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» Carnegie Mellon University (CMU) % #o 4L & % £ (1993)
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y P EARAIFESR ¢ 12FE £ (2016-2017)
» P iR
» Editor-in-Chief:
» ICGA Journal (SCI).
» Editorial Board
» IEEE Transaction on Computational Intelligence and Al Games (SCI).
» Journal of Experimental & Theoretical Artificial Intelligence (SCI).
» Journal of Game Puzzle Design.
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» The science and engineering of making intelligent %
machines, especially intelligent computer programs.

» Russell and Norvig (Artificial Intelligence: A Modern Approach):
) A Mt R EE LR
» Thinking Humanly, Thinking Rationally
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Turing Test (3 +Rip] &)
@ 4rim T_& * 1 A E? How to define “artificial intelligence"?
» B BBWEFTE, BEEARLELBTEA

» If a machine is intelligent, it cannot be distinguished from a human.
@ "Can machines think?" — Turing’s question in 1950.
» But, hard to define. So, proposed the Turing test as follows.

» A human judge engages in a natural language
conversation with one human and one machine,

each of which tries to appear human.
» All participants are placed in isolated locations. @ El

» If the judge cannot reliably tell the machine
from the human, the machine passes the test. . 9
A B

» The conversation is limited to a text-only channel
» Computer arguably passes Turing Test

for the first time, 2014.
or the first tim 9. >

@ "Are there imaginable digital computers which -

would pass in the Turing test” o
— Turing's new question.
C
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http://upload.wikimedia.org/wikipedia/commons/e/e4/Turing_Test_version_3.png
http://upload.wikimedia.org/wikipedia/commons/e/e4/Turing_Test_version_3.png
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AAFESRY
Game Artificial Intelligence
Strategic Planning

Speech/Pattern Recognition, Computer Vision, Virtual Reality and
Image Processing

Optimization Problems

Natural Language Processing, Translation and Chatterbots
Expert System

Artificial Creativity

Factory Planning and Scheduling

Applied to other applications:
Drive Automation, Drone, Robotics
Medical diagnosis

Big Data, loT

FinTech

Email spam filtering

4
4
4
4
>
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b7 s i (1/2)
» Planning
» Deduction, reasoning, problem solving
» Alpha-beta Search, Proof-Number Search
» Monte-Carlo Tree Search
» Machine Learning
» Supervised Learning
» Support Vector Machine, Linear/Quadratic Regression
» Unsupervised Learning
» Clustering
» Reinforcement Learning
» Temporal Difference Learning, Monte-Carlo Tree Search
» Neural Network (including Deep Neural Network)
» (described in more detail later)

15
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F5ou HogF (2/2)

» Mathematical Optimization

» Genetic Algorithm, Immune Algorithm

» Fuzzy Set

» Constraint Satisfactory Problem (CSP)

» Scheduling, Particle Swarm Optimization (PSO)
Pattern/Speech Recognition

» Hidden Markov Model

» Bayesian Learning

Natural language processing

» Decision Tree

» Neural Network (LSTM, RNN etc)
Knowledge representation

» Expert System, Ontology

Data Mining
» Big Data, Social intelligence

v

v

v

v
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The first program for Kernel SVM with soft-margin

h d check was invented
chess and checkers
. The first KDD Cup AlphaGo won 9-
John McCarthy  The birth of SHRDLU, one of the S d Al competition was launched dan Go player Se-
coined the terrq)AfF”'ESt natural language > econ Deep Blue chess dol Lee (4-1)
. understanding computer winter } program defeated }
The first neural program . .
» . » First Al world champion
network machine .
. winter
was invented
1950 1957 1964 1971 1978 1985 1992 1999 2006 2013 2016
| | | | | | | | | | ™ |
» '\:"TtALLab was The birth of XCON, an enormously AlphaGo won
starte } successful rule-based production } professnorjal Go
The birth of Logic Theory system, which caused the rise of player Hui Fan
Machine the expert systems Stanford's 5e|f!5'°)
Turing's The birth of LIsP > The birth of » driving car drove
> test expert systems Game Al
~._[Partmouth conference

defeated - Thebirthof 131 miles
(the first Al conference) ):’r‘;:;"h of chess Google > IBM's Watson

masters won Jeopardy!
"Backpropag Kernel SVM was .
ation" was P invented » Deep learning
> re-invented won ImageNet
and becomes
AR EAL(IFRR)

competition
popular
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Schaeffer & Herik [2002]:

“Chess 1s to Al as drosophila (the fruit tly) 1s to
genetics”

“EE A E Al S
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Al iF € & 2 2./
1. 1997 & :

» IBM5% & (Deep Blue)# pr a 44 3 Kasparov
2. 2016#:

» Google Deepmind’s AlphaGo# pz 3 & %
gt EEE B RIS B 4
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Al Bible e3t w

Artificial Intelligence: A Modern
Approach

f’r—‘ﬁ (Authors):
S. Russell and P. Norvig

-

Artificial Intelligence
A Modern Approach
Third Edition




AlphaGovs. £ & %
» 4:1  (left: AlphaGo (Aja), right: Z & %)

+ KBA 2822 O«
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Master Beat Go Champions/Grand Masters
on 2016/12/30 ~ 2017/1/4 (not official)

60 (master) : 0 (human)

mﬁﬁfx} EﬁMASTER
(T8 360) IHIBEEpER T
L3755 [1E8]:  ECHAL AHRIRIE
ik [55B]: masterffERSi

‘bM =0= 82l AR TSR E_Bidi s

GMaster [9F3): ?’“-::Alnhauumm i+
e TAL = i3 S =i fiR-1. HEPOEE xs‘;
%&iﬂ_ﬁm [‘Iﬁ?éﬁ!ﬂlﬂ?
rex ENFHE> - [187EEE] o) 2 sty
T ¥ ird S4T2) .

