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ABSTRACT

This work presents a comprehensive review of the Viterbi algorithm’s applications in pattern recognition
and natural language processing (NLP). Originally developed for decoding convolutional codes, the Viterbi
algorithm has become a cornerstone technique for maximum a posteriori (MAP) sequence estimation in
Hidden Markov Models (HMMs). The paper outlines its theoretical foundation as a dynamic programming
method that efficiently identifies the most probable sequence of hidden states given observed data. It then
explores numerous domain specific adaptations such as modified trellis structures, context aware decoding,
beam search pruning, and finite state machine optimisations that enhance performance across diverse tasks.

These applications span distorted pattern recognition, named entity recognition (NER), stochastic grammar
parsing, sign and gesture recognition, contextual text recognition, language testing, letter to phoneme con-
version, and multilingual translation. In each domain, Viterbi based approaches consistently outperform
traditional baselines by improving accuracy, reducing computational complexity (often from exponential
or cubic to linear or quadratic time), and increasing robustness to noise and temporal distortions. The
review also highlights recent innovations integrating Viterbi decoding with deep learning, parallel computing
(e.g., GPU acceleration), and multimodal inputs.

A unified conceptual framework illustrates how multimodal inputs are processed through feature extraction
and probabilistic modelling before Viterbi based decoding yields optimised decisions. Despite its maturity,
the algorithm remains highly relevant due to its optimality, interpretability, and efficiency. However,
challenges persist including scalability in large state spaces, integration with modern neural architectures,
and the need for explainable, user centric decoding. The paper concludes that the Viterbi algorithm is not
obsolete but evolving, with ongoing research poised to further extend its utility in intelligent, real time
systems.
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1. Introduction

Probabilistic modelling plays a central role in modern pattern recognition and language processing systems,
where ambiguity, noise, and temporal dependencies are inherent. Among decoding techniques, the Viterbi
algorithm remains one of the most widely used due to its optimality and computational efficiency. Originally
introduced for convolutional code decoding, the algorithm has since been adapted to a wide range of stochastic
models, particularly Hidden Markov Models (HMMs).

With the growth of data driven approaches in natural language processing (NLP), speech recognition, and
multimodal interfaces, numerous variants of the Viterbi algorithm have been proposed to address domain-
specific challenges. These include modified trellis structures, context aware decoding, and automaton-based
optimizations. This review consolidates research efforts across these domains and presents them in a unified,
systematic manner.

2, Potential of the Viterbi Algorithm

The Viterbi algorithm is a dynamic programming approach for finding the maximum a posteriori (MAP) state
sequence in a stochastic model. In a hidden Markov model (HMM), the underlying finite state Markov chain is
not directly observable; rather, it is inferred from an associated observation process. Our goal is to estimate
the unobserved state sequence of this Markov chain. The most commonly used approach for this task is the
maximum a posteriori (MAP) path estimator, which identifies the most probable sequence of hidden states
given the observed data. This estimator can be computed efficiently using the Viterbi algorithm (Viterbi,
1967) a method widely employed in applications such as coding theory, inter symbol interference correction,
and speech recognition. [1]

Much of the Bayesian literature on hidden Markov models (HMMs) see, for example, Cappé, and others [2, 3,
4, 5, 6] focuses on HMMs and Lember et al on Markov chain Monte Carlo (MCMC) methods [7, 8] When the
objective is to estimate the underlying hidden state sequence corresponding to a given observation sequence,
a task commonly referred to as segmentation (also known as decoding or denoising) various Gibbs sampling—
based approaches are frequently employed, including techniques such as simulated annealing While decoding
stochastic regular languages can be achieved in linear time, extensions to richer grammatical formalisms—
such as stochastic context free or linear grammars often increase computational complexity. Modified Viterbi
algorithms have been proposed to reduce these costs from cubic to quadratic time by constraining derivations
or exploiting structural properties of the grammar.

