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A classical paper by [Grossman, Stiglitz, 1980] showed that asset prices in equi-
librium necessarily contain some degree of inefficiency when information is costly. 
Moreover, the inefficiency should decrease with decreasing information costs. Ho-
wever, a number of recent empirical studies cast some doubt on the postulate that 
real financial markets are becoming more efficient, despite the ostensible advances 
in technology and radical increases in the availability of information. The pricing 
of financial assets strongly depends on the relative wealth shares of heterogeneous 
groups of investors interacting in the market and the recent field of evolutionary 
finance has produced a number of studies showing how asset price dynamics de-
velop under the influence of endogenously changing populations of heterogeneous 
traders. However, very few studies exist examining how the cost of information 
affects prices of assets in an evolutionary context. We therefore construct an evo-
lutionary agent-based model of a financial market with boundedly rational traders 
who learn from experience. We conduct a number of computational experiments 
with varying information costs and show that even under zero information costs 
uninformed traders can survive and even dominate the market in finite time. Thus, 
for an initially low level of information costs, a marginal decrease in them does not 
necessarily lead to increased price efficiency. For higher initial levels of information 
costs our results however agree with those of [Grossman, Stiglitz, 1980] in that an 
increasing information cost generally leads to informed traders being driven out 
of the market and asset prices becoming less efficient. Implications of our findings 
for financial market regulation are discussed. 
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Introduction 

 

Financial market efficiency is one of the cornerstones of the theory of asset pricing as 
well as a practical concern related to the ability of financial markets to perform their societal 
function of allocating capital to its most productive uses. With regards to its theoretical impor-
tance, it can be pointed out that market efficiency, in the form of the no-arbitrage condition, is one 
of the key assumptions still underlying most standard models of asset pricing (see e.g. [Black, 
Scholes, 1973; Cox et al., 1979; Merton, 1973; Cochrane, 2009; Duffie, 2010]). With regards to 
the multiplication of societal welfare, as [Fama, 1970] points out, “the primary role of the capi-
tal market is allocation of ownership of the economy's capital stock. In general terms, the ideal 
is a market in which prices provide accurate signals for resource allocation […]”. Therefore, 
from a practical standpoint, investigating whether the assumption of efficiency generally holds, 
and if not, what the contributing factors leading to inefficiency are, is of utmost importance for 
understanding when conventional asset pricing models may break down and what actions, if 
any, regulators can take to increase the efficiency of capital allocation. 

Notably, in a more recent review of the literature on market efficiency [Fama, 1991] con-
cedes that an extreme form of market efficiency is only possible in a frictionless world. By con-
trast, in the real world, with positive information and transaction costs, perfect efficiency almost 
surely cannot be attained. This intuitive idea is formally proved in a classical paper by [Grossman, 
Stiglitz, 1980], who explicitly take into account costly information and show that in this setting 
a financial market necessarily has some degree of inefficiency in equilibrium, and a state in which 
prices fully reflect costly information (i.e. are fully efficient) cannot be an equilibrium state. Anot-
her prominent result of [Grossman, Stiglitz, 1980] is that the cost of information is positively re-
lated to the size of asset mispricing. 

The publication of the [Grossman, Stiglitz, 1980] paper inspired, on the one hand, a stream 
of research seeking to document empirical manifestations of capital market inefficiency, and on 
the other, a large theoretical literature investigating how information gets incorporated into 
market prices under various assumptions. To name a few prominent contributions, the former 
strain of papers is represented by [Hasbrouck, 1993; Heston et al., 2010] who seek to spot price 
inefficiencies in the historical market data using econometric techniques, while some early repre-
sentatives of the latter are [Ho, Roni, 1988; Figlewski, 1982] who introduce variable information 
costs and information diversity, respectively, and show how these assumptions affect a possible 
asymptotic convergence of the market towards an informationally-revealing equilibrium. 

More recently, however, it has been pointed out by multiple researchers that despite os-
tensible technological improvements and an increase in availability (or equivalently, a decrease 
in cost) of information that financial markets have witnessed over the recent decades, there is no 
clear indication that markets are steadily becoming more efficient. More specifically, [Lo, 2004] 
points out that the first-order autocorrelation of monthly S&P 500 returns exhibits a cyclical 
pattern in a large sample comprising more than 100 years of data, with markets being less auto-
correlated in certain periods in the 1950s than in the early 1990s. [Alvarez-Ramirez et al., 2012] 
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propose an entropy-based measure of stock market efficiency and study an 80-year sample of 
daily returns of the Dow Jones Industrial Average. They find a time-varying pattern of efficiency, 
with the market notably becoming less efficient from 2006 onwards. [Lux, 2009] points out that 
there is “no indication that the shape of the return distribution has undergone any remarkable 
changes over the past decades reflecting an increase in information transmission”, despite the ad-
vances in electronic trading. [Lim, Brooks, 2011] survey a number of empirical studies examining 
the evolution of market efficiency over time and summarize the findings as inconclusive, with 
some showing a gradual improvement in efficiency and others failing to find it. Finally, the recent 
experience of notable market practitioners speaks against an improvement in market efficiency 

as well1. 
The evidence discussed above casts doubt on the simple relationship between the cost of 

information and the degree of market efficiency postulated by [Grossman, Stiglitz, 1980]. To be 

fair, [Grossman, Stiglitz, 1980] point out that the cost of information is not the only factor de-

termining the degree of market efficiency. Clearly, the ability of the price to reflect information 
also depends on the quality of the information signal and the informativeness of the price system 

[Grossman, Stiglitz, 1980]. The informativeness of the price system, in turn, presumably depends 

on the employed market mechanism and the relative wealth shares of the informed and unin-
formed traders. In their investigation [Grossman, Stiglitz, 1980] choose to focus solely on the ef-

fect of the information cost, leaving aside considerations pertaining to the signal quality, market 

mechanism and the relative shares of the informed and uninformed traders. 
Clearly, however, the relative shares of the informed and uninformed traders depend on 

the excess profit opportunities available to the informed traders in the market. This introduces 

a feedback loop between the degree of market efficiency and the relative wealth shares of the 
two groups of traders. In the original paper by [Grossman, Stiglitz, 1980] the authors circumvent 

this difficulty by assuming perfect rationality of agents who are able to evaluate ex ante the ex-

pected utilities of the informed and uninformed strategies. The relative shares of the informed 
and uninformed agents are then instantly optimized, such that the marginal utilities of being in-

formed and uninformed are equal. This obviates the need to explicitly model the feedback loop 

between the degree of market inefficiency and the relative growth rates of wealth controlled by 
the informed and uninformed agents. 

