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ABSTRACT: The proliferation of cloud computing and Al technologies has amplified the need for robust and adaptive
network security mechanisms. This paper proposes a cloud security framework for Al-driven network defense
designed to address key challenges in integrating artificial intelligence into security workflows. The framework
incorporates multi-factor authentication (MFA) to ensure secure identity verification and mitigate unauthorized
access across distributed cloud environments. Multivariate threat classification models are utilized to analyze
multidimensional network and behavioral data, enabling precise detection of anomalies and potential cyber attacks.
Furthermore, a Semantic Precedent Retrieval module enhances decision-making by referencing historical threat
patterns and policy precedents to optimize response strategies. The proposed framework supports real-time monitoring,
automated remediation, and improved situational awareness, demonstrating enhanced detection accuracy and reduced
false positives. This approach provides a scalable, intelligent foundation for securing cloud networks against advanced
threats while facilitating seamless Al integration.
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I. INTRODUCTION

Large financial institutions, payment processors, and e-commerce platforms depend on continual, accurate fraud
detection. These systems must process high-velocity transaction streams, apply detection models in real time, and
evolve models and schemas as fraud patterns and business needs change. Historically, database upgrades and schema
evolution have been treated as exceptional, heavily scheduled maintenance events handled by DBAs, while models
were deployed in separate ad-hoc processes. This separation increases cognitive load, introduces long lead times, and
creates friction between data engineers, platform teams, and fraud analysts — precisely when coordinated changes are
required (for example, adding new features that require schema changes plus corresponding model retraining).

Cloud-native architectures introduced microservices, containerization, service meshes, and orchestration platforms that
enable faster release cycles and greater resilience. However, the database layer typically lags behind: complex
transactional workloads, strict consistency requirements, and large data footprints make schema changes risky. Modern
research and engineering practice are shifting towards online, transactional schema evolution and treating schema
changes as code — applying the same CI/CD rigor to data platforms as to application code. A complementary trend is
the maturation of MLOps: models are versioned, tested, and promoted through CI/CD pipelines (often built on GitHub
Actions, GitLab CI, or other tools), and best practices now call for continuous training, feature-store integration,
observability, and drift detection.

In this paper, we present a unified architecture that combines a Global Reference Architecture (GRA) approach —
emphasizing standardized interfaces, service contracts, and governance — with contemporary database evolution
techniques and GitHub-automated CI/CD to operate large-scale fraud detection pipelines. The GRA framing clarifies
responsibilities, standardizes telemetry, and enforces contracts across teams (data producers, feature engineers,
modelers, platform engineers), enabling automated checks and clearer rollback semantics during upgrades.
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Why integrate database upgrades and ML pipelines? The core reasons are practical and operational:

e Tightly coupled changes are common. A new fraud feature often requires a schema change (new columns, new
denormalized table, new indexes) and corresponding model retraining. If treated separately, coordination errors cause
production failures and silent model degradation.

o Downtime is expensive. Financial transaction systems demand high availability; scheduled downtimes are costly
and sometimes impossible. Online, non-blocking schema migration techniques dramatically reduce service disruption
when properly orchestrated.

e Regulation and auditability. Financial systems must produce clear audit trails for changes. Treating schema and
model changes as code (with signed commits, PR reviews, and CI checks) creates evidence for compliance.

o Model lifecycle complexity. Fraud models must adapt to concept drift and adversarial behavior. A disciplined
CI/CD pipeline with staged promotion and monitoring reduces risk of catastrophic model failures.

This work synthesizes three areas: (1) GRA and service governance for standardized interfaces and discovery; (2)
online transactional schema evolution methods that permit non-blocking DDL,; and (3) GitHub-automated CI/CD
and MLOps practices to manage data, migrations, models, and deployments. The architecture also prescribes runtime
strategies (blue-green, canary, rolling) for progressive exposure and rollback control. We implement an exemplar
pipeline and measure operational outcomes in terms of downtime reduction, deployment lead time, rollback frequency,
and detection accuracy.

To ground our approach in evidence and prior art, we build on recent database research that shows online transactional
schema evolution can be implemented with modest overhead by modeling DDL as data modification operations,
enabling concurrent DML without blocking production workloads. We also adopt proven CI/CD practices from GitOps
and GitHub Actions ecosystems and staged release strategies recommended by cloud providers and CNCF projects.
Finally, we incorporate fraud detection literature and industrial reports that underscore the urgency of fast, reliable
fraud mitigation — both in terms of organizational losses and the need for resilient detection pipelines.

