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Abstract

There are two basic approaches to generalize the propa-
gation mechanism of the two-player Minimax search al-
gorithm to multi-player (3 or more) games: thdaxN
algorithm and théParanoidalgorithm. The main short-
coming of these approaches is that their strategy is fixed.
In this paper we suggest a new approach (called MP-
Mix) that dynamically changes the propagation strategy
based on the players’ relative strengths between MaxN,
Paranoid and a newly presenteffensivestrategy. In
addition, we introduce th@©pponent Impacfactor for
multi-player games, which measures the players’ ability
to impact their opponents’ score, and show its relation
to the relative performance of our new MP-Mix strategy.
Experimental results show that MP-Mix outperforms all
other approaches under most circumstances.

Introduction and Background

own heuristic value (in the heuristic vector), while disregard-
ing the values of other players. That is, when it is player
turn the best,; value of all children is propagated. Minimax
can be seen as a specific instance of MaxN, where2.

A different approach is th@aranoidalgorithm where the
root player assumes that the opponent players will work in a
coalition against it and will try to minimize its heuristic value.
The strategy is that when it is play&s turn, it will select the
action with the lowest score for the root player (and not the
action with the highest score for playeas in MaxN). In two
player zero sum games these two approaches converge, be-
cause what'’s best for one player is worst for the other. The
Paranoid strategy allows the root player to reduce the game to
a two-player game: the root player (me) against a meta player
which will include all the other players (them). The reduction
gives Paranoid a technical advantage over MaxN since it can
apply thedeep pruning(i.e., full alpha-beta punning) tech-
nique. Korf[1991 found that the most significant part of the
alpha-beta pruning procedure for two player games (called
deep pruning) cannot be generalized to MaxN with 3 or more

From the early days of Artificial Intelligence research, gameplayers. Thus, Paranoid may visit a smaller number of nodes
playing has been one of the prominent directions of researchgr a given depth of the search.

since outplaying a human player has been viewed as a prime As seen in[Sturtevant, 200Rthere is no definite answer
example of an intelligent behavior. of which strategy is better, as the answer is probably domain
The main building block of game playing engines is thedependent. Nevertheless, both algorithmdiaeal in the way
adversarial search algorithm, which defines a search strategliey propagate values throughout the game. However, neither
for the next action selection. When a player needs to sele@f these assumptions is reasonable for the entire duration of
an action, he spans a search tree where nodes correspondifie game. There are situations where it is more appropriate
states of the game, edges correspond to moves and the rootteffollow the MaxN strategy, while on other occasions the
the tree corresponds to the current location. We refer to thearanoid strategy might seem to be the appropriate one.
player whose turn it is to move as theot player In this paper we focus on multi-player games where there is
In two-player, zero-sum sequential turn taking games, vala single winner and no reward is given to the losers (they are
ues from the leaves are propagated according to the minimaadl equal losers regardless of their relative position). We call
principle. Thatis, in levels of the root player, it takes the max-thesesingle-winnergames. Assume that all players play ac-
imum among the children while in levels of the opponent, itcording to the MaxN strategy and consider a situation where
takes the minimum among the children. A multi-player gameone player becomes stronger than the others and advances to-
with n > 2 players, where the players take turns in a roundwards a winning state. The understanding that there is no
robin fashion, is more complicated. The assumption is thatlifference whether a losing player ends up second or last (as

for each node the evaluation function returns a veéfoof
n values whereq; estimates the merit of playér In multi-
player games, two search strategies were suggested to prapthe actions temporarily worsen its own situation. This form
agate values fronfl: MaxN [Luckhart and Irani, 1996and
Paranoid Sturtevant and Korf, 2040

only the winner is rewarded) should trigger a losing player to
take explicit actions to prevent the leader from winning, even

of reasoning should lead to a dynamic change in the search
strategy to our newly suggesteffensivestrategy, in which

The straightforward generalization of the two-player min-a non leading player selects the actions that worsen the sit-

imax algorithm to the multi-player case is the MaxN algo- uation of the leading player. At the same time, the leading
rithm. It assumes that each player will try to maximize its player also understands the situation and might switch to a



more defensivestrategy and use the Paranoid strategy, as it > 4 and4 > 3). Now, the root player will select nodeas
underlying assumption does reflect the real game situation. it contains the lowest value for play&t (as0 < 2).

