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Abstract

How a firm configures generative artificial intelligence (AI) determines whether the
technology develops or hollows out its junior talent. We build a dynamic theory of
early-career skill formation in which a worker can learn from work the AI completes
by reviewing it. Deriving the learning technology from these events makes the premise
that reviewing teaches a local, measurable condition: Reviewing out-teaches doing
when workers have developed some basic verification ability. It miseducates, in the case
of junior workers who lack such an ability. Seniority-blind deployments therefore face
a dilemma.: thin review of work the Al completes on its own hollows out junior careers,
while heavy review traps entrants in a low-expertise basin. A seniority-contingent rule
that withholds autonomy until a worker can verify never lowers learning below its
no-Al level, whatever the size of the review premium and raises the expertise ceiling
when the premium exists. However, a competitive market will not choose it: because
expertise is general and review is hard to contract on, firms delegate to Al all capable
work and review none of it. Mandating review without gating autonomy deepens the
harm. Al deployment is a talent-development decision, to be set by task and seniority

rather than as a uniform automation target.

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

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 adopting firms:
junior employment falls while senior employment continues to rise, and Al-exposed tasks are
increasingly removed from junior job postings, the very rungs a novice would have climbed.
Converging evidence points the same way: an age gradient in Al-era hiring (Lodefalk et al.,
2026), a sharp slowdown in coder employment growth (Crane and Soto, 2026), and broader
evidence on Al exposure (Klein Teeselink, 2025).

The worry this raises is dynamic. 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 while the future stock of expertise
falls. We ask whether this harm is an intrinsic property of capable Al or a consequence of
how firms deploy it and, if the latter, 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 system can be run with the human on
the task and the machine assisting, or with the task handed to the machine and the human
checking the result. We call the share of Al-capable tasks a firm hands to the machine in this
second way its autonomy (the Al’s autonomy), and the share of that output a worker checks
in depth its review intensity. The prevailing intuition, and the structure of existing models,
treats the second arrangement as pedagogically dead: a worker who does not perform a task
does not learn from it. We consider the channel this ignores, that a worker can learn by
reviewing what the machine produced. We build the learning technology from what happens
when a worker checks Al output. She can confirm a correct step and absorb its reasoning,
she can catch an error and learn where right and wrong part, or she can miss an error and
absorb it as if it were right. How much reviewing teaches then depends on three measurable
objects: the worker’s ability to verify, which grows with seniority, the transparency of the
AT’s reasoning and how often, and how instructively, the AT errs.

Above a verification threshold, reviewing an expert-grade solution and its mistakes can

teach more than performing a routine version of the task oneself, so handing capable work



to the machine builds skill. Below a lower threshold, reviewing teaches less than nothing:
a junior who cannot yet tell right from plausible, asked to sign off on autonomous output,
learns its errors. For such a worker more review is worse, not better, and delegation does
not merely remove a rung; it corrupts it.

The dynamic consequences follow. A deployment that sets one configuration for every
worker faces a dilemma. With thin review, delegation strips the tasks juniors learn from and
their careers flatten. With heavy review, juniors absorb errors faster than they learn, and
an entrant below a critical level of expertise is pulled into a low-expertise basin from which
she does not recover. Whether any uniform review intensity can both keep entrants out of
this trap and lift incumbents above their no-Al expertise depends on how costly mislearning
is relative to the review premium. When it is costly, none can. The dilemma dissolves under
a seniority-contingent rule: keep the worker on the task, with the Al assisting, until she
can verify, and only then delegate with mandated review. The rule maximizes learning at
every seniority among the configurations it chooses between, never lowers learning below its
no-Al level, and makes the trap impossible. Its safety does not depend on whether reviewing
can out-teach doing; its upside does. When it can, and when skills are durable enough that
workers reach the verification threshold, the rule raises the long-run expertise ceiling above
both its no-Al and its copilot-only levels.

A configuration that develops the workforce 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 bears its cost and captures only part of its return. Each firm therefore
favors the configuration that maximizes current output: delegate every capable task and
review none. Competition sharpens rather than disciplines the resulting under-provision of
development, which disappears only when the deployment itself can be contracted upon.
The missing rung, on this account, is a deployment externality, a hold-up in the formation of
general human capital rather than a property of the technology. The same logic disciplines
the remedy: a mandate that forces review onto autonomous output without gating autonomy
by seniority can convert the market’s myopic corner into the junior trap. The binding lever
is how autonomy is allocated across a career, not how much of it is allowed.

The remainder proceeds as follows. Section 2 places the paper in the literature. Section 3
sets up the environment and derives the learning technology. Section 4 establishes when re-
view and autonomy teach. Section 5 characterizes career dynamics under seniority-blind and
seniority-contingent deployment. Section 6 closes the model with a labor market and derives
the deployment externality. Section 7 develops the managerial framework and Section 8

concludes. Numerical illustrations under a common leading parametrization accompany the



results as figures. Appendix A contains proofs and Appendix B extensions.

2 Related Literature

The paper connects five strands literature. Our contribution has a common core: we treat
the learning content of work as something Al configuration acts on, so that a delegated task

can teach, fail to teach, or mislead, depending on who reviews it.

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 measures Al’s task-level exposure and
traces 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 (output and learning), so that a statically efficient deployment
can be dynamically inefficient and the relevant policy unit is a task—seniority pair rather than
an occupation. The augmentation—automation dichotomy is then incomplete: a delegated
task is not pedagogically dead, and depending on who reviews it, it can have a learning

value.

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), how heterogeneous agents sort into such teams
and how communication technology reshapes the assignment (Antras et al., 2006), how in-
formation and communication technologies push authority in opposite directions (Bloom et
al., 2014), and which contracts implement the efficient hierarchy (Fuchs et al., 2015). Ide
and Talamas (2025) bring Al into this frame, with agents that operate autonomously or
only as copilots, and Ide and Talamas (2026) extend it to global knowledge work. Xu et al.
(2025) study how generative Al reorganizes a knowledge hierarchy across automation and
augmentation of the worker and expert layers, with fallible output that must be verified, and
find that better AI lowers the knowledge requirement of the worker role. Friebel et al. (2026)
model how productivity and learning shocks move a firm’s span of control between pyramid
and diamond structures. Both papers take Al’s effect on skill as a primitive and ask how the
organization adjusts around it. While we share the premise that Al is both autonomous and
fallible and that verification is central, we follow a different approach. We endogenize the

skill itself: reviewing Al output is the technology by which a worker’s expertise accumulates,



so configuration acts on the production of the future expertise distribution rather than the

allocation of the current one.

The economics of training. Training theory since Becker (1964) asks how investment
in transferable skill is financed when it can walk out the door. 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 apprentice contracts and commitment can sustain training where spot markets cannot
(Malcomson et al., 2003; Dustmann and Schénberg, 2012). Garicano and Rayo (2026) bring
AT into this tradition: careers remain viable when an expertise leverage ratio, the value of
a trained graduate relative to Al's standalone output, exceeds a threshold. We depart from
it in two ways. First, this tradition takes the learning technology as given and asks whether
its returns can be financed. We ask a logically prior question that Al makes pressing: does
the work environment still deliver the learning to be financed? Appendix B.1 shows that the
learning and the financial viability conditions are logically independent. Second, we adopt
the hold-up logic of this tradition. When the “training input” is a production configuration
whose learning value changes sign over a career, the hold-up produces consequences that
training theory does not: the market misallocates autonomy and review across seniority
rather than simply under-investing, the natural remedy of mandating the input can backfire,

and the size of the failure grows with Al capability.

Human capital and early careers. The paper connects to human-capital accumula-
tion and early-career wage growth (Ben-Porath, 1967; Mincer, 1974; Topel and Ward, 1992;
Rubinstein and Weiss, 2006), internal wage and promotion structures (Baker et al., 1994),
early-career scarring (Kahn, 2010), and the role of expertise in shielding workers from au-
tomation (Autor and Thompson, 2025). Deming (2023) shows that nearly all life-cycle wage
growth occurs within jobs and that sorting into complex, learning-intensive work drives the
steeper trajectories of educated workers, so a technology that alters the learning content
of entry-level work bears directly on lifetime outcomes. Because that expertise is largely
portable across employers (Gathmann and Schénberg, 2010), the firm cannot appropriate
its return. We build on the career-dynamics tradition linking accumulation to wage and
promotion paths (Farber and Gibbons, 1996; Gibbons and Waldman, 1999, 2006), adding
the channel through which AI configuration governs the rate, and possibly the sign, of ac-

cumulation.



Human—AI collaboration and learning. A body of work studies how organizations
combine human and machine effort: how decisions can be delegated to, split with, or ag-
gregated across algorithms (Shrestha et al., 2019), how delegation is bounded by humans’
knowledge of what they do not know (Fiigener et al., 2022), when workers follow algorithmic
recommendations (Kawaguchi, 2021), and why humans nominally kept in the loop fail to
catch automation errors (Parasuraman and Manzey, 2010). Field experiments document
large contemporaneous productivity gains from generative Al (Brynjolfsson et al., 2025b;
Cui et al., 2026; Noy and Zhang, 2023; Peng et al., 2023), a jagged frontier beyond which
AT degrades performance (Dell’Acqua et al., 2023) and an Al teammate that lets less ex-
perienced workers reach performance that previously required senior colleagues (Dell’Acqua
et al., 2025). Al advice can also erode the unique knowledge that distinguishes workers
(Fligener et al., 2021). A newer set of experiments measures learning directly. Unrestricted
access to GPT-4 raised high-school students’ practice performance and lowered their subse-
quent unassisted exam performance, while a tutor that withheld answers removed the harm
(Bastani et al., 2025). Randomized Al assistance reduced mastery of an unfamiliar pro-
gramming library (Shen and Tamkin, 2026) and persistence and independent performance
in mathematics and reading (Liu et al., 2026). Consultants who used AI to perform data-
science tasks did not retain the skill without it (Wiles et al., 2026). Delayed learning gains
concentrated among students who used Al to explain rather than to produce (Contractor
and Reyes, 2026) and evaluating flawed Al solutions taught as much as, but not more than,
solving the problems (Dickey et al., 2026). This evidence establishes that Al's effect on
learning depends on how the worker engages with it, which is the margin our model makes
explicit. We add a learning technology in which engagement is decomposed into verification
events, so that one configuration can teach, fail to teach, or mislead depending on seniority,
and we derive the dynamic and market consequences: the configuration that optimizes cur-
rent human—AI performance also sets the rate of accumulation, and with portable skill and

non-contractible review the market selects too much autonomy and too little review.

