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Learning with Ambiguity

Single-label Multi-label I
Learning Learning :
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Label Ambiguity

- “What describes the instance?”

cloud sky

water building

Multi-label Learning



.
More Ambiguity?

- “How to describe the instance?”

some
cloud

much
water

mostly
sky

a bit of
building




How to learn?

- MLL
Thresholding E:> Positive labels ﬁ> MLL

Not a good choice!
- Label Distribution Learning (LDL)

- Assign a real number to each label
- Importance
- Confidence
- Probability
- Level

Keep more, learn more
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LDL — Problem Formulation
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LDL — Problem Formulation
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LDL — Algorithms

- Two Categories

- Conditional Probability Mass Function (Classification)

Model the mapping from the instance x to the label distribution d via a
conditional PMF p(y|x)

e [IS-LLD [Geng, Smith-Miles and Zhou, AAAI'10]
- BFGS-LLD [Geng and Ji, ICDMW’13]
« CPNN [Geng, Yin and Zhou, TPAMI'13]
- Multivariate Support Vector Regression (Regression)

Model the mapping from the instance x to the label distribution d via a
multivariate support vector machine

« LDSVR [Geng and Hou, IJCAI'15]

Reference and Matlab Code
http://cse.seu.edu.cn/PersonalPage/xgeng/LDL
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Where are the Label Distributions?

- They come with the original data
- Emotion Distribution [Zhou, Xue and Geng, ACMMM’15]
- Movie Rating Distribution [Geng and Hou, IJCAI'15]

- They come from the prior knowledge
- Facial Age Estimation [Geng, Yin and Zhou, TPAMI'13]
- Head Pose Estimation [Geng and Xia, CVPR’14]

- They are learnt from the data

- Multilabel Ranking for Natural Scene Images
[Geng and Luo, CVPR'14]

- Relative Labeling-Importance Aware Multi-label Learning
[Li, Zhang and Geng, ICDM’15]
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Come with Original Data...

- Emotion Distribution via Facial Expressions
[Zhou, Xue and Geng, ACMMM’15]
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Come with Original Data.

Emotion Distribution via Facial Expressions

[Zhou, Xue and Geng, ACMMM’15]
Table 1: Experimental results of Label Distribution Learning Methods

Evaluation Criterion

database Algorithm - - ~ - - -
Euclidean(l) S¢rensen(l) Squared X< (]) K-L(]) Intersection(?) Fidelity (1)
Fl1)L U.0957 - 0.006 . . . . . . . . N N
AA-KNN [4 0.1306x0.0117e 0.1273x0.0110e 0.053410.0086e 0.05560.0099e 0.872710.0110e 0.986310.0023e
s-JAFFE PT-Bayes [4 0.16824+0.0219e 0.1644+0.0163e 0.0835+0.0215e 0.0916+0.0269e 0.8356+0.0168e 0.9784+40.0059e
PT-SVM [4] 0.1696+0.0117e 0.1689+4+0.0099e 0.0812+40.0094e 0.0854+40.0110e 0.83114+0.0099e 0.979240.0025e
AA-BP [4] 0.190840.0208e 0.18804+0.0195e 0.113940.0210e 0.11004+0.0273e 0.812040.0195e 0.0685+4+0.0058e
EDL 0.10551x0.0023 0.10611x0.0025 0.040210.0017 0.042010.0020 0.893910.0043 0.989810.0046
- L1044t [] . 4 . . 2 . . . LB . D52 .
s=-BU 3DFE AA-BP [4] 0. 1648ﬁ:0 0076 e 0.1595+0.0065e 0.0760+0.0061e 0.0808+0.0063e 0.84054+0.0017e 0.9804+0.0061e
PT-Bayes [4] 0.165940.0044e 0.1606+0.0049e 0.0766+0.0039e 0.0830£0.0037e 0.839440.0010e 0.98034+0.0039e
PT-SVM [4] 0.17014+0.0032e 0.16384+0.0047e 0.07994+0.0044e 0.0877+0.0029e 0.836240.0007e 0.979440.0044e

Table 2: Experimental results of Multi-label Learning Methods

database

Algorithm

Evaluation Criterion

Average Precision(T)

Uoverageu,

Hamming Loss(]

Une Error(]

Ranking Loss(]

