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ABSTRACT

Spatial evolutionary games provide a valuable framework for elucidating the emergence and maintenance of cooperative behaviors. However,
most previous studies assume that individuals are profiteers and neglect to consider the effects of memory. To bridge this gap, in this paper,
we propose a memory-based spatial evolutionary game with dynamic interaction between learners and profiteers. Specifically, there are two
different categories of individuals in the network, including profiteers and learners with different strategy updating rules. Notably, there is a
dynamic interaction between profiteers and learners, i.e., each individual has the transition probability between profiteers and learners, which
is portrayed by a Markov process. Besides, the payoff of each individual is not only determined by a single round of the game but also depends
on the memory mechanism of the individual. Extensive numerical simulations validate the theoretical analysis and uncover that dynamic
interactions between profiteers and learners foster cooperation, memory mechanisms facilitate the emergence of cooperative behaviors among
profiteers, and increasing the learning rate of learners promotes a rise in the number of cooperators. In addition, the robustness of the model
is verified through simulations across various network sizes. Overall, this work contributes to a deeper understanding of the mechanisms
driving the formation and evolution of cooperation.

Published under an exclusive license by AIP Publishing. https://doi.org/10.1063/5.0215761

With the burgeoning development of artificial intelligence,

reinforcement learning methods have become increasingly preva-

lent in exploring structured population behavior in evolutionary

games. In light of the ubiquitous profit-seeking behavior observed

in society and the inherent memory mechanisms of individuals,

we propose a novel model in this paper, i.e., the memory-based

spatial evolutionary game model with the dynamic interaction

between learners and profiteers, where the memory mechanism

is described by the memory length and the memory decay factor,

and the dynamic interactions between learners and profiteers are

modeled by a two-state homogeneous Markov chain. In addition,

we conduct numerous simulations and analyses to verify the cor-

rectness of the theoretical derivations, the memory mechanism,

and the dynamic interaction between two different categories of

individuals on the impact of the frequency of cooperators, respec-

tively, and study the emergence and evolution of cooperative

behavior from a microperspective.

I. INTRODUCTION

Cooperative behavior has been observed across various scales,
ranging from micro-organisms to complex animal societies, under-
scoring its ubiquity in the natural world. Scholars across disciplines,
including sociologists,1 psychologists,2 economists,3 physicists,4 and
mathematicians,5 etc.,6,7 have shown interest in understanding the
origins and sustainability of cooperation. The network evolution-
ary game, as a combination of complex networks and evolution-
ary game theory, provides a practical framework for studying the
emergence of cooperative behaviors in structured groups, where
each node in a complex network represents an individual and
the edges indicate the interactions between the individuals. Typ-
ical game models include the prisoner’s dilemma game,8 snow-
drift game,9 stag hunt game10 with two players, and the public
goods game11 with multiple players. Besides, evolutionary games
based on various structured populations have been widely pro-
posed and studied, spanning square lattice networks with periodic
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boundaries,12,13 small-world networks,14,15 scale-free networks,16,17

temporal networks,18,19 and higher-order networks.20,21 In addition
to these, evolutionary games have recently gained attention and
success in other areas as well.22

In recent years, researchers extensively explored the underly-
ing drivers behind the spontaneous emergence and sustenance of
cooperative behaviors within competitive environments, corrobo-
rating their findings through numerous simulation experiments.
A seminal contribution is the five rules proposed by Nowak.23

These rules encompass kin selection, direct reciprocity, indirect reci-
procity, network reciprocity, and group selection, which elucidates
diverse pathways to cooperation. Moreover, the mechanisms favor-
ing cooperation include reputation mechanism,24 trust,25 reward and
punishment,26 etc.,27–29 which have also received extensive attention
and investigation by scholars. In addition to these, many recent stud-
ies employ reinforcement learning methods to study the behavior
of individuals in network evolutionary games, and Q-learning has
especially become a dominant approach in these studies. For exam-
ple, Yang et al. integrated Q-learning agents into the evolutionary
prisoner’s dilemma game on the square lattice with periodic bound-
ary conditions and found that interaction state Q-learning promotes
the emergence and evolution of cooperation.30 Shi and Rong delved
into the dynamics of Q-learning and frequency adjusted Q-learning
algorithms in multi-agent systems and revealed the intrinsic mech-
anisms of these algorithms from the perspective of evolutionary
dynamics.31 Ding et al. explored the impact of Q-learning on coop-
eration by involving extortion and observed that Q-learning sig-
nificantly boosts the cooperation level of the network.32 Therefore,
amidst the rapid advancement of artificial intelligence, it is impor-
tant to consider the influence of intelligent individuals equipped
with learning on evolutionary dynamics.

