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ABSTRACT

This paper considers various factors and conditions that correlate with the performance of the Reinforcement
Learning, and defines the N-DQN model to improve them. N-DQN is a concept of applying and extending the
architecture of HDQN, which layers multiple actors and has a structure in which operations are performed
simultaneously/parallel through policy-based behavior management. Episodes acquired by each actor with action
are stored in shared Replay Buffer, and various reinforcement learning enhancements such as Prioritized
Experience Replay and segmentation of the reward acquisition period are applied to it. The implemented N-DQN
showed about 3.5 times higher learning performance than the Q-Learning algorithm in the Reward-Sparse
environment and about 1.1 times faster than DQN in attaining goal. Additionally, through the implementation of
preferential experience regeneration and segmentation of reward acquisition period, problems of existing

reinforcement learning models such as Positive-Bias have hardly occurred. However, due to architecture feature of
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using lot of actors in parallel, working on improving performance through light-weightening in the future is

needed. As a cornerstone of our future work for light-weightening and improving proposed architecture, this

paper describe specific detail of proposed architecture structure, various algorithm used and ways to implement it.
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Fig. 1. Structure of HDQN
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2.2 Find a Maze
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2 4 glor, W Fask S gicks 23l
TS 2t olEgE Al B =]
7] A8 A7 -2 A 7 A2 2 & actor
9] Aol Holut Aoz 713k}

Zd3ekro] tiFEe] Q=] o= w22y
= Ao g fasr] 917k olekal 7ot olgich!
Adubg oz AT 5ol FelE(Heuristic) S
AEsH= WA g FEgon, g Wl EXAE
Zh= W7UES s ok vk =l 7Y
(Experience) ZrollA] 2] AR} 7l525 2 W
Ae 8 A4S sidsiiok!

-

Start Point ‘

38 2. seldE T3 EE 2 2
Fig. 2. Implemented Find a Maze with Python
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Table 1. Basic Rules of Find a Maze

No. Rule
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Fig. 3. Implemented Ping-Pong Game by Python
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able 2. Basic Rules of Ping-Pong Game

No. Rule

1 |Actore= AlsHa-$4E 571 853 38 4= Qi)

2 eke A dE, e 38 dedin

3 |31 A9 shie] st wAel gonl g

7] 913l Python< 53l 7313}9d.2w, At Paddle>
Fe]2ge] A5% Rule-Based dwe|&l| o) 52t
=g gt} meEhA, ek e skt
Heuristic Rule-Based®] W2 =& ojn|ghc}

II. Proposed N-DQN

>
o

3.1 Proposed Architecture
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reward
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Fig. 4. Proposed Architecture of N-DQN
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Algorithm 1 : Action Control Policy

Input: Number of Sub Layer N, Current State s,
target action a

2. Initialize: shared replay memory D to size N * n
Initialize: N action-value function Q with random
weights
4. [Initialize: episode history queue H to size N * n

Copy Data to H from D

For 1, N do
For state in H do
if state = s then
For action in state.action do

5. if action != a then
do action
else
break
else
do action

main AlZ2 ¥ AKreward)®} g A st A
ok Spste] el 84S
ol 4] main A|Z-Z sub AlZelA E-3(goal)E A A}
= s ATE 5 ol o] AElekae] Aol A
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YL FAME SET D HEo] O BIE
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N
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25 58 dA 7|7Ktime, step) F33FL, HARC]
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[Algorithm 2]} Zv}|
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Algorithm 2 : Reward Policy
1. Input: Current State s, immediate reward r
Initialize: List of lethal state L, Dict of reward P
3. Initialize: the number of reward point K

After do action
Before return immediate reward r
For k in range(0, K)
4. if s = L[k] then
return r += P[L[k]]
else

return r

immediate reward”} 1A= 24 -S vigic]. wlg]
Aol HARE 7l el ARE BBl HY
2 7R glew, Zt kel s|sleE reward 3t
gk A8kt o] FES 83l vl stepelld He]e
action= FgF & Zof g} rewardE AXFSHEA,
FTHOR HAE S dsl=A] Eel § immediate
rewardel] 57142l rewardE -3} Hc}

3.1.2 Parallel Processing and Memory

Sharing

355 AA Fe¥sl= A4l actor(sub A= 5
Al W@ o g P5-S S35l 1 I Episode)S]
A& 3P} Replay Bufferol Eﬁ%‘é}_‘ii 1=
old wWHExg] 4 FHTRE T $leiA
Apache Sparks 83} Parallel Processing 132
AYATE g

[Fig 5]= N-DQNel| A8 Parallel Processing -
25 ofvlgkc}. a¥dl] 8% of|Al= Apache Spark
2lo]Be]E E3l 2719 Actor(Sub Conv)E HZ 3]
25| == F2E ovsked, ol AR = A
glur} Ase] U dEIchs ATl A%
o}

