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This thesis describes a system. ?t.A..'lO. for dis:overing substructures in observered action 

sequences. The goal of t.bis thesis is to show how I SYstem can learn useful macro operators by 

observing a wk being performed. An intelHcent robot using this SYstem can learn how to perform 

new tas.k.s by watching tu.k.s being performed by som.eone else. even if the robot does not. possess a 

complete understanding of the actions being observed. There may be more than one hypothesis of 

how an action (or macro operator) contribut.es to the completion of a task and PtAND aUows for 

these various munings to be pursued simultaneously. 

\1acro operators ue discovered wit.l1.iA a S'ptCiAc context t.bat provides the types of 

generalizations allowed in tbe discovery proces:s a.nd uses t.be previously proposed macro operators 

to build new ones. Background knowledge is used to determine which cenen.li2ations are 

appropriate and to contrOl -.reh. AltJlough t.be system an discover simple syntactjc structures 

discovered wben bKkaroWld knowledge is incorporated into tbe process. 

The foundadons of PLANO are in similarity-di6uenced based learning SYstems that perform 

concept.ual ~lUS'tft'ing. however tJ:Us system incorporates more background knowledge than previous 

systems to improve tbe le&r'l'1ill& capabilities of t.I1e system. Sample tasks of discovering macros for 

movinl boses bet.Weeft adjaceat rooms and undersu.nding a Student's daily routine are presented to 

demonstrate tbe capabilities 01 the SYstem. 
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CHA.P'TD 1 

INnODUcnON 

Learning through disl:overy is important in many areas of research. For ,enturies man has 

labored to ieam more about the environment in which he survives:. The ability to reduce the 

compluity of phenomenon hu enabled the understanding of ,omplu entities ranciD. from the 

atom to deep space. Much of science has been ,oneemed with brealr.ing events into smaller pieces in 

order to study those parts. The smaller components are simpler to study and facilitate a better 

understanding of th~ whole. Other aSpects of science bave worked on explaint.nc objects by 

grouping elementary components into structures. There are fewer structures tl:wl elementary 

components in the rtew system to consider. Viewing the structure as macroscopic pans allows t.he 

more important relationships between the partS to become apparent. This thesis describes a system. 

PLAND. that discovers plan macros by an aglomentive clustering of plan (action) sul:IIII!quences. 

PLA~D (PLA..'l' Discovery) is a system that leams useful operations and groups important 

sequences of actions into bundles by observing someone elst performing a task. n. goal of this 

thesis~is to show that a SYSUlm can learn useful sequences of actions by oblervinl the l!'Xecution of a 

wk without t.USdersta.ndinl t.he justification for all the sups performed. This is an old idea and is 

one of the foUDdatioas of apprenticeships: an apprentice is able to learn from the mlSl.el' cnitsman 

by observing his skill in action. The algorithms presented aUow PlAL"lD to leam in a similar 

manner. 

If a system eQuid understand a set of operations by dalil'lg individually wit.b the primitive 

a.ctions at a single level of abstraction. then the wk of substructure discovery would be simple. 

But in solving a problem there is a hierarchy of goals that bave been met. The observer may know 

http:explaint.nc
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the highest level lOal but not the intermediate goals. Learning only the useful operations at the 

lowest level is not enough. The system must also build up the goal structure to aid in the 

understanding of what has been observed. 

The system collects into chunks groups of actlons that are observed occurring sequentially 

and labels these chunks macro operators (macrops) [Fikes72]. ~acro operators can be used by the 

planning system to achieve greater effiCiency the nezt time it has to perform a simtlar task. There 

are three types of macro operators that tbe system may discover: loops. conditionals. and 

sequences. A loop construct consist.s of a body of actions that are ezecuted repeatedly until some 

condition is obtained. Conditionals are structures that allow choice points in the path of execution 

of the ma.crop. Sequences are simple blocks of actions that appear in many pla.ces of the observed 

action trace. These constructs allow the system to deAne macrops with tbe expressiveness of 

regular grammars. 

POssessing only knowledge oC these three types of macrops. the system is able to lind 

interesting macraps in very simple domains. but more power is needed to find macro operators In 

complex domaifts. Power is obwned throulh the use of background knowledge speciAc to lbe 

domain in which the task is performed. 8aA::klround knowledae is used in a variety of ways by the 

PLA~ system. ranging from guiding the execution of the algoritllm (meta-knowledp) to 

determining if speci4c blocks of &etions should be allowed IS macrop deAnitions. PLANO combines 

similarity-<1iJf..nce based learning (SDBl) algorit.b.ms (Hayes-Roth7S. HoffS3. Stepp&4. VereiS] 

with knowltd&t intensive routines [DeJong36. ~itc.be1l161 to discover interesting macrops. 

.An eumple will give a better peispective of wbat PLA.'lD accomplishes. PLANO is built 

with the objective of helping an intelligent robot learn about the world in which it operates. 

Assume a robot bas lived in the city SlDC. being built and suddenly the owner of the robot moves 

to the suburbs. The owner tells the robot to keep the yard looking I1Xe and points out tAU the 

o l1eighbor has I. well groomed yard. At t.bis point Ule robot is befuddled. it cannot use its SDBL 

algorithm.s to learn how to clean tip t.be yard IS only one eumple his been presented. It cannot use 

http:algorit.b.ms
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e.1planation based lamina (ESt) aliorithms - it possesses no doma1n knowledge about lawns. 

The robot is intl.1lilent enough to wait and see bow the neighbor keeps tbat yard so nice. The day 

tbe neigbbor is mowing his yard. tbe robot is there observing him.. The robot records every action 

tbat tbe person makes. even tbougb it does not undemand tbe reasons bebind tbe actlons. The 

robot observes the following actions: 

( 1 ) 	 The neigbbor walks around tbe yard stopping to pIck up a soda pop can. tben a toy. and then 

a piece of paper. 

(2) 	 The person st.U'tS the lawn mower. 

(3) 	 The mower is pusbed back and forth across the yard. cbanling tbe path of tbe mower by its 

widtb each time. 

(4) 	 When the yard bas been traversed witb the mower the person shuts 06 the 1D0wer and goes 

into the house. 

Reviewing the sequence of actions just performed tbe robot is able to figure out two macrops. 

First. a looping construct is discovered for pushing tbe mower. The robot genen.lizes that the euct 

number of paths made with the mower is irrelevant. With the mowing macrop the robot realizes 

that the m.ower cannot be pusbed over items tbat may be cut. It reformulates the actions it has 

observed to consider all breakable items as equivalent. :'-low the robot can discover another loopinC 

construct tbat contains a conditional action. The loop is for walk.ing around the yard and pickinc 

up Ilrbage. w..... pick.inl up cuba.. is a conditional action depend inC on identifying small 

breakable thinp found in yards. The number of brealf.&ble items in the yard is irrelevant to tbe 

discovery of the loop. 

The role of background knowledge is important in this scen.a.rio. Knowledge about various 

utifacts allows the system to generalize over all items tbat. are brealf.&ble and discover the 

conditional plan for picking up items in the yard. Since the robot has m.acrops for picking up junk. 



in tbe yard and pushing tbe mower. it may mow the yard witbout baving to plan every action a.t 

the lowest level and without baving a complete (deep) tbeory of yards. 

This thesis describes how the PL)u'iD system can learn by watcbing tbe performance of tasks 

as in the scenariO above. Before explaining exactly how Ute system works. some background IS 

presented in the next chapter. After discussing related work in Chapter 3. Chapter 4 gives some 

basic definitions for substructure discovery. After tbat the system is described in Chapter 5 and 

Chapter 6. followed by examples run on the system (Chapter 7). future work (Chapter 8). and 

conclusions (Chapter 9). The key points of tbe thesis are that laminl Sllbstructures is an 

important type of discovery and that Sllbstructure discovery can take place in knowledge poor 

domains but better structures can be composecl wben knowledge is used in conjunction witll the 

discovery process. 



BACICGROUND AND M01lVAnONS 

This chapter presents the background information that is needed to understand the remainder 

of the thesis. Along with the background. some motivations for building a system like PLANO are 

discussed. 

The problem studied in this thesis is discovering t.be structure of plans observed in Ule world. 

Specifically. an intellicent robot using this technique can leam from the actions being performed 

a.round it. even wben the b.ierarcb.ical structure that dictates the Ic:tion sequeftce performed for the 

t&S.k is unknown. Research on PLA.."lD addresses the issue of discoverina maao operators 

(maeroJ'S) from a set of obser'ved plans by using ctJrlC_pnMIJ. dwtC"'ing tec.tmiqUIS. The mechanized 

discovery of maaoJ'S is desirable for au.ny reasons. Pim. reducing t.be complexity of an observed 

event facilitates tbe u.nderstanding of Ule event &I a whole. Second. when. an entity mutt plan 

bow to perform a t.U.k. it it euier to pla.n at a biCher level ilftOring unimportant details by using 

macrops. Di8covend maaops facilitate planning in a top down fasbion. Third. usina maaops 

allows a pla.nDlr to bandle ionpi' plans (more primitive actions) than would ot.he:rwise be 

computationally possible [Pikes72L 

~cro operators are I. type of substructure. A substructure can be viewed as a collection of 

nodes and relatiOns between those nodes. Wben an observed event contains a large number of 

nodes it is beneficial to reduce t.be inherent complexity by lfOuping sets of nodes together and 

c~nsidering them. as a single unit. especially in visual ~eption (Treisman&2. Wo1Jf16. Zahn 711. 

Compaction is also important wben p1a.nning for the execution of a t.U.k. An executed plan is jutt a. 
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sequence of p1'im.itive action steps. Groups of action sequences may be performed many times in an 

uecuted plan. and are tbus more efficient when considered as a unit. Macro operators (macrops) 

are these groups of primitive action steps that may be reasoned about as a complete unit. The 

cogniliw st:rVin.gs associated with one or more macrops is a numerical measure of the a.mount of 

mental effort one Ilins by using the macrop(s) instead of tbe primitive actions. 

The PLA~D system disl::overs the structure of a plan by forming into macrops logical 

groupinp of actions tbat perform a definable unit of work. StruCture in tbis case is tbe 

relationship between actions used to accomplisb the plan. The system learns by chunJc.ing (Laird84] 

actions into mac ro ps. The learning \Xcurs at tbe knowledge level (Oietterich86bl because the 

macrops constructed are new forms that tbe system can use in reuoniDC. Before the mac::rops are 

formed the system has no mechanism for reuoninl about the group of actions in the macrop as a 

complete unit. PLA~D discovers three types of macro operators: loops. conditionals. and 

sequences. These are discussed in detail in Chapter 6. 

Learning by observation or discovery is one of the si~ types of learning identified by 

~licha1sk.i [Micha.ls.ki&6]. Mkbalski also de6.nes two fonDS of leaming by observation. active and 

p&SIIive. In active observation the system poll ISMS the ability to permuw or directly opiore the 

environment: uperimentatioft is possible. In passive observation the system does not bave the 

powa'to cbance events: experimentation is not possible. Both types of diKovery are important and 

useful inpe;nicular situations. It would be di8lcult to leam chemistry without performing 

operiment.s. buc lIIucla bas been lea.mect about 1SU'0pbysiC$ without experimentation. This research 

looks at the &rei. of pusive observation for discovering substructures. Subl'tructure dircovezoy is a 

loliCal utension to t:tJrU:tIpt'U4/. du.stll1'i1lg programs. such as t.be CLL'STER (amily (Michalski33b. 

:\focensen&7. Supp&4]. The CLt.:S'TER progt'UIS group items bisect upon descriptions given about 

the input events. Intelligent dustering systems must. be able to dev_ relevant attributes upon 

which to cluster objects to dnd ,luswrings that address the lOals of t.be given tuk.. Substructure 

discovery isconcamed with this problem. Generating substructuns requires pGTt-lO-whol.. 

http:st:rVin.gs
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generalization (Dietterich&6a]. In otber words. from the pieces t.be system sees. it determines bow 

the complete event is best described using generalizations of the fragmentS. 

2.2. BackgroQ.Dd KDowledae 

PLANO uses background knowledge to belp guide t.be search for macro operators. 

Psychological researcb has mown that analysis of similarities and diifennces alone does not 

account for tbe cattlories formed when classifying event.S [Wattenmaker81]. A system needs some 

notion of conte.st (or the classiftcations being made [Tversky17]. As described in section '.3. 

PL-\ND builds cOtU.:as for various levels of generalization it uses. The background knowledge 

indicates which conte.st should be used on a specinc pass of the algorithm. Contdt.S allow the 

system to alter itS views of the input actions. In tbis way tbe system can hold more tb&n one 

possible interpretation for tbe action steps at any point in time. 

The knowledge used depends upon the actual task being performed. If very little about t.be 

task is known. then little direction (rom the background knowledge can be given. In this case the 

system discovers a regular grammar to describe the input. Wben the system bas much knowledge 

about the domain. that knowledge can be incorporated to help guide the search for new macrops. 

Of course. if the system bad complete knowledge of tbe domain there would be no reason to 

perform t.be discovery process. 

OiscovlriDl sut8tructuns is an interesting problem partly because it is so closely related to 

Gcsrtdz psycholOlY. Conceptual cl'US'tering is based on the premise of dividing objectS into 

concll'tually coberent groups. But building substructures allows a system to develop clUS'terings 

with a more Gestalt sense. Wben a sysum is creatine substructures it is deining the -attributes­

that make ocCUlTenclS of the substructures equivalent. If one set ot subl1ructures d.oes not 

a.dequately describe the input. then another set may be discovered. This level of control is 

important because it aUows lbe system to lind di.tferent dusiftcations of lbe same input even'CS for 

http:conte.st
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very di!'erent purposes. The tle:s:ibility o!'ered by such a system that interprets its input greatly 

surpasses the best system which can use only the initially given attributes. 

The key to discovennc substructures in this manner is background knowledge. To 

demonstrate this Bongard (Bongard67] p1"esents many sets of drawings and chilleng_ a system to 

describe the conceptual di.iference between the two classes in each set. People can perform this task 

qUite well. Before a system could begin to describe the ditferences between the c:l&.SSll it would 

have to be able to describe the components of the drawings at a conceptual or Gestalt level. 

