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« AtAHO{X 2|(Natural Language Processing )
I =74 7 21 0{ 2 (Computational Linguistics)
* Natural Language Processing, or NLP, is the

sub-field of Al that is focused on enabling

computers to understand and process human
languages.

* https://www.seobility.net/en/wiki/Natural Lan
guage Processing
o Q1700] PO @R ] = O e { = Of -Gl
rabra T el s /| ey IR el S el
SA = S-0 ZX|= =tA[A el FOF



https://www.seobility.net/en/wiki/Natural_Language_Processing
https://www.seobility.net/en/wiki/Natural_Language_Processing
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* Spam detection

e Sentiment Analysis
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* Question Answering: IBM’s Watson

« 20118 28 &5

=A O
PIENSE
Ay
DENK Y . ¢
*  WILLIAM WILKINSON’S ﬁ NAOIINE

“AN ACCOUNT OF THE PRINCIPALITIES
OF WALLACHIA AND MOLDOVIA”
INSPIRED THIS AUTHOR’S

MOST FAMOUS NOVEL

. - Bram Stoker
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AHA| X|QI@I0] 948k7000H0|2t R J| =T HEIE 22 X The Ministry of Strategy and Finance said on the 22nd that the
T000E) Lt 42% %i’iﬁl'.‘ number of notices for the comprehensive real estate tax for housing
this year was 947,000. It increased 42% from last year (667,000).

o Oj A ST o= To| A 0 1= o o 1 0

Machine Translation

X [F AND

L (BX| 20t &2 ) hig
uplands; (511 HEst) tableland
2. (2H) goal 3. (RaI8H =-HX|)

N
hlands, heights, high ground, L [HRE]HE,
)

); cf. OR))

strategy 0I=- 2= [ i]
1 (EE SEE 9t A [H] 2 Ag ]
2

1. this year, the present[current] year 3. (AP Q) H2 (—>tactic)

=

TH [ finance

1. house, housing L (MY E2HE S9f) @ [xZ]
2 (53] YEL 712 ME[WL] 3 XS [M&]S oict (=fund)
Bt [fa
1. synthesize, put together, piece together ministry 01% - 83
1 (HRo Z) By
oA (&5 3. SAHHRIRH] %)
1 [HAH (22]) notice, notification, [SAH notify (sb of sth),
inform
?_l AS

1. the number of people[persons]

71%] (2@
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Probabilistic,

Information-theoretic Birth of Widespread The Era of Transformer-
Models, Symbolic and The Rise of NLP Research Pretrained Word The Birth of Attention based Pretrained
Stochastic Paradigm and the Birth of LSTM Embeddings Model Language Models
. 1980-1990 2003 2014 2017
1940s-1980 § 1990-2000 2013 é 2015 2018
Rise of Compute Power The First Neural Sequence to Sequence Birth of Transformer
and the Birth of RNN Language Model Model



04. Xl_ O-I X-l E‘ Basic Process of NLU

Spoken input

O-l I:_él:)j 7-” O ‘ ol O-I X‘ Ll_ ungeor;tsap:;ﬁg Phonological /

morphological Phonological & morphological
analyser

Sequence of words

“He loves Mary.”
SYNTACTIC Grammatical
COMPONENT Knowledge
Indicating relns (e.g.,

rules

He Syntactic structure mod) between words
loves Mary (parse tree) Thematic
SEMANTIC Semantic rules, Roles
£ 5 i - INTERPRETER Lexical semantics
* Top Down, Linguistic Analysis Selectona
restrictions

Fx loves(x, Mary) Logical form

CONTEXTUAL Pragmatic &
REASONER World Knowledge

loves(John, Mary . )
oves(John, Mary) Meaning Representation

10



04. AFAHOI N 2| =
O1E A O] FO{ K| L}

* Top Down, Linguistic Analysis
* Image source (https://miro.medium.com/max/2000/1*zHLs87sp8R61ehUoXepWHA.png)

