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» Definition:

Input: sequences of variable length x = (71, %2,...,24),2; € X

Output: every position is associated with a label y = (y1,¥2,...,¥z(), ¥ €{1,..., N}

» An example:

Part-of-speech tagging

X = John carried a tin can

y = NNP VBD DT NN NN

Named-entity recognition, shallow parsing ("chunking"), gesture recognition from video-
streams, ...



In fact, even knowing that
the previous word is a
noun is not enough

X = John carried a tin can

y = NNP VBD DT NN NN or MD?

> Labels: If you just predict the most
NNP — proper singular noun; b

NN — singular noun frequent tag for each word you

will make a mistake here
VBD - verb, past tense

» MD - modal
DT — determiner » . - final punctuation
» Consider
Tin can cause poisoning
NN MD VB NN

One need to model interaction between
labels to successfully resolve ambiguities,
hence called structured prediction problem



[ORG Chelsea], despite their name, are not based in [LOC Chelsea], but in
neighbouring [LOC Fulham] .

[PER Bill Clinton] embarrassed [PER Chelsea] at her wedding at [LOC Astor Courts]

X = Bill Clinton embarrassed Chelsea at her wedding at  Astor Courts
Y = B-PERS  I-PERS O B-PERS O O O O B-LOC I-LOC



» Given a sequence of frames in a video annotate each frame with a gesture type:

Flip back

Shrink Expand Double Point Expand horizontally
vertically  vertically back and back

It may be hard to predict gestures for each frame in
Isolation, again need to exploit interaction between
gestures in different frames



»  We will consider the part-of-speech (POS) tagging example

John carried a tin can
NNP VBD DT NN NN

» A “generative” model, i.e.:

» Model: Introduce a parameterized model of how both words and tags are
generated P(x,y|0)

» Learning: use a labeled training set to estimate the most likely parameters of
the model ¢

» Decoding: ¥y = argmax P(x,y|0)
y



A simplistic state diagram for noun phrases: N — tags, M — vocabulary size

[0.5:a

0.5 : the]
0.5 $ [0.01: red,
7 N . 0.0l : hungry
 START) > Adi

=

r

4 X

"stople 10 Noun
\_/

[0.0] : dog /
0.01 : herring, ...]
» States correspond to POS tags,

»  Words are emitted independently from each POS tag

» Parameters (to be estimated from the training set):

Example:

a hungry dog

Stationarity assumption: this
probability does not depend on
the position in the sequence t

» Transition probabilities P(yt]yt_l) ;[N x N ] matrix

» Emission probabilities P (z'|y") : [N x M] matrix



| st order Hidden Markov Models

Representation as an instantiation of a graphical model: N — tags, M — vocabulary size

D | y( 2)_Ad] - y(4) -

X(l) =a x (2 hungry x(3)= dog x(4)

» States correspond to POS tags,

» Words are emitted independently from each POS tag

» Parameters (to be estimated from the training set):
» Transition probabilities P(yt|yt_1) : [N x N 7] matrix

» Emission probabilities P (z'|y") : [N x M] matrix



»  We will consider the part-of-speech (POS) tagging example

John carried a tin can
NNP VBD DT NN NN

» A “generative” model, i.e.:

>< » Model: Introduce a parameterized model of how both words and tags are
generated P(x,y|0)

» Learning: use a labeled training set to estimate the most likely parameters of
the model ¢

» Decoding: ¥y = argmax P(x,y|0)
y

We do not want to specify the transition
system (associated probabilities) but learn it
from the data



» N — the number tags, M — vocabulary size

» Parameters (to be estimated from the training set):

» Transition probabilities  @ij = P(Z/t =7 | yt_l =1), A- [N x N ] matrix

» Emission probabilities bir, = P<$t =k | yt = i), B- [N x M] matrix
» Training corpus:

» (In,an,Oct, 19, review, of,....), (IN,DT, NNP, CD,NN,IN,....)

» (Ms., Haag, plays, Elianti,.), (NNP, NNP, VBZ, NNP, .)

>

» (The, company, said,...), (DT, NN, VBD, NNP,.)
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» N — the number tags, M — vocabulary size

» Parameters (to be estimated from the training set):

» Transition probabilities  @ij = P(?/t =7 | yt_l =1), A- [N x N ] matrix

» Emission probabilities bir. = P<$t =k | yt =1i), B- [N x M] matrix
» Training corpus:

» (In,an,Oct, 19, review, of,....), (IN,DT, NNP, CD,NN,IN,....)

