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Samenvatting

Dit proefschrift beschrijft Multigame, een omgeving voatiparallel (op meerdere
computers tegelijk) zoeken van zogenaamde spel-bomenl-bSpeen zijn bomen
die ontstaan bij het vooruit kijken in bordspel-spelendegpamma’s zoals schaken
en Othello. Het dieper zoeken (meer zetten vooruit kijkeigtli.h.a. tot beter spel,
maar elke zet verder vooruit kijken kost, door de expomrdatitoei van de boom, een
factor meer tijd. Door meerdere computers tegelijk elk in deel van de spel-boom
te laten doorzoeken, kan tijd worden bespaard. Anders geesttd: wanneer een
programma zo’n drie minuten heeft om een zet te doen, kan emeparallel systeem
dieper worden gezocht dan op een enkele computer, zodatdggamma beter speelt.

Tijdens het onderzoek dat aan dit proefschrift vooraf givagden we twee doel-
stellingen voor ogen. In de eerste plaats wilden we het warkde applicatie pro-
grammeur vereenvoudigen door een programmeer-omgeving deden waarbij de
programmeur niet hoeft na te denken over parallellisme.edalds synchronisatie,
communicatie en werk- en data-verdeling worden door hetilyarhe systeem zelf
afgehandeld. In de tweede plaats wilden we onderzoekeri$ gedied een experi-
mentele omgeving verschaffen om onderzoek te doen naaatedtgd zoeken in spel-
bomen. Hierbij valt te denken aan onderzoek naar paraltekd-algoritmen en aan
heuristieken en optimalisaties die het zoeken in een boosmeden. Deze twee doel-
stellingen leidden tot het ontwerp en de implementatie vaitilyame.

De Multigame omgeving bestaat uit een programmeertaalceepiler, en een
runtime-systeem. Het runtime systeem bevat spel-onaiigik software; de spel-
afhankelijke spelregels kunnen in de Multigame-taal worndiégedrukt.

In hoofdstuk 3 behandelen we de Multigame-taal. Een Muttiggorogramma is
een formele definitie van de regels van een bordspel. De gmugeur beschrijft de
regels van een spel in een Multigame-programma. De Multggaompiler analy-
seert deze regels en creéert een zetten-generator aamdi@drade regels. Samen
met het Multigame runtime-systeem vormt deze een progradahhet spel op een
(parallelle) machine speelt. De programmeur kan de kwalitsn het spel-spelende
programma verbeteren door spel-afhankelijke heuristiscformatie in de vorm van
een evaluatie-functie (in C) toe te voegen.

De taal is gebaseerd op een combinatie van de Logo en Protaggmnmeer-
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paradigma’s. Aan de hand van een cursor beschrijft de pmogeur hoe stukken
over een bord verplaatst kunnen worden. De programmeut higéfniet bewust te
Zijn van het feit dat het programma op een parallelle macthinait.

We beargumenteren ontwerp-keuzes van de taal en beschalieeatieve taal-
ontwerpen. We laten zien hoe de door de Multigame-compigegereerde code
werkt en analyseren de efficiéntie van de door de compilgemgereerde code. We
beschrijven onze ervaringen met de implementatie van dédanhe-compiler, die in
een object-georienteerde taal (C++) is geschreven. Wehtefi hier ook de rol van
evaluatie-functies.

Hoofdstuk 4 beschrijft het Multigame runtime-systeem. Hettime-systeem is
een veelomvattende laag software die spel-onafhankédlijketionaliteit bevat. We
gaan in op de organisatie van het runtime-systeem en bpsehde parallelle zoek-
algoritmen die we hebben geimplementeerd. De werkdigtelisi gebaseerd op het
bekende werk-stelen: een processor die geen werk meeyVreeigt een willekeurige
andere processor om werk en neemt een deel van diens werk over

De transpositie-tabel speelt een prominente rol in dit dsiik. Transposities
zZijn knopen in de zoek-boom met meerdere ouders (in feite i,etn 'zoek-boom’
misleidend, aangezien er grafen en geen bomen doorzoctienjprDe transpositie-
tabel is een cache die zoek-resultaten bevat van knopepelils doorzocht zijn. Een
zoek-machine gebruikt de transpositie-tabel om te voosiodat delen van de boom
meerdere keren doorzochtworden. We beschrijven driesogedistribueerde imple-
mentaties: gepartitioneerde tabellen (iedere procetsatreen deel van de tabel op),
gerepliceerde tabellen (iedere processor heeft een egpae kan de gehele tabel), en
lokale tabellen (iedere processor heeft zijn eigen vasiantde tabel, die niet consis-
tent wordt gehouden met die op andere processoren).

Gepartitioneerde tabellen hebben als voordeel dat ze mesmden kunnen bevat-
ten naarmate er meer processoren worden gebruikt, maaddeldat bijna elke lees-
of schrijf-operatie communicatie met zich meebrengt. Balien zijn lees-operaties
synchroon, d.w.z. dat een processor wacht tot het antwoandeen lees-verzoek
binnen is. De hoge wachttijd is grotendeels te weten aanadge tmanier waarop
een lees-verzoek op de binnenkomende machine wordt afdeldanHet interrupt-
mechanisme om de processor van een binnenkomend bericatamdte te stellen is
te tijdrovend. Het alternatief, de processor de netweidpsetr regelmatig te laten vra-
gen of er een berichtis binnen gekomen, heeft als nadeeirdeitkkomende berichten
pas na verloop van tijd worden gezien en afgehandeld. Gedameze tijd zit de pro-
cessor die het lees-verzoek verstuurde te wachten op ardwOm de wachttijd van
een lees-operatie te verminderen hebben we gebruik gewveraie mogelijkheid om
de firmware op de Myrinet netwerk-adapter aan te passen. Weehede firmware
zo veranderd dat de netwerk-processor het binnenkomeiwthbeelf afhandelt en de
transpositie-tabel-waarde leest, in plaats van het beaienh de CPU door te geven en
het door de CPU af te laten handelen. We laten zien dat dit dattijd met 45-70%
vermindert.
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Om de wachttijd verder te verlagen, beschrijven we een é@xeat met het vroeg-
tijdig en speculatief versturen van lees-verzoeken, zdeaintwoorden al klaarliggen
of eerder terug zijn wanneer zij nodig zijn. Een lees-vekawerdt verstuurd zodra
het waarschijnlijk is dat het antwoord daadwerkelijk nadigDe verzendende proces-
sor kan ondertussen verder gaan met rekenen tot het anteobtrdodig is. Hoewel
soms pas Kkort van te voren voorspeld kan worden welke tabetden nodig zijn en
vanwege het speculatieve karakter ook onnodige commumigatdt verricht, kan de
wachttijd op deze manier met nog eens 19-57% worden terugcjeh

Gerepliceerde transpositie-tabellen hebben als voodigeadlke lees-operatie lo-
kaal is, maar schrijf-operaties moeten naar alle anderdimes worden gecommu-
niceerd. Bovendien groeit het aantal waarden dat in de tedoelworden opgesla-
gen niet wanneer meer processoren worden toegevoegd, kipglspartitioneerde
transpositie-tabellen het geval is.

Lokale transpositie-tabellen hebben als voordeel daten gl verloren gaat aan
communicatie. Het nadeel is dat transposities die doochélsnde processoren wor-
den doorzocht niet als transposities herkend worden. B@rkunnen gedeeltes van
bomen meerdere keren worden doorzocht door verschilleraadimes, wat leidt tot
extra rekenwerk.

De transpositie-tabel is niet de enige component die ddgires van de zoek-
algoritmen verbetert. We hebben ook andere (standaardpepéhankelijke en spel-
afhankelijke heuristieken en optimalisaties geimpleraert die het zoeken in de spel-
bomen versnellen en de prestaties van de applicaties eeebeHieronder vallen bij-
voorbeeld de “history heuristic” en databases die patraméordposities herkennen.

We geven een uitgebreide analyse van de prestaties van siehilende com-
ponenten van de Multigame-omgeving en vergelijken de Yélsnde transpositie-
tabel-implementaties voor zes verschillende applicati#® laten zien dat niet &€én
implementatie is die onder alle omstandigheden het begtiet wEenslotte beschrij-
ven we welke problemen het implementeren van een paraliinne systeem voor
spel-spelende programma’s moeilijk maken.

Hoofdstuk 5 introduceert een nieuwe methode om spel-boroen i~persoons
spellen op zeer efficiente weze parallel te doorzoeken. ifisadle methoden, ge-
baseerd op het stelen van werk, zijn 6f inefficient doomatransposities niet de-
tecteren en daardoor sommige boom-gedeelten meerdere deoezoeken, 6f inef-
ficient doordat de extra communicatie voor het detecteegntransposities erg duur
is. De nieuwe methode partitioneert de transpositie-tabed de beschikbare proces-
soren. Een nieuw gegenereerde knoop in de spel-boom woadtegprocessor ge-
stuurd die de corresponderende transpositie-tabel-wdand bevatten, waar gecon-
troleerd wordt of het al dan niet om een transpositie gaatlitisiet het geval, dan
wordt de knoop op de ontvangende processor geéxpandeendirden de kinderen
op hun beurt over de processoren verdeeld. Het grote vdordedet nieuwe algo-
ritme is dat alle communicatie asynchroon is (d.w.z. dao@itrop antwoord hoeft te
worden gewacht).
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We hebben de prestaties van het nieuwe algoritme voor eeal aa@passingen
vergeleken met verschillende varianten van de traditometthoden. Het nieuwe
algoritme werkt op 128 processoren tussen de 119 en de 124&eaael als op een
enkele processor, waar traditionele methoden tussen dn& 8 blijven steken.



Chapter 1

Introduction

Despite the many parallel programming languages that gxis0, 109], parallel pro-

gramming remains a difficult task. The alternative, writtngequential program and
letting the compiler find and exploit the available paradiel, is much easier for the
programmer but this has so far only been successful foregtjins with regular par-

allelism. Yet we would like to offer the programmer a prograimg model that hides

issues like communication, synchronization, work- andadistribution, and dead-
lock prevention.

We believe that this goal can be achieved with problem-aglenvironments that
are designed for one particular application domain. Prognars can describe a prob-
lem in a dedicated, very high level language. The compiler@tompanying run-
time system have knowledge about the application domaircandise this to exploit
parallelism automatically. In these languages, gengrialitraded for an easier pro-
gramming model and implicit parallelism.

To study the feasibility of such an approach we desighedtigame a system
for solving game-tree search problems. We chose this ggitdomain, because it
is an interesting and challenging area for parallel prognarg research, and because
game-tree search, used to decide which move should be nmadafgiven position, is
an instance of the important class of heuristically infodreearch algorithms. Heuris-
tic search is one of the cornerstones of Artificial Inteltige. Its applications range
from logic programming to pattern recognition, from thearproving to chess play-
ing. For many applications, such as real-time search antinamyalgorithms [39],
achieving high performance is of great importance, botlsédation quality and exe-
cution speed.

Playing a game well requires searching large game-tree=airtime; the under-
lying assumption is that deeper search improves the salgtimlity [76,116]. Par-
allel and distributed architectures can contribute todvgtlay; for example, Deep
Blue [56, 57], which defeated Kasparov in 1997, is highlygtlat. Lacking special-
purpose hardware, grand-master chess knowledge, and tigomer to tune the pro-
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gram for years, our Multigame-based chess program woulérnies able to beat
Deep Blue. However, Multigame can handle a broad class gfesiagent and two-
agent search problems, whereas Deep Blue handles only phieadion: chess. Like
Deep Blue, Multigame is designed to providst, parallel search on distributed (and
shared) memory systems

A fair amount of research has been done on parallel gameségreh. Game-tree
search is known to be hard to parallelize efficiently, remtgit a challenge to imple-
ment an efficient compiler and parallel runtime system. Aqggpe implementation
is used throughout this thesis.

Multigame is designed with two research objectives in mind:

e provide theapplication programmewvith an environment in which problems
can easily be expressed and solved; and

e provideresearchers in this fieldvith an experimental environment to do re-
search on distributed game-tree search.

The first research objective is to provide the applicatiavgpgmmer with an en-
vironment for one and two-person board games that can betagsibscribe a game,
with minimal effort andwithout compromising the playing strength of the progi@m
is useless to parallelize an algorithm that plays weaklyj)fodunately, “minimal ef-
fort” and “without compromising the playing strength” hirdo together. “Minimal
effort” implies that the system should require only a formescription of the rules of
a game. “Without compromising the playing strength” medra from these rules,
the system should determine a playing strategy that is a8 ge@ program that car-
ries the expert knowledge of a human master, somethingsliiat beyond the current
state-of-the-art in Artificial Intelligence (see also Seat2.3). Therefore, we allow
the programmer to supply the system with human expert kragedor a particular
game, in the form of a game-specific evaluation function.

Nevertheless, Multigame greatly simplifies the progranisjeb, since it offers a
programming model that is free from explicit parallelismhelprogrammer formally
specifies the rules of a game in the Multigame language andanation function
(in C). The Multigame system automatically generates a qarogthat can play the
game on a parallel system with shared or distributed menmding language is de-
signed in such a way that it is easy to describe the rules ofdogames, and its
expressiveness allows the programmer to describe mosingxtsoard games. The
Multigame system is usable for prototyping of new games dk amed we have im-
plemented many such games, often in a matter of hours.

The second research objective is to provide the reseanchieisifield with an ex-
perimental environmentin which research on parallel asttibuted game-tree search
can be done. Research areas include distributed seardfittaigoand improvements
on heuristics that guide the search.

The usefulness of such an experimental research infragtelis demonstrated by
the fact that we were able to implement and evaluate a newlglasaarch strategy
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Figure 1.1: The structure of Multigame.

(see Chapter 5) in a few weeks, due to the modular and extendabign of the
Multigame implementation. The new parallel search strategreased the efficiency
of some parallel search problems substantially. Dependimghe application, the
new strategy performs 1.5 to 11.8 times better than the estik traditional search
strategy on a 128-processor distributed system, and ahapeedups that are close
to linear.

1.1 Multigame

Multigame is designed to provide fast, parallel search astailduted memory system.
Its structure is based on that of traditional game playirggpms: a move generator,
a search engine, an evaluation function, and heuristidsginde the search. The
first goal, providing the programmer with an easy prograngmrodel, is tackled
by designing an application-domain-oriented languagehickvthe rules of a game
can be specified with little effort. The second goal, pravigdthe researcher with
an experimental environment, is addressed by designinyitiitggame software in
an extendable and modular way with clean interfaces betweemodules. In this
section we show how the Multigame system is organized.

Figure 1.1 shows the overall architecture of the Multigarygtesm. Multigame
consists of dront-end compileand aruntime systemThe front-end compiler gener-
ates game-specific code from the description of a game. Tire system provides
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game-independent functionality and supports a broad dagmmes. From these
components, the Multigame system generates a programahablay a game on a
distributed system.

The figure shows the boundaries of the domain of the appicgtiogrammer and
that of the game-tree researcher. The game-tree resegnuwides the application
programmer with a system (compiler and runtime system) bickvijame-playing
programs can be generated. The application programmaeiillesthe rules of a game
in the Multigame language. The primary task of the Multigdnoat-end compiler is
to construct a move generator from a Multigame program. Ttxagenerator accepts
the current board position as input and outputs all posstidwvat can be reached by
doing a legal move as defined by the rules. The generated ootlefmove generator
is in ANSI-C, which is efficient and portable. The move getarauns sequentially,
because the parallelism within the move generator is toedraeéed to be exploited
efficiently on off-the-shelf distributed memory hardware.

The runtime system provides components that are common by gemes, and
is also written in ANSI-C. The application programmer s&deghich components
are to be used. To create a fast executable, the source ctitke iofintime system is
recompiled for each different game.

One of the most important components in the runtime systeheiset of search
engines. The runtime system uses a search engine thatablsuibr the game; the
application programmer can select another engine if d&sParallelism is exploited
within most search engines. Since the search engines uslditigame are part of
the runtime system, the knowledge about parallel execusidhus implemented in
the runtime system. This is in contrast to parallelizing pders, which analyze the
program being compiled to discover parallelism.

The Multigame runtime system also contains search enhagmsrthat are mostly
independent of the game being played, such as iterativeedéep transposition ta-
bles, and history tables. The application programmer telghich search enhance-
ments are used. The transposition table, a cache that sieaesh results for posi-
tions that have been searched, is for most games an impsgarth enhancement.
The Multigame runtime implements the transposition talffieiently for use on dis-
tributed memory systems.

Other components in the runtime system contain platforetcific code for a
variety of platforms, including Linux, Solaris, Amoeba,dathe Panda portability
layer [9]. The runtime system also features a generic userfate, similar to a com-
mand shell. It accepts commands to play a game, set parayeerprint statistics.

An evaluation function is highly game-dependent. Ideakywould like the front-
end compiler to generate appropriate evaluation funcfiems the rules of the game,
but this is hard to do and is a (for that matter, interestirggearch topic on its own.
Pell [82,83] and Epstein [45, 46] have developed methodstfategy planning, but
these methods have not led to play on expert level for gamiaesasést. In Multigame,
the programmer can optionally provide an evaluation fumctin C) for a specific
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game to improve the quality of the playing program. Withaueaaluation function,
the program will play the game poorly.

The C compiler translates the appropriate source files aukgd the objects to a
program that can play the game in parallel.

The Multigame runtime system is a useful research envirorirfte game-tree
programmers. Since many games have been implemented orfi tiop Blultigame
runtime system, the efficiency of new search algorithms aribtics can be tested on
a variety of games. Also, the Multigame compiler is a suiabbl for research on a
language to describe the rules of a game.

1.2 Contributions

This thesis presents a number of new ideas. We summarizethebztions for the
board-game application programmer as follows:

o We show that an application-domain-oriented language antilhne system can
hide parallelism from the application programmer. The paogmer is freed
from the burden of explicit parallel programming.

e We introduce the Multigame language, a language to desthmnbeules of a
board game. A parallel game-playing program can be genkirate a program
written in this language. The language is easy to use and/&loost board
games to be expressed easily (see Chapter 3).

The contributions with respect to research on parallel éstdlbuted game-tree search
are the following:

e We provide the game-tree researcher with an experimentéalomment for
doing research on distributed game-tree search. The mostulecture of the
Multigame runtime system makes it easy to experiment with search tech-
niques. The efficiency of new search techniques can be téstedvariety of
games. The experimental environment contains highly apéichprogram code.

e We investigate application-specific network interfacetwafe, and show that
optimizing network interface firmware is difficult but uséfsee Section 4.4.4).
We customized the firmware of the Myrinet network interfacafals, so that it
runs part of the application software on the network prame§shis way, remote
transposition-table lookups are serviced much fastertisarg general-purpose
communication software.

e By studying prefetching techniques for shared transpsitables, we show
that remote transposition table lookup latencies can bgafigrhidden (see
Section 4.4.5).
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e We present experimental performance comparisons betwasitigned and
replicated transposition tables. The results show thdicagpd transposition
tables perform surprisingly well on systems of up to 32 pssoes when the
network has a high bandwidth available (see Section 4.7)la€yer systems,
partitioned tables are more efficient, provided that thevogt latency is low.

e We present Transposition-Driven Scheduling (TDS), a nesalfs scheduling
algorithm for distributed IDA*. TDS combines the work distion with a
distributed transposition table. We show that TDS is bofltieht and scal-
able (see Chapter 5); on a distributed memory system withpt@8essors, we
obtain efficiencies between 92.6% and 97.2%, where effi@deraf traditional
implementations are between 6.4% and 61%.

1.3 Our experimental environment

Although Multigame runs on a variety of platforms, inclugishared memory multi-
processors, it is optimized to run on a distributed memorghiree. Our initial im-
plementation ran on a cluster of 80 SPARC Classic clone$, eaataining a 50 MHz
MicroSPARC Il processor and 32 MB RAM, and connected by a 10tslpartially
switched Ethernet, using the Amoeba distributed operatystem [114].

Later we switched to a system consisting of 128 computersh Baachine is
equipped with a 200 MHz Pentium Pro processor with 256 KB-$pked, on-die,
second level cache, and has 128 MB main memory. The machimethe Linux
RedHat 5.2 operating system. We use this system, called 0A&|l measurements
described in this thesis.

All machines are connected through 100 Mbit/s partiallytsined Ethernet, and
through Myrinet [21], a 1.2 Gbit/s bi-directional switcigimetwork. The Ethernet
is used as a control network for starting applications aratisp files over NFS.
The applications communicate over Myrinet. The Myrinewerk interfaces have a
LANai 4.1 or LANai 4.3 RISC processor and 1 MB of SRAM memornelMyrinet
network consists of 32 8-port switches that are organizedwo-dimensional (4 8)
grid with wrap-around. Each switch connects to four othetdves and to four host
machines.

Each network interface board contains a programmable mktprocessor. The
applications run on top of Panda [18], which in turn uses LEE, L7] as commu-
nication substrate. The combination provides high thrpugland low latency com-
munication, both for unicast and multicast messages. Thkcapions directly com-
municate with the network interfaces without issuing systalls, saving expensive
kernel/user-space context switches.
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1.4 Outline of this thesis

This section gives an outline for the remainder of this thesi

Chapter 2 begins with an explanation of game-tree searc¢h,fbosingle-agent
and two-player game trees. We discuss five search algoritiviiriMax, Alpha-
Beta, NegaScout, and MTDY for two-player games, and IDA* for one-player games.
Then, we explain the basics of parallel game-tree seardslaow why game trees are
hard to search efficiently in parallel, explaining the owextis that lead to sub-linear
speedups. Chapter 2 also puts this work in the context dfegblaork. We discuss a
number of problem-solving environments for the applicaiomain of game playing.

In Chapter 3, we introduce the Multigame language. Rathaar tiving a formal
description of the language, we use several intuitive exasmop explain the basics
of the language. Programs written in this language are dechpd move generators
by the Multigame front-end compiler. Since code generaisonon-trivial for this
language, Chapter 3 also describes how the code generatkd frpnt-end compiler
works. We discuss design decisions and analyze the steagthweaknesses of the
Multigame language as well.

Chapter 4 discusses the Multigame runtime system. We giavarview of the
runtime system, discuss the parallel search engines, wsiribdition, various imple-
mentations of a distributed transposition table, netwaorkviare optimizations for de-
creased remote transposition table lookup latencies, testramsposition table lookup
prefetching, the history heuristic, quiescence searcsitipa repetition detection, pat-
tern databases, 15-puzzle heuristics, and the Multigameinierface for interactive
game playing. Section 4.7 gives extensive performancdtsefar the Multigame
system for six different games. We describe our experiendsimplementing a
multi-threaded and distributed game-playing runtimeesyst

In Chapter 5, we describEransposition-Driven Scheduling new parallel sche-
duling algorithm that efficiently combines IDA* search andistributed transposition
table. Previous parallelizations of the IDA* search alguori either were subopti-
mal because of the absence of a transposition table, ordspalaly because of the
high communication overhead to share a transposition .tabtansposition-Driven
Scheduling achieves nearly linear speedups on large-stgbdted memory sys-
tems. We explain the algorithm, describe related work, a@aduds implementation
issues. The performance for three one-player applicai®esmpared in detail to
traditional work-stealing based approaches. We also sistuture applicability of
Transposition-Driven Scheduling for two-player searcoathms.

In Chapter 6, we draw overall conclusions. We evaluate totwkeent we have
reached our goals, and summarize the lessons learned. githerresearch for this
thesis we came across some issues that still need to be woukettherefore we list
directions for future research.

Appendix A shows example Multigame programs for the 15-pjzzonnect-4,
and chess. The test positions for the performance expetinfienvarious applica-
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tions are given in Appendix B. Appendix C lists the user iféee commands for
(interactive) game playing.



Chapter 2

Background and related work

In this chapter, we first explain the basics of game-treecbetioth for one-player and
two-player game trees. Section 2.1 can be skipped safelyebgle already familiar
with game trees. In Section 2.2 we discuss parallel gangesgrarch, and explain why
efficient parallel game-tree search is difficult. In Sect®8 we discuss related work
on problem-solving environments for game-playing proggam

2.1 A background on game trees

In this section we discuss the basics of game-tree searchbriéfy describe the
main search algorithms used in this thesis: Alpha-BetaaSegut, and MTDK) for
two-player games and IDA* for one-player games.

We will first explain the concept of a game tree. Whenever aegphaying pro-
gram is to make a move, the program searches a so-called geent® tfind the best
move from the given board position. For one-player gamesg, (the sliding tile puz-
zle) the goal is to find the shortest sequence of moves fronolalgan instance to a
target solution. For two-player games, the goal is to findkihst move under the
assumption that the opponent replies with the best coutensubject to time con-
straints.

Game-tree search algorithms recursively analyze movesdalgach node in the
tree (or rather: graph, as we will see later) corresponds position; in practice
the termsnode position andstateare used interchangeably. Each edge in the tree
corresponds to a possible move from that position. Most gash@nterest generate
trees that are too large to be fully searched. Although geadch algorithms will
avoid searching uninteresting parts of the tree, gamesearch algorithms typically
limit the depth of the tree. In game-tree jargon, a move frama position to another
is called aply. Non-leaf nodes are callédterior nodes.

Figure 2.1 shows an example game tree for a two-player gaheenimbers in the
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Figure 2.1: Example game tree.

Max White

Min

=

leaves of the tree arevaluation valuegorresponding to each position; a high value
indicates that the position is advantageous for the whigesl White (represented by
squares in the figure) tries to maximize the values of eacheothildren, while black
(represented by circles) tries to minimize them. For examttle value of the root
node is mag2, —5) = 2; this value is called thminimaxvalue of the tree. Evaluation
values are usually integer values; search algorithms lik®M) even require the use
of integers. The optimal line of play (th&incipal variation) is shaded gray in the
figure.

Figure 2.2 shows pseudo code for the MiniMax search algorithat recursively
determines the minimax value of a tree. It searches the fde a specified depth.
If this depth is reached, or if the node is a terminal positfo@e. a win, draw, or
loss), theevaluation functiordetermines the evaluation value. For terminal positions,
the evaluation function returns in case of a win for white~c when black wins,
and 0 for drawg. Otherwise, the values of the children are maximized or mizsah,
depending on whether white or black is to make a move.

The pseudo code is a simplification of the real MiniMax altori.

In practice, one also wants to knamhich child is the best child. Therefore, the
function constructs a principal variation as well.

The MiniMax search algorithm is inefficient for a number cdgsens. One reason
is that in unaltered form, the algorithm searctress rather than recognizing that the
search space of most games graphs The name “game tree” is unfortunate, but is
a historical legacy. A position that can be reached by difiesequences of moves is
called atransposition An example of a transposition is given in Figure 2.3. Here, t
chess opening moved—Nf6—d3 andd3—-Nf6—e4 yield the same position. Searching
the subtree below a transposition more than once wastesgwoictime.

1Some programs distinguish between a terminal 0 and a nonirtar 0, to postpone a draw as long as
possible, in the hope that the opponent makes a mistake.
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FUNCTI ON M ni Max(Node : NodeType; DepthToGo : I NTEGER) : | NTEGER
| F DepthToGo = 0 OR Termi nal (Node) THEN
Val ue : = Eval uat e(Node) ;
ELSI F Whi t eToMove( Node) THEN
Val ue := —I NFINITY;
FOR EACH Child I'N Children(Node) DO
Val ue : = MAX(Val ue, M ni Max(Child, DepthToGo — 1));
END
ELSE
Value : = INFINTY;
FOR EACH Child I N Children(Node) DO
Val ue : = M N(Val ue, M ni Max(Child, DepthToGo — 1));
END
END

RETURN Val ue;
END

Figure 2.2: The MiniMax search algorithm.

Thetransposition tablg¢23, 110, 122] detects and exploits transpositions. The ta-
ble serves as a large cache, storing search results ofgsttiat have already been
searched. Each time a position is to be searched, the trsitispdable is consulted
to check whether the position has been searched previolidlyis is the case, the
cached search results are used, rather than searchingditiepagain. We elaborate
on transposition tables in Section 4.4.

A second reason why the MiniMax search algorithm of FigugaiRinefficient, is
that MiniMax searches subtrees that are irrelevant fordeteéng the minimax value
at the root position. Consider the example tree in Figure Ph# value of positior
does not contribute to the value at the root. Siade the minimum ofb andc, a is
at most 4. The minimax value of the tree is the maximum of 9 &edvilue ofa,
so the minimax value is always 9, independent offherefore it is not necessary to
searchc. Intuitively, black’s move froma to b is a refutation for white’s move from
the root toa. It is useless to search for more refutations (e.g., the nfrove a to ¢)
as white will never play the move ta In larger trees, entire subtrees can be pruned
this way. Search algorithms like Alpha-Beta, as discussdovy are able to prune
needless work.

Usually, search algorithms are not implemented with a#ing min and max
nodes. Instead, each nodeximizeghe negatedvalue of its children. Effectively,
the signs before the search results of the positions wherbl#itk player is to move
are negated. The resulting algorithm is commonly referoeastNegaMax [66]. The
tree searched by NegaMax and MiniMax is exactly the sameaMeag is just simpler
to implement. For this reason, we use negamax search tréles remainder of this
thesis.
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Figure 2.3: Example of a transposition.  Figure 2.4: Opportunity to prune work.

In the examples in this section, we assume that the two-plgsme trees are
searched up to a fixed depth. In practice, critical leaf n@iesearched deeper. We
elaborate on this in the section on quiescence search ¢8et6.2).

Most tree-searching programs hash positionsigoatures A signature is a large
integer from an uniformly distributed space. Signatures loa used to distinguish
positions: positions with different signatures are cafiadifferent; positions with the
same signature are likely the same. A signature is also asedéx the transposition
table.

An efficient method for computing a signature is described dlyrist [122]. Each
piece-field pair is associated with a random integer. Thexsgéam numbers are stored
in a matrix indexed by piece number and field number. The sigeds obtained
by taking the bitwise xor (exclusive or) of the random nunsbassociated with all
pieces. This gives a uniformly distributed signature adl# for hashing. The method
is efficient, because the signature can be maintained ireartay. For example, when
a single piece is moved across the board during a move, onlyktwoperations are
required to compute the new signature: one for removing tbeepfrom its source
field and one for placing the piece at its destination field.

2.1.1 Alpha-Beta

The Alpha-Beta [66] algorithm is a well-known algorithm thaunes uninteresting
parts of the tree as shown in the example of Figure 2.4. Figiirshows the pseudo
code for AlphaBeta. The algorithm usesearch window(a, 3). The search window
is used to specify the range within which results are intergsSearch results outside
the search window are provably irrelevant (given the sedegth constraint), either
because the position is good for the white player and thekhéeryer has already
found a path (a refutation) to avoid this position, or viceseg as will become clear
later.



2.1 A background on game trees 13

FUNCTI ON Al phaBet a( Node : NodeType;
Al pha, Beta, Depth : | NTEGER) : | NTEGER
I F Depth = 0 OR Term nal (Node) THEN
RETURN Eval uat e( Node) ;

END
Value := —INFINTY;
Child := FirstChild(Node);

VWH LE Child !'= NULL AND Al pha < Beta DO

Val ue : = MAX(Val ue, —Al phaBeta(Child, —Beta, —Al pha, Depth-1));
Al pha : = MAX( Al pha, Val ue);
Child : = NextBrother(Child);

END

RETURN Val ue;
END

Figure 2.5: The Alpha-Beta search algorithm.

The root position is searched with search boufids,») to obtain the root’s
value. The functiomlphaBetaworks as follows. If the position is a leaf node, the
evaluation value is returned. Otherwise, the children aeeched one by one, recur-
sively. Thea and3 bounds are exchanged and negated, since we search negamax
trees. The search result can narrow the search window, bgdsimga. As soon as
o becomes greater or equalfoit is proved that the current node is so good that the
opponent will avoid this position. Since the position hasdree uninteresting, the
remaining children are pruned.

Figure 2.6 shows an example that illustrates how Alpha-Ret&s. The toda, 3)
value for each node is the original search window for thaentite othefa, 3) values
show how the windows are narrowed after their first childresrensearched. First,
nodea, the root node, is visited with search bouifése, «). Next, nodeb is searched,
also with boundg—, ). Then, nodec is searched, which is a leaf node. The
evaluation value for, 20, is returned td, and negated. The search bound$ afre
narrowed ta—20, ). Now d is visited with search bounds-«,20). The evaluation
value ofd, 9, is returned, and this determines the final search remut fvhich is -9.
This result is reported ta, who adjusts its window t(9, ). Then,e is searched with
bounds(—c,—9). Next, f is visited with boundg¢9,»). The evaluation value, 4, is
reported tae, who negates the result and sets it window-t@l, —9). Sincee’s o has
surpassed itg, the remaining chilg; is pruned.

The result returned by the functichiphaBetashould be interpreted as follows.
If the result is greater than the original(the actual argument of the function) and
smaller thanB, the result equals the negamax value (this is the “real”evafuthe
node). If the result is greater or equalfipthe negamax value is at least the result,
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Figure 2.6: Alpha-Beta in action.

thus the real value may be even better than what was retuiiifedassociated move
from this position may not be the best move, but it was goodighdo prove that the
position is so good that the opponent will avoid it. If theuktss smaller or equal ta,
the negamax value is at most the result; however, the pos#iso bad that the player
will avoid it anyway.

For simplicity, Figure 2.5 does not show the interactionhwitte transposition
table. The transposition table stores the search resulilpha-Beta. Since results
do not always fall within the originala, 8) window, search results may be lower or
upper bounds. Therefore, each result stored in the traitgposble is tagged with an
indicator that states whether the result is a lower boundypgoer bound, or exact. If
the cached value is looked up at a later time, the “bound’saged to check whether
the value is usable within the nejw, 3) window. The transposition table is discussed
in more detail in Section 4.4.

The Alpha-Beta algorithm is most efficient when as much wakpassible is
pruned. This depends on the order in which the children aaecked. Alpha-Beta
prunes most work when at each the best child is searchedftfiestca interior node.
When each best child is searched first, the maximum amounbdd is pruned, and
the algorithm searches tminimal tree Unfortunately, it is not known in advance
which child is the best child (if it were known, there is no dde search), so the
algorithm relies on ordering heuristics to arrange thedehit in such a way that the
most promising children are searched first.

Many ordering heuristics exist. An important one is the sgaosition table (also
used for detection of transpositions), in combination viténative deepenin¢l10].
With iterative deepening, the root is searched to incregesdiarch depths, starting from
depth 1. Common increment steps are one or two plies. Wheaewade is searched,
the node is looked up in the transposition table to see whdtheas searched in the
previous iteration. If this is the case, the best child frava previous iteration (or
the child that was good enough to generate a cutoff), is bedrfirst in the current
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FUNCTI ON NegaScout ( Node: NodeType;
Al pha, Beta, Depth: INTEGER) : | NTEGER
I F Depth = 0 OR Term nal (Node) THEN
RETURN Eval uat e( Node) ;

END
Child := FirstChild(Node);
Best = —NegaScout (Chi ld, —Beta, —Al pha, Depth-1);
Al pha : = MAX( Al pha, Best);
Child := NextBrother(Child);
WHI LE Al pha < Beta AND Child != NULL DO
Val ue : = —NegaScout (Chi | d, —Al pha—1, —Al pha, Depth-1);
I F Value > Al pha AND Val ue < Beta THEN
Val ue : = —NegaScout (Chi |l d, —Beta, —Value, Depth-1);
END
Best MAX(Best, Val ue);

Al pha :
Child :
END

MAX( Al pha, Val ue);
Next Br ot her (Chi | d) ;

RETURN Best ;
END

Figure 2.7: The NegaScout search algorithm.

iteration, since it is a good candidate to be the best childragAnother important
move-ordering heuristic, theistory heuristi¢c which heuristically orderall children,
is discussed in Section 4.5.1.

Iterative deepening can also be used to implement time aldii®8]. Based on
the time needed to search an iteration, the program canatstitine time needed to
search one ply deeper. A program can decide whether or ntartoasnew iteration,
and even if such an iteration turns out to take too long, tlag@m has a best move
available from the previous iteration.

2.1.2 NegaScout

The NegaScout [93, 95] search algorithm is an enhancemehédipha-Beta algo-
rithm. It is probably the most often used search algorithmgame-playing programs.
Like Alpha-Beta, NegaScout assumes that the search traeigty ordered (i.e.,
children are ordered in such a way that the most promisinlgl éhisearched first).
However, NegaScout uses different search bounds for dtirelmi except the first.
The first child (the most promising one) is searched with tbemal search bounds
(—B, —0a), and establishes anin the parent node, that is not likely to change during
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FUNCTI ON MTDF( Root : NodeType; Depth : |NTEGER) : | NTEGER

Lower Bound : = —I NFI NI TY;
UpperBound := INFINTY;
Pi vot = 0;

WHI LE Lower Bound < Upper Bound DO
Val ue : = Al phaBet a(Root, Pivot—1, Pivot, Depth);

I F Val ue < Pivot THEN

Upper Bound : = Val ue;
Pi vot = Val ue;
ELSE
Lower Bound : = Val ue;
Pi vot = Val ue + 1;
END
END

RETURN Val ue;
END

Figure 2.8: The MTD{) search algorithm.

the search of the remaining children (if the first child did mmediately cause a
cutoff, of course). All that has to be proved, is that the rerimg children are inferior
to the first one. Therefore, the remaining children are $estevith theminimal win-
dow(—a —1,—a). A minimal window search is cheaper than a full window search
since more work is pruned. If the negated search result ifenti@ana (as is usually
the case), the child is inferior and the next child is test®therwise, we know that
the child is superior and search it again, but now with theviindow (—f3, —value,
wherevalueis the value returned by the minimal window search. The $e@sult of
the full window narrows the parent(s, 3) window and might cause a cutoff.

Figure 2.7 shows the NegaScout algorithm in pseudo code.alduithm first
checks whether the node is a leaf; in this case the evaluedioe is returned. Other-
wise, the first child is searched with the full window. As lcexgthere are children left
anda remains smaller tha, each child is first tested with a minimal window, and, if
the child is better than the previous children, searchethagi¢h a full window. The
search window is adjusted after the child is searched. lyjiitaé search result for the
best child is returned.