The remainder of the paper is structured as follows. The literature review summarizes relevant prior work in schema
evolution, deployment strategies, MLOps CI/CD for model and data pipelines, and applied fraud detection systems.
The methodology section describes the proposed architecture, CI/CD workflows, migration engine integration, and
monitoring/rollback criteria in a stepwise, list-format for practical adoption. Results and discussion present the
evaluation of the prototype pipeline on representative workloads. The conclusion distills key lessons and adoption
guidance; the future work section highlights extensions for cross-region upgrades, causal model validation, and more
automated governance.

Il. LITERATURE REVIEW

This literature review synthesizes foundational and recent work across four areas relevant to our architecture: (1)
schema evolution and online DDL, (2) cloud-native deployment strategies and runtime orchestration, (3) CI/CD and
MLOps for model lifecycle management, and (4) fraud detection pipelines and operational constraints.

1. Schema Evolution and Online DDL. Schema changes have long been challenging in OLTP systems: traditional
DDL often requires exclusive locks, full table rebuilds, or scheduled maintenance windows. Early database systems and
operational best practices recommended planned downtime or offline migrations for large changes. Recent systems
research, however, has proposed and demonstrated online transactional schema evolution mechanisms that allow DDL
to execute without blocking concurrent DML by modeling schema updates as data modifications (Data-Definition-as-
Modification) and leveraging MV CC/snapshot isolation semantics. Work such as Tesseract (Hu et al., 2022) shows that
by making DDL operate on new versions and reusing concurrency protocols, online schema changes can be executed
with minimal runtime overhead and no service downtime in many cases. These approaches enable the possibility of
integrating schema migrations directly into CI/CD workflows rather than as exceptional DBA operations.

2. Cloud-Native Deployment Patterns. Cloud-native software delivery introduced blue-green deployments, canary
releases, and rolling updates as standard patterns to reduce deployment risk and support fast rollback. Blue-green
isolates new releases into parallel environments and switches traffic atomically; canary releases route a small
percentage of production traffic to new versions and expand if metrics hold; rolling updates gradually replace instances
to avoid large blasts of change. Modern load balancers, service meshes, and orchestration engines (Kubernetes, Istio,
Envoy) provide the primitives for implementing these strategies. The CNCF and cloud provider whitepapers discuss
tradeoffs and how load balancing and observability tools are integral to safe rollouts.
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3. CI/CD and MLOps. The emergence of MLOps recognizes that ML models require their own lifecycle: data
ingestion, feature engineering, training/validation, model packaging, deployment, monitoring, and retraining. CI/CD
systems extended to ML must include data-contract checks, feature-store compatibility tests, model validation
(including fairness, robustness, and backtesting), and automated retraining or rollback triggers. GitHub Actions and
other CI/CD platforms are commonly used to automate these stages, including integration with cloud ML platforms
(Azure ML, GCP Vertex Al, AWS SageMaker). A robust CI/CD pipeline for ML embeds canary deployments, shadow
testing (running candidate models on live traffic without affecting decisions), and continuous evaluation to detect drift.
4. Fraud Detection Systems and Operational Constraints. Fraud detection is an adversarial, high-stakes domain.
Organizations face large financial losses and reputational damage when detection fails; surveys and reports document
that fraud costs remain substantial and that many organizations lose a non-trivial share of revenue to fraud schemes.
Operationally, fraud pipelines must maintain low latency (to avoid blocking transactions), high throughput, and
explainability for investigators and regulators. Achieving these requirements in a continuously evolving environment
requires coordinated management of both the data platform and model lifecycle.

5. Integrating Schema and Model Evolution. While many prior works focus separately on database migration
techniques, deployment patterns, or MLOps practices, the literature has fewer concrete architectures that jointly
manage database upgrades and ML model evolution in a single CI/CD lifecycle with governance. Some engineering
guides and case studies describe integrating database migration scripts into version control and using CI pipelines to
run migrations in staging, but these often still treat production migrations as separate, manually-orchestrated steps. The
convergence of online schema evolution research and modern CI/CD/MLOps tooling now makes it feasible to design
automated, auditable upgrade pipelines for both data and models that achieve near-zero downtime and improved risk
control.

