-2 : - PATTERN RECOGNI TI ON Thi s
i-nvention relates to pattern recognition apparatus and particularly, but
not exclusively, speech recognition apparatus. This “invention relates
al'so to a nethod of training such apparatus, and a nmethod of use thereof.
Conventional pattern recognition apparatus typically conprises an input
for signal “~data representing the pattern; a front end processor which
extracts sone (hopefully) significant features of the signal and di scards
other data (depending on the nature of the sjgnal, this stage may be
unnecessary), a set of stores each holding™d representation of features
whi ch correspond to a known pattern to be recogni sed; a conpari son device
whi ch conpares the features extracted fromthe signal data with the
contents of each store to produce, for each, a variable score, or neasure,
of the simlarity (or distance, in fPAITERE RECOGNITION ween t he signal data
and that representation of the known pattern; and a deci sion device which
selects the pattern to which the signal data is nost simlar on the basis
of the measures. One store will be provided for each known pattern,

al t hough sone cases and soffbispinvtmiomsreiatey tohPakers e veeegaition orpperaty® kdng
stores, each hol _di ng a peheib 1815 Ndur Sszéﬁdxsivﬂﬂpﬁﬁﬁﬁnfeaﬁginﬁiﬁn apparatus. | I'l'hfsh? field
of speech 1ecogn! t1on. Q05 YGREIR0 . SlEbaYs iSlahe 1BRdplaRE, Al aRERGN SCT OF
this general kind enploys a technique known as d?nanlg time warpi ng (DTW
to effect the conpariséhusethrigef-s di scussed in, for exanple, Speaker

| ndependent Recognition of CYiektiondlisjanén Ghaogdiden appariag lypicgilfeeomptiseRan Rabi ner

et al, |EEE Trans on AQGR folQknaféata fBrefbniidiUle Jattéfh; a front end pRkdisol G&RAI que 'S
enpl oyed because it allows a c? qrgﬁqn_€hlc IS %ugsta tuﬁ}l%glqggpendent
of ‘the position or dur&P6HR%G* %gﬂ‘ FEUUERt SR ¢ “é%“%ﬁ’é 1SR AE to align
corresponding parts of ditnfderendiog enxbesaturpof thasitml chisstage ohnbotseectsaran as

dynam ¢ space war pi NQ) a ket oftkcréd et AbliiB b €epbeddntdtidR OEf eftRGOGNIEH dofEpond to It is
al so known to use a hi S’gx?o%n'\éa{%e‘%ﬂ Rael ;L AN, | J}isérf‘&%?fébwﬁi?ﬂ’o%!ntci Q0. wth a
simlar benefit in reducing fhe epen ence on even

features extracted from the signal data with the contents of each store to

produce, for each, a variable score, or measure, of the similarity (or distance,

in feature space) between the signal data and that representation of the

known pattern; and a decision device which selects the pattern to which the

signal data is most similar on the basis of the measures. One store will be

provided for each krown pattern, although some cases and some patterns may

have several corresponding stores, each holding a different stored

representation.

In the field of speech recognition, one successful and widely used type
of recogniser of this general kind employs a technique known as dynamic
time warping {(DTW) to effect the comparison. DTW is discussed in, for
example, Speaker Independent Recogmition of Works Using Clustcriné
Techniques, L.R. Rabiner et al, IEEE Trans on ASSP, Vol 24, No.4, Aug

™ 1979. |

This technique is employed because it allows a comparison which is
substantially independent of the position or duration of pattern events in the
signal, so as 1o align corresponding parts of two utterances. An analogous
technique (known as dynamic space warping) is also available for image
recognition,

It is also known to use a hidden Markov modél (HMM) in speech

recognition, with a simifar benefit in reducing the dependence on event



-3-. ¢ duration or position. This is discussed in, for exanple,
UsS4587670; .in "Hi dden Markov nodels for automatic speech recognition”

S.J. Cox, British Telecom Technol ogy Journal Vol. 6 No. 2 April 1988
p.105; and in:"A. Tutorial on H dden Markov Mdels and sel ected
Applications, Speech Recognition" - L.R Rabiner, Proc. |EEE Vol. 77 No. 2
February 1989 p. 257. In either case, the decision as to which, if
any, recogni sable pattern is present is made typically by sinply selecting
the class (which in speech recognition will_be a word or other speech
particle) with the best class score; the cF33s score bei ng cal cul ated as
the sum of the k best matching exanplars fromthat class or the K nearest
nei ghbours (K-NN) nmay be used. The K-NNrule is described in

" Speaker - 1 ndependent Recognition of Isolated W rds Using Custering

-Techni ques"”, L.R Rabi denti@t orapgsitibEEEATF isadisussah in, AGSRample)| US438I67¢Idn 4,
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class scores, it is reﬁsor}%g § ggums thgt tprg(g ardeg infor. ti on
amounts to no nore thatf®® sscF” 485 8 Peiel BetgAbPrs (SO B2 Uthd TPhit
consequent |y the deci sKoWN %li%#sqrée%as&mkyn-ltﬂ@mdﬂt Retrgwitiomef] Jolatee K
classes with the K hi gweat stag)lmswnigsrem.w SERS Ribidea i ngxmti—:snedsdad t hat
| nf or meit i on. U REeSYRILY o AU, PR hhed Bhock EARELIY TENCE O
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pattern recognition apparatus c¢an
t hrough the use of KNNPRECP shedusingi@isphyet (W’ﬁk{k‘f‘ﬁ@ °(§éll9|a§1"6H§ s"@ﬁ"st he SI s of
all the scored cl asses. Of coufse ANNIhatlgotbed seledtive sitcidanpeaking hétkods raes ent

i nvention provides appﬁ&éﬁ:b@xnfp% béc%“s@ﬁ:@& é!aﬁlg o;;},r fx%fv% Fachesh Wk §LSHIBS

conpri sing; an input for@ g‘f%‘ ural i tores each . storing a
r epr esentation of a p ?gtx A uﬁel?e tge mast rElcvant class the low scoring classes pe:
ignored. This approach is clearly advantageous in any application where

many decisions need to be made and/or where the total number of classes is
large. The prevelance of KNN and other selective decision making methods )
is testimony to the perceived benefits of this approach. Thus, although it -
could be observed that decisions made using KNN deliberately ignore ;i
information, that is class scores. it is reasonable to assume that the discarded -
information amounts to no more than "these classes have very low scores” and
that consequently the decision, which is based on comparison of only the K
classes with the K highest scores, is no worse for having discarded that
information. '
Surprisingly, we have discovered that the performance of pattern
recognition apparatus can be improved, relative to that obtained through the

use of KNN decision making, by making decisions ou the basis of all the

—tgenes

——te o an

scored classes. . .
o According to a first aspect,the present invention provides apparatus
for recognising predetermined patterns, comprising; an input for signal data;

