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Abstract. A self-organization model for autonomous agents operating in a transparent decen-

tralized environment is developed and investigated. Transparency means that all information 

about the environment and the agents’ community is open. Each agent informs the entire com-

munity about his current resources and intentions. The environment consists of cells, and during 

operation, each cell can generate a new resource using the resources received from agents. Each 

agent is also aware of the efficiency and resources of the cells. The agent-based approach is 

adopted to consider the efficient allocation of agents’ resources in cells and analyze different 

resource allocations. Each agent acts rationally based on his goals. An iterative resource alloca-

tion method is proposed, in which the agents exchange information to make their decisions. 

Computer simulations are carried out for several modes of operation: 1) without learning but 

with iterations, 2) with learning and iterations, 3) without learning and iterations, and 4) with 

learning but without iterations. As indicated by the simulation results, the total resource of the 

agents’ community is significantly higher in the model with learning and iterations; due to self-

organization and learning, the agents are distributed so that their number in each cell is small. 

According to the experimental evidence, learning works only in combination with iterations. 
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INTRODUCTION  

In research into artificial intelligence, the theory of 

multi-agent systems has become widespread in recent 

decades. The multi-agent approach is used in optimi-

zation and control, collective behavior and market 

modeling, and investment allocation. Unlike dynamic 

systems, discrete-event modeling, and system dynam-

ics, the individual characteristics of agents and their 

local interaction are important in this approach: the 

model can be constructed bottom-to-top. Therefore, it 

is possible to observe how the interaction of agents 

affects the overall behavior of the entire system. Cur-

rently, there exist many models and lines of research 

in this area [1–4]. One line is self-organizing multi-

agent systems [5, 6]. The importance of self-

organization was emphasized by W. Ashby [7]. Mul- 
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ti-agent systems allow studying self-organization pro-

cesses and describing complex systems and have high 

flexibility. Also, note some papers on multi-agent sys-

tems and related ones on robot communities [8, 9]. 

The theory of multi-agent systems often operates 

two closely related concepts: distributed artificial in-

telligence (DAI) and decentralized artificial intelli-

gence (DzAI). Let us explain their difference. Speak-

ing about the problems solved within these approach-

es, we indicate that DAI is intended for the joint glob-

al control of a distributed group of agents. The solu-

tion of such problems is joint because mutual infor-

mation exchange helps perform one common task. 

Unlike DAI, DzAI focuses on the activities of an au-

tonomous agent in a multi-agent world. This approach 

employs the concept of “agent” widely, referring to a 

subject who acts rationally based on his goals. More-

over, an autonomous agent may exist regardless of 

other autonomous agents. Autonomous agents can 

cooperate and exchange information in a common 

world for performing personal or global tasks. Thus, 

http://doi.org/10.25728/cs.2021.2.4
mailto:zarema.sokhova@gmail.com
mailto:vgredko@gmail.com


 

 
 

 

 
 

30 CONTROL SCIENCES   No. 2 ● 2021 

CONTROL IN SOCIAL AND ECONOMIC SYSTEMS 

in DAI, a certain global task is initially defined, and it 

is required to design distributed objects to perform it. 

In DzAI, decentralized autonomous subjects are first 

defined, and the main problem is to study their behav-

ior to understand what tasks they can perform [10]. In 

this paper, we will follow the decentralized approach. 

The phenomena of “competition” and “coopera-

tion” are of particular interest in multi-agent model-

ing. In the paper [11], R. Axelrod experimentally 

proved the profitability of cooperation for two com-

peting players based on game theory and computer 

simulation. He constructed and studied a multi-agent 

model consisting of a community of competing agents 

in which each agent has independent decision-

making. Due to cooperation (information exchange 

and transparent environment) and learning, more effi-

cient operation of the entire system is possible. 

This paper develops the authors’ previous research 

into collective behavior processes in a transparent en-

vironment [12–14]. Note that “transparent environ-

ment” is not a strict term accepted in the scientific 

community. However, in recent years, it has been fre-

quently encountered in socio-economic studies. We 

will assign it an interpretation close to the term 

“transparent market” in economics [15]. This paper 

aims at showing that in the course of competition and 

cooperation, autonomous agents can be distributed in 

cells––singly or in small groups––using learning and 

iterative information exchange about the environ-

ment’s state. 

