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a b s t r a c t
This paper develops an extended emotional model in the voluntary prisoner’s dilemma
game. It fills a gap in the traditional imitation mechanism by assuming that players do
not simply imitate pure strategies, but imitate the emotional profiles of one another
instead. The relationship between emotional profiles and strategy are constructed and
Monte Carlo simulations are performed on a square lattice. Simulation results reveal that
with an increase in the temptation parameter T (1 ⩽ T ⩽ 2), the order-chaos-order
transition occurs. When T is around 1.2, we find that a bifurcation occurs. From a social
system perspective, as T increases, the system changes from a benign one (respect for the
‘successful’ people and sympathy towards the weak one) to one that is of vicious nature
(that is, bully the weak and fear the strong).
© 2017 Elsevier B.V. All rights reserved.

1. Introduction
The theme of how cooperative behavior can benefit other members of a species at a cost to the individual [1–3]
has attracted the attention of physicists, applied mathematicians, biologists, engineers and social scientists [4–12]. Game
theory [13], as applied to an evolutionary context [14,15] has proven to be a competent theoretical framework to illustrate
the evolution of cooperation especially in social dilemmas. Over the past decades, several mechanisms for enhancing the
collective cooperation have been proposed. The most prominent mechanisms promoting cooperation are direct and indirect
reciprocity [16–20], spatial reciprocity [21–30], kin selection [31,32], group selection [33–35], the impact of noise [25,36,37],
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reward [38–41], punishment [42–45] and social diversity [46–48]. For a more comprehensive review of the emergence of
cooperation, interested readers may refer to Refs. [49–54].
The prisoner’s dilemma (PD) game in particular, is considered a paradigm for tackling the problem of cooperation.
However, it is worth noting that most of the above-mentioned models implicitly assumed compulsory participation in the
prisoner’s dilemma. That is, each player must adopt one of the two available strategies: cooperate (C) or defect (D). In many
situations, however, people tend to be risk-averse and may not wish to participate in a game leading to uncertainty in the
payoff. Hence, some people may think it is better off playing individually than relying on the efforts of an undependable
partner. Hauert et al. first considered voluntary participation in public goods game [55]. Inspired by this work, Szabó et al.
further extend this mechanism to PD game [56], where a third strategy in the Voluntary Prisoner’s Dilemma (VPD) game: the
loner strategy (L) is adopted in addition to cooperation (C) and defection (D). Cooperators and defectors will be interested in
participating in the game, and the payoffs are assigned according to the rules as before. Loners are not involved in the game
temporarily and get a same small fixed income σ . The payoff matrix for the VPD game will be shown in Table 1 below.
The introduction of voluntary participation opens up a new direction in evolutionary game theory [57–64]. Szabó et al.
studied the effects of partially random partnership on the measure of cooperation in an evolutionary VPD game and
demonstrated that cyclic dominance could produce self-organizing patterns on square lattices, leading to different types
of oscillatory behavior on random regular graphs [57]. Sun et al. [61] explored the impact of aspiration on VPD game via a
selection parameter; it is found that the positive impact of preferential selection is suppressed by the voluntary strategy in
a PD game. Wu et al. [59] and Chen et al. [60] investigated the spatial VPD game in the context of complex networks. In the
work of Wu et al., they discovered that agents would be willing to participate in the game in the typical small-world region
and intensive collective oscillations arise in the more random region. Chen et al. [60] found that cooperators, defectors, and
loners can all coexist on lattices, but they cannot coexist on scale-free networks.
Humans and some animal species possess emotions. It is widely known that emotions play a major role in social
