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ABSTRACT
Al agents participate in both rational and irrational bubbles. In a sequential bubble game,
AT agents generate speculative trades even though there is a unique no-trade equilibrium. In-
creasing reasoning capacity reduces, but does not eliminate, such irrational bubbles. Chain-
of-thought analysis shows that Al agents participate in irrational bubbles because they form
incorrect beliefs through simplified expectations of the market, and they are sensitive to
framing effects when forming their beliefs. When the environment admits both a no-trade
equilibrium and a speculative bubble equilibrium, Al agents recognize this multiplicity and
coordinate on the speculative equilibrium. Our results suggest that greater Al sophistication

does not necessarily eliminate bubbles or improve market efficiency.
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1. Introduction

A central premise in financial economics is that competitive trading should push prices
towards the fundamental value. Under the efficient market hypothesis, mispricings are dif-
ficult to exploit because the asset price reflects all available information, so prices reflect
the fundamental value of the asset. Yet, speculative bubbles, episodes in which the asset
price detaches and exceeds its fundamental value, remain a persistent counterexample to the
efficient market hypothesis (see, e.g., Malkiel, 2003). In practice, irrational exuberance (see
Shiller, 2000) in the form of speculation can lead traders to purchase overpriced assets not
because fundamentals justify the price, but because they believe there are opportunities for
future capital gains upon resale.

The rapid improvement and diffusion of artificial intelligence (AI) into financial decision-
making raises a natural hope: if mispricings reflect limits in information processing, or limits
in human cognition, then delegating decisions to Al systems that process larger datasets and
that reason more consistently and at greater depth should make markets more efficient.
In this paper, we study whether Al agents participate in speculative bubbles, and whether
increases in Al sophistication improve market efficiency in environments prone to speculative
bubbles.

We use an experimental bubble game to show that Al agents participate in both ratio-
nal and irrational bubbles. In environments where equilibrium logic predicts no-trade, Al
agents participate in speculative trading. Increasing the cognitive capacity of the Al agent
(via higher reasoning effort) reduces, but does not eliminate, such irrational bubbles. On
the other hand, when the environment admits both a no-trade equilibrium and a speculative
bubble equilibrium, increasing the cognitive capacity of Al agents increases their ability to
recognize the two distinct equilibria. However, conditional on recognizing both equilibria, Al
agents systematically select the speculative equilibrium, regardless of their cognitive capac-
ity. Together, these findings suggest that greater Al sophistication (in the form of cognitive

capacity) mitigates inefficiencies that arise from bounded rationality, but they do not elimi-



nate inefficiencies that arise from equilibrium multiplicity; in fact, greater Al sophistication
may even strengthen speculative coordination when bubbles are rational.

In this paper, we use the bubble game of Moinas and Pouget (2013, 2016) to study
speculative behavior by Al agents in the form of large language models (LLMs). The bubble
game is well-suited for isolating speculation because the fundamental value of the traded
asset is zero, so any trade is necessarily justified by resale opportunities rather than by
fundamentals. The game also cleanly separates rational and irrational bubbles depending on
whether prices are capped. When the maximum feasible price is capped, the game admits a
unique no-trade Bayesian Nash equilibrium, so any trade constitutes an irrational bubble.!
When the price cap is removed, the environment can admit both a no-trade equilibrium and
a speculative bubble equilibrium sustained by resale beliefs, so speculative trades can be
consistent with equilibrium incentives.

We implement the bubble game as a one-shot decision problem for LLM agents. Each
agent decides whether to buy an asset offered at a price of P. If the agent buys the asset,
then the agent offers to resell the asset at a price of 10 P. If a subsequent player buys
the asset, then the agent makes a profit, while failure to resell results in a loss because the
fundamental value of the asset is zero, which is common knowledge. Although the underlying
market is sequential, the exogenous price path (multiplying the price by 10 at each step) and
the informational structure (players do not know their position in the market sequence but
can infer information from the observed price) allow the game for each player to be reduced
to a one-shot decision, which makes it straightforward to implement with a prompt.

Our experimental approach with Al subjects in the form of state-of-the-art reasoning
models provides two methodological advantages. First, reasoning models allow us to observe
their internal chain-of-thought, which, unlike elicited belief reports in human experiments,
is generated as part of the inference process that directly determines the action of the agent.

This allows us to study what agents do, and how they reach their decisions. Second, reasoning

! An infection argument in the spirit of Morris et al. (1995) implies that rational players never trade.



models provide a novel way to study the effect of bounded rationality through their reasoning
effort. The reasoning effort acts as an internal thinking budget that controls the number
of reasoning steps the model takes to solve the problem. Crucially, the model remains the
same for different levels of reasoning effort: the underlying model weights are identical, the
training data are identical, and the post-training process is identical. Adjusting the reasoning
effort of the model is equivalent to adjusting the cognitive capacity of the model, where the
knowledge and preferences of the model remain the same, but the difference is how the model
processes and applies the knowledge it possesses.?

We find that Al agents systematically participate in irrational bubbles when the unique
equilibrium is no-trade. The agents also exhibit the snowball effect documented in Moinas
and Pouget (2013), where the propensity to buy increases as more iterated reasoning is
required to derive the equilibrium strategy. Our analysis shows that increasing the cognitive
capacity of the agent reduces the propensity to buy, but does not eliminate the snowball
effect. Thus, the magnitude of the propensity of irrational trades is tied to the cognitive
capacity of the agent, and to the cognitive demands of equilibrium reasoning.

We analyze the internal chain-of-thought of the agents to understand how their reasoning
paths relate to their final decision. When agents explicitly use backward induction in their
reasoning, the propensity to buy decreases, which is consistent with equilibrium logic. How-
ever, backward induction does not eliminate the snowball effect, which suggests that agents
who adopt the correct approach often fail to carry the full iterated reasoning to completion.
Conversely, when agents recognize that the environment is a bubble, the propensity to buy
increases. That is, agents actively attempt to ride the bubble rather than exit the bubble.
This pattern is difficult to reconcile with a pretraining memorization story in which agents

recall the no-trade equilibrium from Moinas and Pouget (2013, 2016). Furthermore, the

2Experimental economics traditionally prioritizes revealed preferences over elicited reasoning or stated
beliefs, in part because verbal reports may reflect ex-post rationalization or imperfect introspection. In our
setting, the internal chain-of-thoughts are not elicited belief reports. Rather, they are generated as part of
the inference process that determines the action of the model, and varying reasoning effort changes both
the content of reasoning and the distribution of choices. We therefore use the internal chain-of-thoughts to
identify mechanisms that underlie revealed behavior, not to substitute for it.



persistence of the snowball effect among agents who are aware of the bubble is consistent
with speculative trades driven by beliefs about resale.

