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ABSTRACT

Ln this papel we investigale the application of Moximiwm En-
frapy Discrimmeatiza (MED) featore selectioh in speech becog-
nitioh problars. We compare the MED algonthm with a classi-
cal wiappel fealote selection algotithio and we plopose an hybuid
wiappe'MED algotithim. We expetioent the thiee apploaches
oh a phoheme recoghition task oh the TIMIT database. Resulis
showlhal the MED algonthio achieves eltol tates coimpalable with
the wiapper algotthim tequiting a edoced compotational chatge.
Futhioole the use of a plobabilistic frammewaolk shows that the
MED algombhio holds very good tesulis even with vety limited
amcuhl of data.

1. INTRODUCTION

Speech ecoghition systemms sighificantly inclease their petfol-
mahce if several fealule slewrs abe used bul oh the othet side
comwpulatiohal chaiges inciease as well; hele cowes the heed fot
selecling the most sighificant fealutes. Featole slieans combina-
tich can be dene at diffetent levels in the systeio; they can be coun-
bi hed tagethet afler the featute calcolation, after the model prob-
ability calculatioh ot aflet the decoding. The case we cohsidet
in this papel is the featote counbi nation afler theit calculation. A
hoge hmobet of fiont-end techniques have been ploposed with a
lo1 of redundancy between them (MECC, PLB, LPC, MSG, altic-
olataly fealnles elc.) ahd many lechhigues for teducing this high
diioensichal space elimminating tedundancy between featutes have
been pleposed [[E]1,[21,[10]). Cutenlly speech recognitioh sys-
teurs use disciminative feature ltansfoination ke LOA o HDA
kol i does hol exclude a plesentive fealule soll fob elivm nating
exiia infounaticn. 4 fiawewolk fol defining the theoietically op-
titoal mwethed for fealule subsel selectioh is presented in [3], bat
1his approach 1s compulatichal |y initactable. Tractlable algoihios
for fealute subsel seleclich belongs o lwo maih classes: wiap-
pets and fillels. Wiappel based algolithios ate vely plecise bol
need laige cownpulatichal resculces (see [4]): they consistin a
gleedy selection of best fealule subsel based oh the calculatioh
of an efficiency ciitetion. Cuttently osedclitelia ale based oh 1ou-
wal infeunation o classification ettol [ses [6]). Wiappel based
methed vsoal ly holds very good vesults bt they heed animpottant
quahtily of data and high plocessing lescnlces. Oh Lthe othel side
fealote selection algetithios based on fillels ate simpler and with
4 teduced counplemily bol genemlly they ave not sttongly telated
with the ploblen 1o solve and they ave based oh simpler clitetia.
Ln this papel we slody the application of 2 fealote weighting algo-
tithim 12 detetim he the best featole snbset, based oh the Marimom

Entropy Discrimnation (MED) appieach (see [11,[2]) applied 1o
acoustic fealutes. This is 2 bayesian dischiminative algetitho that
amsociales a probability with each feature: weak featotes veceive
low plobability values while sitohg fealotes teceive high probabil-
iy values; lecog hitich is done osing featole expecied values w.Ll.
theit final disllibotiens. The applicatich we cohsidel is slightly
differen fioum the otiginal founuolatioh of the pioblen: the oligi-
hal flammewolk 2ims al weighling fealubes to inplove Lecoghitich
tale, evenloally weak fealubes beceive zelo weight, cul goal is 1o
eatlact the M ioost impoltant featuves oot of the IV featores in the
sel; they mmay be obviously considerved as the M fealures with the
hig hest probabality waloe,in the sane way asin PCA space redoc-
tich jusl the move woeaningfol fealoves ave used. This conditioh can
be incotpotated in the aptitmal plict fonoalatich and leads the plo-
cess o find the B imost essential featotes. This papet is clganized
as follows: ih sectioh 2 we descli be the WIED plinciple, ih seclich
3 featute selection a lgetithms based on WMED for gaussiandisil bo-
tich and HMM a e descli bed, in section 4an hybiid wiap pet/WED
featute selection algetithinis preserted ahd fihally ih sectich 5 we
present experimenis oh synihetic dala and speech data.

