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Abstract 
Cloud-native microservices architectures face significant challenges in optimizing storage and database configurations across 

diverse, dynamically scaling services. Traditional approaches require manual intervention and service-specific tuning, 

leading to suboptimal resource utilization and increased operational costs. This paper presents IntelliStore, a novel intelligent 

agent framework that autonomously identifies optimal storage technologies and database configurations for microservice 

applications in cloud environments. Our system employs a multi-agent architecture that continuously monitors storage usage 

patterns, analyzes workload characteristics, benchmarks against published performance metrics, and generates actionable 

recommendations for both deployed and prospective services. IntelliStore leverages large language models for intelligent 

decision-making, combining real-time metrics collection with historical performance data to suggest optimal storage 

backends, database types, and configuration parameters. We evaluate our system on production microservices handling 

varying workloads, demonstrating an average 34% reduction in storage costs, 28% improvement in I/O performance, and 

42% decrease in configuration tuning time compared to manual optimization approaches. Our results show that AI-driven 

autonomous storage optimization can significantly enhance resource efficiency while maintaining service-level agreements 

in large-scale cloud deployments. 

 

Keywords: Cloud Computing, Microservices, AI Agents, Storage Optimization, Database Configuration, Large Language 
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I. INTRODUCTION 
 

The proliferation of microservices architectures in 

cloud computing has fundamentally transformed how 

modern applications are designed, deployed, and scaled. 

While microservices offer significant advantages in terms 

of modularity, scalability, and fault isolation, they 

introduce substantial complexity in storage and database 

management. Each microservice may have distinct data 

access patterns, consistency requirements, and 

performance characteristics, making it challenging to 

select and configure optimal storage solutions across an 

entire application ecosystem. 

 

Traditional approaches to storage optimization rely 

heavily on manual analysis, empirical testing, and domain 

expertise. Database administrators and cloud architects 

must individually assess each service's requirements, 

benchmark various storage backends, tune configuration 

parameters, and continuously monitor performance. This 

process is not only time-consuming and error-prone but 

also fails to adapt dynamically to changing workload 

patterns and evolving infrastructure capabilities. 

 

Recent advances in artificial intelligence, 

particularly large language models and autonomous 

agents, present new opportunities for automating complex 

decision-making processes in cloud infrastructure 

management. AI agents can analyze vast amounts of 

performance data, correlate usage patterns with storage 

characteristics, and make informed recommendations 

based on both empirical evidence and domain knowledge 

encoded in research literature. 

 

 Motivation 
Several key challenges motivate the development of 

IntelliStore: 

 

 Manual storage configuration is a significant 

bottleneck in microservices deployments, requiring 

specialized expertise and consuming valuable 
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engineering time that could be better spent on 

application development. 

 Storage misconfigurations lead to substantial resource 

waste, with studies showing that up to 40% of cloud 

storage costs result from suboptimal technology 

selection and parameter tuning. 

 Dynamic workload patterns require continuous 

adaptation of storage configurations, which is 

impractical with manual approaches and reactive auto-

scaling mechanisms. 

 End-to-end optimization across service pipelines 

requires holistic analysis of data flow patterns and 

inter-service dependencies, exceeding the capacity of 

service-specific tuning. 

 Knowledge from research literature and benchmark 

studies remains underutilized in production 

deployments, as it requires significant effort to 

translate academic insights into practical 

configurations. 

 

 Contributions 

This paper makes the following key contributions: 

 

 We present IntelliStore, a novel multi-agent 

framework that autonomously optimizes storage and 

database configurations for microservices in cloud 

environments, handling both deployed services and 

prospective deployments. 

 We design a hierarchical monitoring architecture that 

efficiently captures storage usage patterns at both node 

and service levels without imposing significant 

overhead on production systems. 

 We develop an LLM-powered decision engine that 

synthesizes real-time metrics, historical benchmarks 

from research literature, and configuration constraints 

to generate optimal storage recommendations. 

 We implement a comprehensive evaluation framework 

that validates recommendations against production 

workloads, demonstrating significant improvements in 

cost efficiency, I/O performance, and configuration 

time. 

 We provide a detailed analysis of end-to-end pipeline 

optimization, showing how holistic storage 

configuration across service dependencies yields 

superior performance compared to independent 

service tuning. 

