FLE EERM%E

NAERHZMNEEETRERSIER, 8T EMTREIREGHBEZELS
WER, #MEIEMTRNRT. B, EREEHRZNEN, HARARNXE
ERBNIENE LMERSE T, ReBEFNENEZET/RNBEEH. IE
MREEFHED IME:

IR

o BEAE MAELEESREEMEEEXEER.

o FEEHA MNPRELE, BIETREHEXRERBRRSETHOLT
RIMEPBET R, TEERTHEGRMEME . GraphSAGEHELEE W
4%

“Oo

5.1 15 E SIS

IBEESRHENEETEBEEEREENE . IHEERMENEESIREZNE.
BIIEFMESSERFNARREEEIE, MNMBIREMEEREENE, A
EEIEABEILEERNGEG, EAITHXEASEIESIRMEME,

5.1.1 ZERICFTIEER

HE/F, ERELNBERGIEANFY . SREFEX T IRFIRE, HEAX
BEREET. BETEREENEX BMEMEREN UL NEHE LEET
ENTRIRIAR, BIEXMBEE LNEREFHMKITTEHZNEE LM
HPRERREEN—X ., ENEHELTFBIEENRE, SETREEXER
BFHERER. BHANBSREEMBREEXEREF, BlERALEREE

B =R,

ERNEEMN TR

SREHE: ESHRNEIINTHREN TESEIL M THAIFER
F(f*g)=F(f) F(g)

H f, g REMPMRAES, F(f) ®n fOBIHETR,  REERREF, *
RIBREF.

Xt EEN A MEILM PR, ATAEE]



frg=F(F(f) F(g)
Heh FU(f) ®RMES f OBIHEER,

MRAERERE, HNAMEZENESHIE, BIREEMHEEREESHER
AR=ENEIMEEIR, MMER T EEERHE T BAEEMEMIETIRE X H
SEE[E)RE

B H i

B ST SR T _E ORI AERE L. 39 L 088, HIT:ME3
L=UAUT

Hep A = diag(Xo, - .., Av—1) € RVN 2U5{EEER, U =

[wo, - - -, un—1] € RV 23R EmeEsis. mTEMR

Ao uo
A uy
Up Uy Uz U3 .
e Uy
iy g

L = U A Ut

&5-1. &0 R

B B M RAVE ARI TR E R HT R SR E . DS EREEMEZE T
MN—AEK, BLES z NELHZRN:

A T
r=U"=zx

Hep z ESEDAENRART. & 18ES o TRIEENER, UT ZTE
EOEHEENEE, BTHELINT®R, 55 ¢ NEIIMETHRA

r=Uz
E &R

AT REENEREE, RNZMNEEMRE, TEERTEERHEN, EiEE
STRERIRE, ARBISMEESHREIRE., RIBERZENR go(A), B4
BRAPTER TSR

SNz (HBEENy) #TEENTHREAN U s (MR UTyY), RENHEN
RERZISE



85, BRERIETREE
y=UU"y=Ugy(A)U"z
MRS R EBOESTURE. E—REMEELN
y = go(UAUT)z = go(L)z

M EIFE A MR R N TE

. Uo
— . Uy
T
Ul |
nverse
= A T
8o (1) u x Fourier
. 4 Transform
Ug| Uy | Uz) Uz = Ug| Uy | Uz Us .. ::
o u
U y = U go(A) Ut x

&5-2. &R

ETIEREFNENX, ERIMNEEBERNE—EETESRRSNEHZME,

5.1.2 IR ERMHZ ML

eSS MLE (Spectral Convolutional Neural Network) 2 & 21 H £ M EZ IR
FREMENEINGE, ZHETEREB EAGRANSRIRE, HEZEEE.
TG EEARH = My BmpE LT SE HO 51 HHH), BABIR
NP AN

HIH) = (g (UAUT)HO)

o RRIRGIERUEREL,

5.1.3 YILE T R ML

BEREENEET2RNEENSIRRTIENER, HRF[IFERE, HEUM
SR RRILET REEREMBESIETRSTE, FLWTEFRLEEERE. S5,
EHRHENENITEERELLRA, AT REIAEENZENFH, LSRN
£% (ChebyNet), RATILLEXRZWAEN TIEERHEMBZEIRZ, BRNER
I abu: ] L1 8



gy RREFNENRZR, EESTHHENET, g WAEENERX, BB n 1THEF
S8, tIEEZRML (ChebyNet) I ETRZ go HITSEUL

9 =Y 0:Ti(R)
1=0

e O BRB¥ORY, FEXA = 2 L. PEEXSHRETNET S
JARER, BARARR

Ti(z) = 22Ty 1(z) — Ti—2(z)
Heb e Ty (z) = 1, T () = .

