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Deep Learning in Computer Vision

(FeiFei Li 2014)



Deep Learning in Computer Vision

(Canziani et al. 2016)



No More Engineering…?

Inception-v1

Inception-v4
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Architecture of AlphaGo



Architecture of AlphaGo
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Architecture of AlphaZero
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“Machine Learning have become an Alchemy”



Claim: We Need to Automate
Claim: Structure of efficient neural network is so complicated that human 
expert cannot design by heuristic

-> We need AutoML!



Deep Learning Techniques
1. Convolution and Sparsification
2. Vanishing Gradient Problem: Skip Connection, LSTM
3. Hierarchical Architecture



Convolution: Sparsification

(Fukushima 1980; LeCun et al. 1998)



Deep Deep Architectures
Will smaller number of parameters, CNN can be deeper than Densenet

Deeper networks often perform better (Simonyan&Zisserman 2014)

Deeper networks can learn higher level features (Nguyen&Hein 2017)

Overparameterization as a momentum (Arora et al. 2018)



Deep Deep Architectures



Deep Learning Techniques
1. Convolution and Sparsification
2. Vanishing Gradient Problem: Skip Connection, LSTM
3. Hierarchical Architecture



Vanishing Gradient Problem (Hochreiter 1991)

Gradient gets smaller in deep architectures (or RNN)

Example: Hyperbolic tangent activation function have gradient in (0,1) range



Solution 1. Activation Functions

(Figure from https://towardsdatascience.com/activation-functions-neural-networks-1cbd9f8d91d6)



(Larochelle et al. 2009)

Solution 2. Pretraining with RBM/Autoencoder



Solution 2. Pretraining with RBM/Autoencoder



Solution 3. Skip Connections
ResNet (Kaiming et al. 2015)



Solution 3. Skip Connections
LSTM/GRU (Hochreiter&Schmidhuber1997; Chung et al. 2014)



Deep Learning Techniques
1. Convolution and Sparsification
2. Vanishing Gradient Problem: Skip Connection, LSTM
3. Hierarchical Architecture



Hierarchical Architecture
Almost all sota NNs have hierarchical structures

Repetition of some structures is effective

Inception-v4NasNetGoogLeNet



What We Know Today
1. Hierarchical architecture works great in many domains
2. Efficient substructures are often very complex and domain dependent

Inception-v4



Neural Architecture Search (Zoph&Le 2016)



Challenges for Architecture Search
Exponentially Grown Search Spaces: 

● Layer choices: convolution, pooling, batch normalization, etc. (8 types of layer)
● Parameters in a layer: e.g. filters, kernel size, strides in conv layer. (at least two design choices 

in a layer)
● Each layer has ~16 choices
● Total architectures exponentially grow with depth (e.g. 2 layers = 16^2, 3 layers =16^3, and 

10 layers, 16^10)
● We need 1.5 million years to fully train all the possible architectures on a TITAN-XP

Exhaustive Search is infeasible; and a smart choice must be made



Hill Climbing (Liu et al. 2017)



Hill Climbing (Liu et al. 2017)
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Reinforcement Learning: Q-Learning (Baker et al. 2016)



Markov Decision Processes (MDP)
M = (S, A, T, R, γ)

S: set of states

A: set of actions

T: transitions

R: reward

γ: discount factor

st st+1

rt+1

at

・・・・



Markov Decision Processes (MDP)
M = (S, A, T, R, γ)

S: set of states

A: set of actions

T: transitions

R: reward

γ: discount factor

Objective: Find a policy π(a | s) which maximizes total discounted reward

st st+1

rt+1

at

・・・・

π(a | s)



State: Network architecture
Set of network layers and 
their parameters
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Action: Network Modification
Modify existing layers, add new layers, 
or terminate

● Ɛ-Greedy choice rule

● Only trains terminating networks

● Transition function limits inappropriate 
networks
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Reward: Classification Accuracy
Performance at standard classification tasks

SVHN CIFAR-10 MNIST
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Reinforcement Learning: Q-Learning (Baker et al. 2016)



Reinforcement Learning: Policy Gradient (Zoph&Le 2016)

REINFORCE: Learn a policy to optimize the reward (e.g. accuracy)



Reinforcement Learning: Policy Gradient (Zoph&Le 2016)

REINFORCE: Learn a policy to optimize the reward (e.g. accuracy)



Reinforcement Learning: Policy Gradient (Zoph&Le 2016)

REINFORCE: Learn a policy to optimize the reward (e.g. accuracy)



Exploration-Exploitation Problem
Reinforcement learning optimizes policy based on its previous experience

Figure from http://ai.berkeley.edu/lecture_slides.html



Problem 1: Epsilon scheduling
Hyperparameters of Q-learning

1. εt: Exploration probability for every episode

2. α: Learning rate alpha 0.01

The whole goal was to get rid of hyperparameters!



Results: Q-Learning with/without epsilon scheduling

epsilon scheduling epsilon = 0.2



Problem 2: Constant exploration chance for all 
states

Exploration chance should be set for each state rather than for each 
episode

= 100
= 0.51

= 2
= 0.50

= 100
= 0.95

= 80
= 0.50

: value estimate of state s

: number of visits to a state s

Q-Learning
Q-Learning



UCT (bandit-based MCTS) Kocsis&Szepesvári 2006

where
: average accuracy

: number of visits to a state s

: hyperparameter



1. No Epsilon Scheduling Required
where

Exploitation Exploration

: average accuracy

: number of visits to a state s

: hyperparameter

Exploitation-Exploration dilemma is automatically tuned by the number of 
visits



2. Exploration Factor for Each State
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Q-Learning
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: average accuracy

: number of visits to a state s

: hyperparameter

where

Exploitation Exploration

Q-Learning
Q-Learning

UCTUCT
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2. Exploration Factor for Each State



Problem of (Naive) UCT



Problem of (Naive) UCT

Prediction Model:

Given a NN, predict its performance 

WITHOUT actually training it



What is the State-of-the-Art of 2018?
Transfer learning

Reuse a weight of previously trained NN for a novel NN



HyperNetworks (Ha et al. 2016)



SMASH (Brock et al. 2017)

Transfer weights using HyperNetworks



SMASH (Brock et al. 2017)



SMASH (Brock et al. 2017)



Net2Net (Chen et al. 2016)



Net2Net (Chen et al. 2016)



Net2Net (Chen et al. 2016)



Network Transformation (Cai et al. 2017)

Net2Net applied to RL-based search



Network Transformation (Cai et al. 2017)



ENAS (Pham et al. 2018)

Sharing weights among child networks



ENAS (Pham et al. 2018)

Sharing weights among child networks



DARTS: Differentiable NN Search (Liu et al. 2018)



DARTS: Differentiable NN Search (Liu et al. 2018)



Gitgraph: Subgraph Mining (Bennani-Smires et al. 2018)



Application to Anomaly Detection (Shalyga et al. 2018)



Architecture Search is...