2.1.3 MTD(f)

MTD( f) [87] pushes the idea of minimal window searches to the mdr&verynode
is searched with a minimal window, even the root positione Tésultr of a search
around a3 — 1, ) window is interpreted as follows: if > 3 then the node’s value is
greater or equal to, otherwise the node’s value is smaller or equal.to
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Figure 2.9: MTD{) in action.

Multiple searches of the root position with different windoare needed to com-
pute its negamax value. Figure 2.8 shows how this is done.s&aech starts around
an arbitrary chosen value (when used in combination witlaiitee deepening, it is
more efficient to start the search around the negamax valthegfrevious iteration).
The first search either sets a lower or an upper bound on tit'e vadue. Consecutive
searches improve the lower and upper bounds, until bothdequal each other, in
which case the root’s value is determined.

Figure 2.9 shows how MTLf() searches the same tree as shown in Figure 2.6. In
the first iteration, the root is searched with wind¢w1,0). Via nodesb, ¢, andd,
the value ofb is determined, and equals -9. Since the roftis 0, the tree belove
is pruned. Now the lower bound on the negamax value isfset to 9, because the
resultis greater or equal to tRBeof the search window. In the second iteration, the root
is searched with window?, 10). Nodeb is visited, but is found in the transposition
table, since it was adequately searched in the first iterabtf D(f) relies heavily on
the transposition table to prevent searching the sameesubtultiple times. Node
andf are searched, bytis pruned. Now the upper bound on the negamax value of
is set to 9, because the result is smaller or equal tmtbéthe search window. The
true negamax value farthus is 9, because 9 is both a lower and an upper bound.

In this simple example, MTLf) searches more nodes than Alpha-Betad
b are visited twice). However, on large trees MTP{s much more efficient than
Alpha-Beta, and on average somewhat faster than Nega®&juflfhe narrow search
windows of MTD(f) and NegaScout cause many cutoffs, which make these search
algorithms efficient.
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FUNCTI ON Sear ch(Node : NodeType; Bound : | NTEGER) : | NTEGER
M nDi st : = Eval uat e( Node) ;

I'F M nDi st <= Bound AND NOT Ter m nal (Node) THEN

M nDi st := INFINTY;

Chil d = Fi rst Chil d(Node) ;

REPEAT
MnDist := MN(MnbDist, Search(Child, Bound — 1) + 1);
Child = Next Brot her(Child);

UNTIL Child = NULL OR M nDi st = Bound,
END

RETURN M nDi st ;
END

FUNCTI ON | DA(Root : NodeType) : | NTEGER
NewBound : = Eval uat e( Root);

REPEAT
A dBound : = NewBound,
NewBound : = Sear ch(Root, NewBound);

UNTI L O dBound = NewBound;

RETURN NewBound,;
END

Figure 2.10: The IDA* search algorithm.

2.1.4 |DA*

Iterative Deepening A* (IDA*) [67] is used for searchigne-playergames like the
sliding tile puzzle and Rubik’s cube. The objective is to fihd shortest solution path
from a given problem position to a target position (or one @i number of target
positions). IDA* is a memory-efficient variant of A* [79].

IDA* repeatedly descends the search tree, as shown in thelpssde in Fig-
ure 2.10. Each iteration the tree is searched with an inedssearch boundnot to be
confused with théa, ) search window in Alpha-Beta search) that searches the tree
more deeply, until a solution is found. The search boundéslus put a limit on the
solution length: as soon as it can be proven that from thesntimode no solution is
possible within the given bound, the subtree below the negelined. If the function
returns the same value as the search bound argument, it tnag &osolution; if the
return value is greater than the search bound, no solutiouirgl and the return value
is used as a new search bound for a subsequent iteration.

In one-player games the evaluation function is used to estitne distance from
the current position to a target position. If the distanceeexis the search bound,
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bound =28 result = 30

bound = 27 result = 29

bound = 26

Figure 2.11: Example IDA* search tree.

all children are pruned and the distance is returned. Ifveneverestimates the dis-
tance, IDA* will find the shortest solution(s). Such an eaian function is said to be
admissible A well-known example of an admissible evaluation funcii®the Man-
hattan distance in the sliding tile puzzle, which sums tls¢éatices between each tile’s
current position and the tile’s target position. To prunaragh work as possible,
the evaluation function should estimate the minimum sotutength as accurately as
possible, but may not overestimate the solution lengthifimal solutions are desired.

An example of an IDA* iteration is shown in Figure 2.11. Themhers inside the
circles represent evaluation values. The tree is travatspth first, left to right, with
the search bounds as indicated. A cutoff occurs at each dé#ienodes; here the
evaluation value exceeds the search bound. The search oésié root equals 30.
Since the search result of the root is greater than its sdmmehd, the algorithm will
start an new iteration with search bound 30; this tree willlbeper as the one shown
in the figure.

2.2 Parallel game-tree search

A game-playing program needs to decide upon the best mover uadl-time con-
straints, and limits the search depth to keep the response wiithin reasonable
bounds. A parallel game-playing program combines the [aing power of mul-
tiple processors to extend the search a few plies, undeathe §me constraints. The
underlying assumption is that deeper searches yield b@tgy although increasing
the search depth eventually leads to diminishing returBsg8, 105]. Nevertheless,
many parallel game-playing programs (for example, Deepe Bhi6, 57], CilkChess
(the successor ofSocrates [62]), and Chinook [103]) have proven the merijsaof
allel search. Since game trees grow exponentially, seayaitie ply deeper requires
a factor more processing time.

One-player search algorithms are not usually run in rea tibut search for an
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Figure 2.12: Parallel decomposition of a search tree.

optimal solution path. Here, the goal of parallel searclo idecrease the time to find
the optimal solutions for hard problems.

There are several ways to search trees in parallel. Mostadsttiecompose the
search tree and let each processor search part of the tides&ated by Figure 2.12.
One processor searches the light gray nodes; another poscesarches the dark
nodes, and a third processor searches the shaded nodesditble windows next to
the nodes are explained later).

2.2.1 Parallel two-player game-tree search

Two-player game trees are difficult to search in paralle],[8ice Alpha-Beta-like
search algorithms (including NegaScout and MTP(suffer from several kinds of
overheads:search overheadsynchronization overheadind communication over-
head We will now discuss the causes of these overheads.

The Alpha-Beta search algorithm is inherently sequen8aice the(a, 3) search
argument of a child depends on the window of its parent, acdure the window of
the parent can be narrowed by the search result of each diilitlsen, data dependen-
cies exist throughout the search tree. To search the treatigl, these dependencies
must be broken bgpeculatingon search windows.

To understand the consequences of speculation, we useeRgL2 to show the
difference in search bounds between sequential and gaedlech. When the example
tree of Figure 2.12 is searchedquentiallythe search result for the root’s first child
narrows the root's search window 5,). The second child will be searched with
the narrowed search bounf@sc, —5). The second child’s search result narrows the
root’s search window t¢9, ), and the third child is searched with wind@woo, —9).

If the first child would have caused a cutoff, the second amd tthild would not have
been searched at all.

If the tree is searched jparallel, the search result of the first child is not available
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Figure 2.13: Young Brothers Wait.

when the search for the second and third child starts. Toerethe search windows
for the second and third child are conservatively set to #meeswindow as the first
child. In the example, the search windows &reo, ), and are wider than during
sequential search. As a consequence, the parallel sedigiruvie less work in the
subtree of the second and third child than the sequentiatittign would have done.

With respect to sequential search, the extra amount of werkopmed by the
speculative, parallel search is callgelarch overheadSearch overhead might lead to
a significant amount of extra work; on large-scale systenestmads of a factor two
or three are typical. Consequently, the maximum obtaineffleiency is typically
less than 50% [20, 27, 72]. Only Feldmann reports lower $eaverheads [48], but
these performance numbers are criticized for a number gbres[27]; in particular
the slow processors in the test environment and the unusualat of time spent for
move ordering are held responsible for the high speedups.

Several optimizations reduce the search overhead. Theg¥Brothers Wait Con-
cept (best described in Feldmann’s thesis [48]) waits uhél search result of the
first child is established before the remaining children rbaysearched in parallel.
Figure 2.13 illustrates how the Young Brothers Wait Coneeqtks, using the same
search tree as in Figure 2.12. The search resultssts thex in the parent’s search
window. b andc may be searched in parallel, each witli-a, —5) window. Due
to the move-ordering heuristics, the first child often is tiest child. The first child
establishes an in the parent’s search window that will not be improved by the
maining children if the first child indeed is the best childdamay even prune the
remaining children. In the example this is not the case esinitirns out to be better
thana. If the move-ordering heuristics would have correctly peestl b to be superior
to a, b would have been searched first with windpweo, «). a andc would have been
searched later with the smaller search windeww, 9), the same as sequential search
would have used. Thus, search overhead occurs when the ondegng heuristics
fail. Nevertheless, the Young Brothers Wait Concept redtice search overhead with
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a significant amount. Paradoxically, the intentional reituncof parallelism improves
the parallel search performance.

Another optimization propagates new search bounds as sadbeyabecome avail-
able. When the second and the third child in the tree of FiQui@ are searched
in parallel, both start with bounds-, —5). If the search of the second child fin-
ishes before the search of the third child, the improvedcsebound(—,—9) can
be propagated downward in the subtree below the third chddhat more work can
be pruned. Similarly, if the third child finishes before tleesnd child and improves
the (—o, —5) search bound, the new search bound can be propagated incthrese
child’s subtree. This optimization is discussed in Secti¢h?2.6.

Apart from search overhead, parallel search suffers fsgnthronization over-
head Synchronization overhead is the result of idling proces#uat wait for search
results to become available. To reduce the synchronizatierhead, it is possible to
let idle processors start work on other parts of the treejghavork is available. This
is not always the case, since the Young Brothers Wait Coneelpices the amount of
parallelism.

On distributed memory systems the exchange of data leadsimunication over-
head Communication overhead can significantly reduce parp#elormance. Com-
munication is necessary for several purposes. First, foymgames the transposition
table works much better if the table is shared between theggswors, and keeping the
tables consistent requires much communication. In Sedtibwe elaborate on shared
transposition tables. Second, the work has to be distibmiter the processors, which
also requires communication.

On distributed memory systems, work distribution can be@mgnted using work
stealing. Each processor maintains a local job queue. WieReprocessor creates
work, the work is appended to the local queue. If a processedswork, it tries to
dequeue a job from the local queue. If the local queue is entipgyprocessor ran-
domly selects another processor and tries to steal work fhenselected processor’s
gueue. Section 4.3 elaborates on work stealing.

An example of a work-stealing parallel search algorithmeis\Boree search [62,
71], which is a parallel variant of NegaScout. The first chddsearched (with a
full window) before the remaining children are searchedt{vei minimal window).
Null-window searches of the remaining children may prodeegiarallel. To reduce
the search overhead, a full window re-search cannot be npeefib before the elder
brothers (i.e., the more promising brothers) have comgléteir minimal-window
searches. Moreover, possible full window re-searches fhereint children are per-
formed one after another. Therefore, the expensive fulldaiw researches are never
searched speculatively, and this reduces the paralledtseaerhead.

There are other ways to distribute the work over the proegesso Chapter 5 we
discussTransposition Driven Schedulingd number of other solutions appeared in
the literature. Brockington gives an overview of paralledisch algorithms [26]; we
discuss a few algorithms below.
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Figure 2.14: An APHID search tree.

The APHID search algorithm [27, 29, 30] parallelizes AldBeta and is suitable
for execution on shared memory and distributed memory mashi The algorithm
was designed to allow easy integration with existing Alfdeta search programs. A
master process repeatedly searches the top of the tree epttodd, while slave pro-
cesses independently search the subtrees below defstbe Figure 2.14). The slaves
search the subtrees in increasing steps up to dépthnode at depthl’ uses an esti-
mated value and is marked ascertain until the slave process has fully searched the
node up to deptid. The master process traverses the top level tree until ditsiat
depthd’ are marked asertain When the master visits a depdhnode for the first
time, it assigns a slave processor. Multiple slaves ar@masdito one processor to
balance the load. Once assigned, the node never moves teeapobcessor, thus the
subtree below the node is searched to increasing depthslgathe processor. The
slaves use a non-shared transposition table. When a depdke is searched to an
increased depth, the move-ordering information obtaingthd the previous iteration
can be found in the local transposition table, since a saligralways searched by the
same processor. The most important transposition-tatteesrifor nodes in the top
of the search tree) are shared so that top-level transpasiéire detected. Transposi-
tions at lower levels are not discovered if searched by wiffeprocessors. Reported
speedups for APHID range from 14.4 for checkers to 18 forshesl 37 for Othello
on a 64-processor shared memory SGI Origin 2000.

The ABDADA search algorithm [121] uses a shared transpmsitable to paral-
lelize Alpha-Beta. All processors start searching the sirmultaneously. Each entry
in the table is extended with a field that counts how many meme are busy on
the associated node. This entry is used to select the ordenioh the children of a
node are searched. Three criteria determine the para#lediserder. The first child
is searched, regardless of how many processors are alreabhsig the child. Then,
the remaining children not being searched by other processe visited. Finally,
the children which have not been searched completely algzathto help the other
processors that search these children.

ABDADA is hard to implement efficiently on distributed meny@ystems, since
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it updates the shared transposition table very frequeriilyother disadvantage of
ABDADA is that it does not propagate updated search boundsd@ard in subtrees
that are being searched, although the algorithm could emdet] to do so. ABDADA

achieves a speedup of 16 on 32 processors for chess.

2.2.2 Parallel one-player game-tree search

One-player game trees are simpler to search in paralleltthasplayer game trees,
when the IDA* search algorithm is used to search the trees r&ason for this is
that there are no data-dependencies between the childeemaafe within an iteration;
therefore no speculation is needed to obtain parallelismly @e iterations are syn-
chronization points. A simple strategy that scales neawalrly is presented by Rao
et al. [92]. The search tree is partitioned and distributest the available processors.
Rather than eagerly distributing the subtrees, work stgadan be used to lazily dis-
tribute the game tree. In this case, an idle processor camahblsy one by taking
over part of its work.

Another way to parallelize IDA* is Parallel Window Searct9]8 PWS indepen-
dently searches the same tree on different processorsabhtpgocessor uses a dif-
ferent search bound. The parallelism is speculative. Soweepsors may search the
tree with a search bound that is too high; this work is wasBsjuential IDA* never
searches a tree with a bound that is too high, therefore P\Al8sspoorly. Moreover,
the load is badly balanced, since a tree with a low searchdaoenuires much less
time to search than a tree with a high search bound.

Although IDA* does not use the transposition table for moxkaeoing, the transpo-
sition table is useful to detect transpositions [94]. Asafawve know, nobody has com-
bined search enhancements like the transposition tabltepaitallel IDA*. Although
work stealing IDA* itself yields near-perfect speedup® fipeedups drop drastically
when a shared transposition table is added (albeit compara@thetter sequential al-
gorithm), due to the increase in communication overhea@hapter 5 we present an
alternative to work stealing, called Transposition DriGaheduling, which efficiently
combines parallel IDA* and a shared transposition table.

2.3 Problem-solving environments for generic game-
playing programs

A problem-solving environmeifPSE) is a system that provides the user with an in-
frastructure to solve problems within a particular clasamgflications. PSEs exist for
many application domains: spreadsheets, word processmis;alculators are com-
monly used in daily life. Software developers often use a B&Emaketo generate
executable programs from source code. Engineers desigplermbjects using Au-
toCAD. PSEs are also used in computational science: exanmptkide Matlab for
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solving mathematical problems, and SPSS for statistidal placessing. Yet another
example is CTADEL [44], a code generating system for sohpagtial differential
equation based problems. In his thesis [44], van Engelezsgin overview of PSEs
for scientific computing.

The interface of a PSE is of a high level, natural for the aggpion domain, and
hides the details of the hardware the system is running orst iiothese interfaces
are graphical. However, some systems use a high level lgegiat is specifically
designed for the application domain. The programmer catyekscribe a “problem”
in such a language. These programming languages are legseflxan general-
purpose programming languages, but offer a simpler progriagnmodel.

Several computationally intensive PSEs are able to gemattions that can
exploit parallelism. These systems exploit parallelisrplinitly and use knowledge
about their application domain to decompose the work irsfihet can be processed in
parallel. They free the programmer from the burden of exyigrallel programming.

In this section, we will focus on PSEs for the domain of gamayiplg. Several
PSEs for this domain have appeared in the literature. Bel@ndiscusDIB, Smart
Game BoardHoyle, Metagame and SearchBenchand their similarities and differ-
ences with Multigame.

DIB — Distributed Implementation of Backtracking

Distributed Implementation of Backtracking (DIB) [50] i &arly general-purpose
package for programming parallel search problems on dluliséd memory machine.
DIB is a set of library routines that provides the basic supfor exhaustive search
problems, branch-and-bound, and Alpha-Beta search. Di®tis mature problem-
solving environment, but we include it here because it itatds implementing dis-
tributed search programs and because it is probably theapyiPSE for search.

The programmer must provide some call-back functions sottielibrary can
construct the search tree. One of those user-suppliedifmscis used to generate
children from a given parent; another function updates t#reqt’s state when one of
its children finishes.

DIB uses work stealing to distribute the work. Fault tolerars implicitly ob-
tained by redoing work when processors would otherwise lge id

The performance results presented for Alpha-Beta seaelp@or: at six pro-
cessors the speedup for searching an uniformly distribsgadch tree tapers off to a
factor 2.8. It is not clear whether the application uses asfpasition table or other
move-ordering heuristics. The application uses DIB’s “afgdchildren” mechanism
to propagate ne\o, 3) search bounds. Speedups for branch-and-bound applisation
are much better, and are excellent for exhaustive seardigms.
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Smart Game Board

One of the earlier attempts to build a generic tool for plgymard games was Smart
Game Board [65]. Although the environment was designedppatt the entire class

of two-player, perfect information board games, the redearainly focussed on the

development of a state-of-the-art go-playing program.hht time (the late 1980s),

computer go was in its infancy, and go playing programs wardli able to beat even

novice human players.

Smart Game Board is a case study in knowledge and softwaneemming. At the
start of the project, the requirements, feasibility, pesgming effort, and the ultimate
playing level of a go-playing program were hard to predici] &om the beginning
it was clear that the software would undergo major changesas experience was
obtained. This made the domain of game-playing a challgngistbed for research in
software and knowledge design and engineering. Smart GamBvas successfully
used to (partially) implement go, go-moku, Othello, chessl nine men’s morris.
Go and Othello are the only games that could actually be glajiéne other games
were only supported by the largely game-independent gcapaind interactive tool to
maintain game databases. The tool could be used by humasrplayanalyze games.

The differences with Multigame are apparent. Multigamessighed to play one
and two-person games using distributed search algoriti#itsough go falls inside
the class of board games with perfect information, the sjadee of go is too large to
be searched by MiniMax search algorithms, rendering go amantical application
for Multigame. Go Explorer, the Smart Game Board implemigmteof go, does not
search, but uses game-specific knowledge to select the seggdest move from a
position.

Hoyle

Hoyle [45] is another environment for two-person, perfeédimation board games.
Unlike Smart Game Board, this environment is a testbed fartim@ learning. Tra-
ditionally, game-playing programs rely on deep searcheb®fyame tree and on a
game-dependent evaluation function. Human masters skmshearn from experi-
ence, and still make the right decisions. Hoyle is able tonldew to play a game,
based on the experience obtained in previously played ggmeferably against ex-
perts. Rather than using search as a base for move selddtigle, consultaadvisors
when itis to make a move. Each advisor comments on all legaés)yagecommending
or rejecting each particular move. For example, the advisoragain” votes against
a particular move if it recognizes the move as the one thabl@doss in a previously
played game. None of the advisors looks more than two plieacilrKnowledge about
longer move sequences is obtained by learning from preyaoses. The amount of
game-specific knowledge used by Hoyle is minimal.

Performance studies on simple games showed that Hoyledrldams to play a
game well. Epstein also describes how a pattern orienteid@dsxtends the learning
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capabilities of Hoyle [46]. Hoyle does not perform well fmroplex games like chess.

Hoyle differs from Multigame in important respects. Multige uses search to
select the best move and needs a game-specific evaluatictiofuto guide the search.
Although the learning capabilities of Hoyle relieve the gmammer of the burden of
writing an evaluation function, we feel that for current gaswof interest, programmed
human knowledge is indispensable for playing at an expest.le

Metagame

There are many game-specific programs that play one gam&uoditsgly, such as
Deep Blue [57] in chess, Chinook [106] in checkers, and Ltegis[32] in Othello.
These programs carry much game-specific knowledge. Thislkdge is obtained by
a human expert and translated into an evaluation functioouging on one particular
kind of game has several disadvantages. Each time a prognamriew game is
developed, significant human effort is required to analymegame. The strength
of the program depends on the knowledge level of the humaarexploreover, the
research results obtained for one particular game are gossehard to generalize and
apply to other games.

From a researcher’s perspective it is interesting to autetha process of learning
to understand how to play a game well. This led to the intrtidnof Metagame [82],
a framework for two-player, chess-like games. Like Hoylestdfjame provides an
environment for machine learning, but Hoyle learns fromegignce, while Metagame
does not enforce this.

The rules of a game are expressed in a language that is désagrthat purpose.
The idea is to let a Metagame-playing program analyze tresrofl the game so that
it can plan a strategy to play the game. One novel featureso$yltem is that it can
generate a random game within the class of Metagame gamesirament can be
held where all contestants (Metagame-playing programa Bd hours to analyze the
rules of such a random game. The contestants play a presgecifmber of games
against each other; the objective is to win as many contsgisssible.

Metagamel[83] is a program that plays Metagame games. Unlike HoyleiaMe
gamer relies on an evaluation function and Alpha-Beta $efarselect moves. The
evaluation function covers general game-independentifestike material value and
mobility, although the weights used for each of the feataesdifferent for each
game.

A resemblance between Multigame and Metagame is the fatcbtith environ-
ments use an application-domain-oriented language taibedibhe rules of a game.
The Multigame language is more expressive than the Meta¢mmeage (for exam-
ple, en-passant moves and castling in chess cannot be segriessMetagame), but
expressiveness was not a real issue in the Metagame reséidrehclass of games
that can be expressed in Metagame is a subset of the classmekdhat can be ex-
pressed in Multigame, and it is possible to write a prograahtitanslates a Metagame
program to a Multigame program.
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Multigame relies on a game-specific evaluation functiorpriactice these evalu-
ation functions are programmed by humans. It is possibleeteetate an evaluation
function automatically by analyzing the rules of a gamehalgh such an evalua-
tion function is likely to lead to weaker play than an evaioatfunction that carries
human knowledge. The Metagame language is more suitableutomatic analy-
sis than the Multigame language, because the Metagamedgags designed for
this purpose, and the Multigame language is designed faesgjyeness. For exam-
ple, it would be hard to recognize capture moves in a Multiggarogram at com-
pile time, while the Metagame language explicitly distirghes between capture and
non-capture moves [84]. Ultimately, a program could armalgaMetagame program,
creating an equivalent Multigame move generator plus atluatian function, so that
the game could be played in a Multigame environment.

SearchBench

SearchBench [52] is a tool for exhaustive backward searloh.tdol is used to create,
verify, and correct databases (due to software and hardeweres). The databases are
created using retrograde analysis. The databases can béeahwith forward search
algorithms like Alpha-Beta for two-player games and IDAY fone-player games.
Forward search uses little memory, although a transpogaiole is necessary to detect
states that are encountered multiple times. Forward sémsgective: uninteresting
parts of the state space are pruned by the algorithm. Inastntvackward search is
exhaustive within a preselected part of the state spacekvizad search requires a
large amount of memory, but is computationally efficient.

SearchBench was used to prove that nine man’s morris enddremxawhen both
players play perfectly. SearchBench was also used for thgut3le. The databases
created for the 15-puzzle significantly reduced 15-puzzdech times (Culberson and
Schaeffer were the first who published this result [35-3ThHe databases were also
used to make progress in finding the hardest 15-puzzle positil3 positions with
solution length 80 were found.

SearchBench differs considerably from Multigame. Seaertdd was designed as
a problem-solving environment for backward search, whildtiame was designed
to play games on a distributed system. Multigame cannotée fes backward search,
although Multigame can use pattern and endgame databassedhby a separate
program. SearchBench was not designed to run on a paratledtabuted system. To
specify the rules of a game, Multigame uses a language tisgeisifically designed
for this purpose. With SearchBench, the programmer mustigedhe system with
a Pascal function to generate all possible forward moves fi@osition, and one to
generate all possible backward moves from a position.
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DIB Smart Hoyle Metagame Search-  Multigame
Game Board Bench
primary distri- knowledge  planning  planning  bidirec- parallel apd
design goal| buted and software by expe- by rule tional distributed
search  engineering rience analysis search sear¢h
nr. players | 1or2 2 2 2 lor2 lor2
language - - - N4 - V4
for rules
parallelism N4 - - - - V4
learning - - v vV - -
Table 2.1: Properties of general game-playing environment
Summary

Table 2.1 summarizes the most important aspects of the igegame-playing envi-

ronments. Clearly, Multigame distinguishes itself with ability to play a game on a
parallel or distributed machine; only DIB provides rudinteay support for distributed
search, but its infrastructure is too simple to search gaesstefficiently. Hoyle and
Metagame focus on machine learning, while SearchBencleid as a tool for back-
ward search.
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Chapter 3

The Multigame language

In this chapter we discuss the design and the implementafitime Multigame lan-
guage. Multigame is an application-domain-oriented, Heykel language for describ-
ing board games. A Multigame program describes the legalesof a game in a
formal way. The Multigame front-end compiler uses this diggion to generate a
move generator, which is then linked with the Multigamedityr(see also Figure 1.1).
The language offers the programmer a simple programmingeimddoreover, the
language hides parallel programming issues such as coroatiani, synchronization,
work and data distribution, and deadlock prevention froenghogrammer.

The outline of this chapter is as follows. First, we sketoh thass of problems
that can be handled by Multigame. Next, we describe the badithe Multigame
language. Then, we discuss the implementation of the Martigfront-end compiler.
We give performance results for the move generators casietitby the front-end
compiler. Although evaluation functions are not part ofMha@tigame language itself,
we also discuss their role here, because the programmeo Ipasvide an evaluation
function as well as a Multigame program. We conclude withxderesive discussion.
Parts of this chapter were published in [97] and in [98].

3.1 Designissues of the Multigame language

As with any application-domain-oriented language, theglaf problems that can be
expressed in Multigame is restricted. To keep the Multigaggtem manageable, we
also restrict the kind of games that can be played with Maitig. Relaxing one of the
restrictions listed below would complicate both the langgiand the implementation
of the compiler and runtime system. The restrictions arddhewing:

e The language is designed for board games only. Conceptbdiltels pieces
fields players andmovesare embedded in the language. Card games (like
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bridge) and computer games (like Tetris and Quake) cannexpeessed, since
they are not based on these concepts.

e The game must be either a one-player game (e.g., the 15¢)uxd two-player
game (e.g., chess, checkers, Othello, tic-tac-toe).

e The board consists of a rectangular, two-dimensional drftetnls. Each field
holds at most one piece. Not all fields have to be used (thisgfulifor games
like checkers, nine men’s morris, and Pegged). The progemaean unfold a
three-dimensional “board” (as used with Rubik’s cube) tava-timensional
representation (as illustrated by the figures in Appendiy B.

e Perfect information is required. This excludes games sscBteatego where
one cannot see the identity of the opponent’s pieces.

¢ Finally, we exclude games that depend on chance or probyafihierefore, it is
not possible to play backgammon and Risk, because theyreedjok.

By conforming to these restrictions, we have created a proldomain for which
problems can be solved using parallel implementations ¢ifkmeown search strate-
gies like Alpha-Beta search [66], NegaScout [93, 95], MTD[B7], and IDA* [67]
(see also Sections 2.1 and 4.2).

3.2 Principles of the Multigame language

This section explains the basics of the Multigame langud&gher than supplying

a formal language definition, we give an intuitive descdptbn the basis of some
sample code fragments. The Multigame reference manuat8ribes the language
in detail. Complete Multigame programs of the 15-puzzlen@zxt-4, and chess are
given in Appendix A.

A Multigame program is a formal definition of the rules of a garithe program
specifies the number of players, the geometry of the boaedpitces, and the legal
moves, each in a different section.

Figure 3.1 shows a complete Multigame program for tic-tae-tNames in bold-
face are keywords in the Multigame language; all other ifierd are user-defined.
The first line specifies that the game is played orx&Bboard. Thepiecesdeclaration
declares one piece, namsthrk, which is represented as aK " for the white player
and an O’ for the black player.

The remainder of the program describes the rules for legabsiaising a combi-
nation of the Logo [81, 111] and Prolog programming paradigho describe a move,
Multigame uses several implicit variables:

1The game of life can be expressed, although strictly spgakiis a zero-player game, since the se-
quence of moves from the starting position is fixed. It camiy@lémented as a one or two-player game, for
which a player always has the “choice” of a single move.



3.2 Principles of the Multigame language 33

di nensi ons (3,3)

pi eces
{
mar k X 'O
}
main = try new_nmark el se draw.
new_nmark = find enpty field,
repl ace by own mark,
try [ three_in_a_row, win].
three_in_a row = find own nark, # start fromany position

any direction,
repeat 2 times [ step, points at own mark ].

Figure 3.1: A Multigame program fdic-tac-toe

e There s aurrent board statewhich contains a matrix dfelds Each field holds
at most onepiece Whether white or black is to make a move (in two-person
games) is considered part of the board state.

e There is a cursor which we call thimger. The finger points at one of the fields
of the current board. Many statements implicitly use or hpthie finger, as
explained below.

e The current directioncan be set to north, northeast, east, and so orstef
statement moves the finger one field in the current direction.

e Finally, there is dhand which can temporarily hold a piece. gick up state-
ment removes the piece from the field currently pointed atheyfinger. The
piece is held in the hand while the finger can be moved acredsdard, until a
put down statement is performed. The program in Figure 3.1 does rothes
hand, but the examples given later in this section do.

The rules are Prolog-like; in fact, the compiler generasekbracking code. Since
it is easier to reason about sets than to reason about bedkigawe pretend for the
moment that the language is set-based. Each statementsiecsgt of positions as
input and applies a test or modification to each positionériiput set. For each posi-
tion for which the statement succeeds, the resulting postare placed in the output
set (some statements can succeed in multiple ways and yigtigta positions). Con-
secutive statements act as function composition.

The programmer can define functions to structure a Multiganogram. Each
function has a set of positions as an implicit formal argutmand implicitly returns
the set of positions that results from applying the statémtnthe actual argument.
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kni ght _nove =
find own knight,
pi ck up,
ort hogonal ,
step,
either turn 45 or turn —45,
step,
not points at own piece,
put down.

HFNNWPHOITO N

Dy 5
abcdefgh

Figure 3.2: Rules for the knight move. Figure 3.3: Example chess position.

Functions are allowed to be recursive. The programmer mosiqe a functiormain
The Multigame runtime system calls this function with a &gn input position and
expects it to return the set of positions that can be reacleatbing a single legal
move.

In the example of Figure 3.1, thtey statement tries to place a new mark onto the
board. Ifnewmark fails (produces an empty set) then the game is a draw. The rule
new.mark is defined as follows. The statemeirid empty field produces a set of
positions; the finger associated with each position isdlifted to point at a different
empty field. If there is no empty field left, the result is theptynset. The next
statement specifies that the field that is currently pointédraplaced by a mark of our
own color, i.e., the color of the player who is to make a moveeAwe check whether
we have won the game. If the teffireein_a_row succeeds (i.e., is non-empty), we
mark the board to be a winning node. Otherwise, the movelidestal, but not a win.
The rulethreein_a row succeeds if it can find a piece of our own color, such that in
some direction two consecutive steps can be done whilgsiititing at a piece of our
own color. Thefind own markstatement starts from any field that is occupied by our
own mark, andany direction starts looking in any of the eight directions. Thiep
statement fails if the finger moves off the edge of the boand, thepoints at own
mark statement fails if we point at an empty field or a field occugligdhe opponent.
There are many ways to implement the three-in-a-row teserefficiently; Figure 3.1
serves as a simple example.

As another example, consider the rules for a knight mow#hass shown in Fig-
ure 3.2. We use the chess position in Figure 3.3 to illustitaéeMultigame rules.
Assuming that the pieces have been declared properly (agsinoAppendix A.3),
the find own knight statement tries to find a knight of our own color. If white is to
make a move, the statement (and hence the entire functidrgilyvibecause there are
no white knights on the board. However, if black is to make aenyfind succeeds in
one way, with the finger initialized to point b8.

pick up removes the knight from the board and keeps it in the hanithogonal
continues in four different directionsnorth, east south, and west The step in
northern direction fails, but the others succeed and ar&oféite next statement. Note
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bi shop_nove = find own bi shop,
pi ck up,
di agonal ,
repeat O..infinity tines [ step, points at enpty field ],
st ep,
not points at own piece,
put down.

Figure 3.4: Rules for a bishop move.

properties

{
}

passed : board : [ O .. 1]

main = ei ther normal _nove or pass.

nor mal _nove = ...
assign (passed = 0).

pass = try [ assert (!passed), assign (passed = 1) ] else draw

Figure 3.5: Example usage of properties.

that the finger of one of the positions points at the white paWme either andturn
statements change for each of the three input boards traidimé 5 degrees clockwise
and counterclockwise, resulting in six different posdiieis. Three of them fail at the
secondstep statement, because they would move off board. The othees thair
fingers pointing ah6, c6, andd7, respectively. Then we test whether we are pointing
at any piece of our own color, causing the board with the fipgénting atc6 to fail.
Finally we put down the knight that we still hold in our handheTmoveNb8x a6
effectively captures the white rook af; the moveNb8-d7 just puts the black knight
atd7.

Similarly, we can define a bishop move (see Figure 3.4). Riessearch for our
own bishops. In the example above, we find two black bishapsiescontinue with
two positions, with the fingers pointing@é andh4 respectively. In each case, we pick
up the bishop, and set the direction to northwest, northeasthwest, and southeast,
yielding eight different possibilities. Theepeat statement states that we may make
zero or more steps over empty fields. Despiteitifmity this statement terminates,
because the finger will finally step off the board (or point atoa-empty field). We
must do one additional step (because the bishop must mowé}han we make sure
that we are not capturing a piece of our own color. Note thaltieng the 0 by 1 in the
code and removing théBand 6" statement would not do what we want; this would
exclude capture moves. Finally we put down the bishop thatave in our hand.



36 The Multigame language

To increase the expressiveness of the language, we alloprélggammer to de-
fine properties These properties are needed to express rules for whichiauadi
state must be maintained, like checking a player’s castiigigts and validation of
en-passant captures. Properties are named integer earidiat belong to a board,
a player, or act as temporary variables with a lifetime thpa@ns the definition of a
single move. A simple usage of a property is illustrated guFé 3.5. Imagine a game
where a player is allowed to pass, but ends in a draw when belers decide to pass.
One way to handle this is to declare a board’s propeassedhat can have the values
0 (false) or 1 (true). If the player decides to do a normal mpasseds set to false.
If the player decides to pass, thesertstatement tests whether the expresguassed
evaluates to true, and fails fipasseds false. Ifpasseds false, theassignstatement
setspassedo true. Otherwise, the game ends in a draw. &bsertandassignstate-
ments accept all expressions that are accepted in C, exogpéeparithmetics, cast
expressions, and function calls. The C expressions argzethby the front-end com-
piler, because they may modify a board’s or player’s propdte front-end compiler
generates code that changes the board’s signature (seextteention) whenever one
of these properties is altered.

3.3 The generated code

The Multigame front-end compiler generates game-specifignam code from a
Multigame program. The Multigame runtime system contaiimiaty functions that
are commonly used by many games. Every game-playing progesnamove gen-
erator (see also Figure 1.1), which is called by the runtime systdranithe search
engine needs a list of legal moves from a given position. Ttieeemove generator
consists of game-specific code, and is generated by thedduit front-end compiler.
In this section, we will discuss how the generated code works

Rules in a Multigame program are much like rules in a Prolaggpam. A Prolog
program is executed by a depth-first search of the searcle sjpaking for solutions.
A Multigame move generator behaves the same way: it seafohlegal moves (note
that the search space of the move generator and the ganse#&eh space are differ-
ent search spaces). For example, Figure 3.6 shows the sgrrch for the statement
sequenceany direction, step Assume that the finger of the sample position at the
root is pointing at the lower right-hand side field, as intikchby the dot. Thany
direction statement generates eight output positions from each gsition, and
sets the directions associated with each finger to norttheast, and so on. Trstep
statement moves the fingers.

There are at least two techniques for translating the PHitegstatements in the
Multigame code to C code: set-basednd abacktrackingapproach. With the set-
based approach, each statement applies an operation toaatlshin the set. This
corresponds to a breadth-first search in Figure 3.6. Sircgdtsize is highly variable,
this approach would require much board copying and is likelipe inefficient. We
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Figure 3.6: Search space for the statemamsdirection, step

step

enum adv_retr { advancing, retreating };

typedef struct {
board_t ype board;
int finger, dir, hand;
stack_type stack;

} iterator_type;

extern enumadv_retr gcw nain(iterator_type %, enumadv_retr);
extern enum adv_retr gcb_main(iterator_type % enumadv_retr);

Figure 3.7: The move generator interface.

therefore chose for a depth-first generation of moves. Likedog interpreter, the
generated code uses backtracking when searching for legasn Each statement

is translated to two pieces of C code, one ttieesthe operation (downward in the
tree), and one thatndoeghe operation (upward in the tree), so that the originakstat
is restored. These are distinguished by calling the fomdeancing codeand calling

the lattemretreating code A stack maintains all board state that has been changed by
each statement, such that the old state can be recoverddyqiiicing backtracking.

In the remainder of this section, we will see how the move gatoe works. We
will first discuss the interface of the move generator, thenwill show how each
Multigame function is translated to one or two C functiond dow each Multigame
statement is translated to C code.