In real systems, the memory of intelligent individuals signifi-
cantly affects decision-making processes, and their actions are not
limited to the current situation, but they also take past experiences
into consideration. Some researchers discovered this phenomenon
and achieved fruitful results in network evolutionary games. For
example, the classical game tactics like generous-tit-for-tat (GTFT)33

and win-stay, lose-shift (WSLS)34 proposed by Nowak are demon-
strated to yield promising results in repeated prisoner’s dilemma
games. In addition, Pi et al. considered the memory mechanism and
proposed two strategy-updating rules based on profiteers and con-
formists and found that the memory mechanism promotes cooper-
ation over a large parameter area.35 Ma et al. examined the effect of
working memory capacity, a crucial neural function, on cooperation
in repeated prisoner’s dilemma experiments and discovered that the
level of cooperation was optimal when subjects remembered the first
two rounds of information and that there was a sudden increase in
the level of cooperation as memory capacity increased from none to
minimal.36 Lu et al. proposed a prisoner’s dilemma game model with
a memory effect on spatial lattices and observed that the memory
effect could effectively change the cooperative behavior in the spa-
tial prisoner’s dilemma game.37 Therefore, the memory mechanism
of the individual performs an indispensable role in the emergence of
cooperative behaviors.

Profiteers commonly adhere to the Fermi rule, a strategy
updating rule where individuals are more inclined to adopt the
strategy of another individual with a higher payoff.38–40 On the other

hand, learners frequently employ Q-learning, a prevalent strategy
updating rule where decisions are informed by previous learning
experiences.41–43 However, most of the previous studies simplified
the scenario by considering either profiteers or learners indepen-
dently, while in practice, these two categories interact continuously,
i.e., the neighbor of an individual consists of both profiteers and
learners, and an individual is not maintaining a category all the
time. Therefore, to bridge this gap, we consider the dynamic inter-
action between profiteers and learners in this paper, where each
individual changes from a learner (profiteer) to a profiteer (learner)
with a certain probability over time, which can be described as a
two-state homogeneous discrete Markov chain. The different cat-
egories of individuals are mainly reflected in the different strategy
updating rules they adopt. Concretely, the profiteer uses the classi-
cal Fermi rule, preferring to imitate the strategy of individuals with
higher payoffs, whereas the learner employs Q-learning in reinforce-
ment learning and decides which strategy to utilize by continuously
learning from the past. Furthermore, as we mentioned before, mem-
ory acts as a crucial role in individuals’ decision-making processes.
Therefore, we introduce the memory mechanism into the evolution
of the game. Specifically, the payoff of an individual is not solely
dependent on a single game round but is a cumulative payoff, which
is related to the memory length and the memory decay factor of
the individual. This reflects the fact that an individual’s memory
is not infinite and a longer event has a smaller effect on the indi-
vidual. Through our investigation of the memory-based snowdrift
game with the dynamic interaction between profiteers and learners
on regular square lattices with periodic boundary conditions and
Watts–Strogatz small-world networks,44 we find that the memory
mechanism of individuals promotes the emergence and mainte-
nance of cooperation among profiteers and the dynamic interaction
between learners and profiteers enhances the cooperative behavior
of the structured populations.

In the remainder of this paper, we first present the memory-
based game model with the dynamic interaction between learners
and profiteers in detail in Sec. II. Following that, in Sec. III, we show
the simulation results and conduct thorough analyses. In the last
section, we summarize the work and offer outlooks of this paper.

II. MODEL

In this section, we introduce the memory-based spatial evo-
lutionary game with the dynamic interaction between learners and
profiteers, which is described in terms of four aspects: (i) the game
model, (ii) the memory mechanism, (iii) the dynamic interactions
between learners and profiteers, and (iv) the stationary distribution
of the number of learners and profiteers.

A. Game model

In this study, we adopt the classical snowdrift game (SDG) for
its generality, where the reward (R) for the interaction of two coop-
erative strategies is fixed to 1, the punishment (P) for the interaction
of two defective strategies is set to 0, and for the interaction of coop-
erative and defective strategies, the cooperator receives a sucker’s
payoff (S) of 1− r while the defector yields a temptation to defect (T)

Chaos 34, 063120 (2024); doi: 10.1063/5.0215761 34, 063120-2

Published under an exclusive license by AIP Publishing

 08 June 2024 07:06:53

https://pubs.aip.org/aip/cha


Chaos ARTICLE pubs.aip.org/aip/cha

of 1+ r. Hence, the payoff matrix of SDG is represented as follows:

A =

(

1 1− r
1+ r 0

)

, (1)

where r indicates the cost-to-benefit when both individuals are
cooperators, and it takes a value ranging from 0 to 1, which is a
flexible parameter.

B. Memory mechanism

Next, we provide a detailed explanation of the memory mecha-
nism proposed in this paper. Each individual in the system possesses
a memory, i.e., they are capable of knowing their payoffs from the
previous M rounds of interactions with their neighbors. Hereby, M
denotes the length of the individual’s memory, and the payoff in
the past M rounds has an impact on the individual’s current pay-
off. However, it is acknowledged that the impact of past interactions
diminishes over time. To account for this, we introduce a mem-
ory decay factor β , which characterizes the decreasing influence of
past events on an individual’s current payoff. Therefore, the payoff
of individual i at time t based on the memory mechanism can be
expressed as

Ut
i =

t
∑

k=t−M+1

β t−k5k
i , (2)

where 5k
i represents the actual payoff of individual i obtained from

playing the snowdrift game with all neighbors in round k, and it can
be calculated as

5k
i =

∑

j∈�i

sT
i Asj, (3)

where �i means the set consisting of all neighbors of individual i.
We emphasize that when the evolutionary time is smaller than the
memory length, i.e., t < M, then the individual’s memory length
is considered as M = t. Besides, sx is the strategy of individual x,
where a unit vector sx = [0, 1]T indicates a defective strategy and
sx = [1, 0]T denotes cooperation.