F "7.:\Qf="r

7

S —

@I WGMM!WM

B S K R ®F LETRE

f,u AlphaGo

We've been hard at work improving AlphaGo, and over the
past few days we've played some unofficial online games at
fast time controls with our new prototype version, to check that
it's working as well as we hoped. We thank everyone who
played our accounts Magister(P} and Master(P) on the Tygem
and FoxGo servers, and everyone who enjoyed watching the
games too! We're excited by the results and also by what we
and the Go community can learn from some of the innovative
and successful moves played by the new version of AlphaGo

Having played with AlphaGo, the great grandmaster Gu Li
posted that, *"Together, humans and Al will soon uncover the
deeper mysteries of Go". Now that our unofficial testing is
complete, we're looking forward to playing some official,
full-length games later this year in collaboration with Go
organisations and experts, to explore the profound mysteries of
the game further in this spirit of mutual enlightenment. We
hope 1o make further announcements soon!

&) DeepMind
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A 4% 7] HE B 2 JA4-8% — The Future of Go Summit
» AlphaGo vs. # % (£ A # & % - ): 3:0

FEHENDR Google HILEENR

PESH CHEBR

e Future of Go 4 ' in Wuzhen x‘

@) CorptsGomt ot il ' 26
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A R A B AR — B
» AlphaGo (win) vs. e~ & % X ~ F 8 £
AR~ BB E (B9 R EE A5 E )

27



AlphaGo s
7R REER R R EE
HE B A 1T EAL R,
IERV-E AR, AL G
PRk e

G@ Compuder Gamer and Iitelligemen Lal
lecanssernsz

28



Impact of AlphaGo vs. Deep Blue

» When compared with Deep Blue,
» “Not much Go domain knowledge is used.”

» A big gap to beat human Go champions which most
people thought a decade away.

->
» More Inspiration
» Higher impact

iwmcmwwwww 29
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A|phaGOéﬁs\3 b2

» 3 * 2¥ % general machine learning techniques
> Deep Iearnlng (DL, R 5 ¥)
» Reinforcement learning (RL, 3 i+ ;% & %)
» Combine DL+RL

» Called Deep Reinforcement Learning (DRL)
X o ”ﬁ“% =~ 7 [F s,

"

P F I LIFREYPE R

b Googlemﬂ’ T3ty A E
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Approaches to Computer Games (1)

» Tree search
» Alpha-beta search
» = 3 H#(ConnectB), %
» Backtracking
» Nonogram, NuriKabe
» EXxpectiminimax search
» 2048, @, Fr -
» Proof number search
N -
» Threat space search
y = I
» Combinatorial game theory
» NoGo
» Monte-Carlo tree search
» i, NoGo, € )71

iwmcmmmwgmu
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Alpha-Beta Search (Traditional)

» Alpha-beta pruning
» Greatly reduce tree sizes from 0(b%) to 0(b%/?)
» Comments:
» A method dominating computer games for 4-5 decades.

» Perform very well for chess and Chinese chess, not for Go.
» Need experts to evaluate leaves (policy vs. value)

max 7
. % %
X

33




Monte-Carlo Tree Search (MCTS)
(Modern)

» Also a kind of (model-free) Reinforcement learning

» Perform well for Go, and many other games,
» Other games like Havannah, Hex, GGP (General Game Playing.
» Even many other applications, like mathematical optimization problems,
» Scheduling, UCP, camera coverage.

W Expansion Fast Rollout Backpropagﬁ

MJ é\ \
:

Computin Gamer and Intelligumes Ll
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Approaches to Computer Games (1)

» Machine Learning
» Deep Learning : Rl ~ NoGo
» Supervised Learning Policy Network
» Value network
» Reinforcement Learning (RL)
» Monte-Carlo learning (including MCTS) : &l #t, NoGo
» Temporal Difference (TD) learning : 2048, = & i, & F]#r 4
Othello
» Deep Reinforcement Learning (DRL) : &+t
» Reinforcement Learning Policy Network
» Other Machine Learning
» Comparison Training : % &
» Learning Networks
» N-tuple : 2048, € F]#7r3 i Othello
» Deep Convolutional Neural Network (DCNN) : &l ~ NoGO ~ Jp: -

35
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Deep Learning
» Deep neural network (DNN)

<
<
<

Deep convolutional neural networks (DCNN)
Recurrent neural networks (RNN)

_ong short term memory (LSTM)

» Generative Adversarial Networks (GAN)
» Many other networks:

» LeNet-5, AlexNet, ZFNet, Network in Network,
VGG Network, GoogLeNet, Dual Path Network,
Squeeze-and-Excitation Networks, Residual
Networks, ResNeXt, DenseNet.

