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Shift Left: Transformation of Responsibilities  
Forget everything you think you know about roles in technical documentation. The field has 
once again packed up its desk and moved offices – without telling anyone where it went. 

Agentic AI workflows significantly diminish, if not outright eliminate, the need for humans 
to write initial drafts of technical documentation. That’s a bitter pill for those of us who’ve 
spent entire careers mastering the craft. But bitter doesn’t mean surprising. Computers 
have always been about automation as much as capability, and generative AI is simply the 
next step in that long, familiar march – just happening at warp speed. 

Some of us are old enough to remember the trauma of abandoning typewriters for 
mainframe terminals, then personal computers. We remember building early electronic 
technology and books with primitive hypertext links. We remember the first web browsers, 
multimedia CD-ROMs, SGML, XML, DITA, and every other “this will change everything” 
moment that actually did. Each wave reshaped the profession. We evolved from Technical 
Writers to Information Developers, then to User Experience (UX) professionals and a 
constellation of specialized roles orbiting product teams. 

This moment is no different. 

Just as electronic publishing made typesetters obsolete, agentic AI makes human-written 
initial drafts optional. And here’s the irony: in some organizations, we’re witnessing a 
reversion. Engineers are once again picking up the pen – or at least operating the model. 

Decades ago, development cycles were long – years, in some cases. Engineers wrote 
product design and test specifications, often hundreds of pages each. Technical writers 
used those documents as a foundation, layering audience analysis, task modeling, and 
structured documentation plans on top. Objectives, assumptions, dependencies – all the 
things that made documentation usable rather than merely present. 

Then development sped up. Agile arrived. Specs quietly vanished. Information Developers 
became sleuths – investigative journalists playing Where’s Waldo? with source knowledge. 
We learned by using the product, interviewing engineers, reading code, reverse-engineering 
intent, and filling in the gaps no one else had time to notice. That’s been the job for years. 

Now the pendulum is swinging again. 

In early agentic-AI documentation shops, some organizations have reduced writing teams 
dramatically – in some cases cutting upward of three-quarters of their technical writing 
staffs. What happened wasn’t magic. Documentation workflows are “shifting left,” back to 



development teams, who already hold most of the source knowledge in their heads. AI 
simply made that shift operationally possible. 

Author’s note: This isn’t an endorsement. It’s an observation. 

On one level, it’s pure karma. Developers, long relieved of the burden of capturing and 
documenting design intent, are once again responsible for doing exactly that. I highly doubt 
they’re going to be thrilled, but more than a little excited in a different way. 

Personally, I’m taking cover in a virtual fall-out shelter. 

On another level, it’s a looming disaster if engineers become the sole owners of end-to-end 
documentation. Writing usable documentation isn’t just about assembling sentences – it’s 
about audience awareness, task clarity, information architecture, and ruthless 
prioritization. Those are not skills you pick up between stand-ups, and they’re not fully 
replaceable by AI – at least not yet. 

There are also some inconvenient realities these organizations haven’t fully encountered. 
Engineers are task with and prefer to build, test, and maintain products. Documentation 
has never been their favorite pastime. Even with AI handling the “writing,” experienced 
documentation professionals know the truth: the actual writing is only about 10–15% of 
the job as every study confirms. The rest is knowledge collection, research, synthesis, 
validation, QA, and judgment – ensuring accuracy, completeness, usability, and coherence 
across systems that rarely behave politely. 

Attention, engieeers: welcome to our world. 

Engineers are also, understandably, far more expensive than technical writers. Their time 
directly drives revenue (though without usable technical doc, there is no product). And now 
they’re being asked to do what they arguably should have been doing all along: 
documenting their designs, describing implementations, commenting code thoroughly, 
recording demos that are actually complete, and producing artifacts clean enough for AI 
ingestion. 

Senior management may love this on a slide deck and mandate it. Engineers? Less so. This 
transfer of responsibility is not going to be met with applause. It’s going to be a slow-burn 
thriller. 

I’ve got my popcorn ready. 

Now add AI-assisted coding to the mix. Place your bets: will product development 
accelerate so dramatically that documentation demand explodes, or will developer ranks 



shrink, leaving the remaining engineers with oceans of spare time to document everything – 
even with agentic AI doing the heavy lifting? My bets are on the former. 

