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Abstract

We develop a theoretical framework to study competition between Al-powered and
human investors with heterogeneous sophistication. Human investors possess superior
private information but are limited by bounded strategic reasoning, modeled through
a cognitive-hierarchy structure. Al investors, in contrast, learn and trade through re-
inforcement learning that autonomously optimizes trading profits over time. We show
that human investors can consistently outperform sophisticated Al investors because
AT sophistication is constrained by the data it learns from, which reflects the behavior
of the average rather than the most advanced human trader. Three forces limit Al
profitability: (i) the advantage of human private information, (ii) the price-stabilizing
actions of the most sophisticated human traders, and (iii) the growing price impact of
Al trading as its market share expands. Together, these mechanisms reveal the limits
of algorithmic superiority and provide a foundation for understanding AI-human com-

petition in financial markets.
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1 Introduction

Financial markets are undergoing a profound transformation driven by Al-powered trading
that integrates algorithmic execution with reinforcement learning. These systems continu-
ously interact with the market to learn and autonomously optimize their trading strategies.
Their rapid expansion has heightened market complexity, challenged human investors, and
raised pressing regulatory concerns.

A central question is whether Al algorithms can ultimately outperform human investors
and erode their welfare, particularly among those with limited access to frontier Al trading
technologies. Existing research has primarily examined the competitive dynamics, strategic
interactions, and potential collusive behavior among oligopolistic Al-powered traders. In
contrast, we focus on the direct competition between AI and human investors in financial
markets. To this end, we develop a theoretical framework featuring a discrete-time, infinite-
horizon trading environment with a continuum of human investors and a continuum of
Al-powered investors, each seeking to maximize their own net trading profits.

The core of our framework lies in the distinct capabilities of each type of investor. Hu-
man investors possess an informational advantage: they can collect proprietary data, ac-
quire valuable soft information, conduct fundamental research, and interact directly with
firm management, which we model as receiving private signals about future asset payoffs
that are difficult for Al algorithms to access. However, they are constrained by bounded
strategic reasoning and may misperceive the behavior of other market participants, leading
to misinterpretation of the information embedded in equilibrium prices. In contrast, Al in-
vestors start with no direct knowledge of the market environment because they do not know
the distribution of asset payoffs or the strategies of other traders. Instead, they employ re-
inforcement learning algorithms that trade repeatedly, learn from realized profits and losses,
and gradually optimize their strategies through experience. In practice, such reinforcement
learning algorithms can be trained efficiently in synthetic trading environments that replicate

realistic market dynamics and interactions at low cost.



Importantly, both types of investors base their demands on beliefs about price forma-
tion. Human investors apply Bayesian updating to combine private signals with information
inferred from prices according to their perceived price formation model, forming posterior be-
liefs that guide their investment decisions. The Al investors’ perceived price formation model
is implicitly encoded within their reinforcement learning algorithms and evolves through ex-
perience. The market equilibrium is jointly determined by investors’ demand functions and
the market-clearing condition.

We model the bounded strategic thinking of human investors in the spirit of the Cognitive
Hierarchy (CH) framework developed by Camerer, Ho, and Chong (2004). In this framework,
some human investors hold incorrect and overconfident beliefs about the sophistication of
others. Their strategies are formed through an iterated process of strategic thinking. We
define the most naive investors as Step-0. These investors are unaware of the presence of
AT investors and completely ignore the informational content of prices. A Step-k£ human
investor is overconfident in the sense that they fail to recognize that other humans might be
thinking at step k or higher. Instead, they believe the market consists only of a mix of human
investors with fewer than k steps of reasoning, whose population follows a (k — 1)-truncated
Poisson distribution (right truncated at k —1). Step-k investors are aware of the Al investor
but misperceive its strategy. They believe the Al has been trained against this simplified,
(k — 1)-truncated distribution of human investors (we term this the (k — 1)-step Al).

Specifically, we assume that human investors believe the AI algorithm, after extensive
training, can fully understand the environment it faces. The algorithm converges to an
optimal, rational expectations strategy.! We provide both theoretical and simulation-based
support for this assumption. Using Q-learning, a simple yet widely used RL algorithm,
we demonstrate how the AI investor can solve the investment problem. We formally lay
out the Q-learning algorithm and establish the necessary conditions for it to converge to

the true action-value function, *, and optimal demand, z7 ,. Simulation evidence further

'We abstract away from modeling human investors’ specific beliefs about the dynamic training process
of the RL algorithm.



confirms this convergence. We also show that the these results are not confined to Q-learning.
They apply to a broad class of RL algorithms that have been proven, either theoretically or
empirically, to converge to optimal strategies in such environments.

Our primary analysis centers on comparing the profitability of human and Al investors
across different objective market environments. We define a kg,, objective environment as
one that matches the training environment of a kg,,-step Al investor. Specifically, it is
populated by human investors whose steps of thinking follow the kg,,-truncated distribu-
tion and a kgp,-step Al investor. A key finding is that human investors can consistently
outperform Al-powered investors across a variety of environments. The average expected
profit for human investors, even including those with naive strategies, is often higher than
that of the sophisticated Al. Specifically, in an environment populated by the full spectrum
of human sophistication levels (the kg,, = oo environment), we find that human investors at
all sophistication levels outperform the corresponding Step-oo AI. The Al investor can only
outperform naive human investors in environments that consist solely of naive humans (e.g.,
only Step-0 and Step-1 humans) and only if the proportion of these investors is sufficiently
high.

A key factor limiting Al’s ability to outperform naive human investors is the quality of
human investors’ private information. The Al investor’s outperformance is non-monotonic
with respect to human signal precision and is constrained at both extremes of human signal
quality. When human investors have very precise signals, they can outperform the AI due
to this informational advantage. Even though the Al investor can correctly understand the
information in equilibrium prices while naive humans misperceive it, the signals from prices
are still noisier than the private signals of human investors. As the precision of human sig-
nals drops, this informational advantage decreases, and the Al begins to outperform humans.
However, as signal precision drops further, the Al’'s competence deteriorates again. Market
prices aggregate private information from human investors. Excessive noise in human sig-

nals makes prices less informative, limiting the AI’s ability to profit from learning the price



function. As human signals become infinitely noisy, neither humans nor the Al can obtain
useful information, and their expected profit difference approaches zero. The Al’s compar-
ative advantage is its ability to learn from prices, but this information originates from the
aggregation of human private signals. If this source of information becomes uninformative,
the Al investor’s primary advantage is nullified.

The presence of sophisticated human investors also constrains AI’s profitability. In envi-
ronments with more sophisticated humans (a higher kg, environment), expected profits for
both naive humans and Al decrease, but the effect is significantly more pronounced for Al.
This occurs because the trading activity of sophisticated human investors tends to stabilize
prices. The strategies of higher-step humans converge toward more moderate strategies.
Their demand sensitivity to private information and price elasticity of demand are neither
too high nor too low. As the proportion of these moderate investors increases, both infor-
mation content of prices and overall price volatility decline. This price stabilization directly
curtails Al’s ability to extract profits from learning the price function and exploiting price
fluctuations.

Finally, the relative size of the Al sector itself acts as a key constraint on its profitability.
We find that as the proportion of Al investors in the market increases, the Al’s profitability
monotonically decreases compared to that of humans. A larger Al sector has a greater price
impact, which inherently limits its ability to profit from its strategies against the remaining

human investors.

Contributions and related literature. First, this paper contributes to the growing body
of work on how Al market participants compete and influence the market environment. A
closely related stream of this research investigates the impact of Al on financial markets,
with a specific focus on the interactions among algorithms.? For instance, Dou, Goldstein,

and Ji (2025) study informed speculators who use Q-learning algorithms. They find that

2 Another stream of literature focuses on algorithmic collusion in retail markets, e.g., Calvano et al. (2020,
2021); Johnson, Rhodes, and Wildenbeest (2023); Waltman and Kaymak (2008); Hansen, Misra, and Pai
(2021); Abada and Lambin (2023); Banchio and Mantegazza (2024).



these agents can autonomously learn to sustain collusive, supra-competitive profits without
explicit communication, which harms competition and market efficiency. Colliard, Foucault,
and Lovo (2022) focus on algorithmic market makers using Q-learning algorithms to set
prices. They also show that these algorithms fail to learn competitive pricing strategies,
a failure they attribute to limited experimentation and noisy feedback. Routledge (1999)
and Routledge (2001) explore whether adaptive algorithms can converge to a rational ex-
pectations equilibrium within a repeated Grossman and Stiglitz (1980) model. They prove
convergence for adaptive learning and provide examples for genetic algorithms, showing that
both can converge to the rational expectations equilibrium. In these cases, their algorithms
learn to make correct inferences about a signal from the market-clearing price. Other notable
works studying the impact of Al algorithms on financial markets include Marimon, McGrat-
tan, and Sargent (1990), Cartea et al. (2022), and Cartea, Chang, and Penalva (2022).

Our work differs from the existing literature in several important ways. First, while
much of the literature focuses on the interaction among multiple reinforcement learning
agents or the convergence of algorithms to rational expectations, we center our analysis on
the competition between humans and Al. Our paper provides a framework for understanding
the distinct comparative advantages of humans and AI and for analyzing how the market
environment affects this human-Al competition. Second, whereas most existing works rely
on simulation-based analysis, we provide an analytical characterization of the equilibrium
and how changes in key factors affect competition and market outcomes. We also establish
analytical conditions for Al algorithms to learn and converge to rational expectations in
our setting. Third, unlike research that focuses on a single algorithm (e.g., Q-learning), our
analysis is not restricted to one type but applies to a broad class of algorithms. We thereby
offer a more general theoretical framework.

