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Abstract. Represen ting and reasoning with temp oral information is an

essen tial part of man y tasks in AI suc h as sc heduling, planning and nat-

ural language pro cessing. Tw o in
uen tial framew orks for represen ting

temp oral information are in terv al algebra and p oin t algebra [1, 8]. Giv en

a kno wledge-base consisting of temp oral relations, the main reasoning

problem is to determine whether this kno wledge-base is satis�able, i.e.,

there is a scenario whic h is consisten t with the information pro vided.

Ho w ev er, when a giv en set of temp oral relations is unsatis�able, no

further reasoning is p erformed. W e argue that man y real w orld prob-

lems are inheren tly o v erconstrained, and that these problems m ust also

b e addressed. This pap er in v estigates approac hes for handling o v ercon-

strainedness in temp oral reasoning. W e adapt a w ell studied notion of

p artial satisfaction to de�ne p artial sc enarios or optimal partial solu-

tions. W e prop ose t w o reasoning pro cedures for computing an optimal

partial solution to a problem (or a complete solution if it exists).

1 In tro duction

T emp oral reasoning is a vital task in man y areas suc h as planning [2], sc heduling

[5] and natural language pro cessing [6]. Curren tly the main fo cus of researc h

has b een on ho w to represen t temp oral information and ho w to gain a complete

solution from a problem. Ho w the information is represen ted dep ends on the

t yp e of temp oral reasoning that is needed.

There are t w o w a ys in whic h w e can reason ab out a temp oral problem. The

reasoning metho d c hosen dep ends on the information a v ailable. If a problem is

presen ted with only qualitativ e information (i.e. information ab out ho w ev en ts

are ordered with other ev en ts) Qualitativ e T emp oral Reasoning is p erformed.

F rom the sen tence "F red drank his co�ee while he ate his breakfast" w e can

only gather information ab out the relativ e timing of the t w o ev en ts. On the

other hand, information can b e presen ted as quan titativ e information, that is

information ab out when certain ev en ts can or do happ en. F or example, F red ate

his breakfast at 7:35am and drank his co�ee at 7:40am. F or this pap er w e deal

only with qualitativ e information.



Curren t researc h has b een aimed at �nding a complete solution or determin-

ing that a problem has a solution [1, 8, 4]. If the problem is not solv able then

only an error is pro vided. Ho w ev er in man y situations simply determining that

the problem has no solution is not enough. What is needed is a partial solution,

where some of the constrain ts or v ariables ha v e b een w eak ened or remo v ed to

allo w a solution to b e found.

While there has b een no researc h on �nding a partial solution to an o v ercon-

strained temp oral reasoning problem, there has b een researc h on �nding partial

solutions to o v erconstrained constrain t satisfaction problems (OCSP). One suc h

approac h is P artial Constrain t Satisfaction [3]. P artial Constrain t Satisfaction

tak es an o v erconstrained problem and obtains a partial solution b y selectiv ely

c ho osing v ariables or constrain ts to either remo v e or w eak en. This is done in

suc h a w a y as to minimize the total n um b er of v ariables or constrain ts that are

remo v ed or w eak ened and leads to an optimal partial solution.

In this pap er w e de�ne t w o metho ds for �nding a solution to an o v ercon-

strained T emp oral Reasoning problem. The �rst metho d uses a standard brute

force approac h with forw ard c hec king/pruning capabilities. The second metho d

also uses a brute force strategy but replaces forw ard c hec king/pruning with a

cost function that can revise previous decisions at eac h step of the searc h. Both

metho ds pro vide the abilit y to �nd an optimal partial solution or a complete

solution if one exists.

In sections 2 and 3 w e giv e the relev an t bac kground information for b oth

T emp oral Reasoning and P artial Constrain t Satisfaction. Section 4 in tro duces

b oth metho ds and explains in detail ho w they w ork. W e also presen t some pre-

liminary exp erimen tal results in Section 5.

2 In terv al and P oin t Algebra

The w a y in whic h qualitativ e temp oral information is represen ted pla ys a k ey

role in e�cien tly �nding a solution to a problem or determining that no solution

exists. Tw o represen tation sc hemes are Allen's In terv al Algebra [1] and Vilain

and Kautz's P oin t Algebra [8].

