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Abstract. In a large-scale multiagent system, agents are usually organized into
groups by the network and participate in tasks in units of groups. However, accord-
ing to the environment and task requirements, the original network relation is not
necessarily optimal, and an adaptive evolution of this relation is needed. There-
fore, a network relation adaptation method for grouped multiagent systems based
on Q-learning is proposed in this paper. Each group decides whether to change
neighbors and which neighbor to replace by evaluating local and global factors,
such as task completion rate, task participation rate, and average revenue. With
iterative learning, groups can converge at the optimal action strategy, and the
optimal network structure in the current environment can also be formed. The
simulation results show that compared with the network without relation adapta-
tion, the method presented in this paper can effectively improve the task allocation
success rate of grouped multiagent systems.
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1 Introduction

With the rapid development of self-organizing networks and agent technology, the coor-
dination of multiagent systems (MASs) has been widely studied. In the research on
cooperative MASs, task allocation is one of the most important topics [1].

Many previous studies used the method based on microtasks and decomposition,
such as Crowd Flower and TurKit [2]. In this method, complex tasks are decomposed
into simple tasks (i.e., subtasks), which are then allocated to agents independently. Then,
the results of all agents are combined by the controller to obtain the final result. This
method can simplify the complex task; however, it brings about a heavy decomposition
burden to the central node, and the optimal result of the tasks cannot be ensured [3].

The team-formation-based approach can reduce the load of the center and give full
play to the autonomous collaboration of MASs. When a task appears, the agent orga-
nizes or joins a team according to its own resources. Then, the task is executed when all
the task requirements are satisfied by the team. The agent in this model can coordinate
autonomously to assign tasks and can adapt to the failures of some agents and different
system scales, thus achieving great robustness. A smart factory model was presented in
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[4], where smart factory objects were defined as different types of agents, who could
achieve efficient collaboration with a self-organizing method based on big data. For
large-scale robots in intelligent logistics scheduling, the task allocation approach was
studied in [5]. The problem was established as a multiobjective optimization model,
and a hybrid algorithm was designed to achieve multiobjective competitive optimiza-
tion. Furthermore, the authors in [6] proposed a similarity-based method for MAS task
allocation, where the similarity between historical and new tasks was utilized to avoid
redundant computations and speed up the process of allocation.

In recent years, social networks and social teams have attracted the attention of
researchers, who take into account reputations and social relations. Team formation in
social networks was first presented in [7], with the aim of finding a social team that was
able to satisfy all task requirements while minimizing the cost of communication. Con-
sidering the selfishness ofmembers, amanagementmechanismof relation and reputation
was introduced in [8], which was able to greatly improve the quality of task allocation
and social sensing. In general, a large-scale MAS is often composed of several groups,
and agents cooperate better with members in their own group than with agents in other
groups. Therefore, a community-aware task allocation method was proposed in [9], in
which the agent could communicate only with the neighbors in its communities. This
community-based model was able to achieve better performance in task allocation com-
pared with previous approaches and reduce the computational load and communication
costs. The performance of this method is very close to that of the benchmark algorithm;
however, the computational and communication loads were reduced. Moreover, a task
allocation model for social multiagent groups was presented in [10], where multiple fac-
tors, such as capability, reputation, communication cost, and social background, were
comprehensively considered, and great performance was achieved.

The above research is considered under the condition that the network relation, that
is, the network topology, remains unchanged. In fact, the original network relation is not
necessarily optimal. Therefore, it is necessary to dynamically adjust the network relation
according to the tasks to fundamentally improve the system efficiency. Relation rewiring
is one of the most common network adaptation methods. For example, a self-organizing
mechanism was designed in [11] to enable the agent to adjust its relation, and high
levels of task allocation and utility maximization of each action could be achieved. On
the basis of the team formationmechanism, a reputation-based neighbor rewiringmethod
was proposed in [12]. Members would choose an agent with the highest reputation as a
new neighbor of their team and abandon the that agent with the lowest reputation among
their original neighbors. In [13], each agent updated the probability of cooperation by
aggregating local and historical information and rewired the links of defective neighbors
to other nodes. Furthermore, a composite self-organization mechanism of the agent
networkwas proposed in [14], which enabled the agent to dynamically adjust the relation
and weight with other members to achieve efficient task allocation.

