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Abstract— This study focuses on improving next-word prediction for Tamil, a low-resource language, within Assistive 
Technology. Limited availability of annotated Tamil language data poses a major challenge for building accurate predictive 
models. To address this, a bilingual prediction framework is proposed that uses Tamil–English translation to take advantage of 
the richer linguistic resources available in English. Pre-trained translation models are integrated with language models such as 
LSTM, BiLSTM, GRU, and BERT to enhance prediction performance in AAC applications. The models are evaluated across 
sentences of varying lengths, including short, medium, and long utterances commonly used by AAC users. Experimental results 
show that recurrent neural models perform consistently across all sentence lengths, with GRU achieving the highest precision for 
short sentences. To reduce semantic loss during translation, neural machine translation techniques designed to preserve contextual 
meaning are employed, leading to improved prediction accuracy and contextual relevance. The proposed framework demonstrates 
effective semantic retention, achieving a BLEU score of 0.75 for short sentences. Overall, the bilingual approach improves next-
word prediction quality and supports more natural communication in AAC systems. The framework is scalable to other low-
resource languages and provides a foundation for future real-world user evaluation and the integration of advanced generative 
language models to further enhance predictive performance. 
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1. INTRODUCTION 

Tamil is recognised as one of the oldest classical 
languages in the World, with a high literary history spanning 
over 2000 years. Tamil is a morphologically rich language 
with a complex system of verbs, conjugations, particles and 
pre-/postpositions adjectives and adverbs [1]. This complexity 
makes Tamil an ideal candidate for testing and advancing the 
natural Language Processing models [2]. Tamil is classified as 
a low-resource language in the field of Natural Language 
Processing (NLP), primarily due to the lack of large-scale 
annotated datasets, pre-trained models, and computational 
tools [3]. This scarcity of digital resources obstructs the 
development of effective NLP applications, such as machine 
translation, text generation, and next-word prediction, for 
Tamil. As a result, Tamil remains underrepresented in modern 
language technologies, limiting its accessibility and 
integration into digital platforms [4], [5]. Many tools and 
applications have been developed for English and other major 
global languages, leaving a gap in technological accessibility 
for speakers of low resource languages like Tamil. According 
to UNESCO, Tamil is spoken by over 70 million people 
worldwide, with a significant number facing speech 
impairments requiring AAC devices. However, AAC 
applications often exclude Tamil, limiting their usability. For 
example, AAC tools like Avaz provide basic Tamil support 
but lack context-aware next-word prediction and adaptive 
learning, leaving critical gaps in accessibility and 
communication. 

Many Tamil-speaking individuals have difficulty 
conversing in Tamil due to disabilities which include 
Articulation Disorders, Fluency Disorders, Voice Disorders 
and Language Disorders. [6] declares that these disorders are 
caused by Genetic predisposition, Neurological Disorders, 
Hearing Loss, Trauma and Developmental delays. 
Augmentative and Alternative Communication (AAC) 
Devices support individuals with speaking difficulties. AAC 

devices are categorised into Unaided Communication 
Systems, Aided Communication Systems, Low-tech Devices, 
High-Tech Devices, Specialized Devices, Portable Devices 
and Progressive Devices. Out of these systems, the tools used 
in High-Tech, specialised, portable, and progressive devices 
in this technological era provide comfort for the speakers. 
High-Tech Devices include Speech-Generating Devices 
(SGD) that help speech-impaired individuals to communicate 
[7]. 

[8] give some examples of SGD such as Mobiles or 
Tablets with specialised applications, Eye-tracking devices, 
Dynamic display devices, and Computer-based systems. The 
specialised applications are the AAC mobile applications 
including Proloquo2Go, Proloquo4Text, Avaz, CoughDrop, 
Lamp and many more. These SGDs are available primarily in 
English and a few other languages which include Spanish, 
French, Arabic, Chinese, Czech, Danish, Dutch, Finnish, 
French, German, Greek, Hebrew, Hindi, Hungarian, Italian, 
Japanese, Korean, Norwegian, Polish, Portuguese, Russian, 
Spanish, Swedish, and Turkish. Certain languages, such as 
Tamil and many other regional Indian languages categorized 
as low-resource languages, are not supported by these 
applications. Thus, effective communication remains a 
significant challenge for Tamil-speaking individuals with 
speech difficulties and their communication partners. 

In the domain of AAC, Tamil-speaking individuals with 
speaking difficulty face significant challenges due to the 
limited availability of AAC systems that support Tamil. Most 
AAC tools are designed for high- resource languages like 
English, leaving Tamil speakers with few or inadequate 
options. The complexity of Tamil’s agglutinative structure, 
extensive verb conjugations, and the presence of multiple 
dialects pose significant challenges for integrating the 
language into AAC systems. These intricacies require tailored 
models that can accurately predict contextually appropriate 
words or phrases. This study leverages bilingual frameworks 
to utilize English’s abundant resources while addressing 
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Tamil’s linguistic nuances, making it a viable solution for 
low-resource contexts where direct Tamil NLP models face 
data scarcity. This lack of linguistic support in AAC systems 
intensifies communication barriers, preventing Tamil-
speaking individuals with speaking difficulty from fully 
participating in social, educational, and professional activities 
[9], [10]. The next-word prediction feature in AAC 
applications significantly enhances communication by 
improving the speed, efficiency and accessibility for the 
individuals with speaking difficulty [21]. The absence of 
accurate next-word prediction and language-specific features 
in AAC applications for Tamil further limits their 
effectiveness, highlighting the urgent need for modified 
solutions to bridge this gap. This paper also highlights the need 
for adaptive learning mechanisms in AAC applications to 
personalize next- word predictions for individual users, 
enhancing communication efficiency and usability. 

A framework has been proposed to bridge the 
communication gap between Tamil-speaking individuals with 
speech disabilities and their communication partners. This 
framework incorporates translation from a low-resource 
language to English followed by the next-word prediction to 
make ease of use of the application and tailored by the reverse 
translation phase from English to Tamil. Related works are 
discussed in the following session, followed by the 
methodology and then the results and discussions finally the 
conclusion. 
2. RELATED WORKS 

This session explores related works on the challenges 
faced by individuals with speaking difficulties, followed by an 
examination of assistive technologies that support 
communication. It investigates the use of AAC devices as a 
key assistive technology, with a particular focus on language 
support in AAC mobile applications, especially in low-
resource languages. The session also highlights recent 
technical advancements in AAC applications and discusses 
existing frameworks for language translation in low- resource 
contexts. Also, studies on the effectiveness of next-word 
prediction models are reviewed to exhibit their role in 
enhancing communication. The session concludes with an 
analysis of the challenges involved in developing AAC 
applications for individuals with speech difficulties within the 
Tamil-speaking community. 

Speaking is a unique human ability used for 
communication. This involves the articulation of sounds to 
convey thoughts, emotions, and information. Speaking is an 
essential aspect of human life. It serves as the primary mode 
of communication [11]. There is difficulty in speaking 
because of cultural and linguistic  identity, cognitive and 
developmental delays, and physical and neurological 
limitations. As a result, the expression of thoughts, emotions, 
and needs leads to misunderstanding and social isolation. This 
leads to limited ability to participate in conversations, making 
everyday interactions challenging [12]. Addressing these 
challenges requires assistive technology to support 
individuals with speaking difficulties in various aspects of 
life. 

[13] defines Assistive Technologies (AT) as any device, 
system or equipment designed to assist individuals with 
disabilities. AT is used to enhance the quality of life 
independence, and functional abilities. One of the key aspects 
of assistive technology includes communication support [14]. 
For individuals with speaking difficulty, AT often includes 

Augmentative and Alternative Communication (AAC) 
devices, such as communication boards, tablets and mobiles 
with specialized applications, or eye-tracking systems. [15] 
These devices help individuals express themselves when they 
have difficulty speaking. These tools pave the way for 
promoting inclusivity and equal opportunities to participate 
fully in society despite their difficulty. Mobile applications as 
one of the AAC devices are categorized under hi-tech aided 
AAC devices [16]. This includes many mobile applications 
that support individuals with speaking difficulties. These 
mobile applications include Proloquo2Go, Proloquo4Text, 
Avaz, CoughDrop, Lamp and many more [17]. Table 1 
compares the existing AAC tools with the proposed 
framework. 

TABLE 1 
COMPARISON OF EXISTING AAC TOOLS WITH THE PROPOSED 
FRAMEWORK 
Tool Lang

uage 
Supp
ort 

Ne
xt-
Wo
rd 
Pre
dic
tio
n 

A
d
a
pt
iv
e 
L
ea
rn
in
g 

Ta
mil 
Sup
port 

Multili
ngual 
Suppor
t 

Proloquo
2Go 

Englis
h, 
Spani
sh, 
Frenc
h, etc. 

Limited No No Yes 

Proloquo
4Text 

Englis
h, 
Spani
sh, 
Frenc
h, etc. 

