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1. RNN

* 1.1 From feed-forward to RNNSs

st = a(Uxy +Wse_q)
o=0c(Vs;)




1. RNN(cont.)

* 1.1 RNN(Recurrent Neural Network)
« RNN2 =314 dlo]f (A AE AlE, 54 @o] 5) 9 AR
C}.
 Directed cycles
« LE W (step) £ 7HE AR FHET mebA o] F i) W b Fo
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1. RNN(cont.)

» 1.2 Simple Recurrent Neural Network (SRNN)

e Introduced by Jeffrey Elman in 1990. Also known as Elman Network

e Elman, Jeffrey L. "Finding structure in time." Cognitive science 14.2 (1990):
179-211

Jaoauon




1. RNN(cont.)

* SRNNs(Simple RNN) are Simple

Elman and Jordan networks are also known as "simple recurrent networks" (SRN).

Elman network!'°]
Ry = O'h(Wh:I:t + Uphi—1 + by)
yr = oy (Wyhe +by)

Jordan network!'"]
hi = on(Whay + Upyi—1 + by)
ye = oy(Wyht +by)

Variables and functions

e I;:input vector

e h;: hidden layer vector

e ;. output vector

e« W, U and b: parameter matrices and vector
e op and g,,: Activation functions



1. RNN(cont.)

* 1.3 RNNSs in the context of NLP
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1. RNN(cont.)

* 1.4 The problem with RNNs

« RNN< 7] <4 (short—term dependencies) & 2+ 3}oF&} =] vk
271647 (long—term dependencies )<= Z 3}e}ts}#] gt

. o
e “I grew up in France:- I speak fluent ?”
—> Needs information from way back



1.5 LSTM(Long Short Term Memory)

* 1.5 LSTM(Long Short Term Memory)
A= e F Anke] e 7)olsta, ol 1o d H AR 4 H (hidden state) F Arl
2 Slofo} sh= A Ao} ol
- lzto] AR 2 Az st W3 v FAbelh

« LSTM
e a iInput gate and a output gate
 Hochreiter and Schmidhuber published the paper in 1997
« LSTM (updated)
A forget gate is introduced to the LSTM
e Felix A. Gers, Jlrgen Schmidhuber and Fred Cummins 2000

*Hochreiter, Sepp, and Jirgen Schmidhuber. "Long short-term memory." Neural computation 9.8 (1997): 1735-1780.
**Felix A. Gers; Jirgen Schmidhuber; Fred Cummins (2000). "Learning to Forget: Continual Prediction with LSTM". Neural Computation. 12 (10):
24571-2471



http://citeseerx.ist.psu.edu/viewdoc/summary?doi=10.1.1.55.5709
https://en.wikipedia.org/wiki/Neural_Computation_(journal)

1.5 LSTM(cont.)

* LSTM(Long Short Term Memory)

MNeural Netwaork
Layer

Pointwise
Operation

Vector
Transfer

Concatenate

Copy

fe = o (W - [he_q, x¢] + by)

ip = 0;|[Wy - [he—q, x¢] + by)

?lf =a,(W, - [ht—lrxt] + bo)
C; = tanh(We - [he_q, x¢] + bc)
Ce=fr* Croq + i * G

h; = o; * tanh(C;)

the forget gate

the input gate

the output gate

the new state(memory)
the state(memory)

the output

10



1.5 LSTM(cont.)

* LSTMSs vs GRUs
« LSTMo] & #&3at AWk w2 Q84 H3et2 = GRUZE 588kA & it
« Computationally less expensive
e Performance on par with LSTMs*

Two most widely used gated recurrent units

Gated Recurrent Unit Long Short-Term Memory
[Cho et al., EMNLP2014; [Hochreiter & Schmidhuber, NC1999;
Chung, Gulcehre, Cho, Bengio, DLUFL2014] Gers, Thesis2001]

ht = WU ) Bt —+ (1 —_ ’U,t) ® ht—l ht =0+ ® tanh(ct)

h = tanh(W [z:] + U(re @ hy_1) +b) ¢t = ft @1+ O

u = o(Wy [2e] + Unhi—1 + by) ¢ = tanh(We [z:] + Uch—1 + be)
re = o(Wy (2] + Urhi—1 + br) or = 0(Wo [2t] + Uohi—1 + bo)

'I:t = O’(Wz [’I’t] -+ Uiht_l -+ bz)
fit=0(Wy [z + Ushi—1 + by)

*Chung, Junyoung, et al. "Empirical evaluation of gated recurrent neural networks on sequence modeling." arXiv preprint arXiv:1412.3555 (2014).
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2 . RNN Applications

« What can RNNs do?

