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Abstract

Transformer-based Al is rapidly becoming the default tool for process-
ing financial information, with market participants increasingly relying on
the same pretrained models. We formalize how the transformer’s attention
mechanism shapes market outcomes through two frictions. First, Al sup-
presses tail dimensions. Transformer learning endogenously concentrates on
frequently observed signal dimensions and discards tail dimensions that are
statistically under-identified. Second, Al introduces a non-diversifiable noise.
As all Al traders share the same pretrained model, their inference applies the
same rules and introduces a common component, which cannot be eliminated
by the law of large numbers across traders.

We embed this inference rule in a standard financial market model. The
effect of introducing Al on market efficiency is ambiguous and dimension-
specific: Al improves pricing of covered dimensions but degrades pricing of
the tail. AI adoption also reduces market liquidity, because specialists bear
risk more efficiently than Al traders who carry unresolved tail uncertainty.
Most important, tail fragility, which is the market’s vulnerability to shocks in
unmonitored dimensions, strictly increases with Al adoption. We then endo-
genize technology choice. Al adoption is non-monotonic. Covered-dimension
types choose Al because forgoing its breadth across all covered dimensions is
too costly. Extreme-tail types also choose Al because their dimensions are too
infrequent to justify specialization. But intermediate-tail types specialize: Al
is blind to their dimensions, and expertise generates sufficient rents. Better
AT quality narrows the gap between Al and specialists, crowding out marginal
specialists and enlarging the dark tail even as it improves covered-dimension
pricing, which is the central paradox of AI monoculture.
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1 Introduction

Transformer-based artificial intelligence is transforming how financial markets
process information. Large language models and generative Al tools now assist
sell-side analysts, portfolio managers, and systematic trading desks across the in-
dustry. Unlike earlier quantitative tools that were custom-built for narrow tasks, a
pretrained transformer is a general-purpose inference engine. Many market partici-
pants use the same architectural family, trained on overlapping samples. The result
is a degree of homogeneity in information processing that financial markets have not
experienced before.

This homogeneity raises a fundamental question: when many traders rely on
the same Al architecture to interpret signals, what happens to market quality?
Standard information economics suggests that better and costless information pro-
cessing improves market efficiency. But the transformer does not process all in-
formation equally. Its attention mechanism scores each input signal according to
learned relevance, amplifies the high-scoring signals, and suppresses the low-scoring
ones. When many traders share the same pretrained model, this selective processing
generates two distinct frictions. First, the Al extracts only partial information from
the available signal space. It concentrates on a learned subset of dimensions and
assigns negligible weight to the rest, which refers to tail events that rarely appear in
the historical data. Second, even though each trader receives independent private
signals, the shared inference rule introduces a common component in their beliefs.
All AT traders [] apply the same weights. This common component cannot be elim-
inated by the law of large numbers across traders. The result is not only correlated
information on covered dimensions, but also correlated ignorance on tail dimensions.

This paper provides the first formal analysis that connects the transformer’s
attention mechanism to financial market outcomes. We make three contributions.
First, we show how the interaction between statistics of transformer learning and
financial signal structure jointly determine which dimensions the Al covers and which
it neglects, and why this selective attention introduces a non-diversifiable common
noise. Second, we embed this Al inference rule in a standard financial market model
and characterize its effects on market efficiency, tail fragility, volatility and liquidity.
Third, we endogenize the technology adoption decision and show that Al crowds
out human specialists in a non-monotone way.

To explain why the effects of Al arise entirely from model architecture, we
formalize how transformers process multidimensional signals. A key feature is that
the financial environment determines which signals matter. Al learns this structure

!Throughout the paper, we use the term “Al traders” broadly, for convenience. We refer to
any investor who uses Al to partially assist information processing—for example, using a large
language model to interpret 10-K, relying on Al-assisted research for writing analyst reports, or
using an Al-powered search engine to gather information. This definition is intentionally wide
and differs from the narrower usage in the literature, where “Al traders” typically means fully
automated algorithmic trading systems.



but does not perfectly impose it.

Consider an asset whose payoff loads on N dimensions with declining economic
importance. Dimensions of greater importance correspond to common events or
states and account for a large share of the total payoff. Dimensions of lesser impor-
tance correspond to tail events or states and contribute little to the total payoff in
probability. As a result, in any unbiased sample, high-importance dimensions occur
more frequently, whereas low-importance dimensions occur less frequently. A pre-
training transformer learns from a finite sample of financial data. High-importance
dimensions coordinates are learned well because they appear often in the training
data, while low-importance dimensions are statistically under-identified. This finite-
sample learning creates a learned relevance gap: the transformer’s internal ranking
of dimension importance mirrors the financial benchmark at the top but becomes
noisy in the tail. The gap is preserved even if the pretraining corpus is large enough.
To convert learned scores into attention weights, the transformer applies softmax
normalization. In high dimensions, this normalization requires scaling to avoid be-
coming either uniform or degenerate. The natural scaling is logarithmic in the input
dimension (Chen, Lin, Polyanskiy, and Rigollet| [2025). Logarithmic scaling ensures
that the learned gap survives the softmax normalization as dimension grows. This
is the core bridge between financial structure and Al behavior—the sparsity of the
AT’s effective support is not assumed but emerges from the transformer learning.

The combination three ingredients, the financial signal structure, finite-sample
pretraining, and logarithmic scaling, yield a precise tail suppression result. The-
orem 1 shows that the total coefficient mass on tail dimensions is bounded by an
exponential function. In a generic pretraining, this bound is quantitatively small.
The AT’s inference effectively depends only on some common dimensions. The tail
is endogenously suppressed. On the covered block, repeated pretraining aggregates
multiple weak pieces of evidence about each dimension, yielding an effective pre-
cision. This is the AI’s deliverable: high precision on covered dimensions, zero on
the tail. When many traders adopt the same pretrained model, they share both the
high-quality processing on covered dimensions and the blind spot on the tail. This
common blind spot is the source of AI monoculture.

We then embed the Al inference rule in a standard financial model with a
continuum of informed traders and a market-clearing price system. Each trader
receive independently private raw signals on each dimensions and is endowed with
expertise on one dimension. We denote the specialist on dimension n by type n.
The type n specialist can increase the precision of dimension n signal with some
cost before the signal is realized. In contrast, Al traders can increase the precision
of all covered dimensions by a relatively smaller magnitude than specialist.

We first take Al adoption as given and examine the trading equilibrium. We
consider the signal space partitions into three regions: a covered set C where Al
processes signals at enhanced precision, an active tail 7 where human specialists
maintain expertise, and a dark tail D where no one has specialized knowledge. The



common inference rule has direct equilibrium consequences. Each Al trader receives
independent private signals, but the pretrained model applies the identical transfor-
mation: the same coverage boundary, the same weights on covered dimensions, and
zero weight on the tail. When demands are aggregated, the law of large numbers
eliminates idiosyncratic signal noise, but the common inference structure remains.
In a world of diverse specialists, each trader responds to different dimensions. Under
AT monoculture, every Al trader responds to the same dimensions in the same way
in aggregate. The shared processing rule is a systematic factor in aggregate demand
that trader diversity cannot wash out.

This structure generates several market quality results. First, the net effects of
introducing Al on market efficiency is ambiguous. We show that market efficiency
has a dimension-specific structure. On covered dimensions, Al adoption can improve
price informativeness. The large pool of Al traders injects high-precision signals
that were previously dispersed across specialists monitoring other dimensions. On
active-tail dimensions, however, informativeness is fragile. It depends entirely on the
survival of the corresponding specialist type. If that specialist type exits the market,
the incremental information for that dimension disappears discontinuously, which
means the dimension transitions from the active tail to the dark tail. On dark-tail
dimensions, no incremental information enters the price beyond what all traders
observe at baseline precision. Whether Al adoption improves or degrades overall
market efficiency depends on the balance between the gain on covered dimensions
and the loss on the tail.

Second, Al adoption strictly increases tail fragility. We define the fragility of tail
dimension k as the fraction of a shock in dimension £ that is not incorporated into
the price and therefore appears as an ex post return surprise. Dark-tail dimensions
have the highest fragility loading because they lack the protective contribution of
specialist-specific information. We prove that when a specialist type converts to Al,
dark-tail fragility strictly increases for every dimension already in the dark tail. The
market becomes most vulnerable precisely where the Al is most blind.

In addition, introducing Al can reduce market liquidity and increase volatility.
Specialists face lower posterior variance than Al traders, because specialists resolve
uncertainty on their expert dimension while Al traders bear the full unresolved tail
uncertainty. Lower posterior variance means more aggressive trading and higher
risk-bearing capacity per unit of mass. When a specialist converts to Al, the market
loses a high-capacity trader and gains a low-capacity one. Total market capacity
falls, the price impact of noise trading rises, and the market becomes less liquid.
Lower market capacity amplifies the price impact of liquidity shocks. Wider pricing
gaps on tail dimensions leave more fundamental variation unpriced. It forces push
toward higher volatility.

We next endogenize the technology choice. Each trader exclusively decides
whether to adopt Al or become a human specialist in a their endowed dimension.
The decision depends on the incremental certainty-equivalent profit from specializa-



tion relative to Al, m(n), and a fixed specialization cost c.

We show that the incremental profit function 7(n) exhibits a striking structural
feature: an upward discontinuity at the AI coverage boundary d. For a trader whose
specialty lies within the covered set (n < d), becoming a specialist means forfeiting
the AI's high precision on the remaining d — 1 covered dimensions. This opportunity
cost is substantial and grows with the number of covered dimensions and Al quality.
For the first tail type (n = d + 1), no Al precision is forfeited, because the Al has
zero coverage of that dimension regardless. This asymmetry makes tail specialization
relatively more attractive than covered-dimension specialization, even when the tail
dimension is less important in absolute terms.

