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(—) Btk

REZHLERZRER - BERENFERZEPH—/NERD - B -

FARDEDTRZ—EIFEMRFOEE - EREREBBRIRECEMN
A—RBREFNZER - A LSTM JUREEFEEFTREHRE - IR IR ]

FRHFERAIERE - MRELSHNEBEREACBEFEESES  FER
ARFREREBRZAIBERS - BULFAMFER LSTM FAAGE I E R T8
RREREZE LIRS M kRS -
(—) B
—MRREANEEEEHMZERES - BIEE - FTUEHEMIRET
KRR EZRESZAFILF - A 2012-2017 ERIFEA 2018 RORRE - B
NWEH FHERZERTRENEUSESE  THELTERENZRES
2 EMEHREERIFRVTRIIER
(=) 5WIH
WHAT : 25BN 2 REESE
ZHORN  BREZHERBERREZHAGRZE - HARKIH -
a.ZHZ  REB[ETER - LL6 FI8A 6 F(2012-2017)(REFEZ IR
ZHZ - LI6 F1EA 1 BH/LF CRRFEA)

CER - B 6 F£38A 1 REFRA)E—RKE/ZHE)



1
N

WHY: REEA TMERBERENIEE MAZRE—REE - RE

il
i

RZETEMEANREYE  BRBENTRARE L Y BRTIBRAVEBE -

WHERE : )55 - DL APPLE RESHAI -

WHEN : RERESRSREZIFFERER - [EERERE - EXERFEA

ERENRE - OREEALLRE - BIBE IR ALRE - RME&RE -

WHO : {H@781RE APPLE REMIREE - RERRNEGFNER - B

HREWES  EEEELTERNAE  EEENGSSHENREERS

T—ESIER DT -

HOW: DIREHEEES AIRAEE - B1ERERREBLURHIEHE

IR - FRIREEEZERIIRKES -

ERIHR

(—) MRERKER

1. APPLE BRE - BRI MEIR Yahoo S ERKT - I NEPIR

Date Cpen High Low Close Adj Close Volume
2012/1/3 5B.48571 5B.92857 5B8.42857 58.74714 51.11594 75555200
2012/1/4 58.57143 50.24 5846857 5906286 51.39065 65005500
2012/1/5 5927857 5979286 58.95286 59.71857 51.96119 67817400
2012/1/6 59.96714 6030286 59.88357 60.34286 52.50438 70573200
2012/1/9 60768571 61.10714 60.19286 60.24714 52.42100 98506100
2012/1/10 60.84428 6085714 60.21420 60.46286 52.60879 64540100
2012/1/11 60.38286 6040714 5290143 60.36429 52.52303 53771200



BEREE

[26] features_considered = ['Open', 'High', 'Low' ,'Close', 'Adj Close', 'Volume']

[27] features = df[features considered]
features.index = df[ 'Date']
features.head()

° features.plot(subplots=True)

.AxesSubplot
.AxesSubplot

at
at

0x7fdd9b4bcdel>,
0x7£fdd9b403668>,

object
object

[» array([<matplotlib.
<matplotlib.

axes. subplots

axes. subplots

<matplotlib.
<matplotlib.
<matplotlib.

axes.

axes.

subplots

subplots

.AxesSubplot
.AxesSubplot
.AxesSubplot

object
object
object

at
at
at

0x7£dd9b5e6£98>,
0x7£fdd963ac438>,
0x7£dd96357898>,

axes.:subplots

<matplotlib.
dtype=object)
100

W
50 T T T T T T T

150 High Doy - " g
100 { A~ =N

W
W
Adj Close
T T T T T T T

axes. subplots.AxesSubplot object at 0x7f£dd96389cf8>],
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50
150
100

50
150
100

50
. MM&J&JWI:.
0.0 T T T T T T T
.pn-“\’@ .pw‘-("\q .@w“%'@ @h'“sfj .px,snﬂ"\\ f,xs'\q'ﬁ .@\.sv‘“'xg ,pwﬁ‘ o
Date
2. ==E TER "Z=EREMIE, O FER
H &5 52 N2 L A =] 1& BlE Eil%
2OITEEIZB29H  1,36260 1,362.60 136260 1,362.60 0.02K 0.93%
C2017EEI2H28H 1,350.10 1,346.00 1,346.40 1,343.30 0.13K 0.53%
V201TEEIZB27TH 1,343.00 1,341.00 1,341.00 1,341.00 0.00K 0.28%
CAOITEI2H26H 1,339.20 1,337.00 1,337.90 1,337.00 0.00K 4.80%
C2017EEIZHB25H 127790 127890 127950 1,277.90 - -3.95%
VCAOITEI2A22H 1,330.50 1,322.00 1,328.10 1,322.00 0.00K 0.64%
2017EEIZHF21IH 1,322.00 1,319.50 1,318.50 1,319.50 0.03K 0.07%
CA01PEI2H20H 1,321.10 1,317.90 1,321.80 1,317.90 0.02K 0.43%
2017EEIZR19F  1,315.50 1,315.50 1,315.50 1,315.50 0.01K 0.06%




