UNIVERSITY OF ALBERTAParallel Search of Narrow Game TreesbyChien-Ping Paul LuA thesis submitted to the Faculty of Graduate Studies and Research in partial fulfillment of therequirements for the degree of Master of Science.DEPARTMENT OF COMPUTING SCIENCECopyright 1993Edmonton, AlbertaFall 1993

AbstractOne of the key determinants of a game playing program�s strength is the depth of the gametree search. Therefore, researchers have turned to parallelism to search deeper trees in the sameamount of real time. Tree decomposition algorithms extract parallelism by creating splitnodes, where the subtrees rooted at the node are searched concurrently. If the game trees arenarrow, then the degree of parallelism offered by the low branching factor may be insufficientto keep all the parallel processors busy, resulting in starvation and poor speedups.Chinook is a checkers (8 x 8 draughts) playing program developed at the University of Alberta.For the August 1992, Man Versus Machine World Draughts Championship match betweenChinook and Dr.˚Marion Tinsley, a parallel Chinook, or ParaChinook, was developed. Thisthesis describes the parallelization of Chinook�s Alpha-Beta search.The initial implementation of ParaChinook was based on the Principal Variation Splitting(PVSplit) algorithm, developed by computer chess researchers. However, chess game treeshave an average branching factor of 35 to 40, whereas checkers game trees have an averagebranching factor of 2.84, which is over an order of magnitude smaller. PVSplit exhibits highlevels of starvation on the narrow checkers game trees, therefore Principal Variation FrontierSplitting (PVFSplit) is developed. PVFSplit attempts to create more parallel work by allowingmultiple split nodes in a variation splitting framework. Although, PVFSplit improves thespeedup by 52% (with 16 searchers) compared to PVSplit, the parallel performance is still lowin absolute terms.The parallel performance of both PVSplit and PVFSplit is evaluated using a test suite of 20positions and running on a BBN TC2000 shared memory multiprocessor. The issues ofstarvation and straggler processes are discussed, quantified and addressed. The addition ofload balancing code to deal with stragglers further improves the speedup. However, it isconcluded that any PVSplit-based algorithm will suffer from poor speedups on the narrowcheckers game trees. In light of this, some ideas for a future version of ParaChinook arediscussed.

AcknowledgmentsThank you to Jonathan Schaeffer, my friend, teacher and supervisor.Thank you to the other members of my thesis committee, Dr. Tony Marsland and Dr. EdoNyland. Their patience and guidance is appreciated. Thanks are also due to Steve Sutphen andmy friends and colleagues in the Department of Computing Science. Mark Brockington�sSneakernet was much appreciated.Thank you to the Massively Parallel Computing Initiative (MPCI), directed by Dr. EugeneBrooks, at Lawrence Livermore National Laboratory for access to the BBN TC2000 parallelcomputer. I owe a particular debt of gratitude to Brent Gorda of MPCI. Much of theimplementation of ParaChinook was completed on a Silicon Graphics 4D/480 multiprocessor.Thank you to Silicon Graphics International for the loan of the machine and for sponsoring theWorld Draughts Championship (1992) match between Dr. Marion Tinsley and Chinook, inLondon, England.The financial support of the Department of Computing Science through a TeachingAssistantship is gratefully acknowledged. Thank you to the Natural Sciences and EngineeringResearch Council (NSERC) for a Postgraduate Scholarship. Thanks also to Petro-Canada,Inc. for a Graduate Research Award.Thank you to the members of the human checkers community for their kindness during theU.S. National Tournament (1992) in Hot Springs, Arkansas, and during the Tinsley-ChinookMatch (1992) in London, England. In particular, I would like to thank Herschel Smith for hissupport in Hot Springs. And thanks are due to Dr. Tinsley for his sportsmanship in agreeingto play Chinook.A very big thank you to my friends and family.As for musical inspiration, I�ve been known to talk at length about that when asked. :-)

Table of Contents1Introduction11.1A Brief History of Chinook21.2Overview of the Thesis32Game Tree Search52.1Game Trees and Minimax Search52.2Sequential Alpha-Beta Search82.3Move Ordering112.4Aspiration Windows122.5Structure of the Minimal Alpha-Beta Tree142.6Principal Variation Search162.7Alpha-Beta as a Proof Procedure183Parallel Alpha-Beta Game Tree Search203.1Parallel Performance203.2Sources of Parallelism233.3Parallel Overheads243.4Respecting the Structure of the Alpha-Beta Tree253.5Principal Variation Splitting263.6Dynamic Principal Variation Splitting263.7Other PVSplit-Based Algorithms283.8The Zugzwang Approach283.9Delayed Branching Tree Expansion Algorithms303.10Application Domains: Chess and Checkers Game Trees324Parallel Chinook354.1ParaChinook�s Principal Variation Splitting354.2Experimental Design394.3Experimental Results: Principal Variation Splitting425Improving Parallel Chinook475.1Reducing Starvation: Principal Variation Frontier Splitting475.2Experimental Results: Principal Variation Frontier Splitting525.3Improving Load Balancing: Straggler Preemption575.4Experimental Results: Straggler Preemption585.5Summary of Experimental Results: All Algorithms625.6Concluding Remarks65

6Conclusions666.1A Future ParaChinook: Ideas and a Paper Design676.2Final Comment: Quality Versus Quantity68Bibliography69ARules of Checkers In Brief73BTinsley-Chinook 1992 Test Suite74CExperimental Data In Detail81

List of Tables4.1Principal Variation Splitting (PVSplit) Parallel Performance425.1Principal Variation Frontier Splitting (PVFSplit) Parallel Performance525.2Principal Variation Splitting with Load Balancing (PVSplit-LB)Parallel Performance585.3Principal Variation Frontier Splitting with Load Balancing (PVFSplit-LB)Parallel Performance59C.1Tinsley-Chinook 1992 Test Suite, Sequential Search Data81C.2Principal Variation Splitting (PVSplit), 2 Searchers Results82C.3Principal Variation Splitting (PVSplit), 4 Searchers Results83C.4Principal Variation Splitting (PVSplit), 8 Searchers Results84C.5Principal Variation Splitting (PVSplit), 16 Searchers Results85C.6Principal Variation Frontier Splitting (PVFSplit), 2 Searchers Results86C.7Principal Variation Frontier Splitting (PVFSplit), 4 Searchers Results87C.8Principal Variation Frontier Splitting (PVFSplit), 8 Searchers Results88C.9Principal Variation Frontier Splitting (PVFSplit), 16 Searchers Results89C.10Principal Variation Splitting with Load Balancing (PVSplit-LB),2 Searchers Results90C.11Principal Variation Splitting with Load Balancing (PVSplit-LB),4 Searchers Results91C.12Principal Variation Splitting with Load Balancing (PVSplit-LB),8 Searchers Results92C.13Principal Variation Splitting with Load Balancing (PVSplit-LB),16 Searchers Results93C.14Principal Variation Frontier Splitting with Load Balancing (PVFSplit-LB),2 Searchers Results94C.15Principal Variation Frontier Splitting with Load Balancing (PVFSplit-LB),4 Searchers Results95C.16Principal Variation Frontier Splitting with Load Balancing (PVFSplit-LB),8 Searchers Results96C.17Principal Variation Frontier Splitting with Load Balancing (PVFSplit-LB),16 Searchers Results97

List of Figures2.1Full Minimax Tree72.2Example of Alpha-Beta Pruning82.3Game Tree Search Program Header92.4Negamax Version of Fail-soft Alpha-Beta Algorithm102.5Relative Sizes of Game Trees with Different Move Orderings112.6State Diagram For Node Types142.7ALL/CUT Node Structure of the Minimal Alpha-Beta Game Tree152.8Principal Variation Search (PVS)173.1Example Speedup Graphs223.2Chess and Checkers Games Trees334.1ParaChinook�s Principal Variation Splitting (PVSplit)374.2Principal Variation Splitting (PVSplit) Speedups434.3Principal Variation Splitting (PVSplit) Search Overhead444.4Principal Variation Splitting (PVSplit) Percent of Time Idle454.5Principal Variation Splitting (PVSplit) Normalized Utilization Profile465.1ParaChinook�s Principal Variation Frontier Splitting (PVFSplit)515.2Principal Variation Frontier Splitting (PVFSplit) Speedups535.3Principal Variation Frontier Splitting (PVFSplit) Search Overhead545.4Principal Variation Frontier Splitting (PVFSplit) Percent of Time Idle555.5Principal Variation Frontier Splitting (PVFSplit) Normalized Utilization Profile565.5PVSplit and PVFSplit with Load Balancing Speedups605.6Principal Variation Frontier Splitting (PVFSplit-LB) with Load BalancingNormalized Utilization Profile615.7All Algorithms Speedups625.8All Algorithms (Close-Up) Speedups635.9All Algorithms Search Overhead645.10All Algorithms Percent of Time Idle65A.1Checkers Board Notation73

List of Formulas2.1Leaf Nodes in Full Minimax Tree62.2Node Count in Full Minimax Tree62.3Leaf Nodes in Minimal Tree73.1Definition of Speedup203.2Definition of Speedup Efficiency213.3Definition of Search Overhead24

1Chapter 1IntroductionEfficiently parallelizing the Alpha-Beta search algorithm is difficult in general [Sch89a], but itis made more difficult by narrow game trees, which have a low branching factor. This thesisexamines the problem of parallelizing the game tree search of the Chinook checkers1 (8 x 8draughts) playing program [SCT92,STL93]. Two recurring themes are how the lowbranching factor of checkers game trees makes it difficult to create sufficient amounts ofparallel work and how the branch-and-bound nature of Alpha-Beta search makes it difficult tocomplete the work efficiently in parallel.Although pioneering work in artificial intelligence (AI) and machine learning by ArthurSamuel used the game of checkers as the application domain [Sam59,Sam67], researchershave largely ignored computers checkers for the past 34 years. One notable exception is theDuke checkers program [Tru78]. Of course, there have been commercially available checkersprograms, but the technical lessons from those projects have not been widely published. Intruth, much of the published work in computer game playing in the past three decades has beenin computer chess.Whereas chess game trees are wide and have the potential for a relatively high degree ofparallelism [SuG91], checkers game trees are narrow and have less work available for parallelprocessing at each node. Chess game trees have a relatively high average branching factor of35 to 40 [Gil78]. This thesis reports that checkers game trees in the proposed test suite have anaverage branching factor of 2.84, which is over an order of magnitude less than in chess. Asparallel processors are added to the game tree search strategy, they quickly exceed the degree ofparallelism available at a node in a narrow game tree.The situation is further complicated by the fact that the Alpha-Beta tree search algorithm is aspecial case of the branch-and-bound family of algorithms. As with other branch-and bound1For a brief summary of the rules of checkers, see Appendix A.

2algorithms, Alpha-Beta has the ability to logically eliminate portions of the search tree based onthe results obtained by searching other subtrees. Therefore, searching subtrees in non-optimalorder, through poor work scheduling or because searches are done in parallel without thebenefit of information from an earlier search, may result in unnecessary computation.1.1A Brief History of ChinookChinook is a checkers program developed at the University of Alberta. The project began inJune 1989 with Joe Culberson, Jonathan Schaeffer and Duane Szafron and over the years, avariety of individuals have become involved in the effort. The project has the short-term goalof developing an interactive program capable of defeating the human world checkers championand the long-term goal of solving the game of checkers.Towards the short-term goal, the program has had some significant successes. In August1990, Chinook won the Mississippi State Open (human) checkers tournament and placedsecond in the U.S. National Open behind World Champion Dr. Marion Tinsley. In bothtournaments, Chinook defeated human checkers grandmasters. More importantly, by placingsecond in the U.S. National Open, behind the World Champion, Chinook earned the right toplay for the World Championship in a 40-game match. Chinook is the first computer programto earn the right to contest for such a title.Chinook is not invincible and has also had some setbacks. Since August 1990, Chinook haslost one competitive game to another computer program, and it has narrowly lost exhibitionmatches against human grandmasters. In August 1992, Dr. Tinsley and Chinook played the40-game match for the Man Versus Machine World Draughts Championship in London,England, sponsored by Silicon Graphics International. Dr. Tinsley defeated Chinook with 4wins, 2 losses and 33 draws.2 To Chinook�s credit, its two wins represent only the 8th and 9thlosses by Dr. Tinsley in over 40 years of competitive play.For the August 1992 match, a parallel version of Chinook, ParaChinook, was implementedfor the Silicon Graphics SGI 4D/480, 8-processor, shared memory multiprocessor. Eachprocessor had a clock speed of 33 MHz and the common random access memory was 256megabytes. However, the results presented in this thesis were actually obtained on a BBNTC2000 shared memory multiprocessor. The TC2000 version of ParaChinook is the August2The 40th game was not played because with a 2 game lead, Dr. Tinsley had already won the match.

31992 program, ported to the new computer to take advantage of the larger number ofprocessors and with minor improvements added as a result of the on-going research.The long-term goal of the Chinook project is to prove the game theoretic value of the game ofcheckers. From the initial board position, either one player can force a win or neither playercan force a win. Proving the game would determine if it is a win for Black, a win for White oris a draw. There is strong empirical evidence that the game is a draw. The state space contains5 · 1020 nodes [SCT92] and proving the game of checkers would set a milestone as one of thelargest combinatorial search spaces to be solved.An important component of the both the short and long term goals is the endgame databasescomputed through retrograde analysis [Tho86,LSL93]. Currently, Chinook has a database ofall of the endgames with 7 pieces or less on the board, the so-called 7-piece databases, and thegame theoretic value of each position. By looking up a position in the database, it is possible todetermine the position�s value with perfect accuracy. In late-July 1993, all of the materiallybalanced (i.e. equal number of pieces of each colour), and thus the most useful, 8-piecedatabases were completed. Because the endgame databases represent perfect information, theywill play a crucial role in solving the game. The endgame databases have already played amajor role in Chinook�s success in tournament play and in the August 1992 match with Dr.Tinsley.The short-term goal remains unfulfilled, but may be close at hand as a re-match withDr.˚Tinsley is possible in late 1993 or early 1994. The addition of the entire materiallybalanced 8-piece databases, of which only 40% was available in August 1992, willsignificantly improve Chinook�s playing strength. The long-term goal, which once seemedvery distant, is also made more attainable by the completion of the key 8-piece databases.1.2Overview of the ThesisThis thesis describes the parallelization of Chinook�s Alpha-Beta search. The depth-firstPrincipal Variation Splitting (PVSplit) algorithm [MaC82], popular with computer chessresearchers, formed the basis of the first ParaChinook. However, the poor performance ofPVSplit led to the development of the Principal Variation Frontier Splitting (PVFSplit)algorithm, which is a variation of PVSplit. The parallel performance of both PVSplit andPVFSplit is evaluated on a BBN TC2000 shared memory multiprocessor, using a test suite of20 positions. The issues of starvation and stragglers are discussed, quantified and addressed.It is concluded that any PVSplit-based algorithm will suffer from poor speedups on the narrow

4checkers game trees. However, a hybrid approach using both a non-depth-first searchalgorithm and PVFSplit may be promising for a future version of ParaChinook.The thesis begins by reviewing the concepts of sequential Alpha-Beta game tree search. It is anon-exhaustive survey of the large body of research in Alpha-Beta search and game playingprograms. It then surveys the research on parallel Alpha-Beta search and discusses theParaChinook implementation of Principal Variation Splitting and the experiments used toevaluate parallel performance. It discusses Principal Variation Frontier Splitting, which isbased on PVSplit, but improves on its parallel performance. It also addresses the issue ofstragglers and their impact on performance. Finally, the thesis concludes with a discussion ofthe experimental results and possibilities for future work.

5Chapter 2Game Tree SearchComputer programs play games, such as checkers and chess, by considering differentcombinations of possible moves for itself and possible replies by the opponent. Each legalcombination of move and counter-move is a possible line of play. Ultimately, the mostdesirable line of play, often called the principal variation (PV), is decided upon. Thesystematic searching of different combinations is a well-known problem solving strategy and,in effect, the program is trying to look ahead at the possible continuations of the game.Intuitively, as the search is deepened, the amount of analysis increases and the chance ofoverlooking a strong move or a blunder decreases. Therefore, the depth of search is animportant determinant of the quality of the program�s play.2.1Game Trees and Minimax SearchTo support the systematic analysis of different lines of play, the program builds a game tree.The root of the tree is the current position on the game board, a node in the tree is a legal boardposition and a branch is a legal move. The side which has the choice of move at the rootposition will be referred to as the player and the other side as the opponent.The notion of ply describes the distance between nodes and is similar to the general notion ofthe depth of a tree. The immediate children of the root are said to be at ply 1, or are one plyaway from the root. Although the ideal is to search lines of play until the end of the game,practical limitations on time and computing resources may limit the depth of search. Leafnodes exist where the lines of play are not searched further and represent the program�s look-ahead horizon. Terminal nodes are leaf nodes where the program is able to analyze to the endof the game, possibly with the aid of a database of positions of known values, such as anendgame database [SCT92].In two player zero-sum games, such as checkers, an advantage for the player implies an equaland opposite disadvantage for the opponent. Minimax search models the give-and-take natureof these games. A heuristic evaluation function is used to assign a value to a leaf node that is

6not a terminal node. Positive numbers represent positions advantageous for the player, andnegative numbers represent disadvantageous positions. From the point of view of theopponent, these node values are negated because the opponent is the adversary.The interior nodes are assigned values through a minimizing-maximizing procedure that backsup the leaf values towards the root of the tree. It is assumed that the player always playstowards a leaf node with a high value, so an interior node of the player is assigned thearithmetic maximum value of its immediate child nodes. Similarly, the interior nodes of theopponent are assigned the minimum of its child nodes. Because the two sides alternate turns atmoving, the interior nodes at even plies are always maximums and nodes at odd plies arealways minimums. Note that the minimax value of the tree is a function of the leaf nodes andnot of the root position itself. In fact, the principal variation leads to the leaf node that gives theroot position its value. If different leaf nodes can have the same value, then there may bemultiple principal variations, each backing up the same value to the root position.The naive method of determining the minimax value of the root of the game tree is to visit allof the leaf nodes and apply the recursive backup procedure at all interior nodes. Clearly, this isa computationally expensive task as the depth d of the tree increases. In fact, the number ofnodes increases exponentially with respect to the branching factor, the average number ofbranches from a node. Adapting the notation and terminology of previous authors (forexample, [KnM75, MaC82]), the Number of Bottom Positions (NBP) [SlD69] or leaf nodesin the full minimax tree of uniform width w is:

MNBP (w,d) = wdFormula 2.1 � Leaf Nodes in Full Minimax Tree(M is for minimax, w is uniform width, d is fixed depth)The total number of leaf and interior nodes in the full minimax tree is called the Node Count(NC) (terminology from [Sch86]) and is given by:

MNC (w,d) = wii=1d∑ = wd+1 − 1w− 1 Formula 2.2 � Node Count in Full Minimax Tree(M is for minimax, w is uniform width, d is fixed depth)

7Analytically, it is more convenient to consider only the leaf nodes as given by the NBPmeasure since the equations are simpler and the number of leaf nodes provides a lower boundon the number of nodes in the tree. Empirically, the NC measure is also useful.Figure 2.1 shows an example of a full minimax tree of uniform width 2 and fixed depth 3.Note that, in practice, game trees are rarely of fixed depth and uniform width. However,Formulas 2.1 and 2.2 still provide useful measures of the size of the full minimax game tree.-1-1-133Root NodeLeaf NodesMAXimumMAXimumMINimum00002-5-2-244Figure 2.1 � Full Minimax Tree(w = 2, d = 3. Arrows show path of values backed up from the leaf nodes.)It is theoretically possible to determine the minimax value of a given game tree without visitingall of the nodes that naive minimax search visits. In fact, there are several algorithms designedto search a minimax tree without building a full minimax tree. Of them, the well-knownAlpha-Beta algorithm remains the most popular. The number of leaf nodes in the smallestpossible Alpha-Beta game tree or minimal tree is given by Formula 2.3 [SlD69,KnM75].

