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* 8.1 Locally trained discriminative sequence labeling



A sequence labeling task: POS Tagging " VestlakeNLP

* Input: a word sequence W;.,,

» Output: the most probable tag sequence T;.,,

seashells - seashore

sells




Discriminative Model

 (Generative Model

Estimate joint probabilities P(T;.,, Wi.,)
Examples: HMM, Naive Bayes

e Discriminative Model

Calculates P(Ty.,|W;.,,) directly

Examples: Perceptron, SVM,, log-linear models

Advantage: rich features

Disadvantage: cannot enumerate T;.,, values.

NLP
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* 8.1 Locally trained discriminative sequence labeling



Local trained discriminative model np NLP

* Simply P(T;.,|Wi.,) before parameterization using features.

 Factorize the sequence level probability by chain rule:

n n
P(TynWip) = Hp(ti|T1:i—1; Win) = Hp(ti|Ti—k:i—1» Win)
=1 =1

* Model target P(t;|Ti—k.i—1, W1.n)



Local trained discriminative model np NLP

« Alog-linear model (maximum entropy Markov model (MEMM))):
exp(6 - ¢ (t; = t, Ti—gii1, Win))
2trer €XP (9 ' $(ti =t Ti—k:i-1, W1:n))

. (E denotes the feature vector

P(t; = tITi—k:i—1, Win) =

L denotes the set of all possible labels

+ 6 denotes the parameter vector



An example of feature template

Input: The man went to the park .

Feature vector for labelling the word "park” with "NN":

WP \WestlakeNLP

$(ts = NN, ts, Wy.,)=<0,0,...,0,1,0,...,0,1(park |NN),0(park | VV),...,0,1,0,...,0,1,0>

ID Feature Template Feature

1 ti_1t; DT|NN

2 t; NN

3 w;t; park|NN

4 W;_1t;, Wip1t;, Wi_oti, Wiot; the|NN, .INN, to|NN, </S>|NN
S PREFIX(W;) t;, SUFFIX(w;) t; "p"INN, "k"INN

6 HYPHEN(w;) t;, CASE(w;) t; O|NN, O|NN

Note overlapping feature w;, f (w;).

10



Training nw NLP

e Parameterization

0-P(ti=t,Ti_ i1, Wi.
P(t; = tIT iy, Wyp) = —22E RGO imkiz1 rin))
Zt’eL eXp(&q)(ti_t’»Ti—k:i—1;W1:n))

* Objective
«  maximum log-likelihood of individual (t;, T;_g.;—1, W1.) pairs
«  Optimization method

 Stochastic gradient descent (SGD).



Contrast with HMM

ﬂ

P(t;|t;_1)P(w;lt;)

HMM

Direct parameterization

P(t;|lw;, ti—1)

MEMM

Feature parameterization

12
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* 8.1 Locally trained discriminative sequence labeling



Decoding objective ne NLP

 Find the highest score:
Tl:n — argmale:nP(Tl:nlwl:n)

= argmaxr, .. ?:1 P(tilTi—k:i—li Wl:n)

e find T,., from L™ candidate sequences
*  With same Markov assumption, one can leverage the same dynamic

programming principle as HMM decoding



Decoding algorithm L

« Viterbi Algorithm
* Markov assumption (e.g., k=1)
P(Ty.i[Wi) = P(T1.i-11W1.n) - P(&ilti—1, Win)
* Dynamic programming
« Denote Ty.;(t; = t) as a tag sequence with the last tag being ¢ .
T,.;(t; = t) as the highest scored sequence among T;.;(t; = t).
e Then Ty;(t; =t t;_; = t') must contain Ty.;(t;_; = t")
 Thus P (Ty.i(t; = t)|Wy.p)
= argmaxp ¢ P(Tyi (6 = t,tiq = t")[Wyy)
= argmax, ¢ P(Tyio1(ticg = )W) - P(tiltiz1, W)

* Time complexity is 0(nL?*)

NLP



Decoding algorithm WP WestlakeNLP

th - P(Tyi(t; = t)[Win)

s | 2 3| 4 | 5 & 7

NN T,.,(t; = NN) T,.2(t; = NN) o T (bioq = NN)®T1 i(t;=NN) .. Tpp(t, =NN)

v Tt =VV) Ti.2(t, = VV) o Tri1(tioq = VV)@’T1 (& =VV) . Tt =VV)
O;

