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I Background PEIFNEE

Multi-label Learning

tree

light
mountain

road

Input space ¥ — R? Candidate label set S C YV = {ly,lo,...,l;}
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Straightforward strategy : Simply treat all the candidate labels as valid ones !

Will be misled by the noisy labels ...

Disambi gu ation strate gy : Recover the ground-truth labeling information
from candidate labels.

Heuristics or Rules

AN
- )

(® Smoothness assumption (@ Low-rank constraint (® Sparsity regularization

Will be hardly held in some challenging scenarios ...
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We need a principled manner for disambiguation!

[ PML-GAN with an instance reconstruction process.
maximizing the mutual information
A few attempts MILI-PML between features and 1dentified ground-truth labels

K PML-MD with the guidance from an accurately annotated validation set

This paper: Regard disambiguation as a task of latent variable inference.
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PARD (Partial multi-label learning with probAbilistic-gRaphical Disambiguation)

latent variable

infer generate
® O (®

Instance true label candidate label set

@ sample x from the marginal distribution Pe(X)
@ sample y from the ground-truth class posterior distribution P¢(¥[%)

(3 obtain its candidate labels s by pa(s|x,y)

Joint probability: Ps (%,y,8) = po(x)pa(y|x)pe(s|X,y).
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Joint probability: po(X,y,8) = po(x)pe(y|x)pe(s|x,y).
Due to computational intractability ...

To make the optimization tractable, the variational lower bound of the log-likelihood is derived as follows:

po(s|x, Y)pe(y\X)]
do (y|X7 S)

logpg(slx) > ‘C’(Xa S, 97 qb) — E% (y|x,s) [1Og

where ¢4 (Y |x, 8) is the introduced variational posterior to approximate the true posterior Pg (y|x,s).

What is the variational inference ?
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I Preliminaries ParN [:
Variational Inference (VI)

Transform the posterior inference problem into an optimization problem !

p(z | z) q'(2)
L
Optimization: g (z) = ar(g)ménﬁ(q(z)”p(z | 2)) szb{)

Variational Bayes (VB): = arg minKL(q(2)||p(z | ®))
q(2)€Q



BIURAI ST SRFAE
PAttern Recognition and NEuwral Computing
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Variational Inference (VI)

KL(¢(2)lp(z | @) = - [ a(2 1og[p(z | “’)]dz

2 q(2)

— /q(z) log q(z)dz — /q(z) logp(z | x)d=

z z

= Eyllog q(z)] — E,[log p(2z | @)]

= E,[logg(2)] — 0 P 2]

s e8]

= E,[log q(z)] — Eq[log p(z, 2)] + Ey[log p(z)]

= E,[log q(z)] — E,[logp(x, z)] + log p(x)
\— /

~
- ELBO (Evidence Lower Bound )
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I Preliminaries PEIFN [:

Variational Inference (VI)

Evidence: log p(x) = ELBO + KL(q(2)||p(z | ))
> ELBO

Optimization: q*(z) = argmin KL(q(2)||p(z | =))
q(2)€@Q
= argmax ELBO(q)
q(2)€Q

Look back to the optimization objective of this paper:

pa(s|x,y)po(y|x)
1 o s =
ng9(5|x) -l ‘C’(X7 S 97 gb) Eq¢ (y|x,s) [10 9 (Y|X, S) ]
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I Method PHI‘NP_E

The variational lower bound of the log-likelihood 1s derived as follows:

log py(s|x) = ]Og/pg(s,ﬂX)dy
i / po(s1%,¥)ps (y|x)dy

po(s|x, y)pe(y|x)
log/q y|X,s dy
olYbe8) = ok 5)

po(s|x,y)pe (¥ |x)
e (y|Xa 5)

> Eq, (y1x,s)[log
= L(x,8;0,0).
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I Method PEII‘N [:

L(x,s;0, ) is the derived variational lower bound as a surrogate loss function of the log-likelihood,
which can be rewritten as

@ @
L(x,5;0,0) = Eq,(ylx.s)[l0g po(s[x, y)| — KL{qs(y %, s)||[po(y|x)]

@D po(s|x,y) (a.k.a. generative model)
(2) variational posterior g, (y|x,s) (a.k.a. inference model)

ground-truth class posterior distribution pg(y|x)

unfolding the KL-divergence term

E'(Xa S; 9? Qﬁ) :Eq(b(y\x,s) [lng(:)(S|X: Y)] o H[Qrb (y|xa S)]
+ Eq¢ (y|x,s) [10g Po (Y|X)L~
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L(x,5;0,0) =|Eq, (yix.s) [l0g po(sx, y)|[ = KL|q(y|x,s)l|po(y]x)]

Continuous Relaxing with Gumbel-Softmax Trick.

