A Metho d of Incorp orating Bigram Constrain ts in to an LR T able and Its E�ectiv eness in Natural Language Pro cessing Hiroki Imai and Hozumi T anak a Graduate Sc ho ol of Information Science and T ec hnology T oky o Institute of T ec hnology 2-12-1 O-ok a y ama, Meguro, T oky o 152 Japan f imai,tanaka g @cs.titech.ac.jp Abstract In this pap er, w e prop ose a metho d for con- structing bigram LR tables b y w a y of incor- p orating bigram constrain ts in to an LR table. Using a bigram LR table, it is p ossible for a GLR parser to mak e use of b oth bigram and CF G constrain ts in natural language pro cess- ing. Applying bigram LR tables to our GLR metho d has the follo wing adv an tages: (1) Language mo dels utilizing bigram LR ta- bles ha v e lo w er p erplexit y than simple bigram language mo dels, since lo cal constrain ts (bi- gram) and global constrain ts (CF G) are com- bined in a single bigram LR table. (2) Bigram constrain ts are easily acquired from a giv en corpus. Therefore data sparseness is not lik ely to arise. (3) Separation of lo cal and global constrain ts k eeps do wn the n um b er of CF G rules. The �rst adv an tage leads to a reduction in complexit y , and as the result, b etter p erfor- mance in GLR parsing. Our exp erimen ts demonstrate the e�ectiv eness of our metho d. 1 In tro duction In natural language pro cessing, sto c hastic language mo dels are commonly used for lexical and syn tactic disam biguation (F ujisaki et al., 1991; F ranz, 1996). Sto c hastic language mo dels are also helpful in re- ducing the complexit y of sp eec h and language pro- cessing b y w a y of pro viding probabilistic linguistic constrain ts (Lee, 1989). N-gram language mo dels (Jelinek, 1990), includ- ing bigram and trigram mo dels, are the most com- monly used metho d of applying lo cal probabilis- tic constrain ts. Ho w ev er, con text-free grammars (CF Gs) pro duce more global linguistic constrain ts than N-gram mo dels. It seems b etter to com bine b oth lo cal and global constrain ts and use them b oth concurren tly in natural language pro cessing. The reason wh y N-gram mo dels are preferred o v er CF Gs is that N-gram constrain ts are easily acquired from a giv en corpus. Ho w ev er, the larger N is, the more serious the problem of data sparseness b ecomes. CF Gs are commonly emplo y ed in syn tactic pars- ing as global linguistic constrain ts, since man y e�- cien t parsing algorithms are a v ailable. GLR (Gen- eralized LR) is one suc h parsing algorithm that uses an LR table, in to whic h CF G constrain ts are pre- compiled in adv ance (Kn uth, 1965; T omita, 1986). Therefore if w e can incorp orate N-gram constrain ts in to an LR table, w e can mak e concurren t use of b oth lo cal and global linguistic constrain ts in GLR parsing. In the follo wing section, w e will prop ose a metho d that incorp orates bigram constrain ts in to an LR ta- ble. The adv an tages of the metho d are summarized as follo ws: First, it is exp ected that this metho d pro duces a lo w er p erplexit y than that for a simple bigram lan- guage mo del, since it is p ossible to utilize b oth lo cal (bigram) and global (CF G) constrain ts in the LR table. W e will evidence this reduction in p erplexit y b y considering states in an LR table for the case of GLR parsing. Second, bigram constrain ts are easily acquired from smaller-sized corp ora. Accordingly , data sparseness is not lik ely to arise. Third, the separation of lo cal and global con- strain ts mak es it easy to describ e CF G rules, since CF G writers need not tak e in to accoun t tedious de- scriptions of lo cal connection constrain ts within th CF G 1 . 2 CF G, Connection Matrix and LR table 2.1 Relation b et w een CF G and Connection Constrain ts Figure 1 represen ts a situation in whic h a i and b j are adjacen t to eac h other, where a i b elongs to S et I ( i = 1 ; � � � ; I ) and b j b elongs to S et J ( j = 1 ; � � � ; J ). S et I 1 (T anak a et al., 1997) rep orted that the separate de- scription of lo cal and global constrain ts reduced the CF G rules to one sixth of their original n um b er.

