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Payoff-driven strategy updating rule has always been adopted as a classic mechanism, but up to now, there have been a
great many of researches on considering other forms of strategy updating rules, among which pursuing high fitness is one of
the most direct and conventional motivations in the decision-making using game theory. But there are few or no researches
on fitness from the perspective of others’ evaluation. In view of this, we propose a new model in which the evaluation effect
with fitness-driven strategy updating rule is taken into consideration, and introduce an evaluation coefficient to present the
degree of others’ evaluation on individual’s behavior. The cooperative individuals can get positive evaluation, otherwise
defective individuals get negative evaluation, and the degree of evaluation is related to the number of neighbors who have
the same strategy of individual. Through numerical simulation, we find that the evaluation effect of others can enhance
the network reciprocity, thus promoting the cooperation. For a strong dilemma, the higher evaluation coefficient can
greatly weaken the cooperation dilemma; for a weak one, the higher evaluation coefficient can make cooperator clusters
spread faster, however, there is no significant difference in the level of cooperation in the final stable state among different
evaluation coefficients. The cooperation becomes more flourish as the number of fitness-driven individuals increases,
when all individuals adopt fitness-driven strategy updating rule, the cooperators can quickly occupy the whole population.
Besides, we demonstrate the robustness of the results on the WS small-world network, ER random network, and BA scale-

free network.

Keywords: public goods game, evaluation effect, fitness, network reciprocity

PACS: 87.23.Kg, 87.23.Ge, 87.64.Aa

1. Introduction

“The tragedy of the commons” theory was put forward by
Harding shows us well that human beings are overusing public
resources, leading the resources to be exhausted and collapsed
eventually due to the conflict between self-interest and collec-
tive interest.[!! However, fortunately, we can see that humans
work together to solve the collective problem such as environ-
mental governance, public resource protection, global climate
change and others. This seems contrary to the statement that
rational individuals choose to defect rather than cooperate in
order to maximize their own interests. These universal coop-
erative phenomena indicate that there are altruistic behaviors
among self-interested individuals. At the same time, China
also regards cooperation as the basic guarantee to promote
sustainable development, understanding cooperation behavior
has become one of the important scientific issues concerned in
many fields. Many scholars have carried out a large number of
behavioral experiments!>>! and theoretical studies!®! in or-
der to explore the causes of cooperation and the mechanisms
that can promote cooperation.

Nowak and May initially explored the spatial patterns of
individuals on two-dimensional crystal lattice.!'%! This pio-
neering work attracted many scholars to pay attention to spa-
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tial topology, then they found that characteristics such as het-
erogeneity and network structure can promote the coopera-
tion to occur.!!'"1*1 Meanwhile, Nowak came up with five
rules for the evolution of cooperation, i.e., kin selection, di-

rect reciprocity, indirect reciprocity, network reciprocity and

[15

group selection.!!3! Furthermore, researchers have proposed

a large number of mechanisms that promote cooperative be-

[16-18] rewards and

26-28]

havior in recent years, such as reputation,

(23-25] conformity effect,|

punishments, 2% popularity,
to name but a few. Evolutionary game theory based on
bounded rationality as a powerful mathematical framework
is used to study why individuals have altruistic behavior and
how such a behavior sustains.!?*=37] The public goods game is
considered as a typical evolutionary game model to study the
problems of public resources and public facilities with group
interaction. In the traditional public goods game (PGQG), every
individual has two strategies: cooperation (C) and defection
(D). In each round, individual receives a fixed income ¢, coop-
erators who are also known as contributors donate all income
to the public pool, but defectors contribute nothing, who are
also called free-riders or non-contributors. Then, the cumula-
tive contributions made by all participants to the public pool
are multiplied by an enhancement factor, and evenly distribute
them among all individuals no matter what the initial strategy
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is. For 1 < r < n (n is the degree of node), it is obvious that
individuals who adopt defective strategy are always more ben-
eficial, this is easy to fall into the trap of “the tragedy of the
commons”.

