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Summary. In recent work we have developed an online algorithm selection technigue
which a model of algorithm performance is learned incrementaliife being used. The re-
sultingexploration-exploitatiorirade-off is solved as a bandit problem. The candidate solvers
are run in parallel on a single machine, asagorithm portfoliq and computation time is
shared among them according to their expected performances. Irafbes, pve extend our
technique to the more interesting and practical case of multiple CPUs.

1 Introduction

Existing parallel computing systems (e. g., Condor, Glob®@ypera), are aimed at
improving speed and reliability of computation, but requhie user to specify which
computations should be carried out. In a more practicaatidn, a set of alternative
algorithms, of unknown performance, is available for a gigeoblem class, and one
would like to automate the process of selecting which atgorito use, indepen-
dently for each problem instance.Such automalgorithm selections now a thirty
years old field of artificial intelligence [19], even thouglosh work in this area has
been done in the last two decades. In the more geaégatithm portfolioparadigm
[16],the available algorithms are executed in parallet] #ie aim of selection is to
allocate computational resources among them. The probfeatgorithm (portfo-
lio) selection consists in deciding which experiments $thdixe carried out, given
a fixed amount of computational resources. In parallel camguthe set of exper-
iments is fixed by the user, while the available computatioesources may vary
over time, due to failures, load fluctuations, node addjtieta. In both fields, the
aim is obviously to minimize computation time, and to desgethe amount of hu-
man work and expertise required. With this paper, we intenddve a step towards
the integration of these two orthogonal approaches, dayisie blueprint of a more
“intelligent” cluster front-end. In the following sectiome will briefly review related
work. Section 3 describes our algorithm selection framé&w@sMBLE TA. Section
4 discusses its extension to the case of multiple CPUs.Adfaorting experimental
results (Section 5), we conclude the paper in Section 6.
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2 Related work

In general terms, algorithm selection can be defined as treeps of allocating com-
putational resources to a set of alternative algorithmsrder to improve some mea
sure of performance on a set of problem instancesdEoisionor searchproblems,
where a binary criterion for recognizing a solution is aablé (e. g., SAT [10]), the
only meaningful measure of performance is runtime, ancctieteis aimed at min-
imizing it. The selection among different algorithms canpeeformed once for an
entire set of problem instancgsef setselection); or repeated for each instanger(
instanceselection). As in most practical cases there is no singlst"bagorithm,
per instance selection can only improve over per set setechi further orthogonal
distinction can be made amostatic algorithm selection, in which any decision on
the allocation of resources precedes algorithm execugiodcynamicalgorithm se-
lection, in which the allocation can be adapted during alyor execution. Selection
based on a model of algorithm performance can be furthendisshed a®ffling

if performance data is gathered during a preliminary tragrphase, after which the
model is kept fixed; oonling, if the model is updated at every instance solution.

A seminal paper in this field is [19], in which offline, per iagte selection is
first advocated. More recently, similar concepts have beepgsed by théVeta-
Learningcommunity [7, 20]Parameter tuningan also be modeled as an algorithm
selection problem: in this case the algorithm set is compagenultiple copies of
the same algorithm, differing only in the parameter values.

The foundation papers about algorithm portfolios [16, 12], describe how to
evaluate the runtime distribution of a portfolio, basedatuntime distributions of
the algorithms.The RTD is used to evaluate mean and varianckfind the (per set
optimal)efficient frontierof the portfolio, i.e., that subset of all possible allooas in
which no element is dominated in both mean and variance.Rem@pproach based
on runtime distributions can be found in [4, 5], for paraileliependent processes
and shared resources respectively. The expected valueost &uaction, accounting
for both wall-clock time and resources usage, is minimizedall these works the
runtime distributions are assumed to be knapriori.

Further references on algorithm selection can be found,i®9][8Literature on
parallel computing, grid computing, distributed compgt[e, 1, 18] is focused on
allocation of dynamically changing computational resegtan a transparent and
fault tolerant manner. We are not aware of works in this fieldvhich algorithm
selection is considered. Performance modeling can be osguide scheduling de-
cisions, as in [1], where a simple estimate of expectedmis performed, in order
to be able to meet user-imposed deadlines.

