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KBS 7:84U

— B3>0
K =~ RRT, R:inxr {713l (r K n)

- I r [ EHFYKRSLTELTELY

BBIEYHIT, J S LITHDREFBEDBEITRNIEAFLONT
LS. (Widom 1963, 1964; Bach & Jordan 2002).



B TR D
— A=) EIF
f(x) =YT(Ky + AL) 1k(x) time : 0(n®)

ES>95818: Ky ~ RRT.

Woodbury® 2 ZFFALVSH &
YT(Ky + AL) 'k(x) = YT(RRT + AL 'k(x)
= %{YTk(x) —YTR(RTR + AL.) " RTk(x)}

time : 0(r?n + r3)



Woodbury® 42 =

-

EIE5. 1 Woodbury (Sherman—Morrison—Woodbury) @z
A:n X nA]EEITH], U:n X r{TH, V:r x n175

A+ UV)t=4"1— A1y +VA~lU)"vat.

~

REBA) EfEEER.

q%‘: T = 10)&%,
1

(A+uvh)1=4"1- T UTA_luA_luvTA_l.




25 2121 . .\ &73
1§ : Cholesky% fiz
A:n X n FIEFEEITS.
A DCholesky7#%: A = RRT
R: TH=A1T5
— Fact:rankA =r D EE, HHERITH P hdH-T,

R 0
_ ppT _ |f11
PAP = RR", R = [R21 0]

Ri:r X r FH4T5, ARKSILIE

— NHFFHLEIZHEETS.



— Choelsky/ fEMD & &E %

)i J
o |

A = R RT
| T .

1<j<is<nD&EE

j j-1
Ajj = z RikRjk = RijRjj + Z RikRjk
k=1 k=1

LT=h\>T
—1
Ay = X2 RucRjk
ij = R

RjiZRDBE Ry (+1<i<n)FRy(k < HITKYRFES.
> SICET 2 FRETEA AL

R G+1<i<n)
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A5t £ Cholesky

— Cholesky 7 f#Z R P E TITD.

— ELEREDFFMAAIEE: Tr[A —RRT] <€
[7ZILT )X L]

A:n X nFIEFEMEITS, e: LELVE

1. [#1#A1E] i=1. R=Null, A’ =4, P=1,.R;; =4;;(1<j<n).

2. |If Z}lzl-Rjj < ¢, END. Otherwise, go to 3.
3. j'= argjr:r%ﬁ?fn R;;
4

[EH#] A, = A A = Al Rl = R i)t
Py = Pj+j- = 0,P;+ = Pj+; = 0.

5. Ry =4y
6. [EiFIDETE]
Aip1mi — Z{c_:ll Rit1mkRik

Rit1mi = R
j

7. AT DERH] R = Aji — Yhe=1 Rjzk ((+1<j<n)
8. i:=i+1andgoto?2.
Output: n x (i — 1)1T5I R, EH21T5| P
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n
RDFIEMN r £ET5BHE,
— Bfl: RTYT6T, 0(ni). & o(nr?).
— AE—: 0(nr) CE: R;;[FRIEHIZLTEHL)
— FiFDFEICIE, ADFEIFIEXNBRRTUNMEOTULVELY.
2> Gram{TAlZ &I NTEE T HHELLL.
FHo>TWLWAGram{THDEZREHL 0(nr).

B ERE
- R (i+1<j<n)IZA-RR" ORABESEEMRTVIT).
i
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Nystromiz{Ll

— NystromitflE, HEEHEBNMERAFRDORBEBEZ -BEEEDEEFE
ELTHRISGNTLV=.

— Williams & Seeger (2001) AAGram{T 5 LlIZiS L =.
—- BEEERRE: KXEEEI—RIL
| ko.000dPe) = 2900, [ pG02aPe) =1
BEMBEAL =1, = =0, T HEENTNIL ¢y, by, ...

