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This research paper investigates the potential pitfalls and limitations of Artificial Intelligence (AI)
translation for Jain scriptures, as well as how different AI models perform on Hindi to English translation
tasks, and how to improve our understanding of Jainism, an ancient Indian religion, possessing a rich
body of scriptures in various languages. Preserving and disseminating these texts for the global Jain
community is crucial. However, translating these scriptures adequately, especially concepts specific to
Jain philosophy, presents a significant challenge. While AI translation offers a promising avenue for
overcoming language barriers, its effectiveness for Jain scriptures still needs to be explored. This paper
also addresses this gap by evaluating the performance of AI models on Hindi-to-English translation tasks
involving Jain scriptures. We analyze the strengths and weaknesses of current AI models, highlighting
issues like semantic distortion, loss of context, cultural misinterpretation, and linguistic errors.
Simultaneously, we explore how these issues can impact the comprehension and interpretation of the
translated texts. Finally, the paper discusses the ethical implications of AI translation errors and the
importance of preserving cultural and spiritual heritage. We conclude by exploring potential future
advancements in AI technology that can address the limitations of current models and ensure accurate and
culturally sensitive translation of Jain scriptures.

Introduction
A. Background on Jainism and its Textual Tradition - Jainism is one of the oldest religions on
the planet, originating from India. Some of its core principles are “ahimsa” (non-violence),
“Samyak Chaitra”(right conduct), “Samyak jnana” (right knowledge), and ) “moksha”(right
liberation)[1].
B. The Agamas - The Agamas are central scriptures in Jainism, containing the core teachings and
philosophies imparted by the 24 Tirthankaras (supreme teachers). Written primarily in
Ardhamagadhi, a Prakrit language, these texts cover a wide range of topics such as Jain
cosmology, ethics, metaphysics, and monastic practices. The two main Jain sects, Digambaras and
Śvētāmbaras, hold slightly different views on the composition and interpretation of the Agamas.
This diversity in views underscores the complexity and importance of accurately translating these
texts to preserve their intended meanings and cultural nuances [2].
C. Preserving Jain Knowledge - Jain scriptures hold immense significance for the global Jain
community, estimated at around four to five million followers, primarily concentrated in India,
which is relatively very small compared to other global religions. Some reports suggest a slight
decline in the percentage of Jains in India relative to the overall population. Furthermore, this
population does not take into account the people who don’t speak the native population, or the
Jains who are less religious [1]. Thus, it's necessary to take action, preserve the scriptures of
Jainism, and translate them so others may be able to understand them.

D. The Challenge: Evaluating AI Translation for Jain Scriptures - Jainism, a religion
originating in India, possesses a rich body of scriptures in various languages, including Hindi.
Preserving and disseminating these scriptures is crucial for the Jain community. However,
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translating these texts from Hindi to English, particularly for nuanced religious concepts, presents
a significant challenge. While AI translation offers a promising solution for overcoming language
barriers, its effectiveness for Jain scriptures remains underexplored.

This research aims to bridge this gap by evaluating the performance of different AI models on
Hindi-to-English translation tasks involving Jain scriptures. By analyzing their strengths and weaknesses,
we can identify areas for improvement and establish best practices for accurate and culturally sensitive
translation of these sacred texts.

This revised challenge section addresses the new research focus on evaluating AI models for Hindi to
English translation of Jain scriptures. It highlights the importance of accurate translation for preserving
Jain knowledge and emphasizes the need to explore AI's effectiveness in this specific context.

Understanding the Loss in AI Translation
While AI translation offers significant advantages in speed and efficiency, it can struggle with
capturing the subtleties and depth of religious texts like Jain scriptures. This section explores
various types of loss that can occur during AI translation, highlighting their impact on the
accuracy of Jain scripture translation.
● Semantic Distortion: AI translation often prioritizes literal word-for-word conversion,
leading to a loss of the original meaning. Nuances in word choice and phrasing can be missed,
resulting in a translated text that conveys a different message than the source material.
● Loss of Context: AI systems might struggle to understand the broader context of a passage,
including cultural references, historical background, and the intended audience. This can lead to
translations that lack coherence or misinterpret the intended meaning.
● Cultural Misinterpretation: Jainism, like many religions, possesses unique cultural
concepts and practices. AI translation systems may not be equipped to understand these nuances,
leading to misinterpretations that distort the essence of the scriptures.
● Linguistic Errors:While AI translation has improved significantly, it can still make
grammatical errors or misunderstand idiomatic expressions. This can create confusion and hinder
the reader's comprehension of the translated text.

Examples of Loss in Jain Scripture Translation using Google Translate

Here are some examples of how these types of loss can manifest when translating Jain scriptures
using Google Translate (or any similar AI translation tool):

Type of Loss Devanagari Original Text
(Romanized)

AI
Translation
(English)

Actual
Translation
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Semantic
Distortion

अ�हसंा परमो
धम�ः

ahimsa paramo
dharma

non-violenc
e religion
highest

Non-violenc
e is the
highest duty

Loss of Context अनेका�तवाद anekāntavāda many
opposing
views

The
principle of
multiple
viewpoints

Cultural
Misinterpretation

म�ैी (�म�ता)
सव� वरै
�वजयी

Mitrata (maitri)
sarva vaira
vijayi

Friendship
(Mitrata) to
win all
enemies

Friendship
(Maitri)
overcomes
all enmity

Linguistic Errors िजन Jina Winner Victor
(referring to
a liberated
soul)

● Semantic Distortion:
○ This translation demonstrates semantic distortion. While the individual words are
translated correctly, the overall meaning is lost. "Dharma" has a richer meaning than
simply "religion" in this context, encompassing righteous conduct and universal law.

