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Semantic Segmentation

21

Label every pixel!

Don’t differentiate 
instances (cows)

Classic computer 
vision problem

Figure credit: Shotton et al, “TextonBoost for Image Understanding: Multi-Class Object Recognition and Segmentation by Jointly Modeling Texture, Layout, and Context”, IJCV 2007
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Instance Segmentation
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Figure credit: Dai et al, “Instance-aware Semantic Segmentation via Multi-task Network Cascades”, arXiv 2015

Detect instances, 
give category, label 
pixels

“simultaneous 
detection and 
segmentation” (SDS)

Lots of recent work 
(MS-COCO)
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Semantic Segmentation
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Semantic Segmentation
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Extract 
patch
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Semantic Segmentation
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CNN

Extract 
patch

Run through
a CNN
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Semantic Segmentation
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CNN COW

Extract 
patch

Run through
a CNN

Classify 
center pixel



Lecture 13 - Fei-Fei Li & Andrej Karpathy & Justin Johnson 24 Feb 2016

Semantic Segmentation
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CNN COW

Extract 
patch

Run through
a CNN

Classify 
center pixel

Repeat for 
every pixel
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Semantic Segmentation
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CNN

Run “fully convolutional” network 
to get all pixels at once

Smaller output 
due to pooling



Lecture 13 - Fei-Fei Li & Andrej Karpathy & Justin Johnson 24 Feb 2016

Semantic Segmentation: Multi-Scale

30

Farabet et al, “Learning Hierarchical Features for Scene Labeling,” TPAMI 2013
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Semantic Segmentation: Multi-Scale
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Farabet et al, “Learning Hierarchical Features for Scene Labeling,” TPAMI 2013

Resize image to 
multiple scales
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Semantic Segmentation: Multi-Scale
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Farabet et al, “Learning Hierarchical Features for Scene Labeling,” TPAMI 2013

Resize image to 
multiple scales

Run one CNN 
per scale



Lecture 13 - Fei-Fei Li & Andrej Karpathy & Justin Johnson 24 Feb 2016

Semantic Segmentation: Multi-Scale
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Farabet et al, “Learning Hierarchical Features for Scene Labeling,” TPAMI 2013

Resize image to 
multiple scales

Run one CNN 
per scale

Upscale outputs
and concatenate
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Semantic Segmentation: Multi-Scale
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Farabet et al, “Learning Hierarchical Features for Scene Labeling,” TPAMI 2013

Resize image to 
multiple scales

Run one CNN 
per scale

Upscale outputs
and concatenate

External “bottom-up” 
segmentation
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Semantic Segmentation: Multi-Scale
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Farabet et al, “Learning Hierarchical Features for Scene Labeling,” TPAMI 2013

Resize image to 
multiple scales

Run one CNN 
per scale

Upscale outputs
and concatenate

External “bottom-up” 
segmentation

Combine everything 
for final outputs
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Semantic Segmentation: Refinement

36

Pinheiro and Collobert, “Recurrent Convolutional Neural Networks for Scene Labeling”, ICML 2014

Apply CNN once 
to get labels
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Semantic Segmentation: Refinement

37

Pinheiro and Collobert, “Recurrent Convolutional Neural Networks for Scene Labeling”, ICML 2014

Apply CNN once 
to get labels

Apply AGAIN to 
refine labels
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Semantic Segmentation: Refinement
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Pinheiro and Collobert, “Recurrent Convolutional Neural Networks for Scene Labeling”, ICML 2014

Apply CNN once 
to get labels

Apply AGAIN to 
refine labels

And again!
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Semantic Segmentation: Refinement
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Pinheiro and Collobert, “Recurrent Convolutional Neural Networks for Scene Labeling”, ICML 2014

Apply CNN once 
to get labels

Apply AGAIN to 
refine labels

And again!

Same CNN weights:
recurrent convolutional network
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Semantic Segmentation: Refinement
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Pinheiro and Collobert, “Recurrent Convolutional Neural Networks for Scene Labeling”, ICML 2014

Apply CNN once 
to get labels

Apply AGAIN to 
refine labels

And again!