Oskar Soop [9] demonstrated that, although the problem remains NP-hard, the use of tight upper and lower
bounds, particularly when combined with m Viterbi approximations, can substantially reduce the number of
candidate paths explored. This approach significantly outperforms exhaustive search in computational
complexity and enables practical computation of Viterbi paths in TMMs of moderate size. Moreover, it enables
early stopping during the search process, while still providing rigorous upper and lower bounds on the optimal
path probability. Fishel [10] proposed a new TBD algorithm that combines dynamic programming with deep
learning. It integrates a deep neural network (DNN) into the Viterbi algorithm to reduce computational
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complexity through state aware pruning and avoids the need for an explicit measurement model. The approach
is validated using realistic Range Doppler radar data and shows improved detection of weak targets in noisy,
cluttered environments. Hassan Razavi et al. [11] introduced a method to accelerate maximum a posteriori
(MAP) trajectory estimation in continuous-time stochastic systems. By recasting the problem as an optimal
control problem using the Onsager Machlup functional, the authors enable parallel in time computation via
associative scan algorithms. This yields parallel versions of the Kalman Bucy filter and Rauch Tung Striebel
smoother in linear Gaussian settings, extended to nonlinear models via Taylor expansions. GPU experiments
confirm significant computational speedups without sacrificing accuracy.

3. Conceptual Framework for Viterbi-Based Systems

Viterbi-based systems rely on HMM elements: hidden states, transition probabilities between states, emission
probabilities for observations from states, and initial state probabilities. These define the probabilistic model
in which observations are the visible outputs of unobserved states. Systems apply Viterbi decoding in digital
communications for error correction in noisy channels, speech recognition to map audio to word sequences,
bioinformatics for gene prediction, and robotics for path localisation. [12 Variants include beam search for
pruning low probability paths, logarithmic scaling to avoid underflow, and parallel implementations for speed;
these adapt the framework to large scale or real time systems.[13]
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Figure 1. Conceptual framework illustrating the role of the Viterbi algorithm and its
modified variants in pattern recognition and language processing systems
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The framework highlights the flow from multimodal input data through feature extraction and probabilistic
modelling to Viterbi-based decoding and optimised decision making. Modified trellis structures and context-
aware decoding enable efficient pruning of irrelevant hypotheses, thereby improving accuracy and reducing
computational complexity across applications such as named entity recognition, sign language recognition,
language testing, and multilingual translation. The Viterbi algorithm combines the advantages of big data
frameworks and hidden Markov models to solve the decoding problem for large-scale multidimensional data.
[14]

Figure 1 presents a unified conceptual framework illustrating how Viterbi based systems operate across domains.
The framework begins with multimodal inputs (text, speech, gestures, distorted patterns), followed by feature
extraction and probabilistic modelling. The core decoding stage employs either standard or modified Viterbi
algorithms, enabling early pruning of irrelevant hypotheses. The optimised decision layer produces application-
specific outputs such as recognised entities, translated text, or decoded gestures.

This framework demonstrates that, despite differences in input modalities and end tasks, most applications
share a common probabilistic decoding backbone centred on the Viterbi algorithm.

4. Viterbi Algorithm Applications Across Domains
We plan to provide a comparative overview of how the Viterbi algorithm (or its variants) has been applied

across various application domains to improve performance relative to baseline methods. It includes and is
structured around six key columns:

Applic.ation Evaluation| Baseline Viterbi- Computational | Reported
Domain Metrics Method Based Complexity |Performance
Improvement Gains
Distorted Accuracy, Exhaustive | Modified Reduced from Higher recognition
Pattern. _ Error Rf"te’ pattern trellis Viterbi | exponential to | accuracy with
Recognition | Processing | matching with early near-linear significant
Time pruning reduction in
decision time
Named .E.ntity Precision, Rule-based | Context-aware | Linear in Improved Fi1-
Recognition [ Recall, F1- / greedy Viterbi sequence length [ score and stable
(NER) score decoding sequence boundary
decoding detection
Stochastic Parsing CYK-style Extended Reduced from Faster parsing with
Grarpmar accuracy, parsing Viterbi O(n3) to O(n2) comparable or
Parsing Likelihood parsing improved
score accuracy
Sign Lapguage Recognition | Template HMM + Linear in frame | Robust temporal
Recognition | rate, matching Viterbi sequence alignment and
Latency decoding length real-time
recognition
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Gesture Accuracy, Frame-wise | Standard | Linear Improved
Recognition Robustness to classifiers Viterbi robustness
noise against temporal
distortions
Contextual Word accuracy, | Independent | Context- Linear Increased
Text Context symbol sensitive robustness
Recognition consistency decoding Viterbi under noisy or
ambiguous input
Language Scoring Manual / Viterbi- Linear Faster evaluation
Testing consistency, heuristic based with consistent
Systems Processing scoring decoding scoring outcomes
speed
Letter-to- Phoneme Naive FSM- Linear with | Large runtime
Phoneme accuracy, Viterbi optimized | reduced reduction with
Conversion Runtime Viterbi constant minimal accuracy
factor loss
Machine-Aided| Parse accuracy, | Rule-based Viterbi- Polynomial Improv.ed
Translation Disambiguation | parsing assisted syntactic
rate disambig- ambiguity
uation resolution
Multilingual Translation Single- Viterbi- Linear— Improve'zd
Translation accuracy, modality based polynomial tran‘sl'a'tlon
Systems Response time translation multimodal flexibility and
decoding user adaptation

