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Consider the problem of jointly modeling a pair of strings
— E.g.: part of speech tagging

Y: DT NNP NN VBD VBN RP NN NNS</
X,‘ The“ Georgia branch had taken on loan commitments...

 

VBD NNS VBD
offered rates plummeted

DT NN IN NN
/< ‘I The average of interbank

Q: How do we map each word in the input sentence onto the
appropriate label? _

' We can learn a jornt distribution:

19 L/w1.-.:vnl\\_lyy1n~-)
And then compute themWQlikel assin' ,
9&3?p(:1:1 ...a:n,y1...yn)   



Classic Solution: HMMs

We want a model of sequences y and observations x

   

 

where yO=STAFiT and we call q(y.-|y.-_1) the transition
distribution and e(x,-|y,-) the emission (or observation)
distribution.



Model Assumptions
9 ~ ‘ Wenwmu

Transition
QBEmission

 

 
  

- Tag/state sequence is generated by a Markov model
- Words are chosen independently, conditioned only on

the tag/state
- These are totally broken assumptions: why?

Examples? Think prepositions ...



HMM for POS Tagging

The Georgia branch had taken on loan commitments

!

 

DT NNP NN VBD VBN RP NN NNS

 

° HMM Model:
— StatesY = 7035 077%”?- '
— Observations 4X = l7
— Transition dist’n q(yi |yi -1) models —/> figs Toma”

One,
— Emission dist’n e(xi |yi) mode7l omits?

vim Web 0R"
5&l‘aro/l



HMM Inference and Learning
. />- Le/agflgrn

’ —"*‘|\/|aximum likelihood: transitions q and emiSSiOnS 9
pm . . yl - - -yn) = (1(ST0Plyn) q(yz-|yz-—1)e($z'|yz)

i=1

-(I/nferewynoe
/vIt—"27’

(£161 . . mm 3J1 . . . yn)
yl...yn

—wf_¢>d_F/__f__/F#L(1Forwardbaokwa (for posterior marginals)

Manamoyz): Z Z p(:vl...a:my1~-yn)
y 1-"yi—1 yi+1~~yn



Learning: Maximum Likelihood
29(5191 . . - arm yl . . -yn) = q(STOPlyn) q(yz'lyz--1)e(xz-lyz-)

 

- Maximum likelihood methods for estimating
transntions q and emISSIons e @

j'_— C(/______yi_17 @Me\x _—

“v

  

- Will these estimates be high quality?
‘ — Which is likely to be more sparse, q or e?

- Smoothgin'? /@gwfif\

li/l *3 l 30Wf‘q PAVJ
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Learning: Low Frequency Words

pm . . . yl - - - yn) = q(STOP|yn) (1(y’ilyi—1)e($ilyi)

Ucb 5W0” (r
W 4V!» M4

- Typically, for transitions:
—LI'nearInt oatl'on

z' z—' —_A z z'— +A/[ML(2)'VMy 19 1) lqML__(_’y ly .1) my

 



Learning: Low Frequency Words
n

p($1"°$nay1-~yn) = q(ST0Plyn) q(yz-lyz-—1)6($z'|yr)
i=1

- Typically, for transitions:
— Linear Interpolation

Q(yz'|yz'—1) = AlQML(yi|yi—1)+ /\2CIML(yz')
- However, other approaches used for emissions

— Step 1: Split the vocabulary
- Frequent words: appear more than M (often 5) times
- Low frequency: everything else

— Step 2: Map each low frequency word to one of a small, finite
set of possibilities

- For example, based on prefixes, suffixes, etc.
— Step 3: Learn model for this new space of possible word

sequences



Low Frequency Wflords: Anm MW FrflWb—a’éEQ
Example 1 love Mai3

er; c a?"
- Named Entity Recognition [(Bicykfiel eitflal,w *1 9949] fig

— Used the following word classes for infrequent words:
TTOMclass Example Intuition
 

twoDigitNum 90E83990Cd—‘lg'ficontains1gitAndAlpha A 956—67
containsDigitAndDash 09-96
containsDLg'itAndSIash 1 1/9/89
containsDigitAndComma 23 ,000 .00
containsDigitAndPeriod 1 .00
othemum 456789
allCaps BBN Organization
capPeriod M. Person name initial
firstWord first word of sentence no useful capitalization information
initCap \ Sally Capitalized word
lowercase can Uncapitalized word
other Punctuation marks, all other words

