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Figure 1: The Transformer - model architecture.

Source: Attention is all you need. arXiv:1706.03762, 2017.
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Figure 2: (left) Scaled Dot-Product Attention. (right) Multi-Head Attention consists of several
attention layers running in parallel.
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Source: Attention is all you need. arXiv:1706.03762, 2017
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1EF S B AT B 045 AR BGY BERT » 2 7T e £ RhAR 5 R Loy 4ol (R 2] T 054
Rk SCAAR B 89 JE A 4285 £ - B FinBERT #uf% BERT kA AR 6994k BAZ 3 - A
XEREAT 6 F B EERIRIES » TREESEH A BT AR
R T B A R KRB FAINR BN P95 ol R L AR B LR
B AEELHITTETER - TREFEB T » FinBERT 7T S8 ¥ A4 sota #)
MR T eRke) T RARAB SRR AR ERPIE ;A Horovod 2R |
BT FinBERT » ARAER TRAMHE - ( BATBAR ) A MK KL R Re9HE
Al o FinBERT 7T A AN HAGIR % T 560 2 Bk SURIEIBAEFR - IR MEAE
[3] BHATEB T
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—
=
General domain 3
. . e o
unsupervised corpus(13G8) Multi-task Self-Supervised &
g =
;o X 5. E5
< A english Wikipedia Pre tralmng 5 ®
(2508 words) =i e e e Q 4
& = s ©
g Dialogue Relation Task =3
BooksCorpus w o 5'
- -
(0.818 words) o Sentence Distance Task b «Q
= = =
3 4 ©
Financial domain () Sentence Deshuffling Task -g -
unsupervised corpus (48GB) [ Y Seeeeere—————— a v
A -3
Fi IWeb o
FinancialWeb ¢y aory 3 Token-Passage Prediction Task 2 2.
5 =
thoo.l YahooFinance % ® O
finance (4.71B words) = Capitalization Prediction Task < —
)
RedditFinanceQA o 0
@redd” (1.62B words) Span Replace Prediction Task : U7T
,,,,,,,,,,,,,,,,,,,,,,,, o
-+
Y

¥

Pre-training Fine-tuning
B 1- 3 FINBERT R¥&EATEEH
2. BR Y AL® FinBert FAINKEA % & & 4 [Negative, Neutral, Positive]=

18 5% - f£:548 48 Negative #.4-1 > Neutral &% 0> Positive .4 1> & —18
BEIFAH % B HH > RI3RER A T3 » B3R :2018-01-20 A 7 E#H » »#

N

#1[0,1,1,-1,1,0,0] » E“?iéﬁaf&\giﬁj%; o

245 LSTM

LSTM &gz ete X 2 h#m AR ( input gate ) :BESM( forget gate ) EFEH|

16
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) \

 § |

f{_o'”f':hl—l l[}—l)]):

™\ P 4

: V_Ft ) :, Output Gate t

| I

, \ 0 = 0 (W, - [y, 4] + b,) !

1

: _— : hy = oy * tanh(C}) :

—>(h, : /
J = STTTTTTITTTToo

Inpm Gate )

I

Cell State it =0 (Wi+ [heoy, 2] + b:) !

I
. )
C; = tanh(W,. - [hey. 2] + by))

_________________

[ ——

— f;*C‘I |+il *(‘/
source: lecture notes, prof. P. Protopapas, Harvard University

m1-4LSTM s+ & E

HEPTAEH forget gate 49 hidden state h (R ACE)F0 input x4

M4 cell state cCRARRMRBARBENRET A LD MY > BEML—1E

sigmoid &% - A TFERETE > @ input gate €A TATH input BF BwAKEL

% cell state ¢ # » & —1MB signoid & » X F-WABRTE » &% output Gate &
—1B tanh &%k - Aw k cell state %A ETF—18 hidden state h

2.4.6 GRU

GRU 42 2014 SF4k42 4 » £ — 1A IRy LSTM H P ayze &k A —18 2 38 ( update
gate ¥4 - B HEE R ESpb LSTM B ( B A 44 cell state #v hidden state #%&
REBGE V) mMARERE B Py 72t & update gate, rt & Reset Gate, hy

=)

