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Preface

Most software engineering books teach how to build systems. This book is about a narrower and more difficult problem: how to architect Gen AI and Agentic AI systems that can survive production, regulation, operational stress, and real human use. The distinction matters because an impressive prototype and a production-grade AI system are not separated by one more API call. They are separated by architecture: bounded authority, model abstraction, retrieval contracts, evaluation evidence, security controls, observability, cost discipline, governance, and operating readiness.

The revised title is deliberate. Generative AI and Agentic AI are related, but they do not fail in the same way. A generative system may produce an incomplete answer, hallucinated citation, or poor summary. An agentic system may call the wrong tool, repeat a step until the budget is exhausted, execute an action before approval, or carry an error across a chain of steps. Both are LLM-based systems. But the second introduces autonomy, state, tool use, and consequence. That is why this version treats agentic systems as a first-class architecture concern rather than a small extension of prompt engineering.

The book is written for architects, engineering leaders, product owners, AI platform teams, risk officers, and senior practitioners who are already beyond the question of whether AI is useful. The practical question is now harder: which systems should be architected for production, which systems should remain experiments, what architecture is required, and what evidence proves that the system is production-ready? The answer is rarely a single model decision. It is a system-design decision.

The original manuscript contained strong material, but it carried overlapping frameworks: a product stack, a maturity model, a decision-intelligence model, a data integration model, a canonical architecture, patterns, principles, and a checklist. In practice, a reader should not have to reconcile these. Version 2 turns them into a single progression: decide what kind of system you are architecting, assess whether the organisation is ready, establish the canonical architecture, then build, operate, and govern the system through evidence-backed controls.

The recurring company in this edition is NovaCred, a fictional financial-technology firm building AI capabilities into credit decisioning, customer support, collections triage, and policy interpretation. NovaCred is not used as decoration. It is the through-line that keeps the book honest. Every chapter asks what the framework means for a concrete regulated enterprise: what the system may decide, which tools it may call, what evidence it must retain, who approves a high-stakes action, and what happens when quality drifts after launch.








	PRACTITIONER NOTE
	Production readiness is not a milestone that appears at go-live. It is an architectural property that must be designed, instrumented, tested, and evidenced throughout the lifecycle.









What This Book Covers

The scope is LLM-based systems: RAG applications, structured-output pipelines, copilots, workflow assistants, single-agent systems, and multi-agent systems. The book does not attempt to cover every AI system. Computer vision pipelines, recommender systems, forecasting models, reinforcement learning systems, and classical MLOps each have their own architecture concerns. They appear here only when they interact with an LLM-native or agentic system.

The first part of the book is about decision discipline. Chapter 1 separates AI-added, AI-first, generative, agentic, and hybrid systems. Chapter 2 introduces a two-axis maturity model that prevents teams from confusing organisational readiness with system capability. These two chapters are intentionally placed before architecture. A system that is misclassified at the beginning will be overbuilt, under-governed, or both.

The second part establishes the architecture spine. Chapter 3 defines the six-layer canonical architecture: clients, gateway, orchestration, models, data, and evaluation/operations. Chapter 4 explains how LLMs reshape enterprise decision and data architecture, especially when unstructured knowledge, structured scoring, human review, and agentic execution come together in one workflow.

Later chapters will go deeper into retrieval, agentic architectures, multi-agent orchestration, prompt engineering, evaluation, principles, security, FinOps, observability, governance, and the engagement checklist. The sequencing is important. You cannot govern an agent whose authority was never scoped. You cannot evaluate a RAG system whose retrieval contract was never defined. You cannot operate a production system whose telemetry was treated as a backlog item.

Table P.1 - The four-part arc of the revised book









	Part
	Purpose
	Core question answered





	Part I - Decide
	Classify the system and assess readiness before solution design begins.
	What are we architecting, and are we ready to proceed?



	Part II - Architect
	Establish the reference blueprint and map decision/data flow onto it.
	Where do models, agents, tools, knowledge, controls, and evidence live?



	Part III - Build
	Apply patterns and engineering disciplines for retrieval, agents, prompts, and evaluation.
	How do we make the system reliable before users depend on it?



	Part IV - Operate & Govern
	Run, secure, govern, cost-manage, and audit the system in production.
	What evidence proves this system is safe and working after launch?








