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Hidden Markov Model (HMNA) i

To Do o Do

Markov Chain

HMM

HMM # (Topicl)

HMM ! (Topic 1)
(Topic 111)

Motif findingT (Topic IV)
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EM algorithm
Markov Chain Monte Carlo (MCMC)
Ne (Topic V)
Ne -Mixture model
ClassificatiorLasso Based variable selection
(Topic VI)
Bayesian
Gaussian Graphical Model
Ne (Topic VII)
Network clustering
Network Motif
Markov random field (MRF)

Dimension reduction i (Topic VIII)
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AiMain.java

AiMain {

main(String[] args) {

Scanner sc = Scanner(System.

String str

 {
str
str
str
str

AiMain main()

AiMain AiMain

=!

fR4F

BEDFIEIXIE !

B!

) {
sc.next()
str.replace(
str.replace(

str.replace(
System. .println(str)

= AiMain

)
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You can't make an omelet without cracking a few eggs.
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It is hard to eat.
It tastes terrible.
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| want to get off work from work.

I'm going to get off work
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title: Anger Bolls Over at Charotiesyille Councll Mesting

taxt: Anger boiled over at the first Charlottesville City Council meating since a
white nationalist rally in the city descended Info viclent chaos, with some
residents screaming and cursing at councilors Monday night and calling for
their resignations.

Scores of people packad the council's chambers, and The Dally Progress
reported Mayor Mike Signer was interrupted by shouting several times in the
first few mi of the ing. As 5 lated, the ing was
halted, Live video showed protesters standing on a dais with a sign that sald,
"Blood on your hands.*

Goaogle

By
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| text: Anger boiled over at the first Charlattesville City Counci g since n white
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| screaming and cursing at councilors Monday night and calling for their resignations.
|

imamummmmmufndnm and The Daily Progress reparted
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| of the d, the o was halted. Live video showed
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| After talking with bors of the crowd, G il
would drop its agenda and focus on the crowd's

| Speakers, some yeling and hurling profanities, then took turmns the
oomdl some expressing frustration that leaders had granted a parmit for the Aug, 12
| rally that had turned violent. Others criticized the polica response to tha event, which
| draw hundreds of white and othar e
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AlphaGo

At last — a computer program that
can beat a champion Go player page ¢
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Mastering the game of Go with deep
neural networks and tree search

% — 45 i =Tk E =M

kAT Y Y T
MAF [1 1]
ﬁ*ﬁ#i’* HiEE R : -

2R s
FEN ) (55 L-ﬂfsll

--" | 4

F -3 -

el ETLE
s | soas
pr e

.......




AlphaGo vs. AlphaGo Zero

ALPHAGO

{-3) ;5;‘_‘.5;',?.;:."3- 6= ) (o) o

U+ AlphaGo

*°®*  ZERO

ALPHAGO ZERO BEAT ALPHAGO MASTER BY RESIGNATION. 6

Google DeepMind




AlphaZero

Reinforcement Learning ( 3)

A DIGITAL

¢ PRODIGY

AlphaZero teaches
itsalfchess, shogi, and Go
pp. X067 1118 & 1140
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The international journal ofsc:ence/ 14 November2019
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Hardware: GPU, HPC...
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Software: TensorFlow, Caffe...
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Machine Learning

A Probabilistic Perspective

Kevin P. Murphy
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Introduction

A Artificial Intelligence

ARTIFICIAL
INTELLIGENCE
e MACHINE
LEARNING

A Machine learning DEEP

| LEARNING
. — i A A
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Artificial Intelligence

Artificial intelligence (Al, also machine intelligence, Ml) is intelligence displayed by machines, in contrast with tile natur
intelligence (NI) displayed by humans and other animals.

deep Iearning

machine learnin
predictive analytics } S

translation

L . natural language
classification & clustering } processing (NLP)
information extraction \

speech to text - : ~
E “~.__speech Artificial Intelligence
text to speech .~ ( AI) § A\
expert systems P ‘e
planning, scheduling & / &
optimization
robotics
image recognition o
L =~ Vision
machine vision e

Hatley, L. (2016). Presentation, New Designs for Learning: Games and Gamification
https://en.wikipedia.org/wiki/Applications_of_artificial_intelligence



Machine Learning

Machine learning is the science of getting computers to act without being explicitly programmed.