Same CNN weights:
recurrent convolutional network

More iterations improve results
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Long, Shelhamer, and Darrell, “Fully Convolutional Networks for Semantic Segmentation”, CVPR 2015

Semantic Segmentation: Upsampling
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Long, Shelhamer, and Darrell, “Fully Convolutional Networks for Semantic Segmentation”, CVPR 2015

Semantic Segmentation: Upsampling

Learnable upsampling!
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Long, Shelhamer, and Darrell, “Fully Convolutional Networks for Semantic Segmentation”, CVPR 2015

Semantic Segmentation: Upsampling
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Long, Shelhamer, and Darrell, “Fully Convolutional Networks for Semantic Segmentation”, CVPR 2015

Semantic Segmentation: Upsampling

“skip 
connections”
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Long, Shelhamer, and Darrell, “Fully Convolutional Networks for Semantic Segmentation”, CVPR 2015

Semantic Segmentation: Upsampling

Skip connections = Better results

“skip 
connections”
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Learnable Upsampling: “Deconvolution”

46

Typical 3 x 3 convolution, stride 1 pad 1

Input: 4 x 4 Output: 4 x 4
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Learnable Upsampling: “Deconvolution”
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Typical 3 x 3 convolution, stride 1 pad 1

Input: 4 x 4 Output: 4 x 4

Dot product 
between filter 
and input



Lecture 13 - Fei-Fei Li & Andrej Karpathy & Justin Johnson 24 Feb 2016

Learnable Upsampling: “Deconvolution”
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Typical 3 x 3 convolution, stride 1 pad 1

Input: 4 x 4 Output: 4 x 4

Dot product 
between filter 
and input
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Learnable Upsampling: “Deconvolution”
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Typical 3 x 3 convolution, stride 2 pad 1

Input: 4 x 4 Output: 2 x 2
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Learnable Upsampling: “Deconvolution”
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Typical 3 x 3 convolution, stride 2 pad 1

Input: 4 x 4 Output: 2 x 2

Dot product 
between filter 
and input
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Learnable Upsampling: “Deconvolution”
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Typical 3 x 3 convolution, stride 2 pad 1

Input: 4 x 4 Output: 2 x 2

Dot product 
between filter 
and input
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Learnable Upsampling: “Deconvolution”

52

3 x 3 “deconvolution”, stride 2 pad 1

Input: 2 x 2 Output: 4 x 4
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Learnable Upsampling: “Deconvolution”

53

3 x 3 “deconvolution”, stride 2 pad 1

Input: 2 x 2 Output: 4 x 4

Input gives 
weight for 
filter
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Learnable Upsampling: “Deconvolution”
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3 x 3 “deconvolution”, stride 2 pad 1

Input: 2 x 2 Output: 4 x 4

Input gives 
weight for 
filter
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Learnable Upsampling: “Deconvolution”

55

3 x 3 “deconvolution”, stride 2 pad 1

Input: 2 x 2 Output: 4 x 4

Input gives 
weight for 
filter

Sum where 
output overlaps
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Learnable Upsampling: “Deconvolution”

56

3 x 3 “deconvolution”, stride 2 pad 1

Input: 2 x 2 Output: 4 x 4

Input gives 
weight for 
filter

Sum where 
output overlaps

Same as backward pass for 
normal convolution!
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Learnable Upsampling: “Deconvolution”

57

3 x 3 “deconvolution”, stride 2 pad 1

Input: 2 x 2 Output: 4 x 4

Input gives 
weight for 
filter

Sum where 
output overlaps

Same as backward pass for 
normal convolution!

