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features.plot (subplots=True)

array([<matplotlib.axes. subplots.AxesSubplot
<matplotlib.axes. subplots.AxesSubplot
<matplotlib.axes. subplots.AxesSubplot
<matplotlib.axes._ subplots.AxesSubplot
<matplotlib.axes._ subplots.AxesSubplot
<matplotlib.axes. subplots.AxesSubplot
dtype=object)

object
object
object
object
object
object

at
at
at
at
at
at

0x7£fdd9b4dbc4e0>,
0x7£dd9b403668>,
0x7£dd9b5e6£98>,
0x7fdd963ac438>,
0x7fdd96357898>,
0x7£fdd96389cf8>],

150 { —— oOpen
100 A

50 T T T T T

150 1 High

gl




&

5 EeE, T

R [ E=EERE

, A0 FERf7s

HA mh mEmoom K RE Bl

ITERIZAPH 136260 136260 136260 1,362.60 0.02K 0.93%
ATERIZAZH 1,350.10 1,346.00 134640 1,343.30 0.15K 0.53%
TRIZA2IH 134300 134100 1,341.00 1,341.00 0.00K 0.268%
NITERIZA2H 133920 1,337.00 133790 1,337.00 0.00K 4.80%
UTFRI2A25H 127790 121890 127950 127790 - 3.95%
TERIZAZ2H 133050 1,322.00 132910 1,322.00 0.00K 0.64%
TTERIZ2AZ2IH 132200 1,319.50 131950 1,319.50 0.05K 0.07%
ATERIZA0H 12110 131790 132180 1,317.90 0.02K 0.43%
NITEIZAI9H 131550 1,315.50 131550 1,315.50 0.01K 0.06%




=iy
s SHME, FER [Investing.com| , W FEFR

H HY Bodl BT = & HE Foil%

[

2017512 H29H 6042 5981 6051 5952 464.48K  0.97%
0175125 26H 59.84 5953 5894 5044 34596K  0.34%
J17TR12H27H 064 5979 5803 5033 40240K  0.55%
1712H26H 29497 564 6001  58.3243779K  2.36%
17T 12H25H 8.9 S84l o862 08.30 - 0.21%
J17TR12H22H 047 58] 56.0 D767 324.55K  (0.19%
2017512521 H 5636 5802 5838 5763 40032K  0.46%
201712520 009 Siee o812 5744 420.84K 1.10%
J17F12H19H >1.46 >3 Sibd 5116 36.28K 0.52%
J017512H16H 5116 5737 5U8 56.82 137.15K 0.24%



Normalization
B\ '/
A\ v/

Reshape Data







D3 #R%4E-RNN

Hidden

Input

=EERE L

Output Gate rﬁﬁl
]

i 8 o 77 B 2R

Forget Gate
EERESR

Memory Cell ) ‘(:B

TR
Input Gate r iﬁl

EEREBA

+ nEEs OEREEREET



03 #AEs*

s RIEGHECEEE (Long Short-Term Memory , LSTM)

J(w) " Gradient

Global cost minimum
Jmin(w)

>




@ @ nmaE



04 mee-Hz

© & EBEXREE - B optimizerHE
" adagrad2 At Fladam - EAMS B

"REERIE L - FEE—RNEBEREZ
iiﬁEEEE’J%EEI BESENENRASY
l 1= o




Al BB 1

©

Z¥iZ, LA6HFIEHIER
Z¥Z, LIGETERI14E

BRSO, HeFFRANXK-EES

RO, H6FRANX-SES




04 sisaE-2E
IE

[]

=g ST

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

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

[

]

Date Open High Low Close Adj Close Volume
0 2012-01-03  28.940001 29.500000 27.650000 28.080000 28.080000 928100
1 2012-01-04  28.209999 28.670000 27.500000 27.709999 27.709999 630100
2 2012-01-056  27.760000 27.930000 26.850000 27.120001 27.120001 1005500
3 2012-01-06  27.200001 27.790001 26.410000 26.910000 26.910000 986300
4 2012-01-09  27.000000 27.4890000 26.120001 27.250000 27.250000 897000
1504 2017-12-22 329.510010 330.920013 324.820007 325.200012 325.200012 4215800
1505 2017-12-26 323.829987 323.940002 316.579987 317.290009 317.290009 4378400
1506 2017-12-27 316.000000 317.679993 310.750000 311.640015 311.640015 4712100
1507 2017-12-28 311.750000 315.820007 309.540009 315.359985 315.359985 4316300
1508 2017-12-29 316.179993 316.410004 310.000000 311.350006 311.350008 3777200
1509 rows * 7 columns
values = df.iloc[:-1,1:-1] #EI{1508{E M=
values = values.values
values
array([[ 28.94@001, 29.5 , 27.65 , 28.08 , 28.08 1,
[ 28.209999, 28.67 , 27.5 , 27.709999, 27.70@9999],
[ 27.76 , 27.93 , 26.85 , 27.120001, 27.120001],
t;i;.SZ‘BQSY, 323.948002, 316.579987, 317.290009, 317.290003],
[316. » 317.679993, 318.75 , 311.640015, 311.640015],
[311.75 , 315.820007, 309.540009, 315.359985, 315.359985]11])

