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Scope
State-of-the-art solvers for hard optimization problems are highly complex software systems, composed by
many sophisticated algorithms that have to work synergistically in order to reach maximum efficiency.
Indeed, general-purpose optimization solvers have many algorithmic parameters (up to more than 100), that
can be properly tuned to attain the best performances. While the default values of these parameters often
lead to acceptable performances (due to experience-induced extensive experimental tuning performed by
the solvers developers), significant and sometimes dramatic performance improvements can be obtained by
further tweaking them. This is, however, a costly process that requires highly experienced personnel.
More and more modelling frameworks and solvers, such as SMS++[1], Julia/JuMP [2] or SCIP [3], provide
ways to decompose hard problems into blocks, whose structure can then be exploited during the solution
process by means of specialised solvers. However, this further increases the complexity of the solution process,
and therefore the number of algorithmic parameters to tune. Indeed, entirely different solvers, each with its
set of parameters, can be used to solve one given block. Furthermore, exploiting the structure usually means
that decomposition algorithms have to be used, which have their own set of nontrivial parameters to set in
addition to these of “standard” general-purpose solvers.
Machine Learning (ML) has been recently widely used in mixed integer programming (MIP). Indeed, a
significant amount of research has focused on improving mathematical programming methods with the use of
ML. For instance, ML has been successfully applied to improve branching [4] and to determine when to search
for primal bounds [5] in branch-and-bound methods. ML is also used to guess whether a problem can be
efficiently tackled by a MIP solver [6, 7], allowing dynamic restarts in branch-and-bound methods [7], whether
to apply Dantzig-Wolfe decomposition [8], or to automatically derive useful Gomory cuts to strengthen the
linear relaxation [9].
Arguably, most of these efforts can be seen as special cases of the general Algorithm Configuration
Problem (ACP): given an algorithm with parameters, and a target instance, find the setting of the parameters
that optimise some measure of the algorithm’s performances on the instance. Clearly, ACP is a hard problem
for several reasons. However, ML may provide a promising approach, and indeed recent work on ACP focus
on the use of ML techniques [10, 11]. In particular, a general methodology for ML-based ACP is proposed
in [12, 13, 14]. The approach is particularly targeted at “complex” solvers with “many” parameters. This is
obtained by first learning a performance function with a ML of choice (SVR, NN, decision trees, . . . ), and
then solve an optimization problems (CSSP) using the learnt model to obtain the optimal configuration.
While this idea is natural, the ML technique has typically been considered as a “black box”, which implies
the use of “derivative-free” methods to solve the CSSP; but these methods may have difficulties when dealing
with functions with “many” parameters. Instead, the ML model can be regarded as a “white box”, and
therefore the CSSP solved by making full use of powerful optimization techniques such as Mixed-Integer
NonLinear solvers, which allows the approach to potentially scale to much larger spaces. The alternative
approach where the ML technique directly produced the optimal configuration can be considered, but it
may have difficulties with “complex” parameter spaces corresponding to the fact that one algorithmic choice
constrain potentially many others; these constraints are instead easily represented within the CSSP.
While the approach seem to have potential, its success is highly dependent on two factors:
1. availability of a very large training set of different instances and different algorithmic parameters, as
this is instrumental for the ML technique to produce good estimates of the performance function;
2. definition of a proper set of features that represent the instance in the ML process.

The first aspect could be considered only a practical limitation, but in fact it is conceptual: not only the
set of instances to draw from is typically infinite; the set of configurations is also extremely large, and
these two aspects compound each other. The second aspect could also be considered as “easily solvable” by
the standard ML techniques of feature engineering, possibly followed by feature selection. However, while
the second admits several algorithmic solutions, the first typically requires considerable work and human
expertise to start from.
Thus, it is still unclear to which extent the ML approach to ACP can be made practical. While efforts
are underway for “monolithic” general-purpose solvers, as previously mentioned the issues may become even
harder for structure-exploiting solvers, in that the scale and the complexity of the parameter space may grow
dramatically.

Research proposal
The vast majority of the optimization algorithms present a certain degree of modularity, i.e., they consists of
several blocks/routines that solves simpler problems repetitively. A well developed class of algorithms capable
of exploiting modularity are decomposition methods, among which chiefly Lagrangian relaxation/DantzigWolfe reformulation/Column Generation and Benders’ decomposition, although other ways to exploit modularity exist (e.g., structured interior-point methods). As the name suggests, decomposition algorithms rely
on decomposing a problem into distinct subproblems linked by a master problem. The resolution method
alternates between solving the master problem and the subproblems until the optimum is found. The subproblems are solved a large number of times during the resolution process; each time, they may differ “little”
from the problems solved at the previous iterate, although this may depend on the stage of the decomposition algorithm. This means that reoptimization can be crucial to the efficiency of the method, which
in turn implies that algorithmic parameters working well in one-shot may not be optimal for use during
decomposition (e.g., [15]).
Although modelling systems and solvers are gradually starting to incorporate features aimed at decomposition techniques, typically at most one level of decomposition is considered. However, very-large-scale
optimization problems may require multiple heterogeneous nested decomposition approaches, whereby the
subproblems of the decomposition are in turn solved by a decomposition approach (possibly of a different
type). The open-source Structured Modelling System++ (SMS++)[1] has been developed precisely to cater
these applications by providing a number of unique features, among which automatic communication of
instance changes to all interested solvers and support for asynchronous computation. SMS++ is expected to
be eventually endowed with features that allow ML-based ACP methods to be applied, along the lines of [12].
