P erformance of Structural Generalization in Connectionist Japanese Complex Sen tence P arser Minoru MOTOKI Kyushu Sangyo Universit y 2-3-1 Matsuk adai, Higashi-ku, F ukuok a-shi, 813-8503 Japan motoki@te.kyusan-u.ac.jp Y oshio SHIMAZU Kyushu Sangyo Universit y 2-3-1 Matsuk adai, Higashi-ku, F ukuok a-shi, 813-8503 Japan shimazu@te.kyusan-u.ac.jp Abstract W e prop ose the connectionist Japanese complex sen- tence parser JSP A C. JSP A C is comp osed of three mo dules, the simple sen tence parser, the segmenter and the stack. The segmenter and the stack segment a complex sentence into simple sentences. The sim- ple sentence parser generates a case structure from the segmen ted simple sentence. After training JS- P A C with the learning data which we generated, we ev aluate the JSP A C correctness, esp ecially the abil- ity of the structural generalization for unrestricted recursive structures. 1 In tro duction SPEC prop osed by Miikkulainen,R. (Miikkulainen, 1996) is a subsymbolic parsing mo del which has abil- ity of structural generalization for embedded struc- tures. The basic idea of SPEC is to separate the tasks of segmen ting an input word sequence into clauses, forming the case-role representations, and keeping track of the recursive embeddings into the other mo dules. Each mo dule is trained with only the most basic relative clause constructs, and the com- bined system is able to generalize to nov el sentences with remark ably complex structure. It is imp ortan t that SPEC is not a neural netw ork reimplementation of a symbol pro cesser. Jain,A.N. prop osed the mo dular netw ork P AR- SEC (Jain, 1992) which pro cessed sp oken English. P ARSEC is a connectionist mo del and assigns case- roles to English sentences. P ARSEC can deal with not only em b edded sentences but also passiv e and conditional constructions. Moreov er, P ARSEC has robustness against noise. It is interesting that P AR- SEC was installed in the JANUS system which is a translator, and was shown to b e able to pro cess the multi-modal informations such as intonations of dialogues. Ho w ev er, their mo dels are the systems for En- glish language that has the prop erty of �xed word orders. No system is prop osed for Japanese lan- guage which has the prop erty that word orders are able to b e changed freely , and that is a SOV type language in which verbs lo cate at the last of sen- tences. F or German language, a connectionist ap- proach was presented as a language acquiring mo del by W estermann,G. et al (W estermann and Miikku- lainen, 1994). It is the mo del for simple sentences. In this pap er, we prop ose JSP A C(Japanese Sub- symbolic P Arser for Complex sentence) shown in Figure 1. The JSP A C architecture b ecame similar to SPEC even tually . W e exp erimented the learning and the execution of Japanese sentence parsing by JSP A C, and we ev aluated its ability of structural generalization. 2 T ask and Basic Principles The task of JSP A C is to p erform the case struc- ture analysis of each clause in a complex sentence. In this pap er, we adopted eight case-roles such as AGENT, OBJECT, GOAL, LOCA TION, INSTRU- MENT for nouns, and ACTION, ACTION(P AST), ACTION(PR OGRESSIVE) for verbs. The prop osed mo del has the ability of structural generalization. It can parse more than tw o lev- els em b edded sen tences by b eing trained with only one lev el embedded sentences. F or example, b eing trained with only !V Dm$G M7 $s$G $$ $k;R 6! $K 8$ $, KJ$( $k !# !W and !V ;R6! $K KJ $( $k8$$r:J $, <8$C$? !# !W , the mo del can parse !V Dm $GM7 $s$G$$$k;R6! $KKJ $($k8$ $r :J $, <8$C$? !# !W . Although the JSP A C architecture is similar to the SPEC architecture, the executions are di�eren t from each other. Japanese language is di�erent from En- glish language as follows. (a1) As the triggers for moving into em b edded clauses, English language has the relative pro- noun ‘who’, while Japanese language has no rel- ative pronoun. The follo wing sentences ha v e the same meaning. � The wife scolded the dog which was barking at the child. � ;R 6! $K KJ $( $F $$ $k 8$ $r :J $, <8$C$? !# ( in Jap anese ) (a2) Japanese language has the prop ert y that word orders are able to b e c hanged freely . F or exam-

