A Statistical Approach to Language Modellingfor the ATIS ProblembyJoshua D. KoppelmanSubmitted to the Department of Electrical Engineering and Computer Sciencein partial fulfillment of the requirements for the degrees ofBachelor of ScienceandMaster of Engineeringat theMASSACHUSETTS INSTITUTE OF TECHNOLOGYFebruary 1995' 1995, Joshua D. Koppelman. All rights reserved.The author hereby grants to MIT permission to reproduce and distribute publiclypaper and electronic copies of this thesis document in whole or in part, and to grantothers the right to do so.Author...............................................................................................Department of Electrical Engineering and Computer ScienceJanuary 19, 1995Certified by.........................................................................................Stephanie SeneffPrincipal Research ScientistThesis SupervisorCertified by.........................................................................................Salim RoukosManager of Language Modelling, IBMThesis SupervisorAccepted by.........................................................................................F. R. MorgenthalerChair, Department Committee on Graduate Students

A Statistical Approach to Language Modellingfor the ATIS ProblembyJoshua KoppelmanSubmitted to the Department of Electrical Engineering and Computer Scienceon January 21, 1995 in partial fulfillment of the requirements for theDegree of Master of Science in Electrical Engineering and Computer ScienceAbstractThe Air Travel Information Service (ATIS) is the designated common task of theARPA Spoken Language Systems Program. The specified task is to build and evaluate asystem capable of handling continuous and spontaneous speech recognition as well asnatural language understanding in the ATIS domain. The goal of this research is to developan effective natural language component for the complete system, to answer queries posedthrough text input instead of speech. We limit our scope to deal only with those sentenceswhich can be understood unambiguously out of context (the so-called "Class A" queries).Specifically, we wish to use the training data to assign a probability distribution to thereference interpretation, the NLParse, which will minimize the observed perplexity of ourtest data. The decoder component of the finished system will use the natural languageprobabilities to select the most probable NLParse translations for a given English input.The NLParse translation can then be unambiguously converted to SQL to find the correctanswer.The first model we look at is a deleted interpolation trigram model on the NLParse,which ties low count parameters together to deal with sparse trigram data. Under the bestparameter bucketing scheme, we observed a 15.9 bit per item test perplexity, with anaverage item length of 13.2 words. Since the NLParse is highly structured, it seemsprobable that models which use the information inherent in its structure will do better thanthose built only on the surface form. With this in mind, we have created a semantic treestructure which attempts to capture relationships between words and phrases in theNLParse. These trees constitute the training data for a series of improved languagemodels, in which the probability of adding a node to a tree depends on the count of nodeswith similar features in the training data. These models use a maximum entropy approachto maximize the entropy while satisfying the constraints imposed by the frequency offeatures in the training data. The best model uses this approach, and exhibits an averagetest perplexity of 14.1 bits per item. This represents a significant 1.8 bit reduction inperplexity over the trigram model benchmark.Thesis Supervisors:Salim Roukos, Manager of Language Modelling, IBMStephanie Seneff, MIT Laboratory for Computer Science Principal Research Scientist

A Statistical Approach to Language Modelling for the ATIS Problem

A Statistical Approach to Language Modelling for the ATIS Problem

Table of ContentsAcknowledgments............................................................................71Introduction and Background.........................................................91.1Prior ATIS Efforts........................................................................................111.2The IBM Approach.......................................................................................121.3Statistical Modelling Research........................................................................142Statistical Language Modelling.......................................................162.1Trigram Language Models..............................................................................162.2Perplexity as Performance Measure..................................................................182.3Parameter Estimation and Bucketing................................................................192.4Maximum Entropy Models............................................................................202.4.1Feature Functions and Constraints.....................................................212.4.2Improved Iterative Scaling................................................................223Data Preparation.......................................................................253.1Preprocessing.............................................................................................263.2Semantic Trees for NLParse..........................................................................274Trigram Language Models............................................................324.1Surface Trigram Models................................................................................324.2Tree-based Interpolation Models......................................................................345Maximum Entropy Models...........................................................385.1Event Dumping..........................................................................................385.2Feature Selection.........................................................................................405.2.1 Feature Specification Language..............................................................415.2.2 Feature Patterns..................................................................................445.2.3 Similar Feature Elimination..................................................................465.3Experimental Results...................................................................................47

A Statistical Approach to Language Modelling for the ATIS Problem

6Frequency Model......................................................................516.1Frequency Model Entropy.............................................................................526.2Experimental Results...................................................................................537Conclusions and Future Directions.................................................557.1Summary and Conclusions...........................................................................557.2Future Directions........................................................................................59References...................................................................................62Appendix A..................................................................................66Appendix B..................................................................................69

A Statistical Approach to Language Modelling for the ATIS Problem7

AcknowledgmentsFirst and foremost, I would like to thank Salim Roukos and Stephen Della Pietra atIBM’s Thomas J. Watson Research Center for their extensive help and guidance. Thework presented here was conducted while I was an intern at T. J. Watson during the springand summer of 1994, in conjunction with MIT’s Computer Science internship program.Salim was my supervisor and mentor throughout my stay at IBM, and both he and Stephenwere always available to answer the innumerable questions I had while learning aboutnatural language and maximum entropy models. I would also like to thank Peter Brownand Robert Mercer, presently at Renaissance Technology, and Todd Ward, Mark Epstein,and Vincent Della Pietra at T. J. Watson for all of their help in resolving implementationissues. Finally, I wish to thank Stephanie Seneff, my thesis supervisor, who took time outof her busy schedule to offer her valuable input.Joshua KoppelmanMIT, Cambridge, MAJanuary, 1995

A Statistical Approach to Language Modelling for the ATIS Problem8

A Statistical Approach to Language Modelling for the ATIS Problem9

1Introduction and BackgroundThis thesis concerns the development of a critical component of a system currentlyunder development at IBM which, when complete, will be able to reply to spoken Englishqueries with appropriate responses from a relational database. We have chosen to use theAir Travel Information Service (ATIS) as our domain, in large part because there has beena great deal of prior research in this area; it has been selected as the designated commontask for evaluation of progress within the ARPA Spoken Language Systems (SLS)community [1]. The specified task is to build and evaluate a system capable of handlingcontinuous and spontaneous speech recognition as well as natural language understandingin the ATIS domain, based on selected tables derived from the on-line Official AirlineGuide (OAG, 1990). Users may ask questions about almost any issue which might arisein planning an airline voyage, including: lists of flights departing from or arriving atspecified destinations, the fares for these flights, which meals will be served, the groundtransportation provided between an airport and a city, and numerous others. This thesisspecifically focuses on the ATIS2 task, which includes airports and airlines associated with10 different US cities. Recently, the ATIS3 task has been defined to include more than 50cities, with a corresponding increase in the number of airlines and airports.As a consequence of the amount of research that has been done in the ATIS domain,there exists a large corpus of transcribed utterances spoken by users as they have attemptedto solve particular scenarios within the domain. A large subset of this corpus has also beenprovided with annotated responses, including, most critical for our work, an NLParsereference interpretation, which is essentially a paraphrase of the original query in a morestandardized form. A further advantage afforded by the prior research effort is the

A Statistical Approach to Language Modelling for the ATIS Problem10 existence of a benchmark performance with which to compare the performance of oursystem, once it is fully functional.The approach being adopted at IBM follows closely the statistical approach IBM hassuccessfully used in the past in several other applications, most notably, languagetranslation. In the ATIS context, we view the problem of "understanding" an Englishquery as the need to translate from English to NLParse. A system which can automaticallyproduce this translation will then be able to generate the SQL necessary to get an accurateresponse from the OAG table.Our goal is to see whether standard statistical language modelling techniques can beapplied successfully to the ATIS understanding task. We feel that there are many potentialadvantages to statistical language modelling. Specifically, we are able to minimize thedomain specific aspects of the task, providing extensibility to broader problems; the entireprocess can be automated, assuming the availability of specifically labeled training material(e.g. the NLParse); and we avoid the need for human-generated templates and hand-writtenheuristic rules, both of which are time consuming and prone to error. However, it shouldbe noted that we have not yet addressed how to incorporate discourse context into ourframework. As a consequence, for our initial system we will restrict ourselves to thosesentences which can be understood unambiguously out of context (the so-called "Class A"ATIS2 queries [2]).In this chapter, we will first briefly describe other approaches that have been used forthe ATIS domain. We will then outline in more detail the framework for the IBM approachto the ATIS task, stating clearly where the research of this thesis fits in. Finally, we willprovide a brief review of other application areas in which statistical approaches have beensuccessful.

A Statistical Approach to Language Modelling for the ATIS Problem11

1.1 Prior ATIS EffortsThe ATIS task touches on a wide range of issues, both in natural language and speechrecognition, and it is being used as a standard for comparison and evaluation of theprogress of the various groups involved. Interested groups meet yearly for the ARPASpeech and Natural Language Workshop, where progress is evaluated [3]. These groupshave considered numerous approaches, bringing to bear speech and natural languagetechniques which have proven valuable in other applications. As a result, they have beenable to demonstrate a query accuracy rate as high as ninety percent. An overview of a fewof the various approaches follows.CMU’s spoken language understanding system, Phoenix, and its recent improvementsare described in [4, 5]. The Phoenix system has separate recognition and parsing stages.The recognizer passes a single word string hypothesis to a frame-based parsing module,which uses semantic grammars to produce a semantic representation of the input utterance.The system attempts to divide the utterance into phrases which match word patternsassociated with different slots in a frame. Frames are associated with various types ofactions that can be taken by the system. The system is implemented as a top-downRecursive Transition Network chart parser for slots.In MIT’s ATIS system [6], a segment-based speech recognition component(SUMMIT) [7] produces a list of the top N sentence hypotheses, which are then filtered bya probabilistic natural language component (TINA) [8]. The recognition component uses aclass n-gram language model to provide language constraints. TINA employs a parsingstrategy which attempts to piece together parsable fragments. As in CMU’s system, it usesa semantic frame representation to encode meaning, although in MIT’s frame, syntacticstructure is also encoded. The first step is to produce a parse tree for the input word