& state candidate, hy /& current state-

17
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hs
her ~\ I’ ze =0 (W, [hi_1,2¢])
ry =0 (U’, s [ht—ls .'17[])

hy = tanh (W - [ry % hy_q, )

source: lecture notes, prof. P. Protopapas, Harvard University

1- 5 GRU ~ &

58162 7T YL 4k, model-base Fv model-free Wm#£ » model-base &9F AL E ¥ —
PRFER  REGAURRT > GlluE# > BAZZENHRANEBIRL A Lo O ER
A& T - Mmmodel-free ¥Rl A M AR BIE A, EMR - R AW RE T @ value-
based #v policy-based H#L 8 » MBE=F AT LA M » f£ Alpha Go PHAK=
HRMER c AR REST M TR EAREMGHHE Q-learning #» Policy Gradient
Bk AREHR PO PPO Bikwb A —4E M Policy Gradient 89375 % > thegdR &y 42
7T Policy Gradient B/APHXEKERBEETHMA - EEAABZWCLLE LT L
HBELE A% (A% Q learning i@ value R MBELE policy) » BB TAfLiELE
B2 P RIFOPAT > BbIFFBEERMERRERH R La -

2.5.2 Value-based learning v.s Policy-based learning

1. Value-based learning

AL 2 B e K& BARZ KA policy » A8 Value-based ik » w2 b3-4E818 action
& Q /i (Value) » B4RIE Q A K& Policy 89k o » Bk Value-based & ¥ k% —
& “ehHB” o Value-Base ¥4y action-value B3t ARG HKFIHIES true
values (BB F A REIG A FRBL » TABIE S 0 ) | 2Pl E ) > Rb@ ¥ o5 —
1B %% & B9 R (deterministic policy ) -

18
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Value-Base » #7845 85 22 ] B AR - 2 2K 5T DU 8 1 22 R BE AL R 32 - {2 B AL R 2B
BB R - BRMBERFE S TRIEERF B &ME action €AMW L -
Wy BERL I BE @ 54T action MMEEE K S fe SR EE R R — AR TR E K8k
BHERNRE -

2. Policy-based learning

Policy-Based R @ ik st %] — 1A #E T ey > B s & # & » A &R optimal
stochastic policy e v optimal policy Z#EE ey » AR optimal action ¥HJE &Y
M RE o B 38 K suboptimal actions #/E GG MEAE B » MAE R E ) KON E TR
B RN o

Policy-Based M2 eyEptE 2R > EREEHIEER & » TR A B BB
%R » M i@iB Gaussian distribution ( EAEH ) 332 action ° £ Value-Base
¥ - value function &94UNSAEH Reg e ER K » TR AR E T B8 action &
T ER M Policy-Based # %, T sb&k 2k

3. FEPPR=HY1E 25

RS PR P 4B Rs AR R (stochastic policy ) o (4B 8EH 74 8
o RAE R RRHEEZEE B A RREEEAE 538 T R4 » A BIEH R
W F K 5 R )

2.5.3 PPO

PPO B & —## A ey Policy Gradient H7% » Policy Gradient HEx¥F Kk + ok
BB XEEELSM Sk EVGEBRE T IE RSy E L E B RBRAIR
FIHZB o PPORE THBAZRETUHR @RS BER BRI > BAT
Policy Gradient Bk ¥ kEEUEE A

BEXREwT

At policy 895800 £HRERY HER Ok MBEREH) - 55— {stat) 3t
¥ advantage-A O k(st,at) 9k E—R34R R P13 28 actor 89 -2 F 17F PPO s AE14L -
L0k FR 8 ERED 0 RER policy gradient RAEEEA —REH » 2T S X
34k 0 object function-JOKPPO( 0)=JOk( O )—BKL(O,0k)EE R H L% E—ET
BeiE A > & KL(O,0k) > #4 adative KL penalty Lk AEA A » R &R S AL
ISR > Alm K SR KA/ » REEITAMRRKE - BlRD B -
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IO

pe(ac|s;)
pox(ac|s,)