Table 1. Performance Metrics of Viterbi Algorithm

Table 1. summarises the key performance metrics used to

Applications Across Domains

evaluate Viterbi-based systems across multiple application domains,
highlighting improvements in accuracy, robustness,

and computational efficiency

relative to baseline methods
4.1 Application Domain
This column lists various fields in which the Viterbi algorithm has been employed. The research on the
performance of three Turbo decoding algorithms Soft Output Viterbi Algorithm (SOVA), Logarithmic Maximum
A Posteriori (Log-MAP), and Maximum A Posteriori Probability (MAP) with a focus on their efficacy in ensuring
reliable biomedical signal transmission for real-time telemedicine applications, contributes to enhancing the
dependability and quality of telemedicine systems. [15] Viterbi decoders are extensively applied in comm-
unication systems, natural language processing (NLP), and other domains [16]. The Viterbi algorithm is a
dynamic programming algorithm that solves fundamental problems in Hidden Markov Models and is used in
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real world applications such as big data and multimodal data [17]. Parts of Speech Tagging utilising a Modified
Viterbi Algorithm performs exceptionally well. [18J. The errors in Micro Doppler Trajectory Estimation are
highly reduced when the Viterbi Hough Joint Algorithm is used. [19] The curve extraction algorithm for multi-
component m D signals based on the reassociation Viterbi algorithm is crucial for target recognition of space
targets. [20] Leveraging the modelling capabilities of Hidden Markov Models (HMMs) and the decoding efficiency
of the Viterbi algorithm (VA), this paper proposes a VA based scheme that successfully recognises ten common
badminton strokes in real time, as demonstrated by experimental results. [21]. The Viterbi algorithm is adapted
to extract reliability information within the turbo decoder, and when this soft information is incorporated
back into the Viterbi decoding process, it yields a soft output version known as the Soft Output Viterbi Algorithm
(SOVA). [22]

These applications include the following, but are not limited to:

¢ Distorted Pattern Recognition

e Named Entity Recognition (NER)

e Stochastic Grammar Parsing

e Sign Language Recognition

¢ Gesture Recognition

e Contextual Text Recognition

e Language Testing Systems

e Letter-to-Phoneme Conversion

e Machine-Aided Translation

e Multilingual Translation Systems

These domains include natural language processing, computer vision, speech processing, and educational
technology. enables a wide range of data driven applications, such as speech recognition [22, 23, 25, 26]. For
the speech recognition task considered, FLASH-BS Viterbi achieves a 69.5x speedup with only a 0.05% increase
in error, demonstrating substantial gains in efficiency. [13]

4.2 Evaluation Metrics

The Viterbi algorithm is employed in speech and character recognition tasks, in which speech signals or
characters are represented by hidden Markov models, as evidenced by numerous studies. The Viterbi algorithm
is applied in digital communication systems and in speech and character recognition. [27]. The confidence
score and vector as two indicators responsible for evaluating the Viterbi model internally before assessing the

final results. [28] The Viterbi algorithm achieves an accuracy of 86.34%, surpassing the state of the art POS
taggers for the Indian languages. For each domain, specific metrics are used to assess system performance.
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[29] Examples include:

e Accuracy, Error Rate, Processing Time (for pattern recognition)

e Precision, Recall, Fi-score (for NER)

e Parsing accuracy, Likelihood score (for grammar parsing)

e Recognition rate, Latency (for sign language)

e Word accuracy, Context consistency (for text recognition)

¢ Scoring consistency, Processing speed (for language testing)

¢ Phoneme accuracy, Runtime (for letter-to-phoneme conversion)

These metrics reflect both effectiveness (e.g., accuracy, Fi-score) and efficiency (e.g., latency, runtime).
4.3 Baseline Method

This column identifies the traditional or non Viterbi approach used before applying the Viterbi algorithm.
Aligning phrase pairs from comparable sentences and evaluating the utility of the extracted phrases by using
them directly in the MT decoder are more effective. [30].The parsers in languages use hidden non Viterbi
structures and can be relexicalized and adapted using unlabeled target language data. Examples include:

e Exhaustive pattern matching

¢ Rule-based or greedy decoding

e CYK-style parsing (a classic dynamic programming parser for context-free grammars)

e Template matching

e Frame-wise classifiers

e Independent symbol decoding

e Manual or heuristic scoring

¢ Naive Viterbi (in one case, indicating further optimisation was possible)

¢ Rule-based parsing

¢ Single-modality translation
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These baselines typically suffer from limitations such as high computational cost, poor handling of sequential
dependencies, or limited contextual awareness.

