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Generative AI (GenAI) is rapidly transforming knowledge work, yet its implications for organizational hi-

erarchies remain poorly understood. Unlike earlier automation technologies, GenAI can both perform tasks

autonomously and assist human workers, while its intrinsic fallibility, the tendency to produce confident but

incorrect outputs, demands continuous human oversight. We develop a theoretical model to study how GenAI

reshapes workforce composition and organizational structure in knowledge-based hierarchies. Our analysis

highlights two deployment dimensions, namely mode (automation vs. augmentation) and location (worker

vs. expert layer), which generate a 2×2 design space whose organizational implications are not predicted by

traditional technology adoption theories. We obtain three main findings. First, GenAI’s effect on entry-level

skill requirements is critically mode-dependent. Worker-level automation leads firms to hire fewer but more

skilled workers who validate AI outputs and limit costly escalation to experts. Worker-level augmentation,

by contrast, expands workers’ effective capability, allowing firms to relax entry-level knowledge requirements

while sustaining performance. The decline in junior employment documented in recent studies therefore

reflects deployment choices favoring automation over augmentation, not an inevitable consequence of GenAI

itself. Second, expert-level deployment uniformly lowers entry-level skill requirements, regardless of whether

GenAI automates or augments. By expanding experts’ capacity to support downstream workers, it enables

organizations to employ a broader base of less specialized workers, thereby broadening entry-level access to

knowledge work. Third, organizational structure evolves non-monotonically as GenAI improves: across all

four deployment architectures, the span of control initially contracts before eventually expanding. Demand

for senior expertise may therefore remain stable or even increase during early-to-intermediate stages before

hierarchies ultimately flatten. Together, these results demonstrate that GenAI’s organizational consequences

depend on deployment design rather than adoption intensity alone, and that the same technology can upskill

or deskill the workforce depending on how and where it is deployed.
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1. Introduction

The knowledge economy, in which expertise serves as a key economic resource, has long relied on

organizational hierarchies to efficiently allocate specialized knowledge (Powell and Snellman 2004).

A canonical form is the “knowledge-based hierarchy,” in which lower-level workers handle routine

problems while escalating more complex cases to higher layers of expertise, such as those in analyst–

manager, attorney–partner, and software engineer–tech lead structures. When workers encounter

problems beyond their capacity, they turn to experts at higher levels for guidance (Garicano 2000).

The advent of Generative AI (GenAI), however, is fundamentally challenging this established

order by enabling machines to perform complex knowledge-based tasks through natural language
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interactions, potentially transforming how organizations structure their hierarchies and deploy their

workforce.

Emerging deployment patterns across industries reveal systematic variation in how GenAI is

integrated into daily workflows. In software development, AI coding agents such as Claude Code

and Cursor autonomously generate code, shifting the developer’s role from execution toward vali-

dation and integration. In creative fields, tools like Adobe Firefly and Canva’s AI features expand

users’ capabilities, allowing non-designers to produce content that previously required specialized

expertise. GenAI is also transforming expert-level roles. In professional services, AI platforms like

McKinsey’s Lilli function as virtual knowledge repositories, providing direct answers to junior em-

ployees’ queries and reducing their routine reliance on senior staff. Meanwhile, organizations are

deploying AI-powered synthesis tools to assist senior consultants and partners directly, enabling

them to rapidly retrieve firm expertise and respond to complex escalations more efficiently. This

heterogeneity reveals that GenAI is not a uniform technology; rather, it is being integrated in

fundamentally different ways that vary both in how it interacts with human ability and where it

is positioned within the organizational hierarchy.

Despite widespread adoption and intense public interest, we lack rigorous theoretical frameworks

for understanding how GenAI reshapes organizational hierarchies and the distribution of skills

within firms. Recent empirical evidence reveals striking workforce composition effects: early-career

employment has declined in the most AI-exposed occupations, while senior employment has re-

mained stable or even risen (Brynjolfsson et al. 2025a, Hosseini and Lichtinger 2025). Furthermore,

these entry-level declines are concentrated in settings where GenAI primarily automates tasks and

are much more muted where GenAI augments human work (Brynjolfsson et al. 2025a). Yet exist-

ing organizational theories cannot explain why the same technology produces simultaneous junior

displacement and senior stability, nor why these effects vary systematically across deployment

contexts. Without clear conceptual foundations, it remains impossible to predict whether a given

GenAI deployment will raise or lower skill requirements, steepen or flatten hierarchies, or displace

or preserve senior roles.

Two features distinguish GenAI from prior workplace technologies and drive the organizational

dynamics we characterize. The first is intrinsic fallibility : regardless of how GenAI is deployed,

it produces probabilistically incorrect outputs that appear authoritative—a phenomenon known

as hallucination—thereby creating a novel organizational burden of continuous human validation

(Bubeck et al. 2023, Zhou et al. 2024). Unlike rule-based automation, which either produces a cor-

rect output or fails transparently, or earlier AI systems that attach explicit uncertainty estimates

to their recommendations, GenAI’s errors are indistinguishable from correct outputs without do-

main expertise, making validation central to organizational design. Critically, validation demands
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domain knowledge: workers can verify outputs only within their own area of expertise. GenAI

therefore does not simply substitute for human knowledge; it transforms the nature of knowledge

work from execution to oversight, requiring organizations to retain the very expertise that GenAI

ostensibly replaces, not to perform tasks, but to verify them.

The second distinctive feature is deployment flexibility. GenAI can be integrated into knowl-

edge work along two dimensions: deployment mode and deployment location. Deployment mode

determines how GenAI effectiveness relates to human ability, specifically through automation or

augmentation. Under automation, GenAI autonomously executes tasks within a defined scope, and

its effectiveness is independent of users’ baseline skill. Under augmentation, GenAI extends the

user’s capability boundary beyond their intrinsic expertise, with effectiveness inherently coupled

to baseline ability. Deployment location specifies which role within the hierarchy GenAI reshapes.

In knowledge-based hierarchies, workers focus on task execution, whereas experts provide guidance

on exceptions rather than routine execution (Garicano 2000). The organizational consequences of

GenAI adoption are therefore inherently layer-dependent. At the worker level, GenAI either exe-

cutes tasks that workers would otherwise perform (automation) or operates alongside workers as a

capability amplifier (augmentation). At the expert level, GenAI either substitutes for experts as a

first-line solution provider (automation) or accelerates experts’ consultation efficiency (augmenta-

tion). Together, this two-dimensional flexibility generates a 2× 2 design space (Table 1), each cell

carrying distinct implications for workforce composition.

Table 1 GenAI Deployment Design Space

Automation Augmentation

Worker Level Task Executor Capability Amplifier

Expert Level Virtual Supervisor Communication Accelerator

The interaction between intrinsic fallibility and deployment flexibility generates organizational

dynamics that traditional technology-adoption theories do not predict. These two features play

complementary but distinct roles. Intrinsic fallibility establishes why organizational design matters

under GenAI: human oversight remains essential regardless of deployment configuration. Deploy-

ment flexibility determines how organizational consequences vary: the choice of mode and location

shapes who validates, what is validated, and how validation reshapes skill requirements and work-

force composition. Traditional automation executed rule-based tasks without probabilistic errors

requiring cognitive oversight; earlier AI systems provided predictions or recommendations but left

execution to human workers; and information and communication technologies reduced coordina-

tion frictions without performing cognitive work. GenAI uniquely combines autonomous cognitive
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execution with intrinsic fallibility and unprecedented deployment flexibility, creating organizational

design challenges and opportunities that existing frameworks cannot address.

This paper asks: How does GenAI adoption reshape organizational structure in knowledge-based

hierarchies? To answer this question, we develop a formal analytical model building on Garicano

(2000), where hierarchies emerge endogenously to economize on knowledge acquisition costs. We

incorporate three GenAI-specific elements. First, a capability parameter determines the scope of

tasks that GenAI can address. Second, intrinsic fallibility is captured by a hallucination rate that

is not mechanically tied to capability, consistent with evidence that more advanced models may

exhibit comparable or higher error rates across tasks (Zhou et al. 2024). Third, we model explicit

validation and correction time requirements that draw on scarce worker or expert labor. We analyze

four deployment architectures spanning the 2× 2 design space and characterize their effects on

optimal workforce composition, skill requirements, and managerial spans of control (i.e., the ratio

of low-level workers to high-level experts).1 Our analysis yields findings that challenge conventional

wisdom about technology-driven organizational change.

First, the effect of GenAI on entry-level skill requirements is highly mode-dependent. Under

worker-level automation, GenAI takes over routine execution, yet the firm still relies on workers to

validate AI outputs and resolve residual tasks. The firm optimally raises entry-level skill require-

ments, hiring fewer but more knowledgeable juniors to curb costly escalation to senior experts and

to ensure reliable oversight of AI outputs. Under worker-level augmentation, in contrast, GenAI

enlarges workers’ effective problem-solving range, allowing the firm to lower the knowledge re-

quirement for junior roles while sustaining performance through AI-assisted workflows; deskilling is

optimal. This distinction suggests that the decline in junior employment is not an inevitable conse-

quence of GenAI per se, but is more consistent with deployment choices that tilt toward automation

rather than augmentation, in line with emerging evidence on early-career impacts (Brynjolfsson

et al. 2025a).

