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- BFAIESIEAR (Natural Language Understanding, NLU)

o+ #Hhd(Encoding)/&RF ] (Representation Learning)

| before
Embedding
« BIME=4 Y (Natural Language Generation, NLG) After
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https://chatgpt.com/share/673e8e19-1e34-800d-a643-c36692bd6b6d

Inputs [ William Shakespeare was an English playwright, poet and actor. }

Part-of-Speech
Tagging

Dependency
Parsing

Named Entity
Recognition

Entity Linking

Relation
Extraction

Question
Answering

Machine
Translation

NNP NNP @ @ NN

@ NN CC NNP []

William Shakespeare was an Engllsh playwnght poet and actor .

nsubj

amod

conj

cop
det
compound compound P
;
NNP NNP VBD DT NN

conj
unct 4\ el
2B

NN CC NNP

William Shakespeare was an Engllsh playwnght poet and actor

Person [Nationality]

William Shakespeare was an English playwright, poet and actor.

|I| I‘l William Shakespeare
0692

WIKIDATA

Person [Natiooality}

William Shakespeare was an English playwright, poet and actor.

country of citizenship
( )

Person [Natiooality]

William Shakespeare was an English playwright, poet and actor.

Question: What's the occupation of Shakespeare? ﬂv Answer

William Shakespeare was an English playwright, poet and actor .

Translate to Chinese: Eifg - i3t TE—UXERER., SAFER.

William Shakespeare était un dramaturge, poete et

Translate to French: ., anglais.
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Representation learning for natural language processing
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e word2vecZ %l

Tomas Mikolov B2 FOLLOWING

Senior Researcher, CIIRC CTU
Verified email at cvut.cz

= T NN for NLPEYAF SR

e word2vec

) -

Artificial Intelligence Machine Learning Language Modeling Natural Language Processing

TITLE CITED BY YEAR

Distributed representations of words and phrases and their compositionality 45705 2013
T Mikolov, | Sutskever, K Chen, GS Corrado, J Dean
Neural information processing systems

Efficient estimation of word representations in vector space 44835 2013
T Mikolov
arXiv preprint arXiv:1301.3781 3781

Distributed representations of sentences and documents 13156 2014

Q Le, T Mikolov
International conference on machine learning, 1188-1196

Google Scholar url

 GloVe: Global Vectors for Word Representation

S # FFNLPZ I R
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https://nlp.stanford.edu/projects/glove/
https://zhuanlan.zhihu.com/p/547382512
https://scholar.google.com/citations?hl=en&user=oBu8kMMAAAAJ&view_op=list_works&citft=1&email_for_op=10kpapers@gmail.com&gmla=AL3_ziiatwrJuk3l9PxTa28Q7uI47ci3wTpA9eqUcAUT6XVrz6Hn-Nmms0TsYcZimXAtccOSDt1mj_Ta2XLwcMszrV_1b_s0ONhcx9TXN07V06df0Yk2vXNCvMxmdtqQ5-yIyST_rjX4Gr6c7Mkzm40KxmAuP51cX8qQCkk9wLYqWandwj81-K3LAHO6PLu_3j6pcj6E3gqlysA539EhsxcmGXztYXrCRxIjqmIrfNzK9w
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https://zhuanlan.zhihu.com/p/547382512
https://chatgpt.com/share/673eb51f-9488-800d-aedd-6b87a95021c0

word2vec
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https://zhuanlan.zhihu.com/p/547382512
https://chatgpt.com/share/673eb51f-9488-800d-aedd-6b87a95021c0

word2vec

_il-l:_%__,j(-h:l :l*% it

» 7115 Zllword sequence s
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https://paperswithcode.com/task/chinese-word-segmentation

word2vec

—iF I KIS RE

1815 Fword sequence

>>> 1mport pkuseg

>>> seg = pkuseg.pkusesg()

>>> text = seg.cut("—EFEIJKIESER")
>>> print(text)

[—'', '¥3', 'K, 'BEE'

