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Part II 

Action Centric and Hybrid Agentic AI in the Government and Commercial 
Data Stack 

Ricci Mulligan, Alyned 

Introduction 

With the lexicon for agentic AI established in Part I “What Engineers Mean by Agentic AI 
(and Why Leaders Hear Something Else)”, the next step is to examine how action centric and 
hybrid agentic systems actually appear in government and commercial environments today. In 
practice, these systems do not operate in isolation. They are embedded within enterprise data 
stacks that define what agents can observe, what actions are available to them, and how success 
is evaluated. 

Most current deployments of agentic AI reflect execution-oriented rationality operating within 
established institutional constraints. Objectives are defined in advance. Authority is delegated 
selectively. Data abstractions are treated as authoritative representations of the problem space. 
These assumptions shape agent behavior long before any reasoning or action occurs. 

This paper examines how action centric and hybrid agentic AI operate across common 
government and commercial data architectures. The focus is not on specific tools or vendors, but 
on how architectural choices shape rationality, authority, and governance in deployed systems. 
By grounding agentic behavior in the realities of enterprise data infrastructure, Part II moves 
from conceptual distinction to operational understanding. To understand how agentic systems 
behave in practice, it is therefore necessary to begin not with models or agents, but with the data 
stack that constrains their perception, action, and evaluation. 

The Governed Data Substrate 

Most government and large commercial deployments of agentic AI assume the existence of a 
governed data substrate. This substrate establishes the informational boundaries within which 
agentic systems operate and defines what data is considered authoritative, actionable, and 
auditable. Without it, agentic execution cannot be scaled, trusted, or governed. 

Government and commercial organizations do not operate a single, uniform data architecture. 
Some environments center on traditional data warehouses, others rely on data lakes or cloud 
native storage services, and many operate hybrid configurations that combine legacy systems, 
modern cloud platforms, and domain specific repositories. Agentic AI systems are deployed 
across all of these settings, not because of the specific structure in use, but because each provides 
a governed substrate through which data can be accessed, interpreted, and acted upon. 

What matters for agentic AI is not where data resides, but how authority, structure, and control 
are established. Agentic systems operate inside these boundaries. They retrieve data from 
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abstractions designated as authoritative, apply logic defined by institutional rules and analytic 
models, and produce actions or outputs constrained by governance rather than by architectural 
form. Hybrid data environments are therefore the norm. The presence of multiple data structures 
does not make a system hybrid in an agentic sense. What matters is how authority, objectives, 
and interpretation are distributed across the system. This is the point at which the data stack 
becomes relevant to rationality, because data structure determines what is visible, what is 
representable, and what can be acted upon. 

This distinction is essential for understanding how action centric and hybrid agentic AI function 
in practice. The same agentic logic can operate within different data stacks. What changes is not 
the agent’s rationality, but the assumptions it inherits about what data represents, how 
relationships are expressed, and where governance is enforced. 

The cloud environment provides the foundational execution and security boundary for the data 
stack. It defines identity and access management, network segmentation, encryption standards, 
logging, and resource isolation. In government settings, this layer is often shaped by federal risk 
management frameworks, authorization processes, and shared service mandates. In commercial 
environments, it reflects enterprise security posture, operational resilience, and cost controls. For 
agentic systems, the cloud environment constrains where agents may run, which services they 
may invoke, and how actions are observed and audited. 

A data warehouse is a curated, structured repository optimized for reporting, analytics, and 
repeatable queries. It reflects institutional decisions about which facts matter, how entities are 
defined, and which measures are used to evaluate performance. In government contexts, these 
definitions are frequently aligned with statutory reporting, program accountability, and audit 
requirements. In commercial settings, they are tied to financial performance, customer behavior, 
and operational metrics. 

A data lake is a broader storage environment designed to hold raw or semi structured data at 
scale. It preserves flexibility for future analysis by retaining data before it has been fully modeled 
or normalized. This flexibility is valuable, but it introduces risk if left unmanaged. As a result, 
data lakes in regulated environments are typically governed by access controls, metadata 
standards, and lifecycle policies that prevent ambiguity, misuse, or analytical drift. 

Formal data management practices bind these abstractions together. They define schemas, 
lineage, access permissions, quality thresholds, and stewardship responsibilities. In government 
contexts, these practices are closely tied to privacy protection, records management, compliance, 
and auditability. In commercial environments, they are driven by regulatory exposure, data 
reliability, and operational trust. 

