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a b s t r a c t

The spatial evolutionary games have been studied abundantly in the past two decades.
Recently, there is research showing that the emergence of cooperators on temporal
networks varies from static networks. However, few research takes players’ interaction
lifespans into account, which can be regarded as one of the individuals’ characteristics
in real networks. In this paper, we introduce a network model based on the M/M/∞

queueing system and perform the weak prisoner’s dilemmas, where each new individual
arrives at the network by Poisson process and has an exponential lifespan. In addition,
we propose a neighborhood similarity inheritance mechanism to maintain the players’
interaction requirements and reduce the impact of leaving players to the network.
We suggest that cooperators emerge in the aforementioned network model on weak
prisoner’s dilemmas, and the inheritance mechanism brings more cooperators to the
network, which helps to overcome social dilemmas. Besides, by analyzing the evolution
process of the degree distribution and the mean clustering coefficient, it is shown
that the inheritance mechanism guarantees the degree heterogeneity and higher mean
clustering coefficients, which are shown to promote cooperative behaviors in previous
studies.

© 2022 Elsevier B.V. All rights reserved.

1. Introduction

The evolutionary game theory (EGT) has been inspiring abundant studies on social dynamics, including economics [1],
iology [2], and social science [3]. Since the end of the last century, numerous researches on networked evolutionary game
heory (NEGT), as an extension of classical EGT, have revealed the cooperative dynamics of structured group. In 1992,
owak and May first introduced spatial chaos into evolutionary games [4], finding that cooperators emerge in structured
roups when playing the weak prisoner’s dilemmas (WPD). Besides, various types of evolving stochastic graphs, including
cale-free (SF) [5], small-world (SW) [6] and ER random graphs [7], provide the spatial frameworks to researches among
tructured players. In networks, each vertex denotes a player and each edge represents their interaction relationship.
ach player plays a specific kind of elementary game with its neighbors and changes its strategy according to its payoff.
ommonly, when a player updates its strategy, we assume that strategies with higher payoff are more likely to be adopted
n the next game round [8].

Santos and Pacheco first compared the PD and the snow-drift game (SG) on SFs and regular graphs [9], finding that
Fs enhance group cooperative behaviors in comparison with the regular networks whatever the mean degree is, which
nspired plentiful researches on the degree heterogeneity and cooperation [8]. Since the proposal of five rules for the
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volution of cooperation [10], the network reciprocity [11] has been paid extensive attention and widely studied. Rong
t al. studied the degree correlation influence to cooperation based on the Xulvi-Brunet–Sokolov (XS) algorithm which
odifies the assortativity [12], finding that assortative networks often inhibit cooperation. Moreover, the heterogeneity
n the reputation [13] and reproductive ability [14] promote cooperation in the networked groups as well. In the past
ew decades, researchers notice that not only the profiteers but also the conformists are significant in social cooperation
ynamics [15]. In the work of Perc and Szolnoki [16], by setting a specific proportion of conformists in the population who
spire to conform instead of maximizing their payoffs, they found that the conformists do enhance the cooperation degree
omehow. Moreover, ample models on NEGT have been proposed to explain various phenomena in human society [8].
Recently, studies on temporal networks have been developing rapidly [17], which are widely applied to researches