3 The Model

3.1 Workers, tasks, and Al

Time is continuous, ¢ > 0, and 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 receives a flow of tasks indexed by complexity z € [0, 1], drawn from a
distribution F(- | h).



Assumption 1 (Seniority). (i) F(- | h) is ordered by first-order stochastic dominance in h:
for W > h, F(z | ) < F(z|h) for all z. (ii) The support of F(-| h) lies in [h,1]: a worker

18 assigned tasks at or above her current level.

Assumption 1 formalizes how work is allocated over a career. Part (i) says that more
senior workers face harder tasks on average, as in knowledge hierarchies in which less ex-
perienced workers handle routine problems and pass harder ones up (Garicano, 2000), in
internal job ladders (Baker et al., 1994), and in the sorting of experienced workers into more
complex work (Deming, 2023). Part (ii) says that a worker’s queue contains no tasks below
her level.! It implies that the Al-capable share of a worker’s queue shrink as she advances
and vanish once her queue lies beyond the frontier.

Each task carries learning content ¢(z) > 0, the marginal, transferable increment to
general human capital a worker can obtain by engaging with a task of complexity z. We
take £ > 0 on [0,1).

The Al has a capability frontier 6 € [0,1): it can complete tasks with z < 0 (capable
tasks). It does so fallibly: each component of a capable task it completes is correct with
probability ¢ = A(0) € (0,1], with A" > 0. The frontier and the error rate are distinct
objects, the “jagged frontier” of Dell’Acqua et al. (2023): an Al can attempt a task and
still err on parts of it. The deployed system exposes its reasoning (a derivation, a chain
of thought, citations) with probability e € [0, 1], its explanation quality. Tasks beyond the
frontier (z > 0) are always performed by the worker. On capable tasks the firm chooses a
deployment u = (a,r,m):

e Autonomy a € [0,1]: the share of capable tasks the Al completes without the worker

performing them.

e Review intensity r € [0, 1]: the share of delegated output the worker verifies in depth.

e Copilot intensity m > 0: the assistance the worker receives on capable tasks she

performs herself.
The worker’s verification ability is p(h) € [0, 1], the probability that she correctly classifies a
component she checks, confirming a correct one or detecting an erroneous one, with p’ > 0

and p(0) = 0: an entrant cannot tell a correct solution from a plausible one.

'In practice senior workers still perform some routine work, but such tasks carry little learning content
for someone who has mastered them, so what part (ii) requires is that a worker’s learnable tasks lie at or
above her level.



3.2 Learning by doing, with assistance, and by reviewing

We decompose each task into a unit measure of knowledge components, a fraction ¢(z)
of which is learnable. We measure learning in wunits of doing: performing one learnable
component unaided teaches one unit, and o > 0 converts units into human capital per unit
of time. Every learning value below is expressed in these units, so reviewing and doing are
compared on a single scale.

When the worker reviews a delegated component, one of three events occurs. With
probability gp the component is correct and she confirms it, absorbing w(e) = @ [e+ (1 —e)7]
units: @ > 0 when the reasoning is exposed, the worked-example value, and ~yw, with
v € [0,1), when she sees only an opaque correct answer. With probability (1 — ¢)p the
component is wrong and she catches it. Locating and correcting a mistake teaches £ > 0
units. With probability (1 — ¢)(1 — p) the component is wrong and she misses it, absorbing
the error as if it were correct and losing y > 0 units: mislearning. A correct component she

fails to confirm contributes nothing. The net value of reviewing a learnable component is

vr(g,e,p) = pqwle) + p(1—q)& — (1—=p)1—q)x = pE(g,e) —(1—¢q)x, (1)
—— o

J/ (.

vV Vv
confirmed caught missed

with 3(q,e) = qw(e) + (1 — q)(§ + x) > 0. Delegated output the worker does not review, a
fraction 1 — r, does not engage her: she neither learns from it nor absorbs its errors.

On a capable task she performs herself, the worker learns the unit from doing and,
with intensity m, receives the Al’s suggestion, which she absorbs when it is correct and she
recognizes it. Copilot learning per learnable component is therefore 1 4+ m ¢ p. Because she
authors the work, an incorrect suggestion is either rejected or exposed when her own work
fails, and we normalize its learning effect to zero.?

Reviewing can out-teach doing only if some event in (1) is worth more than doing. Even
with perfect verification, vg(q,e, 1) = qw(e) + (1 — q) £ is a weighted average of the value of
a confirmed component and of a caught error, so the review channel can dominate only if
w(e) > 1 or £ > 1. Both have empirical counterparts. For a learner with the prerequisites
to follow it, studying a fully worked expert solution yields better subsequent independent
performance than solving the equivalent problem unaided, the worked-example effect (Sweller
and Cooper, 1985; Cooper and Sweller, 1987; Sweller et al., 1998), confirmed for retention
and transfer by a recent meta-analysis (Barbieri et al., 2023). It operates through the active

processing of a model solution (Chi et al., 1989) and the observation of expert performance a

2If incorrect suggestions could also be absorbed, at cost y¢ each, the copilot gain mgp becomes m|[gp —
(1 = ¢)(1 — p)xc], which can be negative for raw entrants. The natural response is then m = 0 for them,
and every result below holds with copilot learning replaced by hands-on learning on that range.



novice cannot yet produce, the mechanism of apprenticeship (Collins et al., 1989). Detecting
and correcting errors raises transfer performance, as in error-management training (Keith and
Frese, 2008) and instruction with incorrect worked examples (Durkin and Rittle-Johnson,
2012; Booth et al., 2013). The same literatures supply the limits the model builds in:
the advantage of studying solutions requires that the learner can follow them and fades
with expertise, the ezpertise-reversal effect (Kalyuga et al., 2003), and humans who monitor
automation absorb its errors and grow complacent as it becomes more reliable (Parasuraman

and Manzey, 2010), which grounds the mislearning cost y and the role of g.

3.3 Aggregation, output, and accumulation

The learning masses of capable and beyond-frontier tasks and the measure of capable tasks

,cg(h)E/ (=) dF (= | h), C_g(h)E/ (AP | h),  Quh)=F(O|h). (2)
{=<0} {z>0}

We assume that I and /¢ are regular enough for these masses to be Lipschitz in h.> By
Assumption 1(ii), Ly(h) = Qp(h) = 0 for h > #: AI cannot touch the learning of a worker
whose entire queue lies beyond its frontier. Aggregating the three channels, the gross learning

rate is
D(h;u) = a|Lo(h) + (1= @) (1+ map(h)) Lo(k) + arvr(a e,p(h) Lo(R)] . (3)

Without Al every task is performed hands-on and ®o(h) = a [€(z) dF (2 | h) = a[Le(h) +
E_g(h)] : capability relabels tasks between channels without changing the total learnable mass.
Unlike standard learning technologies, ® can be negative: a worker who reviews more errors
than she catches loses expertise.

Flow output combines the worker and the Al:
Y (h;u) = yo(h) +m(a; h,0) — Cp(r) aQp(h) — Cra(m) (1 = a) Qo(h), (4)

where yo(h) is baseline output, increasing in h, 7(a; h, ) is the throughput gain from delegat-
ing capable tasks, with 7, > 0, so that autonomy raises current output and C,,C,, > 0 are
strictly increasing per-task costs of review and assistance with C,.(0) = C,,(0) = 0. Costs

scale with the measure of capable tasks rather than their learning content: a task is not

3Lipschitz continuity of the task masses ensures that the law of motion has a unique solution from any
initial condition. It rules out discrete jumps in task assignment but permits kinks.



cheaper to review because the worker learns little from it. In this baseline review carries a

current cost and no current-output benefit. We later relax this. Human capital evolves as

h = ®(h;u) — oh, (5)

with depreciation rate § > 0, on the interval [0, 1].%

4 When Do Review and Autonomy Teach?

Whether handing a task to Al helps or harms a worker’s learning turns on two comparisons:
does reviewing the AI’s output teach anything, and does it teach more than performing the
task would have? We hold h fixed here. We begin with the review value itself.

Lemma 1 (Review value). The review value (1) satisfies:

(i) Verification. vg is affine and strictly increasing in p, with slope ¥(q,e), and vg < 0 if
and only if p < py = (1 — q)x/3(q,e): below the mislearning threshold p,, reviewing
teaches less than nothing.

(11) Transparency. Jvg/0e = pqw(l —) > 0.

(iti) Capability is double-edged. Ovg/0q = x — p (& + x —w(e)). If & > wle), this is
positive for p < p=x/(€+ x —w(e)) € [0,1) and negative for p > p: more reliable Al
raises the review value of weak verifiers, who absorb fewer errors, and lowers that of
strong verifiers, who lose the instructive errors they learn most from. If £ < w(e), vg

1s nondecreasing in q.
(iv) Ceiling. vgr(q,e,p) < vr(ge,1) = qw(e) + (1 — ¢) £ < max{w(e), &}

Comparing reviewing with doing requires a per-task benchmark: the alternative to dele-

gating a capable task is performing it with assistance.

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

the task 1s delegated and reviewed relative to learning when it is performed with assistance,

TUR(Q: e,p(h))
1+magp(h)

b(h) = (6)

When ¢ > 1, delegating the task and having the worker check it builds more skill than

having her do it. When ¢ < 1, delegation strips learning she would otherwise have gained.

4Formally h = Ijo,1 [®(h; u) — 6h], the projection onto the tangent cone of [0,1]: the drift is ®(h;u) — oh
on the interior and is truncated so that the state never leaves [0, 1]. In particular, if ®(0;u) < 0 the state
remains at h = 0.

10



When ¢ < 0, delegation with review actively miseducates. Substituting (3), the effect of Al

on learning relative to the no-Al benchmark decomposes as

(hiu) = @o(h) = a Lo(W){ map(h) +a(L+mapr) (W) -1} (7)
copilot gain >0 autonomyzgntribution

and the two margins the firm controls on delegated work are

0o

o2 = @ Lo(m)(1+map(h)) ($(h) = 1),

0d

55 = @aLo(h)va(a, e p(h)). (8)

The autonomy margin switches sign where reviewing and doing teach the same. The review
margin switches sign where reviewing starts to teach at all. Because vg is affine in p, both

switch points are available in closed form.