C. Dynamic interactions between learners and

profiteers

In reality, individuals exhibit diverse behaviors, with some
driven primarily by profit-seeking motives (referred to as profi-
teers), while others rely on self-learning strategies (referred to as
learners). Therefore, our proposed model incorporates the interac-
tion between these two categories of individuals mentioned above.
Furthermore, individuals are not fixed in their roles throughout
the evolutionary game process, i.e., individuals cannot always be
profiteers or learners, and they undergo mutual transitions between
the two states. For this reason, we introduce a Markov process to
capture this dynamic. Specifically, a profiteer (respectively, learner)
changes to be a learner (respectively, profiteer) with the probability
q (respectively, p) at every moment, and the state transition matrix

representing these probabilities is given by

B =

(

1− p p
q 1− q

)

, (4)

where p denotes the probability of an individual transitioning from a
learner to a profiteer and 1− p represents the probability of remain-
ing a learner. Analogously, q indicates the probability of an indi-
vidual switching from a profiteer to a learner, while 1− q denotes
the probability of staying a profiteer. We highlight that there is no
relationship between the transition probabilities p and q. The only
requirement is that they must satisfy the definition of probability,
meaning both p and q must fall between 0 and 1.

For learners and profiteers, the key difference between them
lies in their strategy updating rules. Profiteers tend to imitate the
strategy of the neighbor with the highest payoff, employing the
Fermi rule for strategy updating, i.e., at each round of evolution, a
profiteer i randomly selects an individual j from its neighbors and
adopts neighbor’s strategy according to the following probability:

Wp(si ← sj) =
1

1+ e(Ui−Uj)/κ
, (5)

where si and Ui signify the strategy expressed as unit vectors and
payoff based on the memory mechanism of individual i, respectively.
The parameter κ means the noise factor, which is utilized to describe
the irrational choices of individuals in the game.

On the other hand, learners use a reinforcement learning
algorithm known as Q-learning for strategy updates. Specifically,
the Q-learning algorithm can be regarded as a Markov deci-
sion process, where the decision of an individual is only rel-
evant to the current situation and is not influenced by past
events, which can be represented by a tuple (S, A, Wl, r). Hereby,
S = {0C, 1C, 2C, . . . , |�i|C} (the number of cooperators among
neighbors) and A = {Cooperate, Defect} denote the state space and
action space of individual i. Wl : S× A→ p is the state transi-
tion probability after adopting action a ∈ A in state s ∈ S, and
r : S× A→ U represents the reward of individual for performing
action a ∈ A in state s ∈ S, which can be obtained by Eq. (2). Each
learner owns a Q-table, which will be updated after each round of
the game with all neighbors according to the following equation:

Q
At
St

(t+ 1) = Q
At
St

(t)+ α

[

r
At
St

(t+ 1)+ γ max
a∈A

Qa
St+1

(t)− Q
At
St

(t)
]

,

(6)

where α ∈ [0, 1] and γ ∈ [0, 1] denote the learning rate and discount
factor, respectively. A smaller γ causes the individual to focus more
on the immediate payoff, otherwise, the individual focuses more on

past experiences. Q
At
St

(t) represents the utility obtained by the indi-

vidual in state St when taking action At at time t. r
At
St

(t+ 1) indicates
the immediate payoff gained by the individual in state St at time
t+ 1 when performing action At at time t, which is determined by
Eq. (2). The term maxa∈A Qa

St+1
(t) signifies the maximum Q-value

received by the individual in the future state St+1. Therefore, the
learner learns to update the Q-table by constantly playing games
with its neighbors during the evolutionary process to guide the
updating of its strategy. In particular, to portray the random choice
of individuals in real situations, which is a compromise between
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exploration and exploitation, we introduce the ε-greedy algorithm.
Specifically, at each decision point, exploration occurs with proba-
bility ε, i.e., a strategy is randomly selected from the action set A with
a uniform probability distribution, and exploitation is performed
with probability 1− ε, i.e., the strategy with the highest Q-value in
the current state is taken, and if there is more than one, then one is
chosen randomly.

