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This thesis describes a method for discovering substructure concepts in examples. The method
invoives a computationally constrained best-first search guicded by four heuristics: cognitive
savings. compactness, connectivity and coverage. Each heuristic :s described in detail along with its
role in evaluat:ng an individual substructure concept. The SUBDUE system that implements the
method contains a substructure discovery module. a substructure specialization module and an
incremental substructure background knowledge module for applying previousiy discovered
substructure concepts. The substructure background knowledge includes both user-defined and
SUBDUE-discovered substructures in a hierarchy that is used to determine which substructures are
present in the input examples. The system has performed well on 2 number of examples from
different domains and has discovered many interssting substructure conceyls such as an aromatic
ring and a macro-operator for stacking blocks. The method and implementation of the SUBDUE

swsStem are described. and an analysis of experimental results is presented.
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CHAPTER |

INTRODUCTION

At any given moment the amount of detailed information available from an environmen: s
overwhelming. For example. close observation of a brick wall reveals not only the rows of
rectangular bricks, but also the mortar between the bricks. the pitted surface of the bricks and
mortar, small ¢racks i the bricks. etc. Yet. humans have the ability to ignore such detail ard
exiract inr:ermation from the environment at a level of detail that is appropriate for the purpose cf
the ocservation. Even :n an unfamiliar environment. humans ignore intricate detail and discern
more abstract patterns in the stimuli of the environment [Witkin83]). This thesis describes a
compmat;onﬂ methc;d for discovering abstract patterns, or substructure. in the descriptions of a

struciured anvironment.

When observations at varying levels of detail are necessaryv, humans are capabie of descend:rg
ine ‘zhe more minute structure of the environmental stimuli and .dentif ving patterns in terms of
these structural primitives. From the observations at diferent leveis of detail. humans mav
construct a hierarchical description of the environment. For :nstance. the brick wall can re
descr:bed as :he reciangular bricks in the wall along with the interconnections bet'veen tae Sricks.
Furthermore, each orick can be described in terms of the pits. cracks and embeddced gra:ns in ke
brick. and sach interconnection can be described by the compenents of he mortar that combine 2
form the interconneciion. Thus. each level in the description lierarchy represents a different levs]

of detail for representing the environment.
Once such a bierarchy is consiructed. similar primitive struciures in diferent environmen:s
mayv suggest ihe eXisience of mcre abstract features bigher up in ‘he hierarcay. Thus aosiractn

trovides a simpier dessripticn ol tde environmen: and thus allows ize human o discever nugner
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2nlity represeniing lne subsiruciure: thus simphify.ng the cmginal nput exampaies [a addinon. he
newly discovered substruciurs is specialized by aprending additioral structure. Tass sTeCial.lee
substructure cescrites 3 larger. more specific portion of the current set of :aput exampias. e
substructure backzrauncd knowiedge includes 2oth user-defned and discovered subsiruciirs
definitions. These are used to identify instances of substructures that eXist in a given set of :npul

exampies. Chapter 2 concludes by outlining 2 substructure discovery algorithm incorporating the

aforementicnied components.

Chapter 3 describes the implementation of the substructure discovery methodoiogy contained
in the SUBDUE systam. In addition to the substructure discovery mocule. SUBDUE also includes a
substructure specialization module and a substructure background knowledge moduie. After a
substructure is discovered. the substructure s specialized. and both the original and spec:aiized
substructures are stored in the background knowledge. Within the background xno'sledge the
substructures are kept in a bierarchy that defines complex substructures in terms of more primitive
substructures. Upon receiving 2 new set of input examples. the background knewledge moduie
determines which of the stored supstructures are sresent in the examples. Thus. as the SUBDUE
swstem runs. a hierarchical representation of selected structures found in the environment :s

constructed within the background knowledge moduie.

Chapter 4 presents several experiments with the SUBDUE svstem. Experiments with ine
substructure discovery module indicate that the substructure generalion and substructure seiection
processes perform well in guiding the search towards more interesting substructures. Other
experiments incorporating both the substruciure dackground knowledge module and specialization
module demonstrate the performance improvement obta.ned by using pgreviousiy learned
substructures in sutsequent discovery tasks. The input and output data for 2ach exper:ment are

\isted in Appendix A,

in
{3
[
>
e
e
[¥)

Chapter 5 survevs srevious work selated 10 substruciure discovery Tais work Jate

he 2arly 1900's ~hen gesiait psvcholegists began stucying ihe underiving processes :nvolved in
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CHAPTER 2

SUBSTRUCTURE DISCOVERY

Tke major focus of this work is to investigate methods for discovering substructure concepts
in examples. Substructure discovery is the process of ident.fving concepts describing :nteresting
and repetitive "chunks” of structure within the individual elements of a set of structured examples.
Once such a substructure oncept :s discovered. the descriptions of the examples can be simplified
by replacing all occurrences of ‘'he substructure with a smgié form that represents the
substructure. The simpliied descriptions may then be passed to other learning svsiams. In

addition. the discovery process may be aprlied repetitively to Turther simplifyv the descriptions or

10 build a hierarchical interpretaticn of the examples in terms of thewr subparts.

This chapter presents ihe components involved in a computationai method for suostructure
discovery. Section 2.1 discusses the motivations for developing such 2 method and the imporiance
of substructure discovery in the deld of artificial intelligence. Seciion 2.2 Jdefines a substructure
along with the components comprising a substruciure. Methods for generating alternative
substructures are presented 1 Section 2.2. and the techniques used for inteiligently seiecting among
these alternatives are discussed in Section 2.4. Once an appropriate suostructure is discoversd, the
substructure is instaniared for each occurrence of the substructure in the input examples. Section
2.5 discusses substructure instantiation. Newly discovered substruciures can be specialized 1o
describe larger substructures in the input examples. Section 2.6 discusses suosiruciure
specialization. Section 2.7 presents methods for using background xnowledge in the sudstruciure
discovery process. Finally. Section 2.8 outlines a substruciure discoveryv algonithm ncorperating

the previousiy described technigues.



TZe buman ability ¢ percerve SITUCIUrIL reguiarilies i the e irdnment 2ro. ces ~he Sa3.

. . . £ . ..
motivauen for invest:gating subsiructure discovery {Palmer$3) This ability :llcus nrumans -
ex:ract inforzation from tae anvironment al a level of deta:l that :s appropriate Far tae ~uroose oF

the observation. By perceiving onlyv the appropriate information. humans are better abie to learn

the concepts implied by the environment.

Thus. the underlying motivations for investigating substructure discovery are the ubiquitous
hierarchical structure in the world and iLe ease with which humans can negotiate the h:erarcav
With an appropriate representation for suostructures and the substructure hierarchy. a

substructure discovery sysiem can perform the tasks just presented.

2.2. Substructure Representation

A substructure is both a portion of a collection of structurallv-related ob:ects and a
cescription of the concept represented by that portion. For example. the detailed structure
composing tae concept of a brick is a substructure of a orick wail The ¢ollection of atoms and
tonds comprising :he concept of an aromatic ring s a substruciure of many arganic :cmpounds.
However. substruciure concepts are not always interesiing. Lpon encountening a srick wall, the
concept of a brick may not be as interesting as the concept of a doorway or window. Tae task of
sudsiructure discovery is to dnd inseresting substructure soncepls in a given spacification of
structurally-reiated objects. The representation of struciured :oncepts should be zonducive to tae
task of discovering substructures. This section cresents a graphical representation for siructured
concepts and a language for describing the concepts.

A collection of siructured objects can be representsC by a jrapa. Using a graph
representation. a substructure is a collection of annoiated nodes and edges comprising a connected
sugrarh > a larger graph. The nodes represent single dJojects. vaiues, or reiatidns in the
substrusiure. and the edges represent the ccnneclions zelween relalicns and their arguments. For
example, the reiatior. ‘on @ 5/ is representied grapaicaily oy tirse ncdes. one annotaied aith g. :ne

annctated with 5 and one inastated with an. T he on node s connectled o Both the @ nade and ihe

S



eiemeni s represented by an astenisK. the suITstruciure <ON(A.3 aT! [ HAPE A 8SOL 32I]
'SHAPE'B:=*]> represents a square on cp of some 0Dject that has a .Aa@de atiricute. tul ansse
shape value s aroitrary. Whereas, the substruciure <{ON/A.3)a7] [SHAPE(AL #5QU <3E!>

represents a square on top of some object that may or may not have a shgpe atiribute.

Figure 2.1b illustrates the substructure found in the example shown :n Figure 2.1a. Bota e
iInput example and the substructure are expressed in the VL, language. The expression for the

:nput exampie :n Figure 2.1a is

<[SHAPE(T1)=TRIANGLE)[SHAPE(T2 )wTRIANGLE|[SHAPE(T3)aTRIANGLE]
(SHAPE(T )= TRIANGLE[SHAPE(S! '=SQUARE|[SHAPE(S2)=SQU ARE]

. [SHAPE(S3)wSQUARE)[SHAPE(S4)aSQUAREJ[SHAPE(R1 1mRECTANGLE]

- {SHAPE(C! . =CIRCLE[COLOR(T] )mREDI[COLOR(T2 )mREDJ[COLOR(T3)=BLLE]
[COLOR(T4:a3LUEICOLOR(S! mGREEN [COLOR(52)=BLUECOLOR(SI)wBLLUE]
{COLOR{(S4 )=REDION(TL.S1 )sTION{S1.R1/uT[ON(C1.R1)aT]
(ON(RL.T2)aTION(RL.T3 =T {ON(RL. T4 = T[ON(T2.52)=T]
[ON(T3.531=T[ONIT3.S4)=T]>

red-—f“
Jas)
—_— ! )
teen 'St C1 A
8 ' L /> OBSECT-0001
| R1  — —
: . , = QBJECT-0002
red——"é '_i'r\ ;]' ' —— blue e
i blue——ESZ, ;%S3jESA,——red
i !
blue  blue
(a) laput Example (v) Substructure

Figure 2.1. Exampie Substruciure
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[nput Example Substructure

(a) Disjoint Substructure

(b) Object Overlapping Substructure

11l — O

(¢) Object and Relation Overlapping Substructure

Figﬁre 2.2. Disjoint and Overlapping Substructyres

Other substructure evaluation heuristics are adaptations of the cognitive savings to reflect
special qualities of a substructure. One such heuristic is compacrness. Compaciness measures the
"density” of a substructure. This is not density in the physical sense. but the density based cn the

sumber 5f relations per aumber of objects in 2 substructure. The compaciness heur:siic s 2

15



factors identified in buman perception that may apply o substructure eviiiaticn NonlerdT
Werthe:mer39]. The SUBDUE system described in Chapter I cisco. ers substruciures £y using 'z
four heuristics presented .n :his section along with background knacwledge to suggest promising
substruactures and substructure specialization to attach contextual information to newiy discovered

substructures.

2.5. Substructure Instantiation

Once an interesting substructure is discovered. the input examples can be recast by replacing
the objects and relations of each occurrence of the substructure with a single entity representing
tbe abstract substructure. This replacement is termed substructure instqruiation. After
perfcrminé one substructure instantiation. a substruciure discovery system may continue to
discover more abstract subsiructures in terms of those already instantiated in the input examples.

This section considers two methods of substructure instantiation.

One method of substructure instantiation replaces each occurrence by a single object.
Difficulties in using this method arise from representation problems. Although all tk}e cbects and
relations of the cccurrence are replaced by a single objec:, the re:ighbering relations are not
replaced. Therefore, some recollection of the objects involved in the neighboring reiations must be
maintained. Also. the possibility of overlapping occurrences, as described in Section 2.4. only
confounds the instantiatzion problem. In the case of object overlap. each instant:ation of the
everlappirig occurrences must remember the overlapping components. Similarly. in the case of
relation overlap. not only must the overlapping objects be retained. but the overlapping relations as
well. Retaining the extra object information is inconsistent with the idea of subsiructure
instantiation using a singie new object. Although single object substructure insiantiation seems

intuttively promising. the accompanying representation problems are difficult 10 overzome.

An alternative approach 0 substructure instantiation involves replacing eack occurrence of
the substructure with a new feiation. The arguments to tais relation are all :he sbjecis in the

substructure occurrence. During instantiation. all relations in the Xcurrence are remcoved {rom the

17
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2.3, Substructure Generation

A essential function of any substructure discovary svsiem is the generation c¢f a.tarmat s
suzstructures. The substruliure generation process sonsiructs new substructires ‘rom tze dprects
and reiatons in the input examples. There are two basic approacies 10 the generation proviem

bottom-up and top-down.

The bottom~-up approach to substructure generation begins with the smallest subsiructures :n
the input examples and iteratively expands each substructure. The expansion may be accompliszed
by two different methods. The first method. minimal expansion. adds one neighboring reiation ‘o
the substructure. For example. accorcing to the three neighboring relations (presented in Section
2.2) of .the occurrence. <[ON(T1.S1)=T[SHAPE(T1maTRLANGLE/[SHAPE(S1)sSQUARE]>, the
substructure in Figure 2.1b would be expanded o generate the following three substructures

<(SHAPE{OBJECT-0001)=TRIANGLE|[SHAPE(OBJECT-0002)=SQU ARE]
{ON(OBJECT-0001,0BJECT-0002)=T{COLOR(OBJECT-0001)=RED|>

<, SHAPE(OBJECT-0001 )= TRIANGLE][SHA PE(QBJECT-0002)=SQU ARE]
(ON(OBJECT -0001.0BJECT-0002)=T {COLOR(OBJECT-0002)=GREEN|>

< [SHAPE(OBJECT-0001 ) TRIANGLE[SHAPE(OBJECT-0002 ) «SQUARE]
(ON{OBJECT-0001.0BJECT -0002)= T [ON(OBJECT-0002.0BJECT-0003)=T|>

" The second method. combinarion expansion. is 3 generalization of minmimal expansion in which wo
substructures. having at least one object in common. are :ombined into one substructure. For
example. the substructure in Figure 2.1b could be generated ov combining tae following t'wvo
supstruciures |

< {SHAPE(OBJECT-0001 .» TRIANGLE[ON(OBJECT-O001.0OBJECT-0002)=T]>
< [ON{OBJECT-CO0! ,OBJECT-0002 1= T)[SHAPE OBIECT-CO0Z )eSQUARE]>

Thne top-down approach to substructure generalon begins with the largest possitie
supsiructures, one for sach :npul exampie. and iteratively disconnects the substructure intc two
smaller substructures. As with the sxpansion approach. subsiructure disconnection may te
aciomplished by ao diferent methods. The first method. ~unimal Jdisconnecrion. samoves one

relatien Jrom 3 subsiruciure while preserving :he resulung subsiructure’s conmecuviiv. For

11



hat dave a .arge number of reiations and objects .n commen. Exaaustive appiication of mim=i.
Jisconnectlion can be avoiced by removing only tiose relations that occur the [east in 1ne oL
sxaxmples. nielding suostruciures with perhaps an .ncreased numoer of occurrences. Lastiv .t
disccnnection can be applied more intelligently by removing relations that yvield highly conneciec

substructures. The techniques of finding articulation poinss [Reingold?7] and cwr poinss [ZahaTi!

are applicable here.

Regardless of bow tbe methods are applied. each method bas advantages and disadvantages.
Although the top-down approaches allow quicker ides:ification of isolated substructures. iaey
suffer from high computation costs due to frequent comparisons of larger substructures. Both the
combinatxop expansion and <ut disconnection methods are appropriate for quickly arriving at a
largér substructure, but a smaller, more desirable substructure may be overlooked in the process.
Also. in the context of building a substructure hierarchy, beginning with smaller substructures is
oreferred. because the larger substruciures can then be expressed in terms of the smaller ones.
Minimal expansion begins with smaller substructures. expands substructures along one relation
and. thus. is more likely to discover smaller substruciures within the computational resource

iimits of the system,

2.4. Substructure Selection

After using the methods of the previous section to construct a set of alternative
substructures, the substructure discovery algorithm must chocse which of these substructures 0
censider the best hypothetical substructure. This is the task of substructure seiection. The
proposed method of selecticn employs a heuristic avaluation function to order the set of alternative
substructures oased on the:r heuristic quality. This section presents ihe major heuristics that are

applicable to substructure evaluation.

The first heuristic. cognitive savings, is the underlving cea “ehind several utility ind data
(CIEression heuristics empicyved in machine iearning (Mintond7. Whitehail8 7, Wolf82]. Cognitive

savings measures the amount of Zata compression ybtainec oy applyving :the substructure 1o the

13
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occurrence. From the common object symbols within ihe reiations. the overlapping soiecis ang

-elations of the originaj occurrences may be reconsirucied.

Thus. single reiation substructure iASIanniation remains 'he [more aciurate agoroach (i

s e

s i

replacing substructure occurrences with a single. more absiract entity representing the arigina;
objects and relations in the occurrence. Replacing objects and relations through substructurs
instantiation reduces the complexity of the input examples and allows subsequent discovery of

concepts defined in terms of the instantiated substructures.