However this suspense film ends, one thing is already clear: agentic AI isn’t killing the 
profession. It’s mutating it. And in the process, it’s spawning entirely new roles for those 
former technical documentation professionals who know where the bodies – and the 
missing context – are buried. 

The credits haven’t rolled yet. 

New and Emerging Roles in Agentic AI-Driven Technical Documentation 
The shift from document production to agentic, ontology-driven documentation systems 
has introduced a set of new and materially different roles. These roles reflect a transition 
from writing and editing toward system design, semantic governance, process automation, 
and operational oversight. The roles do not imply individual jobs; some may be combined 
or shared responsibilities. 

• Agentic Workflow Pilot: Operates stateful agentic AI technical documentation 
workflows or monitors stateless workflows.  Exactly where this role resides is a 
business decision up for debate. 

• Documentation QA Engineer: Intervenes with complex content issues that lie 
beyond the current scope and capabilities of the agentic processes or the skills of 
the agentic workflow operators. These are more akin to current technical 
documentation professionals, only fewer of them with highly specialized content 
and systems skill sets.  Over time, this role can diminish with more advanced 
agentic AI capabilities, but not anytime soon. 

• Knowledge Architect 
Defines and governs the ontologies and semantic models that establish what the 
organization knows and how concepts relate. 

• Documentation Platform Engineer 
Builds and operates the end-to-end documentation infrastructure across CMSs, 
agents, knowledge graphs, and delivery channels. 

• Agent Workflow Designer 
Translates editorial judgment and process logic into executable agent behaviors, 
validation loops, and escalation rules. 



• Semantic QA Lead 
Ensures factual consistency, ontology alignment, and semantic integrity across all 
machine-generated content. 

• Context Engineer 
Controls how knowledge is retrieved, filtered, structured, and delivered based on 
user intent and task context. 

• Ontology Product Manager 
Owns the roadmap, scope, and tradeoffs of the organization’s meaning model as a 
managed product. 

• AI Enablement Lead 
Makes agentic and ontology-driven systems usable, safe, and governable for non-
engineering teams. 

• Knowledge Graph Engineer 
Implements and optimizes the graph infrastructure that supports semantic retrieval, 
reasoning, and dependency analysis. 

• Retrieval Architect 
Designs hybrid retrieval strategies that balance precision, recall, trust, and 
explainability. 

• Content Systems Analyst 
Measures semantic coverage, reuse, drift, and performance across the 
documentation knowledge supply chain. 

• Legacy Content Migration Lead 
Transforms page-based legacy documentation into structured, graph-aligned, AI-
ready knowledge. 

• Trust and Provenance Officer 
Owns source attribution, versioning, lineage, and auditability of machine-mediated 
knowledge. 

• Documentation Systems Architect 
Designs the overall topology and integration strategy of the documentation 
ecosystem as a coherent system. 

• Process Modeler and Domain Modeler 
Captures tacit domain knowledge, heuristics, and exception logic into formal, 
machine-usable representations. 



• Agent Safety and Failure Engineer 
Designs safeguards, rollback strategies, and failure controls to limit automation risk 
and blast radius. 

• AI Operations Lead for Content 
Operates agentic documentation systems in production, managing workflows, 
failures, and releases. 

• Semantic Infrastructure Product Owner 
Owns shared semantic infrastructure across documentation, support, product, and 
analytics domains. 

• Documentation Data Engineer 
Builds and maintains the data pipelines, metrics, and observability required to 
operate documentation systems at scale. 

• Human Review Strategist 
Defines where and when human intervention occurs in agentic workflows to 
balance safety and scalability. 

Extended role descriptions, responsibilities, and failure modes are provided in Appendix A: 
New and Emerging Roles With Agentic AI. 

At a macro level, what’s really happening is skill and role convergence. Professional 
documentation roles are converging with formal knowledge management roles and also 
converging with or partnering tightly with content platform and agentic design and 
engineering roles. At the same time, entirely new content operations and governance 
models are emerging; these will quickly take center stage. 

So, What’s on the Near Horizon? 
The need for semantically rich, deterministic AI governance is not news to the cohort of 
content and knowledge management professionals worldwide. Some of us have been 
screaming from the rooftops to deaf developer ears about it since the turn of the decade. 

Only now are development leaders asking about ontologies and knowledge graphs. It is 
about time! The chorus is slowly getting louder by the day and building toward an eventual 
crescendo that will become part of the permanent AI stack, not a passing fancy. 

