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AbstractThis report summarizes the work of the project group \Fast Training and Portability" at the 1995 LanguageModeling Workshop held at the Center for Speech and Language Processing at Johns Hopkins University.



1 Introduction and SummaryMitchel Weintraub1.1 OverviewThe goal of fast training is to make better use of small data sets. A common class of language models thathave been extensively used for speech recognition are N-gram language models. These types of languagemodels contain very little structure and can use millions of parameters to model the probability of wordsequences. However, to train such models well can require hundreds of millions of words of training data.Since this amount of data is very di�cult and costly to acquire in the LVCSR domain, our �rst goal is toexplore alternative algorithms that can make better use of small data sets.There were three approaches to make better use of small data sets that our group explored. Theseapproaches were to use:1. Class Models: These models grouped words into classes. The approach to detecting classes were to useautomatic clustering or to use a linguistically-motivated tag set (Section 2.4).2. Tied-Mixture MultinomialLanguage Models: Tied-mixturemodels have been used extensively in acous-tic models and are a compact way of sharing model parameters. This approach was extended tolanguage modeling (Section 3).3. Cache Language Models: These language models have been successfully used in adapting dictationsystems and we explored their usefulness for modeling conversational speech (Section 2.5).A second goal of our group is to explore di�erent algorithms to combine information from di�erentdomains. While the �rst approach tried to make e�cient use of a small amount of data from the actualdomain, this approach focused on how to make use of language model data from other domains. Thereare tremendous amounts of textual data that are available from other sources. However, these sources aredi�erent from the current application. Our second goal is to explore algorithms that can use informationfrom other domains.There were three approaches to combine information from multiple domains that our group explored:These approaches were to use:1. Interpolation of Multiple Language Models: This approach computes a weighted sum of the di�erentlanguage model probabilities. We explored both static and dynamic weighting of the di�erent languagemodels (Section 2.3).2. Language Model Adaptation using the Minimum Divergence Principle: This approach focused specif-ically on how to adapt a language model from one domain to another (Section 4).3. Removing \dis
uencies" and using a \Dis
uency Cleanup" Model: If dis
uencies are a major factor inthe di�erence between written and spoken speech, then removing dis
uencies and using a traditionaltext-based language model might be a useful way of making use of written textual data (Section 5).1.2 Summary of ResultsThe algorithms developed during the summer workshop were able to reduce the perplexity of the testset. There were four techniques that were successful in reducing the perplexity: (a) the interpolation ofSwitchboard and North-American Business News (NABN) models, (b) cache LMs, (c) class LMs, and (d)adapted NABN LMs using maximum-entropy language models that are adapted using minimumdivergence.Some of these perplexity reductions translated into reductions in the word-error rate. Rescoring N-Bestlists with di�erent language models was able to signi�cantly reduce the word-error rate. This reductionin word-error rate was signi�cant at the 0.05 level. Techniques (a) interpolating LMs and (d) adaptingmaximum entropy LMs were both successful in reducing the word-error rate, although the improvement forthe maximum entropy model was from a worse initial condition.1



The other techniques were not successful in improving performance. Although removing dis
uencies didnot give any improvement in performance, the work in this area led us to develop a useful diagnostic methodfor language models, based on local perplexity analysis. It also yielded an unexpected result that forced usto partially revise our prior understanding of the e�ects of dis
uencies on language modeling. Tied-MixtureLMs, and class LMs were unable to improve performance over the baseline models. These techniques suggestthat it is very di�cult to develop other models that make more e�cient use of the given training data.A by-product of our research e�orts was that the language modeling software currently being developedby Andreas Stolcke at SRI was signi�cantly improved with regards to robustness and coverage of new typesof models. We also developed an interface that allowed the SRI LM toolkit to be linked to the HTK latticetools used at the workshop. Finally, we shared our LM tools with other groups in several cases where theexisting software proved too in
exible or slow.1.3 Post-Workshop UpdateThere have been a number of developments that have occurred after this summer's workshop. Satya Dhara-nipragada and Sanjeev Khudanpur have reimplemented the maximumentropy language model and completeda set of language model adaptation experiments. These experiments were �nished after the workshop becausethe scope of this task both in terms of new software and new algorithms was very large.The perplexity experiments using the cache language model were conducted at the end of the workshop.After the workshop, Andreas Stolcke and Mitch Weintraub implemented the cache LM for speech recognition.These experiments showed that while both models (the model using knowledge of what the person reallysaid and the model using recognition hypotheses) improved perplexity signi�cantly, they did not reduce theword-error rate.SRI continued development of its language modeling tools, which are currently being prepared to bereleased for general use by the speech community.SRI collected \Switchboard-like" data for the workshop that consisted of both high-quality and telephonespeech. The primary purpose of this data was to be able to use the high-quality Sennheiser recordings atthe workshop. It became apparent that it would also be useful to collect read versions of these conversationsby the same people under the same conditions. SRI has completed the collection of this data and expectsto release this data to the community later this year.The techniques, tools and software that were developed at the workshop have been used by SRI both inits research as well as in the Spanish Call-Home evaluations. SRI's results demonstrated that these sametechniques for improved language models could be transferred from our English Switchboard system to beused in other languages.2 Variations on N-gram based Language ModelsH. Ney, A. Stolcke and M. Weintraub2.1 IntroductionIn this section we present a number of incremental improvements on the standard back-o� N-gram modelsthat served as a baseline for the language modeling at the workshop. These methods are mostly well-known from the LM literature, and have been tested in domains where vast amounts of training data hadbeen available (such as the WSJ corpus). The primary purpose of these experiments was to assess thee�ectiveness of these methods in the Switchboard context. We also developed a few improvements, such asthe dynamic Bayesian interpolation scheme and a cache language model based on N-best lists.The various models were evaluated �rst by their perplexity, as computed on the standard developmenttest set (including 1192 Switchboard and 669 SRI-Switchboard utterances). If a model looked promisingits e�ect on word error rate was assessed by rescoring 2500-best lists for the Switchboard portion of thedevelopment test set, which had previously been generated using the baseline trigram model. The languagemodel weighting and word transition penalty used in rescoring were unchanged from the baseline experiments.2



