

[image: AI Scenario Engineering: A Discipline for Real World AI Deployment]



Table of Contents


	Chapter 01 Introduction to AI Scenario Engineering

	1.1 The Birth Background

	1.1.1 The Evolutionary Ceiling of Traditional AI Engineering Paradigms

	1.1.2 The Widely Existing Industrial Implementation Gap

	1.1.3 The Structural Pain Points of Large-Scale AI Industrialization

	1.1.4 The Necessity and Emergence of AI Scenario Engineering

	1.2 Definition and Connotation

	1.2.1 Formal Definition of AI Scenario Engineering

	1.2.2 Core Connotation and Internal Logic

	1.2.3 Evolutionary Relationship with Conventional AI Engineering Paradigms

	1.3 Core Characteristics

	1.3.1 Scenario-Driven Technical Selection

	1.3.2 Scenario Fit Over Technological Advancement

	1.3.3 Spiral Iterative System Engineering Over One-Time Delivery

	1.3.4 Co-Evolution of Business Model and AI Technology

	1.3.5 Human-in-the-Loop and Determinism Boundary Control

	1.4 Application Scope and Practical Boundaries

	1.4.1 Applicable Scenarios and Archetypes

	1.4.2 Boundary Conditions and Limitations

	1.4.3 Typical Inapplicable Scenarios and Common Pitfalls

	1.4.4 Prerequisites and Enabling Conditions for Methodology Effectiveness

	1.5 Significance and Value

	1.5.1 Theoretical Significance: Bridging Computer Science and Domain Knowledge

	1.5.2 Industrial-Economic Value: Maximizing AI ROI and Scaling Velocity

	1.5.3 Engineering Methodological Significance: Standardizing Systemic Delivery

	1.5.4 Cognitive and Educational Value: Defining the Scenario Engineer Blueprint

	Chapter 02 Scenario Characterization and Space Dynamics

	2.1 The Five-Dimensional Scenario Space

	2.1.1 Coordinate 1: Data Characteristics

	2.1.2 Coordinate 2: Determinism Requirements

	2.1.3 Coordinate 3: Unit Economics

	2.1.4 Coordinate 4: Risk Exposure

	2.1.5 Coordinate 5: Human Integration

	2.2 Space Topology and Scenario Vector Mapping

	2.2.1 Worked Example: Computing the Scenario Vector from Business Requirements

	2.2.2 Case Study: Resolving a Three-Month Architecture Debate with One Scenario Vector

	2.3 Scenario Typology and Archetype Classification

	2.3.1 Archetype I: Decision Support

	2.3.2 Archetype II: Bounded Automation

	2.3.3 Archetype III: Personalization

	2.3.4 Archetype IV: Generative with Editorial

	2.3.5 Archetype V: Manageable-Cost Prediction

	2.3.6 Cross-Archetype Dynamics and Hybrid Patterns

	2.4 Economic Asymmetry and Decision Boundary Dynamics

	2.4.1 Asymmetric Loss Functions in Real-World Operations

	2.4.2 Quantitative Calibration of False Positive vs. False Negative Costs

	2.4.3 Dynamic Decision Thresholding Under Shifted Distributions

	2.4.4 Illustration: Optimizing Cost Asymmetry in Enterprise Fraud Prevention

	2.5 Bounded Determinism and Safety Guardrail Architecture

	2.5.1 The Determinism Boundary: Concept and Layered Defense

	2.5.2 Guardrail Topology: Input Filtration, Latent Steerability, and Output Auditing

	2.5.3 Human Escalation Paths and Trust Calibration

	2.5.4 Architectural Design Patterns for Bounded AI Inference

	2.6 Minimal Sufficient Capability Selection Mechanics

	2.6.1 The Complexity Tax and Capability Surplus Optimization

	2.6.2 Selection Decision Tree: Rules vs. Compact Models vs. Frontier LLMs

	2.6.3 Performance-Cost Pareto Frontier Analysis

	2.6.4 Illustration: Downscaling Architecture for High-Throughput Document Processing

	Chapter 03 The Scenario Engineering Lifecycle

	3.1 Lifecycle Overview: The Five-Phase Spiral

	3.1.1 Why AI Delivery Needs a Lifecycle Model

	3.1.2 The Five Phases and Their Canonical Questions

	3.1.3 Gate Criteria: Governing Phase Transitions

	3.1.4 The Spiral as Unit of Delivery: Multiple Spirals to Steady State

	3.1.5 Comparison with CRISP-DM, MLOps, and Traditional SDLC

	3.2 Phase 1: Scenario Definition

	3.2.1 From Business Problem to Scenario Specification

	3.2.2 Applying the Five-Dimensional Coordinate System

	3.2.3 Archetype Matching and Anti-Pattern Screening

	3.2.4 The Scenario Specification Document

	3.2.5 Gate 1 Criteria: Is the Scenario Sufficiently Characterized?

	3.2.6 Illustration: From Vague Mandate to Precise Scenario Vector

	3.3 Phase 2: Capability and Architecture Selection

	3.3.1 Model Tier Selection via the Decision Tree

	3.3.2 Determinism Boundary and Guardrail Topology Design

	3.3.3 Cost Asymmetry Analysis and Initial Threshold Setting

	3.3.4 Human-in-the-Loop Architecture Configuration

	3.3.5 The Architecture Decision Record

	3.3.6 Gate 2 Criteria: Is the Architecture Fit-for-Purpose?

	3.4 Phase 3: Delivery Engineering

	3.4.1 System Integration: Model, Guardrails, and Enterprise Systems

	3.4.2 Implementing the Four-Layer Defense Architecture

	3.4.3 Monitoring, Telemetry, and Observability Pipeline

	3.4.4 Testing Strategy: Deterministic, Probabilistic, and Adversarial

	3.4.5 Shadow Deployment and Canary Release Strategy

	3.4.6 Gate 3 Criteria: Is the System Ready for Production?

	3.5 Phase 4: Value Validation

	3.5.1 Business Value Measurement: Beyond Model Accuracy

	3.5.2 Unit Economics Verification and ROI Calculation

	3.5.3 Error Cost Audit and Threshold Recalibration

	3.5.4 User Adoption and Trust Calibration

	3.5.5 The Value Validation Report

	3.5.6 Gate 4 Criteria: Has the System Delivered Sustained Value?

	3.5.7 Illustration: Value Validation in a High-Stakes Deployment

	3.6 Phase 5: Co-Evolution

	3.6.1 Distribution Shift Monitoring and Early Warning

	3.6.2 Dynamic Thresholding and Calibration Maintenance

	3.6.3 Pattern Accumulation: Capturing Reusable Artifacts

	3.6.4 Business Model Co-Evolution: When the Scenario Itself Changes

	3.6.5 Triggering a New Spiral: Criteria and Process

	3.7 Cross-Cutting Concerns

	3.7.1 The Lifecycle as Pattern Accumulation Engine

	3.7.2 Organizational Roles and Collaboration Models

	3.7.3 Tooling and Infrastructure Requirements

	3.7.4 Maturity Assessment: From Ad Hoc to Disciplined Delivery

	Chapter 04 Scenario Decomposition and Portfolio Governance

	4.1 The Granularity Problem: Why Big Scenarios Fail

	4.1.1 The Monolith Trap: Why Business Domains Cannot Be Delivered Whole

	4.1.2 The Goldilocks Granularity: Too Big, Too Small, Just Right

	4.1.3 Decomposition as Risk Management: Independent Value, Independent Failure

	4.2 Decomposition Principles and Cutting Criteria

	4.2.1 The Five Closure Principles

	4.2.2 Decomposition Axes: Process Stage × Decision Type × User Role

	4.2.3 The Vector-Consistency Test

	4.2.4 Anti-Patterns in Decomposition

	4.3 The Standard Decomposition Procedure

	4.3.1 From Business Domain to Micro-Scenarios: The Four-Step Procedure

	4.3.2 The Micro-Scenario Card: A Standard Metadata Schema

	4.3.3 Dependency Mapping and Shared-Capability Discovery

	4.4 Scenario Prioritization: The VFR Scoring Model

	4.4.1 Why Intuition Fails: The Politics of Project Selection

	4.4.2 The Value-Feasibility-Risk Scorecard

	4.4.3 Portfolio Quadrants: Quick Wins, Strategic Bets, Fill-Ins, and Traps

	4.4.4 Sequencing Under Shared-Capability Constraints

	4.5 Portfolio Governance and Roadmapping

	4.5.1 Managing the Scenario Portfolio Like an Investment Portfolio

	4.5.2 Kill Criteria: Stopping Underperforming Spirals

	4.5.3 The Portfolio Roadmap: From Spiral Map to Annual Plan

	4.5.4 Illustration: Decomposing an Insurance Claims Domain

	Chapter 05 Feasibility Adjudication and the Value Hypothesis

	5.1 The Feasibility Gate: Why Most Money Is Wasted Before Line One

	5.1.1 The Cost Asymmetry of Wrong Verdicts

	5.1.2 Feasibility vs. PoC: Adjudicate Before You Build

	5.2 The Five Assessment Dimensions

	5.2.1 Data Readiness: The Mirage of "We Have the Data"

	5.2.2 Determinism Feasibility: Can Any Architecture Meet the Bar?

	5.2.3 Economics Floor: The Unit-Economics Break-Even Check

	5.2.4 Risk Envelope: Worst-Case Exposure Tolerance

	5.2.5 Organizational Readiness: The Human Adoption Factor

	5.3 Verdict Rules and the Adjudication Process

	5.3.1 Pass/Conditional Pass/ Reject: Threshold Logic

	5.3.2 The Red-Team Review: Arguing for Rejection

