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Abstract: We present a hybrid-index structure for high-dimensional data which named HKD-tree (Hybrid K-Dimensional
Tree) . To make use of two-level parallelization of multi-core clusters, we combined with KD-tree and LSH, which uses LSH in the
leaf nodes of KD-tree. Compared with the traditional index structure, the hybrid index structure has effective parallel processing abil-
ity and good scalability,, which is suitable for the multi-core cluster platform and high-dimensional data indexing. The experiment re-

sults show that the performance of the hybrid index structure is superior to the traditional index structure on the multi-core cluster

systems.
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(7) else;

('8 ) HKD-tree Search(A. Rehild , P);

(9) WRFREA n DT S AN HKD-tree 7€ log, (m
+DEEAH m AT

(10) 24 m = n B, 43 BRI ST — B TR 1 LSH AH G #E
BRI HATE AR 5

(11) XTI ¢, 38 R 3009 08 75 R A 3R g (¢) 1< i
< k JIrfi T IR I A 2R 0 5

(12) XX R IGUG T HEP , 103 21 A 45 21

(13) JbFRAC TR BlE , 75 H A s R

(14) end if.

g5 TR AR A B s Rl 43 7 2 Bk 24
Y KD-tree HA W FHECH N m, HETC A BREFF
FA P SBC 0 NI m = n, 45 LSH i F HKD-
tree M55 log,(m +1)JZ. B h =log,(m + B} T, A7 H
AME FRATTIA A FEBE R 5 A AL SR A H (TF 51 A




278 H +

2 2011 4F

B0 KD-tree i F 8 £ H AH S5 5, 8 LSH #: 2% ] KD-
tree b 78 24 M-F-45 s AR A .
HKD-tree ﬁﬁfﬁlﬁlﬁffﬁﬂﬁff 2.

4 I

TESEI H, A 8 — 00 0080 4 91 2k 7 i DU A% 1
2% SMP HLEE %%(Quad—(lore AMD Opteron(tm) 2.0GHz
8G WNAE )X KD-tree . ISH il HKD-tree —Fh K 5| 45 7E A
[F £ HSORIAS [) B RS 109 A i I [ E 47 b AsE . DT
BRIV X =Tl R 5 | 5 0 7 o 4R 5008 T 19 Pk Re
B AT LSH Z5H b5 2 EIEE =4, ¢ =2,

SCER R IEACAS AR i C I E S, HAR R IR TR
FEFRATTAI ] OpenMPH) + MPIMS A S 4 0 7 =S B0 . H:
g1 ISH #8433 T Alexandr. Andoni $2 £ 19 38 43 I8 AC 15
(http://web. mit. edu/andoni/) . FATHEAT T A L Fi
IR AT 1 IR T AESE BE

BEALAERUEHE A AR 7 BEAL A L T A R 4 £k
fiE M :16,32,48,64,80,96 1 128. i) & 42 &5 (1 ALy
1000 4n1&T 3 Fr s, B R H 47 AL B9 HKD-tree TR 5 K 51 45
F45 1SH Fl KD-tree #H LL#E . FEAS R A AEELCT , = Fh &R
5145 1) BE 2R BUAK K A HKD-tree , LSH , KD-tree . [7] i}
7] A& H LSH Fl KD-tree B2 F0AH 2 .

. 2000 Query times in different dimensionality

BKD-tree

0%%6 32 48 64 80 96 128
Dimensionality

B3 ETFAREHMNEHHKD-tree RIT L)
1EXF FIRRGI A AT IR Z 5, 2T SMP AL
TR SRR 25 SR A& 4, 7] LB H HKD-tree TR 5 R 51 4514
HPERER AL T LSH Fl KD-tree.

Query times in different dimensionality

B KD-tree
B LSH

2000

15008 o HKD-tree(parallel)

Query times/ms
=]
(=)
o

@0
(=]
o

16 32 [;8 ;4 [§t 1
Bl TR A AW HKD-tree 347 4 46)

EEERBE HETEEBZNAENKERRR
(http: //search. ustc. edu. cn/cbir/) L N EH B B
NN R RRASE /N T 7 P, 93 3k B 7 1] Ak B RT3
LR I V1O 2 T v R AT REAE AR BB, A8 O s 4 ) 4 9 R AT
F| AE SR p, B IR RS 43 51 4 1000, 2000, 3000
4000 1 5000 (& 7 . 1) = B AERE S 640 WAL 5 T

AR AN 7] P B0 A0 RS, HKD-tree 119 2 B8R 4T . DA T AS ¥

0

THHENIE, HKD-tree IR R II G525 B A XOTH
B .

Query times in different scales
B KD-tree

= LSH
o HKD-tree

o LISIETT [T 1 | | | | | I
1000 2000 3000 4000 5000
Image numbers

S 2T R RSB A #I(HKD-tree B 17 45 405)

IR, 2 X ER R G B AT I AT I e, 3 T
SMP LR LB 25 R W 6, AT LI HY HKD-tree 147 R
S PE RIS T A U5 T LSH Al KD-tree.

Query times in defferent scales
@ KD-tree
@ LSH
@ 20001
F O HKD-tree(parallel)
E

'IOUU 2000 300 4000 5000
Image numbers

Bl6 BT RIHE MBI E H(HKD-tree 3£ 1T 4514)

Lrb ik, SCH A5 R A S AR T FATTHR
HKD-tree {3 51 4544 (1900 R PERE LIS 0 SMP ALEE
RGN R T R S 25 R AT ARG R AT A
JERNE ik F 5.2, [Al i, 52 560 45 38 K W] HKD-tree
BT SMP HLEE R GAU T KR PEREREIE I 30% 7245
P Bz A R 51 45T SMP AL R 48 nl 2 % 4
FR R ERE .

