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Preface

Computer Scrabble programs have achieved a level of performance that exceeds that of
the strongest human players. MAVEN was the first program to demonstrate this against
human opposition. Scrabble is a game of imperfect information with a large branching
factor. The techniques successfully applied in two-player games such as chess do not
work here. MAVEN combines a selective move generator, simulations of likely game
scenarios, and the B* algorithm to produce a Scrabble-playing program of super-human
skill.

I became involved in computer Scrabble because of a personal fascination with creating
high-performance game-playing engines. That fascination alone sustained the project for
many years., Truly, I never conceived of this work becoming a doctoral dissertation.
Credit for believing that this work was worthy must go to Professor Jaap van den Herik
and Professor Jonathan Schaeffer. [ was content to continue my career in professional
programming, without a care for publishing anything about MAveN. However, Jaap and
Jonathan would have none of that. Jonathan firmly stated that MAVEN merited a serious
academic paper. While I did not mind writing a paper, | had no patience for finding ¢
publisher. Well, Jonathan went out and found a publisher, so 1 had to write a paper. Jaap
then said that an expanded version would make a fine dissertation, and would [ mind
writing one? Jaap removed all obstacles and objections to completing this thesis, until 1
had no alternative.

I am grateful to my family, and especially to my wife, who supports my efforts
unfailingly.

I thank the many Scrabble experts who contributed to my understanding of the domain. 1
must single out Joel Wapnick, Joe Edley, and Nick Ballard, who have taught me a great
deal. I have an enduring admiration for your artistry and an enduring affection for you
personally.

I thank Hasbro, Inc., for their support of Scrabble in general and MAVEN in particular.






Chapter 1 — Introduction

Scrabble is a board game in which players build words with tiles containing letters of
varying point values. Players from across the world enjoy Scrabble as a pleasant family
board game for two to four players. In this thesis, we consider only its tournament
variant, which is a two-player game. The game's rules are in Appendix A,

1.1 Why Scrabble?

Scrabble is a good platform for testing Artificial Intelligence (Al) techniques. The game
has an active competitive tournament scene, with numerous national and international
Scrabble associations and a biennial world championship for English-language players.
There are many levels of skill. Creating a program that simply plays legal moves i$ a
significant challenge. Once the program plays legal moves, you find that it is too weak to
challenge top humans, and nothing obvious will address the shortcomings.

Even though Scrabble is one of the most popular games in the world, with millions of
game sets sold annually, little has been published in the computer literature about the
game. In part, this is because the game-Al tradition focuses on deterministic games.
Chess, checkers, reversi, awari, hex, go, renju, amazons, Pente, etc., dominate the game
AT literature. Some of these games did not even exist when serious investigations into
Scrabble began in the mid-1970s, vet the literature still emphasizes deterministic games.
In a small way, this thesis will redress the balance by publishing investigations into a
game having a significant random component.

Similarly, the game-AT literature focuses on perfect-information games. The games listed
above are all perfect-information games. Additionally, there is a computer literature for
backgammon, which is a stochastic game of perfect information. We are starting to see
some literature about games with private information, like poker and bridge, and this
thesis will add to that trend.

1.2 Some Characteristics of Scrabble
Scrabble has a large state space. The state space is much bigger than chess, and is even
bigger than Go. The number of states is perhaps 2'™". The number of legal moves is

large, too. An average game position has about 800 moves, and positions can have over
8000 moves.

However, these imposing parameters of the state space are perhaps misleading, since
expert Scrabble play is not predominantly concerned with exhaustively searching the
state space. In part, this is because Scrabble has a random component, as the players draw
tiles blindly. The random component gives the state space a high variance, so that the
way that a move turns out depends on many imponderable factors. Because you cannol
calculate the outcome of a move in most cases, in Scrabble evaluation takes precedence
over search,

Move generation in Scrabble is a challenging task. To figure a rough order of magnitude
for the task, on each turn you can place any subset of your 7 tiles in any order either
horizontally or vertically starting at any of 225 squares of the board. A rough order of
magnitude calculation shows 2 * 225 * 7! = 2,268,000 polential words to check for



legality. Checking a move for legality involves looking up all words created or’modjﬁed
by a pl’ay in a dictionary containing about 150,000 words of from two through 15 letters.

On a modern computer you could use brute-force calculations for t]his‘ computation, bm
even with today's computers the program would be too 5?0w for certain purposes. With
the computers of the mid-1970s, when serious investigation of} computer Strab‘blg first
began, a brute-force approach was impossible. It was essential to dls_cower ways to
systematically prune the decision process to generate all legal moves with a minimum

number of blind alleys.

Move generation is, at Jeast, feasible for computers. Human Qpponqnts, in contrast, hay’e
great difficulty with move generation. If you compare Scrabble with chess, you would
find that human Scrabble champions have a best-play percentage of about 50%, wherneas
chess champions are close to 99%.' Simply finding legal moves is a difficult cognitive
challenge in Scrabble, whereas it is not a challenge in chess.

Additionally, Scrabble poses challenges beyond move generation. For example, consider
a computer program that selects the highest scoring move on each twm. A human master
would brush aside such a program without difficulty, winning about 75% of all games,
with a spread of about 50 points per game.

Therefore, move evaluation is a crucial skill. Moreover, computer programs might be at a
disadvantage, since a human’s ability to integrate a wealth of experience should be
difficult to reproduce in software.

Nevertheless, there is reason for hope that programs can master move evaluation. For one
thing, human experts ofien do not agree on the merits of moves. Of course, some moves
are clearly best and every player (even computer programs) would agree. However, we
find that when a decision is close, there are bound fo be human experts on all sides.

This suggests that even if human experts had perfect move generation, there would still
be differences in skill attributable to evaluation.

1.3 Problem Statement

Is it possible to build a computer program that outplays all human Scrabble experts?
Taking the extreme case, suppose that the best human expert specifically prepared for a
maich by playing training games against the program, so that there is no possibility that
the human will lose because he is unfamiliar with the program. We desire that the
program nevertheless retain an edge.

MAVEN is a computer program designed to answer that question. At the time of MAVEN’s
debut, it was laughable to even ask the question. Human experts were familiar with two

i F('ar. nstance, Karpov and Kasparov have played 143 games in championship marches, with 40
dcc}smft} games. Af roughly 80 moves per game, the rate of decisive (i.e., msi‘ng) moves is about
0.0035. This caleulation is vulnerable to the possibility that the game-theoretic value of some
games may have changed multiple times, with compensating errors lFCSUHil‘]Q in a draw. The réﬁdér
may Juhdge‘ for himself the impact of this factor. Regardless, it is c:learvﬂmt the a'ct cﬁ‘ ‘n“:cwe
generation 1s not an impediment to chess players. ‘ |
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specific computer programs. Neither one played a solid game. The programs had several
basic flaws.

1) They were slow, and could not complete a game in tournament time.
2) They did not have the full list of legal words.
3y They applied weak strategies.

Thus, the first question leads to three others. Can a computer program compete in real
time? Can a program play using the full list of legal moves? Can a program select moves
using a strafegy having clear benefits over the highest-point strategy?

Even if the program passed these hurdles, there remain others. Human masters can adapt
their play to trick programs. For example, there are specific techniques that humans apply
when they need to come back from a deficit. In addition, they have a set of techniques
that they apply to hold onto a lead. To take an example from a different domain, early
expert backgammon programs were vulnerable against players that deliberately adopted
specific tactics that created positions that the programs bandled badly [1]. The same is
true in chess; it is well-known that David Levy adopted successful anti-computer tactics
in his famous matches against computers [2].

4) Can programs play correctly when holding a lead?
5) Can programs play correctly when trying to come from behind?
6) Can programs succeed despite anti-computer strategies?

Going further, is it possible to build a computer program that plays perfectly? Given that
Scrabble is a game of imperfect information, is it even possible to define perfection? The
ideal strategy implied by classical game theory would be a mixed strategy, where even if
the payoff matrix could be calculated (which it cannot) the matrix would be so large that
it is unclear whether the normal methods [3] could find the solution in & reasonable time,

Suppose that we relax the requirements a little, and ask about “practical” perfection. Is it
possible to build a program that always chooses the move that maximizes winning
percentage, given reasonable limitations on the opponent’s ability to infer what tiles we
keep after our move? You can use an “adversarial” test to measure practical perfection. IT
you declare that your program played a perfect game, and no one can prove io an
objective third party that you are wrong, then your program is practically perfect.

If we back off practical perfection a little, then we can wonder about “asymptotic”
practical perfection. Your program has this property if it will achieve practical perfection
running on computers that are sufficiently fast. Microcomputer chess programs, which
attained this property 25 years ago, demonstrate the value of achieving asympiotic
practical perfection. Now, thanks in part to a 4000-fold increase in CPU power, these
programs are knocking on the Champion’s door [4]. Can Scrabble programs be
asymptotically practically perfect?



