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QIZ A& Artificial Intelligence (Al)
7|Agk& Machine learning (ML)
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Steven Pinker
(1954.09.18~)
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“ Language is a window into human nature,

but it is also a fistula, an open wound through which we'’re
exposed to an infectious world.”

“ Language is the mirror of the mind;
and a detailed study of language might reveal to us
just how the mind works. ”

Noam Chomsky
(1928.12.07~)
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Evolution of NLP o

deep learning approach
machine learning approach

statistics-based approach

rule-based approach (corpus)
1950 ﬂ?—?—?—?—?—?—?—
Turing Test ELIZA Conceptual

Embedding
ALPAC’s report Ontologies

Neural Networks Attention
Transformer

AIgorlthms



Rule-based NLP

Bl 1954: Georgetown Experiment (Z| 22| 7|A|HY AH)
- X A|EF2 CHEl} IBM O] S22 7|AHE A|A”S THE

- 607171 E= A0t 284S 0= ats HAS AlFe

O

0 ALPAC’s (Automatic Language Processing Advisory
Committee) report

- ALPACZ 1966'A 7[AH HHO|| 51| 0f 2 £ Ql 21T
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Rule-based NLP

B 1960’s: ELIZA (CH2IS st= 2| Xx2Q| Al T2 2H)
- 1966'A MIT QIS5 A| s HALL| RA|Z HO|AH=Z0] 7HE
- IHEd O A (pattern matching)ﬂf I1H5(1I R (substitution)% 0|23t LH=t=

> Hello, I am Eliza.

* Hey!

> Don’'t you ever say Hello?

* Hello!

> How are you today.. What would you like to discuss?
* I'm depressed.

> Do you enjoy being depressed?

* No, I don’t.

> Why no?

* Because I want to be happy.

> Why do you want to be happy?

. * Because I'm tired od being depressed.
Joseph Weizenbaum > That is quite interesting.

(1923.01.08-2008.03.05) * I'm not sure

ELIZA%}S| CHet 2




Statistics—based NLP

M Late 1980’s

- 71A g1 A4 RES0

- A 7|2 ArA O 2| 2| 5
« Naive Bayes

| S0 et SA 7|2 AHHH 2|7 Al2FE
A o E0fl= =& o2 YL 0|2 30| U=

»  Decision Tree il = spol -y
 Hidden Markov Model (HMM) L Y
«  Maximum Entropy Model AN “\
- Support Vector Machine(SVM) / \‘\\ / .
 Conditional Random Fields (CRF) [ N\
M N\ _I,-’f
V
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Deep Learning-based NLP
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= 2{'d (Deep Learning)
Sl g

= 2AHY (Embedding)
Word2Vec, GloVe, FastText

- ELMo, BERT
p 217 Q10 E O E

= 0] 2 (Language Model)
CNN, RNN, LSTM

« Seq-2-seq
« Transformer (BERT, GPT)
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Deep Learning-based NLP

B O{Ell M (Attention)

- CIZC0IA 22 TH0IS 0 33Hs Al (time step)Dit, ©!
- S A0 OS8O B THojet A12to| QU= B T

| -

FEOME A Y 2= CHAl

o

Ot

e

[

AS GE HOO| O &S

frisbee(0.37)

park(0.35)

13



YWAN
-\0\‘\ (/,1/

“

Deep Learning-based NLP Q.
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Probabilities

| Softmax |

| Linear |

B EsiA XM (Transformer)
- 2017 #120| X3t =F ‘Attention is all you need’ 0f| L= 2 H
- O{HIE 7[HZ J[Hto = &t

u.'f'i.. 'l'j;f-.* Wil E(mm\ E
BERT : Feed -
Encoder Self-Attention E Forw' ard E
) ’/,._,- - .f\ f,——»[ — &| — ]\ E | Add & Norm e E

I - Multi-Head - GPT
Feed . Attention .
Masked Decoder Self-Attention Forward d 2 t N E
) ’:z E E (Ada & Norm J< .
: A Nx | ~(Addatom]) || 1| ey
Encoder-Decoder Attention r\iﬂi_r:_t'iiid E M:tlgz%id E
- BERT, GPT 52| 7|= 22z &&= ) 4B g =
Positional D . Positional =
Encoding : : ¢ Encoding *
Input E Output E
Embedding - Embedding -
T P :
Inputs E Outputs E
O ACE R

14
Figure 1: The Transformer - model architecture.



BERT

B BERT (Bidirectional Encoder Representations from Transformers)

- EEHA TR Transformer?| Q1AL E 2 AFX 2T 7|HEO| £
2Z|O|C|otet €2 LHE2FO| unlabeled dataZE R &2 AIA =
EX EjA 9] labeled dataZ O|A|Z

- CHeFor AL 0] O] 5k

FIT

- 2018H 10E 120N &

ot

-y !