Proposition 1 (When review and autonomy teach). Fiz capability 0 < 1, explanation quality
e, and a deployment u = (a,r,m) with r > 0, and consider a worker who faces capable tasks,
h <@.
(i) Review margin. For a > 0, sign(0®/0r) = sign(p(h) — py): for a worker below the
mislearning threshold, more review lowers learning.
(it) Autonomy margin. sign(0®/da) = sign(v(h) —1). If rX(q,e) > mq, then ¢¥(h) = 1
as p(h) 2 py, with scaffolding threshold

1+7r(1—q)x ‘
r¥(q,e) —mq’

(9)

Py =

otherwise v < 1 for every p and autonomy always lowers learning. In either case
Dy < Doy
(11i) Scaffolding region. Autonomy strictly builds learning on {h : p(h) > py, h < 0}. This

region is non-empty if and only if

rvR(q, e,p(G)) > 14+ mqp(0), (10)

for which a necessary condition is qw(e)+ (1 —q) & > 1/r > 1: a confirmed component
or a caught error must teach more than doing.

(iv) Comparative statics. The threshold py is decreasing in r, e, @, and &, increasing in
m, and increasing in x whenever py, < 1. The mislearning threshold p, = x/ [{ +x+
w(e)q/(1 —q)] is decreasing in q.

Proposition 1 sorts workers who face capable tasks into three bands. Writing h, and hy

for the seniorities at which p(h) reaches p, and py:

11



Definition 2 (Seniority bands). Given (0,e,7,m), a worker is a raw junior if p(h) < py,

an intermediate if p, < p(h) < py, and seniority-ready if p(h) > py.

For seniority-ready workers below the frontier, reviewing expert-grade output and its er-
rors out-teaches hands-on practice, and restricting autonomy would slow their development.
The heuristic “keep the human hands-on to preserve learning” is wrong for them. For inter-
mediates, reviewing teaches, but less than doing. For raw juniors, the result is starker than a
missing rung. Delegating their capable work removes learning, and asking them to review it
subtracts more: a worker who cannot yet verify absorbs the errors she signs off on. Keeping
a junior “in the loop” by routing autonomous output to her for approval is therefore exactly
the wrong protection; the protective configuration keeps her on the task.

Capability shifts these thresholds, but not in a fixed direction. More reliable Al lowers
the mislearning threshold, since there are fewer errors to absorb, while its effect on the
scaffolding threshold is ambiguous, since it also removes errors that able reviewers learn
from (Lemma 1(iii)). Capability changes how much is at stake, through the mass of capable
tasks, but does not by itself decide whether delegation builds skill; the margins the firm
controls do.

Figure 1 illustrates these properties. In panel (a), learning from a delegated and reviewed
task rises with verification ability: it is negative for raw juniors, positive but below learning
with assistance for intermediates, and above it only for seniority-ready workers, and more
transparent output lowers both thresholds. In panel (b), more reliable Al raises the review
value of weak verifiers and lowers that of strong ones.

The seniority profile follows from two opposing forces. Raw juniors have low verification
ability and, by Assumption 1, the largest share of capable tasks, Qg(h) being non-increasing
in A (in the leading parametrization Ly is strictly decreasing as well), so they bear the rung
removal. Workers beyond the frontier face no capable tasks and Al leaves their learning
unchanged. The scaffolding benefit is concentrated on seniority-ready workers whose queues
still contain capable tasks. Because the margin along which these effects operate is verifica-

tion ability, Al also reshapes the dispersion of careers:

Corollary 1 (Verification and dispersion). Consider two workers with verification profiles
pi(h) > pa(h) for all h € (0,1). Under any common deployment with h < 6 and either
ar >0 or (1 —a)m > 0, the first worker has a strictly higher learning rate at every common
seniority, and reaches the mislearning and scaffolding thresholds at lower seniority. Because
the wage prices current type, the two can start at the same wage while their wage growth

diverges.

Within an Al-exposed occupation, the spread of early-career wage growth should there-

12



(a) Review vs. copilot learning (¢=0.7, r=0.9, m=0.2) (b) Capability is double-edged (e =0.5)
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Figure 1: Review value and the two thresholds. (a) Learning per capable task when it is
delegated and reviewed (rvg) and when it is performed with assistance (1 + mgp), against
verification ability, for three levels of explanation quality; the thresholds p, and p, are
marked for e = 0.5. (b) Review value per component against Al correctness, for three
levels of verification ability. Unless stated otherwise, all figures use the following leading
parametrization: tasks z | h ~ Uniformlh, 1]; learning content ¢(z) = 1 — z; Al correctness
A(0) = 0; verification ability p(h) = h; hands-on learning rate @ = 0.045; depreciation
0 = 0.015; capability § = 0.70, so ¢ = 0.70; explanation quality e = 0.5; opacity discount
v = 0.25; worked-example value w = 4; caught-error value £ = 8; mislearning cost y = 4.4;
and an entrant at hg = 0.15. Without AI, o and § imply growth in expertise of about one half
over the first five years and a depreciation rate in the range estimated for general human
capital (Adda and Dustmann, 2023; Arrazola and de Hevia, 2004). Panel (a): r = 0.9,
m = 0.2, e € {0.2,0.5,0.8}. Panel (b): e =0.5, p € {0.25,0.45,0.9}, ¢ € [0.3,1].

fore widen with AI adoption and line up with measurable verification skill rather than with

exposure as such, a divergence in slopes that entry-wage comparisons would miss.

5 Career Dynamics

We now let human capital evolve under (5). A deployment policy is a map h — u(h)
specifying the configuration a worker of seniority h faces. We compare two classes: seniority-
blind policies, which apply one configuration to every worker, the natural reading of a firm-
wide automation target, and seniority-contingent policies, which condition autonomy on

verification ability.
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5.1 Steady states and traps

Lemma 2 (Steady states and traps). Let u(-) be a deployment policy for which G(h) =
®(h;u(h)) — dh is Lipschitz on [0,1], and suppose the learnable content of the most senior
tasks cannot sustain full expertise, ®(1;u(1)) < 4.

(i) If ®(0;u(0)) > 0, (5) has a steady state in (0,1), and paths from h = 0 converge to the
smallest one. If ®(h;u(h))/h is strictly decreasing on (0, 1], equivalently the elasticity
of gross learning in human capital is below one, the steady state is unique and globally
asymptotically stable.

(1) If ®(0;u(0)) < 0, h = 0 is absorbing and locally stable. Let hi.p = inf{h € (0,1] :
G(h) > 0}, with hyap, = 1 if G < 0 on (0,1]. Every worker who starts below hiyap
converges to h = 0. If G is single-peaked with a positive maximum, it has exactly two
zeros in (0,1), the trap edge hyap and a stable steady state hf' > hyp, and every

worker who starts above hy, converges to h™ : the long run is history-dependent.

Case (ii) is new relative to models in which learning is a nonnegative flow. Since p(0) = 0,
an entrant confirms nothing and catches nothing, so under a deployment u her learning rate

is

(0;) = a £0(0) + (1= a)£o(0) — ar (1 = @)x Lo(0)] (11)
fronti N islearning ’
rontier COp1lO mislearnin,

which is negative when enough of her capable work is delegated and routed back to her for
approval. The single-crossing condition in (i) accommodates a feature special to the review
channel: because review value rises with seniority, learning can be locally increasing in h, a
virtuous circle in which becoming more senior makes review more productive. Uniqueness
requires only that this force not overturn the eventual decline driven by the shrinking stock

of learnable content.

5.2 Seniority-blind deployment

Proposition 2 (Seniority-blind deployment). Fiz a deployment u = (a,r,m) with a € (0, 1]
and r € (0,1], applied at every seniority, and let 0 < 1.
(1) Early loss. For h < 0, ®(h;u) < ®o(h) if and only if p(h) < p., where

afl +r(1 —q)x]
(1—a)mqg+ari(q,e)

DPe S Dyp- (12)
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(ii)

(iii)

(iv)

Junior trap. ®(0;u) < 0 if and only if

L4(0) + (1 — a)Ly(0)
a(1—=q)xLe(0)

r>r(a) = (13)
For given task masses, 7(a) is decreasing in a and x, increasing in q, and independent of
e, w, and §. If the trap edge lies among raw juniors who face capable tasks, p(hirap) < Dy
and hiap < 0, and G crosses zero transversally there, then hip 15 strictly increasing
mr.
Review watershed for incumbents. Suppose hi < 0, where hj, is the no-Al steady state,
and p(hg) > py, and let

. _ a—(1—a)mgp(hg)

.
avr(q,e,p(hg))

(14)

A worker at the no-Al ceiling hi who is exposed to u converges to a long-run level above
h§ ifr > r* and below it if r < r*. The watershed r* is increasing in § whenever ®o(h)/h
1s strictly decreasing; when r* > 1, no feasible review intensity makes u expertise-
building for incumbents.

Entrants versus incumbents. Let an entrant start at hog < 6 with p(hy) < py, and let

(15)

ho; (a,0,m)) — dhg
rezmax{o, (I)( v ) )‘}

aaLy(ho) |vr(q,e,p(ho)

The entrant ends with less expertise than she started with for every r > re., and with
more for every r < r.. The threshold r. is nondecreasing and r* nonincreasing in @,
&, and e, and the reverse holds for x. Hence, under the conditions of (iii), if re < r*,
every review intensity that lifts incumbents above hjy leaves entrants worse off than at

entry.

Part (i) is the dynamic counterpart of the static reversal: wherever p(h) < p. the early-

career learning rate, and with it the wage slope, is flatter than without AI. Part (ii) says that

a seniority-blind deployment with thin review hollows out early careers without trapping

anyone. The same deployment with heavy review traps them. The trap condition (13)

depends on autonomy, the error rate, the mislearning cost, and the entry task masses, and

not at all on how much review could teach an able reviewer, because an entrant confirms

nothing and catches nothing. Raising review intensity, the natural corrective for hollowed-out

junior work, is precisely what creates the trap.

Part (iii) is the long-run counterpart for workers who can verify. For an incumbent at

the no-Al ceiling, review sets the sign of Al’s long-run effect: above r* the same autonomous

deployment raises her expertise, below it lowers it. The watershed has a closed form because
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Figure 2: Net drift of human capital, i = ®(h) — 6h, under seniority-blind autonomy with
heavy review and without Al. Filled and open circles mark stable and unstable steady states.
The shaded band marks raw juniors. The leading parametrization is used with seniority-
blind deployment (a,r, m) = (0.85,0.9,0.2). No Al corresponds to 6 = 0.

the sign of the drift at hj equals the sign of & — @, there, so 7* is the review intensity
at which the loss threshold p. of part (i) equals p(h§). It is therefore independent of the
task distribution and the learning-content profile, which enter only through hj. Durability
enters the same way: faster obsolescence lowers hj, raising r*, until review is exhausted at
r* = 1. This yields a cross-occupation prediction. In fields where expertise is durable (steep
tenure—earnings profiles, long skill half-lives), Al paired with review can build incumbents’
expertise. In fast-churning fields, the same configuration erodes it because workers never
settle at a level where they verify well enough.

