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POS tagging

Labeling the tag that's correct
for the context.

Fruit flies lilke a banana Time flies like an arrow

(Just tags in evidence within the Penn Treebank — more are possible!)



Named entity recognition

tim cook is the ceo of apple

e person
e |ocation

e Qrganization
 (misc)

e {ime

* person
e |ocation

e Qrganization
e money

* percent

e date



Supersense tagging

The station wagons arrived at noon, a long shining line

location B location

that coursed through the west campus.

motion

NN B W -

person

7  cognition 13

communication 8  possession 14

artifact
act

group
food

9 location 15
10 substance 16
11 state 17
12 time 18

attribute
object
process

Tops
phenomenon
event

19
20
21
22
23
24

quantity 25 plant
motive 26 relation
animal
body
feeling
shape

Noun supersenses (Ciarmita and Altun 2003)



BOOK segmentation
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Seqguence labeling

r=A{x1,...,Tn}

y:{y17°°°7yn}

* For a set of inputs x with n sequential time steps,
one corresponding label y; tor each



Mayjority class

e Pick the label each word Is seen most often with In
the training data

fruit flies like a banana
12 7 VB 74 FW 8 3
NNS 1 VBP 31 SYM 13
JJd 28 LS 2
533 Jd 2
IN 1
25820
NNP 2




Nalve Bayes

* [reat each prediction as independent of the others

P(y)P(z | y)
Dyey PW)P(x|Y)

Py |z)=

P(VBZ)P(flies | VBZ)
nyey P(y')P(flies | y')

P(VBZ | flies) =

Reminder: how do we learn P(y) and P(x|y) from training data”




|_ogistic regression

* [reat each prediction as independent of the others but
condition on much more expressive set of features

exp (7' By)

Zy’ey exp(a:TBy/)

Ply|z;8) =

-
P(VBZ | flies) = xp (¢ _fviz)

Zy’ cy exp(a;TBy/ )



Discriminative Features

feature example
Featu.res are scopgd over x = flies 1
entire observed input
Xl = car 0

. . . Xi-1 = fruit 1
Fruit flies like a banana 1

Xir1 = like 1




SEqUENCES

* Models that make independent predictions for
elements in a sequence can reason over
expressive representations of the X (Including
correlations among inputs at ditfferent time steps
and

* But they don't capture another important source of
information: correlations in the V.



Sequences

-

0
0
I =

Time flies lIke an arrow




SEQUENCES

DT
NNP

NN
NNP

DT
NN
JJ
NN
NNP
NNS

VB

NN

41909
37696
35458
35006
29699
19166
17484
16352
15940
15548
15297
15146
13797
13683
11565




SEqUENCES

X time flies like an arrow

y NN VBZ IN DT NN

P(y = NN VBZ IN DT NN | 2 = time flies like an arrow)



(Generative vs.
Discriminative moagels

* (Generative models specity a joint distribution over the labels
and the data. With this you could new data

P(x,y) = P(y) P(x|y)

e Discriminative models specity the conditional distribution of
the label y given the data x. These models focus on how to
between the classes

Py | x)



(Generative

P(x | y)P(y)
>yey P | y)P(y)

Ply|z)=

Py | z) oc P(z | y)P(y)

myaxP(:v | y)P(y)

How do we parameterize these probabilities when x and y are sequences?



Hidden Markov Model

Prior probability of label P(y) — P(yla e ayn)

seqguence

n—+1
P(yr, oy) ~ [ P | vi1)
1=1

 We'll make a first-order Markov assumption and calculate the
joint probability as the product the individual factors
conditioned only on the previous tag.



Hidden Markov Model

(Y2 | Y1)
(Y3 | y1,92)

X P(yn ‘ yla“‘ayn—l)

* Remember: a Markov assumption is an approximation to this

decomposition (the chain rule of probability)



Hidden Markov Model

Plx|y)=Plx1, ..., Tn | Y1, -, Yn)

N

P(xla7xn‘y177yn)%HP($Z|yZ)
1=1

 Here again we’ll make a strong assumption: the probability of
the word we see at a given time step is only dependent on its
label



NNP

1S
has
says
does
plans
expects
'S
wants
owns
makes
hopes
remains
claims
seems

estimates

1121
854
420

77
50
47
40
31
30
29
24
24
19
19
17

NN

1S
has
does
says
remains
'S
iIncludes
continues
makes
seems
comes
reflects
calls
expects

goes

})Cxi‘ yiayﬁ—l)