Second, deployment location can be as consequential as deployment mode. Under expert-level

automation, AI-based substitutes for expert input lower the cost of escalation, so the firm opti-

mally reduces entry-level skill requirements while preserving problem-solving capacity through AI

plus expert oversight. A distinctive implication is what we term post-adoption capability insensi-

tivity : once the firm adopts expert-level automation, further improvements in GenAI capability

1 We emphasize that this 2×2 framework is an analytical decomposition of distinct organizational mechanisms rather
than a rigid product taxonomy. In practice, a single technology deployment may blend elements across cells. For
example, GitHub Copilot operates primarily as worker-level automation when generating code blocks autonomously,
but shifts toward worker-level augmentation when providing in-line suggestions during active editing. Our analytical
separation is precisely what enables the key insight: these blended deployments produce qualitatively different, and
sometimes opposing, organizational consequences depending on which mechanism dominates.
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shift queries between GenAI and human experts but leave the optimal entry-level skill threshold

unchanged within the AI-covered region. Under expert-level augmentation, GenAI accelerates ex-

perts’ handling of consultations and lowers the effective cost of accessing high-level knowledge,

with deskilling strengthening as the technology advances. Taken together, expert-level adoption

yields a clean first-order prediction: it uniformly reduces entry-level skill requirements, broadening

access to knowledge work regardless of deployment mode.

Third, departing from the conventional view that technological progress monotonically flattens

hierarchies, we uncover a robust non-monotonic evolution of the span of control across all deploy-

ment modes: the span contracts initially and expands later as GenAI advances. This implies that

even if organizations ultimately flatten, the demand for senior expertise can remain stable or even

rise during early-to-intermediate deployment stages, consistent with large-scale evidence (Brynjolf-

sson et al. 2025a, Hosseini and Lichtinger 2025). The mechanisms, however, differ by deployment

mode and location. Under worker-level automation, early automation gains reduce frontline labor

demand while leaving expert demand largely unchanged, narrowing the span of control. As GenAI

matures, induced upskilling curbs upward referrals, compresses expert demand, and widens the

span. In the other deployment modes, deskilling at the entry level takes precedence in the early

stage, increasing the volume of tasks that require expert intervention and thereby tightening the

span of control. At later stages, GenAI’s direct efficiency gains substantially reduce reliance on

expert input, and the span of control eventually widens.

Our analysis yields actionable insights for stakeholders navigating the GenAI transformation.

For firms, technology procurement cannot be decoupled from hiring strategy. Under worker-level

automation, the role of entry-level employees shifts from primary task execution to oversight and

validation of AI outputs. In this setting, organizations benefit from hiring workers with sufficient

domain expertise and judgment to detect subtle errors and escalate problematic cases appropriately.

Training should therefore strengthen workers’ ability to critically evaluate AI-generated outputs,

recognize potential failure modes, and apply domain knowledge when validating or correcting auto-

mated results. Conversely, under augmentation, firms can broaden recruitment toward candidates

with strong foundational traits but without deep technical mastery, pivoting HR criteria from peak

technical execution toward adaptability and human–AI collaborative aptitude.

Deployment decisions at the expert layer carry different implications. By expanding experts’

capacity to supervise and support entry-level workers, expert-level GenAI enables organizations

to sustain performance while lowering entry-level knowledge requirements. Critically, firms should

anticipate that demand for senior expertise may remain stable or even increase during early-to-

intermediate stages of GenAI deployment. Preemptive hierarchy flattening is therefore counterpro-

ductive, as it risks creating bottlenecks in exception handling and quality control precisely when

expert oversight becomes more critical.
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For policymakers and educators, our findings suggest that the labor-market consequences of

GenAI depend less on the overall rate of adoption than on how the technology is deployed within

organizational hierarchies. Policies that encourage augmentation-oriented applications can help

broaden participation in knowledge work, while deployments that expand expert capacity may

similarly enable firms to support a larger base of less specialized workers. Furthermore, workforce

development programs should move beyond generic AI literacy toward mode-specific curricula that

emphasize deep domain expertise for validation in automation settings versus adaptive problem-

solving in augmentation contexts.

The rest of the paper is organized as follows. Section 2 compares and contrasts our paper with

the related literature. Section 3 outlines the model setup for pre-GenAI organizations. Sections 4

and 5 analyze worker-level automation and augmentation, respectively. Section 6 examines GenAI

adoption at the expert level. We conclude in Section 7. All proofs and supplemental materials are

presented in the appendices.

2. Literature Review

Our work contributes to three research streams: the economics of organizational design and

knowledge-based hierarchies, the literature on AI’s labor market and economic impacts, and related

work on human–AI collaboration.

Our work builds most directly on the foundational literature examining how organizations struc-

ture knowledge work and allocate problem-solving across hierarchical layers.2 Garicano (2000)

establishes the seminal framework in which hierarchy emerges endogenously to economize on knowl-

edge acquisition costs: workers handle routine problems independently while escalating exceptional

cases to more knowledgeable experts, and the optimal span of control balances the benefits of

knowledge specialization against communication costs. This framework has been extended to in-

corporate product positioning (Wu 2015), heterogeneous communication technologies (Gumpert

2018), and variations in decision complexity (Bloom et al. 2014). Garicano and Rossi-Hansberg

(2006) and Garicano and Rossi-Hansberg (2015) provide comprehensive surveys.

A key insight from this literature is that technologies altering communication costs can shift the

balance between centralized and decentralized problem-solving, thereby reshaping spans of control

(Bloom et al. 2014). However, these earlier information and communication technologies (ICTs)

primarily reduced coordination and communication frictions without substituting for cognitive la-

bor or introducing systematic unreliability. GenAI differs on both dimensions: it can autonomously

2 The relationship between technology adoption, skill demand, and organizational structure is a foundational inquiry
in economics. Traditional frameworks—the skill-biased technical change hypothesis (Katz and Murphy 1992, Autor
et al. 1998), the routine-biased technical change refinement (Autor et al. 2003, Goos and Manning 2007), and the task-
based framework (Acemoglu and Autor 2011)—generally predict uniform directional effects for a given technology,
typically upskilling or the displacement of routine tasks.
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generate substantive task outputs, yet does so with non-trivial error risk that requires human

validation.

The paper most closely related to ours is Ide and Talamas (2025), which embeds AI in a competi-

tive economy of knowledge hierarchies, modeling AI as agents with an exogenously fixed knowledge

level and showing that equilibrium outcomes hinge on whether agents act autonomously as “co-

workers” or only as advisory “co-pilots.” Our paper shares this knowledge-hierarchy foundation but

introduces a mechanism absent from perfect-substitute agent models: GenAI’s intrinsic fallibility

creates an endogenous validation-and-escalation workload that reshapes workforce predictions. This

mechanism yields workforce predictions—specifically, how entry-level skill thresholds and spans of

control respond to deployment mode and location—that do not emerge from frameworks treating

AI as an error-free additional layer of knowledge.

Our theoretical predictions connect to a rapidly growing empirical literature documenting AI’s

heterogeneous effects on workforce composition and job quality. Early research on pre-GenAI au-

tomation technologies established that AI adoption can simultaneously displace workers in routine

cognitive tasks while increasing demand for workers in complementary roles (Acemoglu and Re-

strepo 2019, Acemoglu and Johnson 2023, Autor 2024). Recent empirical studies of GenAI adoption

document substantial productivity gains but reveal considerable heterogeneity across skill lev-

els and contexts. Noy and Zhang (2023) and Brynjolfsson et al. (2025b) find that GenAI tools

substantially accelerate task completion, with particularly pronounced benefits for initially lower-

performing workers. Peng et al. (2023) and Cui et al. (2024) document that GitHub Copilot enables

developers to code significantly faster, though with quality concerns that require heightened code

review. Dell’Acqua et al. (2023) show that consultants using GenAI exhibit significant productivity

improvements but face what they term a “jagged frontier”: some tasks benefit dramatically while

others see minimal gains or quality degradation.

Two recent large-scale studies provide convergent evidence of GenAI’s seniority-biased labor

market effects that are particularly relevant to our paper. Brynjolfsson et al. (2025a) report that

early-career employment declined by approximately 13% in the most AI-exposed occupations af-

ter 2022, while senior employment in those occupations remained stable or rose. Complementing

this reduced-form evidence with a firm-level adoption design, Hosseini and Lichtinger (2025) use

direct measures of GenAI adoption and show that adopting firms reduce junior employment by

roughly 9–10% within six quarters while senior employment remains largely unchanged, with ef-

fects concentrated in high-exposure occupations and driven primarily by reduced hiring rather

than separations. Taken together, these papers establish a robust empirical regularity—entry-level

opportunities can contract even as senior roles remain stable—but they are not designed to pin
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down why the effects differ across contexts. Our paper provides the missing organizational mech-

anism by endogenizing deployment architecture within the firm: not only whether GenAI is used

for automation versus augmentation, but also where it is deployed in the hierarchy and who bears

the validation and rework burden created by intrinsic fallibility. This framework offers a lens for

interpreting the seniority-biased pattern by tracing how deployment architecture shapes entry-level

skill requirements and spans of control.

