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Abstract

Reinforcement learning is an indispensable subject in various fields, and the
practical applications in the financial sector include credit lending, default assessment,
risk control, artificial intelligence customer service, stock market forecasting, etc., and
financial technology uses mathematical tools to explain the problems of the financial
environment, this research will apply the learning framework of reinforcement learning
algorithm to the Taiwan stock financial market environment, design a stock investment
learning environment and simulate the experiment of investors in the environment to
adjust the hyper parameters of the algorithm, and the ultimate purpose of the
reinforcement learning’s agent is putting effort on learning to minimize investment
risks and maximize investment returns. The total time data set in this study is 21 years
long, and the stock history data from year 2000 to 2016 is used as the training data set
for training, from year 2017 to 2021 will be treated as a test data set. Finally, this
research will evaluate its experimental results and compare its return on investment

performance with other investment performance strategies.

In the process of environmental simulation training, the intelligent agent trained
in this research in the framework of reinforcement learning is able to acquire the stock’s
price movement that changes in the stock market in a certain extent and can achieve
effective self-improvement. In experiments two, five and ten The results of the test are
better than the weighted stock price index and random allocation of investment
strategies. In the test results of the experiments, that is found the agent is able to learn
to make investment profits while controlling investment risks during the training

process.

Keywords: Stock Market, Machine Learning, Reinforcement Learning, Neural

Networks, Stock Selection
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Algorithm 1 TD3

Initialize critic networks Qg, , (Q¢,, and actor network 7y
with random parameters 61, f2, ¢
Initialize target networks 6] < 61, 05 + 02, &' + ¢
Initialize replay buffer B
fort =1toT do
Select action with exploration noise a ~ w,(s) + €,
e ~ N(0, o) and observe reward r and new state s’
Store transition tuple (s,a,r,s") in B

Sample mini-batch of N transitions (s, a,r, s') from B
a+ me(s')+e, €~ clipN(0,0), —c,c)
Y 7+ yming—, 2 Qg (s, a)
Update critics 8; < argming, N1 3" (y—Qo, (s, a))?
if t mod d then
Update ¢ by the deterministic policy gradient:
Vo (6) = N71' 5 VaQo, (5, ) arrmy (o) Vorra(s)
Update target networks:
0 «— 710, + (1 —1)0;
¢ — 1o+ (1 —7)¢
end if
end for

Bl= %t EY DI FEEPIT LB A

:x' GitHub - Jhdemendoza/Stock exchange pytorch
P R LR AT A - BRAGR EATE R T BT TR A kLR B

7B R o

3’ GitHub - sfujim/TD3: Author’s PyTorch implementation of TD3 for OpenAl gym tasks
13
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Ac;i?ns @
S
o O
O ACllUrnSO
O

O
States
g

Qea(s' @)

O
Actions O

a al

O
ONORONO)
ONORONO)
ONONONO®;

ok
O
O OO0
OO OO0

Actor Target Critic Target

@ SON
O

States

O

Critic Target

©
Q0000 O

Quu(s,a) States
o v
Actions
a

Qi2(s,a)

O

Q00O
QOO0
O
O
Q0O OO
OO0OO0 0000
QOO0
0000

Actor Model Critic Model Critic Model

Be it FY TD3wE 2T BB

e s EEm—————

[ Critic Target 1 ]—v« @tl(sr *
[ Critic Target 2 ]—.' Qe (st at])m

f-vd!p(N(D &),—c,c)

QL'Z (S;, aE) 1

° Actor Mﬂdel o [ ] 1( [t M‘SE(Qt (St aI) qt)
I I
'[ ]' [ ( LA MSE (sz (St at) & )

Gradient Ascent, Delay Update Backpropagation, Update
Vol (9) = %Z Va Qo (5t ar) la=my () Vo T (5t

Bz @it By ID3FE AP T EEC

TR g 8 Y TD3 F E E anw B B AR

L Rle 2 BN ER T LR 0 B A RE 2 A AR A 4 Actor-
Critic en#! g e T gt = 4 B Critic Target e g% 0 2 - B 55k
(Experience replay memory) » X {888 - B 2 FH IR -SSR 7 E

3 P~ 100 T Transitions & & * 32" % > (s, ag, ', Stp1) < sample(batch — num) o
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EERG o B AR 5 0 F & ¢ (DACctor target » £ $15 1 ()(3Critic target fo
1% (5)(6)Critic model » % 5 ¥.(4)Actor model -

A Actor Target42 » s{#-1% % Actor Target sk fe @3 7 * Kk (74 (78

ag° FH 5 7 Actor Target#? 5 4 1 Len g { Arenl R ad v Sk,
»— 3 279§ (Gaussian Noise) T2 T - X (7% a m@] A Tede o~ — (BB B
AT A R R AR R AR ER A PRI L

it o PES N MALATHFERETE S T ARG E B HE LA
ai’(sé) A y = rt +yQ9’(S£J7TCD’(StI) + 6) :6~Clip(N(O, 6)! —C, C) (2 1)

Mergeretal.(2018)§?dﬁ faiz42 3l % 5 Silveretal. (2016)Double Q-learning
* ok AJTEF Bt R AL B (72 5N Critic § & Actor A g g R (TE kB
Q Sdc > & Z & 4 Actor Target(Blw 7)) #E 3| Fd (a)) > Ris akfi(s))® &
HeniFde(ap) k3-8 4@ Critic Target(Ble ch2)Fe(3)) e Q & » ik i (s7)i5
WKV TR B el (F (ap ) STIEE IR AR Y > T Qi (st ap) Qi (shar) o
B P E RO RS H S o UL ER Rl B WA PR

Q=Y"r + Y, + -+ Yt 1, (2.2)

Y: #3- %]+ Discount factor

a3 B Critic Target FFB~fi ] chQ N3 5 ¢

Q: =1 + ¥y  min(Q¢q, Qr2) (2.3)
QEm{ Fr5vF 5 ¢
Qi = (1 —a)Q¢ + a(re41 + ¥ min(Qe141, Qe241)) (2.4)
a: B F
i BEAGATALFEAS G- BEFAG > T EBy R T o
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Critic Target s ] 1t Q B2 & B Critic Model (Ble (5)F(6)) #Q w2+ &

d1 Critic e4f 4 S0 (Loss function) > ;%3 5 @

Loss = MSE(Q11(s,a), Q) + MSE(Qr2(s, @), Q¢) (2.5)

