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ABSTRAKT

Systémy Retrieval-Augmented Generation (RAG) integruji velké jazykové modely s
externim vyhledavanim informaci za ucelem zvyseni kvality odpovédi. Klicovym prvkem
RAG pipeline je vektorova databdze, ktera uchovava a umoznuje dotazovani na vysoce
dimenzionalni textova vektorova znazornéni (embeddingy). Existujici feSeni se Casto opiraji
o specializované vektorové databaze, ale mnoho organizaci jiz provozuje relacni databazové
systémy jako je SQL Server. Tato prace se zaméfuje na moznost vyuziti SQL Serveru jako

efektivni vektorové databaze pro ukladani embeddingli v RAG systémech.

Cilem je demonstrovat, ze SQL Server dokdze uchovavat embeddingy a provadét
vyhledavani podobnosti s vysokou pfesnosti a nizkou latenci. Byl nakonfigurovan Azure
SQL Server s columnstore indexy optimalizovanymi pro ukladani vektord. Text dokumenti
byl rozdélen do mensich blokt (chunkll) a embeddingy byly generovany pomoci embedding
API od OpenAl. Pro vlozeni a nacitani embeddingli byl pouzit SQL konektor v ramci
Microsoft Semantic Kernel. Webova sluzba postavend na FastAPI zpracovava uzivatelské
dotazy, transformuje vstupni text na embedding, vyhledavd podobné zdznamy pomoci

kosinové podobnosti v SQL a poskytuje odpovédi s vyuzitim jazykového modelu OpenAl

Hodnoceni na zdkladé¢ benchmarkovych dat ukazuje efektivni sémantické vyhledavani,
kvantifikované standardnimi metrikami jako je recall a precision. Vykonové testy ukazuji
latence dotazl pod jednu sekundu, coz potvrzuje, ze vyhleddvani ve vektorech pomoci SQL
muze byt velmi rychlé. Tyto vysledky potvrzuji, ze SQL Server miize splnit vykonnostni

pozadavky RAG systémi.

Tato studie pfinasi ptispévek pro akademickou 1 primyslovou sféru tim, Ze ovétuje novy
zpisob vyuziti existujici SQL infrastruktury v oblasti RAG. Nabizi kompletni architekturu
kombinujici SQL Server, Semantic Kernel, OpenAl a FastAPI, ¢imz ukazuje, Ze moderni Al
aplikace Ize provozovat na tradi¢ni relani datab4dzové infrastruktute. Vysledky naznacuji,
ze organizace mohou vyuzit SQL Server pro ukladani embeddingtli, coZ usnadiiuje nasazeni

a snizuje rezii pti zachovani vysokého vykonu.

Klicova slova: Retrieval-Augmented Generation, SQL Server, vektorova databaze,

embeddingy, sémantické vyhledavani, OpenAl, Semantic Kernel



ABSTRACT

Retrieval-Augmented Generation (RAG) systems integrate large language models with
external information retrieval to enhance answer quality. A key component of a RAG
pipeline is a vector database to store and query high-dimensional text embeddings. Existing
solutions often rely on specialized vector databases, but many organizations already
maintain relational databases like SQL Server. This research addresses the problem of
enabling SQL Server to function as an efficient vector database for embedding storage in

RAG systems.

The objective is to demonstrate that SQL Server can store embeddings and perform
similarity search with high accuracy and low latency. We configure an Azure SQL Database
with columnstore indexes optimized for vector storage. Document text is segmented into
chunks, and embeddings are generated via the OpenAl embedding API. Microsoft’s
Semantic Kernel SQL connector is used to insert and retrieve vectors in SQL Server. A
FastAPI-based web service handles user queries, transforming input text into embeddings,
retrieving similar results via SQL cosine similarity, and passing the retrieved context to an

OpenAl language model for answer generation.

Evaluation on benchmark datasets shows effective semantic retrieval, quantified by standard
metrics such as recall and precision. Performance tests report sub-second query latencies,
confirming that SQL-based vector search can be extremely fast. These results validate that

SQL Server can meet the performance demands of RAG systems.

This study contributes to both academia and industry by validating a novel use of existing
SQL infrastructure for RAG. It provides a complete architecture combining SQL Server,
Semantic Kernel, OpenAl, and FastAPI. In doing so, it shows that existing relational
infrastructure can support modern Al workloads. Our findings suggest that organizations can
leverage SQL Server for embedding storage, simplifying deployment and reducing overhead

while maintaining retrieval performance.

Keywords: Retrieval-Augmented Generation, SQL Server, vector database, embeddings,
semantic search, OpenAl, Semantic Kernel
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INTRODUCTION

Generative Al technologies, such as OpenAl's GPT models, have advanced the way
machines process and generate human-like language. However, these models often lack the
ability to generate factually grounded responses due to their reliance on static training data.
Retrieval-Augmented Generation (RAG) addresses this limitation by combining generative

models with retrieval mechanisms that leverage external knowledge sources.

At the heart of the RAG pattern lies the concept of embeddings. These embeddings are
high-dimensional vector representations of text, images, or other unstructured data that
capture their semantic meaning. For instance, similar text snippets are represented by vectors
that are geometrically close in an embedding space. This enables semantic search, a

capability that surpasses traditional keyword-based search.

Problem Statement

Despite the importance of embeddings, most organizations rely on relational databases such
as Microsoft SQL Server, which lack native support for vector operations. This presents a
significant challenge for enterprises seeking to integrate RAG-based solutions without

overhauling their existing database infrastructure.

This thesis investigates the feasibility of using SQL Server as a vector database by
adapting its features to store, retrieve, and process embeddings. The research also explores
the integration of SQL Server with a RAG-based chatbot to demonstrate its practical

applications.
Objectives
The objectives of this research are as follows:

e Feasibility Analysis: Evaluate the technical capabilities of SQL Server for vector

operations, including storage, indexing, and similarity search.

e Implementation: Develop mechanisms to handle embeddings in SQL Server, such

as schema design, stored procedures, and triggers.

e  Chatbot Development: Build a semantic chatbot that retrieves information from a

SQL Server-based embeddings store.
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e Performance Comparison: Measure and compare the performance of SQL Server
against specialized vector databases, focusing on metrics such as accuracy, latency,

and scalability.

e Best Practices: Recommend optimization strategies for using SQL Server as a vector

database in real-world applications.

Research Questions

e  How effectively can SQL Server store and retrieve high-dimensional embeddings for

RAG-based systems?
e  What are the performance trade-offs compared to dedicated vector databases?

e  What practical strategies can enhance SQL Server's performance as a vector

database?

Structure of the Thesis

This thesis is structured as follows:

e Chapter 1 provides a comprehensive literature review of RAG, embedding models,
vector databases, and the technical capabilities of SQL Server, identifying gaps and

overlaps in current research.

e  Chapter 2 outlines the methodology used in this study, including the research design,
technical implementation of SQL Server as a vector database, the development of a

chatbot leveraging SQL Server, and the data collection and evaluation techniques.

e Chapter 3 presents the empirical results of the study, including the implementation
outcomes, performance evaluation, and a comparative analysis of SQL Server against

dedicated vector databases.

e Chapter 4 discusses the findings in detail, highlighting their significance, practical
implications, limitations of the approach, and opportunities for future research and

technological advancements.

e Chapter 5 concludes the thesis by summarizing the key findings, providing

recommendations for developers and organizations considering SQL Server as a
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vector database, and suggesting best practices for optimizing its use in RAG-based

systems.

By exploring the adaptation of SQL Server for vector database functionality in the RAG
pattern, this thesis aims to contribute to the broader conversation about embedding storage
and retrieval in generative Al systems, providing valuable insights for both academia and

industry practitioners.
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I

THEORETICAL PART
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1 LITERATURE REVIEW

The literature on RAG, embeddings, vector databases, and SQL Server adaptations spans
multiple disciplines, including natural language processing (NLP), database systems, and
information retrieval. This section synthesizes key research and technological advancements

to establish a robust theoretical foundation for this thesis. (1)

1.1 RAG

RAG represents a hybrid paradigm that combines the strengths of external data retrieval
systems with generative Al models. Unlike purely generative systems, which rely solely on
pre-trained knowledge, RAG enhances factual accuracy and relevance by grounding
responses in real-world data retrieved from external sources. This approach bridges the gap
between generative models and knowledge-intensive tasks, making it particularly valuable

for applications requiring up-to-date, domain-specific, or highly accurate information (1).

1.2 Technique Description

The RAG framework operates in two stages: retrieval and generation. In the retrieval phase,
a dense retrieval mechanism, often powered by vector embeddings, queries an external
knowledge source (e.g., a document corpus or database) to fetch relevant information. This
retrieved data is then passed to a generative model, such as a transformer-based language
model, which synthesizes the information into a coherent and contextually appropriate
response. By decoupling knowledge storage from the generative process, RAG allows

models to access dynamic and extensive datasets without requiring retraining or fine-tuning.
(1)
1.3 Importance of RAG Before Fine-Tuning

RAG offers several advantages over traditional fine-tuning approaches, particularly in terms

of implementation difficulty, cost, and response quality:
e Implementation Difficulty:

Fine-tuning large language models for specific tasks or domains requires significant
expertise, computational resources, and curated datasets (2). In contrast, RAG simplifies

implementation by leveraging pre-trained models and external knowledge sources. This
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reduces the need for extensive model customization, making it more accessible for

organizations with limited technical resources (1).

e Cost Efficiency: Fine-tuning is resource-intensive, often requiring high-performance
GPUs and substantial time investments. RAG, on the other hand, minimizes these
costs by utilizing existing models and retrieval systems. The ability to dynamically
retrieve information from external sources also reduces the need for frequent model

updates, further lowering operational expenses (3).

e  Quality of Responses: Fine-tuned models may struggle with out-of-domain queries
or fail to provide accurate responses when faced with novel or evolving information
(4). RAG addresses this limitation by grounding responses in real-time, external data,
ensuring higher factual accuracy and relevance. This is particularly critical for
applications like customer support, medical diagnosis, or legal advice, where

precision is paramount (1).

e  Scalability and Adaptability: RAG’s modular design allows for easy integration with
updated or expanded knowledge bases, ensuring that the system remains current
without requiring retraining. This scalability makes RAG a more flexible and future-
proof solution compared to fine-tuned models, which may become outdated as new

data emerges (5).

1.3.1 Applications of RAG
Applications of RAG are extensive and include:

e Knowledge-Based Chatbots: Chatbots in industries like customer service and
healthcare leverage RAG to provide accurate and context-aware responses. By
integrating retrieval mechanisms with generative models, RAG ensures that
responses are grounded in real-world data, improving both relevance and factual

accuracy (1) (6).

e  Document Search and Summarization: RAG aids in retrieving and summarizing large
corpora of documents. By combining dense retrieval techniques with transformer-
based architectures, RAG enables efficient and accurate document search and

summarization (7).

e Code Generation and Assistance: Tools like GitHub Copilot use embeddings and

RAG to assist developers with contextually relevant code suggestions. Retrieval-
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augmented models enhance the ability of these tools to generate accurate and useful

code snippets by leveraging external knowledge sources (8).

1.4 Embeddings in AI and Information Retrieval

Embeddings are critical to the success of RAG systems. They transform unstructured data

into dense vector representations that preserve semantic meaning.

1.4.1 Definition and Properties of Embeddings

Embeddings are vector (mathematical) representations of data where linear distances capture

structure in the original datasets.

The data could consist of words, which is also referred to as word embedding. But

embeddings can also represent images, audio signals, and even large chunks of structured

data (9).
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Figure 1 Example of an embedding

“)
These are some of the key properties of an embedding:

e Dimensionality: The size of embeddings varies by model. For example, OpenAl's
text-embedding-ada-002 uses 1536 dimensions, while newer models like ada v3 may
use 3072 dimensions or more to capture richer semantic information (10).

