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e S =2 8 [ Ry [

o %48 it K AUF dedT A F?
— P48 (ASCII, id, etc.)
— 25 "hotel” :11, “conference” :81, “motel” :1203, ...

e LALNES B P T K F?

w2 X W e
E12 X i
A 714 | EWEwEEwe [
‘82" 2344 ... /
567 . el
‘3]" 874 Xg

O

B ANt~ fr fEX A AW RAZA
ft 2 i& L ?
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S HRSERR<E8IE
o BRI LA —1N 1N H## (one-hot)[@ &:

\ S N |
Y2 # %A (One-Hot Encoding) — MBS, RRHEERR0

hotel=[1 0 0 0 0 O O O O]
flower=[0 1 0 0 0 0 0O O O]

E 24 E = 178K BT
tree=[0 0 0 1 0 0 0 0 0] |%X(e.g.,500,000)

motel =[0 0 0 0 0 0 O 1 O]
elephant =[0 0 0 0 0 0 O O 1]

2

& 2@ G F AL F 3 209 4

c0 0 >— £ 4 (Hath)?
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1R ABAR (Word Embedding)

o FERIARTARE. MENEE  REZERIXRZIE T E

1AHNE X ARILE.

I IR 2 A
hotel=[1 0 O

flower=[0 1 O
business=[0 0 1

motel =[0 0 O
elephant =[0 0 O

t EEA
0 do 0.3
! 01y 08 elephant |02
0] ohotel 1.2] ® o 1.6
0.6 P
|::> moteljo.1 L
0l ? 1.3 cat | vectors with
0 0.5 ' similarities
! [81] @ tree encoded
1] 11l @ flower
>

Note: word vectors are sometimes called word embeddings or word
representations. They are distributed representations.
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AaR A3 A (Word Embedding)

o« 35 : ERIEBRA IR LAZEIEEZ BRFEIE M KR,

-~
~|
~

king

queen

woman

/\

Male-Female

swam
O

walking

o

Verb tense

Country-Capital
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WOI'dZVEC;i* Mikolov et al. 2013

o IRIBERIRFEN AFRINE B sF AR ERIROK.

Idea: -
« WKE—NTE KRBT AE,

» SIFILEATOENEFRT —ATFINEE;

e WMmXAK, HFAMEEtRE—AFSEwl LT LEFEC
o ARIEcAwy AR AT E LA R EBEED (w|c) ;
o BEcAewtyiEE 2, 1S Ep (w|c) & K.

Mikolov T, Sutskever I, Chen K, et al. Distributed representations of words and phrases and their compositionality. NIPS 2013.
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Word2VeckEA

172-”_: P(thwt+/)

P(w:| we)) P(w;| wy,,)

problems  turning - banking crises as
J
\ v H/_/ N v J

outside context words center word outside context words
in window of size 2 at positiont in window of size 2
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Word2VeciE AR

il P(thwt +j)

P(w¢|w:.2) P(w;| W)

P(th/W,,ﬁ\ P(W;|We.s)
benkitg

problems  turning into crises as
( J
Y — v :

outside context words center word outside context words
in window of size 2 at positiont in window of size 2
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CBOWFEEY  mikolov's 2013

e CBOW: RiE_ E P ERiFANEREFTNFIE, TEIRES

PWe| Wi Wit Wiy - We ) = softmax (NN (V(wy) + ... +V (W) )

(EFHMHENLESCIRCBOW:

e MAE | BENRIFNHHAEE
tEpEmE ;

o RBIE . FANEEEHITRS.

o MEE  RERSEI_LETXR
ST CEwW().

CBOW = Continuous-Bag-of-Words

INPUT

w(t-2)

w(t-1)

w(t+1)

w(t+2)

———

—
———

—

J

PROJECTION OUTPUT

SUM

w(t)
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BMAE . B{EERIAEKIRERE

. *ILTJ"\’. R RIMARR (R E) TR | 1523

z;= Wx; =W, _
/\ 18] 1) = 2 B
(300)
O~ 3 - >
L EZaREREw \ ) B
L 22 eRIVIXd peszsbak, ( ) $2i b
o L e
u (lookup table), #— =
Fr xR b 3 -
one-hot word 45 F ¥ 95499 ) 2 . ( ) VAR GE
: vector
encoding
|+ 17 24 17 /\
23 5 7 23 motel
0 0 01 0 x |4 6 13| =[10 12 19]
ol 10 12 19 hotel
mote 11 18 251 - Z)
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RRE  RELTXHEE

o BYECIKAD , BRI E TN EERGH— I EE.

