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Abstract

This research introduces a framework for deploying cloud based Al by combining several types of databases
and real-time pipelines. This process has a lot of good results and a lot less bad ones every time. The office’s
optimal combination of cloud services and inhouse resources resulted in a hybrid platform. Though Al is still
effective; other uses of relational databases may be unproductive. While databases are quite good at organizing
information, AI does not need to represent something as “clean” as the data we put in. For the identical reason,
relational databases prove useful for arrangements, although we may not use them according to their most
efficient functions. As per the researchers, the Al system assisted doctors make decisions more quickly, helped
people in shops find what they were looking for more often and saved people from being blamed incorrectly for
things. Testing indicates that enterprises can use the proposed system to successfully, safely, and economically
do Al applications.

Keywords: SQL; Relational Databases; Vector Databases; Cloud Al Architecture; Distributed
Scalability; and Hybrid Cloud

1. Introduction

Because cloud computing offers global scaling, high availability, and elastic resources, it is the
ideal setting for implementing AI workloads successfully. Creating a cloud architecture that can
handle heterogeneous data types, real-time AI prediction, and secure data management
simultaneously is still a very challenging task.

Recent advancements in artificial intelligence (Al), especially in massive language models
(LLMs), computer vision, forecasting and other fields require access to data infrastructure capable of
rapid data access, high-performance archives, and high-performance scalable compute processing.
Tasks like personalized recommendations, real-time fraud discovery, and medical decision-making
require sub-second latency, speedy execution, and ongoing model refresh. Traditional monolithic
storage designs with their lack of end-to-end Al orchestration facilities, low scalability, and poor
performance on unstructured data cannot meet such demands. One of the methods this paper
proposes is a multi-layer architecture with cloud-native architecture which uses relational NoSQL
combined with vector-based and graph databases with streaming data pipelines and orchestration of
Al models.

In order to provide elastic scaling, low-latency Al inference, and high operational resilience, the
proposed system employs serverless inference frameworks, GPU-accelerated compute server
resources, and hybrid cloud deployment. The platform further incorporates features for security
and compliance. It can log audits, has role-based access control (RBAC), has TLS protocols and AES-
256 encryption. Hence, it is suitable for sensitive industries such as healthcare, finance and Al client
applications. The key contributions of this work include.

1. The creation and deployment of a cloud-native artificial intelligence system that can process
unstructured, semi-structured, and structured data in real time.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202509.1132.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 12 September 2025 d0i:10.20944/preprints202509.1132.v1

2 of 9

2. Al automation frameworks are integrated with graph and vector-based databases to support
embedding-based retrieval, knowledge graph reasoning, and Retrieval-Augmented Generation
(RAG) operations.

3. Al database performance testing and modeling, showing enhanced real-world results across
various applications, low latency, and high throughput.

4. Design a secure, scalable, and compliant cloud infrastructure to enable enterprise-grade data
visibility and operational reliability.

2. Related Works

Cloud and Al have been examined quite a lot for how they can be scaled and optimized for
performance in time-sensitive analytics. Many studies suggest using cloud solutions having
serverless architectures and container technologies for ML models elastic scale deployment. The
server-less inference methods demonstrated the benefits across a range of workloads. Designed with
structured datasets in mind, they do not fully support heterogeneous data like embeddings or
knowledge graphs.

The use of vector databases is on the rise in Al thanks to the efficiency of embedding-based
retrieval. Milvus, FAISS, and pgvector have been reported to enhance the quality of semantic searches
in the context of ML and recommendation systems. Most of these works were not integrated with
transmission pipelines for cloud-based deployments or real-time model updates, but they
demonstrated retrieval latency of less than 100 ms for thousands of document embeddings. Al
applications that involve complex relationship reasoning can benefit from recommendation graph
databases such as Neo4j and Amazon Web Services Neptune which have been used for knowledge
graph construction fraud detection and recommendations. While these studies showed how graph-
oriented reasoning can improve decision-making, they were primarily limited to batch processes and
did not fully utilise real time data streams and adaptive model updates. Research into hybrid cloud
architectures was first done for balancing on-premises security with cloud scalability. These
systems were designed with a focus on safe data handling, regulatory compliance, and latency
optimization. Even though they matter a lot, not many studies provided a comprehensive multi-
layer design that integrates Al orchestration frameworks for various real-time Al workloads with
traditional, NoSQL, vector, and graph databases.

Currently, Al orchestration frameworks such as Kubeflow, Salesforce MLflow, and SageMaker
manage a model’s training, deployment, and continuous integration [26-32].

These frameworks help in training using GPUs, distributed computing and reliable inference
pipelines. Papers on RAG pipelines have shown a significant improvement for retrieval-based
question-answering in terms of context relevance. Nonetheless, the majority of research works did
not consider KPIs deployed in the cloud and multi-database architectures incorporated in RAG
pipelines.

Real-time decision making as well as performance optimization have been enabled through
event-driven architectures and complex streaming pipelines [38—42]. These frameworks support
ongoing feature extraction, up-to-date model updates, and nearly instant Al prediction. Various
domains are supported, including financial fraud detection, healthcare diagnostics, and customer
personalization.

