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Abstra.ai 

rn this piper we pre.sent a Time Delay Netll'al Network ('l'DijN} appt:oad1 co 
p_honeme teeognit:fo'1 w.hi'<;h is eha:a.ctdzed by two impqtta.nt properties: 1.) 
'tising a 3 layer arrangement of si."Tlpk computing llnits, a. hiera.t'.chy can be 
cons�rueted thai. allows f¢r .t,be- formation of arbitrary nonlinea-r ci.ec:isfo.n sur­
faces. The TONN 1�:D-$ t'hese decision sutfa.ces a.ut.omat:i.cally using err� backr 
propaga:tion{l} . . 2:) The time--.delay a.rran'gement enables die n�twork to <;iiscov� 
acoustic-pnonetk iea.tures: attd: the temporal .relaQonship� . .b�tween them i.n.de­
perident of position in iime a.nd hence not b,iur1ed by temporal shifts m ,he 
input. 

As a :eeogr,»r,ion t-a.sk, the speaker-depend�n.t ;:ecognit.i,on. of �e pho,oemes 
"B" 1 "D" • an.d "G" b:1 v;i.ryint pboo.etic eo�t¢X't.S was chosen. For comparison., 
sever;tl discrete l;:i9,a$ Markov Models (RMM). we;e trained to periotnl t-he 
same task. Performance ev�ua.tioll over 19'46 testing tokens from three, speak­
e.:s showed tha.t the l'DN� achieves a re1:0gi:iitjon. ra.t:e of �$.5 % eor:rec� .while 
the rate.obtained. by tl�e .�:=.t of our E'.M�fs-was only 93.7 %. Close:- 'µxspec;iiou
reve� that the n�work''ii:iven:ted" w.ell-kno'\"D "°'i,lstk·p'honetic. f�t:1nes (e:g., 
F2-rise, f.2•fall, vow�l-onse-t) as useful a.bst-:a.ctio�, !t als9 developed al.tema.te 
itu:.ern� repri:sentaiions r.o link di.'terent acoustic realiza.tfons to the same con­
cept. 
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Abstract 

[n this paper -we present a Time Delay N'eur.J �etwork ('!DNN') approach to 
phoneme recognition: which is chata,;terized by two important prop•mies: L) 
Using a. 3 layee arr�gement of simple computlng units. a hierarchy can be 
consti:ucted that allQ.ws for the formation of 'arbitrary nonlin"Cat decision su,• 
faces. The TONN 1;,afo.s these decision surfaces au:tomati.caHy �ing enor back­
propagatii;>n[lj. 2.J The time-.delay arr.angement. enables the net:.work to discover 
a.coustic,>honetJ� featu.tes and the temporal telationships between them inde� 
pendent of position in time and b.en.ce not bium:d l)y temporal shifts in the 
in,put. 

As a recognition task, the speaker-dependel}t reco�ition of t_he phonemes 
"B", "D", a.nd n G" in varying phonetic: contexts was chosen. For comparison. 
sevetal discrete ·Ridden Markov Models (HMM.) we� trained to perform the 
same iask. Ped'onmn�e e:valuatio.n over lS46 testihg tokens from tluet: spea.k­
.ers showed that tht TDNN ac:h.ie_ves a recogni�icm rate of 98.5 % correct while 
the ra.�e obtained by th� b�t of our HMMs was .aii!y 93.1 %. (;loser inspection 
reveals that the network. "invented" well-known acoustic-phonetic fe.a.mres {e.g .• 
t2-r:ise, F2-iall; v:owel--onset.) as useful abstractipn;s. It also developed alternate 
internal representation to link different a.caustic realizations to th.e same con­
cept. 
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1 Introduction 

In re�ent_ years, �be advent of new learning prQ�edur� and the availability of 
.hJgh sp�d parallel �pereomputets ha;ve given trse t,:o a: cenewe4 int.etest ii) con­
nection1st models of �telligence(l). Th¢st models are pa.uicttl.arly interesting 
for cognit.ive tasks t.hat: require ma.ss\ve coos�rain; saiis,factfot1i i.e., the pa.a!lel 
evaluation oi man,y .chi� and facts and their interpretation in the light of n utner­
ous inte:ttelated �onst;;�n�. Cognitive tasks, such, as vision,, s.pe�h., language 
processing and .motor con�rol are -also. chai'a.cteti.zed by a high deiree of u.nc.er­
ta.inty a.nd va:rict,bili� and it has p:i:oved diffi.cult �o. acbb�ve good performance 
for these taslcs tJSiog standard serial programming·methods. Complex o.etwodcs 
composed of simple computing units are attractiv-e· for t4ese tasks no_t o.nly be­
C�lfS� o(their "br�•like11 ap_pea.l, but ��use the_y .. (),ffer ways for automatically 
Qe$i-gning_.syste� t-hat c:ui make use of multiple i1n;ei:-acting co�tk'amts. In gen­
etai, $U:th constraints ar-e • too -eoniplex to be easily· prog;� and require the 
use of a.utom.uic leanb).g st-r-ategie.s. Such learning algorithms now exist, (For an 
excellent r�view, see Lippman[�]) and have ��11 denionsti,ated to discoveiinter­
-estin.g internal a.bstra.e.tiottS, ill their attempt$ to SQlve � ·given problem[l,3,4,5]. 
Learning is most die<:tjve wh.en used in an a:c:hi�etu::e ;hat is appropria.t-e for 
the task. Inded, the experimel>.ts repo:rted in this. p�er suggest that as much 
prior kn.owled� as p�ible should be built into th� netwotlt, 

Na:tm:ally t th.es� techniques will have fa.r-rea.ching m:iplicatioos for· the design 
of �utomati� $peech recognition systems, if pr.oven suet�sful in �ottg>arisotr to 
already exl$ting tethtilques. tipptnann.[o] has cOn)Jia:teq._ seve:t-al. kinds of neural 
netwo-rks with other dassiiiers an.d evaluated their ability tQ create ccml)lex 
decision smface1-. Other s tu.dies have inves�ated ac.t.ual speech cecognition 
tasks and c.�� t.hern to psy�hologjcal e.v.id�ce j-A ,sp-ee� per�ep-tion,[7j ot 
to ��ting s_t,eeeh r�oguitfon teehniques{S,9). Speel}h recogmtion e;c:periments 
using neu:ta.l nets hil-ve SO' far ma;dy be.en �d a; isol�ed word r�cognition 
(mostly the digit recognition task) (10,11,1213] ot phonetic reeognitiou with. 
pred:enned eoMtant(l4,lS] or variable p.honetjc con'tex.t$(l6,l.4·rl7J. 

