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The goal

The goal

m To study dependence and independence on their own

= To show that both help to improve the multi-label
classification

m To propose aggregating vs. stacking
m To compare actual labels vs. predicted ones
m To compare binary vs. probabilistic outputs
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Multi-label classification

Multi-label vs. mono-label classification

Binary classification Multi-class classification
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Multi-label classification

Formal statement

Point of departure
L={t,t,...,¢,) asetof labels
X an input space
Y = P(L) ~ {0,1}" (the power set of L)
U
S = {(xl’yl)’ LRI ’(xnayn)} € X X y

=~

P(X,Y)

The target

Induce b : X — Y from S

h(x) = (hi(x), ha(x), . . . hy(x))
h;: X — {0, 1} predicts if £; is attached to x
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Multi-label classification

Evaluating multi-label classification

Example-based measures I

m classification rather than ranking
m capture correlations among labels at example level
m used in stacking approaches

Biased measures

Other measures

= Jaccard index = Hamming loss
= Precision, Recall, Fy = 0/1 loss
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Previous approaches

Binary relevance

= Each label is learned independently of the rest
m Linear complexity respect to the number of labels
m Does not consider label dependence

h(x) = (hi(x), ha(x), . . . hy(x))
h;: X — {0,1}
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Previous approaches

Stacking approaches

Two groups of classifiers are learned

m The independent ones

hl(x) = (hi(x), ol (%)
h} : X —{0,1}

» The dependent ones

h*(x, h'(x)) = (h2(x, h'(x)), ..., h%(x, h'(x)))
h? X x{0,1}" — {0,1}

U
h(x) = h*(x, h'(x))
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Previous approaches

Classifier chains

m One classifier per label
m Same complexity as binary relevance

m A chain of classifiers is built according to certain order of the
labels

h(x) = (hi(x), ha(x, h1(x)), hs(x, hi(x), ha(x, hi(x))), . . .)
hj: X x{0,1})1 — {0,1}

Probabilistic version

Ensemble version

= Several orders of labels m The probability product
are ensembled rule is used

= Diminishes the effect of = The complexity increases
the label order considerably in testing
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Previous approaches

Other approaches

Instance-based learner

m Posterior (over neighbors) and prior probability based on frequency
counting

= Bayes rule gives the labels’ probability

Instance-Based Learning by Logistic Regression (IBLR)

Unifies instance-based learning and logistic regression

RAndom k-labELsets (RAKEL)
Ensemble of Label Power set (LP) classifiers
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Previous approaches

Other approaches

Instance-based learner '

Instance-Based Learning by Logistic Regression (IBLR)

Unifies instance-based learning and logistic regression

m Labels of the neighbors as additional features

= Classification by logistic regression
RAndom k-labELsets (RAKEL)
Ensemble of Label Power set (LP) classifiers
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Previous approaches

Other approaches

Instance-based learner l

Instance-Based Learning by Logistic Regression (IBLR)

Unifies instance-based learning and logistic regression

RAndom k-labELsets (RAKEL)

Ensemble of Label Power set (LP) classifiers

= It randomly selects a k-labelset Y; from £ without replacement
= It learns a LP classifier of the form X — P(Y;)

= A voting process determines the final classification
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Our proposal

Aggregating Independent and Dependent classifiers (AID)

Our hypothesis
Both approaches are not exclusive, but complementary

m The independent ones

' (x) = (h(x), ..., Iy, (x))
h; : X —{0,1}

= The dependent ones

hz(x’y) = (hf(x’yZ’ A 5ym)7 ... ’h?n(x7yla .. ,}’m—l))
3 X x {0, — {0, 1)

U

h(x) = &( (hj(x), ..., I, (x)),
(h3(x, hy(X), ..., hp, (X)), ..., h2(x, hj(x), ..., B} (%)) )
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Our proposal

Comparing AID with other methods (1)

With regard to ...

... binary relevance
m It also considers correlations among labels

.. stacking approaches

= The outputs of independent classifiers are additionally
employed to decide the predicted labels

m Actual labels rather than predicted labels (more reliable
information)
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Our proposal

Comparing AID with other methods (ll)

With regard to ...

.. chain classifiers

m Free of in-chain dependence

m Richer estimations since all correlations are considered

m Although it only offers greedy approximations of the entire
join distribution

.. MLKNN, IBLR & RAKEL

m Interpretability of different kinds of labels predicted

o Those coming just from the description of the examples
» Those coming from other labels

E. Montafiés et al. — Aggregating Independent and Dependent Models... University of Oviedo



QOur proposal

About the complexity

" BR_ STA GG | PCC | EGC |EPCC AD |
S o moomoomom Nmo Amooam

Testing

Linear Linear Linear Exp. Linear Exp. Linear

complexity
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Experiments

Settings

The learning process

= For binary relevance, CC, stacking & AID
o logistic regression as binary base learner
o A grid search for C over {107 | p € [-3, ..., 3]} optimizing the
accuracy through a balanced 2-fold cross validation repeated 5
times

m Default parameters for MLKNN, IBLR & RAKEL

The evaluation

Using a 10-fold cross validation, we estimate

m Jaccard index
m Precision, Recall, & F;

= Hamming loss & 0/1 loss
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Experiments

AID vs. Stacking

Average ranks over all data sets

| BR_AD | STAY AIDY | STA __AIDP | STA® |

CEET 445 245 359 491 482 309 468
DLl 618 145 300 355 427 355  6.00
. 7l |58 136 295 445 491 318 532
NETSC1((ll 564 145 295 464 491 3.18 5.23
GElul] 227 491 500 459 441 277 405
EIEEST 491 264 273 505 477 327 464

STA or AID?

Actual label data or predictions of independent models?
In the testing phase, binary or probabilistic features?

To aggregate or to stack?
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Experiments

AID vs. other methods

Average ranks over all data sets

|| BR MLKNN| IBLR [RAKEL| ECC | AID | AID" |

405 555 455 345 414 3.05 3.23
PGEClN | 514 645 455 273 486 141 286
[ 7 495 636 455 282 48 159 286
P00 477 627 400 291 486 205 3.14
[ELule] 3.05 436 418 436 300 518 3386
RSN 450 514 373 355 423 291 395

= AlD is the best for all measures except for Hamming loss
m In Hamming loss, ECC is the best and AID is the worst
m AID” is quite steady for all measures
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Conclusions

Conclusions

Interpretability of two kinds of labels

Actual labels better than predicted ones

Aggregating better than stacking

AID exhibits competitive results, but not for Hamming loss

AID has linear complexity in both training and testing stages
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