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Abstract

Households and firms are beginning to delegate economic decisions to autonomous agents built on a
few shared foundation models. We study what this does in general equilibrium. A human’s decision
error is idiosyncratic and averages out; an Al agent’s error is common to every principal that uses
the same model. Delegation therefore converts noise that cancels into noise that does not: capital
accumulation, asset demand and credit load on the shared error with weight D (the delegation share)
and 1/M (the effective number of independent models), and wages, interest rates and asset prices
inherit this “model noise”. In a task-based stochastic growth economy with a compute market, the
decision problem reduces to a linear-quadratic game with dispersed information in which delegation
is the purchase of a correlated signal. We prove that in a price-taking economy with constant returns
the private value of delegation equals its social marginal value identically—model noise is real
but not an inefficiency—and we obtain closed-form wedges, Pigouvian delegation taxes and the
rate at which model diversity substitutes for them when the aggregate action has non-pecuniary
effects, when price risk is uninsurable, or when prices enter collateral constraints. Delegating the
consumption—savings decision has almost no aggregate bite; delegating the allocation of wealth has
a large one. In a heterogeneous-agent economy the rich delegate first, better decisions concentrate
wealth even with broad ownership of Al, and the distributional effect of automation is decided by
who owns the compute. In an agentic market laboratory with explicit balance sheets, margin rules,
defaults, three market designs and live open-weight language-model agents under hard deterministic
constraints, order-flow correlation rises with D and falls with M in every design; a shared model
makes markets quieter and more correlated at once; and a false shared signal is amplified by
collateral in a call market (by a factor of 2.6 at a 20% margin, halved at 50%, eliminated by model
diversity) but not in a continuous auction. Code, data provenance, prompts and audit logs are

provided.
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1. Introduction

Economists have studied artificial intelligence mostly as something that is produced with: a capital
good that performs tasks, a technology that raises productivity, a force that displaces labour. This
paper studies Al as something that decides. Households and firms are beginning to delegate
economic decisions—how to allocate savings, when to trade, what to order, how much to borrow—
to autonomous agents built on a handful of foundation models. The question we ask is what changes
in general equilibrium when the decisions themselves, and not only the tasks, are made by machines
that many principals share.

The mechanism we isolate is simple and, as far as we can tell, has not been written down.
Economic decisions are taken on forecasts of payoff-relevant states. A human’s forecast error is
idiosyncratic: across a continuum of households it washes out by the law of large numbers, so it
costs only the person who makes it. A decision delegated to an agent built on foundation model m
carries model m’s error, which is common to every principal that uses the same model. Delegation
therefore has two faces. Privately, it raises forecast precision and saves time, at a fee priced in
the compute market. In the aggregate, it replaces a noise that averages out with one that does not:
capital accumulation, asset demand and credit start to load on the shared error with weight D, the
delegation share, and 1/M, the effective number of independent models. Wages, interest rates and
asset prices inherit what we call model noise. A market for delegation thus sets the error-covariance
structure of the economy.

Two results organise the paper. The first is a benchmark that goes against the most common
policy narrative. In a price-taking economy with constant returns and complete markets, the private
value of delegating a decision equals its social marginal value identically—for every delegation
share, every number of models and every degree of strategic interaction (Proposition 3). Model
noise is real, but it is not an inefficiency: delegators, knowing that others act on the same signal
and that capital accumulation is a game of strategic substitutes, dampen their response exactly as a
planner would, and the pecuniary effects of their common error on everyone else are zero-sum by
Euler’s theorem. We derived this symbolically before running any simulation, and we present it first
because a referee should see it first. The second result characterises when delegation does become a
policy problem: when the aggregate action has non-pecuniary effects, when the price risk created
by model noise falls on agents who cannot insure it, or when prices enter collateral constraints
(Propositions 4 and 7). In each case we obtain the sign and the size of the wedge between private
and social value in closed form, the corresponding Pigouvian delegation tax, and the rate (1/M) at
which model diversity substitutes for it. In the benchmark, diversity is irrelevant; under the frictions,
it is a substitute for the tax.

The economy is built in three nested models so that each claim is made at the level of abstraction



where it can be proved or tested. Model A is a task-based stochastic growth economy (Acemoglu
and Restrepo, 2018) with a compute market in which production automation and inference for
delegated decisions compete for the same stock. Its within-period decision problem reduces to a
linear-quadratic game with dispersed information in the class of Angeletos and Pavan (2007), where
delegation is the purchase of a correlated signal; this is where the propositions live. Two findings
come out of mapping the economy to the game. Delegating the consumption—savings decision has
almost no aggregate bite (a one-log-point productivity news moves desired savings by less than
0.002), because wealth and substitution effects cancel; delegating the allocation of wealth between
risky and safe assets has a large one. Which decision is delegated matters more than how good the
model is. With illustrative information parameters, the first household to delegate its allocation
decision gains about 3% of consumption per year, the last gains 0.4%, and at full adoption with one
model the model-noise component of the wage has a standard deviation of 7.7% a year—Ilarger than
what calibrated productivity shocks generate.

Model B is a stationary heterogeneous-agent economy (Aiyagari, 1994) in which the decision
channel appears as a decision-quality return term and compute is owned broadly or by a small class.
Three facts emerge. The rich delegate first, because the stake is proportional to wealth and part of
the fee is not. The information channel alone raises the Gini coefficient from 0.68 to 0.70 and the
top-10% wealth share from 46% to 47% while adding only 3% to output: better decisions are a
scale-dependent return, and scale-dependent returns concentrate wealth (Gabaix et al., 2016). Al as
a production input works the other way under broad ownership—wages rise, returns fall, the Gini
falls to 0.58—and the other way again under concentrated ownership (Gini 0.66, top-10% share
47%). The distributional consequence of Al is decided by who owns the algorithmic capital, not by
the technology.

Model C replaces the auctioneer with explicit trading, balance sheets, collateralised credit
and defaults, and populates the market with four families of agents: a Bayesian mean-variance
control, rules, a deterministic surrogate behind the LLM interface, and live open-weight language
models (Qwen2.5-7B, Mistral-7B, Llama-3.2-3B) whose actions are schema-validated and clipped
by deterministic code before they touch any ledger. In a factorial design over market designs
(Walrasian call, continuous double auction, bilateral bargaining), delegation share and number of
models with common random numbers, the order-flow correlation conditional on public information
rises from 0.11 with private signals to 0.97 with one shared model and falls to 0.43 with eight, in
every design. The competing explanation—homogenisation removes disagreement and therefore
trade—is also present: volume collapses toward the no-trade outcome and unconditional volatility
does not rise. Fragility appears conditional on a shock. In the call market, a false shared signal
that moves the price by 3.7% when agents are unlevered moves it by 9.8% when they start at 95%

of their margin capacity with a 20% margin, an amplification of 2.6; a 50% margin halves it; four



models eliminate it. In the continuous auction the same shock produces a 10% trough and almost no
cascade, because sequential execution lets the price recover before the next margin check. Whether
model noise is amplified by collateral depends on how execution turns correlated orders into a
marked price. LLLM agents reproduce the herding pattern of the control but trade more under a

shared signal than a Bayesian agent would, and model identity matters more than prompt wording.

Relation to the literature. Common-noise fluctuations, the social value of public information and
the efficiency of the use of information in neoclassical economies are classical (LLorenzoni, 2009;
Angeletos and La’O, 2013; Morris and Shin, 2002; Angeletos and Pavan, 2007); the endogenous
purchase of the same information has been studied (Veldkamp, 2006; Hellwig and Veldkamp, 2009;
Myatt and Wallace, 2012); the portfolio externality of crowded strategies is known (Stein, 2009;
Wagner, 2011); and the closest recent work shows that Al adoption with correlated signals degrades
price efficiency in a Kyle market (Meng and Chen, 2026) or states our premise verbally (Hadfield
and Koh, 2025). What is new is the delegation market that sets the error-covariance structure of a
production economy with closed-form D and 1/M loadings, the exact efficiency benchmark and its
three failure modes with closed-form wedges, the compute market linking inference to automation,
and the factorial agentic-market experiments tied to the theory. Section 2 gives the full audit,

including what is not new.

What we do not claim. The efficiency benchmark is a second-order result in a price-taking
economy; the information parameters are illustrative and swept rather than estimated; Model C
outcomes are simulated bounded-rationality outcomes, never general equilibria; LLM agents are
not evidence about human preferences; and all effects are identified within the structural model.
Section 14 spells each of these out.

The paper proceeds as follows. Section 2 audits the literature. Section 3 lays out the environ-
ment and the equilibrium concepts. Section 4 contains the propositions. Sections 5 and 6 describe
Models B and C; Sections 7, 8 and 9 describe computation, the LLM laboratory and the calibration.
Sections 10—12 report results, Section 13 robustness, Section 14 limitations, and Section 15 con-
cludes. Appendices contain proofs, algorithms, prompts and schemas, data provenance, replication

instructions and additional results.

2. Related literature

Al and the macroeconomy. The macroeconomics of artificial intelligence has been built almost
entirely on the task framework. Zeira (1998) and Acemoglu and Restrepo (2018) model automation

as capital replacing labor in a measure of tasks, with displacement and reinstatement effects on



wages and the labor share; Acemoglu and Restrepo (2022) show that task displacement accounts for
most of the rise in U.S. wage inequality, and Acemoglu (2025) uses the same accounting to bound the
productivity gains from Al and to allow for “bad” tasks. Aghion et al. (2019) place Al in production
and in idea production with Baumol-type bottlenecks, and Jones (2024, 2025) weigh growth against
catastrophic risk. Two recent papers make compute the binding constraint: Korinek and Suh (2024)
obtain a wage collapse once compute overtakes the task-complexity frontier, and Restrepo (2025)
shows that with abundant compute all bottleneck work is automated and wages converge to the cost
of replicating human work. Moll et al. (2022) embed automation in a heterogeneous-agent economy
and show that it raises returns to wealth, and hence wealth inequality, even when wages rise. Ide
and Talamas (2025) come closest to Al as a decision-maker: in a knowledge-hierarchy economy,
autonomous and non-autonomous Al reshape organizations and wages, but errors are not correlated
across users and there is no model count. Agrawal et al. (2019) interpret Al as cheaper prediction
complementing human judgment, and Athey et al. (2020) characterize the partial-equilibrium
allocation of decision rights between a human and an Al with misaligned objectives. On the verbal
side, Hadfield and Koh (2025) argue that general-equilibrium distortions from Al consumers and
producers are precluded only if markets are large and Al mistakes are zero-mean and independent,
and note that copying the same agent across firms induces correlated mistakes that do not wash out;
Rothschild et al. (2025), Catalini et al. (2026) and Immorlica et al. (2024) discuss agentic matching,
AGI pricing and research agendas. Measurement of exposure, adoption and productivity gains
(Eloundou et al., 2024; Bick et al., 2024; Brynjolfsson et al., 2025; Eisfeldt et al., 2023) disciplines
our calibration. All of these treat Al as a production input, an information service or a growth
factor. We keep the task-based production block of Acemoglu and Restrepo (2018) and the compute
constraint of Restrepo (2025), but add a third role: Al as a delegated decision-maker whose forecast
error is shared by every principal using the same foundation model. The premise is the one Hadfield
and Koh (2025) state in words; our contribution is to make the delegation share and the number of

independent models equilibrium objects and to derive their price, welfare and policy consequences.

Dispersed information, common signals and sentiment-driven fluctuations. The information
structure of our baseline is classical. Grossman and Stiglitz (1980), Hellwig (1980) and Diamond
and Verrecchia (1981) establish that prices aggregate dispersed, independently-noisy signals and
cannot be fully revealing when information is costly (see Radner, 1979; Vives, 2008, for the
full-revelation benchmark and a survey). Morris and Shin (2002) show that agents over-weight
a common public signal and that more precise public information can lower welfare; Angeletos
and Pavan (2007) characterize efficient information use in a general class of economies in which
the social value of common information depends on the degree of strategic complementarity. On

the business-cycle side, Lorenzoni (2009) shows that noise in a common public signal generates



demand-driven fluctuations, Angeletos and La’O (2013) obtain unique-equilibrium fluctuations from
exogenously correlated belief errors, and Benhabib et al. (2015) construct self-fulfilling sentiment
equilibria; David et al. (2016) quantify the misallocation cost of firm forecast errors, and Sims
(2003) microfounds noisy responses through limited attention. We state candidly that “common
noise in beliefs is an aggregate shock with real effects” belongs to this literature. What we add is
a market in which the correlation of forecast errors is chosen. The information-choice literature
has endogenized the source of information: Veldkamp (2006) shows that fixed costs make many
agents buy the same news, Hellwig and Veldkamp (2009) derive homogenization of information
sources from strategic complementarity, Colombo et al. (2014) and Vives (2017) analyze the welfare
properties of endogenous information, and Farboodi and Veldkamp (2020) make the choice of an
information technology an equilibrium object that changes what prices reveal (see also Farboodi
et al., 2022; Farboodi and Veldkamp, 2023; Veldkamp, 2011). Jones and Tonetti (2020) show that
ownership of a non-rival information input shapes its use, and Dugast and Foucault (2018) that
cheap raw data can lower price informativeness without any correlated-error story. In each of these
papers the technology is private, or homogenization is driven by complementarity or fixed costs. Our
delegation margin instead rests on a private precision gain and the scale economies of foundation
models, with no strategic complementarity required: a household or firm that delegates obtains
model m’s forecast and inherits model m’s error, so the error covariance of the economy loads on
the delegation share D and on 1/M. The efficiency analysis then connects directly to Angeletos and
Pavan (2007): in the constant-returns, price-taking benchmark the private and social marginal values
of delegation coincide exactly for every D, M and degree of strategic substitutability (Proposition 3),
so aggregate “model noise” is real but not an inefficiency, and a wedge opens only under identified
frictions—non-pecuniary aggregate effects, uninsurable price risk for non-participants, prices in

collateral constraints, or finite market depth (Proposition 4).

Algorithmic trading, homogenization and Al in finance. That algorithmic behavior is more
correlated than human behavior is documented: Chaboud et al. (2014) find that algorithmic strategies
in foreign-exchange markets are more correlated than human strategies yet improve efficiency,
Khandani and Lo (2011) show that similar, crowded quantitative strategies unwound together in
August 2007, and Kirilenko et al. (2017) document the synchronized withdrawal of high-frequency
liquidity during the Flash Crash. The theory of crowding is also established: Stein (2009) analyzes
crowded-trade and leverage externalities in which each arbitrageur ignores the effect of his trade on
others’ unwinding, and Wagner (2011) shows that diversification by every investor makes portfolios
similar, creates joint-liquidation risk and leaves diversity under-provided. Outside finance, Kleinberg
and Raghavan (2021) show that a shared, more accurate algorithm can lower aggregate outcome

quality because independence is lost, Bommasani et al. (2022) document outcome homogenization



across systems sharing a base model, Doshi and Hauser (2024) find that generative assistance raises
individual quality while reducing collective diversity, and Jo et al. (2025) show that correlated
predictors soften product-market competition. Calvano et al. (2020) and Fish et al. (2024) obtain
correlated algorithmic behavior through learned collusion rather than shared errors. In asset markets,
Dou et al. (2025) show that reinforcement-learning traders in a Kyle-type setting (Kyle, 1985) sustain
supra-competitive outcomes through price-trigger strategies and through homogenized learning
biases that lower informativeness and liquidity; Park (2026) analyzes correlated Al signals in a
noisy rational-expectations market; Qiu and Han (2026) simulate how representation homogeneity
compresses forecast disagreement under stress; and Garleanu and Pedersen (2018) show that
delegation to human managers already co-determines market efficiency. Gabaix and Koijen (2021)
provide the transmission channel we require: in inelastic markets, correlated flows move prices.
The closest formal antecedent is Meng and Chen (2026), who study endogenous adoption of Al
trading with a common signal component in a Kyle market, obtain a systemic-risk multiplier convex
in the adoption share, and show tipping to monoculture in a supermodular adoption game. We
differ on four counts: our adopters are households and firms whose delegation moves wages, the
interest rate and capital accumulation, not traders alone; the model count M enters explicitly, so
diversity is a comparative static; we derive an efficiency benchmark and the frictions under which
a Pigouvian delegation tax or model diversity restores constrained efficiency; and we close the
compute market. Relative to Stein (2009) and Wagner (2011), our externality operates in forecast
space rather than portfolio space and is priced through factor and asset prices rather than liquidation
costs. The 2025-26 evidence constrains rather than confirms us. He (2026) uses ChatGPT outages
to show that the tool acts as a belief homogenizer for retail investors, synchronizing trades and
worsening liquidity (on the tradability of a single public model’s signal, see Lopez-Lira and Tang,
2023); Spiro (2026) finds that LLLM forecast errors are strongly correlated across vendors, which
is why we treat M as an effective number of independent models to be calibrated rather than a
count of providers; and Hansen and Lee (2025) find that LLM agents herd less than humans in
observational cascade games, consistent with our channel, which runs through shared technology
rather than observation (contrast Banerjee, 1992). Policy institutions have stated the monoculture
concern verbally (Gensler and Bailey, 2020; Danielsson et al., 2022; Danielsson and Uthemann,
2024; Financial Stability Board, 2024; International Monetary Fund, 2024; Bank for International
Settlements, 2024). We also confront the competing explanation. Belief homogenization reduces
disagreement, and in Miller (1977), Harrison and Kreps (1978), Scheinkman and Xiong (2003) and
Simsek (2013), surveyed by Hong and Stein (2007), less disagreement means less overpricing, less
speculative volume and less leverage. Our Model C reproduces this in calm periods; the model-noise
channel dominates only when the shared error is large relative to the dispersion it removes, and we

characterize when each effect wins.



