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1)OVERVIEW
GENERALIZATION BOUNDS AND PAC-BAYES
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L(p) < L(p) + complexity(p)

[

Risk Empirical Risk

EL(p) < EL(p) + BKL(p||r)



PAC-BAYES BOUNDS

EL(p) < EL(p) + BKL(p||r)




| MODELING CHOICES
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RISK-COMPLEXITY PLOTS:
A MORE INTUITIVE WAY OF COMPARING BOUNDS
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MODELING CHOICES

Choosing the prior mean to be the random DNN initialization is
very important!



OVERVIEW OF RESULTS
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* Optimizing the posterior diagonal covariance. O
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2)DETAILS
MEAN-FIELD VI
1

. 1 )
Fewﬁ(e)ﬁg?,ly(fe)} + %(KL(IO(H)HN(:U’inita Al)) + In g)

Zﬁggagf(fé’z) HZ[LI@—I—\/O',a @N(O,I) M ; remains fixed
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MEAN-FIELD VI WITH FIXED POSTERIOR MEAN
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MEAN-FIELD VI GRID SEARCH




MEAN-FIELD VI RESULTS
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QUADRATIC APPROXIMATION

Cs(X,Y;p,m) = Egpio) L% (fo) + BKL(5(0)||m(0))
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QUADRATIC APPROXIMATION

Lemma 4.1. The convex optimization problem
ming, En-p(o)[in"Hn] + BKL(5(0)|[n(8)) where
(0) = N(“paz“) and (0) = N(”’w,/\zw) is
minimized at

B

;= B(H + 5

=07 (6)

where H = V2EA§;",'Y( fe) captures the curvature at the
minimum, while X is the prior covariance.

U

Posterior

Lemma 4.2. The optimal prior and posterior covariances
for ming, o Enp o) (507 Hn] + BKL(5(8)||(8)) with
p(0) = N(ps,05) and 7(0) = N(pr, Aox) have ele-

ments

1 48h;
(05:) " = %[hi + \/h'zz + (Mﬁf—mn)z], (7
nz [\/ sz 1L ) hi]a (8)

where H = V2£§( "y (fo) captures the curvature at the

minimum.
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UADRATIC APPROXIMATION RESULTS
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BLOCK DIAGONAL RESULTS
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