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The article you retweeted is ignorant.

You are ignorant to retweet the article.
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Example from (Yih & Toutanova, 2006)
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The boy wants the girl to believe him.
The boy wants to be believed by the girl.
The boy has a desire to be believed by the girl. 
The boy’s desire is for the girl to believe him. 
The boy is desirous of the girl believing him.

http://www.isi.edu/~ulf/amr/help/amr-guidelines.pdf

http://www.isi.edu/~ulf/amr/help/amr-guidelines.pdf
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Ronan Collobert, Jason Weston, Léon Bottou, Michael 
Karlen, Koray Kavukcuoglu, and Pavel Kuksa. 2011. Natural 
Language Processing (Almost) from Scratch. J. Mach. Learn. 
Res. 12, 2493-2537.
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Ronan Collobert, Jason Weston, Léon Bottou, Michael Karlen, Koray Kavukcuoglu, and Pavel Kuksa. 2011. 
Natural Language Processing (Almost) from Scratch. J. Mach. Learn. Res. 12 (November 2011), 2493-2537.
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Natural Language Processing (Almost) from Scratch. J. Mach. Learn. Res. 12 (November 2011), 2493-2537.
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Natural Language Processing (Almost) from Scratch. J. Mach. Learn. Res. 12 (November 2011), 2493-2537.
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Zhiheng Huang, Wei Xu, and Kai Yu. Bidirectional LSTM-CRF models for sequence tagging. CoRR, 
abs/1508.01991, 2015.
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Chunking NER
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Jie Zhou and Wei Xu. (2015). End-to-end learning of semantic role labeling using recurrent neural 
networks. ACL. 
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Luheng He, Kenton Lee, Mike Lewis and Luke Zettlemoyer. Deep Semantic Role Labeling: What 
Works and What’s Next. ACL 2017.
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Luheng He, Kenton Lee, Mike Lewis and Luke Zettlemoyer. Deep Semantic Role Labeling: What 
Works and What’s Next. ACL 2017.
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Yijia Liu, Wanxiang Che, Jiang Guo, Bing Qin, Ting Liu. (2016). Exploring Segment Representations 
for Neural Segmentation Models. IJCAI.
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Yijia Liu, Wanxiang Che, Jiang Guo, Bing Qin, Ting Liu. (2016). Exploring Segment Representations 
for Neural Segmentation Models. IJCAI.
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for Neural Segmentation Models. IJCAI.



�	-� ���� �-	���
	.� ������� �	-.���



���������
	� 
�
�	
����������

p�
���	��	
�	��������
������������ ����������
����������� �	

He1 does2 it3 here4$0 He1 does2 it3 here4$0

*

( )
arg max ( , )

Y X
Y score X Y

ÎF
=



������������������ ��
	�

p�
��(-����-	
-��-������
	�)
��	�����)
������
�-�� (�����-

��-
�(�	
�
�	
����-�)�
�����
-���-��
�����-(���(�� 

He1 does2 it3 here4$0

( , )
( , ) ( , , )

h m Y

score X Y score X h m
Î

= å



�	� �	 ��	
� �� �
�

p
,�)�����2)��)�)���������()�)��,�)���)�2��)����
)�������

p	)��4�)���2)(��)��)2)����,����������,2�
�)��)2)��)(��2����)��4�)��)��������� 

He1 does2 it3 here4$0

score(2,4) = ?

score(2,4) = w·f(2,4)



 ���
����	
��� �
�



 ����
	������
���������������

p�)!�� ���)������(�-- ��( 	2�5���0�
p����-������� ��-�+���-��)��-��
�����	����
	�

�)�-���-+5�����)2�5���0���5����2-!�+)2 ��)��)�
p�+
5�)2�������� �)��2�-���0���)2�5���0���5��0-�

�-)�+0���5�2-��5���0-�������5��-���5�-2



��������� 	�����


Treebank He1 does2 it3 here4$0

He1 does2 it3 here4$0 He1 does2 it3 here4$0

Gold-standard  parse Y+ 1-best parse Y- with w(k)

w(k+1) = w(k) + f(X,Y+)  – f(X,Y-)
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Pei, W., Ge, T., & Chang, B. (2015). An Effective Neural Network Model for Graph-based 
Dependency Parsing. ACL.
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Kiperwasser, E., & Goldberg, Y. (2016). Simple and Accurate Dependency Parsing Using 
Bidirectional LSTM Feature Representations. TACL. 
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Timothy Dozat and Christopher D. Manning. Deep Biaffine Attention for Neural Dependency Parsing.
ICLR 2017.