BT A Sl > FH I LA T % (SGD > Stochastic Gradient
Descent) i i* % :& {7 & » & 3% (Backpropagation) 77 3% %3 Critic Model % #cig

AT

Actor ~ f o Rw » P BB R EEL F () RHE B TR
() » & = i & Yz # (maximizes the expected return) - ¥+3% Actor Model s
wiEE { A7 HiB Kk p Critic Model ehQ E (R 5% 2.3) » 5 7 W { A enink
Sl BHART ROHBA N EBLATORE  FEEFGHT A BRE
PIRA & T L AT & * Critic model &) 0Q & > F ¥ &+ (Gradient ascent)
¢ 344t Actor Model eitsi € & 7 L #7(Ble 9(@) » #54F 5 -
Vol (®) = = 5740, (50 Dl a0 Vo 7 (50 (2.6
N : glst
®: Actor model s v 8 &

0;: Critic model g &

PUATE PRk A SHES BRI - 1% Polyak averaging ¢

;9 ¥t Critic target(3% 2. 7) % Actor target(3% 2. 8) e #ic:e 7 % & { #7:

0] « 10, + (1 - 1)6] (2.7)
¢ <19+ (1-1)¢ (2.8)
T: BT ] e
16
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F- 8 B Eappalk

B E

DP Kingma et al. (2014) # 417 Adam B B2 (S4B L@ * > v
% & 7 RMSprop = Momentum enifadt > s * 30X R0 IR B T 5% 0 L AR

A8 v = Z (variance) € %~ ¥ v € Far = s ¥%E& if (local optima) » &
Liu, et al.(2019)# 417 Radam ¥ 7 i i > v & Adam - B 4>
VPP i 4 - BIE AR (warm-up) o E fd B A3 4 ehpEiE T 4 B dutit

B A PE IR R R - BRCl P i RE Y & (rp 0 adaptive learning rate) o

Hiap {Acffeenear § > L% Hign %ﬁ*‘u&?’ Adam

- % o Radam i {7 { #re8 3

BE A £ @

(2.9

Oi11 =0 — My

— A\
\/9_t+e
.= (p: —4) (Pt — 2)Poo (2.10)
" e = Do — 2)p;

pe: B A

Hinton et al. (2019)% % 7 LookAhead 1% 4 » v & 2 ¥ £ % &
- wrapper P v 1 RE B T Bt B L -de@R ¥ > R BB BLET
3 BT o P-4 £ (fast weight) 2 & ## £ (slow weight):& 7 ¥ »

HigdwafFR PEREAI KHLBRBL > 5 HF R
P AT PRES AT EFFE R ORIE G Ay g ML R R R
Plegentw o U E L Kk HFEATIRAFH D e DEET 0 F§ AT
FTNBE Oy 2 S5 WRE OV RE P - BAFER Y a 1F5 - B ATHEE

o FEH o ®E S 0.5 Honk BRI LT R L w7 w5
LookAhead ;8 + %
Ger1 =P + 2Ok — Pr) (2.11)
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2.2.2. ¥

Fpk s S fic(Rectified Linear Unit, Rell) > 2FAE VA2 iv5 2LH
# b 3 Heeh RelU B2 Adam 1t B ¥ chfppe - A2 % o RelU ot 5 = 54w
Sigmoid fr Tanh &k # f§ & > s B4 SR Pd arfear ATV € HIRAH LA 57
SR G GBS f TP E 0 fe2ty oo %{iﬁrﬁ R 4 R AR o

B FATRE D R A 4 i R 1 B ReLU 8 o & R AL -
RelLU S #c o 58 @

f(x) = max(0, x) (2.12)

D Misra(2019)% % 7 Mish m&rﬁﬂﬂv& » B RellU - t~ #2-H A ol 3l
B vEEAY Swish € FF - e Eawl g RE AT L g Ea]
Bog 42T F 0 f2k 0 ReLU # A i) 4 hB 3L > 1 B2 5 Relu 4r Mish & fa
o Bk v @) 0 A Misra ik 2 H CIFARIOCR] G 887 F 5 > i S kgor g
Mish ,;r@v&ﬁit’ér_ﬂ BlFE ot RelU & 907 1.67T1% > B Rdp 4 B b
ReLU % # < » ¥ ¢t > Misra :f & * Mish;‘"%&ﬁt,i% B AR R %k

H P 4 5h B anplR 2 % 2% Rell -

Mish & dgcss 3¢ :

f(x) = x * tanh(log (1 + e*)) (2.13)
s RelLU vs Mish
. —— RelU
—— Mish
2.0 4
1.5 A
2 1.0
0.5 4
0.0 — |
—-0.5 T T T T T T
—4 -3 -2 -1 0 1 2 3

X
Bl= ,}i’flﬁ%xﬁlﬁ:“i’fﬂ- Bl
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Y% 9EHK

-y

(s o amns o anss omanand-{ sfon P asgszis

.« BKAES;, - Yahoo!# & - &% * b3 'ﬁmimz S P EE Y
. kA, Sy - BEH gﬂ\ﬁ * . amonmrrie
. MR, - TEJ+ & % - RRAWEE e e sEYREAS
. AR A FHARYG - RRSRES L

& & B Ry A i B4 B E S8 7

Bl= @ S TH

F%@*R“‘z 2w 5 ;”‘E}]ﬁvR;L ChAE Y- HEEPp A
3.2.1. [ &P A2 FULL GHE S N 215 B B s (Yahoo & BED )
TM#S?&@%H??%&iiy,:%k%}}ﬁﬁgﬁﬁhi?%,iwﬁgﬁﬁﬂ
7 ¥ k2 (Data pre-processing) v I f 3

ookt b AE Bz SR DS kY A R EHR AL R e
ARG &R 1 2 .

