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 Background: The finite head automata including huge number of moves which is the 
main propose of this study with tests on approximations of language grammar. These 

grammars usually arise to a huge amount of machine with huge number of moves. This 

paper defines a number of subset structured procedures which treat moves. The tests 
have been proved that algorithms differ extremely in practice with both measuring the 

size of the results and practical efficiency. Moreover, the tests showed that the average 

number of moves per state could be utilized to predict algorithm which is the fastest 
way for input. 
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INTRODUCTION 

 

 Finite-state machines have been used in many areas of computational linguistics. Their use can be justified 

by both linguistic and computational arguments. Linguistically, finite automata are convenient since they allow 

one to describe easily most of the relevant local phenomena encountered in the empirical study of language. 

They often lead to a compact representation of lexical rules, or idioms and clich´es, that appears as natural to 

linguists (Gross, 1989). Graphic tools also allow one to visualize and modify automata.  

 This helps in correcting and completing a grammar. Other more general phenomena such as parsing 

context-free grammars can also be dealt with using finite-state machines such as RTN’s (Woods, 1970). 

Moreover, the underlying mechanisms in most of the methods used in parsing are related to automata. From the 

computational point of view, the use of finite-state machines is mainly motivated by considerations of time and 

space efficiency.  

 Time efficiency is usually achieved by using deterministic automata. The output of deterministic machines 

depends, in general linearly, only on the input size and can therefore be considered as optimal from this point of 

view. Space efficiency is achieved with classical minimization algorithms (Aho, Hopcroft, and Ullman, 1974) 

for deterministic automata. Applications such as compiler construction have shown deterministic finite automata 

to be very efficient in practice (Aho, Sethi, and Ullman, 1986). Finite automata now also constitute a rich 

chapter of theoretical computer science (Perrin, 1990). 

 Grammars for spoken language systems are subject to the conflicting requirements of language modeling 

for recognition and of language analysis for sentence interpretation. Current recognition algorithms can most 

directly use finite-state acceptor (FSA) language models. However, these models are inadequate for language 

interpretation, since they cannot express the relevant syntactic and semantic regularities. Augmented phrase 

structure grammar (APSG) formalisms, such as unification-based grammars (Shieber, 1985a), can express many 

of those regularities, but they are computationally less suitable for language modeling, because of the inherent 

cost of computing state transitions in APSG parsers. 

 The above problems might be circumvented by using separate grammars for language modeling and 

language interpretation. Ideally, the recognition grammar should not reject sentences acceptable by the 

interpretation grammar and it should contain as much as reasonable of the constraints built into the 

interpretation grammar. 

 Consequently we started to think about ways to provide this information as quickly as possible. Obviously 

representing the grammar as a finite state machine would make lexical access prediction significantly faster. As 

we currently write our grammars in a high level formalism it seems wrong to throw that information away and 

start again. So we hope to find some from of compilation from feature grammars to finite state grammars. 
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 Of course, the first theoretical point to note is that feature grammars are in essence context free thus 

allowing more complex languages to be described than FSGs. For instance, there does not exist an equivalent 

finite state grammar for the context free grammar. 

S → a S b 

S → a b 

 Which describes the language an bn  where n is greater than or equal to 1. However, if we set a finite limit 

on n there does exist a possibly very large but finite FSM. Thus we could accept anbn only where n is greater 

than or equal to one but less than some finite number d. 

 

Basic concepts: 

 The following definitions are from Gallier 1986. Let S be a finite, nonempty set of sorts. An S-ranked 

alphabet is a pair (Σ,r) consisting of a set Σ together with a function r :Σ → S* x S assigning a rank (u,s) to each 

symbol f in Σ. The string u in S* is the arity of f and s is the type of f. 

 The S-ranked alphabets used in this paper have the following property. For every sort s = S there is a 

accountably infinite set Vs of symbols of sort s called variables. The rank of each variable in VS is (e,s), where 

e is the empty string. Variables are written as strings beginning with capitals for instance X, Y, Z. Symbols that 

are not variables are called function letters, and function letters whose arity is e are called constants. There can 

be only a finite number of function letters in any sort. 