Figure 1: JSP A C Architecture ple, the following sentence has the same mean- ing to the ab ov e sentence . � :J $, ;R6!$KKJ$($F$$$k8$$r<8$C$? !# (a3) V erbs lo cate at the last of sentences in Japanese language. Therefore, we resolved these problems with follow- ing metho ds in JSP A C. These (b1) !A (b3) corresp ond resp ectively to (a1) !A (a3). (b1) Use verbs as the triggers for moving into em- b edded clauses. (b2) Make the input into the simple sentence parser the pair of a noun and a case-particle, b ecause in Japanese language, the word order is not e�ective and the function of case-particles (or p ostp ositions) is most e�ective for the case- role assignment. W e call this metho d P aring- Input . (b3) The simple sentence parser is an Elman type netw ork. The inputs in to the simple sentence parser is in rev erse order of clauses in case of Japanese language. Namely , the verb is given �rst into the simple sen tence parser also in Japanese language. 3 Net w ork Arc hitecture JSP A C consists of three main mo dules, the simple sentence parser, the segmenter, and the stac k. On executing, the mo dules form a netw ork of netw orks, and eac h of them feeds its output to the input of another mo dule. JSP A C detects verbs to recognize the existence of a clause and see the �rst indep endent word follo wing the verb for judging whether that clause is center-em b edded or not. JSP A C uses the distributed representations for words. The word representation is 12 dimension vec- tor whose elemen ts are [0.0, 1.0]. W e call this vector Concept-V ector . In this pap er, they are deter- mined randomly and �xed. 3.1 Simple Sentence P arser One of the main mo dules of JSP A C is the simple sentence parser (shown in Figure 2). Its task is the assignment of the case-roles to the indep endent words of input simple sentences. Eigh t case-roles are adopted. They are describ ed in section 2. F or dealing with the broad range of sentence length, the netw ork is constructed by an Elman t yp e neural netw ork. The input lay er has 24 neural units (12 units � 2 slots) for tw o concept-vectors which corresp ond to tw o words of an input phrase. This ‘phrase’ means a pair of one indep endent word (IND) and one dep endent w ord (DEP) . The output la y er has 96 units (12 units � 8 slots). If the netw ork has successfully learned the task, each concept-vector of the input indep endent words �lls the correct case slot in the output lay er. In Japanese language, the verb phrase that go v- erns the meaning of a sentence is lo cated in the last part of the simple sentence. Naturally , verbs should b e given to the simple sen tence parser at an early stage. Therefore, we adopt the reverse input metho d, in which the simple sen tence parser is given constituent phrases in the reverse word order. W e also adopt the training strategy called Keeping-Slot Learning (T able 1). If the input sentence has three indep endent words, the learning pro cess tak es three back-propagation steps, and at each step the target of the preceding words are k ept while the learning pro cess of a sen tence contin ues.

T able 1: Keeping-Slot Learning step IND DEP AGT OBJ GOL LOC INS ACT ACT(P) ACT(PR OG) 1 M7 $s $G $$$k NULL NULL NULL NULL NULL NULL NULL M7$V 2 Dm $G NULL NULL NULL Dm NULL NULL NULL M7$V 3 ;R6! $, ;R6! NULL NULL Dm NULL NULL NULL M7$V Figure 2: Simple Sentence Parser 3.2 Stac k The stack is constructed by a RAAM(Recursiv e Auto Asso ciativ e Memory) netw ork. The stac k acts as a stack, a kind of computer data structures. Basi- cally , a sequence of words constructing a input com- plex sentence are pushed in to the stack. The tasks of the stack in JSP A C are as follows: (1) Give the segmenter the activ atied pattern of the stack hidden lay er, so that the segmenter can consider all of the preceding words of an input complex sentence. (2) Realize the reverse order input of phrases con- strcuting a simple sentence b y p opping from the stack, when the simple sentence parser is giv en input vectors. 