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Abstract

We study the distribution of strategies in a large game that models how agents choose
among different double auction markets. We classify the possible mean field Nash equilib-
ria, which include potentially segregated states where an agent population can split into sub-
populations adopting different strategies. As the game is aggregative, the actual equilibrium
strategy distributions remain undetermined, however. We therefore compare with the
results of a reinforcement learning dynamics inspired by Experience-Weighted Attraction
(EWA) learning, which at long times leads to Nash equilibria in the appropriate limits of large
intensity of choice, low noise (long agent memory) and perfect imputation of missing scores
(fictitious play). The learning dynamics breaks the indeterminacy of the Nash equilibria.
Non-trivially, depending on how the relevant limits are taken, more than one type of equilib-
rium can be selected. These include the standard homogeneous mixed and heterogeneous
pure states, but also heterogeneous mixed states where different agents play different strat-
egies that are not all pure. The analysis of the reinforcement learning involves Fokker-
Planck modeling combined with large deviation methods. The theoretical results are con-
firmed by multi-agent simulations.

Introduction

Agent based models describe the dynamics of co-learning and interacting individuals and can
be applied in many fields including sociology—with the Schelling model of segregation [1] a
famous example—and economics, where the individuals are economic agents. In recent
decades, there has been growing interest in the application of agent based models to the study
of financial markets; for extensive reviews of such applications we refer to [2, 3]. Among exist-
ing models of double auction markets, one can cite the work of Iori et al. [4] and the CAT
game [5]. The latter is a market design tournament in which participants were asked to supply
automated markets that would perform as well as possible in an economic system populated
with automated traders. Spontaneous emergence of preferences for different markets emerged
within the population of traders. Unfortunately, the complexity of the CAT game tournament
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made it impossible to study this phenomenon by analytical methods, emphasizing the need for
a simpler model to understand it. Alori¢ et al. designed such a minimal version of the CAT
game, where traders learn to choose among two double auction markets [6]. Also there sponta-
neous emergence of preferences heterogeneity was observed, as the outcome of the learning
dynamics. Whether this result has an interpretation as a game theoretical equilibrium was not
addressed, however. This will be one of the two main questions of this paper: we ask to what
extent this spontaneous emergence of preferences heterogeneity shows up in the Nash equilib-
ria of the game corresponding to the model of Alori¢ et al.. One of the properties of this game
is that the payoff agents earn by trading at the different markets depends only on the ratio of
the number of buyers and sellers at this market. The game therefore belongs to the class of
aggregative games, where payoffs depend on a finite number of macroscopic quantities, called
aggregates.

Bearing in mind the above broader context, we consider in this paper the double auction
game of [6] as a paradigmatic example of an aggregative game with an infinitely large number
of players. While it is known that finding Nash equilibria in games with a large but finite num-
ber of players is computationally hard [7], taking the number of players to infinity can lead to
drastic simplifications that make the problem analytically tractable. This is because the limit
eliminates some features such as the market impact of the action of a single player [8]. For
aggregative games the limit also has convenient mathematical properties: Nash equilibria of
infinite games can be characterized as the large size limit of equilibria in games with a finite
number of players [9]. An introduction to games with a large number of players would not be
complete without mentioning mean field game theory [10, 11], which studies stochastic differ-
ential games with an infinite number of players. The underlying formalism here is rather dif-
ferent from the one we use in the rest of this article, however.

Nash equilibria of aggregative game are characterized by the values of the aggregates on
which the payoff of any given action depends. To each of these there generally correspond infi-
nitely many different distributions of strategies among the players. In this paper, the second
question we therefore ask is whether and how this degeneracy in the strategy distribution is
resolved by the learning dynamics of the corresponding agent based model. This issue of how
a Nash equilibrium is selected dynamically has been studied theoretically for games of small
size [12] and using numerical simulation for larger games [13-15], providing results on the
speed of convergence and efficiency of certain types of learning dynamics. While these previ-
ous studies focused on the value of macroscopic quantities such as the ratio of number of buy-
ers to number of sellers once the learning dynamics has converged, we are interested in going
further and investigating the distribution of strategies, which is crucial in order to establish
whether the distribution of preferences of traders is multimodal or not. Although there are
many studies on the convergence of standard learning dynamics such as fictitious play to Nash
equilibria [12, 16, 17] and study of the basin of attraction of such equilibria under different
learning dynamics [18]; studies on the emergence of preferences heterogeneity as the outcome
of alearning dynamics remain absent from the literature. The specific learning rule we study a
form of reinforcement learning inspired by Experience Weighted Attraction (EWA) learning,
which is well known to reproduce quite accurately the behaviour of human subjects learning
to play repeated normal form games [19]. Strategies are encoded by so-called preferences in
this approach, and the comparison of the preference distributions that result from reinforce-
ment learning dynamics with the properties of the underlying Nash equilibria is one of our
main contributions; this is a novel approach that has not to our knowledge been pursued in
the existing literature.

Methodically, we argue that in the game we analyse, correspondence with Nash equilibria
requires a long memory limit. The reinforcement learning dynamics of the agents is then
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described by a Fokker-Planck equation, and it is the steady states of this that we study. We
deploy large deviation methods to detect multimodality in the preferences distribution, where
agents split into sub-populations that each play a different strategy. We combine this approach
with numerical simulations in order to shed light on the several, qualitatively different, types
of preference distribution that can emerge in the steady state of the learning dynamics. These
include the two scenarios that are conventionally considered: homogeneous mixed equilibria,
where all agents play the same mixed strategy, and heterogeneous pure equilibria, where differ-
ent agents play different pure strategies [20-22]. Surprisingly, however, we also find heteroge-
neous mixed solutions, where the agents play different strategies and these strategies
themselves include mixed strategies.

This paper is organized as follow. In the model section, we summarize the minimal model
of traders choosing between double auction markets to be studied in the rest of this article, as
well as the variation on EWA learning dynamics we use. In the result section, we study the
Nash equilibria of the aggregative game corresponding to this model, in the limit of a large
number of players. In in the results section starting we present a study of the steady states of
the learning dynamics in the model presented in page 3 and argue that in the limit of fictitious
play, best response dynamics and large memory, these steady states are Nash equilibria. We
show that depending on how these multiple limits are approached, the dynamics selects several
distinct Nash equilibria, including ones of heterogeneous mixed type. In the method sections,
we present separately the large deviation methods that we use in our study of the steady states
of the reinforcement learning model in the large memory limit. In the conclusion summarizes
our results and lays out some avenues for future research.

Model: Choosing between double auction markets

In this section, we summarize the model of double auction markets of Alori¢ et al. [6]. In this
model, a population of co-evolving traders competes to trade by choosing between two double
auction markets. This can lead to spontaneous emergence of heterogeneous preferences,
where agents spontaneously split into groups with different preferences for the two markets.
The model contains three ingredients: (i) the market mechanism by which the double auction
markets process orders to buy and sell, (ii) the way traders set their order prices (this is
assumed fixed and not affected by learning) and calculate their payoft, and (iii) the learning
procedure that traders use to learn their trading strategy, i.e. their preference for each market.
We describe these three ingredients in turn.

Market mechanism

The model assumes that each market processes orders in discrete trading rounds rather than
continuously. In each round each trader places at one of the markets an order to buy or sell
one unit of the underlying good. An order is denoted (7, p) where 7 € {a, b} designates the type
of order, with a an order to sell (also known as an ask) and b an order to buy (a bid); p is the
price at which the trader proposes to buy or sell. For example (b, 20) is an order to buy one
unit of good at a price of 20. Once all the traders have sent their orders (see Dynamics of trad-
ers), the clearing process begins. The trading price is set by each market using the formula

n,, = (1—-20,){b)+0,(a) (1)

where (b), (a) are the average prices of bids and asks received by the market. All the orders on
the wrong side of the trading price (i.e. an order to buy lower than the trading price or an
order to sell higher than the trading price) are rejected. The remaining valid orders are executed
at the trading price by randomly forming pairs of one buyer and one seller until no more pairs
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can be formed. As the number of valid bids and asks will differ in general, some traders will
remain unmatched; they are unable to trade and their orders are not executed.

Order pricing and payoff calculation

As explained above, it is assumed that traders always send an order to buy or sell exactly one
unit of good to only one single market. This is done to keep the model as simple as possible.
Following the work of Gode and Sunders [23], traders set the price of their orders with zero
intelligence: the price of each order to buy (resp. sell) sent by each trader is an independent
Gaussian random variable with mean p, (resp. y,) and standard deviation oy, = 0, = 1. While
this assumption may appear drastic at first sight, Gode and Sunders found that traders sending
orders to double auction markets with zero intelligence was a good substitute for individual
rationality [23]. The model also assumes that each agent chooses randomly whether to buy or
sell, with a fixed probability p,, that can be different for different agents.

At the end of a trading round, each trader receives as feedback from the market to which
they sent their order whether it was executed and if so at which price. From this each trader
computes the score of his order S as either zero, if the order was not executed, or otherwise as
the profit of the order, which in the model is defined as the absolute value of the difference
between order price and trading price. This payoff is random and is affected by: (i) the submit-
ted order price, (ii) the trading price, and (iii) whether the order is executed, which in turn
depends on the ratio of number of buyers and sellers in the market where the offer was sent.
(We discuss in the results section how the average payoft over these sources of randomness
can be calculated in the limit of a large system.)