Lastly, our analysis relates to a growing literature examining how human workers and AI systems

interact. Fügener et al. (2021) study “humans-in-the-loop” configurations where workers oversee

algorithmic decision-making, documenting both benefits and potential cognitive pitfalls. Wang

et al. (2024) find that less experienced workers benefit more from AI assistance, a pattern consistent

with our augmentation mode. Bastani et al. (2021) and Ibrahim et al. (2021) examine optimal

designs for human–algorithm collaboration in prediction and decision tasks. More broadly, recent

work has begun to investigate how the modality and structure of human–AI collaboration shape

creative and knowledge-intensive outcomes (e.g., Chen and Chan 2024, Hou et al. 2025, Lu and

Zhang 2025). Bastani and Cachon (2025) show that as AI errors become rarer, motivating human

vigilance can become paradoxically more expensive. Zhang et al. (2025) study a platform setting in

which human creators can delegate tasks to AI and show that hidden effort distortions can induce

excessive delegation. Dai and Taylor (2026) further show that enterprise GenAI design choices (e.g.,

temperature) interact with hidden human effort under moral hazard to endogenously shape the

optimal hallucination–creativity trade-off. Siderius et al. (2026) study a dynamic principal-agent

model in which reliance on organizational AI can erode worker expertise over time, showing that

incentive frictions can cause firms to underinvest in oversight and tolerate skill atrophy. Together,

these studies reinforce that organizations’ skill and oversight demands depend as much on how

GenAI is deployed and governed as on its raw capability. Our work complements this literature

by embedding deployment flexibility within a knowledge-based hierarchy where intrinsic fallibility

makes validation a binding organizational constraint, showing that the same GenAI technology

can produce opposite workforce effects depending on where and how it is deployed.

3. Benchmark: Pre-GenAI Organizational Structure

We construct a parsimonious model of knowledge-based hierarchy and establish the pre-GenAI

organizational structure as a benchmark. We consider a two-layer firm consisting of low-level junior

workers and high-level senior experts. While our model formally depicts a two-layer hierarchy, the

“senior expert” role structurally proxies for middle-management functions centered on exception

handling, quality assurance, and oversight. The firm faces one problem per unit of time, a nor-

malization that captures a steady-state workflow without loss of generality. The difficulty of each
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problem d is ex-ante unknown and uniformly distributed over the interval [0,1]. If the problem is

solved, the firm can produce one unit of output; otherwise, no output is produced. For simplicity,

we normalize the value of this output to 1. We assume that each worker can process one problem

per unit of time. Therefore, the firm employs one worker and n experts, which gives a span of

control (the ratio of workers to experts) of s= 1
n .

The labor market consists of individuals with varying levels of expertise, quantified by their

knowledge level x∈ [0,1], which represents an individual’s ability to solve problems up to difficulty

x. The firm perfectly observes each candidate’s knowledge level and, in an efficient labor market,

selects the precise knowledge levels needed to maximize profitability.

The worker is employed to independently handle the easier problems and seeks assistance for

more complex ones. Specifically, a worker with knowledge level x independently solves problems

with difficulty d∈ [0, x], where 0≤ x≤ 1. If the problem’s difficulty exceeds the worker’s knowledge

level, i.e., d ∈ (x,1], the worker requests help from experts, who then provide solutions, allowing

the worker to handle the problem and produce one unit of output. Importantly, the worker remains

the sole producer of output. For problems exceeding their knowledge boundary, the worker relies

on expert consultation to obtain the solution rather than delegating the task itself to the expert

for execution.

Following Bloom et al. (2014), we assume that experts possess complete knowledge over the entire

difficulty spectrum [0,1]. In the context of a two-layer hierarchy, this assumption simply implies that

all problems under consideration fall within the firm’s collective problem-solving capacity, so that

escalations represent transfers of work upward rather than unresolved uncertainty. Importantly, it

ensures that changes in organizational structure are driven entirely by endogenous reorganization

rather than by limits to top-layer competence, cleanly isolating our focal mechanism: how GenAI’s

fallibility reallocates verification and escalation burdens across layers. We relax this assumption in

Appendix E and show that our insights remain robust.

Each time a worker consults an expert, the communication process consumes tc units of the

expert’s time, where tc > 0 is the communication cost. Since the worker escalates problems with

probability 1−x and each consultation takes tc units of expert time, the firm requires n0 = (1−x)tc

experts. We assume that the communication cost tc lies within the range (0, tc), where tc =
2k

k+2w .

If tc reaches or exceeds tc, the communication cost becomes high enough that the firm would find

it more profitable to employ a worker with complete knowledge, eliminating the need for expert

support.

Drawing on the literature on hierarchical organization in the knowledge economy (e.g., Garicano

2000, Antràs et al. 2006), we assume that the firm pays an individual with knowledge level x a

wage of w + 1
2kx

2, where w is the market price of a unit of work time and 1
2kx

2 represents the
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compensation for the individual’s knowledge, with k as the knowledge premium.3 The firm’s profit

function is thus:

Π0(x) = 1−
(
w+

1

2
kx2

)
−
(
w+

1

2
k

)
(1−x)tc. (1)

The presence of experts with comprehensive knowledge ensures that any problems the firm en-

counters can be resolved, allowing the firm to maintain one unit of output per unit of time. The

term
(
w+ 1

2kx
2
)
represents the wage the firm must pay to hire one worker with knowledge level

x, while
(
w+ 1

2k
)
(1−x)tc reflects the total wage required to employ (1−x)tc experts. Here, since

the expert’s knowledge level is 1, the firm pays each expert a wage of w+ 1
2k. The firm’s objective

is to determine the optimal knowledge level x∗ for its workers to maximize profit per unit of time.

The following Lemma 1 reveals the firm’s optimal organizational structure in the pre-GenAI en-

vironment. Throughout this paper, “organizational structure” refers specifically to two endogenous

outcomes: the optimal knowledge level of entry-level workers (x∗), which determines workforce

composition, and the span of control (s∗ = 1/n), which captures hierarchical shape.

Lemma 1. In the pre-GenAI organization, the optimal worker knowledge level is x∗0 =
(k+2w)tc

2k

and the span of control is s∗0 =
1

(1−x∗
0)tc

.

Organizations face a fundamental trade-off when determining the optimal knowledge level of

workers. While lower knowledge requirements reduce worker wage costs, they simultaneously in-

crease the need for worker-expert communications, necessitating more senior positions. As shown

in Lemma 1, the optimal worker knowledge level x∗0 responds differently to changes in knowledge

premium k and communication costs tc. A lower knowledge premium reduces the cost of hiring

more knowledgeable workers, increasing worker autonomy. Conversely, lower communication costs

make it more efficient to rely on managerial consultation. This finding aligns with previous research

by Garicano (2000) and Bloom et al. (2014) on how information and communication technology

(ICT) development influences organizational hierarchies.

4. Worker-Level Automation

Having established the pre-GenAI benchmark, we now examine how the four GenAI deployment

modes reshape this organizational structure. In this section, we begin with a common deployment

mode in which GenAI autonomously executes low-level knowledge tasks that would otherwise

be performed by junior workers. We refer to this mode as worker-level automation (denoted by

subscript t). Specifically, GenAI automatically completes tasks in the interval [0, rt], where 0 <

rt < 1 represents GenAI’s automation capability, while the remaining tasks in (rt,1] are handled by

workers (see Figure 1).

3 This wage structure reflects the convex cost of acquiring knowledge at increasing levels. To satisfy participation
constraints, the firm aims to set wages that align with the costs employees incur to attain their knowledge levels.
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rt x 10

Tasks

GenAI Automation

(Worker Validation)

Worker Worker+Expert

Figure 1 Delegation of tasks under worker-level automation

To formalize the presence of hallucinations, we assume that each GenAI-automated task is solved

incorrectly with probability h, where 0< h< 1 denotes the hallucination rate. Because erroneous

AI outputs may trigger losses far exceeding the value of the task itself, such as reputational damage

or strained business relationships, we assume that the firm mandates human validation for all AI-

processed tasks to identify and resolve potential hallucinations. We treat the hallucination rate h

as an exogenous primitive independent of GenAI’s capability rt. This reflects growing evidence that

improvements in model scale or capability do not necessarily translate into lower error rates, and

that more advanced language models may exhibit equal or even higher hallucination rates across

tasks (Zhou et al. 2024). In Appendix C, we show that our main results remain robust when h is

inversely correlated with rt.

Since GenAI automates tasks in the interval [0, rt], the firm requires only (1− rt) workers per

unit of time to process the remaining tasks in (rt,1]. To mitigate the potentially severe losses

caused by hallucinations, workers are also responsible for validating all AI-completed outputs and

reworking tasks whenever hallucinations are detected. Consequently, the firm must hire workers

whose knowledge level satisfies x≥ rt. We assume that each validation consumes tv units of worker

time, while reworking a task following a detected hallucination consumes tr units of worker time.

We impose tv < 1 and tr < 1, implying that either validation or rework alone is less time-consuming

than manual task execution (normalized to one). However, we assume tv + tr > 1, so that when a

hallucination occurs, the combined effort of validation and rework strictly exceeds the time required

for manual processing. This condition captures the realistic scenario where catching and correcting

an AI error is more costly than handling the task manually from the outset, which is precisely

what makes the hallucination risk organizationally consequential. Absent this condition (i.e., if

tv + tr ≤ 1), GenAI adoption would always be optimal regardless of the hallucination magnitude.