Parts (ii)—(iv) together define the dilemma of seniority-blind deployment. One review
intensity governs both groups, and it pushes them in opposite directions: entrants need little
review of autonomous output, incumbents need a lot. Part (iv) makes the conflict precise
and says when it binds. A larger review premium lowers the intensity incumbents need and
raises the intensity entrants can bear, while a larger mislearning cost does the reverse, so
the dilemma arises when mislearning is costly relative to the premium.

Figure 2 shows the mechanism of the trap: under seniority-blind autonomy with heavy
review, raw juniors absorb the errors they sign off on, so the drift is negative at entry,
turns positive once workers verify well enough, and turns negative again as learnable content

runs out. Workers on either side of the trap edge end in opposite places. Figure 3 traces the
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Figure 3: Long-run human capital against review intensity under seniority-blind autonomy:
the high steady state h7(r) and the trap edge hiap(r), which appears at 7 of (13), relative to
the no-AT ceiling and the entrant’s initial level; r. and r* are given by (15) and (14). Same
parameter values as in Figure 2, with review intensity r varying over [0, 1].

dilemma as review rises: the trap edge appears and reaches the entrant before the high steady
state clears the no-Al ceiling, so no uniform review intensity both protects the entrant and
lifts incumbents. Figure 4 shows that this is a property of a region of parameters rather than
of a point: the dilemma holds when mislearning is costly relative to the review premium,
gives way to a window of uniform intensities that do both when the premium is strong or

mislearning mild, and gives way to review exhaustion when the premium is weak.

5.3 Seniority-contingent deployment

The dilemma of Section 5.2 arises because a seniority-blind deployment applies one configu-
ration to workers who differ in their ability to learn from it: the review intensity that builds
incumbents’ expertise is the one that traps entrants. The natural alternative conditions the

configuration on verification ability.

Definition 3 (Seniority-contingent rule). Given delegation settings (a,r,m) with a > 0, the
seniority-contingent rule u9(-) assigns copilot u¢ = (0,-,m), with autonomy withheld and
review therefore moot, to workers with p(h) < py, and delegate-and-review u? = (a,r,m) to
workers with p(h) > py, where py, is the scaffolding threshold (9) at (r,m). If the scaffolding
region is empty, the rule assigns u® throughout. We write ®I(h) = ®(h;u?(h)) and ®°(h) =
O (h;u’).
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Figure 4: Where the dilemma arises: regions in which no feasible uniform review intensity
lifts incumbents above the no-Al ceiling (r* > 1), in which every intensity that does so leaves
entrants worse off than at entry (r. < r* < 1), and in which some uniform intensities do
both. The leading parametrization is used, except that the worked-example and caught-error
values are scaled by a common factor, w = 4\ and £ = 8\, and the mislearning cost x varies.
(a,m) = (0.85,0.2). The dot marks the leading parametrization.

The rule withholds autonomy exactly until reviewing begins to teach more than doing,

and in particular never routes autonomous output to a raw junior.

Proposition 3 (The seniority-contingent rule). Let § < 1 and ®y(1) < 9.

(i)

(i)

(iii)

(iv)

Learning maximization and safety. ®9(h) = max{®(h), ®(h;u”)} > ®°(h) > ®y(h)
for every h, so the rule weakly dominates both the no-Al benchmark and the seniority-
blind deployment u” at every seniority. ®9 is continuous; ®9 > ®C on the scaffolding
region; and ®¢ > ®q wherever h < 0, p(h) > 0, and m > 0. The rule never assigns
autonomy, and hence never assigns review, to a raw junior.

No trap and no early loss. ®9(0) = ®(0) > 0. From any initial condition, the worker’s
path under the rule lies weakly above her paths without AI, under copilot alone, and
under u”, at every date.

Ceiling. From any initial condition, the long-run level under the rule is at least that
under copilot alone, which is at least that without Al If ®9(h)/h is strictly decreasing,
the rule has a unique, globally stable steady state hy,.

Activation and durability. Suppose ®C(h)/h is strictly decreasing, with copilot-only
ceiling h,, that hy < 0, and that an entrant starts at hy < min{hy, h¢}. She reaches
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the delegation phase if and only if
5 < 6 = 0%(hy)/hy, (16)

in which case her long-run expertise is at least h¢., and strictly above it when hi, < 0;
otherwise it equals hi, and the review channel never operates along her path.
(v) Review. ®9 is pointwise nondecreasing in r and in a; hence so are career paths and

long-run expertise under the rule.

Proposition 3 separates two claims. The safety of the rule is unconditional: whatever the
review premium, configuring Al by seniority never places a worker below her no-Al learning
rate at any date, and the junior trap cannot form. When the scaffolding region is non-empty
the rule achieves this by gating; when it is empty, by abstaining. The upside, expertise
strictly above what copilot alone delivers, is conditional on two things: that reviewing can
out-teach doing for some workers below the frontier, condition (10), and that skills are
durable enough for workers to reach the threshold, condition (16). The second condition
gives the durability prediction its sharpest form: under seniority-contingent deployment, the
review channel matters in fields where workers reach verification competence, and is idle
elsewhere. The rule’s cost is not learning but current output, since withholding autonomy
from juniors forgoes throughput. Remark 1 shows that it is the limit of the planner’s policy
as the social value of skill grows; who bears its cost, and why a market will not, is the subject
of Section 6.

Figure 5 compares the rule with the seniority-blind deployment it builds on. Panel (a)
shows why the trap cannot form. Below hy the rule follows copilot, whose drift is positive
at entry and lies above the no-Al drift, and above hy, it coincides with the seniority-blind
deployment, so it reaches the same high steady state without passing through a trap edge
(Proposition 3(i)—(ii)). Panel (b) shows the same comparison as review intensity varies.
The rule’s long-run expertise never falls below the seniority-blind high state or the no-Al
ceiling; it equals the copilot ceiling until review is intensive enough for workers to reach the
delegation phase, and rises with review thereafter (Proposition 3(iv)—(v)). Across the range
of review intensities at which seniority-blind deployment leaves the entrant worse off than
at entry, the rule keeps her on a rising path.

In Figure 6 panel (a), the rule coincides with copilot while the worker is below h,;, so her
early career tracks the copilot path, above the no-Al path and far above the seniority-blind
and competitive paths, and it pulls ahead once she can verify; the seniority-blind deployment
with heavy review sends the entrant toward zero while a worker who starts above the trap

edge climbs. In the leading parametrization the rule begins to delegate late in the career,
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Figure 5: The seniority-contingent rule compared with seniority-blind deployment. (a) Net
drift of human capital under the rule, under seniority-blind autonomy with heavy review,
and without Al. (b) Long-run human capital against review intensity: the rule’s steady state
hi(r) and the seniority-blind high steady state h"(r), relative to the no-Al ceiling and the
entrant’s initial level. The shaded range marks the review intensities at which seniority-blind
deployment leaves the entrant worse off than at entry (r > r.). Same parameter values as in
Figure 2. The rule assigns copilot (0, -,0.2) below h, and (0.85,0.9,0.2) above, and in panel
(b) review intensity r varies over [0, 1] in both deployments.

so its gain there is a higher ceiling rather than faster early growth. Panel (b) shows that
this timing is governed by how fast verification ability develops relative to general expertise:
when verification develops early, the rule begins to delegate within the first years of a career
and pulls ahead of copilot within the first decade; when it develops late, the rule abstains

along the path, as in Proposition 3(iv).

6 Wages, Deployment Choice, and the Autonomy Ex-

ternality

6.1 Wages

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 u, produces Y (h;u), pays w(h), and loses the worker at hazard s,

after which she re-enters the market and is valued at her type. The firm’s match value J(h)
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Figure 6: Career paths from entry. (a) By deployment. One seniority-blind heavy-review
path starts above the trap edge. (b) Under the seniority-contingent rule (solid) and copilot
alone (dashed) for three verification profiles p(h) = h®#; dots mark the date at which the rule
begins to delegate. The leading parametrization is used. Panel (a): copilot only (0,-,0.2),
seniority-blind thin review (0.85,0.2,0.2), seniority-blind heavy review (0.85,0.9,0.2), from
ho and from h = 0.25, competitive equilibrium (1,0, -) of Proposition 4, seniority-contingent
rule as in Figure 5. Panel (b): the rule as in Figure 5 and copilot (0,-,0.2), with ¢, €
{0.5,1,2}.

and the worker’s value W (h) solve

(p+5)J(h) =Y (h;u)—w(h)+J'(h) [®(h;u)—6h],  pW (k) =w(h)+W'(h)[®(h;u)—05h].

(17)
A single firm is atomistic in the market for type h, so its deployment does not move the
price of that type, dw/0u = 0. Free entry drives the value of a filled job to zero, J = 0, so

the firm’s shadow value of human capital is pr = J'(h) = 0 and the wage is
w(h) =Y (h;u(h)), (18)
current output at the deployment «(-) that firms play. Wage growth is then

w
w

Y (h;

proportional to net learning. The level of pay includes the throughput gain from autonomy;

(®(h;w) — bh), (19)

the slope is governed by ®. Entry pay can therefore rise while the trajectory flattens, and
under mislearning the trajectory turns down. Equation (19) holds exactly within any range

on which u is constant, and by the envelope theorem wherever u(h) is an interior maximizer
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of Y; where a seniority-contingent program switches deployment, the pay path has a kink or

a step, which Appendix B.2 signs.

6.2 Who chooses the deployment

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. The benchmark is
the planner, who values output and internalizes all future human capital, together with any

cross-firm spillover v > 0, at the social discount rate p:
pVs(h) = max {Y(h; u) + (V4(h) + ) [®(h; u) — 6h] } (20)

with social shadow value g = VI. Its maximizer u®(h) is the social optimum.

Because the results turn on what is contracted and when, we state the timing. At each
instant a worker of type h in a match experiences: (t1) pricing, a competitive spot market
values her current type at w(h); (t2) deployment, the matched firm chooses u; (t3) production
and accumulation, Y (h; u) is produced, w(h) paid, and h evolves by (5); (t4) separation, with
hazard s the match ends and she is re-priced at her new type elsewhere.

A learning-poor deployment lowers the worker’s future type, for which she is compensated
later, at the future spot price, at whichever firm she is then employed. Even a fully observed
deployment therefore cannot be priced by the current employer: the firm cannot capture a
return the worker collects elsewhere, and the worker cannot bill the current employer for a
portable gain. What disciplines deployment is the ability to contract and commit on it, not
observability. 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, let alone whether the check taught anything. “Non-
contractible” means that the learning-relevant intensity of human engagement cannot be

verified or committed, not that AI adoption is hidden.® We consider three cases.