In the process of strategy learning, realizing the maxi-
mum of profit which is a classic mechanism has always been
regarded as an individual’s learning purpose. In this process,
each individual focuses only on his own payoffs and aims at
maximizing benefits. In real life, however, this is not always
the case. Individuals generally evaluate the behavior of others,
and people also pay more and more attention to the evalua-
tion of their own behaviors by others. Comparing with the
traditional game, when making strategic choices, people’s at-
tention is not only limited to the aspect of payoffs, but more
likely to focus on others’ trust in themselves and their fitness
in the society, in the sense of justice, responsibility, confor-
mity, stubbornness and other psychological emotional aspects.
Szolnoki et al. considered the “wisdom of crowds” (group in-
teraction) factor when adopting different strategies in the pro-
cess of studying the evolution of social dilemma game coop-
eration. They found that “wisdom of crowds” can strongly
promote cooperation, and the wider the scope of considera-
tion, the more impaired the evolution of defectors is.[*8] Li et
al. studied how individual’s popularity affects the evolution of
cooperation, and integrated the individual popularity into the
calculation of fitness by using a single parameter. Research
shows that the personal popularity is a key factor in promoting
cooperation.[?>! Javarone et al. investigated the spatial pub-
lic goods game driven by fitness and conformity. They be-
lieved that the evolution of a population may also be influ-
enced by social behavior, and that the probability of an indi-
vidual to adopt strategy depends on both payoff-driven rule
and conformity-driven rule which means that the individuals
imitate the strategy adopted by most neighbors. Through nu-
merical simulation, they found that the conformism generally
fosters the ordered cooperative phases and may also lead to
bistable behaviors, ??] which was also studied at the same time
by Yang et al. from the perspective of individual’s conformity
psychology through taking payoff-driven strategy updating
rule and conformity-driven strategy updating rule as two at-
tributes of individuals. They studied the evolutions of the two
attributes by introducing persistence parameter and found that
the frequent alternation of these two different updating rules
can enhance network reciprocity and promote cooperation. [4°]
Quan et al. thought that the reputation of an individual will
affect the decisions of the neighbors in the process of strat-
egy updating. They proposed an improved strategy learning
rule where both reputation and payoff information are con-
sidered, and then used the evidence theory to fuse these two
aspects of information. By constructing a weighting coeffi-
cient to quantify the importance and reliability of reputation it
is revealed that the reputation effect can greatly attract neigh-

bors to form larger clusters, thereby promoting the coopera-
tion to occur.[*!l Yang et al. investigated the propagation of
cooperation in the conformity-driven dynamic social network
where a player adjusts a social tie sometimes in accordance
with a rival’s strategy popularity. Their research shows that
conformity-driven linking dynamics can not only directly cut
off the channel by which defection always takes a free ride,
but also dramatically foster the formation and stabilization of
the pure strategy group whose members are carrying the same
strategy. (421

Therefore, we regard payoff-driven and fitness-driven up-
dating rules as two attributes of individuals, and believe that
individuals’ motivation is not only to pursue high payoffs but
also to pay attention to the effect of their own behaviors on
themselves in this era of “individuals generally evaluate be-
havior of others” when making strategy choices. Under the
stimulation of these facts, we study a public goods game
model by considering the effect of others’ evaluation, indi-
vidual’s payoffs and others’ evaluation on his behavior con-
stituting the fitness of the individual. At the same time, the
evaluation of individual behavior is related to the environment
in which the individual is located. When individual is in a
group with more cooperators, there will less positive evalua-
tion on him if he cooperates with them, on the contrary, the
negative evaluation on him will be relatively more if he de-
fects from them. We think that this kind of calculation rule is
more in line with the actual situation, because in real life it is
often the minority that get more attention. Here we introduce
a valuation coefficient 1/« to further study the role of con-
sidering others’ evaluation effect in cooperating and how the
proportion of fitness-driven individuals p influences the evo-
lution of cooperation. A large number of simulation results
show that the fitness-driven strategy updating rule with con-
sidering the evaluation effect of others can enhance network
reciprocity and significantly promote cooperation.

The rest of the article is organized as follows. In Sec-
tion 2, we describe the traditional PGG model and the public
goods game model with considering the evaluation effect of
others. In Section 3 the corresponding simulation results are
presented and the influence of others’ evaluation effects on co-
operation is further analyzed. Finally, some conclusions are
drawn in Section 4.

2. Model
2.1. Payoff-based learning

We study the public goods game on L x L regular lattice
with periodic boundary conditions in which nodes represent
players and the edges between nodes refer to the interactions
of players, players have two strategies to choose: cooperate
(S; = 1) or defect (S; = 0). Cooperators invest cost ¢ (c = 1) to
public goods and obtain investment income. Defectors as free-
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rider, contribute nothing but gain the same benefits as cooper-
ators. In such a structured population, each individual plays
games with his four neighbors, so each player i participates in
ki + 1 (k; is the degree of player i, k; = 4) group games at the
same time, the player is centered on himself and his k; neigh-
bors respectively. The payoff of player i participating in the
game group centered on player j is

r(S;+ S
Pi:C _ ( J ZZEQJ l) _1 (1)
71 kj+1 ’
r(Sj+ZlerSl)
Pi:D,j:T’ ()

where €2; is the set of neighbors around player j, i = j means
that individual i participates in the game of a self-centered
team.

