Some basic applications of word embeddings

®©) deeplearning.ai



Some basic applications of word embeddings

village
city  town
gas country
oil happ?
petroleum ,
sad ©  joyful

Semantic analogies
and similarity

®©) deeplearning.ai



Some basic applications of word embeddings

village
city  town >
gas country E® Sy *X- l-.:
pgtirl'uleum happy b — :
sad ©  joyful
Semantic analogies Sentiment analysis

and similarity

©) deeplearning.ai



Some basic applications of word embeddings

village
city town A -
gas country * ¢+ SCLES . .
C ok LA
T

petroleum

sad ©  joyful
Semantic analogies Sentiment analysis Classification of
and similarity customer feedback

®©) deeplearning.ai



Advanced applications of word embeddings

Machine translation

®©) deeplearning.ai



Advanced applications of word embeddings

Machine translation Information extraction

©) deeplearning.ai



Advanced applications of word embeddings

Machine translation Information extraction Question answering

©) deeplearning.ai



Learning objectives

e |dentify the key concepts of word representations

®©) deeplearning.ai



Learning objectives

e |dentify the key concepts of word representations

e Generate word embeddings

@) deeplearning.ai



Learning objectives

e |dentify the key concepts of word representations
e Generate word embeddings

e Prepare text for machine learning

®©) deeplearning.ai



Learning objectives

e |dentify the key concepts of word representations
e Generate word embeddings
e Prepare text for machine learning

¢ Implement the continuous bag-of-words model

®©) deeplearning.ai



Learning objectives Prerequisite: neural networks

e |dentify the key concepts of word representations
e Generate word embeddings
e Prepare text for machine learning

¢ Implement the continuous bag-of-words model
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One-hot vectors
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Word embedding vectors “happy”
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o e.g. semanticdistance

forest = tree forest # ticket
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Terminology

word vectors

integers one-hot vectors word embedding vectors
“word vectors”

word embeddings
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Summary

e Words as integers

e Words as vectors
o One-hot vectors
o Word embedding vectors

e Benefits of word embeddings for NLP
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Basic word embedding methods
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Basic word embedding methods

e word2vec (Google, 2013)
o Continuous bag-of-words (CBOW)
o Continuous skip-gram / Skip-gram with negative sampling (SGNS)

e Global Vectors (GloVe) (Stanford, 2014)

e fastText (Facebook, 2016)
o Supports out-of-vocabulary (OOV) words
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Advanced word embedding methods

Deep learning, contextual embeddings

e BERT (Google, 2018)

Tunable pre-trained

e ELMo (Allen Institute for Al,2018) > .
models available

e GPT-2(OpenAl, 2018)
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CBOW in a nutshell

INPUT PROJECTION QUTPUT

w(t-2)
wit-1)
SUM

i - wit)

4
wit+1) Source: Mikolov, T, Chen, K.,

Corrado, G.S., & Dean, J. (2013).

. Efficient Estimation of Word

Representations in Vector Space
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Example in Python: corpus

Who ¥ word embeddings" in 20207 | do!!!

emoji punctuation number
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Example in Python: libraries
I # pip itnstall nLtkr
# pip install emoji

import nltk
from nltk.tokenize import word tokenize
import emoji

nltk.download('punkt') # download pre-trained Punkt tokenizer for English
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Example in Python: code
corpus = 'Who ¥ "word embeddings" in 2020? I dol!!'

data = re.sub(r'[,!?;-]+", '.', corpus)
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Example in Python: code

corpus = 'Who ¥ "word embeddings" in 2020? I dol!!'

L] L]

data = re.sub(r'[,!?;-]+", '.', corpus)

-+ Who ¥ "word embeddings" in 2@2e. I do.
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Example in Python: code

corpus = 'Who W "word embeddings" in 2020? I dol!!'

L] L]

data = re.sub(r'[,!?;-]+", '.', corpus)
data = nltk.word_tokenize(data) # tokenize string to words

- ['Hhﬂ', |¥|j |'='=|, 'Hﬂl‘d', IembEddingslj IIllII, 'il‘l', IIEIEI_’ |l"|.j II‘,
'dD'_, |'I]
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Example in Python: code

corpus = 'Who ¥ "word embeddings" in 2020? I dol!!'

data = re.sub(r'[,!?;-]+", '.', corpus)
data = nltk.word_tokenize(data) # tokenize string to words
Idata = [ ch.lower() for ch in data
if ch.isalpha()
or ch == ",°
or emoji.get_emoji_regexp().search(ch)
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Example in Python: code

corpus = 'Who ¥ "word embeddings" in 2020? I dol!!'

data = re.sub(r'[,!?;-]+", '.', corpus)
data = nltk.word_tokenize(data) # tokenize string to words
data = [ ch.lower() for ch in data

if ch.isalpha()

or ch == ",°

or emoji.get_emoji_regexp().search(ch)

]

+ ['who', '®¥"', 'word', 'embeddings', 'in', '.', 'i', 'do', '.']
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Sliding window of words in Python

def get_windows(words, C):
1=2¢C
while i < len(words) - C:
center word = words[i]
context_words = words[(i - C):i] + words[(i+1):(i+C+1)]

yield context_words, center_word
1 +=1
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i=C
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center word = words[i]
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yield context_words, center_word
1 +=1
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Sliding window of words in Python

def get_windows(words, C):
i i=cC
while i < len(words) - C:
center word = words[i]
context _words = words[(i - C):i] + words[(i+1):(i+C+1)]
yield context_words, center_word
1 +=1

