1Temporal ReasoningBased on Semi-IntervalsChristian Freksa*Institut f�r InformatikTechnische Universit�t M�nchenArcisstr. 218000 M�nchen 2GermanyAbstractAgeneralization of Allen�s interval-based approach to temporal reasoning is presented.The notion of �conceptual neighborhood� of qualitative relations between events is central to thepresented approach. Relations between semi-intervals rather than intervals are used as the basicunits of knowledge. Semi-intervals correspond to temporal beginnings or endings of events.We demonstrate the advantages of reasoning on the basis of semi-intervals: 1) semi-intervalsare rather natural entities both from a cognitive and from a computational point of view;2)˚coarse knowledge can be processed directly; computational effort is saved; 3) incompleteknowledge about events can be fully exploited; 4) incomplete inferences made on the basis ofcomplete knowledge can be used directly for further inference steps; 5) there is no trade-off incomputational strength for the added flexibility and efficiency; 6) for a natural subset ofAllen�s algebra, global consistency can be guaranteed in polynomial time; 7) knowledge aboutrelations between events can be represented much more compactly.

* research supported by Deutsche Forschungsgemeinschaft under grant Fr 806/1-1 and by Siemens AG

FreksaTemporal Reasoning Based on Semi-Intervals2TIME IS A MASK WORN BY SPACERobert Fulton [6]1Introduction1 . 1 BackgroundIn his paper on maintaining knowledge about temporal intervals James Allen introduces atemporal logic based on intervals and their qualitative relationships in time [1]. Allen�sapproach is simple, transparent, and easy to implement. The basic elements of Allen�s theoryare intervals corresponding to events (rather than points corresponding to instants), qualitativerelations between these intervals, and an algebra for reasoning about relations betweenintervals.The appeal of Allen�s approach has triggered a variety of research enterprises within andbeyond temporal reasoning. For example, Allen and Hayes [2, 10] and Ladkin [14] developaxiomatic frameworks for the theory; Vilain, Kautz, van Beek [20, 21] and N�kel [19] studythe computational complexity of Allen�s reasoning scheme and of some variants; G�sgen [9],Mukerjee and Joe [18], Freksa [7], and Hern�ndez [12] transfer the approach to the spatialdomain; Ligozat [16] generalizes the interval-concept for reasoning with chains of events;Dean and Boddy [4] and Dubois and Prade [5] focus on incomplete and fuzzy knowledge;Ladkin [15] presents a survey of interval-based constraint reasoning and a selected biblio-graphy.

FreksaTemporal Reasoning Based on Semi-Intervals31 . 2 A cognitive perspectiveThe present paper approaches the issue of representing time and temporal reasoning froma cognitive perspective: in addition to the logical constraints considered by Allen, we take intoaccount neighborhood relationships between temporal relations; this is motivated primarily byphysical constraints on perception. These relationships permit to restrict Allen�s algebra in aninteresting way. The result is increased inferencing efficiency while full reasoning power ismaintained. The inferencing behavior of the modified approach becomes �cognitively plausible�in several respects. Ahigh degree of regularity in Allen�s knowledge base becomes visiblethrough the additional relationships; this allows for a drastic compaction of the inferencingknowledge base.Allen [1] discusses the formal problem that arises when representing instantaneous eventsby points on the real line. This problem is due to the fact that logical inconsistencies arise whenevents are allowed to have zero duration. Besides the arguments Allen provides against the useof points on the real line, namely physical and logical arguments, they are not appropriate formodelling events from a cognitive perspective either. We know that events have to have acertain extent, both in time and in space, in order to be perceivable [11]. Hayes and Allen [10] distinguish between events, which always have some duration, anddurationless abstract time points — temporal locations associated with events or with transitionsbetween events. In the present paper we only consider �real� events as in [1] and we agree withAllen that they must not be represented by points on the real line. We also agree that qualitativeknowledge about temporal affairs can be based on events. However, we do not agree withAllen�s conclusion that intervals should be used as the representational primitives for reasoningabout events. We must carefully distinguish between an ontological representation of temporalrelations, i.e., the representation of a specific set of mutually compatible temporal relations, and

FreksaTemporal Reasoning Based on Semi-Intervals4the representation of knowledge about temporal relations. If we know everything about allrelations, the distinction is insignificant; but if we deal with incomplete knowledge, this makesa big difference. Typically, we do not have complete knowledge about temporal relationsbetween events to start with; but even if we do, after only one inference step we may not havecomplete knowledge about the inferred relations.Allen�s interval-based approach favors the representation of ontological states of affairs:a completely known temporal relation between two events is expressed by a simple relationbetween two intervals. The representation of incomplete knowledge, on the other hand, createsa cognitively awkward situation: the less we know, the more complex the representation ofwhat we know becomes. What is known is represented in terms of disjunctions of what couldbe the case.From a cognitive point of view, we prefer to represent what is known more directly andin such a way that less knowledge corresponds to a simpler representation than moreknowledge does. For this reason and for reasons stated in the following sections we will use�beginnings� and �endings� of intervals as representational primitives. We may only know thetemporal beginning or ending of an event. For example, we may only have information aboutthe birth or the death of a person, but not both; or we may know that a certain event Ydid notstart before a given event X, but we do not know if X and Ystarted simultaneously or if Ystarted after X. In many cases useful inferences can be drawn from such incompleteknowledge, in some cases even without any loss of information. 2Temporal knowledge about the physical worldAn event is something that happens. Beginnings of events always take place before theirendings. If we let the beginnings and endings of two events have three possible qualitativerelations: <, =, >, then two events which start in a beginning and terminate in an ending have

FreksaTemporal Reasoning Based on Semi-Intervals5thirteen possible qualitative relations [3]. These correspond to the relations that two orderedpairs of real numbers (the boundaries of real-valued intervals) can have under the relations < , =, >. Note that we do not assume that beginnings and endings of events correspond to the endpoints of real-valued intervals [2]. Rather, beginnings and endings are considered (recursively)as events themselves. Thus, at one level of consideration beginnings and endings of events willappear as atoms (conceptual points) while at a higher resolution they will appear as grainswhich themselves start in beginnings and terminate in endings.Allen denotes the thirteen relations between two events with before (<), after (>), during(d), contains (di), overlaps (o), overlapped-by (oi), meets (m), met-by (mi), starts (s),started-by (si), finishes (f), finished-by (fi), and equals (=). Figure 1 associates the thirteenrelations by means of a four-coordinate table with the corresponding relations between thebeginnings a, A and the endings w, W of the two events. The figure shows how the relationsmay be distinguished by considering only a subset of relations between beginnings andendings. For example, to distinguish the relation before (<) from the twelve other relations it issufficient to note that w < A and to distinguish the relation starts (s) from the other relations itis sufficient to note that a = A and w < W. In no case, more than two relations betweenbeginnings and endings of events must be known for uniquely identifying the relation betweenthe corresponding events.

