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PyG E#HE MR AHESE

PyTorch Geometric (PyG) is a geometric deep learning extension library for
PyTorch.

L i 8] 8 25 I 4% T & HEZE or benchmark
XA, https:/github.com/thunlp/OpenNE
EfK, https://github.com/palash1992/GEM
Deep Graph Library (DGL) https://github.com/dmlc/dgl

Pitfalls of Graph Neural Network Evaluation, https://github.com/shchur/gnn-
benchmark

PyG %
TS PyTorch — fikAH &
Pythonic
R REPEGE, R AR
HHOCAESI T RENEAA DS,
haslE, T,

e " B9EIR, IBEXEEM: campus.swarma.org

@ PyTorch

geometric

Installation

Intreduction by example

Creating message passing networks

Creating your own datasets

torch_geometric.nn
torch_geometric.data
torch_geometric.datasets
torch_geometric.transforms

torch_geometric.utils

€) RB¥E
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' Neighborhood Aggregation & MessagePassing

Neighborhood Aggregation. Generalizing the convolutional operator to irregular domains is typ-
ically expressed as a neighborhood aggregation or message passing scheme (Gilmer et al., 2017)

= (k) k = {k—1} k) [ =(k=1} =(k-1) =

l JEND)

I R i ] e
' gather([f,-) ,__{_______.__'_}_.l scatter_| |([,-) /

! Y
Figure 1: Computation scheme of a GNN layer by leveraging gather and scatter methods based on
edge indices I, hence alternating between node parallel space and edge parallel space.
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I PyG Z3&

HEEET pyenv 428

Jo&a< python 3.6.3 S PA_E A

B IR

74 PyTorch 1.0

%3¢ PyG

Mac i 22 fp AT, F PAf#HE xcode gec Jids h]

MACOSX_DEPLOYMENT_TARGET=10.9 CC=clang CXX=clang++ pip install -i
https://pypi.tuna.tsinghua.edu.cn/simple torch-scatter torch-sparse torch-cluster torch-
spline-conv torch-geometric
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PyTorch/PyG Code Frame
* model .
* model is a combination of E
* conv (GCNconv/Conv2d.....)
* Linear
*relu / elu
* pooling def _ init_ (self):
* dropout super(Net, self)._ imit_ ()
* andwith self.convl = nn.Conv2d(1, 2@, 5, 1)
* log_softmax (for classification problems.) SELT-Conv: & Gn-Lonvzolie, 28, %A
* dataset & dataloader self.fcl = nn.Linear(d4=4£58, 50880)
* batch_size, work number, path, etc. self.fc2 = nn.Linear(300, 10)
* normalize (mean=0, std=1 or min=-1, max=1)
* train
* output = model(input)
* loss.backward)
* optimizer.step()
* test
* output = model(input)
* without loss.backward)
* show accuracy and metric.
* main
* define optimizer (Ir, weight_decay...)
* use gpu
* iterate over each epoch

pytorch/example/mnist.py

labal = % lbEl = 0 label = 4 label = 1

rlass Net{nn.Module):

def forwardi{self, x):

= F.relu(self.convl(x]))
F.max_pool2dix, 2, 2}
F.relu{self.conv2{x))
F.max_pool2di{x, 2, 2)
X.view(-1, 4=4x50)
F.relu(self.fcl(x))

= self.fc2(x)

return F.log_softmax(x, dim=1)

= o HW W M K A
1

Akl = 8

pyg/example/cora.py

class Net{torch.nn.Module):

def _ init_ (self):

super(MNet, self)._ imit ()
self.convl = GCNConv(dataset.num_features, 16,
self.conv2 = GOMConv(16, dataset.num_classes, cached

cached=True)

# self.convl = ChebConwi{data.num_features, 16, K=2)

F self.convd = Cheplonvilb, data.num_Teatures, k=Z)

forward{self):

x, edge_index = data.x, data.edge_index
x = F.relu(self,convii{x, edge_index))

X = F.dropoutix, tra g=self.training)
x = self.conv2(x, edge_index)

return F.log_softmax{x, dim=1}

L “ N TEE & =757 AR, BXEEM: campus.swarma.org
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I RS SCI--Model

LeNet-5 Architecture

RsEaER .

