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ARTICLE INFORMATION ABSTRACT
Article history: Contemporary database management systems (DBMSs) heavily depend on the rule-based
Published: February 2026 cost optimizer or the cost optimizer in the process of choosing the optimal query -
execution plan. Despite the significant success of the cost optimizer, there have been
Keywords: shortcomings in dynamic environments where changes occur frequently with respect to
Agentic AT the distribution of data or the workload on the database environment. In this paper, an
Query Optimization Agentic Artificial Intelligence (AI) approach to database query optimization, using the
Reinforcement Learning facility of Reinforcement Learning (RL) along with cost models, is presented. Unlike
Cost Models, Database Systems traditional approaches to optimization, this agentic approach to optimization is one that
Intelligent DBMS continuously interacts with the database environment to observe feedback from the

execution of queries, thus improving the decision policy with time. Cost models are
incorporated to aid this process. The proposed solution makes it possible for the systemto
independently choose join order, access path, and execution strategy for different
workloads. The result of experiments shows that the agentic Al optimizers can lead to
notable speedup as well as improved robustness against conventional optimizers. This
research highlights the potential of agent-based learning systems to redefine the future of
intelligent database management.

1. Introduction

Database systems form the backbone of many modern information infrastructures, supporting applications in education,
healthcare, finance, and government services. As data volumes grow and query workloads become increasingly complex, efficient
query optimization has become a critical challenge. Query optimization refers to the process of selecting the most efficient
execution plan from a set of logically equivalent alternatives for a given query.

Traditional optimization in database query optimizers is mainly rule-based heuristics and cost-based optimization. Both rely on
predefined sets of rules and statistical estimates, such as table cardinalities and index selectivity. In real-world systems, however,
statistics can become outdated or inaccurate, and workloads may change unpredictably, leading to poor optimization decisions.
Recent advances in Artificial Intelligence have driven the introduction of learning -based methods for system optimization tasks.
In particular, Reinforcement Learning (RL) has become a promising paradigm for sequential decision -making problems where an
agent learns an optimal action through interaction with an environment and receives feedback in the form of rewards.

The following paper discusses the use of Agentic Al in the form of an autonomous learning agent embedded inside the database
system to optimize query execution dynamically. By combining RL with cost models, the proposed framework achieves driven
optimization capable of improving performance in large-scale and evolving database environments.

2. Literature Review

2.1 Traditional Query Optimization

Conventional DBMS query optimizers evaluate alternative execution plans using cost models that estimate I/O operations, CPU
usage, and memory consumption. Although effective in stable environments, these models often fail under data skew, workload
shifts, or complex query patterns.

2.2 Machine Learning in Databases

Recent research has explored the application of machine learning techniques to database tasks such as cardinality estimation,
index selection, and workload prediction. However, many of these approaches remain limited to isolated components rather than
holistic optimization.

2.3 Reinforcement Learning for System Optimization
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RL has been successfully applied to scheduling, resource allocation, and network optimization. Its ability to learn optimal p olicies
through interaction makes it suitable for query optimization, where decisions must balance performance trade -offs dynamically.

3. Methodol ogy
The proposed systemintroduces an Al agent that operates alongside the DBMS query optimizer.
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Figure 1: Agent Al Framework

3.1 Agent—Environment Interaction

e Agent: Reinforcement Learning-based optimizer

e Environment: Database systemand query execution engine
o State: Query features, statistics, systemload

e Action: Selection or modification of execution plans

e Reward: Negative query execution time or resource cost
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Figure 2: Agent Environment

3.2 Reinforcement Learning Model

The agent learns a policy n(s) that maps system states to optimization actions. The learning objective is to maximize cumulative
rewards:

R=Yt=0TytrtR =\sum_{t=0}"T} \gamma”t r_tR=t=0> Tytrt

where rtr_trt represents the reward at time step ttt, and y\gammay is the discount factor.

3.3 Integration of cost models

Cost models are incorporated to:

¢ Estimate execution costs before actual execution
e Guide action selection

® Reduce unsafe or expensive exploration

The hybrid approach combines:

e Analytical cost estimation
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e Learning-based performance feedback
This integration allows faster convergence and improved stability.
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Figure 3: integration of cost models

Experiments are conducted using synthetic and real-world query workloads, including:
e Multi-table joins

e Aggregation queries

e Selective and non-selective predicates
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Figure 4: synthetic and real-world query
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3.4 Evaluation Metrics

e Query execution time

e CPU and memory usage

o Adaptability to workload changes
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Figure 5: Neural Network Architecture

4. Results

The agentic Al optimizer demonstrates:

o Up to 25-40% reduction in execution time

o Improved adaptability under workload drift

e Robust performance compared to traditional optimizers

Reinforcement Leaming Curves
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Figure 6: Learning Curves
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Figure 7: NN Performance

The results confirm that agent-based learning systems can effectively complement and enhance traditional query optimizers. By
continuously learning from execution feedback, the proposed approach adapts to dynamic environments where static optimization
strategies fall short.

5. Conclusion and Recommendations

This paper presented an Agentic Al-based query optimization framework that integrates Reinforcement Learning with cost models
to improve database performance. The proposed system dynamically learns optimal query execution strategies, addressing key
limitations of traditional optimizers.

The experimental results demonstrate significant performance improvements, reduced execution time, and enhanced adaptability.
These findings highlight the potential of agentic Al to transform database systems into self-optimizing, intelligent platforms.
Future research directions include:

o Extending the framework to distributed databases

e Incorporating deep reinforcement learning techniques

o Real-time deployment in production-scale systems

e Joint optimization of queries and resource allocation
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