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Abstract

In practice, some data contains a lot of privileged information, which can be used to train the classifi-
er to improve classification performance. For example, in image classification, labels are used to de-
scribe images. These labels can be regarded as privileged information. The privileged information is
complementary to the image and can be used for learning to improve the performance of image clas-
sification. The characteristics of multi-instance learning and two-view learning are suitable for image
classification with privileged information. Therefore, a two-view multi-instance method based on si-
milarity is proposed for image classification with privileged information. The proposed method con-
siders one image as an instance, a collection of several images as a package, and privileged informa-
tion as an instance. In order to solve the problem that the labels in the instances are unknown in
practice, a similarity model is introduced. The proposed method first divides the image and privilege
information into two different perspectives, then uses a clustering algorithm to construct the package,
and finally trains a support vector machine classifier. The experimental results on four data sets show
that the proposed method is more accurate than other similar models, and the two packet clustering
algorithms are compared, and the sensitivity of each parameter is analyzed.
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2 o5 2] DB 2 S BRI B BT ORIV, 2 N B (2o Bl B B ) i 432K 1] FEAE
Gif Z eI, Rl NIE R B SORE], et B0 AN IERBIN, AR ARIC N IE, FR
NIERL; SRR 2 FURBIN, B RPRE R IL N, O E. 2RI SRSt 2t C s
PRSI ELBEAT ISR, AR50 AR FIRRAE ) L AR ZEEAT I -

AR, BB R T ENL S S B Fe Rz —, R AR AR S R it . R 22 s 12
S AR, 2R 5 ) B Rlk 22 b B R 7E UG 2 SR i, TSR  SCR IR, —Fh
JE SRR — KB — A, SHEG 3 E1 U 7= A AR A XS — ANl [2] . i, Rao 558 A\ [3]42
AT 2 ROEH G IR 280715, 207708 Se i AR R - RO VER I AN Ee sl i B B, 2R
J& FH 22 7549 2 20 0 R ) B IR R AT 7 2. I — o SRR — Tk A — o], R 2 5k ER
4N 4] Bltn, Duan %5 A[4]82H GMI (generalized multi-instance) 2 31 515, %58 F k-means
RBFEMRIARI I DR AR AH 1) 2 Tk R R G e — A, b i G s, TR & 73 25
v R i 1 22 7 A7) 2 > ) R

JEE RN B 5 2810 2 7501 5 S A SRR 22, HK 2 B0 eI S5 s A0l e B A AH R
FIRFE . (HSE, ILSCH ] Re 2B R FE RGO,  RIVINZREHs B Ll a8 3 2 R AE, AR B ARFAE
B FRARAUE B[5]. ERME S KH, RERUE B nT DURAE IR AT A B BN, 3 28 B InARFAiE 7] LA
B ZRA0 58 HER 73 2R 8 IR m R A RE Az AL B J) . HET, RPBUE B 2] CAEW 2 SRR 3] 17Tz
I 5T . 1 1, Guo 5 A\ [6]472 Hi ESVDD-neg (extended support vector data description with negative examples)
J7iF, 2 EM FRRRUE B2 ST R AU TRk B 30 H AR IR 8. Wu 8N [7]32H MT-PSVR (multi-target
support vector regression) B Y, iZBIRLLE Y ZRREAS B AR AL d@ i HAD B AR ARG B R BRI R H
i[RI AH S
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Figure 1. Web images with privileged information
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Table 1. Algorithm implementation steps
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8: X TIEE B, B, PG —rf, ERPEI % 12
9: 4 x" x® N B;,B; MIE(®E
10: FI S EF S, HIS)EHS) .
10 JEIEA x4 xS B X xS SRR S, S,

12: W5 f,, f, B F(x)

13 SHELFT x* X B AR X, X3 R S, S

14: ZRAFHAY LEAR L 32 (A1 arg max F (x, )

15: JHD-SM S RHH S/ I D-SY¥ -S> KHEH S
16: MRIBAREME)ITH m* (x),m (x)

