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Abstract

Organizations learn over time. They build organizational capital and form beliefs

about their fundamentals. We conceptualize AI as an organizational learning technol-

ogy that promises to accelerate both forms of learning. We show that, in a large class

of firm dynamics models, the value of organizational learning technologies (VOLT)

is governed by two simple statistics: the relative size and lifespan of mature firms.

In the United States, VOLT is on the order of one GDP — implying that accelerat-

ing organizational learning could double aggregate output. Across industries, VOLT

exhibits substantial variation and is orthogonal to existing measures of AI exposure

based on adoption feasibility, complementing them in assessing AI’s potential impact.

Much of VOLT reflects increases in average firm lifespans rather than productivity, re-

vealing firm longevity as a powerful channel through which organizational learning

technologies can affect output.

1 Introduction

Organizations learn over time. They build organizational capital, becoming more pro-
ductive with age (Prescott and Visscher, 1980; Atkeson and Kehoe, 2005; Eisfeldt and Pa-
panikolaou, 2013), and form beliefs about their future fundamentals, which shape their
entry and exit decisions (Jovanovic, 1982; Pakes and Ericson, 1998). By shaping productiv-
ity dynamics and firm selection, frictions in the process of organizational learning depress
aggregate productivity (Hsieh and Klenow, 2014) and hinder the reallocation of resources
across firms (Buera and Shin, 2013; Midrigan and Xu, 2014).
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Recent advances in Artificial Intelligence (AI) promise to accelerate organizational
learning. Large Language Models (LLMs) are primarily being used as learning tools
(Appel et al., 2025; Chatterji et al., 2025a; Tomlinson et al., 2025), while AI-driven or-
ganizational memory systems — such as Glean and o9’s Digital Brain — enable firms to
build organizational capital faster by aggregating, indexing, and making retrievable in-
formation that is otherwise dispersed across the organization. In parallel, AI prediction
systems — such as Expected Parrot and Shopify’s SimGym — help forecast fundamentals
like future demand and costs, improving assessments about the viability of ideas before
they are launched. Indeed, AI agents already outperform experienced human venture
capital analysts in predicting early-stage startup survival (Vismara et al., 2025).

In this paper, we conceptualize organizational learning technologies and show that
their value is governed by two simple statistics in a large class of models of firm dynamics.
We study technologies that accelerate learning early in a firm’s life: firms accumulate
organizational capital faster — young firms’ average productivity raises to the mature
average — and learn about fundamentals earlier — potential entrants can predict which
projects are good enough to survive past maturity. We define the Value of Organizational
Learning Technologies (VOLT) as the resulting increase in aggregate output.

Specifically, we consider a class of models of firm dynamics à la Hopenhayn (1992)
with organizational learning. We define VOLT as the ratio of stationary-equilibrium out-
put in the accelerated-learning counterfactual economy to that in the factual economy,
and we show that it is determined by two statistics: the ratio of mature-to-average firm
size y, and the ratio of mature-to-average firm lifespan ℓ. Formally,

VOLT = (y · ℓ)1−ν (1.1)

where ν is the span of control parameter (Lucas, 1978) that governs decreasing returns to
scale at the firm level. The relative firm size y is larger when mature firms are relatively
more productive, either because organizational capital accumulates slowly or because
survivors are positively selected on productivity. The relative firm lifespan ℓ is larger
when young firms exit at higher rates; for example, because potential entrants can predict
less well which projects would survive past maturity.

Using 2023 U.S. establishment-level data from the Business Dynamics Statistics (BDS),
we compute VOLT under alternative definitions of maturity. As one benchmark, we de-
fine mature establishments as those in the left-censored age bin — i.e., establishments
born before 1977 and thus older than 46 years in 2023. These establishments are on aver-
age about 3 times larger than the average establishment (y ≈ 3), and they exhibit much
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lower exit rates: their implied expected lifespan is 68 years versus an average establish-
ment lifespan of 10 years (ℓ ≈ 7). Taking these statistics to the VOLT formula (1.1) with a
standard value for the span-of-control parameter ν = 0.75 (Hopenhayn, 2014) yields

VOLT ≈ (3 · 7)1−0.75 ≈ 2.

In other words, accelerating organizational learning has the potential to double U.S. GDP.
Using shorter horizons for the learning acceleration yield smaller but still sizable effects:
taking mature firms to be those older than 20 years implies a 60% increase in stationary
equilibrium output, while using a maturity threshold of 5 years implies a 22% increase in
output.

Approximately one quarter of the increase in output is driven by higher Total Factor
Productivity (TFP), while the remaining reflects a larger mass of firms, as faster learning
increases the average firm lifespan in the economy.1 This finding indicates that greater
firm longevity can be a powerful mechanism through which organizational learning af-
fects aggregate output in the class of models we consider, beyond increases in firm pro-
ductivity which have been the focus of much of the literature.

Disaggregating the VOLT across sectors reveals substantial heterogeneity. We find
that VOLTs are largely orthogonal to standard measures of LLM exposure (Eloundou
et al., 2024) revealing a rich off-diagonal pattern: sectors with relatively low exposure
often harbor large gains from faster learning, while sectors where LLMs appear relatively
easy to adopt often yield relatively modest gains.

This paper contributes to several strands of research: the assessment of AI’s transfor-
mative potential, the investigation of firm dynamics with organizational learning, and the
measurement of AI’s organizational impact.

AI’s Transformational Potential. Current debates about AI’s transformative potential (e.g.,
Agrawal et al., 2025; Chatterji et al., 2025b) have so far focused on automation of produc-
tion (e.g., Acemoglu, 2025; Ide and Talamàs, 2025; Ide, 2025; Beraja and Zorzi, 2025) —
finding modest aggregate productivity gains — or the extent to which AI’s potential to
accelerate scientific discovery (e.g., Amodei, 2024; Mullainathan and Rambachan, 2025)
can lead to explosive growth (e.g., Aghion et al., 2017; Trammell and Korinek, 2025; Jones,
2025; Restrepo, 2025; Davidson et al., 2026; Jones and Tonetti, 2026; Jones, 2026).

In this paper, we abstract from these two important channels and instead concep-
tualize AI as an organizational learning technology. We show that this complementary

1 The number of firms is important for aggregate output due to decreasing returns to scale at the firm level
(Hopenhayn, 2014).
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perspective has the advantage that the key statistics required to quantify AI’s potential
impact are readily available in existing firm-level data. The implied aggregate effects
are substantial, suggesting that AI’s macroeconomic impact through this channel can be
large.

Firm Dynamics and Organizational Learning. A foundational literature views the process of
organizational learning as an important driver of firm dynamics and heterogeneity (e.g.,
Jovanovic, 1982; Pakes and Ericson, 1998; Atkeson and Kehoe, 2005; Hsieh and Klenow,
2014; Perla and Tonetti, 2014; Arkolakis et al., 2018). Our measurement exercise is most
closely related to Atkeson and Kehoe (2005) and Hsieh and Klenow (2014).

Atkeson and Kehoe (2005) build a model of plant life cycles à la Lucas (1978) and
Hopenhayn (1992), and use establishment-level manufacturing data to infer the payments
to organization capital. They estimate that payments to organization capital are substan-
tial: roughly 4 percent of manufacturing value added and approximately one-third of the
net payments to physical capital. Hsieh and Klenow (2014) show that replacing the U.S.
plant life cycle with the Indian or Mexican one lowers aggregate manufacturing TFP by
roughly 15–25 percent, underscoring the importance of organizational capital accumula-
tion for aggregate productivity.

In this paper we ask a different question. Rather than measuring the rents accruing
to organizational capital, or asking how aggregate outcomes would change if firms accu-
mulated more organizational capital over their lifecycle, we study how aggregate output
responds when a new technology — such as AI — accelerates the process of organiza-
tional learning. In particular, in contrast to Hsieh and Klenow (2014), we do not ask what
would happen if firms learned more, but what would happen if they learned faster what
they are already learning over their lifecycle.

Measurement of AI’s Organizational Impact. A growing body of empirical work quantifies
AI’s ability to increase productivity and accelerate organizational learning. For exam-
ple, Brynjolfsson et al. (2025) find that customer-support agents equipped with genera-
tive AI assistants increased productivity by 14% on average, with the largest gains ac-
cruing to less-experienced workers. Similarly, Noy and Zhang (2023) and Dell’Acqua
et al. (2023) find that the productivity gains from generative AI are concentrated among
lower-performing workers. Recent evidence also suggests that AI can significiantly al-
ter collaboration inside organizations. In particular, Dell’Acqua et al. (2025) find that AI
allows individuals to match the performance of human teams, effectively democratizing
access to domain expertise.

We complement this literature by measuring AI’s aggregate potential for economic
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impact as an organizational learning technology. Rather than asking how much existing
AI tools improve performance in different organizational settings, we ask a complemen-
tary question: How much can organizational learning technologies potentially increase
aggregate output, and how do the resulting gains vary across sectors? Our results high-
light that AI’s impact may arise not only through the within-organization productivity
gains emphasized in this literature, but also through lifespan effects that increase the
equilibrium mass of active firms. Our analysis also shows that both the productivity and
lifespan effects are subject to general equilibrium dampening — driven by decreasing re-
turns to organizational capital — which can render economy-wide effects significantly
smaller than micro-level estimates suggest.

2 Model

In this section, we lay out a class of models of firm dynamics that we use to measure the
value of organizational learning technologies (VOLT). The models in this class are similar
to the canonical framework of Hopenhayn (1992) — where firm heterogeneity, entry, and
exit are central — but also incorporate organizational learning. Section 5 discusses several
extensions of this class of models.

2.1 Firm Types

Time is discrete, indexed by t ∈ {0, 1, . . . }. A firm’s type is a deterministic sequence
S = (S0, S1, . . . ), where Sk is the firm’s state at age k. The firm does not know its type, but
it perfectly learns its state Sk upon reaching age k. The state vector can be decomposed
as Sk = (zk, ωk), where zk is the firm’s productivity at age k, while ωk is an informational
state that summarizes all relevant history up to age k. In particular, ωk captures the firm’s
beliefs about its underlying type: the future sequence of states it will experience if it stays
in the market.

Following the reduced-form approach in Atkeson and Kehoe (2005), we treat the type
S as capturing all the firm-specific factors that shape productivity over a firm’s life cycle.
Also following the literature (e.g., Prescott and Visscher, 1980; Grant, 1996; Atkeson and
Kehoe, 2005; Argote, 2012; Eisfeldt and Papanikolaou, 2013), we refer to the collection of
internally accumulated, non-tradable assets driving firm productivity zk as organizational
capital.

We model firm types as deterministic sequences — albeit unknown to the firm —
rather than the more standard approach of specifying a stochastic productivity process
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and a particular model of belief formation. This formulation has three advantages. First,
it is general: our analysis applies to a wide range of environments with varying learning
and productivity dynamics. Second, it provides a natural way to conceptualize changes
in organizational learning technologies. Third, it makes transparent the key assumptions
behind our main sufficient statistic result.

2.2 Firm Production and Exit Choices

Each active firm i operates with a firm-specific productivity zi and labor ni. The produc-
tion technology exhibits decreasing returns to scale:2

yi = zinν
i , with ν ∈ (0, 1).