4.4 Viterbi-Based Improvement

The Viterbi algorithm yields the best Conditional Random Field scores on social media texts [31]. For the
Personalised Drug Prescriptions Decision Support System, the variants of the enhanced Viterbi algorithm play
a central role. [32]

Describes the specific variant or adaptation of the Viterbi algorithm introduced in each domain:

e Modified trellis Viterbi with early pruning (for faster decisions in pattern recognition)

e Context-aware Viterbi sequence decoding (to capture dependencies between entities in NER)

e Extended Viterbi parsing (optimised for stochastic grammars)

¢ HMM + Viterbi decoding (standard in temporal signal modelling, like sign language)

e Standard Viterbi (applied to model gesture sequences)

e Context-sensitive Viterbi (to leverage linguistic context in text recognition)

¢ Viterbi-based decoding (for consistent automated scoring)

e FSM-optimised Viterbi (using finite-state machines to speed up phoneme conversion)

e Viterbi-assisted disambiguation (to resolve syntactic ambiguities)

e Viterbi-based multimodal decoding (integrating multiple input modalities in translation)

These improvements tailor the core Viterbi idea finding the most likely sequence of hidden states to domain-
specific challenges.

4.5 Computational Complexity

Earlier reports show that the time complexity of the Viterbi-based approach differs from that of the baseline:
high random access memory (RAM) usage and computational complexity limit its applicability in scenarios
that demand real time reconfigurability. [33]

e Often reduced to linear in sequence length (e.g., O(n))

e In grammar parsing, improved from O(n3) (CYK) to O(n2)

e In pattern recognition, reduced from exponential to near-linear

¢ Some cases note reduced constant factors (same asymptotic class but faster in practice)

8 dline.info/ijclr



International Journal of Computational Linguistics Research 17 Number 1 March 2026

o A few applications report polynomial or linear polynomial complexity, reflecting more complex models(e.g.,
multimodal systems)

This highlights the Viterbi algorithm’s role not just in improving accuracy but also in enabling scalable, real-
time solutions. It is effective to detect the health issues accurately for each detection method [34]. Experiments
on aggregated High Level Data Link Control (HDLC) protocol packets show that our method achieves
performance close to the approximate theoretical upper bound while offering substantially lower computational
complexity and enhanced usability. [35]. The MAP sequence estimation method effectively addresses multi-
modality while substantially reducing computational and memory overhead. [36]

4.6 Reported Performance Gains

After the 2000s, various approaches have been proposed to address the main challenges of parallelizing the
Viterbi algorithm [Imad Sassi]. Liu et al. analyse how to parallelise the three most important Hidden Markov
Model (HMM) algorithms including the Viterbi algorithm for a GPU computing environment [37]. Sand et al.
propose a C++ library that leverages linear algebra, multi-core processors, and SSE support to implement a
parallel HMM [38]. Ahn et al. present a parallelisation technique using a graphics processing unit as a real-time
modem solution for a WiMAX multiple-input multiple-output (MIMO) system [39]. Buthpitiya et al. [40]
propose a GPU-based Viterbi implementation that outperforms a sequential CPU implementation [40]. In
recent years, numerous studies have focused on parallel and/or distributed implementations of the Viterbi
algorithm. Maleki et al. [41] introduce a novel method for parallelising a class of problems, including Viterbi,
by exploiting algebraic properties. Hanif et al. describe the design of a parallel Viterbi algorithm based on
matrix products, demonstrating that significant speedup can be achieved by applying GPUs to such parallel
computing tasks [42].

We summarise the practical benefits observed as below:

e Higher recognition accuracy and faster decision time

e Improved Fi-score and stable boundary detection in NER

e Faster parsing with comparable or better accuracy

e Robust temporal alignment and real time recognition in sign language

e Improved robustness against noise and temporal distortions in gestures

¢ Increased robustness under ambiguous inputs in text recognition

¢ Consistent scoring and faster evaluation in language testing

e Large runtime reduction with minimal accuracy loss in phoneme conversion

e Better ambiguity resolution in machine translation

e Enhanced flexibility and user adaptation in multilingual systems
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These gains demonstrate that Viterbi-based methods offer a compelling balance of accuracy, efficiency, and
robustness across domains involving sequential data and hidden state inference.

