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Abstract

How a firm configures generative Al determines whether the technology develops
or hollows out its junior talent. We build a dynamic equilibrium theory of early-career
skill formation in which tasks generate both current output and future expertise and Al
either performs work autonomously or assists a worker who reviews its output. Because
reviewing Al output can itself teach, the effect of delegation on skill depends on how it
is configured. Two results are central. First, whether Al raises or erodes a workforce’s
long-run expertise turns not on how capable the Al is but on how intensively humans
review its output: above a critical review intensity the same technology permanently
builds expertise, and below it permanently erodes it. Second, a competitive market
will not choose the configuration that develops the workforce. Because the expertise a
worker gains is general and portable, and review is hard to contract on, a reviewing firm
bears the cost but captures only part of the return. It therefore favors high autonomy
and thin review, and competition sharpens rather than disciplines the resulting under-
provision of review. This hold-up in the formation of general human capital falls hardest
at career entry, where the foregone tasks are precisely those a novice learns from. The
remedy is configuration, not slower adoption: the optimal policy withholds autonomy
from juniors until they can verify and grants it to seniors, so that autonomy builds
expertise rather than removing rungs. Al deployment is thus a talent-development

decision, to be set by task and seniority rather than as a uniform automation target.

Keywords: Generative Al, human—Al collaboration, human capital, autonomy, early-career

workers, apprenticeship, workforce development, technology management.



1 Introduction

The first large-scale evidence on generative Al and jobs points at the bottom of the career
ladder. Using payroll microdata, Brynjolfsson et al. (2025a) document a sizable relative
decline in employment for workers in their early twenties in the most Al-exposed occupations
(Eloundou et al., 2024), concentrated where Al automates rather than augments labor. Using
résumé and job-posting data on roughly 62 million workers across 285,000 firms, Hosseini and
Lichtinger (2025) find the same seniority-biased pattern within firms that adopt generative
Al Junior employment falls sharply while senior employment continues to rise but most
importantly for what follows, Al-exposed tasks are increasingly remowved from junior job
postings: the very rungs a novice would have climbed. Converging evidence points the same
way: an age gradient in generative-Al-era hiring, with the youngest workers in exposed
occupations falling behind (Lodefalk et al., 2026), a sharp slowdown in the growth of coder
employment, one of the most exposed occupations (Crane and Soto, 2026), and broader
labor-market evidence on Al exposure (Klein Teeselink, 2025).

The worry this raises should be analyzed in a dynamic setting. Many of the entry-level
tasks Al is most apt to take over (drafting a first memo, cleaning a dataset, writing routine
code) have modest production value but high learning value: they are how a novice acquires
the primitives of a domain. If Al removes precisely these tasks, current output can rise even
as the future stock of expertise falls. We ask whether this harm is an intrinsic property of
capable Al or a consequence of how firms choose to deploy it. If the latter, a subsequent
question is whether a competitive labor market can be expected to deploy it well.

Our answer turns on a distinction the debate has largely collapsed: between whether a
firm adopts Al and how it configures it. The same technology can be run with the human
kept on the work and assisted by the machine, or with the work handed to the machine and
the human verifying the result. The prevailing intuition and the structure of existing models
treat the second arrangement as pedagogically dead: if the worker does not perform the task,
the worker does not learn from it, so learning can only be protected by keeping the human
hands-on. We consider a channel this logic ignores. When Al completes a task, the worker
can still learn by reviewing and verifying its output, and the output under review is often
better than the worker could have produced alone. Reviewing an expert-grade solution can
transfer more of a domain’s knowledge than performing a routine version of the task oneself,
provided the worker can understand what they are checking.

This single change reorganizes the problem. Whether reviewing teaches more than doing
depends on the worker’s ability to verify what the machine produced, which grows with

seniority, and on the quality of that output, which grows with the AI’s capability. The effect



of handing work to the machine therefore reverses sign over a career: for raw juniors, at the
very start of their career, who cannot yet evaluate expert output, autonomy strips away the
rungs they would have climbed. But for workers senior enough to review capable Al, the
same autonomy builds skill, and restricting it would slow their development. The lever that
matters is thus not how much to automate, but how to pair automation with review, task
by task and seniority by seniority.

The paper’s central result is what this implies for a market and firms’ strategies. A
configuration that develops the workforce rather than depleting it exists, but a competitive
labor market will not choose it. Because the expertise a junior gains is general and portable,
and because how intensively Al output is reviewed cannot be written into an enforceable
contract, a firm that invests in review reaps only part of the return while bearing all of
the cost. Each firm therefore favors the configuration that maximizes current output, high
autonomy, thin review, which is exactly the configuration that starves learning. Competition,
far from disciplining this, sharpens it: the market under-provides review relative to the social
optimum, most starkly in the limiting case where review has no current-output value and
the competitive choice collapses to full autonomy with no review. The missing rung, on
this account, is not a property of the technology but a deployment externality: a hold-up
problem in how Al is configured, which disappears only when the deployment itself can be
contracted upon. The binding lever is the governance of workforce development, not limits
on adoption.

Two further results give the externality its force. First, whether Al raises or erodes a
workforce’s long-run expertise is not fixed by how capable the Al is but governed by a single
margin the firm controls: above a critical review intensity the same technology permanently
builds expertise, below it the identical autonomy permanently erodes it. Second, we micro-
found the review channel from verification, error detection, and explanation quality, making
its conversion rate an output rather than a posit and identifying when reviewing teaches,
fails to teach, or produces negative learning, including a region in which a junior held at high
autonomy is trapped in a low-skill equilibrium. The microfoundation reinforces rather than
threatens the headline: more capable Al can reduce expert learning by removing the errors
experts learn most from, so the governable margin is review, not capability. The trap, more-
over, is only a feature of bad deployment: under the optimal seniority-contingent rule (keep
juniors on Al they review rather than AI that works for them, and hand over the controls
only as they become able to check its work) it vanishes. Throughout, the deciding actor is
a firm configuring Al across its workforce, so that Al configuration is a talent-development
decision, not only a productivity one.

The framework is operational rather than only conceptual: every primitive maps to some-



thing a firm already logs or can cheaply elicit: the autonomy, review, and assist intensities
sit in workflow telemetry, and a worker’s ability to verify what the machine produced is
recovered by seeded-error audits that plant known mistakes in Al output and record the de-
tection rate by seniority. The resulting prescription is therefore defined over (task, worker)
cells that a manager can actually populate, rather than over occupations or firms.

The remainder proceeds as follows. Section 2 places the paper in the literature and
Section 3 sets up the environment and the learning technology. Section 4 establishes when
autonomy teaches and derives the sign reversal. Section 5 solves the dynamic equilibrium,
and Section 6 derives the deployment externality and the role of contractibility. Section 7
introduces the leading parametrization and calibrates. Section 8 microfounds the review
channel and locates the conditions under which it teaches. Section 9 develops the managerial

framework. Section 10 concludes. Appendices contain proofs and extensions.

2 Related Literature

Our paper contributes to 5 strands of literature:

Task-based technological change. In task-based models, technology reallocates tasks
between labor and capital, and tasks generate current output (Autor et al., 2003; Acemoglu
and Autor, 2011; Autor and Dorn, 2013; Goos, Manning, and Salomons, 2014; Acemoglu and
Restrepo, 2018, 2019, 2020, 2022). Recent work brings Al into this frame, measuring task-
level exposure and tracing it to within-firm labor demand (Hampole et al., 2025) and to firm
growth and product innovation (Babina et al., 2024). We add a second value to each task, its
learning content, and let the technology act on both. The novelty relative to this tradition
is that a statically efficient deployment can be dynamically inefficient, and that the relevant
policy unit is a task-seniority pair rather than an occupation. Our learning technology
and its review channel are new to this literature. Our novel consideration implies that the
augmentation—automation dichotomy is incomplete: a delegated task is not pedagogically
dead, because reviewing the machine’s output is itself a learning channel, which is why

autonomy can build skill rather than only erode it.

Knowledge hierarchies and AI autonomy. A long tradition models how a given distri-
bution of expertise is organized into hierarchies of producers and problem-solvers (Garicano,
2000; Garicano and Rossi-Hansberg, 2006). Within it, Antras et al. (2006) show how hetero-
geneous agents sort into hierarchical teams, with less skilled agents specializing in production

and more skilled in problem-solving as well as how communication technology reshapes that



assignment. Bloom et al. (2014) document that information and communication technolo-
gies have distinct effects on firm organization, the former pushing problem-solving authority
down the hierarchy and the latter up and Fuchs et al. (2015) characterize the contracts that
implement the efficient knowledge hierarchy, showing a firm-like arrangement is required
where spot contracting fails. Ide and Talamas (2025) bring Al into this frame, with agents
that operate autonomously or only as copilots, and show autonomous Al benefits the most
knowledgeable while nonautonomous Al benefits the least. Ide and Talamas (2026) extend
this to global knowledge work, mapping a basic-advanced capability distinction that parallels
the capability margin in our model. Two concurrent papers are closest, and the contrast
with each is sharp. Xu et al. (2025) study how generative Al reorganizes a knowledge-work
hierarchy across the same design space we use, automation versus augmentation crossed
with the worker versus the expert layer, with fallible AT output that must be verified. Their
central finding is that as Al improves the firm optimally lowers the knowledge requirement of
the worker role (deskilling) and may narrow its span of control. Friebel et al. (2026) model
how productivity and learning shocks move a firm’s span of control, generating transitions
between pyramid and diamond structures and oscillating inequality across junior cohorts.
We share with both the premise that Al is simultaneously autonomous and fallible and that
verification is central. We differ on the object and, decisively, on the normative conclusion.
Both take Al’s effect on skill as a primitive, a deployment that fixes the role’s knowledge
requirement in Xu et al. (2025), an exogenous “faster-learning” shock in Friebel et al. (2026),
and ask how the organization (composition, layers, span) adjusts around it. We endogenize
the skill itself: reviewing AI output is the technology by which a worker’s own expertise
accumulates over a career, so Al configuration acts on the production of the future expertise
distribution rather than the allocation of the current one, and the same act that delivers

reliable output today produces tomorrow’s skilled worker.

From financing training to providing learning exposure. Training theory, since
Becker (1964), asks how investment in transferable skill is financed. Because such skill can
walk out the door, the question is who pays for it and how the return is appropriated. A large
literature shows that labor-market frictions and private information can make firms willing to
finance even general skills (Acemoglu and Pischke, 1998; Katz and Ziderman, 1990; Stevens,
1994; Loewenstein and Spletzer, 1998), and that apprentice contracts and firm commitment
can sustain training where spot markets cannot (Malcomson et al., 2003; Dustmann and
Schonberg, 2012). Garicano and Rayo (2026) bring Al into this tradition with a dynamic
apprenticeship model in which careers remain viable when an ezpertise leverage ratio, the

value of a trained graduate relative to Al’s standalone output, exceeds a critical threshold,



and otherwise training compresses toward collapse. This entire tradition, however, takes the
learning technology as given and asks whether its returns can be financed and appropriated.
We ask a logically prior question that AI makes pressing: does the work environment still
deliver the learning to be financed? Our object is therefore a learning viability condition:
does the junior receive enough learning exposure to accumulate expertise? We do not ask:
can the senior profit from training the junior? In Appendix B.1 we show that the learning
and the financial viability conditions are logically independent and can move in opposite
directions, so each captures a failure the other misses, and we view our contribution and the

financing literature as complementary halves of a single requirement for robust ladders.

Expertise, human capital and early-careers. The paper connects to human-capital
accumulation and early-career wage growth (Ben-Porath, 1967; Mincer, 1974; Topel and
Ward, 1992; Rubinstein and Weiss, 2006), to the internal wage and promotion structure of
firms (Baker et al., 1994), to early-career scarring (Kahn, 2010) and to the role of expertise
in shielding workers from automation (Autor and Thompson, 2025). That the early career
is where the stakes concentrate is underscored by Deming (2023), who shows that nearly
all life-cycle wage growth occurs within jobs and that it is sorting into complex, learning-
intensive work that drives the steeper trajectories of educated workers, so a technology that
strips the learning content from entry-level work bears directly on lifetime outcomes. In
this tradition the slope of the early-career wage profile reflects the accumulation of human
capital and the gradual revelation of ability, a property of the worker and the job. Our
contribution makes that slope a function of deployment: because reviewing Al output can
build skill or hollow it out depending on configuration, the same technology can steepen or
flatten the early-career profile even when entry wages or current output rise, acting through
the production of skill rather than its pricing. That the accumulated expertise is largely
general—portable across employers (Gathmann and Schonberg, 2010) is precisely why the
firm cannot appropriate its return and privately underprovides it, tying the early-career
wage profile directly to the deployment externality. Methodologically, the paper builds on
the career-dynamics tradition linking human-capital accumulation and employer learning to
wage and promotion paths (Farber and Gibbons, 1996; Gibbons and Waldman, 1999, 2006).
We share its general dynamic structure but add the channel through which AI configuration

governs the rate of accumulation itself.

Human—AI collaboration and delegation. A body of work studies how organizations
combine human and machine effort. Shrestha et al. (2019) characterize how decisions can be

fully delegated to algorithms, split sequentially between human and machine, or aggregated



across them. Fiigener et al. (2022) show experimentally that effective delegation is bounded
by humans’ metaknowledge, their ability to judge what they themselves do not know. On
the adoption side, Kawaguchi (2021) studies when workers actually follow algorithmic rec-
ommendations and Parasuraman and Manzey (2010) documents the monitoring failures that
arise when a human is nominally kept “in the loop” over automated output. Field evidence
on generative Al at work (Brynjolfsson et al., 2025b; Cui et al., 2026; Noy and Zhang, 2023;
Dell’Acqua et al., 2023; Peng et al., 2023) shows large contemporaneous productivity gains
from such collaboration, though Dell’Acqua et al. (2023) also document a “jagged frontier”:
Al raises quality and speed on tasks within its capability but degrades performance on tasks
beyond it, a capability boundary that workers cannot easily locate. Dell’Acqua et al. (2025)
push this further, showing in a field experiment that an Al “teammate” lets less-experienced
workers reach performance levels that previously required collaboration with or supervision
by more senior colleagues. Closest to our concern, Fiigener et al. (2021) find that Al advice
raises each worker’s current accuracy while eroding the unique knowledge that distinguishes
workers from one another, collaboration that improves output today can deplete human
capability. This literature, however, measures that depletion contemporaneously and treats
the human’s role as an input to current performance. We add two things it does not contain.
First, the same configuration choice that optimizes current human—AI performance (e.g, how
much to automate, how intensively to review, how much to assist), also sets the rate at which
the worker accumulates expertise over a career, so the configuration is simultaneously a per-
formance lever and a workforce-development lever, and the two need not point the same way.
Second, and most importantly, because the skill is portable and review is non-contractible, a
competitive labor market selects too much autonomy and too little review, a market failure

that single-firm design frameworks cannot see.

3 Environment

We begin by setting up the environment and learning technology in a form chosen for closed-
form tractability, deferring to Section 8 a microfoundation of the learning by reviewing Al
output channel on which the central results turn.

Time is continuous, ¢ > 0. We describe a single worker’s career. The worker is summa-
rized by human capital h € [0, 1], interpreted as seniority, judgment, and domain expertise.
A worker of type h is assigned a flow of tasks indexed by complexity z, drawn from a dis-
tribution F'(- | h) with density f(- | h). We assume task assignment shifts toward harder

problems with seniority:



Assumption 1 (Seniority). F(- | h) is ordered by first-order stochastic dominance in h: for
h'>h, F(z|h')<F(z|h) for all .

Each task carries learning content ¢(z) > 0 which is interpreted as the marginal, trans-
ferable increment to general human capital a worker obtains by engaging with a task of
complexity z.

The (generative Al) technology is described by the following objects:

e Capability 6 € [0, 1] is the complexity frontier: Al can complete tasks with z < 6.
e Output quality is A(0), with A’ > 0 and A(0) = 0.

e Autonomy a € [0, 1] is the share of Al-capable tasks the system completes without the

worker performing them.

e Review intensity r € [0, 1] is how intensively the worker verifies autonomously produced

output.

o Copilot intensity m > 0 is the assistance the worker receives on tasks they perform

themselves.

A capable task (z < 0) is either delegated autonomously (fraction a) or kept in copilot mode
(fraction 1 — a). Tasks beyond the frontier (z > 6) are always performed by the worker.
The worker absorbs knowledge from reviewing Al output only to the extent they can
evaluate it. Verification ability is p(h), with p" > 0 and p(0) = 0. A novice who cannot tell a
correct solution from a plausible-looking one learns little from reviewing. An expert extracts
the reasoning.
Performing a task teaches by doing. Reviewing a completed task teaches by example.

We posit three per-task learning increments:

e Hands-on, beyond the frontier (z > 6): the worker performs the task and learns
al(z).
e Copilot (capable task, performed with assistance): the worker performs the task and
the assistant amplifies comprehension, yielding a ¢(z)(1 + m A(6) p(h)).
e Autonomous + review (capable task, delegated and verified): the worker reviews
an expert-grade completion and absorbs 51 A(0) p(h) £(2).
Here o« > 0 is the hands-on conversion rate and 3 > 0 the review conversion rate. The
economically substantive premise is 8 > «a: per task, reviewing an expert-grade solution can
transfer more knowledge than producing a routine version oneself. This is what makes the
review channel capable of dominating hands-on learning, and it is the formal content of the

“virtual apprenticeship” intuition.