We further analyze the internal chain-of-thought of the agents to understand why they
participate in irrational bubbles. Speculative motives appear in all of their reasoning, while
herding-style justifications appear as a secondary reinforcement (even though herding is
irrelevant to the bubble game). We map the content of their reasoning process to canonical
models of behavioral game theory. We find that speculation is overwhelmingly consistent
with the analogy-based expectation equilibrium of Jehiel (2005). Agents compress a complex
strategic environment into a small number of analogy classes (e.g., “early” vs. “late” in
the market sequence) and best respond to these simplified beliefs. This oversimplification
generates incorrect beliefs about the likelihood of resale and therefore sustains speculative
trades even when equilibrium logic predicts no-trade.

Next, we show that speculative behavior is highly sensitive to framing. We keep the
environment fixed and change only the opponent label. When the Al agent faces Al op-
ponents, speculation largely disappears. However, when Al agents face human opponents,
speculative trading becomes almost certain for most offer prices. Furthermore, when fac-
ing human opponents, Al agents frequently adopt downward-looking beliefs consistent with
cognitive hierarchy models (see, e.g., Camerer et al., 2004). These results show that framing
alters the way in which Al agents form beliefs. Moreover, in mixed populations, buy rates
respond nonlinearly to the population composition. A small fraction of humans can shift
beliefs enough to generate a sharp increase in aggregate participation of the bubble.

Finally, we study equilibrium selection when there is no price cap and the bubble game
admits both a no-trade equilibrium and a speculative bubble equilibrium. Higher reasoning
effort increases the rate at which agents recognize that multiple equilibria exist. However,
conditional on explicitly recognizing both equilibria, agents coordinate on the speculative
equilibrium: the buy rate is 100% regardless of their reasoning level. Thus, while greater

cognitive capacity mitigates inefficiencies driven by bounded reasoning in environments with



a unique no-trade equilibrium, it can increase the likelihood of speculation in environments
with multiple equilibria by improving equilibria recognition and facilitating coordination on
speculative outcomes.

Our results suggest that the relationship between Al sophistication and market efficiency
is not monotonic. Improvements in the cognitive capacity of Al agents reduce mispricings
driven by bounded reasoning, but do not necessarily eliminate bubbles. In fact, improve-
ments in the cognitive capacity may even strengthen speculative coordination when bubbles
are rational. These findings highlight the importance of understanding rational bubbles to
identify environments in which improvements in Al may fail to translate into more efficient
markets.?

Our work builds upon Moinas and Pouget (2013) and contributes to the literature that
documents speculative bubbles in experimental financial markets. The pioneering study of
Smith et al. (1988) documents bubbles in a double auction market for an asset that pays
random dividends. Subsequent work shows that bubbles also arise when the asset has a
constant fundamental value (see Noussair et al., 2001), but tend to disappear when some
traders are experienced (see Dufwenberg et al., 2005), or when traders learn (see Hong et al.,
2021). Other studies highlight different mechanisms behind bubble formation. Lei et al.
(2001) show that speculation is not necessary for bubbles to arise, while Brunnermeier and
Morgan (2010) examine how traders ride bubbles in environments with timing considerations.
Our work differs from this literature by using Al agents as experimental subjects. This setting
allows us to vary cognitive capacity while holding preferences and information fixed, which

provides a novel way to study how bounded rationality affects bubble formation.

3Standard asset pricing arguments rule out bubbles under strong regularity conditions (e.g., transversality
and no-arbitrage in competitive equilibrium), which implies that persistent deviations from fundamentals
require departures from these assumptions (see Santos and Woodford, 1997). A large theoretical literature
identifies several mechanisms through which rational bubbles can arise, including overlapping-generations
economies where intrinsically unproductive assets serve as stores of value (see, e.g., Tirole, 1985; Weil, 1987);
resale motives under short-sale constraints and asymmetric information (see, e.g., Allen et al., 1993; Conlon,
2004); agency and financial frictions such as delegated portfolio management and limited liability (see, e.g.,
Allen and Gorton, 1993; Allen and Gale, 2000); and coordination frictions among sophisticated traders (see,
e.g., Abreu and Brunnermeier, 2003; Brunnermeier and Morgan, 2010; Doblas-Madrid, 2012).



More broadly, our work contributes to the growing literature on unintended consequences
of Al in economic environments. A number of recent studies show that delegating decision-
making to Al can generate anti-competitive outcomes. For example, algorithms can learn
to collude in pricing games through reinforcement learning (see, e.g., Calvano et al., 2020;
Askenazi-Golan et al., 2026), belief learning (see, e.g., Cartea et al., 2026), or even when
implemented with LLMs (see, e.g., Fish et al., 2024; Keppo et al., 2026). Related work
shows that LLMs can also learn predatory strategies (see, e.g., Nikandrova and Parekh,
2025). Closest to our setting is Dou et al. (2025) who show that reinforcement learning
algorithms can learn collusive trading strategies that create and exploit (negative) bubbles
in financial markets. Our contribution differs from this literature by studying speculative
behavior in a controlled experimental market and by examining how variation in cognitive
capacity affects bubble formation and equilibrium selection among Al agents.

The remainder of the paper proceeds as follows. Section 2 describes the bubble game
and the experimental design with Al agents. Section 3 presents the main results on bubble
participation. Section 4 analyzes the reasoning of the agents and the mechanisms that
underlie speculative behavior. Section 5 studies framing effects and mixed populations.
Section 6 examines equilibrium recognition and selection when speculative equilibria exist.

Section 7 concludes.

2. Experimental Setup

We use the bubble game of Moinas and Pouget (2013, 2016) to study whether Al agents
will participate in speculative bubbles. Below, we outline and analyze the bubble game, and

we outline the experimental protocol of our Al subjects.



2.1. Bubble Game

The bubble game is an experimental market designed to study speculative bubbles. Even
though the bubble game features a sequential market for an asset, the design of the game
allows one to reduce the game to a one-shot game, which makes it extremely simple to

implement with Al agents in the form of LLMs.

2.1.1. Game Structure

The bubble game is a market game where players sequentially trade an asset that does
not generate any income and has a fundamental value of zero that is common knowledge.
The game consists of N players that is common knowledge, and each player is randomly
assigned a position in the trading sequence with equal probability. Players do not know
their position in the trading sequence. However, players can infer some information upon
observing the price at which they are offered because the price path is exogenous and evolves
by powers of 10.

The game proceeds sequentially. The first player is offered the opportunity to buy the
asset at a price of P, = 10°"!, where j follows a (truncated) geometric distribution with
parameter 1/2. That is, P (j = k) = (1/2)* /e for k € {1,..., K}, where ¢ = S0 (1/2) is
a normalizing constant. If the first player buys the asset, then he proposes to resell the asset
to the second player at a price 10 times higher, i.e., P, = 10 P;. Continuing this sequence, if
the n'" player decides to buy the asset at P,, then he proposes to resell the asset to the next
player at a price P,.; = 10 P, = 10" P,. At any point of the game, if a player is unable to
resell the asset, then the game ends.