Limited No No Yes 

Avaz Englis
h, 
Hindi, 
Tamil 

Basic (rule-
based) 

No Yes Yes 

CoughDr
op 

Englis
h, 
Spani
sh, 
Frenc
h 

Basic (rule-
based) 

Limited 
(basic 
customizatio
n) 

No Yes 

LAMP 
Words 
for Life 

Englis
h 

Limited No No No 

Snap + 
Core 
First 

Englis
h, 
Spani
sh, 
Frenc
h 

Basic (rule-
based) 

No No Yes 

GoTalk 
NOW 

Englis
h, 
Spani
sh 

No No No Yes 
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Grid for 
iPad 

Englis
h, 
Spani
sh 

Limited No No Yes 

Lingraph
ica 

Englis
h 

No No No No 

Predictab
le 

Englis
h, 
Spani
sh, 
Frenc
h 

Basic No No Yes 

Voice4U 
AAC 

Englis
h, 
Japan
ese 

Limited No No Yes 

Tobii 
Dynavox 
Commun
icator 5 

Englis
h, 
Spani
sh, 
Frenc
h 

No No No Yes 

DynaVo
x 
Compass 

Englis
h, 
Spani
sh 

Basic No No Yes 

EasyTalk Englis
h, 
Dutch 

No No No Limited 

LetMeTa
lk 

Englis
h, 
Spani
sh 

No No No Yes 

Jellow Englis
h, 
Hindi, 
Benga
li 

No No No Yes 

Assistive 
Express 

Englis
h 

Limited No No No 

ClaroCo
m 

Englis
h, 
Spani
sh 

No No No Yes 

AAC 
Autism 
Talk 
Now 

Englis
h 

No No No No 

Proposed 
Framewo
rk 

Tamil
, 
Englis
h 

Advance
d (neural 
models: 
GRU, 
LSTM, 
BiLSTM) 

Planned 
(context- 
aware 
adaptation) 

Yes Yes 
(biling
ual) 

 
The use of these AAC mobile applications has a 

significant growth in recent years due to the advancements in 
technology. The AAC mobile applications are designed to 
help individuals with speaking difficulty to communicate with 
more effective alternative means of expression [18]. These 
applications are particularly beneficial for those with 
conditions such as cerebal palsy, autism, stroke and other 

neurological disorders that impair their verbal communication 
[15]. The AAC mobile applications act as speech- generating 
devices. The key features of these applications include 
producing speech. These applications allow users to input text 
through touch, typing or even voice recognition. It can be 
customized to meet the user's specific needs [18]. Some 
applications like Proloquo2Go, Proloquo4Text, Avaz, 
CoughDrop, Lamp and many more support multiple 
languages. These applications provide enhanced 
communication, increased independence, cost-effectiveness, 
portability and convenience [19]. 
Language support in AAC mobile applications has become 
essential for individuals who require communication in 
specific linguistic contexts. The multilingual support 
enables the individuals to  communicate effectively in their 
preferred languages. This enhances their ability to interact 
with various social and cultural environments. Indian regional 
languages that are low-resource languages include Tamil, 
Telugu, Punjabi, Urdu, Gujarati and many more [20]. Low-
resource languages often lack the availability of linguistic 
resources, such as digital corpora, text data, and language 
processing tools, these result in several challenges when 
designing the AAC mobile applications. The challenges 
include limited lexicons and insufficient speech recognition 
tools [9]. There are some developmental efforts in developing 
low-resource language AAC mobile applications which 
include creating symbol sets and gathering insights from the 
user feedback. A comparison with AAC tools like Avaz 
highlights that while these applications provide basic Tamil 
support, they lack adaptive learning and context-aware next-
word prediction features, which are essential for effective 
communication. Unlike our proposed framework, these tools 
do not utilize bilingual translation or advanced neural models 
for prediction, limiting their usability for Tamil-speaking 
individuals. 

The development of the AAC mobile application that 
supports the Tamil language faces several obstacles. That is 
limited digital resources like comprehensive vocabulary 
datasets [21]. Then the inadequacy of symbol libraries that 
accurately represent the language and cultural context. And the 
challenges in incorporating cultural expressions, idioms, and 
symbols relatable to Tamil speakers [22]. AAC mobile 
applications like AVAZ focus on providing support for Tamil-
speaking individuals. Though language support is being 
provided with the advancement in technology, it is still lacking 
in features such as inadequate symbol libraries, limited 
adaptive learning, low accuracy in next-word prediction 
models and advanced speech synthesis [23]. However, existing 
studies do not fully address the need for preserving Tamil-
specific idiomatic expressions or handling regional dialects in 
AAC systems. This gap highlights the urgency for frameworks 
that can bridge linguistic and cultural nuances. 

Table 2 presents research papers that summarizes the 
model used by various researchers for next word prediction. 
[3] propose the effectiveness of next-word prediction models 
in AAC mobile applications as a key factor in enhancing 
communication for individuals with speaking difficulty. Next-
word prediction models work by analyzing the previous inputs 
from the user and employing statistical methods or Machine 
Learning techniques. Common approaches include N-gram 
modelling, neural network models such as Long Short-Term 
Memory (LSTM) or Bidirectional LSTM (BiLSTM), and 
Gated Recurrent Unit (GRU). LSTM models are specifically 
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designed to handle long-term dependencies, making them 
suitable for tasks involving time-series data or sequential 
information [21], [24]. BiLSTM extends this capability by 
processing data in both forward and backward directions, 
which enhances context understanding. This leads to 
improved prediction accuracy, especially in tasks where the 
relationship between historical and future data points is 
significant [20]. The unique bidirectional architecture of 
BiLSTM, which processes input sequences in both forward 
and backward directions, enables it to capture contextual 
information more effectively than unidirectional models [24]. 
This capability is especially valuable for next-word prediction 
tasks, where understanding the complete context of a sentence 
is essential for accurate predictions. Traditional LSTM 
architectures have also proven effective for language 
modelling, surpassing standard feed-forward networks by 
accounting for entire sequences of preceding words [25]. By 
addressing the limitations of fixed context lengths essential in 
earlier models, LSTMs are particularly well-suited for 
complex tasks like next-word prediction. Optimizing LSTM 
architectures, such as through hyperparameter tuning or 
architectural adjustments, has improved performance 
significantly, particularly in perplexity—a common metric for 
evaluating language model accuracy [25]. 

GRUs, on the other hand, simplify the LSTM architecture 
by combining the forget and input gates into a single update 
gate, which makes them more computationally efficient while 
still capturing long-term dependencies [26]. The integration of 
GRUs into sequence-level training algorithms significantly 
enhances the robustness and accuracy of next-word 
predictions, aligning with the demand for high-quality text 
generation [27]. One of GRU’s strengths lies in its efficiency, 
which is often highlighted as a key factor in its performance. 
While LSTMs may achieve lower word error rates in tasks 
like automatic speech recognition, GRUs offer faster 
optimization with comparable performance levels [28]. This 
efficiency becomes particularly crucial in real-time 
applications, where rapid predictions are necessary, 
positioning GRUs as a viable choice for next-word 
prediction in resource-constrained environments [26].  In 
 experiments, GRUs have shown comparable performance to 
LSTMs but with lesser computational costs, especially in 
complex applications. BERT introduces a different approach to 
processing language data with its transformer architecture, 
allowing it to capture contextual relationships in words 
effectively. [15] advise that the integration of contextual AI 
helps in understanding the context and the user intent which can 
lead to more accurate predictions and richer communication 
experiences. 

 
TABLE 2 
MODELS USED IN VARIOUS RESEARCH FOR NEXT WORD 
PREDICTION. 

Categor
y 

Model/Appr
oach 

Functionali
ty 

Advantages Key 
Referen
ces 

 
Tradition
al 
Models 

 
N-gram 
Modeling 

Predicts 
the next 
word 
using 
statistical 
probabilit
ies based 

Simple, 
interpret
able, 
suitable 
for basic 
predicti
on tasks. 

[3] 

on the 
occurrenc
e of the 
preceding 
n-1 
words. 

 
 
 
 
 
 

Recurren
t 
Network
s 

 
LSTM 

Handles 
long-term 
dependen
cies 
through 
memory 
cells and 
gating 
mechanis
ms. 

Reduces 
errors in 
sequenti
al tasks, 
especial
ly for 
long 
contexts. 

[21], 
[24], 
[25] 

 
BiLSTM 

Processes 
data in 
both 
forward 
and 
backward 
directions 
to 
enhance 
context 
understandi
ng. 

Improves 
accuracy 
by 
capturing 
bidirectio
nal 
context 
in 
sequentia
l 
data. 

[20], 
[24] 

 
GRU 

Simplifie
d LSTM 
architectu
re with 
reduced 
computati
onal 
complexit
y by 
combinin
g input 
and forget 
gates into 
one. 

Efficient 
for real-
time and 
resource-
constrained 
environme
nts while 
maintainin
g 
competitive 
accuracy. 

[26], 
[27], 
[28] 

 
 

Transfor
mer 
Models 

 
 

BERT 

Uses 
bidirectiona
l attention 
mechanism
s to capture 
contextual 
relationship
s in a 
sentence. 

Excels in 
understandin
g context 
and user 
intent, 
supporting 
rich 
communicati
on 
experiences 
in AAC 
applications. 

[29], 
[30], 
[31] 

 
 

Performa
nce 
Enhancer
s 

 
Optimizatio
n 
Techniques 

Methods 
like 
hyperpara
meter 
tuning and 
architectur
al 
modificati
ons to 

Improves 
performanc
e metrics 
such as 
perplexity, 
reduces 
word error 
rates, and 
tailors 

[24] 
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optimize 
model 
performan
ce for 
specific 
tasks. 

models to 
specific 
application 
needs. 

 
The development of AAC mobile applications in low-

resource languages presents several challenges for developers, 
particularly in areas such as Natural Language Processing 
(NLP), machine translation, and application design. For 
instance, Tamil poses unique difficulties due to its complex 
script and diverse dialects [20]. The complexities of Tamil 
grammar and syntax may require custom dictionaries and 
symbol sets. [32] address the complexities of using low-
resource languages few frameworks have been proposed by 
various researchers implementing language translation. One 
of the primary frameworks is Neural Machine Translation 
(NMT). This uses artificial neural networks to translate the 
text. NMT systems incorporate transfer learning from high-
resource languages to improve translation for low-resource 
languages. [33] proposes another framework Multimodal 
Machine Translation (MMT) incorporates multiple modalities 
which include: text and images to support the translation task. 
This framework enhances the context and accuracy of 
translations. Back-translation involves translating the text into 
a different language and back to the original language. [34] 
[35] discuss a specific initiative, such as the Workshop on 
Machine Translation (WMT) shared tasks focused on low-
resource Indic languages. This provides structured 
frameworks for developing and evaluating various translation 
systems. In these tasks, the participants are encouraged to 
create machine translation systems for language pairs like 
English-Assamese and English-Manipuri using datasets like 
IndicNE-corp1.0. This initiative fosters collaboration and 
innovation within the field, helping to raise awareness and 
improve translation quality for underrepresented languages. 