Therefore, after GenAI adoption, the firm’s profit function is given by

Πt(x) = 1−
(
w+

1

2
kx2

)
[(1− rt)+ (tv +htr)rt]−

(
w+

1

2
k

)
(1−x)tc. (2)

Since worker validation eliminates the impact of hallucinations on the final output, the firm’s

output per unit of time remains normalized to one. The total worker time requirement [(1− rt)+

(tv + htr)rt] corresponds to the number of workers the firm must employ per unit of time. The
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term [(1− rt) + (tv + htr)rt] consists of three components: (1− rt) units of time devoted to non-

automated tasks; tvrt units allocated to validating AI-completed tasks; and an expected rework

time of htrrt when hallucinations occur. By contrast, the demand for senior experts remains at

(1− x)tc, as the probability that a worker encounters a problem beyond their knowledge level is

unchanged at 1−x, with each consultation requiring tc units of expert time.4

4.1. Impact of GenAI Advancements on Worker Knowledge

We first examine when firms should implement worker-level automation and how GenAI technology

advancements reshape organizational knowledge hierarchies.

Lemma 2. The firm should adopt worker-level automation if and only if the hallucination rate

satisfies h< ht, where ht =
1−tv
tr

for rt ≤ x∗0 and ht <
1−tv
tr

for rt >x∗0.

Lemma 2 establishes that the firm’s adoption of worker-level automation is contingent upon a

critical hallucination threshold, ht. When GenAI capability is relatively low (rt ≤ x∗0), the threshold

is given by ht =
1−tv
tr

. This condition ensures that automating tasks in [0, rt] yields a net reduction

in worker demand: the labor saved exceeds the validation and rework burden, i.e., rt > (tv+htr)rt.

However, as GenAI capability expands beyond the firm’s pre-adoption worker knowledge level

(rt >x∗0), the adoption decision becomes more restrictive. While higher rt enables the automation

of increasingly complex tasks, it simultaneously requires that the firm employ workers with a

knowledge level at least equal to rt to effectively validate AI-generated outputs. This requirement

inflates worker wage costs, making adoption more sensitive to inefficiencies caused by hallucinations.

Consequently, the hallucination threshold for adoption tightens as GenAI becomes more capable

(ht <
1−tv
tr

). This result highlights that GenAI adoption is governed by the strategic interaction

between the automation capability and the resulting organizational burden of human oversight.

Proposition 1. The optimal worker knowledge level under worker-level automation is x∗t =

max{rt,min{1, xt}}, where xt =
x∗
0

(1−rt)+(tv+htr)rt
. Moreover, x∗t increases in GenAI’s automation

capability rt and decreases in hallucination rate h, and x∗t >x∗0.

Proposition 1 shows that worker-level automation drives an upskilling effect: the firm optimally

raises entry-level skill requirements after GenAI adoption (x∗t > x∗0).
5 The mechanism operates

4 Our baseline treats capability rt and hallucination rate h as exogenous and abstracts from direct monetary adop-
tion costs (e.g., licensing, integration) to isolate the organizational mechanism. The organizational costs of GenAI
integration, including validation, rework, and consultation burdens, are modeled explicitly. Appendix D endogenizes
capability and reliability via convex investment costs and confirms that our main insights are robust.

5 Throughout the paper, “upskilling” and “deskilling” refer specifically to changes in the entry-level knowledge thresh-
old x∗: upskilling means the firm raises the worker knowledge requirement, deskilling means it lowers it. These terms
do not characterize overall skill demand in the firm, as changes in span of control can simultaneously move demand
for senior expert roles in the opposite direction.
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through a cost-ratio channel distinct from traditional skill-biased technical change. Automation

reduces the firm’s total worker-time requirement from 1 to (1 − rt) + (tv + htr)rt, lowering the

effective cost of worker knowledge per unit of output. The marginal cost of raising x, captured

by the convex knowledge premium 1
2kx

2, is now borne by fewer worker units, while the marginal

benefit from reducing expert consultations remains unchanged at (w+ 1
2k)tc per unit of escalation

probability. As a result, the firm’s optimal worker knowledge level tilts upward. Intuitively, when

automation handles routine execution, each unit of worker knowledge is leveraged over a smaller

labor base, making it cost-effective for the firm to invest in higher-quality frontline labor that

reduces costly upward referrals.

This upskilling intensifies as GenAI’s automation capability rt increases, which further reduces

the worker-time base over which knowledge costs are amortized. Furthermore, a decline in the

hallucination rate h strengthens the upskilling effect: a lower h reduces expected rework time

per automated task, reducing total worker demand and lowering the marginal cost of knowledge

investment. This comparative static may seem paradoxical: lower error rates lead to higher, not

lower, skill requirements. The driver is the cost channel: more reliable automation requires fewer

worker-hours, making the convex knowledge premium less expensive to bear, so the firm responds

by raising the skill threshold.

Beyond this cost-ratio channel, the validation mandate introduces a direct skill-floor effect: be-

cause workers must be capable of detecting errors in all AI-automated tasks, the firm is constrained

to hire workers with x ≥ rt. Figure 2 illustrates how these two channels interact to produce dis-

tinct upskilling trajectories depending on GenAI’s reliability. Under moderate hallucination rates

(Figure 2a), as GenAI capability increases, the optimal worker knowledge level shifts from the un-

constrained optimum to exactly matching GenAI’s automation capability (x∗t = rt). The skill-floor

constraint becomes binding: the labor effort required to validate and rework AI-generated outputs

is substantial enough that hiring workers with knowledge beyond rt would incur prohibitively high

wage costs relative to the marginal benefit. The firm therefore sets the worker knowledge level at

the minimum threshold required for validation. In this sense, the validation requirement ampli-

fies automation-induced upskilling: expanding the automation scope enlarges the set of tasks that

workers must be able to verify and correct. Conversely, in a high-reliability environment (Figure

2b), reliable GenAI automation drives the optimal worker knowledge level to its upper bound

of one. The traditional hierarchy collapses into a single-layer organization of fully knowledgeable

workers.

Our theoretical finding that worker-level automation induces an upskilling effect aligns closely

with the empirical evidence discussed earlier (Brynjolfsson et al. 2025a, Hosseini and Lichtinger

2025): the documented decline in junior employment among GenAI-adopting firms is consistent
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Figure 2 Impact of GenAI capability enhancement on worker knowledge level under worker-level automation

(k= 0.8, w= 0.25, tc = 0.8, tv = 0.5, tr = 0.8)

with our mechanism: automating routine execution reduces demand for low-skilled executors,

prompting firms to hire fewer but more knowledgeable workers who oversee AI outputs and reduce

costly escalations.

This mechanism differs sharply from traditional automation-driven upskilling (e.g., Acemoglu

and Restrepo 2019). In those frameworks, automation eliminates routine tasks from workers’ port-

folios, and upskilling arises because the remaining tasks are inherently more complex. Under GenAI,

by contrast, automated tasks do not leave the worker’s domain of responsibility: they return as

a validation tax that the worker must pay on every AI-executed task. The upskilling imperative

arises not from the removal of routine work but from the oversight of AI-executed work, driven

by intrinsic fallibility. Furthermore, as we show in Section 5, this upskilling outcome is specific

to the automation mode; the same technology deployed for augmentation produces the opposite

effect. This mode-dependence has no counterpart in traditional automation theories, which predict

a uniform directional skill effect for a given technology.

4.2. Impact of GenAI Advancements on Organizational Structure

We next examine how advancements in GenAI technology reshape organizational structure under

worker-level automation. In particular, we study how improvements along two fundamental dimen-

sions of GenAI (its capability to automate a broader range of tasks and its reliability in generating

correct outputs) affect the firm’s managerial span of control, defined as the ratio of junior workers

to senior experts.

Proposition 2. After the adoption of worker-level automation,

(a) When h≥ h0 or rt < r0, the optimal span of control is given by s∗t =
1−rt+(tv+htr)rt

(1−x∗
t )tc

. Further-

more, the span of control s∗t
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(1) decreases in automation capability rt on (0, r1) and increases in rt thereafter;

(2) decreases in hallucination rate h on (0, h1) and increases in h thereafter.

(b) Otherwise, when h< h0 and rt ≥ r0, the traditional two-layer organizational hierarchy collapses

into a single-layer structure composed solely of workers with complete knowledge, i.e., x∗t = 1.

Proposition 2 demonstrates a non-monotonic evolution of organizational structure in response

to GenAI advancements. Specifically, the optimal span of control exhibits a distinct “U-shaped”

trajectory as the automation capability rt increases (see Figure 3a). This dynamic stems from

the shifting dominance of two competing forces: a direct task-automating effect and an indirect

organization-upskilling effect. When automation capability is limited (i.e., at low rt), the task-

automating effect prevails: since the modest reduction in worker demand provides little incentive

for upskilling, increases in rt primarily contract the worker headcount while expert demand remains

stable, narrowing the span of control. Conversely, at high rt, the organization-upskilling effect takes

precedence. As the marginal labor savings from further automation diminish within a significantly

contracted workforce, the firm shifts its adjustment margin toward worker knowledge. To minimize

costly referrals, the firm substantially elevates the worker knowledge level. As a result, the reduction

in expert demand outpaces the decline in worker headcount, thereby widening the span of control.