In terv al algebra (IA) represen ts ev en ts as in terv als in time. Eac h in terv al has

a start and an end p oin t represen ted as an ordered pair (S, E) where S < E. The

relation b et w een t w o �xed in terv als can consist of one of the 13 atomic in terv al

relations. The set of these relations is represen ted b y I and is sho wn in table 1.

Represen ting inde�nite information ab out relations b et w een non-�xed in ter-

v als can b e ac hiev ed b y allo wing relations to b e disjunctions of an y of the atomic

relations from the set I . By allo wing disjuncts of the 13 atomic relations w e can

construct the set A con taining all 2

13

p ossible binary relations, including the

empt y relation ; and the no information relation I . The relation I is kno wn as

the no information relation b ecause it con tains all of the atomic relations, this

implies that nothing is kno wn ab out the relationship b et w een t w o ev en ts that

ha v e this relation. T o complete the algebra Allen also de�ned 4 in terv al op era-

tions o v er the set A : in tersection, union, in v erse and comp osition. The op erations

and their de�nitions are sho wn in table 2.



X overlaps Y        o                                                            oi        Yoverlapped-by X 

X before Y           <                                                            >         Y after X

X during Y           d                                                            di        Y contains X

X starts Y             s                                                            si         Y started-by X

X finishes Y         f                                                            fi         Y finished-by X

X equals Y           =                                                            =        Y equals X

Relation           Symbol                Semantics                  Symbol        Relation

X meets Y            m                                                           mi        Y meet-by X
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X                             Y

X
Y

X

Y

X               Y

Y
X

T able 1. The set I of all 13 atomic relations.

Op eration Sym b ol F ormal De�nition

In tersection

T

8 x; y xA

1

T

A

2

y i� xA

1

y ^ xA

2

y

Union

S

8 x; y x ( A

1

S

A

2

) y i� xA

1

y _ xA

2

y

In v erse

^

8 x; y xA

^

y i� y Ax

Comp osition � 8 x; y x ( A

1

� A

2

) y i� 9 z xA

1

z ^ z A

2

y

T able 2. The 4 in terv al op erations and their de�nitions.

A temp oral problem expressed with IA can also b e represen ted as a temp oral

constrain t graph [4] . In a temp oral constrain t graph no des represen t in terv als

and the arcs b et w een no des are lab eled with in terv al relations. Suc h a graph can

b e re-expressed as a matrix M of size n � n where n is the n um b er of in terv als

in the problem. Ev ery elemen t of the matrix con tains an in terv al relation from

the set A of all p ossible in terv al relations with t w o restrictions: for the elemen ts

M

ii

the in terv al relation is alw a ys = and M

j i

= M

^

ij

.

One of the k ey reasoning tasks in IA is to determine if a problem is satis�-

able. A problem is satis�able if w e can assign a v alue to eac h in terv al's start and

end p oin t suc h that all the in terv al relations are satis�ed. Satis�abilit y can b e

determined b y the use of the path-consistency metho d [1]. The metho d simply

computes the follo wing for all a; b; c of the matrix M :

M

ac

= M

ac

T

( M

ab

� M

bc

)

un til there is no c hange in M

ac

. A matrix M is said to b e path-consisten t when

no elemen ts are the empt y set ; and there is no further c hange p ossible in M .

Ho w ev er, as sho wn b y Allen [1], path-consistency do es not imply satis�abilit y

for in terv al algebra. In fact determining satis�abilit y for IA is NP-Hard [8]

and a bac ktrac king algorithm is required with path consistency to determine

satis�abilit y .

P oin t Algebra (P A) di�ers from IA in that ev en ts in time are represen ted

as p oin ts instead of in terv als. By represen ting ev en ts as p oin ts the relations

b et w een ev en ts are reduced to three p ossibilities f <; = ; > g . The set P = f; ; <



; � ; = ; >; � ; 6= ; ? g con tains ev ery p ossible relation b et w een ev en ts. The relation

? = f <; = ; > g , means no information is kno wn ab out that relation.

P A is more computationally attractiv e than IA in that for P A path-consistency

alone ensures satis�abilit y [8]. It is also p ossible to enco de some relations from

IA in to P A [8]. Ho w ev er a ma jor disadv an tage of P A is that expressiv e p o w er

is lost b y represen ting time as p oin ts.

