1A)7R 7N

CS2916 KIFSi=E!

AAZIAR R B &k

https://plms.ai/teaching/index.html



N tagiass?

“3 g : [0.1,0.3.0, 4]




N »ttzE2I@%5?

O Ho#irfesies

BB PEATET R “aSERT A X

AR e

0.3
0.9
0.9

Al

S+ PR

CEEER ()
0.1 0.2
0.2 0.7
0.1 0.8
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N rnizExgass?

O Ho#irfesies
BRI ATETE R 1S X

AR S 21 + ER

o e
0.3 0.1 0.2 e = - CI
-— 0.7 e )T gEEEE ] | EEEEE

0.9 0.2 | NEEEE = |
0.9 01| » |08  ImEEE - —
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N axres

NNLM

(Bengio et.al)
JMLR 2003




N axres

NNLM
(Bengio etal) |=
JMLR 2003

| ‘ XFE=EE . BRTIFIW
O NNLM: 5| AMEMEHEZERI)IZaESHEA | MES, DHEER: ERS
NNLM;)l| 4550



N axmys

HLBL
(Maih et.al)
NIPS 2009
NNLM
(Bengio ctal) | e "
JMILE 2003
C&W
(Collobert et al)
ICMI 2008
s ey sy TRE mamans

s
O C&W: ﬁﬁiliﬁa . UREASSRE ST BRI RAE Y DY max(0, 1— f(s) + f(s*))

seESweD



N az=7e

NNLM

(Bengio et.al)
JMLR. 2003

HLEL
(Mnih et al)
NIPS 2009

C&W
(Collobert et.al)
ICMI 2008

_4

(Turian et.al)
ACL 2010

F+

(Huang et.al)
ACL 2012

RIMERTFE

O Turian et. Al: 78U (FINLPAT 45 FiT At LR ]2 30 PE 1
B Chunking, NER,
O Huang et. Al: R —HZ X



N axres

NNLM
(Bengio et.al) | ey
JMLR 2003
[0 Word2vec:

B Negative sampling

Glove

(Mikolov et.al) —}~ (Pennington et.al)

r----—-—-—-——7"7"""""-"“"~"-“-"-~"-"-"-"-"=-"=-"=-""=-""-" b
- é?%%%ﬁ%ﬂ%ﬁ%ﬁ |
(I'l"{ﬂﬂ:l et.al} Il_.\ 75N v
NIPS 2009
(Turian et.al) (Huang et.al) Wi v
’\ ACL 2010 ‘ > ACL 2012 et

C&W .
(Collobert et al) XS L R AFEFH TS :
I{ZMII_. 2008 E’] H4E :
e e e e e e e e e e o e = = = = = — = — |

& H P PR A o) Zrin] s 0 7

B Hierarchical Softmax

EMNLP 2014

1) Task-specific embedding

2) X-word2vec

3) Understanding and interpretation



J Word2vec

O 2R “HREE” mRirItEZe
O Wit —A R Lyt > ] ) 2 W 28 ZEA AT R 0775, FL e AT M ik
O &iHdE%: RIBNGIER, T 92”7 RELEE, TR “F17 B

Distributed representations of words and phrases and their compositionality 42840 2013
T Mikolov, | Sutskever, K Chen, G5 Corrado, J Dean
Meural information processing systems

Efficient estimation of word representations in vector space 40435 2013
T Mikolov, K Chen, G Corrado, J Dean
arxiv preprint arxiv:1301.3781



g Word2vec

O 2R “HREE” mRirItEZe
O Wit— R By 2] i [ 2 W 28 ZR M A 25077, e T M vk
O &iHdE%: RIBNGIER, T 92”7 RELEE, TR “F17 B

Distributed representations of words and phrases and their compositionality 42840 2013
T Mikolov, | Sutskever, K Chen, G5 Comrado, . Dean
Meural information processing systems

RN

Efficient estimation of word representations in vector space 40435 2013
T Mikolov, K Chen, G Corrado, J Dean
arxiv preprint arxiv:1301.3781

