in: Scott Goodwin, Howard Hamilton (�ds.), Proceedings of 2nd international workshop on temporal representation andreasoning, Melbourne (FL US), pp147-154, 1995An algebraic approach to granularity in time representationJ�r�me EuzenatINRIA Rh�ne-Alpes, IMAG-LIFIA46, avenue F�lix Viallet, 38031 Grenoble cedex, FranceJerome.Euzenat@imag.frAbstractAny phenomenon can be seen under a more orless precise granularity, depending on the kindof details which are perceivable. This can beapplied to time. A characteristic of abstractspaces such as the one used for representingtime is their granularity independence, i.e. thefact that they have the same structure atdifferent granularities. So, time �places� andtheir relationship can be seen under differentgranularities and they still behave like timeplaces and relationship under each granularity.However, they do not remain exactly thesame time places and relationship. Here ispresented a pair of operators for converting(upward and downward) qualitative timerelationship from one granularity to another.These operators are the only ones to satisfy aset of six constraints which characterizegranularity changes.1 . Introduction�Imagine, you are biking in a flat countryside. Atsome distance ahead of you there is something still. Youare just able to say (a) that a truck (T) is aside a house(H), it seems that they meet. When you come closer tothem (b) you are able to distinguish a bumper (B)between them, and even closer (c), you can perceive thespace between the bumper and the house.�This little story shows the description of the samereality perceived at several resolution levels: this iscalled granularity. Granularity would not be a problem ifdifferent individuals, institutions, etc. would use thesame granularity. This is not the case and, moreover,these individuals communicate data expressed underdifferent granularities. There could be a problem if, forinstance, someone at position (a), asked �how would youcall that which is between H and T?� because at thatgranularity, the description of the scene would assumethat there is nothing between H and T. The study ofgranular knowledge representation thus tries to expresshow the same phenomenon can, in some sense, beconsistently expressed in different manners underdifferent granularities. This is achieved through operatorswhich, for a situation expressed under a particulargranularity, can predict how it is perceivable underanother granularity.B

TH(b)(c)

(a)finercoarserupwarddownwardFigure 1. The same scene under three different granularities.This is taken as a spatial metaphor for time granularity andis used throughout the paper.Granularity can be applied to the fusion of knowledgeprovided by sources of different resolution (for instance,agents � human or computers � communicating aboutthe same situation) and to the structuring of reasoningby drawing inference at the right level of resolution (inthe example of figure 1, the first granularity isinformative enough for deciding that the truck drivingwheel is on the left of the house � from the standpointof the observer).On one hand, in [10], granularity is expressedgranularity between two, more or less detailed, logicaltheories. On the other hand, the physical time-space andits representation have been well-studied because manyapplications require them. A very popular way to dealwith time is the representation of relationships betweentime intervals [2]. To our knowledge, qualitative timegranularity has never been studied before. Jerry

148Hobbs˚[10] introduced granularity in an abstract way(i.e. not connected to time) and [11, 4]˚introducedoperators for quantitative time granularity which share acommon ground with ours (see ⁄7).The paper first recalls some basics about timerepresentation (⁄2). This section can be skipped by thosewho already know the subject. Then, the usualinterpretations of time and granularity in this context areintroduced. Afterwards, required properties for granularitychange operators in the classical time algebra arepresented (⁄3). This part is very important since, onceaccepted the remainder is directly deduced. The only setof operators (for instant and interval algebra) satisfyingthe required properties are thus deduced in ⁄4. The resultsconcerning the relationship between granularity andinference are then briefly presented (⁄5).The proofs of all the propositions, but the �only�part of the first one, can be found in [6]. The mainresults (but those of ⁄5) are from [7].2 . BackgroundClassical notions about temporal algebras,neighborhood structures and instant-interval conversionsare presented here.2.1.Temporal algebraThere has been considerable work carried out onqualitative time representation. We recall here severalnotions about the algebra of topological and vectorialrelationships holding between time entities.An instant is a durationless temporal entity (alsocalled time point by analogy with a point on a line). Itcan be numerically represented by a date. Qualitativelyrepresenting these instants requires identifying them andputting them in relation. There are three possiblemutually exclusive relationships between instants. Theyare called ˙before¨ (<), ˙after¨ (>) and ˙simultaneously¨(=). The set {<, =, >} is called A3.relation (r): x1 r x2x1/x2reciprocal: x2 r-1x1 before (<) after (>) simultaneously (=)

