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Previously on COMP547
• sequence modeling

• recurrent neural networks (RNNs)

• language modeling with RNNs

• how to train RNNs

• long short-term memory (LSTM)

• gated recurrent unit (GRU)
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Using RNNs to generate Super Mario Maker levels, Adam Geitgey



Lecture overview
• content-based attention
• location-based attention
• soft vs. hard attention
• case study: Show, Attend and Tell
• self-attention
• case study: Transformer networks

Disclaimer: Much of the material and slides for this lecture were borrowed from 
— Dzmitry Bahdanau’s IFT 6266 slides
— Graham Neubig’s CMU CS11-747 Neural Networks for NLP class
— Mateusz Malinowski’s lecture on Attention-based Networks
— Yoshua Bengio’s talk on From Attention to Memory and towards Longer-Term Dependencies
— Kyunghyun Cho’s slides on neural sequence modeling
— Arian Hosseini’s IFT  6135 slides
— Phillip Isola’s MIT 6.S898 slides
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Encoder-Decoder Framework
• Intermediate representation of meaning 

= ‘universal representation’

• Encoder: from word sequence to sentence representation

• Decoder: from representation to word sequence distribution
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Sequence Representations
• But what if we could use multiple vectors, based on the length of 

the sequence
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Sentence Representations

• But what if we could use multiple vectors, based on 
the length of the sentence.

this is an example

this is an example

“You can’t cram the meaning of a whole %&!$ing 
sentence into a single $&!*ing vector!” 

— Ray Mooney

Problem!



Attention Models
in Deep Learning
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A lot of things are called “attention” 
these days...
1. Attention (alignment) models used in applications of deep learning with 

variable-length inputs and outputs (typical sequential).

2. Models of visual attention that process a region of an image at high resolution
or the whole image at low resolution.

3. Internal self-attention mechanisms can be used to replace recurrent and 
convolutional networks for sequential data.

4. Addressing schemes of memory-augmented neural networks

The shared idea: focus on the relevant parts of the input (output).
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Attention in Deep Learning Applications 
[to Language Processing]

machine translation speech recognition

speech synthesis, summarization, …  any sequence-to-sequence 
(seq2seq) task

8



Example: Machine Translation

[“An”, “RNN”, “example”, “.”] → [“Un”, “example”, “de”, “RNN”, “.”]

Machine translation presented a challenge to vanilla deep learning

● input and output are sequences

● the lengths vary

● input and output may have different lengths

● no obvious correspondence between positions in the input and 
in the output

10



Vanilla seq2seq learning for machine 
translation

Recurrent Continuous Translation Models, Kalchbrenner et al, EMNLP 2013
Sequence to Sequence Learning with Recurrent Neural Networks, Sutskever et al., NIPS 2014
Learning Phrase Representations using RNN Encoder–Decoder for 
Statistical Machine Translation, Cho et al., EMNLP 2014

input sequence output sequence

fixed size representation
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Problems with vanilla seq2seq

● training the network to encode 50 words in a vector is hard ⇒ very big 
models are needed

● gradients has to flow for 50 steps back without vanishing ⇒ training can 
be slow and require lots of data

bottleneck

long term dependencies

12



Soft attention

lets decoder focus on the relevant hidden states 
of the encoder, avoids squeezing everything 
into the last hidden state ⇒ no bottleneck!

dynamically creates shortcuts in the computation
graph that allow the gradient to flow freely
⇒ shorter dependencies!

best with a bidirectional encoder

13Neural Machine Translation by Jointly Learning to Align and Translate, Bahdanau et al, ICLR 2015



Soft attention - math 1
At each step the decoder consumes a different weighted combination 
of the encoder states, called context vector or glimpse. 
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Soft attention - math 2
But where do the weights come from?  
They are computed by another network!

The choice from the original paper is 
1-layer MLP:
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Soft attention - computational aspects
The computational complexity of using soft attention is quadratic. But it’s not slow:

● for each pair of i and j
○ sum two vectors
○ apply tanh
○ compute dot product

● can be done in parallel for all j, i.e.
○ add a vector to a matrix
○ apply tanh
○ compute vector-matrix product

● softmax is cheap

● weighted combination is another vector-matrix product

● in summary: just vector-matrix products = fast!

16



Soft attention - visualization

[penalty???]Great visualizations at http://distill.pub/2016/augmented-rnns/#attentional-interfaces
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Great visualizations at https://distill.pub/2016/augmented-rnns/#attentional-interfaces

https://distill.pub/2016/augmented-rnns/
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(Bahdanau et al 2014, Jean et al 2014, 
Gulcehre et al 2015, Jean et al 2015)  

Soft attention -
visualization



Soft attention - improvements
no performance drop on long sentences

much better than RNN 
Encoder-Decoder

without unknown words 
comparable with the 
SMT system

19



Progress in Machine Translation
[Edinburgh En-De WMT newstest2013 Cased BLEU; NMT 2015 from U. Montréal]
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From [Sennrich 2016, http://www.meta-net.eu/events/meta-forum-2016/slides/09_sennrich.pdf] 

End-to-End Machine Translation with Recurrent Nets 
and Attention Mechanism
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(Bahdanau et al 2014, Jean et al 2014, Gulcehre et al 2015, Jean et al 2015)  

Figure credit: Rico Sennrich
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Soft content-based attention pros and cons

Pros
● faster training, better performance
● good inductive bias for many tasks → lowers sample complexity

Cons
● not good enough inductive bias for tasks with monotonic 

alignment (handwriting recognition, speech recognition)
● chokes on sequences of length >1000

21



Location-based attention

● in content-based attention the attention weights depend 
on the content at different positions of the input (hence 
BiRNN)

● in location-based attention the current attention weights 
are computed relative to the previous attention weights

22



Gaussian mixture location-based attention
Originally proposed for handwriting synthesis.