3. JHfE - FEIR "Investing.com . W NEFIR

H 28 52 TR [ PR 1 R Hi%
20178 12H29H 60.42 5991 60.51 59.82 464.458K 0.97%
201712 H28H o984 58953 3084 3044 345.90K 0.34%
20178 12H27H 5964 50079 5893 5933 40240K D.55%
2017%12H26H 29.97 0.4 6001 58.32 437.19K 2.36%
20178 12H25H 58.58 5541 58.62  58.38 - 0.21%
2017%12H22H >8.47 5821 o080 5187 324.55K 0.19%
20178 12H21H 5836 SB.02 5838 5763 405.32K 0.46%
201712 H20H o809 5706 5612 5744 420.84K 1.10%
20178 12H19H 57.46 573 Shed 5116 36.29K 0.52%
2017512H 18H 5716 5137 57780 682 137.15K 0.24%

FEFmERS=EE HEBBRKREIESRE - AILRMNAZTEER
HMEBERDT RN ZE BT ENBE -
(Z) ERlprEE
A ZHZ  REBRA - 6 F£588 6 £(2012-2017)

1. EBEAEH®

[ 1 import pandas as pd
import numpy as np
import matplotlib.pyplot as plt



2. FEH" TSLA_2012-2017.CSV" ERl

© df = pd.read csv("TSLA 2012-2017.csv")
df

[]

oW N

1504
1505
1506
1507
1508

Date
2012-01-03
2012-01-04
2012-01-05
2012-01-06
2012-01-09

2017-12-22
2017-12-26
2017-12-27
2017-12-28
2017-12-29

Open
28.940001
28.209999
27.760000
27.200001
27.000000

329.510010
323.829987
316.000000
311.750000
316.179993

1509 rows » 7 columns

High
29.500000
28.670000
27.930000
27.790001
27.490000

330.920013
323.940002
317.679993
315.820007
316.410004

3. ENEEANER

1R 1509 &

Low
27.650000
27.500000
26.850000
26.410000
26.120001

324.820007
316.579987
310.750000
309.540008
310.000000

Close
28.080000
27.709999
27.120001
26.910000
27.250000

325.200012
317.290009
311.640015
315.359985
311.350006

B . B—RER 1508 LE Ak 52 AAEHR - 4B 29

output - E I xraw 20 £ ~ yraw 9 £ -

INEREABRBERETAS -

F b5 —RE M 1508 EE KR 13 48 -
10 & input - 3 {& output -

AR MR A SRR -

::h:EEE
BoE

::-:EH =
BoE

Adj Close
28.080000
27.709999
27.120001
26.910000
27.250000

325.200012
317.290009
311.640015
315.359985
311.350006

BHA 116 £E
FBZ 10 X788l 3 R(ZHZ) - IlE—REZ

Volume
928100
630100
1005500
986300
897000

4215800
4378400
4712100
4316300
3777200

KPR EEHV AT 1508 £(BERF ) - AR EENE RS MMLER
EEM - WA input IR
BE 20 RFEH 9 R(ZHZ) -

4

=
~F

- H13HPDR

values = df.iloc[:-1,1:-1] #E[1508{&EmME.

values = values.values

values

array([[ 28.940001, 29.5 , 27.65 , 28.08 , 28.08 1,
[ 28.209999, 28.67 , 27.5 , 27.709993, 27.709999],
[ 27.76 , 27.93 , 26.85 , 27.120001, 27.120001],
.
[323.829987, 323.94@002, 316.579987, 317.290009, 317.290009],
[316. , 317.679993, 310.75 , 311.640015, 311.640015],
[311.75 , 315.820007, 309.540009, 315.359985, 315.359985]])



[]

4. Normalization

#normalization fE#E{L
values = (values - values.min()) / (values.max() - values.min())

values

array([[0.91716762, ©.01869363, ©.91365235, ©.0148241 , ©.9148241 ],
[0.01517835, ©0.01643186, ©.01324359, ©.01381584, 0.01381584],
[©.0139521 , ©.01441535, ©.01147233, ©.01220809, ©.01220809],

(]

vees
[0.82074829, ©.82104808, ©.8009919 , 0.80292673, ©.80292673],
[0.79941143, ©.80398944, 0.78510508, ©.78753039, 0©.78753039],
[0.7878301 , ©.79892094, 0.78180783, 0.79766738, 0.79766738]])

[

5. #EHX
LSTM reshape(116, 5J8H ), 10 ( time-step))

## data cleaning
xraw = []
yraw = []
for t in range(116):
for i in range(13):
if(i < 10):
xraw.append(values[t + i])
else:
yraw.append(values[t + i])

xraw = np.array(xraw)
yraw = np.array(yraw)

Xxraw = xraw.reshape(116, 5, 10)
yraw = yraw.reshape(1l1l6, 5, 3)

print(xraw.shape, yraw.shape)

(116, 5, 10) (116, 5, 3)

B. ZHZ . L6 FRA 1EA/1 F(MEH;AHEREN A
1. EAEH®

#import the libraries

import numpy as np

import matplotlib.pyplot as plt #for drawing
import pandas as pd

=

)