Figure 1: Connection c hec k b y CF G and S et J are de�ned b y last1 ( Y ) and �rst1 ( Z ) (Aho et al., 1986), resp ectiv ely . If a 2 S et I and b 2 S et J happ en not to b e able to o ccur in this order, it b e- comes a non-trivial task to express this adjacency restriction within the framew ork of a CF G. One solution to this problem is to in tro duce a new non terminal sym b ol A i for eac h a i and a non terminal sym b ol B j for eac h b j . W e then add rules of the form A ! A i and A i ! a i , and B ! B j and B j ! b j . As a result of this rule expansion, the order of the n um b er of rules will b ecome I � J in the w orst case. The in tro duction of suc h new non terminal sym b ols leads to an increase in grammar rules, whic h not only mak es the LR table v ery large in size, but also diminishes e�ciency of the GLR parsing metho d. The second solution is to augmen t X ! Y Z with a pro cedure that c hec ks the connection b et w een a i and b j . This solution can a v oid the problem of the expansion of CF G rules, but w e ha v e to tak e care of the information o w from the b ottom lea v es to the upp er no des in the tree, Y , Z , and X . Neither the �rst nor the second solution are prefer- able, in terms of b oth e�ciency of GLR parsing and description of CF G rules. Additionally , it is a m uc h easier task to describ e lo cal connection constrain ts b et w een t w o adjacen t terminal sym b ols b y w a y of a connection matrix suc h as in Figure 2, than to express these constrain ts within the CF G. The connection matrix in Figure 2 is de�ned as: Conne ct ( a i ; b j ) = � 1 if b j can follo w a i 0 otherwise (1) The b est solution seems to b e to dev elop a metho d that can com bine b oth a CF G and a connection ma- trix, a v oiding the expansion of CF G rules. Conse- quen tly , the size of the LR table will b ecome smaller and w e will get b etter GLR parsing p erformance. In the follo wing section, w e will prop ose one suc h metho d. Note that w e are considering connections b et w een preterminals rather than w ords. Th us, w e will ha v e C onnect ( a i ; b j ) = 0 in the preterminal con- nection matrix similarly to the case of w ords. Figure 2: Connection matrix 2.2 Relation b et w een the LR T able and Connection Matrix First w e discuss the relation b et w een the LR table and a connection matrix. The action part of an LR table consists of lo ok ahead sym b ols and states. Let a shift action sh m b e in state l with the lo ok ahead sym b ol a . After the GLR parser executes action sh m , the sym b ol a is pushed on to the top of the stac k and the GLR parser shifts to state m . Sup- p ose there is an action A in state m with lo ok a- head b (see Figure 3). The action A is executable if Conne ct ( a; b ) 6 = 0 ( b can follo w a ), whereas if Conne ct ( a; b ) = 0 ( b cannot follo w a ), the action A in state m with lo ok ahead b is not executable and w e can remo v e it from the LR table as an in v alid action. Remo ving suc h in v alid actions enables us to incorp orate connection constrain ts in to the LR table in addition to the implicit CF G constrain ts. In section 3.2, w e will prop ose a metho d that in- tegrates b oth bigram and CF G constrain ts in to an LR table. After this in tegration pro cess, w e obtain a table called a bigram LR table. 3 In tegration of Bigram and CF G Constrain ts in to an LR T able 3.1 The De�nition of a Probabilistic Connection Matrix A close relation exists b et w een bigrams and connec- tion matrices, in that the bigram probabilit y P ( b j a ) corresp onds to the matrix elemen t of Conne ct ( a; b ). A connection matrix incorp orating bigram probabil- ities is called a probabilistic connection matrix, in whic h Conne ct ( a; b ) = 0 still means b cannot follo w a , but instead of connection matrix en tries ha ving a binary v alue of 0 or 1, a probabilit y is asso ciated with eac h elemen t. This is then used to construct a probabilistic LR table.