3 Allocating a single CPU

Online model-based algorithm selection consists in updatimodel of performance
while using it to guide selection. It is intuitive that this seffiposes what is called
an exploration-exploitatiortrade-off: on the one hand, collecting runtime data for
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improving the model can lead to better resource allocatighé future. On the other
hand, running more experiments to improve a model whicladirallows to perform
good selections can be a waste of machine time. A well knoeor#tical framework
for dealing with such a dilemma is offered by the thelti-armed bandiproblem
[2], consisting of a sequence of trials againgt earmed slot machine. At each trial,
the gambler chooses one of the available arms, whose lossearalomly gener-
ated from different unknown distributions, and incurs ia ttorresponding loss. The
aim of the game is to minimize ttregret, defined as the difference between the cu-
mulative loss of the gambler, and the one of the best arm. Alibaroblem solver
(BPS) can be described as a mapping from the history of theredd losse$, for
each armk, to a probability distributiorp = (p1, ..., px ), from which the choice
for the successive trial will be picked. Given the notion efret, a straightforward
application of a BP S to algorithm selection, in which “pickgk” means “run algo-
rithm a; on next problem instance”, would only allow to identify thergset optimal
algorithm [8]. Suppose instead we do have a model based ché&hper-instance
algorithm selection, and we only want to know when the mosleeliable enough.
We can then play the game at an upper level, choosing, foradiequent problem
instance, between the model based selector and a simplenaredexploratory al-
location strategy, such as a parallel portfolio of all aaflé algorithms. Intuitively,
the BPS will initially penalize the model-based allocatmuf only until the model
is good enough to outperform the exploratory allocatoreative allocation tech-
niques can be easily added as additional “arms” of the bandit

More precisely, consider a sequerge= {b,...,by } of M instances of a de-
cision problem, for which we want to minimize solution tingeset of K’ algorithms
A={ai,...,ax}; and aset ofV time allocatorTA ) [8]. Each TA; can be an ar-
bitrary function, mapping the current history of collecfgetformance data for each
ax, to ashare?) € [0,1]%, with S s, = 1. ATAlis used to solve a given prob-
lem instance executing all algorithms i in parallel, on a single machine, whose
computational resources are allocated to eagbroportionally to the corresponding
sk, such that for any portion of time spents;t is used byay, as in astatic algo-
rithm portfolio [16]. The runtime before a solution is foursdhenming {¢x /sy }, tx
being the runtime of algorithm, when executed alone. A trivial example of an ex-
ploratory TA is theuniformtime allocator, assigning a constant (1/K, ...,1/K).
Single algorithm selection can be represented in this freorle by setting a single
s to 1. Dynamic allocators will produce a time-varying shafe). The TAs pro-
posed in [8] are based on non-parametric models of the rendistribution of the
algorithms, which are used to optimize the shaaecording to different criteria (see
next section).

At this higher level, one can use a BPS to select among difteime allocators,
TA;, TA, ..., working on a same algorithm set In this case, “pick arm” means
“use time allocator TA on A to solve next problem instance”. In the long term, the
BPS would allow to select, onger setbasis, the TA that is best at allocating time
to algorithms in4 on aper instancéasis. The resulting “Gambling” Time Allocator
(GAMBLETA) is described in Alg. 1.
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Algorithm 1 GAMBLETA(A,7,BPS) Gambling Time Allocator.
Algorithm setA with K algorithms;
A setT of N time allocators TA,;
A bandit problem solver BPS
M problem instances.
initialize BPS N, M)
for each problend;,: = 1,..., M do
pick time allocator (:) = j with probabilityp, (7) from BPS.
solve problend; using TAr on A
incur lossl; ;) = ming {tx(i)/s\" (i)}
update BPS
end for

One motivation for using a BPS is the guaranteed bound oetidgr[9], basing
on [3], we introduced EP3LIGHT-A, a BPS which guarantees a bound on regret
when the maximum loss is unknovenpriori. Note that any bound on the regret of
the chosen BPS will determine a bound on the regretafi@ e TA with respect to
the best time allocator. Nothing can be said about the padoce w.r.t. the best al-
gorithm. In a worst-case setting, if none of the time allocé effective, a bound can
still be obtained by including the uniform share in the seéfA$. In practice, though,
per-instance selection can be much more efficient than mmitdlocation, and the
literature is full of examples of time allocators convegin a good performance.