● Loss of Context:
○ This example showcases the loss of context. "Anekāntavāda" is a complex
philosophical concept in Jainism that acknowledges the validity of multiple perspectives.
A simple translation like "many opposing views" fails to capture its depth and emphasis on
finding truth through diverse viewpoints.

● Cultural Misinterpretation:
○ This instance highlights a potential cultural misinterpretation. "Mitrata" in Jainism
emphasizes non-violent resolution of conflict and fostering goodwill, not "winning" over
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enemies. The concept goes beyond mere "friendship" towards a broader sense of
compassionate and respectful relationships.

● Linguistic Errors:
○ This example demonstrates a linguistic error. "Jina" has a specific religious
connotation in Jainism, referring to a soul who has achieved liberation from the cycle of
rebirth. A generic translation like "winner" misses this nuanced meaning.

These are just a few examples, and the specific types of loss will vary depending on the complexity of the
original text.

Impact of Loss on Comprehension and Interpretation

The various types of loss that occur during AI translation of Jain scriptures can have significant
consequences for the comprehension and interpretation of these sacred texts. Here's a breakdown
of how these issues can impact readers:

● Misunderstanding of Core Jain Principles: Semantic distortion and loss of context
can lead to a distorted understanding of Jain philosophy and ethics. Nuances in word
choice and the cultural background inherent in the scriptures might be lost in translation,
causing readers to misinterpret core concepts like ahimsa (non-violence), anekāntavāda
(multiple viewpoints), and aparigraha (non-possessiveness).
● Misinterpretations of Rituals and Practices: Jain scriptures often contain detailed
descriptions of rituals and practices observed by Jain followers. AI translation errors or
cultural misinterpretations can lead to misunderstandings about how these rituals are
performed and their significance within Jainism. For instance, a mistranslated passage on a
daily Jain practice might lead readers to perform it incorrectly or miss its deeper spiritual
meaning.
● Diminished Spiritual Connection: Jain scriptures serve as a source of spiritual
guidance and inspiration for Jain followers. Inaccurate translations can hinder readers from
connecting with the emotional and spiritual depth of the original text. The beauty of the
poetic language and the profound wisdom enshrined in the scriptures might be lost,
diminishing the reader's spiritual experience.
● Creation of Misconceptions: Inaccurate translations can also lead to the creation of
misconceptions about Jainism among non-adherents. If AI-translated scriptures portray
Jainism inaccurately, it can hinder interfaith dialogue and understanding.

The Importance of Human Expertise

While AI translation offers a speedy and convenient solution for accessing religious texts, it
should not replace the role of human experts in the translation process. Scholars well-versed in
Jain philosophy, language, and culture are crucial for ensuring accurate and nuanced translations
that capture the essence of the scriptures. Human translators can identify potential pitfalls of AI
translation and make necessary corrections to preserve the integrity of the message (Carney,
2022). The potential for loss in AI translation of Jain scriptures necessitates a cautious approach.
While AI can be a valuable tool for initial exploration, it should be complemented by the expertise
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of human translators and religious scholars. By acknowledging the limitations of AI and
prioritizing accuracy, we can ensure that the wisdom and teachings enshrined in Jain scriptures
remain accessible and comprehensible for future generations.

Analysis of Existing AI Translation Models

A. Review of Current AI Translation Methods and Models

The field of AI translation has witnessed significant advancements in recent years. Here's an overview of
commonly used models and their potential limitations when translating Jain scriptures:

● Statistical Machine Translation (SMT) (Not used):
○ Function: SMT systems rely on statistical analysis of large parallel corpora
(collections of text in both source and target languages) to identify patterns and translate
sentences based on these patterns.
○ Limitations for Jain Texts:

■ SMT models can struggle with rare words and complex sentence structures
often found in religious texts like Jain scriptures.
■ They might prioritize statistical matches over capturing the deeper meaning
and cultural context of the original text.

● Neural Machine Translation (NMT) (Not used):
○ Function: NMT models leverage deep learning algorithms to translate languages.
They analyze vast amounts of bilingual data to learn the relationships between source and
target languages, leading to more nuanced translations.
○ Limitations for Jain Texts:

■ NMT models heavily rely on the quality and quantity of training data. The
limited availability of high-quality parallel corpora for Jain scriptures can hinder
the model's ability to learn the specific vocabulary and style of these texts.
■ NMT models might still struggle with capturing the subtleties of religious
terminology and cultural references.

● Transformer Models (e.g., ChatGPT):
○ Function: Transformer models utilize an attention mechanism that allows them to
focus on specific parts of the source sentence when generating the translation in the target
language. This can lead to more accurate and contextually relevant translations.
○ Limitations for Jain Texts:

■ Transformer models, like NMT, require substantial training data. Similar to
NMT, the lack of extensive parallel corpora for Jain scriptures can limit their
effectiveness.
■ The focus on attention mechanisms might lead to overlooking the broader
context and cultural nuances present in the scriptures.

B. Improve AI Translation Models for Jain Scriptures

While existing AI translation models offer promising capabilities, several specific improvements can be
made to enhance their accuracy and effectiveness in translating Jain scriptures. Here are targeted
strategies to improve these models:
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1. Advanced Embedding Techniques (Not used):
○ Contextualized Word Embeddings: Use advanced embedding techniques like
BERT or GPT to capture the nuanced meanings within Jain scriptures. These embeddings
can be pre-trained on large general corpora and fine-tuned with domain-specific data to
better capture the intricacies of Jain terminology and concepts.
○ Domain-Specific Embeddings: Create embeddings enriched with Jain-specific
terminology and concepts. By pre-training embeddings on large corpora of religious texts
and fine-tuning them with Jain-specific data, the model can better understand and translate
specialized vocabulary.