Figure 3: LR table and Connection Constrain ts The N-gram mo del is the most commonly used probabilistic language mo del, and it assumes that a sym b ol sequence can b e describ ed b y a higher order Mark o v pro cess. The simplest N-gram mo del with N = 2 is called a bigram mo del, and appro ximates the probabilit y of a string X = x 1 x 2 x 3 � � � x n as the pro duct of conditional probabilities: P ( X ) = P ( x 1 j #) P ( x 2 j x 1 ) � � � P ( x n j x n � 1 ) P ($ j x n ) (2) In the ab o v e expression, \#" indicates the sen- tence b eginning mark er and \$" indicates the sen- tence ending mark er. The ab o v e bigram mo del can b e represen ted in a pr ob abilistic c onne ction matrix de�ned as follo ws. Definition 1 ( pr ob abilistic c onne ction matrix ) Let G = ( V N ; V T ; P ; S ) b e a con text-free gram- mar. F or 8 a; b 2 V T (the set of terminal sym b ols), the pr ob abilistic c onne ction matrix named PConne ct is de�ned as follo ws. PConne ct ( a; b ) = P ( b j a ) (3) where P ( b j a ) is a conditional probabilit y and P b 2 V T P ( b j a ) = 1. PConne ct ( a; b ) = 0 means that a and b cannot o ccur consecutiv ely in the giv en order. PConne ct ( a; b ) 6 = 0 means b can follo w a with prob- abilit y P ( b j a ). 3.2 An algorithm to construct a bigram LR table An algorithm to construct a probabilistic LR ta- ble, com bining b oth bigram and CF G constrain ts, is giv en in Algorithm 1: Algorithm 1 Input: A CF G G = ( V N ; V T ; P ; S ) and a probabilis- tic connection matrix PConne ct . Output: An LR table T with CF G and bigram con- strain ts. Metho d: Step 1 Generate an LR table T 0 from the giv en CF G G . Step 2 Remo v al of actions: F or eac h shift action sh m with lo ok ahead a in the LR table T 0 , delete actions in the state m with lo ok ahead b if PConne ct ( a; b ) = 0. Step 3 Constrain t Propagation (T anak a et al., 1994): Rep eat the follo wing t w o pro cedures un til no further actions can b e remo v ed: 1. Remo v e actions whic h ha v e no succeeding action, 2. Remo v e actions whic h ha v e no preceding action. Step 4 Compact the LR table if p ossible. Step 5 Incorp oration of bigram constrain ts in to the LR table: F or eac h shift action sh m with lo ok ahead a in the LR table T 0 , let P = N X i =1 PConne ct ( a; b i ) where f b i : i = 1 ; � � � ; N g is the set of lo ok a- heads for state m . F or eac h action A j in state m with lo ok ahead b i , assign a probabilit y p to action A j : p = P ( b i j a ) P � n = P C onnect ( a; b i ) P � n where n is the n um b er of con ict actions in state m with lo ok ahead b i . The denominator is clearly a normalization factor. Step 6 F or eac h shift action A with lo ok ahead a in state 0, assign A a probabilit y p = P ( a j #), where \#" is the sen tence b eginning mark er. Step 7 Assign a probabilit y p = 1 =n to eac h ac- tion A in state m with lo ok ahead sym b ol a that has not b een assigned a probabilit y , where n is the n um b er of con ict actions in state m with lo ok ahead sym b ol a . Step 8 Return the LR table T pro duced at the completion of Step 7 as the Bigr am LR table . As explained ab o v e, the remo v al of actions at Step 2 corresp onds to the op eration of incorp orating con- nection constrain ts in to an LR table. W e call Step 3 Constrain t Propagation, b y whic h the size of the LR table is reduced (T anak a et al., 1994). As man y

(1) S ! X Y (6) A ! a1 (2) X ! A (7) A ! a2 (3) X ! A B (8) B ! b1 (4) Y ! A (9) B ! b2 (5) Y ! b1 A Figure 4: Grammar G 1 a1 a2 b1 b2 $ # 0.6 0.4 0.0 0.0 0.0 a1 0.0 0.0 0.0 1.0 0.0 a2 0.0 0.0 0.3 0.0 0.7 b1 0.0 0.1 0.9 0.0 0.0 b2 0.0 0.0 1.0 0.0 0.0 Figure 5: Probabilistic connection matrix M 1 actions are remo v ed from the LR table during Steps 2 and 3, it b ecomes p ossible to compress the LR ta- ble in Step 4. W e will demonstrate one example of this pro cess in the follo wing section. It should b e noted that the ab o v e algorithm can b e applied to an y t yp e of LR table, that is a canonical LR table, an LALR table, or an SLR table. 