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Introduction

* Tagging
> Part-of-Speech (POS) tagging worgs\ /505
* VERB : Book that flight sequence labeling : from {x; ... x;}to {y; ... ¥¢}
= NOUN : Read a book.
Y1 Y2 Y3 YVa Vs
NOUN AUX VERB DET NOUN

\[/

Part-of-Speech Tagger

T Y

Janet will back the bill

X1 X2 X3 X4 Xs
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Introduction

* Tagging
. . . Jane Villanueva of United Airlines Holding
> Named Entity Recognition (NER) tagging discussed the Chicago route.
= PER (Person) : Janet | NER Tagging
*= LOC (Location) : New York
= ORG (Organization) : Samsung Words Tag
= TIME (Time) : Friday e -
Villanueva PER
of
United ORG
Airlines ORG
» each word does not have one tag Holding ORG
2-word : “Jane Villanueva” \ discussed
3-word : “United Airlines Holding” the
1-word : “Chicago” Chicago LOC
route
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BIOES

* BIO tagging for NER

Jane Villanueva of United Airlines Holding

> Tagged by one word discussed the Chicago route.
= B :token that begins a span | NER with BIO tagging
= |:tokens inside a span -
= O :tokens outside of any span Words Tag BIO Tag
Jane PER B-PER
Villanueva PER I-PER
of 0]
United ORG B-ORG
Airlines ORG I-ORG
» each word gets one tag Holding ORG I-ORG
[ Jane B-PER, Villanueva /-PER | discussed ©
[ United B-ORG, Airlines I-ORG, Holding I-ORG] the 0
[ Chicago B-LOC] Chicago LOC B-LOC
route 0]
0O
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BIOES

BIOES tagging (BIO variants)

> Tagged by one word Words Tag BIO Tag BIOES Tag
_ Jane PER B-PER B-PER
" B:token that begins a span Villanueva PER I-PER E-PER
= |:tokens inside a span
= O :tokens outside of any span of 0 °
= E:token that ends a span United ORG B-ORG B-ORG
= S:token that gets single span Airlines ORG -ORG I-ORG
Holding ORG I-ORG E-ORG
discussed 0] O
the 0] 0]
Chicago LOC B-LOC S-LOC
route 0] 0]
0 0
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Conditional Random Field

 Hidden Markov Model (HMM)

> Based on Markov chain that embodies Markov Assumption

* Markov Assumption :  P(q¢|q¢—1, q¢—2, - q1) = P(q¢|qe-1)

Graph Foam
0.3 state transition probability matrix(A)
0.2 t
) rain sunny
0.7 t—1 |rain 0.7 0.3
sunny | 0.8 0.2
0.8
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Conditional Random Field

 Hidden Markov Model (HMM)

» Predict hidden state(tag) by using observation state(word)

0.3 state transition probability matrix (A)
0.2 t
hidden — rain sunny rain >unny
0.7 t— 1 |rain 0.7 0.3
sunny 0.8 0.2
0.8
! } emission probability matrix (B)
Bl B2 game study sleep
observation __ P(game] rain): 0.6 P(game| sunny) : 0.1 rain 0.6 0.2 0.1
P(study| rain): 0.2 P(study| sunny) : 0.8
P(sleep | rain) : 0.1 P(sleep | sunny):0.1 sunny 0.1 0.8 0.1
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Conditional Random Field

 Hidden Markov Model (HMM)

» Parameter of HMM, 1 = {4, B, it}

A : state transition probability
a;j = P(qt = S; | qi—1 = Si) , S: state, g:sequence
= Xja;=1
B : emission probability
= bj(vg) = P(o = v | q: = s;), o: observation, v:
" Xibi(v) =1
T : initial state probability

= Probability of start with state s; = m;
" Zi”i =1
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Conditional Random Field

 Hidden Markov Model (HMM)

» evaluation of HMM (forward algorithm, backward algorithm)
> given O(0) and HMM(A), find probability O(0)

