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Abstract: Retrieval-Augmented Generation (RAG) has become a pivotal approach in enhancing language models by 
incorporating external knowledge during the text generation process. However, traditional RAG systems often face challenges 
in processing structured queries, leading to suboptimal integration of retrieved information. In this paper, we introduce a novel 
method called Generative Semantic Integration (GSI), which advances structured query processing within RAG frameworks. 
GSI leverages generative models to semantically integrate structured queries with retrieved data, enabling more coherent and 
contextually relevant responses. Our experiments on benchmark datasets demonstrate that GSI significantly improves the 
performance of RAG systems in structured query understanding and response generation, outperforming existing baseline 
models. 
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1. Introduction 

1.1. Background 
The advent of large-scale language models has 

significantly advanced the field of natural language 
processing (NLP)[1][2], enabling machines to generate 
human-like text across a variety of applications. Models 
powered by deep learning architectures, such as Transformers, 
have demonstrated proficiency in tasks ranging from machine 
translation and summarization to question answering and 
conversational agents. [3][4]Despite these advancements, 
language models are inherently limited by the data on which 
they were trained, often leading to outdated or incomplete 
knowledge in their generated responses. 

To address this limitation, Retrieval-Augmented 
Generation (RAG) has emerged as a crucial approach for 
enhancing language models by integrating external 
knowledge sources during the text generation process. RAG 
systems augment the generative capabilities of language 
models with real-time retrieval mechanisms, accessing vast 
repositories of information like databases, knowledge graphs, 
or document collections.[5][6][7][8][9] This integration 
ensures that generated text is not only coherent and 
contextually relevant but also enriched with up-to-date and 
specialized information. 

Applications of RAG are widespread and impactful. In 
chatbots and virtual assistants, RAG enables more 
informative and accurate interactions by providing users with 
current information and personalized responses[10][11]. In 
information retrieval systems, RAG enhances the user 
experience by generating summaries or answers that directly 
incorporate retrieved data. Moreover, RAG systems are 
instrumental in domains requiring specialized knowledge, 
such as medical diagnosis support, legal document analysis, 
and scientific research assistance. 

1.2. Problem Statement 
Despite the advancements brought by RAG, current 

systems face significant challenges when processing 
structured queries—queries formulated using formal 
languages or specific syntaxes, such as SQL for databases or 
SPARQL for knowledge graphs[12][13]. Traditional RAG 
models excel at handling unstructured or semi-structured text 
inputs but often struggle with interpreting and integrating 
information from structured queries[14]. 

These limitations manifest in several critical ways: 
● Inability to Solve Complex Problems: Current RAG 

systems often fail to address complex queries that require 
nuanced reasoning over structured data. For example, 
(Q1): "Find all research papers published in the last five 
years" Handling such a query necessitates parsing the 
structured components (e.g., publication date, citation 
count) and integrating multiple pieces of retrieved data 
into a coherent summary—capabilities that exceed those 
of standard RAG models. 

● Partial or Incomplete Responses Due to Inadequate 
Reference Integration: RAG systems may provide 
incomplete or partially relevant answers when they 
cannot effectively incorporate all necessary retrieved 
information into their responses. For instance, (Q2): 
"What are the side effects of combining Drug A with Drug 
B in patients over 60 years old?" If the system retrieves 
fragmented or incomplete data about the drug 
interactions and fails to integrate the age-specific 
considerations, the response may omit critical 
information, leading to a partial and potentially 
misleading answer. 

These challenges stem from the following issues: 
● Semantic Misalignment: Structured queries convey 

complex and precise user intents that are difficult for 
standard RAG models to interpret accurately, leading to 
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incorrect or irrelevant information retrieval. 
● Integration Difficulties: Even when relevant data is 

retrieved, integrating it into a coherent and contextually 
appropriate response is challenging. The structured 
nature of the data may not seamlessly fit into the natural 
language generation process. 