- X, Xy, ., Xy ~ P, iid. [Z&DIELL
m

1 1w
Ez k(y, X)) p(X;) = 1 (y), EZ d(X;)? =~ 1.
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y = X; L’EB(&
1 m
Z KGO ~Ap(X),  — > $OX)* =1,

KMOEFSE: KM = ympAmym’  Am = pjagai™, . A0

ALl -
A

¢:i(X;) ~vym U, A=
FEED y IZHL,

VAN m
»;(y) z/l(—;:l)z k(y'Xj)Uj(i ) o)
i j=1

m
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B Gram{T5 Ml
- P = %Z{;l 6Xi Xl' ,Xn TU:)T)I/O)?_Q
- Xg, o, X PN —8 YT IV (EED=8, HRFIXIILHDOmME)

m=nhELEHEZEFE.

) A
n

¢i(X;) = VU=, A= —

n
HLLDIE, U, AV DELL (*)&Y,

m
m 1 ~ _ n ~
Ui = MWE KoUg? =0V (1<j<n), AW ~—a™=1"
i a=1

m

&5(2, REVEOEFEDHEESE
p

K~ ) AWM T =K, Nystromigi
i=1
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B Nystromia LlDER £
- KMOEBEEFSE: 0(m?)
- ﬁi(n)a)ﬁ‘l'%i: KilZDE 0(nm)

k—AJ)L 0(m3 + pnm)

16



Random Kitchen Sink

— ERICKREGT—F(10A~)GETHLHEITLZETE

— 5% : Bochnerd®EHE
R™ L EHG CR{TREIARELTH—RIL

k(x,y) = f exp(V—10T(x — ¥)) dA(w)

ASEEBIELZDOT, BYICERETHIZEIZXY,
HERBE [ dA(w) = 1 IZERIELTEL

— Random Kitchen Sink (Rahimi & Recht 2008)
BiR#MEETH T T

(1)1,...,(,UL ~ A, ||d
L

1
k(x,y) = Zz exp(\/—_la)?(x — y))

£=1
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L

k(x,y) = z exp(V—_lw?(x — y))

=1

D—RILHERIEELET HE,

L

k(x,y) ~ Z w}(x —))
B Zz{cos(w{) x) cos(wpy) + sin(wpx) sin(wyy)}
=1

Z(x) = —(cos(wlx),...,cos(w!x),sin(wlx), ..., sin(w!x))T

VL
EBNT
k(x,y) =~ ZT(x)Z(y)

- Z(x) TEREREHELT, UyDRIBHEEFITD =~ A—FRILE
(L&KnDIRR. TS5 LTHTRELLELY)
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W3y

— Rahimi & Recht 2008 Tl&, Core Vector Machine &Y+ &L iR

ZRTLNS.

Dataset Fourler+L.S Binning+LS CVM Exact SVM
CPU 3.6% 5.3% 5.5% 11%
regression 20 secs 3 mins 51 secs 31 secs
6500 instances 21 dims D = 300 P = 380 ASVM
Census 5% 1.5% 8.8% QG
regression 36 secs 19 mins 7.5 mins 13 mins
18,000 instances 119 dims D = 500 P=30 SVMTorch
Adult 14.9% 15.3% 14.8% 15.1%
classification 0 secs 1.5 mins 73 mins 7 mins
32,000 instances 123 dims D = 500 P =30 svMlight
orest Cover 11.6% 2.2% 2.3% 2.2%
classification 71 mins 25 mins 7.5 hrs 44 hrs
522.000 instances 54 dims D = 5000 P = 50 libSVM
KDDCUP99 (see footnote) 71.3% 71.3% 6.2% (18%) 8.3%
classification [.5 min 35 mins 1.4 secs (20 secs) < 1s
4,900,000 instances 127 dims D = 50 P?=10 SVM+sampling

— Random Kitchen sinkl&, T—2ZEbH T [ZOBDEEZSF L
[TES cf. TS LTHDIRS VL.

