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BELEA B O JIE 52

C. E. Shanon, "A Chess-Playing Machine",
Scientific American, Vol. 182, No. 2, pp. 48 51, 1950.

BERIEROIRES
C. E. Shannon, “A Mathematical Theory of Communication”,

Bell System Technical Journal,
vol. 27, pp. 379-423, 623-656, 1948

Claude Elwood Shannon
1916 - 2001
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Machine Learning (&=FE) & (&
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Field of study that gives computers the ability to learn
without being explicitly programmed.

Arthur Lee Samuel, “Some Studies in Machine Learning Using the Game of Checkers,”
IBM Journal of Research and Development 3 (3): 210-229, 1959. DOI:10.1147/rd.33.0210
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Joseph Weizenbaum, “ELIZA — A Computer Program For the Study of Natural Language Communication Between
Man And Machine”, Communications of the ACM, vol. 9, no. 1, pp. 36-45, 1966. DOI:10.1145/365153.365168
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C. E. Shannon, “A Mathematical Theory of Communication”,

Bell System Technical Journal,
vol. 27, pp. 379-423, 623-656, 1948

Claude Elwood Shannon
1916 - 2001
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3. THE SERIES OF APPROXIMATIONS TO ENGLISH

To give a visual idea of how this series of processes approaches a language, typical sequences in the approx-
imations to English have been constructed and are given below. In all cases we have assumed a 27-symbol
“alphabet,” the 26 letters and a space.

1. Zero-order approximation (symbols independent and equiprobable).

XFOML RXKHRJFFJUJ ZLPWCFWKCY] FFJEYVKCQSGHYD QPAAMKBZAACIBZL-
HJQD.

2. First-order approximation (symbols independent but with frequencies of English text).

OCRO HLI RGWR NMIELWIS EU LL NBNESEBYA TH EEI ALHENHTTPA OOBTTVA
NAH BRL.

3. Second-order approximation (digram structure as in English).

ON IE ANTSOUTINYS ARE T INCTORE ST BE S DEAMY ACHIN D ILONASIVE TU-
COOWE AT TEASONARE FUSO TIZIN ANDY TOBE SEACE CTISBE.

4. Third-order approximation (trigram structure as in English).

IN NO IST LAT WHEY CRATICT FROURE BIRS GROCID PONDENOME OF DEMONS-
TURES OF THE REPTAGIN IS REGOACTIONA OF CRE.

5. First-order word approximation. Rather than continue with tetragram, ... , n-gram structure it is easier
and better to jump at this point to word units. Here words are chosen independently but with their
appropriate frequencies.

REPRESENTING AND SPEEDILY IS AN GOOD APT OR COME CAN DIFFERENT NAT-
URAL HERE HE THE A IN CAME THE TO OF TO EXPERT GRAY COME TO FURNISHES
THE LINE MESSAGE HAD BE THESE.

6. Second-order word approximation. The word transition probabilities are correct but no further struc-
ture is included.

THE HEAD AND IN FRONTAL ATTACK ON AN ENGLISH WRITER THAT THE CHAR-
ACTER OF THIS POINT IS THEREFORE ANOTHER METHOD FOR THE LETTERS THAT
THE TIME OF WHO EVER TOLD THE PROBLEM FOR AN UNEXPECTED.
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You shall know a word by the company it keeps.

= 0 it (distribution hypothesis)

Z.S. Harris, "Distributional structure," Word, vol. 10, no. 2-3, pp. 146-162, 1954
J. R. Faith, "A synopsis of linguistic theory," Studies in Linguistic Analysis, pp. 1-32, 1957

Today's lecture on machine learning is
about natural language processing.
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today's / lecture / on / machine / learning / is /

about / natural / language / processing / .