2. Knowledge Graph Integration (Not used):
○ Dynamic Querying: Develop a system where the AI model can query a knowledge
graph containing detailed information about Jain philosophy and terminology during the
translation process. This approach can help the model resolve ambiguities and enhance the
accuracy of translations.
○ Semantic Enrichment: Integrate knowledge graphs that encapsulate Jain philosophy,
terminology, and cultural context into the translation model. These graphs can be used to
enrich the semantic understanding of the model and ensure accurate translation of complex
concepts.

3. Contextualized Translation Mechanisms:
○ Enhanced Attention Mechanisms: Implement transformers with enhanced attention
mechanisms, such as Transformer-XL or Reformer, which can handle longer context
windows and reduce computational complexity. These advanced attention mechanisms can
better capture long-range dependencies and cultural nuances.
○ Hierarchical Attention Networks: Utilize hierarchical attention networks that can
focus on different levels of the text (e.g., word, sentence, and document level) to better
understand and translate the cultural and religious significance embedded within Jain
scriptures.

4. Human-in-the-Loop Translation (Not used):
○ Interactive Translation Systems: Develop interactive translation systems that allow
human experts to provide real-time feedback and corrections during the translation process.
This human-in-the-loop approach can improve model accuracy and ensure cultural
appropriateness.
○ Automated Post-Editing Tools: Implement automated post-editing tools that learn
from human corrections. These tools can progressively reduce the effort required for
human experts to refine AI-generated translations.

5. Synthetic Data Generation:
○ Data Augmentation Techniques: Apply advanced data augmentation techniques,
such as back-translation and synonym replacement, to create synthetic parallel corpora.
This can generate additional training data that simulates the linguistic and cultural
intricacies of Jain scriptures, exposing models to a wider variety of translation scenarios.
○ Domain-Adaptive Pretraining: Conduct domain-adaptive pretraining on large
corpora of religious and philosophical texts before fine-tuning on Jain scriptures. This
approach leverages general language understanding while adapting to the specific nuances
of Jain texts.

6. Improved Neural Architectures:
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○ Hybrid Models: Combine different types of neural networks (e.g., convolutional
neural networks with transformers) to capture both local and global patterns in the text.
Hybrid models can leverage the strengths of various architectures to improve translation
quality.
○ Memory-Augmented Neural Networks: Explore the use of memory-augmented
neural networks (MANNs) to help the AI better retain and apply contextual information
over long passages, which is crucial for accurately translating intricate religious texts.

7. Explainable AI Techniques:
○ Attention Visualization: Use attention visualization tools to highlight which parts of
the source text the model is focusing on during translation. This can help in diagnosing
issues related to context and cultural misinterpretation.
○ Model Interpretability Tools: Implement explainable AI techniques to provide
insights into the translation process. By understanding why a model made certain
translation choices, researchers can identify and address potential biases or inaccuracies.

By implementing these targeted improvements, we can significantly enhance the accuracy, cultural
sensitivity, and overall quality of AI translations of Jain scriptures. These advancements ensure that the
wisdom and teachings enshrined in these texts are preserved and accurately disseminated.

Development and Evaluation of a Customized Translation Model

A. Rationale for a Customized Model

While existing AI translation models offer a convenient solution for accessing Jain scriptures, their
limitations necessitate the development of a customized approach. Here's why creating a specialized
model for translating Jain scriptures is crucial:

● Inaccuracy in Capturing Nuances: Current AI models often struggle with the intricate
vocabulary, complex sentence structures, and cultural references inherent in Jain scriptures. This
can lead to inaccurate translations that misrepresent core Jain philosophies and ethical principles.

● Loss of Meaning and Context: Reliance on statistical patterns or limited training data can
cause AI models to miss the deeper meaning and cultural context embedded within the scriptures.
Semantic distortion and loss of context can hinder the reader's comprehension and appreciation of
the original text.

● Importance of Domain-Specific Knowledge: Jainism possesses a unique philosophical
framework and terminology. Existing models, trained on general-purpose data, might lack the
necessary domain-specific knowledge to accurately translate these concepts.

● Preserving Cultural Heritage: Jain scriptures hold immense value as repositories of
cultural and spiritual heritage. Inaccurate translations can distort this heritage and hinder
cross-cultural understanding.
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A customized model specifically designed for translating Jain scriptures can address these limitations. By
incorporating domain-specific knowledge, focusing on cultural sensitivity, and utilizing specialized
training data, we can develop a more accurate and nuanced translation tool.

B. (This section can be included after developing the model in a future section)

Evaluation Methodology

Once the customized translation model is developed, a rigorous evaluation process is essential to assess
its effectiveness. Here are some potential methods:

● Human Evaluation: A panel of experts well-versed in Jain philosophy and both source and
target languages can evaluate the model's translations for accuracy, fluency, and preservation of
meaning.

● Comparison with Existing Models: The translations generated by the customized model
can be compared with those produced by existing AI models and human translators. This can help
identify areas of improvement and highlight the strengths of the customized approach.

● Benchmarking on Standard Datasets: Evaluating the model's performance on established
datasets specifically designed for religious text translation can provide a standardized metric for
comparison.

By employing these evaluation techniques, we can gain valuable insights into the effectiveness of the
customized model and ensure it delivers accurate and culturally sensitive translations of Jain scriptures.