3.3 Segmen ter The segmenter is constructed by an auto-asso ciative netw ork and a Jordan netw ork which can learn time series. The segmenter w orks as a gov ernor of all mo dules. The concept-vector of the next input word and the activ ated pattern of the stack hidden lay er are given to the input lay er of the segmenter. The output lay er of the segmenter includes the units, the Figure 3: Stack num ber of which is equals the num b er of the input lay er units, and 6 units for the control signals. This ‘control signals’ means the signals that control the information transfers among the mo dules. The segmenter is trained so that on its output lay er, it can give the same activ ation pattern as the input, and the control signals generated in order to make the whole netw ork of netw orks execute its task in an appropriate time sequence. The main tasks of the segmenter are to detect verbs from the input word sequence and to generate the control signals for segmenting a complex sentence into simple sentences (or clauses). 3.4 Control The segmen ter generates the control signals to gov- ern the whole net w ork of netw orks. These contorl signals consist of excitatory signals and inhibita- tory signals. The excitatory con trol signals op en the gates when the v alues of those signals are 1. On the other hand, the inhibitatory control signals op en the gates when the v alues of those signals are 0. In Fig- ure 1, the gate controled by the excitatory control signal is shown with a simbol ‘ !{ ’, while the gate controled by the inhibitatory control signal is shown with a simbol ‘ !_ ’. There are tw o inhibitatory con- trol signals, unit 1 and unit 6. As an example, we show in T able 2, the controls signals generated when

Figure 4: Segmenter T able 2: Control Signals Input words Control signals 1 2 3 4 5 6 Dm 0 0 0 0 0 0 $G 0 0 0 0 0 0 M7 $s 0 0 0 0 0 0 $G$$ $k 0 0 0 0 0 0 ;R6! 1 0 1 0 0 1 ;R6! 1 0 0 1 0 1 ;R6! 1 0 1 0 0 1 ;R6! 1 0 0 1 0 1 ;R6! 0 1 0 0 1 0 Output of a case structure $K 0 0 0 0 0 0 8$ 0 0 0 0 0 0 $, 0 0 0 0 0 0 KJ$($k 0 0 0 0 0 0 !# 1 0 0 1 0 1 !# 1 0 1 0 0 1 !# 1 0 0 1 0 1 !# 1 0 1 0 0 1 !# 1 0 0 1 1 1 Output of a case structure JSP A C are pro cessing a Japanese complex sentence !V Dm $G M7 $s$G$$ $k;R6! $K 8$ $, KJ$($k !# !W . 3.5 Execution Pro cess In this section, we explain the execution pro cess of JSP A C. W e now consider the case where the follow- ing Japanese complex sen tence is given. � Dm$GM7 $s$G $$$k;R6!$K8$ $, KJ$($k !# The task of JSP A C is to assign the following cases resp ectiv ely to the sub ordinate clause and the prin- cipal clause. !& Dm $G ;R6! $, M7 $s $G $$ $k LOC AGT ACT(PR OG) !& ;R6! $K 8$ $, KJ $( $k OBJ AGT ACT W e now explain Figure 5 step by step. (1) ‘ Dm ’ is given to the segmneter. And ‘ Dm ’ are pushed from the segmenter output lay er into the stack input lay er (Figure 5-(1)). The following words are similarly pushed into the stack . (2) The segmenter detect the verb ‘ M7 $s ’. And ‘ M7 $V ’ is pushed from the segmenter output lay er into the stack (Figure 5-(2)). (3) Since the next w ord of the v erb ‘ M7$s ’ is the auxiliary verb ‘ $G$$$k ’, ‘ $F $$$k ’ are pushed into the stack. Then, ‘ $F$$ $k ’ are p opp ed from the stack and transmitted to the input slot for a dep enden t w ord in the simple sentence parser (Figure 5-(3)). (4) When the mo di�ed word ‘ ;R6! ’ is given to the segmenter, JSP A C m ust stop b eing given the following words. Then, the auxiliay verb ‘ $F$$ $k ’ is p opp ed from the stack and transmitted to the input slot for a dep endent word in the simple sentence parser. And then, the v erb ‘ M7 $V ’ is p opp ed from the stack and transmitted to the input slot for an indep enden t word in the simple sentence parser. Afterwards, the simple sentence parser throw the verb ‘ M7$V ’ into the case slot ACT(PR OG)(Figure 5-(4)). (5) Next, ‘ $G ’ stored in the stack is p opp ed and transmitted to the input slot for a dep endent word in the simple sentence parser. Then, ‘ Dm ’ stored in the stack is p opp ed and transmitted to the input slot for an indep enden t word in the simple sentence parser. ‘ Dm ’ is thro wn into the case slot LOC. Then, ‘ ;R6! ’ is transmitted from the segmen ter output into the input slot for an indep endent word in the simple sentence parser. At the same time, ‘ ;R 6! ’ in the seg- menter output is pushed into the stack. ‘ ;R 6! ’ is thrown into the case slot AGT. And then, the case structure expression of the sub ordinate clause is pick ed up from the output lay er (Fig- ure 5-(5)). The context lay er of the simple sen- tence parser is cleared. Afterw ards, the analysis of the principal clause b egins. (6) ‘ $K ’ is given to the segmen ter and is pushed from the segmenter output into the stack (Figure 5- (6)).