A Statistical Approach to Language Modelling for the ATIS Problem12 stream. A second-pass treewalk through the parse tree yields a semantic frame, which isthen passed to the back-end for interpretation.AT&T’s speech understanding system, Chronus [9], is based on the stochasticmodelling of a sentence as a sequence of elemental units that represent its meaning. Therepresentation of the meaning of a sentence consists of a relational graph whose nodesbelong to some category of concepts and whose arcs represent relations between conceptsor linguistic cases. A speech recognition component passes the single best word string toa conceptual decoder, which attempts to provide a conceptual segmentation. A simplepattern matching procedure then uses the conceptual segmentation to produce acorresponding set of values aligned to the concepts. Finally, the back-end translates themeaning representation into a database query.BBN’s HARC [10] spoken language system consists of a speech recognitioncomponent, BYBLOS, which interacts with their natural language processing component,DELPHI, through an N-best interface. DELPHI uses a definite clause grammar formalism,and a parsing algorithm which uses a statistically trained agenda to produce a single bestparse for an input utterance. SRI’s Gemini system [11] takes a linguistic approach tonatural language understanding, in which a constituent parser applies syntactic, semantic,and lexical rules to populate a chart with edges containing syntactic, semantic, and logicalform information.1 . 2 The IBM ApproachThe effort at IBM has only recently begun, and the task has initially been divided intofive parts:

A Statistical Approach to Language Modelling for the ATIS Problem13

¥A speech recognizer, which converts spoken queries to text queries.¥A translation model, which assigns a probability to a proposed alignmentbetween an English query and an intermediate language query.¥A language model, which assigns a probability to a future event given ahistory in the intermediate language.¥A decoder, which searches for the sentence in the intermediate languagewhich the language model and translation model together assign the highestprobability.¥A back end, which deterministically converts from the intermediate languageto SQL, to retrieve data from the OAG tables.Here we focus on the natural language component, answering queries posed throughtext input instead of speech, and limited in scope to deal only with those sentences whichcan be understood unambiguously out of context. Ultimately, we wish to assign aprobability distribution to the intermediate language (L), given an English query (E). Thisprobability, Pr(L|E), can be rewritten using Bayes’ rule as

Pr(L|E) = Pr(E|L) Pr(L) Pr(E)

(Eq 1.1)where Pr(L) is the a priori probability of the intermediate language sentence. Typically, wewish to find the intermediate language sentence which maximizes Pr(L|E). Since Pr(E)does not depend on L, it is sufficient to maximize Pr(E|L) Pr(L). The task of the translationmodel is to determine the probability distribution Pr(E|L), while it is the language model’srole to provide the distribution Pr(L).

A Statistical Approach to Language Modelling for the ATIS Problem14

1.3Statistical Modelling ResearchThe statistical approach to language modelling has been used with varying success inthe past. IBM’s machine translation system, Candide [12], which provides automatictranslation from French text to English text, is designed in very much the same way as thespoken language system for ATIS which will contain the language model presented in thiswork. Its principle components are: a language model, which produces a probabilitydistribution on the source language, English; a translation model, which produces theprobability of a French sentence given the English (i.e. the probability of a French—Englishalignment); and a decoder, which searches for the French sentence that maximizes theproduct of the probabilities given by the translation model and the language model. Boththe language model and the translation model are built exclusively from statistics takendirectly from the training data. Candide’s language model uses n-gram statistics (whichwill be explained in more depth shortly) in the same way in which we will use them. Whileeach of these components is similar to the corresponding component in the ATIS system,each must overcome difficulties specific to the translation task.Another application in which a statistical approach has been used successfully is indecision tree parsing. In [13], Jelinek et al. discuss the use of statistical models in treebankrecognition, the task of automatically generating annotations for linguistic content on newsentences. Jelinek points out that there is no reason that a grammar needs to be used toconstruct the probabilistic model necessary for parsing. Instead, a method for constructinga statistical model for the conditional distribution of trees given a sentence without agrammar is presented.In a restricted subset of the ATIS domain, researchers at AT&T have shown howstatistical modelling can be used to train a translation model between a specified English

A Statistical Approach to Language Modelling for the ATIS Problem15 grammar and an intermediate semantic language [14]. Using Equation 1.1, they haveseparated the task of learning associations between grammars into the task of building inputand output language models, and of training a transducer for translation between the two.Building the necessary language models was not addressed in much depth, and we feel thatthe language models which we will present in this work could be used effectively inconjunction with their techniques.In this first chapter, we defined the ATIS understanding task, and discussed a numberof approaches which are currently being implemented. We discussed IBM’s approach, andshowed how it differs from those which are currently in use. We presented a few of itsdrawbacks, as well as some of its potential advantages. Finally, we motivated ourstatistical approach to the ATIS task by enumerating a few similar applications in whichstatistical methods have proven successful. In the next chapter, we will give a generaloverview of how different statistical language models are built and trained. In Chapter 3,we will take a closer look at the data the models will be built from, and the steps necessaryto prepare the data for use. Chapters 4 and 5 will present a number of different languagemodels as applied specifically to the ATIS task, and report on their effectiveness. Chapter6 will discuss a way to enhance our language models using a known peculiarity in the data,and finally, Chapter 7 will summarize our findings, and suggest possible extensions to ourwork.

A Statistical Approach to Language Modelling for the ATIS Problem16

2Statistical Language ModellingIn this chapter, we will give a general overview of how different statistical languagemodels are built and trained. We will formulate a simple trigram model, built fromfrequency statistics on the training data, and we will discuss ways to deal with the ever-present difficulties with sparse data. Since the entire system is not yet complete, we areunable to see how the various language models work in tandem with the other finishedcomponents of the system, so we will define perplexity as our criterion for success. Wewill then present an effective method for estimating the parameters of the trigram model,realizing that some statistics are more reliable than others. Finally, we will discuss themaximum entropy framework for building language models, and present an algorithm fortraining such models.2.1 Trigram Language ModelsThe simplest language model assigns a uniform probability across all the words in thesource language (assuming a known vocabulary size), with the probability of the entiresentence equal to the product of the probability of the words. Under this model, eachsentence is assigned a probability which is exponential in its length. A slightly moreintelligent language model might assign each word a probability proportional to itsobserved frequency in a set of training data which is known to have similar characteristicsto the data on which the model will be used. In general, a statistical language model usestraining data to estimate the true a priori probability of words in the source language, givenany information already known about their context.

A Statistical Approach to Language Modelling for the ATIS Problem17

The probability of a sentence L = w1 w2 ... wn is given by

Pr(L) = Pr iw 0w 1w … i− 1w ( ) i=1 n+1∏

(Eq 2.1)where w0 and wn+1 are special boundary word tokens. A language model can take as muchoraslittleinformationaboutthepreviouslyseencontext(calledthehistory) into account asit wants. Theoretically, the larger the history considered, the more accurate the model. Inpractice, little or no advantage has yet been gained by looking outside of a very local area.The success of the trigram language model [15] is a testament to this fact. The trigramlanguage model predicts the probability of a word only considering the last two words inthe history. A simple trigram model would assign each trigram a probability proportionalto its frequency count in the training data:

Pr iw i− 2w i− 1w ( ) = c i− 2w i− 1w iw ( ) c i− 2w i− 1w ( )

(Eq 2.2)Given a large enough training set, this would be a very good approximation. In practice,there is rarely enough training data to ensure that each trigram is seen a significant numberof times. It is a particularly bad idea to assign a probability of zero to any trigram. Thisproblem of how to deal with sparse data proves to be a difficult one when buildinglanguage models.A more sophisticated trigram model offers the solution of backing away from lowcount trigrams by augmenting the estimate using bigram counts. The possible existence ofrare bigrams suggests backing off even further, to the unigram and uniform distributions.The deleted interpolation trigram model assigns a probability to each trigram which is thelinear interpolation of the simple trigram, bigram, unigram, and uniform models:

A Statistical Approach to Language Modelling for the ATIS Problem18

Pr^iw^{i− 2}w^{i− 1}w

( ) = ^3λ

c^{i− 2}w^{i− 1}w^iw ( ) c^{i− 2}w^{i− 1}w ( )

+ 2λ

c^{i− 1}w^iw ( ) c^{i− 1}w( )

+ 1λ

c^iw( )

N

+ 0λ

1 VEq 2.3Here N is the number of words in the training corpus, V is the size of the vocabulary, andthelambdas,therelativeweightsgiventoeachofthemodels,mustsumto1.Apositivel0ensures that no trigram will be assigned a zero probability.2.2 Perplexity as Performance MeasureIt is useful to have a measure of the effectiveness of a language model which isindependent of the components of the system which will ultimately use it. A frequentlyused measure of a language model’s performance is its perplexity [15] with respect to a testcorpus (T). If

P̃(T)

is the frequency distribution observed in the test corpus, and P (T) isthe probability distribution predicted by the language model, then the perplexity (PP) of thelanguage model with respect to T can be written in terms of the cross entropy (H) of

P̃(T)

and P(T):

H P̃(T), P(T)

( ) = - P̃(x)x∈T∑ logP(x)

(Eq 2.4)

PP(T) = H P̃(T), P(T) ( ) 2

(Eq 2.5)If a language model assigns a zero probability to any event which is seen in the test corpus,the perpexity is infinite. It should be noted that a lower perplexity does not necessarilyimply a lower error rate in the resulting system, though this is often the case. In trainingmany of the models presented in this paper, we assume a correlation, and implementalgorithms which attempt to minimize the perplexity with respect to the training data. Infact, we use perplexity as our sole criterion for success.

