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Abstract In the age of big data, learning with weak supervision has become one of the hot research
topics in machine learning field. Partial label learning, which deals with the problem where each
training example is associated with a set of candidate labels among which only one label corresponds to
the ground-truth, is an important weakly-supervised machine learning frameworks proposed recently
and can be widely used in many real world tasks. The max-loss function may be used to accurately
capture the relationship between the partial labeled sample and its labels. However, since the max-
loss function usually brings us a nondifferentiable objective function difficult to be solved, it is rarely
adopted in the existing algorithms. Moreover, the existing partial label learning algorithms can only
deal with the problem with small-scale data, and rarely can be used to deal with big data. To cure
above two problems, this paper presents a fast partial label learning algorithm with the max-loss
function. The basic idea is to transform the nondifferentiable objective to a differentiable concave
function by introducing the aggregate function to approximate the max(+) function involved in the
max-lass function, and then to solve the obtained concave objective function by using a stochastic
quasi-Newton method. The experimental results show that the proposed algorithm can not only
achieve higher accuracy but also use shorter computing time than the state-of-the-art algorithms with
average-loss functions. Moreover, the proposed algorithm can deal with the problems with millions

samples within several minutes.

Key words partial label learning; max-loss function; aggregate function; weakly-supervised learning;

classification accuracy
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55 i, o el 7E U 2R ORI 3 37 A8 U I ik ik



JH M — Bl T i R ALY R BRI PR i AR I8 2 T STk 1059

B85 1), CLPL 5332 1 T A 2 B0 42 2 IR SCHik[ 2]
) EE OB B Y. FRATTAE 5 A4S UCT B4 i 2 A~ 5

S b ic A o BE AES EXE X 4 AT DT T 1L
B X T AR R TRA R BN 1 PR .

Table 1 The Data Sets for Validating the Performance of Max-likelihood Based Algorithm
1 WIETRAEURIHNEEZRARESE
Source of Data Sets Number of Number of Number of Number of Partial Label Samples
Data Sets Samples Characteristics Classes Minimum Maximum Average
Abalone 4177 7 29
CTG 2126 21 10
UCI Yeast 1484 8 10
Image Segmentation(Segment) 2310 19 7
Movement 360 90 15
Real BirdSong 1998 38 13 1 1 2.18
World MSRCv2 1758 48 23 1 7 3.16

1T UCT B S 2 hr v A9 1% 48 70 Bt 4 3
IR T 2 AN EHISE por RACEN LN T i br
LR b p RoR AR ISR A (BT TY | > 1) 1
REAREAGE T LA r 3270 i bR TR AR A B LS
Fric LA s i b ic 40 B o= 1Y | — 1L AR i

FEUNT X T4 2 W — X S8 (p.r) . e WNER Y
UCT B 5 P BENLLE I pn DHEAR (n HBEA BHOD
SRIGNS T — A1 e A AR AR B ALl I & A 5
PRIC LM S B AR IC h B B - A5 H AR I — A
WOZFEAR M bR L. 2 2 BT 4 AR R R

Table 2 The Accuracy of Each Algorithm on the UCI Data Sets

K2 BAERESADN UCILEEE ERNEE %
r=1 r=2 r=3
Data Sets Algorithm
p=0.15 p=0.45 p=0.75 p=0.15 p=0.45 p=0.75 p=0.15 p=0.45 p=0.75
PLLOG-Average 17.74 17. 34 16. 74 17.96 17.01 16. 24 17. 86 17.17 16.42
PLLOG-Max-DN 18.42 19. 68 19. 96 19.21 19. 64 20.70 19. 60 20.97 23. 08
Abalone
PLLOG-Naive 18. 39 18.53 18. 37 18.41 18.16 20.00 18.35 18. 24 19.73
CLPL 23.63 23.63 23.51 23.73 23.50 22.51 23.69 23.46 22.57
PLLOG-Average 67. 44 64. 66 60. 86 67.75 64.16 62.67 66. 99 65.03 60. 85
PLLOG-Max-DN 68. 36 69.29 69. 43 68. 49 70. 00 69.21 68.02 69.23 68. 98
CTG
PLLOG-Naive 68. 31 68. 39 68. 28 67.96 69. 06 68.42 68. 16 68.57 67.54
CLPL 65. 89 65. 24 65.23 66. 39 65.22 65. 35 66.27 65.18 64. 66
PLLOG-Average 51.16 51.18 50. 25 51.55 51.59 49.58 51. 20 51.74 49. 49
PLLOG-Max-DN 52.02 52.48 52.77 51. 88 52.24 51.09 51.89 52.14 49.57
Yeast
PLLOG-Naive 51.28 51.63 51.19 51.61 52.00 51.12 51.28 51.99 51.34
CLPL 52.71 52.41 53.21 53.12 52. 84 51.17 52.13 53.11 51.15
PLLOG-Average 89.42 87.09 85. 40 88.19 86. 80 85. 83 88.75 87.58 85.59
PLLOG-Max-DN 87.52 87.75 88.03 87.55 87.87 88.53 87.61 87. 38 88. 66
Segment
PLLOG-Naive 87.48 87.74 88. 26 87.53 87.85 88. 28 87.76 87. 61 88. 41
CLPL 82. 94 82.68 82. 60 82.81 82. 64 82. 30 82. 87 82.42 82.67
PLLOG-Average 63.03 64.21 54. 60 64.57 61.87 57.06 61.90 61.96 57.61
PLLOG-Max-DN 66. 43 67. 82 66. 11 65.76 66.72 64. 21 64.31 64.03 62.83
Movement