2. MAXIMUM ENTROFPY DISCRIMINATION (MED)

Recenily, many ioethads for joinl genelative-disciiminalive leath-
ing have been ploposed thal lake advanlages fiom the 1wo ap-
ptoaches. Genetative learhing fils ioodel pataoelels 1o cbselva-
tichs, while discliiminative learhing prodoces models that can be
vsed for efficient classification. Baximun Enltopy Cisclimmha-
ticn [intiedoced in [1], developed in [2],[3]) 15 an hybiid geneta-
tive!discliim hative ap pioach 1o oadel leatning. Th 1his sectich we
give ah ovelview of the MED method.

Lets considel 2 patuoeltic fumly of decision boundalies
F[X|9) with scune discliimn atioh plopellics belweeh 1wo classes
thal we will call offscrimrmation fimectton with @ palaioelels sel.
F[X]97) 1akes an inpol »eclel X and telolns a scalal ool puot; the
sigh 1 of this oolpol will deletmine the class to which the in-
pul veclol will be assighed 1o, Given 2 ttaining sel {X;] and the
collesponding binaly Iab-tils fae] with & ¢ [L, 7], leathing pataio-
clels meahs finding the @ that wminiimze same kind of classifi-
catich eitel. Decisioh o ah uhseen inpol X will be laken using
# = aigm F [ X|9). Th ioany class ficatich approach the ol assifica-
fich ellol mneas ube is delived nsing a clossgication murgin i e, coh-
sideling how latge is the value of 34 F [ X[ 3). This classification
malgih cah be eaplessed in the fotn 4o F[ X |[8) — ¢ = 0 whete
¢ 15 ahothet vatiable thatl veplesents the wartgin that g F'[X;|9)
mus satisfy, oplimmzatich will how considet both palundels G
ahd mmalgins ¢, So given 2 cellain loss function foss(} non-
incleas hg ahd cohvex, we cah wlile the consltained solotich for
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Mow lels considel a bayesian flunewsolk, in which we Uy 1o os-
tiimate distli buliohs ovel patanelels e, [3). Classificatioh will
be done integ lmiling ool patamoelers w.ki their optimal distiiboticn
ie. fol classifying an ihpul X, we will ose:
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Tz find the optimma | (&} mmahy sol utichs aie possible. A clasical
apploach consisls ih smhismzi hg the hegative enliopy of the disti-
botich [thal is equivalent to maximzing the entiopy) 6. finding
the Moy mram Entrggry distlibotioh subject 1o cohsiraints 1h eqoa-
tich [1)1.e
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Equation [3) folimulates whatl is khown as Mo mum Entropy Dis-
crmrnonon (MED) Anyway hegalnve enlicpy 15 hol vety Henible
for optimizi ng dist i botichs. If we have any plict k howledge about
patuoeies ohderthe founofa pict distiibutich PuI:G}, 115 pos-
sible 1o replace in equaticn [3) the negative enliopy with the KL
dislance bel ween I3} and P [GY), oblaining the so called Mimi-
mum Reloatee Entraesy Discrimineton [MRED) fonnoolatich ie.
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Genetall ¥ in litetatole 1he twe apploaches ate tefetted with 1he
sune hane [see [1] and [2] for details) ahd we will adoptthis con-
wehtich eveh 1h this papel. T is ihietesting 1o holice Lthat cbjective
function is the KL dislance of tweo disitibatichs thal is 2 comex
function ofthealgmoent PG} and constiaints ale lineatin P[@],
so tegatdless of honlinea lities of Lhe disctiim nant fuhctich, the op-
titmzalich ploblemm cohceths 1 comvex fonction [w.kl distibotich
o).

Up 1o this poiml we have cohsideted fized matgin g; ahy-
way ih leal data ploblews peifect sepalabilily is aloest jmpes-
sible ahd constiaints may gehetale ah ewoply seatch space fol op-
tiioal disitibotions. Fol this veascn it 15 wotth 1nledocing a dis-
ribotich oh matgin vatiables oo, thal gives hoh-zeto ploba bility
for negative mmalgins; in this way posilive malgins will nol be pe-
nalized and negalive mmargins will be ptogressively penalized de-
pending oh the disttibutien of the walgin valiables we have flxed.
WMED fianewok offels a vety cleganl way 1o counbine logethet
maodel palametels ahd maigin vabable patawelels; in facl how
the palaioetel sel becoines {9, 7], ahd asswum hg the factotizatioh
{3, v} = MO} ] P}, we can wiile the cugmented MED
folmulatioh [see [3]) as:
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whele My, is the prict distlibotioh associated with the malgin
waliables. The salutich 1= [3) has the fol lowing folm [see [7]):
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whelte &[4} is the holimalizatioh conslant and & = {&;, .., A7)
defines a selof hon-negative Lagtange mollipliers. & is found max-
umzing the joinlly ebjective functicn:

J(M) = —leg B[ 7

Given a closed foun for Z(A), the maximnim of the jointly con-
cave objeciive fuhctich J(A} cah be found nsing ahy stahdard coh-
vex oplimmzation method .

