
NextGen Scientific Publication  Volume 7 Issue 3, Pg. No. 1-14, AIJCST-V7I3P101, 2025 

American International Journal of Computer Science and Technology  https://doi.org/10.63282/3117-5481/AIJCST-V7I3P101  

  

Copyright @ 2025 by the Author(s). This work is licensed under a Creative Commons Attribution-ShareAlike 4.0 
International (CC BY-NC-ND 4.0) License (https://creativecommons.org/licenses/by-sa/4.0/) 

 Original Article 

 

*Nagireddy Karri 

Independent Researcher, USA. 

 
 

       Article History: 

 
Received: 07-03-2025 

 
Revised: 10-04-2025 

 

Accepted: 22-04-2025 
 

Published: 02.05.2025 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 

1. Introduction 
1.1. Background 

Generative AI is defined as a kind of machine learning model that is designed with the goal of producing data that is more 
highly similar to real-world data distributions, such as text, visual and audio data and multimodal. Examples of the significant 
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architectures in this area include Generative Adversarial Networks (GANs), Variational Autoencoders (VAEs) and Large Language 
Models (LLMs), all of which focus heavily on high-dimensional embeddings to encode semantic, visual, or contextual representations. 
[1-3] The embeddings are concise structured encodings of complicated information and they enable models to produce text, produce 
pictures and perform retrieval-enhanced reasoning. The performance of generative AI is not only dependent on the quality of 
embeddings but also on their effective storage and retrieval that is the secret of facilitated inference in a real-time, personalized 
recommendations, and scalability of AI-powered applications. Embedding management is traditionally used in specialized vector 

databases such as FAISS, Milvus, and pinecone because they have optimized indexing, approximate nearest neighbor search, and are 
accelerated by GPUs, all of which are high-performance with large-scale and high-dimensional data sets. Nevertheless, managed 
relational databases like Amazon RDS are of interest to many organizations in large enterprises due to their operational simplicity, 
automated handling capabilities, transactional guarantees, and integration to existing cloud-based infrastructure and analytics 
pipelines. This has prompted a focus on the ability to derive relational databases, which themselves are not designed to support the 
operation of vectors, into effective embedding stores to support workflows in generative AI to balance cost, maintainability, and 
retrieval performance. 
 
1.2. Vector Embeddings in Generative AI 
1.2.1. Improved Data Representation 

A continual and high-dimensional embedding of the data enables the generative AI models to capture the subtle correlation 

between various aspects in a continuous space in a high dimension. This improved representation also enables models to acquire 
semantic similarities, synthesize structural aesthetic modifications as well as learning contextual data, which is imperative in text 
production, picture creation, and multimodal reasoning. Converting raw data to embeddings, it is possible to work with AI systems 
based on a mathematically structured representation, maximising the learning process and improving its efficiency in an extensive 
range of applications. 
 

 
Figure 1. Vector Embeddings in Generative AI 

 
1.2.2. Multimodal Data Handling 

Embeddings enable one to embed different modalities of data in a single vector such as text, image, audio, and video. This is 
what enables generative AI models to manipulate, compare, and create content across a wide variety of formats, which could be used 

in image captioning, text-to-image synthesis, and multimodal retrieval applications. Capturing cross-modal relationships and 
correlations between heterogeneous data, models can better plan and produce coherent and contextually-sensitive outputs due to their 
encoding of such patterns and correlations into a shared embedding space. 
 
1.2.3. Contextual Representation 

Embeddings not only absorb the inherent properties of data, but also the context that it appears in. As an example, contextual 
embeddings have been used in natural language processing, where word meanings rely on other surrounding words to allow a model 
to disambiguate polysemous words and produce more accurate scores. Contextual representation improves the capability of generative 
AI to ensure semantic coherence, generate human-like text or generate context-congruent visual materials, resulting in more quality 
and more reliable outputs. 
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1.2.4. Transfer Learning 
Presumably, to achieve transfer learning with vectors, one has to be able to transfer knowledge related to one domain or dataset 

to another. A baseline can be provided by pretrained embeddings enabling new tasks to rely on them without having to gather 
significant amounts of data and train them internally. These help develop models faster, generalize better, and effectively utilize prior 
knowledge even in applications where labeled data is sparse, and they are also able to apply in novel domains with unrelated tasks. 
 

