Towards Real-Time Search with Inadmissible Heuristics

M asashi Shimbo! and Toru I shida?

Abstract. Real-time search has two aspects, one as an efficient
search method (in asingle problem solving trial), and the other as an
overal problem solving architecture with learning ability (through
repeated trials). In both respects, the use of inadmissible (and hence
inconsistent) heuristic functions bring some merits such as improved
performance, but there is no theory yet that well explains when
and why these algorithms benefit from them. In this paper, as a
step towards fully understand and take advantage of such nonstan-
dard heuristic functions, we discuss the properties of LRTA* and the
Moving-Target Search (MTS) agorithms under heuristic functions
violating admissibility or consistency. In particular, we show (1) the
completeness of MTS with inconsistent or even inadmissible heuris-
tics, and present (2) a new proof technique for the convergence of
LRTA* which is applicable regardless of consistency.

1 INTRODUCTION

Unlike classic off-line heuristic search whose sole concern is the
construction of a complete plan, real-time search [9] tries to solve
the problem by situating itself in the environment, and interleaving
shallow |ook-ahead search and action execution in an on-line man-
ner. This indicates that the real-time search has an aspect of overall
problem solving architecture besides being an (efficient) search al-
gorithm. As each local planning is based on the partial information
available at each stage of the problem solving, it is not guaranteed
that the algorithms follow an optimal path, but they never fail to ar-
rive at agoa (completeness). In addition, some agorithms includ-
ing the Learning Real-Time A* (LRTA™) [9] have another attractive
property to compensate for their sub-optimality, called convergence;
these algorithms may not find an optimal solution in a single prob-
lem solving trial, but will eventually identify an optimal path through
repeated trials.

This property of convergence makes them an attractive candidate
for the model of intelligent autonomous agents 3], asit demonstrates
their ability to learn from experience and to adapt themselves to un-
known environments. However, [6] pointed out that the behavior of
LRTA* during the learning process isfar from being rational, asit is
too “optimistic in the face of uncertainty [10, 8]" and hence tends too
much towards exploration. As a remedy, they showed that it is pos-
sible to make the agents more cautious by addition of small weights
to heuristic function. It was also demonstrated that it may lead to
performance improvement.

Adding such weights results in an inadmissible (and hence incon-
sistent) heuristic function. There are severa other factors that justify
the use of such heuristic functions as well. (1) It is sometimes dif-
ficult to construct a heuristic function that is admissible as well as
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effective. (2) Being sub-optimal search method by nature, (single-
trial) real-time search has little reason to adhere to admissibility, a
requisite for off-line search methods devised for optimal solutions.
(3) The real-world problems addressed by Al are often inherently
intractable, so one should give up the optimality anyway.

As such nonstandard heuristic functions invalidate several funda-
mental assumptions, that were essential in proving the properties
of real-time search in the standard case, e.g., monotonic increase
of the heuristic estimates, the question arises whether they preserve
the properties. This paper tries to clarify the effect incurred by the
heuristic functions violating admissibiilty or consistency, upon the
two popular real-time search algorithms LRTA* and the Moving-
Target Search (MTS) [4, 5]. The rest of the paper consists of two
parts: (1) the completeness proof of the M TS algorithm when heuris-
tic function violates admissible or monotonically increasing property
and (2) the convergence proof of LRTA* under admissible but incon-
sistent heuristics. Table 1 shows the position of this paper as well as
the previous work on the formal property of LRTA* and MTS algo-
rithms.

2 PRELIMINARIES

We begin with the description of the Moving-Target Search (MTS)
problem, since it also subsumes the one addressed by LRTA* as a
special case.

21 TheMTSproblem

The MTS problem involvestwo agents, called the problem solver and
the target, both traveling in a state space of which the numbers of
states and actions are finite, every state is reachable from each other,
and dl actions areinvertible (i.e., has a counter-action) and cost uni-
formly one. In addition, the state space does not contain actions that
do not change the location of the agents. The task of the problem
solver, for whom we are responsible, is to catch (i.e., to occupy the
same state as) the target who istotally out of control of us.