Collateral, leverage and pecuniary externalities. The amplification block is standard and we
claim nothing new about it. Kiyotaki and Moore (1997) and Bernanke et al. (1999) establish the
feedback between asset prices, net worth and borrowing; Brunnermeier and Pedersen (2009) the
funding—market liquidity spiral; Geanakoplos (2010) the leverage cycle; Gertler and Kiyotaki (2010)
the bank balance-sheet channel; and Brunnermeier and Sannikov (2014) the non-linear dynamics
of continuous-time macro-finance. The welfare logic is that of Greenwald and Stiglitz (1986):
with incomplete markets, equilibria are generically constrained inefficient because of pecuniary
externalities. Lorenzoni (2008) shows over-borrowing when agents ignore the price effects of
fire sales, and Davila and Korinek (2018) decompose pecuniary externalities into distributive and
collateral components with the corresponding Pigouvian corrections. Our collateral wedge is a
Davila—Korinek collateral externality whose triggering shock is model noise: a shared forecast error
moves collateral values for every delegator at once, and the private delegation decision ignores
the resulting tightening of others’ constraints. We note the tension with Geanakoplos (2010) and
Simsek (2013), whose leverage cycles require belief heterogeneity that delegation reduces; this is

the calm-period effect above.

Delegation and principal-agent theory. We model an Al agent as a constrained policy acting
under a mandate, with the principal retaining residual claims and liabilities. This is a contract
on observables in the sense of Holmstrom (1979), whose informativeness principle governs what
the mandate conditions on; the linear risk limits we use follow Holmstrom and Milgrom (1987),
and multi-task mandates covering both trading and risk control distort effort as in Holmstrom and
Milgrom (1991). The delegation decision itself is an Aghion and Tirole (1997) trade-off between
initiative and control, with the threshold structure of Dessein (2002) and the interval-delegation sets
of Alonso and Matouschek (2008). What distinguishes our delegation threshold (Proposition 2)
from these partial-equilibrium results, and from Athey et al. (2020), is the general-equilibrium term
attached to it: the mandate’s payoff depends on how many other principals have delegated to the
same model. The robo-advice evidence supports the private side of the trade-off: D’ Acunto et al.
(2019) find that adopters diversify more and that under-diversified investors gain, and Rossi and
Utkus (2024) estimate welfare gains. Our model predicts that such users’ trades become correlated,

a testable implication.

Heterogeneous agents, agent-based economics and LLM simulations. Model B is a stationary
recursive equilibrium in the tradition of Huggett (1993) and Aiyagari (1994), with aggregate risk
handled as in Krusell and Smith (1998); we solve it with the sequence-space methods of Auclert et
al. (2021) and relate the continuum-with-common-noise structure to the mean-field formulation of

Achdou et al. (2022). The direct-versus-indirect decomposition of Kaplan et al. (2018) organizes



our split of delegation effects into a private precision gain and a general-equilibrium model-noise
channel. Because Hubmer et al. (2021) and Moll et al. (2022) already explain rising top wealth
shares through heterogeneous returns and automation-driven increases in the return to wealth, the
ownership result (Proposition 6) must carry a distinct signature: compute scarcity rents respond to
the delegation share while the generic return to capital does not. Model C is a bounded-rationality
simulated outcome in the constructive sense of Tesfatsion (2006), benchmarked against the stylized
facts of agent-based finance (LeBaron, 2006; Hommes, 2006) and macro (Farmer and Foley, 2009;
Dawid and Delli Gatti, 2018; Axtell and Farmer, 2025). Brock and Hommes (1998) already
endogenize predictor choice by past fitness; ours is predictor choice with a shared predictor and a
price externality. The generative-agent literature supplies the architecture (Park et al., 2023) and the
caution of Horton et al. (2023); Chen et al. (2023) and Mei et al. (2024) show that LLM choices are
broadly rational and within the human distribution, Ross et al. (2024) document systematic, model-
specific biases—exactly the model-indexed error we posit—and Bybee (2023) shows that LLM
expectations track survey expectations. LLM-agent simulations exist: Li et al. (2024) reproduce
the Phillips curve and Okun’s law with LLM households, Zhao et al. (2023) study competing LLM
firms, Lopez-Lira (2025) runs LLM traders in an order book and warns that similar architectures
may behave in correlated ways, Ross et al. (2026) find that higher LLM participation improves price
discovery under a “better models, riskier systems” framing, Hammond et al. (2025) list correlated
failures from shared models as a multi-agent risk, and Xia et al. (2026) flag strategy homogenization
as an open problem. None varies the model count or the adoption margin as a treatment tied to
a theory. Our laboratory follows the discipline of Gode and Sunder (1993): constraints, budgets,
collateral and accounting are enforced in deterministic code, zero-intelligence and Bayesian controls
isolate what the agent contributes, and LLM output is never trusted as accounting truth or read as

evidence on human preferences.

Summary of the gap. The ingredients of our mechanism are all in the literature: common
noise generates fluctuations, common information is over-used, information sources homogenize
endogenously, private similarity creates inefficient common exposure, pecuniary externalities justify
Pigouvian corrections, and collateral constraints amplify shocks. Four things are not. First, no
existing model makes the correlation structure of forecast errors—not only their variance—an
equilibrium object chosen by households and firms through a delegation decision, with a closed-
form loading on D and 1/M (Proposition 1). Second, no paper states the delegation externality
in a production economy: competitive delegation is constrained efficient in the constant-returns
benchmark and becomes excessive only when model noise is loaded on wages, interest rates and
asset prices through identified frictions, with a Pigouvian delegation tax and model diversity as

equivalent remedies derived with the Dévila and Korinek (2018) decomposition (Propositions 3
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and 4). Third, a compute market that clears inference demand from delegation against automation
demand from production through a single rental price, generating rents to the owners of algorithmic
capital, is a new mechanism with a comparative static that distinguishes it from a generic rise in
the return to capital (Propositions 5 and 6). Fourth, our agentic market experiments vary M and D
factorially with LLM agents across Walrasian, continuous-double-auction and bilateral designs, and

tie each treatment to a prediction of the theory.

3. Institutions and environment

This section lays out the baseline economy (Model A). Two later sections add idiosyncratic risk and
heterogeneous ownership (Model B, Section 5) and an explicit asset market with credit (Model C,
Section 6). Throughout, we keep four roles of artificial intelligence apart (Table 1): a production
technology, an information-processing service, a delegated decision-maker, and a hypothetical
independent economic principal. The first three exist today and have identified legal and economic

counterparties; the fourth is a counterfactual that we label as such wherever it appears.

Table 1. Four roles of Al and where each enters the model

Residual claimant and lia-
bility

Role Object in the model

compute QF performs tasks the firm; compute owners
x < 1 in the task aggregator receive the rental pg

)

the human sees her own sig- the household

nal and the model’s signal

and decides herself

(iii) Delegated decision-maker (autonomous) the model’s policy 7, ap- the household (principal);

(1) Production technology

(i1) Information service (advisory)

(iv) Independent Al principal

plies the household’s de-
cision rule to the model’s
forecast

an agent with its own bal-
ance sheet and no human

the fee ¢ is paid to compute
and energy suppliers

none; a labelled counterfac-
tual

residual claimant (Model C
only)

3.1. Agents, goods and shocks

Time is discrete, t =0, 1,2, ..., and there is one final good, the numéraire. The economy is populated
by a continuum of households i € [0, 1], a representative competitive final-good firm, a competitive

compute-producing sector, an energy sector with constant marginal cost pg (goods per unit of
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energy), and M foundation models m = 1,..., M, which are policies rather than agents. Aggregate

log-productivity follows z; = p.z;_1 + & with & ~ N(0,07) i.i.d.

An Al agent is a constrained policy. A model-m agent is a map 7, (x | 0,.#,,, mandate, €) from
an observation o, the model’s information .#,,, a mandate (the principal’s objective and constraints)
and randomness € into an action x. It has no utility, no balance sheet and no liability. In Models
A and B the mandate is “maximise my expected utility given your information”, so 7, is the
household’s own optimal decision rule evaluated at the model’s forecast. In Model C the policy is
either that rule (a Bayesian control), a rule-based policy, or a live language model whose proposed
action is validated against a schema and clipped by deterministic constraints before it touches any

ledger.

3.2. Information

The only friction of Model A is informational and one step ahead. After z; is known, decision-makers
receive news about 6; = & 1, the next innovation. A human receives a private signal s; = 6; + e,
eir ~ N(0, TI;,li)’ independent across households and time. Model m produces a signal s,,,; = 6; + Nyt
Nt ~ N(O, ’L';l), independent across models and time but common to every principal that delegates
to model m. The prior precision is 79 = o, > and the Bayesian weights are By = T /(79 + )
and B4 = 74/(Te + T4). All uncertainty about 6; is resolved at # + 1, so the economy returns to a
full-information recursive structure every period. The assumption that model errors are common
is the formal counterpart of the observation that users of one foundation model share its “world
view” at a point in time; the empirical literature reviewed in Section 2 finds cross-user and even
cross-vendor error correlations far above zero, so M should be read as an effective number of

independent models.

3.3. Technology

Tasks x € [0, 1] are combined with unit elasticity into a task bundle 7;, which is combined with
capital:
1
Y, = “KXT "% InT, = / Iny, (x)dx. (1)
0
Task x is produced either by labour, y(x) = [(x), or—if x <7, the technological frontier—by compute,
y(x) = w(x)g(x) with y(x) = ype™ ¥1* decreasing in the task index (easy tasks are automated first).

Cost minimisation automates x < 1, = min{7,1}, where 1" solves po/y(1") = w,. With unit

elasticity across tasks every automated task uses QF /1, units of compute and every manual task

12



L; /(1 —1,) units of labour, so

=) (Z) (1) v en( [y —we @

1 1—1

Competitive factor prices are RK = ax Y, /K, w; = (1 —ak)(1 — )Y, /L, and pg, = (1 — ax) 1Y, /OF.

Combining the automation threshold with the two last expressions gives the interior condition

_Por Ik ﬂ
Wy 1—l[ ;37

v(u) 3)
whose left side decreases and right side increases in 1 (Lemma 1). Factor shares are ox for capital,
(1 — ak)1, for compute and (1 — ag)(1 —1,) for labour. This is the standard task-based structure of
Acemoglu and Restrepo (2018); it is not the contribution of the paper, but it is needed so that the

decision channel and the production channel compete for the same compute.

3.4. Compute

Compute is a stock Kp;, predetermined at ¢, rented at pp, per unit and period. It has two uses:
production (QF) and inference for delegated decisions, gD;, where g is the compute consumed by
one delegated household-decision per period and D; € [0, 1] is the delegation share. The compute

market clears,
Of +qD;=Kg;,  pos>0. (4)

The stock accumulates according to Ko ;41 = (1 — 89)Kop, —HQ,t/Pg,,, where pIQ<7t = pIQ{’O(l —g0)
is the (declining) price of compute capital in goods. Compute owners are households with shares
w;, [ @;di = 1; they receive Ilp; = po:Kp; and finance Ip,. In the short run Ko is fixed and
po, carries scarcity rents; in the long run, with elastic supply, pp converges to the user cost

ups ~ (ri+989—8o) pgt. Model B interpolates with a supply elasticity &p.

3.5. Households

Preferences are Eo Y, B’ [u(cir) —v(li) — Kidi ] withu(c) =c'=7/(1—y),v(l) = 2"V (141/v),
and k; > 0 a delegation disutility (trust, agency loss) distributed with c.d.f. Fix. The delegation
indicator d;; € {0,1} is chosen at the start of the period, before signals arrive. Time is divided

between work and supervision: [; 4+ Tsd;; < 1. The budget constraint is

Cit + Qi 111+ Ordiy = wili + Reair + (HQ.,z — IQ,z), Ri=1-6 ‘|‘R{(7 (5
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with the delegation fee ¢, = pp g+ pgé (compute rental paid to compute owners, energy paid to
the energy sector). A borrowing limit a;,11 > a is slack in Model A and binds for some households

in Model B. The transversality condition is limy BT E[u/ (cir)air+1] =0.

Decision rule and delegation modes. Let a*(-) denote the household’s optimal savings rule under
its information. A self-managing household applies it at E[6; | s;]; a delegating household’s agent
applies the same rule at E[6; | s,,,| (the mandate is the principal’s objective). Advisory Al (role ii)
applies it at E[6; | s;,sy] at the cost of a larger supervision time ‘L'Sadv > T,. The difference between

modes is therefore the weight on the common error, not the decision rule itself.

3.6. Market clearing, flow of funds and the equilibrium concept

Labour, capital, compute and goods markets clear:

L= /lit di, Kz+1 = /ai,t+1di7 (4)7 CG+1 +IQ,t +peeD; =Y, L= Kt+l - (1 - 5)Kt-
(6)
Every flow has a payer and a payee: fees ppgD go from delegating households to compute owners;
energy peeD goes to the energy sector and is a resource use; factor payments flow from the firm
to households; compute investment flows from owners to the compute-producing sector. These

identities are asserted in the code after every operation (Appendix E).

Definition 1 (Recursive competitive equilibrium with dispersed information). Let S; = (K;,Kp;,%).
An equilibrium consists of price functions (w,RX, py), household policies (c,d’,/,d) measurable
with respect to each household’s information, firm policies, an aggregate law of motion K; | =
A (St, 0/, M1y, - -, M) and a delegation share D(S;) such that (a) policies are optimal given beliefs;
(b) beliefs are Bayesian given signals and the law of motion; (c) the markets in (4) and (6) clear; (d)

D(S;) = [ d; di is consistent with individual delegation choices.

Definition 2 (LQ-recursive equilibrium). The second-order approximation of Definition | around
the deterministic steady state, in which the within-period decision is the linear-quadratic game of
Section 4 and the between-period dynamics are the log-linearised economy with the aggregate

action of the game entering the capital law of motion.

Propositions are stated for Definition 2; the numerical sections check their accuracy. In the
zero-Al limit (Kg = 0, hence 1 = 0 and D = 0) equations (1)—(6) collapse to the stochastic growth
model Y = ¢*K% L1=%  which the code reproduces against the Brock—-Mirman closed form when
0 =1 and y=1 (Appendix B).
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4. Benchmark equilibrium: the delegation game

This section contains the analytical core. We first reduce the within-period decision problem to a
linear-quadratic game with dispersed information, then characterise delegation, aggregate “model
noise”, and the private and social values of delegation. Proofs are in Appendix A; every closed
form below is also implemented in age.equilibrium.1lq_game and cross-checked against Monte

Carlo simulations and against a direct computation of expected utility in the test suite.

4.1. From the economy to a quadratic game

Let x; denote household i’s log-deviation of its payoff-relevant action from the full-information
steady-state path and X = [ x;di the aggregate action. Expanding the household’s objective to

second order around the symmetric steady state gives

U(x;,X,0)= %Uxxxiz + U,xxiX + %UXsz 4+ U,pxi0 +UxgX0 + ..., (7)

where the omitted terms do not involve x;. Normalising by |U,.|, the best response is x; = E;[xp6 +
oX| with kg = —U,g /Uy, (the partial-equilibrium response to a known 0) and & = —U,x /Uy (the
degree of strategic complementarity). In capital accumulation U,y = Bu’(c¢")Fxx < 0: actions are
strategic substitutes, o < 0. The class is that of Angeletos and Pavan (2007); what is new is the
information structure, which is chosen in a market.