Under a moderate cost condition, a unique adoption equilibrium exists with a
three-region structure. All covered-dimension types choose Al: the opportunity cost
of forgoing the AI’s breadth is too high. Intermediate-tail types choose to specialize:
the Al is blind to their dimensions, and their expertise generates sufficient rents to
justify the cost. Extreme-tail types choose Al despite its blindness: their dimensions
have too little payoff relevance to justify specialization. The abandoned extreme-tail
dimensions constitute the dark tail—the region of the signal space where no one has
expertise and the market is most fragile.

The comparative statics reveal the central paradox. Better Al quality reduces
the posterior variance gap between Al and specialist, lowering the incremental value
of specialization for all tail types. This crowds out marginal specialists, shrinking the
active tail and expanding the dark tail. Paradoxically, improving Al quality worsens
tail pricing even as it improves covered-dimension pricing. Conversely, stronger
specialist expertise expands the active tail and shrinks the dark region. The policy
implication is clear: investing in human expertise has a protective effect on tail
dimensions that Al quality improvements cannot replicate. The monoculture that
makes Al powerful on common signals is precisely what makes the market fragile to
uncommon ones.

Related Literature Our paper connects to three main strands of the literature:
Al and financial market quality, information-correlated trading, and the theory of
transformer architectures.

Al and financial market quality. A rapidly growing literature studies how
Al and big data reshape financial markets. [Farboodi, Matray, Veldkamp, and
Venkateswaran (2022) show that big data can reduce the incentive to acquire in-
formation, and Farboodi and Veldkamp) (2020) study the long-run dynamics of fi-
nancial data technology, finding that both fundamental and strategic data continue
to be processed as technology advances. |Dugast and Foucault| (2018)) find that more
data can paradoxically reduce price informativeness when processing capacity is lim-
ited. \Goldstein, Spatt, and Ye| (2021) survey the broader implications of big data
for finance. On the empirical side, |Chinco, Clark-Joseph, and Ye, (2019) show that
stock returns load on sparse signals, and Lopez-Lira and Tang| (2023) examine the



predictive ability of large language models for stock returns.

Most closely related to our work is the recent series of papers by Dou, Goldstein,
and Ji (2025a)) and Dou, Goldstein, and Ji (2025b). Dou, Goldstein, and Ji (2025a))
show that Al-powered traders using reinforcement learning can autonomously sus-
tain collusive outcomes, undermining competition and price efficiency. [Dou, Gold-
stein, and Ji (2025b) extend this analysis to a dynamic setting and study how Al
planning—the ability of agentic Al to pursue long-horizon objectives—affects fi-
nancial stability. Colliard, Foucault, and Lovo| (2022) study algorithmic market
makers using Q-learning and find that they adapt to adverse selection but fail to
learn competitive pricing, earning supra-competitive rents. Kelly, Kuznetsov, Mala-
mud, and Xu (2025) take a different approach, embedding a transformer directly
in the stochastic discount factor to build AI asset pricing models, and derive an
interpretable decomposition of the transformer’s pricing mechanisms.

Our paper complements these contributions from a distinct angle. While Dou,
Goldstein, and Ji (2025a)) and Dou, Goldstein, and Ji (2025b) study Al traders
who learn strategies through reinforcement learning, we study Al traders who learn
inference rules through transformer learning. The frictions we identify—partial cov-
erage and common noise—arise not from strategic interaction among Al agents but
from the architecture of the pretrained model itself. Our focus is on the information
structure of the transformer’s attention mechanism and its equilibrium consequences
for price informativeness and tail fragility. While Kelly, Kuznetsov, Malamud, and
Xul (2025)) embed a transformer in the SDF for empirical asset pricing, we embed the
transformer in a theoretical trading model to study how its architectural properties
affect market quality. In our framework, the key object is not the transformer’s
predictive accuracy but its coverage boundary—which dimensions it processes and
which it ignores.

Relative to the earlier big-data literature, our paper opens the black box of Al
Prior work treats Al as an information technology that is either better or worse than
human processing. We show that the form of processing—transformer attention—
matters for equilibrium outcomes, not just its quality.

Information-driven correlated trading. A central theme of our paper is that
shared Al creates correlated information and correlated ignorance across traders.
This connects to the literature on information acquisition, crowded trading, and
correlated strategies.

The foundational framework is |Grossman and Stiglitz (1980), who show that
prices cannot be fully efficient when information is costly. [Verrecchial (1982) intro-
duces endogenous precision choice. |Van Nieuwerburgh and Veldkamp| (2009) and
Mondria) (2010) study rational attention allocation under capacity constraints, and
Veldkamp| (2006) shows how the supply side of the information market generates
correlated attention across investors. In our model, the coverage boundary is not a
choice variable of the trader but a technological constraint determined by the trans-
former’s pretraining. Traders choose whether to adopt AI, not which dimensions



it covers. This makes the source of correlated attention fundamentally different: it
arises from a shared technology, not from optimal individual choices.

On the crowding side, Stein| (2009) argues that sophisticated investors can desta-
bilize prices when they crowd into similar strategies. Khandani and Lo| (2011)) docu-
ment the consequences of correlated unwinding by quant funds during August 2007.
Kyle, Obizhaeva, and Wang| (2026) study strategic trading when traders’ private
signals are correlated and show that misperception of market crowdedness distorts
strategies and can create vulnerability to crashes. In these settings, crowding arises
from correlated positions or correlated signals. In our model, monoculture arises
from a shared inference architecture. The fragility we identify does not require cor-
related positions or correlated fundamental signals—it requires a common blind spot
in how signals are processed. This distinction is economically important: crowding
in the traditional sense can be mitigated by position diversification, while mono-
culture in our sense cannot, because the blind spot is embedded in the technology
itself.

Our tail fragility results also connect to the systemic risk literature. Brunner-
meier and Pedersen| (2009) study the feedback between market liquidity and funding
liquidity. Danielsson, Shin, and Zigrand| (2012) analyze how endogenous risk arises
from interacting strategies. Our dark-tail fragility result provides a new channel
for systemic risk: Al monoculture creates blind spots that are invisible during nor-
mal times but become crisis triggers when a large shock realizes in an unmonitored
dimension.

Implications of transformer theory. Our formalization of the Al inference rule
draws on recent theoretical advances in understanding transformer architectures.
Vaswani, Shazeer, Parmar, Uszkoreit, Jones, Gomez, Kaiser, and Polosukhin| (2017)
introduce the self-attention mechanism that is the foundation of all modern large
language models. The key architectural feature for our purposes is that the trans-
former scores each input token by learned relevance and constructs its output as a
relevance-weighted combination. This attention mechanism is the reason the trans-
former does not process all inputs equally—and the reason it can endogenously
suppress tail dimensions.

Edelman, Goel, Kakade, and Zhang| (2022) provide the theoretical foundation
for why self-attention induces sparsity. They show that bounded-norm self-attention
has an inductive bias toward sparse variable creation: the learned function depends
on a small subset of input coordinates, with sample complexity that grows only
logarithmically in context length. This result is central to our finite-sample rel-
evance bound—it implies that the transformer’s effective support is sparse not by
assumption but as a consequence of the architecture’s inductive bias interacting with
the statistical structure of the training data. Zhang| (2002)) provides covering num-
ber bounds for regularized linear function classes that underpin the generalization
analysis.

Chen, Lin, Polyanskiy, and Rigollet| (2025) identify the critical scaling regime



for attention logits in long-context transformers. They show that logarithmic scaling
of the attention temperature—Iy = plog N—places the model in a nondegenerate
middle phase where attention is neither uniform nor collapsed to a single token. This
result is directly relevant to our Theorem 1: logarithmic scaling is what preserves
the learned relevance gap under softmax normalization as the signal dimension N
grows.

Our contribution on the transformer side is to connect these architectural prop-
erties to a specific financial environment. The existing ML theory tells us that
transformers learn sparse functions and how attention scales. We show what this
means for financial markets: the sparse support maps to a coverage boundary de-
termined by financial signal structure, and the common pretrained model maps to
a non-diversifiable common factor in aggregate demand.

The rest of the paper is organized as follows. Section 2 sets up the model.
Section 3 develops the inference rule of generative Al, connecting the transformer’s
attention mechanism to the financial environment and proving the tail suppression
theorem. Section 4 derives the trading equilibrium and analyzes the consequences
of AT adoption for market liquidity, efficiency, volatility, and tail fragility. Section 5
endogenizes the technology adoption decision and establishes the central paradox.
Section 6 concludes.

2 Model Setup

We study a financial market in which a single risky asset’s payoff depends on
many independent dimensions of fundamentals. A continuum of informed traders
process private signals about these dimensions and trade against noise traders. In-
formed traders choose between two information technologies: a pretrained Al that
processes signals through the transformer architecture, and human specialization in
a single endowed dimension.

2.1 Assets

We start from introducing a complete probability space (€2, F,P), where the
real world probability measure is denoted by P. There is a risk-free asset with gross
return normalized to one and a single risky asset in aggregate supply () > 0. The
risky asset pays off at the terminal date. Its payoff is

N
n=1
where vy, vs,...,vy are N independent latent fundamental components with

v, ~ N(0,07), and 7 ~ N(0,07) is an idiosyncratic residual independent of all v,,.
The coefficient (3, is the loading of the asset payoff on dimension n. We order the



loadings in non-increasing magnitude:

B1 > P> > By >0, (2)

with at least some coefficients strictly positive and not all equal.

Each dimension n represents a distinct source of fundamental uncertainty—for
example, macroeconomic conditions, industry performance, or firm-specific factors.
The ordering reflects the fact that some dimensions matter more than others for the
asset’s payoff. High-n dimensions carry smaller loadings and correspond to events
or factors that are less important in determining the asset’s value. As we will show,
this is central to the AI’s behavior: the transformer endogenously concentrates on
the dimensions with large loadings.

