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Sequence labeling

Task:
 Predict a label for each element of a sequence
* |.e. predict a label for each word of a sentence

Applications:
 Part-of-speech tagging
* Named entity recognition

Models:
* Naive Bayes (unigram model)
« Hidden Markov Model with greedy decoding
» Hidden Markov Model with Viterbi decoding



Bigram Hidden Markov
Models

Training: -
* For each x, y in training data:

Same for
. __ Count(x,y)
Compute and store P;(x|y) = Count(y) _ greedy
* For h bigram vy; . In training data: and viterol
or each Dig Yi-1,Yi g : decoding

Count(y;—1,Y;)
Count(y;_1)

« Compute and store Pr(y;|y;i—1) =

_J

Testing/Prediction:

 For each sentencenin test data:
Jin = arg max (1_[ Pe(ulyy) PT<yi|yi_1>)
3’1..nEY* l=1

« That’s one big computation for the whole sentence
* This computation is intractable — we need some ftricks...



Trick 1: Dynamic
programming

Assume 4 words, 2 tags (4, B). That's 2* = 16 computations, 112 operations:

A lot of repetitions!

o | \Pe(x1]ya)
o | \Pe(x1]y4)

*Pr(yaly.)
* Pr(yaly.)

« Pg (x31y4)
- Pg (x31y4)

* Pr(Yalya)
* Pr(Yalya)

P (x3]y4)
P (x3]y4)

* Pr(yalya)
* Pr(Yalya)

* WP (x1|ya)
* WPe(x1lya)

*Pr(yaly.)
- Pr(yaly.)

“ Pg(x3]y,4)

*Pr(Yalya)
- P (x3]y,) -

Pr(yalya)

Pe(x3lyg) -
Pe(x3lyg) -

* || Pe (1 lya) -
* || Pe (1 lya) -
* || Pe(x1ya) -
* || Pg(x11ya)
* | P (x11y5)
* | P (x11y5)
* | P (x11y5)
* 1P (xq]yp)

Pr(y4ly.)
Pr(y4ly.)
Pr(yaly.)

- Pr (Valy.)
- Pr(ygly.)|-
* Pr(ygly.)|-
* Pr(ygly.)|-
- Pr(yply.)-

- Pp(x21y5)
Pg(x21y4)
Pg(x21y4)
Pg(x21y4)
P (x5]y4)

- Pg(x3|yp) -
- Pg(x3|yp) -

- P (x,yB) -
- Pr(¥plya)

* Pr(yalys)
* Pr(yalys)
* Pr(yalys)
- Pr(yalyg)

Pr(yglya)f
Pr(yglya)f

Pr(yplya)

* | Ps(x11ys)
* || Pz (x11ys)
* | Pz (x11yp)
* |Pg(xqlyg) -

*Pr(yply) -
*Pr(yply.)) -
- Pr(ygly)|:

Pr(ygly.)|-

P (x;|yg)
P (x,|yg)
Pe(x,|yg)

PE(xgb’B) ‘

- Pr(yplys)
Pr(yplys
- Pr(yglyg)-
Pr (yglyg)|-

Pg(x3]ya) -
Pg(x3]ya) -
- Pp(x31y5)
- Pp(x31y5)
* Pp(x3|y4)
* Pp(x3|y4)
* Pp(x3|y5)
* Pp(x31y5)
- Pp(x31y4)
* Pp(x3|y4)

« Pp(x4lya) -
- Pp(x4lys) -
Pr(yslya))
Pr (yglya)|-
Pr(yalys) -
Pr(yalys) -
- Pr(yplys)
- Pr(yplys)
* Pr(Yalya)
* Pr(Valya)
* Pr(yglya)
Pr(¥plya)
* Pr(Valys)
* Pr(Valys)
Pg(x5lys) -
Pg(x5lys) -

Pg(x4lya) -
Pg (x4lys) -
Pg (x4lya) -
Pg (x4lys) -

* Pp(x4lya) -
- Pp(x4lys) -
* Pp(xalya) -
* Pe(x4lyp) -
* Pe(x4|ya) -
- Pp(x4lys) -
* Pp(x4lya) -
* Pe(x4|yp) -
Pr(yglyg) - Pg(x4lya) -
Pr(yglyg) - Pg(x4lys) -