We therefore introduce thlaxN-Paranoid mixturdMP-
Mix) algorithm which is a multi-player adversarial search al-3  The MP-Mixed Algorithm
gorithm that switches search strategies dynamically accordrpe pMp-Mix algorithm is a high-level decision mechanism.
ing to the game situation. The MP-Mix algorithm examineS\yhen it is the player’s turn to move, it examines the situation
the current situation and decides, whether the player shoulg,q decides which propagation strategy to activate: MaxN,

propagate values from the leaves of the game tree to the rogitfensive or Paranoid. The chosen strategy is activated and
according to the MaxN, Paranoid, or the newly presented Dipe player takes its selected move.

rected Offensive strategy. i :
To evaluate the algorithm we implemented MP-Mix in two _Algorithm 1 : MP-Mix(7y, T¢)
single-winner multi-player games: ti#eartscard game, and foreachi € Players do

theRiskstrategy board game. We conducted extensive exper- | H[i] = evaluate(i)
iments and the results show that the MP-Mix’s winning rate end
is higher in most settings. In addition, we introduce G- sort(H); /l decreasing order sorting

ponent Impacftactor (Ol) which is a game specific property  leadingEdge = H[1] — H[2];
describing the scope of impact a single player has on the per- Jeader = identity of player with highest score;
formance and score of other players. We measure the Ol val- if (leader = root player)then

ues experimentally and discuss its influence and relation on if (leadingEdge > Ty) then
the performance of MP-Mix. | Paranoid(...);

end
2 The Directed Offensive Search Strategy else
Before discussing the MP-Mix algorithm we first introduce if (leadingEdge > T,) then
a new propagation strategy called the Directed Offensive | Offensive(...);
strategy (denotedffensiv@ which complements the Paranoid end

strategy in an offensive manner. In this new strategy the root end

player first chooses rget opponent it wishes to attack. It  MazN(...);
then explicitly selects the path which results in the lowest
evaluation score for the target opponent. Therefore, while The pseudo code for MP-Mix is presented in algorithm
traversing the search tree the root player assumes that the op- It receives two numbers as inpdfy and7;,, which de-
ponents are trying to maximize their own utility (just as they note defensive and offensive thresholds. First, it evaluates the
do in the MaxN algorithm), but on its own tree levels it se- Score value of each playeti(i]) via theevaluate() function.

lects the lowest value for the target opponent. Our oéw Next, it computes thécading Edge, which is the score dif-
fensivestrategy actually uses the Paranoid assumption but iference between the two highest valued players and identifies
an offensive manner and complementsdeéensivd®aranoid  the leading player (leader). If the root player is the leader
strategy suggested lgturtevant, 200R In fact, a defensive andleadingEdge > Tg, it will activate the Paranoid strategy
Paranoid behavior is reasonable only if there are indeed redl-e., assuming that others will want to hurt it). If someone
sons to believe that others will try to attack the root player.€lse is leading antbading Edge > Ty, it will choose to play
Another attempt to complement the Paranoid behavior wahe offensive strategy and attack the leader. Otherwise, the
done in[Lorenz and Tscheuschner, 20@6ith the coalition- ~MaxN search strategy will be selected.

mixer (comixe) player that examines coalitions. When computing thdeadingEdge, the algorithm only
considers the heuristic difference between the leader and the

second player (and not the differences between all oppo-
nents). This difference provides the most important informa-
tion about the game’s dynamics - a point where one leading

(6,4,0)

(d)

a b player is too strong. To justify this, consider a situation where
(a) (b) (c) . . .
3.2 (352 the leading edge between the first two players is rather small,
,3, 19, (6,4,0), .
% but they both lead the other opponents by a large margin.
This situation does not yet require explicit offensive moves
] [ [ towards one of the leaders, since they can still weaken each

