Prediction of Beta-Sheet Structures Using Sto c hastic T ree Grammars Hiroshi Mamitsuk a Naoki Ab e 1 mami@sbl.cl.nec.co.jp abe@sbl.cl.nec.co.jp Theory NEC Lab oratory , R W CP 2 c/o NEC C & C Research Lab oratories, 4-1-1 Miy azaki Miyamae-ku, Ka w asaki,216 Japan. Abstract We empiric al ly demonstr ate the e�e ctiveness of a metho d of pr e dicting pr otein se c- ondary structur es, � -she et r e gions in p articular, using a class of sto chastic tr e e gr ammars as r epr esentational language for their amino acid se quenc e p atterns. The family of sto chas- tic tr e e gr ammars we use, the Sto chastic R anke d No de R ewriting Gr ammars (SRNR G), is one of the r ar e families of sto chastic gr ammars that ar e expr essive enough to c aptur e the kind of long-distanc e dep endencies exhibite d by the se quenc es of � -she et r e gions, and at the same time enjoy r elatively e�cient pr o c essing. We applie d our metho d on r e al data obtaine d fr om the HSSP datab ase and the r esults obtaine d ar e enc our aging: Using an SRNRG tr aine d by data of a p articular pr otein, our metho d was actual ly able to pr e dict the lo c ation and structur e of � -she et r e gions in a numb er of di�er ent pr oteins, whose se quenc es ar e less than 25 p er c ent homolo gous to the tr aining se quenc es. The le arning algorithm we use is an extension of the ‘Inside-Outside’ algorithm for sto chastic c ontext fr e e gr ammars, but with a numb er of signi�c ant mo di�c ations. First, we r estricte d the gr ammars use d to b e memb ers of the ‘line ar’ sub class of SRNRG, and devise d simpler and faster algorithms for this sub class. Se c ond ly, we r e duc e d the alphab et size (i.e. the numb er of amino acids) by clustering them using their physic o-chemic al pr op erties, gr adual ly thr ough the iter ations of the le arning algorithm. Our exp eriments indic ate that our pr e diction metho d not only go es b eyond what is p ossible by alignment alone, but the gr ammar that was ac quir e d by our le arning algorithm c aptur es the typ e of long distanc e dep endencies that c ould not b e suc cinctly expr esse d by an HMM. We also str ess that our metho d c an pr e dict the struc- ture as wel l as the lo c ation of � -she et r e gions, which was not p ossible by pr evious inverse pr otein folding metho ds. 1 GO 8+ DM Bs !" 0B G\ D> <y !’ R W CP !" M} O@ NEC 8& 5f << !" c/o NEC C&C 8& 5f =j !$ ") 216 @n :j ;T 5\ A0 6h 5\ :j 4-1-1 !# 2 Real W orld Computing Partnership.

1 In tro duction The problem of predicting protein structures from their amino acid sequences is probably the single most imp ortant problem in genetic information pro cessing with immense scienti�c signi�cance and broad engineering applications. The se c ondary structure prediction problem, namely the problem of determining whic h regions in a given amino acid sequence corresp ond to eac h of the three categories, � -helix, � -sheet, and others, is considered to b e an imp ortant step tow ards this goal, and has b een attempted by many researc hers (e.g. [14]). No metho d to date, how ev er, has achiev ed a prediction accuracy muc h higher than 70 p er cent, casting serious doubt as to whether a signi�can tly b etter p erformance is ac hiev able by any approach along this line. Motiv ated largely by the apparent limitation of residue-wise secondary structure prediction methods, more ‘knowledge intensiv e’ approaches to the problem of protein structure predic- tion hav e b een prop osed and inv estigated, including the homology-based approach [4] and the ‘in v erse protein folding’ approach [5]. More recen tly it has b een prop osed [6] that all protein structures (foldings) found in to day’s living organisms can b e classi�ed into a relativ ely small n um b er (less than a thousand or so) of types, in con�rmation of such knowledge in tensiv e approac hes. In a knowledge-based approach, the prediction metho d k eeps e�ectively a cata- logue of patterns of amino acid sequences corresp onding to existing types of protein structures, and prediction on a new sequence is done by simply �nding those patterns that match parts of the input sequence. The central issue here then is how to represent these patterns with a su�cient and appropriate lev el of generalization. Ab e and Mamitsuk a hav e recently pro- posed to use a certain class of sto chastic tree grammars called the Sto c hastic Ranked No de Rewriting Grammars (SRNRG) as representational scheme for sequence patterns of protein secondary structures, esp ecially those of � -sheets [2]. The primary goal of the present pap er is to demonstrate its e�ectiv eness b y further exp erimental results. The problem of predicting � -sheet regions has b een considered di�cult b ecause � -sheets t ypically range ov er several discon tin uous sections in an amino acid sequence, and their se- quences exhibit long distance dep endency . The family of sto chastic tree grammars w e use in the presen t pap er (SRNR G) is suitable for expressing the kind of long-distance dep endencies exhibited by the sequences of � -sheet regions, such as the ‘parallel’ and ‘anti-parallel’ dep enden- cies and their com binations. RNR G was originally in tro duced in the context of computationally e�cien t learnability of grammars in [1], and its discov ery was inspired by the pioneering w ork of Joshi et al. [11, 18] on a formalism for natural language called ‘T ree Adjoining Grammars’ (T A G). 