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Cryptocurrency Portfolio Management Based on Deep

Reinforcement Learning

Abstract:

In this paper, we propose a cryptocurrency portfolio management model based on the PPO (Proximal
Policy Optimization) algorithm, aiming to enhance the excess returns, in response to the problem that
traditional reinforcement learning techniques are prone to weak control and unsatisfactory returns when
constructing trading models in volatile markets.

First, by comparing the returns of the investment model under different strategies. The results show
that the returns are more significant when the model is invested using technical indicator observations
and the most recent period of OHLCV (Open, High, Low, Close, Volume) data observations combined
with daily data. Compared to using an equal-weighted buy-and-hold strategy, the investment model is
able to achieve an average excess annualized return of approximately 11% on a portfolio constructed
from the test set and representative tokens. The agent performs best when it processes the most recent
period of OHLCYV data, and can achieve an average excess annualized return of approximately 61%. On
the contrary, the model returns are poorer when the five most recent periods of OHLCV observations or
hourly data are used. This is mainly because the observation space of five periods is too large, resulting
in insufficient feature resolution at the input of the model; in addition, the larger volume of hourly line
data requires a longer time for model training to obtain a convergent solution.

Second, the model risk control under different strategies was compared. With added risk mechanism
reward, the return is found to be high in one-sided downside markets. However, in one-sided upward mar-
kets, its benefit is significantly lower than the traditional pnl reward. Here, it is noted that the maximum
percentage retracement of the model is similar to the baseline level regardless of the strategy used. This
may be related to the parameter settings. If the meltdown coefficients are adjusted and post-meltdown
behavior is controlled, their maximum retracement ratios may be significantly improved.

Finally, we compared the training time of running the algorithm on different systems and found that
the training speed of the mac using the m2pro chip was about 10 times the performance improvement of the
2060s graphics card, indicating that the graphics card arithmetic is not the key to constrain the performance
in the reinforcement learning setting, but rather the cpu performance and memory bandwidth.

Overall, the model action performance suggests that this is an enhanced index trading strategy. Under
suitable conditions, the model can provide some excess annualized return advantage compared to a normal

buy-and-hold trade.

Keywords: Deep reinforcement learning, Proximal policy optimization (PPO), Portfolio management,

Cryptocurrency
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SRR AIDIN Y (S Y GEAE T R
o BRUEAG: BT ANIE R PR RS 25 AR OK,  BRATTIR S T A N o) A —
T ARG AT FRAEAL AL P o 7E BT S 20 A [l B % — 1 KT —
ANGFTAE R G Ak B e AR 2
o BhA: Ridn LA ) D IE R B A ) SRR A & s A 27 ) v DL —
AN, R FOR/N T BEE R 3,5, 10 SR
o BEME. —BAE S REARSE R (13 33 auto-encoder 2 J (R 4ERIIBY (%
A1) BEAREE R o W IR PR A T — AT 4.
o BEEE: H R R s, WA RS, AR, e
B SEIN T RE . S b, IX R T 1A 0 IR L 45 AN A - 1 e
A, &—FhEAG R PP AI I, RS A, IRHER T R G EdE A
TE ) — LBl
222 EARIER
WHEM S, BARTEPRER Fau XA — M ¢ &

Pii—-N+1 Pii—N+2 7 Piy

Prt-N+1 Pri—-N+2 0 Doy
T;, = fi( ) (2.31)
| Pmt—-N+1 Pmi—N+2 °°° Pmy

Horpe N OB UK, O EETIAE, @ AR MRS, m AR S K
No WEMF, AT HEARIEN, m=1. fE£2-1, FAIFIZEHE WRE AT
b, FRAEJE SO o A2 e 5 v 2 5
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SR A A 2] [ I 5 B s 4L 5 B

BORIRFR Hh AR
SMA fa AL B2y
EMADS AR BT
MACD TEHCE 7 R 2 P ) 2
RSIE7] DS EESE g AN
turbulancel3®! W%

R2-1 BORFEARN I

faj BAB B

o BEIRE: WHEMH T EEIESE, DR RS IO K S e 3
o BRI IR AR R BE B R S )

° /A\itﬁﬂ—l: + 4oy
SMAk — Pn—k+1 T Pn— ;€<+2 Py
L (2.32)
Ly
i=n—k+1
BEB 3R

o TEIIRE: AHEBCT R AR BN G T, AR 1 M AR B .
o BUrmiRe: A8 — AMIRIEDE PSR Y B = MU S
° /A\itﬁl:ﬂ:

Smoothing
EMAToday = Value Today %k m

Smoothing
+ EMAYesterday * <1 - <m> )

(2.33)

« JE% Smoothing 1 L B K 2.
BECFE R RSB FHL

o FEDIRE: WaMGERAMRE . Jrm B IRFEL N ) 1) 284k .
° /A\ﬁﬁﬂ_l:

o HAETHEIR R )T A
MACD;;,, = EMA |, — EMA, (2.34)
ot 55 %

signal line = EMA¢(MACDy;,,.) (2.35)
12
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TR HERRE]
o FEINRE: RIS AAAEA AL
° /A\ﬁﬁﬂ_l:
MR
D, = % - max (O’Pt—l _Pt) + <1 - %) - D,y

1 1 (2.36)
UI — N -maX(Oapl_pt_l) + <1 B ﬁ> .Ut_l

« b D, FORTI MY, U, o P BT, N AR R
/N,

o SRR

D
Rstzlm)<1— ! ) (2.37)
D, + U,

R

o R BB AL

o BOEARE: I A T DU T FC BT A

o Ik

d; = (ye—p) =7 (ye - ) (2.38)

o oty ORISR, PSRBT B T S A T, B AR

BRI i Sl R 1 By 05 ZE R . Y R BB, SRR N mxon Cn AL

PO
223 RBITHEIER

SRR TG TR A S 2 > RGO 1) TR AL B, AP RS 5 R
SR I TR AL Sy . X SIS I 0 KRR )7 2

2231 HEERSHBHE

B AR OV i SR o R KU S AR T X = B
AT R

S = E R~ Ry) (2.39)

’ \/ var [Ra - Rb]
Ho: R, ZHWAL G R, Ry TG (e 70 BRI A o (AR
M.
R LRI U R T 5K B Bl AR I B T AT IR 3 ) b 22

13
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s=R=T (2.40)
DR
i RJEHWHA R I, T i HEsEE (RN W3R MAR) .

DR Jy MATHR, W1 R s

T
DR = \/ / (T — 2 f(r)dr (2.41)

S (r) SRR (AR 58 T R

2232 #HEREMME

ERN NIRRT AW A T IEHEAPRE T, R4 2 10 BAS BEKF, #
TR BT A AR ORI S8 (11— BURF 8] 3 P38 32 K B K n] EURARL, T3 5
A

VaR,(X)=—inf{x ER : Fy(x)>a}=F;'(1-a) (2.42)
Horpe Fy(x) AGREHEL 7 10 R E. VaR (X)) Z&1E a KV N/ y,
i3 Y = —X AN y MR E DN 1 — a0 HELED, VaR (X)) ZEY 01 —a 53
o (AR DAR A R AR IS P AR MESRAS,  HREFERFFLT AL
2233 BEXEH
B R TR B N AT RS A . s AN I 7= 2 A BN (i MR KA
B 5 et/ ME R B OREER, THE A H TG

MDD(T) = D(r) = X -X 2.43
(T) max, () fgﬁi§)|;gﬁi§> ® (T)l (2.43)