Each player is endowed with one dollar. Their decision is either to buy the asset or not
to buy the asset. If the asset price is greater than one dollar, players can still buy the whole
asset, but upon reselling, players only receive the proportion of the payoffs according to how

much they invested, i.e., 1/P,.*

4Moinas and Pouget (2013, 2016) include an outside financier in their setup. However, the outside



? ? ?
P Buy  p Buy ~ p  Buy
. . . (10, 10, 0)

Don’t buy Don’t buy Don’t buy

(1,1,1) (0,1,1) (10,0, 1)

Fig. 1: Timing of the bubble game with N = 3. The bubble game features a sequential
market. The question marks indicate that players are equally likely to be in any position of
the trading sequence, and to be offered to buy at prices Py, P», or Pj.

Consider a player who buys the asset at a price of P,. If he is unable to resell the asset,
then his final wealth is zero because the fundamental value of the asset is zero. On the other
hand, if he is able to resell the asset, then he receives 1/P, percent of the resale value of
P,;1 = 10 P,. Thus, his final wealth is 10 dollars. Finally, if a player refuses to buy the
asset, or if the game ends before his turn, then he retains his initial endowment of one dollar.

Figure 1 illustrates the timing of the bubble game with N = 3 and the associated payoffs.

2.1.2.  Equilibrium Analysis

The bubble game features both rational and irrational bubbles depending on whether or

not there is a price cap. For each player i, speculating is rational if

[1 — P (last)] - P (next player buys) - u; (10)
(IRC)
+ [[1 — P (last)] - P (next player does not buy) + P (last) | - u; (0) > u; (1)

holds, where w; (-) is the utility of player 7, and PP (last) is the posterior probability that
player ¢ is the last player conditional on the price he is offered.

The equilibrium depends on whether there is a cap on the maximum price. With finite
players N, if we truncate the geometric distribution so that P, = 105! is the highest
possible realization of the first price, then this implies that the maximum price of the game

is capped at 1057¥=2_ On the other hand, if we allow K to go to infinity, so the distribution

financier is not included in their experiments, so we only present the setup without the outside financier.

9



of the first price P; is geometric, then there is no (implicit) cap on the maximum price.

Price Cap When K is finite, there is a unique Bayesian Nash equilibrium in which a
bubble never forms because all the players do not trade as a consequence of a backward
induction type argument.

In the bubble game, the maximum price cap may not be reached, so players can never
fully know they are the last in the market sequence unless they are offered the maximum price
cap. As a consequence, standard backward induction cannot start. Instead, the equilibrium
is solved through an infection argument in the spirit of Morris et al. (1995). Consider a
player who is offered the asset at the maximum price cap. The player understands that he
is last in the market sequence with no possibility to resell the asset. Thus, he refuses to buy.

Next, consider a player who is offered one price below the maximum price cap. Upon
observing the price, the player infers that he is either last or second to last in the market
sequence. If he is last in the market sequence, then he refuses to buy. Similarly, if he is
second to last, he anticipates the next player will also refuse upon offered the maximum price
cap. Thus, he also refuses to buy. This iterated reasoning process continues all the way to
all of the lower prices, so the unique equilibrium is no bubble. In general, a player who is
offered a price of P needs to iterate this reasoning for log,, (1OK N2/ P) steps to derive the
equilibrium strategy. As a consequence, if players buy the asset when there is a price cap,

then an irrational bubble forms.

No Price Cap When the value of K goes to infinity so that the distribution of the first
price is geometric, a rational bubble can arise as an equilibrium if (IRC) holds for all players.
The bubble equilibrium exists because players are never sure to be the last in the market
sequence. Indeed, if players anticipate that other players will speculate, then there exist
increasing and concave utility functions u; () for which (IRC) holds.

To see this in a general setting, consider the set of potential prices defined as P &

{m™ for m > 1 and n € N}, where m is the price explosiveness parameter, which we set as

10



m = 10, then the posterior probability of being the last player conditional on the price is

0 if P=m"<mMN-1,
P (last) = (1)

1—q - _
1_q(11v if P=m">m""!,

where P is the offered price, and ¢ € (0,1) is the parameter of the geometric distribution of
the first price, which we set as ¢ = 1/2.
If we use (1) to rewrite (IRC), it is straightforward to show that for risk-neutral players,

there exists a bubble equilibrium if and only if

1—qN

q—qV

m >

This condition is less restrictive as the number of players N increases, or if the price is more
explosive, i.e., the value of m is larger. Similarly, suppose players have constant relative risk
aversion utility given by u; (z) = 27 /(1 — ;) if 9 > 0,7; # 1, and given by u; (z) = In(x)
if v; = 1, where ~; is the level of risk aversion for player . For ; # 1, there exists a bubble

equilibrium if and only if

ln(q
v <1—

I (m

\/ 2

for all i € {1,..., N}. This condition must hold for all players, and becomes less restrictive

° Thus, if there is no price cap

if there are more players, or if the price is more explosive.
and if (IRC) holds for all players, then a rational bubble forms when players buy the asset
because the asset trades at a value that exceeds its fundamental value.

Finally, no bubble is always an equilibrium. If players anticipate that other players will

reject the offer, then they are better off if they refuse to buy the asset.

5In both the risk-neutral and the constant relative risk aversion utility, we focus on when the posterior
probability of being last player is non-zero because (IRC) trivially holds otherwise. For a more comprehen-
sive analysis, see the Supplementary Material of Moinas and Pouget (2013) where they also discuss mixed
strategies.
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2.2. Al Subjects

We implement the bubble game with LLMs as our experimental subjects. The LLMs
take a textual instruction (“prompt”) as an input and provide a textual response as the
output. In the context of the bubble game, this is similar to the protocol with human
subjects, where written instructions are given to human subjects and their responses are
recorded. In our experiments, we use the state-of-the-art reasoning model of GPT-5.2 under
two configurations: low reasoning effort and high reasoning effort. The benefit of reasoning

models is that one can extract and analyze their reasoning process.

2.2.1. LLMs and Reasoning Models

Fundamentally, LLMs are neural networks that are trained to predict the next token in
a sequence of text, where a token is a sequence of short characters. Most modern LLMs
use the transformer architecture of Vaswani et al. (2017) that allows the neural network to
incorporate the context surrounding a token in a cheap and scalable fashion.