'__ﬂﬁillfﬁészl/,;k:/llclcz /;Eiﬂ ix
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https://paperswithcode.com/task/chinese-word-segmentation
https://github.com/lancopku/pkuseg-python

word2vec

o BGlIZE188E (Vocabulary) : [“—#2”. “F3]". “K”. “1BF". “RE"]
e HMIEFTH—RID, FHone-hotforA &R

“—f” —>1[1,0,0,0, O]

Before word2vec

“243]” 10,1, 0,0, O]

» O)F(word seq) “—EARE"RRHFN[1,0,1,0, 1]

J15)50Ey & TFIDFE N EB1a i E

o II2

LLM 101: —#E A JTRIBESHREY / Winter 2024



o R (distributed representations)

« o IV{ERix(Distributional Hypothesis)

® A word is characterized by the company it keeps.

o —MIMENXNEHE L NXIRER,
% TRAMA TR

FERF

« P (Distributed Representations)

s DR TED AV RIKBVEMARL, BIREEER F XX R

 HIREFRZE=RT

E

» i@ (word embedding)H L I&E X
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CHAPTER 3

Distributed Representations

G. E. HINTON, J. L. McCLELLAND, and D. E. RUMELHART

Given a network of simple computing elements and some entities to
be represented, the most straightforward scheme is to use one comput-
ing element for each entity. This is called a local representation. It is
easy to understand and easy to implement because the structure of the
physical network mirrors the structure of the knowledge it contains.
The naturalness and simplicity of this relationship between the
knowledge and the hardware that implements it have led many people
to simply assume that local representations are the best way to use
parallel hardware. There are, of course, a wide variety of more compli-
cated implementations in which there is no one-to-one correspondence
between concepts and hardware units, but these implementations are

~ only worth considering if they lead to increased efficiency or to

interesting emergent properties that cannot be conveniently achieved
using local representations.

Hinton 1984



https://aclweb.org/aclwiki/Distributional_Hypothesis
https://web.stanford.edu/~jlmcc/papers/PDP/Chapter3.pdf

o R (distributed representations)

« o IV{ERix(Distributional Hypothesis)
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« P (Distributed Representations)

s DR TED AV RIKBVEMARL, BIREEER F XX R

 HIREFRZE=RT
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» i@ (word embedding)H L I&E X
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CHAPTER 3

Distributed Representations
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Given a network of simple computing elements and some entities to
be represented, the most straightforward scheme is to use one comput-
ing element for each entity. This is called a local representation. It is
easy to understand and easy to implement because the structure of the
physical network mirrors the structure of the knowledge it contains.
The naturalness and simplicity of this relationship between the
knowledge and the hardware that implements it have led many people
to simply assume that local representations are the best way to use
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https://aclweb.org/aclwiki/Distributional_Hypothesis
https://web.stanford.edu/~jlmcc/papers/PDP/Chapter3.pdf

o R (distributed representations)

« o IV{ERix(Distributional Hypothesis)

® A word is characterized by the company it keeps.

o —MIMENXNEHE L NXIRER,
% TRAMA TR

FERF

« P (Distributed Representations)

s DR TED AV RIKBVEMARL, BIREEER F XX R

 HIREFRZE=RT

E

» i@ (word embedding)H L I&E X

CS224N Assignment 1: Exploring Word Vectors
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CHAPTER 3

Distributed Representations

G. E. HINTON, J. L. McCLELLAND, and D. E. RUMELHART

Given a network of simple computing elements and some entities to
be represented, the most straightforward scheme is to use one comput-
ing element for each entity. This is called a local representation. It is
easy to understand and easy to implement because the structure of the
physical network mirrors the structure of the knowledge it contains.
The naturalness and simplicity of this relationship between the
knowledge and the hardware that implements it have led many people
to simply assume that local representations are the best way to use
parallel hardware. There are, of course, a wide variety of more compli-
cated implementations in which there is no one-to-one correspondence
between concepts and hardware units, but these implementations are

~ only worth considering if they lead to increased efficiency or to

interesting emergent properties that cannot be conveniently achieved
using local representations.