(5:3,2) (7.21) (352) (64,0) (64,0) (23,5

other in their own struggle for victory, while, at the same time,
the weaker players can narrow the gap.
Figure 1: 3-players Offensive game tree (target = player3)  The valuesl; and7, have a significant effect on the be-
havior of an MP-Mix player. These values can be estimated

Figure 1 shows an example of a 3-player game tree, whensing machine learning algorithms, expert knowledge or sim-
the root player runs a directeaffensivestrategy targeted at ple trial-and-error procedures. Decreasing these thresholds
player3, (labeled3?). In this case, player 2 will select the will yield a player that is more sensitive to the game’s dynam-
best nodes with respect to its own evaluation. Thus, it willics and reacts by changing its search strategy more often. In
choose the left node in all three subtregs; andc (as3 > 2, addition, when setting, = 0 and7y > 0, the player will al-




ways act offensively when it is not leading. When setting thepredefined limit) at the conclusion of a trick. The player with
value in the opposite way,, > 0, Ty = 0 the player will al-  the lowest score is declared the winner.

ways play defensive strategy when leading. When setting the While there are no formal partnerships kteartsit is a
thresholds to values that are higher than the maximal value ofery interesting domain due to the specific point-taking rules.

the heuristic function, we will get a pure MaxN player. When playingHeartsin a tournament, players might find that
their best interest is to help each other and oppose the leader.
4 Experimental Results For example, when one of the players is leading by a large

In order to evaluate the performance of MP-Mix, we imp|e_ma_1rgin, it \{viII pe in the begt interest of its opponents to giveit
mented players that use MaxN, Paranoid and MP-Mix algoPO'”tsv as it will decrease its advanta_ge. Similarly, when there
rithms in two popular games: théeartscard game and the 1S a weak player whose point status is close to the tournament
Riskstrategic board gameThe offensive strategy is not rea- limit, its opponents might sacrifice by taking painted tricks
sonable as a stand alone and was only used by MP-Mix. Wihemselves, as a way to assure that the tournament will not
ran a series of experiments with different settings and envi€nd (which keeps their hopes of winning alive). This internal
ronment variables in order to test the MP-Max algorithm. structure of the game calls for use of the MP-Mix algorithm.

We used two methods to bound the search tree. The firgxperiments’ design

method was to perform a full width search up to a given depthyye implemented &learts playing environment and experi-
This provided a fair comparison to the logical behavior of theyented with the following players:

different strategies. However, since the Paranoid strategy €31) Random (RND)- This player selects the next move ran-
performdeep pruningve also performed experiments which domly from the a set of allowable moves.

limited the number of nodes visited. This provided a fair Weak rational (WRT) - This player picks the lowest pos-
comparison to the actual performance as Paranoid can searg le card if it is starting or following a trick, and picks the

deeper for a given number of nodes. To do this, we itsed- highest card if it does not need to follow suit.

tive deepeningp search for game trees as describefayf, ) :
1991. The player builds the search tree to increasingly Iargetgg M:éﬂé:\g'?ézg) i I;lf;ss tt?f; hé:;(;silg(;rlggwfhm

depths, where at the end of each iteration it saves the curre ; . .
best move. During the iterations it keeps track of the numbe ) MP-Mix (MIX) - Runs the MP-Mix algorithm (thresh-
olds are given as input).

of nodes it visited, and if this number exceeds the node limit, The heuristic f . I d and ined
itimmediately stops the search and runs the current best moye e heuristic iunction was manually funed and containe
e following features: the number of cards which will duck

. . - . . t
(which was found in the previous iteration). or take tricks, the number of points taken by the players, the

4.1 Experiments UsingHearts current score in the tournament, the number of empty suits in
Game description the hand (the higher the better) and the numeric sum of the

