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ABSTRACT

Pension-related query resolution systems frequently encounter challenges arising from fragmented data
repositories, evolving policy frameworks, and delays in delivering accurate responses. These limitations reduce
system reliability and increase dependency on manual intervention. This study presents an intelligent query
resolution framework based on Retrieval-Augmented Generation (RAG), aimed at enhancing the accuracy,
contextual relevance, and efficiency of pension-related interactions. The proposed approach combines semantic
vector-based retrieval with transformer-driven generative modeling to ensure that responses are both context-aware
and grounded in verified policy documents. A comprehensive evaluation is conducted using a large-scale, real-
world-like pension dataset, capturing diverse user queries and policy conditions. Performance assessment is carried
out through accuracy metrics, response latency analysis, and statistical validation techniques. The results indicate a
substantial improvement over conventional rule-based systems and standalone language models, particularly in
reducing ambiguity and improving response precision. The framework demonstrates strong potential for
deployment in large-scale pension administration systems and digital financial advisory platforms.
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INTRODUCTION

Pension systems form a critical component of financial security for individuals, particularly in the post-retirement phase.
However, the operational structure of pension frameworks is inherently complex, involving multiple layers of eligibility
rules, contribution histories, regulatory amendments, and policy-specific conditions that evolve over time. Users interacting
with pension platforms often seek precise information related to retirement age eligibility, accumulated fund status,
withdrawal conditions, annuity options, and compliance requirements. These queries are typically context-sensitive and
require interpretation beyond simple keyword matching.

Conventional pension query resolution systems predominantly rely on static knowledge bases, keyword-driven search
mechanisms, or predefined frequently asked questions (FAQs). While these approaches may handle straightforward
queries, they often fail when confronted with nuanced, multi-dimensional questions that require contextual reasoning or
reference to specific policy clauses. As a result, users frequently encounter incomplete, ambiguous, or outdated responses,
leading to reduced trust and increased dependency on manual support systems.

To address these limitations, this research proposes a Retrieval-Augmented Generation (RAG) based framework tailored
for intelligent pension query resolution. The proposed approach integrates dense vector-based semantic retrieval with
context-aware language generation to deliver accurate and policy-grounded responses. By embedding pension documents
into a vector space, the system enables semantically relevant information retrieval even when user queries are phrased
differently from the source documents. This retrieved context is then utilized by a generative model to produce coherent
and precise answers, ensuring both linguistic fluency and factual correctness.

The evolution of intelligent query resolution systems has been significantly influenced by advancements in natural
language processing and transformer-based architectures. Early breakthroughs such as the transformer model introduced by
Vaswani et al. revolutionized sequence modeling by replacing recurrent structures with attention mechanisms, enabling
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better contextual understanding of language [6]. Building upon this, models like BERT demonstrated the effectiveness of
bidirectional contextual embeddings in capturing semantic relationships within text, thereby improving performance across
various NLP tasks [2]. Subsequent developments, including GPT-based architectures, further enhanced generative
capabilities by enabling large-scale language models to perform few-shot and zero-shot learning with remarkable fluency
[3]. These generative models, however, often lack grounding in factual knowledge, which limits their applicability in
domains requiring high accuracy and reliability.

To address this limitation, retrieval-based enhancements were introduced, leading to the development of Retrieval-
Augmented Generation (RAG) frameworks. Lewis et al. proposed one of the foundational approaches that integrates
external knowledge retrieval with generative models, significantly improving performance on knowledge-intensive tasks
[1]. Similarly, REALM introduced a pre-training paradigm that incorporates latent knowledge retrieval directly into the
training process, allowing models to access large document corpora dynamically [4]. Dense Passage Retrieval (DPR)
further improved retrieval accuracy by leveraging dense vector representations, enabling more precise matching between
queries and relevant documents [5]. Complementary to these developments, research in information retrieval such as BM25
and probabilistic relevance frameworks laid the groundwork for ranking and retrieval efficiency [7]. More recent work has
explored transformer-based ranking models, highlighting their superiority over traditional retrieval methods in semantic
search tasks [8]. Together, these studies establish the importance of combining retrieval mechanisms with generative
models to overcome the limitations of standalone approaches.

In addition to model architectures, embedding techniques have played a crucial role in enabling semantic search
capabilities. Sentence-BERT introduced an efficient mechanism for generating sentence-level embeddings, which
significantly improved performance in similarity-based retrieval tasks [16]. Pre-training approaches such as RoOBERTa
further optimized training strategies, resulting in more robust language representations [11]. OpenAl’s advancements in
generative modeling, including technical developments in large-scale models, have demonstrated the potential of
combining reasoning and language understanding in practical applications [12]. Foundational texts in NLP and information
retrieval provide theoretical grounding for these advancements, offering insights into statistical language processing and
retrieval systems [13], [14], [15]. Additionally, early work in generative pre-training established the conceptual basis for
modern large language models [17]. Collectively, these contributions have enabled the development of systems capable of
understanding complex queries and generating human-like responses, forming the backbone of modern intelligent query
resolution frameworks.

