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Abstract

Preservation and digitization of historical documents inscribed in low-resource scripts continue to
pose significant threats in computational linguistics and digital heritage conservation. The MODI
script, which has been historically utilized for administrative and literary purposes, is now largely out
of the way due to the absence of robust transliteration systems. In the current piece of research work,
we present an Encoder-Decoder Deep Sequence (EDDS) model based on stacked Long Short-Term
Memory (LSTM) networks for sentence-level transliteration into Devanagari script of MODI script. The
proposed model handles variable-length input and output sequences and effectively captures long-
range contextual dependencies. A parallel corpus of 37,796 aligned MODI-Devanagari sentence pairs
has employed to train and assess the proposed model. Experimental results determine a BLEU score
of 46, character-level accuracy of 85.16%, word-level accuracy of 86.12%, and a Character Error Rate
(CER) of 0.09, signifying strong transliteration fidelity. The model further achieves an overall
transliteration accuracy of 97.16%, demonstrating strong generalization capabilities to unseen and
irregular input sequences. These findings validate the effectiveness of deep sequence learning for low-
resource historical scripts and highlight the proposed EDDS model as a scalable and reliable solution
for MODI-to-Devanagari transliteration.

Keywords: MODI Script Transliteration, Encoder-Decoder Model, LSTM, Deep Sequence Learning,
Sequence-to-Sequence Model.

I. Introduction

The accessibility of ancient information and maintenance of cultural continuity have become
essential by means of historical preservation and digitization. The widely used MODI script for
literacy and administrative purposes in ancient times has now declined in popularity and is
considered a low-resource script in the present. For the processing of low-resource scripts,
Sequence-to-Sequence (Seq2Seq) models effectively demonstrate under the recent advancement
in Neural Machine Translation (NMT) [1]. In particular, Long Short-Term Memory (LSTM)
architecture possesses the capturing capability of sequential dependencies in character and word-
level transliteration. Using open-source Calamari OCR with a Convolutional Recurrent Neural
Network (CRNN) model, MODI script transliterates into Devanagari on a dataset of 4,334 scanned
text lines with ground truth. The model thus achieves character-level accuracy as 88.14% and
word-level as 61% [2]. A neural network based on an LSTM model using OCRopus transliterates
MODI images into Devanagari text. Using a synthetic dataset of 99,320 MODI images and respective
Devanagari transcriptions, the model attains a character accuracy as 94.67% on the test dataset
[3]- The primary difficulty in sequence learning for transliteration is handling variable-length input
and output sequences while maintaining both semantic and contextual relationships between
characters and words. The cursive style of the MODI script along with overlapping characters and
irregular spacing complicates the alignment between input and output sequences. In the
transliteration of MODI script into another script, it either loses structural coherence or distorts
characters that are identical in both scripts [4]. However, a novel sequence model may be
developed to attain the enhanced performance for the transliteration of MODI script to Devanagari
script.

The preservation and utilization of several scripts is encouraged by transliteration which serves as

a vital connection among multilingual representation and digital accessibility of scripts. In Section
II, the literature of various transliteration systems for various scripts is presented. The proposed
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model EDDS is emphasised along with its architectural components and design in Section III.
Section IV demonstrates the experimental evaluation incorporating the dataset, training strategy
and evaluation metrics. Further, we discuss the outcomes and concluding observations in
subsequent sections.

I. Related Work

Digitizing and preserving historical texts signify a multifaceted challenge in cultural heritage
preservation. The transition from handwritten manuscripts to digital text extensively examined for
both: linguistics and technological domains. Extensive reviews of machine transliteration
techniques demonstrate that hybrid and statistical methods are predominantly employ as it
combines rule-based linguistic knowledge and probabilistic modelling to improve accuracy [5].
Deep learning-based transliteration methods such as Recurrent Neural Network (RNN) and
convolutional Seq2Seq model inspect 13 language pairs resulting that English-Hebrew pair secures
the highest accuracy with a character-level Seq2Seq model and obtains F-score of 0.788 [6]. An
attention-based Bi-LSTM encoder-decoder model exploits for reverse transliteration of Romanised
Malayalam to its native script. The training dataset comprises of 4.3 million pairs from Dakshina
and Aksharantar datasets. Evaluation on IndoNLP-2025 test sets procures a Character Error Rate
(CER) as 22.7% for adhoc typing patterns with missing vowels and 7.4% for general typing
patterns [7]. An NMT approach is enforced for Kannada-to-English translation using a Sequence-
to-Sequence model integrated with an LSTM-based encoder-decoder network. The model
effectively captures linguistic patterns between the two languages and acquires a translation
accuracy of 86.32% [8]. Similarly, Convolutional Neural Network (CNN) based model is established
for character recognition, especially focusing on the gap between MODI and Devanagari script.
Thus, it attains 95.44% accuracy with 704 misclassifications, while a deeper three-convolution and
three-dense-layer model improves its accuracy to 95.97% with 627 misclassifications on 15,461
test samples [9].