L= I, PHETXAMAE | BUSHET:

Pt X WAR IS LEEMNS TR S HASTZ, TIESRMEmE, 15
WRRIE L = UAUT 3|\ RIEFIEN, MBS T RS miEHsEs
B, FRSHEREMN O(n x p x q) FEE O(K x p x q). W5, tEREH
HRIEREC, M E(VSFANT SRR K BRANARS, ELRE R AERE thiX — TR
0, R—MREEEY K 808, PIHLEXMEEEHHL,

5.1.3 EI BRI M S

EEIRMARNL (Graph Convolutional Network, GCN) SHIEEE KK H1T T 15
¢, [ELO M 1R, FERUT,

1
y=gs(L)z =Y 6:Tu(d) = 6pz + 6, L
=0

HRNEX L = 2L — I, B Aoz = 2 BATATUNEE

maxr

Y= 00$+01(L—I)$

AT RIRTE RIETAERE L AT SRS RIETEMHE L = [ — D-Y2AD1/?
o REFENZL 0 = 0 = —017ILARE,

y =0z — (D V2AD?)x = (I + DY2AD )z



SRERIFA— N BT trick: I + D™V2ADY2 = DV2AD 12, 417
NEELD]

y=0(DV2AD %)

EN A TFEMEZMEHE | BR, F1< 00 W, MeTMEEIFRIGCN RIEXH %
(SN2

H(l+1) _ o.(_D—l/2AD—1/2H(l)W(l))

5.1.4 BIERME MRS

A TIE{ER PyTorch Geometric (PyG) 1EZ25%>] GCN, NMATEDEES., BoHE
EIEEATEBIEENERT, RIBELEMEREERENEHRITOEMNOR,

I3

IR

B EARERNESESFERUTN, EhoFHRRRAE, TSI D T
ERGIHIVESE 4.

ZHREETWARZIRE T EMAENER 2 EKEUESE, R TuDatasets, AILAEIT
PyTorch Geometric H1fY torch_geometric.datasets.TUDataset i5[8), IEFATINEH4E
BERV\IEIESEZ—, B MUTAG BUES:

import torch

from torch_geometric.datasets import TUDataset

dataset = TUDataset(root='data/TUDataset', name='MUTAG') # fn&#X

print()

print(f'Dataset: {dataset}:')
print('====================")

print(f'Number of graphs: {len(dataset)}')
print(f'Number of features: {dataset.num_features}')
print(f'Number of classes: {dataset.num_classes}')

data = dataset[0] # BRFUIEFHNE—IE

print()
print(data)

# RIGEN—LERITIFE

print(f'Number of nodes: {data.num_nodes}')



print(f'Number of edges: {data.num_edges}')

print(f'Average node degree: {data.num_edges / data.num_nodes:.2
print(f'Has isolated nodes: {data.has_isolated_nodes()}")
print(f'Has self-loops: {data.has_self_loops()}")

print(f'Is undirected: {data.is_undirected()}")

Downloading https://www.chrsmrrs.com/graphkerneldatasets/MUTAG.z
Extracting data/TUDataset/MUTAG/MUTAG.zip

Processing. ..

Dataset: MUTAG(188):

Number of graphs: 188
Number of features: 7

Number of classes: 2

Data(edge_index=[2, 38], x=[17, 7], edge_attr=[38, 4], y=[1])

Number of nodes: 17
Number of edges: 38
Average node degree: 2.24
Has isolated nodes: False
Has self-loops: False

Is undirected: True

Done!

ZEERSRRMT 188 NAEME, ESERETEDENMERN—X, BT
BEHREENE—TENR, BMANERES 17 TR (BF 7 #485Ias) A
38 &0 (PHERER 2.247), EXRE—TIRE (y=[1]). BT ZRIREEEZ5,
IR T BN 4 HEIDEEFE (edge_attr=[38, 4]), #AM, AT EREEN, BHIIXX
A=EREN].