MTNBP (w,d) = w d2 + w d2 − 1Formula 2.3 � Leaf Nodes in Minimal Tree(MT is for minimal tree, w is uniform width, d is fixed depth)Of course, Formula 2.3 is still exponential with respect to depth, but it is a significantimprovement over the full minimax tree.

82.2Sequential Alpha-Beta SearchAlpha-Beta is a depth-first search algorithm for minimax trees that computes the correct valueof the root position without necessarily visiting all of the tree nodes. Subtrees that are provablyirrelevant to the value of the root position may be ignored or cut off for a savings in the searcheffort. In fact, Alpha-Beta is a special case of the more general class of branch-and-boundalgorithms [KnM75]. In the terminology of [MaP85],3 nodes where all of the subtrees aresearched are called ALL nodes and nodes where some of the subtrees can be ignored are calledCUT nodes. A cutoff is said to occur at CUT nodes. To detect cutoffs, Alpha-Beta maintainsand updates a search window, (a,b). Node values strictly within the window, that is greaterthan a and less than b, are still relevant to the search. Node values outside the window arepruned. Alpha-Beta pruning is not a heuristic because it logically eliminates parts of the gametree and still computes the correct minimax value of the root position.As an example of Alpha-Beta pruning, consider Figure 2.2. The minimax game tree isidentical to the tree in Figure 2.1.-1-1-133Root NodeLeaf NodesMAXimumMAXimumMINimum00002-5-2-244Cutoff (pruned)RefutationSub-optimal/"bad" move‡ 0 (a)£ -1 (b)Figure 2.2 � Example of Alpha-Beta PruningAssuming a left-to-right order in the depth-first search, the left subtree of the root node returnsa value of 0, which is used as the a value, or lower bound, for the search of the right subtree ofthe root node. When the -1 value is backed up to the MINimum ply, it becomes the b value,3Although this paper uses the terminology in the context of parallel search, they apply equally well tosequential search.

9or upper bound, for the search. However, since a ‡ b, the search window is empty and theindicated subtree can be cut off or pruned. In game tree terminology, the move searched justbefore the cutoff is called the refutation, and the move that led to the cutoff node is sub-optimal, or informally, a �bad� move which has been refuted.A variety of search algorithms are presented in this thesis in a Pascal-like pseudo-code toimprove the clarity of the discussion. The pseudo-code is based on the presentation bySchaeffer [Sch87] and others (for example, [MaC82]). The program header in Figure 2.3should be logically added to all of the pseudo-code to follow. Although the use of globalvariables is generally discouraged, their advantages will become apparent in later chapters.PROGRAMGameTreeSearch;VAR { Global Variables }TreeDepth : integer;{ Depth of search tree to build }Width:array[ 1..MAX_DEPTH ] of integer;{ Branching factor}Moves:array[ 1..MAX_DEPTH ] ofarray[ 1..MAX_WIDTH ] of moveType;{ Moves leading to children }Index:array[ 1..MAX_DEPTH ] of integer;{ Index of next move }Alpha:array[ 1..MAX_DEPTH ] of integer;{ Alpha bound }Beta:array[ 1..MAX_DEPTH ] of integer;{ Beta bound }Score:array[ 1..MAX_DEPTH ] of integer;{ Best score so far }Best:array[ 1..MAX_DEPTH ] of integer;{ Index of best move }BEGIN { Program }Figure 2.3 � Game Tree Search Program Header(Global Variables Pseudo-Code)The pseudo-code for the Alpha-Beta algorithm is shown in Figure 2.4. The details of some ofthe functions, Evaluate(), legalMoves() and orderMoves(), have been omitted. Also, if pis a position and if move is a legal move, then the notation p.move refers to the position reachedby playing move in p.The pseudo-code includes the common negamax and fail-soft enhancements to the basicAlpha-Beta algorithm. The negamax framework swaps and negates the bounds of the searchwindow and also negates the returned value. It is equivalent to the minimizing-maximizingformulation of the original Alpha-Beta algorithm, but is more convenient because it alwayscomputes the arithmetic maximum instead of alternating with the arithmetic minimum. Thepseudo-code also contains the fail-soft enhancement introduced by Fishburn [Fis81]. Byinitializing the value of Score[˚ply ] to -¥, the value returned by fail-soft Alpha-Beta is themaximum score of the subtrees visited, even if that value is less than the alpha bound itself. If

10no cutoff occurs, Score[ ply ] contains the value of the best subtree. As we will see later,this bounds information can be useful in certain search strategies. Although technically amisnomer, the fail-soft version of Alpha-Beta is often what is intended when referring to theAlpha-Beta algorithm, including in this thesis.FUNCTIONAlphaBeta( p : position; alpha, beta, ply : integer ) : integer;VARindex, value : integer;{ Index and value of current move }move : moveType;{ Current move being searched }BEGIN { AlphaBeta }{ Check if at leaf node }if ( ply = TreeDepth ) then{ At leaf node? }return( Evaluate( p ) );{ Yes. Statically evaluate }{ Generate legal moves and order them }Width[ ply ] := legalMoves( p, Moves[ ply ] );{ Store moves in Moves[] }if ( Width[ ply ] = 0 ) then{ Any legal moves in this position? }return( Evaluate( p ) );{ No. In checkers, this is a loss }orderMoves( Moves[ ply ] );{ Yes. Do move ordering }{ Set up global variables }Index[ ply ] := 1;{ Start with best ordered subtree }Alpha[ ply ] := alpha;Beta[ ply ] := beta;Score[ ply ] := -¥;{ Initialize as per fail-soft }Best[ ply ] := UNKNOWN;{ Search each subtree }while ( Index[ ply ] £ Width[ ply ] ) do begin { Recurse }{ Search each subtree }index := Index[ ply ];{ An unique move leads to the subtree }move := Moves[ ply ][ index ];Index[ ply ] := Index[ ply ] + 1;{ Advance index }value :={ Negamax the value and parameters }-AlphaBeta( p.move, -Beta[ ply ], -Alpha[ ply ], ply + 1 );if ( value > Score[ ply ] ) then{ If subtree is better, remember it } begin { Update Best }Score[ ply ] := value;Best[ ply ] := index; end; { Update Best }if ( Score[ ply ] ‡ Beta[ ply ] ) then{ Cutoff? }Index[ ply ] := ¥;{ Yes. Force exit from loop }Alpha[ ply ] := MAX( Alpha[ ply ], Score[ ply ] );{ Improve window? } end; { Recurse }return( Score[ ply ] );{ Done. Return best score }END; { AlphaBeta }Figure 2.4 � Negamax Version of Fail-soft Alpha-Beta Algorithm(Boldface shows points of recursion or where the recursion ends.)

112.3Move OrderingAchieving quick cutoffs at CUT nodes through move ordering is one key to the efficiency ofthe algorithm. For example, in Figure 2.2, if the subtree that was pruned had been searchedbefore its sibling (to the left), then there would not have been a cutoff. Ideally, a move thatcauses the cutoff should be searched first.In a best ordered (or perfectly ordered) game tree, the best move is searched first and a cutoffoccurs immediately after it, if it is a CUT node. At an ALL node, the best move gives the nodeits value. Assuming uniform width and fixed depth, if a game tree is best ordered at ALLnodes and at CUT nodes, Alpha-Beta builds the minimal tree. In a worst ordered tree, thesubtrees are ordered from worst to best, thus the best subtree is searched last. The cutoffoccurs only after all of the subtrees have been searched at the CUT node giving no savings insearch effort. Alpha-Beta builds the full minimax tree if the moves are worst ordered.Randomly ordered game trees, where the best subtree is equally likely to be in any order, havealso been studied. However, they do not represent what is observed in practice [Hsu90].A game tree is strongly ordered if the first subtree searched is best 70 percent of the time andif the best subtree is in the first quarter of the branches 90 percent of the time [MaC82].Although the classifications are non-analytical, it is generally agreed that the trees of efficientsearch implementations are strongly ordered. We can summarize the relationship betweengames trees built with different move orderings by [MaC82]:Minimal Tree < Strongly Ordered Tree < Randomly Ordered Tree ˙ Full Minimax TreeFigure 2.5 � Relative Sizes of Game Trees with Different Move Orderings(Minimal trees are best ordered. Worst ordered trees are full minimax trees.Uniform width and depth is assumed.)Several heuristics are commonly used to build strongly ordered game trees in practice. Aswith most rules of thumb, there are cases in which the heuristics fail. Furthermore, there isoften no analytical characterization of the probability that the heuristic is correct in a givensituation.One heuristic combines iterative deepening with transposition tables. Iterative deepening is atechnique that builds successively deeper game trees. The move ordering information gatheredby building the game tree of depth n is used to help order the moves for the game tree of depth(n + s), where s is the step between iterations. The best move for a node can be stored in a

12transposition table, which is hashed according to the board position represented by the node.During the next search iteration, the transposition table is queried and the suggested best movefrom the previous iteration is searched first. The heuristic is that the best move of theshallower search is likely to be the best move of the deeper search. More generally, iterativedeepening is also used to regulate the time taken to decide on the best move for the rootposition and the transposition table also allows identical subtrees, created by transposing linesof play, to be cached and searched only once.The history heuristic [Sch86,Sch89b] orders all of the moves at a node and not just the bestmove. It uses tables to accumulate a history of how often a move is shown to be best. Thehistory score of a move is increased each time it is empirically shown to be best. Therefore,moves can be sorted according to their history scores. The heuristic is that the best moves atnodes in other parts of the tree have a history of being best and are likely to be best at thecurrent node as well. If the transposition table cannot suggest a possible best move because thetable entry is non-existent or has been overwritten, the history heuristic can suggest a bestmove.Of course, there is no guarantee that the suggested best move of either the transposition table orhistory heuristic is actually best. In those cases, the ordering of the sibling moves by thehistory heuristic is in decreasing empirical probability of being the actual best move. Inpractice, the suggested best move of the transposition table is usually searched first and thenthe remaining moves are searched in the order suggested by the history heuristic. It isimportant to order all of the moves at a node. In the context of Figure 2.4, the functionorderMoves() is considered to implement a move ordering mechanism, such as transpositiontables supplemented with the history heuristic.The popular killer heuristic [SlA77] is a special case of the history heuristic. There are severalother move ordering mechanisms also in use [Sch89b,Mar92].2.4Aspiration WindowsThe window (a,b) with which the search of a node is initiated is referred to as the full window.A search window of (-¥,+¥) declares that all node values are relevant to the search since allpossible node values fall inside the infinite window. However, it is possible to initiate a searchwith an artificially narrowed aspiration window. With window-based minimax algorithms,there is a well-known relationship between the size of the search window and the size of thesearch tree generated [Sch86]. Generally, the smaller the window, the smaller the tree that is

13searched. Intuitively, if the window represents the parts of the search space that are of interest,then a smaller search window will build a smaller tree because parts of the search space havealready been declared a˚priori to be of no interest. Within certain limitations, aspirationwindows can be used to search trees more efficiently.With Alpha-Beta, the returned minimax value is correct only if it falls within the initial searchwindow. If the minimax value is not inside the initial window, then the search is consideredincomplete. The aspiration search generated an improper cutoff and did not search the part ofthe tree that determines its minimax value. Therefore, although there may be strong heuristicreasons to eliminate some node values from consideration a priori, there are no algorithmicjustifications for using anything less than a full window. An aspiration window is a heuristicgamble that the final minimax value lies within the smaller search window, and can thereforebe found with a smaller search tree.One example of using an aspiration window is at the root of the game tree. If the previousiteration of iterative deepening returned a value of v for the root position, the next search can beinitiated with a finite aspiration window covering a range centered on v. The size of thewindow is implementation dependent. If the score of the root position is stable betweeniterations, then it is likely that the next iteration will return the a value within the aspirationwindow.Taking the concept of aspiration windows and fail-soft Alpha-Beta to the extreme results in thenotion of minimal windows [Pea80,Fis81], and minimal window searching. Assuming astrongly ordered game tree, it is likely that the first subtree searched either determines the valueof the node or causes a cutoff. We need to search the first branch of each node with a fullwindow because we want to know the exact minimax value, say v, of the subtree. However,we do not need to know the minimax value of the other subtrees. We can settle for merelyproving that the other branches are no better than the first branch. Therefore, we search allsubtrees other than the first one with the minimal window (v,v + 1) which has zero width. Thewindow is different but the fail-soft Alpha-Beta search algorithm does not change. Minimalwindow search is not used to determine the actual value of a subtree, but to determine boundson its relative value.Recall that with fail-soft Alpha-Beta, the value returned from a search, even if the exactminimax value lies outside of the initial window, provides bounding information. Suppose thefull window of the node is (a,b) and the minimal window used is (v,v + 1). If the searchreturns a value z, and z˚£ v, the search is said to fail low and while the exact value of the subtree

14is not known, it is known to be no better than v. We determined this as cheaply as possiblesince a minimal window was used. If z ‡ b, then a normal Alpha-Beta cutoff has occurredand the node does not need to be expanded any further. Otherwise, if v˚<˚z˚<˚b, the search issaid to fail high. It needs to be re-searched with a full window to find its true minimax value.A narrower window of (z, b) can also be used because the fail-soft Alpha-Beta returned z,which is a lower bound on the actual minimax value of the subtree.The main disadvantage of minimal window searching is the danger of having to re-search a failhigh subtree. The main advantage of minimal window searching is its ability to determine thevalue of a node with potentially less effort. Only the best move subtree is searched with a fullwindow and the sibling subtrees are proven inferior with a relatively inexpensive minimalwindow search. Overall, the search savings due to minimal window searches of stronglyordered game trees outweigh the costs of re-searches [Mar83].2.5Structure of the Minimal Alpha-Beta TreeThe minimal game tree searched by the fail-soft Alpha-Beta algorithm has a predictable andimportant structure. Cutoffs can only occur at certain nodes and can never occur at othernodes. In terms of Knuth and Moore�s classification [KnM75], Type 1 and Type 3 nodes areALL nodes. The Type 2 nodes are CUT nodes. The pseudo-state diagram in Figure 2.6 belowshows the relationship between the different node types.Type 1 (ALL)Type 2 (CUT)Type 3 (ALL)is-a-child-ofis-a-child-ofis-best-child-ofis-not-best-child-ofFigure 2.6 � State Diagram For Node TypesCutoffs can occur at CUT nodes, but in worst case move ordering, all subtrees may actually besearched. With strongly ordered game trees, the worst case scenario is infrequent. Figure 2.7shows the ALL/CUT node structure of the minimal Alpha-Beta game tree.

15CUTCUTCUTCUTCUTCUTCUTCUTCUTALLALLALLALLALLALLALLALLType 1 (ALL)Type 2 (CUT)Type 3 (ALL)Root PositionPly 0Ply 1Ply 2Ply 3PVPVPVFigure 2.7 � ALL/CUT Node Structure of the Minimal Alpha-Beta Game Tree(The principal variation (PV) moves are the best subtrees at Type 1 ALL nodes.)The structure of the game tree in Figure 2.7 is true in the absence of aspiration windowsearches, which is the case for the fail-soft Alpha-Beta algorithm. When using minimalwindow searches,4 there is one important change to the structure: at Type 3 (ALL) nodes, itmay be possible to achieve a cutoff before all of the subtrees are searched. That is to say, Type3 (ALL) nodes may in fact behave like CUT nodes if minimal windows are used. Intuitively,if the search window is of zero width, then any variation in the value of a subtree is enough tocause a cutoff. In fact, it is the possibility of generating a cutoff at a Type 3 (ALL) node thatmakes minimal window search more efficient than a full window search.4Which should not be confused with the notion of the minimal Alpha-Beta tree.

