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A MULTISEARCH APPROACH TO SEQUENCE PREDICTION.

Pawel A, Stefanski and Jan M. Zytkow
Artificial Intelligence Center, George Mason University,
Fairfax, VA 22030.

ABSTRACT

In this paper we describe MS SPARC, a multisearch system that predicts
the next event in & sequence. Events are collections of auribute-value pairs.
Predictoas are made by applicadon of regularities (theocy) discovered a the
sequence. A3 the regularity or theory becomes more complete, the prediction

© becomes more deterministic. Formulaung a theory involves a sumber of acdvites,
including derivation of auxiliary atwibutes, selection of focus for regularity
dewection, regularity generation, testing completeness of the theory, etc. The whole
process is complex and heterogeneous, causing serious control problems as
reflected in limited capabilides of the exising systems. Is response to those
control problems our system is constructed on an explicit combination of several
searches, using multisearch methodology which has been developed recendy to
support the construction of complex Al syswems. The multisearch approach allows
for a betier understanding of the problem structure, for expanding the syswem by
addition of new searches and for simulation of other sequence prediction sysems.
Natural locations are created within each search for addinonal search operasors and
heuristcs. In addition to the known regularity generation methods, MS.SPARC can
gxfs:gmmguhnm that are composed of partial regularides, that hold for subsets

events,

1. MOTIVATION

Prediction of the next event in a sequence is a common and useful ask. We concentrare
on sinsations in which all or most of the informatica useful for predictioa comes from the
sequence itself. Stock market analysis based on detecting pamterns in previous stock values falls
ino this category, along with other empirical extrapolation tasks. The capability for finding and
applym; a regularity in a sequence is considered diagnostic wwards a droad specoum of

tellecrual skills, since as 2 rule, anvmonwuthn g 0a an intelligence wst is repeatedly asked
!or:henexxob;ectmuequencc to formulae, the prediction asks span 2 broad
sgecuumof &fﬁculty.fmmmwﬁ:odnmmtcmlm problems. Earlier Al approaches

[8]{9] were usually very narrow. Smnofd\emconsﬂmd only one auribute, fike in

gmeaextmmuaqmm.cr were limised © 8 class of ides sexrched for

bya'bhckbox tool, as in the case of regression analysis. Some recent spproaches offer more

techniques, applicable to events that consist damberdptmmofvmtypa

{1][ [10). Stll, human performance on heterogeneous dar is superior © the existing systems.

Even if a computer system can perform better or faswer than humans on some sequences, the
scope of sequences on which any given syswem would fail emirely is sull very broad,

Oumuv:nonfcdcvelopm(MSS?ARCwmdold.Fmt.wnmednm&:
scope of sequences for which successful predictions can be made. Second, we wanted to apply
the multisearch . We belicve that structured, expandable, and flexible design that are
produced as a resolt of approach are critical in the limitations of the
existing systerns, and can be useful in undersunding the scope efficiency of humana

thwedonounempc»fumulmammvcmdﬂdimnbchm« we
realize the typical steps that humans take in solving “the aext in a * problems and the
mdhmnconw! Pewkumdlysmmwcbecm;mleh based on the initial
mﬂytheymaodxcnewmbuman&m complex regulurity patterns, trying
makz prediction or become lost and tred,
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1. PROBLEM DESCRIPTION

In many prediction tasks requiring general intelligence, such as sundard intelligence msts
or Eleusis card game (2], the main difficulty lies oeither in understanding the elemenary seps on
the way w discovery, nor ia the capability for generating them. Once & regularity has bees
dewecied, itis usually wrivial 1 enumerate the necessary steps. The problem consists in choosing &
search method that can systematically yet flexibly apply various simple steps. Ideally, such a
method shouid oy each solution only once, be able to reach simple solutioas first, be driven by
the data and intermediate regularities found in the sequence, and sop a3 3000 as the complete
theory has been found. Solving the prediction lem 1s difficult because the moves wowards the
solution are heterogeneous. We may say that occur in different search subspaces and linking
them together causes control problems. Global control is difficult because the search should be
both systematic and efficient We believe that conceprual complexity is re ible for the
overall difficulty of the task © a larger exteat than compuwsational complexiry. Cutting down on
conceptual complexity is the major advantage of multisearch approach. Since prediction of the
next event is 8 complex, multifaceted task, it is an interesting spplicados for the muldsearch
apwh.‘l‘hepmblcm i3 10 sysiematically represent differeat as different problem spaces,
w link these spaces together, and impose systematic yet efficient control