● Suboptimal User Experience: These limitations result 
in responses that lack accuracy, specificity, or usefulness, 
undermining the effectiveness of applications relying on 
RAG systems for structured query processing. 

The gap between the capabilities of existing RAG models 
and the demands of complex structured query processing 
highlights a critical area for improvement. As users 
increasingly interact with systems through sophisticated 
queries—expecting precise, informative, and contextually 
integrated responses—there is an urgent need for solutions 
that enhance the semantic understanding and integration 
capabilities of RAG systems. 

To address these challenges, we introduce Generative 
Semantic Integration (GSI), a novel method designed to 
advance structured query processing within Retrieval-
Augmented Generation frameworks. GSI leverages the 
strengths of generative models to semantically integrate 
structured queries with retrieved data, resulting in responses 
that are both coherent and contextually relevant. 

Key aspects of the GSI approach include: 
● Semantic Understanding of Structured Queries: GSI 

employs advanced parsing techniques to accurately 
interpret the user's intent encoded in structured queries. 
By comprehending the semantics of the query language, 
the system can more precisely retrieve relevant 
information. 

● Generative Integration: Unlike traditional methods that 
may present data in a disjointed manner, GSI uses 
generative models to seamlessly integrate retrieved data 
into natural language responses. This ensures that the 
output is informative, fluid, and conversational. 

● Enhanced Coherence and Relevance: By bridging the 
gap between structured data and natural language, GSI 
enables the generation of responses that closely align 
with the user's query, improving both the accuracy and 
utility of the system. 

The primary contributions and objectives of our paper are: 
⒈ Developing the GSI Framework: We propose a 

comprehensive framework that combines structured 
query processing with generative models to enhance the 
capabilities of RAG systems. 

⒉ Advancing Semantic Integration Techniques: We 
introduce novel methods for the semantic integration of 
structured queries and retrieved data, leveraging 
generative models to produce coherent responses. 

⒊ Empirical Demonstration of Effectiveness: Through 
extensive experiments on benchmark datasets, we 
demonstrate that GSI significantly improves 
performance in structured query understanding and 
response generation, outperforming existing baseline 
models. 

The remainder of this paper is organized as follows. In 
Section 2, we review related work on Retrieval-Augmented 
Generation, structured query processing in NLP, and semantic 
integration techniques. Section 3 presents the Generative 
Semantic Integration (GSI) methodology, including the 
architecture overview (3.1), structured query processing 
module (3.2), generative integration model (3.3), and 

implementation details (3.4). Section 4 describes the 
experimental setup, covering datasets used (4.1), baseline 
models (4.2), evaluation metrics (4.3), and performance 
evaluation (4.4). Finally, in Section 5, we conclude with a 
summary of our contributions (5.1) and discuss potential 
directions for future work (5.2). 

2. Related Work 

2.1. Retrieval-Augmented Generation 
Retrieval-Augmented Generation (RAG) has gained 

significant attention as a method to enhance language models 
by incorporating external knowledge during text generation. 
Traditional language models are trained on static datasets and 
thus may not possess up-to-date or comprehensive 
information[12][15]. RAG addresses this limitation by 
integrating retrieval mechanisms that access external data 
sources, enabling models to generate more accurate and 
contextually relevant responses.[16][17] 

Early RAG approaches involved augmenting input 
prompts with retrieved documents or passages, which the 
generative model could then reference[18][19][20]. This 
method allowed models to produce outputs that included 
factual information not present in their training 
data[21][22][23]. Subsequent advancements introduced end-
to-end frameworks where the retrieval and generation 
components are jointly optimized, improving coherence 
between the retrieved content and the generated text. 

Existing methods typically involve a two-step process: first 
retrieving relevant information based on the input query, and 
then generating a response conditioned on both the query and 
the retrieved data[24][25][26]. Techniques such as encoder-
decoder architectures have been employed to facilitate this 
integration. Additionally, attention mechanisms enable the 
model to focus on pertinent parts of the retrieved information 
during generation. 