Ln [1] the following lermuoa is demohstiated: any factobzation
of pricis (3, «) across 2 disjoint sel of valiables {8, ] leads
1o a disjoint facietization of the MED solulich (G, +} acioss
the suoe sels of vatiables plovided that these vabhables appeat
in distincl addive components in . F (X9} — 7, if we as-
sume the following plict factatization a8, +} = (S ()
ahd Talv} = T Palw}. the sclutich will be of the foun
PO T], Pleve). As consequence the J{A) function can be wiit-
ieh a5 s of 2 teln depending oh malg hal valiables ahd 2 tetn
dependi hgoh mmode| paramelels:
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Mahy cheoices fol the mmatgih vatable distibuotichs ate possi-
ble. We will cansidel the followi ng onhe with its penally funclion:
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Each timme the classificatioh et is sioallet thah the wmalgin mean
valoeie. 1 — Lfe, a penally will occol, othetwise the Lelative
Lagtahge muollipliets will be 2@, Changing the value of the con-
slan ¢ will makethe classificalioh cehsitaints mobe ol less sl
the limil case ¢ — oo will lead 1o the case in which matgin ave

fixed becanse theil probability will be peabed at ¢ = L.

2.1. Using generative models

Ln this sectioh we will show how il 15 possible 1o acoommunedate
gehetalive madels in the MED flunews k. Let's cohsideta bihaly
classification ploblers whete Ba - 2l models palzioetets ahd
¥ = {+1,—1] ate labels assighed 1o saimple X The discliminant
functich used in the MED selution can be chosen like followi ng:
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whete @ = {f4,8.]. TIn this way a disciuminalive leatn-
ing flaiewolk is defined osing the genetative patunelels of each
madel. Even if the discliminative funclien intredoces soume hon-
lihealities, the optimzatioh w.rl distiibotions P{E) will be al-
wilys 1 cohwex oplim zatich problem.

Obvicos|y ttaclabilily depends on the possibility of wiiting the
function Z(A) in closed folm. U was found in [2] thatif (X6}
belohgs 1o the exponential fumly 2 closed foum for (A} cah be
found.

Ln [3] 1 was shown that in hybid genetalveldiscliminatve
learhing a good initialization for patuneels pliot distlibotichs is
optunal bayesiah postehiol distlibohohs becavse 1h this way the
WIED solution will be the saluticn that vespects ol assificalich con-
sliaihls ahd is as closed as possible to the genelative immadel. 1 the
classification problem itvelves mmote thah 1wo classes, ol assifica-
tich cansllaints mosl be ioposed fol all possible coo ples i crdet:
o assote thal the cotvect ioodel will always "dommnate’;

1]



The MEL flunewolk cah acocomunedale many catlently osed
models. When mmodels contain hidden vatiables, an Eb-like algo-
tithin is possible [see [3] fol details). Th [3] it was osed 1o leath
madels thal belongloihe exponential fumily, mixlote models [like
GWM), smxluve of imintoves (ke HWMM); basically the camplete
model parametel sel cah be learhed vsing MED (e.g. gaussian
meahs, valiahces elc. ] bul hete we will considel j ost the featote se-
lectich pleblan. Tegelhel with classification imany othet ploblers
like regression, 1l nsdoclich o ahoumaly delection can be solved
usihg MED.

A MEDFEATURE SELECTIOM

& pomible application of the MED lealhing is fealule selection
[see [2]). U cohsists ih associating with each featn e a switch #4
thal cah aclivale ol hol a cetlain fealote. 4 distiibuticn is assmoed
for those waliables and MED lealhing is used 1= find the oplimal
ohe. Cul pulpose is slightly diffetent fion the cliginal featote
selectioh fotmalation: in fact we Lty 1o select the M best features
oul of the global ™ fealutes; 5o M selected featotes will be features
with the highesi expected valoes calcolated w.r1. the MED optioal
izt butich.