1.2.5. Noise Tolerance 
Embeddings give some form of robustness to noise and input data changes. Embeds can direct the attention of generative AI 

models to meaningful patterns and disregard noise and distorting elements by modeling the underlying structure and semantic 
connection. This robustness to noise gives better stability of a model, better quality of outputs, and more consistent behavior when 
operating on varied and indisperfect real-world data. 
 
1.3. Generative AI with RDS as a Vector Store 

The implementation of Generative AI in partnership with Amazon RDS as a vector store is a new model of integrating 
management between the stability and reliability of relational databases and the furtherment needs of AI-based vector computations. 
[4,5] RDS, being mainly intended to support structured transactional data, can provide scalability, automated backups and high 
availability, which matter in an application of enterprise scale. With the help of designed optimized schema structures and taking 

advantage of the idea of serialization, the high-dimensional embeddings produced by AI models can be stored successfully in the RDS 
tables. Here with binary large objects (BLOBs) or JavaScript arrays are utilized in order to have a vector data stored, and the relevant 
indexing protocols are applied to support similarity searching, such as calculating a cosine similarity and Euclidean distance. Besides, 
RDS can be constructed by using lightweight vector engines or in-memory search layers over persistent storage over which metadata 
management is executed to produce hybrid architectures. Its integration provides a low-cost, low management, and secure ecosystem 
of AI applications without the need to create particular infrastructure. RDs can be flexible to enable organizations to deliver complex AI 
workflows without affecting transactional consistency, logging, and compliance to security requirements. In practice, this arrangement 
allows not only to use the existing cloud systems, but also integrate AI with relational data processing and expand the usage of 
generative models in applications, including natural language understanding, recommendation engines, and image generators, with a 
high retrieval rate and the efficiency of the operations. 
 

2. Literature Survey 
2.1. Generative AI and Embeddings 

In generative AI models, which operate on the transformer architecture such as GPT and DALL, and other models, embeddings 
play a crucial role because they convert the data into a high-dimensional space in the form of a vector. [6-9] Embeddings Embeddings 
are numerical properties, which give semantic and contextual relationship of the inputs in data that can be understood and say text, 
images, and other materials in models with sensitive coherence. The models are able to measure similarity, detect patterns, as well as 

the ability to do operations like nearest-neighbor query of content by converting complex data into vectors. Prior studies have 
identified that embedding quality and structure play a major role in determining the accuracy of downstream tasks, such as text 
completion, question-answering, image generation and multimodal synthesis. Also, it is proved that retrieval-augmented generation 
(RAG) methods can increase the levels of accuracy, factual grounding, and utility of generative AI when instant-case embedding is used 
to provide the intelligence with relevant external information. 
 
2.2. Vector Storage Techniques 

The real-time AI uses are heavily dependent on efficient storage and retrieval of embeddings, and a variety of methods to store 
vectors have been created to overcome these obstacles. Such vector databases as FAISS (Facebook AI Similarity Search) utilize the 
inverted file indexing as well as product quantization to search similarities in high-dimensional vectors faster with minimum memory 
consumption. Milvus is another solution of prime solution, which offers search capabilities of large-scale embeddings accelerated by a 