Horpre TAGR B RRINT], X () AARIBTAG1E, D) ARAE ¢ I 2K B KRR -
23 BUXHIE
231 HEEKSZ SR

B REVR T ZAE T A P AW IR R LSRG B AL Sy 2246 . AN URGELIE 25 170 L
A RE AR SRR LR B 5t, DL bRy BEAE S i P BEE

23.1.1 IREBIEE

AT by 85 BB SR U5 2 B8 S AR FE AT OHLCV JeU IR 84 DL — S5 R ¥R bR, 3R
Byl BALBER AR MBI E, XA REVR BT AL (ARG EAT BB o i AR SRR K& 3C
AP, BB RS A PZE0. teAh, M A TR REAR— A2
H, Wl AAMRE, & WE T A2l i B 5 2T /4
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23.12 EHERR
A FE AT Ao R OB SAANE G L N RIS, R — R SEHRA X B A L ) LA
il vk o
o B EHEEEAS A DON KRB, M 1E S S Ak,
—REGINENAEEL, 5K E S TR R 7 i) J) [ mT A
SRR, —RROCHRRHR TG, 55— RS SR TSR e E i B .
o SR, JESENAEAS R H ) DDPG. TD3. PPO. SAC JSHimY, Hxt R 1 shiE
B SORESHOR I — 35, RO Y. 1) 3G 2 i) U e e B s i) b, A2 By T AR
SR INE
2313 ¥miEE
AR o5 | R R R IE AR U7 A AT 27 50 o DAL, Bp R 2Rl et e
BIREARIAT Ay, A W I AC B B KA R 7 DA T 27 50 o WL IR A2 6l R 800 F
o MPEREEZS: DI AR 7 B L AR e K IS FR r o
o BPEEZE: EEER EIHIEE . SHECR TS .
o B AR EEEPAEIITNE. LK.
232 BUFEIBURSFR
o ANERALIIAE S I R FPFUBEE AR BN 987 (028 2 it A i i 17 I 1 s
BN, 1T S 52 BIANRAE S RS G s A AR A, HLBEI ) ) 253
SR, T HERA R L BE S AL S i R ALE LA . Rk, BT D) SR
AT AR PETI B P M a5 T, TR A S BN AR BB I R R v 158 5
B, PEHLIEAT AE 2 AW A
o BUBRLE BE B ALE: s Bt A Oy AR A vk FE R R AT
AT B R A (B 5 B, T HAR S A KR A, DR — A P
] M B T S 2000 50— et e R IR A B (R A8 2 A5 s Tl P O v ks
KR AR AT AT BE I AR R 27 ) 32 0 N A S 1T A A . H ORI VR
M2 IR RGE J& T /MR W, o SR F i R s 1R A AT g 3 B07E S B AR
RORAME
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3. RWHE
3.1 mBRRt

RARPURE AL S =AML B R S A PR L 5 R A Bk
SSEUEDS 70 o N ey 8o S P IV RS Ve 8o M SRR DA AT F E R a g <

7 Cos ) (o I eI
b s st i BT ET
g [ o | T _aﬁ_g Gyme 5 3T 55

: BT 6 AR ,

% [ binance } 1d e f)E
9 [ vfinance } [ 1h ] %

Kl 3-1 JiHHES

3.1.1 #FHBESHALIBELR
3.1.1.1  #EIREN

n Pt yahooDownloaderfiBinanceDownloaderiEfT#4E 55 HL .

* YahooDownloader: & &# k& K HZMAS 2 504k .

df = YahooDownloader (start date = TRAIN START DATE,
end date = TEST END DATE,
ticker list = CRYPTO 10 TICKER, time interval
= "1d") .fetch data()

» BinanceDownloader: & & &k & 5 /NAAS 5 B

df10d = BinanceDownloader () .get datas (start date =
TRAIN START DATE,
end date = TEST END DATE, tickers =
CRYPTO 10b TICKER, ts='ld')

iHVER: BinanceDownloaderfy 2" 4 key Hsecret_key. HK/ g
A REBIAE B S
3.1.1.2  ¥HEHIE
HARHR BN 5T MAZH) 2 240 34TV, BRSSPl o @ AT g, 74
K o B 2R o 9 T2 AT By AR 2021.02.11 H 4ES I 7= AR T — B Ta) 145 5Lk
16
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Koo DPRIEAEIK JUAN/INIRF PR 2570 I ] Ay 7 o 205 8l e, DR RN R Bl
AR T

o RENEEGE A, JF HIAME R SRR )

o ELIRMNER SR B R AR R X B A S
X HLRHI 2 5 Bl

3.1.1.3 BERAL

T AR R RESE P AT P S AR IE NCIRAS 22 W), DR 20 B % B3 (1 157
ARIGHRAE RO — 55y o EIXH, EREMEARIEAR T

INDICATORS = [
"macd",
"boll ub",
"boll 1b",
'atr',
WiegilW ,
"close 7 sma",
"close 30 ema",
"close 365 ema",
"log-ret"

3.1.14 RIS

AT AR, W] DA IE N BE AR IR A A 1] FRATTBC R e AR ] LA
s IR Ed|

« &) OHLCV

o FHEAR Y HTRAN

o HECY TR R

o HiR$ERR

B FRAT AT LA P 3-2 18] JLANIRAS 25 1]
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R 27 HARTebs PPO_T1WLil]

2 HUA 2R tIFZIOHLCV | -1 ZIOHLCV [REee AEsiEes  PPO KSHM

AT ZIFE tif Z|OHLCV PPO_K 13l

EENED |
4 A 28 TR

FIFOBA %

Bl 3-2 RE A BT TR S LA

XIT PPOp AT L H G ACAS A B

def initiate state(self):
if self.crypto dim > 1:
state = (
[self.cash] + self.num crypto shares +
self.data.close.values.tolist ()
+ sum((self.data[tech].values.tolist () for tech in
self.tech indicator 1list), [])
)
else:
state = (
[self.cash] + self.num crypto shares +
[self.data.close]
+ sum(([self.data[tech]] for tech in
self.tech indicator 1list), [])
)

return state

XIT PPOg MIAT LA H 2 B ACAS A i

def initiate state(self):
if self.crypto dim > 1:
state = (

[self.cash] + self.num crypto shares +
self.data.close.values.tolist () +
self.data.open.values.tolist () +
self.data.high.values.tolist () +
self.data.low.values.tolist () +
self.data.volume.values.tolist ()

else:
state = (

18
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[self.cash] + self.num crypto shares +
[self.data.close] + [self.data.open] +
[self.data.high] + [self.data.low] +
[self.data.volume]

)

return state

312 HiESHEMIERER
3.1.2.1 EHERE
LG ISR T, RN SEAGELL “F7 A D ALK . DI, K2R
NERUE R . BRI ST M b, WS IXAS PR e Fr G e AL
Sy aER 5, X BT LMECE A RN A T g - Ui AR, AR A BEE AT AN
MAch. Mg FahfEash (EH T4 self.action_scalingi##Z )

self.action space = spaces.Box(low=-1, high=1,
shape=(self.action space,))

scaled actions = actions * self.portfolio value *
self.action scaling

AfER Eself.action scalinghy 0.1 SR REARRIAT SR B NS E

3.1.22 R

T PLAL il
E Pt-1 y: p: E P: Ver1 Pis1
é Wi V;;: E Wi W/t+1' ;
i B | 1B i

K33 HE T RIS

ANl R B BB R T B B ISR AR o ARG, FRATTIEHE 1A A5 L2 il R £
Bevhe WHINE TR RZEON a, HTEBENN B, ISR ¢, KA S I
BB T =30, HWBRAGIFEN p, BB BT HGTEN prax BOKPIHELS]
T, BRI ¢ CAnAE HEBAm N 1, AN EHE Y 24):

1 MBS ry = (p, — p_)Ip—y
2. MW T ry=a(p, — pr_ryDIP—r 1 * TIE
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3. BB TE: ry = (p, — po)po

4. BRI ry = prl, ), o 1 ARTERRER
iR B BERSE I RIZR RO, XA R % &

o AR IVRCE RR T A B S AR s, R e T B . H AR R
R A RIS, RN oAk, Dk, WS IR . A
SCHLRE AR, JAIADGRE T B8 7 M 7%, mHEsARE T
Wi o % RUNE D R A B R R g, AT DL SO KRR B Re AT
HRFR AEERPRE o 0.1,

o« JeAh, W BB B KRR, B REARRZAL 2B AE B, B A REAA
FE T S R RSN AT il Tt o AESEIL, W€ T EOR I « 24 0.05, B
4100

o ESEEGH, pnl ACRAEH] T 180 3 25D, new ARAEH T 1-4 KT it .

