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NLP Applications
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Formulation

 Build an NLP model to learn the association between input x and output y
« Input x: a sequence of symbols

- What'’s the temperature now?
« | like this restaurant.
« Output y: label
« (Category
« Structure
« TJext



Text Classification
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Structured Classification

. Input x = Output y (structure)

5
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Part Of Speech Tagging
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Yesterday, a car accident occurred (T !
Event in front of the city hall, involving a i Damage E
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Generation

. Input x = Output y (text)

 Also called sequence-to-sequence tasks

English - detected Pl g French «

hello world X Bonjour le monde

® ¢ © D
Document Summary
r ™ 4 ™
B | I
I I
I —

|‘
Y

The first recorded travels by Europeans to China and back date from this time.
The most famous traveler of the period was the Venetian Marco Polo, whose
account of his trip to "Cambaluc," the capital of the Great Khan, and of life there
astounded the people of Europe. The account of his travels, Il milione (or, The
Million, known in English as the Travels of Marco Polo), appeared about the year
1299. Some argue over the accuracy of Marco Polo's accounts due to the lack of
mentioning the Great Wall of China, tea houses, which would have been a
prominent sight since Europeans had yet to adopt a tea culture, as well the
practice of foot binding by the women in capital of the Great Khan. Some
suggest that Marco Polo acquired much of his knowledge through contact with
Persian traders since many of the places he named were in Persian.

How did some suspect that Polo learned about
China instead of by actually visiting it?

Answer: through contact with Persian traders




Classification vs. Generation

- There is no clear boundary between classification and generation
- Generation = Structured Token Classification

The first recorded travels by Europeans to China and back date from this time.
The most famous traveler of the period was the Venetian Marco Polo, whose
account of his trip to "Cambaluc," the capital of the Great Khan, and of life there
astounded the people of Europe. The account of his travels, |l milione (or, The
Million, known in English as the Travels of Marco Polo), appeared about the year
1299. Some argue over the accuracy of Marco Polo's accounts due to the lack of
mentioning the Great Wall of China, tea houses, which would have been a
prominent sight since Europeans had yet to adopt a tea culture, as well the
practice of foot binding by the women in capital of the Great Khan. Some
suggest that Marco Polo acquired much of his knowledge through contact with
Persian traders since many of the places he named were in Persian.

How did some suspect that Polo learned about
China instead of by actually visiting it?

Answer: through

/o \

y € {all possible words} y € {all possible words}



Classification vs. Generation

- There is no clear boundary between classification and generation
- Classification problems can be solved by generation

What’s the sentiment of the following text: | very like this restaurant.

4

The sentiment is positive.



Supervised Learning

Training Stage

* Training data 2)1:1‘ain — {(xl' yl)' (xZ’ yZ)i Sl (xmi ym)}
« Example x; € X, labely; € C

- Train a classifier(model) f: X = C

Testing Stage

- Testing data Dyese = {(x1, v1), (X2, ¥2), oo, (X, Y1)}
- Make predictions V; = f(x;)

- Evaluate performance %Zi S, Vi)




A General Framework for Text Classification

Text x ——

\_

Feature
(Representation)

J

Classifier
(Model)

— Label y




A General Framework for Text Classification

Text x ——

\_

Feature
(Representation)

J

Classifier

(Model) — Label y

- Teach the model how to understand example x

« Convert the text to a mathematical form

- The mathematical form captures essential characteristics of the text

» Bag-of-words, n-grams, word embeddings, etc..__|

We will talk about them later!
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A General Framework for Text Classification

Text x ——

G

Feature
(Representation)

J

» Teach the model how to make prediction y

Classifier

(Model) — Label y

- Logistic regression, neural networks, CNN, RNN, LSTM, Transformers

S

We will talk about them later!
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Bag-of-Words (BoW)

Text x ——

\_

Feature
(Representation)

J

Classifier
(Model)

— Label y

- Bag-of-Words (BoW)

« Consider text as a set of words

- Easy, no effort required

12



Bag-of-Words (BoW)

This restaurant is the best one in College Station

x=/01 1001011

I

Feature vector X is
a binary vector

Each dimension represents one word,
indicating the presence of word

Advantages and disadvantages?