I am | happy | because | | am | learning
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L i=cC
while i < len(words) - C:
center word = words[i]
context_words = words[(i - C):i] + words[(i+1):(i+C+1)]
yield context_words, center_word

1 += 1
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Sliding window of words in Python

def get_windows(words, C):
i i=cC
while i < len(words) - C:
center word = words[i]
context_words = words[(i - C):i] + words[(i+1):(i+C+1)]
yield context_words, center_word

1 +=1
I am | happy | because | | am | learning
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Sliding window of words in Python

def get_windows(words, C):
1=2¢C
I while i < len(words) - C:
center word = words[i]
context_words = words[(i - C):i] + words[(i+1):(i+C+1)]
yield context_words, center_word

1 +=1
| am | happy | because ‘ | am | learning
0o 1 2 3 _|4] 5 6
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Sliding window of words in Python

def get_windows(words, C):
i=C
I while i < len(words) - C:
center word = words[i]
context _words = words[(i - C):i] + words[(i+1):(i+C+1)]
yield context_words, center_word

1 +=1
| am | happy | because | | am | learning
0 1 2 3 . 4 5 6
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Sliding window of words in Python

def get_windows(words, C):
i=C
while i < len(words) - C:
center word = words[i]

I context_words =|words[(i - C):i]|+|words[(i+1):(i+C+1)]
yield context_words, center_word
1 +=1
I am || happy || because | | am | learning
0 1 E 3 4 - 6
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Sliding window of words in Python

def get_windows(words, C):
i=C
while i < len(words) - C:
center word = words[i]
context_words = words[(i - C):i] + words[(i+1):(i+C+1)]
yield context_words, center_word

I i+=1
I am | happy | because | | am i learning
0. 1 2 3 4 5 6
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Sliding window of words in Python

def get_windows(words, C):

yield context_words, center_word

for x, y in get _windows(
["i', 'am', "happy', 'because’, 'i', "am', 'learning’'],
2
):
print(f' {x}\t{y}")
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Sliding window of words in Python

def get_windows(words, C):

yield context_words, center_word

for x, y in get_windows(
["i', 'am', "happy', 'because’, 'i', "am', 'learning’'],
2
):
B print(f'{x}\t{y}")
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Sliding window of words in Python

for x, y in get_windows(
["i', 'am', 'happy', 'because', 'i', 'am', 'learning’'],
2
):
print(f'{x}\t{v}"')

-+ ['I', "am', 'because', "'I'] happy
am', ‘happy’', 'I', 'am'] because
[ "happy', 'because’', "am', 'learning’'] I

[I
[I
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Transforming center words into vectors

Corpus | am happy because | am learning
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Transforming center words into vectors

Corpus | am happy because | am learning

Vocabulary am, because, happy, |, learning
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Transforming center words into vectors

Corpus | am happy because | am learning

Vocabulary am, because, happy, |, learning

One-hot
vector am [
because
happy
|
learning |
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Transforming center words into vectors

Corpus | am happy because | am learning

Vocabulary am, because, happy, |, learning

One-hot am
vector am [ 1 )
because 0
happy 0
| 0
learning | O
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Transforming center words into vectors

Corpus | am happy because | am learning

Vocabulary  am, because, happy, |, learning

One-hot am because
vector am [ 1 (0
because 0 1
happy 0 0
| 0 0
learning | 0 L 0 ]
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Transforming center words into vectors

Corpus | am happy because | am learning

Vocabulary am, because, happy, |, learning

One-hot am because  happy learning

-

vector am [ 0 ] 0 (0
because

happy
|

learning |
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Transforming context words into vectors

Average of individual one-hot vectors
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Transforming context words into vectors

Average of individual one-hot vectors

I am because I
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Transforming context words into vectors

Average of individual one-hot vectors

I am because I
am [ 0
because 0
happy 0
| 1
learning | O
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Transforming context words into vectors

Average of individual one-hot vectors

I am because I
am [ 0
because 0
happy 0
| 1
learning | O
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Transforming context words into vectors

Average of individual one-hot vectors

am because I

I
am [ 0 1
because 0 0
happy 0 0
| 1 0
learning | O 0
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Transforming context words into vectors

Average of individual one-hot vectors

am because

I |
am [ 0 1 B B
because 0 0 1 0
happy 0 0 0 0
| 1 0 0 1
learning { O 0 0 0
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Transforming context words into vectors

Average of individual one-hot vectors

f I am because ) | am because |
am [ 0 Bl R 0 0.25 )
because | O 0 1 0 0.25
happy | O | + | O [ + [ O [+ | O /4 = 0
1| 1 0 0 1 0.5
learning { O . 0 | B . 0 .
L. -
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Transforming context words into vectors

Average of individual one-hot vectors

f I am because ) | am because |
am [ 0 Bl R 0 0.25 )
because | O 0 1 0 0.25
happy | O | + | O [ + [ O [+ | O /4 = 0
1| 1 0 0 1 0.5
learning { O _ 0 | B . 0 L 4
L. -
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Final prepared training set

Context words Context words vector Centerword  Center word vector

| am because | 10.25;0.25;0;0.5; 0] happy [0; 0; 1; 0; 0]
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Final prepared training set

Context words Context words vector Centerword  Center word vector

| am because | [0.25;0.25;0;0.5; 0] happy [0; 0; 1; 0; 0]
am happy | am [0.5; 0:0.25;0.25; 0] because [0; 1; 0; 0; 0]

happy because am learning  [0.25;0.25;0.25;0; 0.25] ] [0;0;0;1;0]

ing.ai
®©) deeplearning.ai



Architecture of the CBOW model
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Architecture of the CBOW model

