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Text
“The cat sat on the mat.”

l

“the”, “Cat”, “Sat , On”, uthe

Tokens

LL 11 [ L 11 LLE TR 1]

, ‘mat”, “.

:

0.0
0.5
1.0
the

Vector encoding of the tokens
00 04 00 00 1.0 0.0
1.0 05 02 05 05 0.0
02 1.0 1.0 1.0 0.0 0.0
cat sat on the mat
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Understanding n-grams and bag-of-words

Word n-grams are groups of N (or fewer) consecutive words that you can extract from
a sentence. The same concept may also be applied to characters instead of words.

Here’s a simple example. Consider the sentence “The cat sat on the mat.” It may be
decomposed into the following set of 2-grams:

{"The", "The cat", "cat", "cat sat", "sat",
"sat on", "on", "on the", "the", "the mat", "mat"}

It may also be decomposed into the following set of 3-grams:

{"The", "The cat", "cat", "cat sat", "The cat sat",
"sat", "sat on", "on", "cat sat on", "on the", "the",
"sat on the", "the mat", "mat", "on the mat"}

Such a set is called a bag-of-2-grams or bag-of-3-grams, respectively. The term bag
here refers to the fact that you're dealing with a set of tokens rather than a list or
sequence: the tokens have no specific order. This family of tokenization methods is
called bag-of-words.

Because bag-of-words isn’t an order-preserving tokenization method (the tokens gen-
erated are understood as a set, not a sequence, and the general structure of the sen-
tences is lost), it tends to be used in shallow language-processing models rather than
in deep-learning models. Extracting n-grams is a form of feature engineering, and
deep learning does away with this kind of rigid, brittle approach, replacing it with hier-
archical feature learning. One-dimensional convnets and recurrent neural networks,
introduced later in this chapter, are capable of learning representations for groups of
words and characters without being explicitly told about the existence of such groups,
by looking at continuous word or character sequences. For this reason, we won't
cover n-grams any further in this book. But do keep in mind that they’'re a powerful,
unavoidable feature-engineering tool when using lightweight, shallow text-processing
models such as logistic regression and random forests.
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Word-level one-hot encoding (toy example)

Builds an index of all tokens in the data

Tokenizes the samples via the split

Initial data: one entry per sample (in method. In real life, you’d also strip
this example, a sample is a sentence, punctuation and special characters
but it could be an entire document) from the samples.

import numpy as np

samples = ['The cat sat on the mat.', 'The dog ate my homework.']

L > token_index = {}
for sample in samples:

for word in sample.split(): <t
if word not in token_index:
— token_index[word] = len(token_index) + 1
max_length = 10 <

results = np.zeros (shape=(len(samples),
max_length,

max (token_index.values()) + 1))
for i, sample in enumerate (samples) :
for j, word in list (enumerate(sample.split())) [:max_length]:
index = token_index.get (word)
results[i, j, index] = 1.

This is where you
store the results.
Assigns a unique index to each

unique word. Note that you don’t Vectorizes the samples. You’ll only
attribute index 0 to anything. consider the first max_length

words in each sample.
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Character-level one-hot encoding (toy example)

import str

samples =
characters
token_inde

max_length

results
for i,
for j,

in

re
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['The cat sat on the mat.',
string.printable

'The dog ate my homework. ']
<

X dict(zip(range(l, len(characters) + 1), characters))

50
np.zeros((len(samples),

max_length, max(token_index.keys()) + 1))

sample in enumerate (samples) :

character in enumerate (sample) :
dex token_index.get (character)
sults[i, j, index] 1.

All printable ASCII
characters
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Using Keras for word-level one-hot encoding

Builds
the
word
index
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Creates a tokenizer, configured
to only take into account the

from keras.preprocessing.text import Tokenizer 1,000 most common words
samples = ['The cat sat on the mat.', 'The dog ate my homework. ']

tokenizer = Tokenizer (num_words=1000) <

tokenizer.fit_on_texts (samples) Turnsstﬁngshnolhts
sequences = tokenizer.texts_to_sequences (samples) 444————‘°f““egeri“dkes

—p> one_hot_results = tokenizer.texts_to_matrix(samples, mode='binary')

word_index = tokenizer.word_index

print ('Found %s unique tokens.' % len(word_index))
How you can recover

the word index that

You could also directly get the one-hot
was computed

binary representations. Vectorization
modes other than one-hot encoding
are supported by this tokenizer.
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Word-level one-hot encoding with hashing trick (toy example)

samples = ['The cat sat on the mat.', 'The dog ate my homework. ']

—> dimensionality = 1000
max_length = 10

results = np.zeros((len(samples), max_length, dimensionality))
for i, sample in enumerate (samples) :

for j, word in list (enumerate (sample.split()))[:max_length]:
index = abs (hash(word)) % dimensionality
results[i, j, index] = 1.
Hashes the word into a
Stores the words as vectors of size 1,000. If you have close random integer index
to 1,000 words (or more), you'll see many hash collisions, between 0 and 1,000

which will decrease the accuracy of this encoding method.
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- High-dimensional
- Hardcoded
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(YL Y-+ - 3)  One-hot word vectors:

Word embeddings:

- Dense

- Lower-dimensional
- Learned from data
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Word Embedding

ol an slasly
&SI s3a (slala 5

Sl ool L slala
(\ *YY . OVNY(YOF )llo)

RSl b Ll il 5



A

Glals (5wl 5 suldil

Prepared by Kazim Fouladi | Spring 2019 | 1st Edition

P

ol Sluls w55 slagis,

o) (54l g Ls Glojan sbods cilals (5l (5 8l
Learn word embeddings jointly with the main task
Sad slag s soSob b gleses g ani o g 5o Auliad olal slajlos b
ﬁ)ﬁi@dlﬁ‘)ﬁ;L&EGL&)‘Jﬁ(@.@c
o33 ) 94Ty ilals (5 jlala
Pretrained word embeddings

aile (5 uSab JSau (gedals 5 G Sl aaldial b 0ol 5 Gy € lalS (g5 luls )
’s:\.Su.A PR - IO W 4..s.a.uL=..a