2.2 Higher-order N-gramsBefore any other variants on N-gram models we tried simply increasing the length of the context used. Ascan be seen below, a 4-gram model gives a very slight (non-signi�cant) improvement over trigrams, and a5-gram model gives no further improvement.Model PP WERSWB SWB3gram (baseline) 92.0 49.73%4gram 91.2 49.17%5gram 91.3 -(Note the baseline result di�ers slightly from the value shown below since this particular experiment usedlattice rescoring as opposed to N-best list rescoring).As expected, the limited amount of training data in Switchboard seems to limit the e�ectiveness ofN-gram models beyond trigrams.2.3 Interpolation with an NABN language modelThe Switchboard language model su�ers from little training data, and hence bad probability estimates.One way to improve these estimates is to interpolate them with those from a larger training corpus. Thecombined estimates will thus have a smaller variance, at the expense of a bias towards the statistics of thelarger corpus. The interpolation weight needs to be chosen careful to optimize the trade-o� between thesetwo factors.We chose the North American Business News (NABN) training corpus as used by the 1994 ARPACSR evaluations as the second LM training source. It consists of about 250 million words of text. Astandard trigrammodel was built from the corpus, containing only N-grams covered by the 23K Switchboardvocabulary. The model contained 8.4 million bigrams and 13.4 million trigrams (singleton trigrams werediscarded).In the �rst experiment, the SWBD and NABN models were mixed in a �xed proportion, according tothe formula p(wjh) = (1� �) � p(wjh; SWB) + � � p(wjh; NAB)where h is the trigram history of the current word w. � is the �xed interpolation weight; values around 0.2were found to give best results.The following table compares the �xed interpolated model with both of the component models in isolation.Model PP PP WERSWB SWB+SRI SWBSWB only, � = 0 92.0 101.9 49.69%Fixed, � = 0:2 83.0 94.4 48.73%NABN only, � = 1 326.4 394.7 {The interpolation reduces perplexity by about 10%, and reduces the word error by almost 1% absolute.This model can be slightly improved by making the interpolation weight � a function of the runninghistory of the N-gram predictor. One rationale for doing this is that the estimate should rely more on one orthe other model if the context \looks" more like the corresponding part of the training corpus. The modelthus becomes p(wjh) = (1� �(h)) � p(wjh; SWB) + �(h) � p(wjh; NAB)where �(h) is the posterior probability of \being in" the NABN domain.�(h) = p(NABjh)= �0 � p(hjNAB)�(1� �0) � p(hjSWB)� + �0 � p(hjNAB)�3



Here �0 is the \prior" probability for a NABN context. This value can be set to the best �xed � value(�0 = 0:2). The exponential weight � can be used to smooth the deviations from the prior value. For � = 1we obtain the straight Bayesian estimate, for � = 0 the model degenerates to the �xed interpolation model.The table below shows the performance of the Bayesian interpolation model for various lengths of contextto adapt to. PP PP WERhistory best � SWB SWB+SRI SWBBaseline 92.0 101.9 49.69%none 0.0 83.0 94.4 48.73%unigram 1.0 83.7 91.2 48.43%bigram 0.1 82.5 89.9 48.55%The Bayesian interpolation using unigram histories thus gives a small additional 0.3% word error improve-ment. (The combined di�erence from the baseline model is signi�cant at the 0.05 level.)2.4 Class-based models2.4.1 Part-of-speech based N-grams modelsIn an attempt to overcome sparse data problems, one can group words into classes. One such approachassigns words to part-of-speech (POS) categories, and models the POS sequence underlying a word sequenceusing standard N-gram models.For the following experiment, each word w was mapped to a single, the most likely POS tag g(w). The tagset contained 36 elements and was similar to the one used by the Penn Treebank annotations, but includedtags for unknown word and sentence end. A POS-based trigram model of the formPPOS(wjg(u); g(v))was interpolated with a word-based trigrammodel. The interpolation weight � as shown below was optimizedon the test data. Model PPLSWB� = 0:00: no POS 93.5� = 0:15: 90.5� = 1:00: pure POS 161.2The perplexity reduction is very modest, and no rescoring experiments where done with this model.2.4.2 N-grams extended with POS tagsA related idea is to extend the history of standard N-grams so a to include tags for the more distant words,thus counteracting the sparse data problem. To test this approach we trained N-gram models of variousorders from a tagged corpus, and likewise tested on a tagged test set (i.e., assuming knowledge of the tags).In each of these models the �rst word in the history is replaced by its POS tag.The perplexities below are not comparable to others reported here due to the di�erent training and testsets. Model PPww (2gram) 92.0tww 86.3www (3gram) 78.2twww 77.8wwww (4gram) 77.4We can conclude that while adding an extra tag to a word N-gram reduces the predictive accuracy of theLM, the same or even better performance can be achieve by simply adding another word to the history.4



2.4.3 Word classes by clusteringAn alternative approach to class-based LM seeks to �nd appropriate word classes in an unsupervised waywithout relying on prior grouping. This can be achieved by a clustering algorithm that optimizes the word-to-class mapping so as to reduce the entropy of the model on a cross-validation set. This is particularly easyto do in the case of a bi-class modelp(wjv) = p0(wjg(w)) � pbi(g(w)jg(v))The number of classes to work with is �xed. The "+1" notation below refers to a special class reserved forunseen words. The following table shows perplexity reduction of such a bigram model as a function of thenumber of classes. number of training test(SWB)classes perplexity perplexity35+1 153.8 148.950+1 143.8 140.0100+1 121.7 124.3200+1 106.7 116.9400+1 94.2 112.6Since such a model alone is weaker than a standard word trigram model, it needs to be interpolated witha trigram LM to give any improvement:p(wju; v) = (1� �) � pword(wju; v) + � � pclass(wjg(v))The following perplexity results refer to optimized � values:number of classes � perplexityno classes 0.0 93.535+1 0.2 90.31.0 148.9100+1 0.25 89.41.0 124.3400+1 0.25 90.31.0 112.6The perplexity improvement over the baseline is around 3%, although slightly better than for �xedPOS-based class grammars. No rescoring experiments were done using class-based models.2.5 Cache Language ModelsA cache language model is one that remembers recently seen words (beyond the memory of a standardN-gram model) and raises their probability on the theory that words tend to repeat within a unit of text,conversation, etc.If the reference word sequence were available a cache LM can be built from an unsmoothed unigrammodel over the last M words, where M is the size of the cache. In the present simple version the cache isnot 
ushed at conversion or other segment boundaries. The unigram model is then interpolated at a smallweight with a standard model.This \supervised" cache gives the following perplexity, using an interpolation weight of 0.7.Model PP PPSWB SWB+SRIBaseline 92.0 101.9+cache (M=100) 88.0 95.4+cache (M=400) 86.8 94.2+cache (M=1000) 87.5 94.85