While computing satis�abilit y of the full set of in terv al relations A is NP-

Hard there exist subsets of A that require only p olynomial time. The S A

c

subset

de�ned b y V an Beek and Cohen [7] con tains all the relations from A that can b e

con v erted to P A. Another p opular subset is the ORD-Horn maximal subset H

whic h con tains all the relations from A that pro vide satis�abilit y for the path-

consistency metho d [4]. The ORD-Horn subset also includes all the relations in

S A

c

suc h that S A

c

� H .

3 P artial Constrain t Satisfaction

P artial Constrain t Satisfaction (PCS) [3] is the pro cess of �nding v alues for a

subset of the v ariables in a problem that satis�es a subset of the constrain ts. A

partial solution is desirable in sev eral cases:

� The problem is o v erconstrained and as suc h has no solution.

� The problem is computationally to o large to �nd a solution in a reasonable

amoun t of time.

� The problem has to b e solv ed within �xed resource b ounds.

� The problem is b eing solv ed in a real-time en vironmen t where it is necessary

to rep ort the curren t b est solution found at an ytime.

There are sev eral metho ds that can b e used to obtain a partial solution [3]:

1. Remo v e v ariables from the problem.

2. Remo v e constrain ts from the problem.

3. W eak en constrain ts in a problem.

4. Widen the domains of v ariables to include extra v alues.

Remo ving a v ariable from the problem is a v ery drastic approac h to obtain a

partial solution. By remo ving a v ariable, all the constrain ts asso ciated with that

v ariable are also remo v ed. Con v ersely if, when remo ving constrain ts, a v ariable

is left with no constrain ts, then this e�ectiv ely remo v es that v ariable. W eak ening

a constrain t to the p oin t where that constrain t no longer constrains the v ariable

e�ectiv ely remo v es that constrain t from the problem. F rom this w e can see that

metho ds 1 and 2 are really sp ecial instances of metho d 3. The fourth metho d

ho w ev er has no relation to the other metho ds. If a v ariable's domain is widened

to the exten t that it includes all p ossible v alues, the constrain ts on that v ariable

can still mak e it imp ossible to assign a v alue to that v ariable, and hence the

v ariable is not remo v ed from the problem.



No matter the metho d that is c hosen to �nd a partial solution there is still the

question of what constitutes an optim um partial solution. The simplest metho d

is to coun t the n um b er of v ariables/constrain ts remo v ed or the n um b er of do-

mains/constrain ts w eak ened. The solution that pro vides the minimal coun t is

then considered optimal (a solution with a coun t of 0 equates to a fully con-

sisten t solution) and the solution coun t can b e used to represen t the solution

cost.

4 T emp oral Constrain t P artial Satisfaction

While curren t temp oral reasoning algorithms are relativ ely fast and e�cien t

they are unable to pro vide partial solutions to o v erconstrained problems. Man y

applications, suc h as sc heduling, require a solution to the problem presen ted ev en

when the problem is o v erconstrained. Applying the curren t temp oral reasoning

algorithms will only iden tify that the problem is indeed o v erconstrained and as

suc h has no solution. T o address this shortcoming w e in tro duce t w o algorithms

for �nding partial solutions:

4.1 Metho d 1

The �rst metho d uses a standard branc h and b ound searc h with forw ard c hec k-

ing/pruning to gain an optimal partial solution. The algorithm starts b y initial-

izing a dumm y net w ork suc h that all relations in the net w ork are the relation

I . This dumm y net w ork is then passed to the branc h and b ound algorithm and

the searc h b egins.

First a relation is c hosen, whic h is then divided in to t w o sets: a consisten t set

C S and an inconsisten t set I S . The set C S con tains only relations that app ear

in b oth the original relation and in what remains in the dumm y net w ork's rela-

tion. F or example, if the original had the relation f < , m, mi, s g and the dumm y

relation f < , mi, f, �, > g then the set C S w ould b e f < , mi g . The set I S con tains

those relations not in C S , whic h in our example w ould b e f f, �, > g . After this,

a single relation is c hosen �rst from the set C S and instan tiated in the dumm y

net w ork. The P ath Consistency algorithm is then called to propagate the e�ects

of this instan tiation. In the ev en t that the branc h and b ound algorithm bac k-

trac ks to this p oin t or the P ath Consistency call fails, another atomic relation

is c hosen. If all relations from the set C S ha v e b een tried then atomic relations

are c hosen from the set I S . Ho w ev er when a relation from the set I S is c hosen,

a cost coun t is incremen ted to re
ect that a relation w as c hosen in con
ict with

the originally desired relations.