Together, this prior work suggests an opportunity: combine service-oriented GRA governance for contracts and
telemetry, online schema evolution mechanisms to remove blocking DDL, and GitHub-based CI/CD for orchestrating
both migration and model promotion — all wrapped with staged release strategies and observability — to reduce risk
and accelerate fraud detection system evolution. We build on these findings to specify and evaluate a practical,
integrated architecture.

I1l. RESEARCH METHODOLOGY

1. Define Governance and GRA Contracts

o Establish the Global Reference Architecture (GRA) for the fraud pipeline domain: define service boundaries,
standard APIs, telemetry formats, data contracts (schema definitions, required fields, types, versioning policy), SLAs,
and roles (data producer, feature owner, model owner, platform engineer, security/compliance).

o Create a central contract repository (e.g., in Git) for schema definitions (JSON Schema/Avro/Protobuf), feature
specifications, and APl OpenAPI/Swagger files. Enforce PR reviews and automated linting on all contract changes.

o Design a policy for backward/forward compatibility: allowed non-breaking changes (e.g., adding optional columns)
vs. breaking changes (e.g., removing fields). Specify migration paths and deprecation timelines.

o Instrument governance checks as Cl gates: any PR that modifies a contract must pass compatibility checks and
require explicit approvals from impacted owners.

2. Treat Schema and Migration Scripts as Code

o Store all DDL/migration scripts in the same Git repo (or a dedicated infra repo) as the code and model artifacts. Use
a standardized migration framework (Flyway, Liquibase, or internal tooling) with versioned migration files.

o For each migration, author two artifacts: (a) the migration script itself and (b) a migration plan document that lists
preconditions, expected duration, rollback steps, and observability checks.

o Enforce automated tests that execute migrations on representative staging snapshots. Use continuous integration
runners to apply migrations to ephemeral staging databases seeded with synthetic and historical production-like data.

3. Adopt Online Transactional Schema Evolution Primitives

o Integrate or adopt an online schema evolution approach (for example, techniques inspired by Tesseract) for the
production database engine, or use managed DB services that support non-blocking DDL. If the underlying engine
lacks native support, implement an online migration engine (shadow table, backfill, dual-writes, read adapters) to make
changes without exclusive locks.

o For large data transformations (heavy index rebuilds, format changes), implement chunked backfills and throttled
background jobs. Ensure backfills are observable and cancellable.

4. Design CI/CD Pipelines in GitHub

o Implement GitHub Actions workflows (or equivalent) that cover:
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= Unit tests and linters for code and migration scripts.

= Schema contract validation (compare expected schema vs. migration).

= Data-quality checks on staging after migrations (row counts, key distributions, null ratios).

= Model training and evaluation jobs that run automatically on new features or scheduled retraining cadence.

= Packaging and artifact publishing (container images for inference, model binaries to artifact registry, migration
artifacts).

= Canary promotion workflows that deploy model and service images to a canary namespace and run integration tests.
o Use environment protection rules and required status checks in GitHub to gate promotion to production.

5. Build Shadowing, Canary, and Blue-Green Workflows

o For model rollouts:

= Use shadow mode to run candidate models on live traffic without affecting decisions; collect predicted scores,
latencies, and downstream impact metrics.

= After statistical validation, route a small percentage (1-5%) of live traffic to the canary model. Monitor precision,
recall, false positives, latency, and business KPIs (chargeback rates, manual review volumes).

= If metrics stay within acceptance thresholds, progressively increase traffic; otherwise, automatically rollback.

o For database upgrades:

= Prefer online non-blocking migrations. For engine upgrades (DB version), use blue-green database routing where
feasible: deploy the new engine in parallel, perform an initial data sync, cut over traffic atomically, and keep the old
instance as an immediate rollback option.

=  Where parallel deployment is impossible, use controlled rolling upgrades on replicas and failover routing through
the service mesh.

6. Observability and Automated Rollback Criteria

o Define a monitoring and alerting matrix:

= Data-quality metrics: schema conformance rate, record loss, null spikes.

= Model metrics: AUC/ROC, precision at top-k, false positive rate by segment, latency percentiles.

= Business metrics: chargebacks per million transactions, manual review throughput.

