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Recurrent Neural Network (RNN)

Intro to RNN

RNN 7|22 RNN O A|: Character-level Language Model
Ot—] Ot O[+j
target chars: “e” il 1 g (o)
|
v 2 v . VTS 10 05 0.1 0.2 SHIRES
W 1 t 22 0.3 0.5 1.5
I O ” O - O t+1 > output layer aE 40 19 01 o
W W W 4.1 152 -1.1 2.2
W _h
o b oL s
utput layer 5
‘ 0.3 1.0 0.1 |w hnl-03
xt—l xt xt+1 hidden layer | -0.1 0.3 0I5k —— 0.9
0.9 0.1 -0.3 0.7
hidden layer
[ R R 7
* Parameters: W, V, U (1) ? g g
. input layer 0 0 1 1 o
* Inputs: x; 0 0 0 0
input chars:  “h” “e” | A} input chars: “h”

Hidden State: s; = f(Ux; + Wsy+)

Outputs: o, = softmax(Vsy)
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Source: Nature, Stanford, YIG
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Recurrent Neural Network (RNN)
Implementation: Python (keras, sklearn)
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testY = np.array(testY)
veR SO % 1571 # Build a datas -0 prene YT A
Q @ inport numpy as np a Q c te the absolute
import tensorflow as tf| dataY = [] absolute_differences = np.abs(results - testY)
lels inport Sequential for i in range(@, len(y) - seq_length): =
yers import LSTM, Dense x = x[i:i + seq_length] L c
rn.preprocessing import MinMaxScaler _y = yli + seq_length] # Next c mean_absolute_error = np.mean (absolute_differences)
import yfinance as yf GataX.append(_x) o
dataY.append(_y) print(“Mean Absolute Error:", mean_absolute_error)
tf. random. set_seed(777) or reprod [}

vese differ

inport matplotlib.pyplot as plt
dataset d t plt.figure(figsize=(10, 6))
o train_size = int(len(dataY) * 0.7) plt.plot(results, label='Predicted")
xy = yf.download('AAPL', start = '2023-89-01', end = '2023-11-23') test_size = len(dataY) - train_size plt.plot(testY, label='Ground Truth')
trainX, testX = np.array(dataX[0:train_sizel), np.array(dataX[train_size:len(dataX)]) plt. legend()
1 1 of 1 conpleted trainY, testY = np.array(dataY[0:train_size]), np.array(data¥[train_size:len(dataY)]) SRR 6 e G e )
plt.xlabel(‘Sample Index')
Aihn ot ] . - plt.ylabel('Value')
yf.download('AAPL', start = '2022-01-01', end = '2023-11-23') model = Sequential() pLE3hent)
nodel.add (LSTH (hidden_size, input_shape=(seq_length, input_din)) predicted: [0.7455273] GT: [0.75178503]
1 1 of 1 conpleted nodel.add(Dense (output_dim)) i b [0.72980536]

spli

d data: Syr model. conpile(loss='mean_squared_error', optimizer=tf.keras.optimizers.Adan(learning_rate)) .
yf.download('AAPL', start = '2019-01-01', end = '2023-11-23') i .66913366] GT: [0.
.6741555] GT: [0.67786652]
) " .67518854] GT: [0.64510723]
ng Open, High, Lo i model.fit(trainX, trainY, epochs=iterations, verbose=1) .6483115] GT: [0.58616831]
xy[['Open’, 'High *Volume', ‘Close']] i .58633816] GT: [0.60478797]
11/11 12ms/step - loss: i .6252728] GT: [0.63376727]
Epoch 73/100 .6433812] GT: [0.64048729]
11/11 [= oms/step - loss: 0. .63494337] GT: [0.68528636]
Epoch 74/100 i .68318737] GT: [0.73568543]
. 11/11 13ms/step — loss: i .7357137] GT: [0.7228055]
open High Volune Close Epoch 75/100 .7098693] GT: [0.75892481]
sate 11/11 1ims/step - loss: i [0.7569587] GT: [0.79518424]
Epoch 76/100 ane/et ‘osst i .7836788] GT: [0.81016383]
20220103 177.830002 182.880005 177.710007 104487900 182.009995 i 77/100 A i UL el
poc .78943783] GT: [0.85930277]
11/11 8ms/step — loss: 0. i .8421828] GT: [0.83690335]
Epoch 78/100 i .8166228] GT: [0.8738626]
11/11 [= 8ms/step ~ loss: 0. .85685295] GT: [0.88184233]
Epoch 79/100 .86780524] GT: [0.90564202]
s e 9ms/step — loss: @. i .88316613] GT: [0.90536197]
oc! i s
20220107 172889999 174139999 171.029999 86709100 172169998 11 = 13ns/step - loss: i :g;gg::l]e'GrT [?6?3?3212561
o Epoch 81/100 predicted: [0.88566613] GT: [0.92804145]
2022-01-10 169.080002 172.500000 168.169998 106765600 172.190002 éléiﬁ e 11ns/step — loss: Mean Absolute Error: 0.026650213570950414
D

12ns/step ~ loss: Comparison of Predictions and Ground Tru

xy.head(10)

2022-01-04 182.630005 182940002 179119995 99310400 179.699997
2022-01-05 179.610001 180.169998 174.639999 94537600 174.919998

2022-01-06 172.699997 175300003 171.639999 96904000 172.000000

2022-01-11 172.320007 175179993 170.820007 76138300 175.080002

— Predicted
Ground Truth

11711
2022-01-12 176119995 177.179993 174.820007 74805200 175529999 Epoch 83/100
11/11 oms/step — loss:
20220113 175779999 176619995 171.789993 84505800 172190002 Epoch 84/100
11/11 9ns/step — loss:
20220114 171.339996 173779999 171.089996 80440800 173.070007 Epoch 85/100
11/11 [= oms/step - loss:
Epoch 86/100
NN paramete 11/11 16ms/step - loss:
input_din = 5 Epoch 87/100
hidden_size = 10 11/11
output_dim = 1
seq_length = 7
learning_rate = .01
iterations = 100 Epoch 90/100
11/11

= 12ms/step — loss:
Epoch 88/100

11/11 13ns/step - loss:
Epoch 89/100

11/11 18ns/step - loss:
15ms/step - loss:
Epoch 91/100
11711 17ms/step — loss:

Xy = xy.to_numpy() Epoch 92/100
11/11 [=

20ms/step — loss:
e scikit-lea WaxSc Jormaliz Epoch 93/100
scaler = MinMaxScaler(feature_range=(@, 1)) 11/11 18ns/step ~ loss:
Xy = scaler.fit_transform(xy) Epoch 94/100
111 [= 11ms/step ~ loss:

—_— Epoch 95/100 &

S 11/11 1oms/step - loss: Sample Index
o = sl 1= Epoch 96/100

completed at 4:50AM - —- S completed at 450AM completed at 4:50AM

Source: AIC2120, YIG, colab link: https://drive.google.com/file/d/108BnEhPXHNgVEARK H Bz2tnQeqlW3P0/view?us
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Recurrent Neural Network (RNN)

Result analysis: Region effect
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Comparison of Predictions and Ground Truth
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Comparison of Predictions and Ground Truth
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Recurrent Neural Network (RNN)

Result analysis: Industry effect
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