-
0 1 0 0 0 0 0 0 0 0

o
1 0 0 0 0 0 0 0 W9
0 1 0 1 0 0 0 0 0 0 w3
0 0 1 0 1 0 0 0 0 0 w4y
0 0 0 1 0 1 0 0 0 0 Wr
0 0 0 0 1 0 1 0 0 0 We
0 0 0 0 0 1 0 1 0 0 wr
0 0 0 0 0 0 1 0 1 0 ws
0 0 0 0 0 0 0 1 0 1 Wq
0 0 0 0 0 0 0 0 0 Wio
B R 1T4] (window size=1)
w; - Wk

similarity (w;, wg)

- wjllzllwell
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- FEREDH# (SVD; singular Value Decomposition)
AT B RREENT (LSA; Latent Semantic Analysis)

S. Deerwester, et. al. "Indexing by latent semantic analysis," J. Amer. Soc. Info. Sci., 41, 6, 391-407, 1990.

- word2vec

T. Mikolov, et. al. "Efficient Estimation of Word Representations in Vector Space," Proc. ICLR2013, 2013.



word2vec

T. Mikolov, et. al., "Efficient Estimation of Word Representations in Vector Space," Proc. ICLR2013, 2013.
T. Mikolov, et.al., "Distributed Representations of Words and Phrases and their Compositionality," Proc. NIPS2013, vol. 2, pp. 3111-3119, 2013.
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DHhHEE L7-HAFEWikipedia (2L 5 3—/Y X%
vector_size=32, min_count=10, window=5 T CBOW. Skip-gram CTHF&

ES N0

CBOW
results = wv.most_similar( positive=['E="'] )
for result in results:

print( result )

("XFR', 0.9703967571258545)
("f°="', 0.9284552931785583)
("#&E", 0.9233023524284363)
('24HE", 0.9053868651390076)
("ALIR', 0.9029340744018555)
('"faf', 0.8727191686630249)
('"/\&', 0.8702754378318787)
("fbe"', 0.8675271272659302)
('"ReA', 0.8505994081497192)
('"BERS"', 0.8490319848060608)

Skip-gram
results = wv.most_similar( positive=['E='] )
for result in results:

print( result )

("XFx', 0.9708964824676514)
('"2HE", 0.9396223425865173)
("ALIR', 0.9280979037284851)
("#E', 0.9249083399772644)
("ERA\EF', 0.9184554815292358)
'EEMF ', 0.914902925491333)
("LBEZE', 0.9091632962226868)
("KBrm#EHE"', 0.9087345004081726)
("f=2f', 0.9073981642723083)
('"#f', 0.9063336253166199)
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DHhHEE L7-HAFEWikipedia ICL 5 3—/Y X%
vector_size=128, min_count=10, window=15 T CBOW. Skip-gram TH&

[king] — [man] + [woman]
CBOW Skip-gram
positive=['king', 'woman'], negative=['man'] positive=['king', 'woman'], negative=['man’]
('queen', 0.8015924096107483) ('queen', 0.8003054857254028)
("princess', 0.6920022964477539) ('princess', 0.7231035232543945)
('regnant', 0.6867566704750061) ('regnant', 0.7216320037841797)
("'monarch', 0.6618798971176147) ('throne', 0.7057614922523499)
("throne', 0.6595994830131531) ('jagellon', 0.704541802406311)
('queenship', 0.6397891044616699) ('queen-consort', 0.7011317014694214)
('queen-mother', 0.6289969682693481) ('regnant)', 0.6940827965736389)
("prince', 0.6162654757499695) ('prince', 0.6903947591781616)
('regent', 0.6160593032836914) ('(consort', 0.6891282796859741)
('"empress', 0.6042488217353821) ('consort;', 0.6829870343208313)




man

king

queen

X SPUNZ

embeddings

woman

/'\>

Male-Female

word2vec |

walked
,‘;'.

