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Abstract

One of the open problems in the area of domain-specific
languages is how to make domain-specific language devel opment
easier for domain experts not versed in a programming language
design. Possible approaches are to build a domain-specific
language from parameterized building blocks or by language
(grammar) induction. This paper uses an evolutionary approach to
grammar induction. Grammar-specific genetic operators for
crossover and mutation are proposed to achieve this task.
Suitability of the approach is shown by small experiments where
underlying grammars are successfully genetically obtained and
parsers are than automatically generated.

1. Introduction

Genetic programming [6] is a successful technique for
getting computers to automatically solve problems. It has been
successfully used in a wide variety of problems [1] such as data
mining, text and image classification, robotic control, etc. In
genera, genetic programming works well for problems where
solutions can be expressed with a modestly short program. For
example, methods working on typical data structures such as
stacks, queues and lists have been successfully evolved using
genetic programming in [8]. However, we could not expect that
large and complex programs (e.g. parsers/compilers) can be
genetically evolved using current genetic programming
techniques. Therefore, our goal to genetically generate a compiler
for a domain-specific language seems to be too hard a problem
using just the genetic programming approach. However, it is a
well known fact that not just a complete compiler/interpreter but
also other language-based tools such as language-knowledgeable
editors, type checkers, animators, etc. can be automatically
generated from formal language specifications [4]. Such formal
language specifications for general-purpose programming
languages are till too large. On the other hand, specifications for
domain-specific languages, also called little languages, are small
enough that we can expect that a successful solution can be found
using genetic programming.
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A programming language is formally specified with lexical,
syntax and semantic specifications. For lexical and syntax
specifications amost standard formalisms exist:  regular
definitions and BNF (Backus-Naur Form). No such standard
method exists for semantic specifications. The most convenient
formalisms are attribute grammars, operational semantics,
denotational semantics, and algebraic specifications. Nowadays
many sophisticated compiler generators exist, which automatically
generate a compiler/interpreter and other language-based tools
from forma specifications. However, writing language
specifications is not an easy task. Since domain (application)
experts are not also language design experts one of the possible
solutions is that such specifications can be evolved using genetic
programming. Combining genetic programming and specification
languages is a novel approach in genetic programming as stated in
[1, page 83]: “Would it be possible to evolve programs on the
level of an algebraic specification that only later on would be
translated into code? To our knowledge, nobody has tried GP on
this level yet, but it might be a fruitful area to work on.” In
presented research work we are using LISA specifications [10,
11], which can be seen as a domain-specific language for
expressing the syntax and semantics of the underlying language.

2. Related Work

The impact of different representations of grammars was
explored in [14] where experimental results shows that an
evolutionary algorithm using standard context-free grammars
(BNF) outperforms those using Greibach Normal Form (GNF),
Chomsky Normal Form (CNF) or bit-string representation [9].
The reason is that GNF and CNF tend to have more rules and
more symbols than the equivalent grammar in standard form and
hence the grammar search space is larger. Moreover, standard
form (BNF) is likely to possess better building blocks on which
the evolutionary algorithm may search the problem space than
GNF or CNF. The experimental assessment in [14] was very
limited due to the large processing time (processing of one
generation had taken several hours; using our system processing
of one generation takes just few seconds). This was due to use of
the chart parser, which is used commonly in a natural language
parsing and can accept also ambiguous grammars. With this
approach a grammar was successfully inferred for the language of
correctly balanced and nested brackets.

In [2] a genetic approach was used for inferring grammars of
regular languages only and compared with the RPNI (Regular
Positive and Negative Inference) algorithm [12] which can
identify any regular language in the limit. Experiments show that
the genetic approach is comparable to other grammatical inference
approaches. Grammatical inference (grammar induction or
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language learning) is a process of learning of a grammar from
training data. Researchers have developed various agorithms,
which all have in common that the largest class of languages,
which can be efficiently learned by provably converging
algorithms are regular languages. In the case of learning context-
free grammars more information is required than a set of positive
and negative samples, e.g. a set of skeleton parse trees [13].
Therefore, learning context-free grammars is still area chalenge
in grammatical inference[5].

