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AbstractCharacteristics of natural language can be illumi-nated through the application of well known toolsin Information Theory. This paper shows how someof these characteristics can be exploited in the devel-opment of automated speech and language process-ing applications. The explicit representation of dis-continuities in a temporal sequence of sounds, suchas pauses in speech, can be utilized to improve thetransmission of information. Arguments based oncomparative entropy measures are used.1 IntroductionCharacteristics of natural language can be illumi-nated through the application of well known toolsin Information Theory. This paper shows how someof these characteristics can be exploited in the devel-opment of automated speech and language process-ing applications. We investigate how discontinuitiesin a temporal sequence of sounds, such as pausesin speech, can be utilized to improve the transmis-sion of information. The Machine Readable SpokenEnglish Corpus (MARSEC), which is prosodicallyannotated, is used.The approach taken is to examine certain ob-served phenomena in speech, and suggest how theirexploitation could have conferred an advantage ashuman language evolved. Many years ago Mandel-brot proposed that a general statistical structure, in-dependent of meaning, underlies human languages,and that language is \intentionally if not consciouslyproduced in order to be decoded word-by-word inthe easiest possible fashion" (Mandelbrot, 1952). Byexamining how language is produced for humans todecode, we expect to learn e�cient ways to representlanguage for machine processing.This work developed out of investigations intodata representation for automated natural languageparsing (Lyon and Frank, 1997; Lyon and Brown,1997).� email: C.M.Lyon@herts.ac.uk

2 Background: selection for e�cientand robust communicationThere is a high biological cost in developing thephysiology capable of producing speech. Humanscan produce a much wider range of sounds thanother species can, but in order to do this the hu-man anatomy has evolved in a way that has incurredsigni�cant physiological disadvantages (Lieberman(Lieberman, 1992)). In spite of this, the humanspeech faculty has developed: presumably the abil-ity to communicate by speech greatly outweighs theconcomitant disadvantages.It is instructive to examine the characteristics ofhuman speech that distinguish it from non-speechsounds. First, Lieberman notes the high transmis-sion rates that characterise speech: 15 to 25 pho-netic elements per second can be produced or rec-ognized. The identi�cation of non-speech sounds ismuch slower: a maximum of 7 to 9 items per second.Secondly, he notes the larger range of sounds thatonly humans have the anatomy to produce. Theseinclude vowels like [i] and [u] which are less suscep-tible to perceptual confusion than some other pho-netic elements, and more easily combined with othersounds.Observing these characteristics of human speech,we see selection for speed, reliability and wider scopeas language has evolved. Now, if speech has evolvedto meet these requirements for e�cient communica-tion at some biological cost, we expect that otherempirical factors will be exploited too. This paperexamines the statistical environment in which speechoperates, shows why structured language is likely toevolve, and uses this information to develop more ef-�cient methods of representing speech for automatedprocessing.3 Sequence structure and e�cientcodingWe now investigate how words are grouped together,and why certain modes of segmentation are likely toevolve. We �rst describe the metrics that will beused, and then illustrate their application.



3.1 Entropy and perplexityThis analysis is based on comparative measures ofthe entropy of sequential data (Cover and Thomas,1991). Entropy is a measure, in a certain sense, ofthe degree of uncertainty. If the entropy can be re-duced, the predictability of the next element in anincomplete sequence is increased. A sequence repre-sented in a way that lowers the entropy without re-ducing its representational power is a more e�cientmessage carrier. Therefore, we would expect lan-guage to evolve so that it enabled lower entropy cod-ing of a sequence of words. This same approach tothe development of language models has been usedin automated speech recognition for many years (Je-linek, 1990). Typically, entropy is reduced by takingmore of the context into account. If we know pre-ceding words there is reduced uncertainty about thenext word.The new contribution we make is to show thatthe entropy can also be reduced by modelling dis-continuities along with words. The segmentationof a stream of words in this way is not arbitrary:the segments are related to structural components oflanguage (Arn�eld, 1994; Fang and Huckvale, 1996;Ostendorf and Vielleux, 1994).De�nitionsLet A be an alphabet, and X be a discrete randomvariable. The probability mass function is then p(x),such thatp(x) = probability(X = x); x 2 AIf we consider letter sequences the x's could be the26 letters of the standard alphabet.The entropy H(X) is de�ned asH(X) = �Xx2A p(x) � log2 p(x)We talk loosely of the entropy of a sequence, butmore precisely consider a sequence of symbols Xiwhich are outputs of a stochastic process. We esti-mate the entropy of the distribution of which the ob-served outcome is typical. Often the related metricof perplexity is employed. If P represents perplexityand H entropy, then P = 2Hand P can be seen as a measure of the branchingfactor, or number of choices 1.1In many practical applications the formula for perplex-ity is reduced to a special case based on the (questionable0assumption that language is ergodic