2 z=Wx .
2

BN

| .
—lclSi<|c|,j#0

S

C
‘ $t-1
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MEE : R

o FR1

>P}

%1‘ ®

-

h?J:xE_/\?é:.Fl_J

P (Wt‘wt_|c|, Wt

y=Uz

®

ERGENEE , FENEOE,

[ERAPERIERY 5 3RIA)RE,
exp ()
—I’Wt‘|'1"“’wt+|0|) |V|
2.1 xp ()
Softmax
——\ plwilwe)
—p
: > HHHHH Hﬁt=
probability of each
— j word being the target
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IRE S PESR

Wt_k\ ydinn
( h % c PWi|Wiky oo W Wi g oo Wiy )
. o o
Wi, LRI _’HH HH
m RS nllflalln
Wi § g % softmax classification
; d TN
Wik
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Iy )

i

o ISTEH

a5

ED — {Wll W2y eeuy WN}I E%/.J\1{ﬁl\yj§&1l’\lgj\§(negative

log likelihood, NLL) 3RE<RRZEL:

N

1
LOW, U1 D)=== ) 108 POVt g Wy W, i)

t=1

o (ERBE NFEER/IMUIRKRRZL,
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Hithirl =58

e CBOW RiE_E TN LA

NLL
Wii m— loss
...... Wi Wi B % —'i o "
= B R
\/\j Wi g — " B
]

j Wit1

|§
¢
<|:
N
A
tﬂﬂi‘-’i |-
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Skip-Gram{=5Y

e We seek a model for P(wy,|wy).

INPUT  PROJECTION OUTPUT

EXP(Ve+j)
P(wesjlwe ) = o e
Zi=1 eXpO/i)
y = UZ w(t-1)
z = Wx
w(t+1)
w(t+2)
|
LW, UL === ) logp(wesjlwe)

t=1—-c<j<c,j#0
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LhlEx

e Word2vec maximizes an objective function by putting

similar words nearby in space.

H-ER : LY R
‘ AT dog - police dog e PR- &g nsalesc rk
. chicken - cock rabbﬁ wool%abbit sp«’ftsm%ng&ﬁbgler staf - COE‘&CB%“%! ln% ostess
staff - civil servant
donkge;%rgltld ass F- {\Eiﬂﬁ o.EL
Ll smai'}\iansheep equus - zebra TAFE
sheep - ram| i laborer - carpenter-r AT
‘ EE-OEE laborer - temﬁg%ﬁzrﬁgr(hna
crob et | GEAF | | dolphin- e fag dolphin i [ WEEE
mp - prawn ~ seaman - navlgatof | pm&\_zajﬁg master|
CARE E5h - \position - consul general
gl AN s
_ fish - tropical fish | actor - aéﬁ ,;f "%?;?o :
................... -_.‘ . : = -~ < '- 5 — —_ L
.................... - &: p ;_- : ;1’,7?,‘#
""""""" - -—[:}";'-5 s
- - " - - ——
- o - 4
e

Fu, Ruiji, et al. "Learning semantic hierarchies via word embeddings.”ACL 2014.
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fRi=SEle

Tutorial: {EflpythonZE3iAMR=E
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M B8R B“FES"

TR 615 5 F iR
e Audio: MM
e \Word:
X, 1BES
e Sentence:
KEB/ANESTE
e Program:

for (int i = 0; 1 < 10 ; i ++ ) {
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MMITEEINFESEARES ?
o Fo B B JU— H Ak H it H Ak E7?

\

o (2o
- 2

|
‘O

But wait, how to measure the linguistic ability of computers?
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MEEiESEE ?

e How proficiency do you acquire a language?