3350 JSL Sl (gl | ania LagS 55 (s luls S




4 o 58l
Glals (5wl 5 suldil

slls 0¥ L ol 3 lls 5LSol r ol 3lals w5 sl
LEARNING WORD EMBEDDINGS WITH THE EMBEDDING LAYER

ol o g3 S B0l AT 4l S 4 oS e o s S oLl g ol i sioules
:JJLAJ GJUAL.A Ef.&d.m‘; (5‘)‘_4.4.-‘; (5L442.§ d&lm
.A.s.ﬁ.nl_n UJJLCLA Jlf.ua_) (_;L&(_;JLLulA (5“)‘4 Sl Ug“"’ dd‘)la L;M.‘S JJ)
(el Sl Hladnsd 5 SBALL (s sOlula (sLdd () S50 Gaae prme (S Sy 6l =

corl (guwadd lad S do Gl by il sl g luls Bua
5 gl g 5lula line olalS slajla g Ho Wb Sasas olaS
il cliie Sl SlalS Glis plias gdlali b b 4l jluys g0 58 cwaia gdlals
(L g oo s 5lenla SSuSs 51 590 Sl (bl o) pads cailiia Sl Slae sl € SLK)
(A 5050 SO 4 dasl e ol 4« s
adl ola glas gl olula slad ju pala lacyga (A s cowl (Sas

Prepared by Kazim Fouladi | Spring 2019 | 1st Edition

P



Glals (5wl 5 suldil

Prepared by Kazim Fouladi | Spring 2019 | 1st Edition

P

Jhe i solula 0¥ b ol shlula S0k rolea (hluls w8 slagh,

oo SR Euu Kol sad (slula samgo sLiad S Hu 4K Sl
Wolf x SlafS ol i (lime Il s, A0

x Tiger el (5,1 B i sla i o gunds &S
Slasa s SRS L Ew il sy omww Sl Sl s O
Dog x (s Ol 4 ol Bl 5 Hlas)
x Cat lassas oSSl s S &uw )l Sl Hlu s O
(Ol S Ol 4 Gl Ol g 5)
>
1

ts28ly glon o ol ghlula slalias ju Hluliae cwaia glafsas Jglatie glads g
JWEWRENPIV RINgE
gy o cqueen [ «loy 5l s 4 (King folaalyy Sl 4 female /&5 5oy Hla s S a3 L
e sla yla ys

LS R «kings/;,l.aLi;Q» J|JJ.) L «king/el_fbdl,:a» J‘JJ.} © «plural/c_‘%» J‘.A)._a xSf QJJ\}.’Q‘ L;



Prepared by Kazim Fouladi | Spring 2019 | 1st Edition

Y

Glals (5wl 5 suldil

slls 0¥ L ol 3 lls oLSol r ol 3Ll w5 sl

Instantiating an Embedding layer

from keras.layers import Embedding The Embedding layer takes at least two
arguments: the number of possible tokens

<1—‘ (here, 1,000: 1 + maximum word index)
and the dimensionality of the embeddings
(here, 64).

embedding layer = Embedding (1000, 64)

S8 43S 0b waa Oluls (Lad S cwan 4l 58 (515 4S sl ol lie (i
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Word index — Embedding layer — Corresponding word vector

R - (% ﬁg“)l“ GLA)LS‘).:\ “ b (uaL: ol 65._\.':.3‘.4{:) e CSLAU“:“'L"
.Al‘d‘)iudo‘)..:bﬂe&f\)‘dx\sdﬁwma.abguuaﬂjd‘J@MJA“-G&:)

-
’”’;ﬁb/



Y

Glals (5wl 5 suldil

Prepared by Kazim Fouladi | Spring 2019 | 1st Edition

P

29 59505 tsolula Y L ol (lula S0k rolel (5lula sl 5 slagi

Word index — Embedding layer — Corresponding word vector
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Loading the IMDB data for use with an Embedding layer
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from keras.datasets import imdb

from keras import preprocessingJ Number of words to Cuts off the text after this

. number of words (amon
consider as features ( g

max_features = 10000 < the max_features most

maxlen = 20 < common words)

(x_train, y train), (x_test, y test) = imdb.load_data (
num_words=max_features) <+ Loads the data as lists of integers

x_train = preprocessing.sequence.pad_sequences (X_train, maxlen=maxlen <
x_test = preprocessing.sequence.pad_sequences (x_test, maxlen=maxlen)

Turns the lists of integers into
a 2D integer tensor of shape
(samples, maxlen)

.‘::\SSGAJJJA.AQLAK&JSJJUSA‘}‘JAQ\““Q‘JLA'AJ:\A:JE\
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Using an Embedding layer and classifier on the IMDB data

Specifies the maximum input length to the
Embedding layer so you can later flatten the
embedded inputs. After the Embedding layer,

the activations have shape (samples, maxlen, 8). Flattens the 3D tensor of
embeddings into a 2D
from keras.models import Sequential tensrrg!;hape(sanuﬂeg
from keras.layers import Flatten, Dense maxien )
model = Sequential ()
- model.add (Embedding (10000, 8, input_length=maxlen))
model .add (Flatten()) < Adds the

model .add (Dense (1, activation='sigmoid')) < classifier on top

model .compile (optimizer="'rmsprop', loss='binary crossentropy', metrics=['acc'])
model . summary ()

history = model.fit(x_train, y_train,

epochs=10,

batch_size=32,

validation_split=0.2)

fJ_):Su_AJlfb(_;..u.}—/\(_;LAC;‘}L.uléd\AJS\' e J“S:‘J'A(S‘J*«S:"‘Lu:“
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USING PRETRAINED WORD EMBEDDINGS
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YAV (KL Word2Vec Algorithm

https://code.google.com/archive/p/word2vec
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AR PREY eI PY L AR GloVe (Global Vector for Word Representation)

https://nlp.stanford.edu/projects/glove
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DOWNLOADING THE IMDB DATA AS RAW TEXT
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Processing the labels of the raw IMDB data

import os

imdb_dir = '/Users/fchollet/Downloads/aclImdb'
train_dir = os.path.join(imdb_dir, 'train')
labels = []

texts = []

for label_type in ['neg', 'pos']l:
dir_name = os.path.join(train_dir, label_type)
for fname in os.listdir (dir_name) :
if fname[-4:] == '.txt':
f = open(os.path.join(dir_name, fname))
texts.append (f.read())

f.close()

if label_type == 'neg':
labels.append(0)

else:

labels.append (1)