1 In particular, SRNR G has expressive p o w er exceeding those of b oth Hidden Marko v Models (HMMs) and sto c hastic context free grammars (SCFGs), and yet allows the existence of polynomial time parsing and lo cal optimization algorithm for the maximum lik eliho o d settings of probability parameters. 2 W e designed and implemen ted a metho d for predicting � -sheet regions using SRNRG as the represen tational language. Our prediction metho d receives as input amino acid sequences with the lo cation of � -sheet regions marked, and trains the probability parameters of an SRNRG, 1 Searls claimed that the language of � -sheets is b eyond context free and suggested that they are indexed lan- guages [17]. Indexed languages are not recognizable in p olynomial time, how ev er, and hence indexed grammars are not useful for our purp ose. RNRG falls b etwe en them and app ears to b e just what we need. 2 Both HMM and SCFG hav e recently b een used in the context of genetic information pro cessing [12, 3, 15, 8].

so that its distribution b est approximates the patterns of the input sample. Some of the rules in the grammar are intended a priori for generating � -sheet regions and others for non- � - sheets. After training, the metho d is given a sequence of amino acids with unknown secondary structure, and predicts according to whic h regions are generated b y the � -sheet rules, in the most likely parse for the input sequence. The learning algorithm w e use is an extension of the ‘Inside-Outside’ algorithm for the stochastic con text free grammars. In order to reduce the rather high computational requiremen t of the learning and parsing algorithms, w e ha v e restricted the form of grammars to a certain subclass of RNRG whic h w e call the ‘linear RNR G,’ and devised a simpler and faster learning algorithm for the sub class. W e also emplo y ed a metho d of reducing the alphab et size 3 (i.e. the num ber of amino acids) b y clustering them using MDL(Minimum Description Length) appro ximation and their ph ysico-c hemical prop erties, gradually through the iterations of the learning algorithm. 4 W e applied our metho d on real data obtained from the HSSP (Homology-derived Secondary Structures of Proteins V er 1.0 [16]) database. The results obtained indicate that our metho d is able to capture and generalize the type of long-distance dep endencies that c haracterize � - sheets. Using an SRNRG trained by data for a particular protein, our metho d was actually able to predict the lo cation and structure of � -sheets in test sequences of a n um ber of di�erent proteins, whic h hav e similar structures but hav e less than 25 p er cen t pairwise homology to the training sequences. 5 W e emphasize that, unlik e previous secondary structure prediction methods, our metho d is able to predict the structur e of the � -sheet, namely the lo cations of the h ydrogen b onds. F urthermore, our exp eriments indicate that the grammar that was acquired b y our learning algorithm captures the type of long distance dep endencies that could not b e succinctly expressed by an HMM. 2 Mo deling Beta Sheet Structures with RNR G W e �rst brie y review the de�nition of the Rank ed No de Rewriting Grammar (RNRG) and give some illustrativ e examples. 6 An RNR G is a tree generating system, and consists of a single tree structure called the starting tree, and a �nite collection of rewriting rules whic h rewrite a no de in a tree with an incomplete tree structure. The no de to b e rewritten needs to b e lab eled with a non-terminal sym b ol, and must ha v e the same num ber of descendan ts (called the ‘rank’ of the no de) as the num b er of ‘empty no des’ in the incomplete tree structure. After rewriting, the descendan ts of the no de are attached to these empty no des in the same order as b efore rewriting. The string language of the grammar is the set of yields of the trees generated by the grammar, namely the strings that app ear on the lea v es of the trees. If we place an upp er b ound, say k , on the rank of a no de that can b e rewritten, we obtain families of grammars, RNR G( k ), each of whic h has v arying expressive p ow er. The string languages of RNRG(0), denoted RNRL(0), 3 As is well known, there are tw en t y amino acids, and hence we are dealing with an alphab et of size 20. 4 The physico-c hemical prop erties we use are the molecular weigh t and the hydrophobicit y , which were used in [13] in their metho d for predicting � -helix regions. 5 Prediction problems for whic h the training sequences and the test sequences are less than 25 p er cent homologous are sometimes referred to in the literature as the ‘Twilight Zone’ [7], since alignmen t is not e�ective for such problems. 6 W e refer the interested reader to [1] for the detailed de�nition.