Natural Language Processing Pipeline

Parts-of- Named Data Structures

Entity Resolution —» Representing
Recognition Parsed Text

Text Sentence Dependency Noun Coreference

EE— Tokenization Speech Lemmatization

Document Segmentation . Parsing Phrases
Tagging
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Bottom up, Data Driven, Classification
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BOTTOM UP, DATA DRIVEN, CLASSIFICATION
HTTPS://MIRO.MEDIUM.COM/MAX/1000/1*X93SFURVT BMOMLZHGEGLW.PNG

HTTPS://MIRO.MEDIUM.COM/MAX/1000/1*HVASHRIJHK4J9ZW27QB_R-G.PNG

Input: Email Text

“Dir Sir, | have 18
Million dollars that my ——»
uncle...”

Text Classification
Model

Input: Review Text

“This used to be a
giant parking lot ——»
where government...”

Text Classification
Model

Output: Spam score

Class: “Spam”

Output: Predicted Stars

Class: “5”



https://miro.medium.com/max/1000/1*x93sfuRvT_bMOMLZHgEGLw.png

05. XA K| 2| = &l O{HZ7F

«  Ambiguity (52|d): 20e| 2= 5|9 2|4

- 02| 59 &7|"?, Apple’?

« SAtTEE 2lojof FerE OjRICE
*  Flying planes is dangerous
*  Flying Planes are dangerous
e Teacher Strikes Idle Kids

- O|0| 2} M| AKX A (World Knowledge)= A2 0]| k= O] EIC}
*  *Flying insects is dangerous
* Flying insects are dangerous

* | saw the Grand Canyon flying to LA

* |saw a condor flying to LA

14



05.
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off Ol 2427t

HI | Of &

e accomplished! U taught us 2
e should never give up either®

Segmentation Issue
‘ e The New York-New Haven Railroad \

e Dark horse

I: World Knowledge :I
Tricky Entity Name

e Let it Be was recorded....



06. A1 0| 2 = (| ANGUAGE MODEL)

Predict Next Word
« P(MEZ AAE) >P(MEZ 5[
+ P(O] Z2l= & MOIAA Q)
Assign a Probability to a sentence
* N-gram based : Unigram, Bigram, Trigram...
Word Embedding

* Transformer based Language Modeling

16



06. A1 0| 2 = (| ANGUAGE MODEL)

U Chain Rule:

* PXy Xy Xg,e X0 ) = PIX)P(X; [X)P(X3[Xg, Xa) oo POX ] Xy, oo Xig )

«  P(“O| Z2l= & Mol A0 ") =P(0]) x P(E2l=|0]) x P(E O] Z2|=) x P(AHE| | O] Z2l= H

d
- P(2U0{2 | O] Z2l= & A1) = Count(O] ZOl= & YO A0 2) / Count(O] Z2l= & )
Markov Assumption
- P(RlofR| o] ZolE & o)) < p(A0iR | Mol) EE pRloiR | & XD))

«  P(“0l Z2l= & MOl A0 L") =r(0]) x P(E2=|0l) xP(E|Z2=)x (O] | EXxP(RAO L | XD

17



07. EHO
I H| = (WORD
EMBEDDING)

not good -
a o . — == . . a
. I;Iclj:lgerlcallzatlon CEHIAEE =X2 HH = to by bR worst
*  One-hot encod N-Gram 210 2 & that now incredibly bad
Bag of Words o6y el worse

«  Vector 2|0|-E(Semantics) a :

. ECholo| om% CEMEPC-IEEPRY than oo

O| Of, 7 AHO], EF2[O,

515
*  Word Embedding very good incredibly gOOd
*  Distributional Hypothesis amazing fantastic
T T , wonderful
* Word2Vec, Glove, FaxtText.. CITILIC nice