D. Stationary distribution of the number of learners

and profiteers

As we mentioned before, individuals are allowed to switch
between profiteers and learners, with the corresponding transition
matrix shown in Eq. (4). The transition probability is indepen-
dent of the initial moment, which can be viewed as a two-state
homogeneous Markov chain {Xn, n = 0, 1, 2, . . .} with state space
E = {Profiteer, Learner}, where Xn denotes the category of each indi-
vidual at time n. Moreover, for any i, j ∈ E, there always exists a
positive integer n0 such that B

n0
i,j > 0, indicating the ergodicity of the

Markov chain. By the ergodic theorem, we have

{

(π1, π2) = (π1, π2) B,
∑2

i=1 πi = 1,
(7)

where (π1, π2) indicates the stationary distribution of the Markov
chain {Xn, n = 0, 1, 2, . . .}. Substituting Eq. (4) into Eq. (7), we
obtain the solution π1 = q/(p+ q) and π2 = p/(p+ q), which
implies that as evolutionary time extends indefinitely, the probabil-
ity of an individual being a learner is π1, while the probability of
being a profiteer is π2.

Furthermore, based on the fact that whether each individual is
a profiteer or a learner is independent of the other individuals, i.e.,
the categories of individuals are independent of each other, we can
yield the expected number of profiteers and learners in the network

when the evolution stabilizes, as expressed in the following equation:















Elearner = N× π1 =
Nq

p+ q
,

Eprofiteer = N× π2 =
Np

p+ q
,

(8)

where N represents the size of the network.
To provide a clearer understanding of our model, we present

an illustrative example of the model in Fig. 1. Each individual pos-
sesses a probability of transitioning between being a profiteer and
a learner, showcasing dynamic interactions between the two cat-
egories in the network. Profiteers and learners utilize Fermi rules
and Q-learning to update their strategies, respectively. Notably, each
learner maintains a Q-table. Taking individual v5 highlighted within
the red square as an example, it is surrounded by two cooperators
and two defectors among its neighbors. According to the Q-table,
we can get that the Q-value of adopting a cooperative strategy in
the current state is 17.72, surpassing the Q-value (13.92) for choos-
ing a defective strategy. Consequently, individual v5 will opt for the
cooperative strategy during exploitation at the next moment.

III. SIMULATION RESULTS AND ANALYSIS

In this section, we aim to validate the impact of the proposed
model on the evolution of cooperative behavior through numeri-
cal simulations and provide an analysis of the results. We conduct
simulations on two categories of networks: (i) regular square lattice
(SL) with periodic boundary conditions and von Neumann neigh-
borhood with the network size of N = 50× 50; (ii) Watts–Strogatz
small-world network (WS) with N = 2500, where each individual is
initially connected to its 2 nearest neighbors on the left and right,
and with a reconnection probability of 0.2. Initially, each individual
is assigned to defect or cooperate with all its neighbors with a coin

FIG. 1. An illustration of the model. In this figure, we pro-
vide an example of the proposed model. Profiteers and
learners interact dynamically in the network, with different
categories of individuals adopting different strategy updat-
ing rules to update their strategies. Besides, the category
of each individual changes from learner (respectively, prof-
iteer) to profiteer (respectively, learner) with the probability
p(respectively, q).
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toss. Subsequently, individuals update their strategies using the rein-
forcement learning method called ε-greedy Q-learning or the Fermi
rule based on their categories, and the probability that a learner takes
an exploration when updating the strategy is set to ε = 0.1. We pri-
marily focus on the evolution between profiteers and learners, the
emergence of cooperative behaviors, and a microscopic view of the
distribution of cooperators and defectors. In addition, we validate
the robustness of the model by performing simulations on networks
with different sizes. According to our simulations, the evolution of
the cooperation frequency is stable after 1000 steps of iterations.
Therefore, in all simulations, we average the last 500 of the entire
5000 time steps to obtain the result of one simulation. Additionally,
to mitigate interference from other factors, we perform 20 indepen-
dent simulations and take the average value of them to get the final
outcome.

A. Evolution and statistics of the number of profiteers

and learners

In order to verify the theory of dynamic interaction between
learners and profiteers proposed in this paper, we first plot the
evolutionary curves of the number of learners over time under dif-
ferent transition probabilities of p and q, and the result is shown
in Fig. 2(a), where the red straight line indicates the theoretical
value, which is calculated according to Eq. (8). We do not plot the
evolution of profiteers since it can be obtained by subtracting the
number of learners from the size of the network. From Fig. 2(a), we
can see that the number of learners in all three cases evolves over
time and stabilizes around t = 100, subsequently fluctuating around
a certain value, which closely aligns with the one marked by the
red theoretical straight line. Additionally, we present the theoreti-
cal and simulated values of the number of learners and profiteers,
along with the relative error between them in Table I in the form of
data for the three different scenarios. This provides a more intuitive
insight into the gap between theory and simulation. The theoret-
ical value is calculated using Eq. (8), while the simulated value is
obtained by averaging the last 1000 steps of the evolution curve in
Fig. 2(a). The relative error is determined by e = |x− x∗|/x∗, where
x∗ and x denote the theoretical and simulated values, respectively.
We find that the theoretical and simulated results for all three situ-
ations are very close to each other, and the maximum relative error
is only 0.096%, which confirms the correctness of our theoretical
derivation. Furthermore, by comparing the number of learners and
profiteers at the stable time under the three cases, we observe that

FIG. 2. Evolutionary curves and statistical distributions of the number of learners
under different transition probabilities. The green squares represent the results
under p = 0.5, q = 0.5, while the blue diamonds and black triangles stand for
the results under p = 0.5, q = 0.8 and p = 0.8, q = 0.5, respectively, with only
one parameter different from green. The red line indicates the theoretical result
derived from Eq. (8). We set the x axis and y axis as evolutionary time vs num-
ber of learners for (a) evolutionary curves. In (b) statistical distributions, the x
axis represents the number of learners, while the y axis shows the corresponding
probability. It can be seen that the number of learners becomes stable around
t = 100 and the numerical simulation results are in agreement with the theory.
(a) Evolutionary curves, (b) statistical distributions.