The integration of retrieval and generation has been further refined through hybrid models that optimize both efficiency and
accuracy. lzacard and Grave demonstrated how combining passage retrieval with generative models enhances open-domain
question answering performance [18]. Similarly, dialog-oriented models such as LaMDA have explored conversational
capabilities, emphasizing context retention and multi-turn interactions [19]. Advances in similarity search, particularly
through scalable systems like FAISS, have enabled efficient handling of large-scale vector databases, making real-time
retrieval feasible [10], [20]. Research on hybrid retrieval-generation architectures has also highlighted the importance of
balancing retrieval precision with generative flexibility to achieve optimal performance [22]. Techniques such as late
interaction models (e.g., COIBERT) and contrastive learning-based retrieval have further improved semantic matching and
ranking efficiency [23], [24]. These innovations collectively demonstrate that hybrid architectures are essential for building
scalable and accurate knowledge-driven systems.

From a systems perspective, efficient data management and retrieval infrastructure play a critical role in supporting large-
scale applications. The concept of polystore systems emphasizes the need for integrating multiple data storage and retrieval
mechanisms to handle diverse data types effectively [21]. Efficient embedding techniques and semantic search frameworks
have also been explored to improve retrieval speed and accuracy in real-world scenarios [25]. These system-level
innovations ensure that retrieval-augmented frameworks can operate efficiently under high query loads while maintaining
accuracy and responsiveness.

In the context of financial and pension systems, the application of Al and digital transformation has gained significant
attention. Reports from global organizations such as the World Bank and OECD highlight the increasing complexity of
pension systems and the need for intelligent digital solutions to improve accessibility and transparency [26], [28].
Government guidelines, such as those issued under national pension schemes, further emphasize the importance of accurate
and policy-compliant information dissemination [27]. Industry analyses by consulting firms like Deloitte and McKinsey
underscore the transformative potential of Al-driven systems in financial services, particularly in enhancing customer
interaction and operational efficiency [29], [30]. These studies collectively indicate that integrating advanced Al
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techniques, such as Retrieval-Augmented Generation, into pension systems can significantly improve query resolution,
reduce manual intervention, and enhance user satisfaction.

The framework incorporates policy-grounded reasoning, ensuring that generated responses are anchored in verified pension
regulations and official documentation. This hybrid design not only enhances the interpretability of responses but also
minimizes the risk of misinformation, which is critical in financial advisory domains. The integration of retrieval and
generation thus creates a robust system capable of handling complex, real-world pension queries with improved reliability
and efficiency.

PROBLEM STATEMENT

Despite advancements in digital service platforms, existing pension query resolution systems continue to exhibit several
fundamental limitations that hinder their effectiveness in real-world applications. One of the primary challenges lies in the
lack of deep semantic understanding. Traditional systems often interpret user queries at a surface level, relying heavily on
keyword overlap rather than contextual meaning. Consequently, queries that are phrased differently but convey similar
intent may not retrieve relevant information, leading to inconsistent and inaccurate responses.

Another significant issue is the high response latency observed in systems that attempt to incorporate advanced language
models without optimized retrieval mechanisms. While standalone large language models can generate fluent responses,
they often require substantial computational resources and may produce outputs that are not grounded in authoritative
pension data. This trade-off between response quality and system efficiency poses a critical challenge, particularly in high-
volume service environments.

In addition to semantic and performance-related concerns, inconsistent policy mapping further complicates the query
resolution process. Pension policies are frequently updated, and their interpretation may vary depending on contextual
factors such as employment type, contribution duration, and regulatory changes. Existing systems struggle to maintain
alignment between user queries and the most relevant and updated policy provisions, resulting in discrepancies and reduced
reliability.

In light of these challenges, the primary objective of this research is to design and implement an intelligent query resolution
system that significantly enhances three key performance dimensions: accuracy, response time, and contextual relevance.
Accuracy (A) refers to the system’s ability to generate correct and policy-aligned responses. Response Time (T) measures
the efficiency of the system in delivering answers with minimal delay. Contextual Relevance (C) evaluates how well the
generated response aligns with the intent and context of the user’s query.

By addressing these dimensions through a Retrieval-Augmented Generation framework, the proposed system aims to
bridge the gap between semantic understanding and computational efficiency, thereby offering a scalable and reliable
solution for intelligent pension query resolution.

METHODOLOGY

The proposed system adopts a Retrieval-Augmented Generation (RAG) architecture specifically tailored for pension query
resolution, where both precision and contextual correctness are critical. The methodology is designed to ensure that every
generated response is not only linguistically coherent but also grounded in verified pension policy documents.

The system begins with the construction of a structured pension knowledge corpus comprising policy documents, circulars,
historical amendments, and user FAQs. These documents are preprocessed through tokenization, normalization, and
segmentation into semantically meaningful chunks. Each chunk is then transformed into a dense vector representation using
a pre-trained embedding model, enabling semantic similarity computation in a high-dimensional vector space.

A vector database is employed to store these embeddings efficiently, allowing rapid similarity-based retrieval. When a user
submits a query, it undergoes the same embedding process, and the system retrieves the top-k most relevant document
chunks based on cosine similarity. This retrieval step ensures that even semantically similar but lexically different queries
are mapped to the appropriate context.