» (Ms., Haag, plays, Elianti,.), (NNP, NNP, VBZ, NNP, .)

b

» (The, company, said,...), (DT, NN, VBD, NNP,.)

. OE(ka)
> Cr(i K
Zk 5 ) \ Ce(i,k) is #times

word k is emitted
by tag i 11

P(x' = kly* = i) = by,




» N — the number tags, M — vocabulary size

» Parameters (to be estimated from the training set):

» Transition probabilities  @ij = P( = | yt_l =1), A- [N x N ] matrix

» Emission probabilities bir, = P<9Ut =k | yt = i), B- [N x M] matrix
» Training corpus:

» (In,an,Oct,, |19, review, of,....),(IN,DT, NNP, CD,NN,IN,....)

» (Ms., Haag, plays, Elianti,.), (NNP, NNP, VBZ, NNB,.)

> . . .
It is convenient to think that the

» (The, company, said,...), (DT, NN, VBD, NNP,.) Sl ZrSeTPOagfjed ikt

v’ = START, y*I+1 = sSTOP

o1 Cr(i,j)
P t — t—1 — ) = a;; = ) Ly
(v =Jly ) = aiy IO

C+(i,j) is #times
tag i is followed by
tag |



|t Order

Representation as an instantiation of a graphical model: N — tags, M — vocabulary size

y( 1) Det y(2) = Ad y(3)= Noun y(4)

X(l) =a X(2)= hungry X(3)= dog X(4)
» HMM States correspond to POS tags,

» Words are emitted independently from each POS tag

» Parameters (to be estimated from the training set):
» Transition probabilities P(yt|yt_1) : [N x N 7] matrix

» Emission probabilities P (z'|y") : [N x M] matrix



2nd Order

Representation as an instantiation of a graphical model: N — tags, M — vocabulary size

y(l— Det Y7 =Ad (3= Noun _(4) A arrow means that in the

: generative story X is generated

—> | ’ > from some P(x® | y®)

The higher the order, the more
zeros, the more important
smoothing of the corresponding

(1)- (2L (3)- (4)
X a X hungry X dog X distribution is becoming

» HMM States correspond to POS tags,

Stationarity assumption: this
» Words are emitted independently from each POS tag probability does not depend on

. . the position in the sequence t
» Parameters (to be estimated from the training set):

» Transition probabilities| P(y'ly" 1, 4" 72) ;| [N x Nx N ] matrix

» Emission probabilities P (z'|y") : [N x M] matrix



»  We will consider the part-of-speech (POS) tagging example

John carried a tin can
NNP VBD DT NN NN

» A “generative” model, i.e.:

>< » Model: Introduce a parameterized model of how both words and tags are
generated P(x,y|6)

>< » Learning: use a labeled training set to estimate the most likely parameters of
the model ¢

» Decoding: ¥y = argmax P(x,y|0)
y



» Predict PoS-tags for a sentence

John carried a tin can
? 4 ? 4 ? ?

» Corresponds to maximization:

y = argmax P(y|x, A, B) = argmax, P(y,x|0)
y

» Brute force

» Consider all the sequences y and choose the highest scored one: O(N*!)

» A better alternative -- a dynamic programming algorithm, Viterbi — O(|x|N?)



aij [STOP NN VB 1]  RB bit [ time flies fast

START| O 05 025 0.25 0 NN 0.1 001 0.01
W 025 035 o o0z 02 Ve |oo or oo
, . - : i

J) 0 0.75 0 0.25 g 0 0 °
RB 0 0 0.1

RB 0.5 0.25 0 0.25

KThe probability of the most probable sequence up A

to t ending with a tag i

max,, -1 P(Z1,...,%4,y1,...,y = i|6)
J
time, flies, fast, ‘

NN

VB

)

RB
STOP - - -
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@ij |STOP NN VB ) RB time flies  fast
START| 0 105! 025 025 0 NN |01 | 001 001
|\\I/:_:,I 8-22 8‘22 065 025 025 It sl
: ' ' ' 1 0 0 0.1
] 0 0.75 0.25 0
RB 0 0 0.1
RB 0.5 0.25 0.25
e e 1 _ - :
Initialization: v, = CLSTART,z'b@',g;l, 1=1,...,N;
time, flies, fast,
NN 0.5x0.1=0.05
VB
JJ
RB
STOP - - -

