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Multi-label Label-specific Feature Learning Based on Invariance Injection

HANG Jun-Yi"?, ZHANG Min-Ling"?

'(School of Computer Science and Engineering, Southeast University, Nanjing 210096, China)
*(Key Laboratory of Computer Network and Information Integration (Southeast University), Ministry of Education, Nanjing 210096, China)

Abstract: Label-specific features serve as an effective strategy for addressing multi-label classification tasks. By tailoring discriminative
features to the individual preferences of each label, such features enhance the generalization capability of classification models. Existing
methods typically focus on manipulating features to extract those relevant to label discrimination. Rather than following this conventional
approach, this study explores a novel perspective based on feature invariance for label-specific feature learning. Specifically, invariance is
injected into classifiers with respect to label-irrelevant features by intentionally manipulating these features for each class label.
Accordingly, an invariance-based label-specific feature learning method, termed INVA, is proposed. INVA estimates the feature covariance
matrix for each label to capture intra-class variation, thus identifying label-irrelevant features. Classifiers are then endowed with invariance
to these features by solving a perturbation risk minimization problem. Furthermore, an upper bound of the perturbation risk is derived to
enhance computational efficiency. Comprehensive experiments on standard multi-label benchmark datasets demonstrate the effectiveness of
the proposed method.
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Zhric K, —F EAR AR RS R TEREAR I R — R E 2 B 5 B &M ric IR . BAR T BT AT, (R 1%
SRS E 22 SUHERT R ) B SRR, SR RN 22 SCHE ST R I 8 Abic B W 7 R A R 0 il i g ™, B A4S
Fric 5 A (8] 1 DG B ¢ ZR ] RES2 AN IR, 491, 78 MGG 55 vh, TEDRRRAIE &« L e B A5 1R A1 (R A DA AE, T4
FRRRAE )2 TRT i E AR R0 0 B BRI 72 SR 23 R AE 55 v, <R 32 D SRl VAR T 50 32 B ) 4 il 56
SRR, T W IR Ty R S YRR K TR G E R F M TE O L, R SR AE ] — R B HEAT AR A, R
o FER UL AIAETE IR ) T Al 4 22 A Il R, S A R 70 TR,

Bt 1 il R, 28 R E SR O 0 AN TR i AR a0 S R R AR [ (R, 388 S R R ) 7 40 e AR
I AR AT, T 3025055 2 pric 73 PR RE. % IR BAHE, O 0% TR R R AE AL B AR B A P bric
FU BRI A AE AT SR EL. o, — S E B 7 VR FH R HE AR B AR W38 2R B AR AR 73k LIFT 8 ot 444
FRic W IE . SORGIHEAT 200 M, 285 F 5 28 i BU AR 0 R A AL 46 Bt ST 288 SR R AR AR 4. o — 2805 1k IR FH AR AE
PR AR AE. AR 75 LLSFUIYE LASSO [81 )5 V2HE B R 5 8- AN b e 43 1 348 88 340 331 3o 2 £ M S 4R i
TE.

5 Rl B AR BRI AR JCRFAE I 3 RSR[50 S5 i 3o X A7 12 541 31 R T DR AE AT B A S I 2 A
S 2) AERAR T I, DELA 535" B R {UCE 10— 0 TAE. fEBENUARHESRBIHESE R, %7 iAR U 5 280 4 H 5%
T NPBN I R EBE 22 e RS BR 10 ) TG SR, 3 I SR AR 2 TR (1 H10 80 XUy o/ A e R 7 3 SR R 5 T
TERFFAE R AAR . SR, 2 3 1k R oy N\ - R B0 22 57 Bh A AR AL, TEVE R TG SRR AE R I mT Sk, Bz
IER 5 ) s RIAE.