A related contemporaneous work by Banerjee and Szydlowski (2025) studies a mar-
ket with rational investors and a single Q-learning trader. They find that the Q-learner’s

feedback-driven trading generates stochastic volatility and predictable returns, and can some-



times improve overall investor utility despite increasing price volatility. While their focus on
human-AlI interaction is similar to ours, our paper differs and contributes in three significant
ways. First, we incorporate information asymmetry, allowing humans and AI to possess
distinct informational advantages. This asymmetry captures a key difference between hu-
mans and Al in financial markets and is crucial for understanding the competition between
them. Second, our analysis applies to a wide range of reinforcement learning algorithms
post-convergence to a stable policy. We abstract from the proprietary details of both the
specific type and the training process of the algorithm. It is unrealistic for human investors
to know the details of the algorithm being used by their AI competitors, such as the exact
type of algorithm, specific hyperparameters, or its stage of training, all of which greatly affect
how the algorithm evolves and converges. Our focus on the post-convergence phase there-
fore reflects a more realistic scenario where investors compete with stable, deployed trading
strategies used by other market participants. Third, we introduce the concept of bounded
strategic thinking for human investors, allowing them to have misperceptions about others’
behavior when facing a complex market environment that includes Al traders. By using
the CH framework, we provide a comprehensive framework to model human perception of
Al This approach more closely captures the diverging sophistication levels of real-world
investors.

Furthermore, this paper contributes to the theory literature on imperfect competition
and bounded strategic reasoning in financial markets. Our work introduces different levels
of bounded strategic thinking into an imperfectly competitive financial market in the spirit
of Kyle (1989).24 We model human investors’ strategic thinking using the Cognitive Hier-
archy framework of Camerer, Ho, and Chong (2004), which posits that agents have iterated

levels of reasoning about others. This approach is related to, but distinct from, the level-k

3See Crawford, Costa-Gomes, and Iriberri (2013) for a review on recent theory and evidence on strategic
thinking and the applications of level-k models. Many other experimental papers show direct evidence of
level-k thinking (Stahl and Wilson, 1994, 1995; Nagel, 1995; Costa-Gomes, Crawford, and Broseta, 2001;
Costa-Gomes and Crawford, 2006).

4A recent literature studies the impact of bounded strategic thinking in macroeconomics (Garcfa-Schmidt
and Woodford, 2019; Farhi and Werning, 2019; Angeletos and Lian, 2023).



thinking models used in papers like Zhou (2022). Unlike standard level-k models where a
player believes all others are level-(k-1), the CH framework assumes a player best responds
to a distribution of lower-level types. Zhou (2022) uses level-k thinking to model human
speculators and focuses on how bounded strategic reasoning can generate momentum and
contrarian trading strategies. In contrast, our application of the CH model provides a game-
theoretic foundation for understanding how the distribution of human sophistication levels
affects the competition between humans and Al. Other works study the effect of higher-order
beliefs and the perception of information in asset prices on financial markets (Allen, Morris,
and Shin, 2006; Han and Kyle, 2018; Eyster, Rabin, and Vayanos, 2019). Eyster, Rabin,
and Vayanos (2019) studies how the presence of investors who do not fully invert prices to
uncover others’ information (cursed) affects the financial markets and considers the degree of
cursedness as the measure of sophistication. This paper considers sophistication as the level
of iterated reasoning, which incorporates human investors’ reasoning about Al investors’
behavior.

The rest of the paper is organized as follows. Section 2 lays out the benchmark model,
characterizes the reasoning capacity and strategies of human investors, and derives market
outcomes and investors’ expected profits. Section 3 details the reinforcement learning al-
gorithm and discusses the convergence properties of the Al’s strategy. Section 4 shows the

main results on the competition between Al and human investors. Section 5 concludes.

2 Benchmark Model

Within a rational expectations equilibrium framework, a key assumption is that investors
accurately perceive the distribution of random variables and form expectations about equi-
librium prices that are consistent with actual outcomes. However, the fast growth of Al
trading algorithms has increased market complexity and poses challenges for market partici-

pants to form correct beliefs about others’ behaviors and thus about price formation. These



difficulties may cause the equilibrium to deviate from the rational expectations equilibrium.
This deviation is important to understand the competition between Al and human investors.

Humans and Al exhibit distinct strengths and weaknesses in adapting to this environ-
ment. In Section 2.1, we present the framework of our benchmark model and describe the
comparative competencies of human and Al investors. Section 2.2 defines the reasoning
capacity of human investors and examines how the level of sophistication influences their in-
vestment strategies. Section 2.3 discusses the properties of the strategies of human investors
with different levels of reasoning capacity and the strategies of different Al investors. Sec-
tion 2.4 then defines the objective environment and describes the resulting market outcomes.

Section 2.5 derives the expected profits of human and Al investors.

2.1 Model Setup

Assets. Time is discrete and infinite, indexed by ¢t = 1,2, .... A single risky asset is traded
in each period. The asset has a per capita supply of S. Its payoff, v, is realized at the end

of the period and follows a normal distribution: v; ~ N (7, 02).

Human investors. There is a continuum of human investors of measure ¢ in the market.

They maximize the expected present value of net trading profits:

E

>t 0
t=0
where 0 < v < 1 is the discount rate. The trading profit m;; is determined by

1
it = (V¢ — pr) * Tir — §PM$?¢-

Py is the equilibrium asset price, and x;; is the number of shares of the risky asset that investor

1 purchases at the beginning of period ¢. The term % prit represents transaction costs, and



par controls the level of these costs.” We assume that human investors are memoryless with
respect to past prices.’

We assume that human investors possess informational advantages. By gathering data
and conducting primary research to develop informed views about future fundamentals, they
can generate more accurate forecasts of future asset payoffs.” At the beginning of each period

t, each human investor ¢ observes a private signal about the end-of-period payoff of the risky

asset. The private signal is given by

Nit = Vg + €44,

where e;; are i.i.d. and e; ~ N(0,03,).

Despite their informational advantages, human investors face bounded strategic reasoning
capacity. They may hold mistaken beliefs about the behavior of other market participants,
leading to misinterpretations of how equilibrium prices are formed. Within the k-level think-
ing framework, human investors perform a finite number of iterative reasoning steps to infer
information from asset prices. Each investor i has a perceived model of price formation,
P;(+), which is constrained by their reasoning capacity. The relationship between their rea-
soning capacity and their understanding of the price function, as well as the distribution of
reasoning capacities across human investors, will be introduced in the next section. Investors
submit limit orders, so x;; denotes a demand schedule that depends on both the price level

and the private signal.

®The transaction cost term is similar to that in Garleanu and Pedersen (2013). This setup simplifies
the comparison of profitability between human and Al investors. Assuming investors have CARA or mean-
variance utility over end-of-period wealth with a given level of precision of humans’ private signals would
yield similar results and not change our analysis in the following sections.

6This simplifies our analysis by ruling out collusive equilibria sustained by the price-trigger strategies of
human investors. Alternatively, this assumption can be interpreted as investors being single-period lived and
maximizing one-period trading profits.

"These advantages may stem from their ability to perform theory-guided analysis and conduct primary
research. In practice, they combine qualitative analysis of regulated disclosures with primary research such
as channel checks and store visits, interviewing customers, suppliers, and independent experts, and fielding
bespoke surveys to form forward-looking views on firm fundamentals.
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AT investors. We focus on an important class of Al investors that execute algorithmic
trading via reinforcement learning (RL). There is a large, representative Al investor in the
market, with its mass normalized to 1. The Al investor seeks to maximize the total expected
discounted trading profits:

E

Z ’YtWA,t] . (2)

The net trading profit of the Al investor, m4,, is determined by

1

2
TAt = (Ut - pt) XA — QprA,tv

where p4 controls the level of the AT investor’s transaction cost, and x 44 (14, py) Tepresents
the shares of the risky asset that it chooses to purchase at the beginning of period ¢.

Our analysis centers on Al agents specifically designed to trade and adapt autonomously
to the market environment. To isolate this mechanism, we abstract from predictive Al
algorithms used for information processing and assume the Al investor does not observe
private signals about asset payoffs.

The Al investor begins with no direct knowledge of the market environment. It does
not know the distributions of asset payoffs, nor does it understand the behaviors of other
market participants. Instead, the Al investor employs an RL algorithm to trade. Through
each interaction with the environment (trading) and the rewards received (realized trading
profits in each period), the algorithm gradually learns about the environment and optimizes
its trading strategy.

Let Pa(-) denote the Al investor’s perceived model of price formation. This mapping
may be implicitly embedded within the algorithm or explicitly parameterized in certain
algorithmic designs. In Section 3, we show that a broad class of RL algorithms can efficiently
learn the environment and that their strategies converge to the optimal rational expectations
strategy (as in Kyle (1989)). We use standard Q-learning as an illustrative example and

provide the corresponding convergence conditions.
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Noise traders. A unit measure of noise traders trade for non-informational reasons, such
as hedging needs, estimation errors, or sentiment. Their aggregate demand is z; shares of
the risky asset, where z; ~ N (0,02). The demand 2 is independent of other shocks and

across time.

Equilibrium. In the benchmark model, an equilibrium is a sequence of investors’ demands

{zs}, {ra}, and a sequence of prices {p;} such that:

1. Investors use Bayes’ law to update their beliefs. They combine their prior with their
private signal (if any) and information inferred from the price. For human investor i,
the information set consists of the private signal n; and information from the price,

P (p;). For the Al investor, the information is inferred from the price, denoted as

Pat(pe).

2. At the beginning of each period ¢, human investors choose to buy x; shares of the

risky asset to maximize their expected trading profits (1).

3. At the beginning of each period ¢, the Al investor chooses to buy x 4; shares to maximize

its expected profits (2).