1. MODEL DESCRIPTION  

Let us give a formal description of the model. 

Consider some environment consisting of numbered 

cells. The number of cells is fixed and equal to M. 

Each cell is characterized by its efficiency ki and re-

source Ri0, which does not change over time. Assume 

that during operation, each cell can generate a new 

resource using the available resource. In this paper, 

the resource is similar to the capital of investors and 

producers and the cells to producers [12–14]. Unlike 

the models from [12–14], the cell’s resource does not 

change. The parameter ki characterizes how efficiently 

cell i can process the available resource. 

A community of N agents operates in the envi-

ronment. Each agent j is also characterized by his re-

source Kj. The agent allocates a share of his resource 

to some cell, receiving back a share of the generated 

resource. Moreover, agent j receives a share of the 

generated resource from cell i proportionally to his 

contribution to this cell. Agents operate during T peri-

ods in the transparent environment in the same way as 

described in [12–14]: they have complete information 

about the efficiency of cells and the total resource of 

each cell after receiving resources from other agents. 

Note that time is divided into periods, and each 

period has a sufficient number of iterations. The peri-

ods are numbered by T = 1, 2, …, NT and the itera-

tions by t = 1,2, …, tmax. One period T includes sever-

al stages: 

– stage 1, representing an iterative process in 

which the agents decide on a resource allocated by a 

particular agent to a certain cell, 

– stage 2, allocating agents’ resources to cells, 

– stage 3, receiving newly generated resources 

from the cells, 

– stage 4, agents’ learning. 

At the beginning of period T, agents choose shares 

of their resources to be allocated to particular cells. 

This decision is made during an iterative process (step 

1), considered in detail below. Each agent can select 

any number of cells for resource allocation. 

Let us first describe stages 2 and 3 in period T. 

Assume that after receiving the resources from all 

agents (stage 1), cell i has the total resource 

0

1

N

i i ij

j

R R r


  ,           (1) 

where ijr  is the resource allocated by agent j to cell i. 

The resource that all agents in aggregate can receive 

from cell i is equal to  

( ) exp( ) φ ( )i i s i i i iЕ R k s k R  ,   (2) 

where ki denotes the efficiency of cell i (0 < ki ≤ 1); ks 

is the resource spent by the cell on one agent (for ex-

ample, the resource consumed for interacting with the 

agent); si is the number of agents selecting cell i; φi  

stands for a cell performance function given by 

 1 2φ ( ) α 1 exp( α )i x x   ,  (3) 

where α1 (α1 ∈ R) and α2 (0 < α2 ≤1) are some parame-

ters. Figure 1 shows the graph of the performance 

function (3). In contrast to the paper [13], the perfor-

mance function is nonlinear and more flexible for ad-

justment. Note also that formula (2) for calculating 

the new resource generated by the cell differs from 

the one considered previously [12–14] by the factor 

exp( )s ik s . This factor in (2) reduces the generated 

resource: the more agents interact with the cell, the 

greater the decrease will be. In the papers [12–14], 

such consumption was not taken into account for pro-

ducers. As shown by computer simulations below, the 

agents with this consumption can be learned and dis-

tributed in cells in small groups. 
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Fig. 1.  Graph of performance function with α1 = 10 and α2 = 0.05. 

 
At stage 3 of period T, the resource received by 

each agent from cell i is calculated by the formula 
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Since the environment is transparent, each agent 

has information about the efficiencies of all cells and 

the intentions of all other agents.  

