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Abstract 

This chapter argues that artificial intelligence is becoming a general-purpose tool for 

converting energy into intellectual labor, analogous to how the electric motor converted 

electricity into physical force. The underlying capabilities already exist, and the conditions for 

extending them to new domains are improving rapidly. Drawing on evidence from software 

engineering, scientific research, and workforce studies, we show that AI systems are most 

powerful when supported by high-quality domain data and robust verification signals, and 

that their economic impact follows a recognizable cycle of data curation, reward design, 

iterative refinement, and human-AI workflow integration. The workforce implications are 

significant: the consistent finding across coding, customer support, consulting, and medical 

screening is that AI augments human capability before it displaces workers, with the largest 

gains going to less experienced practitioners. At the same time, early signals of hiring 

suppression in entry-level roles suggest that the transition will not be frictionless. The central 

shift is from execution to orchestration, where human comparative advantage moves toward 

judgment, verification, and system design rather than task completion. Whether this transition 

leads to broad-based gains or concentrated benefits will depend on institutional choices 

around compute access, education, career architecture, and gain-sharing mechanisms. The 

chapter examines macro constraints including energy demand and the productivity J-curve, 

and concludes that the window for shaping equitable outcomes is measured in years, not 

decades. 
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Introduction 

In the span of three years, the world has gone from debating whether AI can write a 

passable essay to watching autonomous AI agents resolve real software engineering 

issues, predict complex biomolecular structures and interactions (Abramson et al., 

2024), and achieve gold-medal performance at the International Mathematical 

Olympiad (DeepMind, 2025). The pace of change is not merely fast; it is accelerating 

in ways that confound traditional economic forecasting frameworks. 

The central argument of this chapter is that AI will become a ubiquitous tool for 

turning energy into intellectual labor. The core capabilities are already in place, and 

the conditions for adapting new domains to this framework should improve over 

time. The workforce will shift from a model where humans execute every step to one 

where humans orchestrate autonomous systems, setting objectives, verifying 

outputs, and intervening when things go wrong. Whether this change converges 

toward augmentation or displacement will likely depend on institutional positioning 

and policy choices. The prevailing economic literature projects modest GDP gains 

from AI adoption over the coming decade (Acemoglu, 2025), but such estimates 

capture a snapshot of where capability stands today and miss the trajectory of 

capability improvement. This trajectory is visible in the empirical record of capability 

growth, deployment patterns, and organizational adaptation. 

We present this argument by first examining the current state of model capabilities 

and limits, then looking at software engineering as the best-measured case. From 

there we offer a generalization framework for other domains, review workforce 

evidence on augmentation and displacement, and finally discuss the macro 

constraints around compute and energy. The future remains uncertain, but the 

direction of travel is becoming easier to see. 

1. Gains and Limits of Current AI Models 

1.1. On Large Language Models 

Early public interpretations often treated large language models as text-prediction 

engines with fundamentally limited capabilities. The web-scale data that made their 

behavior impressive was also a source of fragility. Because these models were trained 

to represent broad distributions of text, they could generate highly fluent passages 

yet fail on seemingly simple tasks (McCoy et al., 2024). This pattern became known as 

the jagged frontier (Dell'Acqua et al., 2023). Some of this behavior may have been 

more predictable to people involved in model training, but there were still surprising 

effects, including elicitation studies in which cash incentives or emotional pressure 

changed model performance (Li et al., 2024). As the field learned more about how 

models acquire trajectories during pre-training and how post-training shapes their 

behavior (Yue et al., 2025), it became possible to treat models more concretely, 

focusing on their strengths without assuming they are uniformly capable. 
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Thus frontier systems in 2024-2026 show clear gains on reasoning and coding 

benchmarks through more task-focused data, reinforcement learning, and test-time 

compute across multiple labs (OpenAI, 2024; DeepSeek-AI, 2025; AI, 2026; Team, 

2025; Hassabis & Kavukcuoglu, 2025). This improvement reflects better training 

recipes as well as better data and training signals for the target domains. Current 

frontier models are especially strong on in-distribution tasks, and for well-

represented distributions it is often possible to push performance to levels that 

previously seemed out of reach for AI systems. Scaling and progress are not confined 

to one frontier; new frontiers are continually being discovered that improve how 

efficiently and effectively these models can advance (Kaplan et al., 2020; Hoffmann et 

al., 2022; DeepSeek-AI, 2024; Team, 2024; AI, 2025; Team, 2025). 