n social and statistical analysis [18–21]. [18] integrates timetable data obtained from the United Kingdom open-data
rogram together with timetables of domestic flights, and obtain a comprehensive snapshot of the temporal characteristics
f the whole UK public transport system for a week in October 2010. [19] finds that the correlation between temporal
ath length and duration is not only determined by their definitions but also influenced by the micro-dynamical features
f human activities under certain social circumstances as well. [20] investigates disease spreading on eight empirical
ata sets of human contacts, concurring that long-time temporal structures, like the turnover of nodes and links, are
he most important for the spreading dynamics. [21] uses the memory to model temporal network evolution using a
ime-fractional order derivative equation, finding that the memory causes that the chances of a node to receive new
onnections reduce with the age of the node. Meanwhile, researches about NEGT on temporal networks emerge [22–24],
roviding a new avenue for exploring the evolution of diverse human behavior in society. It is worth mentioning that the
volution of network architecture is independent of individuals’ strategies, where activity-driven networks [22] are usually
pplied in previous studies on cooperation. [23] shows that the temporal dynamics of social ties have a dramatic impact
n the evolution of cooperation: the dynamics of pairwise interactions favor selfish behavior. [24] finds that network
emporality enhances the evolution of cooperation relative to comparable static networks, although bursty interaction
atterns generally impede cooperation. [25] shows that the maximal fine of punishment has a greater impact on defectors
trategies than it does on cooperators strategies on activity-driven networks. However, to our knowledge, in most previous
tudies, players take part in games permanently. That is to say, once players interact with their neighbors, although there
s research presenting the cooperation density with links’ and agents’ variation [26], each player’s interaction lifespan
s rarely concerned. But as is widely known, interaction relationships among players evolve as time passes to a certain
xtent. In this paper, we reckon that each player’s active duration is limited, where players quit the system once their
ime is out. Accordingly, we propose an evolutionary game model on dynamic networks based on previous studies on
etwork modeling [27], where the network model is established on the M/M/∞ queueing system and the birth and

death process. In this way, each player arrives at the system with a specific rate and is allowed to participate in games
with its neighbors in a limited time interval, which is regarded as a player’s lifespan in this research.

The components of this paper are organized as follows. In Section 2, we introduce the network model, the strategy
evolution dynamics, and an inheritance mechanism. In Section 3, we illustrate the methods and perform our simulations.
In Section 4, we analyze, discuss our results and introduce some possible future work.

2. Model

In this section, we mainly introduce the details about our game model based on the networks by the birth and death
process (NBD). Specifically, we introduce the NBD model, strategy evolution dynamics, and the neighborhood similarity
inheritance mechanism (NSIM), where we consider exponential lifespans of players and an approach to maintain a higher
cooperation density.

2.1. Network model based on M/M/∞ queueing system

Primarily, we introduce NBD, where the whole network is regarded as an M/M/∞ queueing system, and each player
represents a server. In general, the queueing theory draws a model that individuals arrive at service facilities in a random
way, and if they accept the service (often with a service duration), they leave the system. Applying the queueing theory
to network modeling ensures more randomness for the arrival of individuals and takes individuals’ lifespans into account.
Besides, each M in M/M/∞means that each player’s arrival time interval and lifespan follow the exponential distribution,
i.e., the players arrive at the network by Poisson process and participate in evolutionary games with an exponential
distributed duration. The∞ indicates that the upper limit number of servers is infinite, where each player is considered
as a server. The evolution process starts on a specific network with N0 individuals. New individuals arrive at the network
by Poisson process with a specific exponential rate λ, connecting to m existing individuals by the preferential attachment.
The individual i is linked by the new individual with a probability given by

Πi =
ki∑
j kj

. (1)

Additionally, each individual leaves the network with an exponential rate µ. Therefore, each individual’s lifespan follows
he exponential distribution denoted as

P{T ≤ t} = 1− exp(−µt). (2)
2
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herefore, the size of the network, {N(t), t ≥ 0} can be regarded as a homogeneous, continuous and irreducible Markov
chain with the state space Ω = {1, 2, 3, . . .}, which is based on the M/M/∞ queueing system. Besides, the elements of
ransition probability matrix P(∆t) during time interval ∆t are

pm,n(∆t) =

⎧⎪⎨⎪⎩
λ∆t + o(∆t), n = m+ 1
mµ∆t + o(∆t), n = m− 1
1− (λ∆t +mµ∆t)+ o(∆t), n = m
o(∆t), |n−m| ≥ 2

. (3)

In the Markov theory, Pm,n(∆t) suggests the probability that the number of players transfers from m to n in the time ∆t .
s a further explanation on Eq. (3), the number of players is increased, decreased by 1, or stays constant during time
nterval ∆t with probability λ∆t + o(∆t), mµ∆t + o(∆t) and 1− (λ∆t +mµ∆t)+ o(∆t) respectively. Besides, since the
/M/∞ queueing system rarely allows more than 1 player to arrive or leave the network in the time ∆t , the probability

hat more than 1 individual arrive or leave is o(∆t). Let us denote qm,n the transition rate from state m to n and qm the
assing rate of state m, where

qm,n =

{
limt→0+

Pm,n(t)
t , m ̸= n

limt→0+
1−Pm,n(t)

t , m = n
. (4)

