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ABSTRACT

Pattern mining is a sub-field of data mining that focuses on discovering patterns in
data to extract knowledge. There are various techniques to identify different types
of patterns in a dataset. Constraint-based mining is a well-known approach to this
where additional constraints are introduced to retrieve only interesting patterns.
However, in these systems, there are limitations on imposing complex constraints.

Constraint programming is a declarative methodology where the problem is
modelled using constraints. Generic solvers can operate on a model to find the
solutions. Constraint programming has been shown to be a well-suited and generic
framework for various pattern mining problems with a selection of constraints
and their combinations. However, a system that handles arbitrary constraints in a
generic way has been missing in this field.

In this thesis, we propose a declarative framework where the pattern mining
models can be represented in high-level constraint specifications with arbitrary
additional constraints. These models can be efficiently solved using underlying
optimisations.

The first contribution of this thesis is to determine the key aspects of solving
pattern mining problems by creating an ad-hoc solver system. We investigate this
further and create Constraint Dominance Programming (CDP) to be able to capture
certain behaviours of pattern mining problems in an abstract way. To that end, we
integrate CDP into the high-level ESSENCE pipeline. Early empirical evaluation
presents that CDP is already competitive with current existing techniques. The
second contribution of this thesis is to exploit an additional behaviour, the
incomparability, in pattern mining problems. By including the incomparability
condition to CDP, we create CDP+I, a more explicit and even more efficient
framework to represent these problems. We also prototype an automated system
to deduct the optimal incomparability information for a given modelled problem.
The third contribution of this thesis is to focus on the underlying solving of CDP+I
to bring further efficiency. By creating the Solver Interactive Interface (SII) on
SAT and SMT back-ends, we highly optimise not only CDP+I but any iterative
modelling and solving, such as optimisation problems. The final contribution of
this thesis is to investigate creating an automated configuration selection system
to determine the best performing solving methodologies of CDP+I and introduce
a portfolio of configurations that can perform better than any single best solver.

In summary, this thesis presents a highly efficient, high-level declarative
framework to tackle pattern mining problems.
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CHAPTER ONE

INTRODUCTION

This thesis conducts research on two distinct research fields by combining
them to produce an efficient system to solve challenging problems. We will
start by introducing two general fields of research, data mining and constraint
programming, and their importance towards approaching difficult problems.
Afterwards, we will discuss the general contributions of this thesis and its resulting

publications. Finally, we will outline the general structure of the thesis.

1.1 Data Mining

Data mining is about discovering knowledge using data. In the current age, the
amount of data we generate and store has increased drastically with technological
advancements. While the question of how to store big portions of data has mostly
been answered, the question of how to make sense of the data through analytic
techniques is still an active field. To this end, data mining is a field where
the research aims at creating techniques to process available data and extract
knowledge from it. The discovery of knowledge can be done in different ways.
One specific technique we will be delving into is pattern mining, which focuses
on finding patterns (i.e. smaller substructures in the data). Patterns can be found
in many contexts, for example, certain words or sentences in texts or certain

behaviours in an animal.
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When pattern mining is applied with a set of items, it is called itemset mining.
This term comes from the shopping market analysis systems that led the initial
search on pattern mining. That is why in itemset mining each data entry is called
a transaction, while each transaction includes a subset of the available set of items.
An example of a transaction within a dataset can be bacon, lettuce, tomato and
baguette while another example can be chips, ketchup and mayonnaise. Itemset
mining aims to find interesting patterns considering all of the transactions. The
discovered patterns can be used for additional analysis and can later lead to
changing marketing/shelving strategies. Following the previous example, if the
found pattern is chips, ketchup and mayonnaise, the market can place them next
to each other for customers’ convenience and also make promotions about buying
them together with another product, such as a new beer brand.

After getting more popular in the research communities, new itemset mining
methodologies have been proposed in different fields such as document analy-
sis [HC99], web usage mining [TK01], bio-informatics [BB] 7 02]. Itemset mining
can be applied to any field where the system can be defined as a set of items and
transactions. For this reason, a general purpose itemset mining system that is
independent of any target domain could offer value to a wide variety of settings.

Before generalising the itemset mining system, it is important to consider which
patterns are the most interesting. However, defining what patterns are interesting
is in itself a challenge. A common approach is to impose constraints on the itemset
mining. This is called Constraint-based mining [NLHP98, BAG00, BLO7] and it
aims to reduce the number of possible patterns with the usage of pattern-based
constraints. Another challenge is the application of the constraints during the
itemset mining procedure. Different constraints can be applied globally or locally
before, after or during the procedure.

Most early approaches to constraint-based mining are problem-specific which
makes applying constraints more difficult given the approaches’ algorithmic
nature. These methods are designed with a certain focus in mind, making it

difficult to incorporate additional constraints they did not support originally.
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Engineering a general pattern mining system has been regarded as very
difficult to achieve in the pattern mining community [Man00]. One interesting
approach [IM96] separates the dataset and constraints, similar to an inductive
database query system, to make the pattern mining more generic. Later on, other
data query language systems were also proposed [MPC98, BGL"09] utilising
different approaches to achieve the same objective. However, there is room for

improvement in terms of efficiency and the extent to which they can be generalised.

1.2 Constraint Programming

Constraint Programming is a field for solving combinatorial problems. It involves
tinding a combination of assignments of a problem’s variables while satisfying
a set of constraints. Constraint programming is being successfully used in many
fields and applications including scheduling, planning and logistics [RVBW06].

Constraint programming is composed of two steps: modelling and solving.
Modelling is where the parameters of the problem and their constraints are
expressed. We can consider the simple constraint example of Y3 | X; < Y. This
constraint indicates that the sum of 3 X variables should be smaller than a ¥
variable. The solving component of constraint programming takes the model with
its constraints and conducts a search to arrive at one or many solutions, using the
given constraints to eliminate parts of the search space. In this example, assuming
X; and Y variables are integers, a satisfying solution wouldbe X1 =1,Xx =1, X3 =1,
andY =5.

Constraint programming is a declarative system where the end-user describes
the constraints to be satisfied through a human intuitive language. Then the given
specification is expressed in a way that solvers can operate on it. Following this, it
is the solving system’s responsibility to find the solutions.

The user gives the specification of the problem (i.e. the model) using a
constraint specification or modelling language. Some examples of these languages

are OPL [VH99], ESSENCE [FGJ*05, FJHIMO05, FHJ*08] and MiniZinc [NSB*07].
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Each constraint specification language supports various variable types such as
Booleans, integers or a list of these types. Higher levels types such as distinct sets
can be also supported in the languages, such as ESSENCE and MiniZinc.

Users can make use of basic constraint types like arithmetic constraints, element
constraints, linear constraints over integer variables, and many more. Additionally,
the constraints can be also used as building blocks to create more complex
constraints, enabling greater generality.

A constraint solver’s purpose is to find an assignment for each variable while
respecting every given constraint. To do so, the solver needs to reduce the
search space using the constraints. The complexity or the size of search space is
defined by the number of variables and their respective domains of values. While
the constraints of the problem are crucial to reducing the search space, another
important factor in the reduction is propagation. Propagation is the procedure
of reducing the domain of a variable based on the constraints and the domains of
other variables. Every type of constraint has a propagator and each propagator
on a certain constraint not only ensures that a constraint is not violated but also
removes all possible values that would violate the constraint (i.e. takes a domain
and gives a possible smaller subset of the domain as a result).

The generality of constraint programming comes from the flexible modelling
space where the problem is separated from its solving counterpart. Two distinct
models can use similar constraints and can use similar optimal search/propagation
strategies without the explicit statement of the user. Alternatively, the user can

alter the constraint model without changing the solving methodology.

1.3 Contributions

The main contribution of this thesis is creating an effective and declarative frame-
work to model and solve pattern mining problems in constraint programming
systems. To do so, we examine the research question of creating such a system,

focusing on two important aspects: improved declarative modelling and effective
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solving. By improving the declarative representation of pattern mining problems,
we aim to bring more flexibility to the end-user and allow complex problems to be
represented in easier, more abstract ways. Following the modelling phase, we also

focus on solving these problems in the most efficient way possible.

Improved Declarative Modelling

CDP - To make a declarative system for pattern mining problems, we define a
new construct called dominance relation and we integrate this system into the
ESSENCE language. We name this system Constraint Dominance Programming
(CDP) and we implement the necessary abstractions for the ESSENCE pipeline to
make a seamless CDP modelling system. The CDP system allows the modeller to
express pattern mining problems in a more explicit way while the inner workings
of the system are abstracted from the user. The generalised behaviour of CDP
expands its functionality beyond pattern mining problems, including optimisation
problems.

CDP+I - We define an additional component for CDP called incomparability
condition (CDP+I). This new condition allows the constraint modeller to express
additional information about the problem. It also grants the constraint user more
control over the flow of execution to solve the given problem. In addition, CDP+I
also allows multi-objective optimisation problems to be expressed in a more
intuitive way.

DIG - We have created another tool called Dominance Incomparability Generator
(DIG) that can automatically generate the primitives of the incomparability
condition for a given CDP problem. This tool expands users’ flexibility in

declarative constraint modelling even further.

Effective Solving

CDP - To tackle the pattern mining problems efficiently, starting from our early

experiments with ad-hoc ESSENCE miner, we explored different options resulting
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in the development of the CDP framework. With our new declarative framework
and its optimised procedure, the user can operate on problems with constraints
amongst solutions, such as pattern mining problems, in a more efficient way.
CDP+I - By including incomparability into the CDP primitives, we achieve the
goal of giving the constraint modeller a powerful tool to alter the order of the
search in a declarative way. However, in addition to this, we also leverage CDP+I
to be optimally efficient in some of the pattern mining problems. Moreover,
CDP+I also allows expressing the Pareto frontiers in multi-objective optimisation
problems almost in a native way for greater efficiency.

SII - We introduce the Solver Interactive Interface (SII) system in the ESSENCE
pipeline for SAT and SMT back-ends. With SII, the constraint solving pipeline
is optimised further for incremental solving scenarios such as CDP, CDP+], and
objective optimisation problems. Empirically, CDP+I is even more efficient with
SII on the pattern mining problems examined in this thesis. Additionally, some
optimisation problems can be solved more efficiently using a standard SAT back-
end with SII than using MaxSAT or any other back-end.

Automated Configuration Selection - We build a portfolio of solving method-
ologies with an automated configuration selection system for pattern mining
problems expressed with CDP+I in ESSENCE. To do so, we investigate the vast
configuration space of possible parameters in the ESSENCE pipeline and CDP+1.
We use these configurations in a training system and evaluate them using selected
instance features. Through this, the portfolio system is created and used to select

configurations to solve unseen instances in an efficient way.

1.4 List of Publications

Part of the research given in this thesis appeared in previous papers where the
author of this thesis is the main author. All of these papers were co-authored
with Ozgiir Akgiin and Ian Miguel, the two PhD supervisors of the author of this

thesis. Other co-authors in these papers are Nguyen Dang, Tias Guns, and Peter
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Nightingale. All of the publications listed here are based primarily on the work of
the author of the thesis.

[KAMN18b, KAMN18a] are the preliminary publications on the topic of com-
bining pattern mining and constraint programming. They examine and identify
key points to represent pattern mining problems in the constraint programming
specification space.

[KAGM19] is the first publication where CDP is formalised and tested with
some preliminary experiments. This paper also begins to explore the idea of
incomparability with CDP (CDP+I) in a limited context.

[KAGM20a] is the main publication where the CDP/CDP+I system is generalised
for any problem class and fully implemented in the ESSENCE pipeline. This paper
includes an experimental evaluation on 5 different pattern mining problem classes
where the performance of CDP+] is predominantly better.

[KADM?20] is the publication where the Solver Interface Interaction (SII) system
is proposed for incremental modelling and solving situations. This system is
integrated into SAVILE ROW for SAT solvers. The experimental evaluation of
this paper shows significant improvement for CDP+I and a single optimisation

problem.

1.5 Structure of the Thesis

Chapter 2 outlines background information on several subjects: pattern mining,
satisfiability, constraint programming, pattern mining on CP and SAT, dominance
programming, automated configuration selection, and machine learning.
Chapter 3 discusses the preliminary work done for modelling and solving pattern
mining problems on a constraint programming system. It delves into the main dif-
ficulties of including arbitrary side constraints in pattern mining problems. It also
introduces an ad-hoc iterative solving mechanism in a constraint programming
system to tackle the additionally constrained pattern mining problems.

Chapter 4 introduces the core Constraint Dominance Programming (CDP) system.
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To do so, it expands on the previously defined iterative ad-hoc solving mechanism
and formalises it to be more declarative. The newly defined structure then gets
integrated into ESSENCE pipeline as CDP. The CDP framework allows users to
model and solve pattern mining and optimisation problems efficiently.

