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Abstract: In recent years, investment strategies on the financial market using deep learning have attracted
a significant amount of research attention. Since the financial market is influenced by complex factors (e.g.,
economy, politics), it is difficult to construct a certain investment strategy. On the other hand, Distributional
Reinforcement Learning (DRL) expands the action-value function to a discrete distribution in reinforcement
learning, which expresses expected Q values for all actions as a distribution and thus has higher represen-
tation power than single Q values. In this study, we focus on the portfolio management problem and apply
DRL to construct an investment trading model that is low-risk and maximizes profit. This model has been
backtested on Nikkei 225 dataset over ten years and compared with Deep Q Network (DQN). The exper-
imental results show that the proposed DRL-based method can learn low-risk actions outperforming the
compared DQN-based method in terms of the standard deviations of evaluation values.

Keywords: time-series data, distributional reinforcement learning, low-risk investment action, portfolio man-
agement
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Fig. 1 Model for experiments.
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F=y WAEH 5T, S, 274E»S 2917H T, fBE
LZHETT -V 2 bO¥EZIT) . 31ATHIIRT &9
ICIEY 7O TTEICEFIVOFM % ERT 5. 34, 35
TTHTRDAT v TNOEBOTEH 2147 .
WRETFHEICBILTF—7 70 —%K 2 [IRT. AT v
T T LIRS N BRI OMAMi S T — 4 R L —Y 2 v b
DB &% Y TV LTAY v 7 LIEET A, T—
Vv NOGEHIOTE R o8 &, BIERME RS v o
1238 L C replay memory [ZHRFFE 3 5. E 7 )V replay
frequency & L TRl L7-HHEE CTHE 24T 9 . ATEEHURE
WCIEET IV EHWD Z & THmATEMEMEATE & 1)
SN, 3EIHEVITEI ZIET 5.

I— Y bOTEIOT7IVTY A L% Algorithm 2 127K
3. DRL O % TICENENOEIFIK L TITE 2 47

Algorithm 1 HZE&ETEFFH 7V T) X 4
T<0
done < True

episodes <= 0
stack_memory < [ |

agent <= InitializeAgent()
mem < Initialize ReplayMemory()
while episodes < MAX_EPISODES do

1:
2:
3:
4:
5: env < Initialize Environment()
6:
7
8:
9 if done is True then

10: state <= env.reset()

11: done < False

12: episodes <= episodes + 1

13:  end if

14:  action < agent.act_epsilon_greedy(state)

15:  next_state, reward, done < env.step(action)
16:  reward < reward_clipping(reward)

17:  stack-memory.append([state, action, reward, done))
18: if action is sell then

19: for i = 0 to len(stack-memory) do

20: Apply discount reward to each stacked data
21: end for

22: for item in stack-memory do

23: mem.append(item)

24: end for

25:  end if

26: if episodes > 1 then

27: if T % REPLAY_FREQUENCY = 0 then
28: agent.learn(mem)

29: end if

30: if done is True then

31: evaluate_model(agent)

32: end if

33: end if

34: T<T+1
35: state <= next_state
36: end while
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Fig. 2 Dataflow of proposed method.

Algorithm 2 T— = ¥ bDATEI 7L T 1) X L
1: ActionValues <= Model(s:)

2: BuyRatio <= [ |

3: Sum <=0

4: for i =1 to 225 do
5. Action = GetMaxVal Action(ActionV aluesli))
6

7
8

if Action is sell then
sell stock i
: end if
9: end for
10: for i =1 to 225 do
11:  Action <= GetMazVal Action(ActionV alues|i])
12: if Action is buy then

13: BuyRatioli] < Maxz(ActionV alues[i])
14: Sum+ = BuyRatio[i]

15:  else

16: BuyRatioli] < 0

17 end if

18: end for

19: for i =1 to 225 do

20:  BuyRatioli] / = Sum

21:  SubNoRiskAsset < NoRiskAsset x BuyRatio[i]
22:  buy stock i using SubNoRiskAsset

23: end for

I . 14THIZ/RY ActionValues 121, TXTOEMKIIHT
BEATEOMAED N E N D, 2, 34TH OZEEIIEEEH
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TTHAT S, M2 B 28mIconTMT S ITE L
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5. BiE225 # AW AR ETEIEER