Then, the elements of the state transition rate matrix Q can be denoted as

qm,n =

⎧⎪⎨⎪⎩
λ, n = m+ 1
mµ, n = m− 1
−λ−mµ, n = m
0, |n−m| ≥ 2

, (5)

where each term is the first derivative on Eq. (3), presenting the transition rate of the number of players. Therefore, to
guarantee that the sum of transition rates to a state equals its passing rate, the stationary distribution of the homogeneous,
continuous, and irreducible Markov chain is {Pn, n ∈ E}, where

−Pnqn +
∑

m̸=n∈E

Piqm,n = 0. (6)

In the matrix form, it is

PQ = 0. (7)

Let us define ρ = λ/µ as the system load ratio (SLR) and solve the system of Eqs. (7). Then, we obtain the stationary
distribution of the network size when t →∞, denoted as

Pk =
1
k!

ρke−ρ . (8)

The stationary distribution Pk presents the probability that the whole network contains k players, which follows the
oisson distribution with the parameter ρ. Therefore, the approximate number of individuals is estimable, and the
xpectation of the network size is

E[N] =
∞∑
n=0

nPn = ρ. (9)

In this way, the expected number of players is the system’s SLR. By importing NBD based on M/M/∞ queueing system,
e next propose the strategy evolution dynamics of our game model.

.2. Strategy evolution dynamics

In this subsection, we introduce the strategy evolution dynamics on NBD. We assume a game model with two players
nd two strategies, where both players in an elementary game receive R as the reward for mutual cooperation and P for
utual defection, and a defector receives defector’s temptation T from a cooperator while a cooperator only receives the
ucker’s payoff S [28]. Accordingly, the payoff matrix is denoted as

U =
(

R S
T P

)
. (10)

esides, different parameters determine diverse game models. For example, provided 2R > T + S, in PD, we have
> R > P > S, and in SG, exchanging the order of S and P , we have T > R > S > P [29,30].
Then, we illustrate how new players and the existing players adopt strategies. For new players in the network, we

assume that they make decisions before they join the network, i.e., they are unaware of the group strategy combination
form before they interact with their neighbors. Therefore, new players adopt strategies due to the payoff matrix, and
3
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ore precisely, denoting a new player becomes a cooperator and a defector with probability PnewC and PnewD separately,
an arriving player cooperates at the beginning of its lifespan with the probability

PnewC =
R+ S

R+ S + T + P
(11)

nd defects with the probability

PnewD =
T + P

R+ S + T + P
. (12)

n this case, our model supposes that a new player is more likely to play a strategy that is dominant in the elementary
ames.
Once a new player arrives, we randomly select r% players of the whole network to update their strategies. If a player

is chosen in a round of the game, it interacts with its neighbors and obtains payoff Ux from them. We next randomly
elect one of its neighbor y, which gets payoff Uy via the same way as x, and the probability that x imitates its neighbor
’s strategy is given by the Fermi–Dirac function [31]

P(sx ← sy) =
1

1+ e(Ux−Uy)/κ
, (13)

here κ describes the uncertainty when player x imitates y’s strategy. When κ → 0, the strategy updating is definite. In
hat case, if y’s payoff is higher than x’s, x adopts y’s strategy with the probability 1. On the contrary, if y’s payoff is lower,
cannot adopt y’s strategy. When κ →∞, the player x updates its strategy randomly instead of rationally.
For the players whose lifespans end, they disconnect all of their neighbors, leave from the system and no longer

articipate in games. It is worth noting that isolated players with no neighbors emerge because of their neighbors’ leave.
ccordingly, if an isolated player i is chosen to update, its strategy stays unchanged.