A significant research gap exists in developing AAC 
mobile applications for low-resource languages such as Tamil. 
Despite advancements in AAC technologies, Tamil faces 
unique challenges due to limited linguistic resources, 
including insufficient lexicons, digital corpus, and language 
processing tools. This hinders the development of effective 
AAC solutions [20], [21]. Additionally, the lack of 
culturally and 
 linguistically appropriate symbol libraries and the challenges 
in capturing Tamil's complex grammar, and idiomatic 
xpressions further complicate the design of effective AAC 
systems [22]. Current AAC applications like Avaz provide 
Tamil support but lack adaptive learning mechanisms, which 
could personalize next-word prediction based on user-specific 
preferences, limiting their effectiveness. The next- word 
prediction models like LSTM, BiLSTM, and GRU, though 
promising, remain under-optimized for Tamil, often lacking in 
accuracy and contextual understanding [3]. Moreover, existing 
frameworks for machine translation, such as Neural Machine 
Translation (NMT) and Multimodal Machine Translation 
(MMT), have yet to be fully applied to enhance AAC 
functionality in low-resource languages [33]. Finally, the lack 
of adaptive learning features and personalized vocabulary 
expansion in current AAC applications, like Avaz, limits their 
potential for diverse user needs [23]. This gap highlights the 
need for research focused on developing culturally sensitive, 

multilingual AAC tools, incorporating advanced machine 
learning, and improving language support for Tamil and other 
low-resource languages. 
3. METHODOLOGY 

This section details the proposed framework to bridge the 
communication gap for Tamil-speaking individuals with 
speaking difficulties. Fig. 1 illustrates the method flow of the 
model construction. The main inputs are user-controlled 
vocabulary, day-to-day conversation phrases and complete 
story lines. The data collections are detailed in the first session 
of the methodology followed by the translation from Tamil – 
low resource language to English, followed by the next word 
prediction and finally the reverse translation of the predicted 
phrase from English to Tamil. 

 
 
 
A. Data Collection 
B. Fig. 1. Flow chart for model construction 

The first step in the framework involves collecting data 
that reflects real-world usage of Tamil in different contexts. 
The collection of sentences was in various lengths. They are 
collected from various online sources. The collected sentences 
were categorized as Category 1 (C1) which has less than 5-
word sentences, then Category 2 (C2) which has 6 to 10-word 
sentences and Category 3 (C3) which has more than 10-word 
sentences. 

 
C1 is collected from various online sources which are 

basic communication phrases in colloquial Tamil. These 
sentences typically consist of basic communication phrases 
that are commonly used in daily conversations, such as 
greetings, commands, or simple queries. These phrases were 
taken from https://www.linguanaut.com/learn-
tamil/phrases.php. These phrases are gathered from online 
sources that provide colloquial Tamil used in everyday 
interactions. This dataset helps the model handle basic 
sentence structures, where the prediction task is relatively 
straightforward. AAC users often rely on quick and simple 
phrases such as greetings (e.g., “வண#க%"), commands 
(e.g., "வா'க"), or basic queries (e.g.,"எ)ன?"). These 
phrases are critical for daily interactions, especially for 
individuals with limited language proficiency or cognitive 
challenges. 

 
C2 sentences are also collected from online sources which 

are normal colloquial conversational phrases between two 
communicators. This is taken from 
https://ilearntamil.com/32-conversations-in-colloquial- tamil-
and-english/. This category captures typical conversational 
exchanges, including statements or questions that involve 
moderate complexity, such as subject-verb-object structures. 
These sentences are more diverse in terms of syntax and may 
introduce new vocabulary or idiomatic expressions. Data is 
sourced from common conversational Tamil between two 
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communicators, providing a more realistic representation of 
conversational flow. Real-world conversations often involve 
slightly longer and more nuanced exchanges. For example, a 
sentence like "உ'க,#- எ)ன ேவ/%, 0-ஆ இ3ல 
கா5யா?" ("What do you need, tea or coffee?") requires the 
AAC system to understand context and word relationships. 

 
C3 sentences are framed from short Tamil stories that 

were in colloquial language, and taken from 
https://tamilkathaigal.com/category/tamil-short-story/. Long 
sentences typically involve narratives or more detailed 
expressions. These sentences are complex, incorporating 
clauses, conjunctions, and more sophisticated syntactic 
structures. Data for these sentences is drawn from short stories 
or articles in colloquial Tamil, providing rich context that can 
assist in improving next-word prediction accuracy when more 
information is available. Although this dataset primarily 
represents standard colloquial Tamil, future efforts must 
incorporate regional dialects to enhance linguistic diversity 
and improve usability for a broader audience. Future work will 
prioritize collecting datasets from various Tamil dialects, 
including Kongu Tamil, Madurai Tamil, and Sri Lankan Tamil, 
to account for regional linguistic differences. Expanding the 
dataset to include regional dialects, such as Kongu Tamil and 
Eelam Tamil, will enhance the framework’s adaptability and 

relevance. This will involve community collaborations to 

collect diverse linguistic data while ensuring cultural 
sensitivity. For users who communicate complex ideas or 
narrate events, the AAC system must handle longer sentences 
with intricate structures. For instance, a sentence like "ஒ8 
நா:, நா) ;'கா<=-> ெச)A அCத ெபாFண 
பாGHIவCேத)" ("One day, I went to the park and saw that 
girl") requires understanding of context, syntax, and 
relationships between clauses. Table 3 has the examples for 
each category. 

 
TABLE 3 
EXAMPLES FOR EACH CATEGORY 

Category Tamil Sentence Translated Sentence 
C1 (<5 words) நா) இ'வக Jணறய வா'Lவன). I bought a lot here. 
C2 (6–10 words) வா'க%மா! இ'க வCI உ#கா8'க. ெசா3N'க, 

எ)ன 5ர>சணன ? 
Hi, come and sit here, What’s your 
problem? 

C3 (>10 words) உ)ேனாட வFQ அQ#கQ பRசG ஆ-I . 
அதனால இCத மாச ச%பள% வா'-ன உடேன டயG-அ 
மாHI. 

Your bike is getting punchered very 
often. So once you get your salary 
change the tyre. 

 
The variation in data collection serves several key 

purposes in improving the quality and performance of the 
model, especially for tasks like translation or next-word 
prediction. After categorization, the dataset is passed on into 
the translation phase from Tamil to English. Categorizing 
sentences by length allows the model to learn and handle 
different levels of linguistic complexity. This categorization 
of sentences into three groups is done to better align the 
model’s capabilities with different communication needs of 
AAC users. This approach is essential in Addressing User 
Needs Across Communication Scenarios. This approach 
reflects the varied sentence structures found in the real world 
conversations. This system ensures in adapting to different 
contexts, such as quick expressions of basic needs, structured 
queries or detailed story telling by the individuals with 
speaking difficulty. By categorizing the data, this proposed 
framework allows for targeted training of next-word 
prediction models by improving their performance. This 
enhances the accuracy, the context awareness and 
personalization of the AAC system. This makes it more 
inclusive and effective for individuals with speaking 
difficulties. 
C. Translation from Tamil to English Process 

The next step in the framework is translating the Tamil 
input sentence into English. This step uses the vast resources 
available for English, such as large-scale pre-trained models, 
word embeddings, and linguistic tools [34]. For AAC 
applications, this step is instrumental in enhancing the 
communication for individuals with speaking difficulty. This 
translation process ensures that the model can utilize English-
language prediction capabilities, which are often more 
advanced than those for Tamil due to the abundance of English- 
language datasets [20]. The translation model used here is 
based on advanced neural machine translation (NMT) 
techniques, such as transformer models, which excel at 
handling the intricacies of language structure and syntax. By 
converting the Tamil input to English, the model benefits from 
the larger pool of resources available for English, improving 
its prediction accuracy [32]. For instance, the Tamil phrase 
'அவ: ;>T 
பாGHதா:' ('She saw a bug') was translated into English and 

back to Tamil without altering its semantic meaning, 
demonstrating the model’s capability to handle complex 
sentence structures. To mitigate translation noise, the 
framework includes a semantic validation step to ensure that 
idiomatic expressions and cultural nuances in Tamil are 
retained during the English translation phase. Fig. 2 outlines 
the workflow for the translation and reverse translation 
processes, emphasizing steps to handle idiomatic 
expressions and semantic nuances. For example, culturally 
specific phrases like 'அUகாைல ' (early morning) are mapped 
to contextually appropriate equivalents in English, 
ensuring retention of meaning during translation and reverse 
translation. Table 4 summarizes research papers that focus on 
the translation process for low-resource languages, 
highlighting their methodologies and languages involved.  