Dynamics of traders

The remaining part of the behaviour of the traders that the model needs to prescribe is how
they learn their respective preferences for the two markets. The assumption is that agents use a
variation of experience-weighted attraction reinforcement learning (EWA) [19]. They have
attractions A,, to each market m € {1, 2}, which they update after each trading round n accord-
ing to

(1—1r)A,(n) +rS(n) if the agent chose market m in round n

A,(n+1)= { (2)

(1 —ar)A, (n) otherwise

Here S(n) is the payoff for the order placed at time-step n, & is a fictitious play parameter
which describes how fast traders decrease the attraction to actions they do not play, and r is
the inverse of the agents’ memory, defined as the period of time over which they typically
remember past payoffs. Based on those attractions A = (A;, A,), traders then randomly choose
a market for trade according to the inverse logit or “softmax” function og(-),

1
T 1+ exp(—B(A, — A,)

P(trade at market 1| A) = g,(A, — A,) (3)
where S is the intensity of choice that regulates how strongly the agents use the attractions to
bias their preferences. Note that in the equation above, traders update their attraction to the
market they did not choose using only their attraction to this market and not its payoff as is
the case in EWA learning dynamics described in Ref. [19] and in stochastic fictitious play

[16, 17]. The reason for this choice is that in our model, traders do not have information about
the payoff in the market they did not trade, so we effectively replace this unknown payoff by (1
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Fig 1. Results of a multi-agent simulation of the model of [6] after 5 - 10* rounds of trading among 2 - 10* agents. Parameters for the two markets are 6, =1 —6,=0.3,
buying preferences for the two classes of agents are p\") = 1 — pi) = 0.2, forgetting rate = 0.01 and @ = 1 (no fictitious play). Shown is the distribution of attraction
differences A; — A, across the first group of agents. This is unimodal for intensity of choice 8 below the SEHP threshold as in (a), but becomes bimodal for larger §: the
system shows spontaneous emergence of preferences heterogeneity.

https://doi.org/10.1371/journal.pone.0196577.9001

—a)A,,(t). This absence of information about the action they did not play is one of the reasons
why traders end up with heterogeneous preferences.

A possible extension of this setup, which we do not pursue here, is to allow the traders to
learn also their preference for buying and selling, instead of keeping this fixed [6]. In that case
there would be four attractions to be learned, for buying and selling at each of the two markets.

We shall use “reinforcement learning model” as a shorthand to designate the above dynam-
ics where traders learn at which market to trade—note that because of this learning process the
traders are somewhat more intelligent than the strictly zero-intelligence traders described by
Gode and Sunders [23], who in our scenario would choose randomly also where to trade.

In the following we focus largely on a symmetric setup [6], explained in more detail when
we classify Nash equilibria in the results section. There are two classes of agents in this scenario
but their distributions of attractions are related by swapping A; and A, so it is enough to focus
on one class. Numerical simulation and theoretical analysis of our reinforcement learning
model, for o = 1, then show that when the intensity of choice is above a threshold S, the dis-
tribution of the traders’ attractions can become bi-modal [6]. By way of orientation, example
simulation results for  both below and above the spontaneous emergence of heterogeneous
preference (SEHP) threshold are shown in Fig 1.

Incomplete versus complete information

One possible cause of heterogeneity in agents’ preferences that has been identified in previous
studies is incomplete or imperfect information [24]. An obvious question is whether this
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explains the observation of spontaneous emergence of preferences heterogeneity in the double
auction market model described above. Indeed, the agents in this model do have incomplete
information about the markets they are trading in: they only receive the stochastic payoffs but
do not have access to global information such as the number of buyers and sellers at each mar-
ket, which they would need in order to estimate their average payoff. As a consequence, traders
face the exploration/exploitation dilemma that is common in reinforcement learning [25].
They need to explore the whole strategy space (both high and low payoff strategies) to have
accurate payoff estimates for their strategies, while at the same time exploiting the most profit-
able strategy by playing it frequently. In the model we consider the trade-off between explora-
tion and exploitation is set by the intensity of choice 8 [26], with higher values favoring
exploitation by making agents choose predominantly the market with the larger attraction.

To address the question of whether spontaneous emergence of preferences heterogeneity is
possible also with perfect information, we develop in the next section an appropriate game the-
oretical version of the double auction model discussed above. Once we have determined the
Nash equilibria of this game, we will come back to a comparison with the steady state of our
reinforcement learning dynamics, to see how this resolves an indeterminacy in the Nash
equilibria.

Results and discussion: Mean field Nash equilibria

We now rephrase the double auction market choice model in game theoretical language. This
will allow us to determine and classify its Nash equilibria in the mean field limit of an infinite
number of players. Our aim will be to determine whether in this perfect information context
there are still signatures of the spontaneous emergence of the phenomenon of preference het-
erogeneity previously found for our reinforcement learning approach with imperfect informa-
tion. We will then see that, in the appropriate limit, the steady states of the reinforcement
learning are consistent with the Nash equilibria of the model described in this section.

Game theoretical framework

Setting. We consider a population of N traders called players (to be consistent with stan-
dard terminology in game theory). Those players are divided into two classes ¢ € {1, 2}, of the
same size. Each player has fixed buy/sell preferences described by the probability to buy, p.”,
which depends on his/her class. Each trading round is a round of the game, where each player
chooses one of two actions, viz. “send an order to market one” and “send an order to market
two”; we label these by m € {1, 2}. A pure strategy is one where a player always chooses the
same action. A mixed strategy is one where the player chooses action m = 1 with probability p
€ [0, 1] and m = 2 otherwise. This formalism can be linked to our reinforcement learning
model as described in the model section: there the traders learn which mixed strategy to play,
mapping the learned attractions (A;, A,) to the probability p using the softmax function gg(-)
defined in Eq (3).

Average payoff in a large game. To determine the Nash equilibria, we need to determine
the average payoff of a player for a given strategy p, given the (fixed) strategies of all other play-
ers. While this calculation would be complicated for finite N, it simplifies in the limit N — oo
that we consider from now on. Firstly, the trading price at each market becomes non-fluctuat-
ing as the average value of bids and asks submitted becomes equal respectively to y;, and y,, up
to fluctuations that vanish as O(1/+v/N).

Secondly, the ratio of the number of buyers and sellers at each market m, which we denote
fm» also becomes non-fluctuating. We can calculate these ratios from the strategy distribution
¢“(p) within each class of players, where because of the large N-limit we can neglect the effect
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of the strategy chosen by of any single player to obtain

(1) =(1) (2)z(2)
2y _ Dy P PP
A T e + (- @
. (1) 1 — pM + (2) 150
£(6,6%) = P (1=p")+p, (1—p%) (5)

(1=p")(1 = p) + (1= p”)(1 — p)

Here p© = [dp ¢ (p)p is the average mixed strategy parameter p in class c. In the above for-

mulas, Np\"'p" is the typical number of agents of class 1 choosing to buy and to send their buy
order to market 1. The relative fluctuations of this number again vanish for N — oc. The other
terms in the expressions for the f,,, have analogous interpretations, and the common factor of
N cancels.

Based on the above considerations, it becomes a simple matter to calculate the average pay-
off P_,,(f,,) of buying (7 =b) or selling ( = a) in market m, depending on the market condi-
tions as encoded by f,,. Our game is therefore aggregative [27]: average payoffs are determined
only by the aggregate quantities f; and f, that can be calculated from the strategy distributions
¢“(p). Other games in this class include the Cournot oligopoly; in statistical physics language
the aggregates would be called order parameters.

In our setup we need to average the payoff P_, (f,,) further over the probability of buying
or selling, giving for a player of class c an average payoftf for the action of “going to market m”
of

P ) = 2 Pou(f) + (1= PP () (6)

Finally, for a player using a mixed strategy, the resulting payoff P (p, f,,f,) is an average of
the payoff at market 1 weighted by p and the payoff at market 2 weighted by 1 — p:

Pp.fiofe) = PP () + (1= )P (£y) (7)

This quantity is the key input into the calculation of the Nash equilibria of our game.

Nash equilibria. We choose to use the following definition of a Nash equilibrium for our
game in the limit of an infinite number of players [11]. This definition takes advantage of the
fact that we exploited in the payoff calculation, namely that for N — oo the aggregate quantities
f1 and f, remain constant if a single player changes strategy; in other words, players do not
have market impact and their payoff depends only on their own strategy and the distribution
of the strategies in the population overall.

Definition 1. Nash equilibrium: The strategy distributions ¢ and ¢ constitute a Nash
equilibrium of the game if the two following conditions are verified:

Support(¢"”) C argmax, (P (p.f,(6", 6, (6", ™)) (8)

Support(¢®) C argmax, (P (p,f, (8", 6?), (", 6%))) 9)

Here the maximization of the payoff on the right hand side is performed over the variable p at
constant ¢'%; i.e. each single player maximizes their payoff with the aggregate quantities fixed.
In words, the definition means that any strategy that has nonzero probability of being
played by a player from class ¢ (i.e. in the support of ¢)) must maximize the player’s payoff.
We will now apply this definition to determine the different classes of Nash equilibria that

exist in the double auction market choice game.
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Classification of Nash equilibria

Equal payoff constraints. We will classify Nash equilibria according to two characteris-
tics. If all agents in a class play the same strategy p = p'), the distribution ¢‘“(p) is a delta-dis-
tribution 5(p — p'“) and we call the equilibrium homogeneous for that class, otherwise—when
different players in the same class use different p— we refer to the equilibrium as heteroge-
neous. The second characteristic is the strategy type: if all agents in a class play the pure strate-
gies p =0 or p = 1 we call the equilibrium pure, otherwise mixed. Combining these two
characteristics then divides equilibria for each class into four possible types.

To obtain a classification of the possible overall Nash equilibria, note that the function
being maximized in Eqs (8) and (9), viz. p — P (p,f,(¢", o), f,(¢", ¢*)) is linear in p. As
a consequence, if it is not constant, it has a single maximum on one of the boundaries of the
interval [0, 1] where it is defined. A glance at (7) shows that the payoff function is constant if
and only if ¢ and ¢® are such that the payoffs at the two markets are equal:

PO (0", 0%)) = PY((6", 6)) (10)

If (and only if) this equal payoff condition is satisfied, the strategy distribution ¢‘“(p) can be
nonzero for any p € [0, 1]. This can be interpreted by saying that, if in a class there are players
that go the first and the second market, the only way for none of them to have an incentive to
move to another market is for the payoff at the two markets to be the same.