The total resource received by agent j in period T 

is the sum 

1
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Next, the resource of agent j is increased by the 

value jSP : 

( ) ( 1) .j j jK T K T SP    

The total resource of the entire community at the 

end of period T is the sum 

1

( ) ( ).
N

j

j

SK T K T


  

The agents choose the shares of the resources to be 

allocated to a particular cell during the following iter-

ative process (stage 1). At the first iteration, the 

agents consider the efficiencies of all cells and the 

resource of a given cell for estimating the effect ob-

tained from it. The estimates are calculated by the 

formula 

0φ ( ),ij ij i i iА d k R         (4) 

where dij specifies the current degree of belief of 

agent j to cell i. At the beginning of operation, the 

degrees of belief are all equal to 0.1. During the itera-

tive process, the degrees of belief remain the same: 

they will change with learning at stage 4 of period T 

(see the description below).  

At the second and subsequent iterations, the inten-

tions of other agents are considered, and the estimates 

are calculated by the formula 

1

exp( ) φ( ) ,
ij

ij ij ij ij s i i i N
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l

r
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       (5) 

where iR  is the expected resource of cell i after the 

contributions of all agents; ril  denotes the resource to 
be allocated by agent l to cell i (see the previous itera-

tion). The resource iR  is calculated by formula (1). 

Thus, the value iR  is iteratively recalculated consid-

ering the intentions of all agents. The resource re-
ceived by the cell is determined at the last iteration. In 
computer simulations, the model’s behavior was stud-
ied for the modes with iterations and without itera-
tions. In the latter mode, the estimates are once calcu-
lated by the agents using formula (4). (Formula (5) is 
not involved here.)  

After receiving the estimates, the agents choose 
shares of their resources for allocating to each cell. 
The resource allocated by agent j to cell i is calculated 
by 

1

,
ij

ij j M
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l
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where Kj specifies the resource of agent j. A sufficient 
number of iterations are performed; at the last itera-
tion, each agent chooses a share of his resource for 
allocating to a particular cell. This share is equal to 
the resource rij obtained at this iteration. 

 At the end of each period T, the agents are learned 
(stage 4). Learning takes place without a teacher by 
changing the degrees of belief to the cells. As soon as 
the agent knows the resource received from the cell 
(stage 3), he recalculates the current degrees of belief 
according to the rule 

( 1) ( ) β ( ) 1 ( ) γ ( )ij ij ij ij ijd T d T Q P d T d T       , 

where β (0 < β ≤ 1) is the learning rate; Q(x) = x / (1 + 

x);  represents the resource received by agent j 

from cell i; γ (0 < γ < 1) denotes the “forgetfulness” 
parameter. Thus, the values dij are reestimated de-
pending on the resource received by the agent from a 
particular cell. The greater the resource received is, 
the higher the agent’s belief to this cell will be. Note 
that if the profit increase is insignificant, the degree of 
belief will be reduced. The last term characterizes a 
decrease in the degree of belief due to skills “forget-
ting.” In computer simulations, the modes with learn-
ing and without learning were compared. In the mode 
without learning, the degrees of belief remain the 
same between periods: each period has no stage 4. 

This learning algorithm allows adjusting the de-
grees of belief so that the agents are distributed in dif-
ferent cells. Different distribution patterns were ana-
lyzed using computer simulations. 

ijP
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2. SIMULATION RESULTS 

For the model under consideration, we developed 

a computer program and carried out numerical exper-

iments. The following values of the basic parameters 

were used: the number of periods NT = 100; the num-

ber of iterations in each period, tmax = 150; the number 

of agents N = 5, 10, or 20; the number of cells M = 10 

or 30; the performance function parameters α1 = 10.0 

and α2 = 0.05; the learning rate β = 1.0; the “forget-

fulness” parameter γ = 0.8; the resource spent by the 

agent in each cell, ks = 0.3. The initial resources of all 

agents and the efficiencies of all cells were random 

and uniformly distributed on the range [0, 1]. Com-

puter simulations were carried out for several operat-

ing modes of the model: 

– mode 1 (without learning but with iterations), 

– mode 2 (with learning and iterations), 

– mode 3 (without learning and iterations), 

– mode 4 (with learning but without iterations). 

 

2.1. Convergence of iterative process 

Figure 2a,b shows the final total resource of the 

agents’ community depending on the number of itera-

tions in the last period (modes 1 and 2). The data were 

averaged over one hundred different calculations. 