However, despite these advancements, RAG systems often 
face challenges in processing structured queries. Structured 
queries, expressed in formal languages like SQL or SPARQL, 
contain precise semantics that standard language models 
struggle to interpret. The inability to effectively parse and 
understand these queries leads to suboptimal retrieval and 
integration of information, resulting in responses that may 
lack specificity or accuracy when addressing the user's intent. 

Moreover, current RAG models are primarily designed to 
handle unstructured or semi-structured text inputs. When 
presented with structured queries, these models may 
misinterpret the syntax or overlook critical components, 
leading to incomplete or irrelevant responses[5][27][28][9]. 
This limitation highlights the need for enhanced methods that 
can bridge the gap between structured query processing and 
retrieval-augmented text generation. 

2.2. Structured Query Processing in NLP 
Structured query processing involves interpreting and 

executing queries formulated in formal languages to retrieve 
information from structured data sources such as databases 
and knowledge graphs. Traditional approaches rely on 
parsing techniques that convert structured queries into 
executable operations. For example, SQL parsers analyze 
query syntax to interact with relational databases, while 
SPARQL processors handle queries over RDF data in 
knowledge graphs[29][30]. 

Conventional methods utilize grammar-based parsers and 
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compiler design principles to understand the structure and 
semantics of queries[31][32]. These parsers extract elements 
like selection criteria, conditions, and target entities, enabling 
precise data retrieval[33][34]. While effective for direct query 
execution, these methods are limited when integrating results 
into natural language responses. 

Recent advancements in NLP have explored the use of 
machine learning models for structured query processing. 
Neural network architectures, such as sequence-to-sequence 
models, have been applied to translate natural language 
queries into structured query languages, facilitating more 
intuitive user interactions with databases[35][32]. 
Additionally, transformer-based models have been employed 
to handle complex queries by capturing long-range 
dependencies and contextual information. 

Despite progress, challenges remain in applying structured 
query processing within generative frameworks. Existing 
models often focus on translating or executing queries rather 
than integrating the structured information into coherent text 
generation[20][36]. Consequently, there is a disconnect 
between retrieving data based on structured queries and 
producing natural language responses that fully leverage this 
information. 

Furthermore, handling the nuances of structured query 
languages requires models to grasp formal syntax and 
semantics, which differs from processing unstructured text. 
The inability to effectively bridge this gap hampers the 
development of systems capable of providing detailed and 
contextually appropriate answers to structured queries within 
a generative context.[37][38] 

2.3. Semantic Integration Techniques 
Semantic integration pertains to the process of combining 

information from diverse sources to produce unified, 
meaningful outputs. In NLP, this involves merging retrieved 
data with generative models to enhance the informativeness 
and relevance of generated text.[39][40][41] Effective 
semantic integration ensures that the output not only reflects 
accurate information but also maintains coherence and 
fluency. 

Generative models, particularly those based on transformer 
architectures, have advanced the capability to encode and 
generate complex language patterns[42][43][44]. Attention 
mechanisms within these models allow for dynamic 
weighting of input tokens, facilitating the integration of 
additional information during generation. Techniques such as 
knowledge encoding embed external data into the model's 
representations, enabling it to draw upon this information 
contextually. 

Previous research has explored various methods for 
incorporating external knowledge into generative 
models[45][46][47]. Some approaches involve prepending 
retrieved text to the input sequence, allowing the model to 
consider this information during generation. Others integrate 
knowledge graphs or structured data by embedding them into 
the model's latent space. These methods have shown promise 
in enhancing the factual accuracy of generated text. 

However, integrating structured query results poses unique 
challenges. Structured data often comes in formats that are not 
readily compatible with generative models designed for 
sequential text.[48][49][42] The semantic richness and 
precision of structured data can be difficult to capture using 
standard embedding techniques. Additionally, maintaining 
the integrity of the information while generating fluent natural 
language responses requires sophisticated integration 
strategies. 