162.6Principal Variation SearchRecognizing the usefulness of minimal window search with the strongly ordered game treesseen in practice, a new variation of Alpha-Beta search, Principal Variation Search (PVS), wasintroduced [Fis80,Fis81,MaC82]. The principal variation determines the minimax value of agiven node, therefore PVS searches the first subtree, as determined by the move ordering, witha full window. If a fail high situation occurs during a subsequent minimal window search, theoriginal choice for the best move was in fact not best and the fail high move needs to be re-searched. In effect, PVS heuristically narrows the windows of the non-principal variationmoves to minimal windows.Figure 2.8 gives the pseudo-code for Principal Variation Search. The main difference betweenthe pseudo-code for Alpha-Beta and for PVS is the special treatment of the first ordered move.In effect, PVS unrolls the while-loop and searches the principal variation with a full window.The other subtrees are searched with a minimal window based on the value of the principalvariation. The shading in the pseudo-code highlights the key differences between Alpha-Betaand PVS. Also note that PVS recursively calls itself and never calls Alpha-Beta, which was atechnique introduced to minimal window searching by Marsland [Mar83] and, independently,Reinefeld in his Negascout algorithm [Rei83].

17FUNCTIONPVS( p : position; alpha, beta, ply : integer ) : integer;VARindex, value : integer;{ Index and value of current move }move : moveType;{ Current move being searched }BEGIN { PVS }{ Check if at leaf node }if ( ply = TreeDepth ) then{ At leaf node? }return( Evaluate( p ) );{ Yes. Statically evaluate }{ Generate legal moves and order them }Width[ ply ] := legalMoves( p, Moves[ ply ] );{ Store moves in Moves[] }if ( Width[ ply ] = 0 ) then{ Any legal moves in this position? }return( Evaluate( p ) );{ No. In checkers, this is a loss }orderMoves( Moves[ ply ] );{ Yes. Do move ordering }{ Set up global variables }

Index[ ply ] := 2;{ Continue with other subtrees, later }Alpha[ ply ] := alpha;Beta[ ply ] := beta;

{ Search first ordered move with full window. Unroll the loop by one }

Score[ ply ] :=

-PVS( p.Move[ ply ][ 1 ], -Beta[ ply ], -Alpha[ ply ], ply + 1 );

Best[ ply ] := 1;

if ( Score[ ply ] ‡ Beta[ ply ] ) then{ Cutoff after pv? }

Index[ ply ] := ¥;{ Yes. Will never enter loop }

Alpha[ ply ] := MAX( Alpha[ ply ], Score[ ply ] );{ Improve window? }{ Search each sibling subtree with minimal window }while ( Index[ ply ] £ Width[ ply ] ) do begin { Recurse }{ Search each subtree }index := Index[ ply ];{ An unique move leads to the subtree }move := Moves[ ply ][ index ];Index[ ply ] := Index[ ply ] + 1;{ Advance index } value :={ Negamax value and minimal window }

-PVS( p.move, -Alpha[ ply ] - 1, -Alpha[ ply ], ply + 1 );

if ( value > Score[ ply ] ) then{ Score improved, but did it fail high? } begin { Update Best } if ( value > Alpha[ ply ] and value < Beta[ ply ] ) then

Score[ ply ] :={ Yes. Re-search with full window }

-PVS( p.move, -Beta[ ply ], -value, ply + 1 );

elseScore[ ply ] := value;{ No }

Best[ ply ] := index;

end; { Update Best }if ( Score[ ply ] ‡ Beta[ ply ] ) then{ Cutoff? }Index[ ply ] := ¥;{ Yes. Force exit from loop }Alpha[ ply ] := MAX( Alpha[ ply ], Score[ ply ] );{ Improve window? } end; { Recurse }return( Score[ ply ] );{ Done. Return best score }END; { PVS }Figure 2.8 � Principal Variation Search (PVS)(Shading indicates key changes from AlphaBeta())

18The efficiency of PVS depends on move ordering. With best ordered trees, the first subtreesearched is always on the principal variation, therefore there are never any fail high situations.Searching the best move first also provides the actual value of the node, say v, so that theremaining moves can be searched with a minimal window (v,v + 1) centered on the correctvalue. Those minimal window searches will never fail high. However, when the moveordering deviates from best ordered, the best move is not expanded first and so an erroneousminimal window of (v«,v« + 1) where v«˚< v is used. The minimal window search of the actualbest move will fail high and the resulting re-search will return the value v. It is important thatthe newly determined value v be used for the minimal windows of the remaining subtrees.There may be other moves with the same value v as the best move. If those maximal subtreesare searched with (v«,v« + 1) they will also fail high and be needlessly re-searched. Fortunately,with the strongly ordered game trees encountered in practice, the first move is often best.2.7Alpha-Beta as a Proof ProcedureAn interesting way to think of the Alpha-Beta algorithm is to view it as a guess-and-checkproof procedure. Intuitively, the algorithm �guesses� at the best move at each node in thegame tree. Then, it searches that line of play further to �check� if the move is indeed best or itfinds a counter-example or refutation to the optimality of the chosen move. In practice, theguess of the best move and the guess of the best refutation are both determined by the variousmove ordering mechanisms in use.Proving that a move is best requires searching all other possible moves and showing that theyare inferior to the best, or principal variation, move. No move on the principal variation can beeliminated from consideration. That is why the principal variation consists only of Type 1(ALL) nodes.Proving that a move is inferior only requires showing that there is at least one response by theother side for which all of the counter-responses lead to inferior positions. For example, if theplayer chooses a move that allows the opponent to win a checker and all of the player�sresponses cannot win back the checker, then the inferiority of the player�s original move isestablished. Although there may be other refutations available to the opponent, only one isneeded and the remaining subtrees are cut off. This is the intuition behind Alpha-Beta pruning.A Type 2 (CUT) node is reached by an inferior move from the parent node and all of themoves at the following Type 3 (ALL) node cannot overcome that previous inferior movebecause they lead to inferior positions themselves, as in the above example. This explains thestrict alternating pattern between Type 2 and Type 3 nodes indicated by Figures 2.6 and 2.7. It

19also explains why the alternation between Type 2 and Type 3 nodes begins at the point ofdeviation from the principal variation.If a non-principal variation move is actually superior, as in a fail-high situation, then thebehaviour of the Type 2 and Type 3 nodes are reversed. Because the original hypothesis thatthe non-principal variation is inferior is false, the search cannot actually prove the inferiority ofthe move. Instead of the other side having at least one refutation, it has no refutation and allsubtrees of the Type 2 node must be searched to discover this, contrary to its predictedbehaviour as a CUT node. And for each move from the Type 2 node, there is at least oneresponse that improves the position for the other side. Once that move is discovered, a cutoffmay occur at the Type 3 node, which is contrary to its predicted behaviour as an ALL node.

20Chapter 3Parallel Alpha-Beta Game Tree SearchThere is a substantial body of literature on the parallel search of game trees. This is partlybecause deeper searches yield potentially better play, at least in chess [Tho82], and partlybecause the basic Alpha-Beta algorithm is an important technique that is a challenge toparallelize efficiently. This chapter discusses the fundamental concepts and techniques ofparallel game tree search based on Alpha-Beta pruning. Selected previous research in the areais surveyed. Also, the differences between chess and checkers as the application domain arehighlighted. The ideas introduced in this chapter form the foundation of the subsequentchapters describing Chinook�s parallel search.3.1Parallel PerformanceTo search a deeper game tree in the same amount of time, researchers have turned toparallelism. Searching one ply deeper in constant time requires a four to eight-fold increase insearch power when chess is the application domain [Gil78]. In checkers, an extra one plyrequires speeding up the search by a factor of two [SCT92].A popular measure of parallel performance in game tree search, and parallel computing ingeneral, is the speedup. Intuitively, speedup is the measure of how much faster a problem issolved using n processors instead of just one processor. If using n processors results in a n-fold speedup, then it is a linear speedup. However, true linear speedup is rare and highlydependent on the nature of the problem. Speedup is defined as:

speedup = “best” solution time on one processor solution time on n processors Formula 3.1 � Definition of Speedup

21The notion of �best� solution time on one processor is both important and contentious.Typically, the best sequential solution time used is derived from the best implementationavailable to the authors instead of from an analytical definition of what is best. Although this isa practical approach to the quantity of the speedup, the parallel version of a poor sequentialalgorithm may be misleading as to the quality of the speedup. For the exact same algorithm,using an unoptimized sequential implementation and slower processors can actually improvethe speedup values [SuG91]. Despite its drawbacks, there is little consensus on an alternativemeasure of overall parallel performance and therefore, this thesis will also use the speedupmetric.Closely related to speedup is the notion of speedup efficiency. It represents the amount ofspeedup potential that is actually achieved. It is defined as:

SO =

nodes searched on n processors nodes searched on one processor − 1Formula 3.3 � Definition of Search OverheadThere are two main sources of search overhead, both related to information deficiency. First,there could be a lack of information regarding cutoffs. A parallel algorithm that performssubtree searches concurrently at a CUT node does not know a priori which subtree will causea cutoff and make the other searches irrelevant. Second, there could be a lack of information

25regarding optimal search windows. Particularly with minimal window techniques, the valuesof previously searched subtrees can be used to improve the windows of subsequent searches.Without the benefit of previous search results, the windows of parallel searches may be widerthan needed or even incorrect, resulting in larger subtrees or the overhead of re-searchingsubtrees. The lack of timely information about cutoffs and windows results in searchoverhead. It is ironic, given all the effort invested in parallel algorithms, that Alpha-Beta is aninherently sequential algorithm due to this information dependency.Interestingly, it is possible to observe negative search overhead. Even the best sequentialsearch implementations do not always achieve perfect move ordering at cutoff nodes. If aparallel algorithm can exploit this flaw and achieve a cutoff more quickly, it might result in anegative search overhead.Synchronization overhead (SY) is incurred when an algorithm forces a searcher to wait foranother searcher to finish. To combat information deficiency, some parallel algorithms usesynchronization to gather all of the information regarding a node so that it can be used insubsequent searches. As well, search extensions, pruning shortcuts and other searchenhancements may cause the work given to one searcher to be substantially more than anothersearcher. This leads to a load balancing problem when a straggler searcher forces othersearchers to wait at a synchronization point.Of course, there are strategies to reduce both the search and synchronization overheads. It is adifficult problem because there is a close relationship between the two overheads and trade-offsmust be made carefully.Communication overhead (CO) is caused by parallel searchers exchanging data, using locksand semaphores to coordinate access to shared resources and to communicate events. Ofcourse, the sequential algorithm does not need to communicate data with parallel processors.For convenience, whatever is not attributable to search or synchronization overhead is definedto be communication overhead.3.4Respecting the Structure of the Alpha-Beta TreeThe Alpha-Beta cutoff has the potential to create parallel search overhead. Under perfect moveordering at a CUT node, the subtree that causes the cutoff is searched first and all of the othersubtrees can be pruned. However, if a CUT node is used as a split node, and several subtreesare searched in parallel, there is likely to be waste of search effort because complete pruning is

26no longer possible. Consequently, it has been observed that one way to reduce searchoverhead is to search the subtrees of a CUT node in sequential order rather than in parallel.Therefore, a heavy-handed rule is that ALL nodes should always be split and CUT nodesshould never be split. Later on, we will consider exceptions to this rule, but the basic wisdomremains a key component of any parallel search algorithm based on tree decomposition.Therefore, if an algorithm decides to split or not to split a node with consideration given to thetree�s node structure, it is informally said to respect the ALL/CUT node structure of the gametree. In fact, all of the algorithms discussed below incorporate this concept in some form.3.5Principal Variation SplittingPrincipal Variation Splitting (PVSplit) [MaC82] is a depth-first, tree-splitting algorithm thatgrew, in part, out of the sequential Principal Variation Search (PVS) algorithm discussed inChapter 2. It creates parallel work by splitting nodes along the principal variation. As seen inFigure 2.7, each of the nodes on the principal variation is an ALL node, therefore PVSplitrespects the ALL/CUT node structure of the game tree. Recursing down the principal variationconcentrates the parallel effort where it is potentially most useful, and backing up the principalvariation carries important window information for the search of the sibling subtrees.PVSplit forms the foundation of Chinook�s parallel search and will be discussed in detail inChapter 4. However, it is important to emphasize two aspects of PVSplit for the currentdiscussion. First, PVSplit only splits Type 1 (ALL) nodes and it splits the nodes in a depth-first, in-order fashion as values are backed up along the principal variation. PVSplit uses thebacked up value to improve the search windows of the sibling subtrees. Second, PVSplit onlyallows a single split node at a time. All of the searchers must synchronize at the current splitnode before the algorithm can back up one ply and create the next split node. Consequently,PVSplit is particularly susceptible to synchronization overheads.3.6Dynamic Principal Variation SplittingThe Dynamic Principal Variation Splitting (DPVSplit) algorithm [Sch89a] extends basicPVSplit in a way to deal with the synchronization overhead caused by stragglers. In essence,searchers that are otherwise idle at the synchronization point can be dynamically reassigned tohelp with busy searchers. As searchers are reassigned to help other searchers, a processor treehierarchy is formed with the straggler processor at the root of the processor tree. The searchers

27are able to share their work because they apply the PVSplit algorithm to their assigned subtreesinstead of regular PVS.Two disadvantages with DPVSplit include the potential for unbalanced processor trees and thereduction in the granularity of parallel work. As idle searchers are assigned and reassigned tobusy searchers, it is possible to form an inefficient pipeline of processors instead of a balancedtree, in the worst case. A deeper hierarchy of processors implies more synchronization pointsand more synchronization losses. Furthermore, splitting up the work of one searcher for areassigned searcher implies that the work created by the �dynamic� aspect of DPVSplit issmaller than the work created by the basic PVSplit. In effect, DPVSplit allows multiple splitnodes to be introduced when necessary to deal with stragglers. However, the additional splitnodes are all lower in the game tree than the original split node on the principal variation.Consequently, the subtrees at the new split nodes are smaller and potentially suffer thedrawbacks of fine-grained work. In practice, DPVSplit does improve the performance ofPVSplit. However, it appears that it does not change the overall asymptotic shape of thespeedup curve.Both PVSplit and DPVSplit are depth-first strategies that largely depend on a single controller.DPVSplit introduces a limited amount of distributed search control when idle searchers arereassigned to help busy searchers. In that case, the straggler process becomes both a managerof searchers and a searcher. However, with both algorithms, the search control remains largelycentered on the principal variation.The advantage of centralized control is that all of the information on cutoffs and searchwindows can be concentrated and applied at the split node, reducing search overhead. Thedisadvantage is that the single control point can be come a bottleneck, increasingsynchronization overhead. The addition of more searchers increases the synchronization fan-inand if the branching factor of the split node is low, there may be insufficient parallel work forthe searchers. Intuitively and empirically, PVSplit-based algorithms perform best with smallnumbers of processors and trees with high branching factors. The ratio between the number ofsearchers and the branching factor, called the parallelism overload factor, is an importantmeasure of how likely there is to be starvation and how high the synchronization fan-in will be.Another advantage of PVSplit-based algorithms is that, since they are depth-first searches, theamount of storage required for the search control is linearly proportional with respect to thedepth of the search and the number of searchers. The low storage overhead for depth-firstsearch algorithms is a key strength in actual implementations.

283.7Other PVSplit-Based AlgorithmsSome of the other efforts in PVSplit-based parallel algorithms include the Cray Blitz [HSN89]and Waycool [FeO88] chess programs. The Waycool program is interesting for its reported101-fold speedup on a 256 node hypercube multicomputer. However, as pointed out byseveral researchers, including Hsu [Hsu90], that speedup value does not take into considerationthe beneficial growth in transposition table size as processors are added.Although both projects introduced interesting load balancing techniques that are effective fortheir individual programs, it is difficult to compare their relative merits. In fact, the inability tomeaningfully and quantitatively compare different search ideas, except when implementedwithin a single chess program, is a fundamental limitation of research in this area.Nonetheless, qualitative comparisons of parallel search ideas, particularly between PVSplit-based algorithms and other parallel search paradigms, can be instructive.3.8The Zugzwang ApproachOne of the key design decisions made for the Zugzwang distributed chess program [FMM89]is to completely distribute the parallel search control. Each searcher executes the same searchand control code and are virtually identical in functionality. Each searcher is responsible forrequesting work from other searchers. Each searcher is able to receive work and search itlocally or redistribute subproblems to other searchers. The lack of a central controller impliesthat the potential bottleneck noted for PVSplit and DPVSplit may be avoided.Upon receiving a problem, namely a node to be searched, a searcher breaks up the node intosubproblems which it can divide further and search locally, or if asked, can be passed on toanother searcher. The creator of the split node, as in PVSplit, is its master and is ultimatelyresponsible for its completion. Given a choice of subproblems to redistribute, the subtreeclosest to the root of the original problem is preferred. Alpha-Beta pruning and other searchenhancements are also used. There can be multiple split nodes within a single searcher andmultiple split nodes among the parallel searchers. It should be noted that each searcher underDPVSplit performs a similar procedure. The differences arise in how work is shared betweensearchers.To supplement the cyclic process of receiving work, dividing the work and, possibly,reassigning some of the work are two principles described as Young Brothers Wait andHelpful Master.

