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Abstract: Due to its absence of hypotheses for the underlying distributions of data, simple execution and
strong generation ability. k-nearest neighbor classiflication algorithm (kNN) is widely used in [face
recognition, text classification, emotional analysis and other fields. kNN does not need the training
process, but it only stores the training instances until the unlabeled instance appears. and executes the
predicted process. However, kNN needs to compute the similarity between the unlabeled instance and all
the training instances, hence it is difficult to deal with large-scale data. To overcome this difficulty, the
process of computing the nearest neighbors is converted to a constrained optimization problem, and an

estimation is given of difference on the value of the objective function under the optimal solution with and
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without data partition. The theoretical analysis of this estimation indicates that data partition using

clustering can reduce this difference, and the k-nearest neighbor algorithm based on clustering can have a

strong generation ability. Experiment results on public datasets show that the £-nearest neighbor algorithm

based on clustering can largely obtain the same nearest neighbors of raw kNN. thus obtaining higher

classification accuracy.
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Tab.l The summary of datasets
datasets # objects ¥ attributes # classes
MiniBooNE 94 158 50 2
Seismic 98 528 50 3
Aloi 108 000 128 1 000
Mnist 350 000 95 2
Webspam 350 000 254 2
Skin-noskin 245 057 3 2
Cifa 60 000 3072 2
Poker 1025010 10 10
Acoustic 98 528 50 3
Combined 98 528 100 3
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FEATR 97 28 LB IE 1Y 7 vk B SR X A 4R Acoustic 0.752 0.739 0.740
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Ml 50 22 AE A A 0] 43 B0 H T 6F H AT F 3 AR B8 S Mnist 0.980 0.970 0.974
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X4 ASBUEAE R % 53 5 1 F 48 /N i BR 1 3 1, 1F Skin-noskin 0.998 0.995 0.996
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52 TRER Average 0.831 0.824 0.824

AR I S BE L YI 2k VT S HE LA R 3 T L Median 0.828 0.818 0.816
X3 A EbR L K R 3 R AR RE I R PR RE R AT Povalue 0.002 0.002
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Tab.2 The test accuracy of three algorithms as s =500

datasets DC-kNN MKD-kNN  PCA-kNN
MiniBooNE 0.880 0.875 0.871
Seismic 0.718 0.720 0.716
Aloi 0.913 0.842 0.838
Mnist 0.979 0.969 0.971
Webspam 0.980 0.976 0.975
Skin-noskin 1.000 0.996 0.998
Cifa 0.720 0.709 0.718

Poker 0.538 0.545 0.535

R4 L s=2000 B 3 FEEHNIKAEE

Tab.4 The test accuracy of three algorithms as s =2000

datasets DC-kNN MKD-kNN  PCA-kNN
MiniBooNE 0.880 0.877 0.874
Seismic 0.715 0.718 0.715
Aloi 0.921 0.865 0.872
Mnist 0.980 0.972 0.975
Webspam 0.980 0.975 0.972
Skin-noskin 1.000 0.996 1.000
Cifa 0.719 0.715 0.714
Poker 0.538 0.542 0.533
Acoustic 0.755 0.742 0.747
Combined 0.828 0.821 0.828
Average 0.832 0.822 0.823
Median 0.854 0.843 0.850
P-value 0.025 0.016
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Tab.5 The test accuracy of three algorithms as s =1000

datasets DC-kNN MKD-kNN  PCA-kNN
MiniBooNE 0.880 0.878 0.876
Seismic 0.717 0.716 0.714
Aloi 0.921 0.876 0.887
Mnist 0.981 0.981 0.976
Webspam 0.980 0.975 0.972
Skin-noskin 1.000 1.000 1.000
Cifa 0.719 0.715 0.714
Poker 0.538 0.539 0.536
Acoustic 0.755 0.745 0.749
Combined 0.828 0.824 0.825
Average 0.832 0.825 0.825
Median 0.854 0.850 0.851
P-value 0.023 0.004

