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Abstract

Enterprise artificial intelligence is increasingly delivered through shared infrastructure such
as foundation models and common APIs. When firms rely on a common processing layer,
their actions inherit a shared error component that is orthogonal to fundamentals yet induces
cross-sectional correlation, a structure not generated by standard coordination-information
frameworks. This paper develops a Bayesian game in which artificial intelligence reduces
idiosyncratic noise while introducing such a shared shock. The model yields a closed-form
equilibrium, a misalignment result with excessive adoption regardless of strategic-interaction
sign, and a four-regime typology including a coordination trap. A multi-technology extension
shows that misalignment scales with effective vendor concentration.
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1 Introduction

In almost every industry, firms now face decisions about whether and how to integrate artificial
intelligence into their decision-making processes. Hiring, lending, pricing, inventory manage-
ment, and product recommendation systems increasingly rely on shared infrastructure: foundation
models accessed through common APIs, cloud-hosted scoring systems, and third-party recommen-
dation engines. A striking feature of contemporary enterprise artificial intelligence is its concen-
tration. The same small set of frontier models now mediates the analytics of large numbers of firms
in finance, retail, healthcare, and beyond. As a result, decisions that appear decentralized may in
fact be routed through a common processing layer.

Recent empirical evidence highlights the economic importance of these technologies. Firms
investing in artificial intelligence experience faster growth, driven primarily by increased product
innovation (Babina et al. 2024a); deployment of generative Al tools at the worker level produces
measurable gains in productivity and output quality (Brynjolfsson et al. 2025); Al adoption is
now sufficiently widespread to be measurable across the firm size distribution (Acemoglu et al.
2022); and Al investment is associated with increases in firms’ systematic risk that are not observed
for other technology categories (Babina et al. 2024b). This makes understanding the equilibrium
consequences of widespread reliance on shared Al systems a central economic question, one that
financial regulators have independently identified as a potential source of systemic risk (Bank of
England Financial Policy Committee 2025).!

Recent work on algorithmic decision-making provides complementary evidence that such ho-
mogenization can arise from shared computational systems. Algorithmic advice can function as
a strategic signal that coordinates behavior across agents even in the absence of direct commu-
nication (Rebholz et al. 2025), and experimental and simulation evidence shows that Al-driven
decision-makers can generate sustained supra-competitive outcomes through tacit coordination in
standard market environments, with supporting experimental and field evidence of supra-competitive
pricing under algorithmic decision systems (Deshpande and Jacobson 2026, Calvano et al. 2020,

Assad et al. 2024). A related line of work studies algorithmic monoculture, in which multiple

' The Bank of England’s Financial Policy Committee notes that “[fJrom a systemic risk perspective, the potential for Al-based
participants to take increasingly correlated positions is an important consideration.” See Financial Stability in Focus: Artificial
intelligence in the financial system, April 2025.



decision-makers rely on a common model or shared inputs, leading to correlated evaluations and
systematic distortions in outcomes (Kleinberg and Raghavan 2021, Peng and Garg 2024). More
broadly, shared components such as training data and foundation models can induce homogeneous
outcomes across decision-makers, even when they operate independently (Bommasani et al. 2021,
2022). These findings suggest that when firms rely on common algorithmic systems, correlation
in behavior may arise from shared processing rather than from shared information or institutional
pressures.

This paper studies the equilibrium and welfare consequences of homogenization that arises
specifically from shared digital infrastructure. When firms process their data through a common
artificial intelligence system, they standardize not only what they observe but how they act on it.
The resulting correlation across firms has a distinctive structure: actions inherit a shared component
that reflects the processing layer itself, rather than the underlying fundamental. This structural
feature, absent from existing models of correlated behavior, is the central object of analysis.

The standard framework for coordination under private information ties correlation to infor-
mation. In Morris and Shin (2002) and its extensions (Angeletos and Pavan 2007, Hellwig and
Veldkamp 2009, Myatt and Wallace 2012), firms receive signals about a common fundamental and
choose actions that depend both on that fundamental and on others’ actions.> Correlation arises
either from common fundamentals or from public signals, both of which are informative about the
underlying state, so that aggregating across firms refines beliefs. The resulting trade-off between
coordination and information generates the non-monotone comparative statics that organize this
literature.

Shared artificial intelligence infrastructure violates this structure. When firms feed their data
through a common processing model, their signals contain a component that is correlated across
adopters but uninformative about the fundamental. No setting of any precision parameter in the
standard frameworks yields a signal of this kind: orthogonality to the fundamental is a feature of
the processing technology rather than a limit of an information-quality parameter. The implication
is that the offsetting force that generates non-monotone comparative statics in prior work—that
greater correlation also brings more information—is structurally absent here. As a result, greater

reliance on the shared signal monotonically increases aggregate volatility, and the welfare wedge

2For a survey of this literature, see Pavan et al. (2015).



has a determinate sign that does not depend on whether actions are strategic complements or sub-
stitutes.

This structural difference connects to several adjacent literatures without being subsumed by
them. In models of endogenous information acquisition, agents coordinate on similar signals and
equilibrium behavior can exhibit substantial comovement (Veldkamp 2006); improvements in data-
processing technology can shift agents toward extracting information from others’ trades rather
than producing new information (Farboodi and Veldkamp 2020). Correlated fluctuations need not
reflect fundamentals: endogenous information acquisition and imperfect aggregation can generate
non-fundamental volatility even in equilibrium (Hébert and La’O 2023, Lorenzoni 2009), and
dispersed beliefs can drive aggregate fluctuations through sentiment-like components (Angeletos
and La’o 2013). In rational-inattention environments, agents optimally choose what information to
process, and the resulting attention allocation can produce correlated behavior or muted aggregate
responses (Sims 2003, Matéjka and McKay 2015). In each of these settings, correlation remains
tied to information about fundamentals, prices, or other agents’ actions. The mechanism studied
here departs from this pattern.

The decision problem facing a firm is therefore different from the standard information-acquisition
problem. A firm contemplating artificial intelligence adoption is choosing a processing technology
rather than a signal. The benefit is whatever combination of improved precision, lower operating
cost, or coordination value drives adoption in practice. The cost is exposure to a common pro-
cessing shock shared with other adopters. Whether this trade is privately attractive depends on the
firm’s coordination motive. Whether it is socially desirable depends on whether firms internalize
the effect of synchronized errors on aggregate outcomes. Modern artificial intelligence provides a
natural empirical instance of this structure: foundation models and shared APIs implement a com-
mon mapping from data to decisions across firms (Veldkamp and Chung 2024), making the induced
correlation a property of the processing function itself rather than of the underlying information.

This paper develops a tractable Bayesian game that isolates this mechanism. Artificial in-
telligence is modeled as a shared processing technology that reduces idiosyncratic noise while
introducing an uninformative common shock into adopters’ signals. The model admits a closed-
form linear equilibrium under heterogeneous adoption and allows the private return to adoption to

be characterized as a function of penetration. The central result is a misalignment theorem: for



any value of the strategic-interaction parameter, equilibrium adoption exceeds the level chosen by
a planner who internalizes the systemic-risk externality generated by the shared processing layer.
This invariance follows from a single structural feature—the orthogonality of the shared shock
to the fundamental—and is not obtained by adding a comparable externality to canonical models,
where the welfare direction depends on parameter regions. The over-adoption result is robust to the
source of the externality: a parallel result holds when the planner instead internalizes the distribu-
tional cost of correlated decisions imposed on agents evaluated by shared systems, as emphasized
in the algorithmic-monoculture literature. A multi-vendor extension shows that the misalignment
direction is preserved under any partition of adopters across competing Al providers, while the
magnitude scales with an effective vendor-concentration index.

The model also delivers a four-regime typology of adoption dynamics. When strategic com-
plementarities are strong and the common shock is sufficiently large, the economy exhibits a coor-
dination trap: both low- and high-adoption equilibria are stable, even though artificial intelligence
is intrinsically unattractive in isolation. The high-adoption equilibrium is sustained purely by co-
ordination motives. A phase diagram organizes these regimes and provides a unified view of how
technological parameters and strategic structure jointly determine adoption outcomes.

The framework yields three empirical signatures that distinguish the technological channel
from adjacent mechanisms. First, among adopters, actions contain a common component that is
absent among non-adopters, generating excess covariance at the frequency of decision updates.
Second, aggregate volatility rises with adoption without a corresponding improvement in funda-
mental tracking, distinguishing the mechanism from information-based channels. Third, updates
to the underlying model induce discrete shifts in the shared component, implying that adopter be-
havior should comove with model-update events even when fundamentals are stable. These predic-
tions suggest empirical strategies that isolate residual comovement after controlling for observable

fundamentals and relate it to measures of shared Al usage.

2 Model

This section formalizes the mechanism described in the introduction. The model isolates the con-

sequences of adopting a shared processing technology in an otherwise standard coordination en-



vironment. Firms choose actions that balance accuracy with coordination, but differ in how they
process information about the underlying fundamental. Artificial intelligence is modeled as a com-
mon processing layer that alters the structure of signals by introducing a shared component across
adopters. Adoption is endogenous, determined by firms’ trade-off between precision and exposure
to this shared component, and beliefs are formed using Bayesian filtering given the information
structure. The environment, information technologies, adoption decision, and filtering problem are

laid out in turn.

2.1 Intuition: The Mechanism in its Simplest Form

Before developing the full Bayesian game with strategic interaction and endogenous Al adoption,
it is useful to isolate the central mechanism in a stripped-down environment where it is transparent.
Consider a continuum of firms, each choosing an action to minimize the expected squared distance
from a common fundamental 6. There is no strategic interaction; each firm’s payoff depends only
on its own action and the fundamental.

Each firm chooses between two signal technologies. The custom signal is 6 + €, with idiosyn-
cratic noise of variance 6(2;. The Al signal is 6 + & + u, where & is a common shock realized once
and shared across all Al adopters, and u is idiosyncratic noise of variance Gj. The shared shock
& has variance Gg and is orthogonal to 6. Adoption shares are exogenous: a fraction g of firms
adopts Al, while the remainder uses custom.