AD  Ty.4.(t; = AD) T,.2(t; = AD) i Tpj1(ti_1 = AD) Ty;(t; =AD) .. Typ(t, = AD)

P(Tl:i(ti = t)|W1:n) = argmaxt’eLP(Tl:i—l(ti—l = t’)|W1:n) - P(ti[ti—1, Win)
* bp stores the argmax, |L|Xn

16



Viterbi algorithm for first-order MEMM W NLP

Input: s = Wy, first-order POS tagging model with feature vector gg(t,-, ti—1, Wi.,) and
feature weight vector 0;
Variables: tb, bp;
Initialization: tb [t|[i] + —oc; bp|t]|i] < NuLL fort € LU {(B)},i € [0,...,n],
th[(B)][0] <~ 0;
foric[1,...,n] do
for t € Ldo
fort' €« LU{(B)} do
score + log P(t;|ti_1 =t',Wy.,)
if tb[t'][i — 1] 4 score > tb]t][i] then
tb[t][i] < tb[t']|[i — 1] + score;
bp[t][i] «+ t';
yn < arg max, tb|t|[n];
foric [n,...,2] do
| yie1 < bp[yil[il;
Output: y; ... y,;
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8.1.1 The label bias problem
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The label bias problem nw NLP

« MEMM is locally trained (or normalized)
* factorized by

exp(ﬁ-a(t.:t"r._k:._ Wy.))
P(tilTi—k:i—li Wl:n) = _)_l> L 1—1 n
Zt’EL eXp(9-(I)(ti:tI,Ti_k:i_l’Wl:n))

* only consider individual label contexts
« However, the global probability P(T;.,|W;i.,,) is calculated during testing
* lead to incorrect estimations of label sequence probabilities
« Label Bias —when one specific label prefers a certain label as its successor,

then the output sequence tends to have the label pair.



Example of label bias

Suppose that our label set contains only four labels:

L = [<B>14, 15, 13},

ID | Tag Sequence | ID | Tag Sequence
dy 151515 dy 1,151,
do 1111 ds 111514
ds 1114 dg 111515

Calculate the probabilities of d, and dg.

20
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Example of label bias WP \WestlakeNLP

ID | Tag Sequence | ID | Tag Sequence
da 111112 ds 1131y
d3 L1 de 11200
Item Probability | Item Probability
P(1;|(B)) 2 P(l|1) 0
P(l2|(B)) 0 P(lz]lz) 1
P(13/(B)) 3 P(I3]l2) 0
Pl L) 5 P(11]13) 5
P(l2|1y) 2 P(l2(13) 0
P(l3]ly) 3 P(13|13) 2
e Direct MLE
2 1
P(dy) = P(lilzly) == P(de) = P(Lhlz13) = -
« Estimation by local model
S | 1 D
P(dy) = P(l4131;) = P(1,[(B))P(13|l1) P(11|13) = 3% 5
5 1 5
P(ds) = P(lilals) = P(11|(B)) P(lsfl) P(lafl2) = 2 x = x 1= 1—; o



Example of label bias nw NLP

ID | Tag Sequence | ID | Tag Sequence

dq 151515 dy 1,151

d2 i1 ds 1,131

ds3 L1 dg 111215
Item Probability | Item Probability
P(1|(B)) 2 P(l|l) 0
P(l2[(B)) 0 P(lz|lz) 1
P(13|(B)) 5 P(l3]l2) 0
P(L;|1,) 3 P(1[13) 2
P(12[1y) % P(1213) 0
P(13/1y) 2 P(l3]13) 5

«  Where is the problem?
* [, is only followed by [,. But [3 is also followed by [.
Although count(l, = ;) =1, count(l; = 1) = 2,

P(l, - 1) = 11is overestimated due to local normalization v



Example of label bias nw NLP

ID | Tag Sequence | ID | Tag Sequence

dy 151515 dy 1,151

da L1 ds 1131

d3 11 de L1210
Item Probability | Item Probability
P(1,|(B)) 2 P(l[1p) 0
P(12|(B)) 0 P(l|1z) 1
P(13/(B)) 5 P(13]13) 0
P(L[1y) 3 P(L[L) 2
P(l2[1;) 3 P(l|13) 0
P(l3]ly) 3 P(l3]13) >