17: BTSN, 8% SH 8%, SH SY it QP A E F

18: I F#H FY

19: H#|

F(H) _ F(‘) < TF(H)

3. SKWELHROH
3.1 HiEsk

SEIRHHRE K H NUS-WIDE. Flickr30k. WebQuery 1 AWA2 (Animals with Attributes 2)1% U/ 45 -
® NUS-WIDE: iZ¥#E8E 45k H Flickr 1) 269648 ik FI1% 1) 5018 ANk —FRZEFIH Fhn2s
® Flickr30k: ZHE & BN AT 8] 7 1 MG Rk i B vk, B8 31,783 5k H W&z FHAEAI st
LK 158,915 A)SC ik .
® WebQuery: 1ZE# & & M 353 N SCARE W R R B 71,478 /> Web BB I HERE S &K
BB Z s 5 I SC TR AR KRR o
® AWA2: ZHWEAE R 50 MBI 37,322 RIEB UL, FAEIUEEA TERBUNRHER R, JFr
H 85 N E AT R .
ZSLIH — K BN — R, B — RS R — R SCERRI N — AR, # S SRR
PR b CE AN TSI

3.2. SEREI

321 MM REIEHRAEZE

FENLES 22 S A, AR 22 BEREHE, I k-means [15], DBSCAN [16]502:4%, X 8677 m] DU Sk fiyid
LB, SEE R E A k-means F DBSCAN Sk xt T HE AT fid .

k-means S8 85095 T SRR S A4, k-means SRR IR N R B0E T I &) I L.
RIEHTNIEL, %L SHk =|T/15 |, Hoh T RoRIIGRE S . %5858 H 1 k-means 88 5H 2
e T RR B 5 d(xi,xj):\/%"vi—vj||2+||ti—t,.||2, Horp, vt Mgt RS §RANES 5K EMRIAL
SERSCARRHE. d (x,x; ) 2Pk EHR Z B

DBSCAN 2R2KE57%: DBSCAN &3 T % IR F L, v H T MFEARSEMAE NP AL.
DBSCAN 4583858 SUNLE BEERM B R i8R, M BA 08 % FE I X33 73 AR, n] DATERRE 7S (1)
2% () E A P AR BT R AR SR 2K
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322 WREERSHILE
TR A 70 2107, RN LRl 5 WL DU 22 71 3 07 A He
© SMIL-PL %7505 KB IE I Web BCli &9 B2 STl b, U B0 SCACRHERA HH AT A %
IR BEHR RO « o7 TR PSRRI T — /S IEWI 28, LA MO 44 IR 7].
® PSVM-2V: 7L T LA 3 T AL L0, 26 3 TASHFRLE B2 7501 5T RIS SVM

YE Ry KA5[11].

® SVM+: ZJ7E2 — P EE T RABUE B I, FRPBURAE 2% 8] b SR it ek 0S5 e br i SVM
RS AR B [13]

® SVM-2K: 1ZJ5 ik i R4 H LA 25 2 7k, B IE BN A AR L A A AR I s 1A A DAY Z5R 5y
H2R[14].

SIS TR TS SVM+, SVM-2K, sMIL-PI F1 PSVM-2V Eb%:, K~V #EHi E (average precision)
SR &% T VERIMERE . 7E SVM-2K Al PSVM-2V 1, BHSHC* =C® =C; 1 sMIL-PI 1, HHSH
C,=C,. LIl LiX s H LK sMIL-PI. PSVM-2V. SVM+H [T S5 p (18 3% A 5
{10°,10?,10",1,10,10° 10°} . LUK M], s, SRMPERLER ML, HIESH =001, X T
Bk, ®B%C =C,,D,=D,, #Ei‘z%»‘%%ziimﬁ{10*3,10*2,10*1,1,101,102,103 .