What Production-Ready Means

A production-ready AI system is not merely a deployed model. It is a system with defined authority, bounded uncertainty, observable behaviour, repeatable releases, auditable decisions, and known failure responses. The model may be powerful, but the model is not the system. The system includes the gateway that receives requests, the prompt and policy registry that shapes behaviour, the retrieval layer that provides context, the tools that may change external state, the memory that carries information across turns, the evaluator that measures quality, and the operating process that responds to incidents.

For Gen AI systems, production readiness begins with grounding and output control. Can the system cite the knowledge it used? Can it separate known facts from generated inference? Does it return structured output when downstream systems depend on a schema? Does it refuse gracefully when the question is outside scope? Does the team know whether the model is improving, drifting, or merely appearing fluent?

For Agentic AI systems, production readiness adds autonomy control. Can the system plan without running forever? Can it call tools only within a least-privilege manifest? Are write and action tools separated from read tools? Is there an approval gate when the consequence exceeds a defined threshold? Can the team replay a failed trajectory step by step? If not, the system may be interesting, but it is not yet production-grade.

A useful test is to ask what evidence the team would show an executive sponsor, auditor, or incident-review panel. Architecture diagrams are not enough. The team needs prompt versions, retrieval metrics, model versions, tool-call logs, evaluation results, red-team findings, cost baselines, runbooks, approval records, and AI architecture decision records. Production readiness is the ability to answer the hard questions with evidence rather than confidence.



How to Use This Book

Practitioners can read this book linearly, but the operating rhythm is intentionally modular. Use Chapter 1 when a product team says it is building an AI-first system but cannot explain what collapses without AI. Use Chapter 2 when leadership wants a roadmap but has not assessed current maturity. Use Chapter 3 during architecture reviews. Use Chapter 4 when decision owners, data teams, and AI engineers disagree about where intelligence actually sits in the workflow.

Do not treat the checklists as paperwork. They are prompts for architectural clarity. If the team cannot answer a checklist question, the gap is rarely administrative. It usually means a design decision has been deferred. Deferred decisions are tolerable in exploratory prototypes; they are expensive in production systems that touch customers, money, legal obligations, or regulated decisions.

Throughout the book, the word “agent” is used carefully. A workflow that calls a model twice is not automatically agentic. A chatbot that answers questions is not agentic simply because it is conversational. An agentic system has a goal, chooses or sequences actions, uses tools, may maintain state, and operates under bounded authority. This definition keeps the architecture discussion grounded.



Reader Assumptions

This book assumes comfort with modern software architecture, APIs, cloud services, databases, distributed systems, security controls, and product delivery. It does not assume deep prior experience with foundation models. When the book uses terms such as embedding, reranking, tool schema, prompt registry, trajectory evaluation, or policy-as-code, those terms are explained in the chapter where they become relevant.

The book is intentionally practitioner-oriented. It does not attempt to prove the mathematical foundations of transformers, embedding spaces, or evaluation statistics. Instead, it focuses on the architecture and delivery decisions that determine whether an enterprise system works in the real world. Where a concept has deep research roots, the book translates it into design consequences.

The tone is practical because production AI is unforgiving. A model can be impressive and still be operationally weak. A demo can delight executives and still be unfit for regulated use. A benchmark can look strong while the system fails on the organisation’s own messy documents. The purpose of the book is to close that gap.



The NovaCred Thread

NovaCred begins with a common ambition: use AI to improve credit-decision operations. The first idea sounds modest - a copilot that drafts adverse-action explanations, answers policy questions, and helps operations staff triage collections cases. But the moment the system touches credit decisions, customer communication, regulatory evidence, and workflow actions, it becomes a serious enterprise architecture problem.

In Chapter 1, NovaCred decides whether the system is AI-added, AI-first, generative, agentic, or hybrid. In Chapter 2, the organisation is placed on the maturity model. In Chapter 3, the reference architecture is drawn. In Chapter 4, the credit-risk decision flow is mapped across structured data, unstructured knowledge, LLM-generated explanations, human review, and feedback loops. Later chapters will extend the same system into retrieval, single-agent operations, multi-agent orchestration, evaluation, security, cost management, observability, governance, and final engagement gates.

