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Source of image: http://www.express.co.uk/news/science/651202/First-step-towards-The-Terminator-becoming-reality-Al-beats-champ-of-world-s-oldest-game
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* Microsoft researchers achieve,ne
recognition milestone (2016. 1 \Ellg[=8F 9% v.s. Human 5.9%

* https://www.microsoft.com/en-us/research/blog/microsoft-researchers-
achieve-new-conversational-speech-recognition-milestone/

* Dong Yu, Wayne Xiong, Jasha Droppo, Andreas Stolcke , Guoli Ye, Jinyu Li,
Geoffrey Zweig, “Deep Convolutional Neural Networks with Layer-wise
Context Expansion and Attention”, Interspeech 2016

* IBM vs Microsoft: '"Human paritv' sneech recognition record
changes hands again (2017.03

* http://www.zdnet.com/article/ibm-vs-microsoft-human-parity-
speech-recognition-record-changes-hands-again/

e George Saon, Gakuto Kurata, Tom Sercu, Kartik Audhkhasi, Samuel
Thomas, Dimitrios Dimitriadis, Xiaodong Cui, Bhuvana
Ramabhadran, Michael Picheny, Lynn-Li Lim, Bergul Roomi, Phil Hall,
“English Conversational Telephone Speech Recognition by Humans
and Machines”, arXiv preprint, 2017
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ImageNet Classification Error (Top 5)

. —
P e
25,0 25}0 = ._;j;::_‘gﬂ,ﬁ o

g5k ?

/)E% ?
N

p L G = |
10,0
) I I l
0,0 . .

2011 (XRCE) 2(}12 (AlexNet) 2013 (ZF) 2014 (VGG) 2014 Human Zﬂlsl:ltﬂshlat} 2016
(GoogleNet) (GooglLeNet-va)

Source of image: https://www.researchgate.net/figure/Winner-results-of-the-
ImageNet-large-scale-visual-recognition-challenge-LSVRC-of-the fig7 324476862
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Rank Madel EM F1
Human Performance 82.304 91.221
In meteorology, precipitation is any product Stanford University
of the condensation of atmospheric water vapor (Rajpurkar et al. '16)
that falls under gravity. The main forms of pre-
cipitation include drizzle, rain, sleet, snow, grau- 1 BERT (ensemble) 87.433 93.160
pel and hail... Precipitation forms as smaller Google Al Language

droplets coalesce via collision with other rain

. - . https://arxiv.org/abs/1810.04805
drops or ice crystals within a cloud. Short, in-

]
]

tense periods of rain in scattered locations are 2 BERT (single model) 85.083 91.835
called “showers™. Google Al Language
What causes precipitation to fall? https://arxiv.org/abs/1810.04805
gravity
2 nlnet (ensemble) 85.356 91.202
What is another main form of precipitation be- Microsoft Research Asia
sides drizzle, rain, snow, sleet and hail?
graupel 2 ninet (ensemble) 85.954 91.677
Microsoft Research Asia
Where do water droplets collide with ice crystals
to form precipitation? 3 QANet (ensemble) 84.454 90.490
within a cloud Google Brain & CMU
4 r-net (ensemble) 84.003 90.147

S Qu A D Jul 08, 2018 Microsoft Research Asia

. H 5 QANet (ensemble) 83.877 89.737
https://arxiv.org/pdf/1606.05250.pdf ool Bt e
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THE INTERNATIONAL WEEKLY JOURNAL OF SCIENCE

https://deepmind.com/blog/alphastar-
mastering-real-time-strategy-game-starcraft-ii/
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cant
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Raw Observations
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CONSERVATION
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AlphaStar
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)

A
L\
L
Considered Location
Neural Network Activations 28 i P00 " M’%

P i, 'r“ WV J‘V.

Considered Build/Train
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"panda” “gibbon”

57.7% confidence 09.3% confidence

https://arxiv.org/pdf/1412.6572.pdf



Attacker

Perturbations

Target

'%m*ﬁﬁ

https://arxiv.org/abs
/1801.00349




https://www.youtu
be.com/watch?v=_

228 $ 1MHGUC BzQ
Sl -

SEU) A T ERSNE b TPl = N
https://www.youtube.com/watch?v=6QCF8tVqM3l|




T RiEIERE AT (A ALR?

To the east, the United States
Census Bureau considers the
San Bernardino and Riverside
County areas, Riverside-San
Bernardino Harry as a separate
metropolitan area from Los An-
geles County.