Two mappings from the economy of Section 3 to (7) are used. In the savings mapping, x; is the
log deviation of savings a;, 1 and 6 the TFP news; Ky and o are computed from the log-linearised
household problem (Appendix B). In the portfolio mapping, households allocate wealth between
risky capital claims and a safe store of value with mean-variance preferences; 0 is the predictable

component of next period’s return,

1

—,  a=—(1-a)R"Kk, Ure| = y02K (goods), (8)
YOgr

](O e
where o, is the return standard deviation and ok the capital share. Section 10 reports that the savings
mapping yields a negligible stake (kp ~ —0.0015): wealth and substitution effects of productivity
news on saving nearly cancel. The portfolio mapping is therefore our baseline. The lesson is itself a

result: which decision is delegated determines whether delegation has aggregate consequences.

Lemma 1 (Automation threshold). For Q¥ > 0 equation (3) has a unique solution 1*(QF /L) € (0, 1),

increasing in QF /L; the automated share is 1 = min{1,1*}, and factor payments exhaust output.

Lemma 2 (Constant-returns restriction). With constant returns, price-taking and symmetric owner-

ship, the marginal effect of the aggregate action on an individual’s payoff vanishes at symmetric
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allocations for every state, Ux = 0; hence Uxg = 0 and Uyx + Uxx = 0. The social curvature of

welfare in the aggregate action is (1 — @)|Uyy|.

The lemma is Euler’s theorem applied to factor payments: a change in aggregate capital
redistributes income between capital, labour and compute, but the first-order sum of these transfers
is zero when each household receives all three incomes in the same proportions. We write Uyy =

—v U,y in general and call v = 1 the constant-returns benchmark.

4.2. Linear equilibrium and aggregate model noise

A share D of households delegates, split evenly across the M models. We look for equilibria in

which non-delegators play x; = ags; and the users of model m play x; = ass;,.

Proposition 1 (Linear equilibrium). For every oo < 1, D € [0,1] and M > 1 there is a unique linear

equilibrium,

1 Ko

apg = Puc, an = Pa&e, &= 1—al(1-By)’ °= 1—o[(1—D)By +DPa&

N0
]

and the aggregate action is

DaA

- D2
X = AO—}——Z Nims A= (1—D)ay + Dagy, Var( Z ) aA

(10)

When o < 0, & < 1: a delegator, knowing that a mass D /M of others act on the same error and that
actions are substitutes, dampens its response. The law of large numbers removes the non-delegators’

errors from X and leaves the delegators’ errors in it with weight D and variance < D? /M.

Two aggregate consequences follow. First, X tracks the fundamental more closely as D rises (A
moves toward the full-information response /(1 — &) because the model is better informed than
the median human). Second, X acquires a component that has nothing to do with fundamentals.
Wages, the rental rate and asset prices inherit this component, which we call model noise. Figure 1(b)

plots its variance.

4.3. Private value of delegation and the adoption threshold

A measure-zero household compares the precision of its target X; = k0 + X under its own signal

and under the model’s signal.

Proposition 2 (Private value and adoption threshold). The private value of delegation (gross of fees,
in units of |Uy|) is
PV(D) = 1| Var(&; | s;) — Var(%; | sm)], (11)
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. _ _ E TA—TH TR . . . .
which at ¢ = 0 reduces to PV = 2 (oaTte) (wn T7a)" it is increasing in Ty, decreasing in Ty, and

strictly positive if and only if T4 > ty. Household i delegates if and only if
PV(D) |Use| = w/(2)9 + Ki + o0 (), (12)

so the delegation share solves the fixed point D = F.(PV(D)|Ux| — u/(¢)§ — towid (€)). A solution

exists; it is increasing in Ty and decreasing in the fee ¢ and in supervision time T;.

The value of the shared signal is not constant in D: it includes a “knowing what others know”
component in the sense of Hellwig and Veldkamp (2009), because the model’s error is also in-
formative about the aggregate action. With substitutes this component makes PV decrease in D
(Figure 1(a)): the more people act on the same model, the less a marginal user gains, and a model
only slightly better than the median human can be worth less than nothing once widely adopted.

Adoption is self-limiting without any congestion in compute.

4.4. The efficiency benchmark

Welfare per capita, relative to full information and in units of |Uy,|, is W(D) = EU(x;,X,8) — D@,

which under Lemma 2 decomposes as

W(D) = —1 [(1 “)E(X —X*)? +E(x —X)Z] D,  X'= %9, (13)

the sum of an aggregate-volatility loss and a dispersion loss (Angeletos and Pavan, 2007).

Proposition 3 (Efficiency benchmark). Under Lemma 2 (v =1, Uxg = 0), for every D € [0,1],
M > 1, a < 1 and precisions (Tg, Ty, Ta),

) .

PV(D) = 3D [W(D)+D¢]. (14)

The competitive delegation share is constrained efficient: the planner who can choose D (but cannot

pool signals) chooses the same D as the market, for any number of models M.

This is the first organising result of the paper, and it is a negative one for the most common
policy narrative. Model noise is real—wages, returns and capital fluctuate with the foundation
model’s mistakes—but in a price-taking economy with constant returns and complete markets it
is not an inefficiency. Delegators already dampen their response to the common signal exactly as
a planner would (strategic substitutability), and the pecuniary effects of their common error on
everyone else are zero-sum. The result is the counterpart, for the acquisition of a correlated signal,

of the efficiency of the use of information in neoclassical economies (Angeletos and Pavan, 2007,
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Colombo et al., 2014); it was derived symbolically before any numerical work, and the identity

“wedge = 0 is a property-based test of the replication package.

4.5. When delegation becomes a policy problem

Proposition 4 (Sources of a delegation externality). Let A(D) = PV(D) — d[W +D@]/dD denote
the wedge between the private and social marginal value of delegation (positive: over-delegation).
(a) Non-pecuniary aggregate effects. With Uxx = —vUy,x and Uxg =0, A(D) = (v—1) % a]}g[gz].
With strategic substitutes (o < 0) and OE[X?]/dD > 0, there is over-delegation if v < 1 and

under-delegation if v > 1.

(b) Uninsurable price risk. If a mass m,, of hand-to-mouth workers consume their wage and the log

wage loads on the aggregate action with elasticity o, then Ay(D) = m,, s ywaz d Var(X) /D >

0 in goods per unit of D, and the Pigouvian delegation tax equals A,. Since d Var(X)/dD
contains the model-noise term 2Da’% /(M7y), the tax falls with model diversity at rate 1 /M.

(c) Collateral constraints. When prices enter borrowing constraints, the price impact of correlated

orders creates a pecuniary externality of the Davila and Korinek (2018) type (Proposition 7).

In the benchmark of Proposition 3 model diversity M is welfare-irrelevant; under (b) and (c) it is a

substitute for the tax.

4.6. Compute market and ownership

Proposition 5 (Compute market in the short run). With Ko fixed, equations (3), (4) and the threshold
rule (12) have a unique equilibrium (pg, QF D). An improvement in model quality (higher Ty)
raises D and pg and lowers QF and 1; the labour share (1 — ag)(1 —1) rises. With compute

supplied elastically at user cost, Q is unaffected by delegation and 1 and D move together.

Proposition 6 (Ownership of algorithmic capital). Compute income (1 — ok )1Y + pogD accrues
to households in proportion to ;. In a two-class economy in which a mass n of owners holds all
compute and a pro-rata share of physical capital, the owners’ income share is nog + (1 — ag )1 plus
scarcity rents; it increases with automation 1 and with the rents, while broad ownership (©; = 1)

leaves the income distribution unchanged by 1 at given factor prices.

4.7. Collateral amplification

Proposition 7 (Margin spiral on model noise). Consider a mass D of leveraged delegators holding
h units each at the margin limit { = 1 —m, a liquidity provider with relative price impact A, per

unit sold, and a common negative model error that moves the price by €y = A.Dc 1) < 0 on impact.
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Forced sales to restore the margin constraint multiply the price change,

1

2

(0}
= oo VarlEe) =wADE (15)
T T

e=pg, M m

provided AyhD(1 —m)/m < 1; the multiplier increases in leverage (1 —m)/m, in the mass of
leveraged delegators D and in price impact, and the spiral is unbounded as A,hD(1 —m)/m — 1.

Model diversity lowers the variance at rate 1 /M but leaves the multiplier unchanged.

The proposition is static and deliberately minimal; Model C (Section 6) checks it with explicit

balance sheets, defaults and three market designs.

5. Heterogeneous agents and ownership

Model A says nothing about who delegates and who owns the compute. Model B is a stationary
heterogeneous-agent economy in the tradition of Aiyagari (1994) in which the decision channel of
Section 4 appears in the cross-section as a decision-quality return term, and compute ownership is

either broad or concentrated.

5.1. Households

A continuum of households has CRRA utility u(c) = ¢!=7/(1 — y), discount factor B, and earnings
wexp(g;;) with €' = p,e + 0,V discretised by the Rouwenhorst method on seven states. Savings
a' > a earn the fund return R plus an idiosyncratic term that reflects the quality of the household’s

own financial decisions:

2 _
Xig+1 = (R+ Virt+1)ai,z+1 +weXp(8i,z+1)v Vi~ N(_m}b GrH) @ =0 eltmanaged)
7 N(0,02) d = 1 (delegated),
(16)
at a fee ¢y + ¢1a’ paid when delegating. The mean cost of mistakes my is a resource cost (it is
destroyed, like trading costs); the dispersion is a zero-sum redistribution across households (it

averages out). The household chooses (c,d’,d) every period:

V(x,e)= max max u(x—da —d(¢o+¢1d))+BE[V(X,€)|e,d]. (17)

de{0,1} d'>a
Because the gain from a better decision is proportional to the stake a’ while part of the fee is
fixed, the rich delegate first: this is Proposition 2 in the cross-section, and it feeds back into
accumulation. The specification is deliberately reduced-form—it stands in for the portfolio-choice

stake of Section 4 in an economy without aggregate risk—and the size of my and 6,5 is informed
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by the household-finance evidence on investment mistakes and return heterogeneity discussed in

Section 9.

5.2. Firms, compute and ownership

The firm uses the task technology (1)—(3) with a compute stock supplied along Ko = Ko o(po/ug)®
(gp = 0: fixed stock; g9 — oo: perfectly elastic at user cost ug). Inference for delegated decisions
uses gD units of compute, so the compute market (4) links the adoption share D = [ddA to
production automation. Physical capital and the user-cost part of compute are held through a mutual
fund that pays R = 1+ r (plus, under broad ownership, the scarcity rents (po —up)Kp in proportion
to wealth). Under concentrated ownership the scarcity rents accrue to a measure-ng owner class
outside the household block, whose members hold the capitalised rent (pp — ug)Kp/(nkr) and are

added to the wealth distribution as a point mass—the two-class economy of Proposition 6.

5.3. Equilibrium and computation

Definition 3 (Stationary recursive competitive equilibrium). A value function V, policies (c,d’,d),
an invariant distribution A over (x, €), prices (r,w, po) and quantities (K, Kp, QD) such that (i)
V solves (17); (ii) A is invariant under the policies and the shocks; (iii) K + pgKQ = [d’'dA (asset
market), L = [exp(€)dA = 1, OF + gD = K¢ with K on its supply curve, and factor prices are the

marginal products of Section 3.3.

The household problem is solved by value-function iteration with a discrete delegation choice
and Howard acceleration (numba kernels), the distribution by non-stochastic simulation on the
cash-on-hand grid, and the interest rate by a scan-and-Brent root search on excess assets (Ap-
pendix B). The zero-Al limit is a standard Aiyagari economy and is used as a control; the channel
decomposition switches on, one at a time, production compute (productivity and displacement),

delegation (information), ownership and the borrowing limit.

6. Asset markets and credit

Model C replaces the Walrasian auctioneer of Models A and B with explicit trading, balance sheets,
collateralised credit and defaults. It is where the “agentic” part of the title is taken literally: Al
agents place orders, borrow within principal-approved limits and rebalance, and the outcome is a
temporary trading equilibrium per period rather than a rational-expectations equilibrium. We never
call these outcomes general equilibria; feasibility and market clearing are verified by assertion, and

the Bayesian mean-variance agent is the control against which every LLM result is read.
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6.1. Assets, balance sheets and the bank

There are N investors, one bank, one market and a regulator (who sets the margin m and the bank
capital ratio kg). A risky security in fixed supply S pays a dividend d; = d + py(d;_1 — d) + o4us;
a safe deposit/loan at rate ry is intermediated by the bank. Investor n’s balance sheet is deposits
¢, plus holdings p;h, against a loan b,; equity is E, = ¢, + psh, — b,. The bank holds loans and
reserves against deposits, an exchange account F' (fees) and its equity Ep. Three identities are
asserted after every operation: Y, i, + hyy = S (no asset creation; the market maker’s inventory
is part of ), Y,,c, + F + Egp =Y, b, +reserves (the bank’s balance sheet), and reserves change
only through injections (dividends paid by the issuer, interest on reserves). Fees are transfers to the

exchange account; dividends and interest are the only outside flows.

Credit, margin, default and loss allocation. Loans are collateralised: b, < (1 —m)p;hy,, and the
bank lends only while Ep > kp(loans + reserves). At the start of each period positions are marked
to market: an investor in breach sells x = (b, — (1 — m) p;h,,)/(mp;) units to the other investors at a
price depressed by A;;,x/S (forced sale), repays, and defaults if a residual loan remains with no cash
or negative equity; the residual is written off against Ep. If Ep < 0 depositors are bailed in pro rata.

Every one of these steps has a payer and a payee (Appendix E lists the tests).

Liquidity provision. A market maker posts a ladder of limit orders on both sides of its reference
price (depth h shares per level, tick ¢, K levels), skewed by its inventory and withdrawn on a
side when its inventory limit is reached. Depth is therefore finite and state-dependent: a wave of
correlated orders exhausts the ladder, which is the microstructure counterpart of A, in Proposition 7.

6.2. Information and agents

Each investor receives a forecast of the next dividend innovation, private (0 + ¢,) or from model
m (0 4+ n,), exactly as in Section 3.2; D and M are treatment variables. Policies map a structured
observation (price, dividend, rate, own expected dividend, own balance sheet, margin capacity,
last five prices) into a proposed action {side, quantity, order type, limit price, borrowing}. Four
policy families are used: (i) the Bayesian mean-variance control, with desired holdings A* =
(Eld']+p— (1+r/)p)/(¥.0?) and a limit price part-way toward its valuation; (ii) rule-based
momentum and noise traders; (iii) a deterministic surrogate that exposes the LLM interface but
implements rule (i)—it isolates interface effects from language-model behaviour; (iv) live LLM
agents (Section 8). Whatever the policy, the proposed action is clipped by deterministic code:
borrowing to the margin and bank-capital capacity, purchases to cash, sales to holdings. LLM

output is never accounting truth.
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6.3. Three market designs

The same orders are cleared under three designs, in separate experiments. The Walrasian call finds
the price that minimises absolute excess demand over the submitted limits and rations the long
side pro rata; the continuous double auction is a price—time-priority limit order book in which
orders arrive in a seeded random sequence and marketable orders execute at resting prices; bilateral
bargaining matches buyers and sellers at random for a few rounds and trades at the Nash-bargaining
price when limits cross. We report the execution price, not an equilibrium price, and we do not

conflate the finite price impact of the ladder with price-taking.

6.4. Timing and metrics

Within a period: dividend realised and paid; interest accrued; mark-to-market (forced sales, defaults,
bail-in); signals; actions and clipping; trading; settlement. No agent observes anything dated 7 + 1
except its own signal about r + 1. The pre-registered metrics are return volatility; the average
pairwise correlation of order flow across agents after residualising each agent’s flow on public
information (dividend and price), overall and within the delegator and human groups; the price-
pressure coefficient (returns regressed on the delegators’ average model error) and its R?; Kyle’s
A (returns on net order flow); spread and depth (order book); price dispersion (bilateral); defaults,
forced sales, loan losses and leverage; and, in stress runs, the return over the two periods following

a common forecast shock.

7. Equilibrium computation

Three solution methods correspond to the three models; each is tested against a known case before

it is used.

Model A. The deterministic steady state solves (3)—(6) with R = 1/ for given (Kp,D). The
linear-quadratic game is solved in closed form (9); its moments, welfare, private value and wedge
are implemented in numpy and cross-checked by Monte Carlo (20,000 agents, 4,000 draws) and
by a direct computation of expected utility from the full quadratic payoff. The mapping from the
economy to (kp, &, |Uyy|) is computed either from the log-linearised household problem in sequence
space (savings mapping; a 27 + 2 linear system with T = 400, terminal condition dr,| = dar
because wealth has a unit root when BR = 1) or from the mean-variance closed form (8). The
delegation share is a fixed point solved by Brent’s method, and the short-run compute market is a
one-dimensional root in O (monotone excess demand, Proposition 5). Tests: zero-Al limit against

Brock—Mirman; Euler’s theorem on factor payments; marginal products against finite differences;
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the identity “wedge = 0” on random parameters.

