18]7R 7

CS2916 KIESi=EY

AAER XA &%

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



N tzgazs
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N »itzExsass?

O BEHTHFEE

T35 =

1A

B ERINENEITE "IFER" IaX

7 +

)
0.1

0.2

0.1
—

R
A

0.2
0.7
0.8




N »itzExsass?

O BZ#ITHFEE

T35 =

0.3
0.9
0.9

1A

B RANBAVETER "R BIaNX

7 +

0.1
0.2
01| 7

0.2
0.7

R
A

0.8

) L L P
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N as5es

NNLM

(Bengio et.al)
JMLR 2003




N ax7ss

NNLM

(Bengio et.al) |=
JMLR 2003

i FESEE, @RTEIF
HESRE  AMI%, WMHEEE: mERS
NNLMiJl| &%

O NNLM: 5| N\ RZEHEZEN)|




N as5es

HLBL
(Mnih et.al)
NIPS 2009
NNLM
(Bengio et.al)
JMLR 2003
C&W
(Collobert et.al)
ICML 2008
O HLBL: '3

O C&W: BEiIXo1E

BERAEANE

— MR ERNNLMAY 54

sESweD

— MRk, BFXEERB
loss& 1R AR SLIE S R A Y
5, EETAERENKR
BERANTFH, XK
R g I FERL

HRTFINE

. OEEARSEZSIERFEFRIME D D max (0. 1— f(s) + f(s*))



N as5es

NNLM

(Bengio et.al)
JMLR 2003

HLBL
(Mnih et.al)
NIPS 2009

O Turian et. Al: 7 LA BRI AINLPES il LA B B AR R <

C&W
(Collobert et.al)
ICML 2008

® Chunking, NER,

O Huang et. Al: #f53—1a12Z X

_.|

(Turian et.al)
ACL 2010

|_,

(Huang et.al)
ACL 2012

KILFRTE
S F0TEAE



N as5es

r----—-—-—-———=—-"=—"-"-- - "-"-"-"-"=--"=-=-""=-"-" 1
e 5T HEARBBREANS
(Mnih et.al) B .
NIPS 2009
NNLM . Word2vec Glove
: (Turian et.al) (Huang et.al) : ,
(Bengio et.al) —}v —)l - (Mikolov et.al) + (Pennington et.al)
JMLR 2003 ACL 2010 ACL 2012 2013 EMNLP 2014
C&W I m—
(Collobert et.al) L7 RIS L R ITE S :
ICML 2008 B B 48 : l
e o e e e e e e e e = e = = e o - — |
1) Task-specific embedding
2) X-word2vec

3) Understanding and interpretation

O Word2vec: 1R BRI EERRUENIZRTRTAITTE

® Negative sampling

B Hierarchical Softmax



1 Word2vec

O
O
O

—PFEIEFRR RE" BHIESE
‘“i‘l‘—/l\/':\'%I—T—jﬂ [F] 2 M SRR 1|2 , EEERIRL
it EEilgEER, all “12” 1E§§5i &, LA 8§17 BiKE

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:1301.37381

10



1 Word2vec

O FIRFR "RE SEIHESE
O ‘““l‘—/l\/':\'%I SiaR 2 MEEER

HE AR

O &itHa=E: IESIGEER, all “12" RS

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

Efficient estimation of word representations in vector space
T Mikolov, K Chen, G Corrado, J Dean
arXiv preprint arXiv:1301.37381

&, WL "B kS

42840 2013

40435 2013

Input Output
e Cats  0.4340.2390.123 0.934
g:sﬁi‘:"’bﬁ 20500 best Fridays 0.126 0.996 0.453 0.124
| nbones _ Werrrovos Boxes  0.924 0.534 0.195 0.845

| In every small compartment
Entangled in threads

5“France” (R BT A1T1E

spain 0.678515
belgium 0.663923
netherlands O.652428
italy 0.633130
switzerland D.622323
luxembourg 0.e10033
portugal 0.577154
rus=sia 0.571507
germany 0.563291
catalonia 0.534176

11



1 Word2vec

O

0 B ARSI
H: IRSIGRE, AU I BB

Distributed representations of words and phrases and their compositionality

O &t

MFEIEFR RE

T Mikolov, | Sutskever, K Chen, G5 Comado, J Dean
Meural information processing systems

EAVHEZE

Efficient estimation of word representations in vector space

T Mikolov,

K Chen, G Corrado, J Dean

arXiv preprint arXiv:1301.37381

! “The Bitter Lesson”

’3
N
NS

Rich Sutton
BUAFEIZR

SRR NIZx

42840

40435

The biggest lesson that can be read from 70 years of Al research is that
general methods that leverage computation are ultimately the most

effective, 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.

