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XANTVEK E SR Ma and Belkin (2019), HHH & & KEE#FIH GPU
(RIAEAE AN AT TS B85 . 24 batch size 75— & VL B NR, IIZRFERT
SRS, R AN BE. %R B AR R EIXARE me . Bk,
m* BIR/NFIFRATH Gram matrix ()5 RRHIEAE 2 BLHEAR K] o AL A
TR RIE

We can calculate m™* (k) explicitly using kernel matrix K
(depending on the data),

= /\371((};&}) where 3(K) £ iilfﬁfnk(zi’mi)

For any shift invariant kernel k. after normalization, we
have 3(K) = max!" | k(z;, x;) = 1.

BRI, ATRAERX AR BIE G MR R m™ B RN IE —ANET
kernel K¢, 1% K, FEA K Gram matrix K HAHHF R4 E

BeA, 9T Al K ORIERCORE ¢ MR, A TR Tl A 75 72552817 M R
fiit

Input: Kernel function k(z, z), EigenPro parameter g,
mini-batch size m, step size 7, size of fixed coordinate

block s

initialize model parameter & = (o, ..., 0, )" « 0
subsample s coordinate indices ry,...,rs € {1,...,n}
for constructing %, which form fixed coordinate block
a, £ (arle---rau)T

compute top-q eigenvalues ¥ = diag(o1,...,0,) and
corresponding eigenvectors V. £ (€1,...,€4) of sub-

sample kernel matrix K, = [k(z,,. z,, )]

s
1,7=1
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fort=1,...do
1. sample a mini-batch (®¢,, v, ). ...,
2. calculate predictions on the mini-batch

f@y) =) aik(wiz,) for j=1,....m
i=1
3. update sampled coordinate block corresponding
to the mini-batch a; £ (avt,,..., e, ),
)T

4. evaluate the following feature map ¢(-) on the mini-

batch features z;,,
#z) = (k(x,,, ), - ..,
5. update fixed coordinate block - to apply .2,

2 & ‘
& —ar+n- = (f(@i) —w.) - VDV o(z1.)
i=1

where D £ (1 —ag- u-hn-t!

k(z,,.2)"

end for
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argmin ;- Z(f(ml) —y;)? subject to f(x) = ZaiK(:v, z;) Vx
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Hrp VL 72 Fréchet S, P ZET K AT ¢ MFAEEMRHE ) 23 AR
A, EAOPIRATE, Horp “EigenPro2” Xf M J7ik— 5.

Require: Data (X, y), centers Z, batch size m, Nystrom
size s,, preconditioner level g.

: Fetch subsample X, C X of size s

1 (A, E, A1) + top-q eigensystem of K (X, X;)

: C=K(Z, X)EA = \uA2)ET € Rp>s

: while Stopping criterion is not reached do

Fetch minibatch (X, y,)

gm < K(Xm,Z)C! — Ym

h K(Z Xm)gm - CK(Xs Xm)gm

6 + EigenPro 2.0(Z. h)

a+—a— "l
m

A o T
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FashionMNIST, laplacian bandwidth=5
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