1. Muolttvartote gonsston

Fealuve selectioh ploblen can be fotmuolated in tenm of WED. We
will filsl cohsidel the simple case in which the competing mmodels
are mulitvariate gaussians with diagonal covatiance mmalhix i.e

=
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whete IV is the cbselvation veclol dimension, 5, o0 ate gaus-
siah moean and covaliahce, ahd &; 15 a I:rinal_}l valtiable that 1ndi-

cates if 2 featuie is scl-n:lud. ol nelie s = L if the feature is
achve, clsr. 8y = 0. Let’s inftedoce a plhict distnbolicn on &

Play=p (1 - p.'}l-' with b = g < 1. Let’s wiile the dis-
climhative fuhclich belweeh Lwo diffetent mmodels {#y 82] [sup-
posing o suoplify notaticn that X belongs 1o mmedel #4 and so
th = +1) as:
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Eventually othet models cah be used £.g. madel dependent coefhi-
cienls &; ol joinl optimization of featules and model [osing distli-
butions oh mmean and covatiahoe ) but in this papel we will Himi cut
ihvestigalioh io the case 1h which #; abe commoh 1o all medels.
U 15 how possible 1o find 2 MED solutich 1o the featole selec-
tich ploblen. Expressich (8] cah be calcolated in closed folm:

»
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Maximzing expressicn [15) will provide the optimal Laglange
mmultipliers set and the MED distiibution can be explicilly cou-
puted. The value of disclimm hative fu nction fol ah obsetvatioh X
can how be calcolated i nteglating oul @ = {ay] w.rl. their disti-
butioh ih eguatioh [13) 1.2
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¥ disiibatich is hol a = hgle mollivatiale gaossian bul 2 gaos-
siah imrlote the plevious computatioh is ho mwale valid; theve ave
two poss ble sol ohehs: assighihg ah chselvatioh 1o a gaossiah 1h
the wmixlote [like in 2 K-oeans algetithuo), falling in the meho-
gaussian case, o ushg 4 plobabilistic algotithm based on the re-
velse fenseh inequality desclibedin [3]. Anyway those investiga-
tich abe het pulsoiled 1h this papet.

3.2, Hidden Markov Models

Ih this sectioh we cohsidel the MED featore seleclion applied 1o
an HWM with single gaossian pdf with featuve weightsie. exples-
sioh [12)[withoot loss of generalily becanse an HMB with gaos-
siah mmxrlube mmodels can be interpreted as an HWW with single
gaussiah ahd mole states colbes pohdi hg 1o mxlole counpohe hls).
In this case function P[X; |3} is the likelihood of the obselvaticn
sequehce Xy calcolated using the HMM. Lets cohsidel two couw-
peting HMBL and ah obseivatioh sequence Xy = { K. Xej].
Aflel doing folced alighioent [eg. with a ¥itelbi algotithm)] we
will oblaih lwo sequehces of slales [ahd telative eimissich proba-
Bility) that will give the likelihood of the sequence:
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whele a; j s 1he ltahsitich plobability frown state at tiioe 7 1o slate

attime 741 and by is he proba bilily ermission with an expression
suonlal 1o [12). MNow that all hidden vatables ave detetionned [i.e.
the slaile sequence) il is possible to apply again the MED soloticn
1o the pieblem in the suoe folin as the plevious patagtaph. A
closed folm for (£) cah be oblai ned even in this case:
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whele L = 1,...,T indicates the sequence hombel, 1 = 1,7,
indicates the #th sequence elements 4 = 1, ...V indicates the fea-
tole, ahd I{rﬁi ihdicates the log-lik elihood differehce betweeh the
gth elewent of the Hh sequence fol the 1th featote. Th this case the
solulion has a Lagtange mmaltipliet for each dala sequence.

