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ABSTRACT

This article presentsa new classof constrainedand specialized
Auto-Rgyressie (AR) processesThey arederivedfrom latticefil-
terswheresomereflectioncoeficientsareforcedto zeroatapriori
locations.Optimizing thefilter topologyallows to build paramet-
ric spectralmodelsthat have a greaternumberof polesthanthe
numberof parametersieededto describetheir location. These
NUT (Non-Uniform Topology)modelsareassesselly evaluating
the reductionof modelingerror with respectto conventional AR
models.

1. INTRODUCTION

Lattice filters are a well-known signal analysisand coding tool.
Their parametersthe reflectioncoeficients, have a goodrobust-
nesgo noiseandquantizatioreffects[1]. Thesefiltersalsopresent
a formal analogywith the processof wave propagatiorinto loss-
lessdiscreteacoustictube models(possibly usedas vocal tract
models)[2]. Butthey don't incorporateary othera priori knowl-
edgeaboutthe processhey representFor instanceit is classically
implied thatthe individual portionsforming a discretizectubeall
have aunit length,whereast maybe moreaccurateo represena
priori knowledgeaboutunequallyspacedubeinterfaces.

By generalizinghe lattice formalismto the caseof tube por
tions with ary length, this article definesa classof processes,
called Non-Uniform Topology (NUT) lattice processesthat rep-
resenta constraineccaseof Auto-Regressie (AR) filtering. Sec-
tion 2 is dedicatedo thedescriptiorof theirformalismandgeneral
properties.Section3 dealswith the estimationof their parameters
for signal analysis. Section4 exposesexperimentalresultsthat
assesshespectraimodelingaccurag of this nev model.

2. NON-UNIFORM TOPOLOGY LATTICES

2.1. Basicprinciple

The transferfunction H(z) = associated

1
Am(z) — 21 Oa,z_i
with an M** order Auto-Regressie (AR) signal model can be

built recursvely by applicationof thefollowing matrixrecursiorn2] :
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o A, (z)isthetransferfunctionof anm®”* orderforwardpre-
dictor, modelingthe currentsampleasa linearcombination
of m — 1 pastsamples;

e B, (z) is thetransferfunction of anm** orderbackward
predictor modelingthem?”* pastsampleasalinearcombi-
nationof m — 1 futuresamples;

e kn,+1 isthereflectioncoeficient allowing to grow the pre-
dictorsfrom order(m) to order(m + 1).

Supposethat from stepm of this recursion,a knovn number
(nm+1 — 1) of thereflectioncoeficientsfollowing k,,,+1 arefixed
to zerd. Theequialentlatticeflow chartlookslike:
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andthe correspondingportion of the matrix recursionbecomes
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which canbe compactednto a singlematrix:

1 kmi1
This matrix describesninversefiltering cell of theform:
e:(m) e,'(m + 1)
€ (m) €t—n, +.(m+ 1)

Hence,if therecursionstepsarere-numberedrom 1 to the num-
ber of non-zeroreflectioncoeficients (i.e. if the stepswith null
reflectioncoeficientsareignoredin the indexing), the whole ma-
trix recursioncanberewritten as:

[ A:EEZ; ] _ [ ]1gm+1z‘”’"+1 ];’_”P;ip ] [ 238 ]
58] = [ ] )

wherethedelaysz™"m+1 canbeof ary ordergreateithanor equal
to 1 for eachstepof therecursion.

1in anacoustidubemodel,thiswould correspondo connecting, +-1
elementantubeportionsthathave anequalcross-sectiofi3].
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Table 1. Variousestimatordor the reflectioncoeficientsof inverseNUT lattice filters, whereX, denoteshe sumof all the delaysfrom

order1 to orderp.

2.2. Constrained Linear Prediction

Generallyspeakingall therelationsthatdescribehe mathematics
of standardattice filters arestill valid in the framevork of NUT
lattices: they will only undegoformalmodificationsdueto thein-
clusionof zero-\aluesat particularplaces.For instancethetrans-
fer function Aar (z) of theforward-erroffilter remainsa polynom
in z~*. Similarly, the backward predictorB,, (z) canbe deduced
from theforwardpredictorA,, (z), usingthe expression

Bp(z) = —z~ Zi=0™i A, (1/2) (5)
Theforward predictors growth canthusstill be formalizedas:
Amt1(2) = Am(2) — km+1Bm(1/2) (6)

Neverthelessthe inclusion of the a priori null valuesintroduces
interestingstructuralconstraintdo the LinearPredictionmodeling
method.