Beginning in 2024, a new scaling axis emerged in test-time compute. Rather than only 

making larger models, researchers discovered that allocating more computation at 

inference time (step-by-step reasoning, candidate search, self-verification, and even 

test-time training) can yield performance improvements rivaling or exceeding 

training-time scaling (Snell et al., 2025; Akyurek et al., 2025). This opened a new 

paradigm in which models evolved from simple input-output systems into 

components in a scaffolding of other models and tools that execute specific roles in 

what are now called agentic systems. Although benchmark scores should be 

interpreted cautiously, models have surpassed expert-level performance on many 

challenging benchmarks. This pattern now appears across multiple independent labs, 

with Kimi K2.5, Qwen3, and Gemini 3 demonstrating similar gains (AI, 2026; Team, 

2025; Hassabis & Kavukcuoglu, 2025). The lesson is that current models can excel at 

a task when they receive enough relevant data and training signal. For any domain 

where AI is expected to deliver economically useful work, those ingredients are still 

central. If the right data are curated, the right reward signals are designed, and the 

system is iterated, resulting performance tends to be far stronger than initial 

impressions of these models would suggest. 

1.2. How Reward Signals Shape What Models Can Do 

Language models begin by representing human-generated text according to patterns 

in the training distribution. But some generated trajectories are more useful, accurate, 

or valuable than others. Alignment improves this by increasing the probability of 

preferred trajectories and reducing the probability of unwanted ones. Recent 

reasoning-model work including OpenAI's o-series, DeepSeek-R1, Kimi K2.5, and 

Qwen3 all emphasize reinforcement-learning stages that improve hard reasoning and 

coding outcomes (OpenAI, 2024; OpenAI, 2025; DeepSeek-AI, 2025; AI, 2026; Team, 

2025). In coding and mathematics, the loop is especially efficient because correctness 

can be checked by compilers, tests, proof systems, and execution traces. These were 

therefore among the first domains where AI systems began to rival or exceed human 

performance. Coding also appears to be the first domain where industry-scale impact 

and rapid workforce adoption are visible in daily work. 
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2. Coding as the Best-Measured Case 

Software engineering is one of the earliest domains where the necessary conditions 

for a full AI development cycle are simultaneously visible, making it a uniquely 

informative case study. Two properties make software engineering the ideal proving 

ground. First, data abundance: public code ecosystems provide a massive corpus of 

observable expert work (issue reports, pull requests, code reviews, test outcomes) 

including the full debugging process, not just finished artifacts. Second, automated 

verifiability: a model can write code, execute test suites, and revise based on results 

without needing a human to judge correctness. These properties, precisely what the 

scaling and alignment literature identifies as necessary for strong in-distribution 

performance, create a tight feedback loop that can enable AI models to improve 

rapidly. 

The empirical evidence from AI coding assistants is substantial and growing rapidly. 

The earliest controlled experiment by Peng et al. (2023) found that developers using 

GitHub Copilot completed a coding task 55.8% faster than a control group. The largest 

study to date, conducted across Microsoft, Accenture, and a Fortune 100 company 

with 4,867 developers, found a 26% increase in weekly pull request completions, with 

less experienced developers seeing gains of 35–39% (Cui et al., 2024). 

The picture is more nuanced, however. The METR study (METR, 2025), an RCT with 

experienced open-source developers on their own repositories, found AI tools slowed 

them by 19%, even as developers believed they were faster. AI tools excel with 

abundant pattern-matched context but may introduce friction where developers 

possess deep tacit knowledge the model lacks. A difference-in-differences study of 

Cursor adoption across 807 repositories found transient velocity gains alongside 

persistent increases in technical debt (He et al., 2025). 

The macro-level picture complements these task-level studies. PwC's 2025 Global AI 

Jobs Barometer found that productivity growth in AI-exposed industries (financial 

services, software publishing) nearly quadrupled from 7% to 27% since 2022, with 

AI-exposed industries generating 3× higher revenue per employee and AI-skilled 

roles commanding a 56% wage premium (PricewaterhouseCoopers, 2025). 

Beyond controlled experiments, broader adoption data tells a consistent story. The 

Stack Overflow 2025 Developer Survey reports that 84% of respondents are using or 

plan to use AI coding tools, with 51% of professional developers using them daily. 

Speed is not the only dimension improving either. Among teams that integrate AI into 

code review workflows, 81% report measurable quality gains, suggesting that the 

tools are learning to assist not just with generation but with verification (Overflow, 

2025; Qodo, 2025). METR's “50% task-completion time horizon” (the length of task 

an AI agent can complete autonomously with 50% reliability) has been doubling 

approximately every seven months, reaching roughly one hour by early 2025, and this 

metric is measured on tasks not in public training data (METR, 2025). 
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Anthropic's study of millions of real-world Claude Code interactions confirms that 

coding accounts for nearly 50% of all agentic API tool calls (Anthropic, 2026). The 

99.9th percentile of uninterrupted session duration nearly doubled between October 

2025 and January 2026 (from under 25 to over 45 minutes). Part of the slower 

aggregate growth reflects user adaptation to the technology. Early movers and 

domain experts describe a sharper shift, reporting that coding has become less about 

typing each implementation detail and more about oversight, task definition, and 

selective intervention while agents perform much of the execution (Karpathy, 2025). 