.3. NSIM

We next introduce an inheritance mechanism, which reduces the isolated players. In our results, we will compare the
ooperative behaviors with and without this mechanism.
As is introduced in the previous section, r% individuals update their strategy if a new player arrives, which is interpreted

s one game round. We record each player’s strategy in the past T game rounds, denoted as Sx,T for the player x. Then,
e can measure the similarity of the player x and y by the frequency that they play the same strategy in the same game
ound, denoted as

Sim(x, y) =
∑T

i=1 δ(Sx,T (i), Sy,T (i))
T

, (14)

here

δ(Sx,T (i), Sy,T (i)) =
{

1, Sx,T (i) = Sy,T (i)
0, Sx,T (i) ̸= Sy,T (i)

. (15)

where Eq. (15) is a Dirac function. When the player L leaves, its neighbors reconnect to each other, and to minimize the
impact of reconnection on the network topology, each neighbor only connect one edge outwards at most. The probability
that the player x connects to the leaving player’s neighbor y is given by

Πx→y =
Sim(x, y)∑

i∈(ΩL−{x})
Sim(x, i)

, (16)

here ΩL indicates the neighbor player set of the leaving player L. It is obvious that if for any neighbor of L except x,
enoted as i, if Sim(x, i) = 0, Eq. (16) is meaningless, and in that case, the player x links no edge outwards.
This ends the modeling section. In this section, we first introduced the NBD model, where individuals arrive at the

ystem with a specific rate λ and leave with a rate µ. Each player has an exponential lifespan to play games with its
eighbors and update its strategy. Next, we established strategy evolution dynamics on NBD. r% existing players are
andomly chosen to update their strategies with a probability given by the Fermi–Dirac function Eq. (13). Additionally,
ach new player decides its strategy as claimed by Eq. (11) and (12). Then, we introduced the NSIM, which reduces
solated players and maintains leaving players’ neighbors’ interaction requirement. In the following section, we illustrate
imulation methods and display our results. See Fig. 1 for an example of our model.

. Methods and results

In this section, we focus on simulation methods and related results.
The following evolution game simulations start from a network with N0 = 250 players, each of which is set as a

ooperator or a defector with the equal probability before new players arrive. The initial network structure is generated as
4



Z. Zeng, Y. Li and M. Feng Physica A 593 (2022) 126968

a
a

t
u
p
E
λ

a
t

w
S
t
g
a
i

w
a
p
u
i
w
i
N
n
c

t
W
w
i
t
a
t
2

Fig. 1. An example of the evolutionary game based on NBD. We present an evolutionary game process in a partial area of a network. We consider
the WPD and set λ = 2, µ = 0.01. Each new player connects 3 edges to the existing players. At the beginning (t = 0), the players W , X , Y and Z
lready exist in the network, and their original connections are marked in real edges. Next, we illustrate the Poisson arrival of the new players N1
nd N2 . a t = 0.358, N1 arrives the network, links 2 edges to existing players W and X in this area (1 edge to an existing player that we do not

observe in the example) by the preferential attachment and cooperates with the probability 1/(1+ 1.3). b t = 2.074, N2 arrives and links 3 edges
o W , X and Y in this area via the preferential attachment and defects with the probability 1.3/(1+ 1.3). c Meanwhile, the player Y is selected to
pdate its strategy by the Fermi–Dirac function as Eq. (13). d t = 55.768, the player Z ’s lifespan ends and leaves the network. Without NSIM, the
layer Z leaves and disconnects to all its neighbors. On the contrary, the player Z ’s neighbors reconnect to each other with the probability given by
q. (16). It is worth emphasizing that all players arrive by the Poisson process, which is provided by exponential time intervals with the parameter
, and each player possesses a lifespan that follows the exponential distribution with the parameter µ.

scale-free network by the growth and preferential attachment [5]. All exponential time intervals are generated according
o the following function