These abstractions are not neutral technical choices. They encode prior decisions about authority, 
scope, and acceptable interpretation. An agent operating within this substrate inherits those 
decisions implicitly. What the agent can observe, how information is structured, and which 
actions are permitted are all constrained by the governed data substrate before any agentic 
reasoning begins. 



Page | 3  
 

Data analytics and governance are embedded within this substrate rather than layered on top of 
it. Analytical models define performance measures, thresholds, and scoring logic that agents later 
optimize against. Governance functions determine which data is authoritative, which 
transformations are permitted, and which outputs require review. These decisions occur upstream 
of execution, but they materially shape how agentic systems behave once deployed.  

These structural decisions do more than organize data. They implicitly define the scope of 
rationality and authority that any agentic system built on top of them can exercise. In the lexicon 
established in Part I, they determine whether an agent operates purely in an action centric mode 
or within a hybrid architecture that preserves epistemic signals without delegating epistemic 
authority. 

Rationality and Authority Before Execution 

Before an agent selects an action, critical decisions about rationality and authority have already 
been made. These decisions are not embedded in model weights or learned representations. They 
are encoded in system design, data governance, and institutional control structures. 

Objectives are defined in advance. Performance measures are specified. Data abstractions are 
designated as authoritative representations of the environment. Acceptable actions are bounded 
by policy, compliance requirements, operational constraints, and audit expectations. Together, 
these elements determine what an agent is allowed to optimize and what it is not permitted to 
question. 

In action centric systems, rationality is delegated narrowly. The agent is authorized to select 
actions that maximize performance against a predefined objective, given the data it is allowed to 
access and the actions it is allowed to take. Authority over the objective itself, the definition of 
success, and the interpretation of outcomes remains external to the agent. 

This separation is intentional. It allows automation to scale execution without delegating 
judgment about what should be optimized, why it should be optimized, or whether the problem 
formulation itself remains valid. In government environments, this boundary protects statutory 
responsibility, program accountability, and public trust. In commercial settings, it preserves 
executive control, risk management, and fiduciary responsibility. 

Understanding this distinction is essential for interpreting agent behavior. When an agent 
produces an unexpected or undesirable outcome, the cause may lie not in faulty reasoning, but in 
assumptions embedded upstream in data definitions, business rules, or objective selection. 
Action centric agents do exactly what they are authorized to do, even when the surrounding 
abstractions are incomplete or strained. These design decisions determine not only what data an 
agent can access, but whether it can write back to systems of record, trigger downstream actions, 
or merely generate recommendations for human review. 

This boundary between rationality and authority provides the conceptual foundation for the 
sections that follow. It explains why action centric agentic AI excels at disciplined execution, 
why epistemic limitations arise in complex environments, and why hybrid architectures emerge 
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as a response without redefining agent rationality itself. With these boundaries in place, action 
centric agentic AI can be understood as the operational expression of delegated rationality within 
a governed data environment. 

Action Centric Agentic AI as an Execution Layer 

Within a governed enterprise data environment, action centric agentic AI operates as an 
execution layer. These systems are designed to act efficiently and consistently within a 
predefined problem formulation, using data abstractions that are treated as authoritative by 
design. From a data flow perspective, action centric agents operate through controlled read and 
write paths. They read from governed sources such as data warehouses or curated data lake 
views, apply decision logic defined by business rules and analytic models, and write results back 
as transactions, status updates, or workflow triggers. In government settings, these write paths 
are often restricted to recommendation, case routing, or auditable transaction submission, while 
commercial environments may permit higher degrees of automated execution under internal risk 
controls. Each step is auditable, repeatable, and bounded by predefined permissions. 

Action centric agents reason over fixed objectives and apply decision logic to known 
representations of the environment. They retrieve records from a cloud data warehouse, query 
analytical views derived from a data lake, apply eligibility criteria and thresholds encoded as 
business rules, and orchestrate workflows across operational systems such as case management 
platforms, transaction processors, or service delivery applications. At no point does the agent 
evaluate whether these abstractions are conceptually adequate. They are assumed to be correct as 
a condition of execution. 

This assumption is foundational. A data warehouse reflects institutional decisions about what 
constitutes a valid fact, how entities are defined, and which measures are appropriate for 
performance evaluation. A data lake preserves flexibility for future analysis, but still relies on 
governance mechanisms to define access, lineage, and acceptable use. Cloud infrastructure 
provides elasticity, availability, and integration, but does not alter the epistemic commitments 
embedded in the data models themselves. Action centric agents inherit these decisions implicitly 
and operate within them. 