BT EREE, AR T — R ET AN 2 PR IC B RHIE Y =) 74 INVA (multi-label label-specific
feature learning based on invariance injection). /£ DELA J5 =&l b, INVA J5 kil B s s oAb vk, 18 5m
TRFHAEHFR SRR AT SN, BATI S, INVA J5EN AN bric FIARFE B 7 ZH BT M TF, Z = Sk 2 ek
TN Y FERFE (AR AR B B Y, S AR TS IR MR T GErH A o, 28 AR AR BE BOK RRAE
g3, R RIARICH A R TE IRHIE ;T 28 N AR A AR BE /N BRARFAE 23 2, JUDRE AR IC 4 50 PO AH DG RFAE. BETT, INVA J7i%
FRAE AR Bp 7 256 B AR OB AL 75, e Am e 400 (9 T8 AR AE HEAT $R 30, T8 I SR A 2 AEIREN N ZRAE 2 11
B RS e /M ) /- H B TR R AE AN PR [ 70 A B, SOh e — DS T Hiah MRS e /M inl /B ) 38 57
Z R T e ME IR R A AL S A ERIZ L, S T OTE RV R A, bl B R A B AT SE e
Mres R, e 7 ik ae A SR 2 Anid 7 2K 1tk R

ATCES 1T B b [ A G ORI AL AR, B 2 WA AR B INVA SR HORATS. 28 3 W e ik HoE 4k
AT R SEIR TS R B 4 FIN AT R4

1 HEXITIE

1.1 ZrignE

ZhRid o F A AR AR FAR BN T T2 M9E . T 2 AR 2K s B 26 AR L SR IR R o
R, GERRRIC A R O 3R A2 22 b e 40 2K O W S04 2 vh I O ) R — . AR D7 v 2 RR R B 1 AR S A
AR, O JTER 230 3 25, AR — U0 oy U A b i U ARk, YR T AR
T T GEEVRFE 5 S BARN BF bRc Ko R @B AT S0t B0, — 28 TAE SR 5] AN IE IR M 22 9 2 2241
P o 220 oA 2 25201258 ¢ i 5 700 S AR R 2 TR A MR 2 2R Bt N 7 9 72 Uil 7 T 3 B s ) P AT AR AE A AR AT
X 5%, SEBUARICAR RO R I R s

PRICAR A OC R B Ay 70 3 O S A RV B Vo B3R D5 v AN 7e, 8B AFE g B 75X 22 b 30 (K 5
NS AVHEAT AR, AT 53 22 e o0 2R PR . AR 28 SRR A 27 >0 b B b (8 i AR HE A B B AR B AN TRD, 4 53] 43
N, DR R AE AR e VR RN SR R I B T VA,
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IAAMPRIC I SRS, AR 5 18 i BRI AR 55 1k e R 28 J 2 ) ) P 8 A 36 R TR ARFAIE. J5 82 TR 253804 LIFT /591
BOARMELLHAT Stk 5020, I FH SRS AR P05 0 AR PIZ i R R A R B AL 51 4R 45 5.
A R IME BTN B R (SR R AR AT ) A R R A i O 2 i AR AR A A 3 ) ) )
A B,

B FAE 8 7 VAR FH AR PR B AR 38 S JRAFAE. AQZR M 712 LLSFPIE LASSO [l HESE T4 M sic
43 R B B FE A SR RRAE T4E, I 5] AR R IC LI o6 RAF N SR B R, J5 8 TR N2 B3
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25 A A TR e 4 2%
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p(e)=N(g0,0%-1).

TEAI (1) 1, DELA J5 iR 4 73 2R R 5y 50 T N R30I R 0% 72 TN AR 18 I JE R HRAE; [RIB, I8
T TETCRRFAE 3 N B ML 75 PSR AT SR RAE 1284k, AT 7E 2 >0 3k R mp gk i It - 3 AR O T T SR AE AR AL,
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Hh, 10 2, = e (x) + & HEFHEFEF, RGN RH Jensen AT H, B E[logX] < logE[X]. IS 2 MK
HEFAEA T oA B, BD:
Ep [e] = e#27, X ~ N (Xsp1,07) ®
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Ep(ak) (ew'k‘z“-b) — ew}'em(x)+b+§w2'2kw

©)

Ep(gk) (e—w[zk—b) — e—wle,,,(x)—bJr%wf):‘w
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2. for =0to T'"do