2= (Devlin et al. 2018)

A2 d pre-training®t 0| =,

=00l S& “t=

SQuAD1.1 Leaderboard

= kcRalYy

g E(PLM)

4 fine-tuningdtt] AOHZ| EfAIE 2HSH= 2

Rank Model EM F1
- RO EA
-1 O Human Performance 82.304 91.221
1) Ot HIAE FMA (Wlklpedla =) 0|85 Stanford University
N Y (Rajpurkar et al. '16)
8 S20| 910] Of¢ BUS ALY T
" - =10 1 BERT {ensemble 87.433 93.160
2) SHLtO| Qutst mEO| 2A0| OHE| RS SA|0f 223 A Nl el
\.\lf'lﬁ,‘{l!' Al anguage
o|0|E sjAY 4 U HAHAZ|HAM =2 H=EE 2Y https://arxiv.org/abs/1810.04805
2 ninet (ensemble) 85.356 91.202
Microsoft Research Asia
3 QANet (enscmble) 84.454 90.490

Jul 11, 2018

Google Brain & CMU
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GPT
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B GPT (Generative Pre-trained Transformer)
- 20182 A& 2 2 OpenAldflA oot 22 (Radford et al. 2018)

2018.06 2019.02 2020.05 2022.05 202211 2023.03

- - _ GPT-3* GPT-3.5 GPT-4

o oFi=e GFI=3 [ (InstructGPT) ] [ (ChatGPT) ] [(ChatGPT PIus)]
4.8GB 40GB 570GB

unfiltered data filtered data filtered data 140

=
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Large Language Models(LLMs)
2 Q0] 2

o
=]

# Parameters (B)

e
=

1.179 154 17504

parameter parameter parameter

Fult
=]

?$? ?$? ?$? BERT RoBERTz GPT-2 TS Turing NLG ~ GPT-3
Model

[
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Steps for NLP

W 2i0{st (Llngwstlcs)
AO|A| A EE= SO 20f| CHot 2feta A
- =d% (Phonetics), &2 (Phonology)
A2 HEE S
- HEE (Morphology)
A0 B9 My (A HElE A+ote o=
EAFE (Syntax)
=& W 14 240 A HE|E F46t= o=
o|0| £ (Semantics)
A0 Eolof 90| & A= o=
sl2-2 (Pragmatics)

- (scientific study of language system / structure)

Aol =3
v
SEfA BA

Pt A e |

(Morphological Analysis)
v

-+= &4 (Syntax Analysis)

A 4
o|0] &4 (Semantic Analysis)
A 4

22 &4 (Pragmatic Analysis)
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NLP Techniques
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Data
Preprocessing

Tokenization

Stopword
ENZ]

Bag-of-

Words

N-grams

TF-IDF

Lexical/
Morphological
analysis

POS tagging

Syntactic Semantic
analysis analysis

Predicate Topic

Argument Modeling
Structure

Keword
Extraction
Named Entity
Recognition

Word Sense

Disambiguation

Discourse/
Pragmatic
analysis

Intent
Detection

Anaphora
Resolution

Summarization

Sentiment
Analysis

Question
Answering

Machine
Translation

Information
Retrieval
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« POS tagging, Dependency parsing,
SRL, WSD, Keyword extraction
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¥ 7|AIet& (Machine Learning)
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word_liat = dio_df['word' ] _unique()
rawl["msent_score'] = rawl["tokena2'] progreas_mapl |anbda x:saml[dic_df[dic_df[ "word" ]=word] [ "pelar
if word in word_linat elae O for wor

rawl = pd_read_oov(" fodr ive/My Drive/000 wonder _oav")

x
CIoIE X 100%| I 7512/7912 [00:03<00:00, 2490.78it/s]
patternl = '[—= #/W7 F AV -RIWWIRENLIT R § S0 Y T /R AHE — "7 T rawl[“word_oount'] = rawl["tekena2'] .progress_mepl lambda x: len(x))
rawl["'maintext'] = rewi[ 'maintext'] . progress_mapl lambda x:re.sub(patternt, '', =) .stripl])

100%| I 7o12/7912 [00:00<00:00, 477383.78it/a]
100% | 7=12/7212 [00:00<00:00, 2082827.08it/s]

rawl[‘sent_index'] = rawl[ " sent_score']/rawi[ 'word_oount' ]

die_url = "hitps://raw.gi thubusercontent . com/par k1200858, KnuSant i Lex/ master /Fnulant iLex/data/Sent iW
dio_df = pd.read_j=sonldic_url) rawl [ “sent_indsx'] .desoribel )x
pount 5048 000000
dic_new = pd.DataFrame(dio_df [ “ward' ]) ""t":” ggﬂgﬁﬁ
. e i i ] _5g2
dio_new| taga’' | = "NHP min -5 000000
diz_new 25% 0.000000
0% 0. 000000
dio_new. to_covi "ocustom_diot.Ext", index=Falas, header=Falas, sep="Wt") FAIZEI}I]E AMES DHEL 5 0. 000000
nax 2.000000

Name: =aent_index. diype: floatfd

komaran.set_ussr_diol "ocustom diot. txt")

rawl[ "tokena'] = rewl[ 'maintext’] .progress_mep( lambda x:komoran. got_nouwna(x) )

32
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2 A

ret

2N 20 T ZE &

score = rawl['sent_index'].mean()
print('283& &=

Z=: {}'.format(score))
i f —2<score<-1:
print('&Aal2 2EEEO AHSEHS JHAD ASsLICH)

elif —1<=score<0:

print('&4l2 HlwWA SHAQ dos2sS I LD USLILH)

elif O<=score<i:

print('EA2 HlnE 2Ol A)SAES JIALD ASsLICH)

elif 1<=score<?:
print('"&E¢2 2 E0 ASsSH=S JHA LD AsLcH)
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SR HOJALR M AMH|2

pos = pd.read csv("/adrive/My Drive/GCO/pos sentiment . csv")

today_word = pos.sample(n=3)
print('2=2 0| &3S MPHI: {}'.format(today word['text'].unique()))

<D
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S 0lp 22 MEMK: ['2DUUYN 'SHY' 2 2 0]
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