Substructure discovery seems to be the logical approach to solving this problem. The basic 

knowledge about drawings is limited (lines. circles. above. below. big. small. etc) but'the number 

of combinations explodes wben searching for an answer blindly. However. a system that uses 

knowledge to discov.er segments within the drawings and then uses coftlU'aints implied by those 

structures might be able to solve the problem. This is an interesting pr"t)blem. and the researc:h on 

PLA~D and substructure discovery is a very small step in the direction of a solution. 

http:discov.er
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CHA.PTEI. 3 

R.El.ATED WORX 

The ideas incorporated into PLA~'D are derived from a variety of other systems. These 

systems and their relations to PLA~D are discussed in this chapter. Some of these systems are 

related to PLA.'lD by domain. some by vinue of Qeing discovery systems. and some by conceptual 

parentage. ~any systems will be referenced in this chapter and all will be contn.sted against 

PLAl'm. but not with each other. The ctt:STER family of progn..m.s. only abstrxtly related to 

PLA~D. are covered Am. ~ext. the relation between PLA~D and other discovery systems such a.s 

GL~l:BER. STAHL. A ..\f. and Et:RISKO will be explained. Then. two progn..m.s witb. special 

relationships to PLAl'm are presented: ~OOOY and SPARC/G. ~OOOY. like PL~ND. learns 

macrop operators for plans but :"-lOOOY learns from teacher supplied enmples. SPARC/G is i 

general qualitative prediction program with much in common with PL~='lD at the functional level. 

~ext. a few systemS that work on building finite state machines or regular grammars from 

inpu\loutput uace. are diKussed. since PLANO performs this task wben aot working with 

background tao"'l..... Finally. another subllructure discovery program. Sl..'BDl:E. is discussed. 

The most widely known conceptual cl.uring programs are tbe members of the ctt.:STER 

family. They include CLt:STER/l [Stepp&3. Micbalski83b]. CLt:STER/S (Stepp84]. and 

CLt:STER.lCA tMops1Hft81]. Conceptual clustering is a form of discovery or learning by 

observation where a fl'Oup of items (examples) are cLusUied by attributes and structural relatIOns 

of t.be individual items. The clu.sterinp are t.sec:1 on the conceptual cohesiveness [M1cbalski83b] of 
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the items within ana between the clusters. The algorithms try to obtain high intra-class 

cobesiveness ana low inter-cla.s:s cobesiveness. CLLSTERi2 '''''orks only with attribute-based 

descriptions. using attributes of the whole Object such as color. si.ze. shape. ana texture. 

CLLSTERIS is an extension of CLL'STERIl which builds clusterings based on attributes ana 

structural components. Structural components allow one to express properties of the SUbparts of 

an item and relationships between those parts in the form of :"i-ary predicates. Eumples are on­

top(lintel-l.support-2) and c:omponent-ofCwheel.car). CLL'STERICA usa a goal dependency 

network COON) (SteppUJ to direct the algorithm to develop better clusters wbere '"better- depends 

upon the domain and purpose of the clustering. The knowledge stored in the goal dependency 

network enables CLL"STERlCA to build clusters that more closely fit the circ:um.sta.nces of a 

particular user's situation. 

Two imporunt a.spects of the the PlA..'IO system were derived from the CLL"STER systems. 

The first is the impor..anc:e of deriving attributes during clustering. Experiments with CLL"STERlS 

showed that the best attributes for clustering are net always t.hose that are given initially. The 

system usa inference over backgrouna knowledge to generate new attributes for an event using the 

process known as cOTUmu:till. ~tu:tf.on (Oietteric.h83]. In PlA~D a process like constructive 

induction is applied to discover structural patterns of nodes that can subsequently be treated as 

attributes in the overall StrUCture. The discove:red structures are built up from elementary pieces 

(nodes and relational by performing ptIrt--to-whDlll generalization. The lowest level elementary 

pieces are the action steps in an event that is an observed execution trace ana t.be glue tbat connects 

the actions is the ·follows· relation. Discovering internal structure in events is a logical extension 

to t..b.e inc1uctive techniques used in the CLt.:STER family oC programs. 

The second important trait PlA:'lD received from the ctt.:STER systems is t.he notion of 

using backrround knowledge to guiae the discovery process. CLt.:STER/CA uses a OON to help 

guiae tbe search {or useful clusterings. but compared witb PlAND tbe knowledge wes ~ more 

passive role. PL~'lD uses domain. knowledge in an active way. using it to determine levels of 

http:tu:tf.on
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generalization in addition to guiding search. As described in sectlon SA. PLA.'iD uses background 

k..nowiedge at many dUferent levels. 

There are some obvious di1fennces between the PLA="iD system and the ctt:STER programs. 

The most important durerence is that the ctL"STER programs are given distinct items which are to 

be classified. The PLA..'iD system wes in a trace of an action sequence and does not attempt to 

group the individual actions into classes. Rather. it connectS these actions so that the instances 

within the formed macrops ate similar. Thus the grouping does not occur based upon attributes 

assigned uternally to the items. but on the structure built by Ule system. Another dUference 

between these systems becomes obvious when looking at the method in whic.b. t.be classes are 

formed l . When building a hierarchical clustering. ctt:STER Statts with the most general class and 

then decomposes it ~hen going down the hierarchy. PLA..~D on the other hand S'W'ts at the 

bottom. with individual actions. and composes them into murops. Th. tUCl'Op8 can be built 

recursively using other macrops. The structure for the wbole input sequence is discovered from 

the bottom up. 

3.2. Scin.~c DitcoTer7 Syste2D.I 

PLAND bas many featuns in common with other discovery prorrams. GLAt..'BER and 

STAHL (Langley&6] are th4t S1*iic pt'OgTaml discussed in this section. They are members of the 

BACON family of scientific: discovery systems (LangJ.y311. GLAeBER formulates qualitative 

empitical laws: tbe pI of the system is to transform & set of input facts into a set of laws of the 

same form as the facts but with speciic subs'Wtces being generalized to abstract classes. Figure 3.1 

presefttS the form of th. facts giveD to QLAt:BER and the rules discovered (La.ngley&1}. OLAttBER 

consists of two main operators. FORM-cL\SS and DETERML"lE-Qt: ANTIFIER. FORM-CLASS 

takes the input factS and generalizes them by replacing the most common argument in all 
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Input fact: 

(react.S Inputs tHCl ~aOHI outputs l~aClI) 


Output rule: 

'V alkalis 'V acid 3 salt (reacts inputs !acid alkalil output.S Isalt! ) 


Figure 3.1: Sample Input and Output from GL.~t.,:BER 

predicates by a class name. OETER:vtL."lE-Qt:AN I IFIER decides if the new class discovered by 

FOR~I-CLASS should be universally or existent1ally quantified. 

STAHL is like GLAt.:BER in that it accepts qualitative statements as input and outputs 

qualitative statements. but STAHL builds an internal representation for the suuctures of the 

substances used in the statements. These strUctures an be viewed as explanatiOns of the facts in 

the statements. 

PlA~ has more in common with these systems than simply being a discovery program. 

GL~t.:BER performs its generalizations in multiple levels wbich can be considered equivalent to 

PLA:-iD's contextr. These levels are built by allowing FOR~I-CLASS and OETER..\f.tN'E· 

QUA~'TIFlER to work on the results of a previous level. Like PLAND. GLAlilJER works in a 

bottom up {uhion. buildirla tbe bierarehy by arouping items. I..a.ngley et 11. (Langley&7] point out 

that there an two dil'ennl types of aareaation performed by discovery systems. III ClUSTER and 

GLAeSER. the systems must. cteciCe wbich instances should be vouped together to form classes. 

In the auregation performed by PLi\..'lD. the system must. determine wbich pans of the input 

should be grouped to build higher level objects. The dil'ennce is subtle but important. 

STAHL discovers the components of nonelemental substances involved in chemical reactions. 

STAHL tries to determine the structure of compound substances by proposing a strUCture that will 

2 See SlC1:iOIl j.J Cor dlrt&ils 011 COlIWXUo 
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work in all the known reactions. This system proposes structures that meet lbe constraints of 

known reactions. As other chemical reactions are presented to the system (working in an 

incremental fashlon) these structures may bave to be revised.. This di1fers from the PlA.'fO system 

where the structures are built up from wbat is observed and no formula is available to cbec:k the 

cornctnea of the substructure. In PL~"lO. the complexityo( nesting macrop operators is 

introduced by the system. not by constraints that are given. 

3.3. AM md EL'"RISICQ 

AM and Et:RISKO an two of the most imporunt discovery programs written to date 

(Lenat84J. Starting with a set of mathematical knowledge ..-\...\1 uses a best·fim search strategy 

based. on the interestingnea of a concept to discover other interesting concepts. The system uses a 

frame based representation for the concepts discovered and an agenda system to dec:ide wbich 

concepts to pursue in the searcb. Et:RISKO builds upon AM and allows lbe system to modiCy the 

heuristics used in the search as well as build new concepts. At a superficial level there are a couple 

of similarities between PLANO and AM. Like A..'VI. PL~""'O uses an a~ control system to help 

control the search for macrops (conceptS). Both systems use a metric to determine which agenda 

items to perform •.-L'VI USIS interestinpes:s and PLA'll) USIS the sum oC the cognitive savings for 

the macrops deAned in the apnda. 

These system.s share more then surfac. (eatures wben the use oC background knowledle is 

considered. lC.ftow1edae allows AM to permule its concepts in meaningful ways to develop 

interesting concepu. The heuristics are knowledge driven to e.tIciently guide the system in the best 

direc:tions. Likewise. P~""'O is very dependent upon knowledle to direct its sea.rdL Without the 

use of domain knowledge PL-\.."lO would still discover the same mac:ropr but not as quickly. Both 

systems embody the notion that much knowledge is required to discover interesting concepts. 

1 .-\t th. 1 • .,.,1 Qf th. Ktioas I'Val. th. SYSlaD "'itM~t baclplUld Uowlectce could IIDt ....cnlia the Ktiou to 1""" 
cl uce a.ew COiltau. 
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Et:RlSKO ':ltend~ AM by aUowing heuristics to modify other heuristics as well as concepts. 

Although PLANO .does not directly modify its heuristics. it does allow the baclc.ground knowledge 

to. determine where it should search (or macrops. If the system is pursuing more than one goal. the 

knowledge may indicate that different heuristics are applicable in the di..tl'erent Situations. As the 

system works on more general levels of the action tuerarc:hy the heuristics may also change. 

Alt.hough PL'·~'J:'lD does not currently modify its knowledge. other than to indicate a di..tl'erent 

working level. there are no reasons why future versions of the system could not modify the 

knowledge base during processing, 

3.4. NODDY 

Andreae"s :'-iODOY system [AndreaeSS] has a speciAl relation to the PLAND system. The 

connection between these systems lies in the notion that discovery may occur throulh planned 

iterative discrimination. This is tb. type of relationship between INDUCE (HoffS3] and 

Ctt.:STERIS. :'-iODOY learns generaliZed procedures from positive eumples presented by a tacher. 

The system is able to generate negative eumples from t.he positive eumples given. Thus ~ODOY 

learns with the aid of an instrUCtor (L.'l'DUCE does likewise) wbere PLANO leams by observation 

and must devise its own examples (CLUSTER determines which events are -positive· seeds and 

-negative· seeds), CLt.:STER can conceptually be thought of as selecting initial points (seeds) to 

represent clasles and t.beft u.iftC INDUCE to determine descriptions for the classes by utendinl the 

poinu against. taCh other [Stepp84]. At a very abltnet level. one could i.m.agine discovering 

macrops wiUlill a ttac:e by brea.king it into chun.ks and letting ~OOOY process these chunks to 

build procedures. The problems wiUl sucb an a.pproach are enormous and the procedure would be 

inefllcient. 

Although ~OOOY and PLAl'lD both produce generalized procedures from sequences. tbe 

knowledge used to build t.hose procedures is very different. :'<lOOOY performs the minimum 

genetali..zation possible to cover new eumpl.. Following in the paraclilm of Winston's ARCH 



system [Winston"}. lbe eumples must be presented in a pedagogical manner. PL~'ID does not 

perform minimum generalization beCause In Inductive inference is made just to propose a macrop 

structure. When specific examples are given to a system. it may focus on components that are 

different from previously encountered events. This allows more speciiic cbanges to be incorporated 

into the built structure. When discovering structures. there does not exist a -standard- to compare 

\with proposed structures. ~OOOY does not require or use much domain knowledge. Since it is 

handed examples. the system only needs knowledge on the basic actions and the procedure 

constructs allowed. PlA;'\'O reqUires much knowledae to help it FUne the search space to a 

manageable size. 

One clear example of how these systems di1fer is in the creation of loops. :"lODOY does nOl 

explicitly produce a looping construct. loops fall out as a byproduct of the minimal generalizat.ion 

that takes place wl1en an eump!e with a loop is presented. PlA..~D on the other hand searches 

intensely for loops because they are I conceptually strong structure for actions. 

PlA.ND and ='40DOY perform their tas.ks in the same domain. procedure actions. ~OODY 

works wit.b eumpl. that are known to be correct. Therefore the system can lam some of the 

conditions for tb.e conditiona.ia that are produced. PLA~D works wit.b an unstrUctured 

observation. It must build SU'UCture on top of the actions in order to facilitate the understanding 

of the task being performecl. 

3..5. SP AltClG 

SPARC/G is. pnen.l purpose prediction program [Mic.b.aJ.ski87]. Given evenlS and attributes 

for those events the system determines wbich attributes are important in correctly predicting wbat 

might happen ne~t. Of course tbe prediction can never be certain. but SP.4.RC/G attempts to 

constrain the number of poSS'Jbilities to as small a set as possible. Figure 3.2 Ulustrates a typical 

input eumple to SPARc/G. Given such an eumple. the system would predict that the next item 

would contain four nodes. In order to make such predictions the system musc model what it bas 

http:conditiona.ia
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Figure 3.2: SPARe/Q Input 

observed thus far. This requires part-to-whole genenli.zation. similar to that performed by 

PL~ND. SPARe/G learns what periods e~ist in tbe given eumple in order to predict future 

events. There are tbree types of periods defined by tbe system: 

(1) 	 Periodic conjunctive model. This model speciiies that the period is l conjunction of pbases 

wbere eacb phase is a predicate calculus formula·. A period of .... blue object followed by a. 

red object is represented as 


Period (color(blue). color< red». 


(2) 	 Look back decomposition model. This model'requires that the nezt Object type depend upon 

previously encountered events. The period is in the form ot it-t.hen rules. The left .band sides 

of the ru_ refer to the previously seen events. Sublcripts are used to indicate bow far blck 

in the sequ.ce the prec1icar.e applies wit.h zero being the nut event to be encountered. The 

rule represented by 

color2(red) -> colorO(gnen.) 


means that if tbe Object two places back is red t.hen the nGT. event will be green. 
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(3) 	 DisjW1ctive Normal Form. This form allows sequences to be de:scribec:1 in a bien.rchic:al 

fasbion as & sequence of subsequences. For example the sequence 

S - < 3.4.4.5.5.5.6.6.6.6.7.1.1.7.7> 

can be describeet by 

S - «3.t>. (4.2). (5.3). (6A). (1..s) > 

that is fauna by computing the di.tference between items and re<:oinizing that the next item in 

the sequence occurs one more time than the previous item. 

