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Bk (Week) B #f (Date) ™M % (Subject/Topics)
12020/09/17 AT & L RS2 48
(Course Orientation on Artificial Intelligence for Text Analytics)

22020/09/24 X Ayt Hamé 1 B REZT R HE

(Foundations of Text Analytics: Natural Language Processing; NLP)
3 2020/10/01 F #% & (Mid-Autumn Festival) 7 {& — X (Day off)
4 2020/10/08 Python B 2R3& 3 ¥

(Python for Natural Language Processing)

52020/10/15 j& 32 Fu3F A2 ST A
(Processing and Understanding Text)

62020/10/22 X AR FEHFH IR
(Feature Engineering for Text Representation)



F42 K4 (Syllabus)

B & (Week) B #p (Date) P % (Subject/Topics)
72020/10/29 AT E XA AT B EAH T |
(Case Study on Artificial Intelligence for Text Analytics I)

82020/11/05 X A& /- #a

(Text Classification)
92020/11/12 X A~F & A X AR A

(Text Summarization and Topic Models)
10 2020/11/19 #g P K % (Midterm Project Report)

11 2020/11/26 S AAR L B Fu 5
(Text Similarity and Clustering)

12 2020/12/03 3& & 5 # Fo4p & F #8357
(Semantic Analysis and Named Entity Recognition; NER)
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(Sentiment Analysis)
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(Case Study on Artificial Intelligence for Text Analytics Il)

152020/12/24 R EE 2B Foi@ A 4 F o AL

(Deep Learning and Universal Sentence-Embedding Models)

16 2020/12/31 M Z A2 41 ¥3Z A %
(Question Answering and Dialogue Systems)

17 2021/01/07 #f Kk #k % | (Final Project Presentation 1)
18 2021/01/14 #f Rk #k % Il (Final Project Presentation Il)



Al for Text Analytics
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Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017), Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson



Deep Learning
and
Universal
Sentence-Embedding
Models



Outline

* Universal Sentence Encoder (USE)

 Universal Sentence Encoder
Multilingual (USEM)

* Semantic Similarity



NLP

Documents

Classical NLP

Pre-processing

_______________________

_______________________

Documents

Dense Embeddings Hidden Layers

obtained via word2vec,
doc2vec, GloVe, etc,

Output Units

AYLIEN




Documents

Pre-processed
Documents

Modern NLP Pipeline

Pre-processing

-

Bag-of-Words
&
Vectorization

Word Embeddings

Source: https://github.com/fortiema/talks/blob/master/opendata2016sh/pragmatic-nlp-opendata2016sh.pdf

Pre-processed
Documents

Task / Output

[—————

Classification

Sentiment Analysis

Entity Extraction

Topic Modeling

Similarity

L———J

Y



Documents

Modern NLP Pipeline

Task |/ Output

Source: http://mattfortier.me/2017/01/31/nlp-intro-pt-1-overview/

Topic Modeling

10



Documents

Deep Learning NLP

Pre-generated Lookup
OR
Generated in 1st level
of NeuralNet

Source: http://mattfortier.me/2017/01/31/nlp-intro-pt-1-overview/

Task / Output

Sentiment Analysis
Extraction

Topic Modeling

11



Natural Language Processing (NLP)
and Text Mining

Raw text ‘

Sentence Segmentation

Tokenization

|
|
Part-of-Speech (POS) |
Stop word removal |

word’s stem word’s lemma

Stemming / Lemmatization | @M 2 am am - be

having =2 hav having = have

Dependency Parser ‘

String Metrics & Matching ‘

12



Data Science Python Stack

1 TensorFlow [ Keras |
@ O PyTorch Zipline DX Analytics

: PyAlgoTrade
Quantopian QuantLib

Ehylablos Nt

| StatsModels = scikits-image

Statistics in Pytlnon w mage processing in python

i potiy bokeh

#matplotlib pandas u;

13



Universal Sentence Encoder (USE)

* The Universal Sentence Encoder
encodes text into high-dimensional vectors that
can be used for
text classification,
semantic similarity,
clustering and
other natural language tasks.

* The universal-sentence-encoder model is trained
with a deep averaging network (DAN) encoder.

https://tthub.dev/google/universal-sentence-encoder/4 14



https://tfhub.dev/google/universal-sentence-encoder/4

Universal Sentence Encoder (USE)
Semantic Similarity

Semantic Textual Simiarty

"How old are you?" 0300 . e o
"ihat is your age?" 0.2, 0.1, . | 0'4
My phone 1 good. '
"My phone 1s good." 0.9, 06, . 1 e y
ey £
w\ﬂ‘& ¢ Wz M

Source: https://tfthub.dev/google/universal-sentence-encoder/4 15



https://tfhub.dev/google/universal-sentence-encoder/4

Universal Sentence Encoder (USE)
Classification

Confidence is a question
(96%) “How old are you?
(9%) “Mhat 15 your age””

How old are you?

‘Ihat 1 your age?”

 pore s qot. (%) "Ny phone 15 good."