.
B U}; b/
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TOKENIZING THE DATA
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Tokenizing the text of the raw IMDB data

from keras.preprocessing.text import Tokenizer
from keras.preprocessing.sequence import pad_seguences
import numpy as np

maxlen = 100 <+ Cuts off reviews after 100 words
training_samples = 200 <—— Trains on 200 samples
validation samples = 10000 <+—— Validates on 10,000 samples
max_words = 10000 <

, , Considers only the top
tokenizer = Tokenizer (num words=max_words) 10.000 words in the dataset

tokenizer.fit on_ texts (texts)
sequences = tokenizer.texts_to_sequences (texts)

—
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Tokenizing the text of the raw IMDB data (Cntd.)

—
3 ”}; b/

word_index = tokenizer.word_index

print ('Found %s unique tokens.' % len(word_index))
data = pad_sequences (sequences, maxlen=maxlen)

labels = np.asarray(labels)

print ('Shape of data tensor:', data.shape)
print ('Shape of label tensor:', labels.shape)
indices = np.arange(data.shapel[0]) <+

Splits the data into a training set and a

np.random.shuffle(indices) validation set, but first shuffles the data,

data = data[indices] because you’re starting with data in which

labels = labels[indices] samples are ordered (all negative first, then
all positive)

x_train = datal:training_samples]

y_train labels|[:training_samples]
x_val = dataltraining samples: training samples + validation_samples]

yv_val = labels[training samples: training_samples + validation_samples]
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DOWNLOADING THE GLOVE WORD EMBEDDINGS; PREPROCESSING THE EMBEDDINGS

(8love.6B.ZIP) colLlKa AYY ana LY V¥ a1 (sl (S 5 5l st danlaa iy GloVe s 5Bl
https://nlp.stanford.edu/projects/glove : stz 5
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Parsing the GloVe word-embeddings file

glove_dir = '/Users/fchollet/Downloads/glove.6B'

embeddings_index = {}
f = open(os.path.join(glove_dir, 'glove.6B.100d.txt'))
for line in f:
values = line.split()
word = values|[0]
coefs = np.asarray(values([l:], dtype='float32"')
embeddings_index[word] = coefs
f.close()

print ('Found %s word vectors.' % len(embeddings_index))
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Preparing the GloVe word-embeddings matrix
embedding_dim = 100

embedding_matrix = np.zeros ((max_words, embedding dim))
for word, 1 in word_index.items () :
if 1 < max_words:
embedding_vector = embeddings_index.get (word) Words not found in the
if embedding_vector is not None: J embedding index will
embedding matrix[i] = embedding vector < be all zeros.

UK 4 pasle o Embedding s s 5,138,061 soluls puw il S
(max_words, embedding dim)
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Model definition

from keras.models import Sequential
from keras.layers import Embedding, Flatten, Dense

model = Sequential ()

model . add (Embedding (max_words, embedding_dim, input_length=maxlen))
model .add (Flatten())

model .add (Dense (32, activation='relu'))

model .add (Dense (1, activation='sigmoid'))

model . summary ()

S o soldial g Jae (solere Glea )
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Loading pretrained word embeddings into the Embedding layer

model.layers[0] .set_weights ([embedding_matrix])
model.layers[0].trainable = False

el 33 059 G sile S (),le Embedding 4
o B T Gusad) 4wl < el 14l Sla s 0T 5o T saulo 5o € 5 ldias (gam gu G il S
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Training and evaluation

model.compile (optimizer="'rmsprop',
loss='binary_crossentropy',
metrics=['acc'])
history = model.fit(x_train, y_train,
epochs=10,
batch_size=32,
validation_data=(x_val, y_val))
model .save_weights ('pre_trained_glove_model.h5")
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Plotting the results

import matplotlib.pyplot as plt

acc = history.history['acc']

val_acc = history.historyl['val_acc']
loss = history.history['loss']
val_loss = history.history['val_loss']

epochs = range(l, len(acc) + 1)

plt.plot (epochs, acc, 'bo', label='Training acc')
plt.plot(epochs, val_acc, 'b', label='Validation acc')
plt.title('Training and validation accuracy')
plt.legend()

plt.figure()

plt.plot (epochs, loss, 'bo', label='Training loss')
plt.plot (epochs, val_loss, 'b', label='Validation loss')
plt.title('Training and validation loss')

plt.legend()

plt.show()
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Training the same model without pretrained word embeddings

from keras.models import Sequential
from keras.layers import Embedding, Flatten, Dense

model = Sequential ()

model . add (Embedding (max_words, embedding dim, input_length=maxlen))
model .add (Flatten())

model.add (Dense (32, activation='relu'))

model .add (Dense (1, activation='sigmoid'))

model . summary ()

model .compile (optimizer="'rmsprop',
loss='binary_crossentropy',
metrics=['acc'])
history = model.fit(x_train, y_train,
epochs=10,
batch_size=32,
validation_data=(x_val, y_val))
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Tokenizing the data of the test set

test_dir = os.path.join(imdb_dir, 'test')

labels = []
texts = []
for label_type in ['neg', 'pos']:

dir_name = os.path.join(test_dir, label_type)
for fname in sorted(os.listdir (dir_ name)) :
if fname[-4:] == '.txt':
f = open(os.path.join(dir_name, fname))
texts.append(f.read())

f.close()

if label_type == 'neg':
labels.append(0)

else:

labels.append (1)

sequences = tokenizer.texts_to_sequences (texts)
x_test = pad_sequences (sequences, maxlen=maxlen)
yv_test = np.asarray(labels)
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Evaluating the model on the test set

model.load_weights ('pre_trained_glove_model.h5")
model .evaluate (x_test, y_test)
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WRAPPING UP

