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Abstract—Many real-world tasks require making sequential
decisions that involve multiple conflicting objectives. Further-
more, there exist multiple decision-makers, called multiagent,
each of whom pursues its own profit. Thus, each agent should
take into account the effect of other agents ’ decisions to
reach a point of compromise. For example, each agent decides
with thought of other agents ’ behavior in the decision of
selecting the faster driving route to the destination, selecting a
supermarket checkout line, and so on. For solving a sequential
multi-objective decision problem, a multi-objective reinforcement
learning (MORL) approach has been investigated.

However, current research on MORL cannot deal with the
multi-agent system where existing agents are influenced one
another. Therefore, in this study, we expand the conventional
multi-objective reinforcement learning by introducing the idea
of multi-objectivization with dynamic weight setting of other
decision-makers. In an experiment, our proposed model with
dynamic weight can express the cooperative behaviors that
seems to be considered other decision-makers in the multiagent
environment.

Index Terms—multi-objective decision-making, reinforcement
learning, dynamic weight, multi-objectivization

I. INTRODUCTION

Many of the decision-making is multi-objective decision-
making. For example, when driving to a destination, a
decision-maker determines the route, considering speed and
cost. However, since there are multiple decision-makers
in the real world, they decide the route also considering
the crowded situation. The objectives considered in multi-
objective decision-making can be roughly divided into “indi-
vidual objectives” such as speed or cost and “objectives con-
sidering others” such as crowded situation. In the real world,
as decision-makers have the objective considering others not
only individual objectives, each decision-maker often takes
cooperative actions while interacting each other.

Multi-objective decision-making can be generally modeled
by Multi-Objective Reinforcement Learning(MORL). How-
ever, because conventional MORL assumes only one decision-
maker, it is difficult to model decision-making considering oth-
ers. Therefore, in this study, we expand conventional MORL,
model the phenomena of the whole system where decision-
makers interact with each other. In expanding MORL, we
use two approaches, multi-objectivization, and dynamic weight

setting. The first multi-objectivization is the process of replac-
ing a single objective problem with a multi-objective problem
to solve the original problem better. In multi-objectivization,
there are two ways, decomposing the original objective or
adding the extra objectives. This study models phenomena
in the real world by adding the objectives considering others
to individual objectives by multi-objectivization. The second
dynamic weight is the altering weight of a decision-maker
depending on the situation. In the real world, the influence of
each other causes the weight to alter sequentially. Therefore,
introducing dynamic weight setting enables the modeling of
phenomena. In the experiment, we used the Deep Sea Treasure
environment, which is a benchmark of MORL. Here, by intro-
ducing multi-objectivization and dynamic weights, we could
confirm the cooperative behavior decision-makers disperse.

The contribution of this paper is that proposed method can
model selfish or cooperative action, and balanced action of
each agent. Then that enables modeling of complex behavior
in multi-agent domain.

II. PRELIMINARIES

A. Reinforcement Learning

Reinforcement Learning(RL) is method for obtaining opti-
mal control performance through trial and error in an unknown
environment[1]. RL is an algorithm that assumes MDP.

1) MDP: The Markov Decision Process (MDP) is a math-
ematical model for the dynamic optimization of stochastic
systems with Markov properties in state transitions. MDP
is defined as ⟨S,A,R,P, γ⟩. S represents a state set, A
represents an action set, R represents a reward function, P
represents a transition probability set, and γ represents a
discount rate. At time t, the agent observes the state st ∈ S,
and selects the action at ∈ A based on its own policy πt. After
that, at time (t+1), st and at transition to the next state st+1

by a certain probability, and reward rt+1 is obtained. Generate
a value function from the received reward, and use that value
to learn a policy π, which is the probability of selecting a
possible action a from the state s.

2) Optimal Policy: The agent does not have know reward
function R and state transition probability P beforehand.
About the state when the time is t, the evaluation is made
based on how much the reward can be obtained by the end



of the task. The state value function represents the expected
reward when following the policy π from the state s.