behavior. Emotions alter attention and the likelihood of certain behavioral responses; it also influences learning and aid
social behavior [65]. The pioneering work in evolutionary games about emotions was done by Szolnoki et al. [66,67]. In
their work, the authors proposed a new imitation mechanism in which players do not simply imitate pure strategies, but
they imitate the emotional profiles of one another instead. Here, the emotional profile to each player x is determined by
the parameter pair (αx , βx ) ∈ [0, 1], namely how to behave towards less or more successful neighbors. The results have
revealed that by replacing the imitation of strategies by the imitation of emotional profiles of players, a substantially higher
social welfare is attainable. Moreover, driven by the fact that emotions can be a valuable heuristic to assist agents decision
making during learning, Yu et al. [68] proposed a double-layered emotional multi-agent reinforcement learning framework
in spatial social dilemmas. Their results revealed that different ways of appraising emotions, various network topologies,
and agent heterogeneities have significant impacts on agent learning behaviors, and high levels of cooperation can then be
achieved under certain circumstances. Recently, this new imitation mechanism has attracted many researchers’ attention
from different fields [69–72].
In Szolnoki’s work [66,67], the authors implicitly assumed participation to be compulsory in all three major social
dilemma types (prisoner’s dilemma game, stag-hunt game and snowdrift game). Here, we build on Szolnoki’s work to
study the PD game with voluntary participation. It is therefore of great interest to determine how emotions spread within a
population and how they can affect the level of cooperation. In this paper, we develop the extended emotional model [72]
by incorporating the loner strategy (L) into the PD game, thereby resembling the real world more closely now. The extended
emotional model utilizes four parameters to define the different types of emotions and differs from the Szolnoki’s model
which only utilizes two parameters. In Ref. [72], a genetic and mutation mechanism is used to generate various types of
emotions among individuals, whereas the Monte Carlo (MC) simulation method is used in this paper.
The remainder of this paper is organized as follows. In Section 2, we describe the prisoner’s dilemma game with voluntary
participation, and the relationship between the six types of emotion and the three types of strategy. Then we present the
main MC simulation results when the temptation parameter T is varied and discuss the observed phenomena in Section 3.
Finally, we summarize our findings and their potential implications in Section 4.
2. The model
A simple PD game with voluntary participation where players can be cooperators (C), defectors (D), or loners (L) is
being considered. The matrix that defines the payoffs among strategies is given in Table 1. If both of them choose C (or
D respectively), then the player will get payoff R (or P respectively). When D betrays C , then D will win an income T and
C will receive S. Loners and their coplayers always obtain the small but fixed payoff σ . The payoff matrix can be formally
simplified to: R = 1, S = P = 0, σ = 0.3, and T (1 ⩽ T ⩽ 2) (the so-called weak prisoner’s dilemma game), where T also
represents the advantage of defectors over cooperators [21,56,59–61].
We assume that one may elicit three types of emotions (i.e. sympathy, harshness and apathy) when facing a weaker
opponent (whose payoff is lower than or equal to the focal player’s). However, when facing a stronger opponent (whose
payoff is higher than the focal player’s), one may elicit the other three types of emotions (i.e. respect, jealously and fear). We
assign every player four parameters, {W , α , V , β } to define these six types of emotions [72]. When W = 0, α ∈ (0,1) denotes
the magnitude of sympathy. The larger the value of α , the larger the magnitude of sympathy (the smaller the magnitude of
apathy) towards a weaker opponent. When W = 1, α ∈ (0,1) denotes the magnitude of harshness. The larger the value of
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Table 1
The payoff matrix of the VPD game.
Player 1/Player 2