If the P ath Consistency call w as successful then another relation is c hosen

and the pro cess b egins again. A t an ytime if the cost of the curren t path exceeds

the curren t b est cost then bac ktrac king o ccurs to a p oin t where the cost is

lo w er than the b est cost and pro cessing is started again. When all relations are

exhausted the b est result is returned as the optimal solution.



Input: Original: The original net w ork

Dumm y: A dumm y net w ork

Cost

Metho d1

1. Begin

2. If Cost > = BestCost then bac ktrac k

3. If P athConsisten t(Dumm y) fails then bac ktrac k

4. If there are still relations to pro cess in Dumm y then

5. b egin

6. get next relation ( X; Y ) from Dumm y

7. CS = Dumm y[X, Y] \ Original[X, Y]

8. IS = Dumm y[X, Y] � CS

9. for all i in CS do

10. b egin

11. instan tiate Dumm y[X, Y] to i

12. Metho d1(Original, Dumm y , Cost)

13. end

14. for all i in IS do

15. b egin

16. instan tiate Dumm y[X, Y] to i

17. Metho d1(Original, Dumm y , Cost + 1)

18. end

19. end

20. else

21. b egin

22. Record Dumm y as the b est solution found so far

23. BestCost = Cost

24. end

25. End

4.2 Metho d 2

The second metho d, as b efore, uses a branc h and b ound algorithm to con trol

the searc h. Ho w ev er, unlik e the �rst metho d, no forw ard c hec king/pruning is

p erformed as the actual cost is only computed at the end of a searc h path.

Instead at eac h step in the searc h an appro ximate cost is found based on ho w

man y relations need to p oten tially b e c hanged to mak e the net w ork consisten t.

With this appro ximate v alue a decision is made as to whether to pro ceed on

this path or abandon it. This requires t w o additional calculations, a Real Cost

function and an Appro ximate Cost function:

Appro ximate Cost F unction A t eac h lev el of the searc h it is necessary to

judge the cost of the partially explored solution. The Appro ximateCost function

�nds an appro ximate cost that is alw a ys equal to or less than the real cost of the

partially explored solution. The reason for using an appro ximate cost function

(instead of �nding the real cost) is that un til all relations are atomic it is v ery

costly to �nd an absolute cost (as �nding ev ery inconsistency at this p oin t w ould

require a separate NP-Hard searc h and an additional searc h to �nd the b est cost).

T o calculate the appro ximate cost w e �rst determine a lo w er b ound of the

n um b er of inconsisten t triples. A triple is a set of an y three no des from the prob-

lem. A triple T = ( A , B , C ) is inconsisten t if: M

AC

T

( M

AB

� M

B C

) 6= ; . T esting

path ( A , B , C ) is enough to determine an inconsistency . Computing ( B , C , A ) and

( B , A , C ) is unnecessary due to the fact that if the path ( A , B , C ) is consisten t

then there is an atomic relation X in M

AB

and Y in M

B C

that mak e some or all

atomic relations in M

AC

consisten t. No w if w e tak e the comp osition of M

AC

and

the in v erse of Y , the resulting allo w ed relations will include A . This is b ecause

giv en an y three atomic relations N , P , Q that are path consisten t then Q 2 ( N

� P ), N 2 ( Q � P

^

) and P 2 ( N

^

� Q ).



When a triple is determined as inconsisten t it is added to a list and a coun t

for eac h relation in the triple is incremen ted. The coun ts for all relations are

stored in an o ccurrence matrix O , with eac h elemen t of O starting at 0. F or

example, if the triple ( A , B , C ), is inconsisten t then O

AB

, O

B C

and O

AC

are all

incremen ted b y 1 to represen t that eac h relation o ccurred in an inconsistency .

