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Abstract The multinomial model of solver behavior Action selection with a latent class model
Ditferent solvers for computationally ditficult problems perform best e Process Outcomes of past actions narrow the likely class of a task. Under the
on different problem instances. Algorithm portfolios predict solvers’ DCM model, they also provide evidence of that task’s outcome
performance on an instance, then shift computational resources to the B ~ Dir(&) distribution. How should the next action be chosen? One efficient
solvers that appear best suited. Generative models of solver behavior ky,~Mult(8) tel... T approach is to choose greedily, maximizing (or randomly selecting,
are an appealing approach to performance prediction. Two models are e 0., ~ Dir(a,) s€1...§ proportional to) the expected utility of only the next action. To
proposed, both following from an assumption that problem instances ’ bel.. K penalize costly actions, the expected utility of a solver run of ¢ seconds
cluster into latent classes: a mixture of multinomial distributions, and a 0, ,~Mult(f, ) tel...T is discounted by y¢ given a discount factor y.
mixture of Dirichlet compound multinomial distributions. The latter " el S
model captures burstiness, the tendency ot solv.e.r outcomes to recur. N - rel...R., Experimental results
When used to run standard solvers on competition benchmarks, @ ’
por tfoh(.)s.based on these mixture mode.ls are found competitive despite 0 R, Key The 2009 SAT competition provides a testbed. In cross-validation, we
using minimal domain knowledge. Thf:n* success suggests a path to I | . . + run each solver multiple times on each training task;
more powerful and more general algorithm portfolio methods. & class prior a outcome prior | .
@ B class distr. 6 outcome distr » fit model parameters to the outcomes observed; and,
. . . K L class 0 outcome » for each test task, until the task 1s solved or its time limit exceeded,
What is an algorithm portfolio: ‘ T tasks S Actions repeatedly select an action using a greedy policy and the fitted model.
Many computational problems, such as satisfiability (SAT), are S K classes R runs SAT Instances Solved (o)
intractable in the worst case. (SAT asks: “does a truth assignment exist Method random crafted  indust.

Solvers and run durations are paired to form independent actions.
Problem instances —“tasks”—are grouped into latent classes. This
clustering captures similarities amongst actions and amongst tasks.

that makes a given Boolean expression true?”) Heuristic solvers
frequently succeed on large instances [2]—but many solvers exist, and
choosing a good solver for a particular instance 1s crucial.

Best Single  320.8 (3.7) 122.6 (3.8) 153.5 (3.2)
Random 261.6 (4.8)  89.3(3.5) 54.5(3.4)
SATzlla[4] 407.5(3.1) 125.6 (3.3) 137.6 (3.3)
Soft + Mult. 3193 (8.2) 116.9 (4.9) 136.2 (4.3)

An algorithm portfolio [1] is the combination of The bursty (DCM) model of solver behavior Soft + DCM  342.2 (8.2) 118.2 (4.3) 138.1 (5.0)
» a pool of algorithms (“solvers”), and Hard + Mult. 340.3 (45.7) 104.8 (9.7) 129.4 (8.0)
» a policy for scheduling their execution. e Prireraese Hard + DCM 424.2 (12.9) 129.4 (6.5) 146.0 (5.6)
. L L . Latent class models appear to model the domain sutficiently well to
The core of an algorithm porttolio is SOmMme method for predicting P ~ Dir(¢ ) drive an effective algorithm portfolio [3]. They offer a foundation for
solver performance on each task. Classifiers are often used [4], but e (9kt - gﬁglg >) i 2 1 A more comprehensive models and for improved portfolio methods.
ts ™ s,k e

generative models are an appealing alternative. This work builds
mixture models of discrete solver outcomes (“proves satisfiability”
could be one such outcome) and evaluates their effectiveness.
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