01101 1]

S

The length of vector is

the dictionary size |V|

13



Bag-of-Words (BoW)

Bob likes Alice very much

Alice likes Bob very much

They will have the same BoW vector!

x=[011001 .. 0 1]

BoW fails to capture sentential structure

Any solutions?

14



N-Grams

Unigram
Bigram
Trigram

4-gram

Bob likes Alice very much

{Bob, likes, Alice, very, much}
{Bob likes, likes Alice, Alice very, very much}
{Bob likes Alice, likes Alice very, Alice very much}

{Bob likes Alice very, likes Alice very much}

15



Bag-of-N-Grams

Bob likes Alice very much Alice likes Bob very much
.0110... X = .. 0001 ..

/

BoW (unigram) features Bigram features

We can consider trigrams, 4-grames, ...

N-gram features capture more sentential structure



Other Variants

Binary Bow x=[011001 .. 0 1]
Word Count x=]02 1004 .. 0 3]
Word Frequency x=1[00.16 0.08 0 0 0.32 ... 0 0.24]
TF-IDF x=10 0.48 0.02 0 0 0.15 ... 0 0.88]
fi -log—
o Og_
Term Frequency |,/ v Ne ™\ Inverse Document
(TF) Frequency (IDF)

17



Bag-of-Words and Bag-of-N-Grams

Text x ——

G

Feature

(Representation)

J

- Bag-of-Words (BoW)

« A set of words
« Bag-of-N-Grams

- Asetof n-grams

Classifier

> — Label y

(Model)

We will discuss “learnable”
features later!

18



Logistic Regression

Text x ——

G

Feature

(Representation)

J

« Logistic regression

Classifier
(Model)

— Label y

 Find linear weights to map feature vector x to label y

19



Logistic Regression

- Let’s start from binary classification
- Input: feature vector X = [xq, X5, X3, ..., X4
- Output: label y € {0, 1}
- Find a linear decision boundary to classify x into {0, 1}

https://blog.bigml.com/2016/09/28/logistic-regression-versus-decision-trees/
https://codesachin.wordpress.com/2015/08/16/logistic-regression-for-dummies/

20



Logistic Regression

Feature Vector X = [xq, X, X3, .., Xgq] Labely =0o0r 1

Weight Vector w = [wy, Wy, W3, ..., W,4] Bias b .\

Learnable parameters

Z=W-X+0b

¥y = P(y = 1| x) = g(z) — Convert to probability

1 /— y
_ N 1 Ify =05
o(t) 5ot sl Decision boundary: = {0 5 < 0.5
Sigmoid Function

-6 -4 -2 0 2 4 6




How to Find The Best Parameters?

Weight Vector w = [wy, w,, Ws, ..., W4]

Bias b

f

Randomly initialize
parameters

~N

™~

Learnable parameters

Iterative Optimization Methods

!

Evaluate
“goodness” of
parameters

.

Identify “good”
updating direction

J

Update parameters

J

22



Loss Function

Iterative Optimization Methods
Randomly initialize S ICEL Identify “good”
Y “goodness” of : g . Update parameters
parameters updating direction
parameters

- Training data Dyygin = {1, V1), (X2, V2), ooy (i, Vi) 3
- Output labels probabilities V4, V5, ..., Vin

Cross Entropy Loss

1 B 1 N N
Liotal = . E Lcog (i, Vi) = - E ly;logy; + (1 — y;) log(1 — ;)]
7

l



Optimization Objective

Iterative Optimization Methods

T Evaluate P "
R 7 IR “goodness” of Iden.tlfy .gOOd. Update parameters
parameters updating direction
parameters