— Tsang et al 2005 Tl&, CVMIEZAR5E2Cholesky kY £ 7L VE
= CTREZFDHA ElIROHEREEFFTLS. .
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EEED—RIL KX, Y) : X Y I[ERIRILT—RTHLTEL
uys

- FAET—A2THOK
« RESMESIVURILE = RMJLY
- YI)—HEE
« JSORBEINTF=-T—4

— B—RILiE D> FERTRIILT—R2DORIK)LE
H—RILMEERSNDE, SVM, H—RJLPCA, LEDF|RH ATRE

- HETARELD = T—RRHT BT ILTI kX, X)
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AR5

mXk)H
— FILI7RyL 3. BRES
— ANV SOHOBEZRDEREDS

- ) ¥={a,b,c,d,..,z}
AK)>% cat, head, computer, xyydyaa,..

1 2P REp DA T &K 3
O X EFEOESORN) UK 3 = Yozp
o

. 0_ . oo (1S, -4

S: 8:S,...8, ARJUTIZHL
Is| -+ RRULY s DES =n
s[i:j] ==+ s...5 &LYD s DERH S
s, t[ICRL#EA st=s;5,...5,t;t,... t_
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ARN) O h—=2)L

BN T h—FR)L
1 Y EDERINF-IEEEA—RIL === 2DDARIT s, t DEELL
&
- —HTREPFIEZ L FRAATHZL
- MEMLEHEOIRNEE --- BRIGEHEX)GE

Dynamical Programming (DP)

W 52 R ph7a G B 5T
- BAREENE
« XZF5|: x={ab,c, ..., 7}
o HZEF|: X={HELK)}
— /LB
e /L ={AT,G,C)
o« RINDE: Y={T7Z/B}205FFH)




AN h—RILDIEGHA
B/ LERRINDTIA AR
B3I NIBEDEETA
— FPI/BEERRE|: Y=20f T/

7LES_DROME LKLLRFLGSGAFGEVYEGQLKTE. . . .DSEEPQRVAIKSLRK
ABL1_CAEEL I IMHNKLGGGQYGDVYEGYWK . .. . . . .. RHDCTIAVKALK. . . ... ..
BFR2_HUMAN LTLGKPLGEGCFGQVVMAEAVGIDK.DKPKEAVTVAVKMLKDD
TRKA_HUMAN I VLKWELGEGAFGKVFLAECHNLL . . . PEQDKMLVAVKALK

BEHl > MAEBEDISRETE

- T—HR—X
SCOP (Structural Classification of Proteins) 75 &
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P-ANINT LA—FIL

- RS p DES D EREIWERFENIMILET D
| Z|=m, uE xv
3’ (s) :}{(Wl,wz) eX xT|s :Wluwz}{ s s uDOHIEREE
®:3 S>H=R™,  ®°(s)=(4(©)),,,

FZER: RS p OAEEK - mP R

Ko(s,t)= TaP(s)aP (1) = (@P(s), @ (1))

uex? H
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3-ANRIT L

s = “statistics”

t = “pastapistan”

s: sta, tat, ati, tis,

iIst, sti, tic,

ICS

t: pas, ast, sta, tap, api, pis, Ist, sta, tan
sta|tat | ati | tis | ist | sti | tic | ics |pas | ast | tap | api | pis | tan
D(s) | 1 1 1 1 1 1 1 17101000070
o) | 21000110001 1 1 1 1 1

Kis, ) =1-2+1-1 = 3
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B - ARV LA—TRILDETEE
Kp(5.)= ZgP(S)gP (1) = (DP(s), @ (1))

uex?
i U

s L[| L [ 1 | [ [ ]

— BRI T SIEE]
#5550 U %, BPDDIES j u

#5351 suffix (FERH) D t T

B8 (prefix)& 25 tyft]
1 s ® p-prefix =t @ p-prefix

s0-]
0 s p-prefix #t M p-prefix

[sl—p+1]tl—p+1

Ko(s,t)= 2> 2 h (s[izi+p-1t[j:j+p-1])

i=l  j=1

BEE = Ol s I t)
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Bp-ARINSLA—FRILOEFE ()
(L, |s|+|t| (L TERIEEFR O(p(|s|+|t])) THEITHIHELHD

— Suffix Tree

AR T DT RTD suffix ZREBETHEMIZRT 7ILTIVX L
{5]) ababc

ababc
babc
abc
bc

— E¥L<I[Z% Vishwanathan & Smola 03, Gusfield 97.
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DAY T HhH—RIL