PPO algorithm

A% (s, ;)
« Initial policy parameters 6° (Se.ac)
* In each iteration
* Using 6% to interact with the environment to collect
{s¢, a;} and compute advantage A% (s¢,ae)
* Find 6 optimizing Jppo(0)

k k Update parameters
IgPO(e) — ]6 6) - .BKL(B' ok) several times

* If KL(6,60%) > KLy, increase 8
* If KL(6,0%) < KLp;n, decreage f8

Created with EverCam
http://www.camdemy.com

1- 6 ppo EEEANK
2.5.4  B# FinRL

1. FinRL REBA LT @R FEAHBICLEETREAAR HHBARBERE » RIE FinRL H

Gisd [TIA TREEETY  MBERBLRTES 8 > wER

FEHRH ~ HHEAR

O BRRY  ERBTHR-—OREZEER S TETUAZZEBREET

FinRL &9 48 & @42 -

2
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Outline: From AlphaGo to FinRL

2020/12
2020/11 FinRL lib

AlphaFold discovering

NewrlPS 2020, Deep RL Workshop
protein structure

Deep Reinforcement Learning for Automated
Stock Trading: An Ensemble Strategy

ICAIF 2020, ACM International Conference on Al in Finance
2019/12 MuZero 2019/11
ElegantRL (Lightweight, efficient and stable)

2018/12 AlphaZero

2017/10 AlphaGo Zero Practical DRL Approach for Stock Trading

03 AlphaGo defeated
Lee Sedol

2016 NeurlPS 2018, Al in Financial Services Workshop

1- 7 FinRL %8 85 F & B
J R Practical Deep Reinforcement Learning Approach for Stock Trading(2018)

FinRL #2458 7 &AM T T 3589 R 5 B &2 NASDAQ-100, DJTA, S&P 500, SSE500

FHRRABRCEEG R - R T AT ERDRL Bk & ElegentRL » 3
BXBERPARKRE L E5A—EHRIEZSE » THEK BT S REGHAE -

FERE#BIEEE (DRL) ¥ » RIZEBAETBIZIHE R G » LRS00 H R AT 3
R DUT B IRF A R - bR R A A X RBP4 o FREE Al4Finance

(A% BHILRS ) RIEA MBI aABRERILEE (DRL) 9 FR - §EmBK
Bk B 28 kE erksAB RLOps X% - AN KXEFEH Lo
EATHRERS) R% - RT HWEH 692425 - FinRL BB AFA P 1L Thy ki
IR RRATHRE - £ FinRL * > EBRBIBEEARSTHHEE X
5 ARIL BB L L REATINR > BB G RRSWRZGER - Lot cRasE
FHRHAR XA TH RS AR T F R RGBT

FinRL BA R¥MH  BBHEFTEAMN  AHANEES © (1) £ 5 EFRRERS
FinRL #i#t &M Z THe) X 538 » &4E NASDAQ-100 ~ DJIA ~ S&P 500 ~ HSI ~ SSE
50 ~ FulRiR 3005 (ii) FinRL #RABRIALEAE R EHEAS  REMANRLE
DRL 7% (DQN ~ DDPG ~ PPO ~ SAC ~ A2C ~ TD3 % ) ~ # A 208 & B v A% 2 345 K 47 1A
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MR ERSGTEAM 328 (111 ) RETHE FinRL F8 T -2 2%
FEEAED - pboh > URTUERLSBRRY - PR H  BRBEALSERELEER -

2. FinRL £ F4:B42 ¥ A8 2 7R OpenAl Gym F 849335 > OpenAl Gym & & Tesla
#ATE Elon Musk £l3r - BAZEET LR B T AR EHIEEE 5% OpenAl Gym -
BIRAEE R AE B AMEEERIR o OpenAl Gym 24L& FE8XIRE - #)
o B2t E o RS BB ETFER  c ATFEAARTEREAR > R
fe 1 o BATSLIRIL X RKXET A Python» RREM XEHET -

3. BEEMEA

RBEBEIL—EAARBLBEPIEERN - HAEM—ERNG LA
HITUEBELEINRARBOERBARR  BEBEHEURBERGEFE REIE o » 43

2H BT RGE RARRARE SEIER > Rk — BB S BLAEALHRREELE
CITREZ BB EIL  FELTEARAEEZRSHEL TR - I g I REFEER

WERRAFO[3] - BATHNRABCARCEFA SR ML BLY LS FHMF
(manual search #:% @ M FAKIFFER) - ##4L % (grid search #rEs @ HEIRME)
g # 44 & (random search #2325 @ M RK)[4] mE MK F AR & B EAHE 1L
(Bayesian optimization technique)®Zr—184 % BAZ HE A FEEA » 3 B4F A
FEFREOB LB E L LA BZH[5] -