1.4 Research Questions

1.4.1 Domain Analysis |
What aspects of the domain are essential to strong play? We l.m,ve already nwntmpec;
move generation and evaluation. Move generation is a challenging yet purely tec.‘r‘m.mca
problem, so the crucial research guestion is how to evaluate. Is there an established

positional theory to guide move selection?

What techniques will human opponents wield against the program? Must we develop
strategies to avoid specific types of positions?

1.4.2 Move Generation

What is the best approach for generating and scoring moves? There are several
reasonable approaches for generating moves, with different strengths. Which ones stand
out, and under what conditions?

Besides the algorithm used, there is a software-engineering question. How do you create
a move generator that is useful in different contexts? Some classic software design
patterns apply.

1.4.3 Move Selection

What algorithms and heuristics sort moves in order of quality? Obviously, the score of
moves is important. What other factors contribute to the decision? What computations
correspond to concepts in the positional theory of the game?

Given a system of evaluation, how should we tune its parameters? We expect that any
evaluation system for Scrabble will involve many parameters. We would prefer not to
tune them by hand, but if we use an automated systemy then what metrics should the
tuning process maximize? Besides the evaluation system, there is an implementation
question. How can you evaluate all of the moves without adversely affecting the
program’s speed?

1.4.4 Competitive Proof

Can a program compete with humans in real time with competitive success? What
metrics can we use (o gauge the difference between human and computer play? Can we
accumulate sufficient evidence to claim superiority?

1.5 Overview of Thesis

Chapter 2 describes the game of Scrabble, concentrating on the nature of the game and
the skills needed to perform at a high level.

Chapter 3 sketches a MAVEN-centric view of the history of computer Scrabble. The
computer science literature has little information about computer Scrabble.

F,hzmtf:r 4 covers the purely algorithmic problem of move generation. In many games, it
Is trivial to generate moves, but in Scrabble it is difficult. Moreover, if you want to play



Scrabble at a high level, then move generation must be exhaustive and fast. Programmers
have devised ingenious algorithims and data structures for meeting these requirements.

Chapters 5 and 6 cover the evaluation of moves. Scrabble stands in contrast to chess, in
which a highly developed positional theory was available to computer researchers from
the beginning. The opposite was true in Scrabble: computer investigations have disproved
much of human expert theory. Computer Scrabble researchers needed to develop a
positional theory largely from scratch. Chapter 5 shows how to evaluate changes to the
rack of tiles. Chapter 6 discusses how to evaluate changes to the board.

Chapters 7, 8, and 9 show how the game evolves in stages. The first stage is the Early
Game, characterized in Chapter 7. The final stage of the game is the Endgame, which
Chapter 8 covers in detail. Chapter 9 deals with the Pre-Endgame, which is the transition
between the two. We will tackle the Pre-Endgame last because it has aspects of both the
Farly Game and Endgame.

Chapter 10 describes Simulation, a technique that revolutionized computer Scrabble. The
technique goes by the name rollowr in backgammon research, and by the generic terms
stochastic lookahead and Monte Carlo search. In addition to Scrabble and backgammon,
the technique applies to bridge and poker,” so it is widely applicable. The application to
Scrabble is successful, so it is worth studying closely.

Chapter 11 presents MAVEN’s competitive results. MavenN has played in three
tournaments and three maitches. These results wvalidate the quality of MAVEN's
implementation.

Chapter 12 describes opportunities for further investigation. While research on MAVEN
has been a resounding success, there remain areas where further investigations may be
fruitful.

Chapter 13 summarizes research results.

Appendix A gives the rules of the game.

Appendix B presents four annotated games. The material illustrates the caliber of strong

human players, which never ceases to amaze, The annotations also illustrate the power of
simulation, and the occasional shortcomings of MAVEN’s implementation of simulation.

* And there might be some practical applications, too.






Chapter 2 — The Game of Scrabble

The goal in Scrabble is to create words, using the same constraints as in crossword
puzzles. In this chapter we refrain from providing a full description of the game. We
assume that any reader is familiar with Scrabble to an extent and that this superficial
knowledge of Scrabble rules is sufficient to understand the essence of this chapter. Full
rules are in Appendix A.

Section 2.1 describes the notations and conventions that describe moves and positions,

Section 2.2 gives fundamental metrics and statistics of the game, focusing on how to
scoTe points.

Section 2.3 describes how humans play the game. How humans cope with cognitive
limitations is an interesting psychological guestion, and yields insight into the nature of
potential computer advantages and disadvantages.

2.1 Basic Notation

This thesis makes extensive use of
position diagrams like Position 2-1.

The board’s premium squares are
labeled 2L, 3L, 2W, and 3W to
indicate double and triple premiums
for letters and words. All other squares
are non-premium squares.

The columns are labeled A through O,
and the rows are labeled | through 15.
This establishes a coordinate system
that we can use to identify individual
squares. For instance, square 3C is the
first double-word square along the
third row.

The players’ names, racks, and scores
are shown underneath the board. The
rack of the side to move is given first,
followed by the opponent’s. Usually
only the rack of the side to move is
shown, since the opponent’s rack is not known. In that case, the opponent’s last move is
given, because sometimes the mover can draw inferences from it. However, the position
in the diagram is an endgame, so the opponent’s tiles can be calculated exactly. In
endgames we will show the opponent’s tiles, it keeping with the principle of showing the
reader all of the information that the mowver might use to make his decision.

Position 2-1 Example Position

The tiles have face values. The “blank™ tile, which can be used as any letter, is
represented in the player’s racks as a tile with a blank face with a point value of zero. In



the diagram, MAVEN’s rack has a blank. A blank (:‘m the b‘D‘aer is_ drawn fis a lzﬁ‘er ;zlu% zf;
outlined border and a point value of zero. In the diagram, there is a blank used as :

square 10K.

Mowves are shown by giving a word followed by a square, a score, and posmbily
information about the tiles left on the rack after the play. E'Iﬂor‘ e’}cagfx’lple, MAVI?N § move 121
the diagram was MOUTHPART (1A, 92+8), whicl? midxcat‘es‘ that Fhe wm
MOUTHPART was played, starting at square 1A. The dfasngnatmm of the stanm% square
as “1A” rather than “A1” indicates that the word was horizontal. The blank was pmye.d.as
a P, which accounts for the underlining of “P” in the notation, but we could have omitted
the underline because MOUTHPART allows only one way to use 'the blank. In Tth_& rest of
this thesis, the blank will be designated only when necessary, since the underlines are
distracting. The “92” is the score of the play. Since MOUTHPART was the lag;? move of
the game, it also scored a bonus equal to double the sum of the face va{ues‘”(]fule”s leﬁ on
the opponent’s (Adam Logan’s) rack, which accounts for the “+8 . designation.
MOUTHPART was a bingo, so there were no tiles remaining. Logan’s previous play was
QUAL (J2, 35, 11O), which means that the word QUAI was played, vertically down from
12, scoring 35 points, and leaving the tiles 11O on the rack.

Once a move is introduced into the text, we may abbreviate by omitting inessential
information. For instance, we may remark that MOUTHPART was a crushing blow,
leaving out the “(1A, 92+8)” part because we have already given it and there is only one
possible place for MOUTHPART to play. Sometimes we may need 1o supply additional
information to disambiguate moves, and the convention is to give only the starting
square. For instance, we may comment on Adam Logan’s previous play with language
like, “QUAI (J2, 35, T1O) is definitely besi. He should consider QUAI (M11, 26, 110y,
but QUAI (J2) is much better than QUAIL (M11).

2.2 Basic Aspects of the Space

This section presents statistics about the nature of high-level Scrabble. The goal is to
build the reader’s intuition, since later chapters will present models of the game based on
this understanding.

2.2.1 Imperfect Information

Most of the Scrabble state space is imperfect information, because the opponent’s tiles
are unknown. However, the state space has perfect information in an important special
case. The endgame is defined to be the phase of the game where the bag’ contains no
tiles, and therefore it is possible to calculate exactly which tiles remain on the opponent’s
rack.

The split of the state space into perfect and imperfect information components suggests
that playing Scrabble requires search engines and evaluation functions that handle that
distinction. Minimax search addresses perfect-information states, at least in principle.

Definition: the bag is the set of tiles that have not yet entered the game. These are kept in a cloth
blg to slyeﬂd their identities from the players. The bag is distinct from the concept of “unseen
tiles,” which would also include the tiles on the opponent’s rack. The set of unseen tiles can be

x:ﬁrn.;lmted by subtracting the visible tiles (i.e., on the board or on your rack) from the initial pool of
att tiles.
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Programs can address imperfect-information states with combinations of shallow search
and evaluation functions, but it is not obvious what to search, nor how to evaluate.