GPU, with billion-scale datasets and low latency. Although the prevalent interests of relational databases have always been on the 
structured tabular data, more recent studies show that they can also store the vector embeddings through the addition of BLOB fields, 
JSON arrays, or specialized indexing. Both methods strike trade-offs on speed of retrieval, storage efficiency, scalability, and complexity 
of integration, and analysis of storage mechanisms is necessary to select the critical choice of a particular implementation of a 
generative AI application basing on its size and the associated complexity of implementation. 
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2.3. Use of RDS in AI Applications 
Amazon Relational Database Service (RDS) is a full-fledged service which eases administration of databases by providing 

automated backup, scalability, high availability and security. Although RDS does not support high-dimensional vector search 
similarities with its adopted design and usage, it can be modified to store embedding upon appropriate schema creation and indexing 
techniques. As an example, vectors may be persisted in either a JSON or array format and specific queries may fetch an embedding 
with approximate nearest-neighbor calculations run in either SQL or by middleware. Use of RDS to power AI applications has the 

operational benefits of lower maintenance loads, support of existing relational workloads, and allows mixing of structured and 
unstructured data within a common environment. Nevertheless, there are performance factors that need to be examined closely (like 
latency of queries and efficiency of indexes), so that we can know whether or not it can support large generative AI workloads. 

 
2.4. Gap Analysis 

Although the use of specialized vehicle databases to embed storage is on the rise, most companies still use relational databases 
due to cost, familiarity with operations and integration. The literature is rich in data about high-performance vector storage systems, 
but there is still limited research comparing the effectiveness of adopting such systems in full to embed storage in generative AI 
pipelines. Areas that have gaps are the comparative performance analysis, query optimization strategies and scaling tests in the case of 
relational databases to handle high-dimensional vectors. The solution to these gaps is of particular importance to see the possibility of 
RDS being a cost-effective alternative to specific vector databases, which prompted the present work to investigate the RDS design and 

performance trade-offs and best practices to utilise RDS in AI-based applications. 
 

3. Methodology 
3.1. System Architecture 

 
Figure 2. System Architecture 

 
3.1.1. Embedding Generation Module 

Embedding Generation Module: This module works to encode raw input information e.g. a text or image or any of the other 

modalities into a high-dimensional embedding. Such embeddings [10-12] store semantic sense and contextual relationship 
information, and allow the system to engage in similarity comparison and downstream AI activities. This module is usually an 
utilization of already trained generative AI models or fine-tuned transformer-based architectures to generate embeddings of high 
fidelity and semantic richness. 
 
3.1.2. RDS Vector Store 

The main place of keeping the embeddings is the RDS Vector Store. This is achieved through working to support an efficient 
storage and retrieval mechanism by designing a neat schema, e.g. via the use of the appropriate data to model vectors: JSON arrays, 
BLOB fields and so forth. The use of indexing, such as primary keys and other metadata columns, makes queries run faster, and RDS 
managed functions, such as automatic backups, scalability, and high availability, ensure reliability and operation simplicity in terms of 
deployment at the enterprise level. 
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3.1.3. Similarity Search Module 
Similarity Search Module is the part that does the task of retrieval of the appropriate embeddings of the RDS store given a 

query. Widely known measures of similarity, e.g. the, cosine similarity and the Euclidean distance, enable the system to find the closest 
neighbors in an effective manner. This module is essential in such applications as recommendation systems, retrieval-augmented 
generation, or clustering, where it is important that the most semantically relevant information is returned to the generative AI model. 

 

3.1.4. Hybrid Interface 
This is offered as an optional layer to the Hybrid Interface, to add the RDS vector store together with the focus-specific vector 

databases to enhance performance on large or latency-driven workloads. This interface achieves a balance between operational 
convenience and speed by selectively routing queries between RDS and high-performance DOCA databases. This hybrid scheme allows 
an organization to use available relational database infrastructure and at the same time trade off the efficiency of special-purpose 
vector search engine where the use is necessary. 
 