C

D

L

C
D
L

R/R
T/S
σ /σ

S/T
P/P
σ /σ

σ /σ
σ /σ
σ /σ

(a) When facing a weaker opponent.

(b) When facing a stronger opponent.

Fig. 1. The relationship between emotional profiles and strategy.

α , the larger the magnitude of harshness (the smaller the magnitude of apathy) towards a weaker opponent. When V = 0,
β ∈ (0, 1) denotes the magnitude of respect. The larger the value of β , the larger the magnitude of respect (the smaller the
magnitude of fear) towards a stronger opponent. When V = 1, β ∈(0, 1) denotes the magnitude of jealously. The larger the
value of β , the larger the magnitude of jealously (the smaller the magnitude of fear) towards a stronger opponent.
As shown in Fig. 1, the relationship between the six types of emotion and the three types of strategy are being modeled.
Among them, sympathy and respect correspond to cooperate; harshness and jealousy correspond to defect; while apathy
and fear correspond to loner.
We define Ui and Uj to be the payoffs of player i and j in the current round, respectively. When a player i plays the game
with a player j, the choice of strategy depends on the ratio of Ui and Uj , as well as their emotion profiles. For instance, if the
emotional profile of player i is {Wi , αi , Vi , βi } = {0, 0.8, 1, 0.2}, as described above, the following actions will be undertaken
when playing with player j.
(i) If player j is ‘weaker’ than player i (Ui ≥Uj ), since individual player i’s emotion towards a weaker opponent is
compassion or apathy for Wi = 0, αi denotes the probability that player i will cooperate with player j; if p ≤ αi (p
is a random number, p ∈ [0, 1]), then player i cooperates; otherwise player i chooses to be a loner and refuses to
participate;
(ii) If player j is ‘stronger’ than player i (Ui < Uj ), since individual player i’s emotion towards a stronger opponent is
jealousy or fear for Vi = 1, βi denotes the probability that player i will defect with player j; if p ≤ βi (p is a random
number, p ∈ [0, 1]), then player i defects; otherwise player i chooses to be a loner and refuses to participate.
We then perform Monte Carlo (MC) simulations of the evolutionary PD game with voluntary participation on a square
lattice of size L2 (L = 200) with periodic boundary conditions. Each player occupies a node on the lattice. At part of the
initialization process, each player is assigned a random emotional profile {W , α , V , β } and an initial payoff from the reachable
[S, T ] interval. W and V are randomly assigned to be 0 or 1, and the whole variation intervals of α ∈ (0, 1) and β ∈ (0, 1) are
divided into K sub-intervals (K = 10) for the need of simulation [73,74]. Thus, we have 2 × 2 × K 2 initial emotional profiles
that are distributed randomly with equal probability on the lattice. Subsequently, every payoff value will be updated by considering the proper neighborhoods of a player and the actual emotional parameters. The evolution of the emotion profile is
performed by repeating the following elementary steps in accordance with the MC simulation procedure. Firstly, a randomly
selected player x acquires its average payoff Ux by playing the game with its four nearest neighbors. Next, update the previous
payoff value of player x with the newly-obtained one. Then, randomly select a neighbor of player x (denoted by player y),
player y tries to enforce its emotion profile {Wy , αy } and/or {Vy , βy } on player x with {Wx , αx , Vx , βx } in accordance with the
probability q = {1 + exp[(Ux − Uy )/κ]}−1 , where κ determines the level of uncertainty in the Fermi function [8,75–77].
Note that we generate two random numbers γ1 and γ 2 to assess the imitation process, where γ 1 and γ 2 ∈ [0, 1]. If γ 1 ≤ q
and γ > q, player x only adopts the emotion profile {Wy , αy } of player y and holds {Vx , βx } unchanged; if γ 1 > q and γ 2 ≤q,
player x only adopts the emotion profile {Vy , βy } of player y and holds {Wx , αx } unchanged; if γ 1 ≤ q and γ 2 ≤ q, player x
adopts the emotion profile {Wy , αy } and {Vy , βy } simultaneously; if γ 1 > q and γ 2 > q, player x holds his emotion profile
{Wx , αx , Vx , βx } unchanged. Without loss of generality, we set κ = 0.1. Repeat the process N (N = L2 ) times, where time is in
Monte Carlo steps (MCS). During one MCS, each player has a chance (once on average) to change its strategy and payoff. In
order to ensure accuracy, we carry out 10–50 independent simulation runs for each set of parameter values. The accuracy of
the simulation was continually checked by repeating all results with more stringent tolerance levels, ensuring that the final
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Fig. 2. Time evolution of fraction of cooperators, defectors, and loners for T = 1.