M 2~5 WGt a4 R nJ . ks P {3
AN Y B KT 0,05, H DC-kNN 533 1)
RS BE A B A B B R B S A B R T
MKD-kNN 5 PCA-kNN 53, fift DC-kNN 5% 1
ZACYERE W 2 L T MKD-kNN 5 PCA-kNN.
FE L X £ 3 B B Aloi (1000 28) , DC-KNN
SR I ORS BE W]  AY  1 0 AR T RPR RAE
ZH s BN TE BUE T . DC-kNN B2k 1 10 20KS 1 39
ARAT T H ey 10 TN

5.2.2  UTARDLC L 1A

BT HE R o3 7Y kNN SR 20 R AR S H R
45 iR kNN B30 A [a] 64 302 40 B0 DG TiC 72 8 52 0E A
R 1A 3L 408 D IC PR R R A, D) G U A A
LR SRR 25 B A] 1, DC-KNN SE36 30453 T s e
0 70 KT BE L JE HOR XS T 2 40 K AL B DC-KNN
SRRAEAR KRR 1] AR 4G 5 J5L 4R kNN 53125 4H [F]
TR, 1 SR g 18, AT I ZRIL I Fe D
LA VEFE b, JF 8 HAE S K s A UBUE T B 2521
G HIFER 6~9 LI K FK 10~13 .
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Tab.6 The matching rate about training process

of three algorithms as s =500

datasets DC-kNN MKD-kNN  PCA-kNN
MiniBooNE 0.360 0.126 0.123
Seismic 0.309 0.170 0.200
Aloi 0.650 0.386 0.396
Mnist 0.685 0.321 0.350
Webspam 0.748 0.327 0.354

KT HAE R 509 k-1 AR 4 3 Ao ik S0k ALEE 5 AT 337

gR6

datasets DC-kNN MKD-kNN  PCA-kNN
Skin-noskin 0.946 0.907 0.915
Cifa 0.077 0.005 0.022
Poker 0.128 0.081 0.076
Acoustic 0.362 0.117 0.205
Combined 0.291 0.079 0.135
Average 0.456 0.252 0.278
Median 0.361 0.148 0.203
P-value 0.002 0.002

®7 Hs=1000 B 3 FE KA SR TEL L
Tab.7 The matching rate about training process

of three algorithms as s =1000

datasets DC-kNN MKD-kNN  PCA-kNN
MiniBooNE 0.460 0.240 0.173
Seismic 0.412 0.227 0.136
Aloi 0.616 0.378 0.412
Mnist 0.728 0.335 0.404
Webspam 0.748 0.617 0.444
Skin-noskin 0.985 0.907 0.923
Cifa 0.087 0.005 0.042
Poker 0.130 0.111 0.076
Acoustic 0.454 0.164 0.293
Combined 0.385 0.119 0.206
Average 0.501 0.310 0.311
Median 0.457 0.234 0.250
P-value 0.002 0.002

F8 Hs=2000F 3 FBEEMIIZLTEL
Tab.8 The matching rate about training process

of three algorithms as s =2000

datasets DC-kNN MKD-kNN  PCA-kNN
MiniBooNE 0.577 0.279 0.236
Seismic 0.496 0.300 0.357
Aloi 0.718 0.456 0.543
Mnist 0.810 0.120 0.508
Webspam 0.808 0.657 0.484
Skin-noskin 0.961 0.944 0.942
Cifa 0.244 0.013 0.085
Poker 0.215 0.180 0.118
Acoustic 0.548 0.230 0.395
Combined 0.510 0.167 0.306
Average 0.589 0.335 0.397
Median 0.563 0.255 0.376
P-value 0.002 0.002
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Tab.9 The matching rate about training process Tab.11 The matching rate about test process
of three algorithms as s =5000 of three algorithms as s =1000
datasets DCKNN  MKDKNN  PCAKNN datasets DC-kNN  MKD-kNN  PCA-kNN
MiniBooNE 0.678 0.384 0.303
MiniBooNE 0.918 0.240 0.172
Seismic 0.616 0.385 0.452
Aloi 0.775 0.519 0.640 Seismic 0.818 0.227 0.136
Mnist 0.847 0.517 0.614 Aloi 0.947 0.378 0.412
Webspam 0.888 0.717 0.674 Mnist 0.917 0.335 0.401
Skin-noskin 0.975 0.961 0.958
Webspam 0.937 0.617 0.440
Cifa 0.304 0.033 0.105
Skin-noskin 0.995 0.907 0.924
Poker 0.355 0.421 0.305
Acoustic 0.650 0.298 0.506 Cifa 0.398 0.005 0.043
Combined 0.624 0.228 0.408 Poker 0.538 0.111 0.075
C
Average 0.671 0.446 0.497 Acoustic 0.857 0.164 0.290
Median 0.664 0.403 0.479
Combined 0.835 0.119 0.206
P-value 0.006 0.002
N . N Average 0.816 0.310 0.310
R 6~9 oy G it 45 3 v A1, DC-KNN 5%
SR U L e = R O SR T I R =Tl Median 0.887 0.234 0.248
MKD-kNN 5 PCA-kNN ik el i, 250 s B P-value 0.002 0.002

