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ABSTRACT: Governance-aligned Generative Al (GenAl) systems enable enterprise-grade GenAl capabilities by
embedding governance safeguards directly into GenAl pipelines. Such pipelines instantiating enterprise workflows
mitigate GenAl risks in GenAl model choices, foundation datasets, user prompts, and output consumption. Decisions
regarding these GenAl pipeline elements should be made with the same formal structures and rigor applied to enterprise
decision-making. A wealth of governance-aligned GenAl pipelines applied to enterprise processes would deliver
comprehensive enterprise workflow intelligence at a fraction of the cost of traditional GenAl implementations.

For enterprises to harness Generative Al (GenAl) safely, enterprise governance objectives for GenAl must be realised.
Candidates address the five enterprise corporate governance objectives—compliance, risk management, strategic
alignment, performance and accountability—iteratively for all GenAl pathways; in computer science parlance, the task
is to devise a breadth-first search through the enterprise GenAl pipeline graph. A foundational support system is a
community-shared catalog of representative governance-aligned pipeline instances that address specific enterprise
workflows or aspects thereof, deployed enterprise, domain or solution-wide with appropriate safeguards or controls.
Candidate pipelines should instantiate enterprise workflows; the assets used in the pipeline or any GenAl input or output
that may pose risk or compliance issues require particular attention. Enterprise workflows are risk scenarios against which
GenAlI adoption should be justified; pipeline adoption a risk-control measure.

KEYWORDS: Enterprise GenAl Governance, Small Language Models (SLMs), Workflow Intelligence Automation,
Governance-Aligned Al Pipelines, Responsible Enterprise AI,AI Compliance and Risk Management, Lightweight
Language Models, Enterprise Workflow Orchestration, Secure Al Decision Systems, Explainable Al for Enterprises.

L. INTRODUCTION

Generative Artificial Intelligence (GenAl) is becoming a prominent area for enterprise innovation, but the associated
risks take center stage when businesses consider adopting these systems for production use. Governance gaps often hinder
the authoring and deployment of Al solutions. The demand for compliance and risk management, along with the
opportunities for governing support, is complex. Therefore, the design of GenAl systems should align them with
enterprise governance requirements and instantiate measures to ensure that GenAl systems fulfill these requirements over
their lifecycles.

Once designed, these pipelines can be used by various classes of end users to address the demand for Generative Al
without the appropriate technical capabilities or expertise to interact with GenAl systems. Such end-user capabilities may
include management, operational, or support functions in a broad range of enterprise workflows. Enterprise workflow
intelligence is defined as the ability to support the intelligence needs of enterprise workflows, including the development
of questions, generation of answers, and insights gleaned from the generation of answers. Do structured governance
controls support enterprise workflow intelligence with Generative AI? The answer is yes. Governance-aligned GenAl
pipelines for developing and deploying GenAl applications within enterprise workflows serve as an appropriate,
advanced structure for addressing end-user enterprise workflow intelligence needs.
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Safety

Attack success rate; Lower is better

II. THEORETICAL FOUNDATIONS OF ENTERPRISE GOVERNANCE FOR GENAI

Governance weighs on guides and speeches. "Our board guidance demands that systems using a GenAl foundation be
able to explain the results with evidence while under audit review testing," one speech states. GenAl output indeed needs
to be both explainable and auditable. The latter assurance provides the trust needed for enterprises to manage risk more
effectively. A wide variety of policy worldviews suggest slowly shifting pivot points may affect levels of evidence
support, audit complexity, risk management, and compliance. Both law and financial-system design explore three points
common to enterprise-genai designs. Data quality and control, process for obtaining results, and approval for their release
affect the enterprise risk profile. Rather than explicitly integrating these into enterprise policy, external use of small
language models creates responsibility and the requirement for compliance evidence and assurance.

Enterprise Workflow = Gendl Use Case > Governance Check = S Selection = Contralled Outgut

Governance Pipeline Expected
o Purpose Control
Objective . Outcome
Mechanism
Ensure Polic
. adherence to|| Y . Regulatory
Compliance .. validation, .
policies and . alignment
. audit logs
regulations
Minimize
Risk operational RlSk' Controlled
Management and scoring, Al
reputational ||monitoring ||deployment
risks
Align Al Business
Strategic outputs with||Workflow value
Alignment enterprise mapping realization
goals
Improve
workﬂow SLM Fas‘Fe.r
Performance |efficiency .. . |ldecision
optimization
and support
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E;alb; iiabili ¢ Evidence |[Transparent
Accountability ang Y tracking, Al
traceability provenance ||governance

Table 1: Governance Objectives in Enterprise GenAl Pipelines
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Mathematical Formulas:
1. Governance Compliance Score