" A7 % (edge_index) [ Fema——y
L s : \ 1 |:‘l*)
- 3 : i ] | K

a7l L T —

C3: 1. maps 16@10x10

C1: feature maps 54: f. maps 16@5x5

INPUT
32x32 Rgpe

S2: f. maps
B@14x14

Convolutions

Original Image published in [LeCun et al., 1998]

GCNNet

GCHNConv GCNConwv

{x)

- / |::> log softmax [ _

b T

N

|
Full (xmriect'rnn ‘ Gaussian connections
Subsampling Convolutions  Subsampling Full connection

(label)

Case_Based
Ganetic_Algorithms
Meural Metworks
Probabilistic_Methods
Reinforcement_Learning
Rule_Learning

Theary
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A SCIN

PyTorch/PyG Code Frame
* model
* model is a combination of
* conv (GCNconv/Conv2d.....)
* Linear
*relu/ elu
* pooling
* dropout
* endwith
* log_softmax (for classification problems.)
* dataset & dataloader
* batch_size, work number, path, etc.
* normalize (mean=0, std=1 or min=-1, max=1)
* train
* output = model(input)
* loss.backward)
* optimizer.step()
* test
* output = model(input)
* without loss.backward)
* show accuracy and metric.
* main
* define optimizer (Ir, weight_decay...)
* use gpu
* iterate over each epoch

X2

pytorch/example/mnist.py
label = 5 label = 4 label = 1 ke = B

SHON- N/l

kwargs = {'num_workers': 1, 'pin_memory': True} if use_cuda else {}
train_loader = torch.utils.data.DataLoader(
datasets.MNIST('../data', train=True, download=True
transforn=transforms. Compose( [
transforms. ToTensor(),
transforms.Normalize{(0.1307,), (@.3081,})
1),
batch_size=args.batch_size, shuf
test_loader = torch.utils.data.Dataloader(
datasets.MNIST('../data', train=False, transform=transforms.Compose([
transforms. ToTensor(),
transforms.Normalize({(0.1307,), (@.3081,})
1),

batch_size=args.test_batch_size, sh

£

le=True, *xkwa rgs}

uffle=True, #+kwargs)

" BOENIR, BEXEEM: campus.swarma.org

pyg/example/cora.py

dataset = 'Cora’
path = osp.join{osp.dirname{osp. realpath{_file }), '..',
dataset = Planetoid(path, dataset, T.MormalizeFeatures())

data = dataset[@]

) KEFHE

campus. swarma.org
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Cora &UF

Cora

-https://github.com/tkipf/pygcn/tree/master/data/cora

r id> <word_attributes>+

- cora.content: <pape

<class label>

D
X
g
)
=
-+
=
)
L
4+
(QV
-
)
o
©
o
~—
S
o
o
©
o

If a line is represented by
"paper2->paperi”.

- cora.cites: <ID of cited paper> <ID of citing paper>
- class_label

* Genetic_Algorithms

* Case_Based

* Neural_Networks

* Probabilistic_Methods

* Reinforcement_Learnin

g

g

* Rule_Learnin
* Theory

.
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Cora ##

Tl

- :T—JP/\\ )%‘rii 1433 Qﬁﬁﬁﬁ one-hot ﬁaﬁ[ﬁﬁﬁmi \"_‘ g81: [1586, 1511, 317],
/J%Ln %1}2, i%ﬁfii GCNConv % S AR, AIRGE, 082: [1332, 2148],
i N EUES : [17e8, 1524, 2822, 1519],
- PyG WG FA KA ERS 1 2 2y : [1236, 912, 12851,
" HJ TRRESER, : [1421, 1752, 1458, 1544, 1545, 2446, 2447, 176],
H.. 25X cora.content, cora.cites,

[1974]

[922],

[1768, 366, 628],

[1624, 911, 1330, B69, 1861, B69],
[1885, 1460],

(992, 733, 2044, 2045],

https://github.com/kimiyoung/planetoid/tree/master/da
ta

trans.cora.graph 2: [1148, 453, 792],
[826, 826],
trans.cora.tx g94: [832, 1435, 1457, 1414, 1483, 223, 1515, B771,
E (695, 1119, 2636, 1699, 1948, 898],
trans.cora.ty : [182, 861, 91, 1894, 656, 198],