5.1 FEERIETE
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225 \2EE LA 225 SR AR L7z, MR 2010461 A 4
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p— Ry
N 11
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FIHINT A2 L 2L TWD, F/z, AT & Ak
Wy x =7V xHwTBY, DRLZH\Ww5 Z & T
VA THY)BEHBEEZWINSEL L) T8t b2 LT
DX =L IAPENT A ERMEL TS, FIEED
SEHE AN, RIS AP T8 L, Yy —TL
TADEEMT B, FHIMEOZAL S HIfFE B D TDQN LD

65



IEIRNIBSLH/UEE F—2~—2 Vol.14 No.4 61-69 (Oct. 2021)

B R AE R Z RS, RO L CRIBFICHEAT
BrFET 5720 DRL VL I ENEHTH S L
ATED.

DQN ® DRL # W 7-#H TR 7 v ¥ L EFErEA
TWh 72, REETIE 100 B OHEITEFER % 17\ 5H
HOTIME & AL EE Lo, e B, it
HONYE, ¥ v — TV T EFNENOFEEIIEAKR &
WIZERWRERER L, FlARs e 2= O T EIEAE AN
SWIZERWIRE KT, SiFMiEOERERZE, X560
ETHDHIDEIVNE VT ERREPR V., FBRRIITED
S CIRHA AT o2 L SITEFATOBA D 524 L 72/ E
HEMBETA., FMilEs =Ky 2B L THLERL.
DRL & DQN O3i#/8F 2 =% & LT, TEBRIZLD,
EFVIE3EAERE L LEED ) — Nk 2,048, Q%
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DEAE D bin #% 71, Vmax % 10, Vmin % —10 & L7z,

5.2 BiHMlEDFHE & AZHRE

AKEETIE DQN & DRL (22T 100 [0 O#HEITE O
FEETLHEREITV, KEHHEOTIE & RS T
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DRL # W72 EFE L DQN 2 WV 72 B FEIZO W
THET 5. FiHIfEOTPIHEICBIT 2HERER 112, &
SHIE DREHERZE IS BT BAER 2R 2 IR,
EFHIMEDFIHME (1) OFEED I L (a) KB HEH,
(b) RO, (d) v — 7L I HIEIREVITZE
BNTBHEY, KFHMHEOTFHMHED D B (c) Flds FARME R 22
&, FRHEEORERAEORR (£ 2) [Z2o2WTHEA/IE
WIEEIES D E DAL BN TWA., FEHIEEDTFIHET
(&, (c) & (d) 7R & 912 DRL D) 3FI s A e 22 &

® 1 KEHMifEo P

Table 1 Mean of each evaluation value.

DQN DRL (%FH)
(a) & A () | 1,085,988 1,075,999
(b) FltzZE O F-H) Ml 1.000387 1.000354
(OEEnES: S0t 0.0106 0.01007
(d) vr—=7LF 96.175 100.153

® 2 KEPIE O BRHER A

Table 2 Standard deviation of each evaluation value.

DQN DRL (RETFE)
(e) m# R (M) 109,665 63,324
(f) iz 0¥l | 4.24 x 1074 2.44 x 1074
(g) Izt e | 1.54 x 1073 9.48 x 1074
(h) ¥ v—7L T 12.841 9.522
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=T LIk, HFHMMEOERERETIE (e) 225 (h) IS
RTAERICOWT DRL S LM B ER & o7z, FRICKEE
ME O EHERAEDRERIIOVTIIRELEND D, (o) ik
HIEATIX DRL X DQN D 57.7%, (f) FlZEE 03l i%
57.6%, (g) FIEHRIEHER 1L 61.6%, (h) ¥ ¥ — 7L ¥4k
74.2% L 72 5> T b, FEHIEDFHEIZ OV TIEE LD
BHIDHDLHPKRE RIS/, Lo L, KaFifE ot
RZEIZOWTDQN £ ) DRL O AVNE Bt & 7e o 72,
FHERERIE 5 TR v 7 8 L CEHMEiAT D - 72T
100 [ DFEERIZ BT DQN 137 22 43 52 #, DRL 137F
¥ 67 43 47T HH o 72. DRL X DQN D F 3 5 D Ft
BIDHh o 7.