EDT 05057200500 3. . .
ML-KNN [20] 0/54551 006058 5.131040.3822e 0.279040.0617e 0.1076+0.06168  0.2184F0.0878e

« TAFFE LIFT [18] 0.805040.1042e 3.530740.3604e 0.325440.0777e 0.260040.1679¢  0.2515+0.1265e
Rank-SVM [20] 0.751640.0982e 3.910840.2844e 0.335640.1127e 0.300840.1390e  0.3276+0.1189%e

MLLOC [6] 0.750240.0995e 3.912740.2146e 0.573440.06394 0.321440.149Ge  0.3399%+0.1275e

BP-MLL [19] 0.743540.1000e 4.07861+0.2630e 0.3591+0.1133e 0.344440.1477e  0.3593+0.1210e

ECC [12] 0.738040.0952e 3.9050040.2305e 0.350140.1133e 0.348440.11308  0.34243+0.1264e

EDL 0.7861F0.0216 5236100758 0.116710.00690 03607100340 _0.176110.0178

ML-KNN [20] 0.622440.0282e 007124011036 0.138740.0043e 0.5699+0.0362¢  0.2047+0.0243e

«.BU 3DFE LIFT [18] 0.606240.0323e 1.0204+0.1225e 0.144340.0045 0.501340.0413e  0.2515+0.029Ge
Rank-SVM [20] 0.601640.0321e 0.987640.1231e 0.211840.0164e 0.610140.03808  0.3060+0.0338e

MLLOC [6] 0.497040.0285e 1.483240.2538e 0.145340.0042e 0.714040.02478  0.4352%0.0557e

BP-MLL [19] 0.536740.0210e 1.1692+0.1043e 0.181740.0008e 0.702440.02808  0.348040.0263e

ECC [12] 0.441940.0185e 1.8306+0.0677e 0.142640.0046e 0.748440.0317e  0.5438+0.0105e
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Come with Original Data...

- Pre-release Prediction of Crowd Opinion on Movies

4
[Geng and Hou, ICAI'15] Pre-release Metadata
Attribute Type 6  #Values

. o Genre C 0 24

Title Twilight Color C 0 5
Average Rating 5.2/10 Director C 5 402
— 1st Actor C 5 386
Budget $ 37 Million 2nd Actor c 5 210
- 3rd Actor C 5 103

Gross $ 191 Million Country C 5 3

Language C 5 23

Rating Distribution Writger s C 10 16
. Editor C 10 115
15% 6% Cinematographer C 10 173
A Art Direction C 10 39
10% Costume Designer C 10 110
0 Music By C 10 157

' | 5 Sound C 10 26

: | Production Compan C 20 31

59 i i pany

. P e ' 4'6%6 Year N — _

| : Running Time N - —

0% % i _ Budget N - -

1 2 3 4 5 6 7 8 9 10
Rating @

Crowd Rating Distribution
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Come with Original Data...

- Pre-release Prediction of Crowd Opinion on Movies

[Geng and Hou, IJCAI'15]

Euclidean Sgrensen . Squared 2 | K-L | Intersection Fidelity 1
LDSVR A587+.0026(1)  .15644.0027(1) __ .0887£.0031(1) _ .0921+.0035(1) _ .8436+.0027(1) __ .9764+.0010(1)
S-SVR A7344£.0024(2)  .1723+£.0023(2)  .10404.0030(2)  .1059+£.0036(2)  .82774.0023(2)  .9722+.0009(2)
M-SVR, A843+.0031(3)  .1814£.0034(3.5)  .1084+.0033(3) .1073£.0030(3) .8186+£.0034(3.5) .9710+£.0010(3)
BFGS-LLD  .1853£.0033(4) .18144.0033(3.5) .1176£.0042(4) .12654.0050(4) .81864-.0033(3.5) .9683+.0012(4)
IIS-LLD A866£.0041(5)  .18284.0044(5)  .1195£.0054(5)  .12884.0070(6)  .8172+.0044(5)  .96764.0014(5)
AA-ENN 1917+.0045(6)  .18994.0047(6)  .12464.0062(6)  .12744.0069(5)  .8101£.0047(6)  .9664+.0018(6)
CPNN 2209+.0148(7)  2153£.0150(7)  .1625+.0206(7)  .1826£.0274(7)  .78474.0150(7)  .9551+£.0061(7)
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Come from Prior Knowledge.