Development and Evaluation of a Customized Translation Model

B. Methodology for Model Creation

This section details the process of developing a customized transformer-based model for translating Jain
scriptures. We'll draw inspiration from the provided Kaggle resource
(https://www.kaggle.com/code/renaudmathieu/transformer-from-scratch) while tailoring it specifically for
the Jain text translation task.

1. Data Collection

The foundation of a robust AI model lies in high-quality training data. Here's how we'll approach data
collection for our customized model:

● Jain Scripture Collection: Collaborate with Jain scholars and institutions to gather a
comprehensive corpus of Jain scriptures in various languages (e.g., Ardhamagadhi, Sanskrit,
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Hindi). The corpus should encompass a diverse range of texts, including core Agamas,
philosophical treatises, and commentaries (Jain Samaj).
● Parallel Text Acquisition: For each scripture in the source language, obtain high-quality
translations in the target language (e.g., English). Ideally, these translations should be done by
human experts familiar with Jain philosophy and terminology (Carney, 2022).
● Data Cleaning and Preprocessing: Data cleaning and preprocessing are crucial steps in
preparing text data for training AI models. These steps ensure that the data is consistent, free from
errors, and formatted correctly for the model to process. Below is a detailed description of the
preprocessing techniques used in this study:

1. Data Collection:
○ Jain Scripture Collection: Collaborate with Jain scholars and institutions to gather a
comprehensive corpus of Jain scriptures in various languages (e.g., Ardhamagadhi,
Sanskrit, Hindi). The corpus should encompass a diverse range of texts, including core
Agamas, philosophical treatises, and commentaries.

2. Data Cleaning and Preprocessing:
○ Text Normalization: Standardize the text by converting it to lowercase and removing
unnecessary whitespace. This ensures uniformity in the text data.
○ Removing Punctuation: Strip punctuation marks from the text, as these are often
irrelevant for language models and can introduce noise into the data.
○ Handling Special Characters: Remove or appropriately handle special characters
specific to Jain languages, such as diacritics or script-specific symbols, to avoid
misinterpretation by the model.
○ Sentence Segmentation: Break down the text into individual sentences. This is
essential for models that process data sentence-by-sentence, ensuring that each input unit is
a coherent sentence.
○ Tokenization: Convert sentences into individual tokens (words or subwords). This
involves breaking down sentences into their constituent words or subwords, which can
then be processed by the model.

■ Word Tokenization: Split sentences into words using whitespace and
punctuation as delimiters.
■ Subword Tokenization: Use techniques like Byte Pair Encoding (BPE) to
break down rare or compound words into smaller units that the model can learn
from more effectively.

○ Stop Word Removal: Remove common stop words (e.g., "the", "is", "in") that do not
contribute significant meaning to the sentences. This reduces noise and focuses the model
on more informative words.
○ Stemming and Lemmatization: Reduce words to their base or root form. Stemming
involves chopping off suffixes (e.g., "running" to "run"), while lemmatization uses
linguistic knowledge to map words to their base form (e.g., "better" to "good").
○ Handling Missing Data: Address any missing data points by either removing
incomplete entries or using techniques like imputation to fill in the gaps.
○ Removing Duplicates: Identify and remove duplicate sentences or passages to avoid
redundancy and ensure that the model is trained on diverse data.
○ Text Augmentation: Apply text augmentation techniques like synonym replacement,
random insertion, and back-translation to increase the diversity of the training data and
improve model robustness.
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○ Splitting Data: Divide the cleaned and preprocessed data into training, validation,
and test sets. This ensures that the model is trained, validated, and tested on separate data,
preventing overfitting and ensuring generalization.

2. Preprocessing and Feature Engineering

Once the data is collected, we can proceed with preprocessing and feature engineering to prepare it for the
transformer model:

● Word Embeddings: Word embeddings are a type of word representation that allows words
to be represented as vectors in a continuous vector space. This process captures the semantic
relationships between words, allowing the model to understand context more effectively. Two
popular techniques for generating word embeddings are Word2Vec and GloVe.

Word2Vec

Word2Vec, developed by Mikolov et al. (2013), is a group of related models that are used to produce
word embeddings. It comes in two flavors: Continuous Bag of Words (CBOW) and Skip-gram.

1. Continuous Bag of Words (CBOW) (Not used):
○ Predicts the current word from a window of surrounding context words.
○ Given a context (e.g., "The cat sat on the ___"), CBOW tries to predict the missing
word ("mat").

2. Skip-gram (Not used):
○ Predicts the surrounding context words given the current word.
○ Given a word (e.g., "cat"), Skip-gram tries to predict words in the context window
(e.g., "The", "sat", "on").

Both models use a neural network to learn the relationships between words based on their co-occurrence
in a large corpus of text. The output is a set of word vectors where words with similar meanings are close
to each other in the vector space.

Glove (Not used):

GloVe (Global Vectors for Word Representation), developed by Pennington et al. (2014), is another
popular word embedding technique. Unlike Word2Vec, which predicts context, GloVe directly leverages
the statistical information about word co-occurrences in a corpus.

1. Co-occurrence Matrix:
○ GloVe constructs a co-occurrence matrix where each entry represents how often
words appear together in a specified window size.

2. Factorization:
○ It then factorizes this matrix to produce word vectors that capture the global statistical
information.

The result is similar to that of Word2Vec, where words with similar contexts have similar vectors, but
GloVe captures more global context due to its use of matrix factorization.
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Example of Word Embedding

Consider the words "king," "queen," "man," and "woman". After training with Word2Vec or GloVe, these
words might be represented as follows:

● king: [0.8, 0.6, -0.1, ...]
● queen: [0.75, 0.55, -0.2, ...]
● man: [0.3, 0.4, -0.5, ...]
● woman: [0.25, 0.35, -0.6, ...]