[Language Modeling

Character—level Language Modeling

Google Neural Machine Translation (Google Research’ s blog)

Text Summarization

S e

Image Captioning



2.1 o249 (Language Modeling)

« 2.1 ¢1o] 2 &l (Language Modeling)
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2.2 Character-level Language Modeling

» 2.2 Character-level Language Modeling

« Shakespeare Generator, Andrej Karpathy' s blog

« PANDARUS:
Alas, I think he shall be come approached and the day When little srain would
be attain'd into being never fed, And who 1s but a chain and subjects of his
death, I should not sleep.

 Second Senator:
They are away this miseries, produced upon my soul, Breaking and strongly
should be buried, when I perish The earth and thoughts of many states.

« DUKE VINCENTIO:
Well, your wit is in the care of side and that.

 Second Lord:
They would be ruled after this chamber, and my fair nues begun out of the fact,
to be conveyed, Whose noble souls I'll have the heart of the wars.

 Clown:
Come, sir, [ will make did behold your worship.


http://karpathy.github.io/2015/05/21/rnn-effectiveness/

2.2 Character-level Language Modeling

 Character-level Language Modeling

e Linux Source Code Generator,
Andrej Karpathy’ s blog

/*
* Increment the size file of the new incorrect UI_FILTER group information
* of the size generatively.

*/
static int indicate_policy(void)
{
int error;
if (fd == MARN_EPT) {
/*
* The kernel blank will coeld it to userspace.
*/

if (ss->segment < mem_total)
unblock_graph_and_set_blocked();
else
ret = 1;
goto bail;
}
segaddr = in_SB(in.addr);
selector = seg / 16;
setup_works = true;
for (i = 0; i < blocks; i++) {
seq = buf[i++];
bpf = bd->bd.next + i * search;
if (fd) {
current = blocked;
}
}
rw->name = "Getjbbregs";
bprm_self_clearl(&iv->version);

regs->new = blocks[(BPF_STATS << info->historidac)] | PFMR_CLOBATHINC_SECONDS << 12;
return segtable;

15




2.2 Character-level Language Modeling

 Character-level Language Modeling
« Fake Arvix Abstracts Generator

 Deep learning neural network architectures can be used to best developing
a new architectures contros of the training and max model parametrinal
Networks (RNNs) outperform deep learning algorithm is easy to out
unclears and can be used to train samples on the state—of—the—art RNN
more effective Lorred can be used to best developing a new architectures
contros of the training and max model and state—of—the—art deep learning
algorithms to a similar pooling relevants. The space of a parameter to
optimized hierarchy the state—of—the—art deep learning algorithms to a
simple analytical pooling relevants. The space of algorithm is easy to
outions of the network are allowed at training and many dectional
representations are allow develop a groppose a network by a simple model
interact that training algorithms to be the activities to maximul setting, ..

We'll build this!!!!



2.3 Neural Machine Translation

» 2.3 Neural Machine Translation

» Google Neural Machine Translation (Google Research’ s blog)

Encoder €y |—| ey — g || 83 |™>| 84 |™>| 85 |[™| ©Sa

Decoder ds e d, —_— ds " ds

17



2.3 Neural Machine Translation

« Google Neural Machine Translation Google Research’ s blog)

MEAREEIRFEES
Al o

mechanism with the
Canadian Prime Minister
Trudeau two prime
ministers held its first
annual session.

Minister Trudeau of
Canada and hold the first
annual dialogue between
the two premiers.

Input sentence: Translation (PBMT): Translation (GNMT): Translation (human):
stk TISERE N | Li Kegiang premier Li Keqgiang will start the Li Kegiang will initiate the
(aIBF EEY RG], E] | added this line to start annual dialogue annual dialogue
MEALEIBHEZE4T | the annual dialogue mechanism with Prime mechanism between

premiers of China and
Canada during this visit,
and hold the first annual
dialogue with Premier
Trudeau of Canada.

PBMT(Phrase Based Machine Translation)
GNMT(Google Neural Machine Translation)

18



2.4 Text Summarization

e 2.4 Text Summarization

Attention mechanism

Outputaye

DECODER

InputLaye
3
il

ENCODER

Nallapati, Ramesh, et al. "Abstractive text summarization using sequence-to-sequence rnns and beyond." arXiv preprint arXiv:1602.06023 (2016).
Text Summarization