Using one company does not mean every reader works in financial services. It means the book refuses to hide behind vague examples. Regulated financial services make the architecture pressures explicit: auditability, explainability, data minimisation, human oversight, model risk, operational resilience, and customer impact. Those same pressures appear in healthcare, insurance, government, logistics, and enterprise knowledge work, even when the labels differ.








	READING STANCE
	If a chapter feels stricter than your current use case requires, do not discard it. Ask which controls become necessary if the system later gains more users, more data, more autonomy, or more consequence.










What This Edition Changes

This edition changes the centre of gravity from “how to use Gen AI” to “how to architect governed Gen AI and Agentic AI systems.” That shift matters because most enterprise failures no longer come from not knowing that models exist. They come from underestimating what must surround the model. Teams know how to call an API. They are less consistent at defining authority, evidence, cost boundaries, telemetry, security, and release discipline.

The earlier structure treated agentic behaviour as part of design patterns. The revised structure promotes it into a pillar. Agentic systems have their own architecture concerns: planning, tool use, memory, authority, handoff, trajectory evaluation, and failure containment. A single chapter cannot carry that weight, which is why the revised book splits agentic work into single-agent architectures and multi-agent orchestration.

The new structure also makes evaluation, security, observability, and governance agent-aware. A normal output-quality metric does not tell you whether an agent took an unsafe path. A normal application log does not tell you why a tool was selected. A normal access-control policy does not define whether the agent is allowed to act on behalf of a user. These differences now appear throughout the book rather than in one isolated section.

The practical result is a book that should be used during architecture reviews, not just read once. A reader should be able to open a chapter and ask: have we made this decision, who owns it, what evidence proves it, and where does it appear in our architecture?



What This Book Deliberately Avoids

The book does not sell a single framework, vendor, or orchestration library as the answer. Tools change quickly. Production responsibilities change slowly. A good architecture should survive provider churn, model replacement, framework upgrades, and changing regulatory expectations. That is why the book focuses on responsibilities, contracts, controls, and evidence rather than screenshots of a specific stack.

It also avoids the common “AI transformation” abstraction where every recommendation sounds correct but cannot be implemented on Monday morning. Each chapter is written to produce concrete artifacts: a classification decision, a maturity assessment, a reference architecture, a retrieval contract, a tool manifest, a prompt registry, an evaluation plan, a security threat model, a cost model, an observability plan, a governance evidence trail, and an engagement checklist.

Finally, the book avoids treating governance as an after-the-fact layer. Governance appears in the architecture itself. If a model can produce a customer communication, the prompt and output evidence matter. If an agent can call a tool, authority and approval matter. If a retrieval system can surface policy, source ownership and freshness matter. Governance is the discipline of making those design choices explicit and reviewable.

Table P.2 - How different readers should use this book









	Reader role
	How to use the book
	Primary artifact to take away





	Enterprise architect
	Use the architecture chapters to challenge incomplete solution designs.
	Reference architecture, decision contracts, integration map.



	Engineering lead
	Use the build chapters to convert AI demos into delivery practices.
	Prompt registry, retrieval pipeline, agent runtime controls, eval gates.



	Product owner
	Use the decide chapters to define scope, autonomy, and release readiness.
	System classification, human review model, feedback plan.



	Risk / governance lead
	Use the operating chapters to connect controls to evidence.
	AIADRs, risk mapping, approval gates, audit evidence pack.



	Platform team
	Use the whole book to decide what belongs in shared infrastructure.
	Gateway, observability, evaluation, policy, and tool governance services.










Chapter 1 — AI-First vs AI-Added - The First Architecture Decision

The prior question every team skips: what kind of system is this, and can it survive production?

The first mistake in enterprise AI is often not technical. It is classification error. Teams describe a feature as AI-first when it is really AI-added. They describe a chatbot as an agent when it merely answers questions. They build a generative workflow and later add action tools without revisiting governance. By the time the mismatch appears, the architecture, operating model, budget, and risk treatment have already been set incorrectly.

This chapter provides the vocabulary and tests required before solution design begins. The goal is not semantic purity. The goal is to make sure the system receives the architecture discipline that its behaviour demands. A generated summary does not require the same controls as an agent that can update a customer record. A recommendation engine does not require the same evidence trail as a credit-decision copilot. A prototype that helps one analyst does not require the same platform investment as a capability reused across twenty products.