Chapter 5 describes the concept of incomparability for CDP (CDP+]). The addition
of incomparability to CDP allows users to exploit certain conditions of the problem
specification for effective solving. This additional structure is integrated on top
of CDP in the ESSENCE pipeline. Later in the chapter, the usage of multiple
incomparabilities are explored enabling multi-objective optimisation problems
to be expressed in a more native way and allowing for their Pareto frontier to be
identified declaratively.

Chapter 6 presents the systematic generation of incomparabilities for CDP spec-
ifications expressed in ESSENCE. We name this the Dominance Incomparability
Generator (DIG). This tool generates the optimal incomparability primitives as a
step towards a fully automated CDP to CDP+I translation of problems. The inner
working of this system is detailed and its application on multiple pattern mining
problems is demonstrated.

Chapter 7 investigates the low-level solver interaction between the ESSENCE
pipeline and the SAT/SMT solvers and presents the Solver Interactive Interface
(SII). This system bridges the constraint model tailoring and encoding to efficiently
solve SAT and SMT problems. This chapter is split into two sections where SAT
and SMT interactions are investigated separately.

Chapter 8 details the instance generation process and the experimental setup.
The generated instances and the experimental setup are used in the empirical
evaluations throughout the thesis.

Chapter 9 studies the vast configuration space of pattern mining problems in
ESSENCE using instance features. It investigates creating a portfolio of configura-
tions for better efficacy using automated configuration selection systems. It also
includes the feature importance analysis on the created portfolio.

Chapter 10 summarises the thesis and discusses possible future work.



CHAPTER TWO

BACKGROUND /
LITERATURE REVIEW

This chapter provides the background on pattern mining, satisfiability, constraint
programming, constraint programming for pattern mining, algorithm configura-
tion, and machine learning. The concepts and techniques explained in this chapter

will be used throughout the rest of the thesis.

2.1 Pattern Mining

Pattern mining is the process of finding interesting patterns in large data sets.
There are pattern mining methods that are very fundamental in many applications
areas such as market basket analysis, medicine, bio-informatics, web mining,
network detection, and DNA research [BDRK"16]. Common pattern mining tasks
include the well-known frequent itemset mining (FIM) problem in transactional
databases, where the goal is to find sets of items that occur together frequently.
FIM is first described in [AIS93] in which the dataset is given in the form of a set of
transactions where each transaction consists of a set of items. In other words, if we
describe all possible items as I an itemset S is a subset of I. The idea of a frequent
itemset comes from S having a support, |¢(S)|, in the transactional database DB.
The itemset S is frequent if |¢(S)|, the number of transactions that contain the

itemset S, respects the given minimum threshold support sin (i.e. |¢(S)| > Spmin)-
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An example transactional dataset for a frequent itemset problem can be seen in
the following.
Example 1.

(
Ty = {Bacon, Lettuce, Tomato,Cheese}

DB = < T, = {Bacon, Lettuce, Tomato, Onion}

T3 = {Lettuce,Tomato,Egg, Fish}
\

Smin = 2

In this example, {Bacon,Lettuce, Tomato} with its subsets pass the required

support constraint.

Standard pattern mining tasks that require enumerating all frequent itemsets
are best performed using specialised tools and algorithms [Zak00, HPYMO04]. The
most well known is APRIORI [AS*94], which is included in multiple very efficient
implementations such as Eclat [Bor03] and LCM [UKA *04]. However, a complete
enumeration of all frequent itemsets is rarely what a user needs since the number
of all frequent itemsets can be very large. The main goal of pattern mining is to
tind a smaller number of interesting patterns for further analysis.

Domain-specific side constraints [BLO4] restrict the search with more lim-
itations and use new methods for compactly representing the outcome of a
particular pattern mining task [PBTL99, SR14, SNV07]. Using domain-specific
side constraints has been proposed to increase the utility of constraint-based
pattern mining. While these methods allow us to focus on interesting patterns
and represent solution sets compactly, they also result in a significantly more
computationally difficult data mining task.

There are constraint-based mining frameworks that try to incorporate specific
constraints into the mining system by building the system from the ground up
to support side constraints [BLO7]. Some of these approaches also incorporate a

level-wise search system [CYS03, BGMP03].

10
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2.2 Satisfiability

Satisfiability (SAT) is one of the longest-standing areas in computer science, having
been the first proven NP-complete problem [BHvMO09].

The problem consists of a set of variables represented in Boolean logic and
a propositional formula over these variables. The task is to decide whether it’s
possible to find a set of assignments for these variables such that the propositional
formula becomes true. If it is possible, the task extends to finding one or many
sets of assignments as well.

SAT problems are usually expressed in conjunctive normal form (CNF). This
representation consists of a conjunction of clauses. Each clause is a disjunction
of literals where literals are a variable or a negation of a variable. The following

example 2 is a SAT formula represented in CNF.

Example 2.
(x1 Vap Vaz) A (—xp V) A (xp V —xs)

This example consists of three SAT variables. One assignment to the variables
which would satisfy the above formula is x; = true, x; = false, and x3 = false. x;
being true satisfies the first clause while x; being false satisfies the second clause.

x3 is left as false for the third clause to be satisfied.

A systematic search can be applied in the space of assignments to be able to
solve SAT instances. A well-known algorithm for this is DPLL [DLL62]. DPLL
applies chronological backtracking during the search. In each assignment step, it
also applies unit propagation (sometimes called unit resolution) which consists
of going through clauses and eliminating infeasible options to reduce the search
space. A more complex way of backtracking is to directly backtrack more than one
step to leave the infeasible section of the search space [B]S97]. This method was
originally proposed as a technique for solving constraint satisfaction problems.

Another powerful technique that can be coupled with non-chronological

backtrack is called conflict-driven clause learning (CDCL) [BHvMWO09]. The

11
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combination of CDCL and non-chronological backtracking makes sure that unit
propagation is strengthened every time a conflict between variables arises. This
guarantees that the system does not make the same mistake. The identification of
conflict-driven clauses is done through a process called conflict analysis.
Nowadays, highly optimised implementations of SAT solvers use the explained
techniques and can tackle large and challenging problems if the problem can be
expressed in the CNF and loaded to the solver. A way to supply CNF style SAT
instances to the SAT solvers is using the DIMACS format. The DIMACS format
is a specialised API for CNF where the first line explains the characteristics of
the problem while the rest of the lines represents the clauses. The clauses in
DIMACS are separated with 0. Each literal is expressed with non-zero integers;
negative integers represent negated variables. Lines starting with "c" are denoted
as comments for possible explanations. The problem in example 2 can be expressed

in DIMACS like fig. 2.1.

c SAT CNF example problem
p cnf 3 3

1230

-1 -2 0

2 -3

Figure 2.1: A DIMACS representation of the example 2.

Some of the most common SAT solvers are MINISAT [SEO05], GLUCOSE [ALS13]
and CADICAL/ KISSAT [FH20] which are highly optimised to achieve satisfiability.
There is a particular SAT solver which modifies the SAT backtrack algorithm
to be able to enumerate all solutions [TS16]. This particular AIISAT solver is a
modification of the MINISAT solver that blocks the solution with new clauses
(i.e. BC_MINISAT_ALL) or uses a back-jump instead to be non-blocking (i.e.
NBC_MINISAT_ALL).

Optimisation problems can be also tackled using satisfiability systems.
MaxSAT [LMO09], which supports hard and soft constraints, has been suggested to
be able to approach optimisation problems in SAT.

12
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2.3 Constraint Programming

Constraint Programming (CP) [RVBWO06] is a general-purpose method for speci-
tying decision and optimisation problems in a declarative language and finding
solutions to these problems using highly efficient black-box solvers. In CP
approaches, problem-solving is divided into 2 phases: modelling and solving.
When using CP approaches, the end-user specifies the problem in a declarative
manner (i.e. modelling) and the given system finds solutions that satisfy the given
constraints (i.e. solving). Additionally, the same constraint model can be applied
to multiple parameters. These are called instances of a model, in which the general
parameters of the model stays the same and a small portion of the parameters are

altered. This ultimately gives high-level control to the user.

Definition 2.3.1. Constraint Satisfaction Problem (CSP) - A constraint problem
can be expressed in a constraint specification using three primitives: the variables
of the problem V, the domain of all possible values of the variables D, and the

constraints of these variables C. Thus, we can definea CSPas P = (V, D, C) .

Example 3. Let us consider an example where we need to arrange the order of 3
meetings for 3 time slots. There are some restrictions for the meetings: Meeting
1 M| needs to be after Meeting 3 M3, Meeting 2 M, cannot be assigned to the last

time slot, and M3 cannot be assigned to the first time slot.

We can formally define this problem as:

(

V= (MlaM27M3)

P =< DM1 :DM2 :DM3 = {1,2,3}

C={M >M3,M, #3,M;# 1}
\

The modelled problem then can be supplied to the solver, which is purposed to
find solutions that satisfy the given constraint model. CP solvers use the principles
of search and propagation. The search methodology used by most CP solvers is to

apply a depth-first search alongside propagation [SS08]. Propagation is applied
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to reduce the domain of the variables to make the problem consistent within the
current state of the search.

An alternative to the Constraint Programming Search Solvers is Local Search
Solvers [H504, HMO09]. Instead of employing search and propagation, these solvers
operate by starting from a full assignment and gradually reduce the number
of constraint violations. This occurs by improving the objective in the current
assignment each iteration through a sequence of moves or neighbourhoods.

Considering the same example above, in the first step, the initial propagation
will reduce the domains of M, and M3 and make the search space smaller for the
system:

.

V = (My,M,M3)
Dy, ={1,2,3}
P =4 Dy, ={1,2}
Dy, ={2,3}

€= {My > M3,M, # 3,M53 # 1}

After this propagation, the constraint M; > M3 can propagate the domain of M,
to be {3} and the search can continue from there. Eventually, the problem will be
solved at M; =3, M, =1, and M5 = 2.

Using CP systems, it’s possible to address two different sets of problems:
1) constraint satisfaction problems (CSP) where the goal is to find satisfactory
solutions, and 2) constraint optimisation problems (COP) (sometimes called
optimisation CSPs as well) where the goal is to find an optimal solution depending

on certain criteria.

Definition 2.3.2. Constraint Optimisation Problem (COP) - Some problem classes,
like scheduling or planning, are represented with CSP primitives and an objective
(0) indicated by a function f, which will be optimised. The goal is to minimise
or maximise the f function. The COP solving system operates similarly to the
CSP one, with the addition of back-tracking on the solution (S) and adding a

new constraint on the model (¢ < f(S) or ¢ > f(S)) . This allows the search
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to continue while tightening the optimisation value’s range to approach to the

optimal value [RVBWO06]. Thus, COP can be defined as P = (V, D, C, O) .

Example 4. Let’s consider the knapsack problem, where there are items with
monetary value and volume. We have a limited amount of storage and would like
to maximise the monetary value we carry. Let’s say we have a computer (/1) with
a volume of 3 and value of 10, a rock (/») with a volume of 4 and value of 1, a glass
figurine (13) with a volume of 1 and value of 2, and a pencil case (I4) with a volume

of 2 and value of 2. Our space budget is 4.

We can formally define this problem using Boolean variables to indicate

whether each item is present or not:

(

V = (B1,B2,B3,By)

D, =Dp, =Dp, =Dp, ={0,1}

Voly, = 3,Voly, = 4,Vol;, = 1,Volj, =2

P= Mon;, = 10,Mon;, = 1,Mon;, = 2,Mon;, =2
VolBudget = 4

C= {Z?:I(B,-.Volli) < VolBudget}

U max(¥+ ((B;.Mony,))

In this simple example, we can see that including the computer (i.e. I;) gives
the most value towards the optimisation function. In this case, it is clear that it
should be included, but in any other instance of this problem recognising this may
prove challenging.

Most known constraint modelling /specification languages are OPL [VH99],
ESSENCE [FH]"08], and MiniZinc [NSB"07]. While the OPL language goes
through the IBM CPlex solver, the MiniZinc language is processed to be compatible
with a lower level language, FlatZinc(FZN). FZN can be consumed by solvers
such as the constraint solver Gecode [SLT06], the lazy clause generator constraint

solver Chuffed [Chul6] or the local search solver Yuck [BMFP15].
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2.3.1 Essence Pipeline

While most constraint modelling/specification languages offer support for
Boolean, integer and a basic collection of these types, some problems can be
easier to explain and describe in higher-level structures such as nested sets. For
instance, the itemset mining problem consists of transactions in the form of a list
of sets of items. ESSENCE supports abstract types and structures such as arbitrarily
nested sets by design, which allows these constructs to be represented in higher
level.

