 2
Dikkat Mekanizmasi

a:R" xRF - R
Nokta j'nin nokta i icin €ii|= CL(W Ei, W. i_lj)

(normalizasyon oncesi) onemi




Cizge Dikkat Aglari

Girdi:

h={hy,ha,..., hn}
Cikti: R,

h ={h',hy,...,h}

l_li c RF
Wi € RFI
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- nokta ozellikleri
- yeni nokta ozellikleri

Adim 3
Normalizasyon

Normalizasyon sonrasi
degerler - (iicin j Gzerinden
bir olasilik dagilimu...)

B exp(€i;)
ZkeN(i) exp(ei)
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C\fij

softmax j

S

aERzF'

Jd& 5%

Wh Wh;
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exp(LeakyReLU (a[WTzi |W7L])] )

aERzF'

Y ke NGi) exp(LeakyReLU(a[Wh;[Why)]))

Jd& 5%

Wh Wh;

AR

) =ay
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2F" x 1

exp(LeakyReLU(a[Wh;[Wh;

Qi,j =

D _ken(i) €xp(LeakyReLU (a][Wh;|[Why)])
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h; € RF - nokta 6zellikleri

K,; e RF' - yeninokta ozellikleri

Adim 4

GAT/GNN katmaninin elde edilmesi

—{+1
/
h i

=t
=0 | 2jene) @i W
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concat/avg
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Surecin daha stabil hale getirilmesi icin
yazarlar ¢oklu dikkat mekanizmasi yontemini
kullanmayi onermislerdir. Bu yontemde
birbirinden bagimsiz K dikkat mekanizmasi
kullanilir.

\

Ara katmanlarda birlestirme, son, cikti katmaninda ortalama.
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Inductive
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Method

PPI

Random

MLP

GraphSAGE-GCN (Hamilton et al., 2017)
GraphSAGE-mean (Hamilton et al., 2017)
GraphSAGE-LSTM (Hamilton et al., 2017)
GraphSAGE-pool (Hamilton et al., 2017)

0.396
0.422
0.500
0.598
0.612
0.600

GraphSAGE*
Const-GAT (ours)
GAT (ours)

0.768
0.934 £ 0.006
0.973 £+ 0.002
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and Technology

Aranlxa C Adnana anem

Transductive

Method Cora Citeseer Pubmed
MLP 55.1% 46.5% 71.4%
ManiReg (Belkin et al., 2006) 59.5% 60.1% 70.7%
SemiEmb (Weston et al., 2012) 59.0% 59.6% 71.7%

LP (Zhu et al., 2003) 68.0% 45.3% 63.0%
DeepWalk (Perozzi et al., 2014) 67.2% 43.2% 65.3%

ICA (Lu & Getoor, 2003) 75.1% 69.1% 73.9%
Planetoid (Yang et al., 2016) 75.7% 64.7% 77.2%
Chebyshev (Defferrard et al., 2016) 81.2% 69.8% 74.4%

GCN (Kipf & Welling, 2017) 81.5% 70.3% 79.0%
MoNet (Monti et al., 2016) 81.7+0.5% — 78.8 + 0.3%
GCN-64* 814+05% 709+05% 79.0+0.3%
GAT (ours) 83.0+£07% 725+07% 79.0+0.3%
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e Hesaplama acisindan oldukcga verimlidir: dikkat mekanizmasi tim kenarlarda ve cikti
ozelliklerinin hesaplanmasi tim noktalarda paralel hale getirilebilir.

e Oz bilesimler veya benzer maliyetli matris islemleri gerekmez.

® Cok sayida dikkat mekanizmasi uygulamak, depolama ve parametre gincelleme

gereksinimlerini K parametresine bagli olarak cogaltir.

e Fakat biitlin mekanizmalar tamamen bagimsizdir ve paralel hale getirilmelidir

(getirilebilir).
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Convolutional Attentional Message-passing

M. M. Bronstein, J. Bruna, T. Cohen, P. Velickovic, Geometric Deep Learning: Grids, Groups, Graphs, Geodesics. and Gauges (2021) , arxiv.