Input layer Hidden layer Output layer
O O O
O O O
O O O
O O @,
O O O

@) deeplearning.ai



Architecture of the CBOW model

Input layer Hidden layer Output layer
Context words O O @, Center word
vector O O O vector
x= O O ® O| L) -
O O @,
O O O
X y
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Architecture of the CBOW model

Input layer Hidden layer Output layer
Context words O O @, Center word
vector O O O vector
x= D O ® O| L) -
v | : : E Vi)
O O @,
VIO O VIO
X y
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Architecture of the CBOW model

Input layer Hidden layer Output layer
Context words O O O Center word
vector O ® O vector
- *~. ® i . - a
x= D> (O ® O| L) -
A : : : Vi
“I am happy O O O
becauselam V|() O VIO
learning” -
+V=5 X \|
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Hyperparameters

Architecture of the CBOW model Wtk Stbesdine e
Input layer Hidden layer Output layer
Context words O O O Center word
vector O O O vector
X D O O ol -
vi ) I : 5 Vi
“I am happy O O (B
becauselam V|() O VIO
learning” -
—V=5 X \
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Hyperparameters

Architecture of the CBOW model N: Word embedding size

Input layer Hidden layer Output layer
Context words O O O Center word
vector O O O vector
- ~ . ] Ry - R
x= D O ® O| L) -
A : : E Vi)
“I am happy O O O
becauselam V|() NI VIO
learning” -
—+V=5 X \
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Hyperparameters

Architecture of the CBOW model N Word smbedding size

Input layer Hidden layer Output layer
Context words O O O Center word
vector O O O vector
- *~. e . . - a
| | oe : 5|0 5-
AR : : : VI )
“I am happy O O O
becauselam V|() NI VIO
learning” -
»V=5 X h \|
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Architecture of the CBOW model

Input layer

Context words
vector
-

n

b

“I am happy

becauselam V

learning”
—+V=5

Hyperparameters
MN: Word embedding size

Hidden layer

O
O
O
X

deeplearning.ai

Output layer

O
O

Center word
vector

- ‘-.




Hyperparameters

Architecture of the CBOW model N: Word embedding size

Input layer Hidden layer Output layer

Context words O Center word
vector O vector

IF. h L L] L] é ""

n

b

becauselam V
learning”
V=5

O
“I am happy Q
O
X
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Hyperparameters

Architecture of the CBOW model N Word embedding size

Input layer Hidden layer Output layer

Context words Center word

@, @,
vector O O vector

IF. K L - L] é ""

n

b

becauselam V
learning”
V=5

O
“I am happy Q
O
X
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Hyperparameters

Architecture of the CBOW model M Word smbedding size

Input layer Hidden layer Output layer

Context words Center word

@, @,
vector O O vector

IF. 7 L L] L] ~ ""

)

b

becauselam V
learning”
V=5

O
“I am happy Q
O
X
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Architecture of the CBOW model

Input layer

Context words

vector
-

b

“I am happy
because | am
learning”

+V=5

n

\

Hyperparameters
MN: Word embedding size

Hidden layer

O
O
O
X

@) deeplearning.ai

Output layer

O
O

Center word
vector
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Architecture
of the CBOW
M@el:

Dimensions




Dimensions (single input)

Input layer Hidden layer Qutput layer
O

O O
O O

o
o
o
O
h
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Dimensions (single input)

Input layer Hidden layer Qutput layer
O

O O
O O

o
o
o
O
h
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Dimensions (single input)

Input layer

O
O

z,= Wlx + I:u1

h= RELU[:J
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Dimensions (single input)

Input layer
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z,= Wlx + I:u1
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Dimensions (single input)

Input layer

O
O

z,= Wlx + I:u1

h= RELU[I,IJ
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Dimensions (single input)

Input layer

O
O

z,= Wlx + I:u1

h= RELU[I,IJ

© deeplearning.ai

Nx1

Nx1

Hidden layer

Qutput layer

O
O




Dimensions (single input)
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Dimensions (single input)

Input layer
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z,= Wlx + I:u1
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Dimensions (single input)

Input layer

O
O

z,= Wlx + I:u1

h= RELU[I,IJ

© deeplearning.ai

Nx1

Nx1

Hidden layer
O

o
o
o
O
h

Nx1

z,= th + I::2

Vx1

§ = softmax(z,) Vx1

Qutput layer




Dimensions (single input)

Column vectors

31=W1“+b1 Iﬁ{ ] Wf{ NxV } X = h1=l ]
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Dimensions (single input)

Column vectors

31=W1“+b1 Iﬁ{ ] Wf{ NxV } X= h1=l ]
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Dimensions (single input)

Column vectors

zl=W1x+ b1 z, = { ] W, = { N x V } X = h1=l ]
. Nx 1
bt Vx1 :
Row vectors
Z=HWT+b I:':lz[ 1KN] W, = NxV h=[ 1KN]
1 1 1 1 1

x=[ 1xv |
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Architecture
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Dimensions 2




Dimensions (batch input)

Input layer Hidden layer Qutput layer

O
O
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Dimensions (batch input)

Input layer Hidden layer Qutput layer

Context words
vectors

O
O

A~
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Dimensions (batch input)

Input layer Hidden layer Qutput layer

Context words
vectors
— matrix

Y 4

e | yelm)
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Dimensions (batch input)

