JTUUDIRILLWONTVINUIBTULAzA U U

Intelligence System for Stock Prediction and Stock Investments

il dguluain
KONGPHUM ARTHAMANOLAP

fislve asuddednd
PEERACHAI ARUNSURIYASAK

smsms yeydl
PHATTRAPORN BOONME

sreeuiifudruniiswesivlaseny 2
nAIAnssuBLannsaiing
AZIAINTTUANERNS
aantumalulagnszaauindndInunimsaIansels
N.A.2563



JTUUDIRTELNaNTVINUETULasae U luiy

Intelligence System for Stock Prediction and Stock Investments

1ne

v a o/
fondl dguluain

a o

wilyy a3uEIuAnG

9

MIINT Yeydl

219159NUShen

3A.A9.AMINIY H1gAAD

5199 Dudruniwesdunlaseny 2
nAPIAINTIHBLanNIating
AMZIAINTTUANERAS
antumalulagnszasundidinummsaianseds

N.A.2563



Tususaslvlasesu 2

893ATIU 2 UNSANW 2563

AU

AT

Fennssudianvseiind

AINTTUANARS

anduwmaluladnszaunalANIIITAIAN ST s
szuusaniziionminneunazawlusiu

Intelligence System for Stock Prediction and Stock Investments

wgneail dgulumn  sWaUseden 60010044

o £ Y

weiislyy asugSudng s9aUszdIfa 60010729

a

WA mS Yl sviEUsedndn 60010773

o

S8IUTNIUNN5952980UTNEB1SENUT N1 ILaD

SVA_LA,

IA.ATAMINGE HIGNAA

919715971US W



a

Wadalasaeu JEUUgIRsLion1svuIevuLazaI il

UnAnw weneil dguluain  sWaUsedwi 60010044

s
v a CY

weislye ojuasednm sWausydndn 60010729

=

wEnAnsms gl svaUsedndn 60010773

o

UIsyayn IFINTTUAANTULUNR
ARV Fnssudidnnsating
UnsAnu 2563
o‘tﬂl (9 ' a
219159NUSNw1lASINS FALAT.ANTNGG WFUAR
v 1
UNANYD

14 @ oa U ey v Ao Al = = U a a 1 1 @
WULUU?{HV}S‘WHMIﬁNaﬁaULLWUWNHaQWWQQLN@LWEJUﬂUNUV]@QV!UIU LLG]’EJEJN"LiﬂW]%J

al

UARNYDIM UL ULNIRUNINT AT AT BIAON 13RI LRI UTUTR WU TTIATUANY A
wanviangariduuiInderedddusraunsaivesamulunisamuegwn meanveil
=2 & Y A o ¥ v va = Y v

Jadununvesiassnuinagasisssuunsamuluiunuuanluda elduannisvedlues
dusunisinunenasiaviuluswanlegldlunaninudisssrdussesenlulumaiug
wagnannIsTeslieanITssusUUESIAAdE IS UMY ey Anssunisam Ul lne

aiszuuilaluvinisamuluviusuuinassiulusunsy Alpaca iieaauluviuvesusem

Apple \Juanaiuneaansanss



Project Title Intelligence System for Stock Prediction and Stock
Investments
Student Mr.Kongpoom Arthamanolap Student ID 60010044

Mr.Peerachai Arunsuriyasak Student ID 60010729
Ms.Phattraporn Boonme Student ID 60010773

Degree Bachelor of Engineering

Program Electronics Engineering

Year 2020

Project Advisor Assoc. Prof. Dr. Pattarapong Phasukkit
ABSTRACT

Stocks are assets that provide a high return on investment. However, stocks
are highly fluctuating, which is risky for investment. Since stocks have many variables

that control a variety of values and therefore require a lot of investor experience.

For this reason, it is the origin of this project to create an automated stock
investment system based on the stock prediction model, using the Long-Short Term
Memory Neural Network, and the principles of a reinforcement learning model for
the investment action prediction. This system will be using the Alpaca API to doing

paper trade for AAPL Stock in USD.
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2.1 Deep Learning
Deep Learning Agdn15s38uihuusnlud@iniens Weuwuun1sinauvedlasee
Uszamvesuywd (Neurons) Ingnsyuulasesieyusgan (Neural Network) ndauriu

vangdu (Layer) wagyinnsiseuideyasiieg1e deloya dandnivzgniluldlunisnsiadu

U RV

JURUU (Pattern) wiodn nuannydeya (Classify the Data) Ine Deep Learning tJuduidn
ﬂuaqmsﬁauisuam%ﬁﬂi (Machine Learning) %aﬁams%’uﬁayjaﬁﬂmummma Wfieans

ANILUANAVEBANYaUzIAULazYITN s uUsToyaaamUungy wu mndUnAuenlunguun Tl
fUnuaTdAnenlunguety muaawuiiiuldde udu BaSeusinnfasBusnuoz g

U 1 ydﬂy
fananlenau

Artificial Intelligence:
Mimicking the intelligence or
behaviourat patiern of humans or any
other iving entity:

Machine Learning:
A technique by which a computer can
‘learn” from data, without using
a complex set of different rules
This approach is mainly
based on training a model from datasets

Deep Learning:
A techniquedo perform
machine learning
inspired by our brain's
own network of netirons.

X

gﬂ‘ﬁ 2.1 MWTMVOL Al, ML, DL

2.1.1  wiaves Deep Learning
- laswneUszamuuutlouludnani (Feed-forward neural networks)
Feed-forward neural networks feidulunanillassasnfiseuiieiign g1z

nmsandunisvesteyassluldlufieniades Afe Sufeyaan input layer udadslusialugs
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U =

hidden layer doe°) aunsz¥isds output layer Aazngn @unaladnazlifeuoop)
WNTULAY )
- IasawewuuIugn (Recurrent neural networks : RNN)
Recurrent neural networks f® neural networks yangLawasnanusaLiu(store)

foyainformation) 1371 node Favilsiduanunsasudeyaduiuudidu (data sequences)

¥ [ I I3 o % v a 1 1 = d‘ 1
LLaﬂMNaaWﬁaaﬂLﬂum@lmawauualﬂ B3UNYDYINYE) RNN nA® neural network L9alna
U U [ 1 [y I3 ilq.'/ 3 =
Aunanggulazdsansanenuluinu(loop) lalueansizasiu RNN Jamnzanlunis

UismamaﬁﬁayjaﬁL‘flué"]ﬁuasmmﬂ

A mostly complete chort of

O Backfed Input Cell N e U ra l. N EtWO rks Deep Feed Forward (DFF)

