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Label embedding for weak label classification
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Abstract: For the classification of high-dimensional labels, label embedding has attracted extensive attention of researchers in
recent years. Current embedding methods require complete label information and do not take feature information into
consideration. Meanwhile, due to the high cost of manual labeling and interference of noise, only part of the label information
can be obtained. This makes the classification problem of high-dimensional labels with missing labels more complicated. To
end this, a Label Embedding method for Weak Label Classification (LEWL) is proposed in this paper. The algorithm uses the
low-rank factorization model on the label matrix and the flow pattern structure of the samples to recover the missing labels. In
the meantime, the HSIC (Hilbert - Schmidt Independence Criterion) technique is adopted to obtain the low dimensional
embedding space by making feature and labels interact with each other for joint learning, which can effectively reduce the
training time of the model. Compared with other methods on seven data sets, comprehensive experimental results validate the
effectiveness of proposed approach.
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Table 1 The characteristics of the datasets

USRS BEA RRE A% Ik i 2 B 5L
1
4

Emotions 593 72 6 music 869
Yeast 2417 103 14 biology 237
CALS500 502 68 174 music 26.044
Medical 978 1449 45 text 1.245
Langlog 1460 1004 75 images 1.18
Enron 1702 1001 53 text 3.378
Corel5k 5000 499 374 images 3.522

nality ) 3 7% 45 A B AR 1 - 3445 2 0
3.2 FEHIEAR ELERS KT B T EAREA
5 018 25/ B D 5 9 149 066 45 03 26 B A
HEBR B R IS FH . AR SCR LR = AN L0
B4R BE B R O RE R L 0 T A
B D= {(2, p)[1<i<n}. H by, € {01}
FIRHS A REAR I PLSRRIT 1)
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S92 IR P R B B L K (22)
R -

Rioss — & ﬁ (22)
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(y'.y")Ey Xy}
yi My 3 BIRIR y, IR SR R bR A Y
¥ H . Rank Loss {5 /1N 2 B 35000 58 % £ 09 2 fiE
LT .
(2) ¥ K5 BF (Average Precision) : i T &
PR AR o 5 UM 1 R W R, 4 (23) SR
Ap=

s

n ;
=1 ’yi ’yéy,

1 |y’|ran/z/( xpy ) <rank(x,y").y' €y, ‘
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(23)
Average Precision 8 < 3% B 7500 o8 £/ FY
TERE AT .
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T Ay £ 2 B & Macro Fyf K, R B IE
PERE BT

LA E PPN P8 AR (B AR ZE [0, 1] I ] v, — A4
() 22 bR 2 73 28 500k Bz B B A Rank Loss &
5 1Y Average Precision Fll Macro F.
3.3 XWIRE MRS HE P EEHLLEH 3000 A
709 BIAR A N SRR AR A B AR 0.5 KR
56 T $ 551 9 A AL L 5 BR (Binary Rele-
vance) '*' , CPLST (Conditional Principal Label
Space Transformation) '** , MLML (Multi - label
Learning with Missing Labels) """ fil LRML (Low
Rank multi - label classification with Missing La-
bels) " DU S ILHEAT T HOEL . T B R bR 10 A7
&, BR Al CPLST AN fE B BE A7 70 AU, oy
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75 R UL B AT R A TR B A SELRR U i, B A G
PRGN TR WIS i P SRS

X F T B B O 16, ) FH B B AR bR DA Ry
FIE 23 [] Bl i A 23 0] 2% 2 Y1 ZRB R | AE 78 2 50 an B
4 F KR JBE AN 08 ok IR EE 48 &K 430 N 5, 10,
<35 2,4, - A0SR L TEARSCHY SE
BN BOE S VE AT 5 T 38 LI UE , e Hp 43 B ok
Y2, — 1 R . 35 MLML b i B 24
A, FI A LRML H 8 «, B 1y L X T 5535 LEWL
H AR B ) 28 SUIGIE A
3.4 ZERESW LT SCEE B0 PEAN 48 bR X
AR KA HATZ ML, R 2 R 3IME
4 43 S SR A HE F B G - 20K BE T Macro F, = A
PEH F8 A5 B X 2R bR 2 K 24 L, 2 50 BT
MIPRIE 25 AT T ek 9, 3R 6 3R 7RI 8 43 7l 45
T FE = AN TR bR T I3 F 0 i w25 R . Hop
0 TR bR A R B, 3 v R A S 2 I HG A TG X
o5 O T H AL AR, 55 R A5 R 2 E O
PEER .

