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ABSTRACT

Anticoordination and chimera states occur in a two-layer model of learning and coordination dynamics in fully connected networks. Learning
occurs in the intra-layer networks, while a coordination game is played in the inter-layer network. In this paper, we study the robustness of
these states against local effects introduced by the local connectivity of random networks. We identify threshold values for the mean degree
of the networks such that below these values, local effects prevent the existence of anticoordination and chimera states found in the fully
connected setting. Local effects in the intra-layer learning network are more important than in the inter-layer network in preventing the
existence of anticoordination states. The local connectivity of the intra- and inter-layer networks is important to avoid the occurrence of
chimera states, but the local effects are stronger in the inter-layer coordination network than in the intra-layer learning network. We also
study the effect of local connectivity on the problem of equilibrium selection in the asymmetric coordination game, showing that local effects
favor the selection of the Pareto-dominant equilibrium in situations in which the risk-dominant equilibrium is selected in the fully connected
network. In this case, again, the important local effects are those associated with the coordination dynamics inter-layer network. Indeed,
lower average degree of the network connectivity between layers reduces the probability of achieving the risk-dominant strategy, favoring the
Pareto-dominant equilibrium.

Published under license by AIP Publishing. https://doi.org/10.1063/5.0006908

The game-theoretical model of coordination illustrates the
problem of equilibrium selection. Collective dynamics in social
systems embraces a rich phenomenology of nonequilibrium struc-
tures and instabilities. Among these structures are anticoordina-
tion states where two parts of a system coexist in two absorbing
states corresponding to a different consensus among two dif-
ferent possibilities and also chimera states where one part of
the system reaches a consensus absorbing state, while the other
part remains in a dynamical state. These two nonequilibrium
structures occur in a two-layer network model with two simple
dynamics of interaction: intra-layer dynamics of social learning
and inter-layer coordination dynamics in the framework of evo-
lutionary game theory. In this paper, we discuss the instability
of these structures as a consequence of local effects: They become
unstable below a threshold value of a parameter measuring local
connectivity of the network. In addition, we discuss the effects

of locality in the question of equilibrium selection (selection
of two different possible asymptotic states) in the coordination
game.

I. INTRODUCTION

In real-life situations, it is common to observe the lack of
a common opinion or strategy (consensus) among individuals.
In many cases, this is due to the existence of multiple desirable
outcomes or to the existence of a risky efficient outcome. How-
ever, it may also be due to competing effects of strategic learn-
ing and of social learning under the influence of social pressure.
With this motivation, we introduced in Ref. 1 a dynamical model
of social coordination through a two-layer network considering a
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population with two different types of interactions: (1) an inter-
layer strategic interaction through a coordination game2 and (2)
an intra-layer social interaction where agents are influenced by
their peers.3,4 Within this model, it has been shown that when
agents are skeptical, that is, when they are not much influenced
by social pressure, states of anticoordination may arise.5 In these
states, each of the two layer coordinates in a different strategy. On
the other hand, when agents have herding behavior in response
to social pressure, chimera-like dynamical states can emerge in an
asymmetric coordination game. In such chimera states, there is
coexistence of a homogeneous state of coordination in one layer
with a heterogeneous state of coexistence of strategies in the other
layer.6

Based on the game-theoretical approach to coordination
games, many theoretical, numerical, and experimental studies have
been done to elucidate the factors that favor the emergence of
coordination,2,7,8 such as the range of payoffs, the strategy updat-
ing rules, and the structures of the network.9–11 There is some
experimental evidence of the effect of local interactions as found
in Refs. 12–14, the effect of social influence as reputation on the
efficiency results,15 and the effect of intra-group communication.16

In the context of dynamical networks, there are studies of net-
work formation and social coordination.17,18 A simulation study of
coordination games on dynamical networks finds states of polar-
ization (formation of clustering of coexisting communities, each
of them with a different strategy) in the symmetric coordination
game.19 However, it is difficult to find studies that explore the
origin and robustness of states of anticoordination between two
fixed populations. Likewise, the literature about chimera states is
vast in the field of coupled dynamical systems in networks of
interaction,20–27 but few studies address the existence of chimera
states in social networks.6,28,29 Anticoordination and chimera states
are difficult to find in a single component network. However, the
framework of a multilayer network seems to be the natural base-
line for the emergence of these non-trivial states. Indeed, these states
are observed in a fully connected two-layer network with particu-
lar settings of the initial distribution of strategies, the magnitude
of social influence, and the parameters of the coordination game.6

