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Abstract

A huge number of scientific papers have been authored by non-native English speakers. There
is a large demand for effective computer-based writing tools to help writers composing
scientific articles. The Automated Evaluation of Scientific Writing (AESW) shared task seeks
to promote the use of NLP tools for improving the quality of scientific writing in English by
predicting whether a given sentence needs language editing or not. In this study, we propose
an ensemble multi-channel BiLSTM-CNN model based on a series of experiments in
comparing the number of channels, network architectures, and ensemble size. Our model

achieved an F1 score of 63.28 outperforms participating systems in the AESW 2016 task.
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M= BimER LI GloVe Rygd [ BIFEIRELE - P F1 & 0.6392 - [ % iiE
S E K = PRI A 2 = iE Y Word2vec+ FastText+GloVe 404 » S35 Fl
Ry 0.6422 > IR B n] S =i EAE L E B DRINET S G307 =& SaVEE 1 25
> EREASUERSE AT HYERE
F— ~ BiEE CNN Rt iRauaiR
Embedding Avg. Precision Avg. Recall Avg. F1 F1 Std.
GloVe 0.5484 0.7661 0.6392 0.0004
fastText 0.5991 0.6729 0.6365 0.0012
Word2vec 0.5763 0.7065 0.6347 0.0016
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Embedding Avg. Precision | Avg. Recall Avg. F1 F1 Std.
Word2vec + GloVe 0.5636 0.7354 0.6375 0.0014
GloVe + Word2vec 0.5753 0.7129 0.6367 0.0011

GloVe + fastText 0.5683 0.7266 0.6375 0.0031
fastText + GloVe 0.5507 0.7617 0.6390 0.0024
fastText + Word2vec 0.5647 0.7241 0.6341 0.0029
Word2vec + fastText 0.5746 0.7121 0.6360 0.0010
=~ ZiEiE CNN JrasEEfLE R
Embedding Avg. Precision | Avg. Recall | Avg. F1 F1 Std.
Word2vec + GloVe + fastText 0.5617 0.7473 0.6404 0.0028
GloVe + Word2vec + fastText 0.5638 0.7383 0.6391 0.0003
GloVe + fastText + Word2vec 0.5654 0.7376 0.6400 0.0023
fastText + GloVe + Word2vec 0.5423 0.7838 0.6403 0.0030
fastText + Word2vec + GloVe 0.5722 0.7264 0.6396 0.0036
Word2vec + fastText + GloVe 0.5524 0.7671 0.6422 0.0017
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HSEHVERS
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Embedding Avg. Precision Avg. Recall Avg. F1 F1 Std.
GloVe 0.5201 0.8383 0.6419 0.0007
fastText 0.5151 0.8359 0.6373 0.0020
Word2vec 0.5221 0.8264 0.6399 0.0013
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Embedding Avg. Precision Avg. Recall Avg. F1 F1 Std.
GloVe 0.5529 0.7803 0.6473 0.0002
fastText 0.5458 0.7888 0.6452 0.0004
Word2vec 0.5443 0.7889 0.6441 0.0006
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RN o WBHARL TR Ryt an] R E 4K CNN HU{S feature map F3E A BILSTM » &3]
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Model Avg. Precision | Avg. Recall Avg. F1 F1 Std.
Mc-BiLSTM-CNN 0.5529 0.7803 0.6473 0.0002
Mc-CNN-BiLSTM 0.5458 0.7888 0.6452 0.0004
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Zt ~ Ensemble Mc-BiLSTM-CNN jA & AT 4E R

Ensemble (N) Precision Recall F1
3 0.5606 0.7980 0.65860
5 0.5599 0.8010 0.65911
7 0.5586 0.8040 0.65928
9 0.5676 0.7866 0.65994
11 0.5652 0.7907 0.65924
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Ensemble(N=9) Mc-BiLSTM-CNN ZZ(| F1 4785 0.6328 » #8#k | FIR G-I A E]
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Method Precision Recall F1
CNN 0.5274 0.7153 0.6071
Mc-CNN 0.5256 0.7405 0.6148
LST™M 0.4786 0.8316 0.6076
BiLSTM 0.5157 0.7735 0.6188
Mc-CNN-BiLSTM 0.5257 0.7581 0.6209
Mc-BiLSTM-CNN 0.5144 0.7988 0.6258