Following Lucas (1978), we interpret ν as a span of control parameter.3 As in classical
models of firm dynamics and organizational capital (Hopenhayn, 1992; Atkeson and Ke-
hoe, 2005), labor is freely mobile across firms in each period and the decision of how much
labor ni to hire is static.4 The firm observes its productivity zi before choosing ni, and its
static problem is maximizing variable profits

πi = pzinν
i − ni,

given output price p, where we normalize the wage to 1. The firm’s optimal labor, output
and variable profits are thus:

n∗ (zi) = (pνzi)
1

1−ν , y∗ (zi) =
1
pν

n∗
i (z) and π∗ (zi) =

1 − ν

ν
n∗

i (z) , (2.1)

which are proportional to its effective productivity z
1

1−ν

i . For brevity, from now on we

refer to z
1

1−ν

i simply as firm i’s productivity.
At the end of each period, after signals have been realized and production has oc-

curred, each firm decides whether to continue to the next period or exit. Let V(Sk) denote

2 This specification is a reduced-form representation of a more general production function ẑiF(ni, Ki),
where Ki represents other inputs such as capital and intermediates and F is homogeneous of degree ν.
If the ratio of these inputs to labor is constant (e.g., due to constant relative factor prices), they can be
absorbed into an effective productivity term zi = ẑiF(1, Ki/ni) so that yi = zinν

i .
3 Alternatively, the decreasing returns at the firm level could originate in the demand side of the market,

as in Dixit and Stiglitz (1977) and Melitz (2003) (see Hopenhayn, 2014).
4 In Section 5.2, we consider deviations from perfect mobility of labor and static optimization that may

arise from, for example, adjustment costs, learning by doing, or borrowing constraints.
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Figure 1: Two possible productivity sequences. The solid lines correspond to ages in
which the firm is active. The gray dashed lines illustrate the productivities that the firms
would have had beyond the age at which they exit.

the value of a firm at the beginning of age k given its state Sk. Each period, the firm earns
current profits and then chooses whether to continue operating or exit. The firm’s value
function therefore satisfies:

V (Sk) = π∗(zk)− f + β max (0, E [V (Sk+1) | Sk]) , (2.2)

where f denotes the fixed cost of operation, the expectation uses the firm’s beliefs about
future productivities conditional on its state Sk, and β < 1 is the discount factor. Each
firm exits the first time the expected continuation value (the expectation term in Equation
2.2) falls strictly below the outside option (normalized to zero). This induces a realized
lifespan ℓ (S) for every underlying type S.

As we will discuss in Section 2.4, guaranteeing the existence of a stationary equilib-
rium in this class of models disciplines the fixed cost f so that ℓ(S) is an intrinsic property
of type S. In particular, ℓ(S) is independent of equilibrium objects such as the price p, and
instead depends solely on primitives associated with type S. Figure 1 illustrates possible
productivity sequences of firms that exit at different ages.
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2.3 Organizational Learning

We introduce an age threshold τ to partition firms into “young” (age k ≤ τ) and “mature”
(age k > τ). We also partition the set of all types S into two disjoint sets:5

• Exitors S≤τ := {S ∈ S | ℓ (S)− 1 ≤ τ}: The set of types that exit while young.

• Survivors S>τ := {S ∈ S | ℓ (S)− 1 > τ}: The set of types that survive to maturity.

We consider two forms of organizational learning beyond the learning captured by the
information states ωk. The first one captures learning in the form of organizational capital
accumulation that leads to increases in firm-specific productivity over time. Formally, we

summarize survivors’ effective mature productivity by z
1

1−ν
surv, implicitly defined by:

Eµ

[
ℓ(S)−1

∑
k=τ+1

(
zk (S)

1
1−ν − z

1
1−ν
surv

)
| S ∈ S>τ

]
= 0. (2.3)

In other words, z
1

1−ν
surv is the constant per-period productivity that would yield the same

total expected mature output as in the factual economy, holding lifespans fixed.6

Similarly, even if exitors choose to leave the market before maturity, we can summa-

rize their counterfactual effective mature productivity by z
1

1−ν
exit , implicitly defined by:

Eµ

[
ℓ∗(S)−1

∑
k=τ+1

(
zk (S)

1
1−ν − z

1
1−ν
exit

)
| S ∈ S≤τ

]
= 0 (2.4)

where, for each exitor type S, ℓ∗(S) denotes its counterfactual lifespan if it was forced
to survive to maturity. In other words, letting k∗(S) be the first age k > τ at which the
expected value of continuing falls below the outside option, ℓ∗(S) := k∗(S) + 1.

Assumption 1. (Organizational Capital Accumulation). If survivors and exitors were en-
dowed with their respective effective mature productivities during youth, their expected cumula-
tive output while young would be higher:

Eµ

[
τ

∑
k=0

(
z

1
1−ν
surv − zk (S)

1
1−ν

)
| S ∈ S>τ

]
≥ 0 and Eµ

[
τ

∑
k=0

(
z

1
1−ν

exit − zk (S)
1

1−ν

)
| S ∈ S≤τ

]
≥ 0

5 Type S exits at age ℓ(S)− 1, so it exits at age k ≤ τ if ℓ(S)− 1 ≤ τ.
6 To see this mapping between productivity and output, note that, by Equation 2.1, zk (S)

1
1−ν − z

1
1−ν
surv =

1
pν (yk(S)− ysurv), where ysurv denotes the optimal output of a firm with productivity z

1
1−ν
surv. Hence,

Eµ

[
∑
ℓ(S)−1
k=τ+1 (yk (S)− ysurv) | S ∈ S>τ

]
= 0.
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The second form of organizational learning relates to learning about fundamentals:
potential entrants can partition the set S of all possible types into a collection of subsets.
Upon entry, an entrant draws a type according to µ from the subset in this collection
with the highest expected value. We interpret entry as resulting from effort devoted to
idea generation. Choosing a subset corresponds to directing this effort toward generating
ideas from that subset. For now, we assume that potential entrants can identify only a
single subset — namely, the full set S — and that the expected present value of drawing
a type from this set is positive. Under this assumption, entry is optimal.

We also assume that survivors are positively selected: firms that survive to maturity
are both more productive and more valuable than those that exit earlier. This assump-
tion guarantees that, in our counterfactual experiment in which entrants can differentiate
between exitors and survivors, entrants prefer survivor types.

Assumption 2. (Survivors Are Positively Selected). Survivors are positively selected on (i)
their expected value derived from their youth:

Eµ

[
k′

∑
k=0

βkzk (S)
1

1−ν | S ∈ S>τ

]
≥ Eµ

[
k′

∑
k=0

βkzk (S)
1

1−ν | S ∈ S≤τ

]
for any k′ ≤ τ,

(ii) their expected value upon reaching maturity Eµ [V (Sτ+1) | S ∈ S>τ] ≥ Eµ [V (Sτ+1) | S ∈ S≤τ],

and (iii) their mature productivity z
1

1−ν
surv ≥ z

1
1−ν

exit .

This assumption captures the idea that early exit disproportionately removes firms
with weak organizational capital or poor growth prospects, and is consistent with the
empirical regularity that mature firms are substantially larger and more productive than
young firms (Hsieh and Klenow, 2014).

2.4 Stationary Equilibrium

A continuum of firms enters the economy in each period, with the mass of entrants nor-
malized to one. We interpret this entry as resulting from a fixed flow of new ideas gener-
ated by potential firm owners in each period.7

To guarantee a well-defined stationary distribution, we require that firm lifespans are
finite: ℓ(S) < ∞ for all S ∈ S . This condition disciplines the fixed cost f , because exit
decisions not only depend on the sequence S but also on the equilibrium price p. In
particular, variable profits π are proportional to p

1
1−ν . Hence, to guarantee ℓ(S) < ∞ for

7 In Section 5.1, we consider an alternative specification in which the flow of entrants — equivalently, the
arrival rate of new ideas — is endogenous.
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all S ∈ S regardless of which subset of types in S enter the market or the properties of
demand, the fixed cost f must also be proportional to p

1
1−ν . In this case, assuming that

every type S eventually exits for a given price (e.g., the price realized when the set of all
types S enters) is enough to guarantee that ℓ(S) < ∞ for all S ∈ S at all price levels.

In a stationary equilibrium, the cross-sectional distribution of firms at any point in
time mirrors the dynamic evolution of a single cohort.8 In particular, the stationary mass
M of active firms equals the expected lifespan ℓ̄:

ℓ̄ := Eµ [ℓ (S)] = M.

Moreover, the cross-sectional aggregate of any flow variable x — for example, output or
labor — is equal to the expected lifetime flow of the representative cohort:

X = Eµ

[
ℓ(S)−1

∑
k=0

xk (S)

]
.

2.5 Aggregate Demand

We take the aggregate demand expenditure to be fixed at a given level E:

pY = E. (2.5)

This condition is consistent with two different interpretations of our model. First, we can
interpret it as that of an aggregate economy where the labor supply is constant, and thus
aggregate expenditure pY must be fixed. Indeed, in this class of models, labor income
is a constant fraction of output, N = νpY, so a fixed labor supply N implies a fixed
expenditure pY. Second, as we discuss in Section 4.3, we can interpret our model as that
of a small open economy or industry facing a demand function with unit elasticity, for
example as when aggregate output is a Cobb-Douglas aggregator across industries. In
this case, the labor that is allocated to each industry is also constant.9

8 This result is a direct application of the stationary population (Palm) identity.
9 In Section 5, we consider an extension in which aggregate demand is given by pθY = E, where θ can

capture different elasticities of labor supply (in the aggregate economy) or output demand (in the case of
a small open economy or an industry).
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3 VOLT: A Sufficient Statistic Result

We now describe our counterfactual experiment where a technology accelerates organi-
zational learning, and derive a sufficient statistic result for the value of organizational
learning technologies (VOLT).

3.1 Accelerating Organizational Learning

We capture a technology’s effect on organizational learning through faster accumula-
tion of organizational capital and improved prediction about fundamentals before entry.
Combining both learning channels preserves the optimal exit decisions of all entrants, al-
lowing us to use observed life-cycle dynamics to evaluate it. In Section 5, we discuss the
extent to which the effects of these two learning channels can be disentangled.

3.1.1 Accelerating organizational capital accumulation

The technology accelerates a firm’s organizational capital accumulation while young.
Specifically, it changes each firm’s productivity at age k ≤ τ to zc

k(S) ≥ zk(S). We leave
the magnitude of this increase unrestricted, subject to three constraints designed to isolate
the mechanism and discipline its magnitude.

First, to ensure that the acceleration of organizational capital remains independent
from the acceleration of learning about fundamentals, we require the map zc

k : S → R to
depend solely on the information state ωk. This guarantees that observing zc

k(S) at age k
reveals no information that is not already in the firm’s information set at that age.