NovaCred begins at this point. Its leadership believes it is building a credit-decisioning copilot. The product team believes it is building a faster way to draft customer explanations. The operations team imagines an assistant that can triage collections actions. The compliance team hears “credit decision” and sees model risk, adverse-action evidence, and audit exposure. They are all discussing the same initiative, but they are not describing the same system. The architecture cannot begin until that ambiguity is resolved.


The Generative, Agentic, and Hybrid Axis

The revised title of this book puts the most important distinction in the foreground. A generative system produces content, analysis, explanations, classifications, summaries, code, or structured outputs. An agentic system pursues a goal by planning steps, selecting tools, and acting within bounded authority. A hybrid system does both: it generates reasoning artifacts and uses those artifacts to drive controlled workflow execution.

The distinction matters because consequence changes with action. If an LLM drafts a customer-support response, the main risks are factuality, tone, policy compliance, and disclosure. If an agent sends the response, updates the CRM record, issues a refund, schedules a collections call, or triggers a loan-review workflow, the system has crossed from generated output into operational action. The control requirements change at that boundary.

Many enterprise systems start generative and drift agentic. A team first asks the model to summarise documents. Then it asks the model to recommend next steps. Then it asks the model to call an internal API to fetch account data. Then it lets the system pre-fill a decision form. Eventually, someone asks why the system cannot simply submit the form automatically. Each step appears incremental. Architecturally, the move from “suggest” to “act” is not incremental. It is a change in system class.

For that reason, the first design workshop should include a simple axis conversation: is the system generating, acting, or doing both? A system that only generates still needs grounding, evaluation, and guardrails. A system that acts needs all of those plus tool governance, authority boundaries, step budgets, memory controls, approval gates, trajectory tracing, and rollback paths.

[image: Figure 1.1 - The Gen AI, Agentic AI, and Hybrid system axis]

Figure 1.1 - The Gen AI, Agentic AI, and Hybrid system axis

Table 1.1 - Why the system type changes the control model










	System type
	Primary behaviour
	Main production risk
	Minimum architectural control





	Generative
	Produces content, classifications, reasoning, summaries, or structured output.
	Fluent but unsupported output; poor grounding; schema drift; policy violation.
	Prompt registry, retrieval/evidence controls, output validation, eval suite, refusal rules.



	Agentic
	Plans, selects tools, and acts within a bounded workflow.
	Wrong tool call, excessive agency, runaway loop, state-changing action without approval.
	Tool manifest, authority tiers, step/time budgets, action approval, trajectory tracing.



	Hybrid
	Generates reasoning artifacts and uses them to execute workflow steps.
	Generated rationale drives an incorrect or premature action.
	Decision contract, human review by consequence, tool-level gates, replayable audit trail.








AI-Added vs AI-First

An AI-added product takes an existing workflow and inserts AI at one or more points. The underlying workflow would still function without the AI component. The AI feature may accelerate a task, improve convenience, or reduce manual effort, but it is not structurally required for the product to deliver its core value. Many useful systems are AI-added. There is nothing wrong with that. The danger is pretending they are AI-first and over-investing in platform complexity before the use case earns it.

An AI-first product is architecturally dependent on AI from inception. If the AI layer is removed, the core value proposition collapses or becomes materially different. The system improves with use because it accumulates context, feedback, domain knowledge, user corrections, or outcome data. Human judgment remains important, but it is deliberately positioned around edge cases, high-stakes decisions, and oversight rather than constant correction of model weakness.

The difference is not whether the product uses a powerful model. The difference is whether intelligence is structural or decorative. A document editor with a “summarise this paragraph” button is AI-added. A legal-research workbench that continuously builds a matter-specific knowledge graph, drafts arguments, tracks citations, routes uncertainty to reviewers, and improves with partner feedback is closer to AI-first. The same model could power both. The architecture and operating model would be entirely different.

NovaCred’s first proposal was AI-added: generate adverse-action explanation drafts using a policy prompt and a customer profile. It was useful, but the workflow still depended on analysts and the existing decision engine. The revised ambition became hybrid: combine credit scoring, policy retrieval, explanation drafting, human approval, collections triage, and controlled workflow actions. That shift changes the architecture. It also changes evaluation, governance, and incident response.