’ swam
©)

walking .

swimming

Verb tense

Spain \
Italy ~—-—-__--_________~_~Madrid

Germany R Rome

Berlin

Turkey -—~_________‘~__~—
Ankara

Russia ———e 7
Moscow
Canada Ottawa

J — e
— Tokyo

Vietnam Hanoi
China Beijing

Country-Capital

LB EENRY FILOE% (Mikolov et al.2013a; 2013b)



word2vec:
DEURGRICE D XHBIIW L TXIRIEKREFED (—EH) nBKRIEA
FETEHETI
1~ BEHEEIE HIA A (Word Embedding)
HE SN ML

w R (Additive Compositionality)
King — Man + Woman - Queen

word2vec D [HEE &
- XIRICIS LB (%F3E) #ikz im0
TEEOXXED [HUW] IZEKRIAEL S
[ZoFaalL—hEHUL]
[ A NFIRICH U]

- DPAERAETXEEZXRAT 255, 2REROEATEFIT%
MAT 2D ZOHZERIENZR S NG L
TRONEODHEANF—L 8D
[ REBIFZBBICAZE LTz, |
[ ZERIFREBICAZE LTz, |



RN N (Recurrent Neural Network)
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RN N (Recurrent Neural Network)
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sequence-to-sequencet 7 /b
seqgZseq

Decoder

Taro

o

Jiro a book <EOS>

11 11

lent

|

Encoder

N
e

= L 74 B <E0S> Taro lent Jiro a book

sequence-to-sequence £ 7 /L (Sutskever et al.2014)

EFICSZ oNTZRIID O RDEZRZ T H
BIZROFHATHORICIEFEENAFTH L7-1EH AT



seq2seq D HlE =
 oder Encoder 1 /] \

EOS> Taro lent

sequence-to-sequence £ 7 /L (Sutskever et al.2014)
ANRINDIFE % Encoder CIEMBL 727 bILE LT
Decoder|Z1m A %
w7 NJIRVI ARV & ATTRY]DIEH & Decoder |
LoDl ERRAD I EDRE

AmIEBENEL S ERETIHIEELFo NG L
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attention CF =)

DecodefFICATIRINDIEH 2 BRSBTS 5L 5 ICT LA

Taro
Attention Aﬁ
—
Softmax - score(hs, hy)
1T 1111 h
— v71 tanh t
/ \/ \/ N/ N/ \/ \/ \ " Vg tan (W“[hs])
hs "‘===="======'?E=‘=‘l::::::§Ts;—Z:I;Z:E_: o t
4 g > >
/ i I g Ry
KER % RER I P % &L7- <EOS> Taro lent Jiro a book

Encoder Decoder



seqgZseq + attention

Je suis étudiant </s>

1 }

attention
vector
context ‘

vector

attention -

e— o 5 {0.3%

. . . .

. . . .

. . . .

. » . . . .

. -

‘v‘ U ~ -
e - -
“
"langy N “
~ ~ AR )] » "Nugy

- -
- -
- -

l am a student <s> Je suis étudiant
seq2seq + attention = M ENER (@A (Google Translator)
HEREERBE e L LR L CTEIRICALE  (Wuetal.,2016)



Self-Attention
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Transformer

Probability Output ([cats])

1

/C+§9Ltvmwa&

g
BENELE D Decoder

FNN

4 N

\ Enco d er & Feed Forward Network )

{ N 4 * N

\ Feed Forward Network Encoder-Decoder Self-Attention
. _J \_ _J
' 1 N\ 4 f )
Self-Attention Masked Self-Attention
\_ _J \_ _J

Input | | Input
(Emt?ep;ding) ... ... ... } 1 | (Emt;]ep;ding)

tengo gatos I have

Ashish Vaswani, et al., Attention Is All You Need, 2017



GPT

Generative Pre-trained Transformer
Output Block

Alec Radford, Karthik Narasimhan, Tim Salimans, llya Sutskever,
Improving Language Understanding by Generative Pre-Training,
Preprint, 2018.

OpenAl

/A

WF FN = R3072x768
2

Transformer Block

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

FFN 768x%3072
Add & Norm Wl €R

x12
We e R768x768

-,

Embedding Block

Scaled Dot-Product Attention

(Mask=True)

]

W, € RS124768 _,

W e R40478x768
e

“’iQ’ “/iK, Wiv e R768x64
(ie{l2,.,12})

Book Corpus FE5#{ : 40478



GPT

Generative Pre-trained Transformer

Alec Radford, Karthik Narasimhan, Tim Salimans, llya Sutskever,
Improving Language Understanding by Generative Pre-Training,
Preprint, 2018.

