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In this paper, we propose a BiLSTM-CRF model for extracting compound names from documents in chemical
domain. The proposed model can be taken multiple subword sequences as input in order to obtain sufficient features
for long span or unknown tokens. Subword LSTM units with contextual information are introduced in the input
layer of the model. We conducted experiments based on CHEMDNER challenge to investigate the effectiveness of
the model. As a result, the extraction accuracy outperformed the normal BiLSTM-CRF model, and experimental
results on unknown words showed that the proposed method works better.
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1: BiLSTM-CRF

2: BiLSTM
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ht, ct = fLSTM (xt, ht−1, ct−1; θ) (1)
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P (y|x) = softmax(Score(x, y)) (3)
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(log(outt) + log(T [yt−1 → yt])) (4)
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4. Subword Representation

“dimethylsulfoxid”

“di, methyl, sulf, oxid” “2”

“di” “ ” “methyl” “ ” “oxid”

4.1 Subword LSTM

3 Akbik[4]
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1:
Precision Recall Fscore

BaseLine(82ep) 0.9031 0.8578 0.8799

+ SW2k(93ep) 0.9047 0.8584 0.8809

+ SW4k(82ep) 0.9032 0.8589 0.8805

+ SW16k(57ep) 0.8998 0.8577 0.8783

+ SW4k,16k(86ep) 0.9006 0.8668 0.8834

+ SW2k, 4k,16k(80ep) 0.9025 0.8566 0.8790

LSTM LSTM

[
−→
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hw]
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5.
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5.2
BioCreative Challenge Chemdner
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84,355
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SentencePiece[6]
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5.4
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2: IV
Precision Recall Fscore

BaseLine(82ep) 0.9095 0.8941 0.9018

+ SW2k(93ep) 0.9127 0.8921 0.9020

+ SW4k(82ep) 0.9102 0.8921 0.9011

+ SW16k(57ep) 0.9089 0.8917 0.9002

+ SW4k,16k(86ep) 0.9097 0.8976 0.9036

+ SW2k, 4k,16k(80ep) 0.9090 0.8940 0.9014

3: OOV
Precision Recall Fscore

BaseLine(82ep) 0.8663 0.6871 0.7664

+ SW2k(93ep) 0.8628 0.6939 0.7692

+ SW4k(82ep) 0.8630 0.6894 0.7665

+ SW16k(57ep) 0.8619 0.6876 0.7649

+ SW4k,16k(86ep) 0.8635 0.7065 0.7771

+ SW2k, 4k,16k(80ep) 0.8507 0.6995 0.7677

F 4,000

16,000

0.003 0.8834

OOV(Out of vocaburaly)

IV(In vocaburaly)

25,308

IV 20,859 OOV 4,449 OOV
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“SFN”, “CDDP”, “CYN”
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SW4k,16k 0.01 F
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“nitriles” “fidarestat” “inaclotide” “silatrane”
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