.a plurality of stores each storing a representation of a pattern to be



-4 - . recogni sed; neans for producing, for each said representation, a
measure of the simlarity between the signal data and that representation;
and nmeans for deciding fromthe said neasures which, if any, of the
patterns to which the representations correspond is present in the signal
data, and for indicating the presence of any such pattern; characterised
in that the neans for deciding are arranged to do so on the basis of all
of the said neasures, each recogni sable pattern corresponding to a
predeterm ned function of a predetermned .plurality of the said neasures.
According to a second aspect the present invéntion provides a nethod of
pattern recognition conprising: receiving input signal data; conparing the
i nput, signal data with each of a plurality of stored representations each
corresponding to a pattern to be recognised to produce a plurality of
corresponding simlari Trééoé,ﬁ?s@&lﬁ{eﬁn%,for pPJdekgCtd?Gaci:%d Et@?ekbnﬁﬁ&ﬁ @lidashi obe
recogni sed a score whi h o3 g)r edetg %}% ng rsc?non a Jgeagg erm ned
plurality of the siml aﬂg HPehe sgy dalp ARG ALY °p°%nt e fecognt sed
pattern on the basis oﬁequszﬂerbewdmasutes whigheifl way obthe patieqlis sV Bich @frbodi nent
of the invention is tOerE@atacfbheors&wne.slpﬁfeamrmemgmaasa aeiffbrihdigating hoi Nt in a

(score space’, 1. N Shild Blyshok JEATHLRTCALA A6 hedalshS el el 021 U e

set to a classifier. This appr eoretical attract

under certain conditi oPf&r8tda dpEeRn thelasisefall of thy said grasyrss, gask "i"ﬁg“éfa%t ric
space (of unknown di nepsiconjorasmndifge ke Qregetbdniied foosion of @ prodesapingd st ances
into an "utterance spaglg,ah(ylolgtgchgdmgrepf speech recognl tion) with tokens
"being classified on the ba space. icamethod
Conventionat techniques co ‘(';Sh‘*"?gégese&%fiys"%"h‘hﬁi‘“e °n“n TG PRadsr 880

cl asses, as these cor refspiierd recoenipiontcemprisizgo whi ch the i nput signal data is
most similar. However, reviliPibPurfsRud) dad 6puSingl CHeakue sigadlidsid I with tash B0 | NCr ease

in accuracy of recogmélksﬁtg o?flmbft% rg%héﬁtﬁ%q%@égtcgrﬂs 4R 40 P maJ, 2 pof

‘measures correspondi ng simlar, in
conbi nat i on. Al terReaisns tparfpducs g burality of &%’Eﬁ‘?‘ﬁné‘l“g é’&ﬁ‘l‘ﬂ"’b‘é”ﬂ'é‘éd as the
deci si on neans. sever aprofaing fardich patteyyxe be @éogniprl@b@ry veldeh is a predeterplinédaussi an

classifier, as descri bﬁdc:ion ofd saete&&aédl Brafily G27 il famamy'\&ésanéagx‘@
Col l'ins, 1SBN 0-00- 38303 or Pa t eCcQ nbétl 041 Statistical

Approach”, P.A Devi] vaficaos Heygpepgais Pa"ﬂ”e"ﬁt ‘F“"“f"éBN 0- 13- 654236-0, i s

One way of viewing an embodiment of the invention is to treat the
score information as defining a point in a "score space”, i.e. the similarity
measures are used as the input feature set to a classifier. This approach has
the theoretical attraction that, under certain conditions, the measures are
actual distances in a metric space (of unknown dimension) and therefore it
is possible to map distances into an "utterance space” (in the case of speech
recognition) with tokens being classified on the basis of positions in that
space. '

. Conventional techniques concentrate only on high-valued measures or
classes, as these correspond to patterns to which the input signal data is most
similar. However, we have found a considerable and surprising increase in
accuracy of recognition can be obtained by taking account also of measures
corresponding to cases to which the signal data is pot similar, in combination.

Although many types of classifier could be used as the decision means,
several particular types are preferred.

A Gaussian classifier, as described in "Classification Algorithms”, Mike
James, Collins, ISBN 0-00-383054-3 or "Pattern Recognition, A Statistical
Approach”, P.A. Devijver & J. Kittler, Prentice~Hall, ISBN 0-13-654236-0,is
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-5 - . one preferred enbodi ment giving a particularly high accuracy on
ddta types (such as suitably paraneterised speech) which are well nodell ed
by Gaussian statistics. In this case, the Gaussi an nodel for each
recogni sable pattern'is derived by cal culation on training data. A
second suitable type of classifier is a neural network, the connecting
wei ghts of- which may be derived in a training phase on test data. A nulti
| ayer network 'such as the nulti-layer perceptron (MP), descri bed in- for
exanple - "Milti-layer perceptrons applied to speech technol ogy” - N
‘McCul l och et al, British Tel ecom Technol ogy-3eurnal Vol. 6 No. 2 April 1988
page 131, is preferred because the mappi ngs invol ved are not necessarily
i near with many types of signal. There is some apparent simlarity
bet ween the invention as defined above and a conventional MP, insofar as
the input |layer of a MP a.set o each r | he i nput
si gnal vector and prodﬁceipﬁ%“g%nc%u Bt sied I‘?ammﬂar?y b acq[um%ggn &éwﬁ’ °£e of the
sinilarity between the(shehgeuitably metv’e@tsmeclawawbhre%chlﬂhd\m&awwa t hat
mode. This apparent si ghdsaési Ty thisd Gsel bk GamEiyn AOWEIE each irétognisalile pdieindas
according to the invenjiQn, {f&,cugfmton tﬂ}In?{%dagaDTW or HW) is separately

an

trained to derive the store M.P the wei ght vectors
stored in the input |ayer éf@%@&’i“’i‘?@dyp&yfﬂﬁﬁ‘““éﬁ‘a?ﬁé‘“°W‘?H‘1 SFEPHPE hence
wi || not generally beaweiginyofpeli¢h mayl terderiveld'dd 2 omining phdseon paditer Agult be

recogni sed. Pr efh g aedomhaqg&eqiustua@é gkﬂgpt%?hdﬁﬁb gisapkodnedol N the
cl ai ns. O her advar’it agﬁé ey lpre erred fe S }mo}ge appar ent
fromthe description afg™ pli-layer” percepizons; apphied 10 SREEG fFET988 be

descri bed, by way of eNafﬁﬂP@ee#l§f§tl_sb\ﬁ1w0@é"P@P@!mé°¥ealiVPJe5ﬁeédﬂﬂ’dﬁ% ng
dr awi ngs in which: Fi Opage13l, ShRVIErraChesiad ihe alabding@n@Nia0 diendd hecafarilyne

invention for speech rgeagnitiol 1y esofﬂguﬁeferrr ng to F| gure 1, speech
signal froma mcrophone is rec i Jed at an |nput sanpled (eg. at 8KHz),

band |inited and digiti sedeHdt s@ﬁd\m’b‘”‘ﬂf’“ lasiy Pefyeen 'i"ﬁt"é?‘\i‘&’l‘%‘ qeligedrg ocs)
the signal is anal ysekbbw tdra venvantivedl, MEBP, insofareasahe figpat layesof(aMIFh may be

LPC coefficient or Sp%&zbédcsHe?d?iS&EéEcﬁQ&‘efJxﬁg%&H{anﬁsz vc@fo?an@'bﬁat:l@di@jl y
nel -frequency cepstral coeffi start

A
(and end) point detect®8® ?“Hgg'e%issmtfhcé %‘P‘é’r"ﬁ'e 8?&55?’ é‘gtr’!%“w“" the fiput

signal vector and the weight vector of that mode. This apparent similarity
is illusory however, in that whereas according to the invention the input layer
(DTW or HMM) is separately trained to derive the stored templates, in an
MLP the weight vectors stored in the input layer are trained as part of the
whole net and hence will not generally bear any particular relation to the
patterns to be recognised.