As can be seen, the perplexity reduction is around 5%, and seems to be rather robust to the choice ofcache size.To use a cache model in rescoring we face the problem that the correct hypotheses (and hence to cachecontents) is not known. We tried to solve this problem by building the cache from the N-best lists returnedby the recognizer. The rationale is that words that are recognized with high con�dence will appear in manyof the N-best hypotheses and thus receive a higher probability. Furthermore, we have access to not just thepast, put also the future of an utterance in the cache. We experimented with two variants:� The cache unigram for an utterance is built from all N-best lists for utterances in the same conversation,including the current utterance.� The cache unigram for an utterance is built from all N-best lists for utterances in the same conversation,excluding the current utterance.Since the cache model gave us the second-largest perplexity reduction after the NABN interpolated model,we also tried both techniques together. The parameter M below refers to the number of hypotheses used totrain the cache model: Model PP WERBaseline 92.0 49.69%top-500 cache (+ current utt.) 79.1 49.66%top-100 cache (- current utt.) 87.5 49.57%Baseline + NAB 83.7 48.43%+ top-500 cache (+ current utt.) 74.3 49.29%+ top-100 cache (- current utt.) 80.4 48.41%Looking at the perplexities we �rst notice a very low value for the case where hypotheses for the currentutterance are included in the cache. This can be explained by the fact that the language model is in factconditioned on the acoustic evidence in this case, and is thus no longer an independent knowledge source.These values are therefore not meaningful in comparison with standard perplexities.However, even excluding current utterances, the perplexity of the cache model is virtually the same as insupervised mode. Surprisingly, though, this improvement does not lead to a signi�cant word-error reduction.It remains to be seen if a cheating cache model (using the references for past and/or future utterances)would give a signi�cant improvement in recognition performance.2.6 ConclusionOf all the various methods tried here to improve N-gram models in the Switchboard domain, the only onethat gave a small, yet signi�cant reduction in word error was the interpolation with an external languagemodel trained on out-of-domain text. This suggest that the current N-gram LM technology has indeedreached its limits in this domain, and can only be pushed by adding more data (and possibly being moreclever about using out-of-domain data). Other approaches along these lines are described in Section 4.3 Tied-Mixture Multinomial Language ModelsMitchel Weintraub and Andreas Stolcke3.1 IntroductionTied-mixture models have been used extensively for acoustic modeling of speech. For acoustic models, amoderate-sized set of Gaussian probability distributions are used as the \basis set." This is because everystate's output probability distribution is composed of some weighted combination of these basic distributions.The Gaussian distributions are shared by all models, while each model determines it's own mixture weights.For language models, the probability distribution to be estimated is the probability of the next word.Since words are discrete events, we use a discrete probability distribution, which we refer to as a multino-mial distribution. Each multinomial distribution is a vector that contains the probabilities of the words:6



P (wordijmultinomialj). There is a set of common multinomial models that are shared among all distri-butions. If you want to estimate some probability distribution for the next word, the distribution can becomputed as a weighted combination of the common models. The basic model has the form shown below inEquation 1: P (wijHist) =Xj P (wijmultj)P (multjjHist) (1)P (wijmultj) is the size of the vocabulary V and P (multj jHist) is the size of the number of multinomialmixtures, typically on the order of 50 to 1000.The motivation of this model is similar to that used for acoustic modeling: can we estimate a set of basisvectors that can be used to approximate the true language model distributions? In the next section we willdescribe how this model is trained.3.2 Estimation of Model ParametersThe multinomial models are initialized using a bigram back-o� model. A number of previous words are se-lected as the seed histories. For each word used as a seed history, the back-o� bigram probability distributionover the Switchboard vocabulary conditioned on this seed word is used.To select the seed words, information about the tagged corpus computed by YamanAksu and John Prangewere used. For the Switchboard corpus, the frequency distribution for the tagged words was computed, andfor each tag, the most likely words having that tag was computed. Each tag was given the same number ofseed words, and the most likely words for each tag was used as the seed words.The mixture weights P (multj jHist) were initialized as uniform distributions. A bigram tied-mixturelanguage model was developed. Therefore, the number of histories used was the size of the vocabulary V .The equations for re-estimating the mixture weights and multinomials is listed below:P (multj jHist) =Xwi P (wijHist) P (wijmj)P (mj jHist)Pmk P (wijmk)P (mkjHist) (2)P (wijmultj) = XHist P (mjjwi;Hist)P (wijHist)Pwk P (mjjwk;Hist)P (wkjHist) (3)In Equation 2, the second term is the probability of selecting a particular multinomial model given thehistory and the current word. This term is weighted by the di�erent words that are observed for thatparticular history.In Equation 3, the term represents the probability of observing the current word given the multinomialand the history. However, during the workshop, instead of computing P (mjjwi;Hist) as indicated in theabove equation, we instead used the average of this term over all word histories: P (mj jHist). This errorwas only discovered after the workshop during the preparation of this paper, and the e�ect of this error onthe estimates of P (wijmultj) has not yet been measured.3.3 Perplexity Results for SwitchboardAfter seeding the tied-mixture models and training then, we ran a series of perplexity experiments. Theperplexities were computed on the development sets for both the Switchboard and the SRI-Switchboard de-velopment sets. The numbers are reported separately for each partition as well as for the overall developmenttest set.Comparing the results from Tables 1 and 2 indicates that the overall perplexities decrease and seem tolevel out at approximately the bigram level. Since these are bigram tied-mixture models, the perplexitiesare similar to the perplexities of the baseline bigram model.If we look in more detail at how the tied-mixture multinomial model compares with a bigram model(Table 3), we can see that the perplexity of unseen events are much lower for the tied-mixture languagemodel than a conventional bigram language model. Conversely, the perplexities were slightly higher for theconditions when the bigram exists. From this we can see that the tied-mixture model is a smoother modelthat generalizes better to unseen data at the expense of modeling the frequently occurring data.7



SWBD SRI-SWBD OVERALL32 Multinomials 136 164 147177 Multinomials 114 140 124396 Multinomials 112 138 122Table 1: Perplexity of bigram tied-mixture multinomial model as a function of the number of mixtures whentrained and tested on Switchboard. SWBD SRI-SWBD OVERALLBigram 109 135 119Trigram 93 120 103Table 2: Baseline N-gram perplexity when trained and tested on Switchboard.3.4 Maximum Entropy Adaptation of Tied-Mixture Language ModelsThe structure of the tied-mixture language model makes it relatively straightforward to impose constraintson the model. To experiment with this approach, we decided to train a tied-mixture language model on theNABN corpus and impose the unigram constraints of Switchboard.The unigram distribution for the Switchboard model can be computed as:PSWBD(wi) =Xmj PSWBD(wijmj)PSWBD(mj) (4)PNABN(wi) =Xmj PNABN(wijmj)PNABN(mj) (5)PNABN(wijmj) = PNABN(wijmj)PSWBD(wi)PNABN (wi)Pwk PNABN(wkjmj)PSWBD(wk)PNABN (wk) (6)Looking at Equation 6, we can see that the multinomial probability vector is scaled by the ratio of theSwitchboard and the NABN unigram frequencies, and then normalized to sum to 1.0 (the denominator inEquation 6). After scaling the multinomials in this fashion, the unigram frequencies for the NABN corpuswas recomputed using Equation 5. These new estimates for the adapted NABN unigram probabilities wereused in Equation 6, and this process was iterated until the unigram probabilities of the maximum entropyadapted NABN corpus matched the Switchboard unigram probabilities. The perplexities that this modelgives is shown in Table 4Notice that the bigram tied-mixture multinomial language model has a lower perplexity (449) than thetraditional back-o� bigram N-gram language model (497). As we saw from the results in Table 3, we knowthat the tied-mixture language model is smoother when dealing with words in new contexts that have notbeen observed in the training data. bigram doesn't exist bigram existsBigram LM 17725 61177 Mult TM LM 10692 69Table 3: Perplexity as a function of whether the testing bigram occurred in the training data (The testingbigram existed 87% of the time, and 13% of the time a Bigram LM had to back o� to unigram probabilities).8



