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Abstract:

The rapid migration of financial institutions toward hybrid-cloud lakehouse architectures has introduced
unprecedented complexity in balancing data consistency, regulatory compliance, and operational
expenditure. Traditional database management relies on reactive administration and static heuristic tuning,
which fails to address the dynamic volatility of multi-tenant cloud environments. This research proposes
AutoMedallion, an original framework that leverages Multi-Agent Reinforcement Learning (MARL) to
facilitate autonomous data governance and resource orchestration. The identified research gap lies in the
absence of a closed-loop system that integrates real-time cybersecurity policy enforcement with elastic
compute scaling. By employing a dual-agent system, a Performance Agent for SQL optimization and a
Governance Agent for automated encryption and PII obfuscation, the framework enables a "self-driving"
data tier. Experimental results indicate that AutoMedallion achieves a 40% reduction in cloud compute
overhead and a 99.9% adherence rate to SOC2 and GDPR compliance protocols. This study signifies a
major advancement in the transition from human-centric database administration to autonomous, resilient,
and policy-aware data ecosystems within the mission-critical financial sector.

Keywords: Multi-Agent Reinforcement Learning, Medallion Architecture, Cloud Governance,
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1. INTRODUCTION

1.1. Background

Modern financial enterprises operate within a hybrid reality, maintaining legacy Oracle-based OLTP
systems while simultaneously leveraging Snowflake for elastic OLAP workloads. This dual-infrastructure
model, often structured via the Medallion Architecture (Bronze, Silver, and Gold layers), is essential for
high-frequency financial reporting and decision support. However, as data volumes scale to the petabyte
level, the manual orchestration of data movement, schema evolution, and performance tuning becomes a
bottleneck. The intersection of cloud-native elasticity and the rigid security requirements of the financial
industry necessitates a new class of intelligent, autonomous data platforms capable of real-time self-
optimization.

1.2. Limitations of Existing Approaches

Current methodologies in data engineering predominantly rely on manual AWR (Automatic Workload
Repository) analysis and static ETL (Extract, Transform, Load) scheduling. These conventional
approaches are inherently reactive; scaling decisions and performance remediations occur only after
latency thresholds are breached or costs exceed budgets. Existing "Auto-Scaling" features in cloud
warehouses like Snowflake are often cost-agnostic, leading to significant budget overruns due to
inefficient warehouse suspension and resumption. Furthermore, security and compliance are treated as
exogenous "wrappers" rather than endogenous system properties, resulting in high administrative
overhead for PII masking and audit logging in fast-moving Kafka streams.
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1.3. Proposed Solution and Contribution Summary

This article contributes a novel Multi-Agent Reinforcement Learning (MARL) framework, designated as
AutoMedallion, designed specifically for autonomous hybrid-cloud orchestration. The proposed solution
introduces a decentralized intelligence layer where independent software agents manage specific domains
of the data lifecycle. A Performance Agent utilizes Proximal Policy Optimization (PPO) to adjust cluster
resources and materialized view definitions based on shifting query patterns. Simultaneously, a
Governance Agent enforces "Security-as-Code" by scanning JSON-based API contracts and automating
AES-256 encryption at the ingestion point. This integration of RL-driven resource management with
automated cybersecurity analysis represents a significant departure from static orchestration. The
framework’s primary contribution is the creation of a closed-loop system where the "reward function" is
tied directly to both fiscal efficiency and regulatory compliance, thereby ensuring that performance gains
do not compromise security or budget.

2. RELATED WORK AND BACKGROUND

2.1. Conventional Approaches

Traditional database management has focused on manual query optimization and rule-based workload
management. Scholars have extensively documented the use of Oracle’s Cost-Based Optimizer (CBO)
and static indexing strategies to manage performance. However, these methods assume a stable,
predictable workload environment. In the financial sector, where market-driven data spikes are common,
static rules fail to adapt to real-time contention or evolving data distributions.

2.2. Newer / Modern Approaches

The emergence of the Medallion Architecture and cloud-native data warehouses has shifted focus toward
decoupled storage and compute. Recent advancements have introduced basic automated scaling and
serverless data processing. While these technologies improve scalability, they lack the intelligence to
predict future resource needs or evaluate the cost-impact of scaling decisions in a multi-cloud context,
often leading to "cloud-sprawl" where resources remain idle but billed.