[

[

]

]

[]

#normalization (L

values =

values

array([[@e.
[e.
[e.
[@.
[e.
[e.

## data
Xraw =
yraw =

(values - wvalues.min()) / (values.max() - wvalues.
01716762, .01869363, ©.01365235, .0148241 ,
91517835, .01643186, ©.01324359, .01381584, 0
©139521 , .01441535, ©.01147233, .01220809, 0
s

82074829, .82104808, ©.8809919 , .80292673, 0
79941143, .80398544, ©.78510508, . 78753039, 0
7878301 , .79892094, ©.78180783, . 79766738, 0
cleaning

for t in range(116):
for i in range(13):

if(

i < 10):

xraw.append(values[t + i])

els

el

yraw.append(values[t + i])

Xraw =
yraw =

Xraw =
yraw =

print(xraw.shape, yraw.shape)

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

xraw.reshape(116, 5, 18)

yraw.reshape(116, 5, 3)

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

9.

min())

0148241 ],

.01381584],
.01220809],

.80292673],
.78753039],
.7976673811)
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[ ]

]

from
trom
from
from
from
from

GAEE

sklearn.model selection import train_test split #73EERIIHEER

keras.
keras
keras.
keras.
keras

models import Sequential

.layers import Dense, LSTM, Dropout, Flatten, TimeDistributed

optimizers import adam
callbacks import ModelCheckpoint

.losses import mean_absolute percentage error

[ ] #fetraintestdyi]

fxraw

ftest size.2 trainingdata0.8 116*0.8%training data
finputiRoutputFrtraingitest
X train, X test, Y train, Y test = train test split(xraw, yraw, test size = 0.2, random state = 10)

#loss EMAE FR MSE (EfR/N) MAEELLEINELEUFE

model.compile(loss = mean_absolute_percentage_error,
optimizer = adam(lr = ©.001),

)

#checkpoint BRY R SERFBETEEREESER, BNREREER
#Fvalidation loss , —EfFRE{KAYval_lossHEymodel

checkpoint = ModelCheckpoint('to3.h5"', monitor="val_loss', verbose=1, save_best_only=True,mode="min")
callbacks_list

= [checkpoint]

k = model.fit(X_train ,Y_train, batch_size = 1806, epochs = 5@@,
callbacks=[checkpoint],

verbose = 1,

validation_data = (X_test, Y_test))

#MAEE 7

EEi

model.summary()

Model: "sequential 3"

Layer (type) Output Shape Param #
lstn7 (LsTM)  (None, 5, 100)  addo0
lstm 8 (LSTM) (None, 5, 80) 57920
1stm 9 (LSTM) (None, 5, 50) 26200
dropout_3 (Dropout) (None, 5, 5@) 2]
time_distributed 5 (TimeDist (None, 5, 5@) 2550
time_distributed 6 (TimeDist (None, 5, 3) 153

Total params: 131,223
Trainable params: 131,223
Non-trainable params: @
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#loss HEMAE F MSE (EF/N)

MAEEFEEEATLEHT

model.compile(loss = mean_absolute_percentage_error,

optimizer = adam(lr = @.001),
)

BheERERRRIE,

#checkpoint By 2| SRy
#Hvalidation loss , —EF

checkpoint = ModelCheckpoint('to3.h5",
callbacks_list = [checkpoint]

NpEL;
Z &4 val_losskimodel

monitor="val loss',

verbose=1, save_best_only=True,mode="min")

k = model.fit(X_train ,Y_train, batch_size = 100, epochs = 500,

callbacks=[checkpoint],
verbose = 1,
validation_data = (X_test, Y_test))

HIREE LR

[ ] Epoch 495/508

92/92 [ ]