B JYEMLTESINZERANSD

— All-subsequence kernel: T RTOE R HIFLERS

— Gap weighted kernel: ¥¥vI7#Ed
— Mismatch kernel: Leslie et al. (2003)

SFEERXRSKAGD

B HERPEEZICELHTD
— Fisher kernel: Jaakkola & Haussler (1999) HMMTETJL1EL,
S faf DdivergenceZ (Eh 3
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Marginalized kernel

BERETIVICHEDN—RILERE
z=(x)

X: BAISNIER Y1 Y2

y: BUAISNELENE R

(T—REERT HEE)

p(xy) : (X y) ISR T HHERET IV X4 X,

K, (21,2,) : ZISRITHEFEED—RIL

|:> Vi, Y, DIREEER(R
k(X11 Xz) = ZZ p(yl | Xl) p(y2 | XZ)kz ((X1’ yl)’(X21 yz))

Y1 Y
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] 15“ unknown unknown

y, 122122122 y, 1 221221 exon/intron
x3y; ACGGTTCAA x, ACCGTAC  DNA
known known

— p(x,y) [XENTILIATETIL(HMM) IZK- TR FH (y: B iREE

1
_ k,(z,,2,) = Z Z C.i(2)C,i(z,) 111111112222
12012 ] 21 0ac a0 alclg|T|alc|a|T
C.(@): (i) dAIUE 1(1]1]0(2({1]|1]|2
111111112222
— Marginalized kernel A|C|G|T|A|C|G|T
K(%, %) =22 P(Y1 [ %) P(Y, | X)K, (21,2,)  |1]1]1]0]1[2]0]1

Yi Y2
HMM#AN 5 &5 N



757&ED1)—

57 "
— V: /—F(node, vertex) -+ HIRES F
— E: TvyP(edge) - VxV DOEHREE ARY 5
— BAYS57: EQRAZEEEZ-LD

(a,b) € E DEE, andbAKENEHK

« /—Fad#: (ba) €EE%LSD

« /—FadF: (ab) €EELSBD .
_ ®M557: EOREEENELED MET 57

W V!)—(directed rooted tree)

— FEHELEERYISTT, HOEWNL—F/—FN
FHEL, D& /—FIFRE1ELTEHDLD
— )= Y )—DHTFDEN/—F

> Y —



) —h—=R)L
- Y2 B0 EICEESNEEREA—FI

O: v)—T1T a D) e H HHMERIMLER)
— KFRB7EHI
HIV)—D—HIZKYI—RILETEET D
» All-subtrees kernel

k(T T,) = 2265 (1) (T)
1 THASEHIYY—ELTED
¢s (T) = {

|0 TS EHTYY—ELTEEAL
- BIRXTEHEMRE. 5HEE = O(T4| T,

— E¥#AlL Collins & Duffy (2002, NIPS) % EES B
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- BASHELEADIGH

fa XX AR
Jeff ate the apple.
HIT V1) —D 4
/\ N N D
NP VP /K | |
/\ D N apple the

Jeff ate D N
‘ ‘ D N

/NK
D N
N V N ‘ ’
‘ A the  apple /NP\ /NP\
D N
the apple
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57—

B S LICEZESNI-EEEA—FIL
— JIS2ETTT7DELNEZRS.
- INUAFT ST
J/—RETYDITTIRILHADNTLND.
L: SRNILDESE (BERES)
FRNIFTZ7 G=(V,E, h)
V: /—F, E:ITwY,
h:VUE—-L SRNIILFFITOES

- F
« ILEYDEET A
Cl H
N4 o~
. BS=E —
g 143 — | nnmii CI< S\CI
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B Marginalized graph kernel

— RIIDOFN)L
S: ViV, Va3 Vg Vg ===

=2 H(s) = h(vy)h(es,)h(v,)h(eys)h(vs)h(vas)h(vs)- - -
= 'YaOCCBbOLbB " an

- RINDHER - SUELIF—D

- /—FREIDEBHER o
[UiopE/—Fo%k) ())eE
pv; Vi) = 0 (i,j)eE

« RIIDIEER
P(S) = p(Vy) PV, [Vy) P(Va | V,) P(Vs [ V5) P(Vs | V) A

557 LD LA —H1Z EYEL BRI OREE
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— SRILRFIZFTEH—RIL
K L'xL _ 1 (H;=H,)

L - ><|—, KL(Hl’HZ)_ 0 (H ;tH)

