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Skinner, B. F. (1938). The Behavior of organisms: An experimental analysis. New York: Appleton-Century.

3



A3

(& I X 5

,HJJ/

N

\/
ity

1. FJEREHLDRE

SRR DE
THRE B R B D A X
STE & DOERE




1t

e R
ERPE

/

AT

“H D

=

1

gl

=) = = = = < =) = =) = =] =

=1 el " ) o ) S

5 sl ) =+ <t ) ')
—

—
= =] = =) =] o = =) =) =) <
> S > vl 5 k=1 =1 =1 Il =1 =1
[l [ie) -+ o -+ 2 =] 7] 0 & il

< =) < < =) =) <
p=1 =1 S S S =3 =1
) 2 =) =] =] =] =] =] 2 =] =]

[=]
=
H

=] =] =) I=] =]
= = = =4 = =

=) =] =] < =] <
=1 2 =3 =3 =3 =3
=] ] 2 2 i< 2 2 < =] Z =]



SRR O BE1l

1. @R AE D &/IME . ﬂlj ﬁli -
2. LAY P T T
3. BEANZRLOFK  ———

+j, _yl _rll +¢::4m
X | e e ' :¢ :l :ll :¢__41n

minimizeV (A) 1. total structural volume
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minimizeV (A)
subject to o, (A) <o (I =all members) i
B;(~)=21.5 (] € middle layer nodes)
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minimizeV (A)

subject to o, (A) <G,
1.
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Deep Q-Network(DQN)
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Deep Q-Network(DQN)

e NNIZEREDORHAE s O - =
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Q-learning (Watkins, 1989)
Q(s,a):Q(s,a)+a(r(s')+ymeQ(s',a)—Q(s,a))
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 Deep Q-Network
minimize F (w,b) :(r(s')+ym?xQ(s',a)—Q(s,a))
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IEZd ASA+DQN 7L 1) XU

input: x: initial solution, 7": initial temperature, c: cooling rate, n.: cooling interval, n;:
maximum number of iteration
output: xp: the best solution

1 Xp ¢ X

2 j«—0

3 fori «— 1ton;do RL agent
4 | y «— neighborhood solution of x generated by—taneomby-
5 if f(y) < f(xp) then

6 Xp & ¥

7 else if f(y) < f(x) then

8 X ey

9 else

10 if exp (W) > random [0, 1] then x «— y

11 je—j+1

12 if j = n. then

13 T «—cT

14 L j<«—20

15 return x 19
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1016 R o1& D 2 A
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SA only No feasible solution found
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