The (unnormalized) weight of the input 
position u at the time step t is parametrized 
as a mixture of K Gaussians

23Section 5, Generating Sequence with Recurrent Neural Networks, A. Graves 2014



Gaussian mixture location-based attention
The new locations of Gaussians are computed as a sum of the 
previous ones and the predicted offsets 
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Gaussian mixture location-based attention

The first soft attention mechanism ever!

Pros:
● good for problems with monotonic alignment

Cons:
● predicting the offset can be challenging
● only monotonic alignment (although exp in theory could be removed)

25



Various Soft-Attentions

● use dot-product or non-linearity of choice instead of tanh in content-based 
attention

● use unidirectional RNN instead of Bi- (but not pure word embeddings!)

● explicitly remember past alignments with an RNN

● use a separate embedding for each of the positions of the input (heavily 
used in Memory Networks)

● mix content-based and location-based attentions

See “Attention-Based Models for Speech Recognition” by Chorowski et al 
(2015) for a scalability analysis of various attention mechanisms on speech 
recognition.
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Attention Score Functions (2)
• Dot Product (Luong et al. 2015) 
 

• No parameters! But requires sizes to be the same. 

• Scaled Dot Product (Vaswani et al. 2017) 

• Problem: scale of dot product increases as dimensions get 
larger 

• Fix: scale by size of the vector

a(q,k) = q|k

a(q,k) =
q|kp
|k|

Attention Score Functions (1)
• q is the query and k is the key 

• Multi-layer Perceptron (Bahdanau et al. 2015)  
 

• Flexible, often very good with large data 

• Bilinear (Luong et al. 2015)

a(q,k) = w|
2 tanh(W1[q;k])

a(q,k) = q|Wk
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Attention Score Functions (2)
• Dot Product (Luong et al. 2015) 
 

• No parameters! But requires sizes to be the same. 

• Scaled Dot Product (Vaswani et al. 2017) 

• Problem: scale of dot product increases as dimensions get 
larger 

• Fix: scale by size of the vector

a(q,k) = q|k
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Various Attention Score Functions
• q is the query and k is the key

• Multi-layer Perceptron
(Bahdanau et al. 2015) 

− Flexible, often very good with large
data 

• Bilinear (Luong et al. 2015)

• Dot Product (Luong et al. 2015) 

− No parameters! But requires sizes to
be the same.

• Scaled Dot Product (Vaswani et al. 2017) 

− Problem: scale of dot product
increases as dimensions get • larger

− Fix: scale by size of the vector
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Going back in time: Connection Temporal 
Classification (CTC)
● CTC is a predecessor of soft 

attention that is still widely used 

● has very successful inductive 
bias for monotonous seq2seq 
transduction

● core idea: sum over all possible 
ways of inserting blank tokens 
in the output so that it aligns 
with the input

28Connectionist Temporal Classification: Labelling Unsegmented Sequence Data with Recurrent Neural Networks, Graves et al, ICML 2006



CTC
labeling

input
sum over all labelling 
with blanks

conditional 
probability of a 
labeling with blanks

probability of 
outputting 
at the step t 

29
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CTC
● can be viewed as modelling p(y|x) as sum of all p(y|a,x), where a is 

a monotonic alignment

● thanks to the monotonicity assumption the marginalization of a 
can be carried out with forward-backward algorithm 
(a.k.a. dynamic programming)

● hard stochastic monotonic attention

● popular in speech and handwriting 
recognition 

● yi are conditionally independent given a 
and x but this can be fixed 

30



Soft Attention and CTC for seq2seq: summary

● the most flexible and general is content-based soft 
attention and it is very widely used, especially in natural 
language processing

● location-based soft attention is appropriate for when the 
input and the output can be monotonously aligned; 
location-based and content-based approaches can be 
mixed

● CTC is less generic but can be hard to beat on tasks with 
monotonous alignments

31



Visual and Hard Attention

32



Models of Visual Attention

● Convnets are great! But they process the whole image at a high 
resolution.

● “Instead humans focus attention selectively on parts of the visual 
space to acquire information when and where it is needed, and 
combine information from different fixations over time to build up an 
internal representation of the scene” (Mnih et al, 2014)

● hence the idea: build a recurrent network that focus on a patch of 
an input image at each step and combines information from 
multiple steps

33Recurrent Models of Visual Attention, V. Mnih et al, NIPS 2014



A Recurrent Model of Visual Attention

“retina-like”
representation

glimpse

location
(sampled from a Gaussian)

RNN state

action
(e.g. output a class)
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A Recurrent Model of Visual Attention - math 1

Objective:

When used for classification the correct class is known. Instead of 
sampling the actions the following expression is used as a reward:

⇒ optimizes Jensen lower bound on the log-probability p(a*|x)!

interaction sequence

sum of rewards

35



A Recurrent Model of Visual Attention

The gradient of J has to be approximated (REINFORCE)

Baseline is used to lower the variance of the estimator:

next action

36



A Recurrent Visual Attention Model -
visualization

37



Soft and Hard Attention

Recurrent Attention Model (RAM) attention mechanism is hard - it 
outputs a precise location where to look. 

Content-based attention from neural MT is soft - it assigns weights to 
all input locations.

CTC can be interpreted as a hard attention mechanism with tractable 
gradient.