Input Cell C2016 Fijodar van Veen -~ asimovinstituteorg

isy |
© Noisy Input Cail Perceptron [P} Feed Forward {FF)  Radial Basis Network (RBF)

@ ricden cel ‘-:' ) f
© rrovablistic Hidden Cell N | W ' )¢

. Spiking Hidden Cell

Recurrent Neural Metwork [RNN) Long / Short Term Memory (L5TM)  Gated Recurrent Unit (GRU)
= e = ==
Output Cell 4 /- \

4 AR SRR SRR
@ vatchinout Output Cell L 7 W J ".r R

Y. ALPALAN PRESAEA JPREAATA
@ recurrent Cell N - ST .
@ Memory cel Auto Encader (AEL | Variational AE (VAE) Denaising AE (DAE) Sparse AE (SAE)
@ oifferent Memary Cell =
‘ \ Kernet > (

q Conwelution or Pool

JUN 2.2 JUfeg19valing Deep Learning wilnsi1a 9



2.2 Long Short-Term Memory (LSTM)

Long Short-Term Memory (LSTM) #a 331159119 machine learning wfinndlsfild
futeyafiinnuludiu 1wy des, 3o wazvu Feieindusuuuunilaves Recurrent
Neural Network (RNN) wuuwil usi LSTM 1fu RNN fifiseaziBenifintuun ieudlutlgm

U199819989 RNN

ht
A
T T (N
| Forget gate Input gate Output gate \
. ]
Ct—1 I L :’ Ct
| T tanh | I
|
! — i
: ) a tanh a :
' ! { b 4 '
|
ht—’f \) / hl‘
A S
-~ __________________________p’
Xt

E‘U‘ﬁl 2.3 long Short-Term Memory (LSTM) architectures

22.1  N15919UYBs Long Short-Term Memory (LSTM)

N3V 2.3 sudslu LSTM &1 Cell %3 @AY state 83 memory cell Tu LSTM,
Gate Wusharuaunislnavestons Jsiife M analog Mnesmueuinilelvsas read,
write %38 forget Familoufuusegiigin ielnsmsnlideyalvaiin, nasen viemely

(forget)

1% '
6 A SN Y U

Forget wilaunnsans cell state Whneonld Ao Ww3saAaesNUASUToLalMN LAAIN

Y

Y

szdndulainzaunseld \unthiives forget gate (egiinanndnediud cate asidiudh
muaunslvavesdeyaindly) Sudumilousindu i forget gate Tiaidu 0 Aazau cell
state Wiuponly udn forget gate TfAdu 1 Aavdafiu cell state dsoly nnsadns forget
gate i w#og input data fildun Usenoudu hidden state dountiusznountsdadula

Tngagld sigmoid function Wuddndy faaunis

ft = U(foxt + W rheoq + bf)



Write A9 WWadl input data Tnuiinunsdossinduladn 1) 9wwan cell state #28 input
data niiAvsaly lunsaiiasaunulaedanisendt input gate nsatilagld sigmoid function
< U U a J Y = 1 1 | o dy Yo . a v [y
Juddinduitavoyasliemensell wiveuiinisawinilldan input data Mg Au

hidden state nauntLu
Ly = O'(lext + Whlht—l + bl)
Way 2) SNANITENANAIEA19ELS TuNITaNED LaIIONANTIIE) wenmanaea1oyls

Feseuilazlddesisendn Input modulation gate WWuddnnis Ineaunisnagadieiu input

gate waaglHdu tanh function uny Jernlauy azdeadndu cell state candidate Alg

g; = tanh(W exy + Wych,_; + b,)

gnian cell state moutiilaladauadin forget gate, input gate wae input
modulation gate U&7 Fuiieswasanisdmen cell state AllAswmMNAMNETeiY

L AFIAUNTT

¢ = [:Oc, 2 + 1:Og;

1 @ 1 i 1 [ a Qy a <
NEIULINVDIANATT LU 81 forget gate UanIiay cell state 1Huds (f AAndu 0)
wnagladienan o- 1 uusenaun1senan cell state tag wann £ Ay 1 1517989ma
A1 c- 1 oliusznaunisiiansuinisemaney ludiundwesaunisaziludiuenis
gnan cell state 3ndaualvl NliANvzdnmnwSeusaliua191n input modulation gate

a ada ! ! a A Y Y A | v v .
%30 ¢ MNUINI A1 ¢ AwsanliaglalinTelulald Ge9zld output 910 input cate
%30 /. wendu o1 7 Wy 1 fagldan ¢ ovwan w1 i1y 0 Aayladld ¢ 7 dimension 1Wu
SNANIINAVIANAT LALN
N1 Read 971 RNN iyl Fsfidesnanoanlufifie hidden state o 1aan

7 t w39 ht eonlU Fudensuditia t+1 (UlauUNITAY permission 119z@NI50NT read 19

£
P

vsell) viehaznuweld lddean ht de mssiinagdl output gate untesnaula lneayldy

anssiuiiu forget gate waz input gate ag A 14 sigmoid function fiuA hidden state

Fanount AU input data M luneuly
0r = o(Wyoxy + Wyohy_y + by)
LSTM aglatenan h, dlurwineieg qeliu read Ao n1sfiageygInliaut1auen read

i h, leu3eli eyl output 1WA h, d1sU sequence daly fsauns



h, = o,Otanh(c;)

QeI 61 output gate 11 o, ATy 0 wd2 A1ves h, Aagilanlu 0 e luddrlag senld
Tuvauzifeaiu 61 o, fawlu 1 Aegduue h wazdsoanludauen wioaygnliauisag

a1 h, e

2.3 Reinforcement learning

M3FeusuuuiERLiaa(Reinforcement Learning) iunsi5euivesiaina(Machine
Learning) wuunils AidudnnsyhaueiioutunsiuywdiSsuiunsdunegiaonisaosin
apegn woednindeuiifind usgnintensdnisnsevilaudvielad 44 Reinforcement
Learning Usznaugieesddsznaundn sasoluil
- Agent: #n3¥¥in Action
- Action (a): 1130391983 Agent fidenaueeg19sie Environment
~ Environment (e): Szuufi Agent FaslUfduRusA
- State (s): @amuUN15aives Environment finaa Agent a@snsafusle
- Policy (T0): n&nn137 Agent Wlunisindulaiden Action ndaanUszifivaaiunisal
WA
- Reward (R): fuUszslunadnsiiinanni1snseyinwes Agent 1y azwun flsiildsu
3o wanwauztiuny

fishazasnan 9 2 e Agent, Environment 714 2 mvzUfduiusiuley Agent 9¢
MN1SEUNANEIINNTABUNSU(Feed Back) 71111990 Environment a7l Agent azeen
Action TUfl Environment Idinsngan 151A1anTs3n Agent asWaiunn 4 afsvisuaen