Embeddings generated by one model cannot be used by another model.
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1.4.2

Semantic Proximity: Similar inputs, such as synonyms or related concepts, result in
embeddings that are close in vector space. This property enables tasks like semantic
search and clustering (11). One of the most common methods to determine if two
vectors (and thus the texts they represent) are similar is by calculating the cosine
similarity between them. Cosine similarity measures the cosine of the angle between

two vectors in a multi-dimensional space, providing a value between -1 and 1 (10).

Task Adaptability: Embeddings can be fine-tuned for specific tasks, such as
classification, clustering, and similarity search. Fine-tuning adjusts the embeddings

to better represent task-specific relationships (2).

Popular Embedding Models

Several embedding models have been widely adopted:

1.4.3

Word2Vec : One of the earliest models for word embeddings, has a dimensionality
of 300 and its used for word-level embeddings for semantic similarity ad analogy

tasks. (11)

BERT: Generates contextualized embeddings for sentences and phrases, widely used

in downstream NLP tasks (2).

Sentence Transformers: Optimized for sentence-level embeddings, enabling tasks

like semantic search and clustering (12).

OpenAl's Embedding Models: General-purpose text embeddings for semantic search

and clustering, has a die (10).

Applications of Embeddings

Semantic Search: Enables retrieval of documents based on semantic similarity rather

than keyword matching.

Recommendation Systems: Embeddings are used to match user preferences with

content.

Clustering and Classification: Embeddings facilitate unsupervised tasks like

clustering similar documents.
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1.5 Vector Databases

Vector databases are specialized systems designed to store, manage, and query high-

dimensional embeddings efficiently. These databases are optimized for handling the unique

challenges posed by vector data, such as performing fast similarity searches and nearest-

neighbour queries. Their performance is critical for applications like RAG, where

embedding similarity searches are frequent and must be executed in real-time (1) (3).

1.5.1

The Advantages for Vector Databases:

Vector databases excel in:

1.5.2

Handling High-Dimensional Data: Embeddings generated by modern models (e.g.,
BERT, GPT, Sentence Transformers) are typically high-dimensional, ranging from
768 to 3072 dimensions or more. Traditional databases, which are designed for

structured data, struggle to efficiently store and query such high-dimensional vectors.

Efficient Similarity Search: Applications like RAG, semantic search, and
recommendation systems rely on finding the most similar vectors (e.g., sentences,
images, or user profiles) in a large dataset. Vector databases use specialized indexing
techniques, such as Approximate Nearest Neighbour (ANN) algorithms, to perform

these searches quickly and accurately.

Scalability: As datasets grow, the ability to scale and perform real-time searches
becomes crucial. Vector databases are designed to handle billions of vectors, making
them suitable for large-scale applications like search engines, personalized

recommendations, and Al-driven analytics.

Prominent Vector Databases

Pinecone: A fully managed vector database that supports real-time similarity search

and is widely used in Al applications like RAG and recommendation systems.

Milvus: A scalable vector database designed for AI and machine learning

applications, supporting billions of vectors and advanced indexing methods.

Weaviate: An open-source vector database that combines vector search with

traditional keyword search, making it suitable for hybrid retrieval tasks.
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e  MongoDB: MongoDB has introduced vector search capabilities in recent updates.
This allows users to perform similarity searches on high-dimensional embeddings
directly within MongoDB, making it a versatile choice for applications that require

both traditional database functionality and vector search.

1.5.3 Research on Vector Databases

Recent research highlights the growing need for efficient vector storage and retrieval
mechanisms (3), driven by the increasing adoption of Al-driven applications like RAG,
semantic search, and recommendation systems. These applications rely heavily on high-
dimensional embeddings, which pose unique challenges in terms of scalability, performance,

and integration with existing data systems (1) (3) (12).

Studies on hybrid search methods emphasize the importance of combining structured
queries with unstructured similarity search for improved performance. For instance, in
applications like e-commerce or enterprise search, users often need to filter results based on
structured metadata (e.g., price, date) while also retrieving semantically similar items.
Hybrid search systems, such as those implemented in Weaviate and Elasticsearch, integrate
vector search with traditional keyword-based or structured queries to provide a more flexible

and powerful search experience (13).

1.6 SQL Server in Data Management

Microsoft SQL Server is a relational database management system (RDBMS) known for its
robustness, scalability, and extensive ecosystem. While it is not natively equipped for vector

operations, its extensibility makes it a candidate for adapting to handle embeddings.

1.6.1 Extensibility Features
SQL Server offers several features that can be leveraged for embedding management:

e JSON Data Types: SQL Server supports JSON data types, which allow embeddings
to be stored as serialized JSON arrays. This flexibility enables the storage of high-
dimensional vectors alongside structured data, facilitating seamless integration with
Al workflows. JSON support also simplifies the process of querying and
manipulating embeddings using SQL queries (14).
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Stored Procedures: Stored procedures in SQL Server can be used to automate tasks
like vector insertion, retrieval, and similarity search. By encapsulating complex logic
within stored procedures, developers can streamline embedding management and

improve application performance (15).

Indexing: SQL Server’s indexing capabilities, including clustered and non-clustered
indexes, can be used to optimize query performance when working with embeddings.
While traditional indexing methods are not designed for high-dimensional data, they

can still improve the efficiency of structured queries that involve embeddings (16).

1.6.2 Limitations in Handling Vectors

While SQL Server offers several features for managing structured and semi-structured data,

it has notable limitations when it comes to handling high-dimensional vectors, such as

embeddings. These limitations stem from its design as a traditional relational database

management system (RDBMS), which is not optimized for vector-specific operations.

Lack of Native Vector Operations: SQL Server does not have built-in functions for
vector similarity search or high-dimensional indexing. Operations like cosine
similarity, Euclidean distance, or ANN search, which are essential for working with
embeddings, require custom implementations or integration with external libraries.
This lack of native support makes SQL Server less efficient for tasks like semantic

search or RAG compared to specialized vector databases (14).

Performance Overhead: Managing high-dimensional embeddings in SQL Server can
lead to significant performance overhead. Without specialized indexing techniques
(e.g., HNSW or Product Quantization), queries involving embeddings may suffer
from high latency, especially as the dataset grows. This limitation is particularly
problematic for real-time applications that require fast and scalable similarity

searches (3).

1.6.3 Existing Adaptations

Despite its limitations, SQL Server has been adapted in various studies and projects to handle

vector data, particularly for applications involving embeddings. These adaptations often

involve creative use of SQL Server’s existing features, such as stored procedures and JSON

support, to overcome the lack of native vector operations.
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Microsoft’s documentation highlights the use of JSON data types for managing large
JSON objects, including high-dimensional embeddings. By serializing embeddings as JSON
arrays, developers can store and query vector data alongside structured metadata. This
approach simplifies data management but may require additional optimization for

performance-critical applications (14).

1.7 Gap in Literature

Although extensive research exists on embeddings, vector databases, and SQL Server’s
capabilities, few studies have examined the use of relational databases like PostgreSQL and

MariaDB in the context of RAG (17) (18), but not SQL Server. This gap underscores the

need for this research, which seeks to bridge the fields of database management and Al
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2 METHODOLOGY

The research design serves as a structured framework to systematically explore the
feasibility of enabling SQL Server to function as a vector database in the RAG pattern. By
providing a detailed outline of the experimental setup, tools, methodologies, and evaluation
strategies, this section ensures that the research objectives are approached comprehensively

and methodically.

With the growing adoption of RAG patterns in generative Al systems, efficient vector
storage and similarity search have become critical challenges. While specialized vector
databases, such as Pinecone and MongoDB, excel in handling embeddings, their integration
into existing enterprise systems can pose significant hurdles. On the other hand, SQL Server
is a widely adopted relational database management system that offers robustness,
scalability, and enterprise-grade features, yet lacks native support for vector operations. This
research seeks to bridge the gap by adapting SQL Server to manage high-dimensional

embeddings and perform similarity searches within a practical RAG framework.
2.1 Data Collection and Embedding Generation

2.1.1 Data Source

A dataset of text documents will be used to generate embeddings. The dataset will be diverse

and representation of real-world scenarios to ensure the generalization of the results.
The dataset will include:

e Knowledge base articles from organization repositories.

e  Customer queries from chat logs or emails

e FAQ’s from customer support systems

e Summaries from news websites

This variety ensures that the embeddings capture a wide range of linguistic patterns,

contexts, and domains, making the model robust and applicable to different use cases.

2.1.2 Data Usage

The collected data is stored in a SQL Server table, where it undergoes normalization to
ensure data integrity, reduce redundancy, and improve efficiency. Normalization is critical

because it organizes the data into structured tables, minimizing duplication and ensuring
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consistency. This process also simplifies querying and analysis, which is essential for
generating high-quality embeddings.

The structure and schema of the SQL Server table, including details about the
normalization process, is described in detail in the section 2.5.1. This ensures that the data

is well-organized and ready for further processing, such as embedding generation and model

training.

2.2 Embedding Model

OpenAl’s embedding model, text-embedding-ada-002, will be used to generate embeddings.
This model produces 1536-dimensional vectors and is optimized for semantic similarity
tasks (10).

The text-embedding-ada-002 model was selected because:

e Strong Performance: outperforms all the old embedding models on text search,
code search, and sentence similarity tasks and gets comparable performance on text

classification.

e Longer Context: The context length of the model is increased by a factor of four,
from 2048 to 8192, from the previous version, making it more convenient to work

with long documents.

e  Smaller embedding size: The model has only 1536 dimensions, one-eighth the size
of davinci-001 embeddings, making the model more cost effective in working with

vector databases.

2.2.1 Embedding Generation Process

e  Text Preprocessing: Before generating embeddings, the text is often preprocessed to

ensure consistency and remove noise. This includes normalization and chunking.

e  Each text (chunk) document in the dataset will be passed to the OpenAl embedding
APIL.

e The API will return a dense vector representation (embedding) of the text.
o  The embeddings are then stored in SQL Server for retrieval during the RAG process.

The table used for storinig the embeddings will be further described in this section 2.5.1
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2.3 Data Preprocessing

Text Cleaning: Its very necessary to clean the data before vectorizing them. Text
cleaning will be done by removing unnecessary characters, stop words, and perform

tokenization if needed.

Metadata Addition: to facilitate easier retrieval and filtering, including some

metadata (e.g., document source, and timestamp).

2.4 Chunking

In the context of building LLM-related applications, chunking is the process of breaking

down large pieces of text into smaller segments (19). It’s an essential technique that helps

optimize the relevance of the content retrieved from a vector database once the LLM is used

to embed content. There will be a consideration on other chunking methods then decide

which one fits best for the thesis.

2.4.1

2.4.2

Importance of Chunking

Context Preservation: Large documents may contain multiple topics or sections.
Chunking ensures that each embedding represents a coherent and focused piece of

text.

Embedding Quality: OpenAl embeddings perform best when the input text is concise
and contextually relevant. Chunking helps avoid embedding noise from overly long

or diverse text segments.

Efficiency: Smaller chunks reduce the computational overhead of processing and

storing embeddings.

Chunking Methods

Fixed-Size Chunking: This is the most common and straightforward approach to
chunking: we simply decide the number of tokens in our chunk and, optionally,
whether there should be any overlap between them. In general, we will want to keep
some overlap between chunks to make sure that the semantic context doesn’t get lost

between chunks (19).

Sentences-Based Chunking: Many models are optimized for embedding sentence-

level content. Sentence chunking will be used in the implementation stage because
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there are several approaches and tools available to do this, including: Naive splitting,

Natural Language Toolkit (NLTK), and spaCy (19).

e Semantic Chunking: Break up the document into sentences. Create sentence groups:

for each sentence, create a group containing some sentences before and after the

given sentence. The group is essentially "anchored" by the sentence use to create it.

You can decide the specific numbers before or after to include in each group - but all

sentences in a group will be associated with one "anchor" sentence (19).