Notably, as illustrated in Figure 3a, the span of control surges once rt reaches a sufficiently high

level. This is because the firm raises the worker knowledge threshold to x∗t = rt to ensure validation

and correction of increasingly complex AI outputs. Such intense upskilling effectively internalizes

the vast majority of problem-solving within the worker layer, causing the demand for senior experts

to collapse and leading to a rapid flattening of the organization.
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Figure 3 Impact of GenAI advancements on span of control under worker-level automation

(k= 0.8, w= 0.25, tc = 0.5, tv = 0.4, tr = 0.8)



Authors’ names blinded for peer review
16 Author: Organizational Adoption of GenAI

A similar non-monotonic pattern can arise as GenAI becomes more reliable (Figure 3b), although

the underlying mechanism is subtly different from that for capability improvements. When hal-

lucination rates are relatively high (h > h1), a marginal reduction in h mainly alleviates workers’

correction burden on AI-automated tasks. We refer to this channel as the direct correction-reduction

effect. This effect reduces worker labor demand more than expert demand, thereby narrowing the

span of control. Once hallucinations become sufficiently rare (h< h1), further reliability gains op-

erate primarily through the organization-upskilling channel: workers can internalize more problem

solving, reduce referrals, and drive a faster contraction of expert demand, which widens the span

of control. Importantly, the initial contraction at high hallucination rates hinges on the presence of

worker oversight. Without these frictions, improved reliability would chiefly amplify the upskilling

channel that substitutes away from experts, so decreases in h would increase the span of control

monotonically rather than producing an initial decline.

Finally, Proposition 2(b) identifies an extreme organizational regime. When GenAI is both highly

capable and sufficiently reliable, the upskilling effect becomes so strong that the firm optimally

hires workers with complete knowledge (x∗t = 1). In this case, workers can independently handle all

non-automated tasks while validating GenAI outputs, eliminating the need for expert assistance.

The traditional two-layer hierarchy therefore collapses into a single-layer organizational structure

composed solely of fully knowledgeable workers.

Overall, worker-level automation induces a staged reconfiguration of organizational structure

as automation expands. At low levels of automation, the hierarchy becomes steeper as routine

tasks are automated while expert roles remain intact. As automation deepens, firms respond by

upgrading worker knowledge, compressing the expert layer and flattening the organization. In the

limit, sufficiently capable and reliable GenAI renders expert assistance unnecessary, collapsing the

hierarchy into a single-layer organization of fully knowledgeable task executors.

5. Worker-Level Augmentation

While worker-level automation centers on substituting human effort in routine execution, GenAI

can also reshape organizations through a fundamentally different mechanism: it is embedded di-

rectly into workers’ workflows to expand their effective problem-solving capabilities beyond their

intrinsic skill endowments. In this deployment mode, GenAI operates alongside workers during task

execution, providing real-time suggestions and refinements that workers assess and incorporate,

so that outcomes are jointly produced rather than autonomously generated. Conceptually, this

pattern resembles a copilot-style use of GenAI, in which the technology augments workers’ capabil-

ities without displacing their role in the production process. We refer to this capability-amplifying

deployment as our second deployment mode, worker-level augmentation (denoted by subscript g).
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Under worker-level augmentation, workers integrate GenAI into their task execution process and

operate as a tightly coupled human–AI collaborative unit. This in-workflow integration expands

a worker’s effective capability boundary beyond their intrinsic knowledge level x, but the magni-

tude of this expansion depends jointly on the worker’s own skill and the augmentation capability

of GenAI.6 Specifically, we assume that an augmented worker can resolve problems within the

difficulty range [0, x+ rg(1− x)], where rg ∈ (0,1) denotes the GenAI’s augmentation capability.

Problems with difficulty exceeding this augmented boundary, i.e., d∈ (x+rg(1−x),1], still require

upward consultation with senior experts (see Figure 4).

x x+ rg(1−x) 10

Tasks

Worker + GenAI

GenAI Augmentation

(Expert Validation)

Worker+Expert

Figure 4 Delegation of tasks under worker-level augmentation

This formulation captures a key feature of the copilot-style augmentation: the benefits of GenAI

are inherently heterogeneous across workers. As a worker’s intrinsic knowledge level x increases,

the incremental value of GenAI assistance diminishes, because highly skilled workers already pos-

sess much of the relevant problem-solving capability. Conversely, less-skilled workers experience a

disproportionately larger expansion of their effective capability boundary from the same augmen-

tation technology. In this sense, worker-level augmentation exhibits an equalizing effect, consistent

with empirical evidence that GenAI disproportionately enhances the performance of lower-skilled

workers (Noy and Zhang 2023, Brynjolfsson et al. 2025b, Caplin et al. 2025).

However, this expansion of capability boundaries introduces a critical validation challenge. For

tasks in the augmented interval (x,x+ rg(1−x)], problem difficulty exceeds the worker’s intrinsic

knowledge level, preventing the worker from independently verifying the accuracy of the human–AI

collaborative output. As in the automation setting, we assume that solutions in this interval are

subject to hallucinations, with probability h of being incorrect. To eliminate such hallucinations,

senior experts must validate AI-assisted outputs. When errors are detected, experts intervene to

assist workers in correcting them. Accordingly, after adopting worker-level augmentation, the firm’s

profit function is given by

Πg(x) = 1−
(
w+

1

2
kx2

)
−
(
w+

1

2
k

)[
rg(1−x)(tv +htc)+ (1− rg)(1−x)tc

]
. (3)

6 Beyond expanding the capability boundary, worker–AI collaboration may also improve execution efficiency for tasks
that already fall within the worker’s intrinsic knowledge range [0, x]. We formally incorporate such a productivity
improvement in Appendix B.
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In contrast to worker-level automation, workers remain responsible for executing all tasks within

each unit of time. Therefore, the firm continues to employ one worker and incurs a total worker-

hiring cost of w+ 1
2kx

2. The total expert time requirement, [rg(1−x)(tv +htc)+ (1− rg)(1−x)tc],

determines the number of experts needed and reflects multiple managerial responsibilities. The

first component, rg(1 − x)(tv + htc), captures the oversight burden associated with human–AI

collaboration within the augmented task range: experts devote rg(1−x)tv units of time to validating

AI-assisted outputs and incur an additional expected time cost of rg(1− x)htc to assist workers

in correcting hallucination-related errors. The second component, (1 − rg)(1 − x)tc, represents

conventional expert intervention for tasks that exceed the combined capabilities of the worker

and GenAI, i.e., those in the interval (x + rg(1 − x),1]. We further assume that the worker’s

hallucination-induced rework cost is negligible under augmentation, since the worker is already

engaged in execution and the primary rework friction is the expert-worker communication time.

5.1. Impact of GenAI Advancements

Lemma 3. The firm should adopt worker-level augmentation if and only if the hallucination rate

satisfies h< hg = 1− tv
tc
.

Lemma 3 shows that firms should adopt worker-level augmentation only when the hallucination

rate h lies below a critical threshold hg. Notably, this threshold is determined solely by validation

and communication costs. The condition h< hg can be rewritten as rg(1−x)(tv+htc)< rg(1−x)tc.

The right-hand side of this inequality can be interpreted as the expert time when the worker di-

rectly consults them about problems within the difficulty range (x,x+rg(1−x)]. The left-hand side

represents experts’ working time for the same problems under GenAI augmentation, specifically the

time spent validating AI-assisted outputs and correcting hallucination-induced errors. Accordingly,

worker-level augmentation is profitable to firms if and only if the expert time devoted to mitigat-

ing hallucinations is less than the time required for direct assistance in problem-solving. Unlike

worker-level automation, where adoption hinges mainly on the net change in workers’ workload,

augmentation is pinned down by experts’ validation and communication efficiency. The reason is

that augmentation shifts the oversight burden from workers to experts.

Proposition 3. The optimal worker knowledge level under worker-level augmentation is x∗g =

(k+2w)[rgtv+(1+rgh−rg)tc]
2k . Moreover, x∗g decreases in GenAI’s augmentation capability rg and in-

creases in hallucination rate h, and x∗g <x∗0.

Proposition 3 characterizes how worker-level augmentation reshapes the firm’s optimal skill de-

mand. The central result is a deskilling effect : as firms deploy GenAI to augment frontline workers,

they optimally reduce the intrinsic knowledge required of entry-level employees (x∗g < x∗0). Under
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augmentation, GenAI operates as a capability amplifier that extends a worker’s effective problem-

solving boundary beyond their own knowledge level, thereby substituting for human expertise. By

enabling less specialized workers to handle problems that previously required higher skill levels,

the firm can sustain operational performance while economizing on labor costs. As a result, the

firm’s optimal hiring strategy shifts toward workers with lower intrinsic knowledge, with GenAI

filling the resulting capability gap.