If the equal payoft condition is not met for a class, we have to have either

PO, 067) > PYH(6", 67),  ¢“(p)=6dp-1), p9=1 (11)
or
POF (0", 69) < PY(f(6",07),  ¢“9(p)=0d(p), pY=0 (12)

In both cases the strategy distribution is homogeneous pure, and the entire class of agents goes
to the market with the higher payoff.

Types of Nash equilibria. We can now proceed to find the possible types of overall Nash
equilibria for our game. Because f; and f, are fixed once p"" and p'® are known, the equal pay-
off condition for each class defines a line of points in the (pV), p?) plane. This line can consist
of several distinct pieces as shown in the examples in Fig 2, where equal payoft lines are plotted
for both class ¢ = 1 (full lines) and ¢ = 2 (dashed lines).

The discussion above can now be summarized in graphical terms as follows: a point in the
(p, p®)-plane is a Nash equilibrium if for each class the point is either on the equal payoff
line, or on the boundary (specified by p'© = 1 or = 0) corresponding to the market where the
class has the higher payoff. Combining these options for the two classes, the first and for our
purposes most interesting type of Nash equilibrium that results is a point at an intersection of
two equal payoff lines, away from the boundaries. We call such a point a potentially heteroge-
neous Nash equilibrium. Here both p") and p® are strictly between 0 and 1. The strategy dis-
tributions can then be either

« homogeneous mixed, with ¢/ = §(p — p')), or
« heterogeneous pure, with ¢\ = (1 — p9)3(p) 4+ p(p — 1), or
« heterogeneous mixed otherwise.

These three different cases are illustrated schematically in Fig 3. The homogeneous mixed
case can be viewed as the Nash equilibrium analogue of the unimodal distribution in the
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p(l) ﬁ(l)

Fig 2. Values of p", p* for which the equal payoff constraints are verified for class c = 1 (blue, solid) and class c = 2 (green, dashed). The arrows point to (s", s?)
where s € {0, 1} indicates the profit-maximizing strategy of traders from class ¢, in each distinct area of the plane. In panel (a) where 6, = 1 - 6, = 0.3,

pl(j) =1- pl(f) = 0.2, there exists a heterogeneous equilibrium (green triangle), located at the intersection of the two equal payoff curves. In panel (b), 6, =1 -6,=0.2,

iV =1 —pl = 0.45, and the equal payoff curves do not cross. There is then no potentially heterogeneous Nash equilibrium, but the direction of the arrows shows that a
homogeneous pure equilibrium (orange square) with the two classes going to different markets exists. There are also two partially heterogeneous Nash equilibria (red
circles, see main text). In both (a) and (b) there exist homogeneous pure Nash equilibria where the whole population trades at the same market (blue hexagons). The
dotted line indicates the location of the symmetric equilibria that we mostly focus on.

https://doi.org/10.1371/journal.pone.0196577.9002

stochastic simulations shown in Fig 3; in the heterogeneous mixed case the strategy distribu-
tion is arbitrary except for its fixed mean p'). The fact that the Nash equilibrium conditions
here allow both homogeneous and heterogeneous strategy distributions motivates our use of
the term “potentially heterogeneous”. It also shows that one needs dynamical information to
say more about the strategy distribution shapes, as explored in detail in the results section.

A second type of Nash equilibrium results when the equal payoff condition is obeyed for
only one class while the other class is at a boundary. We then speak of a partially potentially
heterogeneous Nash equilibrium, because one class of players has a homogeneous pure strategy
distribution while the other strategy distribution is of one of the three types listed in the bullet
points above.
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Fig 3. Three different types of strategy distribution ¢(p) that all have the same mean p (dashed line): Homogeneous mixed distribution (left panel), heterogeneous
mixed (red curve, right panel) heterogeneous pure (green curve, right panel). Peaks in the distribution are shown broadened as they would be in our reinforcement
learning model at finite decision strength f3; as Nash equilibria they would become sharp (delta-distributions). The right panel illustrates that, when a strategy distribution
has two distinct peaks, it can represent a steady state of the learning dynamics only when the fluxes of agents moving from one peak to the other balance in the two

directions (see the Methods section).

https://doi.org/10.1371/journal.pone.0196577.9003

Finally, Nash equilibria unconstrained by either of the equal payoff conditions must be in
on of the four corners of the square (p", p?) € [0, 1]*; we call them homogeneous pure equi-
libria as the strategy distributions for both classes are then of this type. These equilibria can be
further subdivided depending on whether both classes go to the same market or not. The for-
mer type always exists as if one of the traders tries to trade in the empty market s/he will earn a
payoff of 0 which is smaller than the payoft s/he could earn in the non-empty market. In the
latter type, each market is used only by traders of one class, who trade with each other there.

Plots in the (p', p®)-plane as shown in Fig 2 are a convenient graphical tool to assess the
existence of potentially heterogeneous, potentially partially heterogeneous and homogeneous
pure Nash equilibria. Potentially heterogeneous equilibria are found directly as interior cross-
ing points of the equal payoff curves for the two classes. A partially heterogeneous Nash equi-
librium corresponds to a point (see Fig 2(b)) that is located at the intersection of the equal
payoft curve of class 1 (resp. 2) and a horizontal (resp. vertical) boundary. This criterion identi-
fies a list of (usually four) candidate equilibria. To have an actual equilibrium the payoffs of the
markets for the homogeneous pure class need to have the correct order, e.g. for a candidate
point located on the axis p® = 1, the payoff at market 1 has to be higher for class 2 players
than the payoff at market 2. By drawing arrows indicating payoff ordering as explained in the
caption of Fig 2, this can be summarized by saying that the arrows must point towards the
boundary that a candidate point for a potentially partially heterogeneous Nash equilibrium lies
on. In Fig 2, this leaves two equilibria of this type as marked by the red circles.

Finally, for a heterogeneous pure Nash equilibrium where the two classes of players choose
different markets, the two candidate points are the top left or bottom right corner. These are
again Nash equilibria provided they have the correct ordering of payoffs, which requires that
the arrows drawn in the figure point towards this corner. In Fig 2(b) this is the case for the top
left corner (orange square).

We can now look at how the existence of the different types of Nash equilibria depends on

the system parameters, which are the market biases 6,, and the buying preferences p|”. We
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Fig 4. Phase diagram for existence of different types of Nash equilibria for a system with symmetric price setting parameters 6, = 1 — 6, and
buying preferences p,()” =1- pff) . The types of equilibria in this plot are explained in the results section and a graphical method to check their
existence is shown in Fig 2. The labels (a) and (b) correspond to the panels there. Note that the two homogeneous pure Nash equilibria where
both classes of player trade at the same market are not shown as they exist everywhere.

https://doi.org/10.1371/journal.pone.0196577.9004

follow Ref. [6] in focusing on a symmetric setup where the two markets have opposite biases in
favour of buyers and sellers. As 8 = 0.5 corresponds to the absence any bias, this means 0, + 0,
= 1. Similarly we assume that the players fall into two symmetric groups with respect to their

buying preferences, with those in class 1 preferring to buy (p.”” < 0.5) and the others having
the opposite preference p\”’ = 1 — p{". With these choices, we can show in Fig 4 the regions

where the different types of Nash equilibria exist as a function of p"’ and 6,. It turns out that
the two examples shown in Fig 2 cover the two generic cases: in addition to homogeneous

PLOS ONE | https://doi.org/10.1371/journal.pone.0196577 July 9, 2018 11/37


https://doi.org/10.1371/journal.pone.0196577.g004
https://doi.org/10.1371/journal.pone.0196577

@° PLOS | ONE

Dynamical selection of Nash equilibria using reinforcement learning

pure Nash equilibria where both classes go to the same market, which always exist, one has
either a potentially heterogeneous Nash equilibrium as in Fig 2(a), or a homogeneous pure
equilibrium with the two classes at different markets and two potentially partially heteroge-
neous equilibria (Fig 2(b)). These two cases are mutually exclusive. An analytical expression
for the boundary between the zones where they exist can also be obtained as detailed in the
methods section.

Returning to the broader picture, the Nash equilibrium analysis of the double auction mar-
ket choice game clearly shows that there is potential for spontaneous emergence of preferences
heterogeneity: as illustrated in Fig 3, heterogeneous pure strategy distributions have two peaks
that indicate players within a class separating into two distinct subpopulations playing oppo-
site pure strategies. Heterogeneous mixed strategies can similarly have two or more peaks.
This shows that the observaions of spontaneous emergence of preferences heterogeneity, also
called segregation in a previous study of our reinforcement learning model [6] were not based
on purely dynamical effects. We also find qualitatively similar trends, e.g. the equilibria where
both classes of players can be segregated (potentially heterogeneous) are most prevalent in
Fig 4 when the two markets are identical (8, = 0.5), showing that the spontaneous emergence
of preferences heterogeneity is not a trivial consequence of differences between markets.

However, the Nash equilibrium conditions only identify the means of the strategy distribu-
tions ¢ and ¢®. As we saw, this means for a potentially heterogeneous (or potentially par-
tially heterogeneous) equilibrium that we cannot decide whether the underlying strategy
distribution is homogeneous (mixed) or heterogeneous, nor do we know whether a heteroge-
neous mixed strategy distribution would actually have two distinct peaks as required for the
concept of segregation to make sense. We therefore study next under what conditions our
reinforcement learning dynamics as defined in the model section reaches as its steady state a
Nash equilibrium of our system. Once this connection is established, we ask which particular
Nash equilibria are selected as possible steady states of our reinforcement learning dynamics.
Put differently, does the learning dynamics break the indeterminacy of the Nash equilibrium
conditions?

