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In “We Won’t be Missed: Work and Growth in the Era of AGI,” Pascual Restrepo
tackles an essential question: what will happen to the economy and workers as AI
automation progresses? His answer: AGI can decouple economic growth from human
labor, with growth in computational resources driving progress.

We commend Restrepo for defining AGI in economic terms, enabling a rigorous
discussion about AGI’s impacts. Paired with a parsimonious and general aggregate pro-
duction function, he obtains striking predictions about a world with AGI and abundant
computing resources. Restrepo also provides two important extensions. The first models
the automation of science, which can be particularly important for growth (Romer 1990).
The second examines how wages will adjust to AGI automation: smoothly if computing
resources constrain AI adoption, abruptly if the development of better AI capabilities is
the constraint. The paper contributes valuable insights about a possible — and radical
— future.

Our comments are in four parts. We commend Restrepo’s approach to modeling
AGI, but note that (1) in practice it will likely be important to consider alternatives to
the definition of AGI presented in the paper, and (2) the paper’s production function
has important limitations, particularly the assumption of constant returns to scale in
production and utility, which rules out many important economic phenomena. For both,
we propose directions for future work. We also (3) reevaluate Restrepo’s conclusion
that AGI will benefit workers, which we consider much less assured, and finally (4)
we highlight that the assumption of exogenous increases in computing resources hides
some exceptionally important economic dynamics on the transition path to AGI.

*MIT FutureTech. †Federal Reserve Bank of NY. All authors contributed equally. We thank Zachary
Brown for excellent research assistance. The views presented here do not reflect those of the Federal
Reserve Bank of NY or the Federal Reserve System.

1



AGI definition

One key contribution of the paper is its formalized notion of “AGI" in the context of
a general economic model. For Restrepo, AGI occurs when we understand how to au-
tomate all work using a finite amount of compute. (This definition differs from more
technical definitions of AGI, which focus on cognitive capabilities rather than economic
performance (Morris et al. 2024).1) But, for some tasks, “compute-equivalent” perfor-
mance is not perfectly substitutable for human performance. For example, it is hard to
imagine that compute could replace the work done by athletes in the sports industry,
because human struggle, achievement, and connection are essential to sports’ cultural
relevance and hence economic value. In other words, when “humanness” is a bottle-
neck characteristic in the utility derived from certain goods or services, it is difficult to
conceptualize the AGI-equivalent of the corresponding work.

However, this point may not pose a serious problem, as even a relaxed notion of AGI
would be sufficient for sustaining growth. If AGI is even imperfectly substitutable with
human tasks for which the marginal product is bounded, then it can effectively achieve
full automation of production without being able to perform all human work, as defined
in the paper. To be more precise, consider the CRS aggregate production function Y =

F ({Xt(ω)}ω∈Ω}) where output Y satisfies the following restriction (Kimball aggregator):

1 = ∑
ω∈Ω

K
(

X (ω)

Y

)
,

and where K (·) is a monotonically increasing and concave function with K (0) = 0,
K (1) = 1, and K′ (0) = b > 0. In this environment, tasks ω are imperfectly substi-
tutable and are all accessory tasks: we can indefinitely grow the economy by indefinitely
growing any one task ω ∈ Ω while all other tasks (and their marginal products) remain
bounded.

This example suggests that we can use an alternative, less stringent economic defi-
nition of AGI, which is the following: AGI obtains if and only if there exists a subset
ΩB of tasks such that (i) all tasks in ΩB can be performed with finite computational
resources and (ii) F can grow indefinitely when all Xt(ω) for ω ∈ ΩB grow indefinitely.
In other words, AGI may not require the automation of all productive tasks, but rather
the automation of a subset of tasks that are sufficient for output to grow without bound.
In light of the general structure of the theory, we believe the paper can relax the premise
of what is considered to be AGI while maintaining most of the insights.