	5.3.3 Re-Adjudication Triggers

	5.4 The Feasibility Report and Value Hypothesis Canvas

	5.4.1 The Feasibility Report: Structure and Evidence Standards

	5.4.2 The Value Hypothesis Canvas

	5.4.3 Illustration: Killing a Cherished Project in Week Two

	Chapter 06 Platform Architecture and Shared-Capability Engineering

	6.1 The Scenario Island Problem

	6.1.1 How Islands Form: The Natural Drift of Project-Based Delivery

	6.1.2 The Cost of Fragmentation: Duplication, Inconsistent Guardrails, Uncomparable Telemetry

	6.1.3 The Fragmentation Signal: When Islands Become Unmanageable

	6.2 The Three-Layer Enterprise Architecture

	6.2.1 The Shared Capability Base (Layer 1)

	6.2.2 The Scenario Adaptation Layer (Layer 2)

	6.2.3 The Business Application Layer (Layer 3)

	6.2.4 Layer Boundary Rules: The Sink Rule and the Specificity Rule

	6.3 Platform Economics and Build-vs-Buy

	6.3.1 Reuse Economics: The Marginal-Cost Curve of the Nth Scenario

	6.3.2 Build vs. Buy vs. Open Source: The Platform Decision Framework

	6.3.3 The Anti-Platform Trap: Demand-Pull, Not Supply-Push

	6.4 Integration with Legacy Systems

	6.4.1 The Wrap, Don't Replace Doctrine

	6.4.2 Integration Patterns: Sync API/Async Queue/Batch/Sidecar

	6.4.3 Strangler Migration for AI-Injected Workflows

	6.5 Non-Functional Requirements and Platform Constraints

	6.5.1 The NFR Checklist: Latency, Availability, Security, Compliance, Auditability

	6.5.2 Cost Governance: Chargeback and Capacity Planning

	6.5.3 Platform Governance: Shared-Component Versioning and Change Impact

	6.5.4 The Enterprise AI Architecture Blueprint

	6.5.5 Illustration: A 14-Scenario Portfolio on One Platform

	Chapter 07 Business Model Co-Shaping

	7.1 Why Technology Deployment Alone Changes Nothing

	7.1.1 The Value Leak: New System, Old Process

	7.1.2 Co-Evolution at Organizational Scale: The Scenario Changes the Business, and Back

	7.2 The Five Dimensions of Business Reshaping

	7.2.1 Process Redesign: Around the Machine, Not Beside It

	7.2.2 Human–Machine Division of Labor: The Rework of Roles

	7.2.3 Decision Rights and Accountability Redesign

	7.2.4 Unit Economics Reshaping: Pricing, Cost Structure, and Margin

	7.2.5 Customer Interaction Redesign

	7.2.6 Archetype-Specific Reshaping Patterns

	7.3 The Acceptance Constraint: Reshaping Within Organizational Tolerance

	7.3.1 The Change Absorption Model: How Much Reshaping Can One Organization Digest

	7.3.2 Staged Reshaping: Piloting the Business Model Like Piloting the System

	7.3.3 Incentive Realignment: KPIs, Review Queues, and Trust Budgets

	7.4 Risk Backstops and Organizational Safety Nets

	7.4.1 Fallback Operations: Running the Business When AI Is Down

	7.4.2 The Escalation Institution: Standing Authority for Human Override

	7.4.3 Output: The Business Co-Shaping Blueprint

	7.4.4 Illustration: Reshaping a Loan Approval Operation End-to-End

	Chapter 08 The Scenario Engineer: Role, Competency, and Organization

	8.1 Why This Role Exists: The Organizational Gap

	8.1.1 The Deterministic Bias of Traditional IT Organizations

	8.1.2 Two Structural Traps: Centralized Monopoly vs. Wild West Decentralization

	8.1.3 The Integrator Mandate: What Only This Role Can Do

	8.1.4 Where the Role Sits: Adjacent Roles and Boundaries

	8.2 The Competency Model

	8.2.1 Domain Fluency

	8.2.2 Economic Reasoning

	8.2.3 Technical Judgment

	8.2.4 Guardrail Thinking

	8.2.5 Communication: Forcing Vagueness Into Precision

	8.2.6 The Competency Matrix and Assessment Rubric

	8.3 Team Topologies and Operating Models

	8.3.1 The Platform–Scenario Federated Model

	8.3.2 Three Operating Models: Embedded / Centralized / Hybrid

	8.3.3 The Scenario Engineering Office (CoE)

	8.3.4 The Capability Descent Workflow

	8.4 The Human-in-the-Loop Workforce and Trust

	8.4.1 Working with Reviewers: Selection, Training, and Operations

	8.4.2 Trust Calibration: The Evidence Loop of Over-Trust and Under-Trust

	8.4.3 Building the Talent Pipeline: Curriculum, Certification, Career Paths

	8.5 Risk Governance and Institutional Backstops

	8.5.1 Continuous Red-Teaming and Adversarial Testing

	8.5.2 Algorithmic Auditability and Regulated Compliance

	8.5.3 Responsible AI as Runtime Guardrails, Not Ethics Committees

	8.6 From Individual Skill to Organizational Routine

	8.6.1 The Maturity Model and People Systems

	8.6.2 The Ten Invariants of Scenario Engineering

	8.6.3 Illustration: Growing from Two to Two Hundred

	Chapter 09 Regulatory Governance and Responsible Delivery

	9.1 The AI Risk Landscape Mapped to the Five-Dimensional Space

	9.1.1 Where Risk Concentrates: The Risk Coordinate Revisited

	9.1.2 Failure Mode Taxonomy for Production AI Systems

	9.2 The Regulatory Map

	9.2.1 Risk-Tiered Regulation: EU AI Act and Its Consequences for Archetype Selection

	9.2.2 Frameworks: NIST AI RMF, ISO/IEC 42001, and China's Generative AI Rules

	9.2.3 Mapping Regulatory Obligations onto Lifecycle Gates

	9.3 Data Governance and Privacy Engineering

	9.3.1 Data Rights Clearing for Training and Inference

	9.3.2 PII Minimization in the Guardrail Pipeline

	9.3.3 Retention, Deletion, and the Right-to-Be-Forgotten in Vector Stores

	9.4 Auditability and Accountability Chains

	9.4.1 The Evidence Ledger: What Every Gate Must Leave Behind

	9.4.2 Model and Decision Traceability Standards

	9.4.3 Who Answers When the System Errs: Accountability Assignment

	9.5 Incident Response for AI Failures

	9.5.1 The AI Incident Playbook: Detect, Contain, Roll Back, Recalibrate

	9.5.2 Post-Incident Review: Feeding Failures Back into the Pattern Library

	9.5.3 Illustration: A Guardrail Breach Handled by the Book

	Chapter 10 The Horizon of Scenario Engineering and Meta-Engineering

	10.1 The Paradigm Shift

	10.1.1 Self-Designing Scenario Architecture

	10.1.2 Continuous Automated Calibration and Synthetic Edge-Case Generation

	10.1.3 The Evolution of the Scenario Engineer: From Prompting to Intent Specification

	10.2 Expanding Scenarios: From Digital Systems to Physical and Multi-Agent Space

	10.2.1 Physical Scenarios and Embodied Determinism

	10.2.2 Multi-Agent Orchestration as Scenario Networks

	10.2.3 Asymmetric Loss: From Financial Risk to Kinetic Risk

	10.3 The Macro-Economics of AI Scenario Engineering

	10.3.1 The Scenario Moat: Why Patterns Outlast Models

	10.3.2 The Diminishing Marginal Cost and the Shift to Outcome-as-a-Software

	10.3.3 Scenario Standardization and Industry Open Protocols

	10.4 The Scenario Engineering Manifesto

	10.4.1 Stress-Testing the Ten Invariants

	10.4.2 The Discipline Maturity Model, Stress-Tested and Extended

	10.4.3 Epilogue: Engineering the Pragmatic Intelligence

	References









Content Summary

AI adoption fails not for lack of model capability, but for lack of scenario boundaries. AI Scenario Engineering is the first definitive handbook to answer the enterprise’s core question: Can AI succeed here—under our cost, determinism, and risk constraints? Presenting five core frameworks to bridge the gap between AI capability and commercial deployment, this book proves a vital truth: the more probabilistic technology becomes, the more deterministic engineering matters.
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Preface

This book was born in a graveyard of pilots.

Over the past decade, I have watched organization after organization pour fortunes into AI initiatives, assemble elite teams, and train sophisticated models—only to deliver systems that triumph in demos and collapse in production. The pattern is by now hauntingly familiar: a proof of concept achieves 95% accuracy on a curated dataset; the system moves into production; within months, it is quietly shelved, decommissioned, or reduced to an unread dashboard. Research confirms the scale of this failure: over 80% of enterprise AI projects fail to deliver their intended business value (RAND, 2024), and while the vast majority of executive leadership teams have committed to AI investments, only a fraction realize measurable, sustained value.