TABLE I. The comparison of theoretical and simulated results for the number of learners and profiteers.

p= 0.8, q= 0.5 p= 0.5, q= 0.5 p= 0.5, q= 0.8

Results Learner Profiteer Learner Profiteer Learner Profiteer

Theoretical values 961.538 1538.462 1250 1250 1538.462 961.538
Simulated values 961.379 1538.621 1248.799 1251.201 1538.403 961.597
Relative error 0.017% 0.010% 0.096% 0.096% 0.004% 0.006%
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TABLE II. The numerical characteristics for the distribution of the number of learners and profiteers.

p= 0.8, q= 0.5 p= 0.5, q= 0.5 p= 0.5, q= 0.8

Results Learner Profiteer Learner Profiteer Learner Profiteer

Standard deviation 24.148 24.148 25.905 25.905 24.999 24.999
Skewness −0.038 0.038 −0.021 0.021 −0.081 0.081
Kurtosis −0.144 −0.144 −0.223 −0.223 0.451 0.451

increasing p leads to an increase in the number of profiteers, while a
larger q results in more learners in the network, which is consistent
with the results demonstrated in Fig. 2(a).

Subsequently, we record the number of learners in the last
4000 steps in each scenario and plot the probability distribution
of the number of learners under three sets of transition proba-
bilities according to the law of large numbers by considering the
frequency as probability. The result is shown in Fig. 2(b), where
the red straight line represents the theoretical values. Similarly, we
present some numerical characteristics for each of the three dis-
tributions in Table II, including standard deviation, skewness, and
kurtosis, where the standard deviation is calculated using the std()

method in the numpy library in Python, while the skewness and
kurtosis are obtained employing the skew() and kurt() methods in
the pandas library, respectively. We observe that all three distribu-
tions approximately follow a normal distribution and that the span
of each distribution is relatively small, explaining the small standard
deviation of each distribution, which is consistent with the result
in Table II. Moreover, it can be clearly seen that the red theoreti-
cal straight line exactly passes through the tip of each distribution,
which also verifies the correctness of our theory in another way.
The skewness of all three statistical distributions of the number of
learners exhibited in Table II is less than 0. It indicates that all three
distributions have negative skewness, i.e., the left skewness, where
there are fewer data located on the left side of the mean than on the
right side of the mean, whereas profiteers are the reverse. The kur-
tosis of learners under both p = 0.8, q = 0.5 and p = 0.5, q = 0.5 is
less than 0, which means that the overall data distribution is rela-
tively flat compared to the normal distribution and is platykurtic,
while the kurtosis under p = 0.5, q = 0.8 is greater than 0, which
implies that the overall data distribution is relatively steep compared
to the normal distribution and is leptokurtic. It is worth noting that
the standard deviation and kurtosis are the same for both profiteers
and learners, while the skewness is just the opposite. This discrep-
ancy arises because the network contains only two categories of
individuals, profiteers and learners, and the standard deviation and
kurtosis are essentially even-ordered central moments, whereas the
skewness is an odd-ordered central moment.

B. Emergence and evolution of cooperative behavior

In this section, we investigate the effect of some model param-
eters on the emergence and evolution of cooperative behaviors.
Primarily, we present the heat map of the cooperation ratio with
respect to the transition probabilities p and q between profiteers and
learners, as shown in Fig. 3. The x axis is set as q with the range
[0, 1], which denotes the transition probability from profiteers to

learners, and the y axis is set as p with the same range, which means
the transition probability from learners to profiteers. Both networks
exhibit that when p is fixed, increasing the transition probability q
leads to a rise in the proportion of cooperators, i.e., the incorpo-
ration of learners promotes the emergence of cooperative behavior
compared to a population of pure profiteers. This insight offers a
fresh perspective to explain the widespread cooperative behavior in
real-world scenarios. Although many individuals strive to behave as
profiteers by imitating the strategies of individuals with high pay-
offs, there are still learners who are self-learning based on their past
experiences, and the existence of learners is exactly the reason that
further enhances the proportion of cooperators in the population.

Subsequently, we delve into the impact of the memory mech-
anisms proposed in this paper on the evolution of cooperative
behavior. We set the transition probability between profiteers and
learners as p = q = 0.5, thus we can get that the profiteers and learn-
ers in the network are uniformly mixed according to Eq. (8). In this
case, we plot the heat map of the cooperation ratio concerning the
memory length and the memory decay factor, and the results of SL
and WS networks are respectively shown in Figs. 4(a) and 4(b), from
which we can obtain that increasing both the memory length M
and the memory decay factor β causes a decrease in the number of
cooperators for both SL and WS networks.