Let us examine a few approaches now in their early and emergent stages. 

 



Context Graphs for Agentic Decision-Making and Governance 
There is a great deal of excitement about ontologies and context graphs lately. Let us 
unpack what they are and how they are used in practical applications, especially in agentic 
AI solutions. 

Context graphs are not only post-hoc explanatory artifacts. They are also powerful 
mechanisms for the automated making of decisions in live, dynamic processes. When 
used inside agentic systems, they provide both concrete and abstract frameworks for 
dynamic governance in AI, whether the system is a fully autonomous agent or an agentic 
workflow composed of multiple tools and decision points. 

Over the past year, I referred to these structures as “process” or “governance” graphs for 
lack of a stable, shared term. “Context graph” captures the idea just as well, and the 
emergence of a standard term is valuable because it gives the field a common conceptual 
anchor. 

Context graphs in agentic systems are not primarily about “things.” They are about process. 

When building a context graph to drive decision-making, entities can, and often should, 
represent tasks, states, goals, and constraints, not just real-world objects. For example: 

• Entity X → a task or state 
• Entity Y → another task or state 
• Relationship → X must precede Y 

This does not hard-code a workflow. Instead, it encodes constraints that the agent can 
reason over. The agent remains free to plan, replan, recover, or parallelize actions as 
conditions change. 

The core design principle is simple: 

Express what must be true, not what must be done next. If an agent may need to reason 
about something, inspect it, adapt around it, or justify it, it belongs in the context graph. 

In this sense, agentic systems work best when the graph captures semantics and 
constraints, not scripts. 

In an agentic process, a context graph is not merely a knowledge graph of static facts. It is 
closer to a combined model of situational state, constraints, and affordances that the 
agent uses to decide what to do next.   

Because of that, entities in the graph can represent: 



• States 
• Tasks 
• Goals 
• Sub-processes 
• Preconditions 
• Decisions 
• Resources 
• Constraints 
• Policies or rules 

Process abstractions are first-class citizens, not second-class hacks. As a concrete 
example, a contextual ontology manifested as an operational knowledge graph might 
include process entities such as: 

• Validate_Input 
• Acquire_Permissions 
• Execute_Action 
• Confirm_Result 
• Goal_Achieved 
• Blocked_State 

Edges between these entities can encode relationships such as: 

• must_precede 
• requires 
• enables 
• blocks 
• invalidates 
• satisfies 
• violates_policy 

A relationship like “Y is invalid unless X has occurred” is declarative, not procedural. It 
defines legality, not sequence. This distinction matters. The graph defines constraints.  

The agent decides behavior 

SHACL integrates naturally into this model by providing explicit, machine-checkable 
constraints over the context graph, including structure, dependencies, ordering rules, and 
policy guardrails. 



What SHACL does not do is decision-making. It does not plan, sequence actions, or 
choose what to do next. Its role is to ensure the graph never enters an illegal or inconsistent 
state. 

The right mental model is this: 

SHACL is the constitution of an agentic system; it defines what must never be violated. The 
agent, planner or reasoner, is the government. It decides what happens next. 

Used together, context graphs and SHACL provide strong guardrails while preserving agent 
flexibility. The result is an agentic system that is inspectable, adaptable, and governed by 
explicit semantics rather than brittle control flow. 

Context Graph Layers in Practical Use: Rules Layer vs Audit Layer 
There is frequent confusion about whether context graphs represent rules or the memory of 
how rules were executed.  They are both, and they must be separated into layers to be 
useful/ Context graphs are not just about remembering decisions. They are about governing 
them. 

Layer 1: Rules (what should be true) 

This layer captures intent. It includes policies, constraints, procedures, ordering rules, and 
guardrails. It defines what is allowed, required, or forbidden under normal circumstances. 
This layer is intentionally small, stable, and deliberate. Think of it as the constitution of the 
system: human-approved rules that define how decisions are supposed to work. 

Layer 2: Records (what actually happened) 

This layer captures reality after execution for auditing and for adjusting Layer 1. Each time a 
decision is made, an action is taken, or a rule is overridden, the system records it. This 
layer is append-only and factual. It preserves what happened and why it was reasonable at 
the time. 

Rules define intent. Records show reality. Audits decide whether intent should change. 