FreksaTemporal Reasoning Based on Semi-Intervals6

w<A w=A w>A a<W a=W a>W w<W w=W w>W a<A a=A a>A<mofidisi=sdfoimi>Figure 1: The thirteen qualitative relations between two events characterized by relationsbetween their beginnings a, A and their endings w, W.___________________________________________________________________________The reason that such incomplete information about events suffices for fully characterizingtheir qualitative relations is due to two domain-inherent conditions: 1) the beginnings of eventstake place before their endings (a < w, A < W) and 2) the relations <, =, > are transitive.Without these conditions, 34 = 81 relations between the four beginnings and endings of twoevents would be possible.

FreksaTemporal Reasoning Based on Semi-Intervals7Allen uses the thirteen possible relations between two events as a basis for a theoreticalframework for temporal reasoning. In addition to Allen�s theory we will take into accountconsiderations about how cognitive systems establish relations from observing the real world.In observing the real world, there will be situations in which only partial knowledge about thedomain is available and in which uncertainty exists as to which of the mutually exclusiveabstract relations holds. 2 . 1 Incomplete knowledge about eventsIn many temporal reasoning situations we do not have to know everything about theinvolved events in order to infer what we want to know. For example, in order to determinethat Newton lived before Einstein it is sufficient to know that Newton�s death took place beforeEinstein�s birth; it does not help if in addition we know when Newton was born or whenEinstein died. Actually, we can derive complete qualitative knowledge about the relationsbetween the birth and death dates involved, due to the domain-inherent conditions mentioned inthe previous section.Of course we may encounter situations in which the available knowledge is insufficientfor determining the complete answer to a query; however, a partial answer may be better thanno answer at all. For example, we may want to know if two artists may have been influencedby each other. All we know is that X was born before Y�s death and that X died after Y. Wedo not know who was born first. From this information we can conclude that Ylived duringX� lifetime or he started X� lifetime or his life overlapped with X� life. Although we can notinfer who was the older artist or which was the period when they both lived, at least we knowthat there was a common period.With Allen�s representation, it is possible to express the situation of the example givenabove as follows: �X was born before Y�s death� can be expressed as �X lived before Yor X�life meets Y�s life or X� life overlaps Y�s life or X� life is finished by Y�s life or X� life contains

FreksaTemporal Reasoning Based on Semi-Intervals8Y�s life or X� life is started by Y�s life or X� life equals Y�s life or X� life starts Y�s life or Xlived during Y�s life or X finishes Y�s life or X� life is overlapped by Y�s life�, and �X diedafter Y� can be expressed as �X� life contains Y�s life or X� life is started by Y�s life or X� lifeis overlapped by Y�s life or X� life is started by Y�s life or X lived after Y�. The inference stepthen consists of forming the conjunction of the two sets of disjunctions: �X� life contains Y�slife or X� life is started by Y�s life or X� life is overlapped by Y�s life� which is equivalent tothe conclusion derived above.2 . 2 Neighborhoods vs. disjunctionsAs suggested in the introduction, it does not appear cognitively adequate to representcoarse knowledge in terms of disjunctions of finely grained alternative propositions, althoughthis representation may be logically correct. Coarse knowledge is a special form of incompleteknowledge. The missing knowledge corresponds to fine distinctions which are not made. Thealternatives all lie in the same ballpark of a conceptualization, they are �conceptual neighbors�.For use in future parts of this paper, we make the following definitions:

Definition

1: Two relations between pairs of events are (conceptual) neighbors, if theycan be directly transformed into one another by continuously deforming(i.e. shortening, lengthening, moving) the events (in a topological sense).Examples:The relations before (<) and meets (m) are conceptual neighbors, sincethey can be transformed into one another directly by lengthening one of theevents.The relations before (<) and overlaps (o) are not conceptual neighbors,since a transformation by means of continuous deformation only can takeplace indirectly (via the relation meets (m)).

FreksaTemporal Reasoning Based on Semi-Intervals9

Definition

2: Aset of relations between pairs of events forms a (conceptual) neighbor-hood if its elements are path-connected through �conceptual neighbor�relations.Examples:The relations before (<), meets (m), and overlaps (o) form a conceptualneighborhood since they can be transformed into one another by a chain ofdirect continuous deformations of the associated events and all threerelations are contained in the neighborhood.The relations before (<) and overlaps (o) do not form a conceptualneighborhood.Note:For reasons of consistency, the two degenerate cases of a single relation andof all thirteen relations are included in this definition.

3: Incomplete knowledge about relations is called coarse knowledge if thecorresponding disjunction of at least two relations forms a conceptualneighborhood.Examples:The disjunction before or meets or overlaps (<m o) represents coarseknowledge about the relation between two events; the disjunction before oroverlaps (< o) does not represent coarse knowledge.Note:The case of a single relation is excluded here, since this case corresponds tocomplete knowledge.If temporal relations are perceived incompletely, the resulting knowledge is typicallycoarse knowledge. A perception channel will not generate the set of alternatives X m Y orX˚o˚Y or X oi Y ([9, Figure 3]), for example. The reason that these alternatives are notgenerated without the intermediate relations is that the last two alternatives of this disjunction

