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Abstract:

Parameter tuning is a crucial issue both in the scientific development and in the practical use of heuristics. In some cases the role of the user as an
intelligent (learning) part makes the reproducibility of heuristic results difficult and the competitiveness of alternative techniques dependent in a
crucial way on the user capabilities.

We argue that some simple subsymbolic machine learning methods can be profitably used in order to automate the tuning process and make it an
integral (and fully documented) part of the algorithm.

If learning acts on-line, task-dependent local properties can be used by the algorithm to determine the appropriate balance between diversification
and intensification. In this way a single algorithm maintains the flexibility to deal with related problems through an internal feedback loop that
considers the previous history of the search.

The practical success of the approach in some cases raises the need of a sounder theoretical foundation of non-Markovian search techniques.

Introduction
Heuristics suffer from a bad reputation, citing from Papadimitriou and Steiglitz book [24]:

6. Heuristics Any of the < five > approaches above without a formal guarantee of performance can be considered a ``heuristic.''
However unsatisfactory mathematically, such approaches are certainly valid in practical situations.

Unfortunately, because of the recent ``hardness of approximation'' results [28], the hope of finding approximation algorithms (with formal
performance guarantees) must be abandoned for many relevant problems. We are condemned to live with heuristics for very long times and some
effort is therefore required to make them more ``satisfactory,'' both from a theoretical and from a practical point of view.

The following points illustrate some crucial topics that must be addressed to place the research in heuristics on a more stable ground.



No Title file:///G:/public_html/archive/position-paper96up.htm#Goldberg

2 of 8 9/21/2006 8:30 AM

Parameter tuning and the role of the user
In many cases state-of-the-art (non-dominated) heuristics are characterized by a certain number of choices and free parameters, whose
appropriate setting is a subject that raises issues of research methodology [5,16,22].

In some cases the parameters are tuned through a feedback loop that includes the user as a crucial learning component: depending on
preliminary tests, some values are changed and different options are tested until acceptable results are obtained. The quality of results is not
automatically transferred to different instances and the feedback loop can require a lengthy ``trial and error'' process when the algorithm has to be
tuned for a specific application.

In addition, scientific research demands reproducibility, and reproducibility is difficult to reach when the developer (user) becomes an integral
part of the algorithm. Even if the good faith of the researcher is assumed, the appropriate documentation of the learning process is a difficult task:
some seemingly obvious details can be omitted, unpromising avenues tried can be neglected in the published paper (although negative results can
be in some cases as informative as positive results), assumptions about the expertise of the developer (user) during the tuning process are left
implicit, etc.

Machine learning for automation and full documentation
Parameter tuning is a typical ``learning'' process where experiments are designed in a focussed way, with the support of statistical estimation
(parameter identification) tools.

Now, the Computer Science community is very proficient at describing processes so that they can be reproduced even by a (mechanical) computer:
with algorithms, possibly realized in software. In particular, the Machine Learning community, with significant influx from Statistics, developed in
the last decades a rich variety of ``design principles'' that can be used to develop machine learning methods and algorithms.

It is therefore appropriate to consider whether some of these design principles can be profitably used in the area of parameter tuning for heuristics.
The long-term goal is that of completely eliminating the human intervention in the tuning process. This does not imply higher unemployment
rates in the CS community, on the contrary, the researcher is now loaded with a heavier task: the algorithm developer must aim at transferring its
expertise into the algorithm itself, a task that requires the exhaustive description of the tuning phase in the algorithm.

Let us note that the algorithm ``complexity'' will increase as a result of the process, but the price is worth paying if the two following objectives are
reached:

Complete and unambiguous documentation. The algorithm (and the research paper based on the algorithm) becomes self-contained and
its quality can be judged independently from the designer or specific user. This requirement is particularly important from the scientific point
of view, where objective evaluations are crucial. The recent introduction of software archives (possible related to scientific journals) further
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simplifies the test and simple re-use of heuristic algorithms.

Automation. The time-consuming tuning phase is now substituted by an automated process. Let us note that only the final user will typically
benefit from an automated tuning process. On the contrary, the algorithm designer faces a longer and harder development phase, with a
possible preliminary phase of exploratory tests, followed by the above described exhaustive documentation of the tuning process when the
algorithm is presented to the scientific community.

Although formal learning frameworks do exist in the CS community (notably, the PAC learning model [29,18]) one should not reach the
conclusion that these models can be simply adapted to the new context. On the contrary, the theoretical framework of computational learning
theory and machine learning is very different from that of heuristics. For example, the definition of a ``quality'' function against which the learning
algorithm has to be judged is complex. In addition, the abundance of negative results in computational learning should warn about excessive hopes.

Nonetheless, as a first step, some of the principles and methodology used in machine learning can be used in an analogic fashion to develop
``learning heuristics.'' Some considerations follow in the next sections.

Learning as means for generalization
The purpose of learning is generalization. As an example, in the PAC model a number of random examples (with classification labels given by a
concept) are extracted from a given probability distribution.

These examples are used in the training process to output a hypothesis concept, but the performance of the learning algorithm is judged by the
error rate on different examples, although extracted from the same probability distribution.

The analogy with parameter training in heuristics is that, for a problem characterized by a certain probability distribution on instances, some of
these instances are used for training but different instances are used to validate the algorithm.