The interface between the runtime system and the move genésasmall (see
Figure 3.7). The move generator exports two functions whemame is a two-player
game:gcw.main that is called by the runtime system when white is to make @ano
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andgch.main that is called when black is to make a mév€ompiling to two separate
functions yields more efficient code. The structure for Hatictions is the same, and
in the remainder of this section we implicitly assume thatftiont-end compiler emits

code for white to move. A single function is exported for griayer games. Each time
the function is called, it generates the next move from argpe@sition. An alternative

approach, generating all moves by a single call to the mowuergtor, is problematic

for reasons to be discussed later.

The function has two arguments: a pointer to an iteratoig@mneof memory that is
used to maintain state between invocations of this functiod a value that indicates
whether it should advance or retreat, as discussed laterrdlé of the function return
value is also discussed later. The iterator contains thedliodoe expanded, the finger,
the current direction, the hand, and a backtracking statkstThe move generator
operates on the board in the iterator. The lifetime of theatte spans the time to
generate all moves.

The move generator uses two separate stacks. inMoeation stackis the per-
process execution stack that the C programming languagesofft holds return ad-
dresses and possibly some local variables, and grows airkslwith the function
call depth. Virtually all processors have hardware supfoorthis stack. Theack-
tracking state stackocated in the iterator holds the data required for backirag
This stack grows when executing advancing code (where datpushed needed to
restore states later during backtracking) and shrinks vexecuting retreating code
(where the data are popped). The stack is managed in softwérengcw.mainre-
turns, having generated a new move, the invocation staakjidye(as far as the move
generator is concerned), and the backtracking state statkios the data to restore
the state.

The Multigame front-end compiler translates a Multigamection into one or two
C functions. Figure 3.8 shows how the front-end compilengtates the Multigame
function func.1 = any direction, step func.2. This rule states thdtinc.1 first does
a step in any direction, after which it calfsnc 2 (provided that the step succeeds);
func 2 is another function that is defined somewhere else in theranagThe code
outside the shaded boxes forms the framework of the funcilbthin this framework,
the front-end compiler first emits the advancing code forstdkements within the
function (the first three shaded boxes), and then the retgeabde for the statements
in opposite order The front-end compiler emits a similar framework for alhet
functions it generates.

Before we show the interaction with other functions (howfthection is called and
how it can call other functions), we discuss how a Multigartaesnent is translated
to C. Lines 5-8 illustrate how the advancing code for #&mg direction statement
works. First, the current direction is pushed onto the lracking state stack, so that
it can be restored later. Then, the current direction iscsét(tirections are numbered

2The gew. andgch prefixes differentiate between the white and black playeramid name conflicts
with other C functions and keywords.



3.3 The generated code 39

enum adv_retr gcw func_1(iterator_type xit, enumadv_retr ar)

1
2 {

3 switch (ar) {

4 case advanci ng:

5 / = advanci ng code for "any direction" statement x/
6 push(& t—>stack, it—>dir);
7 it—>dir = 7;
s L1:
9 / x advanci ng code for "step" statenent x/
10 if (step_table[it—>finger][it—>dir] < 0) goto L2;
11 push( & t —>stack, it—>finger);
12 it—>finger = step_table[it—>finger][it—>dir];
13 / = advanci ng code for "function call" statenment =x/
14 if (gcw_func_2(it, advancing) == retreating) goto L3;
15 L4:
16 return advanci ng;
17 case retreating:
18 /x retreating code for "function call" statenment x/
19 if (gcw func_2(it, retreating) == advanci ng) goto L4;
20 L3:
21 /x retreating code for "step" statenent x/
22 it—>finger = pop(& t—>stack);
23 L2:
24 /= retreating code for "any direction" statement =x/
25 if (—it—>dir >= 0) goto L1;
26 it—>dir = pop(& t—>stack);
27 return retreating;
28 }
29 }

Figure 3.8: Translation fofunc_1 = any direction, step, func2.

from 0 to 7), representing the direction north-east. Theeeding code (lines 24—
26) iterates over the remaining directions. As long as nlotliséctions have been
processed, control is transferred back to advancing cogksabsequent statements
(starting from line 9) are executed again, albeit with aedéht current direction. If
all directions have been processed, the previous currestttiin is restored from the
stack.

The advancing code for thetep statement (lines 9—12) works as follows. First a
test is done whether a step from the current position in tmeentidirection will not
step off the board (which corresponds to a failing statejndittis is done by reading
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steptable a compiler-generated table that is used to look up the nesitipo of the
finger after a step in the current direction. If the step wdaltl off the board, the
corresponding table entry is -1, control is transferreddatly to the retreating code in
line 23, and the advancing code for the subsequent statetffieets 11-16) is skipped.
Otherwise, the new position is read frasteptable

In the retreating code (lines 21-23) the finger is restoreduilng the old value
from the stack.

The Multigame language contains looping statements, saathde ... do ...
andrepeat... times... . These require that both the advancing and retreating code
be reentrant, so that advancing code can be executed radltipgs before the corre-
sponding retreating code has finished. Reentrancy is aathitey careful stack manip-
ulation and by avoiding global or static data. This policscamakes the move gener-
ator thread-safe without additional effort, and this is dwamtage on multi-processor
systems.

By now we can explain how functions interact. In the exampleva, the Multi-
game functionfunc_1 calls func.2. Recall that all generated functions, including
gew. func.2, contain both advancing and retreating code. The fundiom func.1
calls gew.func.2 at two places: once in the advancing code (line 14) and once in
the retreating code (line 19). To implement the semantica Blultigame function
call, gew.func.2 executes advancing code whgow func.1 was executing advanc-
ing code, andgcw.func.2 executes retreating codegtw.func.1 was executing re-
treating code. This is achieved with taeargument, which is set by the caller. The
actual argument is always a constant known at compile time jtamay be tempting
to translate the advancing code and retreating code to tifierelit functions, to save
runtime overhead of passing and processingahagument. However, many state-
ments are gotos from advancing to retreating code or vicgaveBince C does not
support non-local gotos, it is not possible to generate aclag and retreating code
into separate functions.

Both the advancing code and the retreating code end withuanrstatement. For
the caller, it is important to know whether the callee endedgyming advancing code
or retreating code. A return from advancing code is indiddite anadvancingeturn
value (line 16) and implies that it was successful genegadinew successor state. A
return from retreating code is indicated byedreatingreturn value (line 27) and im-
plies that no (additional) successor states could be getkaad that the original state
is restored gcw.func_1 must resume advancing codegiéw.func.2 ended executing
advancing code angcw.func.1 must resume retreating codegtw.func.2 ended
executing retreating code. This is important, becduse 2 can produce any number
of results, for example, if it containsfand own pawnstatement. Assume that there
is no pawn at all and thdtnc_2 thus will fail. Althoughgew.func_2 is called from
advancing code (with thar argument equalingdvancing, gcw.func.2 will return
the retreatingvalue, indicating that it was not successful in finding a sssor state.
gew.func.1 must resume execution in retreating code; therefore thdittonal jump
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if (gcw_main(& terator, advancing) == retreating)
error("Position has no successors\n");
el se
do
add_next _chil d(parent, & terator—>board);
while (gcw main(& terator, retreating) == advancing);

Figure 3.9: Invocation of the move generator.

from line 14 toL3 is made. If, in contrast, there is at least one pawn thew 2

will succeed.gcew func.2 will return advancingand the conditional jump at line 14

is not made: execution resumes in advancing code (line 16a |Ater moment, the
retreating code fogcw.func_1 will be executed, starting at line 1gcw.func.2 will

be called with theetreatingargument, to see whether it can generate more successor
states, or to undo the changes it made to the current boded Ht# is unable to gen-
erate more successor states (when there is exactly one gawil) return retreating

and the jump from line 21 tb4 is not made. However, fcw.func_2 is able to gener-

ate more successor states (when there are at least two pawvibyeturn advancing

and control is transferred back to advancing code (line 15).

Figure 3.9 shows how the Multigame runtime system invokesiibve generator
to expand a node. The functiggcw.main is generated by the front-end compiler
for the Multigame functionmain The first invocation yields the first child. Note
that the Multigame program is erroneous if no child is créateterminal position
(win, draw, or loss) is expressed as a legal move and thusesraachild. The call to
addnextchild registers the newly created child. Subsequent childrecraaed by
invocation ofgcw.mainuntil it returnsretreating indicating that no more children are
available.

The function call mechanism described above is intricateis i partly caused
by the choice of the target language C, which has two seveteatéions. C does not
allow non-local gotos, and does not consider labels asdiests objects (we cannot as-
sign text segment addresses to variables and pass thenetdwtbtions). With these
features, code generation would have been easier andglgbie efficient. The first
restriction (no non-local gotos) forces us to generate acing and retreating code
into a single function, because the generated code contany conditional jumps
from advancing code to retreating code and vice versa. Toenserestriction (no
first-class program code addresses) almost forces us tandrithve invocation stack
for each generated successor state. Would we have beeredltovpass the address
of a statement to a called function, we could have used oaaitiion pairs to tell where
it should resume execution after function return. One cauatiion then points at ad-
vancing code and is used when the callee succeeds; the athmuation points at
retreating code and is used when the callee fails. C disaljpamgsing addresses of
arbitrary statements, but does allow taking the addressfofeion. By splitting a
Multigame function into multiple C functions it is possiliteavoid unwinding the in-
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vocation stack and use a pure depth-first approach. Thisdrenable the merging of
the backtracking state stack with the invocation stack. éler, splitting a Multigame
function to multiple C functions implies that extra admtrégion is needed to find the
right continuation pairs and is on average probably justrgsfficient as the scheme
we currently use.

The programmer is not obliged to use the front-end compdecreate a move
generator. Instead of writing a Multigame program, it isgibke to use a hand-written
move generator in C. However, the interface described aisadesigned for use with
a backtracking move generator. A programmer writing a cug&ed move generator
typically does not want to write a backtracking move geraarttat is called multiple
times to create all possible positions. Therefore, the igathe runtime system offers
an alternative interface. In this case, the programmer prtide a function that
is called to generatall positions. Each time a new child is ready, a runtime system
function is called back to register the newly created child.our experience, the
alternative interface is considerably easier to use fordruprogrammers.

Normally, a move generator computes the signature (seé8etf) for a newly
created position incrementally: each time a piece is pickedr put down, the sig-
nature is bitwise xor'ed (exclusive or) with the correspimgdable value. This may
be expensive for games where a move changes many pieces afrteat position,
such as in Rubik’s cube. A compile-time option exists to repate the signature
from scratch after each move, instead of maintaining thesdige during a move. For
Rubik’s cube, it makes the move generator 37% faster andntire @pplication 12%
faster.

We also experimented with a version of the front-end comptlilat generates IA-
32 assembly instead of C, albeit for a subset of the Multigeamguage (all statements
except those that require a C expression as argument). Bia@ssembly language
allows inter-procedural jumps, the advancing and retngatiodes are generated to
separate functions. A newly created position is reportethéoruntime system us-
ing the alternative interface that is also used for handtenwimove generators, which
does not enforce unwinding the invocation stack. Contiongtairs determine what
a function should do if it terminates: one continuation isdifor the advancing code
and the other for the retreating code. The invocation stacktiae backtracking state
stack are combined into a single stack, which is manipulbiethe efficientpush
and pop 1A-32 instructions. Each function has its own stack frambjol contains
the continuation pairs and possibly some local variablesrafe pointer points to
the stack frame of the currently executing function, irextjve of whether it executes
advancing or retreating code. Since advancing code ledatsan the stack that is
not unwound until the corresponding retreating code hastfed, and since the frame
pointer varies with the invocation depth, the frame pointees not always point to
the topmost frame. The most frequently accessed intermelblas (thefinger, cur-
rent direction andsignatureg are kept in registers. As shown in the next section, this
experimental front-end compiler generates more efficiedec Since this experimen-
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tal front-end compiler fails to support a considerable pathe Multigame language,
we do not use it for the experiments in Chapter 4 and 5.

3.4 Performance of the generated code

Since a Multigame move generator is generated from a higdl-teescription, some
loss of performance with respect to a hand-coded C impleatientis to be expected.
One of the causes of possible performance loss is that thégdme front-end com-
piler does a straightforward translation from a Multiganmegvam to C code; such
translations may be suboptimal. Just like programs writtea high-level language
like C generally run slower than programs written in assgnymograms written in

Multigame will run slower than programs written in C. If therformance loss in-
troduced by the front-end compiler is unacceptable, thgnammer may consider
writing the entire move generator in C.

Another reason for possible performance loss is the fattitlig hard to imple-
ment incremental evaluation functions [108] in MultigarfRer some games, high per-
formance implementations incorporate part of the evadndiinction with the move
generator, and reevaluate only those parts in which a mquigee is involved (e.g.,
Deep Blue [57]). Incorporating part of the evaluation fuowtin the move generator
can be more efficient, but we do not consider this as the pmdti good software
engineering. Multigame does not allow mixing code for thaleation function with
the generated code of the move generator. The only way teimght an incremental
move generator is to let the evaluation function itself find the differences of the
parent position and the current position. We implemented s incremental evalua-
tion function for the 15-puzzle. It turned out to be slowearilevaluating each position
completely. Other games (e.g., chess) are likely to prafinfincremental evaluation,
but we did not implement this. All games evaluate positicospletely.

A third reason for possible performance loss is related teenoodering. A Multi-
game move generator generates a list of moves, after whahare sorted using
various heuristics. If the move generator were able to geaepartial, sortedlist of
moves, the search engine could ask the move generator tcagettee most promising
move, and then search it. If a cutoff occurs, there is no neggiherate the remain-
ing moves. Since a Multigame move generator generates nooeest a time, it could
generate a partial list, but the moves appear in random.oftierMultigame front-end
compiler does not have the game-specific knowledge to ceeateve generator that
generates the most promising move first. Major changes tMtiiggame language
and compiler are required to achieve support for partiatesanove generation.

The Multigame front-end compiler does some optimizatidrasyever, we rely on
the C compiler to do additional optimizations. The frond@ompiler often generates
improved code in the following situations:

e when it knows which field the finger is pointing at (for examéter amove
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to (3,4) statement);

e when it knows which piece is on the field pointed at (for exanafter gooints
at opponent’s king statement);

¢ when it knows which piece is currently held in the hand (feaumple, afterfind
own Kking, pick up); or

e when it knows the current direction (for example, afteraath statement).

In these cases, it is not necessary to push state onto therdedhkg state stack, be-
cause the front-end compiler can generate state-restooigin retreating code using
constants known at compile time.

A second optimization is to inline multiple Multigame fuiats to one gener-
ated C function. Multigame functions that are called fromitiple places (including
recursive functions) are not inlined.

Another optimization is done for arguments of tlest andnot statements. These
arguments do not need to generate all possible resultsréabarted as soon as one
result is found. For example, no test for a rook attack is darthe statementest
either attackedby_knight or attackedby_rook if the current position is attacked by a
knight (in this case, it does not even search for multiplackting knights). For effi-
ciency reasons we emit code twice for all user-defined foneti one for (direct and
indirect) invocations frontest andnot statements that finish as soon as one solution
is found, and one for normal invocation.

Yet another optimization concerns the stack operationesriesl in Section 3.3.
Since many statements modify the stack, we keep the stankgpoif the backtracking
state stack in a fixed register, using them statements recognized lgec On the
Pentium Pro, it makes the move generator approximately I¥ef The problem
with the Intel IA-32 architecture is that there are few gah@urpose registers, and
assigning one of those registers for the stack pointer teaven fewer registers for
other computations. On architectures with many regisitessl] be useful to also hold
thefinger, current direction signature(requires two registers on a 32-bit architecture),
and possibly théandin fixed registers, instead of in the iterator.

A possible optimization that has not been implemented tstinson reordering for
Multigame statements: sometimes it is useful to interckangependent statements
to obtain strength reduction, an optimization that the C iten will not detect and
exploit. One example where strength reduction would hetpesstatement sequence
any direction, pick up. The Multigame front-end compiler emits code that picks
up the current piece eight times (for each possible diraktiwhile it would be more
efficient to first pick up the current piece and then starttidation over all directions.
We did not implement this optimization, because it is easytlie programmer to
provide the most efficient instruction order.

We implemented th&5-puzzleRubik’s cubeandchesausing both a Multigame
program and a move generator written in C. The C implememntdtir chess is ported



3.4 Performance of the generated code 45

move generatorng) normalized application runtimes

MG—-C | MG— | C— MG - C | MG — C—

— 1A-32 1A-32 1A-32 — 1A-32 1A-32 1A-32
15-puzzle 6.06 3.68 3.66 1.00 0.855 0.855
Rubik’s cube 69.3 58.9 1.00 0.926
chess 422 44.0 1.00 0.196
double-blank puzzle 108 6.41 1.00 0.863
checkers 191 157 1.00 0.977

Table 3.1: Move-generator performance.

from CilkChess, the successor-dBocrates [62]. Table 3.1 gives performance num-
bers for the move generators of these games. The secondrtgiues average times
for move generation using the Multigame move generatoifaheh column those us-
ing the hand-written C implementation. The last three caoisishow the difference at
the application level. Here normalized average runtimea ftumber of test positions
are given; the norm is the execution time for the version Withfront-end generated
move generator.

The hand-written move generators for the 15-puzzle andiRubibe are 61% and
17.6% faster than those generated by the front-end com@iteapplication level, the
hand-written versions are 17% and 8% faster. For chessifteesthce in performance
is large, a factor 9.6 at the move generation level and arfacbdthe application level.
The main reason that the Multigame move generator for chedsrms so badly, is
the expensive test to avoid moves that leave the own kinganlc{see Appendix A.3).
However, the C implementation for the chess move generatarughly 2,700 lines
of code (not including the generated auxiliary tables, hatuding the code to gen-
erate the tables), taking two weeks to implement (we potiedatgorithms used by
CilkChess, but rewrote every line of code, since the datacstres used in Multi-
game are different). In contrast, the Multigame implemgaoiteis 208 lines, which an
experienced Multigame programmer can write in a few hours.

The experimental front-end compiler that emits 1A-32 adsignmstead of C is
able to generate code for the 15-puzzle, the double-blankl@see Section 4.7.5.5)
and checkers; Rubik’s cube and chess contain statementsahaot be translated.
The performance numbers for the experimental front-endpdlem(in the third col-
umn of Table 3.1) show that the move generator for the 15{puzjust as fast as the
hand-written C code; with some more compiler optimizatibmsuld have generated
even faster code. Also, the move generator would have pdddigmificantly from
the MMX extensions found in the Pentium Ill processors; utfioately these exten-
sions have not been implemented in the older Pentium Preepsocs that we use for
our measurements. The move generators for the double-plaz#de and checkers
are also faster with the experimental compiler. It is unfoete that the experimental
front-end compiler cannot translate the Multigame chesgiam, but extending the
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statement expression

(operator) ( numerical-constant |
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(unary-operator | ( binary-operator | (ternary-operator |
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(unary-minus (division ) (question-mark~colon)

Figure 3.10: Inheritance trees in the Multigame compiler.

experimental front-end compiler to translate the entirdtidame language requires
significant effort. It would have given an answer to the gio@sbn how much perfor-
mance one loses by using a high-level language. For onecestéhe 15-puzzle, we
showed that the performance is approximately the same hiesisovould have been a
more interesting test case.

3.5 Experiences with an object-oriented compiler

Although the code generated by the Multigame compiler is ,ith€ compiler itself
is written in C++ [43] (except for the lexical analyzer, whiis written in Lex [1, 75],
and the parser, which is written in LLgen [55]). The compilses the object-oriented
features of the C++ language. To structure the code, the ibemnpakes frequent use
of the ability to defineclassesandsubclassesThere are several abstract classas
the root of inheritance trees, as illustrated by Figure 3.10

One of the abstract classes is the clasgement Each of the Multigame state-
ments (e.gstep or find) is represented by a subclass of the clsisgement A se-
guence of statements (delimited pyand] in a Multigame program; or the list of
statements associated with each user-defined functiom)rdigrits fromstatement
When the parser in the Multigame compiler reads a Multiganoggam, it builds a
parse tree, and attaches objects of subclassetatdmento the parse tree. It uses
the parse tree for semantic analysis and for code generafibe two most inter-
esting methods of classtatementare advancingcode() and retreatingcode() (see
Figure 3.11). Invocation of these methods generates, cdgply, the advancing code

3An abstractclass is a class which cannot be instantiated, because étheast one method declared
but not defined. A subclass of this class can define theseaabstethods. If a subclass defines all abstract
methods derived from its superclasses, it can be instadtiat
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cl ass statenent cl ass expression
{ {
public: public:
voi d advanci ng_code() = O0; void |value() = 0;
void retreating_code() = 0; void rvalue() = 0;
o void no_value() = 0;
}; void retreating_code() = O;
H
Figure 3.11:classstatement Figure 3.12:classexpression

and the retreating code for the statement. Each of the sgedaftatementiefines
these methods in a way that is specific for each statement.

Another abstract class is the clasgressiorfalso shown in Figure 3.10). Expres-
sions in the Multigame language are almost as extensive@e®sions in C. Many
classes inherit frorexpressionsuch asiwumericalconstant identifier (for variables),
andoperator An operatoris also anexpressiopand has a number expressios as
arguments, depending on the arity of the expression. Istiagemethods foexpres-
sionare shown in Figure 3.14dvalue() rvalue() andno.value() generate advancing
code for a expression or subexpression. Which of them is fasedparticular subex-
pression depends on the context within the entire expnesséialue() generates the
code for an expression used as a Ivalue (an assignable vathe teft-hand side of an
assignment operator); trying to use a constant or operasoitts in an error message
from the compiler.rvalue() generates the code for an expression used as a rvalue (on
the right-hand side of an assignment operatag.value() generates the code for an
expression that must be evaluated because of side effects & assignments), but
for which the resulting value is not used (for example, thérerexpression, or the
left-hand side of a comma operatorgtreatingcode()generates the retreating code
to undo all side effects during backtracking.

The above classes mirror syntactic elements from Multiganegrams. There
are a few more class hierarchies in the Multigame compilarh &s the hierarchy to
describe the pieces on a field on the board, but these arestotssied here.

The use of classes and inheritance structures the Multigam@iler in a natural
way. It almost forces an elegant implementation and yieldsrapiler that is easily
maintainable. However, we feel that a compiler implemeiredH+ is twice or three
times as large as a compiler implemented in C. The elabarh&zitance trees and the
verbosity of the C++ language to declare and define metheggige to the increase
in source code size; the complexity certainly does not esee
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3.6 Evaluation functions

High quality computer game playing requires the presen@ndavaluation function
with game-dependent heuristic information. ldeally, thaltigame front-end com-
piler should generate an evaluation function from the dpson of the rules of a
game, but deriving a competitive evaluation function frdrade rules is far beyond
the current state-of-the-art in Artificial Intelligencee{Pdid some work on this; see
Section 2.3 on Metagame). Therefore, the programmer hatade an evaluation
function. This task could be simplified by introducing an éiddal high-level lan-
guage in which evaluation functions can be expressed edsis/programmer would
then need to provide a program that describes the rules aha gad a program that
judges between good and bad positions. We did not investtbatidea of a language
for evaluation functions.

The interface between the Multigame runtime system andvhleiation function
is simple. The programmer must provide a function that ascgposition and returns
an integer. For one-person games using the IDA* searchiiigorthis integer must
be a lower bound of the distance to the target. A good evalndtinction yields a
lower bound that is close to the actual distance; the béetrevaluation function,
the smaller the search tree that gets built. For two-persomeg, the integer should
represent the estimated merit for the given position; a kighe indicates that the
position is advantageous for the white player. Inaccurasduation values lead to
weak play and might lead to increased search effort.

For two-player games, the programmer may optionally pre@wad extra function
that decides if a quiet move is made (there is little changeveduation value be-
tween the parent and child); the function requires the piaed the child position as
arguments. For unquiet moves (such as capture moves) theatoa value is less
reliable and the Multigame runtime system may decide torekthe search with an
additional ply. Since this decision is based on game-spamifiperties, we considered
this additional function to be part of the evaluation.

For some games we ported evaluation functions from conngeptograms. The
evaluation function of our chess implementation is portedifCilkChess (a program
developed at the Laboratory of Computer Science, MIT, US/ich won the Dutch
Open Computer Chess Championship in November, 1996. Ogketeimplementa-
tion uses an evaluation function that is ported from Chind@W, 106] (a program de-
veloped at the University of Alberta, Canada), the curreahfmachine world cham-
pion. The Othello evaluation function is ported from Aidagrogram developed at
the University of Leiden, the Netherlands). The 15-puzné 24-puzzle have state-
of-the-art evaluation functions, which combine the Matdratlistance, linear-conflict
heuristic [58], last-move heuristic [69], and corner-cmtfheuristic [69] (see also
Section 4.5.5). The double-blank puzzle is the 15-puzztb tie tile labeled “15”
removed. It is a game with many transpositions, which we dsetdenchmarking.
It uses the same evaluation function as the 15-puzzle, eddpt two blanks. The
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game number of move generator evaluation function
players | Multigame C C
15-puzzle 1 39 216 417
24-puzzle 1 50 271 482
awari 2 — 416 31
checkers 2 71 - 2,440
chess 2 208 2,683 1,790
Connect-4 2 22 - -
domineering 2 15 - -
double-blank puzzle 1 40 - 421
eclipse 2 61 - 26
go-moku 2 21 - -
halma 2 34 - 50
hex 2 26 - -
hexagon 2 69 - -
life 0 41 - -
lines of action 2 50 - -
nine men’s morris 2 66 - -
Othello 2 45 - 538
pegged 1 35 - 31
ps-Addle 2 46 - 61
guatro 2 89 - -
qubic 2 59 - -
Rubik’s cube 1 462 267 266
Sokoban 1 53 - 414
tic-tac-toe 2 21 - -
towers of Hanoi 1 51 - -

Table 3.2: Games implemented in Multigame. The last thréehwaes show the num-
ber of lines of source code.

Rubik’s Cube evaluation is done using pattern databasg$4é& Section 4.5.4).

3.7 Discussion and conclusions

Table 3.2 lists the games we implemented in Multigame. Eacheghas either a move
generator generated by the Multigame front-end compilbarad-coded move gener-
ated written in C, or both. The numbers in the right three mwia indicate the number
of lines of code. This excludes generated auxiliary taldasjncludes the programs
to generate the tables. The third column shows that mostidémite programs are
small, yet give a precise definition of the rules of a game. Reeption is the Multi-

game program code for Rubik’s cube, which is larger than tivalementation (462

vs. 267 lines). The length is the result of the verbose wap @assible cube turn is
expressed. In spite of the program size, the Multigame pirodras a regular structure
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and is easy to understand. The Multigame program for theulZzip is also easy to
understand, and is listed in Appendix A.1.

A few games that satisfy the constraints listed in SectidreBe nevertheless hard
to program in the Multigame language, in particular Award &utch draughts. The
former game has the problem that a pit can be occupied by ug &tohes. In a
Multigame program, at most one piece can occupy a field. lb&sible to declare
48 different pieces to represent a corresponding numbeonés, but the 48 slightly
different move-rules for each of the pieces would make itlaba@ate program. The
front-end compiler will not be able to generate an efficiemtvengenerator for this
game without compiler optimizations that are hard to impmain

The problem with Dutch draughts is caused by the rule thaptucamove is only
valid if it is (among) the longest capture sequences. Thetilyarhe language does
not provide a way to first generate a list of candidate capturees and later cancel
all capture moves that are too short; the language’s condegriables is too simple-
minded for this. To express the rule in the current language would have to check
for each candidate capture move if there is no capture motleanionger sequence,
solving ano (n) problem ino (n?) time.

Another issue is the 50-move rule in chess: no more than S&ssive moves may
be made without conversion (i.e., a move than cannot be wndoich as a capture or
a pawn move) or a draw follows. It is easy to express this indhguage, by adding
a board property that counts how many non-conversions ade mdowever, doing
so would make the transposition table significantly lessulgsee Section 4.4 for a
discussion about transposition tables). A transpositigoliving both a conversion and
a non-conversion, such as the chess operanghif6—Nc3 and Nc3—Nf6—4, would
not be recognized as such, because the former sequence wadert-conversion
moves since the last conversion, and the latter sequenze®es Multigame runtime
system would consider them as different positions. In ety are different, but one
sees the difference only 98 plies deeper, and in practicesdhees cannot be searched
to such depths. Our chess implementation therefore doediff@tentiate between
these transpositions. Other chess-playing programs likeCiess also ignore the
difference, but scan the move list backward searching fovexsions. The Multigame
language needs an extension to do this efficiently, andfitvereve currently do not
check the 50-move rule.

The Multigame language is based on a combination of the LogdPxolog pro-
gramming paradigms. Other programming paradigms may Bigitpurpose just as
well. We consider two other paradigms that can be used aseafbaa language to
describe legal moves.

Regular expressionare usable as a paradigm for a language to describe legal
moves. Regular expressions are used to recognize chastings. Each piece used
in a game can be represented by a character, the set of pmtstiute an alphabet,
and each board position forms a word. A complication is tietracter strings are
one-dimensional, and boards are two-dimensional. One aair¢dumvent this, is to
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give each regular expressiorsat of directionsn which the expression applies. As
an example, a bishop move or capture in chess can be expeesfatbws. Assume
B means “own bishop”, means “empty field”! is a shorthand for “an opponent’s
piece”,/ means “substitute by”, and the +, and[] pair have their usual meanings
(meaning “0 or more”, “1 or more”, and “choose one of thesspextively). Then the
expression

{diagonal}B_x[.!]/_+B (3.1)

would describe the move. If the subexpression beforé thatches the input, the input
will be replaced by the subexpression after £tfef course, the compiler must be able
to bind the length of the second subexpression to the lerfgttedirst one). In words,
Equation 3.1 states the following: in any diagonal dirett@bishop of our own color,
followed by 0 or more empty fields, followed by an empty fielcharopponent’s piece
can be replaced by a string of the same length, consistingeobomore empty fields,
followed by a bishop of our own color. To express a sequenahetkers captures,
it is useful to allow kinks (change of direction) within anperssion. To ensure that
the king in chess is not left in check after a move, or an inggliate field in a castling
move is attacked, it is useful to alloeontext sensitive regular expressions the
latter case, the regular expression that describes thingafétlds (e.g., a rook, two
empty fields, and a king) only matches the input if the confert or more regular
expressions describing that the intermediate fields arattetked) matches as well.
It is probable that regular expressions do not have suffigiewer to recognize most
or all commonly used patterns; stronger methods like carsenxsitive grammars are
likely to be needed.

A language to describe legal moves can also be basdaogaral expressionsA
king move can be described as follows:

3x,y 3dy,dy € {—1,0,1} : own king@(X,y) A = own piece@(X + dy, Yy + dy)
=
empty field@(X,y) A own king@(x+ dy,y + dy) (3.2)

The = in Equation 3.7 should read as “is replaced by”. The first tines to find

a king of our own color, and an adjacent field that is not oced iy a piece of our
color (an extra test to check that # dy could be added, but is not necessary in this
case). The last line states which fields should be replacedhih pieces.

A comparison between languages based on the three paradigoiges more re-
search, and raises the following questions. First, theesgiveness of the languages
may be different; it is not clear which kinds of rules can bpresssed in one language
but not in another. Second, one language may be easier tharsamother. Programs
written in the language based on regular expressions abaplpmuch more compact
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than those written in another language, but may be hard th r€hird, for each of
the languages, a compiler must be written. The implememtati one compiler may
require more effort than the implementation of another. @ossibility is to compile
the language based on expressions lexg@grogram, and adapt a lexical scanner gen-
erator likeflex to generate a C program that scans boards instead of inputfiie.
Fourth, given the rules of a particular game, it is not clehicl of the compilers will
generate the fastest move generator.

We did not devise languages based on regular and logica¢ssipns. We chose
to implement the language and compiler based on the conntninat the Logo and
Prolog programming paradigms, because the language sesamgtb use and a com-
piler for this language seemed to generate reasonablyesificode. This, however,
does not imply that the choice to use a language and compkadon one of the
other paradigms is worse.

The purpose of Multigame was to provide a simple programmindel that hides
parallelism from the programmer. With respect to the “sinptogramming model”
part, we largely succeeded. Many games that obey the téstisdisted in Section 3.1
can be expressed easily in the Multigame language, althibnegé are exceptions. The
language has constructs to express moves, captures, andtpo; even castling and
en-passant captures can be expressed correctly. The ‘{radalelism” part will be
discussed in Section 4, since all parallelism is exploitetié runtime system, and not
in the language. Although thei®much parallelism in the generated move generators,
which is even simple to discover (e.g., ally direction statements introduce indepen-
dent chains that can be executed in parallel), on distribbtadware the parallelism
is too fine-grained to exploit.

The Multigame front-end compiler is moderately large (08,0nes of C++ code).
The implementation uses the object-oriented featuresdEtht language to structure
the compiler in a natural way. Unfortunately, it also givisgrto more verbose pro-
gram code than that of an equivalent compiler implement€d ithe compiler was not
hard to implement, except for the devising of a way to gemeratie that implements
backtracking. The target language C lacks features likeutares and non-local go-
tos, which would have eased the generation of backtrackiaig.c In that respect,
the choice of this target language was not an unfortunatelanehe portability and
efficiency of C compensate much.

For most games the performance of the generated code falisvamat behind
that of programs that are designed to play one particularegdmt not by a wide
margin. The chess move generator generated by the Multiffamieend compiler is
slow. In case the programmer is not satisfied with the effigieri the generated move
generator, the programmer is free to write one in C, thougt@tprogram will usually
be an order of magnitude larger than the program written ittiyame.
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Chapter 4

An optimized game-playing
runtime system

This chapter discusses design and implementation issuthe dflultigame runtime
system. The runtime system is a large piece of software thatges the infrastructure
for parallel game playing on both distributed memory andathanemory parallel
systems. Building an efficient runtime system for a distéodumemory machine is
challenging, because managing all communication, symiration, data distribution,
and work balancing in a complex runtime system is difficult.

The Multigame runtime system supports many games, bothptayer and two-
player games. These games share some program code, bubeaehlgo has its own
game-specific code. Program code shared by multiple ganfiesrid in the runtime
system; game-specific code is generated by the Multiganme-&wod compiler (see
also Figure 1.1). The runtime system is implemented in a faodvay, with clean
interfaces between the modules. Each game uses a subsetgdrtte-independent
modules of the runtime system. The modular structure of tihédme system is dis-
cussed in Section 4.1.

Building an optimized runtime system requires a major ¢ff@ontrary to many
other applications that spend 90% of the time in 10% of theecadost (parallel)
game-playing programs tend to spend their time in many pie¢eode. Each op-
timization results in small overall performance improvemeisually ranging from a
few to some tens of percents. It also means that many opfilmizaare necessary to
build an efficient game-playing system. Although thereilbrsiom for more improve-
ments, many optimizations are implemented, ranging frayarhmic optimizations,
network interface firmware optimizations (see Section4},4and machine specific
optimizations (for the Intel IA32 and, to a lesser exteng, #PARC V9 architectures).

The Multigame runtime system is designed to be portableinson a variety of
platforms and thread packages, including Linux, Solarisrédads [78], the Amoeba
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distributed operating systeénfil14], and the Panda virtual machine [18].

Two concepts are important in the Multigame runtime systelti-threadingand
multi-processing Threads run within a process and communicate via sharednyem
Processes (normally) run on different processors, havaraepaddress spaces, and
communicate via message passing. The Multigame runtimerays designed so
that it can run on systems that provide any combination cfdtabstractions:

¢ single-threading, single-processirigtended for single processor machines;
e multi-threading, single-processinmtended for shared memory machines;

e single-threading, multi-processingntended for distributed memory systems,
where each machine contains a single processor; and

e multi-threading, multi-processingntended for distributed memory systems,
where each machine contains multiple processors.

The single-threading variants exhibit less overhead thanrulti-threading vari-
ants. The reason is that the multi-threading variants symibe on several data struc-
tures in a fine-grained manner, either through locking, gmees, condition vari-
ables, or indivisible compare-and-swap instructions. 3imgle-threading variants
skip all these synchronization primitives, saving a coasathle amount of runtime. At
the application level, anulti-threadingvariant can be up to 50% slower thaimgle-
threadingwhen kernel threads are used, due to fine grained locking.

The orthogonality between threads and processes was nbatiortginal run-
time system design, but introduced later. Originally, iaptbcessing implied multi-
threading (Amoeba [114], the distributed operating systemvhich the first version
of Multigame was running, forced the use of multiple threadgway). Thesingle-
threading, multi-processingariant was added later for efficiency reasons. This variant
can only be used on systems where message receipt is colppleder control of the
application. If the system delivers messages at any timeeffample, through in-
terrupts), multi-threading must be used, since the medsageéler is conceptually a
separate thread that competes for the shared, protectadgces with the interrupted
program. Thesingle-threading, multi-processingariant polls for messages outside
all critical sections, therefore there is no need to pradbared resources to guarantee
exclusive access.

The rest of this chapter discusses the Multigame runtim&sy# more detalil.
In Section 4.1, we discuss the general structure of themasiystem. Section 4.2
describes the search engines used in the runtime systeepf{drc one, which is de-
scribed in Chapter 5). Section 4.3 discusses the distdijotequeue, and how work
stealing is done. Section 4.4 describes various implertientaof our distributed
transposition table, and the optimizations used to rechieeedmmunication overhead.

1The Amoeba version is not actively supported anymore.
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Section 4.5 focuses on the other heuristics that are usedpmie search perfor-
mance, such as the transposition table and the historydtieui$ection 4.6 describes
the Multigame user interface, and Section 4.7 shows pedoomresults. Section 4.8
is a discussion section in which we elaborate on our expegigvith programming
a distributed runtime system for game-tree search. In @eeti9, we finally draw
conclusions.

4.1 Overview of the runtime system components

The Multigame runtime system is a complex piece of softwaxer 30,000 lines of
(mostly parallel) C code. This number does not include tbhatfend compiler and
game-specific code (move generators and evaluation fursjtioTo keep the code
maintainable, the runtime system is implemented in a modvdg.

