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Introduction - About me

- Auskrian,
from Salzburg
- Skudied ak
TU Graz, ETH Zurich
- Poskdocs in
Berl«aiev and Japan
- Since 2000 at
University of Alberta, DOMOMOn. .
Edmonton, Canada
- Currently on sabbatical
abk FAW, IKU Linz
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-
University of Alberta virologist
awarded Nobel Prize

Michael Houghton wins Nobel Prize in Physiology ar MedIGIRE:
along with Harvey J. Alter and Charles M. Rice for: the
discovery of the hepatitis C [HCV] virus.




Topics of wmy Talk

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

I will kell you what these are,
not how Ekej WOTK. ..

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



My (Compu&er)
o Education



The Game of Go

Sataburg ca. 19%0

I was 18 years old

I learned to play Go
Board game, two players, -
no chanece element i g
Millions of players i AN
Asia

Thousands in Europe ‘
and America 4.-




Rules of Go

Start: emply board
Move: pta&e one
stone of your color
Goal: surround!

- Emp&v painﬁs

- Opponent (capture)
Win: control more
than half the board




Aboult Go

SE;MPL@. rules, tomptex
strategy

Traditional AI approaches
Aid not work well

Ov\tj recem&i.:j, programs
stronger than humais
(AlphaGo ebe)

Classical hard benchmark
domain for AI




Cmmpuﬁer Go - Undergrad

- Aboubk 19%8

- I'm an undergrad at TU
Grraz, bechin, Mathemakile
- Peter Lipp (supervi;sc)r):
“leb’s write a Go program
together...”

- Me: “0K”




Computer Go
Dipl. Ing.

- 19%9, TU Graz

- ﬁiptama thesis on
Campu&r &o!

- I'm hoolked...

- I want to do a PhD
on Compu&m &Go!

Osterrelchische

Die Institute fir Computer Gesellschoft

Informationsverarbeltung
der Technischen Unilversitit Graz

Inden alla Intaracsentan herglichit #in 21 ednem

VORTRAG
von
Marty MULLER
sum Thema

THEORETHCHE MODBLLE UND COMPUTERFROGHAMME FOR Ga

Zusammuenfassung

In diesermn Vortrag werden Probleme bei der Programmierung des ostasiatischen Breftspicles
GO dargesiellt und neus Bewertungs- und Suchverfahrenin diesem Zosammenhang srlEuiers,

Der Vartrag findet am Mittwach, den 28, Juni 1880 um 16:00 c.t. im Hirsan]l EDV,
Schicllstattgusse 4a statlt.

Dipl.Ing. Dr. F. Huber
Kolloguivmskoordinator




“ y & : K Fihe Filil Plag Wime Trw: G Pallern
el 101 L1 i 2 1] i — |
0 m M‘ e ' O :‘ X AULDEFGHJKLHN PURS |

19%9-1998 ETH Zurich,

Swikzerland

Jurg Nieverqgelts computer

Sqmes Te SQO\T’C[A 9‘"0“’? 1991 International Computer Go Cangress

Work for years o Go e ey S e bl
give preference first 10 SDCS. and ther 10 S0OG.

PT‘OQT’O\M “EXPLQ‘"QT’” Computer vs. Computer

NQVQ_T bQEEQT &h o ME« d"".@. v @.L Emrant country Sdi Rd2 Rd3 Ro4 RdS Rdé total

Goliath HOL 2ZW 15WEW SW 3w TW
Go Intellact USA L bye 1EW 6W 7TW SW
Oragon TA 1ICWs. 4w 11wl aw
no i JAP 6L 10W3L 9w 2w 1w
Starof Poland POL 14W7W 11W 1L 8W 2L
Handtalk PRG 4W 3W 1L 2L 5L 13w G-
Stone T, gw w2 1L
ModGo 14W11W 3L

aL 13w 14w

13W14W 12W

8l 4L
12 . 13W 7L 4L 100
13 Explorer 7L 14W12L 0L L 6L
14 Dahoninbe JAR 5L 13l oya BL 10L &L
15 Go PRAC oye 1L 2L withdrew

club player
Change PhD work: algorithms
for solving Go endgames
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Solving Go
Endgames

1998 PhD ab &TH
Full-board Go endgame
Fa‘robi.ems

Many sofe stones, many
small endgame areas
Divide-and-conqguer
awrcmth - Lo&a? searches 8@8?b b b8©8©88??? @
Uses the mathematics of
combinatorial gqame theory
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Figure 7: C.11: an 89 point endgame problem



Campuﬁer &o
Postdoc

- 1996-2000

- Berlx‘etev

- Thewn UQPQM

- Work on Go endgames and
other games

- Go programs get better,

but VERY stuwi.j

- Human khowledqge is the
bottlenecke

Etwjn Beri.@.l«mmp
(1940 - 2019)



Campu&ev‘ &o
A 199%

Blacle: Many Faces of Go,
world champion

White: we

Handicap: 29 stones (M
Resulk: I won bj & poim&s




Campuﬁer o
Professor

CCCCC

v‘,'-.‘- P

- Game Programming - Jonathan: “We have open

Workshop in Japan {aautﬁj positions. You
1999 should apply”

- Invited spealer: - me: “OK”
Jonathan Sﬂk&ﬁ{{ﬁf’, - Fall 2000:

University of Alberta Joined €S department



Compulter o

Professor?