 

The algorithm: 

 The current implementation accepts as input a form of unification grammar in which features can take only 

atomic values drawn from a specified finite set. Such grammars can only generate context-free languages, since 

an equivalent CFG can be obtained by instantiating features in rules in all possible ways. 

The heart of our approximation method is an 

 The heart of our approximation method is an algorithm to convert the LR(0) characteristic machine .M(G) 

(Aho and Ullman, 1977; Backhouse, 1979) of a CFG G into an FSA for a superset of the language L(G) defined 

by G. The characteristic machine for a CFG G is an FSA for the viable prefixes of G, which are just the possible 

stacks built by the standard shift-reduce recognizer for G when recognizing strings in L(G). 

 This is not the place to review the characteristic machine construction in detail. However, to explain the 

approximation algorithm we will need to recall the main aspects of the construction. The states of M(G) are sets 

of dotted rules A→ a .B [3 where A→ aB is some rule of G.M(G) is the determination by the standard subset 

construction (Aho and Ullman, 1977) of the FSA defined as follows: 

 The initial state is the dotted rule S’ → .S where S is the start symbol of G and S' is a new auxiliary start 

symbol. 

The final state is S' → S. 

The other states are all the possible dotted rules of G. 

 There is a transition labeled X, where X is a terminal or nonterminal symbol, from dotted rule A → a. X B 

to A → aX. B. 

There is an e-transition from A →a • BB to →, where B is a nonterminal symbol and B →a rule in G. 

 
Fig. 1: Characteristic Machine. 

 

Sequential transducers: 

 We consider here sequential transducers, namely transducers with a deterministic input. At any state of such 

transducers, at most one outgoing arc is labeled with a given element of the alphabet. Figure 1 gives an example 

of a sequential transducer. Notice that output labels might be strings, including the empty string _. The empty 

string is not allowed on input however. The output of a sequential transducer is not necessarily deterministic. 

The one in figure 1 is not since two distinct arcs with output labels bfor instance leave the state. 
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Fig. 2: Example of a sequential transducer. 

 

 Sequential transducers are computationally very interesting because their use with a given input does not 

depend on the size of the transducer but only on that of the input. Since that use consists of following the only 

path corresponding to the input string and in writing consecutive output labels along this path, the total 

computational time is linear in the size of the input, if we consider that the cost of copying out each output label 

does not depend on its length. 

 

Sub Sequential and Sub Sequential Transducers: 

 Sequential transducers can be generalized by introducing the possibility of generating an additional output 

string at final states (Sch ¨ utzenberger, 1977). The application of the transducer to a string can then possibly 

finish with the concatenation of such an output string to the usual output. Such transducers are called sub 

sequential transducers. Language processing often requires a more general extension.  

 Indeed, the ambiguities encountered in language – ambiguity of grammars, of morphological analyzers, or 

that of pronunciation dictionaries, for instance – cannot be taken into account when using sequential or sub 

sequential transducers. These devices associate at most a single output to a given input. In order to deal with 

ambiguities one can introduce p-sub sequential transducers (Mohri, 1994a), namely transducers provided with at 

most final output strings at each final state. 

 

 

 
Fig. 3: Sub Sequent Transducer. 

 

 Left sequential functions or transducers are those we previously defined. Their application to a string 

proceeds from left to right. Right sequential functions apply to strings from right to left. According to the 

theorem, considering a new sufficiently large alphabet allows one to define two sequential functions land 

decomposing a rational function f. This result considerably increases the importance of sequential functions in 

the theory of finite-state machines as well as in the practical use of transducers. 

 The parser must find the set of ground terms that derive the input string and check whether the start symbol 

is one of them. We have taken the rules of a unification grammar as an abbreviation for the set of all their 

ground instances. In the same way, the parser will use sets of terms and rules containing variables as a 

representation for sets of ground terms and ground rules. In this section we show how various functions needed 

for parsing can be computed using this representation. 