The proposition further shows that this deskilling effect strengthens as GenAI technology ad-

vances. As augmentation capability increases, workers can rely more on AI support during exe-

cution, enabling them to handle a broader range of problems relative to their intrinsic knowledge

and reducing the marginal value of higher human expertise. Meanwhile, a lower hallucination rate

reduces the expected cost of AI-assisted work by decreasing the frequency of errors that require

expert intervention. Together, stronger augmentation capability and higher reliability reinforce the

deskilling effect, pushing the optimal worker knowledge level downward.

Under the skill-biased complementarity view, new technologies raise the productivity of highly

skilled workers and increase firms’ demand for expertise (Bartel et al. 2007). In contrast, our

research suggests that GenAI augmentation enables a different dynamic. Rather than driving up-

skilling, GenAI allows for what recent research terms “deskilling,” where specialized human ex-

pertise is increasingly substituted by AI capabilities (Kinder et al. 2024, Liu et al. 2024). Agrawal

et al. (2023) formalize this logic as the “Turing Transformation”: AI equips workers to perform

tasks that previously required extensive education and experience, shifting the competitive margin

from human expertise to human–AI collaboration.

Proposition 4. After the adoption of worker-level augmentation, the optimal span of control

is s∗g =
1

(1−x∗
g)[rg(tv+htc)+(1−rg)tc]

.

(a) s∗g decreases in GenAI’s augmentation capability rg on (0, r2) and increases in rg on (r2,1).

(b) s∗g decreases in hallucination rate h on (0, h2) and increases in h on (h2, hg).

Proposition 4(a) characterizes how worker-level augmentation reshapes the firm’s managerial

span of control as augmentation capability increases. Classic theories and recent empirical evidence

suggest that stronger augmentation should monotonically widen the span of control, as AI-assisted

workers need less expert guidance (Garicano and Rossi-Hansberg 2006, Bloom et al. 2014, Babina

et al. 2023, Hoffmann et al. 2024). Proposition 4 overturns this prediction: the relationship is

non-monotonic. When augmentation capability is limited (i.e., rg < r2), improvements in GenAI

primarily affect organizations through indirect worker skill adjustment rather than through imme-

diate gains in worker autonomy. In this regime, even modest augmentation allows firms to lower
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worker knowledge requirements to reduce labor costs. As workers become less skilled, their depen-

dence on expert guidance increases, which raises the volume of upward referrals and narrows the

span of control. We refer to this channel as the indirect organization-deskilling effect.

As augmentation capability becomes sufficiently strong (i.e., rg > r2), the dominant adjustment

margin shifts. At high levels of augmentation, AI-assisted workflows substantially enhance the

effective problem-solving capacity of workers, especially when intrinsic skill requirements are low.

In this regime, further reductions in worker skill no longer generate large increases in expert

dependence. Instead, the ability of augmented workers to resolve problems independently improves,

reducing the need for expert involvement. This direct knowledge-augmenting effect dominates,

leading to a widening of the span of control.

A non-monotonic pattern also arises with respect to improvements in GenAI reliability, as de-

scribed in Proposition 4(b). Reductions in the hallucination rate affect organizational structure

through two countervailing forces. First, higher reliability lowers the expected cost of AI-assisted

workflows, encouraging firms to further relax worker skill requirements to economize on wages;

this amplifies the indirect organization-deskilling effect and increases workers’ reliance on expert

support. Second, because experts must intervene to correct AI-induced errors, a lower hallucination

rate directly reduces the time experts spend on corrections; this direct correction-reduction effect

frees managerial capacity and enables experts to supervise more workers. When hallucination rates

are relatively high (h > h2), reductions in h mainly operate through the deskilling margin. Firms

aggressively lower worker skill requirements, which increases the frequency of expert consultations

and narrows the span of control. By contrast, when GenAI becomes sufficiently reliable (h < h2),

the correction-reduction effect dominates: expert time savings from fewer errors outweigh the in-

cremental consultation burden from lower-skilled workers, resulting in a broader span of control.

Notably, under worker-level augmentation, validation and correction are borne by experts, so the

correction-reduction effect reduces expert demand, thereby widening the span of control. This con-

trasts sharply with worker-level automation, where this burden is borne by workers, so greater

correction efficiency reduces worker demand and narrows the span of control.

5.2. Worker-Level Comparison: Automation vs. Augmentation

Having characterized worker-level automation and augmentation, we now compare the two de-

ployment modes and summarize their implications for entry-level skill requirements and hierarchy.

The central difference lies in how the two deployment modes change the knowledge required at

the entry level. Under automation, GenAI reduces the amount of entry-level labor needed for task

execution, which raises the marginal value of worker expertise: firms respond by hiring fewer but

more knowledgeable junior workers who can validate AI outputs and limit costly upward refer-

rals. Under augmentation, by contrast, GenAI partially substitutes for workers’ problem-solving
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capability during execution, allowing firms to relax entry-level knowledge requirements and keep

less-skilled junior workers productive with AI augmentation. This mode-dependent logic offers a

parsimonious interpretation of emerging evidence: for example, Brynjolfsson et al. (2025a) docu-

ment that early-career employment declines are concentrated in occupations where GenAI is used

in more automation-oriented ways, whereas entry-level employment changes are muted (and can

even turn positive) in more augmentative settings. Together, the theory and evidence suggest that

the observed decline in junior jobs is not an inevitable consequence of GenAI per se, but is more

consistent with deployment choices that push GenAI toward automation rather than augmentation.

Despite their opposite implications for entry-level skill requirements, the two deployment modes

share a common and counterintuitive prediction for hierarchy: as GenAI advances, the optimal span

of control can exhibit a U-shaped trajectory along both the capability and reliability dimensions.

Under automation, the span of control initially narrows because expert time remains necessary for

complex exceptions, while entry-level labor demand falls as the automated scope expands or as

higher reliability reduces rework frictions. As GenAI matures, stronger indirect upskilling curbs

upward referrals and compresses expert demand, widening the span of control. Under augmenta-

tion, early-stage progress encourages deskilling that increases reliance on experts, contracting the

span of control; once GenAI becomes sufficiently capable and reliable, firms rely less on experts for

consultation and oversight, and the span of control expands. Importantly, this early-stage contrac-

tion under either deployment mode is consistent with empirical evidence that junior employment

can contract while demand for senior expertise remains stable or even rises (Brynjolfsson et al.

2025a, Hosseini and Lichtinger 2025).

Finally, the two deployment modes imply different long-run endpoints. Under sufficiently capa-

ble and reliable automation, extreme upskilling can render expert oversight redundant, potentially

collapsing the organization toward a single-layer structure. Under augmentation, by contrast, hi-

erarchy persists: AI-augmented workers still require expert validation and correction when errors

arise, so augmentation yields flatter but enduring hierarchies.

6. Expert-Level GenAI Adoption

Having examined how GenAI reshapes the organizational foundation through worker-level adop-

tion, we now turn to deployment at the expert layer. In traditional knowledge-based hierarchies,

senior experts primarily function as exception handlers rather than frontline executors, serving as

repositories of advanced knowledge that support junior workers in resolving problems beyond their

expertise. Because experts’ core role is to provide support rather than to perform routine tasks

directly, our analysis focuses on how GenAI alters this support mechanism.

We consider two distinct adoption pathways. Under expert-level automation, GenAI operates as

an autonomous knowledge source that substitutes for human experts in responding to workers’
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queries. Under expert-level augmentation, GenAI acts as a capability multiplier that enhances the

efficiency of human experts in assisting junior workers.

6.1. Expert-Level Automation

We model expert-level automation (denoted by subscript e) by treating GenAI as an autonomous

knowledge repository with knowledge range [0, re], where 0< re < 1 captures GenAI’s automation

capability. When a worker with intrinsic knowledge level x faces a problem of difficulty d > x,

the worker turns to the expert layer. For problems with d ∈ (x, re], GenAI provides guidance;

for problems with d ∈ (re,1], GenAI fails and human experts supply the solutions through the

traditional communication channel. A key distinction from worker-level augmentation is that the

difficulty range that can be resolved without human-expert involvement is determined entirely by

GenAI capability re, independent of the worker’s intrinsic knowledge level x (see Figure EC.2).

Because enterprise GenAI systems remain probabilistic, we incorporate hallucination risk

through a hallucination rate h. To mitigate potential losses from authoritative but incorrect out-

puts, we assume the firm mandates human-in-the-loop validation for all AI-guided work. Specif-

ically, whenever a worker completes a task with GenAI guidance, a human expert reviews the

output and intervenes if an error is detected. Accordingly, experts spend tv per AI-guided task

for validation and, with probability h, incur an additional tc to communicate with the worker to

correct hallucination-induced errors (detailed profit functions are provided in Appendix A.3).

Lemma 4. The firm should adopt expert-level automation if and only if the hallucination rate

h< he and GenAI’s automation capability re > re, where he = 1− tv
tc

and re =
(k+2w)(htc+tc+tv)

4k .

Lemma 4 characterizes the adoption conditions for expert-level automation. Adoption is contin-

gent upon two thresholds: a reliability threshold h < he and a capability threshold re > re. The

reliability condition reflects an efficiency requirement: AI-mediated support necessarily triggers

expert validation and potential hallucination correction; hence, the expected per-task overhead

tv + htc must be strictly lower than the cost of direct expert consultation tc. Otherwise, routing

tasks through GenAI fails to generate time savings and the firm optimally refrains from adoption.