An ESSENCE specification comprises: problem class parameters (given);
combinatorial objects to be found (find); constraints the objects must satisfy
(such that); identifiers declared (Letting); and an optional objective function
(min/maximising). As mentioned earlier, the key feature of the language is
support for abstract decision variables, such as multiset, relation and function,
and high-level nested types, such as the list/multiset of sets which directly fits
the itemset mining problem. Considering this example, we can deduce that the
abstract representation flexibility available in ESSENCE would allow us to model
pattern/itemset mining problems more natively in a more abstract way.

Although ESSENCE specification language supports high-level abstract types,
most generic constraint solvers do not support operating on them (except local
search solver ATHANOR [AD]"19] which can operate on the ESSENCE level).
Thus, the high-level ESSENCE needs to be translated first to be able to be compatible
with the solvers. This is where a pipeline of systems comes into play to translate
and transform ESSENCE specifications into the formats where solvers can use it.

ESSENCE pipeline overview can be seen fig. 2.2.

CONJURE [AM] 711, Akgl4, AG] " 14] takes as input a specification in ESSENCE
and applies a series of successive model refinement rules to translate high level
problem specifications into ESSENCE PRIME [NR16]. ESSENCE PRIME is a con-
straint modelling language with similar level abstractions to MiniZinc's.

The refinements made by CONJURE converts abstract types, such as a set

with lower-level primitives with a list. There are multiple ways of representing
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Essence Spec

l
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Figure 2.2: ESSENCE pipeline.

higher-level constructs: this is called representation choices. For instance, a set of
integers can be represented in two ways: first, using an explicit matrix of integers
with additional constraints to satisfy the uniqueness constraint or second, an
occurrence list of Boolean values where every possible value in the domain of
integers is already included.

A set example in ESSENCE can be seen in the fig. 2.3. CONJURE produces
4 different options to translate this set variable into ESSENCE PRIME: one with
occurrence representation and 3 with different explicit representations. The three
different explicit representations differ in how to indicate the boundary of the set
with dynamic cardinality: one uses a marker to indicate the end spot, one uses an
additional Boolean array to flag values in use, and one uses an additional dummy

value to fill the rest of the matrix.

find test_set : set (maxSize 5) of int (0..10)

Figure 2.3: A set example in ESSENCE specification. The set also has a maximum cardinality
constraint.
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One explicit representation with a marker of the fig. 2.3 can be seen in the
tig. 2.4. The first constraint ensures that up to the marker point each value is
ordered from lower index to higher index, ensuring uniqueness. The second
constraint sets the values above the marker point to 0. The third constraint is
somewhat redundant, as the domain limitation already ensures the set cardinality

does not pass beyond 5.

find test_set_ExplicitVarSizeWithMarker_ Marker: int (0..5)
find test_set_ExplicitVarSizeWithMarker_Values:
matrix indexed by [int(l1..5)] of int(0..10)
such that
and([gl + 1 <= test_set_ExplicitVarSizeWithMarker_Marker ->
test_set_ExplicitVarSizeWithMarker Values[gl]
< test_set_ExplicitVarSizeWithMarker_Values[gl + 1]
| gl : int(1..4)1),
and([g2 > test_set_ExplicitVarSizeWithMarker_ Marker ->
test_set_ExplicitVarSizeWithMarker Values[g2] = 0
| g2 : int(1..5)1),
test_set_ExplicitVarSizeWithMarker_ Marker <= 5

Figure 2.4: Explicit with markers ESSENCE PRIME representation of the ESSENCE set
variable for the example in fig. 2.3

The occurrence representation of the fig. 2.3 can be seen in the fig. 2.5. In terms
of complexity, the occurrence representation looks much simpler since it uses one
single matrix structure and a single additional constraint to ensure cardinality.
However, because of the potential large domain ranges and sparsity of the set, it

may not be as efficient as an explicit representation.

find test_set_ Occurrence:
matrix indexed by [int (0..10)] of bool
such that
sum (
[toInt (test_set_Occurrence[gl]) | gl : int(0..10)]
) <=5

Figure 2.5: Occurrence ESSENCE PRIME representation of the ESSENCE set variable for the
example in fig. 2.3
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After ESSENCE to ESSENCE PRIME translation is completed, the constraint
modelling assistant SAVILE ROw [NAG " 17] takes constraint models written in
the ESSENCE PRIME language and translates them to a backend solver capable
format (MINION, SAT, SMT or FZN). It employs several reformulations to
improve the model, such as common subexpression elimination (CSE) or domain
filtering techniques. Domain filtering techniques includes generic arc consistency
(GAC), singleton arc consistency (SAC), or double singleton arc consistency
(SSAC). [NAG"14]. Applying Arc consistency to the CSPs is a very common
methodology which removes any possible values from domains and is very
effective [BR97, DB97]. For each solver backend targeted from SAVILE ROw,
constraint programming solver MINION is used for domain filtering via GAC,
SAC or SSAC.

When encoding to SAT, SAVILE ROW can use direct encoding and order
encoding depending on the constraint expression [NAG"17].

SAVILE ROW can translate COP by targeting MaxSAT directly or using an
ad-hoc SAT targeting mechanism. To target standard SAT backends, SAVILE Row
uses 3 different strategies: 1) Linear, 2) Unsat and 3) Bisect. All three strategies
encode the COP into CSP with a changing optimisation value target. The linear
strategy starts from the worst possible value for the optimisation variable and
tries to improve it linearly each iteration by searching for the satisfiability of the
value given. The unsat strategy operates in the opposite direction, starting from
the best possible value of the optimisation variable and trying to identify the first
satisfiable point. While the first and second strategies improve their value linearly,
the bisect strategy conducts a binary search operation and starts from the midpoint
to find the best possible value, performing in log(n).

When targeting SMT, SAVILE ROW can use multiple theories such as Linear
Integer Arithmetic (LIA), Non-linear Integer Arithmetic (NIA), Boolvector (BV) or
Integer Difference Logic (IDL) [DAEN20].
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2.4 CP/SAT for Pattern Mining

Constraint programming for pattern mining, which first appeared in [DRGNOS]
offers a general means of modelling more sophisticated pattern mining tasks. Its
flexibility means that side constraints can easily be added to the basic model of a
pattern mining problem, which is difficult to do with a specialised mining tool. We
distinguish local and non-local constraints in modelling pattern mining problems.
A local constraint, such as the frequent itemset property, can be expressed simply
on a candidate solution, e.g. by constraining the support of a candidate itemset
to be equal to or greater than the threshold. Non-local constraints, however,
must be expressed between candidate solutions and are therefore more challenging
to model. Closed frequent itemset mining [PBTL99], which is one approach to
representing the full set of frequent itemsets more compactly, is an illustrative
example: it stipulates that an itemset is closed frequent if its support exceeds that
of all of its supersets.

More recent work demonstrates the utility of CP for performing pattern mining
tasks ClosedPattern [LLL"16] and CoverSize [SAG17]. These approaches define
new efficient propagators for the closed frequent itemset problem to combine the
power of CP with its generality. The idea is that additional side constraints can
be introduced without being challenging. In contrast to specialised algorithms,
where incorporating domain knowledge is often difficult, side constraints often
improve the performance of a black-box constraint solver.

A declarative framework has been established and implemented [Gun15] via
MININGZINC. MININGZINC [GDT 13, GDN "17] creates a collection of methods
including hybrid approaches to solve pattern mining problems. The problem is
given in the form of a MINIZINC syntax and later is taken by the MININGZINC
framework. It is possible to generate a multitude of possible solving approaches
from pure CP, a hybrid between specialised algorithms with CP/post-processing
steps.

More CP propagator approaches appear in recent work to tackle GFIM [BBL19a]

to capture the association rule mining problem. A generalisation of these types of
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bordering itemset mining problems has also been done recently in [BBL19b]. This
work also proves these types of problems are coNP-Hard eliminating the one-shot
CSP or SAT approaches.

In the meanwhile, there is a significant amount of related work in the SAT
community as well. Using specialised SAT encoding for itemset mining problems
has been brought up in recent studies [JSS15, J[SS17]. A particular work focuses on

maximal itemset mining with side constraints [[MD™18].

2.5 Dominance Programming

Dominance programming has been suggested as a way of formulating constraints
amongst solutions in a general way [NDGN13, GST18] such that they are compat-
ible with other arbitrary constraints.

In addition to the main CSP workflow, where the decision variables and
constraints relating to a single solution are declared in the usual way, a dominance
programming model specifies constraints among solutions using dominance
blocking constraints. If we consider two candidate solutions c¢; and ¢y, ¢1 > ¢2
indicates that candidate solution ¢; dominates the candidate solution ¢; given the
constraints amongst solutions.

Every time a solution is found during the search, a new blocking constraint is
added. This way, potential solutions that are dominated by a previously found
solution are blocked. Following these semantics, this system always finds all
non-dominated solutions. However, without a perfect search order guiding the
search, the set of solutions can include dominated solutions [NDGN13].

An example can be used to explain the possibility to find dominated solutions.

Let’s assume cost as the criteria for the dominance constraints:
Co={VseS|s<c; < s>c} (2.1)

C, indicates dominance constraints, S is the current solution set and ¢, is a

candidate solution. This constraint indicates that if the cost of the candidate is
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higher than a previous solution, the candidate solution is dominated by previous
solution.

Depending on our search order, we can find a solution with a very high cost
early on, which gets registered into our solution set. The next solutions can
improve this cost value and may not permit any solution with cost similar to the
early solution’s very high cost. However, since our order of finding these solutions
is not perfect, we ended up having a solution with very high cost in our solution
set. This is why if the system ever finds dominated solutions, they need to be

removed using a post-processing step for correctness in the end result.

2.6 Algorithm Configuration

Algorithms for hard computational problems, including combinatorial search
or local search, are often highly parameterised. In local search, for instance,
typical parameters include neighbourhoods, percentage of random walk steps,
and more. Typical parameters in the combinatorial search include the method
of pre-processing, branching rules, usage of any possible learning to perform,
and more. As an example, IBM’s commercial solver CPLEX [LRSV18] has 76
parameters to optimise its search strategy [HHLB10]. The idea is that optimising
the settings of these parameters can bring significant performance improvements.
However, doing these optimisations manually can be time-consuming and often
impractical.

Defining automated procedures to approach this algorithm configuration
problem can be quite useful for many reasons. The most common use case is to use
a training set of instances to optimise the parameters of the algorithm, resulting in
greater performance on the unseen test instances. Achieving the parameter tuning
automatically instead of performing manually saves developer time, converting it
into machine time. There are model-free algorithm configuration methods that
are flexible and can be applied out-of-the-box to any system. These can lead to

drastic performance improvements in a variety of CP problems. While the earliest
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example of these approaches start appearing in 90s [MJPL92], they are recently
gaining attraction again.

While some of these model-free systems are focused on numerical val-
ues [ADLO06], some others can work on categorical systems [BSP*02]. Some well-
known tools for configuration tuning are F-race [BYBS10] and ParamILS [HHSO07].

More recent work in model-based approaches includes Sequential model-based
optimisation (SMBO), which iterates between model fitting and making choices
about which configurations to investigate [HHLB11]. It is a Bayesian Optimi-
sation [Moc12] approach where we sample new configuration in a sequential
manner.

A well-known version of SMBO, SMAC (sequential model-based algorithm
configuration) is an adapted version of Bayesian Optimisation where Random
Forest is used instead of Gaussian Process (the typical choice in Bayesian Optimisa-
tion), and with special capping techniques for more efficient search in the context
of automated algorithm configuration (when optimising on run-time). SMAC is
currently on its third iteration with SMAC3 1.

One important automated algorithm system that uses a portfolio-based selec-
tion system is proposed in Hydra [XHLB10].. The portfolio selection system
Hydra uses SMAC for building a portfolio of algorithm configurations with
complementary strength.

Another racing-based automated configuration selection is irace [LIDLC"16].
A hyperparameter tuning/optimisation framework with an intuitive python front-

end has been published under OPTUNA [ASY " 19].

2.7 Machine Learning

Machine learning is a research field where the focus is on learning systems and
algorithms. It is a very diverse and interdisciplinary field that interacts with fields

of artificial intelligence, statistics, mathematics, and many others [RIN0O2]. As it is

https://github.com/automl/SMAC3
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in use in many applications, machine learning has been of great importance and
features in many scientific domains.

Machine learning has generally been divided into three categories: supervised,
unsupervised, and reinforcement learning [RN02]. Supervised learning requires
training with tagged /labelled data with specified input and output. Its counterpart
unsupervised learning works by not requiring the tagging operation and only
feeding input to the system. Reinforcement learning works as a constant learning
teedback loop via an interactive external environment.