Existing semantic integration techniques may fall short in 
scenarios where precise and context-specific information 
from structured queries needs to be conveyed. The lack of 
models that effectively combine structured query processing 
with generative capabilities underscores a gap in current 
research[50][51][52][53]. Addressing this gap is essential for 
developing systems that can interpret structured queries, 
retrieve relevant data, and generate coherent and contextually 
appropriate responses. 

3. Generative Semantic Integration 
Methodology 

 
Figure 1. Generative parsing for semantic alignment (Gen PSA) 

 
In this section, we introduce the Generative Semantic 

Integration (GSI) framework designed to enhance structured 
query processing within Retrieval-Augmented Generation 
(RAG) systems. Unlike traditional approaches that focus on 
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parsing and processing user queries, our GSI methodology 
emphasizes structuring the document corpus during the 
knowledge base construction phase. By decomposing the 
documents ܦ to preserve their structured nature and ensuring 
that each piece of information is independent and complete, 
the GSI framework enables more effective retrieval and 
generation of responses that accurately reflect the user's intent. 

3.1. Architecture Overview 
The GSI framework is composed of three primary 

components: the Document Structuring Module ܵ , the 
Retriever ܴ , and the Generative Integration Model ܩ . The 
workflow of the GSI system operates as follows. During the 
knowledge base construction phase, the Document 
Structuring Module ܵ  processes the document corpus ܦ  to 
produce a structured and decomposed version ܦ௦ , where 
information is organized into independent and complete units. 
When a user query ݍ  is received, the retriever ܴ  accesses 
 ,௥. Finallyܦ ௦ to obtain a set of relevant documents or dataܦ
the generative model ܩ  integrates the query ݍ  with the 
retrieved data ܦ௥ to generate a response ݉ that is coherent, 
contextually appropriate, and aligns with the user's intent. 

3.1.1. Mathematical Modeling of the GSI System 
We define the GSI system as a composition of its 

components: 
GSI ൌ ܩ ∘ ܴ ∘ ܵ 

Given a user query ݍ and the original document corpus ܦ, 
the operation of the GSI system can be formalized as: 
1. Document Structuring: 

௦ܦ ൌ ܵሺܦሻ 

2. Retrieval: 

௥ܦ ൌ ܴሺݍ,  ௦ሻܦ

3. Generative Integration: 

݉ ൌ  ௥ሻܦ,ݍሺܩ

Thus, the overall mapping from the user query ݍ  to the 
generated response ݉ is: 

݉ ൌ ሺܩ ∘ ܴ ∘ ܵሻሺݍሻ 

3.1.2. Effectiveness Through Mathematical Modeling 
To demonstrate the effectiveness of the GSI framework, we 

model the probability ܲሺ݉ ∣ ,ݍ  ሻ of generating a responseܦ
݉ that accurately reflects the user's intent, given the query ݍ 
and the original document corpus ܦ . By introducing the 
structured document corpus ܦ௦ ൌ ܵሺܦሻ, we can express this 
probability as: 

ܲሺ݉ ∣ ,ݍ ሻܦ ൌ ܲሺ݉ ∣ ,ݍ ௦ሻܦ ൌ ܲሺ݉ ∣ ,ݍ  ௥ሻܦ

Where ܦ௥ ൌ ܴሺݍ, ௦ሻ . Our goal is to maximize ܲሺ݉ܦ ∣
,ݍ  ௥ሻ , ensuring that the generated response ݉  accuratelyܦ
reflects the user's query ݍ  and is informed by the relevant 
structured information in ܦ௥. 