4 An Example 4.1 Generating a Bigram LR T able In this section, w e will pro vide a simple example of the generation of a bigram LR table b y w a y of ap- plying Algorithm 1 to b oth a CF G and a probabilis- tic connection matrix, to create a bigram LR table. Figure 4 and Figure 5 giv e a sample CF G G 1 and a probabilistic connection matrix M 1 , resp ectiv ely . Note that grammar G 1 in Figure 4 do es not ex- plicitly express lo cal connection constrain ts b et w een terminal sym b ols. Suc h lo cal connection constrain ts are easily expressed b y a matrix M 1 as sho wn in Figure 5. F rom the CF G giv en in Figure 4, w e can generate an LR table, T able 1, in Step 1 using the con v en- tional LR table generation algorithm. T able 2 is the resultan t LR table at the comple- tion of Step 2 and Step 3, pro duced based on T able 1. Actions n um b ered (2) and (3) in T able 2 are those whic h are remo v ed b y Step 2 and Step 3, resp ec- tiv ely . In state 1 with a lo ok ahead sym b ol b1 , r e6 is car- ried out after executing action sh1 in state 0, push- ing a1 on to the stac k. Note that a1 and b1 are no w consecutiv e, in this order. Ho w ev er, the proba- bilistic connection matrix (see Figure 5) do es not allo w suc h a sequence of terminal sym b ols, since PConne ct ( a1 ; b1 ) = 0. Therefore, the action r e6 in state 1 with lo ok ahead b1 is remo v ed from T a- ble 1 in Step 2, and th us mark ed as (2) in T able 2. F or this same reason, the other r e6 s in state 1 with lo ok ahead sym b ols a1 and a2 are also remo v ed from T able 1. On the other hand, in the case of r e6 in state 1 with lo ok ahead sym b ol b2 , as a1 can b e follo w ed b y b2 ( PConne ct ( a1 ; b2 ) 6 = 0), action r e6 cannot b e remo v ed. The remaining actions mark ed as (2) in T able 2 should b e self-eviden t to readers. Next, w e w ould lik e to consider the reason wh y action sh9 in state 4 with lo ok ahead a1 is remo v ed from T able 1. In state 9, r e6 with lo ok ahead sym b ol $ has already b een remo v ed in Step 2, and there is no succeeding action for sh9 . Therefore, action sh9 in state 3 is remo v ed in Step 3, and hence mark ed as (3) . Let us consider action r e3 in state 8 with lo ok a- head a1 . After this action is carried out, the GLR parser go es to state 4 after pushing X on to the stac k. Ho w ev er, sh9 in state 4 with lo ok ahead a1 has al- ready b een remo v ed, and there is no succeeding ac- tion for r e3 . As a result, r e3 in state 8 with lo ok a- head sym b ol a1 is remo v ed in Step 3. Similarly , r e9 in state 7 with lo ok ahead sym b ol a1 is also remo v ed in Step 3. In this w a y , the remo v al of actions prop- agates to other remo v als. This c hain of remo v als is called Constrain t Propagation, and o ccurs in Step 3. Actions remo v ed in Step 3 are mark ed as (3) in T able 2. Careful readers will notice that there is no w no action in state 9 and that it is p ossible to delete this state in Step 4. T able 3 sho ws the LR table after Step 4. As a �nal step, w e w ould lik e to assign bigram constrain ts to eac h action in T able 3. Let us consider the t w o r e8 s in state 6, reac hed after executing sh6 in state 4 b y pushing a lo ok ahead of b1 on to the stac k. In state 6, P is calculated at Step 5 as sho wn b elo w: P = PConne ct ( b1 ; a2 ) + PConne ct ( b1 ; b1 ) = 0 : 1 + 0 : 9 = 1 W e can assign the follo wing probabilities p to eac h r e8 in state 6 b y w a y of Step 5: p = 8 > < > : PConne ct ( b1 ; a2 ) P � n = 0 : 1 1 � 1 = 0 : 1 for r e8 with lo ok ahead a2 PConne ct ( b1 ; b1 ) P � n = 0 : 9 1 � 1 = 0 : 9 for r e8 with lo ok ahead b1 After assigning a probabilit y to eac h action in the LR table at Step 5, there remain actions without probabilities. F or example, the t w o con ict actions ( r e2 / sh6 ) in state 3 with lo ok ahead b1 are not as- signed a probabilit y . Therefore, eac h of these ac- tions is assigned the same probabilit y , 0.5, in Step 7. A probabilit y of 1 is assigned to remaining actions, since there is no con ict among them. T able 4 sho ws the �nal results of applying Algo- rithm 1 to G 1 and M 1 .