* Solution
 take full sequences of labels as single units
* calculating statistics (e.g., counting features) over full sequences of

inputs and outputs before doing model normalization
23
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8.2.1 Global feature vectors
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Conditional random fields

* A form of log-linear models for sequence labelling

e The same features as MEMM

 MEMM is locally normalized
o P(t;|T;_g.i—1, W1.,) = softmax (label score)

* Globally normalized into a sequence distribution
o P(Ty.n|Wyi) = softmax (label sequence score)
. Global score 0 - cl_))(Tlm, Wi.)
* Global feature vector

NLP



Global feature vectors ne NLP

e Define $(T 1. W1i.n) by aggregating $(ti, Ti_k.i—1, W1.n) over the

input sequence 1 <i < n:

n
G Ty, Wiy) = 2 ¢ty Ti—gi—1, W)
=1

« Taking the first-order Markov chain (i.e. k=1):

n
P Ty, W) = 2 ¢ty Ti—kei—1, Win)
=1



Example of global feature vectors WP \WestlakeNLP

« Input: The IDT man | NN went| VBD to | TO the | DT park INN . |.

Feature Entry Feature Vector

G (ty, to, W) 0,0, fu7(t; =DT) = 1,0, - fo01(ti—1t; =< B > DT) =1,
O, f501(Wi - the, tl = DT) - 1, O, |
G (ty, tr, W) 0,0, fso(t; = NN) = 1,0, - fa72(ti—1t; = DTNN) =1, 0, -~

fazg(W; = man,t; = NN) =1,0, -

P (te ts, W) 0,0, fso(t; = NN) = 1,0, - fazp(t;—1t; = DTNN) = 1,0, -~
foz2(W; = park,t; = NN) =1,0, -

G (ty, te, W) 0,0, fgolti =) = 1,0, fs16(ti—1t; = NN.) = 1,0, -~
froes(w; =.,t; =) =1,0, -

(T, W) 0,0, fa7 =1,0, fso =2, foo1 =1, faza =2, f501 =

1, - f748 =1, f932 =1, f1063 =1

27



Conditional random fields np NLP

* log-linear models for sequence labelling
« take P(T1.,|Wi.) as a single unit

eXp(2?=1$(ti;Ti—k:i—1;W1:n)) _ eXp(6°$(T1=n'W1=n))
Ty P& G0 Ticki-1Wiin)) B exp(8-¢(T1in Wim))

P(Tl:nlwl:n) — y

* Compared to MEMM

exp(e°$(ti :trTi—k:i—l:Wl:n))

P(t; = t|Ti—g.j—1, Wim) = e
l 1—k:1—1 1:n ZtIEL exp(9'(I)(ti:t’»Ti—k:i—l'Wlin))

 directly model the probability of candidate sequence P(Ty.,,|W;.,,)

+ use global feature vector STy W)
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* 8.2.2 Decoding
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CRF decoding np NLP

* Objective

exp(§°$(T1:n;W1:n))
— —>Z
= argmaxr, 0 $(Typ, Wip)

° argmale:nP(Tl:nlwl:n) = argmaxr,.,

« Take first-order CRF for example.

 The feature vector locality allows the score to be decomposed:
0- (I)(Tl:n; Wl:n) =0 (Zi(l_;(ti' ti—l; Wl:n))
— Z?:l e ) (I)(tl’ ti—l' Wl:n)

 Thus the score can be computed incrementally from left to right



CRF decoding np NLP

Denote T;.;(t; = t) as a tag sequence with the last tag being ¢t .
T,.;(t; = t) as the highest scored sequence among T;.;(t; = t).

T1.;(t; =t t;_; = t") must contain Ty.;_{(t;—1 = t")

Therefore score (Tl:i(ti = t)) = argmax;:c; SCore (Tl:i(ti =0, tiq = t'))

= argmax, g score(Tyi—1(ti—g = t')) + 0 - d(t;, ti—q, Wip)

* Therefore we can build score(T;.;(t; = t)) incrementally from left to right.

Also a back-pointer can be added.