The aim of this paper is to study the robustness of these states in
settings beyond a fully connected network. We will consider ran-
dom [Erdös–Rényi (ER)] networks inside and between layers. These
networks are formed by connecting agents in a random manner.30

We will explore the effects of connectivity measured by the mean
number of links per node (mean degree). In this way, we intro-
duce local effects not considered in the fully connected network.
We will show that there are threshold values of the mean degree
so that below such threshold values, that is, when local effects are
more important, anticoordination and chimera states no longer
exist. We also discuss the different importance of local effects in the
inter-layer and intra-layer connectivity. In addition, we also discuss
the effects of locality in the problem of which of the two compet-
ing coordination states is selected in an asymmetric coordination
game.

The paper is structured as follows. Section II describes the
model and the asymptotic states. Section III shows the results and
discusses the effects of local connectivity. Section IV summarizes our
conclusions.

II. MODEL

We consider the two-layer network model proposed in Ref. 1
in which each individual or agent belongs to two different networks.
The inter-layer network or the coordinating game playing network
is one formed by the links between layers, and the intra-layer net-
work or the social-based learning network is one formed by the links
inside the layer. This implies that there is a single coordinating game
playing network and two social-based learning networks; see Fig. 1.

For our numerical simulations, we will fix the system size
N = NA + NB = 1000, where NA and NB are the sizes of each
layer. The network structures correspond to random (Erdös–Rényi)
networks30 with the mean number of connections per node (mean
degree) 〈kA〉 and 〈kB〉 inside layer A and layer B, respectively, and
the mean degree 〈kAB〉 for the inter-layer ER random network.

In a fully connected network, the average number of links
per agent in each layer is given by 〈kA〉 = 〈kB〉 = (N/2 − 1), and
the number of links that connect layer A and B is given by
LAB = (N/2)2, with the average degree of inter-layer connections
given by 〈kAB〉 = N/2.

Each agent plays a two-person two-strategy coordination game
with each player in the playing network using the same action for
all those games. This coordination game can be of two types. It is
symmetric when each agent receives a payoff of 1 for mutual coordi-
nation in strategy, namely, L or R, and zero when they play opposite
strategies. It is asymmetric when agents get a payoff of 1 by coordi-
nating in L and a payoff of 2 by coordinating in R. When they play
opposite strategies, the one playing L gets a payoff of 0 and the one
playing R gets a payoff of −b for b > 0; see Table I.

From a game-theoretical approach, the two states of coordi-
nation, in L or R, are the two Nash equilibria in pure strategies
of this game. This classic game illustrates the problem of equilib-
rium selection. The challenge for each agent in our model is to

FIG. 1. An example of a two-layer network. The nodes are connected to each
other in a pairwise manner both inside the layers and between the layers A and
B. Red lines describe the playing network (i.e., inter-layer edges), and the blue
lines describe the two social-based networks (intra-layer edges). The black nodes
describe the agents playing strategy L andwhite nodes the agents playing strategy
R in the coordination game.
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TABLE I. Payoff matrix for a two-person, two-strategy coordination game. For the

symmetric coordination game, s= 0 and b= 0, and for the asymmetric coordination

game, s= 1 and b> 0.

coordinate either in L or R with all her neighbors in the playing
network in the symmetric coordination game and to coordinate on
R (larger payoff) in the asymmetric game. Each player searches for
receiving an aggregate payoff equal to the size of her neighborhood
in the symmetric game or double the size of her neighborhood in
the asymmetric game. In the asymmetric game, the strategy R is
called the Pareto-dominant strategy since the payoff by coordinat-
ing in R is greater than the payoff by coordinating in L. By Harsanyi
and Selten definition in Ref. 31, the strategy R becomes risky when
b > 1, and, as a result, agents end playing the strategy L, called the
risk-dominant strategy.

In the social-based learning network, agents observe the popu-
larity of the strategy they currently play in the coordination game.
This aspect can be described by defining a threshold T as a gauge
of the skepticism about the popularity of the opposite strategy,
T ∈ [0, 1]. According to the threshold T, the population is called
herding when T < 0.5. In this case, agents are easily influenced by
the popularity of the opposite strategy playing by their partners.
Also, it is called skeptical when T > 0.5. These agents readily reject
the social pressure exerted by the players with an opposite strategy.
The social interaction works as follows: when a player i observes the
proportion of her neighbors, di, who are playing the opposite strat-
egy to hers in her social-based network, she measures how popular
her strategy is comparing di with T. For instance, if di > T, the player
i feels socially unsatisfied about the strategy she is currently playing.

