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Abstract—In this work we study the portfolio problem as to minimize the mean execution time of the set of instances
which is to find a good combination of multiple heuristics to  The execution time of an instance given a resource allatatio
solve given instances on parallel resources in minimum time. iq yaken here as the shortest execution time of a heurismwh

The resources are assumed to be discrete, it is not possible . imul \v all the heuristi his |
to allocate a resource to more than one heuristic. Our goal executing simultaneously all the heuristics on this instan

is to minimize the average completion time of the set of following the resource allocation.
instances, given a set of heuristics on homogeneous discrete This formulation of the problem as a portfolio is motivated
resources. This problem has been studied in the continuous by the fact that we may not know which is the best suited

case in [18]. We first show that the problem is hard and that . : .
there is no constant rafio polynomial appraximation in the heuristic to solve an instance before actually solving heT

general case. Then, we design several approximation schemednteérest of this sharing model is that in practice if the ienc
for a restricted version of the problem where each heuristic mark of instances is representative over all possible fsts,

must be used at least once. These results are obtained bywe will have a better mean execution time than using only
using oracle with several guesses, leading to various tradeoff one heuristic.

between the size of required information and the approximation

ratio. Some additional results based on experiments are

finally reported using a benchmark of instances on SAT solvers. B. Related works

There exist many studies focusing on the construction of

automated heuristic selection process in various area.aFor
I. INTRODUCTION given problem, they usually proceed first by identifying the
set of features which characterize its instances. A magcisin
) ) _ ) _ then built between types of instances and heuristics inrorde
~ We are interested in this work in solving hard computay determine an efficient heuristic for any instance.
tional .problems like t.he sat|sf|ap|llty problem SAT. It |s.M\(e In [16] for example, the authors introduce a generic frame-
established that a single algorithm can not solve effigfentlyqry for heuristic selection in a parallel context and apply
all the instances of such problems. In most cases, they §'§; some classical problems like sorting, remote method
charact_erlzed by the g_reat va_rlablllty of their executionet invocation or parallel reductions. In [22], the authors gesg
depending on the considered instances. Thus, a good @ffeclj yoqe| for the heuristic selection in the case of the reismiut
solution is to consider several heuristics and combine thejp partial differential equations. The Self Adapting Large
in such a way to improve the mean execution time wWheRraie Solver Architecture (SALSA) project uses statistica
solving a large set of instances. We are interested in t8ayechniques for solver selection [8]. In [6] the authors gtthee
in d§5|gn|ng adequate comblngtlon schem'_eS- The SUQQG%SHstruction of a selection process for linear system ogisol.
solution is based on the portfolio problem, introduced i@ thrie construction of automated selection process requires t

field of finance many years ago [13]. This problem can Qgentification of a representative set of features. This loan
informally recalled as follows: given a set of opporturstie very difficult depending on problems [8].

an amount of possible investments on the set of opportsnitie There are other alternative works based on heuristic portfo

and ti:e Ft)aym: ct)ptaf{'rr: ei w:\en Invetsufn.g antamotutnt onkeaﬁ: that can be used in these cases. A portfolio of heuristies
opportunity, what 1S the best amount ot investment 1o make Qi o otjon of different algorithms (or algorithms with fifent

each opp_ortumty n order o maximize the sum of the payoff arameters) running in an interleaved scheme. There arg man
We consider the simultaneous use of heuristics of a porutfog)t er works interested by heuristic portfolio. In [10], [11

of instances on parallel resources. Using the vocabulary e authors show the interest to use heuristic portfolio on

Computer Smencg,.we assume that there exists a be”‘*.‘"}a omized heuristics. Concurrent use of heuristics fiwirsp
cor_nposed of a f"?'te set of instances and some he_unst instance have also been suggested in [7], [20] with the
\r/1vh|c_h t_solve the”s?hms_tar:ces. The ExpectecTzlhexeck;J_tloP t”f'?esc8ncept of asynchronous team. In [19], the authors study how
deurls Ics orr: ab € ns ancesnls UOW?' he ?\ Jec “./;'S 18 interleave the execution of different heuristics in ortte
etermine the best resource allocation for the heuristics s o 06 the execution time of a set of instances. We have ynainl
*This work was done when Alfredo Goldman was visiting LIG onpeen interested in the resource sharing approach, astieedd
sabbatical leave from Sao Paulo University. in [18] and [15].