=Table 1. The 3 relationships between instants x1 and x2.·3>=<

>>>< = >

=>=<

<< = ><<

Table 2. Composition table between instant relationships.It is sometimes possible to deduce the relationshipbetween two instants x and z, even if it has not beenprovided, by propagating the otherwise knownrelationships. For instance, if x is simultaneous ({=}) toy which is anterior ({<}) to z, then x is anterior to z;this is called composition of temporal relations. Thecomposition operator ·3 is represented by a compositiontable (table 2) which indeed indicates that =·3< gives{<}.A (continuous) period is a temporal entity withduration. It can be thought of as a segment on a straightline. A numerical representation of a period is aninterval: a couple of bounds (beginning instant, endinginstant) or a beginning instant and a duration. Intervalscan be manipulated through a set of 13 mutuallyexclusive temporal relationships between two intervals(see table 3); this set is called A13.relation: x1 r x2x1/x2reciprocal: x2 r-1x1 before (b) afterduring (d)

contains overlaps (o) overlapped by starts (s) (andfinishes before) started by(and finishes after) finishes (f)(and start after)

finished by(and starts before) meets (m) met by equals (e)

eTable 3. The 13 relationships between two intervals x1 andx2.The composition operator ·13 is represented by acomposition table [2], similar to the table 2, whichallows to deduce, from a set of intervals and constraintsbetween these intervals, the possible relations betweenany two of these intervals.2.2.Extensions of notationsLet G be either A13 or A3, � be the logicaldisjunction and · be the composition operator on G, thefollowing notations are used (in a general manner, <2G˝ ·> is an algebra of binary relationships). The lack ofknowledge concerning the actual position of sometemporal entity x with regard to the temporal entity y isexpressed by a sub-set r of G which is interpreted as thedisjunction of the relations in r:

xρ y =_{r∈ρ}∨ xry

Thus, x {b m}y signifies that the temporal entity x isanterior to or meets the temporal entity y. The followingconventions are used below:¥When a result is valid for both algebras, nodistinction is made between the temporal entitiesconcerned. The base sets (A13 , A3 , and maybeo t h e r s ) , a s w e l l a s t h e c o m p o s i t i o n · a n d reciprocity -1 operators are not distinguished;

149¥The letter r represents a sub-set of thecorresponding base set of relations (r˝G); theletter ˙r¨ represents a relationship.¥r-1 represents the set of relations reciprocal ofthose contained in r: {r-1; r˛r}.¥r1·r2 represents the distribution of · on �:

ρ 1 × ρ 2 = r1 × r2

r1 ∈ρ 1 ,r2 ∈ρ 2U

2.3.Neighborhood structureTwo qualitative relations between two entities arecalled conceptual neighbors if they can be transformedinto one another through continuous deformation of theentities [9]. A conceptual neighborhood is a set ofrelations whose elements constitute a connected sub-graph of the neighborhood graph.DEFINITION (conceptual neighborhood): A conceptualneighbor relationship is a binary relation

NΓX

on a set Gof relations such that

(r 1 , r 2 ) i f a n d o n l y i f t h e continuous transformation of an entity o1 in relationshipr 1 w i t h a n o t h e r e n t i t y o 2 c a n p u t t h e m i n r e l a t i o n r 2without transition through another relation.