Machine learning of grammars finds many applications in
syntactic pattern recognition, computational biology, natura
language acquisition, etc. In this paper a new application of
grammatical inference is suggested. Development of domain-
specific languages is a hard problem for domain experts not
versed in a programming language design. We believe that syntax
of asmall domain-specific language can be inferred from positive
and negative programs provided by domain experts. Our work is
also related to renovation and legacy systems where renovation
tools can be rapidly build once a grammar is available. However,
current grammar inference techniques are not able to infer
grammars of genera-purpose programming languages (e.g.
Cobol) [7].

3. Genetically Generated Grammars
Genetic programming (GP) is the latest evolutionary
approach in which an evolving population consists of computer
programs. Each member of the population, a chromosome,
represents a possible solution in the search space of all possible
programs. Since the search space, al possible programs written in
a chosen programming language, istoo large it is restricted by the
user-defined function set ¥ and the termina set 7. The set 7
contains variables and constants and the set # functions that are a
priori believed to be useful for the problem domain [6]. The
selection of sets 7 and # is one of the most important tasks in
genetic programming since functions, variables and constants
should be powerful enough to be able to represent a solution to
the problem. In our case the population consists of LISA language
specifications from which a parser is automatically generated.
Language specifications consist of lexical, syntax and semantic
specifications. To obtain quick preliminary results and to show
that our approach is feasible we start our work on grammar
induction first. The other reason is that semantics can be defined
for i =1 to pop_size
grammar _si ze[i] =
for j =1 to grammar_size[i]
LHS[i][j] =
RHS size[i][j] =
for k =
VITTi]Lk] =
endf or
if RHS_size[i][]j]
add production LHS[i][]]

el se
add production LHS[i][j] -VIil[j][1]
endf or
create grammar[i]
endf or

randomNunber ( 1,

= 0 then

only when syntax is aready correctly inferred. Hence, in the
discussion below only the grammar induction and genetically
generated grammars are discussed.

For effective use of an evolutionary agorithm we have to
choose a suitable representation of the problem, suitable genetic
operators and parameters, and the evauation function to
determine the fitness of chromosomes. All of these are discussed
in asequel. Our GP system has the following parameters:

e standard GP parameters
0 G maximum number of generations
0 pop_size: size of the population
0 P crossover probability
0  pPp: mutation probability
e parametersthat prevent grammars from becoming too large
0 max_prod_size: maximum number of productions
of one grammar
0 max_RHS size: maximum number of right-hand
symbols of one production
*  pn heuristic operators probability (explained below)
e pq: delete operator probability (explained bel ow)

In addition to the above control parameters the input to every

GP system are the set of terminals 7 and the set of functions #. In
our case, the set 7 consists of termina symbols defined with
regular expressions and the set # consists of nontermina symbols.
For example, if a grammar for arithmetic expressions with the
only operator + is to be inferred, the following sets 7and # might
be appropriate:

7= {int,

F={E T}
where terminal symbols are defined with following regular
expressions:

i nt [0-9] +

operator \+

operator}

Our GP system starts with a population of randomly
generated grammars. This initialization phase is done by the
following agorithm:

max_prod_si ze)

randomy select element fromthe set 7
randomNunber (0, max_RHS_si ze)

1 to RHS size[i][j]

randomy select elenment fromthe set 70 ¥

- €&

VIiT[iT[RAS size[i][j]]
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3.1 Representation

For the encoding of a grammar into a chromosome we used a
direct encoding as a list of production rules as suggested in [14]
since this encoding outperforms bit-string representations. Among
different context-free grammar formalisms such as Greibach
Normal Form (GNF) and Chomsky Normal Form (CNF) the
standard and the most general notation has been used (BNF).