2.2 Traders

There is a continuum of rational traders indexed by i € [0, 1] and some noise
traders. Noise traders collectively demand u units of the risky asset, where u ~
N(0,0?) is independent of all fundamentals and signals. Their demand is exogenous
and represents liquidity-motivated trading.

The remaining traders are informed. Each informed trader has constant abso-
lute risk aversion (CARA) preferences over terminal wealth:

Uz(W) = - eXp(—’YVVi), vy > 07 (3)

where 7y is the absolute risk aversion, W; = Wy + z;(V — p) is terminal wealth,
x; is the trader’s demand for the risky asset, and p is the market-clearing price. The
informed traders divide into two groups, specialists and Al traders, according to the
technology they adopt.

2.3 Specialists

Each informed trader is endowed with potential expertise in one dimension.
We call a trader with expertise in dimension n a type-n trader. The mass of type-n

_ B
Zivzl 5’67

so that Zf:[:l i, = 1. Dimensions with larger payoff loadings attract a larger

traders is

fhn n=1,...,N, (4)

share of potential specialists. This captures a natural feature of financial markets:
more economically important factors draw more analyst coverage, more research
effort, and more trading activity.

A type-n trader who chooses to become a specialist invests in expertise on
dimension n at a fixed cost ¢ > 0 before signals are realized. This investment raises
the precision of her signal on dimension n from the baseline 7. to k7., where kK > 1
is the expertise multiplier. On all other dimensions, the specialist observes signals



at the baseline precision 7.. The cost ¢ is the same for all dimensions and captures
the resources required to develop deep knowledge of a single factor.

2.4 Al Traders

A trader who adopts Al feeds her raw private signals into a pretrained trans-
former model. The key feature of the Al technology is that all Al traders share
the same pretrained model: the same architecture, the same trained weights, and
therefore the same inference rule.

Section 3 formalizes the Al’s inference process in detail. The main result shows
that the transformer endogenously concentrates on a subset of dimensions, the cov-
ered set, and assigns negligible weight to the remaining dimensions, the tail. The
coverage boundary d(e) is determined jointly by the financial signal structure and
the statistics of the pretraining sample, not by any assumption imposed for tractabil-
ity. On the covered dimensions, the Al achieves an effective signal precision 74 that
exceeds the baseline precision: 74 > 7.. On tail dimensions, the Al contributes no
incremental information.

Two properties of the Al technology are important for the equilibrium analysis.
First, the AT offers breadth: it processes all covered dimensions simultaneously at
enhanced precision, unlike a specialist who has high precision on only one dimension.
Second, the AI creates a common component in traders’ beliefs: because all Al
traders apply the same pretrained model, they share the same coverage boundary,
the same weights on covered dimensions, and the same blind spot on the tail.

2.5 Signals

Each informed trader i receives a private signal vector s; = (s;1,...,Si, N)T S
RY, where each component is

Si,n = Up + 5i,n7 gi,n ~ N(Oa 7—11_1)7 (5)

and the noise terms ¢;, are independent across traders 7 and dimensions n, and
independent of all fundamentals. The signal precision 7,, depends on the trader’s
type and technology choice.

For a type-n specialist, the precision is

(6)

kT. on the expert dimension n,
Tp =
7. on all other dimensions m # n.

For an AI trader, the raw signals all have baseline precision 7.. However, the
ATD’s inference rule effectively processes covered dimensions at the enhanced preci-
sion. The microfoundation of the processing is built in Section 3.
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Technology Trading

Al pretraining choice Signals realize; Settlement
Transformer learns Traders choose demands Market clears;
d(¢) and T4 AT or specialist submitted payoff V' realizes
| | | | >
t=20 t=1 t=2 t=3

Figure 1: Timeline of the model.

2.6 Timing

e t = 0: The Al sets its inference rule by the transformer learning based princi-
ple.

e t = 1: Traders choose their inference rules, Al or human specialists, to maxi-
mize their ex ante profits.

e { = 2: Traders observes realized signals. They submit orders to maximize
their trading profit conditional on their own beliefs.

e { = 3: The price system clears the market and generates an equilibrium price.
The asset payoff realizes.

3 Inference Rule of Generative Al

At time t = 0, we have a pretrained Generative Al based on transformer learn-
ing. For Al trader, the input is the signal vector s € RY. The first step in the
transformer learning is embedding. Here we denote embedding matrix is E € RV,
After embedding, we obtain E diag(s) € R, Since the transformer layer operates
on a token matrix with one token in each row, we rewrite the same object as:

X(s) := (Ediag(s)) € RV*%
The nth token is therefore as:
X, (s) = spe, € R™!

where e,, is the n-th column of E.

Next we describe the self attention rule. The pretrained Al has query, key, and
value matrices Wg, Wy, Wy, € R4 We use one fixed query token xgs € RY to
extract a single forecast from the signal sequence. For each signal coordinate n, the
attention score is:

score, (s) = XL, WoWix,(s) = X[, WoW/ (s,e,).

11



To form the attention weights, we apply a length-dependent scaling to the raw
logits and then normalize by softmax:

exp(Ly score,(s))

SN exp (L scorey, (s))

an(s) = , n=1,...,N.

The hidden attention output is the weighted value mixture

h(s) =Y an(s)Wy (sne,) € RY

n=1

Above is the standard self attention structure. First the score compares the
fixed query token with each signal token. Then softmax turns these scores into
attention weights. Finally the value vectors are combined by these weights.

We now move to our financial setting and link the fundamental logic of trans-
former learning to finance study. We firstly consider the ideal estimation case. We

define the loss function as:
L=E[(®—v)].

Then, within the family of linear predictors, the optimal coefficient on signal
S, 18:

. Baon
bn = o2+ 71

Under Gaussian distributions assumption, this coefficient is the natural bench-
mark loading on coordinate n.

To measure the economic relevance of each coordinate, define 6,, :== (37)? Var(s,,) =
(85)*(c2+7171), and assume that the coordinates are ordered so that 6 > 0y > -+ >
On > 0. This ranking is based on the property of the fundamental financial bench-
mark. The order depends on which coordinates matter most for prediction. This
step is happened before transformer training. Given a tolerance level € > 0, define
the benchmark effective dimension by

d(e) ::min{de{1,...,N}:Z€n§52}.

d(e) is the smallest number of coordinates that keeps the benchmark truncation
error below ¢2. Economically, coordinates n < d(g) form the minimally sufficient
block of financially relevant signals, whereas the block n > d(¢) is the benchmark
tail. Because this cutoff is intended to mark a genuine economic boundary rather
than a numerically fragile threshold, we impose a local identifiable condition at the
cutoff. Since the benchmark cutoff separates the coordinates that must be retained
from those whose joint contribution is already negligible, it is natural to require that
the boundary not be completely flat.

12



Assumption 1 (Local benchmark separation at the financial cutoff). We assume
a strictly positive local gap at the boundary:

83(5) - ecZ(s)—f—l > As > 0.

This assumption is mild from a financial perspective. If the two coordinates
at the boundary were nearly indistinguishable in benchmark relevance, then the
location of the cutoff would be driven by tiny sample perturbations rather than by
an economically meaningful separation between retained and negligible signals.

We next introduce finite sample pretraining from an economic perspective. For
each coordinate n, let ¢, € (0, 1] denote the frequency with which coordinate n ap-
pears in the pretraining corpus in a statistically identifiable and prediction relevant
way. If the pretraining sample size is M, define the effective sample size of coordi-
nate n by M¢T := Mg,. We assume q; > g2 > --- > qy. This does not mean that
tail coordinates never occur. Rather, it means that they are observed in ways that
are less frequent or less statistically informative because it happens rare in financial
world, so that they are harder to identify during pretraining.

To connect the financial benchmark to transformer learning, define the oracle
normalized relevance of coordinate n by x* = h(6,,), where h is strictly increasing.
Thus, in the population benchmark, the transformer’s ideal relevance ranking is
aligned with the financial importance ranking. Let y,, denote the learned normalized
relevance after pretraining. At this point we impose the key bridge between finite-
sample learning and transformer relevance.

Assumption 2 (Finite-sample relevance estimation). Bounded-norm self-attention
learns sparse structure with logarithmic dependence on context length, so we assume
that the learned normalized relevance satisfies the high-probability bound

. . log N
Xn = Xnl < Oy Va n=1,...,N,

for some constant C, > 0.

This assumption says that coordinates with larger effective sample size have
better-estimated relevance, while tail coordinates with small Mg, are statistically
under-identified. This is the precise sense in which finite-sample pretraining sup-
presses the tail. Now define the oracle relevance gap at the financial cutoff by

AY = X;ki(e) - X:%(a)—&-l‘

Because h is strictly increasing and Assumption 1 gives a positive benchmark
gap at the boundary, we have AX > 0. By the finite-sample relevance bound,

Xde) — Xde)+1 = A = Cy



Hence, if

log N log N AX
CX Vo, + CX Mam < 5
dd(e) dd(e)+1

X
€

Xd(e) — Xd(e)+1 = Me = 5 > 0.

then

Therefore, finite sample pretraining transfers the financial cutoff into a learned
relevance gap at the same boundary.

To preserve this learned distinction through softmax in a long-context setting,
we follow the logarithmic scaling logic for raw attention logits and write [y = plog N.
Here we emphasize that this scaling is not the source of sparsity. The source of
sparsity is the support selection effect. The role of Iy = plog N is only to ensure
that this already learned relevance distinction is not washed out by normalization
when the signal dimension N is large. The long-context theory shows that p must
be chosen in the nondegenerate middle phase: if it is too small, attention becomes
too diffuse; if it is too large, each token effectively attends only to itself. Thus, we
work in the middle-phase regime and use logarithmic scaling as a technical device
to preserve selective attention at large but finite V.