This pattern is likely to spread across knowledge-work domains as more tasks are 

integrated into AI-mediated workflows. 

The coding domain reveals the economic logic of AI capability: it is not that AI 

“understands” code in a human sense, but that it has absorbed vast in-distribution 

data and can be refined through verifiable feedback. Where these conditions are met, 

AI performs economically useful work. This is a structural feature, and the current 

path to AI impact in any domain runs through data curation and verification 

infrastructure. Breakthroughs in general reasoning could accelerate this process, but 

the path no longer depends on them. 

3. From Coding to Other Domains 

3.1. A Repeating Pattern Across Domains 

If we abstract the pattern observed in software engineering, a recognizable 

development cycle emerges for making AI economically productive in any domain. It 

begins with data curation: assembling a corpus of expert work, from web-crawled 

data to expert-generated reasoning traces and records of complete real-world work 

units, ideally at scale. The next requirement is a reward signal: some mechanism for 

evaluating outputs without human judgment on every instance, whether that is test 

execution in coding, proof verification in mathematics, or compliance checks and 

multi-agent debate in other domains. With data and signal in hand, iterative 

refinement and reasoning-oriented RL becomes possible (Bai et al., 2022; OpenAI, 

2024; DeepSeek-AI, 2025; AI, 2026; Team, 2025), with each iteration generating 

higher-quality training data for the next. Finally, the system is deployed in 

collaboration with human workers who use it in real workflows through orchestrated 

agentic loops, providing feedback and generating even more signal. This turns task-

specific models into more capable systems that can collaborate with and assist 

humans in their work. The cycle is technically feasible for domains where data 

curation and reward design are both workable, and each successive cycle should 

become faster, cheaper, and more effective as transfer learning improves, reward 

design becomes systematic, and integration patterns mature. 
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The coding pattern does not transfer automatically to every knowledge domain. 

Where output quality cannot be cheaply and reliably verified, the optimization loop 

runs slower and produces less trustworthy results. In medicine, law, and safety-

critical operations, even small error rates carry unacceptable liability and social cost. 

While these issues limit the pace of full automation, AI's impact as a human 

collaborator can still grow significantly over time. Domains with limited digital traces 

of expert process (sparse workflow telemetry) provide weaker training signal, 

delaying capability transfer. 

Software engineering was the first major domain where the full development cycle 

was proven out, but scientific research is where the pattern becomes most vivid. In 

structural biology, AlphaFold predicted protein structures from amino-acid sequence 

alone (Jumper et al., 2021), work later recognized with the 2024 Nobel Prize in 

Chemistry (Outreach, 2024); AlphaFold 3 then extended structure prediction to 

biomolecular complexes involving proteins, nucleic acids, small molecules, ions, and 

modified residues, with improved accuracy over many specialized tools (Abramson 

et al., 2024). In formal mathematics, AlphaProof solved four of six 2024 IMO problems 

through RL and formal proof verification (DeepMind, 2025); by 2025, Gemini with 

“Deep Think” achieved a gold-medal score on five of six problems (DeepMind, 2025). 

In materials science, GNoME identified 2.2 million new crystal structures (equivalent 

to roughly 800 years of human discovery) including 381,000 previously unknown 

stable materials (Merchant & others, 2023). Weather forecasting saw a similar 

transformation: GenCast now outperforms ECMWF's ENS forecast on 97.2% of 

evaluation targets and produces a 15-day probabilistic ensemble in about eight 

minutes on a single TPU (Price et al., 2024). In medical screening, the MASAI trial (a 

randomized study of more than 100,000 women in Sweden) found that AI-supported 

mammography reduced interval cancer diagnoses and increased the share of cancers 

detected during screening without increasing false positives or overdiagnosis 

(Gommers et al., 2026). It is one of the largest randomized trials of AI in cancer 

screening to date, demonstrating that the data-plus-verification cycle can produce 

clinically meaningful results even in high-stakes domains. 

3.2. Why Each Cycle Gets Easier 

A critical feature of this cycle is that it compounds, driven by both better research 

methods and better AI models. As stronger models are trained, they can help create 

better training data for the next generation. An AI system that writes code can build 

data pipelines for other domains; one that does literature review can curate training 

data for scientific reasoning models. This does not imply a discontinuous jump; the 

current evidence points to staged, compounding gains rather than unconstrained 

recursive improvement (Anthropic, 2026; OpenAI, 2025; AI, 2025; Team, 2025; 

Anthropic, 2026). Each domain where AI becomes productive expands the toolkit for 
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making AI productive in the next. Researchers are also improving the adaptation, 

generalization, and efficiency of learning methods, so expansion to new domains and 

tasks should become easier over time, accelerating adoption and economic impact. 