Business rules play a central role in this execution model. They are typically authored and 
maintained by policy owners, program offices, legal authorities, or operational leadership. These 
rules encode statutory requirements, regulatory constraints, eligibility logic, prioritization 
thresholds, and exclusion conditions. Their importance lies not only in enforcement, but in 
governance. Business rules define the boundaries of permissible action and ensure that 
automated behavior remains aligned with legal, ethical, and mission objectives. 

Within this framework, interaction with machine learning models functions as a capability 
extension rather than a shift in rationality. In action centric systems, analytics inform execution 
but do not observe it. Performance metrics are computed, but deviations are resolved through 
adjustment rather than reinterpretation. Predictive models may be used to score risk, rank cases, 
detect anomalies, or prioritize workload. Large language models may assist with document 
interpretation, classification, summarization, translation, or user interface mediation. In all cases, 
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these models serve objectives defined elsewhere. They do not revise success criteria, redefine 
constraints, or alter the problem framing. 

Even in stochastic or partially observable environments, uncertainty is treated as incomplete 
information within an assumed model. Deviations between expected and observed outcomes are 
interpreted as data quality issues, model variance, or execution error unless addressed through 
external review. This is not a limitation of implementation. It is a deliberate design choice that 
preserves accountability while enabling scale and automation. 

Action centric agentic AI is therefore best understood not as autonomous intelligence, but as 
disciplined execution. Its strength lies in consistency, repeatability, and alignment with 
established governance. Its limitation is epistemic. It acts as if the problem formulation is 
correct, because it is not authorized to decide otherwise. 

Hybrid Agentic Systems as an Architectural Response to Epistemic Limits 

The same design choices that make action centric systems reliable at scale also define their 
epistemic limits. Action centric agentic AI performs well when objectives are stable, data 
abstractions are trusted, and success can be evaluated against predefined performance measures. 
In many government and commercial environments, however, these conditions do not fully hold. 
Programs span multiple authorities, data sources evolve independently, and outcomes are shaped 
by relationships that are not captured cleanly within tabular schemas or rule-based logic. In these 
contexts, execution alone proves insufficient. 

Hybrid agentic systems emerge as a practical response to this limitation. They are not a 
refinement of action centric rationality, nor an attempt to grant agents epistemic authority. 
Instead, they reflect an architectural decision to extend the environment around the execution 
agent with additional representational and analytic components that expose where the underlying 
abstractions strain or fail. 

In a hybrid configuration, the execution agent retains authority over action selection. It continues 
to reason over fixed objectives, invoke business rules, and operate against governed data 
structures treated as authoritative. What changes is the environment in which that agent operates. 
Parallel analytic components are introduced to examine relationships, patterns, and outcomes 
that resist explanation within the existing abstractions. In practice, these components often 
function as post execution analytics that observe outcomes across cases and time, preserving 
patterns that execution oriented logic would otherwise collapse into error, variance, or residuals. 

These components are deliberately external to the agent’s decision loop. Their role is not to 
select actions, but to preserve epistemic signals that would otherwise be collapsed into noise, 
variance, or error. Examples include systematic deviations from predicted outcomes, clusters of 
entities that behave inconsistently across programs, or patterns that cut across organizational, 
contractual, or data boundaries. 

This separation between execution authority and epistemic signaling is central to the hybrid 
approach. It allows agencies to acknowledge uncertainty and complexity without delegating 
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problem reformulation to machines. The agent executes. The surrounding architecture observes, 
contextualizes, and records where the execution model encounters limits. 

Hybrid agentic systems therefore represent an architectural response to a real operational gap. 
They recognize that some questions cannot be resolved through optimization alone, but they 
address that gap by extending representation rather than redefining rationality. Authority over 
interpretation, policy adjustment, and representational change remains external, typically with 
analysts, program owners, and governance bodies. 

This distinction is critical for governance. Hybrid systems can feel more reflective because they 
surface more information about what does not fit. They are often mistaken for epistemic agents 
as a result. In practice, they remain execution bounded systems whose additional components 
exist to inform human judgment, not replace it. 

