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Partial Label Data Disambiguation Algorithm Based on Pairwise Constraints

ZHENG Cha' JI Li-Xin* GAO Chao' LI Shao-Mei' WU Yi-Teng?

Abstract Partial label data disambiguation is the basis of machine learning using partial label data. In order to solve
the data imbalance problem widely existing in partial label data, and the problem that the existing disambiguation
algorithms have insufficient utilization of constraints between samples, a partial label data disambiguation algorithm
based on pairwise constraints is proposed in this paper. Firstly, the relation between low-rank representation coefficients
and sample similarities in unbalanced datasets is deduced by utilizing low-rank representation. Secondly, according to
the deduced results, two graphs are created based on positive constraint and negative constraint respectively. Finally,
the labels of partial label data samples are obtained by minimizing energy functions based on graphs. Experimental
results on five open datasets indicate that the proposed algorithm outperforms benchmark algorithms by 2.9 % ~ 14.9 %
at disambiguation accuracy.
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Fig.4 The distributions of different categories’ sample number in datasets
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R

PL-KNN (Partial label learning based on k-
nearest neighbors)(™: $ i —Fh I 1 BT AL K7 1
S5, BEMRPRICAEAS O BR BRI B AN Bl AR R
AR AR I BEE T E (A SHC TABFEA
k= 10).

MMS (Maximum margin set learning)°: 2
A T ARR B BRI, AR T AN
SRSV NS BV S PN BitR (R E N TS i M IE |2

M e bR 2 1R B R 22 e AL B S 4 (HERE S 4L
R G RS I T R A = 1/n, n A fwbrid ke
KR

IPAL (Instance-based partial label learn-
ing) ;3 Tl Bk PR g B BN, E A E
FEA IR AR BN i, SR TS AR AR 25 4% 4 S0k
SRAFREARRIARRE (M S ILMHEARL k= 10, &
FIEARIREL T = 100).

PL-LEAF (Partial label learning via feature-
aware disambiguation)®0l: #&H —Ffgh &7k, 1
S 7 M FEASTERR AL 25 (8] RV T 45 46 3R A3 WA 1
PREIRES, 25 N GR—A> 2 R INBRSFEA [ by
ZRATHE D E (S EC ILAFEAR k= 10,
[T Sy i) e ] A2 )

42 SEEE

PLDPC ZEyHE RN H T U 4 NS5
a, B, k Al . B 5 R TR AR,
PLDPC B HEM b ) — S 8 fia s, v LUE
H:

FT AT BRI IBE A o (R38 03z 2 32 i, U
I A 1R R 251 AT B T . HERfRAE 0.5 B
T H S B, (BAE 0.6 2 )5 JL-F AT i 5us 42 1)
HERf R 2R a3 BRSO AR ) IE LY AR IAE
FH R Bk T i, I 22 M AR IS £ 29 A4 7 90
o PRAR I SR 2. O T P A AN SR AR ) TR 2R
o WH0.5.
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Fig.5 The accuracy of disambiguation changes as different parameters varying

T B AR AE B = 0.01 PRz HUAT S5 e (1 HE A
K ZJakAE B KIS HREA
WIEEFR AR A, FEA ) SO 249 SRAE T B0 7 v A 4%
TEAE. RIR 8 Bl 0.01.

P B ERAE k = 40 WIS AR, 23]
1540 J5, B BAREAET R AR, (HIEEAR
€, N T PRSI HERR R, FF kB 40.

B HE R HEF R AE o = 2.5 JRHEATRE.
AL AN ) 2045 5 BT o i YRR A 30 I I) g AELATS WS AT AN
[el, 3 B AN ) B3040 4 AN [ S8 ) PR A A 0 L £
) 55 56 7 A 2 1) (3 ABLRE L s AT ANTR]. O 1
BRARMIAER R, K p BB 2.5.