II1. Proposed Encoder-Decoder Deep Sequence Model (EDDS)
We present the architectural aspect of our proposed EDDS model which aims to transliterate the
MODI script into a Devanagari script. It comprises of two sections namely; Encoder and Decoder.
This model relies on the principle of representing the input sequence as a context vector and then
reconstructing it into the target script over sequential decoding. Here, an input MODI sequence is
converted into a variable-length output Devanagari sequence as depicted in Fig. 1. The encoder is
built using stacked LSTM units that signifies the deep sequence nature of the model. Each layer
captures patterns at a different level of abstraction, where lower layers focus on short-term
dependencies i.e. character-level transitions, while higher layers capture broader contextual
relationships across the entire sequence. The final hidden state of encoder forms the context vector
that a summarized deep representation of the input sequence, which is later passed to the decoder.
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Fig.1 Encoder-Decoder Deep Sequence Model
The decoder is another deep LSTM-based network that unfolds the encoded illustration into the
target sequence. By exploiting the deep sequence representation provided by the encoder, the
decoder predicts Devanagari symbols one step at a time. Each prediction is based not just on what
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is right there in the moment, but also on many different features that are gathered during the
encoding process, which helps make sure the results in decoding are both clear and fit well with
the overall context.

The model initiates with embedding special markers at the beginning and end of the input. i.e.
<SOS> (Start of Sequence) and <EOS> (End of Sequence). These markers help the model know
where each sequence starts and finishes. The deep encoder uses several layers of recurrent units,
such as LSTM or Gated Recurrent Units (GRUs), stacked on top of each other to help extract features
in a layered way. The earlier layers focus on recognizing patterns at the level of individual words
or tokens, while the later layers look at more general meanings and relationships across the whole
sequence. In the step-by-step processing of embedded tokens, each layer improves the
representation by creating a full context vector that includes both detailed and general features of
the input. Further, the context vector starts the deep decoder, which copies the encoder's structure
to rebuild the target sequence. Starting with its own <SOS> token, the decoder uses both the multi-
layered context and previously generated tokens to predict each subsequent output symbol in
order to continue until an <EOS> token signals. By employing depth in both the encoder and
decoder, our model has ability to capture sequential dependencies between input and output
representations of varying lengths, making it particularly suitable for script conversion problems.

IV. Experimental Setup and Evaluation Process

The experimentation is conducted in an open-source web-based interactive environment that
supports conscious coding, data visualization, graphical outputs, and is fully integrated with the
Python programming ecosystem. The execution is performed in Jupyter Notebook on a 64-bit
Microsoft Windows platform equipped with an 11t Gen Intel Core i5 processor, 16 GB of RAM, and
Intel Iris Xe graphics. We address the experimental working of our model, including some
performance parameters, preparing a suitable dataset, and systematically conducting training and
testing phases to achieve stable convergence. The parameters namely; Bilingual Evaluation
Understudy (BLEU) Score, Word Level accuracy, Character Level accuracy, CER, validation accuracy,
and validation loss help us for analysing the performance.

