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Deep Learning

Hung-yi Lee
PIRRL



Deep learning
attracts lots of attention.

* | believe you have seen lots of exciting results
before.
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Deep learning trends at Google. Source: SIGMOD 2016/Jeff Dean
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Ups and downs of Deep Learning
1958: Perceptron (linear model)

1969: Perceptron has limitation

1980s: Multi-layer perceptron
* Do not have significant difference from DNN today

1986: Backpropagation
* Usually more than 3 hidden layers is not helpful

1989: 1 hidden layer is “good enough”, why deep?

2006: RBM initialization

2009: GPU

2011: Start to be popular in speech recognition

2012: win ILSVRC image competition

2015.2: Image recognition surpassing human-level performance
2016.3: Alpha GO beats Lee Sedol

2016.10: Speech recognition system as good as humans



Three Steps for Deep Learning

Neural
Network

Deep Learning is so simple ......

Step 2: Step 3: pick
goodness of . the best
function function
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Neural Network
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“Neuron”

Neural Network

Different connection leads to different network
structures

Network parameter @: all the weights and biases in the “neurons”



-ully Connect Feedforward
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Network
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-ully Connect Feedforward
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This is a function.
Input vector, output vector
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Given network structure, define a function set



-ully Connect Feedforward
Network

Input Layer 1  Layer 2 Layer L Output
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http://cs231n.stanford.e
du/slides/winter1516 le
cture8.pdf
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AlexNet (2012)

7.3%




Deep = Many hidden layers

101 layers

152 layers -

Special
structure

T A,

Ref: 3.57% =

https://www.youtube.com/watch?v=
dxB6299gpvl
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Matrix Operation
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Neural Network
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Neural Network
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) Using parallel computing techniques
to speed up matrix operation

~o( W2 ao( WY [ x|+ bt)+ b2) -+ b




Output Layer
as Multi-Class Classifier

Feature extractor replacing
feature engineering

X
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Output = Multi-class
Layer Hidden Layers Layer Classifier



Example Application

Input Output
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16 x 16 = 256
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Each dimension represents
Noink - O the confidence of a digit.




Example Application

* Handwriting Digit Recognition

y]_ is1
1 . IS 2
. » Neural RE:
i ;i Network
X256 What is needed is a Yio SR
function ......
Input: output:

256-dim vector 10-dim vector



Example Application

Layer1  Layer 2

A function set containing the

candidates for

FEERE
|

You need to decide the network structure to
let a good function in your function set.




Layer L  Output

FAQ

Layer Hidden Layers

* Q: How many layers? How many neurons for each

layer?
Trial and Error ks

* Q: Can the structure be automatically determined?
* E.g. Evolutionary Artificial Neural Networks

e Q: Can we design the network structure?

Convolutional Neural Network (CNN)



Three Steps for Deep Learning

Neural ny
Network

Deep Learning is so simple ......

Step 2: Step 3: pick
goodness of . the best
function function
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Loss for an Example

10
(y,y) = _zy\iln% <
=1



Total Loss

For all training data ...

— NN

— NN

Total Loss:

Find a function in
function set that
minimizes total loss L

Find the network

parameters 0* that
minimize total loss L




Three Steps for Deep Learning

Neural ny
Network

Deep Learning is so simple ......

Step 2: Step 3: pick
goodness of . the best
function function
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Gradient Descent
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Gradient Descent
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Gradient Descent

This is the “learning” of machines in deep
learning ......

| hope you are not too disappointed :p



Backpropagation

* Backpropagation: an efficient way to compute dL/dw in
neural network

iy I.\

Tensor

-t forch e heano

B® Microsoft

Caffe CNTK
libdnn
et

Bkt
Ref:

http://speech.ee.ntu.edu.tw/~tlkagk/courses/MLDS 2015 2/Lecture/DNN%20b
ackprop.ecm.mp4/index.html

Deep Learning library produced by Amazon




Three Steps for Deep Learning

Neural ny
Network

Deep Learning is so simple ......

Step 2: Step 3: pick
goodness of . the best
function function
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@Dﬂ_home

Eﬂ 01 _01-UAlbertaBot Installation Instructions

Eﬂ 01 _01-UAlbertaBot Installation Instructions_AO1-B¥TA 2.2 - Installation Instructions

Eﬂ 01_02-Common Izzues and Solutions

4] 01_D3-Artificial Intelligence Systens used in UAlbertaBot

B 01_D4-Bot Design and Architecture

@01_04—30*. Dezign and Architecture_0l1-How to Use the UblbertaBot Configuration File

| 01 04-EBot Design and Architecture_0l-How to Use the UAlbertaBot Configuration File AQ01-UAlbertaBot Configuration File
@01_04—30*. Design and Architecture_02-How to Modify Euild Orders & Unit Froduction

4] 01_04-Bot Design and Architectuwre_3-How to Modify Combat Logic and Unit Micromanagement

@01_04—30*. Dezign and Architecture_04-How to Modify Worker Jobs and Allocation

@01_04—30*. Dezign and Architecture_05-How to Modify Path Finding

Eﬂ 02_00-Introduction

8] 02_01-How to Download, Compile & Run

@DZiﬂl—How to Download, Compile & Bun 01-Compiling in Windows as part of a BWAPT StarCraft bot
@DZ_DI_HOW to Download, Compile & Bun 02-Compiling in Windews as a standalone executable

@DZ_DI_HOW to Download, Compile & Bun 03-Compiling in Linux as a standalone executable

hii]DZ_DZ—Run Experiments How - Standalone Windows Executable

B4 02_D2-Fun Experiments Howx - Standalone Windows Executable Di-Simulation Settings Instructions

|| 02_02-Fun Experiments How - Standalene Windows Executable 01-Simulation Settings Instructions_OlA-sample experiment configuration file
hﬁi102_03—)\rtificial Intelligence Methods in SparCraft

02 03-Artificial Intelligence Methods in SparCraft A01-Fast Hewristie Search for RIS Game Combat Scenarios
|| D2_04-Simple SparCraft Coding Tutorial



2. [ZEAEHEREN bwapi MU AL T 20T T ALK

[SSCAIT] Student StarCraft Al Tournament & Ladder

Organized by Department of Computer Science, Czech Technical University in Prague

Upcoming Matches: ELO Ratings over Time

MadlisT ws. Zia bot | PurpleSpirit vs. Madlisl | kwasid vs. NPRbot | Slater — Seardust — krasi0 PurpleWave —— BananaBrain 1752 P
vs. Ecgberht | FarpleSwan vs, Flash | MegsBot2017 vs. Furplefeve | Arrakhanner R
ws. Metej Istenik | Jakub Trancik vs. Flash | sigfORKast vs. hndrey Kurdiunoy

Delingvery vs. Aerakhanner 3,000

To change the match schedule: Vote for Players 2,000
To see bot's ELO in more detail: Show Big ELO Chart
1,000

This chart displays the ELO rating over time. By default, only the bots with ELO higher than 2150 are
displayed. Add more bots to the chart by dlicking their name in the legend.

Bots & Results

Bots and Score:

Ewo ICCUP  SSCAIT Win Rae
RaTNG*  FoRMULA*  Rani*  (usr 50 caes)

hitpss#/github.com/bmnielsen/
3230 7871 126 el