Someof theseconstraintappeamwhencomputingthe predic-
tion coeficientSaEm) from thereflectioncoeficientsk;. Thiscan
be donethroughthe classicalLevinsonprocedurg1], but includ-
ing theapriori null k; valuesattherelevantiterations.This proce-
dureis describedy:
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whereR,,, arethevaluesof theautocorrelatiorfunction. Forcing
km+1 = 0 atstep(m + 1) hasthefollowing effects:

e from equationg9) and(10), it simply meansthatthe pre-
dictorhasnotchangedetweerstep(m) andstep(m + 1);

e from equation(11), it meanshatthe enegy of the predic-
tion error staysthe same;

o from equation(8), settingk,,+1 = 0 induces

Ryt1 = Zagm)Rmei (12)
i=1

The last effect deseres particular attention,becauset rep-
resentsa way of constrainingthe autocorrelatiorfunction: the
value for R,,+1 is turnedinto a linear combinationof the pre-
viously consideredautocorrelatiorcoeficients. This canbe put
in parallelwith the factthat correlationbetweenthe forward and
backwardpredictionerrorsis createnly for someparticulariags,
i.e. thosewherethereflectionscoeficientsarenot constantlynull.
Consequentlythe correspondingpower spectraldensitycontains
some“genuine” enegy peakstogethemwith peaksresultingfrom
harmoniccombinations.Spectralmodelingwith a NUT lattice is
thereforemore specializedhan modelingwith an unconstrained
Auto-Regressve productiormodels sinceit accountpreciselyfor
frequeng combinationghatcomply with the underlyinggenera-
tive model.

Fromequation(4), onecanalsoremarkthattheglobalorderof
Awum(z) is equalto thesumof thevariousdelaysnm,, m—o,... ,m—1-
In theclassicakcase wheren,, = 1 Vm, theglobalorderis equal
to the numberof reflectioncoeficients. Conversely in the NUT
lattice case,the global order can be greaterthan the numberof
unconstrainedeflectioncoeficients.

As a matterof fact, the reflectioncoeficientsrepresensome
intrinsic degreesof freedom(DoFs)for the equivalentlinear pre-
dictor. Constrainingsomeof themto be zero-\aluedamountsto
reducingtheintrinsicnumberof DoFswithoutchangingheglobal
order Hence the correspondingpectramodelcontainsanumber
of polesgreatetthanthe numberof parameterseededo describe
their location. Alternately a signalsamplecanbe predictedfrom
anincreasegortionof its pastif the numberof DoFsis keptfixed
while theglobalorderis grown.

In thefollowing, thevariouslatticeconfigurationsvill beiden-
tified by stringsstartingwith thenumberof delayblocksexpressed
over the numberof spannedinit delays,andfollowed by theenu-
merationof theirlengths.An examplewould be: [5/22:3x3,8,5.],
whichreads “a NUT latticewith 5 cellsspanning22 unit-delays,
andwhich hasthree3™® orderdelays,onest” orderdelayandone
5" orderdelay®. Thecorrespondindlow chartwouldlook like:
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ky ) ks ky
73 H—{z3 Pz P 78 © € (5)

2This would be equivalentto a losslessacousticubemodelmadeof 5
unequal-lengtlsectiondistributedover 22 unit sections See[4] for more
detailsaboutthe equivalencebetweemon-uniformtubesandlatticefilters.
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Fig. 1. (a) Spectrumof a frameof vowel /a/ @ 24kHz. Superimposedver the FFT: 237¢ orderLPC [24/24:24x1.] (continuousline);
optimalNUT latticew/ 8DoFs[8/24:1,1,1,5,4,4,5,3.] (boldline) ; 7t* orderLPC [8/8:8x1.] (dashed);random”NUT latticew/ 8DoFs
[8/24:8x3.] (dash-dot)- (b) Correspondingpolesfor [8/8] (O), optimal[8/24] (0) and[24/24] (+).