In addition, we demonstrate the changes in the proportion
of cooperators concerning the memory mechanism for the pure

FIG. 3. Heat maps of cooperation ratio regarding transition probabilities p and
q. This figure elucidates the impact of transition probabilities p (y axis) and q
(x axis) between profiteers and learners on cooperative behavior on the (a) SL and
(b) WS networks. The parameters for the cost-to-benefit of SDG, memory decay
factor, and memory length on both networks are fixed to r = 0.6, β = 0.5, and
M = 5 respectively. These heat maps provide a comprehensive visualization
of how varying p and q affect cooperative dynamics within different network
topologies. We observe that the inclusion of learners boosts the frequency of
cooperators compared to pure profiteers. (a) SL network, (b) WS network.
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FIG. 4. Heat maps of cooperation frequency regarding memory length and mem-
ory decay factor under the coexistence of profiteers and learners. In this figure,
we illustrate the influence of memory decay factor β and memory lengthM on the
frequency of cooperators on the SL [in panel (a)] and WS [in panel (b)] networks
under the coexistence of profiteers and learners.We set the transition probabilities
between learners and profiteers to p = q = 0.5, ensuring a balanced presence
of learners and profiteers in the network. Additionally, the payoff parameter of
the SDG is set to r = 0.3. These heat maps offer insights into how different
combinations of memory parameters influence cooperative behavior in networks
with varied structures. Both networks show that increasing memory length and
memory decay factor inhibit cooperative behavior. (a) SL network, (b)WS network.

profiteer scenario in Fig. 5, where the probability of converting from
learner to profiteer is set to p = 1. In contrast, the probability of
changing from profiteer to learner is q = 0. All other parameters
are the same as in the numerical simulation in Fig. 4. It is obvi-
ous that the memory mechanism greatly facilitates the emergence
of cooperative behavior in the case of pure profiteers. Notably, pure
cooperators even appear on both networks when the memory length
and memory decay factor are relatively large. Furthermore, upon
comparing Figs. 5(a) and 5(b), we can observe that the area of

FIG. 5. Heat maps of cooperation frequency regarding memory length and mem-
ory decay factor in the case of pure profiteers. This figure presents the influence
of memory decay factor β (y axis) and memory lengthM (x axis) on the coopera-
tive behavior on the SL [in subplot (a)] and WS [in subplot (b)] networks under
conditions of pure profiteers. Hereby, transition probabilities between learners
and profiteers are fixed to p = 1 and q = 0, resulting in all the individuals in
the network being profiteers, with no learners existing. Furthermore, the payoff
parameter of SDG is set to r = 0.3. These heat maps provide insights into how
memory parameters influence cooperative behavior in networks dominated by
profiteers. It is evident that memory mechanisms favor the survival of cooperators
in groups of pure profiteers. (a) SL network, (b) WS network.

FIG. 6. Heat maps of cooperation percentage with respect to learning rate and
discount factor in Q-learning. In this figure, we depict the impact of learning rate
α and discount factor γ on the ratio of cooperators on the SL [in panel (a)] and
WS [in panel (b)] networks. We set the x axis and y axis in each subgraph to
γ and α with the range [0, 1]. These heat maps offer insights into how different
combinations of learning rates and discount factors affect cooperative behavior in
the two types of networks. It can be seen that a lower learning rate and a larger
discount factor cause more defectors to invade the cooperators. (a) SL network,
(b) WS network.

the pure cooperators’ region of WS shown in Fig. 5(b) is signifi-
cantly larger than that of SL presented in Fig. 5(a), which suggests
that the WS network is more favorable to the survival of cooper-
ators than the SL network. Therefore, we can conclude that while
the memory mechanism facilitates the emergence of cooperative
behavior in profiteers, it inhibits the evolution of cooperation in
learners.

It is also crucial to study the effect of learners’ learning rate α

and discount factor γ in Eq. (6) on cooperative behavior. Thus, we
exhibit the heat map depicting the percentage of cooperators on the
SL and WS networks concerning α and γ in Figs. 6(a) and 6(b),
respectively. We set the payoff parameter, the transition proba-
bilities between profiteers and learners, the memory decay factor,

FIG. 7. Heat maps of cooperation ratio concerning exploration rate and payoff
parameter. In this figure, we study the influence of exploration rate ε and payoff
parameter r on the cooperative behavior within the SL [panel (a)] and WS [panel
(b)] networks. The x axis and y axis in each subfigure represent r and ε with a
range [0, 1]. These visualizations offer insights into how variations in ε and r affect
cooperative dynamics on the SL and WS networks. We get that an appropriate
exploration rate promotes cooperative behavior when r is small, while increasing
the exploration rate inhibits the maintenance of cooperators when r is large. (a) SL
network, (b) WS network.
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and the memory length to r = 0.5, p = q = 0.5, β = 0.5, and M = 5.
From Figs. 6(a) and 6(b), we can obtain that both SL and WS net-
works demonstrate a higher learning rate α leads to a larger percent-
age of cooperators. On the contrary, increasing the discount factor

γ results in a decrease in the cooperation frequency. This indicates
that a larger learning rate and a greater tendency of learners toward
immediate benefits promote the emergence and maintenance of
cooperative behaviors in the network.