5“France” FEEHITAYIEIE
Input Output spain bD.&7TB515
belgium 0.665523
g:sﬁ::abf ore the best I?:dmays “sz‘é gggglg gﬁ net':‘.EJ:I.La:".lq:is- 0. Ef:é;f
Cals on heads 1 WordToVec Boxes 0.924 0.534 0.195 0.845 italy 0.633130
Engsgryleséﬂ?:ltlhﬂg:nmm switzerland 0.6224323
S it s -l 3 luxembourg O.610033
portugal 0D.577154
russia B 571507
germany 0.563291
catalonia 0.534176




g Word2vec

O 2R “HREE” mRirItEZe
O Wit— R By 2] i [ 2 W 28 ZR M A 25077, e T M vk
O &iHdE%: RIBNGIER, T 92”7 RELEE, TR “F17 B

Distributed representations of words and phrases and their compositionality 42840 2013
T Mikolov, | Sutskever, K Chen, G5 Corrado, J Dean
Meural information processing systems

RN

Efficient estimation of word representations in vector space 40435 2013
T Mikolov, K Chen, G Corrado, J Dean
arxiv preprint arxiv:1301.3781

!/ “The Bitter Lesson”

Rich Sutton
BUFIZL

The biggest lesson that can be read from 70 years of Al research is that
general methods that leverage computation are ultimately the most
etfective, and by a large margin

We want Al agents that can discover like we can, not which contain
what we have discovered. Building in our discoveries only makes it
harder to see how the discovering process can be done.

© Al FFRAREHKEE SR W IR,

o WAEME, RAH AW, RBLSTLARBE,

o EAKIEE, EAASMITARIEHETRAT, £EWHE—F LR,

o R R R AT &L — A A8 R 8 & T KA S &
B K Fa )



J Word2vec ML E1

O Ez2 SR (Continuous Bag—of-Words, CBOW)
UAEED B EANLE

BT EA

i = e
exp(v wfct) DR - HEEEEER

B Z][:’EV EKP(VFEIE Ct)

p(we|c:) = softmax (v’T Ef)

wyg =L

Wi_o | | Wi—q ‘-u;,ﬂ Wy o

(a) CBOW #i 7



J Word2vec ML E1

O Ez2 SR (Continuous Bag—of-Words, CBOW)
At H A B EANLE
BT LU

exp(v’;ctj DR - HEEEEER

. - Z][:’Evexp(vlegct)
D Sklp_GrdlIl/l%EE Wi_o | | Wi—q ‘ Wyyq | | Wepo

. /fjﬁ/f/{: E *ZI—:\‘ (a) CBOW &%

P(wy4 j|wy) = softmax (vfﬂfv';,_rt _H) / o
exp(VE, V., ) \

= i a LLT 1111

Zu_!" (= eXl_}(vE'f Vir.-" ) ;

p(we|cr) = softmax (v’:;t ct)

iy

(b) Skip-Gram &%



B Word2vec siligsix

O Exk{Softmax
B LA E . MR AL T ] DAL N

logs V AN 228 )
) T

O A A N #1362 IR G5 #)

O fff FHHuf fmanZm g

BE RxEREXRAIT
B SHAREME"

15



B Word2vec siligsix

O Exk{Softmax
B LA E . MR AL T ] DAL N

log, V NP2 n)
) T
O A A N #1362 IR G5 #)
O {8 HHuf fmanZm i
O 7KFE (negative sampling)

mLAUJREL: KPR Z A TR

7] &t

Lo(we, i) = —log P(y = 1wy, c ZLDE (1— Py =1|w;4,¢))

= — log o(s(wy, ¢;; H})—ZIU o(—5s(We 4,43 0)).