2.3. Related Hybrid or Alternative Models

Hybrid models combining on-premise relational databases with cloud object storage have attempted to
bridge the gap using traditional middleware and messaging queues like Kafka. Some research has explored
the use of basic machine learning for database index recommendation; however, these models often
operate in isolation and do not account for the broader orchestration of the entire data pipeline or the
regulatory constraints inherent in financial data processing.

2.4. Research Gap

The critical research gap is the lack of an integrated framework that unifies performance engineering with
autonomous compliance and cost-aware orchestration. Most existing solutions address either compute
optimization or data security, but rarely both. Furthermore, the application of Reinforcement Learning for
the end-to-end management of the Medallion pipeline, specifically within the hybrid Oracle-Snowflake
ecosystem, remains unexplored. This article addresses this gap by proposing a MARL-driven approach
that internalizes security and cost as primary operational constraints.

3. PROPOSED METHODOLOGY

3.1. Methodology Overview

The AutoMedallion methodology is structured around a four-quadrant intelligence matrix. The system
observes the environment through telemetry data, including AWR logs, Kafka throughput, and AWS
billing APIs. This telemetry is fed into a MARL "Brain" implemented in PyTorch. The first agent, the
Ingestion Agent, manages the Bronze-to-Silver transition by validating schema integrity and enforcing PII
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masking using Natural Language Processing (NLP). The second agent, the Compute Agent, manages the
Silver-to-Gold transition by determining the optimal compute cluster size and re-routing workloads
between Oracle (for low-latency transactions) and Snowflake (for heavy aggregations) based on a Markov
Decision Process (MDP).

AutoMedallion Methodology Flow
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Figure 1: AutoMedallion Methodology Flow

The methodology relies on a continuous feedback loop where the system is rewarded for maintaining high
query performance while minimizing the "cost-per-query." The diagram illustrates the interaction between
the physical data layer (Oracle, Kafka, Snowflake) and the MARL Orchestrator. The State Observer
collects metrics on system health, while the Policy Agent determines the necessary actions, such as scaling
a warehouse or re-indexing a table.

This autonomous cycle ensures that the architecture remains resilient to workload spikes. By decoupling
the observation from the execution, the framework allows for "shadow" training, where the RL agent
predicts actions and compares them against human DBA decisions to improve accuracy before taking
control. This methodology ensures that the mission-critical nature of financial data is respected through a
gradual, validated transition to autonomy.

4. TECHNICAL IMPLEMENTATION

4.1. Implementation Framework

The implementation of AutoMedallion utilizes a Python-based orchestrator integrated with AWS
SageMaker for model training. The data tier consists of Oracle 19c¢ for high-concurrency transactions and
Snowflake as the centralized Lakehouse. Real-time data movement is facilitated by Debezium-based CDC
(Change Data Capture) flowing into Kafka. The security layer implements AES-256 encryption at the
"Producer" level in Kafka, managed by a Governance Agent that monitors API contracts for potential
vulnerabilities.

The technical architecture prioritizes the security of the data-in-motion. As data enters via the API
Gateway, it is immediately processed by the Encryption Agent. This agent is not a static script but a policy-
aware component that rotates keys and masks data based on the sensitivity of the financial product (e.g.,
ESPP or Loan data). The diagram highlights the role of the AI Control Plane, which acts as the system's
"cerebellum," coordinating the various movements across the ingestion and storage tiers.

Deployment of this architecture is managed via a Jenkins-based CI/CD pipeline, ensuring that every
update to the RL agent’s policy is version-controlled and tested. This integration with uDeploy allows for
the automated promotion of database schema changes across Dev, UAT, and Production environments,
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significantly reducing the "Time-to-Value" for new financial products while maintaining a rigorous audit
trail of all automated actions.

5. RESULTS & COMPARATIVE ANALYSIS
The evaluation of AutoMedallion was conducted against a baseline of traditional manual administration
over a six-month period.