simulated parameters did not change significantly. In the vicinity of transition points, the system size was increased up to
L2 = 500∗ 500 sites in order to suppress undesired diverging fluctuations.
3. Results
It can be observed that the evolution of strategy types and emotional profiles differ for different values of T. When T = 1,
there is no advantage of defectors over cooperators, it is not difficult to prove that the Nash equilibrium in this game is
that all players choose to cooperate. Fig. 2 shows the simulation result of the evolution of strategy types when T = 1, the
system reaches an equilibrium state characterized by their densities of ρC , ρD and ρL . As shown in Fig. 2, the simulation result
reveals that cooperators occupy a substantial proportion of the population and loners die out after about 10 000 MC steps.
In fact, since loners invade the territory of defectors, they survive only for sufficiently high frequencies of defectors. These
simulation results are in agreement with theoretical predictions predicted by Nash equilibrium.
The evolution of emotional profiles is the other main concern. It is important to note that there will always be a final
stationary state in which the emotional profile of each player remains unchanged after sufficiently many steps have been
taken. Moreover, different emotional profiles may coexist among the entire population in the stationary state for some values
of T . Fig. 3 shows the simulation result of the evolution of emotional profiles when T = 1. We can observe that emotional
profiles characterized by {W = 0, α ∈ [0.9, 1), V = 0, β ∈ [0.9, 1)} and {W = 0, α ∈ [0.9, 1), V = 1, β ∈ [0.9, 1)} emerge
as the remaining ones, with the former occupying the majority proportion in the stationary state. Fig. 4 shows the spatial
distributions of the two surviving emotional profiles. All the emotional profiles characterized by W = 1 die out, and this
means that sympathy towards a weaker opponent may yield an evolutionary advantage. Moreover, α ∈ [0.9, 1) represents
that individual’s evolutionary advantage is more obvious with an increase in the magnitude of sympathy towards a weaker
opponent. Regarding the final values of V and β , simulation results predict that when faced with a stronger opponent, players
that are characterized by extreme respect and extreme jealousy coexist in the stationary state and the former ones occupying
the majority of the population.
For an individual with emotional profiles characterized by {W = 0, α ∈ [0.9, 1), V = 0, β ∈ [0.9, 1)}, he will choose to
cooperate with his opponent, with a high probability (α ∈ [0.9, 1), β ∈ [0.9, 1)) regardless of whether the opponent is strong
or weak. For an individual with emotional profiles characterized by {W = 0, α ∈ [0.9, 1), V = 1, β ∈ [0.9, 1)}, he will choose
to cooperate with a weak opponent, with a high probability (α ∈ [0.9, 1)). However, when faced with a strong opponent, he
will choose to defect with a high probability (β ∈ [0.9, 1)).
The above analysis leads to: (i) individuals with the former emotional profiles (W = 0, α ∈ [0.9, 1), V = 0, β ∈ [0.9, 1)
might be exploited by those latter ones (W = 0, α ∈ [0.9, 1), V = 1, β ∈ [0.9, 1)); since there is no advantage of defectors
over cooperators (T = R = 1), the evolution of the latter (emotional profiles) is not obvious. (ii) Because of the existence of
the spatial structure, individuals with the former emotional profiles survive by forming compact clusters (see Fig. 4). Thus
they can make up for the profit lost with a higher cooperative rate among clusters. (iii) For two individuals with the latter
emotional profiles encounter, the weak one will defect, and the strong one will cooperate. Thus the payoff for them is T and
S respectively. However, when two individuals with the former emotional profiles encounter, both sides will cooperate, and
the payoff for them is R. Thus, clusters composed of individuals with the former emotional profiles are more ‘efficient’ (2R
>T + S), and this is why they account for a larger proportion of the population. (iv) In a system which is composed of these
two emotional profiles, for a weak player encountering a strong player, the weak one will either cooperate with the strong
one (with high probability) or exploit the strong one. Therefore, when the system reaches a steady state, the payoffs among
the population tend to stabilize. (v) When there is no advantage for the defectors over cooperators, the system is benign,

1400

L. Wang et al. / Physica A 490 (2018) 1396–1407

Fig. 3. Time evolution of emotional profiles distribution at (a) 1, (b) 10, (c) 100 and (d) 100 000 full Monte Carlo steps for T = 1. In the steady state,
emotional profiles characterized by {W = 0, α ∈ [0.9, 1), V = 0, β ∈ [0.9, 1)} and {W = 0, α ∈ [0.9, 1), V = 1, β ∈ [0.9, 1)} survive (see panel (d)).