Preferred methods of training are as disclosed in the claims.

Other advantages and preferred features will be apparent from the
description and claims. }

The inveation will now be described, by way of example only, with
reference to the accompanying drawings in which:

Figure 1 shows schematically an embodiment of the invention for speech‘
recogaition.

Referring to Figure 1, speech signal from a microphone is received at
an input, sampled (eg. at 8KHz), band limited and digitised (not shown). At
suitable intervals (16 msecs) the signal is analysed to derive a set, or frame
of features (which may be LPC coefficient or spectral transform coefficients
but are preferably mel-frequency cepstral coefficients), by a front end

processor 2. A start (and end) point detector 3 detects the start of a speech



-6 - - event in the signal, and fromthis point until the detected end
point, feature franmes are accunulated to forman input vector X (= [err]
This vector X forns the input to the DTWstage 4 used to generate
simlarity distance nmeasures. The DIWstage 4 conprises a plurality m of
stores 4a - 4g, at |least one for each pattern (i.e. word) to be recogni sed.
For exanple, ten stores may be provided for each word. Each store 4a - 4g
contains a tenplate conprising an averaged feature derived fromtraining
data. The input feature vector X is conpared with each stored tenplate, and
for each a simlarity neasure S[err] is calcgkated using DTW The
simlarity neasures S[err]-S[err] may then be appropriately scaled (as

di scussed bel ow) by scaling units 5a-5g. The scaled simlarity neasures

S [err]-S[err] formthe inputs to input nodes of a nultilayer perceptron 6

of a known kind. In such .a Struc t.he it pust es 7a-7g
‘are connected to the ﬁv(fﬁ‘eg‘h(‘j'fs'géa "in‘(’ig‘g’ﬁ %\@fgﬁ’ d¥t°°‘ deefng PPRe R ?cag er of

‘patterns is relativel framesard accmmldtedﬂmoemebmm@tw (= *prref-efur ed‘n) but is
not mandatory. The hi ddenTioedRer Xofofis (B Rpt Qs e CTWsthgd dousgd targdderdryy Of

out put nodes 9a- 9e "ms'xgﬁd‘?y%s%&ce mg&ﬁ{erema&rwg u‘rggggn;ep éﬂgh[g@‘gprs of

patterns to be recognise nterco ssible is
preferred. Wthin eac’ﬁ“&‘d'ﬁr'réét’i‘ Isast onerfpreach; rattern (fe; WTE) 1P Ao TeCR8ARAN FOr t he
val ue of which is deteanplacen stones may ba @ovidedfor chble wondt [(Hath géreedach4gode i s

the sumof its (vei ghtsgdins 'arﬂegﬁgla?te cdﬂf)l'lgxﬁgoid :ﬁ’gram f@anﬁ-b gmcg@ommzﬁd near
activation function

del
nore conpl ex data nap‘gu"‘né'bpmp“tq“'“” Y:‘é(?fi%&ff'm"%ﬁvdﬁéaﬂémgg '?)"fpga\ﬁ Jm
'signal cortespondi ng tfor choh esimilerity gfeasare §j is criculptadtusing DWass. The " cor r ect "
detected pattern may be setRGidriymdasieats-8Y mm&eﬁa&a@s&prieutymmedrtwe

si gnal . Several SAINE Giably Agel @é'se-, Gt bl T

feature extraction an nerarl
processi ng (DSP) si ngl%¥hfPmdBs inpets 1 ingugnedescof Gfm‘HPBXFFd’Pﬁ@P‘{"H ‘ﬁé’cessary
har dwar e. Al t houghwi kixde 18 kehracsprodtiss, the phubality oftiepwtoodes 7af7gatd t abl e

hardware (purely anal %k&ﬁcte@é&rtfe'nxdegb&h‘iﬁlm1%:%‘ Wwhbre hPhud RRSeIpRtd?E 2
mul til ayer perceptron as, de cr| gw\a,} ove I n the recog gltlon m) e, there are
0

al so advantages to thd® \‘“&“ BREPBASHCD i RF B0 UL BY 5P ﬁgf’ di gital
processor emnulating a Tihetthcknodtsrﬂe-QSmwe@sttcﬂQtOpwmhtr efcpwrpuegodesdaade | east an

which are at least equal in number to the numbers of patterns to be
recognised. Again, full interconnection where possible is preferred. Within
each connection, there is a weight (not shown), the value of which is
determined during training. The output of each node is the sum of its
(weighted) inputs, multiplied by a sigmoidal non-linear activation function.
Muitiple hidden layers could be provided to model more complex data
mappings.

Each output node 9a~9¢ provides a signal corresponding to detection
of a given pattern class. The “correct” detected pattern may be selected by
locating the largest output node signal. _

Several commercially available products are suitable for feature
extraction and DTW stages 1-4. Generally, a digital signal processing (DSP) .
single chip device is capable of providing the necessary hardware.

Although there are reports in the literature of suitable hardware
(purely analogue, purely digital or hybrid) for realising a multilayer
perceptron as described above in the recognition mode, there are also
advantages to the use of a conventional microprocessor or DSP digital