. . . [Geng, Yin, and Zhou, TPAMI’13]
- Facial Age Estimation (e.g smith-miles, and zhou, Aaar10]

Prior Knowledge

* Agingis a slow and gradual
progress

* The faces at close ages look
quite similar

A/ﬂ\\

o-2 o-1 « a+1a+2 a-2 a—-1 « a+1a+2
(a) (b)

* Centered at the chronological age
* Highest at the chronological age and gradually decrease on both sides
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Come from Prior Knowledge...

. . . [Geng, Yin, and Zhou, TPAMI’13]
- Facial Age Estimation (e.g smith-miles, and zhou, Aaar10]

MAE (in Years) of Different Age Estimators

Data Set
Method FG-NET | __ MORPH
aussian .77 (1, . . \ i

IIS-LLD | Triangle 5.90 (1, 0) 6.094+0.14 (1, 1)
Single 6.27 (1, 0) 6.35+0.17 (1, 1)
Gaussian 4.76 (1, 1) 4.87+0.31 (1, 1)
CPNN Triangle 5.07 (1, 1) 4.911+0.29 (1, 1)
Single 531(1,1) 6.59+0.31 (1, 1)
OHRank 6.27 (1, 0) 6.28+0.18 (1, 1)
AGES 6.77 (1, 1) 6.611+0.11 (1, 1)
WAS 8.06 (0, 1) | 9.2140.16 (1, 1)
AAS 14.83 (1, 1) | 10.10£0.26 (1, 1)
kNN 8.24 (0, 1) 9.644+0.24 (1, 1)
BP 11.85 (1, 1) | 12.59+£1.38 (1, 1)
C4.5 934 (1, 1) 7.48+0.12 (1, 0)
SVM 725 (1, 1) 7.341+0.17 (1, 0)
ANFIS 8.86 (0, 1) 9.2440.17 (1, 1)

Human HumanA 8.13 8.24

Tests' HumanB 6.23 7.23
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Come from Prior Knowledge...

- Head Pose Estimation [Gengand Xia, CVPR14]

Prior Knowledge

 Head orientation is
intrinsically
continuous

 The faces with close
head orientations
look quite similar

1
. ° . ° ° dy — o . ~ Tz_l . ~ >
Bivariate Label Distribution ¢z —27r\/|23_|Z exp ( 2(y Y) (y —vy)

* Centered at the approximate pose
* Highest at the approximate pose and gradually decrease around



Come from Prior Knowledge...

- Head Pose Estimation

Table 1. Head Pose Estimation Results on the Pointing’04 Database.

[Geng and Xia, CVPR’14]

MAE Accuracy
Method ) ) . ;
Yaw Pltcl_l Yaw+P1tc1_1 Yaw Pltcl_l Yaw+Pitch

MLD-wJ 4.24° £0.17° 2.69° £0.15° 6.45° +0.29° 73.30% + 1.36%  86.24% + 0.97% 64.27% + 1.82%
MLD-J 5.02° +0.31° 3.54° 4+ 0.30° 7.94° 4+ 0.53° 67.96% + 2.21% 81.51% + 1.67% 55.66% =+ 3.28%
Kernel PLS 5.70° T 0.32° 4.837 £0.29° 9.66° £ 0.33° 64.48% £ 1.79% 78.35% * 1.11% 51.47% L 1.64%
Linear PLS 9.28° 4+ 0.48° 8.92° 4+ 0.56° 15.88° 4+ 0.79° 46.49% + 2.80% 60.54% + 2.52% 28.10% =+ 3.28%
Kernel SVM 6.83° £+ 0.36° 5.91° 4 0.31° 11.87° +0.39° 57.17% + 2.12% 68.24% + 1.71% 34.23% + 2.05%
Linear SVM 8.30° £ 0.57° 8.16° 4 0.48° 14.91° 4+ 0.54° 50.54% + 2.81% 57.67% + 2.23% 23.80% + 1.75%
Kernel SVR 6.89° +0.47° 6.59° 4+ 0.62° 11.99° 4+ 0.76° 60.22% + 3.11% 71.72% + 2.22% 44.73% + 3.46%
Linear SVR 8.33° £+ 0.55° 8.27° 4+ 0.35° 14.50° 4+ 0.68° 52.08% + 3.16% 64.70% + 1.38% 35.16% + 3.08%
Stiefelhagen [17]} 9.5° 9.7° — 52.0% 66.3% —