The perio<1s discovered by SPARC/G ana the loop constructs discovered by PLANO are 

conceptually very dose. thougb tbe actual representations are very different. The pbase of a perioct 

is equivalent to the body of a loop. The SPARC/G syStem uses difference rules to compute the 

diJferences between values that it sees. These are analoaous to the fuzzy matc.binl rules that 

PLANO uses to centralize tbe actions. SPARC/G can and patterns that resemble conaitionals but 

the segmlDt conditions m.ust be provided by the user. w.bere PLA.'lD cliscovers tbe brea.k 

conditions. SPARC/G caD euily represent a sequence of increasing items such as 

<1. 2. 3. 4. 5.6.7.8> 

where PLA.'ID bas no method of representinl sucb panems. 

SPARC/G uses some bKkaround k.nowledae in its processing. The typical eumple is the user 

provida the number of pbuls to apect in & Period. SPARC/G is not consualned to work in a 

sinlle domain but tbat a.bD mans it is not able to take advanta. of certain constta.ints round in 

the action seq\lllDCe domain. 

. PLA.'lO caa solve problems tbat SPARCIG cannot handle. .<\ loopinl SU"UCture with a 

variable number of iterations of the loop body is discoverable by PLANO. But SPARC/G requires 

a fixed number of iteratiOns (or a ddnite pattenl as deAned above) for eacb occurreru:e of tbe loop 

in order to discover it. This greatly constrains the type of strUCture found by SPARC/G and 

panerns in tbe action-sequence worla rarely occur in this rigid format. even wbee a clear pattern 

exists. 
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3.6. 	Grammnica11Dference 

When PtA.ND does not use background knowledge it finds macrops t.hat ue equivalent to 

ftnite state machines for cbunks of the input. The input e:umple is equivalent to I string wbere the 

actions are letters of the string. The set of macrops disc:overed for an example can be thought of as 

a grammar to detine the input example and other ·similar· strings. The tim part of this section 

describes some previous work in grammatical inference and the tenuous connections between this 

l'@SUrch and PtA~D. The second part of this section discusses the SNPR system of Wotff and the 

similarities PtA~D has with it. 

3.6.1. Lear:a.inl Grammen from £n.mples 

~tuch research bas occurred in the area of learning grammars from eumples. The details of 

this work will not be presented due to the volume of material and the slilht relevance to the 

Pt.-\NO system. This section will present a quick. overview of this research and show wbere 

PL-\NO fits in this scheme. ~uch of the researc:4 in this area bas dealt with phrase strUcture 

grammars. not just regular grammars. 

enumerative. 

c:onstrUCtive. and re6nemmt [Cobenll]. Enumerative methods generate grammars one by one and 

test. ach to determine bow well it. da:ribes the e:umples. Pac and Carr [Pao781developed a 

system that CODlU'UCts a lat.tice of the possible anmmlfS and uses thia lattice to tnd regular 

gnmml"s alOft dlciently tJwl the suailhtforward enumerative methods. Constr\ICt.ive methods 

build a plausible plmmaf usinlonly posit.ive examples. Gold [Gold67] proved t.bat. it. is impossible 

for a program to ciet.ermine the gnmmar. in a tinite amount of time. fot a COfttGt free lang\1&ge 

when the program only receives positive eumples. Although impossible to tind the en.ct gnmmar. 

heuristiCS bave bee.ft found to guide the process in finding I -good- gnmmar. Some of these 

beuristics are based upon the distributicm. of subnrings in the language. Re4ntmmt methods retine 
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a hypothesis Inmmar as new en.mples are presented to the system. These reAnements include 

merging and simplifying. 

The PLA~O system uses components from both the constructive method. and the rennement 

method. The distribution heuristics of the constructive method. are analogous to heuristics used by 

PLA.'lO to find the laraen loop and conditional structures. The simplification of the l'etinement 

method. IS the same as the subsumption check performed by PLANO wtlen it finds a new macl"op. 

see section 6.1. The methods listed here are for complete grammars. but the processing done by 

PLANO when buildin& the macl"ops is a combination of tbe constructive and retinement methods.. 

Both methods must be used since the system has no e3amples from wbich to work. PLAl'iD uses 

the constructive-like methods when building up a new substructure and uses the retinement-like 

methods when eliminating subsumed macrops and incorpontin& previously detined macrop5 in new 

ones. 

3..6.2. SNP1t 

The SNPR system [WoUfSl] discovers rqular grammars (rom UnsepIle.nted tat inputs. 

Wolff bas proposed this system as a model for lan&uaae acquisition. Althougb the domain for 

PLA1'iD is very dif'enmt. wben PLAND is working without background knowledge it performs 

nearly the same task as ~'PR. Both systems discover loops. conditionals. and sequences. SNPR's 

repreientation ma.kes the p,tDmlt much more explicit thin PlAI.'lD's representation. SNPR uses a 

concept of copitive economy called com"..ssion. C4fJt1dly (CC). CC is a measure of t.h.e 

eifectiveness of a IRmmar for compressing data. The compression of data is the driving force for 

Wolrs system. mucb as cogNtiw s""""s is for PLANO. There are I couple of important 

differences between the systems. SNPR uses a hi1l-climbing searcb stntegy when developing the 

1'eIulu gnmmar. PLA='lD performs I best·Arst searcb when no backgroW'ld knowledge is present. 

Due to the bill-climbingapproacl1. SNPR only finds one grammar for the input eump!e. where 

Pu.,'lD finds many dilfere.nt grammars depending upon wbicb macrops are considered part of the 

http:dilfere.nt


machine. The multiple grammars of PtA~D are not all simple variants. They differ through 

changes controlling which overlapping macrops are allowed in the system. Another difference 

between the systems is that s..."'4PR does not explicitly look for loops in the grammar. As in tbe 

~OOOy system. loops are a result of adding a conditional to a rule. Wolff presents a very good 

point to critics that contend his system does not always lind the exact grammar u.seci to generate 

the input example: 

Since there is aft inllnite ranle of aramman wbich are eonsisttnt with 1ft' telrt. w, may ui. wby 
one or some of thna sbould. M juGgtci more appropriate than Ibe rest. 

The same sentiment applies to macrop discovery. 

1.7. Stl"BDUE 

There is anoLber system being developed to discover substructures by Holder. named 

SL"BOt:E [Holder&71. SL'BOt:E works on the problem of discovering substructures in a more 

general domain. a domain where more than one type of relation may connect nodes and where a 

node may bave tIlore than one relation of the same type. One an. think of this IS discovering 

substructures in a graph. The researcb of PL..-\..'lD bas focused on discovering sublltnactures using 

background knowledce to dirtet search in I domain with one type of relation and only one possible 

connection to I node. The research on SL'BOCE bas focused on tIlore general substruc:ture 

discovery techniques. ba.ndllill the problems of subltructure bomomorphism and isomorphism in 

the more general c.ue. without. incorporating IS tIluch domain knowledge. 

3..8. Related Work Samm• ..,. 

The PtA."iD system is related to runy previously developed systems. Some of these relations 

are stronger than others but recognizing all of them is important. The key dilference between 

PL-\.,.'l1) and these otber systems is the approach wen to the discovery tui. an" the use of 

background knowledp. None of these oLber systems (ezl:ept. St:BOt:E) was specifically directed at 

discovering substnJct'Ures. ~one of these other sysums used background knowledge with empirical 
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technique!. to the gtent T..hat PLANO does. So even though PLAND is reLated to many systems. in 

the true Gestalt sense PLA:-lO IS more than the sum of these pam. 
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CHA.PTEI. 4 

SUBSTl.ucn:u: DlSCOVElty 

This chapter explains formal aspects of substructure discovery. Definitions are given wh.ich 

a.re used t..b.roughout th. remainder of the thesis. In addition. objectives of and problems with 

substructure discovery are presented. 

4.1. 	DeDDitiOD. of Subn:ructure 

A substructure discovery system is given an event tbat consists of nodes and relations 

between those nodes. In PL.Ju'lD this is a list of actions. In ord.r to define substructures for an 

input event. the event must consist of two or more primitive or rudimentary components that 

articulate in some possibly a.bstract way. If the eumple bas no distinguishable parts then there ue 

no substructures which can be discovered. III practice. most everything can be broken down into 

smaller components but one usuaUy stops the decomposition process at some useful grain-size. The 

smallest grain-size to be used in t.be discovery of substructures will be a giveD and such entities 

will be called node. This cto. noc Q1eUI that lbe nodes muse denOte some rigid descriptioll of an 

entity. Actual nades of a system are bed. but. tbe system discoverillg subsuuCtures may 

generali%e over the actual nodes a.ncl a previously discovered substructure may be considered as a 

noele. But a.ll nodes of a. given type are considered equal. whatever m.atching criteria are used to 

determine the type of the node. 

~ocles must be cOMected to create the Whole object. Relations are used to denne the ways in 

which nodes may be C:OMecteci. Relations are predicates on nodes and may have any arity. 

However. relations deAned on relations are not consiclereci. In all eumples encountered where 
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relations were deAned upon relations. the predicate could be redelined as a relation on nodes. 

Consider the relation of <Ut.gi.-bttnvftn on two lines. If lines are themselves relations between 

endpoints then angle-between(a.b). where a and b are lines. is a relation on relations. But this m..ay 

be recast as angle-between-nodes( at ~.bl.bl) where the relation is now defined on the endpoints of 

the line relations and maintains a tirst order expnssion. 

A substructure can now be deAned as a collection of relations and the nodes associated with 

those relations. The nodes and relations constitute a connected portion of the structure wilbin a 

complete event. All the nodes used by relations must be connected in the IraI'll lbeery sense where 

the nodes are vertices and the relations are edges. Thus. a substructure cannot consist. of two (or 

more) disconnected parts. ~ot all the nodes of a relation need be included in the substructure. Some 

nodes for a relation may be ignored. This allows for the substructure to be open ended m.anifesting 

a simple dropping condition generalization. 

Structures are typically built from smaller strUCtures by adding nodes and relations. Because 

of this. it is imporu.nt to deAne the possible staning points for subsu'Ucture discovery. The 

smallest substructure that may be denned is the null set. All structures nut from this point. but 

the system does not work with it directly. The two smallest non-nUll strUCtures an a single node 

and a single relation. A single node defines a simple suucture upon which more complex structures 

m..ay be built by adding relations and nods. A single relation by itself is not & good starting point 

because implicit in the concept. of a relation is the notion of endpoints or nods. Such nodes are 

needed to deAne aplicit occurrences of the relation. so a relation wilbout endpoints is rarely used 

as a simple structure. 

4.l. 	Objec'tiTeS for SQhrtructu.re 0Uc:0-nry Alaoritluu 

This section desl;ribes what a dom.ain independent. beuristic based substr'l.Jcture discovery 

algorIthm should attempt to accomplish. Not all of these objectives are important in every domain. 

These objectives do not take into consideration the use of domain speciAc background k.nowledge. 

http:SQhrtructu.re
http:imporu.nt


Rather. these objectives apply to the base level algorithm before background krlowledge is 

Incorpon.ted into the solution. It is importtlnt to understand how desIgn choices made at the lowest 

level atfect the algorithm when it is extended. 

(1) 	 The algorithm must be capable of generating all possible subst.ructures expressible in the 

language it is using. The algorithm will probably be guided by heuristics to prefer certain 

types of substructures over others. but it should not be biased so as to ignore or not have the 

ability to represent any substructure. 

(2) 	 The algorithm should be lbie to use previously discovered substructures as components of I 

structure currently being constructed. By using recently discovered substructures during the 

next cycle of discovery the system uses ldvantageously the powerful savinp of 

substructures. 

(3) 	 Identical substructuns should be identified and not processed further, Although it is obvious 

that homomorpbisms should not be processed more t1l&n once. in pnctice it can be diJllcuit to 

teH that one is working with identical substructures. Consider tigure 4.1. where in the midst 

of processing the components for a square the system attempts to define the square by two 

dift'erent ways. Fim. it is de4Dtclas 2 L. sJlaped components connected by the ends. Second. 

the square is represented IS .. L's wb.ere overlap of the sides is allowed. Clearly. the newly 

o 	 o 
2 L square 4 L square 

Figure ~.l: Homomorpaisms for a Square 



discovered substructures for the squares wUl occur in the same positions and will have Lbe 

same possible extensions in future substructures. 

(4) Isomorphic substructures should also be handled in an efticient manner. Acain. as witb 

homomorphisms. one wants to realize that the same substructure is beiDc represented 

multiple times. However. witb isomorphisms all variants of the substructure may not be 

equivalent when the substructure is grown. Figure 4.2 demonstrates this cue. Assume the 

substructure discovered tbus far is the square .-\BCD. Notice t.bat it can be IDIlcbed to tbe 

other square in a number of ways: 

A-> 1 8-> 2 C->4 0.>3 

,-\->28->4 C->3 0.>1 

.-\-> 3 8-> 1 C->2 0.>4 

,-\->48-> 3 C-> 1 0.>2 

It is tempting to wow away all but one of these isomorpbisms. This strategy rai11J wberl E is 

E 


o 1 

C 2 

Figure 4.2: Isomorphism Eumple 
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added tC' tile original square subs'tructure. The only isomorpbism weicb a1.Itcbes the grown 

substructure is the last one presented. It should be clear tbat this is a di1!i<:ult problem. 

(5) 	 The algoritbm should allow (or overlap between substructures. but control it. Certain 

substructures may not be discoverable (or. may be much more dHftc:ult to discover) w ben 

overlapping substructures a.re not allowed. Consider the strine ABCOEABCDEABCDE as 

given. and suppose tbe system has a.lready discovered ABC and CDE as useful substrings 

wbic:b it can reduce. If the system allows C to be used by both an occurrmce of ABC and 

CDE then tbe input sequence can easily be reduced by the k.nown sequences. If the concurrent 

use of C is not allowed the system must comput, that ABCOE is a useful reduction of tbe 

string. While the use of overlap is extremely belpful. it is also difftcult to control the 

complexIty of the substructures discovered. Figure 4.1 gives an example of this. 

An algorithm for discoverine substructures does not need to have all of tbe componentS mentioned 

a.bove but one sbould be aware of how the algorithm t1andles eacb of tbese situations. As with 

many isS'uesin computer science tbere are trade offs between implementing eacb of the above goals 

and ignoring tbem. 

4..3. 	Simple AIcorithm 

Presented. in apre 4.3 is a simple. representation indepeDdent algoritbm for discovering 

substruct\ll'el. It doeI not address the issues of identifyin, isomorpbisms and bomomorpbisms. 

The aiaoritb.m cIamonst.rat.es tbe (tOwin, process of a substructure. w bicb mans wing already 

discovered substructures It1d extending tbem by one node or relation. 