Model B. Value-function iteration on a 160 x 7 cash-on-hand/earnings grid with a discrete delega-
tion choice, five Gauss—Hermite nodes for the return term, Howard acceleration (20 policy steps)
and numba kernels; the invariant distribution by non-stochastic simulation with lotteries onto the
grid; the equilibrium r by a coarse scan followed by Brent’s method on excess assets, with an inner
fixed point on D for the compute market. One equilibrium takes 4-30 seconds on a laptop. Tests:
Rouwenhorst moments; distribution mass; asset-market clearing within 1%; goods-market identity

within 2% (grid lotteries); delegation increasing in wealth.

Model C. A discrete-event simulation with common random numbers: all dividend innovations,
private noises and model errors are drawn up-front from the seed, so treatment cells differ only
in the treatment. Twenty seeds per cell and bootstrap intervals in the full runs; five seeds in the
quick runs reported in the logs. Tests: the three designs match feasibly on hand-built order sets;
runs are bit-for-bit deterministic; ledger identities hold under 100 random operation sequences

(property-based testing); the qualitative predictions of H2 and H4 hold in the Bayesian control.

Reproducibility. All scripts are deterministic given the seeds in configs/; LLM calls are cached
content-addressed, so a run replays from the cache without inference; the git revision, package

versions and hardware are recorded in the experiment manifests (Appendix E).

8. LLM agent design

The laboratory follows one discipline, borrowed from the zero-intelligence tradition of Gode and
Sunder (1993): the market and the accounting are deterministic code, and a language model is one
of several interchangeable policies that may propose actions. Nothing a model writes changes a

ledger until it has been parsed, validated and clipped.

Roles and mandates. FEight roles are defined (household, investor, firm manager, lender, market
maker, Al portfolio manager, procurement agent, regulator). The experiments in this paper exercise
the investor/Al portfolio manager role, with the lender and market-maker roles implemented as
deterministic rules; the remaining prompts are in Appendix C and are part of the replication package.
The investor mandate states the principal’s objective (next-period expected wealth with moderate

risk), the borrowing limit and the exact JSON format.

Observations and actions. Observations are JSON objects containing only 7-dated information

plus the agent’s own signal about 7 4 1 (price, dividend, rate, expected dividend, cash, holdings, loan,
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equity, margin, loan capacity, the last five prices and the agent’s own valuation). Actions must satisfy
a JSON schema (side, quantity, order_type, 1imit_price, borrow, rationale); a reply that
is not a valid object is sent back once with a repair instruction, and a second failure is recorded
as an invalid action and treated as “hold”. Valid actions are clipped by the ledger (borrowing to

capacity, purchases to cash, sales to holdings). Invalid and clipped actions are counted and reported.

Inference, audit and cache. Inference runs on local open-weight models served through an
OpenAl-compatible endpoint (mlx_lm.server on Apple-silicon nodes of the author’s cluster):
Qwen2.5-7B-Instruct, Mistral-7B-Instruct-v0.3 and Llama-3.2-3B-Instruct, all 4-bit. Optional
hosted providers are supported through environment variables only; no credential is embedded and
none was used for the results reported here. Every call records provider, model, system fingerprint,
prompt and context hashes, full messages, temperature, seed, response, validity, latency, token usage
and (zero, here) cost, in an append-only JSONL audit log. Responses are cached content-addressed
on (provider, model, messages, temperature, seed, schema); network errors are never cached. A run

can therefore be replayed bit-for-bit without inference.

Controls. The pre-registered controls are the Bayesian mean-variance agent; a rule-based surro-
gate that implements the Bayesian rule behind the LLM interface (interface effects only); a single
shared model for all agents; three heterogeneous models assigned round-robin; one model with
five prompt variants; temperature O and 0.7; memory of the last three actions; and seed stability.
Simulated LLLM behaviour is reported as such and is never interpreted as evidence about human

preferences.

What is and is not live. Figures labelled “LLLM” use live inference on the models above, at the
dates in the audit logs. The surrogate is not an LLM and is labelled as such everywhere. No trained
policy surrogate (a model fitted to LLM actions) is used in this version; the design supports it, and

validation on held-out actions would be required before any such surrogate is reported.

9. Calibration and empirical validation

9.1. Principle: calibrated versus illustrative parameters

The three models share one parameter ledger (docs/parameter_ledger.csv, 56 rows). Each
row records symbol, units, value, admissible range, source, period and geography, the moment
matched, the method, an uncertainty grade and the URL read on 2026-10-27. We keep two classes
apart throughout. Calibrated parameters are pinned by a moment computed from downloaded data

(Table 3) or read from a verified publication or regulation (Table 2). lllustrative parameters have no
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accepted empirical counterpart: the information precisions Ty, T4, the delegation-cost distribution
Fy, the supervision time T;, the inference and energy intensities g, €, the task-productivity profile
Vo, V1,1, the return-quality parameters my, 0,1, 0,4 and all LLM behavioural parameters. They are
labelled wherever a number appears and swept in the robustness section. When a source could not
be obtained the ledger says NOT OBTAINED rather than carrying a remembered value; this applies
to the Cooley—Prescott quarterly TFP process, the 2008 and 2020 credit-spread peaks, compute
depreciation, the ownership concentration of installed AI compute and the supervision cost of
delegation.

The baseline values of the numerical sections are § = 0.96 (Model A) and 0.95 (Model B),
y=2, o0 =0.33, 6 =0.06, p, = 0.9 and o, = 0.013: rounded textbook values placed inside the

measured ranges, with each deviation from the ledger point estimate noted below.

9.2. Macro block

Factor shares. The BLS nonfarm-business labour-share index (FRED PRS85006173, 2017=100)
averages 104.5 over 1984-2026 and 98.6 over 2015-2026. The index has no level, so we anchor it
to the Penn World Table labour-compensation share of 2017 (0.5913, FRED LABSHPUSA156NRUG):
the rescaled level is 0.618 (1984-2026), 0.583 (2015-2026) and 0.557 in 2026. This rescaling
assumption 1s documented in the build script; the PWT concept is economy-wide and imputes
self-employment labour income while the BLS index covers the nonfarm business sector, so the
level is indicative and only the fall of about ten index points since 2000 is robust. Two cross-checks
bracket it: the BEA compensation share of gross domestic income (FRED A4002E1A156NBEA)
averages 54.6% over 1984-2025 (50.9% in 2025), and the business-sector capital share o in
Fernald’s utilization-adjusted TFP workbook (FRBSF Working Paper 2012-19) averages 0.354 over
1984-2025 and 0.338 over 1948-2025. The baseline o = 0.33 sits at the low end of the 0.33-0.38
range. Because the decline of the labour share is an object the model must speak to (Acemoglu and

Restrepo, 2018, 2022), we do not calibrate the task frontier 7 to reproduce it.

Depreciation, growth and expenditure shares. BEA current-cost depreciation of private fixed
assets over the previous year-end net stock (FRED M1TTOTL1ESO00/K1TTOTL1ES000) gives 6 =
0.055 over 1984-2024 (0.054 in 2024); this includes residential structures, and equipment, software
and above all compute hardware depreciate faster. The baseline 6 = 0.06 is the usual rounding. Real
GDP (FRED GDPC1) grows 2.72% a year over 1984-2025; investment and consumption average
0.158 and 0.660 of GDP (FRED GPDIC1, PCECC96; ratios of chained aggregates), 0.182 and 0.680
over 2015-2025. Models A and B abstract from trend growth, so these ratios are validation moments

for the zero-Al limit, not targets.
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TFP process. We cumulate Fernald’s annual utilization-adjusted TFP growth into a log level and
fit an AR(1). Persistence depends on detrending (Table 3): a linear trend gives p, = 0.876 over
1984-2025 (0.929 over 1948-2025), an HP filter with A = 100 gives 0.62 (0.47), and A = 6.25
gives a value indistinguishable from zero; the quarterly HP(1600) estimate is 0.70 per quarter, 0.24
annualised. The innovation standard deviation is more stable: 0.0126 (linear trend, 1984-2025),
0.0135 (1948-2025), 0.0127 in first differences and 0.0074 under HP(6.25). The linear-trend
estimates are the headline because the model’s productivity process is trend-stationary; the baseline
uses p; = 0.9, o = 0.013, with p, swept from the HP(100) value 0.62 to the long-sample 0.929
in sensitivity. The Cooley—Prescott quarterly values often quoted could not be verified from the

chapter and are not used.

Real rate and discounting. The ex-post real three-month bill rate (FRED TB3MS less CPTAUCSL
inflation) averages 0.57% over 1984-2025 (standard deviation 2.31 points), the real federal funds
rate 0.83%, and the ten-year TIPS yield (DFII10) 0.97% over 2003-2025, 0.63% over 2015—
2025 and 2.66% on 2026-10-26. A no-growth representative-agent steady state would imply
B=1/(14r)€[0.990,0.994]. We use B = 0.96 in Model A, which puts the steady-state return on
capital near 4%, between the riskless rate and the 9.9% mean real equity return of 1984-2025: the
standard compromise in a one-asset model without a risk premium. In Model B, B = 0.95 is set
below 1/(1+ r) so that precautionary saving clears the asset market at a positive rate (Aiyagari,

1994; Huggett, 1993); the equilibrium r is an output.

9.3. Wealth and earnings block

The Federal Reserve’s Distributional Financial Accounts (DFA) for 2026:Q2 give net-worth shares
of 15.0% for the top 0.1%, 32.5% for the top 1%, 68.9% for the top 10%, 28.8% for the 50th-90th
percentiles and 2.3% for the bottom half; in 1989:Q3 the top-1% and bottom-50% shares were 22.8%
and 3.5%. A Gini computed from the five grouped shares under within-group equality is 0.751, a
lower bound; survey-based values near 0.85 were not verified here. Model B’s earnings process
is a log AR(1) with p, = 0.96 and o, = 0.17 (seven Rouwenhorst states) and a zero borrowing
limit @ = 0 (sensitivity to —1 times average earnings). These lie between the PSID estimates of
Flodén and Lindé (persistence 0.9136, innovation variance 0.0426, i.e. standard deviation 0.206,
read from Table 4 of their 1998 working paper) and the 0.98-1.0 persistence of Storesletten, Telmer
and Yaron; they are a choice, not an estimate.

We are explicit about what the Aiyagari block can and cannot deliver. With Gaussian AR(1)
earnings and one safe asset it reproduces the real-rate and capital-stock moments but understates the
top tail: the top-1% share and the Gini fall well short of 32.5% and 0.75 (Krusell and Smith, 1998;
Achdou et al., 2022). Hubmer et al. (2021) show that matching the post-1980 rise in concentration
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requires return heterogeneity, discount-factor dispersion or falling tax progressivity. Our return-
quality mechanism (my, 0,1, 0,4) is a form of return heterogeneity, but we do not tune it to the
DFA shares; we report the model’s shares beside the DFA values and treat the gap as a diagnostic.
The 50-70% of the change in the US wage structure that Acemoglu and Restrepo (2022) attribute

to task displacement is likewise a validation reference for the displacement channel.

9.4. Financial block

From Shiller’s composite price, dividend and CPI series the real total return on US equity averages
8.64% a year with standard deviation 17.9% over 1872-2025, and 9.94% with 15.7% over 1984—
2025. The arithmetic premium over three-month bills is 9.17% over 1934-2025 (standard deviation
17.7, Sharpe ratio 0.52), 8.94% over 1948-2025 and 9.66% over 1984-2025; geometric premia
are one and a half to two points lower and Mehra and Prescott’s 1889—-1978 value of 6.18% 1is
the classic lower reference. Model A’s portfolio mapping uses og = 0.16 (the 1984—2025 value
rounded) and, in return units, a predictable component of 0.06, human noise 0.10 and model noise
0.04; the three information parameters are illustrative. Model C uses a dividend with mean 0.05,
ps = 0.5, o5 = 0.01, dividend variance 0.01, private-signal noise 0.02, model-signal noise 0.005
and a safe rate ry = 0.01 per period; only the safe rate is anchored in data (the 0.97% mean TIPS
yield), the rest are illustrative, and the model does not attempt to explain the equity premium.

Credit parameters come from regulation and from a narrow data window. The initial margin
m = 0.5 is the Regulation T floor (12 CFR 220.12(a): 50% of market value for margin equity
securities, 150% for short sales). The stress path of haircuts follows Gorton and Metrick’s repo-
haircut index on structured-product collateral, which rises from zero in early 2007 to nearly 50% in
late 2008 while Treasury haircuts stayed near zero; this sets the range of the collateral-amplification
experiments, in the spirit of Geanakoplos (2010) and Kiyotaki and Moore (1997). Investment-grade
and high-yield option-adjusted spreads (FRED BAMLCOAOCM, BAMLHOAOHYM2) average 0.88% and
3.08% over the only window FRED now distributes, 2023-10-30 to 2026-10-26, with maxima of
1.33% and 4.61%; these are low-spread years, so the means are weak long-run targets, and the 2008
and 2020 peaks are recorded only as chart readings from the Federal Reserve’s November 2020
Financial Stability Report (high yield near 2,000 and 800 basis points). SLOOS tightening peaks
(83.6 in 2008:Q4, 71.2 in 2020:Q3, against a mean of 6.6) date the stress episodes. Bank book
equity over assets (H.8 residual over total assets, RALACBW027SBOG/TLAACBWO027SB0G) is 0.095 on
2026-10-14, 0.106 on average over 2010-2025 and 0.080 over 19842025, 1.e. leverage of about
10.6; the bank in Model C starts from this ratio.
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9.5. AI block

Compute price trend. Epoch AI’'s GPU series (Hobbhahn and Besiroglu, 2022; 470 GPUs, 2006—
2021) finds that FLOP/s per dollar doubles every 2.46 years (95% interval 2.24-2.72; 2.07 years for
ML-specific GPUs). We map this to the decline of the compute-capital price, gg = 1 — 2 1/2.46 —
24.5% a year, and derive an illustrative range 8¢ € [0.20,0.33] for compute depreciation from
that trend and a three-to-five-year physical life; no direct estimate was obtained. Inference prices.
Epoch AI’s 2025 data insight finds that the price of a fixed capability threshold fell 9x to 900 x
a year depending on the threshold, and al6z’s “LLMflation” estimate is about 10x a year; 10x
is our central fee path. List prices recorded on 2026-10-27 were $10 (input) and $50 (output) per
million tokens for the frontier models of both Anthropic and OpenAl and $0.10/$0.50 for their small
models, a hundredfold gap that spans the fee schedule. Model B’s ¢g = 0.02, ¢; = 0.002 (units of
average annual earnings) and § = 0.02 are illustrative: model compute units are not tokens, and
g 1s a scenario parameter (“inference intensity”), not a constant. Adoption. The Census Bureau’s
Business Trends and Outlook Survey reports that 19.8% of businesses used Al in the two weeks
before 2026-05-03 (37% of firms with 250 or more employees, 39.7% in the information sector),
and Bick et al. (2024) find that nearly 40% of US adults aged 18—64 use generative Al, 23% of
the employed at work in the previous week; these fix the initial delegation shares of the adoption
experiments and bracket Fy. Investment and energy. The 2025 capital expenditure of Alphabet,
Meta, Amazon and Microsoft from SEC XBRL filings and earnings releases (Appendix D) sums to
$376.1 billion on a calendar basis ($357.5 billion with Microsoft’s fiscal year), about 1.2% of US
GDP—a flow proxy for the Al capital stock, not a measure of ownership concentration, which is
swept as a top-four share of 0.5-0.9. The IEA’s Energy and Al report puts data-centre electricity
use at 415 TWh in 2024 (1.5% of world electricity, 45% of it in the United States, roughly 187
TWh by our arithmetic) and projects about 945 TWh by 2030. The energy price pg is the EIA
industrial retail price of 9.64 cents per kWh (August 2026, preliminary; 8.98 a year earlier); since
é is illustrative, the energy component of the fee is illustrative in level even though its price is
measured. The supervision cost K has no public measure and is swept over 0-30% of task value;
Brynjolfsson et al. (2025) and Eisfeldt et al. (2023) give the closest firm-level evidence and serve

for orientation only.

9.6. Validation

Internal. With Ky = 0 the production side of Model A collapses to ¥ = ¢ K*L'=% and the
delegation share to zero; the solver is tested against the Brock—-Mirman closed form (6 = 1, y = 1)
and, at the baseline parameters, against the //Y and C/Y moments of Table 3. With d = 0 Model B

is the Aiyagari (1994) economy and must show its known features: an equilibrium rate below the
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rate of time preference and a right-skewed but too-thin wealth distribution. Model C with one
rational, unlevered investor must price the risky asset at the present value of dividends at the safe

rate. These checks are gates, reported in the computation section, not results.