 

II. RELATED WORK 

 
 Auto-Scaling in Microservices 

Auto-scaling mechanisms for microservices have 

been extensively studied in recent literature. Traditional 

approaches focus on reactive scaling based on predefined 

threshold values for CPU and memory utilization. 

However, these methods often fail to account for the 

complex interdependencies between microservices and 

the heterogeneous nature of workload patterns. Machine 

learning-based techniques have shown promising results 
in predicting resource demands and making proactive 

scaling decisions. Reinforcement learning agents have 

been particularly effective in learning optimal scaling 

policies through continuous interaction with the 

environment. Recent work has demonstrated that 

combining RL with traditional heuristics can improve 

microservice response times by up to 20% while reducing 

resource overprovisioning. 

 

 Database Configuration Tuning 
Automated database tuning has been a longstanding 

challenge in database management systems. Early 

approaches relied on rule-based expert systems that 

codified DBA knowledge into configuration guidelines. 

More recent systems leverage machine learning to learn 

optimal configurations from workload traces and 

performance metrics. Deep reinforcement learning has 

emerged as a powerful technique for database knob 

tuning, enabling systems to discover non-intuitive 

parameter settings that outperform manual configurations. 

LLM-based approaches, such as D-Bot, have shown 

promise in providing intelligent database administration 

by combining textual knowledge from documentation 

with performance analysis. 

 

 Storage Optimization in Cloud Computing 

Cloud storage optimization encompasses a wide 

range of techniques, from intelligent data placement and 

tiering to adaptive caching strategies. Object storage 

systems have become prevalent for data collection and 

preprocessing in cloud environments due to their 

scalability and cost-effectiveness. Recent research has 

explored the use of solid-state drives versus hard disk 

drives for various workload patterns, with NVMe SSDs 

becoming increasingly important for GPU-intensive 

training workloads. Distributed file systems like CephFS, 

Lustre, and JuiceFS have been evaluated across multiple 

dimensions including performance, scalability, and multi-

cloud support. However, existing work primarily focuses 

on individual storage systems rather than providing 

holistic recommendations across diverse microservice 

requirements. 

 

 AI Agents for System Optimization 
The application of AI agents to infrastructure 

management has gained significant traction with the 

advancement of large language models. Multi-agent 

systems have been proposed for various cloud 

optimization tasks, including resource allocation, query 

optimization, and configuration tuning. Recent surveys on 

LLM-based agents highlight the importance of parameter-

driven and parameter-free optimization approaches. 

However, most existing work focuses on single-system 

optimization rather than cross-service configuration in 

microservices environments. Our work builds upon these 

foundations while addressing the unique challenges of 

storage and database optimization in complex, distributed 

microservices architectures. 

 

While prior research has made significant progress 

in individual areas of auto-scaling, database tuning, and 

storage optimization, there remains a gap in holistic, AI-
driven approaches that can autonomously manage storage 

configurations across entire microservices ecosystems. 

IntelliStore addresses this gap by providing an integrated 

framework that combines the strengths of LLM-based 
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decision-making, real-time performance monitoring, and 

knowledge synthesis from research literature. 

 

III. SYSTEM ARCHITECTURE 
 

IntelliStore employs a multi-layered architecture 

designed to provide comprehensive storage optimization 

while minimizing overhead on production systems. The 

architecture consists of five primary components: the 

Monitoring Layer, Analysis Engine, LLM Decision Core, 

Benchmark Repository, and Recommendation Interface. 

 

 Monitoring Layer 
The Monitoring Layer consists of lightweight agents 

deployed at both node and service levels. Node-level 

agents capture system-wide storage metrics including disk 

I/O patterns, block size distributions, read/write ratios, 

and cache hit rates. Service-level agents monitor 

application-specific metrics such as query patterns, data 

access frequencies, and transaction characteristics. These 

agents employ adaptive sampling techniques to reduce 

monitoring overhead while maintaining statistical 

significance. Data is collected through a combination of 

eBPF probes for kernel-level metrics and application 

instrumentation for service-specific patterns. The 

monitoring infrastructure is designed to impose less than 

2% overhead on production workloads. 