Graph Modeling as an Illustrative Example of Hybrid Agentic AI 

Graph modeling illustrates this architectural shift particularly clearly because it introduces a new 
representational layer without altering execution authority. Within government and commercial 
data stacks, graph modeling provides a concrete example of how hybrid agentic AI emerges 
when execution- oriented systems encounter relational limits in tabular data. While action centric 
agents operate effectively over tabular abstractions optimized for execution, many government 
and commercial problems are fundamentally relational in nature. In these cases, the structure of 
relationships matters as much as individual records. 

A graph model represents entities as nodes and relationships as edges. Individuals, organizations, 
benefits, assets, contracts, transactions, or events may appear as nodes, while eligibility, 
participation, ownership, dependency, or temporal association are represented explicitly as 
edges. This structure allows relationships to be examined directly rather than inferred indirectly 
through schema design, joins, or aggregation logic. 

When graph modeling is introduced alongside agentic execution, the system transitions from an 
action centric architecture to a hybrid one. The execution agent continues to operate against 
authoritative systems of record. It retrieves data, applies business rules, and orchestrates 
workflows based on predefined objectives. The graph operates in parallel, consuming data 
produced by those same systems and re representing it as a relational structure that exposes 
patterns not visible within the original abstractions. 

This pattern appears repeatedly in government environments. Benefits eligibility often depends 
on household composition, employment history, and participation across multiple programs. 
Fraud detection involves networks of vendors, claims, addresses, and transactions that evolve 
over time. Supply chain oversight requires visibility into suppliers, subcontractors, logistics 
nodes, and points of dependency across contracts and geographies. In each case, the relationships 
themselves are central to understanding risk, integrity, or compliance. 

In a hybrid agentic system, graph analytics do not replace agentic execution or assume authority 
over action selection. Instead, they surface epistemic signals such as unexpected clusters, 
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anomalous relationships, circular dependencies, or structural inconsistencies that indicate where 
existing abstractions or rules may be insufficient. These signals are preserved and surfaced for 
interpretation rather than resolved automatically by the agent. 

Graph modeling therefore exemplifies how agencies extend action centric agentic AI without 
redefining agent rationality. By maintaining multiple representations in parallel, tabular systems 
for execution and graphs for relational sense making, agencies gain visibility into where their 
models strain while keeping authority for reformulation and policy change firmly with humans. 
Governance determines how graph derived insights are used, whether as investigative leads, 
audit triggers, or inputs to policy review, rather than as automatic drivers of execution. 

This use of graphs does not make the agent epistemic. It makes the system hybrid. The 
distinction lies not in sophistication, but in authority. Execution remains bounded. 
Representation expands. Judgment remains external. This interaction between execution agents, 
graph representations, and language mediated interpretation illustrates how agencies extend 
capability without redefining agent rationality, a central theme of Part II. Once multiple 
representations exist in parallel, the challenge shifts from detection to interpretation, which is 
where language models enter the architecture. 

Interaction Between Agentic Execution, Graph Models, and Language Models 

Within government and commercial data stacks, hybrid agentic AI becomes visible through the 
coordinated interaction of execution agents, graph representations, and language models, each 
operating under distinct constraints of authority and purpose. In hybrid systems, model choice 
influences not only what users can ask, but how graph and analytic outputs are translated into 
operational narratives. As hybrid agentic architectures mature, agencies increasingly operate 
environments in which action centric agents, graph representations, and language models coexist 
within the same enterprise system. Each component contributes a distinct capability grounded in 
a different representational strength, and each operates under different assumptions about 
authority, purpose, and responsibility. 

Action centric agents remain responsible for execution. They retrieve data from authoritative 
systems, apply business rules, invoke services, and carry out workflows aligned to predefined 
objectives. Graph models operate alongside these agents to expose relational structure that 
execution alone cannot surface. Language models introduce an additional layer, enabling 
interpretation, explanation, and interaction between humans and complex machine 
representations. 

Large language models do not function as agents in this configuration. They do not own 
objectives, select actions, or revise problem formulations. Instead, they operate as mediation 
layers. A language model may translate a policy question into structured queries, summarize 
graph patterns surfaced by analytic processes, or generate human readable explanations of why 
certain cases were flagged for review. Its contribution is interpretive rather than decisional. 