A player’s payoffs are the cumulative payoffs generated
by all PGGs centered on his four neighbors and himself.
Therefore, the total payoffs of individual i can be expressed
as

F=Pi+Y P 3)

When player i updates strategy, he will randomly select
a neighbor j from his four neighbors to learn strategy and ad-
just his own strategy according to the difference among their
payoffs,

1
I+ exp[(P — P;) /K]’

Wicj= “4)

where K represents environmental noise. As done in most of

previous studies, K is set to be 0.1 here in this work.[*37]

2.2. Fitness-based learning

With the constant development of the society, people pur-
sue their own sense of value in more diversified ways. Be-
sides payoffs they get, they also focus on others’ evaluation
on themselves, their reputation, etc., because in the long run,
a good personal character will gain more payoffs in the future,
so player who holds fitness-based learning strategy will pay
attention to others’ evaluation on himself in the game. Be-
yond all doubt, cooperative individuals can get positive evalu-
ation, otherwise defective individuals get negative evaluation.
In our model setting, others’ evaluation on oneself is related
to the environment he is in, and the degree of evaluation is
marginally decreasing according to the environment, which,
we think, is in line with the reality. For example, if individual
i is a cooperator, the positive evaluation will decrease as the
number of cooperators in the team increases, that is to say, the
positive evaluation obtained from groups with more coopera-
tors will be lower than from the groups with more defectors;
and vice versa. Because from a psychological point of view,
people tend to be more interested in evaluating the behavior of

the minority. So the fitness of player who holds fitness-based
learning strategy is given as follows:

N _ r(Sj"’ZZeQ/- Sr)

Fiecj=P=cj+0" —1+a~, (5)
T ki+1

r(S;+Liea; Si)
Fpj=Ppj—o M =—1——"——a (6
) / kj+1

where N; is the number of individuals in the team who adopt
the same strategy as player i, Nc represents the number of co-
operators in the team, and Np represents the number of de-
fectors in the team. As shown in Fig. 1, in the team centered
on player m, for player i, N; = 3, for player j, N; = 2; in the
team centered on player n, for player i, N; = 2, for player j,
N; = 3. The a > 1.3 is required in order to satisfy the condi-
tion that defectors’ payoffs are more than cooperators’ in the
public goods game. When N; = 5, all players in the team are
cooperators or defectors, the model is transformed into tradi-

tional PGG.
000
Q000
9000
0000

Fig. 1. Schematic diagram of space public goods game, with red representing
cooperative individual and blue referring to defective individual. For inter-
pretation of the references to color in this figure legend, the reader is referred
to the web version of this article.

The fitness of a player is the cumulative fitness of all
PGGs centered on his neighbors (including himself). There-
fore, the total fitness of player i can be expressed as

Fi=Fi+) i coF ™
When player i updates the strategy, he will randomly select a
neighbor j from his four neighbors to learn strategy and adjust
his own strategy according to the difference in their fitness,
1
1 +exp[(F; — Fj) /K]’

where K represents environmental noise. As done in most pre-
[43-47]

Wi j= (8)

vious studies, K is set to be 0.1 here in this paper.

In the population, we regard the payoff-driven and fitness-
driven updating rules as two attributes of players, i.e. individ-
uals with a proportion of p for fitness-driven strategy learning
and individuals with a proportion of 1 — p for payoff-driven
strategy learning.

Because our simulation is conducted on a lattice network,
all participants have the same number of neighbors. There-
fore, we introduce the enhancement coefficient ) and 7 is ex-
pressed as

n= ©))

kj—|—1.
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3. Results and analysis

Leveraging the computer programs coded by Python, we
simulate the cooperative behavior in the evolutionary process
of the population on a 100 x 100 square lattice. Players with
equal probability cooperation or defection strategy are ran-
domly distributed in the population, and all players interact
with their nearest four neighbors. The level of cooperation is
characterized by the fraction of cooperators f. which is the
proportion of the number of cooperators in the population in
the steady state. In order to make the results stable and ef-
fective, f. is calculated by using the average result of the last
2000 time steps in 10* Monte Carlo steps (MCSs) and all the
following results are obtained with an average value of 20 in-
dependent simulation processes.