Action iiel¥ Agent 8an Action laananuazussailmunenangl

- %-‘h
'/ Environment

= ) -
\\,. Re"?'ar
interpreter
|

Nt

ta te
—p

Action

@
o

(R

Agent
E‘Uﬁ 2.4 $aNN1SNUVDY Reinforcement Learning



2.3.1  Markov Decision Process (MDP)

mMsiisazinsfeuilutinaiinanazdnaulslunsdeniiaginiansevierls
vwegranasulvineuiamesidlauasannindousieing q iusiduiiaededflunams
adlneansidedn Markov Decision Process(MDP)

Markov Decision Process gnltidmiunisidondnaulaves Agent 1osain
Environment fipnalaiuueu vildnadnsilaluusadsldutuou wu nsil Agent @onvh
Action 1@y dmsuaniunisel (State) \n envaglallanadnsuuudiataly

Tulana Reinforcement Learning @ulngjiinazin Markov Decision Process unld
Tngaziidnwasdunsmfizserineenuduiusuosusas State, Action Way Reward Iugﬂﬁ
2.2 4andf1e819v093UNI 1M MDP vassaiiuteydnlud@laevzd State (Uululd 2 wuufe
sowfurszivunmeigs (High) uazuummadnn (Low) I Action siaua 3 wuufe Aumues

(Explore), ngasa (Wait) uagyinn1smsakunnesIvedsa (Recharge)

Wail
T \ait
1/42 \

a0 2145

1/42

> . e
High Low

Recharge
140

Explore Explore

1/-5
0.8/+5

2.5 n579 Markov Decision Process U935aLAU28Z U UTH IUgTA

a

UM
IngAnfiagszninadunsues Action 9zdl 2 Afemanuinzlufionn Action 11U 9 win
azillannaly State dalu State vy wazdnAmteAAar) Reward 98401515291 Action

T 9

2.3.2  Optimal Policy (TT*)

nsiisnaglluna Reinforcement fimsafaasviild Agent afiudnnasTunns
smauladen Action Tuszuu Environment (Policy) ladlnatsiagsinn1susumn Policy an
msFousluitos 9 aulden Policy MvmnzanfigavieiFenledn Optimal Policy (T0) Gz

M ilau@s Reward annfign aunsam Optimal Policy loannaunisassialuil

*

T = argmax R;
Tngluaunisinunedia Optimal Policy a¥1191ngUkUY Action Wviliin Reward

53 (R) WnWigalag R, mlaainaunisaeialuil
T

Ry = z 'Ykrt+k

k=0



A Y (Discounted Return) agfiAnaglugag 0 s 1 lngazluavililueaves
vsvoninazaula Reward Tnd ¢ 139 lna 9 wnndi Ineddanlng 0 azvinlwaula Reward

ziialng 9 11nna1 uaandiailng 1 agaula Reward Noonlulnaniniu

2.3.3 Explore - Exploit Dilemma

n15U1 Reinforcement Learning 1l4a3e Tun1saziden Action agiinain Optimal
Policy 71 State wlovian t muaunsiasioluil

| a; = 1 (s¢)

watun1snasiseusila Optimal Policy lunisiden Action agldudnnisves Explore -
Exploit Dilemma u1lglunisidian Action

Explore (Random Action): tfun1sls Agent idon Action Fusnuuudsilaglal
Fileile Reward Tlarlésu SeashlilannaldGeusaduiantuannisnsssil

Exploit (Greedy Action): 1un13 Agent L@en Action ﬁﬁﬁqm 1PuAIANITINNIg
9o Action 14 9 9le Reward 2% (R,) ﬁﬁﬁ?jﬂ

e Explore - Exploit Dilemma azidutigymfindnadenisdenszwing Explore wae
Exploit dus1lilanaatdonfiae Exploit snnmiuly Acent Aavllesuuszaunsaifiiios

[ 1

woflaziden Action ARTiaals usdudandiazyih Explore iniAulufiazvinlilaealallévinnng
Exploit ilelsils Reward 3 Mfignle Sasfesiinsidonisnmunzanlunisfiagly Agent
neutlymiAeaiu Explore - Exploit Dilemma

dloluwmavesndl Expected Cumulative Reward (Reward $3ufiAana) as4
ffu Actual Reward (Reward sauasstiy 4 Alupaiiousunda) dusumnanudululd
tfuftuansitlumaveaisildviings Explore uag Exploit Environment fiu 9 2uAzUYN

aaBululdudn wazldunde optimal Policy

23.4  Epsilon greedy

Epsilon Greedy {uisnilslunstaelilumadanisiudlaym Explore — Exploit
Dilemma Tneazlilanialunisideniias Explore 3o Exploit wWaesuluanuen Epsilon (€)
Tngen Epsilon agfidaglurasiaud 0 89 1 Tnsasifumaruianduiluinaszidon
Action #28n15 Explore = € wazauiasdulunisfiag Exploit = 1 - € Fnazglden
Epsilon 7Udsulumunanlasanduduil 1 wWielilumaings Explore lugausnliuin
fian way Aoy 9 anA1 Epsilon adluiFes 4 ieliinng Exploit 11T 3an1stazyinll

lumadinasidean Action 21015 Explore wag Exploit Tudndiuiiinunyau



2.4 Deep Q-Network
Deep Q-Network (DQN) tduluiaanisifeusuuuiaiunnds (Reinforcement
Learning) wuunila@ieldnanni1sves Q - Learning kag N15138UFUUULTEN (Deep

Learning) iWiigfiulagiinisiseuiwuuidadnunlelunisussanuaivumnsne Q Juun

24.1 Q - Learning
Q - Learning WWulananisiseuiuuuasuidsiiaglda quality value (Q value)

Tunism O nauniseasialuil

" = argmax,Q(s,a)

A1 Q value YNAIUININANNTT Bellman Equation Wuaunnsiiazduammen
Q valueas Action 101 Reward Tunssi Action 14 wagd1 Q value 1NGAYDY State
i Action suthlufsnuauniseoluil

Q(s,a) = r + vy (maxQ(s,a))

Tnor Q value azidusnfleglunn Action 999N State Tngo1vazuansualdifumsn uas
wdmanenlUGes 931nn1s Explore way Exploit vadlnaaiiieliinisidon Action 319101
Q value flunniianlu State 1 9 Teaz9hls Reward weslamalslude Expected