38



Soft and Hard Attention

Soft

● deterministic

● exact gradient

● O(input size)

● typically easy to train

Hard

● stochastic*

● gradient approximation**

● O(1)

● harder to train

*  deterministic hard attention would not have gradients
** exact gradient can be computed for models with tractable marginalization 
(e.g. CTC)

39



Soft and Hard Attention

Can soft content-based attention be used for vision? Yes.

Show Attend and Tell, Xu et al, ICML 2015

Can hard attention be used for seq2seq? Yes.

Learning Online Alignments with 
Continuous Rewards Policy Gradient, 
Luo et al, NIPS 2016

(but the learning curves are a nightmare…)

40



DRAW: soft location-based attention for 
vision

41



Why attention?
• Long term memories - attending to memories 

− Dealing with gradient vanishing problem 

• Exceeding limitations of a global representation 
− Attending/focusing to smaller parts of data 

§ patches in images
§ words or phrases in sentences 

• Decoupling representation from a problem 
− Different problems required different sizes of representations

§ LSTM with longer sentences requires larger vectors 

• Overcoming computational limits for visual data 
− Focusing only on the parts of images 
− Scalability independent of the size of images 

• Adds some interpretability to the models (error inspection) 
42



Recurrent net memory

Attention 
mechanism

Attention on Memory Elements
• Recurrent networks cannot remember things for very long

• The cortex only remember things for 20 seconds 

• We need a “hippocampus” (a separate memory module) 
• LSTM [Hochreiter 1997], registers 
• Memory networks [Weston et 2014] (FAIR), associative memory 
• NTM [Graves et al. 2014], “tape”. 



Recall: Long-Term Dependencies
• The RNN gradient is a product of Jacobian matrices, each associated 

with a step in the forward computation. To store information robustly 
in a finite-dimensional state, the dynamics must be contractive 
[Bengio et al 1994]. 

• Problems: 
• sing. values of Jacobians > 1 à gradients explode 
• or sing. values < 1 à gradients shrink & vanish
• or random à variance grows exponentially

44

Storing bits
robustly requires
sing. values<1

(Hochreiter 1991)

Gradient 
clipping



×

input input gate forget gate output gate

output

state

self-loop

×

+ ×

Gated Recurrent Units & LSTM
• Create a path where gradients 

can flow for longer with self-loop

• Corresponds to an eigenvalue of 
Jacobian slightly less than 1

• LSTM is heavily used
(Hochreiter & Schmidhuber 1997)

• GRU light-weight version 
(Cho et al 2014)
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Delays & Hierarchies to Reach Farther
• Delays and multiple time 

scales, Elhihi & Bengio NIPS 
1995, Koutnik et al ICML 2014

46

Hierarchical RNNs 
(words / sentences):
Sordoni et al CIKM 2015, 
Serban et al AAAI 2016 



Large Memory Networks: Sparse Access 
Memory for Long-Term Dependencies
• A mental state stored in an external memory can stay for arbitrarily

long durations, until evoked for read or write

• Forgetting = vanishing gradient.

• Memory = larger state, avoiding the need for forgetting/vanishing

47

passive copy

access



Memory Networks
• Class of models that combine large memory with learning component 

that can read and write to it.

• Incorporates reasoning with attention over memory (RAM).

• Most ML has limited memory which is more-or-less all that’s needed for 
“low level” tasks e.g. object detection.

48

Jason Weston, Sumit Chopra, Antoine Bordes. Memory Networks. ICLR 2016 
S. Sukhbaatar, A. Szlam, J. Weston, R. Fergus. End-to-end Memory Networks. NIPS 2015 
Ankit Kumar et al. Ask Me Anything: Dynamic Memory Networks for Natural Language Processing. ICML 2016
Alex Graves et al. Hybrid computing using a neural network with dynamic external memory. Nature, 538(7626): 471–476, 
2016.



Case Study: Show, Attend and Tell

49

Show, Attend and Tell: Neural Image Caption Generation with Visual Attention. K. Xu, J. Ba, R. Kiros, K. Cho, A. Courville, R. Salakhutdinov, 
R. Zemel, Y. Bengio. ICML 2015



Paying Attention 
to Selected Parts 
of the Image 
While Uttering 
Words

50
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Regions in ConvNets

• Each point in a “higher” level of a convnet defines spatially localized 
feature vectors(/matrices). 

• Xu et al. calls these “annotation vectors”, 
53
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Regions in ConvNets
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Regions in ConvNets
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Regions in ConvNets
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Extension of LSTM via the context vector
• Extract L D-dimensional annotations

− Lower convolutional layer to have the correspondence between the feature vectors and 
portions of the 2-D image

57

M. Malinowski

Extension of LSTM via the context vector
• Extract L D-dimensional annotations  

‣ Lower convolutional layer to have the correspondence between the 
feature vectors and portions of the 2-D image 
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Neural Image Caption Generation with Visual Attention

with images, Donahue et al. (2014) also apply LSTMs to
videos, allowing their model to generate video descriptions.

All of these works represent images as a single feature vec-
tor from the top layer of a pre-trained convolutional net-
work. Karpathy & Li (2014) instead proposed to learn a
joint embedding space for ranking and generation whose
model learns to score sentence and image similarity as a
function of R-CNN object detections with outputs of a bidi-
rectional RNN. Fang et al. (2014) proposed a three-step
pipeline for generation by incorporating object detections.
Their model first learn detectors for several visual concepts
based on a multi-instance learning framework. A language
model trained on captions was then applied to the detector
outputs, followed by rescoring from a joint image-text em-
bedding space. Unlike these models, our proposed atten-
tion framework does not explicitly use object detectors but
instead learns latent alignments from scratch. This allows
our model to go beyond “objectness” and learn to attend to
abstract concepts.