A number .ofthese studies report very en.coura.gin.g r.e-cogni.til:)n perfonnan:ce(16J, 
but only few comparisons to existing tecognition m:.etbo4, exist. Some of these: 
eomparis-ons found penonnance similar to �i�g tnethod$(9 llJ, but oihet$ 
found that network$ perform worse than other techniques{Sl- One might argue 
that this !t.ate o( �ah$ is encouraging considering the amoq_nt of fine--tunmg 
that has gone i%tto optimizing the mor� popular, es,u.blished t�chniqu�. Nev­
ertheless\ better eompa.r�tive pmocma.nce figUres a.re needed befote neut.ti net­
works can be. considered as a. viable alternative for- �peecli recognition. systems. 

O'rxe possible explanation for the mixed perfottn,a.nee results obtained so far 
may be limitations in. computing rerourc»s- l�g � shC!rt..euts that. limit. per.. 
forman.ee. Another more ·serious linutatioil:, .. however, is the inabilrty of mQSt 
ne�a.l. network vchitectures: to deal properly with the dynamic, nature of speech. 
'rwo important aspects of this are (or & net.work to repte:$mf. �xnporal relation-

6 



ships between acoust.ic event.s :while at the same time providing for invariance 
under- trans4tion. in. time. The specific movement ot a iorma.nt in time, for 
example, is an important cue to, detertnining the identity.of a. voiced stop, but 
it is irrel�ant' whether. the same set of events bctu.rs a little sooner ol' later in 
the- course of time. Without .translation invariance a n.ew;al u.et :req,uires pteeise 
se_gn:tenta.tion, to align th,e inpu:t pattetn properly.· Since this is not always pos­
sible in practice-, learned. feattires tend to get blurred (in order to a.cc0trum;idate 
slight rrii$aJignmen�) ahd their performance deteriorates. 

1n the p.rese1;t pa.pe-r, we describe a. Thne· D�lay Neura.t Netw.oti: (TDNN), 
whicli addresses hoth of these a.spec� and 4emo�;rate through extensive per• 
formance evaluation that superior reeognitiou �ult:$ can b·e a.thieved using this 
approach.. 1n the followirtt secti�n. we begin- hy inti&iµc:i.tjg -�he aichltecturi! 
and l�xung sti:ategy of a. TDNN �ed a.Ii phoneme recognition� Next, we 
compar� th�: per!onnance· 0f our 'l'DNNs wi.th one ofJhe mote popu,lF cur­
rent reco�tion �hniqu:es. 1;t. section 3, we- therefore. -descti�e several Hidden 
Markov M<:kiels"(HM-M), under developrneut �t ATR(l8] .. J3oth. �iques are 
then evalu.ated over a. te$ting dat.a.ba$e .. We -report the .resv:ltiJ i,n se�on_.4 of this 
pa.per and ibow th�� substa.zitially liigher recognition. performance i$ at.hieied 
by the 'I'DNN thaq by 'the best of our HMMs, • We also tdi.ke a. close look at 
the intern.al representation that the TDNN learmi for th1s ta.$k. It discovers a 
number o! interesting lingw:stie abstra.ctfons '!'hich_ we show by;o,ay of examples. 
T.lie implications. of'th.ese resul� are then discussed and sl.U?Uha:rized. in the final
section o{ this paper. 

• • •. • 

2 Time !Jelay Neural Networks (TD��) 

To be asefuf for llpeech recognitioo.1 a layered feed forward neural: o.-etwm:k must 
b.ave a number of -properties. First, it- should have· multiple ��yen .an.d sufficient 
interconnec.tions between umt.s' in each of'these layers, This is to: ensure r.hat the 
networ.k will h.a.�.the ability t-o leam eom-piex: non-line� decision surfa.ees{2.-6}. 
Second, the netwotk .should b.ave the abili�y to tepresent·relationships between 
events in t1me. These events CQl.lld be spec�al coefficients, but. might :al.so be the 
output of highe-r leveliea.ture detectors. Third, the actual. feat� or ahstrae­
tions lea.r.ned by the netwotk should:.,be inva:iant under trlll1Slati�n- in thne1 . 
Fourth, the leaviing proeed�e shotild no_t require pre<:ise �emporal alignment 
of the la.be)-. th•t- a.re t.o be l�a.rned. Fifth, the nw:nbcr ofweigh� in .the �e,tw9rk 
should be,_,uiaJl compared to the,a.mount.. of training data.so tha.t the-network is: 
forced to enende ·the training data by extraeting regularity. In the following, vt� 
describe a. TDNJ.il a.rchiteeture th� satisfies all of these criteria. and is 4esigned 
explicitly for the recognition of phonemes, in pa.rtieular, the voiced stop.s "B"' , 
"D" and "G", 

1 Iii viiuoa, .olu_rioDll to ,the, aarilal' probl� of thif�iJ,�ee b.ii.--bem. p� by ""'
of a "Ncoco��{J9}. 
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2. 1 A TDNN Architecture for Phoneme Recognition

The b·ask unit used in many neural networks computes ,he weighted. sum. of its 
inputs and then. pa.sse,s this sum tnrough a non-lislear t'unct.ion, most commonly 
a threshold or sigmoid funct.ion{2.1}. Ln Ol.\r TPNN, this basic. unit 'is mod�fied 
by introducing delays ...Ot thtough,ON as shows in Fig.l. The J inp1.1ts o( su-c.h a 

. uni; now will be multiplied bf several weights, one for -each 4el.ay and one foe th.e 
unde!ayed input. For N = 2. and J = 16, for example, 4.8' weights will .be needed 
co compute the weighted Si.Im ot tll.e t6 inputs, with each input now measured 
a.t three different point$ in time. fn this ·way a TDNN unit ha.s the ability to 
relate and compare current input with the past hlstoey of events. -The sigmoid, 
function was .chosen as the non-linear output function F due to iu convenient· 
mathematic.al properties(20,5J. 