Input: Net w ork M

Output: A List con taining all inconsisten t triples

A matrix O recording the o ccurrence coun t for eac h relation

DetermineInconsistencies

1. Begin

2. F or A = 1 to size(M) � 2 do

3. F or B = A + 1 to size(M) � 1 do

4. F or C = B + 1 to size(M) do

5. b egin

6. If ( M

AC

T

( M

AB

� M

B C

)) = ; do

7. b egin

8. add (A,B,C) to List

9. incremen t O

AB

, O

B C

and O

AC

b y 1

10. end

11. end

12. return (List, O)

13. End

Once the list of inconsistencies is determined it is pro cessed to �nd an appro x-

imate n um b er of relations to w eak en to remo v e all inconsistencies. In simpli�ed

terms the algorithm tak es a triple from the inconsistency list and tries eac h re-

lation one at a time, e�ectiv ely p erforming a brute force searc h. Ho w ev er there

are some sp ecial circumstances whic h allo w the algorithm to b e more e�cien t:

The �rst situation o ccurs when ev ery relation in a triple o ccurs only once.

Here it do es not matter whic h relation is c hosen, as no other triple will b e re-

mo v ed from the list, hence the cost is incremen ted b y 1 and pro cessing con tin ues.

Lines 9-13 of the follo wing co de handle this case.

The second situation is when a triple is c hosen that con tains a relation that

has already b een selected. In this case the o ccurrence matrix is reduced b y 1

for eac h relation in the triple and the cost remains the same. Lines 14-20 of the

follo wing co de handle this situation.

The last case is when a triple con tains certain relations that only o ccur once.

These relations are ignored as c ho osing them will not a�ect other triples and

therefore will pro vide no p ossibilit y of o�ering a lo w er appro ximate cost. Line

23 is used to c hec k for and handle this case.

Input: List of inconsistencies

An o ccurrence matrix O

Cost

BestCost

Appro xCost

1. Begin

2. If Cost > = BestCost then bac ktrac k

3. If there are no more triples left in List then

4. b egin

5. BestCost = Cost

6. bac ktrac k

7. end

8. get and remo v e the next triple (A,B,C) from List

9. If O

AB

and O

AC

and O

B C

all equal 1 then

10. b egin

11. Appro xCost(List, O, Cost + 1, BestCost)

12. bac ktrac k

13. end

14. If O

AB

or O

AC

or O

B C

< = 0 then

15. b egin

16. decremen t all three relations in the o ccurence matrix O b y 1

17. Appro xCost(List, O, Cost, BestCost)

18. incremen t all three relations in the o ccurence matrix O b y 1

19. bac ktrac k



20. end

21. F or eac h relation R in f AB, A C, BC g do

22. b egin

23. If O

R

6= 1 then

24. b egin

25. TV al = O

R

26. decremen t O

AB

, O

AC

, O

B C

b y 1

27. set O

R

to 0

28. Appro xCost(List, O, Cost + 1, BestCost)

29. incremen t O

AB

, O

AC

, O

B C

b y 1

30. O

R

= TV al

31. end

32. end

33. End

The Appro ximateCost function is resp onsible for calling DetermineInconsis-

tencies and then passing its results to Appro xCost.

Input: Net w ork M

Curren tBestCost the curren t BestCost v alue

Output: Cost

Appro ximateCost

1. Begin

2. (List, O) = DetermineInconsistencies(Net w ork)

3. BestCost = Curren tBestCost

4. Appro xCost(List, O, 0, BestCost)

5. return BestCost

6. End

Real Cost F unction A t the end of a searc h, when all relations are atomic,

the real cost of that solution can b e determined. Unlik e the Appro ximateCost

algorithm, RealCost returns not only a cost but also a consisten t net w ork. The

question arises ho w ev er of wh y it is not p ossible to use the Appro ximateCost

algorithm to determine the real cost when all relations are atomic? When pre-

sen ted with the net w ork in Figure 1 it is p ossible for Appro ximateCost to w ork

out a minimal cost that do es not pro vide a consisten t net w ork. In this net w ork

the cost of solving is 2, ho w ev er if the relations c hosen are R(A,D) and R(B,C)

then this still do es not pro vide a solution as no v alue can b e assigned to those

relations together to mak e them consisten t.

A

B

C

D

{ > }

{ > }{ < }

{ < }

{ d }

{ d }

Fig. 1.

