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AI?
Machine learning?
Deep learning?



History of AI
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Image taken from: http://ja.catalyst.red/articles/ai-infographic-01/



Relationships among AI-related fields

Artificial Intelligence, AI

Machine Learning, ML

Representation Learning, RL

Deep Learning, DL

•Rule bases
•Expert systems

•Support vector machine
•Logistic regression
•Ridge regression
• (shallow) neural networks

• (shallow) autoencoder
•Dictionary learning

•Restricted Boltzmann machine
•Deep neural networks



Tasks in Machine Learning

Machine Learning

Supervised 
learning

• Classification

• Regression

• Detection

• Segmentation

Unsupervised 
learning

• Dimensionality 
reduction

• Clustering

Reinforcement 
learning …

…

35.4 2 R+
<latexit sha1_base64="gGKFT9Kl3bwUC7c+gcWIKDFkhTc="></latexit>

From: https://towardsdatascience.
com/google-ais-new-object-detection
-competition-6dde25cf099d

From: https://thegradient.pub
/semantic-segmentation/

https://towardsdatascience/
https://thegradient.pub/


Why deep learning?



What deep learning can do

[Russakvsky 2015] [Karras 2018]

[Xu 2015] [Zhou 2017]



An image recognition task
• ImageNet Large Scale Visual Recognition Competition

• 1,000 classes
• 1,461,406 images



(Not so) recent models

From: http://image-net.org/challenges/talks_2017/ILSVRC2017_overview.pdf
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Deep learning



Difference between conventional machine 
learning and deep learning
• Conventional machine learning

• Deep learning

x
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Feature 
extraction Classification

h(x)
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g(v)
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Class label

“cat”

f(x)
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Mapping
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Class label

“cat”



Building blocks of neural networks
• Linearity:

• Convolution layer for images

• Nonlinearity:
• Hyperbolic tangent
• ReLU
• etc. 

• Loss:

• Others:
• Batch normalization
• Pooling
• etc.

Linearity

Nonlinearity

Linearity

Nonlinearity

Loss

…

h = Wx+ b
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y = �(h)
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�(h) = max(0, h)
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�(h) = tanh(h)
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Output y
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Input x
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Supervision

f
(x
)
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Linearity

Nonlinearity

L(x, t)
<latexit sha1_base64="ZWQHyVxiGrfol6tYU9WAWn9TgfA="></latexit>



Training neural networks



Building blocks of neural networks (again)
• Linearity:

• Convolution layer for images

• Nonlinearity:
• Hyperbolic tangent
• ReLU
• etc. 

• Loss:

• Others:
• Batch normalization
• Pooling
• etc.

Linearity

Nonlinearity

Linearity

Nonlinearity

Loss

…

h = Wx+ b
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�(h) = max(0, h)
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�(h) = tanh(h)
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Supervision

f
(x
)
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Linearity

Nonlinearity

L(x, t)
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How to train your model (neural network)

• Stochastic gradient descent
• A type of gradient descent

• Back-propagation
• The chain rule of differentiation; 

differentiation for composite functions



Can you solve? (1)

• Find a line that well explains the given data

• What type of a line?
• With what criterion?
• (How accurate fitting should be?
• How to find it?

<latexit sha1_base64="GWPwbFOxKRHkb1drPZsHzFpVza0="></latexit>

D = {(xi, yi)|i = 1, . . . , N}

Neural network structure
Selection of the loss

<latexit sha1_base64="CbOboked+Us2NZOIT/mrp5asfeo="></latexit>

y = ax+ b

<latexit sha1_base64="y21aS/tHutvh2WZm6H+DEahf+ug="></latexit>
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xi
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yi
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y =
X

n

anx
n

Regularization)
Selection of optimization algorithm

Common choices:
• A straight line
• Mean squared error



Can you solve? (1)
• Suppose and MSE as the loss function

• What we need to find    and    that minimize the loss

There is an analytic solution!

<latexit sha1_base64="WEx6OJQ8tfjOd+pKuWWKQ4lLXi8="></latexit>

f(x) = ax+ b

<latexit sha1_base64="LhxCXPMvok95NeSTBIPLyeXhUAU="></latexit>

L(a, b) =
X

i

kyi � f(xi)k2

<latexit sha1_base64="M6BXcuhWF7lh1cX4F0PhJLManY0="></latexit>

=
X

i

(yi � axi � b)2
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a
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<latexit sha1_base64="kyXtal7QBUaL67nEGy8u+HztCHQ="></latexit>

@L

@a
= 0
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N

X

i

yi � a⇤
1

N

X

i

xi = µy � a⇤µx



Gradient Descent

• Find parameters with 0 gradients
• That is, shift the param. toward the 

opposite direction of the gradient from 
an initial point

• In general:

: parameters to learn
: learning rate

<latexit sha1_base64="yLF39IZYMR8mVDBVyu4yr63IgXA="></latexit>

L(a, b)
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Gradient descent
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<latexit sha1_base64="PkpAicVbXB21YaObyPOZ9EIoz7w="></latexit>