Model PerplexityBaseline NABN Bigram 497Baseline NABN Trigram 394396 Bigram Tied-Mixture Multinomial 449+ Imposing Switchboard Unigram Constraints 188+ Smoothing NABN and Switchboard Multinomials 156+ Smoothing NABN and Switchboard Mixture Weights 132Table 4: E�ect of maximum entropy adaptation of a tied-mixture multinomial model trained on the NABNcorpus with the imposition of SWBD unigram constraints. (Perplexities on combined SWBD and SRI-SWBDdevtest data.)Model Perplexity396 Bigram Tied-Mixture Multinomial+ Imposing Switchboard Unigram Constraints+ Smoothing NABN and Switchboard Multinomials+ Smoothing NABN and Switchboard Mixture Weights 132396 Switchboard Bigram Tied-Mixture Multinomialinterpolated with 396 NABN Bigram Tied-Mixture Multinomial 118396 Switchboard Bigram Tied-Mixture Multinomialinterpolated with 396 NABN Bigram Tied-Mixture Multinomial+ Imposing Switchboard Unigram Constraints+ Smoothing NABN and Switchboard Multinomials+ Smoothing NABN and Switchboard Mixture Weights 117Table 5: E�ect of interpolating tied-mixture multinomial model trained and standard N-gram languagemodels.Imposing the unigram constraints on the language model results in a signi�cant reduction in perplexity(449 to 188). This dramatic reduction in perplexity is due primarily to the correction of low-probabilitywords (e.g. words like UH-HUH that have a very low probability in NABN text but has a high Switchboardprobability).This improvement can be further enhanced by smoothing the adapted language model with the Switch-board language model. In addition to imposing the Switchboard unigram constraints, we can smooth theadapted multinomials with the Switchboard multinomials. We can do this because the NABN multinomialswere initialized with the Switchboard Tied-Mixture Multinomials, and therefore the multinomials retain somecorrespondence between the two domains. This smoothing can be done before interpolating the languagemodels. Smoothing the language models together results in a reduction in perplexity to 132.This resulting language model can then be interpolated with the Switchboard language model. Theseresults are shown in Table 5.These results indicate that when interpolating the language models, smoothing the adapted model beforeinterpolation does not improve perplexity much (118 to 117). The resulting perplexity of this model isonly slightly lower than the standard bigram language model that has a perplexity of 119. An additionalimprovement might have been obtained by also imposing Switchboard bigram language model constraintsbut these algorithms have not yet been developed.3.5 Recognition ResultsThe previous experimental results measured perplexity using the di�erent language models. The real test istheir e�ect on recognition performance. The experimental results listed in Table 6 are for rescoring 2500-best9



Model WERBaseline Bigram 51.42%Baseline Trigram 49.55%396 Switchboard Bigram Tied-Mixture Multinomial 51.42%396 NABN Bigram Tied-Mixture Multinomial+ Imposing Switchboard Unigram Constraints+ Smoothing NABN and Switchboard Multinomial+ Smoothing NABN and Switchboard Mixture Weights 52.33%396 NABN Bigram Tied-Mixture Multinomial 56.75%396 Switchboard Bigram Tied-Mixture MultinomialInterpolated with 396 NABN Bigram Tied-Mixture Multinomial+ Imposing Switchboard Unigram Constraints+ Smoothing NABN and Switchboard Multinomials+ Smoothing NABN and Switchboard Mixture Weights 51.46%Table 6: Word-error rate for N-best rescoring experiments on Switchboard development test set.lists that were generated with a Switchboard N-gram language model.The results from Table 6 indicate that the bigram tied-mixture multinomial gave the same performanceas the bigram N-gram model (51.42). The language model that had the lowest perplexity (interpolatedlanguage model perplexity of 117) had a word-error rate of 51.46; this is insigni�cantly higher than thebaseline bigram condition.It is interesting to notice that rescoring the N-best list with the NABN language model only increased theerror rate to 56.75 even though the perplexity for this language model was 449. This is an absolute increaseof 5.3% over the case when a task-speci�c language model has been used. SRI has observed approximatelysimilar increases in performance when using the NABN language model directly. This relatively smalldi�erence indicates that (a) there is not much bene�t from training a language model using a small data set,and (b) there is not much degradation by using a language model trained on a very large amount of text.We hypothesize that poor acoustic models are limiting the di�erence between these two conditions, and thatat much lower error rates the di�erence between these conditions should be much greater.3.6 Analysis of ResultsTo understand some of the characteristics of the tied-mixture language model, we computed the perplexityof the bigram mixture weights (Table 7). For each word history, there is a probability distribution over themixture weights. The sharper the distribution of these mixture weights (more probability mass concentratedinto a small number of multinomials), the lower the perplexity of this distribution.The reason that the perplexity of the distribution is extremely low for very high number of successors isthat these contexts that have a very large number of counts are e�ectively dominating the training data for asingle multinomial vector. The reason that the perplexity of the distribution is extremely low for very smallnumber of successors is that when you have only one example of a successor word, the maximum-likelihoodestimate for the lambdas is to give all your weight to the multinomial vector with the highest probability forthat word.3.7 SummaryThe performance of the tied-mixture language model was identical in terms of recognition performance andvery close in terms of perplexity. While it did not result in any performance improvement as hoped, it didhave lower perplexity when tested on bigrams that did not occur in the training data.The structure of the language model made it convenient to adapt the model using maximum entropyconstraints. In particular, we used Switchboard unigram constraints to adapt a NABN tied-mixture language10