3.1.2.3 RHIBEEIE
I gym FRIEAG I — AN 55 (28 20 IR, e B b &
(A CE

- FRAH
o VA
o VB PENME
o FRERATE), ARSI KL
o FH AT UG 1T T EDIRE

- E/ZERH
o FARMAL A RAVE S 702/ LR A LB RA
o A S /AR
o BRTAREILL B R LA
o R[PSS/ S H R <

3.1.3  ENSATHLESR

oit

B A8 Ty A B AL

{60 ) S b 0 5 LA B B AL . 7EIK A AR R AT

REFRIBE T2 LK A BT RO
« BAERS . MARE BRSO H bR R,

BEIN LA

PRt SR A I ORAE G (. DRI, sl 2 SRR AR B A AT 5y 1) A2 AR 55 2 T
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L H TR, NIAETT S H SR AU K e as - &R BE T D0 i B — H
PRECEUR LSRR, RA G . BAIRE ) Il 1S A Rk . AEE
WAZ Sy, BT SRS 1) 5 AT P BT e BAT HRE . sl aE > N H]
TRy, TRVl B A SRR s, DUE N T8 A2tk . A
U, SRR AT BT S PATROR W br,  n DL E R S gt o 2] 1
FEAAT Sy H AT 2

« KBRS fEeRiTi R, B E ARSI I, UK R

Ko SRR AEAE AR e RS, DA E TR I RA T BT SRS IR, 35058 i BEAE
ot 55 ARG 2 T I sl as X N TR 5y, BEAEIE SR B A HE T 1Y
I, I MRS PRI RE S I BR T o B4 Tl e 0 DL T Sk (R AE P AE TR
U, AU AL B A Y R A T TR AR R A 3R . sl SRR AL
A oy ity B A BORI IS BIRE ST, IR IREA R TIZIAES |, B9t g fe
g ORFFAE MR DL, I D R IR R A S IR Efligt, $i
RO T S Re e P A3 % R S HAT F B S i ) XU 28 i) 0 T R 15 %
SRS AE T 37 I S N RS S A s IR AR E AT PR 30 08 4 X SRS PR A s AR
37 R BB B 1 2B B R S o

o BERME. RSB I UEAE MR BE X S HOR B BUR, IR IRER (Il

3.2

BEBURR 7 AN BEIN T AL K T S P AS PR S A AR H U XM U 2 BRI AN S
B, 0 TR A AS S A5 i MU Y T RE BN G B K. AR ARG %, T RER
FARGE, A PRS2 AR A AT G EUBAT SE B B 08 4 B M2 ik AR N 2 5 7
Ko Bk, TN — RIS LRAE O VE TR 8 F2a i, H
AN BRI R 2R S R

TR%N

321 E2HREZSTEED

[u—

A

32.1.1 ZS5EIE

S S T i BV ki st 41 A s R ) i e ol

Wish Bt M EKIZ 2 1 AL, 2515t USDT.

FTAT IR A 5 # AR — WIR R AT AT, BRA T 5 R RE BT I — 3]
PATBRAE OGRS ZIRAT, AT A DT

FRRB GRS LA I s BRI AR — M) close fr#

FRRBETE BRI A AT S8 s AT Ak, X Je s .

AER I WA SR s 5t &, AR SRS AL S I B K.
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8. Az A, I HAEEAAT, TCHsah il .
3212 HFAAEHEIIE
o AHXIAZ By A T

Y, =v,Quv,_ = (1, DL , fou Y e Emt > 3.1)
Ui-1 U241 Um,i—1
IR )
wy = (1,0,...,0) (3.2)
B H G E (TXP() VKL GRAS )
Pt =Y - Wy (3.3)
TR A E AR BT
w = 2O W1 (34
Vi - Wy
S ERHEH S M EI LR g,
P = Wp; (3.5)
e L) CIE{qa vz RSP O g [EIE {45z
p/
t:i_ :Mt : -l1=wy w,_ -1
Pr-1 Pr—1 (3.6)
D;
r,=In— =1n (,utyt w,_l)
Di—1

If+1 Zf+1
Py = PoCXp Z 't = Po H HiYr - Wiy (3.7)

Pt-1 ye Pt Pt+1

Yit+1

!
We Wi
’

i e N 1B |
B

K34 ZHBAC R ER
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LU B SR (EI3-4) HAFAEAT Gy BEE N o AERTI ¢ N, TS A A A
A5y, Ko, MESIEBE A S I EMB A SBEMN p_y A w,_ B p; M w] o FERFZ]
t BATAL Yy, IR BT I, T T B S AT AT 43, s i R ik
PRI S R I AL G W R Bt AL A A E A N B p, o FRATTREESRAR ) Bt
ATy i RE, XA FAMEAZ Sy R e 52 149538 Wi AN R 30 9% 20 5 AR 37 (10 s AL 1)
A O,

322 HEHRR
XL A B AR

BARE LK

G TH]

C IR 1]

b R B

crypto t10 d

2021-01-01

2023-04-01

1d

crypto t10 h

2021-01-01

2023-04-01

1h

% 3-1

LIEE S

(MTEEPSY /I

CRYPTO 10b TICKER = [
'"BTCUSDT',
'"ETHUSDT',
'"BNBUSDT',
'XRPUSDT',
"ADAUSDT ',
'DOGEUSDT',
'SOLUSDT',
'LTCUSDT',
'TRXUSDT',
'"ETCUSDT'

]

KL, FATREZR — T /NS GONEE RS BRBI B R . ORF T AR Z i Bt R A8,
KEAEE )

10° —— ADAUSDT
W et
— BTCUSDT
—— DOGEUSDT
MMW_ ETCUSDT
10° . § —— ETHUSDT

LTCUSDT
—— SOLUSDT
TRXUSDT
~— XRPUSDT

10-1 I,f""' ) g WU S S & Y S
10~
2021-01-01 01:00:00 2021-04-15 05:00:00 2021-07-28 09:00:00 2021-11-09 13:00:00 2022-02-2117:00:00 2022-06-05 21:00:00 2022-09-18 01:00:00 2022-12-31 05:00:00
timestamp
Bl 3-5 HRARMENIE L CNEZ0D, SRR Bk bR Hidliokii: Binance
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OE TG E N S

tic

—— ADAUSDT
~—— BNBUSDT
0.4 —— BTCUSDT
—— DOGEUSDT
—— ETCUSDT
—— ETHUSDT
—— LTCUSDT
—— SOLUSDT

TRXUSDT
—— XRPUSDT

2021-01-01 01:00:00 2021-04-15 05:00:00 2021-07-28 09:00:00 2021-11-09 13:00:00 2022-02-21 17:00:00 2022-06-05 21:00:00 2022-09-18 01:00:00 2022-12-31 05:00:00
timestamp

K 3-6 AT RO Bt G0N . Bdliokili: Binance

Ritheas gk

tic
—— ADAUSDT
150 ~—— BNBUSDT
—— BTCUSDT
2 —— DOGEUSDT
g 1% —— ETCUSDT
= —— ETHUSDT
5 —— 1TcusDT
H 100 —— SOLUSDT
- TRXUSDT
£ 75 —— XRPUSDT
H
g
g 50
3
25
0

2021-01-01 01:00:00 2021-04-15 05:00:00 2021-07-28 09:00:00 2021-11-09 13:00:00 2022-02-21 17:00:00 2022-06-05 21:00:00 2022-09-18 01:00:00 2022-12-31 05:00:00
timestamp

K37 MM R O, eI 1. Bl kIR Binance

323 HEEXS
SR BT PRER F LT SR IR H i B A R oy i 1, AT 2021
F1H 1 HAE 2022 4 6 H 30 HEHESATIIZMEGUE, RIS 3 A4S H 82ty
MR # Tk, BAMLIE TR PR, 53 A HMEE K, BAMERNREDET 21 L
o B2, WAMEM 2023 421 H 1 HE 2023 44 A 1 HIOBIEEAT 0. — LAl
SRR AT S5 T

24



SR A A 2T R B Mt AL & B

2021.1.1 2023.4.1

3-8 Hntedil oy

KR PSRN BB, RO HR Bon ks th 4w 5 G SO AR
MR, DA T 6 ol o it 2 N Jieos 2

—— ADAUSDT
—— BNBUSDT
— BTCUSDT
02 — DOGEUSDT
—— ETCUSDT
—— ETHUSDT
~—— LTcusoT
01 —— SOLUSDT
€ ~—— TRXUSDT
2 \ — XRPUSDT
5 "
< 00
-01
-02
2022-07-01 2022-07-21 2022-08-10 2022-08-30 2022-09-19
timestamp
S BRI
K3-9  HES— Btk
0.100 — ADAUSDT
—— BNBUSDT
0075 —— BTCUSDT
—— DOGEUSDT
— ETCUSDT
0.050 —— ETHUSDT
~—— LTCUSDT
0.025 —— SOLUSDT
€ ~—— TRXUSDT
H —— XRPUSDT
0.000
2
-0.025
-0.050
-0.075