Cross Entropy Loss

1 Z _
Liotar = _E LCE(yi»yi)
[

Parameters 8 = | Weight Vector w = [wy,w,, W3, ...,wy|  Biasb

lw*; b*] = 0" = arg m@in Leotal —

Optimization
objective

24



Gradient

Iterative Optimization Methods

v

s Evaluate i
Randomly initialize p ” Identify “good”
goodness” of . o
parameters updating direction
parameters

|

’[ Update parameters}

% :
0" = arg meln Ltotal

00 5 g1 592 5 ... 59K 5 ... 5 g*

Vo Lioear is a “good” direction
to minimize the objective

https://www.digitalocean.com/community/tutorials/intro-to-optimization-in-deep-learning-gradient-descent

H(t+1)’

25



Gradient

VH*Qtota,l

aLtotal

ow

aLtotal

b

1 3 3
0Liorar _ 0 (— —Yilyilogyi + (1 —y;) log(1 — yi)])

A

owW; ;

J

0 (_%Zi[%’ logo(z;) + (1 —y;)log(1 — U(Zi))])

A%/

9
_ __2[ alogff(zl) i

J

1-y;)

0 log(1 —a(z;))

yi = a(z;)

Zl'=W'Xi+b




Gradient

a*Ctotal - 0 108 O'(Zl) d log(l — O'(Zl-))
= - z[ -y

dlog o (z; 1

Og;j(z ) = o(z,) ' [U(Zi)(l - U(Zi))] "X = (1 — U(Zi))Xi,j 0'(z) =0(2)(1 —0(2))
dlog(1 —o0(z)) 1 ,

. aw,-a(Z) — Gy Te@ (1 -o@)] -xi; = —o@@)x,; | (1-0() = —o(@)(1 - 0(2))

aLtotal = N B

6w] - Z[yl(l O-(Zl))xl] + (1 yl)( U(Zl)xl ])]

= —EZ()G‘ — O'(Zi))xi,j o EZ()Z’ - Yi)Xi,j



Gradient

Iterative Optimization Methods

|

Randomly initialize
parameters

A 4

H

Evaluate
“goodness” of
parameters

}

1

Identify “good”
updating direction

)

’[ Update parameters}

m
aLtotCll — Z(~ . ')X'
aw s yl yl l
1=

0L =

total —~

6(1)9 = = Zl(yi — yi)
1=

28



Gradient Descent

Iterative Optimization Methods

. Evaluate P "
el I “goodness” of Iden.tlfy .gOOd. Update parameters
parameters updating direction
parameters

Ltotal
t+1) _— t
W( ) = W( ) — n VW*Ctotal 4
t+1) _ t \ \ Learning step
b( ) —b()_nvatotal :
/ : Minimum
Learning step |
Random > 6
initial value

D>

https://insightfultscript.com/collections/programming/machine-learning/sgd/



Training Process

Randomly initialize
parameters

Iterative Optimization Methods

!

“goodness” of

Evaluate

parameters

.

Identify “good”
updating direction

J

/

Cross Entropy Loss

1
__E L Ly w® p®
mZ CE(yl Vi; W )
l

Liotar =

aLtotal
w ()

aLtotal

ob®)

- i(ﬁ' — i)
i=1

Z(yl Vi)X;

Update parameters

wt+D

=w® — N VwLliotal

pt+D) = p©) — N VpLiotar

30



From Binary to Multiclass Classification

- Logistic Regression for binary classification

Feature Vector X = [xq, X5, X3, «.., Xq]

Labely =0o0r1

Weight Vector w = [wq, Wy, W3, ..., W,

Bias b

\

/

Z=W-X+Db

P(y =1|x) = 0(2)

t) =
o(t) 1+et

Sigmoid Function

1 Prediction = {

Learnable
Parameters

1 fP(y=1|x)=>0.5
0 IfP(y =1|%) < 0.5

31



From Binary to Multiclass Classification

- Logistic Regression for multiclass classification

Feature Vector X = x4, Xy, X3, ..., Xq] Labely =0,1,...,C — 1

Learnable
Parameters

Weight Vectors W, = [W; 1, W¢ 2, We 3, wo, We g Bias b,

\ /

Z, = W, X+ b,

P(y = c| x) = softmax(z,)

eZc

Zt e’t

Softmax Function

softmax(z,) = Prediction = arg max P(y = c| x)