1. For an alternative economic definition, see OpenAI (2018).
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The aggregate production function

The results from Restrepo’s model are general in that they hold for a broad class of ag-
gregate production functions: those exhibiting constant returns to scale (CRS) as well as
the standard regularity conditions of monotonicity, concavity, and differentiability. But
since the economy does not feature a balanced growth path and in the limit all income
accrues to AI, we should ask whether standard growth assumptions are applicable to
a world with AGI. For example, constant returns to scale only over labor and compute
may be a strong assumption since bottlenecks from scarce factors that cannot be readily
made from human work, such as rare earth minerals, may still limit growth regardless
of AGI.2

It is also important to note that Restrepo’s aggregator function F combines both the
production technology and the utility function: it first maps tasks to the goods and services
and then maps those goods and services to consumer welfare. Even if the assumption
of constant returns to scale were reasonable for production, it may fail for consumption.
Over the long run, there is ample evidence that rising income induces consumers to shift
what they demand, e.g., towards healthcare, entertainment, education, etc., violating
CRS (Comin, Lashkari, and Mestieri 2021). There are also other important economic
phenomena that violate these assumptions: satiation points, positional goods, etc.

Another important feature the production function may not capture is self-fulfillment
through work. Suppose, as some of the basic human needs become fulfilled, individuals
shift their attention toward self-actualization in certain types of work, which lets them
satisfy their desire for creative expression or constant learning (for evidence on this rela-
tionship, see Boar and Lashkari 2021). As a result, full automation would run counter to
the fulfillment of these demands, unless AI can provide alternative tasks that substitute
for this fulfillment.

Benefits to workers

The paper emphasizes that, in the limit, the transition from no automation to complete
automation will increase productivity and make workers better off. However, it is un-
clear whether a transition from today’s partial automation to full automation would be
beneficial for workers. In particular, (Autor and Thompson 2025) point out that histori-
cally, when automation occurs disproportionately to workers’ most expert tasks, wages
fall. Society may also not function well if the wealth inequality between owners of AI

2. To recover the results of the paper, AI must not only be able to replace labor tasks, but also the use
of other factors like materials, space, and energy inputs.
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systems and workers translates to overwhelming political power for the shareholders
of AGI firms. This could produce distributive mechanisms that diverge from workers
being paid their marginal products (Restrepo’s assumption) and could lead to a need for
redistributive transfers to sustain human welfare in a world heading toward AGI.

Computing resources

Restrepo’s paper is primarily focused on the end-state of AI automation, conditional on
the premise of exogenously growing computational resources. But how much compute
will it take to develop AGI? Will it be economically sustainable to produce such large
amounts of computing? Will the mechanisms for providing computing resources more
efficiently — hardware and algorithmic improvements — be durable enough? We present
four relevant findings.

Some domains have large compute requirements. To apply AI to all problems, each
will require a sufficient amount of computing. But domains are heterogenous, and this
may be difficult in domains that experience only small improvements in AI performance
from large compute investments. For example, the best AI score to date on ARC-AGI-2
(Chollet et al. 2025), a measure of an AI’s ability to understand and apply rules it hasn’t
seen during training, is a mere 16%, compared to an average human performance of
62% (ARC Prize 2025), despite more than three orders-of-magnitude increase in models’
cost-per-task on the benchmark. Since the returns to compute diminish strongly with
scale (Kaplan et al. 2020; Gundlach, Lynch, and Thompson 2025; Thompson, Ge, and
Manso 2022), it could require many orders-of-magnitude scale-up in compute to eclipse
human capabilities in tasks like this one. This could greatly postpone AGI.

Growth in compute stock might not persist. Progress towards AGI and the economy
Restrepo describes may be further impeded by slowing compute accumulation. While
the stock of computing resources has historically grown exponentially, much of this has
been driven by efficiency improvements that have made computing dramatically more
cost-efficient (e.g., Moore’s law) (Leiserson et al. 2020). However, as Figure 1 shows, im-
provements in chip performance-per-dollar have slowed in recent decades. While GPUs
and other parallel-computing chips have maintained progress longer than CPUs through
architectural and clock-speed trade-offs, they face the same fundamental limits. And,
since current semiconductor fabrication is approaching atomic-scale limits, miniaturiza-
tion will become increasingly costly and complex (Shalf and Leland 2015). Sustaining
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Figure 1: Rate of improvement in microprocessors, as measured by (a) Annual performance im-
provement on the SPECint benchmark, and (b) Annual quality-adjusted price decline. Reproduced from
Thompson and Spanuth 2021 based on data from Hennessy and Patterson (2019) and U.S. Bureau of La-
bor Statistics (Producer Price Index: Semiconductor and Related Device Manufacturing: Microprocessors
(Including Microcontrollers)), although see Byrne, Oliner, and Sichel (2015) for a discussion of some of
the difficulties in calculating the quality-adjusted price decline.

