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Duyu Tang, Furu Wei, Nan Yang, Ming Zhou, Ting Liu, and Bing Qin. Learning Sentiment-
Specific Word Embedding for Twitter Sentiment Classification. In Proceedings of ACL 2014.
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Ronan Collobert, Jason Weston, Leon Bottou, Michael Karlen, Koray Kavukcuoglu and Pavel
Kuksa. Natural language processing (almost) from scratch. JMLR 2011.
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modelling sentences. In Proceedings of ACL 2014.
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Nal Kalchbrenner, Edward Grefenstette, and Phil Blunsom. A convolutional neural network for
modelling sentences. In Proceedings of ACL 2014.



% & £ A4 2 W 4(CNN)

/
/

Nal Kalchbrenner, Edward Grefenstette, and Phil Blunsom. A convolutional neural network for
modelling sentences. In Proceedings of ACL 2014.
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Nal Kalchbrenner, Edward Grefenstette, and Phil Blunsom. A convolutional neural network for
modelling sentences. In Proceedings of ACL 2014.
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Yoon Kim. Convolutional neural networks for sentence classification. In Proceedings of EMNLP

2014.
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Ye Zhang, Stephen Roller, and Byron Wallace. Mgnc-cnn: A simple approach to exploiting
multiple word embeddings for sentence classification. In Proceedings of NAACL 2016.
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In Proceedings of ACL 2015
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Zhiyang Teng, Duy Tin Vo and Yue Zhang. Context-Sensitive Lexicon Features for Neural
Sentiment Analysis. In Proceeddings of EMNLP 2016
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Neural Networks for Modeling Sentences and Documents. In Proceedings of NAACL2016
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Proceedings of [JCAI2015.
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Xinchi Chen, Xipeng Qiu, Chenxi Zhu, Shiyu Wu, and Xuanjing Huang. Sentence modeling with
gated recursive neural network. In Proceedings of EMNLP2015.
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Richard Socher, Brody Huval, Christopher D. Manning, and Andrew Y. Ng. Semantic
compositionality through recursive matrix-vector spaces. In Proceedings of EMNLP2012.
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Richard Socher, Alex Perelygin, Jean Y. Wu, Jason Chuang, Christopher D. Manning, Andrew Y.
Ng, and Christopher Potts. Recursive deep models for semantic compositionality over a sentiment
treebank. In Proceedings of EMNLP2013.
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L1 Dong, Furu Wei, Ming Zhou, and Ke Xu. Adaptive Multi-Compositionality for Recursive
Neural Models with Applications to Sentiment Analysis. In Proceedings of AAAI2014.
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Ozan Irsoy, and Claire Cardie. Deep recursive neural networks for compositionality in language.
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Kai Sheng Tai, Richard Socher, and Christopher D. Manning. Improved semantic representations
from tree-structured long short-term memory networks. In Proceedings of ACL2015.

Xiaodan Zhu, Parinaz Sobhani, and Hongyu Guo. Long short-term memory over recursive
structures. In Proceedings of ICML2015.
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Lili Mou, Hao Peng, Ge Li, Yan Xu, Lu Zhang and Zhi Jin. Discriminative Neural Sentence
Modeling by Tree-Based Convolution. In Proceedings of EMNLP2015.

Mingbo Ma, Liang Huang, Bowen Zhou and Bing Xiang. Dependency-based convolutional
neural networks for sentence embedding[C] In Proceedings of ACL2015.



A ) B0 S 9%



#) ) AR B
e Sequential (Denoising) Autoencoders
o Encoder-decodertE 22
o I
PL— & MR MR — 1]
PL— 5 MEER A 5 AH <1 ) PR 1]

e FastSent
o FR¥E 2T A) T 5 A

. Si = ZwES',: Uy
/ETJ ? E'(J IEJ Z (51, V)

weS;—1USi+1

o 1] LL¥tautoencoderfil A\t 25 S 6(sivw)

weSi-1US;USi+1

il
di

Felix Hill, Kyunghyun Cho, Anna Korhonen. Learning Distributed Representations of Sentences
from Unlabelled Data. In Proceedings of NAACL2016.
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Himabindu Lakkaraju, Richard Socher, and Chris Manning. Aspect Specific Sentiment Analysis
using Hierarchical Deep Learning. In Proceedings of NIPS WorkShop 2014.
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Elliot Marx, and Zachary Yellin-Flaherty. Aspect Specific Sentiment Analysis of Unstructured
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Phrase Grouping. In Proceedings of COLING2016.
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Ozan Irsoy, and Claire Cardie. Opinion Mining with Deep Recurrent Neural Networks.
In Proceedings of EMNLP2014.
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Pengfei Liu, Shafiq Joty, and Helen Meng. Fine-grained opinion mining with recurrent neural
networks and word embeddings. In Proceedings of EMNLP2015.
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Proceedings of SemEval2016.



1 IR A 22 W) 45

iy 808
EEE [

0000
o000
00
[ X )
o
EI:]:] Outputs
t
:] Rectified Linear
t
Recurrent SOEE 2\ SIS
- (pre-trained) BN Yy
t

':] Projection

(pre-trained) word 2V€C;

! word2phrase

One-Hot
Inputs

</s>
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