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Large Scale Graph Data Index Based on MKd-Tree
in Cloud Environment
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Abstract: Managing the high-dimensional, large-scale data needs extremely high computational load. Traditional
centralized indexing techniques apparently become impractical. To address the demanding needs caused by this
rapidly growing, large-scale, and high-dimensional information ecology, a high-level distributed framework for
searches and computations on tree indexing structures based on Map-Reduce in the Hadoop environment, MRC-
Tree ( Computation based on Map-Reduce on tree structures) is achieved. And then, two MKd-Tree ( Kd-Tree
based on Map-Reduce) index structures based on MRC-Tree framework, OMKd-Tree (Build one distributed Kd-
Tree based on Map-Reduce) and MMKd-tree (Build multiple Kd-Trees by splitting data equally based on Map-
Reduce) are proposed. Finally, the theoretical analysis and experiment results illustrate that the methods are
highly effective and extensible to the similarity search in high-dimensional data environment.
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Fig.7 The effect of image database size
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Fig.8 The effect of computer nodes

o

9 TR, AIA Top-k B k AR T A 20K B2 1)
SO b PG ELR AN 1~ 150, WLl 5) UL, BEE & (H3Y
R AL FOR RE Rt B vy, T L PTG MU A I G 2RO 2
B O, 10 MPEMR 2 b s 4R — g B 45, iy o
BB Ry 10770 BAR, Bt R HLBLBCR , iy
AR AT, A O BB

N,=30k,M=8,d=0.05

sot——§ 10750100 150
88} + 7" + |
+
8614 . 3 & % X
841 1
. X X X *
,§ 821 % - »* 1
g 80}
£ 78}
ke = —
HOK - X
iy * »
T2hm » »
70“ h ) L )
1 5 10 50 100 150

k

K19 Top-k A k E M
Fig.9 The effect of % in the Top-k query

AR SCTHT 1] 23 PR35 v R G A it i 5K, et
T —"3ETF Map-Reduce #5114 53 70 2 TE 45 44 K
AT E I ZHELE MRC-Tree, 2230 T 3T MRC-Tree
5041 2 R R 5| 254 1 52 575 OMKd-Tree #11
MMKd-Tree , H- i 1o 552 %6 70 B 1 49 28 5 32 1) 8 i o
ASCR R Y R 4E R AR R DI AL e — D P2,
WA AT 20 1) TAE, anX) T OMKd-Tree
Sk A B Y 2 B E R i — D A R R T 4
FIRIPERE ; Fill 5 25 Fh s 4ERFAIE (B35 e J2 0 SURFAE )
#1 ' MRC-Tree HEZE L3 N fill 6 FFAE , DLIK B ST 4T 1Y)
AR

Sk

[1] Dean J, Ghemawat S. Map-Reduce: Simplified Data Process-
ing on Large clusters [J]. ACM Communication, 2008, 51
(1):107 - 113.

(2] Heger D A. A Disquisition on the Performance Behavior of
Binary Search Tree Data Structures| J ] . European Journal for
the Informatics Professional 2004, 5(5):67 —75.

[3] Comer D. The Ubiquitous B-Tree[ J]. ACM Computing Sur-
veys, 1979,11(2) :121 - 137.

[4] Guttman A. R-Trees: A Dynamic Index Structure for Spatial
Searching[ cl// Proceedings of the 1984 ACM SIGMOD Inter-
national Conference on Management of data. New York: ACM,
1984:47 - 57.

[5] Bentley J L. Multidimensional binary search trees used for as-

- 915 -



www . teleonline . cn

ZENA R N 2013 4F

(6]

[10]

sociative searching[ J]. ACM Communication, 1975, 18(9):
509 - 517.

Abhinav SARJE, Srinivas ALURU. A Map-Reduce Style
Framework for Trees[ R]. Technical Report,2009.
Sarje A, Aluru S. A Map-Reduce Style Framework for Com-
putations on Trees[ C1// Proceedings of 2010 39th Interna-
tional Conference on Parallel Processing. San Diego, Californi-
a, USA:IEEE,2010:343 - 352.
Pt , DS A Jaalr . Th e g 4 PTG RE A DC I P 22 Y B
Pl B A e A Sk L) ] P AL B BT 5 BB 2
25412, 2010, 22(3):494 - 510.
YANG Heng, WANG Qing, HE Zhou-can. Multiple Ran-
domized Sub-vectors Quantization Hashing for High-Dimen-
sional Image Feature Matching[ J] . Journal of Computer-Aided
Design & Computer Graphics, 2010, 22 (3):494 - 502.
(in Chinese)
Silpal-Anan C, Hartley R. Optimised KD-trees for fast image
descriptor matching[ C]//Proceedings of 2008 IEEE Confer-
ence on Computer Vision and Pattern Recognition. Anchor-
age, AK: IEEE,2008: 1 - 8.

T AR i 5 I R — R PUEE AL Kd-Tree

R IEL] T4, 2011,39(8) : 1811 - 1817.

GUO Jie, XU Xiao-yang, PAN Jin-gui. Build Kd-Tree for

© 916 -

Virtual Scenes in a Fast and Optimal Way[J]. Acta Elec-
tronica Sinica, 2011, 39(8):1811 — 1817. (in Chinese)

[11] Aly M, Munich M, Perona P. Indexing in large scale image
collections: Scaling properties and benchmark [ C ]//Pro-
ceedings of the 2011 IEEE Workshop on Applications of
Computer Vision. Kona, HI: IEEE,2011:418 — 425.

[12] Jegou H, Douze M, Schmid C. Hamming embedding and weak
geometric consistency for large scale image search [ C]//Pro-
ceedings of 2008 10th European Conference on Computer Vi-
sion: Part I.Marseille, France:IEEE,2008:304 — 317.

[13] TLowe D G. Object recognition from local scale-invariant fea-
tures[ C]//Proceedings of the 7th IEEE International Confer-
ence on Computer Vision. Kerkyra:IEEE,1999:1150 - 1157.

fEE T

& #1981—), L, BRI A, A
& U, CCF 23 B3, W58 7 [n] A 4k 20
EIE a7 = A
\ LEl Ting was born in Chenzhou, Hunan
Province, in 1981. She is now a lecturer with the
M.S. degree and also a CCF member. Her research
concerns data mining, clound computing.

Email : tinglei . uestc @ gmail . com