29Viewing the different subtrees rooted at a node as siblings, Young Brothers Wait states that,although the work has been divided, the moves ordered after the first, or eldest, subtree are notavailable for redistribution until the first subtree has been completed. Consequently, if the splitnode is a CUT node and the cutoff occurs after the first subtree, no search overhead is incurredthrough the premature reassignment of work. Furthermore, information from the first subtreethat may improve the search windows of the siblings can be applied before the work is givenout. The Young Brothers Wait concept is a restatement of PVSplit�s criteria for creating a newsplit node: the first ordered subtree must be searched first.Interestingly, the behaviour of Young Brothers Wait is the same at both CUT and ALL nodes.Both types of nodes are completely splittable after the first search result is returned. There isno reported mechanism for preventing the splitting of CUT nodes, although it would be simpleto implement. Even if the elder subtree does not cause a cutoff, the likelihood of eachsubsequent subtree causing the cutoff is high in a strongly ordered tree, assuming that the nodeis behaving as a CUT node. Young Brothers Wait avoids search overhead only in the case ofbest move ordering, which is not always the case in practice.With the Helpful Master concept, the master of a split node that is waiting for search results tobe returned can decide to assign itself to help a searcher finish a subtree for which the master iswaiting. Thus, the Helpful Master is a load balancing strategy that also has a completelydistributed control structure. Unlike DPVSplit, each searcher is empowered to decide for itselfif it will help another searcher. The distributed search initiation and the Helpful Master resultsin a dynamic and effective form of load balancing.In general, Zugzwang�s search begins with a single searcher being given the root position ofthe game tree. As it divides the node, it follows the Young Brothers Wait concept andultimately creates work than can be redistributed to other searchers. They, in turn, create morework which can be used to load balance the search. The Helpful Master concept also aids inload balancing the search, particularly in the case of a straggler process.The strongest and most unique feature of the Zugzwang approach is the complete distributionof search control among peers. It is a natural approach for the distributed hardware used toimplement the chess playing program. On the one hand, the strategy reduces thesynchronization fan-in at split nodes and avoids the bottleneck of single split node algorithms.On the other hand, the strategy creates more synchronization points and the frequentinteractions between searchers to receive work and communicate information may result in

30low-granularity parallelism. From the reported speedups and the success of the Zugzwangprogram in tournament play, the ideas seem promising.3.9Delayed Branching Tree Expansion AlgorithmsHsu introduced a family of multiple split node, non-depth-first, parallel Alpha-Beta searchalgorithms [Hsu90]. His design goal was to allow the use of several hundred, and eventhousands, of parallel searchers in a new generation chess machine.5 The family of DelayedBranching Tree Expansion (DBTE) algorithms avoid the concurrent expansion of siblingsubtrees of a CUT node, but the individual algorithms differ in the strategy used to select thenext split node. The details of the Leftmost-First (LF), Best-First (BF) and First-Come-First-Served (FCFS) strategies can be found in [Hsu90]. Of the three strategies, only the Leftmost-First DBTE (LF-DBTE) is considered in depth.The DBTE algorithms are influenced by the hardware model chosen for the new chessmachine: a host machine builds the upper plies of the game tree in memory and decides on thesplit nodes to be given to the next available searcher from a pool of processors. Therefore, agiven DBTE algorithm is the scheduling or priority queue strategy for split nodes. The hostcan be a workstation or a collection of workstations. The parallel searchers are chess searchengines using custom chips for the move generator and the static evaluation function.Therefore, the new chess machine exploits both fine-grained component parallelism andcoarse-grained search parallelism through tree decomposition.At the heart of the DBTE algorithms is the notion of the critical tree, which is related to theminimal tree. The critical tree is the actual proof tree and represents nodes that must besearched in order to determine the minimax value of the root position. Hsu distinguishesbetween the notion of �critical work� that is implied by the critical tree and �mandatory work�that is the basis of work by Akl, Barnard and Doran [ABD82] and Finkel and Fishburn[FiF83]. In fact, Hsu points out that the notion of mandatory work described by Finkel andFishburn is �not even mandatory for the full window [Alpha-Beta] search which uses astarting window of (-¥, +¥)� [Hsu90]. However, he also notes that even the critical nodesare not necessarily searched if an aspiration window is used. Still, �the set of the critical nodesdoes have the merit of being worth evaluating when there is nothing better to do� [Hsu90, pg.73]. In essence, the critical nodes are the preferred choices for the multiple split nodes.5Dr. Hsu and his colleagues created the ChipTest, Deep Thought and Deep Blue chess machines[HAC90].

31As with the PVSplit-based algorithms, the DBTE algorithms explicitly respect the ALL/CUTnode structure of the Alpha-Beta game tree. However, the DBTE algorithms allow formultiple split nodes, which is not the case for the basic PVSplit. The use of multiple splitnodes is a fundamental way of growing the search tree in both Zugzwang and the DBTEalgorithms. Unlike the Zugzwang approach, the DBTE algorithms have a centralized schemefor search control. The searchers of the chess machine are not general purpose processors. Apiece of work given to a DBTE searcher is indivisible. The host machine controls the searchand performs the splitting of nodes.The DBTE algorithms have been analytically shown to possess two important properties.First, the Leftmost-First DBTE algorithm is proven to provide speedup that is asymptoticallyclose to linear for a fixed number of processors, as the depth of the best-first ordered searchtree is increased. Therefore, regardless of the number of searchers, the speedup of the searchimproves as the size of the search tree grows. In Hsu�s view, this is a necessary but notsufficient condition for a good parallel Alpha-Beta algorithm. Second, Hsu proves that theLeftmost-First DBTE algorithm theoretically never searches a node that the weak Alpha-Betaalgorithm does not search. The weak Alpha-Beta algorithm does not enjoy cutoffs due tobounds information from ancestor nodes more than two plies away, the so-called deep cutoffs.Therefore, the normal Alpha-Beta algorithm, with deep cutoffs, never searches more (andusually fewer) nodes than weak Alpha-Beta. Leftmost-First DBTE searches no more nodesthan the weak Alpha-Beta as well. Therefore, given the asymptotic optimality of the speedupand the upper bound on nodes searched provided by the weak Alpha-Beta algorithm, Hsuconcludes that the Leftmost-First DBTE algorithm has a non-trivial lower bound on its parallelAlpha-Beta speedup.Hsu�s important analytical results do not preclude the fact that other parallel algorithms mayalso possess the same theoretical speedup properties. However, the reporting of suchanalytical properties of a parallel Alpha-Beta algorithm is sufficiently rare that the Leftmost-First DBTE theoretical results are noteworthy. Certainly, no such analytical results of thePVSplit-based algorithms and the Zugzwang approach have been reported. Although resultsbased on an actual implementation of DBTE have not been reported, Hsu did performsimulations of the algorithm to support his theoretical results.The DBTE algorithms remain a promising alternative to other algorithms. Its maindisadvantages are that it gives up the deep cutoffs and that it potentially requires a lot of storagefor the nodes of the expanding tree, since it is not a depth-first strategy. However, the need formultiple split nodes is clear as the number of parallel searchers increases. Furthermore, the

32desirable theoretical properties of the algorithm distinguish it from other algorithms proposedto date.3.10Application Domains: Chess and Checkers Game TreesPVSplit, DPVSplit, the Zugzwang approach and the DBTE algorithms have primarily beenapplied to or proposed for chess game trees. However, checkers game trees have twodistinguishing features from chess game trees. First, the average branching factor in checkersis much less than chess. In chess, a typical position has a branching factor ranging from 35 to40 [Gil78]. In the commonly used Bratko-Kopec chess test suite [KoB82], the branchingfactor is about 35. The checkers game trees of the test suite used for this thesis have anaverage branching of 2.84.6 That is to say, the branching factor in chess game trees is over anorder of magnitude higher than in checkers game trees. This has clear implications for treedecomposition strategies such as PVSplit. Second, the distribution of branching factor valuesin checkers trees is bimodal. There is a significant difference in branching factor depending onwhether the node represents a capture or non-capture position. In checkers, if a capture ispossible, it must be taken. Consequently, the average branching factor for capture nodes in thetest suite is 1.28 and for non-captures nodes it is 7.93. Because there are more capture nodesthan non-capture nodes, the weighted average is 2.84. The bimodal distribution of branchingfactor values has implications if a chosen split node is also a capture position.6The Tinsley-Chinook 1992 test suite will be discussed later and in Appendix B. All reportedbranching factors for checkers game trees are measured quantities.

33Figure 3.2 graphically shows the difference in branching factor between chess and checkersgame trees.Chess (bf = 35)Checkers (bf = 1.28, capture)Checkers (bf = 7.93, non-capture) Checkers (bf = 2.84, weighted average)Figure 3.2 � Chess and Checkers Game TreesBecause PVSplit and other tree decomposition strategies create parallel work by splittingnodes, a high branching factor means that there is a large quantity of parallel work at each split

34node. Starvation is not a serious problem with wide chess game trees and relatively lownumbers of searchers. Similarly, if the degree of parallelism offered by the branching factor ishigher than the number of searchers, the load balancing problem can be ameliorated by givinga new piece of work to a searcher who finishes early.In checkers, if the split node is a capture position, it is likely that all but one of the searcherswill be starved since the average branching factor is less than 2 at a capture node. Furthermore,since PVSplit recurses down one of the branches before splitting the node, the effective degreeof parallelism at a split node which is a capture position is less than one. If the number ofsearchers is greater than 8, it is possible that some searchers will never receive work. Whensearchers can starve due to an insufficient branching factor at a split node, the game tree is saidto be branch narrow, or simply narrow. It is purposely a relative term that depends on theparallelism overload factor concept discussed earlier.Clearly, the low branching factor of checkers game trees means PVSplit may not be able toeffectively utilize even a moderate number of parallel searchers. Nonetheless, it was decidedthat a PVSplit-based version of Chinook needed to be implemented as a first step tounderstanding how the narrow checkers game trees would affect parallel game tree searchperformance.

35Chapter 4Parallel ChinookEarly on in the creation of a parallel Chinook, or ParaChinook, it was decided that the PrincipalVariation Splitting (PVSplit) algorithm would be the basis of the first implementation.PVSplit�s popularity and success with chess researchers inspired some confidence. Also, thecentralized search control and its similarities with the algorithm used in sequential Chinookmeant that debugging may be easier. Furthermore, the first intended use of ParaChinook wasfor the Man Versus Machine World Draughts Championship in August 1992, and the parallelcomputer available for that match supported only eight parallel processors. We hoped that therelatively low parallelism of the hardware would not overwhelm the low degree of parallelismof narrow game trees. For a variety of reasons, PVSplit was the pragmatic choice for an initialParaChinook.4.1ParaChinook�s Principal Variation SplittingAs discussed in Chapter 3, Principal Variation Splitting (PVSplit) [MaC82] is a depth-first,tree-splitting technique that concentrates the parallel searchers along the principal variation.Only Type 1 (ALL) nodes are on the principal variation and only one split node can exist at atime.Figure 4.1 contains the pseudo-code for an enhanced version of PVSplit, similar to ParallelMinimal Window Search (PMWS) [MaP85], that uses minimal windows for non-principalvariation subtrees. The shaded regions highlight the key differences between the parallelPVSplit algorithm and the sequential Principal Variation Search (PVS) algorithm previouslydescribed. Of course, there are strong similarities between the two algorithms.Only one process, the controller, executes the PVSplit code. Work is assigned to parallelsearchers who themselves use the sequential PVS algorithm. The controller does a minimalamount of computation and searcher management, thus it does not require a dedicated physicalprocessor. It can share a processor with a searcher without having a significant impact on

36performance. Having separate controller and a searcher processes is just a convenientabstraction and programming technique. VAR { New Global Variables }

WorkOut:array[ 1..MAX_DEPTH ] of integer;{ Results outstanding }

Value:array[ 1..MAX_WIDTH ] of integer;{ Results of each subtree }FUNCTIONPVSplit( p : position; alpha, beta, ply : integer ) : integer;VARindex, value : integer;{ Index and value of current move }move : moveType;{ Current move being searched }BEGIN { PVSplit }

{ Check if at threshold for minimum granularity. Do not recurse to leaves. } if ( ply = ( TreeDepth - MinGranularity ) ) then return( PVS( p, alpha, beta, ply ) ); { Yes. Do sequentially. }{ Generate legal moves and order them }Width[ ply ] := legalMoves( p, Moves[ ply ] );{ Store moves in Moves[] }if ( Width[ ply ] = 0 ) then{ Any legal moves in this position? }return( Evaluate( p ) );{ No. In checkers, this is a loss }orderMoves( Moves[ ply ] );{ Yes. Do move ordering }{ Set up global variables }Index[ ply ] := 2;{ Continue with other subtrees, later }Alpha[ ply ] := alpha;Beta[ ply ] := beta;

WorkOut[ ply ] := 0;{ Search results still outstanding }{ Search first ordered move with full window. Unroll the loop by one }Score[ ply ] :=-PVSplit( p.Move[ ply ][ 1 ],-Beta[ ply ], -Alpha[ ply ], ply + 1 );

Value[ 1 ] := Score[ ply ];Best[ ply ] := 1;if ( Score[ ply ] ‡ Beta[ ply ] ) then{ Cutoff after pv? }Index[ ply ] := ¥;{ Yes. Will never enter loop }Alpha[ ply ] := MAX( Alpha[ ply ], Score[ ply ] );{ Improve window? }

37{ Search each sibling subtree with minimal window }{ Split node incomplete if there are local subtrees unsearched or if there are searchers still to return } while ( ( Index[ ply ] £ Width[ ply ] ) OR ( WorkOut[ ply ] > 0 ) ) do begin { while }if ( �$ idle searcher� AND Index[ ply ] £ Width[ ply ] ) then begin { Local work out }{ Search each local subtree }index := Index[ ply ];{ An unique move leads to the subtree }move := Moves[ ply ][ index ];Index[ ply ] := Index[ ply ] + 1; { Advance index }Value[ index ] :={ Negamax value and minimal window }-FarmWork( p.move,-Alpha[ ply ] - 1, -Alpha[ ply ], ply + 1 );

WorkOut[ ply ] := WorkOut[ ply ] + 1;{ Keep track of work given } end; { Local work out }else if ( index := ReturnedResult() ) then begin { Local results in }value := Value[ index ];

WorkOut[ ply ] := WorkOut[ ply ] - 1; { Work received }if ( value > Score[ ply ] ) then { Score improved, but did it fail high? } begin { Update Best }if ( value > Alpha[ ply ] and value < Beta[ ply ] ) then beginValue[ index ] :={ Yes. Re-search }-FarmWork( p.move, -Beta[ ply ], -value, ply + 1 );

WorkOut[ ply ] := WorkOut[ ply ] + 1; { Still not finished } end;elseScore[ ply ] := value;{ No }Best[ ply ] := index; end; { Update Best }if ( Score[ ply ] ‡ Beta[ ply ] ) then{ Cutoff? } beginIndex[ ply ] := ¥;{ Yes. Force exit from loop } interruptSearchers();{ Tell searchers to stop and return } end;Alpha[ ply ] := MAX( Alpha[ ply ], Score[ ply ] );{ Improve window? } end; { Local results in } end; { while }return( Score[ ply ] );{ Done. Return best score }END; { PVSplit }Figure 4.1 - ParaChinook�s Principal Variation Splitting (PVSplit)(Shading indicates key changes from PVS(). Boxes group key functionality.)In Figure 4.1, notice that some new global variables have been defined. The WorkOut[] arraykeeps track of how many searchers are still busy with work rooted at the current split node.PVSplit forces all of the searchers working on the current split node to synchronize before itcan back up to the parent node. The new Value[] array keeps track of the individual subtreesearch results. Although the subtrees are farmed out to the searchers in the order determined

38by orderMoves(), they are likely to be of unequal size, and the results will be returned in adifferent order. Therefore, it is important to keep track of the individual subtree values.As discussed in Chapter 3, the notion of granularity is important in parallel processing,therefore PVSplit does not recurse to the leaf nodes. Instead, at some threshold number ofplies above the leaf nodes, it completes the subtree search with sequential PVS. That way, thework farmed out to searchers when the node is split is at least that minimum granularity indepth.The heart of PVSplit is the final while-loop. The guard condition of the loop is whether thereare any locally rooted subtrees still to be searched or whether there are searchers who have notsynchronized at the split node by returning their search results. Within the loop are two mainblocks of code, highlighted in Figure 4.1 by the use of boxes. The first block of codedistributes subtrees to the parallel searchers using FarmWork(). Farming work out to asearcher under PVSplit involves finding an idle searcher, packaging the work into a datastructure and then signaling the searcher that it has new work. Notice that each of the searcheshave minimal windows centered on the current best value in Alpha[˚ply˚]. Also, thealgorithm can farm out as many concurrent pieces of work as the degree of parallelism allows.If there are more searchers than subtrees at the split node, some of the searchers will starve.The second block of code receives the results returned by searchers using ReturnedResult().It is a non-blocking function call that checks if a search result has been returned by a searcher.If there is no result, control returns to the top of the while-loop. If a result is returned, thefunction returns the index of the work and the body of the if-statement is entered. If there is afail-high situation, that same subtree must be re-searched with a full window, thus the secondcall to FarmWork(). If a cutoff occurs, the searchers are interrupted usinginterruptSearchers() to force a quick synchronization and the loop is immediately exited.Without a cutoff, when all of subtrees have been searched and all searchers have synchronized,PVSplit returns the value of the best subtree.The implementation of ParaChinook�s PVSplit contains two enhancements omitted from thepseudo-code to improve the clarity of the presentation. First, if a search has been farmed outwith sub-optimal minimal windows, then that search can be interrupted and re-started withbetter minimal windows. Specifically, if the value of Alpha[˚ply ] is increased by a searchresult, then any other search initiated with a lower value of Alpha[ ply ] is interrupted andre-started. Re-starting a minimal window search is different from re-searching with a fullwindow due to a fail-high situation. This action is designed to reduce the search overhead thatresults from sub-optimal window choice. Second, the root node of the game tree is not a split

39node as it is with basic PVSplit. Instead, each of the non-principal variation subtrees aresearched in sequence with a parallel PVSplit. This is a result of the way sequential Chinook isimplemented. It is also a pragmatic change to normal PVSplit since a fail-high situation at theroot node needs to be detected as quickly as possible, and that is best done by searching eachsubtree with a parallel PVSplit. Of course, forcing the searchers to synchronize at the rootposition results in higher idle time due to greater synchronization overhead.4.2Experimental DesignTo evaluate the strengths and weaknesses of the implementation, a series of experiments wereperformed. As discussed earlier, the purpose of implementing a parallel algorithm is to searchgame trees faster, therefore speedup (Formula 3.1) is the primary metric. However, toproperly evaluate the overall performance, measurements such as total nodes searched inparallel and time spent at synchronization points were also recorded. The reported total nodessearched include interior and leaf nodes, corresponding to the node count (NC) metric referredto in Formula 2.2. The time spent at synchronization points was measured in real time andconverted into the percent of the total search time. The reported percent idle time is the averageof all the searchers. It includes the impact of both starvation and stragglers.The hardware used for the experiments was a BBN TC2000 shared memory multiprocessor[BBN89]. The TC2000 uses a non-uniform memory access (NUMA) architecture via a multi-stage interconnection network (MIN) to implement shared memory. However, ParaChinookis not specific to the BBN and could easily be adapted to any shared memory architecture. Infact, ParaChinook was originally developed on bus-based shared memory multiprocessorsfrom Silicon Graphics and, through the use of conditional compilation, can be compiled foreither machine. All timings were done using the system�s real time clock and on a dedicatedmachine in benchmark mode, with no contention for the processors or for the interconnectionnetwork.The software used for the experiments is the version of ParaChinook that competed againstDr.˚Tinsley in London, August 1992, with some minor changes. The sequential search code isvirtually identical to the August 1992 version. One major difference in the software is that theendgame databases, which played such an important role in London, were not used in theparallel search experiments. The databases are stored on disk and the impact of input-outputshould be factored out from the parallel search performance. Also, because the local softwareenvironment of the TC2000 did not allow multiple user processes on the same processor, thecontroller was placed on a dedicated physical processor. Nonetheless, the speedup graphs are