- 2.6, Substructure Specialization

Specializing substructures is an essential capability of a substructure discovery system. For
instance, s{xppose the svstem finds six occurrences of an aromatic ring substructure within 1 set of
input examples. Three of the occurrences have an attached chlorine atom. and three occurrences
- Bave an attached bromine atom. The discovery system may benefit by retaiming not only the
aromatic ring substructure, but also 3 more specific aromatic ring substructure with an attached
atom ‘whose type is described by the disjunction ‘chiorine or oromine”. Performing this
specialization step allows the substructure discovery svstem to take advantage of additional
information in the input examples, avoid learning overly general substructure concepts. and more
rapidly discover a specific disjunctive substructure concept. Ttis section presents an approach @0

substructure specialization.

One techanique for specializing a substructure is o0 perform inductive inference on the
extended occurrences of the substructure. An extended dccurrence of a substructure is the
substructure generated by adding one neighboring celation o he occurrence. The set of extended
occurrences consists of the su_bszrucrurs obtained by expanding each occurrence with each
neighboring relation of tae occurrence. Once the set of extended occurrences is constructed.
inductive inference generalization techniques [Micaalski83a! can e applied to the newly added
neighboring relations and their corresponding values. The resulting generaiized ne:ighooring

.

relations are then appended ¢ 12e original subsiruciure 10 procuce new, sTeciaiized subsiruciures.
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2.°. Background Knowledge

Altbough the substructure discoverv techricues described :n tEBe previcus seclions aork
without prior knowledge of the domain. the application of hbackground knoa.edge can cirect tze
discoveryv process along more promising paths tbrough the space of alternative substructures. This
section considers background knowledge in the form of substructure definitions: that is. cancicate

substructures that are more likely to exist in the current application domain.

The two major functions of the substructure background knowledge are to maintain bo:k
user-defined and discovered substructures and to determine which of these substructures exist in a
given set of input examples. In order to take mazimum advantage of the hierarchical nature of
substructures, the background knowledge is arranged in 2 hierarchy in which complex
supstructures are defined in terms of more primitive substzuctures. This arrangement suggests an
architecture similar to that of 2 truth maintenance system (TMS) [Dovle’9]. Primiti-e
substructures serve as the justifications for more complex substructures at a higher level in tae
hierarchy. When a new substructure is added to the background knowiedge. primitive
substructures are justified by the objects and relations in the new substructure. These primative
substructures provide partial justification for the new substructure. Furibermore, tae TMS
architecture provides a simple process for determining which background knowledge substructures
ex:St :n ;a given set of input examples. This determination can be accomplished dy frst justifving
the reiations at the ieaves of the background knowledge hierarchy with the relat:ons :n the :nput
examples. Then, initiate the normal TMS propagation operation to indicate which substructures are
ultimately justified by the relations in the input examples. The substructure discovery drocess
may then use these background knowledge substructures as a starting point for generauing

aliernative substructures.

Other forms of background knowledge apply to the task of substruciure Jiscovery.
Wutehall's PLAND system [Whitehall8?)] for discovering sugstructure 1n sequences of a¢1:07s uses

three levels of tackground knowiedge to guide the discovery process. PLAND s agh level



L = Limit on computation time
S = [base substructures}
D=l
while (amount_of _computation < L) and (S = {}) do
BEST-SUB = best substructure seiected from S
S =S - {BEST-SUB}
D =D U {BEST-SUBI
E = {alternative substructures generated from BEST-SUB|
for each e in E do
if (not (member e D))
S=S U le}
return D.

Figure 2.4. Substructure Discovery Algorithm

The next step in the algorithm is a loop that continuously generates new substruciures from
the substructures in S until either the computational lim:t. L. is exceeded or the set of candidate
substruciures. S, is exhausted. The loop begins by selecting the best substructure in S. Here, tae
heuristics of Section 2.4 are emploved to choose the best substructure from the ilternatives in S.
The actual computation performed to compute the heuristic evaluation function depends on the
implementation. Section 3.2.2 describes the computation used in SUBDUE: although. othe:
methods may ‘be used. For instance. the heuristics could be weighted. selected by the user. or
selected by the background knowledge. However. arny substructure seleciion method sheuld
involve the four heuristics described in Section 2.4. Once seiected. the best substructure is stored in
BEST-SUB and removed from S. Next. if BEST-SUB does not already reside in the set D of
discovered substructures. then BEST-SUB is added to D. The substructure generat:on methods of
Section 2.3 are then used 1o construct a set of new substructures that are stored in E. Those
substruczures in E 3at have not already been considered by the zlgorithm are added 10 S. and the

loop repeats. When the loop terminates. D contains ihe set of discovered substructures.
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CHAPTER 3

THE SUBDUE SYSTEM

An implementation of the substructure discovery methodology described in the previous
chapter is contained in the SUBDUE system. Written :n Common Lisp on a Texas Instruments
Expiorer. the SUBDUE program facilitates the use of the discovery aigorithm hoth as a
substructure concept discoverer and as a moduie in a more robust machine learning svstem. [n
addition to the heuristic-pased substructure discovery module. SUBDUE also includes a
substructure specialization module and a substructure background knowledge module for utilizing
previously discovered substruciures in subsequent discovery tasks. The subsiruciure cackground
krowledge holcs both user-defired and discovered substructures in a hierarchy and determires

which of these substruciures are present in the input examples.

User-Supplied | Subsiructure :
Background Knowledge . Background Know ledge %
- Substructure
. Specializer
/.:

User-Supplied S Heuristic-Based
Input Exampies , Substructure Discovery-

Figure 3.1. Tae SUSDLUE Svstem
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[SHAPE(T1)=TRIANGLE)[SHAPE(S1)=SQUARE|[SHAPE(C1)=CIRCLE]
(ON(T1.51)=TION(S1.C1)=T)

(b) External Representation

{SUBSTRUCTURE|
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(¢) Internal Representation

Figure 3.2. Substructure Representaticn




SUB = descript:on of substructure 1o be exranded
NEWSUBS = {}
N = {neighboring relations of the occurrences of SUB)
foreach n in N do
NSUB = new substructure formed by adding n to SUB
NEWSUBS = NEWSUBS U {NSUB!
return NEWSUBS.

Figure 3.3. Substructure Expansion Algorithm

Figure 3.3 shows the substructure expansion algorithm. The new. expanded substiructures are
stored in NEWSUBS. initially an empty ser.’ Fi:st. the set of neighboring relations of SUB are
stored in N. For each neighboring relation. a new substructure is formed oy adding the neighbor:rng
relation 10 the 6rxginal substructure description. SUB. The newly formed substruciure is added 10
tke set of expanded substructures. NEWSUBS. After all possible neighboring reiations have zeen
considered. the expansion algorithm returns NEWSUBS as the set of all possitle substruciures

:xranded from the original substructure.

3.2.2. Selection

The heuristic-based substruciure discovery module selects for consideration those
subsiructures that score highest on the four heuristics introduced in Section 2.4: ccgnitive savings,
compactness, connectivity and coverage. These four heuristics are used =0 order the set of
alternative substructures based on their heuristic value in the contex: of the current set of innut
examples, With the substructures ordered rom best (0 worst, substructure seiection reducss to
selecu:ng the first substructure from the orcered list. This section describes the computations
:nvolved in the calculation of each heuristic. and how these resuits are commned to vieid :he

-

aeuristic value of a substructure.
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the sognilive savings value depends on tle overlap of the cciurrences of the susstructure in tae
current set of input examples.

The second heuristic. compactness, measures the Jensity of the sudsiructure Compaciness s
defined as the ratid of the number of relations 11 Le substriciire to the number of objecis in tne

substructure. Unlike cognitive savings. the compaciness of a substructure is .ndepencent of the

input examples.

2 1 )
compactness(S) = relations($

Zabjects(5;

For each of the substructures in Figure 22. #relations(S) = 4 and #objec:s(S) = 4: thus.

compactness = 4/4 = 1,

The third heuristic, connectivity, measures the amount of external connection in the
sccurrences of the substructure. Connectivity is defined as the inverse of the average number of
external connections found in all occurrences of the substructure in the input exampies. Thus. :ae
connectivity of a substructure S with occurrences OCC in the set of input examples E is computed

as

Z -1

wQCC

P
external conrectionsii) } !

connectivity(S.E) = -
occ]

Again, consider Figure 2.2. Each substructure has four occurrences in the input examrple. In
Figure 2.2a. each occurrence has one external connection: thus, connectivity = (4, 4)! = 1. In Figure
2.2b and Figure 2.2¢. the two innermost occurrences toth have 4 external conneclions and the two
outermost occurrences both have 2 external connections. for a :otal ¢f 12 axiernai conmections.
Thus. connectivity = (1274} = 1.3,

Tae final heuristic. coverage. xeasures the amount ¢ siructure :m :he npul 2xamrvles

described by the sussiruciure. Coverage is dedned s the numbder of udnique cbrects and relaticns in
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< SHAPE(T!) = TRIANGLE[SHAPE T2) = TRIANGLZSHAPE(T3 = TRIANGLE
"SHAPE(T4) » TRIANGLE[SEAPE(SL) « SQUARE[SHAPE S2 " » SQUARE!
{SHAPE(S3) » SQUARE|[SHAPE!S4" « SQUAREN{SHAPE(R]) = RECTANGLE,
{SHAPE(C1) » CIRCLE[ON(T1.S:) = TION(T2.52; = TON(TIS2) = 7!
[ON(T4.54) = TON(S1.R1) » T[ONICLRL) =« T{ON(R..T2) = T}
(ON(R1.T3) = T[ON(RL,TS) = T|>

First, the algorithm forms the set S of base substructures. Inmitiaily. S has only one eiement,
the substructure denoted by <1.1 OBJECT-0001>. This substructure has as many occurrences as
there are objects in the input example. The number before a substructure is the value of the
substructure, as defined in Section 3.2.2. The object names within the substructures are aroitrary

symbols generated by the system for each anewly constructed substructure.
Swi<1.1 OBJECT-0001>¢

Next, we enter the loop. where the test substructure in § is stored in BEST-SUB, removed from S
and inserted in the set D of discovered substructures. Next, BEST-SUB is minimally expanded ov
adding one ne:ghboring relation to BEST-SUB in all possible ways. The newly created substructures

are stored in E.

Input Example Substructure
' s1] @ A
R1 o .
A 7 |
\ ;_i_.}\_q —
's2; s3' |s4

Figure 3.4. Simple Example
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[n this exampie tdle next substruciure td e icnsidered, <if.f [SHAPT C3/ICT 3004
TRLANGLE] (ON(OBJECT-00C<.0BJECT-0002) = T [SHAPE/OBJICT-0CCI = SQUARE!> . 2.l amerge i
:ae test substructure. Ragarcless of the amount of acdilional computation. this sussirusiur: -zs

e 3.4) will be the best eiement in the set of discovered subsiructures rerurnas
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by the algorithm.

3.3. Substructure Specialization

The substructure specialization module in SUBDUE empioys a1 simple techmique ::r
speciaiizing a substructure. This iechnique is tased on the method cescribed in Section 25,
SUBDUE spec:alizes a substructure by conjoiung one aitripute relation. The value of the added
atiribute }eiation is a disjunction of tAe values observed in ihe a.tfribute rejations connected 1ot
occurrences of the substructure. To avoid over-spec:alization the substructure is conjoined with
the disjunciive attribute relation rapresenting the mimimal amount of specialization among 'ze
possipie disjunctive at:ribute relations of the substructure. More spec:fic substructures u:il
eventuaily be considersd af:ier less specific subs:rucm'res bave been stored in the -ackground
knowledge. found in subsequent exampies. and further specialized. Section 3.3.1 Jescribes e
substructure specialization algorithm. and Section 3.3.2 iliustrates an example of the specializat:en -

Drocess.

3.3.1. Specialization Algorithm

The substructure specialization algorithm used by SUBDUE is shown in Figure 3.5. Tze

algorithm returns all possible specializations for a given substructure in the current set of :apu:

examples.

The algorithm proceeds as follows. Given a substructure S with occurrences OCC :n the set o
input 2xarrles E the substructure specialization algorithm :a Figure 3.5 returns the set or ail
rossicie specializations of S. These specializations will be collected 12 SPECSUBS. that 15 mitially

empiy. Tae algosithm begins ov storing in ATTRIBUTES ail :he attribute -elaticns in ize



Alter qonsicering eacn attmbute relation :n ATTRIBUTES. :he zlgeriizm termizaiss sinc

returns the set of specialized subsiructures siored .n SPECSUBS. Howsver. caln txs moamal-

v .

sTecia.ized suBsiruoture s eventually stored :n the sugstruciure tackground sacwec

3 .

W

Therefc:e, ar a2 substructure, Sm’ with newly  added  attrisute relaton

{REL(OBJ)=UNIQUE_VALUES] and occurrences OCC the following formula is usec ‘o measure t2e

amount of specialization in S _:

f UNIQUE_VALUES |

amount_of _specializationt S,p) =
|occ|
The sutstructure with the smaliest amount of specialization will tken be stored in the substructure

dackground knowledge along with the originally discovered substruciure.

33.2. Example

As an exampie of the substructure specialization process. consider Figure 3.6, Figure 3.6a
:1lusirates the same input example of Figure 3.4 witk the addition of several color atirbute
relations. Alter running the heuristic-based substruciure discovery algorithm on tais sxamgple. the
same substruciure emerges as in Figure 3.4,

S » <[SHAPE(OBJECT-0002)=TRIANGLE [SHAPE(QOBJECT-000. J=SGUARE;
{ON(OBJECT-0002.0BJECT-0001 inT)>

Next. the newiy discovered substructura is sent to the substructure speciaiizaiion module.
First. all the attribute relations of the occurrences of the substruciure are siored in ATTRIBUTES:
ATTRIBUTES » - [COLOR(TImREDL [COLORI T2 '=RED]. [COLOR(T3)=BLLE.

{COLOR(TH)=BLE]. [COLOR(S1IGREEN], [CCLOR(S: #BLLUEL
{COLOR(S31=BLUE] [COLOR(S1=RED]}

Next. the first atiribute rsiation in ATTRIBUTES :s given a vaiue ¥ and acdec 0 the >nig:nai
-

subsiructure. Toe name >7 the cbrect argument 5 the atiribute relaticn is cnanged [rtm Tl o

OBJECT-)002. secause BJECT-0002 s the name or :ize oolect n the descrizuon Hf tne


http:ne\,\.ly

Taus. the felicwing specialized susstrusture is added t2 SPECSUBS.

.

S_. = </COLOR(OBIECT-00C2:=BLUZ.RED(SHAPE(0BIECT-C0C2 mTRIANGLE]
(SHAPSIOBJECT-0001 1aSQUAREICN(OBIECT-I002.OBECT-00C. =T >

S::m has 4 occurrences and 2 unique values in the new!v added attribute relation: :hus,

amount_of,specialization(sm) = 2/4 = 1.2. The onlv other specialized substructure added 5

SPECSUBS in thus example s

S, = <[COLOR(OBJECT-0001 )=BLUE.GREEN, REDJ[SHAPE OBJECT-0002 )= TRIANGLE]
(SHAPE(OBJECT-0001 )mSQU AREJ[ON(OBJECT-0002.0BJECT-0001 =T >

This  specialized substructure also has 4 occurrences. but 3 umque values: thus,
amount_of_spec:alization(S, p«) = 3/4. The first specialized substructure has a smaller amount of
special:zation: Therefore. only the first substructure. shown in Figure 3.6b, is added :o ihe

substructure vackground knowledge along with the originally discovered substruciure.

Srecializing the substructures discovered ty SUBDUE adds to the suostruciures information
about the context in which the substructures are likely io be found. By minimally specializing e
suistructure, SUBDUE avoids adding contextual information that is 00 specific. [f the cesirsd
substructure concept is more specific than that odbtained hrough minimal specialization, specializing
similar substruciures in subsequent exampies will iransform the under-consirained substructurs
into the desired concept. There is the possibility that even ibe minimal amount of specialization
mav over-constrain a substructure. SUBDUE can recover from this problem. because both :he
original and specialized substructures are retained in the background knowiedge. The unspeciaiized

substructure will alwavs se available for appiication 10 subsequent discovery tasks.

3.4. Substructure Background Knowledge

The substructure background knowledge module in SUBDUE has two marer functieas:

stering both user-cefined ant discovered subdsiructures and determuning whica of thase

39
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ON«T: SHAPE«TRIANGLE . SHAPE=SQUARE,

Figure 3.7. Substructure Background Knowledge Exampie

¢xacily rwo justifications. When both justifications are supported. the substructure node s aisd

supported.

As an exampie. recall the substructure shown in Figure 3.6a. The background xnowledge
aierarchy for this substructure is shown in Figure 3.7. The question mark appearing .n the
aterarcay represents an object. Thus. the substructure containing the question mark s
{SHAPE(X)=TRIANGLEJ[ON(X.Y)=T], where the question mark corresponds to the object argument Y.

Other objects in the hierarcay are represented by the pictorial equivalent of their shape attribute.