Cumulative Reward

010

Game Board: Q Table: y=0.95
I 000 ' 000 000 | 400 010 | 001

4 100 010 | 001 | 000 | 000 | 000

o= I Se2qres [ /1001022 |, -03 | 00
Currentstate (s): 999 M1 -05 | -04 02 -004/-002| 00

Selected action (a): [

oS 1-0.21 0.4 -0.3 0.5 1.0 0.0

Reward (r): 0

-06 | -0.1 | -0.1 <031 |-0.01 | 0.0

'
Y 1

JUN 2.6 f19871901519 Q value v83luiaa Q learning

242  vanN13999 Deep Q-Network

lun1sldlunanisiSeusiuuialunigs (Reinforcement Learning) seluina Q
~ Learning 9za1unsauAdgmd msulandfifl State fildiwosunn wu nrseenwuuly
vusudiiululeianadiass Wudy widmndgmiidoanisegld Reinforcement
Learning 1udl State uay Action fwazuin viaiduilgmiiAadulifau wu nns
panuuulvinsuimesaiunsadunule ¥3a n1siaunu avinlideteoniuun1sg Q

= A

° A & v o = o o o & IR
H1HUNUIU State V]LU‘UIU"LWVN‘WNW YIUITUIUUN @ﬂuu@ﬂﬂﬂqiisﬁﬁaﬂﬂqisﬂaﬂ Deep



Learning u19aelun1sundgyuid1usunisAna Q value 94 State lagaziluing
Deep Learning 31vMu1ed1 Q value vum1519 Q wnulaeisonndnnisiin Deep Q-
Network

Deep Q-Network fin1sutseantailiu 2 Ussamaudeyaviduazdayaviaen
vasluina Deep Learning Tngaziidedn Q Network sasialuil
- doyavududu State uag Action la Action wils uazazyiuean Q - value 104
Action ﬁ?ﬂ@@ﬂw’]

[ [

< o | . gj
- ﬁua;gaﬁu’lLGU’lLUu State wazn1u1eA1 Q — value V99 Action MIRUADBNUN

Q Value Q(a,) Q(a,) Qfa,)
Q Network Q Network
state a,toa state
Q Network is called n times for Q Network is called one time to
each action predict n Q values

Ul 2.7 anlaenssuvedliaadiviuiuigst Q - value 984 Deep Q-Network
Inen15v7 Policy 109 Deep Q-Network a1unann159ed Epsilon Greedy lasssioliil

{ sample(a) Random < e
argmaxQ(s,a) otherwise

Tudqlaina O Network @ wiuvinuieen Q value 9xiin1stdiafduntsagyLde(loss
function) dwFun1siTEUIVRLILAAAIUNENNITVRINTITIAT Q value V83 O-Learning

WaY ANAATALARDUNIAIERNRAY (MSE) Taeazunainauniseasa bui

L = (r+ y(maxQ(s,4) — Q(s,a))?

waidaymimumnlflanma Q Network silsiadisrdmsuriunes Q value vesii QGs,a)
(A1 Q value 910 State YagUu) wazAn Q(s’,a’) (A1 Q value ¥4 State dnly) azwudnden
agndesiitieniilonnain 2 amvafedeyausias State fennudiswesnNudLRLSTgs
(high correlation) LLasmﬁmauﬁiﬁagﬁ'q (non-stationary target) Foduudr3ddmannns

nslauTvesUszaunIsal (experience replay) intielagluseninenisinassvedlunaaziin



nsiiutias ves State (s), Action (a), Reward (1), Next State (s”) tHuan experience
uaziiloaufisnisdians 1 58U (episode) axduATlu experience ponaNFuILMLaB T
TuwaSeuiifieusulseuannsavestina uazazuen Q Network [ 2 Tuinaidulanea
fidmsurinung Qls,a) (Q Network) waz Q(s’,a’) (target Q Network) lngluna target Q
Network azvimsdnumimdnuedina Q Network NN 9 5oUfifin139i experience
replay Sas1uausaunilauas mwamé’wﬁu%ummswusummaﬁauﬁ Deep Q-Network ¥
asunelawasioluil

UL episodes afe 1, ., M:

- MvuaASuduYes State s T

- ’Jusz};’lmmf’lu’mﬁﬁgumau (step) Tu 1 episode:

- 1390 Action 21n1dNN15984 Explore — Exploit Dilemma

1% Agent i1 Action Tvdenu LAuAY Reward wasifiupn State daluainnsi
Action (Next State)

- 1AuAn State, Action, Reward, Next State L1 experience

- 9NLARAT State = Next State

dll LY s . S o 1 Q" o b2

- foUves experience 31U >= AN Inuall
o L {rjﬂ if episode terminate at j + 1
" \Ti1 ¥ MaxQygrger(Sjs1,a741;07)  otherwise

- Min1sUTulseliima Q Network anilandunisgayde
P L 2
(loss function) = (Qmax — Q(Sj, a;; 6))
- 9YVINI91INT experience replay 99 UaUTRUNAIAUALY

- Quarget = Qnetwork ¥3032UBNLABNDE19T1 7 = 6

2.5 API (Application Programming Interface)
APl fio Anda (Code) aynywlii software program @xnsadeansseninaiule AP
Judesmsdmsuvelduin1sads a1n operation system (OS) #5e application du 9 T4l

NuUlpenne function waztsenlduniy document Mweuly



2.6 Alpaca

Alpaca Li“;luiusﬂLﬂ@%ﬁ?faﬁé’wﬁmmiwwjagﬂu Silicon Valley @va$19 API ms%asmsjﬁu
Tnglafiarneufivdu (USn1suenthdavhlag Alpaca Securities LLC, @11%n FINRA / SIPC)
Alpaca fifiunuvesyanaiigindsiivarnvatedsdinnaudovgiunistusazimalulad