O C -
N A
b il

1

Language
Model
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A

o BEREE—MHERE | BZIE T EENFAFREEZAE
BEEEMESTHI.

o JERFFFFIx = (wy, wo,..., wy), IBSIREIE X XS
EEMESTHINAVEEER:

px) =pwy, Wy, ..., wy)
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BSREATE

o WHATEBEERP(W,, ..., Wp)?
P(EENHEES])="?
o IRIEMEERAYPETCEN:
pwi,.cown) = pwy)pwolwy)...p(wy|wse. o wno1)

p(FE=F ) = p(F)p(Z | F)p(HL | F Z (w5 | E
Hlp(F | BN (S | PENHF)

o DIRRIKMBIR: (P& B ATn—1 A3 9)

pwilwi,e..wii1) = pPWilWins1-Wic1)

p(AFENFF) = p( |HlaeF) = p( | F)

Machine Learning: Lecture 9
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IRSIRE = Fil —ERiq

o IEEEBFIREIREKEELA T R)EE:
> 85— P FEHAYt-1DERE wy, .. wy
> F T™— 1B B IAIREER p(wwy, ..., W)

BB A B ¥ D

- J
Y

given these words

predict the
hext word

Qx i HmERE 2 £
%,?
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MR I

o TR RBIHE S () BT

e Recurrent Neural Networks (RNNs)
as an ideal approach for sequence
modeling.

st

=

W

[TTT]

NN
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TR AL LS
ol BB Sl A RSTHT AR,

My memory is reused, so I
won't forget past words... —%

I always forget past

®° words..
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TR AL LS
EALH: 15— RS A T—HZIEA |

SCHRICIZABER., |
Apply a recurrent relation at every

B (] B . time step to process a sequence:

o : ( Vlt_-ll’ X|)

\
h RNN ‘ cell state  function  old state Input vector at
' ‘ .

»

parameterized time step t
by W

ecurrent cellj

I Note: the same function and set of
N\ O = X, parameters are used at every time step

RNNs have a state, h,, that is updated at each time step as a sequence is
processed.
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TR tREE R £

output vector
¥, Output Vector

4 Yt = W%yht

‘{ RNN } Update Hidden State
recurrent cell | Jy, h, = tanh(WEhht—l n W;{hxt)

Input Vector
Xt

input vector = x;
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RNNs: Computational Graph Across Time

Vi

A

L[ }J = Represent as computational graph unrolled across
RNN

time
T Outputs
7'y
& Won
Hidden Units
A WHH
Wi
Inputs Hidden Units
- %4
Time t HH
= Wiy T
Inputs Hidden Units
Time t-1 Wy T Wy
Inputs
Time t-2
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RNNs: Computational Graph Across Time

e Re-use the same weight matrices at every time step
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RNNs: Computational Graph Across Time

— forward pass

Machine Learning: Lecture 9



RNNAIRFH
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Rz FERT,

o TR

NGB ZVRIAE | 1

v
Y
b
x oo 7
One to One Many to One
“Vanilla” neural e.g., sentiment
network classification

5 AR E AR

sub VP V
...and many other
architectures and
T T 1 applications
x o 7
Many to Many
e.g., information
extraction
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RIF— : FR5ll933E

Like
15% | Dislike
|

Classifier
(MLP-+Sigmoid)
Input: a sequence of words.

(R {
Output: probability of each class
that the sequence belongs to

I love  machine learning
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RF— : FEHI4ERK

o 2 @ AlfEIT

Il HA = 7t

Input: n-1 poetry characters

Output: next character in a poetry

Machine Learning: Lecture 9
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M= : B4R

o Ml . EFRAR

0 o ®
Output 7\{ & @ P x J
{ % \‘ 2 : EOS
®

\ 4

\ 4

Input: sheet music

Output: the next
character in sheet music
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TIME for Coding

Tutorial: poetry generation using Pytorch

https://gitee.com/wannabe-9/LSTM poeml
https://zhuanlan.zhihu.com/p/138270447

https://www.kaggle.com/code/jlaminggogogo/ancient-chinese-poem-generation-rnn/notebook

Machine Learning: Lecture 9
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https://zhuanlan.zhihu.com/p/138270447
https://gitee.com/wannabe-9/LSTM_poem1
https://www.kaggle.com/code/jiaminggogogo/ancient-chinese-poem-generation-rnn/notebook