T o handle this problem it is necessary to p erform a full P athConsistency

c hec k at the end of a searc h. F urthermore it is also necessary to include relations

with an o ccurrence of 1 in the searc h, whic h impacts the p erformance signi�-

can tly . Another problem that can arise is illustrated b y the net w ork in �gure 1



and o ccurs when relation R(A,D) and R(B,C) are b oth the relation I . In this

case the real cost algorithm will nev er �nd a solution since no inconsistencies are

rep orted b y the DetermineInconsistencies algorithm. This problem is handled b y

allo wing the searc h path to extend in to these relations and th us allo wing real

cost to function prop erly . Unfortunately this also results in an large increase in

the searc h space.

Finding the real cost of a net w ork is similar to �nding the appro ximate cost

in that w e pro cess a list of inconsistencies to �nd the least n um b er of relations

to c hange to remo v e all inconsistencies. Ho w ev er w e can no longer mak e use of

all the sp ecial circumstances used in the appro ximate cost algorithm and some

extra pro cessing is also required to v erify that the solution found is consisten t.

The only sp ecial circumstance that can b e k ept is when one of the relations

in a triple has an o ccurrence of 0 or less. As b efore these triples are ignored

as they are already solv ed. Ho w ev er w e m ust record an y relation in that triple

that has an o ccurrence greater than 0 in the Remo v ed list. This is due to the

p ossibilit y that w e ma y remo v e a relation from consideration that needs to b e

w eak ened to gain the optimal cost. Lines 10-18 of the follo wing co de handle this

circumstance.

All other triples are pro cessed normally and relations that ha v e an o ccurrence

of 1 are treated the same as other relations. Since the solution found is required

to b e consisten t it is p ossible that selecting one relation o v er another, where b oth

ha v e an o ccurrence of 0, could result in the �nal solution still b eing inconsisten t.

All relations that are considered here are mark ed as o ccurring in the searc h path.

Lines 19-32 of the follo wing co de pro cess this situation.

When there are no more triples left, the mark ed relations in the Remo v ed

list are then deleted from the list. The Remo v ed list no w only con tains those

relations that ha v e no c hance of b eing selected at an earlier stage. The Remo v ed

list is then passed to the Pro cessRemo v ed algorithm whic h �nds the �nal cost

and solution. Lines 3-8 of the follo wing co de handle this situation.

Input: Net w ork M

List of inconsistencies

An o ccurrence matrix O

NewNet a place to store the b est solution

Cost

BestCost

Remo v ed a list of relations

R Cost

1. Begin

2. If Cost > = BestCost then bac ktrac k

3. If there are no more triples left in List then

4. b egin

5. remo v e all the relations from Remo v ed that ha v e b een mark ed

6. Pro cessRemo v ed(M, NewNet, Remo v ed, Cost, BestCost)

7. bac ktrac k

8. end

9. get and remo v e the next triple (A,B,C) from List

10. If O

AB

or O

AC

or O

B C

< = 0 then

11. b egin

12. decremen t all three relations in the o ccurrence matrix O b y 1

13. add the relations that ha v e an o ccurrence > 0 to Remo v ed

14. R Cost(M, List, O, NewNet, Cost, BestCost, Remo v ed)

15. remo v e the relations added to Remo v ed

16. incremen t all three relations in the o ccurrence matrix O b y 1

17. bac ktrac k

18. end

19. F or ev ery relation R in f AB, A C, BC g do

20. b egin

21. TRel = M

R

22. TV al = O

R

23. decremen t O

AB

, O

AC

, O

B C

b y 1

24. mark all three relations (AB, A C, BC)



25. set O

R

to 0

26. set M

R

to the relation I

27. R Cost(M, List, O, NewNet, Cost + 1, BestCost, Remo v ed)

28. M

R

= TRel

29. incremen t O

AB

, O

AC

, O

B C

b y 1

30. O

R

= TV al

31. unmark all three relations

32. end

33. End

Relations are mark ed incremen tally not simply with a b o olean v alue. Marking

a relation indicates that it has no p ossibilit y of b eing excluded from a searc h.

When there are no more triples in List, the function Pro cessRemo v ed is

called to handle a rare o ccasion whic h could otherwise result in the b est cost

not b eing found. The problem o ccurs when a triple is remo v ed where one of the

relations has an o ccurrence of 0 or less. This mak es it p ossible for a relation

that should b e w eak ened to gain the b est cost to b e excluded from a searc h.