@@iwmamwwwww 37
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Deep neural
networks learn
hierarchical feature
representations

< hidden layer 1 hidden layer 2 hidden layer 3
input layer

)

output layer

wtlligemer Lal » 38




Deep Convolutional Neural Networks
(DCNN; i# & = # 854 5 i)
» ¥ B] & Recognize patterns (4 zg = Classifier)
» Input: pictures
Man: 70%

» Output: classes Woman: 20%
Dog: 5%
. Cat: 5%

| convalution layer | sub-sampling layer | convolution layer | sub-sampling layer |full}r connecced MLFl

39




Deep Convolutional Neural Networks
(DCNN; i# & =5 # 854 5 i)
p PR A5 P B + # & (Classifier)
» Input: boards 11 40%
» Output: which moves (or values of boards).  H2:25%

D5:20%
K2: 15%
L ﬂ; gl ..+ n
--;t.g.-y. @
ee e el O ........
s} lﬂ:‘Jg:llllllllllll [ ] .'. O'"."::-::O
e b3 s o
| 8% | AN O
:. . 32 > it ' - AR .
o e T e uiit 1 U =it g | e O
J.‘b | :j 5 1 H B B ey ey L A IR 1 e o T N SN iy
o ‘ o -
| convalution layer | sub-sampling layer | convolution layer | sub-sampling layer I fully connected MLPl
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Why Deep? (1/2)

» Recall Circuit Design:
y Eam b R RS KgatesTF & ot 1 bk
» E.g., ally; = (=X +XH~Xgt... ) * (X+~X+X+..00) * L.
y e g Y T RE, RS R

4 Why’) |
> k@ e P o
Exponentially grow!! -

» SAT is NP-complete

DD

U@L
i

X _|>@

Controller Adder

» Solution:
» Use more layers (or blocks) Registers Multiplier
to squeeze the size.
Logic
Cache OP

@AWGmwmeu
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Why Deep? (2/2)

$#NN, 2% 7 & % = g (3 layers) T+ £ i #7F cases

4

» Input Layer

» Hidden Layer

» Output Layer

Problem: (Similar to Circuit Design)

» Hidden Layer need to grow exponentially.
Solution:

» Use deeper layers.

But, a new problem is:

» Not to be too deep and too wide.
» Prevent from overfitting.

» Squeeze into a DNN carefully.

This is KNOW-HOW!!!

Face

Ears

Color Blocks

Body

Multiplier

Lines

iwmcwwrmwu
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2012# B2 ¥ ¢ F ¥ ImageNet: F ¢ - HintonF &% ¥ B * 1 FRF Y E%
% pr I 1§ 15% o

> ;;@-i %K 4 Bed 9 5 25% o (25% > 15%)

» 2013 ImageNet:" F 75 £ F X 3" FRE Y.

2012, GoogleF 5 F #7 3 f S YouTubesl Az # P~ ~ &) — + FRF LB 7 >
I d Google Braing" = * & » s FEA I A - T > B R
2012 # , Hinton m%;‘_ Dahl 32/ * DLF i o %TE:( 25 (M
PR R L E R Rl A L SR § O R ok
# r‘f’jzﬁz;}’% o fu m]ﬁ]]‘}% d 1 '@/#/§§ /,‘ kU Jfl'ft"[ K L/ 5%577:3’?/?']’& ’ i)
TBRUE R 228 i4—’ﬁf’f$

£ o4+ 8 o William Stafford Noble = & # iF & 8 ¥ % bL R FppPeflpida €
N e P e ‘Fff N R TR ol = U e L 20154’I 3 FHIT109
B30 TR AR .
JFr % T 1 pue Sebastian Seung » 1% iR R F Y ok A7t B

e

,é&;ﬁ&mpgﬁ ’ |1$~ }F_’ z«c é\mkra, o

Rob High (:M“m SUfERT D A 4iﬁtrg ) B e KR R
EEY » #2IBM atsonm%s_;\ "’A u 5y A

afrfp 2 7 (Behold.ai)i& * DL » iLi# 25 #7154 % 5 .
2016-2017, AlphaGo# pc 2 & 7 ﬁqﬁ_i.

N1

e

RD«

N

N
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iwmcmwwwwu 43
AT BB BREFLFRE



NS Compuster Games and Intelligemer Lal

«Flr s anxarernx

(FR)w b 8 Y
(Deep) Reinforcement Learning

B

BT

44



Successful Examples

@ InAl, it has been used to defeat human champions at games of skill.
» Backgammon (Tesauro, 1994).
» Connect6/2048/Threes! (Wu et al., 2015). Reach the top levels.
» (o, used in the past 10 years. (Monte-Carlo Tree Search)
» AlphaGo and Atari games (Deep Reinforcement Learning)

@ Inrobotics, to fly stunt maneuvers in robot-controlled helicopters
(Abbeel et al., 2007).

