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Abstract — Decision-theoretic meta-reasoning is a welling these abstract planning (AP) techniques was only par-
known scheme for controlling search that has been shown tially successful, in some domains. It is well known that,
be advantageous in numerous domains, including real-timeg. for chess playing, the best computer chess programs
planning and acting, and game-tree search. Although in nyDeep Blue and successors) essentially performed variants
merous adversarial games, such as chess, brute-force seamfhbrute-force game-tree search, rather than planning. The
currently emerges as the best contender, there is still scopatter observation has, in the large, caused some loss of in-
for planning in some situations. terest in planning techniques in games, with the exception
In order to take advantage of both schemes, we merdeing games where the branching factor is too large to use
the planning and exhaustive search schemes through metmme-tree search.
reasoning. Approximate value of information is used to de- And yet it seems intuitive that AP should have a role to
cide which of the types of computation operator to apply, anplay, in additionto game-tree search, rather thasteadof
where. This is done by generalizing the Best Play for Impegame-tree search. The idea is to use a planner to help guide
fect Player (BPIP) search control model of [1] to allow for the search - the planner can quickly suggest moves that ap-
planning steps, as well as game-tree search steps. A rugiear good long-term moves, rather than rely on deep search
mentary system employing these ideas for chess was impie+each the same conclusion. The candidates suggested by
mented, and preliminary empirical results are promising. a planner can then become the foci for the game-tree search
algorithm, resulting in deeper searches where (presumably)
Keywords: Decision-theoretic control of search, game tregne relevant moves reside. However, it is not really obvious
search, planning in games. how such an integration can be performed - the following
complicated questions need to be addressed along the way:

1 Introduction

Employing decision-theoretic meta-reasoning during
search is the rational way to control search [3, 4]. This
framework was applied in several research publications,2. How do we apply results from one technique to advan-
such as [1, 2] towards game-tree search, in many cases with tage in the other technique?
considerable success.

An alternate to position-based game tree search is to searciJsing a meta-reasoning framework, the answer to the first
through strategies [5]. Abstracting away from details of thguestion is clear (thoughot trivial), and some ideas on how
specific positions results in applying planning techniques t® answer the second question become evident. Basically,
games, an idea that was used, for example in the Belle chdbs technique to apply at each step is the one that, in ex-
playing program [5]. The rationale behind using planningpectation, provides the most valuable information on choice
rather than brute-force game-tree search is that humans wdenove(s), after deducting the cost of applying the opera-
abstractions and planning, for the most part, rather than pdien. Integrating results of the reasoning operators is more
form exhaustive game tree search. Potentially, abstractiodificult, and in this paper we explore just one of its aspects
can improve performance by avoiding irrelevancies and re-a planner can affect the evaluation of one or more nodes
peated consideration of (almost) equal positions. Yet applya the (partial) search tree. One reason why this scheme is
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1. When and where do we apply planning, vs. standard
search?




assumption are common [1]. But since the reason for doing search ofy), our opinion about the expected desirability

planning in our framework is in order to affect several node  of n will be z, with probabilityy. The term "staircase”

evaluations in search tree, after which further search opera- is due to the assumed shape of the Cumulative Distribu-

tions will be performed, clearly the above standard assump- tion Function (CDF).

tions will be violated. This will require somewhat different B . o .

methods, suggested in this paper. 2. The p_ro_bablhty of various opinion changes at a given
As argued above, incorporating AP into a game-tree explo- node is independent of whether we expand thaF nod_e one

ration process has clear advantages, but non-trivial. We treat 1€V€l or more than one level (depth-free approximation).

the AP as a special case of the value function (VF) adapta-3

tion process. This ability can be very useful for more general

operations that have a similar effect on precision of the lo-

cal VF, such as deep position analysis. We start off with thpefinition 3 The expected utility with respect to a mavs:

Best Play for Imperfect Player (BPIP) model of [1], which is

a model for game-tree search that picks a node to expandin ; [~ . )

the game tree based on an estimated value of information for @ = /0 P(Bestis better than moveby ) g dg  (2)

expansion of the node. Our reason for starting off with this )

model is that the authors found a way to relax the single-step W& @ssume that moves are ordered by their current ex-

assumption, which we will also need to do. We then generdp€cted value (starting from the best move). THSyeflects

ize their scheme, in order to incorporate planning steps. the expected utility of kn.owmg the exact values of all of the
The rest of the paper is organized as follows. Section 2£@ves in the game (partially expanded) tree.

provides background on BPIP. Section 3 describes our eé—

The opinion-change distributions are independent at
different leaves.

tension to BPIP, and assumptions we make in order to mal eef|n|t|_or.1 4 (Q step size - (QSS))The quality step size for
; . nodex is:
the model manageable. In Section 4 we discuss more spe-

cific assumptions made in our implementation of the model, n ) L
and some details on a rudimentary domain-specific planner Ap(z) =) pilQ" — QL()I (3)
we use for the game of chess. Section 5 presents preliminary j=1

experimental results for the combined system. . s
P 4 wherej runs overn spikes(z;, p;) of the leafL distribution,

2 Backg round andQ! () refers to the value af)!, whenL's distribution is
v _ _ replaced by a spike at;.
We begin with an overview of the basic BPIP model (refer
to [1, 2] for details. QSS was chosen by Baum and Smith to be the main cri-
terion for the leaf expansion (LE) relevance. The basic algo-

Definition 1 Best play for imperfect players (BPIP) is @ jynm (without the special speed-up tricks, which they also
move choice policy in which the value of each node in thﬁnplemented) appears below:

game tree is given as follows:
1. Start with a search treg consisting of the root and its

max,ech(n) —V(m) N !S a root m children.
Vin)={ E, nisaleaf (1)
Ymecny —Pr(m)V(m) otherwise 2. While Q' > ExpansionTimeCost() do:

whereCh(n) are the immediate descendents (child nodes) of (a) Select leafl with greatest QSS.

n. Pr(m) is the probability that in BPIP starting from, the (b) Expand leafl and update all values ifi.

player to move will make move, and E;, is the expected

desirability of the final score to be obtained in BPIP starting 3. Return the child of the root with the greatest expected
from. desirability.

"Best play” means to pick the child of the root with the great- According to Baum&Smith [1, 2], good results were ob-
est (negated) value, as your move. tained vs. standard alpha-beta searchers, and thus their

. ) ) _ scheme provides a good starting point for our work.
Definition 2 Depth-free independent staircase approxima-

tion (DFISA) is a concrete probabilistic model for BPIP,3  Qur Extensions

hich the following: .
which asstimes the foflowing Although, as stated above, BPIP DFISA is a good frame-

1. The evaluation function and the expected desirabilityork to start from, it is limited in certain aspects that need to
E, fully describe the probability distributiof,, of opin-  be extended. We begin by discussing these limitations, and
ion changes, wher&, (x) = y means that upon deeper continue to the extensions introduced in our scheme.



3.1 Limitations of QSS adaptation operation at nogeandET (e(z.a(y))) to denote

BPIP DFISA cannot be integrated with AP, unless apprd€ expected time for performing full expansion at nods-
priately generalized. Integrating VF adaptation into a gamd€r @n adaptation step was performed at ngdé/e also use

tree search model requires the latter to support exploratifi@tation?'r;(z) to denote the search tree after replacing the
operations that may have the following properties: nodex distribution by a single value of itsth spike(z;, p; ).
In our model for adaptation operation, we assume that ap-

1. Operations have variable (non-uniform) time cost (TC)plying it at a node decreases the expected time to explore
. o . “similar” nodes, where the effect is monotonic in the simi-
2. Operations affect the desirability dIS.tI‘IbL.Jt.IOI’] pf its fl{'larity. Let dist(y, z) be a distance metric between nodes
ture successors, as well as the desirability distributiogy,. ‘A typical such measure is a distance between feature
of the currently existing leaf node. vectors of the nodes. The similarity between nodes is a re-

