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Topics of my Talk

o My Computer Go Education
o AlphaGo, Alpha Zero and MuZero

o I will kell you what these are,
not how &kev WOoTk. ..

o How do they work? UofA is the right
place to find out...



Mv Campu&r &o
Educabtion



Programming
Grames
- My S&)rv

- Auskria, around 19%0©

- I was about 18 years old
- My makh teacher had an
early HP yragrammabm
calculator

- We thavec&. Lunar Lander...
- No graphics, just humbers...




Mv ~irst
Cwin rame

Aboubt one year Laker

Mv owi TI-59

Memory: 960 Bjﬁes

I wrote a Momo[pcwtj game
M

No graphics, just numbers...
I sold 3 or 4 copies...




Computer o
Undergrad

Aboubk 3 years Laker
Undergrad in Austria
Supervisor: “lebts write a
Go program together...”
Me: “OK”




Compulter o

Dipl. Ing.

- § years Later...

- I have a ﬁigtoma
(masters) thesis on
Campu&er &o

- I'm hooked...

- I cann do a PhD at ETH
Zurich own Comgu&r &o

[

Osterreichische

Die Institute fiir Computer Gesellschaft

Informationsverarbeitung
der Technischen Universitat Graz

laden alle Interessenten herzlichst ein zu einem

VORTRAG
von
MARTIN MULLER
zum Thema

THEORETISCHE MODELLE UND COMPUTERPROGRAMME FiR GO

Zusammenfassung

In diesem Vortrag werden Probleme bei der Programmierung des ostasiatischen Brettspieles
GO dargestellt und neue Bewertungs- und Suchverfahren in diesem Zusammenhang erlautert.

Der Vortrag findet am Mittwoch, den 28. Juni 1989 um 16:00 c.t. im Hérsaal EDV,
Schiefistattgasse 4a statt.

Dipl.Ing.Dr. F. Huber
Kolloquiumskoordinator




® File Edit Play Uiew Tree Go Pattern =

Gogol-Explorer:

Compuber &
WD

- 19%9-19985 ETH Zurich,
Swikzerland

= NWALAUDO~ (=]

1991 International Computer Go Congress

Here are the results of the Tournament. Programs with equal scores
are ranked according to the SST tie-breaking regulations, which

- l JC} E‘M & Sa\mes resa&rtk SrOMF give preference first to SDOS, and then to SOS.
: C .C
i WOT"{ “FOT' vﬁﬁrs on Cro omputer vs. Computer

Entrant country Rd1 Rd2 Rd3 Rd4 Rd5 Rd6 total
W, ”
F‘T’OS]’O\M EXPLOT’@.T‘ 1 Goliath HOL 2W 15W6W 5W 3W 7W 60
’ 2 Golntellect USA 1L bye 15W 6W 7W 5W  5-1
ai 3 Dragon TAl  10W6L 4W 11WIL 8W  4-2
- Never be.&&@.r thawn MLd“LQVQL 4 1go Il JAP 6L 10W3L OW 12W 11W 4-2
5 Starof Poland POL 14W7W 11W 1L 6W 2L 4-2
: 6 Handtak PRC  4W 3W 1L 2L 5L 13w 33
Ctt&b Ptaver 7 Stone T4 8W 12w2L 1L 33
8 ModGo 14W11W 3L 33
: ¢ 9 4L 13W 14W 3-3
— ?k‘b NOTM: d@.\/@.LC}P O\LSOT’L&L‘\MS 13W14W 12W  3-3
: Nemesis N B 3L 8L 4L 24
. g : Hiratsuka swvoTiL 13w 7L 4L 10L  2-4
“fOT‘ SQLVLV\S o Q.Mdgﬁmes Explorer 7L 14w12L foL 9L 6L 15

Daihoninbo JAP 5. 13L bye 8L 10L 9L 1-5
Go PRC bye 1L 2L  withdrew 1-5




Campu&er &o
Postdoc

- 1996-2000
e Berw‘etej

- Swikzerland
- 3&{9&&& Elwv&r\ BQT‘LQH’O\MP
- Work on Go endgames and other (1940 5 2,019)
games

- Go programs get better,

but VERY si.c:wi.j

~ Human khowledqe is the bottleneci
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CamPuEer &o
A 199%

Black: Many Faces of Go,
world champion

White: we

Handicap: 29 stones ("
Resulk: I won bj & paim&s




Compu@er &o
‘Prwfssor

aaaaaa

- Game Programming - Jownathawn: “We have open

Workshop tn Japan facully positions. You
1999 should &F'F?Lj”

- Invited spealker: - me: “0K”
Jonakhain Sthaaf«fer, - Fall 2000:

UALberta Joined our depar&men&



Computer o
Professor?