Second, we discipline the counterfactual by imposing an aggregate consistency con-
dition on the counterfactual productivities: Average youth productivity cannot exceed
the productivity level that is eventually reached by mature firms who have accumulated
organizational capital. We formalize this constraint by treating the effective mature pro-

ductivities z
1

1−ν
surv and z

1
1−ν
exit (defined in Equations 2.3 and 2.4) as upper bounds on average

youth productivity in the accelerated learning counterfactual, in the sense that:

Eµ

[
τ

∑
k=0

(
z

1
1−ν
surv − zc

k (S)
1

1−ν

)
| S ∈ S>τ

]
≥ 0 and Eµ

[
τ

∑
k=0

(
z

1
1−ν
exit − zc

k (S)
1

1−ν

)
| S ∈ S≤τ

]
≤ 0

(3.1)
To capture the full potential of organizational learning, we assume these bounds are
reached — that is, that both weak inequalities in Equation 3.1 hold with equality. In other
words, the expected counterfactual output of survivors and exitors while young equals
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Figure 2: Possible counterfactual productivity paths for a survivor and an exitor firm type
when the maturity threshold is τ = 10.

what they would produce if their average productivity throughout their youth was their
effective mature productivity.

Third, we require that the expected discounted counterfactual cumulative output of
survivors while young is at least as large as that of exitors:

Eµ

[
k′

∑
k=0

βkzc
k (S)

1
1−ν | S ∈ S>τ

]
≥ Eµ

[
k′

∑
k=0

βkzc
k (S)

1
1−ν | S ∈ S≤τ

]
for any k′ ≤ τ. (3.2)

This condition ensures that the counterfactual productivity process does not overturn the
assumption that survivors are positively selected in the factual economy (Assumption 2).
Specifically, it excludes counterfactual productivity profiles that front-load output for ex-
itors relative to survivors so much that, despite their lower effective mature scale, exitors
attain a higher present value of output.

Assumptions 1 and 2 ensure that a map zc
k : S → R satisfying these constraints exists.

For example, setting zc
k(S) = zk(S) + δ≤τ for each S ∈ S≤τ and zc

k(S) = zk(S) + δ>τ for
each S ∈ S>τ — where δ≤τ and δ>τ are such that the inequalities in Equation 3.1 hold
with equality — satisfies them. In particular, Assumption 1 guarantees that both δ≤τ ≥ 0
and δ>τ ≥ 0, while Assumption 2 ensures that δ>τ ≥ δ≤τ and Equation 3.2 holds. Figure
2 illustrates a simple example of valid counterfactual productivity paths.

We interpret this counterfactual as a reduced-form representation of a technological
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shift. While in practice firms may actively invest resources to build organizational capi-
tal, our model treats the productivity sequence as an intrinsic characteristic of the firm’s
type. Consequently, we abstract away from the specific production function of learning
— e.g., whether the new technology acts as a substitute or complement to existing learn-
ing inputs, or how it alters the costs associated with knowledge accumulation. Instead,
we focus solely on the output gains realized when a technology allows firms to accumu-
late organizational capital faster while young.

AI and organizational capital. An important constraint on organizational growth is the dif-
ficulty of transferring and preserving tacit knowledge — the “know-how” that resides
in individuals and is difficult to articulate, store, or share (Polanyi, 1966; Nonaka, 1994;
Garicano, 2000). This constraint may be particularly binding early in a firm’s life cycle,
when organizational routines have not yet stabilized and learning often relies on noisy, ad
hoc feedback rather than substantial accumulated experience and codified practices (e.g.,
Nelson and Winter, 1985; March, 1991; Grant, 1996). As a result, organizational capital
traditionally accumulates slowly (Atkeson and Kehoe, 2005; Hsieh and Klenow, 2014).

AI has the potential to relax these constraints by allowing to convert dispersed tacit
knowledge into scalable organizational assets. For example, Brynjolfsson et al. (2025) find
that generative AI can capture the tacit behaviors of a firm’s top performers — such as
nuanced communication styles and diagnostic intuition — which are typically difficult
to codify into explicit rules. By disseminating these best practices via real-time sugges-
tions, AI can effectively scale the knowledge of the firm’s most skilled agents across the
organization.

Similarly, AI-powered enterprise knowledge platforms — such as Glean or o9’s Digital
Brain — aggregate information from emails, documents, code repositories, dashboards,
and operational logs, making past decisions, workflows, and problem-solving routines
retrievable at low cost. This facilitates knowledge transmission, replication, and storage,
helping young firms to scale effective practices before they are fully institutionalized.
These platforms may also help slow down organizational forgetting (Argote et al., 1990)
and reduce the erosion of managerial quality that typically occurs when practices are
transmitted informally or left undocumented (Bloom et al., 2016). In addition, AI can ac-
celerate early-stage feedback by allowing firms to extract more information from limited
experience (Agrawal et al., 2022).
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3.1.2 Accelerating learning about fundamentals

The technology accelerates learning about fundamentals before entry. It allows potential
entrants to predict which types are good enough to survive past maturity. As such, it
allows them to partition the set of types S into “bad types” S≤τ who exit before maturity
and “good types” S>τ that reach it. This lets entrants direct their idea-generation effort
toward searching within a particular subset of types.

We emphasize two features of this learning acceleration. First, consistent with an in-
terpretation that the technology is trained on factual data about firm exits — but not
underlying profitability — the technology does not allow potential entrants to differenti-
ate between different survivor types. This assumption is conservative: If the technology
allowed entrants to know which types in S>τ have the highest expected present value,
then our VOLT estimates would be a lower bound on the value of the resulting learning
acceleration.

Second, the technology improves inference about fundamentals pre-entry, but pre-
serves the information structure post-entry. Formally, the mapping from states Sk to in-
formation ωk remains as in the factual economy. This restriction is important because
accelerating post-entry learning could endogenously alter exit decisions of both exitors
and survivors — possibly causing some firms to exit earlier and others later — in ways
that cannot be disciplined by the observed factual data. In contrast, as we show in Section
3.2 below, the acceleration of organizational learning that we consider does not change the
exit decisions of survivors, and this is the key behind our sufficient statistic result.

AI and learning about fundamentals. This form of acceleration captures AI’s growing ability
to generate early, low-cost signals about a firm’s long-run prospects — signals that, ab-
sent AI, would only be revealed gradually through experience. In the factual economy,
firms learn about their underlying type through realized performance: demand realiza-
tions, cost shocks, operational frictions, and survival itself serve as noisy and delayed
signals about long-run fundamentals. As a result, both firms and investors must rely on
prolonged experimentation to distinguish viable from non-viable business models.10

AI may relax this constraint by enabling potential entrants to simulate, forecast, and
stress-test key aspects of their business before entry. A growing class of AI prediction and
simulation tools allow firms to obtain years of market feedback using synthetic environ-
ments and large-scale data.

10 Entrepreneurship training and accelerator programs are often explicitly designed not only to improve
outcomes for high-potential ventures, but also to encourage “fast failure” among ventures with poor
long-run prospects (Cohen et al., 2019; Bailey et al., 2026).
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For example, Expected Parrot uses agent-based consumer simulations to forecast de-
mand and evaluate pricing or product designs; Kruncher automates due-diligence ana-
lytics in private markets to assess startup viability; and SimGym deploys AI-generated
shoppers to simulate browsing and purchasing behavior, allowing firms to test product
presentation and customer experience prior to interacting with real consumers.

These tools generate coarse but informative signals that help distinguish business
models that are viable from those that are not. Consistent with this interpretation, recent
evidence shows that AI agents already outperform experienced human venture capital
analysts in predicting which early-stage startups survive (Vismara et al., 2025).

3.2 VOLT Definition and Sufficient Statistic

We measure the Value of Organizational Learning Technologies (VOLT) as the increase in
stationary equilibrium aggregate output that results from accelerating the first τ years of
learning. Formally,

VOLTτ :=
Yc

τ

Y
,

where Y is the stationary aggregate output in the factual economy and Yc
τ is the stationary

aggregate output in the counterfactual economy with maturity threshold τ.
For the result that follows, we define the statistics yτ and ℓτ as the ratio of mature

to average firm size and lifespan in the factual economy. Specifically, the statistics are
yτ := ȳ>τ/ȳ and ℓτ := ℓ̄>τ/ℓ̄, where ȳ and ȳ>τ are the average output of all firms and
mature firms, respectively, while ℓ̄ and ℓ̄>τ are their average lifespans.11

Proposition 1. (VOLT Sufficient Statistic) The Value of Organizational Learning Technologies
(VOLT) is determined by two statistics: the ratio of mature to average firm size, yτ, and the ratio
of mature to average firm lifespan, ℓτ. In particular,

VOLTτ = (yτ · ℓτ)
1−ν (3.3)

given span of control parameter ν ∈ (0, 1).

A high value of yτ indicates that mature firms are substantially more productive than
young firms. This gap can arise because organizational capital accumulates slowly — so

11 We refer to yτ as the ratio of mature to average firm size because the first-order condition 2.1 implies yτ =
nτ = n̄>τ/n̄, where n̄ and n̄>τ are the average employment of all firms and mature firms, respectively.
This equivalence may not hold when marginal products of labor are not equalized across firms, a question
we return to in Section 5.2.
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firms spend many early years operating far below their mature productivity — or because
survival is highly selective, so that only exceptionally productive firms reach maturity.

A high value of ℓτ reflects that exit among young firms is substantially higher than
among mature firms. This is symptomatic of an economy where entrants cannot predict
well which firm types are good enough to survive past maturity. In such an environment,
technologies that accelerate learning about fundamentals have large effects on aggregate
output because they reallocate entrants toward firms with substantially longer lifespans.

Proof of Proposition 1. As is standard in models with decreasing returns to scale at the firm
level, we can aggregate the firm-level production function (2.1) to obtain:12

Y = (ZM)1−ν Nν, (3.4)

where M is the mass of active firms in stationary equilibrium, and Z := 1
M

∫ M
0 z

1
1−ν

i di is

the cross-sectional average of firm productivity z
1

1−ν

i . The product ZM can be understood
as the aggregate stock of organizational capital in stationary equilibrium: it is the average
organizational capital per firm, Z, times the number of active firms, M.

Given that equilibrium employment N is fixed (see Section 2.5), aggregate output com-
parisons reduce to comparisons of organizational capital. In particular:

VOLTτ :=
Yc

τ

Y
=

(
Zc

τ

Z
· Mc

τ

M

)1−ν

.

Computing VOLTτ therefore requires evaluating only two objects: the ratio of average
productivities Zc

τ
Z and the ratio of firm masses Mc

τ
M in stationary equilibrium.

The key property of the counterfactual that leads to Proposition 1 is that firm exit
choices of the firms that enter the counterfactual remain exactly as in the factual. This
allows us to express the ratio of counterfactual to factual aggregates using the factual
ratios yτ and ℓτ.

Step 1: Invariance of Exit Choices. First, recall that from Section 2.4 that exit decisions
are independent of the price level p. Hence, it is enough to consider how the counterfac-
tual changes in productivities zk and beliefs ωk brought about by the technology affect
exit decisions keeping the price p fixed.

Second, note that only survivor types enter in the counterfactual: The technology al-

12 Aggregating the first order condition 2.1 gives N = (pν)
1

1−ν ZM and Y = (pν)
ν

1−ν ZM. Combining these
two conditions gives Equation 3.4.
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lows potential entrants to distinguish between the set of exitors S≤τ and survivors S>τ.
Given Assumption 2 and Equation 3.2, potential entrants find it optimal to select the
“good” set S>τ, and draw types from it alone in the counterfactual. This optimality relies
on both parts of Assumption 2: (i) the higher mature productivity of survivors guaran-
tees that, in the counterfactual, survivors can generate higher flow profits than exitors
while young (Equation 3.2), and (ii) the higher mature value ensures that the survivors’
expected lifespans are long enough to generate more lifetime value than exitors in the
counterfactual.

