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t. We present a random generator of partially 
omplete roundrobin timetables that produ
es ex
lusively satis�able instan
es, and pro-vide experimental eviden
e that there is an easy-hard-easy pattern inthe 
omputational diÆ
ulty of 
ompleting partially 
omplete timetablesas the ratio of the number of removed entries to the total number of en-tries of the timetable is varied. Timetables in the hard region provide asuitable test-bed for evaluating and �ne-tuning lo
al sear
h algorithms.1 Introdu
tionLo
al sear
h algorithms (LSA's) are widely used to eÆ
iently solve planning ands
heduling problems [3, 9℄. One diÆ
ulty with LSA's is that they are in
ompleteand 
annot prove unsatis�ability. Thus, ben
hmark instan
es for measuring theperforman
e of LSA's have to be satis�able. Unfortunately, it has proven to besurprisingly diÆ
ult to develop random generators of hard satis�able instan
esof 
ombinatorial problems [1℄.Given a set of 
andidate ben
hmark instan
es, unsatis�able instan
es are gen-erally �ltered out with 
omplete algorithms, and then only satis�able instan
esare used to evaluate and �ne-tune LSA's. However, this approa
h is problemati
in problems where in
omplete algorithms 
an solve larger instan
es than 
om-plete algorithms be
ause the latter 
annot identify hard satis�able instan
es.In this paper we des
ribe a random generator of satis�able s
heduling in-stan
es whi
h are 
omputationally diÆ
ult to solve with LSA's for SAT. Ourgenerator starts by randomly 
reating a timetable T for a temporally densesingle round robin tournament using the in
omplete satis�ability solver Walk-SAT [11℄. Then, it generates a partially 
omplete round robin timetable T 0 byrandomly removing a given number of entries of T in su
h a way that the numberof removed entries in ea
h 
olumn and ea
h row are approximately equal. Theunderlying generation model guarantees that T 0 
an be 
ompleted into a feasibletimetable, and has the advantage that the expe
ted hardness of 
ompleting a
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partially 
omplete timetable 
an be �nely 
ontrolled by tuning the number ofremoved entries.In order to investigate the hardness of the instan
es of our generator we
ondu
ted a 
omprehensive experimental investigation.We observed that there isan easy-hard-easy pattern in the 
omputational diÆ
ulty of 
ompleting partially
omplete timetables with LSA's for SAT as the ratio of the number of removedentries to the total number of entries is varied. Timetables in the hard regionprovide a suitable set of randomly generated satis�able s
heduling ben
hmarks.We 
onsidered the generi
 problem solving approa
h that 
onsists in mod-eling 
ombinatorial problems as SAT instan
es and then solving the resultinginstan
e with a SAT solver. In the last years the planning as satis�ability ap-proa
h has gained popularity and has allowed the 
reation of planning systemslike Bla
kbox [9℄. The s
heduling as satis�ability approa
h was used by Craw-ford & Baker [5℄ to solve the job shop problem and by B�ejar & Many�a [2, 3℄ to
reate timetables for a variant of round robin tournaments. The generation ofsatis�able instan
es for the quasigroup 
ompletion problem was investigated byA
hlioptas, Gomes, Kautz & Selman [1, 6℄, as well as in [8℄. Their papers inspiredour work on the round robin 
ompletion problem.The paper is stru
tured as follows. In Se