 
Fig. 2. Translation and Reverse Translation Workflow. 
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The framework starts by collecting Tamil sentences 
categorized by length. These are translated into English using 
Neural Machine Translation (NMT), where the English 
version is processed for next-word prediction using GRU, 
LSTM, or BiLSTM models. The final predicted sentence is 
reverse-translated to Tamil while maintaining semantic 
integrity. The translation process is implemented using the 
GoogleTranslator class, which automates the transformation 
of Tamil sentences into English [36]. The key step in 
automating the translation of low-resource languages like 
Tamil to more widely used languages is English [37]. 
Integration of this step in AAC applications allows the system 
to tap into the better-resourced English language models for 
next-word prediction [38]. [39] suggests that this process is 
helpful for low- resource languages like Tamil, where direct 
prediction models might be less effective due to the lack of 
comprehensive datasets. To find the quality of this translation 
process BLEU Score evaluation metric is used [40]. [41], [42], 
[43] has employed the BLEU (Bilingual Evaluation 
Understudy) score metric to evaluate the quality of machine-
generated translations against one or more reference 
translations. Calculating the BLEU score integrates both 
precision and brevity, accounting for the importance of 
generating translations that are not only accurate but also 
appropriately sized relative to reference translations [44]. 

 
TABLE 4 
THE TRANSLATION PROCESS FOR LOW-RESOURCE LANGUAGES, 
HIGHLIGHTING THEIR METHODOLOGIES AND LANGUAGES. 

Title Language 
Focus 

Methodology Published On Reference 

Transfer Learning-Based Neural 
Machine 
Translation for Low-Resource Languages 

Low-
Resource 
Languages 

Transfer 
Learning, NMT 

2023 [45] 

OCR Improves Machine Translation for 
Low-Resource Languages 

Various 
Low- 
Resource 
Languages 

OCR Integration 2022 [46] 

Teaching Unseen Low-Resource 
Languages 
to Large Translation Models 

Finno-Ugric 
Languages 

Transfer 
Learning 

2022 [47] 

Morpheme-Based Neural Machine 
Translation Models for Low-Resource 
Fusion Languages 

Fusion 
Languages 

Morpheme-
Based NMT 

2023 [48] 

Data augmentation for low-resource 
neural machine translation 

Various 
Low- 
Resource 
Languages 

Data 
Augmentation 
Methods 

2017 [49] 

IACS-LRILT: Machine Translation 
for Low-Resource Indic Languages 

Indic 
Languages 
(Manipuri, 
Assamese) 

Machine 
Translation 
Techniques 

2023 [50] 

Enhanced back-translation for low 
resource neural machine translation 
using 
self-training 

Various 
Low- 
Resource 
Languages 

Back-Translation 2021 [51] 

Machine Translation for Low-Resource 
Indic Languages: Challenges and 
Solutions 

Indic Languages NMT, Back-Translation 2023 [50] 

SMaLL-100: Introducing Shallow 
Multilingual Machine Translation 
Model for Low-Resource Languages 

Low-Resource 
Languages 

Shallow 
Multilingual NMT 
model 

2022 [52] 

Adaptation of Large Multilingual 
Machine Translation Models to Unseen 
Low- 
Reousrce Languages via Vocabulary 
Substitution 

Various 
Low- 
Resource 
Languages 

Vocabulary Substitution 2022 [53] 

D. Next Word Prediction Process 
Next-word prediction has become a fundamental feature 

in AAC applications, as this enhances the communication for 
individuals with speaking difficulties. This feature allows 
users to input text more quickly and efficiently by predicting 
the next word they intend to use, thereby reducing the overall 
time and effort required to communicate [54]. [55] suggest 
that the predictive text capabilities can significantly increase 
the efficiency of communication, as users are more likely to 
complete their thoughts without interruption. There are few 
models that help in next word prediction such as Long Short-
Term Memory (LSTM), Bidirectional LSTM (BiLSTM), and 
Gated Recurrent Unit (GRU) under Recurrent Neural 
Network (RNN) and BERT, GPT under Transformers. 
Transformer-based models such as GPT were excluded from 
this evaluation due to their primary design for broader 
contextual understanding rather than sequential next-word 
prediction, a key requirement for AAC systems. Table 5 
summarizes the research papers that focus on next word 
prediction in Indian languages using RNN and transformer 
models. 

 
TABLE 5 
THE RESEARCH PAPERS THAT FOCUS ON NEXT WORD PREDICTION 
IN INDIAN LANGUAGES USING RNN AND TRANSFORMER 
MODELS. 
Title Langua

ge 
Model 
Used 

Publish
ed On 

Refere
nce 

Next word 
prediction in Hindi 
using deep learning 
techniques 

Hindi RNN 2019 [56] 

Exploring Recent 
NLP Advances for 
Tamil: Word 
Vectors and Hybrid 
Deep Learning 
Architectures 

Tamil RNN 2024 [57] 

Next Word 
Prediction in Bangla 
Using Hybrid 
Approach 

Bengali Transform
er 

2023 [21] 

Hybrid CNN-LSTM 
Architecture for 
Bilingual 
Next-Word 
Prediction in 
Punjabi-English 
Social Media 
Texts. 

Punjabi RNN, 
Transform
er 

2023 [58] 

Grapheme to 
Phoneme 
Conversion 
for Malayalam 
Speech Using 
Encoder-Decoder 
Architecture 

Malayal
am 

Bidirecti
onal 
LSTM 
(RNN) 

2022 [59] 
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Analysis of Neural 
Machine 
Translation for 
English to Hindi 
using Long Short- 
Term Memory 
Model and 
Transformer Model 

Hindi Transform
er 

2024 [60] 

Decoding Named 
Entities: Analysing 
Hindi– 
English Code-
Mixed Social Media 
Text 

Hindi-
English 

RNN 2024 [61] 

Transf
ormer-
Based 
Word 
Associ
ation 
of 
Marath
i Text 

Marathi RNN, 
Transform
er 

2023 [62] 

Hate Speech 
and Offensive 
Content 
Detection in 
Indo-Aryan 
Languages: A 
Battle of LSTM 
and 
Transformers 

Gujarati Transform
er 

2023 [63] 

 
By integrating the advanced next-word prediction models 

into AAC systems, users benefit from context- aware and 
efficient communication tools. 

 
E. Reverse Translation Process 

The final step in the framework is to translate the 
predicted English sentence back into low resource languages 
like Tamil. This step ensures that the output remains in the 
user's native language, making the communication process 
seamless and accessible [51]. During this process, the reverse 
translation model ensures that the predicted English output is 
accurately mapped back to Tamil, considering nuances and 
idiomatic expressions in both languages. This step also 
addresses any ambiguities that might arise during the 
translation and prediction phases [50]. Reverse translation 
ensures that the entire process stays within the bilingual 
framework, enabling the system to provide predictions that 
are both contextually relevant and linguistically accurate in 
Tamil [32]. Reverse translation errors, such as the 
misinterpretation of tense or idiomatic phrases, were 
minimized using semantic validation techniques, which cross-
verify outputs against a reference dataset. This step eases 
issues like translation errors or misinterpretations that can 
arise during the first translation phase, making the final output 
more natural and usable for Tamil-speaking users. 

 
By integrating data collection, translation, next-word 

prediction, and reverse translation, the bilingual framework 
ensures that the model can handle a variety of sentence lengths 
and complexities while utilizing the strengths of both Tamil 

and English. Categorizing sentences by length improves the 
model’s ability to predict accurately in various contexts, 
making it a highly adaptable solution for next-word prediction 
in low- resource languages like Tamil. 

 
4. RESULTS AND DISCUSSION 

This section presents the results obtained from the 
translation process and next-word prediction analysis. Tables 
6, 7, 8, 9 and 10, along with Fig. 3, comprehensively evaluate 
the BLEU scores, model performance across varying sentence 
lengths, and comparisons between LSTM, BiLSTM, and 
GRU architectures. 

 
Table 6 presents the translation process results. The BLEU 

score evaluation shows some notable variations across 
different sentence lengths. The BLEU (Bilingual Evaluation 
Understudy) score is commonly used to evaluate the quality 
of machine-generated translations by comparing them to 
human references. It ranges from 0 to 1, with a higher score 
indicating better translation quality. In the context of next-
word prediction, BLEU score variations across different 
sentence lengths can offer insights into the model's 
performance in handling short, medium, and long sentences. 
Fig. 3 depicts the BLEU score across various sentence 
lengths. Shorter sentences (<5 words) score higher (0.75) due 
to their simpler structures and fewer tokens, which reduce 
ambiguity during translation. Medium-length sentences (6–10 
words) face challenges in capturing nuanced relationships, 
reflected in a lower BLEU score (0.72). Longer sentences 
(>10 words) achieve a BLEU score of 0.73, benefiting from 
richer context but facing complexity-related errors. 

 
TABLE 6. 
RESULTS OF THE TRANSLATION QUALITY 

S.No. Lenth of the Sentence BLEU Score 
1 Less than 5-word sentences 0.75 
2 6 – 10 word Sentences 0.72 
3 More than 10 Word Sentences 0.73 

 
 
Fig. 3. BLEU scores across sentence lengths 

Table 7 presents BLEU Score and Model Performance 
Across Sentence Lengths. Sentences with less than 5 words 
achieve the highest BLEU score of 0.75, indicating that the 
model performs best on short sentences. These BLEU scores 
validate the framework’s ability to retain contextual accuracy 
during translation, which is critical for AAC applications 
where effective communication depends on accurate 
predictions. These scores indicate that shorter sentences are 
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more likely to result in accurate predictions, making the 
framework particularly useful for AAC users who rely on 
quick, concise communication. This is likely due to their 
simpler structures and fewer tokens, which reduce the 
complexity of predicting the next word. The sentences ranging 
from 6 to 10 words show the lowest BLEU score at 0.72. This 
suggests that medium-length sentences may introduce 
moderate complexity like less predictable word relationships, 
making prediction more challenging. Sentences with more 
than 10 words perform slightly better than the medium-length 
category, scoring 0.73, but still fall below the shorter 
sentences. The additional context in longer sentences aids 
prediction but also increases the likelihood of errors due to 
more complex syntax and relationships. The BLEU scores 
remain consistent across the sentence lengths, ranging from 
0.72 to 0.75. Table 8 Summarizes the findings from research 
papers that report BLEU scores in machine translation across 
various language pairs and methodologies. 