Hearts is a multi-player, partial-information, trick-taking playing hand I(Where lower is t_)etterr])._ 's hand

card game designed to be played by exactly 4 players. A stan- IN Hearts players can not view their opponent's hands. In
dard 52 card deck is used, with the cards in each suit ranking'der to deal with the imperfect nature of the game the algo-
in decreasing order from Ace (highest) down to Two (lowest).¢ thm[us'est:;\ Monzte—Carlphsampl_|fng ba;ed.tbechnquue (adopted
At the beginning of a game the cards are distributed evenlyfo™ [Ginsberg, 200} with a uniform distribution unction
between the players, face down. The game begins when tf! the cards. It randomly simulates the opponent's cards a
player holding the Two of clubs card starts the first trick. Thela'd€ number of times, runs the search on each of the simu-
next trick is started by the winner of the previous trick. The'@téd hands and selects a card to play. The card finally played

other players, in clockwise order, must play a card of the saml

1,;. the one that was selected the most among all simulations.
suit that started the trick, if they have any. If they do not have! N€ Sampling technique is crucial in order to avoid naive and

a card of that suit, they may play any card. The player whd*"Toneous plays, d'ue to |mpr0bable card distribution.
played the highest card of the suit which started the trick, EXPeriment 1: Fixed setting,T, = oo, Ty € [0, 50]
wins the trick (and starts the next trick). Our intention was to compare the performance of MIX
Normally, each player scores penalty points for cards in th&Vith that of MAXN and PAR. In our first set of experiments
tricks they won (therefore players usually want to avoid tak-We arbitrarily set three of the players to always be (PAR, PAR,
ing tricks). Each heart card scores one point, and the queen 8#AXN). The fourth player was varied as follows. We first
spades card scores 13 points (tricks which contain points afé3€d MIX as the fourth player and varied its defensive thresh-
called “painted” tricks®. Each single game has 13 tricks and °!d: 7a, from 0 to 50. To evaluate the advantages of a defen-
distributes 26 points among the players. Usually, the gam&Ve play when leading, the offensive threshdlg, was set
does not end after the deck has been fully playetearts 0 oo- We then used MAXN and PAR players as the fourth
is usually played as a tournament, where the game continué&ayer' in order to compare their performance in the same set-
until one of the players has reached or exceeded 100 points f#9- The depth of the search was set to 6 and the technical
dvantage of Paranoid (deep pruning) was thus neglected.
'Rules for Risk can be found at http://www.hasbro.com/risk/ For each variation of the fourth player we ran 800 tourna-
Hearts rules can be found at http://games.yahoo.com/help/he ments, where the limit of the tournament points was set to 100
2In our variation of the game we did not use the “shoot the moon”(€ach tournament usually includes 7-13 games). The results
rule in order to simplify the heuristic construction process. in figure 2 show the difference in the tournaments’ winning



In our third experiment we used the following players:

2 _ {MAXN, PAR, OMIX, DMIX, MIX }. Where OMIX is an
A offensive oriented MP-Mix player witll, = 20,7y = oo,
zgﬂﬂ—ﬂ: :(ﬁ DMIX is a defensive oriented MP-Mix player witld, =
I ;m‘°‘w‘°‘w‘°‘m‘°‘mﬁ_ﬁ‘ 00, Ty = 20 and MIX is an MP-Mix player withT, =
E 1 Sji 20,7, = 20. The environment was fixed with 3 players
£ 5 of the MAXN type and for the fourth player we plugged in
® o each of the MP-Mix players described above. In addition,

we changed the fixed depth limitation to a 50K node limit.
Here too, the Paranoid search would be able to perform deep

Figure 2: Experiment 1 - Difference in winning percentage pruning and search deeper.