4

¢

Deterministic node

Stochastic node
~N(0,1)

Original form Reparametrized form
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4

— KL[q4(y|x,8)||pe(y|x)]

E(X:‘ S, 93 qb) — Eq¢(y|x,s) {logpg (S|X: Y)

Continuous Relaxing with Gumbel-Softmax Trick.

The Bernoulli variable y is relaxed by the binary Concrete variable c :

1
~ e exp[—(loga +1)/7]

c ~ BinConcrete(p, )

where a = £ and p is the parameter of the multivariate Bernoulli distribution g (¥|x,s).11s a sampling
from Logistic distribution and t > 0 1s a temperature parameter.

With the above sampling trick :
Eqy(yix,s)[logpa(s[x, y)] Zlogpg s|x, c(¥))

where ¢ ~ BinConcrete(p,T).



BIGRASHET SR 7E

= =2
Method dr o .
E PAttern Recognition and NEuwral Computing

L(x,8;0,0) = Eq,(y|x.s)[log po(s|x,y)] —|KL[gs(y]x, 8)||pe (y]x)]

Closed-Form Solution of the KL-Divergence Term.

To make it tractable, we exploit mean-field approximation technique and derive a closed-form solution of
the KL-divergence term as follows

yk
1_
KL[q4(y|x,8)||ps (y]x)] Zp logmﬂl— py*) log —,

where p¢ = ¢o(yr = 1]x,s) and pp* = po(yr = 1]x).
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KL[gs(y|x,8)||pe(y[x)]
— IEq(i,(yb{,s) [log QQ5(Y|X7 S) — log py (y|X)]

i t
= By (vl D 108 6 (uklx;8) = 3 1og po(yx[x)
k=1 k=1

t
QQb(yk' |X? S)
= Eq,ixsllog |

o po(Yk|x)
: 46 (Yr|x, s)
P\Jk [
— K X,S log
; 94 (Yx | :)[ pg(yk;|X) ]

=Y KL[q4(yklx,s)|Ipo(yr|x)]  (wherep? = g4(yx = 1/x,5) and p§* = po(ys = 1]x).)
k=1
'yk 1 — Yk
p
= Zp 10gm 3 {1~ Y log — -
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I Experiment

