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Legal & Professional Disclaimer

The information provided in this book is for general informational and educational purposes only and does not constitute legal, financial, technical, or professional advice. The author and publisher have made every effort to ensure the accuracy of the information contained herein at the time of publication; however, technology, pricing models, and regulatory environments evolve rapidly.

This publication is provided on an “as is” basis without warranties of any kind, express or implied. The author and publisher assume no responsibility or liability, to the fullest extent permitted by applicable law, for any errors, inaccuracies, or omissions, or for any loss, damage, or disruption caused by decisions made or actions taken based on the content of this book. Readers are strongly advised to conduct independent due diligence, validate current figures, and consult qualified legal, financial, and technical advisers prior to executing enterprise implementations.

This book was produced with AI assistance under sustained human editorial control, as detailed in Appendix D. All factual claims, financial figures, legal citations, and corporate case studies were independently verified by the author against primary sources prior to publication.

Corporate Mentions and Case Studies

This publication references various corporate entities, specific product names, and public case studies—particularly within Chapters 1 and 2—to illustrate technological frameworks, operational challenges, and industry trends surrounding artificial intelligence. Please be advised of the following:

1. Trademark Acknowledgment. All corporate names, product names, logos, and trademarks mentioned in this text (including but not limited to Air Canada, Klarna, Microsoft, Uber, and Zillow) are the property of their respective trademark owners. The use of these names is strictly for educational, identification, and reference purposes. Their inclusion does not imply, nor is it intended to imply, any affiliation with, sponsorship by, authorization, or endorsement from the respective companies.

2. Reliance on Public Reporting. The organizational case studies, implementation narratives, and operational metrics discussed in this book are synthesized from publicly accessible information. This includes published journalism, civil tribunal rulings (such as Moffatt v. Air Canada), and third-party macroeconomic research available at the time of publication. The author relies on these public records in good faith and makes no claims of independent investigative knowledge regarding the proprietary, internal workings of these organizations.

3. No Malice or Defamation. Corporate examples and implementation analyses are utilized strictly to provide pragmatic, real-world context for the broader technological, financial, and legal challenges associated with generative AI. These discussions are presented for critical, educational analysis. They are not intended to disparage, defame, or cast malice upon any individual, organization, product, or service. Where outcomes are described as negative, the intent is to extract transferable managerial lessons, not to assign blame beyond what the public record supports.

4. Composite and Illustrative Examples. In addition to the named corporate case studies referenced above—which describe real, publicly documented events—this book includes composite worked examples constructed for instructional purposes (e.g., the mid-size insurer in Chapters 4–7, the marketing department in Chapter 8, the support-team prototype in Chapter 5). These composites are synthesized from patterns observed across multiple real engagements and published sources; they do not depict any single identifiable organization, and any resemblance to a specific company is coincidental. All named corporate case studies (Klarna, Uber, Air Canada, Microsoft, Zillow, McDonald’s, IBM, JPMorgan Chase, DBS Bank, Octopus Energy, Moderna, CNET, Sports Illustrated, and others) reference real, publicly reported events verifiable through the sources listed in Appendix C.



​Preface: How to Read This Book

This book serves two audiences whose time pressures differ. The structure is designed so that each can take a path suited to their role.

	The executive path (about ten pages). Read the Executive Summary, then §1.5 (the eight failure patterns), §4.1 (the use-case scoring method), the shaded manager's checklist at the end of each chapter, and Chapter 12 (the 90-day roadmap). Together these provide the decisions and the questions; the rest of the book provides the supporting evidence when a particular decision requires it.


	The practitioner path. Read in order. Chapters 1–3 establish the evidence base and the technical vocabulary; Chapters 4–11 follow the sequence of decisions an implementation actually moves through, ending with compliance and how to measure success; Chapter 12 assembles those decisions into a 90-day roadmap; the appendices contain working instruments — scoring worksheets, a risk register, vendor questions, budget models — intended to be copied and used directly.


Conventions used throughout. Monetary amounts are stated in US dollars, the most common reporting currency of the sources cited; where a source reported a figure in another currency, the original is retained with an approximate dollar equivalent. Because model prices, vendor financials, litigation, and hardware capabilities change quickly, the most perishable sections carry a “figures last verified” note with a date — treat anything older than six months as a prompt to re-check before budgeting. Each chapter closes with a source note; the consolidated bibliography is Appendix C.