2. FEH" AAPL_2012-2017.csv" &l

[ 1 #import the training set
dataset_train = pd.read_csv('AAPL_2012-2017.csv') #read training data
training_set = dataset_train.iloc[:,1:2].values #reach open
dataset_train.head()

Date Open High Low Close Adj Close Volume
0 2012-01-03 58.485714 58.928570 58.428570 58.747143 51.115936 75555200
1 2012-01-04 58.571430 59.240002 58468571 59.062859 51.390648 65005500
2012-01-05 59.278572 59.792858 58.952858 59.718571 51.961189 67817400
2012-01-06 59.967144 60.392857 59.888573 60.342857 52.504375 79573200

BowW N

2012-01-09 60.785713 61.107143 60.192856 60.247143 52.421093 98506100

3. Featurescaling - R&ERBHEE [0,1] ZE :

[ 1 #Feature Scaling [EiEEle-1
from sklearn import preprocessing
from sklearn.preprocessing import MinMaxScaler
sc = MinMaxScaler(fteature range = (0,1))
training set scaled = sc.fit transform(training set)

MIN-MAX SCALING

»
Q
b

- X—minX

= max(3) - min(x)

4. Zfg training ERIEVFRAIRLAT 60 X)

Timesteps &% 60 - fARBE 60 RWEN - EBHERELD
RNN A28 -

[ 1 X train = [] #FHAIEEATRI6O R &N
y train = [] #FEHIEL
for i in range(60,1509): #150923/|EEiE2]
X_train.append(training_set_scaled[i-68:1,@])
y_train.append(training_set_scaled[i,0])
X_train, y train = np.array(X_train), np.array(y_train) #Zgknumpy arrayBJfE=, LLFI&; / RNN

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



5. Reshape

HRBIRE X_train & 2-dimension » #&E reshape A%

3-dimension: [stock prices, timesteps, indicators]

[ 1 X train = [] #FHAIEEATRI6O R &N
y train = [] #FEHIEL
for i in range(60,1509): #150923/|EEiE2]
X_train.append(training_set_scaled[i-68:1,@])
y_train.append(training_set_scaled[i,0])
X_train, y train = np.array(X_train), np.array(y_train) #Zgknumpy arrayBJfE=, LLFI&; / RNN

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

C. E¥Mo# HeFEWA1X

1. EBAEHRER

° from _ future__ import absolute_import, division, print_function, unicode_literals
try:
# %tensorflow_version only exists in Colab.
%tensorflow_version 2.x
except Exception:
pass
import tensorflow as tf

import matplotlib as mpl

import matplotlib.pyplot as plt

import numpy as np

import os

import pandas as pd
Lpl.rcParams['figure.fjgsize'] = (8, 6)
mpl.rcParams[ 'axes.grid'] = False

[7] df = pd.read_csv('AAPL_2012-2017.csv')
[8] df.head()

c Date Open High Low Close Adj Close Volume
0 2012-01-03 58.485714 58.928570 58.428570 58.747143 51.115936 75555200
1 2012-01-04 58.571430 59.240002 58.468571 59.062859 51.390648 65005500
2012-01-05 59.278572 59.792858 58.952858 59.718571 51.961189 67817400
2012-01-06 59.967144 60.392857 59.888573 60.342857 52.504375 79573200

B W N

2012-01-09 60.785713 61.107143 60.192856 60.247143 52.421093 98506100

[9] df.shape

O (1509, 7)



2.

ENER(EZE/ZEE

24 history_size @BEFEREOMA/ ; target_size BETERKEESETE
RIS - 2SRERFEINEE -

[18] def univariate data(dataset, start_index, end_index, history size, target size):
data = []
labels = []

start_index = start_index + history size
if end_index is None:

end_index = len(dataset) - target_size

for i in range(start_index, end_index):

indices = range(i-history size, i)

# Reshape data from (history size,) to (history_size, 1)
data.append(np.reshape(dataset[indices], (history_size, 1)))
labels.append(dataset[i+target size])

return np.array(data), np.array(labels)

[11] TRAIN SPLIT = 755
print(TRATN_SPLTT)

o

uni_data = df['Close’]
uni_data.index = df['Date’]
uni_data.head()

Date
2012
2012
2012
2012
2012
ame

-91-83 58.747143
-91-84 59.862859
-81-a5 59.718571
-01-96 60.342857

-01-29 60.247143
: Close, dtype: floates

10



“close” HIERIEN
[14] uni_data.plot(subplots=True)

s array([<matplotlib.axes._subplots.AxesSubplot object at ex7fa73285a86@>],
dtype=object)

180
160
140
120
100
80
&0
‘P\?-'&D -px"—'xgx"lﬂ\."ﬁnﬁn“ @x“'“ o Ap\."'dahx -p\."'ﬂ:ﬁ 10'."'\0}0.19\15‘:11.