However, the previous network adaptation methods considered only a single agent
and did not consider a grouped network in large-scale systems. Therefore, based on the
task allocation of grouped multiagent networks, the relation adaptation method based
on Q-learning is considered in this paper to improve the performance of task allocation.
The rest of this paper is organized as follows. In Sect. 2, the model of task allocation
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and relation adaptation in a grouped multiagent network is described. Then, the relation
adaptation method and algorithm based on Q-learning are presented in Sect. 3. Then, in
Sect. 4, experiments are conducted to verify the performance of the proposed method.
Finally, we conclude the paper in Sect. 5.

2 Model Description

2.1 Task Allocation in Multiagent Groups

Given a grouped MAS, MAG =< G, A, E >, where G = {G1, G2, ..., Gm} represents
the groups in the system, A = {a1, a2, ..., an} represents the set of agents, and eij ∈ E is
the relation between ai and aj. In the network system, an agent can belong only to one
group, and there must be a leader in each group who is responsible for communication
between groups (Fig. 1) .

Fig. 1. Groups in the multiagent network

The neighbor agents of ai are defined as Ni; then, eij = 1 if aj ∈ Ni and eij = 0
otherwise. Similarly, the neighbor groups of Gx are defined as NGx , and the relations
among groups can be represented by leaders. Furthermore, the communication cost
between ai and aj is defined as

cij =

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

θ

ci + cj
if eij = 1

∞ elsewise
(1)

where ci, cj represent the communication capabilities of the two agents, and θ = {1, 5}
is the coefficient. There is a low communication cost when the two agents are neighbors
in a group, and thus, θ = 1; when the two agents are the leaders of the two groups,
θ = 5.

Assume that there are l types of skills in the MAS, which are denoted as Skill =
{s1, s2, ..., sl} and that each agent has one skill Si ∈ Skill. The capability of agent ai
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when using its skill is defined as bi. There are several tasks T = {t1, t2, ..., tn}, and
the skill required by tk ∈ T is Stk . If all requirements of the task can be satisfied, then
a successful task allocation has been carried out. Then, the problem of task allocation
can be considered as choosing a group with the best performance to carry out the task.
However, it may be difficult for an agent group to perform a complex task independently,
and in such cases, the assistance of neighbor groups may be needed. Therefore, not only
the group self but also the relation context should be considered in task allocation.
The more high-quality neighbor groups a group has, the easier it is for it to find help
in performing a task. To achieve greater efficiency in a MAS, the factors that can be
considered in task allocation include the satisfaction of skill requirements, capability bi,
reputation Ri, and the communication cost.

The reputation mechanism is introduced in task allocation, where agents can accu-
mulate their reputations by successful task execution. The reputation mechanism can
improve the success rate and completion quality of tasks, thereby improving the group
efficiency of MASs. Suppose that each task has a budget, ρk , for reputation reward and
that the reputations obtained by agents are calculated from the contribution of each agent
and the quality of task completion [10]:

Ri = Ri + bi

|W (tk)|μk
ρkχk (2)

where bi is the capability of agent ai, W (tk) is the set of agents that participate in the
task, μk is the average capability of W (tk), and χk is the quality of task completion.

We propose a heuristic algorithm in [10] to address the problem of task allocation
for social multiagent groups and provide a detailed description and analysis. Since the
focus of this paper is the problem of network relation adaptation, the specific process of
task allocation is not described in detail here.

2.2 Relation Adaptation of Multiagent Groups

Since the leader agent has particularity compared with common agents in and between
groups, a hybrid network model is used in this paper, in which the characteristics of cen-
tralized and decentralized networks are combined. In the hybrid model, the information
of each agent is summarized by the leader, who is also responsible for coordination with
other groups. Meanwhile, task allocation within the group is still decentralized. More-
over, the hybrid model can reduce the load of leader agents in large-scale centralized
systems, and the problem of decisions in a decentralized model being uncontrollable can
be solved [10].

Relation adaptation is the self-organization of agent groups to adjust the network
relation in the absence of external instructions to obtain better task allocation efficiency.
The decisions made by the group for relation adaptation are called actions, and two
separate action types are defined in our model, where

Action = {adaption, no−action}
represent the relation adaptation of group networks and no action, respectively.
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Fig. 2. Relation Adaptation of Multiagent Groups

Definition 1: Relation adaptation of agent groups. An agent group breaks the relation
with one of its neighbor groups and establishes a new neighbor relation with another
group.