2893
1004
128
109
56
51
44
43
40
34
33
31
30
29
27



H MM

n—+1 n

P@rse ey @yt yn) ~ [ P |l ier) [ Plas | v2)
1=1 1

1



H MM
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H MM

P(VB| NNP)

OaCaOr0sCROR0)
@@




Parameter estimation

c(y1,y2)
Pyt | yt—1) c(y1)
MLE for both is just counting
(as in Naive Bayes)
c(z,y)
P(ajt ‘ yt) C(y)



Transition probabillities

NNP MD VB JJ NN RB DT
<s> 0.2767 0.0006 0.0031 0.0453 0.0449 0.0510 0.2026
NNP 0.3777 0.0110 0.0009 0.0084 0.0584 0.0090 0.0025
MD 0.0008 0.0002 0.7968 0.0005 0.0008 0.1698 0.0041
VB 0.0322  0.0005 0.0050 0.0837 0.0615 0.0514 0.2231
JJ 0.0366 0.0004 0.0001 0.0733 0.4509 0.0036 0.0036
NN 0.0096 0.0176 0.0014 0.0086 0.1216 0.0177 0.0068
RB 0.0068 0.0102 0.1011 0.1012 0.0120 0.0728 0.0479
DT 0.1147 0.0021 0.0002 0.2157 0.4744 0.0102 0.0017

I QTR The A transition probabilities P(¢;|t;—1) computed from the WSJ corpus with-
out smoothing. Rows are labeled with the conditioning event; thus P(VB|MD) is 0.7968.



Emission probabilities

Janet will back the bill
NNP 0.000032 0 0 0.000048 O
MD 0 0.308431 0O 0 0
VB 0 0.000028 0.000672 0 0.000028
JJ 0 0 0.000340 0.000097 0
NN 0 0.000200 0.000223 0.000006 0.002337
RB 0 0 0.010446 0O 0
DT 0 0 0 0.506099 0

DT CBLUXY  Observation likelihoods B computed from the WSJ corpus without smoothing.



Smoothing

* One solution: add a little probability mass to every
element.

maximum likelihood smoothed estimates
estimate
Niy + 4
PXi|y) =
P(X/ ‘y) = — same a for all x;
My

N a

niy = count of word i in class y P(Xi ‘ y) — iy T4

ny = number of words in y ny + Z)/:1 aj

V = size of vocabulary

possibly different a for each x;



Decoding

* GGreedy: proceed left to right, committing to the
best tag for each time step (given the sequence
seen so far)

Fruit flies like a banana

NN VB IN DT NN



Decoding

The horse raced past the barn fell



Decoding

The horse raced past the barn fell

Information later on in the sentence can influence the best
tags earlier on.



All paths

END

DT

NNP

VB

NN

MD

START

A Janet will back the oill $

|deally, what we want is to calculate the joint
porobability of each path and pick the one with the
highest probability. But for N time steps and K
labels, number of possible paths = KN




5 word sentence with 45 Penn Treebank tags
455 = different paths

4520 = different paths



Viterbi algorithm

* Basic idea: if an optimal path through a sequence
uses , then it must have used an

optimal path to get to label L attime T

* We can discard all non-optimal paths up to label L
attime T



END

DT

NNP

VB

NN

MD

START

A Janet will back the oill $

* At each time step t ending in label K, we find the
max probability of any path that led to that state



END
DT vi(DT)
NNP v1(NNP)
VB vi(VB)
NN vi(NN)
MD vi(MD)
START [

Janet

What's the HMM probability of ending in Janet = NNP*?

P(yt \ yt—l)P(xt | yt)
P(NNP \ START)P(Jcmet \ NNP)



END
DT v1(DT)
NNP vi(NNP)
VB 1 (VE) Beslt pa.th throughltllme step 1
ending in tag v (trivially - best
NN vi(NN) path for all is just START)
MD v1(MD)

Janet

v1(y) = max Plyr =y | yi—1 = u)P(zy | ye = y)]



END
DT v1(DT) v2(DT)
NNP vi(NNP) v2(NNP)
VB v1(VB) vo(VB)
NN v1(NN) v2(NN)
VID v1(MD) v2(MD)
START [

Janet will

What's the max HMM probability of ending in will = MD?

First, what's the HMM probability of a single path
ending in will = MD?