Third, note that, for survivors (the only types present in the counterfactual), exit deci-
sions in the counterfactual are exactly the same as in the factual. The technology does not
change the states Sk beyond age τ for any type S, so it does not change their exit decisions
while mature. Regarding young ages, by definition, in the factual economy, survivors
never exit while young. The higher young productivity in the counterfactual relative to
the factual — together with the fact that the technology preserves the factual information
sets ωk — guarantees that survivors do not exit while young in the counterfactual either.

Step 2. Mapping Counterfactual Aggregates to Factual Data. The two variables that
determine aggregate output are the mass of firms M and the aggregate productivity Z.
Regarding the mass of firms, given the fixed unit flow of entrants, the mass of active firms
M equals the expected lifespan both in the factual and counterfactual. As we have just
shown above, only survivor types are present in the counterfactual. Therefore, the ratio
Mc

τ/M is equal to ℓ̄>τ/ℓ̄.
Regarding productivity, in the factual, we have that

Z =
1
M

∫ M

0
z

1
1−ν

i di = (νp)
−ν

1−ν
Y
M

= (νp)
−ν

1−ν ȳ. (3.5)

Similarly, in the counterfactual, we have Zc = 1
Mc

∫ M
0

(
zc

i
) 1

1−ν di. Using the fact that the
cross-sectional distribution of firms at any point in time mirrors the dynamic evolution of
a single cohort, Equation 3.1 implies that:13

13 To see the second equality of Equation 3.6, note that Equation 3.1 implies that:

Eµ>τ

[
∑
ℓ(S)−1
k=0 zc

k (S)
1

1−ν

]
= Eµ>τ

(τ + 1)
Eµ>τ

[
∑
ℓ(S)−1
k=τ+1 zk(S)

1
1−ν

]
Eµ>τ [ℓ(S)−1−τ]

+ ∑
ℓ(S)−1
k=τ+1 zk (S)

1
1−ν


= Eµ>τ [ℓ (S)]

Eµ>τ

[
∑
ℓ(S)−1
k=τ+1 zk(S)

1
1−ν

]
Eµ>τ [ℓ(S)−1−τ]
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Zc
τ =

1
ℓ̄>τ

Eµ>τ

[
ℓ(S)−1

∑
k=0

zc
k(S)

1
1−ν

]
=

Eµ>τ

[
∑

ℓ(S)−1
k=τ+1 zk (S)

1
1−ν

]
ℓ̄>τ − 1 − τ

= (νp)
−ν

1−ν
Y>τ

M>τ
= (νp)

−ν
1−ν ȳ>τ

(3.6)
where Eµ>τ [·] denotes E [· | S ∈ S>τ], while Y>τ and M>τ are the total output and mass
of firms in the cross section corresponding to mature firms.

Combining Equations 3.5 and 3.6, we conclude that Zc
τ/Z = yτ. □

The sufficient statistics yτ and ℓτ capture the two channels through which organi-
zational learning technologies increase aggregate output: by raising average per-period
productivity and by extending firms’ effective lifespans. Both channels operate through
an increase in aggregate organizational capital. The terms yτ and ℓτtherefore enter Equa-
tion 3.3 with exponent 1 − ν, reflecting decreasing returns to organizational capital (see
Equation 3.4)

The proof of Proposition 1 makes transparent the role of Assumption 2. It ensures that,
once the technology separates exitors from survivors, entrants strictly prefer to draw from
the survivor set. Without this assumption, entrants could instead select exitor types, and
the aggregate implications would hinge on counterfactual objects we do not observe —

z
1

1−ν
exit and mature continuation/exit behavior for types that exit before reaching maturity

in the factual.

4 Measuring VOLT

We now detail the data and methodology we use to estimate VOLT (Section 4.1), and
provide our baseline VOLT estimates (Section 4.2).

4.1 Data and Measurement

We estimate VOLT using the Business Dynamics Statistics (BDS) of the U.S. Census Bu-
reau. This is a publicly available dataset covering the entire U.S. private sector since 1978.
Constructed from the confidential micro-data of the Longitudinal Business Database, the
BDS aggregates firm and establishment-level records into annual series on counts, em-
ployment, and exits. Following the standard approach in the literature (e.g., Atkeson and
Kehoe, 2005), we focus on establishment data. This is consistent with the interpretation
that organizational learning is plant specific. Our baseline estimates are based on the
most recent data available, corresponding to 2023.
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A limitation of the BDS is that it does not contain direct measures of output. Accord-
ingly, we proxy the size ratio yτ with the employment ratio nτ. This mapping is natural
in our baseline framework because yτ = nτ.14

The structure of the BDS data determines the granularity of our analysis. At the
economy-wide level, establishments are grouped into twelve age bins: single-year bins
for ages 0 through 5; five-year bins for the years 6 to 25; a “26 years and over” category;
and a “Left Censored” bin for establishments born before 1977. In 2023, “born before
1977” corresponds to ages above 46. Hence, this granularity allows us to identify mature
establishments for the maturity thresholds 0, 1, 2, 3, 4, 5, 10, 15, 20, 25 and 46. At the 3-digit
NAICS level, the data are broken down by establishment age into five bins: “less than
one year old”, “1–5 years,” “6–10 years,” “11+ years,” and “unknown age” (born before
1977). This granularity allows us to identify mature establishments for mature thresholds
0, 5, 10 and 46.

The BDS reports, for each bin and year, the stock of establishments active, their total
employment, and the flow of establishments that exit in that year. We estimate the aver-
age employment n̄ and the average mature employment n̄>τ simply by dividing the total
employment over the number of establishments, and the total employment in mature
establishments over the number of mature establishments, respectively.

Estimating the average firm lifespan ℓ̄ and average mature lifespan ℓ̄>τ is more in-
volved because we have to infer them from exit data. We use the following synthetic
cohort approach. Let B = {b1, b2, . . . , bK} denote the set of age bins provided in the data,
where the final bin bK is open-ended (e.g., establishments born before 1977). For each bin
bj, let δj denote the annual exit hazard, calculated as the ratio of exits to active establish-
ments in that bin:

δj =
Exitsj

Activej
.

We assume a constant hazard rate within bins. In particular, we define the age-specific
hazard rate δ(k) simply as the hazard of the bin that age k falls into. That is, δ(k) = δj if
age k is within the range of bin bj.15

Let tK be the starting age of the last, open ended, bin (using 2023 data, this is tK = 47).
For each t ≤ tK, we construct the survival function P(t) — representing the probability

14 This equivalence may fail in the presence of wedges that prevent the equalization of marginal products
of labor across establishments, an issue we discuss in Section 5.2.

15 The BDS does not report the number of exits of firms less than one year old; we assume the hazard rate
of that bin is 0.
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that an establishment survives to age t — recursively:

P(0) = 1 and P(t) =
t−1

∏
k=0

(1 − δ(k)), for all 1 ≤ t ≤ tK

The aggregate lifespan ℓ̄ is the sum of survival probabilities, ∑∞
t=0 P(t).16 We estimate it

as:
tK−1

∑
t=0

P(t) +
P(tK)

δK
,

where the contribution of the open-ended tail starting at age tK with constant hazard δK

is the sum of an infinite geometric series:

∞

∑
k=0

P(tK + k) = P(tK)
∞

∑
k=0

(1 − δK)
k =

P(tK)

δK
.

Similarly, the expected lifespan of a mature establishment, ℓ̄>τ, is the youth lifespan (τ +

1) plus the sum of (conditional) survival probabilities beyond youth:

τ + 1 +
1

P(τ + 1)

(
tK−1

∑
t=τ+1

P(t) +
P(tK)

δK

)

In particular, for the maximum mature threshold allowed by the BDS data (i.e., tK =

τ + 1), this is τ + 1 + 1
δK

. Section A of the Appendix reports our estimates of n̄>τ, nτ, ℓ̄>τ

and ℓτ for all maturity thresholds allowed by the BDS data.

4.2 VOLT Estimates

Figure 3 illustrates the estimated VOLTτ in the U.S. for all values of the maturity threshold
τ supported by the BDS. These estimates reveal that the aggregate gains from organiza-
tional learning are substantial even for modest learning accelerations. Accelerating just
the first 2 years of learning (τ = 1) increases steady-state output by approximately 9%.
The gains accumulate rapidly in the early years: accelerating the first six years (τ = 5)
raises output by nearly 24%, and accelerating the first 11 years (τ = 10) yields an increase
of roughly 37%. When the maturity threshold is the maximum supported by the BDS
data (τ = 46), the value of the technology is of the order of one GDP (VOLT46 ≈ 2.08),
suggesting that accelerating learning has the potential to double aggregate output. These
magnitudes remain economically significant across a reasonable range of span-of-control

16 In line with our model, this assumes that firms that exit at age k have a lifespan of k + 1.
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Figure 3: VOLT as a function of the maturity threshold τ. The solid line reports the
baseline estimates assuming span of control parameter ν = 0.75. The shaded region
indicates the range of estimates for ν ∈ [0.70, 0.80].

parameters.
Figure 4 decomposes the sources of VOLTτ, revealing that the lifespan effect ℓ1−ν

τ acts
as its primary driver. When the mature threshold is τ = 46, mature establishments have
an expected lifespan about seven times that of the average firm (ℓ46 ≈ 7), and are about 3
times as productive as the average establishment (y46 ≈ 2.7). As a result, the increase in
aggregate output driven by the lifespan effect ℓ1−ν

46 alone is 58% of the total increase sug-
gested by VOLT46, while the size effect y1−ν

46 alone is 26% of the total increase suggested
by VOLT46. The remaining share of the output increase suggested by VOLT46 is due to
the interaction between the two effects.17

These estimates highlight the quantitative importance of the lifespan effect ℓ1−ν
τ . Stan-

dard analyses of aggregate productivity typically focus on the average efficiency of active
firms, Z, which in our interpretation corresponds to average organizational capital per
firm. However, as emphasized by Hopenhayn (2014), aggregate output depends not only
on average productivity per firm but also on the total mass of active firms, M. In particu-
lar, an economy may display a low Solow residual — Y/N in our setting — either because
firms have accumulated little organizational capital or because few firms are active. We
return to this distinction in Section 5.1 — where we explore alternative assumptions about

17 Section A of the Appendix reports these shares for all maturity thresholds τ.

21



Figure 4: Decomposition of VOLT into its components y1−ν and ℓ1−ν as a function of the
maturity thresholds τ allowed by the BDS data. In this figure, ν = 0.75.

entry — and Section 6.3 — where we discuss the relationship between the lifespan effect
and business dynamism (e.g., Aghion and Howitt, 1990).

We interpret the dominance of the lifespan statistic ℓτ with caution. At first glance, the
fact that ℓτ exceeds yτ could be read as evidence that selection is the primary source of
value creation. This interpretation is misleading. The lifespan statistic is an equilibrium
outcome shaped by both learning channels. To see this, note that if the learning technol-
ogy only accelerated the accumulation of organizational capital, it could endogenously
reduce exit rates, thus increasing longevity and generating a lifespan effect. Thus, the
finding that ℓτ > yτ does not imply that learning about fundamentals is the dominant
mechanism; instead, it indicates that, in the class of models we consider, a central mani-
festation of accelerated learning — regardless of the specific learning channel — is greater
firm longevity. We return to this distinction in Section 6.2.1, where we discuss the extent
to which we can disentangle the contributions of each learning channel.