AR SR L RE B R B enE 5008 £ 8 £ (CAGR) ~ T 4
FZ2 Calmar W' F(L: 3 DIFZ A FHRES BT > AT RT3 BHE
ptRr e R RS R iRl > B Y - L EIAFEH A S 0 d T IO
¥ % (Average Rate of Return)ii3 ¥ & K TP hF "B &3 > &g &
FRERAAE BRI RART By a &394 &£ ¥ & 5 (Compound
Annual Growth Rate, CAGR)it f 41— TR 2 P2 F il ffF 2 L A5
Eﬁ}ﬁ el ™ o B T3 E TP AR Y S 0 2 CAGR i AR ke
FAELBIREFM S A R4 o

\_
qm

19

DOI:10.6814/NCCU202100964



EIOF EHE SN G

1
Value; \tn—to (3.12)
CAGR = | —— -1
Value,,
Value,, BRI HE
Value,, DA R
t, — to CERFTEEK
d AP SHTRIEOTALL Y FAL P AR Y RF AR E B A R
]ﬁ’” B SN = S 4\&5;1:', :
n mnl_zmo (3.1b)
CAGR (1 + z Rt> -1
t=1
FEF(L3.6)
m, —mg EHF N
PR H >
IERINE

d 2 CAGR Fii* KiERFAPHEBNS > LT AR FPRERTR
oo p FEN AP T R RY Sharpe(1994) #rix J) 1% # vt 5 (Sharpe
ratio) o » ¢ R - > B F 2SN Se g R gr RIS o PR
Tl F iR L o R I B N AE - H e e E T A iR 0 B
LA FARF A R b Rk B T P F RS E o N A

=
BT
FRAR GG AAFETHFREELE -
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R, —R
- f
[ i
Op
Ry, t 3% F o & eip R v 5

Rf + & kb *& 15 (risk-free rate)

B REE S

N
1
o = [ 0,0x
i=1

Xt R TFHE G T AR S
U - ﬁ_ﬂﬁﬁﬂ & et i’a;}-,tﬁgpﬁjmg:

0p ¢ 3EIKLF & & iR A (standard deviation

21
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of the portfolio)

(3.2)
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BEK T

i+ 5 GRS o o i
Sie AR T T3 o B A T (kg A3 s 1101 - 1216 ~ 1301 ~ 1303 ~ 1326 ~ 2002
= 2207 ~ 2303 ~ 2308 ~ 2317 ~ 2330 ~ 2357 ~ 2382 ~ 2603 % 2912)
Bk i P42 > Pendharkar et al. (2018) @ * sgpvk 75 H
«}@J)\’ﬂkv;fz_%’i’rIB;}%BFﬂmﬂlj‘jfﬁ ;\23.4) it
F'T;]J—l\‘t}mp‘%%l)\o
A, wF R 4 Kanwar (2019) & * Softmax »t %% & ¥ enfe B (5 H Tl
£ CERESER S S EEC S SR TR L
BEEOARRE FL TR o
R, BR ot BRI (74 3.6)
53
B
Ry we&iE  Camar n:RFHFapriL R
B o Kanwar (2019) @ * /% T3 v & B> M F 23
BBAY JE BT o FE T (2013) £ By
Pedpth (4o P HRFPYE Aok wRTF ~ & F v & > Sortino
LL'QZL Calmar LL'Q.‘;EZ%“’;}FIJfﬁ.) BT /,,\"}*?l—f’wﬁq,ﬁé
% Calmar ' Fawt § %18 & i sndp i % b Az
K 5 BB ’Calmar s A LA wRDY S Ak
R AFPOFRT R AP R ED RN A
2 ¥ % Calmar ** & (A8 3.7) (£5 A= echw é‘,ﬁé/]ﬁv&
# o
o AN EELE ) AR CERRET A Y T g A
PRI S BRI A R FR TR e SR DRI LR
W AR P PR R AR KA ARAR TR G g T
(343.4) 02 LR F LS FEFUDIORE DR L feehg LI -
Hoe gppien;t 3 5ot
cHE - B .4a
Vsz,%.t B (3. 4a)

%
Ll it

22

DOI:10.6814/NCCU202100964



- v

Sit HNF Ll

A (3. 4b)
TR

Si,t =

Kanwar (2019)# * Softmax *™ 9% & ¢ e ¥ 75 H p’”‘q‘—'@?] S A 3
TEERNIR AL LR - PRE Y ER 6 LT RT R A
At Actor Model (4o~ @) i ik &S, T"Eﬁ;?l MA ENE 6 R%
L A TR g e o

I

-

At_'rﬁ;,\l—+ Z

° (3.5)
At = ZAi’t =1
i=1

t:ERE >
i BWwET

BERR & % W endRpi S o R A Actor Model (B~ h®) fadi#s iE
A HBETIHEE » BRER Y TBEET L YA kT DREER > A EEER,
KT FHARATERRLANBEFTRER LGP PP S (2 ToE) >
TR NI A S F AR R TR o
Ry 3 % ¢
g (3.6)

R, = § TitWie

i=1

Wi s RIZA G CHZRE TRl FTRE

F_L

T D RPEREOLE S T AR

23

DOI:10.6814/NCCU202100964



B4 F (2013) #47 Fam‘i*x#ﬂﬂ (do D 8RO s B v e ~ L F
g~ Sortino vt F 2 Calmar vt F £ Hondg i) & iF AT E o H Y PR
Calmar " F e 3 S & H W g radpihlg b Ao ki 5 B8 > Calmar v+ 5 en
ARG ERATEF o AERREAFEMOFRT > BRED R b G A

U= N S 3—'}§ﬁﬂc (2013) =§ s%#= 7 = % E B Calmar ratio it 5 & < ¢

RS v E R, 5o BRET & PRIER ) AL v R
R,; a2k T 44 Acar(1997)#7#% 41 ¢h Calmar +v 5 - #-H 15 5 R 5 F vk § o
dpthehl B2 - > TR EHE K K,ért A ke < w e o Calmar v FF
MIBE NPT 2 B b A %R > P AR T I T 0 b AR
B0 TR AK TR A - LA TIA T > BHIE S OM %0 A
TH A MDD 1Fi H b gRIE R > Calmar R P F X SR
Bdk AR e