A. Description of the context and motivation



The oracle based approach used in part V is inspired from Il. RESOURCESHARING SCHEDULING PROBLEM
many works. Indeed, the concept of adding some quantifiame

information to study what improvements can be derived gxist . . .
in other fields than optimization problems. Let us briefly We describe below the Resource Sharing Scheduling Prob-

describe them. lem introduced in [18]. As we have already indicated, the

In the distributed context [5], a problem is calledorma- problem is characterized by a set of exhaustive, or represen
tion sensitiveif a few bits of information enable to decreasdative, instances. Given many heuristics that can be used to
drastically the execution time. The information sensitwes SOlve these instances, a fraction of the whole resourcetohas
is used to classify problems by focusing on lower bounds &§ allocated to each of these heuristics in order to minimize
the size of advice necessary to reach a fixed performance it execution time of the set of instances. This problem can
giving explicitly oracle information and studying the ingwe- formally be described as follows:

Definition of the problem

ment (as in [5] and [4]). Resource Sharing Scheduling Problem (RSSP)

In the on-line context, this quantifiable oracle informatio ~Instance:A finite set of instance$ = {/y,.. ., I}, a finite
could be recognized in the notion of “look-ahead”. The lookg€t of heuristics? = {hy, ..., hy}, a cost matrixC (h;, I;) €
ahead could be defined as a slice of the future which {& for eachl; € I, h; € H, a real valuel' € R*.
revealed to the on-line algorithm. Thus, it is possible tover ~ Question: Is there a vector 5 = (51,....5)
lower and upper bounds depending on the size of this sliééth S; € [0,1] and >, S; < 1 such that
[2], [3]. Sy min { Ul sis > 0f <77

In the context of optimization, some polynomial time ', this problem,C(h;, I;) indicates the execution cost of
approximation schemes have been designed thanks to @ istich, on the instance; with all the available resources.
guessing technique [1]. This technique can be decomposgdyactice, this cost can be considered as the executica tim
in two steps: proving an approximation ratio while assuminghe vectorS — (Sy,...,S5,) with S; € [0,1] defines a
that a little part of the optimal solution is known, and fiyall possible share indicating that each heurigticl < i < k

enumerating the possibilities for this part of the optima; pe executed with a proportios; of the entire resources.

solution. In this problem if a proportiors; of the resources are given
to a heuristich;, it would execute an instance ify with a
C. Contributions cost equal to% The resource sharing problem has been

In this paper we introduce a new problem (Discrete Rg_roved to be NP-complete in [18]

source Sharing Scheduling Problem, dRSSP) which is an
extension of the continuous version presented in [18] (also
based on heuristic portfolio [10], [11]). Our approach is Sayag et al. [18] have also studied another related problem,
motivated by the fact that an optimal non integer allocatisn hamely the time switching problem. This problem considers a
considered in [18] may not be feasible on an integer numbirite set of instances and assume a finite set of interrgptibl
of resources. We provide complexity and inapproximabilitzeuriStiCS- To solve instances, the execution of the differ
results for this problem. Then, we study a restricted versi euristics are interleaved in a fixed pattern of time intlstva

of the dRSSP using an oracle based approach. We do Astin RSSP an execution ends as soon as one heuristic solves
only apply the guessing technique, but we aim at developiffge current instance.

a methodological approach by looking for several guessesAS previously, the goal in the task switching problem is to
and Studying the different tradeoffs obtained. Fina”y, na find a schedule which minimizes the mean time execution on
experiments (using instances extracted from actual executthe set of instances. This approach is interesting in a eingl
time of heuristics solving the SAT problem) to evaluate ¢hegesource problem and has also been studied by Streeter et

tradeoffs. al. [19].
In [18], it has been proved that to each resource sharing

schedule corresponds a time switching with a lower exeoutio

time. Even if the time switching approach produces schedule
The rest of the paper is organized as follows. In Section With a better execution time, it assumes that heuristics are

we present the resource sharing problem as defined in [1i8ferruptible. However, all the interrupted states havebéo

In Section Ill, we introduce a discrete version of the reseurstored leading to a prohibitive memory cost on multiple

sharing problem and we also study its complexity. In Secesources.

tion IV we prove the inapproximability of the problem, and Notice also that in several cases, giving more resources to a

define consequently a restricted version. We design in @ectheuristic does not have a positive impact on its executibis T

V several approximation schemes (based on oracle guesse®specially true when using hard to parallelize heusstis

for this restricted problem. Finally, some experimentautess those involving a large number of irregular memory accesses

of these approximation schemes are presented in Section &id communications [21], [12]. That is why we focus on the

We conclude in Section VII. discrete version of RSSP.