In conclusion, several studies [43-45] have highlighted the importance of safe cloud
deployments of Al through audit logging, role-based access control, authentication, as well as
compliance with regulations like GDPR, HIPAA. Currently, there isn’t a lot of research on [46-52] is
the real-time streaming, Al orchestrations, hybrid cloud scalability, security and multi-database
integration in a holistic manner.

All in all, previous works look into limited aspects of Al implementation in the cloud, like
serverless inference, RAG pipelines, hybrid cloud security, vector and graph records, and Al
orchestration [53-63]. This paper’s proposed approach provides enterprise-strength security and
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real-time Al workflow heterogeneous data processing solutions. It addresses the need for an overall
structure to unify each of these key components.

3. Proposed Methodology
The method being proposed will help to build scalable Al-powered apps with cloud databases.
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Figure 1. Proposed methodology architecture.

This layer of the Al architecture handles workloads for both machine and deep learning.

This layer combines inference, deployment, validation, and training of the model. AI models
such as convolutional neural network models (CNNs), large language models (LLMs), or ensemble
methods can all be installed in cloud computing clusters with the support of a GPU for faster training.
The system uses Kubernetes-based microservices, or AWS Lambda services that scale up and down
with demand, to achieve scalable inference with a serverless Al reasoning framework. The
architecture of retrieval-augmented generation (RAG) which is mainly used to enhance Al responses
by sampling relevant information from vector and relational databases. In order to conduct real-time
Al decisions, a link between the ingestion, processing, and Al layers is provided with a Data Pipeline
and Streaming Layer. Data stream pipes let us create a constant stream of data flows.

Users or services having the right authorization should have access to sensitive data. Techniques
such as role-based access control (RBAC) and fine-grained authorization can help ensure this. Audit
logs and monitoring are essential to meeting compliance regulations. This is especially true for uses
of Al that interact with clients in financial, healthcare or similar sectors. You can achieve scalability
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through vertical and horizontal scaling. To handle increased query loads, relational databases use
shared clusters and read from multiple copies. NoSQL and vector databases also use shared clusters
for high availability. Al tasks utilize compute clusters with auto-scaling capabilities that can
dynamically scale GPU and CPU resources. By leveraging reserved instances, cloud utilization, and
intelligent data storage tiering, cost savings can be realized.

The Model Modification Layer is another aspect of architecture that helps to augment Al models
on a continuous basis. To improve performance and adapt the model to changing user behaviours or
other shifting environmental factors, data from your applications is continually being captured and
used to train your models. The pipelines of CI and CD which are used for Al models have efficient
deployment and rollback.

The methodology introduces the use of cloud-native databases, Al coordinating platforms, and
scalable compute resources to create a stable and secure, highly efficient Al application platform.
Beyond supporting large quantities of transactional and unstructured data, and allowing for real-
time Al-driven decisions, the architecture optimizes for cost, performance and compliance.

4. Implementation and Results

A hybrid cloud environment that combined AWS services with on-premises assets was set up
to implement the proposed cloud-based artificial intelligence (AI) platform to emulate real-world
enterprise deployment scenarios. The platform utilized Amazon Aurora for storing relational data,
DynamoDB for unstructured data, pgvector for embedding storage, and AWS Neptune for
knowledge representation via graphs. Data was ingested from social media API s, transaction logs
and IOT devices in near real time using Apache Kafka Streams. The data was semi-structured,
structured and unstructured in nature. While we coordinated the batch pipelines with AWS Glue and
Apache Spark to preprocess historical datasets, Flink-based streaming pipelines helped us perform
continuous feature extraction and transformation so that Al models can consume such data.

The workload orchestration layer of the Al models has been enhanced with large language
models (LLMs) for language processing, ensemble gradient-boosted trees for forecasting and
convolutional artificial neural networks (CNNs) for visual analytics. To enhance parallel processing
and reduce computation time, the training of the model was conducted on GPU-enabled EC2 servers
using the distributed training framework PyTorch Distributed and TensorFlow’s Mirrored Strategy.
Inference used a serverless deployment strategy that utilized AWS Lambda and Kubernetes-based
microservices for horizontal scaling in response to workload changes to handle thousands of
concurrent requests with minimal latency. RAG was integrated with vector and relational database
to make it contextually relevant.

Table 1 presents the performance metrics of vector, relational, no SQL and graph databases. The
embedded data queries in vector database enjoyed less than 50 ms retrieval latencies even at a level
of more than 5 M vectors whereas the relational database operations were ACID compliant at high
levels of concurrency (>10 K). NoSQL storage shows horizontal scalability that is 100% linear in
capacity for streaming unstructured data with less, high write throughput and high read throughput.
Queries performed on relational data bases showed that graph queries are 30% more efficient than
relational joins and can effectively handle reasoning tasks about complex relationships. Al techniques
used in database processing are effective, as seen in the additional 20-25% lower average execution
times achieved by Al query optimization.
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Table 1. Database Performance Metrics.