[N O
Ryensv &+ %

CAGR (3.7

R’ — C 1 bR —
n almar B MDD

CAGR : #3235 L3 £ F (254 3. 1)
MDD : .+ w Fick
n:IRFHFAET LR

H ¥ % wHrF (Maximum Drawdown, MDD)i® 5 — B3 F K vk 3= eh
pthz - > SHEF A B2 R FTH F B &L EP L B MDD 7 0 s
REARLFTAARFTIRE A - Lo T4 -

MDD &8+ 5

Ry, —R
MDD = ~H L (3.8)

Ry * #R-RI i § i
=3 N T NG
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B8 FRfCRE TR Y AR

3.2.1. FE%Riken

AR LR R B kPR E RRE DA
#Tj\%‘ﬁ?—ﬁ\!ﬁ‘ﬂg I‘E_Q» ﬂ‘ﬁﬂ‘"’?ﬁg ‘li—‘}‘%\méfij* "% ;]‘Z,_%:Q;;l;] }F’?‘l\‘ ./.;njgr_

B Pl R#T & f endr E 1R 8 5 4 - Kanwar (2019) % %2

Fap A 10 4%
FRREFLHEDRE R o EZ (2020) PERNERE D BB Ea L

SRR ARV o SFE R AT HE ML (2020) g s
R R ARE S B B k(T ki

EER R LT SEATE U

RO LI L A L )
Gy PR A

=)
v
Py
>
AN
(P4
=3
=
=
_H?
+
I

=
P~ S s P R E Y A A AR R AT AL 2000 & ]

FHRGEFRREE 1D 02l £ BRED S
TR E > Hopw LS

Lo AR (2330) ~ A (231T) ~ s ER
(2308) ~ = £ (1303) ~ & # (1301) ~

302020 # 12 % > AT

0 5 _-L__
ST

L ®
b (2303) ~ ¢ 4% (2002) ~ & 1 (1326) »

v |
- (1216) ~ & %(2603) ~ & £ (2382) ~ ﬂft‘i& (2207) ~ 2R (1101) ~ #47
(2357) % - 42(2912) » &7 3 #-j5F B B4 %5 (Yahoo

+ BR )E TEJ+( ¢
EAFTHEFTHE I E LR L T RTA -
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3.2.2. #ik bzt

- 1kt st 4
Y o it
BEFER 2000/1~2020/12
BEFEREKECY) 252
DIRpERE LR 2000/1~2016/12
VHEREREEE(Y) 204
BIEPEREE R 2017/1~2020/12
PlEp R E REE(? ) 48
R EE 15
By ik 3780
TiaiE -0.000373243
s 0.004273631
&) B -0.030190652
&=~ B 0.067954207
MF R AR AGER A 2) AT ARG p 2000 1 0 4= 0 3 2020
£ 12 7 5 X3 202 B o a5 BIFE O PRIFERZ PIREIFER > w 1T £

(2000 & 3 2016 )% VPR 5 55w & (2017 & 3 2020 £)% kiplsk -
EERLTHRECIALH R SRR S 380 BHIGTH Lo

+-0.000373243 > = ®# X 95 0.0043 - =~ E~ 5 0.068 & ER5 5

-0.03 -
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F=8 TD3 ™ 2 KT

) | 2 - ©) -
sies o “ele () 3
@ @ Actions @ . Actions

aj; : Qe
Actor Target @ Critic Target

® ®

Actions @
1 @ ai; States @
® o :
States @

States

Qez2(sr,at)

ONO)

OO ®-

: @59/ —(@s9

@

52 000 ®-00 &
©
© ©

States

Qez(se.ar)

O

© ©
ONO)

@ Sit : Qe1(S,ar) Sie
@ ©
Sit . @

e 5 O
VANV WA Vg _
@ @ Actions ; s
Qg @ a;,

Actor Model Critic Model

B~ st F 3 TD3 * 7 &K

Critic Model

AL T OkpF % Github' e TD3 4% 4 % » #4731 & TD3 hf %
Wit R BER RS X F 10 RS, (7 10 ARk BB KRG 1307
1452 ~ 1521 ~ 1527 ~ 1707 ~ 2108 ~ 2316 ~ 2345 ~ 2374 ~ 2377 ~ 2383 ~ 2404 ~
2485~ 9910 % 9924) > Lo IFRIK LY £ G 10 BH 1A, 0 H P MRIL A D
BEREL AF - PIRE G ER 6 AR TSR TRERE ) LB
RETR LY BRR S Y P S > - BRF DY & BERRR L5 Calmar v
For 40 B FREARTHOPEFLR > A E P KT BRI S AR
SNRI U E AR T I0E R TE o AL R RS AT o AT %
#r 17T &(2000& 17 % 2016 & 12 % )efre FARITIIRTRE - 'R
HPF T A F B &R R eh S IR L PR AR s B AT

4 EQ0ITE LY 2 2020 & 12 P )TFZRERTAHE 0 o0 RPREAFETE R L 48

:x' GitHub - sfujim/TD3: Author’s PyTorch implementation of TD3 for OpenAl gym tasks
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B RRIRAREEL G EAFIRT o Bw S8R - £ 59 o F skauipER
FRNMAMPIRERERLEARY BT ) XTRBI RS e BT kR

T o

12 x 4 Actor Target(m® ~ eh(1)) s i B2 CRHCRIE N RO
W > HugpE L kp - B3tk
H 3 (D70 E Fla ts - ¢ 175 3 B Critic Target(® ~ 5hQ2)F+(3)
R s f’vgﬁ]» B KA @@ E A B Qg P Bl hQ BE(LN 2.3)

%15 13(5)4r(6)Critic Model #7Q E2- 5 41 Critic ddf 4 S #k(R 50 2.5)* ki
“ % B Critic Model » #<fé & A =t = B REA2F]* €3 B Critic Model #

2.