In our thesis, we will be benefiting from some of the supervised methods.
Some well-known, supervised techniques are Support Vector Machines [HDO 98],
Hidden Markov model [Edd04], Bayesian Networks [BG08], and Neural Net-
works [ABBT99].

To be able to use the supervised machine learning techniques, a user-friendly
framework with Python frontend scikit-learn [PVG'11] is available. It is one of
the most popular machine learning toolkits available. A more black-box approach,
where the machine learning algorithms are efficiently selected by a hyperparameter
selection system auto-sklearn [FKE15], is also available to automatically train

systems.

2.8 Problem Classes

The problem classes we are going to use in this work all operate on a transactional
dataset structure and can be modelled in the form of a multi-set of sets. They are
pattern mining problems, more specifically itemset mining problems, which means
the inner sets consist of items and the items can be represented as a primitive
construct.
Itemsets and transactions can be defined mathematically with » as the number
of possible items (II) eq. (2.2)
I={1,..,n} (2.2)

24



2.8. Problem Classes

The transaction set (T) defines m number of transactions eq. (2.3)
T={1,...m} (2.3)

By merging these two elements, the database of the transactions DB can be defined
as eq. (2.4)
Vi€ T,DB(t) C1I (2.4)

On the defined transactional dataset, the FIM problem can be defined as
identifying itemsets where the support (definition 2.8.1) of an itemset is above

a given threshold value.

Definition 2.8.1. The cover (¢) is defined as the transactions that contain the
pattern itemset as a subset eq. (2.5). The support is the number covering

transactions (i.e the cardinality of the cover).

m

¢pp(I) = | J{Il1 S DB(1)} (2.5)

=1
To find frequently appearing sets of items in a transaction database, we can

define the frequent itemset mining for the itemset 7 as eq. (2.6)
fis(I) = |¢pp(I)| > min_freq (2.6)

The cardinality of ¢pp (|¢|) will give the support of the itemset I. min_freq is
the occurrence limit, which is set to define what is frequent. If we want an itemset
with at least 10% frequency, this would lead to min_freq = m/10.

While all other problem classes require only the support for a specific pattern,
one particular problem class, relevant subgroup discovery problem, requires
identifying which itemsets cover the pattern. For this problem class, it is necessary
to create a distinction between the covering transactions.

Each model denotes similar decision variables. In these models, we always

try to find a set of items to represent the pattern. In addition to the pattern, the
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goal is to retrieve the pattern’s support (using integers) or its cover (using a set of
transaction ids).

In the non-mathematical dominance representation of the models, we use is
to denote the decision variable itemset and s() to access support. Additionally,
prev() has been used to indicate previous solution’s decision variables. prev() is

equivalent to fromSolution in ESSENCE syntax.

2.8.1 Maximal Frequent Itemset Mining

Maximal frequent itemset mining (MFIM) dictates that no subset of any frequent
itemset should be allowed and only maximal cardinality of any pattern should be
included in the final solution set. Mathematically, for a maximal frequent itemset I,

(which has a support higher than min_freq), this can be defined as follows eq. (2.7):

mim(l,) = V1, C I, A|¢pp(Ip)| < min_freq (2.7)

For every possible 1, which supersets I, [, cannot have the minimum superset
requirement satisfied. Otherwise, I, would not be maximal.

If we use the same bacon-lettuce-tomato transactional dataset example from
example 1, applying maximality to the frequent itemsets over in that example, we

find a single itemset {Bacon, Lettuce, Tomato} is maximal.

2.8.2 Closed Frequent Itemset Mining

Closedness is a condition for the whole solution set of a frequent itemset mining
task. Itemsets are called closed if and only if their support is greater than all of
their supersets. Closed frequent itemset mining, CFIM, also acts as a lossless way
of compressing the solution set of FIM, since all frequent itemsets can easily be
enumerated once the closed frequent itemsets are found [PBTL99].

Mathematically, for a closed frequent itemset 1,, this can be defined as eq. (2.8)

cfim(la) = V1,1, C I A |¢DB(Ib)| < “PDB(Ia)l (2.8)
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For every possible I, which supersets I, I, should have strictly higher support
to be able to satisfy closedness.

Following example 1, we find {Bacon, Lettuce, Tomato} and {Lettuce, Tomato}
are closed. An additional support for {Lettuce, Tomato} makes the itemset closed,

although this itemset was not in the maximal itemsets previously.

2.8.3 Generator Frequent Itemset Mining

Generator itemsets (also called free itemsets or key itemsets) [BBROO, BJ01] are a
related compressed representation of all frequent itemsets. A generator itemset is
a frequent itemset that does not have any frequent subsets with the same support.

Generator frequent itemset mining (GFIM) is useful as part of a larger
association rule mining task. Together with closed frequent itemsets, these itemsets
construct minimal non-redundant association rules [Kry98].

Mathematically, for a generator itemset /,, this can be defined as eq. (2.9)
gim(l,) = VI, 1, D I, N |opp ()| > |¢pp(1,)] (2.9)

For every possible [, under 1,’s supersets, I, needs to have strictly higher
support than /,, otherwise I, would not be a generator.
Following the same example in example 1, we find {Lettuce}, {Tomato} and

{Bacon, Lettuce, Tomato} are generator itemsets.

2.8.4 Minimal Rare Itemset Mining

A minimal rare itemset is an infrequent itemset whose subsets are all frequent.
They are closely related to maximal, closed, and generator itemsets. Minimal rare
itemset mining (MRIM) is useful for dense datasets where the number of frequent
itemsets may be very large [SNVO07].

Mathematically, for a minimal rare itemset /,, the equation can be defined as in

eq. (2.10). The equation benefits from the previous maximal equation eq. (2.7) as
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the base point.
mri(ly) = Vy,1; 2O Iy Amim(Iy) A\ |@pp(1,)| < min_freq (2.10)

In the bacon, lettuce, and tomato example (see example 1), since there is only

one maximal itemset, the minimal rare itemset set is empty.

2.8.5 Closed Discriminative Itemset Mining

Discriminative itemset mining operates on a slightly different dataset; in addition
to transactions, each entry has an associated class label (positive/negative). We
calculate two support values for a discriminative itemset: the support among
positively labelled itemsets and the support among the negatives. A discriminative
itemset is one where the difference between the positive support and the negative
support is greater than a frequency threshold [CYHHO07]. In closed discriminative
itemset mining (CDIM), we also add the additional closedness condition.

We have previously defined the cover set ¢ (I) over DB eq. (2.6). We can define
the class label feature of each transaction over DB with y(DB(t)) eq. (2.11).

Ve T,y(DB(t)) € {0,1} (2.11)
The positive cover ¢;5(I) can now be defined using y(DB(t)) by the eq. (2.12).

m

ops(D) = | J{II1 € DB(1) A w(DB(1)) = 1} (2.12)

t=1

Respectively, the negative cover is defined by eq. (2.13).

05s(1) = 1111 € DB(1) A w(DB()) = 0} 2.13)

=1
The discriminative itemset using positive and negative supports (using the

covers) can be defined as eq. (2.14).

disc(I) = (|9pp(I)| = 6pp(1)| > min_freq) (2.14)
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The closedness on the positive cover can be enforced similarly to eq. (2.8) in

eq. (2.15).

cdisc(l,) = iy, 1s C I, N|oSz(1)| < |0p5(1)] (2.15)

If we want to represent this problem class in ESSENCE space, a multi-set of
records should be used. This allows each record to contain the transaction and the
class rather than only the transaction.

Considering the example in example 1, we need class information for the
transactions first. Expanding the example by giving class 0 to the first two
transactions and 1 to the last one, {Bacon, Lettuce, Tomato} is found to be closed

discriminative.

2.8.6 Relevant Subgroup Discovery

Relevant subgroup discovery (RSD) is related to discriminative itemset mining.
While discriminative itemset mining relies on the support numbers of different
classes of transactions, relevant subgroup discovery reasons using the actual sets of
transactions that provide the support [LRA10, NDGN13]. A relevant subgroup X
is an itemset such that at least one of the following conditions hold: 1) for positive
transactions, no other itemset covers a superset of the transactions covered by X,
2) for negative transactions, no other itemset covers a subset of the transactions
covered by X, or 3) for both kinds of transactions, no other itemset that has the
same total cover is a superset of X.

In mathematical notation, considering an itemset I, to be the relevant subgroup,
the logic described in eq. (2.16) must hold.

2

rsd(l,) = VI, C1, \/ rsd_cond (i) (2.16)
i=0
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(

¢5EUE)CZ¢EEUQ% i=0

rsd_cond (i) = OppIp) D Opp(la), i=1 (2.17)

| 908(l) = 9(la) NIy S Lo =2

For this problem, we can represent the dataset in ESSENCE using a sequence of
records instead of the multi-set that we had in discriminative itemset mining.
This is to allow us to store references to transactions using their index in
the sequence. The decision variables are modified accordingly to encode the
transaction identifiers instead of just the total number of transactions that provide
the support.

Considering the example in example 1 and assuming the same class infor-
mation as closed discriminative itemset mining, {Bacon,Lettuce,Tomato} and
{Lettuce, Tomato} are found to be relevant. {Bacon, Lettuce, Tomato} is a maximal
itemset for positive covered transactions. Therefore, due to the first condi-
tion of eq. (2.17), no other frequent itemset can be included from that clause.
{Lettuce, Tomato} is found to be relevant since it appears in all transactions and
subsets only one transaction: {} (i.e. the third clause in eq. (2.17)). The second
clause of eq. (2.17) doesn’t directly permit any relevant subgroups, since we can

not find an itemset to be included in all possible negative covers of all itemsets.

2.9 Benchmark Datasets

Throughout this thesis, we use 16 transactional datasets from the CP4IM 2 which
are derived from UCI datasets to benchmark our developed systems.

Table 2.1 represents the datasets used with their characteristics. While total
transaction size indicates how big a dataset is, the number of items and density of
the dataset affect the difficulty to find patterns.

The figure which has been represented as the number of closed itemsets is

achieved without any side constraints. Additionally, for audiology, hypothyroid

’https://dtai.cs.kuleuven.be/CP4IM/datasets/
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2.9. Benchmark Datasets

Dataset Transactions | Items | Density | Closed Itemsets
Anneal 812 93 0.45 1224754
Audiology 216 148 0.45 167000000
Australian 653 125 0.41 24208803
German 1000 112 0.34 2080153
Heart 296 95 0.47 12774456
Hepatitis 137 68 0.50 1827264
Hypothyroid 3247 88 0.49 56000000
Kr-vs-Kp 3196 73 0.49 59000000
Lymph 148 68 0.40 46802
Mushroom 8124 119 0.18 3287
Soybean 630 50 0.32 2908
Splice 3190 287 0.21 1606
Tic-tac-toe 958 27 0.33 192
Tumor 336 31 0.48 31025
Vote 435 48 0.33 35771
Zoo 101 36 0.44 3292

Table 2.1: Datasets from CP4IM used in benchmarks in the thesis with their characteristics.

and kr-vs-kp datasets, the search is restrained for the first 30 minutes. For these
datasets, the given number does not represent the whole count of closed itemsets.
The density is calculated using the average transaction length in comparison

to the total number of items available in the dataset.
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CHAPTER THREE

PATTERN MINING ON
PURE ESSENCE AND
ADDING SIDE
CONSTRAINTS

This chapter is about modelling pattern mining problems using pure CP ap-
proaches. Modelling itemset mining problems has been investigated throughout
this chapter to determine the feasibility of representing pattern mining problems
in a pure CSP fashion. It includes another approach that involves iterative mod-
elling/solving. This chapter also investigates encoding arbitrary side constraints
into pattern mining models and possible interpretation differences which cause
discrepancies in the solutions.

Some of the work presented in this chapter has been published in arti-
cle [KAMN18b]. This chapter includes a more detailed look at the already

published work and expands on it on a technical level.

3.1 Pattern Mining on Essence

The pattern mining problems which have been described in section 2.8 do not

include any additional constraints. These variations of the problems can be
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solved by predefined algorithmic methods given in their respective publications.
Additionally, since the engineered algorithms are specifically crafted for limited
type of constraints or no constraints at all, in circumstances where no additional
constraints are involved they will most likely perform much better than any CP

approaches. We will discuss adding additional constraints in section 3.2.

3.1.1 Modelling

It is possible to encode the FIM problem without any conditional constraints
in between candidate solutions. This way of representing the problem requires
only one decision variable named freq_items and makes the problem easy to
represent. This model can be executed on a multiple solution enumeration mode.