A related problem

D. Organization of the paper



IIl. DISCRETERESOURCESHARING SCHEDULING Ve C V of sizem, we construct a dRSSP problem instance
PROBLEM wherel = {I,,...,I,}, such that to eacli; € I corresponds

A. Definition of the problem an edge(v;,,vj,) With (vj,,v;,) € E, H = {h1,... hi}
whereh,; corresponds to the vertices,

a>0 if v, =v; orv, =uvj,

We consider now a finite number of discrete resources.
Moreover, we initially do not assume a linear execution cost ¢ (p,, I) =

The solution cost of an instance should be explicitly given f B where 3 = nma + 1 otherwise:

each heuristic and given number of resources. Formally, tAed 7" = nma.

problem can be stated as follows: Figure 1 presents an example of this reduction for a partic-
discrete Resource Sharing Scheduling Problem (dRSSP)ular graph. Let us consider an instance of the Vertex Cover

Instance: A finite set of instanced = {I,...,I,}, a problem for which the corresponding dRSSP problem has a
finite set of heuristic§7 = {h1,...,hs}, a set ofm identical solution S.
resources, a cost'(h;,I;,p) € R for eachl; € I, h; € H
andp € {1,...,m}, areal valuel' € R™. T T

Question: Is there a vectorS = (S51,...,S5;) with I — () Iy —— (t500)

S; € {0,...,om} and0 < ¥ .S, < m such that C_th Lk Ah Ui L e
i I%igk{C(hi,Ij,Si)|Si >0} <T? ; T i ; - :

The idea in this problem is to find an efficient partition of o PP
resources to deploy the set of heuristics on the homogenequs , o |7 7 |7 2|7 |7
resources. The cost functiogré(ligk{C(hi,Ij,Si)) introduced L O O A K T
by Sayag et al. [18] and used here, considers that for each Graph Excention cost matrix
instance, all the different heuristics are executed with t

1 Example of derivation for a particular graph in which are looking
defined share and then stop their execution when at Ieast & vertex cover of sizen. In this exampleq = -

heuristic finds a solution.

We study from now on the dRSSP with thieear cost
assumption which indicates that the execution cost is pro- The setl/¢ = {v; s.t.S; # 0} is of size at mostn since we
%o}rltional to the number of resources use&d(X;, [;,p) = havem resources. This set is also a vertex cover since if there
M) was (vj,,vj,) € E with v;, ¢ V¢, v;, ¢ V¢ then the cost of

To empha3|ze the difference between dRSSP and RSSPtie associated problem would have been at least + 1.
use the same example presented in [18]. Suppose that we hav®n the other hand, if there exists a vertex covérof size at
2 instances 1y, I»), 2 heuristics {u, hs), 2 resources and the mostm then the vectoS = (S, ..., Si) whereVi,1 < i <

i i . 2 10 .
= 1 ifv,evVe _
following exeaution cost mairhx 10 1 > ) kS = Ui €V is a solution to the above dRSSP
a fraction 0 otherwise,

To deduce the optimal solution with RSS

of one heuristic has to be allocated such as to minimizefoblem. Each instancé; can be treated using a heuristic

2 10) 4 in (L0 “The minimum is obtained for corresponding to the conS|dered vertex cover, and executed
B 29” \1[” Thus. th lt v | soluti ith RSSP st with one resource, leads to total costv. Thus the cost of

L =2—vz 1hus, Ine optimal solution wi consists the dRSSP instance is at most equahtoc. [ ]

give 2(2—v/2) resources t and2(v2—1) resources td. In the previous reduction, the corresponding dRSSP always
This solution leads to a schedule with a total execution tll‘l’h %s more heuristics than resources. An interesting quetio

equal to5.8284. The optimal solution with dRSSP consists t(%o determine whether if dRSSP problem is still NP complete
give one resource th; and one toh,. This solution gives a when there are more resources than heuristics

schedule with the total execution time equalto Proposition 3.2: The dRSSP problem remains NP complete
B. Complexity even when there are more resources than heuristics.
Theorem 3.1:The dRSSP with linear cost assumption is  Proof: We will adapt the previous reduction in this case.

