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Abstract: The Question Answering System (QA) is essential for effectively 

retrieving and providing relevant information, and its performance is heavily 

reliant on the efficiency of information retrieval mechanisms. As the volume 

of information within the corpus continues to grow, the complexity of 

generating accurate and pertinent answers also increases substantially. This 

challenge is particularly significant when designing QA systems for regional 

languages such as Tamil, which present unique linguistic nuances. Currently, 

the primary retrieval mechanism depends largely on token matching, which 

identifies relevant words within user queries. While this approach may be 

effective for straightforward questions, it tends to falter when faced with 

inquiries that require deeper contextual understanding. As a result, the 

reliance on token matching can lead to inconsistencies or irrelevant answers, 

ultimately undermining the quality of the QA system. To overcome these 

challenges and enhance the consistency and relevance of answers, we 

propose a novel methodology that combines generative models with context-

based retrieval techniques. This approach integrates an ensemble classifier 

with the Tamil Llama model, significantly improving both the speed and 

accuracy of information retrieval from the vector store. By leveraging the 

strengths of both models, we ensure that the retrieval process is context-

driven rather than solely reliant on superficial word matches. Additionally, 

the CHAII dataset, specifically crafted for handling inquiries in Tamil, 

undergoes classification and labeling using advanced real-time classifier 

models. This rigorous classification enhances the system's ability to grasp the 

nuances of user queries, thereby improving response accuracy. Our 

evaluations demonstrate that this approach not only elevates the quality of 

the retrieved answers but also substantially reduces the response time for 

generating accurate answers, leading to a more efficient and user-friendly 

QA experience. 

 

Keywords: Large Language Models (LLMs), Retrieval Augmented 

Generation (RAG)  

 

Introduction 

The Question Answering (QA) system is designed to 

comprehend and respond to questions in natural language 

through automation. It is tailored for specific domains 

such as healthcare, literature, sports, and customer 

service. Document retrieval plays a crucial role in the 

performance of the QA system as it aids in finding 

pertinent answers, which can be presented as sentences, 

paragraphs, or n-grams. This study holds significance as 

it can be applied to diverse domain-specific QA systems. 

For example, a subject-specific QA system can greatly 

benefit students by enhancing their understanding of the 

subject matter. Closed-domain QA systems offer their 

own set of advantages, with their performance being 

contingent on the accuracy of the provided answers 

(Badugu and Manivannan, 2020; Alzubi et al., 2023). 

The system must recover closely related information 

to furnish pertinent answers. Information retrieval is a 

fundamental element of QA systems, a realm in which 

OpenAI's ChatGPT and Large Language Models (LLMs) 

have shown improvement. However, LLMs encounter 
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limitations in domain-specific systems due to their 

restricted knowledge. It may be advantageous to address 

this limitation and employ LLMs for document retrieval 

in a Tamil language question-answering system. This 

research aims to harness the benefits of LLMs and identify 

a suitable document retrieval approach for a closed-

domain, sentence-level question-answering system for 

Tamil. Addressing domain-specific information retrieval 

can be accomplished through the fine-tuning of LLMs or 

Retrieval-Augmented Generation (RAG) (Li et al., 2024; 

Mittal et al., 2024; Gupta et al., 2024). 

In this study, the RAG method is chosen due to its 

ability to ensure accuracy by integrating retrieval and 

generative models. The main contributions of this work 

include proposing a multifaceted, context-augmented 

approach and employing the RAG process with the fine-

tuned generative model "Tamil-Llama" for answer 

creation. 

Related Work 

The following work delves into the synergistic 

combination of RAG (Retrieval-Augmented Generation) 

and generative models. It provides an overview of 

existing literature on RAG-based information retrieval 

and the development of Language Models (LLMs) for the 

Tamil language. The development of LLMs in Tamil 

represents a significant advancement in natural language 

processing, particularly given the richness of the language 

and its cultural significance. Although LLMs are well-

established in mainstream languages such as English, 

their development in ancient languages like Tamil is still 

in its nascent stages. Currently, Tamil LLMs (Shliazhko 

et al., 2024; Kakwani et al., 2020; Lin et al., 2021) are 

based on multilingual models, with the first model "GPT-

2 Tamil" (Mahendiran, 2021) serving as a foundational 

starting point. This model, although limited in its 

capabilities due to being trained with fewer samples 

compared to other language models, laid the groundwork 

for further developments. Subsequent improvements to 

the model, such as fine-tuning with additional datasets 

(Radford et al., 2018; Caswell et al., 2020; Kumar et al., 

2022), have significantly enhanced its performance. An 

advanced version of the Tamil LLM, known as "Tamil 

Llama," has been proposed (Balachandran et al., 2023), 

offering a more comprehensive landscape of the language 

model. This generative model is considered the most 

advanced among existing Tamil LLMs and is utilized as a 

key component in information retrieval for Question 

Answering systems (Le Scao et al., 2022). 