However, it is important to recognize that the utility of individual traders following either 

the informed or the uninformed strategy depends on the behavior of the other traders, who for 
their part face the same issue. It is far from obvious that in real markets each trader has accurate 

and mutually consistent beliefs about the preferences, wealth levels and strategies of all the other 

traders. We argue that in the absence of this common knowledge assumption the only way for 
a trader to find out the relative value of being informed or uninformed is by learning it. More 

specifically, by learning it from own experience of interacting with the market. 

The above considerations suggest that to capture possible interactions between the cost 
of information, the degree of inefficiency and the informativeness of the price system a model 

should incorporate two additional features: endogenous wealth accumulation dynamics and lear-

ning performed by traders. The former is a feature typically encountered in evolutionary models 
of financial markets while the latter is a characteristic trait of bounded rationality models. 

                                                 

1 See e.g. [Wigglesworth, 2023]. 
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In this paper we construct a model combining bounded rationality and features of evolu-
tionary financial models to examine the impact of information costs on the efficiency of a finan-
cial market. In our model, agents learn the optimal information acquisition strategy by a simple 
form of reinforcement learning while simultaneously being subjected to market selection forces 
via endogenous wealth dynamics. As the complex non-linear interactions between the model’s 
components make mathematical analysis of the model intractable, we turn to the computational 
agent-based modelling paradigm. 

The advantages of computational agent-based models are on the one hand their ability 
to model complex systems such as financial markets “from the bottom up”, allowing macro-level 
properties to emerge from the micro-level behavior of the constituent parts, and thus avoiding 
the mathematical difficulties associated with aggregation. [Axtell, Farmer, 2022] On the other 
hand, computational models allow us to examine whether the dynamics of agent interactions lead 
to any steady state, in cases where the existence of such a steady state cannot be apriori assumed 
(see [Arthur, 1995; Tesfatsion, 2002]). In cases where asymptotic convergence to a steady state is 
assured, these models allow us to examine pre-asymptotic behaviour occurring in finite time. 

To our knowledge there currently exists only a scarce amount of papers examining the 
relationship between information costs and stock market efficiency in an evolutionary setting 
with boundedly rational learning traders. The few papers that do tackle this issue, e.g. [Sciubba, 
2005; Gong, Diao, 2022], either make the assumption that traders learn from prospective equi-
librium prices, which has been criticized by [Hellwig, 1982], or define traders’ profits as capital 
gains from changing market prices of assets, without tying them to any exogenous fundamental 
value. In our model we avoid both of these assumptions and show that in this setting decreasing 
information costs do not necessarily lead to greater market efficiency, particularly when these 
costs are initially low, and uninformed traders can survive even when the information cost is 
zero. 

Before proceeding to the description of our model, we familiarize the reader with the evo-
lutionary finance paradigm, highlighting its most prominent results as well as modelling assump-
tions and approaches. Similarly, a short section is dedicated to a brief introduction of key con-
cepts in reinforcement learning which are relevant to our modelling of agents’ learning. 

The remainder of the paper is organized as follows: in Section 1.1 we briefly review the 
extant results on the incorporation of costly information into asset prices obtained in the static 
equilibrium paradigm. Section 1.2 provides a short introduction to the key ideas of evolutionary 
finance, while Section 1.3 introduces reinforcement learning and, in particular, its subfield con-
cerned with the so-called multi-armed bandit problems. In Section 2 we describe the structure 
of the computational multiagent model used here as well as its key parameters. In Section 3 we 
provide the results of our computational experiments highlighting the discovered relationships 
between the degree of market efficiency and the information costs. Section 4 suggests prospec-
tive avenues for further research and concludes. 

 

1. Literature Review 

 

1.1. Financial Market Efficiency 

 
Following the publication of the [Grossman, Stiglitz, 1980] paper, [Diamond, Verrechia, 

1981] pointed out that the model proposed by [Grossman, Stiglitz, 1980], although providing a 
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justification for partially revealing prices, does not actually illuminate the role of market prices 
as aggregators of diverse pieces of information. Indeed, in the model of [Grossman, Stiglitz, 1980] 
there is just one piece of information that investors may choose to purchase, and if several in-
vestors choose to become informed, they are essentially duplicating their effort in acquiring in-
formation to receive a prediction identical to that received by other informed agents. [Diamond, 
Verrechia, 1981] thus expand upon this framework and investigate how market prices reflect 
information when its diverse pieces are distributed among individual traders. In doing so, they 
also circumvent an additional conceptual difficulty of the [Grossman, Stiglitz, 1980] model: while 
in the market of [Grossman, Stiglitz, 1980], in order to incentivize investors to acquire private 
information there has to be some exogenous supply noise preventing the price from revealing all 
information, in the market considered by [Diamond, Verrechia, 1981] there is no need to intro-
duce an exogenous noise variable. The price is prevented from being perfectly correlated with a 
given investor’s private information by the existence of divergent pieces of information reflected 
in the price via demands of other traders. In other words, an investor can use the price as an in-
formation signal and still have an incentive to acquire additional private information. A major 
result of the paper is that in the presence of various divergent pieces of information the price 
cannot be fully revealing, even if there is no exogenous noise. 

[Hellwig, 1982] notes that the [Grossman, Stiglitz, 1980] model faces another conceptual 
difficulty: namely, investors in the model learn from a prospective equilibrium price. As [Hellwig, 
1982] writes, “Grossman and Stiglitz do not assume that agents observe which price clears the 
market and then determine their demands. Instead, the price clears the market after agents have 
already used the information contained in the fact that it is an equilibrium price. In announcing 
their demands to the «auctioneer», agents must already consider what it would mean if the price 
called by the «auctioneer» happened to clear the market.” This, according to [Hellwig, 1982], is 
the likely reason behind the major result obtained by [Grossman, Stiglitz, 1980] that market 
prices are bounded away from full efficiency. In the model proposed by [Hellwig, 1982] agents 
learn from past realizations of equilibrium prices. The result obtained is that when the time 
between successive transactions is sufficiently small, the market prices can approximate full effi-
ciency arbitrarily closely. 

[Verrechia, 1982], using the framework introduced by [Diamond, Verrechia, 1981], de-
monstrates the existence of a rational expectations competitive equilibrium in which the amount 
of costly diverse information acquisition is endogenously determined. As in the original [Gros-
sman, Stiglitz, 1980] paper, they show that the level of price informativeness increases with de-
creases in the noise levels, the cost of information and the aggregate risk aversion of traders. 

In contrast to the models reviewed above which model the capital market as perfectly com-
petitive, [Kyle, 1989] takes an altogether different approach by considering a market in which 
traders have a non-negligible impact on the price and are aware of it. The traders in this model 
thus act strategically. [Kyle, 1989] justifies this assumption on the empirical grounds that in-
formed traders in real markets tend to be large and are presumably aware of the impact of their 
own trading. Additionally, as he notes, treating the market as perfectly competitive leads to the 
very paradox highlighted in the [Grossman, Stiglitz, 1980] paper, in which there is an interactive 
effect between the informativeness of the price and the decision of traders to acquire informa-
tion, implying the no-fully-revealing-equilibrium result. 

