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A parallel index mechanism for large scale high dimensional data
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2 Shenzhen Institute of Information Technology. Shenzhen 518029, Guangdong China)

Abstract A new parallel index mechanism suitable for searching large scale high dimensional informa-
tion, with independent features according to normal distribution was proposed. By analyzing parallel
search of the multi-dimensional data as well as its combinatorial complexity, a weighted similarity
function on user-defined weights to finish the ANN queries was leveraged. In addition, a data normali-
zation algorithm for enhancing the index classification capability was further developed. The methods
are evaluated on the CNGrid environment at the University of Hong Kong and Shenzhen SIAT. The
100NN query accuracy is greater than 93% and the response time is less than 0. 7 s when searching 10
milllion feature points of images and context information. Theoretical and practical results both indi-
cate that this kind of parallel index mechanism can significantly improve the performance of ad-hoc
query composition over large scale high dimensional data in cloud system.

Key words query composition; high dimensional indexing; entropy; locality sensitive hashing;

CNGrid
Web . N ;
) ( ) )
( ( )) m
b b b
“ "
, k
2011-02-28.
1974-), »E-mail: wangyinfeng(@gmail. com.

(2006 AA01A111); Hong Kong RGC Grant (HKU7176/06E) ;
(SEG HKU09).



1 . 157
[2] , 1 .
ik
| [N . (ELEE
B R X M B r—*lﬁﬂhﬁlF——
- TR & TR &
(FH) LR BRI, )
. FER Tz
[5]
NN BT
’ 1
( ’ a. )
),
(LSH)™ | ’
b. .
’ context N N
, CNGrid ;
¢. CNGrid
' . , LSH
’ context N
' d. context
LSH . &
CNGrid™ '
. LSH ' '
CNGrid
2
2.1
N .
LSH )
[9]
. LSH Ce] |
k
1X10° :>*§@bgn
14 GB ; , CNGrid ( ). C=NH.
, C/ ,
LSH )
. 1) M My Noye**y N,



( ) 39

S(N.P) = SD(N,.P, )W/ZW” (2)

i=1

« 158 -
,ENN
’ D
’ . kNN | 2.2
k(H, + H, + -+ H,) = klog(n, + ’
ny 4 +n,,,>ZZD/DZ, (D D,. LSH

b

~

D, ( ScalableColor)
, W, (  Correlation)
1
Correlation 256 4, 0.291 400 58, 0.279 503 88, 0.271 790 36, 0. 266 059 3, 1.0, 1.0 ==
FCTH 192 2,5,4,0,0,1,3,0,3,2,0,3,0,0,2,0,0 -
CEDD 144 0,0,1,0,0,0,0,0,0,0,0,0,0, 0,0, 0,0 -+
EdgeHistogram 80  5,3,6,3,5,2,3,5,6, 6,55 2, 7,6,5,3,3
ScalableColor 64 —119, 41,—39, 58,—14,—4, 16, 27,—31,—13 ---
Gabor 60 8.501 860 853 231 33, 0.091 076 306 087 697 97, 8.504 718 696 003 7 -+
Tamura 18 3.419 921 875, 5. 718 490 256 036 659, 270.0, 256.0, 262.0, 296.0, 243.0 -
R c; =c;w;; // Weighted
) }
}
, End.
s BetterLife!*” s
; (w=0.2) Sunny, Cloudy, Rainy, Fog-
, context gy, 2.
2
s context =0.2
Sunny 0 0. 00 0. 000
Input: Context Feature i{a; | a; <<ai;-1 » Cloudy 1 0.33 0. 066
1<j<<{n}; Weight w; for Feature i:{w; | 2w, = Rainy 2 0.67 0.134
1} Foggy 3 1. 00 0. 200
Output: Postprocessing Context Feature
ife; | 1< j<<n) 3
/ % Quatitize, Normalize an Weight Context
Featurex / 3.1
Begin; \
for (int i=0; i< # of features; i+ +)
{ //Each Context Feature b;, < Quantize a,
While preserving relative distance in Con-
text
Max_ Value=MAX(b;, ) ; 2
for (int j = 0; j < # of dimensions; 9.2X10° (

j+-+){//Each Entry of One Context Feature
; =b; /Max_ Value; / Normalize
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SIFT )
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/B
sift-1. dts 1 604 600 214
sift=2. dts 1 587 107 770
sift=3. dts 1 565 022 434
sift-4. dts 1573 817 598
sift=5. dts 1 556 400 549
sift-6. dts 1554 420 071
sift=7. dts 1 583 541 427
sift=8. dts 1 548 327 547
sift-9. dts 1 557 634 868
sift-10. dts 1544 197 122
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