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ABSTRACT

Reinforcement Leaming (RL) is a machine leaming algorithm that repeat the closed-loop process that agents perform actions
specified by the policy, the action is evaluated with a reward function, and the policy gets updated accordingly. The key benefit of
RL is the ability o optimze the policy with action evaluation. Hence, it can effectively be applied to developing advanced intelligent
systemns and autonomous systems. Conventional RL incoporates a single policy, a reward function, and relatively simple policy update,
and hence ifs ufilization was limited.

In this paper, we propose an extended RL model that considers multiple instances of RL elements. We define a formal model of
the key elements and their computing model of the extended RL. Then, we propose design methods for applying to systfem
development. As a case stud of applying the proposed formal model and the design methods, we present the design and
implementation of an advanced car navigator system that guides multiple cars to reaching their destinations efficiently.

= keyword : Reinforcement Leamning (RL), Advanced RL, Formal Model, Design Methods, and Advanced Navigator System
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(Figure 1) Class Diagram of E-RL System
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Algorithm 1. Algorithm to Update Policy

Input: acti: Current Action, agti: current Agent,
rewdi: Current Reward, env: Envirnment, sCond:
Conditions for updating policy, poli: Current Policy

Output: pol, Policy to applied

1| data.add_data(acti, agti, rewdi, env)
2| if sCond is not archived:

3| return poli

4

5| updt_poli := poli

6| updt_poli.update(data)

7| up := updt_poli.get_performance()
8| pp := poli.get_performance()

9

10| if up is better than pp:

11| data = {}

12| return updt_poli

13| else:

14| return poli
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Policy Update Scheme - PUS o] (29 5)°] 5 3ol 3l& 4 PLO03S ddE =
27F g Adoln iR (1" 5)9] &5 el e
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9% ID JEE /A oy EEReE =2 AT
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W Hd £ Kmh) 59 ZEE 7HAT Qi o]yg
SOCANEnvE 4] (11)3 7] 3 ¥t}

A (Bdge)= A4zt
[e]

SOCANEnv = (Set_PL, Set_RD) (1)

em|stH Set RDv= &

3T
at

(12), 4 (13)9} 2ol x4

Set PL = (PLy, PL, -, PL,)

Set RD = (RDPLQJ PLt |
PL; and PL, € Set_PL, and PL; = PL,)

(12)
(13)
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PUG20
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(3%l 5) SOCAN
(Figure 5) Visualization
System

#2 AAEe| Aj2ig

of SOCAN Environmental

Car_List = (Cary, Car, -+, Cary) (14)
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2 & 9tk v@A ke ARERE A7) Aol uke o
3 352 FAsE F Yk

DrivingGoal_Liste| MHA|: DrivingGoal_List= 53}
Bg 222 dujsn T 4 (15 2
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(DGL;, DGLy, -+, DGL,)
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ST Uefeks Al2BO] HEEY
AR o s o oo RewardPNTT®] A247b= AdEE 7] 918 7182
Seat2e Trvel e A=t (Line 2-3). compute_rwd()E B°3& Atee
Tonaaan omence WAER, Hx A7 SRS e BAFEe ASd=
56p7406: --Inactivated--
" [Bircra ol Fea NG E2E FYg Fol] o} A7k AA A A
&Sﬁiiiﬁi Complex B3] 232 73 (Line 6~7). 1D 23 AAAE Sal
27a7877: --Inactivated—
pLofierrors: Travel Tme Ak 71E o2 Y9 sdE 55 A4t
\[[7okano0. Jinaciwatea (Line 9~12).
69p7740: --Inactivated—
Sieascs Travel Tme Policy List % Policy@l #MHA: Policy_List=
0452077, “machated- SOCAN A" f FAel| wha} 47FA]7F A8 =™
Son5742. imacinatod I 3de 4 183 2k
(23 6) 2 PLO0OT W XSAitE & 8 =1 Poticy Li
(Figure 6) Cars and Current Goal in Place PL001 (PolicyD Poli(éyl%_ ;’S(;li;yTT PolicyCplx) (18)
Action_List = Set_PL (16) PolicyD= 78] 7|Wo.2 HA 9 AZE =& v
i _ © Azl 7o E Bt AAolH PolicyTF= A &
b QA BEL2 A9 7heeh A4 B53 7t AL, PolicyITE A4 7S 7o A4 Aze &
ar, . a2 = T — =11 7o = X
SOCAN A|Z~H] YjolA] BE Ahes A4 por=z = = . - = e -
A EE]P_ z]—:HQ]];iil} Eogs}t} . Z¥0h PolicyCplxi= ©] 37H4] 848 B J#ste] 7}
S e el e © : e Atsh & F 7S AE Fl AT ghol AAT HE
RewardFN_Listel MH|: RewardFN_List= SOCAN Aze waay
= = o = pad .
M= W EARE 522 <A¥l SOCAN =9 W o] HMES FZE FNN (Fully-connected Neural
doldEZ} 7Hd 4 9 $AS T o WARSE o o i i
PIA=TF e T SIS s wHe ) e dus Network)s] 2173 o|gso] 74k 2& el @
a7\7F dos O B9 4 (17)“’]’ 2t 7&.‘9’] }‘]%alolﬁ% gl ~EL E]‘/\:]L‘]E] %—_9] X]’E:[LJZ_E
RewardFN_List = (RewardFNy RewardFNy a7 E SR 5% ZAE wrdsior & ¢ 2]
RewardFN;, RewardFNe) of g Abej o] Z7 2 M9 Z7to] 7|EFSFHOE )
. . . AA Hol o]H3 AFFLZEE MO FE FH}7] o
RewardFNs& 3 712], RewardFNg> HA T3 R, Hek o] A9, AAFOR oY e JRE tE &
RewardFN,& 22 212, RewardNgi 53§42 1 S105] olo] mhel B =RIAE FNNG ALEEE: A7
— < 0 - = . <l
@ BARTEE Amdth olYd WAYTE T8 = - o FAL (& 35t 20 = ¢
T Z RewardFN,& 783 FT: (Z 2)9 2oh ¢ o =