At each time step, the timing of the model can be described in
three parts. First, each agent plays a coordination game in a pair-
wise manner with each neighbor in her playing network and gets an
aggregate payoff. Second, she looks at the popularity of her strategy
comparing di with T. Third, she decides whether or not to revise her
strategy.

The criterion to change the strategy is based upon two basic
rules: how well her performance is in terms of the payoff obtained in
her playing network and how well her current strategy is accepted in
her social-based network. Accordingly, there are four feasible results
that depend upon the aggregate payoff of the agent i denoted by πi

and the relation between di and T.
The equality πi = (1 + s)ki means that the player i coordinates

with all her neighbors in the playing network where ki (degree of
node i in the inter-layer network) is the size of her neighborhood in

the playing network. When s = 0 (symmetric coordination game),
the coordination is either in L or R, and the coordination is only
in the strategy R when s = 1 (asymmetric coordination game). The
inequality di < T means that the proportion of neighbors in her
social-based network who play the opposite strategy as she does is
low enough so that the player i feels confident with the popularity
of her current strategy. Then, the three possible situations for agent
i are as follows:

Pleased: when she is both socially (di < T) and strategically
[πi = (1 + s)ki] satisfied,

Partially pleased: when she is either socially (di < T) or strategically
[πi = (1 + s)ki] satisfied, and

Displeased: when she is both socially (di > T) and strategically
[πi < (1 + s)ki] unsatisfied.

A. The strategy update rule

The synchronous update rule in which each player can change
her current strategy depends on the result of her social and strategic
interactions. If after her strategic and social interactions, the agent
is pleased, she remains with her current strategy. If the agent is par-
tially pleased, she imitates the strategy of her best performing neigh-
bor in her social-based intra-layer network when she has received
a larger payoff than the player herself; otherwise, she remains with
the same strategy. If the agent is displeased, she switches her current
strategy to the opposite one.

This update rule captures the individual behavior in complex
real-life situations taking into account both social and strategic envi-
ronments. Once she takes a decision about her strategy according
to the update rule described above, the process is repeated setting
payoffs to zero.

III. RESULTS AND DISCUSSION

The analytical solutions of the mean-field equations in Ref. 6
describe the collective behavior of this evolutionary model. Depend-
ing upon the initial conditions and values of the parameters in a fully
connected network, the system reaches one four possible different
asymptotic states:

1. States of coordination: {(L, L), (R, R)}. The first component of
(L, L) corresponds to the asymptotic state in layer A in which
agents end playing the strategy L and the second component
corresponds to the asymptotic state in layer B in which agents
end playing the strategy L. Similarly, the components of (R, R)

correspond to the asymptotic states in which agents end playing
the strategy R in layer A and layer B, respectively.

2. States of anticoordination: {(L, R), (R, L)}. The asymptotic state
(L, R) corresponds to a coordination state in layer A in the strat-
egy L and a coordination state in layer B in the strategy R. In the
same way, the asymptotic state (R, L) corresponds to a coordi-
nation state in layer A in the strategy R and a coordination state
in layer B in the strategy L.

3. A family of the dynamical state of coexistence of strategies
with temporal oscillations: {(ua, vb)} where ua = {u, 1 − u} rep-
resents a dynamical state with an oscillation from u to 1 − u of
the proportion of agents playing R in layer A and vb = {v, 1 − v}
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represents a dynamical state with an oscillation from v to 1 − v
of the proportion of agents playing R in layer B, for u, v ∈ (0, 1).

4. A family of chimera states {(ua, L), (L, vb)} where ua = {u, 1 − u}

and vb = {v, 1 − v} represent dynamical states with oscillations
of the proportion of agents playing R in layer A and layer
B, respectively, for u, v ∈ (0, 1) and L represents the state of
coordination reached by the other layer.

The asymptotic anticoordination and chimera states are two
highlights of this two-layer network. These states do not occur in
a single isolated network. The analytical results in Ref. 6 show that
the chimera states appear only in herding populations, i.e., T < 0.5,
when the coordination game is asymmetric, while the states of
anticoordination appear only in skeptical populations, i.e., T > 0.5
for either a symmetric or an asymmetric coordination game. The
asymptotic state and the size of the basin of attraction of these states
are determined by the particular initial conditions of strategies, the
parameter T, and the parameters s and b of the coordination game.