state action goto a1 a2 b1 b2 $ A B X Y S 0 sh1 sh2 3 4 5 1 r e6 r e6 r e6 r e6 2 r e7 r e7 r e7 r e7 3 r e2 r e2 r e2/sh6 sh7 8 4 sh9 sh10 sh11 12 13 5 ac c 6 r e8 r e8 r e8 7 r e9 r e9 r e9 8 r e3 r e3 r e3 9 r e6 10 r e7 11 sh9 sh10 14 12 r e4 13 r e1 14 r e5 T able 1: Initial LR table for G 1 state action goto a1 a2 b1 b2 $ A B X Y S 0 sh1 sh2 3 4 5 1 r e6(2) r e6(2) r e6(2) r e6 2 r e7(2) r e7(2) r e7 r e7(2) 3 r e2(3) r e2 r e2/sh6 sh7 8 4 sh9(3) sh10 sh11 12 13 5 ac c 6 r e8(2) r e8 r e8 7 r e9(3) r e9(2) r e9 8 r e3(3) r e3 r e3 9 r e6(2) 10 r e7 11 sh9(3) sh10 14 12 r e4 13 r e1 14 r e5 T able 2: LR table after Steps 2 and 3 state action goto a1 a2 b1 b2 $ A B X Y S 0 sh1 sh2 3 4 5 1 r e6 2 r e7 3 r e2 r e2/sh6 sh7 8 4 sh10 sh11 12 13 5 ac c 6 r e8 r e8 7 r e9 8 r e3 r e3 10 r e7 11 sh10 14 12 r e4 13 r e1 14 r e5 T able 3: LR table after Step 4 state action goto a1 a2 b1 b2 $ A B X Y S sh1 sh2 0 0.6 0.4 3 4 5 r e6 1 1.0 r e7 2 1.0 r e2 r e2/sh6 sh7 3 1.0 0.5/0.5 1.0 8 sh10 sh11 4 1.0 1.0 12 13 ac c 5 1.0 r e8 r e8 6 0.1 0.9 r e9 7 1.0 r e3 r e3 8 1.0 1.0 r e7 10 1.0 sh10 11 1.0 14 r e4 12 1.0 r e1 13 1.0 r e5 14 1.0 T able 4: The Bigram LR table constructed b y Algorithm 1

4.2 Comparison of Language Mo dels Using the bigram LR table as sho wn in T able 4, the probabilit y P 1 of the string \ a2 b1 a2 " is calculated as: P 1 = P ( a2 b1 a2 ) = T X i =1 P (T ree i ) = P (0 ; a2 ; sh2 ) � P (2 ; b1 ; r e7 ) � P (3 ; b1 ; r e2 ) � P (4 ; b1 ; sh11 ) � P (11 ; a2 ; sh10 ) � P (10 ; $ ; r e7 ) � P (14 ; $ ; r e5 ) � P (13 ; $ ; r e1 ) � P (5 ; $ ; ac c ) + P (0 ; a2 ; sh2 ) � P (2 ; b1 ; r e7 ) � P (3 ; b1 ; sh6 ) � P (6 ; a2 ; r e8 ) � P (8 ; a2 ; r e3 ) � P (4 ; a2 ; sh10 ) � P (10 ; $ ; r e7 ) � P (12 ; $ ; r e4 ) � P (13 ; $ ; r e1 ) � P (5 ; $ ; ac c ) = 0 : 4 � 1 : 0 � 0 : 5 � 1 : 0 � 1 : 0 � 1 : 0 � 1 : 0 � 1 : 0 � 1 : 0 + 0 : 4 � 1 : 0 � 0 : 5 � 0 : 1 � 1 : 0 � 1 : 0 � 1 : 0 � 1 : 0 � 1 : 0 � 1 : 0 = 0 : 2 + 0 : 02 = 0 : 22 where P (T ree i ) means the probabilit y of the i - th parsing tree generated b y the GLR parser and P ( S; L; A ) means the probabilit y of an action A in state S with lo ok ahead L . On the other hand, using only bigram constrain ts, the probabilit y P 2 of the string \ a2 b1 a2 " is calcu- lated as: P 2 = P ( a2 b1 a2 ) = P ( a2 j #) � P ( b1 j a2 ) � P ( a2 j b1 ) � P ($ j a2 ) = � 0 : 3 � 0 : 1 � 0 : 7 = 0 : 0084 The reason wh y P 1 > P 2 can b e explained as follo ws. Consider the b eginning sym b ol a2 of a sen- tence. In the case of the bigram mo del, a2 can only b e follo w ed b y either of the t w o sym b ols b1 and $ (see Figure 5). Ho w ev er, consulting the bigram LR table rev eals that in state 0 with lo ok ahead a2 , sh2 is carried out, en tering state 2. State 2 has only one action r e7 with lo ok ahead sym b ol b1 . In other w ords, in state 2, $ is not predicted as a succeeding sym b ol of a1 . The exclusion of an ungrammatical prediction in $ mak es P 1 larger than P 2. P erplexit y is a measure of the complexit y of a lan- guage mo del. The larger the probabilit y of the lan- guage mo del, the smaller the p erplexit y of the lan- guage mo del. The ab o v e result ( P 1 > P 2) indicates Language mo del P erplexit y Bigram 6.50 Bigram LR table 5.99 T rigram 4.92 T able 5: P erplexit y of language mo dels that the bigram LR table mo del giv es smaller p er- plexit y than the bigram mo del. In the next section, w e will demonstrate this fact. 5 Ev aluation of P erplexit y Perplexity is a measure of the constrain t imp