In the ESSENCE specification, we can represent the given database as db, a
minimum frequent itemset cardinality as min_size, and minimum frequency as

min_freq. This model can be seen in fig. 3.1.

given db : mset of set of int
find freq items : set (minSize min_size, maxSize max_t_size)
of int (db_minValue..db_maxValue)
such that
(sum entry in db . toInt (freqg_items subsetEq entry))
>= min_freqg

Figure 3.1: Frequent itemset mining problem modeled in CSP

In fig. 3.1, max_t_size represents the longest transaction in the database. This
value can be automatically calculated from the database input directly since list
comprehensions on givens is supported in ESSENCE. The calculation itself can be

seen in fig. 3.2.

letting max_t_size be max ([ |entryl| | entry <- db 1)

Figure 3.2: Calculating the maximum transaction size in ESSENCE.
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However, the actual calculation of the longest transaction is done on the
ESSENCE level. CONJURE’s translated model to ESSENCE PRIME delegates to
SAVILE ROW to find the value. Having ad-hoc calculations such as this one should
work better in less dense databases where the database has fewer items in its
transactions compared to the total set of items. However, for dense databases,
using a value such as the total number of items n can be more CPU efficient with
less memory overhead on representation.

Using the same principle, the calculation of the minimum and maximum item
identification numbers db_minvValue and db_maxValue can be calculated as

seen in fig. 3.3.

letting db_minValue be

min([val | entry <- db, val <- entry])
letting db_maxValue be
max ([val | entry <- db, val <- entry])

Figure 3.3: Calculating the minimum and maximum items in the given database in
ESSENCE.

Similar to the maximum transaction size, the calculation of these two values
will also bring overhead to the system. If we can guarantee that every item in I
exists in the database, the calculations of these values can be avoided and hard-
coded to the model directly with ,,;, = 1 and I,,,x = n. However, since we don’t
have this necessary information about any potential givens, we do not incorporate

these assumptions into the model.

3.1.1.1 Representing All Solutions in a Set Variable

With a single set decision variable we can represent all of the solutions as one set
of solutions. This methodology makes the CSP model complete and able to find
all possible itemset solutions in a set variable.

If we would like to model MFIM this way, we can wrap the freq_items we have

described earlier with another set layer. The properties of the MFIM problem can
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be encoded using an additional restriction to make any itemset i and i2 not have a

subset relationship (fig. 3.4).

given db : mset of set of int
find max_itemsets
set of set of int (db_minValue..db_maxValue)
such that
forAll item set in max_itemsets
(sum entry in db . toInt (item_set subsetEq entry))
>= min_freqg
such that
forAll i in max_itemsets_so_far
forAll i2 in max_itemsets_so_ far
! (1 subsetEq i2)

Figure 3.4: Representing the maximal itemset mining problem using pure CSP with a set
of solutions.

This model can produce all the solutions in a single run. However, the
propagation of the model can be abysmal considering the complexity of the
decision variable (i.e. set of set of integers). The expansion of this decision
variable in lower-level representation can be considerably large and sub-optimal.

Evaluating this model, we examine that the model performs very badly, as
expected. This model is not even able to finish the search for most examples, apart
from some exceptionally small examples. Additionally, it should be noted that
these findings are achieved on the maximal itemset mining model, where the
complexity of the in-between candidate solutions is considered to be the weakest
or easiest. Thus, it can be argued that the other pattern mining problems will
be even more challenging for this single set representation approach. Cleverer

methodologies to encode in-between itemset relations are necessary.

3.1.1.2 Iterative Ad-hoc Approach

As a possible approach to represent solutions efficiently, we can create an ad-
hoc given variable to encode (solutions_so_far) and operate on a multi-run
system to update this variable after each run. The multi-run system will make the

solution set grow each iteration using the decision variables of the previous run.
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3.1. Pattern Mining on Essence

We can direct the search by applying additional rules to split the search space
into smaller batches. The pattern cardinality is a good measurement to divide the
search space. The order in which itemsets are found is also important and will
indicate if post-processing is necessary. With the usage of proper techniques for
the order of search, we can try to eliminate the post-processing requirement. This
is the methodology that sparked CDP and CDP+I. We will go into more detail
about these in their relevant chapters chapter 4 and chapter 5.

The flow process of the ad-hoc iterative approach can be seen in algorithm 1.

Algorithm 1 Ad-hoc Iterative pattern mining with CP for MFIM and CFIM.
1: procedure ADHOCITERATIVEMINER(D)
2: ub <~ SMARTSTART(D)
solutions < {}
size <— ub
while size > 0 do
s <— SOLVE(D, solutions, size)
solutions <— solutions Us
size < size — 1
return solutions

For maximal or closed itemset mining, the ad-hoc procedure can use a
maximum cardinality and reduce its value one by one. The maximum transaction
sizemax_t_size is a guaranteed maximum cardinality for any itemset. However,
to further shrink the domain of the upper bound of the cardinality, we can
define another ad-hoc feature called SmartStart. This feature benefits using
the efficient algorithm Eclat [Bor03]. Instead of running the algorithm to find
itemsets, we run it just to find the upper bound of the largest itemset’s cardinality.
Without the inclusion of any side constraints, this makes our ad-hoc CP approach
do redundant work since Eclat can already do the job. SmartStart procedure

can be logical to use when there are side constraints involved.

3.1.1.2.1 Maximal Itemset Mining For maximal itemsets, the ad-hoc iterative
search mechanism will be applied on the variable called max_itemsets_so_far.
Each found solution will update this model parameter to be able to satisfy the

maximality requirement for the next solutions. This can be seen in fig. 3.5.
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given db : mset of set of int
given max_itemsets_so_far
set of set of int (db_minValue..db_maxValue)
find freq items
set (size current _size) of int (db_minValue..db _maxValue)
such that
(sum entry in db . toInt (freg_ items subsetEq entry))
>= min_freq
such that
forAll item set in max_itemsets_so_far
! (freg_items subsetEq 1i)

Figure 3.5: Ad-hoc CSP model for the Maximal itemset mining.

current_size is the pattern cardinality variable used in an ad-hoc fashion.
After each search, found maximal itemsets will be added to the max_item -
sets_so_far set. If there is no solution left on a particular cardinality, the
ad-hoc variable current_size will be reduced by one. Otherwise, the search

will continue on the same cardinality to find more maximal itemsets.

3.1.1.2.2 Closed Itemset Mining Using the same methodology, we can model
the closed itemset mining problem. However, we additionally need to keep track
of the support size of each set we find to compare in the next iteration. The ad-hoc
modelling can be seen in fig. 3.6.

In this ad-hoc model, freq_item is represented by a tuple. The additional
second part of the tuple represents the support value for the itemsets. closed_-
item_sets_so_far is also updated to hold a set of tuples to keep the support
values with the same logic. The maximum value the support can take equals the

number of transactions ( |db| in ESSENCE).

3.2 Adding Side Constraints

On pattern mining applications, it is crucial to consider side constraints to identify
important patterns. An example of a side constraint on a pattern mining problem

would be having a cost attached to each item and requiring certain limitations
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given db : mset of set of int
given closed_item_sets_so_far
set of (set of int (db_minvValue..db_maxValue), int(l..m))
find freg items
(set
(size current_size)
of int (db_minValue..db_maxValue),
int (1..db_row_size))
such that
(sum entry in db . toInt(freqg items[l] subsetEq entry))
= freq_items[2],
freg_items[2] >= min_freq,
forAll (i, support_size) in closed_item_ sets_so_far
((freq_items[1l] subsetEq i) —>
(freg_items[2] > support_size))

Figure 3.6: Ad-hoc CSP model for the closed itemset mining.

on the total cost of the pattern. As mentioned in section 3.1, specialised pattern
mining algorithms can incorporate some basic side constraints into their system.
However, adding arbitrary constraints is not directly feasible. This is due to
specific properties of the constraints such as monotonicity and anti-monotonicity.
In this section, we will look at two constraints: one monotonic (section 3.2.2) and

one non-monotonic (section 3.2.3).

3.2.1 Working Example

We will first start by defining an example case and work on this example to
illustrate information about side constraints. The example, which consists of a
transactional database (i.e. T) over four items (i.e. I) (eq. (3.1)), can be seen in
eg. (3.2). On this database, when we search for the frequent itemsets, we find 10

itemsets that can be seen in eq. (3.3).
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I={1,2,3,4} (3.1)
T ={{1,2,4},{1,2,3,4},{3,4}} (3.2)
FIS = {{}, {1}, {2}, {3}, {4}, {1.2},{1,4},{2,4},{3,4},{1,2,4}} (3.3)

We will consider the closed frequent itemset mining problem for the given
example. Without any side constraints at hand, if the occurrence threshold |¢| = 2,

there are 2 closed frequent itemsets. The solution set (S) can be seen in eq. (3.4).

1,2,4
Sun = { o }’ (34)

{3.4}
We can set side constraints using the same utility and cost values (eq. (3.5))

with a limitation on minimum utility (eq. (3.6)) and a maximum cost (eq. (3.7)).

UC(i) = ucli] | uc =[1,2,2,1] (3.5)
/]
Y > MIN, | MIN, =3 (3.6)
i=1
I
< MAX. | MAX. =3 (3.7)

i=1
3.2.2 A Monotonic Side Constraint - Minimum Utility

If we only consider minimum utility side constraint, the correct amount of

solutions is 2. The solution set (S) can be seen in eq. (3.8).

1,2.4
Su = t:24} (3.8)

{3.4}
When using other CP methods, such as MININGZINC, some of the options

produce additional candidate solutions as well. Those two additional candidate
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solutions in a solution set (S) are in eq. (3.9).

= {274}7

m

Su = (3.9)
{1,2}

These offered solutions are not closed since both of them have the same support
size 2 as their super-set {1,2,4}.

This discrepancy occurs because the minimum utility constraint is a monotonic
constraint, which indicates that if set S violates the constraint, the subsets of S will
also violate that. Subsequently, closure can be applied anywhere in the process.
Still, some other MININGZINC options provide incorrect results due to incorrect

closure.

3.2.3 A Non Monotonic Side Constraint - Maximum Cost

When we consider maximum cost constraint, we uncover interesting findings
in the comparison with other methods. The correct result count is 5 both when
calculated manually and with our iterative approach. The correct results (solution

set S) are available at eq. (3.10).

((1,2),

(1,4},

S 3.10)
(3,4},

4

Other itemset mining approaches with CP apply the closure constraint first

\

and then apply side constraints. Similarly, a system that uses the specialised
algorithm LCM with CP post-processing can initially find {1,2,4} as closed itemset.
However, the post-processing filters it out since the pattern does not satisfy the
side constraint. This eliminates some sub-patterns under {1,2,4}. This two-step

system only finds two solutions (solution set S), which are in eq. (3.11).
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S = 1345 (3.11)

¢
{4}

The reason behind this behaviour is that the maximum cost constraint is
not monotonic and does not carry any information about the subsets of § if the
constraints are violated by S [BL04]. Meanwhile, the max cost constraint is also
anti-monotonic, meaning if the pattern set § satisfies the constraint, the sub-sets
directly satisfies it. This means if the maximum cost is not reached by the set S,
the subsets are not going to reach it either. Due to the non-monotonic property
(and more strictly anti-monotonic), two-step approaches only keep {3,4} and {4}
correctly in the solution set.

Additionally, some MININGZINC options do not end up with the correct
number of solutions either, as they provide {}, {1}, {2}, {3} as correct patterns.
These solutions are not closed since a super-set of this patterns offers the same
support size. {1} and {2} have the same support size as {1,2}, which is 2. {3}
has the same support size as {3,4}, which is 2 again. The empty set has the same
support size {4}, which is 3.

Having a different number of solutions on different CP approaches with
maximum cost constraints is not desired. However, the discrepancy needs to
be identified to detect why this is the case.

Difference in behaviour between our approach and other approaches boils
down to the order of application of the different constraints. This inevitably leads
to solving two different problems. In this circumstance, we can indicate two
possible definitions when we consider the closed frequent itemset mining with
arbitrary side constraints: 1) all closed frequent itemsets that also satisfy the side
constraint, and 2) all frequent itemsets that satisfy the side constraint and are
closed within this solution set.

The former is strictly less useful since when we remove a closed frequent
itemset from the solution set due to the side constraint, we might also remove

several of its subsets. In other words, we remove an itemset which was compressed
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in a lossless way. By removing the compressed version directly, we lose all the
information it contains as well.
We can also demonstrate the difference between the two order of operations

with a side by side comparison in Figure 3.7.

Step 3
(Step 1) (Step 2) Closel and
Database Closed Itemsets Low-Cost
{{1,2,4},
1727374 ) {{4}7 {374}7 4 ) 374
{1,2,4}}
{3’ 4}} b )
(Step 2) (Step 4)
(Step 1) Frequent (Step 3) Low-Cost and
Database Low-Cost
Itemsets Closed

0.2 050
{{1,2,4}, (.01}, 423, 3},
(1,2,3,4), | WEALZEALAE Lo g oy Ty | (e (1,23, {14,

Gap | BEEE e Gay | e

Figure 3.7: Visualisation of the difference between the order of application of side
constraints and the closedness constraint.