18



@ij | STOP NN VB JJ RB time flies  fast
START| 0 05 1025 025 O NN | 01 001 0.01
VB | 025 025 0 025 0.25 e '

JJ 0 0 0.1
JJ 0 0.75 0.25 0
RB 0 0 0.1
RB 0.5 0.25 0.25
e 1 . )
Initialization: v, = CLSTART,z'b@',g;l, 1=1,...,N;
time, flies, fast,
NN 0.5x0.1=0.05
VB 0.25x0.01=0.0025
JJ
RB
STOP . - -
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Ai5 | STOP NN VB JJ RB time flies
START 0 0.5 0.25 0.25 0 NN 0.1 0.01
NN 0.25 0.25 0.5 0 0 VB 0.01 0.1
VB | 0.25 0.25 0 0.25 0.25 I r'a“I 0
Il 0 0.75 025 O T
RB L0 | 0
RB 0.5 0.25 0.25
e 1 - .
Initialization: v, = CLSTART,z'b@',g;l, 1=1,...,N;
time, flies, fast,
NN 0.5x0.1=0.05
VB 0.25x0.01=0.0025
1) 0
RB 0
STOP - - -
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@i5 |STOP NN VB JJ RB time flies  fast
START| O 0.5 0.25 0.25 0 NN 0.1 0.01 0.01
NN [025 025 05 0 O VB | 001 01 001
VB 0.25 0.25 0 0.25 0.25 I 0 0 0.1
JJ 0 0.75 0.25 0
RB 0 0 0.1
RB 0.5 0.25 0.25
e e . 1 - :
Initialization: v, = CLSTART,z'b@',xl, 1=1,...,N;
time, flies, fast,
NN 0.05
VB 0.0025
) 0
RB 0
STOP - - -
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aij [STOP NN VB 1]  RB bit [ time flies fast

START| 0 05 025 025 O NN | 0.1 001 0.01
NN 025 :025: 05 g g VB |001 01 001
VB | 025 {025 0 025 0.25 | 0 0 0.1
1) 0O 075 0 025
RB 0 0 0.1
RB | 05 025 0 025
o 1 . :
Initialization: v, = CLSTART,z'b@',g;l, 1=1,...,N;
”U;- = (m?xvf_laij) bjat, J=1,...,N, t=2,...
time, flies, fast, -
x 0.25
0.05 >
NN -
VB 0.0025 x .25
) 0
RB 0
STOP : - -




aij [STOP NN VB 1]  RB bit [ time flies fast

START| 0 05 025 025 O NN | 01 [0.01] 0.1
NN 1025 :0.257 05 g g VB 001 01 001
VB | 025 025 0 025 025 } . o o1
| 0 075 0 025
RB | 0 0 o1
RB | 05 025 0 0.5
Initialization: Uil = aSTART,ibiz1, ©1=1,...,N;
”U;- = (m?xvf_laij) bjat, J=1,...,N, t=2,...
time, flies, fast, -
NN 0.05 — 2221, 0,05 x 0.25 x 0.01
VB 0.0025
) 0
RB 0
STOP . . -




aij [STOP NN VB 1]  RB bit [ time flies fast

START| 0 05 025 025 O NN | 0.1 [0.01) 0.01
|\\I/:_:,I 8-22 L%%EJ 065 025 025 e e
' ' ' ' 1 0 0 0.1
] 0 0.75 0 0.25
RB 0 0 0.1
RB 0.5 0.25 0 0.25
e 1 - .
Initialization: V; = aSTART,ibix1, t=1,...,N;
t t—1 . _
v = (m?xvi aij) bjat, J=1,...,N, t=2,...
store the backpointer ]
time, / flies, fast, -
|4
NN 0.05 = 1.25E-4
VB 0.0025
J) 0
RB 0
STOP - - -




aij [STOP NN VB 1]  RB bit [ time flies fast

START| O 0.5 0.25 0.25 0 NN 0.1 0.01 0.01

FLIST LS "