[38] features_considered = ['Open’, ‘'High®, 'Low' ,'Close’, 'Adj Close', "Volume']

[31] features = df[features considered]
features.index = df[ 'Date’]
features.head()
I Open High Low Close Adj close Volume
Date
2012-01-03 58.485714 58.928570 58.428570 58.747143 51.115936 75555200
2012-01-04 58.571430 59.240002 58468571 59.062859 51.390648 65005500
2012-01-05 59.278572 59.792858 58.952858 59.718571 51.961189 67817400
2012-01-06 59.967144 60.392857 59.888573 60.342857 52.504375 79573200
2012-01-09 60.785713 61.107143 60.192856 60.247143 52.421093 98506100

11



[34] dataset = features.values
data mean = dataset[:TRAIN SPLIT].mean(axis=0)
data_std = dataset[:TRAIN_SPLIT].std(axis=8)

[35] dataset = (dataset-data_mean)/data_std

[36] def multivariate data(dataset, target, start index, end index, history size,
target size, step, single step=False):
data = []
labels = []
start_index = start _index + history size
if end_index is None:
end_index = len(dataset) - target size

for 1 in range(start_index, end_index):
indices = range(i-history_size, i, step)
data.append(dataset[indices])
if single step:
labels.append(target[i+target_size])
else:

labels.append(target[i:i+target size])

return np.array(data), np.array(labels)

12



(—) LSTM 748
REHAEE 8 (Long Short-Term Memory, LSTM):Z RNN i—7& - A
AEERIZEERE F BZHIEFIETT input gate ~ output gate - forget

gate IR=EWH -

LSTM

Output Gate
EEERE L

Memory Cell * ) i B
RHBRFER
Forget Gate
EEREAER
Input Gate
2aRERA

M LSTM model ©J73% One to One ~ One to many - Many to one

& Many to many - 1~ E#EE:

one to one one to many many to one many to many many to many
0 080 OO0 oo
S i ' — i i}
100 000 0OO00 OOt

i od OoE Al

|1

K#HER Many to Many Model
Input:Z XHKME (A1 10 X)

13



Output:Z K E(#E 3 X)
(Z) EBREKBDT IIE

A ZHZ . REBRAE - L6 F£38A 6 £(2012-2017)

A TBE LSTM - HAFBZRN Keras PE A L EHR1E:
Sequential R AR CHRE 44

Dense AN B B 1 AS A48

LSTM AR AINERANEE

Dropout KA MM LEEHE SR dropout /&

[ 1 from sklearn.model_selection import train_test_split #:3HIEERIESHE
from keras.models import Sequential
from keras.layers import Dense, LSTM, Dropout, Flatten, TimeDistributed
from keras.optimizers import adam
from keras.callbacks import ModelCheckpoint
from keras.losses import mean absolute percentage error

ERIIE - 1F train IR test RYTIEIT test_size=0.2 - training data /5 0.8
input R output &7 train IR test

[ 1 #{FtrainiRtestAJHIE]
#xraw
#itest size@.2 trainingdata5@.8 116*@.8Ftraining data
#inputiRoutputEsrtrainitest
X_train, X test, Y_train, Y_test = train_test split(xraw, yraw, test size = 0.2, random_state = 10)

LSTM model —& 100 {E&E T - WL ZEBHEE - B input shape
training(116,5,10)

return_sequence =True - BEAE G RE@EEFITHHEE —EiEL - E2RETENFS)
fEEF Dropout B - RAEE 0.3 - BEMKRE 30%NERFHMMER - 8% - HARMNEE 1 @&
ETHE AV Dense &

RIS B B 7T ( scaled exponential linear units - selu ) - &BZAVE R EB FEELAD
mBEE—(E2 0 9EMNENHSE

SIXTE activation WA EBARNFHETILGEE R/ - B THERIE - B2IEFEHKEEHER
A7 1 - Mselu WIEFEAR 1 EHEB/NNNFETLGEEIEA - BRMLE 73 EHE
K- BRAEHEME B AR TUEES—EBNRALAZ2PER0FERL -

selu(z) = A {lr il

H o

ae* —a ifz <0

14



#LSTM model—/Z100{#HHE T, input shape trainging data 116,5,180 return_sequenceERtruesd TE=ZHE
model.add(LSTM(16@, input_shape = (5,18),return_sequences=True, recurrent_dropout=3.3))

tmodel , add(LSTM{188, return_ sequences=True))
model.add(LSTM(8@, return_sequences=True))
model . add(LSTM{50, return_sequences=True))
HESHmENScel 1§03 TN

model . add (Dropout(6.3))

#timedistributed|
#seluff:

WETHE:

L Efreturn sequenceiBifi

#mode] .add(TimeDistributed(Dense(108, activation="selu')))
model.add(TimeDistributed(Dense(58, activations='selu')))
model.add({TimeDistributed(Dense(3, activation="selu’))})

NEROUHERRERE

[ 1 model.summary()

Model: "sequential 3"