@ In neuroscience it is used to model the human brain (Schultz et al.,
1997);

@ In psychology to predict animal behavior (Sutton and Barto, 1990).

@ In economics, it is used to understand the decisions of human
Investors (Choi et al., 2007), and to build automated trading systems
(Nevmyvaka et al., 2006)

@ In engineering, it has been used to allocate bandwidth to mobile
phones and to manage complex power systems (Ernst et al., 2005).




Differences from Other Learnings

» Supervised Learning:
» For each given input, give labelled output.
» Problem: In many cases, we don’t have many labelled output.% Data helps

< Training \
Input > Learning system Output

» Unsupervised Learning:
» No labelled output.
» Cluster on your own.
» Problem: it is hard to determine the meaning of clusters.

» Reinforcement Learning (RL):

» No labelled output.
» But, for MDP, we can make use of reward to learn. < this is the key.

RL helps

iwﬂacmwrmwgmw 16
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Reinforcement Learning (RL)

» A computational approach to learning from interaction
» MDP (Markov Decision Processes)

» Model-free
» Agent-Environment Interaction Framework

action

state
. d,

G@iwcmwrmaw
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States and Actions In the Framework

Environment: reaction { l
S|
Agent: action { *al
Environment: reaction { v
52
Agent: action { *az
Environment: reaction { ¥
S3
Agent: action { l

iwmcmwwwww .5 48
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Go

......
€0 veeeev
o .‘l.. .. L)
. BNBe)

-
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-

€0 veeeev
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s move

QL
>
o
=
[ =
=
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our move

opponent's move
opponent’'s move

opponent

Computer Gamer and Intelligumes Lal

ERABKRBEFLTRE

Environment:
°
j |

Environment:
Environment:

Agent:
Agent:

. our move '
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Environment:
Agent:
Environment:
Agent:
Environment:

Agent:

Tile generation

our move

Tile generation

our move

Tile generation

our move

S Computen Games and Intelligence Lal

A@Hﬁﬁ&#ﬂ@ﬁ,‘ﬁ‘mi
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Robot

Environment: Dynamics
Agent: Navigate
Environment: Dynamics
Agent: Navigate
Environment: Dynamics
Agent: Navigate
S Computen Games and Intelligence Lal
Az sanswernsz




Two Model-Free Reinforcement Learning

» Monte-Carlo Learning
» Temporal-Difference (TD) Learning

What i1s model-free?

» Do not depend on environment!!!

» For example, no need to know the response rules of
2048!

Computin Gamer and Intelligumes Ll
TRARKRAEFLETRE
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Monte-Carlo Learning

» Incremental Monte-Carlo

» Update value V(S;) toward actual return G;
V(Se) « V(S + a(Gy —V(S))
» a learning rate, or called step size.

» Unbiased, but high variance.




Example: AlphaGo

» Use stochastic policy gradient ascent to maximize the
likelihood of the human move a selected in state s
AG = aVglogmg(s,a;) « z
» 0: network parameter.
» a:learning rate
» z: the value of the episode
» win/loss (1/-1) of the game

Z
Al * At At+1 AT—l I
Rz ! Rt+ ! Rt+2 RT

54




Temporal-Difference (TD) Learning

» Simplest temporal-difference learning algorithm:
TD(0)

» Update value V' (S;) toward estimated return R,,; + yV(Sq41)
V(Se) « V(S + a(Reyq + vV (Se41) — VI(S))

» TD target: Ryp1 + vV (S¢4+1)

» TD error: Rypq1 + YV (St41) = V(S;)

» Biased, but lower variance

Rey1 + YV (St41)
Al * At I At+1 AT—I
Rz ! Rt+ ! Rt+2 RT

iwmcmmmwgmu
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TD Learning: 2048

Add random tile A;y1: Right

Probability: Riiy: 4
Ag ——— 3
StSt+1
Ste1=
(St+1,A¢+1)




'| Agent l

2048 RL Agent

g Uiy

» Value function: e

» The expected score/return G, from a board S
» But, #states is huge
» About 171 (=1029).
Empty, 2 (=21), 4 (=22), 8 (=29), ..., 65536 (=216).
» Need to use value function approximator.
» Policy:

Environment ]4—

action

» Simply choose the action (move) with the maximal value based on

the approximator.

» Model: agent’s representation of the environment

» After a move, randomly generate a tile:
» 2-tile: with probability of 9/10
» 4-tile: with probability of 1/10

» Reward: simply follow the rule of 2048.




TD Learning in 2048

» State (afterstate) value function: (Normally y = 1)
» Update value V (S;) toward TD target R;,; + ¥V (S;+1)

V(Se) «V(Se) + a(Rey1 + ¥V (Se41) —VI(S))

Riy1 +V(St+1)

\/ | o
A, S A, S, Atv1St+1 [Tl
D R, D Rt+D Rtz D RTD

A kind of Q-Learning




Linear Value Function Approximation

» Represent value function by a linear combination of
features of n-tuples
9(S;0) = x(S)To = Di=1%;(5)0;

» Gradient of (S, 0):
VoD (S,0) = x(S5)

iwﬁlu(}mwf‘,&u-'gwaw
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Gradient Descent

» Update value V(S;) towards TD target y; = Ry.1 + V(S¢41)

AV = (Rezq +V(Se41) = V(S)) = (e —V(Sp))
V(S,) < V(S,) + ahV

» a: learning rate, or called step size.
» Note: y =1 here.