This agrees with the worked-example effect, a widely replicated finding in the science of
learning: for a learner with the prerequisites to follow it, studying a fully worked expert
solution yields better subsequent independent performance, at lower time and mental effort,
than solving the equivalent problem unaided (Sweller and Cooper, 1985; Cooper and Sweller,
1987; Sweller et al., 1998), with a recent meta-analysis confirming sizable retention and
transfer gains in mathematics (Barbieri et al., 2023). Three mechanisms supply the premium
that § aggregates: the active processing of a model solution (the self-explanation effect, Chi et
al., 1989); the high transfer value of detecting and correcting errors in worked output (error-
management training raises complex-transfer performance with a large effect size, Keith and
Frese, 2008); and the observation of expert performance a novice cannot yet produce, which
is the mechanism of apprenticeship (Collins et al., 1989).

Aggregating over the task distribution, we define the capable and frontier learning masses

as integrals over the capable and beyond-frontier regions of the support of F(- | h):
Colh) = / () AF(= | h),  Lolh) = / ((=)dF(z | h). (1)
{z<6} {z>0}

The measure of tasks with complexity below the AI frontier (capable tasks without

weighting them by learning content) is:

Q) =FO 1) = [ dr@| b, 2)

{z<0}

The gross learning rate is
®(h;0,a,m,m) = aLe(h)+ (1 —a)a(l+mA@)p(h))Lo(h) + aBr A(B)p(h) Lo(h). (3)

With no Al (§ = 0, hence £, = 0 and all tasks are performed hands-on), ®¢(h) =
« [€(z)dF(z | h), the integral taken over the support of F(- | h). For h > 6 the worker
faces no Al-capable tasks (Ly = 0) and & = ®y: Al cannot touch the learning of a worker
whose entire task queue lies beyond its frontier.

Flow output combines the worker and the Al:
Y(h7 9, a,rT, m) = y0<h) + ﬂ_(a; h7 9) - OT(T) CLQ@(h) - Cm(m) (1 - (l) QG(h)7 (4)

where yo(h) is baseline output increasing in h, w(a; h, #) is the throughput gain from delegat-
ing capable tasks (increasing in a, so m, > 0: autonomy raises current output), and C,., C,, >
0 are the per-task costs of review and assistance, normalized so that C,.(0) = C,,(0) = 0

(cost is incurred only for positive intensity, there is no fixed setup cost). These costs scale



with the measure of capable tasks Qg(h) rather than with the learning-content mass Ly(h): a
task is not cheaper to review or assist merely because the worker happens to learn little from
it, so the operating cost depends on how many capable tasks there are, not on how much
skill they transfer. The throughput and cost schedules are left general here (only 7, > 0 and
C,(0) = C,,(0) = 0 are imposed).
Human capital evolves as
h=®(h;0,a,r,m) — 6h, (5)

with depreciation/obsolescence rate § > 0. The state is confined to [0, 1], so (5) is read as

constrained dynamics on the interval.!

4 When Does Autonomy Teach? The Scaffolding Ra-
tio

Whether handing a task to AI helps or harms a worker’s learning depends on a single
comparison: does reviewing the machine’s output teach more than performing the task
would have? This section makes that comparison precise.

We first isolate the per-task comparison at the heart of the paper, holding h fixed;

Section 5 lets h evolve.

Definition 1 (Scaffolding ratio). For a capable task, the scaffolding ratio is the ratio of

autonomous-with-review learning to copilot learning,

BrA)p(h)

e(h,0) = a(l+mA@)p(h))

(6)

In other words, the scaffolding ratio 1 (h, #) compares two ways a worker of human capital
h can learn from a single task, by reviewing what the AI (of capability #) produced versus
by doing the task themselves with the Al assisting. Put simply, it asks, per task, how much
does reviewing the machine’s work teach the worker, relative to doing the work hands-on?
When the ratio is above 1, reviewing teaches more than doing, so handing the task to the
ATl and having the worker check it builds skill. When it’s below 1, doing teaches more, so
delegating the task strips away learning the worker would otherwise have gained.

Substituting (3), the effect of Al on learning relative to the no-AI benchmark decomposes

Formally h = H[oyl][q)(h;u) — 6h}, the projection onto the tangent cone of [0,1]: the drift evolves as
®(h;u) — 0h on the interior and is truncated so that the state never leaves [0, 1].

10



cleanly (the algebra is in Appendix A). The net learning effect is

@ — @ = Lo(h){amA@O)p(r) + aa(1+mA@Op®) (L(h0) ~1)}. (7)
copilot‘gain >0 autonomy ‘c,ontribution

Differentiating in a, the copilot term drops out and the autonomy margin is isolated:
0
da

0P

sign (%) =sign (¥ (h,0) — 1) (for h < 6, where Ly(h) > 0). (8)

Ly(h) a(l + mA(é’)p(h)) (¢(h, 0) — 1), SO,

Equation (8) is the formal statement that autonomy is good or bad for learning according
to whether reviewing beats doing the task. The copilot channel (m) always adds learning
(> 0), but the autonomy channel switches sign at v = 1 and operates at all only where

capable tasks remain, since the common factor Ly(h) vanishes once h > 6.

Proposition 1 (Autonomy reverses sign in capability and seniority). Fiz (r,m) with fr > 0
and let Assumption 1 hold. The scaffolding ratio 1(h,0) is strictly increasing in worker
seniority h and in Al capability 0. Because autonomy acts on learning only through the
capable-task mass Lg(h), which is positive for h < 6 and zero once the queue lies beyond the

frontier, two regions must be distinguished:

(i) Sign of the autonomy margin (capable region). For a worker who still faces capable
tasks with h < 0, sign(0®/da) = sign(¢(h,0) — 1), and there is a frontier locus z* =
A@)p(h) = a/(Br —am) (well defined when Br > am) such that » 2 1 as A(0)p(h) 2
x*: below it autonomy removes rungs, above it autonomy builds scaffolds. For h > 6
autonomy s learning-neutral because there is nothing to delegate.

(i1) Scaffolding region and its feasibility. For fized 0, let hy(0) solve p(hy) = z*/A(6).
Autonomy strictly builds learning ezactly on the scaffolding region {h : hy(0) < h <
0}, where both the per-task review beats doing with 1» > 1 and capable tasks remain.

This region is non-empty if and only if
A(0) p(0) (Br — am) > «a.

When this fails, 1 < 1 for every h < 6, so autonomy only removes rungs for h < 6 or
1s neutral for h > 0 and the scaffolding phenomenon does not arise.

(111) Comparative statics. The threshold hy is decreasing in review intensity r and in Al
quality A(0) and increasing in copilot intensity m. The feasibility condition in (ii)

is slackened by higher /o, v, and 0 and by lower m. Better review technology thus

11



enlarges the scaffolding region and makes its existence more likely.

The result contradicts the engineering heuristic “keep the human hands-on to preserve
learning”: once Al is capable enough and the worker can verify, hands-on practice on tasks
is the inferior teacher. The learning value of reviewing rises with the quality of what is
reviewed (A(f)) and with the reviewer’s capacity to absorb it (p(h)), whereas the learning
value of doing a routine task does not.

The review channel is most valuable where verification ability is still low and fades as the
worker’s own competence grows. The prescription it motivates is the pedagogical counterpart

of the seniority-contingent deployment derived below.

Definition 2 (Raw junior). A worker is a raw junior if their seniority lies below the scaf-
folding threshold, h < hy,, equivalently if their verification ability p(h) is too low for reviewing
to out-teach doing (Y (h,0) < 1). At such h autonomy removes rungs rather than building
skill. The polar case is the entrant at hy. A worker with h > hy, who can verify capable

output well enough that review teaches more than practice, is seniority-ready.

Proposition 1 previews the seniority profile developed formally in Appendix B.3: raw
juniors have low 9 (they cannot yet verify) and by Assumption 1, a large capable-task mass
Ly (much of their queue is automatable), so they bear the rung removal. Seniors have high
¥ but small Ly (their queue lies beyond the frontier), so Al barely moves their learning; the

scaffolding benefit is concentrated on intermediates.

5 Dynamic Equilibrium

We now let human capital evolve under (5) and close the model with a competitive labor
market. We fix a deployment u = (a,r, m) constant within a regime. Section 6 endogenizes
it.

5.1 Career paths and steady state

We first characterize a worker’s career path under a fixed deployment: when an interior
steady-state level of expertise exists, whether it is unique, and how the worker approaches it.
Existence requires only that learning not vanish at entry, which we now state before turning

to the dynamics.?

2The corner is ruled out by Assumption 2: § =1, a = 1, p(0) = 0. There, a raw entrant (a worker with
h — 0) faces no task beyond the Al frontier (none to do hands-on), no task kept in copilot mode, and no
review learning (they cannot yet verify), so ®(0) = 0 and h = 0 is absorbing: the worker never accumulates
and the career ladder has no bottom rung at all.

12



Assumption 2 (Positive entry-level learning). At least one entry channel is open: 6 < 1,
ora <1, or p(0) > 0. Equivalently, the deployment is not the universal-Al, full-autonomy,

no-novice-verification corner.

Under this assumption the dynamics are well behaved at the bottom of the ladder, and

the steady state is characterized as follows.

Lemma 1 (Existence, uniqueness, and stability). Let u be fized and ®(-;u) be given by (3)
under Assumption 1. Suppose entry-level learning is positive, ®(0;u) > 0 under Assump-
tion 2 and the learnable mass is exhausted at the top, Lo(1) = L4(1) = 0, so that ®(1;u) = 0.
Then h = ®(h;u) — 6h has an interior steady state h* € (0,1), since ®(0;u) > 0=7-0 and
®(1;u) =0 < 6. The entry rate decomposes as

O(0;u) =  aly(0) +Lo(0) [g — a)a(1+mA@)p(0)) + aﬁrA(@)p(O)] .9
frontier hands-on co;?lot re;irew

The steady state is unique and globally asymptotically stable whenever average learning per

unit of human capital is strictly decreasing,

d ®(h;u)
dh h

<0 = eo(h) = %

<1, (10)

i.e. the elasticity of gross learning in human capital is below one.

Condition (10) accommodates a feature special to the review channel: because v rises
with h, the learning rate can be locally increasing in human capital over an intermediate
range, a “virtuous circle” in which becoming more senior makes the review channel more
productive. The steady state remains unique as long as this local force does not overturn

the eventual decline driven by the shrinking stock of learnable content.

5.2 Wage determination

Human capital is general and portable: a worker who separates carries h to the next employer.
Consider a competitive market for general human capital with free entry of identical firms.
A matched firm chooses deployment u, produces Y (h;u), pays w(h), and loses the worker
at hazard s, after which the worker re-enters the market and is valued at the same type h.
The firm’s match value J(h) and the worker’s value W (h) solve

(p+5)J(h) = Y (h;w)—w(h)+J'(h) [®(h; w)—6h],  pW(h) = w(h)+ W’ (h) [®(h;u)—5h],
(11)
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the worker being indifferent to separation because re-match is at the same type, so W (h) =
Jo” e *'w(hy) dt along the induced path.

A single firm is atomistic in the market for type h: its own deployment does not move
the market price w(h) of that type. Hence Ow/0u = 0. Free entry drives firm value to zero,
J(h) = 0, so the firm’s shadow value of human capital is pur = J'(h) = 0 and the equilibrium
wage is, in closed form,

w(h) =Y (h;u(h)), (12)

the full current output net of Al operating costs at the deployment «(-) that firms play. It

is strictly increasing in h. Wage growth is then

5) (®(h; @) — 6h), (13)

still proportional to the net learning rate. The level of pay can be high. It includes the
autonomy throughput term am(h, ), while the slope is governed by ®: entry productivity
rises even as the trajectory stalls.

Equation (13) treats @ as fixed at the worker’s seniority. When the market deployment
is itself seniority-contingent, u = w(h), the total derivative of w(h) = Y (h;u(h)) carries an
indirect term,

W Yy(hsu) + Y, (h;a)a'(h)

w Y (h; a) b, (14)

and (13) is the special case Y, u' = 0. Two arguments deliver it. (i) Envelope. In the
competitive equilibrium priced here the wage is the upper envelope w(h) = max, Y (h;u),
since free entry makes firms play u = argmax, Y (here ur = 0). At an interior maximizer
Y., = 0, so the envelope theorem kills the indirect term and (13) holds exactly even as u(h)
moves. (ii) Fized regime. On any interval where @ is constant, in particular each piece of
a bang-bang or piecewise seniority-contingent program, «'(h) = 0 and (13) again holds, so
the path is smooth within each piece. Where the program switches deployment (at h,, or
at h = 0 where capable tasks vanish), the path is continuous with a slope kink if pay equals
the competitive envelope of (i), and jumps in level if pay tracks the development-oriented
deployment actually played. Proposition 10, in Appendix B.4, sizes and signs this step for
the seniority-contingent program.

Note that the law of motion (5) contains no wage term. Given a deployment, the human-
capital path and steady state are invariant to how wages are determined. The autonomy
reversal (Proposition 1) and the existence, uniqueness, and stability of the steady state
(Lemma 1) concern only ®, ¢, and h*, and are therefore unchanged by endogenizing w.

What the wage block determines is which deployment % the market selects and the level and
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slope of the pay path through (12)-(13).

5.3 A watershed in the long run

Proposition 1 concerns a fixed h. We now consider workers that travel through the seniority

distribution.

Proposition 2 (Rungs removed early, ceiling raised late). Consider a high-autonomy de-
ployment with sufficient review so that ¥ (h,8) < 1 for h below a threshold hy, € (hg,0) and
Y(h,0) > 1 for h € (hy,0). Let also Assumptions 1 and 2 hold. Then, relative to the no-Al

baseline:

(i) (Early-career loss.) Define the loss threshold h. as the unique seniority at which the

two just balance,
amA@)p(h.) = aa(l+mA@)p(h)) (1 - ¢(he,0)), (15)

equivalently ¥(he,0) = 1 — mﬁ—m < 1, so that h. = hy when m = 0 and h, < hy
when m > 0. Then ® < @y exactly on {h < h.}: for entrants with hy < h. the
net learning rate is below baseline over [hg, h.) and the early-career wage slope (13) is
flatter than under no AL For h € (h., hy) the copilot gain outweighs the autonomy loss
and Al raises learning despite ¢ < 1.

(i1) (Higher ceiling.) If the steady state satisfies h* € (hy,0), then h* exceeds the no-Al
steady state hj: in the scaffolding region the review channel delivers more learning per

unit time than hands-on practice, raising the long-run stock of expertise.

The same deployment therefore lowers early-career growth and raises the expert ceiling.

Proposition 2 is the dynamic counterpart of the static reversal of Proposition 1. The
same autonomous deployment that strips rungs from the youngest workers raises the expert
ceiling for those who survive into the review-productive region: the cost lands on early-career
growth, the benefit on the long-run stock. The youngest cohort is losing rungs while the
settled cohort is gaining ceiling. The two effects are not in tension but sequential: a worker
first loses, on {h < h.}, then gains, once past h, into the scaffolding region. The condition
in part (ii), whether the steady state lands in the scaffolding region, is the substance of
the result. It says the sign of Al’s long-run effect on the workforce’s expertise is itself a

deployment choice.

Proposition 3 (The review watershed). Fiz capability 6 > 0 and autonomy a > 0, let
Assumptions 1 and 2 hold, and let h*(r) denote the unique stable steady state of Lemma 1.
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The map h*(r) is continuous and nondecreasing, with dh*/dr = ®,./(§ — @) > 0 at the
stable steady state. It is strictly increasing on the range where the steady state lies below the
frontier, h*(r) < 0, and p(h*) > 0. Where instead h*(r) > 0, the worker faces no capable
tasks and review is long-run neutral. Maintaining the advanced-Al case hi < 6 places the

crossing in the capable region. Suppose the two endpoints straddle the no-Al benchmark h:
h*(0) < hg < h*(1). (16)

Then there is a unique critical intensity r* € (0,1) at which h*(r*) = h{, and
h*(r) =2 hy <= r = r" (17)

Review intensity then sets the sign of Al’s long-run effect on expertise: r > r* permanently

raises the workforce’s expertise above its no-Al level, r < r* permanently lowers it.

The lower inequality in (16) holds whenever autonomy is high enough that delegating
mA(0)p
1+mA(6)p
review channel is strong enough with higher 5/a, Al quality A(#), and verification slope,

without review loses learning, a > at h*(0). The upper inequality holds only if the
and lower depreciation 0. If instead h*(1) < hg, no interior r* exists.

Where the static reversal fixes the sign of autonomy’s effect at a given seniority, the
watershed fixes the sign of its effect on the whole workforce’s steady-state expertise and
shows that the sign is not a property of the technology but a choice. The same capable,
autonomous Al raises long-run expertise above its no-Al level when review is intense enough
(r > r*) and lowers it when review is too thin (r < r*). Capability € sets only how much is
at stake, never the direction. The governable margin is review, not how good the Al is.

The watershed exists precisely when the review channel is strong enough that maximal
review overturns the autonomy loss but weak enough that minimal review does not. Outside
this window the long-run effect is single-signed: Al builds at every feasible review intensity
(if even r = 0 clears A, which requires copilot-dominated, low-autonomy deployments) or
erodes at every intensity (review exhausted).

