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Yeast-alpha
Yeast-cdc
Yeast-elu
Yeast-diau

Yeast-heat
Yeast-spo
Yeast-cold
Yeast-dtt
Yeast-spob

Yeast-spoem

Human Gene
Natural Scene
SJAFFE
SBU _3DFE
Movie
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[Geng, TKDE’16]

X—7fll 2 ki, S8MmE YRF—MSEEE df  "ox Y -
faik r BIRERE ;

At Rig i, € [0,1] ; [

H—SRIRIRIE A EREE (AEZESRIRE— s _
SeRfE—ANRE) MY, dy = 1;

———————————————————————————————————————————————————

B LIAFARY dE TR Y 3T ¢ FHERE ‘

X— IS | A tRCAEA R
CEIRRIATIBII T D = (0, a2, ., dv )

[/

FELARE o finERRG_E =S RIS REFR ItRiC
23> ( Label Distribution Learning , LDL )

N 4
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LDL vs. =355
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&gtEEfrc=> (SLL ) FiZfmc=> (MLL )
{ AILAEIFIRiCo > (LDL) B9RA

____________________________________________________________________

dy A d) A di A
1% =" 1B T 1.0
0.5 [~ I """"" ‘
V1 V2 V3 V4 Y5 1 Y2 V3 Ya Y5 V1 Yz V3 V4 s

(a) Single-label (b) Multi-label (c) General case
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LDL vs. =355

FRtTiCIRl R AR SRl

(a) Single-label (b) Multi-label (¢) Label distribution
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LDL vs. &2YE

/Z Positive ative Labels

Instance

{Pi,oN.i}/j\

Learning

Evaluation:

Standard single-label or
multi-label evaluation
measures

{P, N;} {P:, Ni}
(o] (o]

e - -
———

LDL

Ranking

NuiTresd bel i Labels
Indicators

[Label

Distribution
Model

Evaluation:
Distance/similarity
between label
distributi
N\ 1stributions y
dicte

Label Distribution
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[Geng, TKDE’16]

Let X = R denote the input space and Y = {y1, 4o, . - .,
Y.} denote the complete set of labels. Given a training set
S ={(x1,D1), (x2,Ds),...,(x,, D))}, the goal of Idl is
to learn a conditional probability mass function p(y|z)
from S, wherex € X andy € ).
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1.O[~""°~
1 L. .. [l 1 L )
M1 Y2 Y4 Vs
(a) Single-label
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Kronecker delta function  X; BYEE4RIC
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1. FHEntropy-based Label
Assignment ( ELA ) &%
IRCEHREEA NN B R
1CEE
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G. Tsoumakas and I. Katakis, “Multi-label classification:
An overview,” Int. J. Data Warehousing Mining, vol. 3,
no. 3, pp. 1-13, 2007.
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- =HME

g SR

- [Q)EEE(Y, ( Problem Transformation )
FELDLIA@ SR SIERFTSEI

- BEE580& ( Algorithm Adaption )

"

FERF IR/ RIS IReE B R D o

J8% ( Specialized Algorithms )
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- AL SN SR RIC AN

x;, D; | = 1,....n
(i, D;) [> 4% (xi,y;) 1 )
Dy = {di,dig, - dys} ST
N examples with LD ¢ X n single-label examples
-BiA

- Bayes (PT-Bayes)

BIRENE (riE ) BRMGaussians o

Bt Bayes AT EE M ENERITRIENIIRAFCHARE dY = P(y;|z)
- SVM (PT-SVM)

HET X ERIZ R EKMZRAGTT [Wu, Lin, and Weng, JMLR'04]
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- k-NN (AA-KNN)
1. BB REKA ST RISRE;
2. THEKNSERCDMIYE |, (FRMERFIRFRE s Tl

- BPHIZZ 4% (AA-BP)
- ¢ MEHETT , M EH—MRCAIEIAE
- FABPE A&/ MR M a3HY4 H S ESPRC o fr [ BRIREF o
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- % plylz: 0) e KIEEEY ( MaxEnt Model )

plylx; 0) = %exp (Z Hy,kgk($)) 4 = Zy exXp (Zk Qy,kgk(m)_)
k

v

. dy.
6" = argmin Z Z (dfiﬂ In ( - )
6 - p
i

yjlxi;0)

= argmax Z Z dy: Inp(y;|xs; 0).
0 —
i

e

T(Q) = Z dg;’: Z Qyj,kgk(wz) - S: In Sj exXp (Z Qyjkgl\(xz))
i k i J k
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* [IS-LLD [Geng, Yin, and Zhou, TPAMI'13]
[Geng, Smith-Miles, and Zhou, AAAI'10]