4.4. 	Represn.tatioD. Issues 

As with most tasks in artiAcial intelligence there is not a dar cut representation to use (or 

the discovery of substructures. A simple grapb strUCture with nodes used as vertices and relations 

as edges will always work. But the algoritbms to .ma.nipulate the grapb structure can be 

http:cIamonst.rat.es


/a Given-uample is the item. for wbich substructures are ~ng d~vered ,; 
Structure :. nil ;, strUcture currently working on ,; 
Discovered-list :. nil /, list of found sut.tructures ,; 
To-process-Q :- list of all smallest nonempty substructures (nodes) 

;, tist of partial structures to utmd ,; 
Do wbile more items in To-process-Q 

Structure :- Pop To-process-Q 
If Structure not homomorphic to an item in Discovered-list 

Find all occurrences of Structure in Give:ft-eumple 
Push StrUCture wit.b occurrences onto Discovered-list 
Extend Structure in all possible ways for each occurrence. using 

previously discovered structures when applicable 
Push each extension onto To-process-Q 

Endi! 
Enddo 

Figure 4.3: Simple Substructure Discovery Algorithm 

computationally expensive. For many domains a more eiftcie:ftt representation can be devised which 

will ~id in the discovery process by malting homomorpbic and isomorpbic structures expliCit and 

thus easy to determine. There are other issues that can be used to belp determine if a 

representation is adequate for substructure discovery: 

. 
(1) 	 Extensible panions of lbe substructure mould be easily ide:fttwble. This fac:iliates the 

IfOwing process. 

(2) 	 SubsUuctW'lS sAould be utensible by concatenating previously discovered substnlctures. 

(3) 	 Substructuns mould be usable as nocles. The importance of t.bis depn:lds upon tJ:ae domain for 

the system but a areater ran" of subltr"w:ture:s can be bandIed when embedding is allOWed. 

Another imponant facet of a represenatioft is t.bat botb n.odIs and relations must be 

expressec:1 in the representation. either explicitly or implicitly. A representation deAning only nodes 

or only relations is nOt sudicient for substructures. Consider a representation eXpressing only 

nodes. Let the 5UbsU"ucture being deAned consist of two nodes with a siDlle relation between them. 



such as (Nt Nl). If there are tWO re.lations between nodes N1 and Nl lben this representatlon is 

ambiguous. Likewise. a relation needs its endpoInts given to uniquely identify it. If just a relatLon 

type is given it matches Iny relation of lbat type in the given example. 

Cognitive savinI' is a value calculated to determine the usefulness of a discovered 

substructure. A system would use the cognitive savinp values to determine wbich of two 

substructures bad the best potential for extensions. The intent o( this value is to apture the 

mental savinp one gains by working with the substructure instead o( the primitive actions that 

compose it. A simple (ormula for cognitive savings ~s 

(number of structure occurrences • 1) • size of structure 

wbere siZe of structure can be defined as number of nodes. number of relations, or some other 

formula using lbe components of the structure. This formula incorporates components of Wol.!"·s 

compression principles [Wol1fSlI. A macrop that can chunk a. large number o( primitive actions 

and occurs many times is very useful. There is a tnde off wben growing I large macrop and some 

occurrences are no longer coveTed. The exact threshold for lbis cut off point is domain dependent. 

Note that wb.en extending substructures by otber subRru.ctures and allowlnl overlapping 

components. one cannot aut.rely add the cognitive savinp values to achieve the value (or t.be new 

strUCture. If· OM just adcIa the values t.ben overlappinl portions o( lbe structures are weilhted 

disproportionalaly. The copitive savings (or the new composite substructure mua be nICOmputed. 

A SU'UCt1olft with optional partS or ditt'erent sized componctS that are interclwlgeable can 

pose problems when computing lbe cognitive savings. There are at least three methods wt could 

be used to ft.lure the cognitive savings for conditional portions of a macrop. 

( 1) ~inimum value. The choice point which results in the smallest COcnitlV, .vinp could be 

used. 



(2) 	 )duimulIl value. The choiee point wbieb results in the largest cognitive savings could be 

used. 

(3) 	 Average value. A weighted lverace of the cognitive savings for all the choiee points possible 

could be computed. 

Determining wbether the minimum value. maximum value. Ivenge value. or some other formula 

IS used for the cognitive savings value is domain dependent. 
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SYSTEM OVDlV1EW 

This chapter and the next one discuss the PLANO system. This chapter gives higher level 

information about the system such as the task. ac:c:omplished. the goals of the system. and a general 

feeling for bow the parts of the system work toge~er. In the next chapter S"pICiAc m.odules and 

how tJ:l.ey function are presented. 

The goal of tJ:l.e PLANO system is to discover macro operators Cma.crops) from a given tl'3ce of 

primitive actions. The system uses background knowledge to bell' guide the quest for aw:rops. 

Consider a robot that Wlnts to learn bow to pick up dirty clothes on the !loor and put t.hem in t.he 

clothes bamper. carry the clothes hamper to t.he washing m.acJ:l.ine. and do the laundry. This robot 

learns by observing others perform the task. then extrapolates from that ot.:rvation wbat is 

useful. In the problem at band. the person would pick up all the clothes in one room and proceed 

to the nut room to pick up the clothes. By watching the actions of the person doing this. t.he robot 

could learn a ataerOp for picking up dot.hes (goto piece of clothing. grab clotbiD1. move arm to 

basket. ungnsp clothing). It would then realize that tJ:l.is macrop is repeated many times for each 

room - a lOOping construct is discovered. The robot then notices that this loop is always 

embedded. in the context of going to a room. performing tJ:l.e pidc II.p dothiJr.g loop. and eXiting the 

room. ..\nother loop is formulated. 

Discovering strUcture within given input events requires the use of ptlTNo-w/W 

gm.rai.tzGtion. In other words. from the pieces the system sees it explores how the complete event 
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is best described. There are two types of structure being found by the PLANO system. The linear 

structure of actions is composed into macrops. There is also the hierarchical structure of the 

macrops that can be used to break. the task. into manageable chunk..s. These chunks can be used to 

recognize the hierarc:hy of goals of the problem solver. The system works at discovering the first 

k.ind of structure. IlLICrops. but the hierarc:hical structure is a byproduct of allowing macrops to 

internalize other macrops and is nOl discussed further. 

Structure in this system is the relationship between actions used to accomplish the plan. 

L~~;c:al groupings of actions that perform a deAnable unit of work are assembled. into macro 

0t 'rators. A single macro operator is a sequence of actions that are structura~ly linked. by the 

orde' in wbich they are performed. a totally ordered subset of plan steps. The nodes of this 

struct~·. are the actions and there is only one type of relation between actions: precedes or follows. 

t:n.' ~he macro operators of other systems [Fikes7l. :viint.On3'J. macrops for this system are 

nol genera. .0 by changing constants to variables and determining all of the preconditions for the 

execution of . t macrop. The PLA.4'JO system is concerned with discovering possible macrops that 

are known to a, ~mpjish some task in the given execution trace. but wbose general applicability is 

as yet unlt.nown. Ucro operators discovered by the system could be passed to an aplanation 

based leaming (ESl) _'1stem [DeJone36. :\fitcbellS6] to determine the macrop's usefulness and to be 

generalized. Uselut.a.. :ould be determined by the ·conciseness· of the proof tree for the macrop 

and the applicability of t;:e IlLICrop in achieving the bieber level goal. Havinl PL"'-'ID propose 

diacovered macro", to an EB', system means the syste.III is deriving proofs only for macrops that 

bave some statistical support. ')LAND bas taken a larp sequ.nce of actio.. and lbrougb various 

tecbniques discussed later. pal'titk.,ed the actions int.O seeminc1y useful Wlits. Thtse units can now 

be passed as sine Ie aamples to tbr -'!3l system, It would be intracuble for III EBL sysum to 

attempt to discover the advantageous nacrops from t.be initial action trace as then ue too m.any 

possible combinations about wbich to rea.;. 'In. 
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PLANO does not deal with the preconditions of the a.ctions it handles. Tbe sysum is based 

upon similarity-dUference based learning (SDBU systems [Hayes-Roth 18. Ho1f83. Stepp&4. 

Vere18]. However. this does not preclude learning of general macro operators. As with all 

similarity-diJIerence based systems it does not try to prove that what it has discovered is a.ctually 

a valid macrop. There is a leap of faith in the generalization. It is possible for the system to 

dassify an anomaly as a macrop. But in order for this to happen under typical beuristic biases. the 

anomaly would need to occur many times. In such a case one must question bow irregular tht 

observed actions really are. 

Consider the case where our learning robot has observed that everyone walking from point .0\ 

to point B follows the path indicated by the art'Ows in figure .5.1. The 1u10wledgeable robot is 

awue that the shortest distance between two points is a straight line. Yet by observing the 

pedestrians in the uea it is dear that no one takes the shortest distance between po .nts A and B. 

What would a pt'Udent robot do in moving from A to B7 If the robot were EBl bued. the shortest 

path between the points would be taken: after all there is no information to indi'.ate wby any other 

choice is better1. A robot based on the PU;'IlO system would follow the same path as the other 

pedestrians. :'Iiow if it happens that all the observed walkers were out for-asual strolls and bad no 

time constraints. this mig.ht be foolish. But if there was a '"keep off the gnss sip unobserved by 

t.he robot. or worse. t.he recangWa.r region was a mine 4eid unknown i.O t.he robot. then t.he path of 

the others WIS indeed appropriate. 

The PLAND system has a single sequence of observed actions IS input. From this stream of 

actions it must discover logical units that can reduce t.he complexity of the trace. This is similar to 

t.he :"lOOOY system of Andreae [Andreael"]. but t.bere ,.he problem is one of learning from 

eumples. Pl~'lD must break the action seqUence into what it believes are aamples and work 

with those chunks to discover macrops. This compiiutes the problem because one is never sure 

~hat one is working with the correct -examples.­

I This occun 4ue to incomp,ete doawa know,... ia the aL sllWID. 
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A ) 

B 

Figure '.1: Observered Path from A to 8 

.5.2.. Types of Macrope Oi.tco .... red 

Three types of macrops are discovered by the Pl.AJ.""JD system: sequences. loops. and 

condi tionals • 

• Sequences 

The most basic macrop is a simple sequence of stepS. A sequence is a block Qf actions that 

have been used in many places in lbe input trICe. This sequence. bas not occurred 

consecutively lIlOulla times to be considered a loop. A 1'1on-loopinl sequence is the most 

diA\cull type of macrop to dla:over. PLAND keeps sequences it bas found durinc processing 

in & IlpUl.U cateaory from. tbe OtAer' macrops diseovenc:L These sequetKes arc called 

partial G'.UIC2'OpI. The system requires background know-led. to prom.ote I panjal macrop 

to I ·com.plete· macrop. If this where not the cue then the system. would quickly be 

searching through so many macrops t.hat it will have trouble discovering new macro 

open.torsZ . 



• Loops 

Loopsue defined as sequences that appear juxtaposed for at l~ a minimum number of 

iterations. In the normal meaning of the word. loops have test conditions to stop their 

execution. PLA~O does not determine what those stoppinc criteria are but leams only the 

sequence of actions that compose the body of the loop. If it so happens that the stopping 

condition for the loop is a perce,:Jtible action. then the system will discover a macrop that 

encompas:ses the loop macrop along with the stopping action. In general. leaming the exit 

conditions for a looping construct require a system like BAGGER [Sbavlik&7a. Sbavlik&ibl 

since the conditions are reflected in the State of the system but not the actions performed. 

To Clarify wbat is meant by a loop. consider an input string of ABCDCDCDEFCDCD. then 

the loop macrop. using formal grammar syntu. (CD,. is discovered . 

• Conditionals 

The third type of macrop found is conditionals. A conditional allows a choice of a.ctions for 

some particular point in time. PL~~O deAnes conditionals as macrops that have more than 

one choice point within them. A particular cboice point is not limited to just two 

alternatives. ..\.5 a simple e:u.mple of condit.ional discovery. if given 

ABCAIXADCABCADC the system discovers the macrop (A(B+DX;,.. In a ma.n.ner 

analogous to loops. t.be situations tMt cause a speci.tlc bra.nca of a choice point to be 

per!onucl an not leamed.. 

These ate tbe t.b.ree types of macro opentors that the system can discover. By nesting 

previously discovered macrops witain other macro operators the system. is able to discover complex 

relationships between di1ferent i:DaCl"Ops and build up a hierarchical structUA of an observed 

sequence of actions. The code to discover tbese constrUcts is the major ponion of bowledge built 

into the system.. Quer I\euristics and generaliZations done by the system. are supplied by 

~kground know ledge. 



This section describes the top level data structures and control mecbanisms. This information 

is required to understand the section on background knowledge which follows. The components of 

the system are descTibed in this section and bow the components work together is given in the 

section on back.ground knowledge. The operations conducted on these data structures are deferred 

until section 5.4 because the domain knowledge plays a key role in the operation of the system. 

The system works on multiple levels of generalization called COItlu:ts. A context contains all 

the information needed to process a set of actions for a given level of abstraction. This includes the 

input sequence of actions. the previously discovered macrops. the agendu (esplained later). the 

partial macrops (th. sequence blocks not yet believed to be macrops). and information about bow 

lIlacrops overlap and subsume each other. The system can proceed to a 1Il0re ablU'lct level by 

creatinl a new contest in whicb the actions are generalized. The actions can be generalized by 

rep1acinl croups ot actions with macrops or by the use of a fuzzy matching algorithm. This 

matching algorithm allows fle%ibility in determining wbich actions are considered equal. The 

equality teSt among actions is important since tbat is bow the system determintS if a sequence is 

repeating. The fuzzy matcher caD work. at multiple levels of match sucll as foreing actions to be 

identically equal (eeq equalj, iporift& certain partS of the action. or considering all actions equal. 

Wben it is determined tbat a new level of pnen.lization is required. the matcher is nm on the 

actions to produce more general actions which fOnD the basis of a new contut. Macro.,. tbat 

replace actio .. ill u.. orilinal sequence are treated as actions in the new conten. 

A conte%t is a se!f-<ontained data structure. The system can change the level it is working on 

by replacing a variable with a di1ferent conteXt. The fluibility ot this scheme is uaeful if the 

system is UftSUl'e wbich level of generalization is appropriate (or the problem. The system can 

work on one conte%t for a speci1i.ed amount of time then swap contnts and work on a dllferent on •. 

http:speci1i.ed
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The other top level data structure IS an "gen.da.. The agenda indicates wbere to look for new 

macrops in tbe given eumple. There are many agendas competing for processor time. and a simple 

agenda control s-ystem manages their priorities. An agenda contains information on where in lbe 

action sequen" the search for a macrop is to begin. The previously found macrops that can be us.td 

in buildinl up the current macrop are specHied in tbe agenda. The type of m.acrop wanted LS 

indicated. either a loop or a conditional. Searching dire.::tly for sequence (partial) macrops is not 

done. but information regarding a possible sequence macrop is updated whenever a new l'Dacrop is 

discovered. The agenda also has otber information specific to tbe type of l'Dacrop specified. 