TABLE 7 
BLEU SCORE AND MODEL PERFORMANCE ACROSS SENTENCE 
LENGTHS 

Sentence 
Length 

BLEU 
Score 

Interpretation 

C1 (<5 words) 0.75 The high BLEU score indicates the 
model's ability to accurately predict 
the next word with minimal 
ambiguity and fewer syntactic 
variations. 

C2 (6–10 
words) 

0.72 The drop in BLEU score reflects the 
model's difficulty in handling these 
structures and less predictable word 
relationships. 

C3 (>10 
words) 

0.73 The BLEU score reflects a slight 
improvement over medium 
sentences, 
though errors may still occur from 
complex sentence structures. 

 
TABLE 8 
THE FINDINGS FROM RESEARCH PAPERS THAT REPORT BLEU 
SCORES IN MACHINE TRANSLATION ACROSS VARIOUS LANGUAGE 
PAIRS AND METHODOLOGIES. 

Study Language 
Pair 

BLEU 
Score 

Methodology 

[64] English-
French 

0.397 Statistical Machine Translation 

[65] English-
German 

0.445 Neural Machine Translation 

[66] English-
Spanish 

0.537 Sequence-to-Sequence Learning 

[67] Chinese-
English 

0.697 Attention-based Neural Machine 
Translation 

[68] English-
Arabic 

0.291 Statistical Translation with 
Neural Networks 

[69] English-
Japanese 

0.430 Phrase-Based Statistical Machine 
Translation 

[70] English-
Italian 

0.710 Hybrid Model (NMT + SMT) 

[71] English-
Russian 

0.780 Neural Translation with 
Enhanced Attention 

[72] Arabic-
English 

0.550 Bidirectional LSTM for Machine 
Translation 

 
Fig. 3 depicts the performance comparison of LSTM, 

BiLSTM, and GRU Models across Metrics and Classes of the 
results that are achieved. This model has been particularly 
successful in Natural Language Processing tasks. The table 
presents the accuracy, precision, and recall for three different 
models (LSTM, BiLSTM, and GRU) across three sentence 
categories (<5, 6–10, and >10 words). Table 9 presents the 
results of the next word prediction models. Each models have 
unique characteristics that impact their performance. Table 10 
summarizes various research papers with its accuracy on 
using various model for next word prediction. 

 

 
 
Fig. 4. Performance Comparison of LSTM, BiLSTM, and GRU 
Models Across Metrics and Classes 
 
TABLE 9 
RESULTS OF THE NEXT WORD PREDICTION PROCESS 
S.N
o 

Model Accuracy Precision Recall 
C1 C2 C3 C1 C2 C3 C1 C2 C3 

1 LSTM 0.7
9 

0.8
6 

0.9
4 

0.8
0 

0.8
7 

0.9
5 

0.7
9 

0.8
6 

0.9
4 

2 BiLST
M 

0.7
5 

0.8
6 

0.9
3 

0.7
9 

0.8
7 

0.9
4 

0.7
5 

0.8
6 

0.9
3 

3 GRU 0.8
0 

0.8
7 

0.9
4 

0.8
8 

0.9
2 

0.9
6 

0.8
0 

0.8
7 

0.9
4 

 
TABLE 10 
SUMMARY OF VARIOUS RESEARCH PAPERS WITH ITS 
ACCURACY ON USING VARIOUS MODEL FOR NEXT 
WORD PREDICTION. 

Paper Title Reference Model Type Accuracy 
(%) 

Contextual Bangla Next 
Word Prediction and 
Sentence Generation 
Using Bi-directional 
RNN With Attention 

[73] Bi-LSTM 97.98% 

Next Word Prediction in 
Hindi Using Deep 
Learning Techniques 

[56] Bi-LSTM 81.07% 

Next word prediction 
using deep learning: A 
comparative study 

[74] LSTM 75% 

Next Word Prediction 
Using Deep Learning 

[75] LSTM 85% 

Prediction-adaptation-
correction recurrent 
neural networks for low- 
resource language 
speech recognition. 

[76] LSTM 70% 

Performance Comparison of LSTM, BiLSTM,
and GRU Models Across Metrics and Classes

1.2
1

0.8
0.6
0.4
0.2
0

C1 C2 C3 C1 C2 C3 C1 C2 C3

Accuracy Precision Recall

LSTM BiLSTM GRU
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Enhanced Next Word 
Prediction Using 
Variational Recurrent 
Neural 
Networks 

[77] Variational 
RNN 

88% 

Bangla word prediction 
and sentence completion 
using GRU: an 
extended version of 
RNN on N-gram 
language model 

[78] Basic RNN 62.5% 

Performance evaluation 
of deep neural networks 
applied to speech 
recognition: RNN, 
LSTM and GRU 

[79] Bi-LSTM 90% 

A novel Multi-
Layer Attention 
Framework for 
visual 
description 
prediction using 
bidirectional 
LSTM 

[80] Attention-
based 
LSTM 

91.5% 

Time-aware location 
prediction by 
convolutional area-of-
interest 
modeling and memory-
augmented attentive 
LSTM 

[81] Time-
Aware RNN 

82% 

 
The evaluation of model performance across different 
sentence lengths highlights distinct strengths and weaknesses 
among LSTM, BiLSTM, and GRU models. LSTM 
demonstrates strong and consistent performance across all 
sentence lengths, with high accuracy (0.79–0.94), precision 
(0.80–0.95), and recall (0.79–0.94). Notably, its performance 
improves with longer sentences (>10 words), achieving its best 
scores in this category. BiLSTM mirrors LSTM’s 
performance, though it slightly underperforms for short 
sentences (<5 words), with an accuracy and recall of 0.75. 
However, it maintains comparable performance to LSTM for 
sentences with 6–10 and >10 words. GRU outperforms both 
LSTM and BiLSTM for short sentences (<5 words), with the 
highest accuracy (0.80) and precision (0.88). For longer 
sentences, GRU matches LSTM’s accuracy but slightly lags 
in precision compared to its performance with shorter 
sentences. 
 For sentences under 5 words, GRU is the best performer with 
the highest accuracy (0.80), precision (0.88), and recall (0.80). 
In the 6–10 word category, all models perform almost 
identically, though GRU holds a slight edge in precision (0.92). 
For sentences exceeding 10 words, all three models achieve 
nearly identical results, with GRU maintaining a slight 
precision advantage (0.96). In terms of consistency, LSTM and 
BiLSTM exhibit stable performance across all sentence 
lengths, while GRU stands out for its higher precision, 
indicating fewer false positives. Future evaluations will include 
user-centric metrics, such as response times and ease of use, 
through trials with Tamil-speaking AAC users, ensuring 
practical effectiveness. User feedback on prediction speed, 
accuracy, and contextual relevance will be crucial to refining 

the framework further. Metrics such as task completion time 
and user satisfaction rates will provide additional insights into 
its real-world applicability. When comparing short and long 
sentences, all models perform better with longer sentences, 
likely due to the availability of more contextual information. 
However, shorter sentences remain more challenging, with 
GRU showing a clear advantage in handling them. Finally, 
GRU is the most suitable model for datasets with a higher 
proportion of short sentences due to its superior precision and 
accuracy. For mixed or longer sentences (6–10 and >10 words), 
all three models perform similarly with minor variations. 
Therefore, GRU is preferred for tasks requiring higher 
precision, while LSTM is ideal for balanced performance 
across all metrics. In comparison to traditional AAC tools, the 
proposed framework significantly improves context retention 
and next-word prediction accuracy due to the bilingual 
translation approach. For example, while Avaz relies on pre-set 
templates and limited Tamil support, our framework 
dynamically adapts to user inputs using neural prediction 
models, offering more personalized and accurate predictions. 
The proposed framework improves next-word prediction by 
leveraging neural models and bilingual translation. Unlike 
Avaz, which relies on pre-set templates, this framework 
dynamically adapts to user inputs, significantly enhancing 
context retention. 

 
In the comparison of LSTM, BiLSTM, and GRU models 

across different sentence lengths, BERT is not included 
primarily due to its fundamentally different architecture and 
intended use case. While LSTM, BiLSTM, and GRU are 
recurrent models designed to handle sequential data and are 
particularly effective for next-word prediction tasks in smaller 
datasets, BERT operates using a transformer-based 
architecture, which relies on bidirectional context rather than 
sequential processing. BERT excels at understanding 
contextual relationships in entire sentences rather than 
predicting the next word, making it more suitable for tasks such 
as language understanding, text classification, and question-
answering. Additionally, BERT requires substantial 
computational resources and a large volume of data for fine-
tuning, which may not be practical for small datasets like the 
one used in this analysis (2030 sentences). The use of 
autoregressive techniques for next-word prediction is more 
complex with BERT, often requiring additional architecture 
adjustments, such as using masked language models or 
integrating transformers specifically designed for generation 
tasks (e.g., GPT). Given these considerations, LSTM, 
BiLSTM, and GRU were chosen for their efficiency in 
handling smaller datasets and their proven effectiveness in 
next-word prediction tasks, while BERT’s exclusion ensures a 
focus on models more appropriate for the given dataset size and 
task complexity. Although BERT was excluded, future 
iterations will explore fine-tuned transformer-based models 
like GPT, which may provide superior context understanding 
while addressing the limitations of sequential models. The 
framework also prioritizes ethical considerations. To ensure 
user privacy, differential privacy techniques will be 
implemented, anonymizing sensitive user data during training. 
Additionally, fairness metrics will be employed to mitigate 
biases in predictions, ensuring equitable performance across 
varying sentence types and dialects. To ensure user privacy, 
differential privacy techniques like anonymization will be 
implemented during training. Fairness metrics, such as equal 
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performance across regional dialects (e.g., Kongu Tamil, 
Madurai Tamil), will be employed to address potential biases. 
This ensures equitable accessibility for all Tamil-speaking 
AAC users. 
5. CONCLUSION 

