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Glossary

= 4RFE neighbor

= B%1Z path

. cycle

= EEM connectivity

= ZFEiB5 2 connected component

= /INMEFRILS small world phenomenon

o B ZEH the clustering coefficient
o E9 7 degree distribution
o FIJEEEKE average path length

=JCHAE triadic closure
1+ bridge & 12 local
bridge

BRKXREIX R strong tie &

weak tie

SREESEE neighborhood
overlap

#5437 structural hole
B %4> graph partitioning
[& ;1 homogeneous

5H heterogeneous
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» BREMIEAZWMERTINGR
» FBRMIER, REELE/IMTRENAR
» FTB2RITH, IEEITMNERAEBURININR
» Supporting Principle (proposed by Heider)
my friend” s friend is my friend, the enemy of a friend is my
enemy, my enemy’ s enemy is my friend (or may become
one), and so on
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» A (clique) HAEEHE (compelete graph)
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Inductive representation learning on large graphs. from
NIPS2017.

Here we presetn GraphSAGE, a general inductive framework that
leverage node feature information to efficiently generate node
embeddings for each node.

> Author 1. William L. Hamilton

2. Rex Ying
3. Jure Leskovec



http://stanford.edu/~wleif/

8] 7|

Inductive representation learning on large graphs. from
NIPS2017.

Here we presetn GraphSAGE, a general inductive framework that
leverage node feature information to efficiently generate node
embeddings for each node.

» Author Transductive Learning
; ; S B R ME R, TR
Inductive VS Transductive AT

RILHEER, IhrRGIERESTENHABIBITHIR.

Inductive Learning

YA S S M A A 2 SIS AT RN, FFIFRL
U3 B A

KEEARER, XN ENABIAADELEREX, B
R I SERR SR BIHEATHIR
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Inductive representation learning on large graphs. from

NIPS2017.

Here we presetn GraphSAGE, a general inductive framework that
leverage node feature information to efficiently generate node

embeddings for each node.
» Author
Inductive VS Transductive

> Representation Learning
node embeddings

Representation learning

FORF S NIRFAES >, RFIANRZ IRARBRNE

— PR EX RN E R LRI,

Word2Vec #Hi2—EFBRINMFREIRA, THEHRE

g}tg?ﬁ% FAFLULEX AN EEREREN
Dy

Male-Female Verb tense Country-Capital

Word2Vec £—E2E ¥ 35| T B2 IR K R.
WBEA-ZA=BE-XfF
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Inductive representation learning on large graphs. from
NIPS2017.

Here we presetn GraphSAGE, a general inductive framework that
leverage node feature information to efficiently generate node
embeddings for each node.

» Author
» Inductive VS Transductive

> Representation Learning
node embeddings

Kz
1. Sample neighborhood 2. Aggregate fealure information 3. Predict graph contex: and label
m us regat

ising fed information

> G ra p h S AG E : Figure I: Visual illustration of the GraphSAGE sample and aggregate approach.
sampling and aggregation




155 T E 452K node classfication

SEZ AR D AR ER
% Reddit ThF2 A ARERIHTX ERR
SEHRXEMEZARX D ERRINEE
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WoS Reddit PPI Tissue
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» Factorization-based embedding approach
> Deepwalk

» Supervised learning over graph

» Graph convolutional networks



Word2Vec

the transfer matrices

CBOW

—log P(We|We s s Wem1, Wer1s s Wepm)

b \Input layer
N We must learn W and W'
. Hidden layf 0 P 19

Figure 1: This image demonstrates how
CBOW works and how we must learn

B Output layer
We must learn Wand W /' [}

VB

o ¥z

Figure 2: This image demonstrates how
Skip-Gram works and how we must
learn the transfer matrices

Skip-Gram

—log P(We_pm) s Wee1, We1s o Wem [We)

. Continous Bag of Words Model(CBOW) #1 Skip-Gram Model from

cs224

I

Ln ST ST A
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Deepwalk

O(v; ) D
(2) Random walk generation. (b) Representation mapping. (c) Hierarchical Softmax.
Algorithm 1 DEEPWALK(G, w, d, 7, t) Algorithm 2 SkipGram(®, W,,, w)

Input: graph G(V, E) 1: for each v; € W,, do
window‘size w 2 for each ux € W,,[j —w: j +w] do
emﬁ(eddmg slie d 3 J(®) = —logg’]r(uk | ®(v;))
walks per vertex y . -0 24
walk lsngth t g o
Output: matrix of vertex representations ® € RIVI*¢ 6
1: Initialization: Sample ® from Y!V*¢

2: Build a binary Tree T from V'

3: for i =0 to y do

4: O = Shuffle(V)

5:  for each vi € O do

6: W,, = RandomW alk(G, v; t)
7 SkipGram(®, W,,,, w)
8: end for
9: end for

() e e J{,E o | ; !,.—,\'_‘/ \‘f.-._\ _




GCN

>P_"ﬁ</

hidden
layers
input layer output layer
(a) Graph Convolutional Network (b) Hidden layer activations

. GCN ﬁ/l—\Tll_.

KR XEENESGY, BERIEIMH=E, REHITER
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Embedding generation algorithm

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

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

Qutput : Vector representations z,, for allveV

1 h « x,,VoeV;

2 fork=1...K do

3 for v € V do

4 hY,(,, < AGGREGATEL({h}™',Yu € N'(v)});
k k k—1 k

5 hy «— o (W - CONCAT(hy rh,vm))

6 end

7 | hk « hE/|hk|,, eV

8 end

9z, —hf voey




Learning parameter and Loss function

» Supervised Loss
crossEntropy loss

» Unsupervised Loss

Jo(z) = —log (0(2)2,)) = Q-Eyyrp,iv log (o(~2)2,))

v's a node that co-occurs near u on fixed-length random walk,
o is the sigmoid function, P, is a negative sampling
distribution, and @ defines the number of negative samples.



Aggregator Architectures
» Mean Aggregator

h% <« o(W - MEAN({hX"1} U {hXL Vu e N(v)})
» LSTM Aggregator
> Pooling Aggregator

AGGREGATEN* = max ({0 (Wpoolhﬁi - b) Vuie N(v)})




Results

Table 1: Prediction results for the three datasets (micro-averaged F1 scores). Results for unsupervised
and fully supervised GraphSAGE are shown. Analogous trends hold for macro-averaged scores.

Citation Reddit PPI

Name Unsup. F1~ Sup. F1  Unsup. F1 ~ Sup. FI  Unsup. FI  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 0422
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
GraphSAGE-pool 0.798 0.839 0.892 0.948 0.502 0.600
% gain over feat. 39% 46% 55% 63% 19% 45%




Ideas and Combination

> BiRE
Signed Graph Analysis for the Interpretation of Voting
Behavior [6]

» BOX

Signed network embedding in social media. [7]
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