3.2. Data Preprocessing 

The data should also be preprocessed to ensure that embedding-based AI systems can be more efficient and effective. Outputs of 
generative AI models (high-dimensional vectors spaces) are typically raw embeddings, rich in semantic information, but: are 
computationally costly to estimate, and. Preprocessing is applied to address all of these issues, such as normalization or dimensionality 

reduction. Normalization is a choice of making all embeddings equally scaled, usually unit-length vectors. [13-15] It is particularly 
required when similarity measures like the cosine similarity or Euclidean distance the distance values are being calculated because it 
can assure that particular features do not affect the computation of the distance unequally, thereby preserving the relative semantic 
connections between the embeddings. Another form of maximizing data is dimensionality reduction which maps high dimensional 
representations into a low dimensional space and preserves the information with minimal loss. One of the commonly employed ways 
of doing it is Principal Component Analysis (PCA). PCA identifies orthogonal maximum variance directions of data and projects 
embeddings onto the principal components which successfully compresses the data and reduces the number of redundant and noise 
components.  

 
It not only results in less storage requirements, but also accelerates the similarity searches operations by simplifying them 

computationally. In addition, to PCA, there are other neural network-based dimensionality reduction algorithms, like Autoencoders - 

neural network architectures that strive to learn compact representations. Autoencoders encode the embeddings in a smaller latent 
space and are re-encoded in the original vectors and significant semantic information is realized. Preprocessing is also involved in the 
handling of missing or invalid data or correcting and standardization of data types and compatibility to the chosen storage and 
retrieval systems, e.g. Amazon RDS. The preprocessing steps enable the system to achieve enhanced retrieval precision, reduced 
storage footprint and faster query processing. Typically, high-quality data pre-processing is necessary to create a robust embedding 
storage/retrieval pipeline, which makes downstream units, such as similarity search and generative AI applications, accessible 
effectively and reliably and with high semantic accuracy. 
 
3.3. RDS Schema Design 

To balance the storage capacity, querying speed, and compatibility with other modules in downstream AI, it is essential to 

design a good schema to store the embeddings in the Amazon RDS. All of the embeddings are stored in a relational table in which three 
major columns exist: id, embedding, and metadata. The id column, which is a BIGINT, is defined as a single identifier of the records 
and, thus, each embedding can be called on and located in a consistent manner. This column also allows indexing to make it possible to 
perform quicker lookups to and joins with the rest of the relational data, which makes the entire database run better. The serialize 
high-dimension vector is generated by the embedding generation module and embedded in a column known as Binary Large Object 
(BLOB). Embedding a database as BLOBs also allows the database to manipulate large and variable-sized vectors, and does not affect 
the integrity of information formats.  

 
Serialization The complex numeric representation of the embedding can be stored and can be easily de-serialised to search 

similarity or input into generative AI systems. In this design, the storage optimization features of RDS such as compression and 
partitioning of data can effectively process large sized datasets since embeddings are big-dimensional. The metadata column, in the 

format of a JSON object, is flexible to provide the additional contextual information to the particular embedding, i.e. the source of the 
data, time stamps, labels, or categorised tags. This allows more powerful querying and allows using advanced use cases such as 
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filtering, faceted search or analytics on a subset of embeddings. RDS with JSON storage supports a flexible type of schema and does not 
involve any strict alteration of the table structure, which is easier to change according to the specific needs of the application. The 
schema provides all the strengths of relational databases, plus the flexibility of embedded AI applications, by employing a structured id, 
a serialized embedding vector, and loose JSON metadata. It facilitates effective searching, easy access to similarity search modules and 
possible combinations of RDS with specialty databases that offer more specific search capabilities. Altogether, this schema design is 
scalable, high-performing and maintainable in storing and managing high-dimensional embeddings of generative AI processes. 

 
3.4. Similarity Search 

The Similarity Search module is also an essential part of the system that is required to retrieve those that are the most 
semantically similar embeddings in the RDS vector store given a query vector. [16-18] Usually similarity is quantified by such 
measures as cosine similarity or Euclidean distance, which score the distance between two vectors of high dimension. Cosine similarity 
especially is commonly applied in embedding based applications since the cosine of the angle between two vectors is said to be the 
directional similarity regardless of the magnitude. Mathematically, for two vectors 𝑢 and 𝑣, the cosine similarity is calculated as cosine 
similarity(𝑢,𝑣)=𝑢⋅𝑣∥𝑢∥∥𝑣∥ , where 𝑢⋅𝑣 represents the dot product and ∥𝑢∥∥u∥ and ∥𝑣∥∥v∥ represent the Euclidean norms of the 
vectors. This approach ensures that embeddings with similar semantic content yield values close to 1, while dissimilar embeddings 
approach 0 or negative values. SQL User Defined Functions (UDFs) are used in order to incorporate this calculation into Amazon RDS.  