Smarter Knowledge Graphs: From Labels to Semantic Layers 
As organizations adopt AI-driven documentation and agentic workflows, it is no longer 
enough to rely on simple labels or tags applied to content. In traditional systems, labels 
functioned much like sticky notes. They helped humans find things, but they did not explain 
meaning to machines. This distinction becomes critical when AI systems are expected to 
reason, automate decisions, or safely operate at scale. 



The article by Elsa Sklavounou, When Labels Become Semantic Layers highlights a key 
shift: labels stop being decorative metadata and become part of a deeper semantic layer. 
Instead of saying only what something is called, semantic layers describe what something 
means, how it relates to other concepts, and under what conditions it is valid or 
authoritative. For humans, this feels subtle. For machines, it is the difference between 
guessing and knowing. 

In the context of technical documentation, this shift directly supports this paper’s central 
argument that precision, trust, and automation depend on explicit meaning. A label such 
as “API” or “Configuration” is useful for navigation, but it does not tell an agent whether the 
content is normative, optional, deprecated, or version-bound. Semantic layers, expressed 
through taxonomies, ontologies, and context graphs, make those distinctions explicit and 
enforceable. 

This is why semantic structure must be treated as infrastructure rather than editorial 
polish. When labels evolve into semantic layers, they become part of the system’s decision 
logic. Agents can validate assumptions, detect conflicts, respect constraints, and explain 
why an action was taken. Without this layer, AI systems may appear confident while 
operating on incomplete or incorrect assumptions. 

In short, labels help humans browse. Semantic layers allow AI systems to operate safely. 
As agentic documentation workflows move from experimentation to production, this 
transition is no longer optional. It is a prerequisite for scalable, trustworthy automation. 

Context, In Context 
You can’t scroll LinkedIn, Medium.com, or many other useful sites without hearing the term 
“context”.  Unfortunately, definitions are all over the map.  
Why? Well because it requires… context! 
 
Let’s examine the notion in the context of technical documentation and AI. 
 
The term “context” has rapidly become another ingredient in the modern AI word salad. It 
gets tossed around freely alongside “agents,” “reasoning,” and “semantics,” yet is rarely 
defined with any precision. In practice, “context” is often reduced to whatever text happens 
to fit into a prompt window or a vector chunk. That is not context. That is proximity. 

Proper context is structured, governed, referential, and computationally meaningful. And 
this is where DITA enters the conversation, not as a silver bullet on its own, but as the most 
effective high-structure document format ever designed for creating real, durable context 
when combined with taxonomy, schema, ontology, and knowledge graphs. 

https://www.linkedin.com/pulse/when-labels-become-semantic-layers-elsa-sklavounou-meo2e/


To be clear at the outset: DITA alone is not context. DITA plus domain taxonomy, semantic 
metadata, ontology, and graph-based knowledge representation is context. 

What DITA Actually Contributes 
DITA provides something most AI pipelines quietly lack: an explicit, enforced semantic 
structure. Its elements are not arbitrary containers but descriptive semantic constructs 
such as concept, task, reference, step, prerequisite, result, and condition. These element 
names already encode meaning before a single model is invoked. 

Unlike flat documents or markdown blobs, DITA structures content into stable, typed 
objects. Those objects persist across systems, versions, and delivery channels. This is the 
foundation upon which everything else becomes possible. 

Semantic Metadata as First-Class Context 
DITA topics and elements can carry rich semantic metadata: audience, product, version, 
role, region, lifecycle state, applicability, and domain-specific attributes. This metadata is 
not decorative. It is machine-addressable, queryable, and deterministic. 

When taxonomy is applied to that metadata, content is no longer merely labeled. It is 
classified within a governed semantic system. Taxonomy labels introduce shared meaning 
across documents, domains, and time. They allow systems to answer questions like “what 
kind of thing is this?” without guessing. 

Ontology and Knowledge Graphs Turn Structure into Context 
When DITA structures and taxonomies are aligned to an ontology, the result is not better 
documentation. It is a knowledge model. 

DITA topics and elements map naturally to graph nodes and relationships. Tasks reference 
concepts. Concepts constrain references. Versions supersede prior versions. Products 
depend on components. Preconditions gate procedures. These relationships exist 
implicitly in the documents and explicitly in the ontology. 

Persisted in an RDF or property graph database, this content becomes a queryable 
knowledge graph that preserves both explicit and implicit document relationships. Context 
is no longer inferred statistically. It is retrieved deterministically. 