Obviously, our model is controlled by three parameters,
so we next study how the enhancement coefficient 7, the eval-
uation coefficient 1/ (for convenience, we take the value of
) and the proportion of fitness-driven player p affect the evo-
lution of cooperation. To begin with, we present the fraction
of cooperators f; as a function of the enhancement coefficient
1 at different values of « for different values of p in Fig. 2, we
select four representative values of p = 0.3, 0.5, 0.7, 1, corre-
sponding to Figs. 2(a)-2(d), respectively, and the values of o
are 1.5,2, 2.5, and 3, respectively. We can find that the fraction
of cooperators f. increases with the enhancement coefficient n
increasing. Compared with the traditional PGG (black curve),

1.0 —
—a— tradition
——a=15
0.8F —a—a=2.0
—— = 2.5
——a=3.0
0.6
o2
04
0.2
(a)
O s "
0 0.2 04 06 0.8 1.0
n
L0 adition 5
—eo—a=1.5
0.8} —4—a=2.0
—_—— = 2.5
——a=3.0
0.6
o2
04
0.2
(c)
(I L
0 0.2 04 06 0.8 1.0

n

the presence of the evaluation coefficient 1/¢ can effectively
improve the cooperation level of the population. Moreover,
for the case of more and more fitness-driven players, the de-
gree of cooperation is higher and the effect of solving social
dilemma is more significant. In Fig. 2, for the traditional PGG
curve, there are three conversions in the cooperative change
rate, namely, fast-slow-fast-slow. In Figs. 2(a) and 2(b), the
cooperation rates of most of curves are similar, but the level
of cooperation is improved and can generate cooperation at a
smaller ». When p < 0.5 and r > 3.7, due to the fact that the
number of fitness-driven individuals is small and the enhance-
ment coefficient is large, the differences in fitness obtained by
individuals among different evaluation coefficients are small,
there is no significant difference in the level of cooperation
for different values of o, and the evaluation coefficient has lit-
tle influence on cooperation. It can be seen from Figs. 2(c)
and 2(d) that when p > 0.5, the difference in cooperation level
among different values of o gradually increases with the value
of p increasing; when o = 1.5, cooperation can occur even if
n is extremely small. Figure 2(d) shows the proportions of co-
operators when all individuals in the population adopt fitness-
driven strategy updating rule. When 1 = 0.28, the number of
cooperators in the group is bigger than that of defectors; the
rate of change of cooperation in Fig. 2(d) is also the fastest
and the state of full cooperation can be reached faster than in
other situations.

1.0
| —=— tradition
—eo—a=1.5
0.8F —a—a =20
—— 0 = 2.5
——a=23.0
06 ¢
«
0.4
0.2 F
- (b)
0 "
0 0.2 04 06 08 1.0
n
L0 aaion Ty
«

PPN Y R 1

0 02 04 06 08 1.0
n

Fig. 2. Variations of fraction of cooperators f. and the level of cooperation with enhancement coefficient 1 for different values of a, with
red, blue, green, and purple curves representing the cases of o = 1.5, 2, 2.5, 3, respectively, black curve referring to the case of traditional
public goods game, proportions of fitness-driven players p being set to be 0.3, 0.5, 0.7, and 1, respectively, and other parameters being set to
be MCS = 10*, K = 0.1. For the interpretation of the colors in the legend of this figure, readers may refer to the web version of this article.
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1.0 1.0 1.0

——a=1.5 ——a=1.5 —e—a=15

——a=2.0 ——a =2.0 —a—a =20
0.8F —~—a =25 0.81 —~—a =25 0.9 —~v—a =25

——a=3.0 ——a=3.0 ——a=3.0
0.6 0.6F 0.8

<< “8 -
0.4 0.4} 0.7
0.2F 0.2F 0.6
(a) ()
0 x Krbrredioses 0 S04 0.5 1 1 L L
0 0.2 0.4 6 0.8 1.0 0 0.2 0.6 0.8 1.0 0 0.2 04 06 0.8 1.0
p p p

Fig. 3. Under different values of o, Variations of fraction of cooperators f. and cooperation level with fitness-driven player proportion p,
with red, blue, green, and purple curves representing the cases where o = 1.5, 2, 2.5, and 3, respectively, with values of 1) from left to right
being 0.6, 0.7, and 0.8, respectively, p = 0 being the classical case without evaluation effect, and other parameters being set to be MCS = 10*,
K = 0.1. For interpretation of the color in legend of this figure, readers may refer to the web version of this article.
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Fig. 4. Variations of proportion of cooperators with time for different evaluation coefficients, with parameters being set to be [(a), (b)] p = 0.5,
n =0.64, 0.8, and [(c), (d)] p = 0.7, n = 0.64, 0.8, and panels (b) and (d) also show the detailed evolution process of the last 2 x 10* steps
when ¢ is small. For the interpretation of the color in legend of this figure, readers may refer to the web version of this article.