Now you’re able to do the following:

¢ Turn raw text into something a neural network can process
¢ Use the Embedding layer in a Keras model to learn task-specific token embeddings

¢ Use pretrained word embeddings to get an extra boost on small natural-language-
processing problems
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UNDERSTANDING RECURRENT NEURAL NETWORKS
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Pseudocode RNN

state_t = 0 <+ The state at t

for input_t in input_sequence: < Iterates over sequence elements

output_t = f(input_t, state_t)

state_t = output_t < The previous output becomes the state for the next iteration.
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More detailed pseudocode for the RNN

state_t = 0

for input_t in input_sequence:
output_t = activation(dot (W, input_t) + dot (U, state_t) + b)
state_t = output_t
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Numpy implementation of a simple RNN

Number of timesteps in
the input sequence

Dimensionality of the
input feature space

import numpy as np Input data: random

. timesteps = 100 Dimensionality of the :I:S:x?r;t:‘: sake of
input_features = 32 = output feature space P
output_features = 64 <

Initial state: an

inputs = np.random.random( (timesteps, input_features)) < AT 1) Ve T

state_t = np.zeros((output_features,)) <

W = np.random.random( (output_features, input_features))
U = np.random.random( (output_features, output_features))
b = np.random.random( (output_features,))

Creates random
weight matrices

input_t is a vector of

successive outputs = [] shape (input_features,).
for input_t in inputs: <

> output_t = np.tanh(np.dot (W, input_t) + np.dot (U, state_t) + b)

> successive_outputs.append (output_t)

state_t = output_t <

final_ output_sequence = np.concatenate (successive_outputs, axis=0) -

The final output is a 2D tensor of

Stores this output in a list .
shape (timesteps, output_features).

Combines the input with the current
state (the previous output) to obtain Updates the state of the
the current output network for the next timestep
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A RECURRENT LAYER IN KERAS

Fel Gul S u 2315 Y S L Jobas csnd g 5Lwsaly S
from keras.layers import SimpleRNN
(LS Ul S G) WS o Gidlae 1) Laddlin 5 pladiuws (oY (ol S olds 0l b

fsas0y JSa =
(batch_size, timesteps, input_ features)
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(batch_size, timesteps, output features)
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>>>
>>>
>>>
>>>
>>>
>>>

o3 al€ GasAT u a ssa S e Gusla S50 s SIMPIeRNN (5 SIS 31 Jlis S

from keras.models import Sequential

from keras.layers import Embedding, SimpleRNN

model = Sequential ()

model .add (Embedding (10000, 32))
model .add (SimpleRNN (32))
model . summary ()

Layer (type) Output Shape Param #
embedding_22 (Embedding) (None, None, 32) 320000
simplernn_10 (SimpleRNN) (None, 32) 2080

Total params: 322,080
Trainable params: 322,080
Non-trainable params: 0
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>>> model = Sequential ()

>>> model .add (Embedding (10000, 32))

>>> model .add (SimpleRNN (32, return_sequences=True))
>>> model .summary ()

Layer (type) Output Shape Param #
embedding_23 (Embedding) (None, None, 32) 320000
simplernn_11 (SimpleRNN) (None, None, 32) 2080

Total params: 322,080
Trainable params: 322,080
Non-trainable params: O
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>>> model = Sequential ()
>>> model .add (Embedding (10000, 32))

>>> model .add (SimpleRNN (32, return_sequences=True))
>>> model.add (SimpleRNN (32, return_sequences=True))
>>> model .add (SimpleRNN (32, return_sequences=True))
>>> model .add (SimpleRNN (32))

>>> model . summary ()

Layer (type) Output Shape Param #
S embedding_24 (Embedding) (None, None, 32) 320000
-
- simplernn_12 (SimpleRNN) (None, None, 32) 2080
2 simplernn_13 (SimpleRNN) (None, None, 32) 2080
&
= simplernn_14 (SimpleRNN) (None, None, 32) 2080
E simplernn_15 (SimpleRNN) (None, 32) 2080
E el el el e —
g Total params: 328,320
% Trainable params: 328,320
& Non-trainable params: 0
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Preparing the IMDB data
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from keras.datasets import imdb

from keras.preprocessing import sequence
prep g 1mp d Number of words to

max_features = 10000 < consider as features

maxlen . >00 "] Cuts off texts after this many words (among
batch_size = 32

the max_features most common words)
print ('Loading data..."')

(input_train, y_train), (input_test, y_test) = imdb.load_data/
num_words=max_features)

print (len(input_train), 'train sequences')

print (len(input_test), 'test sequences')

print ('Pad sequences (samples x time) ')
input_train = sequence.pad_sequences (input_train, maxlen=maxlen)

input_test = sequence.pad_sequences (input_test, maxlen=maxlen)
print ('input_train shape:', input_train.shape)
print ('input_test shape:', input_test.shape)
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Training the model with Embedding and SimpleRNN layers

from keras.layers import Dense

model = Sequential ()

model .add (Embedding (max_features, 32))
model .add (SimpleRNN (32))
model .add (Dense (1, activation='sigmoid'))

model .compile (optimizer="'rmsprop', loss='binary crossentropy', metrics=['acc'])
history = model.fit (input_train, y_train,

epochs=10,

batch_size=128,

validation_split=0.2)
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Plotting results

import matplotlib.pyplot as plt

acc = history.history|['acc']

val_acc = history.historyl['val_acc']
loss = history.history['loss']
val_loss = history.history['val_loss']

epochs = range(l, len(acc) + 1)