processor emulating a network; the processing power required is at least an



-7- order of magnitude | ess than a rul e-based approach to the sane
recognition problem The invention therefore enconpasses both; the phrase
"neur al networ k" herein has this broad neaning (but excludes |iving
organi sms). ., Suitable training algorithnms for such neural networks
are known; for exanple, the Runel hart back propagation algorithmwhich is
described in "Parallel Distributed Processing” Vol 1, David E. Runel hart,
James-L. MCelland, and the PDP Research G oup, Part Il, Section 8 MT
Press, |SBN.O-262-18120-7 is one such nethod. It should be noted that the
nunber = of out put nodes 9a-9e can exceed the7nunber of signal classes for
which the DTWstage includes tenplates (unlike the DTWrecogni sers known
inthe prior art). For exanple, an output node corresponding to 'class
not recogni sed" could be included, as an automatic failure test. Equally,
the recognised signal cl a&ses C ukd Fe e %nd d b‘}/ I}gef easggu;cgn. of extra
output nodes during tA¥e Ji‘“ﬁi"h“& S 1PaRE TRIETORSCS BRPTESL RSP Fo%niioy) ¢
recogniser, it mght peblswssThsliavention thereigrreensemnstsessbqt Ghe elrasapnasral 14" on
tpe Easi S 012 the di gijh?w@rk?her&ihhzﬁ tﬂysrpmméaﬁhglgm?egeﬂuadmva‘ngefgh.asldwak firing
of the "4" (input node), L hough. recogni tion o c|l asses i s not
expected to be as reliabl g‘fm&e prgmmgﬁ%rggnr’saélof\sl?ﬁlbneag#ggggg %rggnolf\ylflf}sc_’ét age 6
nust not in general bes¥aelst the Rumelpart bask propesativp\Alegrithgewbick ifdessuibrdlint hi s nay
at first sight seem surfpralldi Digyibuttd) Penasis tvl naDevié Brfyogiiaeniamead. st at ed
above, the DTWstage 4pcgichiah) AA%6k My Restardll SKEH ARTK@Ued¥Rdehrf B st age
- in which stores 4a - 4§Bcont ai_n 2§r7e,-dete}:‘m neéj sga@‘g tragm tlhon sequences
each associated wt r r : ) e
(each i ated with ZENAFISFASAr” pae ik meiad Jtehpuid rginfes &5 the 24mbPet he  HIVM
stage i ncl odes a pr ocesfagpuiwodesifadakanekeredthe nymbenefcigadiclassesforwhithithe gi ven
iRput ?/:acL or X {:forrezpnmlﬁisage hemaaa&imu‘mt(mbeéhswl ReEmisth ikagvn fQhe €XANDI €,
the we nown Viterbi_al gokitlhm_ These pr i Ljt] SLerrl]l-.Slerr] are
t hen supplied to the c?'g’ég?f{)'i' e€°rs°tx%1n§§°’Ganaosuq‘f)u?en\f’fﬂ()ﬁ%rﬁe%m 18 t%’re%s(s)dlg of
deriving suitabl e stat®caspisadsFeuidobr inefedeRsastan antomptis {31lvrg tefat Kawle trescri bed
in th_e above refer encedcqgnihﬂdisigaﬂicmm.cogld be expandembyanhmdﬂaton_aaf tafarvaipuy € _
embodi ment of the i nvepiyQflrind A€ cHihAS 3 dhl FLPSHAGEMPle] i 3 Qlgi Q0D sy, & GAUSSI an
classifier rather than ,ag 2 e al network. ccordlln I4y, thei\) Sl lIlarlty
neasures S = S[err] - S[BEH °§3ﬁﬁ’ﬁ°ﬁ 18 droe YRS HPt BPRPIREC T HY PatsRidi are
recei ved and enpl oyed digitsiOnd uthis ovtputzhei@a gxeited from iarmedek dining of the "4” (input
node), although recognition of such extra classes is not expected to be as
reliable. .
The training data set for MLP Stage 6 must not in general be identical
to that for DTW Stage 4 (although this may at first sight seem surprising).
In one alternative embodiment, as stated above, the DTW stage 4 is replaced
with a Hidden Markov Model (HMM) stage in which stores 4a - 4g contain
pre—determined state transition sequences {each associated with a particular
pattern to be recognised), and the HMM stage includes a processor which
calculates the probability of the given input vector X corresponding to-each
of those sequences using, for example, the well known Viterbi algorithm.
These probabilities S-S, are then supplied to the classifier stage 6 as
previously. The methods of deriving sunitable state transition models from

training data are described in the above referenced publications.

In another alternative embodiment of the invention, the classifier stage
6 functions as a Gaussian classifier rather than as a neural network.
Accordingly, the similarity measures S = §,~S, supplied by the pattern

matching stage 4 are received and employed as inputs to a2 Gaussian fuaction



-8- - calculator (performed typically by a mcroprocessor or digital
signal processing device). The general formof such a function is as

fol |l ows: [err] wher e: U = covari ance
mat ri x ' ' "m = mean vector d = dinmensionality of

i nput data of stores Each pattern to be recogni sed has a
correspondi ng such Gaussian function and the result of applying the
function to the simlarity neasures S[err] - Sd provides the output signal
for that particular pattern. The pattern recognised may then be sel ected
on the basis' of the |argest such output si gnér. The net hod of

deriving for each pattern to be recogni sed the correct Gaussian function
paramnmeters (i.e. the values of U & nm) is described in, for exanple,
"Classification Algorithms"”, Mke Janes, Collins, ISBN, 0-00-383054-3. As

above, different trai nmlaﬂﬁt(ﬁer?d?mE&Q{plédﬁﬁd)yt Y ﬁxEr@ercc&sb:e or ik e kignalBt Chi NQ
stage 4 should be enplo °§V§td§‘r’ﬁcﬁn sf.{. %?8?{%3?‘ acsfﬁ“"lﬂ p&non ) a%of08¥stem as an

Exanpl e The ey "hore ef ence

tenpl ates per class. Each input utter ance; Wi I,le.,pgaa.a;ﬁtched separately to all
the stored reference tenplates, proddcing. az n? €core for each match. The
M.Ps can be viewed as having a set of IS-E Es (one for each class to be
recogni-sed), wth each output being a function of a set of inputs. This set
of inputs is derived froma subset of the reference tenplates and this
_subset is fixed beforewkaai ni \y=aodriesewacixanged for recognition. During
recogni tion, the input utteragp.e ,Jwa“,ecge recogni sed as being of the class
- of the hi ghest out put . each sFt of inputs nust contain

scores fromat least 2 cl asseg "f'm"%s“’é'%/létéf’{nﬁ?p‘&ldf‘?@ Ut ates it from
k- nearest nei ghbour rules. Typically each set of inputs will conpri se al |
of the scores produced by Habi€ pattern to be recognised has a corresponding such Gaussian

function and the result of applying the function to the similarity measures §,
~ §, provides the output signal for that particular pattern. The pattern
recognised may then be selected on the basis of the largest such output signal.

The method of deriving for each pattern to be recognised the correct
Gaussian function parameters (i.e. the values of U & m) is described in, for
example, "Classification Algorithms", Mike James, Collins, ISBN,
0-00-383054-3. As above, different training data to that used to train the
pattern matching stage 4 should be employed.

Generalised case using DTW+MLP System as le

The DTW system will contain one or more reference templates per
class. Each input utterance will be matched separately to all the stored
_reference templates, producing a score for each match.

The MLPs can be viewed as having a set of outputs (one for each class
to be recognised), with each output being a function of a set of inputs. This
set of inputs is derived from a subset of the reference templates and this
subset is fixed before training and is unchanged for recognition. During
recognition, the input utterance will be recognised as being of the class of the
highest output.

In this system each ser of inputs must contain scores from at least 2

T classes. This clearly differentiates it from k-necarest neighbour rules.

Typically each set of inputs will comprise all of the scores produced by the



- 9 - DTW sub- system The full systemis trained in the

foll owi ng way: - - * The DTWreference tenpl ates are generated
(using well known ) t echni ques). * Utt erances of
known cl ass are matched using the DITWsystem to produce
scores. The MLP is trained using the score/class pair fornmed
in the ) . previous step i.e. the scores are the inputs and the
cl ass defi nes the output for the MLP (1 in n coding i.e. the
out put - representing the class is set high, the others | ow).
The training process defines tBRe functions that produce the
M_P out put s during recognition. O her Cases O her

cases (e.g. HWinstead of DTW and Linear classifier or Gaussian
classifier instead of MLP) can be dealt with in the sane way as the above

exanpl e. The inportant gwlbnghdLn between this technique and nore
conventional approaches is_the way it a,tte_n‘E)ts to. discrimnate between
classes by using informati he FUGHTE BRpHR R iglogf"83@Yt o provi de a val ue
for each class to be consi*der e DTHefcxntarapiae sregenauedfsispdelbdmowvne cl ass

wi th the highest val ue. techniques), Exampl e A
subset of a manually and pQi nted dat abase s used .as the.s e of

t el ephony quality spoken dngi t'gm('T-cﬁ °g§ °évr’?\(l)é?a§5“ﬁ1’3gﬁh§ ?‘%ﬁeﬁgﬁs"ﬁ%ﬁpl ed at
8kHz and converted to a nel - f riegiedereyeogsdpst ral coefficient (MFCC) format
with 8 MFCC coefficients ever yrstMIFSRained BEng the 6Bdre@dls fair Tamedat theised.