6 BB oo e b g e

3. M\ DHFENLRIE AT B;

4. FERHEVI T EHRE L (1 <k<q) (AR @)
5. TFEBE) RS M A ES (AF(6));

6.  FIFABAE T REEEHIEA 24 ¢ F1 O,

7. end for

W RS ¢ f1 0.
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31 XWRE
AR ST ILER T 8 M2 ARt A HERIR AR, DEHMT AT PR, R 1 RAR T &M UREFTEA N2
FEAL I Z hic i, GFEREGIEE R4S . Aric B FRIEREL. AR B (AR MREA B AR bR id B =
¥IAH). S MO0k [8], MEIELR rov-s1 Fl tme2007 FEATBE4E, HRHE 7 BB LR B AT 2% BIRHE. 2038 4 mirflickr 5 H
JRIER IR T DenseSift $EH 4L
F 1 ZhrcREEER R

pAETES FEA K= FRHEYE B Frid s FEAE Y Fric 2 Ak
yeast 2417 103 14 B 4.237 EX/N
revl-sl 6000 944 101 HE A 2.880 A
Corell6k-s1 13766 500 153 B3 Bt 2.859 IFY
delicious 16105 500 983 B 19.020 A
mirflickr 25000 1000 38 HE Y 4716 K15
tmc2007 28596 981 22 e bt 2.158 A
mediamill 43907 120 101 B 4376 T
bookmarks 87856 2150 208 B bt 2.028 A

VE: U R, 1R B0 42 4% B2 N http:/mulan.sourceforge.net/datasets.html, 2] %5 #8 £ 5% 32 A http://lear.inrialpes. fi/people/guillau
min/data.php

Ve R bR: ATV BRI 2 hRid 20 K MERe, SSIRRER T 6 BUE B 2 brid 1PN fa br, 45 Average
precision. Macro-averaging AUC. Hamming loss. One-error. Coverage F1 Ranking loss. $F4 A5 H & X 2 W3
ik [1].

SEEANT: A SCR 5 DELA J592: U VHE [ (A 5 b AL Ak ik, BRI &, RN BRBR e, 1 SE BN 4 B4
LM, BEHEREBCN [256, 512, 256). 8 H Adam TRAGEHEAT W& SHAL, HEFEA RN 128, B A T
BN 1E4. SRR T4 0.999 10.9.

3.2 MRS

INVA 775 6 MURMMZ Fric o 8RR AT T HeRe b, seilrb, X be AR R 4h SOk b 42 it 1) 4t 2
ESHALHE.

o LIFT!: — AL T IR AR R R AE AR e 575, [r =011,

o LLSFUh —/~ LASSO HELL N {3 R RFfE % 5 05 1%, 25 & xt dric 1A O L B0 O6 &R, [ S B 2 308 &
@Be(27,27,...,20 y=001].

o C2AEP: —ANRBEFRICI AN J7 92, FI T d A 2 /0T (canonical correlation analysis) AR [ 4 it 5K
FHEAR ISR B [F] — 28, RSB R @ €(0.1,1,2,5,10} .

o MPVAEP": e [ 2 18] b, I FH A8 53 [ G i 806 FERE G AR RAR . (RIS, 5% S B 7 2 0 B g A e e
xR, [4,=4=05 4=10,8=1.1]


http://mulan.sourceforge.net/datasets.html
http://lear.inrialpes.fr/people/guillaumin/data.php
http://lear.inrialpes.fr/people/guillaumin/data.php

I — F AT REMIEA S AT R BAIES T 7

o CLIF™: — AN SRBRRE 2 51 05 1%, 16 S 1B 25 SIHE L8 T SRS AR 0% R A SRR HEAT W R AL, [ PRAR
BSHHEE: e {10-5,10-4,..., 1,2,5, 10}, d, € (64,128,256} ].

o DELA™: oI IR T IR 2R B E 2SI T ik, [ BB B &R B {107°,107,...,10} 1.

INVA HiEEE—MNESE, AR Q) P RIEER T A, seitrpost HE T &R, R~ {0.01, 0.1, 0.25,
0.5,0.75, 1.0, 2.5}. NPEREVPAN A SFRE I, T PR BE 7 v 350 458 P A 5] RO AP 48 IR 2 45 1), I 48 R B AR 1 2 21 6 M
25 SR ML RN ER AR, BENLANEL 10% DFIREBIVE NIGIELSE, H THSHE R, AR 0 90% FEF) L, 47
A7 28 SR SRV B Re.