4.7 Derivation

The table illustrates the versatility and power of the Viterbi algorithm as a foundational technique for sequence
modelling. By leveraging probabilistic models (often Hidden Markov Models) and dynamic programming,
systems can make globally optimal predictions over sequences outperforming local or heuristic methods in
both speed and accuracy.

5. Applications in Pattern Recognition and Language Processing

5.1 Distorted Pattern Recognition

In distorted pattern recognition, modified trellis structures incorporate statistical properties of distortion,
allowing irrelevant pattern classes to be eliminated early. This human like decision strategy significantly
reduces computational effort while improving recognition accuracy. The Markov Model Based Fusion
Algorithm demonstrates strong overall performance in evaluating the quality of restored text based images
[43]. The complex value neural network (CVNN) and RVNN equaliser connected with the Viterbi Viterbi
algorithm have better BER performance with a lower error rate. [44]

5.2 Information Extraction and Named Entity Recognition

Information extraction systems aim to transform unstructured text into structured representations. Named
Entity Recognition (NER), a key subtask, benefits from Viterbi decoding by modelling entity sequences
probabilistically. Context aware Viterbi variants improve boundary detection and classification accuracy
compared to greedy or rule based approaches. The Viterbi decoder based on label pair rules enables named
entity recognition on a large volume of unknown data with a small amount of annotated data [45] manually
annotated news corpus using the Viterbi decoding algorithm to assign the most probable named entity tags to
words, enabling classification accuracy, which sets benchmarks for machine translation, question answering,
summarisation, and information retrieval systems. [46]

5.3 Stochastic Grammar Parsing

Parsing stochastic grammars traditionally incurs high computational cost. Modified Viterbi algorithms enable
efficient derivation of the most probable parse trees for one counter and linear grammars, achieving quadratic-
time complexity while maintaining accuracy. Stochastic models are used to capture statistical correlations in
the training data of large language models. [47]

5.4 Sign Language and Gesture Recognition

In sign and gesture recognition, temporal alignment is critical. HMM-based systems decoded using the Viterbi
algorithm provide robust recognition of gesture sequences under temporal variability. Both word level and
subunit level models have demonstrated real time feasibility. To assign polarity scores to the thesis or to
entities within a phrase, in text analysis and analytics, machine learning (ML), and natural language processing
(NLP) approaches are employed. This Sentiment Analysis using a POS tagger helps us derive a summary of the
broader public’s opinion on a specific topic. To this end, Chavali used the Viterbi algorithm, the Hidden
Markov Model (HMM), and the Constraint based Viterbi algorithm for POS tagging. [48]
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5.5 Contextual Text Recognition

Contextual text recognition systems employ modified Viterbi algorithms to integrate local observations with
global constraints. While effective, the robustness of these systems with respect to varying source statistics
remains underexplored. To recognise the whole word from a fixed lexicon, the Viterbi algorithm proved to
yield highly accurate results. [49]

5.6 Language Testing Systems

Language testing and assessment systems employ Viterbi decoding to enable efficient and consistent scoring.
Studies on washback effects suggest that algorithmic evaluation influences learning behaviours, highlighting
the broader educational impact of such systems. The Viterbi algorithm is currently the most widely used and
effective decoding method, offering high efficiency and speed within the system. [49]

5.7 Letter-to-Phoneme Conversion

In letter-to-phoneme conversion, naive implementations suffer from high runtime due to large correspondence
sets. Optimised Viterbi decoding using deterministic finite-state automata significantly reduces execution
time without sacrificing accuracy. The Tree constrained Pointer Generator (TCPGen) has shown promise in
recognising context specific rare words, efficiently biasing them with a prefix tree. [50]. The tasks of microtext
normalisation, sentence boundary disambiguation, part of speech tagging, text chunking, and lemmatisation
in Computational syntactic processing employ Viterbi based syntactic analysis.