2.2.2 Non-Deterministic and Imperfect Information

The non-deterministic phase of the game has two extremes. At the start of the game, there
are 100 tiles in the bag, and therefore the probabilities of what remains hidden shifi
almost continuously. At the end of the game, there are few unseen tiles, and therefore
programs can completely enumerate aspects of the space.

The distinction between an almost continuous space and almost perfect-information space
suggests that programs will use different methods on each. A simple linear evaluation
model addresses broad imperfect-information states. Probability-weighted  search
addresses narrow imperfect-information states.

2.2.3 Gross Characteristics of Turns

In Scrabble the players alternate tums, so they have roughly an equal number of moves.
This is said with the understanding that exchanges, passes, and lost challenges are turns
that score zero points, rather than lost turns, as some people {(must not be programmers!)
do. The way MAVEN counts, the plavers have the same number of turns unless the player
that moves first also moves last, in which case the first player has an extra turn.

Please note that scoring characteristics of

turns depend on both the dictionary and the | Length | TWL98 | SOWPODS
quality of the opposition. For example, | 2 96 121
players average higher scores in the United | 3 972 1229
Kingdom than in North America. Are UK | 4 3903 5155
players better? The North Americans deny | 5 8636 11812
it, so the difference must be the dictionary; | 6 15232 20964
the UK’s word list (SOWPODS) is a |7 23109 31229
superset Morth America’s TWL98. Table 2- | 8 28419 33043
1 shows the distribution of vocabulary by |9 24792 36845
length within TWL98 and SOWPODS. In | 10 20194 32178
this thesis, the reference vocabulary is | 11 15407 25225
TWL98,  unless  specifically  noted | 12 11273 18366
otherwise. Similarly, if the dictionary is | 13 7781 12563
held fixed then the level of scores rises with | 14 5100 8115
the quality of opposition. Since top humans [ 15 3179 5002

are rtoughly comparable to MAVEN in
strength, their scoring characteristics are
similar. For example, MAVEN averages 34.3 points per turn, whereas top-flight humans
average about 33 points.

Table 2-1 Vocabulary by Word Length

One technical point regarding point totals concerns how to apply end-of-game bonuses.
In tournament games, when one player uses all of his tiles, he scores a bonus equal to
double the sum of the tiles on his opponent’s rack. But the rules printed in the game box
state that at the end of the game the players are penalized by the sum of their unplayed
tiles, and the side playing out scores a bonus equal to the sum of the opponent’s tiles. For
two-player games, these definitions result in identical point differentials, so it does not
matter which definition you use. However, in multiplayer games there is a difference, so

9



MaVEN implements the rules as printed in the box. While point d“ﬁferanrt'lgls tia:;z
unchanged, point totals are higher under the tournament rules, 50 you must gfmsx‘ c.: rihm
difference if you compare MAVEN with other programs. O:ther progjra‘n:trs may ‘r]’:“,E‘O ; .ﬂ !
they average 35 points per turn, compared with MAVEN's 34.3, vet the results of the

programs are identical.

Obviously, it is an advaniage to move first, since having a 50-50 chance of an extra @um
must have value. Perhaps that it is not truly obvious, since there could be a disadvantage
to opening the board. To be completely accurate, the first tum fioes not score as well as
the second turn on average, so there actually is compensation for moving second.
Nevertheless, the first turn scores comfortably more than half of the score of an average
turn, so moving first is an advantage. Moving first corresponds to a winning percentage
of 56%, and a point differential of 14.2 points.

There is considerable variance in the score of a turn. The standard deviation is about 22
points per turn. When you consider that it is impossible to score less than zero poimg, it
must strike you as surprising to have a standard deviation so high. What makes it possible
is that bingos occur frequently, Thus, the distribution of scores is not symmetric about the
mean. The distribution of scores in MAVEN-MAVEN games is roughly as follows:

1) Bingos, averaging 78.3 points, occur on 14.3% of turns.

2) Non-bingos average 27.0 points, with most between 18 and 40 points.

3) Nearly every game has a few non-bingo plays in the 40 to 55 point range, often using
the J, Q, X, Z, or a combination of other heavy tiles, or playing to a triple-word

square,
4) A few turns are dumps, which rid the rack of awkward tiles while scoring from 8 to
16 points,

5)  Exchanges happen with awful racks, about 1.7% of all turns.

2.2.4 Gross Characteristics of Games

Computer games average 11.7 turns per player, or 23 .4 for a whole game. Human games
are somewhat longer, averaging about 12.5 turns per player. Both humans and computers
average about 400 points per player per game,

The standard deviation in the difference in scores of a whole game is about 95 points.
(Note that this is not the same as the standard deviation of the score of a single player.)
Accordingly, most Scrabble games are not close. It is common for one side to score a
couple of quick bingos and then coast to a win while the other side struggles.

For the same reason, only the largest leads are safe. Even when a game is half over, the
standard deviation remains about 65 points, so it is possible to come back. One bingo will
rrg:ake you a favorite, and it is even possible to come back from such a deficit without a
Im‘ngq. »1 va leader could be mrcc_id to exchange a bad rack, or could be stuck with the Q,
or the trailer could score well using J, Q, X, or Z.

10



2.2.5 Scoring as a Function of Stage of Game

Table 2-2 shows how scoring changes
over the course of the game. The first turn
averages 28.8 points, and the second turn
(ie., the second player’s first move)
averages 34.7. The high average of the
second turn is due to the many
opportunities to play bingos on a wide-
open board after the first turn. Scores are
high for a while and then drift downward
as the board clogs up.

You can see that bingo frequency
accounts for most of the difference in
scores. The average scores of both bingos
and non-bingos is a remarkably constant
function of the turn number. The average
score of non-bingos remains relatively
constant until a sudden decline around
turn 17. At that point, many games go
into the endgame phase.

Most games are finished by move 23, so
all statistics after that reflect the subset of
games that happen to last that long. For
instance, the board may have been very
constricted. Or one player may have been
stuck with the Q, which leads to long
games because it is in the interest of the
other player to play out one tile at a time.
The extremely low frequency of bingos
past move 25 reflects the fact that such
positions are almost always endganies.

Turn | Mean | Bingo% | Bingoe | Other
i 288 12.7% 733 1 21.8
2 347 | 203% | 75.7 | 242
3 394 | 232% | 770 | 279
4 398 | 204% | 779 | 296
5 40.0 19.9% | 78.5 | 303
6 39.9 19.1% | 788 | 308
7 40.2 18.4% 789 | 310
8 39.8 17.9% | 79.1 310
9 39.7 17.5% | 792 1 311
10 39.2 17.1% | 79.1 311
11 39.0 16.5% | 789 | 31.0
12 38.5 15.9% | 791 30.8
13 38.0 I59% | 792 | 307
14 319 153% | 791 | 303
13 37.2 14.7% | 788 | 30.]
16 36.4 13.7% | 789 | 29.8
17 354 1 129% | 782 | 29.
(s 33.7 11.8% | 785 | 279
19 31.2 10.0% | 774 | 2066
20 28.6 8.6% 712 | 247
21 253 6.4% 769 | 224
22 22,0 4.4% 76.4 19.8
23 19.3 2.7% 76.2 17.2
24 16.6 1.5% 74,5 15.2
25 14.2 1.0% 77.0 | 137
26 11.9 0.7% 73.9 | 117
27 10.1 0.2% 71.8 10.3
28 8.5 0.1% 74.3 8.7
29 7.7 0.09% 101 7.4
30 6.9 0.07% 74 58

Table 2-2 Score as a Function of Turn

2.2.6 Scoring as a Function of Tiles

An enlightening view of scoring is to see how it depends on the tiles you possess in the
rack. Table 2-3 shows the average score of moves’ as a function of tiles. The “Tile in
Rack” column shows the average score given that a specific file is in the rack. Notice that
the frequent tiles (AEIONRT) have scores that are around average, but the infrequent
tiles (especially Blank and Q) strongly affect the score. This is to be expected; frequent
tiles are present on most racks, so their average must be close to the average play,
whereas infrequent tiles can affect the score of a small number of racks.

* Like all data in this chapter, these are from MAVEN-MAVEN games.




Another thing you can gather from the “Tile
in Rack” column is a rough ordering of the
quality of tiles. Obviously, the blank. 8, Z,
and X are standouts, whereas Q, V, U, W,
and G are millstones.

The “Two in Rack™ column shows how
holding duplicates of tiles affects scoring. Of
course, the duplicate blank is excellent. We
see that duplicate S is just like a smg‘le‘ S,
duplicate E is bearable, and every remaining
duplicate tile reduces scoring.

The “When Played” column shows how the
score of a play depends on the tiles used to
make that play. Again, the good tiles are
evident, Moves that use Blzgnk, 8, X, and 7
have above-average scores,” whereas moves
using Q, V., W, U, and G have poor average
scores. This confirms previous assertions.

