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Granule-based label enhancement in label distribution learning

ZHANG Yuanj ian', ZHAO Tianna’, MIAO Duoqian2

(1. China UnionPay Co. Ltd, Shanghai 201201, China; 2. College of Electronic and Information Engineering, Tongji University,
Shanghai 201804, China)

Abstract: Label distribution learning can effectively deal with multilabel learning tasks. However, the construction of a
classifier is based on the premise of obtaining large-scale labels with strong supervision information, which is difficult to
be satisfied in many applications. An alternative solution is to mine the importance of implicit numerical labels from the
traditional logical form of annotation through label enhancement. Existing label enhancement methods mainly assume
that the enhanced label must maintain the relevance of the original logical label in all instances, which fails to preserve
local label correlation. This paper proposes a granular-based label enhancement distribution model applicable to label
distribution learning, considering the methodology of granular computing. The method constructs information granules
with local correlation semantics by employing k-means clustering and completes the labeling transformation of in-
stances in granules on the graph according to the characteristics of logical labeling and the topological properties of at-
tribute space at the abstract level of granules. Finally, the obtained label distribution is fused at the instance level, obtain-
ing the numerical label describing the importance of the whole data set. Extensive studies have shown that the proposed

model significantly improves the accuracy of multilabel learning.
Keywords: granular computing; label distribution learning; label enhancement; multi-label; uncertainty; local label cor-

relation; clustering; topology

W7 BB 2022-08-11. %% B F 89 : 2022-10-09, LRt 2" i TR B SRR IC H £ E
E&TA: TEELERE S I H (2022M713491); EK VS TSy 2% 3 Ny T TN S pEe

B e UL, 2 1950 A 5
BE1EE : K {#. E-mail: zhangyuanjian@unionpay.com. ﬁ 1:/]? iE E/‘J *H %'I’i o %1:/]? iE i«% S( E’:J é/‘] ﬁi , 'f? % % 1:/]?

O (HBERGL 7 ) SR IR A


https://doi.org/10.11992/tis.202208015
mailto:zhangyuanjian@unionpay.com

o552 1

SRAC AR, &5« B TR ARICHE 38 AR 10 70 A 52 ) 391 -

I AR B AR 10 (AR EARIC ) X 7 il il ik
FRRH SC T P 2 AR TR], X AR e e AN 2R B 2% 1Y
IR SRDL i, fE R RRY wE, ATE 24
SR HE A FE T A R 56 28 OC B TR] ELAT B i 1) TR
PE o XA [FAE A < R 2Rk F< om0 4
ZAFRC A A AR5 R R i T 2 R 1Y
AN T B A [ HE I 5 A8 SCA IS )
SCEE TPZRL R I A JL A A R R (R |
A BOF B POBFRME) IR G 2, A A
T RLIX 731 45 A0 2R, D) DG vk 1 A2 PR A3 A S
WEE N . RS R, A LLZ AR 5
VB ZhRic 3 28 0 W B B 1S 2R AE L L 7
AR TP ZIRBEWIE LG R . T AR
WAk S AR 2 T R BRI, ARIT A2 T B
FEth o BT AR XA EE R, PRiC oA ) 8
PRICH IR R BRI RE T R R I T <% /b7

SR, R AT RN Y 1 38 75 191 A4 BB AR 3
J& S bR 30 70 A o A B ET R, 1N TR SRR T
T, BUEARIC AR TE AR B 25 = T2 AR ic iy
PRt A, W R i 20 bR 32 o3 A1 5 A TE 2 bR it o7
YR EHET . BT BRI, — S5 AR
R a0 R, K AE ) Z2AR0 R R B e AL
PRic oA o AARPEBIRNA — B Bebn 10 1 o (4 45
iﬂm(label enhanced multi-label learning, LEMLL),
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10438 " (graph Laplacian label enhancement, GLLE).,
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GLLE).

N T B UEATRL A A, AT S A BRI
R EETE 2 B T T TYEREXS L o W]
3T T AE R TR BRICAH SRR T, 2% 155 1Y iy A
A BB AR IC & T 7 B A 1 3R 405 72 DL Rk A AR
B X Z A0 2 BTk . SEER S R R B, AR
JIT R 3 AR B AE 3 AN TFI B 4 BB USRS A 1 2%

1 MX Tk

1.1 HFERFE

S, AR I EEA S R E X,
NBE R x A R BE X, FRid AR il Ay, 5
JAFRICE 12 My, x 1Y AR ) i il oL =
[0z - 2], Hode AT RE B ARIC AN 8K, B € (0,1},
y Xfx i H R BE 2 hdy, x 19 A58 4 A i] hds =
[d) @ - &7, Hohdy €[0,1], 4 X=ReFRq4EHE
fiEZs 8], bR e B XA Fm anF