Bu derste bahsedilen ¢izge sinir aglarini ortak bir yapi altinda
siniflandirma islemini, bir mesaj gecis fonksiyonu ile yapabiliriz


https://arxiv.org/abs/2104.13478

Mesaj Gegis Aglari

X
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. PyTorch
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ozellik vektoru.

i noktasinin k-1
katmanindaki ozellik
vektoru.
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noktalarinin k-1
katmanindaki

ozellik vektorleri.

geometrlc
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@ PyTorch

guncelleme:
turevi
alinabilir bir
fonksiyon.

birlestirme: turevi
alinabilir, sira bagimsiz
bir fonksiyon
(ortalama, toplam vb).

mesaj: tlrevi
alinabilir bir
fonksiyon.

xgk) :@ (xgk_

i noktasinin k i noktasinin k-1
katmanindaki katmanindaki ozellik
ozellik vektoru. vektoru.

|

i noktasinin ve
ona komsu j
noktalarinin k-1
katmanindaki
ozellik vektorleri.

geometric

o)
\

i noktasi icin
kenar ozellik
vektorleri.
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Mesaj Gegis Aglari

7

x(k) — fy(k) (xgk_l), DjeN(i) ¢(k) (xz(k_l)7 x§k_1), ej’i))

* MessagePassing.message(...) : Constructs messages to node % in analogy to ¢ for each edge in

Slensaaéllff [)el;/ | (7,2) € Eif flow="source_to_target" and (i,]) € £ if flow="target_to_source" . Can take any
fonksiyon argument which was initially passed to propagate() . In addition, tensors passed to propagate()
can be mapped to the respective nodes % and j by appending _i or _j to the variable name,

.e.g. x_i and x_j . Note that we generally refer to 7 as the central nodes that aggregates

information, and refer to j as the neighboring nodes, since this is the most common notation.
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geometric

X =7(k)( (k1) JulEh s ¢(k)< (k- 1), (k1) ej,))

birlegtirm e tirevi e MessagePassing(aggr="add", flow="source_to_target"”, node_dim=-2) : Defines
alinabilir, sira bagimsiz the aggregation scheme to use ( "add" , "mean" or "max" ) and the flow

bir fonksiyon direction of message passing (either "source_to_target" or

(ortalama, toplam vb). "target_to_source” ). Furthermore, the node_dim attribute indicates along

which axis to propagate.
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7

x(k) = fy(k) (xgk_l), DjeN(z’) ¢(k) (xz(k_l)7 x§k_1), ej’i))

guncelleme: )
tirevi * MessagePassing.update(aggr_out, ...) : Updates node embeddings in analogy to 7y for each
alinabilir bir node ¢ € V. Takes in the output of aggregation as first argument and any argument which was

fonksiyon. initially passed to propagate() .
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xz(k) Z’Y(k)( (k—1) |:| N (i ¢(k)< (k— 1), (k—1) ej,))

* MessagePassing.propagate(edge_index, size=None, xxkwargs) : The initial call to start propagating
messages. Takes in the edge indices and all additional data which is needed to construct
messages and to update node embeddings. Note that propagate() is not limited to exchange
messages in square adjacency matrices of shape [N, N] only, but can also exchange messages
in general sparse assignment matrices, .e.g., bipartite graphs, of shape [N, M] by passing

size=(N, M) as an additional argument. If set to None , the assignment matrix is assumed to be
a square matrix. For bipartite graphs with two independent sets of nodes and indices, and each
set holding its own information, this split can be marked by passing the information as a tuple,
e.g. x=(x_N, x_M).
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geometric
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geometric
k) 1 (k1)
GCN katmant: x = N (Ul (O -x;
* 7 T Q ?
i JEN @O /Teg(i)-/deg(3) J
1. Komsuluk matrisine
donguleri ekleme import torch
2. lDogrusaIUansﬂannasyon from torch_geometric.nn import MessagePassing
3 NchnaHzasyon from torch geometric.utils import add self loops, degree
katsayuar"”n hgsaFﬂanrnaS| class GCNConv (MessagePassing):
4. Normallzasyon |§Iem|. def _ init (self, in_channels, out_channels):
5. Bir|e§tirme i§|emi (t0p|am) super (GCNConv, self). init (aggr='add') # "Add" aggregation (Step 5).