ST A A hiE > PrE L TRE Y S

-M\

%1 Q @4 Actor Model (]~ ¢h(4))ie 7 { #7— =& » & Actor Model i B ik
Sie B (B N ALE DA 6 AR TR R RETRRIRL -
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3.3.1 RFHEK T
RN EE S SE EN

Description Value
Experiment number 1 2 3 4 5
Coefficient for updating the target network 0.995 0.995 0.995 0.995 0.995
Discount factor 0.99 0.99 0.99 0.99 0.99
Learning rate for Actor 0.001 0.001 0.005 0.01 0.001
Learning rate for Critic 0.001 0.001 0.005 0.01 0.001
Number of units in hidden layers (256,256) (256,256) (256,256) (256,256) (256,256)
Batch size 100 100 100 100 200
Activation function RelLU Mish Mish Mish Mish
Optimizer Adam Ranger Ranger Ranger Ranger
Action noise for the critic update 0.2 0.2 0.2 0.2 0.2
Noise clip threshold 0.5 0.5 0.5 0.5 0.5
Investment time length (n) 40 40 40 40 40

v 1 TD3 42 $dck T4 B
Description Value
Experiment number 6 7 8 9 10
Coefficient for updating the target network 0.995 0.97 0.995 0.995 0.995
Discount factor 0.99 0.99 0.99 0.99 0.99
Learning rate for Actor 0.001 0.001 0.001 0.001 0.001
Learning rate for Critic 0.001 0.001 0.001 0.001 0.001
Number of units in hidden layers (256,256) (256,256) (256,256) (256,256) (256,256)
Batch size 100 100 100 100 100
Activation function Mish Mish Mish Mish Mish
Optimizer Ranger Ranger Ranger Ranger Ranger
Action noise for the critic update 0.05 0.2 0.2 0.2 0.2
Noise clip threshold 0.5 0.5 0.5 0.5 0.5
Investment time length (n) 40 40 10 20 30
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A% %% 7 A GitHub #='#74 % 2 RAdam - LookAhead & = 3 — -
% &4 %% Ranger i B3 » # LookAhead % * i RAdam ¥ * - Radam
f24&7 Adam > Z * enR*4E > @ LookAHead #% 7 { £ % e 2 i # > RAdam
;{ﬁ% LookAhead #:E B 8erpFiz L R 73 =t4F 2 > (kK 2B -FHEFEHRE
Frot#H) Riskt a Bk {F Rddam £ o i&%ﬁ“ LookAhead /i
SEWAl BBV U LAY AMITREFER AT FE o B R RDOIT
oo A Y HE-f ¥ F 4 B4 Adam foRanger 11 F e i it B kiR 7R SRPIE
Ris#A FR % Fr e ¥ AP T 44T FHRKA Github b S 4
Mish &rﬁﬁvﬁtml*ﬁ Mish m/,%ff]ﬁvévﬂt&i’ ReLU - 4 2L 8 A /,%fflﬁ%?h%t » VR
2% Swish > € g - A f Bl G v RS A S < g Eanf i 21T
Foof#A7 ReLUB R W A PR A o Al ihf %— 2w 3 Bt B2 ol &
W2 HEY XA AF 5% - €% Adam B B2 ReLlU //]ﬁ%?h%t v @ R
Pe— 1=z R®#* Ranger it BAr Mish jprfprdfc > M2 AFAFY 5> P35
WEY IR fa kLRSS DR o

i

Batch size T4 f® S ermw & ¢ K204 ~ #ic(Batch size)d B~
RAFBA SRR EFVRK LIS AT AT R B R A <
3200 % vRERR B OIEA o A2 AP sk BB TDI A 2 - cRERE S
TR I A AR e (TR N BB RR G L RRIGE NI A R RS R
A 0,05 RIER A ANEEER T TR DR TR T EF R LT HREE o
A BhF - AKITL L FE pEeL(Critic target 2 Actor target):n
RSB F{ATHPIRELogRB < 20,03 PREEF RN o A2 ¥4
B~ d ié’%&’f%’%}“ ﬁﬂ&?ﬂfﬁé B i AT A AR BT LR AR
EFEFERE(M) 0 B IR FTERE R R Bl 20~80% 100
W TR RGBT RIHE AT HREE AT g7 L8014

:x'? GitHub - lessw2020/Mish: Mish Deep Learning Activation Function
30

DOI:10.6814/NCCU202100964



3.3.2. AMEB AR E

37 "HRERBEHENLEL

AMER a1 L
Google Z =4
o % %% ! Ubuntu 20.04 LTS
e (PU: n2-standard vCPUs
gy 1B
e Anacondad : 2020. 02 3=
e Python:3.7.6%%
e JupyterLab : 2.2.0 %
e Torch:1.5.1"%%
e (uda :10.1.243 %

e Gym:0.17.2"%

31

DOI:10.6814/NCCU202100964



Fri REEE

REEr r F AL A S b A (IWSE) ek & 0 AR L 6 E
BERBENLIRRLFL AT OTHH L AT OTR Rk 3B
P15 (Yahoo + B%# )~TEJ+ S BEAATHRFTHEZ B 6 bt EpR%ET
M2 FH > AEF RN FARNE ) SEFE e TREOREFER L 2]
#£ (2000 17 % 2020& 12 %) He B 17 & (2000 1% % 2016
£ 127 ) uZ2 plFEEL4E (2007& 1% 2 2020 & 12 % ) @& 0 LF K
R gt B 2 N E T ToE ke mRE > T R4 2 B LA

FE— 1+ s % AUk R -

7 —@— Lloss 1
=%~ Loss 2
—h— Loss 3
61 —4 Loss 4
~p— Loss 5
5 - —&— Loss 6
~—- Loss 7
w0 —@— Loss 8
8 4 1 Loss 9
- —— Loss 10
3 -
2 -
1 -

0 250 500 750 1000 1250 1500 1750 2000
Iteration

B4 @ Fsk- 3L e i 5 Loss &k B

32

DOI:10.6814/NCCU202100964



051 8- Train 1
=%~ Train 2
=&~ Train 3
0.0 1 —& Train4
=Pp— Train 5
o —8— Train 6
% —0.5 1 Train 7
— ~@— Train 8
E Train 9
£ —1.01 —o— Train 10
8
—-1.5 4
—-2.0-
v