A3 Optimal prior estimation

Optunal prior estunabioh 15 always ah uopodant lask noall
bayesiah approaches. iany citetia ae possible (L B4 B, Win-
imum Entropy ). We decided 1o ose 2 maxiomm likelihood ap-
proach o optiioal plict estiioation ie. gven dala X, paruoelels
3, and plict £, ML optimal plicts ate given by:

£ = t.u'_q'mu.zif Y|S0 80 (19

Ih oot case @ = {a;] and £ = {z;]). explession [19) coltespohds
1= finding ps 1hal maxim ze explession [16). Tooplimize [15), A's
viloes ate heeded; o citcnvent the problem an allerhate opti-
i zatioh w.il patametels [ie. &) ahd phols (ie. p)] can be dohe
ih the suoe fashich as desclibed 1h [12]. Becaose oot fihal goal
is finding a fealute subsel of diioensicn M cul of the N possible
features, we impose the conditich 1hat E Ely]= E p=M
togethel with the othet condition . < g = b This is actoally a
suboplimmal choice bul expelimental evidence showed its efficacy.
We choose w = 0.99 [sliong pliol] and b = 009 [weak phict].



34, Practicalities

Findihg MED salutich of the ploblem colttesponds in plactice 1o
maximize the function J{A} thal is cohvex so any oplumzatich
techhiques will bling 1o the globa | maximom of the functich. Pos-
sible techniques inclode ™Newloh-Faphson moethod, gladient de-
soehl, hhe sealch, o conjugale gradient descenl. As discossed
in [3] [Appendix) the st pefouning welhod consists in doing
amis-patal el optimmzaticn 1h whicha Lagrahge oo ipher at a tuoe
is opdated. In sauoe cases il is possible 1o find a closed foumn for
the amis optumization bot this 15 hol oot case. Formaxumaing the
function we used detivatives of J[A} w.il As; 1o find the zeto of
each detivate we used Brent's inethod (a5 suggestedin [3]) that has
the advanlage of usin%’i us1 the funclicn value and not ils detiva-
tives ahd 11 15 1oobe ethoienl compated 1o othet methods like bi-
seclich metheds. Tn practise the oplimizatioh plocess consists in
ietaltvely salving:

ddIA) 1 X e Wia BT Wi —u  (:
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fotw = 1, ..., T in the case of sihgle gaussiah fealu e selectich.
Leocking al egquatich [20) we can netice that the selutich s isin
the intetval [0,c); when a classification etlel is simallet than the
matgih mweah valoe, the telative Laglange muoltiphier 15 hoh zelo,
clherwise i1 15 zeto. Ancther impottant point is that the sclotion
iz genelally spaveie. jusla few oul of the whale sel of Laglange
multipliets ave diffetent fioun zeto. It moeans that i1 s oseless 1o
update all moltipliers with the saime fiequency ; 2 stochastic solu-
tich canh be used; in a fitsl tiuoe moultipliets ate sotied onh the base
of theil televance tespect 1o the funclich 1o optiimze [ie. eg. [20))
ahd then updates ave dehe sunpling muoltipliets fiom the soited
table [we used 2 gausmah disthbolich cemleted al the imole ele-
wani mmulipher o sample data). Tn this way the moote impotiant
multipliets will be updated with a higher fiequency than the less
sighificahl ohe, reducing the humbel of itelatiohs heeded o con-
wetge. Padicular atention mmost be used in detennining the most
televant i tipliets; osing simoply AJ(A-)} can pose soioe plob-
lewrs; at eatly stages it will be latge, even fou ittelevant multipliels
andihen is value will plogiessively dectease. Th [3] 115 proposed
1o cohsider an "adjusted” imodel with an exponential penaliy teon
ie. Ay = AT — worp(— B3 whele paluioetels o, # can be de-
tenmned ih sone way [e.g. with a siople least sguate cliitetion).
Ihthis way 1 is possible 1o detetim he the veal televant imoltiphels
tegaltdless the cider in which they ate plocessed.

4. WRAPPERFEATURE SELECTION

A very efficient ahd well khowh approach o featote selectioh is
the wiappermethod [4]. Wiapper based ioethods ate very plrecise
ahd efficient bol tequile wety big coumpolatichal tesoulces becanse
they considet explicilly all pessible fealube subsels of a given size
1o climbale the weakest fealotes ih 2 gleedy way. The itelatich
cah be done in two ways: with a backward procedore or with a
folwald pioced ute. Gehelally the back wald plocedureis prefetted
becauseil pelimis 1o lake adva nlage of theinlelactioh belween dif-
feient featutes. Th ool expeliments we wil | considel the back wald
ptecedure. The algetithmcan be genelalized as follows:

1. inflializ=the algarithm with the whale faginra s = F

2. while dim=n=sian £af F is larger than N | d=sired final dim=nsian)
3 farall passibl= 3; af siz=d — 1
d. =alogie the criterian D&, A ;)
5 s F' = 8 whare 3; minimi-= 12
g

. =nd

whete A; iz the inodel cottes panding 1o fealules in sobse 5.
Many possible choices for D X, A} ate possible: comnenl y used

clilelich ave based oh ioutoal infoumation ot classification eltal.
Tocompa e the toethed b the faitest way with the MED algotithio

we choosea clitelioh based oh the disciuminative function [13):
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whete as before d4 . f - ate commpeting medels. Th othel wolds
the algotithin connts ettals when differe nl fealote subsets ate con-
sideted ahd eliminates featutes that hold the highest classification
eltol.

4.1. Hybrid wrapperMED fatore selection

Ih otdel to 1ake advantage of both woethods we propoese an hybiid
algelithio usihg as clitetich I the BED salotich; as befoie the
sel F' is initialized with the whole featute sel, then BIED is pel-
folped and this time the feature with 1he simallet expected value
is laken ool of the bunch. This plocedate is itetated ontil the de-
sited huombel of featoves is teached. This tioe the coumplexily is
li neal with the humbet of features: ool initial intoitich is thatelimo-
ihating weakest fealules would inciease the humbet of Laglahge
1w tipliets thal golo zete, converging to a diffetent vesult foln the
che-step MED algotithio.

5. EXPERIMENTS

5.1. Synthetic data

To test the efficiency of the MED featule selectich we Lun the
following expetiment oh synthetic data: 1300 veclols of dioen-
sioh 3 whete genetaled osing 3 gaossiahs with ohilayy diago-
hal covaliahce wattix [besulting ih 3000 classificatioh cohsliainis)
and with the following mean veclols: wey = [1,1, —1,0, I]T,
g = [2,1,1,0,3F and wez = [3,1, 1,0,6]T.

Featlotes ohe and five ave 1he 1oost disciimmnant between the
thtee gaussiah distibolichs, fealote thiee cahhol dischiminale be-
tweeh wizg ahd wiea, ahd featobes two and font canhot disciim hate
at all. We tun MED fealu e selection using medel [12), unifoun
pricts pp = 0.00H Yl and withe = 2. Solling feato les usihg thei ¢
expected values w.tl MED optitmal distibutichs, we foond that
the fitst and the fifih fealotes wele the inest sighificant, fol lowed
by the thiid and finally the second ahd the foolth that got almest
zelo as expecied valoe.

This expetimenich syhthetic dala shows that MED featote se-
lectichis able 1o leath featores vel eva hoe fol theclassification lask.

5.1, Speech recognition

The lichhess of speech Lecoghitioh fiohl end techhiques Laises the
need of finding an optimal subset thal peunits good pelfolmance
ved noing the compulatichal cha iges.

In [9] 2 wiappet inethod was used 1o select the best subset of
fized ditoension [32) between WIECC featotes and atticulatoly fea-
tates; in [10] an ielative algotitho based on mmotoal infeuoaticn

wis nsed 1o select best featole subsel between WMECC,LPC and
PLP featotes; and in [E:| best featnle counbi hatioh 15 deletmned

psihg cohditichal motnal infoumation. & well khown mmeasole

tedundancy of infonmatich belween fealoles s wotval infolioa-
tioh. To siody tedondancy belween MECC and PLP featutes we
cowmpoled hmoetically the motval i nfounaticn between an elemment
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Fig. 1. Feature expected valnes afier MED leathing; featutes with ex pected values biggerthan the thieshold ave chosen, ol hetwise they ave

discarded; ¥ axis is legatithime scale

of the MECC feature veclol &5 and an elewment of the PLP featore
weclol 3y as:

.
Hei wi)= i, Y ploin wielloglelo e, pa) delcalplye)) 22
N

Probabilities plza.mit) . plie) . plyia} whele estimated using
the Parzen window densily estimmatien [see [11]) thal consists in
estimating the pdf values of 2 veclor z given M taining veclots
{2 asp(z)= s M iz — 2, k) whete ¢ is the window
function and & is the windew widlh patametel Th col expeliments
o is gaussiah and optimmal k is estimated os hgctoss validation. To
teplesent mmutnal ihfelmatioh, we hobmalized scotes fob different
fealotes. Bigure [2) shows woatoal infohmation belween MECC [x
axis) and PLP [y axis). M is high on the diagenal showing 1 cot-
1aih tedundancy (a5 expected becanse of the similatities 1h the two
fiont ehd techhigoes).