2.4 Text Summarization

Source Document

( @entity0 ) wanted : film director , must be eager to shoot footage of golden lassos and invisible
jets . <eos> @entity0 confirms that @entityS5 is leaving the upcoming " @entity9 " movie ( the
hollywood reporter first broke the story ) . <eos> @entity5 was announced as director of the movie
in november . <eos> @entity( obtained a statement from @entity13 that says , " given creative
differences , @entity13 and @entity5 have decided not to move forward with plans to develop and
direct > @entity9 ’ together . <eos> " ( @entity0 and @entityl3 are both owned by @entity16
. <eos> ) the movie , starring @entity18 in the title role of the @entity21 princess , is still set
for release on june 00 , 0000 . <eos> it ’s the first theatrical movie centering around the most
popular female superhero . <eos> @entity18 will appear beforehand in " @entity25 v. @entity26
: @entity27 , " due out march 00 , 0000 . <eos> in the meantime , @entityl3 will need to find
someone new for the director ’s chair . <eos>

Ground truth Summary

@entity5 is no longer set to direct the first " @entity9 " theatrical movie <eos> @entity5 left the
project over " creative differences " <eos> movie is currently set for 0000

words-lvt2k

@entity0 confirms that @entityS5 is leaving the upcoming " @entity9 " movie <eos> @entity13
and @entity5 have decided not to move forward with plans to develop <eos> @entityQ confirms
that @entity5 is leaving the upcoming " @entity9 " movie

Nallapati, Ramesh, et al. "Abstractive text summarization using sequence-to-sequence rnns and beyond." arXiv preprint arXiv:1602.06023 (2016).
Text Summarization



2.5 Image Captioning

“straw” “hat” END

START “straw” “hat”

Karpathy, Andrej, and Li Fei-Fei. "Deep visual-semantic alignments for generating image descriptions.” Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. 2015.

21



2.5 Image Captioning

‘man in black shirt is playing ‘construction worker in orange "two young girls are playing with
guitar’” safety vest is working on road.” lego toy."

/| & 18 ;
“girl in pink dress is jJumping in "black and white dog jumps over "young girl in pink shirt is
air” bar” swinging on swing.’

Karpathy, Andrej, and Li Fei-Fei. "Deep visual-semantic alignments for generating image descriptions." Proceedings of the IEEE Conference on Computer Vision

and Pattern Recognition. 2015.

22



2.5 Image Captioning

‘man in black shirt is playing ‘construction worker in orange "two young girls are playing with
guitar’” safety vest is working on road.” lego toy."

/| & 18 ;
“girl in pink dress is jJumping in "black and white dog jumps over "young girl in pink shirt is
air” bar” swinging on swing.’

Karpathy, Andrej, and Li Fei-Fei. "Deep visual-semantic alignments for generating image descriptions." Proceedings of the IEEE Conference on Computer Vision

and Pattern Recognition. 2015.
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2.5 Image Captioning

1.31 dog 0.26 man
0.31 plays 0.31 playing
0.45 catch 1.51 accordion
-0.02 with -0.07 among
0.25 white -0.08 in

1.62 ball 0.42 public
-0.10 near 0.30 area
-0.07 wooden

0.22 fence

Karpathy, Andrej, and Li Fei-Fei. "Deep visual-semantic alignments for generating image descriptions." Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. 2015.



3. Language Modeling

 Neural Language Modeling
e HIAEY RulS sl&gly Ry Bl A AT

 Allows us to measure how likely a sentence is important input for Machine
Translation (since high—probability sentences are typically correct)

2L HAER WE & Qi)
» Language Modeling: 2
* Word—level: n—grams

e Character—level
« Subword—level: somewhere in between the two above

What can be the problems?



3. Language Modeling

 Language Modeling: N-grams
 The traditional approach up until very recently
 Train a model to predict the next word based on previous n—grams
« Huge vocabulary
« Can’ t generalize to OOV (out of vocabulary)
« Requires a lot of memory

 Language Modeling: Character-level
e [ntroduced in the early 2010s
 Both input and output are characters
* Pros:
 Very small vocabulary
« Doesn’ t require word embeddings
e Faster to train
* Cons:
* Low fluency (many words can be gibberish)



3. Language Modeling

 Language Modeling: Hybrid
« Word—level by default, switching to character—level for unknown tokens

 Language Modeling: Subword-Level
 Input and output are subwords
« Keep W most frequent words
« Keep S most frequent syllables
» Split the rest into characters
 Seem to perform better than both word—level and character—level models*

new company dreamworks interactive
new company dre+ am+ wo+ rks: in+ te+ ra+ cti+ ve:

Mikolov, Tomas, et al. "Subword language modeling with neural networks." preprint (http://www. fit. vutbr. cz/imikolov/rnnlm/char.
pdf) (2012).