Next. suppese either tae user or SUBDUE wants to add the substructure from Figure 3.2a
ke subsiructure background knowledge hierarchy :n Figure 3.7. The resulting Zierarchy is shown
.n Figure 3.8. Tais hierarczy :s ootained by §rst treating the new substructure as an 2xampie and
ircing the hignest (evei subsiruciure alread; :n ihe tackground Knowledge hierarchy that sccurs

.1 the new sumsiruciure. In tais case. tie emuire hierarchy of Figure 3.7 is -ustiied by the new
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Figure 3.9. Three Background Knowiedge Subsiruciures

:he user or »v SUBDUE. the substructure background knowledge grows incrementally 1o define ke

new supstructures in terms of the subsiructures aiready known.

3.4.2. Identifying Substructures in Examples

As deszrized im Seczion 2.8, the substructurs discovery 1.2:ri1am nelug
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{ON(T1.S1 =T {SHAPE: T1}=TRIANGLE] [SHAPE(S1)=SQUARE!
(ONIT2.82.=T! 'SH APE(T2)=TRIANGLE] (SHAPE(S2)=SQU ARE]
[O.‘\\TZ&.SS)-T] [SHAPE(T3)=TRIANGCLE] [SHAPE(S3)=SQUARE] !
[ON(T3.84)=T][SHAPE(T4)=TRIANGLE] [SHAPE(S4)=SQUARE] .

[ON(T1.81)=T){SHAPE(T1)=TRIANGLE] / T

[ON(T2.82)=T}{SHAPE{T2)=TRIANGLE]
[ON(T3.83)=T][SHAPE(T3)=TRI a,\'cx.sl
[ON(T4.54)=T](SHAPE(T4)=TRIANGLE] 7

| ON=T!| | SHAPE=TRIANGLE | | SHAPE=SQUARE
A A A

| -

./

| [ON(T1S1)=T, [SHAPE(T1)=TRIANGLE] [SHAPE(S1)=SQUARE] .
 {ON(T2.52)=T] (SHAPE(T2)=TRIANGLE] [SHAPE(S2)aSQUARE] .
. [ON(T3S3)=T] [SHAPE(T3)=TRIANGLE] [SHAPE(S3)=SQUARE]
~ TON(T4S4)=T] (SHAPE(T4)=TRLANGLE] [SHAPE(S4)=SQUARE] °
~ {ON(S1.R1)=T] ;
(ON(C1.R1)=T] '
(ON(R1.T2)=T]
. (ON(R1.T3)=T} Base Node Support
(ON(R1.T4)=T]

Figure 3.10. Substructure Identification Example

subsiructure hackground Knowiedge. bul opoth specialized and unspecialized subsiructures

discovered by SUBDUE can be retzined Jor use in subsequent substructure discovery tasks.
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Figure 4.1. First Example of Experiment 1

relation. Taus. the second supstructure in the drst row of Figure 4.1 15 < SEAPD N,aSQUARE!
ON(X.YiwT!>. where the cuesuion mark corresponds %o the coject arjumen: Y. Oiher 2crecisn the

dgure are representec = the pictor:al equivalent of their hgre atinicuce.
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The definiticn of computational Limit given 2t tne tegimming of thus chapter mpoes. in o
iosence of background knowledge, thal tlhe DeST SUISITUCIure returmec OV TR SISIlvert a,2oriine
zannet contan more reiations than the comrputationa: (mut. {f 4 subsirdcture of a zariain 2z s
desirec. inme ccmputaticral limit must e set higper than this size. However. :he resuis :f
Experiment 1 indicate that the limit need nol be set much higher ihan the Cesired size. :f 'he Sest
overall substructure is indeed of that size. Tize heur:istics appropriately corsirain the search <o

consider substruciures aiong a path of increasing heuristic value towards lhe best subsiructurs n

the inputl examples.

4.2. Experiment 2 Specialization and Background Knowledge

The .ab:‘lity to retain newly Jdiscovered knowledge is veneficial to anyv learning svsiem.
Aprlying this knowlecdge 1o similar asks can greatly reduce the amount of procassing required 0
pericrm the task. SUBDUE takes advantage of this idea by stecializing discovered sudstructure
and retaining botd specialized and unspecia:ized substruciures in the backzround Knowledge.
During subsequent disccvery tasks. SUBDUE applies the known substructures o the current lask.
As more examrples from similar domains are processed. increasingiv complex substructures are
discovered in terms of more primitive substruciures alreadv known. Eventuaily. SUBDUE's
sackground xnowledge becomes a hierarchicai ceprssentation of the sirucsiure in ile Jdomain.
Experiment 2 demonstrates SUBDUE's ability o0 speciaiize and retain newly discovered
subsiruciures and iilustrates how these substructures might be apolied to a similar discavery task.

The examples for this experiment are drawn {rom the domain of organic chemistry. Figure
4.3a shows the frst example for Experiment 2. The e¢xampie describes a derivative of the
sermpound Hexabenzobenzene. The best substructure discovered =v SUBDUE fer this axampie s
shown in Figure 4.3b, and the specializaticn of this sudstruciure 's in Figure 4.3¢. Both of :zese
sutstructures are added 10 the background knowledge. Tae resulling background Knowiecge
nierarehy is stown in Figure 4.4, The dashed arrows in Figure 4.4 represen: the tackground

Raowledge nierascay ceining the discovered subsirusture of Figure 4.3b.
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TTeMICUS)y T2ilined suostruliures in Zis nful exampie. The previcusiy ¢isco.ersc subsirues
of Figure 4.3b has six occurrances n the eXampie. and 12e Dreviousiy sTeCIAZEC SuTSiruciurs 30
Figure 4.3¢ zas three ociurrences. Each ol rhese suzsiruciures s acded o tae LSt 3f sase
SUTSITUCIUTes used Ty ile substruciure discovery algorithm (see Secuon 1.3 Tze previousiv
ciscovered substructure of Figure :.3b evaluates to a higher vajue than the previdously spec:iiized
substructure; thus. the algorithm boegins by considering extensions from Ine unspeciaiized
substructure. After running the aigor:thm wuth a computational limut of 10. SUBDUE preduces
the substructure in Figure 4.5b is the best discovered substructure. The resuiiing spec:alized
substructure is shown :n Figure 4.5¢. Again. both of these substructures are added 1o the
background knowlecge. Hc'.ever. SUBDUE takes advantage of the substructures already stored 1o

define the new substructures in ierms of the substruciures already known. As a result, the

background knowledge is extenced hierarchically upward to incorporate 'he new subsiructures.

H
C.
N
H—C c—H Q
t—-c ¢ c. (8rvClv )
NN /NN ,
C C—H C C
: RN VAN
c c—H c C=—4 c C=-H
SN 7N |
8r—=C ¢ c c .c—H c C—H
.. ! N ~ //;’
H—C C—H H c C
Y : .
c H H
i
H
{a) input Example () Discovered ‘¢! Specialized
Substructure Substruciure

F:gure 4.5, Second Exampie {or Experiment 2
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4.3. Experiment 3: Discovering Classif ying Arttributes in Multiple Examples

Mest macaine learning svsterns assUme that tne lesimiplon 27 the .mpul examypies nmoirserites
aiiributes t2al are ralavant T2 the learning 1asK. TS assumTUIIn Tricuently Joes 20l 22.C. ing lie
best ciassi{ving attridutes may be those that are syntlbesized {rom i combiration or 3 refcrmulancn
of the given atiribuies. A recent approach 10 sonceptual clustering. called goal-oriented scncepiua.
clustering (Stepp86). uses a Goal-Dependency Network (GDN) to suggest relevant attrioutes an

which to focus :he attention of the conceptual cluster:ng proce

A GDN direcis the conceptual clustering technique impiemented in the CLUSTER CA
program [Mogensend”]. In CLUSTER/'CA the GDN s providec oy the user. However. the user
may not always know which attributes or comoinaticn of atiributes are relevant to a specific
rroblem. In this case. tbe best substruciure discoversd 3v SUBDLE in the given examrles can ne
acded to the GDN. The substructure atirioutes added o the GDN suggest problem-specific features
1o zeip focus the conceptual :lustering process. Exper:ment 3 demonsirates how SUBDLUE and
CLUSTER/CA work together 10 discover conceptual clusterings based on newiyv discoversd
supstruciure atiributes,

Thus far. the operation of SUBDLUTE has been :xamined in the context of one inpul sxample.
SUBDUE operates on multiple input examples in exactly ke same manner. SUBDLUE always
represents tbe inpul examples as a graph with single :npul exampies represented as a singie
connected 3raph, and wuitiple input exampies rexresented as 3 Jisconnected 3rapa ~1lh 2 connectad
subgrapk component for each example. Because sucsiruitures are connected 3raphs. tae
substructures discoversd in tae context of mulupie :mpul :xamples cannot <zniam struciure
spanning mcre than one examvle.

The exampies for 1ais experiment consist cf ter ira:ns irst iniroduced 2v Larsen [Larson??!
and later used ‘or psvcaological testing [Medin87.. These same irains are used ¢ Zemonsirate the
operation of CLUSTER CaA [Mozensen8 7, The ten trains usec n Experiment 3 are showa m Figur

47 Cars ~1tkin a2 tr2in are connected “aith a3 in-rony rei3%:0n. Each car s cascrced oy tae
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m CLUSTER Ca :he "joodness” of 3 clustering is measured v a Lexiiigrarn:
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Fuaction (LEF! ‘Micralsk.80]. The LEF used or this excer:ment mases CL_USTS: Ca -
Jo.Sierings it3 an equali number of exampies per cluster. :lustg::ngs ¢ovenng % mixm.m
auzher of examries ind :iusterings having the simplest descriptions. Using this LEF aac ke CDN

described in [Mogensend7], the two best clusterings discovered are

Number of cars is “Three” : "Four” | "Five"

Color of engine wheels is "Black™ “White’

When the examyplss are given to SUBDUE, the best substracture found by the heuristic-based
subsiruciure discovery module is

<{CAR-LENGTHIOBJECT-0001)sSHORT!{LOAD-NUMBER(OBJECT-0001 :=ONE]
{WHEEL-COLORIOBJECT-0001 =W HITE]>

In otzer words. the =est substructure found s @ short car with white wheeis and sne lvad. By
adding this substructure to the original GDN and running CLUSTER/CA again on the same

sxamples. ‘he v'wa best clusterings discovered are

Number of cars :s "Three® “Four® "Five'

Number of short cars with white wheeis and ore load
:s "Zero” i "One®  “Two to Four"

Tae vest ciustering discovered by CLUSTER. CA is the same as the best clustering discoversc
without SUBDUE. However. the second best ciustering ases the SUBDUE-ciscoversd sudstruciure
attrioute to cluster the input examples. Thus. according o the LEF, tais new clustering is petter
than the ciustering -ased on te color of the engine wheels. Without the suggestion from SUBDUE.

LUSTER Ca would not have discovered this conceptual cluster:ng.

Tzat CLUSTER/CA was unable to discover the clustering based >n the sussiruciurs attribus

.

suggestec oy SUBDUZ s mosiiv due 10 CLUSTER CA's bas tewards "he attributes given .n the
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In 2acn of these learning paradigms the enlire Drool wrie s consicered tne macro-ocerai:s
Aitaougn STRIPS learns subsequences of the plan 35 Zadrc-OPerar.rs. 122 subsequencas are iacsen
irsitmarny SUSDUE oJers 2 method for discovering “interesting’ macrc-operatirs waiihia s
structure of the ;roof tree. Another system that works with ke internal structure 3f 1 prooi irse
is the BAGGER system [Shaviik88]. BAGGER generalizes to V by inding loops in the proof tree
that can be collapsed into one macro-cperator represénuing an ilerative instance of ihe operalors
within the lcop. Tae PLAND system [Whitehall87] uses a method similar to SUBDUE's to discover
macro-operators involving ioops and ccnditionals in observed sequences of plan steps. Section 5.4

discusses similarities and differences between SUBDUE and PLAND.

Exreriment 4 shows how SUBDUE can be used 10 find a macro-operator within the siructure
of a proof tree. The example for thus experiment s drawn from the "blocks world” domain. The

operators for th:s domain are taken from [Nilsson80] and are repeated delow:

PICKUP(x)
Preconditions: ONTABLE(x). CLEAR(z). HANDEMPTY
Add: HOLDING(x)
Deiete: ONTABLE(x). CLEAR(x). HANDEMPTY

PUTDOWN(x)
Preconditions: HOLDING(x)
Add: ONTABLE(x). CLEAR(x]. HANDEMPTY -
Delete: HOLDING{x)

STACK(z.y)
Preconditions: HOLDING(x). CLEAR(y)
Add: HANDEMPTY. ON(x.y). CLEAR(x)
Delete: HOLDING(x). CLEAR(y)
UNSTACK (x.y)
Preconditions: HANDEMPTY. CLEAR(x), ON(x.y)

Add: HOLDING(x). CLEAR(y)
Deiete: HANDEMPTY. CLEAR(x;, ONix.y)

For :his example. suppese the :nit:al wvorld state :s as shewn in Figure 4 852, anc e desirec
zcal s :n Figure 4 8b. The trooi tree of operators to achieve the g2a! is shown in Figure 5 3¢, Wirn

tais proof iree as input. SUBDUE discovers the subsiruciurs shown in Figure 4.9 The
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STACK(X.2)
UNSTACK(Y.Z) PICKUPXS

PUTDOWNXNI(Y)

Figure 4.9. Discovered Macro-Operator

svstem, because the macro-operators may occur in subsequent examples. If the discovered macro-
operators are acded to SUBDUE's background knowledge, a hierarchy of macro-cperators can te

constructed. Thus hierarchy might serve as an initial dJoma:n taeory for an EBL svstex.

4.5. Experiment 5: Data Abstraction and Feature Formation

Exper:ment 5 comomnes SUBDUE with the INDUCE system (Hof83] to demonstrate :ke
.mprovement jained in both processing time and guality of results when the exampies contain a
large amount of siructure. A Common Lisp version of INDUCE was used for tais example runaing

on the sarme Texas Insiruments Expiorer as the SUBDUE svstem.

Figure 4.10a shows 2 pictorial representation of the (hree positive and three negative examryles
given 10 INDUCE. Each of the symbolic benzene rings in the examrples of Figure 4.10a correspencs
10 the detailed description of the atomic struciure of the Senzene ring, similar to the one shown in
the left side of Figure 4.10c. The actual input specificaticn [ar tLe six examples contains 2 tctal of
178 relations of e form ([SINGLZI-BONDIC1.C2:=T! or [DOUBLZ-BONDICL.C2iaT). Afier 160

seconds 3! processing t:me. iINDUCE produces 1he concert siown in Figure 4.1Cb.
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stescup cf 3 over INDUCE alone. This experizen: demcnstrates how tae su

Toin

2w SUBDUE :an :mprove the resulis of Jther learning svsiexs oV

in tZenpur and providing new leaturss.
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implcauions Of these gastilt inecries Juidec the Javailprmant o the suostruciure
:
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2.2. Discovering Groups of Objects in Winston’s ARCH Program

Winsten's ARCH program [Winstcn?5] discovers substructure in order o ceepen tae
hierarca:cal descripticn of a scene and descrive groups of oz ects as individual concepts. The ARCH
program searches for :wo trpes of substruciure in the tlocks world domain. The first tvpe
invoives a sequence of objecis connected by a chain of similar reiations. The second tvpe invoives a
set of objects each having a simiiar relaticnship to some "grouping” object. The approach used ov
the ARCH program oegins with a con'ecture process that searches for occurrences of the 1w 1ypes
ef subsz:u‘cture. Next, :he ravision process excludes from the group those occurrences that fall
teiow a given threshold of tae jroup's average. This section discusses the method oy which the
ARCH program discovers toth “vpes of substructure and 20w the method compares to that of

SUBDLE.
‘When searching Jor sequences of Jbrects. the ARCH program considers chains of obects
connected v SUPPORTED-BY or IN-FRONT-OF reiations. All such chains »ith thres or mcre

objects qualify as a sequence. However, as illustrated :n Figure 5.1. not all dcorects in 1 sequence

— -

Ny =

B —

2 z _
",‘—-C%Qc ABC“D ‘...:‘G‘
;_Q.-.t/ ot _.____..__._f/

(a3 (2)

Figure 5.1, Sequence Termuinatien Condiziens
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C.