A Statistical Approach to Language Modelling for the ATIS Problem19

2.3 Parameter Estimation and BucketingWith a large enough training corpus, l 3 in Equation 2.3 can be set very close to 1.For sparse data, we need a more precise way to determine the best values for the lambdasw h i c h a r e u s e d t o s m o o t h t h e m o d e l s . W e u s e t h e E s t i m a t i o n M a x i m i z a t i o n ( E M ) a l g o r i t h m p r o p o s e d b y B a u m [ 1 6 ] t o t r a i n t h e v a l u e s o f t h e l a m b d a s t o m i n i m i z e t h e perplexity of the deleted interpolation language model on the training data. It assumes theexistence of a set of heldout data (H) independent of the training corpus used by theindividual models being smoothed together. The EM algorithm is an iterative algorithmwhich is guaranteed to decrease the model’s perplexity on every iteration. To calculate theweight litobeassignedtotheprobabilitydistributionPi:1 . Settheiterationvariable,j = 02.Assign initial guesses to

i0λ

, ensuring

i0λi∑ =1

3.For each model i to be smoothed, set

ic = ijλ iP (e)kjλ iP (e) k∑ e∈H∑

4.Set

ij+1λ = ic kck∑

5.Set j = j + 16.Repeat from 3.The algorithm might typically be iterated until the incremental decrease in perplexity dropsbelow a given threshold.The trigram model in Equation 2.3 is still very simple; since the training count is anestimator of the reliability of the statistic, those trigrams with large training counts shouldhave their own lambda, while small count trigrams can be grouped together. If we gave all

A Statistical Approach to Language Modelling for the ATIS Problem20 trigrams their own lambdas, the model would overtrain; it would do very well on theheldout data, but not as well on other data. We would like to leave some flexibility. Theidea is that we put trigrams with similar reliability (i.e. the same training count) in the samebucket, and assign a vector of lambdas to each bucket, to be trained independently with theEM algorithm. By defining a bucketing function b, parameterized over the bigram andunigram counts, the model becomes:

Pr 3w 1w 2w ( ) = i λ (b(c( 2w ),c( 1w 2w ))) iP

i∑ 3w 1w 2w( )

(Eq 2.6)Typically, trigrams are added to a bucket until the number of training events which areassigned to that bucket is greater than some constant number, and then a new bucket isstarted. We call this bucketing scheme "wall of bricks" bucketing:c(2w)c(1w 2w)Figure 1. "Wall of Bricks" Bucketing1b2b3b

2.4 Maximum Entropy ModelsA detailed treatment of the maximum entropy approach to natural language processingcan be found in Berger et al [17]. A maximum entropy model begins with an initialdistribution which represents everything that is known a priori about the source beingmodelled, and a set of constraints representing the information to be modelled. Theconcept of maximum entropy is to find the distribution which has the smallest Kullback-

A Statistical Approach to Language Modelling for the ATIS Problem21

Leibler distance from the initial distribution, and which satisfies the constraint set whileassuming no other knowledge about the source. If Q is the initial distribution, P is adistribution which satisfies the constraint set, and X is the space of futures to be predicted,the Kullback-Leibler distance between P and Q is given by:

D(P Q) = P(x)log P(x)Q(x) x∈X∑

(Eq 2.7)2.4.1 Feature Functions and ConstraintsA feature function f(x, y) is a binary function over the set of histories x and futures y .A feature function which has the value 1 for some history x = w 1 w 2 ... w m a n d s o m e future y = w m+1 is said to fire on event w1 w 2 ... w m+1 . If we observe that a feature fi firesn times on the training data, we wish to impose the constraint that the language model willpredict that fi fires n times on the same data. The maximum entropy framework allows ust o d o t h i s e f f e c t i v e l y . I f T is the training corpus, and Pr is the maximum entropyprobability distribution, then for each feature fiinthefeatureset,weaddtheconstraint

iM = Pr(x,y) if (x,y) = 1T i f (x,y)

(x,y)∈T∑ = id

x,y∑

(Eq 2.8)Here we are equating the model expectation, M, with the desired expectation, d. Given aninitial distribution Q, we can now define the maximum entropy distribution as follows:

Pr(yx) = Q(yx)Z(x) iλ if (x,y)i∑e

(Eq 2.9)Where Z is defined so that

Pr(yx)

y∑ =1

. In order to normalize in this way, it is necessaryto know the set of all possible futures for any given history. For the applications ofmaximum entropy in this paper, the set of possible futures is always known; theintermediate language is well defined. For other applications, modelling speech for

A Statistical Approach to Language Modelling for the ATIS Problem22 example, it is very difficult to sum over all possible futures, so the model must bemodified. A complete treatment of the necessary modification is given in Lau [18].All that is left is the decision of which feature functions to include, and an explanationof how to train the model parameters li. The set of feature functions is equivalent to thep o w e r s e t o f l e g a l h i s t o r i e s a n d f u t u r e s , a n d h e n c e , t h e s p a c e o f f e a t u r e f u n c t i o n s i s phenomenallylarge.Itisnotfeasibletoincludeallpossiblefeaturefunctionsinourfeatureset. In addition, if we add too many features, we run the risk of overtraining the model onthe training data, resulting in an inability to generalize to new data. One of the mostdifficult tasks in designing a maximum entropy language model is deciding which featuresto add. Berger et al [17] discusses a greedy algorithm for automatic feature selection, inwhich an attempt is made to incrementally add the feature which will decrease the model’sperplexity most.2.4.2 Improved Iterative ScalingHow do we calculate the model parameters li i n E q u a t i o n 2 . 9 t o m i n i m i z e t h e Kullback-Leiblerdistancefromtheinitialdistribution?Whileitisnotpossibleingeneraltof i n d a c l o s e d f o r m s o l u t i o n , D a r r o c h a n d R a t c l i f f [ 1 9 ] h a v e p r o p o s e d a m e t h o d o f generalized iterative scaling to determine the solution numerically. More recently, DellaPietra [20] has developed an improved iterative scaling algorithm which allows featuref u n c t i o n s w h o s e s u m i s a n y n o n - n e g a t i v e r e a l - v a l u e d f u n c t i o n . T h i s a l l o w a n c e h a s significantpracticalperformanceimplications. The improved iterative scaling algorithm presented below uses the following twofunctiondefinitions(assumingn is the number of features in the feature set):

k(x,y) = i f (x,y) i=1n∑

(Eq 2.10)

A Statistical Approach to Language Modelling for the ATIS Problem23

β^{p (yx) =} Q(yx)^{βZ (x) i}f^{(x,y)iβi=1}n^∏(Eq 2.11)As before, Z is defined as the normalization factor which allows p b to sum to 1 over allpossible futures y. Note that Equation 2.11 is just another way to write Equation 2.9. Theimprovediterativescalingalgorithmcannowbesummarizedasfollows:1 . Initialize bi for 1 £ i £ n2.Calculate the desired expectation from the training corpus T for each feature:

id = 1T i f (x,y)

(x,y)∈T∑

3.For 1 £ i £ n, let dibethesolutiontothefollowingequation:

βp (yx) k(x,y)iδ if (x,y) = id x,y∑

4.For 1 £ i £ n, update bi = di Æ b i5.Repeat from 3 until all bi converge, or until the change in perplexity is within a preset threshold.6 . For 1 £ i £ n, li = ln b iThe solution to the polynomial in step 3 can be found numerically by using the well-known Newton-Raphson method for root-finding. This algorithm is guaranteed toconverge to the correct solution (i.e. it determines the values of li which make Equation2.9 the maximum entropy solution), assuming that a solution which satisfies all of theconstraints exists. Unfortunately, there is no provable bound on the number of iterations

A Statistical Approach to Language Modelling for the ATIS Problem24 necessary for the algorithm to converge, so a decrease in training perplexity is often used asthe stopping criteria.

A Statistical Approach to Language Modelling for the ATIS Problem25

3Data PreparationData collection and distribution for the ATIS task is described in [19, 20, 21]. Thedata have been obtained through the National Institute of Standards and Technology(NIST), which makes it available to interested sites through anonymous FTP. The dataconsist of a corpus of English queries, together with a reference interpretation (called theNLParse), a reference SQL, and a reference answer. The NLParse commands reflectconventions on how to interpret an ATIS query, in a canonical form specified by anestablished context-free grammar. A sample English query and its corresponding NLParseinterpretation are given in Figure 2. Software to convert from the NLParse to SQL capableof obtaining the desired information from the OAG database has been completed and is inuse at IBM.English:List all flights from Baltimore to Atlanta after noon Thursday nonstop.

NLParse:List flights from Baltimore and to Atlanta and flying on Thursdays and leaving after 1200 and nonstop.

Figure 2. Sample Query with NLParse Interpretation

A primary test corpus of 1800 items has been separated from the 5600 Class A itemsobtained from NIST. This test corpus is being held apart until the entire system is ready tobe tested as a whole. It is from the remaining 3800 sentences that all of the training and

A Statistical Approach to Language Modelling for the ATIS Problem26 testing of language models were done. These 3800 items were further separated into threecategories: training (3000 items), heldout(400items),andtest (400 items).3.1 PreprocessingThe NLParse interpretation set supplied by NIST was not originally meant fordistribution, and a large amount of human and automatic cleanup needed to be done toremove ambiguity and ensure consistency between items. To aid in language modelling,we have written a tagger, which replaces numbers, cities, airlines, airports, codes, days,and dates in the English and NLParse files with the tags NUM, CITY, AIR, ARP, CODE,DAY, and DATE, respectively. Using these categorizations allows statistics to be gatheredabout groups of tokens which are used in the same syntactic positions, but whichindividually are seen infrequently in the data. For example, the date "7/12/91" may be seenonly once in the training data, but after tagging, the tag "DATE" may appear hundreds oftimes. Items with multiple tags of the same type have identifiers appended to permit easyuntagging. Figure 3 shows an example English and NLParse item before and aftertagging.English:What time does Continental depart from Boston to San Francisco?

Tagged English: what time does AIR_1 depart from CITY_1 to CITY_2

NLParse:List departure time of Continental flights from Boston and to San Francisco

Tagged NLParse: list departure_time of AIR_1 flights from CITY_1 and to CITY_2

Figure 3. Tagged Items

A Statistical Approach to Language Modelling for the ATIS Problem27

A language model can be more confident of its statistics about the tags than about theoriginal items. In the final system, a component will be added to the back end whichreplaces tags with canonical spellings of the corresponding words from the English. Atpresent, a finite state machine searches for all conceivable ways of writing instances of eachtag type, but it is not infallible, and it will be replaced by a probabilistic tagger in the nearfuture.3.2 Semantic Trees for NLParseAt first, we thought that it might be possible to statistically generate an SQL queryfrom the English input. This idea was quickly discarded for numerous reasons (e.g., theaverage length of an SQL query is much greater than the English which corresponds to it,making it difficult to build an effective translation model). Thus the first pass languagemodels will be built using the NLParse as an intermediate language.Since the NLParse is highly structured (it is defined by a set, if complicated, context-free grammar), it seems probable that models which use the information inherent in itsstructure will do better than those built only on the surface form. With this in mind, wehave created an information tree structure which attempts to capture relationships betweenwords and phrases in the NLParse. Rather than force the language models to learn thecomplicated grammar which specifies the NLParse, the trees are structured to conform tothe more general grammar given in Figure 4. The tree structure is defined by the grammar;every production is equivalent to a parent-child link in the tree. The label of each node isthe unique string on the RHS of the production. The children of each node are each of thenon-terminals on the RHS, in the order specified. To resolve any ambiguity in ordering ofchildren (for example, in the ordering of modifiers), the node with the higher parent-child

A Statistical Approach to Language Modelling for the ATIS Problem28 bigram frequency is placed first. Finally, homonyms in the NLParse have been relabeledin the node labels. For a complete list of the label vocabularies used, see Appendix A.Note that since the non-terminal Table appears on the RHS of the Modifier production,the NLParse, and hence the trees, can be arbitrarily complex. Also, the grammar givenallows an arbitrary number of tables to be accessed using "along-with," even though thecurrent specification of the ATIS problem allows cross-referencing of only two tables at thesame time. This is provided for extensibility to future ATIS versions.Figures 5 and 6 show a simple and more complicated example tree. We have writtencode to automatically transform a surface NLParse item into a semantic tree item, and backagain. Ultimately, both the language and translation models will be built from theinformation trees, and the decoder’s output trees will be deterministically converted intoNLParse, and then to SQL.