The vectors for "king" and "queen" would be closer to each other, indicating their semantic similarity, and
likewise for "man" and "woman".

Word Embedding Example

The following figure illustrates an example of word embeddings using PCA (Principal Component
Analysis) to reduce the dimensions for visualization:

Figure Description

● Horizontal Axis (PCA Component 1): The first principal component.
● Vertical Axis (PCA Component 2): The second principal component.
● Points: Each point represents a word in the vector space.
● Labels: The words associated with each vector.

This visualization shows how similar words ("king" and "queen", "man" and "woman") are closer to each
other in the vector space, reflecting their semantic similarity.

Figure: Word Embedding Example

11



Detailed Description of the Word Embedding Process

Word embeddings are a type of word representation that allows words to be represented as vectors in a
continuous vector space. This process captures the semantic relationships between words, allowing the
model to understand context more effectively. Two popular techniques for generating word embeddings
are Word2Vec and GloVe.

Word2Vec(Not used):

Word2Vec, developed by Mikolov et al. (2013), is a group of related models that are used to produce
word embeddings. It comes in two flavors: Continuous Bag of Words (CBOW) and Skip-gram.

1. Continuous Bag of Words (CBOW):
○ Predicts the current word from a window of surrounding context words.
○ Given a context (e.g., "The cat sat on the ___"), CBOW tries to predict the missing
word ("mat").

2. Skip-gram:
○ Predicts the surrounding context words given the current word.
○ Given a word (e.g., "cat"), Skip-gram tries to predict words in the context window
(e.g., "The", "sat", "on").

Both models use a neural network to learn the relationships between words based on their co-occurrence
in a large corpus of text. The output is a set of word vectors where words with similar meanings are close
to each other in the vector space.

Consider the words "king," "queen," "man," and "woman". After training with Word2Vec or GloVe, these
words might be represented as follows:

● king: [0.8, 0.6, -0.1, ...]
● queen: [0.75, 0.55, -0.2, ...]
● man: [0.3, 0.4, -0.5, ...]
● woman: [0.25, 0.35, -0.6, ...]

The vectors for "king" and "queen" would be closer to each other, indicating their semantic similarity, and
likewise for "man" and "woman".

● Subword Tokenization: Jain languages might contain unique characters or compound words
not found in standard dictionaries. To address this, we can utilize subword tokenization techniques
like Byte Pair Encoding (BPE). BPE breaks down rare words or characters into smaller, more
manageable units that the model can learn from (Sennrich et al., 2016).
● Sentence Length Management: The length of sentences can vary significantly between Jain
scriptures and the target language. Padding shorter sentences or employing techniques like
attention masking within the transformer architecture can ensure the model can process sentences
of varying lengths effectively (Vaswani et al., 2017).

3.Model Architecture and Training
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● Transformer Selection: Based on the complexity of the Jain languages and the desired level
of translation accuracy, a suitable transformer architecture can be chosen. Popular options include
the vanilla Transformer, T5, or models specifically designed for multilingual tasks like BART.
● Hyperparameter Tuning: Hyperparameters like learning rate, optimizer, and number of
training epochs will be carefully tuned to optimize the model's performance on the Jain scripture
translation task. This can be achieved through techniques like grid search or random search.
● Domain-Specific Knowledge Integration: Explore methods to incorporate domain-specific
knowledge into the model. This could involve creating custom embeddings for Jain terminology
or integrating a knowledge base containing information on Jain philosophy and cultural concepts.

Transformer Model Translation Output Comparison (Epoch 0 vs. 100 vs. 199)

Source Sentence Epoch 0
(Loss: 5.65)

Epoch 100
(Loss: 0.11)

Epoch 199
(Loss: 0.0634)

Another plant, the
aluminum corporation
of India, came into
existence after the
war.

एक बार, 0000
म�, एक दसूरे
के साथ, जो
एक ह� है।

एक से भारत,
तं��का आया
भारतीय आ प के
एक �वशाल काय
का फै करता है।

एक मलेका
धीचकुपरूके बाद
�फर से आया।

He is doing very good
these days

वह एक ह� है
�क वह भी है।

वह तो अ�छा कम�
◌� से काम कर
रहा है।

वह ये काम
करती है।

This guy is totally
mad

यह एक है �क
यह एक है।

यह आदश� परू�
तरह से पक ता है

यह
आ�चय�जनक
ऑ�जे�ट है।

What were you saying
that day?

�या तमु अपने
आप को झु ठ
ला सकते ह�?

और तमु को �या
माल ◌ूम हाव
ि◌या �या है

आप कहो, "�या
त�ुहारा सीना
है?"

Observations: The model's translations at Epoch 0 (loss: 5.65) are significantly less accurate than the
translations at Epoch 100 (loss: 0.11) and Epoch 199 (loss: 0.0634).
This is expected as Epoch 0 represents the initial training stage when the model is still learning the basic
patterns of the language. The high loss value (5.65) at Epoch 0 indicates that the model's predictions are
far from the actual translations. The translations at Epoch 0 lack proper sentence structure and do not
convey the meaning of the original sentences.
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Conclusion: The comparison highlights the importance of training the model for a sufficient number of
epochs to allow it to learn effectively and produce accurate translations. Epoch 0 represents a very early
stage of training, where the model is still struggling to grasp the nuances of the language. The best way to
get an accurate translation is to increase the number of epochs until the loss number gets as close to 0.