40presented as a function of the number of searchers and do not include the additional processorfor the controller .A single transposition table of 8,388,608 (=223) entries, requiring 128 megabytes of physicalmemory, was used in all of the sequential and parallel searches. Adding processors to thesearcher pool did not increase the size of the transposition table, as is the case with some of theprevious research projects (for example, [FeO88] and [FMM91]). None of the sequentialsearches, and only a few of the parallel searches, exceeded 8 million total nodes, therefore theeffect of transposition table collisions was minimized. A larger transposition table was notused because of the limitations of the hardware and because clearing such a large data structurebefore each test position would have required too much valuable benchmark time. Thetransposition table was located in shared memory and access to it was coordinated through theuse of spin-wait locks. The parallel searchers also shared a single history table. Access to thehistory table was not protected by locks because the overhead of forcing mutual exclusion wasbelieved to be greater than the disadvantages of losing an update to the history scores.The test suite used for the experiments consisted of twenty board positions that occurred in theAugust 1992 match. Appendix B provides the details of the Tinsley-Chinook 1992 test suite.All of the speedups, search overheads and idle times reported in this chapters are the average ofthe individual positions in the test suite. Since there are no standard test suites in computercheckers, such as the Bratko-Kopec suite in computer chess [KoB82], the main goal of theselection process was to fairly represent ParaChinook�s speedup performance in a variety ofboard positions.In designing a fair test suite of positions, a loose methodology was followed. First, thecandidate positions came from actual games played in the August 1992 match. Therefore,none of the positions are synthetic or unlikely to occur in practice. Second, the initial candidatepositions were from the 10th move, for both sides, of each of the 39 games of the match. Bythe 10th move, the differences in opening play have resulted in substantially different boardpositions. Third, since the game of checkers is predicted to be a draw [SCT92], positions inwhich one side has an advantage greater than that of a king were rejected, even if the gameeventually finished in a draw. Sequential Chinook was used to determine the value of theposition. This criteria eliminated a large number of positions because it is rare for the boardposition to be equal throughout an entire game. Fourth, the depth of the search for a positionwas adjusted until the real time of the sequential search was within the range likely to be seen attournament time controls. The parallel search was conducted to the same nominal depth. At20 moves in 60 minutes, the average time spent deciding on a move is 3 minutes, but the

41actual amount spent per move varies considerably. This fact is reflected in the variety ofsequential times in the test suite searches. Fifth, the sequential search to a fixed depth had tochoose the same move as actually played in the match game. Considering the high caliber ofplay in the match, particularly on the part of Dr. Tinsley, the move played in the match is likelyto be the best move in the position. Sixth, positions in which the parallel search selected thesame move with the same value as the sequential search were preferred over other candidates.Different move choices and substantially different move values imply that the parallel andsequential searches are building different game trees. To keep the speedup metric asmeaningful as possible, the game trees cannot be overly different.Many candidate positions were considered and rejected according to the above criteria. Rarelydid the sequential and parallel searches choose the same move with the same value, and forevery configuration of searchers. Different search extensions are invoked depending on thesearch window, so the parallel and sequential searches may have different extensions fordifferent lines of play. Also, the parallel search may examine a subtree, that the sequentialsearch would have cut off, and discover it is better. Therefore, search extensions and exploringdifferent parts of the game tree account for the differences in values and move choices.However, if all of these anomalous positions were rejected, there would be fewer than 20positions in the test suite. In fact, the 10th move of each game did not yield enough testpositions, therefore several of the final test suite selections are from different points in thegame. Still, since the purpose of the experiment is not to design an ideal test suite, twenty�reasonable� positions were ultimately chosen. The twenty positions in the final test suiterepresent a compromise between the goals stated above and what was practical given the focusof the thesis.

424.3Experimental Results: Principal Variation SplittingTable 4.1 shows the average speedups achieved by PVSplit on the test suite, for 2, 4, 8 and 16searchers. Appendix C contains the speedups for each test suite position. The best averagespeedup is 1.92 when using 16 searchers, for a speedup efficiency of 12.0%. Given thediminishing returns for more searchers, larger numbers of searchers were not tested. Since anextra ply of search in checkers requires a two-fold speedup, the increase in the depth of searchdue to parallelism is less than a single ply.Speedup% Search Overhead% Time IdleSearchersAverageStandardDeviationAverageStandardDeviationAverageStandardDeviation21.380.26010.120.117.95.2541.790.59116.736.045.56.3681.880.54815.935.470.14.20161.920.57415.334.184.82.18Table 4.1 � Principal Variation Splitting (PVSplit) Parallel Performance(speedup, search overhead and idle time)

43Figure 4.2 shows the corresponding speedup graph. The vertical bars indicate one standarddeviation in the average speedup for the 20 test suite positions. The speedup curve quicklylevels off after 4 searchers and appears to be nearly flat between 8 and 16 searchers.

024681012141618Speedup024681012141618Searchers

PVSplit

Linear Figure 4.2 � Principal Variation Splitting (PVSplit) Speedups(vertical bar indicates one standard deviation)Given that the speedup curves for PVSplit in computer chess (for example, [Sch89a]) arebetter than in Figure 4.2, why are ParaChinook�s speedups not higher? Towards that,consider the average search overhead and percent idle times which are also in Table 4.1.

44Figure 4.3 is the corresponding graph of search overhead expressed as a percentage over thesequential game tree and with respect to the number of processors used. The vertical barindicates one standard deviation. As expected, by not splitting a node until the first subtree hasbeen searched, the search overhead due to information deficiency is minimized. Some searchoverhead is to be expected because, although the game tree is believed to be strongly ordered, itis not perfectly ordered. Recall that PVSplit will initiate as many concurrent searches aspossible when the split node is created. When the first subtree is not best, searches will have tobe interrupted as a result of the fail-high situation and the subsequent re-search. Eachinterrupted search represents search overhead. However, PVSplit does an excellent job oflimiting search overhead on the test suite to less than 17% on average.

-140%-120%-100%-80%-60%-40%-20%-0%20%40%60%80%100%120%140%% SearchOverhead024681012141618Searchers

PVSplit

SequentialFigure 4.3 � Principal Variation Splitting (PVSplit) Search Overhead(vertical bar indicates one standard deviation)Clearly, search overhead cannot account for the poor speedups. In fact, the real reason isrevealed in the amount of idle time. The graph of the percent idle time is Figure 4.4. 45

0102030405060708090100% Time Idle024681012141618Searchers

PVSplitFigure 4.4 � Principal Variation Splitting (PVSplit) Percent of Time Idle(vertical bar indicates one standard deviation)As predicted, the low branching factor of narrow checkers game trees results in searcherstarvation. As the number of searchers increases, the amount of idle time due to starvationincreases dramatically. In the case of 16 searchers, each searcher is idle for an average of84.8% of the time. Since the average branching factor is 2.84, then with 16 searchers, over 13of them (i.e. over 82%) are predicted to be starved for work at a split node, on average. Infact, with 16 searchers, the parallelism overload factor is greater than 5. In other words,keeping 16 searchers occupied with work requires at least 5 concurrent split nodes. Otherwise,with such a low degree of parallelism available at each split node, the algorithm is unable totake advantage of more parallel searchers.Also contributing to idle time is the straggler effect, which increases as the number ofsearchers and the synchronization fan-in increases. Idle time due to starvation, and to a lessereffect stragglers, is the primary cause of poor speedups for PVSplit.Figure 4.5 is a different way of looking at the relationship between speedup, idle time and thevarious parallel overheads. It graphs the percent of real time each searcher contributes to thespeedup, the search and concurrency overhead associated with parallelism and the time spent

46idle due to starvation and stragglers. In effect, Figure 4.5 represents the utilization, or lack ofutilization, of the computational capacity of a searcher, normalized by the real time of thesearch computation.0102030405060708090100% Real Time246810121416SearchersIdle TimeOther OverheadsSpeedup EfficiencyFigure 4.5 � Principal Variation Splitting (PVSplit) Normalized Utilization ProfileThe region of Figure 4.5 representing speedup efficiency is computed using Formula 3.2. Theregion representing idle time is a measured quantity and is the same value as presented in Table4.1. The region representing other overheads is defined as whatever remains after speedupefficiency and idle time have been accounted for. Both search overhead and communicationoverhead are included under other overheads.What Figure 4.5 illustrates is how idle time quickly dominates the utilization profile assearchers are added. PVSplit is conservative in the sense that it allows only one split node at atime and it does not create a split node until the first subtree has been searched. As discussedalready, the main rationale for that split node policy is to reduce the amount of informationdeficiency and consequently reduce the amount of search overhead. However, the figureshows that the trade-off between search overhead and idle time is perhaps too much in favourof reducing search overhead. Although it is important to limit the wasted computationassociated with search overhead, the amount of starvation resulting from the single split nodepolicy with a narrow search tree is a greater problem. The experimental data suggests thatsearch overhead should be traded-off for reduced starvation and thus reduced idle time.

47Chapter 5Improving Parallel ChinookThe experimental results show that Principal Variation Splitting�s (PVSplit) poor speedups aremainly due to processor starvation. However, the impact of uneven load balancing, due tostragglers, is also a factor in causing the poor speedups. In this chapter, we considertechniques to deal with both the starvation and the load balancing problem. Experimental datais gathered using the Tinsley-Chinook˚1992 test suite to show the benefits of the newstrategies.5.1Reducing Starvation: Principal Variation Frontier SplittingSince the low branching factor of checkers game trees leads to searcher starvation, the issue ofhow to create sufficient parallel work needs to be addressed. One obvious possibility is toallow multiple split nodes, which increases the degree of parallelism. The Zugzwang approachand the DBTE algorithms depend fundamentally on multiple split nodes, but adopting one ofthose algorithms would require a substantial reworking of ParaChinook. If the variationsplitting framework of PVSplit is to be maintained, how the extra split nodes are chosen raisessome interesting design decisions.First, since most of the search effort is along the principal variation, the candidate split nodesshould probably be on the principal variation as well. More generally, if the algorithmrecursively calls itself for non-principal variation lines of play, then the current variation fromroot to leaf node should contain the candidate split nodes. Dynamic PVSplit (DPVSplit) alsorecognizes this observation.Second, the subtrees rooted at the upper nodes of the principal variation represent the coarsest-grained units of work because the subtrees are deeper. In other words, split nodes locatedcloser to the root of the tree contain higher granularity work than split nodes located closer tothe leaves. Therefore, if there is no work to be given out at the current split node, then the newsplit node should be above the ply of the current split node instead of below it. DPVSplit also

48allows multiple split nodes, but those split nodes are closer to the leaves of the tree andpotentially suffer from low granularity.Third, and lastly, there should be a preference for splitting ALL nodes before CUT nodes. In astrongly ordered game tree, it is likely that the first subtree will generate the cutoff at a CUTnode. Therefore, concurrently searching multiple subtrees of a CUT node in an attempt tocreate more parallel work may simply be creating unnecessary work. However, if given achoice of either splitting a CUT node or allowing searchers to starve, the CUT node could besplit.Based on these observations, a new variation of PVSplit is introduced. Principal VariationFrontier Splitting (PVFSplit) supports multiple split nodes along the current variation. Thefrontier splitting technique is analogous to the general notion of the frontier nodes of a tree,where the search is being expanded. The algorithm is a depth-first strategy that addresses thepractical issues of work granularity and the ALL/CUT node structure of the Alpha-Beta gametree. Consequently, a newly created split node is located on the current variation, it is closer tothe root of the game tree than the current split node and splitting ALL nodes is preferred tosplitting CUT nodes.The impact of frontier splitting is two-fold. First, searchers do not need to starve if the parallelwork at a split node is exhausted. A new split node with more work may be created. Second,as a positive side effect, frontier splitting reduces the effective synchronization fan-in at splitnodes. By the time the last search result of a split node is returned, the other searchers are,ideally, already working at a different split node instead of waiting to synchronize. However,strictly speaking, frontier splitting does not completely eliminate synchronization fan-in.Because the split nodes can only exist on the current variation, the processors must stillsynchronize at the root node. Rather than synchronizing at each split node, as is the case ofPVSplit, the root node is the only synchronization point under PVFSplit. Of course, even thissynchronization requirement can be eliminated if one wishes to allow multiple variations fromthe root position to be searched in parallel. The current version of ParaChinook does not allowmultiple variation splitting.The biggest drawback of PVFSplit is that the searches rooted at the new split node may have tobe initiated without the benefit of the bounds information returned by the first subtree.PVFSplit trades off the potential of more search overhead for the potential benefits of reducedstarvation through multiple split nodes. Without bounds information, we are faced with eitherallowing a full window search of the subtrees or we can use heuristics to create an artificial

49minimal window. In the current implementation of PVFSplit, a minimal window isheuristically created for all split nodes greater than 7 plies from the leaf nodes. The best scoreat the deepest split node is the basis of the minimal window. If no such score is available, thenthe value of the current subtree from the last iteration of iterative deepening is used.Figure 5.1 contains the pseudo-code for the Principal Variation Frontier Splitting algorithm.The shading highlights the main differences between PVSplit and PVFSplit.The Value[] array is now two-dimensional since each node of the current variation couldpotentially be a split node under PVFSplit. Some new local variables (newPly, heurAlpha,heurBeta and pNew) are also defined.The call to isAnALLNode() before assigning work from the current split node makes explicitwhat was implicit in the pseudo-code and discussion of PVSplit: if the current variation is notthe principal variation, it may contain CUT nodes. Therefore, if the current split node is anALL node, then the subtrees are farmed out to parallel searchers. If the current split node is aCUT node, then each subtree is searched in sequence with a recursive call to PVFSplit.A new body of pseudo-code deals with choosing and assigning work from a new split nodebefore PVFSplit can recurse out of the current split node. This is the key to allowing multiplesplit nodes on the current variation. The function GetOtherSplitNode() selects the split nodefrom among the candidate nodes along the current variation. If the current split node is at plyn, then the nodes at plies n - 1, n - 2, n - 3, etc. back to the root are in decreasing order ofpreference. Another consideration is whether the node is an ALL node or a CUT node. EveryALL node on the current variation must already be split and exhausted of work before a CUTnode is selected. But if the alternative is starvation, a CUT node is selected to be a split node.Once the new split node is selected, SynthMinWindow() is used to decide on the searchwindow to use for the search. As discussed earlier, full window searches are only allowedwithin 7 plies of the leaf nodes. Otherwise, a heuristic minimal window is synthesized.One important aspect of ParaChinook�s implementation of PVFSplit not included in thepseudo-code, to improve its clarity, deals with cutoffs. It is possible for a cutoff to occur at asplit node that is closer to the root node than the current split node. Such a condition is detectedand PVFSplit immediately backs up to the split node where the cutoff occurred. Thisphenomenon is an important advantage of PVFSplit over PVSplit because that cutoff wouldnot have been detected until the algorithm, after much more searching, systematically backedup to that higher node. 50

VAR { Changed Global Variable }

Value:array[ 1..MAX_DEPTH ] of{ Results of each subtree at each ply } array[ 1..MAX_WIDTH ] of integer;FUNCTIONPVFSplit( p : position; alpha, beta, ply : integer ) : integer;VARindex, value : integer;{ Index and value of current move }move : moveType;{ Current move being searched } newPly : integer;{ Ply of new split node with work } heurAlpha, heurBeta : integer;{ Window for new split node } pNew : position;{ Position of new split node }BEGIN { PVFSplit }{ Check if at threshold for minimum granularity. Do not recurse to leaves. }if ( ply = ( TreeDepth - MinGranularity ) ) thenreturn( PVS( p, alpha, beta, ply ) ); { Yes. Do sequentially. }{ Generate legal moves and order them }Width[ ply ] := legalMoves( p, Moves[ ply ] );{ Store moves in Moves[] }if ( Width[ ply ] = 0 ) then{ Any legal moves in this position? }return( Evaluate( p ) );{ No. In checkers, this is a loss }orderMoves( Moves[ ply ] );{ Yes. Do move ordering }{ Set up global variables }Index[ ply ] := 2;{ Continue with other subtrees, later }Alpha[ ply ] := alpha;Beta[ ply ] := beta;WorkOut[ ply ] := 0;{ Search results still outstanding }{ Search first ordered move with full window. Unroll the loop by one }Score[ ply ] :=-PVFSplit( p.Move[ ply ][ 1 ],-Beta[ ply ], -Alpha[ ply ], ply + 1 );Value[ ply ][ 1 ] := Score[ ply ];Best[ ply ] := 1;if ( Score[ ply ] ‡ Beta[ ply ] ) then{ Cutoff after pv? }Index[ ply ] := ¥;{ Yes. Will never enter loop }Alpha[ ply ] := MAX( Alpha[ ply ], Score[ ply ] );{ Improve window? }{ Search each sibling subtree with minimal window }{ Split node incomplete if there are local subtrees unsearched or if there are searchers still to return }while ( ( Index[ ply ] £ Width[ ply ] ) OR ( WorkOut[ ply ] > 0 ) ) do begin { while }if ( �$ idle searcher� AND Index[ ply ] £ Width[ ply ] ) then begin { Local work out }{ Search each local subtree }index := Index[ ply ];{ An unique move leads to the subtree }move := Moves[ ply ][ index ];Index[ ply ] := Index[ ply ] + 1; { Advance index } if ( isAnALLNode( p ) ) then{ Respect ALL/CUT node structure } begin { Local ALL node }