‘Two digit year
Four digit year
Product code
Date
Date
Monetary amount
Monetary amount ,percentage
Other number

9



Low Frequency Words: An
EX‘a/,m_,p|_ce

_,.~» ' ’ 7 7d ”" g'C"'—“"‘—' » r 7 h ""fl"\
Profits/NA soared/NA at/NA Bgoie’gf/in'gmm/o’ocqc/NA easily/NA topping/NA
fo,re\casts/NA on/NA Wall/SL Street/CL ,/NA as/NA their/NA CEO/N_A"7Ar|_anfi/SP

LulalIy/CP announced/NAfirst/NA quarter/NA results/NA ./NA
\/7

       

 

  

 

fly/*~x

 

bMirstword/NAsoared/NA at/NSWetC/initCaffC Co./CC ,/NA easily/NA lowercase/NA
forecasts/NA on/NA initCap/ L ,/NA as/NA their/NA CEO/NA Alan/SP
in‘ Cap/ P ann J5lF8B1N+°ewere:Cté‘iflkhéLfliSLL_¥ltsN'A./NA

fl,

 

- NA = No entity
- SO 2 Start Organization
- CO = Continue Organization
- SL = Start Location
' CL = Continue Location



Inference (Decoding)
Problem: find the most likely (Viterbi) sequence under the model

y* —— argdmax@331. ..:1:n,y1 . . .yn
I

- Given model parameters, we can score any sequence pair

NNP VBZ NN NNS CD NN
Fed raises if interest rates 0.?57‘ percent .

q(NNP|o) e(Fed|NNP) q(VBZ|NNP) e(raises|VBiz)‘q(|NN\VBZ).....

In principle, we’re done — list all possible tag sequences, score
each one, pick the best one (the Viterbi state sequence)

NNP VBZ NN NNS CD NN . ‘ IOQP 123
WNNP NNS NN NNS CD NN .‘ logP -29

NNP VBZ VB NNS CD NN .‘ logPL—27

     Any
I'ssue.9

 



HI\/||\/| Inference and Learning
  

wLearning \9 Simian?
— Maximum likelihood: transitions q and emissions e

 

   

 

f‘ffifi///

>\

 

— Forward backward

y;
yl 7“ 1y7v+1 yn

. . . $1”) _—

 



Finding the Best Trajectory
- Too many trajectories (state sequences) to list
- Option 1: Beam Search

— A beam is a set of partial hypotheses
— Start with just the single empty trajectory
— At each derivation step:

- Consider all continuations of previous hypothesesV‘
fi/M - Discard most, keep top kg sha ““P L‘

 

)V Urais ‘ \fl/ 4U)”
raises:V

raises:N

Wises’

o Beam search often works OK in practice, but
- but sometimes you wantthe optimal answer
- and there’s usually a better option than na'ive beams

 



The State Lattice / Trellis

 N/\(\‘/
<// START Fed raises interest rates STOP

A N V V



The State Lattice / Trellis
A

 

      
raises interest rates STOP
V V~>j J

START Fed
/\



Scoring a Sequence
—— arg max p(a:1...:13n,y1...yn)

ylu-yn

p($1--.xmy1---yn) = q(ST0Plyn) q(yz-|yi_1)e(wilyi)
i—l

- Define n(i,y,-) to be the max 8—Core of a sequence of length/i
endin in ta - ’—. Q 9 //yl

7T(z,yz-) ——(B111(331 . - $1791 - - 4%)
y1---yi—1

= max6(xilyi)q(yilyi—l) max p($1---$i—1ay1-Hyi—1)
yi—l y1---yi—2

zmmax 6(531'lyi)q(yilyi—1)afl<i7—; 1”yi_lrj)/
- We can now design an efficient algorithm.

— How?

*

  



The Viterbi Algorithm
Dynamic program for computing (for all i)

71-(2'7 _— p(fL’1 . . . 5131', yl . . .

