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Experimental setup
• Take 80% for training and 20% for testing

• In Prior SVM bounds use 50% of training 
set to learn the prior

• Model selection: use the bound to pick C 
and the Gaussian kernel width from a 5x5 
grid [C={1,10,100,1000,10000}, s={.25, .5, 
1, 2, 4}· sqrt(dim)]

• Report bound on the Gibbs classifier and 
error on the test set
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Data-dependent priors

• Gaussian distributions for priors (Kullback- 
Leibler divergence easy to compute)

• Mean and Covariance matrix of the prior

• Common setting of PAC-Bayes bound 
considers zero-mean and identity 
covariance matrix as prior classifier 
distribution
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Mean vector
• Prior-SVM: Use part of the training data to 

learn prior direction [mean] (w) 

• Multiple Prior: consider J scalings     to 
place [spherical] Gaussians along (w)

• Expectation Prior: 

• MiniSVM:            , where       is an SVM 
trained with m samples.

ηj

E{yφ(x)}

E{wm} wm
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Covariance Matrix

• Identity Matrix: default choice

•   Prior: Stretch the covariance along the 
prior direction
τ
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Algorithms
• SVM 

•   Prior SVM η

6 Shawe-Taylor, J. et al.

we obtain
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and the result follows.

In order to apply the bound we need to consider the range of priors that
are needed to cover the data in our application. The experiments with the
Prior PAC-Bayes Bound required a range of scalings of w̃r from 1 to 100. For
this we can choose η = 50 and τ = 50, giving an increase in the bound over
the factor P⊥

wr
(µw)2 directly optimised in the algorithm of
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(9)

4 η-Prior SVM

The good performance of the Prior PAC-Bayes bound as a means to select
good hyperparameters for SVMs reported in [1] motivates the exploration of
new classifiers that incorporate the optimisation of the bound as a design
criterion.

The Prior PAC-Bayes Bound defined the prior distribution as mixture of
Gaussians along the direction given by wr and searched for the component in
the mixture that yielded the tightest bound. The τ -Prior PAC-Bayes Bound
presented above replaces the covering of the prior direction with a mixture
of Gaussians by a stretching of the prior along wr. This motivates the intro-
duction of the following classifier, termed η-Prior SVM. The η-Prior SVM is
a combination of a prior classifier, wr and a posterior one, v: w = v + ηw̃r.
The prior wr is determined as in the Prior PAC-Bayes framework, running
an SVM on a subset of r training patterns. The posterior part v and the
scaling of the prior η come out of the following optimisation problem:

min
v,η,ξi

�
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i=1

ξi

�
(10)

subject to

yi(v + ηw̄r)T φ(xi) ≥ 1− ξi i = 1, . . . ,m− r (11)
ξi ≥ 0 i = 1, . . . ,m− r (12)

Since the tightness of the bound depend on the KL divergence between the
prior and posterior distribution, the proposed minimisation of the norm of v

min
w,ξi
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ξi

�

subject to yiwT φ(xi) ≥ 1− ξi

i = 1, . . . ,m
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Data sets description

Problem # samples dim. Test Error (10FCV)
Waveform 5000 21 0.086 ± 0.008
Ringnorm 7400 20 0.014 ± 0.003

Pima 768 8 0.236 ± 0.031
Digits 5620 64 0.006 ± 0.002
Spam 4601 57 0.062 ± 0.008
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SVM: Bound tightness
Problem PAC-Bayes Prior PAC-B τ PriorPB Expec τ-Expec

han 0.175 0.107 0.108 0.157 0.176
wav 0.203 0.185 0.184 0.202 0.205
pim 0.424 0.420 0.423 0.428 0.433
rin 0.203 0.110 0.110 0.201 0.204
spa 0.254 0.198 0.198 0.249 0.255

M=4 M=16 M=64 M=128
Problem Expe τ Expe Expe τ Expe Expe τ Expe Expe τ Expe

han 0.163 0.176 0.172 0.176 0.176 0.176 0.177 0.176
wav 0.203 0.205 0.203 0.205 0.204 0.205 0.206 0.206
pim 0.432 0.435 0.435 0.436 0.446 0.440 0.458 0.445
rin 0.203 0.204 0.197 0.204 0.200 0.204 0.204 0.204
spa 0.251 0.255 0.250 0.255 0.255 0.255 0.256 0.256
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Prior SVM: Boundsη

τ Expe MiniSVM
Problem Prior-PB τ Prior-PB τ Expe-PB M=4 M=16 M=64 M=128

han 0.050 0.047 0.174 0.227 0.225 0.219 0.217
wav 0.178 0.176 0.215 0.246 0.243 0.241 0.242
pim 0.428 0.416 0.444 0.487 0.488 0.495 0.505
rin 0.053 0.050 0.222 0.290 0.289 0.288 0.289
spa 0.186 0.178 0.269 0.313 0.312 0.313 0.314
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Quality of Priors

MiniSVM
Problem Prior-SVM Expec M=4 M=16 M=64 M=128

han 0.0196 0.0890 0.0883 0.0765 0.0418 0.0285
wav 0.0921 0.3304 0.3001 0.1314 0.1057 0.0950
pim 0.2412 0.3568 0.3487 0.3071 0.2461 0.2403
rin 0.0203 0.4935 0.4944 0.4697 0.2214 0.1497
spa 0.0863 0.3900 0.3991 0.3528 0.1561 0.1143

Classification error rate of the prior classifiers on the test 
sets
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SVM model selection

M=4 M=16 M=64 M=128
Problem Expe τ Expe Expe τ Expe Expe τ Expe Expe τ Expe

han 0.008 0.008 0.008 0.008 0.008 0.008 0.008 0.008
wav 0.082 0.082 0.082 0.082 0.082 0.082 0.082 0.082
pim 0.238 0.238 0.243 0.238 0.240 0.238 0.240 0.238
rin 0.018 0.018 0.018 0.018 0.018 0.018 0.018 0.018
spa 0.066 0.066 0.066 0.066 0.066 0.066 0.066 0.066

Problem 2FCV PAC-Bayes Prior PB τ Prior PB Expec τ Expec
han 0.007 0.007 0.014 0.014 0.007 0.007
wav 0.090 0.084 0.088 0.087 0.084 0.084
pim 0.244 0.229 0.229 0.231 0.229 0.229
rin 0.016 0.018 0.018 0.018 0.018 0.018
spa 0.066 0.067 0.077 0.077 0.067 0.067
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Model Selection PSVM

τ Expe MiniSVM
Problem Prior-PB τ Prior-PB τ Expe-PB M=4 M=16 M=64 M=128

han 0.010 0.009 0.010 0.015 0.016 0.016 0.017
wav 0.087 0.086 0.085 0.085 0.085 0.085 0.085
pim 0.233 0.233 0.231 0.256 0.247 0.242 0.236
rin 0.016 0.016 0.018 0.020 0.020 0.019 0.018
spa 0.070 0.072 0.067 0.073 0.072 0.069 0.069
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Summary

• Data dependent priors yield tighter values 
of the PAC-Bayes bound for SVM

• The better the prior, the tighter the bound

• Bound driven model selection results 
comparable to 2fold crossvalidation

• To optimise the bound as a regularisation 
term leads to tightest bounds and 
acceptable classification error rates
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