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NAIF7VxRy NTEER
FEF—FDHY A X100

Bayesian Fully Supervised Viterbi EM Convex EM
networks Train Test Train Test Train Test
Synth1 723 06 790 .04 | 11.29 £.44 11.73 £38 | 896 +.24  9.16 +.21
Synth2 424 +0a 450 +03 | 6.02+20 641 +23 | 527 +18  5.55 +.19
Synth3 493 +02  532+05 | 781 +35 818 +33 | 623 +18 641 +.14
Diabetes 5.23 +.04 5.53 +.04 6.70 +.27 7.07 +.23 6.51 +.35 6.50 +.28
Pima 5.07 +.03 5.32 +.03 6.74 + .34 6.93 +.21 5.81 +.07 6.03 +.09
Cancer 2.18 +.05 2.31 +.02 3.90 +.31 3.94 1+ 29 2.98 +.19 3.06 +.16
Alarm 10.23 .16 12.30 .06 | 11.94 £.32 13775 £a7 | 11.74 .25 13.62 £.20
Asian 2.17 £.05 2.33 +.02 2.21 +.05 2.36 +.03 2.70 +.14 278 +.12
average loss 4 standard deviation
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min (Zi AW, <1>,L,)) —w(@WY ) + %tr(WTW)

where A(W,®;.) =log)>  exp(®;W1,)

Fenchel conjugate of A

A(w, ;) = max tr(0. ®; W) — A*(0;.)

where

A*(0;.) = sup tr(0L®;. W) — AW, ®;.) = O;.log O,
waq)i:
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min (Zi A(W, <1>,L-:)) (WY T) + %tr(WTW)
where A(W,®;.) =log)>  exp(®;W1,)

*Fenchel conjugate of A TA Z)BEE

max mm —tr(@log® ") —tr((Y — ©) " W) + %tr(WTW)

subjectto © > 0, 91 =1
* W% #% <
1

max —tr(©log® ") — 51T (Y - 0)' 3" (Y —0))

subjectto © > 0, ©1 =1
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