
NETWORKS FOR OTHER 
DATA TYPES



Various types of data

• 2D signals, fixed size, e.g., images
– Grayscale image à 2-tensor
– RGB image à 3-tensor
– 2D CNNs

• 1D signals (temporal signals), variable 
length, e.g., acoustic signals
– 1D CNNs

• 3D data, fixed size, e.g., video clip, CT 
images
– 3-tensor
– 3D CNNs (3D convolution)

• Sequential data
– Sentence = Sequence of words

• Graphs
• Sets (of elements)

– Order-less

• CNNs---1D, 2D, 3D
– Applicable also to variable size

input

• RNNs
– Designed for variable length 

sequence
– LSTM/Gated RNN
– Autoregressive model

• Attention mechanisms
– Transformer

• Natural input type is a set
• Applicable to sequential data

• Nets for graphs
– Graph convolutional networks

• Nets for sets
– PointNet/Deep sets 
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Sequential data

• A sequence of something that can have a variable length
– One sequence is treated as a sample

• E.g.,  A sentence, which consists of words; there is an order in them

• E.g.,  Acoustic signals
– sampled at a fixed frequency; the sampled values are quantized

sh1 sh2 sh3 ix1 ix2 ix3 hv1hv2hv3

x1x2x3x4· · ·

Spoken words

States of a hidden 
Markov model

Phoneme

Feature

25ms

We can get an idea of the quality of the learned feature 
vectors by displaying them in a 2-D map.



Recurrent Neural Networks (RNNs)
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• Notion of time step t
• At each time step t, x is input to

the net
• The net output y at t
• Memorize the activation at its 

intermediate layer(s) and transfer 
to the next time step t+1



Expanding an RNN in the temporal direction

• RNNs are nothing but deep feed-forward networks

t = 1 2 t
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Computing gradients (deltas) for RNNs

• Basically the same as in FF nets
– Back propagation of δ’s is given as follows: 
– Called BPTT (Back Propagation Through Time)

tt� 1
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W
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RNNs and gradient vanishing problem

• RNNs are developed in 80-90’s; 
• They are inherently deep nets!

– Researchers already faced the problem in those days
– Maximum number of layers such that training is manageable = the 

length of sequence that can be learned effectively
– It is empirically known to be at most 10 steps

How far δ’s can survive without vanishing?
= Num of steps that can affect the latest output

誤差逆伝播がどこまで遡れるか
＝どこまで前の入力が最新の出力に影響す
るか



LSTM：Long Short-Term Memory
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Forget gate

Output gate

Input gate

• Grad can be 
computed by BP

• Three gates aiming at 
learning longer time 
steps



LSTM：Long Short-Term Memory

From Graves, Supervised Sequence Labelling with Recurrent Neural Networks

RNN

LSTM LSTM can learn to use 
a longer context



Applications of RNNs
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E.g. Sentence classification
M inputs / 1 output 1 inputs / M output

M inputs / M output M inputs / N output

E.g. Speech synthesis

E.g. Sentence tagging 

In: “They have the best happy hours, the food     
is good, and service is even better.” 

Out: 4 star

displaCy Named Entity Visualizer

E.g. Machine translation

In: “They have the best happy hours, …”
Out: “Ils ont les meilleurs happy hours, …”



Autoregressive model

• The output at t–1 is used as input at t
• An example: Language models

– The net generates a sentence that matches a given initial condition
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x1 x2

y2y1 yt�1 yt

xt�1 xt xt+1x1 x2

y2y1

<start> We

We can

of the

the qualityWe can

<start> We quality

…
Initial
feature

Initial feature at the hidden layer
or a fist few words etc.



WaveNet

• Raw audio signal (sampled/digitized) input to the net
• Dilated conv. / residual connect / gated activation func.
• What and how to speak is controlled by additional input h

– linguistic feature: phone identities, syllable stress, # of syllables

van den Oord+, WAVENET: A GENERATIVE MODEL FOR RAW AUDIO, 2016

134https://deepmind.com/blog/article/wavenet-generative-model-raw-audio



Temporal Convolutional Networks (TCNs)

• Standard 1D CNN w/ modern 
components performs better 
than RNNs
– Dilated convolution
– Residual connection

• Difference from RNN
– TCNs can deal with only a 

finite length of input history
– Can be used in parallel fashion 

for training and inference
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Bai-Kolter-Koltun, An Empirical Evaluation of 
Generic Convolutional and Recurrent 
Networks for Sequence Modeling, arXiv2018



Neural machine translation (NMT), 1st generation

• Sequence-to-sequence (Seq2seq) model
• Generate a target sentence in an autoregressive way

Sutskever+, Sequence to Sequence Learning with Neural Networks, 2014

RNN with a hidden 
layer having 1000 
units learns to 
translate 50 words



Attention: General idea

• Weighting a set of entities depending on their importance
– E.g., Words in a sentence 

– E.g., Regions in an image
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We can get an idea of the quality of the learned feature vectors by displaying them in a 2-D map.