998N Falasunisatiuayuaninamuiuinlugaainnssuilan

Alpaca

5U7l 2.8 Alpaca API

261 MstevIswUUsaes (Paper Trading)
Junsgeresiassanimundonuuusealndfiannsanaaeuldals arunsadide
waznaaeusanesfidlduniafiesnsinglddeyanainuuuialngivg nnedrduilslusn
ma%ﬁwmuiué’ﬂwmzLﬁmﬁuﬁ’m%ﬁqaﬂﬁuﬁwﬁﬁa%laigﬂdﬂﬁé’amsuaﬂL‘U?ﬁlauﬁa WASTUY
wdassminsenddsiolagdamuiyauuuiFealny Weonlisaneifutunainaied
naneAsfioraistulddiendldilunsvaaoudounds mddooisliifiuludesaienams
Qﬁ%ﬂﬂ%aLﬂ%@ﬂ’]ﬂ@ﬂﬁ]gﬂﬁ@ﬂ?ﬂ%@m@i@LLazaﬂﬂﬁiﬁLﬁuﬁ@Qaaﬁaﬂﬂ%\‘i Tusemineduneunis
WannvenRwsashrfefe madeusanesfiuiiensadudananilarst
AsSeuifisuiunsgenieund msterenuuiaenduiisinissiassviniu 1y
nsUssnaiindmsuadinantlunistenesie wibilsdmaunudmiunisteviesuay

Usg@nsnmeauanaeiu lnulanizes1983 Paper Trading tularidled s nansznunng

Y '
o o N A

NIRA1AveIAdTe, N1silnavesteyard@e, N1siRaunanuedIALilesa nIailunis

oYy
a o o A

AOUAUDY, ALNUIAIAIET D (@ 1nsuads imit Aldanunsarinniseaiala), nnsususian,

AETTULHENNIsMAUgua, Julung



uni 3

3515 UUIULlATINTG

3.1 Joyaiiianld
nsneaesasslnarhusnaeularnnanmuluiusaludadulfondedeyann
Suled Yahoo adudulsifimurudeyanistensuanivdsuiuluanaiuneadts (USD)
Tneluntmnaesilagldnistovsuaniudsuiuresuin Apple deteyailéifunisdoue
daust Yuil 1 unsew 2005 §9 Jufl 20 ey 2021 ATz 15 T

Ingfiudoyanisdeviesianduseiu Tugduuureslng Csv
3.2 nMsisguivaslaueariiunenasiaviuluauinn

32.1  mawseudoyaioai e Tumaineiu

nsidenAadneuzesAuINiIuled Yahoo andeyalude 3.1 flasadwes

[
v

Poyaniun fail

- Close 3771Un

- Open 371ALUA

- High IIAENEN

- Low iﬂmﬁ‘i’wqﬂ

- Volume YSurnun1sden

- Adjust price e UnseTuiifinsuSunavestutiung

MndeyatriunmaaesiadlideyaludamvesaitaClose) lunisadrdlinmariuiesian
Hunntuwihnuseysesnumndmiunisindulsatayyadeyadmiunimagey
Uszilunalumg

nsaidlaiea deep leaming inlganyndoyalvdeyailadiluma (input) Wu data
slamasiunailudo 3.2 somn 60 Yudeunth diolilunaaunsaviunegadeyavioon
(output) fiuneiusinilin (close) vasrfu 1 fuslewn Mndusuvastoyalianmnm

Fugouad(Normalization) Iag/ld Minmax Scaler f9aun1saatl

X — Xmin

X
scaled Xmax _ Xmin

MnaUN1SI1aRgadeyanlaannnisin Minmax Scaler snimun Feature Range Tvilyidl

A1glud -1 89 1 ielivungauduliing Long - Short Term Memory Hlaun1saail

Xscaled[—l,l] = Xscated * (Fnax — Fmin) + Fin

i

nsrvIUNSIaRaInsaleulusunsulagn1sideulusunsusmientw python Tugy 3.1



[ ] dataset_train = pd.read_csv('AAPL.csv')
training_set = dataset_train.iloc[:, 4].values
news_dataset = pd.read_csv('bert_result.csv')
training news set = news_dataset.iloc[:, 1l:4].values

° dataset_train.head()

[ Date High Low Open Close Volume Adj Close
0 2005-01-03 1.162679 1.117857 1.156786 1.130179 6.919920e+08 0.974950
1 2005-01-04 1.169107 1.124464 1.139107 1.141786 1.096810e+09 0.984962
2 2005-01-05 1.165179 1.143750 1.151071 1.151786 6.804336e+08 0.993589
3 2005-01-06 1.159107 1.130893 1.154821 1.152679 7.055552e+08 0.994359

4 2005-01-07 1.243393 1.156250 1.160714 1.236607 2.227450e+09 1.066760

[ ] sc = MinMaxScaler (feature_range=(-1,1))
training_set_scaled = sc.fit_transform(training_ set.reshape(-1, 1))

[ 1 X_train = []
¥_train = []
X0 _train = []
for i /in range(604 2035):

X_train.append(training set_scaled[i-60:i, 01])
y_train.append(training set scaled[i, 0])
X0_train.append(training news_set[i])

X_train, y_train, X0 train = np.array(X train), np.array(y_train), np.array(X0_train)

X_train = np.reshape(X_train, (X train.shape[0], X train.shape[l], 1))

JUN 3.1 fedrelusunsuiignilisulagnis Python Tududunsunisinseudoya

322 mydssluna
Tuduilldadalinnafiiu LSTM lasfdoyaninsalauiean 60 Su Tasd LSTM
e ¢ 1 Tneluusiazdusl LSTM siavia 50 gﬁmu,azLwias%y’uwgﬂﬁ"ué’wﬂﬁﬁﬂ
Regularization wuu Dropout lngdl Drop Rate 1unﬂﬂ%uLﬂwﬁU 0.2 muq@ﬁwastﬂu%’u
Fully Connected %38 Dense Layer 1 gl dwsunisviiunenavassiaUavuluiudall

Tngvianualivinn1s@euduasisnte python lnedilasaisvedluea vimunedsguin 3.7



° model = Sequential()

model.add(LSTM(units=50,return_sequences=True,input shape=(X train.shape[l], 1}))
model.add(Dropout(0.2))

model.add(LSTM{units=50,return_sequences=True))
model.add(Dropout(0.2))

model.add(LSTM(units=50,return_sequences=True))
model.add({Dropout(0.2))

model .add{LSTM(units=50))
model.add(Dropout(0.2))

model .add(Dense (units=1))
model . summary ()

[» Model: "sequential”

Layer (type) Output Shape Param #
lstm 3 (LSTM) - (None, &0, 50) 1040;_-===
dropout B8 (Dropout) (None, &0, 50) 0