The problem solver has no clue on how the target behaves. It can
only observe the position of the target as well asits own, which ac-
tions are available at their present states, and the outcome of these
actions. On the other hand, the target may or may not have the com-
plete knowledge of the problem solver. Since it is hopeless to aways
catch such atarget that moves much faster than the problem solver,
it is assumed that the problem solver has a speed advantage over the
target, however small it might be.

As usua with the real-time search model, the problem solver is
required to be reactive, in the sense that there is a limit on the time
and resources allowed before deciding which action to take in each
stage; In this paper, this constraint will be modeled by restricting the
problem solver to the look-ahead of depth one.



Table1. Known results on the effect of heuristic functions upon the real-time search methods

Heuristics Algorithms
Admissible Consistent/Nondecreasing LRTA* MTS

Completeness Yes Yes [5] [5], this paper

Yes No Straightforward application of [5] This paper

No Yes Straightforward application of [5] This paper

No No Straightforward application of [5] This paper
Convergence Yes Yes [9, 1], this paper Straightforward

Yes No [1], this paper -

No Yes [6]* -

No No - -

* Not in the normal sense of convergence, but a (non-trivial) upper bound of the solution after infinitetrialsis derived.

2.2 State space and heuristics

Now we formulate the MTS problem formally. Let A and R be the
sets of natural and real numbers, respectively. The state space is for-
mulated by a graph (X, A), which is finite, undirected, smple, and
connected. Here, X is the finite set of nodes, or states, and reflex-
ive relation A C X? is the edges between states. Since the graph
issimple, we identify the set of actions with the set A of edges; the
state pair (z,y) € A means there is an action available at state ©
that makes the agent move to y (we hereby call such action as action
(z,v)). It follows that since there is no action that leaves the agent at
the same state, there is no loop (i.e., cycle of length one) contained
inthegraph;i.e, (z,z) ¢ Aforany z € X.

In such astate space, itiswell known that the optimal cost function
h* : X% — R isdefinable, where h*(z,y) denotes the shortest
distance between states z,y € X. The problem solver is assumed
to have at hand an inexpensive mechanism to compute an estimate
h(z,y) of h*(x,y) for each state pair (x,y). The estimated values
are called heuristic estimates, or smply heuristics. If no information
is available as to the optimal costs, we can use the trivial heuristic
function that gives h(z,y) = 0 forall (z,y) € X*. Whenz,y € X
andw = (z,y) € X? isapair of states, we use h(w) and h* (w) as
the shorthands for h(z, y) and h*(z, y), respectively.

Admissibility is a property of a heuristic function that it never
overestimates the optimal cost. Ishida and Korf’s MTS algorithm is
known to catch the target when the initial heuristic function enjoys
this property. In the rest of this section and the next, however, we
do not require the heuristic function be admissible. To measure the
quality of such (possibly overestimated) heuristics, the notion of ad-
missibility is extended to allow a fixed amount of error.

Definition 1 The heuristic estimate h(z,y) of state pair (z,y) €
X? issaid to be e-admissible iff it does not overestimate the optimal
cost h*(z,y) by anamount of e; i.e., h(z,y) < h*(z,y)+e. Heuris-
tic function that assigns e-admissible value to every state is called
e-admissible heuristic function. In particular, 0-admissible heuristic
function issimply called admissible.

A consistent heuristic function is the one that satisfies aform of tri-
angle inequality.

Definition 2 A heuristic function is consistent (or monotonic) iff
for any pair of adjacent states (z,y) € A and any state z € X,
h(z,2) < h(y,z) +1and h(z,z) < h(z,y) + 1 hold.

It is well-known that consistent heuristics are (0-)admissible. They
also imply monotonic increase of the estimatesin LRTA”*.

2.3 Moddingthe speed of agents

The speed advantage of the problem solver ismodeled asfollows. we
assume a problem solver's move and a target’s move are performed
alternately in principle, except that the target occasionally skips (or
failsto make) its move. The problem solver, on the other hand, never
failsto make amove.

