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Improved pyramid matching kernel for high dimension

Zhang Jun,Zhao Guangzhou,Gu Hong
(College of Electric Engineering , Zhejiang University , Hangzhou 310027 China)

Abstract : As the feature dimension increases, the original PMK suffers from distortion factors that increase linearly with the
feature dimension. This paper proposes a new method by consistently dividing the feature space into two subspaces while
generating several levels. In each subspace of the level , the original pyramid matching is used. Then a weighted sum of every
subspace at each level is made. To optimize the added kernel matrix, we get a p. s. d. kernel which can be used in kernel
based learning methods (such as SVM). Experiments on dataset Caltech-101 and ETH-80 show that; compared with other

related algorithms which need hundreds of times of original computational time, It takes only about 4 ~ 6 times of original

computational time to obtain the same accuracy by using the method of DP-PMK.
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Fig.1 The 1D pyramid matching example

w,Ni=1x3+%><1+

I
A

1 1
n ><1+8 x1 = 3.875

SEFR R B, Grauman 55 A @ HEAT U0 R Ab B
KAt m HAERE
1) H—fkAb B

mxy):%guuq (3)

A, € = K(X,X)K(Y,Y)
2) & T’l‘%?%&ﬁﬂ

K = §K<X Y) (4)

K(X,Y) &l — /\F@ME’J@UI‘“{E(WME H2
F) JF ARG I 7 AR A4 < 7 3 T B AR B g T
BCfE o 45 SCHR[8 1, nT LI bR 8 5L 1L E07 181 Bt ok
AN

3) R EUbr AL 3
H K AL X B P AR SR & R K
K; =K, K = KK' (5)

0 <p <1, A4k K, FHMEHRBAN, i) FRW
AVERC A &, 4 Grauman 55 A8 AT LATH BRAE 4
SVM 542 R B0 R i 1CAZ 300 o
1.2 #XI1E

& FIE VO )1z B B R ) 2440
3, FEBUSAR AR . il it Grauman 25 AGIEW
HiRzE S

E[K(X,Y)] < (cdlog, D +d)@O
(M(X,Y;m")) (6)

M AT DAE Y, o 22 BR S RRAE ) s 4EE5E L,
FEAEB B (> 10) |, VT FCME BEAE 76 R BE T B 1Y
Alfig, ASEE R LS

Lazebnik 2§ A" $5 b 23 ] 42 57 8% DU g A%



1652 FEEREIEAW www. ¢jig. cn

WUESR: (spatial PMK) |, A G 25 (A1 45 2 o
T BT ARRAE SR S A R 1 T s S [, 254
L8 B AL 2%, Grauman 25 A T4 36F R 4 4
FEFRE HY — B T30 5 5 19 4 I UL C A% (VG-
PMK) 4385k 1] 2 ] TR RIS B L L R
K 53 SCHTRNCARY | 4 7 85 DEBC AR FH T A4 1m) 122 19 2
W SEhRIt e YRR N, %7 13 BRI
ANZZ L T RCAR B4 I A ()4 {45 R AiF DE e A2 15
A% BRI G o Liu 25 AU $R s — i 4 508 R
PMK ( dimension amnesic PMK) , % & & F] ] & 21 43
AT A2 LA FE R, 1) 3 6 R 5 4B AP R 4552
FIMERGE=s 8], [ AR A T,

2 il PMK &k

2.1 #HHESFELE

B P~ 128 HEFFAE & x = (1,1,-,1,
63) ,y = (1,1,-,1,1) o M) PMK DECEY %,
FE SN D =64, 550 )2, AN TR H ok
HSTESE 1 )2 x I TE 0 x = (2,2,+,2,64) 1,y
ATy = (2,2,-+-,2,2) H BXRE, 25 6 )= (i
R HERIZ ) P KA VE T (R B AT AT 15 Hoftl
=5 e S 1LY D I g = A 1 WA T
PIE A SCPENIZAR K, PMK E18AT LB R

X A P AN R ) 8, 2 A DE e 2= | B T
PRSI [ B A 2 e KOS — 4k i — >
T P T EEBR T i — 4, LA T R R S
T RJa—HEM2E 62, Xk E T E AR 4 & LT
JE 5 o AHZER T i e R AR s 6], B[] — 2501, 1%
FRAEHL AT REAF LR T 22 FEA R 4E , T 1 DE E 7211
JEA KA, ik S AR R MR XRITk

ARSCHE HH — Pl A K ) <6 5 B DR RE A% 19 ot
12:(DP-PMK) , HAZ O JEAR A B o3 31 o 4E 25 i)
PR — R GIMRAE T 23 18], AR A i — Ak 25 7]
HRPRRAE & I DR A%, f e LA B . B
PRHL UL, DP- PMK fi— /> J= YRl AIL 73 F1 A8 1Y (DL
P 2) =t TR FFAEZS 18] 2 55 0 )2, Ak 23 [] ey i
YRR S (ARG 5 1R BERL S e AR 2=
(6] B A5 8] 5 4 ROk 5 ¢ SRR 0 - 1 )2 ok 4E
TS A BENL 3 4 A A s ] AR A b - 1
R HA 25 R 2B ¢ )2 R IE A5 R AR . X
oS e e S N R N S ES )=
ZE M FIE AT,

10 JAHE A1 l
N
el ]
L3 JE::

4] I [

K2 JERBENL I FIRRL (4 )2)
Fig.2 A model of hierarchy random partition (4 levels)
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Fig.3 Example images from Caltech-101 dataset
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