a. Performance Parameters

The applicability of the transliteration proposed model has evaluated using well-established
parameters, each of which focuses on some aspect of the model performance. A widely known
prominent parameter referred to as the BLEU score, which compares the amount of n-gram overlap
between the output produced by the model and the actual output [10]. BLEU measures the degree
of correspondence between a model-generated prediction sequence and a reference sequence by
computing the overlap of contiguous n-grams, while incorporating a penalty to discourage
excessively short outputs. Due to its language-independent formulation and effectiveness in
capturing sequence similarity, BLEU has been extensively adopted in neural transliteration and
encoder-decoder-based models. For N-gram precision, let C indicate the prediction Devnagari
transliteration generated by the EDDS model, and R denotes the corresponding refere---
transliteration. For an n-gram n, BLEU computes the modified n-gram precision p,, defined as: (eq.1)

_ Sgec, min(Count(g), County(9))

" Ygec,(Countc(g))

where C, is the multiset of all n-grams of length n extracted from the prediction sequence C.
Count(g) is the number of times an n-gram g appears in the prediction sequence. County(g) is

the number of times the same n-gram appears in the reference sequence. The minimum operation
ensures that repeated n-grams in the prediction output are not over-rewarded beyond their
maximum occurrence in the reference sequence. To account for both local and contextual sequence
consistency, BLEU aggregates modified precisions over multiple n-gram orders (typically n = : (eq.2)
n = 4) using a weighted geometric mean: )

exp (Xp=1Wnlog prn)
where N is the maximum n-gram length and w,, is the weight assigned to each n-gram order,

commonly set to w, =% for uniform contribution. Lower-order n-grams primarily capture
character-level correctness, while higher-order n-grams model longer phonetic and orthographic
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patterns in Devanagari script. Since n-gram precision alone does not penalize short prediction
outputs, BLEU incorporates a Brevity Penalty (BP) defined as:

sz{ Lo, Ul (eq.3)

exp(l—;), ifc<r
where ¢ and r denote the lengths of the prediction and reference sequences, respectively. This
penalty discourages incomplete transliterations by reducing the score when the generated output
is shorter than the reference. The final BLEU score is computed as:
BLEU = BP *exp (XN_, w,log p,, ) (eq-4)

The BLEU score ranges from 0 to 1, with higher values indicating stronger agreement between the
predicted and reference transliterations [11]. A BLEU score below 20 specifies the poor translation
quality, above score 50 reflect high quality translation and values exceeding 80 are considered
excellent quality. However, BLEU alone is limited in transliteration tasks even a single character
mismatch may drastically change the meaning [12]. In order to overcome the problem, the
Character-Level and Word-Level accuracies are also measured via EDDS model. Character-Level
accuracy evaluates transliteration performance at a finer granularity by measuring the proportion
of individual characters that are correctly predicted across the evaluation corpus. It provides
insight into the model’s ability to learn fine-grained character between the source and target

scripts. The Character-Level accuracy is computed as:
Number of Coorectly Predicted Characters

x 100

r r—1L Accur =
Characte evel Accu acy Total Number of Characters

(eq.5)

while Word-Level accuracy evaluates the proportion of complete words that are transliterated
correctly by the proposed model. A predicted word is considered correct only if it matches the
reference transliteration exactly, with no character substitutions, deletions, or insertions. It is
intentionally strict and reflects the model’s ability to generate linguistically valid and practically

usable transliterations, computed as:
Number of Exactly Correct Transliterated Words

Total Number of Words

Word — Level Accuracy =

x 100 (eq.6)

while Word-Level and Character-Level accuracies quantify correctness at different granular (q.5)
both metrics are limited to exact-match evaluation and do not explicitly capture the severity of
transliteration errors [13]. In addition to complementing these measures, CER is employed to
quantify the extent of Character-Level discrepancies between the predicted and reference
transliterations. It is widely adopted evaluation metric for OCR and transliteration systems,
particularly suited for handwritten and noisy textual data. CER measures the degree of
dissimilarity between a predicted transliteration and its reference by quantifying the minimum
number of character-level edit operations required to convert the predicted output into the
reference sequence. CER explicitly captures error magnitude, thereby providing a mc
informative assessment of transliteration quality, which is measured by: (eq.7)
S+D +1