Forward Algorithm Backward Algorithm
t—1 t t t+1

&

1

= a,(i) =m;b;i(01) = Be=r(D) =1
= a.(i) = [Zj at—l(i)aji] b;(o¢) = () = [Zj ,Bt+1(i)ajibj(0t+1)]
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Conditional Random Field

 Hidden Markov Model (HMM)

» Decoding with Viterbi algorithm
> Given model HMM(A), observation(0) , find sequence of hidden state(s)

Viterbi probability v, (i) : probability of s; at t
" v;(i) = m;b;(01)

= v (i) = mjaX(Vt—1(i) - a;;) - b; (o)

v () = argmax;(v,1 () - ;)
" gr = argmaxj(vT(j))

. 51:; = Te41(Gr+1)

" Qt = (q\lr qu ey qt)
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Conditional Random Field

 Hidden Markov Model (HMM)

Learning with E-M step (Baum-Welch Algorithm)

Given model observation(0) , find HMM(A*)

maximum likelihood estimation of parameter HMM(A*)

use y and & with forward probability(a), backward probability(£)

YV V VYV

HMM(A*) = argmax,;P(0|A)

E-step : estimate hidden state

TN

A == {A, B,TC} yt(l), Et(l;])

\ / Vt(i) : prob. Of s;att

§:(1,j) s prob.of s;attand s;at t + 1

M-step : update 4
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Conditional Random Field

*  Maximum Entropy Markov Model (MEMM)

> HMM model

= P(tag | tag), state transition probability @ @ @ @
= P(word | tag) , emission probability

word4 word, word, word,

0]
HMM = HP(St | se—1) P(o¢ | s¢)
t=1

> MEMM model

= P(tag | tag,word)
= P(st|se—1, 00)

word, word, word, word,

o]
MEMM = HP(St | St—1,0¢)

0
t=1
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Conditional Random Field

*  Maximum Entropy Markov Model (MEMM)

» HMM'’s transition and observation functions are replaced by P(s | s', 0)

— —
" ar()) = Xs a1 (SIP(s[sDIP(oels) | wwmn = o (i) = X a1 (s)P(s]op)

P(s|s’,o)—Z( 1 exp(Ewl fi(o, s))

normalizing factor sum to one

|1, if b(o;) istrueand s = s;
flor,se) = {0, otherwise.
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Conditional Random Field

*  Maximum Entropy Markov Model (MEMM)

» Label bias problem

= state A is frequent, transition Cor D
= answeris <A, D>, but predict < B, E>

C
y 1 P(A,D|0) = 0.6 X 0.6 X 1.0 = 0.36
start «——2— 4 — D 1N ond P(B,E|0) =0.4x1.0x1.0=0.4
: P(A,D|o) < P(B,E | o)
0.4 1 1
B——+ E
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Conditional Random Field

* Conditional Random Field (CRF)

» Local normalization to global normalization

|

1 = :

P(s | s, 0)|— Zlo, 5 exp (Z w; 'fi(O»S')) :
’ i=1

|

:

|

locality of normalization

weights

eXp(ZiZjo/';j(Yi—L)’i:f;i)) G a e 0

2y exp(Q; 2 Wi ’fj(yl"—vyi"f' i)

Py Ix,w) =

/ \\feature function a

all possible label sequence length of sequence X
X =Xq,X2, ..., X,
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Conditional Random Field

* Conditional Random Field (CRF)

» Local normalization to global normalization

classify each tag

v

MEMM

find most probable candidate
.