NP-Complete The idea here is to introduce a virtual instance and a virtual
Proof: First, it is easy to check that the problem is in NFpeuristic such that we can reach the target bound only if we

suppose that a vectst = (S, ..., S) is a candidate solution solve the virtual instance with a large number of resources

to a dRSSP instance withu resources ané heuristics. One Wwith the virtual heuristic.

can verify in timeO(nk) that S satisfies the requirement of Being given a graptG = (V. E), V = {vy,...,0p},k =

min

the portfolio problem. [V|, |E| = n in which we are looking for a vertex covéf® C

We will proceed by a reduction from the (well known)V of sizem, we construct a dRSSP instance with+ 1)m
vertex cover problem to prove that the dRSSP problem is NResources,] = {Ii,...,I,,I,+1}, such that to eacH; ¢
complete. I,j < n corresponds an edde;, ,v;,) with (v;,,v;,) € E,

Being given a graplG = (V,E), V = {v1,...,vx},k = I,+1 is a virtual instance added? = {hq,...,hg, hrt1}
V|, |[E| = n in which we are looking for a vertex coverwhere theh;,i < k corresponds to the vertices ahd,, is a



virtual heuristic, (MA), which consists in allocating’* | processors to each

. . heuristic.
a>0 if(i<kj<nand Let us now define some new notations, given a fixed valid
C(hi, I;) = @i = vj; OT v; = vj,)) solution S (not necessarily produced by MA), and a fixed
kv f(i=k+1landj=n+1) optimal solutionS*.
T+1 otherwise. Definition 4.2: Let o(j) = io/Saels) —  jpin Cls)
0 1<i<k g

HereT = y(k-+1)+nm(k+1)a andy = nma(km—1)-+1. pe thg index of the useq heyristic for instance {1,..,n}
We solve this problem by assuming thfat+ 1)m resources are In 5 (ties are broken arbitrarily). _
available and if there is a vectsr satisfying the requirements e define in the same way"(j) as the index of the used
of dRSSP, we take the s&t° = {v; s.tS; # 0} as a solution Neuristic for the instancg in S*C-(h o
for the vertex cover problem. Otherwise, we answer that theDefinition 4.3: Let T'(I;) = —g»== be the processing
given vertex cover problem does not have a solution. Notigne of instancej in S.
that with this reduction, the number of heuristigs+ 1) is We define in the same wely*(/;) as the processing time of
smaller than the number of resourdés+ 1)m. They value instancej in S*.
has been taken such that if there are less thanresources  Proposition 4.4:MA is ak approximation for the restricted
(for examplekm — 1) which where assigned th;.;, then dRRSP.
it will not be possible to have a portfolio of cost lower than  Proof: Let us first remark thaMMA allocates at least one
T since the execution cost df,.; on hx1; would be larger processor to every heuristic, which respects our new cainstr
thanT. Then it leads that any solution to this problem giveket (a,b) € N? such thatm = ak + b,b < k. Notice that
a solution to dRSSP on instanceés ..., I, with heuristics a > 1, given that we must allocate at least one processor to

hi,...,h; on at mostm resources and this corresponds to avery heuristic.
solution for the vertex cover problem. B We have,Vj € {l1,..n},T(;) < M
- o* ()
St (k- (k-
IV. APPROXIMABILITY o) < %T*(Ij) = D7) <

In this section, we will show that the dRSSP can not bl (/;), which leads to the proposition.
approximated within a consant factor. Therefore, we define a ) ) ) . =
restricted version of the dRSSP for which we provide a first W& Will now study how this algorithm can be improved
approximation algorithm. thanks to the use of an oracle.
Proposition 4.1: The dRSSP problem can not be approxi-
mated within a constant factor in polynomial time.
Proof: The gap reduction is directly deduced from thé. Introduction