Input layer Hidden layer Qutput layer

Context words
vectors

— matrix
h RN &

| yelm)

Z =WX+B, Nxm

H=ReLU(Z) Nxm

N xm
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Dimensions (batch input)

Input layer Hidden layer Qutput layer

Context words
vectors

— matrix
h RN &

| yelm)

Z =WX+B, Nxm

H=ReLU(Z) Nxm

N xm
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Dimensions (batch input)

Input layer Hidden layer Qutput layer

Context words
vectors

— matrix
A RN &

e | yelm)

Z =WX+B, Nxm

H=ReLU(Z) Nxm

N xm
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Dimensions (batch input)

Input layer Hidden layer Qutput layer

Context words
vectors

— matrix
= Sy 1

e | ylm)

Z =WX+B, Nxm

H=ReLU(Z) Nxm

N xm
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Dimensions (batch input) M =5 [H : H] |N roadcesting

ol =
e

Input layer Hidden layer Qutput layer

Context words
vectors

— matrix

Y a

e | yqlm)

Z =WX+B, Nxm

H=ReLU(Z) Nxm

N xm
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Dimensions (batch input) M = [H i H] |N proadcesting

- =
i N

Input layer Hidden layer Qutput layer

Context words
vectors

— matrix
= s Sy 1

| yqlm)

o

) 3
<

Zi="I.\"'dn\"il'i'f|{+B,1 N x m zz="'an"'ﬂ"1H+B2 Vxm

H=RelU(Z) Nxm Y =softmax(Z,) Vxm

N xm
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Dimensions (batch input)

Context words
matrix

X = [|x®] - |y

@) deeplearning.ai

Input layer Hidden layer

O /1O
O O
. w:l. .
v O e O
O O
X H

Vxm Nxm

QOutput layer

¥

Predicted
center word

g -
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Dimensions (batch input)

Context words
matrix

X = ||| - |y

@) deeplearning.ai

Input layer Hidden layer
O /1O
O O
. w:l. .
v O e O
O O
X H
Vxm Nxm

Qutput layer

¥

Predicted
center word

gl -

matrix

o

?Em:l

W




Rectified Linear Unit (ReLU)
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Rectified Linear Unit (ReLU)

Input layer Hidden layer
O /1O z, =W x+b,
O O h =RelLU(z,)
: W, : 1
O b, O
O RelLU O
O O
X h
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Rectified Linear Unit (ReLU)

ReLU(x) = max(0, x)

Input layer Hidden layer
O /1O z, =W x+b,
O O h=RelLU(z,)
: W, ; 1
O b, O
O RelLU O
O O
X h
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Rectified Linear Unit (ReLU)

ReLU(x) = max(0, x)

Input layer Hidden layer
O /1O z, =W x+b,
O O h=RelLU(z,)
: W, ; 1
O b, O
O RelLU O
O O
X h

@) deeplearning.ai



Rectified Linear Unit (ReLU)

Input layer Hidden layer
O /1O
O O
: W, :
O b, @,
O RelLU O
O O
X h

@) deeplearning.ai

(51 )
03

-4.6
| 0.2

z:l='4.r"4.~"1:n:+l:::L

h= RELU[Ii}

ReLU(x) = max(0, x)




Softmax

Hidden layer Output layer

O /1O
O O
: W, ;
O b, O
O O
h y
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Softmax

Hidden layer Output layer

O /19| z=Wh+b,
O O
: W, ;
O b, O
O O
h y
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Softmax

Hidden layer Output layer

O /1O z=Wh+b
O O 2 2

: w, : § = softmax(z)
O b, O
O O

h y
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Softmax < [0, 1]¥

eR" |?Ef£"133> ‘

Hidden layer Output layer

O /1O z=Wh+b,
O O

: w, : § = softmax(z)
O b, O
O O

h y
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Softmax eR¥ | s_nftma;> [0, 1]
Hidden layer Output layer }:il

O /1O] z=Wh+b,

O O

: w, : ¥ = softmax(z)

O b, O

O O

h \j
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Softmax eR¥ | s_nftma;> [0, 1]
Hidden layer Output layer }:il Lokt

O /1O z2=Wh+b

O O

: w, : ¥ = softmax(z)

O b, O

O O

h \j

®©) deeplearning.ai



Softmax eRX |5nftmal-> e[0, 1K
~probabilities

Hidden layer Output layer Iil P t

O /1O] z=Wh+b,

O O

: w, : § = softmax(z) ,

O hz O I ‘?{1 )

| |softmax| |~ Z |5nftma_>

O O Ao

h y
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Softmax eRX |snftma:_.> [0, 1]
~probabilities

Hidden layer Output layer Iil P t

O /1O] z=Wh+b,

O O

: w, : § = softmax(z) ,

O hz O f ‘?{1 )

oy| |softmax| |~ Z |5nftma>

O O Ao

h \J
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Softmax eR" |_59_ﬂﬁ?> e[0, 1¥
~probabilities

Hidden layer Output layer Iil

O /1O] z=Wh+b,

O O

. w . ¥ = softmax(z)

2 : §

O h: O I1 j:l1 ) d

O softmax O = |5uftmq> . | happy

O O vl Z, | vl ?VJ zebra

h \J
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Softmax eR" @> e [0, 1I¥
' } ~probabilities
Hidden layer Output layer 51
O /O] z2=Wh+b,
O O
: w : § = softmax(z) .
2 4  J
f ™) S
O h: O I} }il .
: Dy z |5nftma> ¥, | happy
O O : ‘ : E
O O vl Z, | vl ?VJ zebra
h y Probabilities of
being center word