Where:

P,= Policy adherence

e R,= Risk mitigation

e (,= Compliance verification

2. Enterprise Workflow Intelligence

Where:

e Dg= Data quality

e A;= Al inference capability
e U= User support efficiency
3. Risk-Control Balance

Where:
e R,= Total identified risks

e (;= Applied control layers
4. SLM Reliability Metric

Where:

e A,= Accurate outputs

e H,= Hallucination errors

e T,.=Total responses

5. Governance-Aligned Pipeline Efficiency

Where:

o  W,= Workflow output value
® G,= Governance overhead
e R = Risk-control cost

6. Data Provenance Confidence

Where:

e = Verified sources

e A,= Audit traceability

e Q.= Quality consistency
7. Al Compliance Readiness

Where:

e (;=Compliance factor

o W;= Weight of governance rule
8. Workflow Automation Gain
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Where:

e T,,= Manual execution time
e T,= Automated execution time

9. Explainability Index

Where:

e [E, = Explainable outputs

e 0O.= Total outputs

10. Secure GenAl Deployment Score

Where:
e S.= Security controls
e D= Data safety

e A,= Auditability score
11. Enterprise Al Trust Factor

Where:

e R;=Reliability

e Sy= Safety

e [,= Interpretability

12. GenAl Integration Success Rate

Where:
e B,=Business value
e R,=Risk exposure

o ].= Integration complexity
13. Policy Enforcement Accuracy

Where:

e P.=Correct policy checks
e P,=Total policy checks
14. Multi-Layer Governance Strength

Where:

e L,= Governance layer effectiveness
15. Al Operational Stability
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Where:
e F.=Failure rate
e [E,=Total executions

2.1. Scope and Objective

Enterprise governance influences and constrains enterprise-wide GenAl design and deployment; governance objectives
include controlling GenAl-generated risks; ensuring compliance with internal policies; and maintaining risk levels
compatible with enterprise strategy. Governance-aligned pipelines therefore embed enterprise policy checks at all levels
and allow scaling of GenAl use without compromising reputation, brand value, or supervisory positions. These objectives
are essential for enterprise-wide pipelines because actual GenAl benefits and associated risks remain unknown. Expected
GenAl gains cannot be taken for granted until systematic risk assessments demonstrate positive outcomes for specific
enterprise workflows.

Therefore, pipelines based on formal enterprise governance objectives are essential for enterprise workflows that are
outside the risk appetite of business-as-usual GenAl usage patterns. Such governance structures ensure alignment of
decisions, actions, and outcomes with the enterprise’s stated risk tolerances and enable transparency of the operating
model for internal and external stakeholders. Only once the GenAl-derived risk exposures have been independently
quantified, tested, and deemed acceptable can parallel use-cases be integrated into the GenAl control framework at
enterprise level.
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Architecture Kev Components Governance
Layer y P Focus
Governance rules,
. . Regulatory
Policy Layer ||compliance
adherence
frameworks
Workflow Enterprise process||Operational
Layer orchestration alignment
Al Model||SLM/GenAl model||Reliability and
Layer selection safety
Data Lineage, Trustworthy
Governance provenance, data
Layer quality control management
Monitoring Auditing, logging,||Continuous
Layer evaluation compliance

Table 2: Layers of Governance-Aligned GenAl Architecture
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II1. ARCHITECTURE OF GOVERNANCE-ALIGNED GENAI PIPELINES

Enterprise workflow intelligence enables evidence-based decision-making at all levels, driven by the wealth of data
created in executing workflows and available in enterprise systems. Generative Al (GenAl) can amplify this wealth but
also raises governance gaps in the supporting GenAl pipelines, threatening turnover and reputation. A layered architecture
for governance-aligned GenAl pipelines is proposed, along with the critical integration points that need to be infused
with control. Multi-stakeholder governance is embedded through a lifecycle that starts with governance policy
definitions, extends through use-case identification and scoping, and enables compliance risk assessment and controls
during the GenAl-enabled workflow execution.

> Compliance

-
,/
-

Governance Objectives

.

.