N
where S denotes the number of character substitutions, D denotes the number of character
deletions, I denotes the number of character insertions, and N denotes the total number of
characters in the reference transliteration. A more accurate assessment of sequence integrity is
provided by the edit-distance-based metric, where lower CER values denote greater dependability
[14]. In addition to transliteration-specific evaluation metrics, validation accuracy and validation
loss are employed to monitor the learning behavior and convergence characteristics of the
proposed model during training. Validation accuracy measures the proportion of correctly
predicted samples on a held-out validation set and provides an estimate of the model’s
generalization capability beyond the training data. Validation loss quantifies the discrepancy
between predicted and reference outputs on the validation set and is used to assess training
stability and potential overfitting. Together, these metrics support the analysis of model
convergence and reliability but are not used as direct measures of transliteration quality.
b. MODI-Devanagari Parallel Text Corpus
Recent advancements in computational linguistics have enabled the construction of corpus-based
machine translation systems that map source and target languages in an end-to-end manner. For

Character — Error Rate(%) =
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this study, a parallel corpus comprising MODI script and its corresponding Devanagari script has
been developed to train and evaluate the model. The dataset contains 37,796 aligned sentence
pairs with a maximum input length of 11, ensuring one-to-one correspondence between MODI and
Devanagari sentences displayed in Fig.2. Firstly, the MODI sentences are written into text files, and
then their Devanagari versions are also typed manually using PramukhIME software [15] to ensure
their correctness and match the language properly. Building the dataset is very important because
it helps overcome the limited resources available for MODI and creates a solid base for evaluation.

Tt W0 ITRE —— ST SIS ITAT
WEUP AW T — T T AT
R ERT WY — %\d’rﬁ:’mmaﬁ%
FEO! FHO —» Soal SToal
Gt BF —» IRIFTAA
I HE 0% GV AW —— Tl SIHe W1 T geRfr #aArs
UREE —» HHEAT
qF: OO — T TeR
gudflauy T IR G — Fie fr HTETST T ETE
Fig.2 Sample of MODI-Devanagari Text Corpus

¢. Training and Testing Process

The training and testing process is set up to effectively learn sentence-level transliteration patterns
among MODI and Devanagari scripts. The model is trained in a fully sequence-to-sequence manner
since both scripts exhibit variable- length sequences and non-linear structural relationships. In this
setup, MODI input tokens are first mapped to continuous latent vectors, after which the decoder
generates the corresponding Devanagari tokens. Here, the sequential mapping demands a reliable
optimization method so that the Adam optimizer is employed and for strong convergence it is
definite by adaptive moments and modifiable learning rate. We set the goal for optimization using
categorical cross-entropy loss, which measures how different the expected token probability
distribution is from the actual ground-truth distribution at each decoding step. To ensure smoother
gradient updates in stages of training, an initial learning rate of 0.001 is applied, which is reduced
by a scheduler when the validation loss stops improving. During sequence modelling, the decoder
relies heavily on contextual information from preceding outputs. To preserve the dependency
stable during the stages of training, the teacher forcing method is used where actual previous token
instead of the one it predicted at each step. The key hyperparameters used in training include an
embedding dimension of 256, which helps in creating a rich and detailed meaning for each token.
A configuration of 512 hidden units is adopted in each LSTM layer for better understand complex
patterns in MODI-Devanagari sentences. For ensure stability and training efficiency, the batch size
is set to 64 while maintaining learning. The model is trained for 100 epochs to make sure it learns
effectively from different sequence patterns and reaches a reliable solution. The system ability also
monitored on new or unseen data using validation accuracy and validation loss parameters.
Validation accuracy serves as a symbol-level measure of performance, showing how well the
decoder can correctly reproduce Devanagari characters for new MODI sequences. Whereas,
validation loss is calculated using categorical cross-entropy and shows how closely the model's
predicted probabilities match the actual outcomes for data it has not seen before. Keeping track of
these metrics over time helps the model settle into a stable state without learning too much from
training data.
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During testing, the trained model works entirely on its own predicting one word at a time. Each
word it predicts is then used as input for the next part of the process. In this, the evaluation process
preserves the natural sequential dependency structure and provides a realistic assessment of
transliteration performance. Additionally, to certify robustness, an additional layer of experimental
testing has executed using a chosen manually random.txt file that contains diverse and unseen
MODI sentences exactly selected for testing the model. These sentences include variations in
uncommon ligature formation and character spacing along with wide range of input lengths. The
length spanning from single-word sentences up to sequences of incorporating eleven words. In
random set, we also include special symbols namely commas (,), question marks (?), and other
punctuation marks that seem in practical text setups. In order to assess stability and sequence-
level fluency under unpredictable input patterns, the transliteration outputs resulting from
random set have compared with reference Devanagari sequence. Through optimized training and
actual monitoring metrics, the EDDS model carries fluent sequences with precise token-level
transliteration.