Figure 1: (a) RNRG(1) grammar G 1 and (b) RNR G(2) grammar G 2 . Figure 2: Deriv ation of ‘ababab’ by an RNRG-2 grammar equal the context free languages (CFL), those of RNRG(1) equal the tree adjoining languages (T AL), and for any k � 2, RNRL( k ) prop erly contains RNRL( k � 1). W e now giv e some examples of RNRG grammars. The language L 1 = f w w R w w R j w 2 f a; b gg is generated b y the RNR G(1) grammar G 1 shown 7 in Figure 1(a). The ‘3 copy’ language L 2 = f w w w j w 2 f a; b g � g can b e generated by the RNR G(2) grammar G 2 shown in Figure 1(b). Note that L 1 can b e generated b y a tree adjoining grammar, but not L 2 . The wa y the deriv ation in RNRG tak es place is illustrated in Figure 2, which shows the deriv ation of the string ‘ababab’ by G 2 . Each of the trees shown in Figure 2 is called a ‘partially deriv ed tree.’ Note that the tree structure in troduced b y a particular rule may b e split into several pieces in the �nal derived tree, unlike usual parse trees in CF G. (In the �gure, the part of the derived tree introduced b y ( � 1 ) is indicated in a thick line.) Given the de�nition of RNRG, the sto chastic RNRG is de�ned analogously to the wa y sto c hastic CFG is de�ned from CFG. That is, asso ciated with each rewriting rule in a sto chastic RNRG is its rule applic ation pr ob ability , which is constrained so that for each non-terminal, the sum total of rule application probabilities of all the rewriting rules for that non-terminal equals unity . Next some t ypical � -sheet structures are illustrated schematically in Figure 3. The arrows indicate the � -sheet strands, and the line going through them the amino acid sequence. The � -sheet structure is retained by hydrogen b onds (H-b onds) b etw een the corresp onding amino acids in neighboring strands, so it is reasonable to susp ect that there are correlations b etw een the amino acids in those p ositions. The structure exhibited in Figure 3 (a) is known as the ‘an ti-parallel’ � -sheet, as the dep endency follows the pattern abc::cba::abc:::cba , where the use of a same letter indicates that those p ositions are connected by H-b onds and b eliev ed to b e 7 Note that ‘ � ’ indicates the empty string, and an edge leading to no letter leads to an empty no de.