SUPPORTED-BY rsiaticn o F

MARRIES relatiento F

3 A-KIND-OF reiation 12 EXCN

4 HAS-PROPERTY-OF relat.on 1o MEDIUM

A. B
1
bl

1 SUPPORTED-BY relation w0 F

2 MARRIES relatton o F

3 A-KIND-OF relation to BRICK

4 HAS-PROPERTY-OF relation to SMALL

1 SUPPORTED-BY relation 1o F

2 MARRIES relauton 20 F

3 A-KIND-OF relation 10 WEDGE

4 HAS-PROPERTY-OF relation <o SMALL

The common-relationships-list contains the four reiations possessed by mors taan 2aif the

candidatas:
Common-Relationsa:ps-List:
1 SUPPORTED-BY relation 1o F
2 MARRIES relation to F

3 A-KIND-OF relation 10 BRICK
4 HAS-PROPERTY-OF reiation tc MEDIUM

Next. the procedure measures how typical each candidate is :n comparison 1o the raialions in ‘he

common-reiationships-iist. The measure s computed as

Number of properties in interseciion

Number of properues .n umon

where the intersection and union are of the candidate’s relations list and ‘he common-reiciionshios-

ist. The results of using *his measure 0 compare each candidate are:

A compared o common-relationships-lis: 4 4 = 1
B compared (0 common-relationsiips-iist: 4. 4 = |
C compared ic common-reiationshizs-lisi: 4. 4 = |
D compared o comunon-relcrionshizs-liss: 3 4= 75
T compared 10 common-relarionsai2s-iisc: 2 4 a S
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ame type. 1a SU3DUE. tze tvpe of an cbject . atirbule reialion. anc aintute celin.
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irsated as any other relaiion durning the discaverw zrocess. SUBDUE does not :insirain ihe

discoversd sumsiruciures according to the types of t3e o'ectis in the subsiruciure. Sxtancin

10
iy
"

ARCH program to =ore easily discover substructures with diferent object iy pes does not seem
difficult. Running both the sequence and common relation discovery processes more than once
m:ght encourage the ARCH program to build substructure concepts containing objests 'wita
diferent types. However. the new process would stiil remain dependent upon :he blocks ~orld

domain.

The final comparison of the two svsiems involves the representation used 1o store the
disca»'ereci'substruc:ures. The ARCH program utilizes the semantic network formalism. Here. the
substructure node tas a3 TYPICAL-MEMBER link to a general description of ibe prototvpe
substructure. ind each occurrence 1s linked ‘o the same substructure node with a GROUP-
MEMBER. Also. a FORM link notes the substructure tvpe of the node: sequence or common
oroverty. In SUBDLUE. only the substruciure description is retained in tke backgrounc xnowledge.
Fur:hermore, the background xnowledge maintains iBe substruciures in a dlerarchy taat cednes
complex sutsiructures in terms of previousiy learned, more primitive substructures. Although ke
sernantic network formalism of the. ARCH program can represent hierarchical sirustures, Winsian
Joes not mention this ability explicitly [{Winston75]. The substruciure representation used ov
SUBDUE's tackgreund knowledge is overiy rigid. Eventually. SUBDUE must e adie to represent
background kno'wledge other than substructures. For this reason. SUBDUE would benafit frem 2

more general representaticn such as the semantic network used by the ARCH program.

5.3. Cognitive Optimization in Wolff"s SNPR Program

Rasearzh toward a comprehensive theory of cognutive davelorment has led Wol¥ 1o nostulate
that opum:ization s 3 major underlying goal in building and refining a knowiedge struciure
[WelXs8]. The resuiting knowiedge structures are cpumallv eficiant for tze ssguirec tasks.

Furihermere. WolZ prasents six data compressien trinciples [or implemanting tae >rt.mization

£
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wanere U s the frequency of e element in D€ inful text § s the size of ize 2lement ang ;o sz
size of tae poinier used ¢ repiace. or instantiate. the eie=ent .n ine :aput text. Thus. [ S-s
represents the reducticn in size of the input text after replacing eack accurtence of the element oy 2
pointer 10 the element. Dividing this term by the cost § of storing the elemen: ieids a value “ha:

increases as the amount of data compression proviced by the element inireases. Thersfore. SNPR

seeks a grammar whose elements maximize CV',.

SNPR’s compression value is simiiar to SUBDUE's cognitive savings. Recall from Section
3.2.2 tnat SUBDLUE computes the cogritive savings of a substructure as a function of the number
of sccurrences (frequency) of the substructure and the size of the substructure. If the aumoer of
occurrences of the substructure is /. and the size of the substructure is S, then ‘he zognit.ve savings

of the substruciure can e expressed as
cognitive savingsma S*(f«1}aSf-§

here ars a0 diferences 'oetv.?cn tbis expression for cognitive savings and the sxpression for
compression value. First, the size of the pointer replacing :3e subsirusture occurrengas :§ not
considered in the cognitive savings value. Second. the size of ihe substruciure is subtracted from
the rscduction term in the cognitive savings vaiue; ‘whereas. It size Of ibe e:iement is divided inlo
the reduciion term in the compression value. These ciferences suggest possible fuiure

iumprovements to the cognitive savings measure.

£.4. Substructure Discovery in Whitehall's PLAND System

The PLAND svstem [ Whitshaild~] discovers substructure :n an observed secuence 2f aciions.
These suostruciures are termed macro-operators or macrops. PLAND inoorporatss generaijzation
wethy diFarent levels of Tackground Xnowiedge 1o Jiscover threz {nores o macsipst secuences. locPs

ané :onditienals. SUBDUE is simiiar to PLAND 11 that bcil svstems use iie cogmitive 3av:ngs
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\nowledge rules are tvpically comain cependent. alikough PLAND alse Tunclicns in th2 amsenzs of

1515 Knowledge.

< 12 evALUdle ImACTID suostruitures

Tue PLAND svstem Uses the cognitive savings seunst.:

The cogmitive savings usad by PLAND is computed as

cogmtive_savings = (number of macrop occurrences - 1) * iength of macrop

The cniv difference between this definition and SUBDUE's is the modification in SUBDUE's

definition to allow for overlapping substruciurss. PLAND does not allow macrops in an agenda ¢
overlap. Using the cogmit:ve savings heuristic allows PLAND to seiect among compet:ng part:a.

macrop agendas and o seiect complete macrops for instantiation in the input seguence.

Observed Acticn Sequence:
ABYXXXNXYXXZYXXYXXXXZ

CONTEXT !
cogsav macrops
100 M, =(X)

1125 M, = (Y M "
8.5 M, =(M, 2

Instantiated Action Seguence:
ABM,,ZM ,2

CONTEXT2
cogsav  macroos
20 M, =(M 2

Instantiated Action Sequence:
ABM,,

Al interesting macrops discovered.
End.

Figure 5.3. PLAND Examvcle




CHAPTER 6

CONCLUSION

Complex hierarchies of substructure are ubiquitous in :he real world and. as 1he exrerimen:s

of Chapter 4 demcnstrate. in less realistic domains as well. Ia order “or an inteiligent enuty 2
iearn about such an environment. the entity must abstract over uninterssting detail and discover
substruciure concepts that allow an eficient and useful representation of the snvironment. Tais
hesis presénzs a compuiational methed for discovering substructure in examrzles from struciured

domains. Sect:on 6.1 summarizes the substructure discovery theory and metkodclogy discussed :n

this thesis. and Section 6.1 discusses directions for future work :n substructure ciscovery.

6.1. Summary

The purpose of substructure cdiscovery is to identify interesting anc repelitive struciuni
concepts within a structural representation of ‘he envircnment. Such a discovery system 5
motivated Ty the needs to abstrac: over detail. 0 maintain a hierarchical deseripuon of 2
environment and t0 take advantage of subsiruciure within otker knowiedge~bases o reducs storage
requirements and retrieval times. This thesis sresents the imporiant preiesses and methodelogical

aliernatives :nvoived in a computationai method for discovering sudstructure.

A substructure discovery svsiem must enerate alternative substructures <o te considered v
the discovery process. Four methods of substiructure generation are discussed: minimal expansicn,
combination exgansion. minimal disconnection. and cut disconrection. Taese meihods Jiffar along

two Simensions. [he expansion metheds generate lirger substruciures o adding sirusture

s

smalier cnes. vpile ‘he Jisconnection methods generate smaller sussirustures S ramoning

structure from larger ones. Tze mimimal melnods add or remove orlv small amcunis

t

“3
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Tae SUBDLE svstem :s an .mpiementation of e orocesses :nolved :a sunsisss_-s
discorerw. SUBDUE :contains ibree modules: the heurisiic-zasec substruciurs dissever. mog..e
se subsiruliure speciaiizat.on module. and lhe SubSTruliUre DacxkZraund anow.edge macuie Tna
neurisuc-zased discovery module utilizes the substructure generalion and selection procasses 2=z
optioral vackground knowiedge to identifyv interesting substructures in the ziven :nput examplss
The specialization module modifies the substructure to apply in a more constrained environmen:.
The packyround knowledge mocule retains both the discovered ;nd specialized substructures i 2
hierarchy and suggests to the heuristic-based discovery moduls which of the known substruc:ures
apply to ihe current set of inpu!l examples. Experiments with SUBDLE demonstrate the utility =f
;he guadance provided by the beuristics 10 direc: the search towards more interesting substructus
and the possible appiications of the SUBDUE substructure discoverv system in a variety zif

Jdomains.

The abulity to discover substructure in a struciured environmen: is imporiant o toe task af
‘earning about the en;firon:nent. For :his reason. substruciure discsvery represents an imporiint
class of problems in the area of machine learning. Operation in real-world domains demands zf
‘earning programs the ability to abstract over unnecessary detail ov identfying interesting pattesns
.n the environment. Empirical evidence rrom the SUBDUE svstem Jdemcnstrates the aprlicabil.iv
of +he concepts presented in tais thesis to the task cf discover:ng subsiructure n examp.es.
Expanding upon tbese underlying concepts may provide more :nsight into the development o7 a

sunstructure discovery sysiem capable of interaciing with a real-worid environment.

6.2. Future Research

Several extensions and applications of the subsiructure discovery method and the SUBDUE
svsiem rscuire furiber :nvesiigation. interesting extensions 10 the substructure discovery metzad
include t3e incorporation of new leuristics and background xKncwledgs intd tle discovery rrocss

and :he ability to discover ofner tvpes of subsiruciure. Improved metnces of subsizucls

N§ANLALION are neecec ) oeviar laplure 3¢ abstracuon provided IV oa sudbstruciure. Ta

W


http:fur:.b.er
http:i;sco'.er

soggest Seuristics 1o appiy dinng the disTovery PrOless A{IIrZing 10 Lne lurTent lrmain ind tne
=revicus success of similar rule appiicauiens.

‘n addition Iz increasing the :ntelligence oI the subsiructure discoverw pracess. Tursiar
researci is 5ee¢'ed 1o increase the scope of tbe process. Currently. there are several i.pes of
substruciures that zannot de discovered. For :nstance. the current discovery algor:tam cannct
discover  recursive  substructures, subsz:uctﬁres with  negation (&g, <[ON/X.Y)aT]
{COLOR(X)=RED]> ). or substractures with constra:nts on the tvpe of sizucture 1o which they <an
be connected. The ablity 1o discover these types of subsiructures will require major modifications

in both the background knowledge architecture and the operations performed by the discovery

algonthm:,

[mprovements in both the scope and the rerformance of the substructure discoverv process
may arise from a better metbod of substructure instantiation. Current methods do not
satisfactorily represent the full amount of abstraction provided by a substruciure. [nstantiation
by a single obiect retains no information about the way 1n which the substructure was connectad
with the rest of the input example. Contrasuingly. instantiation 9y a single reiation preserves
ex:ernal connection information for each object ' the subsiruciure. An instant:ation metiod thas
combines poth approaches may be more appropriate. Betler sussiructure instantiation methods
would allow abstraction to take place autcematically within (he discovery process. The discovery
process couid work at several levels of abstraction 2y instanuating intermediate substruciures nto
the current set of input exampies. [n this way several hierarciically defned substruciures may be

discovered with a single application of the discovery algentim.

Many of the suggesied improvements :> the subsiruciure discovery procass -epresent
extensive modifications to the current metbodelogy. However. most of the improvemants involve
the use of alternative forms of background knowlecge. The rroposed extensions 10 the Jiscovery

FTocess may be simpiified 2y appropriate extensions 1o the substructurs sackground Know acge.
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2ach node 5f the subsiructure Nierariay STu.lC 2@ usaC only alter (Zemttiing thf exact suasieuciura
o which this XKnowledge s attaczed. Deveisping metheds for inedrparating “Tuzziness” in cza

matchs would .mprove the laxitility of the hackground Kaowiedge.

One of the major limiting factors :n SUBDUE's performance s the sparse amount »;
knowledge applicable during the discovery process. The proposed eXtensions to the Zackground

knowledge will significantly improve SUBDUE's ability to learn substructure ccncepts.

6.2.3. Applications

Several applications appear promusing for the SUBDUE substructure discovery system.
SUBDUE ‘migh: be used to detect tex:iure primitives and subimages in 3 visual image. organize and
compress large databases. or discover interesiing features in the input 10 other machine learming

svstams.

One of the geals of visual processing is to constiruct a bxgh-le»‘él nlerpretation of an image
composed only of pixels. [n this context. SUBDUE could be used =0 detect repelitive patiarms n ioe
regions of a visual image. Instantiaiing tbe patterns to abstract over ibeir detailec representauion
simplifies the image and ailows other vision processing sysiems 10 'wWork at a higher isve: of
abstraction.

The need to access information [rom iarge databases has decome commonplace n most
tomputing environments. Unfortunately. as the amount of <nowlecge in a Jdatabase increases. so
do the storage requirements and access umes. Using the catabase as :nput, SUBDUE mayv discover
repetitive substructure in the data. The substructures can be usad 0 compress 1he database and
impose a hierarchical rerrasentation. This reorganization reduces tae storage requirements of the
database and decreases relrieval time for queries refersncing data with sim:lar substructure.

An imporzant Juture applicaticn of SUSDUE inveives integration aith s:her machine learning
svstems. Most current svsizms are unable to process the large numoer of f22iures 3va:latle o a

raal-werid environmen:t. SUBDUE couid prerrocess the .mout

220UT2S AN aTstract ohver
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iIverage

Lse=K

discover

Srecialize

ineg-bk

Tlurace

4

A beolean value incicating whetner or nct SUBDUE should apsly ize tremay

heurisiic 10 toe cognitive savings. & oile evaiuanng a subsiruciure Detisit s

era
I

A tociean vaiue incdicaiing whether or not SUBDUET shou.d consu.t tne macagrouns
Kxncwiecge module for substruciures applyving 10 the currentset ol npulexamicies.
efau.n s NIL.

A ooolean value indicating ‘whether or not SUBDUE saculd pericrm ize
substructure discovery algorithm on the current set of inpul exanples. Defauir s
T.

A booiean value indicating whether or not SUBDUE should specialize the nes:
substructure found by the substructure discovery module. Defauit :s NIL.

A boolean value :ndicating whether or not SUBDUE should incrementally adé ice
best discovered substructure and the speciaiized substructure, il requested via the
previous kevword. o the background knowledge. Default is NIL.

A boolean flag for toggling the output of irice information during SUBDUE's
execution. Default s T.

The result of a cail 1o the subdue funciion is a list of the substructures discovered in order

frzm best to worst. Each sunstructure is accompanied by the occurrences of the substructure in tze

Aput examp.es. The substructures i ihe subsequent output traces appear in the following ferm:

{Substructure®a value v relar:ons)
WITH OCCURRENCES:

lrelazions}

{relations}

The sucsiruciure »umber n indicates that this substructure 'was the <A substructure discoversd,

The alue v is the result of the value(S) computation from Section 3.2.2 for this substruc:ure.

Relerions is the list of relat.ons dedning the substruciure er occurrence.

In ail the experiments. the default values are used for the connecrivicy, compaciness. coverage.

discover and race Kev'words. Also. 10 conserve space. oniv the thrse best subsiructurss dissovered

av SUBDUE are shown in the sutput trages, regardiess o5 the computausnal Limit,
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A.13. Output for First Example of Experiment 1: Limit =6
> suddye limat 6)

3eg1a race...

Parameters: limit = 6 connectivity = t ompaciaess s ¢ coverage = °
use-og = nil discover m t SpeciaLiZe = ol fac-9k = nul

Running substructare discovery...
Discavered the Joliowing 6 substructures in 0.23333333 seconds:

SimsirueTare®s svalue 31.219513 ‘snape(abiect-0008 lazrangie, [an. b ec-0008 .59 ¢ct-0001 ) mt]
shape 02'ect-0001 miquate; (3nape 00 ect-0002 ) weircle] [oni oD ee:-0001 .00 iec-0002 =t}

FTTH OCCURRENCES: -

{{srape 2)mtriangle] [on(tl.s1 mt] isnape(sl wsquare; (snapec] (mcizcle] onisl ¢l st)}

(Ishapet2 wtrangiel (on(12.32 et [snapes2 esquare] 'snape c2 =circle] [0a(s2.c2 )t D}

(srapetdmtriangle) (on(:3.53)ut] [snane(s3 msquare; snape(cdiac:rele] loatsd.ctlat )}

{spape tdistriangiej fon(14,54 )=t snasensd lasquare] [srapelcd)acirele; oausd.cs =)}

Substructuse s ivalue 9.560976 {0a130:e¢2-0008.50ject-0001 'wt] ‘snapel 901ees-I00] Jesquare] [shapets0'ect-0002 =cirsle;
lamicoect-0001 obiecs-0002 et}

NITH OCCURRENCES:

{onc1sl)mt] fsnapesl isquare; snape(cl dmeircle] tonisl el int )}

“lamii2.s2)et] [shapeus2iesquare] ishape(c2)wcirele] lonis2. 22wt}

Canids et [snapesdiesquare’ [srave(ed ncirele) lon(s3.cd et}

{lonytd sd)et] [snapecsdwsquare; fsmapeicd)wcirele] foa(sd cd a0}

Sudstruciure#d vajue 3.730488 Lsnapeiodject-0001jesquare. shapelobiect-0002, »circle] an(0b:ect-0001 s01ec:-00Q2 a:)
- WITH OCCURRENCES:

(srapes!)esquare] snape(cl)mc:irele; (on(sl,cldutD}

Usrageslimsquare) snapelc2wcircle] (on(s2.c2)mt D}

‘lirazesliesquare] snape(cdiecirciel fon(s3.cd)ntD)

Usrapecsdiwsquare; (snapelcd=cireie] (on(sd.cdlme)):

Znd tracs.