Case 1: Competitive market, non-contractible deployment. Firms are price-takers
under free entry, so J = 0 and pp = 0; deployment cannot be written into an enforceable
contract; there is no directed search or relational commitment on the training environment;

and wages are spot prices for the worker’s current type.

Proposition 4 (The competitive equilibrium selects myopic deployment). In Case 1 the

firm maximizes current output, and the unique equilibrium deployment is the myopic corner

5A regime in which review intensity is unobservable is equivalent, for our purposes, to the observable but
non-contractible regime.
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w: a =1, r =0, with the copilot margin vacuous and normalized to m = 0. Capable tasks
then contribute no learning, and no mislearning, so ®(h;u) = aLy(h) and entry learning is
positive.
(i) If 0 < h% and aLly(h) > 0h for all h € [0,0), every entrant outgrows the frontier and
converges to hg: the loss is transitional.
(i1) If 6 > h§, every worker who starts below hf converges to a steady state strictly below
h§, and the lowest such steady state is decreasing in 0: the more capable the Al the

deeper the collapse.

The externality bites precisely when Al is capable enough to matter; Figure 6(a) illus-
trates the permanent case, in which the competitive path barely rises above its entry level.
Endogenizing wages makes the externality starker, not weaker: absent contractibility, com-
petition for general human capital drives deployment to the configuration that maximizes
current output and removes review, the configuration that hollows out learning.

The starkness of the corner reflects the baseline assumption that review has no current-
output value. Suppose instead that reviewing autonomous output also raises its quality by
catching errors, adding a Qg(h) B(r) to (4) with B’ > 0, B(0) = 0, and B—C,. concave. Then
even the myopic firm reviews, at the output-quality optimum ¥ solving B'(rY) = C’.(rY),
and autonomy still corners at a = 1. The planner’s review condition adds the learning value
of review, B'(r®) — C/(r®) = —(us + v) avgr Ly/Qp. Wherever review teaches (vg > 0),
this gives ° > r¥: the market under-reviews. Where it miseducates (vz < 0, raw juniors),
it gives ¥ < r¥: the market’s quality-driven review of juniors’ delegated output is itself
excessive, and the planner would rather withhold autonomy. What the market fails to price
is specifically the learning value of review, positive or negative, which is portable and non-
contractible; its current-output value, which the firm internalizes, neither causes nor closes

the failure.

Case 2: Firm rents, non-contractible deployment. With search frictions the firm
retains a share of match rents, so it partially internalizes future skill, discounted at the

retention-adjusted rate p + s:
(p+s)Vr(h) = max {Y(h; u) — w(h) 4+ Vir(h)[®(h; u) — 0h] } (21)

Assumption 2 (Frictional wage). A worker of type h can relocate to a competitive firm,

which prices general skill at Y (h;u(h)), and meets such an offer at Poisson rate A. The
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current firm, holding within-match bargaining power, pays this outside option:

w(h) = oY (h;u(h)), o= A € (0,1), w'(h) = o Yy (hyu(h)). (22)

The wage depends on type, not on the current firm’s deployment, so dw/0du = 0, and the
pass-through o is the equilibrium markdown: as A — oo, ¢ — 1 and Case 1 obtains; with
frictions the firm retains the complement of the return to general skill, the wage-compression
mechanism of Acemoglu and Pischke (1998, 1999). In the linear case 7 = a7 (h, #) with linear
costs, the deployment problem is multilinear in u and the optimum is bang-bang; the corner

of Proposition 4 is this case. To characterize interior optima we impose:

Assumption 3 (Regular deployment). 7(a;h,0) is C* and strictly concave in a, and C,,
Cpn are C? and strictly convex with C!.(0) = C! (0) = 0.

m

The deployment objective Y + p(® — dh) is then strictly concave in each control, and an

interior optimum satisfies
Ya+ﬂq)a:07 Y;“+M(I)r:07 Ym+,uq)m:01 (23)

with p = pp for the firm and p = pg + v for the planner, where ®, = aLy(1 + mgp)(¢ — 1),
O, =aavg Ly, Ppy=(1—a)aqpLy, Yo =7, — [Cr(r) — Cpro(m)]Qo, Y, = —CL(r) aQp, and
Y = —Cl(m)(1—a)Qy.

Lemma 3 (Undervaluation of human capital). In Case 2, if Y, > 0, then along any common
allocation pp(h) < ps(h) +v. The wedge ps + v — pp is increasing in the pass-through o,

i the hazard s, and in the spillover v.

Each source is a distinct wedge between private and social returns to the same future skill:
a fraction o of any future gain accrues to the worker, and is carried to her next employer;
the firm discounts at p + s because it may lose her before the return arrives, while the skill
survives the match; and the spillover is internalized by no single employer. At ¢ = 1 the firm
retains nothing and the wedge is maximal; as o, s, v — 0 the firm becomes residual claimant

on the full return and the gap closes. This wedge is the engine of the externality.

Proposition 5 (Over-autonomy, under-review). Let Assumptions 1 and 3 hold and suppose
0 < pup < pg + v. Relative to the social optimum, the privately optimal deployment has:
(i) too much autonomy wherever reviewing teaches less than doing, ¥ < 1, at the deploy-

ments chosen for every u € [up, s + v], in particular for every raw junior, for whom

Y <0;
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(i1) too little review wherever review teaches, p(h) > py; for raw juniors both firm and
planner set r = 0, so the distortion is entirely in autonomy;
(#1) too little assistance wherever capable tasks are retained and p(h) > 0;
and the distortions are larger the higher the hazard s, the pass-through o, and the spillover

v, maximal in the competitive limit up — 0.

Remark 1 (The planner’s rule is a seniority threshold). In the linear case, for given (r,m)
the deployment objective is linear in a with slope T—[Cy. (1) —Cpp(m)] Qo+ e Lo(1+mgp) (v —
1). Where the net throughput gain from delegation is positive, the planner (u = pug + v)
therefore delegates wherever 1 exceeds a cutoff below one, that is, at seniorities below hy,
trading some learning for output, and the cutoff converges to one, and the threshold to hy, as
the social value of skill grows relative to that gain. The competitive firm (u = 0) delegates at
every seniority. The seniority-contingent rule of Definition 3 is thus the learning-maximizing

limit of the planner’s policy, and the market’s policy is its opposite.

Case 3: Contractible deployment. Suppose 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 joint

match surplus.

Corollary 2 (Contractibility restores efficiency). If deployment is contractible and the mar-
ket is competitive in (w,u) packages, the equilibrium deployment maximizes joint match sur-
plus, the wedge of Lemma 3 closes (up = ps), and the distortions of Proposition 5 vanish.
Absent a cross-match spillover (v = 0) the allocation is the planner’s. The worker finances
learning-intensive deployment by accepting lower current wages, recovering more than the

concession through the higher wage path that higher h commands.

This is the Becker logic for general training, extended to how Al is deployed, and it clar-
ifies why the worker cannot dissolve the externality on her own. The learning-relevant input
is not private study effort she can add at the margin but the configuration u, which the firm
chooses at (t2); and even a worker willing to accept lower pay cannot buy a learning-intensive
configuration through a spot contract, because whether review taught is not verifiable to any
third party. The Becker discount requires the committable package of Case 3. Appendix B.3
shows that workers sorting toward developmental firms on a noisy public signal, the Becker
channel operating imperfectly, does not overturn the myopic corner unless the signal is pre-

cise.
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Figure 7: Review mandates under full autonomy: the highest steady state and the trap edge
when a uniform review floor 7 is imposed on the competitive deployment, and the steady
state under a seniority-contingent mandate; in the shaded range no positive steady state
exists. The thresholds 7(1) and r*(1) are those of Corollary 3. The leading parametrization

is used. The mandate without gating sets (a,r,m) = (1,7,0). The seniority-contingent

mandate assigns (0, -,0) below hy, and (1,7,0) above.

6.3 Review mandates

The externality invites a regulatory response: require that autonomous output be reviewed.

The learning technology shows why such a mandate can backfire if it is not conditioned on

seniority.

Corollary 3 (Review mandates without gating). In Case 1, suppose a regulator imposes a
uniform review floor ¥ € (0,1] on delegated output and that the throughput gain still exceeds
the review cost, m, > C,.(T)Qqp, so that firms continue to delegate every capable task (a =1).
Then:
(i) entry learning is negative, and entrants below the trap edge converge to h =0, if and
only if 7 > #(1) = L4(0)/[(1 — q)xLs(0)];
(i) under the conditions of Proposition 2(iii), an incumbent at the no-Al ceiling gains in
the long run if and only if 7 > r*(1) = 1/vR(q, e,p(hf‘)));
(111) a seniority-contingent mandate, which withholds autonomy below hy, and requires re-

view above it, never lowers any worker’s learning below its no-Al level.

Figure 7 illustrates. The trap appears at a low review floor, well before the floor is high

enough to lift incumbents above the no-Al ceiling. In between lies a range in which no
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positive steady state exists at all: the floor is too thin to teach able reviewers much but
thick enough to miseducate juniors, and every worker’s expertise decays. The seniority-
contingent mandate never falls below the no-Al ceiling and rises above it once the floor
exceeds the incumbents’ watershed. Mandating review onto the market’s myopic corner
can thus convert hollowed-out junior work into miseducated junior work. The appropriate
instrument conditions autonomy on demonstrated verification ability, and requires review

only of those who can learn from it.

7 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 what a manager observes, how the primitives are measured,
and the rule they imply.

Most primitives sit in existing telemetry or cheap evaluations. Verification ability, the
pivotal input because it places each worker relative to the thresholds, is recovered by seeded-
error audits. The learning values are not in telemetry, but the decomposition (1) identifies
them. Matched workers at a common seniority either review Al-produced solutions to a task
set or perform the same tasks unaided, holding the task set and time on task fixed. In the
review arm the experimenter seeds known errors and varies whether the reasoning is exposed,
so the numbers of confirmed, caught, and missed components are observed for each worker.
Learning is read not from performance during the episode but from subsequent independent
performance on held-out tasks, so the contemporaneous boost from Al does not contaminate
it. Regressing the learning gain, relative to the doing arm, on these counts identifies w(e),
&, and x. Variation in e separates w from v and repeating the design across seniority traces
the thresholds.