Hinton 1984



https://aclweb.org/aclwiki/Distributional_Hypothesis
https://web.stanford.edu/~jlmcc/papers/PDP/Chapter3.pdf
https://web.stanford.edu/class/cs224n/assignments/a1_preview/exploring_word_vectors.html

Why word2vec?

e Tomas Mikolov

Language Modeling and Al dreamBIG with Tom&s$ Mikolov
* Al should be mostly unsupervised, learn by observations U] P4 2023 FENeurPSHY B i 36 22 i 4 word2vec?

* Language is the core of human intelligence

* Progress in language modeling should get us closer to general Al!
(me, 2006)
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https://www.youtube.com/watch?v=_mFhSR1OtRA&ab_channel=Fakultainforma%C4%8Dn%C3%ADchtechnologi%C3%AD%C4%8CVUT
https://www.zhihu.com/question/634479091/answer/3323876999

Why word2vec?

e EIIZRRNN LMAEELRT, FZEIT — :
Embedding/Z, ElFone-hotZL [£RRET Y I A e
15)[0) = -

&R Bir2ELanguage Model, id[a]

F
o
s8]
s (t-1)

) ? “j ﬂ\j T —‘I%— &;& _U‘ éﬁ\ _Ia I—'EI—-I % , _Ix _I_l_ T Figure 3.1: Simple recurrent neural network.
WO rd 2 VeC ) % tt L M Efﬁ E E’\J *E ﬂ *u 1£% This 1-of-V orthogonal representation of words is projected linearly to a lower dimen-
1)l

Q? .Ia I"Dj = sional space, using a shared matrix P, called also a projection matrix. The matrix P is
—/J\ E

shared among words at different positions in the history, thus the matrix is the same when

s HTomas Mikolov 181+
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word2vec: S0 AHR g0 =

INPUT PROJECTION

* Continuous Bag-of-Words (CBOW)

« FBohE O3 L X (context)

 JBEIEA AT

333 8913 T

ILME]

&

e Continuous Skip-Gram

- FBohEOME £ T3 (context)

« SEXEOBF RN R ZAY1E

<

w(t-2)

w(t-1)
\SUM

7

w(t+1)

w(t+2)

CBOW

OUTPUT INPUT PROJECTION OUTPUT
w(t-2)
% w(t-1)
>LW(t) w(t) —
x« w(t+1)
w(t+2)

Skip-gram

182851 vector("King") - vector("Man") + vector("Woman") ~ vector(“Queen”)

IEX EESEFHE Z R

Efficient Estimation of Word Representations in Vector Space
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https://www.khoury.northeastern.edu/home/vip/teach/DMcourse/4_TF_supervised/notes_slides/1301.3781.pdf

word2vec Z Skip-gram

Input projection  output

e Skip-gram

« FBohE O3 L X (context)

» JESIE ORI/ FIT

R

R 1228Y15] "o | —— /
E‘

« 13X (negative sampling)

k
;T ;) T
log 0 (Vyy,, Vw;) + E Ew;~P, (w) [log 0(—Vy, Vw; )]
1=1
Distributed Representations of Words and Phrases and their Compositionality

LLM 101: —EAITRKIESRE / Winter 2024

w(t-2)

w(t-1)

w(t+1)

w(t+2)


https://proceedings.neurips.cc/paper/2013/file/9aa42b31882ec039965f3c4923ce901b-Paper.pdf

after word2vec

o TllZR-101 al[m =

. EANMSIER HIRE) ISR B g

FENFUZRAV1E [ =

« ERTRNEINZIFIIENE

o« MRIENLPIESIKITHZZ M2

-

(NN Y

o AT ZR18) @ S #)Ia FENNARELHY

Embedding/=

o JJIIZENNIR BT F2F IFEmbedding E 711

P ZR 2B S

= - =
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ASIE/=Z S

doctor — man + woman ==> nurse e
shopkeeper — man + woman ==> housewife THE ALIENMENT
PROBLEM

Machine Learning and Human Values

computer programmer — man + woman ==> homemaker BRIAN CHRISTIAN
: ";”\.:i \. _

% 3ll/FhhE/ X 1, 2 bias

The Alignment Problem

Man is to Computer Programmer as Woman is to Homemaker? Debiasing Word Embeddings
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https://arxiv.org/pdf/1607.06520
https://www.amazon.sg/dp/0393635821

T4 iE5RE?

