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Abstract Since the introduction of Deep Neural Networks to the Natural Language Processing
field, two major approaches have been considered for modeling text. One method involved learning
embeddings, i.e. the distributed representations containing abstract semantics of words or sentences,
with the textual context. The other strategy consisted of composing the embeddings trained by the
above to get embeddings of longer texts. However, most studies of the composition methods just adopt
word embeddings without consideration of the optimal embedding unit and the optimal method of
composition. In this paper, we conducted experiments to analyze the optimal embedding unit and the
optimal composition method for modeling longer texts, such as documents. In addition, we suggest a
new discourse-based composition to overcome the limitation of the sequential composition method on
composing sentence embeddings.
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Table 1 Statistics of experimental datasets

# sentences
162,482
600,920

16,383

# words
1,402,412
13,229,985
341,034

# documents
2,000
50,000
1,254

Cornell
Stanford

Sarcasm

# 2 4% delEAeln 48 Bas

Table 2 Accuracies on test sets

Cornell Stanford Sarcasm

LSTM
(Input: word
embedding)
LSTM
(Input: sentence
embedding)

0.791 0.886 0.750

0.660

Document
embedding via
end-to-end
Paragraph Vector

0.753 0.825 0.739
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Preparation
1A Background |
Elaboration Contras
1B 1C 1D 1E

[Lactose and Lactase.]'?

[Lactose is milk sugar;]'®

[the enzymelactase breaks it down]'C

[For want of lactase most adults cannot digest milk.J"®
[In populationsthat drink milk the adults have more
lactase, perhaps through natural selection.]'®

% 1 RST 719 &3} #4 44
Fig. 1 An example of RST-based discourse analysis
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Table 3 Accuracies, including the proposed discourse—
based composition, on test sets (Other results
except the one from the proposed method are
from Table 2 for the reader’s convenience)

Cornell | Stanford | Sarcasm
LSTM
791 .886 N
(Input: word embedding) 07 0 0750
LSTM I -
(Input: sentence embedding) 0:505 0589 0660
Document embedding via - .
end-to-end Paragraph Vector 0753 0825 0739
Proposed method 0828 | 0856 | 0754
(Input: sentence embedding)

9 2T Pl waiE gkel A $3E AL ¥
QY 4 Ak olde AErY £F AP B9
£ 9a o A% el un A¥site e )
g % gk
4.8 =2
B AlNE BA9 ge Aol daE mdol
AP 29Y PE QY B9k ROl Popu
IEEEEEES BRI PN
o @24 oujz selee Zo] Fad A wel 7
4 BN WB g A8std A% BhE AW
oh A9 A3, FY N S RS ol §el #4
AR QP B Sk ol wsl AP @
9 WrE QUi 2 FY PES FESHE o] BA
Qg Bgol o felge Lok F Aok
@ B4 QMEe ol§F LSTMS) Aol ute
AomyE 24 Julge] APole F¥ LSTMS &
A Az £35om,

ox E Mo

30 2
oo HEod v off 1o oX [0 iF 2

9,

[1]

(2]

[3]

[4]

[6]

B
=2
rr

o

o,
Ul
X,
e
0%

i}

lo
f
38
o

References

T. Mikolov, K. Chen, G. Corrado and ]. Dean,
"Efficient Estimation of Word Representations in
Vector Space,” arXiv preprint arXiv:1301.3781. 2013.
Q.V. Le and T. Mikolov, "Distributed Representations
of Sentences and Documents,” Proc. of the Interna—
tional Conference on Machine Learning, pp. 1188-
1196, 2014.

C. Goller and A. Kuchler, "Learning task-dependent
distributed representations by backpropagation
through structure,” Proc. of the International Con—
ference on Neural Networks, pp. 347-352, 1996.

S. Hochreiter and J. Schmidhuber, "Long short-term
memory,” Neural computation, Vol. 9, pp. 1735~
1780, 1997.

B. Pang and L. Lee, "A sentimental education:
Sentiment analysis using subjectivity summari-
zation based on minimum cuts,” Proc. of the Annual
Meeting of the Association for Computational Lin—
guistics, pp. 271-278, 2004.

AL. Maas, R.E. Daly, P.T. Pham, D. Huang, A.Y.
Ng and C. Potts, "Learning word vectors for sen—
timent analysis,” Proc. of the Annual Meeting of

KAIST | IP: 143.248.48.%*» | Accessed 2019/04/05 18:26(KST)



702 R3] HFE e AA

the Association for Computational Linguistics: Human
Language Technologies, pp. 142-150, 2011.

[71 E. Filatova, "Irony and sarcasm: Corpus generation
and analysis using crowdsourcing,” Proc. of the Sth
International Conference on Language Resources
and Evaluation (LREC), pp. 392-398, 2012.

[8] W.C. Mann and S.A. Thompson, "Rhetorical struc-
ture theory: Toward a functional theory of text
organization. Text-Interdisciplinary,” Journal for the
Study of Discourse, Vol. 8, pp. 243-281, 1988.

[9] P. Bhatia, Y. Ji and J. Eisenstein, "Better Docu-
ment-level Sentiment Analysis from RST Dis-
course Parsing,” Proc. of the Conference on Em-
pirical Methods in Natural Language Processing,
pp. 2212-2218, 2015.

[10] X. Fu, W. Liu, Y. Xu, C. Yu and T. Wang, "Long
Short-term Memory Network over Rhetorical Struc—
ture Theory for Sentence-level Sentiment Analysis,”
Proc. of Asian Conference on Machine Learning,
pp. 17-32, 2016.

[11] Y. Ji and J. Eisenstein, "Representation Learning
for Text-level Discourse Parsing,” Proc. of the Annual
Meeting of the Association for Computational
Linguistics, pp. 13-24, 2014.

o] & &
2010 dHEdistn qu AT =4
i (3AD). 201218 KAIST AR 29(4

AD. 201299 ~&A) KAIbT AakeRE ukab
7. ARk AdoiAE], ArPA
HCI

I

20151 KAIST #2F8Re Z4](3kAD. 2017
W KAIST H2BhR SQ (XA, BAE
oF ApddolAe], MAled, el

]

1985 ®]=+ Southern Methodist Uni-
versity (SMU) A} 1987 #]= Sou-
thern Methodist Univeristy (SMU) ¥}
19871 ~1988% W= Temple University
. 1988 ~1994d  w]=k Syracuse
University al9=(tenured). 19943 ~2003
d FEdisty AFEAEY w4 2003 ~20091 —]'3;351_
5

A w4 2009 ~ A KAIST 2. lEoks A
B QA GxE whold, gAatelds, A HFE T

=wA Al 23 B A 12 3.(2017. 12)

KAIST | IP: 143.248.48.%*» | Accessed 2019/04/05 18:26(KST)



	신경망 기반 텍스트 모델링에 있어 순차적 결합 방법의 한계점과 이를 극복하기 위한 담화 기반의 결합 방법
	요약
	Abstract
	1. 서론
	2. 문맥 기반/결합 기반 텍스트 모델링
	3. 담화 기반 문장 임베딩 결합 방법
	4. 결론
	References