NN 1025 025 :05: 0 O VB | 001 01 001

VB | 025 025 : 0 {025 025

J) 0 0 0.1
1 0 0.75 0 0.25
RB 0 0 0.1
RB 0.5 0.25 0 0.25
Initialization: Uil = aSTART,ibiz1, ©1=1,...,N;
”U;- = (m?xvf_laij) bjat, J=1,...,N, t=2,...
time, flies, fast, -
NN 0.05 = 1.25E-4
VB 0.0025 — T2
v 0
) 0
RB 0
STOP - - )




aij [STOP NN VB 1]  RB bit [ time flies fast

START| O 0.5 0.25 0.25 0 NN 0.1 0.01 0.01

FLIST LS "

NN-10.25 025 s 03¢ 0 O VB | 001 (01 o001

VB |025 025 : 0 :025 025| | o | =

J) 0 0 0.1
1 0 0.75 0 0.25
RB 0 0 0.1
RB 0.5 0.25 0 0.25
Initialization: Uil = aSTART,ibiz1, ©1=1,...,N;
”U;- = (m?xvf_laij) bjat, J=1,...,N, t=2,...
time, flies, fast, -
NN 0.05 = 1.25E-4
VB 00025  T™*0.05x0.5x0.1
) 0
RB 0
STOP - - -




aij [STOP NN VB 1]  RB bit [ time flies fast

START| 0 05 025 025 O NN | 01 001 001
NN [025 025 05 0 O ve |oo1 01 o001
VB | 025 025 0 025 025

1 0 0 0.1
] 0 0.75 0 0.25
RB 0 0 0.1
RB 0.5 0.25 0 0.25
Initialization: vil = aSTART,ibiz1, ©1=1,...,N;
v§ = (m?xvf_laij) bjat, J=1,...,N, t=2,...
time, flies, fast, -
NN 0.05 :— 1.25E-4
VB 0.0025 \R\o.ooz5
0 H
= again, store the backpointer )
STOP - - -




aij [STOP NN VB 1]  RB bit [ time flies fast
START| 0 05 025 025 O NN | 01 001 001
NN | 025 025 05 0 O v8 | 001 01 001
VB 0.25 0.25 0 0.25 0.25

1) 0 0 0.1
1) 0O 075 0 025

RB | O 0 0.1
RB | 05 025 0 025

Initialization: Uil = aSTART,ibiz1, ©1=1,...,N;

v§ = (maxvf_laij) bjat, J=1,...,N, t=2,...

1

time, flies, fast, -
0.05 < 1.25E-4 | __— 6.25E-6
= — =
VB 0.0025 ~0.0025 T~ 6.25E-7
A ~—
J) 0 0 ™ 6.25E5
RB 0 0 N 6.256-5
STOP - - -