FIG. 8. Evolutionary curves of cooperation frequency and corresponding snapshots under different memory decay factors and payoff parameters. (a) shows the evo-
lution of cooperation frequency fc as time progresses for three distinct combinations of memory decay factor β and payoff parameter r : (0.9, 0.3), (0.1, 0.5), and
(0.9, 0.5). The snapshots of individual strategy distributions on the SL networks at t = 1, 10, 100 and 1000 are depicted in (b)-(e) for (β , r) = (0.9, 0.3), in (f)-(i) for
(β , r) = (0.9, 0.5), and in (j)-(m) for (β , r) = (0.1, 0.5). The memory length is fixed at M = 10, and the transition probabilities between learners and profiteers are set
to p = 1 and q = 0. We can yield that the proportion of cooperators stabilizes around t = 100, suggesting that cooperators reach a stable state in the evolutionary process.
Besides, cooperators resist the invasion of defectors primarily by forming clusters.
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FIG. 9. Variation in the proportion of cooperators with network size under different conditions. This figure illustrates the frequency of cooperators in dependence of network
size under different parameter pairs (M, β) and (r , p) on the SL [in subplot (a)] and WS [in subplot (b)] networks. For the (M, β) scenario, we set the transition probabilities
between learners and profiteers to p = 1 and q = 0, payoff parameter to r = 0.5. In the (r , p) situation, the transition probability of the profiteer to the learner is set to
q = 0.5, and parameters about the memory mechanism are set to β = 0.6 and M = 10. It is obvious that the fluctuation range and amplitude of the cooperation frequency
concerning network size are minimal, which verifies the robustness of the model. (a) SL network, (b) WS network.

Next, we explore the influence of exploration rate ε and payoff
parameter r on the cooperative behavior, and the results are depicted
in Fig. 7. With transition probabilities between profiteers and learn-
ers set to p = 0.4, q = 0.8, and memory mechanism parameters held
constant at β = 0.5 and M = 5, both WS and SL networks reveal
interesting insights. For relatively small values of the payoff param-
eter (r < 0.3), an appropriate increase in the exploration rate fosters
cooperation, but excessive exploration hampers cooperative behav-
ior. However, when r is relatively large (r > 0.3), elevating the explo-
ration rate consistently diminishes the prevalence of cooperators.
Furthermore, we observe that an increase in the payoff parameter
always reduces the fraction of cooperators, as higher r values lead to
greater payoffs for defectors based on Eq. (1), thereby incentivizing
more individuals to adopt the defective strategy.

C. Snapshots of the evolution of cooperators on SL

networks

Then, we display the evolutionary curves of the cooperation
ratio under three different parameter pairs (β , r) and illustrate the
distribution of cooperators and defectors on the SL networks at dif-
ferent instants from a microperspective in Fig. 8. From Fig. 8(a),
it is evident that the frequency of cooperators fc stabilizes around
t = 100 in all three situations, and then stabilizes with slight fluc-
tuations around a certain value. In addition, we observe that the
cooperation ratio of β = 0.9, r = 0.5 marked by blue squares is
higher than that of β = 0.1, r = 0.5 labeled by green triangles,
and lower than that of β = 0.9, r = 0.3 marked by black circles,
which can be visually confirmed from the snapshots depicted in

Figs. 8(b)–(m), where red represents the defector and blue indicates
the cooperator.

Specifically, Figs. 8(b), 8(f), and 8(j) all demonstrate that the
network is almost evenly mixed with cooperators and defectors at
t = 1, while the blue region for β = 0.9, r = 0.3 [Figs. 8(b)–8(e)]
grows large as time progresses and eventually occupies the entire
network, indicating that all the individuals become cooperators, and
there are no defectors exist. For β = 0.9, r = 0.5 [Figs. 8(f)–8(i)],
the blue region gradually increases and eventually stabilizes, signi-
fying that cooperators play a dominant role in it. In contrast, the
blue region gradually diminishes over time and eventually stabi-
lizes for β = 0.1, r = 0.5 [Figs. 8(j)–8(m)], meaning that the defector
holds a dominant role in it. Additionally, we can observe that the
cooperators resist the invasion of the defectors mainly by form-
ing clusters. These observations can be attributed to the fact that
the transition probabilities between profiteers and learners are set
to p = 1 and q = 0, i.e., the network is ultimately all occupied by
profiteers. Moreover, we can get that increasing the memory decay
factor β promotes cooperative behaviors as indicated in Fig. 5.
Besides, according to Eq. (1), when a cooperator meets a defector,
the defector’s payoff increases but the cooperator’s payoff decreases
as the payoff parameter r grows, which promotes the emergence and
maintenance of defectors in the network.