Agendas compete only with other agendas in the same context. 

Agendas are created in a variety of circumstances. The initial agendas indicate that lbe 

s-ystem mould seareh for a loop or a conditional form starting with the Am action of lbe input 

sequence. These are the default agendas produced by the system. As agendas are processec1 they 

spawn new agendas. If an agenda fails. the start position is incremented and in the case of loops 

the "skipping factor· is in..remented. The s.kippinl factor tells t.be loop linding module how many 

occurrences of the "tion it the start position should be bypuseci wilen looking for the body of lbe 

loop. If the agenda is successful a m&Cl'Op has been discovered. and tWO new agendas are c:reated 

which use the discovered macrop. The new apndu use the mac:rop just found in addition to the 

other macro~ ava.Uable durinl the discovery. IS speciAecl by the alenda. The new age:a.d.u start 

searchinl at 'the beainnirllof the input seque:nc:e. OM of the new apradas is for loop indina a.nd the 

other is for conditional discovery. When the new agendas are added to lbe ageuda list. other 

agendas which they sut:.ume are rem.oved. Subsum.ption means that the old agen.da ca.n only use 

macl'Op5 that are also usable by the new agenda. ~ot all ageDd&s are subsumed by the new 

agendas. If two macrop5 bappen to be in condiet. that is both d.escribe a c:om.IDon insL1.nce of 

actions. then agendas containing either l11ac:rop must be retained. The number of agendas quickly 

explodes and additional knowledge is needed to control it. 
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The Al community bas recognized that in order to learn substantive concepts a system must 

possess knowledge about the domain [Schank86. Winston841. Previous SOBL systems [Fisiler8", 

Ho.!83. L.a.ngiey80, Stepp&41 have not used background k.nowledge In a llexible manner to guide the 

searching process. but rather have used knowledge to control the generalizations allowed. Previous 

SOaL systems used a Axed set of k.nowledge to belp gUide search whereas PLAND can use different 

aspects of the knowledle dependinl upon the current context. Recently, researchers have 

incorporated more background k.nowledge into the systems to help with the discovery process 

(Lebowitz36. Mogensen81. Stepp861. PLANO continues the trend of the latter. This section 

describes the multiple ways in which domain speciAc Ic.nowledge is used by the system. 

In the current version of PLA.~D the background knowledle is expt'essed by rules. The 

system does backward chaininl through the rules to obtain an answer· to a query. The current 

method of retrieving the knowledge is not vuy et!cient. However. this is not the focus of the 

research. What is important is how the system uses the knowledge liven. not the representation or 

access method of that know ledle. 

5.4..1. Bilb I..e'nl Bacqroaacl bowl... 

PLA..~D uses backcround knowledle in tJUoee distinct ways. At the hi.best level. the 

backgTOUJl4 knowledce perfonu the function of meta-knowledge. The system works on leveJs of 

generalization called contexts (previous section). A context contains all the information needed to 

dnd aw:ro~ at. I liven level of abstraction. This includes macrops that are already used and tbe 

leneralized action sequence. After an agenda bas been executed. the backgTOund knowledge is 

in5'p«ted to see if the current context is still preferred over another. If a di4'erent context is 

wanted. the knowledge base simply returns the new context to be used. At this level the 

knowledge is used to control the level of generalization of the action steps. Thus the system can 

process the input at a higher level of abst.nction after some m.acrops have been found. If the searc:h 
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at the bigber lev.l is fruitless then tbe system c.a.n return to the lower. more deu.iled level to 

attempt to discover more useful macrops. 

This is a powerful mechanism because it allows the system to p\ll'S\le many possible goals. If 

tbe syst.em discovers a macrop lbat indicates a ceruin environment is present. then it can create a 

contest that generalizes some of tbese actions to belp confirm that. notion. For example. if the 

system discovers at the base leveJ a ·picking up cans· macrop. it migbt try to confirm that the 

current environment is a grocery store. This could be accomplisbed by searcbing for I macrop that. 

pusbes a shopping cart. and generalizing cans. bottles. boxes. and bap to be considered equal in a 

new contest. Aft.r searcbing in this generalized contest for grocery store macrops witbout success. 

the system can ret.W"ft to tbe original contest to look for more macrops. Working at lbe primitive 

level it. lben might d,isc:ovel' a macrop rOT ·pulling weecs. so using the knowledge of picking up 

cans and pulling weeds in combinat.ion one suspectS tbe task is cleaning up a yard or a roadside. 

There may be more than two competing cont.extS a.t. a time. The system could also pursue bolb the 

grocery !tore and tb. cleaning up tb. yard ideas at the same time. 

Wben the top level decides to change contextS. background knowledge is consulted as to wbat 

type of generalizations should be performed on tbe actions of tbe curret'lt conten. Consultation 

with lbe background knowledge in tbis fashion aHowI the system to discover macrops that would 

be im,POSSible to discover ouaerwise. A system wilbout know ledge spKiAc to lbe domain could not 

mak. 10lial au- at. wbich of the many possible generalizations bas meaning to the pt'Oblem at 

band. 

5.A.l. 	Medi1Dll lATe1 a.ckp'oaDd bowJedce 

The b&c.kgrounc1 knowledge used at a lower level belps direct the sarcbiDg process for the 

macrops through agenda control. Before any qenc:la is giveD contrOl. the background knowledge is 

consulted to approve itS applicability. The agenda usually is approved and u!Cut.ed. If the 

knowledge inc1icates that macrops are not to be SllU'Cbed beyond a certain point in t.be input 

http:u!Cut.ed
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sequence. then tho. agendas can be pruned. Information contained in the agenda could signify that 

Lbe agenda sbould not be performed. The knowledge used in tbis metbed can save substantial 

amounts of processing anel signmcantly prune tbe searcb tree . 

.5.4.3. Low LeTel Back(rOQDd Knowled.. 

At the lowest level. backgrounel knowledge is used to control tbe macTops allowed by tile 

system. After finding the sequence of actions for a macro operator. background knowledge is 

consulted to determine if tbe sequence meets any simple criteria expressed for macrops. Witb 

simple rules for cbecking macrop sequences the system is able to eliminate the generation of 

unuseful macrops. This saves not only storage. b.ut also the expense of handling agendas witb tbe 

new I.lnproductive macrops and tbe searcbes they generate. ThAt eDJllple in section 1.2.2 is a a.se 

where tbis type of check allows the system to discover useful IIlICl'Ops. wben it coulel not without 

tbe information. After aU tbe occurrences of a macrop bave been identified. a seconel reference to 

background knowledge is made. This time tbe information is used to confirm tbe vaHellty of tile 

macrop. Now witll the information of en.ctly where the trW:l'OP occurs. the usefulness of tbe 

macrop can be better evaJuaU!Cl and if not as great as fim suspected. the macrop is eliminated. 

Detenllinin& which partial macrops (t.be sequence blocks found I.lp to date in the conten) 

should be promoted to uaful aw:rops depends upon given knowledge. There are many partial 

macrops generated: any sequence of actions that occurs more than twice in tl:Ie input is a potential 

useful stq1.UlDC4t.. All such sequences must be kept because. as macrops are discovered. the partials 

c:an become more important. However. to convert all those sequences to macrops woulel bring tile 

system to a baIt in its search for other Wieful macrops. Knowledae can be used to promote only 

those partial macrops with some great number of OCCUrrmcll or that accomplish some specified 

task. 

Knowledge at the lowest level can rid the system of mac:rops baving low l.luHty. Altbougb 

this seems trivial. this level of c:ontrol determines whether a system tinds a solution or runs out of 
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space andlor time. Control like this is missing in many SDBL systems. Those systems can only 

make guesses at what is useful. much as this system does when no background knowledge IS 

present. The Implication tbat nothing valid can be done without background knowledge is not 

intended. In fact this system can find some useful results even wben no knowledge is given. l.n 

these cases tbe system acts like a finite state machine builder. The input is like a string wbere tbe 

a.Ctlons a.re the letters of tbe string. Then tbe discovered macrops act as formal grammars defining 

portions of the input string. Taken together they constitute a generalized regUlar grammar tbat can 

generate the input and other -similar- strin!s. 

''''. Represenution of MacroPi in PLA...'lD 

:\Iacrops are the structures discovered in PLA='iD. In the terms of cbapter 4. the nodes are the 

actions and the one type of relation bandIed is ·Collows·, The structure for a macrop is e3pressed 

as a list. In this representation ;1 sequ.nce is a list of the actions in tbe block that constitute tbe 

macrop. For a loop. a list of the actions in tbe body is the macrop. For a conditional. a sublist of 

actions represents a choice of actions at that point (one of the set may be picked.) In tllese 

representations the ·follows· relation is implicit. This works because there is only one place where 

a node can be connect.. to anotMr noc:le. An action can only follow another action sequentially. If 

there were more ways in whicJ:l actions could be connected or more than one type of relation then 

the relations of the structure would need e:a:plicit representation. 

The data SU'UCtUft t.b.at de4nes macrops contains more t.b.an just tbe list of actions de!rung the 

!Dacrop. It also coatains the positions of tbe macrop in the given action sequence. Since macrops 

are linear structures that are uniquely defined by the position and the sequence of actions.. These 

are tbe two major components of the rep. eStefttation. The system also maintains individual start 

positiOns for each occurrence of the loop body. and tJ:le length of eacb occurrence. lust because t.be 

same sequence deAna two macrops does not mean they are of the same leap. Oiiferent lengths 

are produced by condit.ionals where diJferent choices have diJferent lenlths. 



SYSTEM OET AlLS 

The geal of this research in the beginning was to determine if discovering substructures in 

plans was even possible. The search for methods of discovering substructures has been 

transformed into the search for more efficient meth~ of discovering substructures. As expressed 

earlier. this system follows in the tradition of other similarity-<1i1f'ererace based laming systems. 

L"nlike previous SOBL systems. the soul of PLANO is not concerned with consistency and 

completeness statistics or the ratio of inter-cluster similarity to intra-cluster similarity. though 

these concepts are the strOng roots that support the ideas given. Rather. this system strives to 

discover chunks of input sequences t.hat 'when considered as a nonseparable unit increase the 

efftciency of understanding the input. Cognitive savings is the measure wbich represents the 

use! ulnesl of a discoverec:t macrop. 

This chapter consists of four sections. The am three describe the major macro discovery 

procec:h.arts used by tbe syswm for loops. conditionals. a.nd sequences. The sections are presented in 

this order for two reasons.. Historically. this is the order in which the modules were created. and 

they logically I::Nild upon each other in t.b.i.s Casbion. The fourt.b section of the cupter presents the 

details of the fuzzy matcher algorilhm used for the generalization of the action stepS. 

6.1. 	Loop 0iIc0'ftr'f 

This section d.e:sc:ribes in detail how loops are discovered in the PlA.J.'lD system. Parts of this 

section describe procedures that are used in cliscovering other constructs in addition to loops but 

they are d.e:sc:ribed only here. 



6.1.1. Approach 

The most basic concept underlying loop macro l' discovery is if cz set:(W11U occurs many cirMs. 

with ONI occurre1\.Ctl followin.g ,Iv otlwl-. ,Mrt. redua eM sft(UtI~. This is a simple concept which 

has been used before to reduce liven sequences (Restle70. Simon63]. But even this simple concept IS 

difficult to implement in practice. Finding answers to simple questions can explode in exponential 

tlme when the examples are not explicitly given. Such questions as ·where does the loop body 

begin: -how long is the sequence of the body of the loop" and -does the action (letter) that begins 

the loop also occur within the loop body (thus not always indicating a new iteration)- are difficult 

questions .to answer. Yet they must be answered in order to disc:over the loop in the e:u.mple. 

The loop discovery module in PLANO expects parameters in the agenda to guide the search 

(or answers to these qUestiOns. An agenda has three pieces of information used by the looping 

routines: wbere to begin the search. the number of iterations of the (proposed) body that mUst 

occur. and the skip'ping f.lctor. By being parameter driven. the loop discovery routines can be 

focused to look at very specific areas. wbile retaining n.eecled flexibility. 

The search (or the loop body begins at the position indicated. If no loop starting at this 

poSition is discovered then a new agenda is created that contains an incremented start position. .~ 

second agenda is created with an incremented sJc.ippinC factor. The routines only look for a loop 

starting at the position given. Domain knowledge could be used to focus the search in specUic areas 

of the input example. 

The number of iterations of the loop body required to ddne a loop allows the system to 

control the level of generalization performed.. The syst.em always maltes a leap of faith when it 

converts multiple juxtaposed occurrences into a loop. It is possible that there rally is no loop at 

that point. This parameter a.llows one to malc.e large leaps of (aith by requiring only two Iterations 

to appear consecutively. Likewise. requiring more iterations to occur before assuming il loop 

indicates a more conservative ap'pl'OaCh. Again t:acltground knowledge can be used to control this 



aspect of the system. allowing information of the speci4c:... cain under consideration to determine 

what constitutes a valid loop. The tJSe of this parameter alk I,; 3. tJSer to start searching for loops 

that have many occurrences of the body. thus having strong i' ftdenee in the ·loopness· of the 

procedure found. and by deereasine the parameter value havinge ability to nnd loops in which 

less conndence remains. 

The skipping factor allows the system to discover loops where be first action of the loop 

body occurs later in the body. The skipping factor tells the system tbe umber of OCturrences of 

the lirst action to ignore in the body of the loop. This is important since t. ! system looks for the 

loop body between instances of an action. For instance. given the input AC~ 'ACABACABACAB 

without being allowed to skip an occurrence of A the system could not disco ex' the loop body 

ACAB.l 

6.1.2. Schematic Vi.... ot AlI0ritluD. 

This section describes in a schematic way the algorit.b.m used for loop discovery. ;gure 6.1 

presents tbe loop ale0rithm. A list is created t.hat has the st.art positions witbin the ·a.m.ple 

required to determine the loop body. ..u long as the sequence generated thus far doe. ~ot 

completely describe the actions between two surting positions of the proposed loop tben " 

sequence is extended (crown). The sequence is &rOwn by all possible macrops and single actions 

This does not explode. as t..bere is a bed number of lIlacrops wbicb are usable (as defined. by the 

agenda). andacll iteration of the proposed. loop body acts as a constraint on wbat is allowed. 

When a complete sequence b&s been found. background knowled.ae.is consulted for approval. 