4.3 Industry VOLT Estimates

Our aggregate VOLT estimates potentially mask substantial heterogeneity across indus-
tries. To quantify this heterogeneity, we take our sufficient-statistic result (Equation 3.3)
to data disaggregated at the 3-digit NAICS level. We treat each industry j as a distinct
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Figure 5: log(VOLT46) for each NAICS 3-digit sector decomposed into the size effect (dark
blue, (1− ν) ln(y46)) and lifespan effect (light blue, (1− ν) ln(ℓ46)). In this figure, ν = 0.75.
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production environment governed by the firm dynamics described in Section 2, and we
assume the final good is produced by a Cobb-Douglas aggregator of industry outputs.
This implies a unitary elasticity of substitution across industries, ensuring that the equi-
librium expenditure share — and thus also the labor share — of each industry remains
constant. In this case, the value of organizational learning technologies for each industry
j is given by:

VOLTτ,j :=
Yτ,j

Yj
=
(
yτ,jℓτ,j

)1−ν where yτ,j :=
ȳ>τ,j

ȳj
and ℓτ,j :=

ℓ̄>τ,j

ℓ̄j

The industry statistics yτ,j and ℓτ,j have interpretations analogous to their aggregate coun-
terparts. Figure 5 illustrates our VOLT estimates for all NAICS-3 industries in the U.S.18

The value of organizational learning technologies exhibits significant heterogeneity (Avg.
VOLT46 ≈ 1.96, σ ≈ 0.39). Estimates range from a low of 1.27 to a high of 3.41, suggesting
that while the value of organizational learning technologies is pervasive, its magnitude
depends heavily on the specific industry.

Decomposing these estimates reveals that this variation is driven by heterogeneity
in both organizational lifespan, ℓτ, and firm size, yτ. High-VOLT industries generally
exhibit a combination of longevity and large scale, though the primary driver varies by
sector. The potential gains are highest in Couriers & Messengers (VOLT46 ≈ 3.4), which
benefits from high values in both lifespan (ℓ46 ≈ 14) and scale (y46 ≈ 9.6). In contrast, the
high value in Apparel Manufacturing (VOLT46 ≈ 2.9) is driven disproportionately by its
exceptional organizational lifespan (ℓ46 ≈ 22), whereas Performing Arts (VOLT46 ≈ 2.9)
relies on a balanced contribution from both longevity and size.19

We now aggregate industry-level VOLT estimates assuming a Cobb–Douglas produc-
tion function for the final good. The resulting aggregate VOLT is the geometric average
of industry values:

VOLTτ,agg :=
N

∏
j=1

(
VOLTτ,j

)θj

We estimate industry shares θj using nominal value-added shares from the Bureau of
Economic Analysis (BEA) GDP by Industry accounts for 2023, matching BEA industry

18 Section B of the Appendix reports the corresponding estimates. We exclude four sectors from the analysis
— Fishing, Hunting and Trapping (NAICS 114), Pipeline Transportation (NAICS 486), Monetary Author-
ities (NAICS 521) and Funds, Trusts and other Financial Vehicles (NAICS 525) — because insufficient
data on mature exits precludes the calculation of finite lifespan statistics.

19 These industry-level VOLT estimates are naturally sensitive to the elasticity of demand. We return to this
issue in Section 5.3.
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categories to their corresponding NAICS industries in the BDS.20 This yields an economy-
wide VOLT of 1.92. The modest difference with the aggregate 2.08 estimate is expected:
because the gains from organizational learning are concave (governed by 1 − ν), a single-
industry model that calculates gains based on aggregate statistics mechanically yields a
higher estimate than an aggregation of industry gains. That the two estimates are close
suggests that our central finding — that organizational learning technologies have the
potential to substantially increase aggregate output — is not driven by a small number of
outlier industries.

4.4 VOLT vs LLM Exposure

A growing literature is developing measures of AI exposure to assess where the capa-
bilities of artificial intelligence overlap with the tasks performed in different occupations
and industries (Brynjolfsson et al., 2018; Eloundou et al., 2024; Labaschin et al., 2025). In
contrast to VOLT, these exposure metrics are designed to capture the technical feasibility of
adopting AI rather than measuring the potential value of adopting AI. In this section, we
show that they are largely uncorrelated to VOLT.

We focus on the occupation-level large-language model (LLM) exposure indices de-
veloped by Eloundou et al. (2024). These indices are constructed using detailed task de-
scriptions from the O*NET database, which are independently evaluated by both human
annotators and GPT-4. The evaluation rubric assesses whether access to a model with
GPT-4-level capabilities would reduce the time required to complete a task by at least 50
percent while maintaining equivalent quality. Tasks are categorized into two groups: di-
rectly exposed tasks E1, which can be substantially accelerated by an LLM operating on
its own, and indirectly exposed tasks E2, for which similar gains are achievable only when
the LLM is combined with task-specific complementary software. Following the baseline
convention in this literature, we define occupation o’s exposure as Eo = E [E1 + 0.5 × E2],
where the expectation is taken over tasks within the occupation.

To characterize exposure across industries, we aggregate occupation-level exposure
using employment shares from the Bureau of Labor Statistics’ Occupational Employment
and Wage Statistics (OES). For each industry s, we compute an employment-weighted

20 We resolve the many-to-many BEA–NAICS correspondence by working on the coarsest common indus-
try partition (aggregating NAICS industries when BEA is coarser, and summing BEA lines when BEA is
finer), restricting to the set of industries that can be consistently matched to the BDS, and renormalizing
shares to sum to one.
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Figure 6: VOLT46 vs. LLM Exposure (Eloundou et al., 2024) by 3-Digit NAICS sector.
Section B in the Appendix reports the underlying values.

average of the exposure of occupations employed in that industry:

Es = ∑
o

(Empo,s

Emps

)
Eo

where Empo,s denotes employment of occupation o in industry s as measured in the OES,
and Emps is total employment in industry s.

Figure 6 plots VOLT46 against LLM exposure by sector. The correlation between the
two measures is weak (0.1) and statistically insignificant (the p-value is 0.35), suggesting
that VOLT and LLM exposure pick up distinct dimensions of AI’s impact.

Sectors in the top-right quadrant represent the frontier of potential AI transformation,
combining high VOLT with high exposure to LLM automation. This group includes Ed-
ucational Services (VOLT46 ≈ 2.65, LLM Exposure ≈ 0.38) and Securities & Financial In-
vestments (VOLT46 ≈ 2.36, LLM Exposure ≈ 0.56). Similarly, Data Processing and Host-
ing has strong value of organizational learning technologies (VOLT46 ≈ 2.18) and high
LLM exposure (0.63).

In contrast, the top-left quadrant highlights industries where the value of accelerating
learning is substantial, yet current LLM capabilities offer limited ability to automate the
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relevant tasks. This disconnect is most visible in Couriers and Messengers, which has the
highest VOLT in the dataset (VOLT46 ≈ 3.41) but has low LLM exposure (0.25) probably
due to the physical nature of logistics. Apparel Manufacturing fits a similar profile; its
exceptional organizational lifespan statistic (ℓ46 ≈ 22) drives a high VOLT of 2.88, but
presumably its physical core tasks keep LLM exposure low (0.26), suggesting these sectors
require robotics rather than language models to capture their potential efficiency gains.

5 Extensions

This section extends the baseline framework by considering alternative entry assump-
tions (Section 5.1), age-dependent labor wedges (Section 5.2), and general demand elas-
ticity (Section 5.3).

5.1 Entry

In the baseline class of models of Section 2, the flow of entrants is exogenous, so faster
learning does not change the equilibrium entry rate. We now show that the learning
technology raises the expected value of entry. This implies that if the flow of entrants
reacted to the value of entry — as in Hopenhayn (1992), Hopenhayn and Rogerson (1993)
or Melitz (2003), for example — our baseline VOLT estimates would be biased down-
ward. We also consider an alternative environment where — as in Atkeson and Kehoe
(2005) — the mass of firms is fixed; in this case, the aggregate implications of the learning
technology are purely driven by total factor productivity (TFP).

5.1.1 The Learning Technology Increases the Value of Entry

The learning technology has opposing effects on the net present value of entry. On the
one hand, it increases the value of entry by raising productivity while young and reducing
the fixed cost of operation. On the other hand, it lowers the value of entry by reducing
the output price. We now show that, for all β sufficiently close to 1, the former effect
dominates. The central part of the argument is showing that total (undiscounted) lifetime
profits of a cohort increase.

Total undiscounted lifetime profits are equal to the aggregate net profits (variable prof-
its minus fixed costs) generated by the cross-section of active firms in stationary equilib-
rium. Aggregate variable profits are constant because, in this class of models, aggregate
expenditure is fixed at E, and variable profits are a constant share 1 − ν of expenditure.
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Aggregate fixed costs equal the mass of active firms times the fixed cost per firm, M f .
The learning technology increases lifespans, so the mass of active firms rises by a factor
ℓτ. The technology also raises aggregate output (by a factor of (yτℓτ)1−ν), which forces
the equilibrium price to decline by the same factor in order to keep total expenditure at E.
Given that the per-firm fixed cost f is indexed to mature-firm profits, it falls in proportion
to p

1
1−ν ; in particular it declines by a factor (yτℓτ)−1. Multiplying the increased mass of

firms by the reduced fixed cost per firm implies that total fixed costs scale by

Mc f c ∝ ℓτ ·
1

yτℓτ
=

1
yτ

Hence, under the natural assumption that mature firms are at least as productive as the
average firm (yτ ≥ 1), total fixed costs decrease. Because total variable profits are un-
changed while total fixed costs fall, stationary aggregate net profits increase, and hence
so does each cohort’s undiscounted lifetime profit flow.

The fact that total undiscounted lifetime profits of a cohort increase implies that the
net present value of entry goes up for any discount factor β sufficiently close to 1. If
entry were elastic rather than fixed, this increase in the net present value of entry would
translate into a higher entry flow, yielding an even larger mass of active firms in the
counterfactual economy. Consequently, VOLT in this extension would be larger than we
have estimated under the baseline class of models in Section 2.

5.1.2 Alternative Market Structure: Fixed Number of Firms

Rather than fixing the flow of entrants, we can consider the polar opposite case in which
the number of active firms is fixed. For example, in Atkeson and Kehoe (2005), the econ-
omy is endowed with a fixed stock of managers, each able to operate one firm. Hence,
the total mass M of firms is fixed, and the managers’ wage (the fixed cost of operation)
adjusts endogenously to drive the expected present value of entry to zero.

In this alternative environment, because the total mass of firms is constrained by the
fixed supply of managers, the lifespan effect ℓτ — which relies on an expansion in the
number of active firms — is neutralized. The value of the learning technology is therefore
solely driven by the increase in total factor productivity (Z). However, this productivity
effect can be amplified by the least productive firms exiting earlier than in the factual
economy due to the following two reasons.