# Unique Successors Perplexity1 1.02 1.793 2.454 2.895 3.346 3.617 3.788 4.269 4.3210-20 4.4420-50 4.0650-100 3.10100-200 2.23200-500 1.45500-1000 1.071000-10000 1.0Table 7: Entropy of the mixture weights as a function of the amount of training data for a particular history.model to the Switchboard domain. Unfortunately, this did not help language model performance. This canbe understood since the baseline Switchboard bigram language model has a coverage of 87%.4 Language Model Adaptation using the Minimum DivergencePrincipleS. Dharanipragada, F. Jelinek, and S. Khudanpur4.1 IntroductionIt is well known that reliable estimation of language model probabilities requires a large amount of data.Therefore, for domains such as Switchboard, which has approximately 2.1 million words, language modelsbuilt using only the domain-speci�c data will be unreliable and hence ine�ective. However, it is often thecase that these \sparse domains" have much information common with other \rich domains." For instance,there is likely to be considerable amount information common between the Switchboard domain and thericher Wall Street Journal domain. Hence, the question that naturally arises is: how can we take advantageof the rich domain to improve the language model on the sparse domain? In this project, we address theabove general question with the speci�c intention of improving language models for the Switchboard taskusing the Wall Street Journal corpus.It is clear that in order to utilize the rich domain for developing language models on the sparse domain,we need a way to combine information in the two domains in a suitable manner. To this end, we adopt thefollowing approach:� First, we select a suitable rich domain and construct a language model for it { we refer to this modelas the prior language model.� Next, we select constraints that describe information that is characteristic to the sparse domain, andthat can be reliably estimated.� Finally, we transform the above language model in such a way that the transformed language modelmeets the constraints with minimum deviation from the prior language model.Constraints are often on N-gram and/or word-class probabilities and the deviation between two language11



models (or probability distributions) is usually measured using the standard discrimination informationdistance measure also known as the Information Divergence measure or the Kullback-Liebler distance.In the next section, we give a mathematical formulation for the above approach.4.2 Mathematical PreliminariesWe consider a trigram language model and adopt the following notation:V : a discrete, �nite set (vocabulary + f < UNK > g)w : element of V (words)P (w1; w2; w3) : probability mass function on V � V � V (trigrams)~P (w1; w2) : Xw3 P (w1; w2; w3) ( probability of history (w1; w2))P (w3jw2; w1) : conditional probability (language model)P : a set of probability mass functions (admissible models)The information divergence (I-Divergence) between two distributions P and Q is given byD(PkQ) =Xw1 Xw2 Xw3 P (w1; w2; w3) log P (w1; w2; w3)Q(w1; w2; w3) :We consider linear equality constraints, which can be written using \feature functions" fi : V �V �V ! Ras EP [fi] = �i; i = 1; 2; : : :;K:The constants �i are chosen to be either the sample means of the feature functions or their Good-Turingestimates.The language modeling problem can now be stated as:Given a prior distribution Q, �nd a distribution P � that� satis�es the constraints: EP [fi] = �i; i = 1; 2; : : : ;K:, and� minimizes D(PkQ)i.e., P � = argminP D(PkQ) subject to EP [fi] = �i; i = 1; 2; : : : ;K:P � is also referred to as the I-Projection of Q onto the linear family of distributionsP 4= fP : EP [fi(w1; w2; w3)] = �i; i = 1; : : : ;KgThe following theorem characterizes the I-projection of Q onto P.Theorem: [3, 2] If P is a linear family of distributions such that P (w1; w2; w3) > 0 8 w1w2w3 for atleast one P 2 P , then the I-Projection of Q on P has the formP �(w1; w2; w3) = Q(w1; w2; w3)ePKi=1 �ifi(w1;w2;w3)Z(�1; : : : ; �K)where Z(�) is a normalizing constant.When dealing with trigram language models, we are interested in conditional distributions instead ofmarginal distributions. Therefore, instead of �rst obtaining joint distributions, and then deriving condi-tional distributions from the joint distributions, we can formulate the problem directly in terms of condi-tional distributions. To this end, we de�ne the conditional I-Divergence between two conditional probabilitydistributions P and Q, with a given distribution on the history, ~F , asD(PkQj ~F ) = Xw1 Xw2 ~F (w1; w2)Xw3 P (w3jw2; w1) log P (w3jw2; w1)Q(w3jw2; w1)= D(P ~FkQ ~F ) 12



~F is usually taken to be the empirical joint distribution on the history. The following corollary to the theabove theorem is applicable for the conditional I-divergence problem.Corollary: For the conditional I-Divergence problemP �(w3jw2; w1) = Q(w3jw2; w1)ePKi=1 �ifi(w1;w2;w3)Z(w1; w2; �1; : : : ; �K)The K parameters specifying P � can be determined by the following iterative algorithm due to Darrochand Ratcli�, widely known as the \Generalized Iterative Scaling Algorithm."Generalized Iterative Scaling Algorithm [3]� Set �(0)1 = �(0)2 = : : : = �(0)K = 0� n = 0� Set Pn(w1; w2; w3) = ~F (w1; w2)Q(w1; w2; w3)ePKi=1 �(n)i fi(w1 ;w2;w3)Z(w1; w2; �(n)1 ; : : : ; �(n)K )� while (stopping criterion not met)f for each j = 1; 2; : : :;Kf � compute �̂j = EPn [fj(w1; w2; w3)]� compute �j = log �j�̂jgfor each j = 1; 2; : : :;K� update parameters:�(n+1)j = �(n)j + �jfor each (w1; w2) in training data� update normalizing constants:Z(w1; w2; �(n+1)1 ; : : : ; �(n+1)K ) = Z(w1;w2;�(n)1 ;:::;�(n)K )~F (w1;w2) EPn [ePKi=1 �(n)i fi(w1;w2;w3)]n = n+ 1g4.3 Experimental Results on SwitchboardApproximately 2:1 million words of training data was used for developing trigram language models onSwitchboard. The language models were tested on a test set consisting of 1192 sentences (� 10; 000words) for both Perplexity and Word Error Rates. Word error rates were computed by rescoring the N-besthypotheses that were provided to us.We �rst developed a Maximum Entropy (ME) Model, i.e. with a uniform prior distribution. We selectedthe North American Business News Corpus (NABN) as the \rich" domain and used a trigram languagemodel developed for it, as the prior distribution for developing a Minimum Divergence (MD) Model forSwitchboard. For both the ME and MD models we imposed only N-gram constraints. All trigrams withcounts � 3, all bigrams with adjusted1 counts � 2 and all unigrams with adjusted counts � 1 in the trainingset were constrained. As target values, we used Good-Turing estimates of the probabilities with thresholds2of 1, 7, 7 for unigram3, bigram and trigram counts respectively. The perplexity and word-error rates of thesemodels are shown in the tables below in comparison with a SWBD Baseline Trigram model.1Only those sample points, (w1; w2; w3), that do not appear in any trigram constraints contribute to the adjusted count ofthe bigram (w2;w3).2A GT threshold of 7 for trigrams, for example, implies that target values for trigrams with counts > 7, are set to theirrelative frequencies, while for trigrams with counts � 7, Good-Turing estimates are used.3All unigrams seen with adjusted counts � 1 were considered reliable, and hence a threshold of 1 was used13