4. Workforce Evidence So Far 

4.1. How Much of the Workforce Is Affected 

The workforce transformation ahead is not a distant prospect, but exposure should 

not be conflated with displacement. Global evidence is now more granular than the 

first-wave 2023 analyses. The ILO's 2025 refined global index estimates that roughly 

one in four jobs has meaningful generative-AI exposure, while the share at highest 

automation risk remains much smaller (around 3.3%) (Organization, 2025). 

Complementary usage evidence from millions of real model interactions shows that 

AI work today is concentrated in software and writing-heavy occupations, and that 

augmentation still outweighs full automation in observed task execution (Handa et 

al., 2025; Anthropic, 2025). The World Economic Forum's 2025 Future of Jobs Report 

projects that 39% of core job skills will transform by 2030 (Forum, 2025). 

4.2. Augmentation Before Replacement 

The consistent finding across domains is that AI augments human capability before it 

replaces human workers, and that gains are largest for less experienced workers. AI 

systems trained on expert-generated data effectively disseminate the tacit knowledge 

of high performers to everyone. In customer support, Brynjolfsson et al. (2023) found 

that AI assistance raised average productivity by 14%, with a 34% improvement for 

the least experienced agents. In professional writing, Noy & Zhang (2023) found that 

ChatGPT reduced task completion time by 40% and raised output quality by 18%, 

with the largest gains for lower-ability workers. In consulting, a pre-registered RCT 

with 758 BCG consultants found that access to GPT-4 increased task completion by 

12.2%, improved speed by 25.1%, and raised output quality by over 40% for tasks 

within the AI's capability frontier, while below-average consultants improved by 43% 

compared with 17% for top performers. On tasks outside the frontier, however, AI 

users performed 19 percentage points worse than the control group, demonstrating 

that augmentation gains are bounded by the in-distribution limits we described in 

Section 1 (Dell'Acqua et al., 2023). In medicine, the MASAI mammography trial 

(Section 3) demonstrated that AI-supported screening could improve clinical 

detection patterns without increasing false positives or overdiagnosis (Gommers et 

al., 2026). 

This leveling pattern is powerful, but not guaranteed to persist, and early 

displacement signals deserve serious attention. A Federal Reserve Bank of St. Louis 

analysis found a 0.47 correlation between occupational AI exposure and rising 

unemployment rates over 2022–2025, climbing to 0.57 for occupations with highest 
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actual AI adoption (Ozkan & Sullivan, 2025). A Stanford Digital Economy Lab study 

found that employment among 22–25 year-olds in highly AI-exposed occupations fell 

13% relative to less-exposed occupations from late 2022 to mid-2025, suggesting that 

hiring suppression in entry-level positions may precede outright displacement 

(Brynjolfsson et al., 2025). These effects are concentrated in specific demographics 

and occupations, and are not yet visible in aggregate employment data: the Yale 

Budget Lab found no clear economy-wide disruption attributable to AI (Lab, 2025). 

The divergence between aggregate stability and occupational-level stress is itself 

informative; it suggests a transitional phase in which AI is powerful enough to 

reshape hiring patterns at the margin, but not yet broad enough to register as 

macroeconomic displacement. Whether augmentation gains or displacement 

pressures dominate in the medium term will depend on market structure, bargaining 

institutions, and deployment design (Fund, 2025). 

4.3. New Work Creation 

An important counterbalance to the displacement narrative is the historical evidence 

that technological change systematically creates new types of work. Autor et al. 

(2024) analyzed 80 years of U.S. census data and found that roughly 60% of 

employment in 2018 was in job titles that did not exist in 1940. The task-based 

framework of Acemoglu and Restrepo (2019) emphasizes that automation displaces 

workers from existing tasks while simultaneously creating new tasks where humans 

have a comparative advantage. 

In the AI context, the early signal is visible less as a clean set of new titles than as 

changing skill bundles inside existing occupations. PwC's 2025 barometer finds that 

employer-requested skills are changing 66% faster in occupations most exposed to 

AI, while the WEF projects rising demand for AI and big data, technological literacy, 

analytical thinking, and creative thinking (PricewaterhouseCoopers, 2025; Forum, 

2025). As AI handles routine cognitive work, human comparative advantage shifts 

toward judgment under uncertainty, ethical reasoning, creative synthesis, and 

contextual adaptation. 