4. Market clearing: At the end of each period ¢, the investors’ total demand for the risky

asset plus the noise traders’ demand z; equals the asset supply:

P
/ .',Cz‘ytdll + J:A,t + Zt = S Vt (3)
0

2.2 Reasoning Capacity and Strategies of Investors

Human investors have bounded reasoning capacity. This limits their ability to fully under-
stand the behavior of all market participants, including other human investors and the Al
investor. In the spirit of the Cognitive Hierarchy (CH) model of Camerer, Ho, and Chong

(2004), we assume that some human investors hold incorrect and overconfident beliefs about
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the sophistication of others. Their strategies are determined through an iterated process of
strategic thinking. More sophisticated investors perform additional steps of reasoning about
others’ actions. Following Grossman and Stiglitz (1980) and Kyle (1989), we consider a
linear market equilibrium where the strategies of both human and Al investors are linear in

their private signals and prices.

2.2.1 Step-0 Human Investors

Step-0 (the most naive) human investors are unaware of Al investors and ignore the infor-
mation in prices.® They rely solely on their private signals to form beliefs about the asset
payoff and make investment decisions. Solving the first-order condition yields:

E [Ut ‘ nit] — Pt
p Var (Ut — D¢ ’ 77it)7 (4)

%y (Mt i) =
= B it — Bupbe + 13-
The second line follows from the conjecture that investors’” demand is linear in their private
signals and in the price level.
Incorporating the private signal into the posterior belief, substituting the posterior into
the optimal demand (4), and collecting terms give the strategies of step-0 human investors.
Proposition 1. The strategies for step-0 human investors are characterized by:

0.2

B?Wn = 2” 2 9
PM (O-v +UM)
1
By =~ 5
Mp Y ( )
Uﬁj)

B =~
M — .
pu (07 + 07)

8This assumption follows the spirit of Zhou (2022). We extend it by assuming that step-0 human investors
also ignore the presence of Al investors in financial markets.
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2.2.2 Step-k Human Investors

Beliefs about other human investors. A step-k£ human investor is overconfident. She
does not recognize that other human investors may be thinking at step k or higher. Instead,
she believes the market contains only a mix of human investors with fewer than £ steps of
reasoning. The full subjective distribution of thinking steps, f(k), is assumed to follow a

Poisson distribution:

fh) ===, Vk=0.

A step-k human investor conjectures that other human investors are distributed across steps
0 through k — 1. Let gx_1(h) denote a step-k human investor’s belief about the proportion

of step-h human investors. This belief is given by the right truncated Poisson distribution:

ge-1(h) = ﬂ, Vh<k-—1,

= f()
and gi_1(h) = 0 for all h > k. We refer to this distribution, {gk,l(h)}lz;é, as the (k — 1)-

truncated distribution.

Perceived (k—1)-step Al investor. A step-k human investor is aware of the Al investor
and correctly perceives the capabilities of Al algorithms. However, her misunderstanding of
the market environment leads her to misinterpret the AI’s strategy. Specifically, she believes
a representative Al investor exists whose algorithm is trained against the (k — 1)-truncated
distribution of human investors.? In other words, she perceives that the Al investor’s strategy

converges to the optimal strategy in a benchmark equilibrium where the distribution of

9We deliberately abstract from modeling human investors’ beliefs about the training process of RL algo-
rithms, i.e., the dynamics of the AI algorithm before it converges to a steady strategy. To form beliefs about
the future evolution of the algorithm, other investors would need to know its technical details and its exact
stage in the training process. These details include, for example, its training and data usage (on-policy vs.
off-policy), learning strategy (model-based vs. model-free), exploration vs. exploitation strategy, policy type
(deterministic vs. stochastic), and the specific hyperparameters used, etc. Even with similar current trading
strategies, the type of algorithm used or its stage in the training process will greatly affect its future evolu-
tion. In reality, investors keep information about their trading strategies confidential. It is more natural for
other investors to conjecture that the algorithms have finished training before being deployed in the market.
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human investors’ thinking steps follows the (k — 1)-truncated distribution. We refer to this
perceived Al investor as the (k — 1)-step Al investor. Its strategy is derived below.

The Al investor’s optimal demand is given by:

IE (nAta pt) —
At pa+ A'fix ! (6)

= _BAp e+ PJA

The second-order condition is )\Z_l > —p4. This condition means that the Al investor’s
price impact must be greater than the negative of its transaction cost. Its “perceived”

market-clearing condition is:

k=1 wgpge_1(j) 1
/ rhdi+xh, + 2z =S,
i=0 Y0

<.

which is equivalent to
k—1

Ygr—1(4) -
o [ i = S s@)Bh + Vo il | + k45— S =0

Jj=0

Let 5 1 BMP, and ﬁlfw_ ! denote the weighted averages of the demand coefficients for all

lower-step human investors:

B —Zj ogk 1(])/3%4777
B = 32520 9k-1(5) By (7)

e f— ;
PJM :ZJ égk 1(7) -

Solving for the price function gives:

zpk—l Bﬁ/f_nl + 1 k 1 1 ~k—1
Pt= U : Py
4 Bt i wﬁ wﬁk Lo
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The price function implies that the perceived price impact, )\]Z_l, is:

k-1 1
A — —7._1°
VB,
We derive the posterior beliefs based on Bayes’ law. Then, we substitute the posterior
beliefs and the “perceived” price signal into the optimal demand function (6) and match the

terms to solve for the coefficients of the demand function:

Proposition 2. The strategy for level-(k-1) Al investor is characterized by:

— . _ —7 17 71 - R _ -7 —7.
- e, Y(EET) B, (65 ) By By
BAp = |pa+ )‘A + T 11— 2 )

(8)

k—1 __ k—1
e L e B = p Hag

VEET B ] [ ek e, Nk_ll

-1
where (47)" = (& + by ) w7 = o =

Zk—1) 2
wBMn) 0z

The detailed proof is provided in Appendix A.2.

Solving the Strategies of Step-k Human Investors. The optimal demand for a step-k

human investor is given by solving the first-order condition:

E [ve | nies (Ph) " (p0)] — 1
PM 9)
= 511\3/17777# - B]’T/[ppt + ﬂljfw

ZL’Z (nitvpt) =

Based on her beliefs about the behavior of other human and Al investors, her perceived

market-clearing condition is:

k—1

) r—1(J) ) .
Z (ﬁ]]wn/ Nt — wgk—l(j)ﬁzjwppt + wgkl(j)/ﬂM> + (/ﬁﬁfl - 551;1 ‘pt) +2z—-5=0
0

=
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Solving for the price yields
—1._ _ _1 —1._ ~l
P pe = (¢lef/1p1 + Bﬁpl) [@/Jﬁf/fnlvt + 2z + i 1} ;

where F ' = it + kit = S,
Substituting the posterior beliefs and the expression for the price signal (A4) into the
optimal demand function (9), and matching terms, we solve for the coefficients of the demand

function:

Proposition 3. The strategies for level-k human investors are

B a.k 2
By = it 2
Om
. Sk b
5]]?4 — pfl _pfl (U?W)z . <¢5Mp1_+ BAPI) (10)
PN I T
1 (0))? _y (ok)2 !

My = P v—p =T
Yooy Y o) By,

A~ -1 2
where (U]’Q)Q = (%g + % + (Uﬁip)z) , and (Upr)Q = (MZZ)?'
Mn

The detailed proof is provided in Appendix A.3.

2.3 Properties of Step-k Strategies

The strategies of step-k human investors and the perceived strategies of the Al investor are
determined by a system of nonlinear difference equations derived from Propositions 1 through
3. This system can be solved recursively. Due to the high degree of nonlinearity, closed-form
solutions are intractable. However, given the model parameters, we can numerically compute
the strategies for any finite k£ and analyze their limiting behavior as k approaches infinity.
Figure 1 illustrates the strategies of step-k£ human investors compared to those of the step-
k Al investor. Step-0 human investors mistakenly believe that prices contain no information

about the asset payoff. They rely solely on their private signals, so the coefficient 62/[77 is
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high. They trade very conservatively in the sense that their price elasticity, 524:0, is high.
This means that if prices increase, they will greatly decrease their demand because they
think price fluctuations come entirely from the demand of noise traders. The step-0 Al
investor is trained in an environment against all step-0 human investors. The algorithm
correctly understands the behavior of other market participants and accurately learns the
price function. It exploits the biased beliefs of step-0 human investors by trading aggressively
on the information contained in prices: ﬁ%p is low and below zero, meaning the Al investor
is actually a momentum investor. It increases its asset positions when prices rise.

As k increases, the strategies of human investors become more sophisticated. A step-1
human investor believes she is the only step-1 investor in the environment, trading against
all step-0 human investors and a step-0 Al investor. Similar to the step-0 Al investor, she
profits by relying more on the information in prices and less on her private information,
resulting in a low ﬁ}wp and a low ﬁzlwn- The magnitude of this effect is less than that of the
step-0 AT investor because she recognizes that the presence of the step-0 Al investor makes
prices less informative about future payoffs than in an environment with only step-0 human
investors. Due to the presence of step-1 human investors, prices become less informative
and move less with the future asset payoffs, so the step-1 Al investor reacts by trading more
conservatively: 3} is higher than 39 . Also, 8}, becomes positive, meaning that the AI
investor abandons the momentum strategy.

For even higher steps, the strategies of human investors converge. The proportion of step-
k human investors in the market becomes smaller as k increases, so the impact of higher-step
human investors on prices diminishes, and the change from step k—1 to step k shrinks. Since
the changes in the training environment decrease, the Al investor’s strategy also converges.

We have the following proposition:

Proposition 4. When Bﬂp > 0,Vk, in the limit as k — oo, the strategies of step-k human

inwvestors and the step-k Al investor converge to limit strategies, respectively.