» Objective function is to minimize the following loss In
parameter 8. (note: ¥(S,0) = x YY)
£(0) = E (. - 9(5,0))
Vo L(0) = (v, —D(S,0)) - Vg0(S,0) =AV - x(S)
» Update features w: step-size * prediction error * feature

value
0«0+ alAlV -x(S5)




N-Tuple Network

» Example: 4-tuple networks as shown.
» Each cell has 16 different tiles
» 16 features for this network.
» But only one is on, others are 0.
» S0, we can use table lookup to find the feature weight.

0 0123 ight
64 ® 8 | 4 vee
0000  3.04
1 0001 —3.90
128 | 2@ 2 0002 —2.14
9 809 9 0010  5.80
9 0130 -2.01

128 ® : :




The N-Tuple Networks Used

» [Szubert and Jaskowaski 2014]
R
® e 0 .O *
UPUCEE
ol o] Fw]

140
120

» Ours: [Yeh etal., 2016] : ..

80

® ," ”" 60

Aver

—Qur Tuples
i 40
? ’, ” , 20 —Tuplesin [16]
; o— .- o 0 - d
¢- ,¢- -, Training games (x 1 million)
o669

G@iwqmwrmaw
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Our Method for 2048 Al

» Also Propose a new TD learning method,
» Called Multi-Stage TD Learning:
» Split the learning into different game stages!

» Example of 3-stage Multi-Stage TD learning:
Before 16384-tile.
Before 16384-tile+8192-tile.
After 16384-tile+8192-tile.

» Use 6-Tuple networks
» Incorporate the expectimax search.

» Other tunings:
» TD-lambda.
» More features.

» Applied to other games: & F) &7 4 Connect6




Our Results (2015)

C((;:;Z?:B :(Icsr:: Xificurk's Current
Program CGI1-2048
contest) contest)
(246 (1000
(100 (100 ames) ames)
games) games) 8 8
2048 100.0% 100.0% 100.0% 100.0%
4096 100.0% 100.0% 100.0% 100.0%
8192 94% 96% 99.1% 99.5%
16384 59% 67% 92.7% 93.6%
32768 0% 2% 31.7% 33.5%
Max score 367956 625260 829300 833300
Avg score 251794 277965 442419 446116
500 >100 2-3 500
Speed
moves/sec moves/sec | moves/sec | moves/sec

@@1@#?&&#?&%%&




The First 65536

u 32768 § 8192 § 4096

e oo 8

SCORE BEST
1031392 1031392
R

$ Computin Games and Itelligemee Lal
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‘Why not alpha-beta search for Go?



% =+ RAHEE
» Monte-Carlo Tree Search (MCTS)
» — fd Reinforcement learning = /2

ﬁ Expansion Simulation Backpropagm

A A
:
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Rules Overview Through a Game
(opening 1)

» Black/White move alternately by putting one
stone on an intersection of the board.

The example was given
by B. Bouzy at CIG’07.

oo

-

@AOL o ittt 71
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Rules Overview Through a Game
(opening 2)

» Black and White aims at surrounding large
« ZONes »

@iwcwmwwww
LT BRI T EFRE
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Rules Overview Through a Game
(atari 1)

» A white stone Is put Into « atari » : It has only
one liberty left.

@iwcwmwwww
TAT B RN FLTRE
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Rules Overview Through a Game
(defense)

» White plays to connect the one-liberty stone
yielding a four-stone white string with 5
liberties.

/ ®

@AOL o ittt 74




Rules Overview Through a Game
(atari 2)

» It 1s White’s turn. One black stone is atari.

pgiaane

@i 7




Rules Overview Through a Game

(capture 1)
» White plays on the last liberty of the black

stone which Is removed

o

3

C

1

@-ammcwmwwwu
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Rules Overview Through a Game
(human end of game)

» The game ends when the two players pass.

(Experts would stop here)

@-ammcwmwwwu
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Rules Overview Through a Game
(contestation 1)

» White contests the black « territory » by

playing inside.

@iwcwmwwww
LT BRI T EFRE
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Rules Overview Through a Game
(contestation 2)

» White contests black territory, but the 3-stone
white string has one liberty left

! GWGWMMILMWM

l%#ﬁi‘&&%ﬁ’?i‘ﬁ‘mi
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Rules Overview Through a Game
(follow up 1)

» Black has captured the 3-stone white string

R

80




Rules Overview Through a Game
(follow up 2)

» White lacks liberties. ..

-
()

0:0
e
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16 ¢
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Rules Overview Through a Game
(follow up 3)

» Black suppresses the last liberty of the 9-stone string
» Consequently, the white string is removed

@iwcwmwwwu
AT B KB FLFRE



Rules Overview Through a Game
(follow up 4)

» Contestation is going on. White has captured
four black stones.

| ?:0

02 ()
o
T e
S04

—
—
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Rules Overview Through a Game
(concrete end of game)

» The board 1S covered with either stones or
« eyes ». Programs know to end.

e 66 66
> %4 P

! GWGWMMILMWM
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¥% -z (Exploration) vs. B % (Exploitation)

» Example for the exploration vs exploitation dilemma

» Exploration: is a long-term process, with a risky,
uncertain outcome.