 

UDFs enable running of custom functions inside the database, which enables the efficient in-database calculation of similarity 
measurements without having to write out embeddings to external computing systems. Using cosine similarity as a UDF, the system is 
able to search, rank and filter nearest-neighbor search results and directly in SQL queries, which latency and network overhead are 
reduced. This design can also incorporate other optimization methods such as indexing of embedding vectors, dimensionality 
reduction so as to accelerate search results when using large datasets. Also similarity search can be extended to support hybrid 
retrieval schemes, where still RDS can serve moderate scale queries, though with special consideration to specialty vector databases to 
offer extremely large or latency-bandwidth sensitive data. It is this combination that gives the system both the ease of use and high 
performance. The Similarity Search module, in total, is one of the most important keys to closing the gap between the embeddings 
stored in RDS to the use of generative AI, i.e. the possibility to access the information that is semantically related sought efficiencies, 
accuracy, and scalability. 

 

3.5. Evaluation Metrics 

 
Figure 3. Evaluation Metrics 

 
3.5.1. Query Latency 

Latency of a query is the approximate time that it takes to get useful embeddings in the RDS vector store or hybrid system when 
a query is made. Low latency real time applications such as recommendation systems or interactive generative AI are the ones that the 
user would like to receive a response that fast. Latency measurements assist in determining the bottlenecks in the storage schema, 
indexing policies, or similarity search implementation, and focus efforts to optimize the system to provide results in a fast and efficient 
manner. 
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3.5.2. Precision@k 
The precision@k analyzes the accuracy of the retrieved result by comparing the number of the top-k retrieved embeddings it 

has with the relevance to the query. It is a common measure of an information retrieval and an embedding-based system due to the 
ability of a system to produce meaningful and semantically similar results. Large values of High Precision@k show that similarity 
search module is able to identify the relationships coded in the embeddings, which directly influences the performance of downstream 
generative AI tasks. 

  
3.5.3. Storage Efficiency 

Storage efficiency is an assessment of how efficiently embeddings and other metadata are being stored in RDS. This is in terms 
of evaluating space per embedding, the implications of schema design choices (e.g. BLOBs, JSON fields) and the impact of 
dimensionality reduction techniques. High throughput storage is cheaper, reduces the response time of databases, and allows the 
system to scale to large volumes of data and not necessarily increase its resources to excessive heights, which is crucial in enterprise 
applications. 
 
3.5.4. Computational Overhead 

Computational overhead is what is being expended in the process of embedding retrieval, in the process of calculating 
similarities, and in the process of making queries. This indicator includes CPU and memory usage, or any other extra cost incurred by 

UDFs or hybrid search plans. Monitoring computational overheads is a fundamental aspect of learning about latency and resource 
usage trade-offs accuracy to make the system performant and cost effective even at high workload or large data scale. 
 
3.6. Experimental Setup 

 
Figure 4. Experimental Setup 

 

3.6.1. Datasets 
Embeddings are of three types and they are used to test the system on different modalities of data. BERT is used to produce text 

embeddings, which give a contextualized sentence or document in a form of a sequence of vectors. [19,20] Resnet is used to generate 
image embeddings of visual features, in a high-dimensional vector space. Also, there are multimodal embeddings, which are a 
combination of information with text and pictures to assess the ability of the system to process multifaceted and heterogeneous data. 
The evaluation includes a wide range of datasets to guarantee that it represents the practical use of what is being developed and to 

determine the generalizability of the proposed RDS-based embedding storage and retrieval architecture. 
 