We can get an idea of the quality of the learned feature vectors by displaying them in a 2-D map.

We can get an idea of the quality of the learned feature vectors by displaying them in a 2-D map.

Query: What can we get?

Query: How do we get?

Query: What is this animal? Is it cloudy?



Attention: Computation

• Relevance between query (target) feature & source feature
• Weighted average of source features = attended feature 
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What is this animal? q

yi
(i=1,…,N)

relevance(q, yi) ai =
Σi relevance(q, yi) 

‘query’ (‘target’)

‘source’

featureinput attention weights 

relevance(q, yi) 

y = Σi ai yi

attended feature

compact
representation of
the query-related 
contents of the 
image

qTyi (inner product) is 
the most popular



• Use inner product for relevance and softmax for the normalization

– Normalize weights with softmax

• Attended feature is written as

Attention: Standard implementation
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relevance(q,yi) ⌘ q>yi
<latexit sha1_base64="zFrbI1q1u6voEhxgdnusNWS+pDE="></latexit>

ai ⌘ softmaxi(q
>[y1, · · · ,yN ]) =

exp(q>yi)PN
i=1 exp(q

>yi)
<latexit sha1_base64="Xu4adr9FR5ODLpMwAaFc0hsaHP8="></latexit>
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2
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...

y>
N
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<latexit sha1_base64="+wEtCJlMskl5fRMYFSg6Z9xO9KY="></latexit>

y ⌘
NX

i=1

aiyi
>! softmax

�
q>Y>�Y

<latexit sha1_base64="iZcp9xDcYioGmOp2Fy+DYhhLnjg="></latexit>
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(i=1,…,N)

…
…

… …



Transformer

• Insert 3 d×d weight matrix

• ‘Multi-head’ attention
– Use multiple (~ 10) sets of the above 

three matrices
– To deal with multiple attention maps at 

the same time

• First applied to NMT and then to many
NLP tasks
– Self-attention: X = Y

Vaswani+,Attention Is All You Need, 2017 
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softmax
�
q>Y>�Y ! softmax

�
(qW1)

>(YW2)
>�YW3

<latexit sha1_base64="K9SCowwy89HeOzW1jab/sYjax6A="></latexit>

YX

Multi-Head 
Attention

ST

Feed Forward 

AddNorm

X

AddNorm

Transformer extended to bi-modal tasks 

X =

2
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q>
1
...

q>
N

3
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<latexit sha1_base64="cxScZrWQOfW8U3AP+8eSOxMWaH0="></latexit>



BERT: Self-supervised learning of transformers
Devlin+, BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding, 2018

144
Rajpurkar+, SQuAD: 100,000+ Questions for Machine 
Comprehension of Text, 2016

Self-supervised learning works greatly for NLP tasks
(pre-training on proxy-tasks à fine-tuning on target tasks)



From set to sequence: Positional encoding

• When applying Transformer (self-attention) to sequential data, the 
order of inputs does not matter
– If you change the order of words in a sentence, the output will not

change 
– Thus, the relative position of each word in a sentence is encoded and 

added to its feature
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Visual Question Answering
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Q: What is reflected 
in the mirror? 

A: Cat

Q: What room is this?
A: Bathroom



Training data (VQA-1.0/2.0)
Agrawal+, VQA: Visual Question Answering, ICCV2015
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0.2 mil. Images
0.6 mil. Qs
6.1mil As



Attention for vision-language representation
Nguyen, Okatani, Improved Fusion of Visual and Language Features by Dense Symmetric Co-attention For VQA, CVPR18
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Dense Co-attention Networks
Nguyen, Okatani, Improved Fusion of Visual and Language Features by Dense Symmetric Co-attention For VQA, CVPR18
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Benchmark results
Nguyen, Okatani, Improved Fusion of Visual and Language Features by Dense Symmetric Co-attention For VQA, CVPR18
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83.30 72.67 83.39 95.77Ref.）Humans -



Examples: Correct answers
Nguyen, Okatani, Improved Fusion of Visual and Language Features by Dense Symmetric Co-attention For VQA, CVPR18
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Examples: Correct answers
Nguyen, Okatani, Improved Fusion of Visual and Language Features by Dense Symmetric Co-attention For VQA, CVPR18
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Examples: Correct answers
Nguyen, Okatani, Improved Fusion of Visual and Language Features by Dense Symmetric Co-attention For VQA, CVPR18
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Examples: Wrong answers
Nguyen, Okatani, Improved Fusion of Visual and Language Features by Dense Symmetric Co-attention For VQA, CVPR18
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