If it is accepted. the discovered. body is compared to other discovered lIlacrops to insure it is not a 

homomorpbism. This is a simple cheek on the sequence value of the loop body to insure that 

duplicate lIlacrops are not introduced into the system. This test is fast and simple due to the 

constraints and representation of sequencer in the plan sequence domain. For discovering 

I The strUlI could illo be da4ll.a by a loop with a body ot .4fC .. BJ. 

http:knowled.ae.is


1) Push; st of SUrt positions for body of loop on Q 
2) Do w .lile more Rquences on Q 
3) {f ,;equence is complete 
4) If not an old macrop and BK indicates macrop okay 
5) Build the macroI' oceUrTence 
6) [f macrop subsumed by previous macrop 
1) Store 111&crop on unused list 
8' Else 
(' ) Put macrop on active list 
10) Make agenda to use new macrop 
11) EndiI 
12) EndiI 
13) Else 
14) Extend sequence in all possible ways and push 

these Rquences on Q 
1') EndiI 
16) Enc1do 

Figure 6.1: Algorithm for Discovering Loops 

sur;tructures in general this is not necessarily true. When it is determined that the new macro I' is 

~.>t a homomorphism of another. other OCCUrTences of tbe macrop are found in the input e:tample. 

After the structure for the representation of the macrop bas been built the sutlsumption test 

is mac.. For this. the body of the loop macrop is converted to a finite state machine representation. 

By tlSiJ:t& standard routines (or building the complement of a machine. performing the union of two 

machines. and checkin, inta'SlCtion of Wte state machines [Hopc1Oft79]. this macrop is checked 

against the otber JlLlC10ps of the SYSlem. The goal ben! is to eliminate mac1'ops tba, are subsumed 

(can be generated by) other macrops. The new macrop may subs\lme some previous mac:rops and 

may be subsumed by others. A data structure like an A TMS (de Kl ..r86J is used to maintain the 

relationships between macrops and to indicate wbicb macrops subs\lme wbichothers. ~ote that 

subsumption testing can. be very e%pensive. not only in this domain but in most domains in which 

substructure discovery happens. In genenl some type of lrapb matchin, algorithm is required. 



6.1.3. Q.erlap Detection 

When macrop5 are built from the aiscovered sequence. there is a cbeck for overlap. Overlap 

of rnacrops is dift'erent tha.., subsumption. When one macrop is subsumed by another it is 

completely covered or defined by that macrop. When overlap oc:curs only a portion of each of the 

macrop5 is covered by the other. PLAND does not allow overlapping macrop5 to be used in the 

same agenda. The A 1YIS-like structure used to recora subsumption dependencies is also used to 

track the overlapping macrops. An overlap between macrops is indicated by a contradiction 

bet ween the two macrops. 

CUn'ently. a crude method is used to aetermine overlap. The start poSitions and length for 

each oc:cun'ence of the macrop are compared with those values for other macro operators in the 

system. This is a very expensive test. A graph matching algorithm wDich recognizes overlap could 

a.lso be used in some domains. For the plan sequence domain. however. this is di1ficult. PLANO 

dnds overlaps which actually oc:cur. and not overlaps that might potentially oc:cur. For example 

the macrops A..BC and CDE could overlap on C and a graph matching solution would and such an 

overlap. However. in the eumple presented to the system this might not ever happen. 

The discovery of conditionals is more comples tban the discovery of loops. The problem with 

disco verine conditionals is that anythine could be made optional. In the extreme case a sequence 

could be dell:ribed by a loop of length one witll the body consisting of a single conditional for all 

possible actions. The &lgoritllm used by PLANO avoids this pitfall by requirine that all 

conditionals bave I base or key point that cannot be pan of a choice set. An overview of the 

conditional discovery algorithm is given in figure 6.l. The basic principle in discovering 

conditionals is to find actions that oc:cur on ned intervals. then make conditionals out of what lies 

between these k.ey points. 



1) Compute diiference arrays for items in a sequence 
2) Compute tbe number of juxtaposed diiferences of equal value 
3) Find the item witb tbe largest number of occurrences 
4) Fill in the sequences around tbe k.ey by delta - 1 actions on eacb end 
.s) Return sequence wbich minim.izes number of elements in the conditionals 

Figure 6.2: Al&eritbm for Discovering Conditionals 

The first step in the discovery or conditionals is to build a difference array. The di.f~ence 

computed is the num.ber of ac:tions between two sequential occurrences of an action type. The 

system uses all of the macrops that are pa.s:secl in tbe agenda. Because of the way the dUferences are 

computed. overlapping macrol'S cannot. be allowed. Consider the problems of allowing ov~lap 

among two macrops. There is no a priori metbod of determining wbich of the overlapping mac:rops 

should be applied. And by applYIng one of the macrops in tb_wrong position. tile pattern for the 

conditional could be lost. The problem arises only If the overlap actually exists in tile observed 

sequence. 

:'-lull conditions are found indirectly by the system due to tbe way diiferences are computed. 

If a null branch was allowed then there could be any number of actions (either real or null) greater 

than. the real number of actions between any two action type occurrences. This implies that tbere 

could always be & conditional structure discovered - just inttociuce enough choice sets witb null so 

that tile lara-& cWfvenee between two Slllquefttial action types is covered. The other di6erences 

will be described by using the null choiCIL Clearly this is not. wbat a conditional disl:overy 

module should do. PU':\'D can bandle choice sets with null. however back.ground knowled .. must 

indicat.e that a particular action is opti.onal. 

Step two is to build an array wbich indicates the number of consecutive equal dUferences for 

eac:h di.ference array. This is done $0 that in Step tbree the largest iteration can be found. From t.tle 

e:lplanation tilus far. it should be dear that tile conditionais discovered mUst be part of a loop. In 



fact. the conditional found is a loop body. It is tbe repetition of actiOM at a Ued disu..nce from 

each ot.her in the sequence tbat allows t.he conditionals to be discovered. The actions do not bave to 

be a bed distance from eacb otber In the primitive version of tbe observed trace. But tbey must be 

a axed -action- distance apart whicb means a variable lengtb macrop (such as a loop) could be used 

In tbe con(Htional. 

This algoritbm. cannot discover the cboice set (AB ;. C) directly since the lengtb of the 

elements In the choice set varies. Again tbis is due to the way t.be algorithm. depends upon distances 

between the key points. This cboice set can still be discovered. however. by using tbe partl&.i 

macrop discovery process described in the next section. [f AS is made into a maCT'Op. say A-B. it. 

could then be used to discover the choice set (A-B ';' C). Through tbe application of partial macro 

operators. aU conditionals that would be discoverable by allowing variable length items in the 

choice set are still disCoverable. 

~ow that the key points of the conditional have been found. the fourth step of tbe algoritbm 

fills in the steps around the key. This is where the actual choice stU get constructed. The delta 

described in the algorithm refers to the disunce between occurrences of the key. There are actually 

many positions within the conditional aw:rop wbere the key element could be placed. The key 

item could be the arst action of the macrop. the last. or any other in between. This algorithm USIS 

a simple heuristic of trying to minimiZe the number of values in the choice sets. The choice sets are 

built up from all the items that are the same disunc:e from a key point. 

The lut SIep of the algorithm is to convert the best. deseriptions of the conditional in to 

aw:rop structww atKI dnd the other occurrences of the conditional. If there are ties for the best 

conditional then allot them are returned. The system returns agendas which use the :'\ewly 

discovered conditional macrops. Figure 6.3 demonstrates a simple aa.mple of conditional 

discovery. 



Input sequence: 

abcabcadcabcadc 


Difference arrays: 

(a 3 3 3 3 start 0) 


(b 3 6 start 1) 

(c 3 3 3 3 start 2) 


(d 6 start 7) 


Juxtaposed differences: 

(a (4 3) start 0) 

(c (4 3) start 2) 


Select best differences: 

(a (4 3) start 0) 


Bulld possible conditionals: 

«().+ob-+-d) (()+C) a (b+d) c 


Select sequence that minimiZes conditional length 

a (b+d) c 


Figure 6.3: Example Conditional DiKovery 

Althoulh the algorithms for the clistovery of loops and conditionals are powerful. alone they 

are not moup for & pla.n seqw.nce discovering system. When there are sequences of actions t.b.at 

occur many tam. ill an o.......ed pla.n. savings in complailY can be realized by repLacing a 

repeating block by asUllle ita!. Thia ca.Il happen even wbeD the block sequences do not appear 

adjacent to each other [Schuecnl14]. Alt.houlh blocks of actions are important to discover. there 

do not seem to be simple bewistics to follow in determininl what constitutes a good. isolated 

sequence. This section describes bow the PL~ND system discovers these noncontiguous sequences 

of actions. As explained. earlier in tbe thesis. these groups are called. partial m.acrops as they are 

being built. The name partial macrops is approp1'late because at any time they could be converted 



to a macrop. Background knowledge is used to determine which partials sllould be c:onvened. The 

name is also lining as tbese macrops are never truly finisbed. As new macrops are discovered old 

partial macrops can be extended to become more useful partials with an increased cognitive savings 

value. 

Partial macrops are created when tbe system is initially given an input observatlon. All 

combinations of tnacrops that occur sequentially are c:omposed. If there is only one occurrence of il 

sequence. it is dropped as it an never become useful. As new macrops are discovered. they are 

used to extend all tbe blocks tbat end in positions where the macrep begins. When tbe old partials 

are extended they are not dropped. sinc:e new mac:rops may also SW't where they end. Instead. new 

partials are created. .-\s a putlal is extended. its number of occurnmces may decrease or remain the 

same but never increase. An e3.tension may not be applicable to all instances of a partial so some 

do not get extended. but no instances are ever added because of an e3.tension. Extensions can 

quickly be applied because partial mac:rops are indexed by tbe next positions of all tbeir 

occ:urrenc:es. After a new macrop is discovered. the ·start position (or ",c:b instance of tbe macrop is 

matched against tbe ending position of tbe partials. A panial may be extended by tbe macrop 

when a match happens. 

All the partials must be retained becaUR a macrop discovered in the future could increase the 

usefulness of tbe partial. However. limits may be set on the number of i.nst.ances required for a 

partial to ever become a macrop. If the number of occurrences is below tbis thres.bold. the partial 

will not be addad 'CO t.be system. The processing of partial macrops is expensive i1'1 terms of space. 

because so many must be maintained to discover the few that. are imponant. The c:urnmt length of 

the partial cannot be used to trim unneeded partials from. tbe system since I.lnlimitec:1 growtb 

(except by the size of example) may extend the partial to the required lengtb. 

Another pressing question c:oncerns when a partial macrop should be converted into, macrop. 

There are two c:onAicting issues bere. First. as more macrops are deJined i1'1 the system more time is 

required to discover otber macrops. In order to discover loops. for eumple. the growing process 



so 

.must extend its sequences by all macrops that apply in a given position. If lbere is a useless 

macrop described for that position. extending the macrop with It causes wasted effort. Thus. there 

is incentive not to convert any more partial macrops than needed. On the other hand. there may be 

missed opportunities If a useful partial is not converted. Certain loops and conditionals cannot be 

discovered unless pertinent m4crops are denned. For these reasons. domain specific knowledge is 

used to determine which partials sbould be converted into macrops. The background knowledge 

could use any criteria to select convertible m.acrops. includinelenglb.. use of a particular action. or 

proving a mactop accomplishes some desired task. 

6.4. Fuz::r;y !'datcher 

The fuzzy matcher is used to generalize actions for new contel:ts. The fUzzy matcher is a 

pattern based algorithm that operates in two modes. In one mode. the algorithm compares an action 

to the pattern and indicates when the action is a.a instance of that pattern. The other mode allows 

the system to create a more speciftc pattern. A general pattern and an action are again given. but a 

pattern is returned which has cenain values chan&ed due to values in the action. 

A pattern is a set o( directives used to determine what is a valid match. The commands 

allowed in a pattern a.re given in dgure 6.4. Three commands are used exclusively wben the 

matcher is creatine a more speciic pattern. Tlwy a.re :initial. :delt.a. and :delw. These options 

cause the newly constrUCted mon speciAc patum to have bindinp to correspond!ne parts o( 

instanCes of tbe oncinal pattern. This generates a pattern lbat muse match at these locations 

en.c;tly or to witJlin some interval. by introducinC :euct and :range directives respectively. The 

:initial directive generateS an :.:t:lId \I directive ill the constructed pattern. wbere v is the value of 

the action for that slot. The :delt.a and :deltat commands generate :ran,. commands that are based 

on the values of the action in that location of the ..nern. 

An eumple will help c:tarify how these pattftnS operate. Let an action of the observed trace 

be of the form (move x-position y-position) wbich indicates wbere the robot mould be positioned 
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The meanings for the possible types of fuzzy m.atch are: 
:dc 1 - do not care for one posit.ion 
:dc"" • do not care for any number of positions· there must be one 
:dc­ - do not cue for any number of positions· null okay 
:inltlal • no value requited to match pattern. but wben an inst.1.DU 

is create tbat value of tbe original is made into an e.I.Kt matcb 
:exact v - there must be an exact (equ.aI) matcb to the value v 
:range (t h) - in order to matcb tbe numenc value must be between I and h 
:delta n • an item will matcb an inst.ance if it is - to the initial value 

or it is ­ to t..be value ... n 
:delw (l h) - like range but the range is based on the initial value 

Figure 6.4: Commands for Pattern Matcher 

at the end of executing the command. If the system wants ~11 the move commands wit..b the $I1fte 

x-position value to be c:onsidered equal. the general pattern would be Cenct move :initial :dcl). 

When this is passed to the fuzzy matcher algonthm with the action (move l' 35) the pattern 

(:enct move :eX4ct l' :dc1) is returned. This pattern would equate all moves to t.be 1 coordinate 

of 15. Similuly a range c:ould be est.ablished. 

When the PL.~'fD system is building a new context. patUfU intrOduced t.b.fouC.b background 

knowledge are used to generalize actions. It no patterns are inU'OC1uced lbe actio .. are carried to 

the new c:ontut WlChanpd. If patterns are speci.4ed t..beft an action is Am tes&ld to see if it 

matches any workinl pattern already aeated. thus allowing it to be considered equal to aU other 

actions that alto mateh that pattern. Whc it does not mlteh a working patteI'D the action is 

passed to the matehe:r with the aeneral patterns in an attempt to build I new wormg pattern. If 

this also fails the action is unchanged in the new c:ontext. 
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EXPERIMENTS WITH PLA...~ 

The capabilities of PLA,:\l'D will be illustnted by sevenl examples of its use. The examples 

run to illustrate the PL~)iD system may be clusiJled into two major categories. Fim. there are 

examples, that do not use background knowledg~: when these are run the system discovers a 

regular grammar that generates the input string. PLAND in this mode operates mostly like 

previous similarity-diference based systems. The second caterory of esamples uses background 

knowledge to bell' guide the search for macro operators. The domain knowledge is able to 

dilferentiate between useful and unproductive macrops that bave been discovered. In this chapter 

e:tamples vf each type are given. 