3.6.2. Database 

Embeddings are mainly stored in Amazon RDS (PostgreSQL) as a managed relational database offering automatic backups, 
scalability, and high-availability. To compare the performance of the baseline, FAISS is evaluated as a specialized vector database to 
compare the retrieval performance in terms of query latency, precision and computational efficiency. It is a comparative experiment 
that permits comparison between a traditional relational database scaled to accommodate a vector storage format with a more 
specialized vector search engine to identify the trade-offs in accuracy, speed, and operational convenience. 
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3.6.3. Hardware 
Experiments are run on AWS EC2 instances with SD storage to be able to provide high I/O throughput to embedding storage as 

well as similarity search operations. The hardware architecture is capable of supporting the computation requirement of a high-
dimensional operation of vectors and a database query implementation. The advantage of using a cloud-based infrastructure is that it 
provides resource scaling, workload simulation and is enterprise level, and reproducible. This type of architecture reflects real-world 
usage situations to organizations interested in deploying generative AI models to RDS or hybrid vector storage systems. 

 

4. Results and Discussion 
4.1. Retrieval Performance 

The retrieval performance of the proposed system indicates that Amazon RDS may be used as a convenient vector store when 
dealing with small to medium-size embedding datasets. The experiments that are used in the research that you are reading query RDS-
hosted embeddings, to get the top-10 nearest neighbors according to cosine similarity, which was done using SQL User Defined 

Functions (UDFs). The system responded to permanent average query latency of less than 50 milliseconds indicating that with correct 
optimization, a relational database can be effectively utilized to process tasks that are based on real-time data retrieval. It is 
particularly impressive, given that RDS is not literally a n-dimensional n- vector database, yet it still can support the latency 
requirements of most real-world systems, e.g. recommendation systems, semantic search, and recommender-generated pipelines. 
Several factors can be blamed about the performance. First, schema design like the usage of BLOBs in the embodiment representation 
and indexed fields in metadata minimize the overheads of retrieving data besides ensuring the database engine runs at its best 
capability to retrieve the required records. Second, preprocessing of similarities such as PCA or Autoencoders based on normalization 
and dimensionality-reduction algorithms simplify the computation of similarities (reducing the dimensionality of the vectors), but 
semantic faithfulness can be preserved.  

 
Third, SQL UDFs assist in computing similarity measures on-the-fly, possibly removing the need to move the data to external 

destinations and compute further and contribute to the query response time even more. These are promising, but it is important to 
note that the size of the dataset has stronger influence on the performance of the RDS compared to special vector databases, including 
FAISS or Milvus. When millions or billions of embeddings are used, query time may increase since there is no optimized system of set 
of indexing and nearest-neighbor search algorithms of relational systems. Albeit, within the range of embeddings of thousands to 
several hundred thousands, there is a cost efficient option with RDS that is convenient to operate and might be feasible. These findings 
demonstrate that relational databases can be applied effectively towards the integration of retrieval with careful schema design, 
preprocessing, and query optimization, and may be applied to extend the time-period between established database management and 
modern generative AI operations. 
 
4.2. Storage Efficiency 

Another consideration when evaluating the suitability of Amazon RDS as a vector store to embeddings is the storage efficiency 

particularly when working with higher dimensional vectors that can occupy a significant amount of memory. In the proposed system, 
embeddings would be stored in RDS as a Binary Large Object (BLOB) field, allowing high dimension vectors to be stored as compact 
and contiguous blocks of storage. This is achieved in a manner that the number format of embeddings is preserved and the wastage 
incurred in terms of representation of the individual components of the vectors in various columns is reduced. RDS can serialize 
vectors in a single BLOB using vectors, to permit control of space and provide predictable storage alleviation to smaller scale datasets, 
especially medium scale data sets. The associated metadata stored in the same JSON fields is also flexible and cannot lead to huge 
storage overheads, as the system can then add rich contextual information over embeddings. To preserve it in the most efficient 
manner, a dimensionality reduction algorithm such as Principal Component Analysis (PCA) or Autoencoders is run before it is saved in 
the database. These techniques will reduce the sizes while preserving the semantically relevant information, in a literal sense, and, 
finally, decrease the footprint which can be subsequently stored and increase the efficiency of queries.  