Figure 3 shows the levels of cooperation corresponding to
different values of 17 under combination of parameters p and
a. The fraction of cooperators f. increases as the proportion
of fitness-driven individuals p increases, which indicates that
the more the individuals in the group who consider evaluation
of others, the better the cooperation effect is. Through com-
paring different values of 17, we can see more intuitively that
for weaker dilemmas (Fig. 3(c)), different values of o have lit-
tle effect on the level of cooperation, and the effect of others’
evaluation on the promotion of cooperation is limited. So the
level of cooperation is determined mainly by the number of
fitness-driven players. However, for stronger social dilemmas,

the larger the evaluation coefficient, the greater the influence

on cooperation is and the more significant the effect of cooper-
ation. The results in Fig. 3 are consistent with those in Fig. 2,
and the two figures clearly show how the three parameters 7,
a, and p affect the evolution of cooperation.

From the detailed temporal dimension, figure 4 shows
the fluctuation of cooperators in the overall process of evo-
lution from the initial state to the final stable state. We can
find that the fraction of cooperators f, first drops sharply to
a fairly low level in a very short period of time, and then
rises slowly from the bottom to varying levels, until it finally
reaches different degrees of stability according to the evalua-
tion coefficient. Through the horizontal comparison, the curve

with high enhancement coefficient is always better than that

128701-5
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with low 1, and the influence of & on cooperation is effec-
tive within a certain range of 1, which is consistent with our
conclusion obtained above. Through the longitudinal compar-
ison, curve with high proportion of fitness-driven individuals
is always better than that with low p. From the perspective
of time evolution, the four curves have significant differences
(e.g. Fig. 4(c)), except for the scenario of & = 3 where the
fc decreases to zero slowly. We notice that the stronger the
evaluation effect, the higher the lowest level of cooperator
density is and the steeper the curve in the ascending stage.

When o = 2.5, the density of cooperators drops rapidly to an
extremely low level and then it takes a long relaxation time
to reach the stability stage. Therefore, in the case of strong
dilemma, the level of cooperation under the strong evaluation
effect can be improved dramatically in a nonlinear form. In
the weak dilemma where the enhancement coefficient n = 0.8
(as shown in Figs. 4(b) and 4(d)), the weak influence of the

evaluation effect is further verified from the dimension of the

temporal evolution.

(b)

(d)

t=1

t=10

t =100 t=10000

Fig. 5. Snapshots of spatial temporal distribution of cooperators and defectors at = 0, 10!, 102, 10*, where yellow represents the payoff-
driven cooperators, red refers to the fitness-driven cooperators, gray denotes the payoff-driven defectors, blue is the fitness-driven defectors.
The selected representative parameter values are [(a), (b)] @ =2 and 1.5, p = 0.5, and 1 = 0.6; [(c), (d)] &« =2, p=0.8, and n = 0.8. For
interpretation of the color in legend of this figure, readers may refer to the web version of this article.

Next, we explore the evolution process of the spatial dis-
tribution of cooperators and defectors from microscopic level.
Figure 5 shows the snapshots at time r = 0, 10!, 10%, 10*. We
select representative parameter values for comparison, which
can highlight the influence of different parameters on cooper-
ation, it also covers all typical situations, including low-level
cooperation and even the eventual disappearance of coopera-
tors, the persistence of cooperators and defectors indefinitely,

develop into a prosperous cooperation phenomenon. An equal
number of cooperators and defectors are randomly distributed
on the lattice initially and relatively scattered, in the first few
dozens of MCS time steps, due to the dispersion of cooper-
ators, a large number of defectors quickly infiltrate into the
group of cooperators: the cooperators are weakened and re-
duced. As the evolution continues, the surviving cooperators
form a cluster, and help each other to resist the invasion of de-
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fectors. Since the cooperators at the boundary of C-cluster can
obtain more benefits than the defectors at the boundary of D-
cluster, this is conducive to the diffusion of cooperators. For
Figs. 5(a) and 5(b), we select a serious cooperation dilemma,
and we can see that with the evolution going on, coopera-
tors in Fig. 5(a) are quickly diluted into small clusters until
cooperators disappear, but with a stronger evaluation effect
(see Fig. 5(b)), cooperators can resist the invasion of defec-
tors, forming small clusters and spreading slowly, this means
that the evaluation effect is conducive to the generation of
cooperation. Compared with larger enhancement coefficient
(Figs. 5(a) and 5(c)), the cooperators in Fig. 5(c) not only sur-
vive but quickly dominate the population, which means that
although the evaluation effect is favorable for cooperation, the
cooperation will not occur unless the enhancement factor is
large enough. The scenarios with different values of P are
shown in Figs. 5(c) and 5(d). Obviously, the larger P is more
conducive to the evolution of cooperation, and C-clusters in
Fig. 5(d) become larger and more compact at time t = 10.
Moreover, the diffusion of C-clusters is accelerated, and fi-
nally the state of complete cooperation is reached.