A Statistical Approach to Language Modelling for the ATIS Problem29

<Along-With>:: ( "Along-With" <Column-Table> + ) ? <Column-Table>

<Column-Table>:: <Grouped-By> | "Extract" <Grouped-By> <Features>

<Features>::"Features" <Feat-Op> +

<Feat-Op>::feature_op <Terminal> +

<Grouped-By>::<Table> | "Grouped-By" <Table> <Terminal>

<Table>::table_name ( <And-Phrase> | <Or-Phrase> ) ?

<And-Phrase>::"and" ( <Or-Phrase> | <Modifier> ) +

<Or-Phrase>::"or" ( <And-Phrase> | <Modifier> ) +

<Modifier>:: terminal_op <Not> ? <Terminal> +| terminal_op <Not> ? <Table>| compare_op <Not> ? <Terminal> <Terminal> +| compare_op <Not> ? <Terminal> <Feat-Op> <Table>

<Not>::"Not"

<Terminal>::terminal_name

Where each of the following denotes a string from a set vocabulary:

table_namefromflights, fares, ...

compare_opfromless-than, equal-to, between, ...

feature_opfromthe-maximum, the-minimum, the-number-of, any, all terminal_opfromcheapest, from, arriving, ...

terminal_namefromCITY_1, DATE_1, arrival_time, departure_time, ...

Figure 4. Complete NLParse Semantic Tree Grammar

from:city to:city

fares

and

equal-to

CITY_2 flight_number

NUM_1

AMERICAN

DALLAS

SAN-FRANCISCO flight_number

71

NULL

English:

How much does the American Airlines flight seven one from Dallas to San Francisco cost?

AIR_1

CITY_1

Tagged English:

how much does the AIR_1 flight NUM_1 from CITY_1 and to CITY_2 cost

NLParse:

List American fares from Dallas and to San Francisco and whose flight number is 71

Tagged NLParse:

list AIR_1 fares from CITY_1 and to CITY_2 and whose flight_number is NUM_1

Figure 5. Simple NLParse Semantic Tree

English:

Tagged English:

NLParse

Tagged NLParse:

Show me the prices and times for first class travel from Baltimore to Dallas show me the prices and times for first class travel from CITY_1 to CITY_2

List first class fares charged for flights from Baltimore and to Dallas along with departure time and arrival time of flights fromBaltimore and to Dallas list first class fares ( charged for flights from Baltimore and to Dallas ) along with departure_time and arrival_time of flights fromBaltimore and to Dallas

Figure 6. More Complicated NLParse Semantic Tree

along-with

Extract

fares

and

NULL

first-class

charged-for

flights

and from:city

CITY_1 to:city

CITY_2

Features

all

entries

Extract

flights

and from:city

CITY_1

CITY_2

to:city

Features

all departure_time arrival_time

first-class

BALTIMORE

DALLAS entries

BALTIMORE

DALLAS departure_time

all

4Trigram Language ModelsEach of the language models we build will be trained on the training set, smoothedwith the heldout set (if necessary), and tested on the test set. If smoothing isn’t necessary,the heldout data will also be used to train. For each model, the average per item entropy foreach data set will be reported; it is this that we use as a gauge to determine how effective themodel is. The model with the lowest test entropy will eventually be used in the finalsystem.4.1 Surface Trigram ModelsThe first language model we’ve built is a deleted interpolation trigram model on thetagged surface NLParse, using the "wall of bricks" scheme for bucketing lambdas. Theresults for this model (and the other two models described in this section) are presented inFigure 7. Due to the relative success of the trigram model in other applications, we usedthis model as the benchmark for comparison with the other models we have built. Inparticular, we hoped to improve upon the test entropy of 15.9 bits per item. Since theaverage sentence length of the surface NLParse is 11.0 words, the decoder will have anaverage of 2.7 weighted options for each word.The surface trigram model has some serious deficiencies for this particular application.First and foremost, it does not explicitly use any of the information which is know a prioriabout the source language, the NLParse. As a result, the model allows (i.e. assignspositive probabilities to) items which do not conform to the NLParse grammar, and henceare not valid NLParse items. A more intelligent model would realize this, and assign these

A Statistical Approach to Language Modelling for the ATIS Problem33 items zero probability (allowing normalization over the smaller remaining space). To testjust how deficient this model is, we have randomly generated NLParse sentences from thetrigram probability distribution, and found that only 58% of the resulting sentences were ina valid NLParse format.One of the reasons that this model is so poor at generating valid NLParse is thatimportant words are frequently more than two words back in the history, and thus outsideof the trigram model’s scope. One example of this problem is parentheses, which are usedto remove ambiguity in the cleaned version of the NLParse. The trigram model hasextreme difficulty predicting a close parenthesis, since the matching open parenthesis isalmost always more than two words earlier. Another word which is often more than twowords back in the history is the table which needs to be referenced in the database. Thetable is the most important part of any query, and each table has its own set of modifiersand features associated with it. It doesn’t make sense, for example, to ask about the"meal_description" from the "flights" table, yet the trigram model gives a non-zeroprobability to "meal_description" even when "flights" is nowhere in the sentence. In latermodels, we are sure to allow the models to ask questions about the table whose scope iscurrently active.TrainingHeldoutTest

Items3000392376

Surface NLParse12.680013.478415.9474

Flat tree, with parens18.916018.715820.3842

Flat tree, without parens11.574912.687315.6387

Figure 7. Trigram model per item entropy

A Statistical Approach to Language Modelling for the ATIS Problem34

All subsequent language models will be built on the semantic tree form of the trainingand heldout data. The models generate a probability distribution on the space of semanticparse trees, which can be mapped onto the NLParse space (i.e. there is a surjective functionfrom the semantic trees to the NLParse). The next language model we consider is a trigrammodel on the prefix traversals of the information trees, with parentheses added wherenecessary to ensure that the trees can be recreated from the flattened string. This model hasas a benefit that more important information (the table, for example) is generally higher upin the tree, and therefore will appear before the less important details below it. As can beseen in Figure 7, this model fails miserably in comparison with the trigram model. It stillsuffers from the problem that trigram models cannot learn to balance parentheses, and asignificant number of parentheses need to be added to disambiguate the traversals.It would be nice to know the entropy of the previous trigram model without havingto worry about the problems presented by the parentheses. The last surface languagemodel we have built, therefore, was trained on the prefix traversal of the semantic treeswithout adding the parentheses needed to prevent ambiguity. The result is a lowerperplexity than even the trigram language model, though only barely. Unfortunately thereis no corresponding language model in the semantic tree space, so this model would leave itup to the decoder to decide which interpretation of the traversal is the most probable. Still,that such a simple use of the semantic trees is able to beat the trigram model is encouraging.4.2 Tree-based Interpolation ModelsThe first tree-based language model we present is a generative deleted interpolationmodel on the semantic parse trees, where the probability of adding a node depends on thecount of nodes with similar features in the training data. The nodes are generated in the

A Statistical Approach to Language Modelling for the ATIS Problem35 same order as a prefix traversal of the tree. We considered different kinds of features, allof which involve only very local information. One of the problems with all the previousmodels is their inability to use statistics about important words which may appear furtherback in the history. Rather than using the previous two words from the prefix traversal, inthis model a node’s probability is related to the training frequency of its parent, and of thetable in whose scope the node exists. Both of these pieces of information are alwaysgenerated before the node being predicted, so their training statistics are available to themodel. If n[i] denotes the ith child of n, and T is a function which returns the table underwhose scope its argument exists, then the probability Ps of generating a subtree beneathnoden is given by the recursive function:

sP (n) = Pr(n[i]T(n),n) sP (n[i]) i∏ Pr(stopT(n),n)

(Eq 4.1)Here Pr(n|T, P) is the probability the model assigns to node n in the presence of table T andparent P. The product is taken over each of the children of n. Note that the model mustpredict a special stop child before continuing on to the next node. This is used as analternative to first predicting the number of children each node has. The probability of atree item is now simply Pr(root | none, none)Ps(root).Our first attempt at a trigram model using only the table and parent as context was tospecializeEquation2.3:

Pr(n|T,P) = 3λ c T P n( )c T P( ) + 2λ c P n( )c P( ) + 1λ c n( )N + 0λ 1V

(Eq 4.2)The results of using this model, however, were abysmal, primarily because of itsincompetent handling of the stop node. We need to allow the model to look at the numberof siblings already predicted, to more effectively determine when to predict stop. Equation4.1 was updated accordingly.

