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Abstract 

The overuse of video games and the internet in recent years, especially among 

teenagers, has reached pathological proportions and is interfering with their 

lives. One of the delayed reward jobs might have this problem. In this paper, we 

suggest a conditional delayed reward task where players might initially get a 

tiny incentive for playing the game rather than learning, but ultimately earn 

significant unfavourable rewards. We utilise a reinforcement learning model to 

study the root causes and potential solutions of this issue and concentrate on 

the peer-group effect (PGE), which describes how groups may impact 

individuals positively or negatively. This is one method of preventing the issue. 

Our simulation findings demonstrated that in the case of the group without 

PGE, people with a low gamma value (one of the reinforcement learning 

model's parameters thought to correspond to the brain's serotonin levels) 

persisted to play the game and came close to developing an addiction. 

Additionally, we discovered that gamers who were PGE-dependent in the 

absence of the PGE preferred studying to gaming when the PGE was present. 

  

Keywords:- Internet gaming disorder; Inhibition of addictive behaviors; Peer-

group effect; Conditional delayed reward task; Reinforcement learning 

 

INTRODUCTION 

Among recent years, the issue of over-

dependence on video games and the 

internet, particularly in teenagers, has risen 

to pathological proportions and is 

interfering with their lives. The World 

Health Organization (WHO) has formally 

recognised Internet Gaming Disorder 
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(IGD) as an international disease and in 

2018 added IGD to the most recent edition 

of the ICD-11 [2]. In 2013, the American 

Psychiatric Association (APA) claimed that 

IGD became a condition for further study in 

the DSM-5 [1]. According to the WHO, 

IGD is "a pattern of gaming behaviour 

characterised by impaired control over 

gaming, increasing preference for gaming 

over other pursuits to the point where 

gaming takes precedence over other 

interests and daily activities, and 

continuation or escalation of gaming 

despite the occurrence of negative 

consequences [3]."  

 

Research has been done on how the brain 

and IGD interact. According to studies 

using functional magnetic resonance 

imaging, adolescents with IGD displayed 

less white matter in a number of brain areas 

that are important for decision-making, 

behavioural inhibition, emotional control, 

decreased functional connectivity of 

prefrontal cortex striatal circuits, and 

increased risk-taking [4].  

 

Similar to the IGD research, several recent 

studies point to structural abnormalities in 

the brain's grey matter as being related to 

internet addiction disorder (IAD), and these 

abnormalities in the brain are likely to be a 

factor in chronic dysfunction [5]. 

 

Some techniques, such as cognitive 

behavioural therapy [6-7] and 

pharmaceutical therapies [8–9], are used to 

treat persons with IGD and IAD. A 

specialised facility in Japan called the 

Kurihama Medical and Addiction Center 

employs a combination of cognitive 

behavioural therapy, social skill building, 

and treatment programmes that place a 

strong focus on physical exercise [10]. 

According to Higuchi, the center's director, 

"gaming addiction is tougher to treat than 

addiction to alcohol or narcotics in some 

respects since the internet is everywhere 

[11]." The IGD and the IAD were only 

formally recognised as worldwide 

disorders, as was already mentioned. 

Therefore, research is currently ongoing for 

IGD and IAD medical therapies.  

 

In particular, techniques for preventing and 

suppressing IGD and IAD in persons before 

they experience these conditions still need 

to be developed. In this study, we take into 

account the fact that individuals are always 

influencing one another's behaviour. 

 

 Most individuals have cellphones with data 

connections, which they may use to play 

games online and connect to the internet. 

As a result, even if a person is not 

participating in these activities, those 
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nearby and within sight may nevertheless 

have an impact on them. According to 

research [12–14], this circumstance has a 

"peer-group effect" (PGE), which has an 

impact on every member of the group in 

turn. PGE is viewed as a potential means of 

preventing addictive behaviours like IGD 

and IAD.  

 

The phrase "He who touches pitch shall be 

soiled" may be used to describe PGE. In 

other words, if people observe numerous 

others behaving in a specific manner, they 

will be persuaded by these people to behave 

in the same way. However, this implies that 

PGE can affect people in both good and bad 

ways. This study aims to determine whether 

PGE can in fact prevent addictive 

behaviour.  