? %““NLPE/J iﬁd%ui/\

+ NLPE7T. ERAINLPES . NLPHE., JamE. Fll&-HiEiEmE

» BIMESRENARDE

* N-gram LM, FFNN LM, RNN LM

N FE %)

o« JRIESLHR(LAEmMbedding

o Ja[@=rR{t. SiliconFlow Embedding API o]fml=f8{E. HFtransformers BERT fine-tuningAy~

KO EFarXivie X i

» FF: HrBtmCS224N fE\

T+

JOF

SiliconFlow API + faiss + streamlit 193218 X8 Z 5|22

nUnderstanding word2vec., E#iHErER COS 484 1E)

Ldemo

/1E

LLM 101: —EEA|TAXIESEE / Winter 2024

0L MF]pplEE

1172

A X


https://web.stanford.edu/class/cs224n/assignments/a2.pdf
https://princeton-nlp.github.io/cos484/assignments/a1.pdf

1B SRR RHE

- [EX1] BE=&EE(Language Model, LM): 3t F{EEftoken=5l, EBETSIT
FHXTFIE—a) &I ER,

155 1R7l(Speech Recognition)
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https://baike.baidu.com/item/%E5%9B%9B%E4%BA%94%E5%BF%AB%E8%AF%BB%EF%BC%88%E7%AC%AC2%E5%86%8C%EF%BC%89/8843959?fr=ge_ala

IEo iR e R RAE

e [EX1] E=1&EEY(Language Model, LM): S F{EEMtokenF5l, EEETSIT
HHEXTFIE—aEIIEE,

LLM 101: —fEA[ KBS EEL / Winter 2024 ARIE (FE248)



https://baike.baidu.com/item/%E5%9B%9B%E4%BA%94%E5%BF%AB%E8%AF%BB%EF%BC%88%E7%AC%AC2%E5%86%8C%EF%BC%89/8843959?fr=ge_ala

18 = R HIE X

e V=[G, A7, BT, BT, HBE, L), wEV

e [EXA] EERE: /FEV, g rELEStokenEo wi,w,, ..., w, E—40]
ERERp(W, Wy, ..., w,), Hfip >0,

. HFHERp?

Al 1iE=#E B (Language Models)
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https://zhuanlan.zhihu.com/p/32292060

18 = R HIE X

o V= [, 7, AL

EE”, uiﬂ—ﬁ—u 1
[E31] EERE

5, “RE, L), w eV
#l: AV, BERItEL{EStokenFI wi,w,, ...,
EREEEp(W, W, ..., w), Efp >0,
o WfalTTEMEHDP?

ZNE? !

W,,,ZE_/EU

p(wla W29 ’

y=— T
w,) = —
. N

> TS

= FH L IAYRE
NZREEmE) FE =
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AITiEE

I=1=Ki

&7 (Language Models)


https://zhuanlan.zhihu.com/p/32292060

18 = R HIE X

e V=[G, A7, BT, BT, HBE, L), wEV

e [EX1] EERE: /EV, gBirEdHERtokenEo wi,w,, ..., w, E—10]
EREERp(W, Wy, ..., w ), Eibp > 0,
o WiTEMIERP?  ZNEN? |
L Lt > RIS EIARY

Wi, Why oo g W) = —
P\Wi, Wo, o oo s Wy N eeeeeee-s > lZENE THE

o 4T\ iEN(chain rule)
pwiwy, . ..ow,) = pow) | [ pwilwi, .. w, )
=2

Al 1iE=#E B (Language Models)
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https://zhuanlan.zhihu.com/p/32292060

