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Learning Robust Sparse Kernel Classifiers

MATHIEU BLONDEL ! KAzUHIRO SEKI !
and KUNIAKI UEHARAT!

Despite state-of-the-art accuracy on many real-world datasets, kernel clas-
sifiers remain notoriously difficult to train efficiently because the model com-
plexity has a linear dependency with the number of training instances. In
this paper, we propose a novel incremental optimization algorithm for learning
sparse kernel classifiers in the primal. Strongly influenced by the kernel percep-
tron and kernel matching pursuit, our algorithm makes efficient use of training
data, is robust to label noise, can employ any convex subdifferentiable loss func-
tion and is simple to implement. Extensive experiments on several standard
datasets show that our algorithm achieves comparable or better performance
than several existing methods.
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Algorithm 1: Incremental optimization

Input: D
Parameters: B, m, A
Initialize SV coefficients: o < 0
Initialize SV candidates: C « {1,...,n}
Set: t+ 1
while ||a||lo < B do
Sample: A = subsample(C,m)
Select SV: i = select(A, o)
Compute prediction: §; = f(x:; a)
Compute update: u; = update(ys,Js)
Set: n, = learning_rate(t, \)
Regularize: o+ (1 — q\)ex
if u; # 0 then
Remove from candidates: C' < C — {i}
Set SV coefficient: a; < a; + neu;
end if
Set: t+—t+1
[Optional: Back-fit coefficients with Algorithm 2]
end while

Output: o
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i ~ Multinomial(0)

3.4 0D0000DO0DOOO

Algorithm 1000000 (7)0000000000000000 «a00000000
O00000000000000000000000000 Algorithm 100000 BO
000000000000000 BxmOOODOOODOOOO0OO0OO000O0000OO
O00000000000000000 n000000000000000000000
000000000000 0000000000000000000000000000
000000000000 000000000000000000000000000
000000000000 00000000000000000000000000000
O0000000000D000000000000000000Algerithm 100000
000000000000 00000 SO000000000002000000000
(3)000000000D0D0D0D0000000U0UD «0000DO0ODOOOO0
Algorithm 2 00 0000000000000 0 1000000000000000000
000000000000 000000000000e00000000000 7000
000000000000000000000 orthogonal matching pursuitd OMPEY O
O0D000O0OOMPOOOOOODOOOODOOOODOOOOOOODOOOODOO
000000000000 0000000000000000000000000000
0ooQ

3.5 00000
0000000000000000000000000000000000000000
0000000000000 0000000000O0O0O0Shalev-Shwartz 0% 000
O000000eO00000000000000000000000000000000
O00000000000000Algorithm 10000000000000000000C
00000 m|S|00000000000000000D00000 BOODODOOOOO
00000000 mB(B+1)/20000000000000000000 Algorithm 2 O
T|S|00000000000000000000000000000000 TB(B+1)/2
0000000000000 000000000000 SVMOOODOO »?200 »*00
000000 n > BOO

Vol.2011-MPS-86 No.2
Vol.2011-BIO-27 No.2
2011/12/1

Algorithm 2: Support vector coefficient back-fitting

Input: D, C, a,t

Parameters: \, T

repeat
Sample: i = sample(C)
Compute prediction: §; = f(x:; )
Compute update: u; = update(ys,Js)
Set: n, = learning_rate(t, \)
Regularize: o+ (1 — M\ ex
if u; # 0 then

Update SV coefficients: o < o + nrust)(x;)

end if
t—t+1

until 7" instances have been sampled

Output: o

4. 00 00O

goooooooooboooobobooboooboobooo

e JO00I0ODOOODODOUODOODLDOULDDOO

o JOOOODOOOOODOOOOOO

e JO0OOODOOOOOOOOOOODOOODOO

e JO0OOOOOODOOOODOO
O0000USPSOAdutODMNISTOOOOOOOOOOOOOOOOOOOOOOOO
oooobooooooooooobooooooboobooboooobooobooDbobOoooooboon
O00000oOoouSPSO MNISTOOOOOOOOODOODOOOOOOOOOOOOO
O000000AdultD 200000000000005s000000000000000
0000000000000 0000 USPSO MNISTOOOOOOOOODOOOOOO
000000000 00o0o0oOooo0o0D o0oooooooooOoouspPSoOO8OOd
OO00O0O0000C0MNISTSOO 20000000000000000MNISTOOOOO

(© 2011 Information Processing Society of Japan



gooooooood
IPSJ SIG Technical Report

0 1 Datasets

Name Train Test Feat #SV
MNISTS8 60,000 | 10,000 780 760
MNIST8+N | 60,000 | 10,000 780 11,642
Adult 32,561 16,281 123 6,650
USPS0 7,291 2,007 256 228
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