The Three Diagnostic Tests

The three diagnostic tests are simple enough to use in a product workshop and strict enough to prevent category inflation. They should be applied before architecture diagrams are drawn, before model providers are selected, and before leadership asks for a delivery roadmap. They also give risk, compliance, and engineering teams a shared language for challenging vague claims.

The first test is structural dependency. Would the core value proposition collapse if the AI layer were removed? If the product could deliver its primary outcome through rules, templates, search filters, or human service with comparable quality, the system is AI-added. The AI may be valuable, but it is not structurally defining.

The second test is learning trajectory. Does the system get measurably better through accumulated context, feedback, or outcome data? AI-first products do not remain static after launch. They collect signal that helps prompts, retrieval, policies, ranking, memory, workflows, or models improve. If quality remains unchanged after deployment except for manual prompt edits, the system may be useful, but it is not yet operating like an AI-first product.

The third test is the role of human judgment. Are humans complementing the system or compensating for it? In a mature AI-first system, humans handle exceptions, high-consequence actions, ambiguous cases, and deliberate overrides. In a weak AI-added system, humans are continuously cleaning up generic or incorrect model outputs. The difference shows up in the operating model. One uses human judgment where it adds value. The other uses humans as a patch for missing architecture.

Table 1.2 - The three diagnostic tests for AI-first classification










	Diagnostic test
	Question to ask
	AI-added answer
	AI-first answer





	Structural dependency
	What breaks if the AI layer is removed?
	The workflow slows down but still works.
	The core product outcome collapses or changes materially.



	Learning trajectory
	Does the system improve with usage and feedback?
	Quality depends mostly on static prompts and manual updates.
	Feedback, outcomes, and context improve system behaviour over time.



	Human judgment
	Why are humans in the loop?
	Humans correct routine AI mistakes.
	Humans handle high-stakes, ambiguous, or exception cases.













	WORKSHOP QUESTION
	Ask the sponsor to complete this sentence: “Without AI, this product would no longer be able to...” If the sentence is weak, the system is probably AI-added.










The Five-Layer Product Stack

Once the system class is clear, the product stack exposes the design decisions that will later appear in the canonical architecture. The stack is not a deployment diagram. It is a product lens that helps teams see how model choice, orchestration, knowledge, application logic, and user experience combine to create value and risk.

Layer 1 is foundation models. This layer determines baseline capability, cost envelope, latency characteristics, data commitment terms, and provider dependency. The key decision is not simply which model performs best in a demo. It is how model access will be abstracted, whether multiple providers are required, which tasks demand frontier capability, and which tasks can run on smaller or self-hosted models.

Layer 2 is orchestration and memory. This is where agentic systems become materially different from simple generation. Orchestration decides which prompts run, which tools are called, what context is retained, how intermediate reasoning artifacts are represented, how failures are handled, and when the system stops. Memory decides what survives beyond the current turn, session, or workflow. Poorly designed memory can create privacy risk, stale decisions, and user distrust.

Layer 3 is data and knowledge. In enterprise systems, the quality of context often matters more than the model. This layer includes document ingestion, chunking, embeddings, metadata, vector stores, hybrid search, structured data access, freshness management, and relevance tuning. The retrieval layer is not a utility. It is a product-quality determinant.

Layer 4 is application logic. This is where domain knowledge becomes durable. It includes business rules, routing, guardrails, prompt selection, output validation, tool permissions, fallback decisions, and user-specific constraints. As foundation models commoditise, this layer becomes the differentiator. Two organisations can call the same model and produce very different systems because their application logic encodes different judgment.

Layer 5 is interface and experience. The interface determines trust calibration. A conversational interface invites open-ended questions and may create over-trust. An embedded interface reduces adoption friction but may hide system uncertainty. An agentic interface promises productivity but demands confirmation, rollback, and clear authority boundaries. Ambient systems can transform work, but they can also create invisible automation and alert fatigue.

Table 1.3 - The AI-first product stack and its failure modes









	Product layer
	What it controls
	Common failure if ignored





	Foundation models
	Capability, latency, cost, provider dependency, data commitments.
	Hard-coded provider dependency and expensive migration when model versions change.