Results and discussion: Reinforcement learning in double auction
markets

In this section, we study the steady states of our reinforcement learning dynamics defined in
the model section in a game with a large number of players. We are interested in particular
when different types of steady state strategy distributions, as sketched in Fig 3, can occur.

We argue in the results section that one expects the steady state of our reinforcement learn-
ing dynamics to approach a Nash equilibrium of the we described previously in the joint limit
where the fictitious play coefficient & — 0, the intensity of choice f — oo and the inverse
memory length r — 0. In principle our task is thus to find the steady state of our reinforcement
learning and then to take this joint limit. It turns out, however, that this is far from trivial. The
reason is shown by the phase diagram in Fig 5, where the limit r — 0 has already been taken.
What is notable is that there are different regions in the phase diagram where the steady state
strategy distributions are homogeneous and heterogeneous, respectively. The Nash equilib-
rium limit point (e, 1/8) = (0, 0) can be approached along paths within either of these regions,
which means there will be several possible limiting strategy distributions of our reinforcement
learning dynamics, and it is these that we will want to identify. Note that we focus generally on
system parameters where potentially heterogeneous Nash equilibria exist (see Fig 4), for which
the phase diagram of our reinforcement learning model has the generic structure of Fig 5.
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Fig 5. Phase diagram of our reinforcement learning model. The blue zone shows the region of the (e, 1/8)-plane where the steady state strategy distribution of each of
the two classes of agents is heterogeneous. Elsewhere, including in particular on the line a = 0, the strategy distribution is homogeneous. The blue line shows the threshold
a, where the distribution switches from homogeneous to heterogeneous mixed. As o is increased further beyond a threshold o (dashed green line), the strategy

distribution becomes heterogeneous pure. The market and trader parameters for this diagram are §; = 1 — 6, = 0.3 and p\") = 1 — p\*’ = 0.2. Inset: Threshold curves
plotted with a logarithmic a-axis. The red line shows the exponential dependence of the characteristic values of & on f (with an arbitrary prefactor) that is expected from
the theoretical considerations we describe in the methods section.

https://doi.org/10.1371/journal.pone.0196577.9005

We introduce in the methods section, the Kramers-Moyal expansion for our reinforcement
learning dynamics on which the rest of the analysis is based. In particular, we study homoge-
neous and heterogeneous distributions of preferences, and analyse how they approach Nash
equilibria in the relevant limit. The large deviation methods we deploy for the heterogeneous
case are described separately in the methods section as well.

As before we choose to concentrate on settings with symmetric market biases and buy/sell
preferences, and within those on steady states of our learning dynamics that also have symmet-
ric aggregates p'") = 1 — p®. This captures the dominant steady states, simplifies the numeri-
cal analysis (see the Methods section) and also makes it easier to illustrate the concepts. In the
graphical representation of Fig 2, the steady states we are considering lie on the diagonal from
top left to bottom right (dotted line).

Nash equilibria as limits of reinforcement learning

In the game theoretical study above, we considered a large game (N — o). The Nash equilib-
ria we studied assume implicitly (i) that each player is able to evaluate his expected payoff (full
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information assumption), (ii) that this evaluation averages appropriately over all stochastic
effects (no fluctuation assumptions) and (iii) that the players always choose the action with the
highest payoff (best response assumption). One therefore expects a learning dynamics that veri-
fies these same assumptions to converge to one of the Nash equilibria we characterized in the
previous section.

We now consider when the above assumptions hold for our reinforcement learning dynam-
ics. If we want the players’ attractions to be accurate estimates of the payoffs for the correspond-
ing action (assumption (i)) we require & — 0 to ensure that the attractions to actions that are
not played do not decrease over time. To average over payoff fluctuations (assumption (ii)) we
further need to work in the large memory limit r — 0. To see this, note that in each training
round the players’ attractions are modified only by an amount of order r. For small r, attractions
therefore change substantially after ~ 1/r training rounds. This means the players effectively
average the payoffs over many trading rounds that take place while their attractions and hence
their strategies remain fixed, and in the limit obtain the correct expected payoffs [28]. Finally, a
large intensity of choice (8 — o0) ensures that players best respond to their attractions, so that
our reinforcement learning model in that limit also verifies assumption (iii).

Kramers-Moyal expansion for r — 0

Of the three limits identified above we take first the large memory limit r — 0. In this limit—
and the large system limit N — oo, which we always assume—the dynamics of our reinforce-
ment learning model can be described by a (nonlinear) Fokker-Planck equation [6]. This is
derived by a Kramers-Moyal expansion truncated at the second order; we defer the details to
the methods section. Denoting by P(A“)| t) the distribution of attractions of traders from class
¢, where A€ = (A'”, A) is a vector gathering the attractions towards market 1 and 2, the
Fokker-Planck equation describing the time evolution of this distribution is

2
OPAY 1) = =D 0,0[W)(AY 5V, p)P(AY, )]
m=1
L _ (13)
5 D 000,00, (A5, 5 B(AY, 1)
OO

mm' =

Here time ¢t = rn is a rescaled version of the number of trading rounds #, while 'V and p® are
the average fractions of traders from class 1 (resp. class 2) choosing to go to the first market.
These fractions are obtained simply by averaging the probability of choosing market 1 as
defined in (3) over the relevant distribution of attractions:

pY = / dAY P(AY, t)ay(4) — AY) (14)

Formally, p") and p® are therefore functionals of the probability distributions P(A), t) It is
this dependence that makes the Fokker-Planck equation nonlinear, and couples the dynamics
of the attraction distributions in class 1 and 2.

At fixed values of p") and p?, the Fokker-Planck equation (13) describes for each class the

Langevin dynamics of the attraction vector A of a single agent, with deterministic drift vector
19 and (multiplicative) white noise with covariance matrix 2 . The form of the drift follows

mm’*

directly from the original reinforcement learning dynamics (2) (see the Methods section)

w (AP0, p) = PY(F (B, p™)) — AJoy(A)) — AY) — aA[1 — 0,(A) — AF)] (15)
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The first term describes the change in the attraction to market 1 (in square brackets), weighted
with the probability of the agent choosing that market. The second term corresponds to the
opposite case where the agent chooses market 2.

The Fokker-Planck equation (13) is of course impossible to solve in closed form in general.
A special case is the limit r — 0, assuming the population is initially homogeneous, i.e. a delta-
distribution. Homogeneity is then maintained over time for r = 0, where the dynamics is deter-
ministic, and Eq (13) gives for the time evolution of the locations of the peaks of the attraction
distributions the equations

9,49 = uO (AU, 5, 5) (16)

t

Together with
pU(1) = ay(A7 (1) — AL (1)) (17)

one then has a system of nonlinear differential equations that is straightforward to solve
numerically. We call this the homogeneous populations dynamics, where the population
changes over time but remains homogeneous.

For nonzero r, analysing the Fokker-Planck equation becomes more difficult because the
attraction distributions broadens and can indeed develop multiple peaks. As we are primarily
interested in long-time steady states, we focus on this somewhat simpler case. The task at hand
here is a self-consistency problem: find a set of aggregates p'”, p(? for which the steady state
solution of the Fokker-Planck equation, when inserted into (14), gives back the original aggre-
gates. If we call p(pV, p®)) the aggregates calculated from the steady state solution, the self-
consistency equations are simply p (p\V, p®) = p©©.

Steady state of the Fokker-Planck equation

The remaining challenge is now to determine, for small , the steady state solution of the Fok-
ker-Planck equation for given aggregates p"), p?. As explained above, we can think of this as
the steady state distribution for the dynamics of a single agent, given a fixed state of the popula-
tion. In the limit r — 0 this dynamics is almost deterministic so that the agent will spend
almost all of her/his time near the stable fixed points of the drift 1<) Accordingly, P(A“) will
be peaked near these points, with the peak width being of the order of the standard deviation
of the Langevin noise, i.e. O(y/7).

For aggregate values where there is only one stable single agent fixed point, P(A“)) becomes
a delta-distribution centred at that point for r — 0, so we have a steady state with a homoge-
neous distribution of attractions and hence strategies. The self-consistency condition for such
a steady state is then simply the stationarity condition for the homogeneous population
dynamics (16) together with (17). The graphical solution of this condition is illustrated in
Fig 6(a).

When there are multiple stable single agent fixed points, P(A')) for r — 0 will become a
sum of delta-distributions at these points. The remaining task is then to find the weight of each
of these peaks. We explain how to use large deviation methods for this purpose in the methods
section. The idea is that the peak weights are determined by the balance of fluxes of agents
transitioning from one peak to another. For small 7, the dominant r-dependence of these fluxes
comes from exponential factors of the form exp (—S/r). Fluxes can then balance for r — 0
only when the “action” S, which represents an effective activation barrier, is the same for the
transition from one peak to the other as for the reverse transition. This condition, which is rep-
resented schematically in Fig 3, allows one to determine the aggregate values where multiple
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Fig 6. New aggregate p' calculated from steady state of single agent dynamics at “old” aggregate value p" (for r — 0). Steady states are peaked around stable fixed
points (solid/dotted), which are connected by unstable fixed points (dashed). In (a) only one such peak exists for any pV. The physical steady state is found from the self-
consistency requirement 5V = p( (dot-dashed line). In (b, c) there are steady states with up to three peaks, but generically all but one have a weight exponentially
suppressed in 1/r so that p (p1V) (solid line) follows the curve for a single fixed point. At specific aggregate values the dominant peak switches and two peaks can coexist
(vertical solid lines). In (b) there are two such transitions; in (c) the middle fixed point from (b) has disappeared and there is only one transition, between branches of p()
that are close to 0 and 1. In (b, ¢) the intersection with the diagonal is at a switch, giving a heterogeneous steady state with two peaks of comparable weight. Market and
trader parameters for this figure are as in Fig 5; intensity of choice = 1/0.1.

https://doi.org/10.1371/journal.pone.0196577.g006

peaks can coexist in P(A). At these aggregate values the steady state solution switches between
two single peaked solutions. This switch happens within an aggregate value range of O(r) that
vanishes as r — 0, giving vertical sections in the plot of p© versus p'? as shown in Fig 6(b). If
the intersection with the diagonal p = p'9 occurs in one of these vertical sections, as in the
example in Fig 6(b), the actual peak weights can be determined indirectly from the fact that
the appropriate weighted combination of the p'© from the single peaks must give p'. Note
that one can show generally (see the Methods section) that in each agent class there can be at
most three stable fixed points, so that each P(A'”)) can have at most three peaks. By choosing
an appropriate aggregate value, at most two of these peaks can be made to have finite weight
for r — 0. Obtaining three peaks with finite weight requires one to tune o to . at given S, giv-
ing the dashed green phase boundary in Fig 5. Intuitively, at o the two transitions in Fig 6(b)
have moved horizontally so that they occur at the same aggregate value.