Average precision T

Data sets

FPML

PARVLS

PML-NI

PML-MD

UPML-HL

UPML-RL

PARD

YeastBP
YeastCC
YeastMF
Music_emotion
Music_style

0.202+0.013e
0.375+0.019e
0.279+0.020e
0.571+£0.013e
0.702+0.014e

0.05940.003e
0.1454-0.009«
0.11440.007e
0.6031+0.011e
0.720+0.012e

0.430=0.0180
0.6104+0.022e
0.47120.022e
0.60010.012e
0.7334£0.012e

0.310+0.016e
0.527+0.027e
0.422+40.027e
0.646-+0.011

0.716£0.012e

0.39240.020e
0.596+0.022e
0.4514+0.016e
0.656+0.0120
0.73440.010e

0.170+0.009e
0.459+0.021e
0.329+0.023e
0.639+0.012e
0.703+0.012e

0.417+0.015
0.622+0.020
0.491+0.028
0.650+0.007
0.742+0.009

corel5k

100
150
200
250

0.485+0.014e
0.4784+0.013e
0.474+0.013e
0.4704+0.012e

0.391+£0.017e
0.408+0.011e
0.395+0.021e
0.3914+0.022e

0.473+0.016e
0.453+0.013e
0.438+0.012e
0.426+0.011e

0.4914-0.019e
0.4794+0.015e
0.4724+0.011e
0.4704+0.019e

0.51640.015e
0.51440.015e
0.50340.009«
0.502+0.013«

0.514+0.015e
0.512+0.015e
0.51140.013
0.507+0.014

0.533+0.013
0.523+0.013
0.516+0.011
0.513+0.012

revl-sl

100
150
200
250

0.682+0.010e
0.678+0.011e
0.673-£0.010e
0.666+0.011e

0.5204+0.021e
0.5134+0.022e
0.49540.021e
0.488+0.016e

0.6931+0.014e
0.664+0.013e
0.649+0.010e
0.630+0.011e

0.678+0.010e
0.656+0.011e
0.648+0.010e
0.640+£0.011e

0.71240.013«
0.7054+0.013«
0.70440.012e
0.6931+0.015e

0.689+0.007e
0.690+0.008e
0.685+0.005e
0.672+0.009e

0.720+0.008
0.7160.010
0.710+0.010
0.706£0.009

Corell6k-s1

100
150
200
250

0.535+0.010e
0.529+0.008e
0.523+0.010e
0.514+0.011e

0.43040.010e
0.42310.012e
0.40440.012e
0.38940.011e

0.518+0.011e
0.499+0.011e
0.487+0.013e
0.476+0.013e

0.52240.011e
0.512+0.011e
0.507+0.012e
0.5014+0.011e

0.5394+0.012«
0.532+0.011e
0.5044+0.011e
0.5071+0.014e

0.5254+0.007e
0.52240.009e
0.51940.009«
0.5161+0.008e

0.551+0.012
0.545+0.012
0.536+0.014
0.5314-0.014

iaprtc12

100
150
200
250

0.603+0.006e
0.60040.006e
0.597+0.008e
0.588-£0.009«

0.59140.008e
0.585+0.008e
0.57440.008e
0.56140.008e

0.599+0.009e
0.580+0.010e
0.563+0.008e
0.54340.009e

0.600+£0.008e
0.583+0.010e
0.569+0.009e
0.560+0.009e

0.60140.009e
0.59740.007e
0.60010.008e
0.582+40.008e

0.563+0.008e
0.559+0.007e
0.55440.008e
0.547+0.006e

0.621+0.011
0.615+0.009
0.610-+0.008
0.601+0.009

espgame

100
150
200
250

0.498+0.007e
0.496-+0.007e
0.495+0.007e
0.489-+£0.009«

0.47240.007e
0.45640.007e
0.4454+0.007e
0.42740.009e

0.478+0.008e
0.459+0.007e
0.446+0.005e
0.431+0.007e

0.491+0.009e
0.481+0.007e
0.473+0.007e
0.467+0.007e

0.50140.008e
0.509-+0.008

0.475+0.012e
0.49040.008e

0.466+0.009e
0.471+0.006e
0.466+0.006e
0.460+0.006e

0.515+0.008
0.511+0.009
0.508+0.008
0.501+0.009
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I Experiment