The gap between what AI can do and what it actually delivers—between technical capability and operational impact—is not a technology problem. It is a discipline gap.

I wrote this book because that discipline does not yet exist in a formal, operational form.

What stands in its place is a dangerous chasm. On one side, the AI research community produces probabilistic models faster than operational practice can assimilate. On the other, enterprises govern, comply, and build to engineering standards designed exclusively for deterministic software. Between them lies the graveyard: an unmapped territory where teams must judge whether an 87% accurate model is safe enough to automate credit decisions, whether false positives outweigh false negatives, and whether an organization can absorb machine error. This space has had no name, no textbook, and no formal rigor.

I call this discipline AI Scenario Engineering, and this book defines its core methodology.

Its foundational thesis is paradoxical yet inescapable: the more probabilistic the world becomes, the more deterministic engineering matters. AI is inherently non-deterministic, and cannot be made otherwise. But the scenarios in which it operates—its runtime environments, operational guardrails, and decision boundaries—can and must be engineered to a deterministic standard. Bounded by controlled data drift, calibrated determinism thresholds, explicit risk envelopes, structured human oversight, and audited unit economics, a scenario ceases to be a gamble. It becomes a repeatable engineering artifact.



To formalize the field, this book presents five interlocking frameworks:

The 5D Vector: A multi-dimensional taxonomy (Data, Determinism, Economics, Risk, Human Integration) establishing a shared language across siloed domain experts.

The Spiral Lifecycle: An evidence-gated development cycle adapted from Boehm's spiral model of software engineering (Boehm, 1988), ensuring no project advances without falsifiable proof.

The VFR Feasibility Gate: A rigorous pre-implementation filter auditing Value, Feasibility, and Risk before a single line of code is written.

Platform Architecture: A structural blueprint institutionalizing reusable scenarios and converting localized wins into compounding enterprise capability.

Governance Engineering: An operational architecture embedding regulatory frameworks (EU AI Act, NIST AI RMF, ISO/IEC 42001) directly into system architecture as native requirements, rather than post-hoc compliance audits.

This is neither a survey of theoretical AI ethics nor an introductory machine-learning textbook. It is an opinionated, prescriptive methodology. It provides actionable calculus, empirical default thresholds, and stage-by-stage gates to determine whether an AI system should be built, how to deploy it safely, and how to validate its enterprise value.

Machines will grow smarter. Our discipline must grow stronger. In a world governed by probability, deterministic engineering is not a constraint on ambition—it is the only foundation that lets high-stakes ambition land safely.






Chapter 01 Introduction to AI Scenario Engineering

Every engineering discipline begins with a rupture: a moment when the empirical practices that produced prior success are revealed to be structurally insufficient for the next threshold of complexity. Civil engineering was born when builders recognized that traditional rules of thumb could not scale to steel-frame skyscrapers. Software engineering emerged when practitioners realized that raw hardware growth could not, by itself, avert a systemic software crisis. Each rupture followed the same structural pattern: the old paradigm did not fail because its techniques regressed; it failed because the context outgrew the assumptions those techniques were built upon.

Artificial intelligence has reached its rupture. The technology has never been more capable, yet the translation of that capability into business value has never been more precarious. This is not a contradiction, but a structural consequence: the research paradigm that produced the capability was never designed to deliver it. The gap between what AI can do and what AI actually delivers in production is widening rapidly, driven by misalignment that no amount of model scaling will ever close. What is required is not a larger model, but a distinct engineering discipline that treats the delivery of AI capabilities into operational environments as an engineering problem in its own right.

This foundational chapter establishes that discipline: AI Scenario Engineering. It traces the rupture that necessitates it, defines its scope and connotation, articulates its core characteristics, maps its application boundaries, and demonstrates its significance and value. It serves as the foundation for the entire volume: every subsequent chapter builds directly upon the case established here.

1.1 The Birth Background

Picture the meeting I have sat through more times than I can count. An engineering team unveils a model that, by every standard the field holds dear, is a triumph: accuracy up, error down, and benchmark scores that would have been unthinkable just five years ago. The room is impressed. Then the model meets the business, and the triumph quietly evaporates.

I have learned to ask not, "How good is the model?" but, "What happens to that accuracy when the model has to earn its keep?" The two questions yield very different answers, and the gap between them is the subject of this book.



This section traces why that gap exists and why it is widening, not closing, even as the underlying technology grows exponentially more capable. I have watched it widen across finance, healthcare, retail, and logistics. It persists because the field has been slow to admit a simple truth: the paradigms designed to produce raw capability were never built to deliver real-world value.

1.1.1 The Evolutionary Ceiling of Traditional AI Engineering Paradigms

Every paradigm in the field has evolved along a single axis: pure capability. Symbolic AI sought it in encoded rules; statistical learning in parameters; deep learning in hierarchical representation; foundation models in scale. These paradigms differ profoundly, yet they rest on an unquestioned assumption: the model is the primary unit of work, and advancing the model is the primary lever of value. I have watched this assumption govern the industry, and I have watched what it costs.

Illustration: When a Pricing Model Runs a Business

A real-estate technology company's home-price estimation algorithm, widely recognized for its accuracy, had won industry awards and consumer trust. The company then applied it to a home-buying program that purchased homes at model-predicted prices, renovated them, and resold them. In a fast-moving market, the model's prediction errors directly determined the prices the company paid, and small errors compounded at scale. The company discontinued the program after a significant financial write-down, leaving it with a large inventory of homes it could not sell profitably. Company leadership attributed the failure to the algorithm's inability to predict prices with sufficient accuracy. But the case points beyond prediction error: the model had been optimized for capability alone, while the business depended on it as the primary lever of value—a mismatch that greater accuracy could not have fixed.

The model did not fail as a price estimator. It failed as a profit engine. The accuracy metric that certified its capability said nothing about whether that accuracy was sufficient, or even the right thing to measure, once the model was embedded in a business whose economics amplified every error it made. This is the metrics mismatch I have seen recur across industries: a benchmark score correlates with value only under conditions the real world rarely satisfies (Figure 1.1). A model that is 95% accurate can destroy value if its residual 5% of errors land precisely on the cases that carry catastrophic risk. Benchmark metrics measure what a model can do in distribution; scenarios demand what it must do out of distribution, under drift, and under consequences the benchmark never modeled.



The pattern repeats in medicine, where a diagnostic model that tops an academic leaderboard can degrade the moment it crosses into a different hospital: different imaging equipment, different patient demographics, and different clinical protocols. The benchmark accuracy was real; it simply did not survive contact with the scenario. And here is the deeper limit: for a growing class of tasks, the binding constraint has migrated. It is no longer "can AI do X?" but "can it do X reliably, economically, and appropriately in this specific context?" Once capability ceases to be the bottleneck, the marginal return on additional capability collapses. A model 10% more accurate on a benchmark may deliver zero additional value if the binding constraint lies in integration, cost, or governance.



Figure 1.1 The Capability–Value Divergence. While paradigm capability increases, realized business value plateaus. The widening gap between capability and value signifies a translation deficit rather than a capability deficit.

Traditional paradigms can keep improving models indefinitely and still never close that gap, because the gap is not a capability problem. It is a translation problem: the absence of a systematic method for converting raw technical capability into situated, value-bearing practice. The model-centric paradigm is complete on its own axis, yet structurally incapable, by design, of crossing over to the scenario. Crossing requires a paradigm whose unit of analysis is not the artifact that produces capability, but the context that consumes it.

1.1.2 The Widely Existing Industrial Implementation Gap

The translation deficit shows up in the numbers, and the numbers are now too consistent to dismiss. A RAND Corporation report, based on interviews with experienced practitioners and a synthesis of prior estimates, notes that by some estimates more than eighty percent of AI projects fail, roughly twice the failure rate of conventional IT projects (RAND Corporation, 2024). McKinsey's global survey found that while nearly nine in ten organizations now use AI, fewer than four in ten report any impact on earnings (McKinsey & Company, 2025). The pattern is identical across every major study I have read: the model is no longer the bottleneck. The work around the model is.

Consider the customer-service chatbot pilots I have reviewed, which met their accuracy targets in controlled tests, and then collapsed in production. In the pilot, users asked what the team had anticipated, and the model answered smoothly. In production, users asked everything the team had failed to anticipate, and the model's confident wrong answers eroded trust faster than its correct answers could build it. The pilot measured capability; production punished the absence of a delivery discipline.



Figure 1.2 The Implementation Gap. The pathway from benchmark capability to business value realization spans a multi-layered implementation valley of death. Crossing this gulf requires penetrating five structural layers: data infrastructure, system integration, economic viability, human trust, and governance. Over eighty percent of enterprise initiatives fail to navigate these layers.

That gap, once you look closely, has a layered structure (Figure 1.2). 

A data gap: production data drifts from training data, and the representation that powered the pilot evaporates under distribution shift. 

An integration gap: the model that performs in a notebook meets the latency, throughput, and legacy-system constraints of a live environment and buckles.

An ROI gap: the value of a deployed model remains opaque to the business, leaving investment ungrounded and unrenewed.