bimioiosfidedifsimb

<=>(a)(b)Figure 2. Neighborhood graphs for (a) instant-to-instantrelations, (b) interval-to-interval relations. Theneighborhood graph is made of relations as nodes andconceptual neighborhood as edges (reciprocal relationshipsare denoted with an �i� added at the end for the sake ofreadability).The graph of figure 2a represents the graph ofconceptual neighborhood

N3A

between instants (the onlycontinuous deformation is translation). The graph ofFigure 2b represents the conceptual neighborhood

N13A

for the deformation corresponding to the move of anextremity of an interval (more generally, the deformationcorresponds to moving a limit). Throughout the paper,the only considered transformation A is the continuousmove of a limit (called A-neighborhood in [9]). Theinfluence of this choice is acknowledged when it matters.2.4.Conversion from interval to instantformalismsRelationships between intervals can be expressed infunction of the relationships between their boundinginstants (see table 4): any relationship between x=<x-x+ > and y = < y - y + > is expressed by a quadruple (r1 , r2 ,r3, r4) of relationships between the extremities defined ass o : < x- x + > ( r 1 , r2 , r3 , r4 ) <y - y + > �x- r 1 y - � x - r 2 y + � x + r 3 y - � x + r 4 y +considering that x - < x + a n d y - < y + , e a c h p o s s i b l e r e l a t i o n s h i p b e t w e e n t h e b o u n d i n g i n s t a n t s a r e e x p r e s s i b l e w i t h s u c h a q u a d r u p l e ( s e e t a b l e 4 ) . T h e symbol � is used such that �x is the expression of aninterval as a couple of extremities and �r a relationshipbetween intervals expressed as a quadruple. � isextended towards sets of relations such that �r is a setof quadruples. Thus:

< x− x+ > ri1,ri2,ri3,ri4 ( ) { } i=1nU < y− y+ > ≡ i=1n∨ x− ri1y− ∧ x− ri2y+ ∧ x+ri3y− ∧ x+ri4y+

x r y x-r 1 y -x -r 2 y +x + r 3 y -x + r 4 y + b<<<< d><>< o<<>< s=<>< f><>= m<<=< e=<>= m-1>=>> f-1<<>= s-1=<>> o-1><>> d-1<<>> b-1>>>>

Table 4. The 13 relationships between intervals expressedthrough relationships between interval extremities.Since any formula representing relationship betweenfour instants x- , x + , y - and y + respecting the propertiesof intervals (x- < x + and y - < y + ) can be expressed underthat form, the inverse operation � is defined. It convertssuch an expression between bounding instants of twoi n t e r v a l s i n t o a s e t o f r e l a t i o n s e x p r e s s i n g t h e disjunction of relations holding between the intervals. Ofcourse, both operators (� and �) are inverse.3.Requirements for granularity changeoperatorsWe aim at defining operators for transforming therepresentation of a temporal situation from onegranularity to another so that the resulting representationshould be compatible with what can be observed underthat granularity. The requirements for building suchoperators are considered here. The first section concerns