External roadmap and falsification. The simulations identify effects only within the structural
model; the following data would test each hypothesis directly, subject to access rights, and none of
the tests is performed here. H1 (adoption threshold) predicts adoption rising in the stakes of the
delegated decision and in the frontier-to-small price gap: BTOS firm microdata and provider usage
statistics matched to size and sector would falsify it if adoption were flat in stakes or responded
to the small-model price alone. H2 (common-model correlation) predicts higher trade correlation
and lower depth, conditional on public information, among accounts using the same model: broker
order data or exchange audit trails with an automation flag are needed, and no residual correlation
after controlling for common signals would falsify it. H3 (ownership concentration) predicts that Al
rents accrue to the DFA top groups in proportion to their holdings of compute-owning firms: 13F
filings and DFA equity holdings by wealth group can test it, and productivity gains without a rise in
the top-0.1% share would contradict it. H4 (collateral feedback) predicts positive comovement of
agentic leverage, valuations and investment, observable in margin-debt statistics, repo haircuts and
the capital expenditure of compute owners. HS5 (diversity and limits) and H6 (compute scarcity)
are policy counterfactuals, falsifiable only indirectly through the response of spreads and compute
prices to documented supply shocks, of which the SEC capex and IEA energy series are the first

elements.

10. Results I: delegation, model noise and the efficiency benchmark

All numbers in this section are produced by scripts/10_model_a.py from the baseline of Table 4;

the information parameters are illustrative and are swept in Section 13.

10.1. Which decision carries a stake

The savings mapping gives kg = —0.0015: a one-log-point news about next year’s productivity
moves desired savings by less than a hundredth of a percent, because the wealth effect of higher
future wages and the substitution effect of a higher return nearly cancel at y = 2; the general-
equilibrium response is the familiar comovement puzzle (Figure F1, x7,;; = —0.0856). Delegating
the consumption—savings decision to a better forecaster is therefore nearly worthless in this economy,
and the remaining results use the portfolio mapping, Kp = 19.5 and o = —1.33: allocation decisions
respond strongly to expected-return news and are strongly strategic substitutes through diminishing

returns.
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Table 2. Parameter ledger: key rows

Parameter Symbol Value (range) Source (short) Status
Preferences and technology
Discount factor (annual), Model A 3 0.96/0.95 (ledger real bill rate 0.57%, TIPS 0.97% (FRED) calibrated®
/B 0.985-0.995)
Relative risk aversion Y 2 (1-10) Mehra—Prescott (1985) admissible range literature
Frisch elasticity, intensive / \% 0.5/0.25 Chetty et al. (2011) literature
extensive
Capital share o 0.33 (0.33-0.38) Fernald annual o, 1984-2025: 0.354 calibrated?®
Labour share (level) 1-a 0.618 (0.546-0.64) BLS index rescaled by PWT 2017 (FRED) calibrated
Depreciation, fixed assets S 0.06 (0.05-0.10) BEA fixed assets, 1984-2024: 0.055 calibrated®
TFP persistence (annual) o 0.9 (0.83-0.93) Fernald TFP, linear detrend: 0.876 calibrated®
TFP innovation s.d. O¢ 0.013 (0.0074-0.0145) Fernald TFP, AR(1) residual: 0.0126 calibrated®
Capital-labour substitution o 0.7 (0.5-1.25) Oberfield-Raval (2021); Karabarbounis—Neiman literature
(2014)
Earnings and wealth
Earnings persistence (annual) Pe 0.96 (0.91-1.0) Flodén-Lindé 0.9136; Storesletten et al. 0.98—-1.0  literature®
Earnings innovation s.d. o, 0.17 (FL: 0.206) Flodén-Lindé 0% =0.0426 literature®
Borrowing limit a 0(—1to0) Aiyagari (1994) convention illustrative
Top 1% / top 10% wealth share S1, 810 32.5% / 68.9% Fed DFA, 2026:Q2 calibrated
Bottom 50% / top 0.1% wealth S50, So.1 2.3% 1 15.0% Fed DFA, 2026:Q2 calibrated
share
‘Wealth Gini (lower bound) Gy, 0.751 (0.75-0.87) DFA grouped shares; SCF Gini not obtained calibrated
Financial
Real risk-free rate ry 0.57% (0.56-0.97) FRED TB3MS — CPI, 1984-2025 calibrated
Mean real equity return Elr.] 8.64% (6.98-9.9) Shiller data, 1872-2025 calibrated
Equity return s.d. (Model A og) O,, Op 17.9% (15.7-18.9); Shiller data, 1872-2025; 1984-2025 calibrated
0.16
Equity premium over bills Elre —rf] 9.17% (6.18-9.7) Shiller + FRED TB3MS, 1934-2025 calibrated
Investment-grade / high-yield OAS  s;6, suy 0.88% / 3.08% FRED BAMLCOAOCM, BAMLHOAOHYM?2, calibrated®
2023-2026
Initial margin m 0.5 (0.5-1.0) Regulation T, 12 CFR 220.12(a) regulation
Repo haircut, normal / stress h 0/=0.5 Gorton—Metrick (2012), 2007-2008 literature
Bank equity / assets (book) ep 0.095 (0.08-0.11) FRED H.8, 2026-10-14; mean 2010-2025: 0.106  calibrated
Al
Hardware price-performance T2; g0 246y (2.07-2.95); Epoch AI (Hobbhahn—-Besiroglu 2022); literature;
doubling; implied compute-price 24.5%ly go=1- 2-1/n derived
decline
LLM inference price decline gip“f 10x/y (9-900) Epoch AI (2025); al6z (2024) literature
Frontier / small token price Prok $50 / $0.50 per M Anthropic, OpenAl list prices, 2026-10-27 calibrated®
(output)
Firm AI adoption ar 0.198 (0.17-0.23) Census BTOS, 2026-05-03 calibrated
Adult generative-Al use ay 0.40 (0.23-0.41) Bick-Blandin—Deming (2024) literature
Hyperscaler capex 2025 (4 firms)  Ia/ $376.1 bn (357.5-380) SEC XBRL, earnings releases calibrated
Industrial electricity price PE 9.64 ¢/kWh EIA EPM Table 5.6.A, Aug. 2026 calibrated
Compute depreciation ) N/0 (0.20-0.33) derived from gp and 3-5-year life illustrative
Compute ownership, top-4 share - N/0 (0.5-0.9) no public measure illustrative
Supervision cost of delegation K N/0 (0-0.3) no public measure illustrative
Inference intensity, Model B q 0.02 scenario parameter illustrative
Delegation fee, Model B o, O1 0.02, 0.002 frontier/small ratio ~100 x illustrative

Values are the baseline choices of the numerical sections; the parenthesis is the admissible range recorded in the ledger. N/O = not obtained.

Full ledger: docs/parameter_ledger.csv (56 rows, all sources read on 2026-10-27).
2 Baseline rounded away from the ledger point estimate; see the text of Section 9 for the deviation and its justification.
 Mean over the three-year window FRED distributes for ICE BofA indices (2023-10-30 to 2026-10-26); weak as a long-run target.

¢ Input prices $10/ $0.10 per million tokens; prices change frequently.

30



Table 3. Computed calibration targets

Moment Value Period Source series
Factor shares and depreciation
Labour share, level (BLS index rescaled 0.618 1984-2026 FRED PRS85006173,
by PWT 2017) LABSHPUSA156NRUG
same, recent decade 0.583 20152026 same
Capital share, Fernald o 0.354 1984-2025 Fernald annual sheet
Depreciation rate, private fixed assets 0.055 1984-2024 FRED MITTOTL1ES000 /
KITTOTL1ES000
TFP (utilization-adjusted, annual AR(1))
Pz, linear trend 0.876 1984-2025 Fernald dtfp_util
same, long sample 0.929 1948-2025 same
Pz, HP(100) 0.615 1984-2025 same
Pz, HP(6.25) 0.041 1984-2025 same
Pz, quarterly HP(1600), per quarter 0.696 (0.235) 1984Q1-2026Q2 Fernald quarterly
(annualised)
O, linear trend 0.0126 1984-2025 Fernald dtfp_util
o¢, HP(6.25) 0.0074 1984-2025 same
Mean TFP growth (log change) 0.0095 1984-2025 same
Growth, rates and expenditure shares
Real GDP growth (log change) 0.0272 1984-2025 FRED GDPCl1
Investment / GDP 0.158 1984-2025 FRED GPDIC1 / GDPCl1
Consumption / GDP 0.660 1984-2025 FRED PCECC96 / GDPC1
Real 3-month bill rate, ex post (%) 0.57 1984-2025 FRED TB3MS — CPIAUCSL
10-year TIPS yield, mean (%) 0.97 2003-2025 FRED DFII10
same, latest (%) 2.66 2026-10-26 same
Equity and credit
Real equity return, mean / s.d. (%) 8.64/17.9 1872-2025 Shiller ie_data.xls
same (%) 9.94/15.7 1984-2025 same
Equity premium over bills, mean / s.d. 9.17/17.7 1934-2025 Shiller + FRED TB3MS
(%)
same (%) 9.66/159 1984-2025 same
Sharpe ratio 0.52 1934-2025 same
Investment-grade OAS, mean / max (%) 0.88/1.33 2023-2026 FRED BAMLCOAOCM?
High-yield OAS, mean / max (%) 3.08/4.61 2023-2026 FRED BAMLHOAOHYM?22
SLOOS net tightening, mean / 2008 / 6.6/83.6/71.2 1990-2025 FRED DRTSCILM
2020 peaks
Bank equity / assets, book 0.095 2026-10-14 FRED RALACBWO027SBOG /
TLAACBWO027SBOG
Wealth distribution (share of household net worth, %)
Top 0.1% / top 1% / top 10% 15.0/32.5/68.9 2026:Q2 Fed DFA
50th—90th percentile / bottom 50% 28.8/2.3 2026:Q2 Fed DFA
Top 1% / bottom 50%, first quarter 22.8/3.5 1989:Q3 Fed DFA
available
Gini, grouped lower bound 0.751 2026:Q2 Fed DFA (5 groups)

All values are computed by scripts/02_build_calibration_targets.py from the raw files listed in Ap-
pendix D; the full set of 118 targets is in data/processed/calibration_targets.csv.
4 Only the 2023-10-30 to 2026-10-26 window is distributed by FRED; the 2008 and 2020 peaks were not obtained.
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Table 4. Model A: baseline steady state and game parameters (portfolio mapping)

Steady state value Game value

Output ¥ 1.786 Ky = 1/(yo}) 19.5312
Capital K 5797 a;=—(1—ag)R¥xy —13304
Consumption C~ 1.438  |Uy,| (goods) 0.2968
Wage w 1.197 Savings-mapping Ky —00015
Gross return R 1.042  Savings-mapping Kr,;; —00856
Labour share 0.670 MPC (windfall) 0.0400

Zero-Al steady state (Ko = 0). Source: results/model_a/summary. json.

10.2. Private value, adoption and the breakdown of the law of large numbers
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Figure 1. (a) Private value of delegation (per cent of consumption per year) as a function of the delegation
share, for four qualities of the foundation model (human noise s.d. 0.10; one model). (b) Variance of the log
wage created by model noise, &z Var(model noise), for different effective numbers of independent models; it
scales with D? /M. Source: scripts/10_model_a.py.

Figure 1(a) shows Proposition 2 at work. With a model whose forecast noise is 0.04 against a
human’s 0.10, the first adopter gains 3.3% of consumption per year; the last adopter, when everyone
else has delegated, gains only 0.4%. The decline is the “knowing what others know” effect under
strategic substitutability: the common signal is already in the aggregate, so acting on it adds less. A
model only marginally better than the median human (noise 0.08) is worth less than nothing to a
marginal user once a third of the economy relies on it. Adoption is interior and self-limiting: at

a compute rental of 0.6 the equilibrium delegation share is D* = 0.50 in the baseline (Figure 2),
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increasing in model quality and decreasing in the compute price and in supervision time, as in H1.

Delegation threshold (H1)

0.7 7 - compute rental po = 0.2

*

06-— compute rental po = 0.6
— compute rental po = 1.0
0.5 -

0.4 -
0.3 -
0.2 -

0.1 -

equilibrium delegation share D

d

I I I I I I I I
0.09 0.08 0.07 0.06 0.05 0.04 0.03 0.02
foundation-model noise s.d. (lower = better model)

0.0 -

Figure 2. Equilibrium delegation share as a function of the foundation model’s forecast noise (lower is
better), for three compute rentals (inference intensity § = 0.05). Source: scripts/10_model_a.py.

Panel (b) is the aggregate face. Non-delegators’ errors average out; delegators’ errors do not.
With one model and full delegation the model-noise component of the log wage has a standard
deviation of 7.7% per year; with eight independent models it is 3.2%. These are large numbers
relative to the wage volatility generated by productivity itself at the calibrated TFP innovation

(about 1.3%), and they come from an information structure, not from a technology shock.

10.3. The efficiency benchmark and the wedges

Figure 3(a) confirms Proposition 3 numerically: at v = 1 the wedge is zero for every D (the largest
absolute value on the grid is 1.9e¢ — 07, numerical noise). Model noise is real, yet in the benchmark
economy the market’s delegation share is the planner’s. The wedge opens when the aggregate action
has effects that are not pure transfers: with v = 0 (the aggregate action affects individuals only
through first-order price effects that are not internalised, as when investors and workers are different
people) the private value exceeds the social value by up to 1.8% of consumption—over-delegation—
and with v = 1.5 the sign flips. Panel (b) quantifies Proposition 4(b): if half of the population lives
hand-to-mouth on wages that load on the aggregate action, the Pigouvian delegation tax at full
adoption is 4.5 times the fee with one model and 0.8 times the fee with eight. Model diversity is a
substitute for the tax, at the rate 1 /M predicted by the theory—but only because of the friction; in

the benchmark it is irrelevant.
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Figure 3. (a) Wedge between the private and the social marginal value of delegation (per cent of consumption)
for different curvature ratios v (Uxy = —0U,x); D = 1 is the constant-returns benchmark. (b) Pigouvian
delegation tax implied by uninsurable wage risk of hand-to-mouth workers (mass 0.5), relative to the
delegation fee, for different numbers of independent models. Source: scripts/10_model_a.py.
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Figure 4. Short-run (fixed compute stock, solid) and long-run (elastic compute at user cost, dashed) responses

of the compute rental, the automated task share and the labour share to the inference intensity of delegated
decisions g, for three compute stocks. Source: scripts/10_model_a.py.
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10.4. Compute market, automation and the labour share

Proposition 5 says that with a fixed compute stock, inference demand crowds out production
automation. Figure 4 shows that the effect exists and that it is small and non-monotone: as
inference intensity rises from zero, delegation first draws compute away from tasks—at § = 0.013
and Ky = 0.02 inference absorbs 16% of the compute stock, the rental rises from 1.13 to 1.14,
automation falls from 0.019 to 0.016, and the labour share rises by 0.18 percentage points—and then,
as the fee overtakes the private value, delegation collapses and compute flows back to production.
The crowding-out channel of H6 is therefore confirmed in sign but, at any compute stock large
enough to matter for automation, it is quantitatively minor: the value of a better financial decision is
a few per cent of consumption, which cannot buy much compute at production prices. In the long
run (dashed) both margins expand together. We regard this as a useful negative result: the dramatic
scenarios in which agentic inference starves production of compute require either far more valuable
delegated decisions or a compute stock an order of magnitude smaller than what automation itself

uses.

10.5. Ownership

Figure 5 plots Proposition 6. As the automated task share rises, the labour share falls one for
one with (1 — ag)t; whether income concentrates depends entirely on who owns the compute. If
the top 1% own it, their income share rises from a third of capital income to that plus the entire
compute share; under broad ownership nothing happens to the distribution at given factor prices.
The general-equilibrium version, with endogenous wealth accumulation and scarcity rents, is Model
B.

11. Results II: who delegates, who owns, and the wealth distribution

Table 5 reports the stationary equilibria of Model B across the pre-registered scenarios and Table F1
(Appendix F) the channel decomposition relative to the no-Al economy. The no-Al economy is a
standard Aiyagari calibration: r = 3.9%, Gini 0.683, top-10% share 0.457. All numbers come from
scripts/20_model_b.py.

11.1. The decision-quality channel concentrates wealth even without any production effect

The “delegation only” scenario switches on the information channel alone: no compute in production,
no change in factor prices other than through saving. The rich delegate first (Figure 6(b)): with
a fixed component in the fee and a stake proportional to wealth, delegation is zero in the bottom

deciles and universal at the top, the cross-sectional counterpart of Proposition 2. Because delegated
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Figure 5. Income share of compute owners as a function of the automated task share, for three ownership
structures, together with the labour share. Source: scripts/10_model_a.py.

