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Algorithm 1 Training Algorithm for the semi-supervised deep
model of SDNE
Input: the network G =
rameters o and v
Output: Network representations Y and updated Parameters: €
1: Pretrain the model through deep belief network to obtain the
initialized parameters # = {#'1), ..., #(F)}

(V, E') with adjacency matrix S, the pa-

22 X=S5

3: repeat

4:  Based on X and ¢, apply Eq. 1 to obtain XandY =Y.

50 Lomiz(X;0) = [(X=X)OB||%+20tr(YTLY )+ 1L ey

6:  Based on Eq. 6, use 0L, /00 to back-propagate through
the entire network to get updated parameters 6.

7. until converge

8: Obtain the network representations Y = Y (¥
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Figure 4: Micro-F1 and Macro-F1 on BLOGCATALOG.
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