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Training Log-Linear Models
with Cost Functions

Kevin Gimpel and Noah A. Smith

ﬁ@ @ Carnegie Mellon



IS convex

. Perceptron
Boosting P

Conditional Max-Margin

Likelihood

MIRA

Based on
probabilistic
Inference

Uses a cost
function

Minimum Error
Rate Training

Latent Variable
Conditional
Likelihood




IS convex

: Perceptron
Boosting P

Conditional Max-Margin

Likelihood

MIRA

Based on Softmax-Margin

probabilistic
inference

Uses a cost
function

Minimum Error
Rate Training

Latent Variable
Conditional
Likelihood




IS convex

: Perceptron
Boosting P

Conditional Max-Margin

Likelihood

MIRA

Based on Softmax-Margin

probabilistic
inference

Uses a cost
function

Jensen
Risk Bound

Minimum Error
Rate Training

Latent Variable
Conditional
Likelihood




Linear Models for Structured Prediction

input  output

y = rgmaXHT \‘ /

yEY( a:)/‘ ’\

weights features

m For probabilistic interpretation, exponentiate and normalize:

exp{0' f(z,y)}

P = e b (0 F(a 1))
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Training
m Standard approach is to maximize conditional likelihood:

min’y | (OTf(ﬂf(i),y(i)) + log Y eXp{HTf(fB(i),y)}>
1=1

yeY(z()

m Another approach maximizes margin (Taskar et al., 2003):

1 ) (Z)
mlnz ( y@) +y6r;1(%)) (HTf(a:( ), y) + Coft(y ,y)))

task-specific
cost function
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Training
m Standard approach is to maximize conditional likelihood:
meinz; (OTf(ﬂf(i),y(i)) + log E(:(.))exp{ 9Tf($(i),y)}>
1= yeY (2

m Another approach maximizes margin (Taskar et al., 2003):

N _
&

cost-augmented decoding
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Training
m Standard approach is to maximize conditional likelihood:
meinz; <9Tf(ﬂf(i),y(i)) + log ;'))exp{ 9Tf($(i),y)}>
1= yeY(x\?

m Another approach maximizes margin (Taskar et al., 2003):

mmZ( ), y®) + max (HTf(a:(i), y) + cost(y (@), )))

yeY(z(D)
m Softmax-margin: replace “max” with “softmax”

mmz <9Tf ,y(z)) + log Z expq 0'f f(x (%) ,Y)+ cost(y(i),y)})

_ Y€Y(zW) - -

“cost-augmented summing”
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Training
m Standard approach is to maximize conditional likelihood:
meinz; <9Tf(ﬂf(i),y(i)) + log ;'))exp{ 9Tf($(i),y)}>
1= yeY(x\?

m Another approach maximizes margin (Taskar et al., 2003):

mmZ( y) + max (HTf(a:(i), y) + cost(y (@), )))

yeY(z())

m Softmax-margin: replace “max” with “softmax”

mmz <9Tf ,y(z)) + log Z expq 0'f f(x (%) ,Y)+ cost(y(i),y)})

yeY(z(D)
Sha and Saul (2006), Povey et al. (2008)
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Properties of Softmax-Margin

m Has a probabillistic interpretation in the minimum
divergence framework (Jelinek, 1997)

ODetalls In technical report

m |s a bound on:
OMax-margin
OConditional likelihood
ORisk
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Properties of Softmax-Margin

m Has a probabillistic interpretation in the minimum
divergence framework (Jelinek, 1997)

ODetalls In technical report

m |s a bound on:
OMax-margin (because “softmax” bounds “max”) v/
OConditional likelihood
ORisk
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Risk?

m Risk Is the expected value of the cost function
(Smith and Eisner, 2006; Li and Eisner, 2009):

méin Z *Jpe(.p;(i)) [COSt(y(i)a )]
1=1
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Bounding Conditional Likelihood and Risk

m Softmax-margin:

> (HTﬂx“% y ) +log Y exp{0 (=", y) + cost(y“%y)})

i=1 yeY(z®)

-y (_eT £z y @) 1 log Zi) + ) " logEyp, [exp{cost(y', -)}]
i=1 =

U 2N W,
~ ~"

Conditional likelihood Bound on risk via
Jensen’s inequality
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Bounding Conditional Likelihood and Risk

m Softmax-margin:

> (eTﬂx@% y ) +log Y exp{0 (=", y) + cost(y“%y)})

i=1 yeY(z®)

-y (_eT £z y @) 1 log Zi) + ) " logEyp, [exp{cost(y', -)}]
i=1 =

U 2N W,
~ ~"

Conditional likelihood Bound on risk via
Jensen’s inequality

Softmax-margin is a convex bound on
max-margin, conditional likelihood, and risk
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Bounding Conditional Likelihood and Risk

Z log By, [exp{cost(y(i), )}

1=1

" 5%
N

Jensen Risk Bound

Easier to optimize than risk
(cf. Li and Eisner, 2009)
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Implementation

m Conditional likelihood — Softmax-margin

O1f cost function factors the same way as the
features, Iit's easy:
m Add additional features for the cost function
m Keep their weights fixed

O1f not, use a simpler cost function or use
approximate inference
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Experiments
English named-entity recognition (CoNLL 2003)

Compared softmax-margin and Jensen risk bound with five
baselines:
O Perceptron (Collins, 2002)
O 1-best MIRA with cost-augmented decoding (Crammer et al., 2006)
O Max-margin via subgradient descent (Ratliff et al., 2006)
O Conditional likelihood (Lafferty et al., 2001)
O Risk (Xiong et al., 2009)

For risk and Jensen risk bound, initialized using output of
conditional likelihood training

Used Hamming cost for cost function
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Results

Method Test F,
Perceptron 83.98*
MIRA 85.72
Max-Margin 85.28*
Conditional Likelihood 85.46*
Risk 85.59
Jensen Risk Bound 85.65
Softmax-Margin 85.84

* Indicates significance (compared with softmax-margin
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Results

Method Test F,
Perceptron 83.98*
MIRA 85.72
Max-Margin 85.28*
Significant Conditional Likelihood 85.46*
Improvement with .
equal training Risk 85.59
~ fime and Jensen Risk Bound 85.65
Implementation
difficulty Softmax-Margin 85.84

* Indicates significance (compared with softmax-margin
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Results

Method Test F,
Perceptron 83.98*
MIRA 85.72
Max-Margin 85.28*
Conditional Likelihood 85.46*
Comparable .
performance Risk 85.99
with half the Jensen Risk Bound 85.65
tralnlng time
Softmax-Margin 85.84

* Indicates significance (compared with softmax-margin
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Thank you!

m See extended technical report for:

O Probabilistic interpretation for softmax-margin in
minimum divergence framework (Jelinek, 1997)

O Softmax-margin training with hidden variables

O Additional experiments

(i@ @ Carnegie Mellon



Loss Incurred

Loss Functions for Binary Classification

Softmax-Margin: log(1l + exp(m — z))
—— Max-Margin: max(0, m — z)
—— Conditional Likelihood: log(1 + exp(—z))
—0-1: mx I(z2<0)

l—l—exp(m—z))

Jensen Risk Bound: log( T Foxp(—2)

—Risk: mexpl=2)

1—|—expi —2)

-2 -1 0 1 2 3 4
Classifier Score x True y
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Training Method Requirements Fu%céfiton Convex Ilrz:trgrt:)..
Perceptron decoding N/A

MIRA cost-augmented decoding v v
Max-Margin cost-augmented decoding v v
P |
Risk expectations of products v v
Jensen Risk Bound cost-augmented summing v v
Softmax-Margin cost-augmented summing v v v
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