Thi s dat abase was divided int opra,pogghﬁ,ri_e.slgg &br:%l'gc h,mpg e MiEs d8sdesi on rule
requires a set of score data representative of those %s(punél In testing. To
achieve this the designated tr3F APRY E5ethe k& i peRdingels RELU P ti ti oned
into two parts. The first par trefreettingjheglass ivsstchight the pthets tpw)h EhdDTAlisg/ St em

the second to train the MP dgficssk @brides! bR fuddfiSnsSiBit pisuet ive MLBbdipde DTW
system had 12 clustered tenpl 3{5’95 r?erni}e@nrd, then MLP training scores were
f .

generated by "testing” the DTWSEYTER 0N ot hersets utterances. Testing data

for the decision rule was generated by "testing" the DTWsystem on

Other Cases
Other cases (e.g. HMM instead of DTW, and Linear classifier or

Gaussian classifier instead of MLP) can be dealt with in the same way as the
above example. The important distinction between this technique and more
conventional approaches is the way it attempts to discriminate between
classes by using information from more than one class to provide a value for
each class to be considered. The utterance is recognised as the class with the

highest value.
Example

A subset of a manually end pointed database was used as the source of
telephony quality spoken digits (1-9 & zero). The data had been sampled at
8kHz and converted to a mel-frequency cepstral coefficient (MFCC)' format
with 8 MFCC coefficients every 16 msecs. The frame energy was not used. -

This database was divided into speaker sets. To train the MLf
deciston rule requires a sct of score data representative of those found in
testing. To achieve this the designated training data (sets, A,B,C,D&E) was
partitioned into two parts. The first part (set A) was used to train the DTW
system: the second to train the MLP decision rule. The set used to train the
DTW system had 12 clustered templates per word, thea MLP training scores
were generated by "testing" the DTW system oo other sets utterances. Testing
data for the decision rule was generated by "testing” the DTW system on



-10- * ° different sets. The MLP trains nost successfully when

i Nput data is scaled so that it is-approximately in the range 1. To create
M.P i nput with appropriate dynam c range, each DTWscore, S, was
transforned to a value S by the following relation

[ er+] Wth the score data used,,scale factors of a =5 and B = 9
were found to be suitable. : Al l I\I/EPS used in the experinents had a
single hidden layer, with total interconnection between adjacent |ayers

w th weight values limted to a maxi num absol ute value, M as described in
our earlier GB application 8915085.8 (agents ref: A24037). This has

previ ously beeglnggﬂqeltso gi ve inproved generalisation and wei ght
quantisation performance. A signoid activation functjon arjson) was
used in the hi dden EhsdMbhitins mast quscessf ully ¥be npyt data tdea‘%%f nfhé?“ee

appl i cation nojs Sely fna@eNhsger-al - THARRMILP input wamepﬁapﬂatbs di vi ded
into 10 classes (digits) and represented b ?%&Fgal ed res er cl ass,

i.e., 12 clust GYRAPif E3Rseatash DBV sGRfeqS ﬁi’s\/ lfﬁ.?sa nodes. The
networks used idloRidgitdlatiobnits with a "1-in-n" output COdI ng as di scussed
in, and for the same reasons as set Qutsig our previous PCT application
GB90/ 00443. The data flow is as showh in,Figure 1. During training, the

out put node corresponding to the current utterance class was set to a val ue

of 0.9 with all of g, yaicl e Sk ik Qeale colUEL S10h £ EGROBILS QUrd 15081 aSSI 11 €

class was given by the unit wth argest out put val ue. A series
of experi nment stoskersitpllef or med i n whi ch the nunber of hi dden nodes, N, was

vari ed between 5 ar)ﬁlﬁip@ﬁyédtme%ﬁ@rmsvxﬁuqtaﬁgmhd&nwa twithlod 1.5, 2.0
or "infinity". The | earni ngz par adi gm used a_, paxi nmum 8&53{500 iterations.

Only one parti GHTsensEeintobs V(E?”gﬁ?la%ﬁ“éﬂiyeﬂﬁag"‘ﬁs"éedgl\‘o‘?a poilsg 9 WP
par anet er s andmakimuBehbaks villut M, e deaditbed Utildar eﬁﬁxehﬂﬁi@pplﬁﬁdeﬁ started

et accur aci esPRatB s sorl A0aER, AT kSThesP Ry By Bl o o o
utterance was inmewidfgdeacraismtionanésteight quingisationr meformbaes Aagogiden by one
~of the highest ac?iv%olzx)l RME:EM(c&Rg&&on)T\D?stusLé in tﬂ@ flddén azxi]d &HSut units as
discussed in our earlier GB application no. 8922528.8 (agents ref. A24098).
The data is divided into 10 classes (digits) and represented by 12
(scaled) scores per class, i.e., 12 clustered templates per word, giving all
MLPs 120 input nodes. The networks used 10 outputs units with a "1-in-n"
output coding as discussed in, and for the same reasons as .set out in our
previous PCT application GB90/00443. The data flow is as shown in Figure
1. During training, the output node corresponding to the current utterance
class was set to a value of 0.9 with all other unmits set to 0.1. During
recognition the classified class was given by the unit with the largest output
value. ' |
A series of experiments were performed in which the number of
hidden nodes, N, was varied between 5 and 35 and the maximum weight -
value set to 1.0, 1.5, 2.0 or "infinity”. The learning paradigm used a
maximum of 1500 iterations. Only one particular random weight start was
used for each set of MLP parameters and all networks with the same number
of hidden nodes started from the same random point. The training set
accuracy along with three test set accuracies (¢ =1, 2, 3) are given in Table
1. For the test set, an utterance was classified as correct if the correct class

was given by one of the highest ¢ MLP output nodes. That is, when c =1 the



hi ghest M.P out put node was the correct class; when ¢ 2 the correct class
was one or other of the two highest M.P output nodes; and when ¢ = 3, the
correct class was one of the three highest MLP nodes. The results for-c > 1
gi ve sone idea of the overall recognition system performance when

confirmatory checks are included in the dial ogue. Hi dden Nodes Max.
Vi ght Trai ni ng Set Test Set Accurgcy % N _ M .
Accur acy% c =1 c =2 c =3 5 - [err]

99. 03 92. 80 97.19 98.71 10 1.0

96. 66 95. 66 99. 09 99. 52 10 1. 5

98. 42 96. 33 99. 09 99. 62 10

gg (7)2 %ggiﬁét MLP oggmpﬁode wa%Qh@Zorrect classJ-Qhen c = 2 the correct cl&%r r]

98: 25 oGs@ge or otherpfthe two gghgg_ MLP outpq_tgpodes, and whenc= 33_t15

99. 07 Brre& class wgsge&(bf the thP&k kﬁ%hest MLP nbdes. The results for ¢ 2 10

99.51 96. 71 é 99. 7 20 0

98. 85 23ve sQme i @90 8thc ove 7%:ognmon sygfem performance w%nS

99. 56 Qénf3fnatory cABckoQre inclu8& iflthe dialogue.0 2.0

99. 59 97. 28 99. 00 99. 76 20 [err]

99. 78 96. 52 98. 95 99. 62 25 1.0

99. 20 97.00 99 383 99 76 25 1.5

99. 34 96. 76 99. 14 99. 62 25 2.0

99. 46 Ofiddgn NodesgQ Max. Weigigg 7Jraining Set3() IestSet Accuracy o5

99. 42 97.14 N 99,09 M 99 g@hccuracy®% 35 c=1 c¢=2 1c53

99. 76 96-95~———989-09——09-48- Tabl-e
Classification results using M.P decisiqgn rule t