PyTorch Geometric #2ft T —L B FRVST AR FRGEEEIES, HIa0, FATRILAFT
ELERSHERRT 150 TEERIIZGE, RRERRRIOERZ T :

torch.manual_seed(12345)
dataset = dataset.shuffle()

train_dataset = dataset[:150]



test_dataset = dataset[150:]

print(f'Number of training graphs: {len(train_dataset)}")
print(f'Number of test graphs: {len(test_dataset)}')

Number of training graphs: 150
Number of test graphs: 38

HEAMIBE IS T B EURLE IR E 22 MR, PyTorch Geometric i T —FF1E W BISREIE
STENAERZIMZPROINFITH. EXE, FBEEFEUTAANES (Bl
— M EEZMIIFENEERE), HETSMBEMFHEET REERE RS
12, SHAERFEL, ZEFREE —LXBME: (1) KT EREEAE
fJ GNN BEFAFEEN, AANBTAREBMNATTRZEAERIEES; (2) #
TRIBEFE AR A NIRRT, (NRFIEZTHRE (BhD), ARAEFEITESAFH
.

PyTorch Geometric 7£ torch_ geometrlcdata DatalLoader ZERIZEEBI T BENIEZ B
WBAHBENERE, HMHTEZEFHIT LRNERTE,

from torch_geometric.loader import DatalLoader

train_loader = Dataloader(train_dataset, batch_size=64, shuffle=

test_loader = Dataloader(test_dataset, batch_size=64, shuffle=Fa

EXE, %R batch_size 7 64, MMF4E 31 (FENLERE) MtE, BEFFRE
2:64+22=150 A&,

%R GNN #HTEIS RBE BRE— T E RN E:

N
)

AT ZEE R EERBRABT TR,
RBARSANFZ—NERAN (ELE).
B Ll &2E D REE.

At oae
ot =&

23

NFEEDE, BNFE—MELE (readout layer), BEHRELAN—ME & L2 HHE
T RERARIFIYE:

Lout = ‘ Z m(L

veV



PyTorch Geometric 18i torch_geometric.nn.global_mean_pool 1Z{HULINEE,

eEZ/IWETMETANTRBRAN EEEHtE, MtEfEHETEK/)
N [batch_size, hide_channels] HIEIERA., thEi2iR, BNEXBELFEE
FEHEARN,

2

1% GNN M REIE D L ESHNRERMU TR, FRIFeRBNIEERIZ:

from torch.nn import Linear
import torch.nn.functional as F
from torch_geometric.nn import GCNConv

from torch_geometric.nn import global_mean_pool

class GCN(torch.nn.Module):
def __init__(self, hidden_channels):
super(GCN, self).__init__()
torch.manual_seed(12345)
# {#F GCNConv
# RNTIEEERER(NE AT MERF A MEREEER GraphConv
# from torch_geometric.nn import GraphConv
self.convl = GCNConv(dataset.num_node_features, hidden_c
self.conv2 = GCNConv(hidden_channels, hidden_channels)
self.conv3d = GCNConv(hidden_channels, hidden_channels)

self.lin = Linear(hidden_channels, dataset.num_classes)

def forward(self, x, edge_index, batch):
#

—_

. FRETRERA

x = self.convl(x, edge_index)
x = x.relu()

x = self.conv2(x, edge_index)
x = x.relu()

x = self.conv3(x, edge_index)

# 2. EHEE
X = global_mean_pool(x, batch) # [batch_size, hidden_ch

# 3. NARENDESR
x = F.dropout(x, p=0.5, training=self.training)

x = self.lin(x)

return x



model = GCN(hidden_channels=64)
print(model)

GCN(
(conv1): GCNConv(7, 64)
(conv2): GCNConv (64, 64)
(conv3): GCNConv (64, 64)
(

lin): Linear(in_features=64, out_features=2, bias=True)

i

EIXE, BABEXER cocNconv M RelLU(x)=max(x,0) BUERIKSHERT mik
A, REEBRREDERNAIEEHEZ L,