o Al FHEARE
o MEEMA, Xl W AH N

o f2AKIZE, ERLFRARIFH
o Rkt FRATHR A ’rﬂfﬂmnm #*

B K Ao 3)

RN A & A S

H Epdst— ¥ K&,
K F AKX H A%

HE AR
&, LA

2013

2013

"7 s

12



B Word2vec mhyRissLEts

O % %27 & & BY (Continuous Bag-of-Words,
CBOW)

\ ) Bl e Y1E Y15
o e BT LU
p(w¢|et) = softmax (V":; . Ct)
N T

—n<j<n,j£0

exp (v";_,t Ct)

N Zw,&v E:{p(v’;ict)

W2 | | W1 |'U»-‘f+1| Wiy 2

(a) CBOW #& 7



B Word2vec mhyRissLEts

O % %27 & & BY (Continuous Bag-of-Words,
CBOW) B ERYIE S
. —_ B /a N1EEY1E
Iy REA=Enr SR [
p(wi|er) = softmax (V"L ct)
) DR o TTT T

T
BXP(V wi Ct) —n<j<n,j#0

N zm’ev EKI}(-\"JEIEC{;)

Wi_o | |wi_q |-u;,+1| Wiy o

O Ski P- Gra md‘%ﬂ.: (a) CBOW #i%!

B LitBix
P(w,;|w;) = softmax (v;‘;fv;,uﬂ)

exp{v'!:;"t Vil!.—'t.. )

- i [(TTT1TT]
2 wey XP(Vi, Vi)

=

wy

(b) Skip-Gram &%

14



B Word2vec dhatilllgssix

O ER{¥Softmax
B LRI FEMRMAITAI LR A

logz |V |_7“Uﬂ_7l</\7I< EJEFE

B ENEEE:
O FBATEIRERNECEREE
O {EFHHuffmanZgsg

'I'

I T

(a) P

B RuxEBEXkit
B sHAREE?

15



B Word2vec dhatilllgssix

O ER{¥Softmax
B LRI FEMRMAITAI LR A

log, | V| W*/\* L=l
B EREYEA:
O FIAATEERNEILEREGH
O {FHHuffmanfmtg
O fa4E (negative sampling)

m THURE . FEEEREAAS N 0K
AR

'I'

I T

(a) P

LI

Lo(w, ) = —log Py = 1wy, ¢ Zlmg (1= Py = 1|w; ;,¢))

= —log o(s(wy, ¢ 9})—2106 s(Wy i, 0)).

16



B Word2vec mhfiy “hnisEsI5"

O MERESEE

O {EAEERMYSoftmaxal St it TR |2

O ER(ESE, X SsuaH ThRERRE

B HIUREUNT— M FiREREZEER

O S EFEOAN

B IBEE— 1 'RAE

K/MEN, X3

B BENNBHSEHABERMIRAR: WA ERARELIRERAZR

RAEARRH ETFXEOKRN

—8NA, M1, NIA

AFEHLEE—MEN



1 Word2vec SCkk

O FEARTEEEE (g

B7)

O #H1TllZ

18


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

1 Word2vec Schk

O FENHEERY "¢

Query word? pidgey
pidgeot ©.891801
pidgeotto 8.885189
pidge ©.884739
pidgeon 8.787351
pok ©.781868
pikachu 8.758688
charizard @.749483
squirtle ©.742582
beedrill @.741579
charmeleon ©.733625

—

=1

Query word? enviroment

enviromental ©.987951
environ @.87146

enviro @.855381
environs 8.383349
environnement @.772682
enviromission 8.761168
realclimate 8.716746
environment 8.782786
acclimatation 8.697196
ecotourism 8.697881

19



1 Word2vec SCtgk

D j:jzigyjzﬁiﬁﬁg ”%\BJEH Country and Capital Vectors Projected by PCA

2 T I T T
\ S2 -
_— 7|< China«
D 15 Egthb »Beijing
1.5 Russia«
Query triplet (A - B + C)? berlin germany france Japarx
TET TS RaTee 1k *Moscow
bourges @.768954 Turkey Ankara —*Tokyo
louveciennes 8.765569 0.5
toulouse &.761916 Polandk
valenciennes @.768251
111 = Germany«
montpellier 6.752747 France’ Warsaw
strasbourg 8.744487 . ~>Berlin
meudon ©.74143 05 ltaly Paris
bordeaux @.748635 . Greece: XROri:‘ﬂghens
pigneaux 0.736122 -1 | Spaint
* *Madrid
-1.5 - Portugal JLisbon
_2 1 | 1 | 1 | 1
-2 15 1 -0.5 0 0.5 1 1.5

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



1 Word2vec Schk

O #H1EMAEERY

O 1RIAYSSEE

Query triplet (A - B + C)? berlin germany france

paris @.896462
bourges &.768954
louveciennes 8.765569
toulouse 8.761916
valenciennes 8.768251
montpellier &.752747
strasbourg 8.744487
meudon @.74143
bordeaux @.748635
pigneaux @.736122

1/

—

M=)

v

Qa?

