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Fig. 1 The Cart-Pole system.
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Fig. 2 The agent-environment interaction in reinforcement learning.
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Fig. 3 Classification of reinforcement learning based on learning function.
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Fig. 5 The schematic diagram of DDQN.

DQN:> off-policy TD ot W42 AREsto] 274 @-valued FUE e AL
o83ttt olnff £4 @-valueo]| QAPF EANSIH @-value9] F|Tlof] HFo] LAY

5to] overestimateZb O] f0fX|7] Wiwo] stgoll £4] 42 Fd= 71E & UAHI8I

|

7} ol RolRIA] re 4 9T, 2) ©F Aol o]zt XD & 9Tk E3t 3) ofo]
MEJL $2 AA3] FFSA FUAS 25 AThe olgrt EAY 4 A
ol2i3t 2 Aty Sistel DDQN gmalZFol Uitk DDONE @-valued]

overestimate =AIS si23t7] {5t Z7] b2 dd= ALEstd 2709 @ &4

ot A HR @ d4e Q-values AUZ EE PFe AEstl, & WA @

g
|
2

g O] F5Z 0|85t @-valueg ALttt olX™ 77| bE FdS AHESHA
S48 Q Tt Q-valued] WES £ > QIrk. oot e wAloe saE Ao
§r&5S 2lst online network@} target network”p Zbzh 27§% - Q51A =T}, 5HA]
B E Y AETE SeAlZIe A2 B2 APl aQEog AR Shg Al

online-network+ Z|A9] @-valueE ZA st= SiES AHi target-networks At

g3to] o] WEL Wist: WA, B 24 NS ALGaATt ol2AF WAL

o

—

target-networkS @-value H7}o]] AFE3sto] OFFIA O 2 targetd 1Y £ QA

ettt DDQN9| ++x+& Fig. 59 &t



E o VMR JhAAE &
=g,

Aol W& Al

2 MSEZ Al8319
O F2lsithe %
o517 Mol targeto] X|&£A o0z WHI}SH

5 Zestsols MMkl 24e 4 Aok Huber Losst

2

|

o, 94 st MSEQ] AMut mE 7to|AQ] A} AAsHcH= MAEC]

D= A18EF & 9]

&2 4 Att= ool Aot

3.2.4 Dueling DDQN

Tt +}’Q(

Se+1,argmax Q(Se41,ae41;67);6
At+1

|

_) —Q(sp,as;0)

\

rlo
b
>
o
>

)
ne o
o

i

i_l“
ul
qo a2

i

ri
S~

-
-

ol
I‘Il‘
ox

St
I=]

o
o
re

o A

g
o

Target Network Cart-Pole

System

Online Network

Clone Action

uj

5
T
c
-

T
c
-

Sample

Replay Buffer

Store Transition

Fig. 6 The schematic diagram of Dueling DDQN.
Dueling DDOQN ¢3112]&o0] ofd 4
=2 JjAst &g ue]Zolct. Dueling DDQN9]
Yol FHt A v
DONi} DDQN® 42 @
odsol thst] &2 WS 7HAI7] W=l BlasAoltH9l.
5t7] ¢lsto] Dueling Network?t 54619t} Dueling Networke= &+
AR, s v sl dE 2870011, e sht 4

olct. o714 U % o] £ o

a

71&

b

[

olajgt vl

73
=

=
=

7]0]aL

12 olgsldl agFoR @ Y42 A

ol o

= 0 o
‘5}\6]2

3
27]

2]

7}

b 4 9t



o

o)

—

<

ol

o

<

|

|

Dueling Network

7FRIAl ==l DQNxt

=
=

g o 2%

A 2t

Al

A1

=
=

A H0]7] W20 dueling network

<F
o

Ky

_’|7_



3.3 Transformer 7|8t Q-Learning

Transformer thFer ZopofAl ARE &= He2l'd 20| I sequences A =2
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=
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Fig. 7 The architecture of transformer.
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(a) Scaled dot-product attention. (b) Multi-head attention.

Fig. 8 The scaled dot-product attention and multi-head attention.

