Figure 5: Merging of sub-net orks 16 Figure 4: artial sub-net orks extracted from grammar rules 15 Figure 3: Pro cessing doubled input ords 14 Figure 2: Pro cessing of the sen tence ’She go es to the ball’ in predetermine con text 13 Figure 1: Pro cessing of the sen tence ’Susi ears dress’ 12 [JW90a] A. N. Jain and A. H. aib el. Incremen tal parsing mo dular recurren connectionist net orks. In D. S. ouretzky editor, dvanc es in Neur al Information Pr essing Systems Morgan Kaufmann, San Mateo, CA, 1990. [JW90b] A. N. Jain and A. H. aib el. Robust connectionist parsing of sp ok en language. In ICASSP-90 1990. [Kem87] C. Kemk e. Mo delling neural net orks means of net orks of �nite au- tomata. In Pr c. IEEE First nn. Int. Conf. on Neur al Networks San Diego, CA, 1987. [Kem91] C. Kemk e Neural net ork mo delling means of net orks of �nite au- tomata. In A. Prieto, editor, rti�cial Neur al Networks pages 48{53. 1991. [KK93] C. Kemk and H. K� one. INCOP An increm en tal connectionist parser. In Pr dings World Congr ess on Neur al Networks olume 3, pages 41{44, 1993. [Kon93] H. Kon e. INK OP Ein inkreme tel ler onnektionistisc he Parser ur nat urlic he Sprac he. Diplom-Arb eit ac erei Informatik, Univ ersi t� at des Saarlandes, 1993. [KS93] C. Kemk and C. Sc homm er. AP A DEUS Parallel parsing of am bi guous sen tence s. In Pr dings World Congr ess on Neur al Networks olum 3, pages 79{82, 1993. [Sc h87] H. Sc hnelle The hall enge of concrete linguistic description: Connection- ism, massiv e ly parallel distributed pro cessing, net-linguistics. ec hnical Rep ort GENET-24, Sprac wi ssensc haftlic hes Institut, Ruhr-Univ ersi t� at Bo um Bo um F.R.G., 1987. [Sc h93] C. Sc hom m er. AP ADEUS Ein inkrem en te ll er onnektionisti sc her Parser mit einer parallelen Disam bi guierungsk om onen te Diplom-Arb eit, ac h- ereic Informatik, Univ ersit� at des Saarlandes, 1993. [WP85] D. L. altz and J.B. ollac k. Massiv ely parallel parsing: strongly in ter activ mo del of natural language in terpretation. Co gnitive Scienc 9(1):51{74, 1985. 11 Conclusions In this pap er suggested ybrid approac to parsing natural language sen tence whic com bine adv an tages of traditional parsing tec hnique and neural net orks. in tro duced parsing metho whic is based on increm en tal construction of the parse tree and, in parallel, of the parsing net ork. In short, presen ted the system AP ADEUS for lexical and syn tactical dis- am bi guation, and the systems INKAS and INK OP whic are able to pro cess restricted kind of ungrammatical input. All three systems are able to construct parse tree increm en tall They are based on net orks of �nite automata and are implem en te in Allegro Common Lisp. References [Bo o87] L. A. Bo okman. microfeature based sc hem for mo delling seman ti cs. In Pr c. of the 10 th IJCAI pages 611{614 Milan, Italy 1987. [Bo o88] L. A. Bo okman. connectionist sc hem for mo delling con text. In D. ouretzky G. Hin ton, and T. Sejno wski, editors, Conne ctionist Mo dels Summer Scho ol Morgan Kaufmann, alo Alto, 1988. [Cot89] G. W. Cottrell. Conne ctionist Appr ach to Wor Sense Disambiguation Morgan Kaufmann, 1989. [F an85] M. an Con text-free parsing in connectionist net orks. ec hnical Re- ort TR 174, Computer Science Departmen The Univ ersit of Ro hester, Ro hester, NY, 1985. [Hen94] J. Henderson. Description based parsing in connectionist net ork. Dis- sertation, Univ ersit of ennsylv ania, 1994. [Jai92] A. N. Jain. Generalization erformance in ARSEC structured con- nectionist parsing arc hitec ture. In R. Lippman J. E. Mo dy S. J. Han- son, editor, dvanc es in Neur al Information Pr essing Systems Morgan Kaufmann, 1992. [JM88] M. F. St. John and J. L. McClelland. Applying con textual constrain ts in sen tence comprehension. In D. ouretzky G. Hin ton, and T. Sejno wski, editors, Conne ctionist Mo dels Summer Scho ol Morgan Kaufmann, alo Alto, 1988. [JW89] A. N. Jain and A. H. aib el. connectionist parser aimed at sp ok en language. ec hnical rep ort, Sc ho ol of Computer Science, Carnegie Mellon Univ ersit Pittsburgh, A, 1989. 