In a hybrid agentic system, these interactions are intentionally structured to preserve the 
distinction between execution and analysis. The action centric agent retains responsibility for 
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selecting and carrying out actions against authoritative systems. Adjacent technologies operate 
alongside the agent rather than within its decision loop. Execution events may generate data that 
populates or updates a graph representation, enabling relational analysis that the agent itself does 
not perform. Graph analytics may then surface patterns, anomalies, or structural relationships 
that warrant attention. A language model can be used to translate these analytic outputs into 
human legible explanations for analysts, program staff, or leadership, without acquiring authority 
to initiate actions or revise objectives. 

This pattern is increasingly visible across government and commercial use cases. In benefits 
administration, an agent processes eligibility using established rules, while a graph highlights 
household level or cross program relationships that merit attention. A language model may assist 
staff in understanding why a case was flagged or in communicating next steps to a claimant. In 
fraud oversight, execution agents manage claims processing, graphs surface coordinated 
behavior across vendors or addresses, and language models help investigators explore patterns 
and document findings. In supply chain oversight, agents orchestrate procurement workflows, 
graphs expose dependency and concentration risk, and language models support scenario 
analysis and reporting. 

Understanding this interaction is essential for leadership, engineers, and users alike. In many 
environments, the challenge is not that language models are explicitly treated as agents, but that 
their role within agentic workflows is poorly understood. A user may generate a chat interface or 
develop an agent that relies on a language model without clear visibility into which components 
select actions, which generate interpretations, and where authority actually resides. When these 
roles are not made explicit, expectations about autonomy, responsibility, and system behavior can 
drift, even though execution authority remains formally unchanged.  

Comparing Language Models in Government and Commercial Use 

Because language models shape how hybrid systems are interpreted rather than how they 
execute, differences between models become operationally significant. Understanding how 
agentic AI operates in government and commercial data environments requires explicit attention 
to the language models that increasingly mediate human interaction with those systems. Large 
language models are now routinely used alongside execution agents, analytic pipelines, and 
enterprise data platforms, yet they are often treated as interchangeable components rather than as 
distinct representational systems with different strengths, limits, and governance implications. 

This distinction matters in the context of Action Centric and Hybrid Agentic AI because 
language models do not change agent rationality, but they do shape perception, interpretation, 
and trust. How a system’s behavior is summarized, explained, or framed to users can materially 
influence decision making, even when execution logic and authority remain unchanged. 
Clarifying how different classes of language models behave is therefore essential to 
understanding how action centric and hybrid agentic systems are experienced in practice. 

General purpose language models, such as those provided by OpenAI, are trained on broad and 
heterogeneous corpora designed to maximize linguistic coverage and conversational flexibility. 
These models excel at summarization, translation, natural language interaction, and cross domain 
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synthesis. Their strength lies in adaptability and expressiveness. However, this breadth can 
introduce variability in interpretation, evidentiary grounding, and normative framing if outputs 
are not carefully constrained or contextualized. 

Open-source foundation models such as LLaMA occupy a similar position in terms of linguistic 
scope but differ operationally. These models are typically deployed within controlled enterprise 
environments, fine-tuned on agency or organization specific data, and integrated with explicit 
retrieval mechanisms, policy constraints, or guardrails. This allows agencies to shape behavior, 
manage exposure, and align outputs with internal governance requirements while retaining much 
of the expressive capacity of large general-purpose models. 

By contrast, domain tuned language systems are trained or fine-tuned primarily on narrow, task 
specific, or structured datasets. Examples include models focused on eligibility determination, 
regulatory interpretation, contract analysis, or technical classification. These systems often 
exhibit lower conversational fluency, but higher consistency, traceability, and alignment with 
specific operational contexts. Their outputs tend to reflect a narrower but more predictable view 
of the problem space. 

These differences are not cosmetic. The choice of language model directly influences how 
insights are interpreted by analysts, program staff, and leadership. A broadly trained 
conversational model may surface plausible alternatives that fall outside policy or statutory 
bounds. A domain tuned model may omit considerations that exist but are not represented in its 
training data. In hybrid agentic systems, where language models serve as interpretive interfaces 
rather than decision makers, understanding these tradeoffs becomes a governance requirement 
rather than a technical preference. 

Language models therefore function as epistemic amplifiers within the data stack. They do not 
create new authority, but they influence how uncertainty, relationships, and anomalies surfaced 
by execution agents or graph analytics are understood. Model selection shapes not only system 
behavior, but organizational perception of what the system is telling them. 

This makes explicit comparison and intentional selection of language models a critical element 
of action centric and hybrid agentic AI deployments. Without it, agencies risk mistaking 
interpretive flexibility for epistemic authority, or treating stylistic fluency as evidence of deeper 
understanding. 