Multi-Head Self-Attention ®5< Transformer?] siAl J1x 2 Fig. 8(b)} &
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3.3.2 Memory Transformer Q-Learning
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(c) Memory Transformer Q-Network.

Fig. 10 The architecture of memory transformer.

_23_



2 =2oA= DONY AP #+&E5 Transformer?t Zdste d52 7HASHY
of. Adeersold AldWe 42 HA AR FY FER AAEHD
sequence’t Sl HolEt & & Atk ¥F GHolE= oJulxo|B&z, vision

A A7) Qe HolEz ghEo] At 4ete]
S T BHY 28 SOt AR S oW ShEshe WAlojlmz ofst 1
sequential Hlo|HE & nHElg] & 4 9l= transformer +A2E AFESte] {IHAO]
1 gHoR stee AE & Q=S Agskit. Eot RVt transformer?)
residual connection Al LSTM, GRU%} SAFSH gating mechanismg Ah85}0]
[32-33] @Ho] 7FX|AL Q= memory HE|S 7BAIS & QA FJ5HIT Gatew
LSTMat FLstAl /(3415 L, Al 3.162} o] maddtt

z, = tanh (W, +b,)

i,=o(Wh,+b—1)

(3.16)
fi=0(Wih+b;+1)
Cri1 =, Of+ 201,

Al 3112 F 419 gate2 /dEo] Qe WA i+ ME S0+ AEE F
olH FJEZS memoryo] AHO]EY ZIQI7IE Ash= input gateo|t}t. z gater ©f

W AES QUS dUolE & JUA] tanh HE ARESHO] St o] 4,9 -, gate

7F @AM memorys QUO|EY FY|E 9. /= forget gateZ, sigmoid 5
AHgsto] olf dlme] wEjoN AANY BEZ AFsiEH. oRTeR 2 YA

3719] gateoAl U2 =2 St W22 E HAE3] JUlo]EstE gateott.
Memory #|E{= x7]0] 002 x7|s} i1 gateS S5t A& ATt Gate

o] #+&+ Fig. 10(a)et #th. o2k gating mechanismZ ARESIRS o YT

e FEET ofy2} 2H9 memory(hidden state)E Bt AFjoich A

st mlo] 7l sequences U+ & BR2Y & 5 A =&t e A¥Ao=R

B2agh 2 =wolA AQtsk= Memory Transformer®] 1%+ Fig. 10(b)et i1,

MTQN9] Lx+= Fig. 10(c)e} Ztt.

_24_



gerets ¥ag]E2 pytorch®t numpyz  sHRlaL,  Cart-Pole AJARIR
OpenAlo|A A|Z5t= gym 2tol¥2{2]2 AR5t Gym 2to]B.2i2][35]7t A|=a}

L Cart-Pole A|AEN9] observation space= Table 13} Ztc}.

Table 1 The observation space of Cart-Pole system.

Observation Min Max
Cart Position + 4.8 m —4.8m
Cart Velocity — oo m/s + oo m/s
Pole Angle —0.418 rad +0.418 rad
Pole Angular Velocity — oo rad/s + 00 m/s
9ot Yake An 24 et wo e BEe AshL Yo
hyper-parameter= Table 22} | EU5}o] U5t

Table 2 The fixed hyper-parameters for experiments.

Train
Optimizer Adam
Learning rate 0.0005
Update target step 10
T 0.1
Agent
Y 0.99
Goal evaluation score 195
policy
Einit 1.0
Epin 0.3
edecag/_step 20000

Table 29X update target step2

parameters &718tsh= EtY AF9 25 Qu|sti, ¢

online network®?t target network9]

5718t NP ) o=

d=9] H]&= target networks UH|o]EHA| 7St parametero|t}. EFH Sh
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€ ccay_step _ .
& = €pin t (€it = Epuin) X €, (t = current time step)

Eob Al Eol Htet s =HRls] Hstol 5719 random seedE ARE-SH
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% 1955 Z@A5lH £RE =S AAstct 21t J2fmof= evaluation score?t &
# scores Y W7HA1Y omjAE scores WERAT

Y Ao MTONS AH§5te o BAHOoR A ouictoy stio] Fa4
AL, st5ol Alsgdo] w2t evaluation score’t A|&Ao=z F3ste A4S =
9loict. ol ¥ =BolA Agksk MTQN 2&7} b2 gaelzo] uls) wha
RRoR shyo] bssiths AS Tt