3.1 Language Modeling DEMO
Character-level, Language Modeling

» Generate fake Arvix abstracts

Dataset: 7200 abstracts of Arvix papers about neural networks

“Heuristic optimisers which search for an optimal configuration of variables
relative to an objective function often get stuck in local optima where the
algorithm 1s unable to find further improvement. The standard approach to
circumvent this problem involves periodically restarting the algorithm from
random 1initial configurations when no further improvement can be found. We
propose a method of partial reinitialization, whereby, in an attempt to find a
better solution, only sub—sets of variables are re—initialised rather than the
whole configuration. Much of the information gained from previous runs is
hence retained. This leads to significant improvements in the quality of the
solution found in a given time for a variety of optimisation problems in
machine learning.”



3.1 Language Modeling DEMO
Character-level, Language Modeling

» Generate fake Arvix abstracts

Ewvaluation: no scientific way to evaluate

“Deep learning neural network architectures can be used to best developing a
new architectures contros of the training and max model parametrinal
Networks (RNNs) outperform deep learning algorithm is easy to out unclears
and can be used to train samples on the state—of—the—art RNN more effective
Lorred can be used to best developing a new architectures contros of the
training and max model and state—of—the—art deep learning algorithms to a
similar pooling relevants. The space of a parameter to optimized hierarchy the
state—of—the—art deep learning algorithms to a simple analytical pooling
relevants. The space of algorithm i1s easy to outions of the network are
allowed at training and many dectional representations are allow develop a
groppose a network by a simple model interact that training algorithms to be
the activities to maximul setting, ...



4. Examples

1. ddaals ME9 oS5 22 (SimpleRNN) in keras
HF 2173 o1 o] X d(Character-Based Neural Language Model)-sixpence in



Example 1. 83335 ME2] o= 2 (SRNN) in keras

St = O-(Uxt + WSt—l)

N _ o=0Vs;)
« SRNNS| o4 & o=
(0]
R E TR [
V %4
« AHWHY TXNE xo,xq, ..., X w
= W(
° ‘?__'j H._q E:I ﬁ—}\i OEEI 00, 01, ) On C‘TD unﬂ()? St
« AH| A Sg, S1, e, Sy U U
e Target G2 F=of Wz} dlo] EFF ), x
Many to Many Many to One One to Many Many to Many



Example 1. 3334135 AE 95 L (SRNN) (cont.)

» Back-Propagation Through Time (BPTT)
e RNN2 Al 7bol e}t HA =0 27 MLP2} #-AFsl7] w9l Back—Propagation
W © 2 gradient® A4S = STk Ok A A= oy 7)o &Y F0] Q= Aol ofy
o} A 7F ZFL ol A EA8F7] Wl F-of] Back—Propagation Through Time (BPTT) "W
o] g}l sttt
» KerasE AHE-$F RNN &

 Keras & a3 FEi2] AA T

T 725 59 I E A¥sta 1 2 SimpleRNN,
LSTM, GRU ¢} &= RNN +x % h

=
Al F st} https://keras.io/layers/recurrent/



https://keras.io/layers/recurrent/

c AT WE PGS oS e B
CAZ A AEGH R G A S

#(20,)
[ 0.00000000e+00 5.87785252e-01 9.51056516e-01 9.51056516e-01
5.87785252e-01 1.22464680e-16 -5.87785252¢-01 -9.51056516e-01 ... ]

o]= 2 dl(SRNN) (cont.)

x(t) = sin(2m1t), s[n] = sin(2w1nTy) , T = 0.1

S S S
1.00 Somung O3 12 ., S13
075{  Sp s S11
[} (] 4 . . S14

0.50
0.25 1

So Sk S10 s
0.00 [ ] [ ] [ ] 215
—0.25

Sg
030 W6 . Sie O]
=0.75 1
S S

oo 7% 17 518

9 b 43 4 ak a5 B L1 LB 9 ad gl 4D oAb a5 b ] a8 40
3% 0 A% % 0¥ a® a® At ot g% o P P 4P P P 0 T g Y
T L M N Y M MR A

HMZ | AE MM
n=np.arange(0,2*10)
fs=10; Ts=1/fs
s=np.sin(2*np.pi*1* n*Ts) # (20,) sin signal

#[0,1,2,3,4,...,19] fs=10

# X(17,3) Y(17,) #eie = XY Al Al
[[0. , 0.58778525, 0.95105652] [ 0.9510565162951536 seq_len=3;
[0.58778525, 0.95105652, 0.95105652]  0.5877852522924732 X=[I;Y=[]
] ] for i in range(seqg_len,20,1) :
X.append(s[i-seq_len:i]) #s[0:3]
Y.append(s[i]) #s[3]
#X(17,3,1) Y(17,1) SH5 2 shapeL 2 H1gt
[[[0.], [0.58778525],[0.95105652]] [[ 0.9510565162951536] X=np.array(X);Y=np.array(Y)  #shape X:(17,3) Y:(17,)