4 Allocating multiple CPUs

For simplicity, we assume a traditional cluster setup, vaitiront end controlling
the allocation of jobs on different nodes. Consider again ualgorithms.A =
{a1,as,...,ax }. This time we need to allocate time ohCPUs, so the share will
be represented asf& x J matrix, with columns summing to, S = {sg;}, sx; €

[0, 1]722(:1 sk; = 1Vj € {0,1,..., J}. For a given shar8, thesurvival functiort
for the distributed portfolio can be evaluated as (compatie (&2) from [8]):

J K
Sast) =] I] Sk(sest), @)
j=1k=1

We will first see how to apply the model-based time allocatiotsoduced in [8,
Sec. 4] for a single CPU, to a case in whi¢h> 1 CPUs are used:

1. Expected time.The expected runtime value is minimized w.8t.
+oo
S* = arg mgn/ Sas(t)dt. )
0

1 S(t) = 1 — F(t), F being the cumulative distribution function of the runtime distribution.
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2. Contract. This TA picks theS that maximizes the probability of solution within
acontracttimet,, , or, equivalently, minimizes the survival functiontgt

S*(t,) = arg msin Sa,s(ty). 3)
3. Quantile. This TA minimizes aquantilea of (1):
S*(a) = arg msin F;}S(a). (4)

While in [8] the share was found optimizing functions in@ — 1) dimensional
space, here the size of the search space grows also with thieenwf CPUs, as
J(K — 1). Fortunately, and rather unexpectedly, we could prove ttatoptimal
share for the contract and quantile allocatosamogeneoys. e., the same on each
CPU, such that the corresponding matrix has all its colungpusle(see Appendix).
This means that it can be found with a search iftka— 1) dimensional space,
regardless of the number of CPUs available.

The above criteria assume that one wants to use all avaié®lés. This may or
not be convenient, depending on the shape of the runtimebdigons at play. One
simple possibility for selecting the number of CPUs is toimjate the allocation
for 1,2,... up to J CPUs, and then use the numbgthat gives the best result,
considering that if a problem is solved in a timasingj CPUs, the total CPU time
used will bejt.

A dynamicversion of the above TAs can be implemented, periodicaltjatipg
the model, for example conditioning on the time already s@enin [8], and re-
evaluating the optimal share. Regarding the number of CHbsated, this should
only be decreased, as increasing it would require to stadlgorithms from scratch,
with the unconditioned model: in this situation the optiraaare would not be ho-
mogeneous, and we would have again a larger search space.

In the experiments described in the next section, we usetd & sgantile allo-
cators, with different parameter values foralong with the uniform allocator, and
considered the following heuristic: for each problem inst the front end picks a
time allocator, allowing it the use of all currently availelcPUsJ. The uniform al-
locator will take them all, and run all algorithms in paréth@ each, obviously with
a different random seed. The quantile allocators will iadtevaluate the optimal
share forl, 2, ..., J CPUs, and pick a numbegrof them such thajt,, is minimized,
to = F~1(a) being the quantile. The front-end will continue assigning temain-
ing J — j CPUs for the next problem instance, until all CPUs are oemipiVhen
a quantile TA dynamically updates its share, it re-evaki@téor 1,2, ..., j CPUs,
releasing some of the CPUs if necessary. Released CPUsearedhllocated by
the front-end to solve the following problem instance. A¢ tipper level, the BPS
(EXP3LIGHT-A from [9]) is used as in GMBLE TA, using thetotal CPU time as
a loss (i. e.jt if j CPUs are used for a wall-clock timg, in order to favor time
allocators that do not use more CPUs than necessary.

Unfortunately, the bound on regret of the BPS does not hottércase of mul-
tiple CPUs, as the proof assumesequentialgame, in which the probability dis-
tribution over the arms is updated after each arm pull, basethe observed loss.
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In this multiple CPU version of GMBLE TA, instead, the choice of time allocators
continues until there are CPUs available, and the feedbadke loss is received
asynchronously, only when the corresponding problem ircgtés solved.