The proof is in Appendix A.4. The condition for convergence is mild and holds for most
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Figure 1: Strategies of Step-k Human Investors vs. Step-k Al Investor
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Notes: This figure shows the strategies of step-k human investors vs. step-k Al investor. Blue
solid lines plot the coefficients of step-k human investors’ strategies, while orange dashed lines plot
the coefficients of step-k Al investor’s strategies. Panel (a) shows the demand response to private
information, 6]’%7. Panel (b) shows the slope of the demand function with respect to price, ﬁ]’f@

vs. ﬁf‘p. The parameters are set as follows: pps = 0.2, pa =0.2, 0, =1, opr = 1, 0, = 20, ¥ = 10,
S =0,and 7 = 2.
model parameterizations. It requires that the aggregate price elasticity of demand for all
human investors is negative, meaning that, on average, human investors are not momentum
traders. If human investors were, in aggregate, momentum traders, a positive feedback loop
could emerge: higher demand from the Al would drive up prices, prompting human investors
to buy even more. This could lead to explosive trading behavior and prevent the strategies
from converging. A less restrictive condition for convergence is also discussed in Appendix
A4

The limiting strategies are not necessarily equal to the strategies in the noisy rational
expectations equilibrium because there are always lower-step human investors in the environ-
ment who hold incorrect beliefs about the distribution of other human investors’ reasoning

steps.
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2.4 Market Outcomes

We analyze the market outcomes resulting from the competition between Al and human
investors in different objective environments. We make the following definitions of the en-
vironments. A kg,, objective environment is populated by the kg,,-distribution of human
investors and a kg,,-step Al investor. This kg,, objective environment is the same as the
training environment of the kg,,-step Al investor. We define the objective environments in
this way to ensure that the Al algorithm operates in the same environment in which it was

trained.!?

Equilibrium prices. The distribution of human investors’ thinking steps is therefore

Gkg,, (P). The market-clearing condition in this objective environment is:

kpnv  rdgrp ()
Z / wldi + 2 4+ 2 — S = 0.

j=0 70

Substituting the strategies of different steps of human investors, x{t, and the strategy of the

AT investor, :L'Z]f””, into the market-clearing condition yields:

pr=0v+E& 1z + filﬁkEmﬂ

where ) X
QkEnv — (w/B]MnJrﬁA%‘nv>
(¢BMP +5Z]jjo”v )
2 k nv
and

ok nv 0 y ]

kgny __ o0 y j

*k‘Env — Sy y J
10This consistency abstracts from the performance loss due to a mismatch between the training and
operating environments of Al algorithms. In practice, investors who deploy Al algorithms for trading will
monitor the market and ensure their algorithms adapt to the market environments.
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Price information sensitivity. The parameter §*2» describes the price information sen-
sitivity. It measures the information content of prices about future asset payoffs. A higher
G%Ene indicates that prices are more sensitive to changes in the asset payoff, making prices

more informative.

Market efficiency. Market efficiency is another measure that describes how informative
the market prices are about future asset payoffs. It is defined as the precision of the posterior

about the asset payoff conditional on the prices:

1
Mkt Eff = ———
Var(v | p)
1 (9kEnv€kEnv)2
I

Market liquidity. Following Goldstein and Yang (2017), we define market liquidity as the
inverse of the price impact of noise trading. Market liquidity is measured by the parameter
gFenv - A higher €5 indicates that prices are less sensitive to noise trader demand, making

the market more liquid.

Price volatility. The unconditional volatility of prices, Var(p;), can be expressed as:
Var(p;) = (9’“‘“”)2 o2 + (§kE"“)_2 ol

Price volatility depends on two components: the volatility due to changes in the asset payoff
and the volatility due to noise trader demand. The first component is increasing in the
price information sensitivity, 8*#7, while the second component is decreasing in the market
liquidity, £¥2»>. A higher %2~ leads to more volatile prices because prices react more strongly
to changes in the asset payoff. Conversely, a higher £¥£n> leads to less volatile prices because

noise trader demand has a smaller impact on prices.
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2.5 Expected Profits

In order to have a better understanding of the competition between Al and human investors,
we analyze the expected net profits of the Al investor and human investors in different
objective environments. The expected profits are determined by the investors’ strategies and
the market conditions derived in the previous section. We have the following proposition for

the expected profits of human investors in the kg,, objective environment:

Proposition 5. The single-period expected profit for a step-kys human investor in the ob-

jective environment kg, is

E [WZM} = {BMn - %PMBJZ\M + 0 (P Barn By — Baap — ﬁMn)l (o2 +7%)

+ (ﬁMp - %pm@ 0202+ €202 + (00 + €' 0)°]

1 1~
- 501\45%4770%4 + (7 By Bty — Barp — Bary) €10
_ _ 1~ 1 2 _
+ s ® + (par Baap — 1) pons (00 + ') — S par (s + 2Banpinr)

2

where, for ease of notation, we drop the superscript ky; from the strateqy coefficients, ﬁﬁ\%,

]]f/}‘f), and uﬁj‘/, and the superscript kpn, from the market condition parameters, 0¥5m and

ékEnv )

We also derive the expected profits of the Al investor in the objective environment:

Proposition 6. For the step-ka Al investors in the objective environment kgy,, the single-

period expected profit equals

E [Wﬁ?} = — G/BAp (0'3 -+ 172) —+ <5Ap — %'0145,24;)> |:920'12) + 5—20'3 —+ (9@ + 5—122)2]

o 1
= BapP€ T+ pa® + (paBap — 1) jea (00 + E70) = Spary

where, for ease of notation, we drop the superscript ks from the strateqy coefficients, Bﬁg

and /LZA, and the superscript kgn, from the market condition parameters, 0%&r> and ¥y
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The detailed proofs for these two propositions are provided in Appendix A.5.

3 Achieving Rational Expectations through Reinforce-
ment Learning

In the benchmark model above, human investors believe that after extensive interaction
with the environment, the Al algorithm can accurately understand the environment it faces,
infer the correct price formation, and converge to the optimal strategy as if it has rational
expectations. In this section, we provide both theoretical and simulation-based evidence
to show the ability of Al algorithms to learn the environment and converge to “rational

expectations” optimal strategies.

3.1 Details of AI Algorithms

Reinforcement learning (RL) is a machine learning paradigm for learning optimal sequential
decisions. An agent learns by interacting directly with an environment, typically without
a pre-specified model of its dynamics. The process is iterative. The agent takes an ac-
tion, observes the resulting state and reward, and updates its strategy. The goal is to find
a policy—a mapping from states to actions—that maximizes the expected cumulative dis-
counted reward. Learning requires balancing the fundamental trade-off between exploration
(gathering new information) and exploitation (using known information). RL encompasses
a broad class of algorithms, including Policy Gradients, Actor-Critic methods, and Value
Function methods like Q-learning (Sutton, Barto et al., 1998). Many of these algorithms are
proven to converge to an optimal policy under standard assumptions (Bertsekas, 2019). We
use Q-learning, a foundational RL algorithm, to show that it can converge to the rational

expectations optimal strategy within our benchmark model.
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Q-Learning algorithm. Following the definition in Watkins (1989), Q-learning is detailed
as follows. The optimization problem the Al investor faces satisfies the definition of a Markov
decision process (MDP). Let A and S be the action and state spaces, respectively. The
problem is to choose a sequence of actions a; € A to maximize the expected total discounted

rewards. The value function of a state s is defined as:

V(s) = max E r(sg, ar) | so = s,
( {atEi\(} Z’y t7t‘0

where r(s;, a;) is the reward for period ¢ and {s,} is the state trajectory evolving according

to the transition probabilities. This expression can be rewritten as:
Vi(s) = max {r(s,a) +yE[V () | s,a]}.
To find an algorithm that converges to the optimal policy, we define the Q-value as:
Q(s,a) =r(s,a) +YE [V (') | s,a].

Q(s,a) is the value of taking action a in state s and following the optimal policy thereafter.
Let Qt denote the estimated Q-function at time t. The algorithm recursively updates its

Q-value estimates as follows:

Qt-H (Su Gt) = (1 - Oé)@t (St, at) + « T(Sty at) + 721‘}3% Qt (3t+17 a’) )

where o € [0, 1] controls the learning rate of the Q-function. A larger a means that the
algorithm puts more weight on the new observation and updates the Q-function more quickly.
This temporal-difference update method bootstraps from current estimates and does not

require a model of the environment’s dynamics.
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Necessary convergence conditions. The Q-learning algorithm converges to the optimal

action-value function Q* with probability 1 provided that (Bertsekas, 2019):
1. (Step Size) The learning rates satisfy 0 < oy <1, Y 72 ay = 00, and Y o af < 00.

2. (Sufficient Exploration) Every state-action pair is visited infinitely often. Let Nr(s,a) :=
tT:_Ol 1{S; = s, A; = a} be the number of times the state-action pair (s,a) has been

visited up to time 7. Then V(s,a) € SxA: limgp_ o Np(s,a) =00  almost surely .

Exploration method. We use a simple exploration method, the e-greedy policy, which
satisfies the above convergence conditions. Let 7., (a | s) be the policy, which gives the
probability of choosing action a in state s at time t. Let m = |A| be the size of the action

space. The e-greedy policy is defined as:

1 —e + 5, if a € argmax,eq Q(s, a)
e (a | s) =

%7 if a ¢ argmaXge A Q(Sa CL)

This method implies that, with probability 1 — ¢, the agent exploits by choosing among the
greedy actions, and with probability &, it explores by choosing uniformly at random over
all actions. In practice, we let g; decay toward zero over time (g, | 0). A decaying &, is not
required for the Q-values to converge to QQ*. However, it is necessary to ensure the policy

itself converges to the optimal policy.