Figure 3: Some t ypical � -sheet structures correlated. In con trast, the structure exhibited in Figure 3 (b) is known as the ‘parallel’ � -sheet, since the dep endency here is of the pattern abc::abc:: . Both of these types of dep endency can be captured b y RNRG, in particular, G 1 and G 2 in Figure 1, resp ectively . These structures can b e com bined to obtain larger � -sheets, as is sho wn in Figure 3(d) and can result in a high degree of complexity , but they can b e handled by an RNRG of a higher rank. 3 Learning and P arsing of The Linear Sub class The ‘linear’ sub class of RNRG w e use in this pap er is the sub class satisfying the following t w o constrain ts: (i) Eac h rewriting rule contains at most one no de lab eled with a non-terminal sym bol of rank greater than 0; (ii) Ev ery other non-terminal (of rank 0) is a ‘lexical’ non- terminal, namely all rewriting rules for it are of the form A ! a for some terminal symbol a . Examples of RNR G of rank 1 satisfying these constraints can b e found, for example, in Figure 4(a). Note that each o ccurrence of a lexical non-terminal can b e thought of as de�ning a distribution o v er the alphab et, and this is written in as part of the rule in the �gure. With these constraints, the parsing and learning algorithms can b e signi�cantly simpli�ed. 3.1 The Learning Algorithm Our learning algorithm is an extension of the ‘Inside-Outside’ algorithm for SCF G [10] and it is a lo cal optimization algorithm for the maximum likelihoo d settings of the rule application probabilities and the letter (amino acid) generation probabilities in the input grammar. The algorithm is an iterativ e pro cedure whic h re-estimates and up dates its curren t settings of all of its probabilit y parameters. The re-estimation pro cedure is guaran teed to increase the likelihoo d assigned to the sample, as is the case with the Baum-W elc h re-estimation for HMM. Due to space limitations, we omit the details of our learning algorithm, which can b e found in [2]. 3.2 Reducing the Alphab et Size with MDL Appro ximation After eac h iteration of the ab ov e learning algorithm at each lexical rule, w e attempt to merge some of the amino acids, if the merge reduces the total description length (approximated using the probability parameters calculated up to that p oint). F or this purp ose we make use of the Euclidean distance b etw een the 20 amino acids in the (normalized) 2-dimensional space de�ned b y their molecular weigh t and hydrophobicit y . At each iteration, w e select the tw o among the clusters from the previous iteration, which are closest to eac h other in the ab o v e Euclidean space, and merge them to obtain a single new cluster, pr ovide d that the merge results in reducing the follo wing approximation of ‘description length,’ where w e let c 2 C b e the clusters, P ( c ) the sum total of generation probabilities of amino acids in the cluster c , and m the e�e ctive sample size, namely the w eigh ted frequency of the lexical rule in question in the parses of the input sample, weigh ted according to the curren t parameter settings. 4 Exp erimen tal Results W e applied our metho d on real data obtained from the HSSP database. In our �rst exp eriment, w e pick ed three di�erent proteins, ‘F asciculin’ (1fas), ‘Caldioto xin’ (1cdta) and ‘Neuroto xin B’ (1nxb), all of whic h are toxins. Although these three proteins do hav e relatively similar structures, their sequences are less than 25 p er cent homologous to one another, 8 and hence alignmen t alone can hardly detect this similarity . W e trained a sto chastic RNRG with training data consisting e�ectiv ely of br ackete d sequences for one of the three proteins, say 1fas, and used the acquired grammar to predict the lo cation of � -sheet regions in an amino acid sequence of another one of the three, either 1cdta or 1nxb. By br acketing the input sequences, we mean that we isolated out the (discontin uous) sub-strings of the training sequences that corresp ond to � -sheets from the rest, and trained the probabilit y parameters of the ‘ � -sheet rules’ in the grammar with them. 9 The probability parameters of the non- � -rules were set to b e uniform. W e then used the acquired sto chastic RNRG grammar to parse an amino acid sequence of either 1cdta or 1nxb, and predicted the lo cation of � -sheet regions according to where the � -sheet rules are in the most likely parse. It was able to predict the lo cation of all three � -strands con tained in the test sequence almost exactly (missing only one or tw o residues whic h were absen t in all of the training data) in b oth cases. W e rep eated the same exp eriment for all (six) p ossible combinations of the training data and a test sequence from the three proteins. Our metho d was able to predict all three of the � -strands in all cases, except in predicting the lo cation of � -sheet in a test sequence for 1cdta from training data for 1nxb: It failed to iden tify one of the three � -strands correctly in this case. The sequences of these to xins were appro ximately 60 residue long, and the parsing of these sequences required more than an hour on a Silicon Graphics Indigo I I graphic workstation. Figure 4(a) shows the part of the sto chastic RNRG(1) grammar obtained by our learning algorithm on the training set for 1fas that generates the � -sheet regions. Note that, in the �gure, the amino acid generation probabilities at each p osition are written in a b ox. F or example, the distribution at the right upp er corner in ( � 4 ) gives probability 0.80 to the cluster f I ; L; V g and probabilit y 0.10 to the single amino acid Y . The in terpretation of the grammar is summarized sc hematically in Figure 4(b). It is easy to see that the grammar represen ts a class of � -sheets of type (c) in Figure 3. Each of the rules ( � 1 ), ( � 2 ), ( � 3 ), ( � 4 ), ( � 6 ) and ( � 7 ) generates part of the � -sheet region corresp onding to a ro w of H-b onds, and ( � 5 ) inserts an ‘extra’ amino acid 8 These w ere obtained using PDB SELECT (25 %) developed by Hob o em et. al. [9]. 9 Brack eted input samples are often used in applications of SCFG in sp eec h recognition.