Prior to the use of neural networks for generating captions,
two main approaches were dominant. The first involved
generating caption templates which were filled in based
on the results of object detections and attribute discovery
(Kulkarni et al. (2013), Li et al. (2011), Yang et al. (2011),
Mitchell et al. (2012), Elliott & Keller (2013)). The second
approach was based on first retrieving similar captioned im-
ages from a large database then modifying these retrieved
captions to fit the query (Kuznetsova et al., 2012; 2014).
These approaches typically involved an intermediate “gen-
eralization” step to remove the specifics of a caption that
are only relevant to the retrieved image, such as the name
of a city. Both of these approaches have since fallen out of
favour to the now dominant neural network methods.

There has been a long line of previous work incorpo-
rating attention into neural networks for vision related
tasks. Some that share the same spirit as our work include
Larochelle & Hinton (2010); Denil et al. (2012); Tang et al.
(2014). In particular however, our work directly extends
the work of Bahdanau et al. (2014); Mnih et al. (2014); Ba
et al. (2014).

3. Image Caption Generation with Attention

Mechanism

3.1. Model Details

In this section, we describe the two variants of our
attention-based model by first describing their common
framework. The main difference is the definition of the
� function which we describe in detail in Section 4. We
denote vectors with bolded font and matrices with capital
letters. In our description below, we suppress bias terms for
readability.

Figure 4. A LSTM cell, lines with bolded squares imply projec-
tions with a learnt weight vector. Each cell learns how to weigh
its input components (input gate), while learning how to modulate
that contribution to the memory (input modulator). It also learns
weights which erase the memory cell (forget gate), and weights
which control how this memory should be emitted (output gate).

3.1.1. ENCODER: CONVOLUTIONAL FEATURES

Our model takes a single raw image and generates a caption
y encoded as a sequence of 1-of-K encoded words.

y = {y1, . . . ,yC} , yi 2 RK

where K is the size of the vocabulary and C is the length
of the caption.

We use a convolutional neural network in order to extract a
set of feature vectors which we refer to as annotation vec-
tors. The extractor produces L vectors, each of which is
a D-dimensional representation corresponding to a part of
the image.

a = {a1, . . . ,aL} , ai 2 RD

In order to obtain a correspondence between the feature
vectors and portions of the 2-D image, we extract features
from a lower convolutional layer unlike previous work
which instead used a fully connected layer. This allows the
decoder to selectively focus on certain parts of an image by
selecting a subset of all the feature vectors.

3.1.2. DECODER: LONG SHORT-TERM MEMORY
NETWORK

We use a long short-term memory (LSTM) net-
work (Hochreiter & Schmidhuber, 1997) that produces a
caption by generating one word at every time step condi-
tioned on a context vector, the previous hidden state and the
previously generated words. Our implementation of LSTM

E - embedding matrix 
y - captions
h - previous hidden state
z - context vector, a dynamic 
representation of the relevant 
part of the image input at time t

Neural Image Caption Generation with Visual Attention

closely follows the one used in Zaremba et al. (2014) (see
Fig. 4). Using Ts,t : Rs ! Rt to denote a simple affine
transformation with parameters that are learned,
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A (1)

ct = ft � ct�1 + it � gt (2)
ht = ot � tanh(ct). (3)

Here, it, ft, ct, ot, ht are the input, forget, memory, out-
put and hidden state of the LSTM, respectively. The vector
ẑ 2 RD is the context vector, capturing the visual infor-
mation associated with a particular input location, as ex-
plained below. E 2 Rm⇥K is an embedding matrix. Let
m and n denote the embedding and LSTM dimensionality
respectively and � and � be the logistic sigmoid activation
and element-wise multiplication respectively.

In simple terms, the context vector ẑt (equations (1)–(3)) is
a dynamic representation of the relevant part of the image
input at time t. We define a mechanism � that computes ẑt
from the annotation vectors ai, i = 1, . . . , L corresponding
to the features extracted at different image locations. For
each location i, the mechanism generates a positive weight
↵i which can be interpreted either as the probability that
location i is the right place to focus for producing the next
word (the “hard” but stochastic attention mechanism), or as
the relative importance to give to location i in blending the
ai’s together. The weight ↵i of each annotation vector ai
is computed by an attention model fatt for which we use
a multilayer perceptron conditioned on the previous hidden
state ht�1. The soft version of this attention mechanism
was introduced by Bahdanau et al. (2014). For emphasis,
we note that the hidden state varies as the output RNN ad-
vances in its output sequence: “where” the network looks
next depends on the sequence of words that has already
been generated.

eti =fatt(ai,ht�1) (4)

↵ti =
exp(eti)PL

k=1 exp(etk)
. (5)

Once the weights (which sum to one) are computed, the
context vector ẑt is computed by

ẑt = � ({ai} , {↵i}) , (6)

where � is a function that returns a single vector given the
set of annotation vectors and their corresponding weights.
The details of � function are discussed in Sec. 4.