[[0.58778525],[0.95105652],[0.95105652]]  [0.5877852522924732]
N ]

X=np.expand_dims(X,axis=2)
Y=np.expand_dims(Y,axis=1)

#(17,3,1)
#(17,1)

print(X.shape, Y.shape) #(17,3,1),(17,)




Example 1. 3334135 AE 95 L (SRNN) (cont.)

c 2

optimizer

loss: (1,)
Vb1 [ss]

logit(y):(1,)

Linear regression layer ][[x16]»[517]»[518]] ][519]
} Dense(1, activation="linear")) (17,3,1) (17,1)
(3,10)
SRNN many-to-many model layer
SimpleRNN(20, input_shape=(3, 1))
ol A Xq
Xp: 31 Xp11  Xp21  Xp31 SN SRR =

np.random.seed(0)
sl sl el model = Sequential()
model.add(SimpleRNN(10, input_shape=(3, 1)))
model.add(Dense(1, activation="linear"))
model.compile(loss="mse’, optimizer="'sgd")

34



Example 1. A3 3}

3 AL S5

= 9 (SRNN) (cont.)

import numpy as np

import matplotlib.pyplot as plt

from keras.models import Sequential

from keras.layers import SimpleRNN, Dense

#dataset X,Y A A
n=np.arange(15)
s=np.sin(2*np.pi*0.125* n)
nb_timestep=3;

X=[1;Y=[]

for i in range(0,s.shape[0]-1-nb_timestep,1) :
X.append(s[i:i+nb_timestep])
Y.append(s[i+nb_timestep])
X=np.array(X);Y=np.array(Y)
X=np.expand_dims(X,axis=2)
print(X.shape,Y.shape)

#(0,1,2,3,4,...,19]
#sin signal

# X.shape:(17,3,1)
#(17,3,1),(17,1)

#SRNN =& MY

np.random.seed(0)

model = Sequential()
model.add(SimpleRNN(10, input_shape=(3, 1)))
model.add(Dense(1, activation="linear"))
model.compile(loss="mse’, optimizer='sgd’)

Y _hatl=model.predict(X) #randomly initialized Y
hist=model.fit(X,Y,epochs=100,verbose=0) #training

Y _hat2=model.predict(X) #predicted after training

plt.subplot(211)
'ro-',label="targets’) #target Y, s[nb_timestep:]
plt.plot(Y_hatl,'bs-',label="Y_hatl1")#initialized Y
plt.plot(Y_hat2,'gx-",label="Y _hat2")#predicted Y

plt.plot(Y,

plt.grid()

plt.legend()

plt.subplot(212)

plt.plot(hist.history['loss’])

plt.title('loss’)

plt.grid()

plt.show()

#define subplot(211)

#grid on figure subplot

#define subplot(212)
#plot loss

# X.shape:(17,3) Y.shape:(11,)

1.0

0.5 1

0.0 4

_1.0 -

® targets
Y_hatl
A Y hat2

T T
0.0 2.5

T
5.0

7.5

T T T T
10.0 12.5 15.0 17.5 20.0

loss

1.5

1.0

0.5 7

0.0

T
40 60 80 100
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Example 2. X} 7|49t 217 o] 2 dl-sixpence in keras

« ¢1o] B 2l (Language Model)%
« N F oA Qo d @A E 7IRECE AN T T E oS3
« AL 7| HE A1 7 A0 E":i_l(Character-Based Neural Language Model)
o] Rdle] AHE tho], T 5 U Ve A F2E A & o ZFE
o13 ¢} A AU T ﬁL:J} = o 2ol Aot

SRR

. LSTME Abg3hol 24 71k 9lof e Apiahs W,

=
e T8 ¥ HEx} 7|HF Ao RS AL Sle] HIAEE A G HbW |



1%
unflod
P . U
How to Develop a Character-Based Neural Language Model in Keras
Photo by hedera.baltica, some rights reserved.
X Xt-1 Xt Xt+1
b EJQI. “ “« 3
o S” i” n”
Sing a song of sixpence, a pocket full of rye,
Four and twenty blackbirds baked in a pie.
When the pie was opened the birds began to sing,
Oh wasn't that a dainty dish to set before the king?
The king was in his counting house counting out his
money, BEHIA L2{E 22X, =ML IS S0l UX.
. . 2 = 10| o & Ful.
The queen was in the parlour eating bread and honey %{a%g;‘g% Aé% ioailéiém /1\||&§J|
The maid was in the garden hanging out the clothes, Q, MAH L 20| S okst Z0|Jt OF IF?
When down came a blackbird and pecked off her nose!
22 ZN0H =ES MDD U

)
U= HANA 22 U2 %S 24D AU,
SHAS HRH BHE LD Y



https://www.flickr.com/photos/hedera_baltica/33907382116/

Example 2. &} 7|4k 2174 dlo] ¥ -sixpence in keras(cont.)