- 2000 - 2004, UotA:

- o s skill hard

- A professor heeds to
Fvubush

- My skudents and mwme do

loks of other research
well...
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MCTS,
ALFhaGQ
and Atpka Zerc



Monke Carlo Tree Search (MCTS)

- ROOL~-0Y:

the Monte Carlo Revolution

- Coulom: Monte Carlo Tree Search
(MCTS)

- Koesis and Szepesvari: UCT

- Grelly, Te:anud,...: MoGo program
- Can bealk humawn pros with -9
stones kahdiaap

& Suddantv there is hope... MoCro, 3200 cores

- We start Fuego, an open source Ki % T
MCTS Labro\rfj and Campu&er &Go Nt e FT’O

F’T’OSTQM




Computer Go Progress
1996-20160

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




Fueqo’s Small Board Success

2009

9%9 ro board

First win vs &OP humain pro
On even terms, no hav\dwap
Our program Fuego did it!
How?

- MCTS, cieep search

- ¥O core pocmi.i.et machine
- Primitive Go khowledqge

White: Fueqo, ¥0 cores
Black: Chou 9 Dan
Whikte wins bv 2.5 poén&s



Rich Suttown

Reinforcement Learning (RL)
piomeer

Professor ak University of
Alberta

Rich also Likes search!

“The two wmethods that seem
to scale arbi&rarit:j ... QTE
search and learning!”




Dave Silver

December 2003, email from Dave
Silver: “I am hoping to study for a
PhD i computer g0 and machine
learning...”

Rich Sutton and me: Come!
R004-2009; Dave’s PhD ab UofA

RLGo strongest learning Go program
Not as sktrong as MCTS

\ferj primitive “features” for
khowledge




Lompu&r &o
Before

ALFIAQGO

RO0¥Y-20186

o Everfjcme Im[orc:-ves Monte Carlo

Tree Search

- Add simpte Go khowledqge

- Strength:

about 3-4 stownes handicap
wealeer Ehan Eop humans

Kinowledqge based
on simple features

U ueqo



Tbeep Neural Neks

- 2011-2012 deep heural hets start winning image
recoghition contests

- 2015 used for learning Go khowledqge

- At first: learn moves from humain master games

- Massively better knowledge than anything we had before

Input 1 mi L2 M2 3 Vi3 4 Fi k2 k3
126%128 124x124 BEx62 SBxEE 2329 ar2T 14x14 12x12 2048 nodes 1024 nodes 2 nodes
RGE irmage 32 leatura maps 12 f2atura mass 32 faarure maps 32 feature maps 64 feature maps &4 f=aturs magps 64 feature maps
55 kemal size 2%2 pool size 5K5 HAINS giza Zx2 posl size I3 kerned size %2 200l ¢za 1x3 karnel size




Atpkaf}o

Program by Deepmind Y [
Team lead: Dave Silver L e
Combines MCTS, dﬁ@'? - o o S
networlkes, KL

ﬂ-&js ﬂfu.i.i. 19%19 game

Atlast a compu ll er p10< sram that
can beat a champion Go I PAGE 484

2018: beakbs humon 2 ALL SYSTEMS GO

dan pro o even, Ko
k&hd. s«wﬁﬁms sth\m \\l:l;N([\L‘: -'m
e

uuuuuuu

CLICTY O] LOnEs RN I s CUar s VAl
heLar MeLats et e



Atpha(}a

LT
vs Lee *3 et
g 1] 1 i I
March 2016 D

Beaks Ecpp ptajer Lee Sedol
4:1

Impressive strength

Lee wins game 4

Humain outsearches machine




Q ‘;,..:& v - i : poul 75,000 rsults (04 secore
e& L s ' B8 Go Grandmaster Lee Sedol Graks Corsolaton Win Agair. ..

WIRED - “1 hours aoc

3ut Lee Sedol's winin Game ~o_ris a =minde- that even the most
... before the game begz~, one big queston remained: Coes
AlphaGo Have ..

Go chamuion Lee Se-cul slkes vsck o beal Googla's DeepM nd Al ..