Page | 449



International Journal of Enhanced Research in Science, Technology & Engineering
ISSN: 2319-7463, Vol. 15 Issue 3, March-2026

The retrieved context is then concatenated with the original query and passed to a generative language model. Unlike
standalone models, the generator in this framework operates under constrained context, ensuring that the response is
derived from retrieved evidence rather than probabilistic hallucination. This significantly enhances factual reliability.

To further strengthen response validity, a policy-grounding mechanism is integrated, where the generated output is cross-
verified against retrieved content. This ensures that the final response aligns with official pension rules and minimizes
interpretational errors. The overall pipeline thus creates a balance between retrieval precision and generative flexibility.

4. Mathematical Modeling and System Formulation
To formalize the working of the proposed system, let us define the following components:

Let QQQ represent the user query and D={d1,d2,....dn}D = \{d_1, d 2, ..., d_n\}D={d1,d2,...,dn} denote the pension
document corpus. Each document chunk is embedded into a vector space using an embedding function E(-)E(\cdot)E(-).

The retrieval function is defined as:
R(Q) = ar gmaxdi € D sim(E(Q), E(di))R(Q) = \arg\maxy,cp) \text{sim}(E(Q), E(d,))R(Q) = argdi
€ Dmaxsim(E(Q), E(di))

Where the similarity function is computed using cosine similarity:
sim(A4,B) = A- B |l A llll B I\text{sim}(A, B) = \frac{A - BY{|A| |B|}sim(A,B) =l ANl B A-B

For top-k retrieval, the system selects a subset:
Rk(Q) = {dll, dlz, ey dik}Rk(Q) = {d{il}: d{iz}: ey d{ik}}Rk(Q) = {dll, di2, ey dlk}

The generation function is then defined as:
G(Q,Rk) = LLM(Q © Rk)G(Q,R;) = \text{LLM}(Q & R,)G(Q,Rk) = LLM(Q @ Rk)

Where @\oplus@® represents concatenation of query and retrieved context.
Performance Metrics

Accuracy (A):
A = NcorrectNtotal x 1004 = \frac{N orrect; {Ntotan} X 1004 = NtotalNcorrect x 100

Experimental Design

The experimental setup is designed to evaluate the effectiveness of the proposed RAG framework under realistic
conditions. A dataset consisting of 10,000 pension-related queries was synthesized based on real-world usage patterns,
ensuring diversity in query structure, intent, and complexity. Additionally, a corpus of 500 policy documents, including
official pension guidelines and amendments, was curated to simulate a practical knowledge base.

The dataset was divided into training (70%), validation (15%), and testing (15%) subsets. The embedding model was fine-
tuned on domain-specific data to improve semantic alignment with pension-related terminology. The vector database was
implemented using FAISS, enabling efficient nearest-neighbor search.

Three systems were evaluated for comparative analysis:

1. Traditional rule-based system

2. Standalone language model (LLM-only)

3. Proposed RAG-based system
Each system was tested using identical query sets, and performance metrics were recorded across multiple runs to ensure
statistical consistency.
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RESULTS AND ANALYTICAL DISCUSSION

Accuracy Analysis

System Type | Correct Responses | Total Queries | Accuracy (%)
Rule-Based 6240 10000 62.4
LLM Only 7480 10000 74.8
Proposed RAG | 9160 10000 91.6

The RAG-based system demonstrates a substantial improvement in accuracy. The relative improvement over the LLM-only
model is calculated as:
91.6 — 74.874.8 X 100 = 22.46%\ frac{91.6 — 74.8}{74.8} X 100 = 22.46\%74.891.6 — 74.8 x 100
= 22.46%

This improvement highlights the importance of grounding generated responses in retrieved knowledge.

Response Time Evaluation

System Type | Total Time (ms) | Queries | Avg Time (ms)
Rule-Based 3,200,000 10000 320
LLM Only 8,900,000 10000 890
RAG Model | 5,400,000 10000 540

Although the RAG model introduces additional retrieval overhead, it significantly reduces latency compared to standalone
LLM systems while maintaining higher accuracy.

Contextual Relevance Analysis

System Type | Avg Semantic Score
LLM Only 0.71

RAG Model | 0.89

The higher relevance score indicates that the RAG system produces responses that are more aligned with user intent and
contextual meaning.

Statistical Validation
To validate the significance of performance improvement, a paired t-test was conducted between LLM-only and RAG
outputs.
e Mean Accuracy Difference = 16.8
e  Standard Deviation = 3.2
e t-value=8.75
Since the computed t-value exceeds the critical value at p<0.05p < 0.05p<0.05, the improvement is statistically significant.

Technical Insight

The results clearly indicate that the integration of retrieval with generation is not merely an architectural enhancement but a
necessity for domains requiring factual precision. The RAG framework effectively reduces hallucination, improves
semantic matching, and ensures policy compliance. The trade-off between latency and accuracy is optimized, making the
system viable for real-world deployment.
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