5.3 ZBFHMEENOEX bTS LOLE:

DQN & DRL O#HI2oWT, #EfifEioe 2 + 75
LEWE L7z, mCEEBEOL AN T T L%K 3(a) IR
¥, F 1(a) LV IRAEEEFHOTIMETIE DQN I& DRL ®
1.0002 K& %2 o728, LA NI LAEBEL 5L
IZDQN O ABE LD &K E WV, £ 2(e) £ DQN O
HF71X DRL @ 1.73 %5 CTd 4. DRL 1T ILIAYIAL 72
BHEFINS o lo—TF, BRI EE L ErTE %
FHLEEZSNS, DQN X DRLICHA~NS & X0 Fl
RED o 75, HEkEH LRS- 72. DRLO
A E DR R IO W TIE, FERIZDQN X1 b 1#
MfER & e o7z, R 1(b) BRTHERD L 12, 1 3(b)
IR RSO EO 2 » 75 4 Tld DRL & DQN
DIIZIZZNT EEE R, — ) TRIZER Ol o fEiE
721X DRL Ol AVNE W L3555 . FIE RIS 7
DEANTTL%ERK 3(c) ITRT. B EFHLHIRED
FIGMEIE ERE RIS D EDOHPOEVIZ R \VWAS, DRL
DI D EEAS TGRS LT D, v —T LA
DA LTI L%z 3()IRT. £1(d)2RT LI,
DRLOD GBSy ¥ —7 Ly A OFHHITKE L, BEhTwn
HIEERLTBY, AN T LEEZLTH DRLO
KIS % =TV FDEPIRECHITHTMLTNRDL T LN
BECc&5. /2, E6OXICELTH DRLOGAVNE
WZ EDG 5.

5.4 BEMOWEEE

AT TIL A FEE 12DV T & RS % 5TE L
TWABY, MROFEMEICOWTHNSL. DRL & DQN (2
Lo NzfiRe 2 008 L L TREEOH Bz e
4. ¥9, DRL & DQN OFIgfl & RN T o
FEOFEFIZOWT, Yy Ea-— 1 L7 BEIC L )
KRICIEHEDH B 2 &g e Ly A b L7z, FREK
WA 5% THEER 3 IRET p O LT, DQN Ok
B, P OFHME, FiaiEdEfm s, DRL ORiEE
PEAE, AR OTIEIZ oW TR IR B R & IFEHL
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(c) FIARRIFHEIR 2 (d) >v—FrA

3 DQN & DRL 2B 2 FEBFKEROE X b 7T L
Fig. 3 Histogram comparison between DQN and DRL results.

K3 Yy EU-Y AV IEILL D ERHIIED p E
Table 3 p values for each evaluation value by Shapiro-Wilk

test.
DQN DRL (FT)
g EE (M) | 1.132x 1073 7.327 x 1073
FligsEoFH M | 4.370 x 1072 4.293 x 102
izt fG 2 | 9.350 x 107 0.560
Yy —7F Ly 0.406 0.217

K 4 RIHMEOA D HUE RS 5

Table 4 Significance test results for each evaluation value.

S e p fii
eiegrEE (1) | wavazy oNEMAME | 0.596

FIE 3 O P fH A3y OIEMFIE | 0.614
a2 v 4 vazy yONEMVHBE | 0.061
Yy—TLvF Welch @ t & 0.018

PR N Dol —F, DQNDY v — T L
¥4, DRL ORIt R ZE, ¥ v — 7L o4 TR
WHFIEHN SN, EREZFZ2 eV R niERE
oz,

DQN & DRL ORI T — ¥ B O IEA v, # 3
DAERD O B R, TR OFEHE, TRy =
DFEFRIZDNWTIE Y 4 Va7 v DIERNHIRE &7 - 7.
X =T LI HIIOVTFREZRTo 728 25 2 BERIEA
HEOTH DI EDIRENT 20, Welch D t BEZ 4T -
7o NS OREIIWAIE CEM L. SREKSRE
x4 ITRT.

Welch @ t REDER, v v — 7L I+ ORRICHLT
I EKE SR CRAITNEEED DD 2 Dol %
D DFE RN DO W TITEET A ZEZDS W & D0 D 5
7o 7o LRI RAEER A L p EAT6.1%TH D,

BAMEICEWEIE L o7z, Lo TH2HIDORERD S b,
=T LU F ORI L CIMFHIA EAEDSHAET 5.