This section explains three examples wbich do not require any domain knowledge. The first 

. example is presented with a walk throUJb in multiple steps to (Kilitate the reader's understanding 

of the system. III order to emphasize the point tot background knowledge is not used. the actions 

are given as 1et'C8S. The input to the system is a list of actions and eac.b action is a list. since 

normally there is more t.ban one component to an action. 

7.1.1. Eumple 1 

Figure 7.1 sbows Eumple 1 as it would be entered into the system. When looking for ways 

to reduce the complexity of Exampi~ 1. one :'latices a number of contiguous )('5 that implies X­

co\dd be a macrop. The system discovers the pattern and replaces (conceptually) the items by the 



«( A)(B)(Y)(X)( X)( X)(Y )(X)( X)( Z)(YX X)( X)(Y)(X)(X)(X)(X )(Z)) 

Figure 1.1: E.xample 1 

discovered macrop. changing Example 1 to get the sequence of figure 1.2. At this point it becomes 

apparent that the sequence can be reduced by a. proposed macrop (Y X''' as shown in figure 1.3. 

The macrop JUSt discovered followed by Z a.lso may be reduced by forming a macrop. This is done 

by PLA:'JD but not illustrated in a figure. 

The previous walk through demonstrates bow PLAND systematically reduces the input SU'inl 

wilen discovering macrops. The system does not actually replace tile conteftts of the input but 

marks where all occurrences of the discovered macrops are. When searcb.itJg for a new macrop. old 

macrop5 are used wbenever possible. The actual output of tbe system for this example is given in 

figure 1 A. As macropB are discovered the system assigns a name to tb.em. ~1acrop names we the 

form :\t:c.n wllere c is tb.e name of the context. wbere the macrop was discovered and n is a two 

digIt number indicatiDI the order in whicJl the macrops are discovered. In addition to displaying 

Figure 1.2: Example 1 with X· 

Figure 1.3: Eumple 1 with (Y X*)* 



Observend trace of actions work.ing with: 

C-\) (8) (Y) C{) eX) co (Y) (X) CO (Z) (y) (X) (X) (y) (X) (X) (X) (X) (Z) 

Ready to start another cycle. The result of the last contut was: 


CONTEXT 1 
co~v macrops 
8.$ <:\1:1.03: «(:\1:1.02]- Z)-> 
11.2$ <:'vI:1.02: (Y (:'vi: 1.01]-)-> 
10.0 <:\'1:1.01: (X)-> 

The most interesting Partial macrops 
12.0 <I>: X X> 
11.25 <P: (:'vi:1.02]- > 

11.2$ <P: Y (~1:1.01]-> 

10.0 <I>: (M:l.Ot}-> 

Observered trace of actions working with: 

(A) (8) (:'vi: 1.02] (Z) (:'vI:1.02] (Z) 

Ready to start another cycle. The result of the last context was: 


CONTEXT 2 
co~v macrops 
2.0 <M:2.01: ((:\-1:1.02] Z)-> 

The most interenin~ Partial macrops 
2.0 <P: (M:1.02] Z> 

Observered trace of actions working with: 

(.-\) (8) (M:2.01] 

All interesting m.act'Ops were discovered. This eump!e is finished. 


Figure 1.4: Output of PLA..'lD for Ezample 1 

the macrop n.a.rDe. the sequence associated with the discovered macrop and the cognitive savings 

(copav) value an silown. The com.putation for copiUv. savinp is 

(number of macrop occurrences - 1) - length of macrop 

as discussed in section 4.$. The most interenin. partial macrops found in this c:ontezt are also 

displayed. Since this example runs without background knowlec:lge none of these partials will be 

promotec:l to -complete- macrops (background knowtec:lg' determines wbich partials are prom.oted.) 

~otice that as macrops are discovered a partial macrop is added to the list. The n.w macrop is used 

to extend existing putials and as the starting point for new partials. 



Before th. system su.ru processing the next context the original sequenc:e is replued with the 

most interesting mac:rops. This example demonstrates that the most Interesting ra.acrop is used for 

rel'lac:ement before others. If the 10ngtS'C macrop had been used instead of the most interesting 

(largest cognitive savings value) no mac:rops would have been discovered in the run of the second 

context as instanc:es of ~: 1.03 ue longer than those of ~: 1.02. The macrops o( the tim contllt are 

not passed to the second. They are plac:ed in the sequenc:e wb.ere appropriate and treated as action 

steps. Thus the system discovers \1:2.01 which is the same as ~:1.03 but it bas no method of 

determining this. Example 1 demonstrates that PLA='lD is capable o( using macropr within other 

mac:rops to discover nested loops. 

7.1.2. Example 2 

Figure 7.5 contains the output for running Eumple 2. This eumple d.emonst.rates the 

system's ability to discover conditionals. The system discovers three interesting IDICfOps. The tim 

mac:rop found is the most interesting as it desc:ribes all of the string except (or some X's~ The X's 

were added as noise. Allowing.-t in the lirst cboice set. in addition to being one of the key points. 

did not confuse the system. Along with linding the main macrop (M:l.0t) the system also 

discovered two loop constructs. The system bas noted intemally that tbe loop of A's overlaps with 

the conditional and thus the two macrops may not be used together. Only one context is generated 

for tbis example because all of the actions are covered at the end of processing the context. 

Without domaia knowledge. the system uses this as an indication to stop proces:sing. The macrop 

that gives the Iarpst. coenitive savings is a loop with the body (A (8 + C) D (C ... EJJ. 

7.1.3.. Example J 

The tbird example. wbose run is shown in figure 7.6. demonstrates that conditionals may be 

found with embedded macrops. In this case the embedded macrop is a loop but its type is 

immaterial. The Ant macrop found by the system is a conditional but it does not yet have the 



Observered trace of actions working with: 

()..) (B) (D) (e) (A) (A) (D) (E) CA) (B) (D) CE) CA) 

(A) (D) (e) (X) (X) (A) (A) (D) (e) (A) (B) (D) (E) 
Ready to start another cycle. The result of the last context was: 

COf'l.'TEXT 1 
copav macrops 
1.0 <~1:1.03: (X)-> 
8.0 <M:l.02: (A)-> 
20.0 <M:1.01: (A (B + A) 0 (e + E»-> 

The most interesting Partial macrops 
20.0 <P: [~1:1.01J·> 
8.0 <P: ["':1.021-> 
6.0 <P~ABO> 
6.0 <P: A A 0> 

Observered trace of actions workinl with: 

(M:1.01] [~1:1.031 [M:l.011 

All interesting macro", were discovered. This aample is finished. 


Figure 7.$: Enmple 2 Output 

embecldeclloop macro. This is because the loop macro l' for X" b.u not been discovered at this point: 

it is discovered nezt. ~ow the system finds the better conditional. :\1: 1.03. which expresses the 

complete strlng.(( X" + BJ .4)1. The system continues to finc:1 other macrops wbich are less 

interesting &I indicated by Uut cognitjve savinp value. Notice that the macrop numbers are not 

sequential. Noa.quenti.al macrop numbers indicate the systelll has discovered macrops that are 

subsumed by pNY10usly deAnecl macrops. The subsumed macrops are noted and not used further 

by tbe system. 

This concludes the discussion of e:u.mples that do not require background knowledge. In 

these cases the system finds regular upressions that define chunks of tbe input string. For all the 

esamples shown tbe system made the largest jump of faitll posrible by requiring only two 

iterations of a strinl to constitute detining a loop construct. The system can discover conditionals 

and loops nested to any arbitrary depth. 

http:Noa.quenti.al
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Observered trace of actions working with: 
(X) (X) (X) (X) (A) (X) (X) (X) (.~) (B) (A) (X) (X) (A) (B) (A) (B) (A) 
Ready to start another cycle. The result of tbe last context was: 

CONTEXT 1 
cagsav macrop5 
10.0 <~:1.10: (X [~:1.01]·)·> 
' . .5 < ~:1.01: (A (M: 1.021· A B)·> 
'.0 <:'A: 1.06: ([:'A: 1.01]* X X)*> 
1.5.0 <~;1.03: «[:'A: L02j* ~ B) A)*> 
8.0 <~: 1.02: (X)* > 
10.0 <:'A:l.01: «X ... B) A}t> 

The most interesting Putial macrops 
10.0 <J>: (~:1.10]*> 
10.0 <P: (~:1.011*> 
10.0 <J>: X (~:1.011*> 
10.0 <P: X X> 

Observerea trace of actions working witb: 

[:'A: 1.03] . 

All interesting macrop5 were discovered. This example is finished. 


Figure 1.6: Example 3 Output 

Back.ground knowledge separates the performance of PL.A!'iD from other similarity-<1i1ferenc:e 

based systems. Tbetwo eumples in this section demonstrate di1l'erent uses of domain knowledge 

by the system. In t.be robot eumple. knowledge is used to indicate wben a new generalized conten 

sbould be COnsU'tlCwct. The knowledge used in the second example. a mock trace of a typical week 

in a graduate student's life. prunes the search tree so that the cornet macrop may be found 

Without the k.nowledge in this example the system exhausted its resources before generating an 

answer during an e::s:penment. as describect in section 1.2.2. 



1.2.1. Robot E:umple 

In this problem. the system is given a trace of actions performed by a robot moving boxes 

from one room to an adjacent room. Figure 1.7 contains a map of two rooms showing tl1e robot 

(circle). boxes. and tl1e room layout. The robot moves the boxes from tl1e room in which they 

reside to an identical position in the second room. The loal is to discover any useful macrops found 

from this trace. This requires the use of back.ground knowledge. There a.re two important pt«es of 

information given to the system. First. it is told tbat there is a doorway between positions (l 0..5) 

and (11..5). Second. knowledge indicates t.hat if a doorway is used during the action performed. lbe 

robot is moving between two rooms. When more than one room is involved the system should. 

create a new generalized contl!Xt. In the new conte;u the y coordinate of t.he move command is 

ignored and the object tl1at is being grasped or ung%'3.S"ptC is ignored. These items are generalized to 

facilitate the sea.rth for macrops. The output from the program on this example is given in figure 

1.8. The move command has the syntaX (move to-x-position to-y-position). grasp has syntax 

10 

q Cl CJ 
8 
1 
6 
,5 0 
4 -
3 
2 
1 0 0o 

i ib 8 1'0 12 14j 

Figure 1.1: Robot Map 



Observered trace of actions working wit.b: 

(ST"'RT' ') (.\-tOVE 0 10) (GRASP 8t) (MOVE 10 ') (MOVE 11 ') (MOVE 11 10) 

<t;:--;GRASP BO (:\10VE 11 ') (MOVE 10,S) (~10VE 0 0) (GRASP B2) (~OVE 10,S) (~OVE 11 ') 

(:\IOVE 11 0) (L'~GRASP 82) (~OVE 11 S) (MOVE 10,S) (MOVE 10 10) (GRASP 83) (MOVE 105) 

(:\IOVE 11 ') (:\lOVE 20 10) (L'~GRASP B3) (:\IOVE 11 ,S) (MOVE 10 ') (:\(OVE 100) (GR.ASP 84) 

(:\IOVE 10 ') (~10VE 11 ,S) (MOVE 200) (LiNGRASP 84) (:\10VE 11 ,S) (~OVE 105) (:\lOVE' $) 

Ready to start another cycle. The result of the last. context was: 


CONTEXT I 
cogsav macrops 
6.0 	 <1'11:1.01: MOVE-Io-S MOVE-11-S> 
6.0 	 <:'.(:1.01: MOVE-11-S MOVE-IO-'> 

The most int.eresting Partial macrops 
6.0 	 <P: (!W:1.01]> 
6.0 <P: (M:1.01]> 

Observered trace of actions working with: 

(START") 1MOVE-o-DC'" I I GRASP-DC'" I (M:1.01] !:'.IOVE-11-DC"'IIL'~GRASP-oc::al [M:l.011 

l:\lOVE-o-DC"'IIGR~SP-DC"'1 [M:1.0211:VtOVE-ll-DC"'IIt:~GRASP-DC"'1 [M:1.01} 

!:\10VE-Io-OC-I IGRASP-OC-I [M:1.ClIIMOVE-2o-OC-IIUNGRASP-DC"'1 (!W:1.011 

!:\IOVE-lo-OC*I IGRASP-OC* I [M:1.021 {MOVE-2o-OC-I !UNGRASP-DC"'I (~f:1.01] I~IOVE-'-oc::a, 

Ready to start another cycle. The result of tbe last conte:n was: 


CONTEXT 2 
c:ogsav macrops 
6.0 	 <M:2.04: (l:\-l:1.01] !MOVE-Io-neat {GR,.-\SP-OC-I (M:1.02] IMOVE-2o-OC*I 

!t:~GRASP-oc*l )*> 
6.0 	 <!W:2.03: «l.":"JGRASP-OC"t (M:l.01] {MOVE-Io-oc-t {GRASP-neal [!W:1.0l] 

I:'v10VE-2o-DC"'I)-> 
18.0 	 <~:2.01: «lMOVE-o-OC"t -+0 fMOVE-lo-OC"I) {GRASP-OC-I (M:1.021 

({MOVE-l1-DC"'1 -+0 (MOVE-2o-neat> 1t.'"NGRASP-DC"'t (M:1.01])*> 

The alost interestinl Partial mac:rops 
8~0 <P: IUNORASP-OC"I [M:1.01] tMOVE-lo-OC-I {GRASP-oc-t [:'vf:1.Cl] IMOVE-lo-DC"'I 

IL'NGRASP-DC*t [M: 1.01] > 
1.0 	 <P: [M:1.0t] {MOVE-lo-OC"IIGRASP-DC"'1 (M:1.0lIIMOVE-2o-IX:-llt.iNGR.4.SP-IX:-1 

[M:1.011> 
1.0 	 <P: 1t.'NGRASP-OC"I [M:1.01] IMOVE-Io-oc-, IGRASP-OC-I (M:1.CllIMOVE-2o-OC-I 


It.:~GRASP-DC"1 > 

6.0 <P: IMO'VE-lo-OC"I IGRASP-oc::at [M:1.Ol] {MOVE-2o-OC-I {L"!'lGRASP-IX:-1 (M:1.01]> 

Observered trace of actions working with: 

(START' ,) (!W:2.011IMOVE-,S-DC"" 

AU interesting macrops were discovered. This e::tample is finisbed. 