2022-07-01 00:00:00

2022-07-21 20:00:00 2022-08-11 16:00:00

timestamp

2022-09-01 12:00:00

Kl 3-10 /N 2R 28— Bl 4E

25
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log return

log return

log return

log return

0.4 —— ADAUSDT
—— BNBUSDT
— BTCUSDT
. — DOGEUSDT
- —— ETCUSDT
— ETHUSDT
~—— LTCUSDT
—— soLSDT
00 —— TRXUSDT
—— XRPUSDT
v
-02
04
2022-10-01 2022-10-21 2022-11-10 2022-11-30 2022-12-20
timestamp
X > - 3}[‘] S
K 3-11 5 RS
015 — ADAUSDT
—— BNBUSDT
— BTCUSDT
0.10 —— DOGEUSDT
—— ETCUSDT
—— ETHUSDT
—— LTCUSDT
0.05 —— sOLUSDT
—— TRXUSDT
~—— XRPUSDT
0.00
005
-0.10
-0.15
2022-10-01 00:00:00 2022-10-21 20:00:00 2022-11-11 16:00:00 2022-12-02 12:00:00 2022-12-23 08:00:00
timestamp
[~ A5/ — N N
K 3-12 /pIFEEE — Bl gk
0.30
—— ADAUSDT
—— BNBUSDT
025 —— BTCUSDT
— DOGEUSDT
020 —— ETCUSDT
—— ETHUSDT
0.15 —— urcusoT
~—— SOLUSDT
0.10 TRXUSDT
XRPUSDT
0.05
0.00
005
-0.10
2023-01-01 2023-01-21 2023-02-10 2023-03-02 2023-03-22
timestamp
o A CFL AT S £
2 H 258 — Brl it 4
3-13 HERH =Bl
0.10 —— ADAUSDT
—— BNBUSDT
— BTCUSDT
—— DOGEUSDT
0.05 —— ETCUSDT
—— ETHUSDT
—— LTCUSDT
0.00 ! ~—— SOLUSDT
: ~—— TRXUSDT
~—— XRPUSDT
o
-0.05
-0.10
015
2023-01-01 00:00:00 2023-0121 20:00:00 2023-02-11 16:00:00 2023-03-04 12:00:00 2023-03-25 08:00:00

timestamp

Kl 3-14 /N 22 = B4k
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324 BEX 5K

B2 SO HIDRORH B REAR SRS P4l o 61 58 A & B AL I 22 L Sfemes,  wl LS
1901 G LR — B2 g AL T

o RAFHFHEIRMG: XL AEINE BT T A8 S I 20 MRt o DRI A 3 de 4 B 1)

AL Ly AN, DRI S 58 7 I F R e BRI A5 RO — B e it 7 2E R

W HFEAEAE AT AR AR B R UE, B T sk S AT AT S

JHER AR o

o FRERTEPAESRMEIT). NI I 1R U A A R AL A AR Z AR E IR TR AL

HPLEE .

FATAEDRIS Hh 25 R RN TFRAT A, FL AR 5 0 SR S8 AT FRAT 3 o
325 WAAREBSHIERE

X TURBE s A A ST, P RES i tH I 2SN 1 (¥ PPO A S0 A% D 0% £
XA, SR T = FOB I AR D S ML o 45 H et AN 2 it RHIAS
[l 2 ek B e v, A2 = BOl A IO Rk S S B E AR 3-2. 33k

BPAEK ST REE

BAZE | total timestamp | 3M

PG E 5 cash 100K
Fo 2k fee 0.1%

*£ 32 IEHZSH

SH AWK s | REME
Fif ¥ seed 42
PPO % n_steps 2048
PPO %% 3] & learning_rate | 0.001
PPO HURTHA I 23 | ent_coef 0.01
PPO ftti K/ batch_size 256

*£3-3 PPO ¥

X TSR, AT TEI I, AR S H0R B R4 stable baseline
3 MERNES N E
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BEAh, seae PR T RL Mg, AER3-4T AU .

s =X

tech/TI SR FHBEA A AL ik s

stack 1 K 3 OHLCV M iyl it B
stack 5 KB T35 OHLCV A ()i e o

pnl K FAAE G2 (1) 32 il R K v ot

new | SRFIME SRR 22 il e AR Lo N RS (14 22 Jah ok £ v T

R34 ST U
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4. ZWERSH
4.1 SKEER

FEGA IR 20 AE 3M AR R R BB A S i E AR B il 2
RN ERTASHETIHL

4.1.1

portfolio value

portfolio value
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a1 BBl CRAFAIEFRAMD
2022-07-01 2022-07-15 2022-08-01 2022-08-15 2022-09-01 2022-09-15 2022-10-01
K42 55—Ballt4E CRH—3 OHLCV M)
2022-07-01 2022-07-15 2022-08-01 2022-08-15 2022-09-01 2022-09-15 2022-10-01

K 4-3 F—BgE CEM L OHLCV ML)
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412 FRMAEHEFHAMET L

150000
— tech_new_d

—— tech_pnl_d

140000 /\ — tech_new_h
v — tech_pnl_h

130000 — baseline
120000 \
110000 /

A

AN
100000 v ’\\:A/ A |

90000 W

portfolio value

80000
70000
2022-10-01 2022-10-15 2022-11-01 2022-11-15 2022-12-01 2022-12-15 2023-01-01
v N N 3 ~7 ~, — 5
4] BB CRAEEARTES M)
4-4 B ELAIWIL
—— stack_1_new_d
130000 —— stack_1_pnl_d
—— stack_1_new_h
—— stack_1_pnl_h
120000 ~—— baseline
@ 110000
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2
°
E 100000
:
g
90000
80000
70000
2022-10-01 2022-10-15 2022-11-01 2022-11-15 2022-12-01 2022-12-15 2023-01-01
A5 — EIL S SV ny
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—— stack_5_pnl_h
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110000
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:
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.© 100000
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€
:
3
90000
80000
2022-10-01 2022-10-15 2022-11-01 2022-11-15 2022-12-01 2022-12-15 2023-01-01
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413 F=RMLEHRFHAMETIIHLZ
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110000
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Kl 4-9 5B CEA LU OHLCV A

FEASCH, FRATTI R0 = AN AN 7] S (1) S50 25 SR AT AN 0 A, R T — 48y
BRI X =FHSRIE 354 PPO_K1. PPO_KS5 I PPO_T1. X F3X =/ Sl (1) ¢
PRI RS AR R B, FRATR B E AT AL A7 B R I AL . B ARy
Ui, FATATLUER], 76% A PSRISHATIERE S, =38 109 7= i s # /e AR A & 2
BT ETERpEaFA . AT e U W AR SR A B, = R RN 1 AT e BT R AL
WP, XML T ECT AR B AR BRI
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TR, FATWAER L AL BRI T = AR BRI S« X AT RE IR fE X 4
R A B, =4 SRS T P XURS AT Bk Al mT REAT e I o XM IEPE T REAE e A2
JE ESEm T IX = AN R DL, IS ECT R L. W E R A, IR RO AN
ARSI VR, 12 AE BT LR o ILI B I DRI, X808 kU, BEAR
I3 NI [P F 5 A AR 0 2 Y

BRI, FATEI PPO_KI1 RUR A . IXATHE NN PPO_K1 £E SIS L #%
ERAERS, AT R AT R R R BB AR B T A .
SR, IX AR HAL PR SRS B . A B, AR SR 0L N il RE<s
R I RBOR . BRI, T HeBE ki, P SR S AN — A ] SR 1)
1110 EEAR A E 5 ABEBE H AR AU A& 52 BE )R PE
REMS W XTEL 54
PR BERIE B T ZR D A 2M-3M b 3L 10 415 vF S FIARHE 221
XA S o SER B T DA I SRR bR SR R R O R B AL S AR 1Y)
i R N SUI G TR S = INEE Pt cans iNegits- 22 N it A R A ] AT S PN PN
;. R LR KRR Bt AL A KU B m il s, BV R S sh Pz Ly R R
YU DX 88 S AL PR o — bR b, SV EIRRS B M AT TR b SR Bl R