3. MULTISEARCH METHODOLOGY

Because the multiscarch methodology was presented at length elsewhere [3]{11), we
restrict ourselves to the few basics. [a a multisearch system, different searches are explicitly
described by separase search templases. Search wemplates are object types, which are defined in the
course of multisearch program development. Instances of those templates, that are created at the
runtime during the course of problem solving are called search nodes. They correspond to nodes
in the search wee. The system is driven by the search interpreter , which performs the multisearch
by creating the template instances, executing the code included in each instance, and maintaining
the stack of active search nodes. All search emplates include the same generic list of slots. Some
slots store the code applicable at a particular phase of the search process. Cther slots are used for
storing data that identify a pasticular search state and the knowledge relevant to that state.
Categorizadon of the code into search phases provides a uniformn and useful structure. The
programmer is free 1w decide what code o put in & particular siot.

Each search node is gencrated at the runtime 2s an instance of the corresponding search
template. It inherits default actions and operators from its emplate, unless the default values are
explicidy overwrinen. The values of parameters are particular 1o the instance and are generated
from the parent node, according to the circumstances. After a search node has been generated, 2
sequence of actions is performed possibly resulting in generadon of other nodes, in performing
vanous actoas, adjusting heuristics at other instances, eic., until the executon erminates and the
- result is returned to the parent node. Figure 1 traces schematically the depth-first multisearch
process, as implemented in MS.SPARC.

4, DESCRIPTION OF MS.SPARC

The input to the system is a finite sequence of events. Each event is described as a set of
wribuae-vﬂn;’gm All events share the same anributes. The aaributes present in the input are
called basic. MS.SPARC can derive new auributes from those currently present in the sequence,
using transformations whose descriptions are in the knowledge base about the domain. Those
new atibutes are called derived. Derived atributes caa fully participare in future cansformadons,
therefore we can have a hicrarchy of derived artributes. The system is provided with descriptions
of all domains of aaribute values and with generic ransformanions. They constitute the
base of the system. In addition 1o basic amributes we introduce an independent attribute
“posidoa®, which corresponds to the event number in the sequence. This arribute participates in
transformarions and regularity search together with other artributes, but no regularity is ever
anempted for the position alone, since its next value is obvious.

The output consists of a set of regularities discovered in the ingut sequence. Formally,
cach regularity is an exccutable expression. It can be evaluated by the user or applied
aytomatically w0 predict the next events in the sequence. Semantically, a regularity is a resuiction
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input sequence: atiribute CV, values: 235812 .7

>

run time

C&sodnodn

Open (active) nodes

derive new attrbute:
ailferance (CV#i, CVa{i-1)}
values: 1234

Cal another search

Operators

2 inear model:
h-1 Gference{CVE,.CVEG- 1))
= position{ CV#i)-1

\j

Figure 1: Depth-First Multiscarch Schema in MS.SPARC

on the set of values of the basic atributes. A regularity may be limited o0 a basic attribute (like in:

"The rank of cach sext card increases by 1) or to a combinarion of basic and derived arribates

&eikcil;:W&ﬁmmamotmdMMkzdmmmduma
m").

The MS.SPARC process starts by a call o the TRY-ALL-BASIC-ATTRIBUTES search
{figure 2a). This simple search makes sure that cach basic amzibute is considered in further search
for the regularities. To model human performance, the basic anributes can be ordered
heuristically w mawch human preference for the attributes more likely to be tried first. The

measure caa be exiended o the derived antributes.

For cach of the basic awxibutes, the TRANSFORM search is called (figure 2b).
TRANSFORM generates new anributes by application of several mansformation pattems tw the
basic atwributes or w0 the arributes that were gencraied carlier. A new atribute can be derived from
one or moxe existing atributes. The TRANSFORM search tree has poweatial for an infinite growth
since endless derived atributes can be generated, unless the search is heuristically constrained.
TRANSFORM does not expand from & given node whea 2 regularity has been found for the
auribute generated at that node. The SFORM search looks for the regularity indirectly, by
calling the TRY-DOMAIN search (figure 2¢). TRY-DOMAIN opens up meww posnwt::

combinations of the existing atuributes, rying the current atribute in differer:



82

"""”,

Lt of basic

IIIIIII,/
&SR
/,a”llllll //’

%,
/

LA R

SN

7 TRY-DOMAIN Y
stubeteAs [,

. Q0
Tresryy

Figure 2b: Search TRANSFORM

other attributes, calling a FIND-REGULARITY search (figure 2d) for each combination of
arributes. Different combinations are considered because a regularity may involve one of more
atrributes. The regularity ((RANK x) = 10) involves one attribote, but ((DIFFERENCE (RANK
x) (POSITION x)} = (POSITION (+ x 1))) uses POSITION and DIFFERENCE which, in turn,
ummmmumbummxmmsmw , and very effectively allows w0 predict the
ue
FIND-REGULARITY (fi 2d) akes the lists of values for the arributes that TRY-
DOMAIN selected and tries 1o fit namdmwmamqu
design allows o use any number of models in FIND- Currently, three models are
ted, ardered according to their predictive and simplicity:
oaeonsmmodel.fcrmmnce{(wtx)s 0), which says that all events in the episode
have the same rank, 10.
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Figure 2c: Search TRY.DOMAIN

%

|  Sekctrelevammodel |

() () (=)

* 2 linear model, expressing s value of one atribuse as & lincar function of another atzibume, for
instance ((RANK x) = (+ P2£§n%ﬂ‘da:yxgl)xm;&emkdmhemnmm

dxmmposmmmthe
s periodic model, two astribates, such as:
{ («Moouw {POSITION x) 2) = 0) ((RANK z) = 2))
{{(MODULO (POSITION x) 2) = 1) {{RANK x) = (3 5))))
which say that clements ca even positions have rank 2, and those on odd, either 3 or 5.
pressed in mddsmmbofm ﬁxﬁh 4ot the re i
ex ey conjanctions, like in:
{(((COLOR x) = RED) ((MODULC (RANK x) 2) = 0}))
{{{COLOR x} = BLACK) ({(MODULO (RANK x) 2} = 1}})}
which describes the consisting of red even cards and black odd cards,

Even if TRY-DOMAIN can propose multi-aztribute domains for FIND-REGULARITY,
the aumber of anribuses is practically Limited by the nanure of the models. Some models can take
jwoxwmm»thmmmmmYMMMm
mv-mwmmummm.mdummmu
previously i anributes for which has becn foumd, or until no more  plaosible
combinarions of sxtributes remain. Some usednulea&ephuhlemhumcf
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attributes are descridbed in the following secion. Whea no more plausible combinations of
anributes remain, the congol rerurns © TRANSFORM, which evaluates any regulanices that have
beea found.

Regularities are evaluated and compared based on their ictive power, mesasured as
their non-determinacy. We preseat here one si example of its use: let's assume, that the
following rule was found for the basic acribute S «cowk X)s= RED). It doesa't allow us
to predict the SUTT attridute of the next card with the lwicumnq.bmmmnumm
as a restriction on the set of allowable values (it excludes SPADES and CLUBS, leaving
DIAMONDS and HEARTS). As it doesn't distinguish between two differeat values of the basic
arribute SUTT, its non-determinacy measure is 2. The noa-determinacy measure is a function of
the regularity model, the atgibutes involved, and their values.

The final result of MS.SPARC's muldsearch process is a set of regularities (:heory).
which can be used w predict the next eveat A valid prediction can be any event whose atribute
values satisfy all restrictions present in the developed theory.

S. SEARCH HEURISTICS IN MS.SPARC

Each space in a multisearch sysiem can be searched by application of different search
methods, and different spaces can be linked together in various ways. The multdsearch approach
generates systems that can be easily reconfigured and controlled heuristically in the interest of
computational tractability, cognitive modelling. and the like. The wols include the coatrol of the
depth, the branching factor, selective expansion of active nodes, the order of node expansion, and
many others. In the MS.SPARC systermn as in all multisearch systerns, we can distinguish
different kinds of heuristics:

(a) global heuristics for the muitisearch, which are used to link the search wmplates and
direct the overall search. Examples of those heuristics include:
« at what point and under what conditions a particular search calls another,
« the overall search control, for instance, depth first or breadth first multisearch control,
* predefined maximum depth level for each search, which can be modified. if no regularity
was found far the previous value - nmlzmmnvedaepemn&od
(b) local heuristics for each search, which determine the me of search (depth-first,
breadth-first, best-first), overall constraints on search (maximum depth). and local search
behavior ific to various nodes. The following examples include some beuristics used in
Ms. SPARSEOC
(1) global level heuristcs, used to select rules
« global parameter FIRST-STOP which controls whether the search swops after the first
reguhmy for a given basic atribute was found, or tries to continue until either “the best™
is found or all possibilides are exhausted.
(i) heumncs or search TRANSFORM
+ transformations are sclected based on their simplicity: unary, then binary without
parameters, then binary with parameters (like “lookback™),
sif theresults of a msfmumuapplndmaxqmmoumdeofu?cmdnnge.
wansformatioa is abandoned (like in the case, when the results of DIVIDE tansformatioa
are not integers).
(idi) heuristics for search TRY-DOMAIN
« no derived awribute should be combined with any of its predecessors, e.g. (DIFFERENCE
RANK POSITION) with RANK,
+ if the constant regularity has been found for the earlier introduced auribute, there is no
reason to combine it with the current one,
+ if no regularity was found for the earlier introduced atribuse, Ty to combine it,
« according to0 cognitive experiments, two (at most) different attributes can participate in any
: regularity. This heuristic also significandy reduces the search space for TRY-DOMAIN.
(iv) heuristics for search FIND-REGULARITY
* preference for the models that can produce simpler regularities.
(c) domain-dependent heuristics, represeated in the knowledge base, such as:
. arguments, and priorities of mansformations,
ble parameters and their priorites for each transformation (for example, “lookback™
parameter for the “difference™ ransformaton),
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« unfeasible models for each domain (for example, it is worthless to look for the linear
regularity for the aaribute COLOR).

6. ANNOTATED EXAMPLE

Figure 3 preseats the process of finding a regularity for the given sequence of numbery.
Onl%dme derived stributes which proved fruitful in finding a theary are shown. After applying
the DIVIDE mansformation the syswem realized that the results are all inegers, which allowed it 1o
continue down that path and try other ansformations (this is one of the local search heuristics,
described above). One of them was the DIFFERENCE transformation with lookback parameter
equal 1. One more application of this Tansformation gives the constant regularity for the derived
:};uibuue.whkhmbemmmpagmwmdmnmdemﬁnisﬁcpndkdmdthevﬂufu

next event.

VALUE

—@n 99 144 175 180 147 .1 @
POSITION £ Initial episode
* )

2 3 4 3 6 7

0'\1 (DIVIDE (VALUE *x) (POSITION *x)) |

-«@%333635 0 21 ) Transform

(DIFFERENCE (VALUE ?x) (VALUE ?y)
ookheckz=1)

(appl
& reverss
Ir;u;orm)
@3 1 35 9 )
{DIFFERENCE (VALUE ) (VALUE ?y)
lookbeck=1)
4 4 4 4 4 é )

Constant regularity found - ¢;r-:pdatc

Figure 3: Example.
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7. CONCLUSIONS

One of our main goals in commnng MS.SPARC was 0 test the multisearch
methodology on a new, inweresting domain, while at the same tirne © provide compettive solutios
10 the predicuon probiem. As a result we obained a system based on a clear swructure which is
flexible and casily modifiable. Many other sysiems can be simulawed in MS.SPARC, by
reswricdng the number of anributes and search mechanisms. Our system can be viewed both as a
couecnonofmufasolmgsequenwpmdxcmpmblcml.uﬂunetofworhnuymm
which differ by some heuristics. Because of an explicit combination of several searches, we also
achieved s broad of applications. Other important fearures of our sysem are:
Mmmmmm while all docoain-specific knowiedge resides in easily

system
- followmg human performance, the system discovers simple regularises first, and only if
unsuccessful, gradually increases the complexity (as opposed o0 SPARC [6]).

- aithough not as flexible as Seek-Whence 5], our syswem can modify the search stragics being
used, while working oa the particular problem,

- system is both model- and data-driven. Search for regularities is limited by odels available ©
the system, while oa the other hand, data-dependent beuristics are used tw select plausible
transformations and models.

- M5.SPARC can easily incorporaie more discovery methods by insening new searches and
adjusting data represenmtion. [t is therefore well moduhnmd. and with this respect, we believe,
superior to other systems.
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