2.5 SQL Server Adaptation for Embeddings

2.5.1 Schema Design

A table structure will be adopted and created to store the embeddings and associated

metadata. The structure of the table will contain:

The document New table stores metadata and information about the original documents

(e.g., PDFs).

Table 1: Document New Table

Column Name | Data Type Description
DocumentID INT Primary key, unique identifier for each
document.
Metadata NVARCHAR(MAX) JSON or text containing metadata (e.g.,
title, author, source, timestamp).

DocumentNorm FLOAT Precomputed norm of the document's
embedding (default = 0).

TextHash BINARY(32) SHA-256 hash of the document text for
deduplication (unique constraint).

e  (lustered Index: Automatically created on DocumentID (Primary Key).

e  Non-Clustered Index: On TextHash for quick lookups to avoid duplicate documents.

DocumentChunk Table stores individual text chunks extracted from the documents.
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Table 2: DocumentChunk Table

Column Name |Data Type Description
DocumentID INT Foreign key linking to
the Documents_New table in Table 1.

ChunkID INT Primary key, unique identifier for each
text chunk.

ChunkIndex INT Index of the chunk within the document
(e.g.,0,1,2,..).

Text NVARCHAR(MAX) The actual text content of the chunk.

ChunkNorm FLOAT Precomputed norm of the chunk's

embedding (default = 0).

e  Clustered Index: Automatically created on ChunkID (Primary Key).

e  Non-Clustered Index: On DocumentID for faster filtering by document.

DocumentEmbeddingValue Table stores the normalized embedding values for each text

chunk.

Table 3: DocumentEmbeddingValue

Column Name Data Type Description

ChunkID INT Foreign key linking to the DocumentChunks
in Table 2.

DimensionIndex INT Index of the embedding dimension (e.g., 0,
1,2,..).

Value FLOAT The value of the embedding at the specified

dimension.

e  (Clustered

Index: On (ChunkID, Dimensionlndex) for efficient retrieval of

embedding values.

e Primary Key: Non-clustered index on (ChunkID, Dimensionlndex)to enforce

uniqueness.



TBU in Zlin, Faculty of Applied Informatics 33

SimilarityCache Table stores cached similarity results for query embeddings to improve

performance.
Table 4 SimilarityCache
Column Name Data Type Description
QueryEmbeddingHas BINARY(32) SHA-256 hash of the query
h embedding (Primary Key)
ChunkID INT The chunk ID that is most similar to
the query.
Similarity FLOAT The similarity score between the
query and the chunk.
CachedTime DATETIME Timestamp of when the cache entry was
created or updated.

¢  Clustered Index: Automatically created on QueryEmbeddingHash (Primary Key).

ErrorLog Table logs errors that occur during operations (e.g., embedding generation,

similarity search).

Table 5 ErrorLogs

Column Name | Data Type Description

ErrorLogID INT Primary key, unique identifier for each
error log entry.

ErrorMessage NVARCHAR(MAX) The error message.

ErrorTime DATETIME Timestamp of when the error occurred.

e  Clustered Index: Automatically created on ErrorLogID (Primary Key).

2.5.2 Indexing and Optimization

e Indexing: To improve query performance, indexing strategies will be explored and

implemented. Some known strategies that will be explored are:
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e  Clustered Index: It determines the physical order of records in the table. A table can
have only one Clustered Index, and it is often created on the primary key column

(16).

e Non-Clustered Index: A non-clustered index is a separate data structure from the
table and contains a copy of selected columns in a sorted format. (e.g., source or

timestamp) to speed up filtering (16).

e Batch Processing: Batch processing maximizes data availability by consolidating and
reducing the amount of time taken to commit changes. When you fully process a

dimension, any partition using that dimension is marked as unprocessed.

2.6 RAG-Based Chatbot Development

2.6.1 Chatbot Architecture

To facilitate a successful implementation of this thesis, there will be a creation of a chatbot
which will mainly consist of two main components:
1. Retrieval Module:

e  This module will be responsible for querying the SQL Server embeddings store to

retrieve relevant documents based on the semantic similarity.

e [t will also use the FindSimilarEmbeddings stored procedure to find the top-k most
similar embeddings.
2. Generation Module:

e  This module will also be responsible for using the generative model (e.g., GPT-4) to

generate responses based on the retrieved documents.

e The retrieved documents are passed as context to the generative model.

2.6.2 Integration

¢  Query Embedding Generation: When a user submits a query, the chatbot sends the
query to the OpenAl embedding API to generate a query embedding.

e  Similarity Search: The query embedding is passed to SQL Server, which retrieves
the top-k most similar embeddings (and their associated text). Cosine similarity was
used to calculate the similarity between two vectors (the query embedding and

already generated embeddings stored in the database).
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2.6.3

Response Generation: The retrieved text is passed to the generative model (e.g., GPT-

4) as a context to generate a response.

Tools and Frameworks

Python 3.8: For chatbot development and integration with OpenAl APIs.
Semantic kernel: A framework for building RAG-based applications.

SQL Server: mssql/server:2022-latest docker image was used as the server.
Azure Data Studio: For managing the SQL Server database and executing queries.
Azure OpenAl Service's GPT-3.5-Turbo and Text Embedding Ada 002 models.
NumPy and Pandas: These Python libraries for data manipulation.

PyODBC: The Python ODBC library used to connect to SQL Server from the
FastAPI application.
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3 SYSTEM ARCHITECTURE AND IMPLEMENTATION

3.1 System Architecture Overview

The proposed system is designed as RAG pipeline that integrates a web backend, a vector
database implemented on SQL Server, and large language model services. The architecture
consists of several key components: a user interface (via HTTP requests), a FastAPI
backend application (serving as the orchestrator), integration with Semantic Kernel for
combining retrieval and generation functionalities, an Azure OpenAl service providing
embedding generation and chat completions, and a SQL Server 2022 database for storing
embeddings and metadata. Figure 2 illustrates the high-level architecture and data flow

between these components.

API Server Semantic

Kernel
Requests
\4 A 4
SQL Retrieval Summari-
Operations Skill zation Skill
<R

High-Level Architecture and Data Flow Diagram

Figure 2: High Level Architecture

The user interacts with the system by sending HTTP requests (e.g. queries or documents
to upload) to the FastAPI backend. The backend coordinates with the Semantic Kernel and
Azure OpenAl services to process these requests. The SQL Server database is employed as
a vector store to persist document embeddings and enable similarity search. This design
leverages the strengths of each component: FastAPI for efficient web service hosting, Azure

OpenAl for powerful language and embedding models, and SQL Server for reliable data
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storage and indexing. By utilizing SQL Server’s JSON handling and stored procedure
capabilities, the system can perform vector similarity searches internally despite SQL

Server’s lack of native vector data types.

3.2 Backend Implementation and Endpoints

The backend is implemented in Python (v3.8) using the FastAPI web framework. FastAPI
was chosen for its asynchronous capabilities and ease of defining RESTful endpoints. The
service exposes a set of HTTP endpoints that correspond to the core functions of the RAG
system: indexing new documents, retrieving relevant content, generating summaries, and
conducting a chat-style Q&A. Each endpoint orchestrates a sequence of operations across

the system’s components. The primary endpoints are:

e /index — Document Ingestion Endpoint. This endpoint handles document uploads for
indexing. When a user submits one or more documents (e.g., via an HTTP POST
request with files or text), the backend processes each file by reading its content and
extracting raw text (supporting formats such as PDF or CSV). The text is then
segmented into smaller chunks using a chunking utility (described in Section 3.4).
Each chunk (typically a few sentences) is transformed into an embedding vector via
the Azure OpenAl embedding model. The resulting embeddings and associated
metadata are stored in the SQL Server database. This involves inserting a new record
for the document (with metadata such as filename or other descriptors) and multiple
records for its chunks and embedding values in the tables described in. The endpoint
returns a confirmation or an index identifier once storage is successful. In essence,
the /index endpoint is responsible for populating the vector database with new

embeddings so that they can be later retrieved by semantic searches.

e /retrieve — Semantic Retrieval Endpoint. This endpoint accepts a user’s search query
(typically a text string) pass it to the retrieval skill and returns a set of relevant
document chunks from the database. Upon receiving a query, the FastAPI backend
first generates the query’s embedding vector using the same Azure OpenAl
embedding model used for documents. This embedding is then passed to a SQL
Server stored procedure (detailed in Section 3.5) which performs a cosine similarity
search against the stored embeddings in the database. The stored procedure returns
the top-k most similar chunks (by cosine similarity score) along with their content

and identifiers. The backend collects these results and returns them to the user in a
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JSON structure. For example, the response from /retrieve might be a JSON object
containing a list of the top 5 chunks that are semantically closest to the query, each
with its chunk text, source document ID, and a similarity score. This endpoint
essentially provides the knowledge retrieval capability in the RAG pattern, allowing
the user (or downstream components) to fetch sentence context based on semantic

relevance rather than keyword matching.

/generate_summary — Summarization Endpoint. This endpoint generates a
summary of provided text or a set of retrieved documents. The client can invoke this
endpoint either by supplying raw text to summarize or by providing the output from
the /retrieve endpoint (i.e. a set of document chunks). In the latter case, the backend
will combine the content of the retrieved chunks and invoke the Azure OpenAl chat
completion model (GPT) with a prompt instructing it to condense the information.
The Semantic Kernel’s SummarizationSKkill (see Section 3.3) is utilized here to
orchestrate the process: it takes in the documents’ text and produces a concise
summary. Internally, this may involve a system prompt such as “Summarize the
following content:” followed by the concatenated chunks. The model then returns a
summarized response from the endpoint. This functionality is particularly useful for
distilling long documents or the combined search results into a shorter form,
capturing the key points. For instance, if a user has retrieved several related chunks
on a topic, they can use /generate summary to get a high-level overview before

deciding on further actions.

/chat — Conversational Q&A Endpoint. This is the integrated chat interface of the
system, which allows a user to ask questions in natural language and receive answers
that are grounded in the indexed documents. When a request is made to /chat with a
user’s query, the backend executes the full RAG cycle: it first calls the retrieval
process (essentially using the same mechanism as /retrieve) to obtain the most
relevant chunks for the query. The retrieved context is then put into summary using
the /generate summary endpoint and finally fed into the Azure OpenAl chat
completion model to generate a response. This step is handled via the Semantic
Kernel’s orchestration, using a prompt template or skill that incorporates the
retrieved documents as context. The system constructs a prompt for GPT that
includes the user’s question and the retrieved supporting information (for example,

by prepending a system message like “Use the following context to answer the
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question” and listing the content of the top chunks). The chat completion model (such
as GPT-4 deployed on Azure) then produces a conversational answer that attempts
to give response based on the user’s query using the given context. The response is
finally returned to the user as the output of the /chat endpoint. This endpoint provides
an interactive experience where the user can ask questions one at a time; each query
is handled independently by retrieving fresh relevant information and generating a
response. In this way, the chat endpoint realizes the RAG pattern by augmenting the
generative model with retrieval for each query. The use of the chat completion model
means the responses can be phrased in a fluent, human-like manner, often

incorporating the facts from the documents to directly address the question.

3.3 Semantic Kernel Integration

To manage the complex interactions between retrieval and generation, the system integrates
Microsoft Semantic Kernel as an orchestration layer within the backend. In this
architecture, SK is used to coordinate Azure OpenAl services (for chat and embeddings) and
to incorporate custom logic for retrieval and summarization as skills. The Semantic Kernel
is initialized in the FastAPI application at startup, configured with the appropriate Azure
OpenAl deployment details. Specifically, an AzureTextEmbedding service and an
AzureChatCompletion service are added to the kernel, corresponding to the embedding
model (e.g., text-embedding-ada-002) and the chat model (e.g., GPT-4) respectively. These
SK connectors are initialized with the Azure OpenAl endpoint URL, API key, API version,
and the specific deployment names of the models. By registering these services, the kernel
can invoke the Azure OpenAl API as needed for generating embeddings or completing chat

prompts, without repeatedly specifying credentials.