IEBATISBATRIME L AR, BRGNS AR :
from IPython.display import Javascript

display(Javascript('' 'google.colab.output.setIframeHeight(@, tru

model = GCN(hidden_channels=64)

optimizer = torch.optim.Adam(model.parameters(), 1lr=0.01)

criterion = torch.nn.CrossEntropyLoss()

def train():

model.train()

for data in train_loader: # *MIREBEZHEEIE
out = model(data.x, data.edge_index, data.batch) # ®i&
loss = criterion(out, data.y) # iT&EiH%
loss.backward() # KEERE
optimizer.step() # ZEEH

optimizer.zero_grad() # #EEZE

def test(loader):

model.eval()

correct = 0

for data in loader: # XERIRBIZMMEUE
out = model(data.x, data.edge_index, data.batch)
pred = out.argmax(dim=1) # BV AMERAZEMERT



correct += int((pred == data.y).sum()) # S5EZIHREMEE
return correct / len(loader.dataset) # itEHEHER

for epoch in range(1, 171):
train()
train_acc = test(train_loader)
test_acc = test(test_loader)

print(f'Epoch: {epoch:083d}, Train Acc: {train_acc:.4f}, Test

Epoch: 001, Train Acc: 0.6467, Test Acc: 0.7368
Epoch: 002, Train Acc: 0.6467, Test Acc: 0.7368

Epoch: 169, Train Acc: 0.8000, Test Acc: 0.7632
Epoch: 176, Train Acc: 0.8000, Test Acc: 0.7632

FINER, BHNRRENARIT 76% AARINAERR, ERRIKNIRER A
HENREIESE (RE 38 TAE) KR, HE—EBIE GNN AEIEARAE
R, BEMIHER.

== |E)1g E B A2 R 45

SEER, RBBEMHEREE. ZgER, WIRMNIETRERRENAEDL
&, BINEETRNBEHE,

5.2.1 E|ERHE MK T I IRER

ARBAIMZGRIBEL R, BINZRTBHNEREN, MENPETRESRE
MAELA. BERMEME, MIxMEWTmHEESS

o W MMEEHITIEIR (Message Transformation)
o WPREEHRITRE (Message Aggregation)

RIELEXM TR, BA coN BMHNBBERAIURTAWMTLAR

(1
R =o' ) W h(v)‘ + " BY)

ueN (v



(1)
E$%—ﬁﬂfzwwwuﬁwﬁﬁﬂgﬁﬁf BHISRARA, B
hY) BY 2RB 8T aER0Eg,

MAERATE L AR HTEN, BAANEEENR D, , = Deg(v) = |N(v)|
lMIU%:lAN@),ﬁMﬁﬁﬂM%}Lﬁmw%%ﬂﬁmwlrbuﬂo
FE—%, LROARKEERATUS Y

HU) — U(b—1/2AD—1/2H(l)W(l) + H(Z)B(l))

TR, MRFENVAR W HEBEE ST REVRENTE, AT USFRIEE
GCN FTE—HFNARNT ., XB, HNDFAREMNZN T58HE, —EBEXTBEN
BETREHEERHRNRSE,

5.2.3 FEHEETNS—EAH GraphSAGE
ES R —B

MZEGEESRHENZDFEOMESELR, BMNTUEE—THA—EANEE
*/\H—l:l

s WNRKIEE

Vi
o WTNREBHIT

178%#% (Message Transformation)
RE (Message Aggregation)

TENARMESEHESRNSE—BR:
hItD = AGGL(AGG ({TRAN SV (D), u € N(v)}), TRAN SV (h1)Y)

Hi TRANS) ®RstETaERM0%H, TRANSY 2rnaasass
KR, AGG, RTHTBETREBNRE, AGG, *RNBESTREENR

PAN
Ho

ERXTR—ERT, ENA Graphsace ZHI, BITEENA—THITEEERE
ETEINEEE SIS (Graph Attention Network, GAT) , Ff1RIIAEEFE cCN
EHTRENMRERIZEZRENNENMIEFE 1 HTERMA. caT WE
AR 2RI & SR S IR EE, fﬁF?E??UE’]UEﬁ@?HiA Bixih, A8
MImE T RIEA—TNE, FI)REFEIXFDENE,

GraphSAGE

GraphSAGE /2 SAmple aggreGatE for Graph, EX FEMZIHEISRNA—NAET
A& GraphSAGE FIfEE IR LR, LI, EMADNAEXNESR GON 87 e



L EIIERET, REFEFIE GCN NEERIFMAEIER D AT R 9 ORISR B HIAE,
XEFAMMREEIEN D VG N FTEE, HEFESENERTNEIRERT
MR, XtE#1SE GraphSAGE AJ LA Inductive Learning,