Source: https://tthub.dev/google/universal-sentence-encoder/4 16



https://tfhub.dev/google/universal-sentence-encoder/4

Universal Sentence Encoder (USE)

import tensorflow_hub as hub

embed = hub.Module ("https://tfhub.dev/qgoogle/"
"universal-sentence-encoder/1")

embedding = embed(]|
"The quick brown fox jumps over the lazy dog."])

17



Multilingual
Universal Sentence Encoder
(MUSE)

import tensorflow_hub as hub

module = hub.Module ("https://tfhub.dev/google/"
"universal-sentence-encoder-multilingual/1")

multilingual_embeddings = module ([
"Hola Mundo!", "Bonjour le monde!", "Ciao mondo!"
"Hello World!", "Hallo Welt!", "Hallo Wereld!",

YRR L, "TIpuser, Mup!", "!eIlatl L p0"])

18



Python in Google Colab (Python101)

https://colab.research.google.com/drive/1FEG6DnGvwfUbeod4zJ1zTuniMqf2RkCrT

coO & python1Otipynb +* B comment &% Share €% o

File Edit View Insert Runtime Tools Help All changes saved

RAM 1

‘= Table of contents X Fiet i e v Disk - il
P Text Clustering
semantic Analysisand Named  + Deep Learning and Universal Sentence-Embedding Models
& Entity Recognition (NER)
Semantic Analysis "N eoB /28
(“‘;E“Sd Entity‘Recognition ~ Universal Sentence Encoder (USE)
Sentiment Analysis « Source: Universal Sentence Encoder: https://tfhub.dev/google/universal-sentence-encoder/4

Sentiment Analysis -
Unsupervised Lexical

[ 1 1 import tensorflow as tf
Sentiment Analysis - 2 import tensorflow_hub as hub
Supervised Machine 3 import numpy as np
Learning 4 import pandas as pd
Sentiment Analysis - Spmpostios
Supervised Deep Learning 6 import re
Models 7 import matplotlib.pyplot as plt
. . 8 import seaborn as sns
Sentiment Analysis - 9

Advanced Deep Learning

10 module url = "https://tfhub.dev/google/universal-sentence-encoder/4"
Deep Learning and Universal 11 #"https://tfhub.dev/google/universal-sentence-encoder-large/5"
Sentence-Embedding Models 12 model = hub.load(module url)

. 13 print ("module %s loaded" % module url)
Universal Sentence Encoder ) =
(USE) 14 def embed(input):

i return model(input)
Universal Sentence Encoder

Multilingual (USEM) [»> module https://tfhub.dev/google/universal-sentence-encoder/4 loaded

Data Visualization

[ 1 1 word = "Elephant”
Section 2 sentence = "I am a sentence for which I would like to get its embedding."

https://tinyurl.com/aintpupython101 19



https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTunjMqf2RkCrT
https://tinyurl.com/aintpupython101

Python in Google Colab (Python101)

https://colab.research.google.com/drive/1FEG6DnGvwfUbeod4zJ1zTuniMqf2RkCrT

1.0
0.8
0.6

Semantic Textual Similarity

| like my phone

My phone is not good.

Your cellphone looks great.

Will it snow tomorrow?

Recently a lot of hurricanes have hit the US

Global warming is real

An apple a day, keeps the doctors away 0.4
Eating strawberries is healthy

Is paleo better than keto? -0.2
How old are you?
what is your age?

-0.0

?

?

| like my phone

My phone is not good

Your cellphone looks great
Will it snow tomorrow

Global warming is real

Eating strawberries is healthy
Is paleo better than keto

How old are you?

what is your age?

Recently a lot of hurricanes have hit the US
An apple a day, keeps the doctors away

https://tinyurl.com/aintpupython101



https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTunjMqf2RkCrT
https://tinyurl.com/aintpupython101

One-hot encoding

'The mouse ran up the clock’ =

o O O O
L Y e N

O O O

w L) L L

o - O O

L L L L

— O O O

L L L) L

o O O O

w L) L L

O O —+H O

L L L L

o O O O

The

mouse

21



man
."\\ woman
-_A.
.~ s ~
king ‘\A.
queen

/\>

Male-Female

Word embeddings

walked
- ’v.
O swam
walking ’
/ O,
swimming
Verb Tense

Italy

Canada Spain . )

’ ® o
Turkey ’ ‘
Rome
e O @
. Ottawa Madrid Germany
@ . @
Ankara .Russz.a .’»'

