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Partial Multi-Label Learning]

OPartial multi-label learning (PML) deals with problems where each
instance is assigned with a candidate label set, which contains

multiple relevant labels and some noisy labels.

v More specifically, the candidate label set of each training
instance indicates the following supervised information:

a) the candidate set may consist of both relevant and
irrelevant labels;

b) the number of relevant labels in the candidate set is at least

one; but unknown

c) label not in the candidate set are irrelevant to the
Instance.
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The PML-NI Framework |

Based on the observations mentioned above, we propose a new
approach for Partial Multi-label Learning with Noisy label
Identification (PML-NI), which recovers the ground-truth

labeling information and identifies the noisy labels simultaneously.

Firstly, we model the noisy labels as the outputs of a linear
mapping from the feature representations as follows:
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However, the ground-truth label j; here is unknown and the
equation above is thus intractable. To solve the problem, we
propose a joint learning framework that can identify the noisy
labels while training the multi-label classifier simultaneously
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Furthermore, to encourage the classifier and identifier to perform their
individual abilities, i.e., the ground-truth label prediction and noisy label
identification, we try to capture their intrinsic property and potential
structure information by employing different reqularizers for each of U
and V .
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Utilize the sparsity assumption to
capture a few of ambiguous feature
representations which lead to the

noisy labels ‘
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Utilize the low-rank assumption
to capture label correlation
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The final objective function can be re-written as follows
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Experiment]

Table 2: Experimental results of each cons£E%p approach in terms of ranking loss, where /o indicates whether PML-NI is Table 3: Experimental results of each comparing approach in terms of average precision, where /o indicates whether PML-NI

superior/inferior to the other method. is superior/inferior to the other method.

