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Abstract

Asset-heavy organizations increasingly use machine learning to prioritize inspections, predict equipment
failures, route technicians, classify site risk, forecast parts demand, and optimize field operations. These
models influence costly physical work: dispatching crews, stopping machines, ordering parts, delaying
jobs, or escalating safety reviews.

In these environments, the hard problem is not only training a useful model. The hard problem is
controlling when a model is allowed to affect production operations. A model registry stores versions and
metadata, but a production gate determines whether a model can move from validation into operational
use.

This paper explains how model registries, validation evidence, promotion gates, rollback controls, and
decision logs work together for field-service, construction, mining, and other asset-heavy operations. It
also explains how Cendryva turns model promotion from a loose handoff into a governed operating
workflow.

Executive Summary

Asset-heavy operations face a different kind of ML risk. A bad recommendation may not just reduce click-
through rate or create an inaccurate dashboard. It may send a technician to the wrong site, delay critical
maintenance, over-prioritize low-risk equipment, miss a safety signal, or create unnecessary downtime.

Teams need to answer:

e Which model version is approved for each region, asset class, or workflow?
e What validation evidence supported promotion?

e Which operational metrics must stay healthy after deployment?
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e Who approved the model for production use?
e Can the system roll back quickly if field outcomes degrade?
e Can operators reconstruct which model influenced a specific dispatch, inspection, or maintenance

recommendation?

Cendryva addresses this gap by connecting the model registry to production observability, decision logs,
drift monitoring, condition classification, and rollback workflows. Instead of treating model registration as
the finish line, Cendryva treats it as the start of controlled operational deployment.

Why Model Registries Are Necessary but Not Sufficient

A model registry provides a central place to track model artifacts, versions, metadata, lineage, aliases,
and lifecycle state. That is necessary for any serious ML program. But a registry alone does not guarantee
production readiness.

Production readiness requires answers that go beyond "a model exists":

e Has it been validated on the right asset classes?

e Was it tested against recent field conditions?

e Does it meet latency and reliability requirements?

e Are the required features fresh and available?

e Does it behave acceptably across regions and operating environments?
e Are rollback and fallback procedures defined?

e Does the deployment have business-owner approval?

e Are decision logs and monitoring connected before rollout?

A production gate is the control point that enforces these requirements before a model can influence real
operations.

Industry Focus: Field Service and Maintenance Operations

Field-service organizations use ML to prioritize jobs, predict failures, estimate technician duration,
recommend parts, and optimize routes. The operational cost of a wrong model can be immediate: missed
service-level commitments, repeat truck rolls, idle technicians, unavailable parts, and dissatisfied

customers.

For example, a predictive maintenance model may rank assets by failure risk. Before that model can
change dispatch priority, the organization needs to know:

e whether the model was validated on the relevant asset families

e whether regional climate or usage patterns affect performance
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e whether parts availability is incorporated
e whether technician feedback can override the recommendation
e whether high-risk recommendations are logged for review
e whether the model can be suppressed if false positives spike
Cendryva provides the connective tissue between model promotion and operational monitoring. It helps

teams move from "the model passed offline validation" to "the model is approved, observed, reversible,

and accountable in field operations."

Industry Focus: Construction and Capital Projects

Construction teams can use ML for schedule risk, safety observations, equipment utilization, site
logistics, subcontractor performance, and material delivery forecasts. These workflows are messy
because each project has different constraints, crews, timelines, weather, vendors, and local rules.

A production gate for construction ML should consider:

e project type and phase

e site conditions and geography

e subcontractor mix

e safety-critical use cases

e data freshness from field systems

e human review requirements

e escalation thresholds

e post-deployment outcome tracking
Cendryva can map these considerations into model metadata, promotion criteria, decision logs, and
condition-based monitoring. A site operations leader can see not only that a schedule-risk model was

deployed, but where it is authorized, how it is performing, and which recommendations changed project
workflows.

Industry Focus: Mining and Heavy Equipment

Mining and heavy equipment operations run in harsh environments with high asset cost, safety
implications, intermittent connectivity, and specialized operating conditions. Models may predict
component failure, classify haul-road risk, detect abnormal telemetry, or recommend maintenance
windows.

For these teams, promotion controls should include:

e equipment type and telemetry coverage
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e operating environment and duty cycle

¢ validation by site or mine

e edge deployment constraints

e safety review requirements

e downtime impact analysis

e fallback rules when connectivity is limited

e decision logging for maintenance and safety review

Cendryva supports this operating model by tying model version, asset context, inference telemetry, drift

signals, and decision history together. That makes model behavior reviewable in the language of

maintenance, safety, and production rather than only in ML metrics.

What a Production Gate Should Enforce

A production gate should be explicit, testable, and connected to the workflows the model will affect.

Typical gate requirements:

Gate area

Artifact integrity

Validation

Segment coverage

Feature readiness

Latency

Safety and policy

Observability

Owner approval

Rollback

Post-launch review

Example requirement

Model artifact hash and version are recorded

Performance meets workflow-specific thresholds

Model is validated for the target region, asset class, or project type

Required inputs are fresh and available in production

Inference fits the operational decision window

High-impact recommendations require review or guardrails

Metrics, traces, drift monitors, and decision logs are active

Business and technical owners approve promotion

Previous known-good model and fallback behavior are defined

Monitoring window and success criteria are scheduled

The gate should not be a spreadsheet outside the system. It should be part of the operational platform so

promotion evidence, runtime behavior, and rollback decisions remain connected.

From Model Registry to Production Gate: ML Promotion Controls for Asset-Heavy Operations

Page 4 of 10



Registry Metadata That Matters

A useful registry entry for asset-heavy operations should capture more than model name and version.