NP completeness proof. The only difference is that we choosqn this section, we study the restricted version of dRSSP

f = zanm, for z in RT (andx > 1). Then if there is a ;5 o0 standard perspective by assuming the existence of
vertex cover of sizen, the opumal cost .Of the corr.espondmga reliable oracle that can provide some extra informatian fo
dRSaSZP_Isal < nma, otherW|s_e th.e optimal cost is, > §, each instance. We will not only apply the guessing technique
and_a—l = &, which can be arbitrarily large. but have a methodological approach by looking for many
Since the case where the number of allocated resou%sible guesses, and studying the different tradeoftsir.

can be zero has no polynomial approximation algorithm, Wge show that by choosing “correctly” the asked information,

consider from now on a restriction of the linear version f s hossiple to derive very good approximation ratio while
dRSSP in which each heuristic must use at least one ProCesspn oy using thel A algorithm. More specifically (for any
which requiresm > k. This additional “allocating constraint” = {1.....k} and an execution time i(kn)), we pro-
can be interpreted as a justification of the chosen portfolig,. 5 7(1: B g) approximation with an information of size
of heuristics. Indeed, if in a solution we don't allocate anglog(m)z , and a’=! approximation with an information
processor to a heuristic, it means that this heuristic stroul of size glog(k) + gzqog(m). This kind of results leads to

appear in the given portfolio. In other words, this consnra! two interesting developments. First, it gives more insigld

means that the portfolio is well chosen. We could also notigRe considered problem because the type of information used

that if a heuristic is completely dominated by another (Whicemphasizes where the difficulty comes from. Secondly, this

means that for all the instances, the first one is slower th%rp]d of approximation with advice is a first step towards the

the second one), it would have no sense to allocate even %%ign of classical approximation algorithms by repladingy

processor to the dom|.nated heuns'uc. Thus, no heuristic dracle with another algorithm (which for example enumesate
dominated by another in the given portfolio.

T | hi icted : t the i . aﬂl the possibilities). In both cases, this methodologyuces
0 solve this restricted version of the linear version gf,q original problem to the study of this oracle information

dRSSP, let us now analyze a greedy algorithm which will serve
as a basis fOt.‘ more SOph'S_t'Cated appro_><|mat|ons pre;amted 2As the encoding of the instance is fixed, all the informatiaesiare given
the next section. We consider the algoritmnean-allocation exactly, without using the notation.

V. ORACLE BASED APPROACH



B. Choosing an arbitrary subset of heuristics Let « € RT. We needa > 1 to allocate at least
As a first step, we choose arbitrarily heuristics (denoted one processor to the guessed heuristics. The ratio of any

by {hi,...,h,} without loss of generality and called “theStancej such thatr*(j) € {1,..., g} is 52;. Now we wil
guessed heuristics”) among theavailable heuristics. In the bound the approximation ratio for the others heuristicst Le

’ g S
first guessG, the oracle provides the number of processorg = LHZT#J be the number of processors added to

allocated to thesg heuristics in an optimal solution. each non guessed heuristig, j € {g +1,...,k}. We have
) D:finigontS.l E]Gue_sts_, 1)LetOl Glf_ :d(siﬂt,_...l, S;I),t']:;‘:* 8 o> YEELIS g S VR GE) ) ek g
ixed subset ofy heuristics and a fixed optimal soluticsi. _ or

b P we add at least = % processors per heuristic. The

Notice that this guess can be encoded u§ing = glog(m)
bits. We will study two algorithms, both based 8hA, which
make use of5;. We first introduce some notations: let =
k — g be the number of remaining heuristies= X7_, S} the
number of processors used in the guess, mane= m — s the
number of remaining processors. We also defirlet’) € N2

ratio for any instancg such thato*(j) € {g +1,...,k} is
bounded by%. We have to ensure that < ;= to
havex > 0. The two constraints are not conflicting because,
according to the hypothesis, we know that;; > + > 1.