3.2 Illustrations from letter sequencesThough we are investigating groups of words, thesubject is introduced by recalling Shannon's wellknown work on the entropy of letter sequences(Shannon, 1951). He showed that the entropy Hof written English, can be reduced as more of thestatistics of the language are taken into account. Heproduced a series of approximations to the entropyH of written English, which successively take moreof the context into account. H0 represents the av-erage number of bits required to determine a letterwith no statistical information. Thus, for an alpha-bet of 16 symbols H0 = 4:0.H1 is calculated with information on single letterprobabilities. If we knew, for example, that lettere had a high probability of occurring while q had alow probability, then the letter e could have a shortercode than q. Messages using this alphabet could becoded with fewer bits than could be done withoutthis information. H1 would be lower than H0.H2 uses information on the probability of 2 let-ters occurring together; Hn, called the n-gram en-tropy, measures the amount of entropy with informa-tion extending over n adjacent letters of text 2 andHn � H(n�1). As n increases the n-gram entropydeclines: the degree of predictability is increased asinformation from more adjacent letters is taken intoaccount. The formula for calculating the entropy ofdiscrete, sequential data is given in (Lyon, 1999).Entropy reduction and sequence structureThe entropy can also be reduced if some of the struc-ture of the letter strings is captured. As Shannonsays \a word is a cohesive group of letters withstrong internal statistical in
uences" so the intro-duction of the space character to separate words willlower the entropy H2 and H3.With an extra symbol in the alphabet H0 will rise:there will be more choice, less predictability. H1 maygo down because the space will be much more fre-quent than any other symbol, and this can outweighthe e�ect of the larger number of symbols. However,H2 and H3 do in fact decline. The space symbolprevents \irregular" letter sequences between words,and this is one way in which unpredictability is re-duced.3.3 The signi�cance of boundary markingfor ASCII dataFor other representations too, the insertion ofboundary markers that capture the structure of asequence will reduce the entropy. Gull and Skilling(Gull and Skilling, 1987) report on an experimentwith a string of 32,768 zeroes and ones that are2This notation is derived from that used by Shannon(Shannon, 1951). It di�ers from that used by Bell, Clearyand Witten (Bell et al., 1990).



Key:jj is a pause, j is a minor discontinuityannotator 1 annotator 2we weheard heardautomatic automatic�re �rej ja afew fewyards yardsaway awayj jjwe wedrove droveon onjj jja ajet jetappeared appearedTable 1: Example of MARSEC corpus with minimal prosodic annotationsknown to be ASCII data organised in patterns of 8as bytes, but with the byte boundary marker miss-ing. By comparing the entropy of the sequence withthe marker in di�erent positions the boundary of thedata is \determined to a quite astronomical signi�-cance level".3.4 The entropy of strings of wordsNow, a similar analysis can be employed to see howwords are organised into structured constituents. In(Lyon and Brown, 1997) Lyon and Brown showedhow the entropy of text mapped onto part-of-speechtags could be reduced if clauses and phrases wereexplicitly marked. Syntactic markers can be consid-ered analogous to spaces between words, or to virtualpunctuation marks.Consider, for example, how subordinate clausesare discerned. There may be an explicit openingmarker, such as a `wh' word, but often there is nomark to show the end of the clause. If markers areinserted and treated as virtual punctuation some ofthe structure is captured and the entropy declines.A sentence without verbal markers for the openingor closing of clauses can be represented asThe shirt f he wants g is in the wash.If this sentence is given part-of-speech tags thesymbols `f' and `g' will represent two classes in thetagset. We call them \virtual-tag1" and \virtual-tag2". The part-of-speech tags have probabilisticrelationships with the virtual tags in the same waythat they do with each other. The pairs and triplesgenerated by this string exclude \unlikely" tag se-quences such as (noun, pronoun), but include, for