The broader implication is that automation and new-task creation operate 

simultaneously, as the task-based framework itself predicts (Acemoglu & Restrepo, 

2019). The empirical question is whether the rate of new-task creation keeps pace 

with automation, a question whose answer depends on deployment design and 

institutional support. 
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5. Energy, Compute, and Diffusion Frictions 

5.1. Adoption Frictions and the Productivity J-Curve 

Historical evidence suggests that transformative general-purpose technologies 

initially show declining measured productivity before producing large gains, because 

firms must invest in complementary intangibles (reorganization, training, new 

processes) before benefits materialize (Brynjolfsson et al., 2021). We may be in the 

early phase of this J-curve now. BCG's 2025 global survey of 1,400 C-suite executives 

found that 62% cite talent and skills shortages as the biggest barrier to AI integration, 

yet only 6% have meaningfully upskilled their workforce (Group, 2025). The WEF 

finds that the skills gap, not the technology itself, is the top barrier to AI adoption 

(Forum, 2025). This gap between capability availability and organizational readiness 

suggests that the technology is ahead of the institutions that must absorb it. 

A historical parallel sharpens the point. The electric motor converted electricity into 

physical force and was subsequently deployed across virtually every context in which 

human or animal muscle power had previously been required (factories, homes, 

transportation, agriculture, and various electrical tools). The range of applications 

was as broad as the space of physical work itself (David, 1990). Large language 

models and their successors may represent a similar phenomenon, converting 

electricity into something resembling intellectual capacity (reasoning, analysis, 

pattern recognition, language production). The range of eventual applications is 

open-ended for this general-purpose technology still early in its diffusion. As it 

matures, working without it will resemble a carpenter using manual tools rather than 

any electrical ones. It might be a process of artistry or exercise, but rarely will it be 

practical or efficient for most purposes. 

5.2. When Energy and Compute Become Dominant Constraints 

However, another aspect of our metaphor is that a carpenter using electrical tools will 

now need to pay the manufacturers of those tools and the electricity companies, 

creating new economic constraints and dependencies. These dependencies will shift 

the balance and distribution of economic production. The largest component in 

intellectual productivity so far has been human capital, but the weights are being 

readjusted to give more importance to energy and compute infrastructure than 

before. Under high-adoption scenarios with sustained capability growth, compute 

and energy become increasingly important marginal constraints on output growth. 

The IEA reports data-center electricity demand at approximately 415 TWh in 2024, 

with projections to roughly 945 TWh by 2030 (growing at 15% per year, four times 

faster than total electricity demand) (Agency, 2025). Goldman Sachs Research 

projects a 165% increase in data center power demand by 2030 (Research, 2024). 

The IEA also estimates that data-center capital investment reached roughly half a 
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trillion dollars in 2024, while Amazon, Microsoft, Meta, and Alphabet announced 

more than $300 billion in planned 2025 capital expenditures, much of it directed 

toward AI and data centers (Agency, 2025). The IMF confirms that AI-producing 

sectors in the United States have grown at nearly triple the rate of the broader 

economy (Fund, 2025). 

The scale of demand has pushed data-center operators toward long-term power 

procurement. The IEA reports that renewable power purchase agreements already 

cover about one-fifth of estimated data-center electricity demand, that technology 

companies accounted for more than 30% of corporate PPA volumes from 2010 to 

2023, and that another 60 GW of contracted capacity is under development (Agency, 

2025). 

At the same time, chip-level efficiency improvements partially offset demand growth. 

NVIDIA markets Blackwell as supporting up to 30× faster real-time inference for large 

models, and Blackwell Ultra as delivering up to 50× higher performance and 35× 

lower cost for agentic AI (NVIDIA, 2026). This creates a dynamic analogous to Jevons' 

paradox (Jevons, 1865), where cheaper compute enables new applications that 

absorb saved capacity. The race between efficiency gains and workload expansion 

means energy projections should be treated as conditional scenarios, not 

deterministic endpoints (Agency, 2025; Fund, 2025; Shehabi et al., 2024; 

Administration, 2026). 

Access to cheap, abundant electricity and compute infrastructure is becoming a 

defining factor of production, a conclusion supported not only by industry projections 

but by the revealed preferences of firms committing hundreds of billions to 

infrastructure that would be worthless absent expectations of transformative 

demand (Agency, 2025; Fund, 2025). 

6. Human-AI Collaboration in the Agentic Era 

6.1. A Thought Experiment on Friction 

To understand the next phase of collaboration, consider a mobility metaphor 

alongside the power-tools metaphor above. Today's work often resembles a walking 

world: movement is effortful, local, and constrained by the time and energy required 

to cover distance. Infrastructure, habits, and planning all reflect those constraints. 