 

This is necessary especially in systems where there are thousands or tens of thousands of embeddings being processed at once 
as it is less disk space consuming and less memory straining in making decisions related to queries. Even more efficient than such 
optimizations are specialized vector databases, including FAISS, Milvus or even specialized GPU-cleared counterparts, when a notably 
high-dimensional embedding is desired, or a very large set of dataset elements is needed. The systems utilize advanced compression 
schemes, product quantization and approximate nearest-neighbor indexing, which reduces the storage requirements, but retains the 
fast performance of retrieval.By comparison, relational stores like RDS emphasize general purpose storage and ACID compliance which 
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make adding overhead in very large-scale embedding contexts. However, RDS can be competitive on small to medium-sized data, and 
thus a viable and economical solution in companies already running managed relational databases and want to add some generative AI 
functionality without a new special provider infrastructure. 

 
4.3. Comparison with FAISS and Milvus 

Table 1. Comparison with FAISS and Milvus 

Metric RDS (%) FAISS (%) Milvus (%) 
Query Latency 450% 120% 100% 

Precision@10 96.8% 97.9% 100% 

Storage Cost 50% 75% 75% 

 

 
Figure 5. Graph representing Comparison with FAISS and Milvus 

 
4.3.1. Query Latency 

Query latency is the time metric that determines how fast it is to find the top-k nearest neighbors in the database. 
Comparatively, RDS has a latency of 450 percent of that of Milvus which means that it is a much slower system when used to search 
similarities on high dimensionality data. FAISS can better utilize 120% relative latency whereas Milvus can record the lowest latency at 
100 percent due to its GPU acceleration and optimized vector indexing algorithms. Though slower, RDS has a decent latency with 
small- to medium-sized datasets and is applicable to those applications that do not require sub-second response time, and strict speed 
is not an issue. 
 
4.3.2. Precision 

Precision is a measure of the accuracy of the top-10 retrieved results. Milvus has 100% as its default level with 97.9 and 96.8 as 
the FAISS and RDS levels respectively. According to these findings, all three systems can produce semantically relevant embeddings 

but, in particular, specialized vector databases can produce a slight improvement in retrieval accuracy. The fact that the difference in 
precision is relatively small also confirms that even in a relational database RDS is capable of achieving high quality retrieval 
performance especially when careful preprocessing and normalization and similarity-computation strategies are undertaken. 
 
4.3.3. Storage Cost 

Storage cost is the resources and financial overhead needed to store embeddings. RDS is least costly relative at 50 percent 
largely due to its ability to capitalize on existing managed relational infrastructure without the need to add extra special hardware or 
software. The medium storage costs of FAISS and Milvus are 75 (both these systems frequently need additional memory or GPUs to be 
efficiently indexed and retrieved). Although a dedicated vector database is lower in latency and a little more accurate, RDS talks a 
cheaper ticket, thus appealing to organizations that are more sensitive to budget limitations and can still have reasonable performance. 
 

4.4. Discussion 
The trade-offs between the Amazon RDS and the other types of specialized vector databases (FAISS and Milvus) have been 

highlighted by the experimental results. Although RDS cannot compete with systems using a high-quality GPU in query latency or 

450% 
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50% 

75% 75% 

RDS (%) FAISS (%) Milvus (%)

Query Latency Precision Storage Cost



Nagireddy Karri [2025]                                                                                                                                                                                          Generative AI with RDS as a Vector Store for AIJCST 

 
 