3.1.3. Demonstrating Effectiveness via Formulas 
To validate the effectiveness of the GSI framework, we 

consider the loss function ࣦ  defined as the negative log-
likelihood of the true response ݉true given ݍ and ܦ: 

ࣦ ൌ െlog	 ܲሺ݉true ∣ ,ݍ  ሻܦ

Substituting the structured document corpus, we have: 
ࣦ ൌ െlog	 ܲሺ݉true ∣ ,ݍ  ௦ሻܦ

Since ܦ௦  is derived from ܦ  and the retrieval step 
produces ܦ௥ ൌ ܴሺݍ,  :௦ሻ, the loss function becomesܦ

ࣦ ൌ െlog	 ܲሺ݉true ∣ ,ݍ  ௥ሻܦ

By minimizing this loss function with respect to the 
parameters of ܩ , we ensure that the generated response ݉ 
approaches ݉true, demonstrating the effectiveness of the GSI 
framework in producing accurate and contextually relevant 
responses. 

3.2. Document Structuring Module 
The Document Structuring Module ܵ is critical to the GSI 

framework. Rather than processing the query, ܵ focuses on 
transforming the document corpus ܦ during the knowledge 
base construction phase. The module decomposes ܦ  into a 
structured version ܦ௦ , where each piece of information is 
represented as an independent and complete unit. This 
structuring ensures that information is readily accessible and 
can be effectively retrieved in response to user queries. 

3.2.1. Decomposition and Structuring Techniques 
The module employs various techniques to parse and 

segment documents into smaller, logically coherent units. 
Documents are broken down into paragraphs, sections, or 
sentences that encapsulate specific ideas or facts. The 
decomposed units are enriched with metadata, such as topics, 
entities, or keywords, facilitating more precise retrieval. 
Unstructured text is converted into structured formats like 
tables, graphs, or knowledge triples, preserving semantic 
relationships within the data. 

Each unit in ܦ௦  is crafted to be both independent and 
complete. Units are self-contained, minimizing dependencies 
on external context or other parts of the document. This 
allows them to be retrieved and understood in isolation. Units 
contain all necessary information to convey a concept or 
answer a query related to their content, reducing the need for 
additional context. 

By structuring the document corpus in this way, the 
retriever ܴ  can more effectively match user queries with 
relevant information. The retrieval process becomes more 
precise, as queries can be matched to specific units that 
directly address the user's intent. Smaller, well-defined units 
reduce computational load during retrieval, enabling faster 
response times. 

The structuring process is defined as: 
௦ܦ ൌ Structureሺܦሻ 

Where Structureሺ⋅ሻ  represents the decomposition and 
structuring functions applied to the original documents. The 
accuracy and effectiveness of ܦ௦ are crucial, as they directly 
influence the relevance of ܦ௥  and the quality of the final 
response ݉. 

3.3. Generative Integration Model 
The Generative Integration Model ܩ  produces the final 

response ݉  by integrating the user query ݍ  with the 
retrieved structured data ܦ௥. Designed to generate responses 
that are coherent, contextually relevant, and accurate with 
respect to the user's intent, ܩ  utilizes a transformer-based 
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architecture leveraging encoder-decoder structures. 
The encoder processes ݍ  and ܦ௥ , encoding them into 

latent representations that capture semantic and contextual 
information: 

݄ ൌ Encoderሺݍ,  ௥ሻܦ

The decoder generates the response ݉ by attending to the 
encoded representations ݄. At each time step ݐ, it predicts the 
next token ݉௧ conditioned on the previous tokens ݉ழ௧ and 
݄: 

ܲሺ݉௧ ∣ ݉ழ௧, ݄ሻ ൌ Decoderሺ݉ழ௧, ݄ሻ 

The probability of generating the response ݉ given ݍ and 
 :௥ isܦ

ܲሺ݉ ∣ ,ݍ ௥ሻܦ ൌෑ  
௧

ܲሺ݉௧ ∣ ݉ழ௧, ݄ሻ 

To demonstrate the effectiveness of ܩ , we seek to 
maximize the likelihood of the true response ݉true given ݍ 
and ܦ௥ . The training objective is to minimize the loss 
function: 

ࣦ ൌ െ෍  
௧

log	 ܲሺ݉௧
true ∣ ݉ழ௧

true, ݄ሻ 

By minimizing ࣦ , we adjust the parameters of ܩ  to 
increase ܲሺ݉true ∣ ,ݍ  ௥ሻ , enhancing the model's ability toܦ
generate responses that align with the user's intent and the 
relevant structured information. 