2. GraphSAGE R T ETHBEREW AN, KE AGG REXHFILER
o 1Y
o Max Pooling

° LSTM

£ GraphSAGE ZHIHJ GCN f=28irh, MR RANEZEIIZLGLE RN, EMERES—5
ERHEXN BT A TER, SENIERAR, XMINGHXLRERE
REZTEEFAY, mini-batch AIIGRREZI]— N EEERNFTR, BARES
4% mini-batch F9BAB A% GraphSAGE HllE, GraphSAGE I2EE T —MRRAER., E

RImIERR D H3E

L BB HITHENREE, S—HMEFENDSEHAZT Sk 1

2. £ B 7T RAY embedding: FTRE ZHEBEIVFHE, ER—BERBERY
embedding, BRE—BAY embedding, 4 BT 2 embedding;

3. BT S embedding BIA £ ERNKSE BT T SRITUIME,

i 7 e
O-@
1. Sample neighborhood 2. Aggregate feature information 3. Predict graph context and label
from neighbors using aggregated information

[E5-3. GraphSAGE BiETifE (BERHENRSE)

TEHERIEXNEERE:

Algorithm 1: GraphSAGE embedding generation (i.e., forward propagation) algorithm
Input : Graph G(V, £); input features {x,, Vv € V}; depth K; weight matrices
WE VE € {1,..., K}; non-linearity o; differentiable aggregator functions
AGGREGATEg, Vk € {1, ..., K'}; neighborhood function N : v — 2V
Output : Vector representations z, for allv € V
1 h?,(—xv,VvEV;
2 fork=1..K do
3 forv e Vdo

4 h}/,, < AGGREGATE({h}™",Vu € N'(v)});
k k k—1 k

. h* « o (W - CONCAT(h¥ ,h/v(w))

6 end

7 | hE hE/||hk|y, Vo eV

8 end

9z, < hX wey

[E]5-4. GraphSAGE Bi[af& BRI R A TR



5.2.4 GraphSAGE {15

TEBAINE—T GraphSAGE FIfCAISEH, {EMAIRZ DGLHEZR (XEHAINSIN

DGL X TMEZRZ RN PyG M DGL IAEEMR Z(EM, 1REN S XM TMEREH

PRT#%) . Bef1A link prediction fERNRBIAYESS KA, Bef1CRIBRINE—THE
RIUIXMESS . SN, MHRHEE. DEHEE. MREENES, #HMAINE
BRAFEETON, BIFUNAMEE T RZEEEFER.

# SNBEXAE

import dgl

import torch

import torch.nn as nn

import torch.nn.functional as F
import itertools

import numpy as np

import scipy.sparse as sp

# S A\CorafiiE&E

import dgl.data

dataset = dgl.data.CoraGraphDataset()
g = dataset[0]

# HE&training set 1 testing set

u, v = g.edges()

eids = np.arange(g.number_of_edges())

eids = np.random.permutation(eids)

test_size = int(len(eids) * 0.1)

train_size = g.number_of_edges() - test_size

test_pos_u, test_pos_v = u[eids[:test_size]], v[eids[:test_size]

train_pos_u, train_pos_v = u[eids[test_size:]], v[eids[test_size

# DEAER
adj = sp.coo_matrix((np.ones(len(u)), (u.numpy(), v.numpy())))
adj_neg = 1 - adj.todense() - np.eye(g.number_of_nodes())

neg_u, neg_v = np.where(adj_neg != 0)



neg_eids = np.random.choice(len(neg_u), g.number_of_edges())
test_neg_u, test_neg_v = neg_u[neg_eids[:test_size]], neg_v[neg_

train_neg_u, train_neg_v = neg_u[neg_eids[test_size:]], neg_v[ne

MERRS, BEEMRBEFRERNILEFRL, ERIBAEE dgl. remove_edges

RITTAULEIRIE. dgl.remove_edges HKYTIRIRIEZMRIGEICIZEFE, MMEMR
B, FEYFREERRAIEZRIE, WREXEF, ERICRIIZANLERE
MR, MEMLE—1F,

train_g = dgl.remove_edges(g, eids|[:test_size])

TEBENERXE X —1GraphSAGEIR R :

from dgl.nn import SAGEConv

# ME—1MEN GraphSAGE 1&E!
class GraphSAGE(nn.Module):
def __init__(self, in_feats, h_feats):
super (GraphSAGE, self).__init__()
self.convl = SAGEConv(in_feats, h_feats, 'mean')

self.conv2 = SAGEConv(h_feats, h_feats, 'mean')

def forward(self, g, in_feat):
h = self.convi(g, in_feat)
h = F.relu(h)
h = self.conv2(g, h)

return h

RfE, ZERBEIITERTT RIRRZEED KIS FERER, BEE
H—EMLPREEZITERRA,

# MR EFATAERNE
train_pos_g = dgl.graph((train_pos_u, train_pos_v), num_nodes=g.

train_neg_g = dgl.graph((train_neg_u, train_neg_v), num_nodes=g.