» dlof & A Xy

#text
Sing a song of sixpence, a pocket full of rye,
Four and twenty blackbirds baked in a pie.

from pickle import load

from keras.models import load_model

from keras.utils import to_categorical

from keras.preprocessing.sequence import pad_sequences

with open('data/rnn_sixpence_data.txt','r") as f:
text= f.read()

#cleaned Text
Sing a song of sixpence, a pocket full of rye, Four and twenty blackbirds ...

#strip all of the new line characters
#separated only by white space

tokens = raw_text.split()
cleaned_text =" ".join(tokens)

#sequences with length 11:(399,11)
'Sing a song’,
'ing asong ',

length = 10; sequences = list()

for i in range(length, len(cleaned_text)):
seq = raw_text[i-length:i+1] #[0:11]# select sequence of tokens
sequences.append(seq) # store

# vocabulary : sorted char set in cleaned text (34,)
[y e E oL S, T, W, Y, e Y e g hY L gL T s

{0, 1" 2,03, 4, 5, 'F 6,'0 7,'S": 8, 'T": 9, 'W': 10, 'a": 11 e

"tVVulVlllly]
X 32,y 33}

chars = sorted(list(set(raw_text)))
mapping = dict((c, 1) for i, ¢ in enumerate(chars))

# encoded sequences (399,11)

encoded_sequences = list()
for sequence in sequences:

X=0he(X); y=ohe(y)
X :[[0,0,0,0,0,0,1,0,0,...]....

[8,19, 23, 17,0, 11, 0, 28, 24, 23, 17], #Sing a song . _
[19, 23, 17,0, 11, 0, 28, 24, 23, 17, 0], #ing a song encoded_seq = [mapping[char] for char in sequence]
encoded_sequences.append(encoded_seq) #(399,11)
X:[8, 19, 23,17,0, 11, 0, 28, 24, 23], y:[17, #Singason ¢ vocab_size=len(chars) #34
[19, 23, 17,0, 11, 0, 28, 24, 23, 17], 0, #ing asong °° sequence=np.array(encoded_sequences) #(399,11)

X,y=sequence[:,:-1],sequence][:,-1] #(399,10),(399,)
sequences = [to_categorical(x, num_classes=vocab_size) for x in X]
X = np.array(sequences) #(399,10,34)

y = to_categorical(y, num_classes=vocab_size)#(399,34)




Example 2. A} 7|3l 2173 o] R d-sixpence in keras(cont.)

AH A
* MOdeI g C_;l Adam optimizer
1 loss
# define model Cross entropy f_]
model = Sequential() FTT T T T 1 71 logits
model.add(LSTM(75, input_shape=(X.shape[1], X.shape[2]))) #(10,34) [ softmax
model.add(Dense(vocab_size, activation='softmax”)) #(34,)

print(model.summary()) (34)

# set compile method
model.compile(loss='categorical_crossentropy’, optimizer="adam’, metrics=['accuracy’])

: (10,72)
# fit model
model.fit(X, y, epochs=100, verbose=2)
# save the model to file
model.save('model.h5”)
(10,34) [0,0,..] [0,0,..] [0,0,..1 - 10,0,..]

# save the mapping
dump(mapping, open('mapping.pkl’, ‘whb"))

“s” “I” “n” ‘9f
hy
X:[8,19,23,17,0, 11, 0, 28, 24, 23], y:[17,#Singason ¢
Cioq ® 1 G [19, 23, 17,0, 11, 0, 28, 24, 23, 17], 0, #ingasong °°
fil i—®s X=ohe(X); y=ohe(y)
tanh|[0,] X :[[0,0,0,0,0,0,1,0,0,...[...]] #[8, 19, 23, 17, 0, 11, 0, 28, 24, 23],