Specific features. Several additional adjustments are made to apply the Q-learning al-
gorithm to the investment problem faced by the Al investor. First, the Al investor faces a
simplified environment in our benchmark model. The Markov decision process is reduced
to a multi-armed bandit problem because the evolution of the state does not depend on the

investor’s decisions, and there is no observable state (e.g., private signals) on which the in-
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vestor can base its actions.!! This simplification broadens the set of algorithms applicable to
solving the problem. Second, the Al investor is assumed to submit a linear demand function,
Tar = pa — Bappr. The parameters for this function are chosen by maximizing the current

Q-value estimate:

(14, Bap) = arg max Qt({ﬂiqaﬁixp})

(a8}
Thus, the action space is a continuous, two-dimensional set, A = R x R, where each action

a = (4, Bap) is the pair of parameters for the demand function.

3.2 Simulation Evidence

We set up the environment following the benchmark model and let the Al investor employ
the Q-learning algorithm to make investment decisions. We then simulate the algorithm
and evaluate the ability of this simple approach to learn the true Q-value function, Q*, and

recover the optimal strategy predicted by our benchmark equilibrium.

Hyperparameters. First, we choose the learning rate:

C1

= —,
1+Cgt

where ¢; = 1 and ¢y = 0.001. This learning rate decays at a moderate speed with respect to
time t. It satisfies the convergence conditions: it is relatively large when ¢ is small, allowing
the Q-value function to be significantly updated during early-stage exploration, and it shrinks

to zero as t increases, ensuring the convergence of the Q-value estimates.

"UThe general MDP framework and our discussion of RL algorithms preserve the flexibility to incorporate
richer market settings. For example, in the benchmark model, we abstract from predictive Al algorithms
designed primarily for information processing and assume that the AT investor does not observe any private
signals about asset payoffs. If we instead allowed the Al investor to observe a private signal, this signal could
be treated as one of the state variables on which the investor’s actions depend. This fits naturally within the
MDP structure. Another example is when the asset is long-lived and the market has overlapping generations
of human investors. The Al investor’s current actions affect the end-of-period price, which then influences
the next period’s decisions. The state evolution now depends on the agent’s actions, which still satisfies the
definition of an MDP.
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Second, we choose the exploration rate as

where ¢y = 1. This e-greedy policy satisfies the sufficient exploration condition. It guarantees
that the agent continues to explore indefinitely while becoming asymptotically greedy.
Third, we discretize the action space. Discrete grids are constructed based on the optimal
strategy in the benchmark equilibrium. For the given objective environment, let u% and
B}, denote the values of s and B4, in the AI investor’s optimal demand schedule. The
action space is then specified by discretizing the intervals [} — 6,07, 1y + 0,7 ] and B, —
0580 Bhp + 5,4;&2]3] into n,, and ng equally spaced grids, respectively. The parameters 9,
and dz are chosen to cover a sufficiently wide range of deviations from the optimal strategy.
The grid sizes n,, and ng are chosen to be large enough to provide a finer approximation of
the Q-value function and produce strategies closer to the optimal strategy while balancing

computational efficiency.

Results. In simulation, the simple Q-learning algorithm can effectively learn the optimal
strategy. The algorithm converges to Bfflp = 0.1465, which is very close to the benchmark
model’s optimal value of Bﬁp = (0.1496. Not only does the Q-learning algorithm converge to
the optimal strategy, but it also estimates the entire Q-value function curve reasonably well.
Figure 2 compares the algorithm’s estimated Q-value function with the benchmark model’s
Q-value function for the Al investor in equilibrium, assuming the Al investor has rational
expectations. The estimated Q-value function is very close to the rational-expectations Q-

value function predicted by the model.

3.3 Broad Generality Across RL Algorithms

The theoretical and simulation evidence of convergence does not mean that our analysis is

limited to the Q-learning algorithm, but rather demonstrates that our theoretical framework
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Figure 2: Estimated Q-Value Function by Algorithm
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Notes: The blue solid line shows the Q-value function with respect to ﬁﬁp for the AI investor
in equilibrium when the AI investor has rational expectations. The orange solid line plots the
algorithm’s estimate of the Q-value function. The dashed vertical line shows the optimal value of
ﬁf‘p in the benchmark model.

can be applied to a wide range of RL algorithms. In the benchmark model environment, the
action space is continuous. The above result shows that using a simple tabular Q-learning
algorithm with a plain discretization of the action space can effectively learn the correct Q-
value curve and converge to the optimal strategy predicted by the benchmark equilibrium.
The setting of the problem fits the definition of problems for which many algorithms in
the RL literature are designed. These algorithms have either been theoretically proven or
empirically validated to converge effectively and find the (near) optimal strategy for the
problem.'? Therefore, we can assume that any of these algorithms could be employed by the

AT investor in our model. Our subsequent theoretical results apply to all such algorithms.

12More advanced algorithms have been developed in recent years, e.g., algorithms with function approx-
imation using deep neural networks. See Van Hasselt (2012) for a survey. Recent developments include
Carden (2014); Lillicrap et al. (2016); Majzoubi et al. (2020); Kara, Saldi, and Yiiksel (2023); Alaoui and
Saoud (2024), etc.
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4 Competition Between AI and Human Investors

This section details our main findings on the competitive dynamics between Al-powered
and human investors. We first establish our central result: human traders can consistently
outperform Al agents in different market environments. We then explore the conditions that
enable this human advantage and analyze the underlying economic mechanism of human
outperformance. First, we show that Al’s performance is highly dependent on the precision
of human investors’ private signals. Then, we show that sophisticated human investors reduce
the informativeness and volatility of market prices, which in turn limits the AI’s ability to
outperform humans. Finally, we demonstrate that the size of the Al sector itself constrains

its performance due to the price impact of its trades.

4.1 Human Outperformance in Different Environments

Our primary analysis compares the profitability of human and Al investors. We find that
human investors can consistently outperform Al-powered investors across various market
environments. The average expected profit for human investors, including those employing
naive strategies, is frequently higher than that of the sophisticated Al investor.

Figure 3 presents the expected profit per investor for human investors of varying sophis-
tication levels competing against a step-kg,, Al investor in different kg,,-objective environ-
ments. The top two panels show the results for kg,, = oo environments, which are populated
by a mix of human investors of all sophistication levels (step-0, step-1, step-2, etc.) and a
step-oo Al investor. Both panels show that human investors at all sophistication levels out-
perform the Al even the most naive ones (step-0 and step-1). The parameter 7 controls the
distribution of human investors’ reasoning steps. In the top-left panel, the reasoning steps of
human investors follow a Poisson distribution with 7 = 0.7, meaning the majority of human
investors have a low level of reasoning. The top-right panel shows the results for 7 = 2.0,

where reasoning steps are more evenly distributed, with a larger proportion of higher-step

29



human investors. Human outperformance is consistent across these different distributions.
The graphs also show that more sophisticated human investors (those with more steps of
thinking) earn greater expected profits.

The middle panels show the results for kg,, = 3 environments. The results are similar
to those in the top panels, with human investors consistently outperforming the Al investor.
The bottom two panels show the results for kg,, = 1 environments, which contain a mix
of step-0 and step-1 human investors and a step-1 Al investor. In these environments,
the AI’s performance relative to human investors depends on the distribution of human
sophistication. When 7 is low, the proportion of step-0 human investors is relatively large.
Since all step-0 investors use the same strategy, their expected profits are crowded out. The
step-1 Al investor’s strategy is optimized against a mixed population of step-0 and step-1
human investors. When step-0 investors constitute a larger proportion of the environment,
the Al's strategy becomes specialized to exploit their behavior. As a result, the step-1
AT investor outperforms step-0 humans but does not outperform step-1 human investors.
Conversely, for a large 7, step-1 human investors become the dominant group. The Al’s
strategy consequently adapts to target these more sophisticated investors, enabling it to
achieve superior performance against them. Under these conditions, however, the Al fails to

outperform the less prevalent step-0 humans.

4.2 AT’s Performance Depends on Human Signal Precision

The competitive balance between Al and human traders is critically dependent on the quality
of the fundamental signals available to humans. The previous sections show that Al can
outperform naive human investors in environments without sophisticated human investors.
However, even in these environments, the Al’s outperformance is highly influenced by the
precision of human investors’ signals.

The Al’s ability to profit is non-monotonic with respect to human signal precision and

is constrained at both extremes of human signal quality. Figure 4 shows the difference
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Figure 3: Expected Profits of Human vs. Al Investors in Various Environments
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Notes: This figure shows the expected profit per investor for human investors of varying sophisti-
cation levels against the step-kg,, Al investor in different kg,,-objective environments. The blue
solid lines plot the expected profits of human investors. The orange dashed lines show the level
of expected profits of the step-kgy, Al investor. The parameters are set as follows: pps = 0.2,
pa=020,=1,0py=1,0, =20, =10, and S = 0.
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in expected profits between the AI investor and the highest-level human investors in kg,
objective environments against the standard deviation of human investors’ private signals
(oar). The results are presented for two objective environments: kg,, = 0 and kg,, = 1.
When human investors have very precise signals (o) is low), they can outperform the Al
investor due to this informational advantage. Even though the Al investor can correctly
understand the information contained in equilibrium prices while naive humans misperceive it
due to their limited reasoning capacity, the signals from prices are still noisier than the private
signals available to human investors. As the precision of human signals drops (o increases),
this informational advantage decreases, and the Al begins to outperform humans. However,
as signal precision drops further, the Al’'s competence against human investors deteriorates
again. Market prices aggregate the private information from different human investors.
Excessive noise in human fundamental signals makes prices less informative, limiting the Al’s
ability to profit from learning the price function. Although the Al investor can correctly learn
the price function, the noise in prices makes it harder for the Al to extract useful information
about future payoffs. Finally, as human signals become infinitely noisy, neither humans nor
the Al can obtain useful information from either channel, and the difference in their expected
profits approaches zero.

