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Eliminating the Regularisation
Parameters (1)
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Eliminating the Regularisation

Parameters (2)
op(w) Laplace  (logp(w) o > |w|)
o p(a )
p(a )=1/a (Jeffrey’s Prior)
\ / W 0 w;
aW =1 Jii ¥
P(w) = (j) exp{—alw} = oW [3 : expi —akFw tda.
Gamma integral, [, 2¥~te ™ #dr = ¥\ 1 T(W)
N p(w) = 55~ g
8 EW — Z Z |u'1'-‘:_'}r'| Sparse Multin(la\lrﬁj Logistic :R_egression via

i—1 jzl Bayesian L1 Regularisation ( )




Eliminating the Regularisation
Parameters (3)
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o LASSO L1
Cross-validation
(CV Expensive)

o Relevance Vector Machine (RVM)

(d3) d

NIPS
Sparse Multinomial Logistic Regression via
Bayesian L1 Regularisation ( )



SBMLR( ) SMLR
a )
O
T Error Rate '{Z.‘mss Entropy ] Spﬂrsit:v P T?SNILR
SBMLR | SMLR | SBMLR | SMLR | SBMLR | SMLR FRAEL
Covtype 0.4051 | 0.4041 | 09590 | 0.9733 | 0.4312 | 0.3069 0.69635
Crabs 0.0350 | 0.0500 | 0.1075 | 0.0891 | 0.2708 | 0.0635 2.7949
Glass 0.3318 | 0.3224 | 0.9398 | 0.9912 | 0.4400 | 0.4700 1.9445
Iris 0.0267 | 0.0267 | 0.0792 | 0.0867 | 0.4067 | 0.4067 1.9802
Isolet 0.0475 | 0.0513 | 0.1858 | 0.2641 | 0.9311 | 0.8598 1.3110
Satimage 0.1610 | 0.1600 | 0.3717 | 0.3708 | 0.3694 | 0.2747 1.3083
Viruses 0.0328 | 0.0328 | 0.1670 | 0.1168 | 0.8118 | 0.7632 2.1118
Waveform 0.1290 | 0.1302 | 0.3124 | 0.3131 | 0.3712 | 0.3939 1.8133
Wine 0.0225 | 0.0281 | 0.0827 | 0.0825 | 0.6071 | 0.5524 2.5541
I t
s | (=2 100 )
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