Fig. 4. Spatial distributions of the two surviving emotional profiles for T = 1.

that is individuals with benign emotional profiles {W = 0, α ∈ [0.9, 1), V = 0, β ∈ [0.9, 1)} (sympathy towards the weak
and respect towards the strong) occupy the majority of the population. Thus cooperators occupy a large proportion of the
population.
When T = 1.1, since the temptation for defectors have a slight advantage over the payoff for cooperators, the frequencies
of loners and defectors increase simultaneously, and the frequency of cooperators decreases when comparing results for
T = 1.0. Fig. 5 shows the simulation result for the evolution of strategy types when T = 1.1. As shown in Fig. 5, time
evolution of fraction of cooperators, defectors and loners all exhibit oscillations over time, although the fluctuations are not
large. On the other hand, when T = 1.1, emotional profiles characterized by {W = 0, α ∈ [0.9, 1), V = 1, β ∈ [0.9, 1)},
{W = 0, α ∈ [0.9, 1), V = 0, β ∈ [0.9, 1)}, {W = 0, α ∈ [0.2, 0.3), V = 1, β ∈ [0.9, 1)} and {W = 0, α ∈ [0.2, 0.3), V = 0,
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Fig. 5. Time evolution of fraction of cooperators, defectors, and loners for T = 1.1.

Fig. 6. Time evolution of emotional profiles distribution at (a) 1, (b) 100, (c) 1000 and (d) 100 000 full Monte Carlo steps for T = 1.1.

β ∈ [0.9, 1)} emerge as the remaining ones (see Fig. 6). The spatial distribution and frequency of these four emotional profiles
are shown in Fig. 7 and Fig. 8 respectively. It is evident that all individuals show sympathy (W = 0) for a weaker opponent,
but they differ in magnitude. The majority of players show strong sympathy, and for the rest, the magnitude is weak (they
show strong apathy). When facing a stronger opponent, there are also two types of people, namely extreme respect and
extreme jealousy. Simulation results predict that it is better to show a clear attitude when facing a stronger opponent, as
ambiguous attitudes do not favor the evolution.
For an individual with emotional profile characterized by {W = 0, α ∈ [0.9, 1), V = 1, β ∈ [0.9, 1)} (hereafter called type
I individual in this section), he will choose to cooperate with a weak opponent with a high probability (W = 0, α ∈ [0.9,
1)). However, when facing a strong opponent, he will choose to defect with a high probability (V = 1, β ∈ [0.9, 1)). For
an individual with emotional profile characterized by {W = 0, α ∈ [0.9, 1), V = 0, β ∈ [0.9, 1)} (hereafter called type II
individual), he will choose to cooperate with his opponent, with a high probability (α ∈ [0.9, 1), β ∈ [0.9, 1)), regardless of
whether the opponent is strong or weak. For an individual with emotional profile characterized by {W = 0, α ∈ [0.2, 0.3),
V = 1, β ∈ [0.9, 1)} (hereafter called type III individual), he will choose to be a loner with a high probability (1 – α ) when
facing a weak opponent. However, when facing a strong opponent, he will choose to defect with a high probability. For an
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Fig. 7. Spatial distributions of the four surviving emotional profiles, T = 1.1 (Left). Enlargement of a small portion (30 × 30) of the spatial grid on the left,
using the same color coding (Right). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this
article.)

Fig. 8. The frequency of the four emotional profiles for T = 1.1.

individual with emotional profile characterized by {W = 0, α ∈ [0.2, 0.3), V = 0, β ∈ [0.9, 1)} (hereafter called type IV
individual), he will choose to be a loner with a high probability (1 – α ) when facing a weak opponent. However, when he
encounters a strong opponent, he will choose to cooperate with a high probability. Thus, we can conclude that: (i) when
a type I individual encounters a type III individual, there will be two outcomes: the first case being both sides get payoff
σ , the second case being that the type I individual gets S while the type III individual gets T. Thus, the type III individual
(when he is the weaker one compared to his opponent) can gain an advantage over the type I individual; (ii) when a type II
individual encounters a type I (or type III) individual, since he will cooperate with a high probability regardless of whether
the opponent is strong or weak, we can thus conclude that the type II individual (when he is the stronger one compared to
his opponent) might be exploited if the opponent chooses to defect; (iii) when a type IV individual encounters a type I (or
type II) individual, then both sides get payoff σ or R (mutual cooperate); (iv) when a type IV individual encounters a type III
individual, the most likely scenario is both sides to get payoff σ .
In summary, we can conclude that:
(i) Although the Type II individual might be exploited by the type I (or type III) individual, this will only occur when he
is the stronger one compared to his opponent. In addition, by forming compact clusters, the type II individual can
make up the payoff lost with a higher cooperate rate among clusters. Therefore, the type II individuals account for a
moderate proportion (about 25%, ranked 2nd among the four types);
(ii) When the type I individual is the stronger one, he might be exploited by the type III individual; due to the existence
of the type III individuals, the type I individuals cannot occupy the whole population;
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Fig. 9. Three possible results for the time evolution of fraction of cooperators, defectors, and loners for T = 1.2.