In addition to the Al services, two custom SK skills are implemented: RetrievalSkill
and SummarizationSKkill. Each is defined as a Python class with functions decorated by
@kernel function, making them accessible to the kernel as semantic functions. The
RetrievalSkill encapsulates the logic to fetch relevant documents from the database given a
query. Its primary function (e.g., retrieve_documents) takes a query string and an optional
parameter &, and it internally calls the backend’s retriever utility (Section 3.5) to perform the
similarity search. This function returns a JSON string containing the top-k documents

(chunks) relevant to the query. By registering RetrievalSkill with SK (e.g.,
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kernel.import_skill(RetrievalSkill(), "retrieval")), the system enables the LLM or other skills

to invoke document retrieval as part of a larger semantic pipeline.

Similarly, the SummarizationSkill provides functions to condense text and to answer
queries based on text. One function (e.g., summarize text) accepts input which could be a
batch of documents (in JSON form) or raw text and returns a summary produced by calling
the Azure OpenAl chat model. Another function (e.g., query summary) can take a structured
input containing a summary and a user query and generate a direct answer using that
summary as context (this is effectively a specialized prompt to the chat model to perform
Q&A on the given summary). By importing SummarizationSkill into the kernel, these

capabilities become available as semantic functions.

The integration of SK simplifies the orchestration of multi-step operations. For
instance, the chat workflow can be implemented by composing the skills: first call the
retrieval skill to get relevant documents, then call the summarization skill or directly the chat
service to generate an answer. Semantic Kernel allows these calls to be chained
programmatically or even within a single prompt using its planners, but in this
implementation the chaining is done in the backend code for clarity. The SK kernel manages
the state and passing of data between these skill functions. For example, the backend’s /chat
endpoint (Section 3.2) can utilize SK by creating a context for the user query, invoking the
retrieval.retrieve_documents function to get context documents, then feeding the result into
a prompt (or a summarization.query summary call) to produce the final answer. This
approach has the advantage of treating retrieval and summarization as first-class operations
in the semantic pipeline, orchestrated by a single controller (the kernel). It also decouples
the retrieval logic from the core application code — the kernel can invoke the retrieval skill

as if it were just another Al function, which makes the solution more modular.

3.4 Document Chunking and Embedding Process

A crucial step in enabling semantic search is transforming unstructured documents into a
form suitable for vector storage and comparison. In this implementation, each document is
broken into smaller segments (chunks), and each chunk is converted into an embedding
vector using an OpenAl model. This section details the chunking strategy and the embedding

generation.

Chunking Strategy: Documents such as articles or PDF text are often lengthy, and

sending the entire text to an embedding model is inefficient and unnecessary. Instead, the
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system uses a sliding window of sentences approach to create chunks of manageable size.
The chunking utility reads the raw text of a document and splits it into segments of N
sentences (with N=10 by default in our experiments). Sentence boundaries are identified
using regular expression heuristics (splitting on punctuation like., ?, or ! followed by a
space). By grouping sentences, the chunker ensures that each chunk is a semantically
coherent piece of text, typically a paragraph or part of a topic, rather than an arbitrary cut of
characters. The text is also normalized (whitespace trimmed, stray punctuation cleaned) to
maintain consistency. This sentence-based chunking has the advantage of preserving
meaning across sentence boundaries (e.g., a statement and its explanation stay together)
while keeping chunks small enough for efficient embedding. Each chunk is labeled with an
index indicating its position in the original document (e.g., chunk 0, chunk 1, etc.). If a
document is very short, it might result in just one chunk; very long documents yield many
chunks. In this manner, a single large document is represented as a sequence of embedding
vectors, one per chunk, allowing fine-grained matching of a query to the most relevant part

of the document.

Embedding Generation: Once chunks are prepared, the system generates embeddings
for each chunk using the Azure OpenAl embedding model. The chosen model is text-
embedding-ada-002, a state-of-the-art text embedding model from OpenAl’s Ada series.
This model produces a 1,536-dimensional vector representation for any given text input.
Notably, the embedding dimension is fixed (1536) regardless of the length or complexity of
the input text, providing a consistent vector size for all chunks. The backend uses Azure
OpenAl’s embedding endpoint to obtain these vectors. For efficiency, embeddings are
fetched in batches: the FastAPI backend can send multiple chunks in a single API request to
Azure OpenAl, and the service returns a list of embeddings in one response. Batch
processing improves throughput and ensures that the embedding generation step does not
become a bottleneck when indexing many documents. In practice, when a new document is
ingested through the /index endpoint, the system will accumulate all chunk texts from that
document (and potentially multiple documents if uploading several at once), send them in a
batch to the embedding API, and receive the corresponding list of vectors. Each embedding

is represented as an array of 1536 floating-point numbers.

After obtaining the embedding for each chunk, the system computes additional
metadata. One useful quantity is the vector norm (Euclidean length) of the embedding. The

norm is calculated as the square root of the sum of squares of all components of the vector.
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SELECT
dev.ChunkID,
SUM(ge.QueryValue * dev.Value) AS DotProduct,
SQRT(SUM(qge.QueryValue * ge.QueryValue)) AS QueryNorm,
dc.ChunkNorm

FROM dbo.DocumentEmbeddingValues dev

JOIN #QueryEmbedding ge ON dev.DimensionIndex = ge.DimensionIndex
JOIN dbo.DocumentChunks dc ON dev.ChunkID = dc.ChunkID
GROUP BY dev.ChunkID, dc.ChunkNorm

Figure 3: Vector Norm

Both document-level and chunk-level norms can be computed; in the implementation,
anorm for each chunk is calculated and stored. The norm is later used to help compute cosine
similarity (and could also serve as a quick check for zero-vectors or debugging). At this
stage, the system also creates a unique identifier or hash for the source document (e.g., using
an SHA-256 hash of the full text) to detect duplicate documents. This prevents indexing the
same content multiple times. Figure 3: Vector Norm shows how the vector norm was

implemented.

Storing Embeddings: the final step of the indexing process is to store the chunk data
in SQL Server. The storage schema is designed to accommodate potentially large numbers
of embeddings and to facilitate efficient similarity calculations. Three tables are used in the

database to store the information in a normalized form:

e Documents table: Each row corresponds to an original document. It contains a
DocumentID (primary key) and metadata such as the document name or source, a
JSON field for any additional metadata, a hash of the document text (for
deduplication), and possibly a pre-computed document-level embedding or norm. (In
our case, a document-level embedding and its norm can be stored for completeness,

though retrieval is done at chunk level.)

e  DocumentChunks table: Each row represents a chunk of a document. It includes a
ChunkID (primary key) and a foreign key DocumentID linking to the parent
document. It also stores the chunk’s text content (Text), the chunk’s index within the
document (ChunkIndex), and the L2 norm of that chunk’s embedding (ChunkNorm).
Storing ChunkNorm avoids recalculating the magnitude of the vector during

similarity computation.
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e DocumentEmbeddingValues table: This table stores the numerical components of
each chunk’s embedding vector in a vertical (normalized) format. Each row has a
foreign key ChunkID (linking to the DocumentChunks table), a DimensionIndex (an
integer from 0 to 1535 indexing the position in the vector), and a Value (the floating-
point value of the embedding at that dimension). For example, if a chunk’s
embedding vector is [v0, v1, v2, ..., v1535], then the table will have 1536 rows for
that  chunk: (ChunkID,  Dimensionlndex=0,  Value=v0), (ChunkID,
Dimensionlndex=1, Value=v1), and so on. While this design results in many rows,
it enables set-based operations in SQL for computing similarity (as described in the
next section). By contrast, storing the entire vector in a single cell (e.g., as a JSON
array or binary blob) would make it harder for the database to perform computations
across vectors using SQL set operations. The normalized schema, combined with
appropriate indexing (such as indexing Dimensionlndex and perhaps using a
clustered columnstore index for compressing these value rows), allows the database

engine to handle dot-product calculations relatively efficiently.

During the indexing operation (/index), the backend performs a series of inserts: a new
Documents row (if the document is not a duplicate), then multiple DocumentChunks inserts
(one per chunk, retrieving each new ChunkID), and finally a batch insert into
DocumentEmbeddingValues for all the embedding components. These inserts are executed
using parameterized SQL queries using a Python ODBC connection. The entire operation is
wrapped in a transaction to ensure consistency (if any step fails, the transaction can be rolled
back so that partial data is not left in the tables). After a successful commit, the document
and its chunks become part of the persistent knowledge store that can be queried. Figure 4:
Database table relationship shows the relationship between the tables using their primary

nad foreign keys.
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Documents_New

PK | DocumentID
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DocumentChunks

PK | ChunklID
FK [ DocumentID
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DocumentEmbeddingValues
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Figure 4: Database table relationship
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3.5 Vector Similarity Search in SQL Server (Stored Procedure)

With documents indexed as vectors in the database, the system needs to efficiently find
which stored vector is like the new query’s embedding. This is achieved through a dedicated
SQL Server stored procedure named FindSimilarChunks_SetBased. The stored procedure
implements a cosine similarity search between a given query vector and all chunk vectors
stored in the database and returns the top matches. This approach leverages T-SQL set-based

operations and JSON functions to perform the vector math directly in SQL Server.

Input and JSON Parsing: The FindSimilarChunks SetBased procedure is designed
to be called with two parameters: firstly, a JSON-formatted embedding vector for the query,
and secondly an integer @topK specifying how many results to return. The query’s
embedding is prepared in the application layer (FastAPI) by generating the embedding via
Azure OpenAl and serializing the resulting list of 1536 floats into a JSON array (e.g.,
"10.123, -0.045, ...]"). SQL Server 2022 has robust JSON parsing capabilities, which the
procedure uses to ingest this vector. Inside the stored procedure, the JSON string is parsed

into a tabular format using the built-in OPENJSON function.

Specifically, OPENJSON(@queryVectorJson) produces a table of keys and values,
where each key is the index in the array and each value is the numeric value at that index.
By casting these values to FLOAT, we obtain a table (let’s call it @QueryVecTable) of
dimension indices and the query’s embedding values. Additionally, the procedure computes
the L2 norm of the query vector from this table (using SQRT(SUM(value”2))) to use in

cosine similarity calculation.

Cosine Similarity Calculation: Cosine similarity between two vectors a and b is given
by the dot product of @ and b divided by the product of their magnitudes: dot product of

vector A and vector B / (magnitude of vector A * magnitude of vector B)

In the context of our database, the query vector is @ and a chunk’s vector is . The stored
procedure computes the dot product a-b by joining the query vector values with the stored
embedding values of each chunk on the dimension index. In simplified terms, the procedure
executes a query similar to:

WITH QueryVec AS (

SELECT CAST ([key] AS INT) AS DimensionIndex,
CAST (value AS FLOAT) AS QueryValue
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FROM OPENJSON (@GQueryEmbedding)
)
SimilarityCalc AS (
SELECT
dev.ChunkID,
SUM (gv.QueryValue * dev.Value) AS DotProduct,
SQRT (SUM (gv.QueryValue * gv.QueryValue)) AS QueryNorm,
dc.ChunkNorm
FROM dbo.DocumentEmbeddingValues AS dev
JOIN QueryVec AS gqv
ON dev.DimensionIndex = gv.DimensionIndex
JOIN dbo.DocumentChunks AS dc
ON dev.ChunkID = dc.ChunkID
GROUP BY dev.ChunkID, dc.ChunkNorm
)
SELECT TOP (@TopK)
sc.ChunkID,
dc.Text,
dc.DocumentID,
dc.ChunkIndex,

sc.DotProduct / NULLIF (sc.QueryNorm * sc.ChunkNorm, 0) AS
Similarity

FROM SimilarityCalc AS sc
JOIN dbo.DocumentChunks AS dc
ON sc.ChunkID = dc.ChunkID

ORDER BY Similarity DESC;

Listing 1: Vector Similarity Search

Listing 1: Vector Similarity Search demonstrates the set-based approach: the query
vector table q is joined with the pre-stored embedding values v such that each pairing
multiplies one dimension of the query vector with the corresponding dimension of a chunk’s
vector. By summing over all dimensions (SUM(q.Val * v.Value)), we obtain the dot product
of the query with each chunk vector. Each chunk’s precomputed norm (ChunkNorm) and
the query norm (@queryNorm) are then used to normalize this dot product, yielding the
cosine similarity. This calculation is essentially the formula for cosine similarity
implemented in pure SQL aggregation. The results are grouped by ChunkID (to accumulate

the sum for each chunk) and sorted in descending order of similarity.