A Statistical Approach to Language Modelling for the ATIS Problem36

Another significant improvement was found by reconsidering the normalization factorsof the component models. These factors can be made more accurate by incorporatinginformation which we know a priori about the NLParse grammar, but which isn’t reflectedin the semantic tree grammar in Figure 4. Unfortunately, this involves encodinginformation specific to the current ATIS task, something which we had wished to avoid toallow easier application to future natural language understanding problems1 . Byimplementing a function L, which maps a context to the set of futures permissible in thatcontext, Equation 4.2 becomes:

Pr(n|T,P) = P ′r (n|T,P,L(T,P)) for n ∈ L(T,P) 0 otherwise

(Eq 4.3)

P ′r (n|T,P,L ) = 3λ c T P n( )c T P ′n( ) ′n ∈L∑ + 2λ c P n( )c P ′n( ) ′n ∈L∑ + 1λ c n( )c ′n( ) ′n ∈L∑ + 0λ 1L

Eq 4.4The results of training this model with only one bucket of lambdas is given in Figure 8(along with the previous figures for convenience). These results are still very bad. Uponexamination of the resulting distribution, we discovered that this model does not respect thecanonical child ordering imposed upon the semantic trees. For example, the modifier"from:city" always precedes the modifier "to:city", when both are present in a tree (thisstems from the fact that the bigram "and, from" is seen more frequently than "and, to" inthe training data). But the model assigns a non-zero probability to the tree containing thesemodifiers in the reverse order. To fix this situation, we modify L, and smooth in another

1 This is one of only two parts of the language model component which are specific to the ATIS 2 task.The other one is the tagger.

A Statistical Approach to Language Modelling for the ATIS Problem37 distribution, the 4-gram distribution using as context the parent, table, and left-sibling (S).The new model is given by Equations 4.5 and 4.6.

Pr(n|T,P,S) = P ′′r (n|T,P,S,L(T,P,S)) for n ∈ L(T,P,S) 0 otherwise

(Eq 4.5)

P ′′r (n|T,P,S,L ) = 4λ c T P S n( )c T P S ′n( )

′n ∈L∑ + P ′r (n|T,P,L )

(Eq 4.6)As can be seen by the results in Figure 8, even using only one bucket for the lambdas,this model beats the NLParse trigram model on the test corpus by almost one bit, reducingthe perplexity by half. The addition of the follow set L was instrumental to thisimprovement. It is this model which we will use as the initial distribution for the maximumentropy model presented in the next section2.TrainingHeldoutTest

Items3000392376

Surface NLParse1 2 . 6 8 0 0 1 3 . 4 7 8 4 1 5 . 9 4 7 4

Flat tree, with parens1 8 . 9 1 6 0 1 8 . 7 1 5 8 2 0 . 3 8 4 2

Flattree,withoutparens1 1 . 5 7 4 9 1 2 . 6 8 7 3 1 5 . 6 3 8 7

TreeContextTrigram1 9 . 2 0 8 2 2 0 . 1 5 7 6 2 1 . 4 7 0 4

TreeContext4-gram1 1 . 7 5 6 7 1 3 . 5 9 1 8 1 5 . 0 0 3 7

Figure8.EntropyofDeletedInterpolationModels2 It was thought that the maximum entropy approach would be much more effective for smoothing thanany complicated bucketing scheme, so we did not implement the full "wall of bricks" bucketing for thismodel.

A Statistical Approach to Language Modelling for the ATIS Problem38

5Maximum Entropy ModelsIn this chapter we will modify the maximum entropy framework presented in Section2.4 to allow us to generate maximum entropy models on semantic trees. Throughout thischapter, Q will refer to the initial distribution needed as a starting point for the maximumentropy approach. Frequently, maximum entropy models are built using a uniformdistribution as the initial distribution. We will instead use one of the tree-basedinterpolation models derived in the previous Chapter as our starting point.This is especially useful because it allows us to incorporate knowledge of the NLParsegrammar which does not appear in the more general semantic tree grammar in Figure 4.This knowledge is embodied in the L function, which allows us to assign zero probabilityto certain futures in certain contexts. By assigning a zero probability to certain events in theinitial distribution, Equation 2.9 guarantees that those events will also have zero probabilityin the maximum entropy distribution. If we had instead used a uniform distribution as theinitial distribution, the maximum entropy model would assign non-zero probabilities toevents that could not possibly occur.5.1 Event DumpingWe have already shown how a generative language model can be built for the semanticparse trees by starting at the root and predicting each node in a prefix ordering (Equation4.1). The maximum entropy model will be designed in the same way; each node will beconsidered separately, appearing in the future position exactly once. A single feature

A Statistical Approach to Language Modelling for the ATIS Problem39 function may fire multiple times on any one tree, but only once for each event. An event isa history-future pair, so a feature is a binary function on events. Looked at from thisperspective, the training corpus is just a set of events, and the tree to which an eventbelongs has no real significance to the language model. The first step in building ourmaximum entropy model is dumping the events of each of the data sets. An example treeandtheeventsitgeneratesaregiveninFigure9.flightsandAIR_1cheapest

TreeEventsFigure 9. Sample event dumpflightsflightsand

flightsandAIR_1

flightsandAIR_1cheapest

stopstopstopstopThe future is always the bottom rightmost node (in bold), and the history is the rest.Stop nodes are again treated differently, indicating that the given node has no more

A Statistical Approach to Language Modelling for the ATIS Problem40 children. We must be sure to include features in our feature set which will allow the modelto accurately predict the stop node.5.2 Feature SelectionWe now come to the most difficult part of building a maximum entropy model �selecting the salient features. We certainly want to include features which reinforce the n-gram statistics used to create our initial distribution. We also need to include features onthe number of children different nodes have in different contexts, to accurately predict thestop node. Yet if we include only these features, we will not be using the most powerfulaspect of the maximum entropy framework: its ability to incorporate many different kindsof information simultaneously. In particular, one nice feature of the maximum entropytraining algorithm is that it does not require that features be disjoint; i.e., one feature maybe a generalization of another feature.Before selecting the features, we need to specify a language in which feature functionscan be described. At first glance, it is not so clear how to implement a function whosedomain is a set of trees along with some rules on where to look for "important" information(like the table scope). In the next section, we present a feature specification language builtaround the semantic parse tree formalism. Even given a specification language, however, itis not feasible to specify all of the features we will need by hand. For example, we willneed a separate feature for each trigram which is seen a nontrivial number of times in thetraining data. Rather than listing what amounts to hundreds of features, we need a methodto automatically collect relevant features. Section 5.2.2 describes a feature pattern

A Statistical Approach to Language Modelling for the ATIS Problem41 language, which will allow us to specify higher level ideas about what kind of features toinclude3.5.2.1 Feature Specification LanguageWe need to create a specification language which is rich enough to allow us to describefeatures to test any pertinent characteristic of an event, but which will allow us to efficientlydecide which events the feature will fire on. To this end, we decided that a feature mustcontain two items: a subtree describing information recently seen in the history (thosenodes spatially local to the future node), and a flat context which would describeinformation that might be much further away. For our purposes, the context is just thetable whose scope is currently active, but features could easily be specified which describedifferent non-local characteristics. A feature’s table field may either contain a table name,in which case the feature will fire only for events with a future in that table’s scope, or thespecial any value (which we denote with a question mark), which will cause the feature todisregard table information.Subtree matching is slightly more complicated. Basically, a feature’s subtreecomponent will match if it can be overlayed onto an event, starting at the future node (thebottom rightmost one). Aligned nodes match if they have the same label, or if the feature’snode has the any label. Subtree matching can be most easily understood through example.Figure 10 gives three sample features, and shows which events from Figure 9 cause thefeature to fire. In the first example, the event matches even though it has a node labeled"cheapest". Our features currently can only be used to specify which nodes must appear,

3 We use the feature pattern method as an alternative to the incremental feature selection method presentedin Berger et al [9]. The latter is very computationally intensive, and it is not clear how to generalize it foruse with tree based feature functions.

A Statistical Approach to Language Modelling for the ATIS Problem42

Figure 10. Sample features I?AIR_1stop

FeatureSubtreeTableflightsMatching EventsflightsandAIR_1cheapest

stop??stop?flightsandAIR_1cheapest stopflightsandAIR_1cheapest

stop?noneflights

Figure 11. Sample features IIFeatureSubtreeTableflightsMatching Events

?flightsandAIR_1cheapest

flightsandAIR_1cheapest stop??stop

L?AIR_1? L

A Statistical Approach to Language Modelling for the ATIS Problem43 not which nodes cannot appear. In the second example, notice which events do not match.The any label will match any single node, but it will not match if no node exists. The thirdexample shows that only the root node has none as it’s table.As described, the specification language allows us to effectively ask questions abouttables and parents but not, for example, about siblings in specific positions. Theinterpolation models presented in Section 4.2 show that it would be useful to collectstatistics about the sibling immediately to the left of the future node, but so far this isn’tpossible in our language. To allow this, we add the ability to "staple" nodes in the featuresubtree to one side or the other. Stapling to the left side (denoted by the presence of ’L’,the left anchor), forces nodes to appear exactly as specified on the left, with no additions.Since children are ordered by frequency, it may be useful to ask questions about the firstfew siblings. Similarly, nodes can be stapled to the right side (denoted by the presence of’R’, the right anchor), which is primarily useful in specifying immediate siblings of thefuture node. The future node is implicitly stapled to the right side. Figure 11 contains twoexamples of stapling. Notice that the feature in the first example will only fire for eventswhere the parent of the future has exactly one child. We allow the use of the ’#’ characteras alternate syntax for this idea (e.g. ’#1’ would denote one child). This syntax willbecome more important when we discuss feature patterns, below.Our feature specification language has a number of shortcomings. One is its inabilityto specify negation, as noted earlier. Another is that there is no way to specify a featurewhich contains a disjunction of different characteristics. Extending the feature language isone candidate for possible improvement of our maximum entropy model. However, wefeel that the language is versatile enough to allow the model to incorporate statistics about asufficiently wide spectrum of event characteristics.

A Statistical Approach to Language Modelling for the ATIS Problem44

5.2.2 Feature PatternsGoing through all of the training data by hand to decide which features to includewould be very tedious and imprecise. Instead, we would like to be able to specify thedifferent kinds of features we want to have present, and then accumulate those featuresautomatically. We would also like to have a mechanism which will allow us to filter outthose feature which do not fire frequently on the training data; we don’t want to includeconstraints in which we are not very confident. Finally, we want to make sure that no twofeatures are very close to one another, since this has the effect of adding new low-countconstraints.To do this, we have specified a feature pattern language. The feature pattern languageis identical to the feature specification language, with the addition of a pattern marker(denoted by the ’*’ character). After deciding on the feature patterns, they are matchedagainst the training events, generating a set of features in which each pattern marker isreplaced by a node label. Each element of the resulting set of features is guaranteed to fireon the training data more than a preset number of times. A single feature pattern maygenerate multiple features in the presence of a single event4.AnexampleofthisisgiveninFigure 12 below. A full list of the patterns we used in the final maximum entropy model ispresented in Figure 13.