FreksaTemporal Reasoning Based on Semi-Intervals10have drastically different perceptual appearances — they vary in several aspects. If the systemcannot distinguish alternatives differing in several aspects, then it cannot distinguish alternativesdiffering only in a subset of these aspects; thus, it will consider the neighboring intermediatealternatives as well. As we will show in chapter 4, temporal reasoning on the basis of thethirteen interval relations will either yield complete knowledge or coarse knowledge, but neverscattered disjunctions.Incomplete knowledge consisting of non-neighboring alternatives may be available,however, from more abstract knowledge sources. For example, a story understanding systemmay have knowledge about the qualitative relation of two events X and Ybut lack knowledgeabout their identity. Thus, two non-neighboring alternatives X < Yand X > Ycannot bedistinguished while neighboring alternatives can. In this case, two distinct (mental) imageswould correspond to the two alternatives, rather than a single coarse image. In such situations,it appears �cognitively justified� to use the abstract concept of a disjunction for the representa-tion of alternatives.Thus, we make a distinction between knowledge incompleteness which does not permit afine resolution of closely related variants within a neighborhood (lack of knowledge aboutdetails) and incompleteness which does not permit the selection of the appropriate alternative(lack of knowledge about essentials). In the former situation, we want to express knowledgedirectly on the granularity level on which it is available, i.e., we represent neighborhoods. As aside-effect, we will have to represent only knowledge which is positively available; we do nothave to carry along the burden of the possibilities that remain open due to lack of more detailedknowledge. In the latter situation, knowledge representation in terms of disjunctions may beappropriate. However, by restructuring the knowledge, it may be possible to find representa-tions in terms of neighborhoods, for such situations as well.

FreksaTemporal Reasoning Based on Semi-Intervals113Semi-intervals and conceptual neighborhoodsAccording to the considerations presented in the previous sections, we will representknowledge about time in terms of relationships between beginnings and endings of events. Wecall beginnings and endings of events �semi-intervals�. (Semi-intervals are equivalent to whatAllen and Hayes call �nests� [2]). In relating events, an ending of an event will be called �equal�to the beginning of another event if the former event meets the latter. In order to support thefollowing discussion mnemonically, we will introduce special labels for the relationshipsbetween semi-intervals. These labels will be used in addition to the labels introduced by Allen.We will say X is older (ol) than Y when the beginning of X is less than the beginning ofY. X is head to head (hh) with Y when their beginnings are equal and X is younger (yo) thanY when the beginning of X is greater than the beginning of Y. Accordingly, we will say, X issurvived by (sb) Y, X is tail to tail (tt) with Y, or X survives (sv) Y when the ending of Xis less than, equal, or greater than the ending of Y, respectively. We will say X precedes (pr)Y, when the ending of X is not greater than the beginning of Y, we will say, X succeeds (sd)Y, when the beginning of X is not less than the ending of Y, otherwise (i.e., when theintersection of X and Y is not empty) X is a contemporary (ct) of Y. If X does not precede Y,we will say X is born before death of (bd) Y and if X does not succeed Y, we will say X diedafter birth of (db) Y. These relations are shown in Figure 2 (compare Allen [1983], Figure 2).Relation LabelInverseIllustrationX is older than Yo l XXX????Y is younger than Xyo YYX is head to head with YhhXXX??hhYYYYX survives Ysv????XXXY is survived by Xsb YYX is tail to tail with Ytt??XXXtt YYYY

FreksaTemporal Reasoning Based on Semi-Intervals12X precedes YprXXX?Y succeeds Xsd YYYX is a contemporary of Yct ?XXX???ct???YYY?X is born before death of YY died after birth of Xbddb XXX??????????YYYFigure 2: Eleven semi-interval relationships. Question marks (?) in the pictorial illustrationstand for either the symbol denoting the event depicted in the same line (X or Y) or for a blank.The number of question marks reflects the number of qualitatively alternative implementationsof the given relation.___________________________________________________________________________Combining constraints from above we obtain the relations older & survived by (ob),younger & survives (ys), older contemporary (oc), surviving contemporary (sc), survived-by contemporary (bc), and younger contemporary (yc).3 . 1 Uncertainty about temporal relationsAllen�s composition table [1, Figure 4] establishes the set of theoretically possiblerelations between two intervals which both have a known qualitative relation to a third interval.The table does not represent knowledge about the effects of small variations or degradations inthe input knowledge, specifically, lack of knowledge about certain details. Such variations maybe present in the knowledge about the real world due to perceptual uncertainty and/or thedynamics of the domain. For example, we may not know if event X takes place before eventY, if X meets Y, or if X overlaps Y, but we can distinguish these three options from theremaining ten alternatives.Uncertainty as to which temporal relation holds between two events does not typicallymean that any of the thirteen relations are considered possible by a perceiving cognitive system

FreksaTemporal Reasoning Based on Semi-Intervals13— otherwise the system is not perceiving. Rather, uncertainty may exist between few options.Furthermore, perceptual uncertainties usually do not cause large jumps in the conclusions;rather, conceptually related options are obtained. In order to model such lateral knowledgedependencies, we structure the temporal relations between events according to a conceptualneighborhood relation. This neighborhood relation is determined by our understanding as towhich uncertainties in perception are physically feasible and/or cognitively plausible.3 . 2 Conceptual neighborhoods among temporal relationsnatura non facit saltusLinn�usAccording to our definition of conceptual neighborhood in section 2.2, we arrange thethirteen mutually exclusive relations between events in such a way that conceptuallyneighboring relations become neighbors in our depiction. Figure 3 shows this arrangement.The two events are depicted by a dumbbell-shaped line and a rectangle, respectively; time isassumed to proceed from left to right. We obtain two dimensions of neighborhood: the verticaldimension corresponds to the relative times at which the events take place; the horizontaldimension corresponds to the relative duration of the events.

FreksaTemporal Reasoning Based on Semi-Intervals14

<mofidisi=sdfoimi>Figure 3:Left: Temporal relations between two events arranged according to their conceptualneighborhood. Right: The corresponding labels arranged accordingly.___________________________________________________________________________Depending on the types of deformation of events and their relations, we obtain differentneighborhood structures. If we fix three of the four semi-intervals of two events and allow thefourth to be moved, we obtain the A-neighbor relation (Figure 4). If we leave the duration ofevents fixed and allow complete events to be moved in time, we obtain the B-neighbor relation.If we leave the �temporal location� of an event fixed (reflected, for example, by the midpoint ofthe corresponding interval) and allow the duration of the events to vary, we obtain the C-neighbor relation.