END
DT vi(DT) | v2(DT)
NNP Vi(NNP) | v2(NNP)
VB vi(VB) | v2(VB)
NN vi(NN) | va(NN)
MD vi(MD) | v2(MD)

Janet will

P(yr | START)P(z1 [ y1) x P(y2 = MD [ y1)P(z2 | y2 = MD)



END

DT vi(DT) v2(DT)
NNP Vi(NNP) | v2(NNP)
VB vi(VB) | vA(VB) Best path through time step 2
NN vi(NN) va(NN) ending in tag MD
MD v1(MD) va(MD)

START [
Janet will

P(DT | START) x P(Janet
P(NNP | START) x P(Janet
P(VB | START) x P(Janet

P(NN | START) x P(Janet

P(MD | START) x P(Janet

DT) x P(y: =MD | P(y;—1 = DT) x P(will | y, = MD)
NNP) x P(y; = MD | P(ys—1, = NNP) x P(will | y, = MD)
VB) x P(y; = MD | P(y;—1 = VB) x P(will | y = MD)
NN) x P(y; = MD | P(y;—1 = NN) x P(will | y» = MD)

MD) x P(y; = MD | P(y;—1 = MD) x P(will | y: = MD)



END
DT vi(DT) v2(DT)
NNP vi(NNP) | v2(NNP)
VB vi(VB)' | valVB) Best path through time step 2
NN Vi(NN) | va(NN) ending in tag MD
MD v1(MD) va(MD)
START [

Janet will

Let’'s say the best path ending will = MD includes
Janet = NNP. By definition, every other path has lower
probabillity.



END
DT vi(DT) v2(DT)
NNP - vo(NNP)
VB vi(VB) | va(VB) Best path through time step 2
NN Vi(NN) | v2(NN) ending in tag MD
MD v1(MD)
START [ F

Janet will

P(NNP | START) x P(Janet | NNP) x P(y; = MD | P(y;—1 = NNP) x P(will | y; = MD)



vi(y) =max |P(y: =y | yr—1 = u)P(x¢ | yr = y)]
uey
P(DT | START) x P(Janet | DT) x P(y; = MD | P(y;—1 = DT) x P(will | y; = MD)
P(NNP | START) x P(Janet | NNP) x P(y; = MD | P(y;—1 = NNP) x P(will | y; = MD)
P(VB | START) x P(Janet | VB) x P(y, = MD | P(y;—1 = VB) x P(will | y, = MD)

P(NN | START) x P(Janet | NN) x P(y; = MD | P(y;—1 = NN) x P(will | y; = MD)

P(MD | START) x P(Janet | MD) x P(y; = MD | P(y;—1 = MD) x P(will | y; = MD)

v (DT) x P(yy =MD | P(y;—1 = DT) x P(will | y = MD)



END
DT vi(DT) | v2(DT)
NNP Vi(NNP) | v2(NNP)
VB vi(VB) | v2(VB)
NN vi(NN) | va(NN)
MD vi(MD) | v2(MD)

Janet will

ve(y) = I?fléa% i1 (u) X Plye =y | ye1 = w) Pz | ye = )]



END
DT v1(DT) v2(DT) v3(DT)
NNP vi(NNP) V2(NNP) v3(NNP)
VB v1(VB) vo(VB) v3(VB)
NN v1(NN) v2(NN) v3(NN)
VID vi(MD) v2(MD) v3(MD)
START [

Janet will back

25 paths ending in back = VB



END
DT v1(DT) v2(DT) v3(DT)
NNP Vi(NNP) | v2(NNP) v3(NNP)
VB v1(VB) vo(VB) v3(VB)
NN v1(NN) v2(NN) v3(NN)
VID vi(MD) v2(MD) v3(MD)
START [

Janet will back

Let's say the best path ending in back = VB includes
will = MD.



END
DT vi(DT) v2(DT) va(DT)
NNP vi(NNP) V2(NNP) v3(NNP)
VB v1(VB) vo(VB) v3(VB)
NN v1(NN) V2(NN) v3(NN)
VD v1(MD) vo(MD) v3(MD)
START [
Janet will back

It the best path ending in will = VD includes
Janet=NNP, we can forget all paths with Janet = NNP
for any path including will = MD because we know
they are less likely.



