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Attention Models

• Focus on parts of input
• Improves NN performance on different tasks
• IBM1 attention mechanism (1980’s)

Attention Models

• “One of the most exciting advancements”
- Ilya Sutskever, Dec 2015
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Modelling Language using RNNs
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• Language models: P (wordi|word1, ..., wordi−1)

• Recurrent Neural Networks
• Gated additive sequence modelling:
LSTM (and variants) details

• Fixed vector representation for sequences

Encoder-Decoder Framework

x3x2x1

y3y2y1{ encoder {

decoder

• Sequence to Sequence Learning with Neural Networks Ilya
Sutskever, Oriol Vinyals, Quoc V. Le, NIPS 2014

• Neural Machine Translation (NMT)
• Reversed input sentence!

NMT with Attention

p(yi|y1, ..., yi−1, x) = g(yi−1, si, ci)

si = f(si−1, yi−1, ci)
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Bahdanau, Cho, Bengio, ICLR 2015
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Alignment - (more)
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(b)

Caption Generation

• “Translating” from images to natural language

Caption Generation

• Convolutional network:
Oxford net,
19 layers,
stacks of 3x3 conv-layers,
max-pooling.

• Annotation vectors: a = {a1, ...,aL}, ai ∈ RD

• Attention over a.

Attention Visualization



Source Code Summarization

• Predict function names
given function body

• Convolutional attention
mechanism; 1D patterns

• Out of vocabulary terms
handled (copy
mechanism)

details

A Convolutional Attention Network for Extreme Summarization of Source
CodeAllamanis et al. Feb 2016 (arxiv draft)

Source Code Summarization

Target Attention Vectors λ

m1 i s
α = <s>{ r et ur n ( mFl ags & e Bul l et Fl ag ) == e Bul l et Fl ag ; } </ s>

0.012
κ = <s>{ r et ur n ( mFl ags & e Bul l et Fl ag ) == e Bul l et Fl ag ; } </ s>

m2 bul l et
α = <s>{ r et ur n ( mFl ags & e Bul l et Fl ag ) == e Bul l et Fl ag ; } </ s>

0.436
κ = <s>{ r et ur n ( mFl ags & e Bul l et Fl ag ) == e Bul l et Fl ag ; } </ s>

m3 END
α = <s>{ r et ur n ( mFl ags & e Bul l et Fl ag ) == e Bul l et Fl ag ; } </ s>

0.174
κ = <s>{ r et ur n ( mFl ags & e Bul l et Fl ag ) == e Bul l et Fl ag ; } </ s>

A Convolutional Attention Network for Extreme Summarization of Source
CodeAllamanis et al. Feb 2016 (arxiv draft)

Memory Networks

• Attention refers back to internal memory; state of encoder
• Neural Turing Machines
• (End-To-End) Memory Networks:
explicit memory mechanisms
(out of scope today)

mogren@chalmers.se

http://mogren.one/

http://www.cse.chalmers.se/research/lab/

mogren@chalmers.se
http://mogren.one/
http://www.cse.chalmers.se/research/lab/


Appendix

Teaching Machines to Read and Comprehend, Dec 2015
Hermann, Kocisky, Greffenstette,

Espeholt, Kay, Suleyman, Blunsom

Draw

DRAW, A Recurrent Neural Network For Image Generation - 2015
Gregor, Danihelka, Graves, Rezende, Wierstra

Alignment - (back)
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LSTM

Christopher Olah

back

Source Code Summarization

• Kl1: patterns in input
• Kl2 (and Kα,Kκ): higher level abstractions
• α,κ: attention over input subtokens
• Simple version: only Kα, for decoding
• Complete version: uses Kλ for deciding on
generation or copying

back
A Convolutional Attention Network for Extreme Summarization of Source
Code
Allamanis et al. Feb 2016 (arxiv draft)

IBM Model 1: The first translation attention model!

A simple generative model for p(s|t) is derived by introducing a
latent variable a into the conditional probabiliy:

p(s|t) =
∑

a

p(J|I )
(I + 1)J

J∏

j=1

p(sj |taj ),

where:

• s and t are the input (source) and output (target) sentences
of length J and I respectively,

• a is a vector of length J consisting of integer indexes into the
target sentence, known as the alignment,

• p(J|I ) is not importent for training the model and we’ll treat
it as a constant ε.

To learn this model we use the EM algorithm to find the MLE
values for the parameters p(sj |taj ).

back

Soft vs Hard Attention

Soft
• Weighted average of whole input
• Differentiable loss
• Increased computational cost

Hard
• Sample parts of input
• Policy gradient
• Variational methods
• Reinforcement Learning
• Decreased computational cost
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