Formally, we introduce the set of fictitious discrete time instants
identified with A/, and partition it into two digoint sets A+ of odd
numbers and Np of even numbers. N+ corresponds to the set of
times at which the target is allowed to move, and NVp the timeswhen
the problem solver is alowed to move. As a result, we only teke
into account the situation where the target moves first. Thisis not a
restriction, since the case where the problem solver moves first can
be identified with the case where the target skipsitsfirst move.

To formulate the target's skipping its move, we further introduce
the set Skip C N of times at which the target could have moved
but actually would not (or would fail to do so). In this case, both the
problem solver and the target remain at their present states, and no
extra deliberation is allowed for the problem solver.

Let Skip(¢) be the set of times before and including time ¢,
a which the target is skipping its move. Formally, Skip(t) =
{s € Skip | s < t}. This implies Skip(2n) = Skip(2n —
1) foraln € N and if we let Zsii, be the indicator function
of Skip, i.e.,

o[ 1, ifteSkip,
Tsrip(t) = { 0, otherwise; @
then, observe that
t
| Skin(t)| = > Tsuip(s)- )
s=1

To guarantee that the problem solver retains its speed advantage, we
make the assumption that the target skips its move forever. It follows
that Skip isaninfinite set, and

lim | Skip(t)| = oo. ?3)
t—o0

3 COMPLETENESSOF MTSWITHOUT
NONDECREASING PROPERTY

3.1 TheMTSalgorithm

Ishida and Korf proposed the MTS algorithm as a solution to the
above mentioned MTS problem. Figure 1 depicts the algorithm, but



with modified value-update formulas that do not force the heuristic
estimates to be nondecreasing. This is because we are interested in
the heuristic function violating admissibility and/or nondecreasing
properties (See Remark 1 for the origina vaue-update formulas).
The variables x and y are used to maintain the locations of the prob-
lem solver and the target, respectively, and ¢, the number of iterations
of Step 4, corresponds to the fictitious time introduced previously.

1. Foreach u,v € X, initialize h(u, v) with an initial heuristic
function ho; i.e., h(u,v) < ho(u,v).

2. Observetheinitial location z = xo of the problem solver.

Observe theinitial location y = yo of the target.

4. Repeatfort =1,2,...,until x =y,

w

(a) If it is problem solver’s turn to move, i.e., t € N, then
update h(z,y) by

h(z,y) < min h(z,y)+1, 4
(z,z)EA

and move to an adjacent state 2’ sit.

z' € argmin h(z,y), (5)
(z,z)EA

e, stz « .

(b) Otherwise, if the target has successfully moved from y to
another statey/’, i.e., t € N'p — Skip, update h(x,y) by

h(z,y) + h(z,y') — 1. (6)

Sety < vy’

Figurel. TheMTSalgorithm

Remark 1 Thealgorithm of Figure 1 contains the value-update for-
mulas different from the origina version by Ishida and Korf. Their
original formulas are

h(z,y) + max {h(x, y), min h(z,y)+ 1}
(z,z)EA
when the problem solver moves, and

h(z,y) < max {h(x,y), h(z,y') — 1}

when the target moves, instead of (4) and (6), respectively. These
original formulas force the heuristic estimates to be nondecreasing.
The following argument is equally valid with minor modification
when the original formulas are used.

Throughout the subsequent analysis, by time ¢, we mean the mo-
ment of time at the end of ¢-thiteration (or the beginning of (¢+1)-st
iteration) of Step 4. Furthermore, we use x; and v, respectively to de-
note the locations of the problem solver and the target at time ¢, and
he(z, y) to denote the heuristic estimate h(z, y) at the sameinstant’.
Combining the above notations with (4) and (5), we obtain

he(xe—1,ye-1) = he(xe,ye) + 1 =he1(xe,y:) +1 (7)

when the problem solver moves at ¢-th iteration. Similarly, when the
target successfully moves at ¢-th iteration, we have from (6),

he(wi—1,yt-1) = he(ze,yt) — 1 = he—1(ze,¢) — 1. (8)

In either case, h¢(z,y) = he—1(z,y) holds for any (z,y) #
(xt_l,yt_l) € Xz.

