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Introduction
Single Positive Multi-label Learning

Variational Bayes Techniques

Multi-label Learning
Lerso = Eq,(D.z|Lx,a)l0g p(X|D,Z) + log p(L|D) + log p(A|D)]

annotation (costly) — KL[¢w, (D|L, X, A)||p(D)] — KL[qw, (Z|D, X)||p(Z)].
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Optimization problem

I_Comparing with fully labeled case,_I

the SPMLL approaches on single-
positive labeled examples only incur
a tolerable drop in the performance
but drastically reduce the amount
of supervision required to train
multi-label classifiers.
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Experiments

Datasets

» Twelve widely used MLL datasets and five datasets, where we generate the single positive
training data by randomly selecting one positive label to keep for each training example.
» We run the comparing methods with 80%/10%/10% train/validation/test split.
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Our work:

» Theoretically, we for the first time derive an unbiased risk estimator for SPMLL.
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1 Datasets SMILE AN AN-LS WAN ROLE GLOCAL MLML D2ML
: — CALS00  0.4014+0.011 038240044  0253+£0.031  0393+0.011  028840.008 022740002 023340000  0.22340.001
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Table 1: Predictive performance of each comparing approach (mean+std) in terms of Average
precision 7. The best performance (the larger the better) is shown in bold face.
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SMILE against AN AN-LS WaN ROLE GLOCAL MLML D2ML
: Average precision win[(0.0005] win[(0.0005] win[0.0092] win|[0.0005] win[(0.0005] win[(0.0005] win[0.0005]
soft Iabel’ recovered via the abel One-error win[(0.0122] win|[0.0005] win[(0.0015] win[().0005] win[(0.0005] win|[(0.0342] win[(0.0005]
enhancement process ¢ Ranking loss win[(0.0269] win|[0.0005] tie[0.1533] win[(.0005] win[(0.0005] win[0.0024] win[(0.0005]
Hamming loss win[0.0277] win[0.0178] win[(0.0005] win[(0.0277] win[0.0277] win[0.0277] win[0.0077]
] 1 J Coverage win|[(.0425] win|[0.0005] tie[0.1819] win|[(.0005] win|(0).0005] win|[0.0024] win|[(.0015]
og (1 — fj(x))

p(y? = 1|x) ——
Estimation Error Bound

v ISMILE achieves superior performance against all the comparlngI
Wilcoxon signed-ranks rapproaches on all evaluation metrics (except on Ranking loss andn
testat 0.05 significance; Coverage where SMILE achieves comparable performance against
level WAN), which provides a strong evidence for the effectiveness of,

‘risk-consistent estimator for SPMLL. |

Theorem 1 Assume the loss function ¢ (f(x),y) and { (f(x),y) are p*-Lipschitz and p~ -Lipschitz
with respect to f(x) (0 < p™ < occand 0 < p~ < o0) forall y € Y and the loss function L, are
bounded by M, i.e., M = sup,cy rer ey Lsp (f(x),y), with probability at least 1 — 9,
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Label Enhancement

Conclusion

Conclusion

Aims to infer

We study single-positive multi-label learning and propose a novel approach SMILE.
We derive an unbiased risk estimator, which suggests that one positive label of
each instance is sufficient to train predictive models for multi-label learning.
We design a benchmark solution via estimating the soft label corresponding to
each example in a label enhancement process. The effectiveness of the proposed
method is validated on twelve corrupted MLL datasets.
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____________________________________ More information

. (ZID, X) = T Gau(zi|i, o |
T (4 H b IThe parameters A= iy, iy, ..., fhn, 01, Oz, . - ., O | are

I
Ioutputs of the inference model parameterized by w,, :
l
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https://github.com/palm-ml/smile
http://palm.seu.edu.cn/

|WhICh IS defined as a MLP.