. - e I
%cla%co\fvEll'xfimbgo)ldmg( el =810

LSO

good




Male-Female

walked

e

walking

swimming

Verb tense

Turkey \
Ankara

Russia ———e
Moscow

Canada — QT aWA

J ——
e Tokyo

Vietnam ——————— __ Hanoi

chinaea -—mmmm———— Beijing

Country-Capital

19



08. A| HAEA|RA /O EHIM(SEQUENCE TO
SEQUENCE/ATTENTION)

* Sequence to sequence Model

* Encoder-Decoder
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addition

‘ ' ' context vector

I I I I

multiplication multiplication multiplication multiplication
'y I A | [} I 4 I
k J soltmanx softmax softmax sofimax
1 I [ I
decoder
hidden state score score score score
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https://towardsdatascience.com/attn-illustrated-attention-5ec4ad276ee3
https://towardsdatascience.com/attn-illustrated-attention-5ec4ad276ee3
https://towardsdatascience.com/attn-illustrated-attention-5ec4ad276ee3

09. EE A I H

* https://jalammar.github.io/images/t/t
he transformer 3.png

e https://jalammar.github.io/images/t/T
he transformer encoders decoders.p
ng

ENCODERS DECODERS



https://jalammar.github.io/images/t/the_transformer_3.png
https://jalammar.github.io/images/t/the_transformer_3.png
https://jalammar.github.io/images/t/The_transformer_encoders_decoders.png
https://jalammar.github.io/images/t/The_transformer_encoders_decoders.png
https://jalammar.github.io/images/t/The_transformer_encoders_decoders.png

Multi-Head
Attention

Add & Norm Masked
Multi-Head Multi-Head
Attention Attention

Figure 1: The Transformer - model architecture.




e Self Attention

* https://towardsdatascience.com/dec
onstructing-bert-distilling-6-patterns-
from-100-million-parameters-
b49113672f77

Layer: 2 § Attention:

[CLS]
i
went
to
the
store

[SEP]

at

the

store

i

bought
fresh
straw
##berries

[SEPi é

|

bought
fresh
straw
##berries

iSEP]
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10, ANgiilasse 0 0

* Decoders or autoregressive models:

* GPT, GPT-2, GPT3. CTRL(Conditional Transformer Language Model for Controllable Generation, Transformer-XL, Reformer,
XLNet

* Encoders or autoencoding models
*  BERT, ALBERT, RoBERTa, DistilBERT, ConvBERT, XLM, XLM-RoBERTa, FlauBERT, ELECTRA, Funnel Transformer, Longformer
* Sequence-to-sequence models
*  BART, Pegasus, MarianMT, T5, MT5, Mbart, ProphetNet, XLM-ProphetNet
*  Multimodal models
*  MMBT
* Retrieval-based models

* DPR, RAG

25



10. AHRot 5 2 2

BERT and GPT (Generative Pre-Training)

Auto Encoder Model vs. Auto Regressive Model

26



Semi-supervised Sequence Learning

https://ars.els-
cdn.com/content/image/1-s2.0-
$2666651021000231-gr8.jpg

ULMFiT

Multillingual

MultiFiT

Cross-lingual

Knowledge|distillation UniLM

MT-DNNgp

SpanBERT
RoBERTa

context2Vec
Pre-trained seq2seq

71\(}”

Transformer

+Knowledge Graph

Permutation LM
Transformer-XL
More/data

ERNIE
(Tsinghua)
KnowBERT
KEPLER

XLNet

’ Bidirectional LM Larger model
, More data

Defense
GPI-2 —mm7 70—

Grover

der-Decoder

VideoBERT
CBT
ViLBERT
VisualBERT
B2T2
Unicoder-VL
LXMERT
VL-BERT
UNITER

BART

ERNIE (Baidu) ~ PEGASUS
BERT-wwm TS5
MoE

Switch Transformer
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Scaling: Ll 10| 2 Hl o] 5 H2kar2 & 2 o] I 70f i2} &S50 LA = S 715k= scaling. &
SHfom Hyits
Emergent Ability: “2f2 220l = EXotX| X0 2 REO|M B Hot= S5 27 dHx=F=

CEoIH 50| FARALL I &5
1. G
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=r=
\J
e

AHo| 22 EWAZH(Transformer) OL7[El N & 7|HIC = =X
(@)
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| 27} X| S E| ACHH, =Tt S5 0| Lt gradlent CH|:1|O|E 210] 21 HIAES| =N & 2/ 0ok0
oAb =S AHA-IoI-

Instruction-following: AtfHO 4 F =2 Soll ZOM =l Crs Y H|O|HAlS =85t
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LIST OF LARGE
LANGAUGE MODELS
HTTPS://EN.WIKIPED

|IA.ORG/WIKI/LARGE _

LANGUAGE _MODEL

GPT-Neo

GPT-J

Megatron-Turing NLG

Ernie 3.0 Titan

Claude!”3!