1omonmon
ononolomo
1onoenonon

.
Training Data

Train the
Machine Learning Evaluate
Algorithm

) 4

-

r ry r
% A0
9 “‘l“ ¢

1omImonmon O

onortotomo | p—p )

10M0m0M0N OO o
w

L J . .
Input Data Machine Learning Prediction
Algorithm

General workflow of Machine Learning

Pat Alvarado et al,2016,Building the Machine Learning Infrastruct



Machine Learning

Oeep Neural Network

{ Black hole
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Subjective Popularity

Machine Learning

3 - EHR

FH - AN R Vapnik, Cortes
J.R. Quinlan
Breiman
Freund, Schapire
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Andrew Ng.
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Machine Learning in biology
v v

Supervised Unsupervised

X—>y ¥

puLot  e@/x  HuO

¢ Linear regression e PCA

¢ Logistic regression e Factor analysis
¢ Random Forest ¢ Clustering

e SVM ¢ Qutlier detection
L ] L ]

Machine learning algorithm: supervised and unsupervised

Raw data Clean data Features Model Results
D ACETE
cecETA P
Q\ Pre- oL Feature
RN processing 1 CLCG extraction 91*5“_49_”,_9\90;0@@9 Training Evaluation
¢ D ——— - _
TTAGT
W S Tl b e Tl
o B _,/ : -1 |-; :: : - - CTYT‘ MECAJ.A.M\_

An exemplification of Machine learning in biology : classification model

AngermuellerC, et al, 2016, Deep learning for computational biolc



Deep learning

Deep learning is a part of machine learning.

Deep:

Complex Model : Multiayer characters, Many parametefSyrse of dimensionali}y
Training data & Testing data big volumeof data

Adjustment: A single model construction could cost one week

s M 3 Y ywae
anef® an




Deep learning

Now, neural network and convolution neural network models that work best

convolution | pooling | convolution | pooling | fully connected

output layer

input layer

hidden layer

Neural Network Convolution Neural Network



IMAGENE T Large Scale Visual Recognition Challenge

Year 2010
NEC-UIUC

Dense descriptor grid:
HOG,LBP

A

Coding: local coordinate,

super-vector

A

Pooling, SPM

h 4

Linear SVM

[Lin CVPR2011]

Year 2012
SuperVision

[Krizhevsky NIPS 2012]

@Pooling
-Convolutlon
6Other

Year 2014

GoogLeNet

—

3
o
ggg.f;
3
"%“

[Szegedy arxiv 2014]

VGG

conv-64

conv-64

maxpool

conv-128
conv-128

maxpool

conv-256
conv-256
maxpool

conv-512
conv-512

maxpool

conv-512
conv-512

maxpool

fc-4096

fc-4096

fc-1000

softmax

[Simonyan arxiv 2014]

Year 2015

MSRA

[He ICCV 2015]
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Layer 3 activation (coefficients)

. B 8 ©®B

Layer 2 activation (coefficients)

Filter
1 W, visualization
/ /Input image

/ | % Example imagt
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A

Features learned from training on different object classes.

Faces
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Chairs
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| Ilfirst layer

Faces

Elsecond layer

0.2 0.4 0.8
Area under me PF{ curve (AUC]

Motorbikes
0.6

lfirst layer
[Msecond layer
0.4 Jthird layer

0.2

D 0.4

0.8
F\rea under the PR curve (AUC]

Cars
0na

Wfirst layer
Ws=cond layer
0.4 Jthird layer

0.2

0

0.2 0.4 0.8
Area underthe PR curve (AUC}

Features Faces Motorbikes Cars
First layer | 0.39+0.17 | 0.44+0.21 | 0.43+0.19
Second layer | 0.86+0.13 | 0.691+0.22 | 0.72+0.23
Third layer | 0.95+0.03 | 0.81+0.13 | 0.87+0.15
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70|