self.lin = torch.nn.Linear (in_channels, out_channels)
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w N

ok

) 1 (k—1)
GON katmans: x = 3,004 72 (@),

Komsuluk matrisine
donguleri ekleme

Dogrusal transformasyon
Normalizasyon
katsayilarinin hesaplanmasi
Normalizasyon iglemi.
Birlestirme islemi (toplam)

def forward(self, x, edge_index):
# x has shape [N, in channels]
# edge_index has shape [2, E]

# Step 1: Add self-loops to the adjacency matrix.
edge_index, _ = add_self loops(edge_index, num nodes=x.size (0))

# Step 2: Linearly transform node feature matrix.
x = self.lin(x)

# Step 3: Compute normalization.

row, col = edge_index

deg = degree(col, x.size(0), dtype=x.dtype)
deg_inv_sqrt = deg.pow(-0.5)
deg_inv_sqrt[deg_inv_sqrt == float('inf')] = 0
norm = deg_inv_sqrt[row] * deg inv_sqrt[col]

# Step 4-5: Start propagating messages.
return self.propagate (edge_index, x=x, norm=norm)
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SEN

ok

geometric

) 1 (k—1)
GON katmans: x = 3,004 72 (@),

Komsuluk matrisine

dongulen ekleme def message(self, x_j, norm):

DOQFUS8| transformasyon # x_j has shape [E, out_channels]
Normalizasyon

katsayilarinin hesaplanmasi # Step 4: Normalize node features.
Normalizasyon islemi. return norm.view(-1, 1) * x_j

Birlestirme islemi (toplam)
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SEN

ok

geometric

) 1 (k—1)
GON katmans: x = 3,004 72 (@),

Komsuluk matrisine

dongulen ekleme def message(self, x_j, norm):

DOQFUS8| transformasyon # x_j has shape [E, out_channels]
Normalizasyon

katsayilarinin hesaplanmasi # Step 4: Normalize node features.
Normalizasyon islemi. return norm.view(-1, 1) * x_j

Birlestirme islemi (toplam)
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Ornek kodlara bakalim
(4., 5., ve 6. defter)



TRUBA Uzerinde GNN

Model: GINE - molecular property prediction
Yontem: DataParallel
Veri Kimesi: OGB

Cluster Nodes GPUs Time per epoch (s) Cluster Nodes GPUs Time per epoch (s) Cluster Nodes GPUs | Time per epoch (s)l
Palamut-cuda 1 1 6.721 Akya-cuda 1 1 7.470 Barbun-cuda 1 1 7.869
2 3.664 2 5.193 2 4.149

2 1 4.595 2 1 5.825 2 1 20.701

2 2.612 2 3.611 2 17.776

3 1 3.213 3 1 4.224 3 1 29.282

2 1.782 2 2.480 2 20.300

4 1 2.507 4 1 3.357 4 1 28.362

2 1.403 2 1.978 2 16.114



OGB
Verisi

O~ oUW N

e el e et el e o
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17
18
19
20
21
22
23
24
25
26
27
28

import os

import argparse

from sys import argv
import time

import torch

import torch.nn.functional as F

from torch.nn import Sequential, Linear, ReLU, BatchNormld as BatchNorm
import torch.multiprocessing as mp

import torch.distributed as dist

from torch.nn.parallel import DistributedDataParallel

from torch.utils.data.distributed import DistributedSampler

from torch geometric.nn import GINEConv, global mean pool
from torch geometric.data import Dataloader
import torch geometric.transforms as T

from ogb.graphproppred import PygGraphPropPredDataset as Dataset, Evaluator
from ogb.graphproppred.mol encoder import AtomEncoder, BondEncoder

if name == '_main_ ':
parser = argparse.ArgumentParser()
parser.add argument('--root', default='dataset/', type=str,
belp='The root directory where the dataset is to be downloaded')
args = parser.parse_args()
dataset name = 'ogbg-molhiv'
Dataset(dataset name, args.root, pre transform=T.ToSparseTensor())
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