®©) deeplearning.ai



SOftmaX e R¥ |5nftma:l-> e [0, 1]¢
} ~probabilities
Hidden layer Output layer Tl
O /1O z=wh+b,
O O
: w - ¥ = softmax(z)
2 . i’
- N CoY
O hz O -?-':L }il a
: : : ﬁ f'.’F“
O softmax O zZ |5thma> . | happy Yi =
E : : el
O O Z ¥ zebra jz:]
Ve Vo Vi Jv
h ? Probabilities of
being center word

©) deeplearning.ai



Softmax eR" @> e [0, 1]¥
} ~probabilities
Hidden layer Output layer 51
O /1O| z=wWh+b,
O O
) w : ¥ = softmax(z)
2 ; j‘r
~ ™ S
O h:z O I} }il -
. | . : ) E?E’
(| |softmax| |~ i |5°ﬁ:""3> y; [ haeey Ui =g
: : : Ez-j
O O Z ¥ | zebra ;.El
Ve Vo Vi v
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Softmax: example Ui =
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Softmax: example Ji = —

Z e
j=1
z exp(z)
9 ) 8103
8 2981
11 | [exp > | 59874
10 22026
85 4915

ey
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Softmax: example Ui = —

Y e
J=1
z exp(2)
S 2 8103
8 2981
11 | [exp > | 59874
10 22026
85 | 4915
¥=97899

®©) deeplearning.ai



Softmax: example Ui = g

> e
j=1
z exp(z)
S 8103
8 2981
11 | [exp > | 59874
10 22026
85 | 4915
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Softmax: example Ui = gm

> e
j=1
z exp(z) ¥ = softmax(z)
9 ) © 8103
8 2981
1 g | exp | 59874 [
10 22026
. 8.5 ] L aads
F=97899
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Softmax: example

11
10

exp

exp(z)

8103

2981
59874
22026

4915

'

‘Iﬁu
Ui =g

> e

1=

§ = softmax(z)

[ 0.083 )

=

J

3=97899
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Softmax: example Ui = o

> e
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z exp(z) § = softmax(z)
9 ~ 8103 (0083 )
8 2981
11 exp 59874 /X
10 22026
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Softmax: example

11
10
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exp

exp(z)
»
2981

59874
22026

4915

'

™

8103 )

Y,

3=97899
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Softmax: example Ui = gm
2 e
=1

z exp(z) ¥ = softmax(z)
T 9 ~ 8103 (0.083 )
8 2981 0.03
11 exp 59874 /2 > | 0612
10 22026 0.225
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Softmax: example
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8 2981
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Softmax: example
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Softmax: example
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Softmax: example
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Softmax: example Ui

V
> e
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z exp(z) § = softmax(z)
s ~ 8103 ) ( 0.083 ) am
8 2981 0.03 because
i | exp 59874 ' ‘ 0.612 | happy + Predicted center word
10 22026 0.225 I
- 4915 . 005 ) learning
l '
¥=97899 ¥=1
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Loss
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Loss

Input [:> Machine learning |:> Prediction Truth
model N y

Parameters
Loss error
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Loss

X ¥ y
Context Predicted Actual
words CBOW center word center word
vector vector vector
Input [:> Machine learning |:> Prediction Truth
model N y
e i
minimize
Parameters >
i Loss error
adjust
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Loss

X ¥ y
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words CBOW center word center word
vector vector vector
Input [:> Machine learning |:> Prediction Truth
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h 1 Loss error
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Yy &2 adjust
cross-entropy loss
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Actual y Predicted . “
Cross-entropy loss Bn oe|
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J == Z Y log Yy,
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Actual y Predicted N
Cross-entropy loss e } .- { &
\/ ) Yy ;' ]
J==> yplogiy
=1 | am happy because | am learning
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(0 | am (0083 | (545 |
0 | because 0.03 -3.49
1 | happy | 0.611 log > -0.49
0 || 0.225 | -1.49
0 | learning . 005 | -2.49 )
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o Predicted
Actual y 9
Cross-entropy loss I 0-| 2
V ?V j*'r'»,;
J== ylog i
k—1 | am happy because | am learning
Y y log(§) y © log(§)
(0 | am (0.083 (249 | (o
0 | because 0.03 -3.49 0
1 | happy | 0.611 log > -0.49 oy > -0.49
0 I 0.225 -1.49 0
! 0 | learning 1 0.05 -2.49 ) 0
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o Predicted
Actual y 9
Cross-entropy loss i i
V ?V j*'r'»,;
J == ylog i
k=1 | am happy because | am learning
Y y log(§) y © log(§)
(0 | am (0.083 (249 ) (o
0 | because 0.03 -3.49 0
1 | happy | 0.611 log > -0.49 oy > 049 |
0 I 0.225 -1.49 0
k 0 | learning E, 0.05 | -2.49 ) 0
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Actual Predicted

Cross-entropy loss o

V

Jo— | amhappy because | am learning

y log(§) y © log(§)

| am (0,083 | A e

because 0.03 -3.49 0

| happy | 0,611 -0.49 > 049 |
I 0.225 -1.49 0
learning 5 0.05 | | -2.49 0

-—

=
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V
Cross-entropy loss J==3"ylog i
k=1
e -
0 because
1 happy
D l
! 0 | learning
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V
Cross-entropy loss J == yrlog g
k=1
y \
(0 | am (096 )
0 because 0.01
1 happy 0.01
0 1 0.01
| O | learning . 0.01 )
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V
Cross-entropy loss J == ylog i
k=1
y § log(§)
i 0 | am f 0.96 1 .0.04 )
0 because 0.01 461
1 happy 0.01 log > -4.61
0 l 0.01 -4.61
! 0 ._ learning § 0.01 ) : -4.61
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;
Cross-entropy loss J ==Y ylog i
k=1