10 

very-high dimension embeddings, it provides a large benefit in operational simplicity and cost-effectiveness. Managed relational 
databases, such as RDS, have low maintenance needs, have built-in backup, high availability, and scaling, and can easily be integrated 
with existing enterprise data infrastructure. This minimizes the load on the operation and also enhances faster deployment, especially 
in those organizations already dependent on relational database ecosystems. In small to medium-sized scale dataset, RDS can be used 
due to its competitive retrieval throughput and lower latency queries with high precision at lower resource consumption, thus practical 
where an application does not require high-speed, large-scale vector searches. In addition to that, the study shows that hybrid 

architectures have the potential of further enhancing performance through the integration of the merits of RDS and specialised vector 
databases. In these designs, RDS can support embedding storage, metadata management, and moderately-scaled queries, whereas 
high-throughput similarity searches or massively-large datasets can be handled with FAISS or Milvus.  

 
Such a mixed solution allows organizations to ensure the cost-effective, reliable relational infrastructure and enjoy the 

performance and the scale of purpose-built vector engines when/where necessary. It is also worth noting in the discussion that 
preprocessing, dimensionality reduction, and appropriate schema design are very essential in relational databases as embeddings. PCA, 
Autoencoders and normalized storage techniques in the BLOB fields are useful in diminishing computational overhead, making query 
latency more effective, and preserving semantic fidelity. In general, albeit not a substitute to high-performance vector databases in 
systems where very low latencies in the massive scale must be achieved in the order of sub-milliseconds, RDS offers an operationally 
convenient yet affordable opportunity. Embedding-based generative AI applications can be more accessible and scalable by using a 

balanced trade-off between performance, cost and manageability by strategically combining relational and specialized storage. 
 

5. Conclusion 
This paper explored the practicability and efficiency of using Amazon RDS as a vector storage solution to generative AI systems 

with emphasis on embedding storage, retrieval performance, and operator factor. As high-dimensional vectors of text, images or 
multimodal data, embeddings are the basis of generative AI applications like text completion, image syngeneration, and retrieval-

augmented generation. Specialized vector databases such as FAISS and Milvus have long been favored, with their highly optimized 
indexing and ability to be run on GPUs as well as with a very low latency query response. The systems usually add a level of complexity 
into the operations and increase infrastructure costs however. By comparison, RDS offers a turnkey relational database platform, 
which focuses on the convenience of use, dependability, along with a smooth connection into the already preexisting data ecosystem of 
the enterprise. Embeddings were efficiently implemented in BLOB columns through a well-crafted schema and the metadata related to 
them were handled with flexible JSON columns. Dimensionality reduction, including PCA or Autoencoders, were implemented in order 
to minimise computational and storage costs, without greatly reducing the semantic quality of embeddings. Cosine similarity had to be 
computed directly within the database, which needed SQL User Defined Functions to implement similarity searches and helped to 
avoid network and processing overhead. Experimental performance has shown that RDS can have competitive performance with small 
to medium size data sets, low query latency, high Precision@10, and affordable storage, confirming its feasibility as a practical vector 
store in organizations that do not necessarily regard high-performance as their operational efficiency. 

 
Moreover, the paper has shown the possibilities of hybrid design combining the RDS with specific vector databases. These 

hybrid systems will also be able to take advantage of both methods: RDS offers a solid and affordable tier of embedding/ metadata 
storage, whereas FAISS or Milvus could be applied selectively to similarity search involving high throughput or large datasets. This 
architecture allows making a trade-off between operational convenience, cost and performance balanced, and due to this, the 
deployment of embedding-based AI applications in the production environments is not accompanied by huge infrastructure overheads. 
Future directions include the scaling of RDS based solutions of billion scale embeddings, examination of GPU acceleration, distributed 
RDS architecture and partitioning schemes to decrease latency and enhance throughput. Also, the new and more advanced indexing 
method, combined query optimization, and the integration with the generative AI model in real-time can be studied to improve the 
responsiveness and accuracy in the future. On the whole, this paper shows that Amazon RDS, with optimized preprocessing, schema, 
and hybrid implementations, is a feasible, scalable, and cost-efficient option to storing data and retrieving it in generative AI systems 

by expanding the range of application of relational databases in current AI processes. 
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