The action of relation adaptation is shown in Fig. 2, inwhich the dotted line represents
the original relation, and the thick solid line represents the newly established relation.
Since the agent group needs to find assistants from its neighbor groups to complete
complex tasks, the network relation of the group is particularly important. When a group
believes that a neighbor group cannot provide effective assistance according to historical
tasks, it will abandon that neighbor group and choose a new neighbor group. However,
if all groups tend to establish relations with the best group, then the distributed network
evolves into a centralized structure,which greatly increases the burden of communication
and decision making of leader agents. Therefore, to avoid this problem, an upper limit
for the number of neighbors should be set. When a group takes the action of adaptation
but the number of neighbors of the target group has reached the upper limit, the group
rewires its relation to its second-best target group.

3 Relation Adaptation Based on Q-Learning

Q-learning is well-understood and the most widely used reinforcement learning algo-
rithm [15]. This method is utilized in the relation adaptation of multiagent networks so
that each agent group can automatically and dynamically adjust the network relation in
the process of completing tasks to improve the performance of the MAS.

3.1 Stateless Q-Learning

The standard Q-learning method can be described as a Markov decision process (MDP),
where the aim of each agent is to find the optimal action strategy that maximizes the
expected future reward [16]. In Q-learning, all actions in each state correspond to a Q-
value, which is the expected reward that an agent can obtain after taking a certain action
in that state. Whenever an agent takes an action, the Q-value is updated according to the
reward of the current action until the estimated Q-value is approximately equal to the
actual future reward.

However, in large-scale scenarios, the action solution of each distributed agent
requires a long process of trial and error. Moreover, it is difficult to accurately define the
state in complex network systems, so standard Q-learning cannot be used to optimize
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the relation adaptation strategy. To address this problem, the standard Q-learning algo-
rithm was simplified to stateless Q-learning in [17], which can also achieve the expected
learning performance. In the problem studied in this paper, a complex network relation
cannot be clearly defined as a certain state, so relation adaptation can be regarded as a
stateless Q-learning process.

In stateless Q-learning, each agent group Gx updates its Q-value according to the
reward, the update equation of which is

Qx(act) ← Qx(act)
︸ ︷︷ ︸
old value

+α
[
rt

x − Qx(act)
]

︸ ︷︷ ︸
learned value

(3)

where act represents the action,α ∈ (0, 1] is the learning rate, and rt
x is the reward in the

tth learning.
Each time the agent group makes an action selection, the greedy strategy is used to

choose an action with the most expected reward; that is,

act = argmax
act⊂Action

(
Qx(act)

)
(4)

When the Q-values of two actions are equal, such as the initial condition where all
Q-values are 0, the group randomly picks one of the actions to try, thus continuing the
learning process.

In addition, the learning rate has an important influence on the convergence process
of Q-learning. We use the “Win or Learn Fast” (WoLF) method to adjust the learning
rate and achieve the convergence of the action strategy. The basic idea of WoLF is that
the agent should learn slowly when it is winning and learn fast when losing [19]. This
variable learning rate can be described as

α =

⎧
⎪⎨

⎪⎩

0.1 , rtx < 0

0.01 , rtx > 0 (5)

where the lower learning rate α is used for successful trials and the higher learning rate
α is used for failed trials.

3.2 Evolution Reward

In addition to the model and learning rate of stateless Q-learning, it is also necessary to
introduce an evaluation method to estimate the result of the action taken by the group.
Then, the reward function is designed as

rt
x = valueT

x − valueT−1
x (6)

where valueT
x is the evaluation of the MAS by group Gx in the T th iteration. It should be

noted that t here refers to the iteration times of a certain action, and T refers to the sum
of iteration times of two actions. It can be seen from Eq. (6) that if the system valuation
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decreases after an action is taken, then the trial of the action fails, and the reward is
negative.

The evaluation of the current network by group Gx is defined as

valueT
x = τ1ϕx + τ2ϑx

︸ ︷︷ ︸
local group

+ τ3φ + τ4β + τ5ψ︸ ︷︷ ︸
global

(7)

where ϕx is the task participation rate of Gx, ϑx is the average reputation of Gx, φ is the
task success rate, β is the average task completion quality, ψ is the inverse of average
communication cost in tasks, and τ1, τ2, τ3, τ4, τ5 are coefficients.

It can be seen from Eq. (7) that the evaluation of the system depends on two aspects:
thefirst two items are considered from the local perspective of thegroup,which represents
its own benefit, and the last three items are considered from the global perspective, which
represents system efficacy. This evaluation method means that the agent group should
not only improve its own benefits but also have the overall consciousness to realize
win–win cooperation between the part and whole.