5 Experiments

The main objective of these preliminary experiments is taly#e the speedup (the
ratio between runtime with andJ > 1 CPUs) and efficiency (the ratio between
speedup and number of CPUSs) of the proposed allocation mhettate that the
notion of efficiency assumes a different connotation in thaext of algorithm port-
folios: traditionally one does not expect to achieve anigfficy larger than, as it is
assumed that all computations performed on a single CPUthawe carried out on
J CPUs as well. This is not the case for algorithm portfoliasirathis case we can
stop the computation as soon as the fastest algorithm sibigggoblem, so we will
see efficiencies greater than

In the first experiment we applyAMBLE TA to a solve a set of satisfiable and un-
satisfiable CNF3SAT problems (benchmauits * , uu- * from [15], 1899 instances
in total), using a small algorithm set composed of a localdeand a complete SAT
solver (respectively, G2-WSAT [17] and Satz-Rand [13]). &logearch algorithms
are more efficient on satisfiable instances, but cannot puogatisfiability, so are
doomed to run forever on unsatisfiable instances; while éet@golvers are guaran-
teed to terminate their execution on all instances, as theyalso prove unsatisfiabil-
ity. The set of time allocators includes the uniform one, aimé quantile allocators,
with « ranging from0.1 to 0.9, sharing the same conditional non-parametric model
from [21]. As the clauses-to-variable ratio is fixed in thembhmark, only the num-
ber of variables, ranging fror20 to 250, was used to condition the model.

In a second set experiment we use Satz-Rand alofesets of structured graph-
coloring (GC) problems [11], also from [15], each composéd @ instances en-
coded in CNR3 SAT format. This algorithm/benchmark combination is pararly
interesting as thaeavy-tailedbehavior [13] of Satz-Rand differs for the various sets
of instance% [11]. In this case, the time allocators decide only how maasajel
copies of Satz-Rand to run for each problem: as the shareois each CPU, we
allowed the TAs to dynamically shrink and also grow the nund§€CPUs used.

Both experiments were simulated in MATLAB, on a single maehibased on
previously collected runtime d&tafor different numbers of CPU4 (5, 10, 15, 20).

® A heavy-taileduntime distributionF (¢) is characterized by a Pareto tail, i.B(t) —¢— oo
1—Ct™“. In practice, this means that most runs are relatively short, but theimérg few
can take a very long time, with differences among runs of severatomdenagnitude. In
this situation, both restart strategies and parallel execution proved todfteative way of
reducing runtime [12].

5 As we needed a common measure of time, and the CPU runtime meastitpsta inac-
curate, we modified the original code of the two algorithms adding a cquhétris incre-
mented at every loop in the code. All runtimes reported for this bendhararexpressed
in these loop cycles: on&4 GHz machine10° cycles take about minute.
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(a) SAT-UNSAT (b) Graph Coloring (all)

SAT-UNSAT GCall

Wallclock time [loop cycles]
Wallclock time [loop cycles]

0 500 1000 1500 0 200 400 600 800
Task sequence Task sequence

Fig. 1. (a): Wall-clock time for the SAT-UNSAT benchmark, for different nioens of CPUs
(10° ~ 1 min.). (b): Wall-clock time for the Graph Coloring benchmark (all probé, for
different numbers of CPUL(? ~ 1 min.).

Speedup Efficiency
#CPUs 5 10 15 20 5 10 15 20
GCO 4.34 7.19 9.23 11.19 0.87 0.72 0.62 0.56

GC1 1.00 279.26 83.55 85.87 0.20 27.93 5.57 4.29
GC2 2.65 18.44 35.98 97.74 0.53 1.84 2.40 4.89

GC3 2.59 6.55 9.80 21.28 0.52 0.66 0.65 1.06

GC4 3.97 6.18 6.94 8.81 0.79 0.62 0.46 0.44

GC5h 3.36 3.47 7.69 7.83 0.67 0.35 0.51 0.39

GC6 3.55 5.13 5.79 8.54 0.71 0.51 0.39 0.43

GC7 5.93 8.27 12.65 11.95 1.19 0.83 0.84 0.60

GC8 5.06 9.02 11.62 12.01 1.01 0.90 0.77 0.60

GCall 3.06 4.46 5.50 8.22 0.61 0.45 0.37 0.41
SAT-UNSAT| 3.46 4.81 6.02 7.08 0.69 0.48 0.40 0.35