Clearly, the iterative process in mode 1 converges 

quickly. In mode 2, the iterative process is convergent 

as well. 

Figure 3 presents the difference between the total 

resource obtained at iteration (t + 1) and during t itera-

tions in mode 2. According to the simulation results, 

the total resource of the agents’ community in this 

node is much higher than in mode 1; for details, see 

subsection 2.2. Due to this effect, the number of itera-

tions tmax was set equal to 150. 

 

2.2. Simulation results 

Now we demonstrate that in mode 2, the agents’ 

community accumulates a larger resource than in 

modes 1, 3, and 4. Figure 4 shows the total resource 

dynamics for the agents’ community in these modes. 

Clearly, the total resource of the agents’ community 

in mode 2 is much higher. At the same time, the total 

resource almost coincides in modes 3 and 4 (without 

iterations); in mode 1, the total resource slightly 

differs from that in modes 3 and 4. In modes 3 and 4 

(without iterations), the agent’s resource grows much 

slower than in those with iterations. Hence, we will 

analyze the modes with iterations only (modes 1 and 

2), comparing them with one another. 

 

 
 

 

 

 
 

Fig. 2. Total resource of agents’ community depending on the number 

of iterations (N = 5, M = 10, T = 100):  

(a) mode 1 and (b) mode 2. 

 

 

 

 

 
 

Fig. 3. Difference between the total resource obtained by agents’ 

community at iteration (t + 1) and during t iterations in mode 2  

with T = 100.  
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Fig. 4. The role of learning and iterations. Dynamics of community’s 

total resource (N = 5, M = 10, tmax = 150) in different modes:  

(1) without learning but with iterations, (2) with learning and iterations, 
(3) without learning and iterations, and (4) with learning but without itera-

tions. 

 

Thus, learning and iterations are effective only to-
gether. To explain this result, consider how agents 
rank cells in different modes according to formula (5). 
Let the most efficient cell be the one with the largest 
product kiRi0. First, we analyze the cell ranking proce-
dure in mode 1 (without learning but with iterations). 
Figure 5 shows the normalized estimates calculated 
by the agents for each cell at the last iteration tmax = 
150 of period T = 2. Clearly, the agents rank the cells 
in the same way: cell 7, most efficient, is followed by 
cells 3, 9, 2, 1, 6, 8, 5, and 4. Therefore, cell ranking 
is effective in mode 1. In this case, the agents do not 
compete with each other but cooperate: between itera-
tions, the contribution to the more efficient cell in-
creases synchronously for all agents. 

Now let us include learning in the model and con-
sider mode 2. Figure 6 shows the corresponding simu-
lation results: the cell rankings according to formula 
(5) are different for different agents. When learning is 
included, the cell ranking procedure is supplemented 
by the competition of agents. The agents having a 
greater contribution to a given cell displace other 
agents from this cell gradually, changing the degree of 
belief between periods. For example, agent 5 allocates 
his entire resource to cell 7 (the most efficient one). 
Agents 1 and 2 also allocate some shares of their re-
sources to this cell, but the picture will change over 
time (see Table 1): only agent 5 will stay in cell 7, 
whereas agent 1 will pass to cell 9, displacing the oth-
er agents from it.  

Next, we examine the agents’ distribution in cells 
in modes 1 and 2. First of all, note that each agent can 
select an arbitrary number of cells. In addition, if sev-
eral agents select the same cell, then each agent re-
ceives less resource from the cell (see formula (2)). 
As it seems, the agents benefit from being distributed  

 
 

Fig. 5. Normalized estimates of cells at last iteration in mode 1: 

tmax = 150 in period T = 2, N = 5, and M = 10. Agents are indicated on the 

diagram columns. 

 

 

 
Fig. 6. Normalized estimates of cells at last iteration in mode 2: 

tmax = 150 in period T = 2, N = 5, and M = 10. Agents are indicated on the 

diagram columns. 

 
in cells singly or in small groups. Figure 7a,b shows 
how many agents select each cell in two modes with 
iterations – modes 1 (without learning) and 2 (with 
learning) – in the last period T = 100. The agents’ dis-
tribution depends on their number and the number of 
cells as well. 