[1148, 2349, 771],
[2273, 1111)],
[2659, 968, 22086, 1269]

trans.cora.x

trans.cora.y

e " B9EHR, BEXFEEM: campus.swarma.org =3 gead i

campus.swarma.org



Cora ##

Tl

Tr?n vaﬁqpuun Tgm

data.test_mask
tensor(([6, 6, 8, ..., 1, 1, 1], dtype=torch.uint8)

data.train_mask
tensor((1, 1, 1, ..., 0, 0, 0], dtype=torch.uint8)

data.val_mask
tensor([0, 0, @, ..., O, 0, 0], dtype=torch.uint8)

14 data

14 Data(edge_index=[2, 18556], test_mask=[2788], train_mask=[2708], val_mask=[2788], x=[2
708, 14331, y=[2708])

26 data.y
26 tensor([3, 4, 4,

e " B9EHR, BEXFEEM: campus.swarma.org =3 gead i

campus.swarma.org



A SCIN

PyTorch/PyG Code Frame
* model
* model is a combination of
* conv (GCNconv/Conv2d.....)
* Linear
*relu/ elu
* pooling
* dropout
* endwith
* log_softmax (for classification problems.)
* dataset & dataloader
* batch_size, work number, path, etc.
* normalize (mean=0, std=1 or min=-1, max=1)
* train
* output = model(input)
* loss.backward)
* optimizer.step()
* test
* output = model(input)
* without loss.backward()
* show accuracy and metric.
* main
* define optimizer (Ir, weight_decay...)
* use gpu
* iterate over each epoch

X2 HIZNIR,

pytorch/example/mnist.py

jabel = % label =4 iabel = 1

SHON- /W<

def train{args, model, device, train_loader, optimizer, epoch):
model.train()
for batch_idx, (data, target) in enumerate(train_loader}:
data, target = data.to(device), target.tol(device)
optimizer.zero_grad()
output = modelidata)
loss = F.nll_loss{output, target)
loss.backward()
optimizer.step()
if batch_idx % args.log_interval == @:
print({'Train Epoch: {} [{}/{} {{:.@f}%)]\tLoss: {:.6f}'.format(
epoch, batch_idx = len(data), len(train_loader.dataset),
188. * batch_idx / len{train_loader), loss.item{)))

def test(args, model, device, test_loader):

mode L.eval()

test_loss = @

correct = @

with torch.no_grad():

for data, target in test_loader:

data, target = data.to({device), target.to(device)
output = model(data)
test_loss += F.nll_loss{output, target, reduction='sum').item{) # sum up batch loss
pred = output.argmax(dim=1, keepdim=True) # get the index of the max log-probability
correct += pred.eq(target.view_as(pred)).sum(}.item()

EXFEM: campus.swarma.org

pyg/example/cora.py

def train():
model.train()
optimizer.zero_grad()
F.nll_loss{model()[data.train_mask], data.yl[data.train_mask]).backward()
optimizer.step()

def test{):

model.eval()

logits, accs = model(), [I]

for _, mask in data('train_mask’,
pred = logits[mask].max(1)[1]
acc = pred.eqldata.y[mask]).sum().item{) / mask.sum().item()
accs.append({acc)

return accs

'test_mask'):

Y =
N .
HE:

transductive learning, llZxi0EHiE, train_data Fil
test_data %‘[Siéﬁj AZ|Me&d (data G577 train_data 1
test_data) , {H2HA train_data %} W34 Ti1%%, AF
DA, 2| data.train_mask

<& ¥ b

campus. swarma.org



A SCIN

PyTorch/PyG Code Frame
* model et

* model is a combination of RS B CRECEN IEESER Aee
* conv (GCNconv/Conv2d.....) E .
* Linear
*relu/ elu
* pooling
* dropout

* endwith
* log_softmax (for classification problems.)

* dataset & dataloader
* batch_size, work number, path, etc.

pytorch/example/mnist.py pyg/example/cora.py

* normalize (meanZO, Std=1 or min=_1’ maX=1 model = Net().tol{device) device = torch.device( 'cud?' [ torch.cuda.::Ls_a\.raiLable[:| else 'cpu')
o . optimizer = optim.SGD(model.parameters(), lr=args.lr, momentum=args.momentum) model, data = Net().to(device), data.to(device)
train optimizer = torch.optim.Adam(model.parameters(), 1r=0.081, weight_decay=5e-3)
* OUtpUt = mOdG'(InpUt) for epoch in range(1, args.epochs + 1):
* Ioss.backward() train{args, model, de\..rj.ce, train_loader, optimizer, epoch) foit epoch-dit Fangei1; 280)'s
o .. test(args, model, device, test_loader)
optimizer.step() train()
* test log = 'Epoch: {:03d}, Train: {:.4f}, Test: {:.47}'
* output — model(input) print(log. format{epoch, #test()})