We have explored the influence of evaluation effect on
cooperation in regular lattice networks. As is well known, the
evolution of cooperation is also affected by the network topol-
ogy, such as ER random network, BA scalefree network, WS

smallworld network, and interdependent network. Therefore,

we finally test the robustness of the above results to the net-
works with different structures. In order to avoid influencing
the node sizes and node degrees of different networks, we con-
struct ER random network, BA scale-free network, and WS
small-world network with the same parameters as regular lat-
tice network, that is, the numbers of individual nodes of the
three networks are all 10%, and their average degree of network
nodes are all 4, and the probability of broken edge reconnec-
tion of the WS small-world network are all 0.01. Figure 6
shows the results of the WS smallworld network, the Erdos—
Rényi (ER) random network and BA scale-free network. It can
be observed that full cooperation can be achieved in a smaller
n in the WS and ER networks than in the regular lattice net-
works. As the heterogeneity of network is conducive to coop-
eration, for BA network which has strong heterogeneity, can
have an excellent effect on promoting cooperation. The co-
operation effect on the BA network is the strongest among
the three kinds of network structures. No matter what kind
of structure the network possesses, the effects of p and & on
cooperation are similar to those on the square lattice in Fig. 2,
when the number of fitnessdriven individuals is small, the eval-
uation effect can only have a small influence; with the increase
of fitness-driven individuals in the population, the role of eval-
uation effect increases: the higher the evaluation coefficient,
the better the cooperation effect is. This is consistent with the

main conclusion drawn from Fig. 2.

1.0 1.0 1.0
(a) (c) (e)
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Fig. 6. Variations of fraction of cooperators f. with enhancement coefficient 1 at different values of ¢ for different vaues of p on WS network, ER
network, and BA network: [(a), (b)] p =0.3, 0.7 on WS network, respectively, [(c), (d)] p = 0.3, 0.7 on ER network, respectively, and [(e), ()] p =0.3,
0.7 on BA network, respectively. The parameters of WS, ER, and BA networks are set to be node size N = 104, average degree of nodes k = 4, and
probability of broken edge reconnection of WS small-world network 0.01. Other parameters are MCS = 10* and K = 0.1. For interpretation of the color

in legend of this figure, readers may refer to the web version of this article.
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4. Conclusions

In this work, we study the influence of others’ evaluation
effects on cooperation by introducing fitness-driven individual
attribute as one of the strategy updating rules. In the model,
in addition to the payoff-driven strategy updating rule, we in-
troduce fitness-driven individual attribute, and find that the co-
operation can be improved when there are fitness-driven indi-
viduals. In the calculation of individual’s fitness we take the
influence of others’ evaluation effects on the individual into
account due to the fact that the public goods game is the inter-
action between groups. Considering that the actual situation
that others’ evaluation on individual’s behavior is related to the
environment around the individual, we combine the number of
individuals in the team who adopt the same strategy as player i
with the evaluation coefficient to calculate the fitness of player
i. The simulation results of the regular grid network show that
when r is small, that is, in a strong dilemma, the higher evalu-
ation coefficient can reduce the fitness difference between co-
operators and defectors, so that the cooperation dilemma can
be weakened, in particular the growing number of individuals
who adopt fitness-driven updating rule can bring more flourish
cooperations. However, with the increase of r, the influence of
different evaluation coefficients on cooperation is not signifi-
cant in the case of small P. In addition, the increase of both the
enhancement factor r and the fitness-driven individual propor-
tion p can effectively improve the level of cooperation. When
all individuals in the population adopt the fitness-driven up-
dating rule to learn and update the strategies, the cooperation
is greatly promoted by the evaluation effect of others and the
cooperators can occupy the entire population quickly. We also
analyze on a microscopic scale that cooperators can form close
clusters in the process of evolution to avoid being invaded by
defectors. Besides the square lattice, we also investigate the
model on WS, ER, and BA networks, and find that the results
remain unchanged qualitatively and thus verify the robustness
of the model. Finally, we hope that our research can provide
an insight into the emergence of cooperation from the perspec-
tives of individual’s own emotion, environment and updating
rule.