32



Logistic Regression

« Logistic regression

« Find linear weights to map feature vector x to label y

What if linear weights are not powerful enough?

https://www.researchgate.net/publication/344636757_CQNN_Convolutional _Quadratic_Neural_Networks
https://chatgpt.com/

33



Neural Networks

Text x Feature R Classifier Label
(Representation) (Model) Y

- J

« Neural Networks

« Find a non-linear decision boundary to map feature vector X to label y



Biological Neurons

Neuron activation: A neuron becomes active to transmit information
when it receives sufficient input from other neurons

Input is Segamented into "Useful" and "Not-Useful" Catagories

Input Output

https://www.kdnuggets.com/2022/06/activation-functions-work-deep-learning.html

35



Neurons in Neural Networks

Mimic the behavior of neurons to transmit information

Input X Weight w Bias SlngId
S o) = 7=

tanh
tanh(x)

Activation

DN ~
Function
W, Output RelLU
max 0 a:
w3y
iy

P —0
Leaky ReLU
max(0.1z, x)

Maxout
max(wi z + by, wd x + by)

©000

— 0= ZWixi+b ELU
. z>0

a(e -1) z<0

https://blog.devops.dev/exploring-activation-functions-in-deep-learning-properties-derivatives-and-impact-on-model-7585aad8a757



Multilayer Perceptron (MLP)

Neuron

37



Multilayer Perceptron (MLP)

Neuron

(1)
W, 1

Neuron

38



Multilayer Perceptron (MLP)

h1 = ¢(w(1)x + b(l))



Multilayer Perceptron (MLP)

h® = (p(w(Z)h(l) + b(Z))



Multilayer Perceptron (MLP)

h® = <p(W(3)h(2) + b(3))



Multilayer Perceptron (MLP)

1 Ify =05 y = g(w(O)h(B) + b(O))
0 Ify<0.5

Decision boundary: = {




Optimization Objective

Cross Entropy Loss Parameters @ = {W(l),W(z),W(?’),W(O),
1 ~ b p2) p®B plo
Liotar = __ZLCE(Yi» Yi) )
m .
l

£ :
0" = argmé}nLtotal



Back-Propagation

oL 0L 0y
IW© ~ 95 gW(©

oL 9oL 97

oh® ~ 9y oh® 0L 0L 07
db© 93y db©)




Back-Propagation
h® = p(WEh®@ +p®)

oL dL 05
oh® ~ 395 oh®

oL oL Oh®
ot or on® OW®  0h® qwe

Jh® — 9n® oh® 0L 9L 8h®
ob® ~ 9h® gp®




Back-Propagation

0L
0y
AL ay
oh® ~ 97 9h®
0L _ oL .ah(l) oL 9L oh®
oW@  gh1) gw@) h® ~ gh® oh®

oL 0L ohW oL oL oh®
ob@®  oh® op@® oh®® ~ 9h®  §h®




Training Process

Vs

Randomly initialize
parameters

~\

Iterative Optimization Methods

!

J

Cross Entropy Loss

1 z : _
Liotar = _TI_”L LCE(yi::Vi;W(t)'b(t))
[

Evaluate . ”
“goodness” of [ Idenjc ity .gOOd.
updating direction
parameters
J \_ /
0L 0L 0L
oW’ oW’ ™’ gw ()
oL 0L 0L
obL)’ gb(2)’" "’ gb(0)

Update parameters

J
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From Binary to Multiclass Classification

Multiclass Cross Entropy Loss

Prediction = arg max y. ¢
: Lep(,9) = = ) YelogP(y = c| %)
c=0



Neural Networks

Text x Feature R Classifier Label
(Representation) (Model) Y

- J

« Neural Networks

« Find a non-linear decision boundary to map feature vector X to label y



Bag-of-Words and Bag-of-N-Grams

Text x ——

G

Feature

(Representation)

J

- Bag-of-Words (BoW)

« A set of words
« Bag-of-N-Grams

- Asetof n-grams

Classifier

> — Label y

(Model)

We will discuss “learnable”
features later!