Why Graph-Based Retrieval Matters 
Graph databases allow object-oriented retrieval of content that respects structure, 
meaning, and relationship. This is fundamentally different from vector-based retrieval. 



Vector RAG retrieves text based on similarity. Graph-based retrieval retrieves knowledge 
based on meaning, role, and relationship. It preserves the integrity of the document model 
instead of shredding it into chunks. 

With DITA-based graphs: 

• Content identity is deterministic. 
• Relationships are preserved end-to-end. 
• Provenance, versioning, and applicability remain intact. 
• Retrieval is explainable 

Vector chunking, by contrast, discards structure, breaks semantic boundaries, and 
reassembles context probabilistically. It works until it doesn’t, and when it fails, it fails 
silently. 

Deterministic Identification and Reasoning 
DITA-based content objects have stable identifiers. Those identifiers survive storage, 
transformation, delivery, and reuse. This allows precise citation, traceability, and 
reasoning. 

When combined with RDF graph databases, this enables real inference. Not simulated 
reasoning inside an LLM, but actual rule-based and description-logic inference using 
established engines. Systems can infer applicability, compliance, dependency, and impact 
without token-burning guesswork. 

Advanced NER without Guessing 
Named Entity Recognition becomes dramatically more accurate when applied to 
semantically structured document objects enriched with metadata and taxonomy. Entities 
are not extracted from raw text alone. They are resolved using: 

• Semantic element roles 
• Taxonomic classifications 
• Ontological relationships 

This produces higher precision, lower ambiguity, and far better grounding for downstream 
AI systems. 

Cost and Performance Advantages 
A knowledge graph processes context without calling an LLM. Queries, inference, filtering, 
and traversal happen outside the model. The LLM is invoked only when language 
generation is actually needed. 



This dramatically reduces token consumption, latency, and cost. Instead of flooding 
models with entire documents or massive chunks, systems retrieve exactly the context 
required, already structured and validated. 

This is not just cheaper. It is architecturally sound. 

Why LLM-Only and Vector-Only Approaches Fall Short 
Direct LLM usage treats context as text. Vector RAG treats context as similarity. Neither 
treats context as meaning. 

They lack: 

• Deterministic structure 
• Governed semantics 
• Persistent identity 
• Explicit relationships 
• Formal inference 

They approximate context statistically. DITA-based semantic systems model it explicitly. 

So, What Is Context? 
Context is not more text. It is not larger prompts. It is not higher-dimensional embeddings. 

Context is structured meaning, governed classification, explicit relationships, and 
computable knowledge. 

DITA, when combined with taxonomy, schema, ontology, and knowledge graphs, delivers 
exactly that. 

Call it unfashionable if you like. But unlike word salad, it actually works. 

It’s Still About the Semantic Stack 
Agentic AI systems do not fail because models are insufficient. They fail because meaning 
is insufficiently defined, governed, and operationalized. As organizations rush to deploy 
agents and agentic workflows, a recurring pattern emerges: probabilistic systems are 
asked to compensate for the absence of a formal semantic foundation. This is not a tooling 
problem. It is a semantic maturity problem. 

The semantic stack  -  taxonomy, ontology, and knowledge graphs -  provides the structural 
backbone required for agentic AI to operate safely, deterministically, and at scale. 
Taxonomies establish controlled classification and shared vocabulary. Ontologies 
formalize meaning, constraints, and relationships. Knowledge graphs persist these 



semantics as executable infrastructure that agents can query, reason over, and validate 
against. 

Without this stack, agentic workflows are forced to rely on statistical similarity, oversized 
context windows, and recursive prompting strategies. These approaches create the illusion 
of intelligence while amplifying error, cost, and governance risk. In contrast, semantic 
systems reduce model load, constrain behavior, and enable deterministic retrieval and 
inference outside the language model itself. 

This mirrors the progression described in my Semantic Content Maturity Model. Note the 
date of the model; it’s another “I told you so.” to the AI industry.  

Organizations evolve from unmanaged content, to structured content, to semantically 
governed knowledge capable of supporting automation and reasoning. Agentic AI 
represents the final stage of that maturity curve, but it cannot be reached by skipping the 
foundational layers. 

