Hybrid semi-Markov CRF for Neural Sequence Labeling
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Background A comparison between CRFs and HSCRFs

Sequence labeling is a type of pattern recognition
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I* Propose the Hybrid semi-Markov CRFE

(HSCRF) architecture which employs both . .
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e roeiadll Joint training and decoding ___f§ Experiments

is computed by the summation of the scores of the
-

framework and a naive joint decoding algo-
rithm for neural sequence labeling.
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without external knowledge.

1. Training Dataset: CoNLL 2003 shared task: English named entity recognition.
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