-

Ll Risk Control

L

T Accountability =~ ——*  Enterprise Al Trust

Governance
Area

Description

Enterprise
Benefit

Tracks data origin
Data Lineage ||and processing||Transparency
history

Restricts
Access Control|[unauthorized
access

Validates
Data Quality |[relevance and||Accurate outputs
completeness

Security
assurance

Provenance Records evidence

Tracking sources for outputs Explainability

Multi-source ||Combines diverse||Reduced  bias
Integration repositories and failure risk

Table 3: Data Governance and Provenance Controls

3.1. Data governance and provenance

Successful GenAl deployments require a solid governance foundation, especially in industries with a high risk of adverse
events. GenAl pipelines introduce new sources of failure into the underlying workflows, which require monitoring,
assessment, auditing, and testing at multiple levels. The sources and control of GenAlI-generated content must be explicit.
A well-defined data lineage is therefore essential. Such a definition encompasses not only data origin and processing
history but also access control, quality, and security. Data quality begins with ensuring sufficient volume and relevance
for training. A single data source constitutes a point of failure, so diverse, high-quality data from multiple sources are
essential. GenAl is capable of integrating data from multiple repositories into a coherent synthesis. Provenance
information is also essential for the outputs from small language models. GenAl-generated content must indicate any
supporting evidence for all facts and be amenable to further query.

The fact that private data from prompts is not retained can create both privacy and security issues. The output of small
language models can partly alleviate this concern by labelling the output with the prompt itself. Security issues arise
when sensitive corporate data, trade-secret information, or private data are in the prompt. These issues can be addressed
by running models on-premises; however, model manufacturers and their partners cannot assess and assure the safety of
these instances unless suitable checks are built into the ops GenAl instance. The traditional GenAl version avoids this
failure mode by masking the components of the course content—topics, images, and solutions—and permitting only
selected parts of the course outline to be expressed in the prompt.
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Techniques for Al Explainability by Model Type
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IV. SELECTION AND DEPLOYMENT OF SMALL LANGUAGE MODELS

Generative Al can be either Model-as-a-Service (MaaS) or self-hosted Model-as-a-Product (MaaP). The first option
offers little control over the selection and integration of models into enterprise workflows. Hence, organizations opting
for MaaS frequently need to use awe-inspiring capabilities that are unsafe, unreliable, or otherwise inappropriate for
production applications. Whenever possible, enterprises should self-host their own models. Depending on operational
requirements, options across the model value chain may include open-source foundation models, fine-tuned community
models, closed-source off-the-shelf proprietary models, and custom-trained apps. Whenever community-supported off-
the-shelf models are unavailable or not good enough, Open Source Foundation Models (OSFMs) can be used as enablers
to create new enterprise-grade offering for the enterprise ecosystem.

Promp. Input. *  Data Provenance ¥ Policy Filter " s Processing ¥ Auditable Response

Criterion Requirement Enterprise
Impact
L Accurate and||Operational
Reliability defensible responses||trust
Prevention ofl| . .
Safety harmful outputs Risk reduction
Controllability Stable and steerable||Governance
outputs assurance
Interpretability Explalpable Audit readiness
reasoning process
. Support enterprise-||Performance
Scalability wide deployment  |[efficiency
Protection of] .
. o . ||Compliance
Security sensitive  enterprise
data support
Cost Predictable Budget
Efficiency operational expenses|(optimization

Table 4: Enterprise SLM Evaluation Criteria
4.1. Criteria for enterprise-grade SLMs
Requirements for enterprise-grade SLMs are proposed along dimensions such as reliability, safety, controllability,

interpretability, security, scalability, vendor support, and cost, together with a framework for applying them.

The suitability of SLMs for enterprise governance objectives must ultimately be judged on a personal, practical level,
informed by the respective technology deployments, associated, primary objectives and anticipated risks. With the
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ultimate goal of an evidence-based governance approach, the following requirement categories are proposed as a
convenient means of capturing such considerations:

Reliability: Model-based responses must match operational requirements. For example, accurate, verifiable or
straightforwardly defensible responses can be strongly required, deployed-requested output must not contain hallucinated
content, and policy-infringing content must be reliably excluded (such as offensive or abusive language, safety or security
risks, location-specific prohibitions, or privacy-infringing data releases).

Safety: Model-based output must not pose an unreasonable risk to people or society. Extreme care must be taken when
assigning models responsibility for lifesaving, life-critical, life-valuing, or otherwise comparable decisions; model-based
responses for similar applications must be subject to prohibitions on abuse or misuse, as well as stringent forms of
interpretation and monitoring. Application in criminological areas, particularly predictive forms, may also require hear-
say and due-process safeguards. Further cautions and restrictions should apply in potentially controversial areas (such as
politics and ideology) or when decisions and predictions concern a sensitive area for particular subjects.

Al Governance Maturity Model
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V. METHODS FOR INTEGRATING GENAI INTO ENTERPRISE WORKFLOWS

A broad spectrum of enterprise workflows affords diverse opportunities for GenAl integration. Such use cases can be
grouped into five integration patterns: direct GenAl deployments in stand-alone or embedded contexts, assistive
workflows supported by GenAl products, workflows that call upon GenAl components internally or via orchestration,
and wrappers around GenAl services hosted outside the organization. Generally, workflows manifesting any of these
patterns can be placed under the umbrella of enterprise orchestration and automation capabilities. Within these
workflows, risk considerations can be woven into the service orchestration layer, underscoring the alignment with
regulatory compliance, monitoring, and auditing requirements.