R 2K 3V TR T BTN IR AT VENSLI0 45 1. 5T B IR bs, RPMEHTS 1 () BoniEN s
HUE AR K GRS, P REER T . 5 Ba A iR BRI ) e A P BE AR 3R FOIF B oR. EAh, R T 22E N 0.05 R B
AR S M6 (Wilcoxon signed-ranks test)™”, SAMHT INVA VAR T CF 7E2 5 BIL 4t R TERE.
AR T BV e br LSRR S R

F 2 INVA JFERXS LT 8 Average precisions Macro-averaging AUC Fll Hamming loss 4 i

Eiztan HARAE LIFT LLSF C2AE MPVAE CLIF DELA INVA
yeast  0.7680+0.0253 0.7564:+0.0229 0.7389+0.0217 0.7641=0.0252 0.7650+0.0215 0.7691+0.0227 0.77570.0229
revl-sl  0.5921+0.0145 0.6129+0.0116 0.6147+0.0100 0.6332+0.0136 0.6246+0.0094 0.6391+0.0153 0.6445+0.0136
Corel16k-s1 0.3168+0.0059 0.3428+0.0053 0.3297+0.0042 0.3646+0.0063 0.3516:+0.0070 0.3675+0.0062 0.372420.0045
Average  delicious  0.3833+0.0061 0.3587+0.0079 0.3648+0.0075 0.4042+0.0065 0.3832+0.0069 0.4082:0.0053 0.4092::0.0062
precision T mirflickr  0.6516£0.0041 0.6477+0.0039 0.6627+0.0064 0.6849+0.0053 0.6857+0.0025 0.6960+0.0043 0.6973+0.0027
tme2007  0.8207+0.0048 0.8130+0.0050 0.7977+0.0048 0.8297+0.0032 0.8189+0.0024 0.8363+0.0037 0.8371+0.0038
mediamill  0.7417+0.0058 0.7275+0.0051 0.7266+0.0051 0.7669+0.0062 0.7650+0.0061 0.7883+0.0049 0.7965+0.0046
bookmarks 0.5119+0.0044 0.4920+0.0035 0.4707+£0.0046 0.5104+0.0050 0.4928+0.0036 0.5191+0.0036 0.5203+0.0034
yeast  0.6716£0.0173 0.6640+0.0209 0.6931+0.0183 0.7091:0.0209 0.7115+0.0185 0.7335+0.0168 0.7293+0.0164

revl-sl  0.9241£0.0103 0.9062+0.0100 0.9131+0.0084 0.9368+0.0078 0.9320+0.0044 0.9374+0.0079 0.9382+0.0074
Corell6k-s1 0.6937+0.0097 0.6614+0.0075 0.7212+0.0131 0.7867+0.0130 0.7657+0.0105 0.7872+0.0098 0.7883+0.0106

Macr9- delicious  0.7919+0.0044 0.7509+0.0047 0.7830+0.0052 0.8272+0.0039 0.8107+0.0043 0.8305+0.0030 0.8284+0.0037
averagin
AU(%Tg mirflickr  0.8091+0.0077 0.8196+0.0042 0.8213+0.0046 0.8461+0.0040 0.8436+0.0045 0.8538+0.0045 0.8550+0.0050

tmc2007  0.9229+0.0035 0.9225+0.0040 0.8993+0.0052 0.9307+0.0038 0.9274+0.0048 0.9356+0.0037 0.9360+0.0042

mediamill  0.8302+0.0080 0.7874+0.0110 0.8172+0.0069 0.8627+0.0083 0.8703+0.0086 0.8836+0.0067 0.8883+0.0066
bookmarks 0.8984+0.0030 0.8857+0.0037 0.8403+0.0040 0.9106+0.0015 0.9024+0.0028 0.9117+0.0022 0.9149+0.0032

yeast 0.1927+0.0112 0.2019+0.0110 0.2212+0.0142 0.2140+0.0098 0.1963+0.0114 0.2013+£0.0123 0.1917+0.0099