NG ES={(x, DIl <i<n}, HixeX,
Lef0,1)°, hpic 358 M2 8 b i ) &=L K B x,
W FRIC oA di, BEBT, ST A6 SR FRac 43 2% 21 gl
7% S
12 ZHMiRigHEEE %
1.2.1 AE#ARITHE 5%

FCM!'™ 570 2 3 T B B 2% (FCM) B R T
BRI, SR AW C-HME R 2L, oy ki K E
it EAC I/ IME— B bR R EOK RSFEAE 0] 5



©392 . O R

S S 55 18 &

KM AR T R B O i, MR 2 4R

PRICHE IR 2 )R 0 o AN B, 23 0H A 4
B REAS WSS B g i R I A ], AR A R AR AR A

(i) 1) 4 1 BT T 5 R A s ) B A B ) SR
JZ, JJ5AE softmax A HEALAS B FRIC 070 o

FE T AU ) b 10 3 5 TR X S 5O R
g, AN % S BUE AL B R, H XA [R) 28 B
s ) O AT, X AR i i SIS AR A, B B
FEIARD, i /DA SR R B2 5 B 2 X6 0L 1 A 2
WA
1.2.2 AT B e 47T 5%

Lp!' *ﬁﬂ%ﬁ?ﬁﬁ%%fﬁﬁ%ﬁ% B
BTG 7 ) e PRI RS Y 368 5 3 AR PR A AR 1R AR 15 5]

7~ B8] R R AR 255 T) (8 0 4 A o (RIS Y A 7 49
AT L gt 40 3 v At 7 451 ) £ 1 A 3 1S T
BT, s 2R B R, ik S8
SRR IC 50, 5 1E softmax HIFRHELL

GLLE"™ 45 0 2 5 T P 37 38 o 307 A6 780 (0 b i
BSR B, B - A AR AR R R ] 1 R AE 5
(i) ) 5 ) PR TR A I 3 Ve 3 7 BT b R A1 R
B, R FHRRAE 2 (8] e 5 14 w55 2 2 (R 40 00 o 4 1
1 R, AR B AR R B S 5L, 15 Bl bR I
A0, B Ja AT softmax FrifEfk

2 AT AaARIe g mAR A
AR AL S K7 VA R 24 A

BRIC T PR B R 2 softmax ARIEAAFEIR TR IC RN . A0 B GLLE™ 1y
e i o Fric 3G om A A R R, 1A TR
ML R B B R % S e, B AR L) B 1 8 R R ) S AR HE S
¥il: G, ¥l G,
| CRHIE, @HARIC FGLLEs| (FFIE, fRic /i |
Y) D)
¥i2: G, B2 G,
b | (FFAE, 2HEFRIC FGLLEs| (FFF, FRic i |
) D)
Kdide BT BSITES
(CRHE, B ERbREE CHFAE, Fe 252 1
Y kj: G, j: G, FRiCoMi D)
bo| (FFAIE, EHHRD [GLLEs (FF1IE, bR
Y) D)
kim: G, Kim: G,
L| CRFIE, HHRIC FGLLEs| (FFIE, bric/rfi
Y,) D,)

B 1 ETFHERIZIEERIZEE G-GLLE K BKIESR

Fig.1 Framework of granule-based label enhancement for label distribution learning (G-GLLE)
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Table 1 Characteristics on benchmarks

PGS R FRERL ARicEK
SBU_3DFE(3DFE) 2500 243 6
Natural Scene(Natural) 2000 294 9
SJAFFE 213 243 6
Yeast-spoem(SPOEM) 2465 24 2
Yeast-spo5(SPOS) 2465 24 3
Yeast-spo(SPO) 2465 24 6

3.2 EMIERR

J T AR R R AR A0 AR RUR, AR SR
F 5 AR AR WK E AR 20 A0 A1 S hRE 43 A 7Y
SRR R AR . S A PEM R R BN YT S
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Table 2 Evaluation indexes

FabR 24 PR A
(Cheb)] Dis; (d,d) = max; |d; - d|
. A\2
U < (dj-d))
Clark] Disy(d,d) = —
Jj=1 (dj +dj)
C d )
KL Diss(d,d)= Y diln-Z
(KL)L ; i
c
Zdﬁj
- Disg(d,d)= ———
CosineT 44, E -
240\ 24
j=1 Jj=1
C
(Intersec)] Diss(d,d) = > min(d;,d))

J=1

FEF AR 2 AR L, SCR BRI T 6 AN Xt
LU R FR IO 480 2% 5] AR F M3 (GLLE™ . LEMLL",
FCM"” KM"T LPM" ML) FiAR SR 5 ik
G-GLLE. H# bl 5 A bn 0 18 58 5 3RA 19 L
HARIC S HSE A BUE bR L 22 8] R AR U o