Now imagine a teleportation world where someone can instantly travel as far as they 

can see. Routes, homes, cities, and investments would be organized around different 

assumptions. A similar change occurs when building a useful artifact becomes 

constrained less by manual execution and more by the ability to specify the desired 

outcome. In a walking world, a common route justifies a train; in software, a common 

workflow justifies a reusable product sold to many users. If custom software could be 
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produced from a short request, the value of the train would change. The metaphor is 

imperfect, since real AI systems still require electricity, compute, and human 

oversight, but it helps show how lower execution friction can reorganize work. 

Science fiction has explored how near-instant mobility reorganizes society, both as 

liberation (Bester, 1956) and as a warning about dependency when human skill 

atrophies (Forster, 1909). 

The transition will not be seamless. As the workforce evidence in Section 4 shows, 

aggregate labor market disruption has not yet materialized even as firm-level 

differentiation accelerates. The key variable, as the MIT Task Force on the Work of the 

Future emphasized, is institutional response: labor market policies, education 

systems, and corporate practices determine whether the friction collapse is broadly 

shared or concentrated (Future, 2020; Institute, 2024). 

6.2. How Collaboration Actually Works 

Human-AI collaboration is not one thing; it operates across a spectrum of modes, each 

placing different cognitive demands on the human participant. At one end, the human 

retains full control and invokes the AI for bounded assistance (autocomplete, lookup, 

single-step generation). The human decides what to do, when to do it, and how to 

evaluate the result. This is the mode most current productivity studies measure, and 

it is where gains are easiest to capture but also smallest in scope. 

Further along the spectrum, human and AI begin to iterate jointly where the AI drafts, 

the human critiques; the human specifies, the AI stress-tests. The locus of value shifts 

from raw output speed to the quality of the exchange: how well the human frames the 

problem, how precisely they diagnose model errors, and how effectively they steer 

successive refinements toward a goal the model cannot fully represent on its own. 

Evidence from writing, consulting, and product-innovation teamwork experiments 

suggests that this kind of collaboration can improve outputs, but only when the 

human actively evaluates rather than passively accepting suggestions (Noy & Zhang, 

2023; Dell'Acqua et al., 2023; Dell'Acqua et al., 2025). 

At the far end lies delegation. The human assigns a scoped objective (resolve this bug, 

draft this regulatory filing, analyze this dataset) and the AI executes an autonomous 

chain of actions: reading files, running code, searching documents, assembling 

outputs. The human's role becomes supervisory, monitoring progress, intervening on 

exceptions, verifying final results. This is the mode captured by Anthropic's agent-

autonomy data, where experienced users grant broad pre-authorization and step in 

selectively rather than approving each action (Anthropic, 2026). 

The progression along this spectrum represents a fundamental shift in the cognitive 

division of labor. As delegation increases, oversight becomes management-by-

exception and the human must develop reliable intuitions about when to intervene 
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(Parasuraman et al., 2000; Bainbridge, 1983; Lee & See, 2004; Hoff & Bashir, 2015). 

Pushing workers into full delegation without building the supervisory judgment that 

iterative collaboration develops risks the automation-complacency failures 

documented for decades in aviation and other safety-critical domains (Parasuraman 

& Riley, 1997). The goal is not to remove the human from the loop but to place them 

at the right level of it, where comparative advantage shifts toward orchestration, 

decomposing problems, setting evaluation criteria, auditing outputs, and deciding 

when to override. 

Making this work in practice requires something like a contract between the human 

and the agent, defined before execution begins. Current agents are mostly optimized 

to complete tasks, not to collaborate gracefully with human supervision at every 

stage. As models improve, it should become easier for users and models to align on 

what the agent is trying to achieve and what is out of scope, which actions it may take 

autonomously and which require approval, under what conditions it must pause and 

hand control back, and what kind of audit trail it leaves behind. Once these conditions 

are explicit rather than implicit, both over-reliance and under-utilization decrease, 

and the human can focus supervisory attention where assumptions are most likely to 

break down (Parasuraman et al., 2000; Lee & See, 2004; Hoff & Bashir, 2015; 

Bainbridge, 1983). 

It is worth noting that speed alone is a poor measure of whether any of this is working. 

A short-run speed gain accompanied by rising static-analysis warnings, cyclomatic 

complexity, or other downstream quality debt is not a productivity improvement; it 

is debt accumulating off the balance sheet, a pattern the Cursor adoption study 

documents directly (He et al., 2025). What matters is whether cycle time and rework 

move together in the right direction, whether genuinely ambiguous cases get routed 

to human reviewers, whether supervisory effort per task declines with organizational 

experience, and whether outcome quality holds up where it actually matters (defect 

rates, compliance, downstream consequences) not just initial completion speed 

(Brynjolfsson et al., 2021; Anthropic, 2026). 

6.3. Open Challenges for Trustworthy Collaboration 

The operating model described above does not arrive ready-made. Before delegation 

and joint iteration can deliver reliable value, a cluster of unresolved issues has to be 

designed into the collaboration loop rather than treated as after-the-fact governance. 