In summary, the key factor that limits the Al investor’s profitability is the ability of
human investors to shape the market environment through their trading. The AI investor’s
comparative advantage lies in its ability to correctly learn the price function and exploit the
information contained in prices. However, prices are only informative because they aggregate
private signals from human investors. If this source of information is cut off, there is not

much information left in prices for the Al to learn from.

4.3 Sophisticated Humans Limit AI’s Profitability

Another mechanism that constrains the Al investor’s profitability is the presence of sophis-

ticated human investors in the environment. Figure 5 shows how the expected profits of
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Figure 4: Difference in Expected Profits against Human Signal Precision
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Notes: This figure plots the difference in expected profits between step-kgy, Al investor and step-
kEgny human investors against the standard deviation of human investors’ private signals (oas). A
positive value indicates that the Al investor outperforms human investors. Panel (a) shows the
results in a kg,, = 0 environment, where the Al competes against only step-0 human investors.
Panel (b) shows the results in a kg, = 1 environment. The parameters are set as follows: py; = 0.2,
pa=020p=10py=1,0,=20,v=10, 5 =0, and 7 = 2.
human and Al investors change as more human investors become sophisticated. A higher
kgn, environment contains a larger variety of human investors, with a larger proportion
of more sophisticated investors. The figure shows that the presence of more sophisticated
human investors reduces the expected profits of both humans and Al investors, but more
significantly for the Al investor. The dashed orange line represents the Al investor’s expected
profits. It decreases more sharply than the profits of human investors as kg, increases. For
example, the decline is steeper for the Al than for step-1 to step-3 human investors (shown
in blue, green, and red, respectively).'?

The reason is that trading by sophisticated human investors stabilizes prices and limits
the AD’s ability to extract profits. As shown in Figure 1, the strategies of higher-step human

investors converge to moderate strategies. Their demand sensitivity to private information,

By, and the price elasticity of demand, 3yp, are not too high or too low. As the proportion of

13We present the results for the kpy,,-step Al in each environment, which means that as more sophisticated
human investors enter the market, the Al is retrained to adapt to the new environment. This ensures the
consistency of the Al’s operating and training environment. If we do not allow for retraining, the Al investor
will earn even lower profits.
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Figure 5: Expected Profit of Step-kg,, Al vs. Humans Across Different kg,.,-Objective
Environments
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Notes: This figure plots the expected profit of step-kgn, Al investors against different steps of
human investors across different kg,.,-objective environments. The parameters are set as follows:
om=02 p4=02,0,=1,0py=1,0,=20,9=10,5 =0, and 7 = 2.

human investors who adopt moderate strategies increases, the information content of prices,
O%zne - and price volatility, Var (p;), decrease. Figure 6 shows that both the information
content of prices and price volatility decrease in a higher-kg,, environment. This limits
the ability of the Al investor to profit from learning the price function and exploiting price

fluctuations. The analysis above shows that diversity in human investors’ strategies stabilizes

prices and limits the Al investor’s exploitation of naive human investors.

4.4 Growth of AI Sector Size Limits Its Profitability

Another key force constraining the AI’s profitability is the relative size of the Al sector itself.
Figure 7 shows the difference in expected profits between the Al investor and the highest-level
human investors in kg,, objective environments against the proportion of human investors.
In all environments, increasing the proportion of Al investors (achieved by decreasing the

proportion of human investors, 1) monotonically decreases the Al's profitability compared
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Figure 6: Price Information Sensitivity and Price Volatility Across Different kg,.,-Objective
Environments
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Notes: This figure plots the price information sensitivity and price volatility across different kg~
objective environments. The parameters are set as follows: pps = 0.2, p4 = 0.2, 0, =1, opy = 1,
o, =20,v%=10,5 =0, and 7 = 2.

to human investors.'* A large Al investor sector has a large price impact, which limits its

profitability against human investors.

5 Conclusion

We develop a theoretical framework to study the competition between Al-powered and hu-
man investors in financial markets. We challenge the prevailing narrative that Al’s superior
processing capabilities will lead to its dominance in financial markets. Our model features
human investors who possess informational advantages but are limited by bounded rational-
ity, competing against an Al agent that learns its strategy through reinforcement learning.
Our central finding is that human investors can consistently outperform Al agents across
various market environments.

Our results highlight three key mechanisms that constrain the AI’s performance. First,

the Al's advantage depends critically on the quality of human private information. Its

14\We adjust only the relative size of human and Al investors while holding constant the total measure of

investors in the market relative to the size of noise trading and asset supply, and keeping the measure of the
AT investor normalized to one.
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Figure 7: Difference in Expected Profits against Human Proportion v
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Notes: This figure plots the difference in expected profits between step-kgy, Al investor and step-
kEny human investors against the proportion of human investors (). A positive value indicates
that the Al investor outperforms human investors. The parameters are set as follows: par = 0.2,
pa=020p,=10py=1,0,=20,v=10,5 =0, and 7 = 2.
competitive edge gained from correctly learning the price function diminishes if those prices
are not sufficiently informative due to very noisy human signals. Second, the presence of
sophisticated human investors stabilizes prices, reducing the Al’s profit opportunities from
market fluctuations. Third, we show that as the Al sector grows, its own price impact limits
its ability to outperform human investors.

These findings have important implications. They suggest that human-centric advan-
tages, such as primary research and theory-guided fundamental analysis that generates
unique private signals, will remain valuable in the age of Al. For regulators, the focus should

perhaps be less on the absolute superiority of Al and more on the complex market ecology

created by human-Al interaction. Future research could extend this framework by incorpo-
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rating multiple, competing Al agents, allowing humans to learn about the AI’s behavior, or

exploring the dynamic co-evolution of human and algorithmic strategies.
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Appendix

A Derivations and Proofs of Propositions

This section includes the detailed derivations and proofs of the propositions for the bench-

mark model.

A.1 Proof of Proposition 1

After incorporating the private signal, their posterior beliefs can be expressed as:

0277~t o2, -
; v'l M
E[Ut‘nt]— 3 2 12) ]2\47 ( 1)
[ | ] 03012\/[
Var |v it = ——————.
t | Tt 3 2

Substituting posterior (A1) into step-0 humans’ optimal demand (4) yields:

1 o2 o U
2oy (Nie, pe) = —( Y — Dt

pu \o2+ 02, o2+ 03,
o? 1 o2
= oMt~ — Pt —F 5 %~
pu (02 + 03)) Py pu (07 + o3y)
5247; BR/Ip ny
Thus, we have:
0 o,
v
BMn = 2 2\’
PM (011 + UM)
1
Bup=
P o
2 —
: 020
Ky = >
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A.2 Proof of Proposition 2

The market-clearing condition as perceived by the step-(k — 1) Al investor is:

k-1 Ygr—1(7) .
S [ it a8
0

Jj=0

Substituting the optimal demand of step-0 to step-(k — 1) human investors, we can rewrite

the perceived market-clearing condition as

k—1

k—1(J)
(ﬁMn/ Mitdi — Ygr-1(J )/BMppt + P gre-1(J ),MM> +aht b -5 =0,

=0
where
By = 2520 96-1(7)Bh,
By = 32520 k1() iy
it =300 gea ()il
B Mn , BMP ,and fih; " denote the weighted averages of the demand coefficients for all lower-
step human investors.

Solving for the price function gives:

6M77 1 k 1 ~k—1

BT T T wﬁ | wﬁ Ha

P,’Zil P =

where fit ' = ¢kt — S. Define the residual supply hfj;tl as

B 1
Wil =pe = Nl = =% o+ —— - g
! G/ wﬁﬂpl TW

and thus, the signal from price %Z}l is

Th—1 5%1 k-1 /7371 2t
MR UM e, VB
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According to Bayes’ law, the posterior distribution of v; is given by:

o é’k_l 27 &k—l 2 ~
E[’Ut | (Pfi 1) l(pt)} :( A2) v+ ( A ) h]j\,tlv

v (Vi) 02

2 1 1 B
o Ilf(l = Var (% Pﬁil -1 )] = | 3 TN N .
o) P (“v+(¢6§571) o,z)

Substituting the posterior beliefs and the expression for the price signal (A2) into the optimal
demand function (6) yields:
G S o
“h— A t
& (¥Bar, )20
~k—1\2 ~k—1\2 Bk—l 1 ~k—1
o o
:(A)TH_ (04 ) Mp<t_ k-1 _ Hwm )—pfl

i pa+ NG =

= = —X — =
2 k—1\_ k—1 E—1"At k—1
0y (wﬂMn ) 20-3 ﬁMn Q/JﬁMp ¢ﬁMp
~k— ~k—1\2,/2 nk—1 gk—1 ~k—1\2, ) pk—1
(O-IIZ 1)2 T+ (UA ) @Z} /BMn ﬂMp (O-A ) ¢5M77 k—1
gz ¢ s Dt — = T
v z z
~k—1N\2,) 2k—1
_ (0% ¢5Mn ~k—1 k-1
M t

2
O-Z
Moving and combining terms, we get:

i (pa+ N+

2 2 B 2 Hm
O-Z 0-7.) O-Z

w(dz‘l)%ml] ((653—1)21_} w<&2‘1>26’;ﬁ~k1>

2
0

. [wmﬁmﬁ@l ) 1] i

By matching terms, we solve for the coefficients of the demand function for the step-(k — 1)

Al investor:

r Ak—1\27k—17"1 T A k—1\2 2k—1 Fk—1
Ap — PA A o2 o2 )
- A k1 2*1@71: -1 A k12 ~k—1\2 Ak—1 (A3)
k=1 _ 4okl 4 V(o4 ) By ) (6% )" V(A ) By ~k—1
Fa = [PAT A 2z o2 Y o2 Har | -