A trust gap: the system’s decisions are inscrutable to its users, breeding resistance no accuracy figure can overcome.

A governance gap: the organization cannot audit, attribute, or account for decisions a stochastic system makes on its behalf. 

Each layer is distinct; together they constitute the terrain between a model that works and a product that delivers.

The paradox sharpens the diagnosis. Never has AI been more capable; never has the conversion from capability to value been more fraught. These are not two facts in tension: they are the same fact, viewed from two sides. Capability has advanced precisely by abstracting away the conditions of delivery. The research program that produced ever-more-powerful models did so by removing, for the sake of progress, the exact constraints that determine whether a model creates value: drift, latency, cost, accountability, and user cognition. The gap is not an accident of the paradigm; it is the paradigm’s shadow.

So let me reframe the failure plainly. The implementation gap is not a technology deficit. It is a methodology deficit: the absence of a systematic discipline for translating capability into delivered scenario value. More computing power, larger models, finer tuning: none of these address a translation deficit, because none of them operate on the interface between the model and the business. They operate on the model. The gap lives elsewhere.

1.1.3 The Structural Pain Points of Large-Scale AI Industrialization

The implementation gap, at the scale of a single project, is a disappointment. At the scale of a portfolio, when an organization attempts to industrialize AI across tens or hundreds of scenarios, it becomes a structural condition. I have watched companies clear their first few AI projects with relative ease and then hit a wall the moment they tried to scale: the pain points that were tolerable in ones and twos become, in aggregate, the defining constraints of the entire effort. They are structural because they are properties not of any single model, but of the interface between AI and the business system into which it is embedded.

Five pain points dominate, and none of them is fixable by a better model.

The first is scenario fragmentation and long-tail coverage. Each business scenario is bespoke: its data, its determinism requirements, and its underlying economics. A model that serves one scenario rarely serves another without alteration, dispersing value across a long tail of idiosyncratic cases. The autonomous driving industry has lived this reality for years: it is not the first 95% of driving that blocks deployment, but the long tail of rare edge cases that no volume of test miles seems to exhaust. One model does not fit all, because the geometry of the domain forbids it.

The second is the determinism and controllability crisis. Business processes are largely deterministic by design and expectation: an order is placed, a payment clears, and a database updates. AI is probabilistic by nature. Forcing stochastic components into deterministic processes without an explicit boundary produces systems that are brittle where they must be reliable, and unaccountable where they must be answerable. I have seen recommendation engines that lifted engagement metrics on paper, yet issued suggestions in production that violated core business rules the model was never architected to comprehend.

The third is the cost-economics mismatch. The unit economics of inference, structured around tokens, queries, and compute cycles, collide directly with the margin structures of the products they serve. A model that is technically capable but costs more per query than the transaction generates is, for practical purposes, undeployable. I have reviewed more than one generative AI feature that performed beautifully in a sandbox demo, only to lose money on every single call once exposed to live operational traffic.

The fourth is governance and compliance brittleness. Regulators demand auditability; stochastic systems resist it. The accountability gap is not a peripheral concern, but a deployment blocker. When a major technology company scrapped an internal AI recruiting tool because it had learned to penalize resumes containing the word "women's," the fundamental problem was not the model's accuracy. It was that no one had defined the clear boundary between what the model was allowed to decide and what a human was required to verify.

The fifth is the talent-architecture mismatch. The professional the organization needs, someone fluent in both the business scenario and the capability space and capable of orchestrating delivery at the interface between them, does not yet have a standard title, a curriculum, or a career path. The talent the market produces and the talent that industrialization demands are misaligned by type, not merely by quantity.

These five pain points compose the last mile where the primary cost lies (Figure 1.3). Deployment, integration, adaptation, monitoring, and operation absorb the overwhelming majority of effort in any industrialization program, yet the model-centric paradigm treats them as an afterthought, as plumbing subordinate to the model's prestige. This is the structural inversion the field must confront: the last mile is not the tail of the work; it is the work, and the model is merely one input to it. Throwing more models at structural pain points fails not because the models are inadequate, but because the pain points are not model problems. They are delivery problems, and they require a delivery discipline.



Figure 1.3 The Last Mile Inversion. Strategic allocation of industrialization effort and total cost: operations, integration, and deployment absorb the primary resource load, contrasting sharply with the model centric focus of traditional AI research.

1.1.4 The Necessity and Emergence of AI Scenario Engineering

The diagnosis converges. The implementation gap is a methodology deficit; the industrialization pain points are structural properties of the model-to-business interface; the evolutionary limit of the model-centric paradigm is precisely its inability to operate on that interface. The conclusion is not that the field has failed, but that it has succeeded at one problem and must now name and pursue another. The capability problem and the delivery problem are fundamentally distinct: they belong to entirely different disciplines.

I do not arrive at this conclusion from theory alone. I arrive at it from the repeated experience of watching capable models fail to become value, and from the realization that the failure was never in the model itself. A new discipline is necessary: one whose unit of analysis is the scenario, not the model; whose optimization target is the delivered business outcome, not the benchmark metric; whose operational logic is scenario-pull, not technology-push. This discipline does not replace model engineering; it governs it. It treats the model as one component, often the most capable, rarely the most binding, within a larger delivery architecture whose purpose is to convert raw capability into situated value.

Its emergence is not arbitrary. Three forces have converged to make it inevitable. 

First, foundation models have commoditized capability: when a single API call can perform a task that once required a specialist team to build, the competitive differentiator migrates from the model to the manner of its delivery, encompassing scenario fit, integration, determinism design, and unit economics. 

Second, the accumulated lessons of global delivery failures have crystallized into repeatable patterns: what fails, why it fails, and what the structural alternative must look like. 

Third, AI has crossed the threshold from experimental novelty to core infrastructure, and infrastructure demands systematic methodology: not artisanal heroics, but standardized, transferable, and governable engineering practice.

AI Scenario Engineering emerges as the missing middle layer between two established domains, as Figure 1.4 illustrates. On one side lies AI research: the discipline of capability creation. On the other lies business operations: the domain of value realization. Between them yawns the implementation gap this book addresses, occupied until now by ad-hoc improvisation. AI Scenario Engineering is the discipline that fills this gap, providing the translation logic by which raw capability becomes realized value.



Figure 1.4 The Architectural Middle Layer. AI Scenario Engineering functions as the connective interface between model capability and business value, establishing the methodological framework required to bridge the translation deficit.

It is business-driven by constitution. The scenario and its underlying economics define the technical solution; the technology never defines the scenario. This inversion, putting the scenario first and selecting capability to fit, is the foundational principle from which everything else in this book follows. It is precisely the principle that model-centric paradigms, by their nature, could not hold. Those paradigms were built to ask what a model can do. The discipline defined here asks what a scenario demands, and builds backward from that requirement.

1.2 Definition and Connotation

A discipline without a definition is a slogan. Section 1.1 established that the translation deficit between AI capability and delivered value is fundamentally a methodology deficit, and that closing it requires an independent discipline. But naming the discipline is not enough: it must be defined with sufficient precision to distinguish it from adjacent fields, and with sufficient structure to guide real-world practice. This section provides that formal definition, unpacks its internal logic, and situates the discipline within the broader evolution of AI engineering paradigms.

1.2.1 Formal Definition of AI Scenario Engineering

A CTO once asked me, with the impatience of someone who has sat through too many vendor pitches: "What exactly is this? Is it MLOps with a new label? Applied AI? Prompt engineering?" I understood the skepticism behind the question. Without a formal definition, every vendor would appropriate the term until it meant nothing. What follows is the definition I have refined through years of industrial practice.

Formal Definition: AI Scenario Engineering is a business-driven delivery paradigm that treats the business scenario, rather than the AI model, as the primary unit of engineering analysis. It systematically selects, adapts, and orchestrates AI capabilities to satisfy a scenario's operational constraints and economic requirements, iteratively coevolving the technical system with the business process until delivered value is validated and sustained.

Six terms in that definition carry weight, and each distinguishes the discipline from what surrounds it:

Business-driven: The scenario and its underlying economics define the technical solution; the technology never defines the scenario. This is the fundamental inversion at the heart of the discipline (scenario-pull, not technology-push), and it is the principle from which every downstream architectural decision follows.

Primary unit of engineering analysis: The scenario, not the model. The model is merely a component within the scenario; the scenario is the complete system. Conventional AI engineering optimizes the component; scenario engineering optimizes the system that contains it.

Selecting, adapting, and orchestrating: The scenario engineer does not construct models from scratch, but composes existing capabilities into viable delivery systems. This distinguishes the discipline from model research, which produces new capabilities, and from traditional software engineering, which does not contend with stochastic components.

To fit the scenario's constraints: Minimal sufficient, not maximal. The right model is the least complex model that fully satisfies the scenario's constraints, rather than the most advanced model available. I unpack this principle in Section 1.2.2; for now, the definition simply encodes it.

Iteratively coevolving: The technical solution and the business model shape each other across execution cycles. The scenario engineer does not deliver a finished artifact into a static business context: both evolve together. This is a spiral process, not a waterfall.

Validated and sustained: Success is measured in delivered and sustained business value, not in benchmark metrics. A model that scores well on a leaderboard but cannot sustain its value under distribution drift, cost pressure, or governance scrutiny has not succeeded by the discipline's measure.