Another group of tiles is interesting because
of a difference between the “Tile in Rack™
and “When Played” columns. The tiles A, E,
N, R, and T have high values when played,
whereas they were near average when in the
rack. What can we make of that? The
explanation is that these are bingo-making
tiles. They tend to be saved for bingos. This
raises the average score when they play, but
their average score when held is normal
because of the turns spent sitting in the rack.

The | Tile Twoin | When |
| Tile | in Rack Rack Played
7 48.5 67.9 70.6
A 36.4 31.7 39.4
B 34.2 30.2 35.5
C 35.9 30.4 40.9
D 36.1 31.6 39.5
E 36.6 34.5 41.8
F 33.9 33.6 353
G 33.2 27.6 35.2
H 37.2 32.6 394
1 35.3 28.9 38.5
J 34,0 - 35.6
K 351 - 36.6
L 35.2 29.6 39.1
M 364 32.7 39.3
N 36.0 30.9 409
O 34.7 29,5 36.6
P 335.6 314 38.4
0 27.4 - 30.7
R 36.5 31.4 42,4
S 39.3 394 51.3
T 36.0 3.7 40.3
U 32.9 24.7 35.4
A% 31.7 241 32.7
W 33.1 28.0 33.8
X 38.6 - 43.0
Y 35.2 29.7 36.1
Z 38.4 437

Table 2-3 Score as a Function of Rack

These views show how important it is to have good tiles. For instance, moves that use a
Blank average 70.6 points, which means that almost all are bingos. [T one side draws both
Blanks, then what chance has the other side of winning? Tournament players win only [
game out of 4 when the opponent draws both Blanks. Fortunately, the Blanks split evenly

it almost 30% of the games.

* One m:hnif:al detail 10 note is a bias regarding “average.” The scores in the “When Plaved”
m!qu are higher than you might expect because the scores in this table caount fm‘ each tile lcai—;\xecﬂ
which increases the weight of Jong words relative to short words. This is OK. vzuc, lon k'xs W ap'l(; t
compare a 40 point average in this table to a 40 point average elsewhere. T B medona
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2.2.7 Scoring as a Function of Vocabulary
The tables in this section show how scoring is distributed
as a function of the words used in the game. Some words
are more important than others, either because they play
more frequently, or for higher scores, or both.

Table 2-4 shows how scoring is distributed as a function of
the tile turnover (i.e., tiles played). The top row, showing
data for 7 tiles of turnover, tell us about bingos. While
bingos are 14.3% of all moves, they account for 20% of all
scoring. This confirms the importance of bingos.

Tiles Freg Score
7 14.3% 78.3
6 6.7% 329
3 18.3% 30.5
4 24.7% 28.5
3 21.5% 26.8
2 10.3% 232
1 2.6% 11.5

Table 2-4 Score by Tile

Turnover

The table shows that the average move turns over 4.2 tiles. This confirms that games
should end in a little less than 100 / 4.2 = 23.8 turns, where the “little less” is required
because at least one player must be stuck with at least one tile at the end of a game,

The observation that score increases with Length Freg Score | Per Game
tile turnover influenced pre-computer 2 5.2, 231 132
strategists to try to play more tiles per 3 16.9% 24.2 470
turn. This is a little like believing that 4 29,99, 272 7.6
playing basketball will make you taller, 5 23.0%, 20 4 778
and is further explored in Chapter 5. 6 12.9% 29.7 44.1

7 9.4% 59.4 64.2
Table 2-5 shows how plays vary by 8 9 .29, 754 79 R
length of word, along with scoring > Q 0.5% 64.5 3.7

characteristics. Note that words up to 5
letters constitute 68% of all words played,

Table 2-5 Score by Word Length

despite TWL98 having only 13,607 such words! This illustrates an important attribute of
the game: it is relatively easy to gain skill up to a point. If a player masters the short
words alone then he will play most moves correctly. Alas, the short words do not account
for most of the difference in skill between players. Genuine mastery only accrues to those
who multiply their efforts six-fold, to cover the full 80,367 words of length up to & letters
in TWL98. In addition to the larger number of words, it must be considered that
anagramming the eight-letter words is harder than anagramming the fives.

JQXZ words are imporiant. In fact, the |8 most useful
words are all JQXZ words.” An average game contains
4.5 JQXZ words. Table 2-6 shows how the top ten score.
Note that QAT accounts for almost 1% of all the words
played in a game, and these ten words account for 2.4%
of the words.

The column labeled “Score™ in Table 2-6 shows the
average score achieved by each word. Pairwise
comparisons of the average scores reveals insights into
rack evaluation. For example, note that mowves that play X
score more than moves that play J, Q, and Z. This reflects

Word Freq Score
QAT | 0.73% 24.2
QAID | 0.29% 27.2
X1 0.25% 383
EX 0.20% 40.3
0X 0.20% 40.7
JO 0.17% 29.1
AX 0.15% 40.9
SUQ 0.15% 29.9
QuA | 0.14% 26.9
XU 0.14% 36.2

Table 2-6 Top Ten JQXZ

® The only words in the top 44 that don’t contain JQXZ are OF, |F, EF, and FA.




the value of an X. The table shows 3 plays that use X: AX, EX, XL Oﬁ(, m;]d X[:,Q]Slng
each vowel is represented, we can leam something about the vafigg of each vc;vb 9. -
in: ‘ ‘ erage only 36.2 points, whereas AX averages 40.9. We
instance, moves XU plays average only 36.2 p , ‘ cs 40.9. 1

might infer that A is more valuable than U, and we would be right. Another 111t§restlmlg
comparison is QAT versus QATS. The presence of an S increases the average score from

24.2 10 33.0. Obviously, an § is a terrific tile.

Yet such comparisons do not tell the whole truth. For example the mo:a?t Va,l:,lable VDW‘.E[ is
actually E, whereas the table shows EX averaging 40.3 points against AX’s ‘40.9‘pomtlséi
EX averages less because EX implies that the player has no clmu.:e. For _example, it cqu

be that the E is the only vowel on the rack, or because the player is clearing a duplicate E.
This tends to lower the average scores for EX. To see the whole truth, you must do more

complicated analysis.

The foregoing tables show how | Utility Word Freqg Scoring
categories of wvocabulary affect | Decile Count Percenfage
scoring. Another dimension is | Most useful 11380 | 62.5% | 53.1%
utility. Some words occur more | 9ge 22760 | 75.6% | 68.3%
often than others do. Some words 80% 34139 | 83.5% | 78.2%
(bingos, in particular) score more T70% 45519 | 88.9% | 85.3%,
than others do. Table 2-7 shows 60% 56899 | 92 8% 90.5%
how scormg m distributed ‘within 50% 68279 1 95.7% | 94.294
the S(“)WPODS vocabulary’. In a 40%, 79659 | 97.6% | 96.8%
run of 13].100.0‘ games, there were 30% 91038 | 98.9% | 98 504
I’1397’98 chslmc‘lt words played. 20% 102418 | 99.5% | 99,504
qhe most useful 11,380 words | [ oodi et | 113798 | 1oner 100%
accounted for 53.1% of the

scoring. Table 2-7 Score by Word Frequency

This statistic confirms that the threshold of expertise is tantalizingly low, because
mastering 11,380 words is an achievable goal for any aspiring player. The rest of the
table shows how difficult genuine mastery is. Suppose that a player has true mastery (to
the extent that he never misses a move) of the most useful 56,899 words, but is unfarniliar
with the rest of the words. Then he would only find 92.8% of the best plays. It is unclear
what this would cost in score, because the table does not capture the quality of second-
best moves,

The most useful 10% of words are mostly short words and high-frequency bingos. This
should surprise no one,

You might be surprised at the identity of the least useful words. One’s first instinct is that
the least useful words are low-frequency bingos. Actually, they tend to be non-bingo
plurals of short words that contain high-frequency tiles. This makes sense, when you
think about it. Such words are rarely best plays, and when they are there is usua]l} a
secn;md—hest play that is almost as good. So one would lose little by not knowing such a
word.

TTWLOS is expected to show a similar distribution,
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2.2.8 Scoring as a Function of Position

Finally, here are two positional views of the
game. Figure 2-8 shows how often tiles cover
each square at the end of the game. MAVEN’s
first move is always horizontal through the
center square, which accounts for the square
being solid black, and also for the relatively
dark squares along the center row. You can see
how games tend to evolve along the major
diagonals, where the double-word squares
reside. You can also see how play “stretches”
o cover the premium squares. If your vision is
very sharp, you may detect that play tends to
evolve more down and fo the right.

Figure 2-8 Usage of Square.

Darker is More Frequent.

Figure 2-9 shows the average score of moves
covering each square. The diagramy makes clear
how the use of premium squares dominates
scoring. You can see the dark squares near the
triple word squares at the center of each side.
The corner triple word squares also have dark
squares, though not as dark as the center triples.
You can also make out a box near the double-
double region. Most of the rest of the board is
fairly light, including the double-word squares.
As a general rule, double word squares are not,
by themselves, significant contributors to big
SCOTES.