PLLOG-Naive 66. 24 67.18 66.75 65.92 66. 33 65. 00 64.29 65.71 65.25

CLPL 53.98 54.11 49. 83

54.91 49. 39 46.61 52.96 49. 20 43.63
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) 8 48 1 2 8 Cp o ) A B0 503 2 L 1% 003000 K5
TR E SRR 5 R 10 H7 238 IR Y -
WgE R, £ 2 th IR E R E PLLOG-Max-DN,
PLLOG-Naive, PLLOG-Average = 4~% &kt &% iF
g5 R, T L RO B J& PLLOG-Max-DN 83 1
CLPL Bk Z [ A8 b & 4 i 25 1. /T LLFE I 3t
PLLOG-Max-DN, PLLOG-Naive, PLLOG-Average
SAE A . PLLOG-Max-DN %5 3 16 4 i #1945
A BCHE PR 33 A B LR T B i 9 45
PLLOG-Naive B 78 10 G4 LIS T Fe 45
.0 PLLOG-Average B35 HAE 2 %04 4 L
137 S r a5 5 0 B T A U R A A R
s 4k . PLLOG-Max-DN 55 % 19 45 SR Je R 5 i
B85 R AH 22 AR D 30 3 B A RAE AL SR pR B A T
Hoh 2 A 24 E L SR 0B K 1T PLLOG-Max-DN Al
CLPL % 4 It . PLLOG-Max-DN & 78 45 5
A s £ ey 29 A EEUS T A ry 45 R . CLPL &
RAE 16 > EHUS T s as R B AE 6 4 B2
DA 4 A 35 B 1, ik PLLOG-Max-DN 83 %2
T CLPL k.

R3GHM T A AN AE 2 D BB E i
DUAE BE 352 9 1) J2 PLLOG-Max-DN 3% HAE — 4>
BAE AR R T R Ar R 45 R F 2 K& BirdSong
BRI — D2 hric = > R R &8, 7T fE
BirdSong 4 42 H i — & 43 FF A 14 i 2k AR 0 A< B
HR AR FEA Y B SR IC . DA R ) 1 33075 Y Pk e

Table 3 The Accuracy of Each Algorithm on the Real-world

Data Sets

®I3 ENEHEGEEXRBEELTAURBE X
buases e oy e O
Birdsong 57.0%£0.2 59.3£0.2 65.3+0.1 64.0£0.1
MSRCv2 36.6+£0.5 42.24+0.5 40.640.4 41.340.3

3.2 WEREARBRERE KA ERE

RIS AL L BOR Y UCT Zods £ B X
A SCHE ST B i B A2 % ) B PLLOG-Max-
SQN A 1 fiE 247 WAl L X 28 UCT Bdls 5 19 178 40 15
Bk 4 PR,

JIT A ) S5 6 4 SR ARl e B ML IE X 3/4 AOREAR
VRN SR BH » 114 BREASAE S s SR ) i A ok
15 WERARR 458 T PLLOG-Max-SQN
HWENS LKL, it LA E ST Letter %4
PR 2B B — A b 1 B 4 (P 240 p=0. 6.

Table 4 The UCI Data Sets for Validating the Performance
of the Fast Algorithm for Solving the Proposed Model
x4 WIFREBEBRBEENA UCIHEE