Ensemble (N=9)
0.5359 0.7724 0.6328
Mec-BiLSTM-CNN
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Team Method Precision Recall F1
Hu CNN, RNN, LSTM 0.5444 0.7413 0.6278
HITS HMM, Logistic Regression 0.3765 0.9480 0.5389
ISWD SVM, SubSet Tree kernel 0.4482 0.7279 0.5548
Knowlet MaxEnt 0.6241 0.3685 0.4634
NTNU-YZU CNN 0.5025 0.7785 0.6108
UW-SU MaxEnt 0.4145 0.8201 0.5507

Ensemble (N=9)
Ours 0.5359 0.7724 0.6328
Mc-BiLSTM-CNN

Y~ &

RTINS R S 4mlE - (R —(EEERy TR (5
AESW2016 BRFSEERAVE R EERREE JTARY - T 70N - BB EAYFLE X HHTRR
TR LR E S MEyEAT > 548 B B[S 7 2 (Glo Ve, Word2vec, fastText)

e (BRI ~ A IE =) ~ BEAYAYPEEE(CNN vs. Mc-CNN,  LSTM vs. BiLSTM, Mc-
CNN-BILSTM vs. Mc-BiLSTM-CNN) » #I| Ensemble {## - f%{&%¢H T Ensemble (N=9)
Mc-BiLSTM-CNN £l 2% i B S (aC Qe A A - 752 — A F A Resa] m & A
(il t AR 4 P B B TR &5 SR Y 0 SR A > SR OTATE AR B RIEFEY F1 085
0.6328 » ErEIFSEFO P RIEATIVERI S - RARAERR T FRRE 0 & 2 4h - ] DU
FHENREEE M &40 BERT B2 ELMO > B A Transformer {75355 -

G

This work was partially supported by the Ministry of Science and Technology, Taiwan under
the grant MOST 108-2218-E-008-017-MY3 and MOST 107-2628-E-155-002-MY 3.

\

S25 3UR

[1] R. Dale and A. Kilgarriff. 2011. Helping Our Own: The HOO 2011 pilot shared task. In



Proceedings of the 13th European Workshop on Natural Language Generation, pages
242-249.

[2] R Dale, I Anisimoff, and G Narroway. 2012. A report on the preposition and determiner
error correction shared task. In Proceedings of the NAACL Workshop on Innovative Use of
NLP for Building Educational Applications.

[3] H. T. Ng, S. M. Wu, C. Hadiwinoto, and J. Tetreault. 2013. The CoNLL-2013 Shared Task
on Grammatical Error Correction. In Proceedings of the Seventeenth Conference on

Computational Natural Language Learning: Shared Task, pages 1-12.

[4] H. T. Ng, S. M. Wu, T. Briscoe, C. Hadiwinoto, R. H. Susanto, and C. Bryant. 2014. The
CoNLL-2014 Shared Task on Grammatical Error Correction. In Proceedings of the

Eighteenth Conference on Computational Natural Language Learning: Shared Task, pages
1-14.

[5] V. Daudaravicius, R. E. Banchs, E. Volodina and C. Napoles. 2016. A report on the
automated evaluation of scientific writing shared task. In Proceedings of the 1lth

Workshop on the Innovative Use of NLP for Building Educational Applications, pages 53-
62.

[6] G. E. Hinton. Learning distributed representations of concepts. 1986. In Proceedings of the
Eighth Annual Conference of the Cognitive Science Society, pages 1-12.

[7] T. Mikolov, I. Sutskever, K. Chen, G. Corrado and J. Dean. 2013. Distributed
representations of words and phrases and their compositionality. In Proceedings of Neural

Information Processing Systems 2013, pages 1-10.

[8] J. Pennington, R. Socher and C. D. Manning. 2014. GloVe: Global vectors for word
representation. In Proceedings of the 2014 Empirical Methods on Natural Language
Processing, pages 1532-1543.

[9] P. Bojanowski, E. Grave, A. Joulin, and T. Mikolov. 2017. Enriching word vectors with

subword information. Transactions of the Association for Computational Linguistics,

5:135-146.