The capability condition reflects a scale requirement: if GenAI’s knowledge coverage is limited,

a substantial mass of tasks still lies beyond its capability range and continues to require direct

expert intervention. In that case, GenAI adds an intermediate step without materially reducing

expert workload. Only when GenAI covers a sufficiently broad portion of the task space does the

reduction in direct referrals render adoption profitable.

Proposition 5. The optimal worker knowledge level under expert-level automation is x∗e =
(k+2w)(tv+htc)

2k . Furthermore, x∗e is independent of GenAI’s automation capability re but increases

in hallucination rate h, and x∗e <x∗0.
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Proposition 5 characterizes the firm’s optimal choice of worker knowledge under expert-level au-

tomation. The firm reduces the knowledge requirement for frontline workers, implying a deskilling

effect (x∗e < x∗0). This contrasts sharply with worker-level automation, which drives upskilling

(Proposition 1). Intuitively, once expert knowledge can be accessed through GenAI, the firm can

economize on worker knowledge (and thus wages) while maintaining problem-solving capacity via

AI-mediated support.

A striking feature is that the optimal worker knowledge level is independent of GenAI’s au-

tomation capability re. This capability insensitivity is unique to expert-level automation and has

no parallel in worker-level adoption, where capability enhancements continuously reshape skill re-

quirements (Propositions 1 and 3). To see why, note that lowering x by one unit shifts one unit

of tasks from worker-independent execution to AI-guided execution requiring expert validation.

The wage savings from this deskilling depend on the current skill level but not on re; the added

validation cost per shifted task, tv +htc, is likewise independent of re because each AI-guided task

incurs the same oversight cost regardless of how broad the AI-covered region is. Since neither side

of the marginal trade-off involves re, the optimal x∗e is invariant to capability. By contrast, relia-

bility directly enters the trade-off: a lower hallucination rate h reduces the per-task validation cost

tv +htc, lowers the marginal cost of deskilling, and therefore decreases x∗e.

Proposition 6. After the adoption of expert-level automation, the optimal span of control is

s∗e =
1

(1−re)tc+(re−x∗
e)(tv+htc)

.

(a) s∗e exhibits a discontinuous decline at re = re and strictly increases in GenAI’s automation

capability re on (re,1).

(b) s∗e decreases in hallucination rate h on (0, h3) and increases in h on (h3, he).

Proposition 6 characterizes the organizational implications of expert-level automation. Along

the capability dimension, the key feature is a discontinuity at adoption: adopting GenAI induces

a discrete drop in worker knowledge level, increasing the mass of AI-guided tasks that require

expert oversight and then causing a sudden decline in the span of control (Figure 5a). Conditional

on adoption, since x∗e is insensitive to re, higher GenAI capability mainly shifts tasks from direct

worker-expert consultation to AI guidance. Under the low hallucination rate (h < he), the result-

ing reduction in direct consultation time dominates the added oversight burden, lowering expert

demand and making s∗e strictly increase in re.

Along the reliability dimension, Proposition 6(b) implies a non-monotonic response driven by

two forces. The direct correction-reduction effect lowers experts’ expected correction time as h falls,

which tends to expand the span of control. Offsetting this, the indirect organization-deskilling effect

strengthens as reliability improves, inducing lower x∗e and increasing the mass of AI-guided tasks
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Figure 5 Impact of GenAI advancements on span of control under expert-level automation

(k= 0.8, w= 0.25, tc = 0.8, tv = 0.3)

that require expert validation. When hallucinations are high, the deskilling channel dominates and

s∗e decreases as h falls; when hallucinations are low, the correction-reduction channel dominates

and s∗e increases with further reductions in h. This mechanism parallels the reliability comparative

statics under worker-level augmentation.

6.2. Expert-Level Augmentation

Finally, we examine expert-level augmentation (denoted by subscript u). In a knowledge-based

hierarchy, senior experts primarily create value by supplying solutions when frontline workers

face problems beyond their expertise, making worker-expert consultation time the key bottleneck.

Expert-level augmentation captures the use of GenAI to streamline this consultation process rather

than replacing experts as the solution provider. For example, GenAI can retrieve relevant informa-

tion, draft proposed solutions, or structure recommendations, enabling experts to respond more

quickly.

To formalize this setting, we model expert-level augmentation as a reduction in consultation

time from tc to (1− ru)tc, where ru ∈ (0,1) measures GenAI’s augmentation capability. This pro-

portional reduction implies an equalizing effect, where GenAI delivers the greatest time savings for

consultations that are initially the most costly. However, this efficiency gain is subject to hallucina-

tion risk h. When hallucination occurs, the expert must revert to the manual process, incurring the

original time cost tc. Therefore, the expected expert time per consultation becomes (1− ru)tc+htc

(the detailed profit function is provided in Appendix A.4).

Lemma 5. The firm should adopt expert-level augmentation if and only if the hallucination rate

h< ru.
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The firm adopts expert-level augmentation if and only if the expected consultation time un-

der GenAI is lower than the pre-GenAI benchmark, yielding the threshold h < ru. The threshold

highlights a capability-accuracy trade-off: greater augmentation capability expands the set of hal-

lucination rates for which adoption is profitable; equivalently, a lower hallucination rate renders

adoption viable even when augmentation capability is modest. The adoption criteria differ quali-

tatively across the four deployment architectures: capability can relax the reliability requirement

(expert-level augmentation), tighten it (worker-level automation), or leave it unchanged (worker-

level augmentation; expert-level automation), and may itself need to clear a minimum threshold

(expert-level automation). This heterogeneity implies that there is no one-size-fits-all adoption rule;

firms must assess adoption in a deployment-specific manner.

Proposition 7. After the adoption of expert-level augmentation:

(a) The optimal worker knowledge level is x∗u =
(k+2w)(1−ru+h)tc

2k , which decreases in GenAI’s aug-

mentation capability ru, increases in hallucination rate h, and satisfies x∗u <x∗0.

(b) The optimal span of control is s∗u =
1

(1−x∗
u)[(1−ru)tc+htc]

:

(1) s∗u decreases in GenAI’s augmentation capability ru on (0, r4) and increases in ru on (r4,1).

(2) s∗u decreases in hallucination rate h on (0, h4) and increases in h on (h4, hu).

Conditional on adoption, expert-level augmentation induces a deskilling effect: the firm opti-

mally lowers the knowledge requirement for frontline workers, because augmentation reduces the

marginal cost of relying on experts for exception handling. Moreover, as higher augmentation ca-

pability and lower hallucination rates further reduce the expected consultation time, the incentive

to deskill becomes stronger (Proposition 7(a)). Proposition 7(b) implies a non-monotonic effect of

GenAI advancements on organizational structure. Although augmentation ultimately allows each

expert to serve more workers by lowering the effective consultation time, early-stage improvements

in GenAI can initially narrow the span of control. The reason is that deskilling increases the volume

of referrals to experts, which may dominate the per-referral efficiency gain when GenAI’s aug-

mentation capability is still moderate or the hallucination rate remains high. As GenAI becomes

sufficiently capable and reliable, the direct reduction in consultation time dominates, reducing total

expert workload and expanding the span of control, producing a U-shaped trajectory.

6.3. Comparison and Cross-Layer Implications

The organizational consequences of expert-level GenAI adoption highlight that deployment location

can be as consequential as deployment mode. Although worker-level and expert-level implementa-

tions rely on the same underlying technology, their interactions with knowledge-based hierarchies

generate distinct organizational signatures.
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Automation Asymmetry: Expert-level automation exhibits a clear cross-layer reversal relative

to worker-level automation. At the worker level, automation drives upskilling by shifting junior

roles toward validation and escalation control. At the expert level, however, automation induces

deskilling. By providing an autonomous substitute for human-expert consultation, expert-level

automation lowers the marginal value of worker knowledge and allows firms to economize on entry-

level wages while preserving problem-solving capacity through AI-mediated support.

A further distinctive feature is post-adoption capability insensitivity. Under worker-level au-

tomation, capability improvements expand the scope that workers must validate and therefore

continuously push skill requirements upward. Under expert-level automation, by contrast, higher

capability mainly reallocates queries between GenAI and human experts and does not change the

firm’s optimal worker-knowledge choice within the AI-covered region. As a result, once adoption

occurs, the optimal worker knowledge level is invariant to further capability gains.

Augmentation Symmetry: In contrast to the asymmetries of automation, augmentation pro-

duces qualitatively symmetric effects across both layers of the hierarchy. Whether it expands work-

ers’ effective capability boundary or accelerates experts’ handling of consultations, it consistently

lowers the effective cost of accessing high-level expertise. This leads to a uniform relaxation of

frontline knowledge requirements, generating a deskilling effect that intensifies as the technology

advances.

Taken together, expert-level adoption delivers a clean first-order skill prediction: both automation

and augmentation deskill the frontline, lowering the entry-level skill threshold. The adjustment

paths differ: automation produces a discrete drop in skill requirements followed by capability

insensitivity, while augmentation generates a more gradual, capability-sensitive response. Both

modes also imply similar hierarchical dynamics: direct efficiency gains and endogenous deskilling

jointly drive a non-monotonic span of control, contracting initially before expanding as GenAI

advances.