XFHAET SVM [I773:,  SRi b A e s 1 A% R K(Z,Tj):exp(—“Z—Z“z/Zaz), %z
o itk R {10°,10%,10™,1,10%,10%,10°}

3.3. EWERSHH

3.3.1. MHEEELER

SZI6 A% ) NUS-WIDE . Flickr30k. WebQuery 1 AWA2 $#E 4% SVM+, SVM-2K, sSMIL-PI, PSVM-2V
AT 72T MR S HhER . 1 2ebs BRI AUE BRI BB NS R AR SRS TE RN LA v 3 il
H k-means #1 DBSCAN ZEE 5L G 2/~ 16, #yit 0%y 300, 600, 900. 1200 1 1500 73 7%
FITEHATIN, 45 Rune 2~6 fs.

M 2~6 AT LIF 1, 7E NUS-WIDE. Flickr30k. WebQuery Fl AWA2 ¥iffiE b, ML EF R TT
ARG T L A 22 701 751 o B A 0 50 AL 300 1 900 I3 I, SVM+, SVM-2K., sMIL-2V. PSVM-2V
R 7 R (R YRS F FE ARG BT BT . Horh PSVM-2V. SVM-2K T 72576 L I $ &y 900 I 34 3] i
1, WS 4G N %, SYM+RT sMIL-2V 7EALIE R 1200 B IARIWE(E , BE G T46 T B . B G s,
MR TN, SE RS REE L TR, TS e T HUE R Z R ]2 2 ik 2k
WEFE . A HHZE R LAE H, #4& FF (A DBSCAN Eb k-means FIERCR LT AR

Table 2. Average precision when the bag numbers is 300 (unit: %)

2. BHEER 300 ARV FIERRE (BRI %)

Ky NUS-WIDE Flickr30k WebQuery AwWA2
Bk k-means DBSCAN k-means DBSCAN k-means DBSCAN k-means DBSCAN
SVM+ 72.83 74.46 71.02 72.97 69.48 72.51 75.34 77.38
SVM-2K 66.15 68.37 65.57 66.30 67.33 68.43 70.75 72.04
SMIL-PI 76.81 79.19 73.88 76.55 75.46 76.31 74.82 76.53
PSVM-2V 80.18 80.87 81.32 82.46 80.37 79.47 81.24 82.72
By 81.24 82.60 80.28 81.04 82.61 83.53 81.73 83.59
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Table 3. Average precision when the bag numbers is 600 (unit: %)

5% 3. BHHER 600 AR FAE(BAL: %)

AR NUS-WIDE Flickr30k WebQuery AWA2
Hik k-means DBSCAN k-means DBSCAN k-means DBSCAN k-means DBSCAN
SVM+ 76.64 75.09 75.52 75.03 74.64 72.57 78.57 78.79
SVM-2K 70.48 7153 73.19 73.06 72.29 74.15 71.08 72.42
SMIL-PI 76.86 75.92 78.01 80.55 79.36 82.23 76.28 79.36
PSVM-2V 82.82 82.96 84.47 86.63 83.90 82.14 83.11 83.69
FriR 75 ik 83.49 83.02 84.93 85.95 85.81 85.60 84.03 85.76

Table 4. Average precision when the bag numbers is 900 (unit: %)

= 4. BRIER 900 BRI FHEHRERNA: %)

e NUS-WIDE Flickr30k WebQuery AwWA2
Hik k-means DBSCAN k-means DBSCAN k-means DBSCAN k-means DBSCAN
SVM+ 77.22 79.04 80.43 82.68 78.38 79.63 79.18 80.81
SVM-2K 75.05 76.23 75.03 78.30 76.26 79.31 74.34 77.42
SMIL-PI 80.05 81.54 83.22 83.61 80.39 82.09 80.98 81.47
PSVM-2V 83.64 85,39 85.07 86.94 83.37 82.08 85.46 87.63
B 86.21 88.72 87.40 88.46 85.09 86.29 88.22 88.35

Table 5. Average precision when the bag numbers is 1200 (unit: %)