3.2 Completeness proof

A heuristic search agorithm is said to be complete if the problem
solver never fails to arrive at a goal state. In the MTS setting, since
the target changes its location during the course of the search, an al-
gorithm is complete if the problem solver eventually catch the target.

We will establish the completeness of MTS through a series of
lemmas. First, we show that updates of heuristic estimates preserve
e-admissibility. Lemma 1 is the main achievement of this section,
which generalizes the result of the original MTS paper to the case of
inadmissible heuristics.

Lemmal For any constant e > 0, if the initial heuristic estimateis
e-admissible for every pair of states, then updates of MTS preserve
the same property.

Proof The proof is by induction ontimet € A U {0}. The base
case when ¢ = 0 is obvious. Assume that at the beginning of ¢-
th iteration (¢ > 1), we have hi—1(z,y) < h*(z,y) + e for each
pair (z,y) of states. We will show that even after the ¢-th iteration,
hi(z,y) < h*(z,y) + e holdsfor every (z,y).

Suppose t-th iteration belongs to problem solver's turn, i.e, t €
Np, and the problem solver has moved from state z;_; to state x,
while the target is at state y = yi—1 = y¢. Using (7), we have
hi(zi-1,y) = he(ze,y) +1 = ming, , yeahe(z,y) +1 <
ming .yea [R*(2,y) +e] + 1 =h"(2:1,y) +e.

Suppose on the other hand that ¢-th iteration belongs target’s turn.
It istrivial when ¢t € Skip, since no update takes place. So further
suppose ¢ ¢ Skip and the target has moved from state ¢ to state
yt, while the problem solver remains at state x = x:—1 = x¢. Since
yt—1 and y; areonly one unit apart, h* (z, y:) < h*(z,yi—1) + 1. It
followsfrom (8) that h¢(z, y¢—1) = he—1(z,y:) — 1 < h*(z,y:) +
e—1<h(z,y4-1)+e. 0O

Now let us define the quantity* H; = > 2 he(w) — B (we).
Since there is an upper bound of the heuristic estimates, we have an
upper bound of the quantity H; aswell.

Corollary 1 If the initial heuristic function ho is bounded (but not
necessarily admissible), {H; | ¢ € AU {0}} is upper bounded.

The next lemma states that the amount of speed advantage of the
problem solver accumulates upon the quantity H;.

Lemma 2 Thefollowing relation holds for all t € /U {0}.

Ht—Ho-f-l,

. _ ift € Np;
|Sk1p(t)| - { Ht _ Ho,

otherwise.

©)

3 This notation is compatible with the one we have already introduced, viz.

theinitial states xo and yo and theinitial heuristic function hg.

4 This definition is reminiscent of the heuristic disparity of the original MTS
paper [5], and H; essentially playsthe samerole in our restated proof.



Proof The proof isagain by induction on ¢. Itistrivial whent = 0.
If t € Nr (target’'s move), and if ¢+ € Skip, we have H; = H;
since update does not take place. Otherwise, if t € Np (target’s
move), but ¢ ¢ Skip, then Y o hi(w) = >0 o he—1(w) —
hi—1(we-1) + he(we—1) = > o him1(w) = hy—r(we-1) +
he(we) — 1, or, equivalently, H: = Hy—, — 1, where w;—1 =
(ze—1,ye—1) and wy = (z+,y¢). Using the indicator function Zgip,
of (1), we can combine the above equations for t € ANr into asingle
formula

Hi=H; 1—-1 +ISkip(t). (10)

On the other hand, if ¢ € Np (problem solver's move), by similar
argument, we have
H,=H, +1. (12)

Summing equations (10) and (11) over ¢t = 1,2, ..., we have

t
Hy—1+ ZISkip(s)’ ifte NT;
Ht — ‘ s=1
Hy + ZISkip(S), otherwise.
s=1

The statement of the lemmafollowsfrom (2). O

Finally, the following theorem extends Ishida and Korf’s com-
pleteness theorem to the case of inadmissible heuristics.