Human Performance [2]? 11.8° 9.4° — 40.7% 59.0% —

Gourter (Associative 10.1° 15.9° — 50.0% 43.9% —

Memories) [£]

T“S(\I;Iég)h['l";?f‘ 12.9° 17.97° — 49.25% 54.84% —

Tu (PCA) [15]* 14.11° 14.98° — 55.20% 57.99% —

Tu (LEA) [18]* 15.88° 17.44° — 45.16% 50.61% —

Voit [19] 12.3° 12.77° — — — —

Li (PCA) [127 26.9° 35.1° — — — —

Li (LDA)[12] 25.8° 26.9° — — — —
Li(LPP) [12]° 24.7° 22.6° — — — —

Li (Local-PCA) [12]° 24.5° 37.6° — — — —

Li (Local-LDA) [12]° 19.1° 30.7° — — — —

Li (Local-LPP) [12]° 29.2° 40.2° — — — —

Foytik (Two-layer 13.0°

Phase Cong.) [4]°
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Learnt from the Data...

- Multilabel Ranking for Natural Scene Images
[Geng and Luo, CVPR'14]

Learnt from inconsistent rankings from different rankers

- Relative Labeling-Importance Aware Multi-label Learning
[Li, Zhang and Geng, ICDM’15]

Learnt from multi-label data




Multilabel Ranking for Natural Scene Images

[Geng and Luo, CVPR’14]

- Multilabel Ranking

- A bipartition of the relevant (positive) and irrelevant (negative)
labels

- A proper ranking over relevant labels
- Multiple Rankers: Subjective Inconsistent “Ground Truth”

Ranker Relevant Label Ranking
01 water > cloud > sky
02 cloud > sky > water > building
03 water > cloud > sky > building
04 water > cloud > sky
05 water > sky > cloud
06 water > cloud > sky
07 water > cloud > sky
08 sky > water
09 water > cloud

10 water > cloud > sky




Multilabel Ranking for Natural Scene Images

[Geng and Luo, CVPR’14]
- Multilabel Ranking by Preference Distribution

== Training Process === e e e e e e e e e e e e e e e e e e e e e s s - Test Process ==

V2 >Ys> Y3 —>| 10
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el B e
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15 el b . ..
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\ 4
L “—> Vi > V2> V3 >V
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. . |
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h/ Distribution —>| Distribution
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Virtual labels as split point between relevant and irrelevant labels



Multilabel Ranking for Natural Scene Images

[Geng and Luo, CVPR’14]
- Preference Distribution Transformation

w.r.t.

s.T.

K-L Divergence

P‘?ana@:la Jraj:()a"' , C

P/ >0,P! >0,
ZPJ—F’UPO = I,ZP%‘?—FUPZO
j=1 j=1

Distribution Constraints

\ 4

A\ 4

Ranking Constraints

sz — 0J lfyo >"m,i Yi,

?’:13"' JTJJZOJ... , C

Irrelevant Labels




Multilabel Ranking for Natural Scene Images

[Geng and Luo, CVPR’14]

- Experiment

Measure PDL CRPC CLRT ENN-MLR
Kendall’s Tau-b T 0.3869+0.0105 | 0.3414£0.0117 (1) 0.3120£0.0109 (1) _ 0.3686+0.0079 (1)
2 | Kendall’s Tau-c 1 0.3405+0.0091 | 0.3003+0.0104 (1)  0.2750-£0.0095 (1)  0.3243-40.0074 (1)
% | Spearman’s Rhot | 0.5660:£0.0097 [ 0.5257:£0.0090 (1) ~ 0.5025:£0.0141 (1) ~ 0.5501:£0.0074 (1)
& | Gamma 1 0.6241+0.0215 | 0.5533+0.0228 (1)  0.5002-40.0212 (1)  0.5977-40.0137 (1)
SAG 1 0.253440.0073 | 0.222740.0088 (1)  0.205740.0068 (1)  0.2404=40.0077 (1)
£ | Hamming loss | 0.2090+0.0106 | 0.2282+0.0100 (1)  0.2336+0.0147 (1)  0.2204+0.0107 (1)
% | One-error | 0.338240.0262 | 0.3922+0.0248 (1)  0.437540.0335 (1)  0.370040.0252 (1)
< | Coverage | 2.9227+0.1573 | 3.2790+0.1475 (1)  3.3713+0.1615 (1)  3.066340.1113 (1)
2 | Ranking loss | 0.1688+0.0110 | 0.2086+£0.0110 (1)  0.2327-40.0107 (1)  0.1837240.0069 (1)
O | Average precision T | 0.7426+£0.0162 | 0.697440.0142 (1)  0.671440.0145 (1)  0.721540.0151 (1)