4.3 MILKBWERR D

R S vy A S T] IR T 9 A e

AL BRI [ YIS AR, SRk 2. 3 3 Pros. f£

2 PR A TN N B AR I Y S U A
A LUE tH: PLDPC-p 48X} T PLDPC-abs H(f$ T #

IR 2R, U 3 AN AT I, BT R I 4 4 1)
AFVABLRE B 38 5 8 S A AR (] (R AHABLE, {0 PLDPC-abs
FUF T 14 Joy 45 6 PR ARHARL B g 2 IR 1 1 2 o 1) 1
R G SR R AR AL AR IR AAR I, T FAAR T 7
BEER R IXI0AUE T2 2.2 AT B AT 41 IR
FRB R RECEE AL 7 W& 2. PLDPC
1 PLDPC-p+ PLDPC-n A L HER R 5 7, Ui A
X IEZR . S 2SR SR, aont 249 SR i) )
P B R

M PLDPC FlIiAth 4 Fpox) bl &35 16 45 5 mr
DL e 1) AHXF AR 7 BB ) PL-KNN,
IPAL, fil PL-LEAF %1%, PLDPC £ T i3 42
R ERAL T BRI ST, U 4 R o 4R
5 BA BT BAEAf R e T 2) TR 26 U7 T,
PLDPC 7 5 ANEHi A L 1R 1340 05 ME A 2R A T 3
WEAEE T 29% ~14.9%. Hik#s, PLDPC 7
3 N AR B S AR AR, AL AR Ed R
HEA S T T MMS Hik, BERXHA RS L
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Table 2  The disambiguation accuracy of each algorithm (%)
ik Lost MSRCV2 BirdSong Soccer Player Yahoo!News
PLDPC-abs 57.93 65.81 76.73 70.28 82.03
PLDPC-p 65.81 67.46 77.05 71.58 83.29
PLDPC-n 41.98 37.26 62.30 62.84 57.17
PL-KNN 64.53 58.25 70.99 57.76 72.32
IPAL 77.54 71.44 76.61 67.35 82.37
PL-LEAF 79.32 66.67 75.55 70.50 82.90
MMS 91.71 68.27 66.47 70.03 87.32
PLDPC 87.61 72.70 79.25 73.68 85.22
£3 REENEATE (B (s). 460 (min) « K (d))
Table 3  The processing time of each algorithm (second (s), minute (min), day (d))
HVE Lost MSRCV2 BirdSong Soccer Player Yahoo!News
PLDPC-abs 2.13s 2.39s 11.62s 4 min 6 min
PLDPC-p 2.05s 2.30s 11.07s 4 min 6 min
PLDPC-n 2.12s 2.69s 11.71s 4 min 6 min
PL-KNN 0.06s 0.08s 0.10s 59.27 69.78s
IPAL 0.51s 0.63s 1.56s 73.75s 94.62s
PL-LEAF 56.04s 4 min 35 min >1d >1d
MMS 57.02s 1 min 2min 34 min 35min
PLDPC 2.16s 2.45s 11.61s 4min 6 min

MMS Xt PLDPC ~F¥mH 3.1 %, 1i{t PLDPC
SR 3 MRS [, PLDPC (RyER 272w
MMS %1 7%, X ¥ PLDPC {EdEfi% bRk
R BT, 3) B4R PLDPC 19 B b 3 % R 2
femn i (b0 LS R R ZKSF) {H PLDPC A
bl P A PR A v LA S v ()T kA % i B
AR T 91 B HE A R AT 24 1) MMS 57954 1 B ReR
¥, Bk, PLDPC BEWAERIERCRIGTE LN B
R T B HE A 2R 38 T 0] T S A 2R SRR
(1) 8 37 5.

5 4iE
S ISR IR b o 12 500 11 SO A AR AT 5

BRI AE N — BRI 1K) 7 22 18] 90 I B3k, A
BT BB R SRS A B S ) SR AR B Tz
IO AR T 2 A0 A AR AR AR A A SR A A AR )
FRIRHABLBE IR, R 2% RE A AP X ARk 7 (R 52 i,
DL AR AN I AR AR R 7 2R B s BEA T A BL
25 e AR IS, B A2 —Fh

A7 A (P 1), PRI A SCVE AT 5T T E s AN - i
IR FR R 7R R R R FEA AL 1 & 25 20, IR AE
SER R IGAIE THF TSR IR IER . Shah, BB Ty
AR HFEA R IELI R, 208 T 52 F0 ) i, A3
ZEA R IE S 9 a0k B v BRI 5 T8 it fse /b 3
T IR 1 B8 5 R AR R RE A AR 28, SEEG &5 R
FW], Mt PL-KNN. IPAL. PL-LEAF 25 5EyE5
1, ARSI AR BT B A AR T s TR R A
tb MMS 5775, A7 1E Losts Yahoo!News
P E e £ A R A, (HOP Y A R AL T
MMS, HZER P8 T2 10 £, BiHAR SO vk RE
5 FE DR AUE 2505 B 0 FL AT B () 9 B o i
FH T8V A 23 SR i R Y 3 5
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