plt.plot (epochs, acc, 'bo', label='Training acc')
plt.plot (epochs, val_acc, 'b', label='Validation acc')
plt.title('Training and validation accuracy')
plt.legend()

plt.figure ()

plt.plot (epochs, loss, 'bo', label='Training loss')
plt.plot (epochs, val_loss, 'b', label='Validation loss')
plt.title('Training and validation loss')

plt.legend()

plt.show()
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UNDERSTANDING THE LSTM AND GRU LAYERS
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See, for example, Yoshua Bengio, Patrice Simard, and Paolo Frasconi, “Learning Long-Term Dependencies
with Gradient Descent Is Difficult,” /EEE Transactions on Neural Networks 5, no. 2 (1994).
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LSTM LAYER: LONG SHORT-TERM MEMORY
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Sepp Hochreiter and Jirgen Schmidhuber, “Long Short-Term Memory,” Neural Computation 9, no. 8 (1997).
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State t+1
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Pseudocode details of the LSTM architecture (1/2)

output_t = activation(dot(state_t, Uo) + dot(input_t, Wo) + dot(C_t, Vo) + bo)

i_t = activation(dot(state_t, Ui) + dot(input_t, Wi) + bi)
f_t = activation(dot(state_t, Uf) + dot(input_t, Wf) + bf)
k_t = activation(dot(state_t, Uk) + dot(input_t, Wk) + bk)

..\:\TU-A S ds k_t 9 'F_t ‘i_t _,:S‘,: Ls (CS"\"’ C_t) KYREN J.A:; odla

Pseudocode details of the LSTM architecture (2/2)

c_ t+l = 1t * k t +c_t * £ t
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Using the LSTM layer in Keras

from keras.layers import LSTM

model = Sequential ()

model . add (Embedding (max_features, 32))
model .add (LSTM (32) )

model .add (Dense (1, activation='sigmoid'))

model .compile (optimizer="'rmsprop',
loss='binary_ crossentropy',
metrics=['acc'])
history = model.fit (input_train, y_train,
epochs=10,
batch size=128,
validation_split=0.2)
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Training and validation loss

® Training loss
— Validation loss
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Training and validation accuracy
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WRAPPING UP

Now you understand the following:

¢ What RNNs are and how they work
% What LSTM is, and why it works better on long sequences than a naive RNN

¢ How to use Keras RNN layers to process sequence data
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ADVANCED USE OF RECURRENT NEURAL NETWORKS
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A TEMPERATURE-FORECASTING PROBLEM

Lon L;:‘:".‘UI":".'? (54.&“.4
peold (o siws Gl b S 8l ju sudad sl a5l ol glouls LIS 51 Sl (g So a0
S suliiwl (L3 (glauly (gabals Bl Guy cebis Y (b Loo S 6100 LT 5l asal sa o 5 (b ol ee < 5Las (Los aiila)

We play with a weather timeseries dataset recorded at
the Weather Station at the Max Planck Institute for Biogeochemistry in Jena, Germany.
Olaf Kolle, www.bgc-jena.mpg.de/wetter
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cd ~/Downloads

mkdir jena_climate
cd jena_climate

Lasals (sdiulas g0 sBls

wget https://s3.amazonaws.com/keras-datasets/jena_climate_2009_2016.csv.zip
unzip jena_climate_2009_2016.csv.zip

Inspecting the data of the Jena weather dataset

import os

data_dir = '/users/fchollet/Downloads/jena_climate'

fname = os.path.join(data_dir,

f = open (fname)
data = f.read()
f.close()

lines = data.split('\n")
header = lines[0].split(',")

lines = lines[1l:]

print (header)
print (len(lines))

.0

143

'jena_climate_2009_2016.csv"')

moon Olsieds 1y salo ba FY-00Y S oyl

["Date Time",

"p (mbar)",

"T (degC)",
"Tpot (K)",
"Tdew (degC)",
"rh (%)",
"VPmax (mbar)",
"VPact (mbar)",
"VPdef (mbar)",
"sh (g/kg)",
"H20C (mmol/mol) ",
"rho (g/m**3)",

"WV (m/s) ll’
"max. wv (m/s)",
"wd (deg) u]

header /17,
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Parsing the data

import numpy as np

float_data = np.zeros((len(lines), len(header) - 1))
for 1, line 1n enumerate(lines):
values = [float(x) for x in line.split(',')[1:]]
float_datali, :1 = values

.0
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Plotting the temperature timeseries

from matplotlib import pyplot as plt

temp = float_datal:, 1] <1> temperature (in degrees Celsius)
plt.plot(range(len(temp)), temp)

0 . !
0 50000 100000150000200000250000300000350000400000450000
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Plotting the first 10 days of the temperature timeseries

plt.plot(range(1440), temp[:1440])

0 200 400 600 800 1000 1200 1400 1600
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PREPARING THE DATA
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Normalizing the data

mean = float_data[:200000] .mean (axis=0)
float_data -= mean

std = float_data[:200000] .std(axis=0)
float_data /= std
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data—The original array of floating-point data, which you normalized.

lookback—How many timesteps back the input data should go.

delay—How many timesteps in the future the target should be.

min_index and max_index—Indices in the data array that delimit which timesteps to draw
from. This is useful for keeping a segment of the data for validation and another for testing.
shuffle—Whether to shuffle the samples or draw them in chronological order.
batch_size—The number of samples per batch.

step—The period, in timesteps, at which you sample data.

You’ll set it to 6 in order to draw one data point every hour.



