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AbstractThis paper describes the Alpine parser, a hybrid,corpus based processor in which neural networks op-erate within a grammatical framework. The pur-pose of the parser is to take straightforward Englishtext, and decompose declarative sentences into syn-tactic constituents. It �rst �nds the position of thesubject. This decomposes the sentence into threeconcatenated segments, pre-subject - subject - pred-icate, which can then be further parsed indepen-dently. This reduces the complexity of the parsingtask.The neural processing component belongs to theclass of Generalized Single Layer Networks. Suchnetworks o�er advantages of functional transparencyand operational speed. In this parser, the ini-tial stage of processing maps linguistic data onto ahigher order representation, which can then be anal-ysed by a single layer network. This transformationis supported by information theoretic analysis.The parser has been trained and tested on textfrom technical manuals. It also works quite wellon straightforward English from other domains, andthere is a prototype on which you can try your owntext.1 IntroductionThe pattern matching powers of neural net-works can be used to detect syntactic patternsin text. This paper describes the Alpine parser,a hybrid, corpus based processor in which neuralnetworks operate within a grammatical frame-work. A prototype is available, on which youcan try your own text. The core of this workhas been published in the neural computing lit-erature (Lyon and Frank, 1997). We want topresent it for the scrutiny of the language pro-cessing community too.The purpose of the parser is to take ordi-nary English text and decompose declarativesentences into syntactic constituents. It �rst�nds the subject of the sentence and the pred-

icate. Declarative sentences can almost alwaysbe segmented into three concatenated sectionspre-subject - subject - predicateas shown in Figure 1. Other constituents, suchas clauses, phrases, noun groups are containedwithin these segments, but do not normallycross the boundaries between them. Here arethree examples from a manual, with the sub-ject delimited by square brackets:[ There ] are two methods of accelerating searching.[ Your ability to use either search method ] is deter-mined by your familiarity with your system.To use the �rst type of accelerated search, [ you ]must know the search menu line number for the typeof search you want.Though a constituent in one section may havedependent links to elements in other sections,such as agreement between the head of the sub-ject and the main verb, once the three sectionshave been located they can be partially pro-cessed separately, in parallel. This hierarchi-cal decomposition reduces the complexity of theparsing task. For instance, after the tripartitedivision of the sentence, the Alpine parser goeson to �nd the head of the subject, as shown inthe examples in the Appendix.The processor has been trained on text fromtechnical manuals, but because syntactic pat-terns are so pervasive it can be used on a widerrange of straightforward English text.The paper is organised in the following way.First we look at some characteristics of Englishlanguage. and its representation. Next we givea description of the Alpine parser and show howit works. Then we take an overview of neuralnetwork design, and explain how design deci-sions can be approached. Finally we concludewith some measures of Alpine's performance.
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decompose furtherFigure 1: Decomposition of the sentence into syntactic constituents.2 Characteristics of EnglishLanguage DataThe signi�cant characteristics that we wish tocapture include� An inde�nitely large vocabulary� The distinctive distribution of words andother linguistic data� A hierarchical syntactic structure� Both local and distant dependencies, suchas feature agreement2.1 The distinctive distribution oflinguistic dataThe distribution of words in English and otherEuropean languages has distinctive characteris-tics, to which Shannon drew attention (Shan-non, 1951). He indicated the extent to which asigni�cant number of words occur infrequently.For example, words that have a frequency of lessthan 1 in 50,000 make up about 20-30% of typ-ical English language news-wire reports (Dun-ning, 1993). This problem of sparse data meansthat automated speech rcognition systems needvery large corpora for training (Gibbon et al.,1997, page 404).In order to address the problem of an inde�-nitely large vocabulary together with the sparsedata phenomenon words are mapped onto part-of-speech tag classes. This also make syntacticpatterns more pronounced. For the �rst stagein processing, �nding the subject of a sentence,Alpine uses a tagset of 19 part of speech tags.It uses 26 for subsequent processing.

2.2 Grammatical structureThere is an underlying hierarchical structureto the English language, a phenomenon thathas been extensively explored. Declarative sen-tences will usually conform to certain struc-tural patterns, as is shown in a simpli�ed formin Figure 1. Text and speech also, of course,contain non-declarative sentences: imperatives,questions, exclamations. They also contain non-sentential elements such as headings, captions,tables of contents. The work described in thispaper is restricted to declarative sentences.Within the grammatical structure there is aninde�nite amount of variation in the way inwhich words can be assembled. On the otherhand, the absence or presence of a single wordcan make a sentence unacceptable, for example�There are many problems arise. . . . (1)�We is late. . . . (2)2.3 Local and distant dependenciesIn examining natural language we �nd there aredependencies between certain words, both lo-cally and at a distance. For instance, a pluralsubject must have a plural verb, so a construc-tion like sentence (2) above is incorrect. Thistype of dependency in its general form is notnecessarily local. After �nding the position ofthe subject, the Alpine parser goes on to �ndthe head of the subject, as in sentence (3) be-low.If a cooler is �tted to the gearbox, [ the pipe [ con-nections ] of the cooler ] must be regularly checkedfor corrosion. . . . (3)