Consider a ‘well behaved’ function f : X — R where X C RP is
a bounded domain.

xpy = argmin f(x).
rEX

1- 7 BAR RN R

&R : a tutorial on Bayesian Optimization(Peter I. Frazier, 2018)
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2.6 RAzTats
2.6.1 EELwZE (Sharp ratio)

BELLER = (RMEX - ERERAER) REE

BLLLRAME—ARETELS T AKS YWRRT > 458155 VWm0 F % &
HELLFES 05 ZTAARZ 10%EERBRT - %%Tuﬂ 5% B F - FBE &
m$&ﬁTuW$%T% 1B s 9145 T My B A% o [1]

2.6.2 F3Lx (Calmar ratio)

FIBLEER = GREZE - ERHX) A E#H

FIHLFE R R LR BGEIRA - BRI AR R ERRM B » R AFZEE K
BHRAEHEGRAR o ERFSEATREEEHE S FHLRTLMENKTE LA
PR K EHAF LR - MERRETTH ERAF LR SRR ES - Btf
HILRBFRALLBRELRRER S 694645 F - R— B 6L B R AE S Lh 7R [ 2]
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RRIE

TEAIIREY
R
. A

1- 8 2#%%thaRE

301 REEE ARIRAE

g 3R & A Yahoo Stock F# 0134 1 A 2 B £ 2020 4 12 A 31 B FAANG A&1%
B EMEAZEIRG A EMAFA CNBC &9 APT #a L3¢ £ 7 5 R3] 2013 4
E 2020 “EeyprA R EOR - A oAk BERT IR R 3 - £ ¥ Facebook #4 25806
% Apple 4 236701 % ~ Amazon #£ 4 25721 % ~ Netflix 4 9150 % » Google #
H 19937 EFH - RO IL B B AT (2 Apple #H A1)
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Title

companies added $3.4 trillion in value in 2020

0 $2 trillion, says a path to $3 trillion is in sight
jays — here's how to get the most out of them
le parties despite Covid, has been taken down
Jobil, Tribune Publishing, Apple, Tesla & more
ill lead tech again in 2021, says Gene Munster
ar — here are some of the most popular funds

Amazon to buy podcast maker Wondery
1 Third Point, says RBC Capital's Mitch Steves
days — here are the first things you should do
enefit from a second round of stimulus checks
"he First 10 Minutes: Marcus goes to Nashville
iger/songwriter trying to break into the industry
AstraZeneca, Intel, Caterpillar, Alibaba & more

irs as the stock market slips from record highs

RY
|

312 BALZFHEERYH

Date Url Description

2020-12-31 23:29:13 illion-in-value-in-2020.html| economic crisis.Between ¢

2020-12-31 22:53:15 >-3-trillion-market-cap.html resaw in January, when he
2020-12-31 16:49:10 st-out-of-your-airpods.html 1 can control them by tappi
2020-12-31 15:33:45 ite-covid-taken-down.html o promote secret, invite-on
2020-12-31 14:55:04 hing-apple-tesla-more.html er oil prices and improved
2020-12-31 14:11:02 !1-says-gene-munster.html | bubble in 2021 and more.
2020-12-31 06:33:52 e-most-popular-funds.html 1.2 trillion. In the United St
2020-12-30 19:47:35 dcast-maker-wondery.html platform, looking to carve
2020-12-30 18:42:54 -capitals-mitch-steves.html 1e Intel-Third Point activity.
2020-12-30 16:57:36 y-with-your-new-echo.html ou might know.Here are so
2020-12-30 16:11:43 gate-activision-stocks.html fter Senate Majority Leade
2020-12-30 16:10:01 ‘cus-goes-to-nashville.html com/album/id/1545335877
2020-12-30 16:00:01 rreak-into-the-industry.html and don't miss all new epis
2020-12-30 14:43:39 terpillar-alibaba-more.html eview large-scale trials. Th
2020-12-29 20:27:16 ips-from-record-highs.html ) hedges against losses pa