“Deconvolution” is a bad 
name, already defined as 
“inverse of convolution”

Better names: 
convolution transpose,
backward strided convolution,
1/2 strided convolution, 
upconvolution
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Learnable Upsampling: “Deconvolution”
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“Deconvolution” is a bad 
name, already defined as 
“inverse of convolution”

Better names: 
convolution transpose,
backward strided convolution,
1/2 strided convolution, 
upconvolution

Im et al, “Generating images with recurrent adversarial networks”, arXiv 2016

Radford et al, “Unsupervised Representation Learning with Deep 
Convolutional Generative Adversarial Networks”, ICLR 2016
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Learnable Upsampling: “Deconvolution”
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“Deconvolution” is a bad 
name, already defined as 
“inverse of convolution”

Better names: 
convolution transpose,
backward strided convolution,
1/2 strided convolution, 
upconvolution

Im et al, “Generating images with recurrent adversarial networks”, arXiv 2016

Radford et al, “Unsupervised Representation Learning with Deep 
Convolutional Generative Adversarial Networks”, ICLR 2016

Great explanation 
in appendix
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Semantic Segmentation: Upsampling

60

Noh et al, “Learning Deconvolution Network for Semantic Segmentation”, ICCV 2015
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Semantic Segmentation: Upsampling

61

Noh et al, “Learning Deconvolution Network for Semantic Segmentation”, ICCV 2015

Normal VGG “Upside down” VGG

6 days of training on Titan X… 



Attention Models



RNNs for text translation

• Encode sentence in with one RNN.

• Then Decode the sentence with another RNN...

Focus on:
Neural Machine Translation by Jointly Learning to Align and Translate by Bahdanau et al, ICLR 2015.
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“Mi gato es el mejor” -> “My cat is the best”

Soft Attention for Translation

106

Bahdanau et al, “Neural Machine Translation by 
Jointly Learning to Align and Translate”, ICLR 2015
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Soft Attention for Translation

“Mi gato es el mejor” -> “My cat is the best”

107

Distribution over 
input words

Bahdanau et al, “Neural Machine Translation by 
Jointly Learning to Align and Translate”, ICLR 2015
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Soft Attention for Translation

“Mi gato es el mejor” -> “My cat is the best”

108

Distribution over 
input words

Bahdanau et al, “Neural Machine Translation by 
Jointly Learning to Align and Translate”, ICLR 2015
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Soft Attention for Translation

“Mi gato es el mejor” -> “My cat is the best”

109

Distribution over 
input words

Bahdanau et al, “Neural Machine Translation by 
Jointly Learning to Align and Translate”, ICLR 2015



Example effect of search

Sample result from:
Neural Machine Translation by Jointly Learning to Align and Translate by Bahdanau et al, ICLR 2015.

• Test sentence in English:

Published as a conference paper at ICLR 2015

Model All No UNK�

RNNencdec-30 13.93 24.19
RNNsearch-30 21.50 31.44
RNNencdec-50 17.82 26.71
RNNsearch-50 26.75 34.16
RNNsearch-50? 28.45 36.15

Moses 33.30 35.63

Table 1: BLEU scores of the trained models com-
puted on the test set. The second and third columns
show respectively the scores on all the sentences and,
on the sentences without any unknown word in them-
selves and in the reference translations. Note that
RNNsearch-50? was trained much longer until the
performance on the development set stopped improv-
ing. (�) We disallowed the models to generate [UNK]
tokens when only the sentences having no unknown
words were evaluated (last column).

5.2 QUALITATIVE ANALYSIS

5.2.1 ALIGNMENT

The proposed approach provides an intuitive way to inspect the (soft-)alignment between the words
in a generated translation and those in a source sentence. This is done by visualizing the annotation
weights ↵ij from Eq. (6), as in Fig. 3. Each row of a matrix in each plot indicates the weights
associated with the annotations. From this we see which positions in the source sentence were
considered more important when generating the target word.

We can see from the alignments in Fig. 3 that the alignment of words between English and French
is largely monotonic. We see strong weights along the diagonal of each matrix. However, we also
observe a number of non-trivial, non-monotonic alignments. Adjectives and nouns are typically
ordered differently between French and English, and we see an example in Fig. 3 (a). From this
figure, we see that the model correctly translates a phrase [European Economic Area] into [zone
économique européen]. The RNNsearch was able to correctly align [zone] with [Area], jumping
over the two words ([European] and [Economic]), and then looked one word back at a time to
complete the whole phrase [zone économique européenne].