FreksaTemporal Reasoning Based on Semi-Intervals15

<mofidisi=sdfoimi><mofidisi=sdfoimi>mofidisi=sdfoimi><mofidisi=sdfoimi><mofidisi=sdfoimi>mofidisi=sdfoimi><mofidisi=sdfoimi><mofidisi=sdfoimi>mofidisi=sdfoimi><A-neighborsB-neighborsC-neighborsFigure 4: Differing deformations of events induce different neighborhood structures.___________________________________________________________________________Which of these options is most appropriate, may depend on the specific domain ofreasoning. Unless otherwise noted, the statements in this paper are independent of theparticular choice. We therefore depict the most demanding situation with the most liberalinterpretation of the neighborhood relation where all three neighbor relations are permitted.For easy visual reference to the thirteen temporal relations between two intervals and theirneighborhood relations as depicted in Figure 3, we will use icons symbolizing the neighbor-hood structure as shown in Figure 5. The black dots indicate which of the thirteen relationswithin the structure is being referred to. Below the icons the corresponding labels are indicated.Figure 5: The thirteen qualitative relations between intervals depicted by icons.

FreksaTemporal Reasoning Based on Semi-Intervals16I am putting forward the thesis here that if a cognitive system is uncertain as to whichrelation between two events holds, uncertainty can be expected particularly between neigh-boring concepts. The introduction of movement into our static domain of relations is notintended to make a complex situation even more difficult; rather I suggest that we easily candiscover neighboring concepts by imagining gradual changes in the represented world and byobserving the corresponding state transitions in the conceptual world. This will turn out to bevery helpful for adequately representing static situations, particularly for representinguncertainty.4Neighborhood-based reasoningIn this chapter, we will first revisit temporal reasoning on the basis of the thirteenrelations used by Allen. Allen�s composition table is discussed in the context of the neighbor-hood-based representation. This leads to some observations regarding the structure of temporalknowledge. On the basis of these observations, conceptual neighborhood is exploited moreradically. The resulting approach is presented in the remainder of the chapter.In order to visualize the use of the conceptual neighborhood relations, we present Allen�scomposition table in an arrangement which preserves some of the neighborhood relations: therows and columns are arranged in such a way that neighboring rows and columns alwayscorrespond to neighboring preconditions in the sense defined above. The two neighborhooddimensions span a 4-dimensional (2*2) composition structure. Since it is not easy to depict a 4-dimensional structure on paper,1 we depict a linearized version of the structure: in Figure 6 wearrange the rows and columns according to the following sequence: <,m, o, fi, di, si, =,

1For the discovery of the regularities and the development of the reasoning system presented, a thinktool was im-plemented in HyperCard which aided in representing and manipulating the 4-dimensional neighborhood structure.

FreksaTemporal Reasoning Based on Semi-Intervals17s, d, f, oi, mi, >. (This is one of two possible ways of listing the relations such that each islisted exactly once and that all neighbors in the list correspond to neighbors in Figure 3.)In addition, in the new composition table temporal relations are presented in canonicalform by icons as developed in the previous section (instead of arbitrarily arranged mnemoniclabels). This is done for several reasons: 1) A canonical arrangement of relations makes theregularity of the internal structures more visible; 2) the conceptual neighborhood relationsbetween temporal relations are directly reflected in the icon structure; 3) the icons allow for thedirect representation of coarse relations (rather than as disjunctions of fine relations); and 4) therepresentations can be used directly for performing simple operations. Coarse relations arerepresented by superposition of the corresponding icons from Figure 5. For example,

FreksaTemporal Reasoning Based on Semi-Intervals18

FreksaTemporal Reasoning Based on Semi-Intervals19Looking at the composition structure depicted in Figure 6, we can make a number ofobservations:1)only a fraction of the inferences that can be drawn from the composition table are given interms of unique relations between intervals; most of the conclusions appear in terms ofdisjunctions of alternative relations;2)the sets of alternative relations in the entries of Allen�s composition table always formconceptual neighborhoods;3)in many cases, the transition to neighboring entries leads to sub-neighborhoods or super-neighborhoods rather than to completely different relations; 4)the transition to neighboring entries never causes to a jump to non-neighboring relations;5)only a small fraction of combinatorially possible neighborhoods actually appears in thetable;6)there is a lot of symmetry which may be exploited for temporal reasoning;7)the observations are valid not only with respect to the presented linearized neighborhoodtable; they hold for the complete 4-dimensional structure.Observations 1) and 2) should not be completely surprising, since the structure exhibitsgradual transitions from one qualitative state to another; only one (micro-) feature is changed ata time; these microfeature transitions correspond to the neighborhood relations in the structure.Observation 3) is very useful since it allows for reasoning under uncertainty. Observations 4)and 5) provoke the question of the cognitive significance of the neighborhoods. If theneighborhoods appear to correspond to cognitive relevant concepts, may be the reasoningshould be done based on these neighborhoods which correspond to classes of relations ratherthan on the individual relations themselves.

FreksaTemporal Reasoning Based on Semi-Intervals20Note that the neighborhoods that are found in the table either are contained in our list ofconcepts derived from relating semi-intervals (Figure 2) or are obtained by conjoining suchconcepts (except for the non-informative entry ? corresponding to the disjunction of all thirteenrelations between two intervals). Figure 7 associates the icons and their correspondingneighborhoods with their mnemonics, their associated labels, the corresponding list of Allen-relations and the corresponding constraints between beginnings and endings of the respectiveevents. With help from Figure 7 we can read the composition table as follows: If X meets Yand Y is after Z then X survives Z; or: If X overlaps Y and Y is overlapped by Z then X is acontemporary of Z, etc.