5.8 Machine-Aided and Multilingual Translation

Viterbi-assisted parsing helps resolve syntactic ambiguities in machine-aided translation, particularly for
morphologically rich languages. In multilingual translation frameworks, Viterbi based decoding supports
multimodal input (speech, text, printed text) and user adaptive output generation. The Hidden Markov Model
(HMM) and the Viterbi algorithm have potential for training and decoding in multilingual translation. [51]. In
machine translation, part of speech tagging is a crucial step, and the Hidden Markov Model achieves high
accuracy in this task, leaving room for further improvement with enhanced datasets. [52]

6. Comparative Performance Trends

Across a wide range of application domains, Viterbi-based systems consistently demonstrate several funda-
mental performance advantages that explain their enduring relevance in sequential modelling tasks. First,
they achieve improved accuracy through global sequence optimisation, as the Viterbi algorithm evaluates
entire state sequences rather than making locally optimal or greedy decisions. This global optimisation property
enables more reliable handling of long range dependencies, contextual constraints, and ambiguous
observations, which is particularly important in tasks such as named entity recognition, grammar parsing,
speech recognition, and machine translation.

Second, Viterbi based approaches offer reduced computational complexity through effective pruning strategies
and optimised trellis structures. By eliminating low probability paths early in the decoding process and
exploiting structural constraints such as finite-state automata, beam search, or context aware transitions,
many applications report substantial reductions in runtime and memory usage. In several cases, computational
complexity is reduced from exponential or cubic time to linear or quadratic time, enabling scalable and real-
time deployment.
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Third, these systems exhibit strong robustness to noise, distortion, and temporal variability. Because the
Viterbi algorithm integrates probabilistic state transitions with observation likelihoods over time, it can
smooth out local errors and maintain stable predictions even under noisy inputs, missing data, or temporal
misalignments. This robustness is especially evident in gesture recognition, sign language interpretation, and
distorted pattern recognition tasks.

Performance evaluation across studies commonly relies on metrics such as accuracy, precision, recall, F1-
score, parsing likelihood, and runtime efficiency, reflecting both effectiveness and efficiency. Notably, optimised
and parallelised Viterbi variants show particularly strong performance gains in time sensitive and large scale
applications, where rapid decision making, low latency, and computational efficiency are critical, such as real
time speech processing, multilingual translation systems, and high throughput information extraction pipelines.

7. Challenges and Open Research Issues
Despite its strengths, several challenges remain:

e Limited robustness analysis under varying source statistics, Scalability issues for extremely large state
spaces, Integration with modern deep learning architectures, and the need for user centric and explainable
decoding strategies.

Addressing these issues is critical for next generation Viterbi based systems.
8. Conclusion

The Viterbi algorithm remains a foundational and unifying technique for probabilistic sequence decoding
across a wide range of pattern recognition and language processing applications. This review has demonstrated
that, despite significant advances in machine learning and deep neural architectures, the core principles of
Viterbi-based decoding remain highly relevant due to their optimality, interpretability, and computational
efficiency. By systematically examining classical and modified variants of the algorithm, the study highlights
how domain specific adaptations such as context-aware decoding, optimised trellis structures, finite-state
constraints, and parallel implementations have enabled substantial improvements in both accuracy and
runtime performance.

Across applications, including distorted pattern recognition, named entity recognition, stochastic grammar
parsing, sign and gesture recognition, contextual text recognition, language testing, letter to phoneme
conversion, and multilingual translation, Viterbi-based methods consistently outperform baseline or heuristic
approaches. [53]. These gains are primarily attributable to the algorithm’s ability to perform global
optimisation across entire sequences, thereby handling uncertainty, temporal variability, and noisy obse-
rvations. The comparative analysis further shows that many Viterbi-based solutions reduce computational
complexity from exponential or cubic bounds to near-linear or quadratic time, making them suitable for real-
time and large scale systems.

The proposed conceptual framework reinforces the idea that diverse application domains share a common
probabilistic decoding backbone centred on the Viterbi algorithm. This unification clarifies how multimodal
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inputs, probabilistic modelling, and optimised decoding collectively contribute to robust decision making.

However, the review also identifies open challenges, including scalability to extremely large state spaces,
robustness under changing data statistics, and seamless integration with modern deep learning models.

Overall, the findings confirm that the Viterbi algorithm is not merely a legacy technique but an evolving,
adaptable methodology. Future research that combines Viterbi-based decoding with neural representations,
parallel computing, and explainable AI paradigms is likely to further enhance its impact in next-generation
intelligent and user centric systems.

This review presents a comprehensive, structured analysis of the Viterbi algorithm and its applications in
pattern recognition and language processing. By unifying diverse studies under a common conceptual
framework, the review highlights both the versatility and enduring relevance of Viterbi-based decoding.
Continued research into robustness, scalability, and hybrid architectures is expected to further extend its
applicability in intelligent systems.
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