Algorithm 1: IIS-LLD

Input: The training set S = {(x;, D;)}*., and the
convergence criterion
Output: p(y|xz;0)

1 Initialize the model parameter vector 6°);
2 [+ 0;

3 repeat

4 [ 1+ 1;

5 Solve Eq. (4) for dy :

6 0([) — 9(‘!*1) + A

7 until T(Q(”) TOU=D) < g;

8 ply|@;0) « 7 exp (Zk 6, )9 ( ))
> ply;lzi; 0)gr(m:) exp(by; w5(gr(®i)g® (w:) @)

)
=) dEg(wi) =0
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Algorithm 2: BFGS-LLD

- BFGS-LLD Input: The training set S = {(x;, D;)}!_, and the

[Geng, TKDE'16] convergence criterion £
Output: p(y|xz; 9)

1 Initialize the model parameter vector 6(%);
2 Initialize the inverse Hessian approximation B(");

3 Compute VI'(69) by Eq. (14);
oT'(6) exp (Z ()yj,,g.,gk(a:,-_)) gr(x;) 41+ 0:
9, & ) ‘Zd-ff? 9e(T:)- s repeat
a : Z}_ZCXP (; 9?,3.,,,.,95.(:3?-_)) Compute search direction p!!) + —BOVT (1),

6
(14) 7 | Compute the step length o!”) by a line search
procedure to satisfy Eq. (8) and (9);

QU+ ) 4 o(Dp);

9 | Compute VT'(8'+1) by Eq. (14);

10 st « gu+1) _ g).

u | ul vty — vrew);

12 pl!) — s

13 BUFY (1 — pD s (u)TYBW (T —
p([)u(l)(s([))rr) + p([)S([)(S(I))T;
14 [+ 1+1;

15 until || VT’ (9(" | < e
16 p(yla; 0) < % exp (Zk Hy qu( ))

w
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- M EIRIRITIRE:

ﬁﬁ SZHRERE p(y|z) 7B x EFxesS % D ZERIETiEE
« [IS-LLD [Geng, Smith-Miles and Zhou, AAAI'10]

« CPNN [Geng, Yin and Zhou, TPAMI'13]

« BFGS-LLD [Geng, TKDE’16]

« SCE-LDL [Yang, Geng and Zhou, IJCAI'16]
[B])3

FZtElIFa730 x ZIiRcH 7 D Z[AHIIRET R
« LDSVR [Geng and Hou, IJCAI'15]

« LDLogitBoost [Xing, Geng and Xue, CVPR’16]

| EEAT Tt : !
| http://cse.seu.edu.cn/PersonalPage/xgeng/LDL I
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RURCH S E
;|:T\ ICHTRZ AT
EIGEIDYES:

MAfEES , Bd— Q@
N PN = 1acii
%LE JfgiA ZK/AE ;kcl_\_-l-jEnE J"“ng_gi%

%T:F II:I:II 6*411;% P- syljndllz

Harmonic

Inner P

Ll
- 9|8

Tﬁ

\

i ]y el

KJ-div Measure Formula
',f """"""""""" ~\\ AM*]%']? ﬂ( Chebyshev | Dis,(D,D) = max;|d; — d;|
accard I c = dN2
| 15EtR6a il - \ Jd('"": ! Clark i D @ — d)
S E D D,D)= —_—
: ly_a_j::F/E)\J . E < S : l is2(D.D) Z; 1(d +d)2
| qu
== =Ry B 5 ! e
| 1. EERBMERZEEEA | Ll | [omems @) +d
I a:o 1 - I Av(L;, L.) .
I C! I Kule d Kullback-Leibler | |Disy(D,D) = Z d; ln
I T~ = A SN | I - I +
2 stEmrETEELE | L . oy
— Ay 1 . j=1
| 3. —RABZERREBRE 1 TS - [cosine m@“-zdzzdz
VAN s> Czcka [ ¢ _.d; =
1 (;ZD 1730)51/['], I CB L} ) J;lj\/;1;
I\ 4 =—=a }_._ ; RUZlch; [ ' Intersection 1 Sim,(D,D) = ZC min(d;,d,)
(N RAIRE Y} Tanimo [ I ; 2\ - jr &
\\_ ____________________ _4, Soc,rg [ | : ] ] ] | | |
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NE2GE (AT ) [

XHRFAN S8 BAE -1, 1179 5 AT BE LR RE5000K

tz:axzﬁ-bm?—kcmfﬂ-d,’&:l,,&

WHAZE -
T oo Xis X0 AT T [-1, 1N TA] R J90.0 1) A%
Yy = (wy t)7, (40401 FEA)

x3 = sin((x1 + x2) X )