A.1.4. Qutput for First Example of Experiment 1: Limit = 10
> suddue :limit 10)
3egin trace...

Paramerers: Hmit = 10 CoANECIivitY w T COMDPACTTIesy = 2 coveTage = ¢
use-vik = mil ciscover » 1 speciaze = =l e = Al
Ruaniag sedsiructure ciscovery...
Jseaverea *he following 10 sudsiraciires in 0.6666067 seconds:
Suastrueture ®6 value J1.219513 [smapelobect-0008 lmtruangie, (on $2:607-)008 ¢30e¢t- 300 -1,
srane 02:602-0001 wsguare; smape 207ect-0002smcireie’ n: 20ect-XC01 251ect- 0000 a0,

ATH OCCLURRENCES: ‘

Tsrape tlietnanglel 3mtlslter, tmape sl etguare] snape ¢l aciztle 0% 5.0 owt


http:j.sqla.re
http:ron!~b:ec:~-OOOI,object.OOOl'.tl
http:snil?fl.s4
http:J.sJ).tl
http:slIl;MIisZ:.sq
http:o';ect-0001,'.sqv.ue
http:o.,'eet-OOOU.tj

SL3sTriCtere#S Ve ue 5.560976 11 070ect-00C8 227ect-0001 =) smage oueci-J00L wsguAte smase 2soect UOGT XIS
amieoect-)C0L coreet 0000 a0 ]
xTH OCCLQRE\C.S

emtlsl et smasesliesauare snagecl’ .‘...,:::-sl.: LI
el = _s:‘.a;ezs.': =5Guate 30apecl ecirt.e, 232w
Trwotdsd mtl smaesd wsguate smagecd mairiie, fom 53 3w
iz t4sd =0 stasesd widiate snapeicdoweircie, onusd Id e

Sad crace.

A.1.6. Input for Second Example of Experiment 1

DefExamopie

01 202 203 204 108 206 207 208 109 n10)
.connected nil),

‘{¢conaected . 101 n06) 1) (connected ' nQl 202; +, tconnected 202 207} 2 fconnected i 002 203/ t ‘conzected =03 208’ ¢
Lcannected i n03 204) ¢} ‘connected (n04 109) 1) (connected n04 a0S) %, connecied  n0S a10) ¢ (connected =06 20~ °.
Lcannected ‘n0T a08) 1) .connecied (208 2097 ) «connected n09 alQ) )

A.1.7, Qutput for Second Example of Experiment 1: Limit = 4
> subdue:imit !
Jegin trace...

Parameters: dmit e 4 connecuvity =t c3CIpaciness = ¢ - coveTage = !
a5e-0k = nul discover w t specialize = nil ine-2K = Al

Ruaming sudstructuse disceverv..,
Discsvered tne faliawing 4 subdstruetures o £.98333335 seconds:

Schsiructure®2 vajue 2.9445445 [connectecich ect-0001 32120002 =)}
WiTH OCCURRENCES:
~connected( 201 n06,at5)
\\con..ec'edmOl A0 =t}
Tizmmected(202.007 wt ot
Ciannectecin02.a03 wth)
connectenin03 a08 =t}
lzoanected! 203 204w Y}
(cannecied 204 209 -t}
‘ ::‘:::ec.ed‘..ooi 208 )=t}
"ca....ec edin05 210 -t '}
connected( n06. 207wt}
",~anr.ec.¢d(307,:108 -t:‘}
Leonaected(n08 109 et}
Tconnected(109 a10)at]}

Substructare® rvajue 2.8085.C3 [connectediodrect-0002 201 0003 'ut, [cornes el 356 -0001.50:¢1-0002 o1
NViTH OCCURRENCES:
(connectedt 301 .202 =1} connecies( n01.n06 1]
Tieannectedin06 a07 \wt; cannecied(a01.106 sz"
llconmeried(202.20T -r]:ccr.nec ree( 201,102 =1,
“eonnectec( 202 nOJ)az, Teonnected 201 202 ut ,i
‘:c:.‘.‘ec.edt 202.203 =t; [connected(n02.007 (=1}
“Teaanected( 206 107wt} (connecied(202.20T mt !
‘ c:r.r.cc‘e'-“zo ::08‘-(' connectec{102.207 mt )
punected! 203 108 at] lcarnectee{ 202.203 a1t
;:..'.:ec.ect ~203.a04 w1, cannecteni 202,103 .=t0;
Crzamected! 203 204 w1 earnecteni 203,208, 51
“(eaanectesi 207 208 1] cznnecec 203,208 -1
tonmeetedin08 209w conmecten 203,008 w1
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Runzing s=38iriatuse discovery...
Discovered (e folrwng 8 sudstruat.res a2 seconds:

Somsteueture®S valie £.0 Teonnecieg coreet-N001 s3:e01-000< w? lzonneeted 3t 0270003 1% 027004 &
Taammectedi 92:¢0-00C2 13 ect-G0CT e, cornected  sbiect-J001 .30 ec-0C02 =]
Ao DCCURRENCES
\.c:..'--.”'e- '0".::0“ = camnectes 206,207 wt] lconnectedi 201,202, a0 connected n01 200«
Vlepnnectect a3 a0 -.: coaneciedin0”.208 - t;;ca....e: ¢6(202.a03; u., conmectedi a0l .m0 o
,ucmncc'ec\..o-t =09 -\1 ‘coonected(n08.009 =t] (connectea(203,004] -., ycn..ec ed 201208 =
“leonnectec(105.210 =1 (connected 209.210)mt] {connertes(204.005 =t} [connected. 004,509 2,

"\J .

{Substructire®s value 125 Uconnected(obrect-0008.o0ct . 0003 wt ] (connectec{ e yiec:-0001 25ect-0004. 2"
‘conrected(2b-ect-0003.5510¢1-0004  mt] {connected(o0jecs-0002,3bect-0003 =1} cann 2661 051ee-0001.0510¢*-0002 Jet
WITH OCCURRENCES:
i[connecteal202.203 =t {connected( 202,207 ‘at| [connectee 206,207 at] [connerted! 101 202 a1, [conzected(201.206,01
Leammecied(al” ::08\-.]'«:031«: ted(702.207 mt] (connectee! 206,207 'wt] conzected: aOl..O..-t]{comec'zd‘ 201 206 =2,
“iconnected(n0l.202 e} [conaectedingl .108;-2 .connected(alT.n08. -t _connected: nd2 20} -.;,con:‘.ec'edi 202,207 twt
connecieet206.107 u:! lconnected(203.208 et} [connected( 207 al3 -t:‘c*n tected 102,201 j=t, connected! 102.20" et}
'{{connectec(103.104 mt] [connected( 203,208 ) »: .‘ccnae:'zd(..o'.aOL-tl cenaected n02.803 jet, connected 202.00% inz ;
ilico-mec'ec‘( 108,209 ‘«t] {conaecedi 03,208 a1] [connectec 107,208 a1, [conzectedi £02.203)=1; [connected( 202.007 nt
onrected(102.203! -t]\c:ane... d( 204,209 at] [connectec( 208,209 1] (cennected 203.204 1ot (cannected 102 208 Jut, }
<f[ca.--ec tec¢{ 107 208 'm:] [connected( 204,209 :#t| ‘conneciec{ n08.209" -tl {connectec(n03.204 at; [connected(n03 208 )at

"ca'z rectez{ =04 105 =t! lconnected(n04.009 1wt (cannectec 208,509 -t, Teznnecedi 203 .n -tf‘cnnnectedi 203 108 .1t
»‘ca..:m 10¢{209.210)m3) ] cm.ntc'ed(.‘()d,:xm‘ut] {connectent .0!.:109’-!; ‘conzected(n03.204 =1} [connecied( 003,208 et

“conneciea( 203 a0dim:] (connected(a 03.:!10)-!] {conaecteal209.210 a2 i Tconnectedin0d. 05‘-:“:03::: e4 104 209wt
.;connec.eaknos...og:-t] fconnectedi n0S.a10/)wt] ¢ cnsec.m(..cﬁ'.alo.-t} .conneciecin04. 205wt [connected 204.209 Iut, |

Substructure® ivalue 1.9545453 {connecied{cb e¢1-0001 .00iect-0002 = [}
"v'IT"i OCCURRENCES:

“leonnected{ 101,206 et}
leonmected(a01 .2 2 it
leannectec(202.207 --b‘
lconnected{ 102 203 -t )i
Cconnected(303.n08 a%])
""co nzectec( 103 204 mt]))
connectes(104.009 et
‘ ua:::cc ec( 204, ..03,-21,’
onrected( 205310 ]!
..nr.ecte:(nOé.aOf’ wt}
‘canrected(210T 208 a1l
{eonnected(C8.209 ]}
“leannecteciaC9 n10imil,

End trace.

A.1.9. Ourput for Second Example of Experiment 1: Limit = 10
> “subdue:limit 10)
Begir <race...

Paramecers: Limit = 10 conneetvity ot Compacness « - soverige st
+58-5K = % g:5cover o soecial.ze » ail AC-IK = Ti

Runming seosirucrurs discovery..
Disceveres tne T2lowing 10 substructures i1 3045 seconcs:

Semiructure® S valie 5.0 srnnected(20°6c-0001 29 ec1-0C04 jm2 cOnnec” e"' 23 ezt 003 32reet-00CH -
leanzeciesi32tecs-0CI . 0hect 0003 -1, [conzectec -c,ec"-oot)l,n‘er 002 =3,

WTH CCURRENCES:

Tzzmzectez(all gt w1 cznnected nO8 Q7 =, canmermed 201,202 o7 . searected ny!

- LI A
camazciectnvd 2C8 =0 iznnesteciaQ”. Oé,-'._ samectec 202,203 «° conmectea n0l

L
<o Ca
. »
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S, 3strucrLre 38 valie 308 Tcomaectedi 13e¢- 0008 13 e21-00C3 &t ‘comnestee toveet ICO! 2B ect M0 o
ganmected 337670003, o0 ect-00C 1) zonzectedisoect-0I0,s0 00003, #0, onaected 39¢8t-0000 19 et 00T wt
FITH OCCURRENCES: )
amnectedlal2.50) o) connecten n02 207 wt) connectedi 06 207 at) zoanected n01 202wt zznmecien 200 mlp ko
‘cannectedin0” 208 -f;i:::‘..’.e'f'ec\ 202,207 =, connected n06.207 --j ju:-- ctee 201,202 =t ‘CJ_ ecien =L, b xt
sammecies’ 201 nc-‘-:]ﬁ ennesre 203,208 = jﬁcan:.ectec‘ 207,208 »t' connecied 302,203 a1 connecten 202 20" o
S ermmectasingt nu” w, cannestscin03.008 s, ‘connectedin07.508 wt) comzectedi 102.203)et canrectee 201 20w
“zammecteala0i nid - . .cinnesteciald, 208wt connected 207 208, o1] sonnectedt 002,20 1t cannecteq 22 20" w1
.consectec: 208,109 =1, cannectealndd.n08 =t [conaected 20”508 at] lconnected 702,203 et lconnected: 202 20" s
¢onneeted!202.203 =2 canncc‘.ed(am,nm‘-t}{cenaectedanJ,:C‘i;-IElcc:{;e:'.ed{no.l.nm)-tf{con::ec:e::: 203 208 .t
Ueonnected(20" 208 w:] conaected(a&.a@‘-t}annnn‘.ed(aO&.zO?)-t“":c'x.-.e:.ed":m 04 et {connected 203 ; 208,81,
[ canzected(104.205 =] [conaectect 204,209 'w?, [canaected(n08.109,#1] [conzected(n03.n04 nt; [connectedi 203 238 nz,,

.

}
i
':cmnec:ed\':*snwi-:}::on:ec:ec'(:: .aO’?‘«-t][cannec'edf:OS...m ‘mtjfconzected(n0).004)wt [connected! 203 208 1et 1
¥
]

cere

{lconnected(n03.204 wt] (connectec: 205,210, wt] [connected(809.210=t] [connected! n04.005)wt, [connected( 104,009 =2
connecied(n08,109 '=1] [conaes: m(aos.nlo;-zi I:on:;cc‘ed(aw 210)at] [conaectedin04.005) et} (connectedi nd4 209wt )i

:ad rage,

A.2. Experiment 2

Experiment 2 illustrates the use of SUBDUE's substructure specialization module and
substructure background knowledge module. Two examples from the chemical domain ase

oresented. The resulting cutput shows the performance improvement obtained 5v applving

previcusly discovered substruciures o subsequent discoveary tasks.

A.L.1L. Input for First Example of Experiment 2

JelTxamipie
TalalndnanSascileilon vl il 201 00220304 0050807 08 09 ci0cll cl2clictrclScisel™ 1t el 20

2ol 222322328

¢ osiagie-dond mli {doudle-dond mil) fatom-tyde mll)

Tatem-typecnl hvdroger, ‘atem-type (h2) nydrogen) {atom-tyze (ad) nvdrogen) (atam.type (nd) nvdrigen,
aiom-TyPe S nydregens Latom-ivpe (n6) nvdroges) (atam-tvpe el cnlorine) Tatom-type (eil) calarize,
11m-tvpe  brls arazune (atom-type (drl) bromuse, [atom-type il lodine) atom-type il) lodine
0m-tvpe cOlicardon) tatom-type . c02) caron) tatom-1ype 03/ carson, (atom-tvoe (c04) carvon:
atom-tye c0% carsen - atam-tvpe (c06) cardon) (atom-type (c07 cardon, (atom-iype 1¢08 cardon,
azom-tvpe cU%) caroon, tatom-type cl0) cardon) (atom-type icll. cardon, (atom-type (212] cardon,
dlom-iype: cu‘ :arvon, tatom-type (cld4) cardon) (atom-typeici S, cardon. (atom-tvpeiclé. carden,
drem-tvee ciT caroons tatom-type tcif) carbon) (atom-iype icl9; cardon. (atam-lype c20) caron;

atom-tvpe:cll) caroon) atom-type£22) carbon) (atom-ivpe (c23; carnen: (aidm-type (c24: cardon,

siagle-bond (0} i1) ©) (sizg:e-bond . c02 cil) ) {single-bond (¢05 n1) 2) {single-sond (¢12 3l »:
singie-bond (e16 127 t) . sagie-dond (22 1) 1) {singie-dond (c24 i2) <) single-vond (e23al2se

5 ..glc -poad (¢20 n4) 7Y singie- ‘ma\c:s wrl) 2) (singie-2ond <09 n5° U isingie-dond 0 =6: v
sing.c-vond (c0l c04) v -s‘rz ‘e-vand - c02 ¢04) *) tniagie-dond (€03 06, 1. singie-bond  c0f ¢08:
singie-Soad (c06 c09) 1) 'uinge- wrd 0 2105 1) inngie-vond (€07 cll, v lsz:.gie-bond teu8 etl2; v
singie-dond "c10¢ls U ising.e-nond tell c15) t) {nngie-dond (e13 =17, 2 {single-bond .eldcl8) 2}
singie-sand {cl15cl8, 1, ung.e-sond clbcl®) 1) tungie-dond (¢17 20, 7 (singie-Dond 1922 )

‘singie-vond (e21 <23 %) :;:.g.c-)oﬁd €21 ¢241 %) {double-bond 1c01 c03) ¢) . coubie-bond cO2 08} %,
doudie-send ¢04 <0™' v ¢doud.e-oend ¢06 c10) 1 doubie-bond 08 ¢11) 1) idoudie-sond {c09 213/
cauase-Dond ¢l cl6 0! doudie-bend cld cl7) %, doubdie-bond iclf ¢19) 1) ‘doudie-dond (il t
doudie-sond ¢l0 2l 1 Gaume-dona €22 ¢l4) 4l
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sageaenc oty o pemovoecl 6 wCar3en:
Catametype cll ecarion, d....m scnd(cl$.c2] et a%metvoe el scarsen ing.e-
sing.e-0ndicdl e et ] aem-Tye! 4,-r\::oge.., azam-tvoercld -cr:or daye
Tatem-tvoecld wcashon cousie-30adlcld. c1™et {single-oond ¢20 24wt latomety;
simg.e-sendiel” c:O‘-\]: sm-tvsecl” acarhor)
:; am-rvoeicll mcar -m': dc-s e-0na(cld.ell et atom-"voe ¢l Vucaraen, innge-joncicl ol
s.mg.e-90n4! cll i m a* meivRe -J;-Mdrcge:‘..‘.vor woeicld wcardon doudie-90ngicll edd At
,'3‘....~ voeci s -u:sc- ‘zeusie-sond(cl S cl9)mt) nungle-dordie22.nd mt, (220m-1¥pec22. acars0n!
‘simg.2-o0nd(219.23 #t) Latsm-tyrecl Swearbon D