Iterative computation:
W _ 11f y0———— TART

(O’yo) _ { 0 otherwise
For i =1 n:

// Store score

77(1) yr) 2 yimalx€($z'|yz')Q(yi|y2'—1)7T(i — 1, yi—l)

What // Store back-pointer

for? bpa’ ‘2 arg max8(mz'lyz')Q(yilyz'—1)7T(i — 1, yi—l)
Eli—1



Tie breaking:
Prefer first

The State Lattice /Tre||is

2.12 e 2:..°A @ 2:; esp-1.2
ruck 11:0.27 ® 11: 0.0108

      

"=0
bp="

I"! = 0.010206

   
an“.
m

m

0 1 . .O

.0

1.0



The Viterbi Algorithm: Runtime
- in term of sentence length n?

— Linear
- In term of number of states |K

— Polynomial
7T0} = mmalx€($z'|yz‘)Q(?/z'lift—1W0; — lam—1)

_’?
 

' Specifically:
O(n|IC|) entries in 7r(7§,
O(|IC|) time to compute each 7r(z°,

- Total runtime: 0(nllq2)

- Q: Is this a practical algorithm?
- A: depends on |K|....

 



Tie breaking:
Prefer first

The State Lattice / Trellis

":1 Q9 ":0 n=0 n=0 6 n=0

@Krill" bp:A ®hp:A Gt"):A bp_—l\

n = 0.010206 ® I! = 0
bp:A

  

  

   

® ":0
bp:A

fl = 0.0040824' n—-0 ' n—_0
6bp=nu|l a bp:A bp_—A 9 bp_—A

START Fed raises

. mmmm

.4 m

m

m

.0

1.0 



HMM Inference and Learning
° Learning

— Maximum likelihood: transitions q and emissions e

19(231 - - - y1 . - -yn) = C1(ST0Plr/n) 61(yz'iyz-—1)€(33¢iyz)
i=1

0 Inference
— Viterbi

*y —— arg max p(x1...xn,y1...yn)
yl...’yn

— Forward backward

p($1...xn,yi)= Z Z p(:c1...:1:n,y1...yn)
yln-yi—l yz'+1--°yn



What about n-gram Taggers?
- States encode what is relevant about the past
- Transitions P(s|- | sH) encode well-formed tag sequences

— In a bigram tagger, states = tags
<o> < y1> < y2>

— In a trigram tagger, states = tag pairs

<.I.> < .: Y1> < Y1: y2> < Yn-1: Yn>

< yn>



MEMM Taggers
One step up: also condition on previous tags:

7n

p(y1...ym|a:1...rvm) = Hp(yi|y1...yi_1,:c1...xm)
i=1

—_ p(yz"’yi_1,$1-- - a7m)
i=1

- Training:
- Train p(yi|y,~_1lx1...xm) as a discrete log-linear (MaxEnt) model

- Scoring:
ew'¢>(-’E1---$mai,yi—1 ,yz')

p(yi|yi—la$1 - - Jcm) '= Z ew-¢>(m1-.-mm,i,yi—1,y’)y!

- This is referred to as an MEMM tagger [Ratnaparkhi 96]



HMM vs. MEMM

- HMM models joint distribution:

p(:I:1...:I:n,y1-~yn) = q(ST0Plyn) Hq(y¢|yi—1)e(rcilyi)
i=1

- MEMM models conditioned distribution:
m

p(y1 . . .ymlzcl . . .cvm) = . . .yq;_1, 11:1 . . .mm)
i=1



Decoding MEMM Taggers

- Scori'ng.'
ew'¢($l-Hmmaiayi—17y73)

p(yz'|yz-_1,x1...a:m) = Z
ew'¢(w1H-mmaivy’i—13yl)

y/

- Beam search is effective — why?
- Guarantees? Optimal?
- Can we do better?



6(0)
rates
J

raises interest
V V

START Fed
/\ N



Decoding MEMM Taggers
- Decoding MaxEnt taggers:

— Just like decoding HMMs
— Viterbi, beam search

- Viterbi algorithm (HMMs):
— Define _n(i,y-) to _be the max score of a sequence of

length l en mg in tag y.-

7T(Z'7 yr) —— yimaulx6(5107;lyz')Q(yz'|yz'—1)7T(i — 1797,21)
- Viterbi algorithm (MaxEnt):

— Can use same algorithm for MEMMs, just need to
redefine n(i,yi) !

7r(’i, —— yimaxp(yz-|yi_1,:v1...:1:m)7r(z'— 17 yi_1)
—1



  

w an omr “4% cm 9,6

+°r d9 Wlapvwfi’ ‘foo.

 

 



 



 



 



 