~ Shock, Disbelief, Amazement.
- Huge media interest A5t bt n it o rnaho o e

Conrgle's AlphaGo Has Wo~ 13 Thie Mateh Ajainat Ga Warld ..
Colnion - Glzmedo  Mar 72 2€16

worldwide Cocgles Aghao st aing cver e s v
- &0 million Live viewers U
China alowne e e

Explore in depth (752 mzre sidee)

Google DeepMind, humanity and a freakishly harc game

CNBC - Mar 8, 2016

On VWednesday, Gouale's A' system AlphaGo Jesated Lee Sedol,
l one of the wurkd's best playsrs of L sncenl (and increditly
cemplex) ..

=1 S S S

-

Cocgle's Ceepid nd AlphaGe beats world Go chamelon [~ first o7 five ...
Daily Ma! - Mar 9, 201¢
Al Chalerger Defaats Ga Granamastar Lee
International KBS WORLD Radic Nows  Mar 8, 2015
Gocgle's AlphaGo Al dafzats human in first game cf Go contast
- In-Oeptn - The Guardizn - Var 9, 2015

;' ' Gocgle's Al Has \Won |15 First Mafch Against Go World Charmpion ...
- ,J] Oainion - Bizmedo - Mar 9, 2016

!-_‘c Al 2, Hurnzan Go Chamgion 0

L ppe oy

- —~—

Bloy - Slais Magazine (b oy - Mar 10, 2016

o

Tt Bt T T

‘fculudo 12 Saardiar NIH=L

Explore in depth (128 more smdea)




How Did AlphaGro Worlk?

The original ALphaGo was [

Rollout policy SL policy network RL policy network Value network

very tampiex

Four different neural
nebworks

Supervised leariing,

then RL,

then regression

Massively Fmrattei. svsﬁem
Large numbers of both CPU
and GPU
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Atpka(}o vs Ke Jie

017 wmakch

vs world #1 Ke Jie
Improveol version

of AlphaGo

Result: 3-0 for machine
AlphaGo retires from
aampe&&v& Fviav




ALPKM’}O Lero

October 2017 article in Nature
“Mastering the gqame of Go without
human khowledqge”

New simplified architecture

Learns entirely from self play
using KL

mMinimal human khowledge:

s

o

(o))
=
-

)
o
O
L

rules of game
S&T‘OMS]@.T &[’\QV\ Frevaous ALF‘"EO\GO - Reinforcement Learning

== Supervisad Learning
=== AlphaGo Lee

3 B8

0 10 20 30 40 5C 60 70
Training time (hours)




How does Aipka(}a Zero Work?

- Ombj one nebtwork

- Two different “heads” for policy
and value ou&pu&

- Learwns both policy and value
together

- New architecture: c&eep residual
network (resnet)
- Learns bektter

- Search: skill MCTS

~- Much stronger network

- They could use smaller Com[ou&m
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Search and Learning Loop

AlphaGo Zero’s “virtuous &jde":
Search improves learning

- Tries to learn the search result
Leariing improves search

- Learns which moves to search

Search " Learining




Atpha Lero

2017/201%, final version i Science
Simplify, remove more Go-specific bricks
Learin chess and shogi as well

Beat top chess, shogi programs

Learh fﬁam rules of games by selfplay

- AlphaZero

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

0 —_— e e S

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




MuZero

Fall 2019 arXiv preprint
Newest program in the
ALF’[A&G’O Line

Nov&&v: Lk s not even given
the rules of the qame

Plays Go, chess, shogi, and
Atari games




How does MuZero Work?

- Inpub: game records with
correct (leqgal) moves

- Learns three neural wnets:

- First nekb:
Maps from raw game state to
a learned internal skate
represenﬁaﬂcm




MuZero (2)

Second nek: q
Learis how Fo “malkke a wmove”
the tnkernal represen&a&ion

Third net: §

Computes policy and value, as i
Alpha Zero, but from the internal
representation, not the game itself




MuZero (3)

Learned model has errors
ETYTors ﬁo-m?ow\d wikh dep%k
Searches only a few steps deep |

~ (about %)
Skill, superw%ra»ma ptav




MuZero Resulks
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Millions of Training Steps Millions of Training Steps Millions of Training Steps Millions of Training Steps




ALPL«&GQ and Us

ALPMLGO was "Big Science”

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

?

* —
-

-
'\
1"3: f\/

- "1.

What is the role of
universities in all of this?

We contributed Lots of:
1. Basic research

2. Training



UALberta Research

and Trainine
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What’s Nexk?

Extremely successful for games
Still many Limitations

What if the rules change?

What f our model of the world has
errors?

What f we do not have a model of
the world?



What'’s
Happening
Nows?

Research continues
Examples from our group:
3-head neural wnet
Memory-augmented MCTS
Exploration in SAT solving
Combine RL and search in
more qgeneral settings




$'&% Google DeepMind

Sum MATY

Overview of Compuler Go and . Challenge Match
especially DeepMind’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 work remains to apply
mebhods in the real world