References

[1] Hardin G 1968 Science 162 1243

[2] Andreoni J 1988 J. Public Econ. 37 291

[3] Hauser O P, Rand D G, Peysakhovich A and Nowak M A 2014 Nature
511 220

[4] Li X L, Jusup M, Wang Z, Li H J, Shi L, Podobnik B, Stanley H E,
Havlin S and Boccaletti S 2018 Proc. Natl. Acad. Sci. USA 115 30

[5] Melamed D, Harrell A and Simpson B 2018 Proc. Natl. Acad. Sci. USA
115951

[6]

[7]
[8]

[9]
[10]
[11]
[12]
[13]
[14]
[15]
[16]
[17]
[18]
[19]
[20]

[21]
[22]

[23]
[24]
[25]
[26]
[27]
[28]
[29]
[30]
[31]
(32]
[33]
[34]

[35]
[36]

(371

[38]
[39]

[40]
[41]

[42]
[43]

[44]
[45]
[46]

[47]

128701-8

Tao S Y, Cui M Z, Dai Q L and Yang J Z 2014 Chin. Phys. Lett. 31
110201

Hoffman M, Hilbe C and Nowak M A 2018 Nat. Hum. Behav. 2 397
Wang J W, Wang R, Yu FY, Wang Z W and Li QC 2020 Appl. Math.
Comput. 370 124887

Du W B, Zhang M Y, Ying W, Perc M, Tang K, Cao X B and Wu D P
2018 Appl. Math. Comput. 338 33

Nowak M A and May R M 1992 Nature 359 826

Barabasi A L and Albert R 1999 Science 286 509

Amaral L A N, Scala A, Barthélémy M and Stanley H E 2000 Proc.
Natl. Acad. Sci. USA 97 11149

Ohtsuki H, Hauert C, Lieberman E and Nowak M A 2006 Nature 441
502

Wang B K, Chen X J and Wang L 2012 J. Stat. Mech.-Theory Exp.
P11017

Nowak M A 2006 Science 314 1560

Yang H X and Yang J 2019 Physica A 523 886

HeJ L, Wang J W, Yu F Y, Zheng L 2020 Phys. Lett. A 384 126703
Gong Y D, Liu S Y and Bai Y G 2020 Phys. Lert. A 384 126233

Yang C L, Zhang B, Charness G, Li C and Lien J] W 2018 Proc. Natl.
Acad. Sci. USA 115 9968

HuL W, He N R, Weng Q F, Chen X J and Perc M 2020 Chaos Solitons
Fractals 134 109694

Wang Z, Xu Z J and Zhang L Z 2010 Chin. Phys. B 19 110201

Song Q, Cao Z H, Tao R, Jiang W, Liu C and Liu J Z 2020 Appl. Math.
Comput. 368 124798

Liu C, Shen C, Geng Y N, Li S D, Xia C Y, Tian Z H, Shi L, Wang R
W, Boccaletti S and Wang Z 2018 New J. Phys. 20 123012

Xu J W, Deng Z H, Gao B, Song Q, Tian Z H, Wang Q L, Gao M Y
and Niu Z X 2019 Appl. Math. Comput. 353 82

Li SL, Hong L J, Geng Y N and Shen C 2020 Chaos, Solitons and
Fractals 134 109701

Arefin M R and Tanimoto J 2020 Phys. Rev. E 102 032120

Wang X J, Gu C L, Zhao J H and Quan J 2019 Phys. Rev. E 100 022411
Zhang W, Li Y S and Xu C 2015 Chin. Phys. Lett. 32 118901
Barabdsi A L, Albert R and Jeong H 1999 Physica A 272 173

Gintis H, Bowles S, Boyd R and Fehr E 2003 Evol. Hum. Behav. 24
153

Santos F C, Santos M D and Pacheco J M 2008 Nature 454 213

Rand D G, Greene J D and Nowak M A 2012 Nature 489 427

Wang Z, Kokubo S, Jusup M and Tanimoto J 2015 Phys. Life Rev. 14 1
Xu W H, Zhang Y L, Xie G M and Feng X 2015 Chin. Phys. Lett. 32
028701

Akcay E 2018 Nat. Commun. 9 2692

Rong Z H, Wu Z X, Li X, Holme P and Chen G R 2019 Chaos 29
103103

Zhang L, Xie Y, Huang C W, Li H H and Dai Q L 2020 Chaos Solitons
Fractals 133 109675

Szolnoki A, Wang Z and Perc M 2012 Sci. Rep. 2 576

Javarone M A, Antonioni A and Caravelli F 2016 Europhys. Lett. 114
38001

Yang K, Huang C W, Dai Q L and Yang J Z 2018 Chaos Solitons Frac-
tals 115 23

Quan J, Zhou Y W, Wang X J and Yang J B 2020 Appl. Math. Comput.
368 124805

Yang Z H, Li Z and Wang L 2020 Appl. Math. Comput. 379 125251
Wang J W, He J L, Yu F Y, Chen W, Wang R and Yu K 2019 Chin.
Phys. B 28 108703

Li Y M, Zhang J and Perc M 2018 Appl. Math. Comput. 320 437
XiaHJ, Li PP, Ke J Hand Lin Z Q 2015 Chin. Phys. B 24 040203
Wang X F, Chen X J, Gao J and Wang L 2013 Chaos, Solitons and
Fractals 56 181