∆T (p) = −
1
p
lnR, (17)

here R ∼ U(0, 1) and p is the distribution parameter. To start with, we generate the first arrival time ∆T (λ).
ubsequently, players arrive at the network every exponential time (∆T (λ)) and connect to m = 3 existing players with
he probability Eq. (1). Once a player joins in the network, we generate its lifespan ∆T (µ), and players participate in
ames and update their strategies only during their existing periods. When a player leaves the network, it breaks links to
ll its neighbors. Next, if the NSIM is on, its neighbors reconnect to each other with probabilities given by (16). Conversely,
ts neighbors’ links stay constant. For the game model, we consider the WPD with payoff matrix

U =
(

1 0
b 0

)
, (18)

here 1 ≤ b < 2 is a regulable parameter. Accordingly, an arriving player cooperates with the probability 1/(b + 1)
nd defects with the probability b/(1 + b). We note that we apply the WPD for the convenience of the simulations and
resentations, but it is not the typical PD [32,33]. When a new player arrives, we randomly select r = 10% players to
pdate their strategies by Eq. (13), where κ is set as 0.1 [34]. The reason is that if we choose only one player, when players
ncrease to a certain degree, the dynamics of strategies will be insignificant. If we choose all players, new players’ influence
ill be negligible. Besides, setting 10% players to update their strategy brings moderate cooperators to the network, which

s advantageous to the following comparisons in simulations and convenient for us to seize the key in our work, and for
SIM, we set T = 100 in Eq. (14) for the same purpose. Based on these methods, we report the evolution of individuals’
umber, the influence of NSIM on cooperation, the impact of NSIM on the network degree distribution, and the clustering
oefficient in the following simulations.
To start with, we simulate the evolution process of the individuals’ number (N(t)) on NBDs. As it shows in the

heoretical analysis (Eq. (9)), the expected quantity of the NBD with specific λ and µ equals to the SLR (ρ = λ/µ).
e set λ = 1, 2, 3, 4 and µ = 1× 10−3, 2× 10−3 for cross simulations based on the aforementioned methods. In Fig. 2,
e show how the number of players evolves with different λs and µs when t ≤ 104. Besides, each quantity of players

ncreases from N0 = 250 for the start and becomes stable over time. The plots are slightly oscillatory for the reason that
he stationary distribution, as the Poisson distribution in Eq. (8) shows, only guarantees that the number of players centers
t a range with higher probability under the long-range of time. Furthermore, in Fig. 2(a), sizes of networks increase when
< 7 × 103, and in Fig. 2(b), sizes of networks grow until t > 4 × 103 approximately. In each subfigure (Figs. 2(a) and
(b)), the red plots (λ = 4) grow higher than others, and the yellow plots grow the lowest (λ = 1). Provided a specific
5
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Fig. 2. Plots of the growth process of networks with several groups of parameters against time. We set λ = 1, 2, 3, 4 in both subplots and
= 1× 10−3, 2× 10−3 in Figs. 2(a) and 2(b) separately. The x-axis and the y-axis are set as the time and the network size respectively. Each x-axis

range is set as [0, 104
]. The y-axis range of Figs. 2(a) and 2(b) are set as [0, 4.5× 103

] and [0, 2.5× 103
]. We observe each network until t = 104

to ensure that the size of each network is stable.

Table 1
Statistics.
λ µ = 1× 10−3 µ = 2× 10−3

E(N) N̄ σ (N) e(N) E(N) N̄ σ (N) e(N)

1 1.000× 103 1.010× 103 14.80 1.003% 0.500× 103 0.492× 103 21.70 1.598%
2 2.000× 103 2.003× 103 59.27 0.171% 1.000× 103 1.028× 103 24.72 2.844%
3 3.000× 103 3.055× 103 44.56 1.838% 1.500× 103 1.540× 103 31.59 2.686%
4 4.000× 103 4.034× 103 34.77 0.867% 2.000× 103 2.114× 103 51.37 5.703%

leave rate µ is given, i.e., each player’s expected lifespan equals, the quantity of players is larger when the growth rate
λ is larger. Besides, if a growth rate λ is given, N(t) is larger if the leave rate µ is smaller, i.e., each player’s expected
lifespan is lower. It is worth mentioning that each network quantity becomes relatively stable with N(t) = ρ players.