= (wit + My, )2,
Vo = (wy ¢+ M) = SRS 1L HRGBI

s = (wy t+ Aots)?,

d¥ = Vi = B, pnS
U+ Yo+ s
PR T —
t = [t1,to,1s] (a) Ground-Truth
B B B - - i - T
a=1 b=05, e=02, d=1, m={,2,1]", w = [1, 2,4]

ws = [1,4,2]F, A =X =001



(a) Ground-Truth

(f) SA-IIS (g) SA-BFGS
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Experimental Results on the Artificial Dataset

Criterion PT-Bayes PT-SVM AA-ENN AA-BP SA-IIS SA-BFGS
Chebyshev | 0.080(3) 0.653(6) 0.086(4) 0.101(5) 0.0767(2) 0.0766(1)
Clark | 0.341(1) 1.135(6) 0.382(4) 0.520(5) 0.349(2) 0.352(3)
Canberra | 0.488(1) 1.823(6) 0.564(4) 0.699(5) 0.489(2) 0.495(3)
Kullback-Leibler | 0.030(3) 1.482(6) 0.035(4) 0.066(5) 0.029(1) 0.030(2)
Cosine | 0.990(3) 0.377(6) 0.989(4) 0.983(5) 0.99116(2) 0.99120(1)
Intersection | 0.920(3) 0.347(6) 0.914(4) 0.899(5) 0.9233(2) 0.9234(1)
Avg. Rank 233 6.00 4.00 5.00 1.83 1.83
Running Time (ms) 22/45 391/1,153 0/79,961 101,568 /149 1,168/33 187/33
S ——
M :

|
|
|
1. E—EEEARREN SR ERIAR :
2. SP9HEFF : SA-BFGS = SA-IIS > PT-Bayes > AA-kNN > !
AA-BP > PT-SVM: !

|

|

|

3. SA-BFGSFIPT-BayesiZ HE™M
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No. SESE HEGIZY 1SEEY tRICEY
Yeast-alpha

z

Yeast-cdc
Yeast-elu 24
Yeast-diau 24
Yeast-heat 24
Yeast-spo 24
Yeast-cold 24
Yeast-dtt 24
Yeast-spo5 24
Yeast-spoem 24

1
2
3
4
)
6
7
8
9

Human Gene 36
Natural Scene 294
SJAFFE 243
SBU_3DFE 243
Movie 1,869
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A N
\ o /) \ /
" \ n‘ '| ‘\/‘ AN “‘.‘ / "‘.‘ /." ‘u‘ \ /
\ VVIATY \ / \ /
Rea T VARV \ /
\ * \/
18 Labels 7 Labels 4 Labels 2 Labels
I, N
A VA AV \ N\
I\ V\j \ \ [\
PT-Bayes \/ \7
y (VAR . /
{0.048, 0.552, 1.885, 0.036} | {0.042, 0.230, 0.492, 0.016} | {0.170, 0.516, 0.911, 0.128} | {0.192, 0.310, 0.421, 0.086}
{0.960 0.891} {0.984, 0.929} {0.907, 0.786} {0.939, 0.808}
1 | /N
\ I,".‘ Mo / I / \\
\ 'v\ Mo . \ ! \ /
PT-SVM v N \
\J y
{0.006, 0.105, 0.368, 0.0012} | {0.040, 0.190, 0.359, 0.011} | {0.041, 0.108, 0.188, 0.006} | {0.018, 0.025, 0.036, 0.001}
{0.9988, 0.980} £0.990, 0.949} {0.995 0.954} {0.999, 0,982}
." "/\I‘ /\
/ M\ | I' ll ~ 1f ‘." / \
\} v | \ v }.' ‘.‘l '.“
AA-KNN | A "\/ l‘
v A \
VAR
{0.005, 0.091, 0.282, 0.0009} {0.028, 0.151, 0.381, 0.007} {0.030, 0.080, 0.124, 0.003} {0.058, 0.085, 0.118, 0.007}
{0.9991, 0.9844} {0.993, 0.945} {0.997, 0.970} {0.994, 0,942}
« / /\ 7\
A _‘/J \ N ‘ / \ . / \
YWY \J | \ /)
AA-BP ‘. \/
1 \/
{0.008, 0.156, 0.583, 0.003} {0.014, 0.076, 0.172, 0.002} {0.036, 0.085, 0.145 0.004} {0.069. 0.102, 0.143, 0.0]0}
{0.997, 0.968} {0.998, 0.975} {0.996, 0.964} {0991, 0.931}
A N\ ~
"\ ARNTY 1 \
W u vV A . /
v ‘..“ "‘, l. ".“‘ /
SA-IIS \/ | \
{0.004, 0.083, 0.283, 0.00077} {0.013, 0.072, 0.160, 0.002} {0.016, 0.042 0.067 0.0008} {0.012, 0.018, 0.025, 0.0003}
{0.99923, 09843} {0.998, 0,977} {0.9992, 0,984} {0.9997, 0,988}
f ‘.. N /\ /\
\A \ f \ A . '
: ‘“' V| LA L‘ / /
'”' \ f‘" '\
SA-BFGS V \/ ‘ \\/
{0.006, 0.086, 0.260, 0.00081 } {0.012, 0.056, 0.120, 0.001} {0.014, 0.034, 0.055, 0.0006} {0.007, 0.010, 0.014, 0.0001}