10 in the resulting net orks (�g.5 and g)) is on, so the partial sub-net orks are not connected further. The only problem in transforming the grammar rules in to net orks of �nite state mac hines is to determine the eigh t of the connections et een the no des. When ha giv en rule, the eigh t et ee the father no de and the hild no des are determine the um er of items on the righ hand side of the rule. If this is the eigh et e en hil no de and the father no de is giv en =n This is quite simple but it orks. Note that sev eral partial deriv ation trees migh existing at the same time. They yp othesize the ultimate parsing tree. The yp othesized partial deriv ation trees are main tained un til the input of the sen tence determi nes whic net ork is represen ting the actual deriv ation tree. According to the grammar this is deter- ministic pro cess. uture ork The AP A DEUS, INKAS, and INK OP systems ere dev elop ed in order to pro vide natural language pro cessing in com bination with sp eec understanding system. Therefore, ha to tak care of some phenomena ccuring in sp ok en natural language dialogues, for example extra ords, doubled ords, and ords whic are not kno wn in the lexicon. The last item is ery imp ortan to sp eec pro cessing systems since ha to cop with distorted input, names, etc. Th us, ould lik to enric our systems with the abilit to pro cess unkno wn ords. It should ossible for AP ADEUS and INK O to yp othesize the syn tactic category of the giv en unkno wn ord and to pro ceed with parsing. Also the systems should in the future connected to real sp eec understanding system in order to do sp eec pro cessing from the signal lev el to the lev e of seman tic represen tation of the input sen tence. ossible application are question answ ering systems of all kinds. One problem for the AP A DEUS system is the construction of the microfeature descriptions of ords in the seman t ic space. These descriptions are up to no implem en te the designer of the system whic is an wful ork to do and the results are not based on exp erim en ts or statistics etc. The designer has to set up all mic rofeatures and the eigh ted connections to the ords on the ord lev el But the AP A DEUS system is able to learn seman ti relations et ee ords. impl em e ted Hebbian learning of seman ti relations, where the connections et e en giv en ord and its seman ti represen tion microfeatures, et een ords and ord senses, et een ord senses and ord senses, et ee ord senses and con texts, and et een con texts and con texts are increased, if they happ en to activ ated at the same time Th us, can incremen tally build up the seman tic space pro viding the system with useful test sen tences. This feature is already implem en te but not et tested. giv en (man). The �rst ord is connected with the succeeding ord to form new partial deriv ation tree while the second partial deriv ation tree is inhibited ecause of the double app earance of the NP the second one of whic could not connected further. If one no de cannot connected further in building parse tree, it will inhibited. Th us, an app earance of termi nal or non-terminal is sub ject to inhibition, if it cannot in tegrated in to the parsing net ork in order to build up correct parse tree. This inhibition et ee no des happ ens whenev er the app earance of the no des are not according to the grammar. Th us, this pro cess also orks for doubled nouns etc. But note that, for example, lists of adjectiv e are pro cessed correctly as they are allo ed the grammar rules. Automatic Construction of arsing Net orks INK OP is able to transfer giv en CF in to parsing net ork. Therefore, the grammatical rules giv en in the CF are transformed in to partial neural net orks. The neurons in this net ork are �nite state mac hines whic all ha the same pa- rameters (threshold, resting state etc.). The state set is the in terv al et een the minim al alue of the neural activit and the threshold; the resting state lies within this in terv al. The actual input is added to the curren state, if the neuron is in u- enced ositiv ely or negativ el If the input is zero, the neuron attempts to reac the resting state. The pro cess of transforming the grammar rules in to partial subnet orks is the same as describ ed ab e. The left hand side of the rule ecomes the father no de of the partial sub-net ork, the item of the righ hand side are represen te the hildre in the sub-net ork. Whenev e rule is addressed lexical item ccuring in the input sen tence, partial sub-net ork is activ ated. In addition to activ ating sub-net ork, sev eral sub-net orks migh merged in to greater sub-net ork represen ting the actual deriv ation tree. The pro cesses of activ ating sub-net orks and merging of sub-net orks can seen in �g.4 and 5. The input in this case are determiner and noun, for example ’Der Mann’ (The man). These input ords cause activ ation of the sub-net orks sho wn in �g.4. All rules or sub-net orks matc hing on the righ hand side with one of the categories of the input ords are activ ated; distinguish three di�eren kinds of activ ation states: on means an activ ation alue et e en 0.9 and 1.0, activ is state et ee 0.5 and 0.9, and o� are all neurons with an activ ation under 0.5. In the next phase the sub-net orks are merged, if ossible. The result of the merging pro cess for the sub-net orks of �g.4 is sho wn in �g.5. In �g.5 e) ou can see that the sub-net ork with NP2 and NP is fully activ ated. This causes further rule to activ ated, namely the rule NP VP whic again is merged with the partial Deriv ation tree sho wn in �g.5 e). The result, an activ ation of the sen tence neuron, is sho wn in �g.5 h). The other partial sub-net orks con taining an adjectiv (see �g.4 c)) and realtiv clause (see �g.4 d)) are merged but not ev ery neuron measurem en t. The distance et e en the actual microfeature ector represen ti ng the seman ti cs of the sen tence and the stored microfeature ectors represen ting the di�er- en ord senses is measured. The ec tor, whic is closest to the actual microfeature ector, is hosen to represen the meaning of the am bi guous ord in question. This sym olic computational pro cess is used ery seldomly The describ ed disam bi guation pro cesses alw ys come up with solution, th us, the system nev er pro vides in terpretations for one ord. Ho ev e r, sometim es it migh etter to lea the �nal decision to some other comp onen ts or systems, or to the user. It also migh ossible that the ord meaning is restricted the preceding sen tence, the pro cessing of whic also determines the actual con text in the con text la er. When, for example, the sen tence ’Susi go es to the ball’ is giv en, the ord ’ball’ is am biguous (dance ev e or sp orts item). If the preceeding sen tence as ’Susi ears dress’, the con text in ok ed this sen tence (HUMAN AMIL SOCIETY) determines the ord ’ball’ to mean dance ev en t. The syn tactic analysis of the sen tence is sho wn in �g.1 and 2. The giv en con text is esp ecially useful for syn tactical disam bi guation. If ou consider the sen tence ’Susi sees eter with the telescop e’, the parsing tree ecomes am bi guous when the phrase ’with the telescop e’ is read. But the con text determined the ord ’telescop e’ (SEE PER CEIVE CT) determine the phrase ’with the telescop e’ to elong to the see-ev en and not to eter, also ecause the ord sense of telescop is ’device-for-seeing’ and there is strong relation et ee ’see’ and ’telescop e’. Another case is the sen tence ’Susi sees eter with the ball’. Then, the ord ’ball’ turns out to sp orts item, and the prep ositional phrase ’with the ball’ is attac hed to eter ecause the phrase ’with the ball’ cannot attac hed to the see-ev en ecause there is no seman tic relation et e en ’see’ and ’ball’ in the con text of the prep osition ’with’. But there is seman tic relation et ee ’p erson’ and ’ball’ where ’ball’ is mean to sp orts kit. Th us, the phrase ’with the ball’ is attac hed to eter. Pro cessing of Ungramm atic al Sen tence The systems INKAS and INK OP are able to pro cess restricted kind of ungram- matical input, i.e. sen tences with doubled ords. This phenomenon often happ ens in sp on taneous dialogues. Pro cessing doubled input ords is ery easy in these neural net ork parsers. When ord is giv en wice, for example in the sen tence ’Der der Mann geh t’ (The the man go es) (see �g.3), the �rst app earance of the ord ’The’ is matc hed against lexical rule to determine the category (determiner). Then, further structure is yp othesized, namely noun phrase. Then the second app earance of ’the’ happ ens and the same pro cess tak es place. No w, the succeeding ord of the sen tence is The output has een translated in to english. the grammar rules (ab out 25). The connections et een the items in these distinguished kno wledge sources are also stored in di�eren �les within the kno wledge base. There are the eigh ted connections et e en ords and microfeatures, et e en microfeatures and ord senses, et e en ord senses and ord senses, et e en ord senses and con texts, and et e en con texts and con texts. Also stored are three-place connections et e en ord senses, prep ositions, and microfeatures. They are used for structural disam bi guation, for example in the sen tence ’Susi sieh eter mit dem elesk op’ (Susi sees eter with the telescop e) whic has sev eral deriv ation trees dep ending on the binding of the prep ositional phrase. All items and connections et een them ha een set up the designers of the AP A DEUS system. They are not relying on an statistical, exp erime tal, or theoretical basis, except some ork