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Abstract

The importance of privileged information is particularly prominent in many fields, especially in
bio-medicine. It is because researchers have proven that privileged information can improve clas-
sification accuracy. And the traditional approach usually uses SVM+ to solve the classification
problem that contains privileged information. Unfortunately, in many cases the training data set
contains only partial privileged information due to the high cost of privileged information collec-
tion. In the face of data with incomplete privilege information, the biggest challenge is how to use
this partial privilege information to obtain the maximum hidden information of the data. Fortu-
nately, a new fusion classification algorithm based on incomplete privileged information for Sup-
port Vector Machine (ICSVM+) that we proposed, can solve this problem well. In this paper, two
ideas are proposed for the fusion classification algorithm, namely, cross-correction (CC) and linear
weighting (LW). We call these two methods (CC) ICSVM+ and (LW) ICSVM+. Another important
work is that a weight updating method based on window theory proposed by us can adapt well to
different data sets. Through experimental comparison with SVM and SVM+, our ICSVM+ methods
were able to effectively deal with the lack of privilege information.
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Vapnik (2009)#2 th 1 3T SVM [1] [2] /8 5= 2196, BRI S48 AR BUE B(LUPH) [3], BEFRNEE T
FeBUE B SR m EAL(SVM+). IZRR B U R BUE B, EAIE A T IR . Vapnik SPRFRUE BT
KEMWIF, H H s A& Mg 4] [5] [6] [7] [8]. Skubsh HRH, 23046 F IEH R AUE B
B T8 m o R Re[9]. ERLUIE LT, FelUE BARMEWCSE M B & B, FRil R AR R . (R,
FESCRBEE h, AVFZ 00T AR R ARAUE B [10]. BT SVM+AE SX MG AL, A7
AR B — NI AT AR S S B HAE R DR A o o RS B R T R O A R R B £
XD BEESE, IRATI B W £ 7 5e B[11] [12]. 13 oAb AS BARERUE B 1 SR Bk 52 Rt ik 2
FEERUE B e — AN AT B 7. IXFE L EIE & Pu J 2 AWF IS 8 0R [13]. AR, & 7 Z3RE
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EFRERUE BEAEH SVM %, ifEH SYM+Il k. fERLEN T, BATANEERATAIEE . B, 24
FARRUS BRI ZREE & R R ZR8 10 30%0F, SVM T SVM+HRAS e S B 4 (1) 73 2 45

ARSCHEH T RT3 RRUE B4 N ICSYM+HRIRE & 50, SeBl Bk B =A%, &
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Figure 1. LW-ICSVM+ and CC-ICSVM+ implementation process. The red box is the two

classification methods proposed in this paper. LW is a linear weighted fusion method and CC
is a cross-correction fusion method
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AR R R X A ), M =8 X (RRUE ), X, (A ERARUER), X, i X, UX, =X,
FIFIAE R A e e &R FSL L, AERLAL7] [18] [19]7T LAFEAR £ 5 T A ot s s it PERE, furpd
L LH K

3. EENA
3.1. &F SVM B4 E_

SVM+SHL " BAHFRUE 2 f 8 70 S8, (H A i Dl e LS BN o AR ST Y OB
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Figure 2. Process for dealing with the missing of privileged information
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Figure 3. Weight value evaluated by a slide window
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3.3.1. ZiEMRELES
LR IR A S RAS B R S B BN -
f(x)=af,(x)+(1-a)f,(x)
T

f(x)= in:, yiaiK(Xi’X)+(1_q)_zl:lyiaiK(Xi'X)+(l_q)b2 +aby (6)

I=n+

Algorithm 1

Input:d =(d,,---,d,)(m > 2), Window capacity u

m

Output : q
W« ¢
for j=1toudo
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Continued

f, f,) < using ICSVM +

q’ = argmax Flof) +(1-a) )] @
AN =F[g'f +(1-¢')f]] @

W W U(d;,q", AT)

end for
for j=u+1tomdo

(d,,9",A')«using @ and @
A" W U(d,;,q’, A’) with minimum A‘
W «WU(d;, g, A)~(d,,.q", A™)

end for
g « got the average from W

332 XXKIEME
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FIFT A MR 2K 18 XA BRI, - T8 XURIER S ik %0770 g
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WA EASIE, MAZRABIE. S XRIEMETEERNSER: HRSBRAKIELR.

PRSI 43 HC -

7E ICSVM+E R, FRATAMUAS BIB AL ik Ml 0 LASSIPARRZE L AL, o BAL, WX, FRATTATLL
SRELn A AR%E L, 3, L) (BLi% 2 R RoR T D ).

Algorithm 2

Input:q, L, L,
Output : &

S<¢
fori=1tondo
| = selected different elements in L, and L,

s
['li"""[mw}:_['li"""falm}
L, « return [I;,--~,IEQIMJ toL,

sesulL
end for

< randomly selected [ g, [I] elements from |

FRASRIE

TEW AR SRR, BRI NN R, VI TR 58, TR T
FERMNR . FEXE, RANVEIN—ANESE. WIS B, 52 Ry LUA S BRI 2600R, (8
I A B I B (I SR 2SR, TR SE S B MR bR, TR/ R o 3/ 1
by AR T R ERATIECC), DR (L, 3,0, L) (1—25) b i bt

CC it L F 5 S

P 1 4 U ST R RIIR e & 36 B0 VI e, e A DL,
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S 4 AL RS IRELRIUE BT 0 A ARAE Ly Lo, LD 1 0 AR @@, ea, o MR
Wi a, = maxa, . FAHI M LR R EERRSS,

KT CCHISLBIA TR, BAMES 3 heath 1. 78 CC o, FATBA L/ B2 PR MR 7R 3 A
A LA ZRES, X5 E N B INGEEAR, FIHREE SRR ERZ . FRE, AT
FEL IR 2 FPBOK K B USRS FE 2 1] (R 22 R R P AR 2 . DRI, 7 CC SeBlid R, Bk kb
ER A, TABIERARIAAN, ZAEL L SVM IS RL, tARIZAKR, KRSt HE,

Algorithm 3

Input: D, L, L,

Output : L

& < using the Algorithm 2

g « using the Algorithm 1

a«—¢

fori=1ton do
D,,, < add L, to D,
D, <« selected k samples from D — D,
a, < utilizing SVM got a accuracy from D, UD,,
a«<alUa

end for

T =argmax a
1<i<n

L, « got the optional lable set

3.4. BUBRK/MES

£ CC-ICSVM+H, FRAT e B Fe e b 2s o PbR 25 B0 a2 2 D SRR I BENL K. (R, N T
TETHEE, RATE > LR EVEFR n. W RENLERE, WIRPTA A RE A #E R, e n]
PITS B s . fEHAEE T, SIS RS RATE R m. SLhr b, FATHE AT DU R IARZE . W
RN BAE R, XA S EBEN LIRS 2380, BRI eT D R BRIk AT A & . A
LR AT LG, ORISR At E A F O A T

Chubl > Gy + Cpy (7)

[+l
4. KWPE
4.1. SLIE&

MUCH F i e Rkt 17 )\ $dE4E: Wine data set, seeds data set, Pima Indian Diabetes data set, lo-
nosphere data set, Abalone data set, statlog (heart) data set, Breast cancer Wisconsin data set, Liver Disorders
data set. 8 PMEHRRMFEARLBEAR, 71k, AT 8 NEFEE PRI 1 & a4 HRNEAL,
IR R RIX —E R 7 2R g  MNREEFIEG RS . ISR SR L0 7:3. Bk, KlZe
G RPERRSY s RERUE BEAARRRAUE B B RE, A5 TR AUE EREAR LB AER e . % 1
St 7 NI B KPR (5
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Table 1. Information about experimental data

=1 AXRLRBENER

EVEITES JEH A £ R M2 CEPNAN FHEAN 3 FERUE B A
Wine 178 * 14 116 *5 4 1
seeds 210*8 200 *7 5 2
pimaindiandiabets 768 *9 200 *8 5 3
lonosphere 351*35 200 * 34 26 8
Abalone 4177 *9 200 *6 5 1
statlog (heart) 270*14 200 * 13 9 4
Breast cancer wisconsin 569 * 32 200 *30 26 4
liverdisorders 345*7 200*6 5 1

TESZIE AR, FRATERE T 4 M9 SVM. SVM+. LW-IC SVM+. CC-ICPSVM+. 7 Hif 7 72
H, R ToE TR I . BLERRRUE AT B S RS BRI 2 AAE SVM A SVM+H R 5T (1S
HRIE, HTRRUE EET 02, FIE LB P g B RE SRS E . RE SYM JIZFEA
Lt SVM+IIIZAEARZ, HIEREA—EmT SVM+,

4.2. SRRREER

TE LW-ICSVM+H, FATME T ARG 7515, THAE CC-ICSVM+H, FRAME A 128 R IERh &
ke FE42 2 v, RS B4 5 I B 1 30%I, FRATT S A FE DU A5 9038 45 ) \ 4 B (R HERf o
TESLEI R, 0% MRS BAE N ZREEFBENLIREL, RIS B R BIA A S RRUE B . 1R
B, RATEENHE T 3 K, SEHEREY P RATTCLER, XFFNAEIEE, LW-ICSVM+FI
CC-ICSVM+ 745 T SVM Fll SVM+, R SVM Fl SVM+1E R e Il R TAE R 4F . 5§ Wine data set,
seeds data set, LW-ICSVM+J5i%L T CC-ICSVM+, JEIRBEHA: 156, BN CC-ICSVM+XT AN 2K 4%
BHTAHEEIE . AR — AN 288 1 BT AT I 2R AR R 2 53 — AN R8BS I i A, T CC-ICSVM+
TIEEA RS BIMERI S R . IR, B TR BRI AR E JLPAR D, T B AR TR 1A
TEA R A IR AR /N . R, 8 S EUR P BRRS BEZ2 AR /N, FF HLIGV A ik # f A
b