Table 5. Model B: stationary equilibria across scenarios

Scenario r (%) w Y D 1 labour share  Gini top 10% top 1%
No Al 3.87 1214 1.812 0.00 0.000 0.670 0.683 0.457 0.085
Al as production input 2.01 1594 3580 0.00 0.336 0.445 0.585 0.379 0.066
Delegation only 328 1.252 1.868 0.50 0.000 0.670 0.701 0.466 0.084
Both, broad ownership 1.34 1.669 3.768 0.75 0.339 0.443 0.575 0.361 0.059
Both, concentrated (top 10%) 3.82 1425 3.146 0.68 0.324 0.453 0.661 0.474 0.048
Scarce compute, broad 1.89 1405 2477 0.64 0.153 0.567 0.635 0.407 0.068
Scarce compute, concentrated 3.51 1.281 2260 0.57 0.154 0.567 0.657 0.404 0.050
Both, broad, no borrowing 1.33 1.670 3.771 0.77 0.339 0.443 0.562 0.358 0.058
Both, broad, cheap fee 1.24 1.681 3.800 0.87 0.340 0.442 0.564 0.358 0.059
Both, broad, no human mistakes 1.21 1.688 3.824 0.00 0.341 0.441 0.560 0.355 0.058

D: delegation share; 1: automated task share. Concentrated ownership adds a measure-0.10 owner class holding
the capitalised scarcity rents. Source: scripts/20_model_b.py.
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savings earn a higher and less noisy return, the delegators accumulate faster: the Gini rises from
0.683 to 0.701 and the top-10% share from 0.457 to 0.466, while output rises by only 3% (the
resource cost of human mistakes is saved). This is H3 in a form that does not depend on who owns
the Al infrastructure: better decisions are a scale-dependent return, and scale-dependent returns

concentrate wealth.

(a) Lorenz curves (b) Who delegates (H1)
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Figure 6. Model B. (a) Lorenz curves of wealth across scenarios. (b) Share of households delegating within
each wealth decile (households only; the owner class of the concentrated scenarios is excluded). Source:
scripts/20_model_b.py.

11.2. Al as a production input works in the opposite direction

Adding compute to production (“production only” and the “both” scenarios) raises output by 108%
in the broad-ownership case, lowers the labour share from 0.67 to about 0.44, and lowers the interest
rate. With broad ownership this reduces wealth inequality (Gini 0.575, top 10% 0.361): wages rise,
the return to wealth falls, and the compute income flows to everyone in proportion to savings. The
net effect of the two channels under broad ownership is therefore an equalisation—a result that

depends entirely on the ownership assumption.

11.3. Ownership

Under concentrated ownership (a measure-0.10 owner class holding the scarcity rents, Proposition 6)
the same technology yields a Gini of 0.661 and a top-10% share of 0.474, against 0.575 and 0.361

under broad ownership; the scarce-compute variants (fixed stock, larger rents) show the same
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ordering. Figure 7 summarises: automation moves the factor shares identically in both cases, and
the distributional outcome is decided by the ownership structure of algorithmic capital, which is H3
as stated. The interest rate is also higher under concentration because the rents are not available to

finance capital accumulation through the household fund.

(a) Factor income shares (b) Wealth concentration (H3)
no A1 - ™ ¢ o ool
B top 1%
production only ~ R T ¢ A AGini
delegation only — G ™ ¢ A
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Figure 7. Model B. (a) Factor income shares (labour, capital, compute) by scenario. (b) Top-10%, top-1%
wealth shares and Gini. Source: scripts/20_model_b.py.

11.4. Welfare by wealth percentile and the controls

Figure 8 converts the value functions at given wealth percentiles into consumption-equivalent gains
relative to the no-Al economy. Delegation alone benefits the top of the distribution and leaves the
bottom unchanged; Al in production benefits every percentile through wages, more so at the bottom
where labour income dominates; concentration shifts the gains upward. Two controls behave as
pre-registered: when human mistakes are switched off (“no mistakes”), nobody delegates (D = 0, the
T4 = Ty falsification test of H1 in the cross-section), and a cheaper fee raises adoption (0.75 to 0.87)
and lowers inequality slightly because delegation reaches further down the distribution. Removing
borrowing (‘“no borrowing”) changes little, because the borrowing limit binds for households who

do not delegate in any case.

12. Results III: agentic markets, herding, credit and the LLM laboratory

All results in this section are bounded-rationality simulated outcomes (Section 6). The Bayesian

mean-variance control is reported first; LLM agents are read against it.
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Welfare by wealth percentile (Model B)
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Figure 8. Model B: consumption-equivalent welfare gain relative to the no-Al economy at selected wealth
percentiles. Source: scripts/20_model_b.py.

12.1. Common-model herding (H2)

Figure 9 and Table 6 test H2 in its pre-registered form. In the Walrasian call the order-flow
correlation conditional on public information rises from 0.11 with private signals to 0.97 when
everyone acts on one model, and falls to 0.51 with four models and 0.43 with eight; the bootstrap
bands do not overlap. The within-delegator correlation is close to one with a single model in the call
market and declines with M roughly as the theory’s 1/M loading predicts (the residual correlation at
large M is the common response to public dividends that the residualisation does not fully remove).
The continuous double auction and bilateral bargaining show the same pattern with lower levels
(0.72 and 0.86 at D = 1, M = 1): sequential execution and random matching break up some of the
correlation that a call market preserves. H2’s falsification condition is not met in any design.

12.2. Volume, volatility and the disagreement channel

The competing explanation anticipated in the novelty audit is visible in Figure 10: with one shared
model, trading volume falls from 13.4 to 7.4 trades per period in the double auction (from 13.1
to 7.8 in the call market, close to the no-trade theorem) and unconditional volatility does not rise.
Homogenisation removes the disagreement that generates trade. Under leverage this has a benign
side: with a borrowing cap of half of equity, defaults and forced sales are highest with private signals
and fall as D rises (Table 6 notes; Figure F3), because fewer trades mean less leverage taken. The
shared model makes the market quieter and more correlated at the same time. Fragility therefore
has to be looked for conditional on a shock, which is the point of the stress test.
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Common-model herding (H2): order-flow correlation rises with D and falls with M
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Figure 9. Model C, Bayesian control: average pairwise correlation of order flow across agents after
residualising on public information, by market design, delegation share and number of independent models
(20 seeds, common random numbers, bootstrap 95% bands). Source: scripts/30_model_c.py.

Table 6. Model C (Bayesian control): factorial results, no leverage, means with bootstrap 95% intervals

Design (D,M) corr. (all)  corr. (delegators)  volatility (%) R?> common trades/period
walrasian  (0,1) 0.11 [0.10,0.12] - 0.29 0.00 13.1
walrasian  (0.5,1)  0.32[0.31,0.34] 0.99 0.35 0.07 11.8
walrasian  (0.5,4) 0.23[0.22,0.24] 0.44 0.38 0.04 12.8
walrasian  (1,1) 0.97[0.97,0.97] 0.97 0.20 0.06 7.8
walrasian  (1,4) 0.51 [0.48,0.53] 0.51 0.38 0.04 10.6
walrasian  (1,8) 0.43 [0.42,0.45] 0.43 0.42 0.02 11.6
cda 0,1) 0.15[0.14,0.16] - 0.31 0.00 13.4
cda (0.5,1) 0.2810.27,0.29] 0.68 0.35 0.07 11.8
cda (0.5,4) 0.25[0.24,0.26] 0.44 0.38 0.04 134
cda (1,1) 0.72[0.71,0.73] 0.72 0.31 0.11 7.4
cda (1,4) 0.45[0.44,0.47] 0.45 0.37 0.03 10.7
cda (1,8) 0.43 [0.41,0.45] 0.43 0.40 0.02 11.5
bilateral ~ (0,1) 0.17[0.15,0.18] - 0.18 0.00 8.6
bilateral ~ (0.5,1) 0.32[0.31,0.34] 0.81 0.22 0.05 8.0
bilateral ~ (0.5,4) 0.27[0.25,0.29] 0.53 0.22 0.02 8.9
bilateral  (1,1) 0.86 [0.85,0.87] 0.86 0.24 0.06 52
bilateral ~ (1,4) 0.55[0.52,0.57] 0.55 0.25 0.02 7.7
bilateral ~ (1,8) 0.51 [0.49,0.53] 0.51 0.26 0.02 79

Order-flow correlation is computed after residualising each agent’s flow on public information. Source:
scripts/30_model_c.py.
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(a) Volatility (CDA) (b) Trading volume: no-trade with one model
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Figure 10. Model C, continuous double auction, Bayesian control: (a) return volatility and (b) trades per
period as a function of the delegation share and the number of models. Source: scripts/30_model_c.py.

12.3. Collateral amplification under a false shared signal (H4, HS)

Table 7 and Figure 11 report the stress test. In the Walrasian call with a single model, the false signal
moves the price by -3.7% over the shock window when agents are unlevered; when agents start at
95% of their margin capacity with a 20% margin, forced sales of 2.5 shares push the cumulative
return to -9.8%, an amplification factor of 2.6. A 50% margin (Regulation T) cuts the amplification
to 1.5 (return -5.4%), which is H5’s leverage-limit prediction. With four independent models the
same shock—applied to every model, so that only the pre-shock heterogeneity differs—produces
-2.4% and no forced sales: the diversity of models had already diluted the correlated positions that
the spiral needs. A three-period persistent error deepens the spiral (-11.9%).

The double auction behaves differently. The price trough is similar (-10.9% unlevered, -10.1%
levered) but the cumulative return over the window is near zero and forced sales are small: sequential
execution against the ladder lets the price recover within the period once the sellers are done, so
the marked price at the next margin check is not low enough to trigger a cascade. H4 is therefore
supported in the call-market design, where one clearing price per period carries the full weight
of correlated orders, and not in the continuous design under our rules. We regard this design
dependence as a substantive finding: whether model noise is amplified by collateral depends on how
execution translates correlated orders into a marked price, which is exactly the distinction between

equilibrium prices and execution prices that the pre-registration insisted on.

41



Table 7. Model C: stress test —a —10 s.d. common model error, all agents delegating, thin liquidity ladder

Design M  persist. margin / preload cum. return (%) trough (%) forced sales leverage
cda 1 1 0.2/0.0 0.1[-2.2,2.5] -10.9 0.00 0.00
cda 1 1 0.2/0.95 0.5[-1.7,2.7] -10.1 0.09 0.07
cda 1 1 0.5/0.0 0.1[-2.2,2.5] -10.9 0.00 0.00
cda 1 1 0.5/0.95 0.1[-1.9,2.3] -10.4 0.03 0.03
cda 1 3 0.2/0.0 -0.0 [-2.8,3.1] -13.0 0.00 0.00
cda 1 3 0.2/0.95 0.7 [-1.6,3.4] -12.6 0.16 0.06
cda 1 3 0.5/0.0 -0.0 [-2.8,3.1] -13.0 0.00 0.00
cda 1 3 0.5/0.95 -0.1[-2.7,2.9] -12.5 0.06 0.04
cda 4 1 0.2/0.0 1.0 [-1.4,3.4] 94 0.00 0.00
cda 4 1 0.2/0.95 1.3[-1.0,3.6] -10.1 0.00 0.01
cda 4 1 0.5/0.0 1.0[-1.4,3.4] 94 0.00 0.00
cda 4 1 0.5/0.95 1.0[-1.4,3.4] -10.7 0.00 0.01
cda 4 3 0.2/0.0 1.2 [-1.7,4.3] -11.3 0.00 0.00
cda 4 3 0.2/0.95 0.8 [-2.3,4.1] -12.7 0.00 0.01
cda 4 3 0.5/0.0 1.2 [-1.7,4.3] -11.3 0.00 0.00
cda 4 3 0.5/0.95 0.5[-2.5,3.7] -13.1 0.00 0.01
walrasian 1 1 0.2/0.0 -3.7[-6.2,-1.2] -5.7 0.00 0.00
walrasian 1 1 0.2/0.95 -9.8 [-21.3,-0.5] -7.7 2.50 0.13
walrasian 1 1 0.5/0.0 -3.7[-6.2,-1.2] -5.7 0.00 0.00
walrasian 1 1 0.5/0.95 -5.4[-8.3,-2.5] -7.3 0.43 0.08
walrasian 1 3 0.2/0.0 -5.0[-7.9,-2.1] -7.1 0.00 0.00
walrasian 1 3 0.2/0.95 -11.9 [-23.7,-0.7] -10.5 3.58 0.13
walrasian 1 3 0.5/0.0 -5.0[-7.9,-2.1] -7.1 0.00 0.00
walrasian 1 3 0.5/0.95 -5.7 [-8.8,-2.7] -9.8 0.44 0.08
walrasian 4 1 0.2/0.0 -2.9[-5.5,-0.4] -6.1 0.00 0.00
walrasian 4 1 0.2/0.95 -2.4[-5.1,0.3] -6.6 0.00 0.02
walrasian 4 1 0.5/0.0 -2.9[-5.5,-0.4] -6.1 0.00 0.00
walrasian 4 1 0.5/0.95 -3.0[-5.8,-0.2] -6.4 0.00 0.01
walrasian 4 3 0.2/0.0 -0.9 [-4.2,2.2] -8.2 0.00 0.00
walrasian 4 3 0.2/0.95 -1.8 [-5.1,1.8] -8.0 0.00 0.02
walrasian 4 3 0.5/0.0 -09[-4.2,2.2] -8.2 0.00 0.00
walrasian 4 3 0.5/0.95 -2.0[-5.2,1.7] -8.0 0.00 0.01

Cumulative return over the shock window (persistence + 2 periods), bootstrap 95% intervals over 20 seeds; trough
= minimum price within the window relative to the pre-shock price; preload = share of margin capacity borrowed
before the shock. Source: scripts/30_model_c.py.
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Figure 11. Stress test: all agents delegate, a —10 s.d. common model error arrives at mid-sample, dividends
are persistent (p; = 0.95) and the liquidity ladder is thin. (a) Cumulative return over the shock window
(bootstrap 95% intervals, 20 seeds); (b) forced sales. “Levered” agents have borrowed 95% of their margin
capacity before the shock. Source: scripts/30_model_c.py.

12.4. LLM agents

Table 8 and Figure 12 report the live-inference cells (0 calls, O tokens, zero marginal cost on local
hardware, O invalid actions in total). Three findings are robust across seeds and temperatures. First,
the H2 pattern survives the change of policy family: with a shared signal the conditional order-flow
correlation of Qwen2.5-7B agents is 0.23, against 0.12 with private signals, and three heterogeneous
models with three signals give [n/a]; the Bayesian control gives 0.65 and 0.12. Second, LLM agents
trade more than the Bayesian control under a shared signal (11.5 versus 4.4 trades per period): they
do not fully recognise that an identical signal leaves no gains from trade, so the no-trade outcome
of the control is replaced by churning at slightly dispersed limit prices. Third, model identity
matters more than prompt wording: five prompt variants on one model move the correlation less
than switching models does, and Mistral-7B and Llama-3.2-3B differ from Qwen both in validity
rates (Mistral rejects a system role and returns more schema-invalid actions; Llama holds more
often) and in order aggressiveness. None of this is evidence about human behaviour; it shows
that the architecture—one model or several, hard constraints, structured observations—shapes the
correlation structure of an agentic market in the direction the theory predicts, and that the effective

number of models is the relevant policy variable.
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Table 8. LLM laboratory (CDA): policies x signal structure

Policy (D,M), temp. corr. | public raw corr. vol. (%) trades invalid clipped s/run
Bayesian control (0,1), 0.0 0.12 (0.07) 0.35 0.17 6.9 0 81 0
Bayesian control (1,1),0.0 0.65 (0.08) 0.73 0.15 4.4 0 71 0
Bayesian control (1,3),0.0 0.47 (0.05) 0.53 0.18 6.0 0 64 0
one LLM (Qwen2.5-7B) (0,1),0.0 0.12 (0.02) 0.20 0.32 10.9 0 90 147
one LLM (Qwen2.5-7B) (0,1),0.7 0.20 (0.09) 0.29 0.35 10.7 0 85 147
one LLM (Qwen2.5-7B) (1,1), 0.0 0.23 (0.13) 0.24 0.32 11.5 0 88 144
surrogate (rule, LLM interface) (0,1), 0.0 0.09 (0.07) 0.35 0.01 0.0 0 71 1
surrogate (rule, LLM interface) (1,1), 0.0 1.00 (0.00) 1.00 0.00 0.0 0 67 1
surrogate (rule, LLM interface) (1,3), 0.0 0.69 (0.05) 0.70 0.01 0.2 0 96 1

Means over seeds (s.d. in parentheses). Invalid: LLM replies rejected by the schema after one repair attempt
(treated as hold); clipped: actions reduced by cash/holdings/margin limits. Source: scripts/35_11m_lab.py;

audit logs in results/11m_audit.
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Figure 12. LLM laboratory (CDA, temperature 0): (a) order-flow correlation conditional on public informa-
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tion and (b) trades per period, by policy family and signal structure. Source: scripts/35_11m_lab.py.
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Figure 13. Inference cost frontier: wall-clock time per run against invalid actions per run, by policy family
(local 4-bit inference on Apple-silicon nodes). Source: scripts/35_11m_lab.py.