V. Result and Discussion

The experimental results demonstrate that our EDDS model handles the variable-length sequences
and long-term dependencies inherent in MODI script transliteration effectively. MODI manuscripts
often exhibit irregular character formations, stylistic variations, and context-dependent symbol
usage, which pose significant challenges for conventional rule-based and statistical approaches. By
leveraging an LSTM-based encoder-decoder model, our model successfully captures both short-
range character dependencies and long-range contextual information across entire sentences,
enabling accurate and fluent transliteration into Devanagari script. The EDDS model has been
evaluated on our MODI-Devanagari parallel corpus using multiple complementary metrics,
including BLEU score, Word-Level accuracy, Character-Level accuracy, CER, validation accuracy,
and validation loss, ensuring a comprehensive assessment of transliteration quality.

The EDDS model achieves a BLEU score of 46, indicating strong sequence-level similarity, resulting
into effective preservation of character order, phonetic structure, and contextual coherence despite
the low-resource nature of the dataset. At the lexical level, an average Word-Level accuracy of
86.12% reflects the model’s effectiveness in generating completely correct transliterated words. It
is particularly important for historical document digitization where partial correctness may lead
to semantic ambiguity. The Character-Level accuracy of 85.16% demonstrates that the model has
learnt robust glyph-to-glyph correspondences between MODI and Devanagari scripts, even in the
presence of handwriting-induced distortions. In addition, the CER of 0.09 indicates that only a
small number of character-level edit operations are required to transform the predicted outputs
into the reference transliterations. It also highlights the robustness of proposed model to
substitution, deletion and insertion errors commonly observed in reference input. From a training
and convergence perspective, the model attains a validation accuracy of 90.65% and validation loss
of 0.65, indicating stable learning behaviour and effective convergence without significant
overfitting. Further, the overall accuracy of 97.16% demonstrates the strong generalization
capability of the EDDS model when applied to previously unseen MODI sentences, as illustrated in
Fig. 3. The overall accuracy reflects the model’s ability to retain contextual meaning, structural
integrity, and semantic consistency, which is essential for the transliteration. As compared to
traditional rule-based or purely statistical transliteration methods, the deep sequence-based
approach offers superior scalability, adaptability, and robustness to diverse writing styles and
sentence complexities.

2339



Int. J. Adv. Sig. Img. Sci, Vol.12, No.2s, 2026

MODI Input: TUI U
Generated translation in DEVANAGARI: :l'Eﬂ STET

MODI Input: G 90 WY ?
Generated translation in DEVANAGARI: {H Y M2

MODI Input: UW % Id ©
Generated translation in DEVANAGARI: 319 &l &d ol

MODI Input: R GIHG GURd O
Generated translation in DEVANAGARI: o ?:P:l@ geHd §

MODI Input: Y& 31¥d ¥ UHH
Generated translation in DEVANAGARI: §§ Tad = 9HY

Fig. 3 Transliteration of Random Sentences using EDDS Model

VI. Conclusion

With the aim of developing a novel model for transliterating MODI script into Devanagari script,
contributing to the preservation of low-resource historical scripts. For attaining it, the EDDS model
based on LSTM has been trained in a parallel corpus of 37,796 sentence pairs to enable the model
to effectively capture long-term dependencies and variable-length sequences. Our model obtained
competitive performance, including a BLEU score of 46, character-level accuracy of 85.16%, word-
level accuracy of 86.12%, a CER of 0.09, and an overall transliteration accuracy of 97.16%,
confirming its reliability and transliteration quality. Collectively, the testing approach determines
that the EDDS model may handle sentence writing variability and generate precise MODI to
Devanagari transliteration output even for words that have rarely encountered over training. These
findings authenticate the potential of deep sequence learning for complex low-resource scripts and
illuminate its role in digital heritage preservation. With the increment of transformer-based
architecture, large dataset pairs may enhance the cross-lingual applicability and transliteration
fluency.
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