50



Bag-of-Words and N-Gram Features

Bob likes Alice very much Alice likes Bob very much
...0110... X = .. 0001 ..

/

BoW (unigram) features Bigram features

We can consider trigrams, 4-grames, ...

Encode a text to one vector



Word-Level Understanding

Synonyms & Similar Words

excellent wonderful

awesome fantastic

lovely beautiful

[ marvelous [@)
great .- adjective

quality classic
i f h |
1 asin excellent amous eavenly
splendid exceptional

of the very best kind
Antonyms & Near Antonyms

| this cake is great!

Cpoor
Cpathetic
Chad
unsatisfactory
substandard execrable
mediocre second-class

https://www.merriam-webster.com/thesaurus/great

terrific
superb_
prime

neat
cool ()
good

divine

awful

atrocious

wretched
inferior
low-grade

middling

52



Words as Vectors

Bob likes Alice very much

| | | | |
W = Whob Wiikes Walice erry Wimuch

Use one vector to represent each word
Text = A list of vectors

Advantages?

53



Words as Vectors

Vword1l * Vword2

Map each word to a vector! similarity(word1, word2) =
”Vwordl ” X ”Vwordz
Vyrea: =|[0.12,0.38,—0.91,0.57, —0.64]
great awesome
Vorxcelient =|[0.16,0.47,—0.87,0.50, —0.55] excellent chair
Vawesome = [0.08,0.28,—0.90,0.61, —0.54] cool
Vierrible = [0.92, —0.36,0.11, —0.24, 0.14] terrible
oor
Vooor =|[0.85,-0.40,0.02,—0.31,0.23] dog P
Semantic meaning of words Semantic relationship between words

How to learn those word vectors/embeddings/representations?

54



Distributional Hypothesis

Distributional hypothesis: A word’s meaning is given by the words that
frequently appear close-by

J.R.Firth 1957

“You shall know a word by the company it keeps”
« One of the most successful ideas of modern statistical NLP!

...government debt problems turning info banking crises as happened in 20089...
...saying that Europe needs unified banking regulation fo replace the hodgepodge...
...IndlIa has just given its banking system a shoft in the arm...

These context words will represent banking

55
Slide adapted from Chris Manning



Distributional Hypothesis: Example

Cl1 C2 C3 C4

Cl: A bottle of _ is on the table. wine 1 1 1 1
C2: Everybody likes . juice ! 1 0 1
, loud 0 0 0 0

C3: Don’t have _ before you drive.
apples 0 1 0 1
C4: |1 bought  yesterday. choices 0 1 0 0
motor-oil 1 0 0 1

A word’s meaning is given by the words that frequently appear close-by

Slide adapted from Dangi Chen
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Word2Vec: Learning Problem

...government debt problems turning info banking crises as happened in 2009...
...saying that Europe needs unified banking regulation to replace the hodgepodge...
...India has just given its banking system a shot in the arm...

Based on distributional hypothesis

Center word &> Context words

Given the context words, we can predict the most likely center word

Given the center word, we can predict the most likely context words

Efficient Estimation of Word Representations in Vector Space, 2013

57



Word2Vec: Overview

- Main idea: we want to use words to predict their context words

-« Context: a fixed window of size m
Use center word w; to predict context words wy_,,, t0 Weym
P(Wt—Z | Wt') P(Wt+2 | Wt)

P(We—q | We) P(Weyq | We)

P(we_p | wy) P(Weip | we)

58



Word2Vec: Overview

P(we_p | we) P(Weyp | We)

P(we_q | we) P(Weir | we)

P(money | banking) = 0.21
P(crises | banking) = 0.18
P(deposit | banking) = 0.15
P(dog | banking) = 0.01
P(turning | banking) = 0.06

P(sunny | banking) = 0.02

P(Wt—z | Wt) P(Wt+2 | Wt)
P(wi_q | W) P(Weyq | W)

P(money | into) = 0.06
P(crises | into) = 0.19
P(deposit | into) = 0.03
P(dog | into) = 0.01
P(turning | into) = 0.30

P(sunny | into) = 0.01
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Word2Vec: Overview

- Main idea: use center word to predict its context words

Classification Problem

\

P(wi— | we)

P(b|a) = given the center word
is a, what is the probability that
b is a context word?

