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Abstract. ThispaperpresentsRESYN/CBR, acase-basedplannerded-
icatedto organicchemistrysynthesis,from theviewpointof its adap-
tationprocess.

1 INTRODUCTION

Case-basedreasoning[10] is a problem-solvingparadigmbasedon
theuseof acasebasewhereacaseisapair(problem,solution)and,in
particular, asourcecaseis acasefromthecasebase.Givenaproblem
to solve –the target problem–a case-basedreasoningsystemfirst
searchesa sourcecasesimilar to the targetproblem(retrieval task)
andthenadaptthis retrievedcasein orderto solvethetargetproblem
(adaptationtask).This paperdescribesRESYN/CBR, an application
of case-basedplanningto organicsynthesis,from the viewpoint of
caseadaptation.Section2 presentsan overview of RESYN/CBR and
its applicationdomain.Section3 describestheretrieval process.The
adaptationprocessis describedin section4. It consistsin matching
theretrievedcaseto thetargetproblemandreusingthisretrievedcase
in orderto proposea solutionto the targetproblem.Thediscussion
of section5 concludesthe paper. In the appendix(section6) the
RESYN/CBR approachis comparedto otherapproaches.

2 OVERVIEW OF SYNTHESIS PLANNING

This sectionpresentsthe domainof computer-assistedsynthesisin
organicchemistryandanapplicationof case-basedplanningin this
domain.

2.1 Computer-AssistedSynthesisin Organic
Chemistry

Oneof themainobjectivesof organicsynthesisin chemistryis tobuild
upmoleculescalledtarget molecules, from simplermoleculescalled
startingmaterials[5]. Theway a molecule� is built is describedby
asynthesisplan for � denotedby

��� ��� .
Below, weintroduceafew basicnotionsof organicsynthesisplan-

ning.A moleculecanbeseenasanon-directedgraphwhosevertices
representatomsandedgesrepresentbonds.Giventwo molecules� 1

and � 2, � 1 �	� � 2 (or � 2 
�� � 1) denotesa chemicaltransformand
meansthat � 1 canbe reducedto � 2 as in problemreduction.� 1 is
calledthe data and � 2 the resultof the transform.A synthesisplan��� ��� is anorderedsetof transformssuchthat � is thedataof thefirst
transform.� is calledtheheadof theplan.In figure1, � 1 is thehead
and � 4 is thestartingmaterial(thelastresultof theplan).

Thegoalof computer-assistedsynthesis(CAS) is toassistachemist
elaboratingasynthesisplanfor achosentargetmolecule� .RESYN[18]
is a CAS systemandis thebasisof RESYN/CBR, a case-basedplanner
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Figure 1. A synthesisplan
�� � 1 � borrowed from [5]. M1, M2, M3 andM4

representmolecules.Br, O and N are atom symbolsrespectively denoting
bromines,oxygensandnitrogens.Thenon-labelledverticesof thegraphsrep-
resentcarbons.Thebondsaresimple,doubleor tripleandthey arerepresented
by simple,doubleandtriple lines.

whosegoalis to suggestasynthesisplan
��� ��� for � . In RESYN, atoms

andbondsare organisedin a frame inheritancehierarchy. The co-
subsumptionrelationis usedto comparetwo moleculesaccordingto
their composition[13]. It canbedefinedasfollows: � co-subsumes� (denoted��� � or ��� � ) if thereexistsa subgraphisomorphism
from � to � respectingtheatomandbondtypes:theatomandbond
typesin � aremoregeneral,accordingto the frameinheritancehi-
erarchy, thanthe atomandbondtypesin � . � is a partial ordering
that canbe interpretedasa “more generalthan” relation: if ��� � ,
M is saidmoregeneralthanm andm is saidmorespecificthanM.
Co-subsumptionis illustratedby figure2.
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Figure 2. A co-subsumptionrelationbetweentwo moleculesM andm. The
boldsubstructurein m correspondsto M. TheatomlabelledasA in M is more
generalthanthecorrespondingcarbonatomin m (A denotesthegenericatom
andstandsfor any atomsymbol).

2.2 GeneralDescription of RESYN/CBR

RESYN/CBR is a case-basedplannerdedicatedto organicsynthesis:a
target problemis a target molecule,a caseis a synthesisplan and,
in particular, a sourcecaseis a real-world working plan.Actually, a
caseis apair (planningproblem,plan),but for notationsimplicity we
will make it similar to a plan.In [11], RESYN/CBR is describedmore
completelywith astresson theretrieval process.
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The case-basedinferencein RESYN/CBR can be consideredas a
sequenceof threeformalsteps:

(1) Retrieval findsasourcecase
��� ����� similar to thetargetproblem� ;����������� ��!�" : �$#% ��� � � � .