The integration of RAG-based information retrieval 

has been particularly beneficial for enhancing LLMs, as it 

allows for effective information retrieval based on graphs. 

Notably, the WebQuestionsSP (WebQSP) open-domain 

Question Answering system, which relies on the Freebase 

dataset, has demonstrated the effectiveness of RAG by 

achieving a 61% accuracy rate without any external 

knowledge. Furthermore, several closed-domain 

Question Answering systems have effectively utilized 

variants of RAG for document retrieval (Jiang et al., 2023; 

Rawat et al., 2020). This literature survey highlights the 

significant progress that has been made in generative 

models for the Tamil language. Leveraging the 

capabilities of these models and training them with specific 

closed-domain contexts can greatly benefit users by 

providing a robust closed-domain Question Answering 

system. It is evident that generative models can be effectively 

tuned with the RAG-based mechanism, and based on this 

consideration, a RAG generative model framework is 

proposed in this work (Xu et al., 2024). 

Methods 

Based on the findings from the literature survey, a 

novel approach called the Context Tamil Llama QA 

system attempts to find a solution for efficient information 

retrieval, focusing on the problems of question-specific 

answers and bridging the gap between context and 

knowledge. This method uses a hybridization strategy 

wherein the most relevant answer to the question is 

obtained through the classifier combined with the non-

parametric external expertise from the RAG. This section 

details the components and the steps involved in 

document retrieval combining the generative model and 

retrieval process. Figure 1 presents the overall 

methodology of the proposed system. 

Multifaceted Context Augmented Retrieval 

The major component in this framework is the 

information retrieval engine that helps the QA system 

give the most relevant answers to the query. 
 

 
 
Fig. 1: Methodology overview of the RAG-based Tamil Llama 

Question and Answering System 
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This is only possible if the retrieval engine gets the 

most appropriate information. For performing this 

process, various classifiers are used, and the key steps that 

are part of this component are as follows: 
 
1. The question from the user is received as input and 

passed to the ensemble classifier model 

2. Based on the ensemble classification model, the 

questions are categorized and assigned to their 

corresponding domain or class. The class here refers 

to the type of the questions 

3. Then the information retrieval is carried out based on 

the class the question is associated with 

4. Next, the role of the retriever is to obtain the relevant 

information, and the retriever here is the bag-of-

words retrieval that performs the retrieval process 

based on the word's presence in the query. The words 

in the question are ranked, and then, based on the 

ranking, the retrieval is done. Then the vector-based 

retrieval is also done, and the results of this combined 

retrieval are fed to the Tamil Llama for the generation 

of the responses to the query 

 

Query Classifier 

This component takes care of the separation of the 

information based on the question asked. Here, basically 

a grouping of the information happens. After the grouping 

is done, every group of information is assigned a label. 

The entire process of adding an index to the information 

based on the question is performed through several steps, 

and they are as follows: 

 
1. The information is grouped based on the question and 

domain, and each group generated is assigned a label 
2. Directory loading is carried out so that each domain's 

data is loaded separately with the assistance of the 
Llama index 

3. The ingestion process that takes care of the loading 
of the essential data and the required transformations 
is carried out. The transformation here means the 
identification of the key entities of the question that, 
in turn, can aid in the relevant information extraction 
for the RAG. So, if we take a question like "நடிகர் 
விஜய் மனைவி யார்? (who is actor Vijay's 
wife?) the Llama model identifies the key entity as 
விஜய் (Vijay) and the other relevant token is 
மனைவி(wife) 

4. The sentence splitter performs the process of dividing 
the content into chunks. Thus, here the identification 
of the indent of the question is carried out, which in 
turn can help in the classification of the questions. For 
example: for the same question, the question's indent 
is கணவனை அனையாளம் காணவும் 

5. After the indent is identified, the indices are 

generated with the assistance of the word2Vec 

embeddings that vectorize the data for retrieval 

6. The context of the question is then identified by the 

generative model and for the example question the 

contextual aspects are "தைிப்பட்ை உறவுகள்," 

"திருமண நினை" மற்றும் "தற்பபானதய 

மனைவி." 