Risks and Governance Considerations in Model Selection and Workforce 
Access 

These differences in language model behavior elevate model selection from an engineering 
choice to a governance concern. As agentic AI becomes embedded in enterprise data stacks, 
governance challenges extend beyond execution agents and into the broader ecosystem of 
models accessed by the workforce. In many government and commercial organizations, language 
models are already being used informally to explore data, interpret policy, draft analyses, or 
reason about system behavior, often outside controlled workflows and formal system boundaries. 



Page | 10  
 

This matters for Part II because these interactions shape how action centric and hybrid agentic 
systems are understood, trusted, and operationalized. Governance is not only about constraining 
what agents are allowed to do. It is also about managing how model mediated insights are 
generated, interpreted, and acted upon by humans. Without clarity on model selection, access, 
and appropriate use, organizations risk conflating interpretive assistance with decision authority. 

Unlike execution agents, which operate within explicitly defined objectives, business rules, and 
audit trails, language models accessed by users often sit outside formal governance structures. 
Users may not know which model they are interacting with, how it was trained, what data it 
reflects, or what constraints apply to its outputs. Different models can produce materially 
different perspectives on the same question, not because one is correct and the other is not, but 
because each reflects different training data, representational assumptions, and optimization 
goals. 

This creates distinct risks. A general-purpose conversational model may suggest options or 
interpretations that conflict with statutory requirements, program policy, or organizational 
norms. A domain tuned model may present outputs that appear authoritative while omitting 
considerations outside its training scope. When these outputs are treated as insight rather than 
interpretation, accountability becomes blurred. 

Model selection therefore becomes a governance decision rather than a purely technical one. 
Leadership must determine where language models are appropriate as interpretive aids, where 
they should be retrieval constrained or domain tuned, and where their use should be limited 
altogether. Access controls, provenance transparency, auditability, and clear guidance on 
appropriate use are as important as model performance metrics. 

Equally important is role clarity. Language models should not be positioned as decision makers, 
policy arbiters, or sources of ground truth. Their value lies in assisting exploration, explanation, 
and communication within bounded contexts. In action centric systems, they support execution 
without redefining objectives. In hybrid systems, they help humans understand epistemic signals 
surfaced by graphs or analytics without resolving those signals autonomously. 

When this distinction is made explicit, organizations can leverage language models effectively 
without eroding authority, accountability, or trust. When it is not, model mediated insight can 
quietly substitute for judgment, undermining the very governance structures agentic AI is meant 
to respect. 

Reconnecting Part II to Agentic Rationalities 

Even when architecture is well designed, misalignment often emerges at the boundary between 
technical structure and organizational understanding. The architectures described in Part II 
reinforce the distinctions established in Part I. Action centric and hybrid agentic systems differ 
not in sophistication, but in how rationality, authority, and interpretation are distributed across 
the data stack. 
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Action centric agentic AI remains grounded in execution-oriented rationality. Agents select 
actions to maximize performance against predefined objectives using data abstractions 
designated as authoritative. Cloud infrastructure, data warehouses, data lakes, business rules, and 
workflow orchestration define the boundaries of what the agent can observe and do. Within those 
boundaries, automation scales efficiently and predictably, but the agent is not authorized to 
question whether the abstraction itself is sufficient. 

Hybrid agentic systems do not alter this rational commitment. Instead, they extend the 
surrounding architecture to preserve signals that fall outside execution-oriented representations. 
Graph models, parallel analytics, and interpretive language interfaces expose relational structure, 
inconsistency, and uncertainty that action centric systems collapse by design. These components 
surface where assumptions strain, where representations diverge, and where outcomes resist 
explanation, without delegating authority to revise objectives or redefine success. 

This distinction is essential for governance. Hybrid systems may appear more reflective, 
adaptive, or insightful, but they do not represent a transition to epistemic agentic AI. The 
responsibility for interpretation, problem reformulation, and policy change remains external to 
the system, typically with analysts, program owners, and leadership bodies. Hybrid architectures 
make epistemic limits visible without assigning epistemic agency to machines. 

Understanding this boundary allows agencies to align expectations with design intent. Execution 
failures can be distinguished from representational limitations. Interpretive assistance can be 
separated from decision authority. Trust can be grounded in structure rather than surface 
behavior. The same lexicon that distinguishes these rationalities also provides the language 
needed to communicate them across leadership, engineering, and IT. 