The initial memory state and hidden state of the LSTM
are predicted by an average of the annotation vectors fed

through two separate MLPs (init,c and init,h):

c0 = finit,c(
1

L

LX

i

ai)

h0 = finit,h(
1

L

LX

i

ai)

In this work, we use a deep output layer (Pascanu et al.,
2014) to compute the output word probability given the
LSTM state, the context vector and the previous word:

p(yt|a,yt�1
1 ) / exp(Lo(Eyt�1 + Lhht + Lz ẑt)) (7)

Where Lo 2 RK⇥m, Lh 2 Rm⇥n, Lz 2 Rm⇥D, and E
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We represent the location variable st as where the model
decides to focus attention when generating the t
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st,i is an indicator one-hot variable which is set to 1 if the
i-th location (out of L) is the one used to extract visual
features. By treating the attention locations as intermedi-
ate latent variables, we can assign a multinoulli distribution
parametrized by {↵i}, and view ẑt as a random variable:

p(st,i = 1 | sj<t,a) = ↵t,i (8)
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We define a new objective function Ls that is a variational
lower bound on the marginal log-likelihood log p(y | a) of
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Here, it, ft, ct, ot, ht are the input, forget, memory, out-
put and hidden state of the LSTM, respectively. The vector
ẑ 2 RD is the context vector, capturing the visual infor-
mation associated with a particular input location, as ex-
plained below. E 2 Rm⇥K is an embedding matrix. Let
m and n denote the embedding and LSTM dimensionality
respectively and � and � be the logistic sigmoid activation
and element-wise multiplication respectively.

In simple terms, the context vector ẑt (equations (1)–(3)) is
a dynamic representation of the relevant part of the image
input at time t. We define a mechanism � that computes ẑt
from the annotation vectors ai, i = 1, . . . , L corresponding
to the features extracted at different image locations. For
each location i, the mechanism generates a positive weight
↵i which can be interpreted either as the probability that
location i is the right place to focus for producing the next
word (the “hard” but stochastic attention mechanism), or as
the relative importance to give to location i in blending the
ai’s together. The weight ↵i of each annotation vector ai
is computed by an attention model fatt for which we use
a multilayer perceptron conditioned on the previous hidden
state ht�1. The soft version of this attention mechanism
was introduced by Bahdanau et al. (2014). For emphasis,
we note that the hidden state varies as the output RNN ad-
vances in its output sequence: “where” the network looks
next depends on the sequence of words that has already
been generated.
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. (5)

Once the weights (which sum to one) are computed, the
context vector ẑt is computed by

ẑt = � ({ai} , {↵i}) , (6)

where � is a function that returns a single vector given the
set of annotation vectors and their corresponding weights.
The details of � function are discussed in Sec. 4.
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a dynamic representation of the relevant part of the image
input at time t. We define a mechanism � that computes ẑt
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mation associated with a particular input location, as ex-
plained below. E 2 Rm⇥K is an embedding matrix. Let
m and n denote the embedding and LSTM dimensionality
respectively and � and � be the logistic sigmoid activation
and element-wise multiplication respectively.
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to the features extracted at different image locations. For
each location i, the mechanism generates a positive weight
↵i which can be interpreted either as the probability that
location i is the right place to focus for producing the next
word (the “hard” but stochastic attention mechanism), or as
the relative importance to give to location i in blending the
ai’s together. The weight ↵i of each annotation vector ai
is computed by an attention model fatt for which we use
a multilayer perceptron conditioned on the previous hidden
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respectively and � and � be the logistic sigmoid activation
and element-wise multiplication respectively.
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word (the “hard” but stochastic attention mechanism), or as
the relative importance to give to location i in blending the
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context vector ẑt is computed by
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E: embedding matrix
y: captions
h: previous hidden state
z: context vector, a dynamic representation
of the relevant part of the image input at time t
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Instead, here we describe a more recently proposed approach
based on the attention-based encoder–decoder framework in
[22].

Fig. 4. Graphical illustration of the attention-based encoder–decoder model
for image caption generation.

1) Model Description: The usual encoder–decoder based
image caption generation models use the activation of the
last fully-connected hidden layer as the continuous-space
representation, or the context vector, of the input image (see
Sec. II-D.) The authors of [22] however proposed to use the
activation from the last convolutional layer of the pre-trained
convolutional network, as in the bottom half of Fig. 4.

Unlike the fully-connected layer, in this case, the context set
consists of multiple vectors that correspond to different spatial
regions of the input image on which the attention mechanism
can be applied. Furthermore, due to convolution and pooling,
the spatial locations in pixel space represented by each con-
text vector overlaps substantially with those represented by
the neighbouring context vectors, which helps the attention
mechanism distinguish similar objects in an image using its
context information with respect to the whole image, or the
neighbouring pixels.

Similarly to the attention-based neural machine translation
in Sec. IV-A, the decoder is implemented as a conditional
RNN-LM. In [22], the content-based attention mechanism (see
Eq. (16)) with either the weighted sum (see Eq. (13)) or
hard decision (see Eq. (14) was tested by training a model
with the maximum likelihood estimator from Sec. III-C1 and
the variational learning from Sec. III-C2, respectively. The
authors of [22] reported the similar performances with these
two approaches on a number of benchmark datasets.

2) Experimental Result: In [22], the attention-based image
caption generator was evaluated on three datasets; Flickr
8K [47], Flickr 30K [48] and MS CoCo [49]. In addition to
the self-evaluation, an ensemble of multiple attention-based
models was submitted to Microsoft COCO Image Captioning
Challenge6 and evaluated with multiple automatic evaluation
metrics7 as well as by human evaluators.

6https://www.codalab.org/competitions/3221
7 BLEU [50], METEOR [51], ROUGE-L [52] and CIDEr [53].

TABLE III
THE PERFORMANCES OF THE IMAGE CAPTION GENERATION MODELS IN
THE MICROSOFT COCO IMAGE CAPTIONING CHALLENGE. (?) [20], (•)

[18], (�) [45], (⇧) [46] AND (⇤) [22]. THE ROWS ARE SORTED
ACCORDING TO M1.