150what happens to classical models of time and totemporal entities when they are seen through granularity.The second one provides a set of properties that anysystem of granularity conversion operators should enjoy.These properties are expressed in a sufficiently abstractway for being meaningful for instants and periods, timeand space.3.1.Granularity change operatorsTime is usually represented under a particulargranularity. Thus, the time representation systempresented so far is an adequate representation for time atany granularity (as far as only qualitative properties areconsidered). For instance, the three situations of figure 1can be expressed in the same formalism with objects andqualitative relations between them. If we only considerthe position of the objects along the horizontal line, thethree elements (T, B and H) are related to each other inthe way of figure 1c by T{m}B (the truck meets itsbumper) and B{b}H (the bumper is before the house).We aim at elucidating the relationship between tworepresentations of the same reality under two differentgranularities. As a matter of fact, the situations of figure1 cannot be merged into one consistent situation: figures1b and c together are inconsistent since, in (b), B{m}Hand, in (c), B{b}H which, when put together, givesB{}H. First, the reasons for these problems are examinedbefore providing a set of properties that granularitychange operators must satisfy.Time is usually interpreted as a straight line, instantsas points and intervals as segments. Under a numericallight, granularity can be defined as scaling plus filteringwhat is relevant and what is not (discretizing). However,granularity is a special filter since, as the name indicates,it filters on size. For the time concern, the granularityof a system can be defined as the duration of the smallestrelevant event (relevance being defined independentlybeforehand). But what happens to non relevant events?There are two solutions:¥they can vanish;¥they can remain with size 0, i.e. as instants.In both cases, these solutions share additionalconsequences (for symbolic representations): if, under acoarse granularity, one observes that some event isconnected to another this can be wrong under a finergranularity since a non relevant laps of time could berelevant here. In another way, when communicating thesame observation, it must be taken into account that theshort laps of time may be non relevant (and thus that therelationship between the event can be disconnected). Thisis what happened for the relationship between B and H,which is {b}, in Figure 1c, and becomes {m}, in 1b.In order to account for this situation, which appearsto be regular, we need a downward (resp. upward)operator which, from a relationship observed a someparticular granularity, is able to provide a set ofrelationships at a finer (resp. coarser) granularity whichrepresents what can be perceived under that lastgranularity. The purpose here, is not to designgranularity conversion operators which can make eventsvanish or turn into instants (see [5]) but rather operatorswhich can account for the possibility of having, under afiner granularity, new space between two entities, and,vice-versa, that a space can become non relevant under acoarser granularity. These operators are called upward anddownward granularity conversion operators and noted bythe infix g› g� and g�fl g operators (where g and g� aregranularities such that g is finer � more precise � thang�, i.e. that the size of relevant events is smallest in gthan in g�). The following gfig� operator will be usedfor any of them when the property holds for both (thenthere is no constraint upon g and g�). As usual, thenotation gfig� introduced for the conversion of a singlerelationship is extended towards sets:gfig� r =

g→ g'r r∈ρU

.3.2.Properties for granularity changeoperatorsAnyone can think about a particular set of suchoperators by imagining the effects of coarseness. Buthere are provided a set of properties which should besatisfied by any system of granularity conversionoperators. In fact, the set of properties is very small. Butnext section shows that they are sufficient forconstraining the possibility for such operators to onlyone (plus the expected operators corresponding toidentity and conversion to everything).Self-conservationSelf-conservation states that whatever be theconversion, a relationship must belong to its ownconversion. It is quite a sensible and minimal property:the knowledge about the relationship can be less precisebut it must have a chance to be correct.(1)r ˛ gfig�r(self-conservation)Neighborhood compatibilityA property considered earlier is the order preservationproperty [10] which states (a part of this):x > y � ´(gfig� x < gfig� y)(order preservation)

151However, this property has the shortcoming of beingvectorial rather than purely topological. Its topologicalgeneralization, is reciprocal avoidance:x r y � ´(gfig� x r-1 gfig� y)(reciprocal avoidance)Reciprocal avoidance, was over-generalized and causedproblems with auto-reciprocal relationship (i.e. such thatr=r-1 ) . T h e n e i g h b o r h o o d c o m p a t i b i l i t y , w h i l e n o t expressed in [5] has been taken into account informally:i t c o n s t r a i n s t h e c o n v e r s i o n o f a r e l a t i o n t o f o r m a conceptual neighborhood (and hence the conversion of ac o n c e p t u a l n e i g h b o r h o o d t o f o r m a c o n c e p t u a l neighborhood).(2)"r, "r�,r�˛gfig�r , $r1,�rn˛ gfig�r such thatr1=r�,rn=r�and"i˛[1,n-1]