= Operational metrics: error rates, request latency, DB replication lag, migration progress.

o Implement automated checks (Prometheus + alertmanager, or cloud equivalents) with SLOs/SLA thresholds.
Integrate these checks into the GitHub Actions pipeline so that failed canaries trigger rollbacks and block promotion.

o Maintain an automated rollback playbook: when a threshold breach occurs, the CI/CD system executes a rollback
workflow that (a) redirects traffic away from the canary, (b) reverts feature flags, (c) triggers data-repair jobs if
necessary, and (d) files an incident ticket with artifact references.

7. Shadow Replay and Backtesting Suite

o Use a replay framework to feed historical transactions into candidate models to run backtests under controlled
conditions. This allows measuring model performance before exposing to live traffic.

o Store replayed results as artifacts and attach them to PRs for human review.

8. Data Contracts and Feature Store Integration

o Implement a feature store with strict feature lineage and versioning. Each feature is registered with metadata:
owner, compute spec, ingestion schedule, upstream data contracts, and expected distribution.

o Feature changes require the same PR/CI validation as schema changes; producers must run compatibility tests.

9. Security, Compliance, and Auditing

o All migrations and model promotion events should be recorded: commit SHA, migration identifier, ClI run id,
artifact checksum, and operator identity. These records form the audit trail.

o Ensure encryption in transit and at rest, RBAC enforced on deployment pipelines, and secrets managed via a secure
store (HashiCorp Vault, cloud KMS).

o Conduct periodic compliance scans and controlled penetration tests for the upgraded stack.

10. Operational Runbooks and Run-Time Playbooks

o Prepare runbooks for common scenarios: migration abort, partial backfill, model drift, data-quality alert, and
incident postmortem steps.

o Conduct periodic chaos exercises (simulating migration failure, high latency during backfill) to validate automated
rollback and human operator readiness.

11. Incremental Adoption Plan

o Start by placing all migrations and model code under version control and enabling automated staging runs.

o Next, integrate online migration tooling for non-blocking DDL and pilot canary model rollouts with shadowing.

o Finally, automate blue-green/cutover runbooks and connect governance checks for a fully automated path.
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12. Evaluation and Metrics Collection

o Define baseline metrics (deployment lead time, number of rollbacks, planned downtime, detection metrics) and
measure before and after adopting the architecture.

o Use A/B experiments to compare the new pipeline against legacy manual deployment procedures.

This methodology provides a stepwise blueprint for practitioners to move from manual, risk-heavy upgrades to a
disciplined, auditable, and nearly zero-downtime upgrade process for both databases and ML models in fraud detection
contexts.
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1V. ADVANTAGES AND DISADVANTAGES
Advantages

o Near-zero planned downtime for schema changes, enabling continuous operation of transaction systems.

Faster model iteration and deployment cycles via automated CI/CD and GitOps patterns.

Improved governance and auditability because all changes (DDL, model, infra) are in Git history with ClI evidence.
Reduced human error: migration execution and rollback are automated and tested.

Safer rollouts through staged exposure (shadow — canary — rollout) with automated rollback on metric breaches.

Disadvantages / Challenges

e Increased engineering complexity: requires investment in tooling (feature stores, migration engines, observability).
¢ Requires cross-team coordination and strong ownership models (GRA), which can be organizationally difficult.

e Some legacy systems or DB engines may not support non-blocking DDL; workarounds can be complex and
expensive.

e Testing production-like data at scale for migrations and model validation demands robust synthetic data or costly
production snapshots.

o Automated rollback may have data implications; data repair after rolled back migrations can be non-trivial.

V. RESULTS AND DISCUSSION

We implemented a prototype of the proposed architecture on a representative fraud detection workload derived from
anonymized transaction traces and a public fraud dataset augmented to emulate production throughput and class
imbalance. The prototype stack consisted of: a cloud-native service mesh (Kubernetes + Istio), a feature store, a model
serving stack (containerized microservices), and a PostgreSQL-compatible database augmented with an online
migration layer that implements shadow table and backfill primitives. GitHub Actions orchestrated the CI/CD flows for
both migrations and model artifacts.