First, because the expected value of operating a firm rises, competition for the fixed
number of managers drives up the equilibrium managerial compensation. Second, the
increase in aggregate productivity drives down the equilibrium price. The combination
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of higher managerial wages and lower prices may force the least productive firms to
exit earlier in the counterfactual than in the factual. This truncates the lower tail of the
productivity distribution, thereby increasing TFP beyond the size effect y1−ν

τ . Hence, in
this alternative environment with a fixed number of firms, the value of organizational
learning is bounded below by the TFP gains — captured by the size effect y1−ν

τ —obtained
in the class of models in Section 2.

5.2 Wedges

As evidenced by the first-order condition 2.1, employment and output in our baseline
model are a direct reflection of productivity. This relationship allows us to identify the
TFP effect of organizational learning technologies (Zc/Z) from the ratio of mature to aver-
age output yτ, or, equivalently, the ratio of mature to average employment, nτ. However,
this mapping between output, employment and productivity is sensitive to wedges in
firms’ marginal product of labor that act as a firm-specific tax or subsidy on labor input.
If such wedges are systematically correlated with firm age, our baseline estimates of the
TFP effect of organizational learning technolgies may be biased.

Age-dependent wedges may arise in a wide range of environments (Bergquist et al.,
2026). For example, they can originate from financial frictions that constrain new or un-
proven firms but relax as firms build a track record (e.g., Clementi and Hopenhayn, 2006;
Buera et al., 2011), size-dependent regulations that disproportionately burden young firms
(e.g., Clementi and Hopenhayn, 2006; Guner et al., 2008; Levy, 2010; Buera et al., 2011),
and adjustment costs that are more salient early in a firm’s life cycle (e.g., Hopenhayn and
Rogerson, 1993; Hopenhayn, 2014). Age-dependent wedges can also arise from standard
forms of learning by doing (e.g., Arrow, 1962), which can be interpreted as an implicit
labor subsidy that fades as the firm matures, or from distortions that may intensify with
age, such as increasing market power (e.g., De Loecker et al., 2020; Akcigit et al., 2023).

To investigate how our VOLT estimates change in the presence of such wedges, we
extend the class of models in Section 2 to allow for labor distortions that may increase
or decrease over the life cycle. In particular, we introduce age-specific labor wedges ηk,
so the perceived wage of firms of age k is ηk times the market wage (which we have
normalized to 1). Hence, ηk > 1 corresponds to an age-specific tax on labor input, while
ηk < 1 corresponds to an age-specific subsidy. Firms optimal labor demand and output
are given by the following modification of the firms’ first order condition 2.1:

n∗ (zk) =

(
pν

ηk
zi

) 1
1−ν

and y∗ (zk) =
ηk
pν

n∗ (zk) . (5.1)
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In this distorted economy, the observed output and employment ratios, yτ and nτ, no
longer coincide, and both conflate true productivity differences with wedges. Given that
we don’t observe firms’ output in the BDS data, in the following discussion we focus
on the employment ratio nτ. Also, to investigate in the simplest possible way how the
statistic nτ may conflate productivity with wedges, we focus on the case in which ηk =

η≤τ for young firms (k ≤ τ) and ηk = η>τ for mature firms (k > τ).
We define Adjusted VOLTτ as the increase in aggregate stationary output Yc

τ/Y created
by the accelerated learning technology described in Section 3 while keeping age-dependent
wedges fixed. Letting s≤τ and s>τ be the factual employment shares of young and mature
firms, respectively, the relationship between the measured employment gap nτ and the
productivity gap is:21

nτ =
n̄>τ

n̄
=

(
z̄>τ

z̄
η̄τ

η>τ

) 1
1−ν

where η̄τ ≡
[

s≤τ · η
1

1−ν
≤τ + s>τ · η

1
1−ν
>τ

]1−ν

(5.2)

Hence, the value of organizational learning technologies in the presence of age-dependent
wedges is equal to our baseline VOLT estimate times the ratio of mature to average
wedges:

Adjusted VOLTτ =
η>τ

η̄τ
VOLTτ

In particular, if young firms face larger wedges than mature firms, then VOLTτ over-
estimates the value of organizational learning technologies. However, under the natural
assumption that the average productivity of mature firms is at least as large as that of
young firms, z̄>τ ≥ z̄, it follows from Equation 5.2 that wedges can at most neutralize the
size effect, η>τ/η̄τ ≥ 1/n1−ν

τ , so Adjusted VOLTτ is at least as large as the lifespan effect
ℓ1−ν

τ . Figure 7 illustrates, for several values of τ, Adjusted VOLTτ and its lower bound as
a function of relative distortions η≤τ/η>τ.

5.3 Demand elasticity

In the baseline class of models described in Section 2, aggregate expenditure is fixed at
E. As we discussed in Section 2.4, this admits two natural interpretations: an aggregate
economy with a fixed labor supply, or an industry or small open economy within a larger
economy facing a unit-elastic demand curve (e.g., a Cobb-Douglas aggregator). We now

21 From the static first order condition, n(zk, ηk) = (pνzk/ηk)
1

1−ν , so group-average employments satisfy

n̄>τ ∝ (z̄>τ/η>τ)
1

1−ν and n̄ ∝ (z̄/η̄τ)
1

1−ν .
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Figure 7: Adjusted VOLTτ as a function of the relative distortion facing young firms
η≤τ/η>τ for different values of the mature threshold τ. The horizontal dashed lines in-
dicate the lifespan effect, ℓ1−ν

τ , which is a lower bound on Adjusted VOLT provided that
mature firms are, on average, at least as productive as the population average (z̄>τ ≥ z̄).

generalize this condition by assuming the demand condition takes the form:

pθY = E

In an aggregate context, θ serves as a reduced-form parameter capturing the combined
income and substitution effects in labor supply.22 In an industry or small open economy
context, θ represents the demand elasticity.

Under this more general demand structure, the Value of Organizational Learning
Technologies retains a sufficient statistic form:23

VOLTτ = (yτℓτ)
θ(1−ν)

θ(1−ν)+ν

Thus, the exponent θ(1−ν)
θ(1−ν)+ν

captures how general equilibrium effects dampen or am-

22 For example, if labor supply is N = p−ϕY−ρ, where ϕ is the Frisch elasticity and ρ the income elasticity,
then, using the aggregate labor demand condition pY = νN, we obtain pθY = E with θ ≡ 1+ϕ

1+ρ .
23 To see this, we can start from the aggregate production function Y = (ZM)1−ν Nν. In equilibrium,

employment is a fraction ν of revenue, N = νpY. Substituting this into the production function yields

Y = ZM (νp)
ν

1−ν . Using the inverse demand function p = E
1
θ Y− 1

θ we get Y ∝ (ZM)
θ(1−ν)

θ(1−ν)+ν . Recalling
that VOLT = Yc

τ/Y and noting that Zc
τ Mc

τ
ZM = yτℓτ , we obtain the result.
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plify the output gains from organizational learning. In our baseline case, price declines
perfectly offset productivity gains to keep expenditure and employment constant, so the
exponent simplifies to the decreasing returns to scale 1 − ν to organizational capital.

When demand is elastic (θ > 1), the price falls less than proportionately to output,
causing total revenue and employment to rise. As demand becomes perfectly elastic,
prices remain fixed, the exponent θ(1−ν)

θ(1−ν)+ν
approaches 1, and the aggregate output gain

is linear in the efficiency gains yτℓτ.
When demand is inelastic (θ < 1), the increase in aggregate supply drives prices down

so sharply that total revenue shrinks. Consequently, output goes up at the same time
as employment goes down. As demand becomes perfectly inelastic, θ(1−ν)

θ(1−ν)+ν
→ 0, the

price drop completely offsets the productivity gains, leaving aggregate output effectively
unchanged.

This generalization highlights that our baseline estimates (θ = 1) are conservative
if organizational learning technologies are applied to an aggregate economy with high
labor supply elasticity, or industries and small open economies with high demand sub-
stitutability. For example, for an aggregate economy with labor supply N = p−ϕY−ρ,
suppose that the Frisch elasticity ϕ is 0.5 (Chetty et al., 2011) and that there are no income
effects (i.e., ρ = 0). This implies θ = 1.5 so VOLT46 goes from 2.08 to 2.66. At the industry
level, reasonable estimates of θ lie between 2 and 8 (Simonovska and Waugh, 2014; Boehm
et al., 2023), suggesting that the median VOLT46 would be in the range of 2.79 and 6.47,
rather than the median of 1.90 estimated in our baseline setting.

6 Discussion

This section places our findings in a broader perspective, connecting VOLT to debates
on transformative AI, the nature of organizational learning, the evolution of business
dynamism, and the productivity and organizational effects of AI adoption.

6.1 Transformative AI

Current debates about AI’s transformative potential (e.g., Agrawal et al., 2025) have largely
focused on two distinct channels. A growing body of work — including Aghion et al.
(2017), Aghion and Bunel (2024), Filippucci et al. (2024) and Acemoglu (2025) — em-
phasizes automation of production tasks. Quantitatively, this literature finds modest ef-
fects on productivity growth, ranging from around 0.05–0.1 percentage points per year in
conservative calibrations to about 0.25–0.6 percentage points per year in more optimistic
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scenarios. The central reason is that automation affects only a subset of tasks, adoption
is gradual, and complementarities across tasks limit how much task-level cost savings
propagate to aggregate output.

A parallel line of work asks whether AI’s potential to accelerate scientific discovery
and innovation could instead generate persistent increases in growth rates (e.g., Aghion
et al., 2017; Trammell and Korinek, 2025; Jones, 2025; Restrepo, 2025; Davidson et al.,
2026; Jones and Tonetti, 2026). This literature builds on task-based and semi-endogenous
growth models in which AI enters the ideas production function.

Jones (2025) shows that the growth impact of AI-driven research acceleration depends
critically on three forces: the share of research tasks AI can perform, AI’s relative produc-
tivity at those tasks, and the severity of bottlenecks in the remaining human tasks. Even
very large gains in some research activities can yield only moderate aggregate effects if
humans remain as bottlenecks.

Restrepo (2025) studies an extreme benchmark in which Artificial General Intelligence
makes all economically relevant work reproducible using compute. In the long run,
growth is then driven by the accumulation of computational resources. While this frame-
work allows for sustained exponential growth, it does not generically imply explosive or
singular dynamics, as growth rates are tied to the pace of compute accumulation.

Jones and Tonetti (2026) embed automation of both goods and idea production into a
calibrated task-based growth model with strong complementarities. Although the model
formally admits growth acceleration and even explosive paths, their benchmark calibra-
tion implies a slow transition: output is only about 4% higher by 2040 and roughly 19%
higher by 2060 relative to a constant-growth counterfactual. The key mechanism is the
presence of weak links — tasks that are hard to automate and constrain aggregate output
even when most other tasks experience rapid productivity growth.24

Our work abstracts from both direct production automation and AI-driven accelera-
tion of frontier innovation and instead focuses on a complementary channel: AI as an
organizational learning technology. We ask how technologies that accelerate organiza-
tional learning affect aggregate outcomes. Rather than altering the production of goods
or ideas, these technologies compress the time it takes organizations to learn about their
productivity, accumulate organizational capital, and sort through selection. In particular,
they enable firms to learn the same information as before, but at a faster pace. We show
that this channel can generate relatively large level effects in aggregate output.