on extracting kno wledge bases from lexica. ords, ord senses, microfeatures, and con texts are regarded in the AP ADEUS system as neurons. The pro cess in olv e in disam biguation is kind of spreading activ ation where the activ ation function is sigmoidal function ((1 exp (1 exp ))), and winner-tak e-all net ork is used for disam biguation on the ord lev el In order to do ord sense disam biguation, AP ADEUS �rst �nds all ossible meanings of ord whic are con tained in the lexical la e of the system. Then it uses the microfeature represen tation of the di�eren ord meanings for disam bigua- tion. Microfeatures are, for example adjectiv es lik strong eak, silen loud, large small, and colors (red green blue white blac k), and nouns denoting primiti concepts lik time concepts (second min ute hour da eek mon th ear) sp ecies lik bird, �sh, mamm al, o er, plan t, or materials. Eac ord sense is describ ed sev eral microfeatures, whic on the other hand in uence the ord sense ositiv el or negativ el (excitatory or inhibitory connections). ord sense is not only describ ed its wn set of microfeatures but also the mic rofeatures represen ting the ords in its con text. Therefore, the di�eren ord meanings are comp eting in winner-tak e-all net ork; the ord meaning whic is most ositiv ely in uenced the microfeatures and con texts wins the comp etition. Th us, the in te r- pretation of ord is determine its wn seman ti cs, the meaning of the ords in its surroundings, and the con text no des. If this seman tic matc hing do esn’t come up with single solution, i.e. the di�er- en ord senses couldn’t disam bi guated, another pro cess tak es place: distance already parsed noun phrase, extend the net ork with the sen tence or start no de whic is the father no de of the NP and VP no de. The resulting subnet ork is directed graph where the no des corresp ond to formal neurons and the arcs represen (w eigh te d) connections whic determi ne the o of activit within the net ork. After parsing this, the net ork yp othesizes sen tence structure and exp ects erb phrase. If erb phrase is parsed next, activ ation is passed along the connection et een the hil and the father no de, and the sen tence no de is activ ated. Also, the sub-net orks represen ti ng the partial parsing trees are merged, i.e. the sub-net ork of the VP is connected to the sub-net ork of the NP the rule NP VP Th us, the parsing is truly increme tal, constructs partial parsing trees as far as the input is pro cessed, and yp othesizes exp ected structures. If an to ha free ord order, there is no problem ecause the net ork do esn’t distinguish the sequence inheren in the grammatic al rule. But if need the sequen tial information to o, ha to do something extra. When rule is matc hed whic has more then one item on the righ hand side, need an additional link whic prev e ts the father no de to ecome activ if the hil no des are not coming in the correct order. called this link ’precondition link’ and it is kno wn from pro cessing ordered sequences in neural net orks. Disam biguation in Neural Net ork arsing The AP A DEUS system as dev el op ed in order to pro vide lexical and syn tactical disam bi guation of am biguous ords and sen tences. It determi nes the most plausi- ble ord meaning and parse tree based on seman ti and con text kno wledge. This kno wledge is pro vided sev eral distinguished kno wledge sources, in particular the description of ord meanings microfeatures in the seman ti space and the repre- sen tation of con texts as primitiv no des in the con text space. AP ADEUS pro vides �v kno wledge sources con taining ab out 50 ords, some of whic are am bi guous lik ’ball’, but also determi ners, adjectiv e s, erbs, and other nouns, whic are not am bi guous, 31 ord senses represen ti ng in particular the di�eren ord senses for the am bi guous ords in the lexicon, lik ’dance ev eni ng’ and ’sp orts kit’ for the ord ’ball’, or the senses ’dismissal’ and ’mo em e t’ for the ord ’go’, 11 con texts, for example the con texts LEISURE FUN or HUMAN AMIL SOCIETY, 102 microfeatures describing the ords and ord senses, for example ’h um an’, ’animal’, ’plan t’ ’big’, ’small’, ’animate’, ’inanimate’ and AP ADEUS disam bi guates German sen tences, th us the ords etc. within the kno wledge base are German ords, although describ the items in this pap er in English. parser in neural net orks without gaining an adv an tages out of the parallel reim plemen tation. On the other hand, found approac hes that are more closely related to neural net orks, for example ork of Jain