QSS fully ignores the TC of the operation, which is unciprocal of the distance. We thus allow the adaptation step

realistic, when there are several different types of operatidfl &fféct the expected time of future operations, but assume
(for example, planning may well take more time, and thus b@r simplicity that the effect of adaptation operations do not

more costly, than standard node expansion). Therefore tRECUMulate, i.e. that only theearest(w.r.t. dist) adapta-
first property forces us to modify the relevance criterion t§1On OPeration can affect the expected time to expand a node,
reflect the variability of TC. ET(e(z)). We also assume a model for expected expansion

QSS also cannot reflect "future effects”, if the LE is aslime after applying an adaption operatiafi'(c(z.a(y))),

sumed to immediately cause the distribution over the loc&QiSCussed in the next section. The expected time gain for a
value to collapse into a single spike. Under such condition8°de is defined as:

operations like AP, Whl(?h mainly affect the Ioca! VF (and_ ETG(y,z) = ET(e(z)) — ET(e(z.a(y))) 4)
through that - the effectiveness of future expansions of this

leaf's sub-tree) will never be recognized as more relevai@f special interest is the expected time gain for all the leaves:
than a simple expansion of the same leaf. However, direct

consideration of all possible "future effects” requires sig- ETGr(y) =Y _ ETG(y,x) )
nificant sophistication of the search model by dealing with z€L

"distributions over distributions” [1] or search in a space of \ye denote by the value of information for various items
"computational sequences” [3]. Unfortunately both extengf knowledge. In particular, for a set of noddswe denote
sions seem to be intractable. We try to avoid the "complexityyy 1/(A) the value knowing the exact values of all nodes
explosion” by modifying the "depth-free” assumption and byin 4. Also, V/(A.r;(x)) is the gain in value obtained by
allowing some operations to affect the future expansion timgnowing the exact values for set after we have already
of the relevant nodes. obtained the knowledge that nodehas valuer;. Denoting
H . — — 1 . . .

3.2 Planning and evaluation model L 'Leaves(T),We havel’ (L) = Q' as defined in previous

. . section. The ternv (L.r;(x)) denotes the value of informa-

In our model the time cost of an operation depends on thgyn for finding out the exact values for all leaves (hence for
type and the application point of the operation. We allowhe entire tree) given that we have already obtained the exact
two types of operation: an adaption (planning) step at a no%mexj for nodez.

x, which we denote by.(z), and a full expansion step at | et us denote by, () the value of information as used

a nodez, which we denote by(z). By a full expansion i BPIP DFISA, that is:

step we mean performing a sequence of leaf expansions, all

applied to descendants ef until the exact value of node Vo(z) = QSS(x) = Ar() (6)

x is achieved. In this way we relax the depth-free assump- .
tion used in DFISA. Note, however, that selecting an ope n order to allow for the effect of adaptation, we separate the

atione(x) to perform does not mean that the algorithm Wi“yalue of informationV” into two components. The first;

actually expand the node to get exact values, in fact it will® theimmediatevalue (assymlng that no further reasoning
only generate the immediate descendants ahd then de- steps are performed), that s,
c_lde about the next step. We_: assume knowledge of expected Vi(z) = Z pV(Lrj(@) - V(L) (7)
time to complete an operation (denoted byET'(s)), and
that the time cost function TC is a known function of this
expected time. The cost of a computational operator is thwghere D D(x) is the desirability distribution of the position
TC(ET(s)), which we denote by’(s). in nodex. The second elemerit, is the future value of in-
As frequently used in the research literature we use the nfsrmation, which we define a8 (z) = Vg (z) — Vi(z). Us-
tation object.op to denote the object after applying operatidang a discounting factoy, we define the full utility of know-
op. For exampleT.a(x) denotes the tre® after applying an ing the exact value of asV'(z) = Vy(x) + vVp(x).