Human Automatic
Model M1 M2 BLEU CIDEr
Human 0.638 0.675 0.471 0.91

Google? 0.273 0.317 0.587 0.946
MSR• 0.268 0.322 0.567 0.925

Attention-based⇤ 0.262 0.272 0.523 0.878
Captivator� 0.250 0.301 0.601 0.937

Berkeley LRCN⇧ 0.246 0.268 0.534 0.891

In this Challenge, the attention-based approach ranked third
based on the percentage of captions that are evaluated as better
or equal to human caption (M1) and the percentage of captions
that pass the Turing Test (M2). Interestingly, the same model
was ranked eighth according to the most recently proposed
metric of CIDEr and ninth according to the most widely used
metric of BLEU.8 It means that this model has better relative
performance in terms of human evaluation than in terms of the
automatic metrics, which only look at matching subsequences
of words, not directly at the meaning of the generated sentence.
The performance of the top-ranked systems, including the
attention-based model from [22], are listed in Table III.

The attention-based model was further found to be highly
interpretable, especially, compared to the simple encoder–
decoder models. See Fig. 5 for some examples.

C. Video Description Generation
Soon after the neural machine translation based on the

simple encoder–decoder framework was proposed in [25],
[3], it was further applied to video description generation,
which amounts to translating a (short) video clip to its natural
language description [28]. The authors of [28] used a pre-
trained convolutional network (see Sec. II-D) to extract a
feature vector from each frame of the video clip and average all
the frame-specific vectors to obtain a single fixed-dimensional
context vector of the whole video. A conditional RNN-LM
from Sec. II-B was used to generate a description based on
this context vector.

Since any video clip clearly has both temporal and spatial
structures, it is possible to exploit them by using the attention
mechanism described throughout this paper. In [23], the au-
thors proposed an approach based on the attention mechanism
to exploit the global and local temporal structures of the video
clips. Here we briefly describe their approach.

1) Model Description: In [23], two different types of
encoders are tested. The first one is a simple frame-wise
application of the pre-trained convolutional network. However,
they did not pool those per-frame context vectors as was done
in [28], but simply form a context set consisting of all the per-
frame feature vectors. The attention mechanism will work to
select one of those per-frame vectors for each output symbol
being decoded. In this way, the authors claimed that the overall
model captures the global temporal structure (the structure
across many frames, potentially across the whole video clip.)

8http://mscoco.org/dataset/#leaderboard-cap

M1 - humans preferred (or equal) the method over human annotation
M2 - turing test

M1: human preferred (or equal) the method over human annotation
M2: turing test

• Add soft attention to image captioning: +2 BLEU 
• Add hard attention to image captioning: +4 BLEU 



Figure 2. Illustration of the spatio-
temporal convolutional neural network
(3-D CNN). This network is trained for
activity recognition. Then, only the con-
volutional layers are involved when gen-
erating video descriptions.

image. Here, we thus adapt it to exploit the temporal struc-
ture of video instead.

Instead of a simple averaging strategy (as shown in
Eq. (4)), we take the dynamic weighted sum of the temporal
feature vectors such that

't(V ) =
nX

i=1

↵(t)
i vi,

where
Pn

i=1 ↵
(t)
i = 1 and ↵(t)

i ’s are computed at each time
step t inside the LSTM decoder (see Sec. 2.3). We refer to
↵(t)
i as the attention weights at time t.

The attention weight ↵(t)
i reflects the relevance of the

i-th temporal feature in the input video given all the previ-
ously generated words, i.e., y1, . . . yt�1. Hence, we design
a function that takes as input the previous hidden state ht�1

of the LSTM decoder, which summarizes all the previously
generated words, and the feature vector of the i-th temporal
feature and returns the unnormalized relevance score e(t)i :

e(t)i = w> tanh (Waht�1 +Uavi + ba) ,

where w, Wa, Ua and ba are the parameters that are esti-
mated together with all the other parameters of the encoder
and decoder networks.

Once the relevance scores e(t)i for all the frames i =
1, . . . , n are computed, we normalize them to obtain the
↵(t)
i ’s:

↵(t)
i = exp

n
e(t)i

o
/

nX

j=1

exp
n
e(t)j

o
.

We refer to the attention mechanism as this whole process
of computing the unnormalized relevance scores and nor-
malizing them to obtain the attention weights.

The attention mechanism allows the decoder to selec-
tively focus on only a subset of frames by increasing the
attention weights of the corresponding temporal feature.
However, we do not explicitly force this type of selective
attention to happen. Rather, this inclusion of the atten-
tion mechanism enables the decoder to exploit the temporal

structure, if there is useful temporal structure in the data.
Later in Sec. 5, we empirically show that this is indeed the
case. See Fig. 3 for the graphical illustration of the temporal
attention mechanism.

4. Related Work
Video description generation has been investigated and

studied in other work, such as [21, 2, 28]. Most of these
examples have, however, constrained the domain of videos
as well as the activities and objects embedded in the video
clips. Furthermore, they tend to rely on hand-crafted vi-
sual representations of the video, to which template-based
or shallow statistical machine translation approaches were
applied. In contrast, the approach we take and propose
in this paper aims at open-domain video description gen-
eration with deep trainable models starting from low-level
video representations, including raw pixel intensities (see
Sec. 2.2) and local motion features (see Sec. 3.1).