Theorem 1 MTS is complete, if the initial heuristic estimate is
bounded (but not necessarily admissible) for every pair of states.

Proof Assume conversely that the problem solver cannot catch the
target forever. Then, by equations (3) and (9), we havelim;_, o H; =
0o, but this contradicts Corollary 1, or the boundedness of H;. O

4 CONVERGENCE OF LRTA*WITH
INCONSISTENT HEURISTICS

In this section, we show that the convergence of LRTA* can be de-
veloped by extending the lemmas used for proving the completeness.
Although several other techniques for proving the convergence are
known, our technique leads to much more succinct proof. Unlike
the previous section, we assume the initial heuristic estimates are
given by some (0-)admissible (but not necessarily consistent) heuris-
tic function hy.

41 TheLRTA* algorithm

The LRTA* algorithm can be considered as a specia case of MTS
algorithm in which the target skips all itsmoves, i.e., Skip = Nr. In
other words, it is obtained by fixing the target’s location y = o
in Figure 1 throughout the problem solving and thereby ignoring
Step 4b. Hence, in the following, the domain of function h corrupts
to X and we use the shorthand notation h(x) to denote h(z,y), as
well as 7 = t/2 asthe iteration counter. The LRTA* algorithm thus
obtained through the reduction from MTSis depicted in Figure 2.

4.2 Lemmasutilized

Our convergence proof is built upon the lemmas used for the proof
of completeness. This is the novelty of our proof, since al the pre-
viously known proof for convergence relied on the techniques to-
tally different from that of completeness. We start with an important

1. For each z € X, initialize h(z) with an admissible initial
heuristic function ho; i.e., h(z) < ho(x).

2. Set the problem solver’slocation x to be zo; x + xo.

3. Repest thefollowing stepsfor r =1,2,.. ., until z = y,

(a) Update the heuristic estimate i () of the problem solver's
current state x as follows.

h(z) «+ min h(z)+1. (12)
(z,z)EA

(b) Moveto asuccessor z of the current state x such that

z € argmin h(z) + 1.
(z,z)EA

If there are more than one such state, choose among them
arbitrarily (tie break).

Figure2. TheLRTA* agorithm

lemmaby Korf. It can also be regarded as a special case of Lemma 1
when e = 0 and the target never makes a move.

Lemma 3 ([9]) Updates by formula (12) preserve the admissibility
of heuristic function. That is, if the initial heuristic function ho satis-
fiesho(z) < h*(z) for all z € X, thenfor every = 1,2, ..., and
for eachz € X, hi(z) < h*(x) still holds.

Since the target (goal) is stationary in this case, every move by the
target is skipped; hence we have | Skip(27)| = 7 and | Skip(27 +
1)] =7+ 1and Hy; = Ha-41 foral r > 0. Then, (9) corrupts to
asingle equality

T =K, — K. (13)

where K, = H»,. Thisisthe lemmaalso used by [7], but only for
the completeness of LRTA*.

Lemma4 ([4,5,7]) For each time instant 7 = 0,1,2,..., rela-
tion (13) holds.

4.3 Convergence proof

The results in the previous sections show that LRTA*, as well as
MTS, arrives at a goa after making a finite number of moves. A
problem solving trial, or simply atrial, is the event beginning with
the problem solver’'s departing from the initia state and ending at
its arrival at the goal. This section considers the repeated trials of
LRTA* agorithm on the same problem; once the problem solver
reaches a god, it is reset to the initial state, and the search contin-
ues. The heuristic estimates altered in the last trial are inherited as
the initial heuristics of the present trial. From Lemma 3, we know
that the admissibility of heuristics is aways maintained, and hence
the prerequisite for the completeness of LRTA* is aso maintained
during such repeated trials. It follows that such problem solving tri-
als can be repeated forever.