END
DT vi(DT) vo(DT) v3(DT) va(DT)
NNP Vi(NNP) | vo(NNP) | Vvs(NNP) | va(NNP)
VB vi(VB) vo(VB) va(VB) | va(MD)
NIN Vi(NN) | Vva(NN) | vs(NN) va(NN)
VID vi(MD) | vo(MD) | vs(MD) | va(MD)
START [
Janet will back the

125 possible paths ending in the = DT, but we only need
to consider 5 (best path ending in back = DT, back =
NNP, back = VB, back = NN, back = MD)



END

DT vilDT) | vo(DT) | vs(DT) | va(DT) | vs(DT)

NNP Vi(NNP) | va(NNP) | vs(NNP) | va(NNP) | vs(NNP)

VB vi(VB) | va(VB) | wva(VB) | va(MD) | vs(MD)

NN vilNN) | va(NN) | va(NN) | va(NN) | vs(NN)

VID vi(MD) | va(MD) | vs(MD) | vaMD) | vs(MD)
Janet will back the oill



END

DT vilDT) | vo(DT) | vs(DT) | va(DT) | vs(DT)

NNP Vi(NNP) | va(NNP) | vs(NNP) | va(NNP) | vs(NNP)

VB vi(VB) | va(VB) | wva(VB) | va(MD) | vs(MD)

NN vilNN) | va(NN) | va(NN) | va(NN) | vs(NN)

VID vi(MD) | va(MD) | vs(MD) | vaMD) | vs(MD)
Janet will back the oill

vi(END) encodes the best path through the
entire sequence




END

OT

NNP Z \

VB \ \

NN \ /

MD

START [

Janet will back the bill

For each timestep t + label, keep track of the
max element from t-1 to reconstruct best path



function VITERBI(observations of len T,state-graph of len N) returns best-path

create a path probability matrix viterbi[N+2,T]
for each state s from 1 to N do ; Initialization step
viterbi[s,1]<—aq s * bs(01)
backpointer[s,1] <0
for each time step ¢ from 2 to 7' do ; recursion step
for each state s from 1 to N do

. . N : .
viterbils,t] < max viterbils',t — 1] * ay ; * bs(or)

s =1

N
backpointer{s,t] < argmax viterbi[s',t — 1] * ay s

=1
. - N L - - .
viterbi[gr,T]<— max viterbi[s,T]| * asq, ; termination step
s=1
. N : . .
backpointer|qp,T] < argmax viterbils,T| * As.qr ; termination step

s=1

return the backtrace path by following backpointers to states back in time from
backpointer|qr,T]

Viterbi algorithm for finding optimal sequence of tags. Given an observation
sequence and an HMM A = (A, B), the algorithm returns the state path through the HMM
that assigns maximum likelihood to the observation sequence. Note that states 0 and gy are
non-emitting.



END
DT v1(DT)
NNP vi(NNP)
o [ o
NN VithNN) Naive Bayes or logreg)
MD v1(MD)
START [

Janet

vi(y) =max [Py =y | yr—1 = u)P(ae | yr = y)|
uey
Wh N _ _ _ _
independeenntmparelgigctions: P(yt =Y | Yt—1 = u) — P(yt — y)




(Generative vs.
Discriminative moagels

* (Generative models specity a joint distribution over the labels
and the data. With this you could new data

P(x,y) = P(y) P(x|y)

e Discriminative models specity the conditional distribution of
the label y given the data x. These models focus on how to
between the classes

Py | x)



MEMM

arg max P(y | z, 5)
y

General maxent form

n
Maxent with first-order Markov arg max H P(yz ‘ Yi—1, aj)
assumption: Maximum Entropy y -

Markov Model 1=1




MEMM

Oa0RO020)




MEMM

RGOS OR0EC

OO0

MEMMSs condition on the entire input




MEMM

CACaOROR08 =




Features

Features are scoped over
the previous predicted

tag and the entire
observed input

feature

example

Xi = mMan

1 = JJ

i=n (last word of
sentence)

Xi ends in -ly




Training

n

Hp(yz | yi—laxaﬁ)

1=1

For all training data, we want probability of the
conditioned on the previous to be high.

This is simply multiclass logistic regression



Decoding

* With logistic regression, our prediction is simply the
argmax v:

Py |z, 8)

 With an MEMM, we know the true v+ during
training but we never of course know it at test time

P(yz ‘ y’i—laxaﬁ)



Greedy decoding

 Ai=1, predict the argmax given START:

 [or each subsequent time step, condition on the y
just predicted during the step before

P(y’b | Z/i—laﬂ%ﬁ)



Viterobl decoding

Viterbi for HMM: max joint probability P(y)P(x |y) = P(x,y)

ve(y) = fggf V-1 (u) X Plye =y | yi—1 = w)P(xe | yr = y)]

Viterbi for MEMM: max conditional probability

v (y) = %163»3}}([%5—1(“) X Py: =9y | y+—1 = u, z, B)]



Project propsals

 Due today by 11:59pm!