3.3 Algorithm of Relation Adaptation

Algorithm 1 is designed to adjust the relation between groups. First, the parameters and
Q-values need to be initialized, and then, the action decisions and iterative evolutions are
carried out by agent groups within the iterative time Td . The leaders of each group make
action decisions according to the Q-value. If relation adaptation is selected, then the
method of second-order neighbor rewiring can be used for evolution. The second-order
neighbors can be described as

N 2
Gx

= ∪
Gy⊆G

NGy − NGx − Gx (8)

That is, the second-order neighbors are the neighbors of a group’s neighbors.
However, it should be noted that if a group directly abandons a neighbor and connects

to a second-order neighbor without considering the relation between the new and old
neighbors, then it easily leads to global topology disconnection. Therefore, the method
of second-order neighbor recommendation is used in relation adaptation here (Lines 11–
15). Group Gx first selects neighbor Gr , who has the lowest reputation, as the neighbor
to be abandoned; then, the new neighbor is recommended by Gr among its neighbors.
The candidate set of new neighbors is

N re
Gr

� = N 2
Gx

∩ NGr (9)
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The group with the highest reputation in the candidate new neighbor set will be the
new neighbor of Gx, where the reputation of a group is the sum of the reputations of all
its agents. Global topological connectivity can be ensured with the method of second-
order neighbor recommendation. In Line 12 of Algorithm 1,

∣
∣NGy

∣
∣ represents the number

of neighbors of group Gy, and size−neigh is set as the upper limit of neighbors. Here,
size−neigh is utilized to avoid all groups tending to establish relations with the best
group, which increases the burden of communication of the group leader. After each
action decision, the system executes k tasks and updates the Q-value to optimize the
action strategy.
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It is known that second-order neighbor recommendation is a special case of second-
order neighbor rewiring. Since the group communicates only with the recommender
(i.e., the abandoned neighbor), there is no need to find new neighbors in all second-order
neighbors. Therefore, while ensuring global connectivity, the communication cost of
relation adaptation can also be reduced by the proposed method.

4 Experiments and Analysis

We conduct experiments to verify the performance of the proposed algorithm for relation
adaptation. There are 160 agents in our experiments, which are divided into 16 groups
at random, and the upper limit of neighbors is set to 8. The initial network is randomly
generated and guaranteed to be connected.

There are 15 types of skills defined in the experiment. Based on these skills, 500
tasks are created, with each task containing 15 skill requirements. The agent has a skill
randomly, and the capability is determined by a normal distribution N (μ0, σ

2
0 ), where

μ0 = 10 and σ0 = 2. The reputations of agents are 0 at the beginning. Besides, the
reputation budget of each task is set to 10, and the expected agent capability of each
task is Bk = μ0. In the experiment, agent groups execute relation adaptation and update
Q-values after every 50 tasks. All the factors are considered equally in this paper, so the
parameters are set as τ1 = τ2 = τ3 = τ4 = τ5 = 1.

Fig. 3. Initial topology of the MAS

To show the performance advantages of the network adaptation, we compare and
analyze task performance after adaptation and that without adaptation. The initial net-
work relation is shown in Fig. 3, and the network relation after adaptation with 500 tasks
is shown in Fig. 4. The success rate of task allocation is shown in Fig. 5, and it can be
seen that the success rate of the MAS is significantly improved after relation adaptation.
In addition, we also analyze the communication cost of tasks. From the result in Fig. 6,
there are lower communication cost after relation adaptation than that without adapta-
tion. Therefore, the network relation adaptation proposed in this paper can effectively
improve the efficiency of task allocation for MASs.
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Fig. 4. Adapted topology of the MAS
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Fig. 5. Success rate of task allocation with relation adaptation and that without adaptation



Relation Adaptation in Task Allocation 6135

0 50 100 150 200 250 300 350 400 450 500
Task Number

0

10

20

30

40

50

60

70

C
om

m
un

ic
at
io
n
C
os
t

Task Allocation without Evolution
Task Allocation with Evolution

Fig. 6. Communication cost of task allocation

5 Conclusions

This paper addresses the relation adaptation of grouped multiagent networks. According
to the environment and task requirements, the original network relation is not necessarily
optimal. Therefore, a network relation adaptation method for grouped MASs based on
Q-learning is proposed in this paper. Each group decides whether to change neighbors
and which neighbor to replace through system evaluation and iterative learning, thus
allowing for the optimal network structure to be formed. Furthermore, the results of the
experiments show that the method proposed in this paper can effectively improve the
success rate of task allocation for grouped MASs .
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