Layer (type) Qutput Shape Param #
lstn7 (LsTi)  (None, 5, 100)  ass0
lstm_8 (LSTM) (None, 5, 8@) 57920
lstm_9 (LSTM) (None, 5, 5@) 26200
dropout_3 (Dropout) (None, 5, 50) 2]
time_distributed 5 (TimeDist (None, 5, 58) 2550

time distributed 6 (TimeDist (None, 5, 3) 153

Total params: 131,223
Trainable params: 131,223
Non-trainable params: @

B. 2% . Ll6FEA1ER
Import Keras

[ 1 #import the Keras libraries and packages
from keras.models import Sequential
from keras.layers import Dense
from keras.layers import LSTM
from keras.layers import Dropout
from keras.optimizers import adam
from keras.callbacks import ModelCheckpoint
from keras.losses import mean_absolute_percentage error

#initialising the RNN
regressor = Sequential()

B LSTM layer

units: #METTHEE - #F dropout 84 0.3 - FAREE LSTM Layer BI#ER Ouput
Layer i3 - UL return_sequences &R 1E False (tImEARE
_E return_sequences )

15



# Adding the first LSTM layer and some Droupout regrlarisation
regressor.add(LSTM(units = 100, return_sequences = True, input_shape = (X_train.shape[1],1)))
regressor.add(Dropout(@.3))

#Adding a second LSTM layer and some Droupout regularisation
regressor.add(LSTM(units = 180, return_sequences = True))
regressor.add(Dropout(e.3))

#adding a third LSTM layer and some Droupout regularisation
regressor.add(LSTM(units = 100, return sequences = True))
regressor.add(Dropout(@.3))

#Adding a fourth LSTM layer and some Droupout regularisation

regressor.add(LSTM(units = 100))
regressor.add(Dropout(@.3))

regressor.summary ()

Model: "sequential 2"

Layer (type) Output Shape Param #
1stm 5 (LSTM) (None, 6@, 100) 40300 T
dropout 5 (Dropout) (None, 68, 100) [2]

1stm 6 (LSTM) (None, 60, 180) 80400
dropout_6 (Dropout) (None, 6@, 100) <]

1stm_7 (LSTM) (None, 6@, 100) 20400
dropout_7 (Dropout) (None, 68, 100) [2]

1stm_8 (LSTM) (None, 10@) 30400
dropout 8 (Dropout) (None, 100) [2]

Total params: 282,800
Trainable params: 282,000
Non-trainable params: @

16



[15]

[16]

C. BUHW - 6 &N 1 R(ERR/S%

P —]
> EBEs

univariate_past_history = 6@
univariate future target = @

x_train_uni, y_train_uni = univariate_data(uni_data, @, TRAIN_SPLIT,
univariate_past_history,
univariate future_target)
x_val_uni, y_val uni = univariate_data(uni_data, TRAIN_SPLIT, MNone,
univariate past history,
univariate future target)

print ('single window of past history')
print (x_train unif[e])

print ("\n Target stock price to predict’)
print (y_train_uni[e])

.B7511383]
.B7898735]
.@8058964]
.84448545]
.2@189681]
.95373957]
.87395528]
.71255888]
718881761
.61911853]
.55114428]
.66795946]
.62298316]
.62387487]
.49773545]
.51567067]
.48247628]
.42282517]
.38963022]
.20481018]
224351 ]
.20423657]
197201 ]
.31538485]
.34584081]
.34877978]
.22881047]
.19729991]
.12962389]
.92990917]
.24275079]
.20291717]
.2@381615]
.35590034]
.48585783]
.37877249]
.33045089]
.3@58609 ]
.41516481]
.48043056]
.528584171]

e e e R B e R e e R e e e e e R e e e el e e e N e e e R e N e e e e N el e e e e N e e e R e N e e e R N
'
DD DD DO DO DO DO DD DD DD EREPEPREE

Target stock price to predict
@.4437315233244654
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[38] past_history = 60

future_target =
STEP = 1

x_train_single, y train_single = multivariate data(dataset, dataset[:, 1], @,
TRAIN_SPLIT, past_history,
future_target, STEP,
single step=True)
x_val single, y val single = multivariate_data(dataset, dataset[:, 1],
TRAIN_SPLIT, None, past_history,
future_target, STEP,
single step=True)

[39] x_val_single.shape

O (664, 60, 6)

’

AlAREE
> UM BRIRIER - B VRBEREIE - EB(E23RVE 2 (optimizer)

FM1% adagrad AL fEEA adam - EEMSEN " REERIE . - &5

I

ARG AERENEE  FRSHNEMRSFIR -

\b

F—RH

A ZHZ . REBRA - L6 F£78H 6 £(2012-2017)

loss A MAE ERER - Checkpoint BN ZIIRRENBEREPEERIES
SAE  BHNEFERERE

#loss MMAE g MSE (EfR/) MAEEELEIAELEHFE

model.compile(loss = mean_absolute_percentage_error,

optimizer = adam(lr = @8.881),
)

#checkpoint EAYE §
#fivalidation loss ,

Jval_lossH model

checkpoint = ModelCheckpoint('to2.hs', monitor='val_loss', verbose=1, save_best_only=True,mode='min")
callbacks_list = [checkpoint]

k = model.fit(X_train ,Y_train, batch_size = 188, epochs = 5e8,
callbacks=[checkpoint],
verbose = 1,

validation_data = (X_test, Y_test))