To further confirm the aforementioned results, we display the statistics of NBDs with the same groups of λs and µs as
ig. 2 in Table 1. E(N), N̄ , σ (N) and e(N) denote the expected quantity of players (equals to ρ in Eq. (9)), the mean quantity
f players, the standard deviation and the error respectively, where e(N) = |E(N)− N̄|/E(N), measuring the relative
isparity of expected and practical network sizes. Expected number of players are E(N) = 1×103, 2×103, 3×103, 4×103

E(N) = 0.5×103, 1×103, 1.5×103, 2×103) for λ = 1, 2, 3, 4 and µ = 1×10−3 (µ = 2×10−3) respectively. Each mean
uantity is calculated when t > 6× 103 to guarantee the stability of the network as well as the variance. Precisely, E(N)s
re close to N̄s, and e(N) is no more than 2% and 6% for µ = 1 × 10−3 and µ = 2 × 10−3 respectively, which confirms
he theoretical analysis in Eq. (9). Moreover, the standard deviation is 14.80 for the minimum and for µ = 1× 10−3 and
× 10−3 are both no larger than 60, indicating that the drift of each network’s size is relatively low. Additionally, it is
orth mentioning that numerical values seem high because the networks of our simulation are large. Consequently, we
eckon that by setting specific λ and µ (or ρ), the number of players is estimable.

As is mentioned previously, we propose the NSIM to reduce the effect of isolated players and maintain the players’
nteraction aspiration. Next, we present the effect of the NSIM on cooperation density on NBDs with different parameters.
e observe the degree distribution of the network and the strategy combination form of players at 5 moments (t =

, 400, 800, 1200, 1600) as it evolves without and with the NSIM, where players update their strategies by Fermi–Dirac
istribution in Eq. (13). By setting players to cooperate or defect with the equal probability 0.5 and the defector’s
emptation b = 1.30, in Fig. 3, we show two evolution processes of the degree distribution and the strategy combination
orm with and without the NSIM, where we set b = 1.30, λ = 1 and µ = 10−3. Figs. 3(a)–3(e) and 3(f)–3(j) are obtained
ithout and with the NSIM respectively. It is apparent that whether the NSIM is on or not, the degree distribution of
ach network evolves. Without the NSIM, the heterogeneity is weakened, and the degree distribution does not show the
ower-law characteristics as the time passes. On the contrary, with the NSIM, the degree distribution changes scarcely,
ustaining a better heterogeneity although a small number of players with little degree emerge. In each subplot of the
egree distribution, players with k = 3 make up most of each network, which equals m (each new player’s connecting
dges). Moreover, the NSIM reduces the number of isolated players (k = 0), holds players’ interaction requirement as much
s possible and promotes the emergence of more cooperators, which owes to the preservation of the degree heterogeneity
o a certain extent. It is worth noting that cooperative behaviors spread further with the NSIM as the evolution processes
how. Besides, let us focus on Figs. 3(e) and 3(j) when t = 1600, although there are a certain amount of cooperators
without the NSIM (Fig. 3(e)), the cooperators extend to almost the whole network with the NSIM (Fig. 3(j)). In addition,
the NSIM does ensure a higher cooperation frequency, which will be illustrated further in the following simulations.
6
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Fig. 3. An evolutionary game process without and with NSIM. We set b = 1.30, λ = 1 and µ = 10−3 , hence SRL ρ = 103 . 3(a)–3(e) presents
he evolutionary game without NSIM, and 3(f)–3(j) is with NSIM. Initially, the agents play each strategy with the equal probability. In each subplot,
pper and lower figures present the degree distribution and the network colored by different strategies at specific time t respectively. For each
pper plot, the x-axis is the degree k, and the y-axis is the corresponding probability with the range [0, 0.5]. We observe the network state at time
= 0, 400, 800, 1200, 1600, including its degree distribution and strategy combination form, where red players and blue players represent defectors
nd cooperators respectively. For the reason that each network is evolving in simulations, players do not show constant interaction structures as the
ime t evolves. It is worth noting that although there is a small number of players with the little degree, the NSIM maintains degree heterogeneity
etter than which is without the NSIM. Moreover, it is obvious that cooperators take over the majority whether the NSIM is on or not, and with
he NSIM, cooperation density is higher.