Decoding algorithm WP WestlakeNLP

th — score(Ty.;(t; = t))

s | 2 3| 4 | 5 & 7

NN T,.,(t; = NN) T,.2(t; = NN) o T (bioq = NN)®T1 i(t;=NN) .. Tpp(t, =NN)

v Tt =VV) Ti.2(t, = VV) o Tri1(tioq = VV)@’T1 (& =VV) . Tt =VV)
O;

AD  Ty.4.(t; = AD) T,.2(t; = AD) i Tpj1(ti_1 = AD) Ty;(t; =AD) .. Typ(t, = AD)

score (Tl:i(ti = t)) = argmax,c; score(Tyj—1(tic1 =t)) + 0 - d(t;, ti—1, Win)

* bp stores the argmax, |L|Xn
32



Viterbi algorithm for CRF np NLP

Input: s = W, first-order POS tagging model with feature vector gg(t,-, ti—1, Wi.,) and
feature weight vector 0
Variables: tb, bp;
Initialization: tb [t|[i] + —oc; bp|t]|i] < NuLL fort € LU {(B)},i € [0,...,n],
tb[(B)][0] + 0 ;
foric[1,...,n] do
fort € Ldo
fort’ ¢ LU{(B)} do
score < 0 - c;(t,- =t,t; 1 =t Wi,);
if tb[t'][i — 1] 4 score > tb]t][i] then
tb[t][i] < tb[t'][i — 1] + score;
bp[t][i] «+ t';
yn < arg max, tb|t|[n];
foric [n,...,2] do
| yie1 < bpyillil;
Output: y; ... y,;

33
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8.2.3 Calculating marginal probabilities



Calculating marginal probabilities np NLP

. Given 6 and an input output pair (W1, T1.), Wwe want to calculate
P(t; = t|W;.,) (during training)

e Definition

P(ti=tWim) = ) D o D > P(Tyn(ts = O Wap)

tl EL tz EL tl_leL tl+1EL tnEL

* include O(L™ 1) summations




Solution ne NLP

 Again, leverage utilize the Markov properties in our features -- dynamic

program
P(Tyn|Wip) = exp(é).&?:"’wlm))
exp(@-(zi a(ti:ti—me)))
_ (exp %, §-$(tzi,ti_1,wlm))
_ [1; exp(ﬁ-&fl,ti_l,wlm))
Z

* Z =X exp (6 O 1m, Wl:n))



Solution nP
. Pli=tWi)=) > > )y o Hexp< b1, 1, I,Wln)),t,-:t

neL ti1€Ltiy €L mel  j=I1

cannot be calculated efficiently, due to exponential sum of product.

« Use dynamic programming to exploit feature locality. But there is a
junction point in center.

 Cut the full summation equation into the product of two parts at i
@ p

A A

NLP



Solution np NLP
. Pli=tWi)=) > > )y o Hexp< b1, 1 I,Wln)),t,-:t

neL ti1€Ltiy €L mel  j=I1

cannot be calculated efficiently, due to exponential sum of product.
« Use dynamic programming to exploit feature locality. But there is a
junction point in center.

 Cut the full summation equation into the product of two parts at i

Pt =tWyim) =) - > > ) = Hexp( ot 1 I,Wln)),t,:t

nel ti_1€Ltip 1 €L mel  j=I1

(X X e (7 6-190) )

HeL ti_1€L j=I1

(=2 T oo (7 o))

tir1€L EeLj=i+1

where t; = ¢t (distributivity).



Solution ne NLP

« Leverage the Markov properties in our features -- dynamic program
* the key is how to calculate each part efficiently
 similar computation method for forward part and backward part

 take forward part as example



Forward algorithm e NLP

* Our goal is to efficiently calculate:

J
a(j,t) = Z z Hexp (6 : $(tk, tk_l,Wlm)),where ti=t

t1€L tj_]_EL k=1

* we can observe incrementally.

j j-1
1_[ exp (6 ' 5(% L1, W1:n)) = 1_[ exp (6 ' <|_>>(tk» Lk—1, Wl:n)) * €xXp (6 ' $(tj' tj-1, Wl:n))
k=1 k=1