OpenAl
Classification Start Text Extract ]—— Transformer [~ Linear
Entailment Start Premise Delim | Hypothesis | Extract ]—— Transformer | Linear

Similarity Linear

Start Text 1 Delim Text 2 Extract | > Transformer E

Start Text 2 Delim Text 1 Extract | > Transformer

Start Context Delim Answer 1 | Extract | Transformer (| Linear —

Multiple Choice | Start Context Delim | Answer 2 | Extract |+ Transformer (= Linear {

Start Context Delim Answer N | Extract ||+ Transformer > Linear —




GPT-2

Generative Pre-trained Transformer 2

12x —

Text Task
Prediction

Classifier

~

i

Layer Norm

o

Feed Forward

[}

Layer Norm

 yu—

Masked Multi
Self Attention

Text & Position Embed

GPT

Alec Radford, Jeffrey Wu , Rewon Child, David Luan, Dario Amodei, llya Sutskever
Language Models are Unsupervised Multitask Learners
Technical Report OpenAl, 2019.

Linear & Softmax

i 2018 D GPT DIRE A LK

Layer Norm
A

Pe— INT A — R 1518
Feed Forward

A WebText 1 — /Y X : 40GB

Layer Norm
A

Pe—— — 12x, 24x, 36x or 48x

Masked Multi
Self Attention

&

Layer Norm
A

Text & Position Embed

GPT-2



GPT-3

Generative Pre-trained Transformer 3

OpenAl ICL > THEIN/T-ANN SN
TEFRMDORODHEEBEOHERAZ KD S ETIL

Text Task
Prediction | Classifier

Linear & Softmax

~

+

12x —

i

Layer Norm

 yu—

Feed Forward

[}

Layer Norm

 yu—

Masked Multi
Self Attention

Layer Norm

A

A

-\‘
P

Feed Forward

B

Layer Norm

A

De—

Masked Multi
Self Attention

B

Layer Norm

A

Text & Position Embed

Text & Position Embed

GPT

GPT-3

Tom B. Brown et. al. (31 persons!)
Language Models are Few-Shot Learners
https://arxiv.org/abs/2005.14165, 2020

GPT-2 D& % LK

INT A — ¥ 175018

570GBDEZ (40001E F — 7 )

— 96X




GPT-3.5

Generative Pre-trained Transformer 3.5

Step 1

Collect demonstration data
and train a supervised policy.

A prompt is
sampled from our
prompt dataset.

A labeler
demonstrates the
desired output
behavior.

This data is used to
fine-tune GPT-3.5
with supervised
learning.

~
L

Explain reinforcement

learning to a 6 year old.

;

o)

V4

We give treats and

punishments to teach...

Step 2

Collect comparison data and

train a reward model.

A prompt and
several model
outputs are
sampled.

A labeler ranks the
outputs from best
to worst.

This data is used
to train our
reward model.

™™

w/
Explain reinforcement
learning to a 6 year old.

In reinforcoment Expiain rewards..
lzarning, the
agentis...
In machine \We give treats and

learning... punishments to

J

tesch..

0-0-0-0

5%
0-0-0-0

Step 3

Optimize a policy against the
reward model using the PPO
reinforcement learning algorithm.

A new prompt is
sampled from
the dataset.

The PPO model is
initialized from the
supervised policy.

The policy generates
an output.

The reward model
calculates a reward
for the output.

The reward is used
to update the
policy using PPO.

e

Write a story
about otters.

https://openai.com/blog/chatgpt 2023/5/24access




2010-

2017- Transformer, BERT, GPT

Neural e
Text ———>] Network /)\503)5
Model a
ERIFE (pre-train)
2022- GPT, PaLM, Gemini
Neural o
Text ——> Network S /A;ﬂ
Model A=
ERIFHE (pre-train)

Neural
lnput —> Network — > Output
Model
ETUHPBENICEHEEAEY . LET X HEA

HETE D R X7 D 1= 2R

Neural
Data —> Network S Hh
Model

77AYFa—=>7
BT — 2B BE~BT

HTEDRXRXT DE%
[SFFHT 2] BREEZD

Neural
prompt —> Network ———> H ]
Model

AT TAYYT
BT —2E T 0~FfE



BELLMIEESHNBEXBEERT BT EA
AEETHIDN. HHDPT<HBLTI LS

LLM (Large Language Model. XiERSEBETIL) NBOSHNBXEZERT DI EN
OJRERD(E. UTD3DDEFERIEBHICLDET :