24 Synthesizing this literature, Jones (2026) emphasizes that both “business-as-usual” and “accelerated
growth” trajectories are plausible, but that historically grounded models tend to predict long and gradual
transitions rather than abrupt macroeconomic breaks.
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6.2 Organizational Learning

Our framework conceptualizes organizational learning as a dual process. Firms accumu-
late organizational capital, which raises productivity with age, and simultaneously learn
about their underlying fundamentals, which governs entry and exit. Much of the existing
literature studies these channels in isolation, raising the natural question of whether their
respective contributions to VOLT can be disentangled.

A tempting counterfactual would accelerate organizational capital accumulation with-
out simultaneously accelerating learning about fundamentals. However, such a counter-
factual is not empirically disciplined. While we observe the productivity trajectories of
firms that survive to maturity, we do not observe the counterfactual paths of firms that
exit early, nor how faster learning would have altered their exit decisions.

Despite this difficulty, we show that under a mild assumption on productivity dynam-
ics, it is possible to derive a lower bound on the value of the selection channel alone.

6.2.1 Isolating the Selection Channel

To isolate the role of selection, we construct a counterfactual in which learning about
fundamentals is accelerated as in the baseline counterfactual, while the accumulation of
organizational capital is left unchanged. As in the baseline counterfactual, potential en-
trants can anticipate which firms would exit before maturity in the factual economy, so
only survivor types enter. However, in contrast to the baseline counterfactual, firms fol-
low their factual productivity trajectories.

We define the value of faster selection as the ratio of stationary aggregate output in
this selection-only economy to that of the factual economy. While we cannot pinpoint the
exact magnitude of this value without additional assumptions about the unobserved pro-
ductivity of exitors, we can derive a lower bound based on the sufficient statistics identi-
fied in Section 3. In this counterfactual economy, the mass of active firms still increases by
the factor ℓτ. Note also that the share of mature firms is larger in this counterfactual than
in the factual economy. Hence, if we assume that (i) survivors are, on average, at least as
productive as exitors while young, and (ii) the average productivity of survivors while
mature is at least as large as their average productivity while young, then the average
productivity in this counterfactual is at least as large as in the factual economy. Hence,
the lifespan effect identified in Section 3 provides a lower bound on the value of faster
selection.

This result implies that the large contribution of the lifespan statistic in our baseline re-
sults provides a lower bound on the economic value of screening viable business models.
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However, this does not imply that the organizational capital channel in isolation would
be small, because the learning channels are not additive. In particular, accelerating orga-
nizational capital accumulation in isolation could endogenously reduce the exit rate and
hence generate a lifespan effect as well.

6.2.2 Payments to organizational capital

A related literature attempts to measure both the value of organizational capital to firm
owners (e.g., Eisfeldt and Papanikolaou, 2013) and the payments to that capital (Atkeson
and Kehoe, 2005). We can use our framework to ask how faster organizational learning
would change the income share accruing to firm owners through payments to organiza-
tional capital.

In the class of models we consider, gross payments associated with organizational cap-
ital (i.e., aggregate variable profits) are a constant share (1 − ν) of aggregate income. The
object of interest, however, is how much of this gross flow is ultimately received by own-
ers net of fixed operating costs (Atkeson and Kehoe, 2005).

Letting αo and αc
o denote the share of aggregate income paid to owners net of fixed

costs in the factual and counterfactual, respectively, we get:25

αc
o − αo =

(
1 − ν − αo

) (
1 − 1

yτ

)
Two implications follow immediately. First, the increase in payments to organizational
capital is higher the higher is mature productivity relative to average productivity (yτ),
and is bounded above by (1 − ν)

(
1 − 1

yτ

)
. Second, this increase does not depend on the

relative mature lifespan ℓτ: faster learning changes the owners’ rent share through the
fixed-cost burden per unit of aggregate income, not through the stationary mass of firms.

In the context of manufacturing, Atkeson and Kehoe (2005) estimate that payments to
owners of organization capital are about 3.3% of output in their benchmark specification.
Taking αo = 0.033, ν = 0.75, and our baseline yτ ≈ 2.69 at τ = 46, we obtain

αc
o − αo ≈ (1 − 0.75 − 0.033)

(
1 − 1

2.69

)
≈ 0.14,

so faster organizational learning can raise the share of aggregate income accruing to firm
owners by roughly 14 percentage points under this benchmark.

25 Since
∫ M

0 πi di = (1 − ν) pY, we can write αc
o = (1 − ν) − f c Mc

pcYc . Hence, αc
o − αo =

∫ Mc
0 (πc

i − f c)
pcYc −∫ M

0 (πi− f )
pY = − f c Mc

pcYc + f M
pY . The expression then follows from noting that f c Mc

pcYc = 1
y

f M
pY .
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6.3 Implications for Business Dynamism and Size Distribution

A substantial body of work identifies firm churn — the simultaneous entry and exit of
businesses — as a fundamental driver of aggregate productivity and economic renewal.
In theoretical models of endogenous growth, this process takes the form of creative de-
struction, whereby innovation by entrants renders incumbents obsolete and exit reallo-
cates resources toward more productive uses (Aghion and Howitt, 1990). Empirically,
this reallocation is a primary source of efficiency gains (Foster et al., 2001), and low or
declining exit rates are often interpreted as evidence of economic sclerosis (Decker et al.,
2014).

By abstracting from creative destruction, our framework offers a complementary per-
spective. Entrants draw productivity from a stationary distribution rather than displacing
incumbents with superior vintages. In this setting, high exit rates — especially the dis-
proportionately high failure of young firms — reflect poor ex ante project selection rather
than efficient reallocation.

Through this lens, AI reduces churn by improving learning about fundamentals prior
to entry, shifting selection to the pre-entry stage. As a result, aggregate output and pro-
ductivity rise even as entry and exit rates fall. Improved organizational learning ensures
that only firms with long-run viability enter the market, eliminating experimental churn.
Although declining business dynamism is often interpreted as stagnation, here it repre-
sents an efficiency gain.

This increase in firm longevity also reduces average firm size. Because surviving firms
live substantially longer than the typical entrant, the stationary equilibrium features a
larger mass of active firms. With aggregate labor supply (or aggregate expenditure) fixed,
these firms compete for the same pool of resources, generating a crowding effect that
forces each firm to operate at a smaller scale. The firm size distribution therefore shifts
from one characterized by many small, young firms and a few large incumbents to a more
compressed distribution of smaller firms.

Finally, the technology compresses the stationary productivity distribution. In the
baseline economy, dispersion reflects the coexistence of young firms climbing the learn-
ing curve and mature firms at their peak. Accelerated learning truncates the left tail by
screening out low-quality potential entrants and immediately shifting the remaining mass
to mature productivity levels. The result is a more homogeneous cross-section with sub-
stantially lower firm-level heterogeneity.

36



6.4 Productivity and Organizational Effects of AI Adoption

A growing empirical literature measures the productivity impact of generative AI in or-
ganizational settings, typically by randomizing access to an AI tool or exploiting quasi-
experimental variation in rollout. These studies offer credible estimates of task-level
and workflow-level effects, and they help clarify the organizational mechanisms through
which AI may accelerate learning.

A recurring finding is that AI can increase measured productivity in knowledge in-
tensive jobs, with gains that are often larger for less experienced workers. In a large field
setting, Brynjolfsson et al. (2025) study the staggered deployment of a conversational as-
sistant for customer-support agents and find an average increase of about 14–15 percent
in issues resolved per hour, with substantially larger gains for novice agents and smaller
gains for highly experienced agents. In professional writing tasks, Noy and Zhang (2023)
find that access to ChatGPT reduces completion time by roughly 40 percent while increas-
ing evaluated quality by about 18 percent, compressing the performance distribution.
In high-end knowledge work, Dell’Acqua et al. (2023) show that performance improve-
ments can be large for tasks that lie within the model’s capability set, but that outcomes
can deteriorate on tasks outside that set, highlighting the importance of verification costs,
appropriate task selection, and organizational guardrails.

Evidence in software development points to potentially large effects but also substan-
tial dependence on context and workflow integration. Laboratory-style tasks suggest siz-
able speed gains (e.g., Peng et al., 2023), and natural experiments around the availability
of coding assistants across languages or repositories find increases in code output mea-
sures (e.g., Yeverechyahu et al., 2024). At the same time, recent evidence emphasizes that
benefits are not guaranteed in realistic environments. Becker et al. (2025) study expe-
rienced open-source developers working on tasks in familiar repositories and find that
allowing AI tools can slow completion time on average, alongside a large perception--
reality gap.

A second line of micro evidence concerns collaboration and the internal organization
of knowledge. Dell’Acqua et al. (2025) show that access to AI can substitute for some of
the coordination benefits of teamwork in product-development tasks: individuals with
AI assistance can approach the performance of human teams, and solutions become more
balanced across functional dimensions. One interpretation is that AI reduces reliance
on functional silos by allowing workers to bridge knowledge gaps and reuse dispersed
organizational information more effectively. This is naturally connected to organizational
learning: the technology can speed up the process by which workers and teams acquire,
combine, and operationalize knowledge inside the firm.
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Our paper complements this literature by asking how an improvement in the orga-
nizational learning technology translates into aggregate outcomes once filtered through
firm life-cycle dynamics and general equilibrium. In particular, in our framework, faster
organizational learning affects aggregate output not only through productivity but also
by increasing average lifespans and hence the stationary mass of active firms.

Micro estimates are naturally interpreted as fixed-price, partial-equilibrium effects;
once adoption is broad, prices and quantities adjust, and the mapping from local effi-
ciency gains to aggregate output becomes concave. To illustrate the magnitude of this
equilibrium compression, consider our baseline estimates at τ = 46, for which y ≈ 2.69
and ℓ ≈ 7, implying yℓ ≈ 18.8. Under a fixed-price (partial-equilibrium) experiment, ag-
gregate output scales linearly with this efficiency term, so the implied sector-wide effect
is proportional to yℓ. By contrast, in general equilibrium with span-of-control ν = 0.75,
aggregate output responds according to VOLT = (yℓ)1−ν = (18.8)0.25 ≈ 2.08. Thus, equi-
librium price adjustment compresses the fixed-price effect by an order of magnitude. This
gap between fixed-price and equilibrium effects cautions against mechanically extrapo-
lating micro productivity gains to economy-wide implications of AI adoption.

7 Conclusion

This paper takes a first step toward measuring the value of AI as an organizational learn-
ing technology. We show that in a broad class of firm dynamics models, the value of
organizational learning technologies (VOLT) is determined by two simple statistics: the
relative size and lifespan of mature firms. This sufficient statistic result provides a trans-
parent way to assess the aggregate output gains from faster organizational learning with-
out relying on specific assumptions about firm learning.

Using U.S. data, we find that VOLT is quantitatively large — on the order of one
GDP — implying that accelerating organizational learning could double aggregate out-
put. Across industries, VOLT varies widely and is largely orthogonal to existing measures
of AI exposure based on adoption feasibility, indicating that it captures a distinct dimen-
sion of AI’s economic impact.