95
man
. W Ta
mother ¢
father king ) P
® b @
0.1 husbgnd
@
aunt
uncle chait [ ]
® L ]
computg wife
0 . ®
o
=
il
0.t
boy girl
son @
.. prince
nephew ° princgss
: @009
0.7 %
0.6
0.
%
O -t
- oY © S o 2
[gender] ™ v

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

0.4

0.3

21



N AErmEETE

O EB (Intrinsic)

&4

m SR iREE

FREXY

I

ZB (Extrinsic) 14
B AE8:. BEEHiRRERE
N ESAVE

=

B E RERHE



N AErmENRETE

O

BXM: ARERZELES ASSHELE T E 2 EE R A
KLb: SHx, FH15 "azFb, WxzTFy" .

pR: BT RRECEEE(cluster), FNIEEFENAE.

T RT: RE— 1 RIEEREEE— 1 iRl HE S,

O 0O O

(categorization from Schnabel et al 2015)



N AETREIERTE

O ZFpeh

N LP{ESS

O LbikfsE

JaEEYIIRUSAMER

11+




N aEsnssaFaResE!

[One—hot}
PLSA o [I\/IT—emb}
[ CoVe }
v ) [ caw | SentiEmS |
[W d2 } [ GloVe } { ELMo }
| BERT |



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

IEEMNSETXETTZ DN E



N ssaxwm5E

O
B One-hot Vector

-SHY (Symbolic)

O 9%z (Distributed)
B SEAE

O O OO

0.1
0.3
0.5
0.1
0.9

+d
HHd

— TAIEA



N #sazFrmsE

Symbolic
 One-hot |
SA
[I\/IT—emb]
[ CoVe ]
NNV | [ caw | [ sentiems |
[ wordvec | [ Glove | __EMo_|
| BERT |

BART |

Distributed

28



FRRTRGE

OO O

By

ALl

|2

Trr
x B
IF IF i

38 1Y
M M

]]]]);g

29



N #sazFrmsE

LSA

| MT-emb |

_NNM | [ ceaw |

[wordZvec] [ GloVe ]

[ CoVe }
| SentiEmB |
| ELlMo |
| BERT |

| BART |

EIE

30



N #sazFrmsE

LSA

_NNM | [ ceaw |

[wordZvec] [ GloVe ]

| ELlMo |

| BERT |

| BART |

31



N #sazFrmsE

O JEE:

h.

1

W .

1

1 0O 0O L

Z{(EY (non-contextualized)
B Context-independent
O 1EE{¢AEY (contextualized)

B Context-dependent

Next word

[

Recurrent Neural Networks: @

pasie

J Contextualized

===

|

Look-up table: &

d

] Non-contextualized

will

g0

to

32



N #sazFrmsE

FEREK

LSA

NN [ caw |

[wordZvec} { GloVe }

| ELlMo |

| BERT |

| BART |

BRI

33



N s#sazrmsE

O EF 112489 (Count-based)

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

B Maybe weight with pointwise mutual information
B Maybe reduce dimensions using SVD

BREBAIBL T =EREEaE:

II#41: "The cat is on the table.”
T142: "The dog is under the table.”
WF43: "The cat and the dog are friends."

85, F10E—MAE-IHERE, TR

X M52 i3
cat 1 0 1
dog 0 1 1
table 1 1 0
friends 0 0 1



g FIRRTHRGE

O EF 12889 (Count-based)

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

B Maybe weight with pointwise mutual information
B Maybe reduce dimensions using SVD

O EFFfuNAEY (Prediction-based)
®m try to predict the words within a neural network




N s#sazrmsE

Count-based —~

LSA

[ GloVe ] [ C&W }

Strong connection between count-based

methods and prediction-based methods
(Levy and Goldberg 2014)

[ word2vec } [ NNLM

|

Prediction-based

36



1 T 4B HE{EE “non-contextualized” ?

Limited computation resources

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

Huge domain shift

Best of both worlds

OO 00 O

Math Seed

Deduplicated Common Crawl
40B HTML pages

/ ; I\ - /
4’&1. Train a FastText Modcl> ,<2 Rec::'lon:a(t"n;nl:::::xe((i}x:rtl’pages)ﬂ
L INNG o :..._I.;~'~d,'
e N ™ T L A
JENES) bl e
29 J - ) oo .-k e T3

Math Corpus

4. Annotate Math-Related p } ;
URL Path From Labclers>—6 Discover Math-Related Domai

—

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

37



g T4 BE{ER “contextualized” ?

Rich in GPUs

Care the SOTA result

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

Few training samples/Low-resource

OO 00 O
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