GLaM (Generalist
Language Model)

Gopher

LaMDA (Language
Models for Dialog
Applications)

GPT-NeoX

Chinchilla

PaLM (Pathways
Language Model)
OPT (Open
Pretrained
Transformer)

YaLM 100B

Release
datel®

a
£ 4

March 2021

June 2021

October 2021(70]

December 2021

December 2021

December 2021

December 2021

January 2022

February 2022

March 2022

April 2022

May 2022

June 2022

Developer

Google

Google

OpenAl

OpenAl

EleutherAl

EleutherAl

Microsoft and
Nvidia

Baidu

hropic

Google

DeepMind

Google

DeepMind

Google

Yandex

-
*

Number of

parameters(®]

340 million®5!

~340 million[58]

1.5 billion[6"!

175 billion[24]

2.7 billion[66]

6 billion!®?!

530 billion!”")

260 billion72!

52 billion!74]

1.2 trillion[76]

280 billion””)

137 billion[7°!

20 billion(80]

70 billion!®"

540 billion!82!

175 billion[83

100 billion®5]

Corpus size

3.3 billion words[®5!

33 billion words

40GB!%? (~10 billion
tokens)[63!

300 billion tokens!©3]

825 GiBl67]

825 GiBl67]

338.6 billion tokens!”"!

4Tb

400 billion tokens!74]

1.6 trillion tokens!76!

300 billion tokens[78)

1.56T words, 79 168
billion tokens!78]

5 GiB[67]

1.4 trillion tokens!81[78]

768 billion tokens!8"!

180 billion tokens[#4

1.71B(85]

Licensel &

Apache
2.01561

MIT64]

public web
API

Apache 2.0

Restricted
web access

Proprietary

Closed beta

Proprietary

Proprietary

Proprietary

Apache 2.0

Proprietary

Proprietary

Non-
commercial
researchl¢!

Apache 2.0

Notes

An early and influential language
model,'?] but encoder-only and
thus not built to be prompted or
generativel®’]

An alternative to BERT; designed
as encoder-only!591[60]

general-purpose model based on
transformer architecture

A fine-tuned variant of GPT-3,
termed GPT-3.5, was made
available to the public through a
web interface called ChatGPT in
2022.[65]

The first of a series of free GPT-3
alternatives released by EleutherAl.
GPT-Neo outperformed an
equivalent-size GPT-3 model on
some benchmarks, but was
significantly worse than the largest
GPT-3.[68]

GPT-3-style language model

Standard architecture but trained

on a supercomputing cluster.

Chinese-language LLM. Ernie Bot is
based on this model.

Fine-tuned for desirable behavior
in conversations.[7!

Sparse mixture-of-experts model,
making it more expensive to train
but cheaper to run inference
compared to GPT-3.

Specialized for response generation
in conversations.

based on the Megatron
architecture

Reduced-parameter model trained
on more data. Used in the Sparrow
bot.

aimed to reach the practical limits

of model scale

GPT-3 architecture with some
adaptations from Megatron

English-Russian model based on
Microsoft's Megatron-LM.




LIST OF

LARGE

LANGUAGE
MODELS

38.5B tokens from
webpages filtered for
mathematical content
Minerva June 2022 Google 540 billion[86! Proprietary
and from papers
submitted to the arXiv

preprint server!86]

Large
collaboration . 350 billion tokens Responsible
July 2022 175 billion[#8! -
led by Hugging (1.6TB)!89 Al
Face
CC-BY-NC-
4.0

Galactica November 2022 | Meta 120 billion 106 billion tokens!9%]

AlexaTM (Teacher . " . 2 public web
November 2022 | Amazon 20 billion!®” 1.3 trillion(92] N
Models) APII3]