• Just optimize the likelihood of the 
head, no structured learning

• This is a local model, with global 
decoding using MST at the end
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Wanxiang Che, Yijia Liu, Yuxuan Wang, Bo Zheng, Ting Liu. Towards Better UD Parsing: Deep 
Contextualized Word Embeddings, Ensemble, and Treebank Concatenation. CoNLL 2018.
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Peters+. Deep contextualized word representations. NAACL 2018.
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Arc Standard algorithm
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ROOT   has_VBZ good_JJ Control_NN ._.

Stack Buffer

He_PRP
nsubjConfiguration

ROOT    He_PRP has_VBZ good_JJ Control_NN ._.

Stack Buffer

Configuration

Operation:
• Add a left arc (S0)
• Remove “He_PRP” from Stack
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ROOT   has_VBZ good_JJ Control_NN ._.

Stack Buffer

He_PRP
nsubj

Configuration

ROOT   has_VBZ good_JJ Control_NN ._.

Stack Buffer

He_PRP
nsubjConfiguration

Operation:
• Shift “good_JJ” from Buffer to top of Stack
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ROOT   has_VBZ ._.

Stack Buffer

He_PRP

nsubjConfiguration

Operation:
• Add a right arc (S1)
• Remove S0 (“Control_NN”) from Stack

ROOT   has_VBZ Control_NN ._.

Stack Buffer

He_PRP
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Configuration

good_JJ
amod

good_JJ
amod

Control_NN

dobj
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ROOT   has_VBZ good_JJ Control_NN ._.

Stack Buffer

He_PRP

nsubj

Configuration

Feature Vector:

• Binary

• Sparse

• High-dimensional

0 0 1 0 1 … 0 1 0 0

Feature templates: a combination of elements from the configuration.

• For example: (Zhang and Nivre, 2011): 72 feature templates
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Chen, D., & Manning, C. D. (2014). A Fast and Accurate Dependency Parser using Neural Network. ACL.
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Chen, D., & Manning, C. D. (2014). A Fast and Accurate Dependency Parser using Neural Network. ACL.
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Keperwasser, E., & Goldberg, Y. (2016). Simple and Accurate Dependency Parsing Using Bidirectional LSTM Feature Representations. 
TACL.
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Dyer, C., Ballesteros, M., Ling, W., Matthews, A., & Smith, N. A. (2015). Transition-Based Dependency Parsing with Stack 
Long Short-Term Memory. ACL.
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Dyer, C., Ballesteros, M., Ling, W., Matthews, A., & Smith, N. A. (2015). Transition-Based Dependency Parsing with Stack 
Long Short-Term Memory. ACL.
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Long Short-Term Memory. ACL.

CTB (CTB5)PTB (SD)

�������



Ballesteros, M., Dyer, C., & Smith, N. A. (2015). Improved Transition-Based Parsing by Modeling Characters instead of 
Words with LSTMs. EMNLP.
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Zhou, H., Zhang, Y., Huang, S., & Chen, J. (2015). A Neural Probabilistic Structured-Prediction Model for Transition-Based 
Dependency Parsing. ACL.
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Zhou, H., Zhang, Y., Huang, S., & Chen, J. (2015). A Neural Probabilistic Structured-Prediction Model for Transition-Based 
Dependency Parsing. ACL.
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Andor, D., Alberti, Chris., Weiss, D., Severyn, A., Presta, A., Ganchev, K., Petrov, S., & Collins, M. (2016). Globally 
Normalized Transition-Based Neural Networks. ACL.
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Yuxuan Wang, Jiang Guo, Wanxiang Che and Ting Liu. Transition-Based Chinese Semantic 
Dependency Graph Parsing. CCL 2016. Best Paper Award.



��� ��������
�	

Yuxuan Wang, Wanxiang Che, Jiang Guo and Ting Liu. A Neural Transition-Based Approach for Semantic Dependency Graph 
Parsing. AAAI 2018.
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(Colors indicate language families)
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Question 1:
How to create parsers for the majority of those low/zero-resource 
languages ?