« state transformation in dynamic programming
i —1 - —
a(]) t) = th_1€L(Zt1EL th_zEL H]](=1 exp(@ ) (I)(tk) tk—ll Wl:n)))
- exp (§ - $(tj =t,tj_y =1t Wl:n)) (distributivity)

= Ltrer (a(f — Lt exp (6 =t =t Wl:n)))

* Initialize a (0,(B)) =1



Example

Build a table of n columns and |L| raws.

score(t,t'") = exp(@ - P(t, t', W)

a(] — 11 t, — ll) ~~~~~~~
ey x score(t, t")[*s.__ _
U 2) ""““"““""“"‘:_';,"z = a(j,t)
a(j—1,t' = l|L|) """""""""
-1 |

(X(j, t) = Zt’EL (O((] — 1, t’) . exp (6 . $(tj = t, tj—l =t Wl:n)))

41
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Forward algorithm WP \WestlakeNLP

Forward algorithm for first-order CRF.

Inputs: s = Wy, first-order CRF model for POS tagging with with
feature vector ¢(t;,t;—1, W1.,) and feature weight vector 0;
Variables: «o;

Initialization: a[0][(B)] «+ 1, a[i][t] + O fori € [1...n|,t € L;

for t € L do

a[1][t]  alO)[(B)] - exp (6 Gt =1,to = (B), Wi.n))

for i€[2...n| do

fort € L do
for ' € L do

| afilld] ¢ alilld] +ali— 1)) -exp (8- 3(t; = t,ti1 = 1/, Win)):
Output: «;

42



Backward algorithm e NLP

 Similar to Forward Algorithm, Backward Algorithm can be summarized as:

Inputs: s = lf‘l"’_{;”, first-order CRF model for POS tagging with with
feature vector ¢(t;,t;—1, Wi.,) and feature weight vector 6;
Variables: [3;

Initialization: §[i][t] < 0, B[n + 1][(B)] + 1 for ¢ € L, for

i €[1...n],t € L;

for t € L do

d[”] [[] = /3[‘7).. g 1][<B>] * €XPp (‘7 Qg(tn%—l = <B>~ tn = £, ””lyl:n)>:
for ie[n—-1...1] do

for t' € L do
fort € L do

| d[l][[’] g Jd[l][t’] +d[[+ 1][[] -exp ((; (;(f’+l = t,' — [’_ Hﬁ'l:”)):
Output: j3;

« BG,t) =X, (B(j +1,t") - exp (6 : $(tj+1 =t',tj =1t Wl:n)))

43



Forward-Backward nP NLP

+ P(t; = tlWi) = Za(i, PG, £)

« The normalization constant can be computed efficiently



Contents np NLP

* 8.2.4 Training
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Training e NLP

« Given a set of training data D = {(W;, T;)}|;-,, the CRF trainin
& 1=1 &

objective is to maximize the log-likelihood of D:

6 = argmaxglog P (D)

argmaxglog[]; P(T;|W;) (i.i.d.)

argmaxg X,; log P (T;|W;)

exp (§°$(Ti;Wi))
X exp(6'$(T’;Wi))

= argmaxg .;log

= argmaxg¥,; (8- G(T, W;) — log Sy exp (8- (7", W)



Local gradient L

* For each training example, the local gradient is:

%y exp(8-6(T' W) (T W)
Iy exp(§-$(T",Wi))

d log P(T \wWi)
5L

= (T, W) —

exp (§$(T 'w l))

(T, W)

= $(T, W) = g P(T'IWS(T', W) (efinition of P(T'|W))

« An exponential number of candidate outputs T’, which makes

the calculation of Y, P(T'| Wl-)cl_;(T’, W;) intractable.

NLP



Efficiently calculating the expected ne
global feature vector

o Y. P(T'|W)P(T', W) is the expected global feature vector over all

possible output label sequences

* resort to feature locality
O, W) = Z?il ot t' 1, W)
e rewrite )7, P(T’IW-)QB (T',W;) from a feature — centric perspective
S P(TIW)GT', W) = S PT'IW) (26 (8], £]_1, W;))
=3 X P(T' W) (t], t]_y, W)

= 3 P IW)S (e, t] -1 W;))
= LB p(r |W)¢(J' -1 W)