’ Berlin

Japan

Mosco/\
Vietnam

R @
o @ ,

Hanoi

Tokyo .} ‘

Beijing

Country-Capital

Source: https://developers.google.com/machine-learning/guides/text-classification/step-3
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Word embeddings

S [[0.236, -0.141, 0.000, 0.045],
the |1 I [0.006, 0.652, 0.270, -0.556],
Trha‘;'ﬂ"‘:zz 123,415 E [0.305, 0.569, -0.028, 0.496],
‘c’lock_’ mouse | 2 [ 7| &S H ST 0,421, 0.195, -0.058, 0.477],
g [0.236, -0.141, 0.000, 0.045],
ran |3 3 [0.844, -0.001, 0.763, 0.201]]
)
up 4 &
clock |5 = [[0.236, -0.141, 0.000, 0.045),
The mouse L. 2,3 6 8 | | [0.006, 0652, 0.270, -0.556],
randown| | down |6 [ et . < [0.305, 0.569, -0.028, 0.496],
5 [0.466, -0.326, 0.884, 0.007]]

Source: https://developers.google.com/machine-learning/guides/text-classification/step-3
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Decoder

Sequence to Sequence

do

l

Knowledge

(Seq2Seq)

IS

Source: https://google.github.io/seq2seq/

power

ds
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Transformer (Attention is All You Need)
(Vaswani et al., 2017)

( iR
Add & Norm

Output
Probabilities

Linear

Feed
Forward
r ~\
_ .
Add & Norm Mult-Head
Feed Attention
Forward g I W Nx
i -
Nix
f-.' Add & Norm l Mesked
Multi-Head Multi-Head
Attention Attention
S I (SN S S
\_ J \_ _J)
Positional A Positional
Encodin D & i
coding Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)

25



Transformer

INPUT

[Je Suis étudiant]—b

S S

~

OUTPUT

THE

TRANSFORMER —b[l am a student}

_J

http://jalammar.github.io/illustrated-transformer/

26
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Transformer

Encoder Decoder

OUTPUT [ | am a

4

=

ENCODERS

J

—

f

DECODERS

\\

=%

INPUT [Je suis  etudi

ant}

http://jalammar.github.io/illustrated-trans

forme

r/
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Transformer
Encoder Decoder Stack

OUTPUT{I am a student]

%
(- L
ENCODER DECODER
"
4 4
p
ENCODER DECODER
\
4 4
-
ENCODER DECODER
.
4 4
-
ENCODER DECODER
.
4 [
-
ENCODER DECODER
.
4 4
-
ENCODER DECODER
"
- 2
|
INPUT [Je suis étudiant}

http://jalammar.github.io/illustrated-transformer/
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Transformer
Encoder Self-Attention

ENCODER ¢

f[ j
k[ ]J

t

Self-Attention

t

http://jalammar.github.io/illustrated-transformer/
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Transformer
Decoder

ENCODER A
| |
(a 3|
Feed Forward
\_ )
A
( Y
Self-Attention
A )

t

DECODER f
4 A
Feed Forward
\_ J
A
~ )
Encoder-Decoder Attention
\ - J
4 A
Self-Attention
\_ f J
http://jalammar.github.io/illustrated-transformer/
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Transformer
Encoder with Tensors
Word Embeddings

EEEEEEE 4
1

r( j
\( ]J

étudiant

http://jalammar.github.io/illustrated-transformer
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Transformer
Self-Attention Visualization

Layer:| 5 3| Attention:| Input - Input

_ B

The_ The_
animal_ animal_
didn_ didn_
t_ t_
Cross_ Cross_
the_ the_
street_ street_
because_ | because_
it_ it
was_ was_
too_ too_
tire tire
d d

http://jalammar.github.io/illustrated-transformer/
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Transformer

Positional Encoding Vectors

C

ENCODER #1

' ' ' DECODER #1

I

C

ENCODER #0

M DECODER #0

\C

i

!

EMBEDDING
WITH TIME
SIGNAL

POSITIONAL
ENCODING

EMBEDDINGS

INPUT

xi[ T T 1]
t1 ] |

Je

X2
t2 1
x [

Suis

étudiant

http://jalammar.github.io/illustrated-transformer/
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Transformer
Self-Attention Softmax Output

Input

Embedding
Queries

Keys

Values

Score

Divide by 8 ( d, )
Softmax

Softmax
X
Value

Sum

Thinking
x [
o
« [
vi [
qr e ki=112

14

0.88
vi O
z [

Machines
x. [N
q. [T
@ ([
v. [T
Q1 e ko =96
12
0.12
V2
zz [

http://jalammar.github.io/illustrated-transformer/
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BERT: Pre-training of Deep Bidirectional
Transformers for Language Understanding

BERT

(Bidirectional Encoder Representations from Transformers)

Overall pre-training and fine-tuning procedures for BERT

Start/End Spam

ﬁ Mask LM Mask LM \
< s *

= Y ™ B2 RS
BERT

lee || & |- [E || Eseml| &0 | [&0]

S ——— y L L B 5 B

@[T‘*—'] [Td(N ][ [SEP) ][Tolﬂ ] [TokM]

\_I_l I_'_I
Masked Sentence A Masked Sentence B
\_ o -/
Unlabeled Sentence A and B Pair
Pre-training

N

*

Paragraph

Question Answer Pair

09—
- ERETHER m
''''''''' hl- i BERT
EE Lo Il Epm Il & | [= ]
B8 EEE. &
D5 e
Question

Fine-Tuning

/
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BERT: Pre-training of Deep Bidirectional
Transformers for Language Understanding
BERT (Bidirectional Encoder Representations from Transformers)

