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Machine Translation

• Sequence to sequence learning: Both input and output are 
both sequences with different lengths. 

• E.g. 機器學習→machine learning
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• Attention-based model
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Speech Recognition William Chan, Navdeep Jaitly, Quoc V. Le, Oriol Vinyals, 

“Listen, Attend and Spell”, arXiv’15 



Image Caption Generation

• Input an image, but output a sequence of words
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Image Caption Generation

• Good captions



Image Caption Generation
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Reading Comprehension Answer

Match Query

vector

Document

q

Extracted 

Information 

……𝑥1

𝛼1

=  

𝑛=1

𝑁

𝛼𝑛𝑥
𝑛

Please refer to the lecture on 2015/12/04

𝑥2 𝑥3 𝑥𝑁

𝛼2 𝛼3 𝛼𝑁

DNNSentence to 
vector can be 
jointly trained.



Answer

Match Query

vector

Document

q

Extracted 

Information 

……𝑥1

𝛼1

=  

𝑛=1

𝑁

𝛼𝑛ℎ
𝑛

Please refer to the lecture on 2015/12/04

𝑥2 𝑥3 𝑥𝑁

𝛼2 𝛼3 𝛼𝑁

Jointly learned
……ℎ1 ℎ2 ℎ3 ℎ𝑁

DNN

Memory
Network

Hopping



Memory
Network

q

……

……

Compute attention

Extract information

 

……

……

Compute attention

Extract information

 DNN a



Memory Network

• Performance of Hopping

Demo video: https://www.facebook.com/Engineering/videos/10153098860532200/



CNN
Good 
results

Special Attention:
Spatial Transformers

Max Jaderberg, Karen 
Simonyan, Andrew 
Zisserman, Koray 
Kavukcuoglu, Spatial 
Transformer Networks, 
arXiv’15
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Neural Turing Machine

• von Neumann architecture

https://www.quora.com/How-does-the-Von-Neumann-architecture-
provide-flexibility-for-program-development

Actually, Neural 
Turing Machine is an 
advanced RNN/LSTM.
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Wei Zhang, Yang 
Yu, Bowen Zhou, 
Structured Memory for 
Neural Turing Machines, 
arXiv’15



Stack RNN
Armand Joulin, Tomas Mikolov, Inferring 
Algorithmic Patterns with Stack-Augmented 
Recurrent Nets, 2015
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Plan

• 1/8 (五) 23:59: Presentation team decided

• 1/13 (三) 23:59: Presentation slides deadline

• 1/15 (五) 

• 上課時間：Presentation 

• 返鄉投票

• 1/16 (六) : 投票

• 1/20 (三) 23:59: Report deadline



Teaching Machines to Read and Comprehend, Hermann et. al. (2015)