[Kyle, 1989] shows that when each informed trader trades against an upward-sloping re-
sidual supply curve, he restricts the quantity of risky asset he trades compared to the perfectly 
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competitive level, acting as a monopsonist. The main result of the paper is that when noise trading 
vanishes, there exists an equilibrium in which the price is not fully revealing and yet the profits 
provided by private information are driven to zero, as the supply curves against which informed 
traders trade are too steep, or in other words, the market is too illiquid. Thus, the price does not 
even have to reach full efficiency for information gathering to cease being profitable when traders 
are strategic. 

More recently, [Berk, 1997] considers an intertemporal rational expectations model of a 
market with a finite number of trading periods. He shows that in this model, a fully revealing 
equilibrium exists in which all traders pay a strictly positive amount to acquire information. Addi-
tionally, the possibility of an equilibrium is demonstrated, in which agents purchase information 
despite this rendering the whole agent population, including the informed ones, strictly worse 
off. This result is thus in contradiction to the one obtained by [Kyle, 1989]. Arguably, however, 
the assumption of finiteness of transaction periods on which the model of [Berk, 1997] is built 
is not a realistic one. 

Finally, we can mention some experimental literature that considers the question of in-
formational market efficiency from a slightly different angle: namely, whether a larger amount 
of private information that an investor has always leads to better trading outcomes as expressed 
in higher profits. [Huber, 2007] conducts an experiment in which different groups of traders are 
communicated private information with different time lags, such that some of them have a timing 
advantage in access to information. He finds that in this setting, while the best informed traders 
demonstrate superior performance, the performance of the average informed traders is worse 
than that of the least informed. Thus, this experimental market demonstrates J-shaped returns to 
information. 

In a similar vein, in an experiment conducted by [Huber et al., 2008] it is demonstrated 
that when information is cumulative, it is only the best informed traders that significantly out-
perform all others, while the difference in performance between traders with various levels of 
information below the full information is not significant. The result suggests that the marginal 
returns to information are not necessarily strictly positive. 

Similarly to the [Grossman, Stiglitz, 1980] model, the research summarized above em-
ploys the perfect rationality paradigm and thus circumvents the need to model the influence of 
evolutionary dynamics and learning on market efficiency under costly information. As pointed 
out above, in real markets to evaluate the utility of becoming informed a trader has to have ac-
cess to the information sets of the other traders, who jointly with him determine market prices, 
net asset payoffs and hence his returns. In the absence of an explicit mechanism that explains 
how a population of traders can come to this common knowledge equilibrium, a more realistic 
approach to modelling would be to assume that traders learn the utility of being informed from 
experience. As experience takes time to acquire, traders’ wealth evolves in parallel to the learning 
process by way of accumulating profits and losses. [LeBaron, 2011] terms these parallel process-
ses “active” and “passive” learning, respectively. Arguably, however, while the former process 
represents learning in the conventional sense, the latter may be more narrowly defined as evo-
lutionary selection. 

Models of financial markets incorporating the evolutionary element of endogenous wealth 
growth in a heterogeneous agent setting are studied in the relatively novel field of evolutionary 
finance. Over the last two decades this field has delivered a number of non-trivial results on 
market stability, portfolio selection and asset price dynamics, however, applications of evolution-
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ary modelling to the study of financial market efficiency under costly information are less com-
mon. The next subsection introduces the key elements of evolutionary finance and highlights the 
few studies that study financial market efficiency in an evolutionary setting. 

 
1.2. Evolutionary Models of Financial Markets 

 
The evolutionary approach to finance is built upon the notions of heterogeneity and se-

lection, whereby the selection in the context of financial markets proceeds by way of some traders 
accumulating more wealth and dominating the market and others going bankrupt and leaving 
the market. 

One strain of evolutionary finance research, espoused by its pioneers, such as Thorsten 
Hens and Igor Evstigneev, does away with the notion of individual rationality and optimization 
(see e.g. [Evstigneev et al., 2009]) and studies which market strategies survive in an evolutionary 
competition. Hereby, the unit of selection is a strategy itself, that is, a trading behavior, and not 
an agent who has well-specified preferences and beliefs. By making this shift, evolutionary models 
of this type circumvent the need for elaborate specification of the model of an individual trader 
and allow for a wide range of strategies, including heuristic ones, to be considered as candidates 
for survival. The key notion in these models is the concept of an evolutionarily stable strategy 
(ESS), that is, a strategy that asymptotically drives any other strategies out of the market (for more 
on the notion of ESS, see [Smith, Price, 1973]). 

The results obtained in this type of models are often asymptotic, describing an equilib-
rium ecology of strategies (which may be represented by one or many strategies), which forms 
in the long run. These models, however, do not make a prediction by which trajectory the market 
ecology settles into an equilibrium. Nor does it say anything about the reasonableness of assuming 
the existence of a given candidate strategy in the initial pool of strategies in the first place. 

Another strain of evolutionary finance research proceeds in a more traditional way by 
specifying a model of an individual trader endowed with a certain kind of preferences and/or 
beliefs (which may be of either the traditional neoclassical kind or of the more unorthodox be-
havioral kind). It often utilizes a computational approach, whereby once the models of individual 
heterogeneous traders are specified, an artificial market is constructed and populated by these 
traders in various proportions and a number of stochastic simulations are carried out to examine 
the arising market dynamics and possible equilibrium states. 

Recent representatives of this second approach are the papers by [Scholl et al., 2021; 
Lussange et al., 2021]. The former examines how the relative returns of three groups of traders 
(value investors, trend followers and noise traders) depend on wealth shares of these groups in 
the market. The authors identify different types of relationships that may exist between any two 
groups of traders, e.g. a mutualistic relationship, where both groups benefit from coexisting, or 
a predator-prey relationship, where one group of traders benefits at the expense of the other. 

The paper by [Lussange et al., 2021], although mainly focussing on replicating a number 
of stylized facts of financial markets, also incorporates an evolutionary element, as the wealth 
of agents in this agent-based simulation is endogenously driven by their market performance. 