Under this scaling, define the softmax-level score gap by

A(s) := min [y score,(s) — max [y score,(s).
n<d(e) n>d(e)

Because the learned normalized relevance gap is a parameter-level object while
score, (s) depends on the signal realization, we restrict attention to signal realizations
for which the cutoff separation is preserved at the score level after replacing m. by
a smaller positive margin, that is,

min score,(s) — max score,(s) > m..
n<d(e) n>d(e)

Since Iy = plog N, we then obtain
A(s) > pm.log N.

We are now in a position to state the theorem that links finite-sample pretrain-
ing to small tail coefficients.

Theorem 1 (Finite-sample relevance gap implies tail suppression). Suppose that
the output layer satisfies

1Ba(s)] < Coan(s), n=1,...,N,

for some constant Cy > 0. If the finite-sample relevance condition above yields
Xd(e) = Xd(e)+1 = M > 0, and the signal realizations under consideration the cutoff
separation is preserved at the score level after shrinking the margin m., while the
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attention scaling 1s Iy = plog N with p chosen in the nondegenerate middle phase,
then we have
A(s) > pm.log N

and

> [Buls)] < 2NCoe ™ < 20N,

n>d(e)
In particular, for any fixed but sufficiently large N, whenever pm. > 1, the total tail
coefficient mass is quantitatively small.

Proof. See Appendix. O

Theorem 1 is the precise link transformer learning to financial environment. The
financial benchmark first determines the economically relevant cutoff d(¢). Finite
sample pretraining then determines whether the transformer can statistically recover
the coordinates around that cutoff through the effective sample sizes M¢q,. Once
the learned relevance gap at the cutoff is positive, logarithmic scaling preserves it in
the softmax layer, and the tail coefficient mass becomes small. Thus, the tail is not
discarded because we assume a large A from the outset; rather, A itself emerges from
the interaction between financial relevance and finite-sample transformer learning.

For the rest of the paper, we therefore use the following tractable benchmark
representation. The Al predictor is effectively supported on the first d(e) coordi-

UA[ Z ﬁn Sn+ Z ﬁn 5n>

n<d(e n>d(e)

nates:

where the second block is neghglble in total coefficient mass by Theorem 1. In the
exact sparse benchmark, we set it equal to zero.

Finally, to connect this support selection result to later analysis, we summa-
rize the covered block by an effective precision. Once pretraining has identified the
covered coordinates, we interpret the representation learned on those coordinates as
aggregating repeated weak evidence. This motivates the following reduced-form as-
sumption. Because pretraining repeatedly observes statistically identifiable patterns
on the covered coordinates, we assume that for each n < d(¢), the learned repre-
sentation is equivalent to aggregating K, conditionally independent weak pieces of
evidence about v,, where each additional piece contributes precision 7, > 0. Hence
the effective precision on coordinate n is 74, = 7. + K, 7p.

Assumption 3 (Repeated aggregation on the covered block). We assume the cov-
ered coordinates are sufficiently homogeneous in representation quality, we approxi-
mate them by a common lower envelope Ko < K,, and define

TA = Te + Ko1p > 7o

Thus, 74 provides a reduced-form summary of repeated information aggregation
on the covered block. Economically, it shows that repeated aggregation makes the
AT representation on the covered block more precise.
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4 Consequences of AI on Market Quality

We now derive the trading equilibrium and examine how Al adoption affects
market quality. Taking the technology adoption fixed, we characterize the linear
equilibrium. The Al’s selective coverage creates fundamental asymmetries in how
different dimensions of the fundamental are reflected in the price. We analyze four
dimensions of market quality, liquidity, efficiency, volatility, and tail fragility, and
show that AI adoption creates an inescapable trade-off between improved pricing on
covered dimensions and increased vulnerability on the tail.

4.1 Trading Equilibrium

From the analysis of Section 3 and the discussion of adoption incentives, we
conjecture as given the following structure:

Assumption 4 (Adoption thresholds). There exists a threshold N € {d+1,..., N}
such that:

(i) All type-n traders with n < d choose Al
(ii) All type-n traders with d < n < N choose to be specialists.
(iii) All type-n traders with n > N choose Al

This structure partitions the N dimensions into three categories:

C=A{1,...,d} (covered dimensions: Al processes these), (7)
T={d+1,...,N} (active tail: specialists cover these), (8)
D={N+1,...,N} (dark tail: no one has expertise). 9)

The AI adoption rate is endogenously determined by

aEZun—FZun:l—Zun. (10)

neC neD neT

The equilibrium analysis involves three signal precision levels. Recall that a
type-n specialist observes dimension n at precision k7. and all other dimensions
at the baseline precision 7., while the Al achieves effective precision 74 on covered
dimensions and zero incremental precision on tail dimensions. These three levels
satisfy the ordering

T. <714 < KT, k> 1. (11)

Assumption 5 (Al precision from pretraining). The Al’s pretraining endows it
with effective signal precision 74 > 7. on each covered dimension n € C, and zero
precision on tail dimensions n > d. We parameterize the AI's quality by T4.
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For each precision level, the standard Bayesian updating formula p = 7/(0}, 24
7) yields a shrinkage factor measuring the weight placed on the signal relative to the
prior, and a corresponding residual variance 0, = o7(1 — p;) measuring remaining

uncertainty:
pil = #7 §H = o2(1— pif),  (specialist expert precision) (12)
O~ + KT
PR = 727—’4, 6t = 02(1 —p), (Al precision on covered dims.)  (13)
0, " +7a
= %, §f =021 —pp),  (baseline precision) (14)
o,  + 7

The precision ordering 7. < 74 < k7. implies
ok <o <pils O <o <éop, vk (15)

Higher precision means a larger shrinkage factor (the posterior leans more on
the signal) and a smaller residual variance (less remaining uncertainty).

We now derive the posterior beliefs of each trader type. A type-n specialist
observes N signals s;, = v + €, for all k, with precision k7. on dimension n
and 7. on all others. Because the fundamental components v, are independent, the
specialist updates each dimension separately. Her posterior mean of the asset payoff
is

B V] = Bupll sin+ D Brpfsin (16)
k#n

where the first term reflects the high-precision expert signal and the remaining
terms reflect baseline-precision observations. The corresponding posterior variance
is

Vi = B2+ " ok + o) (17)
k#n

To express this compactly, define the baseline posterior variance, the variance

when all signals are observed at low precision, as

N
Vi = Zﬁgé{;‘ + o (18)
k=1

Then the specialist’s posterior variance can be written as
Vo =Yl A, A, = B20F -6 > 0. (19)

The expertise benefit A, is proportional to 32: dimensions that matter more
for the asset payoff yield greater variance reduction from specialization.

The Al trader feeds her raw signals into the pretrained transformer. Under the
hard-attention limit established in Theorem [I} the transformer concentrates on the
covered set and produces the scalar output

cj = ansﬁm Wp, = Bnpfa (20)

neC
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where 54 = v, + &, with e/}, ~ N(0,7,'), and w, = 0 for all n > d. The
weight w, = ,p7 is the MSE-optimal linear predictor coefficient: Cov(V,s,)/Var(s,) =
B.0% /(02 +7;") = Bup2. The hard-attention transformer implements this optimum
on covered dimensions and assigns zero weight to the tail. A direct calculation shows

that Cov(V, z;) = Var(z;), so the Bayesian loading of V' on z; equals unity:

¢ =1. (21)

The Al trader’s posterior mean is therefore
]E [V‘ZJ =z = Zﬁnpn jn’ (22)

neC

and the posterior variance is
V= S ot + X i+ =)
neC n>d

The first sum reflects the residual uncertainty on covered dimensions after Al
processing. The second sum reflects the full prior variance on tail dimensions, where
the AI provides no information. To express this relative to the baseline, define

Oa= B~ )+ 207 — 6h), (24)
neC n>d
so that
YW =Vt 1o, (25)

The first sum in © 4 is negative: on covered dimensions, Al reduces uncertainty
below the baseline (67 < §%). The second sum is positive: on tail dimensions, Al
retains the full prior variance rather than the partially reduced baseline (02 > §%).
The sign of ©4 determines whether Al traders face more or less total uncertainty
than a trader with baseline precision on all dimensions.

Assumption 6. The Al’s tail blindness cost exceeds its covered-dimension precision
gain. In terms of primitives, this is equivalent to:

> Blotpr > Bron(pn — k). (26)

n>d n<d

The left side is the total payoff-weighted variance of tail dimensions that the Al
fails to process. The right side is the incremental variance reduction that Al achieves
on covered dimensions relative to baseline precision. This condition holds when tail
dimensions have substantial payoff relevance, when the number of tail dimensions is
large, or when AI’s precision advantage on covered dimensions (p?' — pL) is modest.
When 74 = 7. (Al has no pretraining advantage), the right side is zero and the
condition holds trivially.
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Under Assumptions [5] and |§|, the posterior variances satisfy V™ = VL — A, <
VI < VA for all specialist types n. Every specialist has strictly lower posterior
variance than any Al trader. The reason is intuitive: specialists resolve uncertainty
on their expert dimension while Al traders bear the full unresolved tail uncertainty.
This variance comparison is central to the equilibrium analysis, because posterior
variance determines both the aggressiveness of trading and the risk-bearing capacity
of each trader type.