X G-GLLE 1 GLLE %!, Z4{(Ai% & 4 0.01
It H AR k& RS RS N RO 1GE R e+1)
GLLE M ¥ R BUZ S W% R %L, LP IS0 R
0.5, ML Wy&BIE kX Hc+1, FCM B S4B iX
K2, KM IR Z % ki %k . LEMLL
ki 10, e TR 0.1, o BRIy NEES { 1/ 64, 1/ 16,
1/4,1,4,16, 64y %k$%,

T2 AR T, A B BRI o A
7E 5 AT RE M RE an 3 3~8 iR, Hodh
AT RN FEBR L5 T (AR A NaN

*3 HIEEIIDFENTIHRER
Table 3 Experimental results of 3DFE

P FRE G-GLLE GLLE FCM KM LP ML LEMLL
Cheb 0.0939 0.1231 0.1392 0.0961 0.1067 0.2035 0.0955
Clark 0.3029 0.3802 0.4079 0.3057 0.2957 1.1166 0.2923

KL 0.0439 0.0658 0.0806 0.0431 0.0429 0.2799 0.0399
Cosine 0.9526 0.9302 0.9125 0.9550 0.9526 0.8616 0.9577
Intersec 0.8819 0.8530 0.8408 0.8812 0.8836 0.6919 0.8872
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x4 HIELE Natural PRI E R
Table 4 Experimental results of Natural
PN ARIE G-GLLE GLLE FCM KM LP ML LEMLL
Cheb 0.3135 0.3346 0.3613 0.3147 NaN 0.2571 0.3159
Clark 2.4506 2.4607 2.4787 2.4508 NaN 2.4948 2.4888
KL 2.7613 3.2342 3.5842 2.8549 NaN 1.1377 3.0110
Cosine 0.7744 0.6812 0.5969 0.7612 NaN 0.8661 0.7348
Intersec 0.4930 0.4241 0.3751 0.4790 1.0000 0.656 4 0.4554
K5 HIEE SIAFFE IS & R
Table 5 Experimental results of SJAFFE
PN ARIE G-GLLE GLLE FCM KM LP ML LEMLL
Cheb 0.0754 0.0743 0.1228 0.1002 0.0886 0.1826 0.0730
Clark 0.3011 0.2951 0.4363 0.3464 0.3040 1.0203 0.2753
KL 0.0343 0.0332 0.0770 0.0468 0.0363 0.2430 0.0296
Cosine 0.9674 0.9683 0.9219 0.9541 0.9640 0.8760 0.9709
Intersec 0.8940 0.8960 0.8449 0.8804 0.8962 0.7122 0.9023
R 6 HiELE SPOEM ML 4R
Table 6 Experimental results of SPOEM
PPN AR G-GLLE GLLE FCM KM LP ML LEMLL
Cheb 0.0636 0.0835 0.2082 0.0763 0.0886 0.3035 0.0660
Clark 0.0974 0.1246 0.3184 0.1190 0.1401 0.6227 0.1019
KL 0.0157 0.0252 0.1110 0.0197 0.0242 0.2432 0.0154
Cosine 0.9881 0.9799 0.9075 0.9847 0.9809 0.8733 0.9880
Intersec 0.9364 0.9165 0.7918 0.9237 09114 0.6965 0.9340
KT HIEESPOSHLHER
Table 7 Experimental results of SPOS
P PRIE G-GLLE GLLE FCM KM LP ML LEMLL
Cheb 0.078 1 0.0964 0.2210 0.0716 0.0668 0.2756 0.0768
Clark 0.1559 0.1911 0.3917 0.1556 0.1379 0.7700 0.1552
KL 0.0213 0.0320 0.1170 0.0180 0.0164 0.2568 0.0195
Cosine 0.9816 0.9721 0.8905 0.9859 0.9866 0.8718 0.9832
Intersec 0.9219 0.9036 0.7790 0.9284 0.9332 0.7244 0.9232
R8 HIBESPOMITRER
Table 8 Experimental results of SPO
PEANARIE G-GLLE GLLE FCM KM LP ML LEMLL
Cheb 0.0496 0.0588 0.0622 0.0496 0.0456 0.3108 0.0484
Clark 0.2162 0.2532 0.2715 0.2341 0.1887 1.3901 0.2130
KL 0.0190 0.0266 0.0305 0.0204 0.0156 0.5314 0.0170
Cosine 0.9831 0.9762 0.9727 0.9820 0.9861 0.7616 0.9848
Intersec 0.9277 0.9137 0.9058 0.9202 0.9385 0.5808 0.9294
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