test_pos_g
test_neg_g

dgl.graph((test_pos_u, test_pos_v), num_nodes=g.num

dgl.graph((test_neg_u, test_neg_v), num_nodes=g.num

ME_FEIRFIAOTINIREL, aN=FRFIMLP, El DotPredictor 1 MLPPredictor:

import dgl.function as fn

class DotPredictor(nn.Module):

def

forward(self, g, h):
with g.local_scope():
g.ndata['h'] = h
# BERRTE— LS4
g.apply_edges(fn.u_dot_v('h', 'h', 'score'))
# u_dot_v IREIT— 1-element HEE, FAUNEEEFEE

return g.edata['score'][:, 9]

class MLPPredictor(nn.Module):

def

def

__init__(self, h_feats):
super().__init__()

self.W1 = nn.Linear(h_feats * 2, h_feats)
self.W2 = nn.Linear(h_feats, 1)

apply_edges(self, edges):
Computes a scalar score for each edge of the given graph

Parameters

edges :
Has three members "~ “src’ ", "~‘dst'° and " "data’°, eac
which is a dictionary representing the features of t
source nodes, the destination nodes, and the edges

themselves.

Returns

dict

A dictionary of new edge features.

h = torch.cat([edges.src['h'], edges.dst['h']], 1)
return {'score': self.W2(F.relu(self.W1(h))).squeeze(1)}



def forward(self, g, h):

with g.local_scope():

g.ndata['h'] = h
g.apply_edges(self.apply_edges)

return g.edata[ 'score']

TEHRTEMESIIGERE

model = GraphSAGE(train_g.ndata['feat'].shape[1], 16)
# You can replace DotPredictor with MLPPredictor.

# pred = MLPPredictor(16)

pred = DotPredictor()

def compute_loss(pos_score, neg_score):

scores
labels

torch.cat([pos_score, neg_score])

torch.cat([torch.ones(pos_score.shape[0]), torch.ze

return F.binary_cross_entropy_with_logits(scores, labels)

from sklearn.metrics import roc_auc_score
def compute_auc(pos_score, neg_score):
scores = torch.cat([pos_score, neg_score]).numpy()
labels = torch.cat(
[torch.ones(pos_score.shape[@]), torch.zeros(neg_score.s

return roc_auc_score(labels, scores)

optimizer = torch.optim.Adam(itertools.chain(model.parameters(),

# Zk

all_logits = []

for e in range(100):
# BIEERE
h = model(train_g, train_g.ndata[ feat'])
pos_score = pred(train_pos_g, h)
neg_score = pred(train_neg_g, h)

loss = compute_loss(pos_score, neg_score)

# EMSH



optimizer.zero_grad()
loss.backward()

optimizer.step()

if e % 5 ==

print('In epoch {}, loss: {}'.format(e, loss))

# ITHAUC

with torch.no_grad():
pos_score = pred(test_pos_g, h)
neg_score = pred(test_neg_g, h)

print('AUC', compute_auc(pos_score, neg_score))

5.3 & Xk

[1] Cheng-han Jiang, Hung-yi Lee (F&E%R), 23] 7T EH Graph Neural
Network

[2] Jure Leskovec, Stanford University CS224W: Machine Learning with Graphs

[3] PyG EL#EE

[4] DGL EA#IZ - Link Prediction using Graph Neural Networks (GraphSAGE),

K >

BNE XRBERMEME


https://www.youtube.com/watch?v=eybCCtNKwzA&pp=ygUeZ3JhcGggbmV1cmFsIG5ldHdvcmsg5p2O5a6P5q-F
https://www.youtube.com/watch?v=eybCCtNKwzA&pp=ygUeZ3JhcGggbmV1cmFsIG5ldHdvcmsg5p2O5a6P5q-F
https://web.stanford.edu/class/cs224w/
https://pytorch-geometric.readthedocs.io/en/latest/get_started/colabs.html
https://docs.dgl.ai/en/0.7.x/tutorials/blitz/4_link_predict.html