Figure 2-9 Score by Square.

Darker is Higher Scoring.

2.2.9 Summary

The preceding subsections give you a good overview of the game. You have seen:

1} How the score of a turn varies, in general.

2) How the variance of turns affects the competitive balance of the game.
3) How the score of moves depends on tiles.

4) How the words affect scoring.

5) How the premium squares influence turns.

Besides contributing to your understanding of Scrabble as an abstract space, the author
hopes that you are fmpressed by the exceptional balance of the game. Scrabble is a
masterpiece of game design, in which balanced, conflicting forces interact to create and
maintain competitive tension.



2.3 Human Scrabble Strategy

The human cognitive process that finds high-scoring plays Lciﬂffers from t“he mmpu&;&;
algorithms that generate all plays. For a human the process involves anagramming
rack and looking for hotspots.® Many techniques help experts to carry out this process.

2.3.1 Vocabulary )
Adult native speakers of English typically have vocabularies of about 23,‘000 wqrds.
Alas, that vocabulary will not get anywhere over a Scrabble boar‘d_ The obvious
shortcoming is that the vocabulary is too small. Top class qS_crabMe masters neeq t(:t
recognize all words up to eight letters, and there are 80,36}7 such words. Amothem
deficiency is that normal vocabulary does not include the weird, short wqrds that are
vitally imvpormm to skillful play, as described by the previous section. Therefore, the first
task of fledgling experts is to learn the words.

Humans generally learn high-frequency words first, The National Scrabble Association
(NSA) publishes the Cheat Sheet, a single sheet of paper that lists all of the 2-letter and 3-
letter words, plus the vowel dumps and short JQXZ words. Simply mastering the words
on the Cheat Sheet will turn a family player into a tournament player. However, of course
there are many more words to learn.

Generally, human experts that are inclined to work systematically will learn words in
categories. For example, they may learn the 7-letter words having the letters RETINA.
Lists of words from important categories are available from several sources.

However, learning words within categories has limitations. First, people have not created
lists that cover the low-frequency words, so this approach will only take you so far. In
addition, even some high-frequency words manage to slip into the cracks between
published categories.

Ultimately, if you want to learn the words then you must read the dictionary (or another
exhaustive source). This has the advantage that you learn definitions, which improves
retention. For high efficiency, most players use a highlighter pen to mark the words that
are uncommon, so they do not spend time refreshing familiar words,

Another key concept. introduced by Charlie Carroll and published by Nick Ballard [5], is
to learn the words in frequency order. In this strategy, a playver commits to learning, éav,
eﬂl of the seven letter words. He accomnplishes this by scanning the words in order ;')f‘
frequency of getting that word in a seven-tile draw from the bag. For example, the
relative frequency of AREINRT is 9 * I2¥11/2%9%6%6 %6 and the word FREESIA
has frequency 2 % 6 * 12 % | [/2 * 4*9* 9 which is only 2/9 as often as TRAINEE. (See
Appendix A for a table of the tile frequencies,)

There are two advantages to learning words in frequency order. First is that you learn the
most wsefil words first, rather than by category. Second is that you have Ja methodlof
cc‘mﬁciemly challenging unfamiliar words, For example, suppose that an opponent plays
MARINET against you, and you have memorized the words down to FR.EESIA

. .
" A hotspot is a place on the i € i i

spot is ¢ n the board where high-scoring moves are likely fi
. i gh-scor s are likely. Hotspots frequentlv
involve premium squares, N ¥ Hotspots ooy
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MARINET is unfamiliar, so you can challenge with 100% confidence. The reason is that
MARINET has frequency 2 ¥ @ * 6 * 9 % ¢ * 12 * 8, which is greater than FREESIA, so
if MARINET is unfamiliar then it must be phony.”

2.3.2 Anagramming

Recognizing legal words is only the beginning. You still need to find the plays, especially
the bingos. The process of rearranging letters to make words is called anagramming, and
it is the fundamental skill of expert players.

General anagramming skill consists of the ability to mentally rearrange racks in all
possible orders in one’s mind. However, no human can really go through all 5040
permutations of seven tiles, so every human makes some approximation to the ideal
behavior. Generally, the approximation has something to do with prefixes and suffixes.

Humans look for 3-letter prefixes or suffixes that they can make out of their tiles. They
physically move these 10 one end of their rack, and mentally anagram the remaining tiles.
Let us take the example of DFGIINN. A human would see the —ING suffix, and move
these tiles to the end of the rack, to form DFIN-ING. Then he would mentally shuffle the
remaining tiles, and the word FINDING is easy to see. An expert can carry out this
process in about a second.

Anagramming using prefixes and suffixes is more efficient than you might expect. The
top 267 prefixes and suffixes (see Table 2-10) are contained in 80% of all seven and eight
letter words. Therefore, if you can carry out the technique perfectly then you expect 1o
find at least 80% of the legal bingos.

However, brute-force anagramming is too slow for many purposes. Some racks scream
for a Q play, for instance. In that situation, it is helpful to be able to run down a list of
high-frequency Q words. Most humans have memorized such lists.

Additionally, humans have mnemonic tricks for recalling the anagrams of certain words.
One cute idea is to “fix-up” a case where prefix search does not work. For example,
consider the rack ADNOSTU. Prefix search turng up OUT + SAND, but OUTSAND is
phony. The trick is to memorize that OUT + SAND == ASTOUND. Thus, a failure in
prefix search is converted to a success.

? Should have played MINARET or RAIMENT!



Prefixes

Tile | Suffixes SUB BRA BAR BRO BRI BUR BED BLA BLO
B BLE BLU BAN BAC BOO BEA e —
"S CES NCE CAL | CON CAR CRA CO CAL CLA REC CRE
ICRIC TIC ICS CES NCE CAL | CON CAR CRA COR CRO CAL
¢ 2%2 KIe COL CLO CAN CAT INC CRI COA
b | ED DES OID IDS ARD NDS RDS | [ oo o o
IDE AND EAD -
F | FULIFY FOR FLA REF FE DEF FLO INF
; NG NGS GES AGE GRA GRI GRO REG GAL ‘
U NG NGS GESAG CHA CHI CHE CHO SHA SHE SHI SHO HAL
H ISH HES HAMN HAR HEA
K | IKE CKS OCK ACK .. SKJ
Lo | LTS ALS BES JAL ILS LAS NAL | g\1 SOLREL LEA LIN LAN
LLS OLE OLS TAL LET ILE ‘ | ,
MEN MAN ISM UMS 1UM MES | MIS MAN MON MIN COM MAR MOR IMF
M1 SMS MIC ORM MIL REM
N | ONS INS NES INETION ENS ANS | oo oo
ONE NASIAN ANT - |
— PRE PRO PAR PLA PER REP PRI POL PIN
P ups PAN PEN EPI PAL PLU CAP
) QUI QUA SOU
ER ERS RES ORS ARS TOR RTS | RES TRI STR TRA RET REA TRO SER TRE
R | RAS LAR RAL AIR TER
;| IESISE ESS SESTAS EES OSE OES | SEA 1SO CAS SCA SCO SCR SPA SPE Spi
5 lgs SPO POS
EST ATE TES ETS IST STS ITE | . . . T
STA STE & ] " N ol
T | ENTNTS ITS OT% ate STA STE STI STO ANT ENT INT TEN
v | ous ure uTs URs UEs SO&JJ UNS UNC CUR CRU COU TUR TRU
V| IVE VES OVE REV VER }
W | WAY OWS WHI WIN WAR SWA SWI WO
X TXES
ILY ITY ERY LLY AYS DLY ELY

EYS ARY BLY TLY

IZE ZES

Table 2-10 Prefixes and Suffixes

A popular trick is to memorize the letters that go along with a “stem” word to make a

bingo.
CDEFGHIKLMNPRSTUW. |
can avoid looking for b

For example, the six-letter

stem  RETINA makes a bingo  with

f you remember this, then if you have RETINA + B you
Ingos entirely, and if an opponent tries to slip BANTIER past you

then you can challenge with 100% confidence.

While you
letters that go along with each
stem by rote, there is 3 more
efficient way. You can remember

the

RETINA by recalling the phrase
THE
MUCH WINKING.
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can  memorize the

letters  that with

bingo

RED  PUPIL PREFERS

TORIES
LADIES
INMATE

This phrase is called

Anamonic
BUNCH OF OLD GRUMPS

' LOVELY BRIDES MUST NOT HOP
RELAXING BY HIS CELL DOOR

| CAP, SCARF, AND BELT

e —

Table 2-11 Anamonics

an anamonic, since it is a mnemonic for



anagrams. It is easy for a native English speaker to remember this phrase, because of the
association between RETINA and PUPIL, which are both parts of the eye. Table 2-11
shows a few more anamonics.