V π(s) = Eπ

{ ∞∑
k=0

γkrt+k+1

∣∣∣∣∣ st = s

}
(1)

The value function of state action pair(s, a) is defined Q(s, a).
Qπ(s, a) in Eq(2) represents the expected reward when fol-
lowing the policy π after taking action in state s. The optimal
action value function Q∗(s, a) is the expected value of dis-
counted reward for an infinite period when continuing to take
the optimal policy after executing action a in state s.

Qπ(s, a) = Eπ

{ ∞∑
k=0

γkrt+k+1

∣∣∣∣∣ st = s, at = a

}
(2)

Q∗(s, a) =
∑
s′

P a
ss′ [R

a
ss′ + γmax

a′
Q∗(s′, a′)] (3)

B. Multi-objective Reinforcement Learning

Multi-objective reinforcement learning is an algorithm for
finding Pareto optimal policies assuming MOMDP.

1) MOMDP: Multi-objective Markov decision
process(MOMDP) is an environment that extends MDP
to multi-objective problems, defined as ⟨S,A,R,P, γ⟩. The
difference of MDP is that R : S ×A → Rn is reward vector,
n is the number of objectives.

2) Pareto Optimal Policy: In MOMDP, since the reward
is a vector, the state value function is also a vector. If the
following (4) formula holds, π is a Pareto optimal policy[2].

∀i, V π
i ≥ V π′

i ∧ ∃i, V π
i > V π′

i (4)

C. Multi-objectivization

The multi-objectivization of a problem is the conversion
of a single-objective problem to a multi-objective problem to
improve performance on the original objective, as measured
by solution quality, time to solution, or some other measure[3].
There are two approaches in multi-objectivization : either
through the decomposition of the original single objective or
through the addition of extra objectives. We define MOMDP
p, π belonging to the Pareto front S ∗

p , and expected discount
cumulative reward Jπ , the following relationship holds.

π ∈ S ∗
p ⇔ ∃o ∈ Op,∀π′ ∈ Πp : Jπ

o + ϵo ≥ Jπ′

o (5)

ϵo is a constant representing the preference of the system
designer, Op is the objectives set, and Πp is the policies set
that can be obtained by MOMDP. A comparison of MOMDP
and CMOMDP is shown in Fig.1. The blue point in Fig.1 is
Pareto optimal policy. The difference with MOMDP is that
there is almost no trade-off between objectives. Formally,

p ∈ CMOMDP⇔ ∀o ∈ Op : max
π∈S ∗

p

(Jπ
o )− min

π′∈S ∗
p

(Jπ′

o ) ≤ ϵo

(6)

Fig. 1. MOMDP and CMOMDP

III. RELATED WORK

This chapter introduces related work on multi-
objectivization and dynamic weight. Multi-objectivization
is defined by Knowles, and Knowles applied this approach
to the local search method, the hill climbing method [4].
By introducing multi-objectivization to the hill climbing
method, more freedom to explore, and it is possible to
obtain a more optimal solution without falling into a local
solution. Multi-objectivization has been mainly used to
improve computational efficiency in the study of evolutionary
computation. In reinforcement learning, Brys et al. introduced
this approach to speed up learning[5]. Brys et al. applied
multi-objectivization in two reinforcement learning tasks, the
path search problem, and the Mario game. That paper, by
combining the correlated objectives well, speeds up learning,
improve the performance, and demonstrated the usefulness
of multi-objectivization [7]. In dynamic weight, Kallstrom et
al. adjusted the agent’s weight to construct an agent-based
simulation that meets the needs of the user[8]. Also, Brys et
al. proposed an adaptive objective selection that considers the
most reliable objective in each state if action is a probability
distribution[9]. So far in dynamic weight, there is no study
on the assumption that the weight alters under the influence
of other agents, as far as we know. Therefore, in this paper,
we propose dynamic weight by the actions of other agents.