0 250 500 750 1000 1250 1500 1750 2000
Iteration

B+ o fFek- 1L a g% Calmar vt 5 4k B

FH-Lw R0 A RnBMEL FBIGEETT RN BTG
- lwihRmEERy Y o &R 21w i * Ranger 5 B1-F 2 Mish &
Gl PHEFHRAFY F2ZRTLE T ERS 0.000-F%= 0.000 2 F e
0.0l > 3" 33| % -+ - I -xenprigdfd e X% 51 BMB A Fo%-
Adam 5 F % 7 oA g it B2 02 Rell & e i BF Y F Ak T3
0.001 » FRIFF|I&FAFZHIF2 IBRALT B MY RG TRz F o 2@
* Ranger it B2 Mish e e e JUanpe i 2 4p 4 30 fc™ *F chig &
AdamReLU * # - 2§ 5% - Calmar * F e %% 5-0.23> 7% -2
Calmar +* F e %%~ w5 0.394~-0.195 2 -0.866 > of k- 22 § ° %
R g EYFARNFRSFARE SHEFY FPBLRTTFRVREEFD
Mg o B P4 B % - 0.8565 1 F &k w 1.7451 5*#5'%;"1 Tl &>
PRk DR % dp A So¥er EBbrE K > @ Calmar 52 KR Sk e -0, 866
HAIFHK=-90.394

33

DOI:10.6814/NCCU202100964



ARG e %I 5 Batch size 42 ¥+ % 0 2§ 5% % Batch size 1
WLH 200 AT H A F XA Sl 09717 APFOTIVRT S =
7 0.8560 k@ F > AMFAHE I F AR KT YRS % 0 Calmar + F
0.252 > + w A2 RP %= @5 Calmar +* % 0.394 k@M > d @b P %
7§ ¢ BB Batch size ¥ BRI SBcen R %Y RS F o 4

4
L7 e
BER B = 7RG % 00,8560 2 FART R 0.97T17T4p £ 7 % 11. 9% -

BOAET R B 5 HE R RS R S L R E TR % T R
BAg Sk 25 0.050 %ﬁ{é_fﬁﬂ‘%lk'lﬁjﬁfﬁ%yeﬁ SRS 5 1L AR
WA Sl R 1B% 0 PURE| B A £ S ehp AL Sl s 1.4257 0 HaFa
Sl P B ndf 4 i 0.8565 KT R 0 F % M Calmar vt 5 -
0.11 > s #rif > BB F 5~ 1 /FH"’},‘? ¢ R v 2 Sl /);Pﬁ—l o
R Kk o

Fob o F - AR S A7 Target network shAg $8c( 50 2. T

2.8) *FmAEAZSEKR TS 0.97 TF = { &7 Target network g & 5

Wit

3% > 1 R AT A S Bk I 0,025 PIREIH A F K PR A 4 S
1.2346 > @ "R %% ¢ F % - 1 Calmar v 5 5 0.137 > @& * R 430 3% cdg S dic
‘9 2%~ % % Target network 42 $ficendf 4 S kT > NE S %P3 0 F

B el RS R LB S Bk KA o

34

DOI:10.6814/NCCU202100964



- 8 RREE

REFENERRRBFEATIAREFLEE AT A {A TG R
SAEE A EAF R > R LA T BRI - £ 5 9 %

FRABARPIREERERY BT ) IR I T RS BT

Train 2
Test 2
=P»— Train 5
P Test 5
=@ Train 10
o -4 Test 10
=
o
©
=
©
O
_1'0_ T T T T T T T T T
0 250 500 750 1000 1250 1500 1750 2000
Iteration
B - F ks T2 R AR R
Blt- 2 hBh- 2 4 Do Bh R % A% T2 L
PVRE PRESFAGKR o AT R RPIERARFR 5 2017 & 17 3 2020 & 12 7 >
A8 B > ARK - T A LR FRRLEARAA NG 4040 2 30 B2 5 R

“—'—E—‘s \‘r»/PJ

' R

e TR R

s Sk R

Rodm bFHTIRFTFFLRL 30 B? > RARPIEFFLARY EF 19 =

BiEZ B P HRESE ¢ Calmar v 3

ERE & % d Fw Lenpriz » F5- ~ 7

SRR o
By

2 %

0.394~0.252 = 0.238
0.131 2 0.092 > 22X 7 % - &

547 0.88

@ HplE 2 % 0 Calmar +*
53+ w &% % o0 Calmar v
SR B e

g RS A

35

)

e Rl % % Calmar V- 5 FF

ELESaR LR EY SRR

% L ;‘)llfﬁ"é}-ﬂ: e Calmar _‘_%

3 Y
b3
=

DOI:10.6814/NCCU202100964



o8 FaRurrR

N =R EES AL RLE )

AR AL S LR
Kii A

oo FHI RS REGE RGP ER M
ﬁja

0mr) 4017 ) Ak &

EEFEHELETF 032% 0.25%  0.18% -0.03% -0.06% -0.23% 0.57% 0.01%
i‘$:

Calmar +* 0.169 0.131 0.092 -0.011 -0.027  -0.087 0.293 0.008
L R 0.758 0.526 0.445 -0.077 -0.126  -0.594 0.529 0.064
AR S 1.05% ~ 0.85%  0.45% -0.08% -0.21% -0.76% 1.92% -0.07%

Tioa VAREE S 003%  0.02%  0.02% 0.00% -0.01% -0.02% 0.05%  0.00%

B 53.89% 49.72% 62.81% 56.67% 55.00% 42.50% 62.50% 47.50%
0.008 Test 2
----- Test 5
0.006 A <eoo Test 10
—— TAIEX(30m)
0.004 1 TAIEX(40m)
FubonMSCI
«n 0.002 \ Taishin
E Random
B 0.000 1
&
—0.002 A
—0.004 -
—0.006 A
—0.008 - T T T T T T T T T
0 5 10 15 20 25 30 35 40