Language
EN ZH DE SP … KO
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Question 2:
Do the existing rich-resource treebanks benefit each other?
• Multilingual vs. Monolingual
• Universal vs. Heterogeneous
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Yijia Liu, Wanxiang Che, Huaipeng Zhao, Bing Qin and Ting Liu. Distilling Knowledge for Search-based 
Structured Prediction. ACL 2018.
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Ambiguities in training data
“both this and the seems reasonable”

Training and test discrepancy
“What if I made wrong decision?”

love

Yijia Liu, Wanxiang Che, Huaipeng Zhao, Bing Qin and Ting Liu. Distilling Knowledge for Search-based 
Structured Prediction. ACL 2018.
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Ambiguities in training data
Ensemble (Dietterich, 2000)

Training and test discrepancy
Explore (Ross and Bagnell, 2010)

love

Yijia Liu, Wanxiang Che, Huaipeng Zhao, Bing Qin and Ting Liu. Distilling Knowledge for Search-based 
Structured Prediction. ACL 2018.
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Knowledge Distillation
Ambiguities in training data Training and test discrepancy

Yijia Liu, Wanxiang Che, Huaipeng Zhao, Bing Qin and Ting Liu. Distilling Knowledge for Search-based 
Structured Prediction. ACL 2018.
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! " #, %&'() is the output distribution
of a teacher model (e.g. ensemble)
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Yijia Liu, Wanxiang Che, Huaipeng Zhao, Bing Qin and Ting Liu. Distilling Knowledge for Search-based 
Structured Prediction. ACL 2018.
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Ambiguities in training data
Ensemble (Dietterich, 2000)
We use ensemble of M structure predictor as the teacher q
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Yijia Liu, Wanxiang Che, Huaipeng Zhao, Bing Qin and Ting Liu. Distilling Knowledge for Search-based 
Structured Prediction. ACL 2018.
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Training and test discrepancy
Explore (Ross and Bagnell, 2010)
We use teacher q to explore the search space & learn from KD on the explored
data
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Transition-based Dependency Parsing
Penn Treebank (Stanford dependencies)

LAS

Baseline 90.83
Ensemble (20) 92.73
Distill (reference, ! = 1.0) 91.99
Distill (exploration) 92.00
Distill (both) 92.14
Ballesteros et al. (2016) (dyn. oracle) 91.42
Andor et al. (2016) (local, B=1) 91.02

Neural Machine Translation
IWSLT 2014 en-de

BLEU

Baseline 22.79
Ensemble (10) 26.26
Distill (reference, ! = 0.8) 24.76
Distill (exploration) 24.64
Distill (both) 25.44
MIXER (Ranzato et al. 2015) 20.73
Wiseman and Rush (2016) (local B=1) 22.53
Wiseman and Rush (2016) (global B=1) 23.83

Yijia Liu, Wanxiang Che, Huaipeng Zhao, Bing Qin and Ting Liu. Distilling Knowledge for Search-based 
Structured Prediction. ACL 2018.
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Yijia Liu, Wanxiang Che, Huaipeng Zhao, Bing Qin and Ting Liu. Distilling Knowledge for Search-based 
Structured Prediction. ACL 2018.
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Michael Roth and Mirella Lapata. Neural Semantic Role Labeling with Dependency Path Embeddings. ACL 2016
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Meishan Zhang, Yue Zhang and Guohong Fu. End-to-End Neural Relation Extraction with Global Optimization.
EMNLP 2017.
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Richard Socher, Cliff Chiung-Yu Lin, Andrew 
Y. Ng and Christopher D. Manning. Parsing 
Natural Scenes And Natural Language With 
Recursive Neural Networks. ICML 2011.



����������

p ���	��
� ����
• �
�������

• Kai Sheng Tai, Richard Socher, and Christopher D. Manning. 2015. Improved semantic 
representations from tree-structured long short-term memory networks. ACL 2015.

• Xiaodan Zhu, Parinaz Sobihani, and Hongyu Guo. 2015. Long short-term memory over recursive
structures. ICML 2015.
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Peng, N., Poon, H., Quirk, C., Toutanova, K., & Yih, W. 2017 Apr 5. Cross-Sentence N-ary Relation 
Extraction with Graph LSTMs. Transactions of the Association for Computational Linguistics.
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Shuangzhi Wu, Dongdong Zhang, Nan Yang, Mu Li and Ming Zhou. Sequence-to-Dependency Neural 
Machine Translation. ACL 2017.

Dependency Decoder
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David McClosky, Mihai Surdeanu, and Christopher D. Manning. Event Extraction as Dependency Parsing. ACL 2011.
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