- 2000 - 2006, UotA:

- Go is still hard

- A professor needs to
publish

- My students and
of other research

me do Loks
as well...

A. Kishimoto. Correct and Efficient Search Algorithms in the Presence d
A. Kishimoto and M. Miiller. A solution to the GHI problem for depth-fir
A. Botea, M. Enzenberger, M. Miiller, and J. Schaeffer. Macro-FF: Impr|

A. Botea, M. Milller, and J. Schaeffer. Learning partial-order macros fro
Planning and Scheduling, pages 231-240, Monterey, California, 2005.

imoto and M. Miiller. Dynamic decomposition search: A divide a
CIG'05), pages 164-170, 2005.

rratum: On the final page, "move D6 in R2 makes half an eye" should r
A. Kishimoto and M. Miiller. Search versus knowledge for solving life al

. Schaeffer, Y. Bjornsson, N. Burch, A. Kishimoto, M. Mtller, R. Lake,
Distinguished paper award

A. Botea, M. Enzenberger, M. Mlller, and J. Schaeffer. Macro-FF. In

. Miller. Go-related research at the University of Alberta. In T. lto and

bn Game Informatics). Extended abstract.
. Zhou and M. Miiller. Solving systems of difference constraints increm
A. Botea, M. Miiller, and J. Schaeffer. Near optimal hierarchical path-fing

X. Niu and M. Mlller. An improved safety solver for computer Go. In J.

ecture Notes in Computer Science, pages 97-112, Ramat-Gan, Israel,

. Miiller and Z. Li. Locally informed global search for sums of combina

olume 3846 of Lecture Notes in Computer Science, pages 273-284, Ra

A. Kishimoto and M. Milller. A general solution to the graph history interaction
M. Miiller, M. Enzenberger, and J. Schaeffer. Temperature discovery search. In
L. Zhao and M. Miiller. Game-S,

preliminary report. In Seventh International

A. Botea, M. Miiller, and J. Schaeffer. Using component abstraction for automat
International Conference on Automated Planning and Scheduling, pages 181-19

A. Kishimoto and M. Miiller. Df-pn in Go: an application to the one-eye proble

. Niu. Recognizing safe territories and stones in computer Go. Master's thesis,
L. Zhao. Tackling Post's correspondence problem. 22 pages. Accepted 2/2004
2003

lJonathan Schaeffer, Martin Mtiller, and Yngvi Bjérnsson, editors. Computers and
lotes in Computer Science. Springer, 2003.
. Zhou and M. Mtiller. De rst discovery algorithm for incremental topologid

. Zhou. Incremental search algorithms. Master's thesis, University of Alberta, 2

M. Miller. Conditional combinatorial games, and their application to analyzing cf
Erratum: Fig. 1 shows three Nim heaps with 6, 4 and 3 pebbles. The size 6 heag

M. Mller. Proof-set search. In J. Schaeffer, M. Mller, and Y. Bjérnsson, editors,

A. Botea, M. Milller, and J. Schaeffer. Using abstraction for pla
Science, pages 360-375. Springer Verlag, 2003.

A. Botea, M. Miiller, and J. Schaeffer. Extending PDDL for hierarchical planning

A. Botea. Reducing planning complexity with topological abstraction. Proceedi

A. Botea. Reducing planning complexity with topological abstraction. P

L. Zhao. Tackling Post's correspondence problem. In J. Schaeffer, M. M|
lerlag, 2003.

A. Kishimoto and M. Miiller. A solution to the GHI problem for depth-firg
2002

A. Botea. Using abstraction for heuristic search and planning. In S. Koej
IComputer Science, pages 326-327. Springer Verlag, 2002.