instance, (noun, virtual-tag1). The entropy, H2 andH3, with virtual tags explicitly marking some con-stituents is lower than that without the virtual tags.4 Analysis of the MARSEC corpusIn a similar way the words from a speech signal canbe segmented into groups, with periodic discontinu-ities. There is a relationship between prosody andsyntax, and the placement of discontinuities provideclues to syntactic structure (Arn�eld, 1994; Fangand Huckvale, 1996; Ostendorf and Vielleux, 1994).We have investigated how the entropy of sequencesof words varies when discontinuities are represented.This research was carried out using MARSEC (Ma-chine Readable Spoken English Corpus), which isannotated with prosodic markers. The corpus hasbeen mainly collected from the BBC, and is availablefree on the web. We have used part of the corpus,just over 26,000 words, comprising the 4 categoriesof news commentary (A), news broadcasts (B), lec-tures aimed at a general audience (C) and lecturesaimed at a restricted audience (D). Discontinuitiesin speech can have many causes: hesitation phenom-ena perform a number of roles, particularly in spon-taneous speech. However, by using this corpus fromprofessional speakers we propose that the dominantcause for discontinuities will be related to the e�-cient transfer of information.The prosodic markers in MARSEC which we re-tain are the major and minor tone unit boundaries.The term \discontinuity" is taken to cover boththese features. The major tone unit boundary canalso be labelled as a pause. The prosodic markup
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Figure 1: Comparison of trigram part-of-speech entropy for sections of the MARSEC corpus, (i) with bothmajor and minor discontinuities marked (ii) without either. The tagset size is 28 with the discontinuitiesrepresented, 26 without them. Table 2 gives the data for the 18655 word corpus as an examplewas done by two trained annotators. Most of thecorpus was marked up by one or the other of theannotators, but a few sections have been marked upby both. We see that there is a large measure ofagreement, but not a total consensus. In Table 1we show some sample data as we used it, in whichonly the major and minor tone unit boundaries areretained. When passages were marked up twice, wechose one in an arbitrary way, so that each annotatorwas chosen about equally.Taking the discontinuities as virtual words, we�nd that the minor discontinuities have a probabil-ity of approximately 0:15, major discontinuities orpauses 0:04, jointly 0:19.4.1 Aim of the investigationOur purpose is to examine whether the entropy of acorpus is reduced by representing discontinuities aswell as words. Since we are interested in syntacticstructures we work with parts-of-speech rather thanactual words. We can measure the entropy H0, H1,H2 and H3 for the corpus with and without prosodic

markers for major and minor discontinuities. Thetagset used in this work is given in the Appendix.There are 26 classes, 28 when discontinuity markersare also represented.Care is needed to compare entropy measures forsequences of di�erent alphabet sizes, but we proposeto extract information in the following way.� H0 will be higher with markers, since the alpha-bet size increases.� H1 could be lower or higher depending on thefrequency of the new symbols.� H2 and H3 could be lower or higher dependingon{ the frequency of the new symbol{ whether the marker captures some of thelanguage structureWe will be looking for cases where H1 rises whileH2 and / or H3 decline. This indicates that it isnot the frequency of the new symbol that causes the



Speech Number of Number of H0 H1 H2 H3representation minor discontinuities major discontinuitiesWords only 0 0 4.70 4.11 3.29 2.94Words + minor 3454 0 4.75 4.09 3.18 2.84Words + major 0 1029 4.75 4.19 3.32 2.84Words + both 3454 1029 4.81 4.17 3.16 2.70Table 2: Entropy measures for 18655 words of the MARSEC corpus, (sections A, B, C concatenated) withand without major and minor discontinuities. See text on calculation of H3.Speech Number of Number of H0 H1 H2 H3representation minor discontinuities major discontinuitiesWords + discontinuities 3109 1209 4.81 4.19 3.63 3.05in arbitrary positionsTable 3: Entropy measures for same part of MARSEC corpus with discontinuities in arbitrary positions :major discontinuity every 19 words, minor discontinuity every 7 words (except for clashes with major)decline, but the capture of some structure. If H1declines, then a fall in H2 and H3 is not informative.The corpus size increases marginally with theaddition of the markers, which should lead to amarginal increase in entropy. So any e�ect from thiswill not account for a fall in H2 and H3.If we worked with words rather than parts-of-speech the discontinuity markers would be signi�-cantly more frequent than any words. The entropywould decline but we would not be able to ascertainthe cause.4.2 Implementing the investigationTo conduct this investigation the MARSEC corpuswas automatically tagged, using a version of theClaws tagger3. These tags were mapped onto thesmaller tagset (see Appendix). Random inspectionindicated about 96% words correctly tagged.The entropy of part of the corpus was calculated(i) for words only (ii) with minor discontinuities rep-resented (iii) with major discontinuities, pauses, rep-resented and (iv) with major and minor discontinu-ities represented. Results are shown in Table 2, andin Figure 1.H3 is calculated in the following way. We assumea dependency does not reach across a major discon-tinuity (see, for instance Ney et al. (Ney et al., 1997,page 200)). Therefore, we omit any triple that spansa major discontinuity.Note that we are interested in comparative en-tropies. We do not calculate entropy on unseen testdata, since it is not our aim to get a best estimate,but to compare results with and without represent-ing discontinuities.The entropy converges slowly to its asymptoticvalue as the size of the corpora increases, and this3Claws4, supplied by the University of Lancaster, de-scribed by (Garside, 1987)