To summarize, we are looking far* which minimizes

such thatm’ = o'k’ + V',V < k'. maz(32y, ma'(#)'

Let us consider a first algorithm/ A¢ which, given any
guessG = (X1,...,X,),X; > 1, allocatesX; processors to af om = (K —1)
heuristich;,i € {1,..., g}, and applies\/ A on thek’ others ar—1 g4 a(bi—kk)ﬂ‘
heuristics with them’ remaining processors. This algorithm a*lj(m/ ~ (K 1))

used withG = G leads to the following ratio. =
Proposition 5.2: M A%t is a (k — g) approximation for the L ,
restricted dRSSP. — ot = — k /(m _,(k —D)+s /

Proof: First, remark thafl/ A" produces a valid solution k(! — (K" = 1)) + k —m
because we know that > 1 (there is at least one processor We notice thatv® > 1 is true asm > s > k. If o™ < =25,
per heuristic in the optimal solution considered). Thengioy we choosea = «*, and we get the desired ratig®; =
instancej treated by a guessed heuristic in the optimal solutiofi(m’ — (v’ —1))+s _ (k- g) (m—(52t s+ k—g—1))

H *( Gy m—k - - m—Fk '
con5|d¢red<( (j) € {1,... ,'g}), M A% is even petFer than In the other cased( > =), we choosey = == (which
the optimal. For the other instances, the analysis is theesag?so insuren = 1) and the ratio is < e -
as for the algorithm\/ A, and leads to the desired ratio.m insureq > 1), OIS TS5 S %

S
P
In the previous analysis, the approximation ratio for thﬁ[

a*(m' =)+ a*(b —k)+s

Let us conclude this proof with a remark? To apply

. e A_R®, remind that we need > k + ¢ (c can be chosen
instances treated by the guessed heuristics is unnedgssari - . ; . .
. ; . in' N*). To use this algorithm in a practical way, we would

good. Therefore, we will consider another algorithmean- . h L

. i P . L . like to choose an arbitrary subset g@fheuristics, and to try
allocation-reassign(M A_R®%), which redistribute a fraction ; . .

. all the possible allocations for these heuristics. Howewer

of the processors allocated on guessed heuristics to tleesoth

The goal will be of course to balance the tradeoff between t 8nt know if the chosen heuristics satisy > k + ¢ in

) -~ . e optimal fixed solutionS*. Even worse, there could be
ratio for the guessed heuristics and the ratio for the others : o
) . . . Instances where no such subset exist$tnif ¢ is not large
a reasonable requirement for this algorithm to work is teonou h (for example i — ™ Vi € {1, ., k}). Under certain
consider that the number of processors allocated to thesgdes 9 ple by =7 vo A

heuristic is sufficiently large. Thereby, we need k+c (with assumptionsy( > k(k + c)), one solution could be to modify

S the guesgs; as follows: G| = (S7,...,.5%), for an arbitrary
> G. N 1r:5 Mg
icm_ Iilgatt(i)oipc?fl);r]]\i/‘; Aa—sliumvfo\r’]v'gnd'ti%usfozflt:r;the proof the subset ofg — 1 heuristics, and5; > S, Vi € {2,..,k}. Thus,
P P P ) as we know thas > S} > ¢, we could assert that> k +c.

Let us define now more precisely the 2Igorithm: given any In the last solution, (where the only extra assumption we
?g(?JSSCl’;O:eS(,?(}I‘ZS. to 7h)<§ﬂ)r;s)t(i:;261 {]1\4A—R} aaILtijcztesl)i&zl finally need ism > k(k + ¢)), we notice that we need
or?thepk’ others heuristics wi:cﬁl thm”li’gg ’[XiJ reprze){inin particular properties for the chosen heuristi6$ & S;). Even

=11« 9 i asking such properties increases the length of the guess
(|G| = log(k) + glog(m) bits), it may lead to better approx-

processors. This algorithm used with = G, leads to the
following ratio, which is naturally decreasing accordimgtbe imation ratios. Thus, in the next part, instead of choosing a
arbitrary subset of; (or g — 1) heuristics, we will look for

numbers of processors allocated in the guess.
Proposition 5.3: For any guess7; such thats > k + ¢, what could be the “best” properties to ask for.

there exists am* such thatM/ A_R%' is a

kg1, .1 C. Choosing a convenient subset of heuristics
max( C, (k—g)(1— = kg ) In this part we come back to the restricted dRSSP (which is
¢ m= the dRSSP where the only extra constraint is to allocateast le
approximation for the restricted dRSSP. one processor to each heuristic), and we define a new guess,