​How This Book Is Different

Most books about artificial intelligence in business sit on one of two shelves.

On the first shelf are the optimists' guides — lucid, encouraging, full of what becomes possible once you start using these tools. They are good at conviction and short on the bill. They rarely tell you what the project costs when the invoice arrives, what happens when the model is confidently wrong in front of a customer, or why most pilots that look successful never move the company's profits.

On the second shelf are the skeptics' books — sharp, well-sourced dismantlings of inflated claims. They are good at teaching you to distrust a sales deck and poor at telling you what to do on Monday morning, once you have sensibly decided that some of the technology is real and you would like to use it.

This book is written for the space between those shelves, because that is where managers actually work. You are not choosing between belief and disbelief. You are choosing where to spend a budget, who to hold accountable, which process to touch first, and when to stop. Those are operational decisions, and they need a book that is skeptical about outcomes and concrete about implementation at the same time.

This guide does three things the two shelves tend to separate. It takes failure seriously — not as cautionary entertainment, but as a catalog of specific, named, repeatable mistakes with specific countermeasures (Chapter 1). It explains the technology honestly — deeply enough that you can see why a model hallucinates and what that means for a contract, without mathematics you will never use again (Chapter 3). And it does the arithmetic — the fully loaded cost of a task, the break-even between a cloud API and a self-hosted model, the real price of building from scratch — because the business case is where most of these projects are actually won or lost (Chapters 6, 7, and 10).

One idea permeates through every chapter. Each begins by naming an illusion — a comforting belief that sounds like good management — and then sets against it the discipline that survives contact with a budget. “AI is cheaper than people” meets the Loaded-Cost Test: would the work still beat the human once you price the verifier, the rework, and a pricing shock? “The pilot worked” meets the instrumented baseline and the stopping criterion written down in advance. “More AI usage means more value” meets the rule that you measure outcomes, never inputs. The illusion is what fails quietly; the discipline is what this book asks you to install in its place.

It is, deliberately, a field guide and not a treatise. It is built to be carried into the decisions, not studied at a distance from them. Each chapter ends with a manager's checklist; the appendices are working instruments — scoring sheets, a risk register, vendor questions, budget models — meant to be copied and used, not admired. Where a subject would take a research team a year to exhaust, this book gives you what you need to make the next decision and points you to the source if you need more.

One consequence of writing about a field this fast is that some of it is perishable. Prices change, models are superseded, a regulation moves from draft to enforcement. The book is structured so that the durable judgment — how to decide, what to measure, where the risks live — sits apart from the figures that will date, and the most perishable sections carry a date stamp. Treat anything older than six months as a prompt to re-check, not a fact to quote.

What you will not find here is a promise that AI will transform your organization, or a warning that it will end it. You will find a way to think clearly about a powerful, but severely oversold, while still genuinely useful technology — and a sequence of decisions that worked for the organizations that got value from it, and how skipping the correct order made others lose money.



​Executive Summary

The state of play. Generative AI is the most rapidly adopted technology in business history — and one of the most poorly converted. MIT's NANDA study found that about 95% of enterprise pilots deliver no measurable profit-and-loss impact; Gartner and RAND document elevated abandonment and failure rates. Meanwhile, 2025–2026 brought a visible public backlash: more than $64B of data-center projects blocked or delayed, electricity bills entering election politics, and credible economists arguing that today's AI economics are subsidized and unstable. None of this means AI lacks value; it means value capture requires organizational discipline, and is not a simple off-the-shelf purchase.

Why projects fail. Eight recurring patterns explain most failures — each gets a name, a case, and a countermeasure in Chapter 1: (1) AI theater; (2) rewarding usage instead of outcomes (the “tokenmaxxing” trap that spent Uber's annual AI budget in four months); (3) a solution in search of a problem; (4) reliance on poor data; (5) over-automating judgment work (Klarna); (6) no guardrails on a system that hallucinates; (7) pilots with no measurement or owner; and (8) underestimated full cost — verification, rework, pricing shocks, and infrastructure that arrives late because power, not the chips, is now the bottleneck.