( a ) ( b ) Figure 4: (a) A part of the acquired RNRG grammar and (b) its interpretation. that do es not take part in any H-b ond. Rule ( � 4 ) says that in the third (from the top) ro w of H-bonds, amino acids I ; L and V are equally lik ely to o ccur in the leftmost strand, and it is v ery lik ely to b e K in the middle strand. Note that I ; L; and V hav e similar ph ysico-c hemical properties, and it is reasonable that they were merged to form a cluster. Figure 5(a) sho ws the most likely parse (derived tree) obtained by the grammar on a test sequence of 1cdta. The shaded areas indicate the actual � -sheet regions, which are al l correctly predicted. The sev en types of thick lines corresp ond to the parts of the deriv ed tree generated b y the seven rules shown in Figure 4(a), resp ectively . The structural interpretation of this parse is indicated schematically in Figure 5(b), which is also exactly correct. Note that the distributions of amino acids are quite well spread ov er a large num ber of amino acids. F or example, none of the amino acids in the third strand of the test sequence, except the last tw o C s, receives a dominantly high probability in the acquired grammar. The merging of I ; L and V mentioned ab ov e, therefore, was crucial for the grammar to b e able to predict the third strand of the � -sheet in the test sequence. One apparent shortcoming of the exp erimental result w e just describ ed is that only one cop y of each of the rules ( � 1 ) ; :::; ( � 7 ) was present in the trained grammar. As a result, each of the acquired rules w as able to simply capture the distributions of amino acids at eac h residue position, and therefore w as not able to truly capture the correlations that exist b et w een residue positions, ev en if they are captured b y a single rule. In another exp eriment w e conducted using exactly the same data as in the ab ov e exp erimen t, w e used multiple copies (t w o in particular) of each of the � -sheet rules ( � 1 ) ; :::; ( � 7 ). (Randomly generated n um bers were used for the initial v alues of their probability parameters.) In the acquired grammar, some rules were split in to a pair of rules that signi�cantly di�er from each other, while others b ecame basically tw o

( a ) ( b ) Figure 5: (a) The parse of the test sequence and (b) its interpretation. copies of the same rule. An example of a rule that w as split is ( � 3 ) in Figure 4(a), and the t w o rules it split into are sho wn in Figure 6(a). This split is meaningful, b ecause in the new grammar, the join t distribution o v er the t w o no des at the top are seen to b e hea vily concen trated on ( K ; f N ; H g ) and ( N ; f R; K g ), which is �ner than what we had in the previous grammar ( f K; N g ; f N ; H ; R; K g ). This w a y , the grammar w as able to capture the correlation b etw een these residue p ositions, which are far from eac h other in the input sequence. The grammar con taining tw o copies each of the � -sheet rules obtained using training data for 1fas was used to predict a test sequence for b oth 1cdta and 1nxb. As b efore, the lo cations of all three � -strands were predicted exactly correctly . Interestingly , distinct copies of some of the split rules w ere used in the resp ective most lik ely parses for 1cdta and 1nxb. F or example, rule ( � 3 -1) w as used in the most likely parse for the test sequence for 1cdta, ( � 3 -2) for 1nxb. It seems to indicate that the training sequences for 1fas con tained at least t w o dep endency patterns for this b onding cite, as shown in Figure 6(b), and the corresp onding b onding cite in 1cdta was of the �rst type and 1nxb of the second. The p oint just illustrated is worth emphasizing. If one tried to capture this type of correla- tions that exist in b onding cites by a hidden Marko v mo del (HMM), it would necessarily result in a m uc h higher complexit y . F or example, supp ose that eigh t b onding cites in a row (sa y each with just tw o residue p ositions for simplicit y) are split into tw o distinct rules. Note that in an HMM, the eigh t rules would hav e to b e realized by tw o copies of consecutiv e states - sixteen states in a chain. Since there are 2 8 = 256 p ossible com binations of rules to use, the HMM w ould hav e to hav e 256 non-deterministic branches of state sequences, eac h corresp onding to a p ossible combination of the eight options. In the case of sto c hastic tree grammar, we only needed to hav e 2 � 8 rules. Clearly this h uge sa ving in complexit y is made p ossible by the ric her expressiv e p ow er of sto chastic tree grammars.