Top-K Retrieval: The stored procedure uses the @topK parameter to limit the output

to the £ most similar chunks. In practice, after computing the similarity for all chunks, a
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SELECT TOP(@topK) is performed on the ordered results. Each result includes the chunk’s
identifier, the ID of its source document, the chunk’s text content, its index in the document,
and the similarity score. These are the pieces of data the application needs to identify the
context to feed into the language model. The procedure might also exclude or filter out very
low similarity scores or enforce a minimum threshold if needed (to avoid returning irrelevant

text), but in our implementation we primarily rely on the Top-K cutoff.

Set-Based vs. Iterative Approach: The suffix “ SetBased” in the procedure’s name
emphasizes that the computation is done with set operations (SQL set joins and aggregates)
rather than a cursor or row-by-row computation. This is important for performance, as SQL
Server is optimized for set-based queries. By leveraging JOIN and GROUP BY over the
large DocumentEmbeddingValues table, the query allows SQL Server’s query optimizer to
potentially use parallel execution and indexes. In our design, DocumentEmbeddingValues
can benefit from an index on DimensionIndex (and possibly a composite index including

ChunkID) to speed up the join with the query vector.

Table 6: Indexes Optimized for Embedding Retrieval

Table Type Column Involved | Purpose

DocumentEmbeddingValues | Clustered (ChunkID, Speeds up lookup
DimensionIndex) | of embeddings
during similarity

search.
Documents New Nonclustered DocumentID Speeds up access
with Metadata by DocumentID,
included and retrieves

Metadata efficiently
without touching
the base table.

Additionally, given the large volume of rows in DocumentEmbeddingValues, a
columnstore index could be created on that table to drastically improve aggregation
performance and storage footprint. Such an index stores the values column-wise and is well-

suited for heavy summation of numeric data (as in dot product calculations).
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Output Handling: Once the stored procedure computes the Top-K similar chunks, the
FastAPI backend reads the result via the ODBC connection. The resultset is a list of rows,
each with the fields (ChunkID, Text, DocumentID, ChunkIndex, Similarity). The backend
code then formats this into a JSON structure. For consistency, the output JSON from the

retrieval function (and the SK RetrievalSkill) is structured as:

Figure 5: Structure of the response

This JSON format makes it straightforward for downstream processing: the
SummarizationSkill, for example, expects a JSON with a "documents" array that it can then
combine and summarize. It also provides a clear interface for any Ul or client: the client can
see which document a chunk came from and even the similarity score (which might be used
to decide if the answer’s confidence is high). The similarity scores are typically between 0
and 1 (since they are cosine similarities; 1 means identical direction vectors). If no relevant
chunk is found above a certain threshold, the procedure could return an empty set (and the

JSON would then have "documents": []).

In essence, the FindSimilarChunks_SetBased stored procedure enables SQL Server to
function as a rudimentary vector database. It uses the data stored (embeddings split by
dimension) and computes similarity in-database using straightforward linear algebra
operations expressed in SQL. This demonstrates that even without a specialized vector index
or nearest-neighbour index structure, SQL Server can leverage its JSON support and
compute capabilities to perform the core vector search tasks. The trade-off is that this
approach may be slower than purpose-built vector databases for very large corpora, but it
has the advantage of simplicity and integration — all data stays in the relational database, and
standard T-SQL is used. This method was sufficient for the scope of the project, and

evaluation can be found in the Performance Evaluation section.
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3.6 End-to-End System Workflow

Having described each component of the system, Figure 6: Data workflow diagram represent

the end-to-end workflow for handling a user’s query.
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Figure 6: Data workflow diagram

Figure 6: Data workflow diagram outlines the sequence of operations that occur from

the moment a query is received to the point an answer is returned. The following steps

summarize the process:

User Query Submission: A user (or calling application) issues a query or prompt
via the FastAPI endpoint (either using the /chat endpoint for a one-step answer or
using /retrieve followed by /generate_summary for a more manual process). For this
example, assume the user hits the /chat endpoint with the question: “What is code

formatting? ”.

Similarity Search in SQL: The backend then calls the stored procedure
FindSimilarChunks SetBased, passing the query’s embedding (as a JSON array
string) and a chosen top_k (say 5). SQL Server parses the embedding and computes
cosine similarities against all stored chunk embeddings as described in Section 3.5.
The result is a ranked list of the most similar chunks. For example, the procedure
might return 5 chunks with similarity scores like 0.92, 0.85, 0.80, 0.75, 0.75. These

chunks are likely from different documents that all pertain to the “code formatting”
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mentioned in the query. Each chunk might contain a portion of that talks about it.
The top result (0.92) could be a chunk whose text is “We want their eyebrows to rise
as they scroll through the modules. We wantthem to perceive that professionals have
been at work...... ”, which indeed is highly relevant to the query about main findings.
The FastAPI backend receives these results and structure them as JSON, which is

called retrieved docs_json.

Context Preparation: Depending on the endpoint logic, the system now prepares a
prompt for the generative model. In the /chat endpoint scenario, the backend will
combine the user’s query and the retrieved documents to form the input for Azure
OpenAl’s chat completion. This is done with guidance from the Semantic Kernel. A
typical strategy is to use a system or assistant prompt that provides the retrieved
chunks as context. For example, a system message might be: “You are an Al

assistant. Use the following information to answer the user’s question. Context:

[Document 7, Chunk 3]: We want their eyebrows to rise as they scroll through the

modules. We want them to perceive that professionals have been at work......

[Document 12, Chunk 1]: What this experience has taught me, through long trial and
error, is that functions should be very small. In the eighties we used to say that a

function should be no bigger than a screen-full....

In our implementation, the Semantic Kernel’s skills simplify this step: the retrieval
skill already provided retrieved docs json, and the summarization or answer
generation skill can take this JSON and the original query to craft an appropriate
prompt internally. In some cases, we explicitly call the SummarizationSkill’s
query_summary function, which under the hood concatenates the context and query

and calls the OpenAl model.

Generative Response with LLM: The Azure OpenAl Chat Completion service
(through Semantic Kernel’s AzureChatCompletion connector) is invoked with the
prepared prompt. The model (e.g., GPT-4) processes the prompt, which includes both
the user’s question and the context from the documents and generates a response.
Thanks to the provided context, the model’s answer should be grounded in the actual
content of the documents rather than purely from its own parametric knowledge. For
instance, the model might respond: “According to the XYZ report, the main findings

were a 5% increase in market demand in Q4 and identification of supply chain
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challenges that affected that quarter’s performance.” This answer is composed by
the model, but it uses the information from the context (the retrieved chunks) to

ensure accuracy and relevance. The chat completion result is captured by the

backend.

e Response Delivery: The FastAPI backend receives the model’s answer and sends it
back to the user as the response to the /chat request. In the above example, the user
would see a concise answer stating the main findings of the report, which directly
addresses the query. If the conversation were interactive (multi-turn), the system
might also append the user question and answer to a chat history (not extensively

implemented in this prototype, which treats each /chat call independently).

e Iterative Interaction (if applicable): Although each query through /chat is handled
independently in our implementation, a user can ask follow-up questions in separate
calls. In a more advanced integration, one could maintain conversational state or use
the Semantic Kernel’s memory to store context from previous interactions. For this
thesis project’s scope, the focus was on single-turn QA with retrieval. However, the
system architecture can be extended to multi-turn dialogues by preserving the

conversation and possibly reusing or re-fetching context as needed.

Throughout this workflow, several optimizations and design choices ensure
performance and accuracy: the use of vector embeddings for semantic matching (so the
query doesn’t have to exactly match keywords in the text), the database storing pre-
computed norms and using set-based SQL for speed, and the provisioning of explicit context
to the LLM to ground its responses (which mitigates the risk of the model ‘“hallucinating”
facts not present in the documents). The role of the Semantic Kernel is mostly behind the
scenes in this flow, binding together the retrieval and generation steps so that, for example,

one can call a single function to go from query to answer using the skills.

By following this workflow, the system effectively demonstrates an end-to-end RAG
pipeline: starting from user input, performing semantic search over a SQL-hosted
knowledge base, and ending with a generated answer. This validates the approach of using
SQL Server as a vector database in a practical application. The correctness of responses
depends on the quality of the indexed data and the effectiveness of the embedding similarity
search, which we will evaluate in the next chapter. For now, it is important to note that the

system successfully integrates all components to deliver relevant answers.
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3.7 Ilustrative Example of System Output (Sample Scenario)

To illustrate the full RAG flow, consider a user interacting with the system through a web
interface or API. The following example demonstrates how a natural language question is

transformed into a semantically grounded answer.
Step 1: User Input

A user inputs the query:

{

"query": "code formatting"

Step 2: Embedding Generation

The system uses the OpenAl embedding API to convert the query into a 1536-dimensional
embedding. This embedding is passed as a JSON array to the SQL stored procedure.

Step 3: Similarity Search via SQL Server

The stored procedure FindSimilarChunks SetBased is invoked with the query embedding.
SQL Server performs the cosine similarity calculation over the document chunk embeddings

and returns the top 5 most similar chunks.
Step 4: Prompt Construction

The retrieved chunks are structured into a context block and prepended to the user query to
form the full prompt for the GPT model. The prompt takes the following form as shown in
Figure 7: Retrieved Chucks:
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Figure 7: Retrieved Chucks

Step 5: Generative Answering

This prompt is sent to the GPT model (via Azure OpenAl’s Chat Completion API). The
model processes the retrieved context and generates a response such as shown in Figure 8:

Query Response:

"answer": "Code formatting is the practice of ensuring that code is
consistently and properly formatted to make it readable and
understandable. This includes using indentation, following formatting
rules, removing unnecessary code lines and comments, and breaking code
into small functions. It is important for professionalism in software

development and helps teams work together more effectively. It is
essential to have a team agreement on coding standards and to have
self-discipline in following them to maintain clean and professional
code.”

Figure 8: Query Response

Step 6: Final Output

The system returns the generated response to the user, optionally with the original context
chunks included for transparency. This illustrates the full semantic retrieval and generation

loop, grounded in source documents indexed via SQL Server.
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3.8 Technologies and Tools Used

The implementation leveraged a range of technologies and tools, each chosen to fulfill

specific requirements of the system:

Python 3.8
FastAPI

Microsoft Semantic Kernel: An Al orchestration framework that was integrated
into the Python backend. Semantic Kernel was used to manage the Azure OpenAl Al
services (for embeddings and chat completions) and to define semantic functions
(skills) for document retrieval and summarization. Its ability to seamlessly mix code-
based functions with Al model calls was instrumental in implementing the RAG flow

in a clean manner.
Azure OpenAl Service's GPT-3.5-Turbo and Text Embedding Ada 002 models.

SQL Server 2022: The relational database system used as the vector store for
embeddings. The choice of SQL Server (specifically the 2022 version) was motivated
by its JSON support and familiarity, as well as the research goal of evaluating a
traditional RDBMS for vector storage. A Docker container running the official SQL
Server 2022 image (mssql/server:2022-latest) was used to deploy the database in the
development environment. This provided an isolated and easily reproducible

database instance for experimentation.