Perplexity of the LM95 dev-testModel No� Bigrams No� Trigrams PerplexityBaseline Trigram 300 K 180 K 92.94ME Model (with uniform prior) 100 K 95 K 96.90MD Model (with NABN as prior) 100 K 95 K 86.73WER Results (2500-best Rescoring)Model % Correct % Sub % Del % Ins % Err % Sent ErrBaseline Trigram 56.09 32.07 11.85 5.64 49.55 80.45ME Model (with uniform prior) 55.86 31.66 12.48 5.30 49.44 81.19MD Model (with NABN as prior) 57.58 11.41 48.18 79.01Two sets of comparisons may be made based on these results.1. Measured against the ME language model with a uniform prior, the MD technique (with the NABNtrigram language model as a prior) results in a small reduction of perplexity as well as word errorrate. This points to the potential gains that may be realized by using language models from data richdomains in new domains where training data is scarce. Since we use the comparison between the MEand the NABN based MD language models to make this claim, it is clear that the gains are indeed dueto the information in the prior language model and not due to any inherent advantages of maximumentropy techniques. This is not obvious if the performance of the NABN based MD model is comparedwith the baseline trigram model alone.2. The baseline trigram language model and the ME language model result in comparable word errorrates even though the ME language model has a higher perplexity. This is consistent with earlierexperiences with maximum entropy models and indicates that discarding very low count N-grams ina maximum entropy setting is competitive with using Good-Turing estimates for their counts in theKatz backo� scheme. However, if the discarded N-grams were instead used in some reasonable way,e.g. as parts of word class N-gram constraints, it is conceivable that further gains could be made.4.4 Conclusions and Future WorkThe method of adapting a language model developed on a rich (usually text) corpus to a sparse domain, suchas Switchboard, using the minimum divergence approach has shown reasonable promise. The experimentswe have conducted so far are not exhaustive. We plan to investigate this approach further in the future.In particular, the use of more sophisticated constraints, e.g. on classes of words rather than speci�c words,and other sources of prior models, which appear to be closer to the target domain than text corpora, willbe explored. In all our experiments thus far, we have imposed strict equality constraints on only thoseN-grams that have a signi�cant count. In a sparse domain there will be many n-grams with very low counts.These ngrams nevertheless, provide signi�cant information on the sparse domain and hence, discarding themcompletely is clearly inappropriate. We thus need a way to incorporate the information provided by these low-count events. We are currently investigating the use of interval constraints (or relaxed constraints) insteadof strict equality constraints, to accomodate these low count events in the maximum entropy framework.5 Language Modeling for Speech Dis
uenciesAndreas Stolcke and Elizabeth Shriberg5.1 Motivation and OverviewSpeech dis
uencies (DFs) are prevalent in spontaneous speech, and are among the characteristics distinguish-ing spontaneous speech from planned or read speech. DFs are one of many potential factors contributing to14



the relatively poor performance of state-of-the-art recognizers on this type of speech, e.g., as found in theSwitchboard [4] corpus.Past work on dis
uent speech has focused on dis
uency detection, using either acoustic features [9, 8] orrecognized word sequences [1, 5]. Our goal in this work is to develop a statistical language model (LM) thatcan be used for speech decoding or rescoring, and that improves upon standard LMs by explicitly modelingthe most frequent DF types. The main reason to expect that DF modeling can improve the LM is thatstandard N-gram models are based on word predictions from local contexts, which are rendered less uniformby intervening DFs. Other researchers have recently started exploring approaches to DF modeling based onsimilar assumptions [6, 10].Section 5.2 describes a simple N-gram-style DF model, based on the intuition that DF events need to bepredicted and edited from the context to improve the prediction of following words. Section 5.3 comparesthe DF model with a baseline LM, in terms of both perplexities and word error rates on Switchboard data.The emphasis is on a detailed analysis of the model at DF and following word positions. Section 5.4 providesa general discussion of the results.5.2 The Model5.2.1 Dis
uency typesFollowing [11], DFs can be classi�ed based on how the actual utterance must be modi�ed to obtain theintended 
uent utterance, i.e., the utterance a speaker would produce if asked to repeat his or her utterance.The types can be characterized by the type of editing required.Filled pauses (FP) The pause �ller (typically \uh" or \um") must be excised.SHE UH GOT REAL LUCKY THOUGH--> SHE GOT REAL LUCKY THOUGHRepetitions (REP) Contiguous repeated words must be removed.IT'S A IT'S A FAIRLY LARGE COMMUNITY--> IT'S A FAIRLY LARGE COMMUNITYDeletions (DEL) Words without correspondence in the repaired word sequence must be deleted.I DID YOU HAPPEN TO SEE ...--> DID YOU HAPPEN TO SEE ...We know from prior work [11] that these three types of DF are the most frequent across a variety ofspontaneous speech corpora, accounting for over 85% of DF tokens in the Switchboard corpus.4 See [11] fora description of other, less frequent, types of DF that are not modeled explicitly in our LM. For example,we are not modeling word substitutions or speech errors.5.2.2 The Cleanup ModelThe central assumption incorporated in our DF language model is that probability estimates for words aftera DF are more accurate if conditioned on the intended 
uent word sequence. A secondary assumption is thatDFs themselves can be modeled as word-like events, each having a probability conditioned on the context.A standard language model, by contrast, would look only at the surface string of words and assign wordprobabilities in a strictly sequential manner.Because of the central assumption, we call our DF model the `Cleanup Model.' It is implemented as astandard backo� trigram model with the following three modi�cations to account for DFs.4DF frequencies in Switchboardwere estimated from a hand-labeled subset of 60 conversation sides, containing 40,500 words.The coverage �gure takes into account the further limits on modeled repetitions and utterance-medial deletions described below.15