Two features make this more than a comparative static. First, the same autonomous
Al is expertise-building or expertise-eroding depending on a single governable margin, re-
view. Second, the watershed does not produce a poverty trap: although the review channel
makes learning locally increasing in h, the steady state remains unique (Lemma 1), because
strengthening review simultaneously lowers the scaffolding threshold A, that would form a
basin’s edge and the two effects offset. Deployment, not initial human capital, decides the

long run. Figure 1 traces h*(r) crossing the no-Al ceiling at r*. We see that holding au-
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Figure 1: The review watershed. Holding autonomy at a = 0.85 and # = 0.70, the long-run
expertise stock h*(r) rises with review intensity and crosses the no-Al ceiling h§ = 0.60 at
r* /= 0.586. Below r*, autonomous Al permanently lowers the workforce’s expertise. Above
it, the same autonomy permanently raises it. The steady state is unique throughout with
a smooth sign reversal. Parameter values: o = 0.045, g = 0.18, 6 = 0.015, § = 0.70,
a = 0.85, m = 0.20, A(f) = 0 = 0.70, p(h) = h, {(z) =1 — 2z, z | h ~ Uniform[h, 1] and
hy = a/(a + 26) = 0.60.

tonomy fixed and raising review across the watershed r* flips the sign of the long-run effect,

from Al lowering steady-state expertise below its no-Al level to raising it above.

6 Deployment Choice, Contractibility, and the Auton-

omy Externality

The wage block fixes pay given the deployment. It does not say which deployment is chosen.
That depends on who internalizes the worker’s future human capital, which in turn depends
on the market structure and on whether the deployment is contractible. The relevant bench-
mark throughout is the planner, who values output and internalizes all future human capital

(and any cross-firm spillover v > 0) at the social discount rate p:

pVs(h) = max {Y(h; u) + (Vi(h) +v) [@(h;u) — 6h] }, (18)
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with social shadow value pg = V¢ and interior conditions Y, + (us + v)®, = 0. We call the
maximizer

u®(h) = arg max {Y(h;u) + (ps(h) +v) [®(h;u) — 5h]}

the social optimum: the deployment a planner would choose, weighting the future human
capital that deployment builds by its full social shadow value pug+v. At an interior optimum
it satisfies Y, + (us + v)®, = 0. The social optimum is the benchmark against which we
measure the market’s deployment and the gap between u® and the firm’s choice.

Because the deployment results turn on what is contracted and when, we state the envi-
ronment explicitly. Time is again continuous. At each instant a worker of type h in a match

experiences:

(t1) Pricing. A competitive spot market values the worker’s current type at the zero-profit
wage w(h) of (12). Pay is set on the current type, not on a promised trajectory.

(t2) Deployment. The matched firm chooses u = (a,r,m).

(t3) Production and accumulation. Output Y (h;u) is produced, w(h) paid, and h
evolves by h = ®(h;u) — 6h.

(t4) Separation. With hazard s the match ends and the worker re-enters and is re-priced
at the new type. Human capital is general, so, h is carried across employers.

A deployment policy is a map h — u(h) = (a(h),r(h), m(h)) specifying the firm’s choice

at each seniority. One policy will recur.

Definition 3 (Seniority-contingent rule). The seniority-contingent rule is the deployment
policy that conditions autonomy on the worker’s seniority relative to the scaffolding threshold
hy of Proposition 1: while h < hy, the firm keeps the worker in copilot, withholding autonomy
and assigning review; once h > hy it switches to delegate-and-review, granting autonomy
paired with review intensity v > r*. Autonomy is thus released exactly when reviewing begins

to teach more than doing.

A learning-poor deployment lowers the worker’s future type, for which they are compen-
sated later, at the future spot price, regardless of which firm they are then at, since human
capital is general. Hence, even a fully observed deployment cannot be priced by the current
employer: the firm cannot capture a return that the worker will collect elsewhere, and the
worker cannot bill the current employer for a portable future gain. What disciplines deploy-
ment is therefore the ability to contract and commit on review intensity, or to direct search

toward it, not mere observability. This separates two main regimes:

3A third regime is the one in which review intensity is unobservable. For the purposes of this study, this
is identical to the regime where review intensity is observable and non-contractible.
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(i) Observable but non-contractible, with spot wages and no directed search: the spot wage
prices current type only, so ur reflects retained rents alone.
(ii) Contractible and committable: firms post (w,w) and workers direct search, so the

training environment is a priced term and efficiency is restored.

Review intensity is costly now, pays off only through portable future skill, and is a
practice rather than a verifiable output: a court or an outside market cannot confirm how
intensively Al output was checked. With deployment non-verifiable and interaction non-
repeated, a firm can neither write an enforceable promise to review nor sustain an informal
one. “Non-contractible” thus means not that Al adoption is hidden but that the learning-
relevant intensity of human engagement cannot be verified or committed. We develop three

distinct cases out of these two regimes.

Case 1: Competitive market, non-contractible deployment. This isthe competitive
benchmark case which is defined by the following four conditions:

(a) Price-taking. Free entry and atomistic firms, so a filled job has zero value, J = 0, and
the firm’s shadow value of human capital is ur = 0: a firm that competes away its
rents and cannot retain the worker prices none of the worker’s future skill.

(b) Non-contractibility. Deployment, in particular review intensity, is non-verifiable and
cannot be written into an enforceable contract, so its sole return, the portable future
skill it builds, is not something the firm can be paid for.

(¢) No commitment device. There is no directed search or relational commitment on the
training environment, so neither posted contracts nor reputation substitutes for the
missing formal contract.

(d) Spot wages. Wages are set each instant at the competitive price for the worker’s current
type, which is what delivers yp = 0 in (a).

Then, the following proposition applies:
Proposition 4 (The competitive equilibrium selects myopic deployment). Let Assump-

tions 1 and 2 hold. In the competitive, non-contractible Case 1, the firm maximizes current

output alone. The unique equilibrium deployment is the myopic corner

with the copilot margin vacuous at a = 1 and normalized to m = 0. FEvery capable task
15 then delegated and unreviewed, so capable tasks contribute zero learning and the induced

steady state solves aLy(h) = 6h. Capability acts as a trap:

19



(1) if 0 < hy = /(o + 20), the worker outgrows the frontier (h* > 0) and recovers the
no-Al ceiling h{; the loss is purely transitional;
(i) if 6 > hf, the worker is permanently below the frontier, capable tasks are delegated

forever without review, and the steady state collapses far below hy.

When Al is capable enough that the no-Al steady state lies below the frontier (hf < 6),
the competitive steady state collapses far below it, and the more capable the Al the deeper
the collapse. The calibration of Section 7 quantifies this. Below this threshold (0 < hf),
by contrast, the worker eventually outgrows the Al frontier and the market recovers the
no-Al ceiling: the myopic deployment costs only a transitional slowdown, not a permanent
loss. The externality therefore bites precisely when Al is capable enough to matter and bites
harder the more capable it is. Endogenizing wages thus makes the externality starker, not
weaker: absent contractibility, competition for general human capital drives deployment to
the corner that maximizes current output and minimizes review, exactly the configuration
that hollows out learning.

The starkness of this corner is a modeling choice. The r = 0 corner reflects that in
(4) review carries only a current cost and no current-output benefit: its sole return is the
portable, non-contractible learning it generates, which a myopic firm (ur = 0) does not
value. Suppose instead that reviewing autonomous output also raises its current quality
by catching Al errors, adding a term a Qy(h) B(r) to (4) with B > 0, B(0) = 0, and B
concave. Then even the myopic firm reviews: it sets the output-quality optimum r¥ solving
B'(r¥) = C/(rY), interior and strictly positive whenever B’(0) > 0, and autonomy still
corners at a = 1 (reviewed output is more valuable, so Y, > 0 a fortiori). The equilibrium
is then (1,7Y,-) rather than (1,0,-). The externality is nonetheless robust: the planner’s
review condition Y, + (us + v)®, = 0 adds the learning value ®, = afA(f0)p(h)Ly > 0,
giving B'(r®) — C/(r®) = —(us +v)BA(0)p(h)Ls/Qg < 0 and hence r° > ¥ by concavity of
B — (.. The firm under-provides review relative to the social optimum. Only the starkness
of the corner softens, from r = 0 to the output-quality level ¥ and the r = 0 corner is the
limit B = 0. This sharpens rather than weakens the mechanism: what the market fails to
supply is specifically the learning value of review, which is portable and non-contractible.
Its current-output value, which the firm internalizes, is not the source of the failure and does

not close it. Distinguishing the two is precisely the content of the externality.
Case 2: Firm rents, non-contractible deployment. With search frictions or imperfect

competition the firm retains a share of match rents, so it partially internalizes future skill

but discounts it at the retention-adjusted rate p + s. Writing the firm’s value as Vg in the
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rents case,
(p+8ﬂ%@):n?x{Y@ﬂﬂ—ﬂﬂﬂ+¥%@ﬂ@@ﬂd—5ﬂ}, (19)

where the wage schedule is the following.

Assumption 3 (Frictional wage from search). A worker of type h can relocate to a compet-
itive firm, which prices general skill at Y (h;u(h)). By searching, the worker meets such an
offer at Poisson rate . The value of search is therefore pU(h) = pJ%\Y(h;ﬁ(h)), and the

current firm, holding within-match bargaining power, pays this outside option:

w(h) = o Y (b a(h)). JE;%XGQD, W(h) = o Ya(hsa(h)).  (20)

Two properties follow. (i) Price-taking: the wage equals the worker’s outside option
because the competitive price of their general skill is evaluated at the market deployment
@, so it depends on the type h, not on the current firm’s deployment: dw/du = 0, and
w' = oYy (+;u) by the envelope theorem (Y, = 0 at @). (ii) Endogenous pass-through: o is the
equilibrium markdown, not a free parameter. As frictions vanish (A — oo) the worker can
instantly recontract at the competitive wage, ¢ — 1, w = Y, and the firm’s rent vanishes
(this is the competitive benchmark, Case 1, with up = 0). With frictions (A finite), o < 1:
the worker collects only a fraction of the return to general skill and the firm retains the
complement, the wage-compression mechanism of Acemoglu and Pischke (1998, 1999). The
firm’s rent J(h) = Vp(h) = PV[Y(h;u) — w(h)] > 0 is the present value of that retained
share, and is also what the firm discounts at the retention-adjusted rate p + s.

Because dw/0u = 0, (19) leaves the deployment conditions unchanged from Case 1. In
the leading linear case, m = a7(h,0), with constant per-task costs C,, C,,, the maximand is
multilinear in « and the optimum is bang-bang (each margin at a corner). The competitive
corner a = 1, r = 0 of Proposition 4 is exactly this case.

To characterize an interior optimum, we impose the following regularity condition.

Assumption 4 (Regular deployment). In (4) the throughput w(a;h,0) is C? and strictly
concave in a (aq < 0), and the review and copilot cost schedules C,.(r), Cy,(m) are C* and
strictly convez (C" >0, C'(0) =0).

As a result, the deployment objective Y + u(® — dh) is strictly concave in each control

and admits a unique interior maximizer. The interior optimum is characterized by

Ya+ﬂq)azoa }/;‘+/'Lq)r:07 Ym+uq)m207 (21)
—— — N ~~ d
autonomy review copilot
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with g = pp for the firm and g = pug + v for the planner, where ®, = Ly a(1+mAp)(¢v —1),
O, = afApLy > 0, @, = (1 —a)aApLy > 0, Y, = m,(a;0) — [Cr(r) — Cyri(m)]Qp (with
Ta >0, Teq < 0), Y, = =Cl(r)aQy <0, and Y,,, = —C/ (m)(1 —a)Qy < 0.

Lemma 2 (Undervaluation of human capital). In the environment of Case 2, if Y, > 0
then at any common allocation pp(h) < us(h) + v, with strict inequality whenever s > 0,
o >0, orv>0. The wedge has three sources: the worker’s wage pass-through, the retention
hazard s, and the spillover v. The wedge is increasing in the pass-through o, decreasing in

the firm’s retained share 1 — o and increasing in s and in v.

Lemma 2 says the firm always values the worker’s human capital by (weakly) less than
the planner does, and isolates why. Each source is a distinct wedge between private and
social returns to the same future skill. The pass-through ¢ measures how much of the
worker’s marginal product the worker collects: because general skill is portable and priced
competitively, a fraction o of any future gain accrues to the worker (and, when they separate,
is carried to the next employer), so the firm capitalizes only the retained complement (1 —
0)Y}),. The hazard s compounds this: the firm discounts future skill at the retention-adjusted
rate p + s because it may lose the worker before the return arrives, whereas the worker and
hence the planner discounts at p, the skill surviving the match. The spillover v is the part of
the social return that no single employer internalizes at all. The two limits make the range
transparent: at 0 = 1 (Case 1) the firm retains nothing, pur = 0, and the wedge is maximal.
As 0,s,v — 0 the firm becomes a residual claimant on the full, undiscounted, un-spilled
return and pup — ug, closing the gap.

This wedge is the engine of the deployment externality. The firm and the planner choose
the autonomy-review mix by the same first-order logic but with different valuations of the
learning it produces: the planner weights net learning by pug + v, the firm by the smaller
pr. Wherever raising review (or lowering autonomy) builds future skill (i.e. wherever ®
responds to deployment), the firm, valuing that skill less, supplies less of it than the planner
would. Proposition 5 turns this gap in valuations into a gap in chosen deployments, showing
that the competitive firm sets autonomy too high and review too low relative to the social

optimum, by an amount that scales with the wedge pus +v — pp.

Proposition 5 (Over-autonomy, under-review). Let Assumption 1 hold. Suppose the firm
earns rents but retention is imperfect (s > 0) or there is a spillover (v > 0), so 0 < pp <
s +v. Then at the privately optimal deployment, relative to the socially optimal one:

(i) in the rung-removing region with ¥ < 1, the firm sets autonomy a too high: it under-

weights the learning loss from delegation;

22



(ii) the firm sets review r and copilot intensity m too low: both are costly today and pay
off only through future human capital, which the firm undervalues;

(7ii) the distortion is larger the lower is retention (higher s), the higher the wage pass-
through o (less compression), and the larger the spillover v, and is mazimal in the
competitive full-pass-through limit up — 0 (0 — 1) of the competitive equilibrium of

Proposition 4.

The distortion in Cases 1 and 2 has a single root: deployment is non-contractible, so the
firm cannot be paid for the portable skill that review builds, and prices it at pup < ps + v

rather than at its social value.

Case 3: Contractible deployment (competitive search). Suppose now firms can post
and commit to contracts specifying both pay and deployment, (w(+), u(+)), and workers direct
their search across posted contracts. Free entry then implies that the equilibrium contract
maximizes the worker’s value subject to the firm breaking even, i.e. it maximizes the joint

match surplus.

Corollary 1 (Contractibility restores efficiency). If deployment is contractible and the mar-
ket is competitive in (w,u) packages, the equilibrium deployment mazimizes the joint match
surplus, so the hold-up wedge of Lemma 2 closes (up = pus) and the over-autonomy/under-
review distortion of Proposition 5 vanishes. Absent a cross-match spillover (v = 0) the
allocation coincides with the social planner’s. The worker finances learning-intensive de-
ployment by accepting lower current wages, recovering more than the concession through the

higher future wage path that higher h commands.

This is in fact the Becker logic for general training, extended to the choice of how Al
is deployed. It also makes precise why the worker cannot simply self-finance the learning
and dissolve the externality on their own. The natural objection to a hold-up in general
skill is Beckerian: if review builds portable skill the worker values, the worker should review
more intensively on their own effort and accept a lower wage during the learning phase,
internalizing the return. That trade is exactly what Case 3 implements, and it is why the
externality vanishes there. It fails in the baseline (Case 1) for two reasons that the objection
elides. First, the learning-relevant input is not private study effort the worker can add at
the margin. It is the deployment configuration u, and by the timing above the firm chooses
u, including whether the worker is given the slack to review rather than ship. Second, even
a worker willing to make the Becker concession cannot write the contract that would buy it:
the priced object would have to be the learning content of the deployment, but, as above,

whether review actually taught is non-verifiable to any third party, so no enforceable “deploy
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me to learn and I will accept lower pay” term exists. The Becker wage discount therefore
cannot operate through a spot contract. It requires the committable (w, u) package of Case 3.
The directed-search environment of Appendix B.5 is precisely the Becker channel operating
imperfectly, through workers sorting toward developmental postures on a noisy public signal
rather than a contract, and Proposition 11 shows that even then it does not fully dissolve
the externality.

We conclude that the autonomy externality is a hold-up problem, not a feature of Al
adoption as such. It is absent only under full contractibility of deployment (Case 3). It
is present whenever “how intensively Al output is reviewed” or “whether juniors are kept
hands-on” cannot be written into an enforceable, portable contract. The distortion ranges

from interior (firm rents, Case 2) to full autonomy and zero review (competition, Case 1).

7 Calibration

The per-task results of Section 4 and the dynamic results of Section 5 hold for an arbitrary
FOSD-ordered task distribution F'(- | h) and learning profile £. To obtain explicit magnitudes
and to calibrate, we now specialize the general environment of Section 3 to a transparent
leading example.

Tasks are uniform on the worker’s frontier and above,

1
z | h ~ Uniform[h, 1], f(z|h)= T on [h, 1],

with learning content ¢(z) = 1—z, output quality A(f) = 6, and verification ability p(h) = h.
A worker of seniority A is handed problems at or above their current level; as h rises the
support shifts right and the most elementary, highest-content tasks drop out of the queue.
The choices A(#) = 6 and p(h) = h are normalizations consistent with A" > 0, A(0) = 0 and
p' >0, p(0) = 0. That ¢ is decreasing while F(- | h) rises with seniority means juniors face
the highest-content tasks.

The capable-task measure (2) becomes

Qo(h) = — (h <0), Qo(h) =0 (h>0),

and, evaluating the learning masses over the support [h, 1],

Lg(h):/h i:Zdz:(l_Z)(l__%_e), Zg(h):/g i:;dz:% (h < 0).
(22)
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Their sum is Lo(h) + Lo(h) = (1 — h), independent of §. At the top Lo(1) = Ly(1) = 0,
so the top-mass condition of Lemma 1 holds and ®(1;u) = 0. The no-Al rate is ®¢(h) =
o, hl %:Z dz = §(1 —h). The feasibility condition for a non-empty scaffolding region (Propo-
sition 1(ii)) specializes to B/a > (072 +m)/r.