Y ¥ log(§) y © log(¥)
i am (096 " 004 | e
0 because 0.01 -4.61 | 0
1 happy 0.01 log > -4.61 QY > -4.61
-]
0 l 0.01 -4.61 0
0 | learning | 0.01 | ! -4.61 | ._ 0
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V
Cross-entropy loss J==3 yrlog i
k=1
y § log(§) y o log(§)
(0 am [ 096 ) (004 | (o |
0 because 0.01 -4.61 0 ]
1 happy 0.01 log > -4.61 oy ) [=461 -2 > J=4.61
0 ! 0.01 -4.61 0
! 0 | learning i 0.01 ) I -4.61 | L 0 )
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v
Cross-entropy loss J=-Yylogi
k=1
y \ log(§) y © log(§)
(o] am [ 096 ) (004 | [0
0 because 0.01 -4.61 0
1 happy 0.01 log > -4.61 oy | -4.61 - > J=461
0 I 0.01 -4.61 0 S
| 0 learning | 0.01 x__4'61 L 0 y

J{r.nrrﬂf-’f:' =0.49
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lii_..-
Cross-entropy loss J==3"ylog i
k=1
J - _log yactualword
y \J
i am 096 |
0 because 0.01
1 RapPYNo0EN — ) =4.61
0 ! 0.01
k 0 , learning | 0.01 )
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1_..
Cross-entropy loss J ==y log i
k=1
J - _log yactualword

y § .
(0 | am  0.96 ) 3|

0 | because 0.01 EI

IEEENeoE - ) =4.61

0 1 0.01 )
k 0 learning | 0.01 )

¥actual word
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liy'.'
Cross-entropy loss J==3"yplog gy
k=1
J = _log yactualword
. incorrect
y ? ) predictions:
e ~ . g, penalty
0 am [ 0.96 | 2
0 because 0.01 E
g RapPYN00EN — J=4.61 : correct
0 I 0.01 X predictions:
0 learning | 0.01 | reward

¥actual word
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Training process

e Forward propagation
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Training process

e Forward propagation

e Cost
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Training process

e Forward propagation
e Cost

e Backpropagation and gradient descent
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Forward propagation

Input layer Hidden layer Qutput layer
O O O
O O O
: W, : W, :
O B, O B, O
O RelLU O softmax ®
O O O
X H Y
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Forward propagation

Input layer Hidden layer Qutput layer
Context words O O O
matrix O O O
T PN E wl E wz -
=[x~ x| O O B O BES O
" J O RelLU ® softmax ®
O O O
X H Y
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Forward propagation

Input layer Hidden layer Qutput layer
Predicted
C:::-ntex::: "."“” rds O O O center word
UL O ® O matrix
"'-.-* = ~ *-."'I E w1 E wz E o - e -y
X= x{i:l es x[m:l |:> O Bl O B= O [> ir = fiﬂ ‘et ir[rn}l
. J O RelLU O softmax ® . s
O O O
X H Y
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Forward propagation

Input layer Hidden layer Qutput layer
Predicted
C:::-ntex::: "."“” rds O O O center word
Lol O O O matrix
"'-.-* = ~ -\."'I E w1 E wz_ E o - e -y
X= x{i:l es x[m:l |:> O Bl O B= O [> ir - j‘”:l ‘es ir[rn}l
. J O RelLU ® softmax ® . g
O O O
X H Y
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ZI=W1}{+BI ZE=W=H+EE

Forward propagatlon H=RelU(Z,) ¥ = softmax(Z,)
Input layer Hidden layer Qutput layer
Context words @ O O center word
I e O O O matrix
T S wl wz e PR
X= x{i:l es x[m:l |:> O Bl O B= O [> ir - fiifl ‘es ir[rn}l
- . O RelLU O softmax O Nl .J
O O O
X H Y
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1_...
Cost J = — Z y. log ;.

k=]
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1_...
Cost J=— Z y. log ;.

k=1

Cost: mean of losses
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1_...

Cost J = — Z y. log ;.

k=1
Cost: mean of losses
| m V __ _ Predicted Actual center
Jp, e T g E 'U{'E}ID”‘ '1)."['” e word matrix
“batch m J 9 S 3 matrix
!:-:] J:]_ e~ PR e = P
‘i’= 5,[1] j-,.!m! "f= -,’,[1] Ylm]
'\.“ o w ..-'.‘ "'-h - LS .a."
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1_...

