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Abstract

The learning with label proportions problem is a learning task that only uses bag’s label propor-
tions information to build a classification model. Due to insufficient training samples, the existing
methods that viewed the above problem as single task did not perform well in text classification.
To some extent, transfer learning can solve the problem of insufficient training data, the problem
that how to use historical data (the original task data) to help the newly generated data (target
task data) to classify becomes extremely important. This paper presents a label proportion infor-
mation-based transfer learning approach to transfer knowledge from the source task to the target
task, helping the target task to build a classifier. In order to obtain the transfer learning model,
this method converted the original optimization problem into a convex optimization problem, and
then solved the dual optimization problem to establish an accurate classifier for the target task.
Extensive experiments have shown that the proposed method outperforms the traditional me-
thods.
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Figure 1. Two-class label proportions learning problem
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Figure 2. Transfer knowledge from the source task to the target task
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[91F1 p-NPSVM [12]4F Ryt b J7¥2

4.1. SERHHE

WA K SRAAT FT 20 Newsgroups? $idi 48, X ISR S22 TS0 AR 26, USRS B R
WL B bR B — I 2 TR 2 Sk, SRAA Bl &R AL &k | UM R4l 7327 4
UseNet 3%, HLHIELEAHBIULEE, BIUNT, HIGE, AN EEREHE . 20 Newsgroups
K AR T ORZ 20,000 Ao BRI SRS, REANTRZE A R #A 20 AS1280, > 285I#4 1000
AMFEAR . H L 2 [ 2 MM, thin Scielec vs. Scimed; A — 4852 A H LK,
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http://www.iesl.cs.umass.edu/datasets.html .
http://qwone.com/~jason/20Newsgroups/.
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Table 2. The list of data sets
2. BUREYIR

s JRAESS FEAA L HARMESS FEAA L
1 Simauto 3000 Realauto 800
2 Auto 3000 Aviation 800
3 Sci-elec 5000 Sci-med 1500
4 Rec.autos 5000 Rec.motor 1500
5 Spo.baseball 5000 Spo.hockey 1500

4.2. SRRRE

D G REAK R SR A R, ARSI AU AR P I BEALE PR 20, 40 A 60 MEEA
AR, IR RN RO GE TSR, P USRS T

Inv-Cal: Ce[27,2°],6[0.01,0.1]

Alter-SVM: Ce[272,2°],C,e[2%,2],

p-NPSVM: C, e[27°,2°](i=1234),C, {01110} .

LPI-TL: C e[27,27](i=12),c€[0.].

FA RS A R MR B K (%, X, ) = X, * X, » R LT3 XIIEVEEAT 256 . 1T Inv-Cal,
Alter-SVM Fll p-NPSVM Sh B —AT- 55 5035, S H RE H bR BHs 58 FadhAT Sias, Xh48 H i) S s A AT 5%
Kol S AN H AR 55 BRI AT S5

4.3. SEWEER T

T4, FIHASCHE A T AR5 LU B I A% 2 2] BT 8 AT 55 HiiE Aokt B AR 55 $ds 42
BTSN, JERAMERR . M. BARERA FLESEN RIS Inv-Cal, Alter-SVM 1 p-NPSVM ittt

FAN KR AR T MR R AR 22 SR IR 25 I e 3 Pl % 3 R, 7EHUEER 3 Bk
20 VLR AE 4 BT R /N 40 160 H, ARSCHR H SR LU LA VA AR A, 78 oA S8 45 35 AR HL
13 B R R AR bR 22 . ] 3 JBR T IR YA RIAI P R R AR I, L DA R I~ 35 o
W H: 62.44%. 63.09%. 63.38%F1 67.77%, 1J ULEEH 5% LPI-TL WP HERiZ & T Inv-Cal,
Alter-SVM Fl p-NPSVM = AN o 1X R WA 1) 75V 7E 18 0 30 A8 SR AT 25 25080 R 7E o0 2R HERf R L BEIAR
e HRRE I vERE .