Human experts have devised anamonics for at least the 200 most frequent six-letter
stems, and the 3500 most frequent seven-lefter stems, covering over 10,000 letter
combinations including those of highest frequency [72]. Players who master anamonics
seldom miss high-frequency bingos. What 1s more they play quickly because they do not
spend time looking for bingos that are not there.

An important technique is to make up a list of all words not covered by any tricks. These
are the difficult anagrams, which include such beauties as AEEIINRT, which is one of
the most important bingos of all (INERTIAE, which is known 1o have come up twice in a
single game). These must be practiced relentlessly.

Of course, humans do practice constantly. Humans make up flashcards listing ten
anagram questions on one side of the card, and the answers on the other. With practice,
they can go through the whole card in less than 30 seconds. If they happen to get a
question wrong, then they stick that card into the middle of the deck. Otherwise, they
stick that card at the end of the deck.

Because 2/3 of all bingos in human games use a blank, it is Important (o practice
anagramming with blanks. Of particular interest are racks in which the blank can be used
for only a single letter. For example, the rack PAEIORT is a so-called unistem, because
the only word that matches is EROTICA. Unisters are particularly important to practice,
because there is likely to be only one legal bingo, so you stand to lose a lot by missing it.

Some humans use computer programs for practice. Ilashcard programs [6] can emulate a
deck of cards, and provide extra functionality, like showing related words and other
mnemonic tricks. It can also track a user’s training record, and bias training towards
words that are likely to be missed.

The principles that work for finding bingos also apply to other categories of words.

You are probably impressed by the mgenuity that humans apply to this difficult task.
Indeed, humans perform better than you might expect. However, keep in mind that
humans need these tricks because unaided human cognitive capabilities are hopelessly
inadequate for the task. Even with these tricks, humans still miss plenty of moves.

2.3.3 Hotspots

A hotspot is a place on the board where productive scores are possible. Of course, some
hotspots require specific tiles to create the high score, in which case we speak of a
“hotspot for an F.” for instance.

Hotspots are important to human move generation, since it helps focus the search in two
ways. First, humans save time by only considering spots where productive scores are
possible. Second, the hoispot often provides clues as to where specific tiles should go.

For instance, the Q should go on the Triple Letter Square, or only an M can play adjacent
to the Y from the board.



A bingo line is a spot where a bingo can land. A bingo line n_eeds seven empty squares
and a minimum of contact with the board. The quality of a bingo line depends on how

many words play there.

A triple-word line is a hotspot that allows a move to cover a triple word square. Tripling
the value of the tiles played will usuaily yield an above-average score.

A hook is a single-tile extension to a word on the board, which is used in conjunction
with a move going in the other direction. The most common hook tile is an S, used to
pluralize a word, and any tile (even (3 and Z) can be a hook tile if the right word is on the
board.

An overlap is a move that scores points using crosswords.

Some hotspots are hot simply by virtue of the quantity of premium squares located there.
For example, we speak of a double-double spot for a hotspot that contains two double

word squares. Similarly, there are DLS-DWS spots, where a double letter square and a
double word square reside.

An extension is a move that adds several tiles to a word already on the board, usually to
hit a word multiplier.

Table 2-12 and Position 2-3 illustrate types of hotspots.

Twpe Examples

S8 LB Through JOVIALLY.
[3A triple-triple.

7LB 7LB overlap JOINT
or VIXEN on row 7,
9,0r 11, or column 1.

TWS I5A or HIQ

Hook JOINTS or VIXENS

Overlap Row 11, using 11E.
Column C, using C13.
Bonus ES double-double

14B DWS-TLS

13C DWS-DLS
Extension | 8A CONJOINT .‘

L 8A DISIOINT

Position 2-2 Hotspots Hlustrated Table 2-12 Hotspots

2.3.4 Evaluation

Of course, a human will find more than one move. How does he decide which is better?
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Obviously, the score is the most important factor. Usually the question will be whether
thedifference in score is compensated by gqualitative advantages of the lower-scoring
move.

2.3.4.1 Heuristic Judgment
Normally the judgment is purely heuristic. The human isolates the difference between the
plays, and only evaluates the tradeoff. For example, one word might play an E, whereas
the other plays an A. Such a difference might be worth, say, 4 points to the move that
plays the A (and keeps the E).

In the case of rack evaluations, a human will probably make conscious tradeoffs of points
versus tiles. However, sometimes the judgment is hard to render into units of points. For
example, consider a player trying to protect his lead. He might have a high scoring play
and a low scoring play blocking a hotspot that the opponent might use to come from
behind. Which is better? It is hard to give rules of thumb.

2.3.4.2 Search

Search resolves some situations. The obvious case is when the bag is empty, since we can
deduce the opponent’s rack and compute the best tactics. When the bag is not empty, it
may be possible to foresee specific outcomes. An offensive instance is called a serup. Ina
setup, you foresee that the tiles you keep play productively afier your move. A defensive
instance is called a block. You foresee that a spot on the board benefits the opponent, and
play to interfere with it.

Humans can search spaces that : V JKLMNO
computers cannot easily search. For
example, humans might evaluate a
tradeoff by breaking the set of positions
into two cases: those in which the
opponent holds an S, and those where
he does not. Then the player evaluates
the risks and rewards in both cases.
This is a search of a conceptual space.
Consider the Position 2-3, which first
appeared in Medlevs [7]. Which move
has a higher point differential:
OBSCURED (A2, 86), or the volatile
ROSEBUD (0O8,98), which hangs a
double-crossed triple word square?

One expert’s conceptual search of this )

position consisted of the following Moving: S
comment to Medleys: ROSEBUD is Opponent’s last: OW (N9, 32) 154
“horrible.  Very few extra points
enables a homicidal reply. What if Opp
has ZITS, QATS, JOTS, or bingo?”
Ah, the frequently useful zits, qats, jots and bingo search space. This example shows that
the mere fact that humans are capable of conceptual search does not imply that they can
actually carry it out. Someone should tell this plaver that the Q and Z are already on the

Position 2-13 Conceptual Search
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board, and if the opponent held a J he would have plaved JOWL(H1, 42) instead of OW
(N9, 32).

This example of bad human reasoning emphasizes that ’Ehemm is a difference berfween
conceptual search and parancia. Every position allows dgyastanon if the opponent holds
perfect tiles. For example, a search of the ‘“‘AGJI,NNU” ‘S‘pac:ff‘ results in a strong
preference for OBSCURED, since it blocks opponent’s JAUNCING (A1, 221).

Randy Hersom’s conceptual search resulted in the following cmmmgnt: “]‘"‘h.e d-ifferenw:e
between leaving a double-crossed 8 and a direct triple, possibly a trlple~mple., is not 12
points.” Hersom is breaking the position down into a choice between lefwmg the A-
column open (where a triple-triple could possibly land) and leaving the big hook after
ROSEBUD. He concludes that ROSEBUD will have a higher differential.

The evaluation of ROSEBUD depends on which side gets the first S, and how many
points they will score by using the TWS at 15-O. It is actually possible to calculate a
reasonable value for the cost of ROSEBUD’s big hotspot. The basic formula is

Value = Extra Points Scored * (Chance you get it — Chance opponent gets it)

To calculate the components of this relation is fairly involved, and perhaps bevond the
scope of this thesis. Table 2-14 shows, without justification, the steps in the calculation.

Name | Meaning Formulas Value

K Number of Key tiles (S, here) 3

u Number of Unseen 49

S Score in spot 5 tile play, ending in S at 15- | 72
O

M Average score in position 40

R Rack value of key tile 8

X Extra points scored in spot S-M-R 24

A Probability of drawing S K/(U-3) 0.0652

P Probability opponent has S now. THEA*(1-3*A+5*A*| 03769
A)

E Opponent’s chance of getting S [ P/(2-P) 0.2322

first.
A% Value of opening X*E 5.57
‘ points

Table 2-14 Example of a “Key Tile” Conceptual Search

In Engliajl;‘l: ROSI’?iBUD’s point differential loses 5.57 points because of the hook it
creates. Since ROSEBUD outscores OBSCURED by 12 points, ROSERBUD has higher
average point differential. Simulations confirm that ROSEBUD 7-poi

advantage over OBSCURED o e about a 7-point

V‘t.".hxle perhaps ne human could carry out the calculation above during a game, some
pld‘a)‘nm's have an uncanny ability to evaluate hotspots because they have sBﬂVed’ nany
stmilar problems in the past. Charlie Carroll is one such plaver. He z;@praised RO?.EL!I];?}]I?;
accurately and wrote, “Mosgt people focus on the immediate effects of a hugé {;pmﬁﬂg
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forgeiting that they might be the one to cash the opening. Another point people miss is
that the openness of the rest of the board has a large effect on the wisdom of this type of
play.”

