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— BEEEME R (locally linear embedding)
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+ DeepWalk

BANE (M%)

Algorithm 1 DEEPWALK(G, w, d, v, t) v
Input: graph G(V, F) VIS B
window size w I

embedding size d T
walks per vertex -y
walk length ¢ v
Output: matrix of vertex representations ® € R!"1*? —> BERLIEE
1: Initialization: Sample @ from U'"1*? I
2: Build a binary Tree T from V SKipGram E #i 2
3: for 1 =0 to v do B
4: O = Shuffle(V)
5:  for each v; € O do sy
6: W,, = RandomW alk(G, v;,t) R
T SkipGram(®, W,,, w)
8: end for
9: end for = GEIEERR 18
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+ Node2vec
- BEME (homophily )
— &5 —81 (structual equivalence)

22



SHAZSE

- Biased random walk

Ty = apq(t, X) * Wyy

p
Apg(t,x) =31 Ifdy =1
1
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- Node2vec

Algorithm 1 The node2vec algorithm.

LearnFeatures (Graph G = (V, EZ, W), Dimensions d, Walks per

node r, Walk length [, Context size k, Return p, In-out q)
m = PreprocessModifiedWeights(G, p, q)
G' = (V,E,n)
Initialize walks to Empty
for iter = 1 to r do

for all nodes u € V do

walk = node2vecWalk(G’, u, 1)

Append walk to walks
f = StochasticGradientDescent(k, d, walks)
return f
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