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e Conditional random fields (CRF) [§]
e Max-margin Markov network [14]

e Structured perceptron [4]
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e Conditional random fields [13]
e Structured perceptron [4, 5]

o Feature forest model [11]

e Max-margin parsing [15]
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Markov markov;

LogLinear<Markov> crf (&markov) ;

while (!crf.isConverged()) {
crf.iterate();
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Markov markov;

Perceptron<Markov> sp(&markov) ;

while (!sp.isConverged()) {
sp.iterate();
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template <class DataStruct>
class Perceptron : public Learner {
public:
typedef typename DataStruct:
typedef typename DataStruct:
typedef typename DataStruct:
typedef typename DataStruct:
typedef typename DataStruct:

:Target Target;
:History History;
:Feature Feature;
:FeatVec FeatVec;
:Corpus Corpus;

DataStruct* data_struct;
Corpus* corpus;

public:
Perceptron(DataStruct* ds, Corpus* cp)
: data_struct(ds), corpus(cp) {}

void iterate() {
for (typename Corpus::const_iterator

iter = corpus->begin();
iter != corpus->end(); ++iter) {

Target predict;

data_struct->decode (iter->history,

weight, predict));
Target d;

data_struct->diff (iter->target, predict, d);
FeatVec f =
data_struct->extractFeature(d, iter->history);
FeatVec f1 =
data_struct->extractFeature(dl, iter->history);
update(f, f1, weight);
}
}
};
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class Classifier {
public:

typedef int Target;
typedef vector<FeatureID> History;

bool decode(History history,
WeightMap weight,
Target& target) {
double scores[num_classes];
for(int t = 0; t < num_classes; ++t) {
FeatVec features;
extractFeature(t, history, features);
scores[t] = features.product(weight);
}
double* max_it
= max_element (scores, scores + num_classes);
target = max_it - scores;
return true;
}
};
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