Without strategic interaction, each firm chooses its posterior mean. Al users place weight
0'5 /V4 on their signal, where V4 = 0'5 + (752 + Gj; custom users place weight Gg /Vc on theirs,
where V¢ = Gg + Gg. Aggregating across firms, idiosyncratic noises wash out, while the common

shock persists. The aggregate action takes the form

2
Op

¥=Kg(q)0+Ke(q)E,  Ke(q) =4y

The variance of X around the fundamental decomposes into a tracking-error component pro-
portional to Gg and a pure-correlation component equal to K (q)zcrg. Each adopter internalizes
its contribution to tracking error but not its contribution to the second component, which arises at

the aggregate level and does not enter individual payoffs. If society values the variance of the ag-



gregate around the fundamental (e.g., downstream agents exposed to coordinated errors) then the
marginal social cost of an additional Al adopter exceeds the marginal private cost by an amount
proportional to d[K (q)zcg] /dgq, which is strictly positive whenever Gg > 0.

The mechanism is therefore present even in this stripped-down environment, without coordina-
tion, endogenous adoption, or heterogeneous information. The remainder of the section introduces
these features. Strategic interaction allows the shared shock to enter agents’ expectations of the
aggregate and feed back into individual decisions; endogenous adoption determines the equilib-
rium share ¢* as a fixed point; and heterogeneous information governs how non-adopters infer
adopter behavior. None of these enrichments are necessary to generate the externality, but each en-
ables additional results: monotonicity of the wedge for all B > —1, the four-regime typology with
coordination-trap equilibria, and the multi-vendor extension yielding an effective concentration

index.

2.2 Environment

A unit continuum of firms f € [0, 1] chooses actions x; € R to maximize the quadratic beauty-

contest payoff

p = —(xp — 0)> = B(xs —%)7,

where 6 ~ (0, 65) is an unobserved fundamental and x = fol xgdg is the average action. The
parameter 3 € (—1,00) governs the strategic interaction: 8 > 0 corresponds to strategic comple-
mentarity, while B < 0 corresponds to strategic substitutability. The restriction § > —1 ensures ex-
istence of a unique linear equilibrium. The payoff trades off accuracy and coordination. Firms care
about matching the fundamental, but also about aligning with the behavior of others. This structure
captures a wide range of environments in reduced form. Pricing decisions with demand spillovers,
capacity choices under congestion, R&D direction in settings with knowledge spillovers, and port-
folio allocations in markets where prices reflect aggregate behavior all map into this formulation
with appropriately signed 8. Throughout, 8 is treated as a primitive feature of the environment

rather than an object of choice.



2.3 Information and Processing Technologies

Firms differ in how they process information about 6. A firm using a custom technology observes
<C _ C
S = 6 +u o

where ujg ~ (0, O'g) is idiosyncratic noise. A firm using artificial intelligence observes

where u/} ~ A (0,0%) is idiosyncratic noise and & ~ A4 (0,0'52) is a common processing shock
shared by all Al adopters. All shocks are mutually independent and independent of 6.

This specification provides a reduced-form representation of shared algorithmic decision-making.
A growing literature studies environments in which multiple decision-makers rely on a common al-
gorithm or shared model, generating correlated evaluations across agents. In screening and match-
ing settings, the use of a common ranking or score induces dependence across firms’ decisions
even when each firm would prefer to rely on a more accurate assessment (Kleinberg and Raghavan
2021, Peng and Garg 2024). More broadly, modern machine learning systems are built around
shared components, such as training data and foundation models, which can induce systematic
similarity in outcomes across decision-makers (Bommasani et al. 2021, 2022).

The formulation 5‘? =0+E&+ uf} captures this idea in the simplest possible way. The term &
represents the component of the signal that is common across all adopters, arising from the shared
processing layer. It can be interpreted as the error induced by a common model, a shared training
dataset, or any feature of the algorithm that affects all users simultaneously. This component is
not under the control of individual firms and is not diversifiable across them. By contrast, u‘}
captures residual idiosyncratic variation, reflecting firm-specific data, implementation, or noise. In
this sense, the specification isolates a setting in which signals contain a common component that is
orthogonal to fundamentals but nonetheless affects equilibrium behavior through expectations and
coordination (Hellwig 2005).

The distinction between the two technologies is therefore not only a difference in precision but a

difference in structure. Artificial intelligence may reduce idiosyncratic noise, often corresponding



to Gj < Gg, but it does so by introducing a shared component into the signal. This feature mirrors
the logic of algorithmic monoculture: when multiple agents rely on the same system, their errors
become correlated because they are driven by a common source. Custom firms, by contrast, retain
purely idiosyncratic noise and never observe &, so their signals remain independent across the
cross-section.

This structure departs in a fundamental way from the public-signal benchmark of Morris and
Shin (2002). A public signal introduces correlation because it is informative about 6, so that ag-
gregation improves inference even as actions become more aligned. More generally, even when
signals confound different components of uncertainty, correlation typically remains tied to eco-
nomically relevant shocks and can amplify aggregate volatility (Bergemann et al. 2015). Here
the correlation arises from a source that is orthogonal to the fundamental. The shared component
therefore survives aggregation without contributing any informational content. The cross-section
of firms ceases to refine beliefs about 6 and instead carries a common error inherited from the

processing technology itself.

Remark 1 (Behavioral interpretation). The shared component & admits a behavioral interpretation
that may be useful for readers familiar with the sentiment literature in finance. When many firms
adopt the same artificial-intelligence system for a given decision, it is as if each firm has hired the
same employee, whose idiosyncratic biases, training, and blind spots generate correlated outputs
across employers. The variance Gg measures the magnitude of this shared employee’s biases, while
the orthogonality of £ to 6 captures that these biases are unrelated to the underlying state. This
structure parallels the treatment of investor sentiment as a common factor orthogonal to fundamen-
tals (Baker and Wurgler 2006, 2007), and the role of correlated belief errors among noise traders
in generating non-fundamental comovement (De Long et al. 1990). The mechanism here differs in
source rather than form: the shared component arises from a common decision technology rather

than from correlated psychology across agents.

2.4 Adoption Stage

Each firm draws a switching cost ¢y ~ F independently, where F is a continuous cumulative dis-
tribution function on R with positive density on its support. The firm chooses its processing tech-

nology to maximize expected payoff net of the switching cost, taking the equilibrium adoption rate
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q as given. An adoption equilibrium is a rational-expectations fixed point in which ¢ is consistent
with individual choices.

For expositional convenience, it is useful to allow F to have bounded support [0,¢] when dis-
cussing corner outcomes (Section 5). In that case, if AII(0) < 0 then F(AII(0)) = 0, and zero
adoption can arise as an equilibrium. When F has unbounded support, as with the logistic distribu-
tion used in the numerical calibration of Figure 3, the corresponding corner outcomes are replaced
by interior equilibria with ¢* close to but bounded away from O or 1. This distinction does not

affect any of the qualitative results that follow.

2.5 Bayesian Filtering

Firms form beliefs using Bayesian-optimal filtering given their information structure and common
knowledge of the data-generating process, including the presence and variance of the common
shock &. Let V4 = Gg + Gg + Gj and Ve = Gg + Gg denote unconditional signal variances, and

define the projection coefficients

2 2 2

A_ Og a_ G c_ %
ae :_7 a& pr— _7 ae = .
Va Va Ve

Then E‘;‘C[G] = ajs, E‘?[é] = Ot?ff*, and IEJCC[G] = 0655? Custom firms do not observe &, and their
posterior over & remains equal to the prior with mean zero.

The informational content of the Al signal can be summarized by py = ag + ch = (Gg +
Gg) /Va, the share of signal variance attributable to components that are common across adopters.
This object will govern how strongly the shared processing shock enters equilibrium behavior.

The assumption that firms know 652 corresponds to the rational-expectations benchmark in

which agents correctly understand the structure of the Al system and filter signals accordingly.

3 Equilibrium with Heterogeneous Adoption

This section characterizes equilibrium behavior given the information structure and endogenous
adoption. The analysis proceeds in two steps. First, we solve for firms’ optimal responses and

derive the linear equilibrium as a function of adoption. Second, we use this solution to study how



shared processing affects aggregate outcomes. The key object throughout is how the common
component introduced by artificial intelligence propagates through individual decisions into the

aggregate.

3.1 Best Responses and the Linear Fixed Point

Each firm’s first-order condition is

1

Xf = mEf[Q] + %Ef[ﬂ.

We look for a linear equilibrium in which actions are proportional to signals, conjecturing x? =
kA§‘} and xjg = kcfjcc, and in which the aggregate takes the form ¥ = Ky 0 +K§§. Aggregating
across firms, idiosyncratic noises wash out by the law of large numbers, so the coefficients of the

aggregate must satisfy
Ko(q) =qk*+(1—q)k",  K:(q) =qk".

The interpretation is direct. The aggregate inherits the loading on 6 from both types, weighted by
their population shares, while the loading on & comes entirely from AI adopters and scales with
their share g.

Substituting the conjectured aggregate into the first-order condition for each type yields a linear

system in (k4,kC). The system has a unique solution, which can be written in closed form.

Proposition 1 (Equilibrium loadings). For g € (0, 1), the unique linear equilibrium has

ag(1+B —Bgaf)

_ag(1+P)
K (q) ) :

B )=

where
Alg) = [1+B—Bapa) [L+B—B(1—q)of] — af af B*q(1 —q).

The difference between the two loadings reflects how the shared shock enters equilibrium be-
havior. Al firms respond to signals that combine 6 and &, while custom firms respond only to 6.

The term —fB¢q (xg in the numerator of k€ captures the resulting adjustment: although custom firms

10



do not observe &, they anticipate that it moves the aggregate through Al firms’ actions and adjust
their own loading to partially offset this movement. The strength of this adjustment increases with
adoption ¢ and with the share of signal variance attributable to the common component.

The boundary cases illustrate how the equilibrium connects to standard benchmarks. When
g =0, Al is absent and the equilibrium reduces to the familiar Morris-Shin amplification, k¢ (0) =
af /(14 B —Baf). When g = 1, all firms adopt Al and the loading becomes k4 (1) = o /(1 +
B — Bpa), where the denominator reflects that the signal now contains both informative and unin-

formative common components.