revl-sl  0.0259+0.0009 0.0263+0.0011 0.0408+0.0016 0.0270+0.0011 0.0267+0.0011 0.0266+0.0009 0.0264+0.0012
Corell6k-s1 0.0187+0.0002 0.0186+0.0002 0.0233+0.0005 0.0188+0.0003 0.0188+0.0003 0.0186+0.0002 0.0185+0.0002
Hamming  delicious  0.0180+0.0001 0.0184+0.0002 0.0248+0.0006 0.0177+0.0001 0.0179+0.0001 0.0178+0.0001 0.0178+0.0001
loss | mirflickr  0.1019+0.0009 0.1005+0.0009 0.1259+0.0037 0.0969+0.0011 0.0965+0.0008 0.0945+0.0012 0.0943+0.0009
tmc2007  0.0603+0.0007 0.0607+0.0013 0.0632+0.0014 0.0586+0.0006 0.0587+0.0010 0.0572+0.0009 0.0571+0.0009

mediamill  0.0291+0.0003 0.0304+0.0002 0.0348+0.0004 0.0281+0.0004 0.0279+0.0004 0.0260+0.0004 0.0252+0.0004
bookmarks 0.0086+0.0001 0.0087+0.0001 0.0106+0.0001 0.0087+0.0001 0.0085+0.0001 0.0086+0.0001 0.0086+0.0001

BT RiRsegb g 1, nrLUR B

o I 2 F1F 3 fiw, TEHLIT 48 PRIl B (8 MR <6 WIVEMFatr) 1, INVA J7v:EUR skt pg 3Lt
39 X (81%), iEMiT R /R 1 HAL S 1 2 Arid 4 MR

o % 4 BN, INVA JETEE TP e bR B R TR EFRICHR N J77% C2AE #1 MPVAE. C2AE fll MPVAE
B AR IR A AR BRI KEE R, INVA H7EET C2AE #1 MPVAE L RIMERE, 7870 UERA T 28 @ R 1E
S —FhE 2 HR 0 SRR I SR .

o [EB}, ME T HAR DI B RRIE S ) 5, INVA RIS 7 W38 S AR PERE, IXIUE B T A JC R E R 90
HEAT FSBARAE 2% 2] (A 2. 5 A, 55 RIREEE T JERRHEER A DELA J5i5AH E, INVA JETE & MRS LR
DL —ECE AR MR, AEIH T INVA FiEfERA BRI,



g T Ry AT

# 3 INVA FEFST A5 One-error. Coverage 1 Ranking loss 14 ¢

Eizta g LIFT LLSF C2AE MPVAE CLIF DELA INVA
yeast  0.2193£0.0408 0.2294+0.0352 0.2689+0.0309 0.2211+0.0389 0.23210.0323 0.2349+0.0309 0.2261+0.0382
revl-sl  0.4106+£0.0194 0.4220£0.0161 0.4383+0.0210 0.4078+0.0330 0.4102+0.0192 0.4006+0.0215 0.3885+0.0192

Corell6k-s1 0.6764+£0.0126 0.6398+0.0092 0.6442+0.0090 0.63310.0155 0.6420+0.0126 0.6268+0.0099 0.6193+0.0133
delicious  0.3339+0.0153 0.3537+0.0145 0.3374+0.0178 0.3070+0.0183 0.3194+0.0180 0.3061+0.0138 0.3072+0.0109
mirflickr  0.3076£0.0106 0.3025:+£0.0089 0.2848+0.0110 0.2740+0.0105 0.2702+0.0083 0.2622+0.0089 0.2600+0.0119
tmc2007  0.2125+0.0076 0.2245+0.0094 0.2296+0.0082 0.2031£0.0072 0.2003+0.0036 0.1945+0.0067 0.1942+0.0081

mediamill  0.1757£0.0122 0.1590+0.0040 0.1643+0.0072 0.1422+0.0046 0.1421+0.0060 0.1288+0.0038 0.1252+0.0041

bookmarks 0.5115+0.0044 0.5319+0.0054 0.5408+0.0070 0.5165+0.0068 0.5337+0.0050 0.5079+0.0042 0.50530.0046
yeast  0.4518+£0.0190 0.4626+0.0193 0.4740+£0.0166 0.4503+0.0201 0.45110.0159 0.4388+0.0179 0.4357+0.0175
revl-sl  0.1231£0.0124 0.1245+0.0120 0.1040+0.0078 0.0932+0.0091 0.0992+0.0068 0.0866+0.0085 0.0818+0.0071