Database Avg. Max

Technology |(Query Type Notes
Type Latency |Throughput

Aurora ACID compliant,
Relational Read/Write 45 ms 10,000 TPS

MySQL supports sharding

NoSQL DynamoDB |[Write-heavy 30 ms 50,000 TPS Horizontal scalability

Embedding Optimized for semantic
Vector pgvector 48 ms 5M vectors
search search
AWS Relationship ) Supports knowledge
Graph 120 ms 10k queries/sec
Neptune queries graph reasoning

Table 2 summarizes various inference tasks performed by the AI models. 99% Accuracy with
120 ms latency was maintained by the CNNs for image classification, 89% F1 score with a latency of
80 ms per request was that of the gradient-boosted trees for forecasting, and finally, the performance
of LLMs for text QA was 92% accuracy with a mean inference latency of 250 ms. Deployment across
serverless and Kubernetes powered microservices allowed for elastic scaling based on workload.

Table 2. AI Model Performance Metrics.

Model Ty Dataset |[Avg. Inference||Accuracy / F1
Task . Deployment
pe Size Latency Score
Serverless /
LLM Text QA 1M docs |[250 ms 92%
Lambda
Image 500k
CNN o ) 120 ms 95% GPU Cluster
classification images
Gradient Predictive Kubernetes
) 2M rows (|80 ms 89% . .
Boosted Trees ||Analytics Microservices

Data ingestion, storage (relational, NoSQL, vector, and graph), computation (batch and
immediate), Al management (training and inductive reasoning), and feedback in monitoring are all
integrated layers of the architecture, as shown in Figure 2. While CI/CD pipelines allow automated
model update using feedback from applications in the real world, streaming pipelines allow Al
decision-making in instantaneously. Prometheus and Grafana are two examples of monitoring tools
that offer insight into database operations, model performance, and utilization of resources. GDPR
and HIPAA compliance is ensured by safety precautions like role-based authentication and
authorization (RBAC), audit logging, and encryption at idle and in motion (AES-256 and TLS).
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intelligence (Al) inference, streaming pipelines, and monitoring. The steps involved in implementing
an Al model are depicted in Figure 3, which includes data intake, initial processing, feature

extraction, model training, deployment, and continuous retraining via feedback loops. Security layers

protect both the database and Al orchestration modules, ensuring limited access and compliance with

company policies.
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A graph in Figure 3 shows the different phases of using continous feedback.

Researchers tested their system in the areas of healthcare diagnostics, financial fraud detection,
and personalized customer interactions. Optimized embeddings let people avoid false alarms when
they use them for jobs. With cut time a patient no longer has to wait to get to appointment just to find
out a piece of information. When RAG and vector database retrieval were used together, relevant
reccomendations for the customer experince rose 18%. It helps you have low latency performance
when you integrate it with another server, its secure and runs smoothy 24/7. The company allows
you to set up a powerful Al system by combining 4 databases together along with other things like
computers and frameworks in order to run good applications.

5. Discussions

The results show that the new cloud Al architecture correctly allows for better decision making,
bigger space in cloud, and faster responses. By using a mix of relational, NoSQL, graph, and vector
databases you can really store lots of data together. Vector databases are efficient in storing large
datasets allowing for quick retrieval of information in less than 50 milliseconds. This made
embedding-based retrieval tasks much easier. Graph databases were able to effectively use
knowledge graphs as if they would reason. The joins were thirty percent faster and handled
numerous joined queries.

The new orchestration using Al has a big amount of power and it was able to scale by itself. The
gradient-boosted trees had an F1 score of nearly 89 percent as well as an eighty millisecond latency.
For the task of recognizing images, CNNs showed high purity with a 95 percent accuracy and a
response time of under a quarter of a second, meanwhile language processing LLMs had an accuracy
of 92 percent when the response time doubled to a half of a second. This boosted the raltivenss of the
recomendations to 18% and also decreased the amount of financial fraid to 15%. Now, instead of
taking 3-4 seconds, when a doctor presses the button on the program they get an answer nearly
immediately.

They placed several safeguardes to secure privacy and to be compliant, including RBAC, TLS,
and AES-256. This service is secure because of European laws you have to folloe. The continual
sending of information about how accurate an A.I. method is allows a model to update itself and
become more precise due to changing data.

Simply combining computer programs with cloud based databases helps better use AIL. New
cloud architecture saves money due to the use of serverless and auto-scaling resources which allows
it to also have low latency.

6. Conclusions

This report provides a comprehensive and reliable plan for building useful artificial intelligence
applications. The platform's goal is to be efficient by combining databases with live pipelines and a
feature that manages artificial intelligent models.

According to their study, they have gotten one thing right: this thing "embeddings" can retrieve
a thing without a problem in "latency" of less than fifty ms.

Ten thousand transactions of relational database operations per second.

CNN images are 95% acurate, text questions have a accuracy of 92%, and a 89% precision for
certain inputs.

the results of trying this feature out has helped the company out in many diferent ways for
example, the number of false positives has went down 15%.

The architecture holds alot and has a large commitment to enterprise security. It is cheap and
can be scaled really easily. Future research to improve the strength and spread of artificial intelligence
operations may focus on multiple cloud services, smaller AI computers, and improvements when
these systems are grouped together.
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