 

4. Experimental Setup 

 

Table 1. Characteristics of Datasets Ds_1, Ds_2, and Ds_3. 

Datasets                 Articles Count            Avg. Text Length (Tokens)     Avg. Headings Count       Avg. Hierarchical Levels  

Ds_1 20000 7500 4.4 1
Ds_2 20000 8700 8.2 2
Ds_3 20000 9200 11.4 3 

In this section, we outline the experimental setup used to 
evaluate the effectiveness of the Generative Semantic 
Integration (GSI) framework. Given the lack of fine-grained, 
publicly available datasets specifically tailored for training 
large language models (LLMs) as structural parsers, we 
curated a custom dataset for our experiments.  

Our primary goal was to determine whether an LLM can 
be trained to specialize in structural parsing. We constructed 
the dataset by crawling approximately 200,000 articles from 
the arXiv repository, a widely recognized source for scientific 
papers. To ensure the dataset focused on documents with 
inherent structural complexity, we removed around 40% of 
the articles without a structured table of contents. The 
remaining articles were categorized into three classes based 
on their structural complexity: simple structures with minimal 
hierarchical depth (Class 1), moderate structures with multi-
level headings and moderate use of subsections (Class 2), and 
complex structures characterized by extensive use of multi-
level headings, tables, figures, equations, and diverse types of 
content sections (Class 3). This stratification was essential to 
evaluate the GSI framework across various levels of 
document complexity. Descriptive statistics of the dataset, 
including the number of documents in each class, the average 
number of sections per document, and the average document 
length, are summarized in Table 1. The probability 
distribution of documents across the three classes is illustrated 

in Figure 2, while Figure 3 visualizes the distribution of 
document lengths and the number of sections per document 
across the three classes, demonstrating the variation in 
structural characteristics.  

To benchmark the performance of the GSI framework, we 
selected two baseline models based on different versions of 
the Qwen large language model, known for their capabilities 
in natural language understanding and generation. These 
include Qwen1.5-0.5B, a smaller model with 0.5 billion 
parameters, and Qwen1.8B, a larger model with 1.8 billion 
parameters. These models serve as baselines to compare the 
effectiveness of our GSI methodology, allowing us to assess 
how well the integration of structured document information 
improves the models' ability to generate accurate and 
contextually relevant responses. 

To evaluate the performance of the GSI framework and the 
baseline models, we utilized standard metrics commonly used 
in information retrieval and natural language processing. 
These metrics include: 

Accuracy: The proportion of correctly generated responses 
that accurately reflect the user's query intent and the 
information in the structured document corpus. This metric 
provides a direct measure of the model's ability to produce 
correct outputs. Mathematically, accuracy is defined as: 

Accuracy ൌ
Number of correctly generated responses

Total number of responses
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Recall: The ratio of relevant information retrieved and 
integrated into the final response to the total amount of 
relevant information available. High recall indicates that the 
model effectively utilizes all pertinent data from the 
structured documents to generate responses. Recall is 
calculated as: 

Recall ൌ
True Positives

True Positives൅ False Negatives
 

Precision: The ratio of relevant information correctly 
retrieved and used in the response to the total amount of 
information retrieved. This metric assesses the model's ability 
to filter out irrelevant information, ensuring that only the most 
relevant details are included in the response. Precision is 
defined as: 

Precision ൌ
True Positives

True Positives൅ False Positives
 

 

Figure 2. Generative Semantic Integration framework illustrating the training and inference phases for GSI. 
 