osed b y the language mo del. T est-set p erplexity (Jelinek, 1990) is commonly used to measure the p erplexit y of a language mo del from a test-set. T est-set p erplexity for a language mo del L is simply the geometric mean of probabilities de�ned b y: Q ( L ) = 2 H ( L ) where H ( L ) = 1 N M X i =1 log P ( S i ) Here N is the n um b er of terminal sym b ols in the test set, M is the n um b er of test sen tences and P ( S i ) is the probabilit y of generating i -th test sen tence S i . In the case of the bigram mo del, P bi ( S i ) is: P bi ( S i ) = P ( x 1 ; x 2 ; � � � ; x n ) = P ( x 1 j #) P ( x 2 j x 1 ) � � � P ( x n j x n � 1 ) P ($ j x n ) And in the case of the trigram mo del, P tr i ( S i ) is: P tr i ( S i ) = P ( x 1 ; x 2 ; � � � ; x n ) = P ( x 1 j #) P ( x 2 j # ; x 1 ) � � � P ( x n j x n � 2 ; x n � 1 ) P ($ j x n � 1 ; x n ) T able 5 sho ws the test-set p erplexit y of pretermi- nals for eac h language mo del. Here the preterminal bigram mo dels w ere trained on a corpus with 20663 sen tences, con taining 230927 preterminals. The test- set consists of 1320 sen tences, whic h con tain 13311 preterminals. The CF G used is a phrase con text- free grammar used in sp eec h recognition tasks, and the n um b er of rules and preterminals is 777 and 407, resp ectiv ely . As is eviden t from T able 5, the use of a bigram LR table decreases the test-set p erplexit y from 6.50 to 5.99. Note that in this exp erimen t, w e used the LALR table generation algorithm 2 to construct the bigram LR table. Despite the disadv an tages of 2 In the case of LALR tables, the sum of the proba- bilities of all the p ossible parsing trees generated b y a giv en CF G ma y b e less than 1 (In ui et al., 1997).

LALR tables, the bigram LR table has b etter p er- formance than the simple bigram language mo del, sho wing the e�ectiv eness of a bigram LR table. On the other hand, the p erplexit y of the trigram language mo del is smaller than that of the bigram LR table. Ho w ev er, with regard to data sparseness, the bigram LR table is b etter than the trigram lan- guage mo del b ecause bigram constrain ts are more easily acquired from a giv en corpus than trigram constrain ts. Although the exp erimen t describ ed ab o v e is concerned with natural language pro cessing, our metho d is also applicable to sp eec h recognition. 6 Conclusions In this pap er, w e describ ed a metho d to construct a bigram LR table, and then discussed the adv an tage of our metho d, comparing our metho d to the bigram and trigram language mo dels. The principle adv an- tage o v er the bigram language mo del is that, in using a bigram LR table, w e can com bine b oth lo cal prob- abilistic connection constrain ts (bigram constrain ts) and global constrain ts (CF G). Our metho d is applicable not only to natural lan- guage pro cessing but also sp eec h recognition. W e are curren tly testing our metho d using a large- sized grammar con taining dictionary rules for sp eec h recognition. Su et al. (Su et al., 1991) and Chiang et al. (Chi- ang et al., 1995) ha v e prop osed a v ery in teresting corpus-based natural language pro cessing metho d that tak es accoun t not only of lexical, syn tactic, and seman tic scores concurren tly , but also con text- sensitivit y in the language mo del. Ho w ev er, their metho d seems to su�er from di�cult y in acquiring probabilities from a giv en corpus. W righ t (W righ t, 1990) dev elop ed a metho d of dis- tributing the probabilit y of eac h PCF G rule to eac h action