Tabl e 1 that avmdsrange of ‘Econflg? ions p
set. However, for ly five higden node 6. e syst ear

en from
9 t est
0 g t he
trai ning data by ug{ng a nmappi é that d "t gen ! ' Iarge

wei ghts devel op. h Targer nufrbers of giibgden nogg§4|t |3'7POSS|9 § to get
good performance oRsthe traini pg and tegg,eets |f gies ght Ebgntl @g
constraints are intgoduced. 1.5 The be fest sepg goNf | gyb@tl 0@9@;1 the
basi s of the top cggdidate only,(97.38%gks Wi th 33)7% ddgg ;yodegg and

1.5. However M.Ps,gith M= 1.0q0ive op§3g33| test opfd Peby 9s MEANGE 74 Or c =2

and ¢ = 3. The beneggi ci al 1.5 99.56 97.38  99.09  99.71
20 2.0 . 99.59 9728 99.00 997
20 © 99.78 96.52  98.95  99.62
25 1.0 99.20 97.00  99.38 9976
25 1.5 99.34 96.76  99.14  99.62
25 2.0 99.46 96.81  99.09  99.71
30 1.5 99.42 97.14  99.09  99.67
35 1.5 99.76 96.95  99.09  99.48

Table 1: Classification results using MLP decision rule

It can be seen from Table 1 thata wide range of MLP configurations
perform well on the test set. However, for only five hidden nodes the
system learns most of the training data by using a mapping that doesn’t
generalise well since large weights develop. With larger numbers of -
hidden nodes it is possible to get good performance on the training and test
sets if weight limiting constrainis are introduced.

The best test-set configuration on the basis of the top candidate only
('97..38%) is with 20 hidden nodes and M = 1.5. However, MLPs with M
= 1.0 give optimal test set performance for ¢ =2 and c = 3. The beneficial

effect on generalisation of weight-limiting is apparent in the training



-

effect on general isation of weight-limting is apparent in the training

-12 - set/test-set (c =1) trends for 20 hidden node M.Ps. Wile
training set performance increases as weight linmts are relaxed, test set
perfornmance reaches a peak at M= 1.5. Conparative Results In the cl osest

type of conventional DIWsystem the DTWscores woul d be passed directly to
a k- Nearest nei ghbour (KNN) decision rule. Since the KNN rule applied
directly to the scores requires no training, the correct choice of DITW
training set for conparison is not clear. For conpl eteness, results of
using both set A for DIWtraining and testi ng, on sets F & G (and hence
produci ng the sane scores as seen by the MP tal e) as well as those
produced by training the DTWsystemon sets AL B, C, D & E (all data used
by the DTW M.P conbi nati on) were collected. These results for values of k

between 1 and 3, are shown in Table 2. DTW Val ue
of Test DatestARC(Er-aLiedis for 20 hiddemnadg M3dPs. While training setk

g; ]2-8 - C 237 95 c=3 6e6formance i'ﬁ\:reases as weight limits are rellxzed. test set performance

93. 85 08.28 08, gl§aches a peakgt M =15, 3

93.61 98. 00 98. 81 ABCDE 1

92.99 98. 28 99 08, Results 2

94.66  98.24

04 55 98,05 00, 24in theclomst ispe of somyentional W systepthe DTW scores wonld be ng
k- Near est nei ghbour passed directly to a k-Nearest neighbour (KNI&)é{gpxgpwler Finge the

KNN rule applied directly to the scores requires no training, the correct
- choice of DTW training set for comparison is not clear. For completeness,
resuits of using both set A for DTW training and testing on sets F & G
{and hence producing the same scores as seen by the MLP rule) as well as
those produced by training the DTW system on sets A, B, C, D & E (all
data used by the DTW/MLP combination) were collected. These results

for values of k between 1 and 3, are shown in Table 2.

DTW ‘Value of Test Set Accuracy %

Training Set k c=1 c=2 c=3

A 1 93.28 97.95 99.00

A 2 . 93.85 98.28 98.86

A 3 93.61 98.00 98.81
ABCDE 1 92.99 98.28 99.05
ABCDE 2 94.66 98.24 99.24
ABCDE 3 94.52 98.09 9924

Table 2: Classification results using k—-Nearest neighbour
decision rule

Decision Rule Test Set Accuracy %
c=1 c=2 c=3
k~Nearest Neighbour 94.66 08.22 99.24
Weight Limited MLP 97.38 99.09 99.71

Table 3: Comparative test set results for best MLP & best KNN



Deci'si on Rul e

c=-1
. 94. 66
97, 38

best MLP & best KNN

c=2 3

08.22

99. 09

Test Set Accuracy %

c=3 Kk-Nearest Nei ghbour
99.24 Weight Limted MP
99.71 Tabl e 3: Conparative test set results for

The best variants of the decision rule (nmeasured in ternms of ¢ =1
set accuracy) for the MLP (N = 20, M= 1.5) and KNN (training set

= 2) are summarised in Table 3. This table clearly enphasises the
performance advantage of the M.P decision rule. For the nost inportant ¢ =
1 case, the error rate is nore than hal ved ’bV"using the MLP, wth

sized relative inprovenents for both the ¢ =2 and ¢ = 3 cases.

-13 -
t est
ABCDE, k

simlar

Usi ng

McNemar's test (Gllick, L & Cox, S.J. (1989) Sone statistical issues in
t he conparison of speech recognition algorithnms. Proc. |ICASSP.  asgow,

Scot | and)

It was found that the test set performance

| mprovenent for ¢ =1

\iCS statistically significafbe bdst tafisntOd thderisipr Fule (measured if-tgrmg ¢fec Hbst M_P,

W =,20, M- 1.5) ther qefldeactbA&)) Y& igtNisP
of ese nust
mai ntains perfor mance.

b 3 rée s d 20,1 298§ add KIS Qrniag gl Use. Each
e store regsol ution tr m ses ry _use, yet
AI’—guér%ngér t?z??'?)sr“ménégf'fd mg{éacblhg' (r)JIlrl]'fs t%ge czlfg? {'Tg% |s(5s%?f unction

eval uations nust be madke perfpsmangt advantpgqbake MLPisrisiphIYe-adar S5eP%t i ons is
equal to the nunber of impirghiss1 dade, thé @hir €21d 19 Bkreulnnihsivaddg dsifgihe ML,

activation function theRutflif, 4A8R100 thpRdverdBilskor hiile2e2 04 ELBERL: 1T 1S

estimated that the total, computation ti woul d be of the,arder
mi|liseconds on a 68000 sEdebengs st ﬁ@‘*cgfﬁffca"'rsév6198mﬁr°f“r §té‘b58ﬁ’g§5“571
si gnal iptisceompenison of speechTipeogpitioh glgnnthee doeilC4SSENnd

typi cal

di gi t al

i npl enent ation anal ysi sispewy §ddidad) i Sva©ia@EH ML the Stedd Ofet Oftrfdrivadte/
effective but would adg Little £ I8 saristically significant at the 99.9% level.