BERT input representation

Vi / D 4 D 4 N / D 4 N / / BN
Input [CLS) 1 my dog is ( cute ] [SEP] he [ likes ][ play ] ##ing ] [SEP]
Token
Embeddings E[CLS] Emy Edog Eis Ecute E[SEP] Ehe EIikes Eplay EMing E[SEP]
-+ -+ + + + -+ + + + -+ +
Segment
Embeddings EA EA EA EA EA EA EB EB EB EB EB
+ + + + + + + + + + +
Position
Embeddings Eo El E2 E3 E4 ES E6 E7 E8 E9 Elo




BERT, OpenAl GPT, ELMo

BERT (Ours)

OpenAl GPT
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Class
Label

BERT

el ]-

B B

Ey

G G JL ™ I S I S

ﬁ_

Sentence 1

Sentence 2

(a) Sentence Pair Classification Tasks:
MNLI, QQP, QNLI, STS-B, MRPC,
RTE, SWAG

Start/End Span

BERT

(e[ & |-

LE ][ e L& ][]

T

sl Tt:k l

L - L)

—
I_'_I

Question Paragraph

(c) Question Answering Tasks:
SQuAD v1.1

Fine-tuning BERT on Different Tasks

Class
Label
—
=] -

BERT

E

(cLs) E, E,
/I_I\ LT L
[CLS] Tok 1 Tok 2
]
l

Single Sentence

E,

(b) Single Sentence Classification Tasks:

SST-2, CoLA
(0] B-PER (0]
* & <
BERT
E|<:|.sl E, E, Ey

1 r 1

B Ea e e

Single Sentence

(d) Single Sentence Tagging Tasks:
CoNLL-2003 NER
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Class
Label

BERT Sequence-level tasks

—

[ T, ][ Teer ][ T, ]

BERT

(a) Sentence Pair Classification Tasks:
MNLI, QQP, QNLI, STS-B, MRPC,

Bas || B4 Ex | Bsem || B | [Bw Bas || E E, Ex
NG PN N\ DN DANG
_fr a iy B B e p Ny i
TN T / \ / \ Y / N\
cLs) o fok (SEP) T | Tox [CLS] Tok 1 Tok 2 Tok N

Sentence 1

RTE, SWAG

I_|_| |

Sentence 2

|

Single Sentence

(b) Single Sentence Classification Tasks:
SST-2, ColLA

Source: Devlin, Jacob, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova (2018).
"BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding." arXiv preprint arXiv:1810.04805 39



BERT Token-level tasks

Start/End Span

Ecus) E, |- Ey E[sen E/ Ev
A A A A A
G = = = = =
R / N\ N\ N\ TN
(cLs) T‘,"‘ .. T:‘ (SEP) T:* e T:‘
I | | | |
Question Paragraph

(c) Question Answering Tasks:
SQuUAD v1.1

E(cle || E, E, Ex
e s s iy i
[CLS) ][ Tok 1 Tok 2 Tok N

I |

Single Sentence

(d) Single Sentence Tagging Tasks:
CoNLL-2003 NER

Source: Devlin, Jacob, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova (2018).
"BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding." arXiv preprint arXiv:1810.04805



[ )

lllustrated BERT

1 - Semi-supervised training on large amounts 2 - Supervised training on a specific task with a
of text (books, wikipedia..etc). labeled dataset.
The model is trained on a certain task that enables it to grasp Supervised Learning Step
patterns in language. By the end of the training process, — — — — — — —
BERT has language-processing abilities capable of empowering ” \
many models we later need to build and train in a supervised way. 75% Spam
, Classifier —
Semi-supervised Learning Step 25% | Not Spam

M
® o I IModeI: ® o

Model: (pre-trained

C— BERT l | instep #1) C— BERT J

I I Email me 12 Class

Dataset: \ Buy these pills Spam
WIKIPEDIA I I Dataset: e i Spam
. Predict the masked word Dear Mr. Atreides, please find attached... | Not Spam
Objective: (langauge modeling) l \ /

N\

———————/ S s s e e S

Source: Jay Alammar (2019), The Illustrated BERT, ELMo, and co. (How NLP Cracked Transfer Learning),
http://jalammar.github.io/illustrated-bert/
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BERT Classification Input Output

Input

Features

Help Prince Mayuko Transfer
Huge Inheritance

BERT

& R

Classifier
(Feed-forward
neural network +
softmax)

Output

Prediction

85% ‘ Spam
’ 1

\_ J

15% Not Spam

Source: Jay Alammar (2019), The Illustrated BERT, ELMo, and co. (How NLP Cracked Transfer Learning),

http://jalammar.github.io/illustrated-bert/
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BERT Encoder Input

12 [ ENCODER
00
.
2 ENCODER
\ i | | 1
.
1 ENCODER
\
I | | |
1 2| 3] 4 0o0 512

[CLS] Help Prince Mayuko

BERT

http://jalammar.github.io/illustrated-bert/
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BERT Classifier

