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# 2 Word embeddings< ©] &% &= MAE A4 E E7F A3 A3 (TV =#11<D)
A8 A Precision(%) Recall(%) F1 Score(%)
CRF Base 89.15 87.88 88.51
CRF Base + Word Vector 89.24 88.59 88.91
CRF Base + Word Cluster(Class 200) 89.08 88.01 88.54
CRF Base + Word Cluster(Class 300) 89.19 88.29 88.74
CRF Base + Word Cluster(Class 400) 89.24 87.86 88.54
CRF Base + Word Cluster(Class 500) 89.19 88.16 88.67
CRF Base + Word Vector + Word Cluster(Class 300) 89.33 88.73 89.03
¥ 3 Word embeddingse o] &3 st=ro] A A4 = EF A3 A7 (Sports =)
e A Precision(%) Recall(%) F1 Score(%)
CRF Base 90.42 88.51 89.45
CRF Base + Word Vector 91.00 88.85 89.92
CRF Base + Word Cluster(Class 200) 90.97 88.92 89.93
CRF Base + Word Cluster(Class 300) 90.96 88.85 89.90
CRF Base + Word Cluster(Class 400) 90.81 88.77 89.78
CRF Base + Word Cluster(Class 500) 90.54 88.56 89.54
CRF Base + Word Vector + Word Cluster(Class 300) 91.10 88.89 89.98
# 4 Word embeddings< ©] &3 &=o] AAE A4 E &F 43 A3 (T =72
A8 A4 Precision(%) Recall(%) F1 Score(%)
CRF Base 82.78 78.34 80.50
CRF Base + Word Vector 82.86 78.30 80.51
CRF Base + Word Cluster(Class 200) 83.33 79.16 81.19
CRF Base + Word Cluster(Class 300) 83.18 78.79 80.92
CRF Base + Word Cluster(Class 400) 83.39 79.36 81.32
CRF Base + Word Cluster(Class 500) 83.48 79.18 81.27
CRF Base + Word Vector + Word Cluster(Class 400) 82.91 78.58 80.69
o Q] 2 BRE FIYsts A¥ES I Aoy 1 2006.10, 268-272, 2006.
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