For each trial i = 1,2,..., let ¢(z) be the number of moves the
problem solver has made in the i-th trial. We denote by «% the state
at which the problem solver has arrived by the 7-th move in the i-th
trial (for 0 < 7 < ¢(4)), and for any 2 € X denote by h(z) the



heuristic estimate h(z) at the same moment. The fact that the heuris-
tic estimates on arriving at agoal isreused astheinitial heuristics for
the subsequent trial is stated as follows: for any trial « = 1,2, ...,
and any statex € X,

heiy(z) = b (). (14)

Lemma5 (Corollary of Lemma4) The following equation holds
for eachtrial i = 1,2,...:
)= e

= Z i ()

zeX zeEX

) + hi(xh). (15)

Lemma6 For eachtrialn =1,2,.. ., equation (16) holds.
Z = hlw(@) = Y ho(x)+ > hi(zb).  (16)
i=1 i=1

zeX zeX
Proof By summing (15) overi =1,2,...,nandusing (14). O

Theorem 2 Thereisatrial such that all the paths traversed by the
problem solver in the subsequent trials are optimal.

Proof From (16), we have

n

> [eli) = b* (b))
Z heny (@

)= > ho(w) + Y ho(wh) — > h* ()

zeX zeEX
< Y R(@) =) ko), (17)
zeX zeX

where Lemma 3 is used to derive the inequality. In other words, the
series Y, [c(i) — h* (x})] of positiveterms has an upper bound, and
hence converges. Thuswe havelim,, ., [c(n) — h*(zg)] =0. O

Once we know there exists trial m such that all the paths traversed
in the subsequent trials are optimal, it is easy to establish the conver-
gence of the heuristic estimatesto optimal values on every state along
the paths traversed after trial m, by the similar argument as the orig-
inal convergence proof by Korf. Note that our proof is valid regard-
less of the consistency of the heuristic function, unlike the origina
one which implicitly assumed consistency.

5 RELATED WORK

Moving-Target Search Our motivation of studying the MTS al-
gorithm with inadmissible heuristics arose out of the difference be-
tween the value-update rules used by LRTA* and MTS. In addition,
it was believed that MTS was incomplete when heuristics overesti-
mate. This contrasts with LRTA*, which was aready known to be
complete even with inadmissible heuristics.

LRTA* If we assume an initially consistent heuristic function,
then it will guarantee the monotonic increase of the estimates as well
as the preservation of the consistency among them. As the original
convergence proof of LRTA* [9] takes advantage of this property, it
isnot generally valid when it isinconsistent.

Barto et al. [1] proposed trial-based RTDP, which is a general-
ization of LRTA* to the stochastic state space. It is aso applicable

to deterministic state space, in which case the algorithm reduces to
LRTA*. Their proof of convergence is viareduction to asynchronous
dynamic programming [2], which is equally applicable to inconsis-
tent heuristics.

Compared with Barto et a.’s proof technique, our proof lacks the
generdity to cover the case of stochastic state space. However, it
is much more succinct, as it fully exploits the nature of LRTA*. In
addition, it does not require the knowledge of asynchronous DP, a
theory that is powerful but relatively complex.

6 CONCLUSION

The contribution of the paper is as follows. (1) The completeness
of the MTS agorithm even with inadmissible or decreasing heuris-
tics. This extends the class of heuristic functions that are usable with
MTS and thereby the application domain of it, asit is often difficult
to construct admissible heuristic functions in many domains. (2) A
new proof of convergence of LRTA* algorithm under inconsistent
heuristics. The resulting proof is extremely succinct, and, unlike the
previous proof techniques, is built on the same lemmas as the com-
pleteness proof. This sharing of lemmas also clarifies that these two
properties are actually closely related to one another.

Yet, asthe blank fieldsin Table 1 show, there remain several open
problems concerning the properties of heuristic function and their
impact on real-time search algorithms. The most challenging should
be to prove the convergence of LRTA* with inadmissible heuristic
function without the guarantee of nondecreasing property.

Although this paper only presented the technical results due to
space limitation, we also plan to present the experimental results
elsewhere.
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