4 Making sure that all appropriate features are generated was very tricky. In one instance, a single patterngeneratedeightfeaturesfromoneevent.

A Statistical Approach to Language Modelling for the ATIS Problem45

Figure 12. Feature pattern exampleflightsandAIR_1cheapest

stopFeature Pattern

Event

Features Generated

?*stop

*?AIR_1stop flights?cheapeststop

flightsbigram*

*?**table — sibling?*

trigram

***Figure 13. Feature Patterns � Complete List*

Ltable — first sibling**

?stopL

table — children*

*#*sibling?

?**first sibling**?

?Lchildrenstop

*?#*L???**cousinsLLR

A Statistical Approach to Language Modelling for the ATIS Problem46

The bigram and trigram patterns reinforce the bigram and trigram constraints in theinitial distribution. The sibling and table-siblingpatternsareusedtocollectstatisticsonthes i b l i n g i m m e d i a t e l y t o t h e l e f t o f t h e f u t u r e n o d e . T h i s s i b l i n g i s f r e q u e n t l y t h e n o d e predictedimmediatelypriortothefuturenode.Thefirst sibling patterns are useful becausethe leftmost child of a node often has special significance. The parse tree grammar tells usthat the first node is often either "not", or the most frequently seen label for the currentcontext. The children patterns use the ’#’ syntax to collect statistics about the number ofchildren of each node. This is necessary to accurately predict the stop node. Finally, thecousins pattern is used to relate the first child of a node to its cousins. The addition of thispattern significantly improved performance, because tagged nodes were difficult to predictaccurately. For example, deciding on how probable the label "CITY_2" is depends onwhether a node with label "CITY_1" has already been predicted. These labels are often incousin positions.5.2.3 Similar Feature EliminationWe have already discussed the need to filter out those features which fire too few timeson the training data. We do not want to enforce constraints on our model without firstconsidering the certainty with which the constraints are known. Unfortunately, it is notadequate to use the number of times a feature fires in the training data as the sole criterionfor deciding whether or not to keep it. Even if every constraint is derived from a featurethat has been observed many times in the data, the interplay between these constraintsmight implicitly impose additional constraints corresponding to features that are notobserved sufficiently [15].Specifically, if we include two features which fire on exactly the same events with asingle exception, we are implicitly including a feature which fires only on that exception.

A Statistical Approach to Language Modelling for the ATIS Problem47

Even if the original features are seen very frequently, the feature which corresponds to theirdifference will not be seen frequently enough. Our solution to this problem isstraightforward. We consider all pairs of features, and compare the set of events whichcause each to fire. If the sets differ by less than the preset minimum number, we removethe feature which fires less often. This greedy approach will ensure that every constraint�even those included implicitly � will be observed an adequate number of times in thetraining data. Unfortunately, this method may throw away more features than is strictlynecessary.5.3 Experimental ResultsThe feature patterns in Figure 13 generated 1015 features in the feature set, afterremoving features which fired less than five times in the training data, and eliminatingoverlapping features. The training data for the maximum entropy model consisted of thesame training and heldout data used for the initial distribution. Ideally, this should be yetanother unused set of data, but the shortage of complete class A data items (including theNLParse interpretation) has caused us to reuse the data. The training and heldout datatogether resulted in 63,532 events, while the test data had 7160 events. Using the 4-gramtree-based deleted interpolation model presented in section 4.2 as the initial distribution, themaximum entropy training algorithm was run for 100 iterations, at which point the trainingentropy was decreasing by only one percent of one percent. The resulting test entropy was14.1.Seeing a one bit drop in entropy over the initial distribution was nice, but a littledisappointing. At this point we thought that perhaps our initial distribution was just verygood. To see the true value of the maximum entropy approach, we reran the experiment

A Statistical Approach to Language Modelling for the ATIS Problem48 using the tree-based trigramdeletedinterpolationmodel,insteadofthe4-gram.Theresultsare given in Figure 14. The relative result was considerably more impressive; the testentropy drops from 21.5 to 14.1. The maximum entropy smoothing brings the entropydown to the same place, regardless of which of the two initial distributions is used.Itisinterestingtoseetherelativeprogressofthemaximumentropytrainingalgorithm.The training entropy reaches half of its eventual improvement in the first two iterations,and ninety percent within the first twenty. Figure 15 is a graph of training entropy versusiterationsforthefirst25iterationsofthetrainingalgorithmforeachinitialdistribution.

A Statistical Approach to Language Modelling for the ATIS Problem49

TrainingHeldoutTest

Surface NLParse12.680013.478415.9474

Flat tree, with parens18.916018.715820.3842

Flat tree, without parens11.574912.687315.6387

Tree Context Trigram19.208220.157621.4704

Tree Context 4-gram11.756713.591815.0037

Events635327160

ME, Trigram Initial11.829614.1056

ME, 4-gram Initial10.862814.0814

Figure 14. Comparative Entropies of Different Models

1012141618200510152025

EntropyIterationFigure 15. ME Training EntropyTrigram Initial Q4-gram Initial Q

A Statistical Approach to Language Modelling for the ATIS Problem50

As another way to compare the maximum entropy model with the NLParse trigrammodel (the first model we built), we randomly generated a set of parse trees from themaximum entropy distribution. 90% of the items generated were valid semantic trees (theycould be converted to valid NLParse items), as compared with the 58% of those generatedwith the trigram model on surface NLParse. In addition, half of the randomly generateditems could be found in the original training data.After doing the original experiment, we experimented with a wide variety of differentfeature sets (derived from adding or removing feature patterns), and the test entropy did notvary significantly. Lowering the threshold on minimum firing frequency significantlyincreased the number of features, and resulted in a slight decrease in training entropy, but amarked increase in test entropy. This increase can be attributed to overtraining, causing aninability to generalize to new data. If we had another training set, we could have fine-tunedthe feature set, but to do so on the test data would invalidate the experiment. By noticingafter the fact that changing the features does not significantly affect the model’sperformance on the test data, we justify using all the training data for training the model,rather than training the features.

A Statistical Approach to Language Modelling for the ATIS Problem51

6Frequency ModelAfter working with the training corpus for a while, we noticed a few peculiarities inthe ATIS data. While 874 distinct trees can be found in the 3392 training items, the topthirty most frequently occurring trees account for more than half of the training data!Further, the top seven trees account for a third of the training data, and the top one treeaccounts for almost 15% � 491 out of 3392 items correspond to the some variation of thequestion "what are all flights from CITY_1 to CITY_2 ?". These facts weren’t so obviousbefore tagging and putting the data into semantic parse tree form, because the NLParsedoes not include any kind of canonical ordering. A list of the top seven most frequentlyseen trees is given in appendix B.None of the models presented so far explicitly takes the frequencies of entire trees intoaccount. In fact, it seems probable that a language model which assigns every treeobserved in the training data a probability proportional to its observed frequency, and everyother tree some uniform probability, would do very well indeed. An even better ideawould be to smooth the observed training distribution with the maximum entropydistribution found in the previous section. When T is the set of semantic parse trees in thetraining data, and Ev is a function which maps trees to events, Equations 6.1, 6.2, and 6.3define a model P on semantic parse trees.

F(t) = c(t)|T|

(Eq 6.1)

M(t) = Q(x)Z(x) iλ if (x)i∑e

x∈Ev(t)∏

(Eq 6.2)

A Statistical Approach to Language Modelling for the ATIS Problem52

P(t) = λ F(t) + (1− λ )M(t)(Eq 6.3)6.1 Frequency Model EntropySince we already know a great deal about our training set, and about the maximumentropy distribution, we can predict how well the smoothed model defined by Equation 6.3is going to do, and use our prediction to test that our implementation is working correctly.First, let R be the training set for F, S be the test set, and defineX = S

˙ R Y = S — Rn = |X| + |Y |Next, define EF to be the average (per item) entropy of the training corpus with respect tothe distribution F, EP to be the average entropy of the test corpus with respect to P, and EMto be the average entropy of Y with respect to M . Note in particular that EM is taken withrespecttothedifficult(new)itemsofthetestset.WenowdefineEPasfollows:

PE = − 1n logP(t) t∈S∑ = − 1n log λ F(t) + (1-λ )M(t) [ ] t∈S∑

By separating S into two parts, those items which appear in both the training and test data,and those items which are only seen in the test data (the test items which F will assign azero probability), we can continue as follows:

PE = − 1n log λ F(t) + (1-λ )M(t) [ ] t∈X∑ + − 1n log (1-λ )M(t)[ ] t∈Y∑

At this point we notice that on the items which can be found in the training data, F willpredictamuchhigherprobabilitythanM, so we state the (close) inequality:

PE ≤ − 1n log λ F(t)[ ] t∈X∑ + − 1n log (1-λ )M(t) [ ] t∈Y∑

A Statistical Approach to Language Modelling for the ATIS Problem53 PE ≤ −

X n

logλ +

1

X

logF(t)

t∈X

∑ + −

Y n

log(1− λ ) +

1

Y

logM(t)

t∈Y

∑ By using the definitions EMandEF,wefinallyarriveat

PE ≤ − X n logλ +_FE [ ] + − Y n log(1− λ )+_ME [ ]

(Eq 6.4)6.2 Experimental ResultsAgain, due to lack of available data, we were forced to train both the frequency modeland the maximum entropy model on the same data. The frequency model was built from3166 items, and the two distributions were smoothed together on the remaining 226heldout items, using the Estimation Maximization algorithm. Ideally we should be able tosmooth the two distributions using different heldout data than that which was used tosmooth the ME model’s initial distribution.The entropy of the training data is very low; only 7.7 bits per item. This, coupled withthe fact that the training data’s coverage of the heldout data is high (86%), led us to believethat we would see a dramatic decrease in test entropy using the new model. We hoped thatthe frequency model component would allow the smoothed model to make accuratepredictions on a large percentage of the test data, and that the maximum entropy modelwould do acceptably on those items not already seen.The results were surprising: the test entropy had decreased, but by less than half of abit (as opposed to the two or three bits we expected), to 13.7. Part of the reason was thatthe training data’s coverage of the test data was somewhat lower than expected � only76% of the 376 test items had been seen in the training data. The main implication,

