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Input Layer V( w)

Projection Layer v(w)

Output Layer

Sample: (w, C'ontext(w))
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Algorithm 1 DEepWALK(G, w, d, 7, t)

!

Input: graph G(V, E)
window size w
embedding size d
walks per vertex ~y
walk length t
Output: matrix of vertex representations ¢ € RIVIxd
1: Initialization: Sample ® from Y\vixd
2: Build a binary Tree T from V
3: for i =0 to v do
4: O = Shuffle(V)
5} for each v; € O do
6: W, = RandomW alk(G, v;.t)
T SkipGram(®, W, , w)
8 end for
9: end for
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BlogCatalog, Flickr, YouTube

« WEERiE: SpectralClustering, Modularity, EdgeCluster,

WVRN, Majority

% Labeled Nodes 10% 20% 30% 40% 50% 60% T0% 20% 0%
DEEPWALK 36.00 | 38.20 | 39.60  40.30 | 41.00 | 41.30 | 41.50 | 41.50 | 42.00
SpectralClustering | 31.06 | 3495 | 37.27 | 3893 | 3997 | 4099 | 41.66 | 42.42 | 42.62
EdgeCluster 2794 | 3076 | 3185 | 32.99 | 34.12 | 35.00 | 34.63 | 35.99 | 362D
Micro-F1(%) | Modularity 27.35 | 30,74 | 31T | 3297 | 34.09 | 36.13 | 36.08 | 37.23 | 3818
wvHN 1951 | 24.34 | 25.62 | 28.82 | 3047 | 31.81 | 32,19 | 33.33 | 34.28
Majority 16.51 | 16.66 | 16.61 | 16.70 | 1691 | 1699 | 1692 | 1649 | 17.26
DEEPWALK 21.30 | 23.80 | 25.30 | 26.30 | 27.30 | 27.60 | 27.90 | 23.20 | 28.90
SpectralClustering | 19.14 | 23.57 | 25.97 | 2T7.46 | 28.31 | 29.46 | 30.13 | 31.38 | 31.78
EdgeCluster 16.16 | 19.16 | 2048 | 22.00 | 23.00 | 23.64 | 23.82 | 24.61 | 24.92
Macro-F1{%) | Modularity 17.36 | 20000 | 20080 | 21.85 | 2265 | 2341 | 2380 | 24.20 | 24.97
wvHRN 6.25 | 1013 | 11.64 | 14.24 | 1586 | 17.18 | 17.98 | 188G | 19.57
Majority 2.52 2.55 2.52 2.58 2.58 2.63 2.61 2.48 2.62

Table 2: Multi-label classification results in BLoGCATALOG
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" Labeled Nodes 1% 2% 3% 4% 5% g T 8% 0% 10%
DEEPWALK 37.95 | 39.28 | 40,08 | 40.78 | 41.32 | 41.72 | 42.12 | 42.48 | 42.78 | 43.05
SpectralClustering — — — — — — — — — —
Micro-F1(%) | EdgeCluster 23.90 | 31.68 | 35.53 | 36.76 | 3V.81 | 38.63 | 3894 | 3946 | 3992 | 40,07
Modularity — — — — — — — — — —
wvRN 26.79 | 29.18 3.1 | 3288 | 35.76 | 37.38 | 3821 | 37.95 | d8.68 | 39.42
Majority 2490 | 24.84 | 2525 | 2523 | 2522 | 2533 | 2531 | 2534 | 2538 | 25.38
DEEPWALK 20,22 | 31.83 | 33.06 | 33.90 | 34.35 | 34.66 | 34.96 | 35.22 | 35.42 | 35.67
SpectralClustering — — — — — — — — — —
Macro-F1{%) | EdgeCluster 1945 | 25,01 | 28.15 | 29.17 | 28982 | 30065 | 30.75 | 31.23 | 3145 | 31.54
Modularity — — — — —
wvRN 1315 | 1578 | 19.066 208 | 2331 | 2543 | 2708 | b4 | 28.33 | 28.80
Majority fi.12 5.86 .21 fi.1 607 (.19 (.17 . 16 (.18 (.15

Tahble 4: Multi-label classification results in YoUuTUBE
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* B. Perozzi, R. Al-Rfou, and S. Skiena. Deepwalk: Online learning of social

representations. 2014.

« Word2vecP BI¥IF RIP iR

https://www.cnblogs.com/peghoty/p/3857839.html

o JIOJR{EZE: CS224niREEiC2 word2veciTt48

https://blog.csdn.net/li_dongchao/article/details/83589692# _3
8
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