1 2

— Marginalized graph kernel
Gy =(Vy, By hy), Gy=(Vy, Ep hy)

K(Gl’GZ) — Z pl(s) P, (t)KL(Hl(S)1 Hz(t))

seV,
teV,

H, H,: ZREn hy, h, BhSREDSANILEEE
Vi* V,* i ENENV,V, ZTILT7RIYNT HRINEAK

o« SURLIF—IIZEWNT, RLNRIELHHESR
 Marginalized kernel DU&DEHAEHE S

— F#L<I&, Kashima et al. (2003), Mahé, et al. (2004)
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BEIET—2LEDH—FRILDERE R

mErE=E
— k(x,y) DEFFEIZH M BEE
O(Is| |t|) TH, AR K= BLRE

- T
TS LTHOHER (F—58)2 OF—5—

- SCOPF—AA—R: BIIDRS~YE BEIT—20OH~HTF

38



References

18K Th—=rILEAM] 3F BEEIE 2010
Williams, C. K. I. and M. Seeger. (2001) Using the Nystrdm method to speed up kernel
machines. Advances in Neural Information Processing Systems, 13:682—688.

Fine, S. and K. Scheinberg. (2001) Efficient SVM Training Using Low-Rank Kernel
Representations. Journal of Machine Learning Research, 2:243-264.

Widom, H. (1963) Asymptotic behavior of the eigenvalues of certain integral equations.
Transactions of the American Mathematical Society, 109:278{295, 1963.

Widom, H. (1964) Asymptotic behavior of the eigenvalues of certain integral equations II.
Archive for Rational Mechanics and Analysis, 17:215{229, 1964.

Rahimi A. and Recht B. (2008) Random Features for Large-Scale Kernel Machines.
Advances in Neural Information Processing Systems 20, 1177-1184.

Tsang, I.W., J.T. Kwok, and Pak-Ming Cheung (2005) Core Vector Machines: Fast SVM
Training on Very Large Data Sets. Journal of Machine Learning Research 6 363—
392.

39



Lodhi, H., C. Saunders, J. Shawe-Taylor, N. Cristianini, C. Watkins. (2002) Text
Classification using String Kernels. J. Machine Learning Research, 2 (Feb): 419-444,

Leslie, C., E. Eskin, A. Cohen, J. Weston and W. S. Noble. (2003) Mismatch string kernels
for SVM protein classification. Advances in Neural Information Processing Systems
15, pp. 1441-1448.

Rousu, J., and J. Shawe-Taylor. (2004) Efficient computation of gap-weighted string
kernels on large alphabets. Proc. PASCAL Workshop Learning Methods for Text
Understanding and Mining.

Dan Gusfield. Algorithms on Strings, Trees, and Sequences. Cambridge Univ. Press. 1997.

Jaakkola, T.S. and D. Haussler. (1999) Exploiting generative models in discriminative
classifiers. Advances in neural information processing systems 11. pp.487-493.

Collins, M. & N. Duffy. (2002) Convolution Kernels for Natural Language. Advances in
Neural Information Processing Systems 14.

Tsuda, K., T. Kin, and K. Asai. (2002) Marginalized kernels for biological sequences.
Bioinformatics, 18. S268-5275.

Kashima, H., K. Tsuda and A. Inokuchi. (2003) Marginalized Kernels Between Labeled
Graphs. Proc. 20th Intern. Conf. Machine Learning (ICML2003).

Mahé, P., N. Ueda, T. Akutsu, J.-L. Perret and J.-P. Vert. (2004) Extensions of marginalized
graph kernels. Proc. 21th Intern. Conf. Machine Learning (ICML 2004), p.552-559.

Schlkopf, B., K. Tsuda, J-P. Vert (Editor) Kernel Methods in Computational Biology.
Bradford Books. 2004. 40