Figure 4.1 shows the important modules in a game-playingnara, and their mu-
tual dependencies. All modules exceptiheve generatoand theevaluation function
are part of the runtime system: both are provided separbyetlye programmer. Con-
ceptually, most modules are grouped. Heuristics, theibliged job queue, threads,
and inter-processor communication constitute separatggt There is a layering be-
tween the modules. An arrow frofto B means that modulB is used to implement
moduleA. The bidirectional arrows between the synchronizatiomjgives mean that
one can be implemented using the others; this is explaitied la

On top is theuser interfacethe user uses it to control the entire program by giving
commands like “read a position” and “search this tree”. Téerinterface is described
in Section 4.6.

The search engindas a prominent place in the modular structure. It uses many
other modules, including heuristics, the move generakbar,distributed job queue,
threads, messages, and the evaluation function. Searafesraye described in Sec-
tion 4.2.

The distributed job queués used by all work-stealing search engines. Except
for the search engine described in Chapter 5, all searclmesgise work stealing to
distribute the work over the processors. Work stealing &ieddistributed job queue
are discussed in Section 4.3.

The search engines use sevédralristicsto guide the searchTransposition ta-
blescheck for pairs of nodes in the search graph that have maiiigths from one to
another; such transpositions are usually searched onky. dvioreover, transposition
tables are important for move ordering; search algorithkes Alpha-Beta perform
best when the most promising nodes are searched first.hibtery heuristicis an-
other important move ordering heuristRattern databasesan be used by one-player
games to obtain a lower bound on the distance to solve a prohist as an evaluation
function like the Manhattan distance is used to obtain suckvar bound Repetition
detectionchecks for repetitions in the search graph. Since it is gsefe move a
piece forward and the immediately backward (or move a pieceral until the same
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position is encountered again), repetitions are pruneihguhe searchQuiescence
searchis used by two-player search algorithms; this heuristiecalely extends the
search at turbulent positions, for example after a captangemt improves the quality
of the search. All heuristics are discussed in Section 4.5.

The move generatoaccepts a position and returns a list of positions that can be
reached by doing a legal move. The move generator was alidiadyssed in Sec-
tion 3.3.

Thenode allocatiormodule provides the functionality to allocate and dealleca
tree nodes. Its implementation is very efficient, even in étittreaded environment,
where lock-free data structures are used to avoid as muathsymization overhead
as possible.

Themulti-threadinggroup of modules provides an abstract interface between the
thread package and the rest of the Multigame runtime sysiEme. thread package
used can be a kernel-level or user-level implementatioe.ifterface is the same for
all platforms on which Multigame runs, but the implemeraas differ. For example,
the Panda virtual machine [18] and Pthreads [78] do not desémaphores, but the
bridging semaphordayer in the Multigame runtime system implements them using
Panda mutexes and condition synchronization. Converéetypeba [114] does not
providecondition synchronizatigrbut these are implemented using Amoeba mutexes
and semaphores.

There is also a bridging layer fanulti-processosupport. This interface makes the
communication primitives, which differ from platform togiform, uniformly acces-
sible. Three communication primitives are supporigicast broadcastandremote
procedure calls Earlier versions of Amoeba did not support unicast; thedirig
unicast layer used Amoeba RPC to achieve point-to-poinngonication.

Usually, the programmer provides a game-speeffigluation functiorio let the
computer play well. Evaluation functions were discusse&éation 3.6. A game-
specific opening book can be provided as well. If the openmakisuggests one or
more good moves from the current position, one of these migvieken randomly,
instead of searching the game tree. We did not use the opbouwigfor any of our
experiments.

Not all modules are shown in Figure 4.1. There istatisticsmodule, which
is used by most other modules. This module provides the ifumality to let each
client module collect statistics, such as the node coutntaasposition table hit count.
These statistics are collected per processor to avoid conwaion overhead. The
module collects the statistics obtained by individual pssors when the user enters
a “statistics” command via the user interface (see Sectién # has the flexibility to
combine the statistics obtained by any subset of procesmmigo show the statistics
for any subset of modules (for example, the user can ask éotrémsposition-table
statistics on processor 3).

In addition, theshutdowrmodule is not shown. Other modules can register them-
selves with the shutdown module by a condition variable. §ingdown module will
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signal the condition variables to terminate properly updguit” command from the
user. Termination is done in two phases: in the first phase pacessor is requested
not to send messages anymore (apart from the acknowledgma¢ittwill not do so),
and in the second phase all modules clean up. This two-phasacpl ensures that
no module sends a message to another processor that alkeeauiyated the receiving
module.

Finally, there are several auxiliary modules implementirany simple operations
on nodes, such as copying, testing for equality, reading fadile or standard input,
writing to a file or standard output, and computing sighauréhese functions are
used by many modules.

The Multigame library is recompiled for every different gamThis increases
the performance of the game-playing program. If the Multigaibrary were an
archive file or shared object against which the generateé wa$ linked, the exe-
cutable would have to evaluate expressions at run time wdriemow evaluated at
compile time. For example, the data structure that reptesehoard position differs
in size for different games. By recompiling the library foparticular game, the ex-
ecutable uses a fixed sized data structure, whose fields carcbssed efficiently. If
the library were an archive or shared object, the executablgd have to find out the
size of this data structure at runtime, and accessing fietdgdihave imposed much
more runtime overhead. Recompiling a game takes at most enfeutes, but is often
much faster.

4.2 Parallel search engines

The search engine is the heart of a game-playing program.Muliiigame runtime
system implements several parallel search algorithidg* for one-person games,
andAlpha-BetaNegaScoytandMTD(f) for two-person games. The algorithms are
described in Section 2.1. In this chapter we discuss thgitémentations. The search
engines described here are basedvork stealing(see Section 4.3). In Chapter 5 we
describe a different approach for distribution of work, aigtuss its implementation
for IDA*,

The Multigame runtime system also implements sequeNggiMaxand sequen-
tial Proof-Number Searcf2, 3]. We do not describe them here. The former algorithm
is too inefficient, and was only used to generate trace filedl obdes in a tree; these
trace files were used to debug the more sophisticated, gltrat-person search en-
gines. The latter algorithm is only useful for a restrictéass of search applications,
and had problems with detection of transpositions [L07ksEproblems were solved
by Breuker et al. [24]. Additional research is needed to Ipgize this algorithm
efficiently.

A search engine searches a tree up to a specified nominahsksgrth (quiescence
search can extend this depth). How this is done depends osetireh algorithm.
For two-player algorithms, the search result returnedlisd¢#heprincipal variation
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Copy of
- path to root
Stolen node
--- | Copy of
stolen node
Stolen| nod
Address space Address space
of victim of thief
Figure 4.2: Two threads con- Figure 4.3: Continuation of a branch on an-
currently searching a tree. other processor.

This is a list of nodes that represent the most probable limday. For one-player
algorithms, the search result is the entire sequence of srtbe leads to the shortest
solution, if such a solution is found. If the search engine peove that no solution
is possible (because all leaf nodes are lost positions @titems), the search engine
reports the insolvability.

Each search engine is implemented as a module (see Figlresnd 4.1). The
programmer selects one search engine as a compile-tinmnofthe search engines
are mutually exchangeable, except that a search enginedepeérson games cannot
be used for one-person games, and vice versa. Exchangeshilbtained by the use
of a generic interface. Each search engine implementsrttégface. The interface is
discussed later in this section.

The search engine itself is built on top of other modulessétathe move generator
to generate the children of a node. The move generator isreithitten in Multigame
and generated by the front-end compiler (see Section 3.8)itten in C. The search
engine may also use modules that implement heuristics, asitihe transposition ta-
ble and the history heuristic. Furthermore, the distridjt® queue, discussed in
Section 4.3, is used for work stealing.

Parallelism is obtained by searching multiple subtreesairalfel. Each thread is
working on its own branch, as illustrated in Figure 4.2. Cread searches the white
tree nodes, while another searches the gray nodes. On asharsory system, the
nodes are allocated in the same address space. On a dedrihamory system, nodes
are allocated in separate address spaces, as shown in Ei§ufEhe search engines
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RECORD NodeType | S
Boar d . BoardType;

Parent, FirstChild, Brother : PO NTER TO NodeType;

Nr Chi | dr en . | NTEGER,

Renot ePr ocessor . | NTEGER;

Renot eNode : PO NTER TO NodeType;
I sJob . BOOLEAN;

Pr evi ousJob, NextJob : PO NTER TO NodeType;
Dept hToGo, Result : | NTECER,

Best Chi l d : PO NTER TO NodeType;
Nr Chi | drenLef t . | NTECGER;

Lef t Behi nd . BOOLEAN,

Mut ex © Mut exType,;

END;

Figure 4.4: ThéNodeTypedata structure.

described in this section use work stealing for distribgitine work over the proces-
sors. Work stealing is discussed in depth in Section 4.3.icBlg work stealing
works as follows. An idle processor, thigief, steals a node from a busy processor,
thevictim. The stolen node, and its path back to the root (necessamepatition
detection; see Section 4.5.3), are copied to the address spthe thief. The thief in-
dependently searches the subtree below the stolen nodénalgreports the search
result back to the victim.

The multi-processor, multi-threadingariant combines the methods depicted in
Figures 4.2 and 4.3. Multiple computers distribute the saxlesr the different address
spaces. Within each address space, multiple threads s#igjaimt subtrees.

Each node in the game-tree is an instantiation of typdeTypeas shown in Fig-
ure 4.4. The figure shows the most important fields used by eadh. TheBoard
represents the current position, the side to move (for tlaggy games), and the signa-
ture (used for amongst others the transposition talfteyent FirstChild andBrother
are used to maintain the search tré&Childrenspeaks for itself. RemoteProcessor
and RemoteNodeare used in thenulti-processowariants; if the latter is not a null
pointer, it points to the same node in the former’s addreasesgsJoh PreviousJob
andNextJobare used to link the nodes in the job queDepthToGas a search argu-
ment, andresultandBestChildare search results; some search engines use additional
fields. The use oNrChildrenLeftandLeftBehindis explained in the following para-
graphs. Finally, thenulti-threadingvariants usé/utexto serialize mutually exclusive
operations on the node. Not all fields are shown. In particthe fields required for
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prevention of race conditions with Alpha-Beta updates &eetions 4.2.2.6 and 4.3.2)
and FIFO ordering of messages (see Section 4.8) are omitted.

All search engines described in this section share the saodge and search
subtrees by using recursion. An important design issuedsislgnchronousature
of such a recursive call: invocation of the function with adacaas argument starts
the search of the subtree below it, but the function may nebefore the search has
finished. If the recursive function returns, search of pathe subtree may still be
in progress. The reason for this approach is to reduce sgnidation overhead; a
processor searching a node does not need to wait for thehseedts of all children.

The asynchronous nature of the search is illustrated wétpdeudo code in Fig-
ure 4.5. The pseudo code also demonstrates the interaetime®n the search engine
and the distributed job queue. The pseudo code is derived tihe IDA* search en-
gine, but omits or simplifies many details, which are disedss Section 4.2.1. The
figure shows two recursive procedures. The procedures detuoh a value, but leave
the results in thé&lode Typedata structure.

The procedureDepthFirstSearchworks as follows. First, the procedure tests
whether the node is an intermediate node (line 19), i.e.anatget node and a node
that does not cause a cutoff (a cutoff occurs when the evafuadlue is greater than
the search bound). If this is the case, it expands the nate ZD), sets the decreased
search bounds of the children, and puts them into the jobejusuthat they can be
stolen by another processor. Then it starts trying to setirelthildren one by one
(lines 30-34). First it tries to cancel a child from the jokega. If this succeeds, the
child is removed from the job queue, and the processor magtsdlae child. If the
child could not be canceled, the child was already stolenrmtteer processor. Af-
ter the loop (line 36), a check is done to see whether eachecfhiidren completed
their search. This is done by maintaining a courttierde. NrChildrenLeftEach child
that reports its value to the node througpdateParendecrements this counter. If
the counter reaches zero, all children have finished andedegedl (line 41), and the
node reports its value to its own parent (line 44). HoweVext ieast one child is still
busy, the node ikeft behind Leaving a node behind means that the processor pushes
off the responsibility to update the node’s value to its ovememt to the thread that
finishes the last child, as explained below. If the node istdehind, the procedure is
immediately exited.

The procedurdéJpdateParenteports a child’s search result to its parent. First, it
checks to see whether the child was a job grabbed from theyebhey(line 2). In a
distributed environment, the child’s parent may reside wotlaer processor, and the
call to JobDonemoves the child result to the parent’s processor transgigrefears
Child.IsJob and callsUpdateParenon that processor again. Then, it checks whether
there is a parent at all (line 4), to see if the current iterathas finished. Next, it
updates the parent’s current search result by trying to ddie best result found so
far. Then it decrements the parensChildrenLeftcounter (line 8). If the counter
drops to zero and the parent was left behind by the threadoepsor that created the



62

An optimized game-playing runtime system

PROCEDURE Updat eParent (Chil d, Parent : PO NTER TO NodeType)

10

15 END;

IF Child.lsJob THEN
JobDone( Chi |l d);
ELSI F Parent = NULL THEN
Si gnal (CurrentlterationFini shed);
ELSE
Parent. Result := M N(Parent.Result, Child. Result + 1);
DEC( Parent. Nr Chi | drenLeft);

I F Parent. NrChildrenLeft = 0 AND Parent. Left Behi nd THEN
Del et eChi | dren(Parent);
Updat ePar ent (Parent, Parent.Parent);

END;

PROCEDURE Dept hFi r st Sear ch( Node : PO NTER TO NodeType)

20

25

30

35

40

145 END;

I F NOT Tar get (Node) AND Eval uat e( Node) <= Node. Dept hToGo THEN

Chi | dren = Creat eChil dren(Node);
Node. Resul t = INFINTY;
Node. Lef t Behi nd FALSE;

Node. Nr Chi | drenLeft Node. Nr Chi | dren;
FOR EACH Child IN Children DO
Chi | d. Dept hToGo : = Node. Dept hToGo — 1;
JobOrfer(Child);
END;

FOR EACH Child IN Children DO
I F JobCancel (Child) THEN
Dept hFi r st Sear ch(Chi | d);

I F Node. Nr Chi I drenLeft > 0 THEN
Node. Lef t Behi nd : = TRUE;
RETURN;

END;

Del et eChi | dr en( Node) ;
END;

Updat ePar ent ( Node, Node. Parent);

Figure 4.5: Asynchronous parallel search.
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parent, the parent’s parent must be updated, recursively.

The reason for this asynchronous implementation is to awvafficiency due to
synchronization overhead. Instead of waiting until allldrén finished their compu-
tations, the search engine starts searching the pareatisdor

The asynchronous nature of the search engines makes thgé@nmantations in-
tricate. A search result of a child has to be propagated &sgnously to its parent
(which may reside on another machine), and if this parenatgdetermines the fi-
nal search result for the parent, the result has to be updatdte parent’s parent
(which may also reside on another machine). Parent updegeslso implemented
recursively, although the nesting depth is usually very. low

Below we discuss the generic interface of the search engliteeh search engine
implements this interface. The most important variablesfanctions exported by the
interface are the following:

e VAR MaxSearchDepth : | NTEGER

This variable stores the maximum (nominal) search deptle player can set
this variable as a command via the user interface (see altm64.6).

e PROCEDURE DoSear ch(Node : PO NTER TO NodeType);

This function searches the nodenttx_sear ch_dept h. Since a node structure
contains a pointer to the best child, the search result (tineipal variation) is
stored as a linked list of nodes. Only one thread on procéssaay call this
function.

® PROCEDURE Assi st Thread();

This is the entry point for additional threads on processan@®worker threads
on other processors. Each thread repeatedly tries to gét@igher locally or
remotely) and searches the associated subtree. Sectietedh@ates on work
stealing.

The search engine provides several call-back functiongdeiby the transposition
table and the distributed job queue. For the transpositiblef the search engine pro-
vides a definition of the table entry type and macros that take of the replacement
of table entries, since the exact contents of a table enthtfzen decision strategy on
replacement of table entries depend on the search algoribnthe (distributed) job
gueue, the search engine provides functions that set saagoments, process search
results, marshal arguments to messages, and unmarsHtd fesum messages. These
functions are also specific for the chosen search algorithm.

Below, we describe four search engines in greater detaiA*|Alpha-Beta,
MTD(f), and NegaScout.
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4.2.1 |DA*

IDA* is a well-known algorithm for one-player search (thgatithm was described in
Section 2.1.4). The search algorithm is typically used fongs like the.5-puzzleand
Rubik’s cube The search engine for IDA* is the only work-stealing seangine for
one-player games implemented in the Multigame runtime=sy$Chapter 5 describes
an alternate search engine for IDA* which is not based on vatelaling).

The pseudo code for the IDA* parallel search engine was éyrdapicted in Fig-
ure 4.5. However, the code abstracts from many detailssi@slibelow.

e When a processor finds a solution, it broadcasts a messafietbe proces-
sors to stop searching. The pseudo code does not show theanigohthat
breaks off the search. Each processor cancels outstamdiagind cleans up its
local data structures.

e The pseudo code contains race conditions and is not thréadidee real imple-
mentation is thread safe for timulti-threadingsearch engines. Each node has
an associated mutex. WpdateParenthe decrement dParent.NrChildrenLeft
and the evaluation of the condition in the nét statement are protected by a
mutex, otherwise multiple threads can draw the conclugiahthey must up-
date the parent’s parent. The same mutex is used in the pne@dpthFirst-
Searchto synchronize the assignmenttiode.LeftBehindand the comparison
of Node.NrChildrenLefto zero. An execution order exists where nobody up-
dates the parent’s parent if the accesses to the data argrmobirsnized.

e The real search engine returns a list of moves that leadetshbrtest solution,
if a solution is found. The pseudo code does not show this.

e The real search engine restricts parallelism to the topefrie. Nodes further
from the root than a user-definable distance are not entetedhe distributed
job queue, to avoid the overhead of entering many nodeshietgteue and to
avoid the migration of small jobs.

e Each first child is exempt from thdobOfferand the consecutivdobCancel
statements, to reduce job queue overhead. This does midtrtret parallelism;
it just forces the first child to be searched by the processirdwns the parent
node. Remaining children can be stolen by other proces$hessubtree below
the first child can be searched in parallel, subject to thigiciens mentioned
in this point and the previous point.

e The search engine uses tlepetition detectior(see Section 4.5.3) module to
detect multiply encountered positions, i.e., positiorst tiiso occur on their
path back to the root, for example, as a consequence of fdrarad backward
moves. This test is done iDepthFirstSearctefore the node is evaluated. If
the test succeeds, the node is pruned and the results aréegfmthe node’s
parent.
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e The search engine uses tin@nsposition tabl€see Section 4.4) to detect trans-
positions. This test is done after repetition detectionlzefdre node evaluation.
A transposition is pruned and the results are propagatés parent. The trans-
position table is not used for move ordering as in two-plaslgorithms; the
IDA* search engine does not order the children at all.

¢ In addition to the ability to use an admissible evaluatiomction to prune work
that is too far from a target, the IDA* search engine can useraggdependent
pattern databasédiscussed in Section 4.5.4) for the same purpose. If the pat
tern database’s value for the node’s reduced position @tgréhan the search
bound, the node is pruned and the result is propagated tothesparent.

4.2.2 Alpha-Beta

Alpha-betais one of the search engines in the Multigame runtime systerhdan
be used for two-player games. The search algorithm wasdyiregplained in Sec-
tion 2.1.1. In this subsection, we will describe the impleta¢ion of the parallel
Alpha-Beta search engine. The MTD(and NegaScout search engines resemble the
Alpha-Beta engine to a large extent. In the subsequent stibss, we will describe
how they differ from Alpha-Beta.

The Alpha-Beta search engine searches NegaMax treesy tatre MiniMax
trees. Negamax does not distinguish max-nodes and minspbdé maximizes the
negated search results of the children at all interior noddisiMax and NegaMax
search exactly the same trees. The program code of NegaMsotriswhat more
compact.

4.2.2.1 Child ordering

Two-player search algorithms perform best when the mosnfsiag children of a
node are searched first and the least promising last. TheaAhghta search engine
uses the transposition table and the history heuristicderdhe children. Each of the
children is given a priority, and the children are sortedaearéasing order of priority.
Alpha-beta useserative deepeninflLl10]; the tree is repeatedly searched, but with

increasing search bounds (one or two plies deeper). Thendasthis is paradoxical,
it is to search faster. Move-ordering information gathededng one iteration is used
in the next iteration. This works well if the search result$he nodes visited during
the shallow tree search are strongly correlated to thosagitine deep tree search.
With a good evaluation function, this is usually the casee Buthe exponential tree
growth, the last iteration takes most time. The time needeatbtthe shallower tree
searches usually pays for the gain of time due to the good mering during the
last iteration.
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The transposition table stores amongst others the best frmwvea position (or
the move that caused a cutoff). If a parent node is succésioked up in the trans-
position table, the child that turned out to be the best mowhe previous iteration
gets a priority that is higher than all other children, sa thavill be searched first.
The remaining children are sorted according to informatibtained from the history
heuristic. This is explained in more detail in Section 4.5.1

4.2.2.2 Parallel Alpha-Beta

Parallelism in Alpha-Beta is obtained by searching muatigtildren in parallel, much
like in IDA*. The children are independently searched byatiént processors, and the
search results are combined to determine the search réshl parent node. Work
stealing (described in detail in Section 4.3) is used to fepessors busy.

The search engine of the Alpha-Beta algorithm is based orsttiueture of the
IDA* search engine. The asynchronous approach describ@eedb also applied to
Alpha-Beta. However, the Alpha-Beta search engine is musteraomplicated, for
several reasons explained later in this section.

There is an important difference in the structure of an IDAthte tree and an
Alpha-Beta game tree. Both IDA* and Alpha-Beta build ganeesrthat are limited in
search depth, although IDA* prunes on the basis of the etialugalue, where Alpha-
Beta artificially sets a maximum search depth. IDA* searctitteer all children of a
node or none (unless a child solves the problem), where AB#ta may search some
of the children, pruning the remaining ones. As will becorgacnow, it isthe data
dependency between brothénat makes Alpha-Beta hard to parallelize.

4.2.2.3 Speculative search

The Alpha-Beta search algorithm (as well as MTPpand NegaScout) is inherently
sequential. The search order is strict; each node in thédreata dependent on the
previous node. To obtain parallelism, it is necessary talbthe data dependencies
between the tree nodes, aspeculativelysearch subtrees. The search bounds of a
node are conservatively guessed; the search window maydss tian it would be
during a sequential search. As a consequence, the paedielrsengine may search
nodes that a sequential search engine would have pruned.

Young Brothers Wait (discussed in Section 2.2.1) is a wetvkn technique to
reduce the amount of redundant search effort. The searcthéomost promising
child must have finished completely, before other childrery ime searched in parallel.
The first child either prunes the remaining childréin & cutoff occurs, it is likely
that the first child causes the cutoff, because it is the mashjsing one), or gives
them a narrow search window, so that the other children arcsed with reduced
search effort. The Alpha-Beta search engine implementayy@®rothers Wait; the
next section explains how this is done.
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PROCEDURE Updat eParent (Chil d, Parent : PO NTER TO NodeType)

Par ent . Val ue :
Parent. Al pha :

MAX( Par ent . Val ue, —Chil d. Val ue);
MAX( Par ent . Al pha, —Chil d. Val ue);

END;
END;

10 PROCEDURE Set Sear chAr gunents(Child, Parent : PO NTER TO NodeType)
| F Parent = NULL THEN

Chi | d. Al pha = —INFINITY;
Chil d. Beta = INFINITY;
Chi | d. Dept hToGo : = Current Sear chDept h;
15 ELSE
Chi | d. Al pha = —Parent. Bet a;
Chil d. Beta = —Parent. Al pha;
Chi | d. Dept hToGo : = Parent. DepthToGo — 1;

END;
20 END;

Figure 4.6: Pseudo code for Alpha-Beta search (continugzhge 68).

4.2.2.4 The parallel search engine

The pseudo code for the Alpha-Beta search engine is showigimd=4.6. The code
is simplified, and abstracts some details that are expldated

The proceduréJpdateParentvorks almost the same as in IDA* (see Figure 4.5).
There are two differences. First, the function maintairessghrent’s search window,
and narrows the window whenever a child returns a value grélaanParent.Alpha
Second, the resulting value of a parent is the maximum owen#gated children’s
values.

The procedur&etSearchArgumensgts the search arguments for a node. Initially,
the root node is searched with a full window; other nodes savapnegate the parent’s
current alpha and beta.

The proceduréphaBetaaccepts two arguments: the node to be searched and
a Boolean value indicating whether the node is the eldefitrflest) brother. This
argument is used to implement Young Brothers Wait. Each ¢indd is searched
synchronously; the remaining children are searched asgnohsly. If theEldest
argument equals true, the function will always finish therdeaf the subtree below
it before returning. Otherwise, the procedure might retwgfore the search result is
known.

The procedure works as follows. First (line 22), the searghments for the node
are set. Then, for leaf nodes, the evaluation function ieddline 25), and the parent
is updated (line 66). For interior nodes, the children aeatad (line 27), and ordered
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PROCEDURE Al phaBet a( Node : PO NTER TO NodeType; El dest : BOOLEAN)
Set Sear chAr gunent s( Node, Node. Parent);

I F Term nal (Node) OR Node. Dept hToGo = 0 THEN
25 Node. Resul t : = Eval uat e( Node);
ELSE
Creat eChi | dren(Node) ;
Or der Chi | dr en( Node) ;
Node. Resul t = —INFINITY,
30 Node. Lef t Behi nd FALSE;
Node. Nr Chi | drenLeft := Node. Nr Chi | dren;
Al phaBet a( Node. First Child, TRUE);

| F Node. Al pha < Node. Beta THEN
35 FOR EACH Child I N Node. Al'| Chi | drenExcept First DO
JobOrfer(Child);
END;

FOR EACH Child I N Node. Al'| Chi | drenExcept First DO
40 I F JobCancel (Child) THEN
| F Node. Al pha < Node. Beta THEN
Al phaBet a(Chi | d, FALSE);
ELSE
DEC( Node. Nr Chi | drenLeft);
45 END;
END;
END;

| F El dest THEN
50 WHI LE Node. Nr Chi | drenLeft > 0 DO
Newdob : = JobG ab( FALSE);

| F NewJob <> NULL THEN
Al phaBet a( NewJob, FALSE);

55 END;

END;

ELSI F Node. Nr Chi I drenLeft > 0 THEN

Node. Lef t Behi nd : = TRUE;

RETURN,;
60 END;

END;

Del et eChi | dr en( Node) ;
END;
65
Updat ePar ent ( Node, Node. Parent);
END;

Figure 4.6 (continued): Pseudo code for Alpha-Beta search.
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with the most promising child first in the list. The first chigdsearched synchronously
(line 32). Since itis searched synchronously, the firstch#earch results are updated
to the current node when the (recursive) calAiphaBetafinishes. A possible cutoff
after the first child is detected at line 34. If there is no €uadter the first child, the
remaining children are entered into the job queue. Ther efthe children is tried
to be canceled (line 40). If this does not succeed, anotheathor process grabbed
the job, then this child is passed over. Otherwise, if noffwtocurred yet, the child
is searched (line 42); else the child is also passed ovendiwithout decrementing
Node.NrChildrenLef(line 44).

Line 49 tests whether the current node is the eldest amonpgrtitbers. If this
is the case, the search resuttsistbe reported to the parent before the procedure is
left. Thus, as long as at least one of the children is stilhbeaearched, the processor
must wait. Rather than being idle, it tries to grab anothkrgod search it (lines 51—
55). If the current node is not the eldest, asynchronouskgapceeds like in IDA*.
If at least one child is busy, the node is left behind and pdace is returned from
(lines 58-59).

4.2.2.5 Search engine details

Figure 4.6 depicts a simplification of the real Alpha-Betarsh engine. Some of the
details described in Section 4.2.1 also apply to the pamalfgha-Beta engine. The
following details are omitted from the figure:

e The code shown is not thread safe. In the real code, measwgdalkan to
synchronize multiple threads. The approach describeddtid®ed.2.1 is taken
to prevent race conditions with respectNode.NrChildrenLeft

e A principal variation is maintained that predicts the masthable line of play.
The user can ask to print this principal variation (see $acti6).

e Like in IDA*, parallelism is restricted to the top of the trele avoid the over-
head of adding and removing many nodes from the job queuepamaid the
migration of small jobs.

e As another optimization, the first child to be searched iralpar (this is the
second child if Young Brothers Wait is used) is not entered the job queue
(see Figure 4.6, line 36). If it would have been entered, itilddoe canceled
quickly anyway.

e Young Brothers Wait can be applied to the finsthildren (instead of the first
one only). This can improve parallel performance for aggians with wide
trees and poor move ordering.

e The search engine usepetition detectiorfsee Section 4.5.3) to detect repeat-
ing positions in the path from the current position to thetrddy default, the
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search engine automatically assigns a draw to a node thatdsatered for the
third time. This conforms to the rules of many two-player gamrhe program-
mer can override this default behavior.

e The figure does not show the interaction with trensposition tableand the
history heuristic The transposition table is both used for detection of pmst
that have already been searched, and for move ordering.n&position table
lookup is done near beginning of tidphaBetaprocedure. The history table is
read before the children are ordered. Transposition taidehéstory table up-
dates occur irtUpdateParentvhenNode.NrChildrenLefts decreased to zero.

e The figure shows the code for a fixed-depth search. In praéticenany games
it is not desirable to search to a fixed depth. Tioizon effecf{14] makes
evaluation values of some of the leaf nodes untrustwortépeeially of those
for which the evaluation values are temporarily disturtfeat.example, a fixed-
depth search in chess would probably result in a move witlreipal variation
that leads to a capture move just before the search horizboite & recapture
(beyond the search horizon) may be available. Therefores¢laech engine
usesquiescence seardo extend the search (see Section 4.5.2). Other forms of
selective search (such amgular extensionf] and null moveq11]) can also
be implemented in the search engine; however, this has eatd@ne.

e To reduce search overhead, the current search window mawrewed by
external events at any time. This is discussed extensiedmnb

4.2.2.6 Window narrowing

During Alpha-Beta search, the Alpha-Beta window of a nodg bmanarrowed when-
ever the result of a max-node’s child is greater than alphleresult of a min-node’s
child is smaller than beta. Eventually, alpha may becomatgrehan or equal to beta,
which causes the remaining children to be pruned.

During parallel search, the initial search window of a stalede is derived from
its parent’s window. This window may be wider than the windoesed during se-
guential search, since the node may be stolen prior to theanbthat a left-hand
side’s brother narrows the parent’s window. This phenomésanfortunate, because
a wider window means that less work will be pruned. It is evessible that a brother
completely prunes the stolen node, in which calberork on the stolen node is wasted.

With speculative search windows, doing extra work is undable. However, the
amount of wasted work can be decreased by sending a new seiadiw to a stolen
node as soon as a window is tightened. Such an Alpha-Betaeailpropagated
downward in the tree, as illustrated by Figure 4.7. Theah#ituation is shown in
Figure 4.7(a). The currerftr,3) window is given between parenthesis. Ndlevas
stolen by another processor, and the subtree below it (iightly shaded gray area)
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Figure 4.7: Narrowing the Alpha-Beta window.

is being searched by this processor. The search of Aduss just been finished, and
the search result is about to be propagatefitgparent.

Figure 4.7(b) shows what happens thereafter. First theawnof A's parent is
narrowed by increasing from -38 to -5. The newn is propagated downward, by
taking the maximum of the node’s curramtand thea that comes from above. It is
possible that a nodets becomes greater than or equal to the nofigis this case the
subtree below it is pruned, as shown in the darkly shadedayesy.

The implementation of this downward Alpha-Beta propagatsintricate. The
affected subtree may span multiple processors; each stepdrd in the tree might
involve sending a message from one processor to anotheralaich a message an
Alpha-Beta update messagdehis communication is vulnerable to race conditions for
various reasons. Section 4.3.2 elaborates on this.

Updating the transposition table for a node of which theindabAlpha-Beta win-
dow was narrowed must be done carefully. Each table entrgsta search result
tagged with a field that indicates whether this result is eldwound, an upper bound,
or exact. This tag is derived from the initial Alpha-Betarsdavindow: if the result is



72 An optimized game-playing runtime system
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Figure 4.8: Faulty use of narrowed Alpha-Beta window.

smaller than or equal to, the result is an upper bound; if the result is greater than or
equal toB, the result is a lower bound; otherwise the result is ex&ct.dr f changed
due to an Alpha-Beta update from above, we compare to thewead Alpha-Beta
window instead of the initial one. Figure 4.8 illustratesaalfy scenario that might
occur when comparing to the initial Alpha-Beta window. Théial search window
is (2,6); the result of the first child is 4, and the result of decond child is not yet
known, but assume it will be 5. Since the top node is a max-rtheéeresult of the top
node is 5. This result isxact because 5 falls within the window (2,6). Now consider
what happens if the window was narrowed to (2,3), prior taldg&hing the result of
the right-hand side child. Lowering causes a cutoff, because>43, and the right-
hand side child is pruned. Itis incorrect to compare the tesstlt known yet, 4, to the
original search window (2,6); this would conclude that tearsh result iexactly4.
We therefore compare to the updated search window, andudathat 4 is dower
bound

Window narrowing works well: searching a chess position épfcessors takes
more than twice as much time when not using update messages.

4.2.3 MTD(f)

The Multigame runtime system also contains a search engirteé MTD(f) search
algorithm, the most efficient Alpha-Beta variant curremhown. The algorithm was
described in Section 2.1.3. The MTH(algorithm differs from Alpha-Beta in two
ways. First, the search window is alwaysd + 1). Second, MTD{) searches the root
multiple times (at least twice) to determine the final seaeshilt. The MTD() search
engine reflects these differences, but for the rest it shhieesame structure as the
Alpha-Beta search engine, described in the previous secBarallelism is obtained
in the same way as in parallel Alpha-Beta. The implementaifadhe MTD(f) search
engine is marginally simpler than that of the Alpha-Betacle&ngine.

The MTD(f) search engine uses a technique similar to Alpha-Beta winh-
rowing to propagate more recent search window informatmardin the tree. How-
ever, the search window for MTDJ is always €,a + 1). Narrowing the bound imme-
diately causes a cutoff. If one child reports a value greti@na, the other children
can be pruned, and if some of these children are currenthgtsarched in parallel,
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this work can be killed. A killed node recursively kills ithieren. If a child is lo-
cated on another processokithmessagdrather than an Alpha-Beta update message)
is sent to the node on the remote processor. The implememtaftihis mechanism is

a little simpler than in Alpha-Beta, since work can be pruimechediately. However,
the same care must be taken to avoid race conditions and éovgtipnon-FIFOness.
No transposition table updates are done for killed nodes.

4.2.4 NegaScout

NegaScout is probably the most widely used search algoifitinriwo-player games
(see Section 2.1.2 for a discussion of this algorithm). Thatilglame runtime system
contains a parallel implementation of this algorithm. TregBScout search engine is
briefly described in this subsection.

For our parallel implementation of the NegaScout searclinengie use the Jam-
boree search algorithm [62, 71]. Jamboree search parakeNegaScout by allowing
the minimal window searches to be performed concurrentlif-Wwindow re-searches
are serialized: a node that needs a full window re-search waisuntil all left-hand
side brothers (i.e., the more promising nodes) are fullycsesl.

The NegaScout search algorithm is unique in the sense tiéglitt search a node
more than once (first a minimal window search, followed by laiindow search).
This potentially complicates the design of the parallel &&gput search engine. For-
tunately, the implementation of parallel NegaScout canelffied by realizing that
it essentially is a combination of sequential Alpha-Betd parallel MTD(f). Each
node is either searched in parallel with a minimal windowexjientially with a full
window (or both, if a re-search is necessary). Here the tesaguentially” applies
only to the direct children of a node; by recursion, the ateifds children may again
be searched in parallel. The NegaScout search engine isiimgpited using the core of
the parallel MTD€) search engine, surrounded by the sequential Alpha-Betalse
engine. The Alpha-Beta code runs on processor 0. Since te dthe parallel
search engine is the MTDJ implementation, work-stealing is done for minimal-
window searches only, and work can be pruned with kill messadhe Alpha-Beta
code hardly forms a sequential bottleneck, because in avdved trees few nodes
are searched with a full window (in practice, less than 0.1%)

4.3 Work stealing using distributed job queues

All of the parallel search engines described in Section 42work stealing to dis-
tribute the work over the processors. These search engseetha job queue module
that transparently migrates jobs when necessary. In teisosewe describe the dis-
tributed job queue.
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job
CPU queue

(a) Stealing a local job. (b) Stealing a remote job.

Figure 4.9: Stealing a job.

4.3.1 Local and distributed job queues

Each processor has its own local job queue. Whenever a paraeseds a new job to
process, it first looks in its local job queue. If the queueds-empty, the processor
grabs a job from this queue (see Figure 4.9(a)). This is divelg fast operation
that does not require communication, but, in a multi-thimegaonfiguration, does
require thread synchronization. If the local queue of pssoeA is empty, A asks
a randomly chosen procesdrB # A) whetherB has a job in its job queue. B
has a job, it returns the job ta (see Figure 4.9(b)). We call the thief, andB the
victim (althoughB is quite cooperative in giving away work). Bfreplies that it has no
work, A randomly selects the next processor to ask whether it hals, watil A finds

a processor that returns a job.

Each local job queue is implemented as a doubly linked lest @dso Figure 4.4),
and maintains a simple priority scheme. When a thief ste@b from a victim, the
victim will return the node that has the smallest distancéhtoroot of the tree. If
multiple such nodes exist, it returns the one inserted tiostaintain the sequential
search order as close as possible. A job rooted high in teagrikely to be larger
than a job rooted low in the tree, thus this heuristic is usethigrate as few jobs as
possible.

The distributed job queue has an interface that exportsllening functions:

® PROCEDURE JobOf fer(Node : PO NTER TO NodeType);
This procedure puts a node into the job queue. The node maypaaiolen by
other processors.