Spam

15% Not Spam

Classifier
(Feed-forward neural network + softmax)
1T

- B

BERT

- .
EEREE

[CLS) Help Prince Mayuko

Source: Jay Alammar (2019), The lllustrated BERT, ELMo, and co. (How NLP Cracked Transfer Learning),
http://jalammar.github.io/illustrated-bert/
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Sentiment Analysis:
Single Sentence Classification

Class
Label

(e L~ )~ )

BERT

[CLS] Tok 1 Tok 2

Single Sentence

(b) Single Sentence Classification Tasks:
SST-2, ColLA

Source: Devlin, Jacob, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova (2018).
"BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding." arXiv preprint arXiv:1810.04805 45



A Visual Guide to
Using BERT for the First Time

(Jay Alammar, 2019)

a visually stunning ] That’s a positive thing to say

rumination on love”

Reviewer #1 _ \
o o

SRy

|

That’s negative

“reassembled from the cutting room
floor of any given daytime soap”

Reviewer #2

http://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/
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Sentiment Classification: SST2
Sentences from movie reviews

sentence label

a stirring , funny and finally transporting re imagining of beauty and the beast

and 1930s horror films 1
apparently reassembled from the cutting room floor of any given daytime soap 0
they presume their audience won't sit still for a sociology lesson 0
this is a visually stunning rumination on love , memory, history and the war 1
between art and commerce

jonathan parker 's bartleby should have been the be all end all of the modern 1

office anomie films

http://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/ 47



http://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/

Movie Review Sentiment Classifier

-~

|

“a visually stunning
rumination on love”

]_.

&

Movie Review
Sentiment Classifier

~

J

http://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/

— positive
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Movie Review Sentiment Classifier

“a visually stunning
rumination on love”

}_.

Movie Review Sentiment Classifier

N

§\\J
\\\)

—
U

L.

/" DistiBERT

///
-

@ gl

&

Logistic \\

Regression

)

Source: Jay Alammar (2019), A Visual Guide to Using BERT for the First Time,
http://jalammar.qgithub.io/a-visual-guide-to-using-bert-for-the-first-time/

— positive
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Movie Review Sentiment Classifier
Model Training

Movie Review Sentiment Classifier

f ssiperT | [ Lodstc \\

Regression

Already (pre-)trained We will train in this tutorial

—

%\L@ .o,,
() (=)

Source : Jay Alammar (2019), A Visual Guide to Using BERT for the First Time,
http://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/
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Step # 1 Use distilBERT to
Generate Sentence Embeddings

Step #1: Use DistiIBERT to embed all the sentences

Sentence

a stirring , funny and finally
9 [transporting re imagining of
beauty and the beast and 1930s

apparently reassembled from the
1 |cutting room floor of any given
daytime soap

the movie 1S undone by a
1,999 filmmaking methodology that 's
just experimental enough

/ DistilBERT \

Already (pre-Jtrained

-
U

V”Uf

___

—

0
0 | -0.25
1 |-0.172

1,999 0.124

http://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/

Sentence Embeddings

1

-0.1402

-0.144

0.014

167

0.201

0.371

0.274

Label
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Step #2:Test/Train Split for
Model #2, Logistic Regression

Step #2: Test/Train Split for model #2, logistic regression

) Sentence Embeddings lLabel
Sentence Embeddings lLabel 0 1 767
0 1 767
— (%] 0.215 0.1402 0.201 1
(%] 0.215 | -0.1402 0.201 1
1
1
2
2
3
3 Training set .
75% of examples
4
5
>
5 6
6
7 1,499
8
- Sentence Embeddings label
9 —
Testing set 0 1 - 767
25% of examples
1,500
1,999 | 0.124 | 0.014 : 0.274 1 \
1,999 | 0.124 | 90.014 0.274 1

http://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/ 52
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Step #3 Train the logistic regression
model using the training set

Step #3: Train the logistic regression model using the training set

Sentence Embeddings label
0 1 — 767
0 0.215 (-0.1402 0.201 1
] Model f Logistic \
2 Training Regression
. f\
| o
| NN
6
1,499 K J

http://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/
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Tokenization

[CLS] a visually stunning rum ##ination on love [SEP]
a visually stunning rumination on love

: [CLS] a visually stunning rum ##ination on love [SEP]
Tokenization -

e Tz) Add [CLS] and [SEP] tokens

a visually stunning rum ##ination on love

T 1) Break words into tokens

T Tokenize

“a visually stunning rumination on love”

http://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/
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Tokenization

tokenizer.encode("a visually stunning rumination on love',
add special tokens=True)

101 1037 17453 14726 19379 12758 2006 2293 102
T 3) substitute tokens with their ids

[CLS] a visually stunning rum ##ination on love [SEP]
Tokenization

sl G Tz) Add [CLS] and [SEP] tokens

a visually stunning rum ##ination on love

T 1) Break words into tokens

T Tokenize

“a visually stunning rumination on love”
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Tokenization for BERT Model

a DistiBERT

| \\‘if/

101 1037 17453 14726 19379 12758 2006 2293 102

T 3) substitute tokens with their ids
Tokenization

ol [CLS) a visually stunning rum  ##ination on love [SEP]