We introduce in Ref. 1 an order parameter nAB giving the pro-
portion of inter-layer active links, i.e., links among agents playing
opposite strategies in different layers.

When the order parameter nAB = 0, the system reaches a coor-
dination state where the agents in both layers play the same strategy.
This corresponds to (L, L) and (R, R).

For 0 < nAB < 1, the system reaches a dynamical state of coex-
istence of strategies with oscillations corresponding to {(ua, vb)} as
described above.

For the chimera states, the order parameter nAB displays a
dynamical behavior with the oscillation ua or vb corresponding to
{(ua, L), (L, vb)}, respectively, since one of the layers reaches a coor-
dination state in L and the other layer reaches a dynamical state of
coexistence of strategies with oscillations described as ua or vb. The
order parameter nAB = 1 corresponds to a situation in which the
agents in each layer play opposite strategies. The asymptotic states
are anticoordination states (L, R) and (R, L).

A complete analysis of these asymptotic states when the net-
work is fully connected can be found in Ref. 6. Our aim in this paper
is to focus on the effects of locality occurring in non-fully connected
networks of interaction. Local effects will be shown to prevent the
existence of asymptotic states of anticoordination, chimera states,
and states of coordination (L, L) when such outcome becomes risk-
dominant in the asymmetric coordination game. The notation used
for the proportion of agents playing the strategy R in layer A is xaa

and xbb in layer B.

A. Symmetric coordination game: Local connectivity

destroys asymptotic states of anticoordination

In this section, we analyze the effect of local connectivity in
the symmetric coordination game, s = b = 0. We study the cases
when the mean degrees inside and between layers are the same, i.e.,
〈k〉 = 〈kA〉 = 〈kB〉 = 〈kAB〉 and when they are different, i.e.,
〈kA〉 = 〈kB〉 6= 〈kAB〉.

For an easier analysis, we introduce a normalized 〈Kj〉 =
〈kj〉

kmax,j
,

where kmax,j is the maximum number of neighbors per agent in
layer A or B for j = A, B or between layers for j = AB. Specifically,
kmax,j = ( N

2
− 1) for j = A, B, and kmax,j = N

2
for j = AB; as stated

FIG. 2. Bifurcation diagram of 〈nAB〉 as a function of a normalized 〈K〉 = 〈KA〉

= 〈KB〉 = 〈KAB〉. The initial condition corresponds to xaa = 0.6 and xbb = 0.4
for different values of T . Dashed lines correspond to the thresholds of 〈K〉 for the
different final configurations of the system.

above, N = NA + NB. Then, we have that 〈Kj〉 =
2〈kj〉

N−2
for j = A, B

and 〈Kj〉 =
2〈kj〉

N
for j = AB. When the mean degree does not differ

inside and between layers, we set 〈K〉 = 〈KA〉 = 〈KB〉 = 〈KAB〉. To
determine the value of 〈K〉 for which the anticoordination absorb-
ing state emerges, we have plotted in Fig. 2 the bifurcation diagram
of the mean value of nAB over 500 independent realizations of the
initial conditions. It is shown as a function of 〈K〉 for different values
of T. The distribution of the initial condition is such that in a fully
connected network, the system goes to a state of anticoordination.
Figure 2 displays the existence of a threshold value 〈K′′〉, beyond
which nAB = 1, indicating that the system only reaches an anticoor-
dination state as it happens in the fully connected network. Further-
more, numerical simulations also show that in the range between
〈K∗〉 and 〈K′′〉, different asymptotic states take place in the system
with domains of bistability or tristability involving anticoordination,
coordination, and dynamical states. For 〈K〉 < 〈K∗〉, the system only
reaches states of coordination. These results show the effect of local-
ity that prevents anticoordination and favors coordination as the
number of links in the networks decreases.

To elucidate what is happening in the system for different val-
ues of 〈K〉, we have plotted in Fig. 3 the frequency histogram of
the value of the order parameter nAB sampled by 500 realizations
for T = 0.85. It illustrates the different behaviors that are taking
place on the system: The system goes to a state of coordination for
〈K〉 = 0.02, to a state of anticoordination for 〈K〉 = 0.30, and in the
range 〈K〉 ∈ (0.02, 0.30), the system reaches different configurations
with possible different asymptotic coordination, anticoordination,
or dynamical states.