Agentic systems require more than access to content. They require an explicit 
understanding of what content means, how it relates, what constraints apply, and which 
sources are authoritative. That understanding does not emerge from scale alone. It must be 
engineered. 
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Figure 5: The Semantic Stack as the Foundation for Agentic AI 
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Major Takeaways (a.k.a. Things We Should’ve Realized by 
Now) 
Agentic AI is not a “someday” concept; it is already here, quietly unpacking its bags and 
asking for Wi-Fi. Yes, the agentic documentation workflows being designed, built, 
deployed, and put into production today are, let us call them, primitive. But that is fine. This 
is the Model T phase, not the Tesla Autopilot era. Better models, smarter agents, and less 
duct tape are coming, whether we are ready or not. 

Right now, most technical documentation teams are still dabbling with individual AI tools, 
cute experiments, really. That is child’s play compared to what is next. The real blocker is 
not imagination; it is resources. Most organizations simply do not have the internal 
development muscle to build end-to-end agentic systems, because this cannot be bought 
off the shelf. We are talking about automating the entire content supply chain, not 
sprinkling AI fairy dust on a single tool in isolation. And let us be honest: most 
documentation vendors only see their own narrow slice of the ecosystem. 

Papers like this should arm documentation leaders with the arguments they need to go to 
leadership and say, “We need real investment, not another pilot.” 

One important point not emphasized earlier in this paper is that the agentic workflows 
described are intentionally designed as orchestrated and largely linear models. That is not 
the only viable approach. I am keenly aware of, and fascinated by, peers who are pursuing a 
different path, creating collections of non-linear autonomous agents to solve the same 
classes of problems. Neither approach is inherently wrong; each has strengths and trade-
offs. For example, with fully autonomous agents, accountability becomes a harder 
question when something goes awry. 

Nevertheless, both approaches are compelling, and the right answer may be orchestrated, 
autonomous, or a hybrid combination, depending on the application. At this stage, we do 
not yet know which models will dominate. A useful analogy is that we are flying a fighter jet, 
building it at the same time, in the middle of a dogfight, while the ammunition is still being 
designed on the ground. AI technology stacks are evolving even as we build on top of them. 

The smartest thing all of us in the professional technical documentation and adjacent 
communities can do is share, compare, and learn from one another. 

Meanwhile, documentation tools and systems vendors need to wake up and choose 
violence, the productive kind. Their platforms still matter, even in an agentic world, but only 
if they collaborate or fundamentally evolve. Otherwise, they should enjoy their future as 



niche plugins. What is happening today is largely the bolting-on of taxonomy management 
systems and knowledge graph databases to legacy platforms. That approach has a shelf 
life. 

At some point, a startup with no legacy baggage will build a component content 
management and delivery platform natively grounded in a universal content ontology, DITA-
informed, RDF or OWL-based, or hybrid graph-driven, and designed for AI from day one, 
and it will fundamentally disrupt the current vendor landscape. 

Which brings us to the uncomfortable truth. 

Technical documentation professionals need to step up and claim ownership of next-
generation agentic content workflows and the broader content supply chain. This is how 
the discipline expands its influence and relevance, not how it fades politely into 
obsolescence. If we do not, well-meaning but underprepared software teams will build 
brittle knowledge structures and accumulate content debt at massive scale. 

Once that happens, the rest of us will be left with shovels, digging our way out for years. 

. 

  



Appendix A: New and Emerging Roles With Agentic AI 

Knowledge Architect 
Designs and governs the semantic model that defines what the organization knows. 
 
Responsibilities include defining domain ontologies, concept boundaries, relationships, 
constraints, and authoritative sources. This role ensures that meaning is explicit, governed, 
and evolvable over time. Without this role, AI systems retrieve fluent but conceptually 
inconsistent or incorrect knowledge. 

Documentation Platform Engineer 
Builds and maintains the end to end documentation pipeline as production infrastructure. 
 
This role integrates content management systems, knowledge graphs, agent orchestration 
frameworks, validation services, and delivery channels. The focus is deterministic 
transformation, observability, resilience, and scale. Without this role, AI capabilities remain 
brittle augmentations rather than reliable systems. 

Agent Workflow Designer 
Encodes human editorial judgment into executable agent behavior. 
 
Responsibilities include decomposing documentation processes into agents, defining 
thresholds, escalation logic, validation loops, and stopping conditions. This role 
determines where autonomy is safe and where human intervention is required. Absent this 
role, agentic systems act unpredictably or destructively. 

