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Active Label Distribution Learning Based on Marginal Probability Distribution Matching

DONG Xin-yue, FAN Rui-dong and HOU Chen-ping
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Abstract Label distribution learning (LLDL)is a new learning paradigm for learning on instances labeled with label distribution,
and has been successfully applied to real world scenes such as face age estimation,head pose estimation,and emotion recognition
in recent years. In label distribution learning,enough data labeled by label distribution is needed when people train a model with
good prediction performance. However, label distribution learning sometimes faces the dilemma that labeled data is insufficient
and that marking enough label distribution data means high annotation cost. The Active label distribution learning based on mar-
ginal probability distribution matching (ADLD-MMD) algorithm is designed to solve the problem of high annotation cost for label
distribution learning,by reducing the amount of labeled data required to train the model and reducing the annotation cost accor-
dingly. The ALDL-MMD algorithm trains a linear regression model. While ensuring the minimum training error of the linear re-
gression model,it learns a sparse vector that reflects that which instance in the unlabeled data set are selected,so that the data
distribution of the training data set and unlabeled data set after instance selection is as similar as possible. We relax the vector for
easy calculation. An effective method to optimize the objective function in ALDL-MMD is given,and proof for the convergence of
ALDL-MMD is also provided. The experimental results on multiple label distribution data sets show that the ALDL-MMD algo-
rithm is superior to the existing active example selection methods on the two evaluation measures of "Canberra Metric" (dis-
tance) and “Intersection” (similarity) to measure that what degree of the label distribution of the instance is accurate,which re-
flects its effectiveness in reducing annotation costs.

Keywords Active learning,Label distribution learning, Maximum mean discrepancy,Marginal probability distribution matching,
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Fig. 1 Experimental results on real-world datasets measured by Canberra Metric ¥ ( y means the small the better)

A LU Y A TR B vk 6 8 4 7R 910 Sk A 200 A0 R 4 T B4 B R
A, BARIMNE . 7E 7 8R4 b ALDL-MMD J7 2 [ H Al
XF L T AL, WA 7E T B AR b B LT N R e 25 1
J7 . T G 1 TR IR T R O . R AL T T A 3 R 1) B R
ic .11 MMAD Fl MAED J& W Fp G W B 19 2 3h ik 25 0 ik . #n
104 AT 2 33 B A% O FE T 1 RRAE 25 (8] B AR 3E 28 18] AT AL

W S5 w0 EL O HRAR B i T — e o e T

AL 25 18] 7 %X

I8 25 K9 55 43T 2 IA) A S TR R, DA T G 345 DK 0 A7 R AE 25 ]
BARAEWAAERA S, FHBERESNE AT LR
BN FHE S FERAB TR, 55— EEHE
T RE 54510 AH 5, A — 7% {9 B9 AR 92 2 18] 7T BE A 7E {5 B
o XU RE T O AT 4 B S RO e b BE AL 4 T — sk
Ty kA AR O A i R ) b HBR e /Y U5 ik ALDL-

MMD #1 QBC £ £ tb H 2 # 7/n 6] 15 MAED #1 MMAD J7

HHEA

HE BN T 7R E DT AR ROCR B B 2.
A BB N 10 W, BT AT B RLGE WM SRR L, il
AN IR B 32 8l 2 2] 7 ik e BRI 100 A mURS i S6 A5 2 194 1 e i
TR BB TTRR . X AR B B 1R AN TR A Bk SR
WA HINGREE 07 1 3% B — 5 £ H 3l 25 %
i, AL ADRICR B 52 TH AN HE BT MR AR SO R ROR 2 308 TR

FoTs B R .

3 HNEE T AW KB NN 1,3,5,7,9 I, 7 DB R AE
bR [R] 3 82 S B i Intersection 85 B PERE . Ho b B IR /Y
JE 10 YCSE B 1 S Y ROCR A4S HE 22 . X T A BT O AR 4R
95 % 1 35 MK T LA ¢ AT K e AT LS5 AR .