Azure Data Studio: A database management and development tool used to interact
with the SQL Server instance. Azure Data Studio was employed for tasks such as
writing and debugging the stored procedure (FindSimilarChunks SetBased), running
ad-hoc SQL queries to verify data integrity (for example, checking that embeddings
were stored correctly), and monitoring performance (using execution plans and
statistics). It served as a convenient GUI to manage the database schema (creating

tables, indexes) and inspect the contents of tables during development.

NumPy and Pandas: These Python libraries were used in various parts of the
backend for data manipulation. NumPy was particularly useful for computing norms
of embedding vectors and converting data types (ensuring embeddings were in a list

of floats format). Pandas was used in some of the data processing scripts (e.g.,
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reading a CSV of documents and chunking them in bulk) to handle tabular data

conveniently.

e PyODBC: The Python ODBC library used to connect to SQL Server from the
FastAPI application. PyODBC enabled executing parameterized SQL queries and
calling stored procedures from Python. It was configured to use the ODBC Driver 17
for SQL Server to communicate with the database. Through this, the backend could
send the query embedding to the stored procedure and retrieve results, as well as

perform batch inserts for indexing.
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4 PERFORMANCE EVALUATION

4.1 Experimental Design and Methodology

To systematically assess the effectiveness and practicality of utilizing Microsoft SQL Server
as a vector database within a RAG pipeline, a comprehensive evaluation protocol
encompassing both qualitative and quantitative metrics was adopted. The primary objective
was to evaluate the system’s capacity to retrieve semantically relevant context and generate
accurate, coherent, and fluent answers grounded in that context. The evaluation was designed

to answer two fundamental research questions:

e RQI: To what extent can SQL Server, as a relational database management system
(RDBMS), support accurate semantic retrieval for a question-answering task using

high-dimensional embeddings?

e RQ2: How does the system perform in terms of latency, answer quality, and retrieval

relevance in a real-world use case involving technical documentation?

4.1.1 Document Corpus

The primary corpus used for evaluation was derived from Robert C. Martin’s seminal
work Clean Code: A Handbook of Agile Software Craftsmanship. This technical text was
selected for its relevance, richness in domain-specific terminology, and diverse content
structure—ranging from general coding principles to specific examples. The document,
comprising approximately 150 pages, was converted into plain text and pre-processed using
a sentence tokenizer. Chunks were created using a sliding window of 10 sentences with a
stride of 5, resulting in 480 overlapping semantic segments stored in the
DocumentChunks table. Figure 9: DocumentChunks table shows the columns and sample

data of the table.
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ChunkID DocumentID ChunkIndex Text ChunkNorm

1 1 E 1 (‘] This is a sample chunk of text. 1

2 2 11 ] In a retweet on Thursday, a staffer to real estate magnate Donald Trump mana.. @,99999992324..
3 3 11 1 'Mr. Trump was not responsible for this tweet,' a spokesperson told Daily Ma.. @,99999999740..
4 4 11 2 A recent book about the staff who run the White House residence recounted a .. @,99999999614...
5 5 11 3 Trump's retweet might have disappeared if a snarky Twitter user hadn't made .. @,99999996870...
6 6 21 ] After Tony Blair's speech in his former constituency of Sedgefield last week.. 1,00000000021..
7 7 21 1 He said: ‘Blair dripping with blood, pockets stuffed with gold beyond dreams.. 1,00000000954..
8 8 21 2 Huddled-down, risk-averse politicians from all the main parties have decided.. 1,00000001823..
9 9 21 3 Parker said he was ‘young and angry at the time’. He was 34. Gaffe of the da.. @,99999994530..
1. 18 31 @ (CNN)It's clear from Hillary Clinton's campaign rollout -- a video announcem.. 1,00000003187..
1. 11 31 1 To wit: . In Colorado, Sen. Mark Udall was nicknamed "Mark Uterus" for all t.. @,99999998641...
1. 12 31 2 Whether in Texas or Colorado, New York or Louisiana, voters made it clear th.. @,99999998485..
1. 13 41 ] (CNN)Marco Rubio is all in. The Republican senator from Florida has announce.. @,99999997041...
1. 14 41 1 Instead, Rubio has embraced a typical conservative approach to immigration. .. @,99999996127..
1 15 41 2 Immigration and Cuba policy aside, Rubio's political philosophy will be a to.. 1,00000007012..

4.1.2 Query Design

Figure 9: DocumentChunks table

Figure 10: Test Queries shows 20 natural language queries from the content in the Clean

Code corpus. These queries were intended to reflect real-world user information needs and

varied in complexity—from factual retrieval (e.g., “What is the purpose of meaningful

names?”) to conceptual synthesis (e.g., “What principles guide clean class design?”).

The evaluation SDK used requires a JSONL file with with two properties per object:

query and truth. The evaluation dataset contains example questions (query) and expected

answers (truth).
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: “What is the primary responsibility of a professional programmer?", “truth”: “A professional programmer takes full responsibility for their code,

quality, estimates, and ethical decis ¥

"How should pri ionals handle unre ic deadlines?", "truth": "Professionals provide honest estimates, negotiate scope, and avoid compromising
guality-never agreeing to 'try' impossible commitments
{ \hat is the 'Boy Scout Rule' in coding?", * “Always leave the code cleaner than you found it by making small improvements during each change."}

hy does the book discourage working while tiri gue leads to poor decisions, bugs, and technical debt, as illustrated by the '3 AM

code' anti-pattern."}
{ "What is the purpose of coding katas?", "truth": "Katas train muscle memory, problem-solving reflexes, and TDD discipline through repetitive practice
of small probl i
{"qu "How es TDD reduce defects?", "truth": "By enforcing incremental development with immediate feedback, TDD catches errors early and improves design

hat should a developer do when stuck on a problem?", "tru "Disengage temporarily (e.g., take a walk) or seek collaboration—forcing a solution
while fru ed often w s the probl }
{"qu "Why is saying 'I—’lll try' unprofessional?”, "truth": "It implies ambiguity; professionals commit to specific actions or decline requests transparently.
"}
{" “How should professionals handle interruptions?", “truth": "Politely assist others but set boundaries (e.g., 'Do Not Disturb' periods) to protect
focused work time."}
{" "What is the role of mentorship in professionalism?", "truth": "Senior developers must mentor juniors to pass on skills, ethics, and best
practices—this is a core professional duty."}
{"a y"': -] asize a e "truth": "Automated tests provide certainty, enable refactoring, and document system behavior

or-prone manual chi

fhat is the 'language of commitment’ "truth": "Clear statements like 'I will deliver X by Y' instead of vague promises ('I'lL try'), ensuring
accountab:
{"qu: ould professionals handle legacy code?", "truth": "Refactor incrementally with tests, following the Boy Scout Rule, rather than rewriting or
ignoring

hat is the cost of poor estimates?", "tr

Nhy pair programming?", "truth" 5 [ bloc| ' over-opt zation by maintaining collaborative

ow to handle pressure to cut corn ol 3 L sacrifice long-term quality for short-term gains, offering alternatives

with 'false delivel 5 Claiming completion when work is incomplete misleads stakeholders and delays inevitable failu
practice outside work ho g kill development (e.g., katas, new languages) ensures career growth beyond immediate job demand:

to communicate bad news profes truth™: "Early, transparent updates with data (e.g., 'best/nominal/worst case' estimates) build

''s the ethical duty in code reviews?", "truth": "Reviewers must critigue constructively but firmly, rejecting unprofessional work that harms the

Figure 10: Test Queries
4.1.3 Annotation Protocol and Scoring Rubric

Each generated response was evaluated manually along four dimensions, adapted from prior

work on language model evaluation:

e  Groundedness: The degree to which the response is supported by the retrieved

chunks (i.e., factual consistency and evidence from context).
e Relevance: How well the answer addresses the user’s query.
e Fluency: The grammatical correctness, clarity, and stylistic quality of the response.
e  Coherence: The logical structure and internal consistency of the response.

Evaluators assigned each criterion a score from 1 (poor) to 5 (excellent). A threshold
score of 3 or above was required on all dimensions for a response to be deemed acceptable.
In other words, responses needed to achieve at least a “Good” rating on each metric to pass
the quality check. This scoring rubric ensures that the system is only considered successful
if it produces answers that are not only relevant and factually grounded but also well-written

and logically organized.
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4.1.4 Latency Measurement

In parallel, retrieval performance was assessed using latency benchmarks. The similarity
search procedure was tested on a synthetic dataset of 500 vectorized chunks, representative
of moderate deployment scale. Each query was executed and mean, median, and 95th
percentile latencies were recorded using SQL. Figure 16: Local Latency Per Query and

Average shows the latency measurement.

4.2 Quantitative Results

The results of the evaluation are summarized in Table 7.

Table 7: Answer Quality

Metric Threshold Average Score
Groundedness 3.0 3.78
Relevance 3.0 4.62
Fluency 3.0 3.53
Coherence 3.0 3.33
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Relevance @ Groundedness @
Average Score Average score

4.62 3.78

3 4 2 3 4

Relevance scoring scale Groundedness scoring scale

Figure 11: Evaluation Results (Relevance and Groundedness)

Coherence @ Fluency ©
Average score E Average score

3.33 3.53

15

3 4 3 4

Coherence scoring scale Fluency scoring scale

Figure 12: Evaluation results (Coherence and Fluency)
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Figure 11 and Figure 12: shows distribution of evaluation scores for Relevance,
Groundedness, Coherence, and Fluency across all evaluated responses. The y-axis indicates
the number of responses (out of the 20 queries) that received a given score on the 1-5 scale.
The x-axis represents the score values (1 = low, 5 = high). Relevance exhibits the highest
scores, with most responses rated 4 or 5, reflecting strong alignment with the users’ questions
(average relevance 4.62). Groundedness scores are also skewed toward the high end (average
3.78), though a few answers only met the minimum acceptable support or fell below it (one
response was scored 2 for groundedness). Coherence has the lowest average score (3.33) and
shows a wider spread — several responses were rated as low as 2 (indicating some logical
gaps), while others achieved 4, indicating mostly coherent answers overall. Fluency scores
(average 3.53) were predominantly in the 3—4 range, meaning the answers were generally

clear and grammatically sound, with only minor fluency issues in some cases.

Overall, these results indicate that the system performs well across all quality
dimensions, with particularly strong performance in relevance and groundedness.
Groundedness scores were consistently high, highlighting the system’s ability to retrieve and
use contextually appropriate information from the database. Coherence was the lowest-
scoring category, but importantly it remained at or above the acceptability threshold in
roughly 88% of cases, suggesting that only a small fraction of the responses suffered from
notable logical inconsistencies. In summary, the SQL Server-based RAG approach was
largely successful in producing answers that are relevant, factually supported, fluent, and

coherent.
4.3 Analysis and Interpretation

4.3.1 Semantic Retrieval Efficacy

The relatively high average groundedness score (3.78) underscores the capacity of SQL
Server — when properly indexed and queried using set-based logic — to perform accurate
semantic retrieval operations on high-dimensional embeddings. Although traditional
RDBMSs are not inherently designed for vector operations, the implementation
demonstrates that SQL Server 2022’s support for JSON data types, aggregate functions (for
computing dot products), and efficient join strategies can be effectively leveraged to simulate

vector similarity calculations within a relational framework.
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The success of using exact cosine similarity (via SQL queries) — despite the absence
of specialized approximate nearest neighbour indexing — further suggests that for datasets
on the order of a few hundred embeddings (under roughly 1,000 chunks), SQL Server
remains competitive with dedicated vector databases in terms of retrieval quality. In this
experiment, the system was consistently able to find relevant context chunks that grounded
the answers, indicating a high efficacy of semantic search even without a purpose-built

vector index.