* without loss.backward)
* show accuracy and metric.
* main
* define optimizer (Ir, weight_decay...)
* use gpu
* iterate over each epoch

B " BEIR, IEXEER: campus.swarma.org RE ¥

campus.swarma.org



LB HEZR R PYyGI A

pytorch_geometric/examples/cora.py, a4

ESTRES,
eg. TR
o . eg. pytorch_geometric/examples/cora.py FHIER
g MR LA e
!‘ﬂ&:.:fll
- pytorch_geometric.data
. " s pytorch_geometric.datasets
Graph EUiETFHER - o, s N
dataloader ASN .'
: ) - ¥\ ) utils F1 transforms 125 F R
¥ & eg. iTET = degree &
A pytorch_geometric.nn iR {HA04EH
graph B/ AT: or
BASa i SR, BT MessagePassing I3 Conv &1k
REFHONERRE
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I HIRHRE ML K PyTorchX

BRAMES, SIOIL‘II/ — S04

eg. FEHRFIBRDE

pytorch/examples/mnist/main.py

TREE A L1

Canvoluhons. Subsaming Comolubons  Subsampling Full sonnacton

Ful connechan Gaussian connectons

pytorch/examples/mnist/main.py HRAHER

Image ¥UBTEER
dataloader

torch.utils.data.Dataloader

Image RUE/NETT:
BB | FoehiOISRiE,
RELEANESRE A

nn.Conv2D

L “ N TEE & =757 AR, BXEEM: campus.swarma.org
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' Neighborhood Aggregation & MessagePassing

Neighborhood Aggregation. Generalizing the convolutional operator to irregular domains is typ-
ically expressed as a neighborhood aggregation or message passing scheme (Gilmer et al., 2017)

= (k) k = {k—1} k) [ =(k=1} =(k-1) =

l JEND)

I R i ] e
' gather([f,-) ,__{_______.__'_}_.l scatter_| |([,-) /

! Y
Figure 1: Computation scheme of a GNN layer by leveraging gather and scatter methods based on
edge indices I, hence alternating between node parallel space and edge parallel space.

L “ N TEE & =757 AR, BXEEM: campus.swarma.org Q S8F6E
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KRASLIN--GCNConv

class GCNConv(MessagePassing):
def __init_ (self, in_channels, out_channels):
super(GCNConv, self)._ init_ (aggr-‘'add')
self.lin nn.Linear(in_channels, out_channels)

forward(self, x, edge_index):

edge_index = add_self_loops(edge_index, num_nodes-x.size(@))

x = self.lin(x)

turch gEﬂmEt ric . nn self.propagate('add', edge_index, size-(x.size(®), x.size(@)), x=x)

message(self, x_j, edge_index, size):

row, col = edge_index

deg degree(row, sizel@], dtype=x_j.dtype)

deg_inv_sqrt - deg.pow(-0.5)

norm = deg_inv_sqrt[row] * deg_inv_sqrt([col]
norm.view(-1, 1) x_j

def update(self, aggr_out):

aggr_out

https://rusty1s.github.io/pytorch_geometric/build/html/notes/create_gnn.htmi

<& ¥ b

o™  campus.swarma.org
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KRASLIN--GCNConv

class rJrNrnnu(Mp-:sagePassmg)
def| __init__ (Gelf, ha ls, © ls
superluLNLonv, | ‘add' )
elf.lin nn. Llnear{ln channels, out_channels)

del forward(self, x, edge index):

edge_index add_self_loops(edge_index, num s=x.size(@))

elf.lin(x)

turCh—gEﬂmEt ric.nn GCNCG"‘J‘ OR self.propagate('add’', edge_index, =(x.size(0), x.size(0)), x

message(self, x_j, edge_index, size):

row, col - edge_index

deg - degree(row, size[@], dtype-x_j.dtype) EEETRET
deg_inv_sqrt - deg.pow( 0.5)

norm - deg_inv_sqrt[row] deg_inv_sqrt[col]

norm.view(-1, 1)

defi update(self,

aggr_out

https://rusty1s.github.io/pytorch_geometric/build/html/notes/create_gnn.htmi

e " BOENIR, BEXEEM: campus.swarma.org 4 ) SR8 FEH
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KRASLIN--GCNConv

class GCNConv(MessagePassing):
def __init_ (self, in_channels, out_channels):
super(GCNConv, self)._ init_ (aggr-‘'add')
self.lin nn.Linear(in_channels, out_channels)