Defensive Threshold Values

percentages of the fourth player and the best player among 35.00%
the other three fixed players. A positive value means that the 000
fourth player was the best player as it achieved the highest

25.00%

winning percentage, whereas a negative value means that it ;f:::i

was not the player with the highest winning percentage. ; 10.00% j_E
The results show that PAR was the worst player (in this s00%

case a total of 3 PAR players participated in the experiment) 0.00%

OoMIX PAR MAXN DMIX MIX

resulting in around-11% winning less than the leader (which

in this case was the MAXN player). The other extreme case
is presented in the rightmost bar, where the fourth player was
a MAXN player? In this case it lost by a margin of only 5% e resyits from running 500 tournaments for each MIX
less than the winner. When setting the fourth player to a MIX

player and the defensive threshold at 0 and 5, it still cam(é:aayer are presented in figure 3. The best player was the MIX

! d hen the threshold val . q ayer that won oveB2% of the tournaments. The DMIX
IN second. However, when the threshold values increase me in second WItﬁS%, while the MAXN player in the

10 or higher, the MIX player managed to attain the highest, o anvironment managed to win only aro@ad of the
winning percentage, which increased almost linearly with thg g -naments. The PAR player won slightly 028% of the
threshold. The best performance was measured Wp&ves (o naments. Surprisingly, the OMIX player was the worst
set to 25, as the MIX player performeq S|gn_|f|cantly be.t.terone winning onlyl6% of the tournaments. The reason for
than both MAXN and PAR players, as it attained a positivey,is'\yas that the OMIX player took only offensive moves
winning difference ofl1% (6 — (—5)) or 17% € — (~11)),  against 3 MAXN players. This was not the best option due
respectively P < 0.05). to the fact that when it attacks the leading player it weakens
its own score but at the same time the other players advance
%aster towards the winning state. Thus, in this situation the

Figure 3: Experiment 3 - Winning percentage per player

from the following set of playeréRND, WRT, PAR, MAXN,
MIX}. The MIX player hadl, = oo, T; = 25. Thiswould 4.2 Experiments UsingRisk
result in games which are random in their players’ compo-Our next experimental domain is a multilateral interaction in
sition and in their relative position (i.e5! for 625 possible the form of theRiskboard game.
combinations). We set the search bound to 20K nodes. Hei%

Paranoid can apply deep pruning and thus search deeper. e game is a full-information, strategy board game that in-

kept a record of the winner and losers of each tournamen s . o
and counted the number of wins and losses of each playefOrPorates probabilistic elements and strategic reasoning in
We performed 1200 random tournaments various forms. The game is a sequential turn-based game for

The winning percentage of each player was computed ao to six players, which is played on a wqud map where
wins 4 The MIX player led the other players with each player controls an army, and the goal is to conquer the
wins+losses * world (i.e., occupying all 42 territories is equivalent to elim-
43% winning games, the MAXN hads%, PAR 34% WRT inating all other players). Each turn consists of three phases:
12% and RND1% . Here again the MP-Mix strategy attained poinforcement. Attack and Eortification.

the best average performance. It is important to note that piqyis 100 complicated to formalize and solve using classi-
Y;rs]yzrﬁﬁr? Qﬁg mi?faefbp;gggmg a:r\éantage, it still came tal search methods. First, each turn has a different number of
E ng £ 3 Adding th ﬁp y " ¢ possible actions which changes during the turn, as the player
xpenment 5. Ing the ofiensive strategy can decide at any time to cease its attack or to continue if it
SWhenTy, is very large it converges to the MAX player as itwill has territory with at least 2 troops. Second, the number of
never switch the strategy. In contrast, |G values are closer to  Openingmoves for all 6 players is huge«(3.3 x 10%*) com-
PAR as the switch happens more often. pared to two-player game400 in Chessand144, 780 in Go).

“Note that the winning percentages did not add up0%, as In order be able to work in this complex domain, we re-
each player played a different number of games. duced the branching factor of the search tree to 3 by only

me description



expanding the 3 most promising moves (called hiighest  MIX player continued to be the leading player as the thresh-
bidsin [Johansson and Olsson, 20p&ach of these moves old increased to around 30. Nonetheless, above this threshold
were not a single attacking action, but a list of countries tathe performances converged to that of MAXN since the high
conquer from the source (which the player held at the time)thresholds almost never resulted in Paranoid searches.
to a specific destination (which it wanted to conquer). Experiment 2: Random setting, 7, = 10, Ty = 10