F 3 HEIHRAE L Intersection & #8547 i 1) 5250 45 5 (WA AR AEZ) (“ A " RIRTEFR R R AT
Table 3 Experimental results (mean4 std) on real-world datasets measured by Intersectio A (4} means the bigger the better)
3 ot SRR
1 3 5 7 9
Random 0.9183+0.0016 0.92714+0.0017 0.931140.0031 0.9330+0.0033 0.9344+0.0017
MAED 0.9095+0.0040 0.9126+0.0025 0.9146+0.0032 0.9171+£0.0022 0.9192+40.0039
Yeast-cold MMAD 0.9164+£0.0011 0.922740.0023 0.9245+0.0010 0.926440.0022 0.927940.0029
QBC 0.9220+0.0022 0.931240.0029 0.9348+0.0056 0.9360+0.0034 0.9371£0.0031
ALDL-MMD 0.9243+0.0020 0.9333+0.0015 0.9353+%0.0043 0.9368*0.0006 0.9378+%0.0026
Random 0.690140.0022 0.622040.0026 0.591540.0010 0.5736+£0.0016 0.564240.0020
MAED 0.75196=+0.0029 0.7186+0.0010 0.71184+0.0034 0.7097+0.0040 0.6970+0.0015
Yeast-spo MMAD 0.6886+0.0029 0.644140.0011 0.6245+0.0022 0.6133+0.0023 0.604440.0031
QBC 0.6686+0.0043 0.5913%0.0036 0.5676%0.0024 0.5509£0.0035 0.5450%0.0026
ALDL-MMD 0.6456*0.0016 0.5822+0.0033 0.5568+0.0022 0.5487+0.0022 0.5402%0.0017
Random 0.9395+0.0016 0.9487+0.0038 0.951040.0042 0.9527+%0.0022 0.9535%0.0020
MAED 0.9367+£0.0014 0.9382+0.0017 0.939540.0039 0.940440.0026 0.9416+0.0015
Yeast-dtt MMAD 0.9446+0.0020 0.9482+0.0035 0.9497+0.0015 0.951140.0010 0.9517=0.0011
QBC 0.9421+0.0040 0.9494+£0.0007 0.9529+0.0006 0.9538+0.0040 0.9548+0.0029
ALDL-MMD 0.9442%0.0031 0.9518%0.0039 0.9538+£0.0039 0.9546+0.0031 0.9550%+0.0015
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HEE 5% ERES
1 3 5 7 9

Random  0.8795-£0.0016  0.8886+0.0015  0.8931+0.0020  0.8948-40.0007  0.8988-£0.0040

MAED 0.8627-40.0022  0.8722+0.0036  0.8748+0.0043  0.876140.0031  0.8805+0.0011

Yeast-spo5  MMAD  0.8768-40.0016  0.8822-£0.0017  0.8886-0.0037  0.8913+0.0038  0.8939-40.0039

QBC 0.8854+0.0015 0.8946+0.0029 0.8987+0.0032 0.901440.0027 0.902540.0038

ALDL-MMD 0.8870%0.0036 0.8986*0.0039 0.9020+0.0011 0.9046%0.0034 0.9051%0.0040

Random  0.884740.0035  0.8944-£0.0010  0.9009-+0.0016  0.9035%0.0040  0.9061+0.0047

MAED 0.8666-0.0020  0.8746+0.0018  0.8802+0.0043  0.881840.0036  0.8838-£0.0006

Yeast-spoem  MMAD  0.8844-0.0024  0.8856=0.0039  0.8904%0.0033  0.8972+0.0026  0.8988=0.0015

QBC 0.890140.0028  0.9007%0.0038  0.8991-0.0038  0.8988+0.0015  0.8983+0.0040

ALDL-MMD 0.8925%+0.0020 0.9050%0.0010 0.9064+0.0043 0.9079+0.0029 0.9086+0.0026

Random  0.9214%0.0043  0.9270-£0.0034  0.931140.0042  0.932540.0044  0.9336-0.0038

MAED 0.911540.0029  0.9143+0.0030  0.915940.0020  0.917540.0039  0.9185+0.0017

Yeast-diau MMAD  0.918240.0022  0.9235-40.0028  0.9270-0.0020  0.9287+0.0020  0.9299-40.0030

QBC 0.9163+0.0015 0.9285+0.0017 0.9319+0.0014 0.9341%+0.0012 0.9348%+0.0045

ALDL-MMD 0.9217%0.0026 0.9305%0.0012 0.9331+0.0017 0.9349+0.0027 0.9358+0.0022

Random  0.9189-50.0010  0.9259-£0.0023  0.9303+0.0039  0.932440.0044  0.9334-0.0031

MAED 0.908240.0038  0.910640.0039  0.9126-£0.0015  0.9134-0.0017  0.9141+0.0015

Yeast-heat ~ MMAD  0.914040.0015  0.921640.0040  0.924540.0022  0.9274-0.0020  0.929040. 0040

QBC 0.9194+0.0010 0.9300+£0.0012 0.933440.0029 0.9352+0.0031 0.9363+0.0029

ALDL-MMD 0.9238%0.0022 0.9313%0.0031 0.9343%0.0016 0.9352+0.0041 0.9361%0.0041
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Table 4 Win/tie/loss counts of ALDL-MMD versus comparative
methods with varied numbers of queries
18 K
4% it
1 3 5 7 9
Random 5/2/0 7/0/0 7/0/0 5/2/0 5/2/0 29/6/0
MAED 7/0/0 7/0/0 7/0/0 7/0/0 7/0/0 35/0/0
MMAD 6/1/0 7/0/0 7/0/0 7/0/0 7/0/0 34/1/0
QBC 7/0/0 3/4/0 3/4/0 4/3/0 3/4/0 20/15/0
Bt 25/3/0 24/4/0 24/4/0 23/5/0 22/6/0 118/22/0
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