Pr(Yalya)
Pr(yglya)
Pr(Yalyg)
Pr(ylys)
Pr(Yalya)
Pr(yglya)
Pr(Yalyg)
Pr(yglys)
Pr(Yalya)
Pr(yglya)
Pr(Yalys)
Pr(yglys)
Pr(Yalya)
Pr(yglya)
Pr(alys)
Pr(yglys)



Trick 1: Dynamic
programming

Let's proceed one position at a time and save the
Intermediate results:

* Pe(x11y4a) - Pr(yaly.) =714

* Pg(xqlyp) - Pr(yply.) = 75

* T4 Pe(x2|ya) - Pr(Yalya) =

* my - Pp(x21yg) - Pr(yplya) = myp
* g * Pe(x2|ya) - Pr(yalys) = mpa
* g * Pe(x2|yp) - Pr(yglyg) = mpp

* Taa - Pe(x3|y4) - Pr(Walya) = a4



Example

Test sentence:

fish

fish dogs like cats J

fish dogs

fish dogs like

fish dogs like cats

2 sequences:
*N
*V

4 sequences:

*NN
*NV
*V'N
V'V

8 sequences:
*NNN
*NNV
*NVN
*NVV
*V NN
*VNV
*VVN
*VVV

16 sequences:

*NNNN
*NNNV
*NNVN
*NNVYV
*NVNN
*NVNYV
*NVVN
*NVVV

*VNNN
*VNNYV
*VNVN
*VNVV
*VVINN
*VVNV
*VVVN
*VVVV
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Example

Test sentence:

fish

fish dogs like cats J

fish dogs

fish dogs like

fish dogs like cats

2 sequences:
*N
*V

4 sequences:
*NN
*NV
*VN
*VV

8 sequences:
*NNN
*NNV

*VNN
*VNV
*VVN
*VVV

16 sequences:

"NNNN
*NNNV
*NNVN
*NNVV

<Z<<Z

“VINNN
VNNV
“VNVN
CVNVV
*VVNN
*VVNV
*VVVN
*VVVV



Example

5 1 1 5
: 5 3 5 fish/N dogs/N like/N — —.=. ==
fish/N R ERET: 676 6 13 52728
5 5 2 5
: 1 2 1 fish/N dogs/N like/V @ ——-—=
fish/N dogs/V like/N "= 13 1014
fish/N dogs/N .23 _ 5 fish/N dogs/V like/V L1z
26 6 13~ 676 5 10 1560
5 5 1 fish/V dogs/N likeN — —— . = 1
fish/N dogs/V. —.2. — = ISV dOgS/it fiKe 325 6 13 12675
26 6 10 <.
2
1 4 y) fish/V dogs/N like/V i —— = ——
fish/V dogs/N  — 2.2 =2 3256 10 975
30 5 13~ 325 L4 1 )
A doasly 111 fish/\V dogs/V like/N 1500 513 = 24375
'S 0gs 30 5 10 1500 _ _ 1 1 2 1
fish/V dogs/V like/\V 500 5 10 375900



Trick 2: The Markov
assumption

Ultimately, we are interested in the sequence with the

maximum probability. We can identify uninteresting paths
and skip them.

* Pe(x1lya) - Pr(yaly.) = 74
* Pg(x1lyg) - Pr(ygly.) =

* Ty Pp(x2|ya) - Pr(yalya) = It g <74, then
* my - Pe(x2|yg) - Pr(yplya) = a5 Taai < Tpa forany i.
« g+ Pp(x2|ya) - Pr(yalys) = 154
« g+ Pp(x2|yp) - Pr(¥glys) = mpp

We can skip all

+ ToamPrleslin) - BrGiaby) = e COMPUtations starting

* gy * PE(x3|ya) - Pr(alya) = mpaa With Ta.

10



Trick 2: The Markov
assumption

The prediction formula only depends on the
previous label, not on all labels back to y,:

P(t1n Yin) = Max, H(PE(xilyi) - Pr(yilyi-1))

This is called the (bigram) Markov assumption.

» At each position, we have to consider each label
and each path from a previous label.

» But there is only one best path towards that
previous label.

* The number of paths to consider does not grow
exponentially, but remains at |Y|? at each position.

11



Trick 2: The Markov
assumption

Ultimately, we are interested in the sequence with the

maximum probability. We can identify uninteresting paths
and skip them.