Data sets

Ranking loss |

FpML

PARVLS

PML-NI

PML-MD

UPML-HL

UPML-RL

PARD

YeastBP
YeastCC
YeastMF
Music_emotion
Music_style

0.338+0.007e
0.305+0.016e
0.373£0.019e
0.274+0.012e
0.160£0.010e

0.482+0.005e
0.480+0.010e
0.533+0.010e
0.25240.009«
0.150+0.007e

0.197+0.012e
0.156+0.017e
0.226+0.018e
0.249+0.010e
0.139+0.008

0.218+0.008e
0.190+0.017e
0.235+0.014«
0.231+0.010

0.143+0.007e

0.22240.015e
0.1674+0.017e
(0.23940.023e
0.2234-0.0090
0.138+0.007

0.309+0.011e
0.21240.015e
0.286+0.017e
0.23640.011e
0.14940.007e

0.175+0.010
0.135+0.017
0.192+0.015
0.228+0.007
0.137+0.009

corel5k

100
150
200
250

0.2551+0.013e
0.260+£0.013e
0.263+0.011e
0.268+0.012e

0.35740.020e
0.327+0.011e
0.338+0.021e
0.347+0.024e

0.28040.012e
0.296+0.015e
0.31240.013e
0.322+0.013e

0.2514+0.011e
0.260+0.014¢
0.26440.012e
0.267+0.015e

0.236£0.014e
0.2354+0.014

0.254+0.010e
0.2574+0.013e

0.2294-0.013e
0.2354+0.013
0.240+0.012
0.2424-0.013

0.223+0.012
0.233+0.010
0.2424+0.010
0.245+0.010

rcvl-sl

100
150
200
250

0.101£0.004e
0.102+£0.005e
0.107+0.006e
0.114£0.006e

0.222+0.013e
0.240+0.020e
0.26240.022e
0.277+0.017e

0.106+0.007=
0.12620.006e
0.138+0.005e
0.153+0.005e

0.093+0.005e
0.105+0.005e
0.11140.004e
0.115£0.005e

0.0864-0.005e
0.08940.004e
0.0924-0.007e
0.09940.006e

0.08740.003e
0.089+0.004e
0.0934-0.003e
0.100£0.004e

0.076+0.003
0.079+0.003
0.084+0.004
0.090=+0.003

Corell16k-s1

100
150
200
250

0.219+0.006e
0.226£0.006e
0.235+0.007e
0.245+0.009e

0.289+0.007e
0.300+0.011e
0.329+0.011e
0.36910.010e

0.247+0.009e
0.262+0.009«
0.274+0.011e
0.286+0.012e

0.2214+0.008e
0.228+0.006e
0.232+0.008e
0.23840.007e

0.21240.006e
0.22440.007e
0.250+0.009e
0.249+0.011e

0.21640.006e
0.22010.007e
0.22340.006

0.228+0.006e

0.205+0.006
0.212+0.007
0.221+0.009
0.223+0.008

iaprtcl2

100
150
200
250

0.189+0.004e
0.191+0.004e
0.196£0.004e
0.204+0.006e

0.207+0.005e
0.212£0.005e
0.227+0.006e
0.24140.005«

0.206+0.006e
0.2224-0.007e
0.239+0.006e
0.2574+0.006e

0.19240.005e
0.2034-0.005e
0.214+0.005e
0.222+0.006e

0.19940.007e
0.203+0.006e
0.20340.006e
0.2184+0.007e

0.21040.004e
0.211£0.005e
0.216+0.005e
0.22140.006e

0.180-+0.006
0.186+0.005
0.191-+0.005
0.199+0.005

espgame

100
150
200
250

0.25240.005e
0.2560.006e
0.258+0.006e
0.266+0.006e

0.281+0.006e
0.300+0.005«
0.313+0.006e
0.330+0.007e

0.285+0.004e
0.302+0.005e
0.314+0.005e
0.329+0.007e

0.258+0.006e
0.266-+0.006e
0.272+0.006e
0.274+0.006e

0.25610.006e
0.24840.006e
0.277+0.008e
0.2694+0.007e

0.27710.008e
0.2654:0.006e
0.269+0.005¢
0.27540.006e

0.241+0.005
0.245+0.006
0.248-+0.006
0.255+0.005
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Table 4: Summary of the Wilcoxon signed-ranks test for PARD against other comparing approaches
at 0.05 significance level. p-values are shown in the brackets.

I Experiment

PARD against FPML PARVLS PML-NI PML-MD UPML-HL UPML-RL

Average precision win [1.2e-5] win [1.2e-5] win[1.8e-5] win[l.2e-5] win|[1.7e-5] win [1.2e-5]
Hamming loss win [8.2e-3] win [4.6e-5] win[2.1e-5] win [8.5¢-5] tie [7.0e-1] win [3.5¢e-5]
One-error win [1.2e-5] win[1.2e-5] win [4.6e-5] win[1.2e-5] win|[1.8e-4] win [1.2e-5]
Coverage win [1.2e-5] win [1.2e-5] win[1.4e-5] win|[l.2e-5] win[2.4e-5] win [4.0e-5]
Ranking loss win [1.2e-5] win[1.2e-5] win[1.2e-5] win[l.2e-5] win[2.0e-5] win [2.5e-5]

ol
Y

FPML
PARVLS
PML-NI
PML-MD
UPML-HL
UPML-RL
PARD

[
“
=

n =3

~
=

o
-
n

o n

Test time in log scale (ms)
o "

Training time in log scale (s)

=
=1 i

YeastCC

YeastMF

YeastBP YeastCC YeastMF Music_emotion YeastBP Music_emotion Music_style

Music_style

(a) Training time of comparing approaches (b) Test time of comparing approaches

Figure 4: Running time (training/test) of each comparing approach on real-world data sets. For
histogram illustration, the ¢-axis corresponds to the logarithm of running time.
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