We will next study the homogeneous steady states of reinforcement learning dynamics.
Given the structure of the phase diagram that we anticipated in Fig 5, the easiest way to ensure
that steady states are homogeneous in the Nash equilibrium limit is to take & = 0.

Homogeneous attraction distributions

Kramers-Moyal expansion for @ =0. We saw above that the dynamics of a homogeneous
distributions of agents within each class is described, for r — 0 by (16 and 17). In steady state
the right-hand side of (16) needs to vanish, hence using & = 0 in (15) and its analogue for
m =2 one has

0=[PP(h(EY.5%)) — Ao,(4) — A7) (18)

0= [PY(L(Y,p™)) — A],(A5 — AY) (19)
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Here the aggregates on which f; and f, depend are given by p') = g, (AY — AYY. In (19),
o (A — AY) cannot vanish at any finite 3, so the condition for a homogeneous state is sim-

ply
PO (Y, pP)) — AY =0 (20)

which needs to be verified for each market m and each class c. This means that for each player,
in the steady state of the reinforcement learning dynamics, the respective attraction to each
market equals the expected payoff there. The aggregates calculated from the steady state are
therefore

PG p?) = ay(PYH (P, p)) = PY (LG, p™))) (21)

We now need to solve the self-consistency condition p© = p' as explained in the results
section. This can be visualized most easily if we focus on symmetric situations where
PV =1— p®: one just has to plot the curve g,(P\" — P."”) vs pV and intersect it with the
diagonal, as shown in Fig 6(a).

To retrieve our reinforcement learning steady states corresponding to Nash equilibria, we
need to consider the limit § — oo of high intensity of choice. Then 0'/;(7351) - Pél)) approaches

one if the payoff at the first market P! is larger than at the second, otherwise zero. Where the
payofts are equal, a step in the curve results, which will always produce an intersection and
hence a self-consistent solution. Because of the payoff equality, such solutions correspond
exactly to potentially heterogeneous Nash equilibria (see Eq (10)). Here this type of Nash equi-
librium is realized in a homogeneous mixed form: all players from class 1 play the same strategy,
choosing market 1 with probability pV.

If the payoffs P{" and P") are different across the entire range of p"), we have a different
scenario: assuming P{" > P} for definiteness, 7,(P\" — P}) tends to one for 8 — oo, hence
the only self-consistent solution is p") = 1.

This corresponds to a homogeneous pure Nash equilibrium, with—because of the assumed
symmetry—the two classes of players trading at different markets.

To show the approach to the large -limit, we show in Fig 7 numerically determined values
of p'Y, the fraction of traders from the first class going to the first market in the steady state of
the dynamics of our model. The results for three different 3are compared to the values of p)
determined from the mean field Nash equilibrium condition, which as we saw leads to the two
payoff equalities (10). As expected, as 3 gets larger, the aggregate p!) gets closer to its Nash

equilibrium value, confirming our reasoning above. Note around p{"’ = 0.45 we transition
from the situation in Fig 2(a), where the Nash equilibrium and the corresponding steady state
are of homogeneous mixed type (green triangle in the figure), to the homogeneous pure state
(orange square) in Fig 2(b).

So far our main conclusion is that steady states of our reinforcement learning model can
give homogeneous mixed realizations of the potentially heterogeneous Nash equilibria we had
identified in the results section: even though the equilibrium could be heterogeneous, the
dynamics generates a homogeneous steady state with the same aggregates where all players use
the same mixed strategy. This happens if we consider the limit of the dynamics for § — oo at @
= 0. One would expect from the phase diagram in Fig 5 that the same steady state is obtained if
we move the path of approach towards (e, 1/8) = (0, 0) slightly away from the vertical axis, i.e.
if & is nonzero but goes to zero sufficiently fast as § grows. We show in the methods section
that this is true if the decay of ¢ is exponential, o, ~ exp(—const - B): if the constant in the
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exponent is large enough, the attraction distributions remain homogeneous and attractions
again become equal to payoffs for f — oo.

Heterogeneous attraction distributions

We investigate in this section steady states of our reinforcement learning where the attraction
distributions of traders are multimodal (heterogeneous) rather than unimodal. As explained in
the results section, for r — 0 the modes become sharp peaks so that unimodal distributions
become homogeneous. We have investigated the latter case so far, but heterogeneous steady
states should also exist. Indeed, it was shown in [6] using multi-agent simulations as well as
theoretical studies of the Kramers-Moyal expansion detailed in the methods section that for
high enough intensity of choice f the distribution of attractions undergoes a transition from
homogeneous to heterogeneous. We therefore expect to find heterogeneous steady states of
our reinforcement learning more generally for large f and o not too small. We confirm this
expectation in this section, where we also find surprising transitions between different types of
heterogeneous steady states.
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Difference between the case of homogeneous and heterogeneous attraction distribu-
tions. In [6], Alorié et al. describe a method to obtain the critical «r at which the attraction
distributions of the traders in the two classes become heterogeneous. One assumes initially
that the distributions are homogeneous and determines a self-consistent assignment of the
aggregates p'V, p? on this basis. One then checks whether the single agent dynamics for these
aggregate values has one fixed point, producing a homogeneous distribution of attractions, or
two or more (stable) fixed points, giving a heterogeneous distribution with peaks at these loca-
tions in attraction space. What this method leaves open, however, is what the weights of these
peaks are and in particular whether they remain nonzero in the large memory limit r — 0.
This is the task we tackle using large deviation methods, as summarized in the results section
above and described in more detail in the methods section.

Transition from one to two to three stable fixed points. We next explore the different
fixed point structures of the single agent dynamics as a function of the fictitious play parameter
a, for fixed large intensity of choice . In principle at each a the aggregates p\”, p” need to be
determined from self-consistency but from the experience with the homogeneous solutions we
expect that as long as « is small enough and f large enough, the self-consistent aggregate values
will be close to their Nash equilibrium values. To leading order one can therefore think of
varying o at fixed aggregates. As before we also rely on the assumption that the memory of the
traders is large (r — 0); the finite memory case will be investigated below using numerical
simulations.

When the fictitious play coefficient a is small enough, the single agent dynamics has a single
stable fixed point A (see the Methods section and Fig 8(i)) and so for r — 0 the distribution of
attractions is a d-peak at this point as shown in Fig 3(a). As « increases then as shown in
Fig 8(b) two new stable fixed points A; and A} appear, first one and then the other. But the dis-
tribution of attractions is still delta peaked around the original fixed point because in the limit
r — 0 the other fixed points are exponentially suppressed in 1/r: they are in this sense
metastable.

The first phase transition arises at a critical value of @, ¢, where one of the metastable point
becomes stable; in Fig 8 this is Aj. In this case, the attraction distribution is composed of two
O-peaks located at these two stable fixed points of the single agent dynamics (see Fig 3(a) and
3(b) for an example projected onto one direction in attraction space). The transition occurs
because the actions (see the Methods section) for single agents to move from one stable fixed
point to the other and for the reverse move become equal.

This ensures that the fluxes of agents between the two stable fixed points are of the same
order of magnitude in both directions, and hence that the two peaks in the attraction distribu-
tion can have comparable rather than exponentially different weights.

As aincreases further, small changes to the aggregates maintain the condition of compara-
ble flux between the two existing stable peaks. Eventually, at some o higher than «,, the third
fixed point also becomes stable so that the attraction distribution acquires three peaks.

Note that the weights of the three peaks cannot be fully determined at o0 = «.: the self-con-
sistency for p") only gives one condition for three nonnegative peak weights that need to sum
to one, so that the problem is underconstrained. This indicates that for nonzero r these weights
would vary continuously across a small range of & of order .

For o > o, it is the turn of the central fixed point A} to become metastable; aggregate values
are determined by the equal action condition between the two outer stable fixed points and the
attraction distribution goes back to having only two 6-peaks. Finally at even larger o the central
metastable fixed point disappears altogether in a saddle-node bifurcation.
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Fig 8. (i-iii) Flow diagrams of the single agent dynamics for increasing a. The points represent the stable (red) and unstable (blue) fixed points of the dynamics. The
potentials in the bottom row represent schematically in 1-D the arrangement of fixed points (stable = potential minimum, unstable = potential maximum). Attraction
distributions are peaked around stable fixed points; in the 1-D representation, the lowest minima indicate peaks with weights of order unity as r — 0, while higher-lying
(metastable) minima correspond to peaks that become exponentially suppressed. For a < a., the aggregates of the single agent dynamics are deduced by self consistency
from the only stable fixed point of the dynamics (panels (a) and (b)), while for larger o the aggregates are chosen such that the transition rates between the stable fixed
points (A} and A; for o, < o < o/, panels (c) and (d); A} and A; for & > o, panels (e) and (f)) are of the same order. Plots were produced with symmetric market biases 6,
=1- 6, = 0.3 and probability of buying p’ = 1 — p{” = 0.2 and intensity of choice = 1/0.11.

https://doi.org/10.1371/journal.pone.0196577.9008

Game theoretical interpretation of the steady states. We now investigate the character-
istics of all the steady states described above and compare each of them to the Nash equilibria
enumerated in the results section. When « is below the critical value a,, all the traders within
one class randomize between the two markets, going to the first market with the same proba-
bility. This probability is o, (Al — AY) evaluated at the stable fixed points of the single agent
deterministic dynamics, which also equals p'© (see the Results section). This homogeneous
mixed strategy profile is plotted as the single-peaked preference distribution in Fig 3.