2.3.4.3 Trickery

Sometimes humans can resort to desperation plays akin to throwing a Hail Mary
touchdown pass. Usually a search has indicated that against good play by the opponent
there is no way to win, but one alternative allows a comeback if the opponent misplays.

For example, if you trail by less than a bingo going into the endgame, you can try to fish
a bingo out of the bag. For example, you might play one tile, keeping RETINA. Against a
savvy opponent who knows what you are up to, this might be a futile gesture. On the
bright side, the opponent may be unable to respond to all possible places where you
might play a bingo.

2.3.5 Human Expertise: Putting it all Together

Human experts always have a focused move generation strategy, usually consisting of
mentally scanning a list for words that play key tiles. They supplement that with shuffling
the tiles for prefix and suffix searching.

Human move generation focuses the search effort by seeking moves that exploit hotspots.
Once they find a good move, they can focus their search by trying fo improve upon that
move, For instance, given a 30-point move, they might restrict their attention to spots that
could potentially yield more than that.

While generating plays, they weigh the pros and cons of moves, with a heavy emphasis
on scoring points, and secondary emphasis on keeping good tiles. If two moves affect the
board differently then they may try to factor that impact into the comparison as well.
Usually the judgment is heuristic, but search may be invelved in specific cases.

Afier a human searches for a while he may switch attention to asking whether a different
move could surpass the one he has found. In this mode of thought, the player tries to
prove that no other spot could yield more than he has found already.



2.3.6 Example ok Lun
We will illustrate the process using ] ‘ ‘

Position 2-3. In this position, the plz.aym
is Adam Logan, North American
Champion in 1996. He holds several
awloward tiles, Nevertheless,
experience teaches that it is always
waorth checking for a bingo. Using the
prefix and suffix table, we try lhre
possibilities shown in Table 2-15.
There are (probably} no bingos.

Mext, we consider dumping a few bad
tiles. We have a duplicate U (very bad)
and a V (bad). Our duplicate E and G
are poor. The L is s0-s0. We would like
to keep an E, which is a good tile. See

B

any plays that dump the EUV? Yes, 66
UVEA from BS is an automatic find for
human experts because UVEA is a “3- Mavew's last: GOWD {11C, 18) 88
vowelled-4,” wlm’xi‘g:l1 all Sxperts would Position 2-3 Human Move Selection
know by heart. (They might not know
what it means, though!)

- r Particle | Spot , Anagram f Find‘ﬂ
UVEA scores 15, and k‘e;eps EGLU. 'l“_‘hls | _AGE B3 | ELUUV-AGE No |
is not great, so we look for more. Having JLE G3 | EGUUV-ILE | No
studied the “4-to-make-5" list, we know JIVE G3 | EGLUU-IVE | No

::nmﬂ UVEA ta‘kes” a bagk L hogk? s0 Try -ULE, | Any YEGUV-ULE No
UVEAL from BS5 is possible, scoring 16
and keeping EGU. UVEAL seems Table 2-15 Prefix and Suffix Search
slightly superior to UVEA, because it

Scores an extra point, and playing the L should garner a 1.5-point improvement in rack.
Why 1.5 points? You will find out in Chapter 5!

Against UVEAL is the two-vowel, two-consonant rack of EGLU wersus the two-vowel,
one-consonant rack of EGU, where the 2.2 balance is obviously better. Vowel-consonant
balance of 2-2 is valued at 0.5, and a 2-1 balance is —0.5, so UVEAL takes a I-point hit.
Figure UVEAL 1o be 16 — L5 (for score) + 1.5 (for eliminating the L) — 1 (for worse
vowel/consonant balance) = 1.5 points better than UVEA.

The “3-vowelled-5" |ist produces UVULA, which plays from B4. We should pluralize it
to make UVULAE, which Scores an extra point and eliminates the duplicated E.
UVULAE scores 11, keeping EG. Normally I would rate UVULAE as slightly better than
UVEAL, because ridding the rack of the other U is worth 4.5 points, and refaining a -}
count of vowels and consonants is worth 1 point over UVEAL’s EGU. That makes a 5.5
point edge whereas UVULAE scores 4 points less. However, UVULAE has a posn’tmna;l
downside: it opens the Al triple-word square by allowing a big overlap on the A4
dmxh]e»lmter Square. An opponent need only hold an N to get a decent score (e.g F]LAN
(A1) scores 27y, and an M would vield a great score (FLAM (A1) scores 43y, am;:i do not
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even contemplate what happens when the opponent holds X. (OK, put away that
calculator. FLAX scores 83. XU is a currency unit of Vietnam.) The opening to Al is not
the only defensive liability. The opponent could now be sitting with an unplayable Q, and
jumping for joy because he can dump his Q from 4A, scoring over 46 points because he
hits the double word square at 4D. With UVULAE projected to hold only a 1.5-point
edge over UVEAL, it seems that the defensive liabilities are too large. The triple-word
square exposure is over 3 points by itself. (Simulation (chapter 10} shows that the actual
defensive liability is about 5 points.)

The question remains whether anything can beat UVEAL. In this position, probably
nothing does. The V does not make any two-letter words, so hotspots that involve
overlaps are not feasible. The G only overlaps an A (for AG) or O (for GO), and these
opportunities do not exist on the board (e.g., GLEE 7F is only 14 points, and keeps the
hideous tiles UUV). UVEAL gets 3 times the V, and it seems impossible to get 4 times
the V. Because the penalty from keeping a duplicate U is so heavy {about 12 points), we
are forced to play at least one U this turn. [t is hard to imagine any better rack leave than
EGU, EGLU, or EG. There is no way to play these same tiles at another spot on the
board. So UVEAL is the best play.

In the game, Logan chose UVEA, probably judging that vowel/consonant balance is more
significant than stated above. Simulations give UVEAL an edge of about a tenth of a
point over UVEA, so we can regard these two as equal. UVULAL is 3.7 points back. The
human process works well here.

2.4 Comparison of Computer and Human Expertise

Human masters are excellent players—far better than you might expect after considering
human cognitive limitations. Appendix B gives annotated games that show how accurate
they can be.

Despite the ingenuity of human masters, human Scrabble strategy should have a tough
time against expert computer programs. The difficulty is that human move generation
skills are deficient. If a human misses bingos in even 20% of his games, that will add up
against computers that never miss. Add in the inevitable errors on non-bingos, and the
best humans would face a deficit of 15 to 20 points per game,

It is questionable whether humans have any ftricks in their arsenal to counterbalance that
disadvantage. The end-of-game fishing trick has potential to swing about 5% of games,
and humans can count on endgame errors for additional compensation. Nevertheless, it is
doubtful that total amounts to 20 points per game.

2.4.1 Validation against Wapnick's Book

When MAVEN"s drive to achieve world dominance started, the author obtained a copy of
the book The Champion’s Guide to Winning ar Scrabble, by Joel Wapnick. This book,
sadly out of print,'” is to this day the deepest exposition of the game. Joel Wapnick won
the North American Championship in 1983 and was runner-up in 1992, and won the

i . . . e - , ] . _ . )
Actually, there is an electronic second edition [26], in which Wapnick reexamines the theories of

the first edition in light of computer data. Maven simulations play a large role in the revisions, and
this author is grateful that Joel was able to benefit from this research.
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World Championship in 1999 and was runner-up in 1993 and 2001, so he is amply
qualified to enlighten aspiring experts.

MavVEN went through all of the examples in the book. MAVEN mmp&md“m‘he. Move
recommended by Wapnick, or the move made in a game by an actual player, with a:'ts owlj
move. There were over 50 sample positions and 8 fully annotated games, m‘vermg all
phases of the game, with an emphasis on the fine points. The author concluded that

1y computer play should be superior through the early game, contingent solely upon the
program’s ability to evaluate rack leaves, and

2} human weakness in move generation continues through the pre-endgame and
endgame, but there are significant difficulties in evaluation for this phase, so naive
computer programs are al best break-even against top masters.

For a typical example of human weakness, consider the opening rack of EHJQPSS_.One
player played JOSHES (8D). which scored 48 points. Unfortunately, he missed
JOSEPHS, a 104-point bingo. JOSEPHS rarely occurs, but when it does, it is well worth
finding. This example is typical; the word is infrequent and the player probably never
studies that far down in the frequency list. Humans do not even notice such errors unless
a computer checks the moves.

I J KL MN Q
ES ‘DL

For a typical example of human ABCDETFGH
strength, consider Position 2-4, which
occurred first in Letters for Expert
Game Players, a newsletter published
in the 1980°s. Wapnick reprinted it in
his book, and it is so remarkable that
the author feels compelled to publish
it once more [8]. Please note that this
position occurred before 1993, when
QAT was introduced to the lexicon, so
QAT (D3) is not possible.