Ryt [ > hy [ [[0,0,0,0,0,0,0,0,0,...[...]] #[19, 23, 17, 0, 11, 0, 28, 24, 23, 17],
39
Xt
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] 73 O-] a1 print(predict_one(“'Sing a son’))  #g
/\ O—] H Al —g1 11 print(predict_one(*ing asong’)) #
b b <. =7 S1Xpence 1i print(predict_one(‘ing asong ’))  #o0
print(predict_one(‘ng asong 0’)) #f
def generate_text(model, mapping, seq_length=10, seed_text='Sing a son', n_chars=20) :
# mapping {"0,..}
mapping_i2c={v:k for k,v in mapping.items()}#{0:" ...}
nb_vocab=len(mapping) #34
def predict_one(text='Sing a son’) :
#'Sing a son'=>"g’ S i ng a S 0 n
encoded_text = [mapping[char] for char in text] #[8, 19, 23, 17,0, 11, 0, 28, 24, 23] (10,
encoded_text= [encoded_text] #[[8, 19, 23, 17,0, 11, 0, 28, 24, 23]] (1,10)
encoded ohe =to_categorical(encoded_text, #[[[0,0,0,0,0,0,0,1,0,..1,..[...]] (1,10,34)

num_classes=nb_vocab)

yhat = model.predict_classes(encoded ohe, verbose=0)#[18] (1,)
ychar=".join([mapping_i2c[c] for c in yhat]) #[18]=>[i2¢[18]]=[‘ g’ ]=>'¢’
return ychar

text=seed text

for _in range(n_chars) :
char=predict_one(text[-seq_length:])
text = text+char

return text

#2071 2XFoi=
#5 £E 1070 2] 22X
#of| S = X F74

model = load_model('model.h5”) # load the model
mapping = load(open('mapping.pkl’, 'rb’))  # load the mapping {* “:0,...}
# test start of rhyme

print(generate_text(model, mapping, 10, 'Sing a son’, 20)) #Sing a song of sixpence, a poc
# test mid-line

print(generate_seq(model, mapping, 10, 'king was i', 20))
# test not in original

print(generate_seq(model, mapping, 10, 'hello worl’, 20)

#king was in his counting house

#hello worl,, The aeen was in t




Example 3. 37} 24

- &
 do]HE ¢l APt} (Pandas)

« df_ge = pandas.read_csv (os.path.join(os.getcwd (), "data\\us.ge.txt"), engine='python’ )
plot(df_ge)
REPEE
« stock=df_ge.loc[:,["Open","High","Low","Close","Volume"] ] .values
stock__rain,stock_val=sklearn.model_selection.train_test_split (stock, train_size=0.8, test_size=0.2,
shuffle=False)
min_max_scaler=sklearn.preprocessing.MinMaxScaler

stock_train = min_max_scaler.fit_transform (stock_train) #(11246,5)
stock_val == min_max_scaler.fit_transform (stock_val) #(2812,5)

A AE W R &= k5 A2 dlolE M3k
« X—train, y_train, #(11242,3,5),(11242,)
X_val, y_val #(2808,3,5), (2808,)
2 d ©=7] (Keras)

« model = {LSTM(32),Dense(64),Dense(32),Dense(1) }
model.fit (---)

A3 E4, = 9 A7),
« yv_hat=Model.predict (X_val)
« score = model.evaluate (X_val, y_val)

https://towardsdatascience.com/predicting-stock-price-with-Istm-13af86a74944
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Example 3. 7}49= 24 (cont.)

= ]. E’D] u] B /_\4 Date Open High Low Close Volume Openlint
[ J = =T
| 7 o X L 0 1962-01-02 0.6277 0.6362 0.6201 0.6201 2575579 0

. 1 1962-01-03 0.6201 0.6201 0.6122 0.6201 1764749 0
« General Electronic ‘corp. us.ge.txt’

14056 2017-11-09 20.0400 20.0710 19.8500 19.9900 50831779

import pandas as pd 14057 2017-11-10 19.9800 20.6800 19.9000 20.4900 100698474
df_ge = pd.read_csv(os.path.join(os.getcwd(), "data\\us.ge.txt"), engine="python’)
print(df_ge)) #(14058,7) [14058 rows x 7 columns]

GE stock price/volume history

w
=]
L

def plot_stock() :
fig,axes=plt.subplots(2,1,sharex=True)
axes[0].plot(df_ge["Open"],label="Open’)
axes[0].plot(df_ge["High"],label="High’)
axes[0].plot(df_ge["Low"],label="Low’)
axes[0].plot(df_ge["Close"],label='Close’)
axes[0].set_ylabel('Price (USD)’)
axes[0].set_xlabel('Days’)
axes[0].legend()
axes[1].plot(df_ge["\Volume"])
axes[1].set_ylabel('Volume’)
axes[1].set_xlabel('Days’)
plt.subplots_adjust(hspace=0)
axes[0].title.set_text('GE stock price/volume history’) . — — T T ev N prrot
plt.ShOWO Days

plot_stock()
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print(“"checking if any null values are present\n”, df_ge.isna().sum())




Example 3. 7}49= 24 (cont.)