The strength of the soft-alignment, opposed to a hard-alignment, is evident, for instance, from
Fig. 3 (d). Consider the source phrase [the man] which was translated into [l’ homme]. Any hard
alignment will map [the] to [l’] and [man] to [homme]. This is not helpful for translation, as one
must consider the word following [the] to determine whether it should be translated into [le], [la],
[les] or [l’]. Our soft-alignment solves this issue naturally by letting the model look at both [the] and
[man], and in this example, we see that the model was able to correctly translate [the] into [l’]. We
observe similar behaviors in all the presented cases in Fig. 3. An additional benefit of the soft align-
ment is that it naturally deals with source and target phrases of different lengths, without requiring a
counter-intuitive way of mapping some words to or from nowhere ([NULL]) (see, e.g., Chapters 4
and 5 of Koehn, 2010).

5.2.2 LONG SENTENCES

As clearly visible from Fig. 2 the proposed model (RNNsearch) is much better than the conventional
model (RNNencdec) at translating long sentences. This is likely due to the fact that the RNNsearch
does not require encoding a long sentence into a fixed-length vector perfectly, but only accurately
encoding the parts of the input sentence that surround a particular word.

As an example, consider this source sentence from the test set:

An admitting privilege is the right of a doctor to admit a patient to a hospital or
a medical centre to carry out a diagnosis or a procedure, based on his status as a
health care worker at a hospital.

The RNNencdec-50 translated this sentence into:

Un privilège d’admission est le droit d’un médecin de reconnaı̂tre un patient à
l’hôpital ou un centre médical d’un diagnostic ou de prendre un diagnostic en
fonction de son état de santé.

7

• Translation with no attention mechanism:

Published as a conference paper at ICLR 2015

Model All No UNK�

RNNencdec-30 13.93 24.19
RNNsearch-30 21.50 31.44
RNNencdec-50 17.82 26.71
RNNsearch-50 26.75 34.16
RNNsearch-50? 28.45 36.15

Moses 33.30 35.63

Table 1: BLEU scores of the trained models com-
puted on the test set. The second and third columns
show respectively the scores on all the sentences and,
on the sentences without any unknown word in them-
selves and in the reference translations. Note that
RNNsearch-50? was trained much longer until the
performance on the development set stopped improv-
ing. (�) We disallowed the models to generate [UNK]
tokens when only the sentences having no unknown
words were evaluated (last column).

5.2 QUALITATIVE ANALYSIS

5.2.1 ALIGNMENT

The proposed approach provides an intuitive way to inspect the (soft-)alignment between the words
in a generated translation and those in a source sentence. This is done by visualizing the annotation
weights ↵ij from Eq. (6), as in Fig. 3. Each row of a matrix in each plot indicates the weights
associated with the annotations. From this we see which positions in the source sentence were
considered more important when generating the target word.

We can see from the alignments in Fig. 3 that the alignment of words between English and French
is largely monotonic. We see strong weights along the diagonal of each matrix. However, we also
observe a number of non-trivial, non-monotonic alignments. Adjectives and nouns are typically
ordered differently between French and English, and we see an example in Fig. 3 (a). From this
figure, we see that the model correctly translates a phrase [European Economic Area] into [zone
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over the two words ([European] and [Economic]), and then looked one word back at a time to
complete the whole phrase [zone économique européenne].

The strength of the soft-alignment, opposed to a hard-alignment, is evident, for instance, from
Fig. 3 (d). Consider the source phrase [the man] which was translated into [l’ homme]. Any hard
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[man], and in this example, we see that the model was able to correctly translate [the] into [l’]. We
observe similar behaviors in all the presented cases in Fig. 3. An additional benefit of the soft align-
ment is that it naturally deals with source and target phrases of different lengths, without requiring a
counter-intuitive way of mapping some words to or from nowhere ([NULL]) (see, e.g., Chapters 4
and 5 of Koehn, 2010).