For the tt�ognit-ion of phonemes, a. three layer ne.t is eoMtmctedl. Its overall 
architecture and, a. typical �t-of activit.ies in the units are $hown in Fi_g.2. 

At the lowdt Lev-et 16 �elscale spectral coefficients serve as. input to tbe 
network� Input speech. $'axp.pled at t2•1cfu, was ha.nu.nblt'windowed and a 25-6-­
pomt PFT computed_ .every s· msec. ),tdscaie colUficierl:ts were computed from 

• the power specn'Um as i:n[21J a.ttd adjacent coe:ffieien:tsin time co}!apsed resulting
in an overall IO tnsec fr.ame ra.te.- The coefficients of all input u,ken (in this case
15 frames of spee<:h centered around the hand-labeled: vowel anset) were then
normali2_ed to lie/betw½n: •.l.O and +l.0 with the a:,verage at 0.0. Fig.2 shows
the tesulting coefficients !or the speech tokett ·,;BA0 as input to the network, •
llfher� positive values ar-e shown as black and negative values as: grey squares.

This input layer is then fully interconnected to a lay�:r o{ 8 time delay hidden
units, where J � 16 and N' = 2 (i.e., 16 coefficients over thr�-frames with. time
delay O 1 and. 2). Ali a.lt<ernative way of seeing th.is is d�picte<i in Fig.2, It
shows the inputs to. th.es� · time delar ®its expanded out sp:a.tially into a 3
frame window, whkh � passed over0the input .spectrogram. Ea.ch. unit in the
first hidden lay.er now r�ves input (via. 48 we1gh�d «in.neetions:) from the
c.oeaeienta in the .J frame 'Windollt', The particular choice of 3 frames (30 msec)
was motivated by earl.iet studies(22], ·that Stigg_est4d that a 30 msec wi:ndow
might be sufficient to represent lolf lever a.coll-$tie-phonetic. even.ts for phoneme
:recognition. It wa.s -also the optimal choice among a. number of alternative
designs evaluated by Lang(2:3) oa a similar ,task.

In· the second hidden lay�, each of 3 TDNN units looks a.t a S frame window
of activity levels in hidd� layer 1 (i.e., J = 8, N = 4). The choice of a larger
5 ftame window in this la.yet was moti'la..ted )>y the intuition th� ·higher level
units. should lea:n to make decisions over a. wider range in, time based on more
loeal abstra.etions at ·lower lev�ls.

Finally, the.output is obtained by integratinf ($nmm,ing) the evidence from
eac.h of the 3 units in hidden layer 2 over tim'e and. connecting it to it.s perdnent

2Llppma:nn{2.6) d��tl!d neentlythac thffe 1-yen cu--=odeatbiawypanUD recog­
mtiou decision swfa.ces 
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output unit (shown in Fig.2 <;>ver 9 frames for the "B" output unit). In practice, 
this summation is implemented simply as another. TONN unit whicn has fixed 
equal weights t.o .� cow of unit firings o<ter time isf hidden lay�r '23 . 

When the TDNN has te!U'ned its internal representation, it 'f)el'.forms recog­
nition by passing inp:i.1� speech over the TDNN u_nics. fn terms of the illustration 
of Fig.Z this .i:$ equi)talent to pass1ng the time delay windows- o\ler the lower level 
units' fiting pat;ierns. At t.he lowest level. these fir:irtg patterns simply consist 0£ 
r.he sensory in.ptlt, i.e., the spectral .coefficients. 

£acb TDNi'f urut outlined in this se�tion has the ability to encode temporal 
relationships within .the ra.nge of the N delays. Higher laye:rs ean �tend.to larger 
time spans. so local short 4ura,r.ion features will be formed a.t .the lower layer 
and tnore compiex lqnge: duration features .at tne higher layer. Tbe learning 
procedure ensut� eh�t ea¢h of the units in ea.ch layer has its ·weights ad}usted 
in a. way t,nat irnpfoves the network's overall performance, 

2.2 Learning in a TDNN 

Several learning techttiques exist for optimization of neural networh(l,2�24). For 
the present network we a.dope, the Back-pl'opaga.tion Learning Procedure.(20.5]. 
This procedure performs two passes through the network. During the forward 
pass, an inpu.t pa.tte.:rn. is applied to the net:work with i.t:4 c\i.:rtent. connection 
strengths (initially small ranclooi _ weightS):· Th� outputs of -all the urlits a.t 
each level ate co�puted sta.rtin_g a.t the inp\lt layer and worltin.g fot"Watd to i,he 
output layer, The output is then compar�d w.ith the desired output �d its
e.rror calcu}ated'. Outing the back-ward pass, the derivative of this er;or is then 
pt-0pagated .back tJu.ough the netwotk, and all the. weighu ate a.cijust�d w as to 
decrease the er�orf20 5j. This is. repeated many times for all the tr�ning t okens 
until the :netwodt converges ;o pro.ducin·g the desired output. 

In the previous �ction we described a. method ofexpress�ng temporal struc­
ture in a TDNN and contra:s�d this method to �.raining � netw9rk on a static 
input pattern {spectrogram), which result.$ in sb.ift sensitive ,networks (i.e., poor 
performance; fo.r sUgh.tly misaligned inpqt pa.ttems) » well as less crisp deci• 
sion ma.ki11g in the units of the network ( caused by m.isailg:ned t ok¢ns during 
trainin.g). 