(zj,p;)€EDD(x)



The set of worthwhile candidates for exploration is callednput: search tre€” initialized with a root
the potential setP. The potential set is the set of leavesand its children.
x such thatV(e(z)) > C(e(z)). Note that the poten- Output: explored search treg.
tial set may depend on operations performed, for exampkexploreSearchTre#)

P(T.e(x)) = P — {z}. Thatis, in the tree resulting after repeat forever
is explored (and gets its final value, as per our assumption), S« {All possible operations off'};
there is no further value in exploring (or its descendants), foreachs € S
andz is thus not in the potential set. However, for an adap- EvaluateR(s);
tation operation, we assume that: op-best— argmaz{R(s)|s € S};
if (R(op-best < 0)
P(T.a(y)) = {z|z € LA (V(e(z)) > C(e(z.a(y))))} (8) returnT’;

We also define the value of a potential set, which is the value Apply op-best tdl’;

of exploring all nodes in the seVip = >, V(e(x)). The
value of a potential after a computatiefis given by:

Vp(T.s() =Ve(s)+ > V(z) ©)

zeP(T.s())

Figure 1: Search Algorithm Outline

1. Linear independence: the value of a set equals the sum
Note that the above value is not easy to compute, since the 0f values of its nodes.

operations will affect the costs and the potential set. Like- )

wise, we define the cost for expanding all nodes in the poten-2: Large potential sef ~ L.

tial node set:

Cp = Z Cle(x)) (10) 3.3 Outline of the algorithm
z€P The original ordering over steps was based on QSS, which
and also need to find the cost of the potential node set aftégsumed uniform TC, and cannot be applied in the non-
an operatiors: uniform case. We us®&(s) = EUT((“z) instead, which takes
into account the whole computational effort needed to choose
Cp(T5()) = Z Cle(z.5())) (11)  and perform the next operation. Our stop condition is: no fur-
z€P(T-5()) ther expansions are done if the relevarfitef the most rele-

We know the model of potential changes in expected timgant operation becqmes negative. See Figure 1 for an outline
expressed in terms of ETG, the expected time gairs()  Of our meta-reasoning algorithm.
reflects the fact that the operatisncan affect ET through

features of some nodes (such as distance to adaptation poid}). |mp|ementation Details
Finally, we can define the utility of operations as the value

. ; : . . The general evaluation scheme discussed in the previous
of information gained, deducting the time costs. Thus, the . o - ;
- : . o Section has several unspecified terms. In addition to the time
utility of a expanding a potential set i€7p = Vp — Cp. : . S
o ! ... cost function, we need to specify the form of the distributions
We also separate the utility into immediate and future utllltyin the nodes. and various other parameters. In this chapter
Us(s) = Vi(s) — C(s) andUp(s) = Up(T.5()) — Up. The ' P ; prer,

total utility of operations is the weighted sum of the utilities, we discuss some of these details, and the assumptions behind

U(s) = Us(s) + vUr(s), where is a discounting factor. them, as implemented in our system.

. : . . The implemented system applies our scheme to the do-
The utility of the operations we need are approximated as: . . :
main of chess. Nevertheless, most of the system is domain-

Ule(z)) = Us(e(x)) +~Urp(e(x)) independent and can be extended to other zero-sum games
= Vi(z) - Cz) + (Up(Tee(x)) — Up) (with a little additional effort needed to specify appropriate
domain definitions).
Vi(z) = C(@) +9(Vr(2) = V() + C(2)) For convenience, all time values in our system are ex-
= (1-7)(V(z) - C(z)) (12)  pressed in uniform metric of expansion time uni&I{),
wherel ETU is equal to time consumed by one basic leaf
expansion. Although in real systems this value can depend
Ulaly)) = Uila(y)) +~Ur(a(y)) on many factors (such as depth of the expanded node), we
= —Cla(y)) +v(Up(T.a(y)) — Up) assume f_or this purpose the existence of such_ a uniform mea-
NTC(ETGy(y)) — TC(ET(a(y)))(13) zgtr%f\;v:éc;]hcgzgst?e pre-evaluated by averaging over a large
In developing our equations, we have used the following To provide an abstract model of our domain we defined a
assumptions: set of easily-computable binary featurgssuch as a location