N. Bullock. Domineering: Solving large combinatorial search spaces. /C|
N. Bullock. Domineering: Solving large combinatorial search spaces. M

M. Mdller. Counting the score: Position evaluation in computer Go. ICGA

cheduling (AIPS-2002) Workshop on Planning and Scheduling using Mi
M. Miiller and T. Tegos. Experiments in Computer Amazons. In R. Nowa
. Tegos. Shooting the last arrow. Master's thesis, University of Alberta,
L. Zhao. Solving and creating difficult instances of Post's corresponden|
M. Miller. Computer Go. Atrtificial Intelligence, 134(1-2):145-179, 2002. |
2001
M. Miller. Solving 5x5 Amazons. In The 6th Game Programming Works

M. Miiller. Proof Set Search. Revised and improved version of previous

. Miller. Global and local game tree search. Information Science;

. Muiller. Review: Computer Go 1984 - 2000. In T. Marsland and

. Mdller. Partial Order Bounding: A new Approach to Evaluation

1996-2000

2000

99

99

99

99

. Mdller. Generalized Thermography: A new approach to evaluat
published in lida, H. (Ed.), Proceedings IJCAI-97 Workshop on Us|

. Mdller. Not like other games - why tree search in Go is differen

special session on Heuristic Search and Computer Game Playing,|

. lida and M. Midiller. Report on Second Open Computer-Amg




MCTS, ALPL‘\&GQ
and Aipl«m Zero



MCTS

R00&-0%: the Mownte Carlo
Revolution

Coulom: Monte Carlo Tree Search
(MCTS)

Koecsis and Szepesvari: UCT
Grelly, Tefjhuci,...: MoGo program
Cawn beat human pros with -9
stones hamdwo\p

Swideni.v there is kmpe...

M iR
0 e || [
Motsro, 3200 cores

vs Kim, ¥ Damn pro



Computer Go Progress
1996-2010

7 dan
6 dan
5 dan
4 dan
Monte-Carlo Search
3 dan

2 dan

10)se\

1 dan Zen

vocd® Fue g0

1 kyu
2 kyu
3 kyu MoGo
4 kyu
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CrazyStone
5 kyu

6 kyu

Indigo Traditional Search
7 kyu

8 kyu Indigo
9 kyu
10 kyu
11 kyu
12 kyu
13 kyu
14 kyu

15 kyu
1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010




Swiall Board

Sueeess

009, 9%x9 o board

Firsk win vs &op human pro

On even terms, no kav\dic‘ap
Our program Fuego did it!

How? MCTS, clee.p search

Primitive Go khowledqge White: Fuego, ¥© cores
Rlack: Chou 9 Dan

Whikte wins bj 2.5 points

OMLv



Dave Silver

December 2003, Dave Silver: “I am
hoping to s&u,dj for a PhD in
computer 9o and machine learning...”
Rich Sutton and me: Come to UofA!

R004-2009; Dave’s PhD ab UofA

RLGo strongest learning Go program
Not as strong as MCTS

Very primitive “features” for
knowledqge

ol
£

o/




Compuéer &Go
Before
ALF?IAQGQ
ROOF-2018 Imprava Monte
Carlo Tree Search
Add simpi.@. Go khowledqge

Level: about 3-4 stones
handicap from top humans

e

MR )L
IEN [IEH
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B
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B
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=

Kc:i.ec’xge bsd

on simple features
i Fuego



ﬁeep Neural
Neks

2011-2012 deep neural nets
start winning image
recognition contests

2015 used for learning Go
khowledge

At firsk: learn moves from
humain master games
Massively better kiowledqge
than anything we had before




<1
A P Q 0 THE INTERNATIONAL WEEKLY JOURNAL OF SCIENCE
F TN
-

Program by Deepmind
Team lead: Dave Silver
Combines MCTS, deep
networks, KL ) |
Plays full 19x19 game ko Poat' hadbronCopiager s
2018: beaks human 2 dawn ALL SYSTEMS /GD

pro on even (no kamdi&ag)

CONSERVATION RESEARCH ETHICS POPULAR SCIENCE 2 Nl“f‘"“s“‘ oM
SONGBIRDS SAFEGUARD WHEN GENES
A LA CARTE TRANSPARENCY GOT ‘SELFISH’

Megal harvest of millions Don’t let openness backfire Dawkins's calling

of Mediterranean birds lividual card 40 years on

onmndividuals
PAGE4S2 PAGE 459 PAGE 462



Al L | R
More il
Al F!« alro

—~ March 2016 beats top
player Lee Sedol 4:1

- Lee wins game 4

- Humain outsearches
machine?