Value[ ply ][ index ] :={ Search in parallel }

-FarmWork( p.move,{ Negamax value and minimal window }

-Alpha[ ply ] - 1, -Alpha[ ply ], ply + 1 );

WorkOut[ ply ] := WorkOut[ ply ] + 1; { Keep track of work given } end { Local ALL node } elseValue[ ply ][ index ] :={ Search in sequence }

-PVFSplit( p.move,{ Negamax value and minimal window }

-Alpha[ ply ] - 1, -Alpha[ ply ], ply + 1 ); end; { Local work out }

51{ While-loop continuation } else if ( �$ idle searcher� ) then{ If no more local work } begin { Non-local work out }{ ...give work from other split node } newPly := GetOtherSplitNode( pNew );{ Magical function } index := Index[ newPly ];{ An unique move leads to the subtree } move := Moves[ newPly ][ index ];

Index[ newPly ] := Index[ newPly ] + 1; { Advance index }

SynthMinWindow( pNew, heurAlpha, heurBeta ); { Might use min window }

Value[ newPly ][ index ] :={ Negamax value and minimal window }

-FarmWork( pNew.move,{ pNew is the split node }

-heurBeta, -heurAlpha, newPly + 1 );

WorkOut[ newPly ] := WorkOut[ newPly ] + 1;{ Keep track of work given } end; { Non-local work out }else if ( index := ReturnedResult() ) then begin { Local results in }value := Value[ ply ][ index ];WorkOut[ ply ] := WorkOut[ ply ] - 1; { Work received }if ( value > Score[ ply ] ) then { Score improved, but did it fail high? } begin { Update Best }if ( value > Alpha[ ply ] and value < Beta[ ply ] ) then beginValue[ ply ][ index ] :={ Yes. Re-search }-FarmWork( p.move, -Beta[ ply ], -value, ply + 1 );WorkOut[ ply ] := WorkOut[ ply ] + 1; { Still not finished } end;elseScore[ ply ] := value;{ No }Best[ ply ] := index; end; { Update Best }if ( Score[ ply ] ‡ Beta[ ply ] ) then{ Cutoff? } beginIndex[ ply ] := ¥;{ Yes. Force exit from loop }interruptSearchers();{ Tell searchers to stop and return } end;Alpha[ ply ] := MAX( Alpha[ ply ], Score[ ply ] );{ Improve window? } end; { Local results in } end; { while }return( Score[ ply ] );{ Done. Return best score }END; { PVFSplit }Figure 5.1 - ParaChinook�s Principal Variation Frontier Splitting (PVFSplit)(Shading indicates key changes from PVSplit(). Boxes group key functionality.)

525.2Experimental Results: Principal Variation Frontier SplittingTable 5.1 shows the average speedups achieved by PVFSplit on the test suite for 2, 4, 8 and 16searchers. Appendix C contains the detailed experimental data. The best average speedup is2.91, achieved with 16 searchers for a speedup efficiency of 18%. Although this is a 52%improvement in speedup over PVSplit, it is still low in absolute terms as reflected by the lowspeedup efficiency. However, a speedup of 2.91 does translate into more than one additionalply of search in the same amount of time [SCT92].Speedup% Search Overhead% Time IdleSearchersAverageStandardDeviationAverageStandardDeviationAverageStandardDeviation21.480.3258.7617.412.84.9042.030.54624.326.330.88.1782.710.80346.446.348.87.74162.911.0783.563.567.17.00Table 5.1 � Principal Variation Frontier Splitting (PVFSplit) Parallel Performance(speedup, search overhead and idle time)

53Figure 5.2 is the speedup graph for PVFSplit, with a vertical bar representing one standarddeviation. As a basis for comparison, the speedup curve for PVSplit is reproduced. AlthoughPVFSplit increases the absolute speedup numbers, it does not change the basic shape of thecurve. As searchers are added, the speedup curve flattens to reflect the diminishing returns.

024681012141618Speedup024681012141618Searchers

PVFSplit

PVSplit Linear Figure 5.2 � Principal Variation Frontier Splitting (PVFSplit) Speedups(vertical bar indicates one standard deviation)With PVSplit, there is a trade-off between having low search overhead and high idle time. Analgorithm such as PVFSplit makes the reverse trade-off and increases search overhead in orderto reduce idle time.

54Inherent in a multiple split node algorithm such as PVFSplit is the risk of higher searchoverheads due to information deficiency regarding cutoffs and window bounds. In Figure 5.3,we can see that PVFSplit, by being more aggressive than PVSplit in splitting nodes, alsosuffers from significantly higher search overhead. Of course, the bottom line is that despite thehigher search overhead, PVFSplit�s speedup is higher.

-140%-120%-100%-80%-60%-40%-20%-0%20%40%60%80%100%120%140%% SearchOverhead024681012141618Searchers

PVFSplit

PVSplit SequentialFigure 5.3 � Principal Variation Frontier Splitting (PVFSplit) Search Overhead(vertical bar indicates one standard deviation)

55Interestingly, the search overhead of PVFSplit is dramatically higher than PVSplit, the idletime of PVFSplit is modestly lower, as seen in Figure 5.4, but the speedup is still greater forPVFSplit. This suggests that the trade-off of higher search overhead for reduced idle time isbetter overall since speedup increases.

0102030405060708090100% Time Idle024681012141618Searchers

PVFSplit

PVSplitFigure 5.4 � Principal Variation Frontier Splitting (PVFSplit) Percent of Time Idle(vertical bar indicates one standard deviation)

56Despite the success in trading off search overhead for reduced idle time in PVFSplit, theamount of idle time still remains high. Referring to Figures 4.5 and 5.5, the idle time region ofthe utilization profile has decreased in size while both the speedup efficiency and otheroverheads regions have grown.0102030405060708090100% Real Time246810121416SearchersIdle TimeOther OverheadsSpeedup EfficiencyFigure 5.5 � Principal Variation Frontier Splitting (PVFSplit) Normalized Utilization ProfileReduced starvation through multiple split nodes and reduced synchronization fan-in still leavesa lot of idle time. Although the split node and synchronization policies of PVFSplit can befurther enhanced, the fact that search overhead grows as the synchronicity decreases impliesthat the overall speedup and searcher utilization properties cannot be changed. Even if the needto synchronize at the root position is eliminated, the corresponding growth in search overheadwill ensure diminishing returns for additional searchers. Furthermore, the programming andsoftware engineering effort required to debug and maintain a parallel search with so muchasynchronous behaviour would be prohibitive.Despite the reduction in idle time with PVFSplit, it is still rather high at 67.1% with 16searchers. What is causing the high idle time? First, although frontier splitting allowsPVFSplit to avoid synchronizing at each split node, there is still a need to synchronize at theroot of the game tree before the next variation an be searched. This synchronization occurs foreach subtree at the root position, and for each iteration in the iterative deepening process. Onecan easily envision a different PVFSplit in which the need to synchronize at the root node is

57removed, but that enhancement is not implemented yet in ParaChinook. Second, the numberof candidate split nodes only grows linearly with respect to the depth of the tree and, therefore,there may insufficient nodes on the current variation to keep all of the searchers busy. Recallthat with a parallelism overload factor of 5, which is the case with 16 searchers, there needs tobe 5 concurrent split nodes at all times in order to prevent starvation. Third, the impact ofstragglers has not been addressed yet. When searchers have to wait for a straggler, the result isalso idle time.5.3Improving Load Balancing: Straggler PreemptionAs discussed earlier, the amount of search effort associated with each unit of work varies.Consequently, there exists a load balancing problem when some searchers are given morework than others. Searchers that force other searchers to wait at synchronization points, oftenbecause they have been given a larger piece of work, are referred to as stragglers. Stragglerscause synchronization overhead that appears as higher idle time.Clearly, if there is a load balancing problem, the search effort should be re-balanced. Theapproach taken with Dynamic PVSplit (DPVSplit) [Sch89a] is to assign idle searchers to helpthe busy searchers. A simpler but more inefficient solution would be to interrupt the stragglerand then apply PVFSplit to the subtree that was previously assigned to the slow searcher.PVFSplit would use the idle searchers, which now includes the straggler, to search the subtreein parallel. In essence, the subtree that caused the straggler is preempted and subdivided so thatit can be searched in parallel. This is similar to the �shoot-down� procedure of the Waycoolchess program [FeO88].The main disadvantage of the interrupt-based approach is that the effort already invested intosearching the subtree is largely lost. An interrupted search is incomplete and the returned resultis useless. With DPVSplit, the straggler is not interrupted, so the parts of the subtree that havealready been searched are not lost. Still, with the help of a transposition table, the entirecomputation of the straggler is not lost when it is interrupted. The parts of the subtree that havebeen completed can be found in the transposition table. Still, the interrupt-based scheme isclearly less efficient and less elegant than DPVSplit. Its main strength is that of simplicity ofimplementation.Simplicity was also the goal in designing the definition of what constitutes a straggler. Clearly,it would be inefficient to wait until all of the searchers except for one, the obvious straggler, areidle. Therefore, when a quorum of searchers is idle for longer than a threshold length of time,

58the remaining searchers who are still computing become candidate stragglers. One of them isselected, interrupted and its subtree is searched in parallel. Currently, when more than a quarterof the searchers are idle for longer than 5 seconds, then the searcher who has been searching itsassigned subtree for the longest time is selected for preemption. The quorum definition, timethreshold and straggler choice have been derived from informal experiments. It has beenobserved that a small quorum and short time thresholds result in aggressive load balancing,which can be counter-productive if the overhead of interrupting the straggler is not outweighedby the potential benefits.Although the straggler preemption technique described above is simple, it does appear to beeffective in improving the parallel performance of both PVSplit and PVFSplit. Moresophisticated load balancing techniques may be able to further improve the speedups, but as thetechnique grows in sophistication, so does the overhead of executing it. Still, there is room forfurther exploration of load balancing strategies in the future.5.4Experimental Results: Straggler PreemptionTable 5.2 presents the speedup performance of PVSplit with the simple load balancing strategyfor stragglers. To distinguish it, PVSplit with the load balancing procedure is referred to asPVSplit-LB.Speedup% Search Overhead% Time IdleSearchersAverageStandardDeviationAverageStandardDeviationAverageStandardDeviation21.440.34611.323.013.02.8641.890.56722.335.737.43.6982.060.53921.334.663.63.23162.000.53024.234.181.41.66Table 5.2 � Principal Variation Splitting with Load Balancing (PVSplit-LB) Parallel Performance(speedup, search overhead and idle time)For each configuration of searchers, PVSplit-LB achieves marginally higher speedups thanPVSplit by reducing the idle time due to synchronization overhead. Given the number of idle

59searchers with PVSplit, the load balancing scheme is likely to be active in preempting thesearchers who have work to reduce starvation. Load balancing and starvation prevention areclosely related concepts. However, frontier splitting tries to reduce starvation by acting apriori, before idle time accumulates, and straggler preemption tries to balance the work aposteriori, after already incurring idle time. Consequently, the performance improvement dueto frontier splitting is greater than the improvement due to straggler preemption.Interestingly, the speedup declines (marginally) between 8 and 16 searchers. It is possible thatstarvation is forcing the load balancing mechanism to frequently interrupt searchers, incurringthe overheads already discussed and decreasing overall performance.Having both starvation prevention and load balancing is better than either strategy by itself.Table 5.3 shows the improved speedup values for Principal Variation Frontier Splitting withload balancing (PVFSplit-LB). PVFSplit-LB achieves the highest performance observed sofar, with an average speedup of 3.32 with 16 searchers.Speedup% Search Overhead% Time IdleSearchersAverageStandardDeviationAverageStandardDeviationAverageStandardDeviation21.530.40211.823.08.412.5742.180.49127.024.523.85.6182.800.77959.845.040.86.58163.321.0170.941.462.55.67Table 5.3 � Principal Variation Frontier Splitting with Load Balancing (PVFSplit-LB)Parallel Performance(speedup, search overhead and idle time)

60The speedup curves for PVSplit-LB and PVFSplit-LB are in Figure 5.5. Note that the averagespeedup for PVFSplit-LB is always higher than the average speedup for PVSplit-LB.

024681012141618Speedup024681012141618Searchers

PVFSplit-LB

PVSplit-LB Linear Figure 5.5 � PVSplit and PVFSplit with Load Balancing Speedups(vertical bar indicates one standard deviation)

61As the best performing algorithm of these experiments, PVFSplit-LB�s utilization profile,given in Figure 5.6, is worth examining. Although the idle time portion still remains asignificant part of the profile, it is substantially smaller than in the case of PVSplit without loadbalancing (Figure 4.5).0102030405060708090100% Real Time246810121416SearchersIdle TimeOther OverheadsSpeedup EfficiencyFigure 5.6 � Principal Variation Frontier Splitting (PVFSplit-LB) with Load BalancingNormalized Utilization ProfileFrontier splitting and straggler preemption have been effective in increasing the speedupefficiency of the parallel search by trading off idle time for more speedup and getting highersearch overhead as a negative side effect. Since neither search overhead nor idle time can beeliminated completely, PVSplit-based algorithms will always suffer from diminishing returns.

625.5Summary of Experimental Results: All AlgorithmsA total of four related algorithms have been evaluated. Principal Variation Splitting (PVSplit)is the basis of all of the algorithms. Because PVSplit suffers from starvation due to narrowgame trees with low branching factors, Principal Variation Frontier Splitting (PVFSplit) wasintroduced to increase the average degree of parallelism. Because both PVSplit and PVFSplitsuffer from load imbalances due to stragglers, a simple but useful straggler preemptionstrategy was implemented and evaluated.In Figure 5.7, we can see the speedup curves for all four algorithms. Although frontiersplitting and load balancing give PVFSplit-LB the best speedup curve, it remains in the samediminishing returns shape as PVSplit.

024681012141618Speedup024681012141618Searchers

PVFSplit-LB

PVFSplit PVSplit-LB

PVSplit Linear Figure 5.7 � All Algorithms Speedups(higher curves are better)

63Figure 5.8 shows the same speedup information as Figure 5.7, but with unequal axes ranges,in order to show a close-up of the speedup curves.

0.00.51.01.52.02.53.03.54.0Speedup024681012141618Searchers

PVFSplit-LB

PVFSplit PVSplit-LB

PVSplit Linear Figure 5.8 � All Algorithms (Close-Up) Speedups(higher curves are better)

64For completeness, Figures 5.9 and 5.10 show the search overhead and idle time graphs of allfour algorithms.The only anomaly occurs when the search overhead curves of PVFSplit and PVFSplit-LBcross over in Figure 5.9. Since interrupting a straggler results in the loss of partial searchresults, it is not surprising that for certain configurations of searchers, PVFSplit-LB has moresearch overhead than PVFSplit. However, it is speculated, interrupting a straggler andpreempting its subtree typically means that the subtree is searched more quickly and the searchresult may be used to improve the parameters (i.e. windows) of other searches in progresssooner, thus reducing search overhead through reduced information deficiency.

-140%-120%-100%-80%-60%-40%-20%-0%20%40%60%80%100%120%140%% SearchOverhead024681012141618Searchers

PVFSplit-LB

PVFSplit PVSplit-LB

PVSplit SequentialFigure 5.9 � All Algorithms Search Overhead(lower curves are better) 65 0102030405060708090100% Time Idle024681012141618Searchers

PVFSplit-LB

PVFSplit PVSplit-LB

PVSplitFigure 5.10 � All Algorithms Percent of Time Idle(lower curves are better)5.6Concluding RemarksFrom these experimental results, we can conclude that frontier splitting is an useful techniqueto reduce the starvation of searchers. Furthermore, the need for a load balancing strategy todeal with stragglers is also clear.In retrospect, arguing that PVFSplit, both with and without load balancing, is better thanPVSplit is somewhat unfair. Principal Variation Splitting was originally intended to form thebasis of parallel search algorithms and does not address application-dependent issues such asgame tree branching factor and stragglers. Nonetheless, the poor performance of PVSplit onnarrow checkers game trees emphasizes the close relationship between branching factor andthe potential speedup. Also, the experimental results point out that some of the successes ofcomputer chess research cannot be directly adopted in other, closely related domains.