LLaMA (Large Non-
Language Model February 2023 Meta 65 billion!94] 1.4 trilliont®4 commercial
Meta Al) research(®]

Exact number

unknown, public web
March 2023 OpenAl . Unknown

approximately 1 API

trillion ]
Cerebras-GPT March 2023 Cerebras 13 billion[%7! Apache 2.0
Technology

Falcon March 2023 Innovation 40 billion8]
Institute

1 Trillion tokens Apache
(TB)1%%] 2.0(%9]

363 billion token
dataset based on
Bloomberg's data
BloombergGPT March 2023 Bloomberg L.P. | 50 billion sources, plus 345 Proprietary
billion tokens from
general purpose
datasets100!

PanGu-% March 2023 Huawei 1.085 trillion 329 billion tokens!'0") Proprietary
OpenAssistant!102] March 2023 LAION 17 billion 1.5 trillion tokens Apache 2.0

PalLM 2 (Pathways
Language Model 2)

May 2023 Google 340 billion[103] 3.6 trillion tokens!'03] Proprietary

LLM trained for solving
“mathematical and scientific
questions using step-by-step
reasoning”.[87) Minerva is based on
PaLM model, further trained on
mathematical and scientific data.

Essentially GPT-3 but trained on a
multi-lingual corpus (30% English
excluding programming languages)

Trained on scientific text and
modalities.

bidirectional sequence-to-
sequence architecture

Trained on a large 20-language
corpus to aim for better
performance with fewer
parameters.[94] Researchers from
Stanford University trained a fine-
tuned model based on LLaMA
weights, called Alpaca.[9)

Available for ChatGPT Plus users

and used in several products.

Trained with chilla formula.

The model is claimed to use only
75% of GPT-3's training compute,
40% of Chinchilla's, and 80% of

PaLM-62B's.

LLM trained on financial data from
proprietary sources, that
“outperforms existing models on
financial tasks by significant
margins without sacrificing
performance on general LLM
benchmarks”

Trained on crowdsourced open
data

Used in Bard chatbot.[104]




Meta
Llama2

EleutherAl
Pythia

EleutherAl
Polyglot

GPT-J

Databricks
Dolly 2

Cerebras-
GPT

StableLM

Mosaic
MPT

Falcon GPT

Llama
license

Apache 2.0

GPL-2.0

MIT

Apache 2.0

Apache 2.0

CC BY-SA-
4.0

Apache 2.0

Apache 2.0

7,12

I

7,13

3,7, (15,
30, 65, 175)

7,30

7,40

L

English /
Multilingual

English

English /
Multilingual

English

English

English /
Multilingual

English

English

English
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TECHNICAL EVOLUTION OF GPT-SERIES

MODELS

/_G TS5
—

By 2021
1-4

a3 @
Codex @_

TO

Anthropic | A\

WebGPT @

HyperCLOVA

Ernie 3.0 lltanO . InstructGPT @

Gopher@

e
GLaM \, MT-NLG =

OPT ON
GPT-NeoX- ZOB

GLM Tk-Instruct _I\|2
Cohere .

BLOOM

mT0
AlexaTM a
BLOOMZ

WelLM |1
Galatica (X) U / \

OPT-IML (X)

CodeGen O e

{5 Gshard
0
«F mTS§

S@ PanGu-&

HUAWEI

A timeline of Existing Large

Language Models(Zhao et al.

(2023))

Publicly Available

00
0.0 Frni
@ Ernie 3.0

Al21 5
&2 PLUG labe Jurassic-1

BIRTRFIR

G FLan G

inspur Yuan 1.0

LaMDA

0 AlphaCode
b Chinchilla

G UL2 b Sparrow
{5 Flan-Ts

G Flan-PaLM

/— )\( Luminous
00 NLLB
\ 1-12

ChatGPT

i

3AAI CPM-2

T@ Falcon
2% CodeGeeX

. Pythia

LM-5YS ‘ Vicuna

s% PanGu-X

HUAWEI

3 Bard
09 LLaMA

[
1-6 ——p

I
GPT-4 @
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