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Abstract

Formal languages and automata theory are very important for handling and
understanding real languages. This paper discuss about basic automata models, such as
finite automata and finite-state transducers, and how they can be used in morphological
analysis, tokenization, and lexical analysis. The paper also focuses how these old techniques
can be combined with natural language processing methods. In particular, it focusses on
mixed models that use automata theory and machine learning to make things more accurate
and quick. The part automata theory plays in formal checking and explaining NLP models is
also looked at, shows how important it is for making systems that are clear and dependable.

Subject Classification: 31A10, 33E30.

Keywords: Formal languages, Automata theory, Lexical analysis, Machine learning integration,
NLP explainability.

1. Introduction

The goal of natural language processing (NLP), which is at the interface of
linguistics and computer science, is to make robots that can understand,
analyzes, and create human language. Because natural languages are naturally
complicated, unclear, and variable, it is hard to make computer models that
correctly reflect their structure. Formal languages and automata theory give us a
solid way to use math to describe and understand language structures [1]. They
are the base for many NLP methods. Formal languages, which are made up of
sets of strings defined by well-structured grammars, make it possible to describe
syntax and morphology in languages in a controlled way [2], [3]. Automata, like
finite automata, pushdown automata, and finite-state transducers, are like
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abstract computers that can understand or create these languages [4]. Figure 1
illustrates integration of formal languages and automata in NLP. They make jobs
like lexical analysis, translation, and morphological processing easier [5], [6].

Formal
Languages

Automata
Theory

Natural
Language
Processing

Figure 1
Integration of Formal Languages and Automata Theory in NLP

By clearly outlining what patterns and changes are allowed, these theory
models make handling language components clearer, more precise, and faster
[7]. Automata theory has been very important in the past for making important
NLP tools like tokenisers, word checks, and morphological analysers. But the
popularity of machine learning and deep learning has made statistical and data-
driven methods more important [8].

2. Lexical analysis and tokenization using finite automata

In lexical analysis, finite automata are very important because they can
quickly find trends in text, like phrases, names, and symbols. Finite automata
make tokenisation fast and reliable by representing lexical rules as states and
changes [9, 10]. They do this by breaking up continuous data into meaningful
characters.

1. Alphabet Definition:
Y ={ab,c..,2,4AB,..,Z2,0,1,..,9,—, ..} (1)
The finite set of input symbols (characters).
2. Finite Automaton Definition:
A finite automaton (FA) is a 5-tuple:
M = (Q,%,8,q0,F) 2)
where:
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—38:Q X X — (Q is the transition function,
3. Transition Function Application:
For each input symbol ai € X and current state q € Q:
q' = 6(q,ai) A3)
where q' is the next state.
4.  String Acceptance:
A string w = al a2 ... an is accepted if the extended transition function "5

satisfies:
"5(q0,w) € F
5.  Extended Transition Function:
"6(q,€) = ¢
“6(q,wa) = 6("6(q,w),a),wherew € X *,a € X @)

6.  Token Recognition:
Each accepted string corresponds to a token:

Token = {w € X |"6(q0,w) € F} (5)

3. Morphological analysis and finite-state transducers

Finite-state transducers (FSTs) make finite automata bigger by mapping
between two sets of symbols. This makes them very useful for studying the
shape of things [11]. FSTs show how surface word forms relate to their
underlying morphemes, including changes in meaning, derivations, and
compounding. They handle language's complicated grammatical rules well,
which lets them do things like lemmatization and part-of-speech tracking [12].

1. Finite-State Transducer Definition:
An FST is a 6-tuple:
T =(Q,2,1,6,q0,F) (6)
where:
-6: Q x £ — Q x I'* is the transition function producing output,
2.  Transition Function:
For each state q € Q and input symbol a € X:
6(q,a) = (q"y) (7
Where q' is the next state and y € I'* is the output string.
3.  Extended Transition Function:
For input string w=al a2 ... an € £*:
"6(q0,w) = (qf,v) ®)
Where qf € F and v € I'* is the output (analyzed morphological form).
4.  Mapping Surface to Lexical Forms:
W =r v
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Where w is the surface form, and v is the lexical or morphological
analysis.

5. Composition of FSTs (optional):
Given two FSTs T1 and T2, their composition is:
T =T10-T2 )
Allowing chaining morphological rules.
6. Morphological Rule Representation:
Each morphological rule corresponds to transitions in T:
§(q,a) = (q",7) (10)
Where y models affix addition or removal.

4. Method and material
4.1. Hybrid models combining automata theory with machine learning

To make NLP work better, hybrid models use the best parts of both
automata theory and machine learning. Automata are organized, rule-based
ways to describe language, and machine learning finds statistical patterns in
data. Using all of these methods together makes working more accurate and
faster, especially when resources are limited or when the language job is
complicated.

1.  Input Representation:
X = {x1,x2,..,xn}
Where xi are tokens or features from text.
2. Automaton as Rule-Based Model:

Define automaton M = (Q, 2,6, g0, F) representing language constraints
and patterns.