66Chapter 6ConclusionsThe first implementation of a parallel Chinook demonstrated how closely the game treebranching factor is linked with the speedups that can be obtained with tree decompositionalgorithms, such as Principal Variation Splitting (PVSplit). The narrow checkers game treeshave a branching factor that is over an order of magnitude smaller than in chess game trees.With a branching factor of 2.84, the degree of parallelism offered by checkers game trees isquickly overloaded by even a moderate number of parallel searchers. For 16 searchers, thereare over 5 times as many searchers as there are units of parallel work available at a split node.Consequently, PVSplit suffers from starvation.To reduce the amount of starvation, Principal Variation Frontier Splitting (PVFSplit) wasdeveloped. PVFSplit attempts to create more parallel work by allowing each node on thecurrent variation to be a split node. Experiments with PVSplit and PVFSplit on a test suite ofpositions, using a BBN TC2000 shared memory parallel computer, show that PVFSplitachieves 52% better speedups than PVSplit (with 16 searchers) by lowering the idle timeassociated with starvation. Additional support for load balancing through straggler preemptionfurther improves the speedup to a high of 3.32 with 16 searchers. In absolute terms, thespeedups achieved with PVFSplit are low.The experience of developing ParaChinook has resulted in three main observations. First, arelatively high branching factor in the application domain cannot be taken for granted. One canchoose the application, but one usually cannot choose the properties of that domain. Anydiscussion of parallel performance must be put in the context of the natural degree ofparallelism of the application domain. To present speedups without mentioning the branchingfactor is to present a partial picture. Second, it is important to note how many of the subtreesrooted at a node require a substantial amount of effort to search. Some of the branches mayrepresent poor move choices that lead to quick refutations. These subtrees are considerablysmaller than the other more viable subtrees, and thus contain less work. It is speculated thatfor checkers, there are about 2 viable moves per node on average, even if the actual branching

67factor is, say, 8. A high branching factor does not guarantee large amounts of parallel work.Third, any PVSplit-based will suffer from the same trade-off between starvation and searchoverhead due to the branch-and-bound nature of Alpha-Beta search. Furthermore, there are alimited number of split nodes available in a single variation, therefore a future version ofParaChinook may have to use a non-depth first search strategy to find enough split nodes toget acceptable speedups.6.1A Future ParaChinook: Ideas and a Paper DesignExperimental results show that the current version of ParaChinook cannot profitably use morethan about 8 searchers before the speedup curve begins to level off. Given the trend towardsmore processors in parallel computers, ParaChinook has to be updated too. Even withPVFSplit, the main reason for poor speedups is searcher starvation.However, PVFSplit should not be abandoned altogether. On the one hand, the depth firstsearch nature of PVFSplit is appealing. Its single controller is easier to debug than a fullydistributed control structure and the low control-related storage requirement7 is an importantadvantage when the total node count of the game trees is in the millions. On the other hand, asingle variation splitting framework cannot provide enough split nodes to eliminate starvationwhen the trees are narrow. A compromise on pure depth first search may be sufficient toachieve acceptable performance.The storage overhead of best first search and other non-depth first search strategies can bereduced if only the top few plies of the search tree are expanded in this manner. Recall thatwith the DBTE algorithms, the nodes of top plies of the game tree are queued in memory andare given to a pool of parallel searchers. A similar processor model can be adopted withinParaChinook.The individual searchers can be clustered into groups of 4 or 8 with a single controller percluster. The main ParaChinook program builds the upper plies of the search tree in memoryin a non-depth first manner so that many split nodes are generated. A subtree is given to acluster of searchers who search it to the nominal depth using PVFSplit. Because the subtreesgiven to the clusters of searchers are near the root of the tree, they are coarse-grained units ofwork, which will result in better parallel performance. Because the clusters of searchers build7Of course, data structures such as transposition tables do require large amounts of storage. However,they are supporting data structures and are not essential to the control aspects of the tree search.

68the last several plies of the tree depth first, the low control-storage requirements of the currentParaChinook is largely maintained. Furthermore, clustering the searchers reduces the numberof entities contending for a concurrent data structure, such as a work queue. In effect, a clusterof searchers executing PVFSplit becomes a parallel static evaluation function from the point ofview of the main ParaChinook.The hybrid design may not be the best choice for a new ParaChinook, but it is clear that smallchanges to the basic PVSplit algorithm, in the same vein as PVFSplit, will be insufficient toimprove the speedups on narrow game trees. However, PVFSplit with a small number ofsearchers can be an useful building block for other parallel search algorithms.6.2Final Comment: Quality Versus QuantityThe method of quantifying performance in this thesis has been the parallel speedup. Asalready touched upon, speedup has both advantages and disadvantages as a performancemetric. It is simple to understand, but its simplicity does not capture other important aspects ofperformance.For example, although a speedup of 3.32 with 16 searchers is low in absolute terms, it doestranslate to over 1.5 extra plies of search depth in the same amount of time. Furthermore,since the branching factor is 2.84, the speedup value is greater than the theoretical ideal speedupwith PVSplit: speedup equal to the branching factor.The ideal performance metric would be the improvement in the quality of move choice thatcomes with parallelism. Since the goal is to improve the game playing program�s strength, thedecision quality should be the bottom line. Towards that, the potential of solving the game ofcheckers and creating a perfect checkers oracle is intriguing. Using the endgame databases, afuture version of Chinook may be able to judge the quality improvement that results fromparallelism. However, that remains a future research project.

69Bibliography[ABD82]S. Akl, D. Barnard and R. Doran, �Design, Analysis and Implementation of aParallel Tree Search Algorithm,� IEEE Trans. on Pattern Anal. and Mach.Intell. 6(4), 361-371 (1975).[Bau78]G. Baudet, The Design and Analysis of Algorithms for AsynchronousMultiprocessors, Ph.D. thesis, Dept. of Computer Science, Carnegie-MellonUniv., Pittsburgh, 1978.[BBN89]BBN Advanced Computers Inc., Inside the TC2000, Cambridge, MA, (1989).[BeE89]H.J. Berliner and C. Ebeling, �Pattern Knowledge and Search: The SUPREMArchitecture,� Artificial Intelligence 38(2), 161-198 (1989). A revised versionappears as [BeE90].[BeE90]H.J. Berliner and C. Ebeling, �Hitech� in T.A. Marsland and J. Schaeffer, eds.,Computers, Chess, and Cognition, Springer-Verlag, New York, 1990, 79-109.[Cam81]M. Campbell, Algorithms for the Parallel Search of Game Trees, M.Sc. thesis,Tech. Rep. TR81-8, Dept. of Computing Science, Univ. of Alberta, Edmonton,1981.[CoT82]J.H. Condon and K. Thompson, �Belle Chess Hardware� in M. Clarke, ed.,Advances in Computer Chess 3, Pergamon Press, Oxford, 1982, 45-54.[CoT83]J.H. Condon and K. Thompson, �Belle� in P. Frey, ed., Chess Skill in Manand Machine, Springer-Verlag, 2nd Edition, 1983, 201-210.[FMM89]R. Feldmann, B. Monien, P. Mysliwietz and O. Vornberger, Distributed GameTree Search, Tech. Rep. 61, Dept. of Mathematics and Computer Science,Univ. of Paderborn, Paderborn, June 1989. A version also available as R.Feldmann, B. Monien, P. Mysliwietz and O. Vornberger, �Distributed Game-Tree Search,� Int. Computer Chess Assoc. J. 12(2), 65-73, (1989).[FMM91]R. Feldmann, P. Mysliwietz and B. Monien, �A Fully Distributed ChessProgram� in D.F. Beal, ed., Advances in Computer Chess 6, Ellis HorwoodLtd., Chichester, 1991, 1-27.

70[FeO88]E.W. Felten and S.W. Otto, �Chess on a Hypercube� in G. Fox, ed., The ThirdConf. on Hypercube Concurrent Computers and Applications, Vol II-Applications, 1988, 1329-1341.[FiF83]R. Finkel and J. Fishburn, �Improved Speedup Bounds for Parallel Alpha-BetaSearch,� IEEE Trans. on Pattern Anal. and Mach. Intell. 5(1), 89-92 (1983).[FiF80]J. Fishburn and R. Finkel, �Parallel Alpha-Beta Search on Arachne,� Tech.Rep. 394, Computer Sciences Dept., Univ. of Wisconsin, Madison, 1981.[Fis81]J. Fishburn, Analysis of Speedup in Distributed Algorithms, Ph.D. thesis,Computer Sciences Dept., Univ. of Wisconsin, Madison, 1981.[Gil78]J.J. Gillogly, Performance Analysis of the Technology Chess Program, Tech.Rept. 189, Computer Science, Carnegie-Mellon Univ., Pittsburgh, March 1978.[Hsu90]F-h. Hsu, Large Scale Parallelization of Alpha-Beta Search: An Algorithmicand Architectural Study with Computer Chess, Ph.D. thesis, Tech. Rep. CMU-CS-90-108, School of Computer Science, Carnegie Mellon Univ., Pittsburgh,1990.[HAC90]F-h. Hsu, T.S. Anantharaman, M.S. Campbell and A. Nowatzyk, �DeepThought� in T.A. Marsland and J. Schaeffer, eds., Computers, Chess, andCognition, Springer-Verlag, New York, 1990, 55-78.[HSN89]R.M. Hyatt, B.W. Suter and H.L. Nelson, �A Parallel Alpha/Beta TreeSearching Algorithm,� Parallel Computing 10(3), 299-308 (1989).[HGN90]R.M. Hyatt, A.E. Gower and H.L. Nelson, �Cray Blitz� in T.A. Marsland andJ. Schaeffer, eds., Computers, Chess, and Cognition, Springer-Verlag, NewYork, 1990, 111-130.[KnM75]D.E. Knuth and R.W. Moore, �An Analysis of Alpha-beta Pruning,� ArtificialIntelligence 6(4), 293-326 (1975).[KoB82]D. Kopec and I. Bratko, �The Bratko-Kopec Experiment: A Comparison ofHuman and Computer Performance in Chess� in M. Clarke, ed., Advances inComputer Chess 3, Pergamon Press, Oxford, 1982, 57-72.[LSL93]R. Lake, J. Schaeffer and P. Lu, �Using Retrograde Analysis to Solve LargeCombinatorial Search Spaces� in Advances in Computer Chess 7, 1993,in˚press.[MaC82]T.A. Marsland and M. Campbell, �Parallel Search of Strongly Ordered GameTrees,� Computing Surveys 14(4), 433-551 (1982).[Mar83]T.A. Marsland, �Relative Efficiency of Alpha-Beta Implementations,� Procs.8th Int. Joint Conf. on Art. Intell., (Los Altos: Kaufmann), Karlsruhe,Germany, Aug. 1983, 763-766.

71[MaP85]T.A. Marsland and F. Popowich, �Parallel Game-Tree Search,� IEEE Trans.on Pattern Anal. and Mach. Intell. 7(4), 442-452 (1985).[MOS85]T.A. Marsland, M. Olafsson and J. Schaeffer, �Multiprocessor Tree-SearchExperiments� in D. Beal, ed., Advances in Computer Chess 4, PergamonPress, Elmsford, 1985, 37-51.[MaS90]T.A. Marsland and J. Schaeffer (eds.), Computers, Chess, and Cognition,Springer-Verlag, New York, 1990.[Mar92]T.A. Marsland, �Computer Chess and Search� in S. Shapiro, ed., Encyclopediaof Artificial Intelligence, John Wiley, 2nd Edition, 1992, 224-241. Alsoavailable as Tech. Rep. TR 91-10, Dept. of Computing Science, Univ. ofAlberta, Edmonton, 1991.[New95]M.M. Newborn, �A Parallel Search Chess Program,� Procs. ACM Ann. Conf.,(New York: ACM), Denver, Oct 1985, 272-277.[Pea80]J. Pearl, �Asymptotic Properties of Minimax Trees and Game SearchingProcedures,� Artificial Intelligence 14(2), 113-138 (1980).[Rei83]A. Reinefeld, �An Improvement of the Scout Tree Search Algorithm,� J. of theIntl. Computer Chess Assoc. 6(4), 4-14, (1983).[Sam59]A.L. Samuel, �Some Studies in Machine Learning Using the Game ofCheckers,� IBM J. of Research and Development 3(3), 210-229 (1959).[Sam67]A.L. Samuel, �Some Studies in Machine Learning Using the Game ofCheckers II�Recent Progress,� IBM J. of Research and Development 11(6),601-617, (1967).[Sch86]J. Schaeffer, Experiments in Search and Knowledge, Ph.D. thesis, Univ. ofWaterloo, Waterloo, Canada, 1986. Also available as Tech. Rep. TR86-12,Dept. of Computing Science, Univ. of Alberta, Edmonton, July 1986.[Sch87]J. Schaeffer, Experiments in Distributed Game-Tree Searching, Tech. Rep.TR87-2, Dept. of Computing Science, Univ. of Alberta, Edmonton, January1987.[Sch89a]J. Schaeffer, �Distributed Game-Tree Search,� J. of Parallel and DistributedComputing 6(2), 90-114 (1989).[Sch89b]J. Schaeffer, �The History Heuristic and Alpha-Beta Search Enhancements inPractice,� IEEE Trans. on Pattern Anal. and Mach. Intell. 11(11), 1203-1212(1989).[Sch92]J. Schaeffer, Man Versus Machine: The Silicon Graphics World CheckersChampionship, Tech. Rep. TR92-19, Dept. of Computing Science, Univ. ofAlberta, Edmonton, December 1992.

72[SCT92]J. Schaeffer, J. Culberson, N. Treloar, B. Knight, P. Lu and D. Szafron, �AWorld Championship Caliber Checkers Program,� Artificial Intelligence53(2-3), 273-289 (1992).[STL93]J. Schaeffer, N. Treloar, P. Lu and R. Lake, �Man Versus Machine for theWorld Checkers Championship,� AI Magazine 14(2), 28-35 (1993).[SlD69]J.R. Slagle and J.K. Dixon, �Experiments With Some Programs That SearchGame Trees,� J. of the ACM 16(2), 189-207 (1969).[SlA77]D.J. Slate and L.R. Atkin, �CHESS 4.5 � The Northwestern Univ. ChessProgram� in P. Frey, ed., Chess Skill in Man and Machine, Springer-Verlag,1977, 82-118.[SuG91]X-H. Sun and J.L. Gustafson, �Toward a Better Parallel Performance Metric,�Parallel Computing 17(10-11), 1093-1109 (1991).[Tho82]K. Thompson, �Computer Chess Strength� in M. Clarke, ed., Advances inComputer Chess 3, Pergamon Press, Oxford, 192, 55-56.[Tho86]K. Thompson, �Retrograde Analysis of Certain Endgames,� Int. ComputerChess Assoc. J. 9(3), 131-139 (1986).[Tru78]T. Truscott, The Duke Checkers Program, Tech. Rep., Duke Univ., 1978.

73Appendix ARules of Checkers In Brief8Standard checkers notation assigns each square with a number, as in Figure A.1. Moves aregiven as from-square/to-square pairs. Black initially occupies squares 1 to 12 inclusive andWhite occupies squares 21 to 32 inclusive. If an opponent�s checker is on an adjacent square,and there is an empty square behind it on the same diagonal, it can be captured (i.e. jumped)and removed from the board. In checkers, captures must be taken. Multiple captures areallowed and if more than one capture is possible, the player can choose. Checkers can onlymove and capture forwards. When a checker reaches the opponent�s back rank (i.e. a Whitechecker reaches one of 1 to 4, a Black checker reaches one of 29 to 32), it is promoted to aking. Kings can move and capture both forwards and backwards. A player wins if theopponent has no more pieces on the board, or if the opponent has no more legal moves. Blackmoves first.1234567891011121314151617181920212223242526272829303132Figure A.1 � Checkers Board Notation8Adapted from [STL93]

74Appendix BTinsley-Chinook 1992 Test Suite9Game 141220285132129Black: ChinookWhite: TinsleyBlack to moveMove: 11-15Piece count: 18Legal moves at root: 7Game 541220285132129Black: TinsleyWhite: ChinookBlack to moveMove: 6-10Piece count: 20Legal moves at root: 89See [Sch92] and [STL93] for further details on the match.

75Game 741220285132129Black: TinsleyWhite: ChinookWhite to moveMove: 28-24Piece count: 20Legal moves at root: 10Game 841220285132129Black: ChinookWhite: TinsleyBlack to moveMove: 12-16Piece count: 20Legal moves at root: 9Game 941220285132129Black: ChinookWhite: TinsleyBlack to moveMove: 16-20Piece count: 20Legal moves at root: 6

76Game 1341220285132129Black: ChinookWhite: TinsleyBlack to moveMove: 14-17Piece count: 18Legal moves at root: 11Game 1441220285132129Black: TinsleyWhite: ChinookWhite to moveMove: 22-18Piece count: 18Legal moves at root: 11Game 1541220285132129Black: TinsleyWhite: ChinookBlack to moveMove: 9-13Piece count: 18Legal moves at root: 9

77Game 1741220285132129Black: ChinookWhite: TinsleyBlack to moveMove: 1-6Piece count: 14Legal moves at root: 8Game 1941220285132129Black: TinsleyWhite: ChinookWhite to moveMove: 21-17Piece count: 14Legal moves at root: 7Game 2241220285132129Black: TinsleyWhite: ChinookBlack to moveMove: 5-9Piece count: 18Legal moves at root: 7

78Game 2341220285132129Black: TinsleyWhite: ChinookBlack to moveMove: 1-5Piece count: 20Legal moves at root: 9Game 2741220285132129Black: TinsleyWhite: ChinookWhite to moveMove: 21-17Piece count: 16Legal moves at root: 8Game 2941220285132129Black: ChinookWhite: TinsleyBlack to moveMove: 5-9Piece count: 18Legal moves at root: 10

79Game 3041220285132129Black: TinsleyWhite: ChinookWhite to moveMove: 22-18Piece count: 16Legal moves at root: 10Game 3141220285132129Black: TinsleyWhite: ChinookBlack to moveMove: 3-7Piece count: 18Legal moves at root: 12Game 3341220285132129Black: ChinookWhite: TinsleyBlack to moveMove: 11-15Piece count: 18Legal moves at root: 11

80Game 3641220285132129Black: ChinookWhite: TinsleyBlack to moveMove: 10-14Piece count: 18Legal moves at root: 9Game 3741220285132129Black: ChinookWhite: TinsleyBlack to moveMove: 7-11Piece count: 18Legal moves at root: 8Game 3841220285132129Black: TinsleyWhite: ChinookWhite to moveMove: 23-19Piece count: 24Legal moves at root: 8

81Appendix CExperimental Data In DetailSequential ChinookGameMoveDepthScoreNodesTimeN/SBlackTurnPiecesRoot BF111-1517-144,147,0025946,981ChinookB18756-1017-161,721,6792317,453TinsleyB208728-241511,697,5522496,817TinsleyW2010812-1617132,990,8264177,172ChinookB209916-201961,358,1691887,224ChinookB2061314-1715-43,056,4584317,092ChinookB18111422-181573,224,8564626,980TinsleyW1811159-1317-92,768,9813797,306TinsleyB189171-617-53,635,6724877,465ChinookB1481921-1715101,771,5962507,086TinsleyW147225-919131,776,8092467,223TinsleyB187231-51732,148,1513007,161TinsleyB2092721-171581,440,0792047,059TinsleyW168295-91723,567,7085087,023ChinookB18103022-1817-93,276,3234477,330TinsleyW1610313-717-123,610,2864897,383TinsleyB18123311-1515-21,807,8802537,146ChinookB18113610-141983,331,5585116,520ChinookB189377-1117-81,689,0392317,312ChinookB1883823-191745,010,8067176,989TinsleyW248Table C.1 � Tinsley-Chinook 1992 Test Suite, Sequential Search Data(time in seconds)