 

To do this, we chose a model of 

reinforcement learning and presented a 

conditional delayed reward task (CDRT) as 

a model of conditions that can be 

manifested as addictive behaviour, like 

IGD. The fact that game players receive 

positive benefits, which can be fairly fun in 

the short term but may later lead to negative 

rewards, such as poor grades, is why this 

circumstance can be seen as a type of 

delayed reward assignment. 

CONDITIONAL DELAYED REWARD 

TASK 

A. Situation of the Task Selecting Two 

Types of Behaviors: Playing a Game or 

Studying 

We continually have to make decisions, and 

most of the time, we want to make decisions 

that will benefit us based on our 

assumptions drawn from our prior 

experiences and knowledge. There are 

circumstances in which determining the 

best option can be exceedingly challenging, 

yet there are others in which estimating the 

best option is simple.  

 

For instance, while being aware of the 

regularly scheduled weekly examinations, 

many kids in schools are unable to choose 

studying over the riskier options, such 

playing video games. We modelled a task 

as a CDRT for students in this study.  

 

There were three states: s0-s2, the pupils as 

the agents, and The starting state was s0. 

Every time an agent moved, the state 

increased. At each state, they received a 

small, immediate reward for playing a 

game (shown by G) or a little, immediate 

penalty for studying (shown by S). 

 

However, after continuing to play the game 

and study, they received a sizable delayed 

negative reward and a sizable delayed 

delayed reward, respectively. Therefore, 

individuals had to keep choosing to study 
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for little negative immediate incentives in 

order to avoid receiving a large negative 

delayed payoff. Fig. shows the CDRT 

represented by a state transition diagram. 

 

1. As seen in Fig. 1, we defined four types 

of conditions for the method of giving the 

delayed rewards. Four types of delayed 

rewards were given to the players after they 

were added to the immediate reward given 

at state s2, 

 

 

Fig. 1: A state transition diagram of the 

conditional delayed reward task 

according to defined conditions. 

 

<Immediate Reward> 

 A small positive reward is given when 

G is selected at each state. 

 A small negative reward is given when 

S is selected at each state. 

 

<Conditional Delayed Reward>after the 

action at state s2: 

 A large positive reward is added if G 

has not been selected andS is selected 

three times. (G=0, S=3) 

 A small positive reward is added if G is 

selected once and S is selected twice. 

(G=1, S=2) 

 A small negative reward is added if G is 

selected twice and S is selected once. 

(G=2, S=1) 

 A large negative reward is added if G is 

selected three times and S has not been 

selected. (G=3, S=0) 

 

In the CDRT, actions that kept an agent 

playing a game, despite the big penalties 

that were eventually received were 

regarded as addictive behaviors. We 

confirmed whether PGE could inhibit 

addictive behaviors by using the CDRT. 

 

B. Reinforcement Learning Agents as 

Players of the Task 

We used Q-learning [15] as the teaching 

strategy and reinforcement learning agents 

as the task's participants. One technique for 

reinforcement learning through trial and 

error is Q-learning [15].  

 

According to (1), the Q-learning agents 

update the Q-values that indicate the value 

of their actions for each condition of the 

environment and develop more apropos 

behaviours. 
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where a(t) is an action conducted at time t, 

Q(s(t), a(t)) is a Q-value for an action 

conducted under a state s at time t, α is the 

learning rate, r(t+1) is a reward given from 

the environment when conducting an action 

under a state s, and γ is the discount rate. 

The softmax policy [15] was adopted as the 

method of selecting actions. 