	Orchestration & memory
	Workflow sequencing, context carryover, tool use, state management.
	Demo works in one turn but fails across a real workflow.



	Data & knowledge
	Grounding, retrieval, freshness, structured and unstructured context.
	Plausible answers grounded in the wrong or stale information.



	Application logic
	Business rules, routing, validation, guardrails, escalation.
	Model output leaks directly into business process without domain controls.



	Interface & experience
	User trust, feedback capture, confirmation, correction, adoption.
	Users over-trust, ignore, or cannot correct the system.








Five Architecture Principles Previewed

The full principle set appears later in the book, but five ideas must be introduced early because they influence every decision in this chapter. These are not slogans. They are practical design constraints. If the team violates them in the first sprint, the cost of correction multiplies later.

Design for failure, not just success. A production AI system must have a defined response when the model is wrong, retrieval is weak, a tool fails, a provider is unavailable, a policy blocks the request, or the user asks for something outside scope. The happy path is not architecture. It is a demo path.

Treat latency as a product decision. Time-to-first-token, end-to-end response time, and asynchronous handoff patterns shape adoption. A five-second response may be fine for a back-office research workflow and unacceptable in a customer-facing support flow. Agentic systems add step latency: a ten-step trajectory can be unusable even if each model call is fast.

Instrument every call. The team must observe prompts, model versions, retrieval context, token use, latency, guardrail outcomes, tool calls, intermediate steps, and final outputs. For agentic systems, observing the final answer is insufficient. The path matters. A correct final answer produced through an unsafe path is still an architecture problem.

Manage context as a resource. Context is not free. Long context increases cost, latency, and sometimes quality risk. Memory can help, but unmanaged memory can carry outdated facts and sensitive data. Retrieval can ground responses, but irrelevant retrieval can make the model confidently wrong. Context requires policy, ownership, and measurement.

Governance is architecture. Governance cannot be applied after the system is built. Access control, tenant isolation, data minimisation, approval gates, audit trails, model versioning, prompt versioning, and decision evidence must be designed into the system. Documents alone do not govern software that can act.



Product or Platform?

The product-versus-platform decision is one of the most consequential strategic choices in enterprise AI. A product is optimised to solve one use case well. A platform provides shared capabilities that multiple products consume: model access, gateways, prompt registry, evaluation harnesses, tool governance, observability, policy enforcement, and cost controls. Both are legitimate. The mistake is choosing implicitly.

A product is the right starting point when the organisation has a small number of use cases, uncertain demand, or highly different workflows. Building a platform too early creates abstraction before the organisation knows what must be shared. Teams spend months building generic capability while the first production use case still lacks evaluation, security, and telemetry.

A platform becomes justified when use-case density rises and duplication becomes dangerous. Multiple teams independently building gateways, prompt stores, vector stores, evaluation suites, and guardrails will create inconsistent controls and unnecessary cost. At that point, the platform is not a luxury. It becomes the mechanism by which governance and reuse scale together.

NovaCred is in the middle. It has several AI ambitions: policy Q&A, adverse-action explanations, collections triage, internal credit memo drafting, and fraud investigation support. The right move is not a full enterprise platform on day one. The right move is a product architecture that uses platform-ready components: a gateway, prompt registry, evaluation store, retrieval service, and observability model that can later be shared.

Table 1.4 - Product-versus-platform decision rule









	Use-case density
	Recommended posture
	Reason





	1-3 active use cases
	Build products with platform-ready seams.
	A full platform will likely overrun the value of early use cases.



	4-9 active use cases
	Evaluate shared capability deliberately.
	Reuse and governance begin to matter, but common patterns must be proven.



	10+ active use cases
	Invest in a platform operating model.
	Duplication cost, inconsistency, and governance risk usually exceed platform cost.








Five Production Failure Modes


Demo-to-production gap

The system performs well on curated examples and fails on real enterprise inputs. Real documents contain contradictions, formatting noise, old versions, regional terminology, missing metadata, scanned attachments, acronyms, and ambiguous intent. The mitigation is not a bigger model alone. It is production-representative evaluation, adversarial cases, retrieval diagnostics, and early observability.