m1- 9 M B P9

Sentiment
positive‘
positive

neutral
neutral
positive
neutral
positive
positive
neutral
neutral
positive
neutral
neutral
neutral

negative

AEEBH Yahoo Stock # 201341 A 2 8 % 2020 4 12 A 31 B = FAANG 218 &

X EAE AR AR

6 A2 BZE 2020 F 12 A3l BAR G - LBl AT .

HE+20134F 1 828%20184F6 8 24 BAEADI4kE - 2018 &
3 o AR AR IF | SR HA R AE R

H—FER RS BRAAX SR > A& @RF LB 6 B3tz B A M %

Ve By B3R LE B IR FE ©

Training Trading End
2013/01/02 2018/06/25 2020/12/31

1- 10 Bk 2] 0 fa] 24 B
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i

3.2 AT R 3R

/;].::
3.2.1  REEE AR

)

N

FRB AT EE R PAEFLANHE WP EEEREY B AR EZEA
S Bk B R B R UR B e 44 B Lookback=20 R » BART 19 REFRAIEL —
* ey HF XEE > input_dim = 6, hidden dim = 64, 483 500 epochs °

3.2.2 BALZFHEER

LREHRYT - oM CNBC #9 AP B FAANG #78 » BA—RM NG — X P THAFLE S
B SEBRAZLEAAMAME - AR S R & MU RS [ 1,1,0,-1,1]5%&
#eF2 2/6 = 04 BERAZENMAE R H - MEL 1 A8 ER > RZ > ¥
V-1 R B E&E - HF » H# Yahoo Stock RREAZEAME P o0& WHBE RS
18~ RIKME ~ X5 2 - 255 H H AT LR 2] e Bulr 45 4% (4o MACD, RST %) » #: 3 4%
Tk R ASK AR B 27 > R4 Group by 4584 T &9 2 d% -

date open high low close volume tic day macd boll_ub boll_Ilb rsi_30
0 é(fgé 74.059998 75.150002 73.797501 74.333511 135480400 AAPL 3 2.821718 209.646782 193.927217 57.254507 1
1 %)(‘:?(())i 1875.000000 1898.010010 1864.150024 1898.010010 4029000 AMZN 3 2.708361 210.005513 194.123486 57.906986
2 2020 206750000 209789993 206270004 209779999 12077100  FB 3 2950052 211104349 194120650 61210207
3 %(fgé 1341.550049 1368.140015 1341.550049 1367.369995 1406600 GOOG 3 3.017246 211.804519 194.416479 60.016368
4 %(fgi 326.100006 329.980011 324.779999 329.809998 4485800 NFLX 3 3.349010 213.245486 194.299512 62.682191

1- 11 38462 Input BFE

3.3 TARIBA R

3.3.1 REEF AR

T £
236105 B AR SRR S AL AL A Rk ey 7 X R+ 2 GRU Ao LSTM HR % AR 2

% BRIFZAITHRET RS TEEAG T EALE 2013 F 1 A 2 B A FHHEEE 50
BELORE BT RRBRBROTAABES, LR EFwEE L RS ZRREK
AHAFRBORERBIRBLO EZBREELERAEET RN > —REEH LKA 200
A% BB FREFRR FB 5%, AMZN +3%, APPL -2% NFLX -6% Goog +2% > R] 200 %
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5/10 = 100 8 ( EAFB) > 200 % 3/10 = 60 A% ( EAAMZN ) » SASL$EIE o £ B3|
FPERELYOEAT AZEEHBEERZFEgE( BT BAZ A KRR
R P9 B4 BEAB R R AR 20% 8] 220 F o

3.3.2 AL BAAA RS

3L 2L 2

1. RIEX:

B4k (actions)f ik TR (agent) BB X M Z S W HAF > TR AL =FEE (-
Lo} AR ERE—RKEZ  HFABE —BRKZE » $RETUSAT S %FH:ME > 2
A AT { -k, kt1,-,0,1, kA — B EE R R kK £EAEZRE A 100 -

BHEOXTAEABICEZEFRIEFT EZH—I > BREMITIEAAMN OpenAl GYM
framework XA TN THEN - X HEHEOL 1. BIATHEHRE - T HTHER
WHBAAEE  ERFEA O RR R BB ALETA-—TEELF
ARRXHGLEBRAI0R  RHEERABE—EX G0 Trz— -