For the opposite case of large o, o0 > o, there are within each class two sub-populations of
traders, each of which corresponds to a peak of the attraction distribution as shown schemati-
cally in Fig 3(b). Looking at Fig 8(iii) and 8(f), one sees that at both of these peaks, the attrac-
tions to the two markets remain distinct for large f/—the relevant fixed points are far from the

45° diagonal. In the limit both sub-populations will therefore play a pure strategy as g, (AY —
A tends to one or zero, respectively. This situation is shown as the preference distribution in
Fig 3(b) with two peaks around preference one and zero, representing two sub-populations of
traders all choosing market 1 and 2 respectively. This steady state of our reinforcement
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learning model is therefore a heterogeneous pure realization of a Nash equilibrium, as the pref-
erences of traders are heterogeneous, with two sub-population playing different pure
strategies.

While the two cases of homogeneous mixed and heterogeneous pure Nash equilibria are
well studied in the literature [20, 21], we find a novel state for o, < a < a. Again there are
within each class two sub-populations of traders. But now one sub-population has attractions
that become equal for large f: the corresponding fixed point lies close to the diagonal in
Fig 8(ii). These traders therefore play a mixed strategy and randomize between the two mar-
kets. Overall we have a heterogeneous mixed steady state because not all traders play pure strat-
egies. This is illustrated in the right panel of Fig 3. Such heterogeneous mixed strategy
distributions have, to our knowledge, never been reported in any study of aggregative games
so it is fascinating that they are accessible by our variation of EWA learning dynamics.

Opverall, we have found that potentially heterogeneous Nash equilibria can be realized as
steady states of our variation of EWA learning in three different ways by appropriately taking
the limits of perfect fictitious play & — 0 and best response # — co. For small enough a <
a(f) one obtains a homogeneous mixed equilibrium, while keeping larger o > o/ () gives a
heterogeneous pure equilibrium. Most interesting is the case where o is taken to zero in the
“corridor” o, < & < o, which results in a heterogeneous mixed equilibrium.

Note that the partially heterogeneous Nash equilibria (where one class of traders splits into
sub-populations while the other stays homogeneous) do not appear in the analysis above
because we restricted ourselves to studying Nash equilibria for which the aggregates are sym-
metric (pV = 1 — p®), thus ruling out partially heterogeneous Nash equilibria.

We close this section by showing in Fig 9 some numerical results for the aggregate p") as a
function of o, for a fixed intensity of choice B. The values of ¢ and o/ are shown to indicate the
transitions between the homogeneous mixed, heterogeneous mixed and heterogeneous mixed
states as  grows. Also shown is the even larger critical value o at which the “central” fixed
point (see Fig 8) disappears. Note the vertical scale of the plot, which demonstrates a key point:
even though 8= 1/0.11 is not yet very large, p" is already quite close to the value p') ~ 0.42
for the potentially heterogeneous Nash equilibrium as calculated using the equal payoff crite-
rion (10) in the results section.

As we have argued this agreement should get even better as 8 grows. Numerical data sup-
porting this are shown in Fig 10: pV) decreases towards the Nash equilibrium value with
increasing 8. Also displayed are the critical values o, and o, which as expected tend to zero as
B grows. It is these values that were used to produce the phase diagram in Fig 5.

We note as an aside that in Fig 10 the variation of p') with « is rather steeper in the hetero-
geneous mixed phase (between ¢, and o) than in the homogeneous mixed regime. This proba-
bly reflects the change in the way the aggregates are determined in the two regimes: in the
homogeneous-mixed phase the aggregates are obtained only by the self-consistency condition
for the fixed point location, while they are fixed by the equal flux condition in the heteroge-
neous mixed phase.

Test against simulations. In this section we test the theoretical predictions obtained
above in the r — 0 and for infinite population size N against agent based simulations with a
finite memory (r > 0) and finite N. We are primarily interested in the steady state of the attrac-
tion distribution of the agents, but also consider its time evolution to this steady state. We con-
tinue to consider symmetric scenarios so focus on the properties of agents of class 1
throughout. Depending on where the key parameters o and f are in the phase diagram of
Fig 5, one expects qualitatively different shapes for the attraction distribution resulting from
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Fig 9. Fraction of traders from the first class in the first market, p!", for intensity of choice § = 1/0.11, compared with the value of p" calculated for the
corresponding potentially heterogeneous Nash equilibrium (see the Results section). Note that the deviation between the two values is small throughout. Critical values
of a separating the different types of steady states are indicated; o is the value of & where the “central” fixed point representing traders playing mixed strategies disappears.

Same system parameters as in Fig 8.

https://doi.org/10.1371/journal.pone.0196577.9009

the learning dynamics. We present simulation results in each of the distinct regions of the
phase diagram in Fig 5.

The first zone of interest is on the far left of the phase diagram, where a is below the first
threshold a,.. Here, in the steady state of the learning dynamics, we observe in Fig 11(c) the
homogeneous distribution of preference predicted by the theory. Looking beyond this agree-
ment for the steady state at the time evolution, panel 11(a) shows that for r = 0.005 the tran-
sient dynamics of the aggregates is nonetheless different from the homogeneous population
deterministic dynamics. This appears to be related to a transient preferences heterogeneity
observed in a small time window around ¢ = 10 (Fig 11(b)). This transient spontaneous emer-
gence of preferences heterogeneity does not occur for lower values of r (e.g. r = 0.001), where
the dynamics of the aggregates is closer to the homogeneous population dynamics (see
Fig 11(a)).

When o € [a,, /], the aggregates relax close to their value in a Nash equilibrium around
which they fluctuate. Then, they escape from this state to reach an heterogeneous pure Nash
equilibrium. The time they remain close to the Nash equilibria depends on the number of
agents in the simulation as shown in Fig 12. The theory predicts a distribution composed of
two peaks, one peak corresponding to a sub-population playing mixed strategies and the sec-
ond one to a sub-population playing pure strategies. The results of our simulation presented in
Fig 13(a) show a preference distributions composed of three peaks, not two as the theory pre-
dicts. One also notices that while the theoretical predictions for the location of the peaks are
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Fig 11. Reinforcement learning dynamics at small & = 0.01. (a) Time evolution of p¥ for r = 0.005 and r = 0.001 compared to the homogeneous population dynamics
predicted for (r — 0). (b, ¢) Distribution of attraction differences across traders of class 1 at two times, for r = 0.005. Black lines are theoretical predictions based on the
homogeneous population dynamics and agree well at small r and late times ¢ as expected (see text). Note that for the larger r, the dynamics (a) and the attraction
distributions (b) deviate from the small-r theory, showing a transient spontaneous emergence of preferences heterogeneity that is the precursor of steady state preferences

heterogeneity (see Fig 13(d)) at larger a. The parameters used for those simulation are § = 1/0.11, 6, =1 - 6, = 0.3, p" = 1

traders.

— pi?) = 0.2, the system is composed of 20000

https://doi.org/10.1371/journal.pone.0196577.9011
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Fig 12. Time evolution of ' for & = 0.068, r = 0.005 and different numbers of agents N. Other parameters are the same as in Fig 8.
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consistent with the simulation results, the width of the peaks in the simulations is larger than
predicted. We believe this is because the theoretical predictions for the width of the peaks
make the assumption that the system is in its steady state. This is not strictly verified here as
the finite-N system is in a transient state before relaxing to a heterogeneous pure distribution
of strategies. As o goes above the SEHP threshold, o/, the dynamics initially continues to show
three peaks, but in qualitative agreement with the theory the size of the central peak diminishes
rapidly, becoming negligible for large enough a. The preference distributions obtained from
simulations are then consistent with the theoretical predictions as shown in Fig 13(d). More-
over, the aggregates stay close to f; = 0.42 and never diverge to f; = 1 or f; = 0 (as happens for
lower values of ).

In summary, the simulations are in good qualitative accord with the predicted sequence of
steady states for increasing a: homogeneous mixed, heterogeneous mixed (outer and central
peak), heterogeneous mixed (three-peaked) and finally heterogeneous pure (two outer peaks).
Corrections to the theoretical predictions arise from the fact that some steady states have a life-
time that only becomes infinite for N — oo, and from the use of nonzero r in the simulations.

Methods

Large deviation

We describe in this section the large deviation methods we use to study heterogeneous attrac-
tion distributions in the steady state of our reinforcement learning model. As explained in the
results section, steady state attraction distributions for small r will be peaked around the stable
fixed points of the single agent dynamics. The shape of these peaks becomes Gaussian for r —
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Fig 13. Steady state distribution of the attraction differences for r = 0.01, and increasing values of a; the remaining parameters are as in Fig 8. When a = 0.067 (panel
(b)), the theory predicts one outer peak on the right and one inner peak corresponding to a fraction of the population playing a mixed strategy. The simulations
additionally show an outer peak on the left, which arises from the fact that the finite-N system is not in a true steady state. Panel (c) shows the situation for o = 0.0725,
which is the critical value o at which we expect to see from theory three different peaks in the distribution of attraction differences. The theoretical predictions (black
curves) is a Gaussian mixture composed of three peaks whose mean and variance are obtained from the Kramers-Moyal expansion while their weights, which the theory
cannot predict, are fitted to the data. The peak positions are in good agreement with theory while the simulations overestimate the variance of the peaks, again because of
transient effects. In panel (d), for o > o/, there is very good agreement with theory except for a small central peak that for r — 0 is predicted to have weight zero. This is
likely to be an effect of the nonzero r = 0.01 used in the simulations.

https://doi.org/10.1371/journal.pone.0196577.g013

0, with a covariance matrix proportional to r that is straightforward to determine. Much more
difficult to find are the weights of the peaks as these involve rare fluctuations of an agent mak-
ing the transition from one peak to another. In one dimension the problem is tractable as an
explicit formula for the steady state distribution of attractions can be given [6]. In higher
dimensions detailed balance [29] has a similar simplifying effect, but our single agent dynam-
ics in the two-dimensional attraction space (for each class of agents) does not have this
property.