Tz) Add [CLS] and [SEP) tokens
1) Break words into tokens

T Tokenize

“a visually stunning rumination on love”

http://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/ 56
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Flowing Through DistilBERT
(768 features)

/68
Number of hidden

Model | '
Model [T T T T T T T T T L]

DistiBERT

00

S ¥
Model 101 1037 17453 14726 19379 12758 2006 2293 102
Input

[CLS] a visually stunning rum ##ination on love [SEP]
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Model #1 Output Class vector as

Model #2 Input

15% 0 (negative) Model #2 Output 1

(positive)

85% | 1 (positive)

I

Logistic Regression

o

Model #2

Model #2 Input [ I I }

Model #1 Output T T T T T T T

DistiBERT

—

Model #1 .

s

Model #1 Input 101 1037 17453 14726 19379 12758 2006
[CLS]) a visually stunning rum ##ination on

http://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/

2293

love

102

[SEP)
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Fine-tuning BERT on
Single Sentence Classification Tasks

Class
Label
= -
BERES
BERT
E[CLS] E1 Ez EN
e 8 s & s By s
[CLS] Tok 1 Tok 2 Tok N

Single Sentence
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Model #1 Output Class vector as
Model #2 Input

0 (negative) Model #2 Output

> 1

(positive)

1 (positive)

Logistic Regression
Model #2 ° °u

I

Model #2 Input
Model #1 Output

Source : Jay Alammar (2019), A Visual Guide to Using BERT for the First Time,

http://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/ 60
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Logistic Regression Model to
classify Class vector

KF DistiBERT \

|

rumination on love”

—-\
“a visually stunning

f Logistic \W

Regression

@ feale.

\Q\JV%

)

Source : Jay Alammar (2019), A Visual Guide to Using BERT for the First Time,
http://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/

— 1
(positive)

61


http://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/

df = pd.read csv('https://github.com/clairett/pytorch-
sentiment-classification/raw/master/data/SST2/train.tsv’,
delimiter='\t', header=None)

df.head()

0 a stirring , funny and finally transporting re... 1
1 apparently reassembled from the cutting roomf... 0
2 they presume their audience wo n't sit still f... 0
3 this is a visually stunning rumination on love... 1

4 jonathan parker 's bartleby should have beent... 1

http://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/
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Tokenization

tokenized = df[0].apply((lambda x: tokenizer.encode(x,
add special tokens=True)))

Raw Dataset Sequences of Token IDs

a stirring , funny and finally transporting re... (101, 1037, 18385, 1010, 6057, 1998, 2633, 182...
Tokenize [101, 4593, 2128, 27241, 23931, 2013, 1996, 62...

[101, 2027, 3653, 23545, 2037, 4378, 24185, 10...
they presume their audience wo n't sit still f... —_— (101, 2023, 2003, 1037, 17453, 14726, 19379, 1...

[101, 5655, 6262, 1005, 1055, 12075, 2571, 376...

apparently reassembled from the cutting room f...

this is a visually stunning rumination on love...

jonathan parker 's bartleby should have been t...

http://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/
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BERT Input Tensor

BERT/D1stilBERT Input Tensor

Tokens in each sequence

0 1 = 66
0 101 1037 .. 0
1 101 2027 . 0
Input sequences
(reviews)
1,999 101 1996 . 0

http://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/
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Processing with DistilBERT

input ids

torch.tensor(np.array(padded))

last hidden states = model(input 1ids)

Raw text dataset

o

a stirring , funny and finally transporting re...
apparently reassembled from the cutting room ...
they presume their audience wo n't sit still 1...

this is a visually stunning rumination on love...

jonathan parker s bartieby should have been t...

//

Tokenized input
tensor

0 1 = 66
0 101 1037 0
1 101 2027 0
q ﬁ

\

DistiBERT

1,999 101 & 1996 .. 0 \\) /\/

BERT Output
Tensor/predictions

http://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/

65


http://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/

Unpacking the BERT output tensor

last hidden states[0]
BERT Output Tensor/predictions

66
Tokens 1n each sequence

2,000
Output rows
(one per
sequence)

768
Number of hidden
units

http://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/
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Sentence to last hidden state[O]

input_ids last_hidden_states[0]
o 1 . 66
e 101 1037 .. @ " DistilBERT
1 —_

— DO ——

¥ b’@
Batch

Tokenize all 2,000 sentences
Put each sentence in its own row

........................................................