2. EE%E

BT LA RRH R
(1) B2 eRBEEAULE keyaction FEITEXRERFAYKREZ > MEA A FEEH
th L BEEINEVFFEHRAFRHRLOFAT AL ERE -
(2) %%#ieERBRAXME  CRABLELZLEERY LEZHBEMERIE S
HAE -
(3) AEEBERHBALELENALRAEAESL T AARKZ—BRXHBNEEFFPHK -
(4) ZRAB—REFHINKRFHK reset FARAS A F FE 4 o

34 RBEHME

EREHEILTS (A BRIE - BFRARESFE (validation loss) » A A
ERMRLH > E X REE - AARETMAE(int, boolean, or float) - E#EHxlE
ACEE R RESARGER - FRAROBMESER A& R H47:842 (Gaussian processes)
MEFRERBLIBHRGERALRE —RBHRREBE WBEERESED)  wlfTRAEEY
SH > TN RERER LB AES  HHAAEREZEEA LE €HEFTRE
MEBERAKE -
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SwE FERERESMN

41 BRTBABLIBER
1. BRI TRERTE 1-11 » £ &8 B 2404 69 5 BAR R 34 o
HITHEHR > BEBEHARRGORBERAT  KAEFHE -I2HTES
B A E A% KB AIIR input e

Date count mean_score
2013-01-01 1 1.0
2013-01-02 6 0.17
2013-01-03 6 017
2013-01-04 Rl 0.0
2013-01-07 5 -0.4
2013-01-08 4 0.25
2013-01-09 6 -0.17
2013-01-10 7 -0.43
2013-01-11 5 -0.6
2013-01-12 1 0.0
2013-01-14 14 -0.5
2013-01-15 13 -0.23
2013-01-16 12 -0.33
2013-01-17 3 0.67
2013-01-18 1 0.14
2013-01-19 3 0.33
2013-01-22 6 -0.17
2013-01-23 12 0.08
2013-01-24 28 -0.07
2013-01-25 14 0.14
2013-01-26 T 0.14

B1- 11 BRZHSG-FHHER > HE
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Open High Low AdjClose Volume mean_score

0.775025 0.814962 0.800669 0.823046 -0.691288 0.36
0.819894 0.824970 0.836041 0.820073 -0.774274 0.31
0.816250 0.816429 0.805557 0.799100 -0.554782 -0.23
0.789579 0.802820 0.802101 0.801859 -0.742718 -0.30
0.791296 0.799807 0.810790 0.802066 -0.870458 0.00
0.792605 0.792612 0.813313 0.789122 -0.894450 0.50
0.785874 0.787684 0.803952 0.781458 -0.950328 -0.67
0.785935 0.849514 0.806229 0.849239 -0.581672 -0.14
0.856243 0.877793 0.873203 0.872412 -0.652524 0.00
0.875078 0.872610 0.873975 0.850391 -0.797343 0.86

1- 12 BRAB Y155 B - # A B

o
zsg
W

#

EERGER T RIEA FHIF (Manual Search ) a9 F KX » #AR L — B
WX T EREIF 2R BRI BATRRBRILZERRATA L TEH
BT RB L BAEALIEZR T LE R - 4w : Ray rllib#e optuna - FARAME A
BARERT TR S -

| time/ | | I time/ { I
fps 74
I fps X | i | | iterations | 4 |
| iterations | 6100 | | time_elapsed | 109 |
| time_elapsed | 392 | | total_ timesteps | 8192 |
| total timesteps | 30500 | I train/ - } b I
. = approx_| .
| train/ | | | clip_fraction | 0.183 |
| entropy loss | -44.2 | | clip_range | 0.2 |
| explained_variance | 0 | i entropy_loss } -42.6 I
. explained_variance -0.0118
I learning_rate | 0.0007 I | learning_rate | 0.00025 |
| n_updates | 6099 | | loss | 6.06 |
| policy_loss | -132 | | n_updates | 30 |
olic radient_loss -0.0282
| std | 1.06 | I policy g _ } A I
| value_loss | 9.64 | | value loss | 11.9 |