Important fields include:

model artifact hash
training data window
validation data window
asset classes covered
geography or operating environment
approved workflow
feature schema
required data freshness
validation metrics
latency benchmark
reviewer and approver
promotion date
rollback target
monitoring policy

drift baseline

decision-log schema

These fields let teams answer whether a model is approved for a specific operational context, not merely

whether it exists.

Champion, Challenger, and Regional Rollout

Asset-heavy operations often need gradual deployment. A model may perform well in one region, asset

class, or project type before it is trusted everywhere.

Common rollout patterns:

Champion only: existing approved model serves all production traffic.

Challenger shadow mode: new model scores events without affecting decisions.

Limited region rollout: model influences decisions in one operating area.
Asset-class rollout: model applies only to validated equipment types.
Human-review rollout: model recommendations require approval before action.

Full promotion: model becomes the primary production version.
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Cendryva can support these patterns by linking rollout stage, model version, affected cohort, decision
logs, and operational conditions. That lets teams compare challenger behavior without losing traceability.

Decision Logs as Promotion Evidence

Promotion does not end at deployment. The first production window is part of validation.
Decision logs should record:

e model version

e asset, project, site, or route context

o feature freshness

e recommendation or score

e confidence or threshold state

e policy checks

e human override

e work order, dispatch, or maintenance outcome
¢ latency and runtime metadata

e trace ID and timestamp

These logs let teams compare what the model recommended with what happened in the field. They also
support rollback review when downstream outcomes degrade.

Observability After Promotion

A production gate should require monitoring before the model is allowed to influence operations.
Post-promotion monitoring should include:

e request volume by model version

e inference latency

o feature freshness

e missing input rate

e prediction distribution

e drift by region or asset class

e override rate

o field outcome metrics

e false-positive and false-negative indicators where available

e operational condition changes
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e rollback triggers

The point is to catch problems while the organization can still respond, not after the model has quietly
influenced weeks of operational decisions.

Rollback and Suppression

Rollback should be boring. If a promoted model creates operational risk, teams should already know how
to revert.

Rollback plans should define:

e previous known-good model
e traffic routing change

o fallback rules

e decision-log continuity

e owner approval path

e communication workflow

e post-rollback review

e criteria for re-promotion

Suppression is different from rollback. A model may be temporarily suppressed for a region, asset type, or
workflow while remaining active elsewhere. This is especially useful in asset-heavy operations where local
conditions can break assumptions without invalidating the model globally.

Cendryva Promotion Control Architecture

flowchart LR
Training[Training pipeline] --> Registry[Model registry]
Registry —-—> Validation[Validation evidence]
Validation -—> Gate[Production gate]
Gate ——> Deploy[Controlled deployment]
Deploy ——> Decisions[Decision logs]
Deploy ——> Metrics[Runtime telemetry]
Decisions ——> Review[Operational review]
Metrics —-—> Conditions[Condition classification]
Conditions ——> Action[Promote, monitor, suppress, or rollback]
Action ——> Registry

Cendryva connects registry state, validation evidence, production telemetry, decision logs, and
operational response. That turns model promotion into a closed loop rather than a one-way release event.
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Implementation Checklist

Teams building production gates for asset-heavy ML should define:

e model registry metadata schema

e artifact format and validation process
e workflow-specific promotion criteria
e segment coverage requirements

e feature freshness requirements

e latency and reliability thresholds

e decision-log schema

e rollout stages

e human approval rules

e drift baseline and monitoring windows
e rollback and suppression criteria

o field outcome metrics

e owner review cadence

e evidence retention policy

Conclusion

Model registries organize ML artifacts. Production gates make those artifacts operationally accountable.

For field service, construction, mining, and other asset-heavy operations, this distinction matters. Models
do not only produce predictions; they influence crews, equipment, schedules, safety reviews, and
expensive physical decisions.

Cendryva helps teams bridge the gap between ML development and operational deployment. By
connecting model registry metadata, validation evidence, production gates, decision logs, drift
monitoring, and rollback workflows, Cendryva gives organizations a controlled way to put models into
production without losing accountability.

The result is not slower innovation. It is safer, more repeatable model deployment for operations where
the cost of uncontrolled change is too high.

Scope and Limitations

This is a vendor-authored paper from Cendryva. It is intended as a practitioner reference for ML platform
teams, operations leaders, and asset management functions designing model promotion controls for field
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service, construction, mining, and similar asset-heavy environments. It is not independent academic
research and it is not endorsed by any regulator or standards body.

In scope: model registry metadata, validation evidence, production gate criteria, champion-challenger
and segmented rollout patterns, decision logging, post-promotion observability, rollback, and
suppression workflows.

Out of scope: training data engineering, specific algorithm selection, hardware design for edge ML, asset-
specific physics-of-failure modeling, safety case development, and detailed reliability engineering
methodology.

This paper is not legal, safety engineering, regulatory, or model risk advice. Industries discussed (mining,
construction, utilities, transportation, and other asset-heavy sectors) are subject to varied jurisdictional
rules covering worker safety, equipment certification, environmental compliance, and Al governance.
Examples include OSHA and MSHA regulations in the United States, the EU Machinery Regulation, and
emerging Al-specific rules such as the EU Al Act. Engage qualified counsel, safety, and risk functions
before adopting any gate, threshold, or rollback policy described here.

MLOps tooling, registry capabilities, and Al governance frameworks continue to evolve. References reflect
publicly available sources at the publication date in the metadata above. Re-check current versions
before relying on any specific feature, schema, or workflow.

Empirical statements about benefit, rollout speed, and operational impact are illustrative patterns drawn
from design discussions and reference deployments. They are not audited outcomes from a specific
deployment and should not be cited as measured improvements without organization-specific evaluation.
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