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Most solvable AI problems can be addressed by more than one algorithm; most
AT algorithms feature a number of parameters that have to be set. Both choices can
dramatically affect the quality of the obtained solution, and the time spent obtaining
it. Algorithm Selection, or Meta-Learning, techniques [1, 2] typically address these
questions by solving a large number of problems with each of the available algorithms,
in order to learn a mapping from (problem,algorithm) pairs to expected performance.
The obtained mapping is later used to select and run, for each new problem, only the
algorithm that is expected to give the best results.

This approach, tough being preferable to the far more popular “trial and error”,
poses a number of problems. It presumes that such a mapping can be learned at all,
i.e., that the actual algorithm performance on a given problem will be predictable with
enough precision before even starting the algorithm — often not the case with stochas-
tic algorithms, whose performance can exhibit large fluctuations among different runs
(see, e.g., [3] ). It also assumes problem instances met during the training phase to
be statistically representative of successive ones. For these reasons, there usually is
no way to detect a relevant discrepancy between expected and actual performance of
the chosen algorithm. Finally, it neglects computational complexity issues: ranking
between algorithms is often based solely on the expected quality of the performance;
and the time spent during the training phase is not even considered, although it can
be large enough to cancel any practical advantage of algorithm selection.

The Algorithm Portfolio paradigm [4, 5] consists in selecting a subset of the avail-
able algorithms, to be run in parallel, with the same priority, until the fastest one
solves the problem. This simple scheme is more robust, as it’s less likely that per-
formance estimates will be wrong for all selected algorithms, but it also involves
an additional overhead, due to the “brute force” parallel execution of all candidate
solvers.

In our view, a crucial weakness of these approaches is that they don’t exploit any
feedback from the actual execution of the chosen algorithms. We tried to move a
step in this direction, introducing Dynamic Algorithm Portfolios [6, 7]. Instead of
first choosing a portfolio then running it, we iteratively allocate a time slice, shar-
ing it among all the available algorithms, and wupdate the relative priorities of the
algorithms, based on their current state, in order to favor the most promising ones.
Instead of basing the priority attribution on performance quality, we fix a target per-
formance, and minimize the time to reach it. To this aim, we search for a mapping
from (problem,algorithm,current algorithm state) triples to expected time to reach the
desired performance quality. The mapping is obtained training a parametric model
of algorithm runtime distribution. To further reduce computational complexity, we



focus on lifelong-learning techniques that drop the artificial boundary between train-
ing and usage, exploiting the mapping during training, and including training time in
performance evaluation.

The obtained selection technique is generic, not depending on algorithm-specific
properties. We present experiments with genetic algorithms [8] and satisfiability prob-
lem solvers [9)].

The target of our work is to obtain a fully dynamic meta-learning agent that learns
to use a set of algorithms by solving a set of problems, with minimal a-priori knowl-
edge, and minimal performance overhead, allowed by a continuous cycle of runtime
feedback and re-allocation of computational resources.
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