NΓX

(ri,ri+1)(neighborhood compatibility)This property has already been reported by ChristianFreksa [9] who considers that a set of relationships mustbe a conceptual neighborhood for pretending being acoarse representation of the actual relationship. (2) isweaker than the two former proposals because it does notforbid the opposite to be part of the conversion, but, insuch a case, it constrains whatever be in between theopposite to be in the conversion too. Neighborhoodcompatibility seems to be the right property, partlybecause, instead of the former ones, it does not forbid avery coarse grain under which any relationship isconverted in the whole set of relations. It also seemsnatural because granularity can hardly be imagined asdiscontinuous (at least in continuous spaces).Conversion-reciprocity distributivityAn obvious property for such an operator issymmetry. It is clear that the relationships between twotemporal occurrences are symmetric and thus granularityconversion must respect this.(3)(gfig� r-1) = (gfig� r)-1(distributivity of gfig� on -1)Inverse compatibilityInverse compatibility states that the conversionoperators are consistent with each other, i.e. that, if therelationship between two occurrences can be seen asanother relationship under some granularity, then theinverse operation from the latter to the former can beachieved through the inverse operator.(4)

r ∈ ′g ↓ g ′r

′r ∈g ↑ g'rI and r ∈ ′g ↑ g ′r

′r ∈g ↓ ′g rI

(inverse compatibility)For instance, if someone in situation (b) of figure 1is able to imagine that, under a finer granularity (saysituation c), there is some space between the bumper andthe house, then (s)he must be whiling to accept that if(s)he were in situation (c), (s)he could imagine that thereis no space between them under a coarser granularity (asin situation b).Cumulated transitivityA property which is usually considered first is thefull transitivity:gfi g� Æg� fi g� r = g fi g� rT h i s p r o p e r t y i s t o o s t r o n g ; i t w o u l d f o r i n s t a n c e imply that:gfig�Æg�fi g r = rOf course, it cannot be achieved because this wouldmean that there is no loss of information throughgranularity change: this is obviously false. If it were trueanyway, there would be no need for granularityoperators: everything would be the same under eachgranularity. We can expect to have the cumulatedtransitivity:g› g� Æg� › g� r = g › g� r and g� fl g� Æg� fl g r =g� fl g rH o w e v e r , i n a p u r e l y q u a l i t a t i v e c a l c u l u s , t h e amounts of granularity (g) are not relevant and thisp r o p e r t y b e c o m e s a p r o p e r t y o f i d e m p o t e n c y o f operators:(5)›Æ›=› and flÆfl = fl(idempotency)At first sight, it could be clever to have nonidempotent operators which are less and less precise withgranularity change. However, if this applies very well toquantitative data, it does not apply for qualitative: thequalitative conversion applies equally for a biggranularity conversion and for a small one which is tentimes less. If there were no idempotency, converting arelationship directly would give a different result thandoing it through ten successive conversions.Representation independenceRepresentation independence states that theconversion must not be dependent upon therepresentation of the temporal entity (as an interval or asa set of bounding instants). Again, this property must berequired:(6)gfig� r = � gfig� �r and gfig� r= � gfig� � r(representation independence)Note that since � requires that the relationshipsbetween bounding instants allows the result to be aninterval, there could be some restrictions on the results(however, these restrictions correspond exactly to thevanishing of an interval that which is out of scope here).

1524.The granular system for timerelationsOnce these six properties have been defined one canstart generating candidate upward and downwardconversion operators. However, these requirements are soprecise that they leave no place for choice. We areshowing below by starting with the instant algebra thatthere is only one possible couple of operators.Afterwards, this easily transfers to interval algebra.4.1.Conversion operators for the instantalgebraThe 64(=23.23) a priori possible operators forconverting < and = can be easily reduced to six: theconstraint (1) restricts the conversion of < to be {<},{<=}, {<>} or {<=>} and that of {=} to be in {=}, {<=},{=>} or {<=>}. The constraint (2) suppresses thepossibility for < to become {<>}. The constraint (3) hasbeen used in a peculiar but correct way for eliminatingthe {<=} (resp. {=>}) solutions for =. As a matter offact, this would cause the conversion of =-1 to be {=>}(resp. {<=}), but =-1 is = and thus its conversion shouldbe that of =.< \ ={=}{<=>}