Actorr} WEARE sl ASa 27l
Episode Z = Replay Bufferell 3~ Al A<t

Policy
Spark
Lead Lead
Action Action

subConv | (subcony

1411414141
Q(4%) = +2

1411414141 +1+1-1+14141
Q(a®) =+2 Bt

111414141
Q(4) = -4

H1H1-1+1+ 141 1411414141 11114141 1411414141
Q(a%) =-2 Q(4%) =+5 Q(4?)=-2 Q(44) = +5

72! 5. SparkE 3} Parallel Processing 1-%
Fig. 5. Structure of Parallel Processing through Spark
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o}l o]z <ldl, W] dHolErt FAHE Hwrt 719218 SAell whet B2 actors &-8317] it
Actor®] 7Hgol| vt} dEl= A3} glck o] 74| A4t dnbAQl DN X} whEct ot
¥, Main A3~ wh2A] 4% Replay BufferollA] A, B oFlEAE Vo R A AAAE 7
FgA o R doleE AAste] 35shAl "ok stod 73] 7HAE WHske WAUSES 3 A
[Algorithm 3]-2- N-DQN2| 54 & 3hfal 73] of 2 JF¥E F= 8&olck

TRTEE Tl % Aol A2k actor 7AEe ToAL AT AEE FEiA A Aol
(@)= n709] action-value function Q9] #& gt Al kst 4= gl ofll wlEgie) oldk Aekzal
& 2-6-% Replay Bufferol] ZA3-2 Az} o] G|+ TD-Error = 2| =)= TD Target} A V(S)
ofe] 7o) Actorell S8 B4 A SHE Sl skl Aol el T 4 ek o) waAHew 4
olEl= AukAQl 7ty darelE R} v whEA| A(2)7} 7o) Aok

dolel S & 5 slvke S o83k dzlolch
6]' :Rj+’YJ Qturgef,(’sﬁmaxa Q('Sﬂa’)) - Q(S 17AJ'71)

J=

Algorithm 3 : N-DQN Experience Sharing @
1. Procedure: Training
~210)L- Es 3l = Aekzlq =z =
2. [Initialize: shared replay memory D to size N * n H2)= sal Tl debeel pAle
e . . . . [Algorithm 4]¢} #o] TD-Errord] Z7]5 7522
3. Initialize: N action-value function Q with random weights g = w
Loop: FEREE A I XA TS FE8e HO/UI
episode = 1, M do
Initialize state s;
For t = 1, T do Algorithm 4 : Prioritized Experience Replay
For each Q, do Input: minibatch %, step-size n, replay period A
With probability e select random action a, 1. and size N, exponents o and 3, budget 7 and N
otherwise select a, = argmax, Qu(s;, a; 6) action-value function @
Execute action a; in emulator and observe r; and 2. nitialize replay memory H= 6, A = 0,p,= 1

St+1

Observe S, and choose A, ~m,(S5,)

4. Store transition (s, a, I, Sw+1) in D
End For fort = 1 to 7 do
Sample a minibatch of transitions (sj, aj, j, sj+1) from Observe S,. R, 7,
D for p=1to N do
Set y;j := Store transition (S,_,, 4,_, R,.7,,S,) in H

1j For terminal s with maximal priority p,= max,_;p;

1j + ymax_(a"’) Qu(sj+1, a’; ©;) For non-terminal sj.; end for
if t=1mod & then

for j=1 to » do

Perform a gradient step on (y; - Qu(sj, aj; ©1))"2 with
respect to ©
end For

Sample transition j~P(j)= pj/ 2;p}
5. End Loop

Compute sampling weight
w;= (N P(j))f"/maxiwi

Compute TD-error

3.1.3 Training Policy

70]—3:]‘6—_1% E]z 2 El—‘lq;(—]-—i EHO]E:I 7}"] "]"‘ 4. 6, = By, Qupyer (S argmax,, Q(S5,a)) — QS A, .
AL AAS] #1380 dle|elE Replay Bufferol] ## Update transition priority p<1d/
Z mxlela AAsle] S S} Gather weight-change
AcA+tw 5 o A
S Replay Buffersl] A2 52 dlelel < AT b VRS )
end for
o) = A [e)
= 7]— 7}Z]f Zﬂf O]—qq— %781 oﬂ TL]-F'/]‘ 01]947]— Update weights O<—0+n + Areset A=0
HhAysk fl\‘”l‘f o, b o g B4 Ade] o & From time to time copy weights into target
23 A5 A "kt NN 0,0
IR S s o eletel PAEIE end it
et FowE TR Rt A7t 11999 for p=1 1oV do
Choose action 4, ~ m,(S,)
3, 2% 7P AEAQl vlee] A AEAR end for
(Prioritized Experience Replay)!''o|t}. N-DQN-2 o} end for
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IV. Evaluation Results and Analysis