Prepared by Kazim Fouladi | Spring 2019 | 1st Edition

\a%

Lod‘slfetﬂeggsdllum

T slacs

3 obed slag s slad sad (sauiands sad al 5o

Generator yielding timeseries samples and their targets
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def generator (data, lookback, delay,
shuffle=

False, batch_size=128, step=6):

if max_index is None:
max_index = len(data) - delay - 1
1 = min_index + lookback

while 1:
if shuffle:
rows = np.random.randint (
min_index + lookback, max_index,
else:
if 1 + batch_size >= max_index:
i = min_index + lookback
rows = np.arange(i, min(i + batch_size, max_index))
i += len(rows)
samples = np.zeros((len(rows),

lookback // step,
data.shape[-11))

targets = np.zeros((len(rows),))

for j, row in
indices =
samples|[J]
targets[j]
vield samples,

enumerate (rows) :

range (rows[j] - lookback, rows[j],
= data[indices]

= datalrows[j] + delay][1]
targets

min_index, max_index,

size=batch_size)

step)
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Preparing the training, validation, and test generators

lookback =
step = 6

delay = 144

batch_size

1440

128

train_gen = generator (float_data,
lookback=1lookback,
delay=delay,
min_index=0,
max_1index=200000,
shuffle=True,
step=step,
batch_size=batch_size)
val_gen = generator (float_data,
lookback=1lookback,
delay=delay,
min_index=200001,
max_1index=300000,
step=step,
batch_size=batch_size)
test_gen = generator (float_data,
lookback=1lookback,
delay=delay,
min_index=300001,
max_index=None,
step=step,

batch_size=batch_size)
val_steps = (300000 - 200001 - lookback)

test_steps = (len(float_data)

(gener'ator' U‘C‘J'B| c_\‘:s J‘
QJBZM‘A_‘)A ﬁw@dhﬁ‘glf
Jol Pleyal€ ¥ e e e e (el ©
G&f‘sg\""'“ﬁ_.u.u‘)l_.\l“.‘

Lasals (saads Ginla 3T ©

- 300001 - lookback)

How many steps to draw from
val_gen in order to see the
entire validation set

How many steps to draw
from test_gen in order to
see the entire test set
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np.mean(np.abs(preds - targets))

Computing the common-sense baseline MAE

def evaluate_naive_method() :

batch_maes = []

for step in range(val_steps) :
samples, targets = next(val_gen)
preds = samples[:, -1, 1]
mae = np.mean (np.abs (preds - targets))
batch_maes.append (mae)

print (np.mean (batch_maes))

evaluate_naive_method ()

.0
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Converting the MAE back to a Celsius error

celsius mae = 0.29 * std[1l]
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Training and evaluating a densely connected model

from keras.models import Sequential

from keras import layers
from keras.optimizers import RMSprop

model
model

model .
.add(layers.Dense (1))

model

model .

= Sequential ()

.add (layers.Flatten (input_shape=(lookback // step, float_data.shape[-11)))

add (layers.Dense (32, activation='relu'))

compile (optimizer=RMSprop (), loss='mae')

history = model.fit_generator (train_gen,

&~
3 U}; b/

steps_per_epoch=500,
epochs=20,
validation_data=val_gen,
validation_steps=val_steps)
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Plotting results
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impo

loss

rt matplotlib.pyplot as plt

= history.history['loss"']

val_loss = history.history['val_loss']

epoc
plt.

plt.
plt.
plt.
plt.

plt.

hs = range(1l, len(loss) + 1)

figure ()

plot (epochs, loss, 'bo', label='Training loss')

plot (epochs, val_loss, 'b', label='Validation loss')

title('Training and validation loss')
legend()

show ()
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Training and validation loss
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Junyoung Chung et al., “Empirical Evaluation of Gated Recurrent Neural Networks on Sequence Modeling,”
Conference on Neural Information Processing Systems (2014), https://arxiv.org/abs/1412.3555.
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Training and evaluating a GRU-based model

from keras.models import Sequential
from keras import layers
from keras.optimizers import RMSprop

model = Sequential ()
model .add (layers.GRU (32, input_shape=(None, float_data.shapel[-11)))
model .add (layers.Dense (1))

model .compile (optimizer=RMSprop (), loss='mae')

history = model.fit_generator (train_gen,
steps_per_epoch=500,
epochs=20,
validation_data=val_gen,
validation_steps=val_steps)
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Training and validation loss

0321 ® ® Training loss

— Validation loss
0.30 4
0.28 -

0.26 4

a1 S ide pua oy (Alae sk Jae (g0l an B adil g o g ool suds g Sl s

el 0.265 TJJJ.; Laa s lic MAE

e el (54959 2.35 Sk llae slba 4 s 5ldle s 5l G
casls asa s dss sl s Ylaial Lol el 5igs (2.57) wlibad 4 cuas



A o 58l
3o b dlslis g 3 (SIS 5L (5 51310 9 53 5 oulidul

USING RECURRENT DROPOUT TO FIGHT OVERFITTING
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Yarin Gal, “Uncertainty in Deep Learning (PhD Thesis),” October 13, 2016, http://mlg.eng.cam.ac.uk/yarin/blog_2248.html

P



Prepared by Kazim Fouladi | Spring 2019 | 1st Edition

3o b dlslis g 3 (SIS 5L (5 51310 9 53 5 oulidul
sl S e

Training and evaluating a dropout-regularized GRU-based model

from keras.models import Sequential
from keras import layers
from keras.optimizers import RMSprop

model = Sequential ()

model .add(layers.GRU (32,
dropout=0.2,
|recurrent_dropout=0.2,]
input_shape=(None, float_data.shapel[-11)))

model .add(layers.Dense (1))

1108 b ool 3 ¥ S,
28 olay Gl 33l &l ¥ gane
5l LBl htad ¢ oy -0 g o
S e s 5 1 B O

model .compile (optimizer=RMSprop (), loss='mae')

history = model.fit_generator (train_gen,
steps_per_epoch=500,
epochs=40,
validation_data=val_gen,
validation_steps=val_steps)
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4:\‘)( UT (693008 LSL“‘AA‘J LS‘J" 6J|JJ|UJJJ CJ" 6"&:‘50@"‘ GJL&:J ERYS &S:i :dl"OpOUt
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Training and validation loss