As the question of informational efficiency arises in the context of asymmetrically infor-
med traders, which is one type of agent heterogeneity, and, intuitively, the more wealth a given 
group of agents controls, the larger is the impact that it should have on market prices, the study 
of market efficiency can naturally be considered in an evolutionary context. There exists a limited 
number of studies examining various aspects of market efficiency in an evolutionary paradigm. 
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For instance, [Sciubba, 2005] develops an evolutionary model in the classical setting of 
[Grossman, Stiglitz, 1980] and obtains an asymptotic result: although informed traders accumu-
late wealth at faster rates when they are a minority in the market, this relative advantage decrea-
ses when informed traders control large proportions of wealth and is eventually offset by the 
cost of information, which means that in the limit uninformed traders survive, i.e. are not driven 
out of the market, as long as the information costs are strictly positive. However, the model of 
[Sciubba, 2005] is subject to the same critique leveled by [Hellwig, 1982]: in this model, analo-
gously with [Grossman, Stiglitz, 1980], uninformed traders imperfectly learn the payoff signal 
from observing the equilibrium price. But the equilibrium price is partially the result of their own 
trading actions, hence they cannot learn from it prior to determining their own risky asset de-
mands. This issue is avoided in our model as the information set of the uninformed traders in-
cludes only the past realizations of risky asset payoffs, which are publicly available. 

[Gong, Diao, 2022] construct an evolutionary model of the market incorporating informa-
tion asymmetry, two types of trading strategies (fundamentalist and chartist), various degrees 
of rationality (conceptualized as the propensity to switch between the fundamentalist and chartist 
strategies) and a liquidity factor. They find that in general, the price almost never reflects the true 
fundamental value of an asset, but rather a weighted average of fundamental value estimates of 
heterogeneous groups of traders. Additionally, the authors characterize the influence exerted on 
market prices by other factors in the model, such as the liquidity factor and the rationality factor. 

The approach we take in this paper is methodologically similar to the one taken in [Gong, 
Diao, 2022] as well as in [Scholl et al., 2021] in that we examine the dynamics of market efficiency 
by way of constructing a computational model with boundedly rational investors. However, our 
model is different from these predecessors in that [Scholl et al., 2021] only examine evolutionary 
dynamics of 3 groups of traders with fixed behavior (fundamentalist, chartist and noise traders) 
and do not model the influence of information costs either on their relative wealth levels or on 
market efficiency. Our model is also different from that of [Gong, Diao, 2022] in several ways. 
First, the agents in our model are risk-neutral. Second, we use the market clearing mechanism 
of the so-called temporary equilibrium (more on this in Section 2.4) to avoid additional complexity 
which comes from introducing an ad hoc parameter of market liquidity, as done in [Gong, Diao, 
2022]. Third, even the informed traders in the model of [Gong, Diao, 2022] only observe an im-
perfect signal of the fundamental value, which may contribute to their finding that uninformed 
trading survives. As was shown by [Grossman, Stiglitz, 1980] the quality of the informed trader’s 
signal is positively related to market efficiency. In our model, informed traders receive a per-
fect signal of the payoff value and hence the quality of the signal is not a factor determining mar-
ket efficiency or relative performance of informed and uninformed traders. Finally, profits that 
traders can earn in our model explicitly result from the difference between prices and fundamen-
tals, in contrast to [Gong, Diao, 2022], whose traders in fact profit from differences in market pri-
ces in successive periods. This way of determining the profits can arguably represent a separate 
destabilizing factor which causes the price to deviate from the fundamental value in their model. 

It is hoped that our model, given the assumptions elucidated, more clearly illuminates the 
relationship between the cost of information, the evolutionary dynamics of the informed and 
the uninformed traders and the asset mispricing in a setting which explicitly rewards traders for 
correctly estimating the fundamental value, in line with the original framework of [Grossman, 
Stiglitz, 1980]. The next section introduces the basic features of reinforcement learning relevant 
for our modelling of agents’ bounded rationality. 
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1.3. Reinforcement Learning 

 
Reinforcement learning describes the process of goal-directed learning by interacting with 

the environment. In general, the goal is to learn an optimal policy, that is the optimal action in a 
given situation. In contrast to supervised learning where the learner may be presented with 
a sample of actions and corresponding outcomes, in reinforcement learning the learner must 
obtain such a sample by iteratively performing actions in the environment and receiving rewards 
(see e.g. [Sutton, Barto, 2018]). A measure of the efficiency of reinforcement learning is how 
quickly the learner converges to the optimal policy, since clearly the sooner the agent learns to 
select the optimal action in each situation the greater his cumulative reward will be. 

The above considerations introduce a trade-off between exploration and exploitation. 
By tending to exploit the actions that have been found beneficial in the past the agent runs the 
risk of getting stuck in a local optimum and failing to find the globally optimal policy. On the other 
hand, by tending to explore too much the agent might forego receiving the rewards he could have 
received if the locally optimal policy turned out to be the global optimum. 

A full reinforcement learning problem arises when the actions performed by the agent 
not only influence his immediate rewards but also the transition probabilities between states in 
which he consecutively finds himself. A simpler subset of reinforcement learning are the so-called 
multiarmed bandit problems in which either the transition probabilities between the states are 
not affected by the agent’s actions but the agent can still find himself in different states (the so-
called contextual bandits), or there is only one state with several actions to choose from such that 
the issue of transition probabilities does not arise. Whether an agent can recognize the state he is 
in, and therefore whether a given problem must be modelled as a contextual or a simple multiar-
med bandit problem, depends on the agent’s information set. 

In the context of financial markets, it can be argued that the only reliable information a 
trader has access to are the publicly available market prices of assets, historical fundamentals 
and his own trading history. Given the competitive nature of financial markets, in which success-
ful strategies are held in secrecy, it is reasonable to assume that a trader cannot observe other 
traders’ strategies, capitals or trading histories. As there is no general principled way for an agent 
to partition this information set into discrete states and the theory presented in [Grossman, Stig-
litz, 1980] and subsequent literature reviewed in Section 1.1 is not contextual, i.e. it does not as-
sume that a trader decides whether to become informed or uninformed based on some tempo-
rary state of environment, we follow the convention by assuming that an agent believes that there 
is a globally optimal strategy, either the informed or the uninformed one. Therefore, the agent 
faces a non-contextual multiarmed bandit problem, in which he must learn the optimal strategy 
in only one state via interacting with the market. The next section describes our model of a finan-
cial market in full detail. 

 

2. The Model 

 

2.1. Assets 

 
Consider a financial market with two assets: a risky short-lived asset in fixed finite supply 

of N infinitely divisible shares, and a risk-free bond in infinite supply. The risk-free bond pays a 
fixed interest rate in each period. The annual interest rate is set to 1%, the daily interest rate is 
thus 1/252%. 
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The risky short-lived asset can be interpreted as short-term stock options, futures or, mo-
re generally, any asset that provides a payoff determined by random exogenous factors and be-
comes worthless afterwards. The use of short-lived assets for the purpose of modelling evolu-
tionary dynamics in financial markets is common in evolutionary finance (see e.g. [Evstigneev 
et al., 2009; Evstigneev et al., 2002; Hens, Schenk-Hoppé, 2005]). 