1stm 4 (LSTM) ' (None, 60, 50) 20200
dropout 9 (Dropout) (None, 60, 50) 0

lstm 5 (LSTM) (None, 60, 50) 20200
dropout 10 (Dropout) (None, 60, 50) 0

lstm 6 (LSTM) (None, 50) 20200
dropout 11 (Dropout) (None, 50) 0

dense_6 (Dense) (None, 1) 51

Total params: 71,051
Trainable params: 71,051
Non-trainable params: 0

U7 3.2 lnssadelunavesnisiuneiu

323 nsdadulrluea (Model Training)
algn1s Optimization Algorithm way Loss function LuU Adam Wwaz mean

squared error wazldn1svinga (teration method) Msvua 1000 souggliluaa

v

fimsSeuinfvulavaunsadeudulusunsulagldniw Python 1adagu 3.8

‘, model.compile (optimizer="adam',loss='mean squared error')

model.fit(X train,
y_train,
epochs=lﬂﬂq,
batch_size=32,
callbacks=[keras.callbacks.EarlyStopping(monitor="1loss",
patience=5,
mode="min")])

] [

JUN 3.3 Megralusunsuigniisulasn1w Python Tudmtuneunisilnadulilueg



324 nsianaluna (Model Evaluating)
Tuduvesnsianatulaiinisidenlyd Mean Absolute Percentage Error (MAPE) 4

Talunsinnansauns

1 |4, — F,
M=—Y |2t
‘TIZ At ’

t=1

3.3 n3iteuivasszuudmiunsitenngAnssulunisasulusu

33.1  nswigudeyaneawdiluina Reinforcement Leaming
nsNueTAukuusaludfty laendevndnnisinureduaanisiseuiiuy
:@3urinds (Reinforcement Learning) Ingaziidayasnawi close price Tuadnfidaiuain

Aulwd Yahoo (Wudiuau 4028 doya daiiuiludeyauuu csv wavwiadayailu 2 galag

1%

udeyadmiuiseus (train data) 31uiu 3222 doua uavdeyadmsunisiang (test data)

dau 806 ey Ineiludnsndiu 80% fo 20% (train data : test data)

rt pandas as pd
rom pandas_datareader import data as pdr

APPL_stock_dataset(start_date, tf) :

stock_data pdr. data_yahoo( ‘AAPL', start=start_date, interval=tf)
stock_data.to_csv *Lday _@1.csv')

APPL_stock_dataset('2005-01-01", 'd')

Prepare_Data(data, train_test_ratio):

date
data['Date’] = pd.to_datetime(datal'Date'])

split_ratio = int(np.rint(train_test_ratio * len(data)))
train = data(:split_ratin]
test = datalsplit_ratio:]

rn train, test

y_01.csv'
(data_dir)

train, test repare_Data(data, train_ratio)

o ]

JUT 3.4 degralusunsudmiudamioutayanoutdilunani1sieusuuulas A6

332 N1998ALUU Environment vodluiaa Reinforcement Learning
Tunnsiezllanna Reinforcement Learning 3oudnisamulusu suluflazdes
99NUUU Environment dwi3ulst Agent B3 Tivsnzdmiunisazamulusiuld daazidy
Environment #iileld State o Jagtfunay Action fildans Agent iiluaglvien State
oLy, Reward wazan Uy NmeLIUTOUSIa0ILE3Te(Done Episode) dlu State it
peNUULITSIa0sATIledn Position value Fadurviuiisfosgauiumauluiudaly

wiosznalailuauunlivvesiuisiesgfouiusaiuiasialuiudaly saudiiu



Ade history WurvesUszifives siasfudaluauiusiamiuiull iWugasiswun 90 u

deunaenniuiaula uagazlrmavseuiasadieliteyadmiunisiseuiasunmun

1:

=9
[@ for _ in ( history_t)]
return [ position_value] history

step(self, act):
reward = @

if act =1

f.positions.append(s:
act 2t

profits = @

for p in self.positions:
profits += (self.data.ilocl t, :1['Close'] p)
d += profits
pri profits
f.positions = (]

on_value = @

for p in self.posit :
celf.position_value

. t1['Close’] - self.data.iloc[(
elf.done=True
if reward =
rew,
elif reward

return position_value] self.history, reward, self.done

UM 3.5 #9819 USHASUNITERALUU Environment @1usuluma Reinforcement

Y

Learning



’ Profits = Stock Data Today - Position ’7"»‘%#“

Stock Data ! L |PoﬂlannIue=Snd(DaluNex\D&y—I4

Next Day r 3 I Posilion after Update
L L | Update new history | 1
- - new history = Stock Data Next Day -
1 Stock Data Today P J

JUN 3.6 WNUNIMYBINIIVIN9IU Environment



3.3.3  N1999NLUU Agent U84 Reinforcement Learning

nsfiisnarldunds Action dadumneudmsuinluldnelunisadessuunis
asnulunuLuudnluds 9s1agldnisnsevilalunisamuluiuaziesesnuuu Agent
ilodmiuriimuaniseen Action wazuiuugslana Q Network tieliiZeusnisviiue
naA1 Q value flagléan

Tnslun1snaaesldinun Action fanun 3 wuudedsliszuu e (BUY), so
(HOLD) wazw1e (SELLAuN157 agld@a Action luseminsnisisousvesluinala1d
w&nN15ve4 Epsilon Greedy dmdunisneudlani Explore — Exploit Dilemma tnei3y
nfnuAAT Epsilon fiseusiasd (Episode) wsnbifl 1 wazazres 9 anvou (decay)

241398 9 uilAteefigan 0.1

epsilon = 1.0
epsilon_min = 0.1

epsilon_decay self.epsilon_min / self.epsilon
epsilon_decay = self.epsilon_decay *x \
(1. / float/(jepisodes)))

v

gﬂﬁ 3.7 3UAveg19lUsuNsudmTuNslY Epsilon Greedy lun1sasne Agent

Faluluea Q Network talaluina Multi Layer Perceptron (MLP) Julueaiid
Neural Network 1a18%u Tas Q Network lanail ezl anun 2 luinad ddnvus
aotnenssumiioutufie Q model waz Target Q model &3lu Q model aglddnsy
vuneAn Q value 210 State U39UudIU Target Q model Agyu18A1 Q value 310
State §nlUfl Action 11118910 Q model Wilufs Tnsdeyaundrveluinaszidy
State @ 9au19 (None, 91) G 1Usznauluaaenn Position value 1 A1 waz history
$1uru 90 Yufeunds 49 State Manuaazlduain Environment uazdeyarioanas