D. Validation of the robustness of the model

Note that in all of our previous simulations, the sizes of the SL
and WS networks are fixed to 50× 50. In this subsection, we aim
to examine the evolution of cooperative behaviors on SL and WS

TABLE III. The range and standard deviation of SL network.

Results M= 5, β = 0.3 M= 10, β = 0.6 M= 15, β = 0.9 r= 0.2, p= 0.3 r= 0.5, p= 0.6 r= 0.8, p= 0.9

Range 0.0036 0.0037 0.0402 0.0017 0.0107 0.0054
Standard deviation 0.0010 0.0011 0.0113 0.0004 0.0031 0.0016
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TABLE IV. The range and standard deviation of WS network.

Results M= 5, β = 0.3 M= 10, β = 0.6 M= 15, β = 0.9 r= 0.2, p= 0.3 r= 0.5, p= 0.6 r= 0.8, p= 0.9

Range 0.0222 0.0324 0.0020 0.0049 0.0053 0.0050
Standard deviation 0.0062 0.0089 0.0006 0.0013 0.0014 0.0014

networks with different sizes to verify the robustness of the model.
We depict the variation of the cooperation frequency fc on SL and
WS networks as a function of network size N for three different sets
of parameters (M, β) and three distinct groups of parameters (r, p)
in Figs. 9(a) and 9(b), respectively.

From Fig. 9, we obtain that both SL and WS networks exhibit
almost no influence of network size on cooperative behavior under
the same set of parameters, which is further demonstrated by the
range and standard deviation of each curve, and the results are
shown in Tables III and IV. The reason we choose the range and
standard deviation as our statistical metrics is that range indi-
cates the extent of fluctuation in the proportion of cooperators and
standard deviation quantifies the magnitude of fluctuation in the
frequency of cooperators. A small range and standard deviation sig-
nify that network size has a negligible impact on the frequency of
cooperators, validating the robustness of our findings across dif-
ferent network sizes. It can be seen that the maximum range and
standard deviation of SL do not exceed 0.0402 and 0.0113, respec-
tively, and the maximum range and standard deviation of WS are
within 0.0324 and 0.0089, respectively, which signifies that the fluc-
tuation ranges and magnitudes of fc on both networks are minimal.
Notably, the fluctuation ranges and magnitudes on the WS network
are even smaller than those on the SL network, consistent with the
trends presented in Fig. 9. Furthermore, by comparing Figs. 9(a)
and 9(b), we notice that the WS network exhibits a higher percent-
age of cooperators for the parameter set (M, β) (denoted as dashed
lines) compared to the SL network, while both networks show sim-
ilar cooperation ratio for the parameter set (r, p) (denoted as solid
lines). Therefore, through this simulation, we can conclude that the
results are consistent across different network sizes for SL and WS
networks, confirming the robustness of the proposed model.

IV. CONCLUSION AND OUTLOOK

In this study, we investigate the evolution of cooperation on SL
and WS networks with dynamic interactions between learners and
profiteers, considering the category of individuals as a homogeneous
discrete-time Markov chain with two states. Different categories
of individuals update their strategies according to different rules,
where learners adopt Q-learning while profiteers follow the Fermi
rule. Additionally, we introduce the memory decay factor and mem-
ory length to enable individuals to compute payoffs based on a
broader historical context rather than solely relying on the cur-
rent round of the game. In the simulation, we begin with plotting
the evolutionary curve and statistical distribution of learners and
verify the theoretical analyses through various numerical features.
Subsequently, we perform numerous simulations about the effect
of the proposed model on cooperative behavior on the SL and

WS networks. We find that dynamic interactions between profi-
teers and learners promote cooperation, increasing learning rate and
decreasing discount factor in Q-learning increase the proportion of
network cooperators, and memory mechanisms enhance the emer-
gence of cooperation in pure profiteer groups. Then, we perform
snapshots of the evolution of cooperators on SL networks and focus
on the formation and evolution of the cooperation clusters from
a microperspective. We discover that cooperators resist the inva-
sion of defectors mainly by forming cluster structures, with smaller
payoff parameters and larger memory decay coefficients leading to
larger clusters. Furthermore, our simulations on networks of varying
sizes demonstrate the robustness of the model, revealing that net-
work size has a negligible impact on the cooperation ratio on both
SL and WS networks.

Based on our work, there are some extensions to further explo-
ration in spatial evolutionary games. For example, we mainly focus
on the dynamic interactions between profiteers and learners on
static networks, while there actually exist structured networks that
undergo dynamic changes over time.18,45 These networks feature
evolving interactions among individuals, presenting an intriguing
opportunity to extend our model to investigate temporal networks.
In addition to examining complete interactions, more and more
scholars have recently turned their attention to stochastic and
incomplete games,46–48 which is also worth considering in our future
research endeavors. Moreover, some previous studies have pointed
out that real-world scenarios often involve conformist behaviors.35,49

Therefore, future research could explore the introduction of con-
formists and assess the impact of the three categories of individual
dynamic interactions on the maintenance and evolution of cooper-
ative behavior.
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