IV. TARGET PROBLEM

The types of decision-making can be classified into three
axes: the number of objectives, decision-making, decision-
makers. This paper deals with multi-objective sequential
decision-making problems in a multi-agent domain. In general,
multi-objective sequential decision-making problems can be
solved by multi-objective reinforcement learning, assuming
MOMDP. Table II shows typical methods using multi-objective
reinforcement learning. In this study, we use the Weighted Sum
method, it is a single-policy approach that obtains one policy
in learning, and the scalarization function linear[10].

TABLE I
ALGORITHM OF MULTI-OBJECTIVE REINFORCEMENT LEARNING

linear non-linear
single-policy Weighted Sum Chebyshev scalarization

multiple-policy Convex Hull Pareto Front
Value Iteration Value Iteration



V. APPROACH

A. Dynamic Weight
We define objectives set O owned by a decision-maker;

objectives set Oold to consider in decision-making. Also,
define objectives set Oadd added by multi-objectivization, and
objectives set Onew to newly consider in decision-making. The
relation of each objective set is shown in the equation (7).

Oold ⊂ O +Oadd ⊂ O = Onew ⊂ O (7)

The relationship between wold, wadd, and wnew by multi-
objectivization is shown below. The weight wold for the
objectives originally considered is indicated by multiplying the
tenacity αj . When a decision-maker consider a new objective,
the value of αj is large if you cling to objective j. Otherwise,
the value is smaller.wadd is a function of state. In this paper,
this state relates to other agents.

wnew =

{
wj,old ← αjwj,old (

∑
j αj = 1)

wadd = f(s) (
∑

wnew = wold + wadd = 1)

B. Multi-objectivization
We introduce the proposed algorithm based on MORL about

multi-objectivization by other agents. The proposed algorithm
is shown in Algorithm 1. First of all, there are three inputs
in this algorithm, the first is MDP or MOMDP, the second is
agents set, and the third is a weight set with the weight of each
agent as an element. In the forth and subsequent lines are the
learning of each agent. In the rough learning flow, the turn in
which each agent learns is determined in line 5, and learning
is performed in each turn. Therefore, in this approach, two or
more agents do not learn at the same time. The subscript i
of agentτi is the identification number of the agent, and the
superscript τ is the turn in which agenti learns. One episode
is that all agents learn once. When one episode is over, the
turn in which each agent learns is determined again, and the
learning is performed again in that order. This is repeated until
the E episode. The 12th and 13th line of this algorithm is
the most critical point during learning. Here, by transforming
into a CMOMDP through multi-objectivization by πagentτi the
dynamic weight described in Section V is performed.

Algorithm 1 Proposed algorithm
1: Input：MDP or MOMDP Agent = {agent1, agent2...agentn}

W = {wagent1
old ,wagent2

old , ...,wagentn
old }

2: E : The maximum number of episodes
3: M : The number of objectives N : The number of agents
4: for h = 0 to E do
5: Randomly determine the turn τ of agenti
6: for τ = 1 to N do
7: repeat
8: r(s, a) =

∑M
j=1 w

agentτi
j,old rj(s, a)

9: Q∗ = Qagentτi

10: Q∗(s, a)←
∑

s′ p
a
ss′ [r

a
ss′ + γmaxa′ Q∗(s′, a′)]

11: until S is terminal
12: Output：πagentτi

13: Transforming into a CMOMDP through multi-objectivization
14: Altering weight wagentτ+1

old ← wagentτ+1

new

15: end for
16: end for

Fig. 2. Experiment environment

VI. EXPERIMENT

A. Experimental Setting

We use a Deep Sea Treasure(DST) environment[11] ex-
panded in three dimensions for experiments. The experimental
environment is shown in Fig.2. The right of the Fig.2 is a
figure looking from the top and the right. The blue cells
represent the sea, the black cells represent the seabed, and
gray cells represent treasures. The action of the submarine
is to move one cell in six direction. In this experiment, the
number of agents operating the submarines is set to 30, and
when one submarine gets a treasure, the next submarine starts
searching from the start. If a submarine gets a treasure that
has already been gotten by more than one, an extra step is
added in the z-direction. Table II shows the correspondence
between reward and weight of each objective. In conventional
DST environment, the objective of the agent is to minimize
the number of steps to the treasure and to maximize the value
of the treasure. In this experiment, the minimization of the
number of steps is decomposed into the minimization of the
number of steps (x,y-axis) and the number of steps(z-axis).
The discount rate of γ is 0.95.