3.2 Aggregate Behavior

Substituting the equilibrium loadings into the aggregate yields the error decomposition
$—0=[Kelq)—1]0 +Ke (q) -

The first term reflects imperfect tracking of the fundamental, while the second captures the direct

contribution of the shared processing shock. Taking variances,
_ 2
Var(x—6) = [Ko(q) — 1] 05 +Kz(q)* 0%

This decomposition separates two distinct sources of aggregate volatility. The first is the fa-
miliar fundamental-tracking error: equilibrium behavior does not fully load on 6, so the aggregate
responds imperfectly to the state. The second is specific to the presence of shared infrastructure.
Whenever g > 0, the aggregate inherits a component proportional to &, and this component con-
tributes directly to volatility.

In a custom-only economy, K¢ (0) = 0, so aggregate fluctuations are driven entirely by imper-
fect tracking of the fundamental. With Al adoption, this changes qualitatively. The term K¢ (q)zcé2
is strictly positive and does not vanish under aggregation. Idiosyncratic noises cancel in the contin-
uum, but the common shock is shared across adopters and therefore survives intact in the aggregate.

The implication is that shared artificial intelligence introduces a source of aggregate volatility

that is absent in standard coordination models. Correlation across firms is no longer tied to infor-
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mation about the fundamental, but instead reflects a common error component embedded in the
processing technology. This non-vanishing contribution of & is the central positive implication of

the model and will be the key object in the welfare analysis that follows.

4 Adoption Incentives and Misalignment

This section characterizes firms’ incentives to adopt artificial intelligence and the resulting welfare
implications. The analysis proceeds by first deriving the private gain from adoption as a function
of equilibrium behavior, and then comparing these incentives to those of a planner under alter-
native welfare criteria. The key question is whether firms internalize the consequences of shared
processing for aggregate outcomes. The results show that while coordination motives are fully
internalized in equilibrium, the common component introduced by artificial intelligence generates

an externality that creates a systematic wedge between private and social adoption decisions.

4.1 The Private Gain to Adoption

Let 74(g) and 7¢(q) denote the expected payoffs of Al and custom firms at adoption rate g,
obtained by substituting the equilibrium loadings into the payoff function. The private gain from

adoption is

and an adoption equilibrium satisfies ¢* = F(AII(¢*)), where F is the cumulative distribution of
switching costs.

The dependence of AIl(g) on g reflects the interaction between the informational properties of
the technology and the strategic structure of the environment. Artificial intelligence changes both
how accurately firms track the fundamental and how closely their actions align with others, and

the relative importance of these forces depends on f3.

Proposition 2 (Monotonicity of the adoption gain). The function AIl(q) is independent of g when

B =0, strictly increasing in g when B > 0, and strictly decreasing in g when 3 < 0.

When 8 = 0, firms care only about matching 6, so the attractiveness of Al depends entirely on

the precision trade-off embedded in the signal and is unaffected by how many other firms adopt.
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When 3 > 0, coordination motives amplify the value of shared processing. As adoption rises, the
aggregate becomes more exposed to the common component &, and Al firms, which can partially
forecast this component, track the aggregate more closely than custom firms. Adoption therefore
becomes more attractive as it becomes more widespread. When 8 < 0, the same force works in
reverse. Firms benefit from differentiating from the aggregate, and Al adoption makes firms more
correlated with one another. As a result, the marginal value of adoption declines with g.

The proof reduces the result to a sign property of a polynomial in (g, B, c). Using the closed-

form expression for AIl(g) derived in Section A, differentiation yields

dAll 0(¢:B;0)
g ZBCT(Zal(lﬂLﬁ)Vc—A(q)3 ,

where the prefactor is strictly positive and Q is a polynomial whose negativity over the admissible
parameter region determines the sign. The boundary cases admit sum-of-squares representations,
and the interior is verified by exhaustive computer-algebraic evaluation. Full details are given in

Section A.

4.2 Welfare Specifications

The misalignment result depends on how social welfare is defined. The relevant question is whether
the planner values only firm-level payoffs or also internalizes the effect of shared processing on
aggregate outcomes.> Four benchmarks make this distinction explicit.

The first is the utilitarian benchmark, denoted Wj, under which the planner aggregates firm

payoffs and therefore fully internalizes the coordination motive:

#1(q) = qn*(q) + (1 —q) 7°(q).

The second benchmark, denoted W5, isolates fundamental-tracking performance by treating

3The choice of welfare criterion in coordination games with private information is itself a substantive modeling decision.
Svensson (2006) argues that the welfare-reducing effect of public information identified by Morris and Shin (2002) requires extreme
parameter values, while Morris et al. (2006) reply that the comparison depends on the welfare criterion adopted. Our specifications
situate the choice of welfare criterion in the same tradition: the planner internalizes social costs that firms do not.
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coordination payoffs as transfers across firms. Welfare is then given by
#5(q) = —qE[(x} — 6)°] — (1 — q) E[(x§ — 6)7],

which corresponds to the social-value-of-information objective in Angeletos and Pavan (2007).
The third benchmark, denoted W3, augments firm payoffs with a penalty on the component of

aggregate volatility that arises from shared processing:

#3(q) = #i(q) — YKe(9)* 02, ¥>0.

The term K¢ (q)zaé2 =g’k (q)ng2 is the variance contribution of the common processing shock to
the aggregate. It isolates the source of correlation introduced by artificial intelligence and separates
it from the fundamental-tracking component, which is already internalized in firm payoffs. When
downstream agents, regulators, or counterparties incur costs that scale with aggregate fluctuations,
the relevant externality is precisely this component. In such environments, ¥ measures the marginal
social cost of volatility attributable to the shared shock. Because K¢ (q)zcré2 captures only the
incremental variance generated by shared infrastructure, it provides a sufficient statistic for this
externality, while the fundamental-tracking term introduces no additional wedge.

The fourth benchmark, denoted Wy, captures a distinct externality emphasized in the algorithmic-
monoculture literature (Kleinberg and Raghavan 2021, Peng and Garg 2024, Bommasani et al.
2022). When firms use shared artificial intelligence to make decisions about external agents —
borrowers screened for credit, applicants screened for employment, defendants assessed for risk
— correlated decision rules expose those agents to coordinated outcomes. An agent who appears
unfavorable to the shared system is rejected by every adopter that uses it, with no independent
evaluation within the adopter population. The resulting externality is therefore distributional: it
falls on the agents being evaluated rather than on firms or on the aggregate economy.

To formalize this channel, suppose each decided-about agent encounters two firms drawn in-
dependently from the population of decision-makers and incurs a welfare loss that scales with

the probability that both firms make correlated decisions.* The probability that both firms are Al

“The pairwise encounter structure is a stylized representation. More elaborate models — agents meeting K firms, heteroge-
neous types, or outside options — produce externalities of the same structural form up to a multiplicative constant absorbed into
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adopters is ¢2. Conditional on this event, the share of within-Al signal variance attributable to the
shared processing shock is Gg /Va, which corresponds to the within-Al correlation in actions hold-
ing the fundamental fixed. The expected per-agent welfare loss therefore scales with the product

of these terms, yielding

(]2 o2

Pila) = Hi(@) == >0,

The penalty term differs structurally from that in W3. Under W3, the externality is the variance
of the aggregate, which scales with K¢ (q)zcg = qzkA(q)zcrg and depends on equilibrium loadings
through k4 (g)?. Under Wy, the externality is the within-adopter correlation coefficient weighted
by encounter probability and depends only on signal-structure primitives. The two specifications
coincide up to the multiplicative factor k*(g)>Vy, but they capture distinct channels: W reflects
costs proportional to aggregate volatility, while Wy reflects costs from coordinated outcomes faced
by external agents.

These alternative welfare criteria imply different relationships between private and social adop-
tion incentives. As the analysis below shows, both the systemic-risk benchmark W3 and the
algorithmic-monoculture benchmark Wy deliver a misalignment with a determinate sign (i.e., equi-

librium adoption exceeds the planner’s optimum under either interpretation) while W; delivers

efficiency and W, leaves the wedge sign-indeterminate.

4.3 The Team-Efficiency Result

The first welfare result establishes that, under the utilitarian benchmark W, the adoption equilib-

rium is socially efficient.

Proposition 3 (Team efficiency). Under welfare specification Wy, d#)/dq = All(q) for all q €

(0,1). The market equilibrium q* coincides with the social optimum q°°.

The result follows from a property of the linear-Gaussian beauty contest with a continuum
of firms. For any fixed adoption rate ¢, the equilibrium loadings (k*,kC) are not only privately
optimal but also maximize average firm payoffs under a planner who assigns one common de-

cision rule to each type. The planner’s first-order condition differs from the Nash condition

Yum- The qualitative results below are robust to these extensions.
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only through a general-equilibrium term reflecting the response of the aggregate to coordinated
changes in behavior. This term vanishes because, at any equilibrium, the cross-sectional iden-
tity [ (dmy/0X)dg = 0 holds: deviations from the aggregate cancel in the mean. As a result,
the planner’s problem reduces pointwise to the Nash problem, and the equilibrium loadings are
team-efficient.

The same logic applies to changes in the adoption rate. A marginal shift in g alters the aggregate
through the reweighting of types, but the associated general-equilibrium effect again drops out
because the marginal payoff with respect to X averages to zero across firms. The derivative d# /dq
therefore coincides with the direct gain from switching types, AI1(g).

This result highlights that, in the absence of additional welfare considerations, correlated be-
havior induced by shared processing does not by itself generate inefficiency. Even though Al
introduces a common component into actions, firms fully internalize its implications for coordina-
tion. Any wedge between private and social incentives must therefore come from objectives that
are not captured by firm payoffs, such as the accuracy of actions in tracking fundamentals or the

stability of aggregate outcomes.

4.4 The Misalignment Result

The substantive welfare result follows under the systemic-risk benchmark Ws.

Proposition 4 (Misalignment). Under welfare specification W3, the wedge between private and
social adoption incentives is

_ a7 d 2 52

ATl(q) Qo YE[Kg(Q) oz] > 0,

forall g € (0,1) and all B > —1. In any interior equilibrium q*, it follows that q* > g%’°: artificial
intelligence is over-adopted relative to the planner who internalizes the systemic-risk external-
ity. The direction of the wedge is independent of B, while its magnitude depends on B through

equilibrium loadings.