The GCHN layer is mathematically defined as

0 = Z 1 (B _ Xc_k—l:n)
1 i L]

o=t a/deg(i) - y/deg(j
JEN(IU{i] \K g() \/ g(jj edge_index = add_self_loops(edge_index, num_nodes-x.size(@))

def forward(self, x, edge_index):

where neighboring node features are first transformed by a weight matrix ®, normalized by their
degree, and finally summed up. This formula can be divided into the following steps:

x = self.lin(x)

self.propagate('add', edge_index, size-(x.size(®), x.size(@)), x=x)

def message(self, x_j, edge_index, size):

Add self-loops to the adjacency matrix.
. ; row, col = edge_index
Linearly transform node feature matrix. deg - degree(row, sizel0], dtype-x_j.dtype)
. : deg_inv_sqrt - deg.pow(-0.5)
Normalize node features in ('b norm - deg_inv_sqrt[row] * deg_inv_sqrt([coll]

Sumn up neighboring node features ( "add" aggregation). ADrReviewicln 1) = %

moh wppR

Return new node embeddings in . daf updutelselt, aggr ott):

aggr_out

https://rusty1s.github.io/pytorch_geometric/build/html/notes/create_gnn.htmi

ESE 2 " BIENIR, EXEEM: campus.swarma.org '5 =8
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KRASLIN--GCNConv

class GCNConv(MessagePassing):
def __init_ (self, in_channels, out_channels):

i}%iﬁ&lg, prlnt+eX|t j(% super(GCNConv, self).__init_ (aggr-'add')

self.lin nn.Linear(in_channels, out_channels)
p!‘ir'ltl: dge_index.shape_} forward(self, x, edge_index):

edge_index = add_self_loops(edge_index, num_nodes=x.size(@))
print(edge_index.shape)

exit()
edge_index = add_self_loops(edge_index, num_nodes-x.size(@))

(py3k) Shawn-Wang-MacBook-Pro:graph—-neural-network-pyg shawnwang$ python cora.py
torch.Size([2, 10556])

torch.Size([2, 13264]) x = self.lin(x)

self.propagate('add', edge_index, size-(x.size(®), x.size(@)), x=x)

message(self, x_j, edge_index, size):

class GCNNet(nn.Module):
def __init_ (self, dataset):
super(GCNNet, self).__init_ ()
self.convl = GCNConv(dataset.num_features, 16)
self.conv2 = GCNConv(16, dataset.num_classes)

row, col = edge_index

deg - degree(row, sizel@], dtype-x_j.dtype)
deg_inv_sqrt - deg.pow(-0.5)

norm = deg_inv_sqrt[row] * deg_inv_sqrt([col]

norm.view(-1, 1) x_j
Wang-MacBook-Pro:graph-neural-network-pyg shawnwang$ python cora.py

def update(self, aggr_out):

print(x.shape)
x = self.lin(x)
print(x.shape)
exit()

aggr_out

ER " BORIR, EEEERN: campus.swarma.org JRE¥H
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def forward{self, x, edge_index):

edge_index, _ = remove_self_loops(edge_index)
edge_index = add_self_loops(edge_index, num_nodes=x.size(@))

, / X = X.unsqueeze(-1) if x.dim() == 1 else x
i : T o B s .
.\., 7 [iabel] - gt S row, col = edge_index
. O e
. oG ey S
{4 w ¥ = torch.matmul({x, self.weight)
1. Sample neighborhood 2. Aggregate feature information 3. Predict graph context and label = out = Ecatter_man{xlcﬂll » TOW, dim=@ ' ':ij."'l_E ize=x, Size{ﬂ} }
from neighbors using aggregated information