The number of the subject is determined byits head \connections", which is not adjacentto the verb \must be" : The subject of thissentence is plural. Note that in English modalverbs like \must" have the same singular andplural form, but not in many other languages.For an automated translation system to processmodal verbs it is necessary to �nd the head ofthe subject that governs the verb and ensurenumber agreement.In our system, the neural classi�er will pickup local dependencies. The rule based, gram-matical framework will give us the ability to �ndsome long distance dependencies within sen-tences.3 Language RepresentationBy mapping an inde�nite number of words ontoa limited number of part-of-speech tags we re-tain the ability to �nd syntactic components,though of course we lose semantic information.As well as mapping words onto tags, we needto capture a representation for the boundariesof the syntactcic component we are looking for,the subject initially. We do this by introducing\virtual tags" or hypertags as boundary mark-ers. They are represented by ' [ ' to mark thestart of the subject and ' ] ' to mark its close.The task of the neural processor is to �nd thecorrect placement of these markers.3.1 Modelling discrete sequential dataThree methods have commonly been used tomodel sequential data, such as language, forconnectionist processing. The �rst is to movea window along through the sequence, and pro-cess a series of static \snapshots". Within eachwindow ordering information is not represented.Sejnowski's NETtalk is a well known exam-ple (Sejnowski and Rosenberg, 1987).Another method is the use of recurrent nets(Elman, 1991). In its basic form this type ofnetwork is equivalent to a �nite state automatonthat can model regular languages (Giles, 1992).The third approach, used in this work, is thethe n-gram method. We take sets of ordered,adjacent elements, which capture some of thesequential structure of language. This is re-lated to the well known trigram approach usedin automated speech recognition (Gibbon et al.,1997).

Part-of-speech tags have relationships witheach other. For example (preposition, verb) isunlikely to occur, while (noun, verb) is a quitefrequent combination. In the same way, tagshave probabilistic relationships with hypertags:( [ , verb) cannot occur, while ( [ , determiner)is common.One of the advantages of using neural proces-sors is that they can conveniently model \im-probabilities" as well as probabilities.That this method of representation capturessome of the structure of natural language, isshown by analysis with information theoretictechniques. The entropy of a sequence of tagsdeclines when pairs and triples are used. En-tropy can be understood as a measure of un-certainty. The uncertainty about how a partialsequence will continue can be reduced when in-formation about neighbouring elements is takeninto account. Shannon introduced this ap-proach by analysing sequences of letters (Shan-non, 1951), where the elements of a sequence areeither single letters, or pairs of adjacent letters,or triples. These are n-grams, with n equal to1, 2 or 3. The entropy of a sequence representedby letter n-grams declines as n increases. Whensequences of tags were analysed the same resultwas obtained: the entropy of part-of-speech n-grams declines as n increases from 1 to 3.4 The Alpine parserFor this paper, we explain how the subject of adeclarative sentence is detected. Similar meth-ods are used for further processing. We take adeclarative sentence, and the task of the parseris to correctly place the hypertags marking thesubject. This is the process.First, map each word onto one or more tags.Then generate strings with hypertags placedin all possible positions, for all combinations oftags. This of course produces an unmanageableamount of data, so a pruning process is inte-grated into the string generation. Applying lo-cal and semi-local constraints, the generation ofa string is zapped if a prohibited feature is pro-duced. A prohibited feature is an element in theProhibition Table, which is set up in advance.An example would be the pair (verb, verb). Ofcourse, (auxiliary verb, verb) is all right, as isthe triple (verb, ] , verb) 1.1For example: \ [ Those who ran ] arrived �rst."
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Figure 2: The Generalized Single Layer Network, GSLN, with 1 outputThen each string is taken in turn, and thetags are combined into pairs and triples (tu-ples). Thus each string is represented by a setof tag tuples.The input to the neural network is a binaryvector, whose elements represent these tuples.If a tuple is present in a string, the element thatrepresents it in the input vector is changed from0 to 1.4.1 Coding the inputAs an example of input coding consider thisshort sentence:Papers published in this journal are pro-tected by copyright. ....(4)(A) Map each word onto 1 or more tagspapers verb or nounpublished past-part-verbin preposition or adverbthis pronomial determinerjournal nounare auxiliary-verbprotected past-part-verbby prepositioncopyright noun. endpoint(B) Generate strings with possible placementof subject boundary markers, and possible tagallocations (pruned).