Fig. 4. Cooperation frequency as a function of time with and without NSIM. The x-axis is set as the time t , and the y-axis is set as cooperation
ensity fc . We fix b = 1.25, SLR = 103 and set λ = 1, 2, 3, 4, hence µ = 1× 10−3, 2× 10−3, 3× 10−3, 4× 10−3 respectively. Figs. 4(a) and 4(b) are

obtained with and without NSIM separately, where we observe players’ cooperation frequencies until t = 104 .

Next, we display the evolution of cooperation density. Fig. 4 presents plots of the cooperation frequency fc against
ime t with and without the NSIM, where the temptation b = 1.25. We fix ρ = 103 and compare each cooperation
ensity, and to ensure the relative stability of the proportion of cooperators, we observe cooperation frequencies when
≤ 104. In Figs. 4(a) and 4(b), we find that cooperators are the major part of each network with the temptation b = 1.25.
oreover, it is evident that in Fig. 4(a) without the NSIM, cooperation frequencies increase from the beginning, slightly
ecline when t > 1×103 and keep fluctuating when t > 5×103 around 0.80 approximately. In addition, the cooperation

frequencies are no less than 0.60 and no more than 0.90. On the contrary, in Fig. 4(b) with the NSIM, players’ strategy
combination forms converge to overall cooperation when t > 1.5 × 103, where cooperators almost occupy four groups,
which we call asymptotic states. Besides, no situation leads to an absorption state because a new defector or cooperator
arrives the network with a specific probability given by Eq. (11) and (12).
7
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Fig. 5. Heatmaps of cooperation fractions. We set b = 1.40 and 1.60 for cross simulations with and without NSIM. λs and µs are set in the interval
0.5, 2.5] and [5× 10−4, 3.125× 10−3] respectively. The maximum evolution time is set as 2× 104 . For each parameter pair (λ, µ), we obtain each
ooperation frequency by averaging cooperators’ proportion in the last 103 rounds. The x-axis and the y-axis are set as µ and λ separately.

Then, we focus on the relationship between the cooperation frequency and the defector’s temptation. By setting the
-axis as µs and the y-axis as λs, in Fig. 5, we present the heatmaps of the cooperation frequency with the defector’s
emptation b = 1.40 and 1.60. Each cooperation frequency is obtained by averaging cooperation proportion in the last
000 rounds (we observe each cooperation density until t = 2 × 104). In Fig. 5(a), where b = 1.40 without the NSIM, a
arge λ and a small µ are more likely to lead to cooperative behaviors in the network. Besides, the maximal cooperation
raction is around 60%, and the minimum is around 0%, which indicates that when b = 1.40 without the NSIM, cooperators
merge in a certain number. However, the cooperative behaviors are difficult to survive with a large µ. When b = 1.60,
he impact to cooperators is magnified, where there are few cooperators for all parameters λ and µ. Next, we add the
SIM for both b = 1.40 and 1.60 and perform the simulations for the same parameters to compare the cooperation
ractions. As results shown in Figs. 5(b) and 5(d), the NSIM promotes a great number of players to become cooperators in
omparison with the results in Figs. 5(a) and 5(c). Although we notice that the colored areas are unorderly, which may be
aused by the randomness in decision and inheritance, the observed enhancement of cooperative behaviors as a universal
henomenon is not affected.
Based on the stated simulations, the NSIM does raise the cooperation density on NBDs, where the preservation of

egree heterogeneity may be a reason. Next, we focus on the evolution of the mean clustering coefficient, which describes
he tendency that players’ neighbors are also neighbors to each other. In Fig. 6, we show the evolution process of mean
lustering coefficients (C) with and without the NSIM, where C is given by

C =
1
N

n∑
Ci, (19)
i=1

8
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Fig. 6. The evolution of mean clustering coefficients on different growth rates. The x-axis and y-axis are set as the time t and the mean clustering
oefficient C separately. The x-axis range is set as [0, 1 × 104