Before continuing with the technical details we would like In the second experiment we used 3 specialized expert
to exemplify the intuition of the need to use MP-Mix in the knowledge players (not search oriented) with different dif-
Riskgame domain. In the early stages of Riskgame, ra- ficulty levels to create a varied environment. All three play-
tional players tend to expand their borders locally, usuallyers were part of the baslaux Deluxgame package: th&n-
trying to capture a continent and increase the bonus troopgry player was a player under the “easy” difficulty level, the
they receive at each round. In more advanced stages, perhapakoolwas considered “medium” arevilPixie was a “hard”
one player will become considerably stronger than the regplayer in terms of difficulty levels. These new players, to-
of the players (e.g. it might control 3 continents which will gether with the search based players: PAR, MAXN, and MIX
give it a large bonus every round). The other players, havfwhereT,; = 10,7, = 10) played a total of 750 games with
ing the knowledge that there is only a single winner, mightthe same environment setting as the first experiment.
understand that unless they put some effort into attacking the The results show that in this setting again, the MIX player
leader (which might not be their best actions heuristically), itachieved the best performance, winniitfs of the games,
will soon be impossible for them to change the tide, and thetvilPixie was runner-up winning0% of the games, followed
leading player will win. In such situations, the leading playerby the MAXN and PAR players winning9% and17%, re-
might understand that it is reasonable to assume that evergpectively.Yakoolachievedl 5% andAngrywon 2%.
body is against him, and switch to a Paranoid play (which
might yield defensive moves to guard its borders). In case th® Opponent Impact
situation changes and this player is no longer a threat (as ithe experimental results clearly show that MP-Mix improved
was weakened by its opponents), it should switch its strategihe players’ performances. However, we can see that the im-
again to its regular self maximization strategy, namely MaxN.provement in theRiskdomain is much more impressive than
Experiments’ design in the Heartsdomain. An important question that emerged

: 5 . . _is under what conditions and game properties would the MP-
\r/nvgn\;\le%rlftﬁ?e;v[[typtegelc_)%IaDyeellrJ; N?E\)’g'r\longb\e;taﬁgdw;&plgur Mix algorithm be more effective and advantageous? For this

. f . . purpose we defined thepponent Impactactor (Ol), which
ﬁ;%lg:;ﬁgrfgrgggr:’@%ggsed on the one describeldon measures the impact that a single player has on the outcome

Experiment 1: Fixed setting, T, = oo, T, € [0, 40] of the other players.

In our first experiment we ran environments containing 6Definition 5.1 (Influential State) A game state for played
players, 2 of each of the following types: MIX, MAXN and with respect to playeB is called aninfluential stateif action
PAR and we used the “lux classic” map without bonus cardsa exists such that the heuristic evaluation Bfis reduced
In addition, the starting territories were selected at randonafter activatinga by A.

and the initial placement of the troops was uniform. We can now defingnfiuentialStates(G, H) for a gameG

and a heuristic functio#/, to be a function that returns the set
of influential states with respect to any two players. Similarly,
TotalStates(G, H) will return the set of all game states.

Definition 5.2 (Opponent Impact)
LetG be a gameH be a heuristic function, then
OI(G, H) = |InfluentialStates(G, H)|/| TotalStates(G, H)|

The Ol factor of the game is defined as the percentage of

0 5 10 15 20 25 30 35 40
Threshold Values

[apR awa owx | influential statesn the game with respect to all players. The
intuition behind the Ol is as follows. Consider the popular
Figure 4: Risk experiment 1 - results gameBinga In this game each player has a board filled with

different numbers, and numbers are randomly selected one at

Figure 4 presents the results for this environment where wa time. The first player to fill its playing board is the winner.
varied the defensive threshold valt&) of the MIX players ~ Itis easy to see thatiingq, there is no way for one player to
from O to 40, whileT,, = oo in order to study the impact of impact the heuristic score of another player. Thus, the Ol of
defensive behavior and the best value Tor The numbers ~thatgame would be zero (88ifluentialStates(G, H)| = 0).
in the figure are the average wining percentage per player In another game, calle@oFish the objective of the game
type for 750 games. The peak performance of the MIX al-S to collect “_books", which are sets of four cards of t_he same
gorithm occurred with; = 10 where it won43% of the  rank, by asking other players for cards the player thinks they

games. In contrast PAR wa&0% and MAXN won27%. The ~ might have. The winner is the player who has collected the
highest number of books when no cards are leftin the players’