(Supstructure 238 ;vaiue 22730703 ’[sm(le-boad(ab'eci-wﬂ 09jee1-0195)mt} 'double-bond(sbiect.0176 object.01 71, -t,
Talom-typetobrect-0176 mcarbon] .nngle -bond{odjec:-001 3, owec'qu‘é}.ths*ag ¢-o0nd(o01ec-01 71,05 e¢2-0058 w'
1 ‘0m-tY e 00ect-001 1 Jmnydrogen ] latom. rv?e(ab-eczowss lecardoal ! double bond{3bject-0053.50ec 0005,.1]
k:.om-wpe\oo;ec‘.-oon -cu:on;[doubxe-:end(obxec‘mu Jtject-0001 . -11 {singie-dond(021ec:-0005 o91e¢:-001 Lwt
‘atom-1voaeobrect-0005 =carbon] {single-bond(object-0005,056ct-000] Jat! [uem-*’ype\oo;ec -0001 jscarsan )}

WITH OCCURRENCES:

»'Ismg;e pondic0l.il =2 dcuale 0nd(c04,c07 lez; .nomvvx 0T ecardon; {sing ¢-20na( 0% clCnt

‘singie-sondicOl. O4}at! {aam-tyoe noz-rvaroge:“amm~ vpe.c0]l wearbon) doudie-s0nd(c01.¢0] 1]
a om-tvpetclOincas Bis ‘doubdle-bond( ¢06. cl0Jwt! {sing.c. 00Rd(c03.h6 nt; atom-1ype( c06 imcaron
s:agie-Sond(c03. cOﬁ)-t, fatem-typec0d mcarbon )t

(Ls agie-dond{c02.cil et caume 0nd(c04.c07 at] atom. ~typetcQ? imearson| | mgle ~bond(c07.¢11. wt]

(singie-bond(c02. 04 )at, u.em -iype nl . enydrogea ‘atom-1vpec02, =caroon] [dauble-bond(c02,c05)at]
aom-typecll -cz:acr:, ‘double-20ndlcO8.cl1 mt] [singie- >0ndtc03 nl jmt] [a'om-w?e(co&-czraonl
‘singie-%01d(c08.c08Jmt] (atom-1vpe cOS '-ca'bonl)}

! smgse~w1d(c13 brimt} Edoubie bordicld ¢l wt] latom- wpecuiucar’:oa.. .ngle -bond(el0.cl4)mt]
singie-sondicld.cl et ‘atc:n-'vym hthvdrogem \atom-ivpecld: -caraonudouole ~ponc(c09 ¢c13)et!
azcmm'vae\clo)-crnom idoudle-daad( c06.c10)-t1 {singie-bond(c09 n3)et] [atom.rypei c09mcarbon ]

s agie-scad(c06. c09?-'| latem- 'vp«c()é--czroom.

= s ngie-oondlel2.be2let [coubie-nond(c08.cll w2 atom-tvpecil; -arbon“smgle -bondiell cl et
(singie-bondic08.clllmy; {a\am-‘vpe' Pzz-mvdroge*;‘uom-"’aaclz wcatbon] doubdle-sona(cll,c16 et
a e 'vmclb’)-ca'aon dm..sle sond(elS.c19)at] (single-nordicl6.nl =t} [atom-typeicl9mcarbon]

Singie- .vor.d(c16. ci9mtl | .om-.vmclézm:bo:,p

Hsingle-sond(e23.ci2 me]] Tdocoie-bondic18.c21 Jms ] .atom-typec)8 wcarbor] [single-vond(c14.c18 1]

_sing.e-dondtell, X mt; u'am ‘vpetnd:’ -rvdrogem latom-typercid -catben}'double-bond(c’()c 3at!
awmmeivpecld mcazion; Zoudie-sond{z14.c1% i [singie-sondic20.nd mt; (atom-T¥oe c20)mcarhon;
“s.agie-2oncicl T .c20)-t2‘¢.am-\vm: 7imcardon]i}
swg e-sondicl4, z,az“double bord(cl8.c21at; (atom- voecl$ mcardon]’ szrz e-sond(cl 5. cl!;-n
siagie-sond(ell.c24wt] [atom-tvper “Sz-hvaragemmom-nmc-qs -carbon; doubdie-soncicll.cld)at;
a tom - ‘v':escu‘-arbo i c‘.a..:xe 0ad(ciS.cl9: -t,:sx..z.e sondicslnd et fatom- ypeed 2 wcatbon]
singie- spomciclP.cidiat; latim-tvomel P wcardon i

Sopecializing sudsITUCIUre...
Speciaiized the sudsirucTure:

Sudsirucrures T ivaive 30.197369 ([single-oond(o01ect-0048.031ec:-0200 w2 (atem-1ypetatrect-01 71 weazdon,
daubie-sond oprect-3176.00rect-01 "1 wt] [at0m-typet omec’~01‘6 -croon.,:...z;e ~sondiosee:-0013.29j0¢t-01 6 wt]
“siag.¢-20nd! 33°6¢2-0171.35:e2-0058) 1] [atom-type 22 ec1-001 1 srvdroges ) [atom-Type 33¢c2-J058 ncarvon
deusie-vongd! aba«z-oosa obrec--ooos)-thuom-waaob;ec 'OOU‘-euaonf:f:a\.ase-oonc(amec' -0013.301ec*-0001 ‘mt]
:s...zlc‘ocnd(obrec'-com -zmc'-oeu,.z ilatom-typeobiec:-0005 lacarhon, 5ing ¢ 2ondt 0rect-0005.551¢c:-000! ‘wt]
JaTom- Y peodect-0001  =cardon !

0 the Ja.idwing substructures:

Suastrueture®) value 1,207 ’*r-'vx\o:vec’-O’OO)-aro......c chiorize.odine; single-bondiobiec:-0058 05ect-02C0 o]
atom-typersnject-0171: -car::on ouble-3end obrees-0176 abiees-0171 1] a'cwtvpctohnect«\)‘ “5 wearson,
single-Dondlsbieet-0013 . brect -Oz”é;ot'm 1g.e-%ond(abiect-0171.0%ec2-0058" =t latom-1vpelon;ect-0011 -*\c"gen.
a10m -y et 95270058 mcathon; (doudle- ocnd‘ab'ee’-OOS! Jtient -00051e} “atom- ty e abrect-0013 =cardon,
‘doubie-rondt 23iee-001 3.001ec-0001 1wz} (singie- 5006l 35ec2-2005.0%; ec*-OO!! =1 atam-Tvoe 0vect-0008 iscazvon,
lsimgie-3enc’ 30-ect-0008,257ec1-0C01  wt] fa.c:'. styoe c3ect-J00L, ecardon )

Adding suosiruetures o 3K

.
Accse the foillowiag sLastrietures 1 3K
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wmiront carl carl vt Lassent catlcardit o alrsaticardcard. v

DeiErampie Tram M
" ear] card zatd;
“careshae 2 fwreelcolor 1l car-.ezgth an) load-snape nil fload-rimser ™l .nirante,
caz-snae ATl enginer wrmeel-color carl writel car-snape carll itsed.-tectangle cat-emgh casl o2
zag-smape carl. sactang.e  cad-numbes (carl) one) Iwneei-csior carl wriles car-snape.card: i.smide
Cgag-lengtn cardisnert. { oad-snape icard) circie) Lidag-aumver icard. cnel wreel-color.cardi wnite
infront carl card) U .iarrant (card eard) L))

fDefExxmple Teamm !
'({cul car) card card cas$)

{car-shape ail) (wheel-color aul) (caplngﬂ: a:1) (lead-snape nil) (load-number ail) finfront *))

ear- shape (carl) engine) (wheel-color (car}, white) (car-shape tcarl) open-trapezowd) (car-lengin tcarl; short.
{lcad-srade (carl) circie) {load-number ‘carl) one) ( wheel—coior (car2) white) car-shape (carl) ‘agged)

‘car-iengin card) leng) Lload-smape (card) rectangle) (load-number - card) ape, (wneel-color (card white)

‘car-shape ‘card) open-reciang:e: icar-iength 'card) shore) {'cad-shape {card. reciaagle. icad-sumber card!osne)

f wneel-color {card) wnite, 'car-shape (car$) open-rapezoid; (car-ieng:n {car$) short) i lcad-snape car$) circ.e)
load-number .cars; one)  wneei-color (cars) white) Ginfronticazl card; t) (infront Jcarl casd, <)

(infzonticard card) 1) (infront (card cars) 1))

(DefExample ;Train ]
“ear] cazd card)
\tca'~smps nuii lwhneel-color mil) (car-lengsn ail) {lcad-snape mil! {oad-rumder nil) linfrant 1))
“car-snapeicarl) eag:ne’ < waeel-color (carl) write) (car-shape icarl) n-sm_m) {car-leng=h (car2) short)
- .2ad-shape (carl; rectangie: ((oad-aumber (carl) onej { wreei-color (card) white) (car-shape (card; spen-rectaagle;
cx: ienghcard) long) load-thape {card) reciangies (load-numuer ! ur.!) rwo ) (wheei-color (card) wnite,
liafromt.casl card) ©) ‘inlron: (carl card} 1)))))

A.3.2. Output for Experiment 3
> -subdue imut JO)
Segin trace...

Pirazeters: dmit = 30 COBALTUYITY = t compactness = ° coverage = ©
use-0k = mii discover = Ispeciaiize = il ine-2€ = il

‘ Runzing substrueture discovery...
Discovered the ‘ollowing 30 subsiructures ia 21.383333 seconds:

‘Sudstrugturesd value 11.297071 ([cas-lengti(obiect-0001 ;wsnort; {ioad-nus der 30/0c:-0001 jaone!
 wheei-coion 35reet-0001 jawniteDd}
WTI"! OCCTURRENCES:

Ceaz-iengimicardieshorti [ioad-sumber(carieone] [ wheel-coiortcardinwhite )’
t'icar-ieng mcardissnort; {icad-nunber{card)wone} [whneet-coioncardawmite i
iicar-iengintear 2)nshort! [ioad-aumber(card)mone] [ wheel-colon car2imwnite))
"{ur-mg'h(carj)-mor' (:cad-number(car3 jmone] {vhm-celort cardlmwhite):

i{{car-lengimearmshort] [Lcad-number(carmone] [wneel-colom car2)wwnitel):
'({umeng‘n\cuj)-moﬂ [.oad~au=:bmur3)-one] {wheel-colorcardlawnte’
kur«.e".g'mcart)ashcm{soad number cazdjwone) [wheel-calort casd)ewn;te )

‘iear-ienginicars esiort! [load-nambenicars =one] {wheei-colort cazS)wanute
murne rgthicard =short’ (load-number card)mone! { wheel-colon cardlswrite: )‘
{ car-,e&rh(arjwsno:' [.oad- ﬂJR!bG?(CIYS)‘OﬁQJ,Vh«i-Cleﬂﬂfs}-‘m.e‘)‘
itfear-leng mcardushort: [load-number{casl »-one} {whee!-colorticard’=on: e)
{eas- .eng .m.a.-;-saot‘.)f.oad numbercard =onej {whee!.colorcar2lmwnite f

il ear-lengimear d)wshors! [load-number card jwone] [wheel-colortcazd lmanite));
f‘wur- engnicarsimsnort [lcad-numbernicasSinone {wheei-coior carSlmwnine)}
Lear-iengimcard =snort: osd-numoer card monz) (wheel-coioncardieamie)s

Sn.:s!'xct.reté vajve §.228033 (wheel-colon odiect-0008 s Pztei undranAoores:-0008. 971ec-0001 =t

Jcar-leagiiionect-0001. w1230t [oad-aumbenosieci-0001 eune] wneei-c3i0r 9216¢1-000] wumite),
®ITH OCCURRENCES:
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arg-name argaa {arg-zame a:g% 2 Jarg-tame argelc  argename atgd o d g-AImE arge € arg.tame
arg-name atigs g
susos 00 0L, tilsudep 00 §02) ¢ %efsre g0l 3010 %)
ap~tvpe 3010 stack. stack-argl 01 arga, vrustack-aigl (301 arge) toisusep g01 g01) U susey 201 gos -
serote 303 g4 v
cap=type - §03) unstack, {unscack-argl g0J amgh) ¢ tunstack-argl 303 arge; v,
\c;at?pe (@04 Tekun, pekup-arg - gO4 arga. © sudopig0d 05, v
fep-type  g0S) sutdewn  pu‘down-arg (g05 arghl )
Tap-voe g02) suack, {s.ux -arg1 {02 argd) 1) (stack-arpl 02 argy) ¢ (sudop (702 g06) ) (sus0p 1 g0l g07) =
(eiare g06 07 U
(op-type (306) unstack, (unstack-argl (706 argf) +) (unstack-argd (306 argg) 2) (sudop (g06 308; ) (sudop (306 305 -
{vecore o8 gO%) U
{op=type  gO8) unstack) (unstacx-argl (g08 arge) +) (unstack-arg2 (g08 argf) ¥)
(op-type 309} sutdown) (putdown-arg (309 arge) 1)
Lop-1ype 1§07) pickup) (pregup-arg ' g07 argd) 1) (subop (207 210) 1)
(op~tvpe \310) sutdowa) (puidown-arg (310 argl) ))))

A.4.2. Qutput for Experiment 4
> jubdyes
Beqin :.-ace..; .

Piramezers: gt e 23 conneclivity = ¢ compactnest » ¢ coverage = ¢
use-bk » 2l discover = t specialize = nil ne-bk » nil

Runaing sudstructure discovery...
Discovered the fsliowing 23 sudstructures in 12.266667 seconds:

Substructure®19 vajue 4.4621396 {[op-type(obiect-0006)apick up} Lpu:xun»uz(ob]cct -0006.obiect-0084 ]
,STI0M 00ject-U001 .23 ject- .0094)at] {unstack-arg2(osrect-0094.5bject-0122)ut] ‘Defore(obiect-0094,obyect 0006 .ut)
ssuo03anject-0156.00e¢2-0001 Jwt] [s1ack-arg 220 )ec-0001. obiect-0122)at] [op-1y e 0bject-0094 mursiack,

""s tack- ar;lho;ec‘ -0094 >5ject- 0064,-21 stack-argl(objec:-0001.0bject-0084 nt]
;:1. cown-arguablect-0021.0%e¢1-0064 ] [op-typeobiect-002 1 Jnputdown] [op-tvpe(ob ect-0001 justack
suooa\emn' 0006 3biec:-0021)wt] [subopiobject-0001 .0 bjec:-0006)=tD}

ITH OCCURRENCES:

oo-'\ 3&304»-8!(:3&&3] pickup-arg g04.arga)=t] [subop(g01.303)mt] [unstack-arg2(303.argc = t] {Sefore(303.304 1]
s*..aoo\ 700.3012wt, Istack- arg2(gol arge)wti [ap-type g03)aunstack] uas'.ack argl{(z03.arghleti[stack-argl g01.asgaimt;
‘putdown-argig0s argd)et] [sp-type g08)wputdown] (op-typet g01 Jstack] (subop( g04.g05)mt] [susop g01 304 mt]}
“{29-1v2e g0T maickup) [ pickud-arp §07 argd)et] [subop(g02.306 )=t} [unstack-arg 2(306.a17g =1] Defore 306,207 1]
L3690m 300 02imt:] .ac:-argl $02.argg/=t) [op-1ypel g06 munsack| {unstack-4rg1(206.a1p! J-t, Tstack~arglign2. rzﬂ »
putdown-arg10. argf)-z [op-type(g10)wputdown] [op-t¥pet 702 )mstack] [subopm g07.310)et] {susemg02.207 =i}

Sudstruciure#2 value 3.2921875 {[op-type(obme:-0006 iwoickup] {pickup-ary! 3bject-0006.object-0084 m'
amstack-argaoorect-0094 obyect-0122)wt] Ebtfornobmtwd.abmm:-'.[maog(obtm-owé 20'¢ct-000] . ut!
.s1acx-arg2 cbiec:-0001.3bject-012 2)mt] [op-typeiooject-0094 Jmunstack ] {uasiack-arg1{object-0094 obiec: ~°°6“-U
(stack-argliodjec2-0001, 3});«1-0084)-1][putdovn-argfunnc'mn .objec-0064)at} {op-type( abiect-0021 Japuidawr]
Lop-1¥pet 2bjeet-0001 Jmszack ! sudopt object-0006 0biect-0021 Jut] [subopobject-0001 .9 bject-0006 .=t D}

W ITH OCCURRENCES:

19; tvae«:on-pscxupj[pncxu-amzm ngl)ut?[uusncx-argl( 703.arge)mt] [ deforeg03 304 a1 (5ubon(700.201 1]
.stack-2rg2 g0l argeset} ! o-'voe\gOJ)-uasucxl funstack-arg1¢g03. ar(b)-t}[ suack-argl(g0l.arga =t
-outdewn-argl 05 argd)et. (op-t vyc\go.'o)oputdotr] [opetvpe g0l )astack | isubop gO4 g0 Jatl{su00p g0l g04 w2}

Capetvoe go‘?‘-m:x..u; prceup-ary g07. argdlet] [astack-arg2( 06 trzi)'t.;‘n‘o'agoe 3071t [subom 00,302 wt!
.stack-arg2i g0T.arggsmt] {3p-type 06 =unstack] {uastack-argl(g06.argtnti (stack -argl{g02.argd t]
Tputcown-arg 210421 tet) {op-ivpelg10)mputdown] [op-1y pei 05 Juszack] [subop 307 g1 0)at] [sudom 02 5

Suzsiruciure® 20 vaive 1.292 1978 ([op—'?mobmt-m -mckup]fsubop\oovec -0001,2brect-0094 1]
uastack-arg2(001ec1-0094 201ec1-0122  wt] {Defore(obiect-0094 5 biect -0006 - -t} [subop(cbrect-0156.001ec:-0001 =
_s tack-arg2ianect-0001 oo ¢—°-Ol22}-t, u:p-rvpc\ coect 0094 euns tack] .unstack- -argifabiect.0094. 00jec-0064 »-
“stack-arglicniect.0001 206t -0084 12 :jl=uicown. 4T3 2biect-0021.00 e -000 4 wtilopet Detonect 0031 nc_~_;u-}
29-1voe001e:-0001  ws2ack, [ SUI0PIBIec-0006.501ect-002] 1] [SuDOM 3B ect-000) 00jec-0006 =130
"\ TH OCCURRENCES: . .
WPt oe 704 moickun ) (su9e 301,203 et] Lasack-azg2(g03.a02¢ 1] [Yetore 203 04 mt [sudom 300401 =1,
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“zrmiedendielT el wildrus sosondiclfilb =l duniexendiaf9 10 o1 tngie dond 001y,
uzgieodeneicloclT et lnngie-jonaiclOcll o0, sngie-20ne clo.nll et ‘s“:g,:-ac:c;clfv.*cs .
‘aemecvoeel$ -ca“:‘e‘., u:r:. ‘voe ¢l timcaracn . atomoTvee clf scarten, at 213 wiatves

; -~=-.. svoe cl0 wearden’ KECE ’\necOQ‘-ar':)c:‘.}: tamacvpe Rll wavers
cubie-sondicl® sl8et! ‘dousie-tond el Sl =il d0use-2enaicd9 €10 =1 Tning e-send- 09l a
is ng.g-encicle. :“” e-xeae 210, cl.s,-t”s‘..gx -bong ¢16 311 a1 ls.ngle-zenciclf QS ot
rrmotvee ol war ‘:c 1935 Tvae sl lweathon, (410 m-Tvae ¢l waarvonl alom-tvoe 18 marcen)
anm- svze 410 -ca':c- tamocvee )09 imearson! (atam-1voe n0S -'vc"ager.“'
da Jie-oonciclid.cle e doudie.acniell 1":" -double-scne <07 <08 et lsingle-dend{c08 ¢l 4 »r
gie-nonc ¢l lellm ,.sar.g e-nond(c0”. cll =t szng ie-sond: ¢14.210)at] s.ng.e -20ndicl3.709 1.
[a.e:r. ~iypecldecarhon) atom-tvoeicldmearvon! [atom-tvoe cx:J-car::-on “atem-tvpelcll imcaron )
.atom-typeic08 mcarbon] latom-tyoe c07)—a'bou. u*am-'vmblt))--va’ogen.)

((deuble-dond(cl3. cl4)et! ‘double-20nd(cll ¢l 2 =] [doubdie-nena(c0T. cOS,-I,\sx..g e-Bond(c08, *14‘ v
smgle -sonale!2.cl3)at! "an;.e sond(c0” cl!;-t zu*g e-bondiel4.n10)at; (single-sond(cl 3. 009 ut]
.atem-’?petclh-qxbo..; .Atomu}'?a:)..’u-urbon‘utam ‘ypecll /-carbonlazom -typetcell) -c.;rbom
‘atem- type1cO8 =caron, {atom. 1y e ¢07 )-carben]{nom- Vpa‘hmm‘wdragenlh

feaubie-dondield. c14n-:) (dousle-dondicl} cx..,-mdauo;e sondic0”. :08/-" {singie-bond(c08.c14 wt
singie-oond(el 2 el Yt Ls:ngie -oond(c07,cl 1 mt] single-bondicl 2.708 .=t} [single-nondicll.br =1]
‘atem-typeicidimcarson)’ uon«;ypexcl})-urbom;a.am-»’y;exci-.-cubom:uczz-:ype(cll =tardon,
.atem-1ypetc08 mcarbon] (a1am-TYDeLcOT Jmcardon; (atom- 1y e R08)maydrages )i

I{{eoudle- sond(<0S, c06:=1] (doudle-s0nd(c03.c04 =] idounie-20nd(c01.:02 =1, [single-bond(c04.c05 w2
singie-»oncic02 <03 )ut] {sxrgie 2oad(c0l cOé;-t“smgie ond c04.004 wt, Ls: le-20nd(c03,0203 i=t]
L4t cm—tvze‘ 206 .mcarbon| latsm- v c0S wcardon; (atem-voe c04 mcarson ! atom-typecc0d mcarson |

em-1Vpe 02 mcarbon iuomvv—x\ cOl)-«raom[nam-'vm RO4janvdragen,)
co.b e.000d4c0S8 c06.wt] [dousie-2end( ¢03.c04: =1} {doubie-s0nd(c0l.c02 w1} Isingle-bond(c04 c0S)wt!
s ngle-20ncic02.c0d wt] [51ngie-203a(¢0],c06 =1 smg ¢-bondi¢U4, 204 .t smgxe—ao-zd(cOJ BO3 -
iom- 'vvamé,-uroanua.emu’vw coﬂ-cuaon ;nam-wchd wtarhonj atom- type(ccs.‘-cvooni
ucm—’vw 02, mcaraen]latoz- “ypecUl :-craort,“\ tam-ivoe hO}mwdrogen')

" coublt ondi c05.c06 -] [doutle-s0nd{c01.cO4 ot} (doudie->ondic0l <02 at, sirgle-bond(c04 c08 at!
single-bond{<02. c‘JJ)-t“sngu -%0nd(c01,c06  wt} [singie-dond:i 02, .-:oz,-z,ismgxe sondl cOl ¢l ="}
num tvpeché,-ca hon|(atom- 'vx\co.ﬂ-arbom[nom-’vmcwmcubonj arom-typet cOJ/-caAbcn;
[atem-typec02lmcardon;  atom-ypelc0l Jucardeon [atom-t1vpe RO2len ydrogea D!

‘\

‘Susstructure®0 value 13.58064S ({atom- ype ob1ect-0001 abragine.cnicrine.iodine
‘singie-bonc(02)ec:-0004,09:e:-0001 a1} {atom- "¥peobrect-0003 -carbon::c‘ouble bond(cajeet-0002 :5 ect-)001 =1,
Jatem-tvaetsb1eet-0002 wcarhan ) | sizgle-20ndi0dyect-0005 c5:ect-0002 =t “sngle- :or.xd(acvec' 0003.251e¢-0004 =1}
‘atem-tvype adrect- 0006»-Mf"*ge ; nem-‘-'pemo;ec'—oec-t acaryoni .doudie- 20nd{201ect-0004 33:¢°-000T wt)
atam-tvaei gojees-0005" -a*:xon,,dox.bie nond(obieet-0005 33:ec1-0008 '=t] ‘singie.dond!l obrect 000" oy ec--ooce}.‘,
[3em-1vel201ect-0007 mcarbon; [ningie-Yond(02:ect-0007 05 ¢¢1-0008 i) 3T0m- Ve, awec:-oooa =carson i/l

TH OCCURRENCES:

"dauble bond(c05.c06a [doudle-nond(c03.c04)=1] {doubie-0na(c01. €02 =1l single-nond(c0d cC5 =t
s..,zle ~sond(€02.¢03}ut; {smglz-aond(cm c06)e2) " smg.e -bond!edl. %02)-t.{s.rz.e-omc(c01 ¢ el
a*cm-'vché ‘mcarson | {atom- —v;e\co‘)-arbon.utam-ww c34 wcardon; a4 som-tvpes0d =car 20n;

\o:n-‘v:e\ce" wcarson | {atom-1voecOl)ucardon’ [atom-tyge n02 ) saveeogen, [atom-1ydeci agnice 'e )
do.zmc sondicld, cl“-t]xdouau sond(cl1, clz;-t]fdou!m sond(c0” cOB;-.', ingie-dondic08 cld wt,
s ngie-nondlc! 2.cl3)mt)] smg!e <oond(¢0” 11 nt] 's.agl: -pondi 12208 2 Tsingic-vonclcl] 3 w2
AtIm-tvoecsld wear xm,awm-:vmcls)mrsom Tatam.tvomcll. -u'son,ﬁa':‘ typetel]l wcardan,
‘atem-tve 08 -»arwminom-.vnco Jecardon|{atom- v e br wdramune; 43T -1 36008 anvErigen,
co D.e-sonalcl” '1! ‘at] [double-sond(cl5.cl6int] idoub.e- xmd(cw cl0:wt (sing.e-cnd(c09. cl8 -,

ingie-20nd(cl6.¢17 =t [single-20nd(c10.c1 5 mt] {single-bondicl T il wt]] s. 1zie-3oncicld fimt!
azom»:qucu)-cubonlInom-:vmcx ‘scardonatom-vae clemcarson’ -atom-typeclSimcaron)

tom-typeiclOjmcarbon] atom- v e c09; -carbon;[ucm-’vee\ Rid'= 'vaf‘ze--‘ .atam- yoe i eiedinel)!

Runn:ng substructure discovery...
Diseovered the foilcwing L0 suastructuizes n 241.81667 seconds:

'Sudsiretures s value 14.36344 y; ngle-mné(os'«’ -0013.30iect.0030)a"! 213M-1V D 001ect-0009 wavdrogen!
nc:::-'*-:e 30iect-001 8 maydrogen) singie-hondiobect-0016.50¢¢1-0013 =t L.ningle-bondionrect-0012.05ec-000% it
a'ﬂ- Tvae00eet-0011 mcasvon, dcx.ele 507d{ 20:¢¢7-0010.507e¢1-0011 =", atzm-1vpetsdiecr-0010- —carson’

iIng.e-0ne o0ecs-001 3,00 ec? ,00103-,,15‘:'.;;: 2ond(obect-0011 .00 ec‘-OO‘.z =2 ‘2tom-1vpe a9ect-001 4 «nvdrogen,
a.,.... ‘veet 3016 -0012 wcarnen [doudievondioniect-0012.005ect 0018 = 1o dm-tvnedprect-001 Y wrarnon
‘deusie-send 3300013, 3%'ect-0016 =1 sing. [e-s0ncl sorect-001 £, aa‘ect-;)Ol-t - f_u;.’:n:ype« co'ectd017 wcazacn
KR ngieyone s 0018 0o ect-0010 =t _at2m- *vpe 0oect-301 0 acarven

FITH OCCURRENCES:
$.52.6-3006 9. =t atametvoe 208 eavarigen, alamervIe nld savdragan ningie-tonsisl Tl wt



http:o.ec:-OOll.JO
http:Slnile-')Ond(clO.cl
http:cOZ.::OZ;.tj
http:Iydro.er
http:sir.Cle.bond(c04.cO
http:le��:;)Qr.dt
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http:sIl1Cle�bor.c1
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Soeciai.zing sudsizucture.,
Saecialiled the suasIrULLre:

Suastructure®d vy e 33.36344 su-z e-s0nd(abrec?.0013 22ec2-0030 »t! ‘.m;,-».v-;xq 29jec:-0009 wavdrzzen’
R LS e¢7-0013 =oyarogen. ‘u:g.e-ac'm( bec:-0016,50ect-0018 =t ssingle-honc 20t XC12 ¢ 3 ec2- 0006 a2
“1tom- 'vx«o-vcctooon =cardon | doubie.x: .cwmm.oow ay1ec:-0011 =t Lc oM -1 32ject-0010 mcarvozn |
{s:ngie-dondl oorec:-0013 ob*ect-oow)-tf.mg.e bond(adrec:-0011.9%ec:-0012 Jeti {atom- Y@ 0brect-001 4. -n_vc.-:gcr.ﬁ
atom-typeablect-0012 wcardon; doubie-dond(odiect-001 2.0t 0018 wti 2t m-trpela3)ect-0013 wrazdon|
cm.b e-bondlo3:ect-0013.50ect-0016 -'l {singie-yoncl 20ee2-0014 abve:*-oou,m] atom-1ype( 93020018 wearsen’
.sir:gie-bond(obect-001 3 00¢ct-0016,=1] {atom- ~1ype(obect-0016 wcaren )}

¢ tne foliowing substructures:

{Sudsiracrure#0 :value 1 ‘{atom-typelcbiest-0030 s Bromune.calorine, odnt, siagie-vondtoest-0013 031ec:-0030, =2
uom typet o 3ject-0009 -md’oge‘x,;atam-\vpe\omec!mls snvdrogen; (singie- Hondiobject-0016 35ject-0018 . e2)
ssngxc bo'zd(co ect-0012.06°ec7-0009 =1 (atom-ypetobiecs-0011 Jncazcn ) [dousis-tond(00 es1-0010,00 ¢c1.001 -\1
uom—;vmobm -0010)=carson ] s ing.e-sond(odiec:-0011, obyect-oow)-t..s;npc -sord(objec-0011 20jec2-0012 =t}
aton-. -typecabiect-0014: -'Vd‘ogcn,‘uom-rvw 99)ect-0012;wcazson | [double-bond(9bject-0012.00;2c:-001 4 wt]
‘atom-typelobiecs-0013 wcashos | doule-sondi sbrect-0013, aorec’»OOIG,-t*{:mg;eeeonc(ooxect-oou 00'ect-0014) =1,
atom-tv e 00ect-001 5 ncasoon ; [single-bond 03 ec:-001 5.00€ct-0016 Jut, [atom-2ype cIrec- 0016 =caraen )}

Adding substructures o SK...
Added “he following substructures o BK:

Discovered: (Substructures®s :valse 34.36344k singie-sond{ dbiect-0013. ab1e=’-00.30‘~!1m°m-”'99‘ 93jec-C009 =vdroges;
a omuvoe\oo*ect-ooumavq:cgea {singie-Yond{s0rect-0016.0biect-0018 -u Tsingle-sond{obrect-2012.coect-0009 jw?.
atom-1ypeobect-001 1 mcarhon ,¢oz.alc-oond(obvec‘-0010 o0ject-0011 w2 {nom—:'f;dob,ec’-OOlO wcaTBorn |
s...g.c-:ond(oo ec1-0013.00ec2-0010:wt} ising e-bond(osrect-0011.901ec? 0012 at] {atom-1¥pecnrec .00t 4 mnvdrcgen,
11n-type 001ect-001 2 wcarson | | doume-ooud(ao;ect—om’ bject-001 Simti(atom-2ypel 235e¢-001 3 wcaszoz)
:coubie-bond!o'a}:’ 3013 .05iect-0016 1] single-20onc(abect-001 5,3010¢2-0014 «:] (4103 -1vpel 39'e¢2-001 5 wcardon:
-ngle-Sond(obiee1-001 5.0bec- 3016 w1} (A0m-Type.abiect-0016 ) mcarhon )l
Speciaiized: ‘Subsiructures0 vaivel’ &uam-'vwobxec"OC.’»O‘-orom.ne criorine. edine;
,singie-sond(obiec:-0013.501ec2-0030 wt] [a1am -1y e cbrec:-0009 =hydragea] aicm-tvpetadiect-0013 a-vdrogern]
siagle- aoac(eb‘«.—ww coecs-0018 /mij [:mgxe oonﬁ(ao)ec -0012.90zect 0009 ‘wi (at3Mm-TY2e00rect-001 ] wcaroon]
coubte bond(obiect-0010. obtec'-oml,-t}thmo’vwo:xec'-omo -ur:on“n gle-ao-xc{-.ogec'-oou 23ec1-0010 =1,
“single-dondiodect-0011.0010¢2-0012 at,.atom-'\paco'u'-oow -nvdnge:.. atom-type(soiect-0012 wcazon;
ésuble-bond(obrecs-0012 aotec‘-oou)-u*usm-*v-x\co\ec' 0013 -cc:aon.;cox.o.c -bondissiect-0013.99ject-0016 =t
:smgie#oondiebyee:-ool‘coycctaooumtj fatom-type oblect-001 5 scasvon; (fing.c-Bendi ooz -0015 39iec -0016 =,
‘atom-Typetosject-001 6 ecarron}

Ené race.