Under the no-Al baseline (and, more generally, for any worker with h > 6 who faces only
frontier tasks), ®o(h) = a(l — h)/2 and (5) is linear:

a
a+ 25

h=2—(24+8)h,  hy=h"+(ho— h")e @/ ps— (23)
The career path is an exponential approach to the no-Al steady state hj at rate a/2 + 4.
With Al active (h < 0), ® is smooth and (5) is solved numerically. The path has a kink at
h = 6, above which it coincides with (23).

We calibrate this parametrization to llustrate magnitudes, not to discipline them: the
calibration shows what the mechanism implies for plausible parameters, and is not an esti-
mate. We set o = 0.045 and 3 = 0.18, so 3/a = 4. Depreciation is § = 0.015.* These imply
a no-Al human-capital steady state hjj = a/(a+2J) = 0.60 and, for an entrant at hy = 0.15,
a five-year human-capital growth of 51.3% via (23), in the range of acceptable early-career
wage slopes according to empirical evidence.” Al quality is A(f) = # and verification ability
p(h) = h, both normalizations rather than measurements. A final normalization concerns
the mapping from human capital to pay. The model pins down the slope of the wage path
(governed by @) but not its level. The unmodeled functions yo(h) and 7(a; h, ) enter the
level of w(h) = Y (h;u(h)) without affecting the law of motion (5). For the calibration we

4We set 6 = 0.015, a representative rate in the lower part of the empirical range for the depreciation of
general, portable human capital. The appropriate object here, since h is general skill held by an employed
worker. Wage-profile estimates for the general qualification stock centre near 1% per year (Arrazola and de
Hevia, 2004), with rates below that for workers in active training and somewhat above for those exposed to
skill-eroding interruptions; task-based estimates span roughly 1-6%, the higher rates attaching to specific
skills and to occupations heavy in non-routine or rapidly-upgraded tasks, while general skills sit at the bottom
of that range (Walter and Lee, 2022). A representative value modestly above the 1% floor is therefore the
natural choice for durable but not permanent professional expertise. Note that rates of 4-6% typically
identify depreciation from time out of employment (Dinerstein et al., 2022), a different and faster process
than the steady-state erosion of an employed worker’s general stock that § captures. § = 0.015 is consistent
with the general-skill evidence and sits safely below the obsolescence watershed of Appendix B.2, so the
baseline remains in the expertise-building region.

°A cumulative five-year human-capital growth of 51.3% (about 8.6% per year) is a reasonable magnitude
for the experience-driven component of early-career wage growth. Administrative and panel data place raw
early-career wage growth at roughly 10-11% per year over the first five years, flattening sharply thereafter
(Rubinstein and Weiss, 2006; Topel and Ward, 1992; Adda and Dustmann, 2023). Adda and Dustmann
(2023) further show that the ezperience (human-capital) channel accounts for the large majority of this
slope, with the remainder reflecting search, mobility, and match effects that the present model abstracts
from. The figure here therefore sits below the raw compounded slope (= 68% over five years) by design.
It isolates the human-capital channel while remaining in its empirically relevant range. As with the other
primitives, the calibration is illustrative rather than estimated.
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Table 1: Calibrated deployment regimes (entrant hy = 0.15; a = 0.045, § = 0.18, § = 0.015).
The final column is five-year proportional growth in human capital.

Regime 0 a r m  (0.2) (0.5) h*  5-yr growth
Pre-Al baseline 0.00 0.00 0.00 0.00 - - 0.600 51.3%
Basic autonomous Al 0.35 0.90 0.10 0.10 0.028 0.069 0.600 32.6%
Advanced copilot 0.70 0.15 0.20 0.70 0.102 0.225 0.614 48.6%

Advanced autonomous, low review 0.70 0.85 0.20 0.30 0.107 0.253 0.465 12.8%
Advanced autonomous + review 0.70 0.85 090 0.20 0490 1.178 0.637 27.6%
Predictive 4 targeted review 0.70 0.40 0.85 0.50 0445 1.013 0.626 42.2%

Competitive eq. (Prop. 4) 0.70 1.00 0.00 0.00 0.000 0.000 0.161 0.4%

therefore report proportional growth in human capital and read it as wage growth under
the normalization that the market price of general skill is proportional to human capital,
w(h) o< h (unit pay-elasticity, €, = Y,h/Y = 1). The reported five-year figures are then
simultaneously human-capital growth and wage growth.5

We then solve (5) along the career for six deployment regimes spanning the policy space.
Table 1 reports the scaffolding ratio at two seniority levels, the human-capital steady state,
and five-year early-career growth (proportional growth in h, read as wage growth under the
normalization above). The table entries are outcomes computed by integrating the law of
motion given the parameters above. What is chosen is the parameter vector, above all 5/a.

The first six rows are deployment choices. The last is the deployment the competitive
market with non-contractible deployment selects. With capable Al (6 = 0.70 > h{), that
equilibrium drives the steady state to 0.161 and early-career wage growth to 0.4%. This row
is the stark limiting case: it is the B = 0 corner in which review carries no current-output
benefit, so the myopic firm sets r = 0 exactly (Section 6). The robust prediction is under-
provision of review relative to the social optimum: once review also raises current quality,
the competitive choice is an interior ¥ > 0 that still falls short of the planner’s 7°, because
the firm internalizes review’s current-output value but not its portable learning value. The
0.4% row is the most dramatic illustration of that under-provision, not a claim that real

firms set review exactly to zero; the gap between it and, say, the predictive regime is the

6Tn general w/w = (Y3/Y)h = €41 (h) (h/h), so a different, fully specified pay schedule would rescale each
regime’s five-year figure by its pay elasticity €, rather than change what is computed. Two facts make
the normalization innocuous here. First, the reported number is exactly five-year human-capital growth,
independent of any pay map. Second, because all regimes share the entry type hy and the wage is a single
increasing function of type, the market price of general skill, with dw/0u = 0 (Section 5.2), the cross-regime
ordering of five-year growth is preserved under any such schedule. The qualitative comparisons are therefore
properties of the h-paths, not of the normalization. We adopt w o h only so the figures read directly as
wage growth.
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Figure 2: Career human-capital paths h; from entry (hg = 0.15), by deployment regime.
Automation regimes (dashed, dotted) flatten and, with thin review, depress the path. Over
the early-career window shown, the review regime (solid) lies below copilot (the early-career
loss of Proposition 2(i)), while raw entrants sit far below the scaffolding threshold h, = 0.42
(the slow approach reflects a/2 + 6 = 0.0375). Its advantage is asymptotic: it converges to
the highest long-run ceiling among all regimes (h* = 0.637, Table 1).

value the worker would pay to make deployment contractible.

Four patterns stand out for the given calibration. First, automation hollows out the early
career: “basic autonomous AI” and especially “advanced autonomous, low review” collapse
five-year wage growth (to 32.6% and 12.8%) and, in the low-review case, drag the steady
state down to 0.465. This is the model’s rendering of the Brynjolfsson et al. (2025a) and
Hosseini and Lichtinger (2025) pattern that early-career losses concentrate in automation
exposure. Second, copilot preserves learning: “advanced copilot” nearly matches the no-
AT slope (48.6%), consistent with the large junior productivity gains from assistance in
Brynjolfsson et al. (2025b) and Dell’Acqua et al. (2025). Third, review rescues autonomy:
holding autonomy at 0.85, raising review from 0.20 to 0.90 turns a near-catastrophe (12.8%)
into a survivable trajectory (27.6%) and lifts the steady state from 0.465 to 0.637. Fourth,
the review regime raises the ceiling above no-AI (h* = 0.637 > 0.600) even as it lowers early
growth, because intermediate workers (¢(0.5) = 1.18 > 1) learn faster from reviewing than
from doing. The predictive regime, which keeps autonomy moderate while targeting review,
comes closest to dominating: it nearly preserves the slope (42.2%) and raises the ceiling
(0.626). These are illustrations at the maintained 5/a = 4, not validation of it: the first two
patterns (automation hollows, copilot preserves) hold for any §/«, but the third and fourth
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Figure 3: The marginal effect of autonomy on learning, 0®/0a, against human capital
h (advanced AI, § = 0.70). Under high review the curve crosses zero at the scaffolding
threshold h,, = 0.42: autonomy removes rungs for juniors (h < hy) and builds scaffolds for
intermediates and seniors (h > hy). Under thin review it is negative throughout.Parameters:
r = 0.90,m = 0.20 (high) and r = 0.20,m = 0.30 (thin).

(review rescues autonomy and the ceiling exceeds no-Al) are exactly the threshold-dependent
claims, requiring 3/ above the feasibility floor (672 +m)/r ~ 2.5 of Proposition 1(ii) (here
comfortably met) and weakening or reversing below it.

Figure 2 shows the career paths: the review regime begins below copilot (raw entrants
cannot verify) and remains below it over the early-career window, but converges to a higher
long-run ceiling once the worker crosses hy, (Table 1). Figure 3 shows the sign reversal of
0P /0a at hy = 0.42. Figure 4 maps the scaffolding region in capability—seniority space. We
treat these as illustrative of mechanisms, not as a causal estimate.

Because 5/« is set rather than estimated, the calibration is only as informative as that
choice, so we now report how the model’s objects move with it and with the other primitives:
the verification profile p(h), Al quality A(#), review intensity r, and the task distribution.

At the baseline (0,7, m), a scaffolding region exists and the central reversal is operative,
only if 8/a > (072 + m)/r ~ 2.5 (the feasibility condition of Proposition 1(ii)). This floor
is the paper’s pivotal premise and we treat it as such rather than burying it: everything
distinctive, that review builds expertise above the no-Al level, that an interior watershed r*
exists, that autonomy is rescued rather than merely neutralized, holds above it and vanishes
below it. Below the floor, ) < 1 for every h < 6, so autonomy only removes rungs where

capable tasks remain and is neutral beyond the frontier; the safe prescription (gate juniors,
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Figure 4: The scaffolding region (shaded) in (h, #) space, where capable tasks exist (h < 6,
below the dashed frontier) and i) > 1. Above the frontier the worker faces no Al-capable
tasks. Inside the region, delegation-with-review out-teaches copilot mode. Parameters: r =
0.90,m = 0.20,8/a =4, A(0) = 0,p = h.

Table 2: Sensitivity of the scaffolding threshold h,, the watershed review intensity r*, and
the auto-plus-review steady state and five-year growth, to the central premise parameters.
Baseline (boxed logic): f/a =4, p(h) = h, A(#) =0, 60 = 0.70, a = 0.85, r = 0.90, m = 0.20,
d = 0.015. The qualitative pattern (review rescues; a watershed r* exists; the ceiling can

exceed no-Al) holds throughout; the magnitudes move substantially.

Parameter  value Iy r* 5-yr growth ceiling h*
2.5 0.697 0.938 20.2% 0.596
3.0 0.571 0.782 22.7% 0.614
8/a 4.0 (baseline) 0.420 0.586 27.6% 0.637
5.0 0.332  0.469 32.8% 0.650
6.0 0.275 0.391 38.0% 0.659
8.0 0.204 0.293 49.0% 0.670
¢p = 0.5 (early verify) 0.177 0.452 55.9% 0.650
p(h) = ho» ¢p = 1.0 (baseline) 0.420 0.586 27.6% 0.637
¢p = 2.0 (late verify)  0.648 0.983 11.4% 0.588
pa =05 (A=0.84) 0.352 0.489 — 0.648
A0) = 6% ¢, =1.0 (A=0.70) 0.420 0.586 — 0.637
pa =2.0 (A =049) 0.600 0.842 — 0.607
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Figure 5: Sensitivity to the review-to-doing learning ratio 5/« (baseline = 0.70, a = 0.85,
r =0.90, m = 0.20, A(#) =60, p(h)=h). (a) The scaffolding threshold h,, and the watershed
review intensity r* both fall as the premise strengthens. (b) The auto-plus-review long-run
ceiling rises with §/« and crosses the no-Al level near 5/« ~ 3. The qualitative structure is
invariant; the thresholds and the policy intensity required are not.

keep them in copilot) still protects the worker, but it delivers no more than the no-Al ceiling,
because there is nothing for review to build on. The chosen value 4 sits above this floor but
not far above it, and at 5/a = 2.5 the auto-plus-review ceiling (0.596) lies marginally below
no-Al while requiring near-total review (r* = 0.94): the knife-edge is where the upside
disappears, not where the policy becomes unsafe.

Across the entire range of Table 2, the signs are invariant: the autonomy reversal ex-
ists (Proposition 1), ¢ is increasing in seniority and, in the main model, in capability, the
watershed r* exists (Proposition 3), and review rescues autonomy. What moves, often by
a lot, are the thresholds and policy magnitudes. As [/« rises from 2.5 to 8, the scaffolding
threshold h,; falls from 0.70 to 0.20 and the watershed review r* from 0.94 to 0.29: the same
managerial prescription (“mandate review”) requires near-total review under a weak premise
but only modest review under a strong one. The verification profile matters comparably: if
verification ability ramps late (¢, = 2), hy, rises to 0.65, r* to 0.98, and the ceiling falls below
no-Al, so, review cannot rescue when juniors verify too slowly to reach the scaffolding region.
Lower Al quality (¢4 = 2) pushes the same way. Figure 5 traces the §/a dependence.

The scaffolding ratio 1, the reversal, and the seniority threshold are invariant to the
learning-content profile ¢ and to the task distribution F', which enter only the task masses
and hence the magnitude of the effects. Table 3 confirms numerically that the regime ordering
survives across four ¢-profiles. We therefore do not re-vary F' here.

The dynamic magnitudes above, the steady-state level, the five-year growth, the conver-
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Table 3: Robustness across learning-content profiles (o = 0.045, 8 = 4a; § set so the no-Al
ceiling is h§j = 0.60 in every row). Five-year early-career growth in human capital from
ho = 0.15 (read as wage growth under w o h, text), and the auto-plus-review ceiling. In
every profile: copilot preserves growth, automation-with-thin-review depresses it, mandated
review rescues it, and high-autonomy-with-review lifts the long-run ceiling above the no-Al
level 0.60.

five-year early-career growth (h) ceiling
Profile ¢(z, h) ) no Al copilot auto, low rev. auto + rev. A% o rey
decreasing 1 — z (baseline) 0.015 51.3% 48.6% 12.8% 27.6% 0.637
constant 1 0.075 93.8% 90.9% 33.4% 60.9% 0.649
increasing z 0.060 51.3% 49.2% 22.3% 33.4% 0.658
frontier 1 — (z —h) (ZPD) 0.060 51.3% 47.7% 1.7% 19.7% 0.668

gence speed, run through the level and curvature of the aggregate learning rate ®(h), and
so, unlike the per-task reversal and threshold (which Section 4 and Appendix A establish
for arbitrary F' and /), they are not invariant to the learning-content profile. We therefore
verify numerically that the calibration’s qualitative conclusions do not depend on the de-
creasing profile £ = 1 — z maintained above. Table 3 re-solves the model under four profiles:
decreasing (¢ = 1— z), constant (¢ = 1), increasing (¢ = z), and a state-dependent “frontier”
profile £(z,h) = 1 — (z — h) peaked at the worker’s own frontier, recalibrating § in each so
that the no-Al ceiling is held at the common baseline h§ = 0.60, and holding the premise
f/a = 4 fixed. Across all four profiles the three signatures survive: automation with thin
review depresses early growth relative to copilot, mandated review rescues autonomy, and
high-autonomy-with-review lifts the long-run ceiling above the no-Al level, the latter two
conditional, on 3/« clearing the feasibility floor (72+m)/r ~ 2.5 of Proposition 1(ii), which
the maintained value does.

The frontier profile is the sharpest test. Under ¢(z,h) = 1 — (z — h), learning content
is highest for tasks at the worker’s own frontier (z = h) regardless of seniority, so a senior
learns most from their hardest tasks and total learnable mass rises with h. The “seniors
face lower-content tasks” feature of the baseline disappears entirely. Yet the AI results
are unchanged, and the long-run ceiling gain from autonomy-with-review is in fact largest
(0.668). The decreasing-content profile thus shapes the baseline life cycle and the dynamic

magnitudes but leaves the calibration’s qualitative conclusions intact.
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8 A Microfoundation of Learning by Reviewing

The analysis so far has taken the review-learning rate 57 A(f) p(h) as a primitive: reviewing
transfers learning that increases in Al quality and in verification ability. On that primitive
rest the autonomy reversal and scaffolding ratio of Section 4, the dynamic career path, water-
shed, and obsolescence results of Section 5, and the deployment externality of Section 6. This
section derives that review-learning technology from a model of verification, error detection,
and explanation, so that the conversion rate is an output rather than an assumption. Doing
so does three things: it grounds the comparative statics that the earlier sections derived.
This makes the primitives measurable, and most importantly it shows the central reversal
is conditional, identifying the settings in which reviewing teaches more than doing and the
settings in which it teaches less or even produces negative learning. The main results of
Sections 4-6 survive this grounding. What the microfoundation adds is a precise account
of when they hold and one change to the long-run dynamic structure that we isolate at the
end.