Context window blindness

Teams assume that because a model accepts a large context window, all included context will be used reliably. In practice, stuffing context can increase cost and reduce control. Production systems need context budgets, summarisation rules, retrieval ranking, memory expiry, and tests that measure quality under realistic context length.



RAG without relevance tuning

Semantic similarity is not business relevance. A retrieved passage may be topically similar but out of date, from the wrong policy jurisdiction, written for the wrong audience, or superseded by a later memo. Relevance must incorporate metadata, authority, freshness, scope, and domain-specific signals.



Model dependency without abstraction

Direct coupling to a model provider or version makes change expensive. Providers change pricing, deprecate models, alter rate limits, and release better alternatives. A thin abstraction layer is not bureaucracy. It is an option value that protects product logic.



No feedback loop

The system ships without a way to capture corrections, ignored recommendations, failed tasks, user frustration, downstream overrides, or production incidents. Without feedback, the team cannot improve prompts, retrieval, workflows, or training data. The system remains static while user trust declines.




NovaCred Classification

NovaCred’s initiative is not one system at one maturity level. It contains multiple system classes. The policy assistant is mostly generative with retrieval grounding. The adverse-action drafting flow is generative with structured-output constraints and human review. The collections triage assistant is agentic because it plans follow-up steps and may call tools. The broader credit-operations workbench is hybrid because generated explanations and recommendations influence controlled workflow actions.

This classification changes the backlog. The team cannot begin by choosing the “best model.” It must define system boundaries, action tiers, approval gates, evidence requirements, prompt ownership, retrieval sources, and evaluation metrics by capability. A low-risk policy Q&A answer can fail safely. A collections action sent to a customer cannot. The architecture must make that difference visible.

The outcome of Chapter 1 is therefore not a diagram. It is a decision record: NovaCred is building a hybrid Gen AI and Agentic AI system with multiple bounded capabilities, each assigned its own authority level, evaluation requirement, and release gate. That record prevents later scope creep from quietly turning a copilot into an uncontrolled agent.



A Practical Classification Worksheet

A classification workshop should be short, but it should not be casual. The output should be a written decision record that remains attached to the initiative as scope changes. The workshop should include product, engineering, data, security, operations, and risk stakeholders. If only the product team attends, the result will usually understate production burden. If only the risk team attends, the result may overstate restriction and understate value.

The team should classify each capability separately. A single product may contain a generative capability, a contextual retrieval capability, and an agentic workflow. Treating the whole product as one category creates confusion. NovaCred’s policy assistant, adverse-action narrative generator, and collections-triage agent have different risk profiles even though they share the same workbench.

The worksheet should force decisions about output type, action type, data sensitivity, user population, autonomy, reversibility, and evidence. If the team cannot answer those questions, it is too early to estimate delivery effort. The missing answers will reappear later as security findings, governance blockers, rework, or production incidents.

Table 1.5 - Classification worksheet for AI-first and agentic systems









	Question
	Why it matters
	Decision artifact





	Does the system generate, act, or both?
	Determines whether prompt/output controls are enough or agent controls are needed.
	System classification record.



	What data classes can enter the prompt or tool call?
	Determines privacy, residency, logging, and provider eligibility.
	Data handling decision.



	Can the system change external state?
	Determines approval gates, rollback, and audit requirements.
	Tool authority tier.



	Who relies on the output?
	Determines UX, explanation, and training needs.
	User impact statement.



	What happens when the system is wrong?
	Determines failure handling and escalation.
	Failure response design.



	What evidence must be retained?
	Determines observability, storage, and compliance design.
	Evidence retention model.








The Boundary Between Suggesting and Acting

The most important boundary in agentic design is the boundary between suggesting and acting. A system that suggests a next step may still be wrong, but the user remains the actor. A system that executes a next step becomes part of the operational process. The organisation must then treat the system as a participant in control execution, not merely a source of text.

This boundary is often crossed through convenience. A user says, “Can you also send that?” or “Can you update the case?” The feature request sounds harmless because the model has already produced the content. But the architecture changes when the system sends, updates, approves, assigns, schedules, or triggers. The action creates state, obligation, evidence, and possibly customer impact.