7. Thus, the vectors generated are labelled considering 

the context. Thus, the context-based RAG in turn 

helps in building separate information based on the 

domain, and thus this method is the ideal one for a 

closed-domain question and answering system 
 

This user-provided set of questions is categorized with 
the assistance of different classifiers, and labelling is done 
for each domain.  Various machine learning models can 
be used for this categorization, and some of the base 
models that are used for the query classification are 
logistic regression, naïve Bayes, and Support Vector 
Machine (SVM). In this method, an ensemble of the 
different algorithms is carried out to ensure good accuracy 
in the classification, and the information retriever can thus 
deliver the most important information. 

Context Retrieval 

Upon classifying the queries, the retrieval process is 
initiated using a strategy that combines syntax and 
semantics. Context retrieval is performed with a 
normalization retrieval score ranging from 0 to 1. Once 
the model comprehends the question's context, an 
appropriate response can be formulated. In the specific 
example under consideration, pertinent contextual 
elements encompass the relationship and status. The 
model then conducts an analysis for the filtering process; 
in this context, entities are ranked based on the query's 
intention. The top relations, reflecting contextual 
significance, are then chosen. In the given scenario, the 
model identifies the significant relations as 
"மக்கள்.நபர்.மனைவி_கள்." These retrieval 
components are subsequently converted into the RAG 
component, which oversees the answer generation. The 
fusion of context retrieval with the Tamil Llama ensures 
that the retrieved information is contextual and refers to 
the database. The RAG-based framework empowers the 
Tamil Llama model to access the specific domain relevant 
for obtaining the answer, enabling the model to prioritize 
crucial information closely associated with the queries 
(Yih et al., 2016). 

Experimentation and Results Analysis 

Dataset 

The context of Tamil Llama QA is assessed using the 
CHAII dataset, which contains 368 instances for Tamil. 
This dataset is organized with attributes such as context, 
questions, answer text, and the starting index of the 
answer. The questions cover a broad range of topics 
without being limited to a specific domain. 
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Table 1: Comparison of the conventional machine learning classifier as the ensemble classifier in categorizing the questions  

Model Training Accuracy Testing Accuracy Recall Precision 

Logistic Regression 0.86 0.82 0.82 0.82 

Gaussian Naives 0.92 0.90 0.90 0.90 

Ensembled 1.0 1.0 1.0 1.0 

Transformer 1.0 0.62 0.62 0.61 

 
The evaluation involves conducting experiments with 

3-hop questions and assessing the performance of the Tamil 

Llama using various classifiers, both with and without the 
inclusion of RAG. 

Results 

A comparative analysis is carried out to identify the 

better classifier for the query classification. The 

classification uses only the base machine learning 

algorithm and boosted ensemble classifier, and then the 

transformer model is used for fine-tuning the questions 

related to books, people, and facts domains, and their 

performance is evaluated using accuracy, precision, and 

recall. Table 1 presents the performance of the 

classification model in the categorization of the questions, 

and as shown in Table 1, the performance of the ensemble 

models is better than that of the transformer model, with 

100% accuracy with a small sample size. Thus, the 

classification approach highly contributes to the 

improvement of the performance of the QA system with 

the retrieval of relevant answers. 

During the evaluation of the larger dataset like the 
MultiIndic PMT, the categorization of the questions 
contributed greatly to the evaluation of the workflow. The 
questions are categorized as high and low, denoting the 
association of the question to that particular class. So the 
major classifications are factoid high, factoid low, 

description high, and description low. These are questions 
on factual reasoning that are marked as high and low 
based on the frequency of the answer. Then the time taken 
for answering the 20 questions of each category is also 
evaluated to understand the response time of the proposed 
workflow. 

From the findings presented in Tables 2 and 3, the 

adoption of classifier logic with question segregation has 

reduced the information retrieval time. Table 2 retrieval time 

does not exceed 60%, and due to this, the response time is 

also reduced, and the range between them is 1-10%. 

