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Abstract:

Manual governance and post-deployment validation remain persistent weaknesses in
enterprise data and machine learning delivery pipelines. This paper introduces
POLICY-ML, a policy-as-code enforcement framework for expressing and executing
access governance, lineage rules, deployment approvals, and compliance evidence
requirements across CI/CD and MLOps workflows. POLICY-ML is different from
governance control plane architectures that coordinate controls across the whole
enterprise. Instead, it focuses on policy definition, enforcement logic, and pipeline-level
execution mechanisms that make governance directly enforceable within delivery
workflows. The framework operationalizes governable checkpoints using policy
engines, including OPA, Rego, and Cedar across the data and model lifecycle.
Operational experience in executable policy enforcement across enterprise Al delivery
systems reduces compliance violations by 60-78%, improves audit evidence
completeness by 39-49 percentage points, and cuts compliance reporting effort by 55—

65% compared with manual or legacy validation workflows.

1. Introduction

Regulatory  obligations, internal  compliance
mandates, and the growing need for explainable Al
have placed considerable pressure on enterprise
teams responsible for building and maintaining data
and machine learning delivery pipelines. The
problem is not that organizations lack governance
policies; most have them, but those policies are
rarely embedded in the systems they are meant to
govern. From initial data ingestion through model
training, evaluation, and production deployment,
every stage in a modern ML pipeline carries
governance exposure. When that exposure goes
unmanaged at the pipeline level, the resulting
accumulation of audit gaps, undocumented lineage,
and inconsistent approvals eventually surfaces as a
regulatory liability or an operational trust failure.
The evidence for this pattern is well documented
across enterprise Al deployments [1].

What makes this particularly difficult is the pace at
which  modern  delivery pipelines  operate.
Continuous integration and delivery pipelines
execute dozens of model versions per day in high-
velocity environments. Manual review gates,
however well intentioned, cannot keep up with that

cadence without becoming either bottlenecks or
rubber stamps. Post-deployment audits catch
problems only after they have materialized in
production, the data was used, an evaluation step
was skipped, or a deployment proceeded without
proper sign-off. The reactive nature of these
approaches is their fundamental limitation [2].
Policy-as-code offers a different way to think about
this problem. Rather than organizing governance
around human review points that sit alongside
pipelines, policy-as-code expresses governance
rules as machine-executable artifacts that live
within the pipeline itself. Access controls, data
lineage requirements, model evaluation criteria, and
deployment approval conditions all become
checkpoints that the pipeline must pass before it
can proceed. Governance stops being a function
someone performs on top of the delivery system
and becomes a structural property of the system
itself.

This paper describes POLICY-ML, a policy-as-
code enforcement framework built specifically for
data and ML pipeline environments. The
framework covers four core areas: structured policy
definition using industry-standard languages,
enforcement checkpoints embedded at deterministic
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pipeline stages, verifiable audit evidence generated
automatically from every enforcement decision,
and consistent governance behavior across
distributed multi-tenant delivery infrastructure.
Sections 2 and 3 establish the background and
framework architecture. Sections 4 through 7 cover
the core components in detail. Sections 8 and 9
present operational observations and open
challenges. Section 10 concludes the paper.

2. Background and Related Work
2.1 Governance Gaps in MLOps Pipelines

MLOps as a discipline has matured considerably
over the past several years. Platforms like MLflow,
Kubeflow, and Vertex Al now offer well-developed
abstractions for experiment tracking, model registry
management, and serving infrastructure that have
become standard in enterprise Al delivery. What
these platforms have not solved, and what most
production deployments still handle poorly, is the
governance layer. Access controls on registry
operations exist, and some platforms offer manual
approval gates for model promotion workflows. But
systematic  enforcement across data access
decisions, feature transformation steps, evaluation
requirement  completeness, and deployment
authorization remains largely absent from the
typical production MLOps stack [3]. The
consequence of this gap is that compliance in most
Al delivery environments depends on individual
practitioners following documented procedures
correctly, consistently, and without oversight. That
approach works until the team grows, the release
cadence accelerates, or someone takes a shortcut
under deadline pressure. The resulting audit
fragility is not a people problem; it is a structural
one.