4.2

32

iRt SEARRE | BREM | EHHE | RREHLER
PPO K1 | 0.55+0.64 | -0.19+0.03 | 0.87+0.81 | 1.48+1.41
/NI pnl | PPO_K5 | 1.10£0.76 | -0.23+0.08 | 1.26+0.64 | 2.50+1.35
PPO T1 | 0.50+0.30 |-0.23+0.02 | 0.95+0.28 | 1.40+0.46
PPO K1 | 1.23+0.46 | -0.22+0.03 | 1.49+0.34 | 2.36+0.60
H%:pnl | PPO_K5 | 0.66+0.00 | -0.20+0.00 | 1.16+0.00 | 1.71£0.00
PPO T1 | 1.38+0.18 |-0.24+0.01 | 1.56+0.09 | 2.50+0.17
PPO K1 | -0.08+0.20 | -0.19+0.02 | -0.11+0.57 | -0.12+0.75
/NZE new | PPO K5 | -0.12+0.32 | -0.3440.04 | -0.00+0.56 | 0.03+0.84
PPO T1 | -0.05+0.18 | -0.28+0.03 | 0.14+0.32 | 0.21+0.47
PPO K1 | 1.75+1.14 |-0.20+0.03 | 1.60+0.51 | 2.77+1.36
H#new | PPO K5 | 0.63£0.02 | -0.1940.00 | 1.12+0.02 | 1.71+0.03
PPO T1 | 0.24+0.17 |-0.23+0.01 | 0.66+0.28 | 0.99+0.42

NI 0.52 -0.25 1.01 2.09

FA-1 5 BERRE 0 L b
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ki) FEhlmE | BEREH | BEHE | RRELR

PPO K1 | -0.62+0.20 | -0.4240.16 | -1.22+0.62 | -0.42+0.16

/NI pnl | PPO_K5 | -0.38+0.19 | -0.31£0.06 | -0.83+0.46 | -1.0420.60
PPO T1 | -0.56£0.06 | -0.36+0.03 | -1.07+0.30 | -1.39+0.36

PPO K1 | -0.36+0.04 | -0.35+0.01 | -0.32+0.14 | -0.45+0.18

H#k pnl | PPO_ K5 | -0.49+0.03 | -0.34+0.02 | -0.71£0.07 | -0.98+0.09
PPO T1 | -0.67+0.04 | -0.41+0.02 | -1.35+0.17 | -1.72+0.21

PPO K1 | -0.04+0.62 | -0.29+0.08 | -0.32+0.92 | -0.24+1.53

/INEFZE new | PPO_KS5 | -0.67+0.11 | -0.41£0.06 | -1.90£0.40 | -2.29+0.44
PPO T1 | -0.16+0.15 | -0.42+0.07 | 0.04+0.34 | 0.13+0.63

PPO K1 | -0.07+0.78 | -0.30£0.10 | -0.70+1.57 | -0.42+2.44

H%k new | PPO K5 | -0.60£0.11 | -0.37+0.03 | -1.81£0.64 | -2.17+0.67
PPO T1 | -0.00£0.38 |-0.32+0.08 | 0.14+0.72 | 0.35+1.21

PRI -0.45 -0.33 -0.68 -0.92
%42 T BIRET X LA b

A EHRERE | BREH | EHiR | RREHLER

PPO K1 | 1.35+0.43 | -0.19+0.03 | 2.01+0.35 | 3.19+0.78

/NI pnl | PPO_K5 | 0.71£0.69 | -0.26+0.06 | 1.09+0.83 | 1.71+1.29
PPO T1 | 2.18+0.92 |-0.22+0.04 | 2.32+0.16 | 3.92+0.04

PPO K1 | 2.79+0.00 | -0.25+0.00 | 2.53+0.00 | 4.44+0.00

H4pnl | PPO K5 | 091£0.11 | -0.20+0.00 | 1.59+0.12 | 2.33+0.22
PPO T1 | 1.89+0.25 |-0.19+0.02 | 2.46+0.16 | 4.20+0.36

PPO K1 | 0.64+0.67 | -0.25+0.04 | 1.05+0.57 | 1.61+1.04

/NP new | PPO K5 | 1.2240.70 | -0.21+0.02 | 1.59+0.79 | 3.01+£1.55
PPO T1 | 0.37+0.27 |-0.32+0.04 | 0.81+0.40 | 1.26+0.63

PPO K1 | 2.06£0.90 |-0.22+0.01 | 2.31+0.37 | 4.14+0.95

H%new | PPO K5 | 0.75£0.21 |-0.20£0.01 | 1.56+0.26 | 2.54+0.50
PPO T1 | 1.17+0.32 |-0.23+0.01 | 1.84+0.23 | 2.99+0.45

KNIFFFH 1.80 -0.22 2.28 3.80

% 4-3
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© T SER AR B ZR 1B L o

o RABARIERRAAEIL —H OHLCV MMBREI &5 4 H L BIEIRB BT
i F H 264448 pnl 22Jh 1) 45 3533k 1.38, -0.67, 1.89 1 1.23, -0.36, 2.79.
XF SR REAT SR A B AR A 2 70 90 4 0.86, -0.22, 0.09 1 0.71, 0.09,
0.90. XS H 2 i~ SA1 AR 707050l Ay CEF RS B A R N 282 il A A BT )
{E) 14% F1 61% [P A R 2

« KABELHK OHLCV MMERE DS BHRIRBEE . KA/ L1
Bpfeaioh 032, -0.41, 1.08, TR HZMFWai 4 0.98, -0.24, 1.60.
FLIAM OHLCV MR T ZE /NI 28 pnl FIZNET 28 new /Mg R ik — 111
OHLCV MM, 75 AR I [ ] 7 i g i — ST R

o WL EIRILGRIRR R BB, SR TR IN A (Rl O, AR A A\ i (1)
FREMTRE I TS 58—, /NNEEHR FROR, 7 S I A (R
WNZRA REAS 2SR

o YO AR R FI 1B L -

o AEFH A KBS BRI R fedd, W BRAE B AT e . 0 H 4k
A B, 755 ZBORAI A HIL-0.45 M FAAEAGISC R N, AT H 28 new
Bl A HARAERAIN AN BT — 5] OHLCV MUMAR AL ) 45 J1$—0.00, 0.07,
MEEZ T, pnl IEEHN)E-0.67, -0.36.

o FEHI HATTRRES BEME T A4 pnl Kb, A H 0 A6, E5 =
BCREATFRA L 1.80 BRI IR A Ny, 438 H 26 new 2 Jih4s &
ARFEFRLIN A I — 1] OHLCV WLINBL Y () 45 R 1.17, 2.06, #HELZ T,
pnl 45 102 1.89, 2.79.

« BREIRLAARBT pnl K81, #HEBELEAKFEEL. X5 RS S5
WOEA I, WA 5% MM RECRK, I E0HE W 5 147 0 n A i,
8= PN G e SR E AL

o I EIRILEIRR R B, IR REGER, A4 2] EE ) T
(AT Ay, 3 P ) B R TR LA AT W 2 sk, (AR PR AT I T bt
BRI BB, T T XBSAT AT TR, AR SRR, e W
MR D, TEEHANTTI RS, EHESERRE R INZGRZM
XA RER T ).

o Jn, BT R I RIX E PR B R BT B R . A TSI
AN S, EESHET, A B st
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4.3 I IniELL 534

FEVH LR B SR S, A A B X TR R Y SRR 52 i 2 — s L 5%
s AU I, A5 T, KM KB BLH. 6 (Graphics Processing
Unit, GPU) HEATIIZRn] BefAF i bie$e. AH, RHIwm %6 ¥) Macintosh (Mac)
JAL G (Central Processing Unit, CPU) A RJ B84 K B AF R . A SCHEP S 4L
iy By AT T, WA

i | MRS 2%
Windows | 32G DDR4-2666
N A
MacOS | 16G LPDDRS5-6400
Windows 17-10700
cpu
MacOS m2pro
Windows RTX2060S
2R
MacOS m2pro