7. Conclusion and Managerial Implications

This paper develops an analytical framework showing that GenAI’s organizational consequences

depend critically on deployment design: not just whether the technology is adopted, but how and

where. Building on knowledge-based hierarchy theory, the model incorporates two defining features

of GenAI: intrinsic fallibility, which necessitates continuous human validation, and deployment flex-

ibility, which allows GenAI to be integrated across both deployment modes and hierarchical layers.

The resulting predictions challenge conventional wisdom about technology-induced organizational

change while offering practical guidance for stakeholders navigating the GenAI transformation.
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7.1. Summary of Key Findings

Our analysis generates three main findings, summarized in Table 2. First, GenAI’s impact on

entry-level skill requirements is mode-dependent. Under worker-level automation, GenAI takes over

routine execution but introduces a validation burden due to intrinsic fallibility; the firm responds by

hiring fewer but more knowledgeable workers who can verify AI outputs and reduce costly upward

referrals to senior experts. Under worker-level augmentation, GenAI instead operates as a capability

amplifier that extends workers’ effective problem-solving boundaries; the firm responds by relaxing

frontline knowledge requirements and sustaining performance through AI-assisted workflows. The

observed decline in entry-level employment is therefore not an inevitable consequence of GenAI per

se, but reflects deployment choices that tilt GenAI toward automation rather than augmentation.

Second, deployment location can be as consequential as deployment mode. Expert-level GenAI

adoption uniformly lowers entry-level skill requirements regardless of whether GenAI serves as an

autonomous knowledge source (automation) or a consultation accelerator (augmentation). In both

cases, expert-level deployment reduces the marginal value of frontline knowledge by providing an al-

ternative channel for resolving problems beyond workers’ expertise, allowing firms to economize on

entry-level wages while preserving problem-solving capacity through AI-mediated or AI-enhanced

expert support. This uniform deskilling effect stands in sharp contrast to the mode-dependent

outcomes at the worker level.

Third, organizational structure evolves non-monotonically as GenAI advances. Across all four

deployment architectures, spans of control first decrease and then increase, driven by the shifting

dominance between direct efficiency gains and indirect workforce restructuring. This pattern implies

that demand for senior expertise may remain stable or even increase during early-to-intermediate

stages of deployment, even before hierarchies ultimately flatten, a prediction consistent with recent

large-scale evidence on GenAI’s seniority-biased labor market effects.

Table 2 Predicted organizational impacts across GenAI deployment architectures

Automation Mode Augmentation Mode

Worker Level Task executor
Upskilling (x∗

t >x∗
0)

Capability-sensitive
U-shaped span of control

Capability amplifier
Deskilling (x∗

g <x∗
0)

Capability-sensitive
U-shaped span of control

Expert Level Virtual supervisor
Deskilling (x∗

e <x∗
0)

Capability-insensitive
Initial drop, then increase

Communication accelerator
Deskilling (x∗

u <x∗
0)

Capability-sensitive
U-shaped span of control

Notably, we do not assume that firms can frictionlessly choose a single optimal GenAI architec-

ture in the abstract. In practice, deployment location and mode are shaped by constraints such
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as compliance regimes, liability and risk tolerance, legacy systems, and the existing distribution of

expertise. Our goal is therefore to provide a conditional design guide: given a firm’s choice of where

GenAI is embedded in the hierarchy and whether it is used primarily for automation or augmen-

tation, the model characterizes how skill thresholds and spans of control adjust as AI capability

and fallibility change. This structure yields transparent “if–then” prescriptions that firms can use

to anticipate second-order organizational consequences of a chosen deployment strategy.

7.2. Managerial and Policy Implications

For firms, our analysis offers a strategic framework for aligning technology procurement with human

capital planning. The decision to adopt GenAI cannot be decoupled from hiring strategy. First,

firms deploying GenAI for automation (e.g., autonomous coding agents or customer service bots)

face a counterintuitive skill imperative: the optimal response is to raise, not lower, entry-level

knowledge requirements. Under automation, the worker’s primary role shifts from execution to

validation of AI outputs. Firms should therefore raise technical qualification requirements for entry-

level roles, ensuring that workers possess the domain expertise to detect subtle AI hallucinations.

Failing to upskill the intake pipeline risks a proliferation of undetected errors or an overwhelming

escalation load on senior experts.

Conversely, firms prioritizing augmentation (e.g., co-pilots for writing or research) can broaden

their recruitment funnels. By deploying GenAI as a capability amplifier, firms can hire candidates

who possess strong foundational traits but lack specialized technical mastery, as the AI tool bridges

the execution gap. This suggests a strategic pivot for HR: under augmentation strategies, hiring

criteria should shift from testing for peak technical execution to assessing adaptability and human-

AI collaborative aptitude.

Finally, firms should anticipate that middle-management demand will not shrink in the near

term and may even increase during early-to-intermediate stages of GenAI deployment. Organiza-

tions that preemptively flatten their hierarchies in anticipation of future efficiencies risk creating

significant bottlenecks in exception handling and quality control during the transition period.

For junior workers, our model speaks directly to career strategy. Under worker-level automa-

tion, the returns to validation skills (the ability to detect and correct AI errors) rise sharply,

because the hallucination risk makes human verification the binding constraint on AI-automated

production. Entry-level workers in automation-heavy environments should invest in domain ex-

pertise sufficient to evaluate AI outputs, not merely to execute tasks that AI can perform. This

contrasts with the conventional advice to develop AI-complementary soft skills: our model sug-

gests that deep technical knowledge becomes more valuable, not less, precisely because someone

must verify what the machine produces. Under worker-level augmentation, the strategic calculus
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reverses. Because augmentation extends workers’ effective capability boundary, the marginal return

to intrinsic knowledge declines. Workers in augmentation-heavy environments face a different risk:

skill atrophy, as reduced demand for deep expertise may erode the human capital that currently

differentiates them from less experienced peers (Siderius et al. 2026).

For senior experts, our model delivers a nuanced career implication. The near-term outlook is

more stable than commonly feared: across all deployment modes, exception handling, validation,

and oversight demands sustain or even expand expert workloads during early-to-intermediate stages

of GenAI deployment, even as frontline execution becomes more efficient. As GenAI matures and

direct efficiency gains accumulate, the demand for senior positions will eventually moderate, but the

remaining roles do not vanish. They recenter on validation, error-correction, and judgment-intensive

oversight—tasks that remain resistant to full automation. In sectors where automation reaches

sufficient maturity to flatten the hierarchy substantially, senior experts can sustain their relevance

by evolving beyond pure exception handling toward a hybrid role that combines high-skill execution

with AI supervision, effectively serving as elite task performers who also bear responsibility for

monitoring and correcting AI-generated outputs.

For policymakers, our findings refine the policy debate beyond the binary framing of “AI displaces

workers” versus “AI augments workers.” Two policy-relevant insights emerge. First, the distri-

butional consequences of GenAI depend critically on deployment architecture, not just adoption

intensity. The observed concentration of entry-level employment declines in automation-intensive

settings (Brynjolfsson et al. 2025a) is not an inevitable consequence of GenAI but reflects specific,

and potentially redirectable, deployment choices. Policies that incentivize augmentation-oriented

development (Acemoglu et al. 2023) are well-targeted from our model’s perspective, but our results

add the nuance that expert-level deployment of any mode similarly lowers the entry-level skill

threshold. Second, training programs should be mode-specific. Our model implies that generic “AI

literacy” curricula may be insufficient: workers entering automation-heavy roles need deep domain

expertise for validation, while those entering augmentation-heavy roles need adaptive problem-

solving skills to leverage AI-expanded capability boundaries.

7.3. Limitations and Future Research

While our model provides a general framework for GenAI adoption in knowledge-based hierarchies,

its predictions are sharpest in industries characterized by verifiable correctness and high error

costs. Our mechanism hinges on the concept of hallucination, an objectively incorrect output that

requires remediation. This dynamic maps closely to domains such as software engineering, legal

services, and financial analysis, where outputs are functionally binary (correct vs. buggy; legally

sound vs. invalid) and the cost of deploying an error is non-trivial. In these settings, the trade-

off between execution efficiency and validation rigor is the binding constraint on organizational
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structure. Conversely, in creative industries (e.g., graphic design or marketing copy generation),

where hallucination may be interpreted as creativity and validation is subjective, the strict up-

skilling/deskilling dynamics we predict may be less pronounced.

Several directions for future research emerge naturally from our framework. First, extending the

analysis to multi-tier hierarchies could reveal how GenAI affects intermediate layers, particularly

middle management roles that combine execution and supervision. Second, incorporating dynam-

ics, such as learning curves, path dependence, and transition costs, would characterize whether

early adoption patterns (e.g., entry-level hollowing under automation) are self-correcting or self-

reinforcing as GenAI matures. Third, embedding our single-firm analysis in a competitive labor-

market equilibrium would characterize industry-wide wage and employment effects, addressing the

general-equilibrium feedback that our partial-equilibrium framework deliberately abstracts from.

Finally, integrating worker agency, including strategic skill investment, technology resistance, and

behavioral responses such as automation complacency, would enrich the model’s predictions about

the co-evolution of human capital and AI capability.
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