(E 2) z|& AZF SHE st Babeks Zala
(Table 2) Reward Function Class for Shortest Travel
Time Option

Code 1. Reward Function Class of SOCAN System
for Travel Time

1| class RewardFNTT(RewardFN):
2| def _init_ (self, penalty th):
3 self.penalty th = penalty th
4

5| def compute_rwd(self, act, goal, next_s):
6

7 result = real_tt / exp_tt

8

9 if result > penalty th:

10 return penalty

11 else:

12 return reward

(£ 3) SOCAN A|AHIS| FNN 2flolof 74
(Table 3) FNN Layer Configuration of SOCAN System

Activation

Layers Input/Output Function
Input 5/16 Tanh
Patially Connected 16/32 Tanh
Fully Connected 32/64 ReLU
Fully Connected 64/32 RelLU
Fully Connected 32/20 Tanh

g 729 AWA Iput Zojojol A oo HEL]
A A, B W AT, A A Y §
Al A=A W=t} 1283 Fully Connected WHA|
2t g o]ojol A o g & EYeth o

7} 950 o WS FE Ao 03 A
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L

A

S
=
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g} o] A ES YR Avg el Bshs
of M FER HYPL do|HEE NEHCE 1Y
& ks A5-E ALl 7P w2 @l sldehe A
< Addg.

dE 5o old@ AT F2E olgst Ha A
FAE A% A 7Y 2B (& 99 20

(£ 4) =2 A2t S8 218 33 Sx

(Table 4) Policy Class Code for Shortest Travel
Time

Code 2. Policy Class of SOCAN System for Travel Time

1| class PolicyTT(Policy):

2| def _init_ (self, struct):

3 self.fnn = struct

4

5| def get route(self, agent, goal, env):

6

7 return route

8

9| def check_pol(self, udt_pol):

10

11 test_result = compare_pfmnc(rl, r2)

12 return test result

13

14| def update pol(self, act, rwd, curr_s):

16

17 new_fnn = self.fnn

18 new_fnn.fit(united_data, rwd, ...)

19 udt_flag = self.check_pol(new fnn)

20 if udt_flag:

21 self.fnn = new fnn

PolicyTT®] A3 A= A F2& A7%E Agd
=t (Line 2~3). get_route()= “1°1HES Hx 9 &x)

Astoll 7)uksle] HH AZE uksstE wlAM =t (Line
5~7). check_pol()2 HAHS F3] 7345 HAo] o]d A
AHT o F22 AHE HoleXA s wAMET
(Line 9~12). update_pol()-&- 3 ¥ Mol el

=2

PUSQ| MH: PUSE SOCAN A28 ] Ad BHAS
olu)gtth SOCAN AlA" ] A2 BHAL 3k ZhoA
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AP F, 42 2L olo]HET} oW o] w2
73, oA o SUH Fhat AAZ dojzl 7k
of tiall H st e ﬁg% 23k S AE 2 oo)
AEEZ ¢J¥zto g Aghitel AP H)

o] &gk 2‘11_1-] _H;‘Xée %J_JL_ ol i;\}gy 220 what A

3} ol A AA

il

1+ SOCAN A" ] 7 3l A dgo|He s
"} FEs 34E ANZskstr] $3 Plotly, 2174
T&83}7] $13F Tensorflow, Hlo1E #a] 2 2GS 913
Numpy 59 2o|Eejg|E A&t

w
N

>
oo
nx
0z

a

=
i
i}
X0]

e O
i
)
2
2
&
=

Al2E S AL

Hwsl7] 9130 Dijkstra 2 s

|Alo]E] (N-Navi) ¥ Q-Leraning ¢ 2|5S

1Al°]E] (NRL-Navi)& AH&-3ich

N-Navie @A 973 Aot 7|ubsto] S F4t
25
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oo X oX
o 2 off

H 5AA7A] A Al7be] Al ARE FHT
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AAG AFE3HT) o] AR N-Navixd A7kl ek 7]ut
st} AZRE FAgT
SOCAN A]2~8]& 52 SOCAN A28 AA 2 31HS

K4z 9 oz FARY WE 29 FoAE 2, ool AE,
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(Line 14~21). ©] HIX =% check_pol()e &3 78213 4 SOCAN A28 ¢] T} AA L thx o] AES|A 7} =
Ho|EE | AESSI} (Line 19). 83 11 Az wak 2 B3 Ndg FAS B W AR AN
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