What success looks like. The successful minority — documented at JPMorgan, DBS Bank, Octopus Energy, Moderna, and elsewhere — share consistent habits: one narrow problem at a time, line-manager ownership, instrumented baselines, humans accountable for consequential output, and years of unglamorous data work before the headline deployment.

What the technology is. LLMs are next-token predictors built on the transformer architecture; their fluency is real, and so are their structural limits. Recent research (OpenAI/Georgia Tech 2025; Tsinghua 2025) shows hallucination is statistically inevitable and reinforced by how models are benchmarked — it must be engineered around (grounding, validation, human review), not expected to disappear. Diffusion models generate images by learned de-noising; under current US doctrine, purely AI-generated output is generally not copyrightable.

The decision path this book recommends. Seven steps, in order — stop at the highest one that works, and let each be the spine of the chapters that follow:

	Score candidate processes on ten criteria; veto on data availability, data protection, or fully loaded cost.


	Assess readiness across AI skills, data practices, analytics maturity, and culture — and bring the workforce along deliberately.


	Start bottom-up, on a cloud API, RAG-first, behind a human reviewer, with an evaluation suite built before the first prompt is tuned.


	Add fine-tuning (LoRA-class) only when error analysis proves RAG cannot close the gap.


	Revisit self-hosting open-weight models (examples as of June 2026: Gemma 4, Qwen 3.5/3.6, Llama 4, DeepSeek, gpt-oss) when volume passes roughly 1.5–2B tokens/month, when data sensitivity demands it, or as a hedge against vendor repricing.


	In parallel, raise everyone's baseline with sanctioned local AI on the desktop — confidential-safe text and image tools at near zero marginal cost.


	Do not build a foundation model from scratch — the validated arithmetic starts at ~$192M of compute for a Llama-3.1-class run — unless you are an AI lab, a hyperscaler, or under sovereign mandate.


The obligations. Organizations everywhere face a converging set of duties. If you touch the EU market, classify every use case under the EU AI Act — most obligations phase in through 2026–2027, and data-protection law applies in full regardless. Watch the widening US state and sectoral patchwork. Keep a human accountable for every output (the Air Canada principle). Document the human creative contribution to AI-assisted work. And prefer vendors that offer copyright indemnification, because the training-data lawsuits — one of them a $1.5B settlement — are reshaping vendor terms in real time.

The 90-day starting point. Pick one narrow, painful, measurable back-office problem. Baseline it. Build the evaluation set. Prototype on a cloud API with RAG. Pilot behind a human. Measure the override rate and the fully loaded cost per task. Scale only what beats the baseline — and stop what does not, on the criterion written down before the start. Every chapter ends with a manager's checklist that operationalizes this summary; the appendices turn it into working documents.
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The default path — a gated decision spine. Stop at the highest rung that works; escalate only when justified. Revisited in Chapters 4–10.



​Introduction: How This Book Is Built

In less than four years, generative AI went from a research curiosity to a line item in nearly every corporate strategy deck. Boards demand an “AI story.” Vendors promise transformation. Meanwhile, electricity bills are rising in data-center regions, communities are blocking construction projects, and some of the loudest early adopters are hiring people back with much less fanfare. The preceding pages said where this book stands; this page explains the order it argues in — because the order is itself a recommendation about how to approach the subject.

The book is written for the managers making those calls — and for the engineers who have to translate their decisions into working systems. It discusses it all in four main parts:

	First, the failures — and the environment. Before spending anything, you should understand the well-documented ways organizations have lost money on AI (Chapter 1), and the wider environment the technology now operates in: public resistance to the infrastructure build-out, physical limits on compute supply, and the unstable economics underneath vendor pricing (Chapter 2). Most failures are organizational, not technological — and the few documented successes follow recognizable habits.


	Second, the technology. You cannot manage what you do not understand. Chapter 3 explains what AI, machine learning, LLMs, and diffusion models actually are — including why hallucination is a structural property, according to the latest research — deeply enough to be useful, without requiring a mathematics degree.


	Third, the decisions. How to assess whether a process is a good AI candidate and how to bring the organization along (Chapter 4), how to choose an implementation strategy (Chapter 5), RAG versus fine-tuning (Chapter 6), cloud versus local models with worked cost examples (Chapter 7), equipping every desk with safe local AI (Chapter 8), the special case of AI in software development — where the gains are largest and the governance hardest (Chapter 9) — and, for completeness, what it would really take to build your own model from scratch (Chapter 10).