 

 Analysis Engine 
The Analysis Engine processes raw metrics from the 

Monitoring Layer to extract meaningful usage patterns 

and workload characteristics. It performs time-series 

analysis to identify trends, detect anomalies, and predict 

future resource requirements. The engine employs 

dimensionality reduction techniques to identify key 

parameters that most significantly impact storage 

performance. For end-to-end pipelines, it constructs 

dependency graphs and analyzes data flow patterns across 

service boundaries. Statistical models are used to 

characterize workload distributions and identify suitable 

storage paradigms such as key-value, document, 

relational, or time-series databases. 

 

 LLM Decision Core 

The LLM Decision Core represents the intelligent 

reasoning component of IntelliStore. It integrates 

analyzed metrics with domain knowledge from research 

literature to generate optimal configuration 

recommendations. The LLM is provided with a 

comprehensive prompt that includes current service 

characteristics, performance requirements from SLA 

configurations, analyzed usage patterns, and relevant 

benchmark results. The model reasons about trade-offs 

between different storage technologies, considering 

factors such as consistency requirements, latency 

constraints, cost considerations, and operational 

complexity. The LLM generates structured 

recommendations that specify the optimal storage 
backend, database type, schema design suggestions, and 

specific configuration parameters such as block sizes, 

cache policies, and replication factors. 

 

 Benchmark Repository 
The Benchmark Repository maintains a curated 

collection of performance benchmarks from published 

research papers, vendor documentation, and internal 

testing. It includes detailed performance characteristics of 

various storage systems under different workload 

conditions. The repository is continuously updated 

through automated literature mining and structured data 

extraction from academic papers. For each benchmark, we 

store normalized performance metrics, workload 

parameters, and configuration details. This enables the 

LLM to make informed comparisons between different 

storage options based on empirical evidence from similar 

deployment scenarios. 

 

 Recommendation Interface 
The Recommendation Interface presents 

optimization suggestions to cloud administrators and 

business owners through a structured, actionable format. 

Recommendations include confidence scores based on the 

quality of available metrics and benchmark data. For each 

suggestion, the interface provides detailed justifications, 

expected performance improvements, estimated cost 

impacts, and migration paths. It supports both automated 

application of recommendations for low-risk changes and 

human-in-the-loop approval for critical production 

systems. The interface integrates with existing cloud 

management platforms and CI/CD pipelines to facilitate 

seamless implementation of approved configurations. 

 

This architecture enables IntelliStore to operate 

continuously in production environments, adapting to 

evolving workload patterns and incorporating new 

research insights as they become available. The modular 

design allows for independent scaling and optimization of 

each component based on deployment requirements. 

 

IV. SYSTEM ARCHITECTURE DIAGRAMS 

 
 High-Level Architecture 

The following diagram illustrates the high-level 

architecture of IntelliStore, showing the interaction 

between major components: 
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Fig 1 IntelliStore High-Level Architecture 

 

 Data Flow Architecture 
The data flow architecture demonstrates how information moves through the system from metric collection to 

recommendation generation: 

 

 
Fig 2 Data Flow Through IntelliStore Components 
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 Monitoring Agent Deployment 
This diagram shows the deployment topology of monitoring agents across nodes and services: 

 

 
Fig 3 Monitoring Agent Deployment Architecture 

 

V. IMPLEMENTATION DETAILS 

 

 Monitoring Agent Implementation 
The monitoring agents are implemented using a 

combination of eBPF programs for kernel-level tracing 

and user-space collectors for application metrics. For 

storage I/O monitoring, we utilize eBPF kprobes attached 

to block layer functions to capture read/write operations, 

latency distributions, and access patterns. The agents 

employ adaptive sampling rates that increase during 

periods of unusual activity and decrease during stable 

operation to minimize overhead. Collected metrics are 

buffered locally and transmitted to the Analysis Engine 

through a lightweight protocol based on Protocol Buffers 

for efficient serialization. 

 
 LLM Integration and Prompting Strategy 

The LLM Decision Core utilizes a carefully crafted 

prompting strategy that structures the decision-making 

process into discrete reasoning steps. The prompt includes 

sections for workload analysis, storage technology 

comparison, configuration parameter reasoning, and cost-

benefit analysis. We employ few-shot learning with 

representative examples from the Benchmark Repository 

to guide the LLM toward consistent, high-quality 

recommendations. The system uses temperature sampling 

with a relatively low value to balance creativity with 

deterministic decision-making. Generated 

recommendations are parsed through a structured output 

format that ensures all required fields are present and 

properly validated. 