K2 BRANEEFHURELNRESER

Table 2 Recovery results for missing labels on Average Precision

Data set 0 LEWL MLML LRML CPLST BR
) 0.3 0.91840. 008 0.920£0.0044 0.843£0.011 0.886=+0.005 0.886=+0.005
Fmotions 0.7 0.83940.011 0.8461+0.012 0.772£0.013 0.781£0.010 0.781£0.010
0.3 0.894--0.003 0.891£0.001 0.792+0.010 0.869+0.002 0.86940. 002
yeast 0.7 0.811+0.004 0.805+0.003 0.716£0.011 0.738+£0.005 0.738%+0.005
N 0.3 0.832+0.006 0.791=0.005 0.784+0.014 0.816=£0. 004 0.816=0. 004
CALS 0.7 0.663-0.006 0.633£0.007 0.652+0.010 0.623£0.004 0.62340.004
) 0.3 0.790+0.019 0.77640. 029 0.772£0.042 0.766=+0.021 0.76640. 021
Medical 0.7 0.602+0.024 0.58840. 029 0.531£0.044 0.542£0. 009 0.54240. 009
0.3 0.860-0.005 0.81140. 002 0.852£0.031 0.82740. 002 0.82740. 002
Fanglo 0.7 0.709-0.006 0.667£0.003 0.704=£0.022 0.643£0.006 0.643=£0.006
. 0.3 0.81940. 007 0.823+0.006 0.764+0.051 0.795+0. 006 0.795+0. 006
Foron 0.7 0.632£0. 020 0.6671-0.028 0.543+0. 058 0.585+0.013 0.585+0.013
L 0.3 0.749+0.005 0.735=0.006 0.742+0. 004 0.733x0.002 0.733£0.002
Corelok 0.7 0.515+-0.008 0.510£0.011 0.513£0. 009 0.511£0.004 0.511£0.004

IS 06 45 SR AT AR BA M & B BBl 2 B B A
b, RIVOLER B 1) b 25 8 2, B I R A R R T
DUV B BR A, 3 AT G 55 55 . TR 2 X i 2 B i
1R P A 3 2 6 A VB i T, LEW L FE 46 K £

T DL T A RE FR AT LA T P A i AR
XA I LEW L {7 56 s 1) A 0k, BIVAE 1 52k
IR %5 B4 [R] sk SR AR 28 FER 25 LA SRS AE A A5 26
Z I 5C F 2 2 B — AR 4E LAY R A S 8]
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Table 3 Recovery results for missing labels on Macro F,
Data set 14 LEWL MLML LRML CPLST BR

) 0.3 0.882+0. 009 0.905+0.006 0.857+0. 048 0.847+0.013 0.847+0.013
Fmotions 0.7 0.775+0.010 0.801+0.009 0.81410.035 0.666+0.011 0.666+0.011
0.3 0.883+0.007 0.874+0. 006 0.805+0.015 0.850+0. 003 0.85+0.003

Yeast 0.7 0.749+0.008 0.738+0.007 0.717+0. 023 0.660+£0. 002 0.66+0.002

. 0.3 0.845+0. 004 0.776£0. 005 0.755£0.021 0.84910.008 0.849+0. 008
CALo 0.7 0.667+-0.007 0.633£0.007 0.643+0.020 0.657+0.012 0.657+0.012
) 0.3 0.804+0.053 0.783+0.029 0.755+0. 005 0.796+0. 049 0.796+0. 049
Medical 0.7 0.566+0.042 0.593+0.029 0.565=+0. 006 0.557+0.038 0.557+0. 038
0.3 0.859+0.002 0.856+0. 002 0.855+0. 041 0.85=+0. 001 0.8540.001

Langlog 0.7 0.685+0.003 0.683+0.003 0.682+0. 066 0.663+0. 005 0.663+0.005
0.3 0.845+0.013 0. 822+0. 006 0.754+0.016 0.822+0.015 0.822+0.015

Fron 0.7 0.633+£0.033 0.648+0.028 0.63+0.013 0.651£0.014 0.651+0.014
Corel5k 0.3 0.817+0.012 0.785£0.007 0.801£0. 025 0.813+£0.017 0.813+0.017
0.7 0.619+0.011 0.605£0.013 0.614+0.021 0.612+0.016 0.612+0.016

x4 REGEEHFBREAENHRELER
Table 4 Recovery results for missing labels on Rank Loss
Data set 14 LEWL MLML LRML CPLST BR

) 0.3 0.132£0.010 0.133+0.013 0.229£0.017 0.262+0.0121 0.262+0.012
Fmotions 0.7 0.274+0. 005 0.271£0.011 ). 32440.016 0.498+0.018 0.498+0.018
0.3 0.116+0.003 0.138+0.002 0.209+£0. 008 0.261£0.003 0.261£0.003

yeast 0.7 0.227+0.004 0.258+0.007 0.288+0.007 0.502+0. 007 0.502+0. 007
N 0.3 0.130+0.001 0.239+0. 006 0.249+0.011 0.259+0. 0055 0.259+0. 005
AL 0.7 0.248+0.001 0.394+0.011 0.339+0. 009 0.503%0. 006 0.503+0. 006
) 0.3 0.107+0.007 0.254+0.011 0.155+0. 008 0.257+0. 022 0.257+0. 022
Medical 0.7 0.148+0.022 0.444+0.012 0.205+0.012 0.505+0.011 0.505+0.011
Langlog 0.3 0.170+0.004 0.233+0. 004 0.204+0.051 0.251£0.002 0.251£0.002
0.7 0.33240.012 0.339+£0. 007 0.342+0.018 0.493+£0.007 0.493+0.007