Fig. 1 Muotnal infonoation belween MECC+A+AN and
PLP+8A+5 coefficients

Ih ot expelimehls we wanhl o cownpate the MED featote se-
leclich algolithm [desciibed in 3.1) with a vety efficient wiap-
pet algetthm and with an hybiid wrapper®ED algetithm. Tn
oldel o cawmpate 1the three technigues we run contexl indepen-
dehl phoheme tecoghitich expeluoenis ch the TIMIT database.
The phohene sel 15 constiloled by the classical 3% phoneioe and
cach phohewne is mmedeled with 2 3 slale Iefido-tight HVMM. Ex-
petiments ale lwh using the HTK systemm. The oliginal featate
sel is constiluled by 75 featoves: 12 MECC, theil delta ahd della-
della coefficients, 12 PLE, their dela and della-della coefficients,
chelgy, its della ahd delta-delta corfficients. Th cul expeliments
we lied 1o ledoce the otiginal 75 featote st 1o a2 24 featote sub-
sel usihg the thiee diffetent toet hods [wiappe L B ED hyblid wiap-
petMED). Atfistan HWMM with single gaossian distlibotions as

eimssioh plobabilities s considered. To apply algotithios plevi-
ously desclibed all hiddeh vahables ioost be estunated and all
raining sel obsevatichsimost be assighed 1o a class; a single gaus-
sizh HWM is 1tained vsingthe full 75 feature set and fotced align-
menl 15 tuh, associaling each ohsevation 1o a single slate. We
cohsidelslales as classes for WMED and wiappet algetithmo levenif
othel assighioenis ate possible] and class disit botion 15 the ool -
tivatiale gaussian associated with each state. T s how possible to
tuh featute selection algetithm. Theotical ly in both algotithios we
should impose a classificatich consttain for al | competing ¢ lasses
i.e. 38 phonemes limes 3 states = 114 compelitots. This tesoltsin
1 consistent increase of consitai nl nomber; for this teasoh we used
the fitsl 10 best counpetitols for each obsetvation ohly. The value
of constant ¢ s fized 1o 2. Ih oldel 1o inclease the comvelgence
speed we used the slochaslic oplimm zation method desclibed in
sectich 3.4 1o optimmze the hounoalizatioh fuhction (). Ancther
patunetel we ale ihletesied ih is the tobosihess 1o the amount of
data; fol this teasch we tun the featote selection algetithm with 2
tLaining sel of tespectively 20000 obsevations and 200000 obsel-
valiohs. Eigute (1) tepiesents featutes expected values counp oted
using the optima | MED disttibutichs; fealutes with expecled value
higherihan the thresheld ate taken, othels ate discarded. Y axis is
legatithimic scale. We sclected the best 24 features. I is evident
that MED seewrs 1o plivilegi ate MECT feature vespeciic PLP fea-
totes. Using the same ol ass assig huoent the wiappel fealule selec-
tich method was tuh as well the hybtid wiapper®ED algonthim.
Sate alighiment ahd featute subsel selectioh is dohe with a single
gaussiahmodel: ahyway once the optimal fealure subsel is found,
gaussian hoobelis incleased opie 4 for each state and the fealote
subsel is tested with the + ganssians medel 10 oudet 1o velify that
the subset is still sighificant. Table (1) vepolts tecoghition tate ot
the full featore setl ih columh [a), while coluoh (B) and 5] shows
ettol tate for [b) 24 MECC+Aand (2] 24 PLP+A. Table (2] shows
besults for [d) WMED fealure selection, () hyblid wiappet/HED
featore selection and (f) wiapper feature selection, for twe diffel
ehl unooht of ttaining data: 20000 (featore 1) ahd 200000 [fea-
tove 1) ttaining veclels. The thiee fealote selection algolithis
achieved bettet peifolimance thah the classical 24 featues set [b)
ahd (). When poot ameunl of lai hing data ave provided [20000]
WED methed peifolirs beller thah wiapper methed, oh the sthet
side when latge aimoont of iaining data is used (200000 wiap-
pet petfouns betler then MED. MED featute selecticon algatithio
shows 2 high iIobosihess to apount of data, we think this is due
1= facl that the MED fiammewstk is 2 bayesian flunewsik and geh-
clally bayesian apploaches ale ale tobost 1o unount of taining



featowe [a) full set | [B) MECC+A | [c) PLP+A
1 gaus=mah 5612 495 5072
+ ganssian 67.2 559 3556