82Referring to Table C.1, in the position from Game 5, the move played by Black (Dr. Tinsley)was 6-10. Sequential Chinook searched that position to a nominal depth of 17 plies andselected 6-10 as the best move with a score of -16 points, where a piece (i.e. checker) is worth100 points and a king is worth an additional 30 points. Sequential Chinook searched 1,721,679total nodes in 231 seconds (7,453 nodes/second). In that position, there were a total of 20pieces remaining on the board, and there were 8 legal moves in the root position.Principal Variation SplittingGameScoreNodesTimeSpeedup% SearchOverhead% IdleTimeNotes1-144,128,2523881.53-0.45013.65-17*1,657,7701561.48-3.7116.0711,932,8301831.3613.915.58134,107,3913821.0937.316.1961,046,0041001.88-23.022.213-43,839,5794031.0725.618.51473,310,0923311.402.6421.715-93,042,0913271.169.8629.917-54,184,0493691.3215.116.619101,872,4041871.345.6918.2228*2,118,7722081.1819.324.5234*2,636,8762271.3222.810.52781,629,3781461.4013.211.22923,772,0993451.475.7315.630-11*5,369,2024790.93363.914.0Plays 31-2731-123,518,0252851.72-2.568.9233-6*1,964,7712131.198.6818.0363*4,129,9204491.1424.023.337-10*1,498,5701381.67-11.318.9387*3,795,1103871.85-24.324.1Average:

1.3810.117.9Std. Deviation:

0.260

20.15.25Table C.2 � Principal Variation Splitting (PVSplit), 2 Searchers Results(* = score is different from sequential search, time in seconds)

83GameScoreNodesTimeSpeedup% SearchOverhead% IdleTimeNotes1-144,863,3343831.5517.347.25-13*1,389,027842.75-19.339.5712,022,5351431.7419.142.98133,724,3042671.5624.544.8961,037,548682.76-23.642.913-43,635,7242881.5019.042.11473,171,2132771.67-1.6654.915-93,006,4522671.428.5857.317-53,883,7262631.856.8244.519102,008,4421751.4313.449.92221*4,076,9313850.63912956.0234*3,071,7622001.5043.040.72781,758,7671141.7922.137.42923,717,4822711.874.2046.730-11*5,795,9813811.1776.940.0Plays 31-2731-123,522,2652132.30-2.4438.533-22,322,0671901.3328.443.73683,823,0243411.5014.854.137-10*1,477,428852.72-12.536.43811*3,295,4412542.82-34.249.7Average:

1.7916.745.5Std. Deviation:

0.591

36.06.36Table C.3 � Principal Variation Splitting (PVSplit), 4 Searchers Results(* = score is different from sequential search, time in seconds)

84GameScoreNodesTimeSpeedup% SearchOverhead% IdleTimeNotes1-145,069,8633691.6122.370.85-13*1,388,912882.63-19.371.1711,905,2011321.8912.270.18134,182,5532841.4739.970.4961,035,137672.81-23.871.013-43,974,5162851.5130.064.71473,138,1242621.76-2.6976.015-6*2,843,3402221.712.6975.017-53,981,7292531.929.5269.719102,081,9311651.5217.570.82221*4,277,5044060.60614177.4234*2,941,1371731.7336.967.02781,618,998962.1312.464.32923,741,0912631.934.8671.930-94,262,9432791.6030.166.431-123,562,9581982.47-1.3166.033-22,357,6361671.5230.462.33683,735,3773291.5512.176.337-9*1,627,193962.41-3.6667.93811*3,373,9912452.93-32.773.2Average:

1.8815.970.1Std. Deviation:

0.548

35.44.20Table C.4 � Principal Variation Splitting (PVSplit), 8 Searchers Results(* = score is different from sequential search, time in seconds)

85GameScoreNodesTimeSpeedup% SearchOverhead% IdleTimeNotes1-145,107,0053671.6223.285.15-13*1,390,055882.63-19.385.0711,913,5781311.9012.784.98134,181,6482831.4739.885.1961,035,950672.81-23.785.313-43,279,6302142.017.3083.31473,223,0372681.72-0.056487.915-6*2,873,4852241.693.7787.717-54,322,5822501.9518.983.519102,128,8841691.4820.285.32221*4,078,9993710.66313088.0234*2,939,7771741.7236.983.32781,641,243982.0814.081.32923,745,2282641.924.9885.730-94,250,1672781.6129.782.831-123,502,2221962.49-2.9983.333-22,617,0441871.3544.880.43683,730,1323271.5612.088.137-10*1,458,777812.85-13.683.43811*3,379,4682452.93-32.686.7Average:

1.9215.384.8Std. Deviation:

0.574

34.12.18Table C.5 � Principal Variation Splitting (PVSplit), 16 Searchers Results(* = score is different from sequential search, time in seconds)

86Principal Variation Frontier SplittingGameScoreNodesTimeSpeedup% SearchOverhead% IdleTimeNotes1-144,759,0744231.4014.87.855-161,494,0561201.93-13.29.15711,889,7381701.4611.311.448133,667,5513251.2822.610.896946,151822.29-30.315.213-43,468,3003451.2513.512.81473,291,8233161.462.0819.215-93,916,8763810.99541.520.717-53,937,8073111.578.317.9119101,923,6751801.398.5812.922132,013,1991741.4113.314.1234*2,657,5572161.3923.75.232781,330,8561061.92-7.584.742924,055,2503571.4213.712.130-93,850,2914011.1117.511.331-13*4,361,4943651.3420.812.333-6*1,952,8061881.358.0211.43684,426,7064831.0632.923.637-9*1,590,2801381.67-5.8515.1386*3,995,9943731.92-20.318.2Average:

1.488.7612.8Std. Deviation:

0.325

17.44.90Table C.6 � Principal Variation Frontier Splitting (PVFSplit), 2 Searchers Results(* = score is different from sequential search, time in seconds)

87GameScoreNodesTimeSpeedup% SearchOverhead% IdleTimeNotes1-146,859,2643461.7265.418.65-13*1,365,501713.25-20.729.9712,143,5131222.0426.330.28134,379,3092331.7946.426.1961,095,126652.89-19.438.213-43,808,3142601.6624.633.61473,850,3172551.8119.440.615-93,754,9252561.4835.643.017-7*4,360,6521972.4719.918.519102,476,7551421.7639.828.8228*2,654,2691811.3649.436.7234*3,676,8231751.7171.215.7277*2,018,2561271.6140.232.62924,365,6752382.1322.426.230-10*4,269,1452591.7330.330.9Plays 31-2731-123,554,1561842.66-1.5526.333-3*2,248,6281471.7224.426.2366*4,451,5113451.4833.645.737-9*1,309,180812.85-22.539.83845,061,7302882.491.0229.1Average:

2.0324.330.8Std. Deviation:

0.546

26.38.17Table C.7 � Principal Variation Frontier Splitting (PVFSplit), 4 Searchers Results(* = score is different from sequential search, time in seconds)

88GameScoreNodesTimeSpeedup% SearchOverhead% IdleTimeNotes1-13*11,003,0853971.5016541.9Plays 10-145-13*1,603,113554.20-6.8946.2712,322,187942.6536.850.984*4,575,0622052.0353.056.6961,246,268503.76-8.2453.513-44,587,3822231.9350.151.61474,771,7121732.6748.046.915-5*4,271,3971752.1754.353.617-54,769,0711603.0431.244.419103,250,4651132.2183.540.62221*3,109,6221301.8975.054.4234*5,069,0331432.1013631.12782,222,705673.0454.436.52925,600,4031992.5557.045.930-10*4,639,2081892.3741.651.9Plays 31-2731-123,909,5461473.338.2951.633-3*2,243,591783.2424.143.5365*5,212,3312462.0856.558.337-10*1,558,696812.85-7.7263.43811*3,830,0821584.54-23.653.4Average:

2.7146.448.8Std. Deviation:

0.803

46.37.74Table C.8 � Principal Variation Frontier Splitting (PVFSplit), 8 Searchers Results(* = score is different from sequential search, time in seconds)

89GameScoreNodesTimeSpeedup% SearchOverhead% IdleTimeNotes1-13*10,297,0662732.1814861.95-162,298,921743.1233.570.3712,432,525922.7143.374.18136,781,5852351.7712772.1961,667,907414.5922.862.713-43,597,4221223.5317.771.01475,132,6611642.8259.269.515-8*6,087,8792591.4612078.1Plays 11-1517-12*6,824,3021732.8287.762.519103,289,2901002.5085.768.32218*5,082,5581271.9418662.0234*5,691,7391222.4616555.3277*2,409,200563.6467.359.5293*6,113,3071413.6071.458.530-13*6,471,1262022.2197.569.731-125,136,1211283.8242.362.533-3*2,964,894823.0964.063.2363*11,006,4846480.78923082.737-81,242,234455.13-26.574.0385*6,434,7541744.1228.464.6Average:

2.9183.567.1Std. Deviation:

1.0763.57.00Table C.9 � Principal Variation Frontier Splitting (PVFSplit), 16 Searchers Results(* = score is different from sequential search, time in seconds)

90Principal Variation Splitting with Load BalancingGameScoreNodesTimeSpeedup% SearchOverhead% IdleTimeNotes1-144,153,6243821.560.16011.35-17*1,560,9651431.62-9.3314.3712,000,9561801.3817.911.38134,167,0693781.1039.313.396967,379842.24-28.815.313-43,946,8094121.0529.115.71473,515,7293181.459.0211.315-93,103,7812861.3312.116.617-54,057,7763321.4711.69.98197*1,976,7062091.2011.617.9228*2,127,4271951.2619.716.5234*2,637,2402261.3322.89.902781,637,1301461.4013.711.52923,785,1363441.486.0911.330-11*5,716,4465230.85574.512.9Plays 31-2731-123,546,5842871.70-1.768.3633-6*1,965,3082121.198.7117.7363*4,313,1014061.2629.510.937-9*1,291,7491052.20-23.59.53386*4,191,0664031.78-16.414.0Average:

1.4411.313.0Std. Deviation:

0.346

23.02.86Table C.10 � Principal Variation Splitting with Load Balancing (PVSplit-LB), 2 Searchers Results(* = score is different from sequential search, time in seconds)

91GameScoreNodesTimeSpeedup% SearchOverhead% IdleTimeNotes1-144,897,0593231.8418.135.85-13*1,410,455822.82-18.137.4712,117,5221451.7224.739.48133,946,8582891.4432.039.6961,068,764632.98-21.337.713-43,846,0232981.4525.838.61473,539,0652421.919.7439.315-6*2,799,2411842.061.0941.517-53,998,4352451.999.9838.119102,008,9481601.5613.444.62221*3,883,7012760.89111939.8234*2,764,9501591.8928.732.42781,760,1441111.8422.236.42923,875,3732561.988.6236.030-13*6,251,3583881.1590.833.3Plays 31-2731-123,733,2582032.413.4130.533-22,408,4051961.2933.240.63685,576,0723481.4767.432.137-9*1,838,5541102.108.8533.33811*3,435,4482452.93-31.442.0Average:

1.8922.337.4Std. Deviation:

0.567

35.73.69Table C.11 � Principal Variation Splitting with Load Balancing (PVSplit-LB), 4 Searchers Results(* = score is different from sequential search, time in seconds)

92GameScoreNodesTimeSpeedup% SearchOverhead% IdleTimeNotes1-144,784,7232991.9915.464.05-13*1,418,156852.72-17.666.2712,196,7871331.8729.464.38134,529,5642621.5951.559.6961,072,509623.03-21.069.013-43,545,1732221.9416.063.41473,639,9072351.9712.965.715-6*2,881,5791672.274.0766.517-54,573,6582382.0525.859.119102,174,9691591.5722.867.72221*4,255,8052750.89514065.0234*2,971,7051611.8638.363.42781,629,990952.1513.263.32924,033,8182392.1313.162.330-94,305,6632681.6731.464.531-123,721,9751712.863.0955.733-22,653,4641851.3746.860.23684,086,2962522.0322.766.037-9*1,775,1271052.205.1060.23811*3,698,8242393.00-26.264.9Average:

2.0621.363.6Std. Deviation:

0.539

34.63.23Table C.12 � Principal Variation Splitting with Load Balancing (PVSplit-LB), 8 Searchers Results(* = score is different from sequential search, time in seconds)

93GameScoreNodesTimeSpeedup% SearchOverhead% IdleTimeNotes1-145,190,8073101.9225.280.95-13*1,441,710872.66-16.382.3712,167,8721361.8327.782.38134,578,9352651.5753.179.3961,079,224632.98-20.585.213-44,434,1803051.4145.179.71473,532,1292182.129.5382.015-93,397,6321882.0222.781.317-54,149,8362362.0614.181.919102,177,3271581.5822.983.32221*4,231,8452760.89113882.3234*2,824,0261511.9931.581.82781,660,368962.1315.381.32924,039,3502502.0313.281.830-94,313,9812681.6731.782.131-123,922,3021862.638.6478.533-22,727,9771901.3350.979.136840,95,6802512.0422.982.837-9*1,914,0821062.1813.378.73811*3,733,0142412.98-25.581.8Average:

2.0024.281.4Std. Deviation:

0.530

34.11.66Table C.13 � Principal Variation Splitting with Load Balancing (PVSplit-LB), 16 Searchers Results(* = score is different from sequential search, time in seconds)

94Principal Variation Frontier Splitting with Load BalancingGameScoreNodesTimeSpeedup% SearchOverhead% IdleTimeNotes1-144,734,3954181.4214.27.275-161,493,9741191.94-13.29.09711,909,1301761.4112.511.98133,789,7513381.2326.710.096954,879812.32-29.713.313-43,692,9043551.2120.89.541473,365,9532961.564.389.5615-93,962,0773321.1443.18.0717-53,974,3993051.609.324.9519101,897,2051761.427.0911.322131,950,3351621.529.778.24234*2,668,0122151.4024.24.632781,371,7451081.89-4.754.152924,159,2713551.4316.66.7930-93,858,5453981.1217.810.831-13*4,352,5343411.4320.66.4733-6*2,823,2382750.92056.211.43684,883,8474331.1846.65.7437-9*1,425,3491122.06-15.67.183811*3,466,9802972.41-30.87.85Average:

1.5311.88.41Std. Deviation:

0.402

23.02.57Table C.14 � Principal Variation Frontier Splitting with Load Balancing (PVFSplit-LB),2 Searchers Results(* = score is different from sequential search, time in seconds)

95GameScoreNodesTimeSpeedup% SearchOverhead% IdleTimeNotes1-146,959,0563351.7767.814.95-13*1,366,231713.25-20.729.2712,147,2591182.1126.525.88133,745,3862221.8825.230.7961,133,069623.03-16.632.413-44,181,3562731.5836.829.51473,943,3712092.2122.323.715-94,010,3422041.8644.822.517-7*4,453,2231972.4722.516.919102,615,8971421.7647.723.222132,530,9791461.6842.531.5234*3,694,7671671.8072.015.02782,111,2551131.8146.621.82924,460,4492202.3125.017.330-10*4,211,7762401.8628.628.5Plays 31-2731-123,684,3491732.832.0519.333-3*2,259,9881401.8125.025.7366*4,538,5372402.1336.222.237-9*1,620,708892.60-4.0528.13845,466,4512602.769.0918.0Average:

2.1827.023.8Std. Deviation:

0.491

24.55.61Table C.15 � Principal Variation Frontier Splitting with Load Balancing (PVFSplit-LB),4 Searchers Results(* = score is different from sequential search, time in seconds)

96GameScoreNodesTimeSpeedup% SearchOverhead% IdleTimeNotes1-148,584,0052492.3910728.55-13*1,449,089524.44-15.850.1712,347,731902.7738.345.9814*6,264,5222241.8610938.1961,262,043483.92-7.0851.613-46,406,1342501.7211042.01475,020,2211622.8555.738.915-5*4,146,1701342.8349.741.117-55,911,4331882.5962.636.319103,046,2701102.2772.043.022132,831,1921122.2059.351.9234*4,985,7401332.2613228.2277*2,315,199692.9660.836.12926,489,5852072.4581.936.730-10*4,500,0691692.6537.447.7Plays 31-2731-124,548,5921473.3326.037.633-3*2,289,609763.3326.741.03688,177,3892701.8914537.637-9*2,560,705842.7551.639.23811*4,637,3111604.48-7.4544.6Average:

2.8059.840.8Std. Deviation:

0.779

45.06.58Table C.16 � Principal Variation Frontier Splitting with Load Balancing (PVFSplit-LB),8 Searchers Results(* = score is different from sequential search, time in seconds)

97GameScoreNodesTimeSpeedup% SearchOverhead% IdleTimeNotes1-149,080,2411963.0311953.45-162,380,504773.0038.369.1712,888,112982.5470.170.7814*5,816,0611522.7494.562.0961,384,075365.221.9164.313-43,852,2311213.5626.068.31475,821,9551443.2180.559.215-95,794,1311522.4910963.117-56,103,5671383.5367.959.919103,070,579952.6373.367.72221*4,483,3691062.3215259.5234*4,540,195903.3311151.62782,170,753533.8550.761.72926,633,8721543.3085.957.530-10*4,846,4381532.9247.969.9Plays 31-2731-126,005,2051353.6266.358.433-3*3,346,2071192.1385.165.6363*7,377,4301752.9212158.837-81,995,842643.6118.270.73812*4,900,5111106.52-2.2057.9Average:

3.3270.962.5Std. Deviation:

1.0141.45.67Table C.17 � Principal Variation Frontier Splitting with Load Balancing (PVFSplit-LB),16 Searchers Results(* = score is different from sequential search, time in seconds)