tion 2 we introdu
e the round robinproblem. In Se
tion 3 we des
ribe the random generator of partially 
ompletetimetables. In Se
tion 4 we present and dis
uss the experimental investigation.2 The round robin problemIn this paper we 
onsider the timetabling problem for temporally dense singleround robin tournaments (DSRR): given an even number of teams n, the DSRRproblem 
onsists in distributing n(n � 1)=2 mat
hes in n � 1 rounds in su
h away that ea
h team plays ea
h other team exa
tly on
e during the 
ompetition.Figure 1 shows a 6-team DSRR timetable. We represent DSRR timetables forn teams by an n � (n � 1) matrix o of variables, where variables ot;r tell theopponent team against whi
h team t plays in round r.The DSRR problem for n teams 
an be represented as a 
onstraint satisfa
-tion problem (CSP) [7℄ as follows:{ The set of variables is formed by all variables ot;r in matrix o.{ The domain Dot;r of ea
h variable ot;r is f1; : : : ; ng.{ The set of 
onstraints is formed by the following 
onstraints:� all-different(ot;1; : : : ; ot;n�1); for every t 2 f1; : : : ; ng, and� round-mat
hes(o1;r; : : : ; on;r); for every r 2 f1; : : : ; n� 1g.The 
onstraints all-different and round-mat
hes are de�ned as follows:all-different(x1; : : : ; xm) = f(v1; : : : ; vm) 2 Dx1 � � � � �Dxm j8i;j;i6=j vi 6= vjground-mat
hes(x1; : : : ; xm) = f(v1; : : : ; vm) 2 Dx1 � � � � �Dxm j8i;j;i 6=j vi 6= i ^ vi = j $ vj = ig
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teams/rounds 1 2 3 4 51 2 4 6 3 52 1 3 5 6 43 5 2 4 1 64 6 1 3 5 25 3 6 2 4 16 4 5 1 2 3Fig. 1. A 6-team DSRR timetable
1 2 3 4 5 61 X 1 4 2 5 32 1 X 2 5 3 43 4 2 X 3 1 54 2 5 3 X 4 15 5 3 1 4 X 26 3 4 5 1 2 XFig. 2. A symmetri
 quasigroupThe all-different 
onstraint expresses that ea
h row of a DSRR timetable
ontains every team only on
e, and the round-mat
hes 
onstraint expressesthat ea
h 
olumn groups the teams into mat
hes; ea
h 
olumn represents all themat
hes of one round.Next, we de�ne the SAT en
oding of the n-team DSRR problem that weused in the experimental investigation des
ribed in Se
tion 4.1. The set fpki;j j 1 � i � n; 1 � j � n � 1; 1 � k � n; i 6= kg is the set ofpropositional variables. The intended meaning of pkij is that team i playsagainst team k in round j.2. The 
onstraint all-different(pi;1; : : : ; pi;n�1) is de�ned as follows:V1 � j < n � W1 � k � nk 6= i pki;j ^ V1 � k1 < k2 � nk1 6= k2 6= i (:pk1i;j _ :pk2i;j) � ^V1 � j1 < j2 < nj1 6= j2 V1 � k � nk 6= i �:pki;j1 _ :pki;j2�3. The 
onstraint round-mat
hes(p1;j ; : : : ; pn;j) is de�ned as follows:V1 � i � n V1 � k � nk 6= i �:pki;j _ pik;j�We de�ne the DSRR 
ompletion problem to be the problem of determiningwhether a partially 
omplete DSRR timetable 
an be 
ompleted into a feasibletimetable. In Se
tion 4 we provide experimental eviden
e that 
ompleting aDSRR timetable is 
omputationally harder than 
onstru
ting a full timetable.The DSRR 
ompletion problem is NP-
omplete. This follows from the fa
tthat it is equivalent to the problem of 
ompleting partially 
omplete symmetri
quasigroups, whi
h is know to be NP-
omplete [4℄. Figure 2 shows the symmetri
quasigroup of size 6 that 
orresponds to the DSRR timetable of Figure 1. Weuse the symbols f1; 2; 3; 4; 5; Xg to �ll the entries of the quasigroup: the entry inrow i and 
olumn j is r 2 f1; 2; 3; 4; 5g if team i plays against team j in roundr, and the entries of the diagonal of the quasigroup are X .