The Pro cessRemo v ed algorithm initially c hec ks to see if the curren t solution is

consisten t, if it is then the relations in the Remo v ed list are not pro cessed. If the

solution is not consisten t then one or more of the relations in the Remo v ed list

need to b e w eak ened to allo w a solution. Line 6 c hec ks consistency b y calling

P athConsisten t whic h c hec ks that the supplied net w ork is path-consisten t.

Input: Net w ork M

NewNet a place to store the b est solution

Remo v ed a list of remo v ed triples

Cost

BestCost

Pro cessRemo v ed

1. Begin

2. If Cost > = BestCost then bac ktrac k

3. If Remo v ed is empt y then

4. b egin

5. T emp oryNet w ork = M

6. If P athConsisten t(T emp oryNet w ork) do es not fail then

7. b egin

8. BestCost = Cost

9. NewNet = T emp oryNet w ork

10. end

11. bac ktrac k

12. end

13. get and remo v e the next relation R from Remo v ed

14. Pro cessRemo v ed(M, NewNet, Remo v ed, Cost, BestCost)

15. If Cost < BestCost � 1 then

16. b egin

17. set M

R

to the relation I

18. Pro cessRemo v ed(M, NewNet, Remo v ed, Cost + 1, BestCost)

19. restore M

R

to previous relation

20. end

21. Add relation R bac k to Remo v ed

22. End

RealCost is similar to Appro ximateCost in that it is really an in terface to

the functions that p erform the main w ork.

Input: Net w ork M

Curren tBestCost

Output: BestCost

NewNet a consisten t net w ork

RealCost

1. Begin

2. (List, O) = DetermineInconsistencies(M)

3. BestCost = Curren tBestCost

4. set list Remo v ed to empt y

5. R Cost(M, List, O, NewNet, 0, BestCost, Remo v ed)

6. return (Cost, NewNet)

7. End



5 Exp erimen tal Results

In this section w e presen t the preliminary results w e ha v e obtained b y imple-

men ting the algorithms discussed and testing them with generated problems.

The test problems where generated using Neb el's temp oral reasoning problem

generator [4]. The exp erimen ts w ere conducted on a P en tium 3 733 MHz pro-

cessor with 256 megab ytes of RAM running the Lin ux op erating system. A lab el

size (a v erage n um b er of atomic relations p er relation) of 3 and 100 test cases

w ere used for all exp erimen ts. Eac h graph uses a di�eren t degree, the degree of

a problem b eing a p ercen tage v alue indicating ho w man y relations are unkno wn.

F or example a degree v alue of 1 indicates that all relations in the problem are

kno wn whereas a degree of .25 indicates that only 25% of relations are kno wn.

F or eac h graph t w o t yp es of problems w ere generated: a consisten t problem whic h

has a consisten t solution and a random problem whic h ma y or ma y not con tain

a consisten t solution. The Y axis for eac h graph represen ts the a v erage run-time

for a set of problems and uses a logarithmic scale. The X axis (k) sho ws the

n um b er of ev en ts used in a problem.
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Fig. 2. Graph A: Degree = 1
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Fig. 3. Graph B: Degree = .75

The results of the four graphs sho w a trend where Metho d1 generally p er-

forms b etter at lo w er degrees and Metho d2 p erforms b etter at higher degrees.

This is to b e exp ected as lo w er degree problems con tain a greater prop ortion of

unkno wn relations and Metho d1 do es not need to explicitly explore unkno wn re-

lations (unlik e Metho d2). Also at lo w er degrees there is a higher probabilit y that

the generated problem will b e consisten t (b oth algorithms app ear to p erform b et-

ter on consisten t problems). More signi�can tly ho w ev er, Metho d1 increasingly

dominates Metho d2 as k increases, regardless of the problem degree.

Ov erall, the preliminary results indicate that Metho d1 is the b etter algo-

rithm due to its predictable nature and b etter scaling. Whilst Metho d2 often

outp erforms Metho d1 on particular problems it is eviden t that as k gets larger

Metho d1 will b egin to dominate Metho d2. Analysing the ra w data sho ws that
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in some cases Metho d2 tak es an un usually long time to �nd a solution, signif-

ican tly altering the a v erage result. This ma y b e o ccurring b ecause Metho d2 is

p erforming a detailed searc h in an unpromising part of the searc h tree. Suc h

b eha viour could b e mo di�ed b y using a random restart strategy , an option w e

are curren tly in v estigating.