Figure 5: Execution Pro cess

T able 3: W ords Used in the Exp eriment Noun(12) :J (wife) ;R6! (child) 8$ (dog) G- (cat) @c (snow) 1+ (rain) @c3dAp (hep etica) LZ (tree) J= (fence) Dm (garden) 2VCE ( ow er b ed) 8$>.20 (kennel) V erb(8) EP$k (climb) F~$k (enter) Av$k (run) M7$V (play) 9_$k (fall) ?"$($k (plant) KJ $( $k (bark) <8$k (scold) Post P osition(4) $, ( ga ) $r ( wo ) $G ( de ) $K ( ni ) Auxiliary V erb(2) $? ( ta ) $F $$$k ( teiru ) Other(2) !# (.) NULL (7) The following words ‘ 8$ ’, ‘ $, ’, ‘ KJ$($k ’ are sim- ilarly pushed into the stack. Next, the p erio d ‘ !# ’ is given to the segmenter (Figure 5-(7)). (8) When the segmenter detects the p erio d ‘ !# ’, ‘ KJ $($k ’ is p opp ed from the stack and transmitted to the simple sentence parser. ‘ KJ $($k ’ is thrown into the case slot ACT (Figure 5-(8)). (9) Next, ‘ $, ’ and ‘ 8$ ’ are p opp ed from the stac k, transmitted to the simple sentence parser, and ‘ 8$ ’ is thrown into the case slot AGT. Then, ‘ $K ’ and ‘ ;R6! ’ are p opp ed from the stack, transmit- ted to the simple sentence parser, and ‘ ;R 6! ’ is thrown in to the case slot OBJ. Finally , the case structure expression of the principal clause is pick ed up from the output lay er, (Figure 5- (9)), and the context lay er of the simple sen- tence parser are cleared). 4 Exp erimen t 4.1 Data Twen t y six (26) words used in the computational exp eriment are shown in T able 3. W e generated 952 complex sentences using these words as describ ed b elow (see Figure 6). First, we generated the simple sentences which are semantically prop er, or satisty the selectional restriction of the v erbs as shown in T able 4, and constructed a small world of Japanese language b y describing v arious situations which are made by use of the words, ‘ 1+ ’, ‘ @c ’, ‘ 8$ ’, ‘ G- ’, ‘ :J ’ and ‘ ;R 6! ’ in someone’s garden. W e used these simple sen tences as clause data. Next, we generated the complex sentences to use these clause data automatically with computer pro- grams according to the following pro cedure. (1) Prepare a set of simple sentence templates T0 by c hanging the order of phrases in the sen- tences of these clause data (T able 4). T able 4: Clause Data No. Sentence templates Case-roles 1 ;R6! $, J= $K EP$k AGT GOL ACT 2 ;R6! $, LZ $K EP$k AGT GOL ACT 3 G- $, J= $K EP$k AGT GOL ACT 4 G- $, LZ $K EP$k AGT GOL ACT 5 8$ $, 8$>.20 $K F~$k AGT GOL ACT 6 G- $, 8$>.20 $K F~$k AGT GOL ACT 7 ;R6! $, Dm $r Av$k AGT LOC ACT 8 8$ $, Dm $r Av$k AGT LOC ACT 9 G- $, Dm $r Av$k AGT LOC ACT 10 ;R6! $, Dm $G M7$V AGT LOC ACT 11 ;R6! $, @c $G M7$V AGT INS ACT 12 @c $, Dm $K 9_$k AGT GOL ACT 13 1+ $, Dm $K 9_$k AGT GOL ACT 14 @c $, LZ $K 9_$k AGT GOL ACT 15 @c $, 8$>.20 $K 9_$k AGT GOL ACT 16 :J $, @c 3d Ap $r 2V CE $K ?" $($k AGT OBJ GOL ACT 17 ;R6! $, @c3dAp $r 2VCE $K ?" $($k AGT OBJ GOL ACT 18 8$ $, ;R6! $K KJ$($k AGT OBJ ACT 19 8$ $, G- $K KJ$($k AGT OBJ ACT 20 :J $, ;R6! $r <8$k AGT OBJ ACT 21 :J $, 8$ $r <8$k AGT OBJ ACT (2) Obtain a set of one level embedded sentence templates T1, by embedding the clause data into the sentences of T0 if a common noun is found in b oth the clause data and the sen tences of T0. (3) Obtain a set of tw o levels embedded sentence templates T2, by embedding the clause data into the sentence of T1 if a common noun is found in b oth the clause data and the sen tences of T1. (4) Remov e the sentences in which the mo di�ed words act AGT roles in b oth the principal clause