In our approach we consider the peak weights in an attraction distribution as a result of the
balance between transitions between the various peaks. We therefore need to find the rates for
these transitions. To do this, note from the Kramers-Moyal expansion that the single agent
reinforcement learning is described by a Langevin equation with noise variance O(r). For r —
0 we are therefore looking for transition rates in a low noise limit. This allows us to use
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Freidlin-Wentzell theory, which deals the with large deviations of Langevin dynamics in
exactly this limit [30].

Freidlin-Wentzell theory. We use Freidlin-Wentzell theory in the form developed in
[31, 32], which generalizes the Eyring-Kramers [33] formula for the rates of noise-activated
transitions to non-conservative dynamics such as our reinforcement learning dynamics. We
give a brief summary of those aspects of Freidlin-Wentzell theory that we use in our numerical
application and refer to [30] for a mathematically rigorous description and to [31] for a more
statistical physics-oriented summary.

Freidlin-Wentzell theory is concerned with the transition rates between two stable states
(here A7 and A}) of a non-conservative stochastic dynamics in the low noise limit. A general
Langevin equation can be written in the form

A1) = g9 (A9 (1), 1, p?)) + 729 (A (1), B0, p2))E(1) (22)

where §(¢) is white noise with unit covariance matrix. The drift g and the covariance matrix X
of the noise in the Langevin equation are given in Eq (47) for our specific variation of EWA
learning, where the Langevin description results from a second order Kramers-Moyal expan-
sion (46). In the generic version above we have omitted the superscript (c) indicating the class
of agents we are considering, as well as the dependence of drift and noise covariance on the
aggregates p'V) and p?.

Associated with the Langevin dynamics is an Onsager-Machlup action S[A] for any
path A(t):

Sl = [ HA0 - aA0)E AD)AD) —n(A0))a (23)

The action determines the probability of observing any path [A(#)] according to
I\, ~ exp(=S[A]/r) (24)

where ~ means that the equality is true up to a pre-factor (which depends on the time discreti-
zation used).

The main Freidlin-Wentzell result we need is that the rate I'; _, , for a transition from A} to
A (forward path) is [30, 34]

Flﬂ? ~ €xp (_S’I(HQ/}’) (25)

where S}, is the minimal action achievable by any paths from A7 to Aj in the infinite time
interval (ty, t,) = (00, 00). The rate I', _, | for the reverse transition from A} to A} is similarly
Ly~ exp (=S, /7).

The attraction distributions we are after will consist of narrow (for small r) peaks at A} and
A]. The weights w; and w, of these two peaks, which represent the probability for an agent to
be within each peak, must then be such that forward and backward transitions balance:

ol , = ol (26)
D exp <SL2 — SQ”) (27)
W, r

This expression shows that when the forward and backward minimal actions are not equal,
then one of the two peaks will have an exponentially small weight as r — 0. In practice this is
true when the action difference inside the exponential in (26) is large compared to r. If it is
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only of order r or smaller, then we cannot say anything about the weights as we do not deter-
mine prefactor in (26), though we would expect them to be of order unity.

Finding the minimal action path numerically. Following the method of Bunin et al.
[34], we find the minimal action by discretizing the path [A(#)], evaluating the action as a func-
tion of this discretized path and then minimizing with respect to the (discretized) path. The
path is discretized into 10 equally spaced timesteps between ¢ = 0 and ¢ = 10; we found this
choice of parameters to be a reasonable trade-off between the precision of our result and the
complexity of minimizing the discretized action.

There are other methods for finding the minimal value of the action defined in Eq (23),
such as solving a Hamilton-Jacobi equation [31], but we chose to use the path discretization
method because we found this to be more robust with respect to changes of model parameters.
The discretization approach could also be improved further, using for example the geometric
minimum action method [35], but we found that this was not necessary to achieve the desired
precision. We tested this e.g. by benchmarking against closed-form results that can be obtained
fora=1[6].

The numerical path optimization can be simplified by restricting attention to the activation
part of the path. Generally, for a system with two stable fixed points A} and A} and one saddle
point A between them, the optimal path starting from A} will pass through the saddle point A
and then relax to A} following the relaxation dynamics A (t) = u(A(t)), as sketched in Fig 14
[30]. Eq (23) shows that the relaxation dynamics does not contribute to the total action as the
integrand (the Lagrangian) vanishes identically along this section of the path. As a conse-
quence, the problem of finding a minimal action path between A} and A} can be reduced to
finding the minimal action path between A} and A, i.e. from the initial fixed point to the sad-
dle. This restriction significantly improves the precision of the numerical path optimization.

With the above method, we can work out the action difference between any two fixed
points of the single agent dynamics, as a function of the aggregates p"), p; only the first of
these is needed for symmetric steady states. The values of p'!) where the action difference
between two single agent fixed points vanishes identify the points where the steady state attrac-
tion distribution of our reinforcement learning dynamics can have more than one peak. Either
side of these values, a single peak is dominant in the attraction distribution; which peak this is
changes discontinuously at a zero action difference value of p'V), see Fig 6.

Formula for the payoff

To work out the average payoff of an ask (a) or bid (b) at market m, we find first the probability
for such an order to be valid:

: I (x—u,)’

_ _ _W ) 28
V(a,m) = P(ask price <m,) 5 [M exp< 502 dx (28)
V(b, m) = P(bid price > =)= ! /OO exp (— (x—,ub)2> dx (29)

’ " \2n6 Js, 20”

where the trading price 7,, is defined in Eq (1).

Once an order has been validated, it needs to be matched with that of a trader on the other
side of the market. We denote the probability for this to happen for an order of type 7 at mar-
ket m by M(t, m, f, ). This quantity depends on the ratio of the number of buyers and sellers
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Fig 14. An example of a minimal action path, from fixed point A} to Aj. The path starts with a “fluctuation” (or:
activation) segment that ends at the saddle point A between the two fixed points. The remainder of the path is a
“relaxation” segment that follows the deterministic dynamics and incurs zero contribution to the action.

https://doi.org/10.1371/journal.pone.0196577.g014

buyers @ market m
sellers @ market m

in the market, f,, = , as follows:

M(a,m,f,) = min (% 1) (30)

M(b,m,f,) = min (/% 1) (31)

m

where the first ratio in the minimum is that of the number of valid buy and sell orders, always
assuming large N where fluctuations of these numbers can be neglected.
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We call (S, ,,) the average score of an order of type 7, once it has been validated and success-
fully matched. This is given by:

Sun) =y [ (5D (— (""‘)) dx (32)

V(a,m) 20 J o 202

(8,,) = ﬁﬁ / OC (x— 7 )exp (— (’“Tf‘i)> dx (33)

For later use we also define the average square of the score:

S =y | e (< E o (34)

820 =y | e (-S4 e (39

We can now compute the average payoff of an order of type 7 at market m:
Pr,m(fm) = V(T7 m)M(T7 m?fm)<Sr,m> (36)

Similarly, the average squared payoff that will appear in the second order moment of the Kra-
mers-Moyal expansion can be expressed as

Q..(f,,) = V(t,m)M(z,m.f,)(S,) (37)

Q) =P Quulfi) + (1= 2 Q. (1) (38)

The second version here is averaged over the preference for buying and selling of an agent in
class c.

Phase diagram boundaries in Fig 4

In this section we indicate how to calculate phase boundaries in Fig 4, which shows the phase
diagram for the case where the market bias and the probability to buy are symmetric (6; = 1 -
0 p,=py = 1—pi).

At this boundary, a (symmetric) potentially heterogeneous Nash equilibrium (green trian-
gle in Fig 2) turns smoothly into a homogeneous pure equilibrium (blue diamond and orange
square in Fig 2) where the two classes of players choose different markets. One can therefore
calculate the boundary by establishing the zone in the phase diagram where this homogeneous
Nash equilibrium exists. For definiteness we consider the equilibrium (p®", p'?) = (1, 0); the
calculation for (0, 1) is completely analogous.

To get rid of the min in Eqs (30) and (31) we focus in addition on the case where market 1
is saturated with sellers:

fiv(,1)
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As a consequence the min term disappears from the market conditions:

M(b,1,£,) = M(a,2,f) =1 (40)

fiv(b, 1)
V(a, 1)

M(aa 17fm) = M(b72af2) = (41)

Here the equality between M (a, 1, f,) and M(b, 2, f,) comes from the symmetry of the param-
eters. Because (p, p?) = (1, 0), all agents from class 1 go to market 1 and so the buyer-to-
seller ratios f,,, from (4) are simple to express in terms of py:

1 p
fl_fz T—p, (42)

The payoffs at the two markets for traders from class 1 simplify accordingly:

PU) = V.05 + (1= pvia ) |2t (13)
D) = (1= V260 + a2 [ 2, (44)

The factors in brackets are the matching probabilities from (41), from which V(a, 1) cancels in
the first equation and similarly (by symmetry) V(a, 1) = V(b, 2) in the second.