(2) Matching relates� and
��� � � � . Theobject & � � �(' ��� resultingfrom

matchingis calledsimilarity path;��!)��*,+-�,.�/ : 0 ��� � � � ' ��12#% & � � �(' ��� .
(3) Reusebuilds a solution

��� ��� to the target problem � ; for that
purpose,it usesthe retrieved case

��� � � � and the similarity path
& � � �3' ��� ; ����4-5)� : 0 ��� � � � ' � ' & � � �(' ���617#% ��� ��� .

Steps(1) and(2) areimplementedin a singleprocedurebriefly pre-
sentedin thenext section.Step(2) is describedwith moredetailsin
section4 whichpresentsalsostep(3).

3 RETRIEVAL AND MATCHING

In thissectiontheprocedureperformingretrieval andmatchingtasks
is briefly explained.Let � be the target problemand

��� � � � be a
sourcecase(i.e. a synthesisplan for the molecule � � ). Thereare
usuallyseveral possiblesimilarity paths & � � �3' ��� relating � � and � .
Let * 8�5,� 09& � � �(' ���61 be a numericvalueassociatedwith a similarity
path & � � �(' ��� ( *�8�5)� 09& � � �3' ���61;: 0). The function * 8�5)� is usedto
give preferenceto asimilarity pathover othersimilarity paths.Let <
bethedistancedefinedby:

<�0 � �(' �=1 � min > *�8�5)� 09& � � �(' ���61@? (1)

where & � � �(' �A� is a similarity pathbetween� � and � . This distance
canbe likenedto an edit distance[4]. The retrieval aimsat finding
the plan

��� � � � such that � � is the closestto � accordingto this
distanceandthematchingaimsatfindingthesimilarity path & � � �2' �A�
that correspondsto the minimal cost.Computing <=0 � �3' ��1 requires
findingthesimilaritypath& � � �3' ��� of lowestcost.Therefore,whenthe
sourcecase

��� � � � closestto � is found,nomorecomputationaleffort
hasto bespentfor matching� � and � . Thusretrieval andmatching
arenotseparatedin RESYN/CBR.

In practice,theprocedureof retrievalandmatchingtakesadvantage
of anindexing of thesourcecasesandof a hierarchicalorganisation
of indexes.This procedureis basedon the classificationprocesses
describedin [11] andisquitecloseto theretrieval processof MRL [8,
9].

4 ADAPTATION

In a case-basedreasoningsystem,adaptationis usuallya complex
task.In RESYN/CBR, this complex taskis split in simpletasksby the
matchingfunctionandthesesimpletasksareexecutedby the reuse
function.

4.1 Matching

Matchingtheretrievedcase
��� � � � andthetargetproblem� consists

in finding a similarity path & � � �(' ��� between� � and � . A similarity
path & � � �(' ��� is asequenceof relations:

� � �B� � 1 �DCECEC-�B� ��F � ��G 
H� CICJC 
�� � 1 
�� � (2)

Thecostof asimilarity pathis establishedby achemistanddepends
onempiricalchemicaldata.Thecostfunctionis assumedto beaddi-
tive: * 8�5)� 09& � � �3' ���61 � *�8�5)� 0 � � �B� � 1 1 K CECIC

KL* 8�5)� 0 � � F M 1 �N� � F 13KL* 8�5)� 0 � � F � � G 13KO*�8�5)� 0 � G 
�� � G M 1 1
KOCECECJKL*�8�5)� 0 � 1 
�� ��1 .

A similaritypathis foundthankstoasetof rewriting rules(actually
graphrewriting rules[6]). Two typesof rulesareused:generalisation
rulesandtransformrules.A generalisationrule P is a rewriting rule
suchthat if QSR %UT QWV then Q � QDV . A transformrule X is a
rewriting rulesuchthatif QYR %UZ Q V thenthetransformQ �	� Q V
exists.

ThematchingtaskusesanA* search[15]. In thissearch:

[ A stateis apair 5 � 0 � � �DCECEC-�\� � F ' � G 
�� CECEC 
�� ��1 ;[ Theinitial stateis 0 � �3' ��1 .[ A final stateis astate5 ] � 0 � � �DCECEC-�B� � F ' � G 
�� CECEC 
�� ��1
suchthat � � F � � G . Whenafinal state5�] is reached,a similarity
path & � � �(' ��� constitutedby the relationsof 5 ] and the relation� � F � � G canbebuilt (cf. equation(2)).[ In ordertofind thesuccessorsof astate5 , thesystemcomputeŝ̀ _
generalisations� � F,a 1 of � � F and ^	b transforms� G �	� � G a 1, us-
ingasfaraspossibleasetof availablegeneralisationandtransform
rules. Thus, ^ _ new states of the form
0 � � �cCECECd�e� � F �f� � F,a 1 ' � G 
�� CECIC 
H� ��1 and ^	b new
statesof theform 0 � � �DCECIC=�B� � F ' � G a 1 
�� � G 
�� CECEC 
�� ��1
aregenerated.[ Theevaluationfunctionis definedfor astate5 by:

g 0 5�1 � * 8�5)� 0 � � �DCECIC=�B� ��F 1	KL* 8�5)� 0 �-G 
�� CECJC 
�� ��1
KLh�i 0 � ��F�' �-G)1 (3)

where h i 0 � � F ' � G 1 is an estimationof the distancebetween� � F
and� G .
Thisapproachto matchingis similar to theuseof stringmatching

describedin [16] thatisalsobasedonaneditdistance,andtostructural
similarity guidancepresentedin [3] whichalsousesrulesto perform
matching.

4.2 Reuse

Figure3 shows a reuseprocess.The first columnrepresentsthe
retrievedsynthesisplan

��� � � � . Thisplanis transformedinto theplan��� �=j�� (secondcolumn).
��� ��j�� is thentransformedinto theplan

��� ��kE�
(third column).Finally,

��� ��kE� is transformedinto the desiredplan��� �A� whichsolvesthetargetproblem� (lastcolumn).Thisadaptation
processin threestepsis controlledby thesimilarity path & � � �(' ��� . In
this example,the similarity path & � � �(' ��� is representedat the first
line of thefigureandis constitutedby the threerelations� � �W�=j ,�=j � �	k and ��k 
�� � . The transformationof

��� � � � into
��� ��j��

is basedon the relation � � �e��j and is performedby a function
called � -function. � � �l��j meansthat ��j is more generalthan� � ; thusthe � -functionexecutesa generalisationof theplan

��� � � � .
Conversely, the transformationof

��� ��j�� into
��� ��kE� is performedby

the � -functionthatexecutesa specialisation.Thetransformationof��� �	kE� into
��� ��� is basedon the relation ��k 
�� � which meansthat

the transform� ��� ��k exists. Actually,
��� ��� is constitutedby the

transform� �	� ��k andthetransformsof
��� ��kE� . Thereforethe 
�� -

functionperformsanextension.
More generally, the reuseprocessis performedby a sequence

of applicationsof m -functions( m�nN> � ' � ' 
�� ? ) controlledthanks
to thesimilarity path.The m -functionsarealwayscomputedin finite
time.Hence,whenaretrievedcase

��� � � � andasimilaritypath& � � �o' ���
havebeenfound,

��� � � � is necessarilyreusablefor thetargetproblem� .
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5 DISCUSSIONAND CONCLUSION

In thispaperwehavepresentedtheadaptationprocessof RESYN/CBR,
a case-basedplannerdedicatedto organicsynthesis.Theadaptation
processis performedin two steps:matchingand reuse.Matching
aimsat relatingthe retrievedcaseandthe targetproblemby a sim-
ilarity path,i.e. a chainof relationsbetweenthe retrieved caseand
thetargetproblem(actually, matchingis performedduringretrieval).
The knowledge usedfor matchingis given by a set of generali-
sationand transformrules.Reuseis guidedby the similarity path
& � � �(' �A� : for eachrelationof & � � �(' ��� , an m -functioncomputesastep
of reuse.Thereforethereuseknowledgeisgivenbythe m -functionsfor
mqnr> � ' � ' 
H� ? . Thusthereuseprocessis asequenceof generalisa-
tions,specialisationsandextensions.The m -functionsof RESYN/CBR

correspondto thespecialistsof themulti-agentsystemDéjàVu [17].
The maincharacteristicof theapplicationdomainof RESYN/CBR

is thattheproblemsinvolvedarestructures(i.e.graphs).This is why
matchinghasa very importantrole in this system.Theprincipleof
matchingin RESYN/CBR is basedonthefollowing idea:it is generally
difficult toreusedirectlytheretrievedcasetosolvethetargetproblem;
thus,providedintermediateproblemsbetweentheretrievedcaseand
the target problem,the reusetask is reducedto the applicationof
several “simple” reusetasks.Thereforethe approachto adaptation
presentedin thispapercouldbeusedin domainsin whichintermediate
problemsbetweenthe retrieved caseandthe target problemcanbe
built in orderto split theadaptationtasksinto simpletasks.

6 APPENDIX

In thissectionwebrieflycomparetheRESYN/CBRapproachwith other
approachespresentedat theworkshop.