{4 500,1 000 DA K 2 000 B, DC-kNN 5 3% #9 Il
SR VCTRC LLJ2 55 A1 99 0 B 1 14 30 W A% . G Ak . Bk RS
% P /N T 4 09 3 KT 0.05 . B TE I 4
DCRC LG E DC-KNN 8 3% 55 95 51 P Fl 55 3 47 4 B 35

F 12 % s=2000 B 3 &% i 3R OT AL bE
Tab.12 The matching rate about test process

of three algorithms as s =2000

2% 5.
2‘% 10 % $s=500 H‘]’ 3 ﬂlgifmmuﬁtp-_cga Le datasets DC-kNN MKD-kNN PCA-kNN
Tab.10 The matching rate about test process MiniBooNE 0.969 0.231 0.280
of three algorithms as s =500
Seismic 0.897 0.354 0.294
datasets DC-kNN MKD-kNN  PCA-kNN

Aloi 0.971 0.547 0.456

MiniBooNE 0.852 0.130 0.124
Seismic 0.721 0.164 0.199 Mnist 0.953 0.505 0.452
Aloi 0.914 0.389 0.401 Webspam 0.957 0.480 0.651
Mnist 0.887 0.321 0.346 Skin-noskin 0.999 0.941 0.944

Webspam 0.937 0.331 0.350
Cifa 0.781 0.088 0.013

Skin-noskin 0.998 0.907 0.913
Cifa 0.368 0.006 0.023 Poker 0.600 0.116 0.180
Poker 0.536 0.088 0.076 Acoustic 0.914 0.388 0.227
Acoustic 0.771 0.113 0.200 Combined 0.913 0.302 0.161

i 0.72 0.07 0.13

Combined > 6 > Average 0.895 0.395 0.366

Average 0.771 0.252 0.277
Median 0.934 0.371 0.287

Median 0.812 0.147 0.200

P-value 0.002 0.002 P-value 0.002 0.002
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Tab.13 The matching rate about test process

of three algorithms as s =5000

datasets DC-kNN MKD-kNN  PCA-kNN
MiniBooNE 0.991 0.385 0.300
Seismic 0.981 0.379 0.450
Aloi 0.987 0.517 0.647
Mnist 0.962 0.512 0.614
Webspam 0.997 0.711 0.670
Skin-noskin 0.999 0.960 0.958
Cifa 0.851 0.033 0.108
Poker 0.745 0.418 0.305
Acoustic 0.966 0.297 0.498
Combined 0.961 0.223 0.398
Average 0.944 0.444 0.495
Median 0.973 0.401 0.474
P-value 0.002 0.002

% 10-13 AT H, ZE S5 s M AR ERR , DC-
kNN 328 57 1) I 38 DS e LU 7 T B0 45 i 3
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KINN B33 (19000 38 DG JE Bb K 2 2 53 A1 1 B33 19 R
524 5 =5000 B, DC-KNN % 5 328 VT I e K 2
A INFPE L — 5 2. LR g R R, DC-
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TEEWIR b AT AE 5 I 0GR 1 kNN 432 — 20, S
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6 Zig
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FRANTE[A) — X] 23 4 V18 552 491 4R fBL B8 5 /0N /2 fR JIE
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