PPO_PARAMS = {
"n_steps": 2048,
"ent_coef": 0.005,
"learning_rate": 0.0001,
"batch_size": 128,

B1- 8 BAHFAKLE

12 RESBRARMER -
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Cost (USD)

"THRELE A AMEENE E R KRR ME— 8 & E RS
TEAREH®, AV R MR ME el BATHRARH , - B
A ERBBRBMEINARNENE  FRAESEEEILTREZNIRY -
EA24R A RMSE (Root Mean Square Error ) /2RI E4E4% - A REEHWAE
BlEBX s £ o B2 R EATFH T L2HF £ET THRE/LE > BB
T EBPAEAN LG E AR B A 2 R LR AR R ER
EEEETA 0~1 bR > RIAB R ARG H I E AT TRBI 69 R 9% - RMSE
BERF 1 Bk EFHAFARE R 4o B 3bdepr A BLANMA 6 T3 E1F A TARME -

| N

| Z ( Predicted,— Actual, 1
RMSE=| =

N

B 1- 9 RMSE A&,

1. AMAZON
Stock price Training Loss
— Data
200 Training Prediction (LSTM) {h
' r
1500
12
&
S
1000 0
M ’\/V/ f'
00

00

200 3
Epoch

1- 10 Amazon 1£ A LSTM 34k~ & B
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Cost (USD)

— Data
== Training Prediction (GRU)

G

3500

50

Cost (USD)
2 8 8 3 8

g

Stock price

= Data

=~ Teasting Prediction (LSTM)

¥

Days

- 11 Amazon & F LSTM FERE T & B

Stock price

Days

04

03

Loss

01

Training Loss

0o

1- 12 Amazon 4 A GRU 34k~ & B
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Stock price

3500 = Data
~= Testing Prediction (GRU)

- W
3000
2750

w
=
3 2500
Q
o

2250
2000

1750

Days

1- 13 Amazon 4 GRU FARMEH T~ EE

LSTM GRU

Train RMSE  22.654273  31.355480
Test RMSE 369.274267 219.421336
Train Time 261162924 198.437639

1- 14 Amazon #4 LSTM #Z GRU tb# &

2. FACEBOOK

Stock price Training Loss
25 040
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Cost (USD)

mys 0 00 0 00 400 500
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Stock price

0 — Data
—— Testing Prediction (GRU)

Days

1- 18 Facebook 1£ A GRU & :RME #1~ & B
LSTM GRU
Train RMSE 2.328743 2.790793

Test RMSE 19.598969  12.349821
Train Time 331.173898 266.045077

1- 19 Facebook #9 LSTM $2 GRU tE# [

3. NETFLIX
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Stock price
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Cost (USD)

Stock price

550 = Data
—— Testing Prediction (GRU)

= A

Days

1- 23 Netflix42H GRUFRRIBHA ~ERE
LSTM GRU
Train RMSE 6.176277 4711241

Test RMSE 29.706481 29.083048
Train Time 333.357581 244.159618

1- 24 Netflix &9 LSTM ¥ GRU tb# &

4. GOOGLE
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Stock price
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~— Testing Prediction (GRU)

Cost (USD)

8
o
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1- 28 Google 4£ A GRU FARIB# T~ EE
LSTM GRU
Train RMSE 9.288954  12.492297
Test RMSE 61.569612 68.389827
Train Time 294.386175 234.133803

1- 29 Google &9 LSTM £2 GRU tb#x [
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Stock price
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Stock price

140
- Data

~— Tasting Prediction (GRU)

120 W

Days

1- 33 Apple 4 B GRU 12 R|{E 4+ & B

LSTM GRU

Train RMSE 1.861917 1.061791
Test RMSE  11.404965 8.288155

Train Time 291.983404 237.314436

| 1- 34 APPLE &9 LSTM #2 GRU tb %2 [§]