As mentioned earlier, losing {1,2,4} in the first approach leads to losing
{1,2},{1,4}, and {2,4}, which we deem important. They satisfy the available
side constraints and they are closed since all of their supersets are eliminated via

the closedness property or side constraints.

3.3 Preliminary Results

Some initial experiments are conducted using the ad-hoc iterative system and a
couple of options from MININGZINC. The experiments are done on a handful
of instances using the hypothyroid dataset. The instances and their generation
will be explained in section 8.1. From the generated instances, we used different

transaction size samples to measure the effect of the scalability of each option.
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Due to the possible discrepancies in the number of solutions, a non-monotonic
max-cost constraint has not been used in these experiments. Starting from the
next chapter, where we develop a new framework (chapter 4), we will take non-
monotonic side constraints into consideration.

In our experiment, to further reduce the number of solutions, we limit the
minimum pattern size so the CP systems can handle the problem more easily.
This constraint can either be enforced during the ad-hoc process or added to the
ESSENCE specification by adding a constraint or using the supported set parameter
minSize.

We also used multiple solver backends to get an initial idea about which
backend and solvers are more suitable for the frequent itemset mining problem.

As stated earlier, we have used two distinct solving platforms to conduct the
experiments: our ad-hoc iterative miner (AD) and MININGZINC (MZN).

For the ad-hoc iterative miner, we considered two pre-processing options
available in SAVILE ROW: 1) no preprocessing (None) and 2) default pre-
processing with SACBounds (S). As targeted solvers, we used two AlISAT solvers
NBC_MINISAT_ALL (NBC) and BC_MINISAT_ALL (BC); one standard SAT solver
LINGELING (LIN); and one CP solver MINION (MIN).

For MININGZINC options, we have used the five different options where
MININGZINC offers them as the best candidate. These are: LCM5 for whole
process(MzN_LCM5), LCM5 + Gecode postprocessing (MZN_LCM5_HYB), LCM2 +
Gecode post-processing (MZN_LCM2_HYB), Gecode with reify and rewrites (MZN_—
GECODE), and Plain Gecode (MZN_GECODE_NOWR).

The results can be seen in table 3.1. The configurations which always timeout
has been omitted from the table. The full plot with all configurations can be seen
in fig. A.1 at appendix A.

The results show that using a moderately large dataset like hypothyroid can
be challenging even for options with specialised tools like LCM. A reason why
hybrid options are under-performing is that they try to enumerate millions of

candidate solutions before the post-processing step, ending in a timeout. Using
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Size | MZN_GECODE AD_MIN_None AD_NBC None AD_NBC_SAC

500 12.94 5493.582 151.421 130.985
1000 * * 730.37 754.559
1500 * * 1767.64 3184.326
2000 * * 4495.803 4643.016
2500 * * 7898.161 7104.976
3000 * * 9566.493 8763.414

Table 3.1: Preliminary results for the ad-hoc iterative miner and its comparison to a
handful of MININGZINC options. The size value indicates the number of transactions in
the subset of the dataset. Time values are represented in seconds. The timeout threshold
is 3 hours.

only Gecode is a sensible option only for the smallest subset of the instance. Scaling
using Gecode is not possible as we can see in the later instance sizes. Our ad-hoc
approach with MINION solver does not look feasible after the initial smallest
instance either.

Regarding SAT solvers, one SAT solver, NBC_MINISAT_ALL, out-performs
through the experiments while LINGELING and BC_MINISAT_ALL struggle. We
believe the reason behind this is the usage of blocking clauses overwhelms the
solver and makes scaling difficult.

The pre-processing options on the SAVILE ROW level are attached with
overhead cost. This leads to having no pre-processing option AD_NBC_None out-
performing AD_NBC_SAC on small subset instances. However, with the growing
size of the instance, we can see that the pre-processing starts to be more beneficial.

With its effects, AD_NBC_SAC and AD_NBC_None switch places.

3.3.1 A Case Study on the Number of Solutions

In addition to having a solver base comparison, we have decided to look into the
solution characteristics as well.

Since we are not comparing solvers in this section, we have used the default
ESSENCE pipeline with MINION solver backend. We performed this experiment
with a relatively smaller dataset Tumor to achieve a faster turnover.

For MFIM, the tumor dataset has 2043 maximal itemsets. The size of these

45



3. PATTERN MINING ON PURE ESSENCE AND ADDING SIDE CONSTRAINTS

itemsets can be seen in the table 3.2.

Cardinality | Number of Itemsets | Solver Time (s)
11 51 0.7
10 269 0.9
9 446 1.6
8 330 2.8
7 241 4.7
6 330 8.8
5 128 6.8
4 43 54
3 7 33
2 1 0.4
1 0 0.4
0 0 0

Table 3.2: Maximal itemset finding on Tumor Database using CONJURE SAVILE ROW
MINION pipeline

The ad-hoc methodology creates additional translation time. This step con-
cludes with SAVILE ROwW and CONJURE taking significantly longer times. While
the solver is always bound to 10 seconds as a maximum, an additional SAVILE
ROW time is also around 10 seconds each step. Furthermore, CONJURE also takes a
significant amount of time for solutions to be translated back into ESSENCE space.

For CFIM, the same Tumor dataset has 31024 closed itemsets available. Itemsets
found in each step and the solver time can be seen in the table 3.3. SAVILE ROow
times are maximum 50 seconds each steps and again CONJURE takes quite some
time for solution translations.

While the solver times are much greater than the MFIM equivalent, the SAVILE
Row time stays around the same at each level. This indicates a constant overhead
in SAVILE ROW when using the ad-hoc iterative system.

Both of these results indicate that our ad-hoc iterative approach has room for

improvement.
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Cardinality | Number of Itemsets

Solver Time

11 51
10 605
2449
5360
7179
6772
4841
2587
945
211
45
0

O RRL, N WK U] VO

0.4
0.8
34
29.5
126.4
264.5
305.4
229.2
111.2
38.4
15.8
0

Table 3.3: Closed itemset finding on Tumor Database using CONJURE SAVILE ROW

MINION pipeline

3.3.2 Summary

The experiments with our ad-hoc approach show that our proposed system is

capable to solving some of the pattern mining problems with a handful of instances

and already has a competitive advantage over the options in the MININGZINC

platform. However, the results also show that the system is not efficient enough

due to its ad-hoc nature. An improved system with a better layout and better

formalisation could be more practical for research purposes and end-user use

cases.
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CHAPTER FOUR

PATTERN MINING ON
ESSENCE WITH CDP

On the previous chapter 3, we explored pure ESSENCE mining on certain pattern
mining problems and conducted some preliminary experiments (section 3.3).
These results show that using pure ESSENCE constructs is not efficient enough to
tackle the pattern mining problems.

This chapter is a continuation of our efforts to solve pattern mining problems
which cannot be tackled efficiently. To do so, in this chapter, we introduce a
new formalisation and generalise expressing solution dominance relations with
Constraint Dominance Programming (CDP). Using CDP, we focus on pattern
mining problems and Constraint Optimisation Problems (COP).

Some of the work presented in this chapter has been published in arti-
cles [KAMN18b, KAMN18a]. This chapter improves and expands the published

work at a technical level to make it applicable to optimisation problems and more.

41 CDP

A constraint satisfaction problem is a triple (V, D, C) of decision variables, domains
and constraints. A constraint dominance problem extends a constraint satisfaction
problem to a quadruple (V, D, C, R) by adding a dominance relation R [NDGN13].

Dominance blocking constraints are generated from an existing solution using a
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Find 1 solution

Y

SN

yes
Post blocking
constraints

Figure 4.1: Procedure of Constraint Dominance Programming in flowchart form.

template provided by the modeller. They are used to prune all dominated solutions
by the solution at hand.

When solving a constraint dominance problem, the goal is to enumerate
all non-dominated solutions. Semantically, a solution is non-dominated if the
dominance relation statement evaluates to true in comparison with every other
solution. Operationally, this is achieved by iteratively finding a solution s, posting
dominance blocking constraints to disallow solutions dominated by s, and using
the modified model to find the next solution [GST18]. This procedure creates
as many dominance blocking constraints as there are solutions and requires one
solver call per solution.

Moreover, without a perfect search order, the system may produce solutions
that gets dominated by the solutions later on, which a post-processing step is
required to remove. A perfect search order guarantees that we only find all non-
dominated solutions by arranging the order of finding solutions where an early
solution can never get dominated by a later one.

The flow of the procedure can be seen in Figure 4.1. The algorithm shows that
it is possible to apply pre-processing methods on the standard sub-CSP problem,
modifying (V, D, C) before the iterative process.

To understand the dominance problem we can use a mathematical example.
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This example problem is equivalent to MFIM and it can be seen on Equation (4.1).
The dominance condition indicates that the future possible solutions should not
be a subset of any found solution. After finding one of the solutions, (e.g. {1,2},

subsets {1},{2}) dominated candidate solutions are blocked from the possibilities.

Example Solutions = {1,2},{1,3}
Dominance Condition = AS ryrure VS | S future € S 4.1)
Dominated Solutions = {1},{2},{3}

Pure CDP has a number of shortcomings in the context of constraint-based

mining:

* When the number of solutions is large, CDP’s requirement of calling the
solvers once per solution creates an overhead, as it incrementally adds a
new dominance blocking constraint after each solution. This creates an
unnecessary overhead, and in addition, it reduces the utility of learnt clauses
in a learning solver. It might also evaluate the same sub-trees of searches

multiple times since this information is lost at the end of the solver call.

¢ Without a good search ordering, CDP might enumerate dominated solutions
as well. The number of dominated solutions is typically orders of magnitude

greater than non-dominated solutions.

* Post-processing is required to remove dominated solutions found during

search.

4.2 Modelling Problems in CDP

To be able to use the CDP framework, the selected problem needs to be examined
and determined to be feasible for CDP primitives. The section analyses the pattern
mining problems from section 2.8 in section 4.2.1 and a general optimisation

problem in section 4.2.2.
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4.21 Modelling of Pattern Mining Problems

The maximal itemset mining MFIM (section 2.8.1) can be represented in the
dominance logic by definition 4.2.1 using is as the candidate itemset. prev() denotes

accessing any previous assignments.
Definition 4.2.1. The dominance relation of maximality is: —(is C prev(is))).

For closed itemset mining, CFIM (section 2.8.2), the representation is defini-

tion 4.2.2.

Definition 4.2.2. The dominance relation of closedness is: (is C prev(is)) —

(s(is) # prev(s(is))).

For generator itemset mining, GFIM (section 2.8.3), the representation is

definition 4.2.3.

Definition 4.2.3. The dominance relation, (prev(is) C is) = (s(is) # prev(s(is)))
follows the definition very closely. This verifies that a frequent itemset is a

generator itemset if its support is not equal to the support of any of its subsets.

For minimal rare itemset mining, MRIM (section 2.8.4), the dominance repre-

sentation is definition 4.2.4.

Definition 4.2.4. The dominance relation follows from the definition of minimal
rare itemsets: an itemset is a solution if none of its subsets are solutions:

—(prev(is) Cis).

For closed discriminative itemset mining CDIM (section 2.8.5), the dominance

representation is definition 4.2.5.

Definition 4.2.5. After calculating the positive and negative support of the itemset
with limiting constraints, we can apply the closure dominance on positive cover
as follows: (is C prev(is)) = (s (is) > prev(sy(is)) , where s () is used to access

the positive support.
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Lastly, for relevant subgroups discovery problem RSD (section 2.8.6), the
dominance representation is given in definition 4.2.6 where ¢, and c_ is used

for positive and negative cover on transactions.

Definition 4.2.6. The dominance relation for RSD is fairly more complex, but it

follows the definition given in eq. (4.2).

(

—(c+(is) € prev(cy (is)))
\/ —(prev(c—(is)) C c_(is)) 4.2)

—((cy(is)Uc—(is) = prev(c(is)) U prev(c_(is))) = is C prev(is))

\

4.2.2 Modelling Optimisation Problems using CDP

While we can model the pattern mining problems with CDP directly, it is also
possible to model COP using CDP primitives indirectly.

Definition 4.2.7. A minimisation optimisation can be expressed using the domi-
nance relation with f(S) < f(prev(S)) where f(S) is the optimisation function for

feasible assignment §

By enforcing the optimisation variable to reduce at each iteration, we can find
the optimal solution at the last solution. This procedure can also produce optimally
equivalent solutions that have the same optimisation value.