3.2 Genetic Operators

The specific one-point crossover, mutation and heuristic
operators have been proposed as genetic operators. The one-point
crossover is performed in the following manner. Two grammars
are chosen randomly with probability p.. They are cut at the same
random position and the second halves are swapped between two
grammars. To ensure that after crossover the two offspring were
both legal grammars the breakpoint position could not appear in
the middle of the production rule. Furthermore, the breakpoint
position is chosen randomly from the smallest of two grammars
selected for crossover. Hence, grammars are able to change the
length through crossover. An example of the crossover is
presented in Fig. 1.

Crossover
E-intT ) E-TE ‘/point
T - operator E T - operator E
T« T ¢
ELTE E-intT
E-T E-T
EL E-e
T-¢ T-¢

Fig. 1: The crossover operator

After crossover, all grammars undergo mutation. The
chromosome gr anmar [ i ] is chosen randomly with probability
Pm, Next the productionrulej (j =1.. granmmar _si ze[i])and
symbol V[i1[j]1[k] (k=0..RHS_size[i][]j]) are chosen
randomly. In the case that the left hand nontermina LHS is
selected (k=0) then this nontermina is changed to another
nonterminal symbol. Otherwise the symbol is randomly replaced
with any terminal or nontermina symbol. An example of the
mutation operator is presented in Fig. 2.

Mutation point

E_>intAT/

TS EE

' E-intT

T - operator E

Fig. 2: The mutation operator

To ensure that after crossover and mutation (also in the
initialization phase when chromosomes are randomly generated) a
chromosome represents a legal grammar a specia procedure is

performed where non-reachable or superfluous nonterminal
symbols are detected and eliminated.
To enhance the search, the following heuristic operators have
been proposed:
e option operator,
e iteration* operator and
e iteration+ operator
which exploit the knowledge of grammars, namely extended BNF
(EBNF), where often grammar symbols appear optionaly or
iteratively. Heuristic operators work in a similar manner as the
mutation operator. The chromosome grammar [i] is chosen
randomly with probability pn,, next the production rule j
(=1..granmar _size[i]) and symbol V[i][j][k]
(k=1..RHS size[i][]]) are chosen randomly. The symbol
VIi][j][k] can then appear optionally or iteratively. The
following transformation on a grammar is performed under the
option operator:
LHS[IT[I] - MIiT0i][1]
VI T[]k
VIi1[j]1[RAS size[i][j]]
=> (option operator)
LHS[iTI] - MIiT0i][1]
Willjllk]
VIi1[j]1[RHAS size[i] [j]]
Willjllkl — MVIiI[jl[kK]
Willjllk] - e
where the symbol Wi ][j][K] is afresh nontermina symbol

which does not appear before in gr anmar [ i ] . An example of
the option operator is presented in Fig. 3.

Option point
E-intT // E-intT
T — operator E q T - operator F
T-¢ T-¢
F-E
F-e

Fig. 3: The option operator

Similar transformations on grammars are performed under
iteration* and iteration+ operators. In addition to heuristic
operators the following delete operator is also useful. The job of
the delete operator is to randomly remove a production from a
grammar. The chromosome gr ammar [i ] is chosen randomly
with  probability pg, next the production rule j
(j =1. . granmar _si ze[i]) is chosen randomly and is deleted
fromthegranmmar [i] .

3.3 Evaluation of chromosomes

Chromosomes were evauated at the end of each generation by
testing each grammar on a sample of positive and negative
statements. For each grammar in the population an LR(1) parser
was automatically generated using the compiler generator tool
LISA [11]. The generated parser was then run on fitness cases
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(Fig. 4). A grammar’s fitness value is proportional to the length of
the correctly parsed positive sample (better grammars recognized
a bigger portion of the positive sample). Further, we are using
penalty functions for those grammars which recognize also
negative samples. The fitness value of each grammar is between 0
and 1, where interval 0 .. 0.5 denotes that grammar did not
recognized all positive samples and interval 0.5 .. 1 denotes that
grammar recognized all positive samples and did not reject all
negative samples. A grammar with fitness value 1 means that the
generated LR(1) parser successfully parsed all positive samples
and none negative samples. For the given gramar[i] its
fitness fj (grammar [i]) on the j-fitness case is defined as:

fitness cases

(positive and
negative samples)

run parser on each

Sucessfulness of .
fitness case

parsing

fitness value

fi(grammar[i]) = s/ (!l ength(program)*2)

where

s = length(successfully parsed program)