We begin with the case when there are twice as 
many cells as agents (Fig. 7a). Clearly, during the 
operation of the entire community in the mode with 
learning, exactly one agent selects each cell. As em-
phasized above, one agent can allocate his resource to 
several cells. Despite this opportunity, in the mode 
with learning, the agents are singly distributed in 
cells. This effect is achieved through iterations and 
learning. Here we observe self-organization in the 
community of agents. In the mode without learning, 
each agent allocates his resource to all available cells 
according to the estimates Аij. Clearly, each cell is 
selected by all ten agents. In this case, the resource 
allocated by an agent will depend on the cell’s effi-
ciency and resource. 
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Fig. 7. Distribution of agents in cells:  

(а) N = 5 agents and M = 10 cells, (b) N = 10 agents and M = 10 cells. 

 
Now consider the case when the numbers of cells 

and agents coincide (Fig. 7b). In this case, the agents 

in the mode with learning are distributed in cells in 

small groups: one, two, or three agents per cell. In the 

mode without learning, the agents allocate their re-

sources to the cells similarly to the previous case. 

Increasing the number of agents and cells, we ob-

tain results similar to Fig. 7; see Fig. 8. The agents’ 

distribution is considered in the last period T = 100. 

Clearly, due to self-organization and learning, the 

agents can be distributed in small groups of one, two,  

 
 

Fig. 8. Distribution of agents in cells: N = 20 agents and M = 30 cells. 

 

or three agents per cell. In contrast, in the mode with-

out learning, each agent allocates a share of his re-

source to each cell available. Moreover, more agents 

select more efficient cells. (In the experiment under 

consideration, these are cells 1, 2, and 20.) 

Consider mode 2 (with learning) to investigate the 

agents’ distribution in cells when there are more cells 

than agents (M = 10 and N = 5). The resulting distri-

bution is presented in Table 1. The rows are sorted in 

the descending order of the initial resource of the 

agents. 

Due to self-organization, the agents select disjoint 

cells; see the last column. In addition, two agents (2 

and 3) allocate their resources to several cells. Note 

that agent 3, having the smallest initial resource, 

chooses less efficient cells with a smaller value of the 

product kiRi0. According to Table 1, all other agents 

select cells with a greater value of this product. At the 

same time, the agent with the maximum initial re-

source has a better chance of capturing a more effi-

cient cell in the competition. The agent with the least 

resource (in this experiment, agent  3) obtains less 

efficient cells. Despite this fact, as the result of the 

operation of the entire community, the total resource 

of agent 3 becomes greater compared to agent 5 

choosing the most efficient cell. This phenomenon 

can be explained as follows. Agent 3 allocates re-

sources to a larger number of cells, and since none 
                                                                                                                                        

Table 1 

Distribution of agents in cells 

Agent 
Agent’s initial 

resource 

Efficiency of cells selected by 

agent 
Cell resource Cells selected by agent 

5 0.94 0.97 0.72 7 

1 0.54 0.57 0.99 9 

2 0.48 0.66. 0.64 0.67. 0.83 2, 3 

4 0.33 0.91 0.27 10 

3 0.25 0.86. 0.08. 0.02. 0.23. 0.15 0.24. 0.21. 0.73. 0.92. 0.96 1, 4, 5, 6, 8 
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Fig. 9.  Dynamics of agents’ resources in mode 2, N = 5 and M = 10. 

 

else chooses these (less efficient) cells, the entire re-

source generated by these cells is taken by agent 3. 

The results are shown in Fig. 9, where curves 1–5 in-

dicate the resources of the corresponding agents from 

Table 1. 