Epoch 60495: val_loss did not improve from 20.44295
Epoch 496/500
92/92 [ ]

Epoch 80496: val_loss did not improve from 20.44295
Epoch 497/500
%2/92 [ ]

Epoch 80497: val_loss did not improve from 20.44295
Epoch 498/500
%2/92 [ ]

Epoch 80498: val_loss did not improve from 20.44295
Epoch 499/580
92/92 [ ]

Epoch 80499: val_loss did not improve from 20.44295
Epoch 500/500
92/9 [ ]

Epoch 8056@: val_loss did not improve from 20.44295

- Bs 445us/step -

- Bs 432us/step -

- Bs 435us/step -

- Bs 423us/step -

- @s 488us/step -

- @5 433us/step -

loss:

loss:

loss:

loss:

loss:

loss:

15.8185

15.1188

15.8165

15.8327

14.9136

14.9652

- val_loss

- val_loss

- val_loss

- val_loss

- val_loss:

- val_loss

20.5819

21.0937

21.4229

20.7326

21.9083

21.2549
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[ 1 X_train = [] #7EHIEETRICOR &R

[ ] #import the libraries y_train = [] #FEHE,

impor‘t numpy as np for i in range(60,1500): #150023|FEiE2]
impor‘t matplotlib.pyplot as [Jlt #for dr‘awing X_train.append(training_set scaled[i-60:1,0])
. y_train.append(training_set scaled[i,0])
1mport pandas as pd X _train, y train = np.array(X train), np.array(y train) #&pginumpy arrayBJiE=, LUFIE \RNN
] #import the training set — . . :
— . g 3 g . yA_ . 3
[ [ ] X train = np.reshape(X_train, (X_train.shape[@],X_train.shape[1],1))

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() [ 1 X_train = [] #FEHEATR cOREH
y train = [] #7EHEE
Date Open High Low Close Adj Close Volume for i in range(6@,1509): #150923|FE&EiEE
0 2012-01-03 58.485714 58928570 58.428570 58.747143 51.115836 75555200 X train.append(training set scaled[i-60:i,0])

y_train.append(training set scaled[i,0])

1 20120104 58571430 59.240002 58.468571 59.062859 51.390648 65005500 X train, y train = np.array(X train), np.array(y_train) #Bsknumpy arraylis=t, BIAIEARM
2 2012-01-05 59278572 59.792858 58.952858 59.718571 51.961189 67817400

3 2012-01-06 59.967144 60.392857 59.888573 60.342857 52504375 79573200 [ ] X train = np.reshape(X_train, (X train.shape[6],X_train.shape[1],1))

4 2012-01-09 60.785713 61.107143 60.192856 60.247143 52421093 98506100

[ ] #Feature Scaling EEZle-1
from sklearn import preprocessing
from sklearn.preprocessing import MinMaxScaler
sC = MinMaxScaler(feature range = (0,1))
training set scaled = sc.fit transform(training set)
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[ ] #import the Keras libraries and packages Model: “sequential 2"

from keras.models import Sequential Layer (type) output Shape Param #
from keras.layers import Dense ====
from keras.layers import LSTM Istm_5 (LsTH) (None, 60, 100) 40800
from keras.layers import Dropout dropout_5 (Dropout) (None, 60, 100) 2

from keras.optimizers import adam

. . 1stm_6 (LSTM None, 60, 100 80400
from keras.callbacks import ModelCheckpoint stnb ) (None )
from keras.losses import mean_absolute_percentage error dropout & (Dropout) (None, 6@, 109) [}
o 1stm_7 (LSTM) (None, 60, 100) 80400
#initialising the RNN
regressor = Sequential() dropout_7 (Dropout) (None, 6@, 10@) [
1stm_8 (LSTM) (None, 102) 80400

# Adding the first LSTM layer and some Droupout regrlarisation

regressor.add(LSTM(units = 180, return_sequences = True, input_shape = (X_train.shape[1],1))) dropout_8 (Dropout) (None, 10@) P2

regressor.add(Dropout(0.3)) ====
Total params: 282,000

#Adding a second LSTM layer and some Droupout regularisation Trainable params: 282,000

regressor.add(LSTM(units = 180, return sequences = True)) Non-trainable params: @

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(0.3))

[ 1 regressor.summary()



04 i
sl #RE 2

1E B 14

[ 1 #Adding the output layer [ 1 #Adding the output layer
#output layer units &A1 #output layer units 5
regressor.add(Dense(units = 1)) regressor.add(Dense(units = 1))