NLP



Efficiently calculating the expected ne NLP
global feature vector

 Since a local feature $(t’ i t' -1 Wi) is constrained to a context that

consists of only t'; and t';_4

2j Erp(T W) (4], tf1, W;)
=ZjEt]’._1t]’.~p(t;_1tj|W) (4], tj1, W)

=2 (R, PGB, 0 0)

» Thus, the key is to calculate the marginal probabilities P(t';_1t';|W;)
e Forward/Backward Algorithm



Efficiently calculating the expected ne NLP
global feature vector

e Similar to P (tj|W1m):

define

alk,t) = Yerer + Lergyer [Tiams €xp (8- (' m, t'mor, W)

define

Blk,t) = Xtrprer " L, €L Hm x €XD (9 ' $(t,m+1» t'm Wi))

P(t'j-1t';|W;) = (1)0‘1_1 t'j-1)B(, t])exp(e c|>(tj t'j—1, W))



Algorithm for training first-order CRF P \/oct/51eNLP

Inputs: s = I/V_lm, first-order CRF model for POS tagging with with
feature vector ¢(t;,t;_1, Wi.,) and feature weight vector 6;
Variables: table, «, (3

a < FORWARD(Wj.,, b, 5)

B +— BACKWARD(W1.,, cj_;, 5)

for j€[l...n] do

total < 0;

for t € L do

for t' € L do

table[t'][£][] « a[t'][j — 1] - B[£][j] - exp (é’ L B(t, ¢, WL-));
total < total + table[t'][t][7];

fort € L do
for ' € L do

| table]t'][f][j] « tablelllll,
Output: table;

51



Local gradient e NLP

* For each training example, the local gradient is:

d log P(T \wWi)
5L

Ypr exp(8-6(T'w))-(T' W)
Iy exp(§-$(T",Wi))

= (T, W) —

exp (§$(T ! ,Wi))

— (I)(Til Wl) — ZT’ ZTII(§'$(T”;W1:)) ) q)(T ) Wl)

= $(T, W) = g P(T'IWS(T', W) (efinition of P(T'|W))

= (T, W) —XE, -p(t]_ 1J|W) o(t], t/_, W)

j=1%j



Contents np NLP

8.3 Structured Perceptron

53



of CA]_\/IBRIINEP
i UNINVERSFHAYP

The perceptron algorithm

* Also a linear max-margin model to find a value for (W, b) such
that y = SIGN (W!¥(x;) + b) for all training examples (x; ,y; )
 Algorithm

Input: D = {(:z:i,yi)}lilil,y,-_ € {-1,+1}
Initialization: & < 0;0 + 0;t + 0
repeat
for i € [1..N] do
z; < SIGN(&T(x;) + b);
if z; # y; then
W+ W+ v(x;) X yi;
b+ b+ y;;
t < t+4+1;
until £ = T

54



Structured perceptron L NLP

* Perceptron is a discriminative linear model for classification,
which can be adapted to structure prediction via
* treating the whole label sequence structure as a single unit

« global feature vector

* Score (Tl:n; Wl:n) = é ) EI\)(T]_:n, Wl:n)



Algorithm of structured perceptron ne NLP

Inputs: D = {(W;,T;) }i=1.N
Initialization: 6 < 0; & < 0; ¢ < 0;
repeat
foriec[l...N]| do
Z; < argmax, 0-p(Wi,5):
if Z, 79 Tl' tHen

‘ 0 «— 6+ ¢(Wi, T;) — d(Ws, Z;);
t—t+1;
untilt =1

56



Algorithm of structured perceptron ne NLP

Inputs: D = {(W;,T;)}|i=1:n
Initialization: 6 «+ 0; & < 0; t < 0;
repeat

foriec[l...N]| do

Z; + argmax, 0 - o(W;,3); - Viterbi
if Z, 79 Tl' tHen
‘ 0 «— 6+ ¢(Wi, T;) — d(Ws, Z;);
t—t+1;
untilt =1

57



Relationship with CRF e NLP

« Common with CRF
* Model: score(Ty.;, W1.) = 0 - &(Ty.p, Wir)
 Decoding: Viterbi Algorithm

» Difference from CRF

* Training objective, minimizing:

N
E(I?,ax 5 ' $(W1:nizll:n) o é) ) QB(Wl:n» Tl:n))
i=1 1n
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8.3.1 The averaged perceptron
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The average perceptron e NLP

