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Algorithm 1 #HE B2 X 2%
1: // Initialization
2: Set P(C|W) to uniform distribution
3:
4: form =1to M do
5. // Learning of lower layer
6: C~GP-HSMM(S,P(C|W))
7.
8

: // Learning of higher layer
9: V,.W~HSMM(C)

10:

11:  // Parameter update

12:  Update P(C|W) from W
13: end for
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