and aib el Jai92 JW90b JW90a JW89 ], altz and ollac WP85 ], and also Cottrell Cot89 ], Bo okman Bo o87 ], Bo o88 ], and St. John and McClelland JM88 ]. The ork of Jain and aib el is based on recurren neural net orks whic are divided in to sev eral lev el of represen tation, i.e. ord lev el, where ords are describ ed features, the syn tax lev el whic represen ts syn tactical units, and the structure lev el represen ti ng seman ti cal relations et een the phrases. Also the net orks dev el op ed altz and ollac are divided in to sev eral la ers of represen tation, i.e. the syn tax la e r, the lexical la er, and the con text la er. The dev el opme of AP A DEUS, whic do es lexical and syn tactical disam bigua- tion, is mostly in uenced the ork of altz and ollac k; INKAS and INK OP are closely related to the approac of Jain and aib el. Although the results ac hiev ed the connectionist parsers dev el op ed are similar to the ork already done, the pro cessing and the imple m en tation are bit di�eren from kno wn approac hes. The basis for the three parsing systems are net orks of �nite automata ([ Kem87 ], Kem91 ]), whic are suitable and ell-de�ned structures for represen ti ng neural net orks. The parsing in these systems pro ceeds incremen tally the net ork is built up according to the construction of the parse tree. Th us, don’t ha problems with ariable binding nor with represen ting recursiv structures. The parsing just follo ws the grammar rules lik traditional parser, but in our systems (except for INK OP A see elo w) the grammar rules are represen ted partial sub-net orks. or eac grammar rule there is corresp onding sub-net ork where the father no de represen ts the left hand side of the rule and the hil no des represen the righ hand side of the rule. In the follo wing will also sp eak of rules, when these subnet orks are mean t. The construction of the net ork pro ceeds as follo ws: The input sen tence is read ord ord. When new ord is read, the lexical rules are tested in order to see to whic lexical item the ord elongs. In this cop with morphologically di�eren app earances of one ord. Next, the input ord is matc he against the grammatical rule base in order to �nd out to whic grammatical category the ord elongs. If the category is determine d, the net ork pro ceeds with the parsing pro cess. Iterativ e ly the grammatic al rules are matc he to the et determi ned non-terminals. If rule matc hes, the net ork is extended with the corresp onding sub-net ork represen ting the grammati cal rule where the father no de of the rule is represen ted the successor no de and the hild no des are represen ted the preceding no des of the resulting net ork. If ha e for example, the rule NP VP and ha or more details on AP ADEUS, INKAS, and INK OP see Sc h93 ], KS93 ], Kon93 ], and KK93 ]. usual in sp on taneous natural language dialogues. There are, for example, additional ords whic don’t app ear in the grammar, suc as ’hm’ or ’o ops’. Also there migh some ords doubled as in ’The hm the man en to the mark et’ Another problem is the am biguit on the ord and the sen tence lev el s, referred to as lexical and syn tactical am biguit Examples are the ord ’bank’ and the sen tence ’Mary sa eter with the telescop e’ where the phrase ’with the telescop e’ can elong to the seeing of Mary or to eter, who ma ossess the telescop e. These problems can only solv ed with large amoun ts of orld kno wledge, whic are not easy to handle and to incorp orate in to the parsing pro cess. Th us, traditional parsers �rst need to build up all ossible meanings and structures, and then, in second pass, ha to decide on the most plausible one, regarding the kno wledge base and other seman ti restrictions. arsing Neural Net orks attempted to bring together the adv an tages of traditional parsers and neural net orks, but to oid the ab men tioned problems. Th us, �rst hose con text-free grammars (CF Gs) to the cen tral structure of our parsing net orks. CF Gs are ell in estigated in CL and although some eople prefer con text-sensiti grammars in order to build their parsers ecause some theories and phenomena are more easy to handle using con text-sensitiv structures, CF Gs are ell suited for usual parsing tasks whic don’t incorp orate to complicated in ter- and in trasen te ti al relations. Next, had to decide on parsing theory ell -suited to the kind of pro cessing erformed neural net orks. hose kind of hart-parser whic has also een used altz and ollac in their famous ork on ord sense disam bi guation. hart-parser builds up hart whic is