This measurability sits in no tension with the non-contractibility that drives the external-
ity. Telemetry is internally observable: a noisy signal the firm reads for its own deployment
decisions, which need not be gaming-proof because the firm has no incentive to fool itself.
Contractibility requires that a third party, a court enforcing a contract or a regulator dis-
bursing a transfer, can verify the variable. Edit distance, check time, and detection rates
fail that bar where it bites, because they can be inflated by box-checking that logs the act of
review without the learning it is meant to proxy. The object on which the externality turns
is whether review taught, not whether it occurred. As review becomes more verifiable to
outsiders the setting moves toward Case 3 and the wedge shrinks, so the size of the problem

and the feasibility of contracting on review co-move rather than conflict.
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Figure 8: The deployment rule by task—seniority cell. The Al frontier 6 separates tasks the
worker performs (top) from capable tasks. Among capable tasks, the mislearning threshold
h, and the scaffolding threshold h,, separate raw juniors, intermediates, and seniority-ready
workers. Thresholds drawn at the same parameter values as in Figure 5.

The rule. The policy is a rule over task—worker cells, not a firm-wide automation target
(Figure 8), built on the seniority bands of Definition 2:

(1) Beyond the frontier (z > 6): the worker performs the task, and deployment does not
touch her learning there. As the frontier moves, protect these tasks from premature
automation.

(2) Capable task, raw junior (p(h) < py): copilot, with autonomy withheld. If output
pressure forces delegation, do not route the review of delegated output to the junior,
assign it to someone who can verify.

(3) Capable task, intermediate (p, < p(h) < py): copilot. Where work is delegated anyway,
pair it with review, which now teaches, and track the worker’s verification ability toward
the threshold.

(4) Capable task, seniority-ready (p(h) > py): delegate and mandate review, preferably on
transparent deployments.

A uniform “automate X%” target is the wrong instrument: it over-automates juniors and
under-uses the scaffolding region. A uniform “keep a human in the loop” requirement is
wrong for the opposite reason: it routes autonomous output to raw juniors for approval, the
configuration that traps them.

The framework names three failures modes. The hollow job combines high autonomy with
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thin review: output is high and learning collapses, the market’s own corner. The junior trap
arises when autonomous output is routed for review to workers who cannot verify: juniors
absorb errors and fall into a low-expertise basin. Idle scaffolding arises when skills churn
too fast for workers to reach verification competence (6 > 6**): the review channel never
operates and mandating more review cannot help, so the response is to act on durability
(continuous retraining, deeper hands-on exposure) rather than on review.

Four implications follow. First, treat AI configuration as a talent-development decision,
not only a productivity decision. The intensities that maximize current output are not those
that develop the junior pipeline, and a firm that optimizes only the first (Proposition 4) drives
its workforce toward a low-expertise steady state; configuration should be owned jointly by
operations and talent functions. Second, gate autonomy on measured verification ability, cell
by cell. The rule’s safety does not depend on the size of the review premium, so it is the
robust default. Third, manage review as an input and route it to those who can learn from
it. Review intensity, review quality, and who reviews should be tracked like any other op-
erating metric; transparent deployments raise the value of review and lower both thresholds
(Lemma 1(ii), Proposition 1(iv)) and human mentorship and Al review compete for the same
congestible channel, so thinning senior ranks while raising nominal review capacity can leave
juniors without anyone who can verify on their behalf. Fourth, anticipate that competition
will under-provide development. Firms that want the high-expertise steady state must sub-
stitute internal commitment devices for the missing contract: explicit development tracks,
retention-linked investment, and rotation through review-intensive roles. Because workers
would accept lower pay for a credibly developmental deployment (Corollary 2), offering one

is also a way to attract talent at lower wage cost.

8 Conclusion

This paper builds a theory of early-career skill formation around a channel the economics of
Al has largely ignored: workers can learn by reviewing what Al does on its own. Deriving
that channel from what happens when a worker checks Al output, confirming correct steps,
catching errors, and absorbing the ones she misses, turns the worry that AI removes the
early rungs of the career ladder into a sharper claim. Delegating capable work removes
rungs for workers who cannot yet verify, and asking them to review it corrupts the rungs
that remain. For workers who can verify, the same delegation paired with review can build
skill faster than doing the work. A deployment that treats all workers alike must choose
between hollowing out entrants’ careers and trapping them; a deployment that conditions

autonomy on verification ability avoids both, never lowers learning below its no-Al level, and
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raises the expertise ceiling when the review premium exists. A competitive market will not
choose it, because the skill is portable and review cannot be contracted on.

The policy implications concern how Al is configured, not whether it is allowed. The
remedy for hollowed-out junior work is to gate autonomy by demonstrated verification ability
and to require review only of those who can learn from it. Capping adoption sacrifices the
expertise that review-paired autonomy can build for seasoned workers; mandating review
without gating can do worse, converting hollowed-out junior work into miseducated junior
work. Because the gains and losses from deployment fall on different parties, closing the
gap also requires giving firms a larger stake in development they cannot otherwise capture:
contractible development tracks, apprenticeship-style commitments, and retention-linked in-
vestment.

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 can check the Al’s work,

not on exposure itself.
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A  Proofs

Proof of Lemma 1. (i) Collecting terms in (1), vg = pqw+p(l —q¢){ — (1 —q¢)x+p(1—q)x =
pX(gq,e) — (1 — q)x, where ¥ = qw(e) + (1 — q)(§ + x) is positive whenever w(e) > 0, or
qg <1 and £ + x > 0; we exclude the degenerate case ¥ = 0. Hence vg is affine and strictly
increasing in p and vanishes at p, = (1 — ¢)x/X. (ii) Only the first term depends on e, and
w'(e) = w(l — ). (iii) Ovg/dq = pw —p&+ (1 —p)x = x — p(§ + x — w), which is affine
inp, equalto y >0atp=0and tow — & at p=1. If £ > w it is strictly decreasing in p
and changes sign at p = x/(§ + x —w) € [0,1); if £ < w it is nonnegative at both endpoints
and hence on [0,1]. (iv) By (i), vg < vr(gq,e,1) = qw(e) + (1 — ¢)&, a convex combination of
w(e) and €. O

Derivation of (7) and (8). Since ®q = a(Ly + Ly), (3) gives & — g = aLy[(1 — a)(1 +
mqp) + arvg — 1} = aly [mqp + a(TvR —(1+ mqp))}. Substituting rvg = 1 (1 4+ mgp) from
(6) yields (7). Differentiating (3) in a and in r yields (8). O

Proof of Proposition 1. For h < 6, Assumption 1 and ¢ > 0 on [0,1) give Ly(h) > 0. (i)
By (8), 0®/0r = aalyvg, whose sign for a > 0 is that of vg, hence of p(h) — p, by
Lemma 1(i). (ii) By (8) the sign of 0®/da is that of ¢ — 1. Using Lemma 1(i), ¢ >
1l <= rog>1+mgp <= p(rX—mq) > 1+7r(l—q)x. IfrX > mgqthisis p > py;
if ¥ < mgq the left side is nonpositive and the right side positive, so ¢ < 1 for every p.
Since 1 +7(1 —q)x > r(1 —¢)x and 0 < r¥ —mq < 73, py > r(1 — ¢)x/(rE) = p,. (iii)
On {h <0 : p(h) > pyp}, ¥ >1and Ly > 0, so 0®/Ja > 0. Because p is continuous and
increasing, this set is non-empty if and only if p, < p(f), that is, if and only if ) > 1 at
p = p(0), which is (10); when r¥ < mg both the region and (10) fail. For necessity, (10)
implies vr(q,e,p(0)) > (1 + mgp(0))/r > 1/r, while vg(q,e,p(0)) < quw(e) + (1 — q)¢ by
Lemma 1(iv). (iv) Write py, = N/D with N =1+ r(1 —¢)x and D = rX —mq > 0. Then
Opy/Or =[(1—q)xD — NX]/D? = —[(1 — ¢)xmgq+ X]/D?* < 0. The threshold depends on e,
w, and £ only through 32, which is increasing in each, and D is increasing in 2; it is increasing
in m through D. For x, ON/Ox = 0D/dx = r(1 — q), so dpy/dx = r(1 — q)(D — N)/D?,
positive if and only if p, < 1. Finally, dividing numerator and denominator of p, by 1 — ¢
gives py, = x/[§ + x +w(e)qg/(1 — q)], decreasing in q. O

Proof of Corollary 1. In (3), p enters only through the copilot term a(1 — a)mgpLy and the
review term aarvg(q,e,p)Lq, with Jvg/Op = X > 0. For h < 6, Ly > 0, so ® is strictly
increasing in p when ar > 0 or (1 —a)m > 0, and p;(h) > po(h) gives the first worker a
strictly higher learning rate. The thresholds p, and py; do not depend on the worker, so

the seniorities at which they are reached are lower under the higher profile. The wage (18)
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depends on h and not on p, so the two workers can share an entry wage, while by (19) wage

growth is proportional to net learning. O]

Proof of Lemma 2. G is continuous with G(1) = ®(1;u(1)) —d < 0. (i) If G(0) > 0, let hy
be the smallest zero of G, which exists by the intermediate value theorem. Since G > 0 on
[0, hy), paths starting there increase monotonically and converge to h;. Zeros of G in (0, 1]
are the solutions of ®(h;u(h))/h = J; if this ratio is strictly decreasing it crosses d once, so
G > 0 below the unique zero and G' < 0 above it, which is global asymptotic stability on
(0,1]. The ratio is decreasing if and only if h®" — & < 0, the elasticity condition. (ii) If
G(0) < 0, the projected drift at h = 0 is zero, so h = 0 is absorbing. By continuity Ayap > 0,
and G < 0 on (0, htrap) by definition of hy.p. A path starting there decreases monotonically;
it cannot converge to an interior point, which would have to be a zero of GG, so it converges
to 0. This also gives local stability of 0. If GG is strictly increasing on [O,iAL] and strictly
decreasing on [k, 1] with G(h) > 0, it has exactly one zero on (0, h), which is Aap, and one
on (h,1), call it h¥, since G(0) < 0 and G(1) < 0. Paths starting in (heap, h*') rise to ¥,
and paths starting above h* fall to it. O