P(b|a) is defined by the word
vectors of a and b

\

P(We—q | We) P(Weyq | We)

/

P(Weyz | W)

60



Word2Vec: Defining Probabilities (Simplified Version)

Vword1l * Yword2

”Vwordl ” X ”Vwordz ”

We consider Inner product v,, * V. as the score

center Wceontext

eXp(Vchnter . VWcontext)
ZkEV exXp (Vchnter . Vk)

P(Wcontextl Weenter) =

Scores can be asymmetric! _ o
It is less likely that a word Normalize scores to probabilities

appears in its own context

61



Word2Vec: Defining Probabilities (Full Version)

Vword1l * Yword2

”Vwordl ” X ”Vwordz ”

We consider Inner product u -V as the score

Wcenter Wceontext

f u . is higher, P(W¢ontext| Weenter) is higher

- V.
Wceenter Wcontex

exp (chenter ’ VWcontext)
ZkEV exp (chenter . Vk)

P (Wcontextl Weenter) =

Normalize scores to probabilities
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Word2Vec: Defining Probabilities (Full Version)

We have two sets of vectors for each word in the vocabulary

u,, € R%: word vector when w is a center word

v,, € R%: word vector when w is a context word

P(WH_]-‘ w;;0) =

/

exp(th ) VWt+j)

Normalize over entire vocabulary
to give probability distribution

Z:REV eXp(th ) Vk)

The score to indicate how likely the context
word w; . ; appears with the center word w;

Softmax function: mapping arbitrary values to a probability distribution

et

2cee

softmax(t) =




Word2Vec: Training Intuition

P(wi—z | we) P(Wein | W)

P(wi_q1 | we) P(Wiiq | we)

problems  turning

banking  crises

P(problems | into) T
P(turning | into) T
P(banking | into) T
P(crises | into)

P(other words | into) ¢
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Word2Vec: Training Intuition

P(we_p | wy) P(Weip | we)

P(wi_q1 | wt) P(Weyq | we)

turning into crises as
P(turning | banking) T

P(into | banking) T

P(crises | banking)

P(as | banking)

P(other words | banking)
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Word2Vec: Training Intuition

P(we—p | we)

P(we_q | we)

he studied

P(he | banking) T
P(studied | banking)
P(at | banking) T

P(the | banking)
P(other words | banking)

at

P(Weip | we)

P(Weiq | we)

the ...
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Word2Vec: Training Data

P(wr—z | we) P(Weiz | We) Collect into training data
P(we—y [wy) PWeyq | We) (into, prOblemS)

(into, turning)

(into, banking)

problems  turning banking crises  as

| Y ] — ( v J . .
outside context words center word outside context words (' nto, CFISGS)
in window of size 2 at position t in window of size 2
P(we_p | wy) P(Weyp | W) : .
Collect into training data
P(we—q W) P(Wiiq | We) (banking turning)
problems  turning into crises  as .. (banking, into)

| , N , . (banking, crises)
outside context words center word outside context words :
in window of size 2 at positiont in window of size 2 (ba nki ne, aS)

Maximize the likelihood
P(problems|into)Xx P(turning|into)X P(banking|into)X P(crises|into)
X P(turning|banking)Xx P(into|banking)x P(crises|banking)x P(as|banking)
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Word2Vec: Likelihood

P(We_p | we)

problems  turning

L J
Y ;Y—J \

P(Wpio | We)