To prevent misappropriation, it is equally important to state what the discipline is not:

It is not "applied AI": Applied AI takes the model as the starting point and asks where it can be deployed. Scenario engineering takes the scenario as the starting point and asks what it demands. The direction of reasoning is reversed.

It is not "MLOps": MLOps provides the operational infrastructure required by any AI system, including pipelines, monitoring, and versioning. It is necessary, but insufficient. MLOps does not ask whether a system should be built or which model fits the scenario. Scenario engineering asks both, governing MLOps as one implementation layer beneath it.

It is not "AI product management": Product management owns the problem space, deciding which problems to solve for whom. Scenario engineering owns the delivery execution, determining how to select, fit, and orchestrate capabilities to solve those problems within real-world constraints. The two are complementary, rather than identical.

It is not "prompt engineering": Prompt engineering is a localized technique, a way of eliciting behavior from a specific model. Scenario engineering is a holistic discipline, a way of determining which model, which technique, and which delivery architecture fit a scenario. Prompt engineering is merely one tool in the scenario engineer's kit.

Illustration: The Automated Valuation Case Revisited

To see the definition at work, return to the algorithmic real estate purchasing platform introduced in Section 1.1.1. A scenario engineering approach would not begin with "how accurate can we make the automated valuation model?" It would begin with the scenario's constraints: What prediction error can the acquisition business model absorb before a single transaction becomes unprofitable? How does that error compound across numerous simultaneous balance-sheet positions? What is the cost of a wrong-direction prediction in a turning housing market? The valuation model's accuracy would then be evaluated not against a benchmark score, but against the exact operational threshold the underlying business model demands. If the model could not satisfy that threshold under market drift, the scenario engineer would identify the breach before the organization committed its capital. The model-centric paradigm asked "how good is the model?" The scenario engineering paradigm asks "is the model good enough for this business to survive its errors?"

1.2.2 Core Connotation and Internal Logic

At the core of the discipline is a foundational principle I define as minimal sufficient: the optimal model for a scenario is the least complex model that fully satisfies the scenario's constraints, rather than the most advanced model available. This principle is anti-maximalist by design. Every increment of capability beyond sufficiency introduces costs the model-centric paradigm consistently ignores: compute expenditure, latency penalties, maintenance overhead, system brittleness, and operational opacity. A model more complex than the scenario demands is not merely wasteful; it is actively hazardous, because its surplus capability introduces failure modes the scenario never required, including unaccountable complexity, sensitivity to distribution drift, and unnecessary governance burdens. The scenario engineer optimizes strictly for the scenario, not for the model.

Illustration: Real-Time Fraud Detection Revisited

Consider a real-time fraud detection deployment where the engineering team initially selected a large transformer architecture, the state of the art on benchmark leaderboards. The actual scenario, however, demanded real-time scoring of tabular transaction streams under severe operational constraints: asymmetric error risk (in which a false positive freezes a legitimate customer's account, incurring a churn cost uncaptured by raw accuracy) and strict regulatory auditability requirements. A gradient-boosted decision tree architecture, inherently optimized for tabular features, proved faster, more interpretable, and drastically cheaper to run, delivering superior scenario value at a fraction of the compute expenditure. The transformer model possessed higher theoretical capability as a general-purpose architecture; the decision tree provided superior sufficiency for the precise constraints of the scenario. This is not a matter of one model architecture being inherently better than another. It is a matter of the scenario defining what "better" means.

Empirical literature reinforces this engineering intuition. Benchmarking studies demonstrate that tree-based architectures remain state-of-the-art on tabular data, consistently outperforming deep learning models even before accounting for their distinct advantages in inference speed and interpretability (Grinsztajn et al., 2022). The scenario engineer’s responsibility is to discern which capability aligns with a given scenario, while resisting the default impulse to deploy the most complex tool available.

Beyond the minimal sufficient principle lies the discipline’s core analytical framework: every scenario can be conceptualized as a precise point within a five-dimensional space. I define these five coordinates not as an informal checklist, but as a rigorous coordinate system, providing the necessary analytical structure to locate a scenario and drive downstream architectural decisions. Figure 1.5 maps this multidimensional space.





Figure 1.5 The Five-Dimensional Analytical Framework. A scenario is defined by its position along five operational dimensions: data characteristics, determinism requirements, unit economics, risk exposure, and human integration. These dimensions collectively bound the technical decision space.

These five dimensions are deeply interdependent. The determinism requirement guides model architecture selection; the underlying economics dictate model scale; the risk profile governs human-in-the-loop design; and the data characteristics bound every layer of the system. A scenario is not a static description, but a dynamic location within this five-dimensional space. Consequently, the scenario engineer's primary task is to establish these exact coordinates prior to selecting any technical components.

The discipline's internal logic is a spiral, not a pipeline. Figure 1.6 maps this spiral.



Figure 1.6 The Scenario Engineering Logic Spiral. The discipline cycles through five phases—scenario definition, capability selection, delivery engineering, value validation, and co-evolution—each revolution refining the scenario itself and producing a spiral rather than a linear pipeline.

Each execution cycle refines the scenario definition itself. A business scenario is rarely fully knowable upfront: it emerges organically through delivery. The initial scenario definition represents an empirical hypothesis; the validated value, or its absence, serves as the evidence that refines it. This is why the paradigm is inherently iterative: not because iteration is an industry fashion, but because a complex scenario cannot be fully specified prior to operational deployment.

This distinction marks the discipline as engineering, rather than pure science. Science seeks fundamental truths about the world; engineering constructs functional systems that operate within it. The scenario engineer's criterion of success is not whether a theoretical property of the model is discovered, but whether the complete system delivers sustained value within the scenario. The spiral depicted in Figure 1.6 is not a research loop: it is a delivery architecture, and the discipline exists to render that architecture systematic, repeatable, and transferable.

1.2.3 Evolutionary Relationship with Conventional AI Engineering Paradigms

AI Scenario Engineering does not discard the knowledge accumulated by conventional AI engineering. It inherits the field's hard-won foundation: model training and evaluation methodology, data engineering practices, statistical rigor, and the empirical scientific method. What it breaks is the underlying assumption governing those practices: that the model represents the primary unit of analysis and that advancing model capabilities is the sole lever of value. The inheritance is real, the discontinuity is real, and the two coexist without contradiction because they operate at distinct layers of the same enterprise.

The distinction is sharpest when laid out side by side. Table 1.1 compares the model-centric paradigm with the scenario-engineering paradigm across seven structural dimensions.

Table 1.1 Seven Dimension Comparison of Model Centric AI Engineering and AI Scenario Engineering



Note: Every dimension represents an architectural choice; the two paradigms diverge at every point.

Table 1.1 renders this paradigm break visible. The model centric paradigm is not flawed; it remains optimal for the problem it was designed to solve: expanding theoretical capability. The scenario engineering paradigm is optimal for a distinct problem: delivering operational value. The field requires both: it possesses the former and is forging the latter.

In guiding engineering teams through this transition, the primary challenge is consistently cognitive. Engineers who have spent careers optimizing models must learn to optimize for the scenario: asking not "how can I make this model better?" but "is this model sufficient, and if not, does the bottleneck reside in the model or in the scenario's architecture?" This shift initially feels like a demotion of craft until they witness the outcome: a model that is technically simpler yet delivers sustained, governed, and profitable value. At that moment, the transition ceases to feel like a demotion and reveals itself as a promotion to a broader system in which the model functions as one component.

This evolutionary relationship is not one of replacement, but of stratification. Model engineering does not disappear; it becomes a layer within scenario engineering, precisely as materials science functions within structural engineering. The discipline that governs the whole is the one whose unit of analysis is the whole: the scenario.

1.3 Core Characteristics

A definition names a discipline; its characteristics reveal its soul. The five characteristics laid out in this section are not a checklist of desirable qualities but a coherent system: each implies the others, and together they distinguish scenario engineering from every paradigm that precedes it. To understand one is to glimpse all five; to practice any one in isolation is to miss the discipline entirely.

1.3.1 Scenario-Driven Technical Selection

In countless project kickoff meetings, the opening sentence is almost always: "We want to use AI for X," rather than "We have business problem Y, and we need to determine if AI can solve it." The difference is not grammatical; it is directional. The first statement begins with the technology and searches for a problem to apply it to. The second begins with the operational problem and searches for a capability that fits. Scenario engineering begins strictly with the second sentence. This fundamental reorientation—from technology push to scenario pull—constitutes the discipline's first and most consequential characteristic.

Figure 1.7 maps the two decision flows side by side. In the technology push architecture, the model serves as the starting point, and the primary question is where to deploy it. In the scenario pull architecture, the scenario serves as the starting point, and the primary question is what the operational context demands. The two flows appear similar at a glance, as both encompass models, data, and deployment. Yet the underlying direction of reasoning reverses every downstream decision.



Figure 1.7 Technology-Push versus Scenario-Pull. The technology-push flow begins with the model and searches for applications; the scenario-pull flow begins with the scenario and selects capabilities to fit. Every downstream decision follows from this directional choice.