4.2.1 REZE AR 747 -

WTEAENSTARGEEY » RAITAEAAS] A GRU #v LSTM X FARIRIER » &£
DR BOR R AFEH > loss function ¥ epochs ¥ m S HBMEMH T » B AR
R BR Oy 5 R T RIZA - T LAF 2] Anazon £ FARIARAB MRk £ 4£ LSTM
T RMSE k%] 7 369 » #£ GRU F RMSE sk %] 219 » M Apple 7& T8 78] A8 M X TR 81 20 R B &
¥ f£ LSTM T RMSE %] 7 11 - £ GRU T RMSE £ %] 8 o ££ 5 F /3] ¥ HAILEEIRT
GRU 7R % A& 18 5 0% ] ¢ & 22 o 5 75 d 4R & 18 LSTM ©
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RICZERBMIHER
RARBIEO R EHFRT  MRRBERARANE o 2K F

E &
RAERESHHE L BENFCRE > TR ZRRB B EEE A LA
A > B obis BRI A RGO T B 542 -

— 100%

I R BRZA A EE T EIHEHETT (DI A) i

Cumulative returns

4 =
140 daily_return

= Backtest

130 A

Wl VAR

(
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N
(=]

Cumulative returns
-
-
(=]

=
(=3
o

0.90 1

0.80 4

Bi-35 B 2B ®ek (4 ) VS DIA (&) RAEBBII4E

FinRL V.S DIA
Annual return 9.39% 13.49%
Cumulative returns 25.39% 37.56%
Annual volatility 25.75% 25.71%
Sharpe ratlo 47.88%  62.00%
Calmar ratlo 25.33% 40.00%
Stabillity 17.44%  38.00%
Max drawdown -37.09% -33.92%,

m1-36 DIA ( £ ) %428 Rk (&)L F

2. RBIH A » B #A%E S&P500 ETF ( SPY ) b
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Cumulative returns

daily_return
= Backtest

1.80 1

1.60

Cumulative returns
-
S
1=y

=

N

o
1

1.00 1

mi-37 FRIEEH Res (4 ) V.S SPY (&) RHEMBITLE

FinRL V.S SPY
Annual return 1556%  28.05%
Cumulative returns 43.96% 86.46%
Annual volatility 2385%  27.38%
Sharpe ratio 72.74% 104.00%
Calmar ratio 46.14%  89.00%
Stabllity 62.72%  84.00%
Max drawdown -33.72% -31.58%

m1-38 SPY (£ ) %ILZH Kok ()L B

3. FIARAR M BEBRIX B MBTESIEH ETF (QQQ ) tb#r
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Cumulative returns
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Cumulative returns
=
sy
o

=
N
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0.80

mi-39 384628 ek (4% ) V.S QQQ ( & ) BB 4B

FinRL V.S QQQ
Annual return 27.94%  32.36%
Cumulative returns 86.05% 102.67%
Annual volatility 27.12%  29.33%
Sharpe ratlo 104.67% 110.00%
Calmar ratio 97.82% 107.00%
Stabllity 80.57%  81.00%
| ax arawdown -28.56%  -30.26%

1- 40 QQQ ( £ ) &It H Res (&)L B
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Cumulative returns
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m1- 41 FAANG ( %k

Annual return
Cumulative returns
Annual volatility
Sharpe ratio
Calmar ratio
Stabllity

Max drawdown

JV.S QQQ ( A& ) B Fr4RBHHT 4k

FAANG V.S QQQ
27.94%
86.05%
27.12%
104.67%
97.82%
80.57%
-28.56%

1- 42 QQQ ( £ ) FAANG( #)tb#x B

4.3.1 BALZ B BB H 2T °
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25.57%
77.49%
30.99%
89.00%
88.00%
71.00%
-29.16%
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Worst drawdown periods Net drawdown in % Peak date

0 29.16 2018-08-30
1 25.97 2020-02-19
2 15.31 2020-09-02
3 14.06 2019-05-03
a4 7.22 2018-07-25

1- 43 E ZAHT

HEEE P /AT AR 2018 £ 4 akiEE A 2020 FeykE

Valley date Recovery date Duration

2018-12-24
2020-03-16
2020-09-23
2019-06-03
2018-07-30

i%’ﬁ%?kﬁ%éﬁk%ﬂ&%mmw$%85%8%
B RBT T R AE AR B MR R E T R B e R B R RA R
£ @ L ey ETF A5, 0 4244 T 8060 16 ) 8 7y AR AS S BLIR A2 41 ) -
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2019-04-22 168
2020-04-30 52
2020-12-28 84
2019-12-26 170
2018-08-29 26
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5.2
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