 

C. Peer-Group Effect in the Task 

PGE [12–14] is an influence that group 

members exert that is significantly and 

reciprocally influenced by the majority. For 

instance, it is well known that a 

phenomenon occurs when low-performing 

students' academic performance can be 

improved by the high-ranking students in 

the class. Peer pressure may have unwanted 

effects, and PGE has both beneficial and 

bad effects in addition to those mentioned 

above. Here is how we define PGE: 

 

where 𝑃𝑃𝐺𝐸 is the probability with the 

PGE to select an action at time t, (𝑡) is a 

probability without the PGE to select an 

action determined by the softmax policy at 

time t, (𝑡) is the rate of an action selected by 

all agents at time t, (𝑡) is the number of an 

action selected by all agents at time t, and 

𝑁 is the number of agents. The range of 

each important value is 0 ≤ 𝑃𝑃𝐺𝐸, 𝑃,  ≤ 1. 

 

As understood from (2) and (3), action 

choice probabilities influenced by the PGE 

depend on the rate of an action selected by 

all agents. Therefore, even if an agent has a 

possibility of selecting action S with high 

probability, the agent selects the other 

action (G) if there were many agents who 

selected action G, and vice versa.  

 

Conversely, a situation without PGE can be 

regarded as a circumstance in which the 

agents are not mutually affected by anyone, 

such as when staying in his/her private 

room. 

 

SIMULATION EXPERIMETNS 

A. Settings of the Simulations 

The parameters used in the simulation 

experiments are as follows: The small 

positive reward given to an agent who 

selected action G at every state was +0.1, 

and the small negative reward given to an 

agent who selected action S at every state 

was -0.1. 

 

After the agent gained the immediate 

reward at state s2, the delayed reward, 

according to the conditions, was added to 

the immediate reward.  

 

As illustrated in Fig. 1, we set four types of 

conditions: a large positive reward added to 
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the immediate reward at state s2 was +10.0 

when the agent selected his/her action S 

three times, a small positive reward was 

added (+5.0) when the agent selected 

his/her action S two times, a small negative 

reward was added (-5.0) when the agent 

selected his/her action S once, and a large 

negative reward (-10.0) was added when 

the agent never selected action S from s0 to 

s2, namely, he/she only selected action G. 

 

The number of agents in a group was 121, 

because there were mixed agents with all 

combinations of the following parameters: 

11 types of the learning rate α ={0.01, 0.1, 

0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 0.99} 

and11 types of the discount rate γ = {0.01, 

0.1, 0.2, 0.3, 0.4,0.5, 0.6, 0.7, 0.8, 0.9, 

0.99}. We conducted the simulation 

experiments until 100,000 steps every 

twentydifferent kinds of random seeds. 

 

B. Results of the Simulations 

We investigated the impact of PGE on 

addictive behaviors by comparing the 

CDRT without PGE to the one with PGE. 

First, we confirmed selection probabilities 

of action G at each state, for all 121 types, 

to investigate the effects of their parameters 

on selecting action G without PGE. 

 

 Fig. 2 (a)–(c) show examples of the 

dynamics of selection probabilities of 

action G at the three states, s0– s2, for each 

of the 121 types of agents, respectively. 

 

 As can be seen in Fig. 2 (a), there are three 

clusters: the first one is the group of agents 

who can learn to avoid selecting action G, 

the second one is the group of agents for 

which the selection probabilities of action 

G range from 0.2 to 0.6, and the third one is 

the group of agents who cannot learn to 

inhibit selecting action G, i.e., these 

selection probabilities are 1.0.  

 

As can be seen in Fig. 2 (b), there are also 

some agents for whom the selection 

probabilities of action G are 1.0 and many 

agents with a variety of selection 

probabilities between 0.0 and 0.6. Fig. 2 (c), 

however, illustrates that all agents can learn 

to avoid selecting action G. 
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With PGE 
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Fig. 2 Examples of dynamics of selection probabilities of action G at each state for 

all 121 types of agents without PGE (a)-(c), and with PGE (d)-(e). 

 

On the other hand, as can be seen in Fig. 2 

(d)–(f), all selection probabilities range 

from 0.2 to 0.5 at each state. It is of 

particular importance that there were no 

agents with addictive behaviors for which 

the selection probabilities for action G were 

1.0. The results shown in Fig. 2 (d)–(f) 

suggest that addictive behaviors could be 

inhibited by PGE; however, no agents 

learned to completely avoid selecting 

action G. The minority agents, who were 

supposed to select action S, got into the 

mood of playing the game when there were 

many agents who selected action G. This 

was thought to be a result of the negative 

impact of the PGE on the agents. 