A disciplined architecture defines action tiers. Read tools retrieve information. Draft tools prepare artifacts. Write tools update internal state. Action tools create external consequences. Each tier has its own permissions, logging, approval, and rollback expectations. Without tiers, every new tool becomes an exception, and exceptions accumulate until the agent’s authority is unclear.

NovaCred uses this boundary to prevent collections triage from becoming uncontrolled collections automation. The agent can read account history, retrieve policy, draft a recommended next step, and prepare a task. It cannot contact the customer, change hardship status, or initiate a payment plan unless a human approval gate is satisfied.



The Hidden Cost of Misclassification

Misclassification creates cost in three directions. First, it creates under-control. A team treats an agentic workflow as a chatbot and fails to design tool permissions, trajectory tracing, and action approval. Second, it creates over-control. A team treats a simple summarisation feature as a regulated decision system and slows delivery unnecessarily. Third, it creates platform misinvestment. The organisation builds shared infrastructure before it knows what capabilities will actually be reused.

The most expensive misclassification is usually under-control because it surfaces late. The demo looks strong, the pilot looks promising, and then an enterprise control function asks basic questions: which model version produced this result, what source was used, who approved the action, why was the tool call allowed, and what evidence was retained? If the architecture cannot answer, the team must retrofit controls after product logic is already entangled with model behaviour.

A useful practice is to repeat classification at each autonomy increase. The original classification should not be treated as permanent. If a system gains memory, tools, customer impact, regulated data, or workflow authority, the classification should be revisited. This is not bureaucracy. It is change control for system class.



Examples of Gen AI, Agentic AI, and Hybrid Systems

A claims-summary tool that reads documents and drafts an internal summary is generative. A claims assistant that gathers missing documents, checks policy, prepares a settlement recommendation, and routes the case is hybrid. A procurement agent that compares suppliers, requests quotes, updates a purchase request










	DESIGN DISCIPLINE
	Every time the system gains a new tool, new memory, new audience, or new consequence, rerun the classification. The system you originally approved may no longer be the system you are operating.










Architecture Consequences of the Classification













	Classification outcome
	Architecture consequence
	Evidence required





	AI-added, generative
	Keep scope narrow; focus on prompt, output, and user correction.
	Prompt version, sample outputs, user feedback, basic eval.



	AI-first, contextual
	Design managed knowledge layer and retrieval quality gates.
	Source inventory, retrieval metrics, citation logs, freshness rules.



	Agentic, read-only
	Add tool registry and trajectory tracing; restrict to observation and recommendation.
	Tool manifest, step logs, budget results, user approval record.



	Agentic, write-capable
	Add approval gates, rollback, incident runbooks, and action evidence.
	Approval trail, tool inputs/outputs, compensating controls.



	Hybrid decision system
	Use decision contracts to connect generated rationale to workflow control.
	Schema validation, policy evidence, reviewer sign-off, decision record.








Why AI-Added Is Not a Lesser Category






The Autonomy Ladder













	Autonomy rung
	What the system may do
	Control requirement





	Retrieve
	Find and summarise eligible information.
	Access control, source metadata, citation.



	Recommend
	Suggest next step or interpretation.
	Rationale, uncertainty, reviewer override.



	Draft
	Prepare artifact for human use.
	Schema validation, policy check, acceptance record.



	Write internally
	Update workflow state or create task.
	Tool permission, approval rule, rollback.



	Act externally
	Send, trigger, notify, or commit external consequence.
	Mandatory approval, audit evidence, incident plan.








A NovaCred Classification Decision Record






NovaCred Opening Scenario: The Same Feature, Three Interpretations














	Stakeholder interpretation
	Risk if accepted alone
	Architecture response





	Product: faster explanations
	Understates regulatory evidence and quality controls.
	Add decision contract and evidence-backed drafting.



	Operations: faster queue movement
	Turns drafting into workflow action without authority model.
	Add action tiers and read-only agent boundary.



	Compliance: regulated communication
	May over-restrict low-risk internal assistance.
	Calibrate human review by stakes.



	Engineering: automation opportunity
	May focus on tool integration before controls.
	Define gateway, tool manifest, and approval gates first.













	CHAPTER TAKEAWAY
	Do not ask “which model should we use?” before asking “what class of system are we building?” The system class determines the architecture burden.
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