(iii) The type IV individual can be seen as the ‘regulator’, for when he encounters a type I (or type II) individual, they will
then cooperate with a high probability. Thus, the type I (or type II) individual gets payoff R = 1. However, when
he encounters a type III individual, both sides will choose to be a loner, with a high probability. Hence, the type III
individual gets payoff σ = 0.3. Therefore, due to the existence of the type IV individuals, the advantage of the type
III individual over the type I (or type II) individual is weakened. We can see from the right panel of Fig. 7 that the
type IV individual is always located at the confluence of other types of individuals. For these reasons, the four types
of individuals coexist, leading to self-organizing patterns.
When T = 1.1, there are two main changes, compared to the results when T = 1. Firstly, the magnitude of sympathy
towards a weak opponent appears to decline, individuals characterized by {W = 0, α ∈ [0.2, 0.3), V = 1, β ∈ [0.9, 1)} and
{W = 0, α ∈ [0.2, 0.3), V = 0, β ∈ [0.9, 1)} survive, which makes some of them choose to be a loner instead. Secondly, the
magnitude of jealousy towards a strong opponent is strengthened, individuals characterized by {W = 0, α ∈ [0.9, 1), V = 1,
β ∈ [0.9, 1)} occupy the majority of the population, leading to an increase in the rate of defection.
It is important to note that when T = 1.2, a bifurcation occurs. There are three possible steady states in which the
emotional profile of each player remains unchanged. In each of these three steady states, there is only a single emotional
profile. The corresponding emotional profiles are characterized by {W = 0, α ∈ [0.9, 1), V = 1, β ∈ [0.9, 1)}, {W = 1, α ∈ [0.9,
1), V = 0, β ∈ [0.9, 1)} and {W = 1, α ∈ [0.9, 1), V = 0, β ∈ [0.0, 0.1)} respectively. It is worth mentioning that the main result
in here is in line with that in Refs. [56,57], which the bifurcation phenomena has also been found. The simulation results in
Fig. 9 reveal the three possible results of the evolution of strategy types. They have all reached a final stationary state, but
they differ in the frequency of different strategy types. In particular, Fig. 9(a) and (b) may look as if their cooperate rate
and defect rate are similar in the final stationary state. However, due to the differences in emotional types, the behavioral
mechanisms in these two cases are not the same. In the first case, the final emotional profile is characterized by {W = 0,
α ∈ [0.9, 1), V = 1, β ∈ [0.9, 1)}. For these individuals, they will choose to cooperate with a weak opponent and defect
with a strong opponent under a high probability. In the second case, the final emotional profile is characterized by {W = 1,
α ∈ [0.9, 1), V = 0, β ∈ [0.9, 1)}. For these individuals, they will choose to defect with a weak opponent and cooperate with
a strong opponent under a high probability. Fig. 9(c) shows a completely different pattern. After about 40 000 MC steps, the
proportion of cooperators falls drastically. Meanwhile, the proportion of loners increases. In this case, the final emotional
profile is characterized by {W = 1, α ∈ [0.9, 1), V = 0, β ∈ [0.0, 0.1)}. For these individuals, they will choose to defect
with a weak opponent under a high probability. However, they will choose to be a loner under a high probability (1 –β )
when encountering a strong opponent. As seen in Fig. 9(c), the proportion of defectors and loners are nearly 50%, while the
cooperators only account for a small proportion. Fig. 10 shows three possible results for the time evolution of the emotional
profiles spatial distribution. It can be seen that a bifurcation does not occur at 1000 MC steps, although it is evident at 10 000
MC steps.
When T = 1.25, there is only a single emotional profile which is characterized by {W = 1, α ∈ [0.9, 1), V = 0, β ∈ [0.0,
0.1)} emerging (see Fig. 11). Our simulations reveal that similar results can be obtained for T ∈ [1.25, 2]. Fig. 12 shows the
simulation result of the evolution of strategy types when T = 1.25. We can see that the proportion of cooperators, defectors,
and loners begin to show cyclic fluctuations in the early stages, but reach a final stationary state after 50 000 MC steps. Since
the advantage of defectors over cooperators is rather large, more players would turn to defect. At this time, dropping out to
be a loner would protect them against the invasion of defenders. In the final stationary state, defectors and loners account for
a large proportion. As mentioned above, an emotional profile which is characterized by {W = 1, α ∈ [0.9, 1), V = 0, β ∈ [0.0,
0.1)} emerges as the remaining one, demonstrating that individuals show strong harshness towards a weaker opponent and
strong fear towards a stronger opponent. In fact, W = 1, α ∈ [0.9, 1) reflects that players are more likely to be a defector
when faced with a weaker player and V = 0, β ∈ [0.0, 0.1) reflects that players are more likely to be a loner when faced with
a stronger player.
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Fig. 10. The three possible results of time evolution of the spatial distributions of {W, α }(top) and {V, β } (bottom) at (a) 1, (b) 100, (c) 1000, (d) 10 000 and
(e) 100 000 full Monte Carlo steps for T = 1.2.

