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open close low high volume
count 851264.000000 851264.000000 851264.000000 851264.000000 8.512640e+05
symbol open close low high volume  .n 64.993618 65.011913 64.336541 65.639748 5.415113e+06
date std 75.203893 75.201216 74.459518 75.906861 1.249468e+07
2016-12-30 ZBH 103.309998 103.199997 102.849998 103.930000 973800.0  min 1.660000 1.580000 1.500000 1.810000  0.000000e+00
25% 31.270000 31.202776 30.940001 31.620001 1.221500e+06
2016-12-30 ZION  43.070000 43.040001 42.689999 43.310001 1938100.0
50% 48.459999 48.480000 47.970001 48.959999 2.476250e+06
2016-12-30 ZTS 53.639999 53.529999 53.270000 53.740002 1701200.0
75% 75.120003 75.139999 74.400002 75.849998 5.222500e+06
2016-12-30 AV 44.730000  45.450001 44.410000 45.590000 1380900.0  max  1584.439941 1578130005  1549.939941  1600.930054 8.596434e+08
2016-12-30 FTV  54.200001 53.630001 53.389999 54.480000 705100.0
— k price
b * _: 00 stoc
EI:EI AN I :
300
| 9:-9%' -
. P
a— 1e7 250 500 750 stock volumel000 1250 1500 1750
= 3 e
. 1& — olume
B 1K 2
= = E
. El = e 1
S A =
——= 0 : : ; . : . :
. }ﬁ A E 250 500 750 1000 1250 1500 1750

time [days]
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# min-max Y3—1£
def normalize data(df):
min max scaler = sklearn.preprocessing.MinMaxScaler()
df[ 'open'] = min max scaler.fit transform(df.open.values.reshape(-1,1))
df[ 'high'] = min max scaler.fit transform(df.high.values.reshape(-1,1))
df[ 'low'] = min max scaler.fit transform(df.low.values.reshape(-1,1))
df[ 'close'] = min max scaler.fit transform(df[ 'close'].values.reshape(-1,1))
return df

SLULR

10 { —— open
— low
— low
08 { = high

06

04

normalized price/volume

1L

0.2

HIRTRAE (J3—1k)
=y -
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time [days]
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X = tf.placeholder(tf.float32, [None, n_steps, n_inputs])
y = tf.placeholder(tf.float32, [None, n_outputs])
layers = [tf.contrib.rnn.GRUCell(num units=n neurons, activation=tf.nn.leaky relu)

for layer in range(n_layers) ] *\\\\\\\
2/ZGRU (n layers=2)

multi layer cell = tf.contrib.rnn.MultiRNNCell(layers)
rnn_outputs, states = tf.nn.dynamic_rnn(multi layer cell, X, dtype=tf.float32)

stacked rnn outputs = tf.reshape(rnn outputs, [-1l, n_neurons])
stacked outputs = tf.layers.dense(stacked rnn outputs, n_outputs)
outputs = tf.reshape(stacked outputs, [-1l, n_steps, n_outputs])
outputs = outputs[:,n steps-1,:] # keep only last output of sequence

loss = tf.reduce mean(tf.square(outputs - y)) # loss function = mean squared error
optimizer = tf.train.AdamOptimizer(learning rate=learning rate)

training op = optimizer.minimize(loss)
5% K ZUMSE
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A Il Zrepoch) % : 10
Q JIIZRE: 1300+ IGuEEE: 170+ M EE170+

past and future stock prices future stock prices
10 4 = train target — test target
— valid target 100 — test prediction
— test target
08— train prediction i
valid prediction f 0.95
— test prediction
[ ¥ 1)
u o
& 061 =
E E 0.90 1
= =
E 04 E
o o
c c
0.85 4
0.2 1
0.80 4
0.0 1
0 250 500 750 1000 1250 1500 1750 1400 1425 1450 1475 1500 1525 1550 1575

time [days] time [days]
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Gated Recurrent Unit (GRU)
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1. Deep SpeechZ®% (WMBE. EK) :
SXFLSTME5CTC (Connectionist Temporal Classification) &4, EEFISTINE (MIMFCCERIE/RIL)

BN AHIBRET,
f5]: BHEDeep Speech 2FEANELSTMESE LA, FEIRFIME FSLIIEEFEMRE.
2. REIERIRNA:

BCNNELSTMES, ScRCNNZBUESIEIEEMHE (UBURER) , BRALSTMEERERFXER.
i 7= 1l AP S it )
1. B FIREE:
HFHIAIS [ ERBREEMLISTMEER, BT OISEIREEE (W"N2NE") RIRE.
AR RBEFERIT, SFE%ET, LSTMEGIESSRY S5,
=. REAIRBISISIE
1. FSUSIERIR:
PR RFESIRBIRFAFERALSTMIREUZIEASHERE (Mx-vector) , BINFEERIEASIRER.
NS BIGRITEMIIE, HRE/RT0.5%.
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1. Transformer-LSTM;R S %544
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