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Self-adaptive neighbor classification based on sparse learning
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Abstract; To deal with the problem that k-NN algorithm selects the fixed k, the sparse learning and reconstruction techniques
for classification were used, so that k value was obtained through data-driven without artificial set. Due to the existence correla-
tion between the samples, every test sample was used to reconstruct all the training samples, reconstruction coefficient matrix
was generated. The /,-norm was used to penalize the objective function, so that each test sample used its neighborhood nearest k
(a variable value) training samples to reconstruct, which solved the problem of inaccurate classification caused by k-NN algo-
rithm using the fixed k value. Results of experiments on UCI datasets show that the improved k-NN algorithm is better than the
classical k-NN algorithm in terms of classification effect.

Key words: sparse learning; reconstruction techniques; data-driven; /,-norm; neighborhood

0
k s
tr.2] k-NN (k-nearest neighbor) ,
k , [3] k= /n
( n 100 ). k-NN
k , 1 . k= s
: 2014-07-12; : 2014-09-15
(61170131, 61263035, 61363009); 863 (2012AA011005) ;
973 (2013CB329404) ; (2012GXNSFGA060004) ;
(20137ZD041) (YCSZ2015095, YCZ2015096)
(1990-), s s , . ;T : (1972-), , s
s 5 (1990, s s s N 3 (1994-), s

, s . E-mail: 7294835098@qq. com



36 7 , , , « 1913 -
1 . 2 i k=3 W* = (XX 'XY . XX7 ,
s 2 ; k=7 , ,
2 o 1 s
, & L - 4k
2 s o s
arg n}‘}n”W’X—YHiJrSHWH; (3)
7||W||§:2121‘wu‘298 Ly -
s :IW* = (XXT+oD ' XY,
) ) I - (8.9
s L, - s
k R w (
k , 2 ) L, -
s [ - s
NNk ), , arg min [ WX Y[+ A1 W, @
[4.5] 6] _ v
. o BN LTI 3 PR
SL-SAN (self-adaptive neighbor classification ’ A w 0,
based on sparse learning) . °
1. 2 SL-SAN
1 SL-SAN SL-SAN .
L1 ;
; , L -
X={z})l-1€R™ , n . d ; ’
Y = {yt € R . m . d . 0 ’
X Vi ’
W e R™ °
arg min] w, "z, — .| M XERS,n - d :
- W ) Y € R, m . d o
(4) : X
Ti Vi o Wi ’ i
T; B W; Y’
K ) s W, 4 Lasso (the least
absolute shrinkage and select operator)!'', Lasso (2)
) I - : L -
m, ’ 0. .
A , W 0
. o5 W e R m
WX —YlE = 1Y=Y[i= >3 >G —v)" @ S
W om o R w; i j
M3 = E;mi( M ) L w, >0, 1
Frobenius , W& R"" ,Y=W'X j s s ; wy; =
WX —Y]|; . (2) . 0, 3wy <0, .