FreksaTemporal Reasoning Based on Semi-Intervals21ICON LABEL MNEMONIC ALLEN CONSTRAINTSFigure 7: Neighborhoods, their icons, labels, mnemonics, correspondences, and constraints.< m o fi disi = sd f oi mi >< m o s dfi = fdi si oi mi ><m< m o fi di si= s d f oio fi di si = s df oio fi di si = s df oi mi >mi >< m oo fi didi si oio s dd f oioi mi >nonea < Aa = Aa > Aw < Ww = Ww > Ww £ Aa < Wa < W, w > Aw > Aa ‡ Wa < A, w < Wa < A, w > Aa < W, w > Ww > A, w < Wa > A, a < Wa > A, w > W

FreksaTemporal Reasoning Based on Semi-Intervals224 . 1 Coarse reasoning based on neighborhoodsWe have seen that the inferences that can be drawn from the composition table may becoarser than the initial conditions. We may have several reasons for stating the initial conditionsfor temporal inferences in coarser terms:1)uncertainty may exist as to which initial condition in terms of the thirteen mutuallyexclusive relations holds;2)the initial conditions may be stated in coarser terms corresponding to knowledge relatingbeginnings and/or endings of events (compare examples in section 2.1);3)we want to use the conclusions from one inference step as initial conditions for furtherinference steps.Coarser knowledge can always be expressed in terms of disjunctions of finer knowledge,inferences can be drawn on the basis of the finer knowledge, and conclusions can be derived byforming conjunctions of these inferences on a case by case basis. However, this approach iscomparable to deriving general algebraic relationships from specific numerical instances.Rather than solving problems on the finest level of resolution we would like to solve them onthe coarsest possible level.In order to do this, we use as initial conditions neighborhoods of relations correspondingto disjunctions of fine relations which can be found as conclusions in the composition table.We select the neighborhoods in such a way that finer initial conditions can be expressed interms of conjunctions of coarser initial conditions, if necessary. This step corresponds toaggregating neighboring Allen-relations. Initially, we do not aggregate <,m, mi, >, sincethese relations do not have enough neighbors to form conjunctions for refinement. The tenrelations and neighborhoods depicted in Figure 8 were selected. An interesting question is,how much knowledge about the corresponding temporal domain can be recovered from thecoarse representation (compare �coarse coding� in distributed representations, e.g.[13]).

FreksaTemporal Reasoning Based on Semi-Intervals23Figure 8: Ten relations and neighborhoods used as initial conditions for coarse reasoning.___________________________________________________________________________We now form a composition table whose cell values consist of the disjunctions of all com-binations of compositions of the constituent relations of the initial neighborhoods (Figure 9).Not surprisingly, we obtain similar patterns as in the case of fine reasoning. Due to the fact thatwe did not have any abrupt jumps between neighboring patterns, we only find connectedneighborhoods again; due to the fact that in many cases neighboring patterns were sub-neighborhoods or super-neighborhoods of each other, we do not get many new patterns.

FreksaTemporal Reasoning Based on Semi-Intervals24

FreksaTemporal Reasoning Based on Semi-Intervals25The aggregated table shown in Figure 9 permits us to do two things: coarse reasoningand fine reasoning. For coarse reasoning, we simply look up the neighborhood of possiblerelations in the table. For example, if we know that X is an older contemporary of (oc) Y andY is a younger contemporary of (yc) Z, we can infer that X is a contemporary of (ct) Z or ifinstead Y is head to head with (hh) Z then X is also an older contemporary of (oc) Z (seeFigure 10). So, the conclusions do not necessarily become coarser when the initial conditionsbecome coarser.

FreksaTemporal Reasoning Based on Semi-Intervals26combined. For example, yc corresponds to the constraints a > A, a < W and tt correspondsto the independent constraint w = W which combined yield the constraints a > A andw = W, which are the conditions for the relation f (compare Figure 1). The constrainta < W follows from w = W and the domain-inherent constraint a < w.

FreksaTemporal Reasoning Based on Semi-Intervals275Inferential power and computational complexityIn this chapter, we first compare the inferential power of neighborhood-based temporalreasoning with that of Allen�s approach and propose criteria for selecting appropriate compo-sition tables. Then we discuss the subalgebra for neighborhood-based reasoning and applycomplexity-theoretical results to this subalgebra.5 . 1 Inferential power of neighborhood-based reasoningIf we consider the neighborhood-based composition table depicted in Figure 6, we easilycan see that it has all the inferencing capabilities of Allen�s original table: the representedknowledge in both tables is identical; only the arrangement differs. The new arrangementtogether with the monotonicity properties described in chapter 4 yields additional reasoningcapabilities: the table can be used for interpolation between known conclusions and forpredicting conclusions in the case of uncertain initial conditions.What happens with the inferential power when we condense the composition table forcoarse reasoning (Figure 9)? First of all, all inferences that can be drawn with Allen�s table stillcan be drawn and yield identical results. However, inferences based on the fine relations usedby Allen can become computationally more expensive: in 81 of 169 possible inferences, asimple table look-up is replaced by a conjunction of four table look-ups. Reasoning with the condensed table, however, is cheaper when coarser knowledge isinvolved. The computational pay-off is best when the processed knowledge grains agree in sizeand shape with the neighborhoods represented in the composition table. This minimizes thenumber of conclusions to be computed and combined by disjunctions and/or conjunctions. Forexample, for the central part of the condensed composition table (granularity 3), an inferencefrom two neighborhood triplets involves a single table look-up instead of forming thedisjunction of nine individual look-ups, as with Allen�s table.

FreksaTemporal Reasoning Based on Semi-Intervals28Thus, the condensed table shifts computational effort and yields additional inferencingcapabilities. For processing fine knowledge, Allen�s composition table is advantageous, forprocessing coarser knowledge, the condensed table works more efficiently. In general,knowledge processing becomes more efficient when it can be shifted to a coarser level ofprocessing: one coarse inference can do the work of nine fine inferences, under favorableconditions.There are two ways of combining temporal inferences: 1) propagating inferred knowl-edge along an inference chain by the composition operation; here knowledge tends to becomecoarser — by a factor of 2.4 per operation, in the average; 2) combining knowledge frommultiple evidence sources by forming the logical conjunction; here knowledge tends to becomefiner by the same order of magnitude — precise values depend on the specific data involved.Depending on the granularity of the inference table used, the sequence of propagatingknowledge from a single source or combining knowledge from multiple sources can be adaptedin order to optimize the knowledge granularity for the given table.Depending on the aspects to be optimized in a given application, we can conceive of avariety of different inference tables from a compact table requiring disjunctions and/orconjunctions of inferences to an elaborate table representing the closed set of relations generatedby the composition of the 13 fine relations. This table consists of 29*29 entries (the 13 finerelations plus the relations shown in Figure 7, except pr and sd, which do not occur in theinference tables discussed so far). The resulting table is closed under neighborhood-basedreasoning and does not require disjoining or conjoining neighborhoods for knowledgepropagation. The table is shown in Figure 12.___________________________________________________________________________________________________________________________________________________________________________________________________________Next page: Figure 12: 29 convex A-neighbor relations forming a closed set under composition.