FAh, R TR HAMEVE SR E LPI-TL Jvkii— Pt s b1 Seae /3 B #ERfi 2 i Wilcoxon
PSRRI S[17] [18]. 5, WilaE p AT EE R 0.05, W LPI-TL 5 BT LA 772 IR AA1E 2
HEF X TR, K5 LPI-TL Z B RN R AR 4 o WRHRT UG 1, &FhJ7%5%5 LPI-TL
1) p fEH¥/NT BAEFE 0.05, XEMAE LG THMA T, AR EE LPI-TL e HAR =N TNEERER R |
HESITE S LR/ =TR

N T BRSO R PERE, X 5 AN EERARAE RN 20 IS SN 0l v B HERR R T [RIEA
FLAESEFRARI T IME . SLIRAE RN 5 Fion . WRFATEUE H, LPI-TL B T3 A BIZL Alter-SVM &
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Table 3. Experimental accuracy and standard deviation Statistics
= 3. LWEMEINEESRGT

EEEE S R 20 40 60

Inv-Cal 64.87 +1.60 60.42 +1.04 56.31 +2.00

Alter-SVM 62.53+1.31 60.13+1.20 60.72 +1.45

' p-NPSVM 66.72 +0.47 63.23 +0.96 60.02 +1.52
LPI-TL 70.97 +0.37 68.60 +0.75 65.87 +1.22

Inv-Cal 7147 +0.70 68.37 +1.26 63.62 +1.06

Alter-SVM 70.03 £0.95 66.47 +0.97 63.03+0.98

2 p-NPSVM 71.30 £1.02 65.50 + 1.11 65.31 +1.00
LPI-TL 72.65 +0.41 72,57 £0.95 69.79 +0.82

Inv-Cal 62.23+0.73 59.52 +2.31 55.91 +1.79

Alter-SVM 60.52 +1.28 58.68 + 1.45 56.76 + 1.21

: p-NPSVM 63.22 +1.52 62.07+1.35 57.82 +0.48
LPI-TL 63.00 £0.73 64.32 +1.02 63.02 +£0.75

Inv-Cal 60.81 + 1.47 62.02 +1.72 59.91 +1.79

Alter-SVM 64.07 +1.08 62.59 +0.93 60.06 +1.41

! p-NPSVM 61.19+1.11 58.65 + 1.03 56.02 +0.88
LPI-TL 64.25 +0.92 62.03 +0.87 59.82 +0.75

Inv-Cal 65.28 +1.32 63.56 + 0.52 62.24 +1.24

Alter-SVM 70.32 +0.96 65.27 +0.76 65.21 +0.91

° p-NPSVM 68.02 +1.23 65.42 +1.04 66.13+1.08
LPI-TL 75.33 £0.62 73.56 +0.52 70.82 £0.53

0.7
0.68

0.66
0.64

Mean accuracy
=
(o))

0.62 l

0.58 1

0.56 1

0.54 {

0.52 l
0.5

Inv-Cal Alter-cSVM p-NPSVM LPI-TL

Method

Figure 3. The mean accuracy
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Table 4. Wilcoxon signed ranks test.
= 4. Wilcoxon £ Sk F165

LPI-TL R+ R- p-value

vs. Inv-Cal 118 2 0.0062
vs. Alter-SVM 115 5 0.0144
vs. p-NPSVM 119 1 0.0380

Table 5. Performance comparison of each algorithm

= 5. BENERMEEXTEL

HE PR SRORENTIES 34 F1{H
InvCal 0.501 0.648 0.565
Alter-SVM 0.462 0.672 0.548
p-NPSVM 0.499 0.662 0.569
LPI-TL 0.554 0.667 0.606

K, IXJEHT Alter-SVM BERHEZ I AFEAR, FrLAHE R & MAHLLZ R, LPI-TL iR K
FIFGFER FL . BASRE, ASCHEE R LPI-TL HErss Rt b ik w4
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