is an upper bound on entropy values for smallercorpora. Ignoring this may give misleading results(Farach and et al., 1995). The reason why entropymay be underestimated for small corpora comesfrom the fact that we approximate probabilities byfrequency counts, and for small corpora these maybe poor approximations.5 ResultsFigure 1 shows the results for di�erent size corpora.Table 2 gives the results of this investigation for thecorpus of 18655 words. It shows that when majorand minor discontinuities are represented, then H2and H3 decline even though H1 increases. For therepresentation of words with minor discontinuitiesalone, results are not conclusive, since H1 declines.For the representation of words with major discon-tinuities alone H3 declines, though H2 shows a con-trary movement.Compare these results to those of another exper-iment where the corpora of words only were takenand discontinuities inserted in an arbitrary manner.Major discontinuities were inserted every 19 words,minor ones every 7 words, except where there is aclash with a major one. The numbers of major andminor discontinuities are comparable to those in thereal data. Results are shown in Table 3. H2 andH3 are higher than the comparable entropy levelsfor speech with discontinuities inserted as they wereactually spoken.Moreover, the entropy levels are higher than forspeech without any discontinuities: the arbitrary in-sertion has disrupted the underlying structure, andraised the unpredictability6 ConclusionIn this paper we have examined mechanisms bywhich language is encoded in such a way that it can



be decoded as easily as possible. We examined di�er-ent representations of English speech and saw thatit can be more e�ciently coded when discontinuitiesare represented (Section 4). Strings of words withno prosodic boundaries represented are associatedwith higher levels of entropy, which makes decod-ing harder. Using information on discontinuities inspeech is an aid to producing a more e�cient code.As language has evolved, we would expect selec-tion pressure to encourage the development of seg-mented modes of representation, where segmentscorrespond to structural elements. The evolutionof structured language can be seen as the survival ofthe �ttest in the statistical environment.In the same way, developers of automated speechand language processing systems can exploit the sta-tistical characteristics of sequences of words. Thisresult is of general interest, and supports the de-velopment of improved language models for manyapplications.ReferencesS Arn�eld. 1994. Prosody and Syntax in CorpusBased Analysis of Spoken English. Ph.D. thesis,University of Leeds.T C Bell, J G Cleary, and I H Witten. 1990. TextCompression. Prentice Hall.T M Cover and J A Thomas. 1991. Elements ofInformation Theory. John Wiley and Sons Inc.Alex Chengyu Fang and Mark Huckvale. 1996. Syn-chronising syntax with speech signals. In V.Hazanet al., editor, Speech, Hearing and Language. Uni-versity College London.M Farach and M Noordewier et al. 1995. On theEntropy of DNA. In Symposium on Discrete Al-gorithms.R Garside. 1987. The CLAWS word-tagging sys-tem. In R Garside, G Leech, and G Sampson,editors, The Computational Analysis of English:a corpus based approach, pages 30{41. Longman.S Gull and J Skilling. 1987. Recent developments atCambridge. In C Ray Smith and Gary Erickson,editors,Maximum -Entropy and Bayesian SpectralAnalysis and Estimation Problems.F Jelinek. 1990. Self-organized language modelingfor speech recognition. In A Waibel and K F Lee,editors, Readings in Speech Recognition, pages450{503. Morgan Kaufmann. IBM T.J.WatsonResearch Centre.P Lieberman. 1992. On the evolution of human lan-guage. In J A Hawkins and M Gell-Mann, editors,The Evolution of Human Language.C Lyon and S Brown. 1997. Evaluating ParsingSchemes with Entropy Indicators. In MOL5, 5thMeeting on the Mathematics of Language.C Lyon and R Frank. 1997. Using Single Layer Net-works for Discrete, Sequential Data: an Example
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