. Number of Number of Number of
Data Sets . .. N
Samples Characteristics Classes

Letter 20000 16 26
Shuttle 58000 9 7
Connect4 67557 42 3
Covtype 581012 54 7
Poker-hand 1025010 10 10

r=3) LWL Tk e 2 B A [ B X TR B
. B L gg il TR E T HALSBUE (S8 E R
HIME p=0.005.8=2.6="50.by =50, M=20,L =
20) 25> ZH0 A TR I 55 530 3 1 00 A 2 22 ] 1Y
KRE KT ZH O, by BRIAE Sy 10 B, T A B2 25
B o 32 AU B R A B R A AR A HUME Ry HA A
AR LR AN K s X T 2 80 Ly M BUE R K HTR /NAL
BRI L= 20 BFROR TP M B IBUE R 5 50 &
10 AR S b s XF T 280 g WA W W i FL A, p=2
B ROR AT TS EOE R — P S 31,
K AR 41 7E Letter £0H5 4 119 20 B 45 20, R AT
PLLOG-Max-SQN & 8 p.b. by M, L HA S5
%ﬁﬂ\ﬁﬁﬂyﬁ:,‘Z,b:SO,bﬂZSO,MZIO,LZZO,X\T
FIE WA T 2R L o B T 32 2 500 B8 % 0 KG JE5% i)
L35 FRATT2: 1) FH 28 LG IE 5 35 LAY

25 451 T PLLOG-Max-SQN & vk 4% B DL -
(92805 8 7 A6 454 UCT B0 4 b 0 7 2 151
G722 e N I Bl S T S e S R /S % 7
057 2 Bk HI 2 PLLOG-Max-SQN 5.3 5 3%
i1 B9 PLLOG-Max-DN 8.3: #E47 T 4, X 2
AT 25 R &2 PLLOG-Max-SQN (1 % 8 1
BOE 2nf3 (n W EFEARADED , PLLOG-Max-DN 1y
AR UE IR 100 WK, Br A3 &5 AR 2 8 CPU 50k
2.5 GHz. W17k 8 GB 2B LA L fiki 32 1715 3 1.

MR 5 W LLE e 2 A5k Y TR B R A AR
A2 AHZ A ] B PLLOG-Max-SQN & % it
JEPT PLLOG-Max-DN %3, 7 i — 2 B 2
NG I IO RE BE 22 TR) 5% SE A T W B 22 B FRATT R
F 50 5 B K1 ¢ K3 O R 2 AN FEIRAE A A
BAREE LS IRHEAT T b A5 R R WIBRTE 2 4
HI 5 s £ Shuttle(p=10.6,r=1), Connectd ( p =
0.6.,r=1) I PLLOG-Max-DN % % . PLLOG-Max-
SQN T3k (kS B w5 LA A 78 Al iy 16 A 42 il £k
P b3k 2 MR A RAE G B S e — AR,
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Fig. 1 The performance of PLLOG-Max-SQN algorithm on Letter data set when varying the value of

cach parameter.

1 BAZHIRCRFRER PLLOG-Max-SQN 575 7E Letter £0484E L AI1EfE

Table 5 The Performance of PLLOG-Max-DN and PLLOG-Max-SQN Algorithms on Large-scale UCI Data Sets
% 5 PLLOG-Max-DN 5 PLLOG-Max-SQN &% 7£ K # 4% UCI 1 #E 5 F it s tb &

Classification Accuracy/ % (Running Time/min)

Data Sets Algorithm r=1 r=3
»=0.3 »=0.6 »=0.3 »p=0.6
PLLOG-Max-SQN 75.12(0.22) 75.08(0.20) 75.20(0.22) 75.3000.21)
Letter
PLLOG-Max-DN 74.84(4.14) 75.35(4.20) 74.91(4.13) 75.59(4. 35)
PLLOG-Max-SQN 92.34(0.22) 92.06(0.22) 92.30(0.22) 92.18(0. 22)
Shuttle
PLLOG-Max-DN 92.54(1.17) 92.48(1.44) 92.51(1.12) 92.37(1.44)
PLLOG-Max-SQN 64.49(0.23) 64.03(0.23)
Connect4
PLLOG-Max-DN 64.99(0.78) 63.85(0. 86)
PLLOG-Max-SQN 59.81(1.77) 60.16(1.72) 59.99(1.72) 59.37(1.73)
Covtype
PLLOG-Max-DN 60.17(32. 64) 60. 14(34.48) 60.18(32.79) 59.65(37.29)
PLLOG-Max-SQN 50.11(4.84) 50.21(4.81) 50.08(4.78) 50.12(4.72)

Poker-hand
PLLOG-Max-DN 50.11(31.42) 50.21(32.05) 50. 08(31.58) 50.12(31.74)

FJHESE N BB AR SR IC Z A B G &R E R i T i

4 HRIE RAEB K R B — A A6 bR R, 5 B A ALY
FI b o R0 A — X TSR g B9 TR G T e B B

PR KB B R B T R 00 T2 I MER AR BT Xk A TR AR S o 5 A B 3R eRR o B T B R

4 20 1 S 5 R SR I AR PERE R G HE I R 2 — Bk B R i B 12 2 >0 B Y B I A R RO e il T —
(B % pRECRT LABC R EL0 G pRBCE S M A AR iC A o) TR A G 1M ek K. AT L BT 0 B A Bk AN BE
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