To athieve the de:$:ired lea..ning beha.vior, we need to ensure tha.t the net-: 
work is exp� to $Cguences of pa.tte;i;is �d that it is allpw� (,or enco1,1taged) 
to leatn about the ¢iost powerful cu:=s ai;id sequences of cues among them. Con­
ceptually, the b�-propagation procedure is applied to speech.patterns that are 
stepped through in time. An equivalent w� of Jciiieving this result is to use .a 
spatially expanded input pattern, i:.e., a. spectrogram plus some eonst.ra.i.nts on 

3 l'fot�, ho-�. 1-bK .u. for all uniu in thla ntit'Wot'x (eitc:ept the 1Apuc u,p,j�), the ouq>Ut 
units.� also connected to & J)tlrTMllc!n.Uy M:tin chresbQld l:!,nir. ln this ,.,ay, the dc�biu o! 
each output unit ca:u. nill be adjus1ed for optimal �on. 
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the weigh�!!- F;ll,Ch collection of TDNN-units described above is duplicated for 
each one fra.rne -shift in time. In, this wa.y the whole history o(a.ctivities is a.vail­
a:ble a.t once: Sin�e the shifted' copies of the TDNN-units �re mer� cfu plica.tes 
a.n.d a.re to look foe the same acoustic e.vent, the weights oi the conesp ondin,g 
connections in the time �htfted copies must be constrained to be the same. To 
realize this-. we first apply the regular back-pro_paga.tion forwa.rd . .a.nd backward 
pass to a.H time shifted copies a.s if they ·were $epa.ra.te events. This yields dif­
ferent error- decivatives for corresponding ( time shi.fted) con_nections. .Ra.titer 
than clian,ging th:e weights on time-shifted connections separ�t.dy·, however, we 
actu,dly update: eacb weight on corresponding conhections by the same va.lue. 
na.::ne.ly by the a.JJerage,of a,11 corresponding time:.d�yed -".9'eightc�g-es:t. Fig.2 
illustrates t.his by sho'tVing in ea.ch 1ayei: on:ly two ;¢onnec:.;ions that a.re linked to 
( c�muned to Ii.ave the, same va.lue as) their time-shifted nei�hlxifs. Of cQurse, 
this applies to all eonne:<!tioris· and alt tim e .shifts:. In this way, the ne�work is 
forced to discover W$eful ac:oustic-phoi;;e;ic .features lI! the inpµt�,repdless of 
when in titrie t�ey. a.ttu.aUy oc<!tmed. This is an iiupoz:�a.nt property.,� i:t makes 
tile net-worli inde,p�ti.detl;t. of �rrorprone preproc�ing algorithms, that otherwise 
would be needed for time alignment a:;J.¢/or segm.erita.tion. Iii sectio.n 4.3, we 
will -show examples of grossly misaligned pa.tter� t hat are prqpedy .recognized, 
due to this l)toperty. 
. 'The proce<!u.re O.e-$�ibed here is eompµtationa.lly rathe-r'exp.�nsive, due to the . 
many iteratio.ns nec:essary<for lear�g a complex mul�i-dimensiolial weight-space 
a.nd the riumhei o! lwning. samples •• In ow; ea.$e 1 a.bout 800 l�arn.i.tlg samples 
were u sed aJ1d bet'w�� 20;000 a.nci 50:,00Q iterations. oUhe b�p.rop�ga.tjon loop 
Wete tun over a.!l training samples. Two steps Were taken. ;-;; p.erl'cmn. learning 
within r�asonable time. First, we ha.ve .intp!emented our le�g proced.ure in C 
and- FORTRAN 011 a 4 p,toc�or /tlliant supe:r:computer. The.speed of learning 
can be iropl'Oyed. considerably by computjng the forwa,r-d and ba.c;l,;w-ard sweeps 
for several diff'er:ent training samples in parallel on, different ptoeesSQrs. Further 
improvemen� can b.e gained by vecwrmng operatioil$,and possibly assembly 
coding ;he innermost loop. Our present impiementation;-�eves &bout. a factor 
of .9 -speedup ove-r a VAX 8600, but still lea.ires ·room for further impro��ents 
(Latig(23}, fot, example reporls a. speed.up of a faetor of 120 over a VAXll/780 
for au.. i.mplemeutation �ning on a Co11vex supercomputer}. The·,sec:ol:ld step 
,talc� to�i;i$ improviltg learning time.1$ given by a stag�-learni:ng suategy. 
In tha appro�h we �a.rt.optimizing the ne�otk baud on 3 pl'oc«-ypiea.l tnin­
ing tokell$ onlys . tu. t-his � convergence-is a¢hteved r:ap1dly,. but: the network 
will have learned• represen�a.tion that generalizes',poorly- to, _new and diffe.rent 
patterns. Once convergence is achitved, the net:worlt is pnsen�d wi,h approx­
imately twice t he nu mber of tokens and learning continues until convetgence. 

4 Noce Uiat in the aperimenu re-po�ed below these weight clumgea •eN actually carried 
out each lime the error denv.uives from All tramins -..mples had been compµced{5J. 