Table 1. Recognition tate for diffetent features =el:  fa)
36 MECCHA+HMA+IS PLPAA+HANHEhetgyRh+hd; (B 24
MECC+HA, [c) 24 PLP+Y

feature T (d) BIED | [e) WiappetWIED | () Wiapper
1 gaussan 540 539 511
+ gausmah 590 592 517
featore IL | [d) MED | [e) WiappetMED | (&) Wiappet
1 gaps=an 50 538 352
+ ganssian 520 22 6l.o

Table 2. Recoghition tate [PER) for diffetent featores subset set
oblaihed with a lkaihihg set of 20000 cbsetvation; [d) MED fea-
luie subsel; [e) hybtid wiappe®ED fealote subsel; [f) wiappet
feature subset; feato e T: 200001aining vectols, featore 1L 200000
fraihing veclols

data, futheunate the final tesull secims 1o be sltohg |y detelimned
by priot valoes. I 15 1hieresting 1o hotice that the wia pper ioethod
cohsidels all possible subsels of size ™ Lo elimnale a featute 2.
in this case 2805 possible fealu e subsels and fol each of them a
cowputatioh of the clitetioh I imust be dohe. Oh the contlary the
MED just vequives the optimm zatioh of an objective fonclion and
slill halds interesting tesulils. The hybiid wtappet®IED methad
secuws 1o peifoln ke BIED conttabily 12 cul initial inloitien; in
facl eliummnating always the weakest featole does hol seamn 1o have
ahy impelianl cohseq uehce oh the computatioh of Laglahge muol-
tipliels whose values depend oh the sitehgest featules.

U is intetesling 1o holice thal fealole subsel chosen ate =ig-
nificantly diffetent. Table (3] shows the 24 features selected by

fealute Optimoal featute subsel
& enelgy; 1,233 p7 29,1011 MECC,
123478 A-MECC, 12 PLP,
15 A-PLP: 67 1012 AA-PLP
) enelgy: 1,2.3.5 5.7 29,10 MECC,
12347 2 AMECE, 12 Ad-MECC:
12PLP; 1 p A-PLP,6.7,10,12 AA-PLE
€] | 2349 MECT, 5 59 AMECT, + A A MECT,
123556789 PLP; ehelgy A,
12348 &PLE: & AA-PLP

Table 3. Optumnal fealore subsel deletimned usihg Lhe algonthios
[c] 4] and [e]

cach of the 3 algolithus; features selected by the MELD algotithm
ate alimest simlat e the one chesen by the wiappeHED algo-
tthm, Wiappet fealote seleclich seers o plivilegiale the PLP
coefficients while MED algetithio seers 1o select mote MECC
cocfficients. A1 a fist lock 11 1may secwn sltange thal twe algo-
tithis based oh the sane discliminative fonctioh [13) give soch
diffetent vesolls; bot i is easy 1o uhdetstahd the divetsily of two
approaches: HIED is based on piobabilities while wiapper (here
cohsideted) 5 based oh pule etlel counpulation. Futheunote even
if MED is based on classificatich ervor, as it is cbserved in [2], it
hazs ah infelmatich theotetic intelptetatioh: WMED solulich mibi-
imizes the moloal infolmation between data ahd palaoetels.

6. CONCLUSION AND FUTURE WOREKS

Ih this papet we applied ah BIED apploach io featu e 5o bset se-
lectich and cownpated i1 with a mmote classical wtappel apploach.
We ploposed as well an hybid MEDw i pper appioach. MED
featute selectioh does hot heed the sune hoge counpotatiohal e-
sonlces heeded by wiappelr ioelhods. Furtthenoote the bayesian
franewatk in which the MED algelithio is defined, gives a vely
high lobusihess lespectio the amount of data used. Another intet-
esling application of MED fealute selectioh 1o speech Lecoghition
could be 1o detetimine 1hemost teliable fealuves in hoisy condition.
Fulote wotks mmay i mvalve the joint of optimm zatich of wodel pa-
tunelels ahd fealores imposing a distbibulich oh gaossiah moeans
ahdvalances.
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