3. MODELING METHOD

3.1. First optimization level: constrainedestimators

Thenon-nullk; coeficientsof the NUT latticescanbe estimated
by accountingfor the non-uniformdelaysinto the classical[5]
lattice-basedstimators Theresultis givenin table1l. The modi-
fiedforward,backwardandBurg estimatorsanbederivedanalyt-
ically by differentiatingthe error criterion¢? andequatingthe re-
sultto zero. The modifiedItakuraestimatoris the geometrianean
of the reflectioncoeficientsfound by the forward and backward
methods. Following the remarksmadein section2.2, it canbe
obsered thatimposingnon-uniformdelaysmodifiesthe lag and
the summationboundariesonsiderednto the partial correlation
measureshatdefinethe k; coeficients.

The stability of the constrainedilters is presered sinceforc-
ing somereflectioncoeficientsto zerorespectshe generalsta-
bility conditionfor a lattice filter [5], namely|k;| < 1 Vi (every
k; shouldhave a value between—1 and1). Furthermorejt can
be easily verified that the modified Burg and Itakura estimators
alwaysgeneratevaluesthatlie between1 andl.

3.2. Secondoptimization level: optimal filter topology

Variousrepartitionsof delaysleadto differentinversefiltering per
formancesn termsof a higheror lower residualerroré? for asig-
nal frame. It is thereforeinterestingto find the bestperforming
topologygiven a numberof degreesof freedomto be distributed
over a givenglobalorder i.e. to find the bestmatchin the setof
NUT productionprocessethatrespecthetwo specifications.

To searchfor the bestconfiguration,all the filters in the set
aregenerateéndsystematicallysedto inverse-filteratestframe.
The one bringing the leastresidualerror is regardedas the best
topology Figure 2 shavs thatthis searchplaysa significantrole
in the accurag of the model. Randomconfigurationgdark bars)
performsignificantlyworsethanoptimalones(light bars).

Furtherconstraints suchas a minimum delay ordet canbe
imposedto the productionprocesso make the numberof tested
filters more tractable(at the price of a reducedmodelingaccu-
ragy [3]). Forinstancein thecaseof an[8/32] constraint2'629'575
filters have to be tested. Imposingthe minimum delayto be no
shorterthan2 unitsreduceghis numberto 245’'157filters.
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Fig. 2. Comparisorof Log ResiduaErrorsfor variousNUT lattice
models(for a frameof vowel /a/ @ 24kHz). The original value of
€2 isindicatedabove the bars.

4. EXPERIMENT AL RESULTS

Theresultspresentedn this paperhave beencomputedrom sig-
nal framesextractedfrom a testsentencen French,spolenby a
male speakr, recordedn a very quiet ervironmentandsampled
at 32kHz. Whenneededthe frameshave beendonn-sampledo

24kHz or 8kHz usingthe polyphasemethod. Throughoutthe ex-

periments,the modified Burg estimatorand correspondingerror
criterionhave beenused.

Dependencyo the signal- Table2 givesthe optimalfilter config-
urationsfound for framesof variousvowels with a [13/24] con-
straint. The configurationsare naturally frame-dependent.As
a follow-up, it would be interestingto checkthe stability of the
topologyoptimizationschemeacrossrowel classes.

Spectal shapes- Spectralshapesare computedfrom NUT lat-
ticesby evaluatingthe correspondingonstrainedAll-Pole trans-
fer function over theunit circle. The spectralshapeobtainedfor a
frameof /a/is shavnin figurel(a). Again, it is clearthatthetopol-
ogy optimizationstagehelpsminimizing thespectradistortionin-
ducedby the reductionof the numberof DoFs. In the optimal
case,this distortion staysacceptabldor low frequenciesjn the
sensehatthe first formantsarereasonablyvell captured.Thisis
confirmedby inspectionof the pole locationsgivenin figure 1(b),
andhasbeenobseredfor all the studiedvowels.

Filter accuiacy versusnumberof DoFs- Figure3 compareshe
residual error in regular lattices and NUT lattices of type
[DoFs/24] asafunctionof thenumberof DoFs. It shavsthatopti-



Vowel | Optimal12 DoFsNUT lattice
la/ 13/24:3x1,4,2x1,3,2,2x1,4,1,3.
1&/ 13/24:4x1,2,1,2x2,1,2x4,3,1.
Nl 13/24:10x1,2,11,1.

o/ 13/24:6x1,6,3,1,5,3x1.
Iyl 13/24:3x1,2,1,3,1,2,4,1,2x3,1.

