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(L PE K2 RS (5 B R 2 BE . KR, 03000652, L P K223+ B8 BB 5 b SCfF B Ak B0 Al 8 S 0 28 . K JRL
030006)

@ E: k £4%(k nearest neighbor, kNN) 5 EE A HBELEF RAB G H k2 — AR FH 92K
AR RGBSR ZE R, Ko kNN ERMKEE B L HFRA S0 5 B A D % 546 2 9636
BUETEGNS XKAELKENFTEZRZTHE, A BB KT 5 EmEe KNN ik F %
(KNN based on stratified sampling,SS-kNN) , & &3 9 4 5= 6 A £ 69 = 18 X o A & F A =6 A4 5
B RRREANFEANAR B AL, &JeF R AFRH EOENR SRR P AT —A, F R R HRAR
AR R IR AH I T F FRE EANEA., 5 R4 kNN k2 & & T AL A 49 kNN & 3% 4836, SS-
KNN Fok Tk 5 A An it 4 £ 45 2 494%;ié 1T E 45 A3 & K29 399 A4 16 45

KW . 5 B BB AR o R BB ATE R

hES%ES. TPISI XEIRER A

Acceleration Algorithm for k Nearest Neighbor Classification Based on Stratified Sam-

pling
Song Yunsheng', Liang Jiye'”

(1. School of Computer and Information Technology, Shanxi University, Taiyuan, 030006, China;2. Key Laboratory of Computa-

tion Intelligence and Chinese Information Processing of Ministry of Education, Shanxi University, Taiyuan, 030006, China)

Abstract: k nearest neighbor (kNN), which is one of the most typical data mining algorithms, is widely
applied in various areas due to its better generation ability and sufficient theory results. The method
needs to compute the distances between the test instances and all the training instances during executing
prediction. However, it costs substantial time as facing the large-scale data. To solve the problem, we
propose an acceleration algorithm for k nearest neighbor classification based on stratified sampling (SS-
kNN). In the method, SS-kNN firstly divides the instance space into several subranges with the same
number of instances, and then samples instances from each subrange, finally judges which subrange the
test instance sit and finds its nearest neighbors from this subrange. Compared with kNN and its variant
based on the random sampling, SS-kNN could not only obtain the similar classification accuracy, but also
accelerates the running time by an average of 399 and 16 times respectively.

Key words: stratified sampling; data partition; nearest neighbor; classification accuracy; running time
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Fig. 2 Partition of two-dimensional space Fig. 3 Flow chart of SS-kNN algorithm

2 XWHEREHMH

2.1 XWHEF

H T H#E SS-kNN 75 5 kKNNLRS-KNN 3L fEVEE B 922 5 . 26 8 T LibSVM™ DL K UCTHY H
L1 AN B 4 ok S B0 40 4 19 245 B 24 K T 50 000, i KIS 5 000 000, & 1 45 1 33X 250408 42 1 A
KfEH.

SCHRE3 A B2 4 7 Ak P SR P BB A B L L P 43 JORE BE LA RS AT B R] A d AN AR AR . A
R TR A SR ) T S R BR B AT WAL . O T AR 2O BE RS AT R R T
AESCHUE R J5 2o 7E I T3 8k v S AT A B B B AL 43 S /N U S5 1 10 S 4R T BE LR H o —

AT AEAE N I3 A T T 4% IO S I 2R 4 L SR 5 K b ad ®1 LBEED 1 ABIEE
BEE 10 W 55K X T R4 R0 T 518 by d5e 28 14 24 Tab.1 11 used datasets in experiment
R e S WFR HRAE RN 2
SIS s S - T S (e /N A S DOl AN R [ ¢ Acoustic ACO 50 98528 3
Matlab 4§ 5 8 ¢ FL7E ) — & I Eig 7. gepiarng  Codred o COD 8 o908z
N w . P Combine COM 100 98 528 3
S 5 e [ oo JRUE g BRI 4 ifRE H B o = Covtype COV 54 581012 7
0.3,=1,3,5,7,n=20, Tjennl UC 22 141691 2
2.2 LI Kddeup99 KDD 41 494 020 23
o MiniBooNE_PID MIN 50 130 065 2
2.2, RARE Poker POK 10 1025010 10

R23BHNT 3SAFEAE k=1,3,57T LKA Shkinskion  SKI 3 245057 2
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K2 IWMEERE =13 MU LBE
Tab.2 Accuracy of three algorithms as k=1,3

k=1 k=3

B SS-kNN k-NN RS-kNN SS-kNN k-NN RS-kNN
ACO 0.665 0.673 0.670 0. 705 0.729 0.710
COD 0.668 0.668 0.674 0. 664 0.668 0.675
COM 0. 757 0.758 0. 760 0.799 0. 808 0. 800
COV 0.917 0. 945 0.918 0.908 0.944 0.909
1JjC 0.975 0. 985 0.975 0.975 0.984 0.975
KDD 0.998 0.999 0.998 0.998 0.998 0.998
MIN 0. 841 0. 847 0. 847 0.862 0.873 0.868
POK 0.476 0.503 0.482 0. 504 0.517 0.513
SKI 0.998 1. 000 0.999 0.995 1. 000 0.996
SHU 0.997 0.998 0.998 0.997 0.998 0.998
SUS 0.663 0.68 0.665 0.696 0.710 0.698
1y 0.814 0. 823 0.817 0.828 0. 839 0. 831
p=32 0. 009 0.003 0.011 0.003