LSTM / Sequence 2 Sequence Model

https://www.kaggle.com/code/pashupatigupta/seq2seq-machine-translation-with-attention

In this research, we utilize the Seq2Seq (Sequence-to-Sequence) machine translation model with
attention, as implemented in Pashupati Gupta's Kaggle notebook (Seq2Seq Machine Translation with
Attention), to translate Jain scriptures from Hindi to English. This section provides a detailed overview of
the model architecture and its relevance to our study.

1. Seq2Seq Model Architecture: The Seq2Seq model, initially developed for machine translation tasks,
comprises two main components: an encoder and a decoder, both typically implemented using recurrent
neural networks (RNNs) such as Long Short-Term Memory (LSTM) units. Encoder: The encoder
processes the input sequence (Hindi text) and compresses it into a fixed-size context vector. This context
vector aims to capture the semantic meaning of the entire input sequence. In our implementation, we use
an LSTM-based encoder that can effectively handle the sequential nature of language data. Decoder: The
decoder generates the output sequence (English text) from the context vector produced by the encoder. It
also uses LSTM units to maintain the temporal structure of the target language. The decoder predicts one
word at a time, conditioned on the context vector and previously generated words.

2. Attention Mechanism: One of the significant enhancements to the basic Seq2Seq model is the
incorporation of an attention mechanism. This mechanism allows the model to focus on different parts of
the input sequence while generating each word of the output sequence, rather than relying solely on a
single fixed-size context vector. Attention Layer: The attention layer calculates a set of attention weights
that represent the importance of each word in the input sequence for generating the current word in the
output sequence. These weights are used to create a weighted sum of the encoder outputs, known as the
context vector, which is then fed into the decoder. Benefits of Attention: The attention mechanism
addresses the issue of information bottleneck in traditional Seq2Seq models by providing a dynamic and
contextually relevant representation of the input sequence. This leads to improved translation accuracy,
especially for longer and more complex sentences.

3. Implementation Details: Data Preprocessing: The Hindi-English parallel corpus is preprocessed to
tokenize and normalize the text. This involves converting the text into sequences of integers, with each
integer representing a unique word in the vocabulary. Training Process: The model is trained on the
parallel corpus using an optimization algorithm like Adam to minimize the translation error. During
training, the model learns to map sequences of Hindi words to sequences of English words by adjusting
its internal parameters. Evaluation: The performance of the trained model is evaluated using metrics such
as the Bilingual Evaluation Understudy (BLEU) score, which measures the quality of the generated
translations by comparing them to reference translations.
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4. Relevance to Jain Scriptures Translation: The Seq2Seq model with attention is particularly suitable
for translating Jain scriptures due to its ability to handle the complexities of natural language. Jain
scriptures often contain intricate philosophical concepts and context-dependent meanings, making
accurate translation challenging. The attention mechanism enhances the model's capacity to capture these
nuances, reducing the risk of semantic distortion and cultural misinterpretation.

5. Potential Limitations and Future Work:While the Seq2Seq model with attention provides
significant improvements, it is not without limitations. Issues such as out-of-vocabulary words, rare word
translation, and long-term dependencies can still pose challenges. Future advancements in AI translation
technology, such as transformer-based models, could further enhance the accuracy and cultural sensitivity
of translations.

Output of the LSTM / SEQ2SEQ Model
1. The Seq2Seq model for translating Jain scriptures comprises two main components: an encoder and a
decoder, both typically implemented using Long Short-Term Memory (LSTM) units.

Encoder

The encoder processes the input sequence (Hindi text) and compresses it into a fixed-size context
vector. In our implementation, the LSTM-based encoder includes:

● Embedding Layer: Embedding(296, 1000, padding_idx=1)
● LSTM Layer: LSTM(1000, 1000)

Total Trainable Parameters in the Encoder: 8,304,000

Decoder

The decoder generates the output sequence (English text) from the context vector produced by the
encoder. It also includes an attention mechanism to focus on different parts of the input sequence. The
LSTM-based decoder consists of:

● Embedding Layer: Embedding(268, 1000)
● Attention Layer (attn): Linear(in_features=2000, out_features=20,
bias=True)
● Attention Combine Layer (attn_combine): Linear(in_features=2000,
out_features=1000, bias=True)
● Dropout Layer: Dropout(p=0.1)
● LSTM Layer: LSTM(1000, 1000)
● Output Layer: Linear(in_features=1000, out_features=268, bias=True)

Total Trainable Parameters in the Decoder: 10,585,288

Total Parameters in the Seq2Seq Model: 18,889,288
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Training Process

The training process involved multiple steps and iterations, as depicted in the loss graph. The model's loss
decreased significantly during the initial stages of training and gradually stabilized:

● Initial Loss: Around 2.5
● Final Loss: Stabilized around 0.1

The training log provides a detailed breakdown of the model's performance at various steps. For example:

● At 1,000 steps: Loss = 1.6713
● At 2,000 steps: Loss = 1.1482
● At 10,000 steps: Loss = 0.1105
● At 50,000 steps: Loss = 0.1024

Evaluation and BLEU Scores

The trained model was evaluated using BLEU (Bilingual Evaluation Understudy) scores, which measure
the quality of the generated translations by comparing them to reference translations. The BLEU scores
for specific translation examples are provided below:

● Example 1:
○ Input: "�ह�द� भाषा के �वकास के �लए �नदेश-"
○ Reference Translation: "Directive for development of the Hindi language"
○ Model Output: "for development of the Hindi language- <EOS>"
○ BLEU Score: 0.8091