{<}Ida

{<=}bg

{<=>}dno info

Table 5. The six possible conversion operators for = and <.There are still six possible conversion operators left(Id, a, b , g , d and NI). Since the above table does notconsider whether the operators are for downward orupward conversion, this leaves, a priori, 36 upward-downward couples. But the use of property (4) � theputative operators must be compatible with their inverseoperator (and vice-versa) � reduces them to 5: Id-Id, a-b, g-g, d-d and NI-NI.The solution Id-Id cannot be considered as granularitysince it does not provide any change in therepresentation. The solution NI-NI is such that it isuseless. The d-d pair has the major flaw of not beingidempotent (i.e. dÆd „ d ) : a s a m a t t e r o f f a c t , t h e c o m p o s i t i o n o f d with itself is NI, this is not a goodqualitative granularity converter (this violates property5). There are two candidates left: the g-g has no generalflaw, it seems just odd to have an auto-inverse operator(i.e. which is its own inverse) since we all know theasymmetry between upward and downward conversion: itcould be a candidate for upward conversion (it preservesthe equality of equals and weakens the assertions ofdifference) but it does not fit intuition as a downwardconversion operator (for the same reasons). Moreover, gdoes not respect vectorial properties such as order-preservation (g is just b plus the non distinctionbetween < and >). Thus the a-b pair is chosen asdownward/upward operators. The main argument in favorof a-b is that they fit intuition very well. For instance,if the example of figure 1 is modeled through boundinginstants (x- for the beginning and x + for the end) ofintervals T+, B-, B+ and H-, it is represented in (c) byT+=B- (the truck ends where the bumper begins), B-<B+(the beginning of the bumper is before its end), B+<H-(the end of the bumper is before the beginning of thehouse) in (b) by B+ = H - (the bumper ends where thehouse begins) and in (a) by B-=B+ (the bumper does notexist anymore). This is possible by converting with thecouple a-b which allows to convert B+<H- into B+=H-(= ˛ b<) and B-=B+ into B-<B+ (< ˛ a=), but not withthe use of g as a downward operator. Thus the followingresult is established:PROPOSITION: The table 6 defines the only possible nonauto-inverse upward/downward operators for A3.relation: rg› g � rgfl g� r

<< =<

== < = >

>> =>Table 6. Upward and downward granularity conversionsbetween instants.The operators of table 6 also satisfy the properties ofgranularity operators.PROPOSITION: The upward/downward operators for A3of table 6 satisfy the properties (1) through (5).4.2.Conversion operators for the intervalalgebraBy constraint (6) the only possible operators for A13are now given. They enjoy the same properties as theoperators for A3.PROPOSITION: The upward/downward operators for A13of table 7 are the only one to satisfy the property (6)with regard to the operators of A3 of table 6.PROPOSITION: The upward/downward operators for A13of table 7 satisfy the properties (1) through (5).The reader is invited to check on the example offigure 1, that what has been said about instant operatorsis still valid. The upward operator does not satisfy thecondition (2) for B-neighborhood (violated by d, s and f)and C-neighborhood (o, s and f). This result holds sincethe corresponding neighborhoods are not based uponindependent limit translations while this independencehas been used for translating the results from A3 to A13.