H#MAEE rEhEdiE
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[ 1 Epoch 495/58@
92/92 [ ===] - @s 445us/step - loss: 15.8185 - val_loss: 20.5819

Epoch ee495: val_loss did not improve from 2@.44295
Epoch 496/588
92792 [ ===] - @s 432us/step - loss: 15.1188 - val_loss: 21.8937

Epoch ee496: val_loss did not improve from 2@.44295
Epoch 497/58@
92792 [ ===] - @s 43Sus/step - loss: 15.8165 - val_loss: 21.4228

Epoch e8497: val_loss did not improve from 2@.44295
Epoch 498/58@
92/92 [ ===] - @5 423us/step - loss: 15.8227 - val_loss: 28.7326

Epoch @8498: val_loss did not improve from 28.44295
Epoch 499/588
9z/92 [ ===] - ©@s 4B8us/step - loss: 14.9136 - val_loss: 21.0083

Epoch @8499: val_loss did not improve from 28.44295
Epoch See/50@
9z2/92 [ ===] - @s 433us/step - loss: 14.9652 - val_loss: 21.254@

Epoch @@see: val_loss did not improve from 28.44295

B. %% . LI6FRA1IER/—%F -

> —fER

[ 1 #Adding the output layer
#output layer units #Z 51
regressor.add(Dense(units = 1))

[ ] #compiling
regressor.compile(optimizer="adam', loss = 'mae")

#train
history=regressor.fit(X_train, y_train, epochs = 5@, batch_size = 32)

1449/1449 [ = = ] - 13s 9ms/step - loss: ©.80195
Epoch 40/50
1449/1449 [ = = ] - 13s 9ms/step - loss: ©.0196
Epoch 41/5@
1449/1449 [ = = ] - 13s 9ms/step - loss: ©.0214
Epoch 42/5@
1449/1449 [ = = ] - 13s 9ms/step - loss: @.0211
Epoch 43/5@
1449/1449 [ = = ] - 13s 9ms/step - loss: ©.0199
Epoch 44/5@
1449/1449 [ = = ] - 13s 9ms/step - loss: ©.8283
Epoch 45/5@
1449/1449 [ = = ] - 13s 9ms/step - loss: ©.0203
Epoch 46/5@
1449/1449 [ = = ] - 13s 9ms/step - loss: ©.0201
Epoch 47/56@
1449/1449 [ = = ] - 13s 9ms/step - loss: ©.0214
Epoch 48/50
1449/1449 [ = = ] - 13s 9ms/step - loss: ©.80288
Epoch 49/58@
1449/1449 [ = = ] - 13s 9ms/step - loss: ©.8214
Epoch 5@/58@
1449/1449 [ = = ] - 13s 9ms/step - loss: ©.0191
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[]

#Adding the output layer
goutput layer units =hE1
regressor.add(Dense(units

#compiling

regressor.compile(optimizer="adam', loss

#train

‘mae")

history=regressor.fit(X train, y train, epochs = 5@, batch size = 32)

Epoch 42/Sé
1449/1449 |

Epoch 43/50

1449/1449 |
Epoch 44/58

1449/1449 [
Epoch 45/5@

1449/1449 [
Epoch 46/50

1449/1449 |
Epoch 47/5@

1449/1449 [
Epoch 48/50

1449/1449 [
Epoch 49/58

1449/1449 [
Epoch 5@/5@

1449/1449 [

C.

>

b

a0 B 6 A 1 K (

[26] simple_lstm_model = tf.keras.models.Sequential([
tf.keras.layers.LSTM(8, input_shape=x_train_uni.shape[-2:]),

[27]

C

tf.keras.layers.Dense(1)

D

tf.keras.optimizers.Adam(lr=6.01)

13s 9ms/step - loss:
13s 9ms/step - loss:
13s 9ms/step - loss:
13s 9ms/step - loss:
13s 9ms/step - loss:
13s 9ms/step - loss:
13s 9ms/step - loss:
13s 9ms/step - loss:
13s 9ms/step - loss:

BES/ZE8)

simple_lstm model.compile(optimizer ='adam', loss="mae")

for x, y in val univariate.take(1):
print(simple lstm model.predict(x).shape)

(256, 1)

EVALUATION_INTERVAL

EPOCHS = 5@

simple lstm model.fit(train univariate, epochs=EPOCHS,

20

steps_per_epoch=EVALUATION_TNTERVAL,
validation_data=val_univariate, validation_steps=58)

.0260

0273

.0263

.0280

.0263

.0257

.0263

.0253

.0253



Epoch 45/50

200/200 [ ] - 2s 8ms/step - loss: ©.0646 - val loss: 8.5584
Epoch 46/58
200/200 [ ] - 2s 9ms/step - loss: ©.8646 - val loss: ©.5594
Epoch 47/50
200/200 [ ] - 2s 8ms/step - loss: B.9646 - val loss: 8.5597
Epoch 48/50
208/200 [ ] - 2s 8ms/step - loss: 0.8645 - val loss: ©.5582
Epoch 49/5@
200/200 [ 1 - 25 8ms/step - loss: ©.0646 - val loss: ©.5586
Epoch 58/50
200/200 [ ] - 2s 8ms/step - loss: 0.06645 - val loss: 8.5596