FreksaTemporal Reasoning Based on Semi-Intervals29<modisi=sdfoimi>obochhycbcttscysolyosbsvctbddb?fi

FreksaTemporal Reasoning Based on Semi-Intervals30As the discussion has shown, efficiency can be improved by �tuning� the inference tables,but this is not a big issue — at least not in the simple domain of temporal reasoning; the factor ofimprovement is unlikely to exceed 3, for typical applications. A more substantial result con-cerns the complexity of computing the closure for neighborhood-based reasoning. This topicwill be addressed in the following section.5 . 2 Neighborhoods and convex relationsAllen�s polynomial time algorithm for temporal reasoning never infers invalid conse-quences from a set of assertions, but it does not guarantee that all the inferences that followfrom the assertions are generated; thus the algorithm is incomplete. Vilain and Kautz haveshown that computing the closure in the full interval algebra is an NP-complete problem (whichonly can be solved in exponential time) [20, 21].Vilain, Kautz, and van Beek [21] and N�kel [19] discuss a subset of Allen�s full intervalalgebra which has a tractable closure algorithm, i.e., closure can be computed in polynomialtime. This subset is defined by a property of semi-interval relations which Vilain et al. call�continuous endpoint uncertainty�. Continuous endpoint uncertainty is a convexity propertyand means that for any two interval end points belonging to a common semi-interval relation,intermediate end points belong to the relation as well. Vilain et al. define continuous endpoint uncertainty for the relation between time points.They apply this definition to the relation between intervals by considering individual relationsbetween the beginnings and endings of two intervals. By this method, the continuous uncer-tainty property generates the set of �convex interval relations� [19] on the structure defined bythe A-neighbor relation in section 3.2 (Figure 4). 808 of the 8191 possible interval relationsform A-neighborhoods (i.e. neighborhoods under the A-neighbor structure). 82 of theseneighborhoods are convex relations in this structure and form the tractable algebra discussedabove. The closed set of 29 neighborhoods generated by the 13 fine interval relations under

FreksaTemporal Reasoning Based on Semi-Intervals31composition, in turn, forms a subalgebra of the algebra of convex relations; thus it is tractableas well.When continuous endpoint uncertainty is applied simultaneously to pairs of relationsbetween beginnings and endings of two intervals, different neighborhood structures evolve: weobtain the B- and C-neighbor relations depicted in Figure 4. Additional relations becomeneighbors (o =, oi =, d =, and di =); they were only indirect neighbors under the A-neighbor relation (via a chain of two direct neighbor links). The pairs of relations s =, f =, s i =, fi = are not neighbors in the B- and C-neighbor relations. There are 769 B-neighborhoods and 529 C-neighborhoods; 1255 neighborhoods areobtained by combining the three types of neighbor relations. Some of the 29 convex relationsforming a closed set under composition are not B- or C-neighbors (hh and tt). For thedisjunction of the A-, B-, and C-neighbor relations, the strict convexity property disappears forthe closed set of 29 neighborhoods: for example, the conceptual neighborhood o s d is notconvex without the relation = under the disjunction of A-, B- and C-neighbor relations. Nevertheless, the B- and C-neighbor relations and their combination with the A-neighborrelation are useful for neighborhood-based reasoning: recall that the monotonicity propertiesdescribed in chapter 4 hold for all three neighborhood relations and thus may be used for theinterpretation of the conclusions drawn on the basis of the neighborhood subalgebra.In summary, real-world constraints on temporal events and their interrelationships haveallowed us to condense temporal knowledge by removing redundancies; as a side-effect,temporal reasoning becomes more efficient. The structure obtained in this process turns out tobe an interesting subset of the full interval algebra: 1) it is a natural subset generated by thecomposition operation as the closure of the basic temporal relations; 2) it corresponds to animportant class of physical situations; and 3) it is computationally tractable. In the following

FreksaTemporal Reasoning Based on Semi-Intervals32chapter, we will discuss additional regularities of temporal relationships which may amplify ourunderstanding of temporal structures.6Compacting the knowledge baseThe smoothness of the transitions between neighborhoods allowed us to aggregatetemporal relations for neighborhood-based reasoning. By aggregating relations, the composi-tion table shrank from 13*13 = 169 to 10*10 = 100 entries (Figure 9). As we will show in thepresent chapter, we are able to further simplify the knowledge base underlying the reasoningscheme. In the example given in section 4.2 we showed how fine knowledge can be obtained bycombining intersecting pieces of coarse knowledge. The final conclusion we obtained in theinference process was already present in full detail in one of the four inferences we combined,namely in the inference drawn from X tt Y and Y bc Z. Do we always have to form theconjunction of all possible inferences from the intersecting initial neighborhoods or can wesystematically simplify the procedure?Inspection of the inferences based on the condensed composition table (Figure 9) showsthat in no case more than two sub-inferences contribute towards the solution of the full infe-rence. In fact, only 54 of the 100 entries of the table yield useful constraints for the reasoningprocedure. These entries are depicted in Figure 13.

FreksaTemporal Reasoning Based on Semi-Intervals33

FreksaTemporal Reasoning Based on Semi-Intervals346 . 1 Symmetry and redundancyThere is quite a bit of symmetry in the neighborhood-based composition table which canbe exploited for matrix simplification. Most obvious is the symmetry between the top andbottom halfs of the table: if for both initial conditions A and B (compare Figure 13) the iconsare flipped vertically, the table entries are flipped vertically. This corresponds to the symmetrybetween ’<’ and ’>’ when comparing semi-intervals. After compaction of the table due to this symmetry, the columns corresponding to theneighborhoods bc, tt, sc are not needed and can be eliminated. In addition, the first twocolumns can be merged. This corresponds to forming a neighborhood of the relations < and m.Figure 14 shows the table compacted to 25 entries. On the right hand and bottom sides of thetable the initial conditions for the entries to be vertically flipped are shown.