. HloTE A A

from sklearn.preprocessing import MinMaxScaler
from sklearn.model_selection import train_test_split

train_cols = ["Open","High","Low","Close","Volume"] o-Buat ::ELE:
stock=df_ge.loc[:,train_cols].values #np.array 2 8+ (14058,7)=>(14058,5) e ——
stock_train, stock_test = train_test_split(stock, #t=d s HM2E EE

train_size=0.8, test_size=0.2, shuffle=False) #(14058,5)=>(11246,5),(2812,5)

# scale the feature MinMax B s e T (o 000338425 0.02108267]
min_max_scaler = MinMaxScaler() #(0,1)2| = Het s 07 () 0710 11E78 195 0.01365459]
stock train = min_max_scaler.fit_transform(stock train) #(11246,5) 0. 003408 ' 23598 0 27 0.017587

stock_val =min_max_scaler.transform(stock_test) #(2812,5)

#Converting data to time-series and supervised learning problem
TIME_STEPS=3

BATCH_SIZE=128

def split_xy(stock, TIME_STEPS,predict_price=3) :

X=[Ly=ll

for i in range(0,stock.shape[0]-TIME STEPS-1,1) :

X.append(stock[i:i+TIME STEPS]) #["Open”,"High","Low","Close","Volume"]
y.append(stock[i+TIME_STEPS,predict_price]) #"Close"

return np.array(X),np.array(y) # nparray =2 1 gt

X_train,y_train=split_xy(stock _train, TIME_STEPS) #(11242,3,5),(11242,)
X _val,y val=split_xy(stock val, TIME_STEPS) #(2808,3,5), (2808,) 43



Example 3. 7}49= 24 (cont.)

PRt

#Creating model
model = Sequential()

model.add(LSTM(32, input_shape=(X_train.shape[1],X_train.shape[2])))

model.add(Dropout(0.2))
model.add(Dense(64,activation="relu"))
model.add(Dropout(0.2))
model.add(Dense(32,activation="relu"))
model.add(Dropout(0.2))
model.add(Dense(1),activation="sigmoid’))

#set train-methods
optimizer = keras.optimizers.RMSprop(Ir=0.001)
model.compile(loss="mean_squared_error', optimizer=optimizer)

#set logging file(.log)
csv_logger = keras.callbacks.CSVLogger(
os.path.join(os.getcwd(), 'logs/stock_model.log’), append=True)

# train model

history = model.fit(X_train,y train, #train data
epochs=300, batch_size=1204, #
verbose=2, # set ouput amount
shuffle=False, #no shuffle
validation_data=(X_val,y val), #evaluation data
callbacks=[csv_logger]) #set logging callback

optimizer L_RMsprop ]
S

loss

"Close" —bl mse l

4

T logits(predict)

Dense(1,sigmoid)
Dense(32,relu)
Dense(64,relu)

(3,32) [XXXX..] xxxx.]  [xxxx..]
LSTM(32,(3,5))
(3,5) [x,%,%.%,x] [X,%,X.X,X] [X,%,%.X,X]

["Open”,"High","Low","Close","Volume"]

; 5.1985e—04 - wal_loss: 0.0010

71853204 - wal_loss: 00,0013

© 5.7094e-04 — val_loss: 4.2705e-04

5.1088e-04 - wal_loss:

5 04B4e—04 - val_loss:

5.8921e-04 - val_loss



Example 4-3. &7}4= 2¥ (cont.)

—=.
e el A

y_hat=model.predict(X val)
y_hatl=np.reshape(y_hat,(-1))

#(2808,3,5)=>(2808,1)
#((2808,)

score_tr=model.evaluate(X_train,y_train) #(11242,3,5),(11242,)=>0.00047
score=model.evaluate(X_val,y val) #(2808,3,5), (2808,) =>0.00105

plt.subplot(211)

plt.plot(y val, 'k',label="real price’)
plt.plot(y_hat1,’r',label="precdited price, mse:{}".format(score))
plt.legend()

plt.subplot(212)

plt.plot(history.history['loss’], 'k’, label="loss")
plt.plot(history.history['val_loss1,'r’, label="val_loss’)
plt.legend()

plt.show()

evaluation score (x_train,y_train ) : 0.0003012311564353952
evaluation score (x_val, y_val) : 0.0006528214721985564

F7HMinMax scaled)

0.00

— y_val price,
— precdited price, mse:0.00065

1000 1500 2000 2500

— loss
— val_loss

100 150 200 250 300
epochs
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