 

 Configuration Parameter Optimization 
For existing deployments, IntelliStore can perform 

in-place configuration optimization. When a service is 

already using a particular storage backend such as Ceph, 
the system analyzes current performance metrics and 

identifies tunable parameters that would yield the greatest 

improvement. For example, in Ceph deployments, the 

system may recommend adjusting block sizes based on 
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the predominant I/O pattern, modifying OSD thread pool 

sizes for better concurrency, or tuning cache parameters 

to match working set sizes. The optimization process uses 

a combination of analytical models and empirical testing 

in staging environments to validate recommendations 

before production deployment. 

 

 End-to-End Pipeline Analysis 
For microservices organized in processing pipelines, 

IntelliStore performs holistic optimization that considers 

data flow patterns across service boundaries. The 

Analysis Engine constructs a directed graph representing 

data dependencies and analyzes metrics across the entire 

pipeline. This enables identification of bottlenecks that 

may not be apparent when examining individual services 

in isolation. For example, if an upstream service generates 

data with certain characteristics, downstream services can 

be configured to optimize for those patterns. The LLM 

considers these inter-service dependencies when 

generating recommendations, potentially suggesting 

different storage technologies for different pipeline stages 

based on their specific roles and access patterns. 

 

VI. EXPERIMENTAL EVALUATION 

 

 Experimental Setup 
We evaluated IntelliStore on a production 

Kubernetes cluster with 50 nodes running 120 

microservices across three distinct application pipelines. 

The cluster included a mix of CPU-optimized and 

memory-optimized instance types with various storage 

backends including Ceph block storage, NFS shared 

volumes, and local NVMe SSDs. Workloads ranged from 

high-throughput data ingestion services to latency-

sensitive API endpoints and batch processing pipelines. 

We compared IntelliStore recommendations against 

manually configured baselines established by experienced 

DevOps engineers over a six-month period. 

 

 Performance Metrics 
Our evaluation focused on four key metrics: 

 

 Storage cost efficiency measured as dollars per 

terabyte-month with consideration for performance 

tiers 

 I/O performance measured through 95th percentile 

read and write latencies and throughput in IOPS 

 Configuration time measured as engineer-hours 

required to research, test, and deploy storage 

configurations 

 SLA compliance measured as the percentage of 

requests meeting latency targets 

 

VII. RESULTS 

 

Table 1 Summarizes the Performance Improvements 

Achieved by IntelliStore Across our Test Microservices: 

 

Table 1 Performance Comparison Between Baseline and IntelliStore Configurations 

Metric Baseline IntelliStore 

Storage Cost Reduction 0% 34% 

I/O Latency Improvement (p95) 12.4ms 8.9ms (-28%) 

Throughput Improvement 8,500 IOPS 11,200 IOPS (+32%) 

Configuration Time Reduction 24 hours 14 hours (-42%) 

SLA Compliance 96.2% 99.1% 

 
 Case Study: Ceph Block Size Optimization 

One particularly interesting result came from 

optimizing a microservice using Ceph block storage. The 

baseline configuration used the default 4MB block size. 

IntelliStore's analysis of I/O patterns revealed that 78% of 

operations were small random reads averaging 64KB. The 

LLM recommended reducing the block size to 256KB and 

adjusting the cache tier configuration. This resulted in a 

45% reduction in read latency and a 22% improvement in 

cache hit rate. The configuration change was validated in 

a staging environment before production deployment, 

confirming the predicted improvements with minimal 

risk. 

 

 Pipeline Optimization Results 
For end-to-end pipeline optimization, we observed 

particularly strong results. In a data processing pipeline 

consisting of ingestion, transformation, and aggregation 

services, IntelliStore recommended heterogeneous 

storage configurations tailored to each stage. The 
ingestion service was configured with high-throughput 

object storage, the transformation service used local 

NVMe SSDs for intermediate results, and the aggregation 

service employed a time-series database optimized for 

analytical queries. This holistic approach yielded a 52% 

reduction in end-to-end processing time compared to a 

homogeneous storage configuration, demonstrating the 

value of pipeline-aware optimization. 

