Hybrid Noise Oriented Multi-Label learning
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1. Background — Multi-label Learning

O Multi-label Learning (ML):
* Definition: an instance can be assigned with multiple labels simultaneously

* Applications: text categorization, functional genomics and scene classification

health finance

sports AT A IARE S i F auto

travel

education culture

jobs

text categorization functional genomics scene classification




1. Background — Multi-label Learning

O Multi-label Learning (ML):
* Definition: an instance can be assigned with multiple labels simultaneously

* Applications: text categorization, functional genomics and scene classification

health finance

sports AT A IARE S i F auto

travel

education culture

jobs

text categorization functional genomics scene classification




1. Background — Multi-label Learning

O Traditional Multi-label Algorithm:

et el Binary Relevance
classification Classifier Chains

Problem Transform to label Calibrate Label
transformation ranking Ranking

Transform to multi- Random k-
class classification Labelsets

Multi-label
learning algorithms

Lazy learning ML-kNN
isi ML-DT
Algorithm Decision tree
adaptation
Kernel learning Rank-SVM
Information-theoretic CML




1. Background — Multi-label Learning

O Multi-label learning with label noise:

Multi-Label With Label Noise

Missing Lable Wrong Label baby, boy, child, eye, face, anime, ball, boy, cartoon,
girl, hair, house, kid, mouth,  drawing, girl, group, hair, kid,
nose, pink, smile man, people, play, red, sport
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1. Related Word— Multi-label Learning

O Multi-label learning with feature noise:

B Multi-Label Dimensionality Reduction via Dependence Maximization(MDDM) :

dependence

F #p(x)=PTx "lyeY

Feature description max Class labels

Method: ‘

HSIC(F, YV, Pyy) = (N — 1) %ur (HKHL),

Model:

maxtr (HX'PPTXHL) st PI'P;=4;.
P

X: Dx N feature matrix,
Y: QxN label matrix ,
P: Dxd d< D, ¢;=1when i=j, 0 otherwise.




3. Our Model — HNOML

O Multi-label learning with hybrid noise:

O Hybrid Noise Oriented Multi-Label Learning:
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1. Background — Multi-label Learning

O Multi-label evaluation metrics: O Hamming Loss:
Subset Accuracy. Hamming Loss, 1 P
Accuracy gy, Precision gy, Recall ., JFE hfﬂ?‘:(h} — = Z |h[$1}‘&}{1|
p i=1
O Ranking Loss:
jne efm;r Coverage, Ranking Loss. 1 p
verage Precision
2

W) | f=a ) < flaay”), (v,9") €Y x Yi)}

rloss( f

_ mscro- Bmicro (THACTO/MiCYO-averaging)

Classification

(Be {Accuracy, Precision, Recall, F? H D O
ne-error.

Label-based ErJ'I.E‘—ET"T'm" Z[ arg maxye-y f{‘Tt ) ] ﬁé Y ]]

Multi-label
evaluation metrics

O Coverage:

O Average Precision: coverage(f) = Z max,y, rank(x;, y) — 1

i=1

ranks(x y') < ranks(x;. e Y;
avgprec(f) = Z B |Z {y' | f(x flxiy), y H
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4. Experiment

O Multi-label learning with hybrid noise:
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