A variation of the standard perceptron algorithm

+ record the values of 8 after each training example
 taking the average value as the final model, instead of the last

updated value of 0

7 — i E it
NT
(€{1..N}te{1..T}

* N is the number of training examples

T is the number of training iterations



Nature of averaged perceptron ne NLP

« The score given by the averaged parameter vector is:

score(x,y) = (%z 9—”>> '5(% )
i
3 )
i

= iz: scorebt(x,y)
NT / t ) )
3

* an effective voting strategy

* avoid overfitting



Algorithm of averaged perceptron ne NLP

Inputs: D = {(W;,T;) }i=1:N
Initialization: 6 < 0; G < 0; ¢ + 0;
repeat
forie€[l1...N]do
Z; < arg max, 9. qg( Ws, 3);
if Zi 7é T, thén

| 0 0+ o(Wi, T;) — ¢(Wi, Zs);
G G+0:
t—1t+1;
until t =T

- o .
O +— NT
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8.4 Structured SVM
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Structured SVM ne NI P

SVM is a large-margin discriminative linear model for classification,
which can be adapted to structure prediction

« Common with CRF and structured perceptron
* Model: score(Ty.;, W1.,) = 0 - $(Ty.0p, Wi)
« Decoding: Viterbi Algorithm

* Difference from CRF or structured perceptron
* Training objective

N
m1n ||6|| +C<Z max(O oW D, 7O, )+T max (6-$(W(i)1:n,T’1:n))>>

#TU
i=1 1n 1n
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8.4.1 Cost-sensitive training
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Cost-sensitive training P \WestlakeNLP

Which candidate do you think is better?

Input The man went to the park .
Gold DT NN VBD TO DT NN
Candl DT NN VBD TO DT W

Cand?2 NN NN VBD TO NN VW : \

6-@(W,Candl) = 1,
A=6-1=5

6 - B(W,Cand2) = 2,
A=6—3=3

* All incorrect structures are NOT equally incorrect

e If the model has to make a mistake, we would rather choose Cand1 than Cand?2
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Cost-sensitive training objective ne

use A(T'1.n, T1.) to denote the cost of mistakenly predicting T'4.,, when

the gold-standard output is T;.,

A can be any measure function, we use Hamming distance here
Hamming distance refers to the number of different labels between a
pair of label sequences

Assign not only a high score for correct output, but also less costly

incorrect output compared to a more costly one

NLP



Cost-sensitive training objective ne NLP

Define the cost-sensitive structured SVM training objective:

C ( I, max (0, ATD,TD 1) =8 G(W D1, TV 1) + 8- G (WD T'(l))))

where

= (i) 6. a(wd. T
7@ = max (A(T. TOL)+8-d(WD,,, T ))

The essential problem:

* If Score(Ty) + A(Ty,T) > Score(T,) + A(T,,T), Score(T;) > Score(T,)?



Cost augmented decoding - Challenge £ NLP

The margin violation A(T', T;) — 0 - ch(Tb W) + 9 - o (T, W;) scales with A(T', T;).
How to find the maximum?

* the highest-scored output may not coincide with the max violated margin
« Viterbi decoder (Algorithm in MEMM) cannot be directly used
Relationship with past objective

« Past: Decoder finds argmax,Score(T")

* Now: Decoder fins argmax,(Score(T") + A)



Cost augmented decoding - Solution P NLP

Fortunately, Hamming distant cost A(T'1.,, T1.,) can be decomposed into local
components

o A(T'10 Tin) = Xiz1:8(t'1, t;), where 8(¢';, t;) = 1if and only if t'; = ¢;

* As aresult, 7"\’1:1- must containT\’l:i_l

 Thus T';.; can be computed incrementally

71\’1:1'(til = t) =
(6 (% s (Wi T T )
argmaxrr (1 _q NN
M- (fia=t) + (e Bt =t ti_ =t',Win) +8(¢, t’))

«  We can use Viterbi algorithm by adding 8(t';, t;)
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* 8.5 Summary
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Summary Ls NLP

Maximum Entropy Markov Models

the label bias problem

Conditional random fields

Structured perceptron, averaged perceptron

Structured SVM,, cost-sensitive training