44



A.3 Proof of Proposition 3

Based on their beliefs about the behavior of other human and Al investors, the market-

clearing condition as perceived by step-k£ human investors is:

k—1

. gr—1(J)
( fwn/ Nidi — Y gr—1(J )BMppt+¢gk 1 (j )HM> + (! _62;1 pr)
0

5=0
+ 2y — S=0
Expanding the equation yields:
Y gk () (Bhryve = Bhpbe + 1h) + (=B pe+ 1) + 2 — S =0
§=0

Using the definition in (7), this equation can be rewritten as:

w(ﬁant 5Mppt‘|‘ M) ( /BAP pt+uA )"’Zt_S:O

= (BN, + B, pe = (B, + B, o+ 2+ vk T =S

Vv
k-1
m

Solving for the price yields

Phope= (VB + B85 T [k e+ 2+ Y

where 1! = ¢t + pft — S. Define the signal from price hMt as

~ VB ﬂ B ﬁk_l 2t
Bk = ( JUS A P A4
M, WA (p OB T B ) ;e (A4)
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According to Bayes’ rule, the posterior distribution of v; is given by:

B &k 27 &k 2 &k 2
E [ve | nie, (Pyr) " (pe)] = ( Aé) v+ ( ]\24) N + ( %)Qhﬁua
Oy OM (GMp)

v Om (M

-1
N _ 1 1 1
(U%y = Var [Ut | it (PJI\C/[) 1(1%)} = <—2 + =+ k—2> ,
0, o p)

where
kN2 :
(U p) = - - 2
k—
(¢5 M nl)
Substituting the posterior beliefs and the expression for the price signal (A4) into the optimal

demand function (9), gives:

E [ve | mit, (PY) " (00)] — 1

xft (77#, pt) =

PM
S [eh) 6" (6h)” (BN, + 85" !
= + it T = t— = — Dt
Pm [ 02 v o2, n (UJIT/[p)2 wﬁji&:} p (1/)@1;[—1)1_’_52;1) p
@) [ (6 (0B + 65"
=Pr 0_%/[ Nit + Pas (Uﬂp)Q @/}B%l — 1] p
S N T R D
Moo Yot B (W, + 85

By matching terms, we solve for the coefficients of the demand function for step-k human

investors:

B a.k 2
Bt S ]‘2”) :
oM
. 2k ke
Bity = Par — Par (O4)° Wiy, +5ay) (A5)
R TR T
(082 (e E!

v — pM N =71 -
A.4 Proof of Proposition 4
We first restate Proposition 4 under a less restrictive condition:

Proposition 7 (Conditional Convergence). If the system’s parameters (pa, pur, ¥, 02,03, 02)
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are such that the state trajectory of the averaged coefficients T = (5_]’%7, B]’f/[p) remains within
a domain D¥ C D¢ that is bounded away from the system’s singularities, then the sequences
of strateqy coefficients 55‘%, 5]’%, and ﬁfj;l converge to unique limits By, By,, and B3,

respectively.

Proof. The proof proceeds in several steps. We first formulate the system as a non-autonomous

vector recurrence, analyze its stability, prove boundedness, and then prove convergence.

System formulation. Let the non-averaged state at step k be z* = (zf, 25)" = (83, B31,)"

and the averaged state be z* = (2§, z5)" = (8}, Bi,)"- Let y* = g4 .

The system definitions show that z* and y*~! are functions of z¥~!.

Yyl = Fa(@ ) (A6)

ot = G(F ) (A7)

We first define the component functions, which depend on z = (1, Z2).

Definition 1 (Component Functions).

+%+;_))2)_1: <i+%+(¢j§)2)_l (A9)
. ;> _ (i . <wl>2>‘1 (A10)

(Al1)

Definition 2 (Component Functions C4 and Cg). For brevity, we define two functions
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Ca(Z1) and Cg(Z1), which are continuous and bounded on I (as Ty € 1):

C'A(i‘l) = pa+ %ﬁ% (AIQ)
Cp(71) = w (A13)

z

Since 1 > 0 and all other terms are positive, Ca(Z1) > 0 (assuming pa > 0).

Definition 3 (System Maps F4 and G). The map Fa : Dg — R from the problem definition

18!

A 2s 71 A 2e =
Pala) = [pa+ da(o) + L] [ AR (A14)
O—Z O—Z
Using (A11), (A12), and (A13), this can be written as:
111
Fa(z) = [CA(az-l) + w—_] - [1 = Cp(21)22] (A15)
)
The map G : Dg — R? has components G(7) = (G1(7), G»(z))T:
Gi(#) = oyt D) (A16)
oM
-\ -1 -1 (&M(i))2 ¢j2 + FA@?)
GQ(m) =PMm — Pm (UMp(j))2 ’ wfl (A17)
Substituting (A8) into (A17), we get the final form for Gy:
NI
@) = it — o PHOEE (5, 4 1y (3) (A1)

The domain D¢ is the set of T where all denominators (in Fa and G) are non-zero.

The recurrence for the averaged state z* is:

k k . l’j
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Let Sy = Zf:o f(1). This recurrence can be written recursively:

k—1
reg <Z £+ f(k)x’“) = Btgny [0

Jj=0

Let o, = f(k)/Sk. Since Sg_1 = Sy — f(k), we have Sy_1/Sk = 1 — . Substituting (A7)

into this recurrence gives the final system dynamics:
" = (1 — ap) 2" + G (A20)

Boundedness of the fj;, component. zf = 8y, = Gi(z"7'). From (A16), G1(z) =

52 2
o-’L) UZ

o |
pﬁmé#w. From (A9), (6(7))? = < L+ + (Wl)2> . Since all terms in the parenthesis
M M

-1

are positive, (637)* > 0. This implies G1(Z) > 0. Furthermore, (6,)* < <§ + U%) —
v M

T50y

012)+0'%/I

. Substituting this bound into the expression for G;(7):

1 o202 o2
G T) < -1 - vY M — v — 0
=i (03+a?w) (@)

Thus, 0 < 2} < 8}, for all k > 1. Since 2 = },,, the sequence z} is bounded in (0, 53,,]
for all k > 0. The averaged state T} is a convex combination of {z,... %} and therefore

must also be bounded in I = (0, 33;,]. This confines the trajectory z* to a vertical strip

Dg =1 xR.

Stability analysis and assumption. The convergence of 7§ = Bﬂp is not guaranteed.

The function G(Z) is not continuous on all of R%. Its domain D¢ excludes:
e The line vy = 0. (Previous sections proved the trajectory avoids this).

e The curve where the denominator of F4 in (A15) is zero. This is where C(Z;) +
1/(Z2) = 0, which simplifies to o = —1/(¢¥C4(Z1)). Since Cy > 0, this is a curve in

the negative half-plane 7o < 0.
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The “safe” domain is D§ = I; x (0, 00). The initial state 2° = (5Y;,,1/pas) is in this domain,
because py > 0.

However, G' does not necessarily map the safe domain DY to itself. As shown by (A18),
the term F4(z) grows linearly with zy (specifically, Fa(Z) ~ (—Cp/Ca)Z2). This means
Ty + Fa(Z) also grows linearly. This, in turn, implies that G5(Z) grows linearly with 5.
For example, when ¢ > C/Ca, as Ty — 00, G1(Z) will tend towards —oo (assuming relevant
terms are positive).

This proves that G»(Z) can be negative. The map G can take a state £ € D and produce
an instantaneous state x = G(7) that is outside D (i.e., 75 < 0). The next average state,
* = (1 —0y)* ' + a2®, is a convex combination of a positive Z4 ' and a negative x%. It is
entirely possible for 75 to be negative. If the trajectory Z* ever hits one of the singularities,
the system explodes.

A sufficient condition for stability (the condition in Proposition 4) is path-dependent and

requires that:

8 = (1 — )75 + 0 G2(Z"1) > 0 (and avoids the other singularity)

for all k. If G is negative, we need Z5~! to be large enough to absorb the negative pull:

yz-’gil .
—Go(ZF1) 71—y

The key observation is that ap = f(k)/Sy — 0 as k — oo (since f(k) — 0 and S, — 1).
This means the ratio a;/(1 — ai) — 0. The system becomes more stable over time. The
weight on the previous average, (1 — ay), dominates, and the contribution of the new term,
ayGo, vanishes. This condition is more difficult to satisfy for small & (e.g., k = 1,2,3,...)
when «y, is large. The system must survive these first few steps.

This analysis shows that convergence is not universal. The proof must be conditional.
Assumption 1 (System Stability). The system parameters are such that the trajectory

50



z* defined by (A20), starting from ° € D& = I x (0,00), remains within this domain

Dg =1, x (0,00) for all k.

Lemma 8 (At-Most-Linear Growth of G). The function G(Z) has at-most-linear growth on
the domain D% = I x (0,00). That is, there exist constants L, M > 0 such that ||G(z)|| <

L||z|| + M for all & € DY.
Proof. We analyze the components G = (G, G3).

1. Growth of G1(z): As shown in Step 2, G1(Z) depends only on Z;, and it is uniformly
bounded:
G1(Z)] < By

for all z € Dg. A bounded function trivially satisfies linear growth.