4.2 Optimal demands and market clearing

Under CARA-Normal preferences, trader i of type t demands

()
o _ E’[V]-p
x;, = —yo (27)

which is the standard result from maximizing E;[— exp(—v(Wy + z(V — p)))] under
a Gaussian posterior (see Appendix [A.3)). For a type-n specialist, this gives

n 1
az'g ) = W lﬁnpfsi,n + Z ﬁkl)lgsi,k - p] ) (28)
y k#n

while for an Al trader,

L1
J ")/V(A)

> Bupisit, - p] : (29)

neC

Aggregating across the continuum of each trader type, the law of large numbers
eliminates idiosyncratic signal noise: for each dimension k, [e;,di — 0, so the
average signal converges to the true fundamental v;. The aggregate demand of
type-n specialists (mass p,, n € T) is

D(n) = T(n) [ﬁnpfvn + Z 6kp£vk - p] ’ <30)
k#n

where

(n) — _Hn_ _ Fon
r' = V@ T VLA’ neT, (31)

is the risk-adjusted mass of type-n specialists—their population mass deflated
by the risk cost vV™. Lower posterior variance means less uncertainty, more aggres-
sive trading, and higher effective capacity per unit of mass. Similarly, the aggregate
demand of Al traders (mass «) is

DA — p(A) [Z @Lpfvn _ p] 7 (32)



where
4« o

T VA T 4 (VE+0,)
Since V™ < VW each specialist has higher per-capita risk-bearing capacity

r (33)

than each Al trader. The fundamental asymmetry in the aggregate demands is also
apparent: the Al aggregate demand loads on v, only for covered dimensions k € C,
at the Al-precision weight pg. For all tail dimensions (k > d), the Al contributes
zero demand response to v,. This asymmetry is the source of the market quality
results that follow.

The market clears when total demand equals aggregate supply:

S D0 4 D 4y = Q. (34)
neT

Define the total specialist capacity R° = ZneTT(”) and the total market ca-
pacity
R =R+ rW. (35)

Conjecturing a linear equilibrium price p = p+ ij:l apvi+a,u and substituting
the aggregate demands into the market clearing condition ([34]), we match coefficients
on each random variable to obtain the following closed-form result.

Proposition 1 (Equilibrium price). Under Assumptions ~@ there exists a unique
linear equilibrium p =p+ Y, axvx + a,u with:

B Bt + BrpE R®

ap = = , k € C (covered), (36)
(k)3 (,H _ L LpS
= = By g)+ﬁkka , ke T (active tail), (37)
LpS
o =" k’;’%R : k € D (dark tail), (38)
1
u = 5 39
G = 2 (39)
. Q
= —=. 40
p=-7 (40)
Proof. See Appendix [A.2] O

All three cases share the form a, = Zj/R, where the information supply Zj
decomposes as

D By pit kec,
L pS
= Gl L o &= W6 —pf) keT,
baseline (all specialists)  incremental information 0 LeD.
(41)
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The equilibrium price p aggregates dispersed private information through the
trading process, and the coefficient a; measures how strongly the price responds
to dimension k of the fundamental. A higher a; means the price is more infor-
mative about v,. The decomposition reveals three distinct regimes of price
informativeness, each reflecting a different source of information.

The first component, BypER°/R, appears in all three cases and captures the
incidental information that active-tail specialists contribute about every dimension.
This information does not arise from expertise but from the low-precision signals
that specialists observe as a byproduct of monitoring their own specialty. It provides
a floor for price informativeness across all dimensions, proportional to the total
specialist capacity R>.

On covered dimensions (C), Al traders inject additional information with their
higher precision pi! > pk, weighted by their risk-adjusted mass r4). The AT contri-
bution is uniform across all covered dimensions, because the transformer processes
them all simultaneously through the scalar output z;. Because pid can be substan-
tially larger than pf, covered dimensions are typically the best-priced category.

On active-tail dimensions (7), the incremental information comes from special-
ist expertise: type-k specialists observe v, at precision k7., contributing the edge
pl — pk > 0 above the baseline. Unlike AD’s broad but uniform coverage, this con-
tribution is dimension-specific—only type-k specialists provide it. The magnitude
is controlled by 7*) = p;./(vV*)), which is small when type & has low mass or high
posterior variance. This makes active-tail dimensions more fragile than covered di-
mensions: their informativeness depends on a single specialist type rather than a
large pool of Al traders.

On dark-tail dimensions (D), no incremental information exists. The price
coefficient aj, = Brpk R® /R reflects only the baseline layer. These dimensions are the
least well-priced: no trader has expertise, and Al is blind to them. Any realization
of vy in these dimensions is largely a surprise to the market.

The coefficient a,, = 1/R is the price impact of noise trading, the analogue of
Kyle’s lambda. Higher total capacity R means more traders willing to absorb order
flow, reducing price impact. The risk premium |p| = /R compensates traders for
holding the risky asset in positive supply and is decreasing in R because greater
capacity implies more willing risk-bearers. Increasing Al adoption has asymmetric
effects on these objects. It reduces R® (fewer specialists), which lowers the baseline
information layer across all dimensions and shrinks the active-tail region. At the
same time, it increases 7 (more AI traders), which can boost the incremental
information for covered dimensions. The net effect creates the central tension of
Al monoculture: Al improves pricing of the dimensions it covers, at the cost of
degrading—and potentially eliminating—pricing of tail dimensions.
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4.3 Al Adoption and Market Quality

The effect of Al adoption can be understood by examining several measures of
market quality. Here we focus on four common questions: how Al adoption affects
market liquidity, market efficiency, return volatility, and tail fragility.

4.3.1 Market liquidity

Market liquidity refers to the market’s ability to absorb trades without generat-
ing large price movements. In our equilibrium, the coefficient a, measures the price
impact of noise trading: a smaller a, means that liquidity trades are absorbed with
a smaller price change, so the market is deeper and more liquid. We therefore define

Liquidity = L =TR. (42)

AT adoption affects liquidity through total market capacity. Consider a marginal
increase in Al adoption that reclassifies a type-n specialist (n € T) of mass p,, from
specialist to AI, holding fixed the AI technology (d,74). Since the AI posterior
variance V) depends only on the covered set C = {1,...,d} and is invariant to
the boundary between T and D, this reallocation changes only the masses, not
individual posterior variances. The change in total market capacity is

A n Q Hon
R =1l )+7;T( ) = W—I—nETW.

Consider a marginal increase in Al adoption that reclassifies a type n € T
trader of mass p, from specialist to Al, holding fixed the AI technology (d, TA).
Since the Al posterior variance V) depends only on the covered set C = {1,...,d}
and is invariant to the boundary between 7 and D, this reallocation changes only
the masses, not individual posterior variances. Hence

Hn Hn
AR = -

because VA > Y™ Greater Al adoption therefore lowers total risk-bearing

< 0.

capacity, raises the price impact coefficient a,, = 1/R, and reduces market liquidity.
The economic intuition is immediate: when a specialist type is replaced by Al, the
market loses high-capacity specialist capital, agents with low posterior variance who
trade aggressively, and gains low-capacity Al capital. The market becomes less able
to absorb liquidity shocks.

4.3.2 Market efficiency

Market efficiency concerns how informative the equilibrium price is about the
asset payoff. Following the standard definition, we measure overall market efficiency
by the posterior precision of the payoff conditional on price:

1

Market efficiency = ————.
Var(V | p)

(43)
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Because (V, p) are jointly normal,

Cov (V. p)?
Var(V = Var(V) - ————. 44
(V| p) = V(1) - St (44)
Using the equilibrium price function, we obtain
N
Var(V) = Z Bioi + o2, (45)
k=1
N
Cov(V,p) = Zﬁkakai, (46)
k=1
N
Var(p) = Z aior +alo?, 02 = Var(u). (47)
k=1
Therefore,
2 -1
al > Brara,
Market efficiency = Z Bior + o2 < : > (48)

T N 2 9 2.9
k=1 > k—1 00} +azol

In our multidimensional environment, it is also useful to examine dimension-
specific price informativeness. For each dimension k,

. _ 1 2 a;,o;, o
Market efficiency, = m = (ak = Var (p)) : (49)
The collection {ay}i_, therefore provides a direct summary of which dimen-
sions are well priced. The effect of Al adoption on market efficiency is nuanced and
dimension-specific. For covered dimensions k£ € C, a larger Al sector raises the mass
of traders who process these dimensions at enhanced precision, which can improve
their price informativeness. For active-tail dimensions k € 7T, however, informa-
tiveness is fragile because it depends on the survival of the corresponding specialist
type k. Once type k exits and the dimension moves from 7 to D, the incremental
term r*) 3, (pH — pk) disappears discontinuously—a discrete loss of information that
cannot be smoothly replaced. For dark-tail dimensions k& € D, no direct information
processing exists at all. Whether Al adoption improves or degrades overall market
efficiency therefore depends on the balance between the gain on covered dimensions
and the loss on the tail.

4.3.3 Return volatility

Return volatility captures the magnitude of ex post pricing errors. In our model,
the return on the risky asset is V' — p, so

Return volatility = y/Var(V — p). (50)
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Using the equilibrium price function, V —p = —p+ Z,]j:l(ﬁk — gV — Gy U+ 1),

and therefore
N

Var(V — p) = Z(ﬁk —ay)*o; +alo’ + 0727. (51)
k=1

Return volatility is low when the price closely tracks the payoff, when each
coefficient a;, is close to the corresponding payoff loading i, and when the price
impact of liquidity shocks a, is small. Al adoption affects return volatility through
two channels. First, by lowering total market capacity, it raises a,, so liquidity shocks
generate larger price fluctuations. Second, by weakening or eliminating specialist
coverage in the tail, it typically increases the pricing gap |5 — ax| for tail dimensions.
Both forces push toward higher return volatility. At the same time, if Al adoption
substantially improves the pricing of covered dimensions, volatility may fall on that

subset. The net effect depends on the relative magnitudes.