 

VIII. DISCUSSION 

 
 Key Insights 

Our evaluation of IntelliStore revealed several 

important insights. First, the value of combining real-time 

metrics with research literature cannot be overstated. The 

LLM's ability to reason about trade-offs based on 

published benchmarks enabled it to make 

recommendations that considered both theoretical 

performance characteristics and empirical evidence from 

similar deployments. Second, the importance of end-to-

end pipeline analysis became evident in our results. 

Individual service optimization often leads to suboptimal 

global configurations when inter-service data flows are 

not considered. Third, the system's ability to adapt to 
changing workload patterns proved crucial for 

maintaining optimal configurations over time. 
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 Limitations and Challenges 
Despite promising results, IntelliStore faces several 

limitations. The quality of recommendations depends 

heavily on the availability and accuracy of monitoring 

data. Services with insufficient instrumentation may 

receive suboptimal suggestions. The system's reliance on 

LLMs introduces potential variability in 

recommendations, though we mitigated this through 

structured prompting and validation. Migration to new 

storage backends can be complex and risky, requiring 

careful planning and testing. Our current implementation 

focuses on storage configuration but does not address all 

aspects of database schema design, which remains 

partially manual. Finally, the benchmark repository 

requires continuous curation to remain current with 

evolving storage technologies. 

 

 Generalizability 

While our evaluation focused on Kubernetes-based 

microservices, the core principles of IntelliStore 

generalize to other cloud-native architectures. The 

monitoring and analysis components could be adapted to 

serverless platforms, edge computing environments, or 

hybrid cloud deployments. The LLM-based decision 

engine is agnostic to specific technologies and can reason 

about any storage system for which adequate 

documentation and benchmarks exist. However, practical 

deployment would require platform-specific integration 

work and validation of recommendations against platform 

constraints. 

 

IX. FUTURE WORK 
 

 Several Promising Directions Exist for Extending 
IntelliStore: 

 

 Integrating automated schema design capabilities that 

leverage the LLM's understanding of data access 

patterns to suggest optimal database schemas and 

indexing strategies 

 Developing predictive models that can anticipate 

future storage requirements based on historical trends 

and upcoming feature deployments 

 Implementing automated A/B testing frameworks that 

can safely validate recommendations in production by 

gradually migrating traffic between configurations 

 Extending the system to handle multi-cloud and hybrid 

cloud environments with considerations for data 

sovereignty, network costs, and cross-region 

replication 

 Developing specialized agents for specific storage 

technologies that can provide deeper optimization 

beyond general recommendations 

 Incorporating cost optimization beyond storage 

efficiency to include compute and network costs 

associated with different storage configurations 

 Exploring the use of reinforcement learning to 

continuously refine recommendation quality based on 
observed outcomes in production deployments 

 

 

 

X. CONCLUSION 
 

This paper presented IntelliStore, an intelligent AI 

agent framework for autonomous storage and database 

optimization in cloud-native microservices environments. 

Our system addresses the growing complexity of storage 

configuration in modern distributed systems by 

combining real-time monitoring, LLM-powered decision-

making, and knowledge synthesis from research 

literature. Through comprehensive evaluation on 

production workloads, we demonstrated significant 

improvements in storage costs, I/O performance, 

configuration time, and SLA compliance compared to 

manual optimization approaches. 

 

The key contributions of this work include a scalable 

monitoring architecture that captures storage usage 

patterns with minimal overhead, an LLM-based decision 

engine that generates optimal recommendations by 

reasoning about trade-offs and constraints, and a holistic 

approach to pipeline optimization that considers inter-

service dependencies. Our results show that AI-driven 

automation can significantly enhance resource efficiency 

while reducing the operational burden on DevOps teams. 

 

As cloud infrastructure continues to grow in 

complexity and scale, intelligent automation tools like 

IntelliStore will become increasingly essential for 

managing the operational challenges of modern 

distributed systems. By leveraging the reasoning 

capabilities of large language models and the wealth of 

knowledge available in research literature, we can build 

systems that not only react to current conditions but 

proactively optimize for future requirements, ultimately 

enabling more efficient and cost-effective cloud 

deployments. 
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