W o

Table 2. Experimental accuracy of eight groups of data
2. J\EBIRASEI R R

Bt SVM SVM+ LW-ICSVM+CC-ICSVM+
Wine 86.11 91.67 97.22 94.45
seeds 90 87.5 93.75 92.25

pimaindiandiabets 71.66 70 74.17 75.83
lonosphere 84.33 90 91.67 92.78

Abalone 90 81.67 91.67 95
heart 88.33 85 86.63 91.67
Breast 95 91.67 94.17 97.22

Liverdisorders 66.67 61.67 75 76.11
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X5 CC-ICSVM+H RIS IR, BRATIRIE 3 AL PRI AR RSN OL A VEEBA 4 Xt I 14 i v A A 25 14

PR AR . % 3 fiL7R 1 Breast Cancer Wisconsin and lonosphere datasets FHAEANFIBREES L, RIAERHZR .
E ST, AT n=5, 3RS A%, d,, o NERZ.

Table 3. The accuracy a, of each prediction label L,
%3 SRS L, HOEHE o

Breast Cancer Wisconsin Lonosphere
pseudo label Accuracy (%) pseudo label Accuracy (%)
d, 80 c, 74.28
d, 85 c, 70.71
d, 84.2 c, 70.71
d, 70 c, 67.14
d, 75.7 oA 71.21

5. &

T IIZREE RS SR BUE BRI DL, BLE IR FTE I AR 107532, (EEEREANZE ROF A i

PTAHRH T LW-ICSVM+FI CC-ICSVM+5LiE, A o 7R AUE BA CR M . et fed, IR
ATRA T B S EE B U AR S50 R B, 5% 40 SVM AT SVM+HH L, %0775 I HER 22 B2 2 .
TELLEL LW-ICSVM+5 CC-ICSVM+IN, FRATTAR I BRI 5 # BOHER 2 TRl , (HATE M AR
M, TR R R T ER B, AT LLIE SRR LW-ICSVM+. )5, STk e 24 I, 7E CC-ICSVM+
gt ISR A X, DA R TR

FERRI AR F, FATIHRIFZR] CC-ICSVM+ITHE R, & B AR P R/, X Sl B

KNG 73 SMET R 2 R 50 RBEAT SKIRWTFE, A TISRAS RE S PRAEAE SN B I TH S B RO 00T P R B
(RIAE L o

SE 3

(1]
(2]
(3]
(4]

(5]
(6]

(7]
(8]

Cortes, C. and Vapnik, V. (1995) Support-Vector Networks. Machine Learning, 20, 273-297.
https://doi.org/10.1007/BF00994018

Keerthi, S.S., Gilbert, et al. (2002) Convergence of a Generalized SMO Algorithm for SVM Classifier Design. Ma-
chine Learning, 46, 351-360. https://doi.org/10.1023/A:1012431217818

Vapnik, V. and Vashist, A. (2009) A New Learning Paradigm: Learning Using Privileged Information. Neural Net-
works, 22, 544-557. https://doi.org/10.1016/j.neunet.2009.06.042

Shiao, H.T. and Cherkassky, V. (2014) Learning Using Privileged Information (LUPI) for Modeling Survival Data. In-
ternational Joint Conference on Neural Networks, Beijing, 6-11 July 2014, 1042-1049.
https://doi.org/10.1109/IJCNN.2014.6889517

Yang, X., Wang, M. and Tao, D. (2018) Person Re-Identification with Metric Learning Using Privileged Information.
IEEE Transactions on Image Processing, 27, 791-805. https://doi.org/10.1109/T1P.2017.2765836

Motiian, S., Piccirilli, M., Adjeroh, D.A., et al. (2016) Information Bottleneck Learning Using Privileged Information
for Visual Recognition. Computer Vision & Pattern Recognition, Las Vegas, 27-30 June 2016, 1496-1505.
https://doi.org/10.1109/CVPR.2016.166

Lapin, M., Hein, M. and Schiele, B. (2014) Learning Using Privileged Information: SVM+ and Weighted SVM. Neur-
al Networks, 53, 95-108. https://doi.org/10.1016/j.neunet.2014.02.002

Feyereisl, J. and Aickelin, U. (2012) Privileged Information for Data Clustering. Information Sciences, 194, 4-23.