Rollout policy SL policy network RL policy network Value network

Px Po

B% Policy gradient

'S,

Human expert positions

How Did
ALF?L«QGO
Worlke?

}JOM]SU [BINSN

B
\/

Self-play positions

The original ALPhQGa was very
eomptex

Four different nebworks
Supevviseci learning, then RL, then
reqression

Used in a massively parallel system
Large number of both CPU and
cady
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ALPkQGO VS
Ke Jie
- 2017 wmwakch
vs world #1 Ke Jie
= Impraveci version
of AlphaGo
-~ Resulk: 3-0 for machine

- AlphaGo retires from
tampe&&ve ptaj




Atphaf}o
Lero

October 2017 article in Nature

“Mastering the game of Go without

humain khowledqge”

New simplified architecture

Learns entirely from self play

using KL — Supenvised Learning
-== AlphaGo Lee

Only human khowledqge: rules of

game

Stronger than previous AlphaGo

—
o
o
)

o
£
-—

4]
oc
o
L

o

10 20 30 40 50 60 70
Training time (hours)




How dAid Ik
Worlk?

One network, kwo different “heads”
for output

Learin policv and value together
New architecture: d&ep residual
nebtwork (resnet) learns betlter
Search: still MCTS

Stronger network, could use smaller
tom[ou&er

WAWAWAN,

|
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- AlphaZero

- AlphaZero - AlphaZero - AlphaGo Zero
= Stockfish = Elmo — AlphaGo Lee

0 — R e e T

0 100 200 300 400 500 600 700 O 100 200 300 400 500 600 700 O 100 200 300 400 500 600 700
Thousands of Steps Thousands of Steps Thousands of Steps

- Eartj version 2017, final version
ROLY¥ in Scilence

ALPL\Q = Simpuffj, remove more Go-spe«c:i&a

Ericks
2’ AN - Leari chess and shogi as well
Beal top chess, shogl programs
- Learin ;'Jrom only rules of qame bj

sebﬂomj



Mulero

Fall 2019 arXiv preprint
Newest program in the
Atpk&GO Lline

Nov&&v: Ltk s not even given
the rules of the game

Plays Go, chess, shogi, and
also Atari games




Mulero -
How does
1k Worlke?

Input: game records with
correct (legal) moves

Learins three neural wnets:
First nek: h

Maps from raw game state to
a learned inkernal stake
r@‘.presemﬁa&om




Mulero -
How does

It Worlke?

Second net: q
Learins how o “malee a move” i

the internal represen&aﬁm\
Third net: £

Computes policy and value, as
in Alpha Zero, but from the
tnternal r@.presev\&aﬁm\, not the
gane ibself




Mulero -
How does
1k Worlke?

- Learned model has errors

- Errors compmumd wikh
c&epﬁh

- Searches only a few steps
(about &) deep

- SELLL, super strong resulks




MuZero Resulks

ANNEEEnnn
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ALPL«&GQ and Us

AlphaGo was "Big Sclence”

Dozens of developers,
millions of dollars in
hardware and computing
costs

What is the role of our
university in all of this?

We contributed Lots of:
1. Basic research

2. Training




~ Cikation List from
first AlphaGo paper

UALberta Research

and Training

-~ Papers with UofA Fvec:a[ai.e

A fje.i.i.ow
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. Kocsis, L. & Szepesvari, C. Bandit based Monte-Carlo planning.
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Whats Nexk?

Research continues
Examples from our group:
3-head neural nek
Memory-augmented MCTS
Expi.ora&iom i SAT solving
RL and search i even more
general setbtings

N
i
~N

Vai(s)




Inkerested?

UofA is the right place

Many related undergrad courses:

260, 296, 350, 355, 366, 3%2, 397, 480,
458, 366, 497

Many faculty work in games and/or RL
Companies/monprofits in town:
"Bee[;oMmcl, Amii, Huawel, Borealls, ...
More comiing...



Summar
v i:':ig' Google DeepMind

Overview of Compuler Go and n Challenge Match
especially ‘DQEPMEMG’&’S programs
From human engineered to
machine-learned solutions
Search plays a key role for
both learning and actual use
Huge success i games

Much worlk remains to QFPi{j
mebhods th the real world