Our assumed equilibrium (p", p®) = (1, 0) will be a Nash equilibrium if the payoff at
market 1 is higher than at market 2 for players from class 1. (By symmetry, the payoff relation
is then reversed for players in class 2.) From the explicit payoff expressions above, this condi-
tion can be re-arranged into

0 < p(=(S2)V(,2) = (§,)V(b,1) = (S, )V(b, 1) = (S,,)V(a, 2))

( ) = > (45)
2, (S, Vb, 1) + 2(5,,)V(,2) + (5,,)V(b, 1)) = (S,5)V(a,2)

For given 0, all coefficients in this quadratic equation are known so the phase boundaries can
be obtained directly as its roots. We plotted these roots in Fig 15; note that the boundaries are
close to linear but not exactly so. One has to check a posteriori that the assumption (39) of
market 1 being saturated with sellers is valid, which rules out the bottom “cone” in the figure.
The remainder of the phase diagram in Fig 4 is obtained by the analogous calculation under
the assumption that market 1 is saturated with buyers rather than sellers, which yields the bot-
tom “cone” in Fig 15 and by finally repeating the overall reasoning for the Nash equilibrium

@",p?) = (0,1).

Kramers-Moyal expansion

Here we provide the coefficients of the Kramers-Moyal expansion for traders with fixed buy-
sell preference, given fictitious play coefficient & and intensity of choice 8. The truncation of
the Kramers-Moyal expansion at the second order gives the Fokker-Planck equation for the
time evolution of the attraction distributions:

QP(A(C)J) — *ZaAgy[ﬂSZ)(A(C)aﬁ(l):ﬁ(Q))P(A(C>af)]

1<m<2

IR 04 (Z (A, 51, P )P(A, )]

1<m m' <2
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1.0 :
(5, p?) = (1,0)
Market saturation

B assumption is not
verified

A

Fig 15. Analytic determination of boundaries for the zone where a homogeneous Nash equilibrium exists where players from the two classes choose different
markets. Within the blue regions the payoff inequality (45) is satisfied. The region shaded grey is ruled out by the assumption of market 1 being saturated with sellers.

https://doi.org/10.1371/journal.pone.0196577.9g015
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To lighten the notation we will in the following drop the superscript (c) indicating the class of
an agent and also suppress the dependence on the aggregates p'V), p¥, which are in general
time-dependent via Eq (17).

In the above expansion time has been rescaled as t = rn, where 7 is the number of trading
rounds. The time interval At = r then features in the normalization of the drift and diffusion
matrix, which are determined as the first and second order jump moments:

- %(AA), 5= % (AA AAT) (47)

where AA = A(n + 1) — A(n) is the change in the agent’s attraction vector in one training
round and the T superscript indicates vector transpose. Writing AA explicitly from (2) then
gives for the drift term:

I (A) = [Pl(fl) - Al}o-/j(Al - A2) - aAlo-/;(Az - Al) (48)
1y (A) = [Py(f,) — Az}o'/f(Az —A) - “Azo'/f(Al —A,) (49)

In the diffusion term Z;; the second order moments of the score distribution also feature, as
follows:

2, (A) = [Q(f) = 2A,P,(f,) + Aoy (A, — A,) + *A 0, (A, — A)) (50)
Z,,(A) = [Q,(f,) — 24,P,(f,) + A Jo,(A, — A)) + 2?A 0,(A, — A,) (51)
T(A) = —a[P,(f,)A04(A, — Ay) + Py(f,) A 0,(A, — A)) — AA) (52)
2, (A) =2, (A) (53)

Fixed points of single agent dynamics

We show here generally that the single agent dynamics can have up to five fixed points, which
can be determined from a single nonlinear equation. As before we drop the superscript (c) for
the agent class. The aggregates and hence the expected payoffs P,, P, are fixed.

Fixed points are found from the condition that the drift (48 and 49) must vanish:

0= (Pl - Al)aﬁ(Al - Az) - OCAIO'/,(AZ - Al) (54)

0= (Pz - Az)aﬁ(A2 - Al) - OCAZO'/,(Al - A2) (55)

Writing A= A; — A, and using g5(A, — A;) = 1 — 05(A), one can express A; and A, in terms of
A:

7)16/; (A) _ P,
0,(A) + o[l —oy(A)] 1+ aexp(—pA)

A = (56)

PQD - 0'13<A)] _ P,
1 —04(A) +acy(A) 1+ aexp(BA)

A, = (57)
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—— Eq.(56)
— y=A
Py - Y
P —Ps 4 .
—P, N

Fig 16. Sketch of the right hand side of the fixed point Eq (58) for A.
https://doi.org/10.1371/journal.pone.0196577.9016

Taking the difference gives a single equation for A, which takes a suggestive form if we write o
= exp(—ap):
A= Py - Lie
1+ exp(—B(A+a)) 1+ exp(B(A—a))

(58)

The solutions of this equation, and hence the single agent fixed points, can be obtained graphi-
cally by intersecting a straight line (the Lh.s. of Eq (58)) with the function of A on the r.h.s.
This function has a simple shape as it is the sum of two sigmoids, one increasing from zero to
‘P, around A = —a and the other increasing from —7P, to zero around A = a. From the resulting
shape, shown in Fig 16, at most five intersections with the diagonal can occur.

We are most interested in the limit of large intensity of choice f, where the sigmoids
become step functions. For small o, i.e. large g, the only solution is then A = P, — P,. As aris
increased and hence a is decreased, the sigmoidal steps move closer to the origin, each creating
an additional pair of solutions when a equals the relevant payoff (see Fig 16). For large f3, one
therefore has as transition from one to three (two stable, one unstable) fixed points at

o ~ exp (—max (P,,P,)B) (59)

and from three to five (three stable, two unstable) fixed points at

o~ exp (—min (P, P,)B) (60)
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At finite f3 the fixed points are shifted away from A = +a and this would give corrections to a of
order 1/f, which would in turn determine the prefactors of the above scalings. Note that as a
decreases further, the two sigmoidal ramps will eventually overlap when a is of order 1/, sig-
nalling a transition back to three (two stable) fixed points.

We show in Fig 5 that the scaling of the above a-values, taken at equal payoffs P, = P, as is
relevant for Nash equilibria, also gives a good account of the variation with 3 of o and «. This
suggests that the a-values where new fixed points appear, and where they contribute as peaks
with weights of order unity to the steady state distribution, are relatively close, maybe only
within a constant prefactor of each other.

Conclusion

In this paper we studied a minimal model of agents choosing between two double auction
markets, which is a special case of a large aggregative game. Previous work studying a form of
reinforcement learning inspired by EWA (experience weighted attraction) learning in this sys-
tem had found segregation, where a group of identical agents becomes heterogeneous by sepa-
rating into sub-groups adopting different behaviours. We first asked the question of whether
this phenomenon has an analogue in the Nash equilibria of the corresponding game, where—
in contrast to the reinforcement learning dynamics—agents have full information about their
expected payoffs.

In a game theoretical analysis we addressed this question within a setup where there are
two classes of agents that typically buy and sell, respectively. We showed that two aggregate
quantities, namely, the fraction of agents from each class choosing the first market, are suffi-
cient to assess whether a distribution of strategies, i.e. market preferences, across the agents in
each class is a Nash equilibrium or not. This allowed us to classify the Nash equilibria, accord-
ing to the type of strategies played by the agents (pure or mixed) and according to the distribu-
tion of strategies being homogeneous (the entire class population plays the same strategy) or
heterogeneous (the population is divided into subpopulations playing different strategies). The
model parameters for which each of these Nash equilibria exists are summarized in Fig 4. A
key conclusion is that there are regions of heterogeneous equilibria: these are the equilibrium
analogues of dynamical spontaneous emergence of preferences heterogeneity as observed
previously.

This answer to our first question had to be qualified, however, because there is in general an
infinity of strategy distributions consistent with a given pair of aggregate values. The Nash
equilibrium analysis can therefore only identify equilibria as potentially heterogeneous but
leaves open the nature of the actual strategy distribution, which could be homogeneous mixed,
heterogeneous pure or heterogeneous mixed. We therefore asked a second question of whether
reinforcement learning dynamics, which we chose as a variation of EWA learning, can resolve
this ambiguity, by identifying which Nash equilibria can be reached dynamically. We first
argued that steady states of our variation of reinforcement learning should be Nash equilibria
in the limit of perfect fictitious play (o — 0), long agent memory (r — 0) and best response (8
— 00). Non-trivially, however, this joint limit can be taken in several ways, as shown in the
phase diagram in Fig 5: depending on how the point (¢, 1/8) = (0, 0) is approached, a small
number of different limiting steady states of our reinforcement learning dynamics can result
as sketched in Fig 3. These include a homogeneous mixed state, where all agents within a class
randomize between markets in the same way, and a heterogeneous pure equilibrium, where
agents separate into two groups, each choosing a market deterministically. Along with these
standard types of Nash equilibria, however, we also found a heterogeneous mixed steady state,
where the agents do split into groups but not all groups play deterministically. In fact, at the
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boundary between the latter two types of steady states (denoted oo = o, in our analysis) it is
possible to generate equilibria where three groups of agents appear within each class.

Technically what made our theoretical analysis of the heterogeneous steady states possible
was the use of Freidlin-Wentzell theory, which is the tool of choice for studying the behavior
of dynamical systems subject to weak noise, here arising from the limit r — 0. We also com-
pared the theoretical results to multi-agent simulations for r > 0, finding good qualitative
agreement.

While we focused our analysis on the study of the minimal model of choice between double
auction market presented in the model section, our methods could be applied fruitfully also to
the study of reinforcement learning in other types of aggregative games such as the Cournot
model [36]. It would be particularly interesting to see whether also here dynamical consider-
ations single out particular Nash equilibria, including ones with the novel heterogeneous
mixed character that we found in our system.

At a technical level, future work could look more closely at the limit of large intensity of
choice S required to realize Nash equilibria as dynamical steady states. We approached this
limit numerically, finding good agreement with theoretical predictions already for relatively
modest 3. An interesting challenge would be to take the full # — oo limit in closed form within
the analysis: preliminary work suggests that the large deviation analysis then becomes rather
intricate, hence we leave this aspect for future work.
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