For the best MLP, (N = 20, M - 1.5) there are 2690 weights and
biases to store and use. Each of these must be stored to a resolution that

minimises memory use, yet maintains performance. Further, for each

decision, 30 activation function evaluations must be made. The total .

number of multiply-add operations is equal to the number of weights. If
table look-up is used for the activation function then this adds only a small
further overhead. It is estimated that the total computation time would be
of the order of tens of milliseconds on a 68000 processor, and only a few
milliseconds on a typical digital signal processor.

The performance details and implementation analysis show that this
embodiment is not only very effective but would add little to the

recognition time. It is interesting to analyse the results further,

For the KNN rule by far the worst recognition was for the digit .

"nine" with only 87.4% correct {(mainly confused with "five") and the best
result was for the word "one” (98.0% correct). The MLP has completely
changed this situation so that the range of individual rates is much smaller:
from 94.8% for "two” to 99.5% for "seven’. In particular "five"-"nine"
confusions have been greatly reduced. The only digit to fare worse with
the MLP rule was six, accuracy dropping from 97.2% to 96.2%. It is clear
that these effects are caused by the discriminative training of the MLP -
potential confusions are idenrified and decision surfaces constructed to
minimise errors. On individual tokens this can have a dramatic effect.

For example in one case for an input of the word "zero” from one speaker,

of tens of

a



recognition tine. It is interesting to analyse the results further.

For the KNN rule by far the worst recognition was for the digit "nine" with
only 87.4% correct (mainly confused with "five") and the best result was
for the word "one" (98.0% correct). The MP has conpl etely changed this
situation so that the range of individual rates is nmuch smaller: from 94. 8%
for "two" to 99.5% for "seven". In particular "five"-"nine" confusions have
been greatly reduced. The only digit to fare worse with the M.P rul e was
si x, accuracy dropping from97.2%to 96.2% It is clear that these effects
are caused by the discrimnative training of ,4he M.P - potential confusions
are identified and decision surfaces constructed to mnimse errors. On

i ndi vi dual tokens this can have a dramatic effect. For exanple in one case
for an input of the word "zero" from one speaker,

-14 - the correct class "zero" was, under all KNN rules, placed fourth

" behind 8, 6 and 2. The thederdchdasbgere’tyas.vhder pjf KNNNules, placed fpurth belndifys
0,8,2,9. Thi s exagpdde. UBRUrddrid W3 EMEP With &= I8 M 305 WasSy/&2.em  Usi ng

MP techniques it may well 4 DOSSL Bleg o\ fuACNRY 5GP H/AR! BubfRLpt S USI NG
rather fewer clusters. This Woul o enapie el ther an 1 ncrease | n vocabul ary
size or reduced menory feekpifiupseitmey svell e pesebly ghpaticyh comprabla resulty gsingay gl so
al |l ow a speaker i ndependeia fevexcahgieist Thifwaaldémable tithebsn ida@vasd inpeabuteiyhout t he
need for special pur pos&zeQIWdh%%'&@'rcquircmentsTﬂa?rcMgEitigﬁ gﬁ'@\p&r@.dlt%@e
perforns an error corrsétlgn function on fhe DTW score data. Agég
i nprovements in the DTVPSEPYAsPEKeT {iifRendent BEsRTgH SRy 7% §FYet®5Pe dat a
(fewer nearest nei ghbouvitieny the gded foy sproiarposcaPEY bandwtargt i | | better overal
performance wi Il result.  The MIA prddtid@hefelpesio@X A& Ble&abd fRGIARLY Singl e
or isolated vord recognil ot LGl RYPOLIQR:L5: 13 Brafble aPh i A8
connect ed-word recognition wWitn an'apprSprlaﬁe pattérn nmat chi ng §?age.
, higher quality score data (fewer nearest neighbour errors) to be generated

and still better overall performance will resuit.
Although chis example describes only single or isolated word
recognition, the invention is also applicable to connected-word recognition

with an appropriate pattern matching stage.



CLAI M5 1. Apparatus for recognising predeterm ned patterns,
conprisi.ng;, an -input for signal data; a plurality of stores each storing a
representation of a pattern to be recognised; means for producing, for
each said -representation. a neasure of the simlarity between the signal
data and that representation; and nmeans for deciding fromthe said
measures which, if any, of the patterns to which the representations
correspond is present .in the signal data, and for indicating the presence
of  any such pattern; characterised in that the neans for deciding are
arranged to do so on the basis of all of the said neasures. . 2.

_Apparatus for recognising predeterm ne patteifyis, conprising;, an input for
“si.gnal data; a plurality of stores each storing a representation of a

pattern to be recogni sed; means for producing, for each said
repreSepntation. a neasure of the simlarity between the signal data and
that representation; and neans for deci dir@%&%omthe sai d neasures whi ch,
if any, of the patterns to which the rep ations correspond is present
in the signal data, and for indicating the presence of any such pattern;

characterised in that the nmeans for deciding are arranged to do so on the

basis of all of the said neasures, each.tecodni sable,paLt il gortespondi ng
to a predeterm ned non-Zero PUNCYion of -at Pfeast twd trom a pregde?erm' ned

plurality of the said ripessfaresignal date; a plupelity-af stores cagh spfingiafgpreseriationioh 1 or
claim2 in which the neapstekOro tgeedcelnizg: cosapy ifere prgedi, dfior aacheshid 0 recei ve

all the said neasures, aiediftion et datbkdd the bidila 9 6iwha tileSizha hfa 49 lafCOQNI Sed,
a corresponding pre-determ ned Gaussi an functhon as, her ei nbgf?rf def i ned)
of the pre-detern ned HREHEL}HERS: and jeans tx dgciging fram thesaif epsyres Rigkdf m 1 or
claim2 in which the neanst fhgpatsgrsde whinythe eapprsintationssomespdnd is Regsbat it at i ng a
p:c urality of sgm; of the sigaDdiis:taad @br RAGIIGThd BRschécesteing sibnpatkeql Ur al i ty
of measures and respect ofr.r [ res [

constants. 5. Appar atiirs el AAPRRELIY (R oEa AR L AR WL US|

deci di ng further conpr ibads dfalhakibs 8id Beagitesssi ng each said sum by a non

| i near 2.  Apparatus for recognising predetermine patterns, comprising; an
input for signal data; a plurality of stores each storing a representation of
a pattern to be recognised; means for producing, for each said
represeniation. a measure of the similarity between the signal data and that
representation; and means for deciding from the said measures which, if
any, of the patterns to which the representations correspond is present in
the signal dara, and for indicating the presence of any such pattern;
characterised in that the means for deciding are arranged to do so on the

basts of all of the said measures, each recognisable pattern corresponding

R to a predetermined non-zero function of at least two from a predetermined

plurality of the said measures.

3. Apparatus according to claim 1 or claim 2 in which the means for
deciding comprise means arranged to receive all the said measures, and to
calculate for each pattern to be recognised, a corresponding
pre-determined Gaussian function (as hereinbefore defined) of the
pre-determined measures.

4.  Apparatus according to claim 1 or claim 2 in which the means for
deciding comprise means for calculating a plurality of sums of the
products of each of the predetermined plurality of measures and respective
corresponding pre-determined weighting constants.