FreksaTemporal Reasoning Based on Semi-Intervals35Further symmetries and other regularities allow the elimination of all but seven tableentries: The entries in the upper right hand corner of the table shown in Figure 14 can bemapped into the lower left half of the table by exchanging the x- and y-axes of the initialconditions and by flipping the corresponding entries horizontally. This transformation yieldslayers II - ii of initial conditions (Figure 15). The entries in the lower right hand corner of the table in Figure 14 can be mapped into theupper left half of the table by inverting the x- and y-axes of the initial conditions and flipping thetable entries both vertically and horizontally (or equivalently, by rotating them by 180 degrees).This transformation yields layers III - iii and IV - iv. Furthermore, we find four identical entries in the upper left hand corner of the table.They can be mapped into a single entry by adding layers V - v, VI - vi, and VII - vii, eachcontaining one singleton of initial conditions. Finally, the table can be simplified in order to minimize transformations on the tableentries; this is done by rotating the remaining entries by 180 degrees. Figure 15 shows the compressed table consisting of seven entries which are accessible by2*7 layers of initial conditions. Two of the entry patterns are identical (yo). The initialconditions in each layer are mutually exclusive. Neighboring initial conditions alwayscorrespond to neighboring neighborhoods, in each layer. Only pairs of conditions belonging tothe same layer (I-VII or i-vii) have to be used for accessing the entries. Entries derived fromlayers marked with a vertical double arrow have to be flipped vertically, entries derived fromlayers marked with a horizontal double arrow have to be flipped horizontally, entries derivedfrom layers marked with both arrows have to be flipped in both directions.

FreksaTemporal Reasoning Based on Semi-Intervals36

FreksaTemporal Reasoning Based on Semi-Intervals376 . 2 Reasoning based on the compressed composition tableThe compressed composition table represents very general regularities corresponding tothe symmetries involved in the relations between neighborhoods. Only the first 2*4 layers ofinitial conditions (I - IV and i - iv) actually define the structure of the table; the other 2*3 layers(V - VII and v - vii) all refer to the same single entry in the table.In order to use this table for temporal reasoning, neighborhoods of event relations and/orindividual event relations are matched with the corresponding initial conditions for the table asin the previous composition tables. Then the conjunction of the corresponding entries isformed. The entries corresponding to the initial conditions marked with arrows must be flippedas suggested by the arrow before the conjunction is formed.Flipping the entry patterns corresponds to a very simple re-labeling of relations.Specifically, horizontal flipping corresponds to exchanging the labels fi and s, di and d, s i and f; vertical flipping corresponds to exchanging the labels < and >, m and mi, o and oi, f i

FreksaTemporal Reasoning Based on Semi-Intervals38and si, s and f; flipping both dimensions corresponds to exchanging the labels < and >,mand mi, o and oi, fi and f, di and d, si and s (compare Figure 16).6 . 3 Examples for reasoning with the compressed composition table1) Fine reasoning. Suppose, X is started by Y and Y finishes Z. What is therelationship between X and Z? We check the layers of initial conditions for pairs A, Bcorresponding to the pair si, f. We obtain four matches: a) layer I: bottom right entry; b)layer i: center entry; c) layer ii: top right entry; d) layer III: center entry. a) and c) correspondto non-contributing entries; thus, we only have to consider b) and d). Both sets of initialconditions point to the center entry of the table corresponding to relation yc. The table indicatesthat entries associated with layer i have to be flipped horizontally; therefore we form theconjunction of yc and its horizontally flipped image sc. We obtain oi. Thus, X is overlappedby Z is the final conclusion.2) Coarse reasoning. Suppose, X is a younger contemporary of Y and Y is head to headwith Z. Layer III contains the matching pair of initial conditions which point to the relationyounger. Layer III does not indicate that flipping is required; thus X is younger than Z is thefinal conclusion.3) Combining fine and coarse knowledge. Suppose, X meets Y and Y is a youngercontemporary of Z. How are X and Z temporally related? We check the layers of initialconditions for pairs A, B of initial conditions corresponding to the pair m, yc. We obtain twomatches: top right entry for layer I and center entry for layer II. The top right entry is a non-contributing entry, so we only have to consider the center entry of the table which correspondsto the neighborhood yc. The table indicates that the entries obtained through layer II have to bevertically flipped; this yields the relation bc. Thus, X is a survived by contemporary of Z(compare Figure 17).

FreksaTemporal Reasoning Based on Semi-Intervals39INITIALCONDITIONSCOMPOSITIONRELATIONMATCHINGLAYERSTABLEENTRYFLIPPINGOPERATIONCONJUNCTIONRESULTX m Y yc Z

FreksaTemporal Reasoning Based on Semi-Intervals40Conceptual neighborhood plays an important role in cognition. Many cognitive functionsrely on the assumption that the world they are dealing with is continuous or quasi-continuous,i.e., changes happen in steps rather than in jumps. For the specific domain of temporalrelations we have shown that this assumption is justified.The concept of neighborhood is a prerequisite for our concept of coarse knowledge.Coarse knowledge allows for short-cuts in reasoning in the following way. Allen�s originalreasoning strategy conceptually contains four levels of knowledge: 1) problem level in terms ofcoarse knowledge; 2) initial conditions expressed in terms of fine knowledge; 3) constraints onthe composition relation corresponding to coarse knowledge; 4) conclusion expressed in termsof fine knowledge. Level 1) is present only if the problem is initially given in coarse terms;level 4) is present only if the result is stated in fine terms. In our approach, we merge levels 1)to 3) by reasoning directly on the coarse level.I would like to suggest that this short-cut is just one instance of neighborhood-basedproblem reduction and that the general idea can be applied in various domains of cognition. Forexample, in natural language representation, concepts are frequently represented in fine terms;as a consequence, semantical ambiguities demand a multiplication of processing effort. If theconcepts were represented on a higher conceptual level, some of the ambiguities would neverarise and consequently would not have to be resolved. Another domain is theorem proving2where it is desirable to identify coarser concepts whose conceptual instants share importantproperties.The neighborhood-based inference strategy described in this article has been implementedand compared with with Allen�s strategy [17], but a large scale performance analysis undervarious conditions has not yet been done. We view the neighborhood structures described asbasic generic structures for the construction of very small sequential reasoners and of regularly

2 this suggestion is due to Steffen H�lldobler.