® FUNCTI ON JobGrab(WaitInfinitely) : PO NTER TO NodeType;
This function tries to grab a node from the job queue; préfgriom the local
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Figure 4.10: Job migration protocol.

gueue, but if the local queue is empty it tries to steal a joimflanother pro-
cessor. IfWaitinfinitely is true, it tries other processors until a victim is found.
Thieves do not ask potential victims for work forever; belaw describe a
mechanism that prevents thieves from sending work requessages when it
knowsthat a potential victim does not have work. Eventually, tiwection will
return a job. IfWaitinfinitely is false, the function returns a null pointer if no
victim is found after a number of trials.

e FUNCTI ON JobCancel (Node : NodeType) : BOCLEAN;
Tries to remove the node from the job queue and returns traecessfully
removed,; it returns false if the node was already stolen loytear processor.

® PROCEDURE JobFi ni shed(Node : PO NTER TO NodeType);

This procedure is invoked when the results of searching & iaoe available.
If the node was stolen from another processor (rather tHamticom the local
gueue), the results are sent back to that other processor.

Two additional functions are exported for efficiency reason

® PROCEDURE JobOf f er Brot her s(Node : PO NTER TO NodeType);
This procedure inserts a node and all its less promisindnbret(children from
the same parent with a lower priority) into the job queue.

e FUNCTI ON JobCancel Brot her s(Node : PO NTER TO NodeType) : | NTEGER

Cancels a node and all its less promising brothers and resrtbeen from the
job queue. It returns the number of successful cancellationdes that were
not stolen).

4.3.2 The job migration protocol

The job migration protocol is depicted in Figure 4.10. Fegdr10(a) shows the mes-
sages sent for a job stealing attempt that fails. Processetects a random proces-
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sorC as potential victim and sendsaork request message this processorA waits
for thework reply messagffom C; in this caseC answers that it has no work in its
local job queue.

Figure 4.10(b) shows the protocol for a successful job ntigma ProcessoA
sends a work request messageBtoB removes the node from its local job queue,
and transfers the work tain the work reply messag@é computes the results for the
stolen node, and sends the result in Wark result messagend starts searching for
more work. B replies with afinished acknowledgment messagkowing A to clean
up its local data structures (see below).

The work reply message and the work result message contaguaisce of nodes.
The work reply message contains the path from the currenttoothhe node that is
stolen: this is necessary to detect multiply repeated bpasdions (see Section 4.5.3).
The work result message can carry a principal variatiorertrglly, the distributed job
gueue uses a module that marshals and unmarshals sequéncds®into and from
messages. Typical work request and result messages arstz fieav kilobytes large.

Before constructing the work request message, the thieflpoates a node in its
own address space and sends the address (pointing in tfis #iidress space) in the
request message to the potential victim. In case of a suotgal migration, the
thief will use this node to store the copy of the stolen nodee leason for sending
this pointer in the work request message is to ensure thati¢tisn knows where the
thief stores its copy of the node, so that the victim can senflipha-Beta update (see
Sections 4.2.3 and 4.2.4) for this node to the thief. In thekweply message, the
victim sends the address of the original node (pointing énctim’s address space)
to the thief. The thief uses this address in the work resuisage, to tell the victim
which node contains the result.

Thefinished acknowledgment mességesed to avoid a race condition and tells
the thief that it can release the preallocated node. Relgdbe node immediately
after sending the work result message is incorrect, sireceithim may send an Alpha-
Beta update message or kill message before it receives therasult message. The
thief would then process the update or kill message for a tiwatehas already been
deallocated. The finished acknowledgment message guesathiat the victim will
not send update or kill messages for this node to the thieflamger. Of course,
the update/kill messages and finished acknowledgment gessast be delivered in
FIFO order, otherwise the race condition still exists. ec4.8 treats FIFO ordering
and race conditions in more detail.

4.3.3 Reducing the amount of unsuccessful work requests

With the work stealing mechanism described above, we obdehat during the time
that there is little parallelism (primarily at global symohization points of the search
engine), most processors are idle and start sending wodestsgjat a high frequency.
The few processors that do have work to do but do not have vdistribute are
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assailed with work requests and hardly make progressiorthé/efore implemented
a simple optimization that prevents a thief from sendingsasive work requests to
the same potential victim.

Each processor maintains an array of Booleans, indexed digepsor number,
indicating that the indexed processor potentially has woithen a thief randomly
chooses a victim, it checks whether the victim potentiallg vork. If this is not the
case, another victim is chosen. Otherwise, the victim iedgkr work. The victim
either returns work, or replies that it has no work; in théglatase the thief clears the
Boolean variable and will not ask the victim for work agairhéelvictim maintains in
a separate list that it has informed the thief that it has ndkw@/henever the victim
enters work in its empty local job queue, the victim sendsae work message
all thiefs that were informed that the victim had no work. Iosthcases, only a few
thiefs must be informed and the victim sends unicast messaghese thiefs. If the
number of thiefs exceeds a certain threshold, the victinadbcasts a message to all
processors.

We observed that this optimization reduces the amount ohwoanication in behalf
of work stealing by up to a factor of 3. We do not claim that ikithe most efficient
way to reduce the amount of unsuccessful work requestshisubptimization is easy
to implement and works quite well.

4.3.4 Related work

The parallel search algorithms described above are basetinstealing. This is

a well-known technique to distribute the work over processdVork-stealing based
schedulers are quite commonly used by parallel game-gayiograms, for example
by xSocrates [62] and Zugzwang [49].

The Multigame runtime system is built on top of a virtual miaehthat provides
threads and message passing. There are, however, virtablmea with a higher ab-
straction level, providing implicit work-stealing and dadistribution. Cilk [20,51]
offers a programming model that is particularly well suifedimplementing a run-
time system for parallel game-playing based on work-stgalThis is not surprising,
because the development of Cilk is largely stimulated biClless and its predeces-
sorxSocrates.

Cilk is a general purpose programming language (an extertsiaC) with ex-
plicit parallelism, and comes with a runtime system. Thegpganming model be-
hind Cilk uses fine-grained, independent threads. New dlsrean be spawned like
parallel function invocations. Aync statement waits for all spawned children; an
implicit syncis done at thread termination. Whenever a child thread teates, its
results can be processed by an inlet function that livesérstime scope as the par-
ent thread, so that the parent thread’s state can be modipadwned children can
also be aborted. Memory is so called DAG-consistent [19F (ttame comes from
the Directed Acyclic Graph that is formed by the dependerreplg of the running
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threads). DAG-consistency implies that a thrgaxkes the write to a shared object
written by thread if i precedeg in the DAG. The hardware may be able to provide
stronger consistency, but relying on this assumption mak@ogram non-portable.
The runtime system implements work stealing: whenever agaor becomes idle,

it steals the largest forked job from a randomly chosen mame The overhead for
spawning a thread is small: a few instructions in the norraakovhere the thread is
not stolen by another processor. Cilk provides an abort mr@sn to prune subtrees
in NegaScout and MTLX() search, although the example NegaScout implementation
given in [113] is hard to read and understand. The abort mesimais strong enough

to simulate NegaScout and MTB)( kill messages (see Sections 4.2.4 and 4.2.3). It
is, however, not possible to narrow Alpha-Beta windows dftsees that are being
searched, as described in Section 4.2.2.6.

There are techniques other than work stealing to distritheevork over proces-
sors. The APHID search algorithm (see Section 2.2.1) stétiassigns nodes at a
certain depth to a slave processor and repeatedly seatohedltree below it on that
processor. Unlike work stealing, the node never moves tthanprocessor. Although
this might lead to some load imbalance, the authors repaithiis still is a reasonable
way to balance the load. The ABDADA search algorithm (sedi®e@.2.1) does not
use work stealing at all, since each processor starts segittie tree at the root. When
a processor visits a node, the transposition table is usseetdf another processor is
also working on the same node.

4.4 The distributed transposition table

Game-playing programs perform best when they search thertme®s first [76], and

prune needless work. Many game-dependent and game-indipemeuristics that
guide the search in the right direction and prevent doingeaassary work are known.
The Multigame runtime system implements several gamepiedgent heuristics. In
this section, we will discuss the implementatiorrahsposition tablgone of the most

important heuristics; in the next section we will discudseotheuristics.

In the previous sections, we discussed how the Multigamiimersystem searches
game trees to decide upon the best move from a given posifiotually, the name
“game tree” is a misnomer, because the search space is argthphthan a tree. Most
games allow positions to be reached via different sequesfaesves; these positions
are called transpositions. For example, the chess opegiriig6—d3 andd3—-Nf6—e4
both yield the same position (see Figure 4.11).

The transposition table [23, 110, 122] is a key techniqueteat and exploit trans-
positions. Such a table is essentially a large, possiblpssbciative, cache that stores
intermediate search results. Each time a board positian lig tsearched, the search
engine checks the transposition table usingakupoperation to see whether the po-
sition has been searched before. If this is the case, th# oédsuprevious search is
returned only if the node was searched to at least the depthreel for the current
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Figure 4.11: Figure 4.12: Signature mapping.

A transposition.

iteration. Otherwise, the table results are not accurategmand the children of the
node must still be searched. However, the table results thenshallow search are
useful for move ordering: the best move from a shallow se&rtikely to be the best
for the deeper search, and so is considered first (the remgadhildren are ordered by
other heuristics). After the children are searched and &haevfor the current node
is determined, the results are stored in the table usingpalateoperation, possibly
overwriting older information.

Transposition tables are important for performance, foedlreasons. First, the
transposition table prevents duplicate searches of the sabtrees. Second, the trans-
position table is the most important heuristic for move oirtg in combination with
iterative deepening [76, 102, 110]. Third, recall that theD(f) algorithm needs mul-
tiple minimal-window searches to establish the root’s miztk value for a tree with a
certain depth (see Section 2.1.3). The transposition iahlsed to memorize which
states have been visited during previous minimal-windcavees.

The transposition table looks like a (set-associative) orgroache, but there are
several important differences. First, the hit ratio of akdep in the transposition table
is lower than that of a typical instruction or data cache;etheing on the size of the
table and the game being played, hit-ratios of 5 to 50 perentommon. However,
a hit can avoid the search of a complete subtree, thus thatmiteenefit of a hit is
much higher, especially if the hit occurs for a node high mttiee.

Second, a transposition table tolerates a weaker cohereadgl than a memory
cache does. A stale entry read from a memory cache obvioastainis wrong data,
but reading an out-of-date entry from a transposition tablg results in extra search
effort, not an incorrect answer.

For many games, a state representation occupies too muclompémnstore the
entire state in the transposition table. Therefore, eaahdyoosition is hashed to a 64-
bit value called thesignature If the mapping from board position to signature is not
perfect (which is usually the case) there is a small but reno-zhance that multiple
positions map to the same signature. In the most extreme ttdsecould lead to
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RECORD TransTabl eEntry IS RECORD TransTabl eEntry IS
Tag © I NTEGER Tag © | NTECER;
Val ue . | NTEGER; Lower Bound : | NTEGER,
Bound : (LB, UB, Exact); END;
Dept h : I NTEGER,
Best Move : | NTEGER,
Aged . BOOLEAN,

END;

Figure 4.13: Table entry structure for  Figure 4.14: Table entry structure
Alpha-Beta, MTD(), and NegaScout. for IDA*,

a non-optimal move being chosen; in practice, virtuallygame-playing programs
accept this risk [13, 48,71, 104].

The Multigame runtime system computes a signature as teskoly Zobrist [122]
(see Section 2.1). Unless stated otherwise, the Multigaord-End compiler gener-
ates a move generator that maintains the signature inctaftyemne., the signature,
changes each time when a piece is removed from or placed dietd &he alternative
is to let the runtime system recompute the signature fromtsierafter each move).

Indexing the transposition table is done as shown in Figur2.4T he lower bits of
the signature are used as index in the transposition tdd@digh bits are stored in the
entry as tag and are checked each time a lookup or update és dtwe table shown
in Figure 4.12 is two-way associative; both entries in trdeied line are checked. If
the tag does not match, the entry belongs to another nodee thty does match, the
entry most likely belongs to the same node.

The exact contents of a table entry depends on the seardfitlilgoThe contents
used by the two-player search algorithms Alpha-Beta, MfiPand NegaScout are
shown in Figure 4.13. Th@agis used to distinguish positions. The fidldlue stores
the search result for the corresponding node, Badnd indicates whether this is a
lower bound, upper bound, or exaflepthstores the search depth to which the node
was searchedBestMoveidentifies the child that is most likely the best. Depthis
zero, the entry caches an evaluation value, BastMoveis void. The fieldAged is
used to mark the entry as beiofd. After the tree is searched completely and the
computer made a move, all entries in the table are markedla®©dd entries can still
be used in the next search, but if multiple positions comfigta place in the same
cache line, old entries are evicted first, as described later

The contents of the transposition table entries for IDA*sttewn in Figure 4.14.
Each entry also contains Bag field. The field LowerBoundstores the minimum
distance from the corresponding position to a target, agahelt of searching the
position.

The Multigame runtime system uses two-way set-associtdivies, and applies
a replacement scheme described by Breuker et al. [25]. Ageel and Depth fields
determine which entry will be replaced upon an update cdnfliosch a conflict occurs
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Figure 4.15: Non-shared transposition Figure 4.16: Replicated transposition
table. table.
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when both entries in a line are used and the tag of the new epdats not match any

of the old tags in the line. The new entry is always stored worfaf one of the old
entries. The Alpha-Beta, MT(d ), and NegaScout search engines first check whether
one of the old entries is aged. All entries are marked as afjedane of the players
moves. If exactly one of the old entries is aged, that entrgfgaced by the new one,
otherwise the old entry searched to the smallest depth ienesi the least valuable
entry) is replaced by the new one. The IDA* search engineagd the entry with the
lowest search result bwerBound.

When a tree is searched in parallel on a distributed memotii-processor, it is
often important to share the table between the processbitse table is not shared,
processors do not know from each other which nodes theylssdircTranspositions
may be searched multiple times by different processorgltieg in a significant
search overhead.

Since transposition tables are accessed frequently (kathand written), an ef-
ficient implementation is one of the challenges of distiéolusearch. In this section,
we describe two distribution approaches for transposttitates, and one non-shared
approach. To allow for a fair performance comparison, weslmilt highly optimized
implementations for all approaches. Our optimizationsescribed later in this sec-
tion. We will also compare the performance of the approafireseveral applications.

4.4.1 Non-shared transposition tables

The simplest transposition-table variant is to let eacle@ssor maintain its own ver-
sion of the table (see Figure 4.15). No lookups (dashed im#we figure) or updates
(solid lines) are communicated to other machines. A lookepety succeeds when
the same node was searched previously by the same procéssoprobability de-
creases when the number of processors increases. It usesliys in a large search
overhead due to duplicate searches of transpositions feretlit processors. The ad-
vantage of this implementation is that there is no transjpostable communication
at all.
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Figure 4.17: Broadcast message re- Figure 4.18: Partitioned transposition
ceipt. table.

4.4.2 Replicated transposition tables

One possible sharing strategy is tleplicatedimplementation: each machine stores
a copy of the entire table (see Figure 4.16). All lookups anmdégymed locally and do
not require communication at all. If a table entry is chandexvever, the new value
must bebroadcastto all other machines, to update the replicas. The main probl
with replicated tables therefore is the communication lbgad required for update
operations. In particular, on a large-scale system, maaoggssors will broadcast
messages to all other processors. Each processor will #wes o handle a large
number of messages.

To address this problem, our implementationrgplicatedtables usesnessage
combiningto decrease the communication overhead. Instead of bretiigaipdate
operations immediately, each processor stores its opasait a fixed-size buffer and
broadcasts the entire buffer when it is full. This optimiaatgreatly reduces the num-
ber of broadcast messages and the protocol overhead ofiigimdioming broadcasts.
The best buffer size can be determined empirically.

As a result of this optimization, there is a temporal incetesicy between the
replicas of the table. Recall, however, that reading statdes does not affect cor-
rectness, it only hurts performance due to potential irseed search overhead. We
therefore use the fact that the transposition table can Ipéeimented using a weak
consistency protocol.

Message handlers for broadcast messages should be asagpolssible, because
a single broadcast message invokes a handlatlonachines, imposing a substantial
load on the receiving processors. We therefore do as muck agpossible on the
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sending machine, so most work needs to be done on one magtlinelde sender

determines the address of the place where all receiverdcshtore an entry. Both

the address and the entry data are broadcast, so all broadcalters merely need to
copy the data to the given address, as shown in Figure 4.17.

The greatest advantage of tteplicatedstrategy is that all reads can be done lo-
cally. In contrast, updates are expensive and this repitatrategy may not scale to
a large number of machines, due to the quadratically inorgasmount of communi-
cation traffic and the overhead of invoking handlers on altimges. In Section 4.4.6
we describe a way to trade communication for computatioprégent machines from
flooding the network.

4.4.3 Partitioned transposition tables

Another approach to share the table is to split the tablesjoitt parts of equal size
and store each part on a different machine (see Figure 4TI&).index number of
an entry determines on which machine the entry is storedh Beads and updates
are done remotely, except when the entry happens to resittee@ame machine that
does the read or lookup. The read requggschronousommunication; the processor
issuing the read waits until the reply is received. The updationeasynchronously
so the sending processor immediately resumes computiegtaft update message
has been sent.

This approach has several advantages and disadvantagpareahtoreplicated
The main disadvantage is that both reads and updates rempum@unication unless
the entry is stored locally. However, the chance of beingeston a remote processor
is =1 Fora largep, almost all lookups and updates are remote, whenegaicated
can do all lookups locally. Especially theokupsare expensive, since the client pro-
cessor has to wait for a reply.

One advantage of the approach is that the amount of comntignidacreases
roughly linearly with the number of machines. Therefore, expectpartitionedto
scale better on a large number of machines, provided thatggeegate bandwidth of
the network grows linearly with the number of processors el w

Another advantage of this approach is that the number ofesnitr the table in-
creases linearly with the number of processors, assumaig#th machine reserves a
fixed amount of memory for the transposition table. Due tdrteeeased total number
of entries, fewer collisions will occur, fewer entries Wik dropped, and the hit ratio
will increase. Therefore, the search engine will searclefavodes.

The message combining optimization we did fieplicatedis, to a limited extent,
also applicable tgartitioned Unfortunately, thdookupoperations are the ones that
are expensive, and they cannot be combined due to their symolis nature. The
updateoperations are combined by maintaining a small update gfseweach desti-
nation. When the update queue for a particular destinagaotmes full, the message
is sent to the destination processor (asynchronously)enddeupdates are processed
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at once. A disadvantage of this approach is that a retoateuphas to check the
local update queue of the destination as well, because dgymaus lookup request
message can easily overtake a queued update request. Tinkedyeck overhead for
a lookup low, and to minimize the delay before an update besoghobally visible,
we queue up to 4 updates per destination.

In the following sections, we discuss two novel and one \rtiwn optimization
for remote table accesses. First, we decrease the routidteias much as possible by
modifying the firmware running on the network interface mesors. Second, we hide
part of the latency by prefetching remote lookups. Thirdaweid remote accesses for
which the potential gain outweighs the costs. The latteindpation also applies to
replicated transposition tables, albeit for themtipelatesare performed selectively.

4.4.4 Customizing network firmware

Remote transposition table lookups are expensive due itcsthrechronous nature; the
requesting processor stalls until a reply arrives. In tbigtion we describe an opti-
mization that decreases processor idle times by minimitiagequest-reply roundtrip
latency.

For communication purposes, our machines are connected\byriaet [21], a
switched, 1.2 Gbit/s duplex network. Each network intexfacequipped with a pro-
grammable 37 MHz LANai RISC processor, which can transféa ttaand from host
memory via the PCI bus by means of DMA. These DMA transfersaterent with
the CPU’s memory caches. The network processor (NP) is stowpared to the
superscalar, 200 MHz Pentium Pro CPU. Each network interfantains 1 MB of
SRAM memory. The CPU can access this memory both using DMApaogrammed
I/O.

Remote lookups

Before we discuss the optimization that reduces the remoteup latency, we analyze
the data flow for a remote lookup in the current setup, and/aedhe bottlenecks. The
sequence of actions performed for a remote table lookuietka in Figure 4.19(a).
The dark lines represent the data flow for a remote lookupeagtjuhe light lines
represent the data flow for the reply. We distinguish¢hent as the processor that
needs to perform a remote lookup, and #everas the processor that stores the
desired entry. First, the client CPU assembldeakup request messagehich is
dispatched to the client's NP. Then, the NP forwards the aggssver the network
link to the NP on the server’s network interface. The ses/@PU frequently polls
the server’'s NP to see if a new message has arrived. When tHes€% the lookup
request message, it performs the lookup in its local taloleé a@sembleslaokup reply
messageThe reply message follows its way back via the server’'s hPctient’'s NP,
and the client’s CPU. The client's CPU, which is waiting foetreply, resumes normal
operation after receipt of the reply message.
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(a) Lookup done by the CPU. (b) Lookup done by the NP.

Figure 4.19: Data flow for remote transposition table loakup

The problem with this approach is the slow interaction betwthe server's NP
and the server's CPU. The CPU is usually busy expanding asdating nodes, and
does not continuously poll the NP to see if a message hagdrtwt rather checks the
NP at a regular interval. The client's CPU idles during tmeetithat the server's CPU
fails to poll its NP. The server’s NP could generate an infgtrto signal the CPU that a
message has arrived, but this has two disadvantages.tRr@atterrupt causes a kernel
context switch, and the application receives a signal. Meshead for delivering an
interrupt to a user-level process is approximately81which is large compared to
the polled roundtrip times of 44-58. Second, the interrupt may occur when the
CPU is in a critical section. The Multigame runtime systeamhandle this, provided
that the runtime system is compiled with the right optiomsulti-threading multi-
processiny enabled. However, theingle-threadingmulti-processing/ariant, which
polls only outside critical sections, is much more efficjesihce it does not protect
critical sections with locks. For an extensive discussibimrrupt vs. polling-based
message delivery, see [74].

Low-latency remote lookups

In the remainder of this section, we describe an aggressgitimization to reduce the
communication overhead. We exploit the flexibility thatnegrammable NPs offer,
and customize the firmware running on the NP in such a way lieatemote lookup
operation on the partitioned transposition table lookupeiformed by the NP itself,
rather than dispatched to the CPU. Removing the server'sdRR-interaction from
the critical path of a remote lookup expectedly decreasesatiency by a significant
amount.
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Basically, the remote lookup operation works as follows &rillustrated by Fig-
ure 4.19(b). The CPU of the client builds a lookup requestsags and dispatches
it to the client's NP, which forwards it to the server's NP.eTéerver's NP reads the
desired transposition-table entry without interventibthe server’'s CPU, and returns
the table entry in a reply message to the client's NP. That$i€PU reads the reply
message and continues normal operation.

Since we use two-way associative tables (see Section Hed3erver’s NP returns
both entries in a line. Upon receiving the result, the cl&@PU checks whether one
of the tags matches the one it is interested in. Alternativible server’'s NP could
check the tags and return at most one entry (depending orhehene of the tags
matches). The CPU, however, performs the check much fdstarthe NP and since
table entries are small, the cost of sending a few extra wisndegligible.

All transposition table entries are stored in main memorye &8 not store en-
tries in NP memory, because this memory is too small to accodate a reasonable
amount of table entries (our network interfaces are equippi¢h 1 MB of SRAM
memory). The NP uses its DMA engine to read table entries fraam memory, be-
cause the LANai NP cannot access main memory by means ofggmoged 1/0O. Since
the DMA engine of the NP uses physical addresses, the NP ggocstores a copy
of the part of the page table that maps the virtual addredsbg dransposition-table
pages to physical addresses in NP memory. The NP uses thedalalg to translate
virtual transposition-table addresses to physical adéses/Ne pin the memory pages
of the transposition table to prevent the operating system swapping them out or
altering their page table entries, so the NP’s copy of thepalgle remains valid until
the process terminates. Since the Pentium Pro uses 4 KB rggrages, the relevant
copy of the page table of a 64 MB transposition table occupdelB of NP memory
(16,384 entries of 4 bytes each).

Implementation

We implemented our customized firmware as an extension t@éneral-purpose
message-passing library LFC [17]. The LFC software runsiglyr on the CPU
and partially on the NP. We call the implementation that usestomized network
firmware Custom and the implementation that uses native firmwsegive Custom
extendsNative with two message types: a transposition table lookup recares a
lookup reply.

Our customized implementation requires two modificatianthe Linux kernel,
but the same modifications are also needed by native LFQ, kies modified the
Linux kernel to allow non-root users to pin memory pagesgotiperating systems
may (BSDI) or may not (Solaris, FreeBSD) allow this withoudification. Second, a
process’ memory map is exposed by a kernel module that &t@sslirtual to physical
addresses on request. At program initialization, the CR$ tisis module to build a
copy of the part of the memory map that contains transposttible pages into NP
memory.
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On the server side, there is no concurrency control betweePU and the NP.
Only the CPU can write a table entry, but both processorsead an entry. There is
a small chance that the CPU writes an entry while the NP islt&meously reading
the same entry. Synchronizing the CPU and the NP is expersiivee neither the
Pentium Pro, nor the LANai NP can do an indivisible read-riedirite operation
(e.g., test-and-set) on each other’s memory. To obtain ahetxclusion, a software
solution like Peterson’s locking algorithm [85] is needkdt in [16] we experienced
a high overhead for such an approach, because multiple nedawsemory references
across the I/0 bus are needed to access a lock. Thereforeeaided to allow race
conditions between the CPU and the NP, making sure thatrrgadi entry while the
CPU is writing the same entry is harmless. We do this as exptbbelow.

The size of a table entry is 8 or 12 bytes, depending on thelsedgorithm. The
LANai NP requires a 2 or 3-cycle DMA transfer to read an entvizgich might be
interleaved by write cycles to the same entry by the CPU. Tag"“field in an entry
(approximately 43 bits wide) is spread across the tableyentch that each 4-byte
word contains part of the tag. The remaining bits in each vesedused for storing
the rest of the entry data, such as the search result. Whe&@Rbewrites anewentry
(with a different tag), the tag of the entry in memory tempityanatches neither the
old tag nor the new one. If the NP reads the entry during the tthe requesting CPU
will receive a scrambled tag and decides that the lookupnwillsucceed. It is also
possible that the CPUpdatesan entry that was already in the table, for example, after
searching a position to an extended depth. In this caseaghwitl not change, and if
the NP reads the entry while the CPU updates it, the client @HWse the scrambled
data, provided that the entry happens to contain the datéhéonode that the client
was interested in (the client could also be interested ia fitatanother node that maps
to the same position in the transposition table). The clieight use the search result
that belongs to another (deeper) search depth, or might thidechildren wrongly
because it uses a stale “best field” entry. This cannot leadsmng search result.

Performance

We compared the bare performanceNg#tive and Customusing two micro bench-
marks. The first benchmark performs remote lookups to randestinations as fast
as possible. Table 4.1 lists the remote lookup times and #we@mum number of
remote lookups per second for various numbers of proces¥ghen more proces-
sors are added, the remote lookup times increase througlorketontention, and
through increased network lengths. Each Myrinet networikcbwadds a 100 ns. la-
tency. The minimum distance between two network interfacesir network topol-

ogy is 1 switch, the maximum distance is 10 switches. Theedifice in roundtrip
latency between the least and the most distance networaoés is therefore 1,8s.

2Except in the unlikely case that the tag matches the sigaatiian unrelated position by accident; in
practice, such small risks were already accepted becaadmtihing scheme is imperfect as it is.
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Native Custom

CPUs | time lookups | time lookups - 401
(bs) (s) (bs) (s) s 30
2| 441 22,676 | 27.0 37,037 2 M
4 | 50.3 19,868 | 29.6 33,822 S _
8| 519 19,231 | 306 32,710 = 207
16 | 52.5 19,036 | 31.0 32,258 104 —— Native
32| 527 19,018 | 31.2 31,555 —=— Custom
64 | 52.7 18,976 | 31.5 31,349

0
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lookups/s

Table 4.1: Remote lookup latencies and Figure 4.20: Latencies under vary-
throughputs folNative and Custom ing contention on 64 processors.

Note that the numbers fd¥ative overestimate the performance of real applications,
because the benchmark polls the network much more frequtbath a real application
would do.

The second benchmark shows how the latency depends on tontefen using
64 processors (see Figure 4.20). Each processor sends terdewiap message to a
randomly chosen destination, and waits for the reply. Werobthe frequency of the
remote lookup request rate on each processor as indicatid oraxis. The average
latencies vary as shown on the y-axis. On a quiet systematbady forCustomis
22 ps, but it increases to 314t when the communication traffic is increased to a
maximum of over 31,000 lookups per second per processopntrast, the latencies
for Native are twice or three times as high.

Table 4.2 lists the remote lookup performance characiesi&ir several games on
64 processors, both fdvative and for Custom The games are discussed in detail in
Section 4.7. The second and the fifth column show that useeafibtomized Myrinet
firmware reduces the remote lookup latencies by 44 to 70%. hidie latencies of
the Native versions of checkers and Othello are caused by the high gBeadimes
of the evaluation function and the move generator (theséisted in Figure 4.9 and
discussed later in this chapter). The network is not pollednd execution of these
functions, thus lookup request messages are not servicéativd server is expanding
or evaluating a node. The latencies could be decreased bytaifis of microseconds
by carefully inserting poll statements in the evaluationdiion. This is hard to do
within the move generator, since the move generator is gégetby the Multigame
front-end compiler. The front-end compiler has no clue alwdoen to insert poll
statements in the generated code: inserting too few paltsiéo high remote lookup
latencies; inserting too many polls leads to unnecessdingoverhead. The third
and sixth column give the number of remote lookups per sepenghrocessor. The
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game Native Custom
time (us) lookups/s app. (%) time (us) lookups/s app. (%

chess 64.9 9,150 593 26.1 15,071 393
checkers 86.6 5,150 446 26.0 7,482 186
Othello 79.2 5,587 443 24.1 8,456 202
15-puzzle 53.2 15597 830 29.4 26,501 782
double-blank| 55.0 15,125 832 31.1 25478 789
Rubik’s cube 58.7 11,847 695 26.8 21114 566

Table 4.2: Performance of the partitioned transpositidatetavith and without cus-
tomized firmware for six games on 64 processors.

fourth and seventh column show the fraction of time sperfopering remote lookups
at the application level.

Discussion

Our current implementation ofustomis based on the experiences we described
in [16]. We list a number of design differences with respecbtrr previous imple-
mentation.

Customis an extension to LFC, rather than lllinois Fast Messagé} [&ince
LFC itself takes care of flow control (i.e., slows down sesdbat send data faster
than receivers can handle), we leave this issue to a lowel-layer within LFC,
simplifying our Customimplementation.

We deal with concurrency control between the CPU and the NEherserver
side differently. Instead of using expensive Petersorckdpwe use an optimistic
approach.

We simplify the network firmware by not customizing remotalaje messages
for partitioned tables. Little performance could be gaibgdoing so, since remote
update requests require CPU intervention on the serveasig®ay (the transposition
table replacement algorithm is too complex to be handlechkystow LANai NP),
and is asynchronous, thus less critical to performance ttharsynchronous lookup
requests.

We do not customize the firmware fegplicatedtables. LFC already contains
specialized firmware for doing spanning tree broadcasthe\Ps [17]. LFC im-
plements broadcast efficiently: on 64 processors, eaclepsoc is able to broadcast
240 KB/s. Rather than dispatching an incoming broadcassagesto the CPU, cus-
tomized network firmware could copy the new entries in theadloast message di-
rectly into the transposition table (see also Figure 4.T#)s implies that the NP has
to do many virtual-to-physical address translations (iitvgare rather than through a
Memory Management Unit), and set up many small DMA transf&ince this in-
creases the workload on the NP, it will decrease the broadeasiwidth. The work-
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load on the CPU decreases, but if communication bandwidtinéady the bottleneck,
the application will use the extra CPU cycles only to incestl® pressure on the net-
work even more. It is not clear whether customizing netwarkyvare for replicated
tables can improve remote update performance comparedite h&C.

We decided to extend LFC rather than writing a new LANai colgrogram from
scratch. The advantages are twofold: extending an existingrol program is much
simpler, and the application can use normal communicatiwnifives (e.g., for work
distribution) as well. The disadvantage is performancs,lsisice the control program
carries native code that needs to be executed as well. Merethe design of the
native control program hampers optimizations to the custedhextensions. As an
example, we could have used application semantics to ingaiéffow control instead
of using LFC’s flow control scheme, since the application gaarantee an upper
limit on the number of outstanding lookup requests. By ndsgrenough dedicated
receive buffers for lookup request messages in NP memargjue buffer overflow
will not occur and flow control will not be necessary. Howevas already stated,
implementation of such a scheme would require a significtoite

Related work

The performance of ouCustomimplementation for partitioned tables compares well
to other message-passing interfaces built on top of MyriB&® [90, 91] reports the
lowest one-way message latency: almogissfor a single-word message. On our
system we measured for BIP a minimum roundtrip time of 1#&.@or a single-word
message, and a 17.8 roundtrip time for a request-reply pair that matches the-me
sage size required for doing a remote lookup. This does w©hide the time to copy
a remote table entry to the reply message.

There are two factors that make BIP fast. First, the LANaitcaiprogram of BIP
is very simple. The LANai control program @fustomincludes all LFC functionality,
such as the ability to multicast messages, and the flow damchanism for mes-
sages other than transposition-table lookup and reply agess that prevents senders
from injecting messages faster than a receiver can handieleBves flow control to
the application level. Second, BIP assumes that the CPU e¢aiver is polling the
network before a sender starts sending a message, at ledate messages. For
irregular applications like game-tree search, this is iagifle to guarantee without
loss of performance. For a small message like a lookup régtissnot necessary for
the receiving (server-side) CPU to react immediately, batremote lookup latency
will increase if the CPU reacts slowly, because the NP-CRérdiction on the server
side is still in the critical path.

Other work on customizing network interface firmware hasifsed on optimiz-
ing message-passing performance for general-purposageegsassing libraries [33,
40,41,80,118], and can result in large performance impnargs. Existing systems
layer shared data structures on top of a general-purpossagepassing layer. The
main problem with most message-passing layers is that thapthllow remote mem-
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ory to be accessed without transferring control to a remaiegss. We take a different
approach, and use the network interface to avoid contnostess and to perform sim-
ple, but application-specific tasks.

Conclusions

From the study above we draw the following conclusions. @usting the firmware
on the network interface processor can significantly impriine performance of re-
mote operations on application data structures, espgdi#ifie remote operations are
synchronous. By removing the NP-CPU interaction on theeseside of a remote
partitioned transposition table lookup operation, we oedilhe remote lookup latency
by 44 to 70%, and improve application performance by 31 to 4Tke drawback of
this approach is the high programming effort required taypam the LANai proces-
sors on the Myrinetinterface boards. The lack of suitablidging tools and the ease
with which a misbehaving LANai control program crashes thire machine make it
hard to program the LANai NPs. Moreover, we consider theilitalf both the CPU
and the NP to perform an indivisible read-modify-write agt@&n on one another’s
memory as a deficiency. Such a feature would decrease thetoasgnchronize the
CPU and the NP for access to shared data, rendering dangerdw@pplication spe-
cific unsynchronized access methods like described abavecessary.

4.4.5 Prefetching

The main disadvantage of partitioned tables is that renuatkeups are synchronous,
and that the processor that issues a remote lookup reqlesstiatil the reply message
arrives. Even using the customized network firmware, a refoatkup takes between
22 and 32us on our hardware, depending on the number of processorsratiteo
contention on the network. To minimize the idle times, wealgta second optimiza-
tion: prefetch transposition-table entries for nodes #natikely to be searched in the
(near) future. To hide memory latencies modern micropremearchitectures such
as the SPARC V9 [119], the IMPACT EPIC [7], and the |A-64 [61p& explicit
prefetching of memory reads.

For our partitioned implementation, we added a single ptooeto the interface
of the transposition table, callefransPrefetch(Node)A search engine can call this
procedure whenever it is likely that BransLookup(NodeWill be performed in the
near future. The interface is simple and elegafiansPrefetcican be called any-
where, at any time, and need not necessarily be followed byaasLookup This
is useful if a search engine needs to prune children: a chifdbe pruned after a
prefetch, but before it would have been looked up.

Internally, the prefetch mechanism works as followWsansPrefetcithecks if the
node’s transposition table entry is remote. If this is theegdt sends a lookup request
message to the processor that stores the entry. This reigussttasynchronously
The procedure then returns. The functidransLookupis modified to check first
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whether a prefetch has been issued for this node. If notniiséhe lookup request
message. In either case, it receives the lookup reply mesaagd blocks if the reply
is not yet there.

If the search engine issues a prefetch but prunes the nolder ritan calling
TransLookupthe lookup reply message (which is the result of the prajeéll not
be automatically received and cleared. To clear the redriffers, a ring buffer of
outstanding lookup request messages is maintained. Arguirgy buffer pointer is
advanced after each prefetch. If it finds, after an entirédecgound the ring, that the
reply corresponding to the request still has not been redatdogipplication, the reply
is thrown away. If the search engine still callsansLookupat a later moment, the
prefetch simply fails, and a normal, blocking remote tablekup is performed. A
beneficial consequence of using a ring buffer is that preéstavhich are issued too
long before the actual lookup time out; this prevents thecteangine from using old
data.

Whether the prefetch mechanism is beneficial, depends aradactors. First,
if the prefetch is issued less than the roundtrip time betbesactual lookup, the
latency is not completely hidden. Second, if the prefetcisssied long before the
actual lookup, either the prefetch fails due to a ring buffiereout (the chance that
this happens depends on the size of the ring buffer), or theahincreases that stale
data are used. Third, prefetching is not free: the ring bdfids a little overhead;
however, this overhead is small compared to the roundttgmty. Fourth, a search
engine that starts prefetching at random (or, as we trieslh@as as a child is created),
quickly congests the network, thus a more conservativeepirieing scheme is needed.

The two-player search engines use the following rules fefgiching. Before
searching chilct, child c+ 1 is prefetched. If childc causes a cutoff, the prefetch
for child c+ 1 is disregarded. Note that in case of a cutoff, the searchherajten
continues with the parent’s brother, for which a prefetclalso pending. Since a
first child has no predecessor, it cannot be prefetched thys Wnfortunately, there
is little time between the moment that it is known which of ttreldren is the first
(most promising) one, and the moment that the first child aaded. Only if the
transposition lookup of thparentsucceedsnd contains a “best child” entry, is it
known in advance which child will be the first one, and a pias issued as soon
as the child is created. Interior nodes usually have thisrmétion available from
previous search iterations. However, at the leaves of e fwhere most time is
spent), the parent will often not have this information &ae, since the leaf nodes
are normally visited for the first time.

