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Heuristic Search

Heuristic search is a subset of Artificial Intelligence for which the goal%av
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agent from its initial state to some desired goal W search
hods of searclfmlse of heuristic estimates. Heuristic éstimates

estima e cost from one state to another, and-are typically devi

specific to the worl eingvearclwd:"l‘ﬂ'ls’rﬁlﬁffeferred to as the
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In many domainsitis necessary for a search to behave in real-time. lrorder to do this, the search
must be capable of returning an action within a predetermined ti ound regardless of the size.o
the world in which the search. is taking place. Because of thishmitation, a real-time must return
actions before a complete path to the goal has been foufid.“In order to accomplishthis, the current
stab—of-the-art real-time search LSS-LRTA* a local search space to.determine the most
. promising action to take according to its.ettrent understanding of theworld, as represented
graphically below:
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Dynamic Worlds
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Many domains are designed to change gnthei
In such domains, a path which-was previously a
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less expansive. In order to handle this, a search must'geableoupdate its uiderstanding of t

world accordingly. The D* family of algorithms [

oshandle such domain
and is depi graphically below:
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It is often possible to search simultaneously both forwards f the agenta ba\ckwards from the
This can often improve search performance by shating knowledge between'the two halves of

Bidirectional Search ™
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Depicted: . ‘
Room world onee again, this time running
the original RTD* [3] algorithm using LSS-
LRTA* as a forward search and D*-lite as a
backward search. The small yellow dots are
states which the forward search has
expanded while the small pale blue dots are
states on the search frontier of LSS-LRTA".
The backward search is depicted using the

; : same symbols as above.
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thus providing dynamism to the search
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Introduction

Background

important domains, such as found in video game path planning and robot motion
’ planning, call for.real-time searches to be executed in dynamic worlds. Because of the nature of both
real-ti s-and'dynamicworlds, directly applying an unaltered search in such a way often
performs poorly. As such, it is preferable to adapt a search specifically to be able to handle dynamic
worlds.while'fiaintaining the real- arch property.
ains is by using a real-time search and a search for
dynamic worlds.as-theforward-and backward halves«f a bidirectional search, respectively. This
_.approach was taken in the original RTD" algorithm, and'is taken in the proposed ERTD" algorithm as
well. This approach is not enough'in-and.of itself, however,'as any performance improvements are
. —heavily reliant on the two searches connecting as quickly.as pogsible. For this reason, the ERTD*
algorithm.attempts to adapt the forward search to. dynamicworlds, so as to provide superior
serformance éven before the two searche’S*eQQnect.\~
In order to accomplish this, the forward searc epts proposed in
other state-of-the-art searches such as PLRTA*, as well as techniques whi been developed
exclusively for the ERTD* algorithm. By applying these techniques to tﬂe current state-of-the-art
algorithm RTD*, it is intended that ERT

can be improved to the point'that. Fforms other
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leading searches designed for t
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Mviously, real-time searches for dynamic worl prevalent in a number of différent
omains, the most common of which at;e)t)‘ﬁ?i’n vi ame Gsign and robotics.
Because of their.i €s generally require their agents to behave in real

strategy games, for instarice, will obviously need to abidelby the real-time
plex for actions to be computed offline prior to gameplay.
ly;

o react in real-time, must be able to'depend on their agents to
ey are issued. Additional ese games typically consist of a multitude of

robotics problems may occasionally involve multiple g@bots navigatipg®onc ntly, this is
not common. Moreover, when this does occur, thegnumber of agents s ing in ardﬁél is ge
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ary objective of this s to produce a real-time.se
worlds which outperforms the RTD* algorithm. In order to im
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e firs i i nted was the us , Which is meant to inflate the heuristic
eéstimates G prward search. Inflating theaeufistic in this manner means that it cansmno longer be
guaranteed admissible, but should at least B a closer approximation of thdtrue cost-to-go. Jordan
Thayer et al. [4] describe a method for learning afi / inflation value such as this, but do so with a one
step lookahead. Because ERTD" is a bidiregtional search, it has access to states for which it knows
the true cost-to-go before the agent ever reaches the goal. As such, we are able to build a much
more accurate heuristic inflator, allowing for improved performan€e of the forward search.

The second technique is borrowed from Jarad &rion et al. [5]°This technique requires the
heuristic estimates of the forward search to be partitioned into statioand dynamic halves (one half
that will change as the world changes and one which will remain the same). To do this, ERTD*
partitions between the base heuristic estimate of a state and the learned estimate formed after
revisiting a state multiple times. The learned portion is treated as dynamic, while the rest is treated
as static. The technique then calls for the dynamic portion of the heuristic to be decayed over time
so.that if it was in fact influenced by a dynamic obstacle, it can relearn a correct heuristic estimate of
theetate after the dynamic obstacle has pass&ne small modification in the ERTD* adaptation of
thisitechnique is that the heuristic is decayed based on the rate of change in the world, rather than
over-ti his is done so that the agent cannot get stuck in a loop “following its own tail” if there is
no changei i ) o

The third and fina ique was etter appropriate the backward search to searching toward
an agent which is constantly moving and attempting to connect with it. The reason for this
technique is that there are sections of the backward search which can be “out of date” and
untrustworthy. This technique was ultimately not implemented, as it was not clear how to modify
the search, and becal.be it was decided that given the nature of the search, this would not be too
problematic.
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Results

The figures below depict the performance of the RTD* and ERTD* algorithms over 50 instances of
the room world. The forward search to backward search ratios are 1:4, 1:2, and 3:4 respectively.
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- \//—_B\The plot below depicts the performance of the RTD* and ERTD* algorithms over a single instance of a

well known static video game map (pictured on right) from the game Dragon Age: Origins, courtesy of
Nathan Sturtevant [6]. The forward search to backward search computation ratio is 1:2.
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Conclusions

ERTD* performs as well as or better than the leading state-of-the-art real-time search for dynamic
worlds in all tested domains. Performance boosts are most noticeable in instances with a low
expansion limit, suggesting that the algorithm should be used when expansions are particularly
expensive or when the time bound in which an action must be returned is particularly short.
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