Relative Labeling-Importance Aware Multi-lab
Learnlng [Li, Zhang and Geng, ICDM’15]

- State-of-the-art:
Existing multi-label Learning methods usually assume equal label
importance.

- Fact:
When multiple labels are associated to the same instance, their
importance to the instance can hardly be exactly same.

some mostly
cloud sky
much a bit of
water building



x
Relative Labeling-Importance Aware Multi-label=
Learnlng [Li, Zhang and Geng, ICDM’15]

- Implicit Relative Labeling-Importance

Label Propagation on the Training Set

(1,0,0)

(0.5, 0, 0)
+
(0,0,0.1)

(0.5, 0,0.1)




Relative Labeling-Importance Aware Multi-lab
Learr"ng [Li, Zhang and Geng, ICDM’15]
- Implicit Relative Labeling-lmportance

Label Propagation on the Training Set

—— V=Az; |1 <i < m}

|—> V’Tj:l . w@-j = 20 ’
Propagation g 0 , b=y
g P = D_%W[I)_% ]13 = diagldy. do,....dn] di = S0 wy
(1, if gy =y
F =& VIR Vi, du=< 1, ify €y,
Label
Propagation . 0, otherwise
F) = qPFUD £ (1 —a)® )
Converge to fr 2 Lgbe] :
) L (1—a)I-aP)"'® e — il . Distribution
2 k=0 fik




Relative Labeling-Importance Aware Multi-lab
Learning

- Experiments

[Li, Zhang and Geng, ICDM’15]

Comparing One-error |
algorithm cal500 emotions medical llog msra image scene yeast slashdot
RELIAB 0.129+0.019 _ 0.27340.019 _ 0.160-£0.012 _ 0.74540.007 __ 0.06640.014 __ 0.348+0.016 __0.248+-0.007 __ 0.223-+0.011 _ 0.5094+0.014
BR 0.906+0.025  0.37540.027  0.306+0.031 0.885+0.013  0.36240.013  0.527£0.011 0.472+0.016  0.2844-0.010  0.731£0.014
CLR 0.375£0.118  0.35640.030  0.70640.149  0.88340.023  0.15240.009  0.5024+0.016  0.367+0.017  0.27240.012  0.9784+0.003
Ecc 0.255+0.028  0.35340.040  0.187+£0.016  0.794+0.011 0.211£0.011 0.475+0.011 0.378+0.015  0.26140.010  0.476+0.015
__ RAKEL | 0.672£0029  0394£0027  _0.252+0.025 08760015 _0.288+£0.014 _0.498+£0013 _ 0440£0.016 029740012 05960011
Comparing One-error |,
algorithm corelSk revl-sl rcvl-s2 rev1-s3 revl-s4 revl-s3 bibtex mediamill
RELIAB 0.7954-0.009 0.510+0.005 0.4794-0.006 0.4874-0.007 0.466+0.008 0.4674-0.012 0.4184-0.007 0.19240.007
BR 0.92140.004 0.736+£0.006 0.75840.008 0.7554:0.003 0.73740.010 0.76340.008 0.8804-0.004 0.18540.004
CLR 0.748+0.011 0.503+0.006 0.5494-0.006 0.5494-0.025 0.584+0.076 0.67840.092 0.51440.003 0.147+£0.002
Ecc 0.91140.004 0.490-+0.005 0.51540.007 0.51240.006 0.48540.004 0.4954-0.005 0.90740.003 0.15840.002
o RAKEL | 08670004 0.620:£0008 06220008 06370008 06ISE0010_ 061410013 0TI9X0015 02000003
5 4 3 2 1 5 4 3 2 1 5 4 3 2 1
L | | | 1 | 1 J 1 1 1 | 1 1 | 1 1 L l L | 1
— — s —]
Ecc - CLR CLr
RAKEL Br Br
CLR Ecc Ecc
(a) One-error (b) Coverage (¢) Ranking loss
5 4 3 2 1 5 4 3 2 1 5 4 3 2 1
' T T | a1 s 1 45 1 . 1 a1 5 1 5 1 . 1
— i —|
— Fcc - RAKEL RAKEL
RAKEL CLR —————— CLr
CLr Ecc Ecc