Decompose a capable task into a unit measure of knowledge components (sub-steps), of
which the learnable fraction is £(z). The AI completes the task. The worker reviews it. For
a representative learnable component:

e the Al’s component is correct with probability ¢ = A() and erroneous with probability

1 — ¢ (higher-capability Al errs less).

e the worker verifies correctly (she confirms a correct component or detects an erroneous

one) with probability p = p(h), the verification ability.

e the AI’s reasoning is ezposed (chain-of-thought, derivation, citations) with probability

e € [0,1], the explanation quality of the deployment, and otherwise the worker sees a

correct-or-incorrect answer without the reasoning.

Learning accrues per component as follows. A correct, verified component (prob. gp) trans-
fers knowledge worth w(e) = e+ (1 — e)y: the full unit if the reasoning is exposed, and only
v € [0,1) if the worker must learn from an opaque correct answer (confirming an answer
whose derivation is hidden). A detected error (prob. (1 — ¢q)p) is a high-value diagnostic
event worth v > 0: locating and correcting a mistake teaches the boundary between right
and wrong. An undetected error (prob. (1 —¢)(1 — p)) is absorbed as if correct, corrupt-
ing the worker’s knowledge at cost x > 0: mislearning. Correct but unverified components

contribute negligibly and are normalized to zero. The net review value per component is
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therefore

vr(g,e,p) = pquwl(e) +  p-gv —(0-p(l-qgx, (24
learn from correct output learn from detected errors misle;rlrning

while performing the component hands-on teaches a constant d > 0 (learning by doing,
independent of the Al). Reviewing a delegated component therefore out-teaches performing

it precisely when vg(q,e,p) > d.

Proposition 6 (Comparative statics of review-learning). The review value (24) satisfies:

(i) Transparency. Ovg/de =pq (1 —-) > 0: explanation quality raises review-learning.

(ii) Verification ability. Ovg/Op = quw(e) + (1 — q)v + (1 — ¢)x > 0: ability raises
it through more confirmation, more error detection, and less mislearning. Review-
learning is monotone in seniority through p(h).

(iii) AI quality is non-monotone. Ovr/0q = plw(e) —v]+ (1 —p)x. When error
diagnosis is the more valuable channel (v > w(e)), this is positive for low-ability
workers (mislearning reduction dominates) and negative for high-ability workers (the
loss of instructive errors dominates): better Al helps novices review-learn but can hurt
experts.

(iv) Mislearning region. vg < 0, reviewing produces net-negative learning when verifi-

cation ability and explanation quality are low and the error rate is non-trivial: (1 —
p)(L—qg)x >plqwle) + (1 —q)v].

The distinctive results of the main linear model require the learning ratio 3/« to clear the
feasibility floor (672 +m)/r of Proposition 1(ii). That aggregate is calibrated, not estimated,
and we do not claim otherwise. The microfoundation does not estimate it either, but it does
two things that bear on how much weight the floor must carry. First, it recasts the premise
as a local condition on objects the firm measures: at a (task, worker) cell, reviewing out-
teaches doing exactly when vg(A(f),e,p(h)) > d, with ¢ = A(f) from internal evaluation,
p(h) from seeded-error audits, e from the exposure of Al reasoning, and the benchmark
d from a controlled review-versus-doing comparison (Section 9). Under the reduced-form
identification that matches k vg to the linear review rate SA(0)p(h) at the reference cell (and
d to the doing rate), this measurable condition is no more permissive than the aggregate
floor: because vg sits below its linear image by the mislearning gap (1 — p)(1 — ¢)x, one has
vg >d = [/a > (072 4+ m)/r, with equality only in the degenerate full-verification, full-
capability limit. Conditioning the rule on vg > d therefore cannot manufacture feasibility

the asserted aggregate lacks; if anything it is the stricter test.”

"The constant £ > 0 is a unit-conversion factor, not a structural parameter: the main-model rate
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Second, and more importantly for the policy reading, the optimal deployment is safe for
any value of B/a. The seniority-contingent rule grants autonomy with review only where
vg > d and withholds it elsewhere, so it never deploys autonomy into the mislearning region
whatever the learning ratio turns out to be. When 5/« clears the floor, the rule does this by
gating, routing the worker through copilot into a nonempty scaffolding region. When 3/«
lies below the floor, the scaffolding region is empty and the same rule does it by abstaining,
keeping the worker in copilot throughout. In neither case is autonomy granted where review
would teach less than doing. This separates two claims that the calibration should not
be asked to bear jointly. The safety of the prescription, that configuring Al at the task—
seniority cell never converts it into a rung-remover, is unconditional. The upside, that review
builds expertise strictly above the no-Al level, that an interior watershed r* exists, and that
autonomy is rescued rather than merely neutralized, is conditional on 3/a > (072 +m)/r
and is the genuine empirical premise of the paper. We do not infer that premise from the
optimal rule, doing so would be circular, since the rule avoids the mislearning region in both
regimes. We state it as conditional and identify, in vz > d, the measurable object on which
it turns.

One implication of Proposition 6 is worth drawing out separately, because it is not vis-
ible in the linear model. The monotonicity of ¢ in Al capability is not robust: by Proposi-
tion 6(iii), more capable Al can reduce expert review-learning by removing the errors experts
learn most from. Figure 6 plots how the review value vg depends on verification ability, ex-
planation quality, and Al capability.

The microfounded learning rate vg can be negative and non-monotone in capability,
where the main model’s review rate SA(0)p(h) is linear and everywhere positive. The two
therefore cannot be globally identical: replacing 5A(6)p(h) by kvgr(A(6),e,p(h)) in & makes
®(h) < 0 for raw juniors under a fixed high-autonomy deployment, so h = 0 becomes an
absorbing low-expertise trap that the linear model, with & > 0, can never produce.

The divergence is, however, confined to a region that the model’s own prescription tells
the firm to avoid, and this yields a precise sense in which the two models agree. The trap
is reachable only under a deployment that holds autonomy high on workers who cannot yet
verify, that is, on the segment h < hy, where vg < 0. The optimal, seniority-contingent
rule (Section 4) withholds autonomy exactly there. Along the trajectory that rule induces,
the worker never enters the mislearning region, the microfounded drift coincides in sign and

steady state with the main model, and the two systems are equivalent. The next proposition

BA(O)p(h) is in human-capital-per-unit-time units (in which 3 is calibrated), whereas vg in (24) is built
from per-component primitives (v, v, x,d) on a scale where a fully transparent, correctly verified component
is worth one unit. Matching k vr(A(6), e, p(h)) = BA(8)p(h) at the reference point h = hy, fixes . Being a
positive rescaling, it leaves every sign and monotonicity property of v unchanged.
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transparency; crosses doing only when high but HURTS expert review-learning
12 ] 1.75 A —— ability p = 0.25
ability p = 0.55
= < 1504 — -
z 1.0 2 ability p = 0.9
[ ¢ 1254
g, 0.8 - §
£ £ 1004
S 0.6 1 — explanatione =0.2 o
E explanation e = 0.5 E 0.75 A
g 0.4 { = explanatione = 0.8 g
o -=- doing henchmark d [ 0.50 4
3 021 E
> > 0254
2 00 =
g 2 0.00
& 02 £ 0.5
-0.4

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
verification ability p(h) Al quality g = A(B)

Figure 6: Microfounded review value vg. (a) vg rises in verification ability p(h) and in
explanation quality e, crossing the learning by doing benchmark d only for sufficiently able
reviewers (the conditional reversal). (b) The effect of Al quality ¢ = A(f) on review-learning
is positive for low-ability reviewers (mislearning reduction) and negative for high-ability
reviewers (loss of instructive errors). Parameters (per-component illustrative units): v =
0.25, v = 2.025, x = 1.10, d = 1.00, w(e) = e + (1 — e)y. Panel (a) fixes ¢ = 0.70, varies
e € {0.2,0.5,0.8}; panel (b) fixes e = 0.50, varies p € {0.25,0.55,0.9}.

states this.

Proposition 7 (Conditional equivalence under optimal deployment). Let ® use the linear
review rate BrA(0)p(h) and ®™C the microfounded rate rkvr(A(0),e,p(h)), with all other

channels identical.

(i) Global non-equivalence. Under a deployment that holds autonomy high from entry,
Pmic(0) < 0 while P™(0) > 0, so the microfounded dynamics have an absorbing bound-
ary at h = 0 and an unstable interior edge hyap that the linear dynamics lack: the long
run is history-dependent under ®™° and unique under ®"™.

(77) Conditional equivalence. Under the seniority-contingent rule that withholds autonomy
for h < hy, ®™°(0) > 0: the lower boundary is repelling, hi.p, vanishes, and ®™c°
admits a unique, globally asymptotically stable interior steady state. On the induced
trajectory ®™° and ®"™ agree in sign throughout and share the same reversal, the same
review-controlled long-run sign, and the same comparative statics. The linear model s

thus the reduced form of the microfoundation along the optimal-deployment path.

Two points complete the reconciliation. First, the equivalence is not an artifact of the
linear form’s tractability: it holds because the one property the main results actually use, that
review-learning rises with seniority, holds globally in the microfoundation (Jvg/dp > 0 for
all (¢, e, p)), so the linear model gets the sign of the seniority gradient right everywhere, and

exactly right on the optimal path. Second, the divergence that remains is not a defect but a
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(a) Reduced form vs.\ microfounded vg (b) Microfounded dynamics: trap vs.\ policy
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Figure 7: Microfoundation versus linear model. (a) The main-model review conversion
BA(#)p(h) and the microfounded kvg (at § = 0.70, p(h) = h): they diverge in sign only
for raw juniors (h < pp = 0.24, mislearning), and agree in sign on the scaffolding region
(h > hy = 0.42). (b) Microfounded dynamics h = ®(h) — dh: a fixed high-autonomy-with-
review deployment makes A = 0 an absorbing low-expertise boundary, with an unstable
interior edge at hyap = 0.22 and a high stable ceiling (h = 0.65); the seniority-contingent
deployment makes ®(0) > 0, so h = 0 is repelling, leaving the single high steady state on
the optimal path. Parameter values: a = 0.045, 5 = 0.18, § = 0.015, § = 0.70, A(0) = 0,
p(h) = h, {(z) =1 — 2z, z | h ~ Uniform|h, 1]. Microfoundation primitives: v = 0.25, v =
2.025, x = 1.10, explanation quality e = 0.50; the unit-conversion constant x = 0.214 is fixed
by matching kvg = SA(8)p(h) at h = hy. Deployments: fixed high-autonomy-with-review
(a,r,m) = (0.85,0.90,0.20); seniority-contingent deployment uses copilot (0.15,0.20,0.70)
for h < hy and (0.85,0.90,0.20) for h > hy. ho = 0.15.

sharper statement of the paper’s thesis: the microfoundation says that deploying autonomy
on workers who cannot verify does not merely slow learning but can trap it, so setting
deployment at the task—seniority level is, under the microfoundation, not merely optimal
but necessary to avoid a low-expertise basin. Re-solving with x vy confirms the magnitudes
(Figure 7): along the seniority-contingent path the autonomous-plus-review ceiling is 0.659,
above both the no-Al level 0.60 and the linear-model ceiling 0.637, while a fixed high-

autonomy deployment from entry sends a raw entrant (hy = 0.15) into the trap at h = 0.

9 Managerial and Organizational Implications

The model is, at bottom, a theory of an operating decision: how to configure Al across a
workforce. We translate it into an operational framework: what a manager observes, how
the levers are measured, and the rule they imply and then draw four implications.

Each primitive maps to an object a manager can read from existing telemetry or elicit

36



cheaply (Table 4). The deployment levers (a,r,m) are already logged by most Al-in-the-
loop workflows. Capability # is an internal evaluation. The one primitive not in standard
telemetry, verification ability p(h), is recovered by seeded-error audits, planting known errors
in AI output and recording the detection rate by seniority. It is also the pivotal input, since
it sets where each worker sits relative to the thresholds.

From these, the manager computes the scaffolding ratio ¥(z,h) per cell, the threshold
hy, the loss threshold h., and the watershed review intensity r* for each role.

This measurability sits in no tension with the non-contractibility that drives the exter-
nality of Section 6. The two refer to different standards of proof. The telemetry above is
internally observable: a noisy signal that the firm reads for its own deployment decisions.
For that use it need not be gaming-proof, because the firm sets the configuration to raise its
own match value and has no incentive to fool its own signal. Even a coarse, biased proxy for
review intensity supports a sensible cell-level rule. Contractibility is a higher bar: a variable
is contractible only if a third party enforcing a private contract or a regulator disbursing
a transfer, can verify it. Edit distance, check time, and seeded-error detection rates fail
that bar precisely where it would bite, because they can be inflated by box-checking that
logs the act of review without producing the learning it is meant to proxy. The object the
externality turns on is therefore not whether review occurred but whether it taught: a firm
can log the former for itself, yet neither it nor an outside party can verify the latter in an
enforceable, gaming-proof way. Observability for the firm’s own use and verifiability to a
third party are thus distinct, and the externality requires only the absence of the second.
The two are endpoints of a continuum: as review becomes more verifiable to outsiders the
setting moves toward the contractible benchmark (Case 3 of Section 6), the wedge shrinks,
and instruments that condition on review become more feasible, so the size of the problem
and the feasibility of contracting on review co-move rather than conflict.

The policy is a rule over (task type, worker) cells, not a firm-wide automation target
(Figure 8). For each cell, classify the task by whether it lies beyond the Al frontier and the
worker by where h sits relative to the thresholds:

(1) Beyond the frontier (z > 0): the worker performs the task. This is where frontier
learning and the bottom rung of the ladder live. Protect it from premature automation.

(2) Capable task, worker below h. (cannot yet verify, ¢» < 1 and copilot cannot compen-
sate): copilot mode, low autonomy, high assist and withhold autonomy. Delegating
here removes rungs and (under the microfoundation) risks the junior trap.

(3) Capable task, worker in the scaffolding region (h > hy, ¥ > 1): delegate aggressively
and mandate review at r > r*. Reviewing expert-grade output out-teaches doing, this

is where autonomy builds expertise.
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Table 4: Mapping the model to measurable managerial objects.

Model object

What it is

How a firm measures it

6 (capability)

a (autonomy)

r (review)

m (copilot)

p(h) (verifica-
tion)

h (seniority)

B/« (learning
ratio)

expert-grade complexity
frontier of the Al

share of capable tasks
shipped without human
authorship

fraction and depth of Al
outputs verified

assist intensity on retained
tasks

probability the worker de-
tects an Al error

human capital / verification
competence
review-to-doing learning
premium

internal evaluation: grade a task sam-
ple by difficulty, record the Al’s expert-
verified pass rate. 6 is where it falls off

workflow logs: fraction of outputs
(commits, drafts, tickets, analyses) Al-
authored and accepted without sub-
stantive edit

review logs and version diffs: share of
Al outputs checked, time per check, edit
distance, corrections logged

tool telemetry: suggestion-acceptance
rate under human authorship
seeded-error audits: inject known er-
rors, record detection rate by level

level, tenure, or skill assessment

controlled review-vs-doing comparison
(Section 8)

(4)

Intermediate band (h. < h < hy): copilot still dominates, but raise review as p(h) rises

to move the worker into the scaffolding region.

Setting one mix per occupation or firm is the wrong instrument: a uniform “automate X %”
over-automates juniors (regions 1-2) and under-uses the scaffolding region for seniors (region
3).

The one entry that is not read directly from telemetry is the learning ratio 5/« itself, the
premise on which the distinctive results turn. It is identified, in principle, by a controlled
comparison that isolates the learning channel from the output channel: matched workers at
a common seniority are assigned either to review Al-produced solutions to a set of tasks or
to perform those same tasks unaided, holding fixed the task set, the time on task, and the
AT output reviewed. Learning is then read not from performance during the episode but
from subsequent independent performance on held-out tasks of the same type, so that the
contemporaneous productivity boost from Al assistance does not contaminate the estimate
of what was learned. The ratio of the two subsequent-performance gains, review-induced
to doing-induced, estimates 5/a at that seniority, repeating across seniorities traces its
profile. We emphasize that the existing field evidence on generative Al measures the output

channel, not this learning premium, and so does not identify 5/a. The design above is what
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Figure 8: The deployment rule by task—seniority cell. The AI capability frontier 6 separates
tasks the worker must perform (top) from capable tasks; among capable tasks, the scaffolding
threshold h,;, separates juniors who should be kept in copilot mode with autonomy withheld
(left) from seniors for whom autonomy should be paired with mandated review (right). The
loss threshold A, < h, marks where pure autonomy turns net learning negative.

the parameter would require. Until it is run, 5/« is calibrated rather than estimated, which
is why we carry the feasibility floor as an explicit conditional premise rather than a settled
magnitude.

The manager monitors @ per cell and watches for three failure modes the framework
names precisely: the hollow job is the one with high a, low r, ©¥» < 1, where output is high
but learning collapses. The junior trap is realized when raw entrants held at high autonomy
mislearn into a low-expertise basin. Review exhaustion is another possibility with fast-churn
skills where r* > 1. Understanding the causes of a failure is a necessary first step for making
the proper decisions. Those can include raising r where p(h) allows it or else holding in
copilot (hollow job), making the amount of autonomy a worker is given conditional on their
seniority (junior trap) or redesigning Al configuration rather than mandating more review
(review exhaustion).

Four implications follow. They divide into a part that holds whatever the learning ratio
[ /a turns out to be and a part contingent on it: the rule below is safe for any /a, never
deploying autonomy where review would teach less than doing, while the gains it can deliver,
expertise above the no-Al level and a review intensity that rescues autonomy, materialize
only where 3/a clears the feasibility floor (§=2+m)/r (the conditional premise made precise
in Section 8). Treat Al configuration as a talent-development decision, not only a produc-

tivity decision. The autonomy, review, and assist intensities (a,r, m) that maximize current
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human—AlI output are generally not those that develop the junior pipeline. A firm that op-
timizes only the first objective (Proposition 4) drives its workforce toward a low-expertise
steady state. The configuration choice should be owned jointly by operations and talent
functions, not by either alone.