DOI: 10.12677/aam.2020.93042 357 N E A


https://doi.org/10.12677/aam.2020.93042
https://doi.org/10.1007/BF00994018
https://doi.org/10.1023/A:1012431217818
https://doi.org/10.1016/j.neunet.2009.06.042
https://doi.org/10.1109/IJCNN.2014.6889517
https://doi.org/10.1109/TIP.2017.2765836
https://doi.org/10.1109/CVPR.2016.166
https://doi.org/10.1016/j.neunet.2014.02.002

B

(9]

[10]
(11]
[12]

(13]

[14]

(15]
(16]

[17]

(18]

[19]

[20]

https://doi.org/10.1016/j.ins.2011.04.025

Pechyony, D. and Vapnik, V. (2010) On the Theory of Learning with Privileged Information. Advances in Neural In-
formation Processing Systems 23: 24th Annual Conference on Neural Information Processing Systems 2010, Vancou-
ver, 6-9 December 2010, 1894-1902.

Liu, D., Liang, D. and Wang, C. (2015) A Novel Three-Way Decision Model Based on Incomplete Information System.
Knowledge-Based Systems, 91, 32-45.

Emmanuel, J. and Candes, R.B. (2009) Exact Matrix Completion via Convex Optimization. Foundations of Computa-
tional Mathematics, 9, 717-772. https://doi.org/10.1007/s10208-009-9045-5

Liu, J., Musialski, P., Wonka, P., et al. (2009) Tensor Completion for Estimating Missing Values in Visual Data. IEEE
Transactions on Pattern Analysis and Machine Intelligence, 35, 208-220.

Pu, J., Wang, J., Zheng, Y., et al. (2017) Boosting Alzheimer Diagnosis Accuracy with the Help of Incomplete Privi-
leged Information. IEEE International Conference on Bioinformatics and Biomedicine, Kansas City, 13-16 November
2017, 595-599. https://doi.org/10.1109/BIBM.2017.8217718

Fouad, S., Tino, P., Raychaudhury, S., et al. (2012) Learning Using Privileged Information in Prototype Based Models.
Proceedings of the 22nd International Conference on Artificial Neural Networks and Machine Learning, VVolume Part
11, 322-329. https://doi.org/10.1007/978-3-642-33266-1_40

Wang, Z. and Qiang, J. (2015) Classifier Learning with Hidden Information. Computer Vision & Pattern Recognition,
Boston, 7-12 June 2015, 4969-4977.

Chen, J., Liu, X. and Lyu, S. (2012) Boosting with Side Information. In: Computer Vision ACCV 2012, Springer, Ber-
lin Heidelberg, 563-577.

Lin, H., Lin, Y., Yu, J., et al. (2014) Weighing Fusion Method for Truck Scales Based on Prior Knowledge and Neural
Network Ensembles. IEEE Transactions on Instrumentation & Measurement, 63, 250-259.
https://doi.org/10.1109/T1M.2013.2278577

Ye, L.Y., et al. (2014) Multi-Sensor Weighted Data Fusion Method Using LMS Algorithm. Computer Engineering &
Applications, 50, 86-90.

Xu, X.L. and Tang, J.F. (2006) A New Sequential Weighed Fusion Method with Colored Noise and Time Delay. 2006
International Conference on Machine Learning and Cybernetics, Dalian, 2006, 1879-1884.
https://doi.org/10.1109/ICMLC.2006.259055

Mohammadpour, P., Sharifi, M. and Paikan, A. (2008) A Self-Training Algorithm for Load Balancing in Cluster
Computing. International Conference on Networked Computing & Advanced Information Management, Gyeongju, 2-4
September 2008, 104-109. https://doi.org/10.1109/NCM.2008.178

DOI: 10.12677/aam.2020.93042 358 N E A


https://doi.org/10.12677/aam.2020.93042
https://doi.org/10.1016/j.ins.2011.04.025
https://doi.org/10.1007/s10208-009-9045-5
https://doi.org/10.1109/BIBM.2017.8217718
https://doi.org/10.1007/978-3-642-33266-1_40
https://doi.org/10.1109/TIM.2013.2278577
https://doi.org/10.1109/ICMLC.2006.259055
https://doi.org/10.1109/NCM.2008.178

	Support Vector Machines Based on Incomplete Privileged Information 
	Abstract
	Keywords
	基于部分特权信息的支持向量机
	摘  要
	关键词
	1. 引言
	2. 相关工作
	3. 算法介绍
	3.1. 基于SVM的部分特权信息
	3.2. 权重评估
	3.3. 融合方法
	3.3.1. 线性加权融合法
	3.3.2. 交叉校正融合

	3.4. 数据块大小控制

	4. 实验设置
	4.1. 实验准备
	4.2. 实验结果

	5. 结论
	参考文献

