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Abstract Sequence labeling has wide application areas such as natural language processing. In real world tasks,
we often need to cascade multiple sequence labelers. We propose a method that combines features in each labeling
stage with the corresponding marginal probabilities offered by preceding labelers. We also propose efficient algo-
rithms that enable joint optimization of the model parameters of the current and preceding labelers. We also report

experiments of cascaded part-of-speech tagging and chunking of English sentences and show the effectiveness of the

proposed method.
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