 

Similar results to the ones shown in Fig. 2 

(a)–(f) were confirmed in other simulations 

with different random seeds. 

Next, we illustrate the ensemble average 

rates of action G selected at each state for 

all 121 types of agents, for the last 1000 

steps. Fig. 3 (a)–(c) are heatmaps showing 

the rates without PGE, and (d)–(f) depict 

the rates with PGE. These ensemble 

average results were calculated by 

averaging the results of the simulations 

independently conducted with 20 different 
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random seeds. The agents with a high 

discount rate γ basicallyappreciate the 

action where a positive reward may be 

gained in the future. Therefore, even if such 

agents continuously get small negative 

rewards as the immediate reward, as long as 

they earn a large positive reward later, they 

can easily select the action that contributes 

to getting the large positive reward. 

 

From Fig. 3 (a) and (b), which show results 

without PGE, we found that the ensemble 

average rates of action G selected at state s0 

and s1 decreased as the learning rates of the 

agents increased, only when the discount 

rates were high to some extent. Note that 

even if the agents have high discount rates, 

they increased the rates of action G with 

extremely low learning rates, such as0.01. 

Furthermore, most agents with discount 

rates more than 0.9 increased the rates of 

action G inversely. The reason that most 

agents could learn to select action S at state 

s2, as shown in Fig. 3 (c), is that s2 is a state 

providing either the largest positive or 

negative reward to the agents in accordance 

with the conditions. The agents who cannot 

learn to select action S continuously learn 

to avoid action G at state s2 since the largest 

negative rewards are given at that state. In 

contrast, the agents who can continue 

selecting action S reinforceselecting action 

S at state s2 since the largest positive 

rewards are given at that state. 

 

Fig. 3 (d)–(f) show the ensemble average 

rates of action G selected at each state for 

all 121 types of agents with PGE. An 

important difference between Fig. 3 (a)– 

(c) and (d)–(f) is that in the latter cases, 

there are rarely effects from the discount 

and learning rates except for at state s2. 

 

With PGE 
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Fig. 3 Ensemble average rates of action G selected at each state for all 121 ty pes of 

agents without PGE (a)-(c), and with PGE (d)-(f), during the last 1000 steps. 

 

In Fig. 3 (d)–(f), a common feature is 

that there are rarely effects of the 

discount rate, but the ensemble average 

selection rate of action G is extremely 

small decayed as both the discount and 

the learning rates are increased.  

 

In contrast to the results without PGE, 

most of the smallest selection rates of 

action G at state s0 and s1 are earned 

when the discount rate is 0.99 and the 

learning rate is 0.01 (the rates are 0.3 and 

0.37 at s0 and s1, respectively). On the 

other hand, in state s2, the ensemble 

average selection rates of action G 

depend on the learning rate.  

 

As can be seen in Fig 3 (f), the learning 

rate 0.5 is a boundary, and the ensemble 

averageselection rate of action G 

decreased to 0.23 as the learning rate 

decreased from 0.5 to 0.0. The ensemble 

average selection rate of action G, 

however, increased to0.31 as the 

learning rate increased from 0.5 to 1.0. 

That is to say, in contrast to the situation 

without PGE, in the one with PGE, it is 

necessary for the agents to have low 

learning rates to inhibit addictive 

behaviors. 

 

We conclude by comparing the higher-

than-average selection rates of actions G 

with and without PGE. As demonstrated 

in Fig. 4, actions G with PGE had lower 

higher-than-average selection rates than 

actions G without PGE, with the 

exception of state s2.  

 

According to this, every time the state is 

transitioned, the positive PGE's ability to 

suppress addictive behaviour decreases, 

and in state s2, the impact is eventually 

reversed and the negative PGE's ability 

to attract addictive behaviour increases. 
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Fig. 4 Comparison between the higher-than-average selection rates of action G without 

PGE (blue bar) and with PGE (green bar). 