153relation: rg› g � rgfl g � r

bb mb dd f s ed oo f-1 s m eo ss eo s d ffed f o-1

mmb m o eeo f-1 d-1 s e s-1 d f o-1 m - 1 m-1o-1 m -1 b-1

f-1f-1 ed-1 f-1 o s-1s-1 ed-1 s-1 o-1 o-1o-1 s-1 f e m-1o-1d-1d-1 s-1 f-1 ed-1 b-1b-1 m-1b-1Table 7. Upward and downward conversion operatorsbetween intervals.5. Granularity and inferenceThe composition of symbolic relationship is afavored inference mean for symbolic representationsystems. One of the properties which would beinteresting to obtain is the independence of the results ofthe inferences from the granularity level (property 7).The distributivity of gfig� on · denotes theindependence of the inferences from the granularity underwhich they are worked out.(7)gfig� (r1 · r2 ) = (gfig� r1 ) · (gfig� r2 )(distributivity of gfig� over ·)This property is only satisfied for upward conversionin A3.PROPOSITION : The upward operator for A3 s a t i s f i e s property (7).I t d o e s n o t h o l d t r u e f o r A 13 : l e t c o n s i d e r t h r e e i n t e r v a l s x , y a n d z such that x b y a n d y d z , theapplication of composition of relations gives x{b o m ds}z which, once upward converted, gives x{b m e d f s of-1}z. By opposition, if the conversion is first applied, itreturns x{b m}y and y{d f s e}z which, once composed,gives x{b o m d s}z . The interpretation of this result isthe following: by first converting, the information thatthere exists an interval y forbidding x to finish z is lost:i f , h o w e v e r , t h e r e l a t i o n s h i p s l i n k i n g y to x and z arek e p t , t h e n t h e p r o p a g a t i o n w i l l t a k e t h i s i n t o a c c o u n t and recover the lost precision: {b m e d f s o f-1 } � {b om d s}={b o m d s}. However, this cannot be enforcedsince, if the length of y is so small that the conversionmakes it vanishing, the correct information at thatgranularity is the one provided by applying first thecomposition: x can meet z under such a granularity.However, if (7) cannot be achieved for upwardconversion in A13, we proved that upward conversion issuper-distributive over composition.PROPOSITION: The upward operator for A13 satisfies thefollowing property:(8)(g›g� r 1 ) · (g›g� r 2 ) ˝ g›g� (r 1 · r 2 )(super-distributivity of g›g� over ·)A similar phenomenon appears with the downwardc o n v e r s i o n o p e r a t o r s ( i t a p p e a r s b o t h f o r i n s t a n t s a n d intervals). So let consider three instants x, y and z suchthat x> y and y = z , o n o n e h a n d , t h e c o m p o s i t i o n o f relations gives x>z, which is converted to x > z under thefiner granularity. On the other hand, the conversiongives x>y and y { < = > } z because, under a more precisegranularity y could be close but not really equal to z.The composition then provides no more informationabout the relationship between x and z (x{<=>}z ). Thisis the reverse situation as before: it takes into accountthe fact that the indicernability of two instants cannot beensured under a finer grain. Of course, if everything isconverted first, then the result is as precise as possible:d o w n w a r d c o n v e r s i o n i s s u b - d i s t r i b u t i v e o v e r composition.PROPOSITION: The downward operators for A13 and A3satisfy the following property:(9)gfl g� (r 1 · r 2 ) ˝ (g fl g� r 1 ) · (g fl g� r 2 )(sub-distributivity of gflg� over ·)T h e s e t w o l a t t e r p r o p e r t i e s c a n b e u s e f u l f o r propagating constraints in order to get out of them themaximum of information quickly. For instance, in thecase of upward conversion, if no interval vanishes, everyrelationship must be first converted and then composed.6.Further and ongoing worksCategory theory which is widely used inprogramming language semantics has been introduced inknowledge representation [1] in order to account for therelation of approximation between, on the one hand, aknowledge base and the modeled domain, and on theother hand, the many achievements of a knowledge base.Ongoing works tackle the problem of such a categoricalsemantics for time representation. It meets the intuition:granular representation is approximation. This willprovide the advantage of allowing the integration of aspecialized time representation into a wider context (e.g.for adding temporal extension to objects represented asY-terms). Category theory allows to do so in a generalway.