	Finally, the obligations and the instruments. Copyright and authors' rights for AI-generated material, security, the EU AI Act (Chapter 11), and a 90-day roadmap to put it all in motion (Chapter 12) — followed by appendices of working documents intended for direct use.


A note on sources: this manuscript builds on internal research and hands-on implementation experience, cross-checked against published, citable sources — the MIT NANDA report, peer-reviewed and preprint papers, court records, regulatory texts, vendor documentation, and reputable press. Where earlier internal material was outdated or could not be verified externally, it has been corrected or flagged. Source notes appear at the end of each chapter; a glossary, consolidated bibliography, a note on how the book was made, and an index form Appendices B through E.
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​Chapter 1. How Companies Fail at AI — and What the Successful Few Do Instead
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In this chapter: The headline failure statistics (95% of pilots without P&L impact); eight case studies told as full narratives — including Microsoft's “30% of our code is AI” moment colliding with a very public Windows quality crisis; the uncomfortable arithmetic of whether AI is actually cheaper than people, including the 2026 “tokenmaxxing” budget failures at Uber and elsewhere; what insiders at large technology companies report privately; a taxonomy of eight failure patterns; and — because the picture is not only negative — four documented success stories and the habits they share.

In February 2024, Klarna told the world its AI was doing the work of 700 customer-service agents. Fifteen months later it was quietly hiring people back, conceding the service had gotten worse where it mattered most — a working demo mistaken for a working business.


​1.1 The headline numbers

The most-cited finding of the current AI cycle comes from MIT's Project NANDA report, The GenAI Divide: State of AI in Business 2025. The study drew on 150 leadership interviews, a survey of 350 employees, and analysis of 300 public deployments. It found that about 95% of enterprise generative-AI pilots deliver no measurable impact on profit and loss, while only about 5% reach rapid value — despite an estimated $30–40 billion of enterprise spending. The authors attribute that failure not to model quality but to a “learning gap”: organizations never integrate AI into the workflows it was meant to improve.

[image: Bar chart of GenAI pilot outcomes
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Figure 1.1 — Only a small minority of enterprise GenAI pilots produce measurable P&L impact (MIT NANDA, 2025).

MIT is not an outlier. Other independent estimates point the same direction:

	Gartner predicted that at least 30% of generative-AI projects would be abandoned after proof-of-concept by the end of 2025, citing poor data quality, inadequate risk controls, escalating costs, and unclear business value.


	RAND Corporation (2024) found that AI projects fail at roughly twice the rate of non-AI IT projects, with the top causes being misunderstanding of the problem to be solved, insufficient data quality, and chasing technology trends rather than business problems. Notably, RAND's interviewees were data scientists inside the projects — this is the practitioners' own diagnosis, not outside commentary.


	S&P Global Market Intelligence (2025) reported that the share of companies abandoning most of their AI initiatives jumped to 42%, up from 17% a year earlier — with the average organization scrapping nearly half of its AI proofs-of-concept, and cost and data privacy the most-cited reasons.


	Economists urge similar caution at the macro level. MIT Institute Professor Daron Acemoglu — a 2024 Nobel laureate in economics — estimates in his NBER paper “The Simple Macroeconomics of AI” that only a modest share of existing work tasks (his widely quoted near-term figure is on the order of ~5%) will be profitably automated by AI within the next decade, and warns that over-investment driven by inflated expectations is likely to end in disappointment for many firms. His argument has been amplified across business media and widely viewed analyst commentary through 2025–2026.



Reading the numbers correctly. “95% of pilots fail” does not mean “AI does not work.” It means most organizations fail to convert a working technology into business value. The same report found that the successful 5% share specific habits: they pick one painful, narrow problem; they buy specialized tools rather than building everything internally; and they let line managers — not central laboratories — drive adoption. Sections 1.6 and 1.7 return to these habits with documented cases.


​1.2 Case studies in depth

Abstract percentages are easy to dismiss; named cases are not. Each account below is public and verifiable, and each illustrates a different way a reasonable-sounding AI decision becomes an expensive lesson.