The total fitness f (grammar [i]) is defined as:
f(grammar[i]) = (™% fx(grammar[i]))/N

If a grammar correctly recognized all positive samples than it is

tested also on negative samples. Its fitness value is defined as:

f(grammar[i]) = 1.0 - (m M2)

where

m = nunber of recognized negative sanpl es
M = nurmber of all negative sanples

Population  of
grammars

=

Test

grammars

Selection

gg?:gfted for eaq@ Crossover  and
p ?r:gmmar n mutation
LISA compiler population
parser generator
generation
Fig. 4: The evaluation of chromosomes
o F - #intT
4. Preliminary Results T _ #operator #int T
Although we have already achieved some interesting T.¢

experimental results our research work is still in a preliminary
stage. Descriptions of our experiments follow.

Experiment No. 1: The evolution of a grammar for simple
arithmetic expressions

G = 30, pop_size = 300, p. = 0.65, p, = 0.20,

max_prod_size = 4, max_RHS_size =4, p,=0,pg=0

7= {int, operator} with regular definitions:

int [0-9]+

operator \+

F={E, T F}

pos_num_cases = 1

prog;=5+20+ 4 +12
Best solution was found (fitness value: 1) in generation no. 32:

F - #operator F

F-e

F - #intF
This experiment clearly shows the well-known problem of over-
generalization [3]. The generated grammar successfully parsed the
given program; on the other hand it successfully parsed also many
illegal arithmetic expressions such as: + 5 + or 5 4 3. Hence,
fitness cases have to contain also negative samples. When
negative samples (+ 2; 1+ 2 +; + +) and heuristic operators have
been included the following grammar has been obtained in
generation no. 14:

Experiment No. 2: The evolution of a grammar for robot
movement with reserved words
G =50, pop_size =300, p.=0.5, p, = 0.1,
max_prod_size =5, max_RHS_size =4, p,=0.3. p4=0
7= {Command, Begin, End} with regular definitions:
Command left | right
Begin begin
End end
F={S,E, T,F, R}
pos_num_cases = 3
prog; = begin left right end
prog, = begin left right left left end
progs = begin left left right right right left left left end
neg_num_cases = 3
prog; = left right end
prog, = begin begin left right end
progs = begin left left right
Best solution was found (fitness value: 1) in generation no. 10:
F - #Begin T #End
T - #Command T
T - epsilon

Experiment No. 3: The evolution of nesting block grammar
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G =50, pop_size= 300, p. = 0.55, p,, = 0.35, p, = 0.3,

max_prod_size = 6, max_RHS size=4

7= {Begin, End} with regular definitions:

Begin begin

End end

F={S,E, T,F, R}

pos_num_cases= 3

prog; = begin end

prog, = begin begin end end

progs = begin

begin end
begin begin end end
end

neg_num_cases=4

prog; = begin

prog, = end

progs = begin begin end

prog, = begin end end
Best solution was found (fitness value: 1) in generation no. 4:

E - #Begin T #End

T-ET

T - epsilon
Experiments show that heuristic operators greatly improve the
search and induced grammars are better.

5. Conclusions and Future Work

Many programming language related problems such as
renovation problems [7] and development of domain-specific
languages could be solved by grammatical inference. However,
learning context-free grammars is still a rea challenge in
grammatical inference [5]. They were some attempts of learning
context-free grammars using evolutionary algorithms [9, 14] with
little success on real examples. We extend these works by
grammar-specific heuristic operators, which greatly improve the
search and induce better grammars. We would like to pursue
further research on grammar inference in a manner that not only
syntax but also semantics can be inferred from a given set of data.
This can be achieved with another genetic programming system
applied on attribute grammar when a context-free grammar is
already successfully induced. We suggest that this is not done
simultaneously but rather as a two-stage process. To our
knowledge nobody has tried this yet. Our future work is to
automatically generate a complete compiler from examples, not
just a parser.
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