Whilst it app ears that Metho d1 is the sup erior algorithm for �nding a par-

tial solution in the bac ktrac king domain, it cannot b e easily adapted to other

forms of searc hing algorithms. Ho w ev er Metho d2 w as sp eci�cally designed so k ey

parts (the appro ximate and real cost algorithms) could b e utilized later in other

searc hing strategies, for instance lo cal searc h algorithms. Metho d2 w orks on the

premise of taking an inconsisten t solution (where all relations are atomic) and

then repairing that inconsisten t solution to gain a partial solution (obtained b y

the real cost algorithm). Since it is rare that y ou start with a problem where

all relations are atomic w e ha v e to p erform a searc h, guided b y the appro ximate

cost algorithm, to obtain this situation. If in a rare o ccasion w e did start with

suc h a problem Metho d2 w ould b y far outp erform Metho d1.

F or the bac ktrac king domain, as k gets larger Metho d2 has to searc h an

increasingly larger searc h space without the aid of propagation tec hniques to

reduce the searc h space. This is most lik ely the reason wh y Metho d1 starts

to p erform b etter for higher k v alues and mak es it the b etter c hoice when a

bac ktrac king searc h m ust b e used to gain an optimal partial solution.

6 Conclusion and F uture W ork

Finding a partial solution to a T emp oral Reasoning problem has not b een w ell

in v estigated to date. In this pap er w e ha v e outlined t w o algorithms that can b e

used in �nding a solution to a TPCS problem. Both algorithms are guaran teed

to �nd the optimal partial solution (optimal b eing the minim um n um b er of

relations violated).

The preliminary exp erimen tal results sho w using a traditional branc h and

b ound t yp e algorithm is only practical on small sized problems and so is not



exp ected to b e useful in more realistic situations. The results also sho w that

Metho d1, while sometimes b eing slo w er than Metho d2, is more consisten t in

�nding solutions and is probably the sup erior algorithm due its b etter scaling

p erformance.

F or future w ork w e will b e extending the exp erimen tal results and in v es-

tigating w a ys to impro v e the p erformance of b oth algorithms. One idea is to

emplo y ordering heuristics. These should impro v e the p erformance of b oth al-

gorithms and particularly address the lac k of consistency in Metho d2. W e will

also b e in v estigating lo cal searc h tec hniques to gain partial solutions. Whilst

lo cal searc h do es not guaran tee an optimal solution, exp erience in other CSP

domains indicates it ma y b e more e�ectiv e on larger problems.

References

1. J. Allen. Main taining kno wledge ab out temp oral in terv als. Communic ation of the

A CM , 26(11):832{843, 1983.

2. J. Allen and J. Ko o omen. Planning using a temp oral w orld mo del. In Pr o c e e dings

of the 8th International Joint Confer enc e on A rti�cial Intel ligenc e (IJCAI) , pages

741{747, Karlsruhe, W.German y , 1983.

3. Eugene F reuder and Ric hard W allace. P artial constrain t satisfaction. A rti�cial

Intel ligenc e , 58(1):21{70, 1992.

4. B. Neb el. Solving hard qualitativ e temp oral reasoning problems: Ev aluating the

e�ciency of using the ord-horn class. Constr aints Journal , 1:175{190, 1997.

5. M. P o esio and R. Brac hman. Metric constrain ts for main taining app oin tmen ts:

Dates and rep eated activities. In Pr o c e e dings of the 9th National Confer enc e of the

A meric an Asso ciation for A rti�cial Intel ligenc e (AAAI-91) , pages 253{259, 1991.

6. F ei. Song and Robin. Cohen. The in terpretation of temp oral relations in narra-

tiv e. In Pr o c e e dings of the 7th National Confer enc e of the A meric an Asso ciation for

A rti�cial Intel ligenc e (AAAI-88) , pages 745{750, Sain t P aul, MI, 1988.

7. P . v an Beek and R. Cohen. Exact and appro ximate reasoning ab out temp oral

relations. Computational Intel ligenc e , 6:132{144, 1990.

8. M. Vilain and H. Kautz. Constrain t propagation algorithms for temp oral reasoning.

In Pr o c e e dings of the 5th National Confer enc e in A rti�cial Intel ligenc e (AAAI-86) ,

pages 377{382, Philadelphia, P A, 1986.