{0.99919, 0.986}

{0.999, 0.983}

{0.9994, 0.987}

{0.9999, 0.993}
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Experimental Results (mean + std(rank)) on the Real-World Datasets Measured by Kullback-Leibler Divergence |

Dataset PT-Bayes PT-SVM AA-ENN AA-BP SA-IIS SA-BFGS
Yeast-alpha  0.719 £ 0.080(6)  0.009 4 0.002(4)  0.0066 + 0.001(2)  0.081 £0.011(5)  0.0067 £ 0.001(3)  0.006 + 0.001(1)
Yeast-cdc 0.603 £+ 0.073(6)  0.010 £ 0.002(4)  0.0083 £ 0.001(3)  0.060 £ 0.007(5)  0.0082 4+ 0.001(2)  0.007 + 0.001(1)
Yeast-elu 0.556 £ 0.071(6)  0.008 & 0.001(4)  0.0074 & 0.0004(3) 0.051 £ 0.009(5) 0.0073 & 0.0005(2) 0.006 + 0.0004(1)
Yeast-diau 0.306 £ 0.036(6)  0.019 &+ 0.002(4)  0.015£0.001(3)  0.024 £0.004(5)  0.014 &+ 0.001(2)  0.013 £ 0.001(1)
Yeast-heat 0.255 £ 0.040(6) 0.0148 £+ 0.001(4)  0.0145 £ 0.001(3)  0.021 £ 0.004(5) 0.0133 £ 0.0004(2) 0.0126 4 0.0005(1)
Yeast-spo 0.281 £ 0.031(6) 0.0304 £ 0.005(4) 0.0302 £ 0.002(3) 0.034 £0.006(5) 0.0254 £ 0.003(2)  0.0246 + 0.003(1)
Yeast-cold 0.208 £ 0.031(6) 0.0147 £0.001(4)  0.014 &£ 0.001(3) ~ 0.0149 £ 0.002(5)  0.013 £0.001(2)  0.012 + 0.001(1)
Yeast-dtt 0.206 £ 0.029(6) 0.0073 £ 0.001(4)  0.0072 £ 0.001(3)  0.009 £ 0.001(5)  0.0070 £ 0.001(2)  0.006 + 0.001(1)
Yeast-spo5 0.214 £ 0.025(6) 0.03010 4 0.003(3)  0.033 4 0.003(5)  0.031 £ 0.003(4) 0.03007 £ 0.003(2)  0.029 + 0.003(1)
Yeast-spoem  0.190 £ 0.038(6) 0.0280 £ 0.004(4)  0.0285 £ 0.003(5) 0.026 £0.003(3)  0.025 4 0.003(2)  0.024 + 0.003(1)
Human Gene 1.887 +0.766(6) 0.240 + 0.019(3)  0.301 £ 0.026(4)  0.500 +0.068(5)  0.238 + 0.019(2)  0.236 + 0.019(1)
Natural Scene 3.065 + 0.487(6) 1.447 +£0.243(4)  2.767 £ 0.137(5)  0.875 £0.029(3)  0.870 £ 0.026(2)  0.854 £ 0.062(1)
s-JAFFE 0.074 £0.014(4)  0.086 £0.016(5)  0.071 £0.023(3) ~ 0.113 £0.030(6)  0.070 £ 0.012(2)  0.064 + 0.016(1)
s-BU 3DFE  0.079 £ 0.004(4)  0.089 £ 0.007(6)  0.065 £ 0.002(2)  0.085 £ 0.009(5)  0.068 £ 0.004(3)  0.049 £ 0.002(1)
Movie 0.953 +£0.352(6) 0.268 £ 0.079(5) 0201 £0.011(4)  0.179 £ 0.03(3)  0.137 £ 0.013(1)  0.140 + 0.020(2)
Avg. Rank 573 4.13 3.40 4.60 2.07 1.07
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- LA ( 6N ER ESFIREF—E)
SA-BFGS > SA-IIS > AA-kNN > PT-SVM > AA-BP > PT-Bayes