(d) Average precision (e) Macro-averaging F1 (f) Micro-averaging F1
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Conclusion

- Label distribution learning
- More general framework than single-label and multi-label learning
- Deals with different importance of labels
- Matches certain problems better

- Needs special design T e T ——r—
- Label distribution comes into play when datasets collected

- There is a natural measure of description degree
- The labels are correlated to each other

- There are multiple labeling sources for one instance

- Multiple labels are associated to the same instance with
different importance




Interested?

Download the LDL Matlab package from
http://cse.seu.edu.cn/PersonalPage/xgeng/

LDL Home Download contact

Label Distribution Learning

For real applications where the overall distribution of the importance of
the labels matters.
A more general learning framework which includes both single-label and

multi-label learning as its special cas

Introduction Introdustion

Label Distribution Learning is a novel machine learning paradigm. A label distribution !
covers a certain number of labels, representing the degree to which each label

describes the instance. LDL is a general learning framework which includes both

single-label and multi-label learning as its special cases

Further details about LDL can be found in the following part: Pape

Our alogrithm can be used freely for academic, non-profit purposes. If you intend to
use it for commercial development, please contact us. In academic papers using this
package, the following reference will be appreciated

[1]X. Geng, C. Yin, and Z.-H. Zhou. Facial Age Estimation by Learning from
Label Distributions. IEEE Transactions on Pattern Analysis and Machine
Intellioence (IEEE TPAMI). 2013. 35/10): 2401-2412




e
References

1. Xin Geng, Chao Yin, and Zhi-Hua Zhou. Facial Age Estimation by Learning from Label Distributions. IEEE
Transactions on Pattern Analysis and Machine Intelligence (IEEE TPAMI), 2013, 35(10): 2401-2412.

2. Yu-Kun Li, Min-Ling Zhang, Xin Geng. Leveraging implicit relative labeling-importance information for effective
multi-label learning. In: Proceedings of the 15th IEEE International Conference on Data Mining (ICDM'15),
Atlantic City, NJ, in press.

3. Ying Zhou, Hui Xue, Xin Geng, Emotion Distribution Recognition from Facial Expressions. In: Proceedings of
the 23rd ACM International Conference on Multimedia (ACM MM'15), Brisbane, Australia, 2015, 1247-1250.

4. Xin Geng and Peng Hou. Pre-release Prediction of Crowd Opinion on Movies by Label Distribution Learning. In:

Proceedings of the International Joint Conference on Artificial Intelligence (IJCAI’15), Buenos Aires, Argentina,
2015, 3511-3517.

5. Xin Geng and Yu Xia. Head Pose Estimation Based on Multivariate Label Distribution. In: Proceedings of IEEE

International Conference on Computer Vision and Pattern Recognition (CVPR’14), Columbus, OH, 2014, pp.
1837-1842.

6. Xin Geng and Longrun 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.

7. Xin Geng and Rongzi Ji. Label Distribution Learning. In Proceedings of the 2013 International Conference on
Data Mining Workshops (ICDMW?13), Dallas, TA, 2013, pp. 377-383.

8. Xin Geng, Kate Smith-Miles, Zhi-Hua Zhou. Facial Age Estimation by Learning from Label Distributions. In:
Proceedings of the 24th AAAI Conference on Artificial Intelligence (AAAI’10), Atlanta, GA, 2010, pp. 451-456.



.
Acknowledgement

- Colleagues

Prof. Zhi-Hua Zhou Prof. Kate Smith-Miles Prof. Min-Ling Zhang Dr. Hui Xue
- Students

Chao Yin Yu-Kun Li Ying Zhou

Peng Hou Yu Xia Longrun Luo

Rongzi Ji



THANK YOU &

http:// palm.seu.edu.cn