Shttp://sillysoft.net/lux/ hands or in the deck. Here, theoretically, at any given state the



player can decide to impact a player’s well being by asking OI(Bingo)=0<Ol(Hearts} 0.35<0I(Risk)~0.85<0I(GoFish)=1

him for a card. The opponent's impact value ®bFishis The fact thatRisk has a higher opponent impact factor is
equal to 1 (as/nfluentialStates(G, H)| = |TotalStates|). — nhighly reflected in the experiment results, as the relative per-
In addition, there are games that can be divided intqormance of MIX is much higher than in théeartsdomain.
two parts with respect to their Ol value. For example, in|n Riskplayers have a larger number of opportunities to act
Backgammonboth players can usually hit the opponent’s against the leading player thanlitearts In Heartseven af-
pawns if they are open (*blot”), yielding a game with a posi- ter reasoning that there is a leading player that should be the
tive Ol value. However, the final stage of a game (called “themain target for painted tricks, the number of states which one
race”), when the opponent’s pawns have passed each othgguld choose as an action against the leader, is limited.
and have no further contact, is a zero Ol game. )
When trying to understand and estimate the Ol values fo6 Conclusions
both games we encounter the following phenomenon. WhehliVe presented theMP-Mix algorithm that dynamically
playing Risk one has a direct impact on the merit of otherchanges its search strategy according to the game situation.
players when they share borders, as they can directly attaddP-Mix decides before the turn begins whether to use Para-
one another. Sharing a border is common since, when viewaoid, MaxN or the newly present&irected Offensiveearch
ing the world map as an undirected graph there are 42 nodedrategy. We experimented in thizartsandRiskgames and
(territories), each with at least two edges. In contrast, idemonstrated the advantages that players gain by using the
Hearts a player’s ability to directly hurt a specific player is MP-Mix algorithm. Moreover, our results suggest that the
considerably limited and occurs only on rare occasions. benefit of using théMP-Mix algorithm inRiskis much higher
Computing the exact value of Ol is impractical in gamesthan inHearts The reason for this difference is related to
with a large (exponential) number of states. However, wea game property, which we defined as pponent Impact
can estimate it by calculating it for a large sample of randon(Ol) factor. We hypothesize that MP-Mix will perform better
states. In order to estimate the Opponent Impadiedrts  in games with a high Ol.
andRiskwe did the following. Before initiating a search to  In terms of future research it would be interesting to ap-
select the action to play, the player iterated over all the otheply machine learning techniques in order to learn the optimal
players as target opponents. For each move of the root playghreshold values for different functions. In addition, more re-
it computed the evaluation function for the selected target opsearch should be performed in order to thoroughly understand
ponent. We then counted the number of game states in whidhe influence of the Ol value on the algorithm’s performance
the root player’s action could result in more than a singlein different games. It would also be interesting to provide
heuristic value for one of the target opponents. For examplea comprehensive classification of various multi-player games
consider a game state in which the root player has 5 possibrccording to their Ol value.
actions. If the root player’s actions would result in at least
two different heuristic values for one of the target players, WeAqkn0W|edgmemS . o
would count this state as an influential one, otherwise, (all 51 Nis work was supported in part by the Israeli Science Foun-
actions result in the same target player’s heuristic value), wéation under Grants #1357/07 and #728/06 and in part by
would count it as a non-influential state. In both domains, wehe National Science Foundation under Grant 0705587. Sarit
ran 100 tournaments for each search depth, and computed tH&aus is also affiliated with UMIACS.
Ol factor by counting the percentage of influential states. References
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