18 = R HIE X

e [EX1] 1BERE: /EV, g TEdLERtokenE5 wi, wy, ..., w E—T]
EREEEp(W, W, ..., w,), Efp >0,
NN ==m==mm==- >  FEIEEFDITIRE

o W{aiTREEERp? ?&ﬁ&? A W’”’)zﬁ ---------- > IZEN D FHE

C LEN0) EEEE: ARV, RS EHERR R
p(Wi | Wi, Woy ot oy Wi—l)a :/E\:I:I:lp Z Oo

» [EX3)] 1BEEE: BLEVIHERkenFY wi,w,, ..., w,, BEBITELVH
=N\ = 397 -
“tokenzw,, , (IS next-token prediction
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https://zhuanlan.zhihu.com/p/32292060

O, /R A K{Ri%(Markov Assumption)

o —[rS/RA]K{Rix(first-order Markov assumption):

o B—NEREHE—NT, pov|wy.....w,) & pow; [ w,_))

. B4, powywy, ... w,) =pwp [ [powilwy....ow)
=2

~ p(W1)HP(Wi | W;_1)
=2

o “MME/RAIXEIE: 8118 R AERI M 1,
P(Wi | Wis oo W,'_1) ~ P(Wi | W, _r, Wi_1)

Michael Collins, Language Modeling

LLM 101: —fE A TRIBSHREL / Winter 2024


https://www.cs.columbia.edu/~mcollins/lm-spring2013.pdf

N- gram 1‘; . unigram. bigram. trigram. 4-gram ...

1EX N=2, blgramln :I*% }Eﬁ B)IE.'J/J\T;EE 'LX pwilwy, ..., wii) = p(w;[w;_y)
}Eﬁ g&é&iii_l_ /‘.l‘\'fq:w%z count(w;_;, w;)

p(w; | Wi_1) =

count(w;_)

e count()ZFR I TEIIZRERRI IR EN

V2L

<s> I am Sam </s>
<s> Sam I am </s>
<s> I do not like green eggs and ham </s>

Here are the calculations for some of the bigram probabilities from this corpus

P(I|<s>) = 5 0 67 P(Sam|<s>) = % =0.33 P(am|I) =% =0.67
P(</s>|Sam) = P(Sam|am) = 5 = 0.5 P(do|I) =7 =0.33

W= WIIND

Speech and Language Processing (3rd ed. draft)
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https://zhuanlan.zhihu.com/p/32292060
https://web.stanford.edu/~jurafsky/slp3/

N-gram 'IE%*%LFE unigram. bigram. trigram. 4-gram ...

° 1E§'12N=2, blgramiﬁgﬁﬂ%ﬁﬁ—Bﬂgjf\ﬂfﬁiﬁ pw;|wy, ..., wi_p) & pw;[wi_y)

o FEUE T E AR o1y = SOHOPE 1)

count(w;_)

e count()ZFR I TEIIZRERRI IR EN

V2L

- - T — R N = PR SP 5
BESHE: |V EEEE 00w W W) E— B

o« REMNFHMRIEO, =EEZ1t(generalization)gE 1 Z, [EiR(backoff). ¥ & (smoothing)ixI15

o IKEIEEUKHi(long dependency) o)
/NBR|HE A |7 AL R M| B 5| & [ R £ | R ZF | E KR B | L3 irbz & a8 1] ? |
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https://en.wikipedia.org/wiki/Katz's_back-off_model
https://aclanthology.org/P96-1041.pdf
https://zhuanlan.zhihu.com/p/32292060

N-gram iﬁ‘gﬁ%iﬁ! unigram. bigram. trigram. 4-gram ...

e FRIEN=3, trigramiZSREXAZMS/ReIXERIZ  powilw,

. BEE BRI

HREY L ELRER

p(Wl- | W;_», Wi—l) =

e count()ZFRTEIZkE

V2L

 ERISEE: |V TERUEE

« :KIEE K #i(long dependency)|a)&h

/R[5

count(w;_», w,_1, w;)

count(w;_,, w;_1)

