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Regression KRR
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Combined methods
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Our contribution

Park, a new large-scale KRR solver that

e combines the computational benefits of iterations, sketching and splitting

e preserves the generalization power under suitable partitions

e introduces a new principled partition scheme for kernel methods
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Input vs feature space partitions
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Input vs feature space partitions
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Input vs feature space partitions

X2y

0 — Xall2 = %012 + X212 — 2031, %2) (%) — B(x2) 3, = 2 — 222,
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ParK
1. partition the feature space into Q Voronoi cells:

Q
n=JVvq
g=1

WZ{MﬂiqzquWM@—¢@M&}

2. solve (iterated, sketched) KRR locally on each cell:

?q € Hq = spanVy

3. predict new samples on the corresponding cells:

fx)=fy(x)  ifg(x) €V,
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Theorem (Carratino, Vigogna, Calandriello, Rosasco '21)
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Generalization

KRR generalization without partitioning ||?— f2 S A+ @

Theorem (Carratino, Vigogna, Calandriello, Rosasco "21)
Let § = ming_x £(Hgq, Hi) and A\g = An/#Vq. Then w.h.p.

C052(9)> defr(A)

If = f.]12 < (1+ Q cos(6)) A + (1 + = .

When cells are orthogonal (i.e. H = 6]93:1 g ie. 0 = m/2) we recover |[f — f,]|2 < A+ Zen(2)

When cos(6) = O(min(1/Q2, \)) we obtain ||[f — f.||2 < O(A + %rld))
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Feature space Voronoi partitions

Voronoi centroids:
greedy select

Cgt1 = argmax  SC4(c)
CE{Xi}?:1\{C1 7"'7Cq}

K(c,c) K(c,cx)

where SCq(c) is the Schur complement of [K(ck, ¢)]{ ,_; in K(.c)T  K(cr,ch)
=  Ck k> Ch

ParK complexity: O(Q%nlog(n) + maxq t;Mqngq)



Experiments

TAXI n ~ 10° HIGGS n ~ 107
ERROR TIME (MIN.) ERROR TIME (SEC.)
(RMSE) (1—auc)
INIT  TRAIN  TOTAL INIT TRAIN TOTAL
PARK 312.0+0.2 2541 39413 64413 0.1824+0.001 3042 4744172 5044172
FALKON 311.7+0.1 - - 120+1 0.180+0.001 - - 715+6
D&C-FALK  356.2+0.2 - - 14+1 0.212+0.000 - - 50+1
D&C OUT OF MEMORY OUT OF MEMORY
AIRLINE n ~ 10° AIRLINE-CLS n ~ 10°
ERROR TIME (SEC.) ERROR TIME (SEC.)
(MSE) (C-ERR)
INIT  TRAIN  TOTAL INIT TRAIN TOTAL
PARK 0.760+0.005 641 7149 77+10 31.5+0.2% 9+1 55+6 64+6
FALKON 0.758+0.005 - - 33442 31.5+0.2% - - 391+5
D&C-FALK  0.834+0.005 - - 27+1 33.2+0.1% - - 20+1
D&C OUT OF MEMORY OUT OF MEMORY
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