5.2.2 LONG SENTENCES

As clearly visible from Fig. 2 the proposed model (RNNsearch) is much better than the conventional
model (RNNencdec) at translating long sentences. This is likely due to the fact that the RNNsearch
does not require encoding a long sentence into a fixed-length vector perfectly, but only accurately
encoding the parts of the input sentence that surround a particular word.

As an example, consider this source sentence from the test set:

An admitting privilege is the right of a doctor to admit a patient to a hospital or
a medical centre to carry out a diagnosis or a procedure, based on his status as a
health care worker at a hospital.

The RNNencdec-50 translated this sentence into:

Un privilège d’admission est le droit d’un médecin de reconnaı̂tre un patient à
l’hôpital ou un centre médical d’un diagnostic ou de prendre un diagnostic en
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7• Translation with attention mechanism:

Published as a conference paper at ICLR 2015

The RNNencdec-50 correctly translated the source sentence until [a medical center]. However, from
there on (underlined), it deviated from the original meaning of the source sentence. For instance, it
replaced [based on his status as a health care worker at a hospital] in the source sentence with [en
fonction de son état de santé] (“based on his state of health”).

On the other hand, the RNNsearch-50 generated the following correct translation, preserving the
whole meaning of the input sentence without omitting any details:

Un privilège d’admission est le droit d’un médecin d’admettre un patient à un
hôpital ou un centre médical pour effectuer un diagnostic ou une procédure, selon
son statut de travailleur des soins de santé à l’hôpital.

Let us consider another sentence from the test set:

This kind of experience is part of Disney’s efforts to ”extend the lifetime of its
series and build new relationships with audiences via digital platforms that are
becoming ever more important,” he added.

The translation by the RNNencdec-50 is

Ce type d’expérience fait partie des initiatives du Disney pour ”prolonger la durée
de vie de ses nouvelles et de développer des liens avec les lecteurs numériques qui
deviennent plus complexes.

As with the previous example, the RNNencdec began deviating from the actual meaning of the
source sentence after generating approximately 30 words (see the underlined phrase). After that
point, the quality of the translation deteriorates, with basic mistakes such as the lack of a closing
quotation mark.

Again, the RNNsearch-50 was able to translate this long sentence correctly:

Ce genre d’expérience fait partie des efforts de Disney pour ”prolonger la durée
de vie de ses séries et créer de nouvelles relations avec des publics via des
plateformes numériques de plus en plus importantes”, a-t-il ajouté.

In conjunction with the quantitative results presented already, these qualitative observations con-
firm our hypotheses that the RNNsearch architecture enables far more reliable translation of long
sentences than the standard RNNencdec model.

In Appendix C, we provide a few more sample translations of long source sentences generated by
the RNNencdec-50, RNNsearch-50 and Google Translate along with the reference translations.

6 RELATED WORK

6.1 LEARNING TO ALIGN

A similar approach of aligning an output symbol with an input symbol was proposed recently by
Graves (2013) in the context of handwriting synthesis. Handwriting synthesis is a task where the
model is asked to generate handwriting of a given sequence of characters. In his work, he used a
mixture of Gaussian kernels to compute the weights of the annotations, where the location, width
and mixture coefficient of each kernel was predicted from an alignment model. More specifically,
his alignment was restricted to predict the location such that the location increases monotonically.

The main difference from our approach is that, in (Graves, 2013), the modes of the weights of the
annotations only move in one direction. In the context of machine translation, this is a severe limi-
tation, as (long-distance) reordering is often needed to generate a grammatically correct translation
(for instance, English-to-German).

Our approach, on the other hand, requires computing the annotation weight of every word in the
source sentence for each word in the translation. This drawback is not severe with the task of
translation in which most of input and output sentences are only 15–40 words. However, this may
limit the applicability of the proposed scheme to other tasks.