* Pe(x1lya) - Pr(yaly.) = 74
* Pg(x1lyg) - Pr(ygly.) =

* Ty Pp(x2|ya) - Pr(yalya) =

* my - Pe(x2|yg) - Pr(yplya) = a5
« g+ Pp(x2|ya) - Pr(yalys) = 154
« g+ Pp(x2|yp) - Pr(¥glys) = mpp

¢ TPl dar D (o ar =
* gy - Pe(x31|y4) - Pr(Yalya) = mpaa
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Example

Test sentence:

fish

fish dogs like cats J

fish dogs

fish dogs like

fish dogs like cats

2 sequences:
*N
*\V

P(* N N) = 0.007

P(*V N) = 0.006

4 sequences:
NN

*VN
*VV

8 sequences:

*NNN
*NNV
N

Vv
BT
“VNV
*VVN
*VVV

16 sequences:
* NI N1 NI NI * \/ N

P(x NNN) =
0.007 - Pr(N > N) - Pz(N - like) \N/

ﬁ

IN IN V IN V INV
*NNVV *VNVV
P(+V N N) = N

0.006 - P.(N = N) - P(N - like) |V

"*NVVN *VVVN
*NVVV *VVVV
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Example

Test sentence:

fish

fish dogs like cats J

fish dogs

fish dogs like

fish dogs like cats

2 sequences:
*N
*V

4 sequences:
*NN

*VN
*VV

8 sequences:

*NNN
*NNV

N

V
*V NN
EEVAVEV
SAVAVAN
SAVAYAY,

16 sequences:

-

* NI N1 NI NI * \/ N
P(*xNNV) =
% 0.007 - Pp(N = V) - Pg(V - li:e_)u‘v
N TV VN vinv N
*NNVV *VNVV
P(xVNV) = N
0.006 - Pr(N = V) - Po(V - like) |V
"*NVVN *VVVN
*NVVV *VVVV
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Example

Test sentence:

fish

fish dogs like cats J

fish dogs

fish dogs like

fish dogs like cats

2 sequences:
*N
*V

>P(xVV)

4 sequences:
*NN

*VN
*VV

8 sequences:
*NNN
*NNV

16 sequences:

*NNNN NN
*NNNV NN
*NNVN NN
*NNVYV AN
*NVNN NN
*NVNYV AN
*NVVN NN
*NVVV B 2 A 2 2
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Example

Test sentence:

fish

fish dogs like cats J

fish dogs

fish dogs like

fish dogs like cats

2 sequences:

*N
*V

4 sequences:
*NN
*NV
*VN
*VV

P(x NN N) <

|

P(+*NNV) >

4 sequences:
*NNN

*NNV

4 sequences:

—— N -
*NNVN N
CNNVV sy
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The Viterbi algorithm
m—

m words, n labels  Brute force mt-2-m
Viterbi m - n? m-n? -2

4 words, 2 labels Brute force 24 =16 16-2-4 =122
Viterbi 4-(22) =16 16-2 =32

5 words, 2 labels Brute force 25 =32 32:2:5=2320
Viterbi 5-(2%) =20 20-2 =40

6 words, 2 labels Brute force 26 = 64 64-2-6 =768
Viterbi 6-(22) = 24 24 -2 = 48

20 words, 17 labels Brute force 1720 = 424 4e¢24 -2 17

= 1.4e26

Viterbi 20-(17%) = 5780 5780 -2 = 11560

17



The Viterbi algorithm

« Use a table n|k, y, | to store computations
« Contains the maximum probability of the sequence
sequence xq ... x; ending in tag y;
* |nitialization:
e m[0,x] =1
* Recursive definition:

* Fill m for all positions k € {1 ...n} and all labels:
* milke, y] = max (m[k =1, y-1] - PrVielyi-1) - Pe(Ceiclyic))

Yk-1

18



The Viterbi algorithm

Input:

e sequence X = x; ...x,, label setY, parameters Pg, Pr
Initialization:

* [0*] =1
Algorithm:
« foreach k =1 ..n: (columns / positions)
« foreach y, €Y: (rows / labels)
* Tilk, yi] = yfg?gy(“[k = L yk-1] - Prielyi-1) - Pe(xic|yi))
*pb= HJl]aX(T[[Tl, Ynl)

e return p

19



Example

Test sentence: | fish dogs like cats J

Computations:
fish dogs like cats
53 5 51 3 5 ;6/1/? M
N 1513726 266 13 676 % 13 52728 6 13 26364
1 4 3 5 4 1 1 5 4 3 1
30513 325 312 5 13 1014 4056 5 13 4394
v 1.0.2_1 551 5 552 5 1 51t __1
6 10 30 26 6 10 312 676 6 10 4056 1014 6 10 12168
11 1 5 1 2 5 1 1
m m 4o/%>—('1ﬁ5r60

21



Backpointers

* The given algorithm just gives the final
probabillity.
* |In most cases, we are not so much interested

In the probability, but rather in the actual labels
predicted at each step.

 Solution: Identify the path through the table
and trace backwards to the beginning.

* Implementation: Use a second table to store these
backpointers

22



Example

Test sentence:

fish dogs like cats J

Computations:
fish dogs like cats
5 3 5 51 3 5 5 1 1 M
N 1513726 266 13 676 6 13 52728 6 13 26364
1 4 3 5 4 1 1 5 4 3 1
30513 325 312 5 13 1014 | 4056 5 13 4394
v 1...2_1 /551 5 1552 5 1L >1_ 1
6 10 30 26 6 10 312 676 6 10 4056 1014 6 10 12168
11 1 5 1 2 5 1 1
m M TS 1056
N N V N 23



Pseudo-code

e [0,x] =1

« foreachk=1..n;

« foreachy, €Y: =

Store both the max and the argmax.

* nlk,yi]l = max (m[k —1,yk_1] - Pr(Vil|Yi-1) - Pe(xkl|yi))

Yk-1€Y

* bplk,yy] = argmax(n[k — 1, y,_1] - Pr(Vk|Yk-1) - Pe(Xk|Vk))

Yn

Yn€Y

« foreachk=n-1

p = mEEl)é(T[[Tl, Vnl * Pr(t |vn))
labels[n] = arg max(n[k, Vnl * Pr(t |yn)) ?

1

YVk-1€Y

As for the start of the sentence,
one may include an additional
transition probability P, (T |y,,)

at the end of the sentence.

* labels|k] = bplk + 1, labels[k + 1]]

~

* return labels

Recover the labels from the end to the beginning.

24



Different ways to look at the
context

Option 1: Look at the neighboring words:

yi = argmax P(y;[x;—1, X;, Xi41)
Yi€Y Let’s look at this
» Perceptron, logistic regression option next!

Option 2: Look at the previous tag decisions:

yi = argmax P(y;|x;, ¥i—1)
Yi€Y

« HMM

Optlon 3: Combine the two:

yi = arg rr;aXP(Ylel 1 X0 Xi1, Yie1)
Yi€
 Structured perceptron, CRF, MEMM

25



Predicting one label per
word

Naive Bayes prediction function:

y = argmax(P(y) - P(x|y))
yeY
* P(x|y) is a single value
(no bag-of-words decomposition)

Perceptron prediction function:

§ = arg max(wy, - f)
yeY

* f, represents a single word and is (typically) a

one-ho%mi@mﬂ&u_u&

the word x is love the word x is / the word x is fish

26



Context word features

fx:fxi_l @fxi@fxi+1

the word x;_; is / the word x;, 4 is /
1/ 1
the word x;_; is love || the word x;_, is fish || the word x;,4 is love the word x;, 1 is fish

0lo/1/0lolololololololo[1]ololololo[olo[olo[o[o]ol0l0l0l0l0l0l0l1/0/0!0]

/ \

the word x; is love the word x; is / the word x; is fish

Example: love in the context | _ fish

27



Context word features
fx :fxi_l @fxi @fxi+1

Using fixed-length pretrained word embeddings:

Hl EN BEN BN EEETT BEEN BN BB BB

Using additional sentence-level features:

0lo/1/0lolololololololol1]ololololololo[o[o[o[ofololol0l0l0l0l0l1/0/0l0l0l0[1/0(1]0]

the sentence has the sentence
less than 10 words ends with ?