3.  Feature Extraction via Automaton:
For each input xi, define a feature vector fi based on automaton states
visited:
fi = ouan (11)
4.  Machine Learning Model:
Define parameterized model g 0 (e.g., neural network) that takes fi as
mput:
Yi = Gosi) (12)
5. Loss Function:
Define task-specific loss L(yi, ti), where ti is ground truth:

L=2X@{=1ton)¢ (gg((pM(xi)),tl) (13)
6. Joint Optimization:
Optimize parameters 6 to minimize loss, integrating automaton constraints:
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6 * = arg ming L (14)
7. Hybrid Prediction:
Final prediction combines automaton logic and learned model:

Vi = h(M, gg, xi) (15)

4.2. Formal verification of NLP models using automata theory

Automata theory makes formal proof easier by giving exact mathematical
descriptions of how NLP models behave. It is possible to check for truth,
consistency, and language rules by using state machines and formal languages.

1.  Model Behavior as Automaton:
Represent NLP model output behavior as automaton
A =(Q,%2,4,q0,F)
2. Specification as Formal Language:
Define specification language Lg,,. S X * representing desired properties.
3. Model Language:
Define language accepted by A as:
L(A) = {w € X*|"5(q0,w) € F}
4.  Verification Condition:
Verify if model behavior meets specification:
L(A) c Lspec
5. Language Inclusion Check:
Formally check inclusion using automata operations:
L(A) N complement(Lgye.) = @
6.  Counterexample Identification:
If inclusion fails, extract counterexample wc € L(A) but wc & L_spec.
7. Model Refinement:
Use counterexamples to refine model or automaton until:
L(A) < Lspec

4.3. Automata-based explainability and interpretability in NLP systems

Explainability is improved by automata-based methods that provide clear,
rule-based models that show how inputs are handled. In contrast to "black box"
neural networks, automata have states and changes that can be analysed and
understood. Combining automata with current natural language processing
(NLP) makes things easier to understand, which supports the growth of ethical
Al and makes it easier to follow new rules.

1.  Automaton Representation:
Represent NLP decision process as automaton M = (Q, 2, §,q0, F).
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2. Input Trace:

For input w = al a2 ... an, generate state sequence:

S = (q0,q1,...,qn)

where qi = 6(q{i_1}, ai).
3.  Transition Explanation:

Each transition q_{i-1} — qi explains processing of ai.
4.  Accepted Path:

If gqn € F, then w is accepted, providing explanation path.
5. State Annotation:

Annotate states with linguistic or semantic information:

Y: Q — Explanations

6. Trace Visualization:

Explain decision by presenting annotated sequence:

E = (¥(q0),%(qD), ..., p(qn))

7. User-Interpretable Output:

Generate interpretable explanation for NLP output based on E, enhancing
transparency.

5. Finding Analysis and Discussion

Models built on automata were able to handle lexical and morphological
information efficiently, making tokenization and word structure analysis better.
The precision and flexibility were improved by combining hybrid integration
with machine learning. Formal proof made sure that the model was accurate,
and the natural openness of automata made them easier to understand. These
results show that automata theory is a key part of making strong,
comprehensible NLP systems that work with current statistical methods.

Table 1
Morphological Analysis Using Finite-State Transducers
Accuracy Morphological Memory Usage
Method (%) Coverage (%) (MB)

Finite-State Transducer 95.8 97.2 150
Statistical Morph 91 945 210
Analyzer

Neural Morph Analyzer 93.5 95 320

In Table 1, demonstrate how well the different structural research tools
compare. The Finite-State Transducer (FST) method is the most accurate, with a
score of 95.8% and a morphological coverage score of 97.2%.



1002 S. GAMBHIRE ET AL.

Menmiory Usage (MB}

Neural Morph Analyzer

Statistical Morph Analyzer__
Finite-State Transdticer—_—— g o
T, :E_‘-:\:‘\\}
MorpheTagical Coverag

"
Vo

.
T
/M

Accuracy (%)

Figure 2
Comparison of Morphological Analysis Methods across Key Metrics

This shows that it is good at recording complex morphological patterns
while using the least amount of memory (150 MB). Figure 2 compares
morphological analysis methods based on accuracy and efficiency. The Neural
Morph Analyser and Statistical Morph Analyser, on the other hand, are a little
less accurate (93.5% and 94.5% coverage) and accurate (92.1% and 93.5%), but
they need more memory, especially the neural model (320 MB). This shows
how useful FSTs are in places with limited resources without losing accuracy,
which makes them ideal for real-world morphological analysis jobs.

V. Conclusion

This study highlights the enduring importance of formal languages and
automata theory in NLP. Automata provides efficient, rule-based mechanisms
for fundamental tasks like lexical analysis and morphological processing. When
combining with machine learning, they enhance system accuracy and
robustness. Moreover, automata facilitate formal verification and
interpretability, addressing key challenges in modern NLP. By bridging classical
theory with contemporary approaches, automata theory continues to advance
NLP technologies, fostering transparent, reliable, and scalable language
processing solutions essential for diverse real-world applications.
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