Q



of a piece in a given square or a control of a piece over a giveriple-spike formed distribution:
square (see example in Table 1).
(1 —a)(Up(z) — M(x))

Up(z) — Lw(z)

(a, M(x)),

((1 — a)(M(z) — Lw(z))
Up(x) — Lw(x)

Plz) = {( , Lw(z)),

Table 1: Example of features

ID Description Up(z))} (14)
X0025 Moving Side has a pawn in 'b5’

X1775 | Waiting Side king has a control over 'g7

where« is determines the weight of the central component
of the distribution (higher if we believe that the evaluator can
find the correct value with high probability).
Another linear function, which maps the given state to ap-
We denote by5,, the space of board positions and®y-  propriate original expansion time)ET), is also supplied
the Abstract Feature Space. Stochastic operators from a bgtthe EvaluatorOET (z) is the expected time required to
Tdescribe the expected transition in a state correspondingdgplore noder for its exact value using the original VF (be-
applying a move and receiving its adversarial response. Tlere any adaptation). Fdg7' (a(z)) we used a constant value
main reason for using such a stochastic model is our attemgdjual to 10 time units. Approximation of expected time for
to capture the inevitable uncertainty involved in a possiblan expansion after adaptation uses:
response of the opposite side. We describe these operators in
a compact form of Bayes nets. ET(e(z.a(y))) = min(ET(e(z)),

Over the feature sef, we defined a linear basis function (1-ARF(y,z))OET(x)) (15)

t B, where every function is represented in the form of . . .
setB, where every function is represented € form o 6\}vhereARF(yJ:) is a part of time reduced due to adaptation

short conjunction of features (or their negations). We mcludef VF in nodey (adaptation reduce factor). We expect from

in this set all the preconditions and some common contexg%. . LT .
of the operators contained i is value to be proportional to similarity of two involved
positions,sim(y, x).

Finally, a reward function is defined, which maps feature

vectors to real numbers according to commonly used in chess ARF(y,z)) = sim(y,z)SRF(x) (16)
a static material evaluator, which gives to each piece on the ) ] )
board its equivalence in pawn units (Table 2). whereSRF(x) is a part of time reduced due to adaptation of

VF in nodez (self reduce factor). This parameter may also
depend on the involved position, but we just used a constant
value 0.5, as a rough approximation.

Table 2: Static piece values (in pawn units) ) i
All mappings implemented by the Evaluator are repre-

Piece | Value sented in a form of weighted sum over functions in Bet
Queen 9 These weights can be adapted using learning, but initially
Rook | 4.5 this was done manually.

Bishop | 3 The Adapter receives the initial state (corresponding to a
Knight 3 starting position) and an initial VF. It uses our abstract tran-
Pawn 1 sition model to adapt the VF to the initial state by iterating

stochastic trials and updating the current state value using
look-ahead-1 g-value maximization. Figure 2 outlines our
adaptation algorithm.

Our value function (VF)V : Sy — R is based on the  The Tree-Searcher contains the current tree configuration
linear basisB. It gives a scalar value to a given state, indicatand is used to choose the most relevant node, to expand the
ing the desirability of the position corresponding to this statechosen leaf node by its immediate descendants, and to propa-
For example our initial position described in the next sectiogate distributions and other useful information along the tree.
has static value 0.6 (due to more forwarded pawns).