� Nocc that for optim&l i�. �he trai.ning data i• p.resented by .lwaya alter,i&wig tokens 
for each ct..u. Renee ,re al.art� network oft'by presenting a �kcm. ooe for ucli clua. 
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fig .. 3 shows the progress during a typical learning run. The mea.su.ted
° 

error is 
l/2 the squared et.tor o(all the output unit$, notmaiiz� t'or the number of train­
ing tokens-. I;i. this run t.he number of training tokens- u:ied were: 3,6,9.14;99'.249 
and i80. As c.an be seen from fig . .3. the error brieflyjumps up every time more 
variability is intr-o<i-uce<l by way of more training dat-a.. The ·network,£$ then 
iorced to irtlproveits: tepresentadon co discover tlueJ th�t gener�i;� bettet and 
to deetnphaslie those that. tui:n out LO be merely fr.retevant ideosyncra.cies of a 
limited sample set. Jlsin� the· iuU training set of 780 tokens this partieular run 
W.i$ c�ntinJJed \.in.til iteration 3�.000 (Fi"g'..3- shows the .lear;iing G'U;tve only up to 
15,000 itetatfo�s). Wi�ll this full training set sma.ll l�ning· steps b.3,ye to be 
taken anc;i le�g pr.ogresses �lowly. In this �.a.,e a.step sue· of' 0.002 a,n,d a 
momentumf 5} of {tl .w;as used.· 'The stag�d lea.rtting appr�h was foti'tui to be 
useful to move the weights. of the network rapidly ilitio 'the :neighborhood of a. 
reason a.bl� ·sofotioht ·befdre-the rather stow· fine· tti:n.ing:'.over all traixunt • tok�s
b�gins. •. • 

Despite t-hese speedups learning runs-still take� the order_ of several day�. 
A number o( pw�amming· tdcks(23j as·· well ·as· �odfficatioxis to the learnu,.g 
_procedure-f25]'a.r�"-n6t implemelit.ed yet all--d coµld yield another (�tQr of 10 
or iMre in learruri'g tune reduction. • It ·is important to .note, however· thM the 
amount ofcomputatfon consiciered here is necessacy Q1ily hr feariup,gofa TDNN 
�d not for reo,gnitior,.. �ognh.ion can easily .be. perlb.rmed in iBet.ter than 
r� tim� <)n a WOfkstatioil or personal c.ornpute_r, The -siniple-· s�ctu e makes 
TDNNs also well suited for. standardized VLSI.::.irnplei:nentatibn., T:he detailed 
knowledge c.ou!d. be- lea.rncii "'off'-Jine" using sulfflant-fal computing .power a.nd 
then downloaded 1n, the torni: of weigh� onto & �a!-tim� p�duct'iou network. 

3 H-idden Markov Models (HMM)

As a.n alter�a.tt:ve t-ecognitjon, appro� we have implemented several 1:lidden 
Markov Models (l!MM)- �ed. a.t phoneme t-e<ognition-. HMMs are.curtentiy the 
most :suecessful �d: p11amism.g,a.-pp.roaeh {26.,27,2�} in.speech reeognitiona.s they 
have b�n succes&:(µily applled�to �.b,e whQlespee�riunof�ogtillfo11 a.s�. Exeela­
Ient. perfut�c;e '1f:..-S' �eve<i � all levels fro.in.the phdi'.lemic.le.vel[�9°;3013.l ,32J 
to word �o_gnitioli(33 28] and�r.o eontill�ou.ssp� r�cognitionf34l RMMs' 

· ,,.success is pa.rti�y due to tlfeif; ability to, eope,1"ith-•lhe variability in speech
by means of stochastic modeling. In the following .sections.. we describe the
RMMs developed in. our laboratory. They were aimed. at pbon�e reeognition, 
m.ore specifka:lly:th� voiced stops "B"; "D" and i.G''. Sever-al experiments i•nh 
11aria.ti�ns on these. mod'el:i· are described elsewner�{l8] .. •· 
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Figure 4: Hidden Markov Model 

3.1 .An HMM for .Phoneme Rec:ogn�tio-n 

• The acoustic front end for. Hidden Markov ModeliD.g-is typi�y a. vector quan­
tize? that classifies �q1,1ences of shot�ti:me speqtra.., Su;ch •a.. :epre$enta.r.ion was
cliQSen as it is highly effective for HMM-based r.ecognizers[34).

Input sp«ih w� f&mpled a.t 12kllz, pre:emph.bue<l by (J • 0.97 ;-'1) and
. wfudow.ed using a. �56-point .Hamming win!iow e'lery 3 msec ... Then a t2•ordet
LPC a.n.alysis � carried, out. A c:t,deb<>O.k of 256 LPG spectrum envelop8
wa.s genented. from i1i:i -phonetica11y•ba.lanced words. 'The Weighted J;,ikellhood
R.atio[35,S�J au�en�ed with power vaiu� f?WLA}(3136} was used as LPC
.dis;a;nc:e mea$Ure for vector quantization.

A typical HMM was a,dopted in this paper as shown in Fig.4. 1t ha$ four
states .md six tta.nsitjoris. • •

3 •. 2 Leatnin;!" ln an .. HJ\,fM

The HMM. probability values_ were trained. using v�ctot sequences of phonemes
a.ecorcling tot� fot:watd-backwa.:d algoritbmf26l. The vecto;-sequen�C$ fQr .,B,. ,
"D" a.ad "G" include a <;:onsonant part ;md five. tt:ll,fn,eS of the following ..;o�el.
This is to model important t.ral)Sieut• informa.uom� such as formant movement
.and ·has lead to unprovements over conten insensitive models (l8],.

The HMM '\'f'U trained using about. 250. phonetru! tok�ns of-vector sequences
per speaker and phonem� (see de� o{ the traitting database below). Fig.5
$}i:9ws. for � tY})ical training run the average log probability normalized by the
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aum.ber of frames. '!raining was continued until the ine�ase of the average log 
prob.�bUity �et•een iteratio.ns became less than: '2 • 1-0-3.

'I'tp.folilly, a.bo�t lO �o 20 lea.ming iter�iom are (.equtted for 25& tokens. A 
trai;iing run takes ab.ou.i one hour on a VA:$. 8100 .. r'loqr values •ere set <)O 

the out';pu.t probabilities to: avpid errors caused by zeto-probabimies. We b.a:ve 
experimented wit:Jt�oniposite-l]'lq_dels, which ,r,ere tnm�d using :a. eombi.natiol) of 
co·ntex.t-in�pende:nt and conte,ct.depen4et1.ct ·proJ:>ahility values-,as suggested by 
Scllwartz: et aL{29 ,30]. In our case, no signm:carit improvements were a.ttaibed. 