An interesting question is about the probability that the sys-
tem reaches an anticoordination state for a given value of 〈K〉 and
a fixed T. Figure 4 shows such probability for different values of T
obtained from numerical simulations. This probability increases as
T increases for a given value of 〈K〉. Also, we can observe that the
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FIG. 3. Frequency histogram of nAB for different values of 〈K〉 = 〈KA〉 = 〈KB〉 = 〈KAB〉, where T = 0.85 and for an initial distribution of strategies, xaa = 0.6 and xbb = 0.4,
which in a fully connected network, the system goes to an anticoordination state. The values are 〈K〉 = 0.02 in (a), 〈K〉 = 0.032 in (b), 〈K〉 = 0.096 in (c), and 〈K〉 = 0.30
in (d). The histogram is built on a set of 500 independent realizations of the initial conditions.

threshold value of 〈K〉 for which the system has zero probability to
reach an anticoordination state increases as T decreases. There is a
threshold value of 〈K〉 below which the system never reaches an anti-
coordination state for any value of T. Again, this shows that locality
prevents the existence of asymptotic anticoordination states. We can
also determine the threshold value 〈K′〉 above which there are pos-
sible anticoordination states. This is shown in Fig. 5 as a function
of the threshold value T, indicating that skepticism favors antico-
ordination states: As T increases, the threshold value 〈K′〉 decreases
monotonically.

So far, we have considered values of the mean degree inside
and between layers alike; i.e., 〈k〉 = 〈kA〉 = 〈kB〉 = 〈kAB〉. We now
consider what happens when this requirement is relaxed, and the
mean degree of the intra-layer network is different from the mean
degree of the inter-layer network. Therefore, we analyze the relative

importance of the local effects in the learning process (intra-layer)
and in playing the coordination game (inter-layer).

Figure 6 shows numerical results for T = 0.85. It shows the
probability that the system reaches a final state of anticoordi-
nation as a function of the intra-layer normalized mean degree
〈K〉 = 〈KA〉 = 〈KB〉 for different values of the inter-layer normal-
ized mean degree 〈KAB〉. It appears that this probability becomes
larger as the inter-layer mean degree increases for any value of 〈K〉.
Besides, Fig. 7 shows, in the plane 〈K〉, 〈KAB〉, a threshold line from a
domain of zero probability of anticoordinating to a domain in which
anticoordination is possible. The transition to possible anticoordi-
nation is largely independent of 〈K〉 = 〈KA〉 = 〈KB〉 except for very
small values of 〈KAB〉. This indicates that although little connectiv-
ity in the whole system favors coordination and much connectivity
favors anticoordination, local effects in the intra-layer (learning)
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FIG. 4. Probability that the system reaches a final state of anticoordination as a
function of 〈K〉 for different values of T .

network are more important than those in the inter-layer (coordi-
nation game) network to destroy the possibility of anticoordination
states.

B. Asymmetric coordination game: Local connectivity

destroys asymptotic chimera states

The effects of local connectivity in chimera states turn out to be
similar to what we have found for anticoordination states. When the
normalized mean degree inside and between layers are the same, i.e.,
〈K〉 = 〈KA〉 = 〈KB〉 = 〈KAB〉, there exists a minimum and a maxi-
mum threshold value of 〈K〉 such that below the minimum value,
the system does not reach a chimera state, and above the maximum
value, the system reaches only chimera states. As mentioned above,
the chimera states are observed only in herding populations, i.e.,
T < 0.5, and when the coordination game is asymmetric. Figure 8
shows the probability that the system reaches chimera states, 8ch, as

FIG. 5. The critical value 〈K ′〉 in which the system can end in a state of
anticoordination as a function of T .

a function of a normalized 〈K〉 for parameter values for which, in
a fully connected network, the system goes to a chimera state. Sim-
ulation results show that the only asymptotic states reached by the
system when it does not reach a chimera state are dynamical states
of coexistence of strategies.