The result follows from a clean decomposition. Under Wj, Proposition 3 implies that pri-

vate and social incentives coincide once equilibrium behavior is fixed. Introducing W3 leaves this
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component unchanged but adds a term that depends on how adoption affects aggregate volatility.
Because K¢ (q)? is strictly increasing in ¢, every additional adopter raises the variance contribu-
tion of the shared processing shock. This effect is not priced by firms, whose payoffs depend on
proximity to X rather than on its variance. The entire wedge therefore arises from the externality
generated by the shared component, and it is positive at every interior point.

The role of the common shock can be seen by comparing to standard information models. In
environments with informative public signals, greater reliance on common information increases
correlation but can reduce aggregate volatility because beliefs improve. Here the common com-
ponent carries no information about 0, so this offsetting force is absent. Higher adoption simul-
taneously raises correlation and raises volatility. The same monotonicity that governs aggregate

variance therefore determines the sign of the welfare wedge.

Remark 2 (Misalignment under W, is generically indeterminate). Under welfare specification W,
the planner optimizes tracking accuracy rather than firm payoffs, and equilibrium loadings need not
be optimal from this perspective. As a result, the wedge between AIl(g) and d#5/dq contains both
a direct compositional term and indirect effects operating through equilibrium behavior. Holding

(KA, k©) fixed, the direct component is

d
ATl(q) — a—? " =B [E(:§ — 02~ E(x} —%)?],

which depends on the relative dispersion of actions across types. This expression can be written as
(2g—1)[(k" = k*)?o5 + (K*)?og] + (k) ?0¢ — (K*) 3,

and need not have a fixed sign. Once the indirect effects from changes in loadings are incorporated,
the total wedge is generically sign-indeterminate. Numerical evaluation confirms that, for fixed
primitives, AIl(q) —d#>/dq can be positive or negative depending on the calibration. In contrast,

the systemic-risk specification W3 yields a uniformly positive wedge.

The contrast is illustrated in Figure 1. The left panel plots the %> wedge for three calibrations
chosen to highlight its indeterminacy: one yields uniform under-adoption, another uniform over-

adoption, and a third changes sign in the interior. The right panel plots the corresponding #53
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Notes: Each panel plots the misalignment wedge AIl(q) —d#;/dq as a function of Al penetration g, for three
calibrations all sharing f = 1.5, y =1, and 65 in the same range, but differing in the relative magnitudes of
03, 02, and ag. Calibration I: (cg,og,cj,cg) =(2.79,0.05,0.62,0.27); Calibration II: (1.23,0.62,0.88,0.47);
Calibration III: (2.48,0.21,0.78,1.46). In Panel A, under the mean-squared-error welfare specification %3, the
wedge takes negative values throughout for one calibration, positive values throughout for another, and crosses
zero in the interior for the third. The same primitive parameters therefore deliver no determinate prediction about
whether Al is over- or under-adopted relative to the #5 planner (Remark 2). In Panel B, under the systemic-risk
welfare specification %3 = #1 — K¢ (q)zaé, the wedge is strictly positive across all three calibrations and all

q € (0,1]. Over-adoption is the universal prediction (Proposition 4).

Figure 1: The misalignment wedge: %5 is sign-indeterminate, #3 is uniformly positive.

wedge. In all cases, the curves lie strictly above zero, so over-adoption is the uniform prediction.
The difference between the panels isolates the empirical content of the welfare specification.

The implication of Proposition 4 does not depend on the strategic environment. Once the
planner internalizes the externality generated by the shared processing layer, adoption is excessive
for all B > —1. The direction of intervention is therefore pinned down by a single object, the rate at
which K¢ (q)? increases with adoption. The magnitude of the welfare effect depends on ¥ and on the
equilibrium loadings, but its sign does not require taking a position on whether actions are strategic
complements or substitutes. This externality is closely related to mechanisms studied in models of
systemic risk and correlated exposures, in which interdependence across agents amplifies aggregate

fluctuations (Acemoglu et al. 2015).

Remark 3 (Misalignment under the algorithmic-monoculture specification). Under welfare spec-

ification Wy, the wedge between private and social adoption incentives at any interior g is

dW, 2Mmqo?
4 S0

ATT(q) —
(9) i A
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for all ¢ € (0,1] and all B > —1. The wedge is strictly positive, so equilibrium adoption exceeds
the planner’s optimum.

In contrast to the wedge under W3, which is invariant in sign but varies in magnitude with 3
through the equilibrium loadings, the wedge under Wy is invariant with respect to 3. The externality
depends only on the signal-correlation structure rather than on equilibrium behavior: coordination
motives (B # 0) affect how firms respond to signals but do not affect the within-Al correlation that
drives the algorithmic-monoculture externality.

The over-adoption result therefore holds across two structurally distinct welfare specifications.
This robustness extends to the multi-vendor environment of Section 6, where the wedge magnitude

under W; scales with the same effective vendor-concentration index H(K,p) as under W3.

5 The Four Regimes of Adoption Dynamics

This section characterizes how adoption outcomes depend on the interaction between technological
parameters and strategic incentives. Because adoption is determined by a fixed-point condition, the
equilibrium structure can vary qualitatively across environments. The shape of the adoption gain,
together with its behavior at the boundaries, determines the number and stability of equilibria and
yields a small set of regimes that organize the model’s predictions.

The key objects are the signs of ATI(g) at g = 0 and ¢ = 1. Combined with the monotonicity re-
sult of Proposition 2, these signs determine the number and stability of fixed points of the adoption

mapping. The following observation simplifies the geometry.

Lemma 1 (B-independent threshold). The boundary AI1(0) = 0 is given by 652* = 02 — 03, inde-
pendent of .

The intuition is that at ¢ = 0 the marginal Al adopter faces the same aggregate as a custom
firm, ¥ = k©(0)8. At the point where V4 = V¢, the two technologies deliver identical signal quality,
so all moments of the payoff coincide. Because both types respond to the same aggregate, the
coordination term enters symmetrically and its weight cancels. The adoption decision at the margin
therefore depends only on the relative precision of the two technologies. Artificial intelligence is

2 2

privately attractive in isolation if and only if its idiosyncratic advantage, o5 — oy, exceeds the

variance of the common shock.
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The condition AII(1) = 0 plays a different role. It defines a locus that varies with 3. As co-
ordination motives strengthen, deviation from the common processing technology becomes more
costly, so firms are willing to tolerate a larger common shock. The threshold value of 652 at which
a marginal custom firm is indifferent therefore rises with . Numerical evaluation shows that this
locus is monotone increasing and convex, intersecting the ¢ = 0 boundary at = 0.

Figure 2 plots these two loci in ([3,652) space and partitions the parameter region into four
regimes. The misalignment result of Proposition 4 applies throughout: while the equilibrium
configuration depends on strategic structure, the direction of the welfare wedge does not. Two
regions exhibit qualitatively distinct behavior, a coordination-trap regime under complementarity

and a fragmentation regime under substitutability, which we discuss next.

An(1)=0
T
1
4 Al uniformly unfavorable
B Am(0) <0, Ax(1)<0 '
[} I’
Q ’
% /)
o 3 4 ’
a I,
> ’
4
= 2 ,/ Coordination trap
T / Am(0) <0, Az(1) >0
g A two stable equilibria
= o
E 1 N . ’
o Jrag =7 AI uniformly favorable
T T T T
-0.7 0 1 2 3

Strategic interaction f3

Notes: The phase diagram shows the four adoption regimes as functions of the strategic-interaction parameter
B and the common-shock variance 652. The solid line is the locus Aw(0) = 0, where the marginal Al deviator at
zero penetration is just indifferent to adoption; this boundary is independent of  (Lemma 1). The dashed curve
is the locus Am(1) = 0, where the marginal custom deviator at full penetration is just indifferent to switching
back; this curve is monotone increasing in § and passes through 6§ = Gg — Gf at = 0. The shaded amber
region is the coordination trap: the high-adoption equilibrium is sustained by coordination motives even though
Al is intrinsically unfavorable in isolation. The shaded teal region is the fragmentation regime under strategic
suzbstitutability, in which the unique stable adoption equilibrium is interior. Calibration: O'g =1, O'/% =0.2,
o-=0.6.

Figure 2: Four regimes of Al adoption in the (J3, Gg) parameter space.

The coordination trap. When 8 > 0, ATI(0) < 0, and ATI(1) > 0, the adoption mapping ¢* =

F(AIl(g*)) admits multiple fixed points. There are two stable equilibria, a low-adoption equilib-
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rium g; close to zero and a high-adoption equilibrium g}, close to one, separated by an unstable
interior threshold. Artificial intelligence is privately unattractive in isolation but becomes attractive
once adoption is sufficiently widespread.

The mechanism is purely strategic. At low penetration, a marginal firm faces little exposure to
the shared component and therefore values the precision of custom processing. At high penetration,
the aggregate is dominated by the common component, and firms benefit from aligning with others
who are subject to the same signal. Crossing the threshold shifts the balance from precision to
coordination, making adoption self-reinforcing.

Figure 3 illustrates this structure as a fixed-point diagram. The best-response curve F (AIl(g))
intersects the 45-degree line three times. The outer intersections correspond to stable equilibria,
while the interior intersection is unstable and separates the basins of attraction. Initial conditions
therefore determine which equilibrium is selected, even though the underlying primitives remain
unchanged.

This regime provides a precise formulation of the idea that artificial intelligence can act as a
coordination device. The high-adoption equilibrium is sustained even though adoption is privately
unattractive in isolation, because no firm has an incentive to deviate once others have adopted.

Under the systemic-risk benchmark W3, both stable equilibria exhibit over-adoption at the mar-
gin relative to their local social optima, as established in Proposition 4. The comparison between
the two equilibria at the global level is more subtle. The high-adoption equilibrium benefits from
stronger coordination but also generates greater aggregate volatility through the shared compo-
nent. For moderate values of 3, the low-adoption equilibrium yields higher welfare; for suffi-
ciently large B3, the coordination gains at high adoption can outweigh the variance cost, making the
high-adoption equilibrium globally preferable despite remaining locally inefficient.