® ® Training loss
—— WValidation loss
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STACKING RECURRENT LAYERS
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Training and evaluating a dropout-regularized, stacked GRU model

from keras.models import Sequential
P 4 09 2850 sy (g oludisy sl

sl (Sl slas¥ b (el <
ala S 5 1) uea slaea g5 JelS
(pE eoaT a0 slaw)

from keras import layers
from keras.optimizers import RMSprop

model = Sequential ()
model .add (layers.GRU (32,
dropout=0.1,
recurrent_dropout=0.5,
return_sequences=True,
input_shape=(None, float_data.shapel[-1]1)))
model.add(layers.GRU (64, activation='relu',
dropout=0.1,
recurrent_dropout=0.5))
model .add (layers.Dense (1))

model .compile (optimizer=RMSprop (), loss='mae')

history = model.fit_generator (train_gen,
steps_per_epoch=500,
epochs=40,
validation_data=val_gen,
validation_steps=val_steps)
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Training and validation loss

® Training loss
—— Validation loss
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USING BIDIRECTIONAL RNNS
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Input data

Merge (add,
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Training and evaluating an LSTM using reversed sequences

from keras.datasets import imdb
from keras.preprocessing import sequence
from keras import layers

from keras.models import Sequential Numberofwords Cuts off texts after this
to consider as number of words (among
max_features = 10000 S features the max_features most
maxlen = 500 common words)
(x_train, y_train), (x_test, y _test) = imdb.load_data
num_words=max_features)

Loads

data F:_train = [x[::-1] for x in x_train] Reverses
X_test = [x[::-1] for x in x_test] sequences
x_train = sequence.pad_sequences (x_train, maxlen=maxlen) Pads
xX_test = sequence.pad_sequences (x_test, maxlen=maxlen) sequences

model = Sequential ()

model .add (layers.Embedding (max_features, 128))
model.add (layers.LSTM(32))

model .add (layers.Dense (1, activation='sigmoid'))

model .compile (optimizer="'rmsprop',
loss='binary_ crossentropy',
metrics=['acc'l])

history = model.fit(x_train, y_train,
epochs=10,
batch_size=128,
validation_split=0.2)
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Training and evaluating a bidirectional LSTM

model

model.
model.
model.
.compile (optimizer="rmsprop', loss='binary_ crossentropy', metrics=['acc'])

model

= Sequential ()

add (layers.Embedding (max_features, 32))
add(layers.Bidirectional (layers.LSTM(32)))
add (layers.Dense (1, activation='sigmoid'))

history = model.fit(x_train, y_train,
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epochs=10,
batch_size=128,
validation_split=0.2)
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Training a bidirectional GRU

from keras.models import Sequential
from keras import layers
from keras.optimizers import RMSprop

model = Sequential ()
model .add (layers.Bidirectional (

layers.GRU(32), input_shape=(None, float_data.shapel[-11)))
model .add (layers.Dense (1))

model .compile (optimizer=RMSprop (), loss='mae')

history = model.fit_generator (train_gen,
steps_per_epoch=500,
epochs=40,
validation_data=val_gen,
validation_steps=val_steps)
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GOING EVEN FURTHER
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WRAPPING UP

Prepared by Kazim Fouladi | Spring 2019 | 1st Edition

Here’s what you should take away from this section:

As you first learned in chapter 4, when approaching a new problem, it’s good to first
establish common-sense baselines for your metric of choice.
If you don’t have a baseline to beat, you can’t tell whether you’re making real progress.

Try simple models before expensive ones, to justify the additional expense. Sometimes a
simple model will turn out to be your best option.

When you have data where temporal ordering matters, recurrent networks are a great fit
and easily outperform models that first flatten the temporal data.

To use dropout with recurrent networks, you should use a time-constant dropout mask
and recurrent dropout mask. These are built into Keras recurrent layers, so all you have
to do is use the dropout and recurrent_dropout arguments of recurrent layers.

Stacked RNNs provide more representational power than a single RNN layer. They’re
also much more expensive and thus not always worth it. Although they offer clear gains
on complex problems (such as machine translation), they may not always be relevant to
smaller, simpler problems.

Bidirectional RNNs, which look at a sequence both ways, are useful on natural language
processing problems. But they aren’t strong performers on sequence data where the
recent past is much more informative than the beginning of the sequence.
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Recurrent Attention

Sequence Masking
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Markets and machine learning

Some readers are bound to want to take the techniques we’ve introduced here and
try them on the problem of forecasting the future price of securities on the stock mar-
ket (or currency exchange rates, and so on). Markets have very different statistical
characteristics than natural phenomena such as weather patterns. Trying to use
machine learning to beat markets, when you only have access to publicly available
data, is a difficult endeavor, and you’'re likely to waste your time and resources with
nothing to show for it.

Always remember that when it comes to markets, past performance is not a good
predictor of future returns—Ilooking in the rear-view mirror is a bad way to drive.
Machine learning, on the other hand, is applicable to datasets where the past is a
good predictor of the future.
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SEQUENCE PROCESSING WITH CONVNETS
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Preparing the IMDB data

from keras.datasets import imdb
from keras.preprocessing import sequence

max_features = 10000
max_len = 500

print ('Loading data..."')

(x_train, y_train), (x_test, y_test) = imdb.load data (num_words=max_features)
print(len(x_train), 'train sequences')
print(len(x_test), 'test sequences')

print ('Pad sequences (samples x time) ')

x_train = sequence.pad_sequences (x_train, maxlen=max_len)
x_test = sequence.pad_sequences (x_test, maxlen=max_len)
print ('x_train shape:', x_train.shape)

print ('x_test shape:', x_test.shape)
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Training and evaluating a simple 1D convnet on the IMDB data
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from keras.models import Sequential
from keras import layers
from keras.optimizers import RMSprop

model

model.
model.
.add (layers.MaxPoolinglD(5))

model

model.
model.
model.

model.

model.