and the sub ordinate clause in T1 and T2. (5) Remov e the sen tences which con tain more than tw o same nouns in T1 and T2. Finally , we added auxiliary verbs to the sentence templates in T1 and T2, and selected natural com- plex sentences according to the language sense of Japanese native sp eakers. As a result, we obtained 952 sen tences. Those were 50 simple sentences, 503 one level embedded sentences and 399 tw o levels embedded sen tences. In this exp eriment, we generated only sentences, the tense of whose principal clause is present, and did not generate sentences, the tense of whose principal clause is past or progressive. Now, we show the sen- tence patterns of the generated sentences in T able 5.

T able 5: Patterns of Generated Sentences No. T otal Sentence Pattern 1 38 N PP N PP V !# 2 12 N PP N PP N PP V !# 3 15 ( N PP V ) N PP N PP V !# 4 118 ( N PP V AUX ) N PP N PP V !# 5 4 ( N PP V AUX ) N PP N PP N PP V !# 6 2 ( N PP N PP V AUX ) N PP N PP V !# 7 15 N PP ( N PP V ) N PP V !# 8 119 N PP ( N PP V AUX ) N PP V !# 9 4 N PP ( N PP V AUX ) N PP N PP V !# 10 2 N PP ( N PP N PP V AUX ) N PP V !# 11 4 N PP N PP ( N PP V AUX ) N PP V !# 12 23 ( N PP V AUX ) N PP ( N PP V ) N PP V !# 13 24 ( N PP V ) N PP ( N PP V AUX ) N PP V !# 14 171 ( N PP V AUX ) N PP ( N PP V AUX ) N PP V !# 15 1 ( N PP V AUX ) N PP ( N PP N PP V AUX ) N PP V !# 16 1 ( N PP N PP V AUX ) N PP ( N PP V AUX ) N PP V !# 17 1 ( ( N PP V ) N PP V ) N PP N PP V !# 18 36 ( ( N PP V AUX ) N PP V ) N PP N PP V !# 19 39 ( ( N PP V ) N PP V AUX ) N PP N PP V !# 20 32 ( ( N PP V AUX ) N PP V AUX ) N PP N PP V !# 21 2 ( ( N PP V AUX ) N PP V AUX ) N PP N PP N PP V !# 22 1 ( ( N PP N PP V ) N PP V AUX ) N PP N PP V !# 23 1 ( ( N PP N PP V AUX ) N PP V ) N PP N PP V !# 24 43 N PP ( ( N PP V AUX ) N PP V ) N PP V !# 25 23 N PP ( ( N PP V ) N PP V AUX ) N PP V !# 26 46 N PP ( ( N PP V AUX ) N PP V AUX ) N PP V !# 27 2 N PP ( ( N PP V AUX ) N PP V AUX ) N PP N PP V !# 28 1 N PP ( ( N PP N PP V ) N PP V AUX ) N PP V !# 29 1 N PP ( ( N PP N PP V AUX ) N PP V ) N PP V !# 30 2 N PP N PP ( ( N PP V AUX ) N PP V AUX ) N PP V !# 31 2 ( ( N PP V ) N PP V AUX ) N PP ( N PP V ) N PP V !# 32 6 ( ( N PP V AUX ) N PP V AUX ) N PP ( N PP V ) N PP V !# 33 27 ( ( N PP V AUX ) N PP V ) N PP ( N PP V AUX ) N PP V !# 34 11 ( ( N PP V ) N PP V AUX ) N PP ( N PP V AUX ) N PP V !# 35 38 ( ( N PP V AUX ) N PP V AUX ) N PP ( N PP V AUX ) N PP V !# 36 1 ( N PP V ) N PP ( ( N PP V ) N PP V AUX ) N PP V !# 37 28 ( N PP V AUX ) N PP ( ( N PP V AUX ) N PP V ) N PP V !# 38 20 ( N PP V AUX ) N PP ( ( N PP V ) N PP V AUX ) N PP V !# 39 2 ( N PP V ) N PP ( ( N PP V AUX ) N PP V AUX ) N PP V !# 40 21 ( N PP V AUX ) N PP ( ( N PP V AUX ) N PP V AUX ) N PP V !# 41 4 ( ( N PP V AUX ) N PP V AUX ) N PP ( ( N PP V AUX ) N PP V ) N PP V !# 42 1 ( ( N PP V AUX ) N PP V AUX ) N PP ( ( N PP V ) N PP V AUX ) N PP V !# 43 4 ( ( N PP V AUX ) N PP V ) N PP ( ( N PP V AUX ) N PP V AUX ) N PP V !# 44 1 ( ( N PP V ) N PP V AUX ) N PP ( ( N PP V AUX ) N PP V AUX ) N PP V !# 45 3 ( ( N PP V AUX ) N PP V AUX ) N PP ( ( N PP V AUX ) N PP V AUX ) N PP V !# N:Noun V:V erb PP:PostP osition(case-particle) AUX: AUXiliary verb