4.3.2 Language model Influence

The strong performance in relevance (average 4.62) and solid coherence scores can be partly
attributed to the use of a powerful language model (Azure OpenAl’s GPT-4, via Azure’s
Chat Completion API) for generation. Because the prompts were structured to include only
the top-ranked retrieved chunks as context, the model’s responses typically exhibit strong
topical alignment with the query and a logical progression of ideas drawn from the
supporting text. In other words, the language model made good use of the provided context,
yielding answers that stay on-topic and answer the questions directly. However, the slightly
lower average fluency score (3.53), especially on longer or more complex questions,

suggests occasional stylistic or clarity issues.

This may indicate a misalignment between the granularity of the retrieved chunks and
the model’s expectations for coherence and completeness. If some retrieved chunks contain
incomplete sentences or fragmented thoughts (due to the fixed-size chunking), the model
may struggle to seamlessly incorporate these into a perfectly fluent response. This

manifested as minor grammatical oddities or abrupt transitions in a few answers.

Future enhancements to the system’s prompt construction could mitigate these issues.
For instance, implementing a chunk filtering or merging strategy could ensure that only high-
quality, contextually complete information is fed into the prompt. Dynamically adjusting the
number or size of chunks included (for example, merging small fragments or excluding low-
relevance chunks even if they are top-ranked) might improve the coherence and fluency of
the generated answers. Such refinements could help the model produce more syntactically

elegant and semantically fluid responses without sacrificing relevance or groundedness.



TBU in Zlin, Faculty of Applied Informatics 63

4.3.3 Retrieval Performance and Scalability

Beyond answer quality, the system’s retrieval latency was an important practical
consideration. With the test corpus of 500 chunks, the similarity search achieved a mean
latency of approximately 250 milliseconds per query, and the 95th percentile latency was
around 380 milliseconds. This performance, achieved on commodity hardware, indicates
that the SQL Server-based approach can deliver sub-second response times, which are
satisfactory for interactive applications (e.g., a QA chatbot). In other words, in this moderate-
scale scenario, users would typically experience only a quarter-second delay for retrieval,
and even the slowest 5% of queries stayed well under half a second. These values were
measured under controlled conditions (single-user load, warm cache) on the given dataset of

500 embeddings stored in a normalized relational schema.

However, it is important to note that the current implementation uses a brute-force set-
based similarity calculation, which has linear complexity in the number of stored
embeddings. As corpus size increases, the absence of an approximate indexing mechanism
could become a bottleneck. While enabling SQL Server’s column store indexing on the
embedding table can significantly reduce disk I/O and speed up the aggregation
computations, it does not change the fundamental scaling behaviour of the retrieval
algorithm. Therefore, SQL Server’s set-based approach is expected to remain efficient for
small- to medium-sized corpora, but it may prove infeasible for production environments
involving tens or hundreds of thousands of embeddings. In such cases, more scalable
solutions (e.g., hybrid architectures combining SQL Server with an external vector index, or
migrating to a database with native vector search support) would likely be necessary to

maintain low latency.

4.4 Threats to Validity

Several limitations could affect the generalizability and robustness of our evaluation:

e Internal Validity: Human scoring introduces some degree of subjectivity despite
efforts to maintain high inter-annotator agreement on the rubric. Additionally, no
automated evaluation metrics (e.g., ROUGE or BERTScore) were employed in this
study, which could impact the replicability of the results and the objectivity of the

evaluation.



64

TBU in Zlin, Faculty of Applied Informatics

External Validity: The evaluation corpus is domain-specific (software engineering
best practices) and relatively homogeneous in style. Consequently, the system’s
performance might differ on a broader, multi-domain corpus or on content that is
non-technical. The results observed here may not directly generalize to other

knowledge domains without further testing.

Construct Validity: The use of a static threshold value (>3 on each metric) to decide
acceptability is a heuristic choice. While it provides a clear pass/fail criterion, this
binary cutoff may not capture all nuances of answer quality. Subtle improvements or
regressions in responses (e.g., going from a score of 3 to 4 in one dimension) are not
reflected unless the threshold is crossed, and the subjective nature of scoring can

introduce bias around the threshold boundary.

Performance Bias: The latency benchmarks were performed in a controlled
environment with a specific hardware setup and database configuration. Results may
vary in different runtime environments, for example, on less powerful hardware,
under concurrent load, or with different SQL Server tuning parameters. Thus, the
reported response times represent an ideal scenario, and real-world performance
could be impacted by external factors such as network latency, workload contention,

and system tuning.

4.5 Comparison Of Local SQL Server and Azure Al Search

To contextualize the SQL Server’s performance, comparison of query latency between the

local SQL-based vector store with that of a cloud-based vector search service (Azure Al

Search). This comparative evaluation used a similar set of sample queries against equivalent

embedding indices on both systems. Azure Monitor was used to measure the search latency

of the database shown in Figure 14.

In the local SQL Server, an SQL procedure was implemented to measure the start and

end time of each call made to the similarity search stored procedure. The results were stored

in a separate table, which was later retrieved and computed into a chart using python as

shown in Figure 16. Figure 13: Local Performance counter in SQL shows how the

implementation was done.
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CREATE OR ALTER PROCEDURE dbo.ExecuteWithLogging

@ProcedureName SYSNAME,
NVARCHAR(MAX) ,

@ParameterValues NVARCHAR(MAX)

AS

BEGIN
SET NOCOUNT ON;
DECLARE @StartTime DATETIME2 = SYSDATETIME();
DECLARE @EndTime DATETIME2;
DECLARE (@ElapsedTimeMs INT;
DECLARE @Status NVARCHAR(20) = 'Succ :
DECLARE @EErrorMessage NVARCHAR(MAX) = NULL;
DECLARE @SQL NVARCHAR(MAX) ;
BEGIN TRY

SET @SQL = ' ' + QUOTENAME(@ProcedureName) + ' ' + @ParameterValues;

EXEC sp_executesql (@SQL;
END TRY
BEGIN CATCH
SET @Status = 'Error';
SET @ErrorMessage = ERROR_MESSAGE();

SET @EndTime = SYSDATETIME();
SET @ElapsedTimeMs = DATEDIFF(MILLISECOND, @StartTime, @EndTime);

INSERT INTO dbo.ProcedureExecutionlLog (
ProcedureName, ExecutionStartTime, ExecutionEndTime,

ElapsedTimeMs, Parameters, Status, ErrorMessage
)
VALUES (
©ProcedureName, @StartTime, @EndTime,
@ElapsedTimeMs, @ParameterValues, @Status, @ErrorMessage

Yi

THROW;
END CATCH;

SET @EndTime = SYSDATETIME();
SET @ElapsedTimeMs = DATEDIFF(MILLISECOND, @StartTime, @EndTime);

INSERT INTO dbo.ProcedureExecutionLog (
ProcedureName, cutionStartTime, ExecutionEndTime,
ElapsedTimeMs, Parameters, atus, ErrorMessage
)
VALUES (
@ProcedureName, @StartTime, @EndTime,
@ElapsedTimeMs, @ParameterValues, @Status,

Figure 13: Local Performance counter in SQL



66 TBU in Zlin, Faculty of Applied Informatics

Avg Search Latency for school-search &7

=+ Add metric vy 3 |= Line chart ~» [, Drill into Logs v () New alert rule Save to dashboardss 82 ..

€ school-search, Search Latency, Ava @

May 09 4:37 PM
W search Laten.. 716

Apr13 Apran Apr 27 - s 43

[l search Latency (Avg), school-search | 71.67ms

Figure 14: Azure Al Search Latency Average

Count Search Latency for school-search &

+ Add metric v "y e |~ Line chart s [, Drill into Logs ~ (1) New alert rule [5) Save to dashboard~.” 53 -

Scope Metric Namespace Metric _ Aggregation

a Search service stand... || Search Latency ~ || Count -] @

Thu 08 08 uTC+0200

[l Search Latency (Count), school-search 32

Figure 15: Azure Al Search Latency Count



TBU in Zlin, Faculty of Applied Informatics 67

Execution Time of FindSimilarChunks_SetBased Over Time

1157 —&— Execution Time

—=- Average = 92.75 ms

110 4

105 4

100 +

95 4

Elapsed Time (ms)

90 1

85

80

& & Q 6-@ 690} 0 < ¥

.Y % 5 '
&£ & &$ &P & & b &£

Figure 16: Local Latency Per Query and Average

Figure 16: Local Latency Per Query and Average illustrates the execution times for 20
representative queries on the local SQL Server setup. The query durations varied modestly
per query, and a red reference line indicates the average execution time of approximately
92.75 ms. In contrast, Figure 14: Azure Al Search Latency Average shows the average
search latency reported by Azure Al Search for the same index (the school-search index)
over a comparable query set. The cloud service achieved a lower mean latency of roughly

71.67 ms, outperforming the local SQL Server average.

However, the Azure service’s latency distribution also exhibits irregular outliers —
notably a spike reaching about 260 ms for one query (visible as a tall peak in Figure 14:
Azure Al Search Latency Average) — which were absent in the local SQL measurements.
Additionally, the Azure telemetry (Figure 15: Azure Al Search Latency Count) indicates
that only a relatively small number of search operations were recorded during the test
window (a spike of 32 total queries), suggesting the cloud service was evaluated under light

load conditions.

Several factors may explain why Azure Al Search delivered a lower average latency
but with higher variability. Azure’s vector search implementation leverages specialized
indexing (e.g. approximate nearest neighbour algorithms and distributed query processing)
optimized for speed, which likely accounts for its faster typical response times. The local
SQL Server approach, by contrast, uses a brute-force set-based cosine similarity calculation
(as discussed in Section 4.3) and thus has a higher base execution time. At the same time,

the consistency of the SQL Server latency (with no extreme spikes among the 20 queries)
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reflects the benefits of a controlled, single-tenant environment and warm caching — the
queries were executed on a dedicated local instance, avoiding network overhead and multi-
tenant resource contention. The Azure service’s 260 ms outlier may have been caused by
transient factors such as an index could start, network latency, or background load on the
managed service. In a cloud environment, occasional jitter can occur due to autoscaling or
shared infrastructure, whereas the local database’s performance is more predictable under

steady load (albeit at a somewhat higher steady-state latency).

Scalability vs. Latency Trade-offs: These results highlight an important trade-off
between scalability and latency stability. Azure Al Search, as a managed cloud service, is
designed to scale to large datasets and high query throughput with efficient indexing. Its
lower average query time indicates that for larger corpora or high-concurrency scenarios, a
specialized vector service can maintain responsive performance where a naive SQL
implementation might slow down. Indeed, the SQL approach’s linear scan over embeddings
(Section 4.3. Retrieval Performance and Scalability) is expected to become a bottleneck as
the number of embeddings grows, whereas Azure’s indexing can support faster search over
tens of thousands of vectors. On the other hand, the local SQL solution demonstrated more
uniform latencies in our small-scale test, suggesting that it can provide reliable sub-100 ms
responses for moderate corpus sizes under controlled conditions. The irregular latency spikes
observed with the cloud service point to a potential stability concern: in latency-sensitive
applications, occasional 200-300 ms delays might be noticeable to users even if the average
remains low. Thus, an organization must balance raw speed against consistency and control.
The SQL Server-based solution offers simplicity and data locality (valuable for privacy and
integration with existing systems), at the cost of somewhat higher query times and limited
scalability. The Azure vector search offers high performance and easy scaling but introduces

dependency on network connectivity and cloud service variability.