The IDA* search engine does not order children, and theegfoefetches the first
child as soon as it is created, even before the remainindrehilare generated. The
remaining children are prefetched the same way as the tagepkearch engines do.

We will now analyze the performance of this prefetching natdm, and show
where prefetching is successful and where it is not. Figu2é dhows prefetch char-
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Figure 4.21: Prefetch characteristics for Othello.

acteristics for Othelld, using the MTD() search engine. To understand the perfor-
mance of the prefetching mechanism, it is necessary tandisish several classes of
children. After the children of a node are created by the ngamerator and ordered
by the heuristics, the most promising child belongs to cldSsthe second most
promising child in class “2”, and so on. The characteristicthe figure are given
for each separate class (e.g., the “1” on the x-axis showsldkee for all first, most
promising children).

The curve “total nodes” shows the total number of childreeach class. Many of
the children with child number “2” and higher are pruned bg MTD(f) algorithm;
the number of children that is actually searched is givenhgydurve “searched”.
From the figure we see, for example, that approximately Hati@ second children
are pruned. The curve “prefetched” shows how many prefstobeur for each class.
Only 59,000 out of 762,000 first children are prefetchec it is not possible to pre-
dict which child is the first child far in advance; no prefetslissued then. For the re-
maining classes, too many children are prefetched. Allsécbildren are prefetched,
whether pruned or not. Prefetching is most effective fortigher numbered classes,
since pruning is less common there. The curve “timed outégithe amount of chil-
dren for which both a prefetch and a lookup are done, but fachvne prefetch timed
out; this happens close to the root. Prefetched childreratfgapruned also time out;
these are not shown by this curve. With a ring buffer size ofté@number of timeouts
is negligible.

Taking all classes together, we obtain the following suscates for Othello: 77%
of the searched nodes are already prefetched, and 82% ofdfetghed nodes are

3We show numbers for Othello, since the average branchinthvgchot blurred by quiescence search.
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game no prefetch prefetch
time (us) app. (%)| time (us) overheadis) total 1s) app. (%)

chess 26.1 39.3 16.6 453 215 34.0
checkers 26.0 186 14.0 474 18.1 14.0
Othello 24.1 20.2 9.33 410 13.3 123
15-puzzle 29.4 782 185 3.68 22.1 725
double-blank| 31.1 78.9 216 3.65 25.2 751
Rubik’s cube 26.8 56.6 8.00 364 11.6 36.3

Table 4.3: Prefetch characteristics for six games on 64gzsrs.

indeed searched.

Table 4.3 shows prefetch characteristics for six gamessuaned on 64 processors.
For this experiment, the search engine performs a remotafpfor each node it
searches, even at the leaves. The second column gives tregawemote lookup
times when no prefetching is done. The third column indg#te fraction of the total
runtime the application is busy looking up remote trandpmwsitable entries. The
fourth column lists the average remote lookup times witHgiohing, and the fifth
column shows the overhead of a prefetch itself (mainly theetio issue a remote
lookup request). One cannot add the sum of the latter two taimkhe total cost of
doing a remote lookup, since some of the lookups are notfotedd and some of the
prefetches are not looked up. The average total cost to dokajbois given in column
six. Like the third column, the last column gives the fraotwf the total time spent
doing remote lookups, but now with prefetching enabled.

The numbers show that prefetching is always beneficial;gheote lookup times
(including the prefetching overhead) decrease for all gantéowever, for Rubik’s
cube and Othello, the difference in performance is greatan for the other games.
This is explained by the average branching factor; Rubikisecand Othello build
wider trees than the other ganfeBrefetching works better for wider trees, because a
larger fraction of nodes will be successfully prefetchednt®te table lookups are still
expensive for the 15-puzzle and the double-blank puzzlee &taluation functions
of these games are so fast that the latency of a remote tadkepacannot be fully
hidden.

In the discussion above, we implicitly assume that all aleifdof a node are gen-
erated at once. This is true for Multigame, but other (twaypl) game-playing pro-
grams often generate children one at a time, at the mometrit th#o be searched. If
such a program should prefetch transposition-table emtitiés necessary to (specu-
latively) generate chil@ + 1 and issue a prefetch before chdds searched. If child
c generates a cutoff, a small penalty is paid for needlessheiging childc + 1;

4For chess, the average branching factor is about 35, thestngieong the tested games. However, at
the bottom of the tree, where most time is spent, quiescezarets makes the tree much more narrow.
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otherwisec+ 1 had to be generated anyway, and there is no additional cost.

The literature describes other ways to deal with remote updhtencies.Zug-
zwang[49] concurrently sends a lookup request for a node and $&da@ly gener-
ates the same node. This partially hides the remote lookepdg *Socrates[62]
performs synchronous lookups and accepts a 7% executi@itpey waiting for the
lookups. On future hardware such an approach may not be tatdepsince improve-
ments in network latencies do not keep pace with the increaS@U power.

We draw the following conclusions. For all six games we wstrefetching is
beneficial. Prefetching reduces the latency for a remotkupdy 19 to 57% com-
pared to a synchronous lookup, including the overhead tcagethe ringbuffer. On
application level, the performance improves by 4 to 25%. fdching works best
when the search tree has a high branching factor near theseas is the case with
Rubik’s cube and Othello. For applications with narrow sel$ near the leaves, the
performance gains are small.

4.4.6 Selective table accesses

The frequency of transposition-table accesses depends amuthe search character-
istics of a game. If only a small amount of time is spent in tha@ation function and
move generator, each processor can search in the order @f0l0@odes per second
on our hardware, accessing the transposition table witmahigh frequency. Even
with a fast network, there are too many remote accesses gamdéor both replicated
and partitioned transposition tables. This severely m&ee search times, since pro-
cessors are slowed down too much by the increasing comntiamdatencies and the
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table type | lookup update size optimizations
non-shared| local local pxm
replicated | local broadcast m msg. combining,

selective updates
partitioned | RPC async. send pxm custom firmware,
prefetching,

selective lookups

Table 4.4: Summary of transposition-table distributioarettteristicsp is the number
of processoranthe amount of memory per processor.

large number of incoming messages that must be handled.

An obvious technique to decrease the communication ovdrisenot to access
the distributed transposition table when searching neataaves of the tree [101]
(see Figure 4.22), and apply table lookups and updatediselgcThe possible gains
of a hit near the root of the tree are larger, because a prurgdeg rooted high in
the tree saves more time than a small subtree rooted low itrébe For the same
reason, move ordering near the leaves is not as importanbes ardering near the
root. If the costs of a remote lookup are larger than the ergegains, one should
search the subtree without doing the remote lookup.gantitionedthe lookups are
relatively expensive, so we vary the depth to which we alldaokup. Forreplicated
the updates are expensive, so we vary the depth to which e atl update.

Figure 4.23 shows the average execution times for seardbthgllo trees on
64 processors for several lookup thresholds gfantitionedtables) and update thresh-
olds (forreplicatedtables). The figure illustrates that the communication bsad
can be traded for the search overhead, and that there isiamuopthat minimizes the
total search time. For the performance measurements irthainder of this chapter,
we determine for each game and each number of processorgtimatlookup thresh-
old for partitionedand the optimal update threshold feplicated The thresholds are
given in Section 4.7.

4,47 Summary

In this section, we discussed three transposition-tatsigibiution techniquesnon-
shared partitioned andreplicatedtables (see also Table 4.4). The implementations
of the partitioned and replicatedtables each use their own set of optimizations to
reduce the communication overhead.

For partitionedtables, we customize the network firmware to reduce the remot
lookup latency by a factor 1.8 to 3.3. Prefetching yields dditonal reduction by
a factor between 1.2 and 2.3. Moreover, the application &gnleokups near the
leaves whenever the costs outweigh the potential gain. Biynggpng the remote
lookup latency, the remote lookup threshold can be kepedioshe leaves, reducing
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Heuristic One-player games  Two-player games
Transposition table v Vv
History heuristic - vV
Quiescence search - V4
Repetition detection| v Vv
Pattern databases v —

Table 4.5: Game-independent heuristics.

search overhead.

For replicatedtables, we use the weak coherency demands of the trangpositi
table and combine messages, which are broadcast at oncesly\@mnrthe broadcast
bandwidth ofLFC to obtain a high update throughput. Unfortunately, the ambou
of time-consuming message handler invocations scale gtiealty with the number
of processors, and we expaeplicatedto perform poorly on large-scale systems.
Increasing the update threshold to a level further from ¢lagés reduces the commu-
nication overhead, but increases the search overhead.

Application performance results and analyses of the thegesposition-table im-
plementations and their optimizations are postponed wetidliscussed the other run-
time system components. The performance of the transpogébles is analyzed in
detail in Section 4.7. We will draw conclusions afterward.

4.5 Other heuristics

In this section, we describe the other heuristics we use podwe the search perfor-
mance of the Multigame runtime system. We describe theiatig heuristics: the
history heuristicquiescence searctepetition detectiofpattern databasesnd some
game-dependent heuristics used in the 15-puzzle.

Table 4.5 lists the game-independent heuristics, and fachwitind of games the
heuristics can be used. Ttransposition tablgrevents the search engine from search-
ing the same subtree multiple times, and is used to ordetifdren. Another move-
ordering heuristic is thaistory heuristi¢ this heuristic is used in two-player games
only. Quiescence searatxtends the search at positions where the evaluation v&lue i
unreliable; this heuristic also is used in two-player gama@y. Repetition detection
recognizes cycles in the directed search graph, which fsiliseboth one-player and
two-player gamesPattern databasesnprove the evaluation function in one-player
games.
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4.5.1 The history heuristic

The history heuristic [102] is a game-independent hegrfsti move ordering. The
heuristic assumes that the best move from one position én dfte best move from
a similar position. For example, moving a piece fromto c8 may often be the best
move, regardless of the surrounding pieces. The historyidteurecords how fre-
guently a possible move is the best move, and uses this iatamfor move ordering.
The killer heuristic [110] is a special case of the historyfigtic [102], therefore the
Multigame runtime system does not implement the killer msier We did not im-
plement the heuristic for use by one-player games, sinceeraaiering in one-player
games is hardly beneficial [94].

Chess and checkers-playing programs normally implement&uristic by using
two matrices, one for each player. The matrix is indexed lyfibld numbeifrom
which a piece is moved and the field numib@which a piece is moved. After the
children of a node have been generated, the table entrieafbrmove are read from
the table, and the children are sorted in descending ortierniost promising move is
searched first. After the children have been searched, tivireatry corresponding
to the best move (or the move that caused a cutoff) is increederJsually, better
results are achieved when the increment valué'is/Bered is the depth to which a
node has been searched, instead of using an increment ¥dlue o

With deep searches, the entries in the table occasionagifflow when 2 is used
as the increment value. We observed that ignoring the owvesftan considerably
decrease the search performance. Whenever an overflowspablentries in the
table are divided by two; subsequent increments are divédeespondingly.

For a general Multigame program it is not possible to implettlee heuristic by
using a matrix, because legal moves are not restricted tang@xactly one piece
from one field to another. Therefore, we use another approadehmap each move
to asignature difference The signature difference is the bitwise xor (exclusive or)
of the signature of the positicinom which a move is made and the signature of the
positionto which a move is made. The signatures are the same signatiresed
for transposition-table hashing. Due to the way signatarescomputed [122], a
particular move always yields the same signature diffezginespective of the pieces
on the other fields. The history table contains all signatiifferences that occurred in
a tree traversal; usually a few thousand. Associated with emnature difference is
the score that indicates how good the move is. Access togthie Bped up by hashing.

An implementation based on signature differences behaiffesesht from one
based on matrices. In the former case, a queen move and histhap fromd2 to
f4 are considered different moves, while the latter case masehstinction between
them. It is not clear whether this has any impact on perfogaan

The transposition table is used for move ordering as wethdftransposition table
suggests a best move from a certain position, this move isidered first regardless
of the contents of the history table, since the informationhie transposition table
is more reliable. However, the transposition table suggasimost one move; the
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Figure 4.24: History synchronization messages.

remaining children are ordered according to the historyisgc.

For distributed search, it is desirable to share the histaje between proces-
sors. However, the table is accessed frequently and ornbdited memory machines
it is too expensive to communicate all accesses. Thereddiraccesses are done lo-
cally, and the tables are synchronized only after each kémation (i.e., each time
MTD( f) starts searching with a new search bound, or Alpha-Bet&NagdScout start
searching with an increased search depth).

History synchronization is performed as follows. All presers are ordered in a
binary tree, as shown in Figure 4.24. When table synchrtinizdegins, each leaf
processor sends a message to its parent. This messagasaritdelta history table™
each entry in the message contains the value with which thresymonding entry in
the local history table was incremented since the previoessage was sent, thus if
the first entry in the previous message contained a 5 whiletheent first entry in
the history table is 7, a 2 is sent in the current message.r@tbeessors receive the
data from their children, combine the entries with theiralodifferences, and send
the accumulated data to their respective parents. Prac@gtte root processor) re-
ceives all differences, adds them to its local history tallé broadcasts the new table
to the other processors. By using tree-wise propagationpnereent one processor
from having to receive and process all messages. Moreawsegsing is partly done
concurrently.

We synchronize the tables only before starting a new seaechtion (as sug-
gested by Schaeffer [101]); this happens infrequently. Wseoved a performance
improvement of 21% in search time on 64 processors for chi#bg@spect to a non-
synchronized history table. The performance improvemientsheckers and Othello
are 14% and 10% respectively.

The data distribution for the history heuristic differsiahe distribution tech-
nigues used for the transposition table. We do not partitienhistory table for sev-
eral reasons. First, the history table is much smaller thariransposition table, thus
with respect to memory usage, partitioning the historydatbuld not be a real ad-
vantage over replication. Second, the access patternddrigiory table differs from
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Figure 4.25: Quiescence search.

the access pattern for the transposition table. The re#d/wtio for the history ta-
ble is higher, becaussachchild of a node causes a history table lookup (even if it is
pruned), and only one of the children (the best one, or thetlwatecauses a cutoff)
is involved in a table update. The high read/write ratio deeisfavor a partitioned
history table. Moreover, it is not possible to combine thmote lookup of a transpo-
sition table entry with the remote lookup of a history tahiérg: both heuristics use
different hashing schemes and the data are usually stordifferent machines.

The data synchronization technique is also different froereplicated transpo-
sition table. The replicated transposition table is moteroSynchronized, and uses
all-to-all broadcast. The tree-wise data propagation isenedficient to synchronize
the history tables.

4.5.2 Quiescence search

Two-player game trees are searched up to a given depthothaal search depthAt
the leaves of the tree, the evaluation values are takene Ilfée is searched to a fixed
depth, an undesirable effect may occur. If the final move betwthe parent of a leaf
node and the leaf node itself is a capture move, the evatuatitues of these nodes
deviate substantially due to the change in material. In nposjtions, the opponent
can answer a capture with a recapture, but this is not disedwduring this phase of
the search, because the recapture is beyond the nominehsisgpwth. This is called
the horizon effecf14].
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To circumvent this problem, the search is extended at positivhere the evalua-
tion value is not trusted. This search extension is cali@eéscence seardb3, 110].
During quiescence search, only tactically disruptive fiamss are searched, up to a
maximum quiescence depth. There are many types of tagtidaluptive positions.
For example, in chess captures and checks are consideragtulis.

The value of a quiescence node is the maximum of the negalieelsvaf the non-
quiet children and the static evaluation value of the node.izilude the static eval-
uation value as well (as suggested by Beal [12]), becauss@afiture is not always
the best move available.

Figure 4.25 illustrates quiescence search. The nominatisepth is 2, and the
search is extended with at most 3 additional plies. The thigs represent capture
moves, leading to non-quiet positions (the gray shadedrtoeies). The leaves on
the left hand side (marked with -8 and -6 respectively) asduated, because they
are at their maximum quiescence depth and are both postteathed by capture
moves. Their parent takes the maximum of the negated childtsg and the parent’s
evaluation value. The interior nodes by search resultsd®are non-quiet positions,
but none of their children are recaptures.

The two-player search engines in the Multigame runtimeesysfAlpha-Beta,
NegaScout, and MTIf() can use quiescence search. We use quiescence search for
chess and checkers, but not for Othello. In Othallbmoves are capture moves and
we do not extend leaf nodes for this game (it can be argueddttidal disruptions at
the corners of the field should be extended, as is done in tedigi$31]).

If the change in material balance were the only possibleroit, the decision
whether a move is quiet or not would have been game-indepg¢nated could have
been implemented by the runtime system itself. HoweverMb#tigame program-
mer may wish to use additional extension criteria, such aglclevasions in chess.
Therefore, if quiescence search is desired, the programmast provide a function
that decides if the move between two positions is quiet or mbe interface for this
function is:

FUNCTI ON | sQui et (Parent, Child : PO NTER TO NodeType) : BOOLEAN

The function should return false if the move between the mamed child node is
quiet, and true otherwise.

4.5.3 Position repetition detection

In many games, it is possible that a position reappears phaitiimes while playing
a game. Usually, the rules of a game describe how to deal with a situation. For
example, the chess rules state that the game is a draw whsartteeposition with the
same player to move and the same moving possibilities ¢astling and en passant
moves) is encountered three times during a game. Anothenpeas the 15-puzzle,
where the rules do allow repetition of positions; howevee IDA* algorithm can
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safely skip repeated positions to avoid superfluous work.

The runtime system uses a backward scan in the list of mowésgdihe game to
detect repeated positions. The Multigame system uses sptingizations to detect or
refute repetitions quickly, because each searched noaaimed for repetition, and
because a complete scan is expensive.

First, the Multigame programmer is allowed (but not obligsal specify which
moves are conversions (i.e., moves that can never be undocle,as captures and
promotions in chess) by supplying the keywameversible. The Multigame front-
end compiler then decides theichmove,someof the moves, ononeof the moves
are conversions. Positions cannot reoccur beyond a caomek&hen all moves from
all positions are conversions, it is not possible to enceuatepeated position, so no
scanning is done. When some of the moves are conversionksttioé moves done
is scanned backward up to the most recent conversion. Whes afdhe moves is a
conversion, the entire list is scanned.

Another optimization prevents most needless scans, oiiriates a scan quickly.
Before the list is scanned for duplicate nodes, a hash tatilexed by some of the
lower bits of the current position’s signature, is conglilt&he indexed value stores
the number of positions in the list that have the lower bitsado the index value.
For example, if the value at indeédx1EF equals two, there are two positions in the
move list that have their signatures endingOxl EF; they may or may not be the
same positions. When this example is used to check a chet®paogth signature
0x22222222222221Efer three-fold repetition, the entire scan can be omittet;es
the hash table indicates that the position occurs at mosetwihe optimization works
well. For the 15-puzzle, where about one out of three pasitis a repetition, only
0.38% of the positions that are not repetitions result irdiess scans.

45.4 Pattern databases

One-player search algorithms like IDA* use an admissibl@wation function, i.e.,
an evaluation function that never overestimates the distdrom the position to a
target. The better the evaluation function approximatestttual distance, the more
efficient the search. A slight increase in average evaloatdue can reduce the size
of the search tree by an order of magnitude. It is therefoppmant to estimate the
distance from a position to a target as accurately as pegsibt the distance may not
be overestimated, otherwise a solution is not guaranteled the shortest solution).

A patrticularly useful estimator in one-player search isphéern databaseThe
pattern database can be used instead of, or in addition tyamation function. Like
the evaluation function, it returns an admissible distainoe a position to a target.
The position maps to an index in the database, and the databhs is used as a
lower bound. Pattern databases have been used for the 2t 3@, 37] and Rubik’s
cube [68].

The Multigame implementation of Rubik’s cube uses pattetablases for evalu-
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Figure 4.26: Pattern database mapping.

ation of a position, in addition to a simple, traditional xaion function. The pattern
database is used as follows, and is illustrated with an defbexample position as
shown in Figure 4.26. Given the position, some of the cubieslisregarded. For this
database, all edge cubies are neglected. The center cuviesiked colors and are
disregarded as well. The remaining corner cubies form apattBoth the location

and the orientation of the corner cubies are consideredceipé#ttern. The pattern is
a simplification of the original puzzle, and can be solvedtimast the number of

moves required for the original puzzle, and can thus be usethadmissible evalu-
ation value. The database stores solution distances fpat#rn permutations. The
example pattern is looked up from the database by compuimgattern’s index; in

this case the database value is 11.

Our implementation of Rubik’s cube uses two databases, 2ivBldatabase for
the corner cubes, and one 20 MB database for six of the edgescubhe twelve
edge cubies of a position are subdivided into two patterssxatubies each, and both
patterns are looked up in the edge database. Thus, eachigiiielved once (eight
corner cubies plus two times six edge cubies). The maximuthethree values
obtained by the database lookups and the value obtainedebgviiuation function
is taken; this yields an admissible value. However, if thetpaf the maximum
differs from the parity of the corner database value (ilee, maximum is even and
the corner database value is odd, or vice versa), we add Etméximum (then the
maximum and the corner database value are either both eveotilorodd). This is
correct, because the parity of the corner database valaskeguals the parity of the
solution length of the original position.

The Multigame runtime system supports the use of patterabdaes through a
general interface, thus pattern databases can also bearsgttiér one-person games.
Unfortunately, the function that maps an unreduced pasitia a reduced position to
an entry in a database, is game-dependent and databaseddeperhe programmer
must provide a mapping function in C for each database thasesl. The runtime
system cannot create pattern databases; a separate pisgeeded to compute them.
Usually this is done using retrograde analysis [8, 52].
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(a) target position. (b) linear conflict. (c) corner conflict. (d) last-move con-
flict.

Figure 4.27: lllustrations of various 15-puzzle conflicts.

In a distributed environment, the database is replicatée. aldvantage of a repli-
cated database is that each access (read) can be done. |ddadlydisadvantage of
replication is the waste of memory. A partitioned schemevad!larger databases and
thus reduction in search effort, at the expense of many remotesses. There are
no fundamental reasons to prevent extension of the runtysterm with support for
partitioned databases. Customizing the network firmwage &ection 4.4.4) to ser-
vice remote reads directly by the network processor ancefieiihg would probably
reduce the remote read latency by a significant amount.

Pattern databases can be used to trade memory for time. &gjdatures that the
amount of time needed to search a position is approximateklrsely proportional
to the size of the pattern database searched¥68his would mean that doubling
the amount of memory would half the execution time. Holte bfednadvolgyi em-
pirically verified this conjecture [60] and conjectured arsaccurate approximation,
which suggests a speedup somewhat less than a factor of 2thdnamount of mem-
ory is doubled.

4.5.5 15-puzzle heuristics

The 15-puzzle uses a state-of-the-art evaluation functtaombines theéManhattan
distance linear conflict heuristid58], last-move heuristi¢69], andcorner conflict
heuristic[69].

4.5.5.1 The linear conflict heuristic

The linear-conflict heuristic [58] recognizes tiles that Brthe correct row or column,
but in the wrong order. An example is given by Figure 4.27H)yre 4.27(a) shows
the target position). The Manhattan distance for this posis 4, but it is impossible

S5Korf uses the A* search algorithm; we use IDA*, which seascheore nodes, but has less runtime
overhead than A* [28].
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Figure 4.28: Mapping linear conflicts in the 15-puzzle.

to get both tiles in the correct places in 4 moves, since orteefiles has to move
around the other. These pieces form a linear conflict. Indage, the linear-conflict
heuristic adds 2 to the evaluation value. The evaluationeved increased by 4 when
three tiles in a row (or column) belong to that row, but areunlly wrongly ordered;
or even by 6 if all tiles in the row are inversely ordered. Wiagplying the linear-
conflict heuristic in the evaluation function of the 15-plezzhe sizes of the search
trees are roughly reduced by a factor of 10, at the expensenafra complex evalua-
tion function.

Linear conflicts are recognized efficiently as follows. Eithe tiles in a row (or
column) are mapped to pseudo-tiles, as illustrated by EigL28. The example shows
the row where the tiles “4”, “5”, “6”, and “7” belong. Thesdes are mapped to
pseudo-tiles “1”, “2", “3", and “4”", respectively. All tils that do not belong to the row
and the blank position are mapped to the pseudo-tile “0”.nTtree row with pseudo-
tiles is read as an integer value with base 5, in this cases3@dich is 476o decimal.
This number indexes a precomputed array containing the euwfltextra steps due
to a linear conflicE For efficiency reasons, the translation steps in Figure d4s28
multiple levels of pre-computed arrays. On our hardware ehtire evaluation of a
position takes about 2s.

4.5.5.2 The corner-conflict heuristic

The corner-conflict heuristic [69] looks at the tiles nexthe upper right-hand side
corner, lower right-hand side corner, and lower left-haid@ €orner. If the neigh-
boring tiles are at the right places, but the corner tilelfitsenot (as illustrated by
Figure 4.27(c), where tiles “11” and “14” are placed corkgdiut “8” is not), one of
the neighboring tiles has to be moved to release the wrorigbeg corner tile. This
increases the evaluation value by 2 per matched corner. diimeicconflict heuristic
is not applied to the upper left-hand side corner, becauseattyet position has its
blank tile there; therefore no corner conflict can occur ia torner.

6An X in the table indicates an illegal pattern, due to mudtipccurrences of a single tile in a row (or
column).



106 An optimized game-playing runtime system

white mark —> b2; tic-tac-toe draw cross in the middle
a3 —> c5; enpty field —> b4; checkers capture move

el —> cl; al —> di; chess gueen-side castle white
enpty field —> e7; queen —> e8; chess pawn promotion

Table 4.6: User interface example moves.

4.5.5.3 The last-move heuristic

The sequence of moves that solves a 15-puzzle problem eititsr moving the tile
labelled “1” from the upper left-hand side corner to the tjgir the tile labelled “4”
from the upper left-hand side corner down. The last-moveibtiw[69] compensates
for the fact that the Manhattan distance wants to place ke tl” and “4” too fast
at their correct places. Figure 4.27(d) illustrates a pwsitvith a Manhattan distance
of 3. Since one of the tiles has to go through the upper lafdrgide corner, the
minimum distance can be increased by 2.

The last-move heuristic increases the evaluation value Wwhén tile “1” is not
in the left column, and tile “4” is not in the top row. Howevevrhen tile “1” or “4”
is involved in a linear conflict, the evaluation value is nutrieased by 2, since this
potentially overestimates the distance to the target. kamgle, when tile “1” is
involved in a linear conflict, it must be in the second colurbedause it has to be in
the correct column). Moving it left to the first column both\ses the linear conflict
and the last-move conflict, thus this move must not be coumtiee.

4.6 The user interface

A Multigame program communicates with the player via a sliedl environment.
Rather than using a game-dependent graphical interfacglalyer sees a prompt and
can type commands like “read position”, “set search dep#&arch tree”, and “print
statistics”. It is, however, possible to write a game-dejeen graphical interface on
top of the shell. The “play” utility program interfaces bet@n two Multigame pro-
grams so that they can automatically play against each.offiee shell is almost
game-independent; the game-dependent properties it kalowg are the dimensions
and the layout of the board and the names of the pieces.

The shell is specialized for its game-playing environm@ntst of accepted com-
mands is shown in Appendix C, and briefly explains the seroswofieach command.

Within a game, moves are described using a simple languagteRthan giving
formal detail, Table 4.6 gives a few intuitive examples. Theve descriptions are
used both as input (for example, via thve command) and as output (for example,
as the result of @int command). Sometimes multiple descriptions describe timesa
move: the shell accepts any of them, or will print one of th&ime shell uses the move
generator to see whether a given move is legal from the cupsition by checking
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whether the position after doing the move is among the afildr

The statisticscommand is used to print statistics. Each machine mainsdtis-
tics (provided that statistics are configured — see Sectibr2¥and these are collected
when the user enters tls¢atistics command. By default, all statistics collected by all
processors are printed, but the user can specify any subtiaspfor example, the
transposition table and history heuristics statistics mt@ssors 3, 4, and 7-10.

Time control has not yet been implemented in the Multiganméime system. For
tournament play, time control is indispensable. Currertlg search is limited by
controlling the (hominal and quiescence) search depth.

4.7 Performance results

In this section we analyze the performance of the Multigamnéime system and study
the behavior of three one-person and three two-person gaieslso compare the
behavior of different distributed transposition table lexpentations, since the sharing
strategy of the transposition table has great impact on #nallpl performance of a
Multigame application. For a description of the hardwareused for the performance
measurements, we refer to Section 1.3.

This section is structured as follows. First, we introduue applications. Then,
we describe the configuration parameters used for each cdpkcations. Next,
we justify the timing methodology. Further, we show the &mgilon speedups; the
performance of each of the games is subsequently analyzddtail. Finally, we
discuss the results and conclude.

4.7.1 Applications

We study the parallel behavior of six different Multigamepbgations. The two-
person games arehess checkers and Othellg the one-person games are the-
puzzle thedouble-blank puzzigexplained in Section 4.7.5.5), aRlibik’s cube The
two-person games use the MTD)(search engine and the one-person games use the
IDA* search engine. We chose for these applications forséveasons. First, the
different search characteristics of the games (e.g., widesaallow vs. narrow and
deep search trees; few vs. many transpositions) provid@ragentative suite that
measures the Multigame software under varying circums&n&econd, we have
good evaluation functions available for each of the apfibos.

The performance of the games is measured using three distiitransposition-
table implementationspartitioned replicated andnon-shared In this section, we
will pay attention to the performance behavior of thesegpasition-table implemen-
tations.
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eoQ N
;\\'0(\ ,\\QQ & 1}0 @'§ 0\}0
éj\\Q @Q@ & ef\}g) QQ}\O Q\\;\/ & o 7
¥ & & & S ¥y
multi-threading v - - — _ Z _
multi-processor Vi Vv Vv Vv v vV
use interrupts Vv - - - - - —
search algorithm v MTD(f) IDA*
nominal search depth - | 7-13 19-27 11-15 - - -
iterative deepening step size | — 2 2 2 - - -
quiescence search Vv Vv - - — _
maximum extension depth | / | 12 12 - - - -
minimum job depth vV 11 18 5 40 40 9
signature size (bits) V| 64 64 64 64 64 64
Multigame move generator Vv - Vv Vv - Vv
incremental signatures ViV Vv Vv v v -
order children Vv Vv Vv Vv - - —
Young Brothers Wait V4 1 1 1 - — _
transposition table NEERY v ¥ NV
number of entries N 222 22 22 A
lookup thresholdpartitioned | / | 0-5  0-13 -1 T 0 0
update thresholeeplicated | / | 0-9 0-13 0-1 T T T
buffer sizereplicated v/ | 250 250 250 250 250 250
aging viv ooV o v - - -
store entire board vV - - - - — -
history heuristic Vv Vv Vv Vv - - -
synchronize tables vV Vv Vv - - -
game dependent ordering hegr.,/ | / - - - - -
position repetition detection | / | / vV Vv VARV Vv
opening book V4 - - - - - -
pattern database NE - - - -
evaluation cache N - - - - —
maintain statistics NERY v v v Y

T See text.

Table 4.7: Configuration parameters.
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lookup thresholdgartitioned update thresholceplicated
CPUs 1 2 4 8 16 32 641 2 4 8 16 32 64
Chess 0 4 4 5 5 5 50 0 0 5 6 7 9
Checkersff 0 0 0 12 12 13 130 O O O 12 12 13
Othello 0 0 1 1 1 1 10 0 0 O 1 1 1

Table 4.8: Thresholds for two-person games on various ntgdi@rocessors.

4.7.2 Configuration parameters

As already stated in Section 4.1, the Multigame runtimeesysis recompiled for
every game. The compile script accepts a few dozen switcheséct which compo-
nents should be included in the runtime system, and to setusaparameters. Most
parameters are set at compile time rather than at run tiragffei Multigame shell de-
scribed Section 4.6), to generate more efficient code, abtphense of less flexibility
for the player.

Table 4.7 lists a number of compile and run-time argumesstsyaused them in
our performance measurements. These do not include theards that specify the
target architecture or control the optimization and delngtevels for the generated
executable.

For all performance measurements we disabietti-threadingand enabledhulti-
processosupport.Interruptdriven message delivery was disabled; we use polling in-
stead. The two-player games use MTDéassearch algorithmthe one-player games
use IDA*. Each position was searched to@ninal search deptbetween 7 and 13 for
chess, 19-27 for checkers, and 11-15 for Othello. For thasegjterative deepen-
ing repeatedly increases the search depth in steps of 2. Fa ahdsheckersjuies-
cence searckxtends the search depth with at most 12 plies. These depttespond
to search times of a few minutes on 64 processors.rm&emum job depthpecifies
the minimum distance to the leaves (including quiescentasions) to which remote
work stealing is allowed. All games use 64-signatures Checkers, Othello, and the
double-blank puzzle usmove generatorgenerated by the Multigame compiler; the
others are written in C. The move generator maintainsigpeatureincrementally for
all games except Rubik’s cube; for the latter it is fasterdoompute the signature
after each move. The two-player algorithms order the céildrccording to the “best
move” information in the transposition table and the infatian in the history heuris-
tic; the one-player algorithms do not order the childrenes€huses game-dependent
move ordering as well: captures and checks have a highaitpriban other moves.
Young Brothers Wait restricts the parallelism to all chéidiexcept the first one for the
two-player games.

All programs use dransposition table To leave room for the pattern databases,
Rubik’s cube uses a smaller table than the other games uselodkup threshold
for partitionedtables are chosen in such a way that the total overhead (seaec-
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head plus communication overhead) is minimized. The optinmashold depends on
the number of processors; extensive experimentation veasrea to determine them.
The thresholds are shown in Table 4.8. The thresholds amittences to the leaves,
including quiescence search extensions. Chess thus peri@mote transposition-
table accesses even during quiescence search. Checkersadoely on small num-
bers of processors, but checkers spends only a few percém tifme in quiescence
search. How the 15-puzzle restricts the remote lookupspkaeed later in this sec-
tion. The double-blank puzzle and Rubik’s cube perform lgukfor all nodes. The
update thresholslfor replicatedtables are also chosen to optimize performance. The
thresholds are also shown in Table 4.8. Remote update thidssfor the 15-puzzle,
double-blank puzzle, and Rubik’s cube are explained laégames use a broadcast
buffer for replicatedthat contains up to 250 entriedgingis enabled for two-player
games; however, table entries never become aged becausgsearching after one
move. None of the games stores thieire boardinto a table entry; instead they store
the tag part of the signature.

The history heuristicis used by the two-player games to order the children; the
history tables are occasionaBynchronizedAll games detectepetitionof positions.
For none of the games, apening books used. Rubik’s cube is the only game for
which we use gattern database A separateevaluation cachdto avoid multiple
evaluations of the same position) is never used; the traitspotable is used for this
purpose (in this case, the “best move” field in the table estvpid). Finally,statistics
are maintained during the search.

Many of the items listed in Table 4.7 were found empiricdlly,tuning until best
performance was obtained. This way of tuning is tedious and-tonsuming, espe-

that automatically tunes a game on a given system is desirabl

Several approaches to automate the tuning of the systeneasible. A genetic
algorithm, where the settings are encoded in a gene, wititedly find best or at
least good settings. Hill climbing is another brute-forp@m@ach, but will probably
require much time to find good settings as well. Most desirébé dynamic monitor-
ing system within the runtime system itself that monitors ierformance at runtime
and automatically adjusts settings when it believes thatthrent settings are subop-
timal. For example, if it monitors a high search overhead ahalv communication
overhead, it could lower the threshold for remote trandmostable accesses. This
would eliminate programmer intervention entirely. Dynammonitoring could also
lead to better results when the shape of a tree changes dhemifferent phases in a
game, such as chess trees, which are much wider during thtdengidme than in the
end game.
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4.7.3 Timing methodology

Each of the applications is measured using an applicapewcific set of test positions.
Each of the positions is tested up to four times for a paricnlmber of processors,
and for each position the execution times are arithmeti@leraged. Since the run
times for different test positions vary substantially, gemetric mean of each posi-
tion is taken to obtain the total average execution time. Sdrae way of averaging is
used for timing the individual program parts, such as thetipent in the evaluation
function.

We use the Pentium Pro’s time stamp counter to do accuratsurezaents. This
64-bit counter is incremented each clock cycle. Readindithe stamp counter re-
quires no special privileges, and can be done by a singlenddgénstruction. Un-
fortunately, the Pentium Pro requires over 30 cycles to@esthis instruction, where
it normally executes two instructions in a single cycle,sheaading the time stamp
counter is expensive. Yet the accuracy of this timer makssiiable for timing both
long running code sequences and microsecond events.

The Multigame runtime system provides a timer module thabets primitives for
starting and stopping a timer, and printing timing statitiStarting a timer requires
three assembly instructions and stopping a timer foistart/stop pair takes approx-
imately 320 ns on our hardware. The use of timers has littfgsichon the behavior of
our applications; at the application level, the timing dwsad is usually about 2% and
at most 3.8%.

For replicatedtransposition tables, it is not possible to measure the conica-
tion time in behalf of transposition table accesses exgmtigause incoming broadcast
messages cannot be timed accurately. If we put timers areand message han-
dler, we underestimate the amount of time spent communig.atiecause this way of
measuring does not account for the overhead in lower megsaging layers (Panda
and LFC). If we put timers around each poll, we overestimagamount of com-
munication time, because we include the time to handle remsposition-table re-
lated messages as well. Another complicating factor thatgesis exact timings of
transposition-table communication is that Panda impfigiblls the network when a
message is sent. Therefore, it is possible that a trangpositble broadcast message
is implicitly received and handled while a message for aelated program part (e.g.,
work distribution) is being sent. We therefore only meashegtime spent in the user-
level broadcast handler (which we can time exactly), andsonesl the Panda/LFC
overhead separately. Together, this yields performanogbets that are acceptably
accurate.

While running the checkers test set, we observed that nieyltyarallel runs of the
same test position did not always result in the same compailed for the root of the
tree. Occasionally the result slightly differed from thesarr computed by a single-
processor run. This behavior disappears when we let traitgpotable lookups suc-

"Provided that thé@éeaxand %edxregisters are free.