A.3. Experiment 3

Experiment 3 demons:rates SUBDUE's abiiity to discover supstructures that can be used is
bigh-levei atiriputes for ciassifving multirle examples. The input examrples :cnmsist of the
descriptions of ten trains. The DefZxample calls for each exampie are shown. aicrg with the

resuiting outprut.
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http:J4.J6J.a4

sangie el et doudie ¢l cd t double clcd 1 osag.e <delltiinge cie t doudie cfag ¢
sagie ¢ c8) tidounie 7 ¢® ¢ ‘double ¢ clQY 1! nngle Icli v mge 2l0cil)t couze :llcll
singieeldcld V) doudie cilelS)t) doudie cldclb, Tininge 1527 0 sngle clbeld o
goudlenel” 1)t lnngie oo <20 ‘)fsing;e eidcdl) ) mngle 18¢ld 0 smge 119200

sungie €d0¢21 0 samgee €21 ¢l U single €2l el3) ) mnge 20l 0 smge lelS ot

siegie €2l €28 Uy

DefIxampie zampound § negiuve.
HeledcledeScocT ed 9 cl0cll cl2 el clactSelbclTel8clPel0ell c22e23 el el8e2e 227 ¢28¢29 220 281 222
c33 ¢34
({singie ail) (doubie nil))
((sn:gm tet €2} t) (doubdie (el e3) 1) {double (c2 c) 1) zs.nzle (ed ef) z)(sxng elcd ¢6) *) (doubie ‘eSc6 v
{sungle (e7 ¢8) t) (doubie (c” ¢9) t) {double (c8 c10) 1) (single ¢ <11 ) (single (c10¢12) t) doubie (el c12)
(singie (13 c14) ) tdouble (13 ¢15) 1) (double (c14 ¢16) t) (singie c18¢17) v {ungie (el cls) v
{doubdie (c17 ¢13) v (single 1e19 ¢20) ¥) (double (19 2 1) 1) (double (c20 ¢22) ) (single (e21 €235 )
‘single 32 ¢24) 1) coubie c2d c4) t) (nungle (¢6 c26) ) (single ic12c27 <) (siagle 18 cl8) o
“single (€24 ¢29° 0 singie 1¢S5 c26) ¢ (single €26 ¢27) 11 (singie-ca7 ca$ ) "ungie'c28 ¢29' )
siagle 1629 €305 U siagle (€26 ¢31) *) {singie €27 ¢32) ) (uingie (c28 ¢33) ) nngle 1629 ¢d4) ) ))

AS.2, Output for Experiment S
> (subdue tiimit 7)
Beg:n ‘race...

Parazmerers: limit= 7 connectivity = t COMPACTINESS = ¢ coverage = t
ase-bk = nil discover = t specialze « il me-bk w ail

Running substructure discovery..,
Discovered tne following 7 sudstructures :n 15183313 seconds:

Substructures” value 173.40707 [single(obiect-0011 Isiect ml!)-:}'cou‘am oblect-001 5.081ec:-0009 Jut’
acuole(obmct 0011,:biect-0002 w1! 'singiel abrect-0005,00 ect- 0009)-t {doublie 95jee-0005.00ject-0001 jut!
‘singielobiect.0001 95iecs-0002 D}

WITH OCCURRENCES:

'(Tsmgm cd eu)wt] (dounieles. cs,-t]‘douhle(c- ct:-!‘[smz.e{ c3.cS)mti [deudle(el 2d)ti(singieic] L2ttt

\Lsm ieleld el S mt] doubierel3.c15)mt] (doublelcl2 214 ut] gmzldch elliat; [doubime]0.e1] "t ’smg etcl0cl2 =]}

\Lsmgle(cl c6mt] {doudie(eS.c6)mt] [doublelcd cd)ut] [sing e(c].c5lut] [doudiels] cd)mt] ‘sarglacl c2.imti)

((singielc10.cl2)mt] (doubletcll .c12)mt] [double(cs.c10)at; [singietcd. cli)-‘ndoame\c -Ql-t“smg.e\c 3 A
{singieve2l c22)wt] doubietc20,c22)mt] {double(c19.c21. -ths.ngle(cls c20)mt; ;couomcl cl!,-t‘[smgaecl 219wt B!
R singiec2? .2 Jmt] [double(c26.c28)wt] {double(c2$,c27 wt] ! (single(c24.c26)at. (dounine2d.cliint (ingierc2d c28 me ]
WUsing.ecd, cs,-t: {doubiet cs.ctilmt] [double(ct.cd)mt] {smgmd cS et (doudiecl.cl)mt]] lsinglencl e -t!,

*"’mg 10612 =t] (doubictel1.c12 wt] [doubleic8.c10)mt] [singietc)d. eu‘-:;fdoubmc. .9*-1;9.:*3 actsfler
\‘mg ietcl6 clS‘-‘] doubis(el? c18)mt] [double(cld. clé»-t] [s: nglecl fel” Tt .ccuaae\cu £l8atilsingieel3 sl - }
Aisingienc28.c29 wt] (doubletc27.c29)m1] [double(c26.c28 =t} [singlelc25.c27 Jmt, (doublenc2d c28)wz] [singlerc24 126 wilsi
{{singiencdd clS)et] ‘doubinedd.ciS)mt] [doubletcd2.cid}mt] f&ng!e(es‘ 3wt mcume\cso ch;-.; :xmg ©630.cd2 mt])
([singietc40.c41 Jmt] {doubleie39.c41)mt] [double e38.ca0imt] [singic c37.cI9)et! [coudiencd6.c37 mt) [singie ¢16.:38 w:]
{([single(cd.c6)m] [dounie(cS.c6)mt] [double(c2.cd)mt] [single(cd.c5 mt] [dourletel .c3imt singlelc] 2 mti):
([smglc(cm.cx Jet]{double(cll.c12)mt] [double(c8.c10)at] [single(cd cl Lint] (coudiee? 9 lmt] [singlecc? cSrmelDs
((singletcd.c6)mt] [dounle(cS.c63uz] [deolec2.ca)mt] (singie(c3.c5 a1 (doudlencl c3m?) singletel e2)meli
(ksmgw(elo c12)mt]ldoubiecll c12;mt (doublecc. clO)-t][sxrg‘e(c‘P elli=ti coudieve” 9wt} s:aglac: cs).z‘w
x.sng;e(cls c18 mt]idoubietel” c13)et] [double(c14.c16 mt] ;s.ngl«cl fe1™ et {g2udmecl el Slar; (sungicteld sl o))

‘singietcd.cint [dousleeS o6 ut] [doublete2.ca)mt] [singie(ed.cS mt! [douslelel 3 mt! smgle\cx edle )

(singieielOell -!l daublete]l.c12imt} [doubie(es, clO)-z;[sxrg*e(cs ellnz,‘ca slewe” c9rat]sin glee 8w}

{ fsma ei¢16.c18 mt] [doubiencl 7 el 8 ut] [double(c1d.c16)mt] (singlecel 5.c1 7 nt. Tdoubicicl3.c18)at: Tningimcid el 4wl

Tsingiene2. 224 et {doubienc2d.c 24}t [doublet c20,¢23 1] (singlel c2.c2dlat, {_o.wmc!?.cll}-t; [sing.ec19.020 =t

-Sudstructuze®s svalue “1.63602 ((doudle(object-0015.0bject-0009 a7 (dat e 33:¢c:-0011.0Biec-0002 "t
“sing.et 00ject-0005 o iect- 000‘9'-!} coudietsbec:-0005.06 e~ ’)001»! {sirg.ecs0rec:-0001 20iee:-0002 =1
‘MTH OCCURRENCES:
wcoua e cs col-"'ccsme- et mily 2gieled oS wt] 'ccuala ¢l.3ieti sngincl. :“- s
q,c.a:mcs colat] doudieel.cd =l sigincd o imt] u'm.:m' elcdls .,:s nginel ol -t
flcousrleclzd at) lcaudie st 23 w2l i cdch it (oousiacs co mt) sing.0023,05 - j
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http:doublelcZO.cl~:.tJ
http:doubie(c:'.clO).tj
http:doUOIe(c1.cJ
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http:Sil1lie(eJ.c5
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http:si:lrle(e4.c6
http:coubiM.l6
http:douol�cJl.C40J.tJ
http:C(SilIlie(c4().e4U.tJ
http:cJO,c.ll
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http:doubl�cS.el0).tj
http:sir.iil\cI0.e12;.tj
http:lioulI:e\c':J.e2
http:u'lelc1.cJ
http:SII111ei.cl

1

daumies) 13 et lungie(cd ¢S =) douniscl cdint nizgleci el )

CdousiencS et =l singiencd o, mt [doudlecd cd wt sing.e el 2, -]}

‘dousleel.c3iwt Tungie(cd chlmt, Coubie(cS .ch ot (nng.e cdcd o))

deusieclediwt ningiecd oo at, doudle(eS e et (nngiocdcS a1

‘dousienel cdwt [singletc6.c8imt) [doudletcs ¢, (ning.ecd.cSime])

asusietcl el St (sing.meil.cld et (doubimclOell ot singlecS cl0,w ]

deusecliclfiat Tungecil.eldiat] douieclOcl] wt ningielclD.cl et
JldauneacldelSlet (ungiecllclatdousieciOcll wt, sngie(cl0.cl 2 mt])]
{“ldeuaieclOell mt; (sing etcld.cl8)wt] [dounie(cl2 cld mtj{singieciO,c12)nt))]
{({doudle(cl3.cl8)mt, [s12g.00c14,c15)mt] [double(cld 214)mt] (single(e10.c1 2] at])
{{{doudle(c10,c11mt! [singietcl4.cl5)ut] {dounieleli 3 cl S mt][nunglelel] el 3)et]}}
{([dousle(cl2,cld)mti[singiecid,cl S)wt] [doudletcid cL S .ot] [ungieCel | c13)ut])
{({dousie(c2.calmt! [single(cd.c)et] [doubletcl.cd)wt {singieicl.c2)mt ]
{((double(cS.c8lmt; [single(cd.cS)at] (double(el cdmt, {singietel.c2mt D}
{{dounle(cl .cd)mt] [singie(cd.c6)ut] [doublele2 cd)mt] singieiel, c2)mt])}
{dousle(cS.c6)=t, [single(cd.c6)mt] [doudle(cd.cd)mt] [singlele] c2)wt])
{{doudleccl.cd)mt] {single(cd.c6)mt] [doudle(cS.c6)mt] [singiened.colmi ]l
([dousie(c2.cd)mt! [singiecd.c6)mt] [doublewcs.c6lmt] [singinned csmt])
{{dousie(cl.c3)mt; [singie(ce.cla)mt] [doublelcs c6iet] single(cd cd)ut)))
i{{douniencs.cl0)wt] singiacd.cll)mt] [doublelcT.cPime] [singlec™ c8 w1
i({dounielcll.c12)nt! [singiencd.ci1d=t] [doudlec? c®)at [singielcT e8)mt))}
{{dousie(c7.c9)mt} [singlenc10.c12;wt] [double(c8.c10)et; [single(cT .c3)=t]))
{{{dounle(cll el 2)mt] [singienc10.c1 2)et] [doubietcs cl0)et! [singleie . c8 mt )
{{{dousle(eT 9wt} [singietc10.c12)t] [doubielell c12]w1] singleccd 21wt
{{[dousle(c8 c10)mt] singiecl0.c12)wt] [doudletcll.cl2)nt [singieted.cl 1 mtD}
‘(Tdounie(e?.c9)mt] [singielel2.c18)wt] [doubletcli ci2 mt] (ninglencd s 11wt}
i{{douole(c20,c22)w1j [singienc18.c207wt] [doubletcl 7.c1 8)mt! {single(cl 3.c1 T )ut D
"({dousie(e26.c28)mt! [singiec2d.c26 mt] doublete23.c2aimt] [single(cl 5.c23)mt])
i{ldounie(cl9.c21)at; [singietcl 8.c20)wt] [doubletel T c18: mt] {singielc1”,c19)mt])}
{{Tdounie(c20.c22)wt, fsingie(c18.c20)=t] [doubdletcl T.cl8)uti{ningielcl ™ c19)m1D}
(1dousle(cl”.c18)=t] [singietcd] c22)et] {double(c!P c2) at! {single(cl” ci9)mt )
{{{dousie(c20.c22)at! sing:ec2l c22 )t {doudletel9 c2lint] {singiecl *,c19)ut )}
({dounle(el™ c18)mti [singietc2l.c22)wt] [doubdletc20.c22 wt] {single(c18.c20)nt )}
i{{dousle(c19.c21 )=t [singletc21.c22)mt] [doublet c20.c22 mt] (single(c18,c20)mtD)
i{{doublele2S,c2 7 nt, (singie(c2d,c26)=1] [doubie(c2 cod imt] single(c23.c28) w1 )}
{({doudle(c26,c28)mt] singienc24,c26)wt] [douslel c23 c2d)mt] [single(c23.c25)mt )i
{{Tdousle(c23.c24)et] [singiec2T c28)nt]} [doublenc2s c2T ut] (singlec23.c28)mt)
{{dounie(c26.c28)«t; [singietcd” c28)et] [doubie(c2S.cl? wt] [singie(c23.c25)mt )}

ot

({douslelc23.c24)mt] [singiec27.c28)at] [douniacb.colint (nnglec24,c26 w2 )}

T ([deunle(e28.c2T)mt) [singim el c28)wt] [doudie(c26.028 mt] i singlec2d,c26 mt )

idouble(c.cd)mt; [single(cd.cS mt] [double(cl c3)et] [singincl e wtDt
t{{doudle(cs.c6)mti [single(c3.cmt] [doubie(el c3)ut; [singietcl.cd wtD}
i{{doudlescl.c3)nt| singlelcd.c6)mt] {double(c2.c4)mt] [singletcl . c2 wt]!
([dousle(cS.c6)mt; [single(ca.cimt] double(c.cd)nt) [singietel, c2 =Dt
1{{dounle(cl .e3)mt] [singiecd.c6)=t] [doudle(cs.chint| [singincd.cS mt])
i{{{dousie(c2.ca)nt] [single(cs.c6)mt] [double(cs. c6)at] [sing.acd,c8int
{dousle(cl cdimti [singlet cs.e20)t] [doubletes, c6imt] [singie(e3 cHut)}
{[doudle(c8.c10 =t tingiencd.c1l ) wt] [double(c?.c?)=t] (singieicT.c8 w: ]}
{{{doudle(ell.c12 wt, [sieg:e(c9.c1])wt] [doudbie(c? c9)mt! [singlelcT c)mtD}
{[dousie(c?.c9rmt] [singie(c10.c12)mt] [double(cs.c10)mt] [single(c? c8)ut)))
“ldoudle(e1l.c12)mti [singie(c10.c12)mt] [doublees.c10)mt] (singintcT c8)mtDi
i{{dounle(c? .c9)mti[single(c10.c12)=t] [doublelell c12}mt] Isingletcd el i wt]})
idouble(c8.c10)m?] [singletel0.c12)wt] {double(cl ] c12)et] [single(c9.cl L Imt )}
[dounlelc? co)mt! [single(cl2.c21 nt] [double(cl c12 2] {singlencd cl L m]):
{[dounle(cl4.c16)nt] [singletel S.c1 7 nt] doubletcl I cl S mt] ingle(el I c14 et
tildeuslelc1” c18)mt; [sicg.mcl S.c1 7 mt] [doubleteld.c1 8 iat, [sunglecld cldint):
{{douniels1d.ct St [nrg.arclS.ci8 wt][coublencid.cl6imt)iningle(cl3 cld)mt )
{([dounielc17.c18)ut! {singietc18.c18)=t] {double(cid.clbimt] [single(cl3.cld)mt)!
{{{doustelcidcl et (singieiclb.cl)mt] [doubletcl T.cl8int} [singielcl 5,01 “Jmt D!
i{{doubleteld.c16)mt, (singiclb.cl 8wt [double(el” c18)ati [single(elS. el ™ ut )
{{dounie(cl3.c15 at] [sing:eci8.022)wt] [Coubietcl T.c18:mt) mingle(cl S.c1% Va2
idoubie(c27,c29)wt} [singienc2S.c2 " nt] [Coubietc24.c28 wt] ingle(c20,c24 5wt
1dunie(c33.c3f =2 sing.ecil.cld w1} coublenc30.cdl wtiinngle(c2l c300at);
Cideuslecd9.cal et (sing.ec3T 2390wt doubietcdb.ed T wtl iningincll c3slet)
idoudieed6.c28)et lung.e 228027 wt - 2oubiee24.028 w2 ningie{c24.026 -
cdsuolecdT.a29 et ung e c25.c2T et soubleeld el wt, ningiec2d c20 mt
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ey

-

- e ey

Ead *race.

109


http:c,2l.c.::4J.tj
http:Cdoubie<c20.c2Z:.11
http:cll.c.Z4
http:do~bltU:.!O.cl
http:o;,;,.e�clJ.cU