P(Weyq | We)

banking

crises as

J

outside context words center word outside context words
in window of size 2 at positiont in window of size 2

For each positiont = 1, ..., T, predict context words within a window of fixed

size m, given center word w;

T

Likelihood = L(0) = 1_[

t=1

0 all parameters to be optimized

/

§

—msjsm,j+

Z

"¢
P(Wt+j| wy ;0)

Probability given t

ne center word wy

For each positiont = 1, ..., T Likelihood for all context words given center word w;
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Word2Vec: Objective Function

P(w_z | W) P(Wiip | We)
P(we_q | W) P(Weyq | We)

problems  turning banking crises  as

‘ Y J ;Y—J L Y J
outside context words center word outside context words
in window of size 2 at positiont in window of size 2

The objective function J(0) is the (average) negative log likelihood

J(9)=—%logz:<9)— Z Z log P(we )| we ; 6)

—-m<jsm,j+0

We minimize the objective function (also called cost or loss function)
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Word2Vec: How to Train Word Vectors?
Parameters: 6 = {{uk} {vk}}

Objective function: J(8) = ——z Z logP(WHj‘ W ; 8)

—-msjs<m,j+0

Our goal: find parameters 6 that minimize the objective function J(8)

Cost

A

Solution: stochastic gradient descent (SGD)

Learning step

- Randomly initialize parameters 8 |
+ For eachiteration 8 «— 0 —nVy J(0) Minimum

/ I , - > 8

: ) Random
Learning step Gradient initial value

D>

70
https://insightfultscript.com/collections/programming/machine-learning/sgd/



Word2Vec: Computing the Gradients

Objective function

J(6) ———Z

2.

log P(WH]-‘ w; ; 0)

—-msj<m,j+0

TZ

—_m=<

2.

— log P(WH]-‘ w; ; 0)

j<m,j+8

The gradients can be calculated separately!

For simplicity, we consider one pair of center/context words (o, ¢)

y = —logP(clo;0) = —log(

exp(u, * V) > dy 0y
Lrey €xp(u, - Vi)

du, Jdv,

We need to compute this!
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Word2Vec: Computing the Gradients

exp(u, - V) )

y = —logP(clo) = —log(z exp (i, - V.)
kev 0

dlog(x)

0
ay _ a(_uo Ve + log(ZkEV exp(uo ’ Vk)))

du, du,

—log(exp(u, - v.)) t+ log<z exp(u, * Vi)

keVv
dexp(x)

R | = l

X

Yker — g
—V, +

’ Ykev €xXp(u, + Vi)

Dkev exp(u, - Vi) vy exp(u, - Vi) Vg
= -V + = —V, +

© Zkev exp(U, - Vi)

z:kEV exp(uo ’ Vk)

kev
= v, + P(k|o) vy — = —-1(k = c)uo + P(k|0)uo
kev aVR

Similar calculation step

|

dexp(U, - Vi) o~ P
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Word2Vec: Training Process

- Randomly initialize parameters u;, v;

- Walk through the training corpus and collect training data (o, ¢)

Pwe—z | we) P(Weip | We)

P(wWe_q | W) P(Weiq | We)

problems  turning banking crises as

L Y J \_Y_j L ' [
outside context words center word outside context words
in window of size 2 at positiont in window of size 2
0% y
U, < U, —n Vi <V, —N— Vk eV

ou, 0Vy,



Continuous Bag of Words (CBOW) vs Skip-Grams

INPUT PROJECTION

w(t-2)

w(t-1)

w(t+1)

w(t+2)

N\

SUM

CBOW

OUTPUT

4-] w(t)

INPUT

w(t)

e

Skip-gram

PROJECTION  OUTPUT

w(t-2)

w(t-1)

w(t+1)

w(t+2)
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Continuous Bag of Words (CBOW)

INPUT

w(t-2)

w(t-1)

w(t+1)

w(t+2)

N

PROJECTION

SUM

OUTPUT

H] i

L(O) =

T
t=

Pwel{wey ), —m<j<m,j#0

1

exp(Uy, * Vi)