» Exploitation: by contrast is short-term, with
Immediate, relatively certain benefits

iwmcmwrmwgmw
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Deterministic Policy: UCB1

» UCB: Upper Confidence Bounds. [Auer et al., 2002]
» Observed rewards when playing machine I: X; 4, X », ...
» Initialization: Play each machine once.

» Loop:

» Play machine | that maximizes, — fgl
y J }'1 n vl, T-:.:-Hﬂ

where n is the overall number of plays done so far,

Z}f?j : '_}flei-a:I-.
» Key:

» Ensure optimal machine is played exponentially more often than
any other machine.




Cumulative Regret

» Assume Machines M,, M,, M;, M,, M
» Win rates: 37%, 42%, 47%, 52%, 57%
» Trial numbers: n,, n,, N, Ny, Nc.

57%
B Total regret.
Total rewards.

> Times

n; n, njy n, ns
iwcwmrmww
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Strength of Go Program after MCTS

» [Schaeffer et al., 2014]

T e

GRAND MASTER

MASTER

CHESS-PLAYING
PROGRAM

AVERAGE CLUB PLAYER

GO-PLAYING
PROGRAM
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AlphaGo sk jisi3 2k

» 3k * Monte-Carlo Tree Search (MCTS) - RL
» TR A m, ﬁ—zﬁﬁxl_ﬂ;m‘"‘/z SEFF’BFVJFH

» 1% DCNN yE4], £ 9% 3 £ ch¥ £ ik,
» 3BT ST R TR T ii_«{»ﬁb'f,z. - DL

» 2 DCNN, % 3+ “reinforcement learning (RL)
network” (52 * 7% & ¥ ) 2> DRL (Policy Gradient).

A T p A, FY (AT 2

p 1Y DCNN ® 3+ “value network” (1§ & A B:)

» B G B2 EY DDL

@@iwm‘mww%aw 92
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Policy Network and Value Network

Rollout policy SL policy network RL policy network Value network
2
p:r pa pp Vg 8
g
>3
E $ 3 E % % =
| | @ :
Policy gradient e
X
’ X o v,
e 0
v o
Human expert positions Self-play positions
"""""" © Compti Gumts nd itlligwaelek

=T EAEBRREFTLFTFRE




RL Policy Network: AlphaGo

» Use stochastic policy gradient ascent to maximize the
likelihood of the human move a selected In state s
AG = aVglogmg(s,a;) « z
» 0: network parameter.
» a:learning rate
» z: the value of the episode
» win/loss (1/-1) of the game

VA
4 v o4 Apes Apy ]

94




AlphaGo Zero
» 3k * Monte-Carlo Tree Search (MCTS) - RL

» WOUR A ME B EFERGE ST E, FHF

» Combine “value/policy network™ - DRL

a Self-play s

b Meural network training

Learn from Zero Knowledge!!!

1 ¥y
n T T
G@! Computin Gamer and Intelligumes Ll =, t x, t x, |
!@ B A KR FLFTRE . -
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Multi-labelled Value Network

(by Our Lab)
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Multi-labelled (ML) Value Network

» Includes all value outputs v, for k-komi games
(BEk P )
» The full set of value outputs can be v_341 5 10 V341 &
» Only consider v_;, = t0 V57 ¢ for SUNRLEY. .o s

Vy,.=0919
v, . =0.910

gw & ":...:...
g

8
;ﬁ‘s 3 .
| 00 ]
| : | “eesesese |
I ,__9_1,:,:_ X11 I oy, 8 ‘5'-::9:':
. 50 feature planes volution Layer volution Layer | 5 $ e
Input positio 128 channel 192cha el I | iéf;. o*% e8!
I Convolution ;:0 o ot
[
[

5x5 kernel 3x3 kernel

-4
IR £ bl |




Label ML Value Network

Current positions Final positions Output of Board Evaluation
(Training data)

k (komi) |Labelon |v, (win
rate)
0.5 | 0.678897
.5 | 0.599618
2.5 | 0.599108
3.5 -1 0.512413
45 -1 0.511263
5.5 -1 0.423886
6.5 -1 0.423626
7.5 -1 0.339738

o .
® Compatin Gamer and Iwtelligomce Lul
@@!m BAE KR T LT R T 8.5 - 0.339353



Strengths of Different Value Networks

» Setting
» One GPU and six CPU cores for each program.
» 500 games are played with 1 second each move.

