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Multi-label Classification (MLC)

* Goal: learn a function f that maps instances to a subset of labels
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* It is important to take into account label dependencies.
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Maximization of the joint probability

 Traditional approaches for minimizing subset 0/1 loss:
(Dembczyniski et al., ICML 2010; Read et al., MLJ 2011)

e (Probabilistic) classifier chain
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* Error-propagation at test time

e Effect of label orders in the chain



Maximization of the joint probability

 Traditional approaches for minimizing subset 0/1 loss:
* (Probabilistic) classifier chain (Dembczynski et al., ICML 2010; Read et al., MLJ 2011)
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* Error-propagation at test time
» Effect of label orders in the chain
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Recurrent Neural Networks for MLC

e Learning from a set of relevant labels in a sequential manner (nam etal., NIPS 2017)
e Number of relevant labels is much smaller than the total number of labels
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Recurrent Neural Networks for MLC

e Learning from a set of relevant labels in a sequential manner (nam etal., NIPS 2017)
e Number of relevant labels is much smaller than the total number of labels

Sea Building Sky Mountain END
0, 0, 0, 0,4 05
h, lo} h, > h, Iy h;

Mountain

Sea Building

* Question: The effect of label permutation remain!
How to determine the target label permutation?




Target label permutations for RNN training

e Static label permutation for all instances
* Arbitrary label sequence randomly chosen at the beginning
* Label frequency distribution: freq2rare, rarelfreq
* Label structures (e.g., pairwise label dependencies)

= Suboptimal choice; learn from only one permutation
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* Different label permutations for individual instances
* Choosing randomly every time
* Learning from all possible label permutations

=» More robust to the effect of label permutation; Computational complexity

We need MLC algorithms that learn context-dependent label permutations
efficiently!



Model based label permutation

False positive  True positive (1) (2) False negative
prediction predlctlon computing errors & prediction
\ label sequence sampling puting /

hRS ! updating parameters -7

Véeeeee, ?‘H’???

VE
[

t t t 1 t t t t

== '.1. 5 &
LA =
HO HO

HO NO RO

ol

B EEERE
S5 5 EHE
1o Ne He e Ho /e

permutation:

{ true target label set: O Q0BG @ @J { sampled target label @3 J




Policy gradient
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Experiments

* We combined two approaches! Context-dependent label permutation
learning clearly outperforms static label permutation approaches
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