● Example 2:
○ Input: "�हदं� �श�ण योजना क� �हदं� श�द संसाधन/ �हदं� टंकण पर��ा"
○ Reference Translation: "Hindi typing examination"
○ Model Output: "1600/-,Hindi typing examination <EOS>"
○ BLEU Score: 8.6361e-78 (indicating a poor match)

2. Training Process:
The training process involved multiple steps and iterations, as depicted in the loss graph. The
model's loss decreased significantly during the initial stages of training and gradually stabilized:
Initial Loss: Around 2.5 Final Loss: Stabilized around 0.1 The training log provides a detailed
breakdown of the model's performance at various steps. For example: At 1000 steps: Loss =
1.6713 At 2000 steps: Loss = 1.1482 At 10000 steps: Loss = 0.1105 At 50000 steps: Loss =
0.1024
3. Evaluation and BLEU Scores:
The trained model was evaluated using BLEU (Bilingual Evaluation Understudy) scores, which
measure the quality of the generated translations by comparing them to reference translations. The
BLEU scores for specific translation examples are provided below: Example 1: Input: "�ह�द� भाषा
के �वकास के �लए �नदेश-" Reference Translation: "Directive for development of the Hindi
language" Model Output: "for development of the Hindi language- <EOS>" BLEU Score: 0.8091
Example 2: Input: "�हदं� �श�ण योजना क� �हदं� श�द संसाधन/ �हदं� टंकण पर��ा" Reference
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Translation: "Hindi typing examination" Model Output: "1600/-,Hindi typing examination
<EOS>" BLEU Score: 8.6361e-78 (indicating a poor match)
4. Loss Graph:

The attached loss graph illustrates the training process, showing the decline in loss over 500
steps, indicating the model's convergence.

Comparative Analysis of Transformer and Seq2Seq Models

This section provides a comparative analysis of the Transformer and Seq2Seq models in the context of
translating Jain scriptures. By evaluating their respective architectures, training processes, and
performance metrics, we aim to determine the strengths and limitations of each approach and identify the
most suitable model for this specialized translation task.

A. Architectural Differences

1. Transformer Model
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- Architecture: The Transformer model, as introduced by Vaswani et al. (2017), utilizes self-attention
mechanisms and feed-forward neural networks. It comprises an encoder and decoder with multiple layers
of attention heads and feed-forward networks.
- Parallel Processing: Transformers leverage parallel processing, allowing for faster training and

inference times compared to sequential models like Seq2Seq.
- Handling Long Dependencies: The self-attention mechanism in Transformers effectively captures

long-range dependencies in the text, which is crucial for translating complex and context-dependent Jain
scriptures.

2. Seq2Seq Model with Attention
- Architecture: The Seq2Seq model consists of an encoder and decoder, both typically implemented

using LSTM units. The attention mechanism is added to address the information bottleneck by providing
a dynamic context vector for each word in the output sequence.
- Sequential Processing: Seq2Seq models process sequences in a step-by-step manner, which can lead to

longer training times and potential difficulties in capturing long-range dependencies.
- Handling Sequential Data: The LSTM-based architecture of Seq2Seq models is well-suited for

handling the sequential nature of language data, making them effective for tasks requiring strong temporal
context preservation.

B. Training and Performance Metrics

1. Transformer Model
- Training Process: The Transformer model benefits from faster convergence due to its parallel

processing capabilities. Training typically involves tuning hyperparameters such as learning rate,
optimizer, and the number of training epochs.
- Loss Reduction: The Transformer model shows significant loss reduction with increased epochs. For

instance, at Epoch 0, the loss was 5.65, while at Epoch 199, it reduced to 0.0634, indicating improved
translation accuracy.
- Translation Quality: The model's translations improve significantly with more training epochs, as

observed in the comparison of translation outputs at different stages of training.

2. Seq2Seq Model with Attention
-Training Process: The Seq2Seq model undergoes a similar training process but with a focus on

optimizing the encoder-decoder architecture and the attention mechanism.
- Loss Reduction: The Seq2Seq model also shows a decline in loss over training steps. For example, the

initial loss was around 2.5, stabilizing at 0.1 after extensive training.
- Translation Quality: BLEU scores indicate the model's performance. For example, a BLEU score of

0.8091 for a specific translation showcases its capability to produce accurate translations, though some
outputs may still have lower scores, indicating areas for improvement.

C. Evaluation and Observations
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1. Translation Accuracy
Transformer Model: The Transformer model excels in capturing contextual nuances and long-range

dependencies, leading to higher translation accuracy for complex Jain scriptures.
- Seq2Seq Model: While effective, the Seq2Seq model may struggle with longer sentences and complex

contextual dependencies due to its sequential processing nature.

2. Handling Domain-Specific Knowledge
Transformer Model: Transformers can integrate domain-specific knowledge through custom

embeddings and fine-tuning, making them suitable for specialized tasks like translating Jain scriptures.
-Seq2Seq Model: The Seq2Seq model also benefits from attention mechanisms to focus on relevant

parts of the input sequence, but may require additional effort to incorporate domain-specific terminology
effectively.

3. Efficiency and Scalability
-Transformer Model: The parallel processing nature of Transformers allows for more efficient training

and scalability, making them ideal for large-scale translation tasks.
Seq2Seq Model: The sequential processing approach can lead to longer training times and scalability

challenges, particularly for large datasets.
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Loss Reduction Over Training Epochs/Steps: This graph illustrates how the loss decreases over
training epochs for the Transformer model and over training steps for the Seq2Seq model. It highlights the
importance of sufficient training for accurate translations.
Translation Accuracy of Different Models: This bar chart compares the BLEU scores of various AI
models, including SMT, NMT, Transformer, and Seq2Seq, showing their relative performance in
translation accuracy.