» Results (for Komi 7.5 only)
» BV-ML-VN, BV-VN and ML-VN outperform VN only
» BV-ML-VN performs the best

ML-VN BV-VN BV-ML-
VN

39.60%  39.40%  32.40%
(£4.29%)  (£4.29%)  (+4.11%)

ML-VN 60.40% _ 4920%  47.20%
(+4.29%) (+4.39%)  (+4.38%)

BV-VN 66.60%  50.80% _ 47.20%
(+4.29%)  (+4.39%) (+4.38%)

. BV-ML-VN  67.60%  52.80%  52.80%
(@) pyariaghuay (+4.11%) (+4.38%) (+4.38%)
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Deep Q-Learning for Atari 2600 Games

» Learn to play Atari games from video only
(without knowing the game a priori)

* Breakout .
« Atari 2600 Space Invaders
Qw (St ar)
A At+1 A

T-1
S ++ h S {
| 1 Rz t t+1 Rt+2 RT T

@1 & beramdittwatd  Replay Buffer:a set of (s¢, ag, 13, Se+4)

ERHRABKRETFTLFRE




Deep Q Network (DON)

» Single deep network estimates the action value function of each discrete
action
» Action Value: Q(s¢, a;|0)

» Select action: arg max Q(s;, a’|0)
al

» AKind of TD learning (TD(0)) 0
» Target Q value: (TD Target) State s—b . A5 ul®)
» Y2 =1+ y max Q(se41,a'l6) . Q(s,anl6)

» Loss Function: (Square of TD error)

2
> LQ(St; as|6) = (YtQ — Q(sg, atlé’))
» Gradient descent:
» VaLo(se,ac10) = (V2 — Q(s. a:10)) 7oQ(se, ac16)

» Implementation issues:
» Use experience replays.
» Use target network 8~ and behavior network 6. (Sync every N=10000)

iwmcmwwwww 102

TRARKRAEFLETRE



Performance of Deep Q-Learning

» Left (stronger than human)

» 103
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Applications

» Autonomous Driving
» Drone
» E.g., Precision Landing, Object Tracking
» Robotics
» E.g., Random Bin Picking (RBP; 5 1 i* & B~),
» Learning professional skills
» Automatic shoveling (p #*4E 1

105



Robotics Demo (1)

[Deisenroth et
Manipulator

Marc Peter Deisenroth, Carl Edward Rasmussen, Dieter Fox

Learning to Control a Low-Cost Robotic Manipulator
using Data-Efficient Reinforcement Learning

R:SS 2011

@@_WGMM!MWM
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botics Demo (Il) -- RBP




Rule-based vs. Learning-based

» Rule-based
» For most traditional industrial robotics.
» Conditions: environment needs to be well controlled.
» Drawbacks:
» Low flexibility.
» Time required for new jobs.
» Advantages:
» Accurate under controlled environment.

» Learning-based (RL/DRL)
» For most modern service robotics, drones, autonomous
driving.
» Conditions: environment does not need to be well controlled.
» Goal: Offer high flexibility.




Robotics and Games
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Learning Professional Skills

» Automatic shoveling
» Pottery/Clay Molding o —

Non threaded 5(12 ms), Tunning threada,&(ﬁ ms)

Calculations: 0, detections: 07 '34“)}

Calculations: 0 (0 ms) RN

Calculations: 0, detections 0 (IJ ms) e

Calculations: 0. detecfions: 0 (0 ms) =

\\ Calculations: 20 ms) P

\Calculam:ms 0 {0 ms) .

‘Calcilation passes: 10 (10 ms) \-/: !
/Carbulstlons 0, surface cut: 0 mm”2 (0 ms) oo

A simple demo using RBP
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Automatic Shoveling

>

T/BSHME

20:07 EEER IRRAIRE FFam—
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https://www.youtube.com/watch?v=hLns04DjLVk

Object Tracking

» Monitoring in factory
» Fusing sensor (like RFID) and visual data

&k A
FEE A

o Tag !!

ok ‘!“
Y. ‘
e 1 Mi ;
ad

| _—

iwmcmmtuwgmw

TRARKRAEFLETRE



Defect Detection (AOI-like)

» Room In/Out
» Reflection of scratches

» Like Gaming

S Computen Games and Intelligence Lal
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Imitation Learning

» Problem for general machine learning:
» Training is slow.
» Cost for training failure (like drone crashes)

» Solution: [Ross et al., 2011]
» Learn from Demonstration (or Demonstration Cloning)
» Serve as a bootstrapping process.
» Some require human helps (like drone)
» Some don’t (like MCTS, ILQR)
» Third-Person Imitation Learning




Other Techniques

» Curriculum learning
» Transfer Learning

» Behavior Cloning

» Dagger

» GAIL (like GAN)

iwmcwmrwwu
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Class 1

» Properties:
» Model is well known or defined
» Simulator exists.

» Applications: Games, Education, etc.
» Possible Solutions: AlphaZero-like.

Al ‘& At At+1 AT—l
R, : R;. ) Ry Ry

a Self-play

e T} ““?""'.pa.’,;f’.p %

P o s |

* 2 & z 117




Related Reinforcement Learning
Techniques

» TD Learning

» Monte-Carlo Learning

» POMDP

» Monte-Carlo Tree Search (MCTS)
» AlphaZero

iwwcwmwwwau 118
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Class 2

» Properties:
» Model is unknown or too complex.
» Simulator exists.