. 0.3 0.12940.008 0.191+0.010 0.213+0.043 0.257£0. 008 0.257+0.008
Faron 0.7 0.272+0.029 0.363%+0.021 0.29140.043 0.513%+0.011 0.5134+0.011

. _ 0.3 0.108+0.002 0.271+0. 008 0.17840. 008 0.259+0.003 0.259+0. 003
Corelk 0.7 0.403+0. 004 0.496+0.014 0.3561+0.007 0.503%0. 004 0.503+0. 004

MNE2ERATUFEF X =A% DLk F5 FAMEXFRESRMNHE

B FR2S B R Z 3CR . LEWL, MLML #il LRML

43590 A AR T i =k Ak B e 2 R 48 AR 24 5
P4 VEREFR AL T BR A1 CPLST. Xt M 55 — 4
] TAT B2 B T Ak PR O AR A ) A BV L AR SCEE ST Y
LEWL #5714 G2 4% 8 fR B 1 Bk 28 bR 25 4, H Ay 7T W
58 AR 2 DR AF AN S SRt ol O T AR R B Y
T T R T LE B 1) 4 TR R 1%

F 545 1 LEW L FIRTH: 4 0 Fh 8300k X 2 A

Table 5 ¢-test of different algorithms on recovery results
MLML LRML CPLST BR
Average Precision 0. 0455 0. 0004 0.0001 0.0001
Macro F, 0.2273 0.0179 0.0230 0.0230
Rank Loss 0.0015 0. 0008 0.0003 0. 0003

SR O A5 R AE AN R bR UME LY A B0 25 R . HUE
{5 95% ,a=0.05. A] LIF I 0 Fh 3 78 1
K B AHE 45 e BB K /N T 0. 05, Ui Y
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Table 6 Prediction results for test data on Average Precision
Data set 14 LEWL MLML LRML CPLST BR
o 0.3 0.73240.026 0.716+0.01999 0.729£0. 0222 0.662+0. 038 0.645+0. 020
fmotions 0.7 0.708+0.012 0.687+0.039 0.682+0.016 0.5584+0.023 0.568+0.021
0.3 0.708+0.006 0.654+0. 005 0.441+0.024 0.58740. 004 0.57340. 005
Yeast 0.7 0.698+0.005 0.648+0. 008 0.4440.026 0.44840.008 0.450+0. 003
) 0.3 0.365+0.017 0.31£0.013 0.202+0.011 0.2484+0.012 0.248+0. 004
CALS00 0.7 0.369+0.013 0.307+0.013 0.197+0. 009 0.170+0. 008 0.175+0. 009
) 0.3 0.805+0.025 0.734+0.009 0.775+0. 008 0.675+0.049 0.289+0.029
Medical 0.7 0.718+0.039 0.685+0.018 0.721£0.038 0.3324+0.030 0.1124+0.011
0.3 0.5431+0.019 0.419+0.016 0.410+0.017 0.46140.048 0.469+0.019
Langlog 0.7 0.530+0.016 0.531£0.019 0.399+0.017 0.308+0.029 0.309+0.011
0.3 0.536+0.041 0.3954+0. 051 0.348+0.007 0.33140.045 0.296+0.043
Faron 0.7 0.493+0.054 0.346+0. 055 0.252+0.011 0.213=0.020 0.197+0. 025
) _ 0.3 0.038+0.003 0.027+0.008 0.027+0. 005 0.030+0. 007 0.027+0. 007
Corelok 0.7 0.0224+0. 002 0.025+0. 007 0.026+0. 004 0.02710.007 0.023+0. 007
*£7 MXEIBE Macro F, LTINS R
Table 7 Prediction results for test data on Macro F,
Data set 14 LEWL MLML LRML CPLST BR
) 0.3 0.606+0. 057 0.576+0. 051 0.616+0.036 0.429+0. 069 0.389+0.021
Fmotions 0.7 0.596+0.038 0.523+0.061 0.610+0.036 0.152+0.033 0.16040. 041
0.3 0.461+0.004 0.334+0.011 0.367+0.008 0.251+0.009 0.234=+0. 009
Yeast 0.7 0.452+0.006 0.313+0.008 0.366+0.009 0.058+0. 009 0.062+0. 004
o 0.3 0.234+0.012 0.073£0.007 0.212+0.011 0.035+0. 005 0.046+0. 003
CALSD 0.7 0.23240.008 0.066=+0. 008 0.205+0.010 0.008+0. 002 0.015+0. 002
) 0.3 0.35840.032 0.311£0.012 0.325+0. 002 0.310£0. 023 0.098+0.018
Medical 0.7 0.306+0.020 0.258+0. 008 0.287+0.019 0.171+0.029 0.0140.003
0.3 0.448+0.018 0.164+0.011 0.389+0.028 0.171+0.025 0.1854+0.014
Langlog 0.7 0.434+0.017 0.232+0.009 0.374+0.029 0.048+0. 009 0.059+0. 0120.
0.3 0.166+0.011 0.065+0.013 0.120+0.015 0.063+0. 009 0.0424+0. 008
Foron 0.7 0.149+0.010 0.051+0.014 0.101+0.016 0.022+0. 004 0.013+0.011
. 0.3 0.025+0.001 0.018+0. 005 0.020+0. 003 0.010+0. 003 0.009+0. 003
Coreldk 0.7 0.019+0.001 0.015+0. 006 0.016+0. 003 0.007£0. 004 0.006=+0. 002