2.2 Policy-as-Code and Decision Automation

The application of machine-executable policy to
governance decisions has gained traction across
multiple domains. In infrastructure management,
tools like HashiCorp Sentinel and Open Policy
Agent established that resource provisioning rules,
network access policies, and identity controls could
be expressed as declarative, version-controlled
artifacts evaluated at runtime rather than reviewed
manually at deployment time. These approaches
consistently demonstrated the ability to make
governance decisions at scale, with complete audit
traceability, a feat that manual review processes
often struggle to achieve. Extending this model to
data and ML pipeline workflows requires adapting
these techniques to the specific decision contexts of
that domain: training data authorization, evaluation
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completeness, lineage validation, and deployment
attestation [4].

2.3 Regulatory and Compliance Drivers

Compliance obligations around Al are no longer
vague aspirations toward responsible behavior.
Frameworks like the EU Al Act, GDPR’s Article
22 on automated decision-making, HIPAA’s data
access accountability provisions, and the Federal
Reserve’s SR 11-7 model risk guidance carry real
teeth; they name specific artifacts that organizations
must produce, the conditions under which those
artifacts must be generated, and the records that
must survive an audit. Organizations that treat these
as documentation exercises rather than operational
requirements tend to discover the gap at the worst
possible moment. What makes this relevant to
pipeline design is that the events regulators care
about—who accessed which training data, whether
a model was properly evaluated before staging, and
who authorized a production deployment and
when—are the same events that pipeline stages
either record cleanly or let pass undocumented.
POLICY-ML is built on the premise that
governance checkpoints and regulatory evidence
requirements are not separate concerns; they are the
same concern addressed at the right level.

3. POLICY-ML Framework Architecture
3.1 Architectural Overview

POLICY-ML is organized around four layers that
together cover the full lifecycle of governance
enforcement. The Policy Definition Layer provides
the authoring environment and schema registry for
organizational policies, expressed in OPA Rego,
Cedar, or POLICY-ML’s own Intermediate Policy
Language. The Enforcement Engine Layer runs the
runtime  evaluation  services that receive
enforcement requests from pipeline systems, assess
them against the active policy bundle, and return
structured authorization decisions. The Pipeline
Integration Layer contains the connectors, webhook
adapters, and SDK integrations for CI/CD
platforms, GitHub Actions, GitLab CI, Jenkins, and
Tekton, as well as MLOps platforms including
MLflow, Kubeflow Pipelines, and Amazon
SageMaker Pipelines. The Audit Evidence Layer
captures every enforcement decision with its
associated context, organizing the records into
tamper-evident bundles suitable for regulatory
submission [5].

The layers communicate through well-defined
interfaces,  which matters ~ for  adoption.
Organizations do not need to rebuild their delivery
infrastructure  to  incorporate  POLICY-ML
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enforcement. They add enforcement checkpoints to
existing pipeline definitions and connect them to
the enforcement engine, which can be deployed on-
premises, in-cloud, or in a hybrid configuration
depending on data residency requirements.

3.2 Design Principles

Five principles govern POLICY-ML’s design.
Enforcement-by-default means that any pipeline
stage tagged as requiring governance coverage
must receive an affirmative enforcement decision
before execution; the absence of a decision is
treated as a denial, not a pass. Policy-data
separation keeps policy logic cleanly isolated from
the context objects it evaluates, the practical benefit
being that a policy written for one environment
does not need to be rewritten when data
configurations change underneath it. Verifiable
evidence means every enforcement decision leaves
behind a cryptographically signed, timestamped
record that holds up under independent scrutiny,
with no dependency on the enforcement service that
produced it. Declarative expression is preferred
over imperative logic wherever possible, because
rules written declaratively can be read and
challenged by a compliance officer or auditor, not
just parsed by a machine. Composable enforcement
rounds this out by allowing policies from
organizational, regulatory, and domain-specific
authorities to coexist and stack without collapsing
into a single unmanageable monolith [6].

4. Policy Definition and Language Support
4.1 Policy Authoring in Rego

Governance decisions in ML pipelines are rarely
binary. Deciding whether a model is ready for
staging, for example, involves checking evaluation
completeness across multiple dimensions, verifying
that the right people signed off at the right time, and
confirming that training data met lineage
requirements before the job ran. Simpler access
control languages handle identity and permission
guestions reasonably well, but they were not
designed for logic of this kind. OPA Rego fills that
gap within POLICY-ML — it handles structured
data traversal, layered conditional evaluation, and
hierarchical rule composition in a way that maps
naturally onto the kinds of governance questions
that data and ML pipeline stages actually need to
answer.