1



exponential growth in compute will therefore require breakthroughs beyond incremental 
scaling of existing technology, which may not be realistic (Thompson and Spanuth 2021).

Algorithm progress can substitute for compute. The efficiency by which FLOPs (float-
ing point operations) are converted into progress on tasks depends on the algorithm 
that is used. Innovation in algorithms can therefore compensate for insufficient com-
pute capacity. Historically, algorithmic innovation has sometimes outstripped the pace 
of Moore’s law. (Sherry and Thompson 2021).

Figure 2 summarizes how algorithm efficiency, h ardware e fficiency, an d hardware 
scale-up have contributed to better language model performance (Ho et al. 2024). Of 
these sources, efficiency g ains f rom a lgorithms o r h ardware a re t he m ost sustainable. 
But, as mentioned above, future hardware progress is likely to be limited. And algo-
rithms themselves ultimately hit theoretical limits (Liu 2021). Absent these two sources 
of improvement, increased computing power would require proportional increases in 
cost.3 This can quickly make technically feasible automation economically unattractive 
(as discussed below).

The transition to full automation may be slow. Even if AGI makes it technically feasi-
ble to automate human labor with compute, it may be economically unattractive to do so 
for a long period. This is because today many tasks would require orders-of-magnitude 
higher cost to perform with AI than with humans. AI’s cost-per-task in these domains 
would therefore need to decline substantially before it is economically advantageous to 
invest in the compute required to automate them. But if there are technical barriers that 
mean cost-per-task declines slowly (for instance, slow rates of hardware and algorithm 
improvement, economic frictions, etc.), this could lead to the economy converging to an 
equilibrium in which compute remains bounded.

These barriers are important in practice: an analysis of tasks which are already techni-
cally feasible to automate with computer vision systems (Svanberg et al. 2024) estimates 
that it will still be cost-effective to employ human labor for decades, even if the costs of 
automation decrease by 50% annually.

3. While there would be some learning-by-doing or scale economies, such effects are too small to matter 
in this context.
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Figure 2: Contributions to improved language model performance. Improvements in the efficiency
of algorithms from 2014-2023 have been equivalent to a 22,000x scale-up in the compute used to train
language models. Improvements in hardware efficiency (for instance, from Moore’s law) accounted for a
further 45x improvement, while most of the increase in AI performance was due to increased investment
in compute. Adapted from Ho et al. 2024 with data on hardware efficiency from Del Sozzo et al. 2025.
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Implications for transition dynamics. If the growth in computing is slower than ex-
pected, then dynamics for how the economy converges towards AGI may be much more
important than the (potentially long-delayed) final AGI state. Since the pace and char-
acter of this transition will depend heavily on the economics of computing resource
provision, we strongly encourage future models to endogenize compute production.

In his discussion of the transition to AGI affects labor, Restrepo concludes that it
matters whether the binding constraint is the growth in computing resources or new AI
capabilities. If computing resources bind, the economic transition will exhibit smoother
wage adjustments (proportional to the growth in computing resources) compared to the
case where the path to AGI is constrained by progress in model capabilities.

As Restrepo highlights, these two paths are the extreme end of bottlenecks to reach-
ing an AGI economy. However, the vast heterogeneity in computing requirements and
algorithmic innovations across domains suggests that the expected transition path will
be complicated, with some tasks being limited by capabilities while others are limited
by computing resources. We encourage future work on labor dynamics to quantify the
relative importance of each type of bottleneck across tasks.

Conclusion

Restrepo’s paper provides an intuitive and valuable framework to analyze the chang-
ing relationship of labor to economic growth. There is a growing understanding that
the future of work — and perhaps the position of humanity — will look substantially
different as AI advances. We look forward to future work that applies and extends the
line of thought developed in the paper, particularly relaxing the assumptions of constant
returns to scale and exogenous computing growth.
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