Klarna: the poster child that reversed course

Klarna is a Swedish fintech founded in Stockholm in 2005, best known for popularizing “buy now, pay later” checkout financing; it holds a full EU banking license, serves on the order of 85–100 million consumers, and listed on the NYSE in 2025 — in other words, a sophisticated, technology-native company, not a naive adopter. That is precisely what makes its AI story instructive.

It was one of the companies that embraced AI-driven headcount reduction most publicly. In December 2023 Klarna froze non-engineering hiring; in February 2024 it announced that its OpenAI-powered assistant was handling two-thirds of customer chats — about 2.3 million conversations in 35+ languages — doing “the work of 700 full-time agents,” with a projected ~$40M profit improvement in 2024 (the “700” was the company's estimate of agent-work equivalent, a figure widely noted as close to a 2022 layoff of similar size). CEO Sebastian Siemiatkowski became the most vocal corporate champion of replacing people with AI, telling interviewers the company had stopped hiring altogether because “AI can already do all of the jobs.”

By May 2025 the story had inverted. Siemiatkowski told Bloomberg the company was hiring human agents again, conceding the AI-first strategy had produced “lower quality” service: “We focused too much on efficiency and cost.” Customer satisfaction had deteriorated precisely on the complex, emotionally loaded interactions where judgment matters — disputed charges, fraud, distressed customers — and the brand damage appeared in metrics the original business case never contained. The rebuild — recruiting, onboarding, and training a new remote workforce on a flexible staffing model — cost money the original plan never modeled. Klarna has not abandoned AI; it moved to a hybrid model where the assistant handles routine first-line volume and people handle everything that actually decides whether a customer stays.

Lesson: the true cost of full automation includes the cost of unwinding it, and hybrid human-AI designs consistently beat full replacement on cost and satisfaction.

Air Canada: your chatbot's words are your words

Air Canada — the country's flag carrier and largest airline, founded in 1937, carrying roughly 45 million passengers a year — added a support chatbot to its website as part of a broader AI program its leadership had publicly framed as a major investment area. In 2022 a passenger, booking travel after his grandmother's death, asked the chatbot about bereavement fares. It confidently described a refund-after-travel policy that did not exist; the airline's actual policy, correctly stated elsewhere on the same website, excluded retroactive refunds. When Air Canada refused to honor the chatbot's version, the passenger took the case to British Columbia's



McDonald's drive-thru: a pilot that scaled before it worked



Zillow Offers: when the model commits the company's money




IBM Watson Health: marketing years ahead of capability



Microsoft: “30% of our code is AI” meets a Windows quality crisis





Hallucinated legal citations: an epidemic with a database



CNET and Sports Illustrated: trading trust for content volume



​1.3 Is AI actually cheaper than people? The arithmetic is less clear than the pitch


	Per-task cost is not per-token cost. A human answer's cost can be easily calculated on a salary-minute basis; an AI answer costs not only the tokens for the generated answer, but also includes retrieval infrastructure, evaluation, monitoring, security review, the person who checks the output, and rework when it is wrong. MIT NANDA's failed pilots were, in effect, projects where this full stack cost more than the labor it displaced. CNBC reported in 2026 that some large companies are pulling back on AI integration after concluding that keeping human staff is simply cheaper than replacing them with AI tools.


	Verification can consume the savings. A 2025 randomized controlled trial by METR found that experienced open-source developers using AI assistants were 19% slower on real tasks from their own repositories — while believing they had been ~20% faster. Reviewing, correcting, and re-prompting consumed more time than the generation saved. The result does not generalize to every task (new code and routine boilerplate show real gains), but it directly contradicts the assumption that perceived speed equals measured speed.


	Low-quality AI output taxes coworkers. Research published via Harvard Business Review (BetterUp Labs / Stanford Social Media Lab, 2025) named the phenomenon “workslop”: polished-looking AI-generated work that lacks substance and shifts the burden downstream. Surveyed US desk workers reported spending nearly two hours dealing with each incident; the authors estimated costs on the order of $186 per employee per month in lost productivity — an invisible line item in every “AI productivity” business case.