To make policy authoring consistent, POLICY-ML
ships a Rego schema library that defines standard
input objects for each pipeline stage category: data
access requests, feature transformation jobs,
training invocations, evaluation result packages,
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staging promotion requests, and production
deployment approvals. Take model staging
promotion as a worked example. The governing
Rego policy might require that the submitted
evaluation report documents bias assessment results
across designated protected attribute groups,
confirms that performance metrics cleared defined
acceptance thresholds, includes a distribution shift
analysis comparing training and current serving
data, and carries a timestamped approval from a
credentialed reviewer. Rather than bundling these
into a single pass/fail gate, each requirement is its
own rule [7]. When a request fails, the response
tells the pipeline team exactly which rule was not
satisfied and which attribute triggered it.

4.2 Cedar for Attribute-Based Access Control
and IPL Support

Cedar handles the access control layer within
POLICY-ML, particularly for data access and
model artifact authorization scenarios where
decision throughput matters. Cedar policies bind
data sensitivity classifications, geographic handling
restrictions, and purpose limitations to principal
attributes, team membership, project affiliation, and
compliance certification status, and evaluate access
decisions against this attribute space at low latency.
The formal verification tooling that ships with
Cedar is exposed within the POLICY-ML
development environment, giving policy authors
the ability to check their access policies for internal
consistency before deployment. In regulated
industries where policy correctness is itself a
compliance obligation, this capability is not
optional; it is a necessity [8].

For teams that want a single authoring surface
rather than working in both Rego and Cedar,
POLICY-ML provides an Intermediate Policy
Language expressed in structured YAML aligned
with ML pipeline domain concepts. IPL policies
compile to Rego or Cedar based on metadata
annotations. Common  governance  patterns,
evaluation completeness requirements, lineage
assertions, and role-based deployment gates can be
authored in IPL without Rego expertise, while
complex scenarios can drop directly to native Rego
when required.

Table 1 summarizes the policy language options
available within POLICY-ML, comparing Rego,
Cedar, and the Intermediate Policy Language across
key authoring and enforcement dimensions.

5. Pipeline Enforcement Mechanisms
5.1 Governance Enforcement Checkpoints

POLICY-ML defines a canonical set of
Governance Enforcement Checkpoints (GECs) that
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correspond to the governance-significant transitions
in data and ML pipelines. Each GEC type ships
with an input schema that specifies which
contextual attributes an enforcement request must
include. This is a deliberate design choice: when
policy authors know the shape of the input they are
writing against, they can write deterministic rules
rather than defensive code that guards against
missing fields [9].

Enforcement requests reach the POLICY-ML
Enforcement API carrying the GEC type, the
requesting principal’s identity, a pipeline run
identifier, and a structured context payload
assembled from runtime state. The engine runs the
active policy bundle against this input and sends
back a decision object containing the authorization
outcome, a list of the specific rules evaluated and
their individual results, the policy bundle version
that produced the decision, and a tamper-evident
decision token for audit purposes. Every
enforcement decision is self-documenting
anyone reviewing the audit record later can
reconstruct the governance logic that applied at that
moment, even if the policy bundle has been updated
since.

Table 2 maps all eleven standard GEC types to their
pipeline phase, governance scope, and the policy
language best suited to each checkpoint.

5.2 CI/CD and MLOps Integration

Each major CI/CD platform has a native integration
path. GitHub Actions users get pre-built workflow
steps for every standard GEC type, dropping
POLICY-ML enforcement into existing workflows
through declarative step configuration. The GitLab
Cl integration works differently — a runner
extension sits at stage transitions and injects
enforcement requests before jobs execute, meaning
existing job definitions do not need to be touched.
Jenkins shops receive a Shared Library with
Groovy DSL functions for each GEC type, so
enforcement calls read like any other pipeline step
rather than something bolted on from outside [10].

Within MLOps platforms, the MLflow integration
wraps the Model Registry transition APl with an
enforcement interceptor that blocks stage
transitions  without  affirmative  authorization
decisions. Model registration events trigger lineage
policy evaluation before accepting the registration.
Kubeflow Pipelines integration is available as a
pipeline component insertable at any stage. The
SageMaker Pipelines integration implements
enforcement as a Lambda-backed condition step
consistent with SageMaker’s native conditional
execution model. Across all integrations,
enforcement failures produce output that names the
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violated rule and the specific attribute that caused
the failure.