The disadvantage of modelling an optimisation problem using CDP is that
the intermediate solutions found by CDP are actually not useful for COP. In
other words, we are spending extra effort to find the intermediate solutions
unnecessarily. However, they might be useful on certain statistical analysis where
the goal is to check the distribution of the optimisation variable among upcoming
potential solutions. Another possible space where CDP can be preferred over

COP is interactive scenarios. By its abstract declarative nature, it outputs more

53



4. PATTERN MINING ON ESSENCE WITH CDP

information compared to COP solving systems. This can be useful for interactive

solving systems.

4.3 Implementation in Essence

To bring CDP to ESSENCE specification, a couple of new concepts and their related

keywords should be defined.

language Essence 1.3
letting ITEM be domain int(...)
letting SUPPORT be domain int (...)
given db : mset of set of ITEM
given minSupport : int
find itemset: set of ITEM
find support: SUPPORT
such that

support = sum entry in db

toInt (itemset subsetEq entry),
support >= minSupport,

AdditionalSideConstraints

dominanceRelation
(itemset subsetEq fromSolution (itemset))

-> (support != fromSolution (support))

Figure 4.2: Closed Frequent Itemset Mining modelled in ESSENCE with CDP constructs.
The dominance relation defines the closedness property between the currently sought
solution and the previous solutions via fromSolution

An ESSENCE specification translation of a similar CDP specification to Equa-
tion (4.1), which is CFIM instead of MFIM, can be seen in Figure 4.2. While the
top segment of the model is the same as a pure CSP based model to find frequent
itemsets, the dominance relation defines the constraint in-between candidate

solutions. In the second segment, the dominance relation condition is denoted
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as dominanceRelation, while a new keyword fromSolution is defined to access
previously found solutions.

These concepts are implemented in the ESSENCE pipeline, beginning with
CONJURE. CONJURE refines the dominance relation condition in the same way as
the model to transform ESSENCE level abstractions to ESSENCE PRIME level.

As pointed out in section 2.3.1, there are multiple ways to translate a high-
level ESSENCE type and its operation. A single high-level ESSENCE type can be
represented in multiple ways. For instance, a set of integers can be represented
via different options: an occurrence representation or any of the multiple explicit
representations. With the addition of the CDP to the ESSENCE language, these
representation choices are applied to the dominance relation condition as well.

Each representation choice has its benefits and downsides. While one represen-
tation can lead to a smaller encoding size in the final model, another model might
perform faster. Since we are using an iterative structure in CDP, the effect of the
representation is even more important. This is due to the effect being magnified
with each successive iteration as either performance improvement stays steady or
all possible bottlenecks accumulate for the final result.

One example translation of the dominance relation from the Figure 4.2 can
be seen in Figure 4.3. This translation uses the occurrence representation for the
high-level ESSENCE set type. The set is represented by a matrix of Booleans and
the subset operation becomes the implication of all possible domain values on
an iteration. If a candidate value is present in the left part of the implication (ie.
freq_items list), it is possible to have the same value present or not present on the
right side (ie. fromSolution counterpart) to be able to comply with the subset rule.
But if the left part of the implication indicates that value is not present, the right
side also needs to not have the value.

After the model transformation to ESSENCE PRIME, if any parameters exist,
they are also translated to ESSENCE PRIME level. The next step in the process is
the ESSENCE PRIME level CDP model is taken by SAVILE ROW and processed for

solver usage.
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dominanceRelation (
and ([
freg_items_1_Occurrence[g3] —->
fromSolution (freq items_1_Occurrence) [g3]
| g3 : int (db_minValue..db_maxValue)
]) —> freqg_items_2 > fromSolution (freq items_2))

Figure 4.3: One possible ESSENCE PRIME translation of the dominance relation from the
ESSENCE level specification of the CDP for the model in fig. 4.2. This possible translation
uses the occurrence representation for the ESSENCE level set type.

Another example of dominance relation, which is a COP this time, in ESSENCE

can be seen in fig. 4.4.

find totalCost : int(...)

minimising totalCost

dominanceRelation (totalCost <= fromSolution (totalCost))

Figure 4.4: Modelling a COP using CDP assuming the decision variable totalCost is
the optimisation variable. The second block of minimising can be replaced with the
dominanceRelation to express the criteria with dominance.

Algorithm 2 CDP
1. (V,D,C,R) + CDP
2: AC(V,D,C) > Singleton Arc Consistency preprocessing
3: while True do
&  CSP+ (V,D,C)
5: S < findSolution(CSP)
6: if S =0 then
7: break
8: B < generateDominance(R,S)
9: C<+CUB

Applying the Algorithm 2 in principle, SAVILE ROW reduces the domains using
Singleton Arc Consistency (SAC) [NAG " 14] (first mentioned in section 2.3.1) to

the core CSP model and creates an initial solver level encoding of the CDP model
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without the dominance relation. Afterwards, SAVILE ROW operates the low-level
solver to find solutions one by one. With each solution, a new dominance blocking
(nogood) constraint is generated. This new constraint can be encoded into the
low-level solver to enforce dominance relation rules.

On low-level solvers, new constraints can be encoded in different ways. The
first and the most trivial way is to access low-level solvers using a written model
on a file. For some CP solvers like MINION, it is possible to append new constraints
at the end of the CP model. Some other solver encodings like flatzinc require
a strict order in the model file where the location of the constraints cannot be
arbitrary. This requirement enforces a CDP model to be rewritten in each step on
flatzinc. Whereas, on the MINION level, the cost of updating the model is only the
I/0 attached to the append process.

A more complex way of interfacing low-level solvers to eliminate the cost of
updating is using a memory level alteration of the running model. We will talk

more about this method in detail in chapter 7.

4.4 Comparison with Current Techniques

We have tested our methodology CDP on pattern mining problems with sixteen
datasets listed on the CP4IM website for one problem class CFIM. For more details
on instances, refer to chapter 8.

We design two closed itemset mining experiments with side constraints. We
compare the performance of our method against already existing methods that
are also capable of handling any type of arbitrary side constraints correctly. This
includes monotonic side constraints such as minimum utility in the section 3.2.2
and non-monotonic side constraints such as maximum cost in the section 3.2.3.
Thus the comparison includes multiple methods available on MiningZinc. How-
ever, some other methods are not viable to apply due to how the non-monotonic
constraints are handled. The effect of monotonicity of side constraints to the

problem has been explained in section 3.2.3 with more detail in [BLO4].
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Additionally, some other methodologies such as CoverSize [SAG17] and
ClosedPattern [LLL"16], which provide direct propagators for closedness, are
also not included in this comparison due to not being directly applicable with non-
monotonic side constraints. However, these additional propagation techniques
can be fruitfully integrated into CDP to gain additional performance.

The comparison point MiningZinc works with a declarative model and
calculates a number of execution plans after inspecting a given model. It is hard
to estimate the relative performance of these execution plans, so in the interest of
fairness, we ran every execution plan offered by MiningZinc in our experiments.

The first experiment uses a minimum utility constraint. We compare our com-
putational results against the MiningZinc model given in Figure 8 of [GDN"17].
The second experiment uses a max-cost constraint in addition to the minimum
utility constraint. The max-cost constraint can be written in the MiningZinc
language in a similar way to the minimum utility constraint in the model of Figure
8 of [GDN"17]. MiningZinc produces a number of execution plans when provided
with this model. However, all of these execution plans produce faulty answers.
The max-cost constraint is not monotonic, so the MiningZinc execution plans
suffer from the problem we describe in Section 3.2.3.

Experiments were performed with 16 processes in parallel on a 32-core AMD
Opteron 6272 at 2.1 GHz with 256 GB RAM (for more details see chapter 8).
By default, MiningZinc uses a fixed directory for its temporary files, which
precludes us from running multiple MiningZinc processes at the same time. Some
modifications have been done on the MiningZinc source code to use a different

temporary directory for each of its invocations.

4.4.1 CFIM with Minimum Utility Only

In order to experiment with CFIM with a minimum utility side constraint, utility
values for each item and a threshold value for total utility has been assigned. A
more detailed explanation of instance generation can be seen at the section 8.1.

The modelling of the problem in ESSENCE specification, which has been given
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in Figure 4.2, is altered with the addition of the minimum utility side constraint.
We add two parameters and a single arithmetic constraint as listed in fig. 4.5. We
experiment with the same frequency thresholds (10%, 20%, 30%, 40% and 50%) as
[GDN*17].

given utility_values : matrix indexed by [ITEM] of int (0..5)
given min_utility : int
such that

(sum item in itemset . utility_values[item]) >= min_utility

Figure 4.5: Minimum utility side constraint in ESSENCE specification for itemset mining
problem given in fig. 4.2.

As mentioned previously in section 4.4, MiningZinc calculates multiple
execution plans, and in this case eighteen execution plans, for CFIM. Plans 1-
2 run a specialised algorithm (i.e. Eclat) to find closed itemsets, followed by
different ways of post-processing/filtering the closed itemsets using a constraint
programming-based approach. Plans 3-6 run a pre-processing step followed by
different configurations of Gecode [SLT06]. Plans 7-14 run Gecode without a pre-
processing step. Plans 15-18 run LCM (v2 and v5) to find closed itemsets, followed
by a constraint programming based approach to filtering the side constraints.

All of these execution plans either calculate closed itemsets first and then apply
side constraints, or contain the closedness constraint inside a constraint model
and apply it simultaneously with the side constraints.

For sixteen datasets and five different frequency levels, we use 80 instances.
With a 3-hour time limit, we are able to solve all but 6 of these instances. Since
the minimum utility constraint is monotonic, all MININGZINC options should be
feasible to use in this circumstance. Thus, we run all execution plans produced
by MiningZinc for comparison. However, 12 plans out of 18 produce an incorrect
number of solutions for at least one instance. Therefore, we have only included 6
plans out of 18 in our comparison. Our contact with the creators of MiningZinc

has led us to believe this is due to software-related bugs, but the situation has not
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Instance | MZ-11 | MZ-13 | MZ-12 | MZ-14 | MZ-6 | MZ-5 | CDP | CDPs | NbSols |

lymph-50 15 5 10 10 5 9 16 1 1,492
lymph-40 33 8 23 23 9 20 | 17 2 1,711
lymph-30 | 103 29 93 91 32 80 | 24 6 | 3902

lymph-20 194 60 202 203 64 188 38 17 6,322
lymph-10 920 526 987 1,263 447 | 1,002 | 165 126 22,606

krvskp-50 * 3806 | 282 | 281 |3911 | 274 |1,001| 872 | 381
krvskp-40 * 6774 | 794 | 792 | 6901 | 761 |2221|2079 | 1,035
krvskp-30 * * 3,057 | 3057 | * | 2,971 | 4735|4531 | 4,371
krvskp_zo * * * * * * * * *
krvskp_lo * * * * * * * * *
hypo-50 ¥ * * ¥ ¥ * 4,984 | 4,498 | 30,950
hypo-40 * * * * * * | 2455|2281 | 1,629
hypo-30 * * * * * * 7,800 | 7574 | 2,748
hypo-20 * * * * * *+ | 5585|5358 | 39
hypo-10 * * * * * * 6036|5727 | 481
hepatitis-50 | 15 9 15 15 9 15 | 21 6 | 359
hepatitis-40 | 67 37 72 73 39 68 | 54 | 31 | 12,587

hepatitis-30 322 195 256 254 200 237 83 54 18,139
hepatitis-20 1,862 1,402 1,192 1,191 | 1,452 | 1,119 | 214 175 23,379
hepatitis-10 | 10,368 | 8,614 3,283 3,356 | 9457 | 2962 | 251 211 17,685
heart-50 55 16 18 17 16 16 27 8 483
heart-40 254 107 122 120 110 113 92 68 3,630
heart-30 1,469 760 521 516 774 485 298 264 7,165
heart-20 * 8,219 7,561 7,585 | 8,082 | 6,564 | 3,367 | 3,224 | 68,040
heart-10 * * * * * 4,380 | 4,296 | 19,053
german-50 98 36 23 23 35 23 72 27 377
german-40 354 136 127 128 140 120 182 125 1,969
german-30 1,479 662 893 883 671 844 620 519 9,087
german-20 7,049 3,532 6,371 6,369 | 3,618 | 5683 | 1,904 | 1,614 | 40,311
german-10 * * 6,780 7,288 * 6,485 | 4,730 | 4,633 5,581
australian-50 479 200 182 177 204 177 166 118 2,093
australian-40 | 2,860 1,688 1,182 1,174 | 1,764 | 1,094 | 553 492 4474
australian-30 * * 10,672 | 10,647 * 10,272 | 2,131 | 2,003 | 16,020
australian-20 * * * 9,044 | 8,862 | 22,374

*

australian-10 * * * * * *

audiology-50 * * 1,123 1,115 * 1,025 | 265 17 6,699

audiology-40 * * 436 433 * 370 274 14 8,283

audiology-30 * 4,688 423 417 4,751 349 259 14 7,357

audiology-20 * * 1,940 1,950 * 1,647 | 260 28 9,667

audiology-10 * * 5,081 5,113 * 4591 | 254 33 6,761
anneal-50 * * * * * * 411 335 17,456
anneal-40 * * * * * * 1,595 | 1,474 | 36,041
anneal-30 * * * * * * 1,150 | 1,048 | 25,487
anneal-20 * * * * * * 1,672 | 1,572 | 24,728
anneal-10 * * * * * * 2,809 | 2,683 | 32,689

Table 4.1: Closed Itemset Mining with minimum utility side constraint experiment results
on 9 datasets.
Times are in seconds (* indicates a 3-hour timeout).
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been resolved.