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3 A random generator of partially 
omplete timetablesThe random generator of partially 
omplete DSRR timetables that we have de-signed and implemented has two pe
uliarities: (i) produ
es ex
lusively satis�ableinstan
es, and (ii) the number of removed entries in ea
h 
olumn and ea
h roware approximately equal. It has been shown re
ently that removing entries in abalan
ed way allows one to generate hard quasigroup 
ompletion problems [8℄.The pseudo-
ode is shown in Figure 3: we represent entries by ot0t;r and referto removed entries as holes. The intended meaning of ot0t;r is that team t playsagainst team t0 in round r.pro
edure Random-Generatorinput: an even number of teams n and an even number of holes houtput: an n-team partially 
omplete timetable with h holesh0 := b hn�1 
+ 1T := a randomly generated n-team 
omplete DSRR timetablewhile h > 0 doS := set of non-empty entries ot0t;r of T su
h that rows t; t0 havehave less than h0 + 1 holes and 
olumn r has less than h0 holes;ot0t;r := a randomly sele
ted entry of S;T := T with entries ot0t;r and ott0;r removed;h := h� 2;endwhilereturn(T );Fig. 3. Random generator of partially 
omplete timetablesIn the experimental investigation, we used WalkSAT and the SAT en
odingde�ned in Se
tion 2 to randomly generate a 
omplete DSRR timetable. SATen
odings of partially 
omplete timetables were obtained by adding the list ofholes to the SAT en
oding of the 
orresponding 
omplete timetable. As theresulting en
odings had a 
onsiderable number of unit 
lauses, they were �rstsimpli�ed by applying unit propagation and then solved with WalkSAT.It is worth mentioning that WalkSAT takes less than 1 minute to �nd a 
om-plete timetable for 40 teams. Systemati
 satis�ability algorithms like Satz [10℄are not able to solve 
omplete DSRR timetable for 14 teams after 48 hours.4 Experimental resultsIn the experimental investigation we �rst used the random generator of partially
omplete timetables to produ
e sets of instan
es for di�erent number of teams:n = 30; 32; 36; we 
onsidered these values of n in order to get experimental resultsin a reasonable amount of time. For all the sets, we varied the ratio of the numberof holes (h) to the total number of entries of the timetable (n � (n � 1)) from0:350 to 0:420 for n = 30; 32, and from 0:320 to 0:400 for n = 36; we in
rementedthat ratio by 0:001 in ea
h step. At ea
h setting we ran WalkSAT on 20 partially
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Fig. 4. Computational 
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Fig. 5. Normalized 
omputational 
ostpro�les for 30, 32 and 36 teams
omplete timetables. Ea
h instan
e was exe
uted until 25 solutions were foundusing no 
uto� (max
ips), 30% noise for n = 30, 26% noise for n = 32, and 20%noise for n = 36. We used approximately optimal noise parameter settings forea
h timetable size. Su
h experiments were performed on PC's with 500 MHzPentium III Pro
essors under Linux Operating System.Figure 4 visualizes the easy-hard-easy pattern in the 
omputational diÆ
ultyof 
ompleting partially 
omplete timetables with WalkSAT for n = 30; 32; 36.Along the horizontal axis is the ratio of the number of holes to the total numberof entries of the timetable, and along the verti
al axis is the median number of
ips needed to solve an instan
e.Figure 5 is like Figure 4 but the median number of 
ips are normalized. One
an observe that there is a shift in the lo
ation of the hardness peak as a fun
tionof the number of teams.Figure 6 visualizes the easy-hard-easy pattern for n = 32 showing se
ondsinstead of 
ips. Along the verti
al axis are the mean and median number ofse
onds needed to solve an instan
e.
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From the experimental results we 
an 
on
lude that, when we use our randomgenerator of partially 
omplete timetables, there is an easy-hard-easy pattern inthe 
omputational diÆ
ulty of 
ompleting partially 
omplete timetables withLSA's for SAT as the ratio of the number of removed entries to the total numberof entries is varied. Thus, the expe
ted hardness of 
ompleting a timetable 
anbe �nely 
ontrolled by tuning the number of removed entries, and timetables inthe hard region provide a sour
e of suitable s
heduling ben
hmarks to evaluateand �ne-tune LSA's.Taking into a

ount the existing work on the quasigroup 
ompletion prob-lem [1, 8℄, and the equivalen
e between the DSRR 
ompletion problem and theproblem of 
ompleting partially 
omplete symmetri
 quasigroups, we 
onje
turethat the easy-hard-easy pattern 
ould also be observed if we use non-Boolean en-
odings as well as algorithms other than WalkSAT. A 
ru
ial point for obtainingthis diÆ
ulty pro�le was the generation model of partially 
omplete timetables.We did not identify the easy-hard-easy pattern with other strategies of makingholes.A
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