6. EXE

6.1 FEL-EETEIO—M
REBTEIR= P72V F AT A PEFEELTWY
L. KETIREFVIPEE LR o—FlzRT e &I
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(b) ¥ 5 TRy

4 FHIRY IBICEIBR— 7 1) TR
Fig. 4 Portfolio transition for different epochs.

MM EAAR 2 e L, P OENZELET 5.

EBREREDO L, FP 1Ry 7HES Ry Z7HD
K=+ 7+ FHBRER 4 (IR, A LTHZ I 7T
HY, HIHTLOBREBEELE) AT EBEEHREL TN,
M 4 R LB L ic Ry, kb LICHEA LTS
N2 7 T 713 A7 & (F) 2HET.

COBNZ 1 =Ry 7 AR S RACEERIIRE L,
IRy ZPEL I ON TIRBEEEFWP LT b. b
FEEREE LT 2 8 I EEH 2 b 00, FET LT
Ry 7HIZE>TR= 740 F %2 5D LHAEITEILL T
W5, BEOHEMIEALTBLT, TRy 7 ZTE 284
DFERDPFGRIEL TWD 2 L PBIETE 5,

6.2 FEIFRyY V7EICZLZHMENEIE
B E LT, 10 TRy 7 50F B2 TnWFREFRO L
Ry 7 TIREOFMELZ L L, ERTLEDOIRy 7 K%

B LSRR — N7 4 ) & EO L EEA L T
VDA, BRMNEZELETEA LT T THEIML Tw 200k
&, BRITHBITE 2w,
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Fig. 5 Transition of evaluation values for each epoch.
FEAS % e L7z, LW R S, AROMEIFHIE L TREMT A2XEH D

B 5 TIEARVIEEAEE, HORSEERZE £10 2R
LTWwh, iM% EEMATIE, DRL (M 5(b)) (&3 =
Ry 7 CRIELEREREOBD DA LN, PRI

RSN, T TRy 7 A CREME R AR X
LRI NT., Vv =T LI FIZOVTEIZET S L,

DRL (X 5(d)) (E&/mic @A SN 7, 1
AR AT EE AHE S IS DN TIRAMER AT A H 7z, DQN
DFHEIZ VTS KRE B2 i3 h 2 o7z, DQN OF#
DECPKHLZFHKE LT, EFVD ) — FEFHES5 LT
WnEEZLNL. DQN X 1 DDATEIICA LT 1 2017
il % F52—7, DRL 4 ROBE 71 6O 5417 E) il
HEFH->TBY, SSHICEFTUFHNT 278D HIL 675
WTHY, ETNVORKEEITE DDA, DRL OHAN
BEBEOREREAELL, bEOFERTIE S TRy 7Y
L7zET7T VAR L TR &2 47 - 72.

7. fEE

liii}

DRL % 7z HfE 225 = BB 5 $61R1C B 1T 2 SRl
BICBWTHETHFLEORE L, EHEiTv DQN &t
L7z, FEBRTIE DQN (2T DRL % H W 7232 £ F
E8209 L 6 DOFHIAH CEM 2R EZHTBY, 4F
|2 & SEAME O BHE(R 72 122\ TIE DQN ISH L TR & 8
NTW5, EHERAEI/NS VT ERE L fEEZ S ST
L¥BATE D FE TETCWA /20, DRL # W28 LT
FEDQN KK A7 B BITH 2 FETETWwhH L w
RB. VAZITWHTE) Y — 2 DORE S FMT AT
HbHyr—T LT OFMIMEICE LT, DQN & DRL Off
RO IOV CTHEFT A B HERR T & 72,

SHOMEE LT, RO OB TIIFE LIE
TEZHDPOLEMBH L LEZTVE,. L ERWIC
B 2 IR AT ERER OB RY) 7 — & 12D T
RN FGAE ) Y TR ANTHHTELLEZLN
A, Fio, WEFEIDLRVIZOEUMZEITRH L T\ 5
DDPG [24] L DR ED TR TH D EFZ R T 5D, AN
3213 % < OIATIRSE (9], [11], [13], [17], [21] 7% & & [
=7 Ly EHIEETICHOT WA, SR [25], [26]
DI E B EBRILZY Y= i2doTEyy—7 LY
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ThiHELTWAS., 4%IEY vy —7T LY FORIEIZDOWT
LIE LTV &7z,
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