1. KEDTFHFRANT—YICLDETE

LLM(E, 19—y hEDEEE. EF. D171 b |ERE. BARBED
TFRART—INSEBUXT, COEZTEET., HRLBXAR. SWLWBIL. CERA,
STREICEATRHBERIRNUET, ZDRER. SEOBAREREZIRMT DEHEEELET,

2. hSVRIA—N—T—FTOFvDFA :
Z<DLLM, FIEGPTYU—-XBERF. FSVYRITA V=T —FTIFP[CEDVTNEXT.
CD7—FTIOFvE. XOPDEEENZDREDOREBEEDLSICEAELTWLWSH\Z
BRI DDICIHBICHIRNTT, INICKD, XARICEDVWTRICEKDINERHBAESE
IL—XZFRTDIENTEXT,

3.8CERXNZALAL:

hSYRDA =N =T —FTIOF v DROEED THBDECEITBEXN_XALICKD, EFILE
ERSNBINENTOZEBROBREIDRERELET, InlcLD. KOBEEENSL,
MXARISB 212 BODBNEZENT DI ENTREICTED T,

INSDEBEZRDMEAEDL=DZET. LLMEBRATRBLBXEZENT DI ENTE,
ABHBWED DK SBTF AN EEDET ZEDTRECRD XT,



+ BELLMIEESHNBEXBEERT BT EA
AEETHIDN. HHDPT<HBLTI LS

Gemini Advanced

LLMAB S DB XEZ4EN TEDBAE. EICUTD3DTY,

1. REDT—HTEELTLD
LLME, A1 Y5 =Ry b EOXEPERZLRE. FABEDT —ITEBLTVEXT,
ZDleH. ANEDSED/\Y -V PHUNZEBEIT DI ENTEXT,

2. SERSIFRBRKRJ\PZEFELTWLD
LLM(E, SXSFTKLBRRZFBLTVWXT, ZDcdH. RRCEDLE TEYGRRIEZ
ESZENTEET,

3. XirzEfE LTS
LLM(E, XAfZEBET DI ENTEXT ., TDIH. AIEDOXEEFBDRNXEZ
T DIENTEEXT,

RO PITLLAIZDE LLMBRERBZEDXFZELRBUIEABDXISIBRHD T,
* NEX. BEDERENS. WRICEDLE CEYILBERZFEVNDTDIENTEXT,
LLMBEIUKSIC, ZBUET—ID5. BODRBXEZLENIT DI ENTEXT,
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iy BELLMIEBS AR BEERT BT EH

W 3 OJEETHBDDH. DHh DRI EHAL TLIEEL)
Talk to Claude

claude.ai

LLMAYB S DB X EZAEM CTEDERIBRELITO®BO T,

ERBEDTFRA ST —HY THpiElRSNTLS
LLMEEBR~TRRIRD/I\S X -5 25, Wikipedia@EDRKEDTFRAST—FT
FHFHIRSNTVET, ABDEBZHIREEFEL VDO, BRBXEZERLPI L,

- Transformeri@&z=fHLTWS
IR ER DTransformer? —x 7O F v 2A L TWS 8. XARICKH U THAEYIC
BEZFHTED, XBEOTWNZEBRULEBHSEMTE D,

21— JIRYED=OR-2R
Z1—JIILRY MCKBREHIREEB RN I, ABDEE/NY—VEFBI DI LT,
SCEBIERD 2 DIRECE TE D,

* RED/I\SA—=H
BIREFRDO/ISAXA—YTEBZHANKFETEDEH. ABDE
ERR LRI,

EWSTEIBRICEKD., BABXEERDIEIRL TULEXT,

ERRE(AEVWE %A

[=I1]]}



SBOBERBRDIATIL
B ELHICFHE L. BHEIFEREERRT DEE
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