Q: Who considers Los Angeles County to be a
separate metropolitan area?

ettt ettt

A: Riverside-San Bernardino Harry
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https://arxiv.org/pdf/1808.05665.pdf

MNever gonna
give you up
Never gonna p

give youup

Demo webpage: https://adversarial-attacks.net

Ruhr-Universit at Bochum






ARTIFICIAL ALTE= HIR
INTELLIGENCE

rm tlﬁl(‘r‘ﬂ mnﬂil’.i?@@ﬁf@::ﬁ

MACHINE
LEARNING

K
<l

1950’s 1960’s 1970°s 1980’s 1990°s 2000's 2010°s

Since an early flush of optimism in the 1950s, smaller subsets of artificial intelligence - first machine learning, then
deep learning, a subset of machine learning - have created ever larger disruptions.

Source of image: https://blogs.nvidia.com.tw/2016/07/whats-difference-artificial-intelligence-machine-learning-deep-learning-ai/




] HHi”

| “How are you”

You said “Hello”

1 “Good bye”

You write the program A large amount of
for learning. audio data




This is “cat”

You write the program
for |earning_ A Iarge amount of

images




Heage
~ H—1E R BRI EE ) SR,
e Speech Recognition

(| )= “Howare your

* Image Recognition

f(

) — llCatII

* Playing Go

f(

e Dialogue System

) _ 115_5);

(next move)

f( “How areyou?” )= “lam fine.”
(what the user said)  (system response)



Image Recognition:

Framework B
<
function f1’ fz-..




Image Recognition:

Framework

Goodness of

function f

Y

Training
Data
function output: “monkey” “cat”




Image Recognition:

Framework reat”
fl, ,I:2 L ucatn
Goodness 0f1 Pick the “Best” Functionl . \
_ Using f
ginctlon f J
Training
Data

‘monkey” “cat




WREB

Step 3: pick
the best

T BIERRBGEKA ...




Regression ([2]£7)

The output of the target

Regression , ,
9 function f is “scalar”.
Predict PM2.5 today
PM2.5 yesterday — PM2.5 tomorrow
PM25 (scalar)
Training Data:
Output:

Input:

9/01 PM2.5=63  9/02 PM2.5=65
Input: Output:

9/12 PM2.5=30  9/13 PM2.5 =25 9/14 PM2.5=20

9/03 PM2.5 =100



N2

Classification (72 %8)

* Binary Classification (— * Multi-class
TC 70 £8) Classification (%48 7
77 %8)
Yes or No Class 1, Class 2, ... Class N

1 1

Input Input



Spam EMALy,
filtering & » Function »Yes/No

Training
Data

No

(http://spam-filter-review.toptenreviews.com/)
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Image Recognition Training Data

“monkey”

J I(cat”
_1 Funciion [ Sl
Function ;

B\

lldog”

r, Each pOSSible
'J:'r?“?

object is a class

m “monkey”
Y
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Playing GO

“nerweamslDopzezane

T 2 a0 907 M SALED 11028

- .-i;‘! L dtott 1 Bﬂ prMEame

Each position

is a class
(19 x 19 classes)

B/EJ:EKZ

— T NEI

EG\‘%T_D

Next move



Generation (&%)

EEARBIENER
(Bl - ) - ER)

Regression,
Classification




R : y

Image Generation https://papers.nips.cc/p |35 ‘.“-‘“",.’ b2 el
aper/5423-generative- i o ~2 e &- 24
adversarial-nets.pdf 2 "-'4 E‘Q "-l W‘ w-'q

https://arxiv.org/abs/1809.11096 ﬂ'

Generative Models: variational auto-encoder (VAE), generative
adversarial network (GAN), Flow-based generative model, etc.
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Deep Learning (xEEH)

* Deep learning, SVM, decision tree ....
e - using different ways to represent a function

e Using neural network ({82848 [3) to represent a
function | |




Neural Network (8 % 48 F5)
Neuron ({f8487T)
Z=aW, +..+a W, +..+a, W, +b

A simple function

+—Z>O'(Z)—»a

‘ Activation
function

aK weights D  bias

Weights and biases are called network parameters




Neural Network (¥

|\<:(Ié I\\H ll-:'tlzl )

N . . ) )
Neuron Sigmoid Function ( ) /
1 |
o(z)=——
1+e B .
2 \_ i
\ 1
4
g -2 + —lo(z) — | 098
1 ‘ Activation
- function
1 / . 1
weights bias




Neural Network (8 % 48 F5)




Neural Network ({848 4% B )

\_0.98 2 - 0.86 3 . 0.62




Neural Network ({848 4% B )

- 0.72 4 ‘ \_0.51

- 0.73 »

Q This is a function. Input vector, output vector

D10 (-




2BIERAR . FREFHE

‘-f+4 -Z‘-}z _3-}3
‘/4,4 94,9 0%@
54.5 ‘\ﬁ? ’+1
Q000 3
é’ﬁﬁ 74,,7 z.fﬁwﬂf




Input

l | L] X
/256

 16x16 =256
Ink > 1, Noink > 0

Input Layer 1  Layer 2
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JBEl== ...