6.1 Abstractions and Generalisations

RESYN/CBR in its currentimplementationdoesnot useabstractions
but generalisations. Thesetwo termsare often consideredas syn-
onyms in the case-basedreasoningcommunity, but someauthors
make a difference.In particular, RalphBergmannin [1] definesab-
stractionasareductionof thelevelof detailsin thedescription(which
canentailchangein therepresentationspace,seealso[2]), andgener-
alisationasatransformalongasetsupersetdimension.In RESYN/CBR,
if �s� � , then � is moregeneralthan � sincethe setof molecules
containingthe substructure� is a supersetof the setof molecules
containingthesubstructure� .

Amongtheperspectivesof this work, thereis theuseof abstrac-
tion in RESYN/CBR. Theabstractionenvisagedis the onedefinedby
PhilippeVismarain his thesis[18]: roughlysaid,a moleculargraph
is representedby anothergraph— called the block representation
— which verticescorrespondto the cyclesandchainsof the initial
graph.We try to usethis abstractrepresentationof molecules(also
calledapointof view on molecules)in orderto take into accountthe
decompositionof thereasoningintoastrategicallevel (with theblock
representation)anda tacticalone(with themolecularrepresentation
usedabove).Thiscanbelikenedto theuseof strategiesandspecial-
ists in Déjà Vu andto the useof several levels of description(and
thusseverallevelsof abstraction)presentedin [12].

6.2 Structur eAdaptation

In TOPO[20], maximumcommonsubgraphsarecomputedin order
to matchthe sourcecaseand the target problem.It is possibleto
definea setof rewriting rulesthatenablesto computethemaximum
commonsubgraphsthanksto thematchingmethodpresentedin this
paper(take for instancethe generalisationrules t h,uvh X h - w h m,X hJx and
t h,uvh X h - h t�P h appliedon the target, see[4]). By contrast,whentwo
graphsarematchedthanksto a setof rewriting rules,it doesnot im-
ply thatthismatchingcanbecomputedwith maximumcommonsub-
graphcalculation.ThustheRESYN/CBRapproachismoregeneralthan
theTOPO’s one.Conversely, theRESYN/CBR’s matchingis probably
moretime consumingthantheTOPO’s one.In otherwords,TOPO
andRESYN/CBR matchingscorrespondto differentcompromisesbe-
tweenefficiency andexpressiveness(theformeris moreefficientand
the latter is moreexpressive). Anotherdifferencebetweenthe two
approachesis that RESYN/CBR must have somedomain-dependent
knowledgeaboutsimilarity, whereasTOPO doesnot needsucha
knowledge.

In [12], anadaptationprocessisseenasasequenceof substitutions
on casesat different levels of description,where a caseis a list
of ITEMS. This descriptioncan be mappedon the reuseprocess
describedin figure3 in thefollowing way:

[ A caseis a list of ITEMS whereanITEM is amolecule.[ ��� � � � is modifiedinto
��� ��j�� by substitutionsof ITEMS of

��� � � �
(substitutionsby deletionof atomsandbondsandby substitution
of anatomof typeO by anatomof typeA).[ ��� ��j�� is modifiedinto

��� ��kE� by substitutionsof ITEMS of
��� ��kE�

(substitutionsby addingatomsandbonds,andatomtypesubstitu-
tion).[ Themodificationof

��� ��kE� into
��� �A� canbeseenasthesubstitution

of ��k by 0 � �	� �	k,1 in
��� ��kE� .

Thus,theframework of adaptationpresentedin [12] cantakeinto ac-
countthereuseprocessof RESYN/CBR. However, thequestionthatre-
mainsto beansweredis how thedifferentsubstitutionoperationscan
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bechosen.In otherwords:how cantheequivalentof theRESYN/CBR

matchingprocessbedone?

6.3 CaseStructur e

In RESYN/CBR, asin DéjàVu andPARIS [2], acaseis apair(planning
problem,plan). A planningproblemis representedby a molecular
graph.In fact, this moleculerepresentsonly the initial stateof the
plan:thegoalstatement–simplifyingthetargetmolecule– is thesame
for all the planningproblemsof RESYN/CBR. A (temporal)plan is a
partially orderedsetof transforms� 1 �	� � 2 (only totally ordered
plansarepresentedin thispaper).

A subplanof a given plan is itself a plan: if y 1 �	� y 2 �	�
y 3 �	� y 4 is aplan,then y 2 ��� y 3 �	� y 4 is alsoaplan.

In RESYN/CBR the casesand the knowledge is representedin
the frame-basedsystemY3 [7]. As for the EADOCS[14] andIN-
RECA[21] systems,thisobject-basedrepresentationhasanimportant
role in thecase-basedinference.Indeed,someof thegeneralisation
rules (as the onepresentedin the example)usedirectly the frame
inheritancehierarchy.
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