kind of directed graph or tree where eac leaf is lexical item and the no des within the tree represen non-terminals of the grammar. The parse-tree is built up incremen tally suc that the sen tence is pro- cessed from the left to the righ t. The in terim structures are sho wn in the hart to the upp er no des. The parsing pro cess is �nished when the sen tence sym ol is deriv e or when the input sen tence is �nished. Then the hart displa ys the complete sen tence structure if it as grammaticall correct input sen tence. One of the ad- an tages of this parsing metho is that the input sen tence is pro cessed incremen tally and th us get information ab out the structures that ha een pro cessed so far. Also the pro cessing of an input pro ceeds un til an error (ungrammatical structure etc.) ccurs, and the result ac hiev e up to that oin is ept in the hart. In addition to deciding on traditional parser lo ok ed at the ork on neural net ork parsers. On the one hand, found approac hes whic ere hea vily based on traditional parsing tec hniq ues suc as Sc h87 and an85 ]. They used the same structures as the equiv alen traditional parser and th us merel reimple m en ted sym ol-orien ted Next, giv surv ey of the tec hnique used in our approac h. Imp ortan is that the parse tree and th us the parsing neural net ork is built up dynamically according to the rules of the giv en grammar. In the follo wing sections describ sp ecial features of the AP ADEUS system, INKAS and INK OP A. The AP A DEUS system is able to parse giv en input sen- tence and to disam biguate lexical and syn tactical am biguiti es. INKAS parses giv en sen tence incremen tally and constructs, in addition to the parse tree, case-based seman ti represen tation of the input. INK OP is further dev el opm en of INKAS whic is able to construct the parsing net ork out of giv en con text-free grammar. All three systems are based on neural net orks implem e ted as net orks of �nite automata. he ain Problems 2.1 Problem with onnectionist et orks The main problems in building connectionist parsers are the represen tation of re- cursiv structures, the correct pro cessing of sequences, and the represen tation of ariables. The kno wn tec hnique of pro cessing recursiv structures in connectionist net- orks are usually ery time and space-consuming. Unlim ited recursion requires large matrices in order to represen the resulting structures. Alternativ ely one migh ho ose to represen only certain degree of recursion. Also the represen tation of sequences, in estigated particularly in the ork on signal pro cessing, for example in sp eec recognition, is problem for connectionist net orks. In particular, the inputs to one single unit are not pro cessed in serial manner; they are pro cessed in parallel whic leads to di�culties when units represen lexical items and grammar rules. Recurren net orks and other tec hniques ha een dev elop ed to handle sequen tial input, but unfortunately recurren net orks are di�cult to train and to analyze. Another problem with parsing using neural net orks is the represen tation and handling of ariables. There are solutions to this problem but most of them dep end on space-consuming represen tations of ariables and their ossible bindings in large matrices. 2.2 Problem with raditional arsers On the other hand are sev e ral sev ere problems with traditional sym oli parsers. They usually lac the abilit to pro cess ungrammatical sen tences, whic are quite In the last few ears, researc hers ha started using sync hronized oscillations of units to rep- resen ariabl bindings. This tec hnique is used for example in the Structure Uni�cation arser dev elop ed James Henderson Hen94 ]. arsi ral lic i ac hristel I, er ele -11 I, 12 aar uc en, e- ai l: ics i. er el .e 21 bstract In is er est inin ic an ic ac es in er ast arsers ase te t- ree ra ars. ase arsers in rti cia In te ence an tati na in is- tics an tec ni es, er certain ina iti es, cess sen tences ra atica str ct res. nnecti nist arsers, er an it re resen tin rec rsi str ct res, cessin se ences, an an in aria es. an ta ein t-t eran an re resen tin tactic an se an tic in istri te anner. ana ze istin nnecti nist arsers an ree eren ste an in er tac escri ic an nnecti nist ac es. ain aracteristic ree ste is na ic enerati arse tree an arsin net is tec ni as sin arsin tec ni es in an es ecia art- arsin se te t- ree ra ars its rce in ese s. tro uction In the follo wing, �rst describ the problems of connectionist parsers and of tra- ditional sym olic parsers and cite the relev an literature.