The risky asset in our model lives for one period, provides a payoff and is then reissued in 
the next period. The intrinsic value of the risky asset is equal to its discounted payoff, which is 
determined by: 

(1)  ( )1
1 ,

t t r
F F r

+
= ⋅ +  

where 
r
r  is the stochastic period-by-period change in the payoff, governed by a white noise pro-

cess with a normal distribution ~  ( , )N μ σ . 

The market price of the risky asset is endogenously determined by the agents’ trading. 
The exact trading mechanism is described in Section 2.4. 

In each simulation run, the initial value of the payoff is set somewhat arbitrarily to 

0
30F =  and a stochastic path is simulated for T  steps following Equation 1. 

 

2.2. Traders 
 

As in the model of [Grossman, Stiglitz, 1980] traders in our model can be of two types: in-
formed and uninformed. In our model traders endogenously decide on their type in each period 
of the simulation based on a simple multiarmed-bandit form of reinforcement learning which 
will be described shortly. 

Informed and uninformed traders are described by their information sets. Uninformed 
traders can costlessly observe the full history of the payoff process, up to and including the time 
t , however, they do not know the realization of the stochastic payoff process in the next period 

1t + . Informed traders, on the other hand, receive a perfect signal of the payoff value at time 
1t + , i.e. they know with certainty what the realization of the payoff will be in the next period. 

For that, however, they incur a fixed cost of acquiring information. 
Uninformed traders use the full history of the payoff process up to the time t  which is by 

assumption available to them to predict the value of the payoff in time 1t + . This uninformed 

estimate is obtained by calculating the average payoff change during the whole observed history 

of the payoff process and extrapolating this change to the period 1t + , using the value of the 

payoff in time t  as the base value. Forecasts , 1k t
Z

+
 of payoffs obtained by the informed and unin-

formed traders are thus: 
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Thus, although the uninformed traders’ estimate of the next period’s payoff converges to 
the true value as the observed sample of the payoff process grows with t , it still remains impre-

cise in finite time and the uninformed traders can over- or underestimate the value of the payoff. 
The traders’ profits when trading the risky asset result from the difference between the 

payoffs they receive and the market price. When the equilibrium price at which the asset is pur-
chased is below the discounted value of the payoff, the traders that purchased the asset generate 
a positive return on investment. When the equilibrium price is above the discounted payoff value, 
the traders that purchased it experience a loss. As is common in evolutionary finance models 
(see e.g. [Evstigneev et al., 2009]), short sales and borrowing are not allowed and traders can 
only profit by exploiting underpricing of the risky asset, not overpricing. 

Traders are risk-neutral. Both the informed and the uninformed traders produce point 
estimates of the next period’s payoff, with the only difference that in the case of the informed tra-
ders this estimate corresponds to the actual future realization of the payoff, while in the case of 
the uninformed ones it only approximates it. Once the traders have produced their estimate of 
the payoff, they determine their demands for the shares of the risky asset. As all traders have an 
alternative opportunity to receive the risk-free return by keeping all of their capital invested in 
the risk-free asset, they discount their estimate of the payoff at the risk-free rate to determine the 
highest price they are willing to pay for the risky asset. In fact, both the informed and the unin-
formed traders invest all of their capital into the risky asset as long as the equilibrium market 
price is below or equal to their estimate of the payoff discounted at the risk-free rate. If the price 
is higher than the discounted estimate of the payoff, the traders keep their capital invested in the 
risk-free bond. 

All traders are initialized at period 0t =  holding random amounts of initial wealth drawn 

from a uniform distribution. 

The evolution of the wealth of each trader i is given by the following equation: 

(4)  ( ) ( )1 1*
1 1 ,t

it it it it it f

t

F
W W W r C

P
− −

⎞⎛
= α + − α + −⎟⎜

⎝ ⎠
 

where α  is the percentage of the trader i ’s wealth invested in the risky asset, 1− α  is the per-

centage invested in the risk-free asset, 
t

F  is the actual value of the risky asset’s payoff at period 

t , 
*

tP  is the equilibrium market price, fr  is the risk-free rate and C  is the constant denoting the 

cost of acquiring information. Uninformed traders do not incur an information cost and thus for 

them, 0C = . For informed traders, the cost C  is a monetary constant that does not change 

throughout a simulation run. We have conducted computational experiments with different va-

lues of C  (see more on this in Section 2.5). 

 
2.3. Learning 

 
As mentioned earlier, traders in our model are boundedly rational and adaptive. Each 

trader learns the value of being informed and uninformed by interacting with the market and 
observing own performance. We model the traders’ learning as a multiarmed bandit problem 
in which a trader at the start of each period t  chooses whether to acquire information about the 
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risky asset’s payoff. If he chooses to become informed he pays the information cost C , observes 

the perfect signal of the payoff value in period 1t + , decides whether and how much to invest in 

the risky asset and receives the payoff. If the trader chooses to be uninformed, he estimates the 
value of the next period’s risky asset payoff using the observed history of payoffs as described 
above and similarly decides on his allocation to the risky and risk-free assets. In both cases, the 
returns that the trader receives are the returns of following either the informed or the uninfor-
med strategy. In the language of reinforcement learning these are the agent’s rewards that he 
seeks to maximize. 

Each trader estimates the return 
,k n

Q  of following each strategy k  by averaging the re-

turns he receives when choosing this particular strategy which is a widely used approach in rein-
forcement learning (see e.g. Chapter 2 of [Sutton, Barto, 2018]). On the n-th iteration the esti-

mate 
,k n

Q  after the strategy k  has been tried 1n −  times is thus: 

(5)  1 2 1
,

...
,

1

n

k n

R R R
Q

n

−

+ + +
=

−

 

where 
n

R  is the return the trader has received on the n-th iteration of following the strategy k . 

At the start of the simulation all traders’ estimates of 
,k n

Q  are set to zero and the initial strategy 

is chosen randomly by each trader. As the traders’ estimates of 
,k n

Q  are necessarily uncertain, 

an element of exploration must be incorporated into the adaptation process, such that each tra-

der tries each strategy. This is achieved by introducing a dependence of the optimal strategy k  

on the uncertainty associated with the value 
,k n

Q  of this strategy: 

(6)  
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where 
,k t

N  is the number of times the strategy k  has been tried up to the time t  and c  is a 

strictly positive constant regulating the degree of exploration. The above formulation of the op-
timal choice at each time t  is termed the upper confidence bound method which has been found 

to outperform other methods of balancing exploration and exploitation (see [Sutton, Barto, 2018] 
for the results). Clearly, as the simulation time t  progresses, traders tend to choose the underex-

plored strategy as measured by 
,k t

N , but the degree to which the underexplored strategy is 

preferred declines over time thanks to the logarithmic function of time in the numerator. This 
is helpful, as the uncertainty about the true values of alternative strategies is highest at the start 
of the learning process and gradually declines over time, as the strategies are tried over and 
over and larger samples of returns to each strategy are obtained. 