4 Recognition E:cperimettts 
. . 

We :now tUl'll to an ·expetimental evaluation of,.the t.1#0 techniques c!e$etibed 
in. the .p(evious sections. To provide a. g90d framewoik to,: comparison., the 
Al2).e e:x:perimental c-onditions we� given to both meth�da. For both, tl:le sMrte 
training u&t:;t. WU iaed and oot}:l·wete tes.ted OIi the same t'estiJ:!.g aatabJ$e a.s 
dacrib¢d belQw, 

4.1 Experimental-Conditions 

Foi- per!orm,an_ee evaluation, we have used a. .large YO<:ahulary data.b�e of 5240 
common Japanese w-otd.s(�SJ. Th�e words_ were u� in isQlation by three
male oa.;.jve.Japanese s.pea.kers (MAU, ·MliT and MNM, � professional all• 
nou.ncers). ·All uttefances were r:ecorcfod in a sound ·pro¢f booth and digitued 
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a.t· a 12- kHz: samplin� rate. The databas� was then ,split- into a training .set 
(the even numb�red files.) and a testing set (the od? numbered -files) '. Both the 
t.raining and the testing data,, therefore, consisted of 2620 utterances e�h, from 
which the act-uai phonetic tokens were e.'<:ti'acted. 

T�e phoneme recogntt-iotl task c:r;osen for this �xperimen-t was the recognition 
ot the voiced stops. Le.; th� phonemes "Bt', "D" and ,,,G" ;' The actual tokens 
were extracted fi:om tl1e utterances using mam1ally selected a.coust\c.phonetic 
[.µ>e!S;,provided vtlth the <latabase[38}. Fo:t speaker M�U. fo,r e."<ample, a total 
of 219 ',B"s. 203 "D'rs and 260 "G;, s·were.extra�d from the training and 22i 
".B"s. 17-9- "D"s and 252 "G"$ from the testing data. Both r�c:ognition,schemes., 
the TDNNs and the RMMs, wete t�ained a.n!i, test_ed speak�r-dependeatly/ 1"hus 
in both cases,. sepa:r�:te networ� were trained (or each speak.et:. .. 

ln ()ut database, no pceselectiori.ofto,ice:�s was>p,efforrneq. All tokens labeled 
a.s on� of the. three voiced. stqps were included� It is '4nporla.ni to Mte, that 
since the conso-qant tokens were extracted from entire ·utter�ces an:d riot reai:i 
in isolition, a.s1gnificant a.mount or phoneµc variability exists. Foremost, there 
-� the varra.bility ,introduced by th� phonetic context out of which a token is
e.uraeted. '!he .,aquaf signal of a. "BA;, will t.herefore look significantly different
from ,a. "Bl7' and so on. Second, the. position of a. p�o,nemic y0ke't1 within the
utter:W� int:toduc�.:add.itional:va;iahilicy-. In :Japanese, for example, a "G" is
na&al.iz�. when it oci:urs .embed,ded. in a.n u.tte�ce1 but not ill utterance ini­

-dal pQsition. Both of Qll,t reeognition algodthrns ·a:re only giv�n ,tlie pl',.onemi�
i.dentity of a. token a.nd must find their own ways of tepr�ntio.g the fine vari­
ations of s1>eech. Since recognition results base'd on the training data are not
meao.mgbil,6, we report. 4l, the following onll the r.esults -from open testing, i.e.,
U'O?Xl penbrni.ance,evalu:ation over the, sep�te testing da,ta ·set.

4.2 Results 

Tablel shows the·results fr.01t1 the recognition e.,q,erim�nts described �ove. As 
can be.seen, for all thtef. speakus, the·TDNN yields considerji,ble _petformance 
irnprovemell'tS over_ t)Q.f HMM, Averaged over all t�ree<speak.ers, the ·error r.ate 
.il:t'.edueed from 6.3% tp LS%, amore th�fourfold reduction ill¢or. 

Fig�o tbt9u_gh 'Fig,.l,l $'how s�tter plo.ts. <>f the ieeogn:ition o�tc()me for the 
· fat. data :for. speak� M,AV.,., using th� HMM an.d tbe- ;tD.NN:; for: �he = RMM ( see
fig-6 through .Fig.SJ, the log;,,proba.bility of the u� be�t matching incorrect
token is plo�ted against the log ptobahility7 of the ·correct token., e.g., "B",
,;D� and "G". In, Fig.9 through Fig.11 ;  the activation leve� from the 'I'PNN'$
output units are plotted in the same. fashion. We should caution the rea.der
that these plots �� ll.O� eMily comparable, as the two re\;bgnition methods have

•Parcleul&dy( fot neunl �wor,.b :,uch ren:ilu "ould;'.be- cro-iY �� ·ADC� _good 
·pm--ce could· 'hi. princ:q,le b<t . ..ehie-v'lCI,. by memorii..Lioa ol Lhe. tram,mg pat;enu,, l'IWltt
1h.ut by gmeraliut.!ois. 

T nonmli&ed by � ot frames 
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speaker. 

1\.f.A.U 

:.<HT 

!vL�M 

! 

nurnber 
of tokens 

. b(227) 
dfl79} 
g(�S2) t 

br::08} 

d070J 
g(.2'54) 

.. 
b,(216). 
dU181 
g(2·56) 

number 
of errors 

4 
3 

I recognition
· :tate

f .98.2
r 98.3

1 ... l 99,6

2 1 99..0.. , 
0 ·! 100 ·. 

. . . 

4 ! g5.4

11 J 94.S
l 

.-. -· I 99,4 
.. 

4 I 98.4 
•· .. 

.. 

I TONN numb-er t re.cognition
of errQr$ rate 

18 • l 92.l
98.8 .. 

6 I 96.i

23· I 90.9 
.. ..... 

8 l 96.2
99.1 3 t 98.2 

I 7 1 97 �2 

27 l 87.5
97.5-. 1., :. \J I 92,7 

1 i9"
I 92.6 

._,; 

Ta�le -l: iteco�ition ti;swts: foi: three s peak�ts:ovet<test- da.ta. ti$ittg T-0 N and 
HMM. 