Table 1. Speedup (on the left) and efficiency (on the right) for the SAT-UNSAT the dif-
ferent subgroups of Graph Coloring (GC) benchmarks. Note theatia speed-up obtained
on GC setd and2, the effect of the heavy-tailed RTD of Satz-Rand on these problem sets.

Results reported are upper confidence bounds obtainedfyoums, each time using
fresh random seeds, and a different random reordering girtiidem instances.

6 Conclusions
We presented a framework for distributed time allocatiomea at minimizing so-

lution time of decision problems. Preliminary results ane@iraging, even though
the efficiency sometimes decreases with the number of CPUs.
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The difference with the “embarrassingly parallel” compista paradigm, in
which all processes can be executed independently, istlaticase there is an indi-
rect interaction among the algorithms, as resource altmtaimong elements of the
algorithm set is periodically updated, based on runtimerinftion flynamicselec-
tion); and as soon as one algorithm solves a given probldrar atgorithms working
on the same problem are stopped. Note that, as our algorétatt®n scheme has a
very low computational overhead [8], it can be easily extshtb a fully distributed
situation, in which there is no front end, and all nodes argakdn such case, run-
time data can be broadcast, in order to allow each node ta@pdacal copy of the
RTD model; as the time allocation algorithm is pseudo-ramdbcan be reproduced
deterministically, so each node can independently evalit same allocation, and
execute the job(s) assigned to itself. Existing distridudtemputing techniques can
be used at a lower level, to deal with message losses and aitute$.
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Appendix

Definition 1 (Homogeneous shareBes;the share for CPY (i.e., thej-th column
of S). A shareS is homogeneousf s.; = sV(k, j), i.e.,s; = sVj.

It is easy to prove by examples that expected-value-optimates can be inho-
mogeneous. For contract and quantile optimal shares, Hog/fog theorems hold.

Theorem 1.V contract-optimal sharé&s*(¢,,) there is an homogeneous equivalent
Sj (t.) such thatS 4 s« (t.) = Sas: (tu)-

Proof.
J

S* = argmin S s(t.) = arg ?nr}ljl;[l Sas, (tu) (5)
Consider a non homogeneous contract-optimal s8afg, ), with s> # s for a
pair of columnsi, j. If S, (tu) > Sas,(t.), then replacing; with s; produces a
better share, violating the hypothesis of optimalitySdf As this must hold for any
i,7, thenS 4 g, (t,) must be the same for all Setting alls; to a sames; will then
produce a homogeneous optimal shaje
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Theorem 2.V quantile-optimal shareS8*(«) there is an homogeneous equivalent
S}, (a) such thatF; 5. (@) = Fis. (o).

Proof. From its definition, a quantilg, ist, = min{t|F(t) = a} = min{t|S(t) =
(1 — a)}; this, together with the monotonicity of the survival fuioct, and of the
logarithm function, implies:

In(l—a)=IS(ts) <InS(t) V t <ty (6)

Consider a non homogeneous optimal st&irewith s # s for a pair(i, j), i #
j. We can write:

J
In(1—a)=InSas(te) =Y Sas,(ta) 7
j=1

Pick now an arbitrary colums; of S*, and set all other columns to s}, ob-
taining a homogeneous share with quantjle

In(1 —a)=JInS4g,(t;) (8)

While ¢; < t, violates the hypothesis of optimality & («), t, < t¢; would
imply for (6) (with ¢; in place oft,):

In(1 — )

In S.A,si (tz) = 7

<InSags,(ta) 9)
Summing oves gives a contradiction(1—a) < In(1—a)), so the only possibility
leftis t; = to. As this must hold for any, thent; must be constanti. Setting alls;
to a sames; will then produce a homogeneous optimal sHsifeNote that, different
from the contract, in this cas depends ony.