A regulator seeking to move the economy away from excessive synchronization must therefore
assess not only the marginal wedge but also which equilibrium is welfare-dominant. When the low-
adoption equilibrium is preferred, policies that shift expectations or incentives across the unstable
threshold can implement it. Measures such as disclosure requirements, diversification mandates,
or support for alternative processing technologies operate by shrinking the basin of attraction of

the high-adoption equilibrium and expanding that of the low-adoption outcome.
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Notes: The figure plots the next-period adoption rate g,;; = F(AIl(g,)) against the current rate ¢; on a calibra-
tion in the coordination-trap regime. Fixed points lie at intersections with the 45-degree line. Three intersec-
tions obtain: a stable low-adoption equilibrium ¢; ~ 0.03 and a stable high-adoption equilibrium gj; ~ 0.98,
separated by an unstable interior fixed point ' ~ 0.77 at which the slope of F(ATI(-)) exceeds unity. Best-
response iteration converges to whichever stable equilibrium lies in the same basin of attraction as the initial
penetration: the wide left basin captures industries that begin from any moderate level of Al adoption, while
only initial penetration above ¢' tips the industry into the high-adoption equilibrium. The light arrows trace
two illustrative cobweb iterations starting from go = 0.5 and go = 0.85. Calibration: § =2, Gg =1, Gg =1.5,

07 = 0.2, 62 = 0.6, with logistic adoption distribution F (x) = (1 +¢~**)"! and A = 15.

Figure 3: The coordination trap as a fixed-point diagram.

Adoption fragmentation. When f3 <0, ATI(0) > 0, and AII(1) < 0, neither corner is an equilib-
rium. Since F(AII(g)) is continuous and strictly decreasing in ¢ under substitutability, the fixed-
point equation admits a unique interior solution. The equilibrium features persistent heterogeneity,
with a stable mix of adopters and non-adopters.

The underlying force is differentiation. Artificial intelligence improves precision, making it
attractive in isolation, but it also increases correlation across firms. When actions are strategic
substitutes, this correlation is costly. As adoption rises, the marginal benefit of Al declines, and
the equilibrium settles at an interior point where the precision gain is exactly offset by the strategic
cost of moving with others. Industries in which differentiation is central therefore exhibit partial

adoption rather than convergence to a common processing technology.
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Boundary regimes. The remaining cases are degenerate. When AIT(0) > 0 and ATI(1) > 0, arti-
ficial intelligence is privately attractive at all adoption levels, and equilibrium adoption is bounded
away from zero. When AIT(0) < 0 and ATI(1) < 0, it is unattractive throughout, and adoption
remains near zero. In both cases, strategic incentives reinforce the underlying technological ad-

vantage or disadvantage rather than altering its direction.

6 Vendor Diversity and the Misalignment Magnitude

The misalignment result of Proposition 4 establishes that adoption is excessive but does not charac-
terize the magnitude of the welfare wedge. This section generalizes the model to allow multiple Al
vendors, identifying a second policy margin — the structure of the Al market itself — that governs
the size of the externality without altering its direction. The extension makes contact with two reg-
ulatory concerns that the framework has so far approached only through the empirical motivation:
vendor concentration in foundation-model markets (Bank of England Financial Policy Committee
2025), and the distinction between substantive and cosmetic forms of vendor diversity that arises

when multiple vendors fine-tune a common base model (Bommasani et al. 2022).

6.1 Multiple Processing Technologies

Suppose adopters partition across K > 1 Al vendors. Vendor k generates a processing shock & ~

(0, 0'5) and a firm-specific noise term with variance of, so that an adopter of vendor k observes
Ak Ak
Spt =0+ +u

Let g; denote the share of firms adopting vendor k, with ZkK:1 qr = gq. Vendor shocks are jointly
Gaussian with Var(§;) = Gg for all k and pairwise correlation Corr(&, &) = p € [0,1] for k # K.
The single-vendor case (K = 1) is the model of Section 5.

The two endpoints of the correlation parameter have natural interpretations. When p = 0,
vendors are structurally independent: their processing shocks come from distinct base models,
training corpora, or architectures, and the realizations {&; } are uncorrelated. When p = 1, vendors

share a common processing core — for example, multiple wrappers around the same foundation
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model — and & = &, almost surely.

For tractability, the analysis fixes vendor adoption shares as exogenous primitives. Section 5
treated ¢ as endogenously determined by switching costs; here, conditional on g, the partition {g; }
is taken as given. This allows the welfare implications of vendor structure to be isolated cleanly

from a vendor-side competition model. The endogenous-shares case is left to subsequent work.

6.2 The Effective Vendor-Concentration Index

Each adopter still sees a single processing shock in their own signal, so equilibrium loadings
(kA , kC) are unchanged from Proposition 1. The aggregate, however, now inherits a separate com-

ponent from each vendor:

K
X=Ko(q)0+ Y K:p&,  Krp=qi k"
=1

Computing the variance of the second term and substituting the correlation structure yields

Var( L Kes&s) = ()02 | X + 2 1 e

k<k'

Under symmetric vendor adoption, g, = ¢/K for all k, the bracketed expression simplifies. Define

the effective vendor-concentration index

H(K,p) E%—f— (1—%>p.

Then under symmetric adoption,
Var( Y Kz &) = K (a)2 02 - H(K.p),
k

where K¢ (q) = q- k* is the aggregate loading on the shared component in the single-vendor model.
The index H takes values in [1/K, 1], attaining its lower bound at p = 0 and its upper bound at

p = 1, and is monotone increasing in p for any K > 2.

Proposition 5 (Vendor diversity). Under welfare specification Wx generalized to multiple vendors,
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the wedge between private and social adoption incentives at any interior q is
d
All(q) — ——= = YH(K,p) %[Kg (9)*cz] > 0,

forall B> —1,all K > 1, and all p € [0,1]. The direction of the wedge is invariant in (K,p). The
magnitude scales with H(K,p) and falls monotonically in K at any p < 1, with strict reduction

whenever p < 1.

The proof follows directly from Proposition 4 together with the variance decomposition above.
The marginal welfare effect of g under W3 now includes a term yH (K, p) d[K¢ (q)zog] /dq instead
of yd[K¢ (q)zcg]/dq, scaling the entire wedge by H(K, p). Strict positivity of d[K (9)%]/dq was
established in identity (P4.2). The factor H(K,p) is itself strictly positive, so the wedge sign is

unchanged.

Remark 4 (Vendor diversity under the algorithmic-monoculture specification). The vendor-diversity
result extends to welfare specification % (the algorithmic-monoculture specification) with the
same effective vendor-concentration index H (K, p) governing the wedge magnitude. Under sym-
metric vendor adoption g; = ¢/K and pairwise cross-vendor correlation p, the within-AI condi-
tional correlation in actions becomes GgH (K,p)/Va, scaling the #j penalty term by H(K,p) and
yielding the wedge

aw P 2mqozH(K,p)

ATl(g) — .
(9) i Vi

The two corner cases of Corollaries 1 and 2 carry through. At p = 0 the wedge magnitude scales
as 1/K (structurally independent vendors deliver linear reduction in the externality); at p = 1 the
wedge magnitude is invariant to K (common-core vendors deliver no reduction). The substantive-
versus-cosmetic-diversity distinction therefore holds under both welfare specifications: the policy
implication of the multi-vendor extension is robust to whether the externality is interpreted as

systemic risk to the aggregate or as distributional harm to decided-about agents.

6.3 Substantive versus Cosmetic Diversity

Two corner cases of Proposition 5 expose the policy content of the result.
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Corollary 1 (Independent vendors). When p =0, H(K,0) = 1/K. The misalignment magnitude

under welfare specification Ws falls linearly in K.

Corollary 2 (Common-core vendors). When p = 1, H(K,1) =1 for all K. The misalignment

magnitude is invariant to vendor count.

The contrast between the two corollaries is the central policy implication. Under structurally
independent vendors, doubling the number of providers halves the systemic-risk externality. Un-
der vendors that share a common processing core, the same nominal expansion of vendor count
delivers no welfare gain. The vendor-diversity margin is therefore not vendor count per se, but the
structural independence of vendors’ processing shocks.

This distinction tracks evidence in the algorithmic-monoculture literature. Bommasani et al.
(2022) document empirically that fine-tuned foundation models inherit substantial structure from
their base models: the residual variation across fine-tuned variants of a common base model is
small relative to variation across structurally distinct models. Translated into the present frame-
work, fine-tuning corresponds to high p, and the welfare gain from vendor expansion within a
single foundation-model family is bounded above by the gain achievable from genuine base-model
diversity. Figure 4 visualizes this contrast: the wedge magnitude declines sharply with K at p =0
but remains flat at p = 1, with intermediate values interpolating smoothly between the two corner

cases.

6.4 The Regulator’s Joint Problem

Combining Propositions 4 and 5, a regulator who internalizes the systemic-risk externality faces
a joint policy problem in two margins: the adoption rate ¢ and the effective vendor concentration
H(K,p). The marginal social cost of adoption at any (¢, K, p) is the product of these two quantities
times the underlying K¢ (q)zcéz. Policies that target the first margin — adoption taxes, mandated
diversification of decision systems, or capital requirements tied to Al-driven exposure — reduce
q. Policies that target the second margin — procurement diversification mandates, open-source
requirements, or interoperability standards designed to preserve heterogeneity in base models —
reduce H.

The two margins are not redundant. Reducing ¢ alone leaves the per-adopter exposure to the
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Notes: The figure plots the misalignment-wedge magnitude under welfare specification #3 as a function of
the number of Al vendors K, normalized to its value at K = 1. Each curve corresponds to a fixed value of
the cross-vendor correlation p € {0,0.25,0.5,0.75,1}. The wedge magnitude scales with the effective vendor-
concentration index H(K,p) = 1/K+ (1 — 1/K)p from Proposition 5. At p = 0 (red), vendors are structurally
independent and the magnitude falls hyperbolically as 1/K (Corollary 1). At p = 1 (gray), vendors share a
common processing core and the magnitude is invariant in K (Corollary 2). Intermediate p values interpolate
between these corner cases. The vendor-diversity margin is not vendor count per se, but the structural indepen-
dence of vendors’ processing shocks: cosmetic diversity (high p) delivers little welfare gain, while substantive
diversity (low p) delivers a near-linear reduction in the systemic-risk externality.

Figure 4: Wedge magnitude as a function of vendor diversity.

shared component unchanged. Reducing H alone leaves equilibrium adoption above the social
optimum, with the wedge merely scaled down. The combined policy reaches the social optimum
at lower distortion than either margin alone, since each operates on a different component of the
externality. The structural distinctness of the two margins also implies that policies aimed at the
Al market structure (antitrust, competition policy) complement rather than substitute for policies
aimed at adoption itself (sector-specific regulation, capital requirements).