Set the configuration at the task—seniority cell, not the occupation or the firm. The
optimal mix is contingent on where the worker sits relative to the scaffolding threshold A,
(Proposition 1). For raw juniors (below h,, low verification ability), keep humans in copilot
mode and reserve autonomy for tasks beyond their reach. For intermediate and senior staff
(above hy,), delegate aggressively and mandate review, because reviewing expert-grade output
now out-teaches hands-on practice. A single firm-wide “automate X%” target is the wrong
instrument: it over-automates juniors and under-uses the scaffolding region for seniors.

Make review a managed, measured input, not an afterthought. Mandated review is what
converts autonomy from learning-destroying to learning-building (Table 1: raising r from
0.20 to 0.90 at fixed autonomy lifts five-year wage growth from 12.8% to 27.6% and the
expertise ceiling from 0.465 to 0.637). Review intensity, review quality, and who reviews
should be tracked like any other operating metric. Human mentorship and Al-assisted
review are substitutes in one congestible channel: managers who let Al raise nominal review
capacity while thinning senior ranks can leave juniors below the viability threshold.

Anticipate that competition will under-provide development. Because general human cap-
ital is portable and “how the Al is run” is hard to contract on, the labor market does not
reward a firm for developing skills a departing worker takes elsewhere (Section 6). Firms
that nonetheless want the higher-expertise steady state must substitute internal commitment
devices, explicit development tracks, retention-linked investment, rotation through review-
intensive roles for the missing market contract. This is also a recruiting proposition: the
worker would pay (in accepted wage) for a credibly development-intensive deployment, so

credibly offering one is a way to attract talent at lower wage cost.

10 Conclusion

This paper builds around an overlooked channel in the economics of Al and early careers:
workers can learn by reviewing what Al does on its own, and reviewing expert-grade output
can teach more than performing routine work oneself. This turns the worry that Al removes
the early rungs of the career ladder into a sharper, conditional claim. Letting Al work
autonomously removes rungs when workers cannot yet judge its output and the Al is not
yet good enough to be worth learning from. It builds new rungs when workers can judge

the output and the AI is good enough. Which of the two occurs shifts with the worker’s
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experience and with how capable the Al is: the same arrangement that slows a novice’s
early growth can lift the expertise a seasoned worker ultimately reaches. And firms that
expect workers to leave soon tend to configure Al shortsightedly, leaning on automation and
skimping on the human review that builds lasting skill.

The implications for policy follow directly from this mechanism, and they concern how
Al is configured, not whether it is allowed. First, the remedy for hollowed-out junior work is
to pair automation with review rather than to cap automation. Handing work to Al erodes
learning only when too little of its output is reviewed. The fix is to raise the intensity of
review wherever workers are able to check the Al’s work, not to hold automation back, which
would sacrifice the greater expertise that review-paired automation can ultimately build. A
blunt “automate this share of the work” rule is the wrong instrument, because it automates
too much of what juniors should still be doing while leaving senior workers under-served.
The better rule grants autonomy gradually, as workers become able to supervise it. Second,
the gains and losses from how Al is deployed fall on different parties, and that gap needs
closing. Because firms that cannot retain their workers skimp on review and over-rely on
automation, a competitive labor market provides too little of the review that builds the kind
of skill a worker carries to their next employer. What the market leaves in short supply is
precisely the learning value of review, skill that is portable across employers and that no
single firm can be paid to provide; closing the gap therefore requires giving firms a larger
stake in development they cannot otherwise capture. The common thread is that the decision
that matters is how automation and human review are combined, task by task and at each
stage of a career.

Among jobs exposed to Al, what happens to early-career workers depends on how au-
tomation and human review are combined and on whether workers are able to check the Al’s

work, not on mere exposure to Al itself.
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A  Proofs

Derivation of the decomposition (7)—(8). Since the capable region {z < 0} and the beyond-
frontier region {z > 6} partition the support of F(- | h), Lo(h)+ Lo(h) = [(dF = ®y(h)/a,
i.e. &y = a(Ly + Ly) (so capability only relabels tasks between the two channels and leaves

the total learnable mass unchanged). Substituting this and (3),
O — Py =(1—a)a(l+mAp)Ly+ abrAp Ly — aly = Ly [(1 —a)a(l + mAp) + afrAp — a].

Add and subtract a: the bracket equals a(14+mAp) —a —aa(l+mAp)+afrAp = amAp+
a[frAp—a(l1+mAp)|. Factor the second term using ¢ = rAp/la(1+mAp)]: frAp—a(1+
mAp) = a(l+mAp)(p—1), giving (7). Differentiating in a (the copilot term is independent

of a) yields (8); since Ly > 0 and a1 + mAp) > 0, the sign is that of ) — 1. O
Proof of Proposition 1. Let x = A(0)p(h) > 0 and write 1) = L Then
a(l 4+ ma)
%_ﬂra(l—i-mx)—ﬂrxam_ Br -0
dor a?(1 + ma)? Ca(l4+ma)2 T

Since A’ > 0 and p’ > 0, x is strictly increasing in # and in h, so v is strictly increasing in
each. Solving 1 = 1 gives fraz = a(l + mx), i.e. * = a/(Sr — am), positive and finite iff
pr>am;p 21 < x 2z By (8), 00/0a = Ly(h) a(1+mz)(¢p — 1), and Ly(h) > 0 for
h < 6 while Ly(h) = 0 for h > 6 (no capable tasks remain in the queue). Hence for h < 6 the
sign of 0®/0a is that of 1) — 1, and for h > 6 it is zero, proving (i). For fixed 6, the seniority
threshold solves A(6)p(hy) = z*, i.e. p(hy) = 2*/A(f); on {hy, < h < 8} both ¢ > 1 and
Ly > 0, so autonomy strictly builds learning. Since p is increasing, this region is non-empty
iff hy < 0 <= plhy) < pld) <= z* < AO)p#) <= A@)pd)(fr —am) > a.
This proves (ii). Finally z* = o/(8r — am) is decreasing in r and increasing in m, and hy,
inherits these signs (and decreases in A(0)); the feasibility inequality A(0)p(0)(fr—am) > «
slackens as B/a, r, or 0 rises and as m falls, since its left side is increasing in each of 5r,

and decreasing in m. This is (iii). O

Proof of Lemma 1. ®(-;u) is continuous on [0, 1]. Since G(0) = ®(0;u) > 0 (Assumption 2)
and G(1) = ®(1;u) — 0 = —0 < 0 (top-mass exhaustion), by the intermediate value theorem
there is h* € (0,1) with G(h*) = 0. For uniqueness, note G(h) =0 <= ®(h;u)/h = 0. If
h +— ®(h;u)/h is strictly decreasing it meets the constant § at most once. This is equivalent
to (®/h) = (®'h — ®)/h* < 0, i.e. €4 = h®'/P < 1, which is (10). Under it G is positive
then negative, so h* is unique and A = G(h) has G > 0 below and G < 0 above h*: the
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steady state is globally asymptotically stable on (0, 1). O

Proof of Proposition 2. (i) By (7), ® — &y = Ly(h) D(h) with D(h) = amAp + aa(l +
mAp)(¢ — 1). Substituting » = prAp/[a(1l+mAp)] and cancelling the common (1 + mAp),

D(h) = A(0)p(h) [am(1 — a) + aBr] — ac,

which is strictly increasing in A(6)p(h) (the bracketed coefficient is positive), and hence
strictly increasing in h, since p is increasing and A(6) > 0. It therefore crosses zero exactly
once, at the loss threshold h, where A(0)p(h.) = aa/[am(l — a) + afr]. Equivalently
U(he,0) = 1 — sfales < 1, which is (15). The bound is < 1 with equality iff m = 0, so
he < hy. Since Lg(h) > 0 on {h < 0}, ® — &, inherits the sign of D: negative on {h < h.}
and positive on (h,0). For hy < h, net learning ® — §h is below baseline over [hy, h.),
and by (13) the wage slope is flatter. On (h., hy) the copilot gain dominates and Al raises
learning even though ¢ < 1. (ii) Compare steady states. The baseline solves ®g(h) = dh
at the no-Al steady state hj. Under the deployment, if h* € (hy,6) then at h* we have
P(h*,0) > 1, so (7) gives ®(h*;u) > Po(h*) (both the copilot and the autonomy terms
are nonnegative, the latter strictly positive since v > 1 and Ly(h*) > 0 because h* < ).
Evaluate Go(h) = ®o(h) —0h at h*: Go(h*) = o(h*) —oh* < &(h*;u) —dh* = 0. Since Gy is
strictly decreasing (baseline satisfies (10)) and Gy(hs) = 0, Go(h*) < 0 implies h* > hf. O

Proof of Proposition 3. Write h*(r) for the unique stable steady state (Lemma 1 under
Assumption 2), solving ®(h*;r) = Jdh*. By the implicit function theorem, dh*/dr =
®,.(h*)/(6 — ®p(h*)). The numerator ®, = afA(0) p(h) Le(h) > 0, strictly positive when
a > 0, p(h*) > 0, and Ly(h*) > 0 (i.e. h* < 0), and zero when h* > 6. The denomi-
nator is strictly positive at a stable steady state, where G' = &, —J < 0. Hence h*(r)
is continuous and nondecreasing, and strictly increasing on the range where h*(r) < 0
and p(h*) > 0. On that range r — h*(r) is a strictly increasing bijection onto its im-
age, so a solution of h*(r) = h{ exists and is unique if and only if h*(0) < h§ < h*(1),
which is (16) (with A < 6 placing the crossing in the capable region), the sign equiv-
alence is immediate from monotonicity. It remains to sign the endpoints. At r = 0,
O(+;0)— Py = aly[(l—a)(1+mAp)—1] = aly[(1 —a)mAp—a] < 0iff a > mAp/(1+mAp),
in which case h*(0) < hf. At r =1, &(-;1) — &g = LylamAp + aa(l + mAp)(Y|,—1 — 1)],
which is positive at A*(1) and hence h*(1) > h} by the comparison in the proof of Proposi-
tion 2(ii), if and only if A*(1) lies above the loss threshold h,. of (15) evaluated at r = 1. This
requires the review channel to be strong enough, failing which h*(1) < A} and no interior r*

exists. u
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Proof of Proposition 4. Under conditions of Case 1, the firm is a price taker with J = 0,
so its shadow value of human capital is ur = 0 and the deployment problem reduces to
maximizing current output Y (h;u) alone. From the output derivatives in (21) (equivalently
(4)), Y, = =Cl(r)aQy < 0 with strict inequality for » > 0, so the firm sets r = 0 and
Y = =C/.(m)(1 —a)Qy < 0, s0 m = 0 for every a < 1. With r = m = 0 and using
C,(0) = C,,(0) = 0, the autonomy derivative is Y, = m,(a;0) > 0 (since m, > 0), so Y is
strictly increasing in a and the firm sets a = 1 at a = 1 neither current output nor learning
depends on m, so m = 0 is a normalization (the limit of the optimal m as a 1 1). Hence the
unique equilibrium deployment is 4 = (a,r,m) = (1,0, -), the myopic corner.

At @ every capable task (z < ) is delegated and unreviewed, so it carries zero learning (1
is irrelevant because the review channel is off and autonomy is full), and only beyond-frontier
tasks contribute: ®(h; @) = aly(h). The induced law of motion is h = aLy(h) — 6k, whose
stable steady state solves aly(h) = dh (existence, uniqueness, and stability by Lemma 1
under Assumption 2, since £y inherits the boundary and single-crossing properties). Denote
it h*.

For the dichotomy, compare h* to the no-Al steady state hg, which solves ®g(h) = dh
with ®y = a(Ly + Lg). (i) If & < hj, then at every h > 6 the capable region is empty
(Lo(h) = 0), so ®(h;ui) = aLly(h) = Po(h) there. The two drifts coincide above 6, the
worker outgrows the frontier, and h* = hj, the loss being purely transitional (slower approach
over [hg,0) where capable tasks are delegated unreviewed). (ii) If § > h§, then h* < 6:
throughout the convergent path capable tasks carry positive mass (Lg(h) > 0) and are
delegated without review, so ®(h; i) = aLg(h) < a(Le(h) + Lo(h)) = ®o(h) for all h < 6.
Hence G(h) = ®(h;u) — 0h < ®g(h) — dh = Gy(h) on (0,0), since Go(h§) = 0 and G is
strictly decreasing (single crossing), G(h§) < 0 forces the stable zero h* < h§. Moreover
Ly(h) = f{z>9}€dF(z | h) is decreasing in 0, so h* is strictly decreasing in : the more
capable the Al, the deeper the collapse. O

Proof of Lemma 2. Both shadow values are costates of the same accumulation technology
h = ®(h;u) — 0h, evaluated along the common allocation u(-). They differ only in whose
marginal return is capitalized, at what discount rate, and with or without the spillover.
Differentiating the firm’s value equation (19) in & and using the envelope property dw/du = 0

(so the deployment terms vanish at the optimum), the firm’s costate ur = V}. satisfies
(p+ ) ur(h) = [Vi(h;a) — w'(h)] + pr(h) [@n(h; @) —6).

The forcing term is the marginal flow the firm retains. By the wage pass-through of (20),
w'(h) = o Yi(h;u),so Y, —w' = (1 —0)Y, >0 under Y, > 0. Differentiating the planner’s
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equation (18) likewise, the social costate pg = V¢ satisfies
pus(h) = Yu(h;w) + (us(h) +v) [@n(h; @) — 6],

whose forcing is the full marginal product Y}, capitalized at the social rate p and augmented
by the spillover v through the accumulation term. Form the gap D(h) = ps(h) +v — pp(h).

Subtracting the two costate equations and collecting terms, D solves a linear equation of the

form
lo— (@ —&]D) = oYy + sup(h)  +v[o— (@ 8)] + (@ —0),
S~~~ N—— N — _
(I) pass-through  (II) retention hazard (III) spillover

where the three forcing components are: (I) the share oV} of the marginal product that
accrues to the worker rather than the firm, since the firm capitalizes only (1 — )Y}, while
the planner capitalizes Yj; (II) the term s upr by which the firm’s higher effective discount
rate p + s shrinks its valuation relative to the planner’s rate p, the worker carrying h across
the separation while the firm does not; and (III) the spillover v > 0, which only the planner
internalizes. At the relevant root (the stable costate, where the bracketed coefficient is
positive along the convergent path), each component enters D with a nonnegative sign, so
D(h) >0, i.e. up(h) < pg(h) + v. Each source contributes strictly: (I) is positive iff o > 0
and Y, > 0; (II) is positive iff s > 0 (and pr > 0); (III) is positive iff v > 0. Hence the
inequality is strict whenever s > 0, ¢ > 0, or v > 0, and holds with equality only in the
knife-edge s =0 =v = 0.

For the comparative statics, the wedge is increasing in each source. Component (I)
is increasing in the worker’s pass-through o: a larger o transfers more of the marginal
product to the worker, leaving the firm capitalizing the smaller share (1 — )Y}, so D rises.
Equivalently, D is decreasing in the firm’s retained share 1 — o, which is exactly the force
a firm would internalize. Component (II) is increasing in the retention hazard s: directly,
through the forcing term s up, a higher hazard raises the firm’s effective discount rate p + s
and widens the gap between the firm’s and the planner’s capitalization of the same future
return. The induced effect reinforces it, since a higher hazard also lowers the firm’s own
valuation up, enlarging the wedge further. Component (III) is increasing in the spillover v,
which the planner values and the firm does not. The three are additive and independent, so

the wedge increases in o, s, and v and decreases in 1 — o. O

Proof of Proposition 5. Write the deployment objective II(u; p) = Y (h; u) + p[®(h; u) — dh],
with ®, = a(l + mAp)(yy — 1)Ly (negative in the rung region ¢ < 1), &, = afAp Ly > 0,
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and @, = (1 —a)aApLy > 0. We give a direct derivation rather than invoking a vector
monotone-comparative-statics theorem: the model’s separability makes the Hessian of II in
u diagonal at any interior optimum, so no joint supermodularity (lattice) condition on the
control vector is required.

Separability and a diagonal Hessian. Because ® is linear in each control and the costs

are additively separable, the second derivatives of Il in (a,r, m) are
Moo = Taa <0, I, = =C/(r)aQy < 0, My = —CJ (M) (1 — a)Qy < 0,

I, = —Cl(r)Qo + nBAp Ly,  Ilup = C) (m)Qo — paAp Lg, 1L, =0

Crucially, r enters IT only through the factor a and m only through (1 —a), so the first-order
conditions factor as
I, = all,,, I, = —(1 —a),.

Hence at any interior optimum, where II, = II,, = 0 with a € (0,1), the cross-partials
vanish: Il,, = I, = Il,,, = 0, and the Hessian H = I1,,, = diag(Il.q, I1,., I1,,,,) is diagonal
and negative definite.