N T AT B IS, BATHR EERAGIIBARI Zhh 1) LA D BE 5 S A7
M TSR AR . W, GPU fEALBE K BHFAT TH AT S5 I RIS, X A1
FHAEVFZ LA MBS, CHOERIE A S 1, MO EiE. R, XA
W TR Rk, EaRfaE S ROBEE N, KRR RIIAN I B . AEIXHE
MrvesE 1, Hdaant, mAEHSEE, SO RECR I B R sE S RS
Bl Az o R A RN o R SRR B, X SR B0 Ak BN S o BRI et U
Blo AERXAMEBL R, B B Ak A ] DU SR m I e . E4-10M R I i R
TR

AR Am2pro

11,6

m2pro

CPU

0 2 4 6 8 10 12 14
IniELL

UNRTEREE w B EE

Kl 4-10  SEIGIniE Lk

1 RACRA S SAEAAT RAT AT HT B RAT T A7 K
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UBI, —ANEE 98 (1) Mac CPU 1] LURFEHALH . Mac CPU HA ik N A74E 1,
R A T A ] [ P A BRI S S s, AT 7 28 S A 5 A 9. b4, Eh 1o
A ST N R R I AR B KA ATV AT 45, Bk, A% GPU, CPU Kl
SEMERE I AR A R I SR M BRI R 2R

AR, RS A R R I SRR A R R OCEE R
H GPU TEAL B R MU HAT VAT 55 ERARH, BAER e RL BREE T, i 5 1
Mac CPU - JAL 5 IR EH b BERAE T BE T, T RE S ok BE P i . IX— R LI
— B HR I TARYE AT 55 TR IE PRI E R T S, BRI T ARV LR
s, AR “— 1Y) SRME A TCIRE T E L  oR .
44 g

I RTPRGER: HEM VPERE R A IR m 2 46%. 6% -20%, 1%

TRV R BARSEASMWI PPOy, HHECEEZ L 97%. 23%. 62%. MMi7)

I 28 (R AR AR 25 2R ) S 22 T H BT B0 22 Boise ik, AR I T K

SARbR (KRS BRI (28O A SR A IS AR FR bR, 115

TN I RS R A 1) 22 il AN UK

2. KTARBIYIGR: AVE I LR ALE 3M AL 25 Zk, LRk $£% 2M 3

3M Kb FIELE 100K IR0 1R BE R . MIZR3RIILE 3M Kb, BERLK IHIEBEAT 58

A, REHMKIB R, FUAE 10M L BRI G, B ml fe e 2

TR T E R

3. KT NREMANT:

(a) EETHWEINEBEET, KIASHIAKERMEM. ik Aomsh s
= BONAEE b, A2 EERAE SEAHE T R AT S i ai % . Al
I Z S FA IR o m B, IR TGS A A AR T, RIS
HiATYy, HArEMER AR IE S RGNS .

(b) EARMNHATERE, HEA R AT EAAE 5 R — 3 o5l
(TR, DR R e B Sk sl 1), 27 ) B SEms A e sz 39, 3
FERARALAS Sy 1, IR B 5L 2 ST b A% 80 7 v 2 B — IR #.
HARFIAELL T LA
i G NIER, HEFBALPR: VREE R ) SVEIE H R DU I TA) A Al

ke, AEWESH TR S . ROFERFAL S i, T2
LN T3] AR DR B B AT 3 A A PR e S . H AR R R A 2
BRI /IR, HERRIT (A1, RIS & TR S (1 iy AR 5 o

36



SR A A 2T R B Mt AL & B

1l.

1il.

1v.

BORK) BIENAES . sl 2] — MRIBE REN AL SN AP A N
BAT ORI AR 2 AR R ok HAB AL R R i, ez 2 5
T2 RENE A I AR A A5G AN 5 ) U R R
FERBIERS: mi s 2 MR I A e %, K
R AT . AERACAT ) PR AR R, stk
HE 115 78 70 A1 K LKt K #4308 SRS (1 L
KEFEREZRAAEY: WL BN — MR, CaES
AT R . BEFE TR, A7 7] e o H TR PR 2=
AHENNZRA5 ), AN R B s A 2 S AE R ALAZ By v 1R B A A
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S
IR0 05 T 5 17 60 A MRS PEILR IO 524007, A STkt T —
S TR A S OB A1 4 TSRO, JFRIRR T A5 B RE A, LRI S
LU0 S0 WA 08 B T A2 S AT S0 5 AT = R
RSP TR RO A1 2 -, 6 LB SN LT s P 3
FH 119% BORBHAEALICE % B IR A BT — ] OHLCV ORI, 1At &3
BEhf, IR T 49 61% MO PRIBIHEALI %, BRI, AUBFRT M 412
SR 3 LG T AU . 5 LT, BEATRARRIERIBIIOA N, 26T
PRIERAL 3 042 51 B0 T RO B L4 R TR B )78
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6
6.1

TRERE

&

- BRIV SR YR AR XS ARG S AR A AT Sy AT 55 T SR A 2D T Pk

filo BEARFANAZ 5 WU K At A L T oAb G i 5 A %, i
Pk, ARARURGEACR H HZeF /N 8t 0 22% , AR 5 Rl gl A2 5 /)
RLEE ()t SR BUSRAAR o 10 L, BIASEAR R 7 0l Tl oS50 B8 s e 3L 2 e
RARKIHI, TG LA LB B

. BUAZ G K<8 B A RIER AR AR MU XS 2 [ B AP, (E5RiLE

SRR . BARZE F bRl 7 ) HORIFAR AL T — T A R 2
)P4 (0 B, (HIAT (10 et Tkl W e 08 30 IE RO EAEAEATAZ By i ol 1 4R
RERRAR IS, 14 JE ST b I R AT AN R] XU 75 285 11 22 AR A AT 2 SRS IR ik
R e MBI T 1A .

. REEMEERAZ L ORI BT 9027 5 7V ) i 5% B R il

RUEARICH IR T8 5 B ], AB5 3 B i g i e 2 7, ERiaE —
NAE G BIAT IR HARAZ D) B s . (A, A P S i i B s AL @ AN i,
T AR A FE T . R e DR B R T I AR AR R BAT B
PEAE AR S B EE AR ST R, AR Bh 78 IR AR XA BR 1T 375 Wi A 2%

- BRI BRI, BB IIRAEARITUN . TRl ) S — Lk

Wl (HE ALK AIREO, —IIIZAT RSN, NIAERTAEE B, wi it
F IR, 1My FLAE L 2 BURCEAT 2l . A2 /R3], amfl s >J a8
Sy W TEAR K, A7 IR AfE P I% H B e ) R e A

. AEHANE A2C Hik )G, PPO EME—BEBARIIEHER AN A2C Hik. JRA

A] e HAl B LR SRR D AR S IR N — AN R S e, A A S v
O A S R

- T SRZERRREAE, AT REARATCIE MR I SR AL S ) R SR AT SR A B, X

W Z R N e RO B (R . (B AR BER TSR & A SRR AN B AR TR H 1
REERL, PP ] UORER st A2 X AT shsfems,  SEF it IR AL s sfeid A
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6.2 RREE

A 0 TARTIPT O R T Ak 2 ) iR AE AR A S AT 45 T BN RIS AL o ARy
R — RIS T 1), FETEAH R LA S8R R A A ke 1] ORIV 7R R 7 56
- T FREM R BPIEEE T
HH 3 <8 Rl B s PRI A M B ARp P, DL SR A 2 ) T V0] &% o 2 1) % b B0 2k
BTl 2 ST R A AT Zp Y, LRy v B AR T- s A 2 S LA (A9 2l s
O FMESHEIRS OBk B, S TBRAWN T st 2 I AT TAEA B,
WMATEFMANAT 5 0, R T 50457 > IRA 2 SR T BB AR N A
HHURBETIN AP 2T, H AR HORBE L Re ve il A TRk L
FEMS, FshpLEe 2 I nT DUE ik PEFIER A7 B S REE F i . ) 1
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WA, R, KRR ABHLE S T, MM sl S A RN T, ik
T S AT S A B A
o STNPFEWRL— P RLITF ImageNet —FE PR AEAL TE
W T oA 2 IR A 5y 7k, — O S — Lo G Rl 4R L IIAT HAR K
PEERMAT IR . HAT, JEZAEHR RN IE S R R, IR o AR s
DUIA B IA Ik AT A kA Bk, H TS T oAb 2 S s AL 2 ik
Heda LIeseAT) 2 B R, R IR st Al A 2] SV A T BRI A AR 15 A LI
Sk o BRHEA IVl Eidhs BRI B ST AT BEAR K P L2 AT R A2 fift PRI A 1] )
WAt. BT UMbARAE, KZ2EEAA I TAE X HERebs (USleat) Skvrfliog
e S SE R RE D), 2NE T — LSS R T T, i RS AT R, 2
FEPE. PIEEPERI TG . SEBr b, TSR IER LT, sl > 7k
AR EE < il g SE B 1K e s, AR nT RE S Id BE LA MRS, I SERR I 2R A
BEAk, —SefERE R T RARM IR LRAE N LU 5, (EAE 9 B8 2 [V I ) 22 2k
ZH M E, AR I E RS IR S NI, A1 LAEIEAE
AEFRUEAPEI T 10 R R, Sl SR FARHER I 8 . 2 ML SEBIAN SE B VPAL 7 26
BTl 2% X = AAS By o T DA SE A R R e