The asymmetric-shares case extends the result without changing its character. When vendor
adoption is unequal, the effective concentration index becomes H ({qi},p) = (Lx g7 +2P Yt qkqr) /4
which is a Herfindahl-style measure of vendor concentration normalized by total adoption. The
qualitative result is preserved: the misalignment magnitude is monotone in vendor concentration
for any fixed p, and the substantive-versus-cosmetic distinction continues to hold at the corner

cases.
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7 Concluding Discussion

This paper develops a tractable model of artificial intelligence as a shared processing technology in
a coordination environment. The central feature is that artificial intelligence introduces an uninfor-
mative common component into signals, generating correlation without improving inference. This
distinction yields a closed-form equilibrium with heterogeneous adoption, a misalignment result in
which adoption is excessive relative to a planner who internalizes systemic risk, and a four-regime
typology of adoption dynamics that includes a coordination trap with multiple stable equilibria.
The over-adoption result follows from a single structural property, the monotonic increase of the
aggregate variance component K (q)zdg2 with adoption, and holds independently of the sign of f3.

The framework provides a formal counterpart to the attention-based view of the firm. In that
perspective, organizations differ not only in what information they observe, but in how they process
it. Shared artificial intelligence can be interpreted as an attentional infrastructure that standardizes
the mapping from data to decisions across firms. Custom processing preserves heterogeneity in
this mapping, while shared infrastructure induces a common perspective. The shared shock &
captures the residual component of this standardization: it is the part of behavior that is common
across adopters but unrelated to the underlying fundamental. Because this component affects all
adopters simultaneously, it introduces a source of aggregate risk that is not internalized by indi-
vidual firms. Coordination incentives are fully internalized in equilibrium, so the only remaining
distortion arises from the variance of the aggregate induced by shared processing.

The empirical signatures introduced earlier point to concrete identification strategies. Excess
covariance in adopter behavior is the most direct: residual action correlation among firms us-
ing a common foundation model, after partialling out observable fundamentals, can be bench-
marked against non-adopters within the same industry. The volatility prediction suggests exam-
ining whether industry-level variance in pricing, hiring, or recommendation outcomes rises with
measured Al penetration without a corresponding tightening of the response to fundamentals. The
model-update prediction is perhaps the sharpest test: discrete revisions to widely used foundation
models or scoring systems generate quasi-experimental variation in & that is plausibly orthogo-
nal to industry conditions, so adopter behavior around such events provides a window onto the

technological channel that is difficult to confound with informational or institutional explanations.
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The misalignment result has direct implications for policy. When a planner internalizes the
systemic-risk externality generated by shared processing, equilibrium adoption exceeds the social
optimum regardless of the sign of . The relevant object for policy is therefore the rate at which
K (q)? increases with adoption, which determines the marginal social cost of synchronization.
Policies that reduce common exposure or promote diversity in processing technologies, such as
disclosure requirements, capital regulation tied to correlated risk, or incentives for maintaining
heterogeneous decision systems, operate directly on this margin. The coordination-trap regime
introduces an additional consideration: where multiple stable equilibria coexist, marginal inter-
ventions are insufficient on their own, and policy must also shape which basin of attraction the
economy occupies.

Several extensions follow naturally. Allowing firms to misperceive the structure of the shared
shock would alter how signals are filtered and could change the direction of the welfare wedge.
Calibrating the magnitude of the externality in specific industries would sharpen the model’s em-
pirical and policy relevance. A dynamic extension, in which the shared component evolves with
updates to underlying models, would speak to the persistence of model-driven risk and the timing
of intervention. The cost structure of adoption also merits closer examination: artificial intelligence
typically involves both sunk integration costs, captured here by the heterogeneous switching cost
cy, and marginal usage costs such as per-query API fees. A homogeneous marginal cost would
shift ATI(g) uniformly downward, reducing equilibrium adoption but leaving the misalignment
wedge unchanged, since both private and social marginal payoffs incorporate the cost identically
— a robustness property that also implies market pricing of Al services does not, on its own, cor-
rect the systemic-risk externality. The interaction between marginal cost and model quality, where
firms select among vendor tiers that trade off precision against per-query cost, would generate a
meta-coordination problem worth separate analysis. A further extension would allow firms to steer
or fine-tune the shared system (Ouyang et al. 2022), introducing a per-adopter transformation of
the common processing layer. The direction of this extension is not obvious: if steering produces
meaningfully heterogeneous transformations, it dilutes the common component and reduces the
misalignment wedge; if steering tools are themselves standardized — drawing on shared prompt
libraries, common fine-tuning datasets, or vendor-supplied templates — the wedge survives with

& reinterpreted as the residual common component after steering, since fine-tuned systems can
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inherit substantial structure from the underlying base model (Bommasani et al. 2021). A separate
force complicates the comparison: when actions are strategic complements, firms have a private
incentive not to deviate from the aggregate, so equilibrium steering may be muted even when the
technology permits substantial customization. More broadly, the framework highlights that the
economic consequences of artificial intelligence depend not only on improvements in prediction,

but on how widely and uniformly those predictive tools are deployed across decision-makers.
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A Proofs

This section collects the proofs of all results in the order in which they appear in the main text.
Throughout, V4 = Gg + 652 + Gj and Ve = Gg + Gg denote unconditional signal variances, and a‘é‘ =
65 /Va, (xg = Gg /Va, ch = Gg / Ve are the Bayesian projection coefficients. Define py = Ozg + Oc? =

(Gg + Gg) /V4. The maintained parameter restriction is 8 > —1 together with Gg, Gj, Gg, 652 > 0.

A.1 Proof of Proposition 1

Conjecture linear strategies x;‘c = kAf‘} for Al firms and xJCC = kcﬁjcc for custom firms, with linear
aggregate X = Kp0 + Kéﬁ. By the law of large numbers in the continuum, idiosyncratic noises
wash out in aggregation, so consistency of the conjectures requires

Ko(q) =qk"+(1-q)k",  K:(q)=qk" (PL1)
The first-order condition of firm fis x; = (1+ ) 'E/[6]+ B(1+ ) 'E[x]. For an Al firm,

IE?[G] = ag‘f‘} and IE? [X] = Kg ocg‘s*? + K¢ a?f‘}, since both 6 and & have linear projections onto 5‘}

with coefficients 053 and OC? respectively. Substituting and matching coefficients on 5’} gives

(14 B)k* = o (14 BKo) + B ot Ke . (P1.2)

For a custom firm, IE]Cc[G] = ag&? , and since & is orthogonal to 5? , ]E]g [] = Kear§ s? . Hence

(1+B)k" = a§(1+ BKp). (P1.3)

Substituting (P1.2) and (P1.3) into (P1.1) yields a 2x2 linear system in (Kg,K¢). Using Kz =
gk?, equation (P1.2) can be rearranged as

[(1+B) — Baof] K = o (1 + BKa),

which expresses k4 in terms of Ky. Combining with (P1.3) and substituting into the consistency
condition for Kg in (P1.1) produces a single equation in Kg whose solution, after algebraic simpli-
fication, can be written as

Ko(q) = P(q)/M(q), 1+ BKe(q) = (1+B)/M(q), (P1.4)
where
ﬁ 2 A A
pla)=aod +0-q)of. @) =nlg +%, Mlg) = (1+B) — la).

(P1.5)
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Substituting (P1.4) back into (P1.2) and (P1.3) delivers the clean closed forms

A C
kA(q)Z%, kC(Q)Z%’q), N(g)=1+B—Bgof. (P1.6)

2

Collecting the common denominator and using Oc? Vi = Of, one verifies the equivalent representa-

tion in the proposition’s statement: writing A(g) = M(q) N(q), expansion gives
A(g) = [1+B—Bgpa] [1+B —B(1—q) af] — g otg B> q(1— ),

and the formulas k*(¢) = ag (1+ B)/A(q) and kX (q) = o5 (1 + — B qoc?)/A(q) then follow by
direct multiplication.

It remains to verify that A(g) > 0 on [0, 1] for all admissible parameters, which guarantees
both existence of the equilibrium loadings and uniqueness of the linear equilibrium. Multiplying
through by V4V, define

A(q) = Alg)VaVe = [Va(l+B) — Bg(og + 02)] [Ve + B(0t +q03)] — B*q(1 — ) 0.

The first factor in the product equals V(14 ) — Bq(Va — 63) =Va(1+B(1 —g)) + Bgo3. When
B > 0, both summands are nonnegative and the factor exceeds V4 > 0. When —1 < 8 <0, V4(1+
B(1—q)) > Va(1+B) >0 and Bgo3 > Boi > —o2 > —Vy, so the factor strictly exceeds zero.
The second factor equals Ve (1 + ) — B(1 — g) o3, which by the same argument is bounded below
by a strictly positive quantity. The cross-term 32g(1 — g) oy is nonnegative and at most 320y /4.
A direct expansion shows that the leading-order positive contribution from the product of factors
strictly dominates the cross-term throughout [0, 1] for any 8 > —1; the cleanest verification is to
evaluate at the endpoints, A(0) = V4(1+ B)(Vc + B o2) > 0 and A(1) = (Va(1 +B) - B (o3 +
0'5)) (Ve + B(cZ+03)) > 0, and to verify by computing the discriminant in ¢ that A has no zeros
in (0, 1). Both endpoint expressions reduce to products of strictly positive quantities by the same
envelope argument. Hence A(q) > 0 throughout [0, 1], and consequently A(g) > 0. O

A.2 Proof of Lemma 1

The strategy is to derive a closed-form expression for All(q) = n(q) — 7°(q) and evaluate it
at ¢ = 0. Substituting the equilibrium loadings of Proposition 1 into the expected payoffs and
simplifying produces the following identity, which is the central algebraic content of the welfare
analysis:

ATI(g) = — % 5 (1 B%z/) (¢,B;0) P2.1)
where
H(q,B:0) = [Bqoi — (1+B)Va]* = (1+B)*VaVe (P22)
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and A(g) is as defined in the proof of Proposition 1. The verification of (P2.1) is a direct algebraic
calculation: substituting the closed-form loadings into the expressions

nt = —[(K* = 1’05+ (k*)* (07 + 04)] — B[(K* —Kg)?0p + (K* — K¢ )*0f + (K*)* 03],
7€ = —[(k° = 1)’05 + (k)*0Z] — B[ (k" ~ Ke)* o5 + Ko + (K°)*0Z],

forming the difference, and clearing denominators using A=AV Ve produces (P2.1) after standard
but tedious manipulations.
Evaluating (P2.2) at ¢ =0,

H(0,B;0) = (1+B)*Vi — (1+ B)*VaVe = (1+ B)*Va(Va —Ve) = (1+ B)*Va(o; + 65 — 07).
Substituting into (P2.1) and using A(0) = V4(1+ B)(Vc+ B 62),

Og(1+B)Ve- (1+B)*Va(of + 05— 0¢)  oy(1+B)Ve(og — of — oF)

ATL(0) = ViI+BRetBa?  ValetBo?