Figure 1.8: RObot Eumple Output 

http:l:\-l:1.01
http:1'11:1.01
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(grasp item), and ungrup bas syntax (ungrasp item). The braces in the output trace show that i 

generalized action has been created, The dashes s.parate the partS of the pattern used. For example 

(grasp-dc'" indicates that the tint part of the pattern is an enct match to grasp and anything after 

that is ignored by the don't care indicator (dc·). 

rn the tim cycle. the system discovers two partial macrops that the domain knowledge 

indicates should be made into macrops. These two macrops are for moving through the doorway 

(one from left to right. one from right to left). At this point the knowledge indicates that a new 

context sbould be built. The new context will use the new macrops and generalize the actions by 

spedned patterns. The knowledge indicates the following patterns should be u.sedto generalize the 

action steps: 

(:euct "fOVE :ilIitial :dc·) 
(:eSKt GRASP :dc·) 

(:exact liNCiRASP :~) 

Durin~ the second context the tim macrop discovered is for moving to a box (at either I position 0 

or 10), grasping the box. moving to and through the doorway (:\1(:1.02), moving to a position to set 

tbe box down (x position 11 or 10). 1.lnansPing the box. and returning through the door (:\1(:1.01). 

Two otber less interesting macrops are also found.. Without the knowledge to generalize the 

actions. the system would not bave been able to discover the macrop. One point of interest is the 

system does not recognize t.be depetldAmcy of the I position in the move. Boxes that start at I 

poSition 0 in tlle 4nt room are always placed at I position 11 in the second room. Also. the system 

does not unde.rsWld that the 1&1\ Object grasped is the sa.m.e as the Object most recently ungrasped . 

.~n explanation based learning type system would be required to learn these dependencies. 

7.1.1. Student Example 

The input for this example. as shown in tigure 7.9. is a week's worth of actions performed by 

a hypothetical graduate student. The goal of the system is to discover I macrop which 'W'ill denne a 

typical day in the life of this student. The background knowledge specifies that going to the gym is 
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O~rvered trace o( actions working witb: 
(WAKE-l:P) (EAT) (GOTO GYM) (GOTO WORK) (GOTO HOME) (EAT) (GOTO BED) (WAKE-l'P) 

(EAT) (GOTO WORK) (GOTO ay~t) (GOTO HOME) (EAT) (GOTO BED) (WAKE-l'P) (EAT) 

(GOTO GY:\O (GOTO WORK) (GOTO HOME) (EAT) (GOTO BED) (WAKE-L'P) (GET-S~ACK) 

(GOTO BED) (WAKE-CP) (EAT) (GOTO WORK) (GOTO GY;W) (GOTO HOME) (EAT) (GOTO BED) 

(WAKE-l:P) (EAT) (GOTO GYM) (GOTO WORK) (GOTO HOME) (EAT) (GOTO 8£0) (SLEEP WALK) 

Ready 	to sta.rt anotber cyde. The result of tbe last conte:n was: 

CONTEXT 1 
cogsav macrops 
28,0 	 <;W:1.01: WAKE-l;P EAT (GOTO-Gnf .. 0) GOTQ-WORK (GOTO-GYM + 0) GOTQ-HOME EAT 

GOTO-BED> 

The most in teresting Partial macrops 
14.0 	 <P: WAKE-l:P EAT GOTO-GY~ GOTQ-WORK. oorQ-HOME EAT GOT~8ED> 
12.0 	 <P: WAKE-l:P EAT GOTO-GY:\f GOTQ-WORK oorQ-HOME EAT> 
10.0 	 <P: WAKE-l:P EAT GOTO-GYM GOTQ-WORK GOTQ-HOME> 
8.0 	 <P: WAKE-l:P EAT GOTO-GY:\( GOTQ-WORK> 
Observered trace of actions working with: 
(;W: 1.01] (WAKE-t:P) (GET-SNACK) (GOTO BED) [M:1.01] (SLEEP WALK) 
All interesting macrops were discovered. This example is linished. 

Figure 7.9: Student Example 

optional. One does not need to workout in order to survive. Knowledge also indicates that a day 

must SUrt by waking up in tile morning. end by going to bed. and a student must also let so.. 

work done dunng the day. otherwise hislher advisor milDt become upset. 

The system 6.nds the required macrop (or tile student which is wd. up. optionally go to en. 

gym. wOP"t. optioftally go to tM gym. 1uttJ4 ht:ImtI. tItfIt. and go to htetJ. The noise of the student ~tti1l1 

a midnight snack ill tDe middle of tile week and s1erp walking at tile md did not tJ:lrow tile syste:iID. 

oft' track. Altbough tilis trace makes tile problem look simple. it was not solvable witbout tbe 

domain know ledge 1. Due to tbe amount of reguJ.a.rity in tile e:nmple. a large number of macros-

were created. The handling of tbese macrops slows the di.sl:overy process. The simple condition of 

• I PUIIn.tm "en set to stO, the systlm MlAlliq without btcqrouad uo..,t~ &/_ $00 qel2du ,,1ft executed. It 
IIfU cleat the s'Y'tem. could "'11 mucn IOllm before proaUCUlC lAythiq IIIeIU1. 

http:PUIIn.tm
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forcing days to start by waking up and end by going to bed is enough to prune tbe numbet' of 

possIble macrops so tbat the system can function. This e.umple shows that the addition of strnpie 

knowledge can greatly improve tbe prospects of diKovering tbe correct solution . 

.. 
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CHA.PTEl8 

FtrI1JR.E RESEAROI 

As with most research projects. work on PLAND bas introduced as many questions as it 

answered. In this chapter some of those open qUes'Cions are discussed. The topics of tbe chapter 

include discovering fixed iteration loops. e:ltending the fuzzy matc:hing algorithm. processing 

overlapping macro operators. and incorporating more complex backlround knowledge into the 

system. The last topic: will get special attention as other researchers are also working on combining 

similarity-<1ift'erenc:e based learning systems with explanation based lamina systems. 

8.1. Fixed Iteration 1..00", 

The PLANO system overgeneraUzes w hen it c:onverts a series of ju:.ttaposed suing! iDto a loop 

macrop. There are two methods of avoiding this. besides not allowing any induction. First. more 

background knowledge could be used to control the generalization. Col1SU"l.ints of tbis type will be 

discussed in the lut section of this chapter'. Second. the amount of generalization could be reduced. 

One method of reducinl the amount of generalization is to require more iterations of I sequence 

before constrUCtiftl a loop macrop. Currently tbis is accomplished by setting a pan.meter of the 

loop dj.scovery module. Another method of reducinl over generalization is by allowinc only the 

dosing-the-interval generalization [Michalski83a] on the number of loop iterations. Thus. when 

the number of iterations for each loop occurrence is the same. the system simply replaces those 

iterations with a macrop of axed size. The sequence is not converted into a Kllefte closure loop 

o/here any number of iterations (greater than 1) is possible. When the SYSUlm h&s obse:rved a 



different number of iterations of tbe same sequence. a range of tbe lowest to tbe bigl1est number of 

Ileratlons is allowed. All intervening occurrences are assumed lobe acceptable under the 

generalization. 

The system could l1andle tbe fixed iteration form of loop macrops witb sligbt modiAcations to 

the internal representation. ~ta.king this cbange will greatly increase tbe time required to r'.,ln data 

as the system will require more cpu cycles to perform subsumption cbecking. Recall that the 

subsumption of macrops is performed by using finite state macbine representations of t.be macrops. 

A K leene closure loop ( tbe form of present loops) ean be described in tbe same number of states as 

the lengtb of the loop body. However. wl1en a range of iterations is given. the number of states 

req uired to represent tbe macbine is tbe product of the largest range delimiter and the lengtb of the 

loop body. When one of tbe values of tbe range becomes large tbis will greatly increase tile time 

required for tbe cbecking pbase ..-\gain more knowledge could be used to bell' determine when it is 

best to generalize tbe loop iterations. 

8.2. 	 ImproTed Ma"her 

Another area of researcb involves improving tbe fuzzy matcbing algoritllm. A goal of sucb a 

matcher could be to require items witilin the pattern sequence to be tbe same. For instance. it 

would bave been appropriate in the robot eumple to send the matcber I constraint that wbenever 

some item is puped it must be unpuped as well and tbat no other vup may take place until an 

ungnsp b.&s 0CC\&n'Id. Currently constraints of patterns apply only to I speci6c action. The type of 

patten! needed would bave dependencies among a group of actions. 

Determining bow far one can pusb pattern matcbing aeneraliz:&t.ioft would be interesting. By 

t.a.king small steps along tbe way tbe syS\em is able to leam about. tbe int~onnections of tbe partS­

Clearly knowledge to guide tbe generalizations is required. Two open questions are how much 

knowled,e is required to perform. pattern matcbing generalization in tJais manner and how accurate 

are tbe results produced by sucb a. syS\em. Intuitively it is appa1inc to bave I system proceed in 



sucb I fubion. The knowledle can luide tbe searcb by specifying allowable generalizations wlliJe 

the discoveries (or lack thereof) can be used to direct the knowledge ICC~ I. 

8.3. ~erlappiDl Macro~ 

Overlapping macrops could be used to build new macro operators. In the simplest case this 

would require attaching two macrops tocetber and removing the common portion. RemOVing the 

overlap can be difficult. When the overlapping portion of code is within a loop body or conditional. 

the process (or merging is not straightforward. However. tbere are simple situations where it is 

beneficial to combine the macrops. such as merging ABC and CDE to let ABCDE. The new 

combined macrop C'ould require muC'h processing to be discovered from the primitives. but 

relatively easy to tind using overlap. The current system keeps account of all interconnections 

between macrops in an ATMS-like structure. Contradictions indicate overlap and are maintained 

to facilitate tbe combining of the contradictory substructures. 

While tbe above paragrapb talks about actual overlap. there are \:ISIS when discovering a 

vague. nonexisting overlap is useful. If there is I macrop deAned for A 8 C and another for A DC 

then the real macro operator might actually be A (8"", D) C. The real aucrop might. not have been 

discovered due to the structure of the input. example. Without solDe help from bac.kcround 

knowledge it. seems impoaible to search tbrouah all tbe macrops discovered. determine how they 

could poaibly It together. and determine it the result. is interestina. However. with appropriate 

domain know .... such a search could be productive. Oeterminina the type of knowledce required 

to perform this tuk is a research q ulStion. 

The major focus of future research on the PLAND system will be in the area of incorporating 

more .knowledge int.o the system. More knowledge here means usinl knowledge-intensive 
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algorithms as in explanation based leaming. ~ore effective methods of combining explanation 

b~ anet simHarity"'C1iJference based approaches to learnlng wIll be explored. Other researchers are 

also exploring ways to effectively get these two types of leaming to complement each olbtr 

[Kodratoff87. LebowitZ85]. Kodratotf uses EBL techniques to drive the SOSL portion of the 

algorithm while LebowitZ uses SOSL techniques to gUide lbe ezplanation building processes. It 

appears that this latter approach will more closely resemble the future directions of PLA~D. 

LebowitZ dennes a single act of communication between the SOSL and the EBL componentS of 

his system. The proposed PLA~O system will require many acts of communication between the 

cooprrating modules. Each conversation should be on a different level in the generalization 

hierarchy or on a different solution path. The ietea is that disc:ovend macrops can be proved useful 

by an EBL type system. Also at this time some genft'aiization might be done to the macrop. similar 

to tbat performed by the BAGGER system (Shavli.k87a. Shavlik87b]. The EBL system would 

require domain knowledge on the effects of each action allowed in the environment (given 

example). The system would also reqUire a high level notion of the task accomplished by the 

observed actions. It might additionally contain information on some methods useful in 

accomplishing the hiah level task. The goal of the system is to learn bow the observed action 

accomplishes the t.1.Ik. alonl the way revealinl previously unknown macrops. On the other hand. 

lbe syst.em could learn a completely new method for performing the task from the observation. As 

the macropS 1ft explained. tbe EBt system couid gYide the SOSL module's macrop search to 

con4rm or deny i'lS hypot.heses. 

~ost complex t&Sk.s require many levels of generalization to explain them. PL.~'lO currently 

works in these levels of genft'alization. and the proposed. syst.em. mould as well. The two 

components of the system would guide each other in such a scbeme. the SOSL modules showing 

what actually exists in ~e example and the EBL modules proviftg generality of found items anet 

suUestinl generalizations to apply in order to con..tirm or deny possible goals. This area of research 

will involve controlling and denning the type of communications. between these modules. 
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Another method of incorporating more knowledge into tbe cunent system is by integrating it 

witb a planner. The planner could replace some complex background knowledge that might 

otberwise be requ1red to verify found macrops. A planner knows what goals must be met to 

a<.:complisb a task. Thus the planner can check t..he usefulness of discovered macrops. a fun<.:tion 

similar to tbat performed by a knowledge-intensive system but more sharply tuned to the 

problems involved in planning. 



C'HAP'TEJt 9 

CONCLUSIONS 

The PLA..'10 system discovers macro operators in plan sequences. The system uses domain 

independent algorithms for discovering loops. conditionals. and sequences in events that are 

connected by a single ·follows· relation. This system shows t.bat it is possible to learn macrops 

from an action trace. with or without background knowledge. PLANO is some of tbe fim work 

done in tbe area of substructure discovery: undoubtedly more will follow. 

Research on PL'\,:\lO is concerned witb two area of researcb in arti1lcial intelligence. The.first 

is the area of substructure discovery. Building substructures allows the system to learn in at least 

two di1ferent ways. After the system discovers an interesting substructure. tbe substructure IS 

learned at tbe knowledge level and can be used in building other substructures. .-\ substructure 

also allows the system to assign properties to a portion of tbe event and thus can use those 

properties wben performina conceptual clustering on the events. The property could be as simple 

as indicatina t.bat a node is in a certain type of substructure. This opens up the possibility for 
~ 

better c!US\erina alcorithms t.bat will be able to 1ft a more Gestalt fit to tbe data. 

The second important area of resea.reb is combining knowledp-intensive algorithms. like 

explanation buId leamin•• witb similarity-dilference based leaming algorithms. It is clear tbat a 

truly intelligent system. needs to use both in combination. but the most productive method for 

.:ombining these methods is un1tnown. The PL..At.'JO system bas laid the ground work for using 

knowledge-intensive algorithms with the less knowledge intensive similuity-di4'erence based 

learn ii'll algorithms. Through the use of background knowledle the system can build .:ontexts of 

generalization for the problem at band. This allows the system to work at multiple levels in the 



69 

action bierarchy for a set of primitive actions. In this manner the system is able to abstract 

portiOns of the action sequence to reason about higber level goals. The goals dict..lte wllich actions 

are actually performed. In Lhis scheme. the two algorithms work in conjunction. The SDSL 

portion discovers interesting components that actually exist in the example. The EBL portion 

generalizes those discovered substructures and gives direction for ditferent areas to sea.rc:h and 

levels of abstraction to use. The system communicates repeatedly between the two modules to 

build the goal structure (or the w.k. 

SublStructure discovery is interesting because o( the small number of constraints. Recognizing 

structures is very important in allowing a system. to reduce the complexity of common items and 

in thinking about old events in new ways. Discovering macrops an occur without the aid of 

specific background know ledge. but the macrops are pure syntactic entities. For t.be system to 

discover more complex and interesting macrops. background knowledge is required. 
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