Results when the normalized mean degree is different for the
intra- and inter-layer networks are shown in Fig. 9. Figure 9(a)
shows the probability that the system reaches a chimera state as a
function of a normalized mean degree 〈KAB〉 for different values of
normalized mean degree 〈KA〉 = 〈KB〉. The probability continuously
increases as 〈KAB〉 increases for relatively high intra-layer mean
degrees. However, for a low intra-layer mean degree, the probabil-
ity of reaching a chimera state becomes zero for any value of 〈KAB〉.
Besides, Fig. 9(b) shows the probability that the system reaches a
chimera state as a function of a normalized 〈KA〉 = 〈KB〉 for differ-
ent values of 〈KAB〉. In this case, this probability has a discontinuous

FIG. 6. Probability that the system reaches a final state
of anticoordination as a function of 〈K〉 = 〈KA〉 = 〈KB〉 for
different values of 〈KAB〉.
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FIG. 7. Probability that the system reaches a final state of anticoordination in the
plane 〈KAB〉, 〈K〉 for N = NA + NB = 1000. The left side of the line,8 = 0, and
the right side of the line, 8 > 0.

jump for relatively high inter-layer mean degrees. However, the
probability is zero for all values of 〈KA〉 = 〈KB〉 when the inter-
layer mean degree is low. Therefore, local effects are important in
both networks, the intra-layer (learning) network as well as in the
inter-layer (coordination game) network.

However, the effect shown in Fig. 8 is more associated with the
inter-layer coordination locality, Fig. 9(a), than with the intra-layer
learning locality, Fig. 9(b). The discontinuity jump shows the slight
effect associated with the intra-layer locality on the prevention of
chimera states.

FIG. 8. Probability of chimera states vs a normalized K for T = 0.25 with initial
conditions xaa = 0.9, xbb = 0.4, and b = 3.

FIG. 9. Panel (a): Probability that the system reaches a chimera state as a
function of a normalized 〈KAB〉 for 〈KA〉 = 〈KB〉 = 0.016, 0.5, and 1. Panel (b):
Probability that the system reaches a chimera state as a function of a normalized
〈KA〉 = 〈KB〉 for 〈KAB〉 = 0.016, 0.5, and 1. Here, T = 0.25 with initial conditions
xaa = 0.9, xbb = 0.4, and b = 3.

C. Asymmetric coordination game: Local connectivity

and coordination—Pareto dominance vs risk

dominance

In the game-theoretical model of a two-person two-strategy
coordination game, the equilibrium selection principles postulated
by Harsanyi and Selten31 establish that coordination occurs in the
Pareto-dominant strategy R when b < 1, while coordination occurs
in the risk-dominant strategy L for b > 1. This is the result that
we found in our model of a fully connected two-layer network
with strategical and social interactions for the asymmetric coordi-
nation game. What we show here is how local connectivity favors
the Pareto-dominant strategy when in the fully connected two-layer
network, the risk-dominant strategy is the asymptotic outcome.
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FIG. 10. Threshold of the parameter b that makes the strategy L the risk-dom-
inant strategy as a function of a normalized mean degree 〈K〉 = 〈KA〉 = 〈KB〉

= 〈KAB〉 for different sizes of N and T with initial conditions xaa = xbb = 0.5.

In a fully connected two-layer network, by choosing symmetric
initial conditions (xaa = xbb = 0.5), the system reaches a dynami-
cal state of coexistence of strategies when T < 0.5 and a state of
full coordination on the risk-dominant strategy L when T > 0.5 and
b > 1. Focusing on this latter case, we analyze the effects of local
connectivity. When the intra-layer and inter-layer mean degrees are
equal, Fig. 10 shows the threshold value of the parameter b such
that for b > bc, there is a positive probability, 8L > 0, to reach an
asymptotic state of coordination in the risk-dominant strategy L.
Otherwise, for b < bc, there is zero probability of reaching this state:
8L = 0. It shows that the threshold bc increases as the normalized
〈K〉 decreases regardless of the values of N and T. Locality implies
that a larger b is needed for coordination in the risk-dominant
strategy. Figure 11 shows the probability of reaching a state of
coordination on L as a function of b when the intra-layer and inter-
layer mean degrees are different. Three cases are shown: (1) fully
connected networks, (2) fully connected intra-layer networks, and

FIG. 11. Probability that the system reaches a coordination state in L as a func-
tion of b for three cases: (1) fully connected network, 〈KA〉 = 〈KB〉 = 〈KAB〉

= 1 (red squares); (2) fully connected inter-layer network, 〈KAB〉 = 1 and 〈KA〉

= 〈KB〉 = 0.02 (blue circles); and (3) fully connected intra-layer networks,
〈KA〉 = 〈KB〉 = 1 and 〈KAB〉 = 0.02 (black squares). The initial conditions are
xaa = xbb = 0.5 and T = 0.8.