State-of-the-art models such as OpenAl’s GPT-5 are trained in two distinct phases. First,
the model is pretrained through supervised learning from diverse datasets that include public
and licensed text (see OpenAl, 2025). The objective in the pretraining phase is to predict
the next token. This phase of training is where the model acquires its knowledge base.

The second phase of post-training differs for reasoning and non-reasoning models. The
post-training objective for non-reasoning models is to maximize expected human satisfaction,
and this is trained through reinforcement learning with human feedback (see OpenAl, 2023).
On the other hand, the post-training objective for reasoning models is to train the model to
reason through reinforcement learning (see OpenAl, 2025).

The success of reasoning models stems from chain-of-thought prompting. Wei et al.
(2022) show that generating a series of intermediate reasoning steps improves the ability
of LLMs to perform complex reasoning. Through reinforcement learning, reasoning models

learn to tackle a problem through a series of intermediate reasoning steps. This allows the
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model to refine their thinking process, to try different strategies, and to recognize their
mistakes (see OpenAl, 2025). Consequently, reasoning models are trained to think before
they answer. They generate an internal chain-of-thought which one can extract and analyze
to understand their approach to solving the problem.® This phase of training is where the
model learns to use its knowledge base.

Reasoning models can be configured to control the number of reasoning tokens they
use during inference. This acts as an internal thinking budget that controls the number of
reasoning steps the model takes to solve the problem. For example, with low effort, the
model may prematurely end its reasoning steps and return to the first reasonable solution;
while with high effort, it may extend its reasoning steps, backtrack if it finds an error, and
verify the answer before responding.

Crucially, the model remains the same for different levels of reasoning effort: the un-
derlying model weights are identical, the training data are identical, and the post-training
process is identical. Adjusting the reasoning effort of the model is equivalent to adjusting
the cognitive capacity of the model, where the knowledge of the model remains the same,
but the difference is how the model processes and applies the knowledge it possesses. With
reasoning models, one can study the effect of bounded rationality, in the form of cognitive

capacity, on bubble formation in Al subjects.

2.2.2.  Prompt Structure

By design, the bubble game can be reduced to a one-shot game. Thus, the bubble game

is played by simply prompting our subjects. There are three components to our prompts.

1. System Prompt. The agent is tasked to play a game. Here, we follow the best
practices for reasoning models and encourage the model to reason freely.
2. Game Information. The details of the game are outlined with examples and the

payoffs are spelt out. We modify the instructions of Moinas and Pouget (2013, 2016)

50penAl does not expose the raw reasoning tokens from the model for safety reasons and for competitive
secrecy. Instead, they provide a summary of the model’s reasoning.
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so that the parameters of the game can be easily adjusted.
3. Treatment. The agent is given the parameters of the game along with any treatment

specific details.

Appendix A provides the details for all the prompts we use with concrete examples.
In all prompts, we restrict the subject to respond with either a YES or a NO. The internal

chain-of-thought from the model is extracted directly from the API.”

2.3.  Ezxperimental Design

An important consideration for our experiments is that LLMs are not deterministic.
Specifically, they sample from a probability distribution to generate the next token. As a
consequence, this can lead to different responses in the same experimental setting.® This
stochasticity also extends to their internal chain-of-thought, which can result in different
approaches to solving the same problem.

Formally, chain-of-thought (CoT) models can be represented sequentially as

CoT; ~ p(CoT; | prompt, reasoning)

CoTy ~ p (CoTy | prompt, reasoning, CoT;)

CoT,, ~ p(CoT,, | prompt, reasoning, CoTy.,,_1)

a ~ p(a|prompt, reasoning, CoT1.,) ,

where a € {YES,NO} is the final decision of the model. The length of the realization of

the chain-of-thought path CoT}y., is random but depends on the reasoning level. Thus, the

"The default setting of reasoning models do not include the output from the reasoning summary, so this
parameter must be explicitly activated.

8In previous versions, such as GPT-4, one can control the level of stochasticity through the temperature
parameter. However, this feature is not available for GPT-5.2.
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choice rule of the LLM is the conditional distribution
p (a | prompt, reasoning) = / p (a | prompt, reasoning, CoT) p (CoT | prompt, reasoning) dCoT ,

where the reasoning level alters the distribution over possible chain-of-thought paths and

therefore the induced distribution over final answers.?

To address this stochasticity, we
repeat each treatment 100 times to characterize both their behavior and their reasoning
process.

In the baseline experiments, the number of players is N = 100, and we consider offer prices
P € {10,100,10',10°°, 10%}, price cap parameter K € {5, 10,20, 100,200}, and reasoning
levels r € {low, high}. This produces a 5 x 5 x 2 factorial design, and each treatment is

given by the triplet (P, K,r). Here, the unique equilibrium is no-trade because the price is

capped, so trades in this setting is participation in irrational bubbles.

3. Bubble Participation

We study bubble participation of Al agents and document three core findings. First,
reasoning models systematically participate in speculative bubbles and exhibit the snowball
effect: the buy rate increases as more iterated reasoning is required to derive the equilibrium
strategy, i.e., the buy rate increases as log;, (10K+N*2/P) increases. Second, increasing the
reasoning effort reduces bubble participation. Third, Al agents are less likely to participate
in the bubble if they use backward induction in their reasoning process, but they are also
more likely to participate in the bubble if they recognize the game as a bubble.

Economically, this establishes two implications for market outcomes. First, Al agents
participate in irrational bubbles. That is, Al agents can generate substantial speculative
trades in environments where a backward induction argument implies a unique no-trade

equilibrium. Second, the magnitude of the propensity of speculative trades is tied to the

In contrast, the choice rule for non-reasoning models without internal chain-of-thought is p (a | prompt).
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cognitive capacity of the Al agent, and the cognitive demands of equilibrium reasoning. This

ties the formation of irrational bubbles to the bounded rationality of Al agents.

3.1.  Cognitive Capacity and the Snowball Effect

We examine the buy rates of the Al agents. For each treatment triplet (P, K,r), we
estimate the buy rate as the fraction of YES decisions out of the 100 repetitions. Figure 2
shows the buy rates as a function of the offered prices for each price cap parameter K, and

for low and high reasoning.

—— K=5
K=10
—o— K=20
0.8 1 0.8 1 —o— K=100
—e— K=200
0.6 0.61
1]
o
>
=]
m 0.4 0.4 1
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—— K=20
—o— K=100
—o— K=200
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Price Price
(a) Low reasoning (b) High reasoning

Fig. 2: Buy rate for low and high reasoning.

Several patterns emerge. First, bubble participation is economically significant. With
low reasoning, buy rates are often between 70-90% across a wide range of offered prices and
price cap parameters. Second, increasing the cognitive capacity of the Al agent reduces their
participation in speculative trades. However, even with high reasoning, non-trivial buy rates
persist (around 10-20%) for a wide range of offered prices and price cap parameters.