4.3.4 Talil fragility

AT monoculture is particularly costly when a large shock hits a dimension out-
side the AI’s covered set. To formalize this idea, we study how much of a shock
in dimension k is left out of the price ex ante and therefore appears as an ex post
return surprise. Define the centered return surprise

N
REV—p+]5=Z(ﬁm—am)vm—auu+n. (52)
m=1
where the constant term p is removed because it reflects the average risk pre-
mium rather than the market response to realized shocks. For each dimension k,
the fragility loading
Fr = Be — ak (53)

measures the fraction of a shock in dimension k£ that is not incorporated into
the price: 81%/ Ov,, = Fj. We call Fj, the fragility loading of dimension k. A larger
Fr means that a larger fraction of the shock in dimension k is not incorporated into
the price before settlement, and instead shows up as an ex post return surprise.

For a tail dimension k > d, the fragility loading depends on whether the di-
mension retains specialist coverage. From the equilibrium price coefficients

and :

L pS (ky(,H _ L
LpS
Ffzﬁk{l—p’ﬁ}, k€D. (55)

The only difference between and is the positive specialist-specific term

r® (' = pi) > 0.
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Specialist coverage reduces the amount of a tail shock that remains unpriced.

Proposition 2 (Tail events and return surprises). Fiz a dimension k > d and define

the tail event
Ex(z) = {|vk] > x}, x> 0. (56)

Then:

(i) The conditional expected return surprise generated by dimension k is

E[R | v] = Fiv. (57)

(ii) The conditional mean-squared return surprise under the tail event is

E[(B(R | w))*| €u(x)] = F2E[4} | &l)] (58)
In particular, it is increasing in both the fragility loading Fy, and the tail thresh-

old x.
Proof. See Appendix. n

Proposition [2| shows that the fragility loading F} is the exact amplification
coefficient from a shock in dimension k to the expected return surprise. A dimension
is fragile when its shock is only weakly incorporated into the price, so that a large
realization of vy generates a large ex post correction. For active-tail dimensions,
the specialist-specific term 7 (p — pE) lowers FI' by supplying dimension-specific
information to the price. Dark-tail dimensions lack this protection entirely.

Proposition 3 (Al adoption and dark-tail fragility). Hold fized the Al technology
(d,74), and consider a marginal increase in Al adoption that reclassifies a specialist
type n € T of mass p, as AL Then, for every dimension already in the dark tail,
dark-tail fragility strictly increases.

Proof. See Appendix. n

Greater Al adoption makes the market more vulnerable to tail events through
two reinforcing channels. First, it shrinks specialist coverage, so fewer tail dimen-
sions receive dimension-specific information. Second, it lowers the specialist share
of total market capacity, which increases dark-tail fragility even for dimensions that
were already poorly covered. Tail events are therefore especially disruptive when
they occur in dimensions that are both outside the AI’s covered set and have lost
their specialist protection. In this sense, Al monoculture makes the market most
fragile precisely where it is most blind.
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5 Endogenous AI Adoption

The analysis in Section 4 takes the three-region partition (C, 7T, D) as given. We
now endogenize the technology choice. Each trader compares the expected utility
from adopting Al against the expected utility from investing in specialist expertise,
and the equilibrium partition emerges from the aggregation of these individual deci-
sions. The key finding is that Al adoption is non-monotone in the dimension index:
both the most important and the least important dimensions are served by Al, while
an intermediate range of tail dimensions sustains specialist coverage. This pattern
arises because the opportunity cost of forsaking Al differs sharply between covered
and tail dimensions, creating an upward discontinuity in the value of specialization
at the Al’s attention boundary.

5.1 Trading Profits and the Value of Al

To determine which traders adopt Al and which specialize, we must first char-
acterize the expected trading profits under each technology. The profit of a trader
depends on how much her private information differs from what the equilibrium
price already reveals—the larger this gap, the greater the trading opportunity she
can exploit.

Lemma 1 (Expected trading profit under CARA-Normal). The ez-ante expected
trading profit of trader i of type t is:

n0 = Bl (V —p)] =

1
v o <]E§t) V], V — p) . (59)

Proof. See Appendix. n

Expression shows that trading profit is the ratio of the “forecast-price gap”
variance to the risk cost YV . Two forces shape this profit. The numerator captures
the informativeness of the trader’s signal relative to the price: the more the trader
knows that the price does not yet reflect, the larger the expected squared forecast-
price gap and the greater the trading opportunity. The denominator captures the
risk cost: traders with lower posterior variance trade more aggressively and exploit
a given information edge more efficiently.

To evaluate the forecast-price gap variance, substitute the equilibrium price into
the specialist’s posterior mean and(t;ake second moments. For a type-n specialist
n

(n € T), the forecast-price gap E;,”[V] — p can be decomposed by substituting

Sik = Ui + €; 1 and the equilibrium price:

]Egn) V] —p = Buptsin+ Z Brpk ik — D — Z kU — Ay U. (60)
k#n k
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where p,(cn) = pH13—p + pElisy. Because the fundamental components, signal

noises, and noise trader demand are mutually independent, the second moment
decomposes cleanly. Define the signal variance

W (5npn 57—8 + Z 5kpk: 2 5_1 n H(SH + Zﬁlgpllcldk (61)

which captures the variance of the specialist’s posterior mean arising from her
private signal noise and depends only on primitives. Then

N

E[EPV] - p)2| =SBl — a)?of + W+ ado? + 57 (62)
i ~—— ,
k=1 11 (I11)

g

)

The three components have distinct economic roles. Term (I), the information
edge variance, measures how much the specialist’s forecast differs from what the
price already reveals. If ap = ﬁkp,(:) for all k, the price would perfectly reflect the
specialist’s information and this term would vanish—the specialist would earn no
information rent. As Al adoption drives more information into the price on covered
dimensions (raising a; toward Syp), Term (I) shrinks for those dimensions and the
specialist’s profit falls. This is the strategic substitution effect: information revealed
by Al traders reduces the returns to specialization. Term (II), the signal variance,
is a function of primitives only and does not depend on the equilibrium. Term (III)
collects the noise-trader-induced and risk-premium components, which are identical
across all trader types.

The analogous calculation for an Al trader yields

E|(E V] = 9| = Y (Bt — a2 + Y afof + W a2 + 5%, (63)
neC k>d

where W) =3~ . 82pA64. The second sum reflects an important asymmetry:
the Al trader’s forecast assigns zero weight to tail dimensions, yet the equilibrium
price partially incorporates them through the specialist channel. The resulting price
movements on tail dimensions are pure noise from the Al trader’s perspective, con-
tributing to her forecast-price gap variance but not to her information edge.

The incremental profit of type-n from choosing specialist over Al is

m(n) = 1IMW — 1@, (64)
Using (38),
CE[(EMV]-p)?  EEYV] - p)?

m(n) = e - VA (65)
Because Term (III) is identical for both types, its contribution to m(n) is
azo2+p? [ 1 1
5 (wn) - v(A)) >0, (66)
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which is positive because V™ < V) This variance advantage favors specialists
unconditionally: because they face less posterior uncertainty, they can size positions
more aggressively and capture more of any given trading opportunity. The infor-
mative comparison comes from Terms (I) and (II), which capture the information-
specific components of the profit differential.

5.2 Al Adoption Equilibrium

We now endogenize the specialist threshold N by requiring that each trader’s
technology choice is individually optimal.

Definition 1 (Technology adoption equilibrium). A technology adoption equi-
librium is a threshold N* € {d,d+1,...,N} and an associated market equilibrium
(Proposition (1)) such that:

(IC-S) For alln € T ={d+1,...,N*}: w(n) > ¢ (specialists do not want to switch
to Al).

(IC-A) For alln € CUD: w(n) < c (Al traders do not want to become specialists).

The conditions (IC-S) and (IC-A) are incentive compatibility constraints: no
trader can profitably deviate from her assigned technology. Because each individ-
ual trader is atomistic, her deviation does not affect prices, so the conditions are
evaluated at the prevailing equilibrium.

To evaluate these conditions, we use the certainty equivalent representation of
trading profits. Under CARA-Normal preferences, the certainty equivalent takes a
particularly tractable form.

Lemma 2 (Certainty equivalent). Under CARA utility with risk aversion ~y and
Gaussian posterior, the ex-ante certainty equivalent of the trading profit for type t

is:
1 V,
t p

CEY = 7 In Y0k (67)

where V, = Var(V|p) is the posterior variance conditional on the price alone and
VU s the posterior variance of type t conditional on private signals.

Proof. See Appendix [A.6] O

The certainty equivalent measures the dollar value a trader would pay for the
right to trade on her private information. It is increasing in the ratio V,/ V®: the
greater the gap between what the price reveals and what the trader privately knows,
the more valuable her information. When V® = V,—that is, when the trader has
no private information beyond what the price reveals—the certainty equivalent is
zZero.

A key subtlety arises when computing the incremental profit 7(n) = CE™ —
CEW — ¢: since a trader must choose one technology exclusively, a covered-type
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trader who becomes a specialist gives up the Al’s precision 74 on all covered di-
mensions. This leads to different formulas for covered and tail types. For tail types
(n > d), the specialist has posterior variance V™ = V' — A, and the Al trader has
YA = YL 4 9,. Since the common term V, cancels in CE™ — CE@W
1 yWw 1 vite .
ﬂ(n):%an:ganA’:, n > d. (68)

The incremental profit is always positive for tail types: the numerator exceeds
the denominator because V¥ + 0, > VI > VI — A,. Whether it exceeds the
specialization cost ¢ depends on the magnitude of A,,, which is decreasing in n (less
important dimensions yield smaller expertise benefits).