 

Methodology and Results: 

 For this experiment two tests have been collected. At the first test random automatic are obtained like to a 

number of criteria based on Leslie 1995. However, for the second test we focused on the results for a number of 

automata which surfaced actual development work on finite head techniques. An automatic is described by the 

number of transfers divided to the number of states multiplied by the symbols. Deterministic transition is the 

transform divided to the number of states by symbols. But it must be always define that the number of no 

duplicate transform which do not lead to a sink state.  
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 A sink state is a state from exists of no sequence of transform to a finial head. However, in the randomly 

states are accessible by structure of sink areas and dependent to transforms are not represented. In order to 

establish the differences we collected due to differences in the underlying algorithm but not because of 

accidental implementation.  

Figure 4 develops deterministic transform density. 

 

 
 

Fig. 4: Deterministic Transform Density. 

 

 Transform densities of between 0.02 and 0.4 for each of these transform densities deterministic jump 

densities were collected in the range of 0.1to 3.3. Figures 5 to 8 develop the outcomes of these tests are 

summarized by listing the average number of CPU time required for each deterministic jump by the help of 

automatic with 10 to 50 states. The striking aspect of these tests is that the integrated for per subset and per state 

variants are more than enough for longer deterministic densities.  

 

 
 

Fig. 5: Average Number of CPU Time for Each State of 10. 
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Fig. 6: Average Number of CPU Time for Each State of 15. 

 

 
Fig. 7: Average Number of CPU Time for Each State of 20. 

 
 

Fig. 8: Average Number of CPU Time for Each State of 25. 
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Conclusion: 

 We examined a number of variants of the subset structure algorithm for determining finite automatic 

including moves.  

Per subset and per state integration worked better while having a large number of moves. Per subset develops 

while increasing number of moves. 

The pergrapht is one of the choices algorithm for automatic including few moves. 

The pergraphtc is one of the interesting alternative in which it develops the smallest results. This must utilized 

when the input is expected many non accessible state. 

For the finite head there are some differences in speed between the various algorithms. 

 
Table 1: The automata obtained from algorithm. 

input output 

Id # of states # of transitions # of Jumps # of states 

Per graph 
FSM 

Per graph 
Per state 

Per graph 

G14 1105 308 1154 127 127 129 

Ovis4.n 1524 2154 417 145 134 98 

G13 1541 1152 1127 375 345 312 

Rene2 1700 2678 57 784 845 745 

Ovis9.p 1786 2854 2784 2485 2548 1285 

ygrim 2584 6458 8756 5 5 5 

Ygrim.p 25480 61254 112548 684 605 605 

Java19 48200 26244 57215 1845 1954 1754 

Java16 64210 41235 46251 3254 3251 3254 

Zovis3 86250 74251 65425 5274 6452 4365 

Zovis2 90251 79451 67451 6461 5482 5102 

 
Table 2: Automata obtained algorithms. 

CPU time (Sec) 

 grapht graphtc graphs graphsa subset state FSM 

G14 0.4 0.3 0.4 0.4 0.5 0.3 0.2 

Ovis4.n 0.8 0.9 0.7 1.1 0.8 0.4 0.5 

G13 0.8 0.6 0.5 0.5 1.5 0.5 0.3 

Rene2 0.1 0.4 0.3 0.3 0.3 0.4 0.5 

Ovis9.p 27.8 16.0 15.2 17.8 22.5 21.5 19.4 

ygrim - - - - 1.1 19.2 612.5 

Ygrim.p - - - - 524.2 - 5624.5 

Java19 54.2 66.4 51.2 43.0 24.6 17.1 3.4 

Java16 30.8 44.1 34.1 28.4 12.5 10.5 2.5 

Zovis3 712.5 552.1 - 417.5 352.1 405.8 315.2 

Zovis2 875.2 612.5 - 468.0 423.1 254.2 385.2 
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