AE S
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Table 8 Prediction results for test data on Rank Loss
Data set 14 LEWL MLML LRML CPLST BR
) 0.3 0.446+0.024 0.509+0. 042 0.441+0.019 0.692+0. 052 0.731+0.018
Fmotions 0.7 0.457+0. 030 0.561+0.071 0.453+0.016 0.924+0. 023 0.915+0.013
0.3 0.385+0.008 0.484+0.009 0.709+0. 007 0.652+0. 008 0.679+0.011
Yeast 0.7 0.401+0.011 0.496+0.013 0.722+0. 005 0.940+0.011 0.933+0.011
L 0.3 0.46140.011 0.577+0. 006 0.518+0.012 0.890+0.014 0.885+0.003
CALSD 0.7 0.457+0.011 0.584+0.018 0.528+0.008 0.972-+0. 008 0.969+0. 005
) 0.3 0.139+0.037 0.476+0.014 0.302+0.019 0.34540. 050 0.785+0.027
Medical 0.7 0.168+0.005 0.529+0.016 0.347+0.017 0.462-0. 040 0.977+0. 006
0.3 0.468+0.014 0.716+0.017 0.629+0. 057 0.716+0.053 0.689+0. 025
Langlog 0.7 0.487+0.015 0.761+0.021 0.625+0. 050 0.811+0.031 0.887+0.019
0.3 0.315+0.038 0.500+0. 056 0. 548+0. 008 0.792+0. 041 0.835+0.041
Fnron 0.7 0.349+0.038 0.569+0. 055 0.771£0.019 0.948+0.015 0.967+0.023
. 0.3 0.53840.001 0.745+0. 002 0.697£0. 002 0.825+0. 001 0.889+0.001
Coreldk 0.7 0.549+0.001 0.783+0.004 0.721+0.002 0.889+0. 004 0.903+0. 002
{5 LEWL 7& Emotions 4 £ FAIRCR A 2R GF el
7 T th T A B B A SRR T R
fy 3o o BT 2 951 5 AT PR B 99— O T i A
th F AL WA TR A e
26945 TR I R A TN 45 S L G 5
455 3BT AT B p (/N T 0,05, 580
LEWL B MEre i . 0 5 10 15 20
Tteration
£9 RREEZETFRVEREG BB
Table 9 ¢ - test of different algorithms on prediction 1.10
results 3 105
MLML LRML CPLST BR E; o6
Average Precision  0.0046  0.0054  0.0000  0.0007 é%
Macro F, 0. 0008 0. 0007 0. 0001 0. 0000 0%
Rank Loss 0. 0007 0.0016 0. 0001 0. 0000 0.90
0 5 10 15 20

Y oy Bt LEWL B9 W St &R SC 20 | 1
Emotions Fl Yeast 45 4 (9 H A ok £ (8 B & 11X
B ALl 42, i 1R . 25380, B Ar e
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W, 12 B SR B P 3k AR B D R A
X T H B A AR
3.5 BRERBREHEM b T IR AR Rk
A YEE RS 52 0, 7 Emotions 1 Medical #5 4~ # ¥&
£ BT WK 2 B, o Rom R bR R
E0.38]0.7Z A d Kmimm A= I 4E5. DL

Iteration

E 1 LEWL 7 Emotions(_E B )#1 Yeast( TTE ) ##E & £
Y M7 S5
Fig. 1 Convergence of LEWL on Emotions(up) and

Yeast(down) datasets
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(down) datasets
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Fig.3 Varying A and 3 on Emotions
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