Cost J=— Z y. log ;.

k=1
Cost: mean of losses
1 m Vv Predicted
T § :E :y log y center word prier e
Ybatch — = e
E_]J 1 T P o - P
1 1 ‘i’= 5,[1] e j;!m] Y= .,’r[‘l] i Yllm]
t} . —_— +}(£}
batch m 4 1 L) U )
1=
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Minimizing the cost
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Minimizing the cost

e Backpropagation: calculate partial derivatives of cost with respect to
weights and biases

ajbu.f('h anﬁ!{'h a‘]buh'h anuic*h
OW,  OWsy  0b;  Obsg
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Minimizing the cost Joatch = F(W1, W2, b1, b2)

e Backpropagation: calculate partial derivatives of cost with respect to
weights and biases

anufrh anﬁ!ch anu!('h anufc*h
OW1  OWo  0by = 0bsg
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Minimizing the cost

e Backpropagation: calculate partial derivatives of cost with respect to
weights and biases

ajbu.f('h an{H{.‘h anuh'h anuic*h
OW1  OWo  0by = 0bsg

e Gradient descent: update weights and biases
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Backpropagation
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Backpropagation

dJ batch
IOW

a.J batch
dWo

d ”rhnh'h
by

a”rhufr'h
dbo
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Backpropagation

Hmeh'h 1 : < : |
S = el (wz (Y — YJ) X

a.J batch
dWo

d ”rhnh'h
by

9, ”rhufr'h
dbo
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Backpropagation

VSt | A .
raﬁ'{f —ReL.U (W3 (¥ - )X
'ﬂ'jé'mh-.": l \ |

dWo _m{Y H
d ”rhnh'h

by
d ”rhufr'h

dbo
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Backpropagation

Sy s 1 R

raiﬁf —ReLU (wz' (Y — Y]) X'
d.J batch l - \ [

OWo  m WX e

Opaten 1 iy T
atch _ n~L1.(w Y-Y)l
f}bl m ¢ 2{ ] m

s, ”rhufr'h
by
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Backpropagation

OJpateh 1 : [ R

~ baty ReLU (w {Y—Y)X

OWy  m 2 J 1=(1..1]
'ﬂ"r!'mh-.": l \ | il

OWo  m (¥ =15 i {4 [
';_—]Jm ch 1 r C ' - '

E;b;f N mm‘u' (WJ{Y - Y]) L
d ”rhufr'h

b
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Backpropagation

DI pr i 1 R

raﬁﬁ;’* —ReLU (wz' (Y — Y]) X'
d.J batch l TT |

dWo __wrf(‘rr_-‘rjfi

Opaten 1 iy T
atch _ H~L[.(W Y—Y)l
tfjbl m ¢ 2{ ] m

9, ”rhufr'h
by

el

import numpy as np
# code to initialize matrix a omitted

np.sum{a, axis=1, keepdims=True)
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Backpropagation

A Jpateh 1 T [ ]

 bat ReLU (W {Y—Y)X

OW1 m 2\ ] 1= [:1”"_1]
0.J batch l - TT | =

IOWq Hﬂ(ir-1fuli H1- 11—
'{—)J’m il 1 T ¥ i ~ 1

E;bif N mm‘LL (WJ{Y - Y]) Lm

import numpy as np
# code to initialize matrix a omitted

a'jr'i*'”f”r‘ : (‘i’ _ le;l;l np.sum{a, axis=1, |keepdims=True)
dbo m
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Gradient descent

Hyperparameter: learning rate o

o H'}E}H!f'h
Wl = Wl — ¥ awl

aJ hateh
ﬁ}hlg
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Gradient descent

Hyperparameter: learning rate o

A Jpatch
Wi =W, -
1 1= 5w,

_'ﬁ‘}huh i
b,

aJ hateh
Uhg
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Extracting Word
Embedding
Vectors




Extracting word embedding vectors: option 1

Input layer Hidden layer Output layer
O O O
W, b, | RelU W, b, |softmax
O O O
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Extracting word embedding vectors: option 1

Input layer Hidden layer Output layer
O O O
W, b, | RelU W, b, |softmax
O O O
w = [[w[ﬂ} can [.WWJ ] N
1
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Extracting word embedding vectors: option 1

Input layer Hidden layer Output layer
O O O
W, b, | RelU W, b, |softmax
O O O

i alTl
because
N X = happy V

v |

Y 2 ) learning
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Extracting word embedding vectors: option 1

Input layer Hidden layer Output layer
O O O
W, l.'ll RelLU W, I:I\2 softmax
O O O

am
A am
because
W1= [wtﬂ] [WM] N X = happy V
¥ |
- v 2 ) learning
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Extracting word embedding vectors: option 2

Input layer Hidden layer Output layer
O O O
W, b, | RelU W, b, |softmax
O O O

[ we )1
W, = V
[ w ]
N
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Extracting word embedding vectors: option 2

Input layer Hidden layer Output layer
O O O
W, b, | RelU W, b, |softmax
O O O

[ wit J 1 (] am
because
W, = V X = happy V
. I
[ w 4 . J learning |
N
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Extracting word embedding vectors: option 3
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Extracting word embedding vectors: option 3

e e

Vv
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Extracting word embedding vectors: option 3

happy
|

J learning |

C ) oW [
because
w3= 0.5 {w1+w;:| = wa‘.'ﬂ wﬂm | N X = V

Vv

®©) deeplearning.ai



Intrinsic evaluation
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Intrinsic evaluation

Test relationships between words

®©) deeplearning.ai



Intrinsic evaluation

Test relationships between words
e Analogies
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Intrinsic evaluation

Test relationships between words
e Analogies

Semantic analogies
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Intrinsic evaluation

Test relationships between words
e Analogies

Semantic analogies
"France” is to "Paris” as "ltaly” is to <7>

Syntactic analogies
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Intrinsic evaluation

Test relationships between words
e Analogies

Semantic analogies
"France” is to "Paris” as "ltaly” is to <7>

Syntactic analogies
“seen” isto "saw" as "been” isto <7>
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Intrinsic evaluation

Test relationships between words
e Analogies

Semantic analogies
"France” is to "Paris” as "ltaly” is to <7>

Syntactic analogies

“seen” isto "saw" as "been” isto <7>

- Ambiguity
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Intrinsic evaluation