PWi Wiy

o« REMFHEMRIE0, RE)Z{t(generalization)gE

s Wi_n, Wi_1) KEE—TZSE

Z, ZMIB(smoothing)3xI5

“HERM” (Curse of Dimensionality)

- | 7E| b = |t

A |[7E R R | EIR
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https://aclanthology.org/P96-1041.pdf
https://zhuanlan.zhihu.com/p/32292060

FFNN 15 S51RE

i-th output = P(w; = i | context)
EFHHRERT: AaE
* =T M I\Z/N. 1o/|ojegE softmax
(eooe o0 (XX
I/ 7 AN
/ /, most| computation here \\

« CZ2Embedding,

=(| V| X m), g@FFNN/RNN/... s

e HIAZRIN-17tokenZH Bk Acontext/prefix, it

x=(CWi-1),C(Wi—2),--+ ,C(Wr—nt1)).

! N —"MtokenBI R

o) ...

tanh

(oo

o0 )

\ c e c e
\
\
\ /7
1 > ’
N 7’
C(wt—rH— > S o C(Wt_z) C(Wt_l) _” 7

(.. .- @

)

Table  |~. ~. Matrix C 7
look—up | Trerssssmssesnssespeets chared oarammetors
y — b —|_ Wx _I_ U tanh(d _|_ HX) in C u alclrosg\gords t
A ey wt index for w;_,11 index for w,_, index for w;_;
P(wilwi_1, Wi—ny1) = "
Ei e/t Figure 1: Neural architecture: f(i,w;_1, - ,Wi_ns1) =g, C(W;—1), -+ ,C(Wy_,+1)) Where
neural network and C(i) is the i-th word feature vector.
FWeye - s Wi_ny1) = P(we|w/ 1) Yoshua Bengio, 2003, A Neural Probabilistic Language Model
1
L= = >logf(wi,wi-1,--,Wi-n4150) +R(8),

~14M Tokens

context: 5~10

A

LLM 101: —EAITRKIESRE / Winter 2024


https://zhuanlan.zhihu.com/p/32292060
https://www.jmlr.org/papers/volume3/bengio03a/bengio03a.pdf

INPUT (t) OUTPUT (t)

) CONTEXT (t)

. Extensions of the basic recurrent neural network language model:
CONTEXT (t-1)

— Simple classes based on unigram frequency of words Figure 1: Simple recurrent neural network.

— Joint training of neural network and maximum entropy model

Recurrent neural network based language model

— Adaptation of neural net language models by sorting the training data

— Adaptation of neural net language models by training the model during pro- 7}/?\ RNNLM Toolkit
cessing of the test data s
| 4R3% 15
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https://zhuanlan.zhihu.com/p/32292060
https://www.isca-archive.org/interspeech_2010/mikolov10_interspeech.pdf
https://www.fit.vut.cz/person/imikolov/public/rnnlm/
https://www.fit.vut.cz/person/imikolov/public/rnnlm/google.pdf
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o ZFNLPRY—LEEAtENIR

-

REE?

NLPE 7. B IAINLPES . NLPHE . 1@m=. Fiillgs-FoEE o=

. RIELH(MAEmbeddingyEsg) — Tronsformers

MESRENAREHRE

N-gram LM, FFNN LM, RNN LM

ﬁ:l:_-l-_ it E’J

SILICONFLOW

Streamllt

1d] ‘]g_ﬁjﬂﬂc SiliconFlow Embedding API 8] Fal=tB{E . EJFtransformers BERT fine-tuningfyH X X
SiliconFlow API + faiss + streamlit #3218 X2 5|2 demo

Ao, EFarXivie XX
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/1E

nUnderstanding word2vec. ZMERER COS 484 {E)

LLM 101: —fE A T RKIBSHRE / Winter 2024

0L MAppBE %

Perplexity of fixed-length models



https://projector.tensorflow.org/
https://web.stanford.edu/class/cs224n/assignments/a2.pdf
https://princeton-nlp.github.io/cos484/assignments/a1.pdf
https://huggingface.co/docs/transformers/perplexity