An enterprise’s portfolio of workflows can be mapped against the dimensions of the GenAl capability matrix as a
mechanism for detecting integration opportunities. For usages that span the organization’s tolerance threshold, well-
structured engagement methodologies ought to be established to pinpoint and scope individual use cases. Such scoping
should provide quantitative estimates of the benefits derivable from GenAl infusion, and processes for risk assessment
and evaluation should be in place thereafter. For more ambitious workflows, assignable risk indication scores can provide
a lens for monitoring, checking, and validating regulatory compliance in a continuous manner.

Integration . Example Use

Pattern Description Case

Stand-alone Independent  Al||Knowledge

GenAl applications assistant

Embedded eAnIténtiigsrgted e CRM automation

GenAl P u
systems

-y Human-

Assistive supported Al Document

Workflows pp summarization
processes
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Integration o Example Use

Pattern Description Case

Orchestrated Al Mul?‘ple Al Intelligent

Components serviees workflow routing
coordinated

External Third-party

Service GenAl SaaS Al copilots

‘Wrappers integrations

Table 5: GenAl Integration Patterns in Enterprise Workflows

5.1. Use-case identification and scoping

Enterprise workflows amenable to GenAl support can be identified from their decomposition into subprocesses.
Subprocesses producing outputs with unaided small language model (SLM) prompts can be annotated a GenAl candidate
tag. Process maps highlight the candidate subprocesses, which can then be rescaled through structured prompts to
determine their ability to fulfil the GenAl candidate role. Those returns providing throughputs worth pursuing can be
scoped by quantifying the support GenAl could offer, before making a detailed valuation of the anticipated effort and
benefits of GenAl support. Risk-checking can be embedded within the detailed working.

The enterprise workflow maps of key strategic business goals or priorities, reflecting the order in which these goals
should be pursued, can then be consulted to identify the associated GenAl candidate subprocesses and rescaled GenAl
candidates. Enterprise functions supporting roles with knowledge-related goals or activities can undertake the detailed
scoping of GenAl candidates and further check for potential for harmful content or causing major disruption. For GenAl
use-cases now highlighed, the mapping tables provide the checkpoints for setting expectations and milestones to
determine whether GenAl use-case activity will prove worthwhile.

— Maas
Model Options

-+ ScliHostedSLW  —%  BefterContral ——»  Soccure Enterprise Pipcline

Global Al adoption by by region
Sousc: Globl St of eapantte Al wport, 203 | Chirt: 024 Al s gt

VI. CONCLUSION

A wealth of governance-aligned GenAl pipelines for enterprise contexts has been proposed. Emerging business
opportunities must be carefully examined to mitigate associated controllability risks and to fulfil demand for risk
management, compliance and management accountability. Analysis reveals that the operational use of Small Language
Models (SLMs) in enterprise workflows is generally safer and more controllable than the use of their Large Language
Model (LLM) counterparts, thus enabling risk mitigation, governance and compliance objectives. Various methods for
integrating GenAl into enterprise workflows have been identified, along with a pattern-based approach for orchestrating
GenAl-powered functions with the necessary risk mitigation and compliance controls. Finally, two guidelines have been
articulated for the governance-infused lifecycle of GenAl workflows.

Identification of the class of enterprise workflows that can be securely and effectively driven by GenAl, followed by the
application of appropriate use-case scoping methods, are necessary steps before adopting any of the above approaches or
methods. A granular mapping of enterprise workflows to GenAl capabilities will uncover provenance and transparency
elements required to bring GenAl service functions in alignment with enterprise governance. Risk-benefit analysis
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provides a basis for informed decision making on where and how to introduce GenAl. Elements for a quantitative
evaluation of GenAl deployment success complement the analysis. The proposed integrated approach provides enterprise
actors with the means to navigate the GenAl landscape, seize economic opportunities, and mitigate the associated risks

of a rapidly evolving technology.

. . Governance
Risk Type Potential Issue Control
Compliance |[Regulatory .
Risk violations Policy enforcement
. . Sensitive  data||On-premise
Security Risk leakage deployment
Operational |[Hallucinated Human review
Risk outputs mechanisms
Reputational ||Harmful Al .
Risk responses Output filtering
oo Lack of||Provenance
Audit Risk explainability  [[documentation

Table 6: Risk-Control Framework for Governance-Aligned Al
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