Unfortunately this is not the typical case in the heuristics literature. In many cases the performance is judged on the tasks used to tune the algorithm
parameters. This method is particularly dangerous if many parameter are present in the algorithm.

Occam's razor: complication must be motivated
Finding a succinct hypothesis consistent with the observed data is one technique used in machine learning: in some contexts the succinctness
guarantees predictive power.

In a more general context, the Occam's razor principle indicates that overly complex scientific theories should be subjected to a simplifying knife.
In the area of heuristics one should definitely aim at the simplest possible algorithm capable of producing competitive results. Unnecessary
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complications should be trimmed, the relevance of each parameter should be motivated by either theoretical or experimental results.

Learning by careful experimentation
Active learning algorithms should be considered for parameter tuning. For reasons of efficiency, the tuning phase should be focussed and
appropriate ``questions'' should be formulated during the process.

In CLT, query learning where the learning algorithm can ask membership queries makes the difference between intractability and efficient
learning for finite automata [4].

The tuning phase of the heuristic algorithm should formulate hypotheses to be tested by discriminating experiments.

Off-line tuning
At least two experimental setups can be imagined for parameter tuning in heuristics, that we could denote as off-line and on-line tuning.

In the first setup the algorithm runs with different parameter settings on different instances. The parameter setting does not change during the run
and the results obtained are used only at the end of the run by the tuning process. Trivially, the best parameter setting could be selected at the end
of the tuning phase as the setting that obtained the best results (with sufficient statistical backing). But more complex schemes could be
investigated, where the results obtained in a preliminary series of runs are used to select additional experiments.

On-line tuning: use of task-dependent local properties
In the on-line setup, the tuning acts while the algorithm runs on a specific instance. In this way the algorithmic process is history-sensitive:
preliminary results in the first phase of the run can be used to influence the subsequent phases.

The positive aspect is that now task-dependent local properties can be used in the tuning. In particular, different parameter settings can be
appropriate for different tasks and, on a given tasks, different parameter setting can be appropriate in different regions of the search space.

For a concrete example in the area of local search with prohibition-based diversification [25,12,13,15], the possibility of tuning the prohibition 
parameter depending on the local structure of an attractor around a locally optimal point is an effective way to select an appropriate balance of
intensification and diversification. The term reactive search is used in [7,6] to underline that an internal tuning scheme ``reacts'' to the occurence
of certain events, like the repetition of previously visited configurations.
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Wanted: a theory of history-sensitive heuristics
Randomized Markovian local search algorithm have enjoyed a long period of scientific and applicative excitement, in particular see the flourishing
literature on Simulated Annealing [19,17]. SA generates a Markov chain: the successor of the current point is chosen stochastically, with a
probability that does not depend on the previous history ( standard SA does not learn). A consequence is that the ``trapping'' of the search
trajectory in an attractor cannot be avoided: the system has no memory and cannot detect that the search is localized. Incidentally, the often cited
asymptotic convergence results of SA are unfortunately irrelevant for the application of SA to optimization. In fact, repeated local search [10], and 
even random search [9] has better asymptotic results. According to [1] ``approximating the asymptotic behavior of SA arbitrarily closely requires a
number of transitions that for most problems is typically larger than the size of the solution space ... Thus, the SA algorithm is clearly unsuited for
solving combinatorial optimization problems to optimality.'' Of course, SA can be used in practice with fast cooling schedules, but then the
asymptotic results are not directly applicable [27].

History-sensitive techniques in local search contain an internal feedback loop that uses the information derived from the past history to influence
the future behavior. In the cited prohibition-based diversification techniques one can, for example, decide to increase the diversification when
configurations are encountered again along the search trajectory [7,6]. It is of interest that state-of-the-art versions of Simulated Annealing
incorporate ``temporal memory'' [11]. The non-Markovian property is a mixed blessing: it permits heuristic results that are much better in many
cases, but makes the theoretical analysis of the algorithm difficult.

Therefore one has an unfortunate chasm: on one side there is an abundance of mathematical results derived from the theory of Markov processes,
but their relevance to optimization is dubious, on the other side there is mounting evidence that simple machine learning or history-sensitive 
schemes can augment the performance of heuristics in a significant way, but the theoretical instruments to analyze history-sensitive heuristics are
lacking.

The practical success of history-sensitive techniques should motivate new search streams in Mathematics and Computer Science for their
theoretical foundation.

Related approaches
The issue of (machine) learning, designing experiments, selecting parameters, validating hypotheses, are at least as old as the scientific
development and it is difficult to pinpoint a precise origin of these themes. In particular, Statistics provides a variety of techniques to derive models
from experimental data. The aim of this paper was that of raising some issues not that of covering all aspects of a very wide field with many
interconnections.

Related issues with emphasis on sub-symbolic learning are considered in the ``neural networks'' area [2,8], while symbolic generate-and-test search
methods are used in problem-solving processes in Artificial Intelligence [26]. Related approaches are also known as metaheuristics [23], i.e., 
heuristics about the design of heuristics, although precise borders between heuristics and meta-heuristics are sometimes fuzzy. In the area of
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machine learning for heuristics, see also the recent proposal of [14]. Last but not least, let us mention a possible connection with the recently
expanding theory of on-line algorithms, where decisions are made based on partial on-line information [20] and with reinforcement learning
methods [21].
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