This study introduces a bilingual translation framework 
designed to address the challenge of next-word prediction for 
Tamil, a low-resource language. The translation models were 
used to bridge Tamil and English, the framework takes 
advantage of the extensive resources and pre-trained models 
available in English. Models such as LSTM, BiLSTM, GRU, 
and BERT were employed for next-word prediction, 
showing 
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notable improvements in prediction accuracy. This 
demonstrates the effectiveness of integrating translation 
techniques with sequential and transformer models to 
overcome data scarcity in low resource languages. The 
proposed bilingual framework is scalable and adaptable, 
offering a solution for other low-resource languages facing 
similar challenges. A key contribution of this research lies in 
its potential application to Augmentative and Alternative 
Communication (AAC) systems, particularly for users in 
Tamil speaking community. By enabling accurate bilingual 
next-word prediction, the framework enhances 
communication for users in AAC environments, improving 
the usability and inclusivity of these systems. The 
framework’s ability to balance bilingual translation with next-
word prediction offers a template for developing AAC tools 
that cater to other low-resource languages, fostering broader 
linguistic inclusivity. This study not only bridges the resource 
gap for Tamil but also establishes a blueprint for integrating 
underrepresented languages into AAC systems. Future 
iterations will incorporate comprehensive real-world testing 
and adaptive learning features, ensuring the framework 
evolves to meet diverse user needs effectively. Real-world 
testing with AAC users will be instrumental in refining the 
framework. Incorporating adaptive learning mechanisms to 
personalize next-word prediction based on user behavior is 
critical for future iterations. This approach empowers the 
individuals with speaking difficulty by offering more intuitive 
and contextually relevant suggestions, thus giving a better 
interaction. The bilingual framework not only addresses the 
resource gap for Tamil but also sets a precedent for integrating 
low-resource languages into AAC systems. By incorporating 
adaptive learning mechanisms and leveraging GPT-based 
architectures in the future, the framework will evolve to 
provide more personalized and contextually accurate 
predictions. Ethical considerations, such as differential 
privacy and fairness, will remain central to its development, 
ensuring responsible deployment. 

Future work will explore GPT-based architectures to 
enhance context understanding and prediction accuracy. 
Additionally, emphasis will be placed on addressing ethical 
concerns, including data privacy and mitigating model bias, to 
ensure fair and responsible deployment. A key focus will be on 
ensuring the ethical use of user data, incorporating differential 
privacy techniques to safeguard sensitive information, and 
addressing potential biases in translation outputs to avoid 
perpetuating stereotypes. Additionally, refining the 
translation process to preserve semantic integrity and 
minimize translation noise will further enhance next-word 
prediction accuracy. Expanding the bilingual corpora and 
next-word prediction datasets will facilitate more robust 
model training and evaluation, supporting ongoing 
advancements in low-resource language processing and AAC 
technology development. To address ethical concerns, we 
will employ fairness metrics to evaluate model bias and ensure 
equal performance across dialects. Privacy safeguards, such 
as secure data storage and anonymization protocols, will be 
integrated to protect user information during real-world 
testing and deployment. 
ACKNOWLEDGMENT 
The authors express their gratitude to the Thiagarajar College 
of Engineering (TCE) for supporting us to carry out this 
research work. Also, the financial support from TCE under 
Thiagarajar Research Fellowship scheme (File.no: TRF/Jul-

2023/06) is gratefully acknowledged. 
REFERENCES 

[1] Sekhar, S. (2009). 
Jaina Insights in Tamil 
Classical Literary 
Tradition. 
https://www.semantics
cholar.org/paper/c9c45
023221b5d312487718
0b6a7160dca413ac2 

[2] Muthusamy, P., Muniandy, R., Pillai, N., 
Kandasamy, S. S., & Govindasamy, S. (2020). 
STANDARDIZATION OF SPOKEN TAMIL, A 
DIGLOSSIC LANGUAGE FOR TAMIL 
DIASPORA. 
https://www.semanticscholar.org/paper/038b32b598d0591
a31cda9e6ce014beb3afcd452. 

[3] Gupta, I., Rana, K. A. A., Gaur, V., Sagar, K., Sharma, 
D., & Alkhayyat, A. (2023). Low-resource language 
Information Processing using Dwarf Mongoose 
Optimization with Deep Learning Based Sentiment 
Classification. ACM Transactions on Asian and Low-
Resource Language Information Processing. 
https://www.semanticscholar.org/paper/3f712c1aa0340b
bcd2d96ed34dcbb292b3b61ac5 

[4] Nasution, A., & Onan, A. (2024). ChatGPT Label: 
Comparing the Quality of Human-Generated and 
LLM-Generated Annotations in Low-Resource 
Language NLP Tasks. IEEE Access. 
https://www.semanticscholar.org/paper/29fed0dcbf
101c36ae1a79a7cb8224c06e16f916 

[5] Pramodya, A. (2023). Exploring Low-resource 
Neural Machine Translation for Sinhala-Tamil 
Language Pair. Recent Advances in Natural 
Language Processing. 
https://www.semanticscholar.org/paper/06f2eff174b
86f1952269ffab30e2e54b122489f 

[6] Hu, J., & Zhang, C. (2021). ESL Student 
Perspectives on Problems and Solutions for 
Academic Integrity. Canadian Perspectives on 
Academic Integrity. 
https://www.semanticscholar.org/paper/53a5f3c6e
c9f1d48867e48979fabd926dfa6d502 

[7] Almeida, I., Moreira, A., & Ribeiro, J. (2023). 
High-Tech Augmentative and Alternative 
Communication Devices: Observing Children’s 
Need for Help and Interaction with Caregivers. 
Social Sciences. https://www.mdpi.com/2076- 
0760/12/5/310 

[8] Muharib, R., Walker, V. L., & Dunn, W. (2023). 
Effects of Interventions Involving Tablet-Based 
Speech-Generating Devices for Individuals with 
ASD: A Meta-analysis. Journal of Autism and 
Developmental Disorders. 
https://www.semanticscholar.org/paper/a2a2884826
cbb15f26a038721b56c810b13cef5f 

[9] Yang, B., & Kristensson, P. O. (2023). Designing, 
Developing, and Evaluating AI-driven Text Entry 
Systems for Augmentative and Alternative 
Communication Users and Researchers. Proceedings of 
the 25th International Conference on Mobile Human-
Computer Interaction. 
https://www.semanticscholar.org/paper/443e3583ec9ef



A Low-Resource NLP Framework For Bilingual Next-Word Prediction In Tamil In Assistive Technology  

IJDDT, Volume 16 Issue 10s, 2026 Page 965 
 

403dc13fe1b2eed9c02c12335e4 
[10] Yang, Shudong., Yu, Xueying., & Zhou, Ying. (2020). 

LSTM and GRU Neural Network Performance 
Comparison Study: Taking Yelp Review Dataset as an 
Example. 2020 International Workshop on Electronic 
Communication and Artificial Intelligence (IWECAI) , 
98-101 

[11] Kassymova, G., Abutalip, D., Okenova, B., 
Yesbossyn, M., & Dossayeva, S. (2023). Importance of 
dialogue in psychological counselling to avoid stress 
anxiety of Generation Z. Bulletin of Kazakh Leading 
Academy of Architecture and Construction. 
https://www.semanticscholar.org/paper/9e89b1823e0
e8418e31907edd5857cb63e777da6 

[12] Adinda, M., & Ahmad, Z. (2024). THE IMPORTANCE OF 
TEACHING ENGLISH PRONUNCIATION BY USING 
ENGLISH IN MIND TEXTBOOK. Prosiding Konferensi 
Linguistik Tahunan Atma Jaya (KOLITA). 
https://www.semanticscholar.org/paper/2a187521ca277671
3d7d59cc3257560018196b30 

[13] Lancioni, G., Sigafoos, J., O’Reilly, M., & 
Singh, N. N. (2013). Defining Assistive 
Technology and the Target Populations. 
https://www.semanticscholar.org/paper/df37
e61efd382dd28056dfefb6600d076025b0b9 

[14] Holyfield, C., Light, J., Mcnaughton, D., Caron, 
J., Drager, K., & Pope, L. (2020). Effect of AAC 
technology with dynamic text on the single-word 
recognition of adults with intellectual and 
developmental disabilities. International Journal 
of Speech-Language Pathology, 22(2), 129-140. 

[15] Evangeline, S. B., & Moorthy, A. D. (2024). 
Investigating AI Applications in Communication Tools 
for Individuals with Speech Impairments: An In-depth 
Analysis. 2024 IEEE International Conference on 
Interdisciplinary Approaches in Technology and 
Management for Social Innovation (IATMSI). 

[16] Caron, J., Light, J., Davidoff, B. E., & Drager, K. D. 
(2017). Comparison of the effects of mobile technology 
AAC apps on programming visual scene displays. 
Augmentative and Alternative Communication, 33(4), 
239-248. 

[17] Kusmaryani, W., & Tanjung, F. Z. (2023). The Use of 
Mobile Applications in Digital Project-based Learning 
to Improve Students’ English Speaking Skill. Script 
Journal: Journal of Linguistics and English Teaching. 
https://www.semanticscholar.org/paper/cc305b912251f
8c12fe2cd6a061a99e302c04b3b 

[18] Nakkawita, S. G., Duncan, E. S., & Hartzheim, D. U. 
(2021). AAC apps for aphasia: a pilot study on the role 
of intuition and learning. Disability and Rehabilitation: 
Assistive Technology, 1-11. 