 

2.4. Market Mechanism and Equilibrium Price Determination 

 

Multiagent models of financial markets usually use one of the four types of market clearing 
mechanisms described in [LeBaron, 2006]: a price impact function (used e.g in [Gong, Diao, 
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2022]), random matching, a replicated order book or temporary market equilibrium. In this pa-
per we opt for the latter mechanism, i.e. the temporary market equilibrium, as the other three 

give rise to additional complexity that we seek to avoid in this stylized model2. The temporary 
equilibrium mechanism is described below. 

Both informed and uninformed traders produce their forecasts , 1k t
Z

+
 of the risky as-

set’s payoff value at time 1t + . These predicted payoff values discounted at the risk-free rate 

(due to the risk-neutrality assumption) represent the maximum price each of the trader types 

k  is willing to pay for the risky asset at time t : 

(7)  
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Below the maximum price 
max

,k t
P  each trader of a given type k  is willing to invest all of his 

wealth into the risky asset, such that if there was only one trader i  controlling the total market 

wealth the equilibrium price 
*

tP  would be determined according to: 

(8)  
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where N  is the constant exogenous supply of the risky asset, as described in Section 2.1. 

Clearly, when 
max

,

it

i t

W
P

N
<  the trader would not be able to invest all of his wealth into 

the risky asset and his share of wealth invested in it would be given by: 

(9)  
*

.

t

it

P N

W

⋅

α =  

In the general case we have the total market wealth controlled by two groups of traders, 
informed and uninformed. All traders within the same group make identical payoff predictions 
which greatly simplifies the equilibrium price setting process. Consider Fig. 1.  

We have two groups of traders whose payoff predictions, and therefore 
max

,k t
P , are dif-

ferent. Because neither group of traders would buy the risky asset above its estimate of the 

payoff, the demand functions 
1

D  and 
2

D  both have a sharp cutoff at the top. Below the highest 

estimate of the payoff (in this case corresponding to 
1
P ) three cases are possible. 

                                                 

2 For instance, a replicated order book necessarily introduces additional complexity related to the 

microstructural aspects of the market (e.g. different types of orders, times when orders are active in the 

order book etc.), which are not the focus of our model but have been found to influence the price for-

mation process. The price impact function mechanism, on the other hand, requires an introduction of a 

liquidity parameter, which is usually chosen in a somewhat ad hoc fashion. Finally, the random matching 

mechanism introduces search costs which would make the attribution of our results less straightforward. 
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Fig 1. An illustrative example of the market mechanism 

 
Two trivial cases arise when the fixed supply of the risky asset equals either the demand 

of the group of traders with the higher payoff estimate (in this case the equilibrium price is 
2
P ) 

or the sum of the demands of both groups (in this case the equilibrium price is set at 
4
P ). 

A more interesting situation arises when 
1 1 2

D S D
+

< < . This is the case with supply equal 

to 
3

S  in Fig. 1. In this case both groups of traders are willing to buy the asset at price 
3
P

 

but the 

supply of the asset is less than the total demand. In this case the equilibrium price is set at 
3
P  

and the number of shares of the risky asset allocated to each trader is determined according to: 

(10)  ,
it it
n W= α ⋅  

where 

(11)  
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Thus each willing buyer receives the amount of the risky asset proportionate to his share 
in the total market wealth. 

Finally, in the case where the supply of the asset is less than the demand at the highest 

payoff estimate (
1
P  in Fig. 1), the price is set equal to this estimate and the amount of wealth of 

the willing buyers invested in the risky asset at this price is determined according to Equation 11. 
Appendix  describes the algorithm governing the behavior of the simulation at each time 

step t . 
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2.5. Simulation Parameters and Computational Experiments 

 

We conduct 10 computational experiments with a varying cost of information, C . In each 

experiment, M agents are initialized with a random amount of capital drawn from a continuous 

uniform distribution U (0,1000]. In each simulation run, the initial payoff value of the risky asset 

is set to 30$. All agents are endowed with the same learning mechanism described in Section 2.3. 

The initial choice of strategy k  at 0t =  for each agent is determined randomly: 

(12)  
if

if

' ' (0,1] 0.5,

' ' (0,1] 0.5.

it

it

k Inf U

k Uninf U

= >

= ≤
 

In the subsequent steps the agents learn the optimal strategy using the RL learning mecha-
nism. 

As the uninformed agents need observations of a history of payoff values to make their 
predictions, the first 50 periods of the fundamental value process are taken as the initialization 
period and the actual trading starts at the 51st period. 

As our model does not include borrowing, and since the cost of information is a mone-
tary constant, agents cannot become informed if their capital level is below the cost of informa-
tion. Thus, to become informed an agent needs to simultaneously fulfill two conditions: 

(13)  
, ,

if' ', , .
it Uninf t Inf t it

Type Inf k k W C= < >  

Indeed, we find that for certain values of the cost of information some agents reach quite 
low values of capital and therefore the constraint in Equation (13) becomes relevant. In cases 

where 
, ,Uninf t Inf t

k k= , ties are broken randomly. 

The simulation parameters for the 10 computational experiments are presented in Tab-
le 1. In total, 500 simulation runs were carried out, 50 for each value of the information cost. 

Table 1. 

Simulation parameters 

Parameters Values 

Cost of information, C {0; 0.02; 0.04; 0.06; 0.08; 2; 4; 6; 8; 10} 

Number of traders, M 100 

Number of shares, N 1000 

Initial capital of trader i3 U(0,1000] 

Initial value of the payoff, F0 30 

Risk-free rate, rf 0.01/252 

Average growth rate of the payoff, μ 0.1/252 

St. deviation of the payoff value growth, σ 0.01 

Number of simulation steps, T 2200 

Exploration constant, c 0.001 

                                                 

3 U ( ) denotes a continuous uniform distribution on a given interval. 
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3. Results and Discussion 

 

The results of the 10 computational experiments are reported in Fig. 2–11. Fig. 2a–11a 

show the average mispricing of the risky asset relative to the true payoff on the left vertical axis 

(the solid black line; the surrounding grey margins show the 10th and 90th percentiles, respecti-

vely). As the mispricing is very volatile, resulting in the plot being too jagged and difficult to read, 

we calculated 300-period moving averages of mispricings in each simulation run and then avera-

ged the resulting data across simulation runs to get the solid line in the charts. The percentiles 

are calculated on the same moving average time series. Importantly, prior to the moving average 

transformation, we first calculated the absolute levels of per-period mispricings to avoid nega-

tive mispricings offsetting positive ones when the averages are taken. 

On the right vertical axes of Fig. 2a–11a we plot the averages of the 300-period moving 

averages (the same calculation method applies as the one used for the mispricing data) of wealth 

levels for the informed, the uninformed and both informed and uninformed traders in total. 