8
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The strength of the soft-alignment, opposed to a hard-alignment, is evident, for instance, from
Fig. 3 (d). Consider the source phrase [the man] which was translated into [l’ homme]. Any hard
alignment will map [the] to [l’] and [man] to [homme]. This is not helpful for translation, as one
must consider the word following [the] to determine whether it should be translated into [le], [la],
[les] or [l’]. Our soft-alignment solves this issue naturally by letting the model look at both [the] and
[man], and in this example, we see that the model was able to correctly translate [the] into [l’]. We
observe similar behaviors in all the presented cases in Fig. 3. An additional benefit of the soft align-
ment is that it naturally deals with source and target phrases of different lengths, without requiring a
counter-intuitive way of mapping some words to or from nowhere ([NULL]) (see, e.g., Chapters 4
and 5 of Koehn, 2010).

5.2.2 LONG SENTENCES

As clearly visible from Fig. 2 the proposed model (RNNsearch) is much better than the conventional
model (RNNencdec) at translating long sentences. This is likely due to the fact that the RNNsearch
does not require encoding a long sentence into a fixed-length vector perfectly, but only accurately
encoding the parts of the input sentence that surround a particular word.

As an example, consider this source sentence from the test set:

An admitting privilege is the right of a doctor to admit a patient to a hospital or
a medical centre to carry out a diagnosis or a procedure, based on his status as a
health care worker at a hospital.

The RNNencdec-50 translated this sentence into:
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is largely monotonic. We see strong weights along the diagonal of each matrix. However, we also
observe a number of non-trivial, non-monotonic alignments. Adjectives and nouns are typically
ordered differently between French and English, and we see an example in Fig. 3 (a). From this
figure, we see that the model correctly translates a phrase [European Economic Area] into [zone
économique européen]. The RNNsearch was able to correctly align [zone] with [Area], jumping
over the two words ([European] and [Economic]), and then looked one word back at a time to
complete the whole phrase [zone économique européenne].

The strength of the soft-alignment, opposed to a hard-alignment, is evident, for instance, from
Fig. 3 (d). Consider the source phrase [the man] which was translated into [l’ homme]. Any hard
alignment will map [the] to [l’] and [man] to [homme]. This is not helpful for translation, as one
must consider the word following [the] to determine whether it should be translated into [le], [la],
[les] or [l’]. Our soft-alignment solves this issue naturally by letting the model look at both [the] and
[man], and in this example, we see that the model was able to correctly translate [the] into [l’]. We
observe similar behaviors in all the presented cases in Fig. 3. An additional benefit of the soft align-
ment is that it naturally deals with source and target phrases of different lengths, without requiring a
counter-intuitive way of mapping some words to or from nowhere ([NULL]) (see, e.g., Chapters 4
and 5 of Koehn, 2010).

5.2.2 LONG SENTENCES

As clearly visible from Fig. 2 the proposed model (RNNsearch) is much better than the conventional
model (RNNencdec) at translating long sentences. This is likely due to the fact that the RNNsearch
does not require encoding a long sentence into a fixed-length vector perfectly, but only accurately
encoding the parts of the input sentence that surround a particular word.

As an example, consider this source sentence from the test set:

An admitting privilege is the right of a doctor to admit a patient to a hospital or
a medical centre to carry out a diagnosis or a procedure, based on his status as a
health care worker at a hospital.

The RNNencdec-50 translated this sentence into:

Un privilège d’admission est le droit d’un médecin de reconnaı̂tre un patient à
l’hôpital ou un centre médical d’un diagnostic ou de prendre un diagnostic en
fonction de son état de santé.

7• Translation with attention mechanism:

Published as a conference paper at ICLR 2015

The RNNencdec-50 correctly translated the source sentence until [a medical center]. However, from
there on (underlined), it deviated from the original meaning of the source sentence. For instance, it
replaced [based on his status as a health care worker at a hospital] in the source sentence with [en
fonction de son état de santé] (“based on his state of health”).

On the other hand, the RNNsearch-50 generated the following correct translation, preserving the
whole meaning of the input sentence without omitting any details:

Un privilège d’admission est le droit d’un médecin d’admettre un patient à un
hôpital ou un centre médical pour effectuer un diagnostic ou une procédure, selon
son statut de travailleur des soins de santé à l’hôpital.