Comparative statics. Differentiating the first-order conditions Y, + u®, = 0 totally in
w gives H (du/dp) = —®,, with H diagonal this decouples into three scalar comparative

statics,

da d, dr D, dm P,

— = <0 _— = >0 — =——>0
d:u Haa 7 dM Hrr ’ dl’[’ Hmm 7

using ¢, < 0, ¢,,P,, > 0, and I, I1,., 11, < 0. Equivalently and without matrix

inversion: the r- and m-problems each separate, with r* solving C/(r*) = pBApLye/Qy
and m* solving C! (m*) = paAp Ly/Qp (both independent of the remaining controls and
increasing in p by convexity of C,., C,,) and, substituting them, the scalar a-problem has
decreasing differences in (a; p), since the indirect effects of p through r*, m* enter dIl,/du
with the coefficients Il,, I1,,,, which are zero at the optimum, leaving only the direct term
®, < 0. Since purp < ps + v (Lemma 2) and these signs hold at every interior optimum
along the path, integrating over [up, s + v] yields a(pr) > a(ps +v), r(pr) < r(ps +v),
and m(ur) < m(us + v), establishing (i) and (ii). In the linear/bang-bang case the same
factorization II, = all,,, I1,, = —(1 — a)Il,,, shows the sign of each control’s marginal value
flips in p independently of the others, so the corners shift in the same directions. For (iii),
the wedge g + v — pup is increasing in the separation hazard s, in the wage pass-through
o (equivalently decreasing in wage compression 1 — ¢), and in the spillover v (Lemma 2)
and approaches ug + v as up — 0 (the full-pass-through, competitive limit ¢ — 1 of

Proposition 4), so the divergence in optimal deployments widens accordingly. O]
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Proof of Proposition 6. Write w(e) = e+ (1 —e)y, sow'(e) =1 —~ > 0 since v € [0,1), and
recall from (24)
vr(g: ¢;p) = pguwle) +p(l —qv — (1 =p)(1 - g)x.

(i) Differentiating in e, only the first term depends on e, so dug/de = pquw'(e) =pq(1—7) >
0 for p,q > 0. (ii) Collecting the terms linear in p, vg = p[q w(e)+(1—q)u+(1—q)>d —(1—q)x,
whence Jvg/0p = qw(e)+(1—q)v+(1—¢q)x > 0, the three summands being the contributions
of confirmation, error detection, and reduced mislearning, each nonnegative and positive in
sum. Since p = p(h) is increasing in h, vg is increasing in seniority. (7i) Differentiating in
q, Ovr/0q = pw(e) —pr+ (1 —p)x = plw(e) —v] + (1 — p)x. When v > w(e) the first
term is negative and the second positive; the expression is therefore positive at p = 0 (value
X > 0) and decreasing in p (slope w(e) —v — x < 0), so it is positive for small p and negative
for large p. It vanishes at p = x/(v — w(e) + x), giving dvg/dq > 0 for p < p (low-ability
reviewers, where reduced mislearning dominates) and dvg/dq < 0 for p > p (high-ability
reviewers, where the loss of instructive errors dominates). (iv) Directly from the expression,
v <0 < (1-p)(1—q)x > plgw(e) + (1 — q)v], which holds when verification ability p
and transparency e are low and the error rate 1 — ¢ is non-trivial: the mislearning loss then

exceeds the combined value of confirmed-correct and detected-error components. O]

Proof of Proposition 7. We start with the proof of (i) By Proposition 6(iv), vg < 0 when ver-
ification ability lies below the threshold pg. Holding autonomy high from entry, the nonnega-
tive frontier and copilot contributions to ®™€(0) are dominated by the negative review contri-
bution arkvr(A(0), e, p(0))Le(0), so @™(0) < 0 and, by the boundary behavior of (5), h = 0
is absorbing. Above py, vg > 0, so ®™€ is positive on the scaffolding region; with ®™¢(1) = 0
this gives an up-crossing hy.p and a down-crossing h* > Ay, with @€ —46h < 0 throughout
(0, Arap), SO Mirap 1s the unique unstable edge and the long run is history-dependent. By con-
trast @ > 0 everywhere, so ®(0) > 0 and (when ®'""(h)/h is decreasing) the steady state
is unique and globally stable, with no trap. (ii) Withholding autonomy for h < h, inacti-
vates the review channel at entry, so ®™¢(0) = aLy(0) + (1 — a)a(1+mA(0)p(0))Le(0) > 0,
strictly positive when a frontier or copilot channel is open. Hence the drift is inward at h = 0
and the absorbing state of (i) is removed. For h > h,, where the worker has crossed into
p > po, vgp > 0 and ®™(h)/h is strictly decreasing; with ®™¢(0) > 0 and ®™(1) = 0 this
yields a unique interior steady state, globally asymptotically stable on (0, 1]. On this trajec-
tory h rises monotonically from hy through hy to h* without entering {p < po}, so vg > 0
along the path and ®™¢ and ®'"" share the sign of the seniority gradient (Proposition 6(ii),
Ovr/0p > 0 globally), hence the same reversal, the same dependence of the long-run sign on

r, and the same comparative statics. O
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B Extensions and Robustness Checks

This appendix develops the extensions and robustness checks referenced in the main text.

B.1 Two Viability Conditions: Learning vs. Finance

A robust career ladder requires two distinct things: that the junior receive enough learning
exposure to accumulate expertise (a learning condition), and that someone be willing to
finance the arrangement given AI’s outside productivity (a financial condition). Garicano
and Rayo (2026) analyze the second through an expertise leverage ratio. We show the two
conditions are logically independent and, in autonomy, move in opposite directions.

Define, at the entry margin, the learning-viability index and the financial-viability index
Y (ho; 0,u) — w(ho)

O (hg; 0,u) B
W, VF(Q,U) = o s (25)

VL(Q, u)

where k > 0 is the per-period cost of sustaining the apprenticeship (training, supervision,
vacancy) and w(hg) is the market wage of the entrant’s type under Assumption 3, so that
Ow/0u = 0: the wage prices the worker’s general human capital, not the firm’s deployment.
Thus Vr is the firm’s per-period retained surplus from the match net of the apprenticeship
cost. Learning is viable if YV, > 1 (Al does not reduce the entrant’s learning below its no-Al

level). The arrangement is financed if Vi > 1.

Proposition 8 (Divergence of the two conditions). The two indices respond to autonomy
with opposite signs in the rung-removing region. Because Ow/0u = 0 (Assumption 3), the

wage does not move with the firm’s deployment, so

WVr Y, . (OVL .
ks 0, sign (E) = sign (¥ (ho,0) — 1) <0 when (ho,0) < 1. (26)

Hence all four configurations are possible:

‘ Financed (Vy > 1) Not financed (Vp < 1)

Learning-viable (V, > 1) robust ladder “unfunded apprenticeship”
Learning-destroying (V; < 1) “hollow job” collapse
In particular, raising autonomy with capable Al and thin review (high a, high 6, low r)
moves an arrangement into the financed column (output rises) while moving it down into

the learning-destroying row that pays and produces but does not teach. Robust ladders require

satisfying both conditions. Each detects a failure the other misses.
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Proof of Proposition 8. From (25), since Ow/0u = 0 (Assumption 3), 0Vr/da = Y,/k with
Y, = ma — [Cr(r) — Cin(m)]Qp by (4). This is positive whenever the throughput gain 7,
exceeds the net per-task assistance-cost change, and is necessarily positive at any interior
rung-region optimum, where the autonomy condition (21) gives Y, = pu|®,| > 0 (since
®, < 0 when ¢ < 1). For learning, Vi, = ®(ho; 0, u)/Po(ho) and Py(ho) is independent of a,
so OV /0a = Dy (hg)/Po(ho), whose sign is that of ¢ (hg,#)—1 by (8). When 1(hg, ) < 1 the
two derivatives have opposite signs. Independence of the two indices then follows because
Vr can be made arbitrarily large or small through the output primitives (7, w, k) without
affecting ®, while V;, can be moved through (r,m, #) without affecting Y,; hence each cell
of the 2 x 2 is attainable. 0

The derivative result is the substance and it does not depend on how the level of the wage
is pinned down, only on dw/0u = 0. The level does: under frictional wages (Assumption 3
with ¢ < 1) the firm retains a surplus, Vr can exceed one, and the financed column is
attainable. In the competitive full-pass-through limit (¢ = 1, w = Y (hg;u)) the firm’s
retained surplus is Y (ho;u) — Y(ho;u) < 0, so Vp < 0 < 1 for every deployment: the
apprenticeship is unfunded for exactly the hold-up reason of Proposition 4, no one will pay
K to build portable skill they cannot capture. Financing thus requires rents (o < 1), fixed or
bargained wages, or contractibility (Case 3). The table is read in that case, where autonomy
still raises Vg through Y, while lowering V. The competitive limit is not a counterexample to
the divergence but its sharpest instance: there the financial column collapses to “unfunded”
precisely because the firm internalizes none of the learning it could finance.

This locates the present paper relative to Garicano and Rayo (2026). Their leverage
ratio governs the financed /not-financed margin. It can be comfortably satisfied by exactly
the high-autonomy deployments that hollow out learning. The learning condition is therefore

not implied by the financial one, the two approaches are complementary.

B.2 When durability decides: the obsolescence watershed

Proposition 3 crosses the long-run threshold by changing the deployment. The same threshold
can be crossed by a single fundamental: how durable expertise is, the obsolescence rate
0. Whether a worker ever reaches the verification competence the review channel requires
depends on how high their human capital settles, and the no-Al steady state h$(0) = a/(a+
20) is strictly decreasing in ¢. If skills churn fast enough, the steady state lies below hy no
matter how the deployment is configured, and the worker spends their whole career in the
rung-removal region. We isolate ¢ here because, unlike the other primitives, it maps to the

long-run sign through a single monotone channel and so admits a closed-form watershed;
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the learning-curve primitives (the verification profile p, the content profile ¢) act through the
same steady-state mechanism but functionally rather than through one threshold, and are

explored numerically in the sensitivity analysis of Section 7.

Proposition 9 (Obsolescence watershed and review exhaustion). Fiz a deployment (6, a,r,m)
with a > 0, and let he = h(r) be the loss threshold of (15) (where ®(h;u) = ®o(h)); write
hi(6) for the no-Al steady state, strictly decreasing in §. On the range where hi(d) < 0, the
long-run effect A(d) = h*(0) — hi(0) satisfies

A(0) >0 <= hi(0) > h. <= <™, (27)

where 0** is the unique rate at which hi(6**) = h.. Hence A changes sign ezactly once, from
positive to negative, at §** (no monotonicity of A is needed or claimed): (i) Al raises the
long-run expertise stock iff § < 6**. Moreover, since h.(r) is strictly decreasing in r; (ii)
the review intensity required to keep Al expertise-building, defined by h.(r*(0)) = h§(d), is
strictly increasing in 6, and reaches r* =1 at a finite rate Omax, for 6 > Omax, h§(0) < he(r)
for every r < 1, so no feasible review intensity makes Al expertise-building. Review can
rescue the early-career slope, but in fast-obsolescence environments it cannot change the sign

of the long-run effect.

Proof of Proposition 9. The key is that the sign of A(J) is governed by the position of the
no-Al steady state relative to the loss threshold, not by monotonicity of A. By the decom-
position (7), ®(h;u) — Po(h) = Ly(h) D(h) with D(h) = A(0)p(h) [am(1l — a) + afr] — ac,
which is strictly increasing in h (through p) and vanishes exactly at the loss threshold h, of
(15): D(h) 20 <= h 2 h.. Evaluate the Al drift G(h) = ®(h; u) — dh at the no-Al steady
state h{(d), where ®g(hg) = dhj:

G(i(0) = @ (hgzu) — (k) = Lo(h3) D(5).

which (for hf§ < 6, so Ly > 0) is positive iff hi(d) > h.. The Al steady state h*(9) is the
unique stable zero of G (Lemma 1, condition (10)), so G is positive to its left and negative
to its right; hence h*(9) > hj(0) iff G(hi(5)) > 0 iff h§(6) > h.. Since h(d) is strictly
decreasing in 4§, hi(0) > h. <= J < 0 with §** solving h{(d**) = h.. This is (27): A
is positive below §** and negative above it, a single crossing, with no claim on the shape
of A in between. For (ii), the threshold h., = h.(r) is strictly decreasing in r (raising r
raises the bracket [am(1 — a) + afr], lowering the p(h.) that solves D = 0). The crossing
locus is h.(r) = h§(6); differentiating, h.(r)dr* = dh(d), and since ., < 0 and dh§/dd < 0,
dr*/dé > 0. At r = 1 the locus defines dpay. For 6 > dpax, h§(0) < he(l) < h.(r) for all

56



1.0

Al builds expertise
0.9 A1

0.8 1

0.041

0.7 A1

review intensity r* (6)

Omax

Al erodes expertise
0.6

0.5

0.015 0.020 0.025 0.030 0.035 0.040
skill-obsolescence rate &6

Figure 9: The obsolescence watershed. For each skill-obsolescence rate ¢, the curve is the
review intensity 7*(J) needed to keep Al expertise-building. Above it Al raises the long-run
stock, below it AI erodes it. As skills churn faster the required review rises, until at dpax
even full review (r = 1) is insufficient: for § > d,,.x Al erodes expertise regardless of review.
Parameters: a = 0.045, § = 0.18, a = 0.85, m = 0.20, § = 0.70, with A(d) = 6 and p(h) = h.

r <1,s0 A(d) < 0 for every feasible 7. O

The mechanism is the interaction of skill durability with the verification gate. The
review channel pays off only above the loss threshold h., where the worker can verify enough
that reviewing out-teaches doing; below it autonomy net-removes rungs. Skill durability
determines which side of the threshold the worker settles on. When expertise is durable (&
low), the steady state climbs into the scaffolding region and AT compounds expertise. When
skills churn fast (§ high), the worker plateaus below h., autonomy keeps removing rungs,
and the expertise base erodes. Mandating review steepens the climb but cannot move its
destination past the threshold once ¢ is large enough. The required review is exhausted at
r = 1. Figure 9 maps the two-margin frontier in the (J,r) plane. In the calibration the
long-run sign flips at 6™ ~ 0.035 (at » = 0.9) and review is exhausted at dpax ~ 0.041, with
the required review rising from r* = 0.586 at 6 = 0.015 to 0.825 at § = 0.03 before becoming
infeasible.

Two implications follow. First, a cross-occupation prediction: Al’s long-run effect on
expertise should track skill durability. In durable-expertise fields, where tenure-earnings
profiles are steep and skill half-lives long (as in medicine, law, or engineering fundamen-
tals), autonomous Al paired with review builds expertise. In fast-churning fields, short skill

half-lives, flat senior premia, the same configuration erodes it, because workers never reach
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verification competence. The obsolescence rate, proxied by the steepness of the experience-
earnings profile or by occupational skill half-lives, is the sign-determining covariate. The
occupation- and exposure-level heterogeneity documented by Brynjolfsson et al. (2025a) and
Hosseini and Lichtinger (2025), who report that junior task removal is concentrated in the
most Al-exposed occupations, is the natural margin against which this prediction can be
tested. Second, a policy contrast: review mandates, the natural corrective suggested by
Proposition 3, are sufficient only where skills are durable enough. In fast-obsolescence oc-
cupations they preserve the early slope but not the long-run base. Preserving expertise
there requires acting on the steady state itself: continuous retraining that lowers effective ¢,
deepening the learning curve, or holding juniors hands-on until they cross hy, rather than
review alone. The right instrument is field-specific, and a uniform “mandate review” rule

will succeed in some occupations and fail in others for reasons the watershed makes precise.

B.3 Seniority Bias and Heterogeneity

The seniority profile of AI’s learning impact follows from two opposing comparative statics in
the model’s primitives: the scaffolding ratio ¢ (h, @) rises in seniority (Proposition 1), while
the capable-task mass Ly(h) falls in seniority and vanishes at the frontier (by the FOSD

ordering of Assumption 1).

Lemma 3 (Task masses in seniority). For an arbitrary task distribution F(- | h) ordered
by FOSD and an arbitrary nonnegative learning profile £(z), the capable-task mass Lg(h) =
f{zge} ((z)dF(z | h) is non-increasing in h on [0,0) and equal to zero for h > 0. It is strictly
decreasing wherever the capable region carries positive mass and the profile is bounded on it.
The scaffolding ratio ¥(h,0) is strictly increasing in h. Under the leading parametrization
both hold in closed form, with Ly strictly decreasing on all of [0,6).

Proof. Capable-task mass. For h > 6 the capable region {z < 6} is disjoint from the support
[h,00) of F(- | h), so Ly(h) = 0. For h < 6, Ly(h) = f{zgo} (z)dF(z | h). As h rises,
F(- | h) shifts up in the FOSD order, so the capable-region probability F(f | h) is non-
increasing in h, since ¢ > 0, integrating a nonnegative profile over a (weakly) shrinking
capable region delivers a non-increasing Ly. The inequality is strict wherever the capable
region {z < 0} Nsupp F(- | h) has positive probability and ¢ is bounded above zero on a
subset of it, since then the FOSD shift strictly removes capable mass. Scaffolding ratio.
W(h,0) = prA@)p(h)/[a(l+mA(0)p(h))] is strictly increasing in A(6)p(h), hence in h since
p > 0. ]

These pull in opposite directions and partition the career into three regions:
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e Juniors (h small): ©» < 1 and Ly large. Much of the queue is automatable, yet the
worker cannot yet verify, so delegation removes rungs. Copilot mode is the learning-
optimal deployment; mandated review helps little because p(h) is too low.

e Intermediates (h =~ hy): ¢ crosses one while Ly is still positive. The review channel
becomes the better teacher; autonomy paired with review now builds skill.

e Seniors (h > 0): Ly = 0. The worker’s queue lies beyond the Al frontier; Al comple-
ments their output (through 7) but is pedagogically neutral, & = ®.

Corollary 2 (Heterogeneity and wage-slope dispersion). As a direct consequence of Proposi-
tion 1, suppose workers differ in verification ability, in Al access, or in copilot access. Fach
such parameter raises the scaffolding ratio ¥ (h, 0), lowers the threshold hy, and raises the net
learning rate ® wherever the review channel is active, hence steepens the early-career wage
slope through (13). The same Al deployment therefore widens the dispersion of early-career
wage growth across workers, increasing between-group inequality even with identical entry

wages.