Wu Q value viaviua 3 A1Fauanafad1 Q value ¥8901539, 50 Wazany

build_model{self, n_inputs,

inputs = Input(shape=(n_inputs, ), name=
Dense(128, activation= ) (inputs)
Dense(256, activation= ) (x)
Dense(256, activation= ) (x)
Dense(256, activation= ) (x)
Dense(n_outputs,

activation=

name= ) (x)
qg_model = Model(inputs, x)
q_model.summary()

q_model

[ I T T

o

5U# 3.8 sUdeganlnenssuvesluna Q Network



334  m3iseuivetlina Deep Q-Network

Tumiﬁ%ﬁauﬁmma Deep Q-Network 3gA8INIUUAAINITITLADIA Y 9|
dielilddmiuninifouy TnsdvualiiFoudsienun 1000 sounisifousdians
(episode) ,au1nvesUiasdmsunisurluiieus (experience buffer) = 150, 9
Sranuimiinuesluina Tareet Q Network lwinfuluina Q Network i adln15vin
experience replay ASU 10 AYq wazazlidnaunisiieusidedidr Reward wadslu 100
souranaiusIuan 1000 Inevenuaisnvzioudunisiugivessiuiuseun1ssaes
Tngedeyalusunsuain Environment waz Agent fidsuduslnslusunsuvianunas

a

WeuaInn1w1 Python wasld Keras tluudnidud Inendaainyinisiiousiasqas
Jovfivdminvedluna Q Network vJulud .h5 uldaaluszvurasnisimsaiuuuy
SnluilA

Name QOwner Last modified

B trading_dqn.h5 A 412 PM

U 3.9 fregrslndadaivyesluna Q Network 1ulvd hs

for episode in range(episode_count):
print(*Epis ', episode)

env. reset()

state = np.reshape(state, [1, state_size])

done = Fa

total_reward = @

while not done:

action = agent.act(state)
next_state, reward, done = env.step(action)

next_state = np.reshape(next_state, [1, state_size])

agent.remember(state, action, reward, next_state, done)
state = next_state
total_reward += reward

if len(agent.memory) >= batch_size:
agent.replay(batch_size)

scores.append(total_reward)
mean_score = np.mean{scores)
if mean_score >= win_reward \|
and episode >= win_trials:
print(“Solved in epi s

% (episode, mean_score, win_trials))
print(“Epsilon: ", agent.epsilon)
agent.save_weights()

(episode + 1) % reported_episode == 0:
print("E i: Me -

.2 i isod %
((episode + 1), mean_score, reported_episode))
agent.save_weights()
dict_epsilon = {'epsilon' : agent.epsilon}
open(agent.model_path + ‘epsilon.json’,
json.dump(dict_epsilon, fp)
agent.save_weights()
dict_epsilon = {'ef : agent.epsilon}
th open(agent.model_path +
json.dump(dict_epsilon, fp)

fp:

JUN 3.10 f798191UsUNIUVRINTTISUI VRS Reinforcement Leaming



Environment

JUT 3.11 WHUNmMANTiuisvunYenisiseu; Deep Q-Network

3.4 n3aFeszuvamuluiudnlula
Mnmsasazseuslieaiwgularlinadmsunsidennganssulunisamu
Tushu s3ailaeans 2 lwealuldfunmsamuluiuuuudiass (Paper trade) Liousey
aUszasdvadlassulunisasiessuvamuluiudnlugs
133 sldoaniuulUsun SUAIMSUNISYUIEN ANTINTBINTa LT ULUUS nlugR
mneulusannistots lasdeayavndweduaadmiunisdennginssulunis
awmuluusuiudesiinatavowiuiluiudaly driuifeddmnauainnisiuieves
Tuwavhuneruiteiduteyavid
341  Wsunsudmsuihwenaivluiudalyansieiulusain
mnluwaviuneuildgnisousinudrasdesilufasudifussuunsamuluvu
wuuselufAlaeinlivinnsaislugaminesauresiudaluanmaulunaiauazas
thwadwsildluididudeyavdh Environment veslanna Reinforcement iumviuluty
dnludmsunismiwiean Position Value wag History TunisAtuau State oaluveslung

Inglugailldsaniuuiieniw Python



.fit_transform{x_pre.reshape( 1, 1)}

elx_test, (1, 60, 1))
predict
predict_nextday I 1_func.inverse_transform{predict)

predict_nextday

JUT 3.12 fegdlusunsumsiunesiaminluiudalululuga

342  WsunsudmsumsidenngAnssulunisamuluuainsiaviulunain
nasanflasatuindaliuanlueariunesieiuluiudalusissinsailuiu
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class predict_rl{}:
def __init_ (self, mo

input_size
.model_path

self.input_size, )}, mame='state')
‘relu*){inputs)
n="relu')(x)
"relu’)(x)
n="relu')(x)
output_size,
ration="'linear’,
‘action')(x)

model = M (inputs, x)

model. load weights(sel.model_path}
model

get_action{self, env, flag start

raw_state = env.reset()
state N raw_state, [1, self.input_size])
model 5 || el()
act
pact :
next =nv.step{pact, raw_state)
np.s a path, next_state)

pact, next_state
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F.profits
f.positions - []
F.position_value
.history_t)]
.history

ave('positions.npy',self.positions)
th.exists{'ol '
:1)

.positions_path)

.positions).append{self.data.ilocl®,5]}
len(self.positions) 0:
reward

profits

1] self.positions:

profits (self.data.ilocl®,51 ~ p)
reward profits
self.profits profits

.positions - []

self.position_value a

selr.positions:
elf.position_value (:

[F.history.pop(@)
self.history.append{self.data_tmrw self.data.ilocl®,51)

np.save(self.positions_path,self.positions)

[self.position_valuel = self.history
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Fasuugslumarihweiududiuau 10 Epochs wagdmiulumadmsunsidennginssuly

nsaemuluiuda 1 Episode andeyasiamiundalulaiseus

‘adam',
‘mean_squared_error']:
L{m
model. fit

model.save(

train_rl_mo
datatmrw
retrain
input_size
output_size

update(seli

config, sc

historical_data - configl'historical_data']

memory_logs - configl'memory_logs']

X_train, y_train self.preprocess{sc, historical_data)
{config['model_path'], X_train, y_train)

_model(historical_data, memery_logs, configl'rl_model_path'])

Jef update_memory
path.ex

print(‘Memory logs ar
mem_logs
logs )
logs.columns - [''] = len(logs.columns)
logs.columns [*Date”, "Open', "High", "Low", “Close", “Volume"]
mem - pd.concat([mem_logs, logsl)
mem. to_csv(mem_path)
print('Momory logs has updated')

at cists(m vath) Fal
pr ('Memory logs are not already exists.')
mem_logs pd.DataFr: C I ["Date", "Open", "High", "Low", "Close", "Volume"])
print('Memory logs are created.')
mem_logs.to_ T 1)
logs
logs.columns — [''] Len{ logs.columns)
logs. columns ["Date", "Open", "High", "Low", “Close", "Volume"]

cat([mem_logs, logsl)
1)

print('Momory logs has updated.')

