KRONECKER KERNEL RIDGE REGRESSION

In MTP wﬁ;m tures e often use kernel methods.
h sentanon in the primal:
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where Q)I ure mapping ures an »is feature mapping
for target (features) and @ is Kronecker product

@ This yields Kronecker product pairwise kernel in the dual:
Learning goals
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where k is kernel for feature mapioogkernel for featuremap ¢

and oy v) are dual parameters detenmined by aton:
min ||[Ca — z|[2 + Aa' Ta, where z = vec(Y)
(a3

@ Commonly used in zero-shot learning.

Stock et 3, A comparaive study of pairwise learning methods based on kernel ridge regression, Newral Computation 2018
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EXPLOITING RELATIONS IN REGULARIZATION

@ In MTP witl eatures, we ofte e| met
- Gra Tree glmllarlty
@ Consider the fgllo g pairwise model re ion in the primal
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or target (features) and \?’»‘rw,, 21 pI

@ This yields Krone Mrw >t pairwise kernel in the dual
° Graph based regulanzatlon for graph-type relatlons in targets
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where k is kernel for ap m..‘ (m) or fe

where \V(j)is:theset: ot targets relatedto: target j
@ The graph or tree is given as prior information.
® Can be eXtehdedto a weighted veréion dWware of the ‘similarities
Gop s VR i HoMiAkd e bt S ol e A2 W Sl v chical and graphical dapendencies. KDD 2013
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HIERARCHIC AL MULTHLABEL CLASSIFICATION
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@ Graph-based regularization for graph-type relatiéns'intargefs: *

@ Hierarchies can also be used to define specific loss functions,
such as the Hierarchy-loss: \ - \ ~ g 0
LH'GV(V f) = Z Cmt[arm(ym) mc{ym)l

where N (j) is the set of tanggteprelated to target

o This %78thar commoﬁ in mulfl Iaﬁéi classmcénon problems.

@ Can be exten to a weighted sion aware of the similarities
8iand Kwok, Bayes-opimal ncscr:almu:rl&:d claszécation ICEE Trarnaczcn: on Kncmlcdge and Daa Engnoenng, 2014
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PROBARBILISTIC CLASSIFIER'ICHAINS I[FICATION

@ Estimate the joint conditional distribution P(y | x). O O X
@ For optimizing the subset 0# loss:

» X O
Loj1(y. ) = Liy )
) X X

o Repeatedly apply the product rule of probability:

!
@ Hierarchies i?(yH‘X)‘:‘H.‘[’(‘yM‘hK;‘yﬂ.“.‘.LLy*mt‘_‘t‘)L! ions

such as the Hierarchy-logs:m

@ Learning relies on gonstructing probabilistic classifiers for
- ) 1 { {

P(ym'x‘y1 ~~~~~ ym71)‘

@ This is rathe ymmon in multi-label classification problem:
mdependentlyforeachm_1 ..... .
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PROBABILISTIC CLASSIFIER CHAINS

o Inference reliesion-exploiting aprobability tree: x

) r optimizin he subs @

P(yy =0|x) =0.4

G’[yzﬂﬁ | =0, x]ﬂG.LGIP[y;ﬂ | y=0. X)=1.0)P(y:=0 | y:=1,%)=0.4] Py.=1 \y.:1.x]ﬂ3.6)
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Ply=(0.0) | X)=0 Ply=(0.1) | x)=0.4 P{y=(1,0) |x)=0.24 Py=(1.1)|x)=0.36

P(y.,X, ) )
@ For subset 0/1 loss one needs to find h(x) = arg max, P(y | x).

@ Greedy-and approximate searchtechniques with guarantees exist.

@ Other losses: compute the prediction on a sample from P (y | x).

Dembczynski ot A, An andyss of chainng in mubi-hba chssficaion, ECAI2012

|
_ [

Advanced Machine Leaming - 8/7

O0X

X X



EOW-RANK-APPROXIMATION CHAINE

@ I | relies or ploitir probability ti

ngh rank matrlx Low rank matrix

° Typtcally perform low-rank approx of param matrix:
¢ | Py | x
o Greedv and ano mén ||Y CD@HF < Amnk(@)

° ‘ ‘ ‘ nona mP(y | x
Chenetal, Acormvex '\:rm.l:nm'orle.rnnq shared structres from multple tasks. )O\! 2008
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® Low rank = some structure.is shared across fargefs
j
|
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LOW-RANK APPROXIMATION

©: parameter matrix of dimensionality p x / O O X

o p: the RmbRF Bt (FEEEE) reaturds® W raNk matrix
o 1 the mbes o laigels
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@ We can write © = UV and ©x = UVx

® Low rank =,some structure is shared across targets
° |saﬁ)xlmatnx , .

@ lypically perform Io rank approx of param matrix:
@ Uisan/ x I matrix

e Jistherankof @ min||Y — ®O[F + Arank(O)
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