.
S WO~ DO W =

=k

1
Best is the peculiar play LEK (4K, 14,
EEIOR). Why is LEK better than the
obvious move OKE (8A, 23, E “IR)?
Many factors contribute equity. First,
the vowel/consonant balance of OKE .
seems better, until you look at the Mover. E, E, v
unseen tiles and discover that there are Opponent's last: CAY (7H, 1 7)
Just two vowels left among 15 tiles. Unseen: ACEFGHJLMQRRSTT

LEK’s 4-1 leave is actually better than

OKE’s 3-1 leave. Another difference Position 2-4 Polatnick’s Brilliant PEG-8

is that OKE creates a new line for the

opponent (o play a bingo. Since OKE takes an 8 I-point lead, it is likely that you will win
even it the opponent does bingo, but why court trouble? Besides the gem:raj admonition
against mmtmg trouble, in this position there is a specific danger: there is a Q in the bag
and there is no U available. Therefore, if you draw the Q after playing OKE and rhfé
opponent plays a bingo then you will lose. Thus, we see another ad':ran?age df” L‘I‘EK; it
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plays only two tiles, which reduces the chance of drawing the Q. It appears to reduce the
chance from 3/15 to 2/15, but the actual reduction is greater. We know that the opponent
did not keep the Q last turn, because he would have exchanged the Q rather than play
CAY. Since the 5 tiles the opponent kept were not Q, the true reduction is from 3/10 to
2/10.

MAVEN actually contains these heuristics in some form, so MaveN ranks LEK close to
OKE. LEK has additional things going for it, which are hard to see.

1) Because of the surplus of consonants in the bag, it is valuable to interfere with
useable vowels on the board. LEK interferes with a cluster of vowels, whereas OKE
opens another vowel.

2y JURA (L.1) plays for 44, so we take away a play that could help the opponent to win.
OKE blocks JAR (BA), but that scores only 32. The extra 12 points make a
difference when we are stuck with the Q.

3} Here is the kicker: LEK sets up QUEER (L1, 29) if we draw the Q, which eliminates
the stuck-with Q scenario. Therefore, the game is impossible to lose, unless the
opponent somehow blocks (or plays) QUEER, and then bingos. That scenario is
unlikely, because there are few tiles in the bag.

How would you write computer programs to see these things? It is hard to generate such
insighis, and hard to evaluate them. When this problem was presented to a panel of 24
experts [9], only one (Steven Polatnick) found the best move. Scrabble choice-of-move
decisions can be difficult indeed. Despite the difficulty, human masters regularly have
such insights in the pre-endgame. This document gives other examples elsewhere.

2.4.2 Variance

Another possibility is that humans can manipulate variance to their advantage, with the
idea that they can lose games by large margins, provided that they win more games by
close margins. Examination of the table of average scores should convince you that
variance is hard to manipulate in the early game. Positions show relatively uniform
variance through the first half of the game, whereupon the variance decreases towards the
end. This is a natural consequence of the size of the board; as the tile configuration
expands, new hotspots arise for every hotspot consumed, bui eveniually that dynamic
peters out. During the expanding phase of the game, a player can do little to affect
variance.

Moreover, because winning chances in a long game are approximated by a cumulative
normal distribution function (a consequence of the Central Limit Theorem [10]), the
winning chance is determined by the lead and variance using a function of the form Lead
/ NVariance. Accordingly, the variance has a second-order impact on winning chances.
The average score has to fall by a lot before changes in the variance are large enough to
outweigh changes in score.

The author’s conclusion is that manipulating the variance is generally a useful tactic only
towards the end of the game. At the end of the game, the Central Limit Theorem no
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longer applies, and the Variance of the next turn is more significant relative 1o future

furns.

2.4.3 Generalities

The general shape of a computer-human game, then, is that the program will haye the
edge until near the end of the game, whereupon it is up to the human to snatch victory
from the jaws of defeat. Scoring dominates the early part of the game, so computers
should be adept at it. This assumes, of course, that computer programs can do a
reasonable job of evaluating which tiles to keep. Computers will misevaluate moves by a
few points, but these will be infrequent and of little consequence. More frequent and
more significant will be human move generation errors.

The late stages of the game, however, are up for grabs. As the bag empties, the human
ability to calculate specific variations becomes more valuable. Therefore, it is
increasingly likely that humans will select moves that have higher point differentials.

In addition, as the game shortens, the ability of a human expert to manipulate the
variance of the game becomes significant. In the early game, this is not important because
the normal approximation of the Central Limit Theorem is a good approximation to
winning chances. However, if the number of moves remaining is so small that the normal
approximation is not valid, then variance can be a significant factor.

2.5 Plan of Attack
These insights into the space and into computer and human play suggest the following
plan of attack.

1) Make a program that generates all legal moves.

2)  Add the ability to evaluate racks.

3) Improve the play of the program in the endgame.

4) Improve the play of the program in the pre-endgame.

If the analysis of this chapter is correct, then stage 2 should be approximately at the level
of the best human players. Therefore, stages 3 and 4 should put the program in the
superhuman category. '

The remainder of this thesis will show that this plan basically succeeded. However, at the
et it 30 v OV ety : fFae Fie y .
start of the project it was far from clear that success was assured, even though the author
was overflowing with confidence.



Chapter 3 — Brief History of MAVEN

The history of computer Scrabble is poorly documented, which the author recognizes as
partly his fault. The goal of this chapter is to make amends. The chapter covers factors
that influenced MAVEN’s development, in historical order.

The theme of this chapter is that human and computer expertise coevolved. MAVEN'S
early development established a statistical basis for positional play in Scrabble, which
trumped a logical, but unsound, human theory. There followed an “arms race” between
MavEeN and human masters, in which MAVEN's tactics were refined to match the best of
human practice, while humans adopted many of MAVEN's methods.

3.1 The Early Literature

Around 1980 the question arose as to whether computer programs were able to play
competitive Scrabble. In 1982, the first attempts were published [13,14].

These early programs were weak. They were constrained by small memory sizes, as they
ran on the microcomputers of the day. Because these computers were slow as well, they
limited themselves to selective search of hotspots. Truly, it is remarkable that they were
able to average even 20 points per move.

3.2 My First Experience

The author read the early literature in the summer of 1983. Surpassing the published
results seemed feasible. 1 had heard that human experts averaged 30 points per move, so
there was a lot of room on the upside. Moreover, the limited vocabulary and selective
search of the early programs seemed like obvious targets for improvement.

My first program was writtert in PL/1 on an IBM mainframe in the summer of 1983. The
program generated all legal moves using a fixed word list, which contained about 25,000
words out of the Official Scrabble Player’s Dictionary (OSPD) [15]. I typed in all the
short words and all JQXZ words, as my instinct was that these were the most important
words. The contents of a spell-checking dictionary supplemented this list, which gave the
program an occasional bingo.

This was sufficient to significantly surpass the programs described in the early literature.
The program averaged about 23 points per move. [t also yielded a glimpse of the future,
as it averaged over 30 points per move in one game. It seemed that the advantage over the
earliest programs was attributable to better move generation (both larger vocabuiary and
exhaustive generation rather than selective), since there was no improvement on the
strategic side.

The program’s rack was often clogged with multiple I's and U’s. Of course, this is
symptomatic of a program that always chooses the highest scoring move: the tiles that
tend to occur in high-scoring moves are played off, leaving tiles that are less playable.
Several turns of this dynamic can result in an accumulation of such drek,”’ especially if
there are few words that play multiple instances of bad tiles.

' A colortul term used by players to describe bad racks.
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The author wondered what would happen if the program had a bias towards keepmg 8
and blank and playing away duplicates. To avoicﬂ interfering thﬁ the stmleg%/ ﬂf;l cléuosmﬁ
the highest scoring move, this bias became a Meb';eaker m’appl'y when mg\«es a heq‘;{r
score. To my delight, the program scored almost 25 points _per furn with this
modification. It seemed that rack management was another opportunity.

3.3 First Commercial Software

The middle 1980°s saw the release of early commercial efforts. Alas, nothing fmr‘n the
author! A clever entrepreneur obtained worldwide rights to Scrabble computer software
from the copyright holders, who basically gave away the farm for a period of 15 years.

The commercial software (published by Virgin Games) was a financial success, but a
catastrophe for Al, in the author’s opinion. The programmers were not at fault, because
the positioning of the products required that they operate on computers that had
extremely limited amounts of RAM. Accordingly, these programs had deficient
vocabularies and ran slowly.

Experts were familiar with a handheld game machine named MONTE PLAYS SCRABBLE.
MONTE was introduced with great fanfare, including a demonstration match against a
human expert. I recall that the human, who was expert but not of championship caliber,
won 50 games without a loss. The experience convinced human experts that computer
programs could not compete.

Of course, poor vocabulary doomed the early programs from the start. Human experts
also criticized their strategy, but this criticism is misplaced. If a program scores only 20
points per move then strategy is simply not an issue. No strategy will overcome a
deficient vocabulary.

However, human experts took the strategic weakness of these early programs as evidence
that Scrabble was too hard fo