mem
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main_action

config, sc

model - ker « load_model{config["model_path"])

nextday_close_price - get . model, sc)

data_tmrw - nextday_close_price[8][0]

predict rl{config["rl_model_path"]}
data_tdy,data_tmrw,config['positions'])

os.path.exists{config["old_state"])
action, next_state - predict.get_action{env, flag_start, config[“old_state"])
mem_logs - update_memory_logs{config['memory_logs'l, data_tdy)

len{mem_logs) 30:
APPL_stock_dataset('2005-81-81', 'd', config['historical_data'l)
loading dataset successful.')
date model.update_model{config path)
()
date model successful')
{config['memory_logs'l)

action
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api_key =
api_secret = 'Vyuw
base_url = 'https://paper-api.alpaca.markets'’

api = tradeapi.REST(api_key, api_secret, base_url, api_version='v2')
asset = api.get_asset('AAPL')
clock = api.get_clock()

gﬂﬁ 3.18 n13as request 1S Alpaca lagle API



trade_asset(action_rl):
act = {0:"hold", 1:'
if asset.tradable ==
if clock.is_open asset.tradable ==
if action_rl =1 action_rl == 2:
api.submit_order(symbol=asset.symbol,
qty=100,
side=act[action_r1],
time_in_force= oy
type="market'
print('Order 100 sha F is submitted.'.format(act[action_rl], asset.symbol))

else:

print('Action for today i: '.format(act[action_rl]))

time_dif clock.next_open - clock.timestamp

day_diff time_dif.components.days

hours_diff = time_dif.components.hours

min_diff = time_dif.components.minutes

print('The mark s closed."')

print(’ open in d hours %d minutes.' %(day_diff, hours_diff, min_diff))

else :

print( n not trade AAPL.')

out = main_action(‘'config.json', past6@days_close_price, today_price)
trade_asset(out)
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Amuansfimesang q vesnsiseuse vnisseudidudiuau 1000 epochs wagldlden
Tlsnavgansi3ousilorgaydevestoyanaasy (Validation Loss) laitUAsuuaaiu 0.1
Jusuau 5 epoch (Early Stopping) gldinsmiindenseninseanurainaiouvetliing
(Loss) uagduausaumsvingn (epochs) 9nluga Tensorboard Fuduiaiesiiofiaz iy
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TensorBoard SCALARS  GRAPHS = DISTRIBUTIONS  HISTOGRAMS  TIME SERIES

= = = —

[[] Show data download links Q_ Filter tags (regular expressions supported)
Ignore outliers in chart scaling

epoch_loss
Tooltip sorting method:  default 4

epoch_loss
Smoothing
0.016-
= 0.6

0.012

) ) 8e-3
Horizontal Axis

4e-3
RELATIVE WALL

0

0 20 40 &0 80100 120 140

=

Runs
ra
L4

Write a regex to filter runs

() 20210518-094617/train

(O 20210518-094617/validation

TOGGLE ALL RUNS

logs/fit
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[18] predict = model.predict(X_test)

° predict price = sc.inverse transform(predict.reshape(-1, 1))
actual price = sc.inverse transform(y test.reshape(-1, 1))

[20] import matplotlib.pyplot as plt
plt.plot(np.arange(0,50), predict price)
plt.plot(np.arange(0,50), actual price)

plt.legend(["predict price", "actual price"])

=
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ort tensorflow as tf
tf.keras.models import Sequential
m tf.keras.layers import Dense, Activation
test_env = Environmentl(test)
state = test_env.reset|()
test_acts = []
test_rewards = []

input_size=test_env.history_t+1
output_size=3
inputs = Input(shape=(input_size, ), name='state'
x = Dense(128, activation='relu')(inputs)
Dense(256, activation=' u')(x)
Dense(256, activation=' 1') (x)
Dense(256, activation='relu')(x)
Dense(output_size,

activation='linear’,

name='action') (x)
g_model = Model(inputs, x)
g_model.summary()

atch_150, testrl i y good

q_model.load_weights('./models/model_final_500/trading_dgn.h5")
for _ in range(len(test_env.data)-1):

state = np.reshape(state, [1, input_sizel)
acc = g _model.predict(state)

pact = np.argmax(accle])
test_acts.append(pact)

obs, reward, done = test_env.step(pact)
test_rewards.append(reward)

state = obs

test_profits = test_env.profits

JUN 4.4 sUsegalusinsuueimyinnalung Deep Q-Network
Fevnnamaaeuldna Profits MnsIAiuiaug 806 Jayalneiludeyasiuiui 6
AoUNUNNUS 2018 AeTun 20 euuwiey 20217Usndnduladnasde, so wievw lasw
NINUA 626.468 USD 3lun135491399169180990%0 91U 1 14385y»1151A1A1 Close Price
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Price

tensorflow as tf

test_env = Environmentl(test)
state = test_env.reset()
test_acts = []

test_rewards = []

input_size=test_env.history_t+1
output_size=3
inputs = Input(shape=(input_size, ), name='state
x = Dense(128, activation='relu')(inputs)
Dense(256, activation="relu')(x)
Dense(256, activation='relu')(x)
Dense(256, activation='relu')(x)
Dense(output_size,
activation= ar
name='act ") (x)
qg_model = Model(inputs, x)
q_model.summary()

r y JC
g_model. load_weights('./mode 21_final_56@,/t
_ in range(len(test_env.data)-1):

state = np.reshape(state, [1, input_size])
acc = g_model.predict(state)

pact = np.argmax(acc[@])
test_acts.append(pact)

obs, reward, done = test_env.step(pact)
test_rewards.append(reward)

state = obs

test_profits = test_env.profits

print({'Profits from test_data:’,test_profits)

Profits from test_data: 626.4675025939941
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4.3 HaaNsIINNsasAvaTav8lUde Alpaca
NRNEAAF@aUeviulaanluea Reinforcement learning LUgs Alpaca

anusanvdeudRevieunladslulinaiuled Alpaca

Order History

Stock Order Shares Price per share Notional Amount Status
Market BUY

AAPL are 100 New
05/19/2021 09:24 PM
Market BUY

AAPL 100 $126.05 $12,605.00 Filled

05/19/2021 01:02 AM

Market BUY
AAPL 100 $125.67 $12,567.00 Filled
05/17/2021 10:52 PM
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