» Applications: Video Games, Robots with Simulator, etc.
» Possible Solutions: (next page)

V. |
Aq v Ay | Atiq Ar_q
R, ‘) R, ") Rirs 1 R
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More Related Deep Reinforcement
earning Techniques

» Deep Q Network (DQN)

» Double DON (DDQN)

» Actor-Critic

» Dueling Network

» Deep Deterministic Policy Gradient (DDPG)
» Asynchronous Advantage Actor-Critic (A3C)
» Trust Region Policy Optimization (TRPO)

» Proximal Policy Optimization (PPO)
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Class 3

» Properties:
» Model is unknown or too complex
» Simulator does not exist or runs with expensive costs.
» So, it is hard to produce a large data set.

» Applications: Robots, Drone, Auto-driving, etc.
» Solutions: (see next page)

V. |
Ay v Ay | Atiq Ar_q
R, ‘) R, ") Rirs 1 R
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More Related Machine Learning
Techniques

» Curriculum learning
» Transfer Learning

» Imitation Learning
» Behavior Cloning

» Dagger

» GAIL (like GAN)

iwwcmwwwww 122

ERHRABKRETFTLFRE



N LT B OB OR T LT RE

b &
Opportunities

Pege

123



DL/RL/DRL In Practice

p BT K
1. %%?X%’**%’“éﬁﬂ’i‘ * R Y B EE
»  Like AlphaGo, Deep Q-learning, 2048 Al.
2. PRI ERERF ALY Y.
) %‘ If- t’]en -elseiB 48, m**DCNN® .

>0 Face Body

| o Ears Multiplier

Color Blocks Lines

v o D T
MR A el AL

%
b 2L x5 #2048 Al # = Threes! Al. (& Z
2T % heuristics)
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DL/RL/DRLE jiFerjig ® — A&

I SR AR A
) é}&géﬁ 21 7T—
T ﬁ%aq(eSports)fzr’r ¥
> ® ”m%i%i FR R pRF
t&%’& \5@‘4 a}”ﬁé \;@‘4%&
» =z id P27 & #5 (FDC) ~ Defect Detections
» Big Data
» P &R KkT BB U
L/ TR . T
> #Eﬁﬁ: (b aw RELD) ~ Bl E S (PR S

> %51%
» T Ei AT E R R
> ;l L

» Hacker sz #
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A 1 FFET P~ g K (Tractica,2017)

b 1‘?!:}ngractica(ZOl?)%ET F AR R ERY 227 F2RA
£ 2016#F 111381 £ ~ = £ T 2025#% 42:H597.5 F ~ o

Chart 1.1 Artificial Intelligence Revenue, World Markets: 2016-2025
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(Source: Tractica)
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Ongoing Research Topics at Our Lab

» Computer Games
» Continue developing CGI
» Combine “Zero” and multi-labelled value network.
» Apply “Zero” to other computer games or applications.
» Connect6 (or Gomoku), Chinese chess, Mahjong, ....
» Work on Interpretability, leveraging “Zero™.
» Combine heuristic and exact methods

» Industrial applications
» Al bot for video games
» Random bin picking in robotics grasping.
» Surveillance




Al Bots for Video Games

» Techniques: DRL

» Applications:
» Detect any weaknesses of a game after design.
» Help run the games.
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Surveillance —
Fusing Sensor and Visual Data (1)

» Monitor in-flow and out-flow trajectories

@i, 129
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» DL/DRL Z £ < & #GPU T training & testing.
» DeepMind used 2000 TPUs for AlphaGo Zero
» Our estimation:
» At least 12000 GPU (GTX 1080 Ti)
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Challenges of DL/RL/DRL — In Training

» Need to tune carefully
» Training data sets
e e.0., the quality of data sets, generated by self-play?

» Parameters:
e e.g., learning rates, data/net sizes.

» Weight initializations: Need to try many cases.

® €.0., bias, Gaussian. These become knowhow!!
» Nets in each layer:

e e.g., filters, fully-connected, sub-sampling, ReLU (rectified linear unit),
loss, max-pooling.

» Solving overfitting:
e e.g., L1/L2 regularization, dropout regularization, squeezing nets.

» Take a huge amount of time!
Require huge amount of computing powers!

132




Interpretability (7 23§ )

» Importance of Interpretability
» In many applications, we still need to interpret DNN.
» Like medical problems.

» Martin Muller propose a new challenge:
» “Combine Heuristic and Exact Methods?”

Challenge: Combine Exact

and Heuristic Methods

«Deep Learning is very powerful

« Heuristic, not exact

«Many critical applications require
certainty, ex&methods

. H ’)
«Challenge: ‘-Ao COMDINE? g

o
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Conclusion

» AlphaGo (or DeepMind) demonstrates
» The power of DL/RL/DRL. They are the future!!

» Challenges of DL/RL/DRL
» The training knowhow Is critical.
» Interpretability iIs also critical.
» Computing power support is also critical!!

» Our Lab:

» Continue research on computer games

» Explore other challenging applications based on our experiences
on computer games.

» Video Games

» Robotics grasping problem
» Surveillance
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R HF 7 By
» Leader: % Ldvﬁani

» Other team members:
rfF~ X TE AR

» Old members

» R B
» New members

» Bl iz s BHER




Thank You for Invitation and
Listening!

Q&A

141