[19] Annamalai, S., & Yusoff, Y. Mohd. (2023). Design and 
Development of Let’s Talk Now: A Speech Assistive 
Mobile App for Dysarthric Children. Journal of 
Advanced Research in Applied Sciences and 
Engineering Technology. 
https://www.semanticscholar.org/paper/e5f35d96fd3203a
ab8d214ef729b84f34877b475 

[20] Zaharudin, R., Izhar, N. A., & Hwa, D. L. (2023). 
Exploring the Augmented and Alternative 
Communication (AAC) for Promoting Independence 
in Daily Skills of Students with Learning Disabilities. 

International Journal of Learning, Teaching and 
Educational Research. 
https://www.semanticscholar.org/paper/1e09ab572181
f55b0c1011a5f49616c88d2ffe9a 

[21] Nobel, S. N., Sultana, S., Tasir, M. A. M., & 
Rahman, Md. S. (2023). Next Word Prediction in 
Bangla Using Hybrid Approach. 2023 26th 
International Conference on Computer and 
Information Technology (ICCIT). 
https://www.semanticscholar.org/paper/4313acef6f
287cfe344c3806ebdc45565564a326 

[22] Schindler, C., Luhana, K. K., & Slany, W. 
(2021). Towards continuous deployment of a 
multilingual mobile app. International Journal 
of Emerging Trends in Engineering Research. 
https://www.semanticscholar.org/paper/078fe8a
5d39ce95da13cb66e003b4b11d0734f2b 

[23] Sonawane, J. V., & Varshneya, H. (2020). AVAZ 
application (trial version)-A voice for the 
nonverbal children with autism spectrum disorder: 
A pilot study. The Indian Journal of Occupational 
Therapy, 52(1), 8-11. 

[24] Luo, Renqian., Sun, Liai., Xia, Yingce., Qin, Tao., 
Zhang, Sheng., Poon, Hoifung., & Liu, Tie-Yan. 
(2022). BioGPT: Generative Pre-trained 
Transformer for Biomedical Text Generation and 
Mining. Briefings in bioinformatics . 

[25] Sundermeyer, M.., Ney, H.., & Schlüter, Ralf. 
(2015). From Feedforward to Recurrent LSTM 
Neural Networks for Language Modeling. 
IEEE/ACM Transactions on Audio, Speech, and 
Language Processing , 23 , 517-529 . 

[26] Qin, Yi., Chen, Dingliang., Xiang, Sheng., & Zhu, 
Cai-chao. (2021). Gated Dual Attention Unit Neural 
Networks for Remaining Useful Life Prediction of 
Rolling Bearings. IEEE Transactions on Industrial 
Informatics , 17 , 6438-6447 . 

[27] Sameen, M. I.., & Pradhan, B.. (2017). Severity 
Prediction of Traffic Accidents with Recurrent Neural 
Networks. Applied Sciences , 7 , 476 . 

[28] Ferreira, Thiago Castro., Lee, Chris van der., 
Miltenburg, Emiel van., & Krahmer, Emiel. (2019). 
Neural data-to-text generation: A comparison 
between pipeline and end-to-end architectures. 
ArXiv , abs/1908.09022 . 

[29] Sun, Chen., Myers, Austin., Vondrick, Carl., Murphy, 
K.., & Schmid, C.. (2019). VideoBERT: A Joint Model 
for Video and Language Representation Learning. 
2019 IEEE/CVF International Conference on 
Computer Vision (ICCV) , 7463- 7472 . 

[30] Shakhovska, K., Dumyn, I., Kryvinska, N., & 
Kagita, M. K. (2021). An Approach for a Next‐
Word Prediction for Ukrainian Language. 
Wireless Communications and Mobile 
Computing, 2021(1), 5886119. 

[31] Wei, F., & Nguyen, U. T. (2018). Stock trend prediction 
using financial market news and BERT. Wall Street 
Journal. 

[32] Pendas, B., Carvallo, A., & Aspillaga, C. (2023). 
Neural Machine Translation through Active Learning 
on low-resource languages: The case of Spanish to 
Mapudungun. Proceedings of the Workshop on 
Natural Language Processing for Indigenous 



A Low-Resource NLP Framework For Bilingual Next-Word Prediction In Tamil In Assistive Technology  

IJDDT, Volume 16 Issue 10s, 2026 Page 966 
 

Languages of the Americas (AmericasNLP). 
https://www.semanticscholar.org/paper/e0602e578b1e
1fe7fc6c6c56d3d52a926c6c41a3 

[33] Jie, Z. (2024). The Integration of Machine Translation 
Technology in the Realm of Legal Interpretation. 
American Journal of Education and Information 
Technology. 
https://www.semanticscholar.org/paper/d9419ebf6b05bf
974416c3fa055fd749e22a2e4d 

[34] Pal, S., Pakray, P., Laskar, S. R., Laitonjam, L., 
Khenglawt, V., Warjri, S., Dadure, P., & Dash, S. K. 
(2023). Findings of the WMT 2023 Shared Task on 
Low-Resource Indic Language Translation. 
Conference on Machine Translation. 
https://www.semanticscholar.org/paper/3100a2c55be1f
e532e68b2dda9f4b67b330a0730 

[35] Pakray, P., Pal, S., Vetagiri, A., Krishna, R., Maji, A. K., 
Dash, S. K., Laitonjam, L., Sarah, L., & Manna, R. 
(2024). Findings of WMT 2024 Shared Task on Low-
Resource Indic Languages Translation. Conference on 
Machine Translation. 
https://www.semanticscholar.org/paper/941646b5737af8
1b947231f864e9e632a92b9b7f 

[36] Johnson, M., Schuster, M., Le, Q. V., Krikun, M., Wu, 
Y., Chen, Z., Thorat, N., Viégas, F., Wattenberg, M., 
Corrado, G. S., Hughes, M., & Dean, J. (2016). 
Google’s Multilingual Neural Machine Translation 
System: Enabling Zero-Shot Translation. Transactions 
of the Association for Computational Linguistics. 
https://www.semanticscholar.org/paper/a486e28392911
11bb44fa1f07731ada123539f75 

[37] Choudhary, H., Pathak, A. K., Saha, R., & 
Kumaraguru, P. (2018). Neural Machine 
Translation for English-Tamil. Conference on 
Machine Translation. 
https://www.semanticscholar.org/paper/0c5b1ac9
970a713fff0f189e168242c1519b03d3 

[38] Pathak, A. K., 
Choudhary, H., & 
Shah, R. (2018). 
NMT based Tamil 
Translation. Fire. 
https://www.semantic
scholar.org/paper/4af
4e6da16c175c2e3a60
4c88dd169b477b01fc
f 

[39] Jain, M., Punia, R., & Hooda, I. (2020). Neural 
machine translation for Tamil to English. 
Journal of Statistics and Management Systems. 
https://www.semanticscholar.org/paper/5dcd09
b44a0ad381a89a11a1758bba8e249831e3 

[40] Suriya, S., Ridhi, K., Adwin, S., & Sasank, S. (2023). 
Translate and recreate text in an image. 
https://www.taylorfrancis.com/chapters/edit/10.1201/978
1003453406-17/translate-recreate-text-image-suriya-
ridhi-sanjo- adwin-sasank-jayabharathi-gopisankar 

[41] Tonja, A., Kolesnikova, O., Gelbukh, A., & Sidorov, G. 
(2023). Low-Resource Neural Machine Translation 
Improvement Using Source-Side Monolingual Data. 
Applied Sciences. https://www.mdpi.com/2076-
3417/13/2/1201 

[42] Jha, A., Patil, H., Jindal, S., & Islam, S. M. N. (2023). 

Multilingual Indian Language Neural Machine 
Translation System Using mT5 Transformer. 2023 2nd 
International Conference on Paradigm Shifts in 
Communications Embedded Systems, Machine 
Learning and Signal Processing (PCEMS). 
https://www.semanticscholar.org/paper/d9caa5f4865428
19cd8a981035196f4a3da78172 

[43] Badawi, S. (2023). Transformer-Based Neural Network 
Machine Translation Model for the Kurdish Sorani 
Dialect. UHD Journal of Science and Technology. 
https://www.semanticscholar.org/paper/aaaececae6cf7b
deb13075f18300be74c06efacd 

[44] Liu, C. H., Wang, Y., Piao, C., Dai, Z., Yuan, Y., 
Wang, G., & Wu, D. (2020). Time-aware location 
prediction by convolutional area-of-interest 
modeling and memory-augmented attentive lstm. 
IEEE Transactions on Knowledge and Data 
Engineering, 34(5), 2472-2484. 

[45] Dong, J. (2023). Transfer Learning-Based Neural 
Machine Translation for Low-Resource Languages. 
ACM Transactions on Asian and Low-Resource 
Language Information Processing. 
https://www.semanticscholar.org/paper/e74d86dea3ec80
76f4d5ba8429e4da713ed1d10a 

[46] Ignat, O., Maillard, J., Chaudhary, V., & Guzmán, 
F. (2022). OCR Improves Machine Translation for 
Low-Resource Languages. Findings. 
https://www.semanticscholar.org/paper/24a4cb6e7
e9ab0b5ac5fa37f58f8dcd2056bb69f 

[47] Tars, M., Purason, T., & Tättar, A. (2022). 
Teaching Unseen Low-resource Languages to 
Large Translation Models. Conference on Machine 
Translation. 
https://www.semanticscholar.org/paper/9674a2d43
5124aa9d87feab74ac1a65e728ead07 

[48] Gezmu, A., & Nürnberger, A. (2023). Morpheme-
Based Neural Machine Translation Models for Low-
Resource Fusion Languages. ACM Transactions on 
Asian and Low-Resource Language Information 
Processing. 
https://www.semanticscholar.org/paper/d77885e0478c
318df7a271674dce04349601e80f 

[49] Fadaee, M., Bisazza, A., & Monz, C. (2017). Data 
augmentation for low-resource neural machine 
translation. arXiv preprint arXiv:1705.00440. 