Drey €Xp(uy - V)

1
I

—-msjsm,j+0

P(th{Wt+j}) —
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GloVe: Global Vectors

GloVe: Global Vectors for Word Representation (Pennington et al. 2014)

|dea: capture ratios of co-occurrence probabilities as linear meaning
components in a word vector space

Log-bilinear model Wi - W = log P(il))

_ log P(x|a)
~ log P(x|b)

Vector difference  w; - (w, — wy)

%

I,j=1 .
J \ Global co-occurrence statistics

Training faster and scalable to very large corporal!



FastText: Sub-Word Embeddings

Enriching Word Vectors with Subword Information (Bojanowski et al. 2017)

Similar as Skip-gram, but break words into n-grams withn=3to 6

3-grams: <wh, whe, her, ere, re>

4-grams: <whe, wher, here, ere>

where
5-grams: <wher, where, here>
6-grams: <where, where>
Replace u; - v; with 2 U, -V

geEn—grams(w;)



Trained Word Vectors Are Available

« Word2Vec: https://code.google.com/archive/p/word2vec/

« GloVe: https://nlp.stanford.edu/projects/glove/
« FastText: https://fasttext.cc/
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Learning-Based Word Vectors

Text x ——

\_

Feature
(Representation)

J

Classifier
(Model)

— Label y

- Learn word vectors directly from text
- Word2Vec (Skip-Gram and CBOW)

- GloVe
« FastText
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Word Analogy

Word analogy
man: woman = Kking: ?
Paris: France = London: ?

bad: worst = cool: ?

arg mVSX(COS (uw» Uy oman — Wman + uking))

1

0.75

0.5

0.25

pa—"

woman
man

0.25 0.5 0.75
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Word Analogy

1 T T | [ | | T
05+ r heiress 7
|
0.4 1’ -
I- niece [ * countess
0.3+ *aunt | /- duchess
T%isteuﬁ [ : /
/
0.2+ : I ;J / If , empress
| | / /
o1k o " +madam r 1y i
. , I /
I | ] lh { ! / /
1 elr / /
ok : neleew ) Ly )
| 1 ; woman 4 loarl!
-0.1F | uncle I ; rquesn ! }
| brother ! / f / dduke
-0.2+ / / [ / _
| / | 1/
/ emperor
o3l f ’ | ‘emp |
/ I
/ / [
-04+ | / [ .
/ {sir |
_05- {man lking .
1 1 Il | | | | | | | |
-0.5 -0.4 -0.3 -0.2 -0.1 0 0.1 0.2 0.3 0.4 0.5
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Word Analogy

04
0.3
0.2

0.1

— — slowest

-
~ slower

________ shortest
e S s e S S
Py ~ shorter
>
slow« r
F
>
shorts
_7/stronger” — T T T — - = — — o strongest
P

¢ “Touder ~ " " — — = — — - - _ _ .

strong < g L loudest
OU }‘— ______
i, GORIGF | T TS e o — clearest
~softerr — T — — — - — - _ _ _
g — — — = softest
o
clear <~ . darketr — — — — — — _
P e AR T B TR e b e e a

soft - darkest
dark «

82



Word Analogy

king .~

Male-Female

https://sanjayc.medium.com/word2vec-analogical-reasoning-d47d3a66b9fb

-,

@

walking

swimming

Verb tense

Spain \
Italy -—-—_.~_-_________‘-§adrid
Rome

Germany =
—- Berlin
Ankara
Russia
Moscow
Canada Ottawa
Japan
P Tokyo
Vietnam Hanoi
China Beijing

Country-Capital
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Bag-of-Words (Word Vector Version)

4 )
Text x Feature R Classifier Label
(Representation) (Model) y
g ‘ J
Wavg

Bob likes A//'Ie very —much

| | | | | Bag-of-Words (word vector version)
W = Whob Wiikes Walice Wvery Wmuch

Average




Question?
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