Step 2: Step 3: pick
_ 3 goodness of . the best
function function




Neural Network (8 % 48 F5)

The developer only has to provide network
structure (Z25%).

The parameters are found
automatically from data.




function set
AR T MR >< >< ><
D18 = (B 28 40 BR AV K AR

3 2 1 1 2 3 — 0 9 0 .
SESESE™ SENESE SEE
-1 1 0 1 0 -2 -1 8 9
-1 5 -1 -1 -2 -1 -2 5 -1
L e T N LA
0 0 0 0 0 2 0 0 0

KRB CREEN LS (NAME&EE 7 X —{@ function)
KRB CRREBEAINR




-ully Connected
~eedforward Network

Input Layer 1  Layer 2 Layer L  Output
Xie—A 3 7 e — Y1
X2 ...... — y2
XN ...... —_— y|V|

Input —~— —  Output

Layer Hidden Layers Layer



http://cs231n.stanford.e
du/slides/winter1516 le
cture8.pdf

X

16.4% [ |

AlexNet (2012)

7.3%




101 layers

Special
structure

7.3%

SHEEREER EER EER 4

6.7% ‘

16.4% = __
AlexNet VGG GoogleNet Residual Net Taipei
(2012) (2014) (2014) (2015) 101




Different Network Structures

* CNN, LSTM, GRU, etc. are just different ways to
connect neurons.




Sequence-to-sequence
(Encoder-Decoder Architecture)

* Both input and output are both sequences with different
lengths.

R % 1 Machine Learning ® 1E %

L ey

Seq2seq

Seqg2seq

\ \ wmms .
. G- Ants
% s 2 o R 4 I
eh = Pk HIEE ¥IEh

\
I



http://www.voidcn.com/article
/p-nbtytose-tz.html

Can the task be formulated as a

sequence-to-sequence problem? QD 1—_[ ﬁ& E ,5\5\: ;':|:|E ;_ }:‘?u }E
FRES I 5T

YES

Do you have a NO
big corpus?
NO
YES
Do you have
access to GPUs? NO
YES
Get a bigger
Is the sequence grant
length > 107
YES NO
i Find something
LSTM with LSTM
attention else to wornll( on




Sequence-to-sequence

* Transformer

~
4 Add & Norm |

17 al  Feed
% Forward

Output

Proba

bilities

|

| Softmax |

(

Lin

ear |

A

3

-
| Add & Norm Je~

Fe

Forward

ed

:

e

| Add & Norm Je—~

Multi-Head
Attention

A

§

4.% Add & Norm ]
RS Head

1 1 = ‘ p A
Attention is AT H}

2 7 J N
F

L Add & Norm Je=

Masked
Multi-Head

Atte

ntion

all you need.

\.

A

L2

_JJ

S

Positional

Encoding

Output
Embedding

I

Outputs
(shifted right)
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Step 0: What kind of function do you want to find?

Step 2: Step 3: pick
_ 4 goodness of . the best
function function

T BIERRBGEKA ...




Semi-supervised (FE&E

For example, recognizing cats and dogs

Labelled
data

Unlabeled
data

(Images of cats and dogs)



Transfer Learning (B2 &%)

For example, recognizing cats and dogs

Labelled
data

ek e
elephant

Data not related to the task considered
(can be either labeled or unlabeled)



Reinforcement Learning
(B E)

At last — a comput;r program that 1 Ol
can beat a champion Go player PAGE484 David Silver

ALL SYSTEMS GleN

Deep Reinforcement Learning: Al = RL + DL

o~ .
- P
X~ [

~ (R

‘




Supervised v.s. Reinforcement

* Supervised 8ﬁ “Hello” ] Say “Hi”

Learning from
teacher

* Reinforcement

8 “Bye bye”] Say “Good bye”

5~

Learning from

Hello ©

critics



Supervised v.s. Reinforcement

e Supervised:

»%._ Next move:

Next move:
115_5” ll3_3”
* Reinforcement Learning
First move » ...... many moves ...... » Win!