Proof. By Proposition 1, 1(h, ) is increasing in any parameter scaling verification ability
p(+), Al quality A(6), or available review 7, so the threshold hy (defined by ¢ (hy,0) = 1) is
decreasing in each. Net learning ®(h; u) is increasing in those same parameters wherever the
review channel is active, through the term afrA(8)p(h)Ly in (3). By (13) the early-career
wage slope is proportional to ®, so a worker with higher verification ability or better review
access has a strictly steeper wage profile under the same deployment. Two workers with
identical entry wages but different verification ability thus diverge in wage growth, the gap

monotone in the verification differential; dispersion widens accordingly. O]

This result matters for three reasons. First, it identifies a distributional consequence of
AT that the level-and-sign analysis of the preceding sections does not reach: the same deploy-
ment that determines whether a representative worker’s trajectory bends up or down also
determines how widely trajectories fan out across workers who face it. Al thus reshapes not
only the average early career but its variance. Second, the margin along which it fans them
out is verification ability (precisely the skill the review channel rewards) so the dispersion is
not arbitrary inequality but a sorting on who can learn from supervising AI. Workers who
can already verify pull away; those who cannot fall behind, even starting from the same
wage. This gives the model a sharp, cross-sectional prediction distinct from its time-series
ones: within an Al-exposed occupation, the spread of early-career wage growth should widen
with AI adoption, and the spread should line up with measurable verification skill rather

than with AI exposure as such. Third, the effect operates without any change in entry pay:
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because the wage prices the worker’s current type and the divergence is in the slope, standard

entry-wage comparisons would miss it entirely.

B.4 The Seniority-Contingent Wage Path

Section 5.2 gives wage growth within a fixed deployment regime. We now draw out the
pay path a worker experiences when the firm follows the seniority-contingent prescription of
Figure 8, where the deployment switches with seniority and the path therefore bends at the

scaffolding transition.

Proposition 10 (The seniority-contingent wage path). Let the firm follow the bang-bang
seniority-contingent program of Figure 8: copilot u¢ = (ac, ¢, me) with autonomy withheld
(ac low, mec > 0) for h < hy, and delegate-and-review u® = (ap,rp, mp) with ap > ac and
rp > r* for h > hy; let pay track the deployment played, w(h) = oY (h;u(h)), o € (0,1].
For an entrant with hg < hy, < h*:
(i) Within phases. On each of [ho,hy) and (hy, h*] the path is C* with slope w'(h) =
oYy (h;a) and proportional growth governed by ® through the within-regime form of
(13). At a given seniority both phases produce less current output than the myopic de-
ployment Y (h;1,0,-). The shortfall is the Becker development concession (Corollary 1)
and is larger in the copilot phase, which withholds the autonomy throughput entirely.

(11) Kink at hy (deployment switch). Pay jumps by

Aw(hy) = w(hf) = why) = o|7(ap; by, 0) = 7(aci hy,8) = Qolhy) AC|

~
throughput gain >0

with net per-capable-task operating-cost change AC = [C.(rp)ap—C,.(rc)ac]+[Cm(mp)(1—
ap) — Cp(me)(1 — ac)]. The jump is positive whenever the throughput gain exceeds
the net cost change, m(ap) — w(ac) > Qo(hy) AC, which holds in the leading case of
modest operating costs. The slope rises across the switch by o[Yy, (hy; aP) — Yy (hy; a©)].

(11t) No kink at h. under the two-phase rule. The loss threshold h. < hy, is not a deployment
switch here, so the path is smooth at h.. It instead marks where, under the alternative
fized high-autonomy deployment, the Al early-career wage slope crosses the no-Al slope.
Were the firm to refine the program by switching review on at h. (regions 2—/ of the
rule), a second, smaller pay kink would appear there, signed by the formula of (i) at
the adjacent deployments. Under the two-phase rule the only pay discontinuity is the
upward step at hy,.

Proof. (i) On each phase @ is constant, so @'(h) = 0 and (14) reduces to w'(h) = ¥y (h;u).
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The growth statement is (13). By (4) current output rises in autonomy (Y, = m, — [C,(1) —
Cin(m)]|Qp, with m, > 0 the leading term) and falls in r and m (Y,,Y,, < 0), so at any h
the myopic deployment (1,0, -) attains the highest current output. Both % and @#” produce
strictly less, and the copilot shortfall is the larger, since it forgoes the autonomy throughput
7 entirely and pays the assist cost Cp,(me)(1 — ac)Qp. (ii) The jump is w(h;)) — w(hy,) =
oY (hy; uP) =Y (hy; u®)]. Substituting (4) and cancelling the common baseline yo(hy) gives
the displayed expression, with throughput difference 7(ap; hy, 0)—n(ac; hy, 6) and operating-
cost difference Qp(hy)AC. Since ap > ac and 7 is increasing in a, the throughput term
is positive, so Aw(hy) > 0 <= w(ap) — 7(ac) > Qo(hy)AC. The slope change follows
by evaluating w'(h) = oY}, (h; @) on each side of hy. (ili) Under the two-phase program « is
constant on a neighbourhood of h. (which lies in the copilot phase, h, < hy), so w is C! at h...
The slope-versus-baseline statement is Proposition 2(i) applied to the fixed high-autonomy
deployment. A program that instead switches deployment at h. produces a level jump there

by the computation in (ii) at the adjacent deployments. O

The development-oriented pay path is thus a flatter, partly depressed junior segment
(the cohort paying the concession), an upward step at h,, and a steeper senior segment: the
mirror image of the myopic path of Proposition 4, whose pay is high and flat from entry. The
step at hy is the pay-path signature of the scaffolding transition, where withheld autonomy
is released and the worker’s product jumps. Along the career the development-oriented
worker, though paid less at every common seniority, reaches higher h and ultimately higher
pay, because the myopic path stalls at the low steady state of Proposition 4. Empirically
the result predicts a discontinuity in pay, or in measured autonomy and review intensity, at
the seniority at which firms begin delegating-with-review, a feature absent under uniform

automation.

B.5 Worker Sorting under a Noisy Development Signal

The competitive benchmark of Section 6 (Cases 1-2) imposes spot wages and no directed
search, which is the configuration that maximizes the hold-up: the firm captures none of
the portable return and under-provides review maximally. The natural market correction
is worker sorting: early-career workers value development and would accept lower pay at
firms that provide it (Section 9). This appendix asks whether directed search overturns
the myopic corner. We model it in the canonical competitive-search form (posted wages,
free entry, endogenous tightness) with one departure dictated by the paper’s premise: the
developmental content of a deployment is not contractible and cannot be posted, so workers

direct search on a noisy public signal of a firm’s development posture rather than on the
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posture itself. Signal precision indexes how much development is observable ex ante; the
contractible benchmark (Case 3) and the spot benchmark (Case 1) are the two precision

extremes.

Environment. A unit mass of risk-neutral early-career workers and free entry of firms.
Timing: (i) each entering firm chooses a posture, develop (D) or not (N); the developer
posture costs cg > 0 (the current cost of mandated review, whose return is portable) and
raises the worker’s portable continuation value by A > 0, while N costs nothing and adds
nothing; (ii) a public signal s € {g,b} realizes with precision = € [3,1], Pr(g | D) = Pr(b |
N) = m; (iii) firms post a wage w and open a vacancy; (iv) observing (w, s), workers form a
posterior b(s) = Pr(D | s) and direct their search; (v) matching, production. Posture is the
non-contractible action: it is neither postable nor verifiable, and the signal is informative
about it only to the degree m > % Let np be the equilibrium mass fraction of developers;

Bayes’ rule gives

np(l—m)
np(l—7)+ (1 —np)m

npm

bg) = npm+ (1 —np)(1 —mx)’ b(b) =

A submarket is a pair (w, s) with tightness 7(w, s) (vacancies per worker). The matching
technology is standard: aggregate matches M (u, v) are constant-returns, twice differentiable,
increasing and strictly concave in each argument, with M (0,v) = M (u,0) = 0. Writing the
worker matching rate f(7) = M(1,7), this gives f(0) = 0, f' > 0, f” < 0, f(oc0) = 1,
and a vacancy-fill rate g(7) = f(7)/7 that is strictly decreasing; we also impose the mild
boundary condition lim, ., 7f'(7) = 0 (equivalently f(7) — 7f'(7) — 1), satisfied by the
urn-ball f(7) = 1—e~" and by Cobb-Douglas matching. A match yields the firm flow output
y > 0 (net of AI operating cost) and the worker the wage plus, in expectation, the portable
development value b(s)A.

Competitive-search equilibrium. Workers attain a common market value U (free mo-

bility across submarkets); a submarket (w, s) is active only if it delivers U:

f(r(w,s)) [w+b(s)A] = U. (28)

A firm in signal class s posts w and faces tightness 7 to maximize per-vacancy profit g(7)(y —
w) subject to (28). Substituting w = U/ f(7) —b(s)A and using g = f/7, its problem reduces
to _
G(s) = max {g() [y +b(s)A] —g}, (29)
0 —_———— 7

post value Y(s)
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the standard competitive-search value of a post whose total match value is Y (s) = y+b(s)A.
Free entry pins U so that the marginal active post earns the vacancy cost. Since Y (s) is
increasing in b(s) and G is increasing in Y, G(g) > G(b) with strict inequality whenever
™ > %: posts that workers believe more likely to develop fill more easily at any wage,
equivalently command a wage discount. That discount is the only channel through which
a firm is compensated for the portable return. The next two lemmas make the within-
submarket and market-utility objects well defined; they are the standard competitive-search

building blocks under the regularity above.

Lemma 4 (Within-submarket existence and uniqueness). For any post value Y > 0 and
market utility U € (0,Y), the firm’s problem (29) has a unique mazimizer 7*(Y,U) € (0, 00).
The value G(Y,U) is continuous, strictly increasing in' Y, and strictly decreasing in U, with
0G/oU = —1/7* < 0.

Proof. Write the objective as II(7) = (7)Y —U/7 = [f(7)Y —U]/7. Then II'(7) = N(7)/7?
with N(7) = Y[rf/(r) — f(r)] + U. Differentiating, L[rf'(1) — f(7)] = 7f"(7) < 0, so
Tf'(1T) — f(7) is strictly decreasing; starting from 0 at 7 = 0 it is negative for 7 > 0, hence
N is strictly decreasing. By the boundary condition 7f'(7) — 0, N(0*) = U > 0 and
N(x) = U —Y < 0since U < Y. Thus N has a unique zero 7%, with II' > 0 on (0,7*)
and II' < 0 beyond, so 7* is the unique global maximizer. The envelope theorem gives
0G/OU = —1/7* < 0 and 0G/JY = g(7*) > 0; continuity follows from the theorem of the

maximum. L]

Lemma 5 (Market utility). Given beliefs (b(g),b(b)), for any vacancy cost k below the entry

value evaluated at U — 0, free entry determines a unique market utility U > 0.

Proof. Free entry equates the expected value of an entering vacancy to k. By Lemma 4 the
entry value is continuous and strictly decreasing in U (each G(s) is), tends to a positive
bound as U — 0 (posts earn the full match value) and falls below k& as U rises toward
min, Y(s). By the intermediate value theorem there is exactly one U at which the entry

value equals k. O

Posture choice. A firm taking the prevailing beliefs b(g), b(b) as given compares postures.

D lands in g with probability 7, N with probability 1 — 7, so the gain from developing is
L(m,np) = (27 —1) [G(g) = G(b)] — cr, (30)
S——— ————/
signal shift  wage discount

evaluated at the beliefs b(g), b(b) that prevail when a fraction np develops, and the firm

develops iff I' > 0. Both factors of the benefit vanish as 7 — % (an uninformative signal:
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21 — 1 — 0 and b(g) — b(b), so G(g) — G(b) — 0), and both at the endpoints np € {0,1},
where the population is homogeneous and the signal again carries no information (b(g) =
b(b)). The benefit is therefore zero on the boundary of [0, 1] in np and single-peaked in the

interior.

Proposition 11 (Equilibrium set: sorting does not overturn the myopic corner unless the
signal is precise). Under the matching regularity above, in the competitive-search economy

with development-signal precision ™ € [%, 1] the set of posture equilibria is as follows.

(i) The corner always exists. The myopic corner np =0 (no firm provides developmental
review) is an equilibrium for every w: with np = 0 the signal carries no information
(b(g) = b(b) = 0), the wage discount in (30) is zero, and a unilateral deviation to D
loses cr. Worker sorting therefore never eliminates the externality of Proposition 5.

(7) Full development never exists. np = 1 is never an equilibrium: with a homogeneous
developer population the signal is again uninformative (b(g) = b(b) = 1), so a hidden
deviation to N saves cg at no wage penalty. Even where sorting helps, it never sustains
universal development.

(i4i) Threshold and uniqueness below it. There is a threshold ©* € (%,1), defined by
max,,cpo1] L' (7", np) = 0, such that: for m < m* the corner is the unique equilib-
rium (U'(m,np) < 0 for all np, so no developer can be supported); for m > m* there
exist in addition one or more interior development equilibria np € (0,1) at which firms
are indifferent, I'(m,np) = 0. The corner persists alongside them. The threshold ©* is
increasing in the review cost cg and decreasing in the portable value A.

(iv) Poles. Asm — % the corner is the unique equilibrium, reproducing the spot benchmark
of Case 1; as m — 1 the signal becomes fully revealing, the wage discount approaches
the entire portable return, and the development equilibrium implements the contractible
allocation of Case 3. The realistic case lies strictly between, and the externality is the

unique outcome throughout ™ < 7*.

Proof. By Lemmas 4-5, for each np the beliefs, market utility, and submarket values G(g), G(b)
are well defined, so I'(m, np) in (30) is a well-defined continuous function on [3, 1] x [0, 1].

(i) At np = 0, Bayes’ rule gives b(g) = b(b) = 0, so Y(g) = Y(b) = y and G(g) = G(b)
by Lemma 4; the bracket in (30) is zero and I'(7,0) = —cg < 0 for all 7. No firm deviates:
the corner is an equilibrium at every precision.

(ii)) At np = 1, Bayes’ rule gives b(g) = b(b) = 1, so again G(g) = G(b) and I'(w, 1) =
—cg < 0: a firm strictly prefers to deviate to N, so np = 1 is never an equilibrium.

(ii) Fix m > 5. The posterior spread b(g) —b(b) is zero at np € {0, 1} and strictly positive

in between, and G is strictly increasing in its post value (Lemma 4) with Y(g) — Y (b) =
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[b(g) — b(b)]A; hence G(g) — G(b) > 0 on (0,1) and = 0 at the endpoints, so I'(m,-) is
continuous, negative at both endpoints (equal to —cg), and single-peaked on (0,1). Define
I'*(m) = max,,cpo1(7,np). The benefit (2r — 1)[G(g9) — G(b)] is, at any interior np,
zero at m = % and strictly increasing in 7 (the factor 2r — 1 rises and the posterior spread
b(g) — b(b) rises), so I'*(7) is continuous and strictly increasing, with I'*(3) = —cg < 0. If
I'*(1) > 0 there is a unique 7 € (3, 1] with T'*(7*) = 0; otherwise set 7* > 1 (no development
equilibrium at any precision). For 7 < 7*, I'(m,np) < I'*(7) < 0 for all np, so no firm ever
strictly prefers D and, with (ii) excluding np = 1, the corner of (i) is the unique equilibrium.
For 7 > «*, I'(m,-) is positive on a subinterval and = —cg < 0 at the endpoints, so by
continuity it has interior zeros; at any such np firms are indifferent and a mixed-posture
profile with that np is an equilibrium, coexisting with the corner. Monotone comparative
statics: the benefit is decreasing in cg and increasing in A (through Y (s) in Lemma 4), so
[ shifts down with cz and up with A, moving the crossing 7* up with cg and down with
A.

(w) At m = 1, T'(3,np) = —cg < 0 for all np, so by (iii) the corner is unique: the
spot allocation of Case 1, with the maximal wedge of Lemma 2. As # — 1, a developer
lands in g with certainty and the supporting interior beliefs give b(g) — 1, b(b) — 0, so
the wage discount G(g) — G(b) — G(y + A) — G(y), the full competitive-search value of
the portable return; the firm internalizes A through the accepted wage exactly as if it had

posted a binding development contract, which is Case 3, and pup = pg by Corollary 1. [

Two readings follow, both confirming rather than overturning the analysis. First, the
externality is not an artifact of the spot-wage benchmark: the myopic corner is an equilibrium
of the directed-search economy for every signal precision, so allowing worker sorting cannot
by itself discipline configuration. What sorting can do, when the public signal is precise
enough (7 > 7*), is sustain an additional high-development equilibrium. It never removes
the bad one. Second, the threshold is demanding precisely where the paper’s mechanism
bites. The signal that workers can read ex ante, a firm’s development reputation or stated
programs, tracks whether review occurs, not whether it teaches, the same observability-
versus-verifiability gap developed in Section 9. The learning value of review is the least
observable component of a deployment, so the relevant precision is low, plausibly below 7*,
where the development equilibrium does not exist and the externality is the unique outcome.
Sorting on coarse signals (brand, glassdoor reputation, advertised training) moves wages on
the appearance of development without disciplining its substance, leaving the wedge open.
A fuller treatment would let the signal be manipulable, so that it tracks review-occurrence
while the firm games the gap to review-learning; this can only raise 7* and enlarge the region

in which the corner is the unique equilibrium, strengthening the conclusion.
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