Illustration: The Enterprise Frontier Model Deployment Revisited

I once advised a financial services firm that had acquired a high-cost license for a state-of-the-art frontier model prior to identifying specific operational scenarios. The resulting mandate required engineering teams to discover applications capable of justifying the capital expenditure. Consequently, teams shoehorned the frontier model into basic document classification workflows where a small, fine-tuned architecture would have proven an order of magnitude less expensive and more accurate. Other initiatives attempted automated customer support interactions without establishing clear escalation protocols or error-cost thresholds.Eight months into production, the model was broadly deployed yet produced virtually no measurable business value. The failure stemmed not from inadequate model capability, but from an inverted reasoning direction. Scenario engineering reverses this operational order: first characterize the scenario's structural constraints, then select the precise capability each context demands, which may dictate a frontier model for complex tasks, a compact fine-tuned model for specialized workloads, or no machine learning components whatsoever.

Scenario-driven technical selection is not anti-technology. It is pro-technology in the only sense that truly matters: it ensures that technology is deployed precisely where it generates the maximum value per unit of cost, risk, and operational complexity. The scenario engineer functions as an objective curator of capabilities, rather than a partisan of any single architecture. Ultimately, the discipline’s loyalty belongs to the scenario, not to the model.

1.3.2 Scenario Fit Over Technological Advancement

The second characteristic follows directly from the first: if the scenario drives selection, then the primary measure of a model is not its degree of advancement, but its degree of fit. The optimal model is not the most capable architecture available; it is the most fitting one, namely the architecture whose capability profile aligns with the scenario's constraint profile while minimizing surplus capability. This represents the minimal sufficient principle in action, operating in direct opposition to the default impulse of the machine learning field, which reflexively equates higher capability with superior performance.

The scaling laws of large language models demonstrate that capability grows predictably with compute, parameter count, and training data, a relationship governed by power laws with remarkably consistent exponents (Kaplan et al., 2020). However, capability is not synonymous with value, and the relationship between capability and value is non-linear. A model possessing twice the theoretical capability does not generate twice the operational value; it provides marginal gains up to a specific threshold, beyond which marginal returns diminish sharply. The primary responsibility of the scenario engineer is to identify that precise threshold, the minimal capability required to satisfy the scenario's constraints, and halt optimization there.

Illustration: Customer Support Ticket Classification

Consider an automated customer support ticket triage architecture. A compact transformer model might classify incoming tickets with 92% accuracy at a negligible operational cost per thousand transactions. A frontier model might achieve 96% accuracy at twenty times the cost. Determining whether a 4% gain in accuracy justifies a 20-fold increase in cost depends entirely on the scenario's underlying economics. If misclassification merely routes a ticket to an adjacent queue, incurring two minutes of agent re-sorting time, the unit economics favor the compact model. If misclassification causes a high-value enterprise customer to receive an erroneous response and churn, the economics may justify the frontier model. The underlying lesson is neither that smaller models are inherently superior nor that larger models are unnecessary. Rather, the scenario defines the parameters of performance, and the scenario engineer calculates the optimal fit instead of defaulting to the most advanced tool available.

This principle carries a crucial corollary: technological advancement can actively impede effective delivery. An overly advanced model introduces failure modes that the scenario never demanded: higher latency that violates real-time SLA constraints, heightened opacity that impedes regulatory auditing, elevated compute costs that erode margins, and extreme sensitivity to prompt wording that complicates behavioral bounds. Every increment of capability beyond sufficiency is not merely surplus; it functions as a complexity tax levied on the system. The discipline of scenario engineering requires refusing to pay that tax when it yields no actionable business value.

I have watched engineering teams spend months chasing a 2% improvement on benchmark metrics, only to discover that the gain is imperceptible in production. The bottleneck in production is rarely raw model accuracy; it is far more often system integration, distribution drift, or user trust. The engineering effort was real, yet the delivered value was zero. That is the inevitable cost of optimizing for technological advancement over scenario fit.

1.3.3 Spiral Iterative System Engineering Over One-Time Delivery

The third characteristic is structural: scenario engineering is iterative by constitution, not by fashion. The paradigm does not deliver a finished artifact into a static business context; it cycles through definition, selection, delivery, and validation, with each cycle refining both the technical solution and the scenario itself. The shape is a spiral, not a pipeline, and the reason runs deeper than a preference for agile methods.

AI systems are not like bridges or buildings, where the engineering problem is largely known in advance and the challenge is execution. AI systems are coupled to data that drifts, to users who adapt, and to business contexts that evolve. The scenario we set out to solve is never the scenario we encounter in production. It cannot be, because the scenario includes human behavior, organizational friction, and real-world distributions, none of which are fully specifiable upfront. The spiral is not a concession to imperfection; it is a recognition that the problem itself emerges through delivery.



Figure 1.8 One-Time Delivery versus Spiral Iterative Engineering. The left path assumes the problem is fully specifiable upfront; the right path assumes the scenario emerges through delivery, with each cycle refining both the solution and the scenario definition.

The spiral model has deep roots in software engineering and design thinking (Brown, 2009). Barry Boehm first articulated it in 1988 as a risk-driven alternative to the waterfall model, arguing that each cycle should be driven by risk analysis rather than by document milestones (Boehm, 1988). Scenario engineering inherits this risk-driven structure and extends it. Where Boehm's spiral was designed for software whose requirements were uncertain, the AI scenario spiral must contend with something more radical: the system's behavior is stochastic, its data distribution is non-stationary, and the business model it serves may itself shift in response to the system's deployment. The risk is not just that we will build the wrong software. It is that the world the software operates in will change beneath it.

Each spiral cycle has a clear structure: characterize the scenario, select and fit a capability, engineer the delivery system, and validate the value. The output of each cycle is not just a better technical solution but a sharper scenario definition. The first cycle's scenario is a hypothesis; the second cycle's scenario is informed by production reality; the third cycle's scenario is stress-tested against drift, user behavior, and organizational friction. Each cycle widens the ring and deepens the confidence.

This is why scenario engineering is systems engineering, not model engineering. Model engineering optimizes a component. Systems engineering optimizes the whole: the model plus the data pipelines plus the human interfaces plus the governance framework plus the business model that captures value. And systems engineering, when the system includes stochastic components and evolving contexts, must be spiral.

1.3.4 Co-Evolution of Business Model and AI Technology

The fourth characteristic is the most surprising to organizations that encounter it for the first time: the business model and the AI technology do not travel on separate tracks. They co-evolve. The technical solution reshapes what the business can do; the business's evolving needs reshape what the technology must deliver. The scenario engineer who treats the business model as a fixed constraint will build a system that is obsolete the moment the business adapts to what the system makes possible.

Illustration: From Fraud Detection to Dynamic Pricing

I worked with an online lender that initially approached AI as a fraud-detection problem: build a model that flags suspicious applications, reduce default rates. The first spiral cycle delivered a working fraud model and the expected reduction in losses. But the model produced something unexpected: a continuous risk score, not just a binary flag, and that score turned out to correlate not just with fraud but with creditworthiness more broadly. By the second cycle, the business had redesigned its pricing model around the risk score, charging interest rates calibrated to each applicant's predicted default probability rather than applying a flat rate across tiers. The AI system did not just fit an existing business model; it revealed a better one. The third cycle then optimized the model for the new pricing scenario, where the cost function was no longer "did we catch fraud?" but "did we price the loan correctly to maximize expected return?" The model and the business model shaped each other across three cycles, and neither would have reached its final form without the other.

Co-evolution is not a bug. It is the mechanism by which AI delivers its deepest value. A technology that merely automates an existing process delivers incremental gains. A technology that reveals a new business design delivers transformative ones. But to capture that transformation, the delivery paradigm must allow for it, which means the scenario engineer must track not just the technical solution's evolution but the business model's evolution as well, and must design the spiral cycles to accommodate both.

This characteristic also explains why one-time delivery fails so reliably in AI. A one-time delivery assumes the business model is fixed and the technology must fit it. In reality, the technology changes what the business can do, which changes the scenario, which changes what the technology needs to do. A one-time delivery captures none of this. A spiral delivery is designed for it.

1.3.5 Human-in-the-Loop and Determinism Boundary Control

The fifth and most technically distinctive characteristic of scenario engineering is its treatment of human agency and determinism. Conventional AI engineering treats stochastic behavior as the model’s default property and human involvement as a data-labeling function. Scenario engineering treats bounded determinism as a design objective and human-in-the-loop (HITL) architecture as a primary design lever. The question is not “how accurate is the model?” but “where does the model’s authority end and the human’s begin, and is that boundary correct for this scenario?”

To think about this clearly, it helps to have a taxonomy of determinism boundaries. The automotive industry has developed one of the most mature such taxonomies: the SAE J3016 levels of driving automation (SAE International, 2021), which define six levels from no automation (Level 0) to full automation (Level 5), with each level specifying who is responsible for what portion of the driving task (SAE International, 2021). The power of the SAE framework is not in the specific levels but in the underlying idea: automation is not a binary (on/off) but a spectrum of boundary choices, and each boundary defines who is accountable when things go wrong. Scenario engineering applies the same principle to every AI deployment.



Figure 1.9 The Determinism Boundary Spectrum. AI systems are not binary (automated or not) but occupy a position on a spectrum defined by where human authority begins and ends. The boundary is a design choice, calibrated to the scenario's risk and economics.