.•• 

been t;ained. in-quite ditf�nt ways. We ptesent this result here to show some 
in;eresti0.g properties of the.i-wo tedmiqu¢:,. The �t st�g o!.>serva�ion -tcha.t 
.can be �c1,de frQtn tb� plots � t.h�t th� output 'Ulti�:ofa. TDNN b;a�e. a• tenden.c:y 
to fire with high. cotdi:dene� as ca.ti be seen from tb.e..du.,tet- of d¢t:s hi the lo'Wer 
righJ b:and. cornet of ·tlte sea.ti.et �lots. Mo$t out.put 11:aib. tend to .fite strongly 
for the correct phouffllic dass' :and n6t at. all for any other, a.•propert)' that is 
ei.,;collng� by the lear.ning pl'ocedUie. One· p·ossible:consequence �f tlri& is that 
teJectio:n. th:rt$hold,s cquld b�int;dduc:ed' ·to�hnprov�'?�gi$ion.performance. 
If one were to eliminate among �euer MAttS: tokens all ·•-�ose ,vhose high.est 
activation le.vet· ls lesit than 0.5 and those which r4:!$u1t- t.ll two or mor e closely 
comr.reting a:ctivatl:onsf1.;e.,. are nt!!a:r the diagbnal;iiith�f seattet plots), 2i6% of 
all t.ok� would be r�ect ed, while· �he remaining: su�itution enor rate would 
be less than 0.46%. 

4.3 The Learn.ed Internal Repr�sent.ations of a 'l'DNN 

Given the encouraging perform.a.nee of o.ur TDNNS', a. closer look at th,e l¢atned 
int erna:! .repres entation. o( the ·networlc is w�ted:. What a.tct the properties or 

18 

I H.MM

l 92.9 I 
l 

l 
! c- -:

..,I I .,.It., 

I 

I' 
I 90.9 
l



abs.tra,i::tior1s that the network ha.s learned that appear to yield a very powerful 
description of voieed stops ? Fig.13 and Fig.12 show �wo typjcaJ .instances of 
a "D" out of two difier�nt phonetic colltexts ("DA" and "DO", respectively), 
Tn bdtb cases. oniy the. cor_red; u _n.it; the "()�output urii-t,. Jires .. strongly, despite
the fact t:ha:t the two input. specttogtams differ considerably from each other·. rf 
we·study the int:etnal nrfogs in.these- two cases. w.� ca,n,s� i:hat �he lle.twork has 
lea.r�ed to use �ltetnate fatertta.l repres-enr,,a.tion$ to link variations in the sensory 
input �o -the same higher it·ve! concepts. A good example is �ven by the firings 
onhe thi.cd a.nd foµrth bidden unit in th� first layer above the input la.yer. As 
can be seen from Fig.la, the foi.J,rth hidden unit fires. pa.rtic.ularly' strongly after 
vowel -onset in the case ot"DO�, while the third JJJ1it' slj.owi .stronger activa,.tion 
after vowel onset-m the ease oi "DA" . 

Fjg,14 s�o'1VS' the signlncance. of these differeti,t ;firing patterns .. Here the con­
nection strengths, for the eight. llloving TDNN·um.ts �e shown, where whi�e and 
black blobs rept�ent. positive and negative ·we�ght$, t�ect'ively, cl.Ad the mag­
n,itude of a. weight is indicated .by the s_i%e .of the blob. 1n this figure. t}te· time 
delays are d�played spatially as ·a. 3 frame window of 16 spe-ctral coefficie(lts. 
Conceptually, the weights in thls window form a: moving. a.coustic-phonetic,fea­
ture de.tee.tor, that fires wh,en the pattern for w:bi� it is specialized is e.ncoun­
tered in. the input speech, in our exa.mpler we <.ah :aee- that hidden unit number 
4 (which �.as a-cti.vated for_ nnbn ) has lea.med to fire when· a. faµ.int (or ri,smi) 
s:econd- formant starting at around 1'600 Hz is fou�d in tlle'uiput (� filled arrow 
in Figd4). As can be -seen in Fig..13, thi$ iis the· case for "DO" and hence the 
firing '6fhidden unit. 4 afte: voieing onset (� row pointeq t·o. by the filled au.ow
ill F.ig:�13}, In the ease of "' DA" (see Fig.U) in turn, the second formant does 
n.ot C'aU .sig#ifi..ca.ntiy, and ltldden unit 3 (p6ifited. to &y- the. filled arrow} .fh;es
i:xrstead; f.tp.tfi\�'igjH w� ¢an verify that 'tDNN''-ltni'l s. hM ie$11:ed to lo* for a
sr.eady {or only slightly falfuig) se.c:�nd formant sta:rting).t a.bou.t 1800 Hz. The
c6ruieet.i0ns-fa.the:se<:otid 0a.Jid thitd layer �h� link the &ui�e.nt fiting patterns
observed in the first hidden lay.et .into OQe a.nd th:e sa:me decision.

A.nothtt ill-r;eresting. feature can be seen iu the bottom hidden unit in hidden 
.layer num�r: l (see F'ig.12� Figal3. and compare with the weights of bidden u.nit 
1 dii,plil.yed in Fig,14). This unit has lea.med to take on the role of -finding 
the �gfuent. h6unda.ry of the! voiced stop.<!t d� so-in reverse polarity, i.e., 
it. is' always 'OU i:eept wb.e,n. the vowel onset of the votced stop ·is encountered 
(see �filled·ari:ow in Fig.13 � Fig.12). Indffii, th�. higher la.yet TDNN-units 
suosequ.ently use this ,. segmen.te:r" to base the fin.al decision OD t.he occurrence 
of the right low:ef features: at the rig�t point in tune. 