Fig. 2b-11b show the median number of informed traders across simulation runs (solid 

line) as well as the 10th and 90th percentiles of this number shown in light grey margins around 

the line. We report these data for the last 1300 periods of simulation runs, as the numbers of 

informed traders converge to stable values only after this cutoff. 

One can observe several notable features. First, there is a general tendency for the mis-

pricing to increase with rising information costs. This is particularly notable when one compares 

Fig. 6a to Fig. 7a and 8a, where the information costs make a large jump from 0.08$ per period 

per trader to 2$ and 4$ per period per trader, respectively. This is associated with the fact that 

for the information cost 2$ it takes much longer for the informed traders to overtake the unin-

formed ones in terms of wealth controlled by them, compared to the case of the information 

cost of 0.08$. Predictably, when the market is dominated by the uninformed traders (periods 0 

to approximately 1500 of Fig. 7a) the mispricing is high. For the information cost 4$ (Fig. 8a) 

the informed traders are driven out of the market completely in the first periods and the mispricing 

is even higher, as the market is completely controlled by the uninformed traders. This pattern is 

reproduced in Fig. 9a–11a, as further increasing information costs makes it even harder for the 

informed traders to survive (indeed they are driven out of the market even earlier). The mispricing 

converges to a stable value of about 0.8% when the informed traders are driven out of the 

market. This is not surprising, given that information costs do not affect the wealth growth of 

the uninformed traders and hence do not affect the price dynamics determined by their trading. 
 
 
 
 
 
 
 
 
 



292 HSE Economic Journal  No 2
 

 
 

а) The solid black line shows absolute asset mispricing, 

the dashed line shows the capital of the informed traders, 

the dotted line shows the capital of the uninformed and 

the solid grey line shows the total capital of both groups 

b) The median and 10th and 90th percentiles  

of the number of informed traders 

Fig. 2. Information cost C=0  

 
 
 
 
 

а) The solid black line shows absolute asset mispricing, 

the dashed line shows the capital of the informed traders, 

the dotted line shows the capital of the uninformed and 

the solid grey line shows the total capital of both groups 

b) The median and 10th and 90th percentiles  

of the number of informed traders 

Fig. 3. Information cost C=0.02 
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а) The solid black line shows absolute asset mispricing, 

the dashed line shows the capital of the informed traders, 

the dotted line shows the capital of the uninformed and 

the solid grey line shows the total capital of both groups 

b) The median and 10th and 90th percentiles  

of the number of informed traders 

Fig. 4. Information cost C=0.04 
 
 
 
 
 
 

 

а) The solid black line shows absolute asset mispricing, 

the dashed line shows the capital of the informed traders, 

the dotted line shows the capital of the uninformed and 

the solid grey line shows the total capital of both groups 

b) The median and 10th and 90th percentiles  

of the number of informed traders 

Fig. 5. Information cost C=0.06 
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а) The solid black line shows absolute asset mispricing, 

the dashed line shows the capital of the informed traders, 

the dotted line shows the capital of the uninformed and 

the solid grey line shows the total capital of both groups 

b) The median and 10th and 90th percentiles  

of the number of informed traders 

Fig. 6. Information cost C=0.08 
 
 

 

а) The solid black line shows absolute asset mispricing, 

the dashed line shows the capital of the informed traders, 

the dotted line shows the capital of the uninformed and 

the solid grey line shows the total capital of both groups 

b) The median and 10th and 90th percentiles  

of the number of informed traders 

Fig. 7. Information cost C=2 
 
The above observations on the survival of informed traders are confirmed by Fig. 2b–11b, 

which show the numbers of informed traders. With rising costs of information, not only the 
wealth controlled by the informed traders decreases, but also their numbers, which means that 
the relative wealth dynamics of the informed and uninformed groups are driven by the different 
survival rates of these two types and not any within-type competition. 

These findings suggest that there is an “equilibrium” level of information cost, somewhere 
between 2$ and 4$ in our case, for which both the informed and the uninformed traders have 
the same level of fitness, such that neither of the two strategies drives the other out of the market. 

However, our main and most surprising finding emerges when one compares Fig. 2a and 
3a, showing the results for the information costs 0$ and 0.02$, respectively. We can observe that 
when the cost of information transitions from a positive value to zero, the capital accumulation 
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by the informed traders in the first half of the simulation is actually slower than that of the unin-
formed ones. Eventually the informed traders manage to overtake the uninformed ones in terms 
of accumulated wealth, but paradoxically, this happens much later compared to the case where 
the cost of information is slightly positive (Fig. 3a–6a). This finding is further strengthened by 
Fig. 2b and 3b which show the numbers of the informed traders. The 10th percentile of informed 
traders is actually lower for the case with the information cost of 0$ than for the cases with 

[0.02,0.08]C = . In fact, for the slightly positive information costs, the number of the informed 

traders is never zero at the 10th percentile level. The relative wealth dynamics of the informed 
and uninformed traders find their reflection in the mispricing dynamics, with the mispricing 
being higher (at least in the initial periods) for the information cost of 0$ than 0.02$. 

These findings are in contrast to the predictions of [Grossman, Stiglitz, 1980] who argued 
that mispricing necessarily decreases with falling information costs. Simultaneously, our results 
strengthen the findings of [Sciubba, 2005; Gong, Diao, 2022] who find that uninformed traders 
survive as long as the information costs are bounded away from zero. We show, in fact, that unin-
formed traders can survive even under zero information costs. Moreover, uninformed traders 
can ultimately achieve higher levels of wealth under zero information costs compared to the 
case with slightly positive information costs. Finally, uninformed traders can even initially domi-
nate the market under zero information costs, which is not observed for the slightly positive 
information costs. 

Our findings are in qualitative agreement with experimental results of [Huber, 2007] who 
find J-shaped returns to information availability. It appears that due to the interaction of infor-
med and uninformed traders growth levels of the informed traders’ wealth are non-monotone 
in the level of information costs, i.e. for already very low value of information costs a marginal 
decrease in these costs does not necessarily lead to better market performance and a higher 
wealth share of informed traders and hence to lower mispricing of the assets. 