Test relationships between words
e Analogies

Semantic analogies
"France” is to "Paris” as "ltaly” is to <7>

Syntactic analogies

“seen” isto "saw” as "been” is to <7>

% Ambiguity
"wolf” is to "pack” as “bee” is to <?> = swarm? colony?
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Intrinsic evaluation

Test relationships between words

e Analogies Relationship

France - Pans
big - bigger
Miami - Florida
Einstein - scientist
Sarkoey - France
copper - Cu
Berlusconi - Silvio
Microsoft - Windows
Microsoft - Ballmer
Japan - sushi

®©) deeplearning.ai

Example |
[taly: Rome
small: larger
Baltimore: Maryland
Messi: midfielder
Berluscom: Ttaly
Zing: An
Sarkozy: Nicolas
Google: Android
Google: Yahoo
Germany: bratwurst

Example 2
Japan: Tokyo
cold: colder
Dallas: Texas

Mozart: violinist

Merkel: Germany

gold: Au
Putin: Medvedev
IBM: Linux
IBM: McNealy
France: tapas

Example 3
Florida: Tallahassee
quick: quicker
Kona: Hawaii
Picasso: painter
Kotzumi: Japan
uranium: plutonium
Obama: Barack
Apple: iPhone
Apple: Jobs
USA: pizza




Intrinsic evaluation

Test relationships between words

e Analogies

Relationship
France - Pans
big - bigger
Miami - Florida
Einstein - scientist

Sarkozy - France

Example |
[taly: Rome
small: larger
Baltimore: Maryland
Messi: midhelder
Berluscom: Ttaly

| Example 2

Japan: Tokyo

cold: colder

Drallas: Texas
Mozart: violinist

Merkel: Germany

Example 3
Florida: Tallahassee
quick: quicker
Kona: Hawaii
Picasso: painter

Kotzumi: Japan

copper - Cu

ZINC: £n

gold: Au

uranium: plutonium
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Berlusconi - Silvio
Microsoft - Windows
Microsoft - Ballmer
Japan - sushi

Sarkozy: Nicolas

Google: Android

Google: Yahoo
Germany: bratwurst

Putin: Medvedev
IBM: Linux
IBM: McNealy
France: tapas

Obama: Barack
Apple: iPhone
Apple: Jobs
USA: pizza




Intrinsic evaluation

Test relationships between words

e Analogies

e Clustering
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Intrinsic evaluation

k-medaids

Test relationships between words —

COMPERIN i 2

crusade aglining-3

F‘Jﬂ agitatad- 2

agiaed T fight

bk 2
E;EI?—IF@M:

fLiraany
hﬂll'ﬂ:l'EEEll"lQ oy LT 1

@ AnalﬂgiES _ | I'&"ﬁ'? ekl glasshause

graanhousa :
—

rapra ry- |

e Clustering

Source: Michael Zhai, Johnny Tan, and Jinho
D. Choi. 2016. Intrinsic and extrinsic

evaluations of word embeddings

ing.ai
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Intrinsic evaluation

Test relationships between words

e Analogies

village
: city town
e Clustering gas P
e oil
. . . . petroleum h_appyl
e Visualization | sad *  joyfu
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Evaluating

@ Word
. Embeddings
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Extrinsic evaluation

Test word embeddings on external task
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Extrinsic evaluation

Test word embeddings on external task
e.g. named entity recognition, parts-of-speech tagging
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Named entity

E}(tri ns iC eva I u ati on Andrew works at deeplearning.ai

Test word embeddings on external task
e.g. named entity recognition, parts-of-speech tagging
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Named entity

EXtri ns ic eva I u ati on Andrew works at deeplearning.ai

person

Test word embeddings on external task
e.g. named entity recognition, parts-of-speech tagging
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Named entity

Extrinsic evaluation Andrew works at deeplearning.ai

person

Test word embeddings on external task
e.g. named entity recognition, parts-of-speech tagging
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Named entity

E}(tri ns iC eva I u ati on Andrew works at deeplearning.ai

person organization

Test word embeddings on external task
e.g. named entity recognition, parts-of-speech tagging
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Extrinsic evaluation

Test word embeddings on external task
e.g. named entity recognition, parts-of-speech tagging

+ Evaluates actual usefulness of embeddings
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Extrinsic evaluation

Test word embeddings on external task
e.g. named entity recognition, parts-of-speech tagging

+ Evaluates actual usefulness of embeddings

- Time-consuming
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Extrinsic evaluation

Test word embeddings on external task
e.g. named entity recognition, parts-of-speech tagging

+ Evaluates actual usefulness of embeddings

- Time-consuming

- More difficult to troubleshoot
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Conclusion

deeplearning.ai




Recap and assignment
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Recap and assignment

e Datapreparation

e Word representations

@) deeplearning.ai



Recap and assignment

e Datapreparation
e Word  representations

e Continuous bag-of-words model
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Recap and assignment

e Datapreparation
e Word  representations
e Continuous bag-of-words model

e Evaluation
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Going further

e Advanced language modelling and word embeddings
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Going further

e Advanced language modelling and word embeddings

¢ NLP and machine learning libraries
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Going further

e Advanced language modelling and word embeddings

¢ NLP and machine learning libraries

Keras # from keras.layers.embeddings import Embedding
embed_layer = Embedding(leeee, 48@)

PyTorch # import torch.nn as nn
embed_layer = nn.Embedding(16606, 480)
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