Proof: which is larger than, but leads to a better approximation



ratio. Let us start with another analysis of théA algorithm D. Summary

which underlines an interesting property. For any hewristi | this section, we investigated the restricted dRSSP using
hiyi € {1,..k}, let T"(hi) = X;/0-)=1"(I;) be the 3 methodology based on oracle guesses. We looked for what
“useful” computation time of heuristicin the solutlonS* We  could be the more "efficient” guess to ask to the oracle, and
bound the value returned hy/ A by grouping the instances gptained three particular tradeoff between the length ef th
according to the heU”S“C on which they are computedin  gyess and the derived ratio. These results give insight @t wh

is difficult in this problem (finding which are the most used
Tua = Z _ Z VT I heuristics, and of course their allocation), and can be ted
=1j/or ()= derive classical approximation schemes. The details ofethe
* schemes are indicated in figure 2.
< YE Y
i=1 """ j/o*(j)=i algorithm  approximation ratio complexity
MAG: (k—29) O(m? * kn)
= Z ZT* N AG { ktc O((k — g)m » kn)
max ¢ — m7 x KN
" " (k~9)(1 ~ ) !
< Max;(T* (hl))m M AG= e O((km)9 * kn)
3
< Maz;(T"(h:))(2k — 1) Fig. 2. Complexity of the oracle based approximation schemes,
o _ o MAG k(k gy = g oo
The approximation ratio of the\/ A algorithm is (2k — requiresm > k(k + ) andz m—k
Mazx;(T" (h;)) . : .
1) Opt - From this form of the ratio, we can infer that In the next section we present experimental results of our

the difficulty in this problem comes from the input whepgt
is close to Maxz;(T*(h;)), i.e. when a very small number
of heuristics is responsible for the major part of the total VI. EXPERIMENTAL RESULTS
computing. Hence, we define the second guess as follows. We applied our algorithms on the satisfiability problem
Definition 5.4 (Guess 2)Let Gy = (S7,...,5;), be the (SAT). The SAT problem [9] consists in determining whether
number of processors allocated to #henost efficient heuris- a formula of a logical proposition given as a conjunction of
tics (which meansr™(hy) > .. > T*(hy) > T*(h;),Vi € clauses is satisfied for at least one interpretation. Sihis t
{g+1,..,k}) in a fixed optimal solutior5*. hard problem is very well known, there exists many heusstic
Notice that this guess can be encoded usjig| = that have been proposed to provide solutions for it.
glog(k)+glog(m) bits to indicate which subset gfheuristics ~ For our experiments, we used a SAT database (SRtEx
must be chosen, and the allocation of the heuristics. Thamkswvhich gives for a set oR3 heuristics (SAT solvers) and a

different approaches.

this larger guess, we derive the following better ratio. benchmark ofi303 instances for SAT the CPU execution time
Proposition 5.5: M A% is a k L approximation for the (on a single machine) of each heuristics on 1he3 instances
restricted dRSSP. of the benchmark.
Proof: We proceed as in the new analysis/afA: A. Benchmark

The 1303 instances of the SatEx database are issued from

g many domains where the SAT problem are encountered.
Tugo = > Y. T+ > > T Some of them are: Logistic planning, Formal verification of
i=1j/o*(j)=i i—g+1 §/o*(j)=i microprocessors, Scheduling. These instances are alsediss
g from many challenging benchmarks for SAT which are used
< > Y T Z Z Si T* in one of the most popular annual SAT competitfon
=li/en(G)=i =otli/en ()= B. Heuristics
k * L. .
_ Xg:T*(h-) i S 2L (k) The SatEx database contaitisheuristics issued from three
P ! L g+1 Si main SAT solvers family [23]. These are:
& . o The DLL family with the heuristicsasat, csat, egsatz,
= ZT*(hi) + Z (% — )T () nsat, sat—grasp, posit, relsat, sato, sato—3.2.1, satz,
P imgt1 Vi satz — 213, satz — 215, zchaf f

o The DP family with :calcres, dr, zres,
Using the same notationsn( = o'k’ +b',a’ > 1,0 < k'), o The randomized DLL family with ntab, ntab — back,
we getTygo < Opt + T*(hy )(m/ k") = Opt + T* (h!?)%" ntab — back?2, relsat — 200
Finally, the ratio for M ACz is r < 1 + T(;;Lt )b < 14  Other heuristics aréeerhugo, modoc, modoc — 2.0
g*Tg(l'hz,) % = % Shttp://www.lri.fr/ simon/satex/satex.php3
| 4http://www.satcompetition.org