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

history=regressor.fit(X_train, y train, epochs = 50, batch_size = 32) history=regressor.fit(X_train, y_train, epochs = 50, batch_size = 32)

é449£1:ge;sé= = == ] - 13s 9ms/step - loss: ©.0195 Epoch 42/56 :

poc .
1449/1449 [= = == ] - 13s 9ms/step - loss: ©.0196 1449?“3 [s=============================] - 13s 9ms/step - loss: 0.0260
Epoch 41/5@ Epoch 43/5@

1449/1449 [= = == ] - 13s 9ms/step - loss: ©.0214 1449/14&9 [::::::::::::::::::::::::::::::] - 13s gmsfstep - loss: @.6273
Epoch 42/5@

1449/1449 [= = == ] - 13s 9ms/step - loss: ©.0211 EpOCh £h1/5@

Epoch 43/5@ 1449/1449 [::::::::::::::::::::::::::::::] - 13s gmgfstep - loss: 9.8263
1449/1449 [= = == ] - 13s 9ms/step - loss: ©.0199 Epoch 45/56

Epoch 44/5@ 1449/1449 [==============================] - 13s 9ms/step - loss: 0.0230
1449/1449 [= = == ] - 13s 9ms/step - loss: ©.8283 EpOC|1 46f5@

Epoch 45/58 .
1449/1449 [= = == ] - 13s 9ms/step - loss: ©.0203 j_ﬂ..ﬂgﬁj_ﬂ_d? [::::::::::::::::::::::::::::::] - 135 gmsfstep - 1055. @_@263
Epoch 46/5@ Epoch 47/50

1449/1449 [= = == 1 - 13s 9ms/step - loss: @.8201 1449/1449 [::::::::::::::::::::::::::::::] - 13s ng/Step - loss: @.8257
Epoch 47/5@

1449/1449 [= = == ] - 13s 9ms/step - loss: ©.0214 EpOCfW 48/5@

Epoch 48/5@ 1449,{1449 [::::::::::::::::::::::::::::::] - 13s gmglfstep - loss: @.8263
1449/1449 [= = == ] - 13s 9ms/step - loss: ©.0208 Epoch 49/5@

Epoch 49/50 1449/14&9 [::::::::::::::::::::::::::::::] - 13s gmsfstep - 1055: 0.62532
1449/1449 [= = == ] - 13s 9ms/step - loss: ©.0214 EpOCf] 59/5@

Epoch 50/58 .
1449/1449 [= - == ] - 13s oms/step - loss: e.8191 1449/1449 [==============================] - 13s oms/step - loss: 0.0253
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° from _ future  import absolute import, division, print function, unicode literals [18] def univariate data(dataset, start_index, end_index, history size, target size):

04

try: data = []
# ¥tensorflow version only exists in Colab. labels = []
%tensorflow_version 2.x
except Exception: start _index = start index + history size
pass if end_index is None:
import tensorflow as tf end_index = len(dataset) - target_size
import matplotlib as mpl for i in range(start_index, end_index):
import matplotlib.pyplot as plt indices = range(i-history_size, i)
import numpy as np # Reshape data from (history_size,) to (history_size, 1)
import os data.append(np.reshape(dataset[indices], (history_size, 1)))
import pandas as pd labels.append(dataset[i+target size])

| return np.array(data), np.array(labels)
mpl.rcParams[’figure.figsize'] = (8, 6)

mpl.rcParams[ ‘axes.grid'] = False [11] TRAIN_SPLIT = 755

print(TRAIN SPLIT)

[7] df = pd.read csv('AAPL 2012-2817.csv")

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

[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

2 2012-01-05 59.278572 59.792858 58.952858 59.718571 51.961189 67817400 By 2;;3_@1_@3 59.747143

3 2012-01-06 59.967144 60.392857 59.888573 60.342857 52.504375 79573200 2012-01-04 50.P62859

4 2012-01-09 60.785713 61.107143 60.192856 60.247143 52.421093 98506100 2012-81-85 59,718571
2012-01-06 60.342857

[9] df.shape 2012-01-09 66.247143

O (1509, 7) Name: Close, dtype: floate4
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[15]

[16]

univariate past history = 60
univariate future target = 0

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, hone,
univariate past history,
univariate future target)

print ('Single window of past history')
print (x_train uni[@])

print ("\n Target stock price to predict’)
print (y train uni[@])
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[26] simple lstm model = tf.keras.models.Sequential([
tf.keras.layers.LSTM(8, input shape=x_train uni.shape[-2:]),
tf.keras.layers.Dense(1)