1. Words following a DF event are conditioned on the cleaned-up, 
uent version of the context. Filledpauses are removed from contexts, as is the sequence of extraneous words in repetitions and deletions.For example, the probability estimate for \WANT" following \BECAUSE I I" would beP (WANTjBECAUSE I REP1) = P (WANTjBECAUSE I) ;where REP1 denotes a repetition event. The repeated \I" is deleted from the context.2. Dis
uencies are represented by probabilistic events occurring within the word stream, some of whichare hidden from direct observation. For simplicity, we model only the most prevalent subtypes for eachDF class, namely �lled pausesUH andUM, repetitions of one or two words (REP1,REP2), deletionsat the beginning of a sentence (SDEL), and other one- or two-word deletions (DEL1, DEL2).3. Just as words, DFs are treated as events that are assigned probabilities conditioned on their context.The contexts themselves are subject to DF cleanup as described above. For example,P (REP1jBECAUSE I)is the probability of repeating \I" after \BECAUSE."By representing DFs simply as another type of N-gram event, we allow DFs to be conditioned on speci�clexical contexts, so that simple word-based regularities in their distribution can be captured. Furthermore,because of its simple N-gram character, the model does not embody speci�c assumptions or constraintsabout the distribution of DF events.5.2.3 Probability computationTo account for the hidden DF events potentially occurring between any two words, a forward computationis carried out to �nd the probability of a sentence pre�x P (w1w2 : : :wk). Conditional word probabilities arethen computed as P (wk+1jw1 : : :wk) = P (w1 : : :wk+1)P (w1 : : :wk) :If the underlying N-gram model is a trigram, it is su�cient to keep eight states for each word position,according to whether the DF prior to wk was NODF (none), FP (�lled pause), SDEL, DEL1, DEL2,REP1, REP2, or the second position after a REP2 event. To illustrate, the partial computation involvingjust the NODF and REP1 states is shown here.P (w1 : : :wkNODFwk+1) = P (w1 : : :wk�1NODFwk)p(wk+1jwk�1wk)+P (w1 : : :wk�1REP1wk)p(wk+1jwk�2wk�1)P (w1 : : :wkREP1wk+1) = �(wk; wk+1)[p(w1 : : :wk�1NODFwk)p(REP1jwk�1wk)+P (w1 : : :wk�1REP1wk)p(REP1jwk�2wk�1)]where �(wi; wj) = 1 if wi = wj, and 0 otherwise. Trigram probabilities are denoted by p(�j�); these areobtained through the usual backo� procedure [7]. The total pre�x probability is then computed asP (w1 : : :wk) =XX P (w1 : : :Xwk) ;where X ranges over the hidden states representing the dis
uency types (including NODF).16



5.2.4 EstimationThe backo� N-gram probabilities in the model are estimated from N-gram counts, including counts of the DFevents. We used standard Good-Turing discounting in the backo� for both baseline and DF trigram models.For experiments reported here involving hidden DF events, we used a subset of the Switchboard corpus thatwas hand-annotated for dis
uencies as well as for linguistic segments.5 In the absence of hand-annotatedtraining data, an iterative reestimation (EM) algorithm could be used to estimate the N-gram probabilitiesfor hidden DF events.When counting N-grams for the DF model, the same context modi�cations used in the DF cleanupoperations must be performed on the training data. For example, the word sequence<s> SHE UH GOT REAL LUCKYis counted as having the following trigrams:<s> SHE UH <s> SHE GOTSHE GOT REAL GOT REAL LUCKYNote that the trigramsSHE UH GOT UH GOT REALwhich would be generated for a standard trigram LM are not generated for the DF model.Because DF and word events are represented uniformly as N-grams in the model, the standard estima-tion procedure will normalize DF and non-DF event probabilities. This is a convenient simpli�cation overalternative approaches in which DFs are modeled separately from the 
uent word sequences.5.3 Results and Analysis5.3.1 Overall resultsWe trained a trigram model for FP, REP, and DEL dis
uencies as described above, using 1.4 million wordsof Switchboard data labeled for DF events (see note 5). The model was then evaluated on a test set of 17,500words. Table 8 compares baseline trigram and DF models.6Table 8: Overall resultsModel Perplexity Word errorBaseline trigram 119.1 50.21%DF trigram 120.9 50.23%As can be seen, there is no signi�cant di�erence in recognition word error rates. While this may be dueto a number of factors (some of which we discuss in Section 5.4), we would have expected at least a reductionin perplexity for the DF model; this was not the case. We wanted to know whether this was because ourunderlying assumptions were wrong, or whether it was due to other factors, so we decided to analyze theDF model performance in detail.We note with regard to these and later results that some types of dis
uencies may contain word fragments(from speakers cutting themselves o� in mid-word). According to [11], 20 to 25% of repetitions and dele-tions in Switchboard contain word fragments; however, �lled pauses, as classi�ed here, never involve wordsfragments. Fragments are usually not part of the vocabulary of current recognizers, and are not modeled inour system. They were therefore omitted from the transcripts used for our perplexity computations. We canexpect an additional bene�t from successful fragment recognition, since they would serve as extra evidencefor repetitions and deletions, as well as for other DF events.5A preliminary version of annotated Switchboard data was made available to the 1995 Johns Hopkins Language ModelingWorkshop; the LDC will release a �nal version.6Both baseline and DF models were trained on the same data, which corresponds to only a portion of the full trainingcorpus. Therefore, the perplexity �gures are higher here than in some of the comparisons below.17



Table 9: Local perplexities at �lled pause positions.Position UH UH+1 UH+2 UM UM+1 UM+2 non-FP overallBaseline 39.0 223.5 89.8 174.9 36.7 71.9 103.4 101.9FP model 39.9 291.5 91.4 175.8 73.4 69.2 103.4 103.3#events 502 502 373 188 188 94 19426Table 10: Local perplexities at repetition DF positions.Position REP1 REP1+1 REP1+2 REP2 REP2+1 REP2+2 non-REP overallBaseline 47.7 183.4 86.4 111.0 12.6 216.0 102.9 101.9REP model 38.2 191.5 84.7 94.2 2.1 222.3 103.1 101.3#events 386 386 320 44 44 44 194265.3.2 Analysis by DF typeTo assess the potential of the DF model speci�cally at DF locations, we computed perplexities for modelscovering each DF type in turn, and separately for a number of word positions relative to the DF event. Ineach case, we also computed perplexities for the non-DF positions, to make sure the model did not penalize
uent text (reported below in the \non-DF" columns).Filled pauses A trigram model with special DF modeling for �lled pauses only was trained on 1.8 millionwords of acoustically segmented Switchboard transcripts. The test set consisted of 1861 acoustic segmentscontaining 17,500 words. Table 9 shows the perplexities of the baseline and FP models for the FPs themselves(UH, UM), the words after (UH+1, UM+1), and two words after (UH+2, UM+2). The surprising resultis that deleting FPs from N-gram contexts does not help the LM; it actually signi�cantly increases theperplexity of the word following the FP. That is, on average, the FP itself is the best predictor of thefollowing word, not the context preceding the FP. This conclusion is also supported by the correspondingbigram perplexities, which exhibit the same pattern. Apparently, FPs correlate strongly with certain lexicalchoices or syntactic structures, and thus give useful information regarding their neighbors to the right. Weinvestigate this question further in Section 5.3.3.Repetitions A trigram model with DF modeling for repetitions was trained and tested as describedabove. Table 10 shows word perplexities for positions relative to repetition events. REP1 refers to thesecond instance of a repeated word in a one-word repetition; REP1+1 and REP1+2 denote the �rst andsecond word, respectively, after such a repetition. REP2 and REP2+1 refer to the repeated words in atwo-word repetition; REP2+2 denotes the word following a two-word repetition. Unlike the case of FPs, theCleanup Model is generally bene�cial in REP contexts, reducing the joint perplexity (all the above positionsrelative to REP) from 85.9 to 76.6.We also tested whether the words following the repetition might be better predicted by the REP eventitself, rather than the actual words being repeated, analogous to what we found for �lled pauses; this turnedout not to be the case.Deletions A deletion-only DF model was trained on 1.4 million words of DF-annotated transcripts. Inorder to perform an analysis by DF type and position, the models were tested on 17,800 words of similarlyannotated data.7 Only sentence and one-word deletions are reported in Table 11, since the test data contained7Due to di�erences in amount of training data and type of segmentation, the perplexities are not directly comparable to theprevious two studies. 18