[50] Suman, D., Mandal, A., Pal, S., & Naskar, S. 
(2023). IACS-LRILT: Machine Translation for 
Low-Resource Indic Languages. Conference on 
Machine Translation. 
https://www.semanticscholar.org/paper/80e6861
83bcf026d74a86f9e39273a93b98d92ef 

[51] Abdulmumin, I., Galadanci, B. S., & Isa, A. (2021). 
Enhanced back-translation for low resource neural 
machine translation using self-training. In 
Information and Communication Technology and 
Applications: Third International Conference, 
ICTA 2020, Minna, Nigeria, November 24–27, 
2020, Revised Selected Papers 3 (pp. 355-371). 
Springer International Publishing. 

[52] Mohammadshahi, A., Nikoulina, V., Berard, A., Brun, 
C., Henderson, J., & Besacier, L. (2022). SMaLL-100: 
Introducing Shallow Multilingual Machine Translation 
Model for Low-Resource Languages. ArXiv. 



A Low-Resource NLP Framework For Bilingual Next-Word Prediction In Tamil In Assistive Technology  

IJDDT, Volume 16 Issue 10s, 2026 Page 967 
 

http://arxiv.org/abs/2210.11621 
[53] Abdelghaffar, M., Mogy, A. E., & Sharaf, N. (2022). 

Adapting Large Multilingual Machine Translation 
Models to Unseen Low Resource Languages via 
Vocabulary Substitution and Neuron Selection. 
Conference of the Association for Machine Translation 
in the Americas. 
https://www.semanticscholar.org/paper/8aec3cb052b04
6d251ef980e8a937317a66d2d03 

[54] Higginbotham, D., Lesher, G., Moulton, B. J., & 
Roark, B. (2012). The Application of Natural 
Language Processing to Augmentative and 
Alternative Communication. Assistive Technology. 
https://www.semanticscholar.org/paper/45048eee994
bffe8915e905ab5c24e34512fb4a1 

[55] Buji, K., JonaJ, B., & Student. (2023). NEXT WORD 
PREDICTION. International Research Journal of 
Modernization in Engineering Technology and Science. 
https://www.semanticscholar.org/paper/a5e63b92fe9e06
ccf0a9e700266ed1e354ada622 

[56] Sharma, R., Goel, N., Aggarwal, N., Kaur, P., & Prakash, 
C. (2019, September). Next word prediction in hindi 
using deep learning techniques. In 2019 International 
conference on data science and engineering (ICDSE) 
(pp. 55-60). IEEE. 

[57] Aravinthan, A., & Eugene, C. (2024). Exploring 
Recent NLP Advances for Tamil: Word Vectors 
and Hybrid Deep Learning Architectures. The 
International Journal on Advances in ICT for 
Emerging Regions, 17(2). 

[58] Singh, G., & Kamboj, C. P. (2023, October). Hybrid 
CNN-LSTM Architecture for Bilingual Next-Word 
Prediction in Punjabi-English Social Media Texts. In 
2023 4th IEEE Global Conference for Advancement in 
Technology (GCAT) (pp. 1-7). IEEE. 

[59] Priyamvada, R., Govind, D., Menon, V. K., Premjith, 
B., & Soman, K. P. (2022, February). Grapheme to 
Phoneme Conversion for Malayalam Speech Using 
Encoder-Decoder Architecture. In Intelligent Data 
Engineering and Analytics: Proceedings of the 9th 
International Conference on Frontiers in Intelligent 
Computing: Theory and Applications (FICTA 2021) 
(pp. 41-49). Singapore: Springer Nature Singapore. 

[60] Naveen, R., & Kumar, A. P. (2024, October). Analysis 
of Neural Machine Translation for English to Hindi using 
Long Short-Term Memory Model and Transformer 
Model. In 2024 4th International Conference on 
Sustainable Expert Systems (ICSES) (pp. 515-520). 
IEEE. 

[61] Sharma, A., Sahu, S., Malik, K., & Bansal, P. (2024, 
March). Decoding Named Entities: Analysing Hindi–
English Code- Mixed Social Media Text. In 
International Conference on Computing and Machine 
Learning (pp. 301-313). Singapore: 
Springer Nature Singapore 

[62] Kakde, K., & Padalikar, H. M. (2023, December). 
Transformer-Based Word Association of Marathi Text. 
In International Conference on Information Systems and 
Management Science (pp. 198-209). Cham: Springer 
Nature Switzerland. 

[63] Narayan, N., Biswal, M., Goyal, P., & Panigrahi, A. 
(2023). Hate Speech and Offensive Content Detection in 
Indo-Aryan Languages: A Battle of LSTM and 

Transformers. arXiv preprint arXiv:2312.05671. 
[64] Papineni, K., Roukos, S., Ward, T., & Zhu, W. J. 

(2002, July). Bleu: a method for automatic evaluation 
of machine translation. In Proceedings of the 40th 
annual meeting of the Association for Computational 
Linguistics (pp. 311-318). 

[65] Koehn, P., & Knowles, R. (2017). Six challenges for neural 
machine translation. arXiv preprint arXiv:1706.03872. 

[66] Sutskever, I. (2014). Sequence to Sequence Learning with 
Neural Networks. arXiv preprint arXiv:1409.3215. 

[67] Cheng, Y., & Cheng, Y. (2019). Agreement-
based joint training for bidirectional attention-
based neural machine translation. Joint 
Training for Neural Machine Translation, 11-
23. 

[68] Freitag, M., & Firat, O. (2020). Complete multilingual 
neural machine translation. arXiv preprint 
arXiv:2010.10239. 

[69] Maučec, M. S., & Brest, J. (2019). Slavic languages 
in phrase-based statistical machine translation: a 
survey. Artificial intelligence review, 51(1), 77-117. 

[70] Dwivedi, R. K., Nand, P., & Pal, O. (2025). 
Hybrid NMT model and comparison with 
existing machine translation approaches. 
Multidisciplinary Science Journal, 7(4), 
2025146-2025146. 

[71] Zhang, B., Xiong, D., & Su, J. (2018). Neural 
machine translation with deep attention. IEEE 
transactions on pattern analysis and machine 
intelligence, 42(1), 154-163. 

[72] Tiwari, G., Sharma, A., Sahotra, A., & Kapoor, R. 
(2020, July). English-Hindi neural machine translation-
LSTM seq2seq and ConvS2S. In 2020 International 
Conference on Communication and Signal Processing 
(ICCSP) (pp. 871-875). IEEE. 

[73] Kyume, A., Rahman, M. M., Azad, M. I., Nahid, M., 
Khan, M. S. H., & Uddin, M. M. (2023, June). Contextual 
bangla next word prediction and sentence generation 
using bi-directional rnn with attention. In 2023 5th 
International Congress on Human-Computer Interaction, 
Optimization and Robotic Applications (HORA) (pp. 1-
9). IEEE. 

[74] Soam, M., & Thakur, S. (2022, January). Next word 
prediction using deep learning: A comparative study. 
In 2022 12th International Conference on Cloud 
Computing, Data Science & Engineering 
(Confluence) (pp. 653-658). IEEE. 

[75] Tiwari, A., Sengar, N., & Yadav, V. (2022, September). 
Next word prediction using deep learning. In 2022 
IEEE Global Conference on Computing, Power and 
Communication Technologies (GlobConPT) (pp. 1-6). 
IEEE. 

[76] Zhang, Y., Chuangsuwanich, E., Glass, J., & Yu, D. 
(2016, March). Prediction-adaptation-correction 
recurrent neural networks for low-resource language 
speech recognition. In 2016 IEEE International 
Conference on Acoustics, Speech and Signal Processing 
(ICASSP) (pp. 5415-5419). IEEE. 

[77] Hajiramezanali, E., Hasanzadeh, A., Narayanan, 
K., Duffield, N., Zhou, M., & Qian, X. (2019). 
Variational graph recurrent neural networks. 
Advances in neural information processing 
systems, 32. Rakib, O. F., Akter, S., Khan, M. A., 



A Low-Resource NLP Framework For Bilingual Next-Word Prediction In Tamil In Assistive Technology  

IJDDT, Volume 16 Issue 10s, 2026 Page 968 
 

Das, A. K., & Habibullah, K. M. (2019, December). 
Bangla word prediction and sentence completion 
using GRU: an extended version of RNN on N-
gram language model. In 2019 International 
Conference on Sustainable Technologies for 
Industry 4.0 (STI) (pp. 1-6). IEEE. 

[78] Shewalkar, A., Nyavanandi, D., & Ludwig, S. A. 
(2019). Performance evaluation of deep neural 
networks applied to speech recognition: RNN, 
LSTM and GRU. Journal of Artificial Intelligence 
and Soft Computing Research, 9(4), 235- 245. 

[79] Naik, D., & Jaidhar, C. D. (2022). A novel Multi-
Layer Attention Framework for visual description 
prediction using bidirectional LSTM. Journal of 
Big Data, 9(1), 104. 

[80] Liu, C. H., Wang, Y., Piao, C., Dai, Z., Yuan, Y., 
Wang, G., & Wu, D. (2020). Time-aware location 
prediction by convolutional area-of-interest 
modeling and memory-augmented attentive lstm. 
IEEE Transactions on Knowledge and Data 
Engineering, 34(5), 2472-2484. 