However, whether these features actually make sense, and what their design should ultimately be, depends
on the answer to two highly nontrivial research questions that this Ph.D. thesis proposal seeks to address.
In particular, we want to determine if the crucial issues of ML-based ACP methodologies exposed above
can be effectively tackled by exploiting two characteristics of the subproblems solved during decomposition
approached: (i) they are (hopefully) easier to analyse, in particular “at the leaves” of the decomposition
tree, and (ii) during one execution of the algorithm they are solved many times, and from one iteration to
the other the change is limited. The two mentioned aspects leads to the two research questions described in
the following.
RQ1: How to exploit the combination of simple blocks in a decomposition algorithm?
As previously mentioned, a key aspect in ML-based solution approaches to ACP is the identification of
the important features of an instance that allows to properly learn the optimal parameter configuration.
In the context of a (multi-level, heterogeneous) solution approach, one may reasonably assume that the
identification of the features becomes a simpler task “at the leaves” of the decomposition tree, where the
subproblems are often “simple” combinatorial problems such as knapsacks, flows, constrained shortest paths.
Hence, one may hope that a case-by-case analysis for these simpler problems may provide a reasonable set
of features for each, which has the advantage that once this is done it can be re-used in the possibly many
decomposition schemes that have that as a subproblem.
However, this arises the question: once the parameters for the different blocks are learned separately, do
the still work when combined together? In other words: is the superposition principle valid to the different
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blocks of an optimization software? If this is true, once the learning of all the sub-blocks is clear, it might be
possible to define a set of features for the whole approach. This, of course, would mean that a set of features
can be determined for the “master” block and the corresponding solution approach. If this is possible,
repeating this process throughout all the decomposition tree would lead to automatically having a “good”
set of features for even a huge-scale problem solved by a very complex algorithm based on a relatively small
set of “good” sets of features, each of which may reasonably be obtained “manually”. This would go a long
way to make ML-based solution approaches to ACP suitable for large-scale complex problems, as opposed to
the case where the whole set of features need to be determined at once since there are significant interactions
that cannot be reconstructed from the individual parts.
RQ2: How Machine Learning can improve the repetitive resolution of subproblems in decomposition algorithms?
The objective is to exploit the peculiarities of decomposition algorithms, in particular for the solution of
subproblems, to overcome the other possible limiting factor, i.e., the need for a large test set to work
on. Indeed, decomposition algorithms typically solve the same subproblem many times, with “slight and
localised” changes in the data, which naturally allows to construct large data sets. Yet, there are some
nontrvial points to be clarified:
1. The decomposition algorithm may itself be a stage of a more complex solution process (say, Column
Generation used within a Branch-and-Price approach); hence, there could be rather different kinds of
changes, which may have different impacts on the algorithms and therefore require different parameter
configurations. For this issue SMS++ may provide convenient since it possible to know exactly what
data has changed, which may be crucial to identify these cases.
2. If the repeated solution of the subproblem has to be used to construct a test set from which to learn
the effect of parameter changes, the parameters need necessarily change. Thus, the process must have
a component in which the previously used configuration, even if it has worked “well”, may have to
be changed in order to explore a new part of the configuration space, which incurs a risk of serious
deterioration of performances. For this issue SMS++ may provide convenient since it allows to have
several solvers (possibly, copies of the same one with different parameter configurations) attached to
the same subproblen and run them in parallel in response to the same data change, which would allow
to exploit available processing power to explore new configurations while guaranteeing that the solution
is found at lest as efficiently as the initial configuration allows.
All this may allow to use ML-based ACP solution techniques dynamically during the solution process of a
decomposition algorithm in order to improve the performances.
It should be noted that this has a nontrivial impact on RQ1, whereby we assume to be statically able to
predict the performances of the solution process. While in principle the use of ML-based ACP is “just any
other algorithmic technique”, and therefore can be analysed with the same tools, it is not obvious whether
the use of ML-based ACP within the subproblems makes them easier or harder to predict. On the other
hand, a more “global” perspective may also be interesting. That is, in principle algorithmic parameters of
the subproblem may not have a significant impact (or even have a negative one) on its performances, but still
have a positive impact on the overall decomposition algorithm (say, produce “better” columns that lead to
a faster solution of the whole problem). While this may entail a negative response for RQ1, at least partly,
it may be an interesting outcome in its own right.
We mention that this research line may naturally lead to a somewhat different direction, which is to
make greater use of ML in order to more efficiently solve the subproblems. Many of those are combinatorial
problems, which may be solved by heuristics to speed up the resolution of the subproblems. ML is already
used to improve algorithms for solving combinatorial optimization problems [16, 17, 18]. Knowing that the
problem is solved many times with “small” changes in the data may lead to devise ML techniques that learn
from the sequence of previous solutions (or a restriction, down to possibly only the previous one) in order
to suggest ways to more efficiently produce the next one. This may be put into the framework of ML-based
ACP, but the set of parameters may be so large as to practically become a ML-based heuristic. Whether or
not this line of approach is promising will be determined during the course of the research.
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Required skills
The PhD student should have a master degree in combinatorial optimization or operational research. A
background in machine learning and programming skills in C++ will be much appreciated.
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