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Effective Policy Search Method for Robot Reinforcement
Learning with Noisy Reward
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Abstract: Robots are widely used in industries and services. Traditional robots have been used to
perform repetitive tasks in a fixed environment, and it is very difficult to solve a problem in which the
physical interaction of the surrounding environment or other objects is complicated with the existing
control method. Reinforcement learning has been actively studied as a method of machine learning to
solve such problems, and provides answers to problems that robots have not solved in the conventional
way. Studies on the learning of all physical robots are commonly affected by noise. Complex noises,
such as control errors of robots, limitations in performance of measurement equipment, and complexity
of physical interactions with surrounding environments and objects, can act as factors that degrade
learning. A learning method that works well in a virtual environment may not very effective in a real
robot. Therefore, this paper proposes a weighted sum method and a linear regression method as an
effective and accurate learning method in a noisy environment. In addition, the bottle flipping was
trained on a robot and compared with the existing learning method, the validity of the proposed

method was verified.
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[Fig. 3] System diagram
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[Fig. 8] Result plot of learning bottle flipping task using finite
difference method, filled markers indicate successful cases
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ol Qlek gaahs M 917EE7] wliol] A (6) 7 ko] A&
ALt 4= QITk o] WP O R B B S AR S S 1 4
G 0FE T2 5 Ak by, S AF FHARZ A A
o) 7} Al B2) ) o1 Gradient o5 L3I, d= [b,.-.b,]
= 1m0]29] GRS ghslalo] ok g wako 2 o)
g AN E Aolekar 7] ek 4 gl

Fpyp) = Db+ (6)

A 319 o2 nE FelRe 9458 A9k [Fig
0]} ek 745 B e ) 2
itk [Fig. 919) 715 & .02 %5 Aol hbrb 2
12go] Hggkel £ T A WS

=]

=150

©Linear rcgrcs-:innl

-200 - -
0 20 40 60 80 100 120 140 160 180
count

0 : -

ward

= -100

!

T

-150

&-Linear regression

o 20 40 60 80 100
count

=50+

z -100 |

reward

-150

- Linear regression

=200
0 20 40 60 80 100

count

[Fig. 10] Result plot of learning bottle flipping task using linear
regression method, filled markers indicate successful cases



6 =353 =8 A 4178 A5 (2022.3)

44 B

RO Al 230l 48t 35S el AT 6%
Sh el A Qi mke] A} vtold WISk Byl
Ao Fol= E L AL

A7 e 2320 A3k 8% ATES 145, 14
o ZRIFE o] FolA] ghor] 24] B vhs- s
wHSol 4 7102 Q1% o] 2] Qg & 3elshA ek 3

o
ot
ol

fa M
i
b
o
[N -
o rloomr oo o

inh
ol
N
&2
fl
ok
it
o
inj
E
gl
o
f)
o
N
o
=)
O,
'.._‘!.J
q@

—_
—_—

uJ
3
z
i)
lo,
ol
¥
B

2
i
o
59
Y
(o]
N
&
o I

o
= o

>

.

=2

X

ul\)

O\ m

HPH 0 2 143 )
71 Aot}

L2 o zE P N N Kooy &

ox ox flo ZE
>
o
o
il
f
i
[
ISACY
ol
tjo
ox
ol
>
b}
k]
%,
ot
Sote
=t
1o
ol

)
=
=1
ol
o
Q2
i
it
X,
o
o
>,

okl of
g
o,

rlr

o

ok

Wi

e

i)
e
o

oo
ok

o)
r oo

o

) e
i
P
i)
[o
o
ofo
ot
oL
= o
oft
x,
rlo
i
z
i)
2
=2
>
H
o
IN
fru

ro,

%
[0 i
IF oz
oF o2
Sl
o
b
(E oy

2 >
=~

-y

oy O

ol

N

o2

Ea
a5y
i

AR
Al
ol P4 5715

o
b
ok

o

B 7% Pt 18 591

,ﬂ
i r
4t

o
-
¢

B
O)1-
1o -
E
=

b oont Mo
o
=2

M o

e
O:

reward

o 8- Weighted sum
“-Linear regression|
A-Finite-difference
0 20 40 60 80 1000 120 140 160 180 200
count

[Fig. 11] Result plot of learning bottle flipping task, filled
markers indicate successful cases

[Table 1] Comparison between finite difference (FDM), weighted
sum (WS) and linear regression (LR) method

Method FDM WS LR

Exploration Points 6 12 12

First Successful Case (Avg.) 114 79 82
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