101 1037 17453 14726 19379 12758 2006 2293 102 = )

(cLs] a visually  stunaing rus s2ination on love [seP) - PAD

----------------------------------------------------------

Tokenize

“a visually stunning rumination on love”

http://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/
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BERT’s output for the [CLS] tokens

# Slice the output for the first position for all the
sequences, take all hidden unit outputs
features = last hidden states[0][:,0,:].numpy()

only the first position: [CLS]

f

last_hidden_states[0] last_hidden_states[0][:,0,:]

BERT Output Tensor/predictions / \

all hidden

all sentences unit outputs

66
Positions/tokens in each sequence

L

.08
.25 0
2,000 2,000 .
Output rows Output rows
(one per one per A .
sequence) / sequence) : %
yar 1,999 . / o

0 1 - 65

Position

http://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/ 68
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The tensor sliced from BERT's output
Sentence Embeddings

2,000
Output rows
(one per
sequence)

http://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/

Is the same as

>

2,000
Qutput rows
(one per
sequence)

Sentence Embeddings label
0 1 - 767

1,999 0.124 0.014 274 1

[~}
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Dataset for Logistic Regression
(768 Features)

The features are the output vectors of BERT for the [CLS] token (position #0)

features
0 1 - 767 label
0 1
1 0
1,999 1

Source: Jay Alammar (2019), A Visual Guide to Using BERT for the First Time,
http://jalammar.qgithub.io/a-visual-guide-to-using-bert-for-the-first-time/
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labels = df[1]
train features, test features, train labels, test labels =
train test split(features, labels)

Step #2: Test/Train Split for model #2, logistic regression

http://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/
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Score Benchmarks
Logistic Regression Model
on SST-2 Dataset

# Training
lr clf = LogisticRegression()
lr clf.fit(train features, train labels)

#Testing
lr clf.score(test features, test labels)

# Accuracy: 81%

# Highest accuracy: 96.8%

# Fine-tuned DistilBERT: 90.7%
# Full size BERT model: 94.9%

http://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/
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Sentiment Classification: SST2
Sentences from movie reviews

sentence label

a stirring , funny and finally transporting re imagining of beauty and the beast

and 1930s horror films 1
apparently reassembled from the cutting room floor of any given daytime soap 0
they presume their audience won't sit still for a sociology lesson 0
this is a visually stunning rumination on love , memory, history and the war 1
between art and commerce

jonathan parker 's bartleby should have been the be all end all of the modern 1

office anomie films

http://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/ 73
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<>

A Visual Notebook to
Using BERT for the First Time

) A Visual Notebook to Using BERT for the First Time.ipynb S —
File Edit View Insert Runtime Tools Help Lastedited on Nov 26,2019
Connect ~ 2 Editing

+ Code + Text # Copy to Drive

~ A Visual Notebook to Using BERT for the First TiIme.ipynb

= v,sua]ly stunnln% That’s a positive thing to say
rumination on love
Reviewer #1 -
——
® o

NN ~ V.

“reassembled from the cutting room , :
: : o That’s negative
floor of any given daytime soap

Reviewer #2

https://colab.research.google.com/github/jalammar/jalammar.github.io/blob/master/notebooks/bert/A Visual Noteboo
k to Using BERT for the First Time.ipynb 74
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Pre-trained Language Model (PLM)

Semi-supervised Sequence Learning

context2Vec
‘ Pre-trained seq2seq
e
ULMFiT ELMo
GPT
Multiiingual Transformer Bidirectional LM
Larger model

MultiFiT More data

Cross-lingual Defense

» Grover

UDify i1 DNN

MASS Permutation LM
Knowledge |distillation UniLM IS et )
VideoBERT
CBT
MEDNNen ViLBERT .
ERNIE VisualBERT ERNIE (Baidu)
(Tsinghua) B2T2
XL Net i BERT-wwm
SpanbEREY Neural [entity linker Ynicoder-VL
RoBERTa et ty LXMERT
VL-BERT
Kmowhert UNITER By Siozhi Wang & Zhengyan Zhang @THUNLP

https://github.com/thunlp/PLMpapers 75
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Turing Natural Language Generation
(T-NLG)

17.5b 1 7b T;';tlf

15b

12.5b

MegatronLM
10b 8.3b

MegatronLM
83b

>

7.5b NVIDIA.

GPT-2

BERT-Large  '*oP ROBERTa
340m 2. w

25b g -390M BisHIBERT

Ai2 rr-y
® T e 1B bl £) m
A' i Goegle A Transformer_—¢~ ] (> a, 66
|2 mer_—g o [
OpenAl o - ﬁ XLM 665m  RoBERTa Vet
355m DistilBERT

5b

BERT-Large

ELMo GPT __— a65m
340m ____—
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Pre-trained Models (PTM)

CBOW, Skip-Gram [129]

—[Non-ContextuaI

Contextual? GloVe 1133]
—[Comextual HELMo [135], GPT [142), BERT [36] j
—[LSTM HLM-LSTM [30], Shared LSTM[109], ELMo [135], CoVe [126] )

—( Transformer Enc. ~ }—{ BERT [36], SpanBERT [117], XLNet [209], RoBERTa [117] |

Architectures
—[Transformer Dec. HGPT [142], GPT-2 [143)] ]

MASS [160], BART [100]
—[Transformer
XNLG [19], mBART [118]

ELMo [135], GPT [142], GPT-2 [143], UniLM [39] )

BERT (36], SpanBERT [117], RoBERTa [117], XLM-R [28] )