Figure 6: Generating the Exp erimen t Data 4.2 T raining F or training, we selected randomly 353 one level em- b edded sentences (70% of all). Remained sentences (simple sentences, 30% of one level embedded sen- tences, and 70% of t w o levels embedded sen tences) were used as test data. There are a v ariet y of strategies for training a mo dular system such as JSP A C. One p ossibility is to train all mo dule of the entire system as a whole, while another p ossibility is to train each mo dule sep- arately . In this exp erimen t, we adopted the for- mer strategy , but strictly sp eaking, slightly di�erent. While training, the correct control signals were used for gating op erations, instead of the v alues contain- ing the error of un�nished training. Therefore, the concept-vectors were transmitted exactly from one mo dule to another mo dule. The netw ork parameters of eac h mo dule were as follows. The num ber of b oth hidden units and the context units of the simple sentence parser w as 90. The num b er of hidden units of b oth the segmenter and the stack w as 60. The num ber of concept-vector elements were 12. Hence, the num ber of input units of b oth the segmenter and the stack was 72 (60 hid- den units + 12 concept-vector elements). The sig- moidal gradients of all mo dules were set to 1.0. W e adopted the pure error back-propagation al- gorithm (Rumellhart and Williams, 1986) without the momen tum term, backw ard-propageted immedi- ately after forward-propageted for each input. The learning rate of all mo dules were �xed to 0.1. In the Jordan netw ork, was set to 0.5 and � was set to 0.5. The initial v alues of the netw ork link-weigh ts and biases were set to random v alues in the range of [-1.0,+1.0]. W e stopp ed training when the av erage RMS(Ro ot Mean Square) error p er output unit of the simple sentence parser reached at 0.015. At that time, the num ber of the training ep o chs was 654, and the av- erage RMS error p er output unit of the segmenter and the stack were 0.0263 and 0.0164, resp ectively . W e show the training curve in Figure 7. W e set the executing conditions as follows. In order to iden tify the words at the simple sentence parser output, the Euclidean distance was used, and the words which are closest to the output w ere searched among all of the input words. The con- trol signal in the segmenter output was recognized as 1 when the unit output v alue was bigger than 0.5, while the con trol signal was recognized as 0 when the unit output v alue was equal to or less than 0.5. The correctness of the simple sentence parser output w as de�ned as the case when case structure expressions were pick ed up in correct timing and all of the words

Figure 7: T raining Curve in the expressions w ere in correct cases. 4.3 Results 4.3.1 Structural Generalization After training, w e examined the JSP A C execution using simple sen tences and complex sentences. W e show the result in T able 6. Being trained with only one level embedded sentences, the p ercentage of cor- rect answeres were 79.2% for tw o levels embedded sentences. Namely , it is prov ed that JSP A C has abil- ity of structural generalization. 4.3.2 Results on Sen tence Patterns The result on the sentence patterns (T able 5) is shown at T able 7, where the one lev el embedded sentences 3 !A 16 include b oth learned sen tences and unlearned sentences. The sentence patterns 24 !A 30 are the tw o levels embedded sentences including center-em bedded clauses, and hav e the correctness 60.2% low er than 81.3% of the sen tence pattern 17 !A 23 which are tw o lev el embedded sentences but don’t hav e center-em bedded clauses. 