60|

50|

401

-Daap Model
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< Caltech 256 >

_____#oftrainingimages | 30 | 60

Griffin et al. [2] 34.10 -

vanGemert et al., PAMI 2010 27.17 -
ScSPM [Yang et al., CVPR 2009] 34.02 40.14
LLC [Wang et al., CVPR 2010] 41.19 47.68

Sparse CRBM [Sohn et al., ICCV 2011] 42.05 47.94



Max pooling

node
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frequency
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Spectrogram time
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Max pooling —>

Second CDBN
Detection nodes——> layer

One CDBN
layer

Max pooling —>

Detection nodeg—>



~ @8 +0.7 * } #0.2 *

[Lee, Largman, Pham, Ng, NIPS 2009]
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* Speaker identification

TIMIT Speaker identification m

Prior art (Reynolds, 1995) 99.7%
Convolutional DBN 100.0%

* Phone classification

TIMIT Phone classification

Clarkson et al. (1999) 77.6%
Petrov et al. (2007) 78.6%
Sha & Saul (2006) 78.9%
Yu et al. (2009) 79.2%
Convolutional DBN 80.3%

Transformation-invariant RBM (Sohn et al., ICML 2012) 81.5%
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CREM CRBM CRBM
{ff 'y [f g f] 55 Max-pool

¥ &F% 5% | Convolve
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Spatial pooling layer

s(0) glmee]

o bW Seack
CRBM
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L7 e&7| Convolve
L
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Temporal pooling layer



Method Accuracy
Hessian + ESURF [Williems et al 2008] 38%
Harris3D + HOG/HOF [Laptev et al 2003, 2004] 45%
Cuboids + HOG/HOF [Dollar et al 2005, Laptev 2004] 46%
Hessian + HOG/HOF [Laptev 2004, Williems et al 2008] 46%
Dense + HOG / HOF [Laptev 2004] 47%
Cuboids + HOG3D [Klaser 2008, Dollar et al 2005] 46%
Unsupervised feature learning (our method) 52%

Unsupervised feature learning significantly improves
on the previous state-of-the-art.




Text & Language
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\ / Associated Press

Laser scans
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Audio Reconstruction Video Reconstruction

(OO0 s+ OO] (OO +++ OO

T

@@ .- 00] (00 .. 00)]

Shared

[. O« 00 ]Representatinn

T
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Audio Input Video Input




* Visualization of learned filters

Audio(spectrogram) and Video features learned over 100ms windows

* Results: AVLetters Lip reading dataset
|

Prior art (Zhao et al., 2009) 58.9%
Multimodal deep autoencoder (Ngiam et al., 2011) 65.8%




LS
Q0000
LA

Image

L 4
QOOOO)
Text

* Multimodal Inputs (images + text), 38 classes.

Learning Algorithm Mean Average Precision
Image-text SVM 0.475
Image-text LDA 0.492
Multimodal DBN 0.566




Linear Classifier

. Supervised

7

Shared

Representation

Training

Testing

1

Shared
Representation

Testing



Task A Task B Task C

output

shared
subsets of
factors

input
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Background Knowledge

ﬁillions of unlabeled images\

Tractor

Elephant '

Learn to Transfer
Knowledge

~—

L

Learn novel concept
from one example

Test:
What is this?




Reconst-
ructions Shape Color

h* Q000
v 3
h' ©0O0C00 DBM Model
3

r v IQOQOOCC)

Low-level features:
replace GIST, SIFT
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Learned super-
class hierarchy

“aquatic
animal”

Global

dolphin g baby man DBasic level

\ ‘ class
woman

Learned higher-level
class-sensitive features

New class

Learned low-level
generic features
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machine | machine\ machine

2" layer
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input



MODEL
PARALLELISM

+

DATA
PARALLELISM

input #3
input #2
input #1
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IMAGENET v.2011 (16M images, 20K categories)

METHOD ACCURACY %
Weston & Bengio 2011 9.3
| Linear Classifier on deep features 13.1
: ﬂ“ Deep Net (from random) 13.6
“a“ Deep Net (from unsup.) 15.8