in an LR table. Ho w ev er, this metho d only calculates syn tactic scores of parsing trees based on a con text-free framew ork. Brisco e and Carroll (Brisco e and Carroll., 1993) attempt to incorp orate probabilities in to an LR ta- ble. They insist that the resultan t probabilistic LR table can include probabilities with con text- sensitivit y . In ui et. al. (In ui et al., 1997) rep orted that the resultan t probabilistic LR table has a defect in terms of the pro cess used to normalize probabili- ties asso ciated with eac h action in the LR table. Finally , w e w ould lik e to men tion that Kla v ans and Resnik (Kla v ans and Resnik, 1996) ha v e ad- v o cated a similar approac h to ours whic h com bines sym b olic and statistical constrain ts, CF G and bi- gram constrain ts. Ac kno wledgemen ts W e w ould lik e to thank Mr. T oshiyuki T ak eza w a and Mr. Junji Etoh for pro viding us the dialog corpus and the grammar for our exp erimen ts. W e w ould also lik e to thank Mr. Timoth y Baldwin for his help in writing this pap er. References A.V. Aho, S. Ra vi, and J.D. Ullman. 1986. Com- pilers: Principle, T e chniques, and T o ols . Addison W esley . T. Brisco e and J. Carroll. 1993. Generalized proba- bilistic LR parsing of natural language (corp ora) with uni�cation-based grammars. Computational Linguistics , 19(1):25{59. T.H. Chiang, Y.C. Lin, and K.Y. Su. 1995. Robust learning, smo othing, and parameter t ying on syn- tactic am biguit y resolution. Computational Lin- guistics , 21(3):321{349. A. F ranz. 1996. A utomatic A mbiguity R esolution in Natur al L anguage Pr o c essing . Springer. T. F ujisaki, F. Jelinek, J. Co c k e, E. Blac k, and T. Nishino. 1991. A probabilistic parsing metho d for sen tence disam biguation. In M. T omita, edi- tor, Curr ent Issues in Parsing T e chnolo gies , pages 139{152. Klu w er Academic Publishers. K. In ui, V. Sornlertlam v anic h, H. T anak a, and T. T okunaga. 1997. A new formalization of prob- abilistic GLR parsing. In International Workshop on Parsing T e chnolo gies . F. Jelinek. 1990. Self-organized language mo d- eling for sp eec h recognition. In A. W aib el and K.F. Lee, editors, R e adings in Sp e e ch R e c o gnition , pages 450{506. Morgan Kaufmann. J.L. Kla v ans and P . Resnik. 1996. The Balanc- ing A ct: Combining Symb olic and Statistial Ap- pr o aches to L anguage . The MIT Press. D.E. Kn uth. 1965. On the translation of languages left to righ t. Information and Contr ol , 8(6):607{ 639. K.F. Lee. 1989. A utomatic Sp e e ch R e c o gnition: The Development of the SPHINX System . Klu w er Academic Publishers. K.Y. Su, J.N. W ang, M.H. Su, and J.S. Chang. 1991. GLR parsing with scoring. In M. T omita, editor, Gener alize d LR Parsing . Klu w er Academic Pub- lishers. H. T anak a, H. Li, and T. T okunaga. 1994. Incor- p oration of phoneme-con text-dep endence in to LR table through constrain ts propagation metho d. In Workshop on Inte gr ation of Natur al L anguage and Sp e e ch Pr o c essing , pages 15{22. H. T anak a, T. T ak eza w a, and J. Etoh. 1997. Japanese grammar for sp eec h recognition consid- ering the MSLR metho d. In Information Pr o c ess- ing So ciety of Jap an, SIG-SLP-15 , pages 145{150. (in Japanese).

M. T omita. 1986. E�cient Parsing for Natur al L an- guage: A F ast A lgorithm for Pr actic al Systems . Klu w er Academic Publishers. J.H. W righ t. 1990. LR parsing of probabilistic grammars with input uncertain t y for sp eec h recog- nition. Computer Sp e e ch and L anguage , 4(4):297{ 323.