This shows that state-of-the-art Al agents participate in speculative trades even when

equilibrium logic predicts no-trade because the price is capped. Economically, this means
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that Al agents are willing to hold an overpriced asset which can only be justified by resale
opportunities, not fundamentals; that is, Al agents participate in speculation.

Finally, Al agents also exhibit the snowball effect documented in Moinas and Pouget
(2013, 2016). Specifically, the buy rate increases as more iterated reasoning is required to
derive the equilibrium strategy, i.e., the buy rate increases as log, (10K TN=2) P) increases.'?
This corresponds to a higher buy rate for lower offer prices P and for higher price caps K.
The implication is that Al agents are more likely to generate bubbles in environments that
require deeper iterated reasoning.

Table 1: Wilcoxon signed-rank test p-values.

(a) Pairwise comparison of the offer price P.

P =100 P =10% P =10 P =10%
P =10 0.0076 0.0098 1.0000 0.0020
P =100 . 0.2357 0.0020 0.0020
P =10% . . 0.0059 0.0020
P =10 . . . 0.0020
P =10%
(b) Pairwise comparison of the price cap K.
K =10 K =20 K =100 K =200

K=5 0.0109 0.0208 0.0137 0.0020

K =10 . 0.4990 0.2754 0.0127

K =20 . . 0.1055 0.0075

K =100 . 0.0020

K =200 .

Observations are matched at the treatment level. Each pairwise test is based on 10 matched
treatments.

To formalize these patterns, we use the Wilcoxon signed-rank test to determine whether
the median of the differences between paired observations is significantly different from zero.
Table 1 reports the p-values from the Wilcoxon signed-rank test for pairwise comparisons of

the offer price P (top panel) and pairwise comparisons of the price cap K (bottom panel).

10 Another element of the snowball effect is that the buy rate increases as the probability of not being last
increases. For the combinations of offered prices and price caps we consider, the probability of being last is
always zero, so we do not investigate this element of the snowball effect.
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The observations are matched at the treatment level. Thus, for each pair of offer prices, we
match buy rates within each fixed (K, r) combination and treat them as paired observations;
similarly, for each pair of price caps, we match buy rates within each fixed (P, ) combination
and treat them as paired observations. This leads to 10 matched samples for each pairwise
comparison.

The results support the snowball effect. Pairwise comparisons against P = 10% are all
significant with p-values of 0.002. Cross-referencing with Figure 2 shows that the buy rates
for lower offer prices are statistically greater than the buy rate for P = 10%°. Similarly,
pairwise comparisons against K = 200 are all significant at the 1% level. Thus, the buy rate
for K = 200 is statistically greater than the buy rates for lower price caps. Therefore, lower
offer prices and higher price caps lead to increased buy rates, which is direct support for the
snowball effect.

Finally, we quantify the effect of cognitive capacity by comparing buy rates under low and
high reasoning with observations matched at the treatment level. The difference is significant
with a p-value of 5.96 - 1078, which shows that increasing the cognitive capacity of the Al
agents reduces bubble participation. This, together with the snowball effect, connects the
bounded rationality of Al agents to the formation of irrational bubbles.

We estimate a binomial generalized linear model with a logit link at the treatment level
to sharpen our statistical analysis. Let p; denote the buy probability in the treatment triplet
t = (P, K,r). We estimate

loglt (pt) - BO + 61 Stepst + 52 :H-Reasoning = High + 63 Stepst X ]]-Reasoning = High + ok,

where Steps, = K + N — 2 — log;, (P) is the number of reasoning steps required to derive
the equilibrium strategy under the treatment triplet ¢t = (P, K,7), and Igeasoning = High = 1
when the reasoning level is high and is zero when the reasoning level is low. Finally, ax are

fixed effects for the price cap.
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Table 2: Snowball Effect Regression.

Coefficient p-value
Intercept —1.1226%** 0.000
Steps 0.0226%** 0.000
ILReasoning = High —3.658 7 0.000
Steps X 1Reasoning = High —0.0017 0.141
Observations 50

Binomial generalized linear model with a logit link estimated at the treatment level. Fixed

effects for K included but not reported. *** p < 0.01, ** p < 0.05, * p < 0.10.

Table 2 reports the results of the regression and confirms the patterns in Figure 2. The
positive and significant coefficient on Steps confirms the snowball effect: the propensity to
buy increases with the cognitive demands of equilibrium reasoning. Furthermore, increasing
the reasoning level, i.e., the cognitive capacity of the AI agent, reduces the propensity to
buy. However, the interaction term is negative but not statistically significant. Therefore,
higher reasoning reduces the propensity to buy, but does not eliminate the snowball effect.

While the decisions of the Al agents alone are insightful, their internal chain-of-thought
provides valuable insights into their underlying logic and latent reasoning structures. In
particular, we can study their approach to solving a problem (i.e., their procedural rationality,

see Simon, 1957) and how it relates to their final decision.

3.2.  Procedural Rationality and Chain-of-Thought

Our results show that deviations from the no-trade equilibrium depends on the difficulty
of equilibrium reasoning and the cognitive capacity of the AI agents. Here, we use the
internal chain-of-thought to measure the procedural rationality of the Al agents and relate
it to bubble participation.

For each realization, we classify whether the agent (i) uses game theoretical reasoning to
solve the problem, (ii) uses backward induction to solve the problem, and (iii) is aware that

the game is a bubble. Figure 3 shows the rates of these reasoning features as a function of
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the offered prices for each price cap parameter K, and for low and high reasoning. High
reasoning increases the prevalence of each category, particularly backward induction and
bubble awareness. The Wilcoxon signed-rank test shows that the increase in each category
due to high reasoning are all significant at the 1% level. This shows that increasing the
reasoning level increases the procedural rationality of the agent: it increases the probability
that they use equilibrium-relevant reasoning when solving the problem.

Figures 4 and 5 condition the buy rates on backward induction and bubble awareness,
respectively. The conditioning separates two economically distinct channels.

First, conditioning on backward induction highlights the equilibrium reasoning channel.
Theoretically, if the agent applies backward induction correctly, then the bubble unravels
and no-trade is the unique outcome. However, Figure 4 shows that backward induction does
not eliminate irrational bubbles. Instead, the persistence of the snowball effect highlights
the cognitive limitations of the agents. Thus, the agents may understand the structure of
the problem, but fail to carry through the required iterated reasoning to solve the problem.

Second, conditioning on bubble awareness highlights the speculation channel. Even
though recognizing the environment as a bubble does not pin down the no-trade outcome,
Figure 5 shows that the agents actively ride the bubble.