Parse for 1cdta P arse for 1nxb ( a ) ( b ) Figure 6: (a) Rules ( � 3 ) split into and (b) their in terpretations. 5 Concluding Remarks W e hav e describ ed a metho d for predicting protein secondary structures, using a class of sto chas- tic tree grammars as representational language for their amino acid sequence patterns. Our experimental results, admittedly , were of preliminary nature in whic h the test sequences w ere kno wn to contain relatively similar structures to those of the training sequences. In the future, w e hop e to demonstrate that our metho d can achiev e a high prediction accuracy on an arbi- tr ary test sequence, when equipp ed with a large catalogue of generalized patterns, expressed as SRNR G rules. References [1] N. Ab e. F easible learnability of formal grammars and the theory of natural language acquisition. In Pr o c e e dings of COLING-88 , August 1988. [2] N. Ab e and H. Mamitsuk a. A new metho d for predicting protein secondary structures based on sto c hastic tree grammars. In Pr o c e e dings of the Eleventh International Confer enc e on Machine L e arning , 1994. [3] K. Asai, S. Ha y amizu, and K. Onizuk a. HMM with protein structure grammar. Pr o c e e dings of the Hawaii International Confer enc e on System Scienc es , pages 783{791, 1993.

[4] T. L. Blundell, B. L. Sibanda, M. J. E. Sternberg, and J. M. Thornton. Kno wledge-based prediction of protein structures and the design of nov el molecules. Natur e , 326:347{352, March 1987. [5] J. U. Bowie, R. Luth y , and D. Eisen b erg. A metho d to iden tify protein sequences that fold into a kno wn three-dimensional structure. Scienc e , 253:164{170, July 1991. [6] C. Chothia. One thousand families for the molecular biologist. Natur e , 357:543{544, June 1992. [7] R. F. Do olittle, D. F. F eng, M. S. Johnson, and M. A. McClure. Relationships of h uman protein sequences to those of other organisms. Cold Spring Harb or Symp. Quant. Biol. , 51:447{455, 1986. [8] S. Eddy and R. Durbin. Rna sequence analysis using cov ariance mo dels. Nucleic A cids R ese ar ch , 22:2079{2088, 1994. [9] U. Hob o em, M. Scharf, R. Schneider, and C. Sander. Selection of a represen tativ e set of structures from the Bro okhav en protein data bank. Pr otein Scienc e , 1:409{417, 1992. [10] F. Jelinik, La�ert y , and R. Mercer. Basic metho ds of probabilistic con text free grammars. IBM R ese ar ch R ep orts , RC16374(#72684), 1990. [11] Aravind K. Joshi, Leon Levy , and Masako T ak ahashi. T ree adjunct grammars. Journal of Computer and System Scienc es , 10:136{163, 1975. [12] A. Krogh, M. Brown, S. Mian, K. Sjolander, and D. Haussler. Hidden marko v mo dels in computational biology: Applications to protein mo deling. J. Mol. Biol. , 235:1501{1531, 1994. [13] H. Mamitsuk a and K. Y amanishi. Protein secondary structure prediction based on sto c hastic-rule learning. In Pr o c e e dings of the Thir d Workshop on Algorithmic L e arning The ory , pages 240{251, 1992. [14] B. Rost and C. Sander. Prediction of protein secondary structure at b etter than 70 % accuracy . J. Mol. Biol. , 232:584{599, 1993. [15] Y. Sak akibara, M. Brown, R. C. Underwoo d, I. S. Mian, and D. Haussler. Sto c hastic context-free grammars for mo deling RNA. In Pr o c e e dings of the 27th Hawaii International Confer enc e on System Scienc es , volume V, pages 284{293, 1994. [16] C. Sander and R. Schneider. Database of homology-derived structures and the structural meaning of sequence alignment. Pr oteins: Struct. F unct. Genet. , 9:56{68, 1991. [17] D. B. Searls. The computational linguistics of biological sequences. In L. Hunter, editor, Arti�cial Intel ligenc e and Mole cular Biolo gy , chapter 2. AAAI Press, 1993. [18] K. Vija y-Shank er and A. K. Joshi. Some computational prop erties of tree adjoining gram- mars. In 23r d Me eting of A.C.L. , 1985.