Figure 1.9 maps the spectrum. On the left is full human control, where the AI does nothing. On the right is full automation, where the human does nothing. Between them lie the zones where most real AI deployments live: human-in-the-loop (AI proposes, human decides), escalation-based HITL (AI decides on routine cases, escalates edge cases), and human-on-the-loop (AI acts continuously, human monitors and intervenes on exceptions). Each position on the spectrum represents a different trade-off among speed, cost, determinism, and accountability. Each is a valid design choice. The mistake is not choosing a position but defaulting to one, usually the most automated position the model can technically support, without designing the boundary deliberately.

The scenario engineer's task is to design the determinism boundary explicitly, not to accept whatever boundary the model's accuracy naturally produces. A model that is 92% accurate does not dictate a 92% automation rate. The right automation rate might be 60% (with 40% escalated to humans) if the cost of a wrong automated decision is high. Or it might be 98% if the cost of error is trivial and the cost of human review is high. The boundary is an engineered artifact, not a natural consequence of the model's benchmark score.

Illustration: Radiology AI Boundary Design

A radiology AI I advised on illustrates this sharply. The model could detect lung nodules on chest X-rays with accuracy comparable to a board-certified radiologist. The team's first instinct was to position it as a "second reader" that flags cases for the radiologist's attention, a human-in-the-loop design where the human always retains final authority. But the scenario analysis revealed a subtler picture: the real bottleneck was not missed cancers (which the model caught well) but radiologist burnout from reading thousands of normal scans per week. The optimal boundary, it turned out, was not HITL but a triage design: the model clears obviously normal scans with high confidence, and routes only the ambiguous or suspicious ones to radiologists. The determinism boundary was set not at the model's accuracy ceiling but at the scenario's economic and clinical optimum. Radiologists spent less time on routine cases and more time on complex ones. The model did not replace them; it reshaped their work around the boundary where human judgment added the most value.

This characteristic, bounded determinism as a design objective, is what most clearly distinguishes scenario engineering from the model-centric paradigm. The model-centric paradigm asks "how accurate can we make the model?" and assumes that higher accuracy implies more automation. The scenario-engineering paradigm asks "where should the boundary be for this scenario?" and then selects or tunes the model to support that boundary. The accuracy is a means; the boundary is the end.

The five characteristics are not independent. Scenario-driven selection (1.3.1) naturally leads to optimal fit over advancement (1.3.2). Both require spiral iteration (1.3.3), because the scenario cannot be fully known upfront. The spiral produces co-evolution (1.3.4), because each cycle reveals new business possibilities. And all four depend on bounded determinism and HITL design (1.3.5), because no AI system can be fully automated in a scenario whose constraints include risk, accountability, and drift. The five form a system: a coherent paradigm whose parts reinforce each other. To adopt one without the others is to miss the discipline.

Five at a glance. Table 1.2 summarizes the five core characteristics for quick reference, but the table cannot capture the coherence of the system. The coherence is the point.

Table 1.2 Five Core Characteristics



1.4 Application Scope and Practical Boundaries

A discipline that claims to apply everywhere applies nowhere. The previous sections defined what AI Scenario Engineering is and how it works; this section does the harder work of saying where it applies, where it does not, and what must be true before it can work at all. Honesty about boundaries is what separates a methodology from a marketing pitch, and I have seen too many teams adopt a framework without understanding its preconditions, then abandon it when the framework fails in a context it was never designed for. That failure is not the methodology's fault; it is the adoption's fault.

1.4.1 Applicable Scenarios and Archetypes

Not every business problem that touches AI is a scenario engineering problem. The discipline applies where a business outcome depends on delivering an AI system into a real operational context, not where the task is to invent a new model or publish a benchmark. Over years of practice, I have found that the vast majority of real-world AI deployments cluster into five archetypes, each defined by a characteristic relationship between the AI capability, the human decision-maker, and the business value chain. Figure 1.10 maps them.



Figure 1.10 Five Applicable Scenario Archetypes Mapped by Automation Autonomy and Business Value at Stake. Each archetype occupies a characteristic position on the landscape; the position drives the determinism boundary, the model selection, and the iteration cadence.

Each archetype carries a different determinism boundary, a different model selection logic, and a different iteration cadence. Understanding which archetype a scenario belongs to is the scenario engineer's first diagnostic act: it constrains every downstream decision.

Archetype 1: Decision Support

The AI system advises a human decision maker who retains full authority. I have built these for medical diagnosis, loan underwriting, and legal case assessment. The model's job is to surface relevant signals the human would otherwise miss; the human's job is to weigh them against context the model cannot see. The determinism boundary is high: every output passes through a human. The minimal sufficient model is the one that surfaces signals accurately enough to change the human's decision, not the one that could theoretically make the decision autonomously.

Archetype 2: Bounded Automation

The AI acts autonomously, but only within a tightly defined operational envelope. I think of a claims-processing system I helped deliver for an insurer: the model auto-approved claims below a dollar threshold and above a confidence threshold, escalated everything else to human adjusters, and logged every decision for audit. The determinism boundary is medium: the system acts on routine cases and defers on edge cases. The design challenge is not the model but the guardrail: the threshold logic, the escalation paths, and the feedback loop that lets the system learn from the cases it got wrong.

Archetype 3: Personalization

The AI tailors content, recommendations, or pricing to individual users. Search relevance, product recommendations, and dynamic ad bidding all live here. The per-decision stakes are low (one wrong recommendation costs little), but the aggregate volume is enormous, so the economic lever is marginal accuracy at scale. The determinism boundary is low: the system acts autonomously on every user, but the cost of a single wrong decision is trivial, which is why full automation is acceptable. The scenario engineer's focus is not the boundary but the feedback loop: how quickly the system learns from user behavior and how robustly it handles distribution shift.

Archetype 4: Generative with Editorial

The AI generates content (text, code, images, documents), and a human edits, curates, or approves it before it reaches its audience. I have delivered systems in this archetype for marketing copy, technical documentation, and software development. The empirical evidence on generative AI's productivity impact is substantial: a controlled experiment found developers using GitHub Copilot completed tasks 55.8% faster than those without it (Peng et al., 2023). The determinism boundary is editorial: the human is not reviewing every token but reviewing the output as a whole for correctness, style, and safety. The scenario engineer's challenge is designing the editorial workflow: where the human enters, what they check, and how the system learns from their edits.

Archetype 5: Manageable-Cost Prediction

The AI forecasts a quantity (demand, risk, churn, price), and the business uses the forecast to make a decision that has manageable cost if wrong. Inventory forecasting, churn prediction, and credit scoring live here. The determinism boundary depends on the cost asymmetry: if overestimating demand by 10% costs more than underestimating by 10%, the model must be tuned for asymmetric loss, not for raw accuracy. The scenario engineer's focus is the loss function: translating the business's cost structure into the model's optimization objective.

These five archetypes are not exhaustive, but they cover the landscape I have encountered in practice. A scenario that does not fit any of them is a signal to look harder: it may be a research problem (not a delivery problem), a pure software engineering problem (not an AI problem), or a problem the organization has not yet framed clearly enough to engineer.



1.4.2 Boundary Conditions and Limitations

Even within the applicable archetypes, scenario engineering has boundary conditions: conditions that must hold for the methodology to produce value. When these conditions are violated, the discipline's tools do not merely underperform; they actively mislead, because they optimize for the wrong objective under the wrong constraints. Figure 1.11 maps the decision boundaries.



Figure 1.11 The Boundary-Conditions Decision Map. A candidate scenario must pass three gates before scenario engineering applies: data sufficiency, tolerable error cost, and measurable business value. Failing any gate does not kill the project; it redirects it.

The first gate is data sufficiency: can the scenario's five coordinates (data, determinism, economics, risk, human roles) be characterized from available data? If the answer is no, if the scenario's data is too sparse, too biased, or too unstable to locate the scenario in the five-dimensional space, then scenario engineering cannot begin. The solution is not to build a model anyway and hope it learns; the solution is to invest in data infrastructure first. I have seen organizations spend millions on models built on data that could not support even a scenario definition. The models performed as expected on benchmarks and failed in production, because the scenario was never characterizable.

The second gate is tolerable error cost: can the scenario absorb the model's errors within a designed determinism boundary? Every AI system makes errors; the question is whether those errors are survivable. A fraud-detection system that flags 5% of legitimate transactions for manual review is tolerable. An autonomous surgical system that makes a 5% error in incision placement is not. If no determinism boundary (no combination of automation level, human review, and guardrail design) can make the error cost tolerable, the scenario is not a candidate for scenario engineering. It may be a candidate for further research, or it may be a scenario where AI should not be deployed at all.

The third gate is measurable business value: can the scenario's value be measured within the spiral's validation cycle? If the value is so diffuse, so delayed, or so confounded with other factors that it cannot be attributed to the AI system within a delivery cycle, the spiral cannot converge. The team will iterate without feedback, which is not iteration but drift. I have watched organizations deploy AI systems whose value was "strategic": a word that, in practice, meant "unmeasurable." Without measurement, there is no validation; without validation, there is no spiral; without the spiral, there is no scenario engineering.