The first is the division of responsibility. When a human executes a task directly, 

accountability is comparatively legible; when an autonomous agent reads files, runs 

code, invokes tools, and assembles an output, responsibility can blur into what has 

been called a responsibility gap, where neither the operator who delegated the task 

nor the designer who built the system fully controls the behavior in question 

(Matthias, 2004). A human-agent contract helps by specifying what the agent may do 
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unsupervised, which actions require sign-off, and what audit trail it must leave 

(Parasuraman et al., 2000). But this should be understood as an input to 

accountability, not a complete solution. Traceability makes responsibility easier to 

allocate; it does not by itself settle legal liability, managerial responsibility, or vendor 

obligations. 

Closely related is the problem of trust, which is easy to miscalibrate in either 

direction. Too little trust can erase the productivity gain that motivated the 

collaboration, though in high-stakes or immature deployments extensive re-checking 

may be exactly the rational posture. Too much trust is more dangerous: humans may 

wave through errors precisely on the out-of-distribution tasks where the model is 

least reliable, the failure mode the jagged-frontier experiment documented when 

consultants followed AI suggestions past its capability frontier (Dell'Acqua et al., 

2023). The goal is therefore calibrated reliance, trust scaled to the system's 

demonstrated competence on the task at hand rather than to its fluency or apparent 

confidence (Lee & See, 2004; Hoff & Bashir, 2015). Calibration is domain-specific. A 

drafting suggestion in a low-stakes document and a dosage recommendation in a 

clinical workflow warrant different default levels of delegation, verification, and sign-

off. Trust, in other words, is not a global setting but a function of consequence and 

evidence. 

The same point applies to explainability. Humans need enough visibility into a 

system's behavior to know when to accept, question, or override it, but useful 

visibility is not always the same thing as a verbal explanation from the model. In some 

settings, especially structured high-stakes prediction tasks, there is a strong 

argument for inherently interpretable models over post-hoc explanations of opaque 

ones (Rudin, 2019). In agentic workflows, however, the more important oversight 

object may be the action trace: what files were read, what tools were invoked, what 

assumptions were made, what tests were run, and where independent verification 

succeeded or failed. Explanations still matter, but they must improve the joint 

outcome rather than merely increase confidence; poorly designed explanations can 

make teams more comfortable without making them more accurate (Doshi-Velez & 

Kim, 2017; Bansal et al., 2021). This connects directly to the chapter's earlier 

emphasis on verification signals: oversight works best when explanations, logs, and 

tests constrain each other. 

A fourth challenge is bias in decision-making, especially when the reward signal or 

proxy target is mis-specified. Because models inherit the statistical structure of their 

training data, they can reproduce and amplify historical inequities even when 

aggregate accuracy looks strong (Mehrabi et al., 2021). The canonical illustration is a 

widely deployed healthcare algorithm that used prior spending as a proxy for need 

and consequently underestimated the illness of Black patients, a flaw invisible in 
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headline performance metrics but consequential at the level of individual care 

(Obermeyer et al., 2019). This is where the data-plus-verification cycle of Section 3 

cuts both ways: the same infrastructure that drives capability can also optimize the 

wrong target at scale. Fairness auditing, subgroup evaluation, and bias detection 

therefore have to be part of the reward and deployment design, not external checks 

added after the system is already in use. High-stakes deployments such as AI-

supported mammography make the point concrete: average performance gains are 

not sufficient if errors or benefits are distributed unevenly across populations (Lang 

& others, 2026). 

Finally, effective collaboration requires co-adaptation. Humans have to learn the 

contours of a system's competence, where it is reliable, where it fabricates, and how 

to specify objectives so an agent acts on the intended goal. Systems, in turn, improve 

only when deployment generates usable corrections, preferences, and failure cases 

that can be incorporated into evaluation and refinement pipelines, rather than 

disappearing as unstructured user frustration (Anthropic, 2026). The productivity 

studies bear this out: gains are largest when humans actively evaluate and steer 

rather than passively accept, and the value of the pairing comes from genuine 

complementarity, each party covering the other's characteristic weaknesses, rather 

than from the model alone (Bansal et al., 2021; Brynjolfsson et al., 2023). The skills 

and habits that make human-AI teams work are themselves intangible investments, 

which is one more reason the J-curve is real (Brynjolfsson et al., 2021). 

7. Skills, Education, and Career Architecture 

7.1. From Speed to Foresight 

In a walking world, value often comes from doing more steps faster. In a teleportation-

like work environment, speed at low-level execution matters less than foresight: 

selecting better objectives, anticipating downstream consequences, and aligning 

multi-step systems with real human needs. This does not reduce the need for 

expertise; it shifts where expertise matters most. 