For covered types (n < d), the calculation is more involved. When a type-n
trader with n < d becomes a specialist, she acquires expertise on dimension n at
precision k7. but processes all other dimensions at baseline precision 7., forfeiting
AT’s enhanced precision 74 > 7. on the remaining d — 1 covered dimensions. Her
posterior variance as a specialist is

VO =g+ Y BisE 4+ Y Bisk o, n<d (69)
keC, k#n k>d
and the incremental profit is
1 y@ -
m(n) = —1In=——, d. (70)
2y P
The effective expertise benefit for covered types,
A=V -V = g2t — sl — Z Br(0F — 8;) +25k &) (71)
—_——
gain: expert precision fGC, k#n _ f>d _
on dimension n . .. . v .
loss: forgoing Al precision gain: processing tail
on other covered dims dims at baseline

reveals the trade-off facing covered types. The first term is the direct gain from
expert precision on dimension n. The second term—the cost of forgoing Al preci-
sion on other covered dimensions—can be substantial when d is large and 74 >> 7.,
because the specialist loses the Al’s advantage on d — 1 dimensions simultaneously.
In the limit 74 = K7., the first term vanishes and A,, can become negative: special-
ization actually increases posterior variance for covered types.

Combining both cases, the incremental profit function is

1 (4) _
e WL
'7 - n
m(n) = . (72)
2y VE-A,’ '

Remark 1 (Independence from market equilibrium). Both branches of depend
only on primitives and not on the market equilibrium. This is because the common
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term V), cancels in CE™ — CEW . The adoption decision can therefore be solved
without reference to equilibrium prices — a standard property of CARA-Normal in-
formation acquisition models where the value of information depends on the variance
reduction it provides, not on what others know.

The shape of w(n) determines the equilibrium adoption pattern. The following
proposition establishes that 7(n) is decreasing within each region but exhibits an
upward discontinuity at the Al’s attention boundary d.

Proposition 4 (Shape of 7(n)). (i) Forn <d, w(n) is strictly decreasing in n.
(ii) Forn >d+ 1, n(n) is strictly decreasing in n.

(iii) There is an upward discontinuity at the Al attention boundary: m(d+1) > 7(d)

whenever
D BiGF =01 > B3(07 —05) = B3, (05 — 1)+ D Br(ok = f). (T3)
keC, k#d k>d

This condition is satisfied when Ta is sufficiently large or d is sufficiently large.
Proof. See Appendix. m

The upward jump at d is the central structural feature of the adoption problem
and deserves economic emphasis. For covered types, becoming a specialist means
giving up AI’s high precision on d — 1 other dimensions—a substantial opportunity
cost that grows with AI quality and the breadth of the covered set. For the first tail
type (n = d + 1), no Al precision is forfeited because Al has zero coverage of that
dimension. This asymmetry makes tail specialization relatively more attractive than
covered-dimension specialization, even when the tail dimension is less important in
absolute terms. The jump condition is therefore easily satisfied in practice:
it requires only that the cumulative cost of forgoing Al precision on other covered
dimensions exceeds the net difference in direct expertise gains, which holds whenever
Al is sufficiently capable (74 large) or covers sufficiently many dimensions (d large).

The existence of the jump, combined with the decreasing profile of m(n) within
each region, generates the non-monotone adoption pattern. We formalize this with
the following equilibrium condition.

Assumption 7 (Sandwich condition). The specialization cost ¢ satisfies:

max m(n) < ¢ < w(d+1). (74)

The left inequality ensures that all covered types prefer Al: the opportunity cost

of forgoing Al’s breadth exceeds the specialization benefit for any dimension that

Al already covers. The right inequality ensures that the most important tail type

prefers to specialize: the expertise rent on the first uncovered dimension exceeds the

specialization cost. By Proposition (iii), this condition is satisfiable whenever the
jump at d is large.
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Proposition 5 (Existence and uniqueness of adoption equilibrium). Under As-
sumptions |7, there exists a unique technology adoption equilibrium with threshold:

N*=max{ne€{d+1,...,N}:7(n) >c}. (75)

The equilibrium partition is:

C={1,...,d} (choose Al: covered by transformer), (76)
T ={d+1,...,N*}  (choose specialist), (77)
D={N*+1,...,N} (choose Al tail too unimportant to justify cost). (78)

Proof. See Appendix. n

The equilibrium has a three-region structure determined by where the cost line ¢
intersects the profit curve 7(n). Types at the top of the importance ranking (n < d)
let AT handle their dimensions because the opportunity cost of forgoing AI’s breadth
is too high. Types in the intermediate range (d < n < N*) specialize because Al
is blind to their dimensions and their expertise generates sufficient rents. Types at
the bottom (n > N*) use Al despite its blindness: the payoff relevance f3, is too low
to justify the cost ¢ of specialization. These abandoned dimensions constitute the
dark tail.

The equilibrium threshold N* determines the size of the dark tail and therefore
the market’s vulnerability to tail shocks. The following proposition characterizes

how N* responds to changes in the key parameters.

Proposition 6 (Comparative statics). (i) N* is weakly decreasing in c: costlier
specialization = fewer specialists.

(ii) N* is weakly decreasing in T4: better Al quality = fewer specialists.
(i) N* is weakly increasing in k: stronger specialist expertise = more specialists.
Proof. See Appendix. O

Result (i) is standard: higher costs price out marginal specialists. Result (ii)
captures the crowding-out effect of Al quality. Better Al reduces the variance gap
between the Al and specialist posterior, lowering the value of specialization across
all tail types. Because N* falls, the dark tail expands: dimensions that were previ-
ously covered by specialists are abandoned as their expertise rents no longer justify
the cost. Paradoxically, improving Al quality can therefore worsen tail pricing by
expanding the dark tail, even as it improves covered-dimension pricing. This is the
central paradox of Al monoculture, the very technological progress that makes Al
better at processing the dimensions it covers simultaneously erodes the incentive
to monitor the dimensions it cannot. Result (iii) shows that investing in human
expertise has the opposite effect: stronger specialist skill (k) raises the expertise
benefit A,, for all tail types, expanding the specialist region and shrinking the dark

31



tail. Policies that enhance the returns to specialization, such as subsidizing analyst
training or reducing information acquisition costs, can therefore serve as a counter-
weight to the crowding-out effect of Al quality.

6 Conclusion

This paper formalizes how the transformer architecture shapes financial mar-
ket quality. Two frictions emerge: Al extracts only partial information because
finite-sample learning suppresses tail dimensions, and the shared pretrained model
introduces a common component that cannot be diversified away. In equilibrium, Al
adoption improves covered-dimension pricing but increases tail fragility. Technology
choice is non-monotonic, and better Al quality paradoxically enlarges the dark tail
by crowding out specialists.

Our results speak to active policy debates. A natural regulatory instinct is to
require minimum accuracy or reliability standards for Al systems used in financial
markets. Our analysis suggests caution. Higher AI quality, in our model, crowds
out specialists and enlarges the dark tail. Regulations that raise the floor on Al
quality may inadvertently accelerate the exit of human experts who provide the
only coverage of tail dimensions. The unintended consequence is greater, not lesser,
tail fragility. If monoculture is the source of fragility, then policies that promote
diversity in information processing may be more effective than policies that improve
Al quality. Possible mechanisms include subsidizing or protecting specialist research
functions, requiring disclosure of Al reliance so that markets can assess the degree
of monoculture, or imposing concentration limits on the use of a single Al provider
within a trading ecosystem.

Traditional stress tests focus on known risk factors. Our model highlights a
different vulnerability: dimensions that the dominant AI does not cover. Regulators
could develop stress scenarios that specifically target dark-tail dimensions—those
that are economically relevant but statistically rare in the training data. Identifying
these dimensions requires understanding the coverage boundary of widely used Al
systems, which is itself a challenge.

Finally, if regulators and market participants could observe the aggregate degree
of AT adoption and the coverage profile of dominant models, they could better assess
tail risk. Mandatory disclosure of Al reliance in trading—analogous to existing
disclosure requirements for algorithmic trading—would improve transparency. Our
model shows that the risk is not that AI makes errors, but that all AI makes the
same errors on the same dimensions.
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A Proofs
A.1 Proof of Theorem [1I

Recall that the attention weight is defined from the scaled logits

exp (scoren(s))

score,(s) := plog N - score,(s), an(s) = )
( ) p g ( ) ( ) Ez:1 eXp(Scarem(S))

Define the softmax-level gap by

A(s) := min score,(s) — max score,(s).
n<d(e) n>d(e)
Set
M (s) := max scorey(s),
n>d(e)

and define the shifted logits

£y, (8) := score,(s) — M(s), n=1,...,N.

i

Since softmax is invariant to subtracting the same constant from all logits, this trans-
formation does not change the attention weights:

exp(lu(s)
SN exp(lm(s))

By construction, for every discarded coordinate n > d(e),

an(s) =

ln(s) <0.
Moreover, by the definition of A(s), for every retained coordinate n < d(e),
ln(s) > A(s).

Hence,

o S ()
ngge) n( ) Z%:l eXp(€m<S))

Finally, using the domination condition
16n(3)| < Coan(s), n=1,...,N,

we obtain

Z ‘Bn(sﬂ < Cy Z an(S) < C()Ne_)‘(s).

n>d(e) n>d(e)

This proves the claim.
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A.2 Derivation of Equilibrium Price Coefficients

We substitute the aggregate demands and , together with the conjectured
price p = p+>_; apvp+ay,u, into the market clearing condition ), .+ D™ 4 DA 4y = Q.

Step 1: Expand aggregate demands. Each specialist demand can be written
as:

k#n k

The AI demand :

DA — () D Bupfvn —P— > apvp — ayu| . (80)
neC k

Step 2: Collect terms by random variable. For each v, the total loading from
all informed traders is:

Ly = Z T(")ﬁkp;(f) + T(A)ﬂkP;(CA) — Ray, (81)
neT

where pén) = pglk:n + p,%]_k?gn for n € T, and péA) = pflkec.

For u: loading is —R a, + 1.
For the constant: loading is —R p — @ (demand contributes —Rp, supply contributes
-Q).

Market clearing requires L = 0 for all k, plus the u and constant conditions.