aij

STOP NN VB JJ RB time flies  fast
START|,..0.. 05 025 025 0 NN | 0.1 001 001
|\\I/:_:,I 58;2 8‘22 065 025 025 A el
A A ' ‘ Il 0 0 0.1
J F 0 : 075 0.25 0
P RB | 0 0 0.1
RB | 0.5 : 0.25 0.25
Initialization: Uzl = aSTART,ibiz1, ©1=1,...,N;
t __ t—1 - _
v; = (mng aij) bjaot, j=1,...,N, t=2,..., |z
: |x|+1 x|
Final: VsTop = maXU a;,STOP
time, flies, fast, -
0.2
0.05 « 1.25E-4 _— 6.25E-6 * )
o —— :><\ x02\5\
VB 0.0025 0.0025 ¥ _ 6.25E-7 \\\ ]
0 = 5 x0.0
1) 0 6.25E-5 X \\\\ -
RB 0 0 N 62565 X05 \\\
—— IR
\\
STOP - - -
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aij [STOP NN VB 1 RB bik | time flies fast
START| 0 05 025 025 O NN | 01 o001 o001
|\\I/:_:,I 8-22 8‘22 065 025 025 e e
' ' ' ' J) 0 0 0.1
1 0 0.75 0.25
RB 0 0 0.1
RB 0.5 0.25 0.25
Initialization: Uzl = aSTART,ibiz1, ©1=1,...,N;
t t—1 - _
vj = (maxv; aij)bj’xt,]—l,...,N,t—2,...,|ﬂf|
: |x[+1 x|
Final: VsTop — maXU A, STOP
time, flies, fast, -
0.05 < 1.25E-4 |_— 6.25E-6 ]
NN — =y
VB 0.0025 ~0.0025 T~ 6.25E-7 ]
o ~—
) 0 0 [ 6.25E-5 i
RB 0 0 N 62565 X05 _
_—
STOP ] ] T §25E-5 0.5
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dij |STOP NN VB J) RB time flies  fast
START| 0 05 025 025 O NN | 01 o001 o001
|\\I/:_:,I 8-22 8‘22 065 025 025 ve ool oL 00t
' ' ' ' J) 0 0 0.1
JJ 0 0.75 0.25 0
RB 0 0 0.1
RB 0.5 0.25 0.25
Initialization: Uzl = aSTART,ibiz1, ©1=1,...,N;
t t—1 S _
vj = (maxv; aij)bj’xt,]—l,...,N,t—2,...,|ﬂf|
: |x[+1 x|
Final: VsTop — maXU ai; STOP
time, flies, fast, -
0.05 1.25E-4 |_— 6.25E-6 ]
NN — =y
VB 0.0025 ~0.0025 T~ 6.25E-7 ]
h
) 0 0 [ 6.25E-5 i
0 0 N 62565
RB -
\\
STOP i i S 3.125E-5
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ij [STOP NN VB 1l RB bit [ time flies fast
START| 0 05 025 025 O NN | 01 001 o001
|\\I/:_:,I 8-22 8‘22 065 025 025 ve ool oL 00t
' ' ' ' J) 0 0 0.1
1 0 0.75 0.25 0
RB 0 0 0.1
RB 0.5 0.25 0.25
Initialization: vil = aSTART,ibiz1, ©1=1,...,N;
t t—1 . _
v; = ( maxwy aij) bjaot, j=1,...,N, t=2,..., |z
. x| +1 |x Retrace the
Final: ;
The probability of the
most probable tagged
time, flies, / %asg word sequence
0.05 1.25E-4 6.25E-6 ]
T CE 7/
VB 0.0025 —~0.0025 6.25E-7 _
h .
J) 0 0 / 6.25E-5 _ /
0 0 N 62565
RB
\\
STOP ) ) SN 3.125E-5
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The most probable sequence can be
recovered by back-tracing the pointers

starting with "final":

NN VB RB

The probability of the
most probable tagged

word sequence

. Ix|+1 |x Retrace the
Final: VsTop — maX v, A3, STOP backpointers
to recover
time, flies, / %stg
NN 0.05 1.25E-4 / / 6.25E-6 ]
s
VB 00025  =0.0025 6.25E-7 ]
h .
1) 0 0 6.25E-5 - /
0 0 N 6.25E-5
RB -
\\
STOP ) ] ] ™\ 312565

33



» A state lattice for a given sentence: we need to traverse
only relevant states

TIME 0 1 2 3 4 5 6 7

mBé\ﬂm

TAGS /\[\ . é
<S> DT NN VBD DT NN </S>

BRI

<S> The ' student read 2 paper </S>

WORDS

Note that the
sentence is padded
with <s> and </s>
symbols



2nd Order

Representation as an instantiation of a graphical model: N — tags, M — vocabulary size

y(l_ Det Y7 =Ad (3 Noun (4) A arrow means that in the
— — _ — generative story X is generated
—> > ‘ | E— from some P(x® | y®¥)
: What the state in the Viterbi lattice
: : should be here? Is it just the
X(l) =a X(2)= hungry X(3)= dog X(4) previous PoS tag?

» HMM States correspond to POS tags,

Stationarity assumption: this
» Words are emitted independently from each POS tag probability does not depend on

. . the position in the sequence t
» Parameters (to be estimated from the training set):

» Transition probabilities| P(y'ly" 1, 4" 72) ;| [N x Nx N ] matrix

» Emission probabilities P (z'|y") : [N x M] matrix



» A state in the lattice now include both current and the
previous state

NEP(NN | START)
P(The | NN)
States <s>

P(DT | START)
P(The | DT)

/ stiop |




1 - .
Initialization: V; = aSTART,jbj,acly Jg=1,...,N;

. t t—1 .
Recomputation: V; = (m?XUi aij) bjawt, j=1,...,N, t=2,..., ||
, x[+1 x|
Final: Vgpop — Maxv, G; STOP
7

Equivalently, in the log-space (and in a more generalized form):

o loga;; +1logb: .+ t=1,...,|x
Define: gt(X, i,7) = & iy & Yja ’ x|
log CLij t = |X‘ -+ 1

_ . t .
yt 1 =1 Y J
' 'he score is associated

—>| —> =
N . with a fragment
l l l l responsible for one
" transition and one word
N Aot generation
1 1 . .