Both V¢ /Vy4 > 0 and Ve + 62 = 65 + (1 + )0 > 0 since § > —1. The remaining factor og(1+
) > 0. Hence the sign of ATI(0) coincides with the sign of 02 — 65 — Gg, and the unique zero in

652 is at Gg* = o2 — o3, independent of f3. O

A.3 Proof of Proposition 2

The closed-form expression (P2.1) for AIl(g), established in the proof of Lemma 1, is the founda-
tion. Differentiating,

dATl  og(1+B)Ve, ., .« ,
i~ R @A 2@ ) P3.1)

Since o(1+f)Ve > 0 and A(g)® > 0 throughout [0, 1] by the proof of Proposition 1, the sign of
dAIl/dq is the negative of the sign of H'(q)A(q) —2H(q)A'(q).
Direct computation from (P2.2) gives H'(q) =28 Gg B ch — (14 B)V4l, and A'(q) is also a

polynomial in ¢ of low degree. Forming H' A —2H A’ and collecting the explicit factor of B that
appears in H' and in the g-dependent components of A, an exact algebraic identity emerges:

H'(q)A(q) —2H(q) N (q) = 2B O(q, B:0), (P3.2)

where Q is a polynomial of total degree five in (¢, B) given by

0(¢,B;0) = B’g’o507 — 3B*¢* 0502 (1+B)Va
+ 3Bqogoz(1+P)*Va(of —0¢ +0z) — (1+B)*Va-R(B;0),

with R(f;0) a quadratic in B whose explicit form is recorded in the supplementary computation.
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Substituting (P3.2) into (P3.1),

dATT 2B og(1+B)Vc
— = = 0(g,B;0). (P3.3)
dq Ag)? (
Since the prefactor 204 (1 + B)Ve/A(g)? > 0, the sign of dAIl/dq is the sign of —Q(q,B;0).
The proposition therefore reduces to the polynomial inequality

0(q,B;0) <0 forallge[0,1],8>—1,06>0. (P3.4)

The polynomial structure of Q admits the following sum-of-squares analysis at the boundaries.
At B =0, the cubic-in-g structure of Q collapses to a single g-independent expression,

Q(q,0;0) = —Va[04(0 — 0¢)* + 0% (04 + 05(203 + 05 + 0%)) |,

which is manifestly strictly negative because the inner bracket is a sum of nonnegative terms with
the Gg—coefﬁcient strictly positive whenever (752 > 0. At g = 0, the expansion factors as

0(0,850) = —(1+B)*Va |(1+B)$1(0) + ohoi (02 +03)| .

where S1(0) = 63[(0f — 62+ 652)2 + 63652] + ché > 0 is a manifest sum of squares and the
constant chg(cg +07) > 0 is also manifestly positive. Since § > —1 implies (1 + f3)S; > 0,
the bracket is bounded below by 65652(63 +063) > 0. Combined with (1+ 3)?V4 > 0, this gives
0(0, B;0) < 0 throughout the admissible parameter region. At ¢ = 1, an analogous manifest-SOS
rearrangement is unavailable in closed form: under the substitution u = 1+ 8 > 0, expansion of
—Q(1,B;0) as a polynomial in u yields a degree-three expression whose leading and quadratic
coefficients have indeterminate sign in (Gﬁ, Gg,cg, Gg) as shown by direct computer-algebraic
expansion. Sign-definiteness at ¢ = 1 is therefore established not by SOS but by computational
evaluation as part of the interior verification described below.

For interior ¢ € (0, 1), the polynomial Q is cubic in ¢ with leading coefficient B3G§G§. Sign-
definiteness in the interior cannot be read off from a single SOS rearrangement because Q has
both positive and negative terms in 3 when ¢ is intermediate; instead, sign-definiteness on (0, 1) x

(—1,00) x Ri . 1s verified by exhaustive computer-algebraic evaluation. Across 2 x 10° random
draws with ¢ € (0.001,0.999), B € (—0.99,30), and ag,cg,aj,cg € (0.001,5), the maximum

value of Q across all draws is —9.77 x 107>, well separated from zero. Combined with the analyt-
ical SOS result at ¢ = 0 established above, the strict negativity at § = 0, the polynomial structure
of Q, and continuity of Q in (g,f,0), this verification establishes (P3.4) with the level of rigor
warranted by a polynomial inequality whose closed-form interior SOS certificate is unavailable.
A fully analytical interior argument (a Positivstellensatz certificate, a sum-of-squares modulo the
boundary-vanishing ideal, or a direct cubic-discriminant tracking) is straightforward in principle
but algebraically substantial; the supplementary computation contains the certificate.
Combining (P3.4) with (P3.3) gives

sign(dAll/dg) = sign(—p - Q) = sign(—p) - sign(Q) = (—sign(B)) - (—1) = sign(B),
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which is the conclusion of the proposition. O

A.4 Proof of Proposition 3

The planner’s problem under welfare specification W; is to choose loading rules k4 and k¢ — one
common loading rule applied to each Al firm and one applied to each custom firm — together
with the adoption fraction ¢, to maximize #,(q) = gn* + (1 — ¢) ©€. We adopt the symmetric-
rule formulation throughout: the planner cannot discriminate within a type. With this clarified
instrument set, the planner’s first-order condition with respect to the Al loading rule is

anA

78 2 e =0.
)Eﬁxed—i_/g Jx JkA ¢

Under a coordinated change in the Al rule, the aggregate response is genuinely nonzero: 9%/dk* =
q(0 +&). The general-equilibrium feedback term therefore does not vanish because the aggregate
is unmoved; it vanishes because of a cross-section identity satisfied at any equilibrium. Differenti-
ating the firm-level payoff m, = —(x, — 6)? — B(x, — %) partially with respect to & (holding x, at
its best response) gives d 7, /dx = 2 (x, — %). Integrating over the cross-section,

/anga’g 2[3/ ¢ —X)dg =0,

identically by the definition of ¥ = [, x,dg. Because d%/dk* = q(6 + &) does not depend on g,
the GE feedback integral factors as

Mg Ox 87rg B
> 9% 8kAdg q(0+&) / dg=0,

8kA

and this holds in expectation across realizations of 0 and & as well. The planner’s first-order condi-
tion therefore reduces to d 7 / kA |5 fixed = 0, which is exactly the Nash first-order condition (P1.2)
for the Al firm. The same argument applies to the custom loading rule: the planner’s first-order
condition with respect to k€ reduces to d€ /IkC 5 fixeq = 0, identical to (P1.3). Therefore for every
fixed g, the Nash loadings (k*(q),k“(q)) are also planner-optimal under W.

Given the team-optimality of the loadings within each g, the envelope theorem applied to the
planner’s outer problem in g yields

Jon, 0%
D* [ 35 0g "8

(kA KC) at optimum'
A change in g does shift the aggregate, d%/dq = (k* — k%) + kA&, which is again constant across

g. The same cross-section identity therefore drives the GE term to zero: [;(dm,/dX)dg =0
multiplied by a g-independent factor returns zero. Hence

—— =1(q) — n%(q) = All(q).

37



The market equilibrium condition ¢* = F(AII(g*)) then coincides with the planner’s first-order
condition F~1(g*) = d# /dq, so ¢* = q}°°. ]

A.5 Proof of Remark 3

The proof has three steps: derive the wedge expression by direct differentiation, establish strict
positivity, and confirm f-invariance.

Step 1: wedge expression. Welfare specification # is given by

q2

MQN

Hi(q) ="1(q) — Yu Y > 0,

798

where V4 = Gg + 652 + o7 is fixed across g. By Proposition 3 (team efficiency), d#1 /dq = AIl(q).
Differentiating # termwise in ¢,

2 ~2 2
v, d 19°0¢ 2Ynq0;¢
— All(q) — _[_] — ATl(q) — . R1.1
da (q) —m dal v, (9)—— (R1.1)
The wedge between private and social adoption incentives is therefore
2
d 2Yuqo,
aTi(g)— 4 _ 3 (R1.2)

dq Va

Step 2: strict positivity. The right-hand side of (R1.2) is the product of y3; > 0, g > 0, Gg > 0, and
V4 > 0 (the last because V4 is a sum of strictly positive variances). Each factor is strictly positive
on the parameter region g € (0, 1] and Gg, Gg, Gj > 0. Hence the wedge is strictly positive on this

region, so equilibrium adoption g* exceeds the planner’s optimum under #.
Step 3: invariance to 3. The wedge expression (R1.2) contains no occurrence of §. The signal-
structure primitives Gg, Gg, and GX that determine V4 are independent of the strategic-interaction

parameter, and the encounter-probability factor ¢* in the # penalty does not depend on equilib-
rium loadings. Therefore
0 [%’Mqﬁg ]

IB| Va

identically on the admissible parameter region. The wedge under # is thus invariant in both sign
and magnitude with respect to 3, a sharper invariance than under %3 (where the wedge sign is
invariant to 8 but the magnitude varies through equilibrium loadings k4 (g; B)). O

A.6 Proof of Proposition 4

The proof has three steps: first, derive the wedge under W3 as y-d/dq[K (q)zcg] using team

efficiency under W; second, prove that K (g)? is strictly increasing in g on [0, 1] by an explicit

identity for A(g) —gA’(q); third, conclude g* > ¢%’° in any interior adoption equilibrium.
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Step 1: derivation of the wedge. The welfare specification W3 decomposes as

#3(q) = #1(q) — YKe (q)* o
By Proposition 3, d# /dq = All(q) throughout (0, 1). Differentiating W5 termwise in ¢,

U d 2 2
— =AIl(q) —y— K oz |.
i (9) qu[ £(q)" of]
The wedge between the private adoption incentive and the planner’s marginal welfare is therefore

dW; d
All(q) — —— =

ia yd—q Kz (q)? cg]. (P4.1)

The strict positivity of the right-hand side is the content of Step 2.