Time Length

36

DOI:10.6814/NCCU202100964



Test 2
o.0204 N e Test 5
Test 10
2 —— TAIEX(30m)
5 0.015 A TAIEX(40m)
t; FubonMSCI
o 0.010 ~— Taishin
o] —— Random
]
©
S 0.005 A
€
o
S 0.000 A
<<
—0.005 A
0 5 10 15 20 25 30 35 40
Time Length
Btz PR RAFR S SRR
27 A AR HRPEEFEEL Y i*m“m’ﬁﬂﬁl - ~ 1 %
L

iﬂ’§é§1§&%§~ﬁ%& éfaw&bﬁ&afﬁg’TU&b
EHE S ~Calmar vv 5~ R H o s ARG~ TioE 2 RSt g0
Flng R kIR BT A FHRS T2 L AH R G v AERRTHE o
S AR B Z R s R AR S SR W B e 247 B TALEX
kA 30m RApRT 30 BN E 0 S AR S AT WA g Kk 4
FWAFP ek b o w2016 & B waR SR pampt hw L £ 2 g & g
AR ST B g y{;xw AR EFARTRP D
WE o iR BN E AL o el i T 4

NS

'l

-

2

TR R R A

A TR AE SRR ER 0 R R EFRT
WOTE VS = AFWPF - BT
3ﬁgﬂw$giiﬁ?%ﬁﬂﬁi&“$’ﬁ?””‘Zﬁfk TRRTEE
EOFHEKRRR SR A A 2016«&”*"?22;?—.3%&?7]}5‘_{@
O FARBRART R RN T ERE LV D A AL TG B L A
wOEERT f’%é'fw'ﬁaz#ﬂw PR EANR AR AT REATERALET

L&
- n

o

37

DOI:10.6814/NCCU202100964



AERG FE£ LU o A2 R HR S T2 LB A F PR & g

BEERAF o il AR L EBRT RGPS At Y 2

B AR - RN THFELHEPS > A FRFTALEZEH R oRF
PR SRR R T 40 B o A R R B TR A ) SRR 7w
30 2 40 B -

IR I TP L L PR e AN I S
H &394 r,i\g{ ok Tﬁﬁ?ﬁ%ﬁ’&i}i#ﬁﬁcﬁiﬁ%% » B =% - 1 Calmar v F 4
0.169 > B #3245 E3f £ FFE 0.32% 0 v 4R dpdkes B0 0. 38%eh i jE >
KA BBy B 55 50k A= ¢053.89%® 110 1L 11% 0 & A S
WEHEFI R R PRE N A7 bR ko R ot £ i K
Booom R RE g F o BEJI L 62.81% 0 Rk B A
8.92% e T3onF M gFpi gt F B el 0.01% > ATk G Rk
S IR ERFRE ] 22 B A A RFEE S T2 A2 o

£ LR E S BRI~ TaaR ) SER S 2 Calmar vt AR B Y
Rt Y ERAFGASE L S MEAL AN I RT R E P LA
BB > LR E S RGO BRI P AT RME A S RTS  BRA
B IR (S e SR 5 A AR Do e AT Kl 3R s AR S R o R k=
2 P 1L 0% R F BT ¢ 0. 85% e d B L 0.45% KR =

e
]
g}

38

DOI:10.6814/NCCU202100964



IR RAMBEAREY

¥- & ¥

-gg

*Ffi““%?ﬁ#ﬂ%Wﬁi?%ﬂﬁ&i&ﬁﬁﬁ?ﬁﬁ@ﬁ
P - TRATRAFFRIVEES F AL P ROFET I T RGO
G AEA S ARk T F L PR T R R B dp B AR A e

AR 7; Kﬂﬁ’]ﬂt%?ﬁﬁl% %@ﬁ;,u‘gﬁ_ﬁ—,ﬁm—r Y ‘ﬁ\a,tgln—ri i},—mx%ﬁa

B FARN AR ERBORED HAME T RATHER L E > P B G
FAATFWER NRAGRDAKRTE > SR SREFTAFTY hf (& T
PR ¥R S ML i S R R iRaE R I AR T S

THP o AT HB YR NAPRLAS E - BARY BRERT

BEHERP T AL RN R R R T g8 I - F YR
B ARBEEFY T THFAAFTEATAEN A ERERDE Y A4 LT
EE WY EIEER Y R EE B E AL L E RN £ e

EA1AEE -

AR R B YR RRERR L > F R £

1,750 w & cpfiz » 2055 % 0 Calmar v* & (8 @ BT 8% > 4P % - 3 -
EA S S U fo i it B2 ,;f}?v\:;,g(j\ UL AR o - T
% o d e f$_Adam fr ReLU € # 5 Ranger {= Mish » H 3" % 93] 7 < g &
sk o 2 Calmart e d f ol 5 L dc0 ¥ g Bl At 7 % ¢ Ranger f- Mish
sl iy AR R Adamfr ReLU > 2 7 P ¥ #:E3 :22 A A Sk B i
VR RA KRR I RES T o B AT ERERE A
ST HEF TG EEF L B AR LIRS Ko
-

D IMDIR AT A b FARE O TR E 2R

39

DOI:10.6814/NCCU202100964



% o Calmar v F A8 8 0 A& AIREE 40 B ORF T Emp R T
nlﬁ Jiac ‘g‘!i—)- > m ,";l-_;t‘_' E‘;i}t—P\EE’:FE'FF B 10 'E‘H msﬁ%,\m,,; ﬁ)i%ﬁlﬁxl‘ﬂ

o

KR - F&= 32 PahplRF e R RY Br o AT R - &

Calmar * 2" S % g LRV HE A BFHRaTREEFF 75 0.6 2

-

Lo AR R RRE NIRRT 2 L Sk e S IR P AL R
7

k= I 2 LRSS AL oo U R %S -

™
v
=
A
B
—h
qﬁ
=
N3
A
TH
c( 4
%‘-

LF Rk & 47 o Calmar v 5~ § o 5

4
F_&
IR
=
Wil
Qb
A
N
Y
=
T
=il
hr)
o)

BIRAR GRS L o Rl - kF oo B AR e
W LG S AT R A AR A o £ B kR hpr g AT
0.78% 7 vt 5 R S AR R B AREE AR R B AR R S U] 0 I
B S Y AR 0 2 A E A A P e R A Ak
FeF T @R R RS o 2 B0 - BAPHRIZESE S -