<tensorflow.python.keras.callbacks.History at ex7fa6d9e9edeo>
oAt
> ZES

[40] print ('Single window of past history : {}'.format(x_train_single[®].shape))

> Single window of past history : (6@, 6)

[41] train_data single = tf.data.Dataset.from tensor_slices((x_train_single, y train single))
train data single = train_data single.cache().shuffle(BUFFER_SIZE).batch(BATCH SIZE).repeat()

val data single = tf.data.Dataset.from tensor_slices((x val single, y val single))
val_data_single = val_data_single.batch(BATCH_SIZE).repeat()

[42] single step model = tf.keras.models.Sequential()
single_step model.add(tf.keras.layers.LSTM(16,
input_shape=x_train_single.shape[-2:],recurrent_dropout=0.3))

single_step model.add(tf.keras.layers.Dropout(®.3))
single_step_model.add(tf.keras.layers.Dense(1))

single step model.compile(optimizer=tf.keras.optimizers.RMSprop(), loss='mae')
[43] for x, y in val_data_single.take(1):
print(single step model.predict(x).shape)

G (256, 1)

° single_step_history = single_step_model.fit(train_data_single, epochs=25,
steps per epoch=200,
validation data=val data single,
validation_steps=5@)

200/200 [ ] - 21s 1e7ms/step - loss: ©.2284 - val_loss: 1.619@
Epoch 21/25
2e8/200 [ 1 - 21s 187ms/step - loss: 8.2269 - val_loss: 1.5951
Epoch 22/25
200/200 [ 1 - 22s 11ems/step - loss: ©.2259 - val loss: 1.5507
Epoch 23/25
200/200 [ 1 - 22s 1@8ms/step - loss: ©.2254 - val_loss: 1.9494
Epoch 24/25
2ev/200 [ 1 - 22s 1@8ms/step - loss: 8.2236 - val loss: 1.5839
Epoch 25/25
200/200 [ ] - 22s 1e8ms/step - loss: ©.2207 - val_loss: 1.8346
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[ 1 plt.
plt.
plt.

plt

accuracy

2

h - FlERER

A ZHZ  REBEA - L6 F188 6 F(2012-2017)
ENHIB K R BB

figure(figsize=(1@, 18))
plot(k.history["val_loss"])
plot(k.history["loss"])

.title('model validation loss')
plt.
plt.
plt.
plt.

ylabel("accuracy™)

xlabel('epoch")

legend(['val_loss' , 'loss'], loc = 'best')
show()

model validation loss

— val_loss

80 1 loss

20 i |"| _
W
a
W“"\»MMM T T T PERRTY S P P T e W .

o 100 200 300 400 500
epoch

O BLRERE MNE, BREFFEAEETEWH - JEEERHER -
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[1]

B. XX Ll6FWRALER/—F

> 11@ER
ENH I8 RE

plt.figure(figsize=(5,3))
plt.plot(history.epoch,history.history['loss'], label='training')
plt.title('loss")

plt.legend(loc="best")

loss

012 1 —— ftraining
0.10 -
0.08 A
0.06 -
0.04 4
0 10 2 30 40 50

E" open” WEREHRANAN - EILBHEDRE

[ ] dataset_total = pd.concat((dataset_train['Open'],dataset_test['Open']), axis = @)
inputs = dataset_total[len(dataset_total)-len(dataset_test)-6@:].values
inputs = inputs.reshape(-1,1)
inputs = sc.transform{inputs) #feature scaling

X_test = []
for i in range (68, 21): #timesteps—i¥6e, 21%FioEidTee i+20188FH21 4R

X_test.append(inputs[i-c@:i,8])

X_test = np.array(X_test)
X_test = np.reshape(X_test, (X_test.shape[®], X_test.shape[l],1)) #reshape fi2-dimension

[ ] predicted_stock_price = regressor.predict(X_test)
predicted_stock_price = sc.inverse_transform{predicted_stock_price) #to get the original scale

[ 1 #visualising the results

plt.
plt.

plt.
plt.
plt.
plt.
plt.

plot(real_stock_price, color = 'red’, label="Real AAPL Stock Price') #red line chow the real stock price
plot(predicted_stock_price, color = 'blue’, label='Predicted AAPL Stock Price') #blue line show the predict stock price
title('AAPL Stock Price Prediction')

x¥label( Time")

ylabel( AAPL Stock Price’)

legend()

show()
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AAPL Stock Price Prediction

180

178 -

176 1

174 -

172 1

AAPL Stock Price

= Real AAPL Stock Price
166 { — predicted AAPL Stock Price

T T T T T T T

T T
00 25 5.0 " 100 125 150 175 200
Time

OPELBRANKTEERE - BRERDFE -
° a = ((predicted stock price)-(real_stock price))/(real_ stock price)
ACC = np.mean(a, axis=0)

print (abs(ACC))

[> [0.00476125]