Exemplars:strt [ verb ] pastp prep prod noun aux pastpprep noun endstrt [ noun ] pastp adv prod noun aux pastpprep noun endstrt [ noun pastp ] adv prod noun aux pastpprep noun endstrt [ noun pastp prep prod noun ] aux pastpprep noun end *** target ***strt [ noun pastp adv prod noun ] aux pastpprep noun endEach string represents a possible placementof the subject boundary markers.In training mode the correct string will beidenti�ed. In test mode, the processor will haveto �nd the correct string.(C) The next step is to take the tag string andmap it onto a set of tag pairs and tag triples (tu-ples). These will be the input into the network.Exemplars:(strt, [ ) ( [, verb ) ( verb, ] ) ............ (noun,end)(strt, [, verb) ([, verb, ]) (verb, ], past-part)....... (prep, noun, end)and similarly for other strings



The input for the neural network is a bi-nary vector, with each element representing atag pair or triple. A given sentence will acti-vate some of these binary elements. In trainingmode the weights in the network will be ad-justed until the desired output is obtained. Intesting mode the output for each string is found,and the string with the highest \grammaticalityscore", symbolised as �, is the \winner". Theplacement of the hypertags in the winning stringis accepted.5 Neural network designWe have used supervised, feed forward networksin our work. A good clear introduction tothese types of networks networks is given byTarassenko (Tarassenko, 1998).This prototype is based on a single layer net-work, which can only process data that is lin-early separable. The more general model is a2 layer network, such as the multi-layer percep-tron (MLP) which can process data that is notlinearly separable.However, it is always theoretically possible tosolve supervised learning problems with a singlelayer, feed forward network, providing the inputdata is enhanced in an appropriate way. A goodexplanation is given by Pao (Pao, 1989, chapter8). Whether this is desirable in any particularcase must be investigated. The enhancementcan map the input data onto a space, usually ofhigher dimensionality, where it will be linearlyseparable.Figure 2 illustrates the form of the General-ized Single Layer Network (GSLN). This �gureis derived from Holden and Rayner (Holden andRayner, 1995). A non-linear transformation �on inputs fxg converts them to elements fyg,which a single layer net will then process toproduce an output z (temporarily assuming 1output).The � functions, or basis functions, can takevarious forms. They can be applied to each in-put node separately, or, as indicated in the �g-ure, they can model the higher order e�ects ofcorrelation. In our processor � is an ordered`AND'. A similar function is used in DNA se-quence analysis (Lapedes et al., 1992). The� function can be arithmetic: for instance, forpolynomial discriminant functions the elementsof the input vectors are combined as products

(Duda and Hart, 1973, page 135).Radial basis function (RBF) networks alsocome into the class of GSLNs. In their twostage training procedure the parameters gov-erning the basis functions are determined �rst.Then a single layer net is used for the secondstage of processing.An important characteristic of the GSLN isthat processing at di�erent layers is de-coupled.The �rst stage of training is unsupervised: the� functions are applied without recourse to de-sired results. In the second stage of training asupervised method is used, in which weight ad-justments on links are related to target outputs.The conversion functionWe use this approach in the parser by convert-ing a sequence of tags to a higher order set ofadjacent pairs and triples. The example in sec-tion 4.1, stage C shows how the input elementsare constructed.This can be related to Figure 2. Let each xifor i = 1 to m represent a tag. The � functionsmap these onto m2 pairs and m3 triples, so n =m2 +m3. Only a subset of n will be activated.6 Operation of the neural networkExperiments were conducted on a number ofdi�erent architectures, but best results wereobtained using the Hodyne network, �rst in-troduced by Wyard and Nightingale (Wyardand Nightingale, 1992). This network is shownin Figure 3. The 2 outputs z0 and z1 rep-resent grammatical and ungrammatical, \yes"and \no", results. In training, a grammaticalstring must produce z0 > z1, and vice-versa,else a weight adjustment is invoked.The network is not fully connected. A linkbetween an input element and an output nodeis only activated when that element appears inan input string. The link to the desired out-put will then be activated. Of course, many tagtuples occur in both grammatical and ungram-matical sentences, and are connected to bothoutput nodes. More implementation details canbe found in (Lyon and Frank, 1997).With single layer networks we can use a di-rect update method: if a tagstring produces thewrong output, then the weights connecting it tothe output nodes are adjusted. If the classi�ca-tion is correct, then the weights are left alone.The weight adjustment can be a function of the
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Figure 3: The Hodyne network.input vector, as in the Perceptron, or of theexisting weights, as in the network used here.It is also possible to use an error minimizationmethod, based on the di�erence between targetand actual output, using di�erentiable activa-tion functions to determine the weight adjust-ment. This is the basis of the standard multi-layer back propagation network, and can alsobe used in a simpli�ed form for single layer net-works. Experiments using this method did notgive such good results as the direct update ap-proaches.In testing mode the strings generated by eachsentence are processed, and the string with thehighest � score for that sentence is the winner.For this network the grammaticality measure �is z0 � z1.7 PerformanceThis work has principally been developed ontext of technical manuals from Perkins EnginesLtd. (Pym, 1993), and the ALPINE prototypewas trained on 351 sentences from these man-uals, as shown in Table 1. The prototype hasthen been run on sentences from two other cor-pora from technical manuals, described in (Sut-cli�e et al., 1996). They are taken from theDynix Automated Library Systems SearchingManual, and the Trados Translators Workbenchfor Windows User's Guide.