4.1 Environment
[Fig 61& *1237] 24 oz Jssés
sk 725 2vIgeh 2 State™ Action©] =3}

she WelE skl

4.2 Training Features

State= Al WellA Actore] A 21x] FHHE(x/y)
2 A2 @e}, Actors Aol et $1517} AAZEo R
H5E7] wjtel] gk ¥ sgo] e wvic) ohA] A

= H5shug Tk

Action Actor®] 2=l 2292 Aeoj=c)
Actor= (3HED) & Rt dEs HE ol
o, 2ol e E3l3t S girk

Reward+= State2] 9]x] AR} Ae] g=x}of| nv]|s}
o] B3] drht sPIREA Selshs AeR A
gl =3l B3l B Aol =2 7R B
e 5sheg Fyh

¥ 3. 7IZ A T
Table 3. Training Features

Category Contents
State Actor®] 91 3 (xly)
Action D T UN°] A%
Goalell =2+ A] + 1
Rewards 0.1
o]Xx A e
Step °l& Alvhet Number of cell

4.3 Implement and Performance Evaluation

4.3.1 N-DQN Based Implementation

N-DQN=< 5% vI22l7] $elx 9] 3lsts
& Zholli= 4719 sub A 1709] main ASS T4
sloick sy dae]ES DQNS 7[Hke & §lgl o,
3o Aedl opFldA e Fxo} 7sES E3shh
[Fig 7] wIZ27]ell 485 Reward Policy g 9|vl
ghe} g5 2 BAS A 717 2354, 7t State
ol Ae¥ A7t EH3Eol| =Hsr|71A|Y Step I
5 7o RAES FIbS AlRsEle AAE &
ok

Aol = Aol eHAs] Fud W7o ®AR]
AL 3], 47k wAule) yo] Q142 discount
she G)S 272 Tse] el ole
gt A3 v Eo] State s 7522 Reward”} F43]
bR TS A oA AER 7S 7}
T2l Negative Pl BAdE Fofdhe).

ol
HEEE EE
4o

O3 6. mlEa|e] sk At 19
Fig. 6. Visualization of RL in Find a Maze
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12 7. N-DQN®| BAEE A4
Fig. 7. N-DQN’s Reward Acquisition Policy

T
Ro= 3 v 3
t'=1

4.3.2 Performance Evaluation and Discussion

2 Aol A= Ak N-DQN ZHle] A58 =
7] #1355 &7 A4 Q-Learning™} DQN
obimelZel ekeeS Agak Ao} vlw U wF
3ol 7H/HX4 o E;d—z;], S 2} gk}

[Fig 8] 5x5 =7]¢] w|Z 37| Q-Learning
243 Ayolr}t AEHOS R Q-Leamning> %3+
400%7] SklA] EAE shdshed opl, S0RkE 2
A o} B B HkS ol AL =9 vl

oAl SlA) ke Qelel laiE SnE P
g 7pPsAde] vk o] A8, Q-tabled F3F wHgk
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Table 4. Results of Summary

Model Goal Need step Tir(r;zoresct]:;;ed
Q-Learning | Success 50 step 46.7918 second
DQON Fail 500 step 57.8764 second
N-DQN | Success 100 step 66.1712 second
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Table 5. Results of Summary

Model Goal Need step Til(';i)ores(::;;ed
Q-Learning Fail 1,200 step 379.1281 second
DON Fail - step 427.3794 second
N-DQN Success 700 step 395.9281 second
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V. Ping-Pong with RL

5.1 Environment
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5.3 Implement and performance evaluation

5.3.1 N-DQN Based Implementation
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Algorithm 5 : Ping-Pong Game’s DQN Training

1. Procedure: Training
2. Initialize: replay memory D to size N

3. Initialize: action-value function Q with random weights

Loop:
episode = 1, M do
Initialize state s_1
fort =1, T do
With probability € select random action a_t
otherwise select a_t=argmax_a Q(s_t,a; ©_i)
Execute action a_t in emulator and observe r_t
and s_(t+1)
Store transition (s_t,a_t,r_t,s_(t+1)) in D

4. Sample a  minibatch  of transitions
(s_j,a_jr_j,s_(G+1)) from D
Set y_j:=
1_j for terminal s_(j+1)
r_j+y*max_(a"’ ) QGs_(j+D,a’;  ©.i) for
non-terminal s_(j+1)
Perform a gradient step on (y_j-Q(s_j,a_j;
©_i))*2 with respect to ©
end for
5. End Loop

5.3.2 Performance Evaluation and Discussion
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Fig. 16. Result of Ping-Pong Game through DQN
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VI. Conclusion
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