6. Compliance, Auditability, and Trust
6.1 Structured Audit Evidence Generation

Each POLICY-ML enforcement decision produces
a structured evidence record containing the full
enforcement request context, the policy bundle
version evaluated, the authorization outcome, the
result of every individual policy rule evaluated, the
requesting principal’s identity, a precise timestamp,
and a cryptographic signature tying the record to
the enforcement service instance. These records are
written to the POLICY-ML Audit Evidence
Repository, which uses an append-only storage
model with cryptographic hash chaining across the
evidence history, providing tamper detection
without relying on access controls alone [ll].
Compliance Report Generator tooling assembles
the records associated with any pipeline run into
structured reports mapped to the obligation
categories of designated regulatory frameworks,
replacing the manual evidence-gathering process
that typically consumes significant audit
preparation time.

6.2 Lineage Rule Enforcement and Deployment
Attestation

Lineage enforcement works through integration
with data catalog platforms, Apache Atlas,
DataHub, and Google Cloud Data Catalog, where
POLICY-ML queries catalog APIs to retrieve
lineage metadata for evaluation against active
lineage policies. Those policies specify what
documentation must exist: source system
registration, transformation step provenance, data
sensitivity classification propagation, and retention
policy alignment. A model without complete
lineage documentation in the catalog cannot
advance through staging or production gates,
regardless of its technical performance. The model
artifact enforcement layer extends the same logic to
require that registered models document training
dataset lineage, preprocessing history, feature
engineering provenance, and hyperparameter
configuration in formats that satisfy POLICY-ML’s
lineage schema [12]. Deployment attestation adds a
second verification layer. Deployment authorization
decisions within POLICY-ML require signed
attestations from designated organizational roles,
bound to approver identity through organizational
identity provider tokens. Conditional approvals,
authorizations granted subject to specific post-
deployment monitoring conditions, are resolved
through the monitoring assertion GEC, which
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verifies that required observability configurations
are actually running and compliant before
production traffic is permitted.Table 3 provides a
comparative analysis of POLICY-ML's governance
enforcement approach against three alternative
governance methods across dimensions relevant to
enterprise Al delivery compliance.

7. Operational Experience and Evaluation
7.1 Deployment Environments

POLICY-ML was deployed and observed across
three enterprise Al delivery environments that
differ meaningfully in their regulatory context,
platform choices, and delivery cadence. The first is
a financial services organization operating under
SR 11-7 requirements for managing model risk,
running a Kubeflow-based MLOps platform that
handles model deployments spanning credit risk
scoring, fraud  detection, and  customer
segmentation workloads. The second is a healthcare
technology organization navigating both HIPAA
data-handling obligations and FDA Software as a
Medical Device guidance, using Amazon
SageMaker Pipelines to deliver clinical decision
support models. The third is a technology enterprise
running multi-cloud delivery infrastructure across
AWS and Google Cloud with GitHub Actions—
based CI/CD, producing ML model versions across
recommendation,  ranking, and  forecasting
workloads [13].Prior to POLICY-ML deployment,
each environment relied on a combination of
periodic manual audits and CI/CD quality gates
designed to catch technical defects rather than
governance gaps. Post-deployment compliance
reviews regularly identified the same recurring
categories of deficiency: incomplete model
evaluation documentation, missing bias assessment
records, unverified training data lineage, and
production promotions that bypassed standard
approval processes through emergency change
paths.

7.2 Governance Outcomes and Observations

Following POLICY-ML deployment, enforcement
at GEC checkpoints shifted compliance deficiency
— detection from post-deployment audit discovery
to pre-deployment pipeline enforcement across all
three environments. In the financial services
environment, SR 11-7 model validation evidence
coverage increased from 61% to 94% (a 33
percentage point improvement), — while bypass-
path deployments that previously circumvented
approval controls were reduced by 78%. Audit
report preparation time decreased by 55-65%,
attributable to the structured machine-readable

4464

format of POLICY-ML evidence records replacing
manual evidence-gathering.In  the healthcare
environment, training data lineage completeness
improved from 47% to 96% (+49 pp), driven by
lineage policy enforcement blocking model
registration for artifacts with incomplete catalog

documentation. HIPAA access accountability
coverage reached 97% (up from 58%), and the
overall compliance deficiency rate fell by
approximately  70%. For the  healthcare
environment, pre-deployment detection
improvement is reflected through lineage

completeness and HIPAA coverage metrics rather
than a unified deficiency detection rate, owing to
the distributed nature of SaMD compliance
obligations. The technology enterprise environment
showed pre-deployment deficiency detection rates
rising from approximately 30% to 91% (+61 pp),
with post-deployment audit findings reduced by 60-
75% and audit evidence completeness improving
from 52% to 93% [14].Enforcement latency across
both OPA Rego and Cedar evaluation paths was
assessed as operationally acceptable within CI/CD
and MLOps pipeline contexts, where enforcement
decisions represent a small fraction of total stage
execution time. Cedar-based access control
decisions had less latency than Rego-based
evaluations, which is consistent with Cedar’s
design goal of handling high-throughput
authorization workloads.