A Statistical Approach to Language Modelling for the ATIS Problem54 however, was that the maximum entropy model did very poorly on items which had neverbeen seen in the training data. In fact, we were able to use Equation 6.4 to get a lowerbound on just how poorly the ME model did. Using the experimentally determined valuesof l = .507, n = 376, |X| = 286, |Y | = 90, E F = 7.27, and E P = 1 3 . 7 , w e f i n d t h a t EM ‡ 30.0 bits!When we went back and experimentally determined the entropy of the unseen testitems with respect to the maximum entropy distribution, we found that EM = 32.1 bits. AllexperimentallydeterminedvaluesaregiveninFigure16.TrainingHeldoutTest

Items3166226376

Unseen Items03190Monunseenitems3 1 . 8 1 8 2 3 2 . 0 7 8 5Fonseenitems7 . 6 7 3 7 9 6 . 2 8 2 8 5 7 . 2 6 7 2 7PEntropy8 . 1 1 9 8 4 1 0 . 0 5 6 5 1 3 . 6 9 0 0

Figure16.EntropyStatisticsoftheFrequencyModel

A Statistical Approach to Language Modelling for the ATIS Problem55

7Conclusions and Future Directions7.1 Summary and ConclusionsStatistical models have been used successfully in numerous computer applications,including translation, speech recognition, and parsing. Our goal was to see whetherstandard statistical techniques can be applied effectively to the ATIS task. To that end, wedivided the task into five main parts, each of which can be attacked with statistical methods.Figure 17 shows how the parts fit together in the final system. The speech recognitioncomponent attempts to generate a ranked list of best text transcriptions for a spoken input.The language model and translation model components are for use by the decoder to decidewhich intermediate language item is the most probable. Theoretically, the decoder mustsearch through all possible intermediate language sentences to decide which is best. Inpractice, it uses a variation on the well-known stack decoding algorithm [22] from speech-recognition to prune the search.The translation model gives the probability of an English text sentence, given anyNLParse sentence supplied by the decoder. The language model component produces aprobability distribution exclusively on the intermediate language. The "tree-parser" and"tree-unparser" sub-components deterministically translate the NLParse to and from asemantic parse tree format, for use in the language model. In this work, we have exploredvarious statistical language models and analyzed their performance on the ATIS2 task. Wehave concluded that performance (as measured by perplexity) can be improved by buildinga language model using semantic parse trees built from the NLParse.

A Statistical Approach to Language Modelling for the ATIS Problem56

EnglishSpeechSpeechRecognition

DecoderEnglishText

NLParseTranslationModel

NLParseTreeParserTreeUnparser

LanguageModelSemanticTrees

NLParseBack End

SQLFigure 17. Complete IBM ATIS SystemWe started by building a deleted interpolation trigram model on the NLParsetranslations of the English queries. We used a "wall of bricks" bucketing scheme to tietogether model parameters associated with low certainty constraints. The test entropy ofthe NLParse deleted interpolation model was used as the benchmark for comparing theother models built.After deciding on a general structure for parsing the surface NLParse into semantictrees, we evaluated two trigram models built from the prefix traversal of these trees. Thefirst, which we forced to be able to predict a tree’s structure in addition to its content, had atest perplexity which was orders of magnitude worse than the surface NLParse trigram

A Statistical Approach to Language Modelling for the ATIS Problem57 model. The second, which we required only to assign a probability distribution to a tree’scontent, beat the benchmark perplexity by just 19%. It was clear that a model whichunderstood more about the source language was needed.The next model we built was a generative deleted interpolation model on the semanticparse trees, with a derivational order corresponding to a prefix traversal of the tree. Thisone was more clever about where to look for useful statistics on which to train. Thecontext it considered contained the parent of each node, and the table in whose scope thatnode existed. The model was given considerably more a priori knowledge about whichtrees it could assign zero probability to, allowing it to normalize over a much smaller set.This model’s performance was also very poor, which led us to believe that it needed tolook at more context for each node. By adding each node’s immediate sibling to theavailable history, the test perplexity was reduced significantly � a 48% decrease from thebenchmark.Next, we introduced the maximum entropy framework for building statistical languagemodels. For the initial distribution of the maximum entropy models, we used the modelwith the best test performance so far, the four-gram deleted interpolation model on thesemantic parse trees. We included features which impose constraints on relevant statisticswhich can be believed with a reasonable degree of certainty. These include the four-gram,trigram, and bigram constraints used in the initial distribution, in addition to several otherswhich we experimentally determined decrease the training perplexity. The test entropy ofthis model represented a 72% decrease from the benchmark perplexity, and a 47% decreasefrom the initial distribution.We then reran the experiment using the tree-based trigram model as the initialdistribution. We discovered that after the same number of iterations of the maximum

A Statistical Approach to Language Modelling for the ATIS Problem58 entropy training algorithm, the test entropy was the same as when the four-gram initialdistribution was used. Apparently, the maximum entropy model has a lot of tolerance forwide variations in its initial distribution. We suspect, however, that it would not besufficient to use a uniform initial distribution, because both distributions we did useallowed the maximum entropy model to predict a zero probability for certain events. Auniform initial distribution would force the model to predict a non-zero probability forevery possible event.Finally, we realized that half of the training data is covered by less than thirty trees.This suggested that if we had a model which was very good at predicting exactly the itemsin the training data, the chances were good it would do very well on test data. We thereforebuilt a model which assigned an entire item a probability based on its frequency in thetraining data. Smoothing this model with the maximum entropy model produced a 22%decrease in perplexity over the maximum entropy model alone, which corresponds to a79% reduction from the benchmark.As a side product of this experiment, we discovered that the maximum entropy modeldoes terribly on items which it has never seen before. Part of the reason for this is thatmany of the items exclusive to the test set epitomize the idiosyncrasies of the NLParsegrammar. It would be very, very difficult to build a language model which does well onthese items. It looks as if this is yet another example of the 80-20 rule; 20% of the effort isspent in achieving 80% of the goal, while 80% of the effort is necessary to go the rest ofthe way. A comprehensive table containing the performance of all of the language modelsbuilt in this paper is given in Figure 18.

A Statistical Approach to Language Modelling for the ATIS Problem59

TrainingHeldoutTest

Items3000392376

Surface NLParse12.680013.478415.9474

Flat tree, with parens18.916018.715820.3842

Flat tree, without parens11.574912.687315.6387

Tree Context Trigram19.208220.157621.4704

Tree Context 4-gram11.756713.591815.0037

Events635327160

ME, Trigram Initial11.829614.1056

ME, 4-gram Initial10.862814.0814

Items3166226376

Frequency Smoothed8.1198410.056513.6900

Figure 18. Entropy of All Language Models

7.2 Future DirectionsWhile the maximum entropy framework is very powerful, and it allows us to include awide variety of information known about a source language, there is a problem with theimmense amount of computational power necessary to run either the Generalized IterativeScaling algorithm [19] or the Improved Iterative Scaling algorithm [20]. More progressneeds to be made toward finding fast training algorithms for maximum entropy modelling.

A Statistical Approach to Language Modelling for the ATIS Problem60

A number of things can be tried to improve the performance of the language modelspresented in this paper. Enhancing and expanding the feature language might allow theinclusion of important constraints which we did not consider. Allowing the disjunction andconjunction of the current features to create new features is one possible enhancement.Implementing the incremental feature selection proposed by Berger et al [15] wouldprobably be a better way of guaranteeing that only good constraints are included in themodel. At present, our method of eliminating overlapping features seems a littlehaphazard.Another direction for potential improvement is by experimenting with differentderivational orders. For example, if we predict how many children a node in the parse treehas before we predict the children themselves (as opposed to predicting the stop node at theend), then the model would be able to use that piece of information when predicting thechildren. It might also be useful to predict all of the children together, rather than one at atime. By predicting all of the children in tandem, a small amount of right context can beused.Rather than smoothing in the frequency model after training the maximum entropymodel, it would be more powerful to incorporate constraints from the frequency model intothe feature set itself. For example, we could collect statistics on the occurrence of subtreesin the training data, and use them in predicting new trees. This might be especially helpfulin bringing down the model’s entropy on trees which are only seen in the test data. Even ifthe entire tree has never been seen before, certain parts of the tree may very well have.Other parts of the overall system might be enhanced by allowing them access to thesemantic parse tree format. The system could be rearranged as shown in Figure 19, withthe decoder building semantic trees instead of flat NLParse. The translation model could

A Statistical Approach to Language Modelling for the ATIS Problem61 then be modified to report the probability of an alignment between the English and an entireparse tree. The translation model could then more easily take the NLParse structureimposed by its grammar into consideration.

EnglishSpeechSpeechRecognition

DecoderEnglishText

SemanticTreesTranslationModelTreeUnparser

LanguageModelSemanticTrees

Back End

SQLFigure 19. Future IBM ATIS SystemSemanticTrees

A Statistical Approach to Language Modelling for the ATIS Problem62

References[1]P. Price, "Evaluation of spoken language systems: The ATIS domain," in Proceedingsof the DARPA Speech and Natural Language Workshop, (Hidden Valley, PA), June24—27 1990.[2]M. Bates et al., "Developing an evaluation methodology for spoken languagesystems," in Proceedings of the DARPA Speech and Natural Language Workshop,(Hidden Valley, PA) June 24—27 1990.[3]D. S. Pallett et al., "DARPA February 1992 ATIS benchmark test results," inProceedings of the DARPA Speech and Natural Language Workshop, (Harriman,NY), February 23—26 1992.[4]W. Ward, "The CMU air travel information service: Understanding spontaneousspeech," in Proceedings of the DARPA Speech and Natural Language Workshop,(Hidden Valley, PA) June 24—27 1990.[5]W. Ward and S. Issar, "Recent improvements in the CMU spoken languageunderstanding system," in Proceedings of the ARPA Workshop on HumanLanguage Technology, (Plainsboro, NJ) March 8—11 1994.[6]J. Glass et al., "The MIT ATIS system: December 1994 progress report," inProceedings of the ARPA Spoken Language Technology Workshop, (Austin, TX),to appear.

