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Using Subword Sequence BiLSTM-CRF Model for Compound Name Extraction
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In this paper, we investigate of using subword sequences for compound name extraction problem. Five variety
of subword sequence generators (SYMBOL, SP, BPE, BPE-DICT, and BPE-PMI) were used in the investigation.
Last two of these, BPE-DICT and BPE-PMI, are originally proposed in this work. BPE-DICT is a variation of
BPE which has a dictionary-based restriction. BPE-PMI introduces the PMI measure instead of word frequency
count. The experimental results showed that subword sequence information improved the extraction performance.
The F-measure value of BPE-DICT is 86.74 which is best score in all conditions of our experiments.
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Algorithm 2 BPE-DICT
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method \fLFLEY ‘ docosahexaenoic acid ‘ nitric oxide ‘ glutathione ‘ superoxide
SYMBOL docosahexaenoic acid | nitric oxide | glutathione | superoxide
SP:chem6k docosahexaeno ic acid | nitr ic oxide | glutathione | super oxide
BPE:32k docosahexaenoic acid | nitric oxide | glutathione | superoxide
BPE-DICT:32k docosahexaenoic acid | nitric oxide | glutathione | su p eroxide
BPE-PMI:32k docosahexaenoic acid | nitric oxide | glutathione | superoxide
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method \{bF{LEY ‘ isocorilagin ‘ diasesartemin ‘ tetrahydropalmatine ritanserin ‘ polyphosphoinositides
SYMBOL isocorilagin diasesartemin tetrahydropalmatine ritanserin polyphosphoinositides
SP:chem6k isocorilagin | diasesartemin | tetrahydro p al mat ine | rit an serin poly phosphoinositide s
BPE:32k is ocor il agin di as es artem in tetrahydro palmatine rit anserin poly phospho inosi tides
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&, B RBWHERETH 5 DIFEhEe$L 32,000 THilR7%: L @ BPE-
DICT TH5b. ZND F-measure 1% 86.74 THH, N—AF
1V THDHHEFEXYIY D 86.3212 0.4 EE>TW5E, Zhid@
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method ‘ Precision ‘ Recall ‘ F-measure
HALRE 86.62 86.03 86.32
SYMBOL 85.10 88.01 86.53
SP:32k 87.56 85.39 86.46
SP:chem6k 78.90 69.53 73.95
BPE:8k 87.12 84.98 86.04
BPE:16k 87.47 85.99 86.72
BPE:32k 84.38 79.38 81.80
BPE-DICT:8k 87.74 84.32 86.00
BPE-DICT:16k 87.37 85.70 86.53
BPE-DICT:32k 87.14 86.33 86.74
BPE-DICT-char3:8k 87.17 84.33 85.73
BPE-DICT-char3:16k 86.40 86.39 86.39
BPE-DICT-char3:32k 88.10 85.10 86.62
BPE-PMI:8k 85.51 82.45 83.95
BPE-PMI:16k 86.86 82.76 84.76
BPE-PMI:32k 78.69 71.03 74.66
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