Table 4 summarizes the governance profile of each
deployment environment, the primary regulatory
obligations addressed, and the quantitative
governance  outcomes  observed  following
POLICY-ML deployment.

8. Challenges and Future Directions

8.1 Policy Authoring and

Organizational Alignment

Complexity

Despite the governance benefits POLICY-ML
delivers, adoption is not frictionless. Rego’s
evaluation model, powerful as it is, is not intuitive
for practitioners without experience in functional or
logic programming paradigms. Governance authors
who understand what rules they want to enforce
often struggle to express those rules correctly in
Rego  without engineering  support.  The
Intermediate Policy Language mitigates this
challenge for common governance patterns, but
complex scenarios still require Rego proficiency.
Future development will focus on a validated policy
template library for common regulatory compliance
scenarios and a structured natural language
interface that generates Rego drafts from plain-
language governance requirement descriptions for
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expert review [15]. Keeping policies aligned with
organizational intent over time presents a subtler
and more challenging problem that requires more
than just tooling. A policy bundle deployed several
months ago reflected what the governance team
understood about their obligations at that moment.
Since then, a regulatory interpretation may have
shifted, an internal risk committee may have
tightened its standards, or a new data classification
requirement may have been introduced without
anyone updating the corresponding Rego rules.
POLICY-ML’s lifecycle management tooling
tracks policy bundle versions against governance
documentation and flags divergence, but
automatically inferring whether a policy still
reflects current organizational intent remains
genuinely unsolved. Tighter integration with GRC
platforms, where obligation registries could push

functional data sharing agreements, or multi-
jurisdiction regulatory requirements, expose a
limitation in POLICY-ML’s current architecture.
Policy bundle composition across multiple
authorities is supported, but hierarchical precedence
resolution when policies from different governance
levels conflict is not yet handled natively. Future
work will address this through federated policy
federation protocols and trust chain verification for
multi-party delivery contexts.The explainability gap
is a separate but equally important limitation.
POLICY-ML’s audit evidence records capture
which rules determined an enforcement outcome,
but those records are structured machine-readable
artifacts, not explanations that a regulatory
examiner or audit committee can readily interpret.
Generating natural language decision narratives
from enforcement traces, calibrated to the audience

updates that propagate into policy bundle revisions, and regulatory context, represents an active
is where this work is headed. development area. This capability is especially
relevant as emerging Al governance frameworks
place increasing weight on documented human
oversight of automated governance decisions [16].

8.2 Federated Governance and Decision

Explainability

Multi-organizational Al delivery pipelines, those
involving third-party model providers, cross-

Table 1. POLICY-ML policy language comparison across authoring and enforcement dimensions [7][8].

Dimension OPA Rego Cedar IPL (YAML)
Primary use Complex conditional logic ABAC / access control Domain-aligned authoring
A“thO”F‘g High Moderate Low
complexity

Formal verification Limited Built-in Via compilation target

Evaluation latency Moderate Low Depends on target

Evaluation, lineage, Data access, artifact

ML pipeline fit deployment authorization

All GEC types (template-driven)

Version control Native (bundle) Native Compiles to Rego/Cedar

Table 2. Governance enforcement checkpoint types, pipeline phase, governance scope, context attributes, and primary

policy language [9][10].
Lo . Primary
GEC ID Pipeline Phase Governance Scope Key Context Attributes
Language
DATA- Ingestion Training data read Data sensitivity, principal role, Cedar
ACCESS-001 g authorization purpose
DATA- Ingestion PII handling compliance Data classification, consent Cedar
ACCESS-002 g 9 P flags, geo-restriction
FEAT-TRANS- Feature Transformation provenance | Source lineage completeness,
S . L Rego
001 Engineering assertion catalog registration
FEAT-TRANS- Feature Feature-store write Principal credentials,
T o o . Cedar
002 Engineering authorization sensitivity propagation
TRAIN-001 Training Tralnlng_-Job_ data Approved datfaset version, Rego
authorization lineage chain verified
TRAIN-002 Training Compute-_resource Cost cgnter, quota, Cedar
compliance environment
EVAL-001 Evaluation Evaluation-completeness Bias, drift, thresh_old, reviewer Rego
enforcement attestation
REG-001 Model Registry | Model-artifact registration Lineage-schema compliance, Rego
metadata completeness
STAGE-001 Staging Staging-promotion Evaluation completeness, Rego
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authorization