Number of sentences 351Average length 17.98 wordsNo. of subordinate clausesIn pre-subject 65In subject 19In predicate 136Table 1: Corpus statisticsIn analysing the performance we will considerwhether the subject boundary markers are cor-rectly placed. Other metrics include an analysisof tag disambiguation, and measures of whetherother constituents are correctly found.All declarative sentences were extracted fromsome of the Perkins manuals. 2% were editedso that they they fell within the restrictions onsubject and pre-subject length. The Alpine pro-cessor cannot handle sentences with pre-subject15 words or more, subject 12 words or more.Punctuation marks count as words.The 351 sentences that made up the Perkinsdata was divided into four parts. The neuralnetworks were trained on three of the parts andtested on the fourth. The performance of theneural networks are given below in Table 2.After these tests the Hodyne network wasthen trained on all the Perkins data, augmentedwith a small amount of other straightforward



Ratio test set = % hypertagstraining set correctly placed0.10 1000.20 1000.23 1000.26 95.5Table 2: Results on Perkins data, after 2% sen-tences had been edited out, leaving 351 sen-tences.Text Number of % hypertagssentences correctly placedDynix 114 92.1Trados 134 85.1Total 248 88.3Table 3: Results of running Trados and Dynixdata on AlpineEnglish sentences. This is the prototype, onwhich users can try their own text. Using thisnetwork, the data from the other technical man-uals was processed. 248 declarative sentenceswere extracted. Results are in Table 3, and anexample of the output is in the Appendix.LimitationsThe limits on the length of pre-subject and sub-ject are fairly wide: in the Trados data about 9out of 134 fell outside these bounds. Other sen-tences that cannot be processed are those within�nitives as subjects - for instance \To err ishuman" - and those with relative clauses as sub-jects - for instance \Whether this is true is de-batable". The Appendix gives other examplesof failed parses.However, overall the results are promising.We suggest that this type of system could beused as a pre-processor to facilitate the parsingof longer sentences by other NLP methods.One of the advantages of this approach toparsing is that it lends itself to the extrac-tion of predicate/argument structure. Afterthe subject has been located the main verbwill be found in the predicate, and then theobject or complement. With the head of thesubject found, we then have the raw materialfrom which we can begin to extract the predi-cate/argument structure.
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AppendixExamples from the Trados corpus processed by ALPINEThe prototype locates both the subject and its head.In Word, f [ you ] g have several possibilities to view non-textual data, such as carriage returns or tabs.f Another important [ category ] of non-textual data g is what is referred to as \hidden text."f The [ Workbench ] g makes massive use of hidden text in order to perform several tasks .After opening a new translation unit with the TWB1 or TWB2 buttons,f the [ Workbench ] g inserts hidden tags into the Word document .f These [ tags ] g delimit the current translation segments, that is, the source segment in the bluesource �eld, and the target segment in the yellow target �eld as follows .Later on, f these delimiting [ tags ] g play a crucial role for recognizing \Source Matches" which willbe described further down .After translating, f the source [ segment ] g is kept in your document as \hidden text", together withall delimiting tags .f The target [ text ] , that is, the translation you enter, g is of course formatted as normal text, withall formattings intact .f A quick [ way ] to toggle between visualizing and hiding nonprinting characters g is again the buttonin WinWord's standard toolbar .Examples on which the system will fail include the following.(i) Test data not well enough modelled by training dataf A 100% match [ means ] that exactly this sentence g was already translated, and the suggestedtranslation can therefore be accepted as is .(ii) Idiomatic usage not recognizedf [ That ] g is, these words make the source sentence longer or shorter than the TM sentence .(iii) Subject or pre-subject too longFor instance, if a di�erent product name is used in the source sentence than in the fuzzy-matchequivalent from TM, both product names will be shown in yellow .


