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

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

Output: Vector representations z,, forall v € V

1 h? « x,.VoeV:

2 fork=1...K do

3 for v € Vdo

4 h(,, ¢ AGGREGATE,({hy ™', Vu € N(v)});

s h: — o (Wk - CONCAT(hF~1, hif(v)))

6 end

7 | hF « hk/|hE|,. Ve eV
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1. Sample neighborhood 2. Aggregate feature information 3. Predict graph context and label
from neighbors using aggregated information
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h* « o(W - MEAN({h* " 1Y U {h*~! vu e N(v)})

- JRUBIAICES:
hj; ) < AGGREGATE ({hy ™", Vu € N (v)});
k k k—1 1.k
h’ <—a(W - CONCAT(h} ,hN(v)))
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- SLHELESRT: HZEERZFE (micro—averaged H1
scores)

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. 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
GraphSAGE-pool 0.798 0.839 0.892 0.948 0.502 0.600
% gain over feat. 39% 46% 55% 63% 19% 45%

23



SHAZE

- SCUGESR2: IZ{THEF S SUEUKE

A

10" B er 3 0.06
i 10° I Training (per batch)
E , |E=2 Inference (full test set) —_ o
o 10 L 0.81} -0.04 £
O o =
0 10 = =
S —_— 3
o 10° S 079} J0.02 &
E 1 - — Micro F1
= 10 - — = Runtime

107 0.77 | . 0.00

0 25 50 75

\
.G Y& e'aﬂ 5‘?0065'\/6“{\\“ O\N

RN Neighborhood sample size

24



'nll\l\iliﬁ

o« FEMDINILL
— GraphSAGER—fheEizF AT =R EEE RSB+ K
#1 membeddingf—Ff3MIt(inductive) ZF S1HIER
« ZJAEINTLE
— GraphSAGERR T REMNGI, kT H &AL
GCNillgrBt AFFA R1F LBIREI, (FEEIREOTIANAZ
XMErBESasdEp, 2BRIJLVEME I EEEEMH

N

25



WS

- BIiEBIAN FH ik

- EXiE. £ ASRFSEXESENEIETRIERZZ i

mlaE) EFRNABIR
» AORBIATE

— V' BGraphSAGELAS
— IREAFPEI BB RAFEHE

Ao

IR

EZIEN

I

26



[1] William L. Hamilton, Zhitao Ying, Jure Leskovec.
Inductive Representation Learning on Large Graphs [Cl.
NIPS 2017

[2] GraphSAGE: GCNiZlihikie
https://zhuanlan.zhihu.com/p/62750137

27



28



MASE, BNEH, : ‘gij
B A Iﬁﬂi !
871, BESE

%, WEEE. B8F : -

SHE. AXHEME _
Ao AMATCSE, Fo

7 < ¢

29