The cosine similarity score is also used to measure the 

difference between the actual answer and the generated 

answer. Table 4 presents the comparison results of the 

cosine similarity value with and without the inclusion of 

the RAG. 

Along with the evaluation metrics, the variation 

between the actual and predicted answers is also validated 

with human rating. 

The comparison is made only with context-based retrieval 

without the inclusion of RAG and with the inclusion of 

RAG. 

Table 2: Comparison of the information retrieval with and 

without RAG 

Question Type Retrieval time change % 

Description, High -38.21% 

Description,low -20.87% 

Factoid, High -59.97% 

Factoid, low -45.12% 

 

Table 3: Comparison of the response time with and without 

RAG 

Question Type Retrieval time change % 

Description, High -4.21% 

Description, low -10.43% 

Factoid, High -14.13% 

Factoid, low -1.26% 

 

Table 4: Comparison of cosine similarity  

Question Type Average Cosine 

without RAG 

Average Cosine 

with RAG 

Description, High 0.88 0.89 

Description, Low 0.86 0.87 

Factoid, High 0.85 0.85 

Factoid, Low 0.85 0.86 

 

As shown in Fig. 2, the proposed RAG and context-

based retrieval have an average rating of 3-4 for the 

majority of questions, showcasing its ability to retrieve 

the relevant content. 

In accordance with Table 5, the RAG model received 

high ratings when more questions were posed by humans. 

This indicates that human evaluators tend to assign higher 

scores to longer answers, as reducing the length of the 

answer could potentially diminish its context. In such 

cases, there is a need to enhance the corpus. Additionally, 

it was observed that certain instances where the RAG 

model was excluded also generated proficient answers for 

specific questions. This illustrates the model's capability 

to retrieve relevant answers and context without 

redundancy, showcasing its adeptness in handling diverse 

types of queries. 

Error Analysis 

The proposed system performs effectively with single-

step retrieval tasks, in which the answers are directly 

obtained from specific information. However, its 

performance noticeably declines when addressing 

questions that require multiple steps to extract relevant 

content, especially with multi-answer questions. 
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Fig. 2: Human evaluation of the proposed system 

 
Table 5:  Comparison of Human Rating with and without the 

inclusion of RAG 

Human Rating 1 (with RAG) 

Answer size Evaluation Score 

5 2.0-2.25 

15 2.85-3.25 

18 3.75-4.20 

60 4.75-5.0 

Human Rating 1 (without RAG) 

4 2-2.5 

13 2.75-3.25 

25 3.75-4.15 

38 4.75-5.0 

Human Rating 2 (with RAG) 

28 3.00-3.15 

60 4.00-4.25 

7 4.95-5.00 

Human Rating 2 (without RAG) 

8 2.0-2.25 

15 2.95-3.25 

55 3.75-4.0 

14 4.75-5.0 
 

For example, the question “Which film is directed and 

acted by Kamal Haasan?” is classified as a multi-answer 

question, as it can generate various responses related to 

Kamal Haasan's works, but may not necessarily be the 

answers to the specific question asked by the user. For the 

CHAII dataset, which operates in a more structured and 

closed domain, the system attains an error rate of just 0.2%.  
This performance metric, however, changes 

significantly in open-domain Question Answering (QA), 
where the scope of available information is wider and less 
organized, resulting in a higher error rate. This difference 
underscores the challenges presented in open-domain 
scenarios, where the system must navigate a more 
complex set of data to provide accurate responses to user 

queries. (Zhang et al., 2024) 

Conclusion 

This research introduces a groundbreaking method for 
context retrieval using the Tamil Llama model. The 
methodology includes a query classifier that categorizes 
questions, impacting response time and the accuracy of 
answers generated.  

The key findings of this study are as follows:  
 
- The incorporation of context augmentation 

significantly improved the Tamil Llama's ability to 

retrieve answers swiftly, resulting in reduced overall 

response time without compromising answer quality 

- The cosine similarity between actual and predicted 

answers showed minimal variation 
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- Utilizing an ensemble classifier for query classification 

contributed to the accurate retrieval of answers 
 

This study represents a pioneering effort using the 

Tamil Llama, and there is tremendous potential for further 

enhancement. Future optimizations to the model could 

include the auto-generation of class labels across multiple 

domains. 
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