In this sense, the approach we use here is more closely
related to the recently introduced static image caption gen-
eration approaches based mainly on neural networks [20,
12, 42, 44, 18]. A neural approach to static image caption
generation has recently been applied to video description
generation by Venugopalan et al. [41]. However, their di-
rect adaptation of the underlying static image caption gener-
ation mechanism to the videos is limited by the fact that the
model tends to ignore the temporal structure of the under-
lying video. Such structure has demonstrated to be helpful
in the context of event and action classification [35, 13, 6],
and is explored in this paper. Other recent work [27] has
explored the use of DVS annotated video for video descrip-
tion research and has underscored the observation that DVS
descriptions are typically much more relevant and accurate
descriptions of the visual content of a video compared to
movie scripts. They present results using both DVS and
script based annotations as well as cooking activities.

While other work has explored 3-D Deep Networks for
video [36, 16, 18, 30] our particular approach differs in a
number of ways from prior work in that it is based on CNNs
as opposed to other 3-D deep architectures and we focus on
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Fig. 5. Examples of the attention-based model attending to the correct object (white indicates the attended regions, underlines indicated the corresponding
word) [22]

Fig. 6. The 3-D convolutional network for motion from [23].

The other type of encoder in [23] is a so-called 3-D
convolutional network, shown in Fig. 6. Unlike the usual
convolutional network which often works only spatially over a
two-dimensional image, the 3-D convolutional network applies
its (local) filters across the spatial dimensions as well as the
temporal dimensions. Furthermore, those filters work not on
pixels but on local motion statistics, enabling the model to
concentrate on motion rather than appearance. Similarly to
the strategy from Sec. II-D, the model was trained on larger
video datasets to recognize an action from each video clip, and
the activation vectors from the last convolutional layer were
used as context. The authors of [23] suggest that this encoder
extracts more local temporal structures complementing the
global structures extracted from the frame-wise application of
a 2-D convolutional network.

The same type of decoder, a conditional RNN-LM, used in
[22] was used with the content-based attention mechanism in
Eq. (16).

2) Experimental Result: In [23], this approach to video
description generation has been tested on two datasets; (1)
Youtube2Text [54] and (2) Montreal DVS [55]. They showed
that it is beneficial to have both types of encoders together
in their attention-based encoder–decoder model, and that
the attention-based model outperforms the simple encoder–
decoder model. See Table IV for the summary of the evalua-
tion.

TABLE IV
THE PERFORMANCE OF THE VIDEO DESCRIPTION GENERATION MODELS
ON YOUTUBE2TEXT AND MONTREAL DVS. (?) HIGHER THE BETTER.

(�) LOWER THE BETTER.

Youtube2Text Montreal DVS
Model METEOR? Perplexity� METEOR Perplexity

Enc-Dec 0.2868 33.09 0.044 88.28
+ 3-D CNN 0.2832 33.42 0.051 84.41

+ Per-frame CNN 0.2900 27.89 .040 66.63
+ Both 0.2960 27.55 0.057 65.44

Similarly to all the other previous applications of the
attention-based model, the attention mechanism applied to the
task of video description also provides a straightforward way
to inspect the inner workings of the model. See Fig. 7 for
some examples.

Fig. 7. Two sample videos and their corresponding generated and ground-
truth descriptions from Youtube2Text. The bar plot under each frame cor-
responds to the attention weight ↵t

j (see Eq. (11)) for the frame when the
corresponding word (color-coded) was generated. Reprinted from [23].

3-D conv-net
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Internal self-attention in deep learning 
models

In addition to connecting 
the decoder with the 
encoder, attention can be 
used inside the model,
replacing RNN and CNN!

Transformer from Google
Attention Is All You Need, Vaswani et al,  NIPS 2017
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Parametrization – Recurrent Neural Nets
• Following Bahdanau et al. [2015]

• The encoder turns a sequence of tokens into a sequence of 
contextualized vectors.

• The underlying principle behind recently successful contextualized 
embeddings
• ELMo [Peters et al., 2018], 

BERT [Devlin et al., 2019] and 
all the other muppets
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Parametrization – Recurrent Neural Nets
• Following Bahdanau et al. [2015]

• The decoder consists of three stages
1. Attention: attend to a small subset of

source vectors
2. Update: update its internal state
3. Predict: predict the next token 

• Attention has become the core 
component in many recent 
advances
• Transformers [Vaswani et al., 2017], 

…
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Side-note: gated recurrent units to attention
• A key idea behind LSTM and GRU is the additive update 

• This additive update creates linear short-cut connections 
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Side-note: gated recurrent units to attention
• What are these shortcuts?

• If we unroll it, we see it’s a weighted combination of all previous 
hidden vectors:
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Side-note: gated recurrent units to attention
1. Can we “free” these dependent 

weights?

2. Can we “free” candidate vectors?

3. Can we separate keys and values?

4. Can we have multiple attention 
heads?
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keys values

queries

outputs

Generalized dot-product attention - vector 
form
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Generalized dot-product attention - matrix 
form

• rows of Q, K, V are keys, 
queries, values

• softmax acts row-wise
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Three types of attention in Transformer
● usual attention between encoder and decoder:

Q=[current state] K=V=[BiRNN states]  

● self-attention in the encoder (encoder attends to itself!)
Q=K=V=[encoder states]

● masked self-attention in the decoder (attends to itself, 
but a states can only attend previous states)
Q=K=V=[decoder states]
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Other tricks in Transformer

• allows different processing of information coming from different locations 

• positional embeddings are required to preserve the order information:

(trainable parameter embeddings also work)
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- 6 layers like that in encoder
- 6 layers with masking in the 

decoder
- usual soft-attention between 

the encoder and the decoder

Transformer Full Model and Performance
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Transformers
for Text