E: ) w5 | Opt/a/ | Opt./&/ | Opt./il | Opt.J/o/ | Opt.y/
fal -53.51 | -52.79 | -52.82 | -52.79 | -52.66
1&1 -62.57 | -64.94 | -63.88 | -62.53 | -63.01
fil -53.23 | -63.84 | -54.79 | -53.35 | -52.77
o/ -62.01 | -63.27 | -63.12 | -63.50 | -63.06
Iyl -55.22 | -65.94 | -57.37 | -55.98 | -57.81

Table 2. Top table: Optimal NUT lattice configurationsfound
for frames of different vowels @ 24kHz, constraint[13/24].
(Phonemdabelsaregivenin Worldbetnotation.)- Bottomtable:
relative residualerrorwhenapplyingthe optimal configurationgo
every vowel.
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(o) andclassicallattices(+) in function of the numberof degrees
of freedomM = 1- - - 23 (for aframeof vowel /a/ @ 24kHz).

Rel. decrease (%)XM) (dB)
&

o

[6)]

mal NUT filters producea lower residualerrorthanunconstrained
filters with andequalnumberof DoFs. The obserederrorreduc-
tionstypically rangefrom a few percento about45%in the case
of vowel /&/. Figure4 shavsthedecreasef theresidualerrorfor
the reverseexperiment,namelykeepinga fixed numberof DoFs
(or parametersandaugmentingheglobalorderof thelattice. The
“flat” portionsof thecurve represenzoneswhereonly thelastde-
lay’s orderis increasedyhich doesnot changethe forward error
filter’ stransferfunction (asseenin section2.2).

5. POTENTIAL APPLICATIONS

Speeh coding- The experimentalresultssuggesthat with NUT
lattices,partof thesignalcodingtaskis transferedrom the coefi-
cientvaluesto thefilter structure A codingschemeexploiting this
modelwould replacep cornventionalreflectioncoeficients(or log
arearatios[1]) with d < p coeficientsdistributedoverap®® global
order plus a codevord to index the optimal filter topology The
quality compromisdoundby adjustingthesespecificationgin ad-
dition to a classicalcoeficient quantizatiorsystem)may allow to
reacha bettercodingquality at a lower bit ratethanunspecialized
AR models.

A relatedresearchtrack would consistin learningthe NUT
filters configurationon speeclsggmentsthatspanmorethanone
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Global order
Fig. 4. Residuakerrordecreas&ersusncreasen globalorder(for

a frame of vowel /a/ @ 8kHz), whengoing from [13/13] (usual
12** orderLPC)to [13/30] (greaterglobalorder).

frame, andfinding the onesthat producethe leastmeanresidual
error. This would allow to build NUT latticesthat are special-
ized to the modelingof classesof signalsinsteadof being spe-
cializedto oneparticularframe[3], andwould represent sort of
“macro quantization”of filter structures.Hence,indexing of the
non-uniformconfigurationsvould usea lower numberof bits.

Adequationwith articulatory modeling- As pointedoutin thein-
troduction,the NUT latticeideaoriginally arosefrom the studyof
the analogybetweenrlatticefiltering andacousticfiltering in loss-
lesstubes[2, 4]. While the purposeof the presentarticle wasto
describeand explore NUT latticesfrom a pure signalprocessing
pointof view, furtherexperimentsareneededo determinavhether
the secondoptimization layer is able to captureactual acoustic
phenomende.g., nodesof stationarysoundwaves, or speakr-
specificrelative formantpositions).

Speeh enhancement Finally, usingNUT filters trainedon clean
speechdatafor the parameterizatiomf noisy speechmay allow
to increasethe robustnesf featureextractionschemesbecause
thefilters would hopefully have retainedsomestructurerelatedto
speechproduction.

6. CONCLUSION

We have presentedh constrainedoarametricspectralmodel able
to model more poleswith fewer parameters.Resultsshaw that
with the samenumberof degreesof freedom,this modelis more
accuratehana classicalunconstrainedll-Pole model. Potential
applicationsaarenumerous.
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