These metrics are crucial for evaluating the performance of 

the GSI framework, as they provide insight into both the 
retrieval effectiveness (recall and precision) and the overall 
quality of the generated responses (accuracy). By employing 
a diverse dataset, multiple baseline models, and robust 
evaluation metrics, we aim to thoroughly assess the GSI 
framework's ability to enhance structured query processing 

and generate responses that align with user intent and context. 
The results of these experiments are discussed in the 
following sections, where we analyze the GSI framework's 
performance in detail. 

4.1. Performance Evaluation 

 

 
Figure 3. Performance of models trained and tested on the same dataset. 

 
The F1 Score metric offers a holistic view of the model's 

performance by balancing the trade-offs between precision 
and recall. Figure 5 illustrates the F1 Scores for the GSI 
framework and the two baseline models (Qwen1.5-0.5B and 
Qwen1.8B) across the three document complexity classes. 

 Class 1: The GSI framework achieves an F1 Score 
of 88%, significantly outperforming Qwen1.5-0.5B 
with an F1 Score of 67% and Qwen1.8B with an F1 
Score of 80%. 

 Class 2: The GSI framework maintains its lead with 

an F1 Score of 86%, while Qwen1.5-0.5B and 
Qwen1.8B achieve F1 Scores of 62% and 77%, 
respectively. 

 Class 3: The GSI framework continues to 
demonstrate superior performance with an F1 Score 
of 83%, compared to 58% for Qwen1.5-0.5B and 72% 
for Qwen1.8B. 

The performance evaluation results, as depicted in Figure 
5, clearly demonstrate the superior performance of the GSI 
framework across all document complexity classes. The GSI 
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framework consistently achieves higher F1 Scores compared 
to the baseline models, indicating its effectiveness in 
integrating structured document information to generate 
accurate, comprehensive, and contextually relevant responses. 
These results validate the GSI framework's ability to enhance 
structured query processing and align generated responses 
with user intent and context, making it a robust solution for 
applications requiring precise and context-aware document 
parsing and response generation. 

By focusing on the F1 Score, we provide a comprehensive 
and balanced assessment of the GSI framework's performance, 
highlighting its strengths in handling diverse document 
complexities and generating high-quality responses. 

5. Conclusion 

5.1. Summary of Contributions 
In this work, we introduced the Generative Semantic 

Integration (GSI) framework, a novel approach for handling 
structured query processing and response generation from 
complex document corpora. Our main contributions include 
the development of the GSI framework, which effectively 
integrates structured document data to generate accurate and 
contextually relevant responses, outperforming existing 
models. We demonstrated its superiority through extensive 
performance evaluations, showing consistent improvements 
in accuracy, recall, precision, and F1 Score across various 
levels of document complexity. Furthermore, the GSI 
framework exhibits remarkable scalability and robustness in 
managing diverse document structures, maintaining strong 
performance even as complexity increases. This innovative 
approach, which integrates semantic understanding with 
generative capabilities, addresses critical challenges in 
aligning user intent with structured document data, marking a 
significant advancement in natural language processing and 
document parsing. 

5.2. Future Work 
While the GSI framework has shown considerable promise, 

several future directions can further enhance its capabilities. 
One key area is enabling real-time response generation, 
making the framework more suitable for dynamic, time-
sensitive applications like customer service. 
Expanding multi-lingual support would also broaden its 
scope, allowing the GSI framework to process structured data 
across different languages and cultural contexts. 
Additionally, domain-specific customization could improve 
accuracy in specialized fields such as legal, medical, and 
financial industries by incorporating relevant ontologies and 
datasets. Another potential development is 
integrating unstructured data sources such as emails and 
social media to offer more comprehensive responses. 
Incorporating adaptive learning based on user feedback 
would further improve the system’s accuracy over time, 
enhancing personalization. Finally, enhancing 
the explainability and transparency of the framework's 
decision-making process could foster greater trust, 
particularly in sensitive applications like healthcare and legal 
services. These future directions present valuable 
opportunities to refine and expand the GSI framework's 
impact. 
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