], and the y-axis ranges are set as [0, 0.10], [0, 0.12] in Fig. 6(a), 6(b) respectively.
e set b = 1.25, λ = 1, 2, 3, 4 and µ = 1× 10−3 . The results shown in this figure are obtained without and with the NSIM in Figs. 6(a) and 6(b)

espectively. Besides, we observe Cs until t = 104 .

here N denotes the number of players in the network, and

Ci =
2Ei

ki(ki − 1)
, (20)

here Ei indicates the number of edges among i’s neighbors, and ki denotes the degree of i. Although Cs are minor
ifferences at the beginning of the evolution because of the randomness when generating initial networks, our results
nd conclusions are rarely affected. In the case that initial networks are not highly clustered, without the NSIM,
lustering characteristics reduce sharply and do not increase anymore. In contrast, the NSIM provides higher clustering
haracteristics for each group. In detail, in Fig. 6(a), the clustering coefficients decline from C = 0.10 as networks evolve
hen t < 103 and reduce to almost 0 when t > 2× 103 while on the contrary, in Fig. 6(b), the clustering characteristics
ecline abruptly when t < 103 and increase slowly. With the NSIM, the clustering coefficients drop when t < 2 × 103,
nd keep increasing when t > 2×103, where all clustering coefficients are no less than 0.06 when t = 1×104. Although
ach C does not increase massively, the clustering characteristic is markedly enhanced with the NSIM.
This ends the results part of this paper. In the following section, we conclude our work and results.

. Discussion and outlook

In this paper, we studied the evolutionary game where each player’s interaction lifespan is limited. Starting from
network where each player becomes a cooperator or a defector with equal probability, a new player arrives at the
etwork with a specific rate λ and leaves with a rate µ. Furthermore, we established the NSIM to guarantee the interaction
equirement of leaving players’ neighbors and reduce the number of isolated players. In our results, we suggest that the
ooperators emerge among lifespan-limited players in networks. Additionally, when the NSIM is off, the players are more
ikely to cooperate with higher λs provided specific µ and defector’s temptation b are given, indicating that the structured
roups with higher growth rate and preferential attachment are more likely to accommodate cooperators. On the contrary,
hen the NSIM works, the cooperation frequencies with different parameters are enhanced greatly in contrast to those
ithout the NSIM even defector’s temptation b is relatively high.
How does the NSIM lead to a higher cooperation degree than simply removing players from their neighbors? In our

imulations, we reckon that NSIM maintains more cooperators because it holds a higher power-law characteristic on
etworks of contacts, where previous studies show that the degree heterogeneity raises the cooperation level [9,34–36].
oreover, the NSIM boosts the clustering characteristic of structured players, where there are also studies showing that
ooperators are more likely to emerge in highly clustered groups [37]. Our results suggest that the inheritance among
eaving players’ neighbors enhances the cooperation degree in weak prisoner’s dilemmas when players are preferential
ttached. The phenomenon that our results present enlightens us that, in real groups, provided individuals only play
volutionary games or interact with their neighbors during their limited and stochastic lifespan, establishing relationships
mong leaving individuals’ friends may bring more cooperators to the social groups.
There are other situations for our study, which correspond to other social conditions. For example, how does the

raction of players who update their strategies when a new player arrives and T in Eq. (14) influence the cooperation
ensity? In our work, we fixed these variables to pay more attention to the effect of the NSIM. However, in our preparation
or simulations, r and T do affect cooperation frequencies. Furthermore, we suppose that each new player arrives at the
etwork by a Poisson process with a fixed rate λ, and each player’s lifespan follows an exponential distribution with a
ixed rate µ as well. However, the λ and µ can be time-varying, which leads to a nonhomogeneous Markov chain. In this
ay, the growth rate and the leave rate at time t can be denoted as λ(t) and µ(t). Besides, to study the susceptibility of
he cooperation density, various game models, including public goods games, snowdrift games and stag-hunt games can
e taken into account. We conclude with the hope that our results will help relative research on temporal networks in

he near future.
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