CRF
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Conditional Random Field

* Conditional Random Field (CRF)

HMM
» Feature function : produce a real value

PG %, w) = eXp(ZiZjoIff()’i—p)’i»f;i))l @ @ @ @

Y, exp(X; X w; - fj (i, i % 1))

Yi-1 - previous state word, word,, word, word,,
y; i current state
X : entire sentence {x;, x5, ..., X, }

[ : position of word looks like state transition probability in HMM

L~

1 if y;_1 = PERSON and y; = OTHER
0 otherwise

f1i—1, i, %, 1) {

v depends on its corresponding weight w;

wy > 0 : f; active (increase probability of V)
wy < 0 : f; deactive (decrease probability of y)
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Conditional Random Field

* Conditional Random Field (CRF)

» Feature function : produce a real value
“John said so”

1 if yi = PERSON and x; = John N

fl (yi—ll Vi) X, l) 10 otherwise

— overlapping features

)
_ - ~J1if y;=PERSON ana1xi+1 = said
201y %) 10 otherwise \

y, = PERSON to wy + w,

HMM cannot use next word
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Conditional Random Field

* Conditional Random Field (CRF)

» Training : parameter estimation

use maximum likelihood estimation(gradient ascent)

|—> learning rate

. —, 0 =
a X aka(}/V)

{(x®,yD), ., (xM), ymH)}L x O = . yse dataset

regularization

S
Il
S
+

n

_ o A2

o LW = ) logpGIE ) 3|17l
i=1

» Decoding
use Viterbi Algorithm

arggax(p(ﬂx w)) —argmaXZW f(x 1Y Y- 1)
y

§li,y] = ryr}gg[S J-Lylxw-f&jy, ]
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Conditional Random Field

* Conditional Random Field (CRF)

» Decoding

Y (ye) = exp (Z wifi(Ve Ye-1, xt)>

Y3 | V1 | Y2 | V3

yi | 1|3 ] 4]
82(y1) = 61:(y1) X Yo (y1) =5x7 3 1 2 83(y1) = 8,(y1) X W3(yy) = 35x4
52(y2) = 61 (y2) X Po(y2) = 2x8 Y2 - 03(y2) = 62(y2) X P3(y,) =16x3
8,(y3) = 61(y3) X (y3) = 3x3 ya | 1| 1 55(y3) = 8,(y3) X P3(y3) = 92

5:(y1) =5 8,(y1) = 35

)
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Conditional Random Field

* Conditional Random Field (CRF)

» Decoding
6:(y1) =5 8,(y1) =35 53(y1) = 140 6:(y1) =5 8,(y1) =35 83(y1) = 140
2 ()
6102) =2 61(y2) =
S\ &)
61(}’3) =3 61(}/3) = 62(}/3) =9 53(}/3) =18
z o ) ()

37 = {y2;y2;y1}
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Conditional Random Field

* Tagging task (BIOES) with LSTM

» word 1, 2, 3 represent PERSON

» word 4 is outside span B-PER I-PER E-PER

B-PER 0.7 0.2 0.01 0.1

I-PER 0.12 0.6 0.2 0.05

E-PER 0.08 0.02 0.7 0.15

S-PER 0.06 0.05 0.02 0.2

0] 0.04 0.03 0.07 0.5

FC FC FC FC

LSTM > LSTM > LSTM > LSTM
word, word, words word,
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Conditional Random Field

* Tagging task (BIOES) with LSTM (Problem)

> Cannot start with E

» Cannot start with | E-PER I-PER 0 I-PER
B-PER 0.08 0.2 0.01 0.1
I-PER 0.12 0.6 0.2 0.5
E-PER 0.7 0.02 0.07 0.15
S-PER 0.06 0.05 0.02 0.2
0] 0.04 0.03 0.7 0.05
FC FC FC FC

LSTM > LSTM > LSTM > LSTM

word, word, words word,
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Conditional Random Field

* Tagging task (BIOES) with LSTM + CRF

> CRF learn|BIOES features

. 0.2 I-PER 0] E-PER 0
> CRF learn other features of tagging —
. B-PER I-PER E-PER 0
0.01 E-PER 0 0 B-PER
CRF
v 1 1 1 !
B-PER 0.08 0.2 0.01 0.1
I-PER 0.12 0.6 0.2 0.5
E-PER 0.7 0.02 0.07 0.15
1. Notstart with |, E R = - -
2. E comes with end of 2 words entity f f f f
3. O-E, O-l patterns not exist FC FC FC FC
| 1 | |
LSTM > LSTM > LSTM > LSTM
word, word, words word,
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Thank you
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