1547.Related worksJerry Hobbs introduced the concept of granularityfrom the non discernability of particular terms withregard to a given set of predicates (these terms can besubstituted in the range of any of the given predicateswithout changing their validity). The main differencehere is that the granularity is given a priori in thestructure of time and the scaling notion while Hobbsdefines a granularity with regard to relevant predicates.To our knowledge there is no other proposal forintegrating granularity into qualitative timerepresentation.There has been tremendous work on granularity inmetric spaces. One of the more elaborate model is that of[11, 4]. It proposes a quantitative temporal granularitybased on a hierarchy of granularities strictly constrained(to be convertible, divisible�) which offers upward anddownward conversion operators for instants and intervals(instead of their relationships). [5] offers a more general(i.e. less constrained) framework for quantitativerelationships and thus achieves weaker properties. Hence,the properties obtained here for qualitative representationare compatible with the quantitative representation of[11, 4]. Others works [3] considered granularity in ahybrid qualitative/quantitative system. The same effect aspresented here could certainly been achieved through thecomputation of qualitative relationships fromquantitative ones (using [11, 4] but not in a purequalitative fashion.[8]˚presents a systems which shares a great deal withours: they treat granularity changes between severalrepresentations expressed in the same classical temporallogic (just like here, we used the classical A3 and A13 )and they map these representations to natural numbersinstead of real numbers [5]. However, temporal logicsand algebra of relations are not immediately comparableso the results are quite different in nature. It is expectedthat the categorical framework sketched in ⁄6 allows tocompare the two approaches in depth.8.ConclusionIn order to understand the relationships betweenseveral granularities, a set of requirements have beenestablished for conversion operators. The only possibleoperators filling these requirements have been defined.Moreover other properties of the operators have beenestablished (preservation of the relationship betweenpoints and interval). These operators can be used forcombining information coming from different sourcesand overcoming their contradictory appearance. Furtherworks have been done for extending qualitativegranularity from time to space and are reported in [6, 7].AcknowledgmentsMany thanks to Hany Tolba who carefullycommented a longer version of this paper and to one ofthe reviewers who pointed out interesting connections.References1.Hassan A�t-Kaci, Andreas Podelski, Towards ameaning of LIFE, Journal of logicprogramming16(3-4):195-234, 19932.James Allen, Maintaining knowledge abouttemporal intervals, Communication of the ACM26(11):832-843 (rep. in Ronald Brachman, HectorLevesque (eds.), Readings in knowledgerepresentation, Morgan Kaufmann, Los Altos (CAUS), pp509-521, 1985), 19833.Silvana Badaloni, Marina Berati, Dealing with timegranularity in a temporal planning system, Lecturenotes in computer science (lecture notes in artificialintelligence) 827:101-116, 19944.Emanuele Ciapessoni, Edoardo Corsetti, AngeloMontanari, P. San Pietro, Embedding timegranularity in a logical specification language forsychronous real-time systems, Science of computerprogramming 20(1):141-171, 19935.J�r�me Euzenat, Repr�sentation granulaire dutemps, Revue d�intelligence artificielle 7(3):329-361, 19936.J�r�me Euzenat, Granularit� dans les repr�sentationsspatio-temporelles, Research report 2242, INRIA,Grenoble (FR), 1994 available by ftp fromftp.imag.fr as /pub/SHERPA/rapports/rr-inria-2242-?.ps.gz7.J�r�me Euzenat, An algebraic approach togranularity in qualitative time and spacerepresentations, Proc. 14th IJCAI, Montreal (CA),1995 to appear8.Jos� Luis Fiadeiro, Tom Maibaum, Sometimes�tomorrow� is �sometime�: action refinement in atemporal logic of objects, Lecture notes incomputer science (lecture notes in artificialintelligence) 827:48-66, 19949.Christian Freksa, Temporal reasoning based onsemi-intervals, Artificial intelligence 54(1):199-227, 199210.Jerry Hobbs, Granularity, Proc. 9th IJCAI, LosAngeles (CA US), pp432-435, 198511.Angelo Montanari, Enrico Maim, EmanueleCiapessoni, Elena Ratto, Dealing with time andgranularity in the event calculus, Proc. 4th FGCS,Tokyo (JP), pp702-712, 1992