In the previous example, we have .seen that the TONN can account for varfa,. 
tiona in phonetic context. Fig)5.and Fig.16-llhowexamples of v�fa.bility caused 
bf th :relative' pos_{tion ofa phoneme within a wc,rd. fn: Japa.n.e54; a ,..G" em­
bedded in a wqrd: tend.$ to be ):iasalind as seen in, the spectrum of a *GA"' 

in Fig.LS. Fig.16 show:s a word initial "GA". Despite the striking differences 
between. these two inpu.t spectrograms, the network1s internal al�na.tie .i;epre-
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sentations man.age to produce in both cases crisp output firings for the right 
ear.egory. 

fig. l7 and. Fig.18, finally, detnonstra:te the .shiift•lnvariance of the network. 
'they show the same token "DO" of fig'.13, qusaligned by '30 msec and � 
30 f?1$Cc, tes�ectivety. J;)espite the gross inisaligm:nent, (not'e that sig:ni.fica.nc 
trqnsriiooal information is lost by the misalignm:ent in figJ8) the- correct result" 
was obt.ain&i reliably. AcloseJook at tile internal act.ivation patterns eveais
that the hidden units' tea.ture dete:ctors do• indee-d fire according to tht,eve.nts
ltl the input sp�ch •. and are not negatively affected by the r.ela.tive shift with 
tespect to the input unir;s, 

Three important pcopei:�ies of the TDNNs h�ve the,re£oi:e· been obsetved, 
First�. our J'D:-fN was able. to learµ withoµ,t httma.n.·�terfere:iqe mea.ziingfu1 
linguistic ab*acc.idnS such � formant tra.�g and segme,ntation. Second. we 
have demonstt.ated that it has lea:tilcd to form alternate. .represe.ntations linking 
d.if{eren� acous,ic eve,n� with.th� s;mie higher . ..letei coh��pt< fa this fashion
k· can imple�ent trading .r�.lations. hetweel:). lower. levef a.cQU$tlC eYi!nts ·1eadfag
.to .tobust recognition petfQ�a.nc;e. � Thiid, we have see; •,\ha.t, the MJwork. is 
sh-ift •. invariant. aJ!d d� not. i'.ely on precise aiignJnent or segmenta.tion of the 
input. 

5 Conclusion and Summary 
♦• 

• 

\,, -. 

In this pap.i!;t we !lave ,presetttea a•Tim.e ,Delay N.�ural N�tWtitk (TONN) ap- -
ptoacb. t.a phoneme: reeognition. We have shown that this TD.NN has two desk­
.able propert:ies related to th�dyn:amkst.ruc;me .of,speeehi ·Firs�¥ it can ltarn the 
teinporal structure of acoll5'tic events and .t!:i.e t�po�al .relationsbips �etweeJ:1. 
such events. Secon.d.,_it is ct�lati.on inva:fan;,jha� �. thie features lean:ied by 

• the nei.w1:>tk axe ,insensitive t.o shifts in time, E,cilMriples :.demot:!5uate chat the
network wa.s iJJdeed, ihl�. to ie�n acoustic. pbone:!.ic fea.tu.:es, $tt�h as formant
moveme�.a:nd seg1Il�n:�tion1 •. and .use- the� effe�;ively as inter11al a.bsttii.;tions 
of sp=eech. 

• • 

Th� '.I'DNN presented,. he-re has two hidden.layers and �as �e ability to learn 
. complu non•l.in-ea.t .decis,ion,$u¢ace,. This, �ou.l<fbe .-see� [rpm the �etwork·s 

ability to uife .altem�e. int#nal represen;ations and: trading relations among 
low�r lev� acoustic-phone-tic: feuures, in order � :�;ive robustly a.t the eo.n:ect 
·nnat decision; Sueh =al�nate �epr�ntation, ha.�· bee.n particularly use!ut f◊r
representmf touns that vary coi1sider&hlr"from each o�her due '° their different

,pho�etic environnient, or theii p,csition within the :o,riginaLipeecl:i, :utterance.
Fm.ally, we ha..ve,e,valua�ed the l'DNN on the r�gniti0.n of tbu• a:(OU.Stically

similar phonemes,. the voice.4 stops "B" ,"D" �d "G". I;n:extensive performa.n.ce
• evalµation over-testing (jata from t.�ree speakers, the ,l'DNN achieved�. average

recognition scot� of 98�5 %- For- comparison, we ha.ve applied �a.rious .Hidden
Matkov Models to the same task and only been able to reaeh ri:i;ogni2e 93, i %

20 



of the tokens correctly. We would like to note, that many va.ciations of RMMs 
have been attempted and many rnore variations of b oth HMMs and TD, Ns 
are conceivable. Some of these variations could potentially lead to significant 
il'IJ.pro,;ements.-over tfie results reported in this study. Our goal here is to present. 
TDNN.s as a.new and successful approach for speecn recognition. Their power 
lies in thei:r abiiity to develop s·hift-invarrant internal abstractions of speech 
and use them in trading relations for making optimal decisions. This holds 
signiikant promise for spee.ch recognition in general, as it could over-come the 
rep,resentationaJ w-eaknesses of existing techniques when faced wit;h. uncertamty 
and variability in real lif-e signais. 
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Figure 6: Scatter plot showing log probabilities for the best matching incorrect 
case vs. the correctly recogn�ed n B" s using a IOL.\i 
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Figure 7: Scatter plot showing iqg probabilities for the best matching mcorreet­
ea,se, vs, the com�etly reeogniied "D"s -using a. HMM. 
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Figure 8: Scatter ,plot sh.owing log probabilities .for the be$t. matching incottect 
case vs-. the cOl'l'.ectly �ogn.ized " G" s using a HMM 
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Figure 9: Seatt-et plQi showing a.(tivatio11 levels fo.r the best ma..tehing incor.rect-
case vs. the cottec.tly recognized "B"s using a 'I'DNN 
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Fi.gme 10: Sc�ter p1ot showing.activation levdsJor t_he bes.t ma,t.c,hing incorrect 
case vs. the C'otteetly teeogniz.ed "D"s·using � TDNl'f 
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case vs. the ·c.orrectly recognized "G"s using a 'I'I)NN 
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