Fig. 11(a)= DONZE A}£2519S T evaluation score’l =& scoreS ZAS T
7HA19] oo AL scored YERWICDH, Fig. 1l(b)ol= tE ¥e|&ae] Hlwrt
HE5 250 omAE7tAe] Avks UEICh Fig. 11(a)5 HHEH seedS 12,

34, 5602 AdAsto] shSot Ayt HjwA wE o Ato| 21 evaluation scores

4> 32

2

ISR T, seedS 782 AATH AL 2000 omAC o]s, 9002 MAS 7
QX 8000 ofmActyt HojAol 1 evaluation scored] EEsle &S &0l
& Ut} Seed ol ©at s AlRto] HAFH Afo]E Eolil, evaluation score =
X

o] Dj¢ QEAL oz 020 ol DN &4 PgAo] Woixlw Uy}
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DDQON=2S A}838S mf evaluation score?} ZE scoreE EAS m7x|Q] oAt
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27} 27 SREEE Tl gete RaE wob ofHsl sgol BANYS ¥ 4
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Fig. 11 Evaluation score of DQN.
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Fig. 13 Evaluation score of Dueling DDQN per
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4.2 Cart Position
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Fig. 16 Cart position per time step using DQN.
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Fig. 17 Cart position per time step using DDQN.
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Fig. 18 Cart position per time step using Dueling DDQN.
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Fig. 19 Cart position per time step using MTQN.
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4.3 Pole Angle

Cart-Pole A|AE1S poled] F§< A= Zo] 2mQl golmz Efe] ARlo] m}

2 pole angled}t pole angle®] Ex = UEMH histogramS =T Pole angle

4.3.1 8t5 31y % pole angle

Fig. 21-24= st5 W %9 pole angled #&5to] UepdH Tolt}. Fig. 213}
Fig. 225 A Y™ DQN1} DDQN 5 A| pole angleo] 15000 EFQY ARl o]g 4~
A

Fotol U)o Lo st DAL AAY 4 b WA, Fig. 237 Fig. 242
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= =
H¥hS T, Dueling DDON¥} MTQN &t Al pole angleo] H|w A wh2H A8 &
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Fig. 21 Pole angle per time step on training DQN.

2500 5000 7500 10000
Steps

12500

A}

15000 17500 20000

Fig. 22 Pole angle per time step on training DDQN.
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Fig. 23 Pole angle per time step on training Dueling DDQN.
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Fig. 24 Pole angle per time step on training MTQN.
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Fig. 25 Pole angle per time step using DQN.
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Fig. 26 Pole angle per time step using DDQN.
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Cart-Pole System Control with

Memory Transformer Q-Learning

Byeong-Chan Han

Department of Electronic Engineering
The Graduate School
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Abstract

This paper proposes a Memory Transformer Q-learnig Network (MTQN) to
improve the existing deep learning algorithm. The MTQN is constructed by
combining the existing deep learning model with a transformer to model the
sequence system more efficiently, and the gating mechanism of LSTM is
used.

The proposed algorithm is compared and analyzed on the Cart-Pole
system, which is a representative reinforcement Ilearning benchmark
environment. The Cart-Pole system uses the gym library provided by OpenAl,
and the reinforcement learning algorithm is implemented with pytorch and
numpy.

To analyze the performance of the proposed algorithm, DQN, a
representative deep reinforcement learning algorithm, and DQN's variants
were compared and analyzed. The experiments were conducted by extracting
the evaluation score, cart position, and pole angle of the Cart-Pole system.
The evaluation score shows that the proposed algorithm learns the fastest
and most stable. Also, by checking the cart position and the cumulative
distance by the cart, it can be seen that the cart position in the proposed

algorithm moves symmetrically around the origin compared to other



algorithms, and the total cumulative distance is significantly shorter than
other algorithms. Pole angle also converged to the origin quickly in the
proposed algorithm compared to the other algorithms, and the extracted
results from the trained algorithm also confirmed that it was symmetrically

distributed around the origin.
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