 
 
 

 

а) The solid black line shows absolute asset mispricing, 

the dashed line shows the capital of the informed traders, 

the dotted line shows the capital of the uninformed and 

the solid grey line shows the total capital of both groups 

b) The median and 10th and 90th percentiles  

of the number of informed traders 

Fig. 8. Information cost C=4 
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а) The solid black line shows absolute asset mispricing, 

the dashed line shows the capital of the informed traders, 

the dotted line shows the capital of the uninformed and 

the solid grey line shows the total capital of both groups 

b) The median and 10th and 90th percentiles  

of the number of informed traders 

Fig. 9. Information cost C=6 
 
 
 
 
 
 

а) The solid black line shows absolute asset mispricing, 

the dashed line shows the capital of the informed traders, 

the dotted line shows the capital of the uninformed and 

the solid grey line shows the total capital of both groups 

b) The median and 10th and 90th percentiles  

of the number of informed traders 

Fig. 10. Information cost C=8 
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а) The solid black line shows absolute asset mispricing, 

the dashed line shows the capital of the informed traders, 

the dotted line shows the capital of the uninformed and 

the solid grey line shows the total capital of both groups 

b) The median and 10th and 90th percentiles  

of the number of informed traders 

Fig. 11. Information cost C=10 
 
One explanation for this finding may be provided by the fact that a certain level of unin-

formed trading in the market is actually beneficial for the informed traders’ returns. To give an 
illustrative example, consider a situation, where the wealth of the uninformed traders is relati-
vely large and they underprice the asset. This is clearly beneficial for the informed traders who 
would be able to buy the risky asset at a depressed price. On the other hand, when the wealth 
share of the informed traders in the market is large and that of the uninformed ones is rela-
tively small, this does not give any advantage to the uninformed ones, because the exploitable 
mispricings will be eliminated by the informed trading. Hence, a higher wealth growth of the 
uninformed can be associated with a higher wealth growth of the informed, but not vice versa. 
In the terms of evolutionary finance (see e.g. [Scholl et al., 2021]), there exists a predator-prey 
relationship between the informed and the uninformed traders in our model, whereby one 
group’s returns benefit from the wealth share of the other group, but not the other way around. 

Since in our model traders can switch endogenously from the informed to the uninformed 
strategy and back based on individual learning, the exact dynamics of the two groups’ wealth 
shares depend on their learning processes, and also on the interaction between individual learning 
and evolutionary selection. In the terms used by [LeBaron, 2011] complex interactions between 
active and passive learning determine the agents’ survival dynamics, and hence the level of asset 
mispricing. 

One interesting analysis that is not undertaken here and is left for future work is to con-
struct a community matrix of heterogeneous traders in our model and examine quantitatively 
the relationships between each group’s returns and the other group’s density. A community ma-
trix is a tool borrowed from ecology and introduced in finance by [Scholl et al., 2021]. The co-
lumns and rows of a community matrix represent diverse groups of traders in the market and 
its entries are the ratios of the growth rates of each group’s returns to its own and the other 
group’s growth rates of wealth. Based on the sign of the entries in the matrix, [Scholl et al., 
2021] identify a mutualistic and a predator-prey relationships in their model, the first being a 
situation of mutually beneficial coexistence and the second – of one group unilaterally benefiting 
from the wealth share of the other. Apart from the type of relationship a community matrix is 
also able to measure its strength. Indeed, it would be interesting to compare the relative strengths 
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of relationships between the informed and uninformed traders in our model and those between 
fundamentalists, chartists and noise traders in the model of [Scholl et al., 2021]. 

 

4. Conclusion and Further Research Directions 

 
In this paper we examined the efficiency dynamics of a financial market populated with 

boundedly rational informed and uninformed traders. The novelty of our approach consists in 
examining the traditional question of market efficiency in an evolutionary context, in which the 
wealth shares of informed and uninformed agents are driven by the evolutionary feedback loop 
from asset mispricing, while asset mispricing is simultaneously driven by the ecology of the mar-
ket, or more precisely, by the relative and absolute levels of wealth of the informed and the unin-
formed traders. 

Additionally, the traders in our model are boundedly rational and learn the optimal stra-
tegy (either the informed or the uninformed one) by interacting with the market, using a simple 
reinforcement learning algorithm. 

We find that under the selection and learning dynamics described above the market price 
of the risky asset exhibits mispricings across all simulation runs with differing levels of the infor-
mation cost. Additionally, for higher levels of information costs, the survival probability of the 
informed traders decreases with rising information costs. As a result, the efficiency of the market 
is worsened. In this respect our results are in line with the theoretical predictions of [Grossman, 
Stiglitz, 1980] and the literature on the impossibility of full informational efficiency inspired by 
them. 

However, our main and most surprising finding is that for low levels of information 
costs a marginal decrease in them does not necessarily lead to better performance of the infor-
med traders, and hence does not necessarily improve market efficiency. In particular, for the case 
of zero information costs, informed traders initially control even lower levels of capital compared 
to the case of low but non-zero information costs. As a result, the asset mispricing is worse under 
zero information costs compared to low but positive information costs. This result sharply con-
tradicts the predictions of [Grossman, Stiglitz, 1980] of a monotone relationship between infor-
mation costs and market efficiency. This result, however, agrees with some experimental litera-
ture (see e.g. [Huber, 2007]), finding J-shaped returns to the availability of information. 

Our results have implications both for academic research and regulatory practice. First, 
the non-trivial interaction between selection dynamics and learning in our model suggest po-
tential avenues for further theoretical research aimed at finding regularities in the joint impact 
of evolutionary selection and adaptive learning on the survival of heterogeneous agent types 
and the efficiency of financial markets. Second, our finding of a non-monotone relationship be-
tween the level of information costs and market efficiency suggests a need for further empirical 
research aimed at determining whether the financial markets of today have already hit the point 
of diminishing returns to the availability of information, as has been suggested by some industry 
practitioners. 

For regulators, our findings provide yet another piece of evidence that it is not easy to 
decrease the amount of uninformed trading and thus improve market efficiency just by regulating 
the availability of information, for example by imposing additional disclosure requirements on 
listed companies. Such measures may not lead to intended outcomes, and taking into account 
the cost of imposing additional disclosure requirements on issuers, may even lead to deteriora-
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tion of total societal welfare. Our results suggest that regulatory decisions of this kind must be 
based on careful empirical investigation of the market ecology in order to determine at which 
point increasing availability of information hits diminishing returns and actually hurts market 
efficiency. 

 
 
Data Availability. The simulation code and data used for the analysis are available upon 

request. 

 

 

 

 

Appendix.  
 

 

The algorithm describing each simulation run 

 

Step 1. At time t = 0, each trader is initialized with a random level of wealth; a stochastic 
path of the risky asset is generated; the information costs are set. 

Step 2. The type of each trader is determined either randomly (at time t = 0) or according 
to Equation 6 (for t > 0). 

Step 3. Both the informed and the uninformed traders make forecasts of the payoff value 
at t + 1 according to Equation 2 and determine the maximum price they are willing to pay for 
the risky asset according to Equation 7. 

Step 4. The capitals of all informed and uninformed traders are aggregated into two groups. 

Step 5. The equilibrium price of the risky asset and its allocations to individual traders are 
determined as described in Section 2.4. 

Step 6. The wealth levels of all traders are updated according to Equation 4. 

Step 7. The return estimates of the informed and uninformed strategy for each trader are 
updated according to Equation 5. 

Step 8. Steps 2–7 are repeated until the simulation time reaches t = T. 
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