28



Features for unknown words

x; contains a particular prefix

x; contains a particular suffix

x; contains a number

x; contains an upper-case letter

x; contains a hyphen

x; Is all upper case

x; IS upper case and has a digit and a dash

29



Discriminative classifiers
with context word features

Perceptron prediction function:

§ = arg max(wy, - f)
yeY

* The feature vectors can be arbitrarily complex

 Training and prediction exactly the same as for
document classification

Logistic regression:
* The feature vectors can be arbitrarily complex

 Training and prediction exactly the same as for
document classification

30



Different ways to look at the
context

Option 1: Look at the neighboring words:

y; = arg max P(y;|x;—1, xi, Xi41)
Yi€Y

» Perceptron, logistic regression

Option 2: Look at the previous tag decisions:

yi = argmax P(y;|x;, ¥i—1)
Yi€Y

e« HMM Let’s look at this

Option 3: Combine the two: option next

yi = arg rr;aXP(Ylel 1 X0 Xi1, Yie1)
Yi€
 Structured perceptron, CRF, MEMM

31



Structured perceptron

(Greedy) HMM:

yi = arg max( + Pg(xi]y:))
Yi€Y

« Contains transition and emission probabilities

(Greedy) structured perceptron:

y;i = arg max( +we (i) - fe(x1))
Yi€Y

 Contains transition and emission features
« Emission features can be arbitrarily complex

* Transition features: one-hot vector with |Y| items

0101110101010
Yi-1is * yi-1is N yi-1is V

32



Transition features

* We don't actually need to build an explicit
transition feature vector

 The transition weights can be thought of as a
Y XY matrix (as in HMMs): w+(y;, vi—1)

* The transition feature just selects one column of
this matrix.

yi = arg max( +we(¥i) - fe(x;))
Yi€Y

33



Context and transition
features

Transition
features
PRON AUX VERB ADV
Current word
features Context
word
We features| can come tomorrow

 Why / when can transition features be useful?



Structured perceptron
Decoding strategies

Greedy decoding:

S(X1.0 Y1) = z r;iigg(wT Wi, Vie1) +wg (i) « fe(x:))
=1

Exact (Viterbi) decoding:
S(X1.0Y1.0) = mMax (2(WT(YL'»YL'—1)+WE(YL')'fE(xi))>

Y1.n€YM
=1

« Essentially identical to Viterbi for HMMs
* The main operations are sums, so the base case is 0, not 1

35



Structured perceptron
Training

In a perceptron, training involves prediction:
» Take one training instance x; ,

 Predict the label sequence y; , using the current
weight vectors
* For each position 1 ...n:
« If the prediction is correct, nothing happens

« If the prediction is wrong, modify the parameters of the
model:

 add the feature values to the weight vectors of the
correct label

* subtract the feature values from the weight vectors of
the predicted (wrong) label

e Continue “until tired”

36



Structured perceptron
Training

procedure train_structured_perceptron (D):
initialize wg and wr
repeat:
for each sentence x with label sequence y in D:
y_hat = predict_viterbi(x, w)
foriin len(y):
ify hat!=y;: Update emission weights
We(yi) += f(x, )
We(y_hat;) -= f(x, i)
if y_hati I= yi or y_hati_1 I= Yi-1-
Wr(Yi, Yi1) += 1
wr(y_hat;, y_hat 1) -= 1
end if
end for
end for
until stopping condition met
return wg, wt

Update transition weights

37



Machine learning models

Classification models Sequence labeling models

Naive Bayes Hidden Markov model (HMM)
Perceptron Structured perceptron
Logistic regression Maximum entropy Markov model (MEMM)

(= Maximum entropy classifier) Conditional random field (CRF)

38



Sequence labeling logistic
regression models

Structured perceptron prediction formula:

S5(X1.m,Y1.n) = max (Z(WT(yl Vi—1) + wg(y;) - fE(’Q)))

Y1 €Y7

Apply softmax (exponentiation and normalization):
P |x, )= max <eXp(Z"“(wT(yl Yie1) *We (i) - fe(x, l))))

Y1.n€Y" Z(WE wr, x)

* where Z(wg, wr, x) is called the partition function:
Z(Wg,wr,x) = 2 exp (Z (WT(Zi:Zi—l) +wg(z) - fe(x, i)))
=1

Z; n€YM

This model is called conditional random field (CRF).

39



Conditional random fields

* What do the features look like?
 The same as for the structured perceptron

* How are the weight vectors trained/estimated?
« Stochastic gradient descent

* How is the prediction function implemented?