Initialization:  V; = g (x, START,j) j=1,...,N;

Recomputation: U;- = max (’U,f_1 + gt(X,i,j)), j=1,....,N, t=2,...,|x|
(]

Final: vgx}glp = max (le| + gl (x4, STOP))



»  We will consider the part-of-speech (POS) tagging example

John carried a tin can
NNP VBD DT NN NN

» A “generative” model, i.e.:

>< » Model: Introduce a parameterized model of how both words and tags are
generated P(x,y|0)

>< » Learning: use a labeled training set to estimate the most likely parameters of
the model ¢
>< » Decoding: y = argmax P(x,y|0)

y

Is generative modeling necessarily the best
approach to tagging? In the classification case, the
Naive Bayes was not necessarily the best choice



Hidden Markov Models: decoding

Initialization: Ujl' =g (x, START, j)
t

Recomputation: v; = max (”Uf_l +gt(X,’i,j)), J=1... N, t=2,..., |x|
(]

Final: ngqlﬂglp = max (v,l-xl + g|x|+1(x, 7, STOP))

What if we train a neural network to train to make this
prediction?



ND Mask LM Mask LM \
A 1t *

[ Ty ][TISEPI ][ T ]

BERT
-- L& [ Eoen | B ] [E]
T g = T g
EE TkN][ [SEP] 1[Tok1 ] TokM

Masked Sentence A Masked Sentence B

2 »
Unlabeled Sentence A and B Pair

Pre-training

Figure from Devlin et al. (2019).

Start/End Spaﬁ

-E [ E [ Een || & | [&]

a—a——

BERT

NN

- T 1

me G-

Question P Paragraph
Question Answer Pair /

Fine-Tuning



1 } A | 1 4 1
;\

T T T T T T T

T ) 7 % ) % T

1 L) A A L) A [

T T 1 T T 1 1

+Z.'+'. .'+'. .'+'. .'*'. .'+'. .'+

A

&E\J&E\J@ﬁ)[w(/ M?‘EJ[WJ

[CLS] So Iong and thanks




(ADJ, CC): -0.02
(VBZ, CC): -0.01

!
MLP | g°(x,%,7)

I
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[CLS] So long and thanks for all




(CC, NN): -0.12

MLP | 9°(x,%,7)
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[CLS] So long and thanks for all



How do we train it?

[Option 1] Local conditional estimation:

gt(x)iaj) — 10gP(yt :.7 ‘ Yi—1 = ?:,X)

Simple cross-entropy, easy to train

Note:
(cc. N 012 - we rely on any words in the sentence
\ - not generative modeling anymore, not an HMM
- g (%1, ) (but still can use Viterbi to do exact decoding)

E 4
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[Option 2] Global model

Markov Random Fields (more specifically Conditional Random Field,
CRF)

Unnormalized score for
the sequence y

exp (57 6406, 1,90

Probability of the entire sequence
of tags for a given sentence

P(y [ x) = T
Zyr exp (thl g (X, Y;_1, yt))
(CC. NN): 0.12 Normalizer over all (exponential
number) of tag sequences
!
MLP | g"(x,1,5) Training: requires dynamic programming in training

_ B e e e BB ==

-JE=FIFIEdE- EJ Decoding: exactly the same (Viterbi)

Why use? has theoretical advantages
o % we e W (look up label bias / exposure bias if
curious), often works better




» Using Viterbi, we can find the best tags for a
sentence (decoding), and get P(y, z|0)

» We might also want to

» compute the likelihood, I.e., the probability of a

sentence regardless of its tags (a language
model!) P(x|6)

» learn the best set of parameters @ given only an
unannotated corpus of sentences.



» From the probability theory we know

P(z|0) = 2_, P(z,y|0)

» But there are an exponential number of sequences y

» Again, by computing and storing partial results, we
can solve efficiently.
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Initialization: Vs
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» HMM : a generative model of sentences using
hidden state sequences

» Dynamic programming algorithms to compute

» Best tag sequence given words (Viterbi
algorithm)

» Likelihood (forward algorithm)
» The model can be neutralized to integrate context
» Model and estimation changes a bit

» Decoding (Viterbi) remains
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