Table 1: Performance Delta

Metric Manual Baseline | AutoMedallion (Proposed) | Improvement
Avg. Data Latency 420 min 3.5 min 99.1%
Compliance Adherence | 82.0% 99.9% 17.9%
Monthly Compute Cost | $148,000 $88,800 40.0%

The Fig. 2 Slope Chart illustrates the radical compression of temporal and risk-based bottlenecks following
the deployment of the AutoMedallion framework. By mapping the transition from the Manual Baseline to
the Autonomous State, the diagram highlights a near-vertical decline in Data Latency from 400+ minutes
to 3.5 minutes and Breach Detection time from 120 minutes to 4 minutes. This visual convergence toward
the zero-axis demonstrates the system’s shift from a reactive, batch-oriented legacy environment to a
proactive, near-real-time ecosystem. In a scholarly context, this downward trajectory represents a
fundamental mitigation of technical debt, where the elimination of human-in-the-loop dependencies
directly correlates with a 99.1% improvement in data velocity.
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Figure 2: Performance Delta & Efficiency Expansion

Table 2: Efficiency Exapansion

Scaling Metric Static Rules RL-Optimized Efficiency Gain

Peak Utilization 38% 82% 115%

Scale-Out Time 15 min 2 min 86.6%

Idle Waste 45% 8% 82.2%
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The Figure 2, Radar Chart visualizes the "surface area" of organizational capability, contrasting the
restricted operational footprint of legacy systems with the expanded reach of the MARL-driven
architecture. The Legacy System exhibits significant deficiencies in Peak Utilization and Audit Readiness,
reflecting the inefficiencies of static, heuristic-based management. Conversely, the AutoMedallion profile
demonstrates a balanced expansion across all five operational axes, particularly in Scale-Out Speed and
Waste Reduction. This expansion signifies that the framework does not merely optimize a single metric
but elevates the entire systemic frontier, achieving a 115% gain in efficiency while simultaneously
securing a 100% score in audit transparency.

The data highlights a 40% reduction in Monthly Compute Expenditure, dropping from $148 to $88.8,
driven by the RL-agent’s ability to dynamically park idle Snowflake clusters. Unlike traditional cost-
cutting measures that often compromise system integrity, the blue "AutoMedallion" marker indicates a
simultaneous ascent to 99.9% Compliance Adherence. This dual achievement, reducing fiscal overhead
while maximizing regulatory safety, proves that autonomous orchestration serves as a value-multiplier,
allowing the organization to achieve "more with less" without increasing the underlying risk profile.

The data indicates a non-linear relationship between automation and system health. While manual efforts
struggle to maintain a linear balance between cost and performance, the MARL (Multi-Agent
Reinforcement Learning) approach enables the system to operate on a "frontier of efficiency." The most
significant finding is the 99.1% reduction in latency, which transforms the data platform from a batch-
oriented legacy system into a real-time reactive ecosystem. This supports the "Critical Role" argument by
showing that the framework doesn't just improve the system; it redefines the operational baseline for the
organization.

The data above reveals that AutoMedallion fundamentally outperforms traditional systems in fiscal
efficiency and security. The 40% cost reduction is attributed to the RL agent's ability to "park" idle
Snowflake clusters and leverage lower-cost compute hours. Scholarly analysis indicates that the 99.9%
compliance rate is achieved through the elimination of human error in data masking.

6. CONCLUSION

The implementation of AutoMedallion marks a definitive shift toward autonomous data governance in the
financial sector. By integrating Multi-Agent Reinforcement Learning with a hybrid Oracle-Snowflake
lakehouse, this research successfully addressed the limitations of reactive, human-centric administration.
The framework achieved a remarkable 99.1% reduction in data latency and a 40% reduction in monthly
compute costs, while simultaneously establishing a near-perfect compliance posture through automated
encryption and PII masking. The practical implications are significant: enterprises can now deploy
complex financial products with greater speed and lower risk, as the system autonomously aligns technical
resources with business requirements and regulatory constraints. Future work will focus on extending the
MARL agents to manage cross-cloud data gravity and exploring Federated Learning for collaborative
threat detection across decentralized financial nodes. Ultimately, AutoMedallion provides the blueprint
for the next generation of resilient, self-healing data ecosystems.
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