LERREBDLEZEE - RAREBIREGREE 0-1 2 - RIbERZE=N/ )\ -

H1E7% 0.476125% -

o HAMEHHEEEEFEREEZIN—EANKRETE  WTBEZERREKA
AR THBRERE

loss
—— ftraining
0034
0.032
0030
0.028
0.026
0.024
0.022 .
0 10 20 0 40 50

24



AAPL Stock Price Prediction

180 -

178 1

176 1

174

172 A

170 1

AAPL Stock Price

168 A

- Real AAPL Stock Price
= Predicted AAPL Stock Price

166 1

T T T T T T

00 25 50 715 00 125 150 175 200
Time

HILESEBYFEEAGSEBZRET IR  HESEHWR APPLE RE
MEEAK - HFRABSE AR -

> 1%

ENHIBR R E

[ 1 plt.figure(figsize=(10,6))
plt.plot(history.epoch,history.history[ 'loss'], label="training")
plt.title('loss")
plt.legend(loc="best")

(3 <matplotlib.legend.Legend at ex7fdbag3safee>
loss

—— ftraining
0.09

007

0.06

0.05

004

003

B open” WERIEMIBRNH - EILBRERE
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[ 1 #get 201801 test data
dataset_test = pd.read_csv(’AAPL_2018-2019.csv')
real_stock price = dataset_test.iloc[:, 1:2].values
dataset_test.shape

e (251, 7)

[ ] dataset total = pd.concat((dataset train['Open'],dataset test['Open']), axis = @)
inputs = dataset total[len(dataset total)-len(dataset test)-6@:].values
inputs = inputs.reshape(-1,1)
inputs = sc.transform(inputs) #feature scaling

X test = []

for i in range (6@, 311): #timesteps—iE60, 331FFSCETHT60FK+20185251 K EH]
X_test.append(inputs[i-60:i,0])

X_test = np.array(X_test)

X_test = np.reshape(X_test, (X_test.shape[8], X_test.shape[1],1)) #reshape FZ3-dimension

[ 1 predicted_stock price = regressor.predict(X_test)
predicted stock price = sc.inverse transform(predicted stock price) #to get the original scale

[ 1 #visualising the results
plt.plot(real_stock price, color = 'red’, label="Real AAPL Stock Price') #red line show the real stock price
plt.plot(predicted_stock_price, color = 'blue’, label='Predicted AAPL Stock Price') #blue line show the predict stock price

plt.title('AAPL Stock Price Prediction')
plt.xlabel('Time")

plt.ylabel('AAPL Stock Price’)
plt.legend()

plt.show()

AAPL Stock Price Prediction

—— Real AAPL Stock Price
— Predicted AAPL Stock Price

220 4

g

180 4

AAPL Stock Price

160 -

0 50 100 150 200 250
Time

BRI FTN —F 2 —E BB 2 E T LU RME—FNRAB R BERER - RARETN
B\ FAEHRASEEE  EEREE -
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° a = ((predicted_stock _price)-(real_stock price))/(real_stock price)
ACC = np.mean(a, axis=0)
print (abs(ACC))

> [0.00040419]

LERREBDLEZEE - RAREBIREMRE 0-1 2 - RIbERZE=/ )\ -
#1875 0.040419% -

C. BUHW - Fl6 a1 R(ERB/S2E
> BED

for x, y in val univariate.take(1):
plot = show plot([x[@].numpy(), y[@].numpy(),
simple lstm_model.predict(x)[@]], @, "Simple LSTM model"’)
plot.show()

g Simple LSTM model
» —— History
26 > True Future
@ Model Prediction
24
22
20
18
-20 -15 -10 > 0 5 10

Time-Step

oIt B P E L E R EFRAIE R AR/ -
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[44] for x, y in val data_single.take(1):

plot = show plot([x[@][:, 1].numpy(), y[@].numpy(),
single step model.predict(x)[e]], 1,
'Single Step Prediction')

plot.show()

Single Step Prediction

—— History
35 X True Future
@ Model Prediction
>
3.0
25
204
15 4
®
-60 -50 -40 -30 -20 -10 0 10

Time-Step

OPEPEL S RHEIFAE—MNEREFTERE -

RERERRE

~
N

o
IR

BESERULURERETSGHN - LU BHREERTHMBEBRONE - KARIE

b

HANEBERTZE - ARRERAZFERNA —EREAETRZIRA - RER

PRy =R R BB UL TR AR - S EA o DIRRAE L REZ AR ARTE

ARBEE - HBZWRERE  JHARRMBEFN ; FBREBRIFAIREKRR

BEZ - ARFERS LR Nk ; RE—ERRE-RNRERR - JUAREL

ERBAE - IE=ERAEZREHHEMR - A —EBRERPBAIORERESA -

FASE R LR ED - BHRS=ERENWBERAE - ILEBMEEHR

REZNRERBEZOEORER - FAREBCERTLIE DREFRAIRIR - WFRARY

BRARARNFIREBEREZ -8 ERANBATE - AERH LN RERZER
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TER) - BEEARABEEY AREFERA - THERRIE BT RAREERAIE
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