Datasets Data a% | PML-NI PAR-VAL  PAR-MAP  PML-LRS ML-kNN CPLST Data a% | PML-NI PAR-VAL  PAR-MAP  PML-LRS ML-iNN CPLST
music_emotion 251+ .000 | 265 £ .008e 253 & .008e .256 & .002e .257 £ .00Ge .364 £ .000e music_emotion 598+ .010 | .607 £.0100 611+ .011o 580 + .006e 505+ .007e 506 % .000e
Table 1: Characteristics of the experimental data sets music_style 141 £.003 | 157 £.002e 164 &£ .00de .143 £ .006e .157 £.005e 232 £ .00Ge music_style 7314+.003 | 713+.004e 710+ .007e 714+ 008e 717+ .011e .658 +.000e
_ Dataset | #Instances | #Features | # Class Labels | Cardinality | Domain 50% | .190 £ 014 | 438 £ 058 285 £ .021e 302 £ 01Se 324+ .040s 252+ .012e 50% | 507 £.010 | 413 £ .034e .305 £ .02de 371 £ .030e 370 £.037e 451 L .0l0e
music syle | 6839 08 10 144 | music birds 100% | .207 4 .019 | 400 & .046e 208+ .017e .323+.028¢ .322+.010e .283 + .031e birds 100% | 466 4+ .013 | 416 4+ .042¢ 386 4+ .024e 352 + .033e 366+ .037e 410 4 .033e
birds 654 260 9 2402 music 150% | .236 4+ .028 | 466 & .066e 307 & .026e .330 +.014e .331+.030e .293 + .013e 150% | 4194 .026 | .392 4+ .033e 360 4+ .023e 344+ 031e 3524 .017e .387 4 .040e
genpase oo an " e | Dloloey 50% | .003 £.001 | .025 £.013e 012 £.00Ge .017 +.004e .008 £.004e .050 £ .010e 50% | 980 £.005 | .805 £.022¢ OGS £.020e .8G0 £ .022¢ .048E .0lle 738+ .023
enron 1702 1001 53 3,378 text genbase 100% | .004 £ .002 | .059 £.030e .010 £ .004e .017 £.003e .011+.004e .063 £ .01Se genbase 100% | .9714.010 | 819+ .039% 965+ .019e 851 +.025e 9204 .055e .723 4+ .030e
image 2000 204 5 [23 | image 150% | .010 4.003 | .017 & .008e .011 =+ .004e .031 +.0083e .027 +.007e .075+ .01Ge 150% | 922 +.022 | .897 & .042e 960 +.0100 .785 + .049e .773 +.069e 612+ .020e
Diblex Res) 0 D A S 50% | .0234.005 | 157 +.034e 071+ .015e .048+.013e .047+.008e .080+ .00Se 50% | 819+ .010 | .703 +.02Te .737 +.029e .738 +.034e 737+ .0lde 592+ .027e
tme2007 21519 500 2 2158 text medical 100% | .0234.007 | 155+ .035e 074+ .017e .049 + 008 .047 +.008 097 +.010e medical 100% | .809 +.017 | .680 & .020e 714+ .031le .724+ .020e .734+ .014e 568+ .027e
150% | .025 4 .005 | .147 £+ .029e 073 £.013e .053 £.005e .049 +.005e .102 =+ .015e 150% | 758 +.016 | 673 +.013e 675+ .018e .665+ .014e 6644 .032e 498+ .031e
50% | 175+ .013 | 318 £.070e 188 +.047e .163 £ .021c .180 £ .007e .301 £ .010e 50% | 563 £.013 | 207 = .132e 432+ .068e 528 + .022e¢ 450+ .017e .350 &+ .004e
enron 100% | 176 4+ .012 | .376 &+ .088e 216+ .048e 168 +.0120 .190+.011e 294+ .011e enron 100% | 4944 .017 | 271+ .129e¢ 398 4 .081e 474+ .019e 4124 .016e .346+ .013e
C . 150% | 178 4+.013 | .366 +.077e 200+ .047e .171+.021c .196+.011e 297+ .017e 150% | AT4+.014 | 264+ .120e .307 +.058e 453 +.021e .305+.017e 326+ .022e
omparison Results 50% | 175+ .005 | 195+ .045e 267 £ .102¢ .187 £ .010e .186+.01Ge .189 =+ .010e 50% | 780+ .007 | 770+ .055e 734+ .076e 765+ .013e .767 +.015e .766 + .010e
image 100% | 178 4+.009 | 198+ .042e 267 +.090e .182+ .014e .190+.012e .189 +.010e image 100% | 7824 .006 | .767 +.051e 7354 .077e 772+ .016e 7634 .016e .769 4 .007e
When compare PML-NI approach 150% | 183 4.006 | .205 +.059e 265+ .130e .185+.015e .212+.013e .196 +.013e 150% | .772 4 .007 | .760 = .068¢ 700 & .150e .770 +.016e .7324.009e .757 % .015e
. , 50% | 038 £.003 | .080 £.002e 057 £ .001e .042+ .002e .115+.008e 115+ .010e 50% | .890 £.008 | .810 &= .000e .831 £ .006e .888 £ .007e .748+.000e .733 £ .017e
with other method s, our al gor'rl'hm bibtex 100% | .0324.002 | .095+.006e .062=+.004e .035=+.004e .136+.010e .138=+.002e bibtex 100% | .889 +.007 | .763 +.010e 816 +.011le .874+ .013e .708+.028e .621 % .00Se
. . .. 150% | .0334.003 | 098 +.007e 064+ .004de .035+.003e .143+.011e .151 +.00Ge 150% | .888 4.006 | .761 4+ .010e 8164 .009e .873 +.006e .697 4 .019e .508 + .015e
shows s |gn|flcan’r super'lorl’ry. Lt 50% | 211 +.002 | 288 +.002e 236 +.003e 214+ .003e 264+ .007e .22 + .00de 50% | 511 +.006 | 473 £.003e 484+ .003e 511 +.00d0 .456 £ .010e 500 £ .003e
: : corel16k 100% | 2244 .004 | 334+ .008e 262+ .005e .226+ .00de .273+.002e 239+ .005e corel 16k 100% | 483 +.007 | .453 & .006e .454 + .007e .481 +.007e .436 +.004e 476+ .005e
achieves the best perfor'mance In 150% | .224 4 .006 | .326 +.007Te 258 4+ .003e .228 +.001le .275+ .007e .237 + .005e 150% | 487 4+ .006 | 458 4+ .004e 455+ .009e 479 + .005e 433+ .009e .4754 .007e
50% | .046 & .001 | .087 £ .014e .057 &= .008¢ .046 & .001le .075+ .004e .080 £ .002e 50% | 804+ .002 | 731+ .033e .783+.022e .803 +.006e .746 £ .008e .747 +.002e
most cases. tmc2007 100% | .047 4+.001 | 082+ .014e 057 +.009e .047 £ .002e .079 +.002e 081 +.001e tmc2007 100% | .803 +£.003 | .737 +.035e 785 +.021e .802 +.005e .720+.004e .738+.005e
150% | .050 £ .002 | .107 £.023e .060 £ .010e .050 £ .002e .082+.001le .086 =+ .001e 150% | .793 +.003 | .676 & .033e 760 & .036e .792 + .005e 7104 .005e .721 £ .002e