FreksaTemporal Reasoning Based on Semi-Intervals41structured parallel reasoners. For a sequential reasoner, the compressed composition tablewould be sequentially accessed by the layers matching the initial conditions before the entriesare flipped and conjoined. For a parallel reasoner, several copies of the table could be accessedsimultaneously; the entry-flipping could be wired-in directly. Also, the simple and regularstructure of the neighborhood reasoning structure (Figure 9) appears to make implementation bymeans of an associative memory appropriate.The presented approach can be extended in various directions. The neighborhoodconcept can be used for reasoning under uncertainty. Uncertainty or incomplete knowledgecorrespond to a neighborhood of possibilities compared to a single possibility within thisneighborhood in the case of certainty or complete knowledge. This view is in contrast to a viewin which uncertainty or incomplete knowledge correspond to disjunctions of unrelatedpossibilities. If coarse knowledge becomes coarser due to fuzziness, the same reasoningprinciples can be applied to coarse knowledge which we have applied to fine knowledge;although full recovery of fine knowledge will no longer be guaranteed.An obvious extension of the approach is for reasoning with 1-dimensional space whichshares many properties with time. Extensions for reasoning about 2- or 3-dimensional spaceare more challenging (compare [4]), but a coarse reasoning approach appears to be bettertractable than a fine reasoning approach. We expect that the large amount of regularity and theconceptual simplicity of the system will proof helpful for developing representation schemes formore-dimensional spaces.

FreksaTemporal Reasoning Based on Semi-Intervals42AcknowledgementsMost of this research was carried out during a sabbatical visit to the InternationalComputer Science Institute and the Computer Science Division at the University of California atBerkeley. I thank Wilfried Brauer, Jerome Feldman, and Lotfi Zadeh for making this visitpossible and for insightful suggestions. I also thank Bernhard Nebel, Hans Werner G�sgen,Daniel Hern�ndez, Michael Herweg, Steffen H�lldobler, Eva Ruhnau, Bernhard Sch�tz,Kerstin Schill, Christoph Schlieder, Larry Stark, Andreas Stolcke, Kai Zimmermann and twoanonymous reviewers for discussions and critical comments.References1.Allen, J.F., Maintaining knowledge about temporal intervals, CACM 26 (11) (1983) 832-843.2.Allen, J.F. and Hayes, P.J., A common-sense theory of time, in: Proceedings IJCAI-85,Los Angeles, CA (1985), 528-531.3.van Benthem, J.F.A.K., The logic of time (Reidel, Dordrecht, Holland, 1983).4.Dean, T. and Boddy, M., Reasoning about partially ordered events, Artificial Intelligence36: 375-387, 1988.5.Dubois, D. and Prade, H., Processing fuzzy temporal knowledge, IEEE Trans. SMC-89.6.Fulton, R., Street Film Part Zero, film text, Aspen, Colorado (1977).7.Freksa, C., Qualitative spatial reasoning, To appear in: D.M. Mark and A.U. Frank(eds.), Cognitive and linguistic aspects of geographic space (Kluwer, Dordrecht,Holland, 1991).

FreksaTemporal Reasoning Based on Semi-Intervals438.Freksa, C. and Habel, C. (eds.), Repr�sentation und Verarbeitung r�umlichen Wissens,(Springer-Verlag, Berlin, 1990).9.G�sgen, H.W., Spatial reasoning based on Allen�s temporal logic. ICSI TR-89-049.International Computer Science Institute, Berkeley, California (1989).10.Hayes, P.J. and Allen, J.F., Short time periods, in: Proceedings IJCAI-87, Milano(1987), 981-983.11.Hamblin, C.L., Instants and intervals, in: J.T. Fraser, F.C. Haber, and G.H. M�ller(eds.), The study of time (Springer, Berlin, 1972), 324-331.12.Hern�ndez, D., Relative representation of spatial knowledge: the 2-D case, To appear in:D.M. Mark and A.U. Frank (eds.), Cognitive and linguistic aspects of geographic space(Kluwer, Dordrecht, 1991).13.Hinton, G.E., McClelland, J.L., and Rumelhart, D.E., Distributed representations, in:D.E. Rumelhart and J.L. McClelland (eds.), Parallel Distributed Processing (MIT Press,Cambridge, Massachusetts, 1986), 77-109.14.Ladkin, P.B., Models of axioms for time intervals, Proceedings AAAI-87, MorganKaufmann 1987, 234-239.15.Ladkin, P.B., Constraint reasoning with intervals: a tutorial, survey and bibliography.ICSI TR-90-059. International Computer Science Institute, Berkeley, California (1990).16.Ligozat, G., Weak representations of interval algebras, in Proceedings AAAI-90, MorganKaufmann 1990, 715-720.17.Menz, H., Temporales Schlu§folgern mit unvollst�ndigem Wissen auf der Basis vonIntervallen und Semi-Intervallen, Diplomarbeit, Institut f�r Informatik, TechnischeUniversit�t M�nchen 1991.18.Mukerjee, A. and Joe, G., A qualitative model for space, Proceedings AAAI-90, MorganKaufmann 1990, 721-727.

FreksaTemporal Reasoning Based on Semi-Intervals4419.N�kel, K., Convex relations between time intervals. Proceedings 5. �sterr. Artificial-Intelligence-Tagung (Springer-Verlag, Berlin, 1989), 298-302.20.Vilain, M., Kautz, H., Constraint propagation algorithms for temporal reasoning,Proceedings AAAI-86, Morgan Kaufmann 1986, 377-382.21.Vilain, M., Kautz, H., and van Beek, P.G., Constraint propagation algorithms fortemporal reasoning: a revised report, in D.S. Weld and J. de Kleer (eds.) Readings inqualitative reasoning about physical systems (Morgan Kaufmann, San Mateo, CA, 1989),373-381.