5 g

TEA SCH, FA145 4 KD-tree Fll ISH R 5| 4544 [ 5
gt — A RIR A FR 51 451 HKD-tree, 3 FLIE I 3
IR 5 SMP HLAE 22 Go 45 #4 AH DE IC , DA 154 H
AR i TR s AE R 1 2R 5 | 1] . HKD-tree (9L HAE T
YR THEG R SR T S LI RS & 2L
AR K& . AEUE R o3 2 RE A AR 4 10 S T 171
KRR W], HKD-tree 1R G R 51 4540 2 HOFA7 58 1% 0]
AR H R AR R R B S 2, HKD-tree TR &K 51
S5K X ILIFATRILAE SMP HLEE R G284~ B RAF
PERE . SCI 45 SRR, HKD-tree 1R A R 51 5L T 1SH
H1 KD-tree R 51 4514 .

S 3k

[1] R Datta, et al. Image retrieval: Ideas, influences, and trends of
the new age[J]. ACM Computing Surveys,2008,40(2):1 -
60.



%2 W Je MR T Z AU R S R T 145 279

(2] BEm A, B WiER, =50 8 . LIFT: —FH T & 45 1 & 5|
S5k 7] L2441, 2001,29(2) : 192 - 195.
Xue Xiangyang,Luo Hangzai, Wu Lide. LIFT: An index struc-
ture for high dimensional data[J]. Acta Electronica Sinica,
2001,29(2):192 — 195. (in Chinses)

[ 3] Michael Gschwind, et al. Synergistic processing in Cell’ s multi-

core architecture[ J] . IEEE Computer Society, 2006,26(2) : 10
-24.

[4] Austin Hung, et al. Symmetric multiprocessing on pro-
grammable chips made easy[ A]. Proceedings -Design, Au-
tomation and Test in Europe, DATE ’05[ C]. Munich: Insti-
tute of Electrical and Electronics Engineers Inc,2005.240 —
245.

[5] J L Bentley. Multidimensional binary search trees in database

applications[ J] . IEEE Trans on Software Engineering, 1979, 5

(4):333 - 340.

Alexandr Andoni and Piotr Indyk. Near-optimal hashing algo-

—
=)
[

rithms or approximate nearest neighbor in high dimensions[J].
Communications of the ACM,2008,51(1):117 - 122.

[7] M Datar, et al. Locality-sensitive hashing scheme based on p-

stable distributions[ A]. Proc of the 20th Symposium on Com-

putational Geometry[ C].New York: Association for Computing

Machinery, 2004 .253 - 262.

P Indyk. Stable distributions, pseudorandom generators, embed-

dings, and data stream computation[ J]. Journal of the ACM,

2006,25(3) :307 - 323.

[9] T T Robinson. The K-D-B-Tree: A search structure for large
multidimensional dynamic indexes[ A]. Proc. of ACM SIG-
MOD Int. Conf. on Management of Data[ C].New York: Asso-
ciation for Computing Machinery, 1981.10 - 18.

(8

[}

[10] Antonin Guttman. R-trees: A dynamic index structure for spa-
tial searching[ J]. IEEE Trans Commun, 1984, 14(2):299 —
609.

[11] Uwe Deppisch. S-tree: A dynamic balanced signature index for
office retrieval A]. Proc of the 9th ACM SIGIR Int Conf on
Research and development [ C]. New York: Association for
Computing Machinery, 1986.77 — 87.

[12] Dang Tran Khanh. The SH-Tree: A novel and flexible super
hybrid index structure for similarity search on multidimension-
al data[ J] . International Journal of Computer Science and Ap-
plicaions,2006,3(1):1-25.

[13] Piotr Indyk, Rajeev Motwani . Approximate nearest neighbors:
Towards removing the curse of dimensionality[ A]. Proceed-
ings of 30th Symposium on Theory of Computing[ C]. New
York: Association for Computing Machinery, 1999.604 — 613.

[14] Christian Terboven, et al. Data and thread affinity in OpenMP
programs[ A] . Proc. the 2008 workshop on Memory access on
future processors| C]. New York: Association for Computing
Machinery, 2008 .377 — 384.

[15] Gabriele Jost, et al. Comparing the OpenMP, MPI, and hybrid
programming paradigms on an SMP cluster[ A] . The Fifth Eu-
ropean Workshop on OpenMP[ C] . New York: Association for
Computing Machinery,2003.1 - 10.

[16] J F Canny. A computational approach to edge detection[J].
Transactions on Pattern Analysis and Machine Intelligence,
1986,8(6) :679 — 698.

EE RN
X W LA . 1980 R A TR
BN FEE T R R BRI ST f B AR

S B YR 1978 R TR
I3 2000 47 2005 4F 7 b E R R K2 4
BR T T2 FENF AT
B F BRI H BT AR

BE A U3, 1900 AF A ML HOR L A SO, W5 1 D )
(I WS Iy e R IV B 15 2 N g AP D S S
Email : yxiong@ ustc.. edu. cn

FREIR 5, 2062, WA 0, h E R4 Be b 1. 1938 4F 6 A
A TR L 1961 SRR T P52 3SR TR L A TH AL L.
EEZ RO (BIE) 4, EZENGIATIHH mbkae it
ST AR