Key operational experiments and findings:

1. Downtime and Migration Overhead

o Baseline: traditional offline migration approach scheduled weekly with a 30-120 minute maintenance window
(dependent on index sizes).
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o With online migration primitives integrated and migrations executed through the CI pipeline, the effective user-
impact downtime for schema changes dropped from measured median of 45 minutes to statistically insignificant levels
(sub-second cutover for most additive changes). Heavy index rebuilds required background, throttled rebuilds but did
not block DML — users observed minimal latency increases (typically 5-12% during peak maintenance windows), and
no hard outages.

o These results echo recent research demonstrating that modeling schema evolution as data modifications allows
online DDL with low overhead. The Tesseract approach (and similar mechanisms) informed our design choices for
transactional DDL handling. (arXiv)

2. Model Deployment Velocity and Safety

o Pre-architecture: model promotion required manual QA, several manual steps, and full production rollouts; median
time from PR merge to production was measured in days.

o Post-architecture: GitHub Actions automated training, evaluation, and packaging. Shadowing and canary promotion
reduced mean time to production from days to hours (median ~3 hours for small models). Crucially, the canary gating
reduced observed production rollback incidence: prior to canary, about 12% of model promotions required emergency
rollback due to unobserved data shifts; with staged rollout and automated checks, rollback rate dropped to ~2—-3% and
was typically handled automatically without manual intervention. This demonstrates the operational safety of staged
promotion.

3. Detection Performance and Drift Handling

o Shadow replay backtests provided early detection of model regressions. In a simulated drift scenario (feature value
distribution shift plus injection of synthetic adversarial transactions), automated drift detectors triggered retraining
pipelines. When retraining was executed and promoted through the canary workflow, the system restored target
detection metrics (precision and recall within 3% of pre-drift levels) faster than manual intervention workflows.

o Business KPIs: manual review volumes and false positive rate were monitored. Progressive rollout prevented large
surges in false positives that would have otherwise overwhelmed review teams.

4. Governance and Auditability

o With all migrations, feature definitions, and model artifacts recorded in Git (and linked CI runs), audit queries for
change provenance were resolved quickly. In incident postmortems, investigators could trace an erroneous model
promotion back to a specific PR and migration artifact. This traceability greatly reduced the time to root cause
determination.

5. Operational Costs

o There was an expected increase in engineering and cloud resource costs during the migration and canary phases
(additional ephemeral staging infrastructure, dual write overhead during backfills, and shadow traffic handling).
However, when amortized across reduced outage costs, faster detection response, and fewer incidents, the total cost of
ownership showed favorable ROI in our modeled scenarios.

6. Failure Modes and Observations

o Scenarios where online DDL was insufficient: destructive or incompatible schema changes (column removal that
invalidated older code paths) still required careful planning and phased deprecation. GRA contracts and deprecation
timelines were effective mitigations.

o Data repair complexity after rollback: rolling back a migration that had executed irreversible backfill steps required
dedicated data correction jobs. For this reason, non-destructive migrations were preferred, and destructive operations
required explicit human approvals with enhanced safety checks.

Discussion:

The experimental results support the hypothesis that integrating database upgrade lifecycle and model lifecycle into a
unified, GitHub-automated CI/CD pipeline — governed by GRA contracts and supported by online schema evolution
primitives — materially improves agility and safety in fraud detection operations. The architecture is not a silver bullet:
organizations must weigh costs and invest in observability and automation. For teams with stringent availability
requirements and frequent feature/model churn, however, the benefits are compelling: near-zero downtime migrations,
faster model operations, and much improved auditability.

The generalizability of the approach depends on the database engine capabilities (native MVVCC and/or support for
online DDL) and the maturity of the organization’s CI/CD practices. Companies using legacy monolithic databases
without online DDL primitives will face higher integration costs; in those contexts, the pattern encourages incremental
steps: start with versioning of migrations and automated staging tests, then gradually adopt shadowing and online
migration patterns as infrastructure upgrades permit.
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Finally, the combining of GRA governance with automated CI/CD produced cultural benefits: when change is
auditable and reversible, teams were more willing to iterate, leading to better model performance and more rapid
mitigation of emerging fraud tactics.

VI. CONCLUSION

In this paper, we introduced and validated a unified architecture that integrates Global Reference Architecture (GRA)
governance, online transactional schema evolution techniques, and GitHub-automated CI/CD/MLOps workflows to
support safe, rapid upgrades of cloud-native databases and ML models in large-scale fraud detection pipelines. Our
design places schema changes and migration scripts under the same discipline as application and model code:
versioned, reviewed, tested, and promoted by CI/CD. By leveraging online DDL techniques and staged release patterns
(shadow, canary, blue-green), the architecture achieves near-zero downtime for many classes of schema changes and
dramatically reduces the friction of model deployment.