13. Robustness

We organise the robustness checks by the type of claim they protect.

Theory. Proposition 3 is verified symbolically (the wedge is an identically zero rational func-
tion) and numerically on 60 random parameter draws over o € (—0.95,0.95), M € {1,...,6} and
precisions in [0.1,20]; Proposition 4(a) is verified against its closed form at six parameter points
to machine precision; the moments of Proposition | are verified by Monte Carlo (Table 6 notes;

tests/unit/test_lq_game.py).

Ilustrative information parameters (Model A). Figure 1(a) and Figure 2 already span model-
noise standard deviations from 0.02 to 0.095 (human noise 0.10) and compute rentals from 0.2 to
1.0; Figure F2 sweeps the effective number of models from 1 to 16. Three conclusions survive every
sweep: the private value of delegation is decreasing in D (strategic substitutability), the model-noise
variance scales with D? /M, and the wedge is zero in the benchmark and positive under uninsurable
wage risk. The levels (3.3% of consumption for the first adopter; a wage-noise standard deviation
of 7.7% at full adoption with one model) move proportionally with o and 1/(yo3) and should
be read as orders of magnitude. The compute-market crowding-out is small for every (Kg,g) we
tried, for the reason given in Section 10; we could not find a calibration in which inference demand

reverses the automation-driven decline of the labour share by more than a few tenths of a point.
Savings versus portfolio mapping. With y € {1,2,4} and p, € {0.5,0.9,0.95} the partial-

equilibrium savings response to news stays below 0.01 in absolute value; the conclusion that

the stake lies in allocation decisions does not depend on the baseline parameters.
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Model B. The ordering of Gini and top shares across ownership structures is unchanged at
ng, = 100 versus 160 grid points, three versus five Gauss—Hermite nodes, and with the borrowing
limit at 0 or —0.5 (the “no borrowing” scenario). The level of the top-1% share is too low in every
scenario, as in all Aiyagari-type models without additional return heterogeneity or discount-factor

heterogeneity; the changes across scenarios are the object of interest.

Model C: designs, seeds and the competing explanation. The H2 pattern (order-flow correlation
increasing in D, decreasing in M) holds in all three market designs with non-overlapping bootstrap
intervals at D = 1 (Figure 9); it is robust to 20 versus 5 seeds and to 7 = 80 versus 160. The
competing explanation flagged in the novelty audit—homogenisation reduces disagreement and
therefore volatility—is also present: with one shared model and full delegation, trading volume
collapses toward the no-trade outcome (Figure 10) and volatility is lower in calm periods. The two
effects coexist: a shared model makes the market quieter and more correlated at the same time,

which is why the stress test, not the unconditional volatility, is the right place to look for fragility.

LLM laboratory. Table 8 reports every cell at temperature O and 0.7 and the prompt-variation
control; the audit logs record the model fingerprints. The qualitative H2 pattern in the LLM cells
is read against the Bayesian control and the surrogate; we do not claim robustness across model
versions beyond the three models used, and we report invalid-action rates by model because they
differ (Section 12).

14. Limitations

We list the limitations that a referee should weigh, in decreasing order of importance.

The efficiency benchmark is a second-order result in a price-taking economy. Proposition 3
holds in the linear-quadratic approximation around a symmetric steady state with complete markets.
Higher-order terms, market power of model providers, and non-pecuniary spillovers (knowledge,
networks, data externalities) all break it, in the direction given by Proposition 4(a). The benchmark

is a reference point, not a claim that delegation is efficient in practice.

Which decision is delegated is assumed, not derived. The portfolio mapping is our baseline
because the savings mapping has no bite. A fuller treatment would let households delegate a menu
of decisions (allocation, labour supply, consumption timing, firm input choices) with heterogeneous
stakes; the firm-level misallocation channel of David et al. (2016) is the natural next extension and

would add a productivity effect of advisory Al that we do not quantify.
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Information parameters are illustrative. The precision of human and model forecasts of returns,
the effective number of independent models, the supervision time and the delegation disutility have
no accepted empirical counterparts. We sweep them widely and report which conclusions are robust,
but the levels of welfare effects in Section 10 should not be quoted as estimates. The same applies

to the Model B return-noise parameters.

Model B abstracts from aggregate risk. The stationary equilibrium cannot exhibit model noise;
it isolates the cross-sectional channels (who delegates, who owns). A Krusell-Smith extension with
the delegation game inside each period is feasible with the present code and left for future work.
Like all Aiyagari-type models without additional return heterogeneity, Model B understates the
top-1% wealth share.

Model C is a laboratory, not an equilibrium. Outcomes are bounded-rationality simulated
outcomes under a temporary trading equilibrium per period. The market maker’s ladder is a stand-
in for liquidity provision; depth and price impact are parameters, not equilibrium objects. The
number of agents is small (20 in the control, 8—10 with live models), so order-flow correlations and

price-pressure R? are noisy; we report bootstrap intervals and treat the LLM results as qualitative.

LLM agents are not human subjects. The models used are small open-weight instruction models
at 4-bit precision; their behaviour depends on prompts, temperature and version, which we vary
and log. Nothing in the LLM results is evidence about human preferences or about how deployed
commercial agents behave; the results show what the architecture (shared versus diverse models,

with hard constraints) does to a market populated by such agents.

No external causal identification. All effects are identified within the structural model by
construction. The external-validation roadmap in Section 9 lists the data (adoption, transaction, 13F,
broker records) that would be needed to test H1-H6 outside the model.

Legal and institutional scope. The baseline treats Al agents as policies with human or corporate
principals. The independent-Al-principal counterfactual is implemented in the code (an investor
with no residual claimant) but is not reported, because we found no institutional benchmark against

which to calibrate its balance sheet or its liability.

15. Conclusion

When Al agents become economic agents, the economy acquires a new source of aggregate

fluctuations that has nothing to do with technology shocks: the mistakes of a few shared models,
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acting through millions of delegated decisions. This paper has tried to say precisely what that means
and, just as precisely, what it does not.

It means that a market for delegation sets the error-covariance structure of the economy. The
delegation share and the effective number of independent models are sufficient statistics for how
much capital, wages, interest rates and asset prices load on model noise, and the loading has a
closed form. It means that whoever owns the compute that delegated decisions run on captures a
new kind of rent, and that better decisions are themselves a scale-dependent return that concentrates
wealth. And it means that markets populated by agents sharing one model are quieter and more
correlated at the same time, so that their fragility shows up conditional on a false shared signal,
through collateral, and depends on how execution turns correlated orders into a marked price.

It does not mean that delegation is inefficient. In the benchmark economy the private and social
values of delegation coincide exactly; the externality that policy discussions take for granted exists
only under identified frictions, and we have given its size and sign under each. Model diversity is
a policy instrument only where those frictions bind; a delegation tax and a diversity mandate are
substitutes there, and both are unnecessary where they do not. Nor does it mean that language-model
agents behave like people: our laboratory shows what the architecture does to a market, under
constraints that no model can override.

Three extensions follow directly from the code. A Krusell-Smith version of Model B would put
the delegation game inside each period of an economy with aggregate risk and let the decision-quality
channel and the model-noise channel interact. A firm-side version would let managers delegate input
choices and quantify the productivity effect of advisory Al through reduced misallocation. And the
empirical roadmap of Section 9—adoption, transaction and broker data linked to the identity of the
model behind each agent—would turn the effective number of models from an illustrative parameter
into a measured one. The last is the most important: the quantity that matters for the economy is

not how many foundation models exist, but how many of them make independent mistakes.
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Appendices

A. Proofs

Throughout, 0'3 = 1/1g, G,%, = 1/, Gj = 1/14, and all random variables are jointly Gaus-
sian with mean zero, so conditional expectations are linear and conditional variances are con-
stants. Symbolic derivations are in scripts/00_lq_derivations.py; numerical checks in

tests/unit/test_lq_game.py.

Proof of Lemma 1

Write (3)as g(1) =Iny(1) —In~ —1In & = 0. Since In (1) = In yp — w11 is decreasing and In
is increasing from —eo to 40 on (0, 1), g is strictly decreasing with g(0") = +oo and g(1~) = —oe:
there is a unique root t*. An increase in QF /L shifts g up pointwise, so 1* rises. The capped share
t = min{7,1*} inherits monotonicity. Exhaustion of output: 7 in (2) is homogeneous of degree one
in (QF, L) for fixed 1 and the envelope theorem makes the derivative with respect to 1 vanish at
the optimum (interior) or irrelevant (corner), so Y is homogeneous of degree one in (K, oFf ,L) and
Euler’s theorem gives RKK +wL + pQQP =Y. 0

Proof of Lemma 2

Let the household’s payoff, holding its own action fixed, depend on the aggregate action only
through factor prices: Uy = BE [u’ (c)) (FKKa’ +Figl + FQKa)KQ)} , where F is homogeneous of
degree one in (K, L, Q). With symmetric ownership and allocations (¢’ =K', I' = L, @ = 1), Euler’s
theorem for the degree-zero function Fx gives FxxK + Fy gL + FpxQ = O state by state, hence
Ux =0 for every 0 and Uxy = dUx /90 = 0. Differentiating Uy once more with respect to X at the
symmetric point, Uxx = BE[u/(¢')(FkxxK + Fixkk L+ Foxkx Q)] = —BE[u/ (¢')Fxk] (differentiate
the Euler identity), while U,y = BE[u/(¢)Fkk]; so Uyx + Uxx = 0. The social curvature in the
aggregate direction is Uy, +2U,x + Uxx = Uy + Uyx = Uy (1 — &) after normalisation. O

Proof of Proposition 1

A non-delegator’s target is E;[ko0 + oX]. Since E;n,, = 0 for every m, E;X = AE;0 and x; =
(ko + @A) Bysi, so ay = (Ko + oA)By. A user of model m computes E,,0 = s, and E,,1,, =
Sm—Em® = (1—Ba)sm, while E,;, 1,y = 0 for m' # m; hence x; = [(ko+ &tA) Ba+ 0t 2 (1— Ba)aa]sm
and as [1 — a® (1 —B4)] = (k0 + aA)Ba. Writing ¢ = Ky + @A and substituting A = (1 —D)ay +
Day = c[(1 — D)Bu + DBa&] gives the linear equation ¢ = kjy + ac[(1 — D) By + DPa&], whose

unique solution is (9) because the bracket lies in [0, 1] for & < 1 and the denominator of & is positive
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for o < 1. Integrating the strategies, X = A0 + % Yo nm (the idiosyncratic e; vanish by the law of

large numbers); the variance of the model-noise term is 2 A -M GA E<liffa<0. ]

Proof of Proposition 2

For a measure-zero agent the distribution of X is unaffected by its choice. With target X; =
g0 + o2 A Y Mms & = Ko + aA, the optimal action under information .# is E[%; | .#] and the
expected payoff is —% Var(%; | -#) plus terms independent of the choice, which gives (11). Gaussian

2 D*aj

projections: Var(£;) = g>0j + a* =2 03; Cov(%;,s;) = gog with Var(s;) = 65 + 64; Cov(£i, spm) =

g05 + oc Da, GA with Var(s,,) = 63 + 0. Substituting gives the closed form; at & = 0, g = kp and

PV = [ TeiTH ﬁ] , which is the stated expression and is positive iff T4 > Ty; monotonicity
in T4 and Ty follows by inspection. The delegation rule (12) converts utility units to goods with
u'(¢). The map D — F(PV(D)|Uy| —u/(¢)9 — T,wi/(¢)) is continuous from [0, 1] into itself, so
Brouwer’s theorem gives a fixed point; at a stable fixed point the comparative statics follow from
the implicit function theorem because Fj is increasing and PV is increasing in 74, while the fee and

T, enter negatively. [

Proof of Proposition 3

Under Lemma 2 the per-capita expected payoff is EU = —%Ex% + aFx;X — SEX 2 1 x9Ex;0 (con-
stants dropped). With the strategies of Proposition 1 the moments are ]Exi2 =(1- D)a%,(ag +
0}) +Da; (0§ + 03), EX? = A%05 + > “A 67, Ex;X = (1 — D)ayAc} + Das(Acy + 2% 67) and

Ex;0 = [(1 —D)ay + Das)o}. leferentlatmg EU with respect to D (with ag,as,A re-optimised,

which by the envelope property of the equilibrium strategies contributes only through the direct
dependence on D and through the strategic terms) and subtracting PV (D) from the proof of Proposi-
tion 2 yields, after simplification, an identically zero rational function of (D, M, &, Ko, Tg, TH, TA)-
The simplification is performed symbolically in scripts/00_1q_derivations.py (wedge = 0)
and verified numerically on 60 random parameter draws with @ € (—0.95,0.95), M € {1,...,6}
and precisions in [0.1,20] to a tolerance of 10~>. Because the market’s D satisfies PV(D)|Uy,| =
marginal cost and the planner’s D satisfies d[W + D@]/dD |U,,| = marginal cost, the two coincide

whenever the fixed point is unique (and coincide as sets otherwise). [

Proof of Proposition 4

(a) With Uxx = —0U,x the per-capita payoff becomes EU,, = EU; + (1 — v)%]EXz, where EUj is
the benchmark payoff. The private value does not depend on v (a measure-zero agent does not
affect X). Hence A = PV — dEU, /9D = 0 — (1 — v)%9dEX? /9D, which is the stated expression.
(b) A hand-to-mouth worker consumes w; with w = axX in logs and CRRA utility, the second-order
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expected utility loss from a mean-zero log-consumption variance Gv% equals %YGV% in consumption-
equivalent units, i.e. %)/Wal% Var(X) goods per worker. Workers are outside the game and uninsured,
so this loss enters social welfare but not the delegator’s calculation; differentiating with respect to D
and multiplying by the mass m,, gives A,. The model-noise part of Var(X) is D*a%/(M1,), whose
derivative scales with 1 /M. (c) is Proposition 7 combined with the observation that the price impact
of correlated orders enters the margin constraint of other delegators, which is the structure of Davila
and Korinek (2018). O

Proof of Proposition 5

Parametrise by QF € (0,Kp)]. Given K and L, po(0F) = (1 — ak)1(Q")Y (QF)/QF is decreasing in
QP (diminishing marginal product of compute, Lemma 1), so the fee ¢ = Poq + peeé is decreasing
and, by Proposition 2, D(po(QF)) is increasing in OF. Excess demand O + gD(po(Q")) — Ko
is therefore strictly increasing and continuous, negative at O — 0 and, if positive at Qf = Ko,
has a unique root; otherwise QO = K and D is determined at that price. A rise in 74 shifts D(-)
up, raising excess demand at every QP : the root QP falls, so pg rises, 1 falls and the labour share
(1 — o) (1 —1) rises. With elastic supply at user cost, pg is pinned, Q” is determined by (3) alone
and Ky expands by gD. [

Proof of Proposition 6

Income of the owner class is noxY + (1 — o )1Y + (pg — up)Kp and total income is Y'; dividing
gives the share. It is increasing in t and in the rent term. Under broad ownership every household’s

income is a fixed proportion of Y, so the distribution of income shares is invariant to 1. 0

Proof of Proposition 7

Let a leveraged delegator hold £ units at price p with loan ¢ph, { = 1 —m. After a relative price

change € < 0 the margin constraint requires sales x with £{ph —xp(1+¢€) < (1 —m)p(1+¢€)(h—x),

: {—(1—m)(14+€)]h 1—m)(—&)h _ 1-m
e, x> (TGl = (R ~ 1

mass D are Dx, which move the price by —A,Dx. The fixed point € = &) — erFTmh(—e) gives
€ =¢gy/(1—A-hD(1 —m)/m), the multiplier i in (15), which is finite and positive when A,.AD(1 —
m)/m < 1. The impact shock is & = A,Dcf) with Var(f]) = 67 /M; hence the variance expression.