To test these channels formally, we construct binomial counts for realizations with and
without a given reasoning feature within each treatment. We use binomial generalized linear

models with a logit link at the treatment and CoT-feature level to estimate

loglt (pt,f> = 60 + Bl ]1f€COT + 62 Stepst + B3 ]]-Reasoning = High + ok,

where 1 fecor denotes the channel we study, and f € {Backward Induction, Bubble Awareness}
is the reasoning feature. Thus, 1gackward InductionecoT = 1 if the agent uses backward induc-
tion in his reasoning process and is zero otherwise. Similarly, Igupble AwarenesseCor = 1 if

the agent recognizes the game as a bubble in his reasoning process and is zero otherwise.
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For each channel, we also estimate the model with and without the interaction between

Steps X 1ccor, Which results in a total of four models.

Table 3: Backward Induction and Bubble Awareness on the Propensity to Buy.

Backward Induction Bubble Awareness

(1)

(2)

(3)

(4)

Intercept 1.1208%** 0.9869* —1.1776***  —1.2046***
(0.006) (0.089) (0.000) (0.001)
]]-Backward InductioneCoT _23503*** —22018***
(0.000) (0.000)
]]-Bubble Awarenessc CoT 02582** 0.3136
(0.017) (0.167)
Steps 0.0221%%** 0.0233%*%* 0.0221*** 0.0223%**
(0.000) (0.000) (0.000) (0.000)
]]-Reasoning = High —3.8275%** —3.827TH** —4.0209%** —4.0156%**
(0.000) (0.000) (0.000) (0.000)
Steps X ]]-Backward InductioneCoT —0.0013
(0.757)
Steps X ]]-Bubble Awarenesse CoT —0.0004
(0.746)
Observations 95 95 100 100

Binomial generalized linear models with a logit link. Fixed effects for K included but not

reported. Standard errors clustered at the treatment level. p-values in parentheses. ***

p < 0.01, ** p < 0.05, * p < 0.10.

Table 3 reports the results of the regressions with standard errors clustered at the treat-
ment level.!! The table shows two key findings.

First, when the agent uses backward induction, the propensity to buy decreases. This
effect is statistically significant and highlights the effect of procedural rationality. The result
suggests that bubbles partly persist because the agents do not always take the correct ap-
proach to solving the problem. However, backward induction does not eliminate the snowball
effect: the coefficient of the interaction term is close to zero and statistically insignificant.

Together, the implication is that while backward induction reduces the propensity to buy,

UFor high reasoning, there are five treatments where the rate of backward induction is 100%. Our results
do not change if we restrict the samples to treatments where within treatment comparisons exist.
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agents who use backward induction also fail to carry through with the required iterated
reasoning to solve the problem.

Second, recognizing the game as a bubble does not eliminate speculation. Instead, the
propensity to buy increases. This contrast also addresses a concern about pretraining. Our
experiment is based on the bubble game of Moinas and Pouget (2013, 2016), so the concern is
that most likely the agent has been exposed to their paper during pretraining.'? Therefore,
the concern is that the agent recalls the no-trade equilibrium from its training data. If
their decision was driven by memorizing the equilibrium solution, then recognizing the game
as a bubble should decrease participation. Instead, we find the opposite. This pattern is
difficult to reconcile with a memorization argument because the agents do not regurgitate
the no-trade solution. Instead, they continue to speculate upon recognizing the bubble.

Finally, the persistence of the snowball effect among agents who are aware of the bubble
is consistent with speculative trades driven by beliefs about resale. The next section inves-
tigates the formation of beliefs that underlie their speculative behavior, and connects their

beliefs and decisions to models of behavioral game theory.

4. Al Reasoning

We examine the mechanism that underlies speculation by Al agents, and why the agents
deviate from the no-trade equilibrium when the price of the asset is capped. An equilibrium
requires players to have beliefs that are consistent with the actual strategies played, and
that each player chooses a best response based on these beliefs. Therefore, do Al agents
speculate because they form correct beliefs, but do not best respond (see, e.g., Quantal
Response Equilibria of McKelvey and Palfrey, 1995, 1998)7 Or because Al agents best
respond, but form incorrect beliefs (see, e.g., Camerer et al., 2004; Jehiel, 2005)?

A key benefit with reasoning models is that we can analyze the reasoning summaries

to study the justifications that accompany speculative trades. Instead of fitting structural

12GPT-5.2’s knowledge cutoff date is 31 August, 2025.
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models to the observed behavior to infer which behavioral model best fits the data (see, e.g.,
Moinas and Pouget, 2013), we directly observe their reasoning process through their internal
chain-of-thought. This allows us to move beyond behavioral inference and examine which
behavioral model best matches the reasoning process.

Our analysis shows that Al agents participate in speculation because they oversimplify
the environment when forming their beliefs. Specifically, the agents bundle the nodes of
the game into analogy classes consistent with the analogy-based expectation equilibrium

(ABEE) of Jehiel (2005).

4.1.  Reasoning Themes

We study the high-level themes that the Al agents use to justify their decision to partic-
ipate in the irrational bubble. We restrict our attention to realizations in which the agent
participates in the bubble, and he also recognizes the environment as a bubble.

Within this subset, we classify the reasoning summaries into two themes:

1. Speculation: the agent tries to ride and to profit from the bubble because he believes
the next person is likely to buy.

2. Herding: the agent uses the actions of previous players to inform his decision to buy.

We allow multiple themes within a single realization. An agent can have both speculative
motives and simultaneously justify their decision through the actions of previous players. Al-
though the bubble game is not designed to study herding, we consider herding as a reasoning
theme because, despite playing no role in the equilibrium logic of the game, it frequently
emerges in the internal chain-of-thought of the agent.!?

Figure 6 shows the classification based on the two reasoning themes. The classification

shows that speculation is the dominant reasoning theme. Speculative motives appear in all

13The bubble game is not designed to study herding because it does not have the usual forces that generate
rational herding. For example, it does not have information externalities present in the herding model of
Banerjee (1992), or the information cascade model of Bikhchandani et al. (1992). Nor does it have the
reputational concerns of Scharfstein and Stein (1990), or coordination problems with multiple equilibria of
Diamond and Dybvig (1983) when there is a price cap.
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Classification is performed on answers where the agent participates in the bubble, and also
recognizes the environment as a bubble. Prices with no bars are because no samples exist for

the treatment triplet.

the internal chain-of-thoughts.!* Although herding arguments appear with a non-trivial fre-

quency, the herding arguments always appear along with a justification based on speculative

motives. This suggests that bubble participation is primarily driven by beliefs about the

potential for future resale, while herding acts as a secondary justification to reinforce the

decision of the agent to participate in the irrational bubble.