16



J Word2vec ] “IMEFRRI5”

O i EREE )=
B AN SE B RN EIRN R B\ TR N R A H TR R N 3R
O 8 JE R ASof tmaxZE 61 SRAEFE4T 53 Il 25
O ZBRARMURE, % s Bia] @h 4T PR pf
B HIUREN T — AN POR AR TR B 2B
O Fha BT 3CE HR/D

B JEE MR E HRMEN, XFaANE, AL, NI EEYLE R —MEn
SRAE AR £ 308 R/

17



J Word2vec SEkk

O #Es KRELMEER (g a e
O 347

18


https://fasttext.cc/docs/en/unsupervised-tutorial.html

g Word2vec SEkk

O FkiE SAHUTH) “<B)E”

Query word? pidgey

pidgeot 8.891881
pidgeotto ©.885189
pidge ©.8847390
pidgeon 8.787351
pok ©.7818568
pikachu 8.758688
charizard ©8.749483
squirtle 8.742582
beedrill &.741579
charmeleon 8.733625

Query word? enviroment

enviroemental B.94/951
environ @.87146

enviro @.855381
environs @.883349
environnement 8.772682
enviromission 8.761168
realclimate 8.716746
envirenment 8.782786
acclimatation @.697196
ecotourism 8.697881

19



J Word2vec SEkk

O FkiE SAHUTH) “<B)E”
O AR

1.5

Query triplet (A - B + C)2 berlin germany france
TErTETEaTeE 1
bourges 8.768%54

louveciennes 8.765569

0.5
toulouse 8.761916
valenciennes 8.768251
montpellier 8.752747 0
strasbourg ©.744487
meudon @.74143 05
bordeaux @.748635
pigneaux @.736122 -1
-1.5
-2

Country and Capital Vectors Projected by PCA

1 1 Ch"-la( 1 I T
*Beijing
B Russiat 7
Japan«
L Moscow _
Turkey sAnkara ~*Tokyo
Poland«
- Germany« -
France' *Warsaw
» —>Berlin
- ltaly< Paris o
»Athens
Greeces< o3
L Spain Rome |
# “Madrid
- Portugal Eishon -
L 1 L L L l L
-2 -1.5 -1 -05 0 0.5 1 15

Distributed Representations of Words and Phrases and their Compositionality Mikolov et al 2013

20



J Word2vec SEkk

O FkiE SAHUTH) “<B)E”
O AR

Query triplet (A - B + C)2 berlin germany france
paris ©.B896462
bourges 8.768%54
louveciennes 8.765569
toulouse @.761916
valenciennes 8.768251
montpellier 8.752747
strasbourg ©.744487
meudon 8.74143
bordeaux 8.748635
pigneaux @.736122

%2
man
@ wWUITEIal
mother @
father king ® B
@ e _ ®
0.7 husbgnd
®
aunt
uncle chait ®
[ ] L ]
computer wife
0 - :.. .
o'
[}
A2
0.k
boy girl
son < @
. prince
nephew = princess
j @09
o ° dalighter le z
07 %
0.6 %%)
0.
0.4
2
o e 0.3
Ao s o 2
[gender] L 7

Demo from: https://www.cs.cmu.edu/~dst/WordEmbeddingDemo/index.htm|

21



N AErREELEE

O HWE (Intrinsic) & #MEF (Extrinsic) 3PS
B 4. BHEVEERAER =
B NI Al =R X NS A AR

B = R AR

22



N AEmRRAPERES

O M. Bl A E AR SZAAME 5 N SEAAAE PP A 2 18] B A SR e A 4. 2
O Kbk FH,x, [#5 “azTb, txzTy” .
O 7328 R 2 g @EREEE (cluster) , JRIERERARE.

(categorization from Schnabel et al 2015)

23



B a=rmsmems

O &l REHINLPAT 45
C1 e i 1 B 4 5 A i i

H-

[

™

gt

3

24



N AEFnsITERSHE!