(i)
Unsupervised/ e )
PTMs Self-Supervised PLM

o ) o0

CBOW-NS [129], ELECTRA [24] j

Task Types

NSP )—(BERT [36], UniLM (39] )
('SOP }—{ ALBERT [93]. StructBERT [193] |




Pre-trained Models (PTM)

—[Extensions j—

SentiLR [83], KEPLER [195], WKLM [202]

. ERNIE(THU) [214], KnowBERT [136], K-BERT [111]
—(Knowledge-Enrlched

XLU mBERT ([36], Unicoder [68], XLM [27], XLM-R [28], MultiFit [42] j
—( Multilingual
XLG MASS [160], mBART [118], XNLG [19] j

(T — ERNIE(Baidu) [170], BERT-wwm-Chinese [29], NEZHA [198], ZEN [37]
ANguage-Speciiic BERTje [33], CamemBERT [125], FlauBERT [95], RobBERT [35]

ViLBERT [120], LXMERT [175],
VisualBERT [103], B2T2 (2], VL-BERT [163]

— Multi-Modal VideoBERT [165], CBT [164]

SpeechBERT [22])

—( Domain-Specific ~ }—{ SentiLR [83], BioBERT [98], SciBERT [11], PatentBERT [97] |

—(Model Pruning HCompmssingBERT (51] j

—(Quantization  —{ Q-BERT [156]. Q8BERT [211] |

—[Model Compression )——(Parameter Sharing)—(ALBERT [93] ]

—(Distillation  }—{ DistlBERT [152], TinyBERT [75]. MiniLM [194] )

—( Module Replacing}—{ BERT-of-Theseus [203] )
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¥ Transformers Transformers

State-of-the-art Natural Language Processing
for TensorFlow 2.0 and PyTorch

* Transformers
— pytorch-transformers

— pytorch-pretrained-bert
* provides state-of-the-art general-purpose architectures

— (BERT, GPT-2, RoBERTa, XLM, DistilBert, XLNet, CTRL...)

— for Natural Language Understanding (NLU) and
Natural Language Generation (NLG)
with over 32+ pretrained models

in 100+ languages

and deep interoperability between
TensorFlow 2.0 and

PyTorch.

https://github.com/huggingface/transformers
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NLP Benchmark Datasets

Dataset

Link

Machine Translation

WMT 2014 EN-DE
WMT 2014 EN-FR

http://www-lium.univ-lemans.fr/~schwenk/cslm_joint_paper/

CNN/DM https://cs.nyu.edu/~kcho/DMQA/
T e —— Newsroom https://summari.e;s/ . _
DUC https://www-nlpir.nist.gov/projects/duc/data.html
Gigaword https://catalog.ldc.upenn.edu/LDC2012T21
ARC http://data.allenai.org/arc/
CliCR http://aclweb.org/anthology/N18-1140
CNN/DM https://cs.nyu.edu/~kcho/DMQA/
Reading Comprehension NewsQA https://dataser.ma?uuba.com/NestA
Question Answering RACE http://wvufw.qlzhe)ge.corp/data/RACE_leaderboard
Question Generation SQuAD https://rajpurkar.github.io/SQuAD-explorer/
Story Cloze Test http://aclweb.org/anthology/W17-0906.pdf
NarativeQA https://github.com/deepmind/narrativeqa
Quasar https://github.com/bdhingra/quasar
SearchQA https://github.com/nyu-dl/SearchQA

Semantic Parsing

AMR parsing
ATIS (SQL Parsing)
WikiSQL (SQL Parsing)

https://amr.isi.edu/index.html
https://github.com/jkkummerfeld/text2sql-data/tree/master/data
https://github.com/salesforce/WikiSQL

Sentiment Analysis

IMDB Reviews
SST
Yelp Reviews
Subjectivity Dataset

http://ai.stanford.edu/~amaas/data/sentiment/
https://nlp.stanford.edu/sentiment/index.html
https://www.yelp.com/dataset/challenge
http://www.cs.cornell.edu/people/pabo/movie-review-data/

Text Classification

AG News
DBpedia
TREC
20 NewsGroup

http://www.di.unipi.it/~gulli/AG_corpus_of_news_articles.html
https://wiki.dbpedia.org/Datasets

https://trec.nist.gov/data.html
http://qwone.com/~jason/20Newsgroups/

SNLI Corpus

https://nlp.stanford.edu/projects/snli/

Natural Language Inference MultiNLI https://www.nyu.edu/projects/bowman/multinli/
SciTail http://data.allenai.org/scitail/
. . Proposition Bank http://propbank.github.io/
SERLmMUGRGIS Labhing OneNotes https://catalog.ldc.upenn.edu/LDC2013T19

Source: Amirsina Torfi, Rouzbeh A. Shirvani, Yaser Keneshloo, Nader Tavvaf, and Edward A. Fox (2020).
"Natural Language Processing Advancements By Deep Learning: A Survey." arXiv preprint arXiv:2003.01200.
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Summary

* Universal Sentence Encoder (USE)

 Universal Sentence Encoder
Multilingual (USEM)

* Semantic Similarity
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