= Sequential ()
add (layers.Embedding (max_features, 128, input_length=max_len))
add(layers.ConvlD(32, 7, activation='relu'))

add (layers.GlobalMaxPoolinglD() )

(
(
add(layers.ConvlD(32, 7, activation='relu'))
(
add (layers.Dense (1))

summary ()

compile (optimizer=RMSprop(lr=1e-4),
loss='binary_crossentropy',
metrics=['acc'])

history = model.fit(x_train, y_train,

epochs=10,
batch_size=128,
validation_split=0.2)
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Training and validation accuracy

Training and validation loss

® Training acc ™ bt e ° ® Training loss
— validation acc . — Validation loss
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COMBINING CNNS AND RNNS TO PROCESS LONG SEQUENCES
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Training and evaluating a simple 1D convnet on the Jena data

from keras.models import Sequential
from keras import layers
from keras.optimizers import RMSprop

model = Sequential ()
model .add (layers.ConvlD(32, 5, activation='relu',
input_shape= (None, float_data.shapel[-11)))
model .add (layers.MaxPoolinglD(3))
model .add (layers.ConvlD(32, 5, activation='relu'))
model .add (layers.MaxPoolinglD(3))
model .add (layers.ConvlD(32, 5, activation='relu'))
model .add (layers.GlobalMaxPoolinglD () )
model .add (layers.Dense (1))

model .compile (optimizer=RMSprop (), loss='mae')

history = model.fit_generator (train_gen,
steps_per_epoch=500,
epochs=20,
validation_data=val_gen,
validation_steps=val_steps)
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COMBINING CNNS AND RNNS TO PROCESS LONG SEQUENCES
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Preparing higher-resolution data generators for the Jena dataset
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Unchanged

tep = 3 . . A
s=ep i Previously set to 6 (1 point per hour);
lookback = 720 now 3 (1 point per 30 min)
delay = 144 point p

train_gen = generator (float_data,
lookback=1ookback,
delay=delay,
min_index=0,
max_index=200000,
shuffle=True,
step=step)
generator (float_data,
lookback=1ookback,
delay=delay,
min_index=200001,
max_index=300000,
step=step)
generator (float_data,
lookback=1ookback,
delay=delay,
min_index=300001,
max_index=None,
step=step)
(300000 - 200001 - lookback) // 128
(len(float_data) - 300001 - lookback)

val_gen =

test_gen =

val_steps =
test_steps =
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Model combining a 1D convolutional base and a GRU layer

from keras.models import Sequential
from keras import layers
from keras.optimizers import RMSprop

=S JLdisl s SIS 0¥ 5u b Jae o)
-l o olsl GRU (0¥ S s 0 g0 £ 5 5

model = Sequential ()
model .add (layers.ConvlD(32, 5, activation='relu',
input_shape= (None, float_data.shapel-11)))
model.add (layers.MaxPoolinglD(3))
model .add (layers.ConvlD(32, 5, activation='relu'))
model.add (layers.GRU (32, dropout=0.1, recurrent_dropout=0.5))
model.add (layers.Dense (1))
model . summary ()
model .compile (optimizer=RMSprop (), loss='mae')

history = model.fit_generator (train_gen,

steps_per_epoch=500,
epochs=20,
validation_data=val_gen,
validation_steps=val_steps)
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Training and validation loss
0344 o °

Training loss
— Validation loss

0.0 2j5 5.0 7.5 10.0 125 150 175
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WRAPPING UP

Here’s what you should take away from this section:

+¢ In the same way that 2D convnets perform well for processing visual patterns in 2D
space, 1D convnets perform well for processing temporal patterns. They offer a
faster alternative to RNNs on some problems, in particular natural language
processing tasks.

¢ Typically, 1D convnets are structured much like their 2D equivalents from the
world of computer vision: they consist of stacks of Conv1D layers and Max-
Pooling1D layers, ending in a global pooling operation or flattening operation.

¢ Because RNNSs are extremely expensive for processing very long sequences, but 1D
convnets are cheap, it can be a good idea to use a 1D convnet as a preprocessing
step before an RNN, shortening the sequence and extracting useful representations
for the RNN to process.
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CHAPTER SUMMARY

+¢ In this chapter, you learned the following techniques, which are widely applicable
to any dataset of sequence data, from text to timeseries:
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How to tokenize text
What word embeddings are, and how to use them
What recurrent networks are, and how to use them

How to stack RNN layers and use bidirectional RNNs to build more-powerful
sequence-processing models

How to use 1D convnets for sequence processing

How to combine 1D convnets and RNNs to process long sequences
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You can use RNNs for timeseries regression (“predicting the future”), timeseries
classification, anomaly detection in timeseries, and sequence labeling (such as
identifying names or dates in sentences).

% Similarly, you can use 1D convnets for machine translation (sequence-to-sequence

convolutional models, like SliceNeta), document classification, and spelling
correction.

If global order matters in your sequence data, then it’s preferable to use a recurrent
network to process it. This is typically the case for timeseries, where the recent past
1s likely to be more informative than the distant past.

If global ordering isn’t fundamentally meaningful, then 1D convnets will turn out to
work at least as well and are cheaper. This is often the case for text data, where a
keyword found at the beginning of a sentence is just as meaningful as a keyword
found at the end.
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Deep Learning

with Python

FRANCOIS CHOLLET

MANNING
SHELTER ISLAND

Frangois Chollet,
Deep Learning with Python,
Manning Publications, 2018.

Chapter 6

Deep learning for

text and sequences

This chapter covers

= Preprocessing text data into useful
representations

= Working with recument neural networks

= Using 1D convnets for sequence processing

This chapter explores deep-learning models that can process text (understood as
sequences of word or sequences of characters), timeseries, and sequence data in
general. The two fundamenial deeplearning algorithms for sequence processing
are recurrent neural networks and 1D convneis, the one-dimensional version of the 2D
convnets that we covered in the previous chapters. We'll discuss both of these
approaches in this chapter.

Applications of these algorithms include the following:

Document classification and timeseries classification, such as identifying the
topic of an article or the author of a book

Timeseries comparisons, such as estimating how closely related two docu-
ments or two stock tickers are