What emerges is a workforce organized less around tasks executed and more around 

the type of judgment contributed to a human-AI system. Some people will provide 

deep contextual expertise: the physician who catches what an AI differential diagnosis 

misses, the lawyer who knows a clause is unenforceable in a specific jurisdiction. 

Others will design the agentic pipelines themselves: decomposing objectives, 

sequencing workstreams, inserting human checkpoints where they matter. Still 

others will focus on guardrails, audit protocols, and failure-recovery procedures, 

work that becomes especially critical in regulated industries. A growing number will 

improve the underlying infrastructure (training data, evaluation benchmarks, 

deployment pipelines). Most professionals will blend elements of several of these 
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roles. The overall direction is clear: human comparative advantage is shifting away 

from execution throughput and toward judgment, design, governance, infrastructure, 

and the ability to recognize quality when no specification fully captures it. 

7.2. Education and the Apprenticeship Problem 

If the frontier moves from raw execution toward orchestration, education must 

follow. The highest-leverage capabilities become problem formulation, epistemic 

rigor, evaluation design, collaboration with autonomous tools, and continuous 

reskilling. Current labor evidence already points to rapid skill transformation and 

uneven readiness across institutions (Forum, 2025; Organization, 2025; OECD, 2025). 

What this means in practice is that curricula need to teach people how to convert 

ambiguous objectives into specifications that agents can act on, how to check model 

outputs against independent evidence rather than accepting fluent text at face value, 

how to calibrate when to delegate and when to intervene, and how to treat both tools 

and domain knowledge as continuously evolving rather than fixed. Evidence confirms 

that firms gain more from AI when deployment and skill upgrading happen together 

rather than sequentially (Institute, 2024; OECD, 2025; Forum, 2025). 

A deeper concern is what might be called ladder erosion: if AI absorbs routine tasks, 

entry-level workers may lose the repetitive practice that historically built expert 

judgment (Autor et al., 2024; Brynjolfsson et al., 2025). Progression systems will need 

to evaluate people on orchestration capability (clean delegation boundaries, effective 

quality checks, minimal rework) not just output volume. Error detection and prudent 

intervention need to be recognized as valuable contributions rather than treated as 

friction. Early-career professionals will periodically need to work through problems 

manually, building the first-principles understanding that makes later supervisory 

judgment reliable. Medical residencies and legal clerkships already embody this 

principle; the challenge is extending it to domains where AI adoption is eroding the 

natural apprenticeship that routine work once provided. None of this works without 

gain-sharing mechanisms that connect productivity improvements to compensation 

and job quality. Workers who see AI as enriching employers while compressing their 

own wages will resist adoption or disengage from the oversight responsibilities that 

make agentic workflows safe (Acemoglu & Restrepo, 2019; Fund, 2025; Organization, 

2025). 

Conclusion 

We used two metaphors in this chapter, and both point in the same direction. The 

electric motor converted electricity into physical force and reshaped every industry 

that relied on muscle power. Large language models and their successors are doing 

something analogous, converting electricity into a form of intellectual capacity. Like 
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the carpenter who once worked with hand tools and now reaches for powered ones, 

knowledge workers are beginning to reach for AI not as a curiosity but as a basic 

instrument of their craft (David, 1990; Karpathy, 2025). 

The teleportation metaphor captures a different dimension of the same shift. When 

execution friction collapses, the scarce resource is no longer the ability to do the work 

but the ability to decide what work is worth doing, to verify that it was done well, and 

to intervene when something goes wrong (Anthropic, 2026; Parasuraman et al., 

2000). The evidence from coding, customer support, consulting, and scientific 

research all suggests we are already moving in this direction (Cui et al., 2024; 

Brynjolfsson et al., 2023; Dell'Acqua et al., 2023). 

This does not make humans obsolete. It makes human responsibility more strategic. 

The workforce is reorganizing around judgment, oversight, design, and quality 

recognition. The question going forward is less about whether AI will transform 

knowledge work and more about the terms on which that transformation unfolds. 

Energy and compute are becoming defining factors of production (Agency, 2025; 

Fund, 2025). Entry-level career ladders are already under pressure (Brynjolfsson et 

al., 2025). The skills gap, not the technology itself, remains the top barrier to adoption 

(Forum, 2025). 

Whether the gains from this transformation are broadly shared or narrowly captured 

will depend on institutional choices made in the next few years, not the next few 

decades. Societies that invest in public access to compute, meaningful worker 

transition systems, and education that teaches orchestration rather than execution 

will be better positioned than those that do not (Fund, 2025; Programme, 2025; 

Organization, 2025). The technology is moving fast. The institutions that absorb it 

need to move faster. 
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