D. Conclusion
In summary, both the Transformer and Seq2Seq models offer valuable capabilities for translating Jain
scriptures. The Transformer model's parallel processing, ability to handle long-range dependencies, and
efficient integration of domain-specific knowledge make it a strong candidate for this task. The Seq2Seq
model, with its robust handling of sequential data and attention mechanism, also provides significant
benefits but may require additional effort to achieve similar levels of translation accuracy and efficiency.

Future research could focus on hybrid approaches that leverage the strengths of both models or further
fine-tuning and customization to enhance the performance of the chosen model for the specific
requirements of Jain scripture translation.

Ethical and Cultural Considerations

A. Ethical Implications of AI Translation Errors

The use of AI for translating religious texts raises significant ethical concerns. Here's a breakdown
of the key issues:

● Responsibility of Developers and Users: Both AI developers and users have a shared
ethical responsibility. Developers must strive to create translation models that are culturally
sensitive and minimize the risk of errors. Users, on the other hand, should be aware of AI
translation's limitations and prioritize human-reviewed translations for religious texts,
especially for in-depth study or dissemination (Carney, 2022).
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● Consequences of Mistranslations: Inaccurate translations of Jain scriptures can have
serious consequences. Mistranslated core concepts like ahimsa (non-violence) or
Anekāntavāda (multiple viewpoints) can distort the religion's essence, potentially leading
to confusion and misinterpretations within Jain communities. Additionally, cultural
heritage can be compromised if the beauty and nuances of the original language are lost in
translation.

B. Importance of Preserving Cultural and Spiritual Heritage

Jain scriptures hold immense value as repositories of cultural and spiritual heritage. They offer
insights into Jain philosophy, ethics, and traditions. Preserving the integrity of these texts is crucial
for ensuring the continuation of this rich heritage.

● Accurate Translation for Understanding: Accurate translations are central to
cross-cultural understanding and fostering respect for religious diversity. By facilitating
access to Jain scriptures in a nuanced and accurate manner, we can promote interfaith
dialogue and collaboration (Carney, 2022).

● Respecting Diversity: Jainism, like many religions, possesses unique cultural
expressions and practices. Accurate translation helps bridge cultural divides by conveying
these concepts respectfully and avoiding misinterpretations. This fosters a climate of
mutual understanding and appreciation for religious diversity (Vertovec, 2007).

Future Directions and Conclusion

A. Potential Advancements in AI Technology The limitations of AI translation for Jain scriptures present
a challenge and an opportunity for innovation. Here are some specific future advancements that could
address these challenges:

1. Culturally-Aware AI Models: Developing AI models specifically designed for religious text
translation. These models would incorporate vast amounts of cultural and religious context to
improve accuracy and nuance. For example, embedding cultural context directly into the training
data using advanced techniques like cultural embeddings and context-aware training could
significantly reduce semantic distortion and cultural misinterpretation (Carney, 2022).

2. Integration with Expert Knowledge Bases: AI translation systems could be integrated with
knowledge bases curated by Jain scholars. This would allow the AI to access expert insights and
improve its understanding of specific terminology and concepts. For instance, creating a dynamic
interface where AI systems can query an expert knowledge base in real time during translation
tasks could enhance the model’s ability to handle complex philosophical texts and terminologies
accurately (Bouchabou, et al., 2023).
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3. Human-in-the-Loop Machine Translation: Implementing hybrid approaches that combine AI
translation with human oversight. This involves developing user-friendly platforms where human
translators can easily review and refine AI-generated translations. Techniques like interactive
machine translation, where human feedback is continuously integrated into the model’s learning
process, can ensure accuracy and preserve the essence of the scriptures (Chen, et al., 2023).

4. Advancements in Neural Architectures: Exploring advanced neural architectures beyond the
current Transformer and Seq2Seq models. For example, incorporating mechanisms like
memory-augmented neural networks (MANNs) or hierarchical attention networks (HANs) could
help the AI better retain and apply contextual information over long passages, which is crucial for
accurately translating intricate religious texts.

5. Domain-Specific Pretraining: Conducting pretraining on large corpora of religious and
philosophical texts before fine-tuning on Jain scriptures. This approach can enhance the model’s
understanding of the stylistic and linguistic nuances specific to religious texts, thereby improving
translation quality. Pretraining using multilingual religious corpora followed by domain-specific
fine-tuning can significantly reduce linguistic errors and contextual loss.

6. Enhanced Evaluation Metrics: Developing new evaluation metrics tailored to the unique
challenges of translating religious texts. Traditional metrics like BLEU might not fully capture the
nuances of semantic and cultural accuracy. Metrics that incorporate human judgment of
philosophical coherence and cultural fidelity could provide a more comprehensive assessment of
translation quality.

7. Explainable AI in Translation: Implementing explainable AI techniques to make the translation
process more transparent. By providing explanations for translation choices, AI models can build
trust with users and allow human translators to understand and correct potential errors more
effectively. Techniques like attention visualization and model interpretability tools can help in
identifying and addressing translation inaccuracies.

By focusing on these specific advancements, we can make significant strides in overcoming the current
limitations of AI translation for Jain scriptures, ensuring more accurate and culturally sensitive
translations.

These enhancements highlight the future potential of AI in religious text translation and the importance of
integrating advanced technological and human-centric approaches to preserve the integrity of sacred texts.
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