40



SR A A 2] [ I 5 B s 4L 5 B

[1]

[10]

(1]

[12]

[13]

[14]

[15]

225 SRR

CHAN E P. Quantitative trading: how to build your own algorithmic trading business[M]. John
Wiley & Sons, 2021.

MARKOWITZ H. PORTFOLIO SELECTION*[J/OL]. The Journal of Finance, 1952, 7(1): 77-
91. eprint: https://onlinelibrary.wiley.com/doi/pdf/10.1111/j.1540-6261.1952.tb01525.x. https://o
nlinelibrary.wiley.com/doi/abs/10.1111/j.1540-6261.1952.tb01525.x. DOI: https://doi.org/10.111
1/j.1540-6261.1952.tb01525 x.

SHARPE W F. Capital asset prices: A theory of market equilibrium under conditions of risk[J].
The journal of finance, 1964, 19(3): 425-442.

FAMA E F, FRENCH K R. Common risk factors in the returns on stocks and bonds[J]. Journal of
financial economics, 1993, 33(1): 3-56.

Z0U J,ZHAO Q, JIAO Y, et al. Stock Market Prediction via Deep Learning Techniques: A Survey
[J]. arXiv preprint arXiv:2212.12717, 2022.

JIANG W. Applications of deep learning in stock market prediction: recent progress[J]. Expert
Systems with Applications, 2021, 184: 115537.

MILLEA A. Deep reinforcement learning for trading—A critical survey[J]. Data, 2021, 6(11): 119.

BRI FE T A 5 B Gl AS 2 RAAWE IS AR LT]. AE#AR, 2019, 30(845-864).
DOI: 10.13328/j.cnki.jos.005689.

SUN S, WANG R, AN B. Reinforcement learning for quantitative trading[J]. arXiv preprint
arXiv:2109.13851, 2021.

DENG Y, BAO F, KONG Y, et al. Deep direct reinforcement learning for financial signal repre-
sentation and trading[J]. IEEE transactions on neural networks and learning systems, 2016, 28(3):

653-664.

JIANG Z, XU D, LIANG J. A deep reinforcement learning framework for the financial portfolio

management problem[J]. arXiv preprint arXiv:1706.10059, 2017.

LUCARELLI G, BORROTTI M. A deep Q-learning portfolio management framework for the

cryptocurrency market[J]. Neural Computing and Applications, 2020, 32: 17229-17244.

LIU XY, YANG H, CHEN Q, et al. FinRL: A deep reinforcement learning library for automated
stock trading in quantitative finance[J]. arXiv preprint arXiv:2011.09607, 2020.
YANGH, LIU XY, ZHONG S, et al. Deep reinforcement learning for automated stock trading: An
ensemble strategy[C]/ /Proceedings of the first ACM international conference on Al in finance.
2020: 1-8.
GUAN M, LIU X Y. Explainable Deep Reinforcement Learning for Portfolio Management: An
Empirical Approach[Z]. 2021. arXiv: 2111.03995 [g-fin.PM].

41


https://onlinelibrary.wiley.com/doi/pdf/10.1111/j.1540-6261.1952.tb01525.x
https://onlinelibrary.wiley.com/doi/abs/10.1111/j.1540-6261.1952.tb01525.x
https://onlinelibrary.wiley.com/doi/abs/10.1111/j.1540-6261.1952.tb01525.x
https://doi.org/https://doi.org/10.1111/j.1540-6261.1952.tb01525.x
https://doi.org/https://doi.org/10.1111/j.1540-6261.1952.tb01525.x
https://doi.org/10.13328/j.cnki.jos.005689
https://arxiv.org/abs/2111.03995

SR A A 2] [ I 5 B s 4L 5 B

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

SUN S, QIN M, WANG X, et al. PRUDEX-Compass: Towards Systematic Evaluation of Rein-
forcement Learning in Financial Markets[J/OL]. Transactions on Machine Learning Research,

2023. https://openreview.net/forum?id=JjbsIY OuNi.

KORATAMADDI P, WADHWANI K, GUPTA M, et al. Market sentiment-aware deep reinforce-
ment learning approach for stock portfolio allocation[J]. Engineering Science and Technology, an

International Journal, 2021, 24(4): 848-859.

NAN A, PERUMAL A, ZAIANE O R. Sentiment and knowledge based algorithmic trading with
deep reinforcement learning[C]/ /Database and Expert Systems Applications: 33rd International
Conference, DEXA 2022, Vienna, Austria, August 22-24, 2022, Proceedings, Part 1. 2022: 167-
180.

FEE AR, FL TR a2 2] DDPG Fk i #v 4l & 45 BRI, F LS BARAL, 2018,
N0.273(93-99).

= F R I TR AL S ) SAC Bk BB A48 BRI, BACTHEHL, 2020, No.681(45-
48).

Jelb &, JE BB I 4 AR P Ak 7 S B BER B AL S LA WE S, T R A R AL,
2023, 26(130-133).

SCHNAUBELT M, FISCHER T G, KRAUSS C. Separating the signal from the noise—financial

machine learning for twitter[J]. Journal of Economic Dynamics and Control, 2020, 114: 103895.
SUTTON R S, BARTO A G. Reinforcement learning: An introduction[M]. MIT press, 2018.

HAO DONG S Z, Zihan Ding. Deep Reinforcement Learning: Fundamentals, Research, and Ap-
plications[M]. Ed. by HAO DONG S Z, Zihan Ding. Springer Nature, 2020.

HAUSKNECHT M, STONE P. Deep recurrent g-learning for partially observable mdps[J]. arXiv
preprint arXiv:1507.06527, 2015.

ZHOU L, QIN K, TORRES CF, et al. High-frequency trading on decentralized on-chain exchanges
[C]/ /2021 IEEE Symposium on Security and Privacy (SP). 2021: 428-445.

GOODFELLOW I, BENGIO Y, COURVILLE A. Deep learning[M]. MIT press, 2016.

ZHANG A, LIPTON Z C, LI M, et al. Dive into Deep Learning[J]. arXiv preprint
arXiv:2106.11342, 2021.

SILVER D, LEVER G, HEESS N, et al. Deterministic policy gradient algorithms[C]//

International conference on machine learning. 2014: 387-395.

SCHULMAN J, MORITZ P, LEVINE S, et al. High-dimensional continuous control using gener-
alized advantage estimation[J]. arXiv preprint arXiv:1506.02438, 2015.

MNIH V, BADIA A P, MIRZA M, et al. Asynchronous Methods for Deep Reinforcement Learning
[J/OL]. CoRR, 2016, abs/1602.01783. arXiv: 1602.01783. http://arxiv.org/abs/1602.01783.

42


https://openreview.net/forum?id=JjbsIYOuNi
https://arxiv.org/abs/1602.01783
http://arxiv.org/abs/1602.01783

SR A A 2] [ I 5 B s 4L 5 B

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

SCHULMAN J, LEVINE S, ABBEEL P, et al. Trust region policy optimization[C]/ / International

conference on machine learning. 2015: 1889-1897.

SCHULMAN J, WOLSKI F, DHARIWAL P, et al. Proximal policy optimization algorithms[J].
arXiv preprint arXiv:1707.06347, 2017.