Part II has shown how these rationality commitments manifest in real government and 
commercial data environments. Part III: Building toward Epistemic Agentic AI and 
Responsible Evolution, will focus and build on this foundation to examine how these 
architectures may evolve, where epistemic pressure is already emerging, and how agencies can 
incorporate deeper forms of sense making without collapsing accountability, authority, or public 
trust. 

Communicating Agentic Systems Across Leadership, Engineering, and IT 

One persistent source of misalignment in agentic AI deployments is not technical failure, but 
breakdown in communication across roles. Leadership, AI engineers, and IT or data architecture 
teams often describe the same system using different mental models, even when operating within 
the same enterprise stack. The lexicon established in Part I provides a shared language for 
resolving this disconnect, but it must be applied explicitly to the data stack described in Part II. 

From a leadership perspective, the critical questions are framed in terms of authority and 
responsibility. Leaders need to know what the system is allowed to do, what it is not allowed to 
decide, and where accountability remains human. Using the Part I lexicon, this translates to 
asking whether a system is action centric or hybrid, what objectives are fixed, and which outputs 
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require human interpretation or approval. When this framing is absent, execution systems are 
often evaluated against epistemic expectations they were never designed to meet. 

For AI engineers, the same system is specified in terms of rationality and scope. Engineers must 
translate leadership intent into objectives, performance measures, and architectural boundaries. 
The lexicon clarifies whether the agent is authorized only to optimize within predefined 
abstractions, or whether the surrounding architecture is expected to surface epistemic signals 
through graphs, analytics, or interpretive models. This distinction determines model selection, 
data access, and where analytic components are placed relative to the execution loop. 

IT and data architecture specialists operate at a different layer still. Their role is to implement the 
governed data substrate that makes these distinctions enforceable. They define which data is 
authoritative, how it is structured, which transformations are permitted, and how read and write 
paths are controlled. Using the shared lexicon, they can align infrastructure decisions with the 
intended rationality of the system, ensuring that execution agents cannot exceed their delegated 
authority and that hybrid components remain observational rather than decisional. 

What the lexicon enables, when applied to the data stack, is not abstract clarity but operational 
alignment. Leadership can specify intent without overreaching. Engineers can design agents 
without embedding unintended authority. IT teams can enforce boundaries without constraining 
legitimate use. When these roles share a common language for action centric and hybrid agentic 
systems, disagreements move from vague concerns about “intelligence” to concrete discussions 
about objectives, representations, and governance. 

This coordination layer is essential because agentic AI systems are not deployed by a single role. 
They are negotiated into existence across organizational boundaries. Part II shows how these 
systems operate technically. Making that operation legible across leadership, engineering, and 
infrastructure is what allows the architecture to function as designed rather than as imagined. 

Closing Perspective and Transition to Part III 

Part II has shown how action centric and hybrid agentic AI systems operate within real 
government and commercial data stacks. These systems are not abstract constructs. They are 
embedded in cloud infrastructure, governed data substrates, and institutional control structures 
that determine what agents can observe, what actions they can take, and how outcomes are 
evaluated. Action centric agents execute within fixed objectives and authoritative abstractions. 
Hybrid architecture extend those environments to expose relational limits, uncertainty, and 
structural strain without redefining agent rationality or delegating epistemic authority. 

This distinction matters because it grounds expectations in design rather than aspiration. Many of 
the capabilities attributed to agentic AI today arise not from autonomous understanding, but from 
layered representations and interpretive support surrounding disciplined execution. Graph 
models, analytic pipelines, and language mediated interfaces make limits visible and patterns 
legible, but responsibility for interpretation, reformulation, and policy change remains external to 
the system. 
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Part III will build on this operational foundation to examine how agentic architectures are likely 
to evolve, and how agencies should plan for that evolution. The focus will not be speculative 
intelligence, but practical trajectory. Where epistemic pressure is already emerging. How hybrid 
systems are being stretched toward deeper sense making. And what governance patterns allow 
agencies to incorporate richer forms of analysis without collapsing accountability, authority, or 
public trust. 

By moving from lexicon in Part I to architecture in Part II, the conditions are now set to address 
the future responsibly. Part III will explore how agencies can extend agentic systems 
deliberately, aligning technical capability with institutional obligation as expectations continue to 
rise. 

 

 