Corell6k-s1 0.3247+0.0050 0.3243+0.0071 0.3049+0.0068 0.2372+0.0055 0.2499+0.0067 0.2330+0.0049 0.2320:£0.0047
delicious  0.4809+0.0132 0.6150+0.0093 0.5108+0.0062 0.4058+0.0063 0.4208+0.0051 0.3943+0.0049 0.3941:0.0062
mirflickr  0.3086+0.0038 0.3205+0.0043 0.3075+0.0041 0.2741+0.0031 0.2757+0.0033 0.2686+0.0046 0.2683+0.0032
tmc2007  0.1193+0.0028 0.1270+0.0025 0.1511£0.0059 0.1144+0.0023 0.1161+0.0026 0.1110+0.0023 0.1107+0.0023

mediamill  0.1517£0.0088 0.1671+0.0031 0.1760+0.0029 0.1233+0.0033 0.1239+0.0030 0.1143+0.0028 0.1121:0.0028

bookmarks 0.1293+0.0060 0.1510+0.0032 0.1905+0.0040 0.1189+0.0028 0.1270+0.0019 0.1105+0.0019 0.1103:£0.0027
yeast  0.1645£0.0175 0.1746+0.0175 0.1894£0.0151 0.1665+0.0183 0.1662:£0.0140 0.1652+0.0165 0.1592+0.0170
revl-sl  0.0490+0.0056 0.0497+0.0046 0.0428+0.0032 0.0390+0.0041 0.0426+0.0025 0.0344+0.0035 0.03240.0029

Corell6k-s1 0.1636£0.0017 0.1611+0.0042 0.1638+0.0052 0.1239+0.0038 0.1303+0.0043 0.1202+0.0028 0.1201:0.0029

Ranking  delicious  0.0985+0.0020 0.1449+0.0046 0.1197+£0.0021 0.0884+0.0019 0.0933£0.0017 0.0856:£0.0016 0.0847:0.0019

loss | mirflickr ~ 0.1125+0.0020 0.1196+0.0028 0.1120+0.0038 0.0939+0.0015 0.0986+0.0015 0.0937+0.0019 0.0927+0.0013

tmc2007  0.0449+0.0019 0.0489+0.0017 0.0629+0.0023 0.0416+0.0013 0.0432+0.0014 0.0395+0.0015 0.0396=0.0017
mediamill  0.0412£0.0017 0.0496+0.0011 0.0537+0.0014 0.0342+0.0012 0.03430.0011 0.0309+0.0009 0.0303+0.0011
bookmarks 0.0813+0.0037 0.0947+0.0025 0.1271+0.0028 0.0767+0.0020 0.0838+0.0013 0.0700+0.0014 0.0711+0.0018

One-error |

Coverage |

R4 INVA TS B 2 8] B BUR B SO RRFT 5 A I 45 R (035 2N 0.05)
INVA against LIFT LLSF C2AE MPVAE CLIF DELA

Average precision win [0.007 8] win [0.007 8] win [0.007 8] win [0.007 8] win [0.007 8] win [0.007 8]
Macro-averaging AUC win [0.007 8] win [0.007 8] win [0.007 8] win [0.007 8] win [0.007 8] tie [0.4609]
Hamming loss tie [0.078 1] win [0.0313] win [0.007 8] win [0.0234] win [0.0234] win [0.0313]
One-error win [0.0234] win [0.007 8] win [0.007 8] win [0.039 1] win [0.007 8] win [0.0234]
Coverage win [0.007 8] win [0.007 8] win [0.007 8] win [0.007 8] win [0.007 8] win [0.007 8]
Ranking loss win [0.007 8] win [0.007 8] win [0.007 8] win [0.007 8] win [0.007 8] tie [0.1563]

3.3 HRLOT

AATH INVA 5% o G o AT A . 7658 3.1.1 TR A 2H00 8 AN EEMERIRAE I, T T ae X
IOESRVPAN INVA JPiE AR VL 1 e (SRER 45 R 5), FEEAT BURRL AR 55 BRA30 LU S v E I &tk
HREESR (OISR IE 6).