81

Attention Is All You Need, Vaswani et al,  
NIPS 2017



Transformer Model
• It is a sequence to sequence 

model (from the original paper) 

• the encoder component is a 
stack of encoders (6 in this 
paper) 

• the decoding component is 
also a stack of decoders of the 
same number 
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• It is a sequence to sequence 
model (from the original paper)


• the encoder component is a 
stack of encoders (6 in this 
paper)


• the decoding component is 
also a stack of decoders of 
the same number



Transformer Model: Encoder

• The encoder can be broken 
down into 2 parts 
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Transformer Model: Encoder

• The encoder can be broken 
down into 2 parts



Transformer Model: Encoder
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Transformer Model: Encoder



Transformer Model: Encoder 
Self-Attention

• Example: “The animal didn't 
cross the street because it 
was too tired”


• Associate “it” with “animal”


• look for clues when encoding


• checkout tensor2tensor 
notebook

Transformer Model: Encoder
• Example: “The animal 
didn't cross the street 

because it was too tired” 

• Associate “it” with “animal” 

• look for clues when encoding 
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Self-Attention: Step 1 (Create Vectors)

• Abstractions useful for calculating and thinking about attention 86

Self-Attention: Step 1 (Create Vectors)

• Abstractions useful for calculating and thinking about attention



Self-Attention: Step 2 (Calculate score), 3 and 4
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Self-Attention: Step 5

• multiply each value 
vector by the softmax 
score


• sum up the weighted 
value vectors


• produces the output

Self-Attention: 
Step 5

• multiply each value 
vector by the softmax
score 

• sum up the weighted 
value vectors 

• produces the output
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Self-Attention: Matrix Form
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Self-Attention: 
Multiple Heads
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Self-Attention: Multiple Heads
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Self-Attention: Multiple Heads

• Where different attention heads are focusing 
(the model’s repr of “it” has some of 
“animal” and “tired”)


• With all heads in the picture, things are 
harder to interpret

Self-Attention: Multiple Heads

• Where different attention heads are 
focusing (the model’s repr of “it” has 
some of “animal” and “tired”) 

• With all heads in the picture, things are 
harder to interpret 
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Positional Embeddings
• To give the model a sense of order

• Learned or predefined
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Positional Embeddings

• To give the model a sense of 
order
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Positional Embeddings
• What does it look like?

Positional Embeddings
• What does it look like?
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The Residuals
• Each sub-layer in each encoder has a residual connection around it 

followed by a layer normalization 
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The Residuals

• Each sub-layer in each encoder has a residual connection around it 
followed by a layer normalization



The Residuals
• This goes for

sub-layers in 
decoder
as well
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The Residuals

• this goes for sub-layers in decoder as well



The Decoder
• The self-attention can only attend to earlier positions in the output sequence.


• Done by masking the future positions (setting them to -inf before the softmax in calculation)The Decoder
• The self-attention can 

only attend to earlier 
positions in the output 
sequence.

• Done by masking the 
future positions (setting 
them to -inf before the 
softmax in calculation) 
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Final Layer
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Final Layer
• The self-attention can only attend to earlier positions in the output sequence.


• Done by masking the future positions (setting them to -inf before the softmax in calculation)

• The self-attention can 
only attend to earlier 
positions in the output 
sequence.

• Done by masking the 
future positions (setting 
them to -inf before the 
softmax in calculation) 



Results
• Machine Translation: WMT-2014 BLEU

• Transformer models trained >3x faster than the others
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What Matters

• row B: reducing attention key size hurts 
the model 


• row C: bigger model is better


• row D: dropout is helpful


• sinusoidal with learned positional emb 
have same results

What Matters
• row B: reducing 

attention key size 
hurts the model 

• row C: bigger 
model is better 

• row D: dropout is 
helpful 

• sinusoidal with 
learned positional 
emb have same 
results 
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Transformers
for Vision

101

An Image is Worth 16x16 Words: Transformers for Image Recognition 
at Scale, Dosovitskiy et al,  ICLR 2021



Deep Nets are Data Transformers
• Deep nets transform datapoints, 

layer by layer

• Each layer is a different 
representation of the data 

• We call these representations 
embeddings
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A New Data Structure: Tokens 
• A token is just transformer lingo for a vector of neurons (a.k.a. an embedding)

• But the connotation is that a token is an encapsulated bundle of information; 
with transformers we will operate over tokens rather than over neurons
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linear comb of neurons linear comb of tokens



Tokenizing The Input Data
• When operating over neurons, we represent the input as an array of scalar-

valued measurements (e.g., pixels)

• When operating over tokens, we represent the input as an array of vector-
valued measurements
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tokens



Convolution over Tokens

105space/time

Local MLP



Attention Layer
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conv w/o overlap conv w overlap fc layerconv pyramid



Attention Layer
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Attention Layer
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Attention Layer
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Attention Layer

[“Attention is All You Need”, Vaswani et al. 2017]
[“Vision Transformer”, Dosovitskiy et al. 2020] 110



Transformer 
(simplified)

111

[“Attention is All You Need”, Vaswani et al. 2017]
[“Vision Transformer”, Dosovitskiy et al. 2020]



Attention Maps In A Trained Transformer

112
[“DINO”, Caron et all. 2021] 



Summary

● attention is used to focus on parts of inputs/outputs

● it can be content/location based and hard/soft

● it’s three main distinct uses are
○ connecting encoder and decoder in sequence-to-sequence task
○ achieving scale-invariance and focus in image processing
○ self-attention can be a basic building block for neural nets, often 

replacing RNNs and CNNs [recent research, take it with a grain of salt]
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Next lecture: 
Autoregressive Models