A
i

40

DOI:10.6814/NCCU202100964



Fo8 AREY

WA Mk AR O TR R M TR Y B R R R
EORIRRPFR U R A o d AR T RPIRERE R LA 2017 # 1 2020 & 2 B o
BAR e 2020 E EAF - BT R 0 KA - FESLPFRES AL
AT U B AR Y &§%2m7ﬁ;2m&&m&t%ﬁﬁﬁ%
ed 2 EER g ¢ RN R BT ek P AR b N il
SPEE TR L F A R IR § Y i R A G AR R

AREES B P T B R TRER R o ARG AT kY PR
MRPFEREATEN AR FTERL- BY A F o AAFL DTSR Y
POt YR ERNLTFLG TR BERFTLIHES S AT
PIRERILA AE AT T Rk chpE g 0 AT R A KL R Y ER
6 Ah R T2 TRy d 3T ARRER R cndcfs - & T 2020 E BT A B

LOPEE Y RS 2P AL O BT ER
Yo R DERBAL 0 AP E U gy R R i E

Mk LR > FAEA ATNEF GG { FenER T YR -

BT R AR TR R RS 0 B3 5 S e 2 ik 2 A M
» Pendharkar et al. (2018) %A% ¢ 4% 2 AT A 4B X IR P MR (T Kk R
TR @ ik k 9K T8 T RR s B BT LR kbR e &
Corazzaetal. (2019) == feg? > £ X¥RE A BAFRFERL @ 7RI
AR ABRRIPREFETERTREe BERT - LT R EER
Ho ARG O RFTERLRE-MAV T g AR AESLFE

TR AW VU ERUA Fhh B~ BT A E TG B B ek

¥

- A o uﬁz_tbiﬂ vl WAL R KT G J;;If‘;f,\Aaf‘ﬁl ETIE R engE Y 0 3L G

BEZ PIH G BN R e & FE > AP sl 0 - B AG ~ FpEw 2

Lo BUREAMTATILIEFANZ HI-Be 2L &R Ed iy
o oenlicdh B o P BB R RIELT U AL A AR TG F MR

4
;
R BT RIS T - ek

41

DOI:10.6814/NCCU202100964



242 R

LA LA

[1]

=45 ﬁ‘<2013) - R BBFEF LT EL FREANLFAY
®

Rzt EFRL S L -

[2] 5 Re(2016) » HHAT 4 LS T Kok 23 DKL F
AR IALHY

[B81 %14 3 (2018) » XGBoOst -] ~ “E 4 il ~ Sk $03] 30 95§ 4 i
ABF RSP R EFREG D AR LA HBE RS R
T oo

[4] A 3(2018) s %Iz 2EEIMER ST Z 27 0 A5+
FFAfE AL BB LS o

[5] ME%(2020) FAREASESFY s TS — 2 SHRD 56
R T EmE Mflam~ -

E I

[1] Markowitz, H. (1952). PORTFOLIO SELECTION. The Journal of Finance 7(1):
77-91.

[2] H. Ahmadi (1990). Testability of the arbitrage pricing theory by neural network,
IJCNN International Joint Conference on Neural Networks, 1990, pp. 385-393
vol.1, doi: 10.1109/IJCNN.1990.137598.

[3] Nison, S. (1991). Japanese candlestick charting techniques : a contemporary
guide to the ancient investment techniques of the Far East, New York Institute
Of Finance.

[4] Sharpe, W. (1994). The Sharpe Ratio. Journal of Portfolio Management 21,

No.1, Fall: 49-58.

42

DOI:10.6814/NCCU202100964



[5] Acar, E. and S. James (1997). Maximum loss and maximum drawdown in
financial markets. Proceedings of International Conference on Forecasting

Financial Markets.

[6] Hochreiter, S. and J. Schmidhuber (1997). LSTM can solve hard long time lag

problems. Advances in neural information processing systems.

[7] Moody, J. and L. Wu (1997). Optimization of trading systems and portfolios.
Proceedings of the IEEE/IAFE Computational Intelligence for Financial
Engineering: 300-307.

[8] Powell, Nicole, et al. (2008). Supervised and Unsupervised Methods for Stock
Trend Forecasting. 203 - 205. 10.1109/SSST.2008.4480220.

[91 Chung, J., etal. (2014). Empirical evaluation of gated recurrent neural networks

on sequence modeling. arXiv preprint arXiv:1412.3555.

[10] Kingma, D. P. and J. Ba (2014). Adam: A method for stochastic optimization.
arXiv preprint arXiv:1412.6980.

[11] Cumming, J., et al. (2015). An investigation into the use of reinforcement
learning techniques within the algorithmic trading domain, Imperial College
London: London, UK.

[12] Gabrielsson, P. and U. Johansson (2015). High-frequency equity index futures
trading using recurrent reinforcement learning with candlesticks. 2015 IEEE

Symposium Series on Computational Intelligence, IEEE.

[13] Lillicrap, T. P., et al. (2015). Continuous control with deep reinforcement

learning. arXiv preprint arXiv:.02971.

[14] Meger, D., et al. (2018). Addressing function approximation error in actor-critic
methods. International Conference on Machine Learning(PMLR): 1587-1596.

[15] Pendharkar, P. C. and P. Cusatis (2018). Trading financial indices with

reinforcement learning agents. Expert Systems with Applications 103: 1-13.

[16] Kanwar, N. (2019). Deep Reinforcement Learning-based Portfolio
Management, Ph.D. Dissertation, The University of Texas at Arlington:
Arlington, TX, USA.

43

DOI:10.6814/NCCU202100964



[17]

[18]

[19]

[20]

Liu, L., et al. (2019). On the variance of the adaptive learning rate and beyond.

arXiv preprint arXiv:.03265.

Misra, D. (2019). Mish: A self regularized non-monotonic neural activation

function. arXiv preprint arXiv:.08681.

Zhang, M., et al. (2019). Lookahead optimizer: k steps forward, 1 step back.

Advances in Neural Information Processing Systems.

Corazza, et al. (2019). A comparison among Reinforcement Learning
algorithms in financial trading systems, No 2019:33, Working Papers,

Department of Economics, University of Venice "Ca' Foscari".

44

DOI:10.6814/NCCU202100964