4.2.  Belief Formation under Speculation

To gain further insights into why Al agents speculate, we analyze which behavioral model

best matches the reasoning process of the agent. Following Moinas and Pouget (2013), three

behavioral models are most relevant:

14The bar in the bottom panel of Figure 6 does not sum to 100% because the internal chain-of-thought

was incomplete, so the agent did not justify his answer.
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1. The ABEE of Jehiel (2005). The agent oversimplifies the problem into analogy classes,
and plays a best response based on the belief about the behavior in each analogy class.
Two analogy classes are relevant here: (i) players who are sure of not being last, so
they are early in the bubble, and (ii) players who have a non-zero probability of being

last, so they are late in the bubble.

We classify the reasoning process as ABEE if the agent buys because he inferred that he, or

the next player, is early or not too late in the market sequence.

2. The cognitive hierarchy (CH) model of Camerer et al. (2004). The agent holds downward-

looking beliefs about his opponents.

We classify the reasoning process as CH if the agent buys because he believes that his

opponents are less sophisticated than himself.

3. Quantal response equilibria (QRE) of McKelvey and Palfrey (1995, 1998). The solu-
tion concept postulates that players hold correct beliefs but make errors when best
responding. Players do not always choose the best action, but choose what is better

more often.

We classify the reasoning process as QRE if the final decision of the agent is inconsistent
with his reasoning. Our classification for QRE is weaker than the definition because we do
not require the agent to have correct beliefs.'

Figure 7 shows the classification based on the three behavioral models. The classification
shows that ABEE is the most common reasoning process that leads to speculation. This rea-
soning process holds across both low and high reasoning, and the ABEE reasoning accounts

for over 80% of the answers across treatment triplets. This also explains why recognizing

15 At a mechanical level, the process LLMs use to stochastically generate the next token resembles a quantal
response: tokens are generated probabilistically rather than deterministically. However, they key aspect of
QRE is the payoff responsiveness of the final action. Thus, keeping with the spirit of QRE, our classification
focuses on whether the reasoning is consistent with the final decision.
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Fig. 7: Speculative Beliefs.

Classification is performed on answers where the agent participates in the bubble, and also
recognizes the environment as a bubble. Prices with no bars are because no samples exist for
the treatment triplet.
the bubble does not reduce participation. Recognizing the situation as a bubble does not
deter participation if the agent finds it profitable to speculate given his incorrect belief.
The broader implication is that Al agents can often oversimplify difficult strategic prob-
lems. Rather than working through the full chain of reasoning required to determine the
equilibrium outcome, Al agents form simplified expectations of the market. Consequently,
AT agents sustain irrational bubbles because they compress a complex strategic environment
into a tractable mental shortcut. This compression of strategic complexity can contribute
to the persistence of bubbles in markets where decisions are delegated to Al agents, and if
these agents also rely on similar simplifications. For example, if some investors follow this
ABEE approach, then Bianchi and Jehiel (2025) show that bubbles and crashes can arise in
a purely speculative market in which information is complete and it is commonly understood

that the bubble cannot grow forever.
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5. Opponent Framing and Belief Formation

We examine whether the behavior of the AI agent depends on the perceived type of
opponent. This question is economically relevant for markets that adopt the use of Al agents.
If AT agents condition their beliefs on the perceived sophistication of their counterparties,
then market outcomes may depend not only on incentives but also on the composition of
the population.

We find that opponent labels materially affect behavior. When facing human opponents,
the AI agents form downward-looking beliefs consistent with CH models. When facing Al
opponents, speculation largely disappears. Our results show that belief formation in Al
agents depends on the opponents they face, and that a small change in market composition

can significantly alter speculative dynamics.

5.1.  Opponent Type

We study the effect of framing based on the type of opponent the AI agent faces.
We focus only on high reasoning, and we fix K = 20 and vary the offer price P €
{10,100, 10'°,10%°, 10%, 1016, 10"7} to include offer prices close to the price cap of 10,
For each offer price, we run the prompt with two opponent labels: (i) “opponents are other
independent copies of yourself”, and (ii) “opponents are humans”. All other parts of the
prompt remain identical.

Figure 8a plots the buy rate by the offer price for each type of opponent. The figure
shows that the buy rates are highly sensitive to opponent labels. When facing Al opponents,
speculation largely disappears. On the other hand, when facing human opponents, specula-
tive trading is almost certain for all offer prices other than the penultimate offer price. The
results show that Al agents condition their behavior on the perceived sophistication of their
opponents. That is, the same strategic environment can produce vastly different outcomes

depending on the label of the opponent. This resembles the effect of framing in Tversky and
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Fig. 8: Buy Rate and Speculative Beliefs by Opponent Type.

Classification is performed on answers where the agent participates in the bubble.

Kahneman (1986). The implication here is that market stability can be influenced by infor-
mational framing effects in Al systems. Specifically, framing effects can amplify or dampen
speculative dynamics, independent of underlying incentives.

A closer look at the buy rate against humans at the penultimate offer price shows that, in
many instances, Al agents perceive human opponents as level-0 players, who act randomly
and non-strategically. In fact, for speculation to be profitable here, the human opponent
must be unable to infer that being offered the asset at price P = 10''® means that he is last
in the market sequence with probability one. The results show that Al agents can exploit
the bounded rationality of humans, but at the same time, Al agents can also underestimate
the rationality of humans, potentially to their own detriment (we like to believe that most
humans are more sophisticated than level-0 players).

To confirm this downward-looking belief against humans, Figure 8b classifies the reason-
ing process against humans based on the three behavioral models. The classification shows
that CH is the most common reasoning process that leads to speculation against humans

opponents; that is, Al agents speculate because they believe humans are less sophisticated
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than themselves. The results show that the framing effect alters the way in which Al agents

forms beliefs.

5.2.  Population Miz

We analyze how small changes in the framing effect can drastically alter market outcomes.
We fix K = 20, P = 10'°, and consider population compositions where the fraction of humans

lies between [0, 0.15], and the remaining population consists of AT agents.

00%  50%  10.0%  15.0%
Percentage of Human

Fig. 9: Buy Rate for Various Proportions of Human Opponents.

Figure 9 shows the buy rate as a function of the percentage of humans in the population
composition. The figure shows a non-linear sigmoid-like relationship where the buy rate is
near zero when the population is all Al agents, and then increases sharply as the human
population grows. The results show that a small fraction of human players can alter the
belief of AI agents in a way that materially changes aggregate participation.

Although manipulating the label of the opponent is a framing effect, our results have
implications for market efficiency. In the bubble game with a price cap, the no-trade equilib-
rium is the efficient market benchmark, and deviations from the efficient price arises through
speculation. When agents face other Al agents, speculative trade is substantially lower and

outcomes are closer to efficient markets. In mixed environments, where even a small frac-
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tion of participants are human, speculation increases and deviations from efficient markets
become larger. Thus, market efficiency in Al-driven markets may depend on population
composition. Purely Al markets and mixed human-Al markets can generate systematically

different outcomes, not because fundamentals differ, but because belief formation differs.