- SRS ( SA-BFGSHISA-IIS ) LUESREIREE (PT ) BLUE
(AA) KEIREY ;

- SA-BFGSLESA-IISEIF—1Lb ;

- PT-BayesHYGaussian{Rige] g NEFAESCHAEGE ;

- AA-BPRRBZIIEC ;

- AA-KNNIREE THRC DR HIEEIARME | MIPT-SVMABIR 7 iXFpEE(R s
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y, _ ~ N Facial Age Estimation N
Eﬂg m‘um « X.Geng, Q. Wang, and Y. Xia. Facial Age Estimation by A AﬂﬁE@{Et+ “;Jf';]’:*;”;;i15[;‘:?::3:'"_”2-?1";9“9”- 2014, pp. 4465 - 4470,
.' . _ o 4.;4‘!’10_] .;’\t\anta..GA 2010 ph. 451-456

« X Geng, C.Yin, and Z-H. Zhou. Facial Age Estimation by
« X Geng, K. Smith-Miles, Z-H. Zhou. Facial Age Estimatio

E’Iﬂﬂﬁ Head Pose Estimation
1 « X Gengand Y Xia. Head Pose Estimation Based on Mul & ﬁ », *
E LERES
i [= 7
- W - Y- g

i JIaN Pre-release Prediction of Movies
C — :\uuni ion on Movies by Label Distribution Learning. In: Proceedings of the International Joint Conference on Artificial Intelligence (IJCAI'15), Buenos Aires, Argentina, 2015, 3511-3517.

ecognition (CWPR*14) Columbus, OH, 2014, pp. 1837-1842

» X.Geng and PHou. Pre-release Prediction of Crowd Opin

. FRETA TR

WultiHabel Ranking
» X.Gengand L-L Luo. Multilabel Ranking with Inconsistent Rankers. In: Proceedings of IEEE International Conference on Computer Vision and Pattern Recognition (CVPR'14), Columbus, OH, 2014, pp. 3742-3747.

B REGSRcHIE

Emotion Distribution Recognition
« X.Geng and PHou. Y. Zhou, H. Xue and X. Geng, Emotion Distribution Recoagnition from Facial Expressions. In: Proceedings of the 23rd ACM International Conference on Multimedia (ACM MM'15), Brisbane, Australia, 2015, 1247-1250

(ClEagigav

Multi-label Learning
» P Hou, X. Geng and M-L. Zhang. Multi-Label Manifold Learning. In: Proceedings of the 30th AAAI Conference on Artificial Intelligence (AAAI'16), Phoenix, AZ, 2016, in press.
» Y-K Li, M-L. Zhang and X. Geng. Leveraging implicit relative labeling-importance information for effective multi-label learning. In: Proceedings of the 13th IEEE International Conference on Data Mining (ICDM'™5), Atlantic City, NJ, 2015, 251-260

Crowd Counting
« Z. Zhang, M. Wang, X. Geng. Crowd Counting in Public Video Surveillance by Label Distribution Learning. Neuroccomputing, 2015, vol. 166: 151-163.
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http://cse.seu.edu.cn/PersonalPage/xgeng/LDL

LOL Hoimie

Introduction

Latel Dstibubon Leaming is @ novel maching kearning paradigm. A label distribution covers a certain number of abels, representing he degree 1o which each Kbel gescribes the instance. LOL s @ general arming ramework which incluges both
singie-label and mult-abel karming as s special cases

Furtner detaits aboul LOL can be found i the fallowing paper

X Gang. Label Distrbution Leaming. IEEE en ge and Data Eng § (IEEE TKDE), 2016, in press.

Cuir alogrithims can be used frecly 1or ACa0emic, NON-Profit pUrPOSEs. If you intend 10 use & for commercial development, pleass con

In academic papers using our codes and data, the fIcwing references will e apprecialed
[1] X. Geng. Label Leaming. IEEE Tr tions on ge and Data Eng g (IEEE TKDE), 2018, in press.

[2] X. Geng. C. Yin, and Z.-H. Zhou. Facial Age Estimation by Leamning from Label Distnbutions. IEEE Transactions on Patfermn Analysis and Machine intelligence (IEEE TPAMI), 2013, 35(10): 24012412,

Applications of LDL

d "\ Facial Age Estimation
; « X Geng O Wang, and ¥ Xa Faci i g i Procesdings of nd nal Confenenee on Pattem Recogniton
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