✓
<latexit sha1_base64="CPMMUXlBzWIqoiwan4WNoM0nWpk="></latexit>

↵
<latexit sha1_base64="anJh4W6pvlf+ZSk8kB5iSTLO6Cs="></latexit>



The neural network case
• Neural networks’ loss function is multi-modal



Stochastic Gradient Descent

• Faster update
• Possibly go beyond local minima

<latexit sha1_base64="u9DZQaYHQGPa/S+vRZAx7iGHA4U="></latexit>
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kyi � f(xi)k2
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LN (a, b)
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X
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kyi � f(xi)k2
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kyi � f(xi)k2
<latexit sha1_base64="K94LVXnBkKpyBJ85ld67YCvJWf8="></latexit>
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kyi � f(xi)k2 + · · ·+
X

i2BN

kyi � f(xi)k2



Variants of stochastic gradient descent
• (Vanilla) stochastic gradient descent algorithm

• Stochastic gradient descent with momentum

• AdaGrad

• RMSProp

• Adam



Example: A simple neural network

h0 = g1(x|W1, b1) = W1x+ b1
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L(x, t|⇥) = softmax-cross-entropy(x, t|⇥)
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Back-propagation, back-prop
• The chain rule: @f(g(x))
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Recent progress 
in deep neural nets
Especially for image classification



Various problems in deep neural nets

• Overfitting

• Gradient vanishing

• Hyperparameter tuning (# layers, learning rate, etc.）



Which line is better?
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Overfitting
• A model is too optimized to the training data and does not 

work well for unseen (test) data



Back-propagation, again 
• The chain rule: @f(g(x))
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What does the gradient actually look like
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Gradient vanishing



(Not so) recent models (again)

From: http://image-net.org/challenges/talks_2017/ILSVRC2017_overview.pdf
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Architectural evolution 
for solving the problems
From [Khan et al. (2020). A survey of the recent architectures of 
deep convolutional neural networks. Artificial Intelligence Review. 
Vol. 53, pp. 5455–5516]

2014 #2
2013 #1

2014 #1

2012 #1

2015 #1

2016 #2



Comparison among models

• AlexNet (’12)

• VGG (‘14)

• GoogLeNet (‘14)

• ResNet (‘16)

Performance

0.16

0.088?

0.07

0.036

# layers

8

19

22

152

# Parameters

61M

138M

11M

25M



AlexNet
• The first neural net that won the ImageNet competition

• Krizhevsky et al. (2012). ImageNet classification with deep convolutional 
neural networks. Communications of the ACM 60(6).
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VGG vs. GoogLeNet
• 2014 ImageNet competition runner-up (19 layers)

• Simonyan and Zisserman (2015). Very Deep Convolutional Networks for 
Large-Scale Image Recognition. ICLR.

• 2014 ImageNet competition winner (22 layers)
• Szegedy et al. (2015). Going deeper with convolutions. CVPR.



ResNet
• 2015 ImageNet Competition winner (152 layers!)

• He et al. (2016). Deep residual learning image recognition. CVPR.

(A smaller variant, as 152 layers do not fit to the page)



Some component-level techniques
• Overfitting

• Regularization (Dropout, weight decay)
• Data augmentation
• (Larger amount of data)

• Gradient vanishing
• ReLU and its variants
• Batch normalization

• Hyperparameter tuning (# layers, learning rate, etc.）
• Bayesian optimization
• Researcher’s experience



An application to Physics



Our collaboration with physics researchers

• Flavor classification
日本物理学会全国大会
Kishida, Iwasaki, et al.

• 3-class classification with 
variable-length data
• Classification into cc / bb / uds events

• A classic approach hand-crafted
features and use a shallow NN for 
classification



Power of deep learning?
• Look into the data…

Okay, don’t think, just do

・
・
・



The code (200+ lines)
• Loading required modules
• Reading data

• Defining the neural network structure

• Evaluation
• Configuration and training



What we got



But it might be the time to...
• Think about what’s next:

• Is it possible to extract shared tasks for certain 
communities?

• Is it possible to build an open dataset for each of the 
shared tasks?

• What is the common input for various downstream 
tasks?



Recent tales of neural networks
Lazy deep neural networks?



Video Moment Retrieval
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Visual Question Answering



Comparison

• Datasets with “-CP” reduce dataset bias
• VQA v1/v2 can be answered with 50% accuracy based only on questions
• Even SoTA models performed < 40% accuracy over “-CP” datasets



So...?

• Deep neural networks are lazy?
• Shortcut learning

[Geirhos et al., arXiv:2004:077803]
• They are trapped in superficial correlations

• “There could be better ways...”
• “But it’s working…” (though it’s a 

local minimum)

• Note this when you use multiple 
different inputs

Vision hardly helps 
for vision + language (=multimodal) tasks



Takeaways
• Deep learning is easy; but don’t forget the puzzling problems

• Overfitting
• Vanishing gradients
• Hyperparameter tuning
• Shortcut learning?

• For better modeling the data, it would be nice to have some 
shared tasks
• Common input data (perhaps, closer to detectors?)
• Shared tasks