YASHASWI K. Deep reinforcement learning for portfolio optimization using latent feature state

space (Ifss) module[J]. arXiv preprint arXiv:2102.06233, 2021.

SADIGHIAN J. Extending deep reinforcement learning frameworks in Cryptocurrency market
making[J]. arXiv preprint arXiv:2004.06985, 2020.

HUNTER J S. The exponentially weighted moving average[J]. Journal of quality technology, 1986,
18(4):203-210.

BELAFSKY P C, POSTMA G N, KOUFMAN J A. Validity and reliability of the reflux symptom
index (RSI)[J]. Journal of voice, 2002, 16(2): 274-277.

KRITZMAN M, LI Y. Skulls, financial turbulence, and risk management[J]. Financial Analysts
Journal, 2010, 66(5): 30-41.

MAREK P, SEDIVA B. Optimization and Testing of RSI[C]/ /11th International Scientific Con-

ference on Financial Management of Firms and Financial Institutions. 2017.
SHARPE W F. Mutual fund performance[J]. The Journal of business, 1966, 39(1): 119-138.

SORTINO F A, PRICE L N. Performance measurement in a downside risk framework[J]. the Jour-
nal of Investing, 1994, 3(3): 59-64.

JORION P. Value at risk: the new benchmark for managing financial risk[M]. The McGraw-Hill

Companies, Inc., 2007.

MAGDON-ISMAIL M, ATIYA A F. Maximum drawdown[J]. Risk Magazine, 2004, 17(10): 99-
102.

ORMOS M, URBAN A. Performance analysis of log-optimal portfolio strategies with transaction
costs[J]. Quantitative Finance, 2013, 13(10): 1587-1597.

CHAN PHOOI M’ NG J, MEHRALIZADEH M. Forecasting East Asian indices futures via a
novel hybrid of wavelet-PCA denoising and artificial neural network models[J]. PloS one, 2016,
11(6): e0156338.

LI B, HOI S C. Online portfolio selection: A survey[J]. ACM Computing Surveys (CSUR), 2014,
46(3): 1-36.

COVER T M. Universal portfolios[J]. Mathematical finance, 1991, 1(1): 1-29.

HENDERSON P, ISLAM R, BACHMAN P, et al. Deep reinforcement learning that matters[C]/ /

Proceedings of the AAAI conference on artificial intelligence: vol. 32: 1. 2018.

43



SR A A 2T R B Mt AL & B

B 5%

R BACER BRI

class CryptoTradingEnv (gym.Env) :
def initiate state(self):
if self.crypto dim > 1:
state = (

[self.cash] + self.num crypto shares +
self.data.close.values.tolist () +
self.data.open.values.tolist ()
self.data.high.values.tolist ()
self.data.low.values.tolist () +

+
+

self.data.volume.values.tolist ()
)
else:
state = (

[self.cash] + self.num crypto shares +
[self.data.close] + [self.data.open] +
[self.data.high] + [self.data.low] +
[self.data.volume]

)

return state

def update state(self):
if self.crypto dim > 1:
state = (

[self.state[0]] + list(self.state[l
(self.crypto dim + 1)]) +
self.data.close.values.tolist () +
self.data.open.values.tolist ()
self.data.high.values.tolist ()
self.data.low.values.tolist () +

+
_I_

self.data.volume.values.tolist ()
)
else:
state = (

[self.state[0]] + list(self.state[l
(self.crypto dim + 1)]) + [self.data.close] +
[self.data.open] + [self.data.high] +
[self.data.low] + [self.data.volume]

)

return state

def calculate portfolio value(self, cash, crypto prices,
num crypto shares) :
return cash + np.sum(num crypto shares * crypto prices)
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def sell share(self, index, action):
if self.state[index + 1] > O:
sell num shares = min(abs(action) / self.state[index +
self.state interval * self.crypto dim + 1],
self.state[index + 11])
sell amount = (self.state[index + self.state interval *
self.crypto dim + 1] * sell num shares * (1 -
self.sell cost pct[index]))
self.state[0] += sell amount
self.state[index + 1] -= sell num shares
self.cum sell cost += (self.state[index +
self.state interval * self.crypto dim + 1] *
sell num shares * self.sell cost pct[index])
self.sell trades +=1
else:
sell amount = 0

return sell amount

def Dbuy share(self, index, action):
if self.state[0] > O:
buy amount = min(self.state[0], action)
buy num shares = buy amount / (self.state[index +
self.state interval * self.crypto dim + 1] * (1 +
self.buy cost pct[index]))
self.state[0] -= buy amount
self.state[index + 1] += buy num shares
self.cum buy cost += (self.state[index +
self.state interval * self.crypto dim + 1] *
buy num shares * self.buy cost pct[index])
self.buy trades += 1
else:
buy amount = 0

return buy amount
def reward setting(self, terminal):

if terminal: reward =
np.log(self.portfolio values memory[-1] /

self.portfolio values memory[0]) * self.timestamp /
self.data granularity
elif self.timestamp == self.state interval - 1: reward = 0
else:

reward = np.log(self.portfolio values memory[-1] /
self.portfolio values memory[-2])
if self.timestamp > self.eval time interval and
self.risk control:
short term reward =
np.log(self.portfolio values memory[-1] /
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self.portfolio values memory|[-
self.eval time interval + self.state intervall])
* self.alpha * self.eval time interval /
self.data granularity

max downturn flag =
(self.portfolio values memory[-1] /
self.max portfolio value) < (1 -
self.max downturn threshold)

reward += short term reward

reward -= max downturn flag *
self.max downturn threshold * self.beta

if (max downturn flag): self.immediate sell =1

if (self.max portfolio value <
self.portfolio values memory[-11]):
self.max portfolio value =
self.portfolio values memory[-1]

return reward

def step(self, actions):

self.state = self. update state()

self.terminal = self.timestamp >= self.max timestamp
if self.timestamp == self.state interval - 1:

[]

[]

self.valid actions memory = []

self.rewards memory

self.actions memory

self.states memory = []
self.portfolio values memory = []

if self.immediate sell ==
actions = np.zeros(self.crypto dim) -
self.portfolio value
self.immediate sell = O
self.max portfolio value =
self.portfolio values memory[-1]
self.actions memory.append (actions)
self.portfolio value =
self. calculate portfolio value(self.state[0],
np.array(self.state[ (self.state interval *
self.crypto dim + 1) : ((self.state interval + 1) *
self.crypto dim + 1)]), np.array(self.state[l : 1 +
self.crypto dim]))

scaled actions = actions * self.portfolio value *
self.action scaling

argsort actions = np.argsort (actions)

sell index = argsort actions[: np.where(actions <
0) [0] .shape[0]]

buy index = argsort actions[::-1][: np.where(actions >

0) [0] .shape[0]]
for index in sell index: scaled actions[index] =
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self. sell share(index, scaled actions[index]) * (-1)
for index in buy index: scaled actions[index] =
self. buy share(index, scaled actions[index])
self.valid actions memory.append(scaled actions /
(self.portfolio value * self.action scaling))
self.portfolio value =
self. calculate portfolio value(self.state[0],
np.array (self.state[ (self.state interval *
self.crypto dim + 1) : ((self.state interval + 1) *
self.crypto dim + 1)]), np.array(self.state[l : 1 +
self.crypto dim]))
self.portfolio values memory.append(self.portfolio value)
self.reward = self. reward setting(self.terminal)
self.rewards memory.append (self.reward)
self.states memory.append(self.state)

if self.terminal:
if self.episode % self.print verbosity == 0 and
self.model name != "":
self.print verbose()
else:
self.timestamp += 1
self.data = self.df.loc[self.timestamp -

self.state interval + 1 : self.timestamp]

return self.state, self.reward, self.terminal, {}

def reset (self):
self.timestamp = self.state interval - 1
self.data = self.df.loc[self.timestamp -
self.state interval + 1 : self.timestamp]
self.state = self. initiate state()
self.portfolio value =
self. calculate portfolio value (self.cash,
np.array(self.state[self.state interval *

self.crypto dim + 1 : (self.state interval + 1) *
self.crypto dim + 1]), np.array(self.num crypto shares))
self.cum buy cost = 0
self.cum sell cost = 0

self.buy trades = 0

self.sell trades = 0

self.terminal = False

self.immediate sell = 0

self.max portfolio value = self.portfolio value
self.episode += 1

return self.state
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