K3 IMEREL=S,THHNNERBEE
Tab.3 Accuracy of three algorithms as k=5,7
" k=5 k=17

R SS-kNN k-NN RS-kNN SS-kNN k-NN RS-kNN
ACO 0. 705 0.729 0.710 0.723 0.743 0. 730
COD 0. 664 0.668 0.675 0.668 0.668 0.676
COM 0.799 0.808 0. 800 0.814 0.822 0.816
COV 0.908 0.944 0.909 0.901 0. 940 0.903
1JjC 0.975 0.984 0.975 0.969 0.983 0.969
KDD 0.998 0.998 0.998 0.998 0.997 0.998
MIN 0.862 0.873 0. 868 0. 869 0.879 0. 869
POK 0.504 0.517 0.513 0.510 0.532 0.523
SKI 0.995 1. 000 0.996 0.996 1. 000 0.997
SHU 0.997 0.998 0.998 0.996 0.998 0.997
SUS 0.696 0.71 0.698 0.711 0.726 0.713
-1y 0.828 0. 839 0. 831 0.832 0. 844 0. 835
=5t 0.011 0.003 0.012 0.003

R T v R A s A A B & A A A X 7 Bl S T R B A 0 SR

1 F SS-KNIN B33k J2 35 B ALl A 1 33 11 09 30 4B 5305 o HRE G F 5 4 B30 1 5 AR AR A BT % 1 A
BA TR BOL G — B E Big LT kNN Bk, ME 4~7 0] LB & b 7 3] SS-kNN 553k
FE 11 A B F M R R | F kNN, BRI .24 £ =1 i, SS kNN 72 %45 4 COV,1JC, POK
PL K SUS | B 43 A5 FE B AR T kNN 5 RS-KNNL BRI Z A8 A W1 8 1 25 5539 k=3 B L B 1 76 £ dis
£ ACO,COV.MIN.IJC DA Jz SUS Z4b, = F &AW W12 5 £ =05.7 iF, SSKNN 53k 76 5 4
ACO,COV,POK L) J SUS I % 43 285 B2 38 T kNN 5 RS-KNN, H AR #4025 T JL. 307 R0
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Fig. 4 Comparison of accuracy among three algo- Fig. 5 Comparison of accuracy among three algo-
rithms as k=1 rithms as £=3
12 ——IRSKNN 12 C—IRS-KNN
m—SS_kNN Lol m— SS-KNN
% % 0.8f
Jusg
2 k] 0.6
R R 04}
0.2+
0.0 0.0
ACO COM WC MIN SKJ SUS ACO COM WC MIN SKJ SUS
COD COV KDD POK SHU COD COV KDD POK SHU
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Fig. 6  Comparison of accuracy among three algo- Fig. 7 Comparison of accuracy among three algo-
rithms as k=5 rithms as k=7

2.2.2 BATH

TEI A WG v AR SR 2 2 SRR 1 4y R AR v L T LTS LSRR A A B . ) R I AE AT R
Vi) J2 0 ARSI A B 328 A7 I T B e ) 0 9 P 280 R o TR 4 2 T TR ) S A 1 3T 4B A I, 4R R
A3 AR HU B OHGE AR T F P W RT £ AT R BT, G 7E R RS TRV BUE R L KNN 55K 1952 17 I ) 2 i
AWEMEZERMW . AT B SSKNN 55 RSKNN fEB i) B2 ki e=7, £4D5 7T 3
P S e A R B 4 B s A7 e 1e], HAR Qi 18l 8 r

AR 8 W] f A B 5X 3 Fh AR A B AR B RIS AT A E] 25 R AR . SS-RINN B3k (1938 47 B[] B
A T kNN, RS-KNN 553 Hag 47 I 8] i) 22 5 5 8008 58 09 R/ TE A 96 o 78 25 1 A X 80K i s 4k
COD,COV,KDD,SKI I &% SUS I ,SS kNN %7 5 kNN, RS kNN 54 v 76 32 17 i 8] | 1% 22 B B 5 Hb e
Fotl i SR, w2 0 L 3 R Rk AR A T Bl 4 B R P 208 A7 )R] 3 S O 167, 843,66 917. 395,
2 465.046 s, kNN, RS- kNN & & 1932 170 1] 9 )2 SS- kNN B 51 399 50 16 £,
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R4 IWEEEARYEE LNESTHRE

Tab.4 Running time of three kinds of algorithms on different

datasets 14

——1RS-kNN
Wi SSkNN kNN RS-kNN 127 m— SS-kNN
ACO 19. 450 1 688.175 62. 525 < 10}

COD 448. 090 388 390. 464 13 871. 088 é 8t

COM 32.278 5 411. 458 186. 602 = 6l

Cov 386. 739 89 092. 089 3 299. 707 }g al

e 19. 525 2 144. 408 76. 586 N

KDD 228. 234 49 900. 023 1 .848. 149

MIN 18. 139 2 537,248 90. 616 ACO COM WC MIN SKJ  SUS
POK 112. 458 30 286. 295 1 044, 355 COD  COV KDD  POK  SHU
SKI 301. 201 75 828. 432 3 159.518 s

SHU 28. 882 5 983. 208 213. 686 I8 3 RMSYIRIE TN [A) ) He

SUS 251. 271 84 829.550 3 262. 675 Fig. 8 Comparison of running time among
Ay 167. 843 66 917. 395 2 465. 046 three algorithms
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