(3) fully connected inter-layer network. We note that the impor-
tant local effects are those of the inter-layer network, while local
effects in the intra-layer network do not modify the threshold value
bc = 1 of the fully connected network. This result is qualitatively
different from what we found for anticoordination states where the
most important local effects are those associated with the intra-layer
learning network. However, the local effects are quite similar to what
we observe in chimera states where even though they are important
for both networks, the inter-layer local effects seem more important
in avoiding chimera states than the intra-layer local effects.

A more detailed description of local effects associated with
the inter-layer network is given in Fig. 12 that shows the probabil-
ity that the system reaches a coordination state in L for different
values of a normalized 〈KAB〉 and a fully connected intra-layer
network; i.e., 〈KA〉 = 〈KB〉 = 1. In summary, the inter-layer local

FIG. 12. Probability that the system reaches a coordina-
tion state in L as a function of b for different inter-layer
mean degree, 〈KAB〉, when the intra-layer networks are
fully connected, 〈KA〉 = 〈KB〉 = 1. The initial conditions are
xaa = xbb = 0.5 and T = 0.8.
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connectivity reduces the probability of reaching coordination in the
risk-dominant strategy L and in turn rises the probability of reaching
coordination on the Pareto-dominant strategy.

IV. CONCLUSIONS

For a two-layer model of learning and coordination dynam-
ics and for the case of a population of skeptical individuals in fully
connected networks, the system may reach an asymptotic state of
anticoordination when agents play a symmetric or an asymmetric
coordination game between layers. On the other hand, for a herding
population, the system may reach an asymptotic chimera state when
agents play an asymmetric coordination game. These two asymp-
totic states of anticoordination and chimera states are not observed
in a single component network. Therefore, the setting of a two-layer
structure favors the emergence of these asymptotic states. Neverthe-
less, this setting is not a sufficient condition, and we have discussed
their robustness when including local effects with random networks
that bring in the effect of local connectivity.

We have shown that important local effects associated with
low connectivity destroy anticoordination states for initial distri-
butions of strategies such that, in a fully connected network, this
leads the system to a state of anticoordination. We find thresh-
old values of the mean degree below which the system may reach
other states such as coexistence of strategies and coordination. We
also find a threshold value of the mean degree, below which the
only asymptotic state reached is coordination. Thus, local connec-
tivity not only prevents final configurations of anticoordination but
also favors coordination. The transition from anticoordination to
coordination when increasing local effects is through intermediate
phases with bistability and tristability among coordination, anti-
coordination, and dynamical states. We have also found that local
effects in the intra-layer learning network are more important to
destroy anticoordination states than local effects in the inter-layer
network. This means that for any mean degree of the inter-layer
network, the probability of reaching an asymptotic state of antico-
ordination decreases as the mean degree of the intra-layer network
decreases. Less connectivity for the social learning process prevents
states of anticoordination.

Similar results are observed for the case of chimera states, with
local connectivity inside and between layers preventing the exis-
tence of chimera states. The probability of reaching an asymptotic
chimera state decreases as local connectivity decreases. In the case
in which intra-layer and inter-layer mean degrees are different, less
social connectivity (lower mean degree of the intra-layer network)
prevents the existence of chimera, but less strategic connectivity
(lower mean degree of the inter-layer network) also prevents the
existence of asymptotic chimera states. This means that when the
intra-layer mean degree is high, the inter-layer mean degree must be
low to prevent existence of chimera states and conversely. Still, the
local effect that comes from the inter-layer coordination network is
more important in reducing chimera states than the local effect of
intra-layer connectivity.

We have also considered local effects in the problem of the
selection of coordination equilibria. When agents play the asym-
metric coordination game in a fully connected network, the risk-
dominant equilibrium (L coordination) is selected for b > 1, similar

to the game-theoretical approach. Local connectivity prevents this
inefficient outcome, and the Pareto-dominant equilibrium (R coor-
dination) can still be selected for b > 1. The threshold value of b
for which the strategy L becomes risk-dominant increases as con-
nectivity decreases. For this issue, the most important local effect
comes from the inter-layer connectivity: Less connectivity associ-
ated with network in which the coordination game is played pre-
vents selection of the risk-dominant equilibrium in favor of the
Pareto dominance.
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