Let us consider another sentence from the test set:

This kind of experience is part of Disney’s efforts to ”extend the lifetime of its
series and build new relationships with audiences via digital platforms that are
becoming ever more important,” he added.

The translation by the RNNencdec-50 is

Ce type d’expérience fait partie des initiatives du Disney pour ”prolonger la durée
de vie de ses nouvelles et de développer des liens avec les lecteurs numériques qui
deviennent plus complexes.

As with the previous example, the RNNencdec began deviating from the actual meaning of the
source sentence after generating approximately 30 words (see the underlined phrase). After that
point, the quality of the translation deteriorates, with basic mistakes such as the lack of a closing
quotation mark.

Again, the RNNsearch-50 was able to translate this long sentence correctly:

Ce genre d’expérience fait partie des efforts de Disney pour ”prolonger la durée
de vie de ses séries et créer de nouvelles relations avec des publics via des
plateformes numériques de plus en plus importantes”, a-t-il ajouté.

In conjunction with the quantitative results presented already, these qualitative observations con-
firm our hypotheses that the RNNsearch architecture enables far more reliable translation of long
sentences than the standard RNNencdec model.

In Appendix C, we provide a few more sample translations of long source sentences generated by
the RNNencdec-50, RNNsearch-50 and Google Translate along with the reference translations.

6 RELATED WORK

6.1 LEARNING TO ALIGN

A similar approach of aligning an output symbol with an input symbol was proposed recently by
Graves (2013) in the context of handwriting synthesis. Handwriting synthesis is a task where the
model is asked to generate handwriting of a given sequence of characters. In his work, he used a
mixture of Gaussian kernels to compute the weights of the annotations, where the location, width
and mixture coefficient of each kernel was predicted from an alignment model. More specifically,
his alignment was restricted to predict the location such that the location increases monotonically.

The main difference from our approach is that, in (Graves, 2013), the modes of the weights of the
annotations only move in one direction. In the context of machine translation, this is a severe limi-
tation, as (long-distance) reordering is often needed to generate a grammatically correct translation
(for instance, English-to-German).

Our approach, on the other hand, requires computing the annotation weight of every word in the
source sentence for each word in the translation. This drawback is not severe with the task of
translation in which most of input and output sentences are only 15–40 words. However, this may
limit the applicability of the proposed scheme to other tasks.

8

Can the French speakers confirm this is a better translation?



ConvNets & RNNs for image captioning

• Encode image in with a ConvNet.

• Then Decode the image with a RNN.

Focus on:
Show, Attend and Tell: Neural Image Caption Generation with Visual Attention by Xu et al, ICML 2015
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Xu et al, “Show, Attend and Tell: Neural 
Image Caption Generation with Visual 
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Xu et al, “Show, Attend and Tell: Neural 
Image Caption Generation with Visual 
Attention”, ICML 2015

Attention constrained to 
fixed grid! We’ll come 
back to this …. 
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Speech recognition, 
attention over input sounds:
- Chan et al, “Listen, Attend, and Spell”, arXiv 2015
- Chorowski et al, “Attention-based models for 
Speech Recognition”, NIPS 2015

Image, question to answer,
attention over image:
- Xu and Saenko, “Ask, Attend and Answer: Exploring 
Question-Guided Spatial Attention for Visual Question 
Answering”, arXiv 2015
- Zhu et al, “Visual7W: Grounded Question Answering in 
Images”, arXiv 2015

Video captioning,
attention over input frames:
- Yao et al, “Describing Videos by Exploiting Temporal 
Structure”, ICCV 2015

Machine Translation,
attention over input:
- Luong et al, “Effective Approaches to Attention-
based Neural Machine Translation,” EMNLP 2015



Attending to Arbitrary Regions:

Spatial Transformer Networks
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Can we make this 
function differentiable?
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Differentiable “attention / 
transformation” module

Insert spatial transformers into a 
classification network and it learns 
to attend and transform the input
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