2. Growth of Go(z): From (A17), Go(Z) = py; |1 — (Ou (D) -WQJFFA(E)]. Let Cy(z) =

(UMp(f))2 YTy

(Ou@)° Using (A8) and (A9), C; depends only on Z;. Since z; € I; (a compact set),

(o0p(7))

C1(71) is bounded. Let Cy(z1) = C1(z1)/(¥x1). Cs is also continuous and positive on

the compact set I, and thus bounded by some constant Ko > 0.

|Ga(2)| < |par | (1+[Co(@1)] - [W@2 + Fa(@)]) < |3/ | (1 + Kel@s + Fa(7)])

Now we analyze the growth of F4(Z) with respect to Zy. Using the form from (A15):

_ -1 _
YTy — CpyT;
FA(:E) N Capzg + 1

where C4 and Cp are positive, bounded functions of z; as defined in (A12) and (A13).
This is a rational function of Zs. By polynomial long division, we can write Fx(Z) =
(azy + b) + m, where a, b, ¢ are coefficients that depend on Cy, Cp, 1 (and thus

are bounded, since C'4, Cp are).
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C

Tavetl has a singularity

This linear growth bound is not global, as the hyperbolic term
at Ty = —1/(Cayp). However, our domain is Dg = I; x (0,00). Since Cy > 0,
1 > 0, and o > 0, the denominator C'49Z, + 1 is strictly greater than 1. Because
the denominator is bounded below by 1 (and thus bounded away from zero), the

hyperbolic term is uniformly bounded on our entire domain Dg. Therefore,

Cchifz—f—l
F4(z) = (linear part)+ (bounded part). This proves that F4 has at-most-linear growth

on Ds.

[Fa(T)] < lal|Za] + [b] + Knyp < Ka|Tof + Ma

for some constants Ky, Ka, Ma.

Now substitute this back into the expression for |Go(Z)]:

(Ga(@)] < lpar | (1 + Eo(|9as| + [Fa(z)]))

|Ga(2)| < |par | (1+ Ko(|¢T2] + KalZs| + Ma))
|G2(7)] < |pag| (1 4+ KoMa + Ke([9] + Ka)|22])
This proves |Go(Z)| < La|Za| + M, for some constants Lo, M.

. Norm of G(z): Finally, we bound the norm of G(Z):

IG@)|I = VIG1(2) + [Ga(2)]? < \/(BRM)Q + (La|Zo| + M)

Since Z; is bounded, ||Z]| = \/|Z1|? + |Z2|? is “equivalent” to |Zs| for large |Zs|.

IG@) < /(B30 + (La2l]) + Ma)?

For large ||Z||, this is bounded by Ls||Z|| 4+ constants. Thus, there exist constants L, M
such that |G(Z)|| < L||z|| + M for all € Dg.
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Theorem 9 (Boundedness of z¥). Given Assumption 1, the sequence T* is bounded.

Proof. From (A20) and Lemma 1, for k£ > 1:
1751 < (1 = an) |25 H] + anl| G @)

1751 < (1 — an) |27 + aw(LIIZ" | + M)
175 < (1 + (L = D) + awM

Let Cy = H?:1(1 + (L —1)). Then by unrolling the recurrence:

k
I1Z¥)) < Cullz°ll + M Y a; Gy

j=1
Since f(k) is a probability distribution, Y f(k) = 1. The partial sum Sy = Zf:o f(l) is
bounded away from zero (by Sy = f(0) = e 7 > 0) and Sy, — 1. Because ) _ f(k) converges
and Sy > f(0), the series > ag, = > (f(k)/Sk) also converges. Since > ay < 0o, the infinite
product [[(1+«;(L —1)) converges (if L > 1). This means C}, converges to a finite constant
Cw. The sequence ||z*]| is bounded by Cu|z%| + MCx > v, which is a finite constant.

Therefore, the sequence z* is bounded. [
Theorem 10 (Convergence of Z%). Given Assumption 1, the sequence T converges.

Proof. From Theorem 1, z* is bounded. It lies in some compact set C C Dyg.

1. 2% is bounded. G is continuous on the compact set K, so its image G(K) is compact.

Since z*¥ = G(z*71), the sequence 2* is also bounded.

2. Successive differences are summable. Since z* and 7*~! are bounded (from part 1 and

Theorem 1), their difference is bounded by some constant C' > 0. From (A20), we have
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7% = (1 — ap)7" 1 + aga®. Rearranging gives the successive difference: z%F — z¢71 =

k

_ jkf—l)

ag(z . Taking the norm:

17° = "7 = aulla® = 2 < O e

As Y oy, converges, the series of successive differences Y ||z% — 2%71|| converges by the

comparison test.

. % is a Cauchy sequence. A sequence whose successive differences are absolutely

k

summable is a Cauchy sequence. The sequence z* exists in R?, which is a complete

metric space. Therefore, the sequence must converge to a limit 2> € R2. By Assump-

k

tion 1, the sequence z" is in Dg = I X (0,00), so its limit £° must lie in the closure

of this set, Dg = I} x [0, 00).

O
Convergence of all Sequences and the fixed point Given limy_,. 7% = 2°:
e Convergence of x* = (B4, Bir,)- By continuity of G-
lim 2* = lim G(z*7') = G(lim ") = G(z*)
k—oo k—o0 k—o0
e Convergence of y* = Bﬁp. By continuity of Fju:
lim y* = lim Fu(7%) = Fa(lim 7%) = F4 ()
k—o0 k—o0 k—o0
This completes the proof. O
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A.5 Proof of Propositions 5 and 6

Expected profit for human investor. The expected profit for a step-kj; human investor

is derived as follows.

1 2
B[] = B (e mplee) ol ] = gouB (o)

=E [(Ut —prm) < ]]f/][\; (v +eq) — ﬁjl%gpfmv + Uljﬁ\%ﬂ

/

P
E(gross profit)

1

- ]E /BICM (U +e; ) _ /Bklw kEnoy + knm 2
5 PM My (Ut it MpPt 123

/

NV
E(transaction cost)

For ease of notation, we drop the superscript kj; from the strategy coefficients, ﬂﬁ};, 65@}‘2,

Env

and u’f\}‘f, and the superscript kg,, from the price, p,’f , and market condition parameters,

ekEnv and ngnv‘

First, we calculate some expectations of terms related to v; and eg:

E [Uteit] =K [Ut] -E [eit] == 0,
E [vf] = Var (v;) + E [v)* = o2 + 72,

E [e}] =Var(e;) + E (eir)” = Var (ey) = 03,
Some of the expectations of terms related to p; can be derived as:

E [pteit] =E [pt] ‘E [eit] =0,
E [vips] = E [0y (00 + (§) ey, + (§) ')
= 0K [v] +0+0(¢) 'R,

E [p;] = Var (p) + E[p)* = 6% + ¢ 202 + (69 + ¢ 1)’

%)



The expected gross profit term can be calculated as:

E(gross profit) =BuyE [v;] — BupE [vipe] + E [vepend]
— B [peve] + BapE [p7] — E [pepa]
=[Brtn = 0 (Brip + Bary)] - (7 +0°)
+ Bup - [9205 +&7%02 + (G + 5‘1;7)2}

- (ﬂMp + 5M7}) T}g_lﬁ + UMV — [ (977 + S_lﬁ) .
Then we calculate the expected transaction cost term.

2
E (mZM> =E [5%477 (v + eit)ﬂ +E [ﬁiﬂ,pﬂ + 3, — 280 BaipE [vip4]
+ 2By Opns — 2BnppnsE [pe]
:ﬁﬁnE (v7) + BB (97) — 2801 BripE (vepe) + 13y + 512\4770%/1

+ 280 0inr — 2B8uptiarElpi].
Then, we can derive:

1
E(transaction cost) = [—EpMﬁih + QpMﬂMnﬂMp} . (03 + 172)
1 _ 2
— Sy, 0202+ €202 4 (9 + )]

1 e~
— EpM/ngwno—]Q\/[ + Pt Barn Buip € i

. 1
+ e Buppins (00 + €' 1) — 2PM (1is + 2BamVpinr)

Combining the two terms, we obtain the net single-period expected profit for a step-k,,
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human:

E [WZM} = {5M7} - %PMBJQ\M + 0 (P71 Brin Brtp — Bup — BMn)} (o) +0%)

+ (5Mp - %,OM/BJQ\/[Z)) : [9203 + %02+ (917 + 5_1,17)2}

1

- §PM5]2\4770%4 + (pMﬁMnﬁMp - ﬁMp - BMH) ﬁgilﬁ

_ w1 _
i@+ (par By = 1) par (00 + € F8) = Spar (s + 2Brimpas)

Expected profit for Al investor. The expected profit for the step-k4 Al investor is

derived as follows.

1 2
E[nft] =B [ (v —pfr) alt] = SoaE (2l)

= E |:<rUt _ prnv> (_ﬁzgprnv _|_ M’ZA)]

-

E(gross profit)

1

2
_§,0A]E {(—52229?“” + MZA> 1

[ /
-~

E(transaction cost)

For ease of notation, we drop the superscript k4 from the strategy coefficients, 551?, and MZA,

Env

and the superscript kg,, from the price, pf . and market condition parameters, §¥5mv and

é'kEnv .

The expected gross profit term can be calculated as:

E(gross profit) = — Ba,E [vipe] + E [vepea] + BaE [pf] — E [pijea]
= — 08y (02 +7°) + By 0207 + €202 + (60 + €7)’]

— BapV& i+ p1a® — pa (00 +E)
Then we calculate the expected transaction cost term.

2
E (k) =E [83,08] + 1 — 284p14E [pi]
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Then, we can derive:

1 ~
E(transaction cost) = — §p,45124p : [0205 +&7%02 + (o4 &) 2]

1
+ paBapia (00 +E7T) — Spaiiy

Combining the two terms, we obtain the net single-period expected profit for the step-k 4

Al:
E [7’(’2’2} = — H/BAp (0'12) -+ 172) + (6Ap — %,OAﬁip> [9203 + 5—20'3 + (9@ + 5—1[7)2]

L 1
— BapP€ T+ pa® + (paBap — 1) jea (00 + E7'0) = Spary
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