These three gates are not arbitrary. They correspond to the three pillars of the discipline: scenario characterization (Gate 1), bounded determinism (Gate 2), and value validation (Gate 3). If any pillar lacks a foundation, the discipline cannot stand.

1.4.3 Typical Inapplicable Scenarios and Common Pitfalls

Just as important as knowing where scenario engineering applies is knowing where it does not. I have learned these boundaries the hard way: by applying the methodology to problems it was never designed for and watching it fail. The failures were instructive, and they cluster into four inapplicable scenarios and three common pitfalls.

Inapplicable 1: Pure Model Research

When the goal is to advance the state of the art, to build a model that is more capable than any existing model, scenario engineering does not apply. The unit of analysis is the model, not the scenario, and the optimization target is a benchmark metric, not a business outcome. This is not a failure of scenario engineering; it is a different discipline with a different objective. I have seen research teams forced to justify their work in business-value terms they could not honestly provide, and the result was either dishonesty or paralysis. The solution is to recognize the boundary: research is research; delivery is delivery.

Inapplicable 2: Zero-Tolerance Scenarios Without HITL Option

When the scenario demands zero errors and no human-review pathway exists, because latency requirements preclude it, or because the decision is made at a scale no human team can review, scenario engineering cannot help. The discipline's core mechanism is bounded determinism: designing a boundary where human authority compensates for model fallibility. If no such boundary is designable, the scenario is not a candidate. Autonomous weapons systems and unreviewable real-time medical decisions fall here. The honest answer is that some scenarios should not be automated, and the discipline says so rather than pretending a model can be made perfect enough.

Inapplicable 3: Problems Whose Essence Is the Model

Some problems are fundamentally about building a better model, not about delivering a system into a scenario. A team pushing the frontier of protein-structure prediction is solving a model problem; the scenario (drug discovery) is downstream and will benefit, but the immediate work is model engineering. Forcing scenario engineering onto this work, demanding a business-value validation cycle before the model is good enough to have a scenario, creates a category error. The discipline applies once the model is mature enough to deliver; it does not apply while the model is still being invented.

Inapplicable 4: Regulatory Prohibition

Some scenarios are simply illegal to automate. The EU AI Act, which entered into force in 2024, defines four risk tiers and outright bans certain practices, including social scoring by public authorities, untargeted scraping of facial images, and real-time remote biometric identification in public spaces for law enforcement (European Parliament, 2024). Scenario engineering does not override regulation. If a scenario falls in the prohibited tier, the answer is not to engineer a cleverer boundary; the answer is to not build it.

Beyond these inapplicable scenarios, I have encountered three recurring pitfalls that trap teams who are operating within the discipline's scope but have misunderstood its spirit.

Pitfall 1: Technology-Push Relapse

The team starts with the scenario but drifts back to technology-push within two cycles. A new model is released, the team reaches for it, and the scenario's constraints are silently redefined to accommodate the model's characteristics. The scenario engineer must hold the line: the scenario defines the model, not the reverse. I have found that the simplest diagnostic is to ask, at each cycle's review, "Did the scenario change because the business changed, or because a new model appeared?" If the latter, the team has relapsed.

Pitfall 2: Spiral Without Convergence

The team iterates, but the spiral never converges. Each cycle produces a new version, but the scenario definition does not sharpen, the value does not compound, and the system does not stabilize. This is not spiral delivery; it is perpetual prototyping. The cause is usually a missing validation gate: the team is building and rebuilding without measuring whether the current version delivers more value than the last. A spiral without validation is not a spiral; it is a circle. The fix is to require, at each cycle's end, a go/no-go decision based on measured business value, even if the measurement is imperfect. Imperfect measurement is infinitely better than no measurement, because no measurement means no convergence.

Pitfall 3: HITL Theater

The team designs a human-in-the-loop boundary, but the human's role is ceremonial: they approve everything, question nothing, and provide no actual oversight. I have seen systems where the "human review" step had an average review time of under two seconds, not because the decisions were trivial, but because the reviewer had been trained (or pressured) to rubber-stamp. This is not bounded determinism; it is accountability theater. The determinism boundary only works if the human has the time, the information, and the authority to overrule the model. If any of the three is missing, the boundary is decorative, and the system is effectively fully automated, with the liability but without the safety.

1.4.4 Prerequisites and Enabling Conditions for Methodology Effectiveness

Even when the scenario is applicable and the boundary conditions are met, the methodology will fail if the organizational prerequisites are absent. I have arrived at engagements where the scenario was perfect, the data was rich, the business case was clear, and nothing happened, because the organization lacked the conditions needed to execute the spiral. These prerequisites are not optional; they are the substrate on which the discipline operates.

Data infrastructure. The spiral requires a feedback loop, and the feedback loop requires data pipelines that can measure the system's real-world performance. If the organization cannot instrument its production environment, cannot log model inputs and outputs, and cannot attribute business outcomes to AI decisions, the validation cycle cannot run. I have seen teams build excellent models and then discover that the production system has no logging, no A/B testing infrastructure, and no way to measure whether the model is helping or hurting. Without measurement infrastructure, the spiral is a circle.

Cross-functional authority. The scenario engineer must be able to make decisions that cross traditional organizational boundaries: model selection (owned by the data science team), integration architecture (owned by engineering), business process design (owned by operations), and success metrics (owned by the business). If each of these decisions requires a separate approval from a separate silo, the spiral cannot move at the pace the scenario demands. The prerequisite is a cross-functional delivery team with the authority to make trade-off decisions across these domains, or at minimum, a governance structure that can resolve cross-functional trade-offs within a single sprint cycle.

Business-side engagement. The scenario owner, the person accountable for the business outcome, must be present in the spiral, not merely at its beginning and end. I have seen too many AI projects where the business sponsor wrote the requirements, handed them to the technical team, and reappeared six months later for the demo. That is not co-evolution; it is outsourcing. The spiral requires the business owner to participate in each cycle's validation, to react to what the system reveals, and to adjust the business model in response. Without this engagement, the co-evolution characteristic (Section 1.3.4) cannot function, and the system will be delivered into a business context that has moved on.

Governance readiness. The organization must have, or be willing to build, the governance structures that AI systems require: model documentation, audit trails, bias monitoring, and escalation procedures. These are not bureaucratic overhead; they are the infrastructure that makes bounded determinism enforceable. The EU AI Act's risk-tiered framework makes this explicit: high-risk AI systems require risk management systems, data governance, technical documentation, and human oversight (European Parliament, 2024). Organizations that lack these structures will find that their AI systems cannot be deployed in regulated scenarios, not because the technology is inadequate, but because the governance is.

Scenario engineering capability. Finally, the team must include someone who can practice the discipline, not just a model engineer, not just a product manager, but someone who can locate a scenario in the five-dimensional space, select a minimal-sufficient capability, design a determinism boundary, and run a validation cycle. This is the scenario engineer, and the discipline's effectiveness depends on this role existing. For now, the prerequisite is simply that someone on the team can think in scenarios, not just in models.

When these prerequisites are met, the methodology works. When they are absent, no amount of disciplinary rigor can compensate. I have learned to check for them before accepting an engagement, not because I am unwilling to help build them, but because building the prerequisites is a different project from applying the methodology, and conflating the two leads to predictable disappointment.

1.5 Significance and Value



Every new discipline must answer a question that precedes all others: why does it deserve to exist? The previous sections argued that AI Scenario Engineering fills a structural gap between AI capability research and business operations. This section makes the case explicit across four dimensions: theoretical, industrial-economic, methodological, and cognitive, and closes the chapter by naming the professional the discipline is designed to produce: the scenario engineer.

I write this section not as an advocate making a sales pitch but as a practitioner who has watched the gap cost real money, real careers, and real opportunities. The value of the discipline is not abstract; it is the value of not repeating the failures I described in Section 1.1, systematized into a practice that can be taught, measured, and scaled.

1.5.1 Theoretical Significance: Bridging Computer Science and Domain Knowledge

Computer science and domain knowledge have long existed as separate epistemological provinces. Computer science optimizes for algorithmic elegance and benchmark performance; domain knowledge optimizes for contextual judgment and operational outcome. The boundary between them is not merely organizational; it is epistemological: a difference in what counts as knowledge, what counts as evidence, and what counts as success. Figure 1.12 maps the gap and the bridge.



Figure 1.12 The Discipline Bridges Two Epistemological Provinces. It spans computer science (where the model is the unit of analysis and benchmarks are evidence) and domain knowledge (where the practice is the unit of analysis and operational outcomes are evidence). The bridge is not a compromise but a translation layer.

The bridge matters because the two provinces cannot reach each other on their own. A computer scientist who builds a state-of-the-art medical imaging model has no native vocabulary for the hospital's workflow constraints, reimbursement structures, or liability frameworks. A radiologist who understands those constraints intimately has no native vocabulary for the model's confidence calibration, distribution shift, or batch normalization. Each province is internally rigorous; the gap is not a lack of rigor on either side but a lack of a shared language and a shared unit of analysis.

AI Scenario Engineering provides that shared


1.5.2 Industrial-Economic Value: Maximizing AI ROI and Scaling Velocity







1.5.3 Engineering Methodological Significance: Standardizing Systemic Delivery








1.5.4 Cognitive and Educational Value: Defining the Scenario Engineer Blueprint
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