5 Discussion There are 83 t w o levels embedded sen tences which are analyzed incorrectly , including 35 sentences in which the segmenter control signals are mistaken and 48 sentences in which the parser outputs are misteken. But it is exp ected that those sentences are improv ed in correctness by tuning the netw ork parameters. As describ ed in section 4.3.2, the tw o levels em- b edded sentences with center-em bedded clauses are low er than the head-embedded, b ecause it is di�- cult that the segmenter decides the range of p opping from the stack and the stac k repro duces the vectors of pushed words. In this pap er, the concept-vectors are determined randomly and �xed. If we use the concept-vectors re ecting the concept of words, the execution p er- formance will b e improv ed. There are FGREP pro- p osed by Miikkulainen,R. and CAN prop osed b y T ak ahashi,N. and Motoki,M. (T ak ahashi and Mo- toki, 1999) as the systems acquiring the prop er vector representations which re ect the concept of words. When we started to construct a natural language understanding system with connectionist mo dels, we introduced a working hypothesis as follows. Our brain has the whole world image consisting of many small parallel worlds. Therefore, we made a hypoth- esis of the existence of the language columns to express the small w orlds. The language column in- cludes all subsystems necessary to language pro cess-

T able 6: Results on Strucures Structrures Correct / T otal Percen t(%) 1-level embeded 330 / 353 93.5 (learned) Simple sentence 29 / 50 58.0 1 level embedded 134 / 150 89.3 (unlearned) 2 levels embedded 316 / 399 79.2 T able 7: Results on Sentence Patterns Sentence Pattern Correct / T otal P ercen t(%) 1,2 29 / 50 58.0 3 !A 6 126 / 139 90.6 7 !A 11 131 / 144 91.0 12 !A 16 207 / 220 94.0 17 !A 23 91 / 112 81.3 24 !A 30 71 / 118 60.2 31 !A 35 72 / 84 85.7 36 !A 40 69 / 72 95.8 41 !A 45 13 / 13 100.0 ing suc h as the sentence parsing system and the sen- tence generating system. This pap er describ ed the metho d to construct the parsing system for one of the small worlds. 6 Conclusion In this pap er, w e prop osed the Japanese complex sentence parser JSP A C, and show ed the ability of the structural generalization with the computational ex- p eriments. Interestingly , the JSP A C architecture for Japanese pro cessing is similar to the SPEC architec- ture for English pro cessing. This common netw ork architecture is exp ected to explain the innateness of the language acquiring abilit y . References A.N. Jain. 1992. Generalization p erformance in P ARSEC|A structured connectionist parsing ar- c hitecture. In John E. Mo o dy , Stephen J. Hanson, and Richard P . Lippmann, editors, NIPS4 , pages 209{216. KAUF, KAUF-ADDR. R. Miikkulainen. 1996. Subsymbolic parsing of em- b edded structures. In R.Sun and L.A.Bo okman, editors, Computational Ar chite cutur es Inte gr ating Neur al and Symb olic Pr o c esses , pages 153{186. klu w er academic publisher. D.E. Rumellhart, G.E. Hin ton, and R.J. Williams. 1986. L e arning Internal R epr esentations by Er- r or Pr op agation , v olume 1. The MIT Press, Mas- sac h usetts. N. T ak ahashi and M. Motoki. 1999. A subsym b olic approach for acquiring seman tic representations. In Pr o c e e dings of the Thir d International Work- shop on Computational Semantics . G. W estermann and R. Miikkulainen. 1994. V erb in- ections in german child language. In Pr o c e e dings of the 16th Annual Confer enc e of the Co gnitive Scienc e So ciety .