C. Experiments plan

To validate our algorithms, we did experiments with the
set of heuristics and instances given by the SatEx database.£
In order to have several experimental cases (with cost matri
extracted from real execution time of heuristics solving th
SAT problem), we both consider the entire set of heuristick a
two randomly chosen subsets of heuristics. Given a heutisti
and an instancé; of the database, let us denotedpy(h;, ;)
the execution time of the heuristig; on the instancd;. We
did three series of experiments:

o In the first series of experiments (Experiments 1) we
considered all the23 heuristics of the SatEx database
and we assumed that we have0 resources. For eachgy
heuristich;, we took its execution time oh00 resources
as equal tazpu(hs, I;).

« In the second series (Experiments 2), we randomly se-
lected a set of) heuristics among the complete set23f

« Inthe third series (Experiments 3) , we randomly selected

a set of6 heuristics and we assumed that we hade
resources. For each selected heurigtjc, we took its
execution time orb0 resources as equal tu(h;, I;).
The number of selected heuristics and the number of re-
sources have been chosen such as to observe the behavio
of our different approximation algorithms in comparison
to the exact algorithm.

In all these experiments, we assumed the linear cost as-

sumption.

D. Results

We present in Figure 3 the discrete resource sharing cp
(sum of execution time over the set of instances) f6t4,

M A% and M A= in Experiments 1. Given a number of
heuristics to guess fak/ A%, we did 20 experiments where
we randomly selected (following a uniform distribution lawfor, A A%, MA%, M A% and the exact algorithm in Ex-
a subset ofy heuristics between th23 available. The values periments 3. The subset of heuristics selected for this isase
presented in Figure 3 fab/ A are the mean cost obtainedcomposed ofcsat, ntab — back2, modoc, dr, ntab, zchaff.
from the 20 experiments and the standard deviation . In Figsiven a numberg of heuristics to guess fol/ A% and
ure 3 theM A% algorithm gives the discrete resource sharing/ A%*, we did 20 experiments where we randomly selected
with the smallest cost for any value gf One can notice that a subset ofg heuristics between those considered. In this
as suggested by our theoretical studies the discrete mEsodfigure when guessing two heuristics, théA%> algorithm
sharing cost of\f A%t and M A%> decreases when the numbeprovides a discrete resource sharing cost equal to thogeeof t
of guessed heuristics is increased. One can also noticettare exact algorithm. This cost does not change 6r4%> when
when guessing heuristics, the obtained resource sharisig @uessing more heuristics. One can also notice here that the
MAG! returns a better value than thé AS1 algorithm.

In Figure 4, we present the discrete resource sharing costn Figure 6, we present the execution time necessary to
for, M AC1, MA%, M A% in Experiments 2. The subset ofcompute our discrete resource sharing in Experiments 3. The
selected heuristics for this case is composedsofz, nsat,
sato—3.2.1, satz — 215, egsatz, modoc — 2.0, sato, modoc,

is better than those of th&/ A algorithm.
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xperiments 1, one can notice here that Mel“> algorithm
ones in the SatEx database and we assumed that we Hygs the discrete resource sharing with the smallest cost f
100 resources. For each heuristic among the selected @Y Value ofy. One can also notice here that theAf! returns
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a subset ofg heuristics between those considered. As iSection V).

Guess number

ig. 4. Discrete Resource Sharing Cost witheuristics and 00 resources

In Figure 5, we present the discrete resource sharing cost

exact solution is computed by brute forck] A%, MA%1

and M A2 are executed with all the possible guesses of
posit. Given a numbey of heuristics to guess fat/ A%t and size g. Therefore all the execution times are exponential in
MAG}, we did 20 experiments where we randomly selected (the complexity of these algorithms is given in Figure 2,
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be executed, based on oracles with well chosen guesses.
Following the theoretical analysis, some experiments have
been conducted to study in detail the trade-off between the
execution time and the size of the required information.
There are many perspectives to continue this work, namely
the study of other cost functions; the proposal of new h&asis
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