A lesson of our analysis is that firm longevity is a key channel through which faster
organizational learning translates into aggregate outcomes. In our benchmark models,
the flow of entrants is fixed, so faster learning raises output not only through higher
productivity but also by extending firm lifespans and increasing the mass of active firms.
In contrast, when the number of firms is fixed because of scarce managerial resources,
the longevity channel disappears. This raises a fundamental question: what constrains
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firm creation? Is it the scarcity of ideas, implying an inelastic flow of entrants, or is it
the scarcity of resources such as managerial talent, implying an inelastic stock of firms?
Pinning down the empirically relevant entry constraint is therefore central for quantifying
the gains from faster organizational learning and for evaluating shocks and policies that
affect firm productivity and survival.

More broadly, this perspective shifts attention from within-firm productivity effects
toward life-cycle selection: AI may improve screening and selection by shifting learning
to the pre-entry stage, reducing premature exit among young firms, and changing sur-
vival patterns across sectors. Measuring these life-cycle margins is therefore an important
direction for future work.

Lastly, our results suggest that assessments of AI’s impact should extend beyond the
within-organization productivity effects emphasized in much of the micro evidence. Our
analysis highlights that, to fully capture AI’s economic value, it is essential to account
for lifespan effects — which drive output through firm longevity — and general equilib-
rium dampening. In particular, while task-level treatment effects are informative about
mechanisms, our estimates indicate that their aggregate implications can be an order of
magnitude smaller once the decreasing returns to organizational capital at the aggregate
level are taken into account.
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Appendix

A Aggregate Sufficient Statistics and VOLT

Table 1: Aggregate Results by Maturity Threshold; Baseline ν = 0.75.

Threshold (τ) VOLT ℓτ yτ ℓ̄>τ n̄>τ
ℓ1−ν

τ −1
VOLT−1

y1−ν
τ −1

VOLT−1

0 1.01 1.00 1.05 9.8 19.3 0.00 1.00
1 1.09 1.27 1.10 12.4 20.1 0.71 0.28
2 1.13 1.46 1.13 14.3 20.8 0.74 0.24
3 1.17 1.62 1.16 15.8 21.4 0.75 0.23
4 1.21 1.77 1.20 17.3 21.9 0.74 0.22
5 1.24 1.92 1.22 18.7 22.5 0.74 0.22

10 1.37 2.60 1.35 25.4 24.8 0.73 0.21
15 1.47 3.22 1.46 31.5 26.8 0.72 0.21
20 1.57 3.82 1.59 37.3 29.2 0.70 0.22
25 1.65 4.39 1.70 42.9 31.2 0.68 0.22
46 2.08 7.00 2.69 68.4 49.4 0.58 0.26

Table 2: Aggregate Results by Maturity Threshold; ν = .7

Threshold (τ) VOLT ℓτ yτ
ℓ1−ν

τ −1
VOLT−1

y1−ν
τ −1

VOLT−1

0 1.02 1.00 1.05 0.00 1.00
1 1.10 1.27 1.10 0.71 0.27
2 1.16 1.46 1.13 0.74 0.24
3 1.21 1.62 1.16 0.74 0.22
4 1.25 1.77 1.20 0.74 0.22
5 1.29 1.92 1.22 0.74 0.21

10 1.46 2.60 1.35 0.72 0.21
15 1.59 3.22 1.46 0.71 0.20
20 1.72 3.82 1.59 0.69 0.21
25 1.83 4.39 1.70 0.67 0.21
46 2.41 7.00 2.69 0.56 0.24
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Table 3: Aggregate Results by Maturity Threshold; ν = .8

Threshold (τ) VOLT ℓτ yτ
ℓ1−ν

τ −1
VOLT−1

y1−ν
τ −1

VOLT−1

0 1.01 1.00 1.05 0.00 1.00
1 1.07 1.27 1.10 0.71 0.28
2 1.11 1.46 1.13 0.74 0.24
3 1.14 1.62 1.16 0.75 0.23
4 1.16 1.77 1.20 0.75 0.23
5 1.19 1.92 1.22 0.75 0.22

10 1.29 2.60 1.35 0.74 0.22
15 1.36 3.22 1.46 0.73 0.22
20 1.43 3.82 1.59 0.71 0.22
25 1.50 4.39 1.70 0.69 0.23
46 1.80 7.00 2.69 0.60 0.27
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B Industry Level VOLT and LLM Exposure

Table 4: Industry-level estimates of VOLT, its components, and LLM exposure.

Code Industry VOLT46 ℓ46 y46 ℓ1−ν y1−ν LLM Exposure

113 Forestry & Logging 1.93 8.07 1.73 1.69 1.15 0.23
115 Ag Support 2.07 8.10 2.28 1.69 1.23 0.18
211 Oil & Gas Extraction 1.81 6.53 1.64 1.60 1.13 0.33
212 Mining (excl Oil/Gas) 1.62 4.53 1.50 1.46 1.11 0.20
213 Mining Support 2.15 5.13 4.13 1.50 1.43 0.23
221 Utilities 1.74 5.40 1.68 1.52 1.14 0.35
236 Construction of Bldgs 2.49 9.49 4.07 1.76 1.42 0.31
237 Heavy/Civil Eng Const 1.94 6.62 2.13 1.60 1.21 0.22
238 Specialty Trade Const 2.15 7.36 2.92 1.65 1.31 0.22
311 Food Mfg 2.06 6.42 2.82 1.59 1.30 0.19
312 Beverage & Tobacco 2.45 4.90 7.35 1.49 1.65 0.25
313 Textile Mills 1.94 7.72 1.82 1.67 1.16 0.23
314 Textile Prod Mills 2.00 7.25 2.19 1.64 1.22 0.23
315 Apparel Mfg 2.88 21.81 3.17 2.16 1.33 0.26
316 Leather & Allied 2.06 6.98 2.61 1.63 1.27 0.18
321 Wood Prod Mfg 1.83 5.39 2.10 1.52 1.20 0.19
322 Paper Mfg 1.55 3.92 1.49 1.41 1.10 0.20
323 Printing 1.79 5.38 1.92 1.52 1.18 0.35
324 Petroleum & Coal 1.79 3.31 3.07 1.35 1.32 0.30
325 Chemical Mfg 2.02 8.20 2.05 1.69 1.20 0.32
326 Plastics & Rubber 1.61 4.05 1.67 1.42 1.14 0.23
327 Nonmetallic Mineral 1.63 3.49 2.01 1.37 1.19 0.25
331 Primary Metal 1.51 3.51 1.50 1.37 1.11 0.23
332 Fabricated Metal 1.72 4.91 1.77 1.49 1.15 0.27
333 Machinery Mfg 1.78 5.25 1.89 1.51 1.17 0.31
334 Computer/Electronic 1.92 6.49 2.11 1.60 1.21 0.45
335 Elec Equip & Appl 1.93 5.46 2.52 1.53 1.26 0.29
336 Transportation Equip 1.96 6.00 2.45 1.57 1.25 0.28
337 Furniture Mfg 2.10 6.71 2.90 1.61 1.30 0.24
339 Misc Mfg 1.98 6.23 2.45 1.58 1.25 0.31
423 Wholesale: Durable 1.85 6.93 1.67 1.62 1.14 0.41
424 Wholesale: Nondurable 1.90 6.15 2.10 1.57 1.20 0.38
425 Wholesale: Electronic 1.98 7.85 1.97 1.67 1.19 0.49
441 Motor Vehicle Dealers 1.66 4.39 1.74 1.45 1.15 0.30
442 Furniture/Home Stores 1.48 4.43 1.07 1.45 1.02 0.39
443 Electronics Stores 1.62 6.83 1.01 1.62 1.00 0.39
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444 Bldg Material Dealers 1.27 3.87 0.67 1.40 0.90 0.32
445 Food & Bev Stores 1.78 5.72 1.75 1.55 1.15 0.25
446 Health/Personal Care 1.43 3.83 1.10 1.40 1.03 0.38
447 Gasoline Stations 1.45 4.12 1.07 1.42 1.02 0.26
448 Clothing Stores 1.53 4.21 1.30 1.43 1.07 0.36
451 Sport/Hobby/Book 1.57 5.10 1.18 1.50 1.04 0.35
453 Misc Store Retailers 1.60 5.74 1.15 1.55 1.04 0.35
454 Nonstore Retailers 1.90 11.05 1.19 1.82 1.04 0.35
452 General Merchandise 1.36 1.87 1.85 1.17 1.17 0.23
481 Air Transportation 2.43 6.74 5.20 1.61 1.51 0.29
483 Water Transportation 2.24 6.45 3.91 1.59 1.41 0.30
484 Truck Transportation 2.63 13.56 3.51 1.92 1.37 0.31
485 Transit & Ground 2.27 9.75 2.70 1.77 1.28 0.31
487 Scenic/Sightseeing 2.17 8.89 2.50 1.73 1.26 0.29
488 Support for Trans 1.90 7.11 1.84 1.63 1.16 0.35
492 Couriers & Msgrs 3.41 13.97 9.63 1.93 1.76 0.25
493 Warehousing 1.43 4.21 0.98 1.43 1.00 0.20
511 Publishing 1.79 7.86 1.30 1.67 1.07 0.63
512 Motion Picture/Sound 2.44 11.29 3.13 1.83 1.33 0.39
515 Broadcasting 2.13 8.76 2.33 1.72 1.24 0.58
517 Telecommunications 1.79 9.70 1.06 1.76 1.01 0.47
518 Data Processing 2.18 8.57 2.62 1.71 1.27 0.63
519 Other Info Svcs 1.94 18.13 0.79 2.06 0.94 0.63
522 Credit Intermediation 1.74 7.93 1.16 1.68 1.04 0.57
523 Securities/Finc 2.36 6.05 5.13 1.57 1.51 0.56
524 Insurance Carriers 2.13 6.93 2.99 1.62 1.32 0.58
531 Real Estate 1.92 7.83 1.72 1.67 1.15 0.39
532 Rental & Leasing 1.74 4.53 2.05 1.46 1.20 0.35
533 Lessors Nonfin Assets 2.61 8.93 5.19 1.73 1.51 0.51
541 Prof/Sci/Tech Svcs 2.15 7.46 2.85 1.65 1.30 0.55
551 Mgmt of Companies 2.07 8.38 2.17 1.70 1.21 0.53
561 Admin & Support 1.84 8.31 1.38 1.70 1.08 0.28
562 Waste Mgmt 1.86 5.70 2.11 1.55 1.21 0.27
611 Educational Svcs 2.65 8.53 5.78 1.71 1.55 0.38
621 Ambulatory Health 1.72 4.59 1.89 1.46 1.17 0.37
622 Hospitals 1.51 3.57 1.46 1.37 1.10 0.34
623 Nursing/Resid Care 2.11 7.13 2.80 1.63 1.29 0.22
624 Social Assistance 1.88 6.45 1.95 1.59 1.18 0.24
711 Performing Arts 2.87 11.02 6.15 1.82 1.58 0.35
712 Museums/Historical 2.02 6.29 2.66 1.58 1.28 0.37
713 Amusement/Gambling 1.95 7.35 1.97 1.65 1.18 0.24
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721 Accommodation 1.74 5.95 1.55 1.56 1.12 0.23
722 Food Svcs & Drinking 1.65 5.85 1.25 1.55 1.06 0.17
811 Repair & Maint 1.67 6.24 1.25 1.58 1.06 0.24
812 Personal/Laundry 1.87 6.78 1.79 1.61 1.16 0.23
813 Religious/Civic Org 1.75 5.72 1.63 1.55 1.13 0.42
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