. 1914 - 2015
0.2 0 0.3 W,
- 0 0.1 0 w; (1 <<i<<m) 0,
0 0 0.5 XXTur, — Xym +AD;w; = 0 (5
0.5 0 0.7 D:(1<<i<<m) , k
w . W1 1
0 1 1 4 2l | ©
, , 1 k=2; = (XXT+2D) ' Xy® (6)
.2 3 k 1 3. D w. .
w (data-driven) , [12] w,
, Lasso [ -
k s w
w 2
Y (y ) : X, Y
. :Wm c R
SL-SAN Whe R, =l
do |
(@) DY A<i<m, D k
1. SL-SAN
1
- X : 2w |
Y $4 )5 (2) For A< i< m
A B W = (XXT+ DY) ‘Xy(')
;. predict label 5 (3) t=t+1;
all y do ) until
{ D :
arg min | WX — Y[ + 2| W), ,
(2) (@8} w k m
3 2 K W = minTr (XTW = Y)T(XTW = Y) +2 35w/ D(
i=1
4) k
y (7
(5) Y  predict label
} end
'I"_(XTw(H»l) . Y)T(xTw({+l) . Y) _._/12 (wu—l) )TD(anfN
SL-SAN Lasso k-NN k ii?”
R SL*SAN Lasso , < TV(X"W(” . Y)T(XTW(“ — Y) + A 2 ('LC,“) )’I'Dl(nu(z)
i=1
Lasso : ® Lasso éTr(XTW(HrL) _ Y) ’I‘(XTWUJAJ _ Y) +
s Lasso k-NN k (i) . .
/1 i ” + “ZU([ 1 <
5 @ LARS (least angle regres- ,Z; ]2 ( 2w | H = e =1 |
sion) Lasso s 2 Tr(X"W® —Y)T(X"W® —Y) +
. SL-SAN k-NN : , ke . (wy’ .
,\22(”&,(,)”+2” sz H ”u"r(r)”)
NN , k-NN i=1j=1
d m
k ’ SIFS/\N ’ :>Tr<XTW(M1) 7Y>T(XTW“H) 7Y)+AEZ er(j”l) H
. k-NN s
k , < T’,(XTWU> _ Y)T(XTW(/) Y) +A2 2 H w(/)
i=1 j=1
k , SL-SAN Lasso [13] w o we | —
W, 2
||w||2 <||wo||27 Hwo H% ,
, SL-SAN k-NN A oo 2 °
1.3 o
4 s wW® DY (1<i<m) 5,



- k-NN - SL-SAN

10

36 [} ’ ’ * 1 9 1 5 M
(5) s 7) w 2 SC-SAN. k-NN
) Dataset SC-SAN k-NN
’ 2 S adult 0. 8025-+0. 0004 0. 7794+0. 0007
’ ° cleveland 0. 8381+0. 0024 0. 7619+0. 0025
2 sonar 0. 8500+0. 0039 0. 7650+0. 0106
seeds 0. 9381+0. 0010 0. 8762+0. 0021
2 . 4
Neorrect
Accuracy = - (8 SL-SAN k-NN
s n— + Herrea . . 3% ~8; .
UCT 10, SL-SAN k-NN R 2
1, SL-SAN o SI-
1 SAN k-NN o
Dataset # of instances # of features = of classes 3
adult 1605 113 2
cleveland 214 13 2 SL.-SAN k-
sonar 208 60 2 NN k Kk
seeds 210 7 3
s k-NN
MATLAB , win7 o SL-SAN
MATLAB 7. 1 . 10 w , w k
) s 1 , k ( )
s 10 10 o
2 . k-NN o
0.84 z](]u]l%(»}ﬁ,"i 0951 u]m'ﬂ]ﬂﬂ(]%{»}ﬁ,"ﬁi
0.82 0.9
0.8
s £ 0.85F
£ 078 3
= = 08¢
0.76
0.74 075+t
0725 i 6 8 ) 075
TR B
1 sonarB i 1 seeds BT AR
0.9 .95
E 08 £ 09
0.7 .85
065 1 6 8 ) 085 3 i 6 8 )
B T



« 1916 -

2015

[1] Zhang Shichao. Cost-sensitive classification with respect to
waiting cost [ J]. Knowledge-Based System, 2010, 23 (5);
369-378.

[2] Zhu Xiaofeng, Zhang Shichao, Jin Zhi, et al. Missing value
estimation for mix ed-attribute data sets [ ]J]. IEEE Transac-
tions Knowledge Data Engineering, 2011, 23 (1). 110-121.

[3] Lall U, Sharma A. A nearest-neighbor bootstrap for resam-
pling hydrologic time series [J]. Water Resour Res, 1996,
32 (3): 679-693.

[4] Jenatton R, Gramfort A, Michel V, et al. Mutial scale
mining of fMRI data with hierarchical structured sparsity [J].
SIAM Journal on Imaging Sciences, 2012, 5 (3): 835-856.

[5] Zhu Xiaofeng, Huang Zi, Shen Hengtao, et al. Dimensionali-
ty reduction by mixed-kernel canonical correlation analysis [J].
Pattern Recognition, 2012, 45 (8): 3003-3016

[6] KANG P, CHO S. Locally linear reconstruction for instance-
based learning [ J]. Pattern Recognition, 2008, 41 (11);
3507-3518.