112 An optimized game-playing runtime system

ceed only when the search depth in the tasiactlymatches the required search depth,
rather than accepting table entries that have been seatctedeastthe required
search depth. We did not observe this behavior for other gathe deep checkers
trees with transpositions at varying depths cause thissiehalthough the answers
are different, neither answer is wrong. Accepting a tabteyghat has been searched
deeper than required might just lead to a “better” answeris Whfortunate situation
leads to different trees being searched by different rung. cdhsidered accepting
exact depth matching table entries only for the performaneasurements, but this
makes the application unrealistically slow. We therefdrese to accept table entries
that have been searched to a sufficient depth, and averagenthienes over a large
number of runs to obtain useful speedups.

4.7.4 Application speedups

Figure 4.29 shows the speedups for each of the applicatidihspeedups are relative
to the version that useswn-sharedransposition table, since this version is the fastest
on a single processor for all games. Since the 15-puzzledvasréinspositions, we
also show the speedups for a 15-puzzle variant that doessea@ transposition table
at all. Measurements for the two-person games are perfoionegh to 64 processors;
for one-person games we include numbers for 128 processasmparison purposes
in Chapter 5.

For chess, checkers, and Othello, we did not measure therperhce of the vari-
ants that use aon-sharedransposition table on large numbers of CPUs, since these
variants do not scale at all. Doing these measurements weglgre an excessive
amount of CPU time.

All figures show speedups faeplicatedthat taper off more than the speedups
for partitioned For small numbers of processomsplicatedoutperformgartitioned
but all figures except Rubik’s cube show a crossover pointepartitionedstarts to
perform better thameplicated In Section 4.4 we explained whegplicateddoes not
scale to large numbers of processdten-sharegerforms well for the 15-puzzle and
Rubik’s cube, but scales poorly for the other applications.

Atfirst sight, the application speedups seem mediocreweisknown that game-
tree search is hard to parallelize [4, 49, 101], due to a coatlin of communication
overhead, search overhead, and synchronization overBesmy we explain the per-
formance characteristics and discuss the various formseheads for each of the
applications.

4.75 Performance breakdown

We now analyze the performance results in detail, to expterspeedups shown in
Figure 4.29. The applications suffer from various forms wérheads. To determine
the impact of the various overheads, we measured where eatihaion spends its
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Figure 4.30: Chess performance breakdown.

time and compare these times for various numbers of proces¥é report on our
findings for each application separately.

We use bar graphs to specify how much time each processalspea particular
program part (see Figure 4.30 for an example). We distitgihis following program
parts:

¢ Node evaluatiomlenotes the amount of time spent in the evaluation function.

e Database lookupsdicates how much time is spent indexing and looking up
databases.

e Node expansioapecifies how much time is needed for the move generator.

e Searching work / idleshows how long processors are busy searching and steal-
ing work from other processors. This includes the idle time tb insufficient
parallelism.

e Transposition table communicatias the time needed for doing remote trans-
position table lookups and updates, and includes bothiietih issue requests
and to handle incoming messages.

e Miscellaneouss the time spent in the remaining program parts. These declu
the search engine, move ordering, history heuristic, positepetition detec-
tion, node allocation and deallocation, and local job quewerhead.

On the x-axis, the number of processors and the transpodélie variant are
shown. Here an “N” indicateson-shared“R” meansreplicated “P” stands forpar-
titioned, and “-" (in Figure 4.33) means no transposition table at all
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The height of each bar represents how much time is passed antiaydar pro-
gram part. The total height reflects the total run time. Ontiplel processors, the
height is the sum of execution times obtained on the ind&ligwocessors. The run
times are normalized; the norm is the run time of tlm-sharedvariant on a single
processor, which is the fastest sequential variant forathgs. Everything above the
norm is overhead and inversely proportional to the speekoyw;the different forms
of overhead mutually relate can be determined from the haifjthe shaded areas.
For example, a “2” on the y-axis while using 64 processorsasponds to a 32-fold
speedup. The y-axis thus shows normalized accumulativeuéra times. In some
cases, this execution time is extremely high due to searethead; we omit the results
for these cases.

4751 Chess

We first look at the behavior of our chess implementationhBanhove generator writ-
ten in the Multigame language and a move generator writtéh éxist. Since the C
implementation is faster (see Section 3.4), we use the Ceimghtation for our mea-
surements. The evaluation function is ported from CilkGhesprogram developed
at the Laboratory of Computer Science, MIT. We used the Briiipec test set [22]
(shown in Appendix B.4) to test our chess implementatiore idbminal search depth
varies from seven to thirteen plies; quiescence searcmésthis depth up to twelve
plies. Our chess implementation does not check the 50-mdedsee Section 3.7).

Figure 4.30 shows how the application spends the time iemifft program parts
for non-sharedreplicated andpartitionedtransposition tables. The figure shows why
the speedups are far from perfect. The application eithiéersurom a large search
overhead (indicated by increasing times spent expandidgesaluating nodes), or
both from search overhead and communication overhead:éteti by the increasing
times for transposition table communication).

On multiple processorsion-sharedsuffers from a high search overhead. Up to
32 processorseplicatedperforms better thapartitioned which is a surprising result.
The communication overhead fagplicatedis small for up to 16 processors, while
the communication overhead fpartitionedis apparent even for small numbers of
processors.

On 64 processorgartitioned performs best. Heregpartitioned and replicated
have approximately equal communication overheads, bigelirch overhead fqar-
titionedis smaller, partially due to a lower lookup threshold thamulpdate threshold
for replicated and partially due to the larger number of table entries. &l both
the search and communication overhead are significant, &édngpyood speedups.

Our speedups compare well to other work described in theatitee. Brocking-
ton reports a speedup of 18 on 64 processors for the Craftysghgram, using
the APHID parallel search algorithm [27]. Weill achievespeadup for ABDADA
search of 16 on 32 processors [120]. However, comparingisipsds probably use-
less for numerous reasons. First, we use the MJBgarch algorithm, while others
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Figure 4.31: Checkers performance breakdown.

usually parallelize NegaScout. As far as we know, so far ridiglied results for par-
allel MTD(f) exist. The newest version of CilkChess is based on parelieD( f),
but performance results were not reported. Second, reshtiééned by others do not
easily compare due to differences in hardware. Our intereonis relatively faster
than on most other distributed memory machines, but one ¢oornders of magni-
tude slower than shared memory. This allows us to share éimsppsition table to
reasonable depths, at the expense of considerable messsgiegooverhead. Third,
the behavior of the sequential implementation has impaspaedups. For example,
the efficiency of the move ordering heuristics and para#tarsh overhead are tightly
related (perfect ordering implies zero search overheat§o,four sequential imple-
mentation is somewhat slower than a native chess progratht(emefore easier to
parallelize), because our move generator fully generdtesiidren of a node while
a native chess program could generate a list of legal mowerigéens and generate
only those positions that need to be searched on demand.

4.75.2 Checkers

The second game in our test suite is checkers. The move gen&aenerated
by the Multigame front-end compiler. The evaluation fuantis ported from Chi-
nook [104, 106], the current man-machine world championweleer, our checkers
implementation does not use the endgame databases usednmpkchThe checkers
test positions are shown in Appendix B.5, and is the samséesis used by Plaat [86].
The checkers trees are searched between 19 and 27 pliegjiasdence search adds
at most 12 plies.

Figure 4.31 shows where checkers spends its time. The fihomsssome differ-
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Figure 4.32: Othello performance breakdown.

ences with respect to chess. First, most time is spent invidaation function, where
chess spends most time in the move generator. Second,ghaitransposition table
is even more important than in cheasn-sharedloes not obtain any speedups at all.
Third, with checkers, it is difficult to keep many processbusy, resulting in high
idle times. The narrow search trees are highly sequentiitia® small amount of
parallelism forces us to allow the transfer of small jobsyéasing the work-stealing
overhead. Kuszmaul [71] studied the amount of parallelisreeiarch trees in detail,
although he used chess trees for his study, which are mucr aidl easier to search
in parallel than checkers trees. The Multigame runtimessystoes not instrument the
length of the critical path (the execution time when an inéimiumber of processors
is used), nor does it measure the average amount of pagalleli

Replicatedperforms better thapartitionedon up to 8 processors; on 16 proces-
sors and morepartitionedis faster. Partitioned profits from the increased number
of transposition table entries. When we run the same testirsé4 processors us-
ing a version ofpartitionedthat has as few table entries @plicated both versions
search nearly the same number of nodes. The communicatishead foreplicated
however, is higher.

4.7.5.3 Othello

The third application we study is Othello. The move generiatarritten in the Multi-
game language, and the evaluation function is ported fratha A8 program developed
at the University of Leiden, the Netherlands. The Othelt siite is from Plaat [86],
and is shown in Appendix B.6. The positions are searched tor I3 plies. Since
there are no quiet positions in Othello, we search the teeadiked depth.
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The performance breakdown for Othello is shown in Figur@4Qthello yields
better speedups than chess and checkers, because thessghtommunication over-
heads are lower. The search trees are more balanced thanasitesheckers trees.
Moreover, the work stealing overhead is modest. Althoughe@d trees have few
transpositions, the transposition table is important fovenordering and for maintain-
ing state between iterations of the MTD(algorithm. If the table is not shared, the
speedups are poor. Up to 16 processmglicatedis faster tharpartitioned starting
from 32 processongartitionedoutperformseplicated On 64 processorpartitioned
obtains a speedup of 28.4 with respechtm-sharedn single processor.

4.7.5.4 The 15-puzzle

Our implementation of the 15-puzzle uses a state-of-thevatuation function, which
is discussed in Section 4.5.5. For the performance measmtsrve use the move
generator that is written in C (rather than the one writtethenMultigame language).

The test positions used for the 15-puzzle are shown in Apggéha@ and are nine
of the hardest positions known [52]. All positions have autioh length of 80. Most
parallel 15-puzzle programs are benchmarked on the 10pn&sems in [67]. Using
a sophisticated lower bound and a fast processor means #mgt o these test prob-
lems are solved sequentially in a few seconds. Hence, a rhallenging test suite is
needed.

The 15-puzzle uses the IDA* search algorithm. To avoid leeguential searches,
we stopped searching after a 74-ply search iteration. Bypstg the search before
a solution is found, we circumvent another problem. The ilasation (in which a
solution is found) needs an unpredictable amount of seareh since a solution can
appear anywhere in the tree. All previous iterations bitddame trees, which require
the same search effort. By not searching the last iterati@npbtain reproducible
execution times.

Both replicated and partitioned reduce the amount of transposition-table com-
munication by avoiding remote accesses at the leaves, buhthshold is variable.
Replicatedperforms an update for a node when it searched at least 64 modee
subtree below it. Fopartitionedsuch an approach to reduce lookups is not possible,
because the lookup occurs before the subtree below it hasdeseched, and at the
time of the lookup the size of the subtree is not known. Wedfoee use the following
heuristic: a lookup for a node is done if the lookup for thegparor the lookup for
the grandparent was successful. If neither lookup was sstethe node probably
has not been visited by a previous iteration of IDA*, and ilikely that the node is
somewhere near the leaves. Using this heuristic increbsasimber of visited nodes
by 31%, but saves a factor 5.3 on communication costs.

Figure 4.33 shows the performance breakdown for the 15lpu&ince the 15-
puzzle has few transpositions and does not need the trdtispdable for move or-
dering, we include the numbers for a version without anyspasition table at all.
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Figure 4.33: 15-puzzle performance breakdown.

The figure shows that much time is spent in “miscellaneousy@am parts. This
is caused by the low execution times of the move generatottenglvaluation function
(3.66 and 2.7(@s respectively). Therefore, a relatively large time is $jrethe search
engine and in the repetition detection module, which togreglacount for the majority
of the remaining time.

Non-sharedperforms best in most cases, except on 4-16 procesReqdicated
performs better thapartitioned on up to 32 processors. On 128 processmapli-
catedshows a communication performance dip that is caused by4 fi@V control
mechanism. There is not enough memory on the Myrinet netimtekfaces to accom-
modate a reasonable amount of receive buftaterefore senders quickly run out of
send credits and start communicating with the credit martagget more send credits.
These negotiations increase the amount of communicatien mwore and aggravate
the problem. The version that does not use a transpositide sdways searches the
same tree, and therefore has the same overhead regardiessafmber of processors
used.

Our speedups are lower than those published in the literafior example, Cook
and Varnell [34] report 58.90-fold speedups on 64 processétowever, we com-
pare to a much more efficient sequential algorithm that usesransposition table to
reduce redundant search effort.

8Current Myrinet cards have 4 or 8 MB, which would suffice foBX®ocessors; ours are equipped with
1 MB.
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Figure 4.34: Double-blank puzzle performance breakdown.

4.7.5.5 The double-blank puzzle

The double-blank puzzle is a modification to the 15-puzzleene we removed the
“15"-tile, leaving two positions blank. This modificationejds a game that builds
search trees with many transpositions, because two caisemoves involving both
blanks can usually be interchanged, resulting in the sarsiéi@o. We used this game
to stress-test the behavior of the different transposttdife implementations.

The double-blank puzzle uses the evaluation function ofithguzzle, adapted
for two blanks. The test positions are the same positione@setfor the 15-puzzle,
with the "15'-tile removed. They are shown in Appendix B.3e Whnited the search to
a 66-ply search depttRartitioned performs transposition table lookups for all nodes
in the tree, since the game has so many transpositReglicateddoes transposition
table updates for all interior nodes. Storing leaf inforimain the transposition table
is expensive and the possible savings are minor.

Figure 4.34 shows why the speedups are at most 11.1, evenSpr&2essors.
The 14-puzzle suffers from an enormous search overhead tfansposition table is
not shared, or from an extreme communication overhead ifabke is shared. On
128 processors, the search overheadtm-shareds a factor of 11.5, angdartitioned
spends 85% of the time doing remote transposition tablesaese We were not able
to perform measurements fagplicatedon 128 processors, because LFC collapses
when all machines start broadcasting at an uncontrolleg daispite the flow control.

4.7.5.6 Rubik's cube

The third one-person game used in our test suite is Rubilde.ciVe use the move
generator that is written in C, since it is faster than thewrigen in the Multigame
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Figure 4.35: Rubik’s cube performance breakdown.

language. The evaluation function is very simple, but isstesd by two pattern data-
bases [68], one for the corner pieces and one for the edgepi€be implementation
of the pattern databases is discussed in Section 4.5.4. dtterpdatabases are read
into main memory before the search begins. With respectdoother games, we
halved the number of transposition table entri€s {@stead of 22), to leave room for
the pattern databaseRartitioned performs transposition table lookups for all nodes
in the tree, andeplicatedupdates all interior nodes.

Rubik’s cube was tested using 5 random problems, depicteppendix B.1.
Since a random problem requires weeks of CPU time to solvdimited the search
depth to 17.

The performance breakdown for Rubik’s cube is shown in EguB5. Rubik’s
cube has many transpositions (two consecutive turns onsipgaides), but these
transpositions form small cycles in the search tree. Sindgk® cube migrates few
jobs, these cycles are likely to be searched by a single psocgthereforaon-shared
performs quite well for this application.

On 2 to 64 processorgeplicatedperforms best. On 128 processors, LFC'’s flow
control mechanism delays the transposition table comnatinit for bothpartitioned
andreplicated yet Rubik’s cube does not communicate as much as the ddoldoide-
puzzle does. The search overheads are minimal.

Contrary to other gameseplicated performs better thapartitioned for up to
128 processors. This is due to the wide trees built by Rubilre, which implies that
there are many leaf nodes. Although the prefetching meshaaofpartitionedworks
well for wide trees,replicateddoes not update leaf nodes at all whigartitioned
looks them up as well (at the time of a lookup, the search endoes not yet know
whether a node will be leaf or interior). Consequently, thaklup/update ratio for the
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game evaluation PDB lookup node expansion
chess 127 — 44.0
checkers 141 — 191

Othello 76.4 - 911
15-puzzle 2.70 - 3.66
double-blank 3.26 — 10.7

Rubik’s cube 1.02 117 589

Table 4.9: Absolute costs of the evaluation functions,grattlatabase lookups, and
node expansions (igs).

transposition table is high, approximately 11/1.

4.7.6 Discussion and conclusions

We discussed the performance of the Multigame runtime sy stsing six different
applications. We saw that the applications in our test sitabit big differences in
scalability and the way they spend their times. Yet theresarae commonalities,
which we will discuss now.

First, for most applications the transposition table isc@ufor obtaining good
performance. Chess, checkers, Othello, and the doubiéeplazzle scale badly if the
transposition table is not shared.

Secondreplicatedperforms surprisingly well on systems of up to 16 or 32 pro-
cessors. On larger systems, too much time is spent in theltaeamessage handlers,
since each invocation consumes a considerable amount ef imd because each
broadcast message invokes the handlealbrmachines. Nevertheless, this way of
sharing is promising on clusters of SMP machines (such systee likely to become
the most cost-effective parallel machines in the near &twsince each SMP needs
to process each broadcast message only once, while thepsttassors in the SMP
can continue searching the search tree. Of course, if treepsors have more time to
search the tree, more communication traffic will be creaded, more messages will
be broadcast.

Third, for each application there is a minimum number of pssors for which
partitioned starts outperformingeplicated On our hardware, this number is usu-
ally around 32, although for Rubik’s cubeplicatedstill outperformspartitionedon
128 processors.

The times needed to generate children and to evaluatequséare very different
for the tested applications, yet each application spendssiderable amount of time
expanding and evaluating nodes. The evaluation functiorclieckers is slow but
carries much knowledge. On the other hand, both the evaluétinction and the
move generator of the 15-puzzle are fast because they avdyheptimized. Note
that the times include the overhead for measuring; appratein 0.16ps (half the
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time of a TimerStart TimerStoppair) should be extracted to obtain the real time. The
evaluation function of Rubik’s cube does little; Rubik’sbaumostly depends on the
pattern databases.

From the performance breakdown we learned that the apiplitsapass their time
throughout the entire program. The general rule-of-thunalb &n application spends
90% of the time in 10% of the code does not hold for game playiig transposition-
table broadcast handler foeplicatedis a possible exception; if an application per-
forms updates for (nearly) all nodes in the tree and a largeb®un of processors is
used, most time is spent there. However, on a large numbeiooggsors it is usu-
ally better to usepartitionedtransposition tables. The lack of hot spots in the code
makes optimizing a game-playing program a tedious taskesiptimizations must
be applied everywhere, and each optimization usually salest 5 or 10% at the
application level.

Although we invested much effort optimizing the Multiganodterare, there is still
room for further improvement. For example, we did not impdatpattern databases
for the 15-puzzle [36, 37], nor did we implement Enhancech3pasition Cutoffs
(ETC) [86, 88]. ETC lookups all children of a node before thstfchild is searched.
Search effort is reduced when the first, most promising afhilels not cause a cutoff,
and one of the other children transposes into a state thdtdeassearched previously
and does cause a cutoff. Since the number of transposdlie-tookups increases
significantly, ETC is likely to perform well foreplicatedtables and badly foparti-
tionedtables. Moreover, the prefetching mechanismgfartitionedwill not work in
that case, because there is no time to overlap communiaatieomputation.

The speedups of each of the six tested games are far frontpaifee tree search-
ing algorithms are hard to parallelize. Three importanseaifor overhead asearch
overheagdcommunication overheadndsynchronization overheadVe observe that
the proportions of these overheads differ for each of thedegames. The distributed
transposition table contributes significantly to the comination overhead, whether
implemented as eeplicatedtable or as gartitionedtable. The communication over-
head can be reduced by increasing the threshold for whiobgesition table accesses
are allowed or by not sharing the table at all. Whether thgsghenajor impact on the
search overhead depends on whether the game builds tréesaily transpositions.

4.8 Experiences with multi-threaded and distributed
programming

Implementing a runtime system for distributed game playurged out to be a hard
task, resulting in a major effort to test and debug the saftwin this section, we will
discusswhyit is hard to implement a distributed game-playing runtirpstem.

There are a number of issues that complicate the implememntabme of which
are specific for distributed game-tree search. We will, hamefirst discuss some



124 An optimized game-playing runtime system

general problems of programming for distributed memoryeys.

First, programming with threads is error-prone. While sadial programs written
in an imperative language usually overspecify the exenudrder, the multi-threaded
programming model encourages to write programs timaterspecifithe execution
order: after aThreadFork() any execution order is allowed except if forbidden by
synchronization statements, and such synchronizationtpare easily overlooked.

Second, Panda’s upcall model for incoming messages is barset Upcall han-
dlers are not allowed to block and wait for events that aggeted by invocation
of other upcall handlers [73]. A second restriction is thah@ead must release all
mutexes before sending a message. These restrictionsantyexhat makes Panda
communication fast (a message can always be received otaitleaf the currently
running thread, eliminating the need for unnecessary thsegtches), but from a pro-
grammer’s point of view, it is sometimes hard to ensure thattles are not violated.
The second restriction implies, for example, that an apfibo cannot atomically en-
ter an item into a message buffer, send the buffer (if ergeha item causes the buffer
to be full), and clear the buffer for future use.

In current versions of Panda, it is possible to control mgssaceipt by disabling
network interrupts and poll the network outside criticaitgmns. This eases program-
ming, because the application can poll for messages outsititeal sections, elimi-
nating the need for synchronization. However, in the deplygse of the Multigame
runtime system we could not rely on controlled messagepéedberefore the runtime
system is able to receive messages at all times, providedhtbauntime system is
compiled with theanulti-threadingoption enabled.

Another recent feature of Panda that would have eased thégslue runtime
system implementation, is the ability to FIFO-order messad he absence of FIFO
ordering provides us with many opportunities for potentéde conditions. For ex-
ample, work can be killed even before it arrives. The Multigaruntime system is
able to deal with non-FIFO message delivery, but impleménigsin a rather ad hoc
manner. FIFO ordering of messages is only meaningful if ngtwnterrupts are dis-
abled, otherwise a message can be received via an interhiletanother message is
being received via a poll. Moreover, Panda does not ordenqgaod unicast messages
relative to each other; the Multigame runtime system dedtsthis as well.

The lack of suitable parallel debugging tools hampers dgimgg We found that
most of the time core dumps are created too late to see sargaibeful, because
the real error is triggered somewhere else, and often byhandtread, or on another
machine.

Lock-free programming [54, 59, 117] is hard and error-prdraek-free program-
ming techniques synchronize multiple threads by optiradty performing memory
operations through the use of atomic compare-and-swagh-Btd-add, and test-and-
set machine instructions. Multiple threads can conculyg@rform such an opera-
tion, but the code is arranged in such a way that only one t¢hseaceeds in doing
the operation, while the concurrent threads have to redopkeation. Programming
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with locks is much easier, but less efficient because an eipethread switch is re-

quired when a thread wants to acquire a lock that is alreddyntay another thread.
We implemented a fast lock-free memory allocation moduletlfie allocation and

deallocation of tree nodes. We had a hard time getting the codect, because the
programming model is so error-prone. It is already hard tmchvace conditions in

push and pop operations of a stack, while the stack is oneedbtimplest” data struc-

tures.

During the development of the Multigame software, we alsoindo bugs in the
thread scheduler, communication software, operatingesys€C and C++ compilers,
and even suffered from occasional network-memory bit err&ome of these errors
were extremely hard to track down.

There are also issues that make writing a distributed gadmgng runtime system
hard because of the nature of the application domain.

First, game-tree search is insensitive to many programerirggs. We distinguish
two kinds of errors which remain easily unnoticed, namebsthwhere the answer is
correct but incorrectly computed, and those where the anisveerrect but for which
too much work has been done. An example of an error in the focategory is when
the search result of a subtree is ignored due to a race comgytet the search algo-
rithm is often perfectly able to hide the error and suggestigiht move. Errors easily
get lost in the tree. Performance errors are even more likelgmain unnoticed.
For example, occasional overflows of the history heuristide counters during deep
checkers tree searches drastically disturbed the moveiogdeWe were not even
aware of this error until we carefully analyzed the perfoncestatistics. Another
move ordering bug in quiescence search remained unnoticexvér a year. Unfor-
tunately, it is impossible to guarantee program correstne®wever, by the careful
analysis of the performance measurements, we gained &st@as confidence in the
correctness of our software.

Second, the non-deterministic nature of game-tree seahenéntly poses debug-
ging problems. Sequences of actions are seldom repeatatlegach run searches
another tree. This makes it often hard to track down a bug.

Third, search trees are hard to visualize. Trees of more3barodes are hard to
debug, because one loses the overview over their conneetipacially if the state is
distributed over several machines. In practice, trees\aei?,000,000 nodes in size,
and many bugs are not triggered on small sized trees.

Fourth, the asynchronous nature of different events makesémmunication
model intricate. For example, Alpha-Beta updates (see@eét2.2.6) and kill mes-
sages are hard to implement. Apart from the FIFO orderingudised above, a parent
might send a kill message to a child at the same time that drelseesult for the child
is sent to the parent. Therefore, the parent must be ablentidna search result even
if it killed the child, and the child must be able to handle W kiessage even if the
search for it has already finished.

The following debugging strategy proved its usefulnesgtimes. We let the



126 An optimized game-playing runtime system

sequential NegaMax search engine search a tree up to anceefath. The NegaMax
search engine searches all nodes in a tree without pruniaged€h node and each
search depth, we store the search result in a (large) file.ebagla parallel search
engine, the search engine reads the entire file into memdoyebsearching the same
position. Each time the parallel search engine has compulteder or upper bound
for a node, the search result is matched to the precomputed x@ad from the file
and the program is aborted if the search results are notstensi

There are higher-level programming models that should pasgramming a par-
allel game-playing runtime system. Cilk [20,51] probabffecs the most suitable
model, although the model is too weak to express Alpha-Bedates (NegaScout and
MTD( f) kill messages can be expressed by using the abort mechar4oneover,
the NegaScout example in the Cilk manual [113] is exceptiphard to understand.
Cilk is discussed extensively in Section 4.3.4.

In conclusion, we postulate that implementing a high penfmce distributed
game-playing runtime system requires significant effortlof-level programming
model, lack of debugging tools, non-determinism, and isgity to many kinds of
errors make debugging such a runtime system a tedious task.

4.9 Discussion and conclusions

In this chapter, we discussed the Multigame runtime sysfdra.runtime system sup-
ports a wide variety of board games on distributed memoriesys, shared memory
systems are supported as well. The runtime system implexrsenéral parallel search
algorithms: IDA* for one-player games and Alpha-Beta, Negaut, and MTD{)
for two-player games. The search engines described in ltlaigter use random work
stealing to distribute work. The runtime system has tworfates to the move gener-
ator: one that supports code generated by the Multigamé-&od compiler, and one
that is easier for use by humans.

Writing a distributed runtime system for a game-playingiemvment is a difficult
task. Especially if the underlying message passing softwlaes not support FIFO
ordering or if message delivery is interrupt driven (i.@n®ccur at any time), race
conditions must be prevented everywhere. Polled messdiyergeas easier to pro-
gram with, and is more efficient for fine-grained communimati The nature of the
application domain also complicates an implementatione fibn-deterministic be-
havior of parallel search, the fact that many errors remaimoticed, and the large
(distributed) state space make debugging a tedious task.

The runtime system implements a number of game-indepehdarnistics to guide
the search. The transposition table is used for prevenéargching the same subtree
multiple times, and for move-ordering. Three distributiorchanisms for the trans-
position table were implemented: replicated, partitiqread non-shared tables. The
history heuristic is also used for move-ordering. The mstables are occasionally
synchronized during distributed searches. Quiescenaelseatends the search at
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positions where the evaluation value cannot be trustedaoeaterial or tactical dis-
turbance. Cycles in the directed search graph are effigiglelected, and pattern
databases considerably reduce the search space in orez-géames.

The runtime system is highly optimized. Since a game-plapirogram tends to
spend the time everywhere in the program code, many opfiioizaare needed that
each have a modest impact on application performance. &pigely started work in
progress that becomes obsolete is killed by update messktggsory management
for dynamic node allocation is efficient, even in multi-thded environments. The
transposition-table communication is reduced using s¢vechniques. We found
that application-specific network interface firmware rezsRicemote lookup latencies
considerably; unfortunately network interfaces are hargrogram. Prefetching also
helps in reducing remote lookup latencies. We implemenéadeagspecific optimiza-
tions as well. Some optimizations have not yet been impleéeteisuch as Enhanced
Transposition Cutoffs, and 15-puzzle pattern databases.

We did extensive performance measurements for six difféviertigame applica-
tions, using various transposition-table distributiohesmes. Each of the applications
was tuned for best performance. Parameter tuning turnetbdug a tedious task;
automating this process would relieve the programmer flostiurden. Moreover,
tuning had to be done for each separate number of procesSpeedups are mod-
est due to search overhead, communication overhead, aotrsyrization overhead.
Modest speedups are common for parallel search algorithmasour speedups com-
pare well to other work. The impact of each of the overheaffieréd for the various
applications. Despite the transposition table commuimnabptimizations, setting
thresholds for remote lookup or update operations is sitlssary, although the table
can be shared to levels near the leaves. A surprising restiieigood performance
for replicated transposition tables on up to 32 processors.

The programmer has to select some components from the ristyistem and
tune some parameters to obtain good parallel performancéhid respect, we did
not completely succeed in hiding parallelism. Neverthgldse programmer requires
almost no knowledge about parallelism, and this model ishmaasier to use than to
write a parallel game-playing program from scratch.
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Chapter 5

Transposition-table-driven
work scheduling in distributed
search

In the previous chapter, we described the Multigame runsigstem. We analyzed the
performance for several Multigame applications, showirag transposition-table ac-
cesses are one of the primary sources of overhead. We exgrgechwith partitioned,
replicated, and local transposition tables, and concltlahll approaches have seri-
ous scaling problems. Partitioned-table lookups are esipesince they are blocking.
Replicated tables communicate too much data when many ggoreare used, since
each table update is broadcast to, and handled by all otbeegsors. Using local
tables results in significantly higher search overheads.

These table distribution schemes are intuitive ways to émant a distributed
transposition table. However, we believe that the tradilovay to implement dis-
tributed search, usingork stealing disallows an efficient implementation of a dis-
tributed transposition table. Without a transpositiordgalwvork stealing is efficient
(since work stealing itself involves little communicatiomerhead). But if one first
parallelizes the search algorithm and subsequently adid¢réodted transposition ta-
ble as an afterthought, it is hard to get a table entry to thegolhere it is needed: at
the processor that processes the corresponding state.

In this chapter, we investigate a different approach to Ifizze a search algo-
rithm, and integrate the scheduling of the parallel sealgbrahm with the transpo-
sition table. The key idea is to partition the transpositiainle over the processors,
and tomigratea state to the processor that owns the corresponding tatole exther
than using work stealing. We call this approach transpmsitable-driven work sche-
duling, orTransposition-Driven Scheduli@DS) for short. At first, this idea seems
counterintuitive, since it requires much communicatiomwdver, since all table ac-
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cesses are local now, we get rid of the blocking remote talalkups, avoiding pro-
cessor idle times. Moreover, the asynchronous commuaitattterns allow latency
hiding, and message combining can even further improvedheraunication perfor-
mance.

We implemented TDS for the IDA* [67] search algorithm, whielsulted in a new
search engine. This search engine was embedded in the Btukiguntime system,
as shown in Figure 4.1. Here, our TDS implementation is atait® of the box
labelled “search engine”, and replaces the cluster wittbthess “job queue”, “work
stealing”, and “path encoding”. So far, we implemented TD®/dor single-agent
search, since straightforward implementation of two-agearch is more difficult due
to back-propagation of local search results.

In this chapter, we report on our experiences with TDS for 1D&Ahe chapter is
organized as follows. In Section 5.1, we describe the TD&ralgn, and how it works
for IDA*. Then, in Section 5.2, we discuss some implementatssues. Section 5.3
lists the advantages and disadvantages of TDS. Sectioeofts and discusses per-
formance results for several applications. Although wertitlimplement TDS for
two-player algorithms, we discuss some two-player relasages in Section 5.5. Sec-
tion 5.6 describes related work, and in Section 5.7, we di@velusions.

Results of this chapter were published in [100].

5.1 The basic algorithm

TDS is a distributed scheduling algorithm, and, like wokkading, is built on top of a
search algorithm. The scheduling algorithm describes &bad when states are ex-
panded. Work stealing naturally clusters subtrees on iddal processors, but TDS
scatters the tree over all processors. At first sight, thisnseillogical, since TDS
communicates much more than work stealing does. Howearjhliited transposi-
tion tables are hard to implement efficiently when combinét work-stealing based
scheduling algorithms. TDS avoids the problem by integoatihe scheduling and the
transposition table, lowering both communication anddeaverheads.

Figure 5.1 illustrates how TDS for IDA* works; the numberstins paragraph
correspond to the black numbers in the figure. Each procets@s part of the trans-
position table (1), and has a local work queue (2). The loaakvwgueue contains
states that need expansion. As long as there are stateswothe&ueue, the proces-
sor takes a job, and expands it to its successor states (&) éfpansion, the parent
state is destroyed. Each child is evaluated, using an ailreiss/aluation function.
States that are too far from a target (i.e., the evaluatiostfan returns a minimum
distance that is greater than the state’s search depthyanegh(4). Each of the re-
maining states is hashed to a transposition table entrysantto the processor that
owns the entry (5). Upon arrival, the state is looked up irtthesposition table. If the
state is not there (6), the entry is both written into thedpasition table and into the
local job queue (7). If the state is already in the table (8}, dtate is a transposition,
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work trans work trans work trans
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Figure 5.1: Transposition-Driven Scheduling for IDA*. Blanumbers are referred
to in the text.

and need not be searched again.

Each state is assignedn@me processomhich manages the transposition table
entry for this state. The home processor is computed frorattte’s signature. Some
of the signature bits indicate the processor number of ite’sthome, while some of
the remaining bits are used as an index into the transpodélde at that processor.

Figure 5.2 shows the pseudo code for a Transposition-DiS@reduling algo-
rithm, which is executed by every processor. The funchitinLooprepeatedly tries
to retrieve a state from its local work queue. If the queuedsempty, it expands
the state on the head of the queue by generating the chil@irem it checks for each
child whether the lower bound on the solution length (olgdibyEvaluatg exceeds
the IDA* search bound, in which case it causes a cutoff. If tre child is sent to its
home processor. When the local work queue is empty, theitigpchecks whether
all other processors have finished their work and no work agessare in transit. If
there is still work somewhere, it waits for new work to arrive

The functionReceiveStatis invoked for each state that is received by a processor.
The function first does a transposition table lookup to seethdr the state has been
searched before. If not, or if the state has been searcheditadequate depth (e.g.,
by a previous iteration of IDA*), the state is stored into thensposition table and put
into the local work queue; otherwise the state is discargmdbse it has transposed
into a state that has already been searched adequately.

The values stored in the transposition table are used diftrfor work stealing
and TDS. With work stealing, a table entry storesearch resul{a lower bound on
the minimal distance to the target), derived by searchiegtlbtree below it. Finding
a transposition table entry with a suitably high table vahdicates that the state has



132 Transposition-table-driven work scheduling in distributed search

PROCEDURE Mai nLoop()
VWH LE NOT Fi ni shed DO
State : = GetLocal Job();
IF State <> NULL THEN
Children := ExpandState(State);
FOR EACH Child IN Children DO
| F Eval uate(Chil d) <= Child. SearchBound THEN
Dest = HomeProcessor(Signature(Child));
SendSt at e( Chil d, Dest);
END
END
ELSE
Fi ni shed : = Checkd obal Termi nation();
END
END
END

PROCEDURE Recei veSt at e( St at e)
Entry : = TransLookup(State);
I'F NOT Entry. Hit OR Entry. SearchBound < St ate. Sear chBound THEN
TransStore(State);
Put Local Job( State);
END
END

Figure 5.2: Simplified TDS algorithm.

been previously searched adequately. With TDS, an entriagenasearch bound
It indicates that the subtree below the state has either pemmously searched ade-
guately (as above) or is currently being searched with thergbound. Note that this
latter point represents a major improvement over previassiluted transposition
table mechanisms in that it prevents two processors fromwweking on the same
subtree concurrently.

5.2 Implementation issues

We now discuss some implementation issues of this basigitiigo An important
property in our TDS implementation of IDA* is that a child &aloes not report its
search result to its parent. As soon as a state has forkeeéwfivwork for its children,
work on the state itself has completed. In some cases (fonpbea for two-person,
minimax search algorithms) the results of a child should tmpagated to its parent.
Applicability of TDS to two-person games is discussed intfeacs.5.

Since no results are propagated to the parent, the TDS thgonieeds a separate
mechanism to detect global termination. TDS synchroniftes @ach IDA* iteration,



5.2 Implementation issues 133

and starts a new iteration if the current iteration did ndvedhe problem. One of
the many distributed termination detection algorithms barused. We use the time
count algorithm described in [77], which counts the sizehsf bocal work queues
and the number of pieces of work in transit. The overheadsionination detection is
negligible, because new iterations are started infredyemd because the termination
detection algorithm is active only when a work queue becosngsty.

Another issue concerns the search order. Scheduling greserot only on which
processor a state is expanded, but also in which order. Hssable to do the paral-
lel search in a depth-first way as much as possible, becaesétbrfirst search will
quickly exhaust the memory for intermediate states. Déipsh-behavior could be
achieved using priority queues, by giving work on the ledtat side of the search tree
a higher priority than that on the right-hand side of the .ttdewever, manipulating
priority queues is expensive. Instead, we implement eazdd lwork queue as a stack,
at the possible expense of a larger working set. When segysleiquentially, a stack
corresponds to pure depth-first search.

An interesting trade-off concerns when and where to invblkeavaluation func-
tion. One option is to do the evaluation on the processordiestes a piece of work,
and to migrate the work to its home processor only if the eatinn did not cause
a cutoff. Another option is to migrate the work immediatedyits home processor,
look it up in the transposition table, and then call the extitin function only if the
lookup did not cause a cutoff. The first approach will migietes work but will al-
ways invoke the evaluation function, even if the state haslsearched before (on the
home processor). Which approach is more efficient dependseorelative costs for
migrating and evaluating states. On our system, the firstomgh performs best for
most applications.