6. Equilibrium Selection

We return to the baseline experiments and analyze how Al agents select between equilib-
ria. When there is no price cap, i.e., K = 0o, the bubble game admits a no-trade equilibrium
and a rational bubble equilibrium. We study whether Al agents recognize the two distinct

equilibria, and if they do, which equilibrium do they select.
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Fig. 10: Multi-Equilibria Recognition and Conditional Buy Rates with no Price
Cap.

Figure 10a analyzes the internal chain-of-thought and visualizes how frequently the agents
recognize that the game admits multiple equilibria when there is no price cap. The results
show that equilibria recognition rates are substantially higher with high reasoning, and a

Wilcoxon signed-rank test shows that this increase in equilibria recognition is statistically
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significant at the 10% level (p-value = 0.0625). This shows that the ability of the agent to
recognize the two equilibria depends on their cognitive capacity.

Figure 10b visualizes the buy rate conditional on recognizing the two equilibria. The
results show that whenever agents explicitly acknowledge both the no-trade and the bubble
equilibrium, the conditional buy rate is 100% across reasoning levels. Together, the results
show that cognitive capacity affects equilibrium recognition, and, conditional on recognizing
both equilibria, Al agents systematically select the speculative equilibrium, regardless of
cognitive capacity.

The implication is that, when given a choice between the no-trade equilibrium and the
speculative bubble equilibrium sustained by resale beliefs, Al agents systematically select
the speculative equilibrium instead of the risk dominant no-trade equilibrium. The broader
economic implication is that while increasing the cognitive capacity of Al agents reduces
irrational bubbles in environments with a unique equilibrium, it also increases the likeli-
hood of speculation in rational bubbles by raising the probability that agents recognize and

coordinate on speculative equilibria when multiple equilibria exist.

7. Discussion

The central finding of this paper is that Al agents participate in both rational and
irrational bubbles.

In environments where bubbles are irrational, Al agents generate substantial speculative
activity. Increasing the cognitive capacity of the Al agents reduces speculation, but does
not eliminate irrational bubbles. The internal chain-of-thought of the agents reveals that
speculation in irrational bubbles is systematic. Rather than executing the full chain of iter-
ated reasoning required to solve the equilibrium, Al agents participate in irrational bubbles
because they form incorrect beliefs through simplified expectations of the market, which is

consistent with the analogy-based expectation equilibrium of Jehiel (2005).
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Furthermore, Al agents are sensitive to framing effects when forming their beliefs. Even
when the strategic environment is fixed with a unique no-trade equilibrium, changing only
the opponent label leads to substantial differences in speculative behavior. When facing hu-
man opponents, Al agents form downward-looking beliefs consistent with cognitive hierarchy
models and speculate because they expect humans to act less strategically. However, when
facing other Al agents in the same environment, speculative trades sharply decline. There-
fore, small changes in framing alters how Al agents form beliefs, which materially affects
market outcomes.

On the other hand, when the strategic environment admits both a no-trade equilibrium
and a speculative bubble equilibrium sustained by resale beliefs, increasing the cognitive
capacity of the Al agents increases their ability to recognize the two distinct equilibria.
However, conditional on recognizing both equilibria, Al agents systematically select the
speculative equilibrium, regardless of cognitive capacity. This suggests that when speculation
is supported by equilibrium incentives, Al agents are willing to coordinate on speculative
outcomes.

These results highlight an important distinction. When bubbles are irrational, specu-
lation reflects bounded reasoning; but when bubbles are rational, speculation reflects equi-
librium coordination. Increasing the cognitive capacity of Al agents changes the type of
bubble participation, but it does not necessarily eliminate bubbles. More capable agents
produce fewer irrational bubbles, but remain willing to engage in rational bubbles when the
environment permits it.

These findings have direct implications for market efficiency. The relationship between
the capability of Al agents and market efficiency is not monotonic. Improvements in Al
agents mitigate inefficiencies that arise from bounded rationality, but they do not eliminate

inefficiencies that arise from equilibrium multiplicity.
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Appendix A. Prompts

System Prompt: Your task is to play a game and you should carefully analyze the problem

before answering. You may reason freely and thoroughly.

Game Information: This game consists of NV players. Each player is given 1 dollar that
can be used to buy the asset. In this game, your decision is to choose whether or not to
buy the asset. This asset does not generate any income. If the asset price is greater than 1
dollar, you can still buy the whole asset, but when reselling, you receive the proportion of
the profits according to how much you invested and your initial capital.

The game proceeds sequentially. The first player is offered the opportunity to buy at a
price P;. If he buys the asset, he proposes to sell the asset to the second player at a price 10
times higher (P, = 10 P;). If the second player buys the asset, then the first player collects
a total of 10 dollars. The second player then proposes to sell the asset to the third player
at a price 10 times higher (P3 = 10 P, = 10% P). If the third player buys the asset, then
the second player collects a total of 10 dollars. Continuing this logic, if the n'* player buys
the asset, then the n'* — 1 player collects a total of 10 dollars. The n'* player then proposes
to sell the asset to the n'* + 1 player at a price 10 times higher (B,,; = 10 P, = 10" P,).
Finally, if the N** player buys the asset, then the N** — 1 player collects a total of 10 dollars.

The N** player cannot find anyone to sell the asset to, so if he buys the asset, then he loses

38



1 dollar because the asset has a fundamental value of 0 dollars. Similarly, if the n'* player
decides not to buy, then the n'* — 1 player loses 1 dollar. If the n'* player decides not to
buy, then the game ends and all remaining players keep their dollar.

You do not know your position in the game. Positions are randomly determined with
equal probability. The price proposed to the first player, P; is random and given by the
following probabilities: P, = 10°~! with probability p; = (1/2)//c for j € {1,--- , K},
and ¢ = Z]K:l(l /2)7. Know that the proposed prices can give you information about your

position in the game if you use Bayesian updating.

Treatment (example): Now let K =5, i.e., P, has K possible values. There are N = 100
players, and you are offered a price of 10°. Do you buy the asset or not? Answer only YES

or NO.

39



	Introduction
	Experimental Setup
	Bubble Game
	Game Structure
	Equilibrium Analysis

	AI Subjects
	LLMs and Reasoning Models
	Prompt Structure

	Experimental Design

	Bubble Participation
	Cognitive Capacity and the Snowball Effect
	Procedural Rationality and Chain-of-Thought

	AI Reasoning
	Reasoning Themes
	Belief Formation under Speculation

	Opponent Framing and Belief Formation
	Opponent Type
	Population Mix

	Equilibrium Selection
	Discussion
	Prompts