 

DISCUSSIONS 

We discuss the results showed in our 

simulations from the viewpoint of the 

relations between parameters of the 

reinforcement learning and our brains. In 

this paper, we focused on the learning rate 

α and the discount rate γ as important 

parameters of reinforcement learning. The 

learning rate α was a parameter to 

determine the amount of updating the 

action value.  

 

If the learning rate α was large, the agent 

drastically changed his/her action value 

according to the reward received. However, 

the agent with a small learning rate α hardly 

changed his/her action value. In our brain, 

acetylcholine, one of the neurotransmitters, 

is suggested to play an important role as a 

gate signal that decides whether to keep 

past memories or exchange it for new ones 

[16].  

 

The learning rate α can be said to have 

corresponded to acetylcholine. It is also 

known that, compared to adult brains, 

adolescent brains have high plasticity that 

dynamically changes their brains, including 

synapses, neurons, and axons [17-19]. 

Konrad et al. [20] suggested that there is a 

possibility that typical adolescent behavior 

patterns, including risk-taking, are caused 

by the high plasticity of the adolescent 

brain.  

 

Based on these suggestions, we presumed 

that the agents with high learning rates, who 

could be regarded as adolescents with high 

plasticity, easily show addictive behaviors. 

In our simulation results without PGE, the 

agents with high learning rates, however, 

showed relatively appropriate behaviors in 

only cases that they had a high discount 

rate. This result suggests that in case of a 

situation without influences from other 
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individuals, people can learn to avoid 

selecting addictive behaviors by drastically 

changing their action values in accordance 

with the large negative reward.  

 

In contrast, agents with PGE, like people in 

a classroom, influence each other and can 

learn to avoid extreme behaviors, but most 

of the agents become individuals who select 

inappropriate behaviors byreceiving 

negative impact from the PGE, even though 

the big delayed reward is given. 

 

The discount rate γ is a parameter to 

determine which of immediate and delayed 

rewards emphasize. As the brain learns, 

related to the discount rate, Okamoto et al. 

[21] showed that serotonin plays an 

important role in controlling a time scale 

parameter for reward prediction.  

 

Therefore, the discount rate γ can be 

regarded as representing serotonin. In fact, 

our simulation results without PGE 

corresponded to the results conducted by 

Okamoto et al., and the agents with low 

discount rates, relatively easily selected the 

action that received an immediate positive 

reward. Furthermore, Miyazaki et al. [22-

23] clarified that, in a delayed reward task 

using rats, increasing flow rate of serotonin 

and activating the serotonin nervous system 

was related to waiting for the delayed 

reward.  

 

The experimental results by Miyazaki et al. 

can be interpreted that there are the two 

modes of the discount rates in which a large 

γ gives high praise to delayed reward, but a 

small γ does not do so, and the two modes 

are switched by the amount of serotonin.  

 

Our simulation results showed that PGE 

can inhibit addictive behaviors to some 

extent, but the complete avoidance of 

addictive behaviors was not seen. In the 

situations with PGE, where the agents 

could not completely learn to avoid 

addictive behavior, we thought that it was 

necessary for them to not only increase 

their discount rate, namely their amount of 

serotonin, but also producing only positive 

PGE. 

 

CONCLUSION 

In this study, we looked at the possibility 

that the peer-group effect (PGE) can have 

an impact on preventing addictive 

behaviours. To achieve this, we chose a 

model of reinforcement learning agents as 

participants in the CDRT and presented a 

conditional delayed reward task (CDRT) as 

a model for conditions that can be portrayed 

as addictive behaviours. 
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Based on the outcomes of our simulation, 

which compared the CDRT with and 

without PGE, we discovered that PGE has 

some influence on the degree to which 

addictive behaviours are inhibited. 

However, we found that the detrimental 

effects of the PGE prevented the emergence 

of agents that could totally avoid incorrect 

behaviour. 

 

We come to the conclusion that the strategy 

of increasing serotonin levels, which 

contribute to delayed rewards, is 

insufficient to completely inhibit addictive 

behaviours in a setting like a classroom that 

can have a PGE. Instead, a strategy to 

produce only positive PGE is also required, 

such as some teacher intervention with a 

subset of the students. 
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