[7] LIANG Jinjin, WU De. Sparse least square support vector ma-

chine with L1 norm [J]. Compute Engineering and Design,

2014, 35 (1): 293-296 (in Chinese). [ .
L1 (1. , 2014,
35 (1): 293-296. ]

[8] Zhu Xiaofeng, Huang Zi. Sparse hashing for fast multimedia
search [J]. ACM Transactions on Information System, 2013,
31 (2): 1-24.

[9] Zhu Xiaofeng, Zhang Lei, Huang Zi. A spars e embedding and
least variance encoding app roach to hashing [J]. IEEE Tran-
sactions on Image Processing, 2014, 23 (9):. 3737-3750.

[10] Zhu Xiaofeng, Huang Zi, Cui Jiangtao. Hengtao Shen:
Video-to-shot tag propagation by grapsparse group lasso [J].
IEEE Transactions on Multimedia, 2013, 15 (3): 633-646.

[11] Zhu Xiaofeng, Huang Zi. Self-taught dimensionality reduction
on the high-dimensional small-sized data [J]. Pattern Recog-
nition, 2013, 46 (1). 215-229.

[12] Zhu Xiaofeng, Huang Zi, Shen Hengtao, et al. Linear cross-
modal hashing for efficient multimedia search [C] //ACM
Multimedia, 2013: 143-152.

[137] UCI repository of machine learning datasets [ DB/OL ].
[2014-05-06]. http;//archive. ics. uci. edu/-ml/,2014.

[14] LE SONG. Codes and data[ EB/OL]. [2014-05-06]. http://

www. cc. gatech. edu/~1song/code. htm, 2014,

( 1911

[1] LIU Qingjie, WANG Xiaoying, WANG Maofa. research on
reasoning for fault diagnosis based on BP and ACO algorisms
[J]. Computer Measurement&Control, 2012, 20 (6): 1460~
1462 (in Chinese). [ s s . BP

ACO . L1l
2012, 20 (6): 1460-1462. ]

[2] DENG Ming. JIN Yezhuang. Aircraft engine fault diagnosis
[M]. Beijing: Beihang University Press, 2011 (in Chinese).
L . (M.

, 2011.]

[3] HU Chunling. Bayesian network structure learning and its ap-
plication [D]. Anhui: Hefei University of Technology, 2011
(in Chinese). [

[D]. : ,» 2011. ]

[4] ZHAO Jinbao, DENG Wei, WANG Jian. Bayesian network-
based urban road traffic accidents analysis [ J]. Journal of
Southeast University ( Natural Science Edition), 2011, 41
(6): 1301-1302 (in Chinese). [ s s

[J1]. (
), 2011, 41 (6): 1301-1302. ]

[5] Peng Y, Zhang S, Pan R. Bayesian network reasoning with
uncertain evidences [ J]. International Journal of Uncertainty
Fuzziness and Knowledge-based Systems, 2010, 18 (5):
539-564.

[6] XuE, Fan L, Li S, et al. Research on preprocess approach
for uncertain system based on rough set [C] //1st International
Conference on Swarm Intelligence, China, 2010: 656-663.

[7] Park H, Cho S. A modular design of Bayesian networks using
expert knowledge: Context-aware home service robot [J]. Ex-
pert Systems with Applications, 2012, 39 (3): 2629-2642.

[8] Reeve J, DeFreitas D, Sellares J. A Bayesian network for pre-
dicting diagnoses and risk of failure in kidney transplant biopsies
suggests inaccuracy in the Banff system [J]. American Journal
of Transplantation, 2011, 11 (2): 271-271.

[9] Uhart M, Bourguignon Maire L., Ducher M. Bayesian networks as
decision-making tools to help pharmacists evaluate and optimize hos-
pital drug supply chain [J]. European Journal of Hospital Pharma-
cy-science and Practice, 2012, 19 (6): 519-524.

[10] Glendining N, Pollino C. Development of Bayesian network

decision support tools to support river rehabilitation works in
the lower snowy river [J]. Human and Ecological Risk As-

sessment, 2012, 18 (1). 92-114.