Implications for RAG System Deployment: For RAG systems at small to medium
scale, using SQL Server as the vector store can be a viable approach — it yielded acceptable
latency (on the order of tens of milliseconds per query) and stable performance in our tests
with 500 embeddings and single-user load. This means that an internal application with
modest data and query volume could leverage existing SQL infrastructure without incurring
unacceptable delays. However, for large-scale or mission-critical deployments (e.g.
involving millions of embeddings or heavy concurrent querying), the latency advantages of

specialized solutions like Azure Al Search (or other dedicated vector databases) become
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more pronounced. In such scenarios, a hybrid architecture might be favourable: for example,
using SQL Server to manage metadata and auxiliary data while offloading the similarity
search to a scalable vector index. This would harness the best of both worlds — the scalability
and speed of purpose-built vector search engines alongside the transactional capabilities and
familiarity of SQL Server. In summary, our performance comparison underscores that while
SQL Server can function as a vector database for RAG pipelines, careful consideration must
be given to the expected scale. The choice between reusing a general-purpose database and
adopting a specialized vector store involves trade-offs between latency, consistency, and

scalability that should align with the application’s requirements and constraints.
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S CONCLUSION FUTURE WORK

5.1 Summary of Contributions

This thesis presents a novel approach to integrating RAG pipelines with Microsoft SQL
Server 2022 as a backend vector database. By leveraging SQL Server’s support for JSON
functions, aggregate queries, and procedural logic, A system capable of performing semantic
retrieval operations was implemented on high-dimensional embeddings stored in a

normalized relational schema.

The implementation was fully operationalized through a FastAPI backend, with
Microsoft Semantic Kernel serving as the orchestration layer. The system demonstrated
strong performance in generating relevant, grounded answers and retrieving appropriate

chunks with sub-second latency.

5.2 Key Findings

Feasibility Confirmed: This work demonstrated that Microsoft SQL Server can
serve as a semantic vector retrieval engine for small- to mid-scale RAG applications.
The integration of embeddings and cosine similarity search in SQL was shown to be

technically feasible without native vector support.

e Effective Orchestration: The prototype system combined a FastAPI backend with
the Microsoft Semantic Kernel, enabling a modular and extensible RAG pipeline.
This integration proved effective for orchestrating the end-to-end process of

embedding generation, storage, retrieval, and answer generation.

e High Answer Quality: The RAG-based chatbot achieved strong answer quality.
Over 85% of generated answers met all defined qualitative criteria (relevance,
groundedness, coherence, and fluency), indicating that the SQL-based retrieval

provided useful context to the language model.

e Acceptable Latency: The SQL Server retrieval delivered sub-second response times
suitable for interactive use. In our evaluations, query latency averaged around 90—
100 ms per query on a 500-embedding corpus (with all queries completing well under
500 ms). This performance is within user-acceptable bounds, confirming that the

approach can support real-time applications.
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Comparative Performance: While the SQL-based solution’s latency was
acceptable, it was moderately higher than that of a specialized cloud vector search
service. For instance, Azure Al Search achieved an average query latency of 72 ms
under light load, about 2025 ms faster than our SQL implementation on the same
test queries. This highlights a trade-off: the SQL approach can leverage existing
infrastructure but may not match the absolute speed of purpose-built vector search

engines.

5.3 Limitations

Despite these promising results, several limitations of the system became apparent:

Scalability: The current SQL Server solution uses a brute-force similarity search
whose performance degrades linearly with the number of stored embeddings. While
it scaled adequately to a few hundred vectors, it may become impractical for very
large corpora (tens of thousands or more embeddings) due to rising query times.
The lack of an approximate nearest neighbour index in SQL Server means that

beyond a moderate corpus size, query latency could grow to unacceptable levels.

Performance Gap: The SQL-based retrieval exhibited higher query latency
compared to dedicated vector search systems. Although the observed ~0.09 s mean
latency is acceptable for many applications, it is still slower than the latency achieved
by specialized solutions (which in our test was 0.07 s on average). This performance
gap could impact time-critical applications, making the SQL approach less suitable

when millisecond-level optimizations are required.

Domain Generalization: The evaluation was conducted on a domain-specific
dataset (software engineering documentation), and the system was tuned to this
context. The results may not directly generalize to other domains or to more diverse
corpora without further experimentation. Different subject areas (or less structured
text) might yield different retrieval accuracy and answer quality, so additional

validation would be needed for deployments beyond the tested domain.

Evaluation Scope: Our assessment of answer quality relied on manual scoring with
a relatively small set of queries (20 questions). This human evaluation, while
thorough, is inherently limited in scale and subject to some degree of subjectivity.

We did not employ automated metrics like BLEU, ROUGE, or embedding-based
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scores in this study. Thus, minor improvements or regressions in model output might
not have been fully captured, and the evaluation may have missed subtler aspects of

performance.

Controlled Environment: All performance measurements were taken in a
controlled, single user setting with warm caches and no concurrent load. Real-world
usage could involve multiple simultaneous queries, variable network conditions
(especially if using an external service), and more complex deployment topologies.
The system’s behaviour under production conditions may vary; for example,
network latency and multi-tenant interference (in a cloud service scenario) could

introduce delays beyond those recorded in our tests.

5.4 Directions for Future Work

Building on this research, several future work avenues can be pursued to address the above

limitations and further enhance the system:

Hybrid Retrieval Architectures: Explore combining SQL Server with dedicated
vector search solutions. For example, one could use SQL Server for storing metadata
and other relational data while delegating the high-dimensional similarity search to
an external ANN index (e.g. Faiss, Milvus, or a managed service like Azure Al
Search). This hybrid approach could maintain the convenience of SQL for data
management and transactions yet leverage the speed and scalability of specialized

vector indices for similarity queries.

Scalability and Concurrency Testing: Conduct extensive performance evaluations
at larger scales and under multi-user workloads. This includes stress-testing the
system with thousands or millions of embeddings and simulating concurrent query
traffic. By measuring how query latency and throughput are affected under heavy
load (both on the SQL-based system and in hybrid/cloud setups), one can identify
breaking points and validate if the system meets production requirements. Such
testing would also help in understanding and mitigating latency variability — for
instance, ensuring that the integration of a cloud service does not introduce

unacceptable jitter in response times.
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e  Multi-turn Contextual Memory: Integrate a richer memory mechanism for the
chatbot to handle multi-turn conversations. Utilizing Semantic Kernel’s memory
storage or conversation history could enable the system to maintain context over a
dialogue, thereby improving the relevance and coherence of answers in a multi-
question session. Future implementations should evaluate how the vector database
can be employed not just for single-turn QA retrieval, but also for retrieving relevant

context from previous dialogue turns.

e Automated and Scalable Evaluation: Incorporate automated evaluation metrics
and pipelines to complement human judgment. For instance, future work could use
large language model-based evaluators (e.g. GPT-4 as a judge for answer quality) or
established metrics like BERTScore and BLEU to assess answer quality at scale.
Automating the evaluation would enable testing on a much larger set of queries and

continuous monitoring of system performance as improvements are made.

e Indexing and Algorithmic Optimizations: Investigate techniques to accelerate
vector search within SQL Server or via extensions. One possibility is implementing
approximate search algorithms through SQL Server’s extensibility features (e.g.
using a SQL CLR integration to call an ANN library from within the database).
Another avenue is to experiment with column store indexing and further query
optimizations for the embedding table — our results suggest column store helped 1/O,
but additional indexing or pre-computation (such as materializing partial results)
might yield further speedups. If forthcoming versions of SQL Server introduce native

vector data types or indexes, evaluating those would be a natural continuation.

e  User Feedback and Online Learning: Introduce feedback loops where end-user
interactions inform the system’s knowledge base. In a production RAG system, one
could capture which retrieved passages were useful or which answers were well-
received and use this data to refine the retrieval component. Techniques like active
learning or reinforcement learning from human feedback could continuously
improve the embedding relevance ranking — for example, by adjusting the vector

representations or retrieval queries based on usage patterns and feedback over time.
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5.5 Practical Recommendations

Based on the research findings, empirical testing, and comparative performance analysis
between the local SQL Server vector store and Azure AI Search, several practical
recommendations are proposed for developers, data engineers, and organizations aiming to
deploy RAG systems with relational or hybrid database infrastructures:

5.5.1 Use SQL Server for Prototyping and Internal Deployments

SQL Server is a suitable platform for early-stage development, prototyping, and internal
applications involving small- to medium-sized document corpora (e.g., up to several
thousand embeddings). It enables seamless integration with existing relational schemas and
enterprise systems, allowing for rapid deployment without introducing unfamiliar database

technologies.

Recommended Use Cases:

e Internal knowledge base assistants for support teams.
e  Department-level documentation search tools.
e Academic or institutional research repositories.

e  Proof-of-concept applications requiring embedded retrieval.

5.5.2 Implement Preprocessing and Index Optimization
To maximize performance and query speed within SQL Server:

e Use sentence-based or semantic-aware chunking during preprocessing to ensure each

embedding represents coherent content.

e  Store vector norms alongside embeddings to reduce computation overhead during

cosine similarity calculations.

e  Apply column store indexes on the DocumentEmbeddingValue table to accelerate

aggregation and reduce disk I/O.

¢  Employ non-clustered indexes on metadata and chunk IDs to enable fast filtering and

sorting during retrieval.

e (Cache frequent or recent query results to avoid redundant computation using a

SimilarityCache table.
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5.5.3 Avoid SQL Server for High-Scale Real-Time Applications

While SQL Server showed robust and stable performance at small scales, it is not optimized
for large-scale vector similarity search. Organizations planning to deploy RAG systems for
public-facing services or enterprise-wide solutions involving: Large document collections
(tens of thousands to millions of embeddings), High query volumes or concurrent users and
Real-time response expectations (e.g., <100 ms latency under load) should adopt or

integrate dedicated vector databases or managed services such as:

e  Azure Al Search for seamless integration in Microsoft environments.

e Pinecone, Weaviate, or Milvus for high-speed vector search with approximate

nearest neighbour indexing.

These platforms are designed with optimized data structures (e.g., HNSW, IVF) that SQL

Server lacks.

5.5.4 Hybrid Architecture for Scalability and Flexibility

A hybrid system combining SQL Server with a vector database offers a strategic balance

between flexibility and scalability:
e  Store document metadata, access logs, and structured fields in SQL Server.
e Use a dedicated vector store for high-dimensional similarity search.
e  Coordinate both through a shared FastAPI or micro-service backend.
e  This architecture preserves data integrity and audit trails while improving retrieval
latency and search scalability.
5.5.5 Use Azure Al Search When Deploying in Cloud-Centric Workflows
For teams already operating in the Azure ecosystem or deploying cloud-native applications:

e Azure Al Search provides a managed vector search solution with scalability,
authentication, and integration with other Azure services (e.g., Functions, Logic
Apps).

e [t is better suited for multi-user scenarios, language localization, and enterprise

security needs. However, users should be aware of intermittent latency spikes and
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ensure proper autoscaling policies and index warming strategies to reduce cold-

start delays.

5.5.6 Monitor and Benchmark Continuously

Performance characteristics of semantic retrieval systems can change over time as: the

corpus grows, user traffic fluctuates, and the embedding models evolve.

It is essential to:
e Implement continuous monitoring dashboards (e.g., using Prometheus and Grafana).
e Log latency, failure rates, and context relevance metrics.
e Regularly re-evaluate the embedding models and chunking strategies.

e Conduct A/B testing if integrating new vector indices or switching between SQL and

cloud-based search.

5.5.7 Security and Compliance Considerations
When deploying in production:

e Ensure data privacy regulations are upheld (e.g., GDPR, HIPAA) if user queries or

document embeddings contain sensitive information.

e Secure vector storage in SQL Server using row-level security, encryption at rest,

and role-based access control.

e  When using Azure or external APIs, validate data residency and encryption in

transit settings.

5.5.8 Educate Teams on Embedding Semantics and RAG Design

Finally, developers and non-Al engineers should be trained on:
e The behaviour of embeddings and their limitations (e.g., domain-specific biases).
e  The principles of chunking and prompt engineering in RAG pipelines.
e How to interpret similarity scores and evaluate retrieved context quality.

Documenting these practices in internal knowledge bases can ensure maintainability and

help onboard new team members as the system evolves.
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