The implemented system involves 4 main modules: Deteé Pre“mmary Results
tor, Evaluator, Adapter and Tree-Searcher. The domain spe-We performed an experiment using a pawn ending posi-
cific Detector is used to evaluate features for a given positiotion, shown in Figure 3, with white to move and win. The
The Evaluator supplies the value of a given state by applyingprrect solution is: 1.b6 axb6 2.c6 bxc6 3.a6 and then a6-a7-
the VF. In addition to a scalar valud (x) our Evaluator also a8Q or 1... cxb6 2.a6 bxa6 3.c6 and then c6-c7-c8Q.
supplies upper and lower bounds on given state vdlgg:() Starting from this position, Negamax requires nine-ply
and Lw(zx), respectively). From these values we construct aearch to "see” the promotion to queen and performs about



Input: initial Value FunctionV/
initial state,S, number of trial:
Output: adapted Value FunctioW.
AdaptVF(/, S, n)
policy « GeneratePolicy();
repeat: times{
S, < S; step— 0;
repeat
step«— step + 1;
policy.LearnStateX.);
op < policy.ChooseNextOp(S,);
Apply op to.S;
until (op = STOPOP) or
(step = MAX ADAPT_STEPS)
}

returnV;

Figure 2: Adaptation Algorithm Outline

Figure 3: Ending position used in experiment

variable time needed for exploration, as well as the added
value for planning within the scope of game-tree search.

We have also experimented on some other ending posi-
tions, and the results were mixed, as follows. Although QSS
does improve the search, and TRQSS usually improves upon
QSS, adaptation only very rarely kicks in, and in some cases
even expends resources to no advantage. While that is to be
expected, the result depend heavily on the quality of the ini-
tial VF, discounting factors and other parameters, which were
introduced in an ad-hoc manner. In principle, these param-
eters should be learned and adapted by the system, an issue
that is well beyond the scope of this paper.

6 Conclusion

Aiming at taking advantage of both planning and standard
game-tree search, this paper is an initial attempt to merge
these paradigms by using decision-theoretic meta-reasoning.
Approximate value of information was used to decide which
of the types of computation operator to apply, and where.
Towards that end, we adapted and generalized the Best Play
for Imperfect Player (BPIP) search control model of [1] to
allow for planning steps, as well as game-tree search steps.

A rudimentary system employing these ideas within a
chess playing program was implemented. Preliminary empir-
ical results show that the scheme is promising, and improves
upon both standard game-tree search and its relevance-based
control versions, such as QSS within the BPIP model. How-
ever, this research is non-trivial and there is a long way to go
in order to achieve the full goals mentioned in the introduc-
tion. Topics remaining for future research range from adding
planning modules and improving the meta-reasoning model
of planning operations, to making the system more robust by

400.000 leaf expansions to obtain the correct solution “Sir}ﬂmore disciplined selection of the many parameters. The

alpha-beta pruning. Obviously,
standard search methods.

this position is rather hard fqgg e of learning distributions over execution times of opera-

tors, and of error distributions is also an important desirable

We implemented relevance based search, as follows: tﬂafature that at present is unexplored.
QSS relevance, based on BPIP DFISA, TRQSS (our method,
using R(s), but without using the Adapter), and ATRQSSR eferences
(our method including the use of the Adapter). The results )
are shown in table 3, the Exp column contains the actualtl E-Baum, W. Smith. Best Play for Imperfect Players and

number of expanded nodes, TU being the number of con-

game tree search. Part |, Theory. Technical report NEC

sumed time units. ATRQSS performed one adaptation oper-  R€search Institute, Princeton, NJ, 1995.
ation at the root node during the tree exploration, in addition[2] E. Baum, W. Smith. A Bayesian Approach to Relevance

to the node expansions.

Table 3: Results for ending chess position

Method | Exp | TU
QSsS 89 | 89
TRQSS | 66 | 66
ATRQSS| 51 | 61

The results show the advantage of taking into account the

in Game Playing. NEC Research Institute, Princeton,
NJ, 1997.

[3] S. Russell, E. Wefald. On optimal game-tree search us-
ing rational meta-reasoning. In [IJCAI-89] pages 334-
340.

[4] S. Russell. Fine-grained decision-theoretic search con-
trol. In [UAI-90] pages 436-442.

[5] J. Schaeffer. Long-range planning in computer chess.
ACM Annual Conference, pages 170-179, 1983.