5. Apparatus according to claim 4 in which the means for deciding

further comprise means for processing each said sum by a non linear

R



.each pattern to be recogni sgd a sco

. corresponding to a pattern to

-16 -, conpression function, and cal cul ati'ng for each pattern to be
recognised a further sumof the products of the processed suns and

correspondi ng predeternined weighting factors. 6. Appar at us accordi ng
to any one.of clains 1 to 4 in which the neans for deciding functions as a
mul ti-layer perceptron. 7. Appar atus according to any preceding claimin

whi ch the peans for producing a simlarity nmeasure are arranged to do so
substantially -independently of the duration and/or position of events in

t he signal data. 8. Appar atus according to claim7, in which the neans
for producing a simlarity neasure does so by enploying a Dynam c Warp

cal culation. 9. Apparatus according to claim 7 in which the neans for
producing each simlarity neasure does so by calculating the simlarity of
the signal data to a stored Hi dden Markov state transition Mddel. 10.
Speech recognition apparatus according to any preceding claim 11. A

nmet hod of pattern recognition conprising. . receivi i_nput signal, data,
conparing the input si gfeP HSPLivRPR: aé‘é%’f“&fmg g” °Eg%ﬂ°f"t[95’?)’f°°°gf“6‘i‘léd
representati ons each cofurtsspamdpinge podactpeft the precessedizams aiceverripsmiingt o

produce a plurality of gREd&RRRAILREisSiFkdArity nmeasures; producing for

- aratus acc'gr%in\l\@oia.%hoiizesof ‘?:laim%rl%j xtn%rhm ;heed c;nl'énCt I on of
a pre-determned plurality Q‘ff’fﬁe stm Farlf measures, tand i ndi cat i ng the
recogni sed pattern on t frsdpridingfuagtiopsps 2 gali-@ger peregprok et hod of pattern
recogni'tion conprising:7 recgatudgccordiagtoasy pracedingalbiai in @bie] e imRgps tdae | nput
signal data with each Ofagddl §ivilibsliy Ranidd G SerkBBI & 9516 hRARGAFCN

e recognised to, produce a I,ur:illl y of

correspondi ng sim | ari t PITREiepy the dﬂfag?)"tft‘}f”r?@p?‘ﬁ?“@ ?W‘b‘&f@éﬂgﬁ’ a2 he
recogni sed a score whi ch i sApparapys sdetiog m aeim 7nigrwhicdrke heanchor padwisgat | east
two of a predeterm ned a @hiMf} nkur® lods BbySIniPidyftl la Dy ndRa WeFpQSIcul RE.
| ndi cating the recognisgd DaCLerii OBl PCuBasl2 Rlon MIGSEH L Roachd: A
met hod according to clai'm TERor eI a2 G rvhr ch ot he SFep oF "$P"8duci ng
each score includes theeash epilasity egsereifoss forky calewtpting shegimikpyof thesis2dbf sai d
measures. 14. A nmet hodat(6 @kdied Gidden Slaskb¥dtdid tr@dsitioh Modell2 1 n whi ch the step

of producing each scor el NGLUGES dphBoslpGRal aEALEY Al McRig ML t he

products

11. A method of pattern recognition comprising:

receiving input signal data; comparing the input signal data with each of
a plurality of stored representations each corresponding to a pattern to be
recognised to produce a plurality of corresponding similarity measures;
producing for each pattern to be recognised a score which is a
predetermined function of a2 pre~determined plurality of the similarity
measures, and indicating the recognised pattern on the basis of the scores.
12. A method of pattern recognition comprising:

receiving input signal data: comparing the input signal data with cach of
a plurality of stored representations each corresponding to a pattern to be
recognised to produce a plurality of corresponding similarity measures;
producing for each pattern to be recognised a score which is a
predetermined non-zero function of at least two of a predetermined
plurality of the similarity measures, and indicating the recognised pattern
on the basis of the scores.

13. A method according 1o claim 11 or claim 12 in which the step of
producing each score includes the step of calculating a Gaussian function
of said measures.

14. A method according to claim 11 or claim 12 in which the step of
producing each score includes the step of calculating a sum of the products

R U YR :




-17 - of each of the neasures and correspondi ng predeterm ned

wei ghting constants. 515. A nmethod accgrding to claim 14, further

conprising the steps of processing each such sumusing a non |inear

si gnoi dal function, and <calculating a plurality of suns of the products of

the processed suns and correspondi ng predeterm ned wei ghting constants.

16. A nethod according to any one of clains 11 to 15 in which the step of
ring the input signal with each representation is perforned so as to

onpa
\‘b\e\ﬂgbstanti ally independent of the duration and/or position of pattern

events.in the signal data. 17. A method acggrding to claim16 in which
the step of conparing the input signal data wWith each representation
conprises enploying a Dynamic Warp calculation. 18. A nmethod according
to clainms in which the step of conparing the input signal data with each
representation conprises enploying a Hi dden Markov Model. 19. A nethod of
speech recogniti on accorideasl of cheampasumeangf copiesponding] predgigymingd weigBringA -

trai nabl e pattern recoggaseks.CONMPri si ng apparatus according to claim1l or
claim2 and means for deriving the predet e neq, function, .21, Apattern
recogni ser conprising a pattern c 4SS i er arrangeﬁ fo _re%:el ve a plurality
of inputs and to indi caP@EdReotrh £4<BfuBfusipg @ igni et sigrgidpleiiagiornaadependence
thereon. characteri sed talcutatigd a ploralicy ot faek oL hErprode@sof tie gocckds@irsamsamtic her
arranged to receive i NPLlrretdhbdoPReheteRARET Geidthin} GonSan! Ural ity of stored

pattern representations, the distances fromsald:stored_. patterns being
supplied as inputs to tHe p‘hf‘f%?df]“ﬁﬂ' S ARt ."°}g?fnsgﬁ”rﬁfﬁﬁ‘éﬁ>é°55‘5ttern

“recogni ser conprising atf compeasing phelinppryigpalovithivachooprprentationds perfpimed s ast y  of

nodes, each node producicibg sibbrastidlipidliepeifiesa¢l eha tduratipiDdad fod Bosfiiol b paftésh Y bet ween
an input vector and a sévggtggj t){ees(;gtug)ﬂrdagssoci ated wth that node, in which a
first -input |ayer of sal ayers I's separately trained on a first set of

test data and the ot her¥- ofA Bghef apcppdiedo glaim 164m Fbick thg semelcopepriage ar e

~subsequently trai ned oninputsiembduth vEehteadhfrepraaGitatida bdnprisds einpleyihg aivhadiio t he

f ' '."St . Warp calculation.
. 18. A method according to claims in which the step of comparing the

input signal data with each representation comprises employing a Hidden
Markov Model.
19. A method of speech recognition according to any one of claims 11
to 18.
20. A trainable pattern recogmiser comprising apparatus according to
claim 1 or claim 2 and means for deriving the predetermined function. o
21. A pattern recogniser comprising a pattern classifier arranged to
receive a plurality of inputs and to indicate recognition of recognised
patterns in dependence thereon, characterised in that it further comprises 2
a pattern matcher arranged to receive input data and compare it to a
plurality of stored pattern representations, the distances from said stored
patterns being supplied as inputs to the pattern classifier.

- 22. A multilayer pattern recogniser comprising at least 2 layers cach
comprising a plurality of nodes, each node producing an output dependent
upon the similarity between an input vector and a stored vector associated
with that node, in which a first input layer of said layers is separately
trained on a first set of test data and the others of said layers are
connected thereto and are subsequently trained on a second set of test data

not identical to the first.
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