Thus, learning and iterative information exchange 

reduce the number of agents in a separate cell due to 

their competition. The agents with a greater initial 

resource choose more efficient cells, i.e., the ones 

with higher estimates in the iterative process. Since 

the new resource generated by a cell is distributed 

among all agents proportionally to their contributions 

to it, the agent with the greatest contribution will have 

the maximum return. Accordingly, his belief to this 

cell will increase more compared to the other agents 

allocating their resources to it. The situation described 

above will be repeated in the next period: it will be 

beneficial for other agents to choose less efficient dis- 

places all other agents from a more efficient cell. The 

rest of them are distributed in the remaining cells, 

considering their estimates during the iterative infor-

mation exchange. This case applies to a situation 

when there are significantly more cells than agents. If 

the numbers of cells and agents coincide, one or more 

agents may stay in more efficient cells. 

Also, an interesting case is when all cells have the 

same efficiency and the same resource. For example, 

let these values be equal to 0.9 for all agents, N = 5, 

and M = 10. The observations were carried out for the 

period T = 100. According to the simulation results, 

the agents cannot be distributed in cells. Each agent 

allocates a share of his resource to each of the availa-

ble cells. This effect occurs because all estimates and 

degrees of belief are the same, and each agent allo-

cates his resource uniformly to all possible cells. This 

problem can be solved by randomizing the initial de-

grees of belief dij. Then the simulation results show 

that the agents are singly distributed in each cell. In 

this case, the competition is specified through the de-

grees of belief: it does not matter which cell an agent 

chooses. For clarity, Table 2 presents the belief matrix 

of the agents obtained in the last period T = 100. 

Clearly, each cell contains one agent (see the last col-

umn of Table 2). However, some agents select several 

cells, e.g., agents 1, 4, and 5.  

Figure 10 shows the total resource of the agents’ 

community depending on the period T in the two cas-

es described. Clearly, when the agents are distributed 

singly in each cell, the total resource of the entire 

community is higher. 

 
Table 2 

Belief matrix of agents 

Cell 

Agent  

Number of agents 1 2 3 4 5 

1 0.00 0.00 0.00 0.00 0.52 1 

2 0.00 0.00 0.00 0.00 0.52 1 

3 0.00 0.52 0.00 0.00 0.00 1 

4 0.00 0.00 0.00 0.52 0.00 1 

5 0.00 0.00 0.52 0.00 0.00 1 

6 0.00 0.00 0.00 0.00 0.52 1 

7 0.00 0.00 0.00 0.52 0.00 1 

8 0.52 0.00 0.00 0.00 0.00 1 

9 0.00 0.00 0.00 0.00 0.52 1 

10 0.52 0.00 0.00 0.00 0.00 1 

Number of cells 2 1 1 2 4 10 
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Fig. 10. Dynamics of agents’ resources in mode 2 with N = 5, M = 10, 

and ki = 0.9. 

 
We also examined the effect of significant pa-

rameters (the learning rate β and the “forgetting” pa-

rameter γ) on the model’s behavior. 

Figure 11 shows the community’s total resource 

depending on the “forgetfulness” parameter γ for β = 

1.0 in the period T = 100. The best results were ob-

served for β = 1.0 and γ = 0.8. 

 

 
 

Fig. 11. Community’s total resource in mode 2 depending on parame-

ter γ for β =1.0. 

 

 

CONCLUSIONS  

The previous research into collective behavior 

processes [12–14] was focused on the interaction of 

different agents (investors and producers) in a trans-

parent environment. Simultaneously, a simple attempt 

was made to learn investors by adjusting their degrees 

of belief to producers. However, this attempt was un-

successful: learning did not significantly increase the 

resource of the economic community. In this paper, 

the previous versions of the models have been devel-

oped. The rule of interaction between the model’s el-

ements (particularly between cells and agents) has 

been modified by introducing an additional consump-

tion of the agent’s resource for interaction with other 

agents. As a result, the agent’s learning has become 

effective.  

According to the computer experiments presented 

above, this version of the model is operational. An 

important result of this paper is that under learning 

and iterative information exchange, the agents are 

distributed so that their number in each cell is small, 

and the total resource accumulated by the entire 

community is higher than in the model without learn-

ing and iterations.  

The proposed algorithm can be applied to collec-

tive behavior problems. The developed model can 

also be used to study competition and cooperation in 

economic and social sciences, in which these catego-

ries play an important role. 
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