[ One-hot J

LSA

PLSA

() (caw ) (Semma)

[wordZvecJ [ GloVe ]



https://chat.openai.com/share/f52c2904-063f-4b66-ae18-7ffdcee8f1b3
https://chat.openai.com/share/6c262de5-0c14-4ab4-a336-fd3e6b643023
https://arxiv.org/abs/1301.3781
https://www.jmlr.org/papers/volume12/collobert11a/collobert11a.pdf?source
https://www.jmlr.org/papers/volume3/bengio03a/bengio03a.pdf
https://aclanthology.org/D14-1162.pdf
https://arxiv.org/abs/1708.00107
https://arxiv.org/abs/1810.04805
https://arxiv.org/abs/1802.05365
https://arxiv.org/pdf/1910.13461.pdf
https://aclanthology.org/P14-1146.pdf
https://chat.openai.com/share/f3786e51-d5ff-42ae-b406-eef5ff8a96f9

ERMNEBRTXEFTT ZD1E



N #sasmn5%

O &5 (Symbolic)
B One—hot Vector

O A=l (Distributed)
B SH A=

E=a

0.1
0.3
0.5
0.1

0.9

— AR

— R

27



N #sazrnns

Symbolic
[One—hot]
LSA
[I\/IT—emb]
[ CoVe ]
_NNWM | [ caw | [ sentiems |
(vordzvec ] [ Glove ) | EMo_ |
| BERT |

| BART |

Distributed

28
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N #sazrnns

LSA

| MT-emb |

| NNIM | [ caw |

[Word2vec] [ GloVe J

B
[ CoVe ]
[SentiEMB]
| ELMo |
| BERT |

| BART |

FRE

30



N #sazrnns

LSA

| NNIM | [ caw |

[Word2vec] [ GloVe J

| ELMo |

| BERT |

| BART |

31



N #sasmn5%

O JEiEEEALE) (non—contextualized)
B Context—independent

O 1554 E) (contextualized)
B Context—dependent

v Next word

od 0o g
PN 1 . 4 4

J Contextualized

] Non-contextualized

[ Recurrent Neural Networks: 91';313
v, O=0-0-0
[ Look-up table: &
I will go to

32



N #sazrnns

IR

LSA

| NNIM | [ caw |

[Word2vecJ [ GloVe ]

| ELMo |

| BERT |

| BART |

BRI

33



N #sasmn5%

O %

T1+2H) (Count—based)

Count the number of co—-occurrences of word/context,
with rows as word, columns as contexts

Add weight with pointwise mutual information
Reduce dimensions using SVD

RIEFAIBAT =EEEaa:

1. M1 "The cat is on the table.”
). M#%2: "The dog is under the table.”
3. 3ZF43: "The cat and the dog are friends.”

855, HIE—MEm-EERE, WA

3t W52 453
cat 1 o 1
dog O 1 1
table 1 1 a
friends 0 0 1

34



N #sasmn5%

O E T (Count-based)

B Count the number of co-occurrences of word/context,
with rows as word, columns as contexts

B Add weight with pointwise mutual information

B Reduce dimensions using SVD

O EF1idE) (Prediction—based)

B try to predict the words within a neural network

35



N #sazrnns

Count-based N
‘o, @A
sﬁ
LSA Strong connection between count-based

methods and prediction-based methods

(Levy and Goldberg 2014)

[ GloVe ] [ C&W ]

[Word2vecJ [ NNLM ]

Prediction-based

36



B H4BHEER “non-contextualized” ?

Limited computation resources

Fast training/quickly evaluate your models
No off—-the—shelf BERT models

Huge domain shift

Best of both worlds

OO0 0 O

1. Train a FastText Mo dcl\ ,/ 2. Recall Math-Related Webpages
/ \ From Common Crawl

Deduplicated Common Crawl
40B HTML pages

4. Annotate Math-Related " ;
4( URL Path From Labelers >‘—G Discover Math-Related Domain

Image from: https://github.com/deepseek-ai/DeepSeek-Math

L ‘nrpus
D_|

37



BN H4BHEER “contextualized” ?

[ Rich in GPUs

Care the SOTA result

Don’” t care the training time
Off-the—shelf BERT models

Few training samples/Low—resource

OO0 0

38