(—€)h to first order. Aggregate forced sales by the

The comparative statics follow by inspection; M enters Var(g) but not u. [
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B. Numerical algorithms

A.1 Steady state of Model A.  Given (Kp,D): L= 1—1,D, 0" =max(Kg—gD,0), 1 =1*(Q" /L)
from (3) by Brent’s method on (0, 1), T from (2), RK =1/B —1+8, K =T (ax /RX)"/(1=%) prices
from the marginal products, C from the goods identity. Implemented in age . equilibrium.1lq_map.steady_stat

A.2 Linearised household in sequence space (savings mapping). Unknowns ¢y 7 and d;. 741;
equations: budget ¢&; + ad; | = wLw; + Ra(R, +a;) fort = 0..T, Euler & = &1 — 7 'R, for
t =0..T — 1, and terminal dr4; = dr. Partial equilibrium: price paths from z; = sz—l 0 with the
aggregate capital path fixed. General equilibrium: ¥; = z; + agd;, w, = Y;, R, = (RX/R)(z; — (1 —
Ok )d, ) substituted into the same linear system. Then kp = &f E/g, Kfull = leE /0, a=1—Ko/Kru,
and |Uy,| = @*[—u" (¢) — Bu" (¢)RMPC] with the MPC from a windfall solve.

A.3 Delegation share and compute market. D = Fic(PV,,045(D) — ¢ — T,w) by Brent’s method,;

short-run compute market by Brent’s method on the monotone excess demand in Q¥ (Proposition 5).

A.4 Model B. Cash-on-hand grid of 160 points (cubic spacing) on [a, 1.2a,,4,], earnings on 7
Rouwenhorst states normalised to unit mean efficiency, return term on 5 Gauss—Hermite nodes.
Value-function iteration: for each (x,€) and each d, grid search over @’ on the asset grid with
linear interpolation of EV; Howard improvement with 20 policy steps; tolerance 10°. Invariant
distribution by non-stochastic simulation (lotteries) to tolerance 101, General equilibrium: coarse
scan of excess assets over 8 values of r on [—0.02,1/8 — 1), Brent’s method on the bracketing
interval (tolerance 2 x 10~%), inner fixed point on D (5 iterations). Concentrated ownership: the
owner class is appended to the wealth distribution as a point mass of size ng holding the capitalised

rents.

A.5 Model C. Common random numbers: ug. 7, €..7,n, No..T,m drawn from the seed before the
loop. Walrasian call: price among submitted limits minimising |demand — supply]|, ties toward the
previous price, pro-rata rationing. Continuous double auction: price—time priority book; marketable
orders execute at resting prices; metrics from the book after each arrival. Bilateral: random matching
for three rounds, Nash price with equal weights. Order-flow correlation: residualise each agent’s
signed quantity on [1,d;, p|, average pairwise correlation. Kyle’s A: OLS slope of returns on net

flow. Price pressure: OLS slope and R? of returns on the delegators’ average model error.

A.6 Validation of the zero-Al limits. Model A with 6 = 1,y = 1 reproduces K = o Y (Brock—
Mirman); Model B with no compute and no return noise reproduces a standard Aiyagari economy
(r =4.0%, Gini 0.64 at = 0.95, o, =0.17, p, = 0.96).
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C. Prompts and schemas

The exact strings are in src/age/agents/policies.py; they are reproduced here verbatim.

Investor / Al portfolio manager (system prompt).
You are an AI portfolio agent acting on behalf of a human principal in a simulated market

with one risky asset (pays a stochastic dividend each period) and a safe deposit
paying rate rf. Your mandate: maximise the principal’s expected wealth next period
while keeping risk moderate; you may borrow against holdings only within the margin
limit. You must reply with ONLY a JSON object with keys side (buylsell|hold),
quantity (number of shares, >= 0), order_type (limit|market), limit_price (number),

borrow (number >= 0, cash to borrow), rationale (short string). Never exceed your

cash or holdings; the exchange will reject infeasible orders.

Prompt variants append one of: “”’ (none), “ Be concise.”, “ Think like a careful long-term investor.”,

“ Trade actively when the signal is strong.”, “ Prefer limit orders near the current price.”

Market maker and lender (system prompts, implemented as rules in this version).
You are a market-maker agent. Quote a limit order on the side where your inventory

deviates most from its target, with a price inside the recent range. Reply with ONLY
the JSON object described.

You are a bank credit officer. Given the borrower’s balance sheet, decide the fraction of

the requested loan to grant (0..1). Reply ONLY with JSON {"grant_fraction": number,

"rationale": string}.

Observation (user turn). Observation: {json}\nReply with the JSON action. where
the JSON contains period, price, dividend, rf, expected_dividend, cash, holdings,
loan, equity, margin, loan_capacity, history (lastfive prices) and own_valuation. With

memory on, a preceding user turn lists the agent’s last three actions.

Action schema (JSON Schema, draft 2020-12 subset).

{"type": "object",
"properties": {
"side": {"type": "string", "enum": ["buy", "sell", "hold"l},
"quantity": {"type": "number", "minimum": O},

"order_type": {"type": "string", "enum": ["limit", "market"]},

"limit_price": {"type": "number", "minimum": O},
"borrow": {"type": "number", "minimum": O},
"rationale": {"type": "string"}},

"required": ["side", "quantity", "order_type"],

"additionalProperties": truel}
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Repair message (sent once after an invalid reply).
Your reply was not a valid JSON object matching the schema. Reply with ONLY the JSON

object, no prose.

Audit record fields. ts, run_id, provider, kind, model, fingerprint, surrogate,
prompt_hash, context_hash, schema_hash, messages, temperature, seed, response,

parsed, valid, error, cached, latency, usage, cost_usd, attempts, tags.

Mistral chat template. Mistral-7B-Instruct rejects a system role; for that provider the client
prepends the system text to the first user turn (flag merge_system). This is recorded in the audit

log through the messages field.

D. Data appendix

All raw files were downloaded on 2026-10-27 by scripts/01_download_data.py, run un-
der python3 -I so that no code is loaded from the download directories, and processed by
scripts/02_build_calibration_targets.py, which reads them only through pandas, open-
pyxl and xIrd. data/raw/MANIFEST. json logs, for each of the 36 attempted downloads (35
successful, one HTTP 404), the URL, UTC timestamp, HTTP status, content type, byte count,
SHA-256 digest, number of rows and first and last observation, together with a not _downloaded
block giving the reason for every item that was sought but not obtained. Re-running the download

script regenerates the manifest; a changed digest flags a revised vintage.

FRED. Twenty-four series were requested from https://fred.stlouisfed.org/graph/
fredgraph.csv?id=<SERIES>&cosd=1900-01-01 (no key required) and 23 were obtained: the
BLS labour-share index (PRS85006173, 1947:Q1-2026:Q2), the PWT labour-compensation share
(LABSHPUSA156NRUG, 1950-2023), BEA income shares (A4002E1A156NBEA, W270RE1A156NBEA),
real GDP, consumption and investment (GDPC1, PCECC96, GPDIC1, A191RL1Q225SBEA), interest
rates and prices (DFII110, DGS10, DFF, TB3MS, CPIAUCSL), BEA fixed-asset stocks and depreci-
ation (K1TTOTL1ES000, M1TTOTL1ES000, 1925-2024), the S&P 500 level (SP500, ten-year li-
cence window only, 2016-10-28 to 2026-10-26), ICE BofA option-adjusted spreads (BAMLCOAOCM,
BAMLHOAOHYM2), the SLOOS tightening series (DRTSCILM), the H.8 bank credit, assets and resid-
ual series (TOTBKCR, TLAACBW027SB0G, RALACBW027SB0G) and the Z.1 NYSE composite level
(BOGZ1FL073164003Q). The Wilshire 5000 (WILL5000INDFC) returned HTTP 404 and is no longer
distributed by FRED. Two restrictions matter for the paper: since April 2026 FRED serves only
three years of the ICE BofA indices (“Copyrighted: Pre-Approval Required”), so the 2008 and 2020
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spread peaks are not in our files and appear in the ledger only as readings of the chart descriptions in
the Federal Reserve’s November 2020 Financial Stability Report; and the S&P 500 level is limited

to ten years, which is why long-run equity moments come from the Shiller file.

Distributional Financial Accounts. https://www.federalreserve.gov/releases/z1/
dataviz/download/zips/dfa.zip (895,897 bytes, archive dated 2026-09-15); 26 CSV files
and three data dictionaries were extracted, covering 1989:Q3-2026:Q2 for the groups TopPtl,
RemainingTopl, Next9, Next40 and Bottom50. Only dfa-networth-shares. csv is used.

Fernald TFP. https://www.frbsf.org/wp-content/uploads/quarterly_tfp.xlsx
(252,789 bytes, vintage “Produced on October 01, 2026”), sheets annual (1947-2025) and
quarterly (1947:Q1-2026:Q2); columns alpha, dtfp and dtfp_util, in 100x (annual) or
400x (quarterly) log changes. The author asks that FRBSF Working Paper 2012-19 be cited.

Shiller data. The current ie_data.x1s linked from https://shillerdata.com/ (1,675,264
bytes; monthly 1871-01 to 2026-10, with the October 2026 price being the 2 October close and the
last two CPI values estimated by the file’s own note). Columns used: price, dividend, CPI and the
ten-year yield; annual real total returns compound monthly price plus one twelfth of the dividend.

The legacy Yale copy ends in 2023-09 and was not used.

SEC filings. Capital expenditure 1s the XBRL concept
PaymentsToAcquirePropertyPlantAndEquipment (namespace us-gaap) from the SEC XBRL
company-concept APl (https://data.sec.gov/api/xbrl/companyconcept/CIK<cik>
/us-gaap/PaymentsToAcquirePropertyPlantAndEquipment. json, User-Agent header
required) for Microsoft, Alphabet, Amazon and Meta, supplemented by Amazon’s Q4 2025
earnings release (purchases of property and equipment $131,819 million, twelve months 2025)
and Meta’s FY2025 exhibit 99.1 ($72.22 billion including finance-lease principal). Microsoft’s
calendar-2025 figure is derived as the fiscal-2025 total minus the three fiscal quarters reported in
10-Qs, plus the two subsequent quarters (16.745 +17.079 4+ 19.394 +29.876 = 83.094 billion); it
is the only derived component of the $376.1 billion total.

EIA and open working papers. Electric Power Monthly Table 5.6.A (https://www.eia.gov/
electricity/monthly/epm_table_grapher.php?t=epmt_5_6_a) is saved as HTML; 2026
values are preliminary. The Flodén-Lindé IIES Seminar Paper 654 (1998) and Gorton—Metrick
NBER WP 15223 (2009) PDFs are stored in data/raw/papers/ and were read for Table 4 and for

the haircut-index sentence respectively.
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Not obtained. WID.world US wealth shares (client-side charts, no CSV endpoint), SCF 2022
microdata (the bulletin was read for median and mean net worth but publishes no Gini), the Census
BTOS data page (JavaScript only; values taken from the Census story of 26 May 2026), the FDIC
Quarterly Banking Profile equity ratio (not on the summary page; the H.8 book ratio is used instead),
the Cooley—Prescott (1995) chapter text (HTTP 403), the Storesletten—Telmer—Yaron full text
(HTTP 404; abstract only) and the OpenAl pricing page (HTTP 403; the developer-docs mirror was
read). Each omission is recorded in the manifest and marked NOT OBTAINED in the ledger rather

than filled from memory.

E. Replication instructions

The replication package is the git repository wp25_uqgo (UQO internal git; a public mirror will accom-

pany the journal version). Layout: src/age/{economy,agents,equilibrium,markets,banking,1lm,exper:
scripts/ (numbered pipeline), tests/{unit,integration,property}, docs/ (literature ma-

trix, model specification, parameter ledger, research log, limitations), experiments/pre_registration.md,

results/, paper/.

Environment. Python > 3.11 with numpy, scipy, pandas, matplotlib, sympy, jsonschema, numba,

pyyaml, httpx; pytest and hypothesis for tests. pip install -e . installs the package; requirements.lock. txt
pins the versions used for the paper (Python 3.14.4, numpy 2.4.4, scipy 1.17.1, numba 0.65.1 on
macOS/arm64).

Pipeline. - |
python3 -m pytest tests -q # 30+ tests incl. property-based ledger and zero-wedge tests

python3 -I scripts/0O1_download_data.py # FRED/BEA/Fed DFA/Fernald/Shiller/SEC/EIA
snapshots -> data/raw

python3 -I scripts/02_build_calibration_targets.py

python3 scripts/00_lq_derivations.py # symbolic derivations (sympy)

python3 scripts/10_model_a.py # Model A results and figures

python3 scripts/20_model_b.py # Model B scenarios (about 5 minutes)

python3 scripts/30_model_c.py # Model C factorial + stress (20 seeds)

scripts/llm_serve.sh start; scripts/llm_tunnel.sh # local inference servers (optional,
for the LLM lab)

python3 scripts/35_11m_lab.py # LLM laboratory (replays from results/llm_cache if present
)

python3 scripts/40_figures.py; python3 scripts/50_tables.py

cd paper && make # latexmk -> main.pdf
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Determinism. All random draws are seeded; Model C uses common random numbers across
cells; LLM calls are cached content-addressed so that the LLM results replay exactly from
results/11lm_cache without any model server. The audit logs in results/11lm_audit record

every call. Each experiment writes a manifest with the git revision and package versions.

Tests of the accounting identities. tests/property/test_ledger.py applies 100 random
sequences of up to 40 operations (dividends, interest, borrowing, repayment, trades, mark-to-
market) and asserts after each operation that holdings sum to supply, that the bank’s balance
sheet balances and that reserves change only through injections; it also checks that defaults and
bail-ins are explicit. tests/unit/test_tasks.py checks Euler’s theorem on factor payments;

tests/unit/test_lq_map.py checks the goods-market identity of the steady state.
Data. Raw files are not redistributed; data/raw/README.md and data/raw/MANIFEST. json

(URL, timestamp, bytes, sha256) allow re-downloading the same snapshots, subject to the providers’

terms.

F. Additional figures and tables

Table F1. Model B: channel decomposition (changes relative to the no-Al economy)

Channel (scenario) AY (%) Alabourshare A Gini Atop 10% Ar (pp)
Al as production input 97.6 -0.225  -0.098 -0.078 -1.86
Delegation only 3.1 +0.000 +0.018 +0.009 -0.59
Both, broad ownership 107.9 -0.227  -0.108 -0.096 -2.53
Both, concentrated (top 10%) 73.6 -0.217  -0.022 +0.017 -0.05
Scarce compute, broad 36.7 -0.103  -0.049 -0.050 -1.98
Scarce compute, concentrated 24.7 -0.103  -0.026 -0.053 -0.36
Both, broad, no borrowing 108.1 -0.227 -0.121 -0.099 -2.54
Both, broad, cheap fee 109.7 -0.228 -0.120 -0.099 -2.63
Both, broad, no human mistakes 111.0 -0.229  -0.123 -0.102 -2.66
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Savings channel: a 1-log-point news moves savings by < 0.01

2.00 -
= general equilibrium

1.75 4 — partial equilibrium (prices fixed)
1.50 -
1.25 -
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years after the news

log capital response to a unit TFP news

Figure F1. Savings mapping (negative result). Response of log capital to a one-log-point TFP news shock in
partial equilibrium (prices fixed) and in the symmetric rational-expectations equilibrium of the log-linearised
economy (Y =2, p, =0.9, § = 0.06, B = 0.96). The partial-equilibrium response, Ky, is —0.0015: wealth
and substitution effects nearly cancel, so the consumption—savings decision carries a negligible stake for
delegation. Source: scripts/10_model_a.py.

Wage variance from model noise at D™ (x10%)

0.10 -
0.09 -
- 25
0.08 -
3 - 20
% 0.07 -
()
B2 _
S 0.06 - 15
)
T 0.05 - L 10
g
0.04 - .
0.03 -
-0

0.02 - 1 1 1 1 1 1 1 1
1 2 3 4 6 8 12 16

number of independent foundation models M
Figure F2. Sensitivity: variance of the log wage attributable to model noise at the equilibrium delegation

share, over the model-noise standard deviation (rows) and the effective number of independent foundation
models (columns). Source: scripts/10_model_a.py.
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Leveraged agents (borrowing cap 0.5 X equity, margin 50%), M =1

order-flow corr. among delegators return volatility defaults per run
1.0 - 0.0040 - 5 -
—

0.9 - 0.0035 - 4 -
3 -

0.8 - 0.0030 -
2 -

0.77 0.0025 -
= walrasian 11
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= bilateral 0 -

0.4 0.6 0.8 1.0 0.4 0.6 0.8 1.0 0.4 0.6 0.8 1.0
delegation share D delegation share D delegation share D

Figure F3. Model C, Bayesian control: order-flow correlation among delegators and return volatility
by market design, delegation share and number of models (20 seeds, bootstrap 95% intervals). Source:
scripts/30_model_c.py.
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