* Viterbi algorithm
 We need to deal with the denominator

40



CRF prediction

If we are only interested in the argmax:
« we can get rid of the denominator
* we can get rid of the exponentiation

* the prediction function becomes identical to the
structured perceptron one.

But sometimes we are interested in the
probabillities:

* for training (update)

 for model analysis

* for semi-supervised learning.

41



Assume a training set of m examples.

C RF trai n i n g Each x; is a sequence of words,

each y; is a sequence of labels.

We want to find the parameters w; and w
(subsumed under w) that maximize the likelihood of

the data.
m
P(w) = HP(yjIxj: w)
j=1

Or equivalently: we want to find the parameters wg
and w; that minimize the negative log-likelihood
loss.

L(w) = —z log P(yj|xj; w)
j=1

42



Stochastic gradient descent

Instead of taking the sum over all training
examples, choose one example at a time and
update the weights.

* |nitialize wr and w

* Randomly choose an example x; with labels y;

« Compute partial derivatives of the loss to get the
update function

» This update function will contain P(y;|x;; w)

« Update weight vectors wr and w accordingly
« Repeat until loss no longer decreases

43



Parameter estimation in
CRFs

How do we compute P(y|x; w)?

P(ylx;w) = max exp( X (wr(yy, yic1) + we (i) - fe(x,0)))

yl...neyn Z(W; x)

n+1

Zwx= ) exp<2(wT<zi,zi_1>+wE<zi>-fE<x,i>)>
i=1

Z n€YM

* We can simplify this formula only a little bit...

44



Parameter estimation in
CRFs

We can take Z out of the max:

n+1

P(ylx;w) = ! © o max . exp <z (WT()’irYi—1) +we(yi) - fe(x, l))>

Z(W, x) yl...nEYn

n+1
Zwx= ) exp(E(wﬂzi,zi_l)+wE<zi>-fE<x,i>)>
=1

Z; n€YM

A variant of Viterbi where the

max is replaced by a sum: the
forward-backward algorithm

» CRF training is computationally expensive!

45



Maximum Entropy
Markov models (MEMMs)

Maximum Entropy Markov Models are a simpler alternative to CRFs:
« Compute the Z normalization term per word
» More efficient to train, but less performant

eXp( M wr s yim1) Fwe () - fe(x, l)))

P(y|x;w) = max

Y1.n€Y™ Z(W; x)
CRF - n+1
Z(w,x) = Z exp (Z (WT(Zir zi—1) + wg(z;) - fe(x, l)))
zy. n€Y" i=1

|

P(y[x;w) = max
(}’| ) Y1.n€Y"

ﬁ eXp(WT(J’irYi—1) +we () - fe(x, l))
Z(w,x)

MEMM - -
Zw,x) = ) expwr(zy, Vi) +We(z) - fz(x,0)

z;eY

46



Models

« Simple classification models:
« (Naive Bayes)
« Perceptron with context word features
 Logistic regression with context word features

* Sequence models with greedy decoding:
* Hidden Markov model

« Structured perceptron
« CRF, MEMM

* Sequence models with exact/Viterbi decoding:
* Hidden Markov model Combined approach: use greedy

« Structured perceptron decoding to speed up training, but

« CRF, MEMM use Viterbi decoding for best
prediction accuracy



Decoding strategies

Matthew Honnibal, 2013:

“Unless you really, really can’t do without an extra 0.1% of
accuracy, you probably shouldn’t bother with any kind of
search strategy, you should just use a greedy model.”

https://explosion.ai/blog/part-of-speech-pos-tagger-in-

python

“[Viterbi] search can only help you when you make a
mistake. It can prevent that error from throwing off your
subsequent decisions, or sometimes your future choices
will correct the mistake. [... A greedy] model is so good
Straight-up that your past predictions are almost always
frue. So you really need the planets to align for search to
matter at all.”
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Sequence labeling and
language modeling

HMM for sequence labeling:

PRON AUX VERB ADV

We can come tomorrow

Bigram language model:

P(We| *) P(can|We) P(come|can) P(tomorrow|come)
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Reading

 Jurafsky & Martin, chapter 8
« HMM, Viterbi algorithm, CRF

 Jurafsky & Martin, chapter 3

* N-gram language models

50