A Statistical Approach to Language Modelling for the ATIS Problem63

[7]V. W. Zue et al., "The MIT SUMMIT speech recognition system: a progress report,"in Proceedings of the DARPA Speech and Natural Language Workshop,(Philadelphia, PA), October 15—18 1989.[8]S. Seneff, "TINA: a natural language system for spoken language applications," inComputational Linguistics, vol. 18, no. 1, pp. 61—86, 1992.[9]R. Pieraccini et al., "Progress report on the Chronus system: ATIS benchmarkresults," in Proceedings of the DARPA Speech and Natural Language Workshop,(Harriman, NY) February 23—26 1992.[10]F. Kubala et al., "BBN BYBLOS and HARC February 1992 ATIS benchmarkresults," in Proceedings of the DARPA Speech and Natural Language Workshop,(Harriman, NY) February 23—26 1992.[11]J. Dowding et al., "Gemini: a natural language system for spoken-languageunderstanding," in Proceedings of the DARPA Speech and Natural LanguageWorkshop, (Harriman, NY) February 23—26 1992.[12]A. Berger et al., "The Candide system for machine translation," in Proceedings ofthe ARPA Workshop on Human Language Technology, (Plainsboro, NJ) March 8—11 1994.[13]F. Jelinek et al., "Decision tree parsing using a hidden derivation model," inProceedings of the ARPA Workshop on Human Language Technology,(Plainsboro, NJ) March 8—11 1994.

A Statistical Approach to Language Modelling for the ATIS Problem64

[14]E. Vidal et al., "Learning associations between grammars: a new approach to naturallanguage understanding," in Proceedings of Eurospeech-93, vol. 2, pp. 1187—1190,(Berlin) September 1993.[15]L. Bahl, F. Jelinek, and R. L. Mercer, "A maximum likelihood approach tocontinuous speech recognition," in IEEE Transactions of Pattern Analysis andMachine Intelligence, PAMI-5(2): 179—190, 1983.[16]L. E. Baum, "An Inequality and Associated Maximization Technique in StatisticalEstimation of Probabilistic Functions of Markov Processes", in Inequalities, vol. 3,pp. 1—8, 1992.[17]A. L. Berger, S. A. DellaPietra, V. J. DellaPietra, "A Maximum Entropy Approachto Natural Language Processing," IBM Technical Disclosure Bulletin, August 1994.[18]R. Lau, Maximum Likelihood Maximum Entropy Trigger Language Model, S.B.thesis, Massachusetts Institute of Technology, May 1993.[19]J. N. Darroch, and D. Ratcliff, "Generalized Iterative Scaling for log-linear models,"Annals of Mathematical Statistics, no. 43, pp. 1470—1480.[20]S. Della Pietra, and V. Della Pietra, "Statistical modelling using maximum entropy,"IBM Research Report, in preparation.[21]J. C. Kowto and P. J. Price, "Data collection and analysis in the air travel planningdomain," in Proceedings of the DARPA Speech and Natural Language Workshop,(Cape Cod, MA), October 15—18 1989.

A Statistical Approach to Language Modelling for the ATIS Problem65

[22]C. T. Hemphill, J. J. Godfrey, and G. R. Doddington, "The ATIS spoken languagesystem pilot corpus," in Proceedings of the DARPA Speech and Natural LanguageWorkshop, (Hidden Valley, PA), June 24—27 1990.[23] MADCOW, "Multi-Site Data Collection For A Spoken Language Corpus," inProceedings of the Darpa Speech and Natural Language Workshop, (Harriman,NY), February 23—26 1992.[24]F. Jelinek, "A fast sequential decoding algorithm using a stack," IBM Journal ofResearch and Development, no. 13, pp. 675—685, November 1969.

A Statistical Approach to Language Modelling for the ATIS Problem66

AppendixAGrammar VocabulariesThe following vocabularies are used as the node labels in the semantic parse tree grammarpresented in Figure 4.Feature Operatorsallanythe-maximumthe-minimumthe-number-ofComparison Operatorsequal-togreater-thangreater-than-or-equal-tobetween:compcontainsless-thanless-than-or-equal-toTable Namesaircraftairlinesairport-servicesairportscitiesclass-of-servicescode-descriptionscolumn-tablescompartment-classesdate-daysdaysdual-carriersequipment-sequencesfare-basesfaresflight-faresflight-legsflight-stopsflightsfood-servicesground-servicesintervalsmonthsrestrictionsstatestable-tablestime-zonesTerminal OperatorsNULLabbreviatedarrivingassociated-with:classassociated-with:class-of-servicesassociated-with:fare-basesavailable-for:fare-basesavailable-for:faresavailable-onavailable-on:daysbelonging-tocharged-forcontainingcontaining:airportcontaining:airportscontaining:citiescontaining:citydepartingequipped-withequippingflying-onflying-on:daysforfor:flight-stopsfor:flightsfound-infromfrom:airportfrom:airportsfrom:citiesfrom:cityhavinghaving-prices-ofin:airportin:airportsin:citiesin:cityleavingleaving-inlocated-in

A Statistical Approach to Language Modelling for the ATIS Problem67 namednamed:airlinenamed:citynamed-a-string-containingnumberedof:classoffered-byofferingoffering:classonprimarily-served-byprovided-by:airportprovided-by:airportsprovided-for:airportprovided-for:airportsprovided-for:citiesprovided-for:cityprovided-with:airport-servicesprovided-with:ground-servicesprovidingscheduled-for:flight-stopsscheduled-for:flightssecondarily-served-byserved-by:airportserved-by:airlinesserved-by:airportsserved-onserving:citiesserving:cityserving:flightsserving:food-servicesserving:mealstopping-in:airportstopping-in:airportsstopping-in:citiesstopping-in:citythat-are-legs-forthat-are-stops-fortoto:airportto:airportsto:citiesto:citywith-arrivals-onwith-arriving:fareswith-arriving:flightswith-departing:fareswith-departing:flightswith-legs-that-arewith-scheduledTerminal Namesadvance_purchaseaircraft_codeaircraft_code_sequencaircraft_descriptionairline_codeairline_flightairline_nameairport_codeairport_locationairport_nameapplicationarrival_airlinearrival_flight_numberarrival_timebasic_typebasis_daysbegin_timebooking_classcapacitycity_codecity_nameclass_descriptionclass_typecodecolumn_descriptioncolumn_namecompartmentconnectionscountry_namecruising_speedday_nameday_numberdays_codedeparture_airlinedeparture_flight_numdeparture_timedescriptiondirectiondiscounteddual_airlinedual_carriereconomyend_timeenginesfare_airlinefare_basis_codefare_idfeaturesflight_daysflight_idflight_numberfrom_airportground_fareheadinghigh_flight_numberhours_from_gmtleg_flightleg_numberlengthlow_flight_numbermain_airlinemanufacturermaximum_staymeal_codemeal_descriptionmeal_numbermiles_distantmin_connect_timeminimum_stayminutes_distantmonth_namemonth_numberno_discountsnoteone_direction_costpay_loadperiodpremiumpressurizedpropulsionrange_milesrankrestriction_coderound_trip_costround_trip_requiredsaturday_stay_requirdseasonservice_namestate_codestate_namestop_airportstop_daysstop_numberstop_timestopoverstable_descriptiontable_nametime_elapsedtime_zone_codetime_zone_nameto_airporttransport_typeunitweightwide_bodywing_spanyearAIR_1AIR_2AIR_3AIR_4AIR_5ARP_1ARP_2ARP_3ARP_4

A Statistical Approach to Language Modelling for the ATIS Problem68

ARP_5CITY_1CITY_2CITY_3CITY_4CITY_5CODE_1CODE_2CODE_3CODE_4CODE_5DATE_1DATE_2DATE_3DATE_4DATE_5DAY_1DAY_2DAY_3DAY_4DAY_5MON_1MON_2MON_3MON_4MON_5NUM_1NUM_2NUM_3NUM_4NUM_5today-6today-5today-4today-3today-2today-1today+0today+1today+2today+3today+4today+5today+6aafterafternoonairportamarearoundassociatedatavailablebasesbasisbeforebelongingbetweenbreakfastbusiness_classbycarrierschargedcheapcheapestclassclassescoachcoach-classcoach-economy_classcode_descriptionscodescolumncolumnscompartment_classesconnectingcostdailydatedaydaysesdescriptionsdinnerdirectdualearliestearliest-arrivingearliest-departingearlyearly_afternoonearly_morningearly_eveningeconomy_classentriesequipmentequippedeveningexamplesexpensivefarefirstfirst-classflightflight_legsflyingfoodfoundgroundhelpisis-a-stringis-betweenjustknownlargestlatelate_afternoonlate_morninglate_eveninglatestlatest-arrivinglatest-departinglegslocatedlunchmaximummid_afternoonmid_eveningmid_morningmiddayminimumminimum_conct_timemodifiersmorningmostmost-expensivenamed-a-stringnightnononstopnumbernumber-ofofofferedone_directionone_wayovernightpmpricesprimarilyprovidedqueryroundround-tripscheduledsecondarilysequencesservedserviceservicesshortestsmallestsnackstoppingstopsstopsesstringtabletablesthanthatthriftthrift-classthrift-economy_classtimetripunknownwhoseyeszones

A Statistical Approach to Language Modelling for the ATIS Problem69

BTop 7 Most Frequent Trees

from:city

CITY_1andto:city

CITY_2 flightsNULL

AIR_1NLParse: list American flights from Boston and to Denver English: Please tell me which American flights fly to Denver from Boston

andfrom:cityto:city

CITY_1CITY_2

flights

flying-on

DAY_1NLParse: list flights from Boston and to Denver and flying on MondayEnglish: Give me flights that leave on Monday for Denver from Boston.

flightsNLParse: list flights from Boston and to DenverEnglish: What are all flights from Boston to Denver ?

A Statistical Approach to Language Modelling for the ATIS Problem70

andfrom:cityto:city

CITY_1CITY_2

flights

stopping-in:city

CITY_3NLParse: list flights from Boston and to San Francisco and stopping in DenverEnglish: Can I see flights going from Boston to San Francisco with a stop in Denver?andprovided-for:city

CITY_1

ground-services

NLParse: list ground services provided for WashingtonEnglish: Show me ground transportation in Washington.

from:city

CITY_1andto:city

CITY_2

flying-on

DATE_1NLParse: list flights from Boston and to Dallas and flying on 7/12/91English: I’d like to fly from Boston to Dallas on August twelfth

provided-for:city

CITY_1and

ground-servicesprovided-for:airport

ARP_1NLParse: list ground services provided for BWI and provided for WashingtonEnglish: I’m interested in ground transportation between BWI and downtown Washington.

A Statistical Approach to Language Modelling for the ATIS Problem71