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e Training set {(x;,y;)}}_;, where =; € R™ inputs and
y; € {—1,1} their labels.

e Lg-regularised logistic regression:

mua)x Z — log(l + exp(—y'wTw@-)) — )\H’ng (1)
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where ||w|], = (327, |wi] )1/,
— q < 1: non-differentiable at zero = sparsity.

— L1-regularisation (¢ = 1) is convenient but g < 1
seems to have added value in certain cases.

e Previously derived a data-independent PAC-bound
— polynomial, too loose

e Derive a data-dependent PAC-Bayes bound, by in-
terpreting the regularisation term as the log prior
of the following form:

q)\l/q

2I'(1/q)
where A > 0 and we are interested in ¢ € (0, 1].

GGD(wj|pj, N, q) = exp {—Aw; — |7} (2)



PAC-Bayes Thm for Lg-redg. logistic regression.
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e Q := GGD(wj;|w;, A\, §) and X, § can be chosen to tighten the
bound

o Qs = Envqly X0y I(h(mi) # wi)l,
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o KL(Q||P)=Epuq ln% = Z;.”:l KL[Q(w;)||P(w;)] is intractable,
but K L[Q(w;)||P(w;)] <
< KL[GGD(w;l0, X, )[|GGD(w;[0, X, q)] + Al;|*  (5)
where '=" holds whenever w; = 0.

® Qp = Prigy~p{h(x)#y} is the true (generalisation) error,
which is solved numerically from (3).
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