Alpha Go is supervised learning + reinforcement learning.




Unsupervised (FFE &)
Training Al without paired data

l ww%‘ Speef:h » “How are you”
X

Recognition y

Supervised

R e S R OTE g e

y;: Hello Y, Good Y3 lam fine

Unsupervised

WWW || Al reading
Al listening in documents on

the environment Audlo X the Internet

Texty



BiE)

Unsupervised (JF

* Machine Reading: Machine learns the meaning of
words from reading a lot of documents

http://top-breaking-news.com/



Unsupervised (FEE &)

* Machine Reading: Machine learns the meaning of
words from reading a lot of documents

Apple Training data is a lot of text
ﬁ —_— 3{ -
i

°J

_ https: //garavato flles wordpress.com/
2011/11/stacksdocuments.jpg?w=490



BiE)

Unsupervised (JF

* Machine Reading: Machine learns the meaning of
words from reading a lot of documents

* ELMO/BERT
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Step 0: What kind of function do you want to find?

T BIERRBGEKA ...

Step 2: Step 3: pick
_ 3 goodness of . the best
function function
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Enumerate all possible values

0 =
by, b3, }

eters

Networ
{wy, wy,

Milli

Today a network can have
more than 100M parameters.

1000 1000
nNneurons neurons



Gradient Descent

PYTHRCH
X2 piistes Cheano
Tensor

B® Microsoft

Caffe CNTK
i I é a % 2 Ir;z

[F R 5%




a2 EE .

Step 0: What kind of function do you want to find?

Step 1: Step 2: Step 3: pick
goodness of . the best

function function

define a set
of function

Deep Learning
SVM
Decision Tree
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Anomaly Detection
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http://newsneakernews.wpengine.netdna-cdn.com/wp-
content/uploads/2016/11/rihanna-puma-creeper-velvet-release-date-02.jpg
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This slide is from:
I =up OO0 . .
¢ my wﬁ‘! ﬁgt GCPR 2017 Tutorial — W. Samek & K.-R. Miller

Image | DNN

& AW Late
o (e Gt 0O VT e
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Adversarial
Attack




BB (Life-long Learning)
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BB (Life-long Learning)

« SR—MFMARAB—EREEE—EEF ......

RlphaStar

BN -
DTARIRAFT
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BB (Life-long Learning)

« SK—EHMRFB-AREE2E—ETH ...
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Catastrophic Forgetting




Meta-learning /
Learn to learn

program

for learning |

/S

program designing SRR
program

. for learning | ~!
for learning
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Reinforcement Learning
(B E)

5000— . . -

REAERZE AR ?

In order to train AlphaStar, we built a highly scalable distributed training
setup using Google's v3 TPUs that supports a population of agents
learning from many thousands of parallel instances of StarCraft Il. The
AlphaStar league was run for 14 days, using 16 TPUs for each agent.
During training, each agent experienced up to 200 vegrs of real-time
StarCraft play. The final AlphaStar agent consists of the components of
the Nash distribution of the league - in other words, the most effective
mixture of strategies that have been discovered - that run on a single
desktop GPU.

e — — ——
— — — —
I e — —

2 116 231 346 462 578 693 808 924
Amount of game experience (in hours)

http://web.stanford.edu/class/psych209/Readings/LakeEtAIBBS.pdf



Reinforcement Learning
(EaR )

e Sparse reward

: \ = L4 .
- Bt t v <&
— . - q

SRR MESEER ? SRR LB ASE? (Reward)
. K88 R
» FEFL KR - HIRBERBE—1% ?
. PEERM A




AR 1S BR 47 (Network
Compression)
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* Training data and testing data have the same

distribution

IQNNO QMo ~m o~
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Testing data

Training data

 This is a lie!
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99.5% 57.5%

E.g. “Unsupervised Domain Adaptation”

The results are from: http://proceedings.mlr.press/v37/ganin15.pdf
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» Anomaly Detection (#%z8aEABEAE " e AXE L )
» Explainable Al GREEBTEE " FRE L )
» F1E Adversarial Attack
- Life-long Learning (R523)
- Meta-learning / Learn to learn (B & {{0]E&2)
» Few-shot / Zero-shot Learning (—EEZRZIME

RS ?)

BT EE BERIFERN ?

 Network Compression (184848 i B4R )
- IRFIMERARFERBEA—K ...
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