XuL,Cao X B,DuW BandLi Y M 2018 Chaos, Solitons and Fractals
113 63


http://dx.doi.org/10.1126/science.162.3859.1243
http://dx.doi.org/10.1016/0047-2727(88)90043-6
http://dx.doi.org/10.1038/nature13530
http://dx.doi.org/10.1038/nature13530
http://dx.doi.org/10.1073/pnas.1707505115
http://dx.doi.org/10.1073/pnas.1715357115
http://dx.doi.org/10.1073/pnas.1715357115
http://dx.doi.org/10.1088/0256-307X/31/11/110201
http://dx.doi.org/10.1088/0256-307X/31/11/110201
http://dx.doi.org/10.1038/s41562-018-0354-z
http://dx.doi.org/10.1016/j.amc.2019.124887
http://dx.doi.org/10.1016/j.amc.2019.124887
http://dx.doi.org/10.1016/j.amc.2018.06.002
http://dx.doi.org/10.1038/359826a0
http://dx.doi.org/10.1126/science.286.5439.509
http://dx.doi.org/10.1073/pnas.200327197
http://dx.doi.org/10.1073/pnas.200327197
http://dx.doi.org/10.1038/nature04605
http://dx.doi.org/10.1038/nature04605
http://dx.doi.org/10.1088/1742-5468/2012/11/P11017
http://dx.doi.org/10.1088/1742-5468/2012/11/P11017
http://dx.doi.org/10.1126/science.1133755
http://dx.doi.org/10.1016/j.physa.2019.04.190
http://dx.doi.org/10.1016/j.physleta.2020.126703
http://dx.doi.org/10.1016/j.physleta.2020.126233
http://dx.doi.org/10.1073/pnas.1808241115
http://dx.doi.org/10.1073/pnas.1808241115
http://dx.doi.org/10.1016/j.chaos.2020.109694
http://dx.doi.org/10.1016/j.chaos.2020.109694
http://dx.doi.org/10.1088/1674-1056/19/11/110201
http://dx.doi.org/10.1016/j.amc.2019.124798
http://dx.doi.org/10.1016/j.amc.2019.124798
http://dx.doi.org/10.1088/1367-2630/aaf334
http://dx.doi.org/10.1016/j.amc.2019.01.060
http://dx.doi.org/10.1016/j.chaos.2020.109701
http://dx.doi.org/10.1016/j.chaos.2020.109701
http://dx.doi.org/10.1103/PhysRevE.102.032120
http://dx.doi.org/10.1103/PhysRevE.100.022411
http://dx.doi.org/10.1088/0256-307X/32/11/118901
http://dx.doi.org/10.1016/S0378-4371(99)00291-5
http://dx.doi.org/10.1016/S1090-5138(02)00157-5
http://dx.doi.org/10.1016/S1090-5138(02)00157-5
http://dx.doi.org/10.1038/nature06940
http://dx.doi.org/10.1038/nature11467
http://dx.doi.org/10.1016/j.plrev.2015.04.033
http://dx.doi.org/10.1088/0256-307X/32/2/028701
http://dx.doi.org/10.1088/0256-307X/32/2/028701
http://dx.doi.org/10.1038/s41467-018-05130-7
http://dx.doi.org/10.1063/1.5120349
http://dx.doi.org/10.1063/1.5120349
http://dx.doi.org/10.1016/j.chaos.2020.109675
http://dx.doi.org/10.1016/j.chaos.2020.109675
http://dx.doi.org/10.1038/srep00576
http://dx.doi.org/10.1209/0295-5075/114/38001
http://dx.doi.org/10.1209/0295-5075/114/38001
http://dx.doi.org/10.1016/j.chaos.2018.08.018
http://dx.doi.org/10.1016/j.chaos.2018.08.018
http://dx.doi.org/10.1016/j.amc.2019.124805
http://dx.doi.org/10.1016/j.amc.2019.124805
http://dx.doi.org/10.1016/j.amc.2020.125251
http://dx.doi.org/10.1088/1674-1056/ab3f1e
http://dx.doi.org/10.1088/1674-1056/ab3f1e
http://dx.doi.org/10.1016/j.amc.2017.10.002
http://dx.doi.org/10.1088/1674-1056/24/4/040203
http://dx.doi.org/10.1016/j.chaos.2013.07.019
http://dx.doi.org/10.1016/j.chaos.2013.07.019
http://dx.doi.org/10.1016/j.chaos.2018.05.016
http://dx.doi.org/10.1016/j.chaos.2018.05.016

	1. Introduction
	2. Model 
	2.1. Payoff-based learning
	2.2. Fitness-based learning

	3. Results and analysis 
	4. Conclusions 
	References