)]

tf.keras.optimizers.Adam(1r=0.01)
simple 1stm model.compile(optimizer ="adam', loss="mae")

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

o (256, 1)

EVALUATION INTERVAL = 260
EPOCHS = 50

simple lstm model.fit(train univariate, epochs=EPOCHS,
steps_per epoch=EVALUATION INTERVAL,
validation data=val univariate, validation steps=50)

Epoch 45/50

200/200 [ =======] - 25 8ms/step - loss
Epoch 46/50
200/200 | =======| - 25 9ms/step - loss
Epoch 47/50
200/200 | =======| - 25 8ms/step - loss
Epoch 48/50
200/200 | =======| - 25 8ms/step - loss
Epoch 49/50
200/200 | =======| - 25 8ms/step - loss
Epoch 50/50
200/200 [ =======| - 25 8ms/step - loss

<tensorflow.python.keras.callbacks.History at @x7fa6d90904ee>

. 0.0646 -

+ 0.0646 -

+ 0.0646 -

+ 0.0645 -

. 0.0646 -

+ 0.0645 -

val loss
val loss
val loss
val loss
val loss

val loss

» 0.5584

» 0.5594

: 0.5597

+ 0.5582

» 0.5586

» 0.5596



i
s
i

&>,

M
i
e

o @ AlskES




Al R 45 2R

©
o

Z¥iZ, LA6HFIEHIER
Z¥Z, LIGETERI14E

BRSO, HeFFRANXK-EES

RO, H6FRANX-SES




= ==
05 s
% g‘j. % ’ LX 6 E ¥E ;ﬂu 6 E model validation loss -
[ ] plt.figure(figsize=(10, 10)) N

plt.plot(k.history["val_loss"]) |
plt.plot(k.history["loss"])
plt.title('model validation loss') ;
plt.ylabel("accuracy") o]
plt.xlabel( 'epoch") )
plt.legend(['val_loss' , 'loss'], loc = 'best') N
plt ' Show( ) 20 |‘|p'.'l,-ll__l
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[ ] dataset_total = pd.concat((dataset_train['Open'],dataset_test['Open']), axis = @)

inputs =
inputs =
inputs =

X_test
for i in

X_test.

X_test =
X_test =

dataset_total[len(dataset_total)-len(dataset_test)-60:].values
inputs.reshape(-1,1)
sc.transform(inputs) #feature scaling

(]

range (60, 81): #timesteps—7£60, 81ZEF M LFIHI60FR+2018AT K21 FTER
append(inputs[i-60:1,8])

np.array(X_test)

np.reshape(X_test, (X_test.shape[@], X_test.shape[1],1)) #reshape f73-dimension

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

[ ] #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()

loss

012 4

0.10 1

0.08 1

0.06 4

0.04 1

= fraining
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nllk

rZ=B 7L

° a = ((predicted stock price)-(real stock price))/(real stock price)
ACC = np.mean(a, axis=0)
print (abs(ACC))

[> [0.00476125]
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#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

(251, 7)

dataset total = pd.concat((dataset train['Open’'],dataset test['Open']), axis = @)

inputs =
inputs =
inputs =

X_test =
for i in

X test.

X_test =
X test =

predicted stock price =
predicted stock price =

dataset total[len(dataset total)-len(dataset test)-60:].values
inputs.reshape(-1,1)
sc.transform(inputs) #feature scaling

(]

range (60, 311): #timesteps—i560, 331EF 5 REIA760F+201887251 K &R
append(inputs[i-60:1,0])

np.array(X_test)

np.reshape(X_test, (X test.shape[@], X test.shape[1],1)) #reshape EFi3-dimension

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

#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("
plt.ylabel("
plt.legend()

plt.show()

Time')
AAPL Stock Price')

[]

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

plt.legend(loc="best")

<matplotlib.legend.Legend at ©x7fdba935afe0>
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ACC = np.mean(a, axis=0)

((predicted stock price)-(real stock price))/(real stock price)

print (abs(ACC))

> [0.00040419]
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for x, y in val univariate.take(1):
plot = show plot([x[@].numpy(), y[@].numpy(),
simple 1lstm model.predict(x)[©]], @, 'Simple LSTM model')

plot.show()
B Simple LSTM model
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