	The pricing ground is shifting under the business case. Through 2025–2026 the industry moved broadly from flat-rate subscriptions to usage-based billing — GitHub Copilot, for instance, replaced its flat plans with token-tied “AI Credits” from June 2026, with one developer's documented bill rising from roughly €67 to €966 (about $70 to $1,050) per month for the same workload. A workload budgeted at $200/month under a seat license can become thousands under metered pricing. Chapter 2, §2.3 examines why this shift was economically inevitable.



	
	
	
	

	
	

	
	

	
	

	
	




Tokenmaxxing: when token consumption becomes the KPI






​1.4 Inside large technology companies: second thoughts behind closed doors


​1.5 A taxonomy of failure: eight recurring patterns


	1. AI theater (“implementing AI to brag about AI”). Projects launched so leadership can tell shareholders, boards, or the press that the company “uses AI.” The tool becomes the purpose. Symptoms: the project is announced before a use case is chosen; success is measured in demonstrations and press mentions, not P&L. Regulators have begun punishing the extreme form — the US SEC has fined firms for “AI washing” (materially exaggerated AI claims to investors) — and §1.2's Microsoft case shows the subtler cost: capability publicity that reframes every later defect as an AI failure.


	2. Mistaking the tool for the outcome (tokenmaxxing). The newest pattern, and a direct corollary of #1: making an input metric — tokens consumed, prompts sent, “AI adoption rate” — a target or a leaderboard. This is the error in its purest form: token usage is the tool doing its work, not the business outcome that work was supposed to produce, yet the metric quietly substitutes one for the other. Spending escalates (Uber's annual budget spent in four months) while leadership cannot connect it to shipped value. Countermeasure: budget caps with visibility, and outcome metrics only — measure what the work produced, never how much AI it consumed.


	3. Solution in search of a problem. RAND's #1 cause of AI project failure: the organization misunderstands — or never defines — the problem the model is meant to solve. The fix is unglamorous and effective: start from a measured business pain, not from the technology.


	4. Garbage-in/garbage-out economics. Models amplify the data they are fed. Poor data quality, fragmented systems, and missing governance lead inevitably to poor results. That is something that appears in essentially every failure survey (Gartner, RAND, MIT). Chapter 4's readiness assessment exists for this reason.


	5. Over-automation of judgment work. Klarna's lesson: AI handles first-line, high-volume, routine interactions well; people must stay in the loop for escalation, exceptions, empathy, and accountability.


	6. No guardrails for a probabilistic system. Air Canada and the legal-citation epidemic share one root: a system that can confidently fabricate, deployed with no grounding, validation layer, or human review into a channel where fabrication has legal or financial consequences.


	7. Pilot purgatory and unmeasured ROI. Dozens of disconnected pilots, none instrumented to measure value, none with an owner accountable for production rollout. MIT NANDA found resources flowing to visible front-office experiments while the highest measured ROI sat in unglamorous back-office automation.


	8. Underestimating total cost — including external costs. Token bills under usage-based pricing, retrieval infrastructure, evaluation, monitoring, verification labor, rework (“workslop”), the cost of reversing failed automation (Klarna), pricing-model shocks (§2.3), and infrastructure that arrives years late (§2.2). Chapters 7 and 10 put numbers on the parts you can control.


​1.6 What the successful 5% do differently

	They pick one narrow, painful, measurable problem and solve it end-to-end before expanding.


	They buy or partner for commodity capability and reserve internal building for genuinely differentiating workflows (MIT NANDA found purchased specialized tools succeeded roughly twice as often as internal builds).


	They put line managers, not a central AI laboratory, in charge of adoption, and budget for workflow redesign and training — the “learning gap” is closed deliberately.


	They instrument ROI from day one: baseline the process before AI touches it, then measure cycle time, error rate, fully loaded cost per task, and satisfaction after — and they give every user and team visibility of their own AI spend.


	They keep a person accountable for every consequential output — and they plan for the world the skeptics describe (Chapter 2): portable architectures, pricing-shock scenarios, reversible commitments.


​1.7 What success looks like: four documented cases


JPMorgan Chase: a decade of narrow wins before the broad rollout



DBS Bank: data readiness before generative ambition



Octopus Energy: AI that assists agents instead of replacing them



Moderna: many small assistants, owned by the teams that use them
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