B. Preliminary Experiment

In the preliminary experiment, we studied which treasures
to select by altering the weights of w1 and w2 exhaustively.
The treasures from the start are defined X1, X2, ..., X5, and
the results are shown in the table III. In this experiment, under
this result, wagenti

old of each agent is set with the probability
of P (X) shown below the table.

TABLE III
RANGE OF WEIGHTS FOR EACH TREASURE

X1(0.5) X2(28) X3(52) X4(73) X5(81)
w1,old [0.93,1] [0.91,0.92] [0.89,0.9] [0.81,0.88] [0,0.8]
w2,old [0,0.07] [0.08,0.09] [0.1,0.11] [0.12,0.19] [0.2,1]
P (X) 0.4 0.3 0.1 0.1 0.1

C. Evaluation Method

wagenti
add is a function of state. This experiment divides the

state into the following three cases. The left of Fig.3 shows
the relationship between the turn the agent learns and the
weight wadd. The first is the Crowded or uncrowded of each
treasure. Crowded or uncrowded of the treasure determine by
the number of agents that got the treasure. If one treasure



TABLE II
REWARD AND WEIGHT OF EACH OBJECTIVE

Oold Onew reward weight

minimize the number of steps
minimize the number of steps(x,y-axis) −1 each step

w1,old

minimize the number of steps(z-axis)(Oadd) wadd

maximize the value of treasures maximize the value of treasures value of treasure or 0 w2,old

Fig. 3. Experiment result

is crowded, set the weight wadd to a constant value. This
case, after one treasure is crowded, the value of the weight
is constant. The second sets the state as own turn τ . η is
proportional constant, and N is the number of agents. This
weight set is a setting in which the weight wadd increases in
proportion to its own turn. The third is the variance of other
agents. The agent observes the variance of other agents who
have selected each treasure. If the variance exceeds a certain
value, set the weight wadd to a constant value.

1) Crowded or uncrowded

wagenti
add =

{
k1 (crowded)

0 (uncrowded)

2) Own turn
wagenti

add = η
τ

N

3) Variance of other agents

wagenti
add =

{
k2 (σ2

τ−1 > ι)

0 (else)

In this experiment, we set 5 agents as the border whether
crowded or uncrowded in the first setting. η in second setting
is 0.5, ι in third setting is 1. In this experiment, we evaluate
the agent’s variance value for the two objectives before multi-
objectivization and the three objectives proposed in this study.
Here, if the variance value is small, it can be said that each
agent considers other agents.

D. Results

The experimental results show at the right of Fig.3. The
horizontal axis of the graph represents the turn of learning,
and the vertical axis represents the variance in that turn. We
divided the setting of the state and the weight into three types
and conducted experiments. From these experimental results,
the agents dispersed and make them uncongested in each case.
The acquired behavior of agent with our proposed method,
considerable and cooperative behaviors have been emerged.
Specifically, when the nearer location of treasure was already
occupied and crowded, agent seems to decide to take farther
treasure to avoid crowds.

VII. CONCLUSION

This study deals with sequential and multi-objective de-
cision environment where exists multiple decision-makers
interact with each other. In this study, we expand MORL
by two approaches, multi-objectivization and dynamic weight
setting. We added objectives considering others thorough
multi-objectivization and proposed a dynamic weight setting
depending on others. In the experiment, we introduced multi-
objectivization by adding other agents in DST environment,
which is conventionally single agent environment. Moreover,
by adding the dynamic weight setting according to the selec-
tion of other agents, we realized the cooperative action which
considered other agents.
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