Proof of Proposition 2. (i) From the derivation of (7), ® — ®o = aLy[(1 — a)mgp + a(rvg —
1)] = aly[p((1 — a)mg + arX) — a(1+ r(1 — ¢)x)], using Lemma 1(i). For h < 6, Ly > 0
and the bracket is affine and strictly increasing in p, vanishing at p.. At p = py, ¥ =1 and
(7) gives ® — @y = aLymgp > 0, so p. < py; if r¥ < mgq, py = oo and the inequality is
trivial. (ii) Since p(0) = 0, vgr(q,e,0) = —(1 — q)x and the copilot gain vanishes at entry,
so ®(0;u) is given by (11). Because § > 0 and ¢ > 0, Ly(0) > 0, and ®(0;u) < 0 if and
only if 7 > 7(a). The comparative statics follow from (13): its numerator is decreasing
and its denominator increasing in a, its denominator is increasing in y and decreasing in g,
and e, w, £ do not appear. At a transversal up-crossing, G(hiap) = 0 and Gp,(hyap) > 0,
while 0G/0r = aaLly(hirap)Vr(q, €, P(huap)) < 0 because hyap < 0 and p(hyap) < py. By
the implicit function theorem, dhyap/dr = —G,./G), > 0. (iil) Since ®g(hg) = dhg, the drift
at hy is G(hy) = ®(hi;u) — Po(hy) = aLle(hy)[(1 — a)mgp* + a(rvr(q,e,p*) — 1)], with
p* = p(h§) and Ly(hy) > 0 because hf < . Since vg(q,e,p*) > 0, the bracket is strictly
increasing in r and vanishes at 7, so sign G(hg) = sign(r — r*). If G(h§) > 0, the path from
hi increases monotonically and converges to the smallest zero of G above hj, which exists
because G(1) < 0; if G(h§) < 0, it decreases to the largest zero below hg, or to 0. In both
cases the limit lies strictly on the side given by the sign. If ®q(h)/h is strictly decreasing,
h§ solves ®g(h)/h = ¢ and is decreasing in d; then p* falls with J, raising the numerator of
(14) and lowering its positive denominator, so 7* increases. (iv) The drift at the entrant’s
initial level is G/(ho;r) = ®(ho; (a,0,m)) — dho + r aaLly(ho)vr(q, e, p(ho)), affine in r with
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a strictly negative slope, because Ly(ho) > 0 for hy < 0 and vp < 0 for p(hg) < py. It is
therefore negative for r > r. and positive for r < r.. Since paths are monotone, the entrant’s
long-run level lies below hq exactly when G(hg;7) < 0, and above it when G(hg;r) > 0. The
numerator of (15) does not depend on w, &, e, or x, and |vg(q,e,p(ho))| is decreasing in @,
¢, and e and increasing in y by Lemma 1, since dvg/dx = —(1 — ¢)(1 — p) < 0; this gives
the comparative statics of r.. The numerator of (14) does not depend on these primitives
either, and vg(q, e, p(hg)) > 0 is increasing in @, £, and e and decreasing in x, which gives
those of r*. If r. < r*, any r > r* also exceeds r., so the entrant ends below hy whenever

incumbents end above hg. [

Proof of Proposition 3. (i) From (3), ®(h; u?”)—®%(h) = aLya[rvg—(1+mgp)] = aLya (1+
magp) (1) — 1), which is nonnegative if and only if ¢» > 1, that is, by Proposition 1(ii), if and
only if p(h) > py; when the scaffolding region is empty it is negative for every h < 6, and
for h > 6 both sides equal ®;. Hence ®9 = max{®“, &(-;u”)}, with strict dominance of
®¢ on the scaffolding region. By (7) with a = 0, ®° — &y = aLymgp > 0, strictly when
h <6, p(h) > 0, and m > 0. Both branches are continuous and coincide at p(h) = p,, where
1 =1, so Y is continuous, and as the maximum of two Lipschitz functions it is Lipschitz.
A raw junior has p(h) < p, < p, and is assigned u®. (ii) At h = 0 < hy the rule assigns u®,
and p(0) = 0 gives ®9(0) = a[Ly(0) + Ly(0)] = P((0) > 0. For scalar autonomous dynamics
with Lipschitz drifts G; > G on [0,1], the comparison theorem gives hy(t) > ho(t) for all
t whenever hq(0) > hy(0), and the projection onto [0, 1] preserves this order. Applying it
with G; = ®9 — 6h and Gy € {®y — 5h, ®° — 5h, ®(-;uP) — 5h} gives the claim. (iii)
Paths are monotone and bounded, so they converge, and the order in (ii) carries over to the
limits. Uniqueness and global stability under single crossing follow from Lemma 2(i), since
®9(0) > 0. (iv) By Lemma 2(i), G = ®° — §h is positive below hf, and negative above it.
The rule coincides with u“ on [0, hy). If § < §**, then GY(hy) > 0, so hg > hy and GE > 0
on [hg, hyl; the entrant reaches hy, in finite time. Thereafter GY > G > 0 on [hy, k), and
GY9(h},) > 0, with strict inequality when hf, < 6 because h¢, then lies in the scaffolding region,
so the path converges to a zero of G9 at or above hf., strictly above it when Ay, < 6. It § > 0™,
then GY(hy) <0, so h, < hy; starting below hf, the entrant rises toward hf, under G9 = G¢
without entering the delegation phase. (v) Fix h. ®(h;u”) = ®°(h)+aLa[rvg — (1+mgp)]
is affine in r with slope aLyavg. If vg > 0 it is nondecreasing in r, so the maximum is; if
vr < 0, ®(h;uP) < ®Y(h) for every r > 0 and the maximum equals ®(h), independent of
r. Likewise ®(h;uP) — ®“(h) = aaLls(1 + mqp)(vb — 1) is affine in a, with ¢ independent
of a, so the maximum is nondecreasing in a. The comparison theorem transfers pointwise

monotonicity of the drift to paths and limits. O
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Proof of Proposition 4. In Case 1, J =0 and pr = 0, so the firm maximizes Y (h;u). From
(4),Y, = —=Cl(r)aQs < 0 for r > 0 and a@Qy > 0, s0r = 0; Y,, = —C/ (m)(1 —a)Qp < 0
for m > 0 and a < 1, so m = 0; and with »r = m =0,Y, = n, > 0, s0a = 1, at
which m affects neither output nor learning and is normalized to zero. At @ every capable
task is delegated and unreviewed, so it contributes neither learning nor mislearning, and
®(h;u) = als(h), with ®(0;u) = aLy(0) > 0 because § < 1. Write G%(h) = aLy(h) — 6h
and Go(h) = ®o(h) — oh, and recall that G* = Gq for h > 6. (i) If G* > 0 on [0,0), a path
from hg < 6 rises past 6, after which it follows the no-Al drift, which (under single crossing
of @y, as in the leading parametrization) is positive on [0, hf); it converges to hj. (ii) If
6 > h§, then for h < 0, Lo(h) > 0 and G*(h) < Gy(h); in particular G*(h$) < Go(hg) = 0.
A path starting below A} cannot cross it and converges to a zero of G* in (0, k), which
exists because G%(0) > 0. The smallest such zero is the first crossing of aLy(h) and dh;
since Ly(h) = | (26} ¢dF is nonincreasing in 6 for every h, raising 0 lowers G* pointwise and

moves this crossing down. O

Proof of Lemma 3. Fix a common allocation w(-) and its convergent path h;, along which
®;,—0 < p, as holds near a stable steady state. Differentiating (21) in h, using dw/0u = 0 and
the envelope property, and writing ;1 = u’(h)h, the firm’s costate satisfies (p + s)ur — firp =
(1 —=0)Y, + pr(®, —9), since w' = o), by (22). Its bounded solution is

HFp = / e R

t

Differentiating (20) likewise and writing M = pug + v, pM — M =Y, + pv + M(®,, — 6), so
M, = / e J lp=(@n=9)dv (Y, + pv) dr.
t

The planner’s integrand weakly exceeds the firm’s, Y, 4+ pv > (1 — 0)Y}, strictly when
oY, > 0, as in Case 2, where 0 € (0,1) and Y}, > 0; and its discount rate is weakly lower,
strictly when s > 0. Hence M; > pp;. The firm’s costate is decreasing in s and in o, while
M does not depend on either and is increasing in v, so the wedge M — up is increasing in

o, s, and v. O

Proof of Proposition 5. Write the deployment objective II(u; p) = Y (h;u) + p[®(h;u) — dh]
with the derivatives listed after (23). Because @ is linear in each control and costs are
additively separable, 11, = 74, < 0, II,, = =C/(1)aQy < 0, I, = —Cr (m)(1 — a)Qp < 0,
I, =0, I, = —C/.(r)Qs + pavgLly, and I, = C! (m)Qs — pagpLye. Moreover r enters
only through the factor a and m only through 1 —a, so I, = all,, and I1,, = —(1 — a) [4,.
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Review. If vg < 0, which holds exactly for raw juniors, I, = a[—C.L(r)Qp + pavrLy] <0
for every r > 0 and every pu > 0, so firm and planner both set » = 0. If vg > 0, the interior
review condition C/(r) = puavgLy/Qp has a solution increasing in p by convexity of C,., so
r(pr) < r(us +v). Assistance. Likewise C! (m) = pagpLy/Qy, increasing in p when p > 0.
Autonomy. At an interior optimum II, = II,, = 0 with a € (0,1) implies I1,, = Il,,, = 0
wherever r and m are interior; where r is at the corner r = 0, dr/du = 0. In either case the
indirect effects of v on I, through r and m vanish, and da/du = —®, /11,,, which is negative
wherever ®, = aLy(l + mgp)(p — 1) < 0. If ¥ < 1 at the chosen deployments for every
W€ [pur, ps + v], integrating gives a(pur) > a(ps + v); for raw juniors vg < 0 implies ¢ < 0
for every r. In the bang-bang case the factorization implies that the sign of each control’s
marginal value moves in p in the same directions, so the corners shift likewise. Finally, by
Lemma 3 the gap ug+ v — pp is increasing in s, o, and v and approaches ps + v as pup — 0,

so the divergence in deployments widens accordingly. O

Proof of Corollary 3. With r = 7 imposed and m irrelevant at a = 1, Y, = m, — C,.(T)Qq > 0,
so firms set a = 1. (i) is Proposition 2(ii) at @ = 1, for which the copilot term in (13)
vanishes. (ii) is Proposition 2(iii) at a = 1, for which the numerator of (14) equals one. (iii)

is Proposition 3(i). O

B Extensions

B.1 Two Viability Conditions: Learning versus 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 Al’s outside productivity, a financial condition that Garicano
and Rayo (2026) analyze through an expertise leverage ratio. The second is also the margin
on which juniors are hired. We show that the two conditions are logically independent and
that, in autonomy, they move in opposite directions. At the entry margin define

O (ho; u) Y (ho;u) — w(hg)