Key takeaways:

1. Treat schema changes as code. Putting migration scripts and schema definitions in Git and making them subject to
automated validation and review creates reproducibility and auditability — vital properties for regulated financial
environments. Contract testing and explicit deprecation schedules reduce the risk of incompatible changes.

2. Leverage online, transactional schema evolution when possible. The research and experimental results indicate
that modeling DDL as data modifications and reusing MVCC concurrency mechanisms can enable non-blocking
schema changes with modest overhead. Where native DB support exists (or can be implemented), teams should prefer
online migrations to scheduled downtime.

3. Unify data platform and ML lifecycle. Coordinated change management for features and schemas, integrated with
model training and promotion pipelines, reduces coordination errors and time to detection. Shadowing and canary
releases allow safe exposure of new models and provide automated instrumentation to trigger rollback when
performance regresses.

4. Implement observability and automated guardrails. A rigorous monitoring and automated rollback policy is
essential. Operational thresholds should be tied to both system SLOs (latency, error rate) and business metrics (false
positive volume, chargebacks), and these checks must be integrated into CI/CD workflows to permit automated
decisioning.

5. Adopt GRA governance to manage organizational complexity. The GRA approach — with standardized
interfaces, responsibility assignment, and telemetry contracts — facilitates cross-team coordination and reduces the
social friction of complex integrated upgrades.

6. Practical benefits outweigh costs for high-availability, high-risk systems. While implementation requires
investment (tooling, running shadow traffic, and engineering time), the reliability gains, faster model iteration, and
improved compliance posture deliver measurable ROI for large transaction systems with significant fraud risk.

We validated these conclusions through a prototype implementation and experiments that demonstrate reduced
downtime, faster deployment cycles, and fewer emergency rollbacks. The architecture’s constraints and failure modes
(e.g., the need to handle destructive changes, data repair after rollback) were also characterized, leading to practical
mitigations: prefer non-destructive migrations, require explicit approvals for risky operations, and maintain robust
replay/backtest frameworks.

In summary, the proposed Cloud-Native Database Upgrade Architecture with GRA and Machine Learning aligns
contemporary database research with modern CI/CD and MLOps best practices to provide a safe, auditable, and high-
velocity path for evolving fraud detection systems. Organizations seeking to increase model iteration speed while
preserving availability and compliance should consider an incremental adoption of the architecture described herein:
start with versioning and CI for migrations, add shadowing and canary for models, and progressively adopt online DDL
primitives and blue-green strategies to achieve full automation and resilience.

1JRAI©2021 | AnI1SO 9001:2008 Certified Journal | 6198




International Journal of Research and Applied Innovations (IJRAI)

| ISSN: 2455-1864 | www.ijrai.org | editor@ijrai.org | A Bimonthly, Scholarly and Peer-Reviewed Journal |

|IVolume 4, Issue 6, November-December 2021||

DOI:10.15662/1JRAI.2021.0406012

VIl. FUTURE WORK

1. Cross-Region and Multi-Cluster Upgrades. Extend the architecture to support coordinated cross-region schema
and model promotions with consistent cutover semantics and conflict resolution strategies.

2. Automated Causal Validation. Integrate causal inference and counterfactual validation into the CI pipeline to
detect unintended side effects of model changes on downstream business processes and fairness metrics.

3. Stronger Formal Guarantees for Online DDL. Explore formal verification approaches and stronger correctness
proofs for migration engines that ensure invariants across versions during complex backfills.

4. Adaptive Canary Policies. Research dynamic canary sizing algorithms that adapt traffic weights based on early
metric convergence and risk profiles, rather than fixed schedule increments.

5. Data Repair Automation. Build automated, semantically aware data repair systems for rollback scenarios that can
reverse partially applied data transformations without manual interventions.

6. Privacy-Preserving Replay and Testing. Develop privacy-preserving replay mechanisms (e.g., differential privacy
or secure enclaves) to enable realistic staging tests on production-like data without violating privacy constraints.

7. Cost Optimization Strategies. Investigate autoscaling and cost-aware strategies that minimize shadowing and
staging expense while preserving sufficient validation fidelity.
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