An important optimization performed by our implementatismessage combin-
ing. To decrease the overhead per migrated state, sevates$ shat have the same
source and the same destination processors are combinezhiatphysical message.
Each processor maintains a message buffer for every otlbeeggor. A message
buffer is transmitted when it is full, or when the sendinggassor has no work to do;
this typically happens during the start and the end of eachtibn, when there is little
work.

The best results for TDS are achieved when all processorargetjual amount
of work on average. If some processors are slower than gtbeifthe load is not
evenly balanced, then the stacks of work of the processatsctnnot keep up will
grow progressively. Priority queues will not help in thisseasince they will not
keep fast processors from generating work too fast. A flowrcbecheme would be
required to slow down processors that send states too findgugVe have not found
the need to implement such a mechanism yet.
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5.3 Discussion

Transposition-Driven Scheduling has six advantages:
1. All transposition table accesses are local.

2. All communication is asynchronous; processors do notf@amessages. As a
result, the algorithm scales well to large numbers of preaes The total band-
width requirements increase approximately linearly whith humber of proces-
sors.

3. No duplicate searches are performed. With work stealmgtiple processors
may concurrently search a transposition because the taitigm-table update
occursafterthe subtree below it was searched. With the new scheme thi®ta
occur; all attempts to search a given subtree must go thrthegsame home
processor. Since it has a record of all completed and infpesgwork in the
transposition table, it will not allow redundant effort. &lonly situation in
which duplicate work will get done, is when the transpositiable is too small
for the given search. Some table entries will get overwrjtend this loss of
information can result in previously completed searchésgoepeated.

4. TDS uses the extra memory that comes when more processoeslded in
an efficient way. The extra memory is used to cache more statésg long
searches, which decreases the likelihood that entrievvante@ from the table.

5. TDS produces more stable execution times for trees withiyniranspositions
than the work-stealing algorithm.

6. Noseparate load-balancing scheme is needed. Prevignrglains require work
stealing or some other mechanism to balance the work loaald balancing in
TDS is done implicitly, using the hash function. Most hashdiions, including
the one we use [122], are uniformly distributed, causingltiaal to be dis-
tributed evenly over the machines. This works well as longllgsrocessors are
of the same speed. If this is not the case, the stacks of thepstacessors will
grow and may exhaust memory. A flow control scheme can be atbdeskp
processors from sending states too frequently. In our éxgerts, we have not
found the need to implement such a mechanism.

We determine the root’s search bound of a new IDA* iteratisificlows. During
an iteration we compute for each node that is pruned therdiffee between its evalu-
ation value and its search bound. Each processor mainteredal minimum of the
differences seen so far. If an iteration does not lead to @tisal, the next iteration
will be started with a search bound that is increased by thbajiminimum of the
differences. Determining the global minimum hardly reqaiextra communication,
since the local minima can be collected during global teatiim detection.
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Figure 5.3: Average application speedups.

5.4 Performance measurements

We compare the performance of TDS with that of work stealimgh partitioned
replicated andnon-sharedransposition tables. Our test suite consists of three game
the 15-puzzlethedouble-blank puzzlésee Section 4.7.5.5), aflbik’s cube Since
the 15-puzzle has few transpositions, we include numbera f@riant that uses no
transposition table at all. The conditions under which weasoee the performance
for TDSare the same as those for the other variants. The perfornudiribe other
variants is described in more detail in Section 4.7. Unpletitioned TDSdoes not
use customized firmware (see Section 4.4.4) but runs on thp©fand Panda.
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Figure 5.3 shows speedups with respecTiS searching on a single processor,
the fastest variant for sequential searches for all apgdica. TDSoutperformsarti-
tionedandreplicatedby a factor 2.0 to 15.1 on 128 processarsn-shareds outper-
formed by a factor 1.5 to 11.8.DSscales almost linearly.

Figure 5.4 shows the performance breakdown for the apjgitat The results are
visualized the same way as in Chapter 4. The height of eacheBlacts how much
time is spent in a particular program part. The differenodssights explain the over-
heads. The bars labeled “N” represent the resultafor-shared“R” for replicated
“P” for partitioned “—" for no table and “T” for TDS For this variant, the black ar-
eas represent the time to communicate the work to other gsocg rather than the
time to communicate remote transposition-table entridge graphs are normalized;
the norm is a sequentidiDSrun, which is the fastest sequential variant for all ap-
plications. More information on the construction of the gaaphs can be found in
Section 4.7.5.

On a single processor, we see th&@tSspends more time to evaluate states. This
is due to our decision to evaluate a state on the processaevitis created, rather
than the one to which it is sent. Therefore, a state is evadila¢fore it is looked up in
the transposition table, even if the state is a transpos#i needs no re-evaluation.
It is possible to optimize the local case where a state ig@edean the processor that
contains the corresponding transposition table entry, erfbrm the transposition
table lookup before evaluation takes place. This wouldease the performance of
TDSon small-scale systems even mére.

The gray shaded areas (which represent the time spent iet&ming program
parts) forTDSare smaller than for the other variants. Due to its simplitite search
engine ofTDSis considerably faster than the other search engines. MerebDS
does not require thposition repetition detectiomodule (see Section 4.5.3) to de-
tect cycles in the directed search grafibSdetects repetition of positions through
the transposition table, becauEBS updates the transposition talideforea state is
searched.

Figure 5.4 also illustrates th@iDS performs well on large-scale systems. The
increase in transposition table size and the involved dserén search effort largely
compensates the increase in communication overhead. bdzalance turned out to
be negligible; the most busy processor does typically less 1% more work than the
least busy processor.

Even on 128 processorEPSuses only a small fraction of the available Myrinet
bandwidth, which is about 60 MByte/s per link between usercpsses. The 15-
puzzle requires 2.2 MByte/s, the double-blank puzzle 1.4/#E, and Rubik’s cube
0.36 MByte/s. Each job is encoded in 32-68 bytes. For all gawe combine up
to 64 pieces of work into one message. The communicatiorheaerfor distributed
termination detectionTDS synchronizes after each iteration) is well below 0.1% of

1As a consequence, the self-relative speedupBiBwould decrease, but tHEDSrelative speedups
for the other variants would lag behind even more.
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the total communication overhead.

Partitioned suffers from high lookup latencies. Even with the custominet-
work firmware, a remote lookup takes typically 10425 including the overhead for
prefetching (see Section 4.4.5). For the double-blanklpuaz 128 processors we
even measured an average lookup latency gigéere the flow control mechanism
in the network software slows down the application to prévefrom overrunning
receive buffers. At a rate of 14,400 remote lookups per sqmr processor, the
application spends 85% of the time communicating tabléestr

Like TDS partitionedprofits from the increase in table size when more processors
are added. Yet the performance graph for the double-blamklpuwhich has many
transpositions, shows an 84% search overhead on 128 poose¥¢e explain this as
follows. Partitioned(as well ageplicatedandnon-sharefl updates the transposition
tableafter the search of a state completes. A transposition is not rézed as such
before the update is performed, thpertitionedmay search a transposition multiple
times by multiple processors to the same depth concurtentlig phenomenon does
not occur withTDS since the table update is dobeforethe state is searched.

Replicatedpasses most of its time handling incoming broadcast messalgen
many processors are used. We were not able to perform measotefor the double-
blank puzzle on 128 processors, because LFC cannot hardtethmunication load
when all machines broadcast data too frequently. The otleasorements on many
processors show a significant communication overhead.

The speedups dfiDSthrough 64-processors for the 15-puzzle are similar toeghos
reported by others (e.g., [34] reports 58.90-fold speedugewever, previous work
has only looked at parallelizing the basic IDA* algorithnspally using the 15-puzzle
with Manhattan distance as the test domain. The state ofrthea progressed sig-
nificantly. For the 15-puzzle, the linear conflicts heucigs8] reduces tree size by
roughly a factor of 10; transposition tables reduce tree biz an additional factor
of 1.8 (and more for larger table sizes); and the last movecanaer conflict heuris-
tics [69] reduce the tree size even more. These reductisok ie a less well balanced
search tree, increasing the difficulty of achieving gooaferperformance. Still, our
performance is comparable to the results in [34]. This is@nstresult, given that the
search trees are tens of times smaller.

5.5 Applicability to two-person search algorithms

We have shown that TDS is particularly suitable to para&ethe one-person IDA*

search algorithm. The next challenge would be to apply TDS&vtperson search

algorithms like Alpha-Beta, MTD{), and NegaScout. More research is needed to

evaluate the applicability of TDS to this class of searctoatgms, but we list a num-

ber of issues that potentially complicate TDS for two-parsearch algorithms.
Two-person search algorithms are minimax algorithms. ifhjsies that the value

of a parent depends on the search results of its childrerik&JADS for IDA*, each
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Figure 5.5: Pruning in TDS for two-player search algorithms

search result has to be reported to its parent. TDS for IDéressearch boundm the
transposition table, and updates entbeforea state is searched. Two-player search
algorithms requiresearch resultswhich can only be storeaffter the state is searched.
This is a fundamental difference with TDS for IDA*, althoutitis does not necessar-
ily imply that TDS is unsuitable for two-player search altfoms. A consequence of
updating the transposition tabédter the tree is searched, is that multiple processors
may search the same subtree at the same moment. This phesrodwss not occur
with TDS for IDA*.

Another issue concerns pruning (or Alpha-Beta window naimg, which was
discussed in Section 4.2.2.6), as illustrated by Figure B&sume that the current
root window is (3,7), and one of the children returns the ItelkuThe other children
can then be pruned. However, the children, and possibly tindidren as well, are
already spread over the other processors, or somewhereeonméty. Since each
child (and the children’s children) is likely to be stored amother processor, many
messages may be needed to kill all children.

The search order in two-person search algorithms is impbrt@ihe leaf states
should be visited in left-to-right order as much as possili®S for IDA* used a
stack to implement the local work queues. The stack turnétbqureserve the depth-
first search order of IDA* reasonably well, but it remains ®deen whether it will
not disturb the left-to-right search order too much.

Message combining in two-person search algorithms carmapblied as gratu-
itously as in IDA*. The parent updates should not be queueddog, since they may
cause a cutoff (or a narrowed search window) at the parersn Evt does not cause
a direct cutoff at the parent, it might cause a cutoff at onthefgrandparents if the
child happens to be the last child that reports the valuestpatent.

TDS for two-person search algorithms will not achieve tmegat linearly increas-
ing speedups achieved for IDA*. TDS will not solve the seamebrhead caused by
speculatively searching tree nodes (see Section 4.2.2.3).

From the above, we conclude that TDS cannot be applied toptexer search
algorithms without further research. Nevertheless, tieereason to believe that TDS
for two-player algorithms will work. The communication chateristics will probably
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improve due to latency hiding, since TDS communicates agymously. A compar-
ison between TDS and work stealing based algorithms wouldtbeesting.

5.6 Related work

Numerous parallel single-agent search algorithms haveapd in the literature. The
most popular ones are task distribution schemes thatipartfie search tree over the
available processors [92]. Task distribution can be sifigoliby expanding the tree
in a breadth-first fashion until the number of states on tregcsefrontier matches
the number of processors [70]. This can cause load balapecotgems (the search
effort required for a state varies widely), implying thahancements, such as work
stealing, are necessary for high performance. A differppt@ach is Parallel Window
Search (PWS) [89], where each processor is given a diffébexit search bound for
its search. All processors search the same tree, albeftéoatit depths. Some proces-
sors may search the tree with a search bound that is too higbe Sequential IDA*
stops searching after using the right search bound, PW8gs@smuch wasted work.
Asynchronous IDA* (AIDA*) [96] uses a combination of a datarfitioning scheme
and work stealing, and allows processors to search to diffetepths concurrently.

All these schemes essentially considered only the basi¢ Bgorithm, without
important search algorithm enhancements that significaeduce the search tree size
(such as transposition tables).

IDA* uses less space than A*. This comes at the expense ohelipgadditional
states. The simple formulation of IDA* does not include tregetttion of duplicate
states (such as a cycle, or transposing into a state reagtedifferent sequence of
state transitions). The transposition table is a convémethanism for using space
to solve these search inefficiencies, both in single-ageéit §nd two-player [110]
search algorithms. There are other methods, such as fiatte siachines [115], but
they tend to be not as generally applicable or as powerfubaisposition tables.

By integrating transposition table access with work scliaduTDS makes all
communication asynchronous, allowing communication amdputation to overlap.
Much other research has been done on overlapping commiamicatd computa-
tion [42]. The idea of self-scheduling work dates back teaesh on data flow and
has been studied by several other researchers (see, faussglan, [38]). In the field
of problem solving, there are some cases in which this idedbhan applied success-
fully. In software verification, the parallel version of theurphi protocol verifier uses
its hash function to schedule the work [112]. In game playapgarallel generator of
end-game databases (based on retrograde analysis) usegddbenumbers of states
to schedule work [8]. In single agent search, a paralleligarsf A*, PRA*, partitions
its OPEN and CLOSED lists based on the state [47].

Interestingly, the papers present the data-flow-like pelizétion as following in a
natural way from the problem at hand, and, although the asitieport good speedups,
they do not compare their approaches to more traditionallletizations. The paper
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on PRA*, for example, does discuss differences with IDA*glizations, but fo-
cuses on a comparison of tmeimberof state expansions, without addressing the
benefit of asynchronous communication fan times? (A factor may be that PRA*
was designed for the CM-2, a SIMD machine whose architechaies a direct com-
parison with recent work on parallel search difficult.)

Despite the good performance of data-flow-like parall¢iora so far no in-depth
performance study between work stealing and data-flowaigoaches such as TDS
has been performed for distributed search algorithms.

5.7 Conclusions

Efficient parallelization of search algorithms that usas$gosition tables is a challeng-
ing task, due to communication overhead and search overhéadhave described a
new approach, called Transposition-Driven Schedulingg),vhich integrates work

scheduling with the transposition table. TDS makes all camigation asynchronous,
overlaps communication with computation, and reduceshearerhead.

We implemented parallel IDA* using TDS, and performed a iledacompari-
son of TDS to the conventional work stealing approach ongelacale parallel sys-
tem. TDS performs significantly better, especially for Ergumbers of processors.
On 128 processors, TDS achieves a speedup between 109 gnai22 traditional
work-stealing algorithms achieve speedups between 8.6and DS scales well to
large numbers of processors, because it effectively redioth search overhead
communication overhead.

TDS represents a shift in the way one views a search algoriffime traditional
view of single-agent search is that IDA* is at the heart of ittplementation, and
performance enhancements, such as a transposition tabdeadded in afterwards.
This approach makes it hard to achieve good parallel pedooawhen one wants to
compare to the best known sequential algorithm. With TD8,ttansposition table
becomes the heart of the algorithm, and performance imprsigaificantly.

2Evett et al. compare PRA* against versions of IDA* that ladkemsposition table. Compared to IDA*
versions with a transposition table, PRA*'s node countsldidiave been less favorable.
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Chapter 6

Conclusions and discussion

In this thesis we presented an environment for distribuitertree search, called
Multigame. The environment, implements the following eesé objectives:

e to provide the application programmer with a programminglaidhat is easy
to use and avoids explicit parallelism; and

e to provide the researcher in the field with an experimentalrenment for re-
search on distributed game-tree search.

The first objective is addressed by offering the applicapoogrammer a very
high-level language, in which the rules of a board game apeessed. The language
is easy to use and its expressiveness allows most gamestphariented easily. The
Multigame front-end compiler generates a move generabon the rules of a game.
To play well, the programmer should provide an evaluatiamcfion in C as well,
using a simple interface to the Multigame runtime systeme move generator, the
evaluation function, and the components in the Multiganmtinoe system compose a
program that plays the game in parallel on a distributedi{aresd) memory system.

The second objective is achieved by the design and impletientof a modular
and extendable runtime system for distributed game-traecbe The infrastructure
provides the game-tree researcher with an experimentéosment in which new
search techniques and heuristics can be empirically tessied a variety of applica-
tions.

The runtime system is highly optimized. We observe that thlpelism is ex-
ploited exclusively by the runtime system, not by the frentd compiler. This is a
logical choice, since the front-end compiler creates mareegators in which the par-
allelism is too fine grained to be efficiently exploited on-tife-shelf hardware. The
parallelism is exploited and controlled by the search eegjialthough many runtime
system components have dedicated support for executioistibdted platforms.
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6.1 The Multigame language

Chapter 3 discussed the Multigame language. A Multigamgnara describes the
rules of a board game in a formal way. The language offerspécation program-

mer a simple programming model, based on a combination of ¢ige and Prolog

programming paradigms. Most board games can be easily ssqutén the Multi-

game language. The rules of most games can be describedagpr of just some
tens of lines of program code.

We implemented a prototype front-end compiler that createsove generator
from a Multigame program. The generated code uses backigatk find the legal
moves from a given board position. The compiler emits C cathéch is portable and
efficient. We have found, however, that two omissions in tHar@@uage complicate
the implementation, namely the absence of inter-procédotas and the impossibil-
ity to take the address of an arbitrary statement and usedatfiast-class object (i.e.,
one cannot assign such an address to a variable of the agtedype). The result is
an intricate scheme that is a little less efficient than whatlal have been obtainable
when these two constructs were allowed.

A programmer is not obliged to describe the rules of a gaméénMultigame
language; a hand-written move generator in C can be useehihstThere are two
reasons why a programmer would prefer a hand-written mowerggor: the game
might have a rule that is hard to express in the Multigameuang, or the programmer
is not satisfied with the performance of the move generatoeged by the front-end
compiler. An alternative interface to the runtime systersisis the C programmer,
because this interface is easier to use than the defaulfanéeused by the front-
end compiler. We have implemented hand-written move gémeséor the 15-puzzle,
chess, and Rubik’s cube.

For most games the front-end compiler generates reasoatiicignt code. Usu-
ally a hand-written move generator is some tens of percastsifthan an equivalent
move generator generated by the front-end compiler. Fass;H®wever, our hand-
written move generator is 9.6 times as fast as the front-enthder generated move
generator; this is due to the chess rule that the king may edefbin check, which
requires an expensive test.

Another reason for performance loss is the choice for ttgetdanguage C. We
have also implemented an experimental front-end compiler generates 1A-32 as-
sembly instead of C. The experimental compiler does notempeht the entire Multi-
game language, but can be used for a few simple games. Parfoemesults show
that the experimental front-end compiler generates fastde; for the 15-puzzle the
generated code is just as fast as a hand-written move genaral.
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6.2 The runtime system

Chapter 4 discussed issues related to the Multigame rumstistem. The runtime sys-
tem provides game-independent functionality like seargfirees and search heuris-
tics. The runtime system is optimized for efficient gameearch on a distributed
system. Since game-playing programs spend the time in magyrgm parts rather

than in an isolated piece of code, we had to optimize many oompts to obtain a

substantial overall improvement.

The extensibility and flexibility of the runtime system alle the game-tree re-
searcher to experiment with new search techniques and iaptions. We used the
runtime system to develop a new scheduling technique fallghlDA* search, which
is described in Chapter 5 and is summarized below.

We also used the runtime system to experiment with diffetramisposition-table
distribution techniquespartitioned replicated andnon-shared Non-shared tables
only work well for applications with few transpositions oitlvtranspositions that in-
volve few moves, so that a transposition is likely to be emtered multiple times by
the same processor. Replicated transposition tables wopkisingly well on small
and medium-scale systems, provided that enough netwodwbdth is available. On
large-scale systems, the broadcast message handlers fartthemeck. Partitioned ta-
bles become larger as more processors are added, but saffesynchronous remote
lookup latencies.

Remote transposition lookup latencies are determinectlhargy the roundtrip
communication time with the server machine, which is don@day the time that
the receiving processor needs to react to an incoming requessage. Interrupt-
ing the processor is too expensive, since it involves sékerael-user space context
switches. The alternative, having the CPU poll the netwoskjdiently for incoming
request messages, increases the lookup latency, sincd’ttien&s other work to do
and cannot poll at all times. We modified the firmware on thevost interface pro-
cessors to handle an incoming lookup request mestagieimmediately after arrival,
rather than dispatching the message to the CPU (see Secatidij.£rogramming net-
work interface processors is hard, since programming €usually crash the entire
machine and few debugging tools exist. The performancecie@sed significantly;
measurements for several applications show that the lol@ktapcies are reduced by
44% to 70%. Application level performance increases by 34 %7 when lookups
are performed at all depths in the tree. Even better perfocmaould be obtained by
writing new network processor firmware from scratch, rathan extending existing
firmware (LFC). This would, however, require significantlpra programming effort.

We devised and implemented a prefetching scheme that requroeessor idle
times due to remote lookup latencies even more. An asynolotookup request
message is sent to retrieve transposition table informdtipa node that is likely to
be searched in the near future. This will reduce or complet#hinate processor idle
time when the node is actually searched. Performance empets for a number of
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applications show that prefetching usually does not hiddatency completely, but is
nevertheless beneficial.

The runtime system contains other game-independent and-gapendent heuris-
tics as well. An example of a game-independent heuristibéshistory heuristic,
which is used to order the game tree. The history table is lyeskchronized on a
distributed system. Game-dependent heuristics can bemgsited in an evaluation
function. The runtime system also supports pattern databas

Section 4.7 shows extensive performance results for varibuitigame applica-
tions. For each of the applications we show how search oaefhsobmmunication
overhead, and synchronization overhead contribute to ifapespeedups. This is
done using several transposition table implementatiarye illustrate the efficien-
cies for the different sharing strategies under varyinguirstances. We show that no
single strategy outperforms another under all circumstsyend that the performance
differences can be large.

We found that implementing a runtime system for distribigache playing is hard
(see Section 4.8). Programming with threads or messagampas®rror-prone. Race
conditions easily occur, especially when message ordésingt guaranteed or when
message receipt is interrupt driven. Lock-free prograngisrdangerous, even when
applied to simple data structures. The non-deterministtane of distributed game-
tree search renders debugging a tedious task. Moreovergmming errors remain
easily unnoticed, because a search result is often comesh, when it is established
incorrectly.

6.3 Transposition-Driven Scheduling

Chapter 5 presents a new scheduling algorithm for diseibuDA*, which we call
Transposition-Driven Scheduling. The algorithm combitineswork distribution with
a distributed transposition table. Traditional approache based on work stealing.
This is hard to combine with a distributed transpositiorldabecause synchronous
remote lookups must be performed if the transposition tabpartitioned, and large
amounts of table updates must be broadcast if the table licatgnl. TDS eagerly
migrates a state to the processor where the correspondingpiwsition table entry
is stored. At first this seems expensive, because nearlyaa#isshave to be com-
municated, but message combining reduces the commumnicatierhead, and the
asynchronous nature of the communication reduces praciedimes. We com-
pared the performance of TDS to traditional work-stealipgraaches with different
transposition table distribution techniques for sevepaligations, and show that TDS
outperforms work stealing by a wide margin, especially agéaclusters. Traditional
implementations achieve efficiencies between 6.4% and 61%28 processors; TDS
achieves speedups that are close to perfect.

Since TDS is asynchronous, we presume that the algorithnsénsitive to large
latencies. Future work should give insight into whether TB@&nbined with the nec-
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essary optimizations to reduce the bandwidth requiremenssiitable for execution
on wide-area distributed systems (metacomputers). Andatinection for future re-
search is to apply TDS to two-player search algorithms. &this kind of (minimax)
algorithms requires propagation of search results upwatits tree, it is not yet clear
whether TDS will be successful for this class of algorithms.

6.4 Did we reach our goals ?

Programming a distributed memory machine for fast, pdrglene-tree search is a
hard task. We felt that building an integrated environmemihd involve many scien-
tific challenges. As stated in the introduction, we had twjgctives in mind: provide
the application programmer with a programming model thatisy to use and avoids
explicit parallelism; and provide the researcher in thelfigith an experimental en-
vironment to do research on distributed game-tree searchwB®reach these goals ?
The answers arenostly andyes

Since the second answer is the simpler one, we will first eltb@n it. The Multi-
game environmentis a very suitable tool for game-tree rekedhis is demonstrated
by the fact that we were able to implement a new parallel $ealgorithm (TDS) in
just a few days, thereby showing that the runtime systemigeswthe right infrastruc-
ture to experiment with new algorithms. We also mention #szarch on distributed
transposition tables (network firmware experiments, peefag) and the research on
the Multigame language. The variety of applications candediuo validate the use-
fulness of a new idea.

The first question has a more complicated answer.dilf@rovide the program-
mer with an easy programming model; writing a distributechggplaying program
is much easier using the Multigame environment than writing from scratch. The
Multigame language is free from explicit parallel statemseget the programmer has
to be aware that the program runs on a distributed systemhatd tommunicates.
The programmer does have to choose the right transpos#la-distribution tech-
nique, the right lookup and update thresholds, and the dgpth to which parallelism
is allowed, in order to obtain the best performance.

Ideally, timing the configuration parameters should be damematically; cur-
rently the optimal settings must be found manually. Tunimg $ystem for optimal
performance is tedious and time consuming, because manhpds#ions must be
searched to get an accurate impression of the performarthe sf/stem under a par-
ticular set of configuration parameters. An environment thaes the system auto-
matically would be useful. Several techniques are feasthke most promising is a
self-monitoring runtime system that changes behavior whenit feels that the cur-
rent settings are suboptimal. The advantage of a dynamiemyis that it adapts to
the changing shapes of the game trees in the course of a gahieisTimportant,
since many games build trees that have different shape®iogbning, middle, and
end phase.
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Another limitation is that the Multigame system is unablelésive an evaluation
function automatically from the rules of a game. We consities too far beyond
the current state-of-the-art in Artificial Intelligenceychto be a research topic on its
own. To play well, the programmer has to write an evaluatiorcfion in C. Since the
evaluation function is sequential, this does not put a readlén upon the program-
mer. A high-level language to describe evaluation fundioray be helpful for the
programmer.

Nevertheless, the Multigame environment assists the @gifmin programmer in
such a way that board games can be implemented and run oibutistr memory
systems without requiring the programmer to have extergiesvledge about paral-
lelism. New games can often be implemented in a matter ofshamnplementing a
simple evaluation function adds another few hours or dakis hakes the Multigame
environment particularly useful for prototyping newly ééosped games as well. Dur-
ing the course of this research we implemented about 25 gaoe® of which were
devised recently.
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Appendix A

Example Multigame programs

A.1 The 15-puzzle

players = 1
di nensi ons (4, 4)

pi eces

{
pi ece_1
pi ece_2
pi ece_3
pi ece_4
pi ece_5
pi ece_6
pi ece_7
pi ece_8
pi ece_9
pi ece_10
pi ece_11
pi ece_12
pi ece_13
pi ece_14
pi ece_15

TMTQEXQXRNRQRKRNER

main = nove_pi ece
try goal _reached.

nove_pi ece = find enpty field
ort hogonal
step
pi ck up,
step backward,
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put down.
goal _reached = match (enpty field, piece_1 , piece_2 , piece_3 ,
pi ece_4, piece_5 , piece_6 , piece_7
pi ece_8, piece_9 , piece_10, piece_11,
pi ece_12, pi ece_13, piece_14, piece_15)
win

A.2 Connect-4

di nensions (7,6)

sides = 1
pi eces
{
mar k X 'O
}
main = try new_mark el se draw
new_mark = irreversible
find enpty field
not [ south, step, points at empty field ],
repl ace by mark,
try w nning_position.
Wi nni ng_position = any direction

optionally [ step, points at own piece ],
repeat 3 tinmes

[ step backward, points at own piece ],
wi n.

A.3 Chess

# This inplementati on does not check the 50—nmove rule

di nensi ons (8, 8)

pi eces

{
pawn P p’
r ook "R 'r’
kni ght "N '’
bi shop "B b’
queen 'Q 'q
ki ng 'Kk
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}
properties
{
may_castle_left, nay_castle_right : player @ [ 0 .. 1]
en_passant _col um : board : [ O0.. 8]
#0 — no en passant pawn
#1 .. 8 — pawn at (en_passant_columm, 4) nay be captured en passant
}
main = try legal _nove else try check_nmate el se draw.
| egal _nove = ei ther pawn_nove or rook_nove or knight_nove or
bi shop_nove or queen_nove or king_nove or
castl e_nove,
try [
not find opponent’s king,
win,
] else test [
find own King,
not attacked,
].
pawn_nove = irreversible,
find own pawn,
pi ck up,
ei ther pawn_forward_nove or pawn_capture_nove,
put down,
try pronotion.
pawn_forward_nove = north,
st ep,
points at enpty field,
ei ther [ # doubl e forward
assert (row == 3),
st ep,
points at enpty field,
assign (en_passant_colum =9 — colum),
] or assign (en_passant_colum = 0).
pawn_capture_nove = either northwest or northeast,

st ep,
ei ther points at opponent’s piece or |
# en passant nove
points at enpty field,
assert (en_passant_col um == col um),
sout h,

step,
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poi nts at opponent’s pawn,
repl ace by enpty field,
step backward,

1.

assign (en_passant_colum = 0).

pronoti on assert (row == 8),
ei ther replace by queen or replace by knight or
repl ace by bishop or replace by rook.

rook_nove find own rook,

try [
assert (row == 1 && colum == 1 &&
may_castl e_l eft),
irreversible,
assign (may_castle_|left = 0),
] else try [
assert (row == 1 && colum == 8 &&
may_castle_right),
irreversible,
assign (may_castle_right = 0),

1.

pi ck up,

ort hogonal ,

repeat 0 .. infinity tines [
step,
points at enpty field,

1.

step,

not points at own piece,

put down,

assign (en_passant _colum = 0).

bi shop_nove = find own bishop,

pi ck up,

di agonal ,

repeat 0 .. infinity tines [
step,
points at enpty field,

1.

step,

not points at own piece,

put down,

assign (en_passant _colum = 0).

queen_nove = find own queen,
pi ck up,
any direction,
repeat 0 .. infinity tines [
st ep,
points at enpty field,
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1.

st ep,

not points at own piece,

put down,

assign (en_passant_colum = 0).

ki ng_nove = find own king,

pi ck up,

any direction,

st ep,

not points at own piece,

put down,

try [
assert(may_castle_left || may_castle_right),
irreversible,
assign(may_castle_left = may_castle_right = 0),

1

assign (en_passant_colum = 0).

kni ght _nove = find own knight,
pi ck up,
ort hogonal ,
st ep,
either turn 45 or turn —45,
st ep,
not points at own piece,
put down,
assign (en_passant_colum = 0).

castl e_nove = irreversible,

try [

white to nove,

nmove to (5,1),
] else move to (4,1),
ei ther [

assert (may_castle_left),

west ,
] or [

assert (may_castle_right),

east,
1.
test [

st ep,

do [

points at enpty field,
st ep,

] while not points at own rook
1.
test repeat 3 tines [ not attacked, step ],
assign (may_castle_left = nay_castle_right = 0),
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pi ck up,

repeat 2 times step,
put down,

whil e step do nothing,
pi ck up,

do step backward while not points at own king,
step backward,

put down,

assign (en_passant_colum = 0).

attacked = test either atckd_by_pawn or atckd_by_rook or
at ckd_by_kni ght or atckd_by_bi shop or
at ckd_by_queen or atckd_by_ki ng.

at ckd_by_pawn ei ther northwest or northeast,
st ep,

poi nts at opponent’s pawn.

ort hogonal ,
do step while points at enpty field,
poi nts at opponent’s rook.

at ckd_by_r ook

at ckd_by_bi shop = di agonal ,
do step while points at enpty field,
poi nts at opponent’s bi shop.

at ckd_by_queen = any direction,
do step while points at enpty field,
poi nts at opponent’s queen.

atckd_by_king = any direction,
st ep,
poi nts at opponent’s Kking.

at ckd_by_kni ght = ort hogonal ,
st ep,
either turn 45 or turn —45,
st ep,
poi nts at opponent’s knight.
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Appendix B

Test positions used

B.1 Rubik’s cube

Y
Y
Y

Y
Y
Y

Y
Y
Y

W W fNeleNi e

W W W || [ReNN el

w

target
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B.2 15-puzzle

-1 23] [is]ia
4

SI6J7) 11011
S 9JILO1L 26
12)|13) 14415 |3/ 7

target 01 02 03 04

12) |150113)12f (15fL1f13)12ff [(15)11) O |12
13 1142018 O 1410 81O )l [14){10)113

Ao oo

15011 9 f(12)f 15011y 8 12ff L5HLL) O f12ff [L5)f11) 8 f|12)f [L5)11f 8 |12
14J|10)113 8 14)10§13) 9 14J(10) 8 J{13)f 14200 O f23ff 114)20) © 113

B.3 Double-blank puzzle

.1 AE q14 8|12 .11 1312 .11 1312 .11 9|12
4567 [oiafo)3| [r4zoe]o] [r4ftofs] o] [r4lrofr3]s
slolofid] 21s 51zl (721502 ] (= elslz] [el715]z
zex. lean.jeooheno: leen:

target 01 02 03 04

.11 912 .11 8|12 .11 9|12 .11 8|12 .11 8|12

14J|10)113 8 14)10§13 9 14J(10) 8 JI13)f 14200 O f23ff 114)120) O 113
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B.4 Chess

N WS OIO N
H N WS OIO N
H N WS OIO N

abcdefgh
01, black to move

abcdefgh
03, black to move

HFNWaPAOIO N
HFNWaPLOIO N
HFNWaPLOIO N

abcdefgh abcdefgh
05, white to move 06, white to move

HFNWPLOIO N
HFNWPLOIO N
HFNWPLOIO N

abcdefgh
08, white to move

H N WS OIOoO N o
H N WS OIO N
- TN
H N WS OIO N

B 2
Z | B®

abcdefgh abcdefgh
10, black to move 11, white to move 12, black to move
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WM~V T OAN

abcdefgh
15, white to move

abcdefgh

14, white to move

abcdefgh
13, white to move

R

il

N\
N

/% g 1&

N

OMN~OLW T MmN A

abcd . f g h
18, black to move

abcdefgh

abcdef g h
16, white to move

17, black to move

OO TN

abcdef g h
21, white to move

abcdef g h
20, white to move

abcdef g h
19, black to move

OMN~OLW T O A

abcdefgh

abcdefgh
24, white to move

abcdefgh

23, black to move

22, black to move
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B.5 Checkers

N WS OIO N

abcdefgh
01, black to move

HFNWaPAOIO N
N N =

abcdefgh
04, black to move

HFNWPLOIO N

abcdefgh
07, black to move

H N WS OIOoO N o
- - - SN

abcdefgh
10, black to move

H N WS OIO N

HFNWaPLOIO N
N N =

HFNWPLOIO N

H N WS OIO N

abcdefgh
02, black to move

abcdefgh
05, black to move

R

»
|
7, 7;%
w
[
W

/%7/

abcdefgh
08, black to move

p
//:/ 2 (//////
N

a

abcdefgh
11, white to move

H N WS OIO N

abcdefgh
03, black to move

HFNWaPLOIO N
N N =

abcdefgh
06, black to move

® @

b, % 4

7 )

2 %/2 //
w7

0
7 /z///

HFNWPLOIO N

abcdefgh
09, black to move

7, .
7
f/%////%f 4
2 % 2

7, »

7

H N WS OIO N

abcdefgh
12, white to move
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abcdefgh abcdefgh

14, white to move

abcdefgh
13, white to move

15, white to move

abcdefgh
18, white to move

abcdefgh

17, white to move

abcdefgh
16, white to move

oM~V SN A

abcdefg

abcdefgh
19, white to move

20, white to move
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B.6 Othello

N WS OIO N

a b cdefgh
01, black to move

HFNWaPAOIO N

abcdefgh
04, white to move

HFNWPLOIO N

abcdefgh
07, black to move

oDee

o%oooo/
. e |
e B

AN
abcdefgh
10, white to move

H N WS OIOoO N o

s

oje
000008
%/ Y i P

HFNWPLOIO N HFNWaPLOIO N H N WS OIO N

H N WS OIO N

abcdefgh
02, white to move

abcdefgh
05, black to move

abcdefgh
08, white to move

s 0, 99
/,/ /O

/09
/)

.
b
abcdefgh
11, black to move

/

/0%

5
_ 70%0/
/7/ ) ¢ /f

H N WS OIO N

abcdefgh
03, black to move

HFNWaPLOIO N

abcdefgh
06, white to move

HFNWPLOIO N

abcdefgh
09, black to move

9
/’@ @070

” //
/,/ /09 ) ©

|
w BOE BO
2 0B
-
abcdefgh
12, white to move

H N WS OIO N
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HFNWPLOIO N HF N WS OIO N

H N WS OIOoO N o

" 5
//./ 1A

abcdefgh
13, black to move

abcdefgh
16, white to move

abcdefgh
19, black to move

8 8l

i .} ///0’/07

6 6

5 51

4 4

3 3 /O OO

2 2 % % % i

1L iy
abcdefgh abcdefgh
14, white to move 15, black to move

HFNWPLOIO N
HFNWPLOIO N

abcdefgh abcdefgh
17, black to move 18, white to move

H N WS OIO N
- N - -

abcdefgh
20, white to move
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User interface commands

command description

configuration show program configuration

depth[n] print / set search depth

increment [ N] print/ set iterative deepening increment value
echo str print str

eval uate print evaluation value of current position

execut e file

hel p [ command

hi nt

| egal

nmove

nove Mov

openi ng mov

play [ white | bl ack |of f ]

pv
quit | <Crtl-D>
random

read [ file]
reset

sel f pl ay
shel | [ command
statistics [id-list] [ cpu-list]

executdile with Multigame commands
show help text (omommandl

search tree and print best move

show list of legal moves

search tree and do best move

force movemov

addmovas opening move

computer is white/black player; automatical
search tree and do move if computer is to mé
a move

show principal variation
quit program

do a random move
read position (fronfile)
clear heuristics tables and reset statistics cg
ters

play a full game

start Bourne shell (and execudemmandl
print statistics (abouid-list) (on CPUscpu-
list)

ly
ke

D

Continued on next pag
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User interface commands

Continued from previous page

time [ sec] print/ set time per mov@ot yet implemented
undo undo move

verbose [ level] print / set verbosity level

wite]file] print current position (tdile)

command file
command> file
command>> file

commandets input fronfile
commandvrites output tdile
commanadppends output thle
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