7
n State-of-the-art

Images

CIFAR Object classification | Accuracy |

Prior art (Ciresan et al., 2011) 80.5%

Stanford Feature learning 82.0%

Video

Hollywood2 Classification m

Prior art (Laptev et al., 2004)
Stanford Feature learning

Prior art (Wang et al., 2010)
Stanford Feature learning

Text/NLP

Paraphrase detection m

Prior art (Das & Smith, 2009) 76.1%

Stanford Feature learning T6.4%

Multimodal (audio/video)

AVLetters Lip reading m

Prior art (Zhao et al., 2009) 58.9%

Stanford Feature learning 65.8%

NORB Object classification | Accuracy |

Prior art (Scherer et al., 2010) O 4%,

Stanford Feature learning 95.0%

| YouTube | Accuracy |

Prior art (Liu et al., 2009) 71.2%
Stanford Feature learning
Prior art (Wang et al., 2010)

Stanford Feature learming

| Sentiment (MR/MPQA data) | Accuracy |

Prior art (Makagawa et al_, 2010) T7.3%

Stanford Feature learning T7.7%

Other unsupervised feature learning records:
Pedestrian detection (Yann LeCun)

Speech recognition (Geoff Hinton)

PASCAL VOC object classification (Kai Yu)
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I Gehler and Nowozin, On Feature

Combination for Multiclass Object
Classificati on, | CCVLOO9
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i# Features

A4

kmeans (tri) raw
kmeans {(hard) raw
- gmm raw

autoencoder raw

rbm raw

kmeans (tri) white

kmeans (hard) white |

gmm white

autoencoder white
—e— rbm white
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cCiz
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Categorical judgments,
decision making

U

David Hubel
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object models
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(combination
of edges)
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V 3 ZD u W
Lampert et al. CVPRLOO9

otter

black: yes
white: no
brown: yes
stripes: no
water: yes

eats fish: yes

polar bear

black: no
white: yes
brown: no
stripes: no
water: yes

eats fish: yes

zebra

black: yes
white: yes
brown: no
stripes: yes
water: no

eats fish: no
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pixel 2

213
205

140 188 176 165
115 154 143 142
106 131 122 138
79 104 105 124
69 98 89 92
68 99 63 45
69 75 56 4l
57 69 75 75

53 66 84 92
58 65 75 78

S2
149
152
129

98

60

L) |

73

84

/0

140 170 106 78 88
153 173 101 57 57

147 128 B4 S8 66
113 107 87 69 67
95 89 88 76 67
82 S8 76 75 65

73 55 70 63 44
74 53 68 S9 37
74 57 72 63 42
73 59 75 69 50

> Feature
representation
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[ay; . 86 =10.0,...,0,0.8, 0, .0, 0.3, 0, ..0,0.5,0]
(feature representation)
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Complicated Function

One Example of
Complicated Function

¢

- sin(x) bl ' Lelexplx) o] cos(x) e

log(x)
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Deep learning

Yoshua Bengio

Science is NOT a battle, it is a collaboration. We all build on each other's ideas
Science is an act of love, not war. Love for the beauty in the world that surroun

us and love to share and build something together. That makes science a highl
satisfying activity, emotionally speaking!
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A mostly complete chart of

0w Neural Networks ...
N e u ral n etWO rk @ Input Cell L2016 Fjedor van Veen - assmovinstitute.org

@ Noisy Input Cell Perceptron (P) Feed Forward (FF)  Radial Basis Network (RBF)

@ tiddenceu & ;
@ rrobabustic Hidden Celt &

@ soiking Hidden Cell
@ outputcen

@ Matchinput Output Cell

TR
SNl
o

. Recurrent Cell

@ wemory ceu AutoEncoder (AE)  Variational AE (VAE) Denoising AE (DAE) Sparse AE (SAE)
@ oiferent Memory cell § : A
) Kernel u:‘
© convolution or Poot :
&

Markov Chain (MC) Hopfield Network (HN) Boltzmann Machine (BM)  Restricted 8M (RBM) Deep Belief Netwark (DBN)
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Generative Adversarial Network (GAN)  Liquid State Machine (LSM)  Extreme Learning Machine (ELM) Echo State Network (ESN)

e

Deep Residual Network (DRN) Kohonen Network (KN} Support Vector Machine (SVM)  Neural Turing Machine (NTM)
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Adapted from: http://www.asimovinstitute.org/neurahetwork-zoo/



