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Sequence Prediction

|

e Input a sequence of observations x = X'...

— e.g. X = the men saw the dog

e Output a sequence of labels y = yl....y"
—-e.2.y=DNVDN

e In a probabilistic model, we want:
— argmax, P(ylx) = argmax, P(x,y)/P(x) =

= argmax, P(x,y)



A probabilistic model for

sequences
0-0-0-0-¢

* P(x,y) = Pxly)P(y) = [TP(x'ly")*P(y)
= [T,P(x'ly")IT;P(y'ly™")
* argmax, P(x,y) can be computed using Viterbi



A probabilistic model for
sequences

0-0-9-9-¢
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= (T logPWIOFI(N =, y1=0)

+ 2i(3 logP(tls)*I(y' =

Ly =9))

=3, JogP(WI)*#(x! = w, y'=t) +
+ 3, logP(tls)*#(y! = t, y*! = s)



A non-probabilistic model for

sequences
O—-@-60-0-

o score(Xx,y) = X, W, T, (xy) + 2w FT (V)
* given a train set (X,,y;), we want to find w s.t.
argmax, score(X,z) =y on future test examples (X, y)
e alternatively we want score(Xx, y) - score(x, z) >0
forallz#y



Perceptron Algorithm

Input: Training examples (X,,y.)
Initialization: w =0
. Fort=1..T,1=1...n

1. Calculate z, the prediction for x; given current
W

2. If there 1s a mistake, adjust w

Output: w



Perceptron for Classification

Input: Training examples (X,,y.)
Initialization: w =0
. Fort=1..T,1=1...n

1. Calculate z, = sign(wex.)

2. [If there 1s a mistake, w = w + y.*x1

Output: w



Perceptron for Structured
Outputs

Input: Training examples (X,,y.)
Initialization: w =0
. Fort=1..T,1=1...n

1. Calculate z, = argmax, wet(x,,z)

2. If there 1s a mistake, w = w + {(x,,y,) - {(x,,2,)

Output: w



Voted Perceptron, Averaged
Perceptron

® Wi, .o Wy -y W - the parameters after
each step of perceptron

* Voted perceptron:
majority; (argmax, w, *f(x,z))
* Averaged perceptron:

argmax,, ( f(x,z)°avgi,t(wi,t) )



Convergence 1n Separable Case

e |f there exist:

— Us.t. llUll=1 and Ue {(x.,,y,) - Uef(x,,z) = d for
all z#y, and for all 1

— Rs.t. lif(x,,y) - 1(x;,,2)I <R
e Then, number of mistakes < R?%/d?

e Perceptron will converge to a solution that
makes no mistakes on the training set.



Convervence 1n Inseparable Case

e For a given U and a desired margin d, let:
— m, = Ue {(x,,y,) - argmax__.. Uef(x,,2)

Z#£y1
 the margin for example 1

* it can be negative if there is a mistake on example 1
— ¢, =max{0,d - m;}

e how far are we from achieving the desired margin
- Dyy=(Z e
e Then for one epoch,

— Number of mistakes < miny 4(R + Dy 4)*/d?



Generalization Error Bound

* For a sequence of n training examples,

* The probability that the voted perceptron
makes a mistake on input n+1 1s less than:

(2/m+1DE,, [ming 4(R + Dy 4)%/d?]



Empirical Results

Averaged perceptron is better than non-averaged
one. - expected

More, rare features better than less features for
perceptron. -somewhat unexpected

Averaged perceptron better than MaxEnt models.
No statistical significance scores, only 2 problems.

I didn’t find any thorough comparison with CRFs,
but in the examples I found CRFs worked a little
better than averaged perceptron.



Summary

Discriminative learning for structured outputs.
— does not require some of the independence assumptions

The first “somewhat” max margin structured
output learning

— generalization bounds 1n terms of margin

As long as inference 1s tractable, learning 1s
tractable

— convergence bounds

Empirical results show improvements over
MaxEnt models.