Semantic QA Lead 
Owns correctness at the semantic level rather than surface quality. 
 
This role ensures factual consistency, ontology alignment, concept reuse integrity, and 
semantic drift detection across all generated content. Semantic QA defines what 
correctness means in machine enforceable terms. Without it, systems slowly degrade 
while remaining superficially fluent. 

Context Engineer 
Controls how knowledge is retrieved, ranked, transformed, and delivered based on intent. 
 



Responsibilities include designing hybrid retrieval strategies, enforcing authority and scope 
constraints, and shaping model ready context structures. This role prevents context 
overload and semantic contamination. Without it, more context reliably produces worse 
answers. 

Ontology Product Manager 
Owns the roadmap, scope, and tradeoffs of the organization’s meaning model. 
 
This role balances modeling rigor against delivery needs, manages breaking changes, and 
aligns stakeholders around shared semantics. Ontology is treated as a product, not an 
academic artifact. Without this role, ontologies stagnate or fragment. 

AI Enablement Lead 
Makes ontology driven and agentic systems usable and safe for non engineering teams. 
 
Responsibilities include training, workflow design, permission models, and governance 
enforcement. This role prevents shadow AI practices while accelerating adoption. Without 
it, systems are either ignored or misused. 

Knowledge Graph Engineer 
Implements and optimizes the graph infrastructure that powers semantic retrieval and 
reasoning. 
 
This role designs schemas, ingestion pipelines, query patterns, and performance 
optimizations. It ensures graphs operate reliably at enterprise scale. Without it, knowledge 
graphs remain proofs of concept. 

Retrieval Architect 
Designs how knowledge is found and assembled. 
 
Responsibilities include balancing precision and recall, combining symbolic and 
probabilistic retrieval, and enforcing trust boundaries. This role eliminates blind vector 
chunking. Without it, retrieval either misses critical knowledge or floods the system with 
noise. 

Content Systems Analyst 
Measures semantic health and performance across the knowledge supply chain. 
 



This role tracks coverage, reuse, drift, agent effectiveness, and lifecycle performance. 
Analytics provide feedback loops for continuous improvement. Without this role, 
degradation goes unnoticed until trust collapses. 

Legacy Content Migration Lead 
Transforms page based legacy content into structured, graph aligned knowledge. 
 
Responsibilities include preserving identifiers, provenance, reuse models, and semantic 
integrity during large scale transformation. This role prevents legacy debt from poisoning 
modern systems. 

Trust and Provenance Officer 
Owns source attribution, versioning, auditability, and lineage of machine mediated 
knowledge. 
 
This role enables explainability, compliance, and institutional trust. Without it, AI systems 
fail in regulated or mission critical environments. 

Documentation Systems Architect 
Designs the overall topology of the documentation ecosystem. 
 
This role ensures authoring, agents, graphs, QA, analytics, and delivery systems compose 
into a coherent whole. Without it, organizations build isolated subsystems that do not 
scale together. 

Process Modeler and Domain Modeler 
Captures tacit domain knowledge and decision logic into formal representations. 
 
This role extracts heuristics, exception handling, and micro decisions from subject matter 
experts. Without it, agentic systems encode incorrect assumptions. 

Agent Safety and Failure Engineer 
Designs safeguards against catastrophic automation failures. 
 
Responsibilities include blast radius control, rollback strategies, edge case modeling, and 
failure testing. Without this role, errors propagate at machine speed. 



AI Operations Lead for Content 
Runs agentic documentation systems in production. 
 
This role monitors workflows, manages long running agents, handles partial failures, and 
coordinates releases. Without it, operational reliability collapses. 

Semantic Infrastructure Product Owner 
Owns meaning as shared enterprise infrastructure beyond documentation. 
 
This role aligns documentation, support, product, and analytics around a unified 
knowledge model. Without it, knowledge silos persist. 

Documentation Data Engineer 
Builds and maintains data pipelines that support documentation systems. 
 
Responsibilities include normalization, storage optimization, observability, and metrics. 
Without this role, systems become opaque and fragile. 

Human Review Strategist 
Determines where and how humans intervene in agentic workflows. 
 
This role defines escalation thresholds and prevents over humanization that destroys 
scale. Without it, either automation fails or humans become bottlenecks. 
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