approver identity, policy
version

DEPLOY-001 Production

approval

Deployment attestation and

Signed attestations,

monitoring-config assertion Rego

MONITOR-001 Production

assertion

Post-deploy monitoring

Observability config active,

alert thresholds set Cedar

Table 3. Comparative analysis of governance enforcement approaches for Al delivery pipelines [11][12].

Dimension POLICY-ML

Manual Review

Post-Deploy Audit Platform-Native

Gates Controls
Enforcement Pre-execution (pipeline- | Pre-execution (human- Stage transition
timing embedded) in-loop) Post-deployment (limited)
Consistency at Determ!nlstlc: policy- Practitioner-dependent | Retrospective only Platform-scoped
scale engine-driven

Audit evidence Auto-generated,

Manual documentation

Reconstructed post- Partial; platform logs

cryptographically signed hoc only
Re_gulatory Structured reports per Requires manual Requwes: Not framework-mapped
alignment framework mapping reconstruction
Failure c_ietectlon Before stage execution Before stage execution After_ production At transition (limited
point (variable) impact Scope)
. — Full lifecycle Document version .
Policy versioning management control N/A Platform release-tied

Multi-platform
coverage

Cross-platform via
integrations

Process-dependent

Manual aggregation Single platform only

Table 4. Deployment-environment governance profiles and quantitative outcomes [13][14].

Environment Reg.ulat_ory MLOps Platform Primary Outcomes (p_ost- Key Metrics
Obligations deployment vs. baseline)
SR 11-7 evidence coverage Byrizsj éggﬂ;fsci/eoplsé?gnts
. . 0 o/ ;
Financial SR 11-7, SOX Kubeflow + 33 pp (61%—94%); audit | 2160 detected pre-
Services ML flow preparation time reduced .
deploy increased from
55-65%
~35% to ~92%
Training-data lineage HIPAA access-
Healthcare HIPAA, FDA SageMaker completeness +49 pp accountability Coverage
ocV _ ) +39 pp (58%—97%);
Technology SaMD Pipelines (47%—96%); compliance i
deficiency rate reduced 70% manual audit effort
reduced ~60%
detoniont 0o 319, | Poskieploy audi
Technology Internal Al GitHub Actions, (+61 ) ) eviodence ’ findings reduced 60—
Enterprise governance, GDPR multi-cloud Pp); 75%; GDPR data-access
completeness +41 pp violations reduced 65%
(52%—93%)

9. Conclusions

POLICY-ML demonstrates that governance can be
made structurally executable within data and
machine learning delivery pipelines rather than
layered on top of them as an advisory function. By
encoding access controls, lineage requirements,
evaluation completeness conditions, and
deployment approval obligations as version-
controlled policies evaluated at deterministic
Governance  Enforcement  Checkpoints, the
framework removes the dependency on practitioner
discipline that makes manual governance
approaches  brittle at scale.  Operational
observations across financial services, healthcare,
and technology environments confirm that this
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approach produces consistent and measurable
improvements: compliance deficiency detection
before deployment increased by 55-61 percentage
points, audit evidence completeness improved by
33-49 percentage points, and compliance reporting
effort was reduced by 55-65% across observed
deployments. The integration model, native
connectors for major CI/CD and MLOps platforms,
policy engines with established industry adoption,
and an append-only tamper-evident evidence
repository allow organizations to incorporate
enforcement-first governance into existing delivery
infrastructure without rebuilding the underlying
platforms. The EU Al Act’s Article 9 risk
management obligations, which require high-risk
Al systems to maintain continuous, documented
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risk management processes throughout the system
lifecycle, are directly addressed by POLICY-ML’s
pipeline-embedded enforcement model, which
generates verifiable evidence of risk controls at
every governance-significant stage transition. As
the regulatory environment for Al systems
continues to expand and tighten, the capacity to
enforce governance at the pipeline level rather than
audit for it after the fact will increasingly
distinguish organizations that sustain compliant Al
delivery from those that manage a recurring cycle
of compliance remediation.
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