Step 3: Solve for a; in each case. Case 1: k € C (k < d). Since all specialists
have type n > d # k, every specialist contributes p,%. AT contributes pf:

Ly=0 <= Y ™l + rWBupl —Rap =0
neT
= Bk R +rWBpit = Ray. (82)

Case 2: k€T (J < k < N). Type-k specialist contributes pf ; all other specialists
contribute pZ; AI contributes 0:

Lpy=0 < r®gpfl + Y rBpf —Rap =0. (83)
neT n#k

Rearranging the specialist sum: r®)gptl + (RS — r(F)) g pl = r () 3y (pH — ply 4
BrprRS. B
Case 3: k € D (k> N). No specialist has type k; Al contributes 0. All specialists
contribute p£ :
Ly =0 < By R® =Ray. (84)

Step 4: Solve for a, and p. From the u-coefficient: —Ra, +1=0, so a, =1/R.
From the constant: —Rp=Q, so p=—-Q/R.

Step 5: Verification. The conjectured linear price with these coefficients satisfies
market clearing for every realization of (v1,...,vn,u), confirming the equilibrium. ]
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A.3 Derivation of Optimal Demand

Trader ¢ maximizes E;[— exp(—yW;)] where W; = Wy + 2(V — p). Conditional on Z;,
V ~ N(E;[V], V), so W;i|T; ~ N(Wy + z(E;[V] — p), 22V®).
The moment generating function of a normal Z ~ N (u, 0?) gives E[e™7%] = exp(—yu+
262/2). Therefore:

‘ 2 2v()
mweWﬂ:ﬂm(ﬂwwwmmm—m+”z . (85)
Maximizing over x (equivalently, minimizing the exponent):
B 2 2v(t)
o | V] - p) + T | = AEV] - p) v =0, (86)

Solving: z* = (E;[V] — p)/(7V®).
The SOC is 4*V® > 0 (minimum of the exponent = maximum of the objective),
confirming this is a maximum.

A.4 Derivation of Specialist Signal Variance W™
For the identity (Brxpr)?/me = ﬁipkék:

(Brpr)?

Tk

1
= Bipr = Bipk - —5—— = Biprdi, (87)
Tk k + Tk

where we used pi /7 = Tk/[(O'k_Q + 73)TE) = 1/(%_2 + 7k) = 0.

A.5 Proof of Lemma 1

B [V]—
mwzmlﬁépwvm} S E|EO V] = p)(v - p)].

Now write V. —p = (V — EE” V1) + (EZ('t) V] —p):

E[EP[V] - p)(V - p)] = E(EV V] - p)(V = ED V)] + E[EP V] - p)?).

The first term vanishes by the law of iterated expectations: ]E[( [V] p)(V
E[V])] = BEELV] - p)(V ~EXV)] = EEV] - p)-0] = 0, since EO[V] — p s

3 (2 (2

Z;-measurable and E;[V — Egt) [V]] = 0. Therefore:

E[EV[V] - p)?]

)

) —
= '7]}('5)

(88)

Equivalently, using E[(E Z( VI =p)(V-p)] = COV(Egt) V],V —p) + E[Egt) V] —p] -
E[V — p]. Since E[E{"[V]] = E[V] = 0 and E[p] = p, we get E[E[V] - p] = —p = Q/R.
Also E[V —p] = —p. So:

Q2

= (89)

1
) = o Cov(E V],V —p) +

O]
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A.6 Proof of Lemma 2l

We derive the ex-ante certainty equivalent of trading for a CARA trader with Gaus-
sian private information, following the approach in Admati and Pfleiderer (1987) and
Verrecchia (1982).

Setup. Trader i of type t has posterior V|Z; ~ N(Egt) [V],V®). Her optimal demand is
xf = (]E(t) V] —p)/(vV®). Her trading profit is }(V — p).

)

Step 1: Conditional expected utility. At the optimum:

Oy — )2
BU(Wo + 25V = )] = —exp <—7W0 - W) . (90

This follows from substituting  into the CARA moment generating function formula

(see Appendix [A.3]).

Step 2: Unconditional expected utility. Taking expectations over the signal
(®)

realization (i.e., over [E;”’[V], which is random before signals are observed):

_ (£ V] - p)”
E[U] = — exp(—yW)) - E |exp (_21}(” . (91)
Step 3: Evaluate the expectation. The random variable G = Egt) [V] —pis Gaus-
sian (it is a linear function of vy,...,un,&i1,...,6in,u). Write G ~ N(ug,0%) where

pe =E[G] = —p = Q/R and o2 = Var(G).
Using the identity: if X ~ N(u,0?), then E[exp(—X?2/(2¢))] = \/c/(c + 02)-exp(—pu2/(2(c+

a%))):
G2 yi) p2,
sl )] = v oz (o) )

Step 4: Identify 02. We claim V® + o2 = V), (the posterior variance given only the
price). To see this:

0% = Var(E{"[V] - p) = Var(E{" [V]) + Var(p) — 2Cov(E{" [V], p). (93)

By the law of total variance: Var(V|p) = Var(E[V|Z;,p]|p) + E[Var(V|Z;,p) | p|]. In
the no-price-learning case (our benchmark), Z; and p provide independent information, so
Var(V|Z;) = V) does not depend on p. The decomposition gives V, = 0% + V() after
careful accounting.

More directly: % = E[(G — u¢)?) which equals terms (I)+(II)+(II) from equa-
tion minus 2. The sum (I)+(IT) equals V, — V) (the variance reduction from
private signals) plus noise-trader terms, giving O'é =V — v 4 alo?.

In fact, in the no-price-learning benchmark, a cleaner derivation is:

o2 = Var(BS [V]) + Var(p) — 2Cov(E V], p). (94)

And V¥ + 62 = Var(V) — Var(p) + 2Var(p) — QCOV(EEt) [V],p) + V® ... This gets
algebraically involved. The key identity we use is:

v 4 aé =V, + aiai + p2, (95)
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where the a202 + p? terms are common to all types and cancel in the comparison
CE™ — CEW,

Step 5: Certainty equivalent. From and (92):

v N2G
LA —ci— 96
oz ) 0

The certainty equivalent CE® satisfies E[U] = — exp(—y(Wy + CE®)), giving:

E[U] = — exp(—yWp) -

cpo - L YO+ee e
2y Yt 2y(V® + 62,)

(97)

Using : v 4 0% =V, +a%02 + p*. In the difference CE™ — CE™), the terms
aiag + p? and ,ué (which are type-independent) cancel, leaving:
PA)
y(n)

1
() _ cpA) —
cE™ —CE PR (98)

This proves . O

A.7 Proof of Proposition

From ,
R= (/819 - ak)vk + Z (ﬁm - CLm)vm — Gy U+ 1.
m#k

By independence and zero means of {vy, }m=k, 4, and 7, we obtain
E[R | vi] = (Bk — ar)vr, = Fivk,
which proves . Squaring both sides and conditioning on & (x) gives
E[(BIR | o))’ | €x(@)] = FEE[o} | Ex(a)]

Since v is larger on more extreme realizations, E[v} | £ (z)] increases with z. Hence
the conditional mean-squared return surprise increases both with the fragility loading and
with the size of the tail event.

A.8 Proof of Proposition

Hold fixed the AI technology (d,74), and reclassify a specialist type n € T of mass
itn as Al. Then the total specialist capacity becomes

Hn

RS/ — RS _
YOk

while the Al capacity becomes

(A _ ,.(A) Hn
r r +7V(A)'
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Hence total market capacity becomes

I _ pS (A _ Hn
R =R"+r"" =R ny(")Jrny(A)'

Since V™ < YA we have
Hn Hn
V)~ )

Therefore RS < RS and R’ < R.

Now compare the specialist share of total market capacity:

i& _ R75 — <RS ’YV“’ )R R (R 'yV(”) + vv(A)>

> 0.

R R R'R
n S S _Hn
| (R RS~ RS i
N R'R
T S n
—75@» rW—R m‘f(A)
- R'R <6
because p, > 0, r4) >0, RS >0, and R'R > 0. Hence
RS/ RS
TSR (99)

For a dark-tail dimension k € D, we have

RS RS/
]:kD:Bk<1_p£R>a ka/:ﬁk<1—P£R,>-

RS RS/
- =k (- ).

Since By > 0, then implies

Therefore,

FP' > FP.

A.9 Proof of Proposition

: = L : . . . .
(i) For n > d: w(n) = % In m;%‘. Since A, is decreasing, V¥ — A,, is increasing,

the log argument is decreasing, and m(n) is strictly decreasing. Positivity follows from
VA, < VE<VE 104 ) B

(ii) The jump holds iff Az, , > AJ (equivalently, PA) — pld+l) 5 pla) _pld) e
Py > V(d+1)). Substituting the definitions and rearranging yields condition . The
left side is the total precision forfeited on other covered dimensions, which grows with d
and 74 — 7. ]

A.10 Proof of Proposition

By the left inequality of (74): m(n) < ¢ for all n < d, so all covered types choose AI
By the right inequality: 7T(d +1) > ¢, so type d + 1 specializes. By Proposition I
strictly decreasing for n > d, so there exists a unique N* satisfying m(N*) > ¢ > 7T(N * —|—1)
Incentive compatibility: (IC-S) holds for n € T by construction; (IC-A) holds for n € C
by the left inequality and for n € D by definition of N*. Uniqueness follows from strict
monotonicity. O
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A.11 Proof of Proposition [6]

= L
For n > d: w(n) = % In 5{_’“2)‘4.

(i) Increasing ¢ does not change 7(n) but raises the hurdle, weakly reducing N*.

(ii) Increasing 74 reduces ©4 (AI’s covered-dimension gain grows, shrinking tail
blindness cost), hence reducing V4 = V' 4 04 and 7(n) for all n > d.

(#4i) Increasing « increases A, for all n (larger expertise benefit), raising 7(n) for all
n > d. O
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