5. BRIEEN 1200 BT TEIIREFE (AL %)

EAE/E S NUS-WIDE Flickr30k WebQuery AWA2
Hik k-means DBSCAN k-means DBSCAN k-means DBSCAN k-means DBSCAN
SVM+ 79.80 81.31 80.84 84.52 79.41 81.06 82.07 81.19
SVM-2K 74.11 75.02 73.13 74.28 76.17 77.39 75.62 75.83
SMIL-PI 82.63 82.08 84.04 83.74 80.67 81.54 81.02 82.24
PSVM-2V 82.59 84.95 83.75 85.23 81.39 81.75 85.29 86.31
By 84.62 84.54 86.02 86.36 83.70 84.01 87.25 86.49

Table 6. Average precision when the bag numbers is 1500 (unit: %)

= 6. BRIEEN 1500 BB FEIEHE (RO %)

e NUS-WIDE Flickr30k WebQuery AwWA2
Hik k-means DBSCAN k-means DBSCAN k-means DBSCAN k-means DBSCAN
SVM+ 75.53 76.47 76.66 78.12 78.28 75.37 80.53 80.91
SVM-2K 72.02 73.64 70.15 69.58 69.82 73.26 71.47 72.24
SMIL-PI 78.35 79.74 76.21 77.49 78.37 80.36 7451 75.83
PSVM-2V 80.33 81.07 82.96 81.47 79.04 80.73 82.29 83.65
B 82.44 83.80 83.56 83.92 81.32 80.69 84.22 84.61
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S, IR e 2 fE 3 Fion. B2l E Dy, D iS4 C,,C, « HSLIRgs Rnrs, wilE 2 fr
. fETEF{107,107,107,1,10,10°,10°} v, Z%(C,,C, £ 10° B L i), PEAg LT, £ 1) 10°H), PhAE
T, 43¥%C =C, =1, MRHit. #3552 C,C, Wik D,, Dy, WK 3 ik, 2% D,,D, 7 10°
) 10 0, PEfE BFE, 7810 B 10°KF, PEREFEE, 4ZHD, =D, =10, MREA.
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Figure 3. The Parameter Sensitiveness of D, and Dg
[E 3. %1 D, Dy BURE

3.3.3. BRFEGUREIN

Yo IR S AT AU R Y U R, 61T NUS-WIDE SRSt 4468 7 1
YR I TR A A 4 . ST SR ISR B IO BR MR o), SRR 34 AT
bR e G2 o, , SL BB 1 [0,2- 07 | o SRJF, W T4 1 44, JRADKBRNLOMG M7t 5 hRME2E o, AT
FCRE, {EHARAG X, IR TR, WL AR AR, o8 <[00l or 00 |, Sk R
R, MAEEE 070 =10 FORURIEL SRR OIS | 7S,

S8y AR 7 0 1 3 EE 09681 30%6.2 1128 {35 IE DL RN S 3 4007 VAP PO M o, 9
H4R I B ARG . R L P R PR RIS ] 5 BT, BEAFRAOKFIOSRE, BTE
DT EREA S T e (LR SRR TR L, TRk DU S ORI, 00 W 7 1 R B .
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Figure 4. Add the noise to a data example
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Figure 5. Effect of noise on algorithm performance
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3.34. B3REBITRE

FRFN s T B E W 6 fiw, Bt ik e b i 5k MR E R AR 2 . XA
BRI L2 R T R B AR, I BLIRIE ) FH 2 3R S AR A R R IE RS B . BRIk, Frd it
FoAth 75248 2 5E 22 ) (]
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6000 -
4000
2000 1

0

SVN-2K SVN+ sMIL-PI  PSVM-2V  SMILE-PI
Method

Average Running Time (s)

Figure 6. Average running time of different methods
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4. BESRE

BEXT AT RS I R R ) — R T AR BLEE I PR A 22 n B BB 0 2R3k, T8 T 7= Bl
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