Vi(u) = ENUSE Vr(u) = - , (24)

where x > 0 is the per-period cost of sustaining the apprenticeship (training, supervision,
vacancy) and w(hg) is the entrant’s market wage under Assumption 2, so that dw/du = 0.
Learning is viable if V;, > 1, so that Al does not reduce the entrant’s learning below its

no-Al level; the arrangement is financed if Vi > 1. Under mislearning V; can be negative.
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Proposition 6 (Divergence of the two conditions). For an entrant with hg < 0, OVr/Ja =
Y,/k and sign(0Vy/0a) = sign(v(hg) — 1). Wherever Y, > 0 and ¢ (hy) < 1, raising auton-
omy moves the arrangement toward the financed column and away from the learning-viable

row, and all four configurations are attainable:

Financed (Vr > 1) Not financed (Vy < 1)

Learning-viable (V, > 1) robust ladder unfunded apprenticeship

Learning-destroying (V, < 1) hollow job collapse

Proof. Since Ow/0u = 0, OVr/0a = Y, /K, with Y, = 7, — [C,.(r) — Cy,,(m)]Qg by (4); at any
interior optimum with g > 0 in the region ¢ < 1, (23) gives Y, = —u®, > 0. Since ®¢(hy)
does not depend on a, 0V /0a = ®,(hg)/Po(ho), whose sign is that of ¥ (hg) — 1 by (8).
The output primitives (7, w, k) move Vg without affecting ®, and (r,m, e, w, &, x) move Vp,

without affecting Y, beyond the cost terms, so each cell is attainable. O

For a raw-junior entrant the review margin adds a further divergence: 0V /0r has the
sign of vr(q,e,p(hy)) < 0, while OVp/0r = —C/(r)aQy/r < 0, so mandated review lowers
both indices. The level of Vr depends on how wages are set. With frictions (o < 1) the firm
retains a surplus and the financed column is attainable. In the competitive limit (o = 1,
w = Y (hg;a)) the firm’s retained surplus is Y (ho;u) — Y (hg;u) < 0, so Ve < 1 for every
deployment: the apprenticeship is unfunded for exactly the hold-up reason of Proposition 4.
The leverage ratio of Garicano and Rayo (2026) governs the financed column and can be
comfortably satisfied by exactly the high-autonomy deployments that hollow out learning;

the two conditions are complementary halves of a single requirement.

B.2 The Wage Path under the Seniority-Contingent Rule

Section 6.1 gives wage growth within a fixed regime. Under the seniority-contingent rule the

deployment switches at h,, and the pay path bends there.

Proposition 7 (The seniority-contingent wage path). Let the firm follow the rule of Defi-
nition 3, with copilot u® = (0,-,m) below h,, and delegate-and-review u” = (a,r,m) above
it, and let pay track the deployment played, w(h) = oY (h;u?(h)) with o € (0,1]. For an
entrant with hy < hy < h; :
(i) Within phases the path is C' with w'(h) = oYy, (h;u) and growth given by (19) at the
phase’s deployment. At every seniority both phases produce less current output than

the myopic corner (1,0, -); this shortfall is the development concession of Corollary 2.
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(i1) At the switch pay jumps by
Aw(hy) = o |7(a; hy, 0) = 7(0; by, ) = @ Qo) (Co(r) = C(m) ],

which 1s positive whenever the throughput gain from delegation exceeds the net change
in per-task operating costs, and the slope changes by o[Yy,(hy; u?) =Yy, (hy; u®)]. When

the jump 1is positive, the concession is larger in the copilot phase.

Proof. (i) On each phase the deployment is constant, so w’(h) = oV}, (h;u) and (19) applies.
By (4), output is increasing in a at r = m = 0 and decreasing in r and m, so (1, 0, -) maximizes
current output and both u® and u? produce less. (i) Aw = oY (hy;uP) — YV (hy;u)];
substituting (4) and cancelling yo(h,) and the common assistance cost on the 1 —a retained
share gives the expression. The slope change follows from w’ = oY}, on each side. If Aw > 0,

Y (h;u®) < Y (h;uP) near hy, so the copilot shortfall from the myopic corner is the larger. [

The development-oriented pay path is thus a flatter junior segment, an upward step
at hy, and a steeper senior segment, the mirror image of the myopic path, whose pay is
high and flat from entry and stalls with the low steady state of Proposition 4. Empirically,
the rule 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.3 Worker Sorting under a Noisy Development Signal

The competitive benchmark imposes spot wages and no directed search. The natural market
correction is worker sorting: early-career workers value development and would accept lower
pay at firms that provide it. We ask whether directed search overturns the myopic corner, 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. Signal precision indexes how much development is observable

ex ante; Cases 1 and 3 are its two extremes.

Environment. A unit mass of risk-neutral early-career workers faces free entry of firms.
(i) Each entering firm chooses a posture, develop (D) or not (N); D costs cg > 0, the current
cost of mandated review, and raises the worker’s portable continuation value by Ap > 0,
while N costs and adds nothing. (ii) A public signal ¢ € {g,b} realizes with precision
¢ €[3,1], Pr(g | D) = Pr(b | N) = ¢. (iii) Firms post a wage and open a vacancy at cost
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cy. (iv) Workers observe wage and signal, form the posterior b(s) = Pr(D | ), and direct
their search. (v) Matching and production follow. Posture is neither postable nor verifiable.

With a fraction np of developers, Bayes’ rule gives

B np( B np(l—¢)
Ry ey s S Ll o Gy B R v

A submarket is a pair (w, <) with tightness 7, vacancies per worker. Matching is constant-
returns, increasing, and strictly concave in each argument; the worker’s job-finding rate 7(7)
satisfies n(0) =0, ' > 0, " < 0, n(o0) = 1, and lim, ., 7'(7) = 0, and the vacancy-filling
rate n(7)/7 is strictly decreasing (urn-ball and Cobb—Douglas matching qualify). A match
yields the firm flow output y > 0, net of Al operating cost, and the worker the wage plus,
in expectation, b(¢)Ap.

Competitive-search equilibrium. Workers attain a common market value U, so an

active submarket satisfies
n(T(w, g)) [w + b(g)AD} =U. (25)

A firm in signal class ¢ chooses w and 7 to maximize @(y —w) subject to (25); substituting

w, its problem becomes

-
6(6) =max{ " p) - L Py =y + b0, (26)
the value of a post whose total match value is P(s). Free entry pins U. Posts that workers
believe more likely to develop fill more easily at any wage, equivalently command a wage
discount, and that discount is the only channel through which a firm is compensated for the

portable return.

Lemma 4 (Within-submarket existence and uniqueness). For any post value P > 0 and
market utility U € (0, P), problem (26) has a unique mazimizer 7* € (0,00), and its value

G(P,U) is continuous, strictly increasing in P, and strictly decreasing in U.

Proof. Write the objective as A(1) = [p(7)P — U]/7, so N'(r) = N(7)/7% with N(7) =
Plry'(t) = n()] + U. Since <L[ry’ —n] = 7" < 0 and 71/ — 1) starts at zero, N is strictly
decreasing, with N(0*) = U > 0 and N(co) = U — P < 0 by the boundary condition.
Hence N has a unique zero 7%, which is the global maximizer. The envelope theorem gives
9G/OP = n(r*)/7* > 0 and 0G/0U = —1/7* < 0; continuity follows from the theorem of

the maximum. ]
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Lemma 5 (Market utility). Given beliefs (b(g),b(b)) and a vacancy cost ¢y below the entry

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

Proof. By Lemma 4 the expected value of an entering vacancy is continuous and strictly
decreasing in U, exceeds ¢y as U — 0, and falls below ¢y as U approaches min, P(s). The

intermediate value theorem gives exactly one U at which it equals cy . O

Posture choice. Taking beliefs as given, D lands in g with probability ¢ and N with
probability 1 — (, so the gain from developing is

I'(¢,np) = (2¢ = 1)[G(g) — G(b)] — cr, (27)

evaluated at the beliefs prevailing when a fraction np develops. Both factors of the benefit

vanish when the signal is uninformative (( = %) and when the population is homogeneous

(np € {0,1}, so b(g) = b(b)).

Proposition 8 (Sorting does not overturn the myopic corner unless the signal is precise).
In the competitive-search economy with signal precision ¢ € [1,1]:
2
1) The corner always exists. np = 0 is an equilibrium for every : worker sorting never
Y Y 9
eliminates the externality.
(i1) Full development never exists. np = 1 is never an equilibrium.
i) Threshold. There is (* € (%,1], possibly exceeding one, such that for ( < (* the corner
2
is the unique equilibrium, and for ¢ > (* interior development equilibria np € (0, 1)
exist alongside the corner. The threshold is increasing in cg and decreasing in Ap.
i) Poles. As ( — L the corner is the unique equilibrium, reproducing Case 1; as { — 1
2

the development equilibrium implements the contractible allocation of Case 3.

Proof. By Lemmas 4 and 5, T is well defined and continuous on [1,1] % [0,1]. (i) At np =0,
b(g) = b(b) =0, s0 G(g) = G(b) and I' = —cg < 0: no firm deviates to D. (ii) At np = 1,
b(g) = b(b) = 1 and again I' = —cgr < 0: a hidden deviation to N saves cg at no wage penalty.
(iii) For ¢ > 3 the posterior spread b(g) — b(b) is zero at np € {0,1} and positive in between,
and P(g)—P(b) = [b(g)—b(b)]Ap, so by Lemma 4 G(g)—G(b) is positive on (0, 1) and zero at
the endpoints. Let I'*(¢) = max,, I'({,np). At any interior np the benefit is zero at { = 3
and strictly increasing in ¢, so I'* is continuous and strictly increasing with F*(%) = —cCg.
Define ¢* by I'*(¢*) = 0 if I'*(1) > 0, and ¢* > 1 otherwise. For ¢ < ¢*, I" < 0 for all np,
so only the corner survives; for ¢ > ¢*, I'(¢, -) is non-negative somewhere in the interior and
equals —cg at the endpoints, so it has interior zeros, at which firms are indifferent. The

benefit is decreasing in ¢ and increasing in Ap, which moves ¢* accordingly. (iv) At ¢ = 2,
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[' = —cp everywhere. As ( — 1, supporting beliefs give b(g) — 1 and b(b) — 0, so the wage
discount approaches the full competitive-search value of Ap and the firm internalizes the

portable return as if it had posted a binding development contract, which is Case 3. O

The externality is therefore not an artifact of the spot-wage benchmark: the myopic
corner is an equilibrium for every signal precision, and sorting can at most add a high-
development equilibrium when the signal is precise. The relevant precision is low precisely
where the mechanism bites. The signal workers can read er ante, a firm’s development
reputation or stated programs, tracks whether review occurs, not whether it teaches, the
same observability—verifiability gap developed in Section 7. Sorting on coarse signals moves
wages on the appearance of development without disciplining its substance; allowing the

signal to be manipulated could only raise (* and strengthen the conclusion.
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