TR A RE: 7% S R, INVA 7255 &R0 20 3 B JE R AT HR R, FE00 T8 SR AT 40
31, M T 1) 35 AN 0 530 R 4 S B FEAS B P R0 N O IRAIE T SR FE I G 35k, Sl T AN AR R
% (43 AN INVA-sn A1 INVA-nn). INVA-sn 575 B RS 8 IR T0 SAFAE, AR B AR 1C 1) 35 22 1 B ATL gk 75 X
KRR 2 FHATHF). INVA-nn 75— B IR JE DR IR U 2, B2 TAmid M 3L I REA R R 2 AT R id 19
FIH. Wk 5 MK 6 iR, ELTIEN IR L INVA 5k 8 &R TR 77 INVA-sn fl INVA-nn, iEH T
INVA J77: 3T AR MR N I TE SRR E 3R L FETE 22 A 20 2 ) 70 PR AR

) SR 2 INVA J5iEHES T sl U /b ) B0 B B 5%, @it 4k b F s B sl XU i
AN T SR SR A A BRAE AR SRME (R 2, ST — /N R ik (KA INVA-sa). 1Z 7R R A 3 (5) i)
SRR SRR AT R 30 U 5z /N4 ) 5 e f S B I A T i -, 38 I o B A T AT DR AL S B 3 UG B /S il



I — F AT REMIEA S AT R BAIES T 9

FRRSR AR, SESGrh, B REEE L 703 ¥R (1, 2, 5. W3k 5 FIE 6 s, 24 L= 1 I, BAR ESRAL Sl AiAe BAT
LRI TH G B, B S A R B AR P2 A PR RE. 24 L> 1, A TH ALz A PR REAR BT L = 1 BRI RS A 32T,
BAES T ERZET INVA JHEER I AR AR,

F£ 5 INVA JFiEFLASFJ7 15 1) Average precision TERE (1)

G/ LIFT INVA-sn INVA-nn INVA-sa(L=1) INVAsa(L=2) INVA-sa(L=5)
yeast 0.7757+£0.0229  0.7701+0.0214  0.7704+0.0209 0.7703£0.0261 0.7708+0.0229 0.7716+£0.0224
rcevl-sl 0.6445+0.0136  0.6350+0.0143 0.6323+0.0134 0.6420+0.0136 0.6420+0.0127 0.6422+0.0141
Corell16k-sl 0.3724+0.0045  0.3709+0.0055  0.3581+0.0080 0.3682+0.0054 0.3701£0.0055 0.3719+0.0060
delicious 0.4092+0.0062  0.4080+0.0062  0.4076+0.0067 0.4075+0.0059 0.4076+0.0061 0.4084+0.0063
mirflickr 0.6973+0.0027 0.6964+0.0040  0.6966+0.0033 0.6964+0.0034 0.6960+0.0029 0.6968+0.0032
tmc2007 0.8371+£0.0038  0.8359+0.0033 0.8354+0.0040 0.8357+0.0037 0.8365+0.0042 0.8374+0.0044
mediamill 0.7965+0.0046  0.7971+0.0050  0.7959+0.0045 0.7959+0.0049 0.7963+0.0043 0.7966+0.0039
bookmarks 0.5203+0.0034  0.5108+0.0039  0.5186+0.0038 0.5166+0.0036 0.5178+0.0037 0.5195+0.0037

TE: PR VRN TR AR UEROR, PR RERET, SRR R
%6 INVA TPk RIEAS 0 TT i3 2 [ R B AR AT 5 R I 45 R (352N 0.05)

EELAD INVA-sn INVA-nn INVA-sa(L=1) INVA-sa (L =2) INVA-sa (L =5)
Average precision win [0.0156] win [0.007 8] win [0.007 8] win [0.007 8] win [0.0313]
Macro-averaging AUC win [0.007 8] win [0.007 8] win [0.0313] win [0.0469] win [0.0391]
Hamming loss tie [0.062 5] win [0.007 8] win [0.0313] win [0.0313] win [0.0313]
One-error win [0.0391] win [0.015 6] win [0.0391] win [0.0234] win [0.015 6]
Coverage win [0.0469] win [0.0234] win [0.0469] win [0.0391] win [0.015 6]
Ranking loss win [0.0469] win [0.0313] win [0.0313] win [0.0469] win [0.007 8]