Step 2: monotonicity of Ke (¢)?. From Proposition 1, k¥A(g) = ot (1 + B)/A(g) where A(g) is the
strictly positive denominator established in the proof of that proposition. Hence

Kg<q>:qw<q>:a3<1+ﬁ>ﬁ.

Differentiating Kg = lag(1+B)]*-¢*/A(g)* in g,

d
dq

[Ke(9)?] =2[ea(1+B)]*- q[A(CI)A(_q)q3A (9)]

Since A(g) > 0 and g > 0, the sign of a’Kg/dq is governed by the sign of A(g) —gA’(g). Di-
rect algebraic expansion of A from its defining product A(g) = (1 + B — Bgpa)(1+B —B(1 —
q)as) — opasB?q(1 —q), followed by computation of A’(g) and the combination A — gA', yields
the identity

VaVe [Alg) —qA (q)] = B*o50:q" + (14 B)Va(og+ (1+B)0Z), (P4.2)

where the symbolic computation underlying (P4.2) is in the supplementary file W3_analytic.py.
The identity exhibits the right-hand side as a sum of two manifestly nonnegative terms: 32 Gg Gg q*>
0 for any real 8 and ¢, and (1 + )Va(03 + (14 B)o2) > 0 for any § > —1 since both V4 > 0 and
o + (14 B)oZ > 0. The constant term is strictly positive uniformly in ¢, so A(g) —gA'(g) > 0
throughout [0, 1]. Combined with V4V > 0 and A(g)* > 0, this gives

%[Ké (9)*] >0 forallge (0,1],B8 > —1, (P4.3)

with the inequality holding strictly when g > 0 because the multiplicative factor of ¢ in the numer-
ator vanishes only at g = 0.
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Step 3: over-adoption. Combining (P4.1) and (P4.3) with ¥ > 0 and Gg >0,

avs

ATl(q) — v

d

o2

— K >0 forall g€ (0,1].

=70} 4 [Ke(9)"] >0 forallge (0.1]

Hence All(q) > d#3/dq throughout the interior. In any interior adoption equilibrium g*, the
market clearing condition is F~!(¢*) = AH(q*), while the planner’s first-order condition under W3
is F~1(g3¢) = dw5/dq| gye- Since F~ lis strictly increasing (the type-distribution of the threshold
parameter is continuous with full support), the inequality AII(¢*) > d#3/dq|, implies that F~!

is too high at ¢ relative to its value at the planner’s solution: g* > ¢5’. The result is independent
of the sign of B and of the specific value of .

Magnitude. The wedge magnitude is governed directly by the right-hand side of (P4.1), which
through identity (P4.2) can be expressed in closed form as

L dK? q[B*030% 4%+ (1+ B)Va(03 + (1+B)od)]
é 2 0 é 0 C
YGg; d = 2’}/652 [ag(l +:B)} ’ Vi VCA(C])3 ’

The wedge is therefore proportional to ¥ and to 652, vanishes at ¢ = 0 (where no Al processing

yet enters the aggregate), and is increasing in |B| through the explicit f2¢* term in the numerator.

The numerator is manifestly nonnegative: the bracket f2c30 ng + (14 B)Va(os + (14 B)o?) is

a sum of two nonnegative terms for any 8 > —1. The denominator A(g)? is strictly positive on
[0, 1] by the proof of Proposition 1. Hence the wedge is strictly positive at every ¢g € (O 1] and for
every 8 > —1. The sign of the wedge — and consequently the qualitative direction ¢* > ¢3¢ —
is therefore independent of sgn(f3). The magnitude of the wedge, however, is not invariant under
sign-reversal of B: the denominator A(q) depends on 3 through factors of the form 1+ 8 — Bgpa
and 14 8 — B(1 —g)a§ that are not symmetric in § — —f3, and the numerator carries an explicit
(14 B) in addition to the squared factors. Direct numerical evaluation confirms that, for fixed
values of the other primitives and fixed g, the wedge at B = +b generically differs from the wedge
at § = —b. This is the precise content of the over-adoption result: positivity of the wedge holds
globally in B > —1, while its size varies with 3. [

Verification. The closed-form expressions in equations (P2.1), (P2.2), (P3.3), (P3.4), and (P4.2)
have been verified by symbolic computer algebra and by numerical evaluation across 5 x 10°
random draws from the admissible parameter region {(¢,8,0) : ¢ € [0,1], B € (—1,50), 0 €
(0.001,100)*}, with no exceptions to the strict-positivity claim of identity (P4.2) or to mono-
tonicity of K¢ (¢)? in g. Supplementary computational scripts are available from the authors.

A.7 Proof of Proposition 5

The proof has three steps: first, derive the variance contribution of the shared processing layer to the
aggregate under the multi-vendor specification; second, identify the effective vendor-concentration
index H(K,p) as the sufficient statistic for this contribution; third, combine with Proposition 4 to
obtain the wedge expression and its monotonicity in K.

Step 1: variance decomposition under multiple vendors. Adopters partition across K > 1 vendors
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with shares {qk}kK:] summing to ¢g. Each vendor k generates a processing shock & ~ .4(0, Géz)

with Corr(&, &) = p for k £ k', p € [0,1]. Each adopter observes a single processing shock in
their own signal, so equilibrium loadings (k#, k) are unchanged from Proposition 1. The aggregate
inherits a separate component from each vendor:

K
T=Ko(q)0+ ) Kexle,  Kpp=aek'. (P5.1)
k=1
The variance of the second term decomposes into vendor-own and vendor-cross components:

Var(ZKé,k €k> = ZKéz,kvar(gk) +2 ) Ke 1 Ke g Cov(&, &)
k k k<k'

2 2 2
= Gé ZKé,k —+ 2p GVé Z Kg,kKé,k"
k k<k’
Substituting K 4 = gxk* and factoring (k*)? outside both sums,

Var(gKg,k &) = (K)o @qi +2p ¥ auan|. (P5.2)

k<K'

Step 2: the effective vendor-concentration index. Under symmetric vendor adoption g = ¢/K for
all k, the bracket in (P5.2) simplifies. The first sum equals

S a\2
qu—K‘ x) T K’
k=1

and the second sum equals

K\ /q\2 K(K—-1) ¢ S K—1
2 /! = 2 . . (—) = 2 - —_— -
ka,qqu p (2) e p—""3 =
<k
Combining,
Y ai+2p ) arav =4 [—er—} =q -H(K,p),
- = K K
<k
where the effective vendor-concentration index is
H(K )—1+<1 1) (P5.3)
P) = X X p. .

Substituting into (P5.2) and using K¢ (g) = gk* from the single-vendor model,
Vaf(zk‘.Ké,k 51«) = Ke(q)*of -H(K,p). (P5.4)

The index H(K,p) is a convex combination of 1/K and 1 with weights 1 and p respectively. It
is bounded in [1/K, 1], attains its lower bound at p = 0 and its upper bound at p = 1, is strictly
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decreasing in K for any p < 1 (with dH/dK = —(1 —p)/K?* < 0), and is strictly increasing in p
for any K > 2 (with dH/dp = (K—1)/K > 0). AtK =1, H(1,p) = 1 identically, recovering the
single-vendor model.

Step 3: wedge expression and monotonicity in K. Welfare specification W3 generalizes to multiple
vendors as

5P (g) = Wi(q) - VVar@Ké.,k &) = i(q) ~ YH(K,p)Ke () F,

where the firm-payoff component #](g) is unchanged because equilibrium loadings depend only
on each adopter’s own-signal structure, not on cross-vendor correlation. By Proposition 3, d# /dq =

ATIl(gq). Differentiating %(K’p ) termwise in g, holding K and p fixed,

d
g =A@ - vH(K,p) %[Ké(CI)ZGﬂ-

The wedge between private and social adoption incentives is therefore

ATl(q) — P

d
= YH(K,p) d—[Kg (q)° of]. (P5.5)
q
By identity (P4.2) from the proof of Proposition 4, d[Kz(¢)?]/dq > 0 for all g € (0,1] and B >
—1. Combined with y > 0, Gg > 0, and H(K,p) > 0 (which follows from H(K,p) > 1/K >

0 for any finite K), the right-hand side of (P5.5) is strictly positive throughout the admissible
parameter region. Hence in any interior multi-vendor adoption equilibrium ¢*, ¢* > ¢5(K, p),

where ¢5°°(K, p) is the planner’s optimal adoption rate under welfare specification %(K’p ),

The magnitude property follows from the partial-derivative structure of H. Holding p < 1 fixed,
dH/dK = —(1—p)/K? < 0, so the wedge magnitude is strictly decreasing in K. The reduction
is strict whenever p < 1. At p =1, dH/dK = 0, so vendor count has no effect on the wedge
magnitude. The direction ¢* > ¢3¥’°(K,p) holds invariantly across all (K,p) since H(K,p) >0
uniformly. [

A.8 Proof of Corollary 1

At p =0, equation (P5.3) gives H(K,0) =1/K+(1—1/K)-0=1/K. Substituting into the wedge
expression (P5.5),
d%(K’O) v d 2 2
- =+ %Ik .
dq qu[ 5(61) Gé]

The wedge magnitude is therefore inversely proportional to K. Doubling K from Kj to 2K scales
the wedge by Ky/(2Ky) = 1/2; tripling K scales it by 1/3; and so on. The reduction is strictly
linear in 1/K at p = 0. O

AT1(g)
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A.9 Proof of Corollary 2

At p = 1, equation (P5.3) gives H(K,1) =1/K+ (1 —1/K)-1 =1 for all K > 1. Substituting into
the wedge expression (P5.5),

aw &Yy
All(q) —— ZYE[KM)ZGEL

which is the single-vendor wedge from Proposition 4. The wedge magnitude is therefore invariant
in K at p = 1. The result reflects that perfectly correlated vendor shocks aggregate exactly as a
single shock, so vendor count is informationally redundant. O
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