Figure 1: Visual illustration of the GraphS AGE sample and aggregate approach.
if self.bias is not Mone:

out = out + self.bias

Algorithm 13 l'."rr:l.lm."i.-tfil;. |_-||Lh:|.||.|mg generation ii.e., Fowraw JrropEEation) u.!gnri!hln
Input : Graph GV, £); input features {x,,Yv € V); depth K'; weight matrices
Wi vk e (1, ... K} noa-lingarity o differentiable aggregatos funclions
AGOREGATE, Wik £ (1, ... K'}; neighborhood function A @ v — 2V out = F.normalize{out, p=2, dim=-1}
Ot = Vector representations 2, fodall o £ VW

if self.normalize:

t h —x, YeeV: return out
1 fork=1_.NKdo
a for o = Vo
4 hE. . — acGrEGATE({hE ! Yu & M{v)} )k
l ! i : T T normalize (bool, optional): If set to :obj: False’, output features
; h" : ”[“ CONCAT (b, 'h."-'- ---'} will not be :math: \ell 2" -normalized.
L ]
7 Ih}_ — b /hk ||y, e € v )
: # B " https://github.com/rusty1s/pytorch_geometric/blob/master/torch_geometric/nn/conv/sage_conv.py
w0y, T E
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GAT

exp(e;;)

«;; = softmax;(e;;)

exp (LeakyReLU (a’f‘ Wi, ||wﬁj]) )

A ken, eXP(eik) )

Qi =

e exp (LeakyReLU (&7 (W, ||wﬁ,,.f]))

concat/avg /.
> B

def forwardi{self, x, edge_index}:

edge_index, _ = remove_self_loops(edge_index)
edge_index = add_self loops(edge_index, num_nodes=x.size(@))

¥ = torch.mm(x, self.weight)}.view(-1, self.heads, self.out_channels)
return self.propagate(edge_index, x=x, num_nodes=x.size(@))

def messageiself, x_i, »_j, edge_index, num_nodes):

# Compute attention coefficients.

alpha = (torch.cat{[x_i, x_jl, dim=-1) * self.att).sum{dim=-1)
alpha = F.leaky_relu{alpha, self.negative_slope)

alpha = softmax(alpha, edge_index[@], num_nodes)

# Sample attention coefficients stochastically.
if self.training and self.dropout = @:

alpha = F.dropoutl{alpha, p=self.dropout, training=True)

return x_j * alpha.view(-1, self.heads, 1)

https://github.com/rusty1s/pytorch_geometric/blob/master/torch_geometric/nn/conv/gat_conv.py

campus. swarma.org
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' idie

1. RS SR E R Sk, nIW k. BN, i e gk, AL B M .
2.3 LRI E. fil4n, mnist il cora, graph Flimage, CNN 1 GCNConv, BifaAsFrflE TR K.
3. WA, print+exit, fRIES NHE—ITRIEFT, HEEE.

4. 5% [ IR ORISR (TOARTBLA R A TEM) . LI A Model FT GONConv )5 4t
43 24 LA

5. Don't reinvent the wheel. PyG 21t TR £ & H iR EC4E utils B, Hounit degree, %iit true_positive,
f1_score X%t metric.

B " ATEE & ExFEST AR, BEXEEM: campus.swarma.org Q S8FH
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— 258351 Graph Network BHJFH A4 %
- sacred (https://github.com/IDSIA/sacred) , 52k (HSH. EW. KREEHE LK) S8
- tensorboard, #fifk, debug

%, EAEBSHMIE (BAgraph)

WJD ?gﬁ ¥, EWAERYE (accuracy)
A '

ZRFE ®, MAER (ZEKEE)

=N S %, FRIWAR (GPU. mem)
- H KWK, PyTorch-BigGraph
- itk e 4%? Tian Qi Chen, 2018 NIPS Best paper, Neural Ordinary Differential Equations

B " ATEE & ExFEST AR, BEXEEM: campus.swarma.org Q SE8F 6
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| X@k (BR) %

W AR SO I B HY B EE TR
4, https://github.com/shawnwang-tech/graph-neural-network-pyg
Peter Battaglia. 2018. Relational inductive biases, deep learning, and graph networks

Michael Defferrard. 2017. Convolutional Neural Networks on Graphs with Fast Localized Spectral
Filtering

Petar Velickovic. 2017. Graph Attention Networks

William Hamilton. 2017. Inductive Representation Learning on Large Graphs
Oleksandr Shchur. 2018. Pitfalls of Graph Neural Network Evaluation

Matthias Fey. 2019. Fast Graph Representation Learning with PyTorch Geometric

Palash Goyal. 2018. dyngraph2vec Capturing Network Dynamics using Dynamic Graph
Representation Learning

Thomas Kipf. 2017. Semi-supervised Classification with Graph Convolutional Networks
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BERZ 3]

RS EFAIERE
fk%: %%1 /E.F\I:IB

- MFS: EEFE

EBAZERRS ERERBARS
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