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Many problems in real world could be formalized as the multi-stage and multi-objective optimization problems
(MOP) where there exist mutual conflicts among the objective functions. It is said that people hard to find a
compromise solution without a sufficient number of solutions as the candidates. Thus, we propose a method to
find the pareto-optimal exhaustively. Our approach is based on multi-objective reinforcement learning (MORL)
because the real-world problem requires multiple action-sequences until getting the reward. We evaluate our
proposed method by applying it to ”waste collection problem” where there are two conflicting objective functions,
”capacity of collecting vehicles” and ”time”.
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Algorithm 1 Value Iteration

Initialize array Q arbitrarily (e.g., Q(s, a) = 0 for all s, a)

while Δ > θ (a small positive number) do

Δ ← 0

for s ∈ S, a ∈ A do

q ← Q(s, a)

Q(s, a) ← maxa

∑
s′ P

a
ss′ [R

a
ss′ + γQ(s′, a′)]

Δ ← max(Δ, |q −Q(s, a)|)
end for

end while

return π(s, a) = arg max
a

Q(s, a)

π

2.1.1

MDP Markov Decision Process

st+1 ∈ S
st at

MDP

MDP

MDP s a

s′ P a
ss′ (1)

P a
ss′ = Pr

{
st+1 = s′ | st = s, at = a

}
(1)

P a
ss′ (2)

s a

Ra
ss′ = E

{
rt+1 | st = s, at = a, st+1 = s′

}
(2)

2.1.2

V ∗

Q∗ Q∗ (3)

Q∗(s, a) = max
a

∑
s′

P a
ss′ [R

a
ss′ + γmax

a′ Q∗(s′, a′)] (3)
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Algorithm1

2.2

( )

[ 07]

n m

fi(x1, x2, . . . , xn) (i = 1, 2, . . . ,m)

l

gj(x1, x2, . . . , xn) ≥ 0 (j = 1, 2, . . . , l)

fi(x)

2.2.1

2.1 ( ) y1, y2∈ Rm

y1 < y2 ⇔ y1
i < y2

i , ∀i = 1, . . . ,m

y1 � y2 ⇔ y1
i < y2

i , ∀i = 1, . . . ,m

y1 ≤ y2 ⇔ y1 � y2, y1 
= y2

2.2( ) f(x̂) ≤ f(x) x ∈ X

x̂

2.2.2

(MOMDP Multi-Objective MDP)

MDP MDP

MOMDP

s ∈ S
a ∈ A s′ ∈ S
r(s, a) = [r1(s, a), r2(s, a), . . . , rm(s, a)]

m

2.2.3

MOMDP

MOMDP
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3.

3.1

M ×N

L M,N,L

1 M = 10, N = 11, L = 10

S Gi(i = 1, 2, . . . , 10)

1

1 { }

12

10 × 11

210 112, 640

3.2

2

(4)

rg (5) rt

rg =

{ ∑10
i=1 RiWi if (x, y) = (1, 1)

0 otherwise
(4)

rt = −1 (5)

rg

0 Ri

Wi {0, 1} 0

1

rt 1 −1
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Algorithm 2 Pareto Front Value Iteration

Initialize Q̂(s, a) arbitrarily ∀s, a
while not converged do

for s ∈ S, a ∈ A do

Q̂(s, a) ← E[r(s, a) + γPareto
⋃

a′ Q̂(s′, a′)|s, a]
end for

end while

return Q̂

3.3
(VRP

vehicle routing problem) [ 02] VRP

(depot)

VRP

[ 02]

4.

4.1 Pareto Front Value Iteration
Pareto Front Value Iteration(PFVI)[ 17]

Step 1 Q

Step 2 Q

Q

Q

PFVI Q

Q

PFVI

Algorithm2 PFVI Q

Q q1 ≤ q2 q1

q2 Q̂(s, a) s a

Q Q̂(s, a) (6)

Q̂(s, a) = E[r(s, a) + γPareto
⋃
a′

Q̂(s′, a′)|s, a] (6)

Pareto Q⋃
a′ Q̂(s′, a′) s′ a′

Q̂(s, a) Q

PFVI Q

(7) Q

TQ(s, a) = min
q∈Q̂(s,a)

max
i=1,...,m

wi · |qi − z∗i | (7)

z∗i qi (7)

Q̂(s, a) Q wi ∈ [0, 1]

Q

wi

∑m
i=1 wi = 1

4.2

Step 1

Step 2

Step 1

Step 2

Step 3

Step 1

PFVI Step 2

5.

5.1
1 10 × 11

10

γ = 0.99 Ri = 1 (i =

1, 2, . . . , 10) Q̂(s, a) 1.0×10−5

Q 1.0×10−2

5.2
2

3

w1 10

PFVI
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5.3
5.3.1

2

25

5 2

8

5.3.2

4

2

(a)1

(b)

(a)

1 (b) 2
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