Table 11: Local perplexities at deletion DF positions.Position SDEL SDEL+1 DEL1 DEL1+1 non-DEL overallBaseline 415.5 49.5 523.3 35.0 75.5 76.2DEL model 402.0 47.9 544.2 36.0 75.4 76.1word event only 99.1 289.5#events 130 130 15 20454only a single two-word deletion. The second row for \DEL model" gives the perplexity based only on theword following a deletion, without including the probability for the deletion event itself. This shows thatthe context modi�cation has the intended e�ect of making the next word more likely on average.5.3.3 Filled pauses and utterance segmentationAs shown above, the Cleanup Model as applied to �lled pauses yields a higher perplexity overall thanthe baseline trigram model. This is largely attributable to poorer word probability estimates at locationsimmediately following a �lled pause. In prior work Shriberg [11] observed that �lled pauses tend to occur atlinguistic segment (e.g., clause) boundaries. Since the standard LM test utterances are segmented accordingto acoustic criteria, �lled pauses around linguistic boundaries can actually occur in the middle of acousticutterance segments. At such locations, the assumptions of the Cleanup Model would be grossly violated,since the preceding words actually belong to a di�erent linguistic segment. The standard model, on the otherhand, can produce reasonable predictions, as the �lled pause can serve as an indicator of the boundary.To test this hypothesis we compared the perplexities of both models on a subset of the test data that washand-annotated for linguistic segmentations, and that had been re-segmented accordingly (10250 words in1325 segments). Speci�cally, we compared the perplexities of words following medial �lled pauses, i.e., �lledpauses not occurring as the �rst or last word in a linguistic segment. Results are shown in Table 12.Table 12: Local perplexities after medial �lled pausesPosition UH+1 UM+1Baseline 849.0 437.4FP model 606.2 361.7We see that the Cleanup Model is the better predictor for words following medial FPs, the reverse of theresult for acoustically segmented utterances. That is, the cleanup assumption holds for medial FPs if onemodels utterances based on linguistic, rather than acoustic, segments.5.3.4 Results from related workWe are aware of two other groups of researchers currently investigating similar approaches to DF languagemodeling. In [6] a cleanup-style model for �lled pauses is described. Ries and Qui at CMU [10] haveexperimented with models for repetitions and certain types of sentence deletion that incorporate the cleanupassumption. Overall, their results are consistent with ours (higher perplexity for �lled pauses, lower perplexityfor repetitions and deletions), but the overall e�ects are small, as in our case.5.4 Discussion and ConclusionsThe preceding analysis shows that a dis
uency model based on the intuition underlying the Cleanup Modelcan yield only very small improvements in model perplexity, although the cleanup assumption seems to bevalid on the Switchboard data we used in our experiments. The local perplexity analysis we performed shows19



that the word positions at and immediately followingDF events can be predicted with sometimes signi�cantlylower perplexity, although the e�ect on overall perplexity is very small, due to the low frequency of DF events.An interesting (and prima facie unexpected) result was that the Cleanup Model does not lower perplexityfor �lled pauses in acoustically segmented utterances. We attribute this to the particular way that thecleanup assumption is violated by �lled pauses at linguistic segment boundaries internal to an acousticsegment. There are correlations between segmentation and other types of DFs, too, but the e�ects on theLM should be smaller in those cases as the bigram contexts for following words are not as radically changedby di�erent segmentations. Our �ndings highlight the need for a more careful modeling (possibly withautomatic recovery) of linguistic structures in conversational speech, a topic we plan to address in futurework.However, even for repetitions and deletions, it does not follow that recognition accuracy would necessarilyimprove with better local perplexities. In fact, we tested a trigram DF model (modeling only REP and DELevents) against a standard trigram on a Switchboard test set of 1192 segments, and found virtually nodi�erence in overall word error rate (49.5% in both cases). This can be attributed to a number of factors.First, the REP/DEL model a�ects only a small portion of the total corpus (less than two cases per 100words). Second, its advantage in modeling REP/DEL contexts should rarely come into e�ect due to thehigh error rate on adjacent words.There are other reasons why lower perplexity may not lead to reduced word error rate. For instance, itcould be that DFs tend to involve words of high frequency for which good acoustic models exist, so that aslightly improved LM would not a�ect recognition accuracy.The overall conclusion is that by DF modeling at the LM level, contrary to high hopes in parts of theLM community, one should not expect a signi�cant improvement in terms of word recognition performance.The main reason is that DFs are inherently local phenomena that are modeled surprisingly well by standardN-grams, even without context \cleanup."On the positive side, our results con�rm that DFs have a systematic, nonrandom distribution that canbe partly captured even with simple N-gram-like models; it is therefore conceivable that more sophisticatedapproaches could reap bene�t for recognition accuracy.One potential source of improved DF modeling are correlations with speaker identity. For example, [11]found that speakers can be grouped into those preferring deletions over repetitions (`deleters'), and thosewith the opposite tendency (`repeaters'). Such cross-utterance e�ects could be modeled in the LM usingstandard techniques, e.g., using adaptive interpolation of specialized models.Finally, we note that the language modeling techniques described could also be used for automaticdis
uency tagging and removal. Given a sequence of words and a probabilistic DF model of the type usedhere, one can use a Viterbi-style backtrace to recover the most likely sequence of DF events underlying thewords sequence. This is another application we plan to study in the future.Even though the results from dis
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