3.4 SHHPRMEDH

AR INVA J57E RIS BOUENE AT 70 . 0 i Sele b, O3 s BE R 7 A BOHUE, WU T tH BT 2 A P RE A AR
e, RN, B 1 R T INVA JPEAE A B RHUE S, B2 AR RE AR AR B0, 7T LRI, A 15 o il e 75 P 50
SEREERIIE T, IR INVA JTERNZACTERE. Relth, 47 58 R BRI S R (B2 A = 0 1), INVA J7AR/
ZACTERER: L 2R AL,

0.80 0.66 - 0.380 -
0.375 -
£ 079 - £ 065 - g
£ o -
g 078 - g 064 H/'/’\ 5 0365 -
S 077 M g 063 - = 0360 -
£ 076 - £ 062 - g 8;;5) -
Z 075 - Z 061 - 2 0345 -
0.74 1 1 1 1 1 1 1 1 0.60 1 1 1 1 1 1 1 1 0.340 1 1 1 1 1 1 1 1
0 0.01 0.10 0.25 0.50 0.75 1.00 2.50 0 0.01 0.10 0.25 0.50 0.75 1.00 2.50 0 0.01 0.10 0.25 0.50 0.75 1.00 2.50
SR T 4 I T S T
0210 - 0.033 - 0.022 -
0.205 - 0.032 - 0.021 -
% 0200 - % 0031 - 2 002
- 0.195 - = 0.030 - o
£ 0190 - £ 0029 - £ 0019 -
g 0185 - £ 0.028 - E 0018 -
£ 0.180 - £ 0.027 - =
0.175 - 0.026 - 0.017 -
0170 1 1 1 1 1 1 1 1 0025 1 1 1 1 1 1 1 1 0.016 1 1 1 1 1 1 1 1
0 0.01 0.10 0.25 0.50 0.75 1.00 2.50 0 0.01 0.10 0.25 0.50 0.75 1.00 2.50 0 0.01 0.10 0.25 0.50 0.75 1.00 2.50
S T A R T I T
(a) yeast (b) revl-sl (c) Corell6k-s1

B 1 INVA J7iER S EUsUsE: th 2k
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3.5 EHEIEZE D

L b Foon i SRR R RARAEAR IR REA T4 B K/, d 325 48 e 2 4 BE AR, INVA J5 7 (K [H]
KRNI O (bgd?). P 2 Jom T 55 3.2 35 i 464Nk B 7 4 9 2E VI SRR BYY B S 32 A7 8] ZE 8 A1 485 T,
INVA ik 588 ik .

2 4| = LIFT
X == LLSF
£ 3t mm C2AE
= mm MPVAE
= mm CLIF
= 2t mm DELA
= = INVA
=17
0

yeast  rcvl-sl Corel6k-s1 delicious mirflickr tmc2007 mediamill bookmarks

(a) WIZRHT i)

DRI 5] A (ms)

yeast  rcvl-sl Corel6k-sl delicious mirflickr tmc2007 mediamill bookmarks

(b) Vs 7]
B2 INVA JiER LG v BN SRl B Bz AT i () B

4 B 2

ASCHR T — P B R T AN I N 2 ARI0 KBRS E 2 20 73 INVA. %0758 B R0 A 6 5%
BEAE, 43 FBAE NS T TE SR AE ARSI, AT 7843 H S 4%/ bR I 7E RS () 4 SR 7. SRR, INVA J7
R TR P 7 ZE A A IR A RAC B PRI AS A, T HEUR AT 51 10 T DA AIE ; 380 it B 20 6 A
AN i R 4 i R S, AT 5 2, T 3 ST e T e AR AR A B AR AR . ZE RV 2 REAL 1 2 AR T R v Bk
YRtk b, 52RO A 02 ARIC 5 BT EAT T AT R E 407, BeE T A SCHTR I INVA J7 IR AR MR 2 bR10 45 2
I R P
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