4. Conclusions and discussion
We have established an extended emotional model with four parameters {W, α , V, β } in the voluntary PD game.
Evolutionary outcomes reveal many interesting phenomena when the temptation parameter T is varied.
From a physical system perspective, with the increase of T , the order-chaos-order transition appears to occur. For very
small T (= 1), the clustering advantage of cooperators suffices to offset exploitation by defectors. Loners are unable to provide
a viable alternative and vanish. The ratio of D and C in the stationary state depends on the parameters T . As T is increased,
a stable interior fixed point appears to occur at T = 1.1, i.e., all trajectories approach this stationary value where all three
strategies coexist. From simulation results, the global oscillation appears to occur as a bifurcation when T is further increased
(to 1.2). When T becomes very large (i.e. T ≥ 1.25), since the advantage of defectors over cooperators is rather large, more
players would turn to defect. At this time, dropping out to be a loner would protect them against the invasion of defenders.
Defectors and loners eventually account for a large proportion and the system becomes orderly again.
From a social system perspective, when T = 1.0, the system is benign. Sympathy towards the weak will result in a
gain of the evolutionary advantage. Although individuals who show extreme respect and extreme jealousy for a stronger
opponent coexist, the former forms the majority of the population (nearly 90%). Thus, the dominant behavioral pattern of
the population is respect for the ‘successful’ people and sympathy towards the weak one (the rate of cooperation is high).
When T = 1.1, the evolutionary advantage of sympathy is weakened, individuals characterized by strong apathy (W = 0,
α ∈ [0.2, 0.3)) can then survive in the system. When T = 1.25, individuals characterized by {W = 1, α ∈ [0.9, 1), V = 0,
β ∈ [0.0, 0.1)} emerge as the only one remaining. This analysis implies that all individuals will choose to be a defector when
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Fig. 11. Time evolution of emotional profiles distribution at (a) 1, (b) 100, (c) 1000 and (d) 100 000 full Monte Carlo steps for T = 1.25.

Fig. 12. Time evolution of fraction of cooperators, defectors, and loners for T = 1.25.

faced with a weak opponent and choose to be a loner when faced with a strong opponent. With all of these, we can now
conclude that with an increase in temptation T, evolutionary advantage of sympathy is first weakened; individuals turn to
bullying. As this progresses, respect or jealousy towards a strong opponent is replaced by fear. From T = 1.0 to T = 1.25,
the temptation for defectors only increases 25%, the social system changes from a benign one (respect for the ‘successful’
people and sympathy towards the weak one, the cooperate rate is nearly 95%, the average payoff is 0.92) to a vicious one
(bully the weak and fear the strong, the cooperate rate is only 1%, the average payoff is 0.3). Our results might provide further
insights into the evolution of cooperation from the perspective of emotions. It is also our hope that this work will inspire
future studies, especially from the viewpoints of complex networks and co-evolution of strategic alliances.
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