We compare CDP run-time against the run-times of the MiningZinc execution
plans and indicate the winner using a bold font. In addition, we provide the time
taken by only the AlISAT solver for our method in the CDPs column. In general,
the modelling overhead is small. However, in some cases (for example in the
audiology dataset) there is a significant difference between the total time and the
solver time.

On the harder instances of the hypothyroid dataset our method is the only
one that finishes before the time limit.

Overall, our method, which does not require the user to select among a large
set of execution plans, reliably finds correct results and is competitive with the
six of the eighteen execution plans produced by MiningZinc. This is despite not
exploiting the monotonicity of the minimum utility constraint. However, the
greatest benefit of our approach is its generality. In the next section, we analyse

our performance in the presence of a constraint that is not monotone.

4.4.2 CFIS with Minimum Utility and Maximum Cost Side

Constraints

We experiment with a combined minimum utility and max-cost side constraint
on CFIM. To generate costs per item and a cost threshold, we follow a similar
procedure to that of generating utility values and the utility threshold.

The cost values are uniformly randomly chosen to a value between 0 and 5. We
also maintain the utility values that were previously generated. A cost threshold
and a utility threshold is chosen to limit the number of closed frequent itemsets to
at most tens of thousands of closed frequent itemsets.

We experiment with the same frequency thresholds (10%, 20%, 30%, 40% and
50%).

Extending our ESSENCE problem specification on fig. 4.2 to work with the
max-cost constraint is trivial. We add two more parameters and another arithmetic

constraint as listed in fig. 4.6. We add the necessary statements for the parameter
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Instance | MZ-11 | MZ-13 | MZ-12 | MZ-14 | MZ-6 | MZ-5 | CDP | CDPs | NbSols |

lymph-50 15 5 10 10 5 9 16 1 1,492
lymph-40 33 8 23 23 9 20 17 2 1,711
lymph-30 103 29 93 91 32 80 24 6 3,902

lymph-20 194 60 202 203 64 188 38 17 6,322
lymph-10 920 526 987 1,263 | 447 | 1,002 | 165 126 22,606

krvskp-50 * 3,896 | 282 | 281 | 3911 | 274 |1,001| 872 | 381
krvskp-40 * 6774 | 794 | 792 | 6901 | 761 |2,221| 2,079 | 1,035
krvskp-30 * * | 3057 | 3057 | * | 2971 | 4735|4531 | 4371
krvskp_zo * * * * * * * * *
krvskp_lo * * * * * * * * *
hypo-50 * * * * * * 4,984 | 4,498 | 30,950
hypo-40 * * * * * * | 2,455 | 2,281 | 1,629
hypo-30 * * * * * * | 7,800 7574 | 2,748
hypo-20 * * * * * *+ | 5585|5358 | 39
hypo-10 * * * * * * 6036|5727 | 481
hepatitis-50 | 15 9 15 15 9 15 | 21 6 | 359
hepatitis-40 | 67 37 72 73 39 68 | 54 | 31 | 12,587

hepatitis-30 322 195 256 254 200 237 83 54 18,139
hepatitis-20 | 1,862 | 1,402 | 1,192 | 1,191 | 1,452 | 1,119 | 214 | 175 | 23,379
hepatitis-10 | 10,368 | 8,614 | 3,283 | 3,356 | 9,457 | 2962 | 251 | 211 | 17,685
heart-50 55 16 18 17 16 16 27 8 483
heart-40 254 107 122 120 110 113 92 68 3,630
heart-30 1,469 760 521 516 774 485 298 | 264 7,165
heart-20 * 8219 | 7,561 | 7,585 | 8,082 | 6,564 | 3,367 | 3,224 | 68,040
heart-10 * * * * * * 4,380 | 4296 | 19,053
german-50 98 36 23 23 35 23 72 27 377
german-40 354 136 127 128 140 120 182 | 125 1,969
german-30 1,479 662 893 883 671 844 620 | 519 9,087
german-20 | 7,049 | 3,532 | 6,371 | 6,369 | 3,618 | 5683 | 1,904 | 1,614 | 40,311
german-10 * * 6,780 | 7,288 * 6,485 | 4,730 | 4,633 | 5,581
australian-50 | 479 200 182 177 204 177 166 | 118 2,093
australian-40 | 2,860 | 1,688 | 1,182 | 1,174 | 1,764 | 1,094 | 553 | 492 4,474

australian-30 * * 10,672 | 10,647 * 10,272 | 2,131 | 2,003 | 16,020
australian-20 * * * * * * 9,044 | 8,862 | 22,374
australian-10 * * * * * * * * *
audiology-50 * * 1,123 1,115 * 1,025 265 17 6,699
audiology-40 * * 436 433 * 370 274 14 8,283
audiology-30 * 4,688 423 417 4,751 349 259 14 7,357
audiology-20 * * 1,940 | 1,950 * 1,647 | 260 28 9,667
audiology-10 * * 5,081 | 5,113 * 4591 | 254 33 6,761
anneal-50 * * * * * * 411 335 17,456
anneal-40 * * * * * * 1,595 | 1,474 | 36,041
anneal-30 * * * * * * 1,150 | 1,048 | 25,487
anneal-20 * * * * * * 1,672 | 1,572 | 24,728
anneal-10 * * * * * * 2,809 | 2,683 | 32,689

Table 4.2: Closed minimum utility and maximum cost Itemset Mining on 9 datasets.
Times are in seconds (* indicates a 3-hour timeout).
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given cost_values : matrix indexed by [ITEM] of int (0..5)

given max_cost : int
such that
(sum item in itemset . cost_values[item]) <= max_cost

Figure 4.6: ESSENCE specification for max-cost constraint for itemset mining problem
given in fig. 4.2.

values and post an arithmetic constraint that requires the total cost of an itemset
to be less than the cost threshold.

We also tried extending the MiningZinc model (from Figure 8 of [GDN"17])
similarly. Due to the issue that was explained in section 3.2.3 the extended model
gives incorrect results: it misses a large number of solutions. Hence, comparing
our performance to this model is not sensible.

Following the analysis of [BL04] we decided to relax the closedness condition
for MiningZinc and find all frequent itemsets that satisfy the side constraints. This
is the only sensible comparison since the full set of closed frequent itemsets is a
lossless compression of the full set of frequent itemsets, and thus the two contain
identical amounts of information. In other words, we use MiningZinc to perform
the first three steps in the second table of Figure 3.7. To achieve the same results
as our method, another procedure would also be needed. We were also unable
to validate the results found by MININGZINC with respect to our results for this
experiment since the last step (calculating the set of closed itemsets) is missing.

Table 4.2 contains the results of this experiment. We limited this experiment
to the six execution plans that gave consistent results in Section 4.4.1. Often the
number of closed frequent itemsets is much smaller than the number of all frequent
itemsets. Therefore, directly calculating the set of closed itemsets may have less
overhead. However, it is important to note that from the full set of closed itemsets
(our results), it is trivial to generate the set of all frequent itemsets.

Lymphography (1ymph) is a relatively small dataset that has 10M frequent

itemsets and 47K closed itemsets (at 10% frequency). The results show that there
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is an overhead in our system for easy instances. For 1ymph-50 even though the
solver spends 1 second, the total time is above 15 seconds. This overhead quickly
becomes negligible for harder instances. In the rest of the 1ymph-X instances, the
speed-up achieved by our method progressively increases as the instance becomes
harder.

Kr-vs-kp (krvskp) is the only instance where our method is consistently slower
than MiningZinc. This dataset is both very large and also seems to have a very
large ratio between the number of frequent itemsets and closed frequent itemsets.
Intuitively, the set of frequent itemsets of this dataset does not compress very
well. Since the number of closed itemsets is very close to the number of frequent
itemsets, it is not surprising that a more specialised tool that focuses on mining
tasks handles this case slightly better.

Hypothyroid (hypo) is a medical dataset that is of a similar size to Kr-vs-kp
but seems to have a lower ratio of closed itemsets to frequent itemsets. Our
approach is the only one that can complete the task within the 3-hour time limit.
The performance does not seem to directly depend on the number of solutions or
the frequency threshold.

Hepeatitis is another medical dataset that has a low ratio of frequent itemsets
to close itemsets (less than 0.01%). We observe a similar phenomenon here to
Lymphography. As the instances get harder (and the frequency threshold gets
lower) our approach becomes much faster in comparison. We show that this
behaviour does not stop at the frequency level 10% and gives results for lower
frequency levels in section Section 4.4.3.

Heart-Cleveland (heart) is a third medical dataset that is very similar to the
Hepatitis dataset in its behaviour. One difference between this dataset and the
Hepatitis dataset is that this dataset has around one order of magnitude more
closed frequent itemsets. The performance of our method progresses similarly to
Hepatitis at a slightly larger scale.

The German-credit (german) and Australian-credit (australian) datasets

contain attributes related to credit risks and credit card transactions. The German
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dataset is smaller and has a ratio of (roughly) 1/20 between frequent itemsets
and closed frequent itemsets. For easy instances of this dataset, the modelling
overhead of our method causes us to be slower than MiningZinc. However, for
harder instances and for all instances of the Australian dataset our approach is
comfortably faster.

Audiology is one of the largest datasets with more than 167M closed frequent
itemsets (at 10%). We were not able to calculate the ratio of the number of frequent
itemsets to the number of closed itemsets since there are a very large number
of both. Our method is much faster for all five instances that we tested. being
challenging for this problem and always triggering a timeout inside SAVILE ROw
without much gain.

Finally, the Anneal dataset contains data about steel annealing. This dataset
has a very small ratio of frequent itemsets to closed frequent itemsets and hence is
likely to be amenable to our method. For all instances of this dataset, all execution
plans offered by MiningZinc reach the time limit, whereas our method finishes the
task in less than one-third of the time limit.

Overall, in all of our experiments, we sometimes find a trade-off between
different execution plans offered by MiningZinc. No single execution plan seems
to give the best results for all instances. However, our CDP approach gives

consistent results all around the board.

4.4.3 Lower Frequency Thresholds on Selection of Datasets

In the Lymphography, Hepatitis and Audiology datasets, our method provides
the best performance for all instances by roughly one order of magnitude for the
five frequency levels. In order to demonstrate the performance of our method at
lower frequency levels, for these three datasets, we ran additional experiments.
We compare our method with the MiningZinc execution plan 5 (since this is the
best option overall in our earlier experiments). Figure 4.7 contains the run-times
of the two solvers on these instances. We see that at lower frequency levels, our

method presents an even bigger advantage. This is due to the decreased ratio of
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closed itemsets to frequent itemsets at lower frequency levels.
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Figure 4.7: Closed Min-Utility and Max-Cost itemset mining for Lymphography, Hepatitis,
and Audiology datasets at lower levels of frequency thresholds. The horizontal axes
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contain the frequency level that we use, and the vertical axis is time in seconds.
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CHAPTER FIVE

CDP wiTH
INCOMPARABILITY

This chapter builds on top of the previous chapter, where Constraint Dominance
Programming (CDP) was introduced. It declares a new parameter called an
incomparability condition on top of CDP to exploit solutions that are incomparable
to each other. This chapter also provides a detailed empirical evaluation of the
incomparability condition for CDP problems and COP.

Some of the work presented in this chapter has been published in arti-
cles [KAGM19, KAGM?20a, KAGM20b]. This chapter improves the already

published work and extends it in terms of technicality and applicability.

5.1 Incomparability Condition

By observing incomparable solutions and explicitly stating them in CDP, we might
be able to aid the search when we enumerate all solutions. Incomparable solutions

are defined as follows.

Definition 5.1.1. Solutions A and B are incomparable if neither A dominates B, nor

B dominates A.

A significant number of pairs of solutions A and B in the solution set of a CDP

tend to be incomparable with each other. For any pair of solutions, the dominance
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5. CDP WITH INCOMPARABILITY

blocking constraint generated from either solution is irrelevant when searching
for the other solution.

We can define a new type of statement to specify incomparable solutions
explicitly. This statement is only valid in a CDP problem specification, i.e. one
containing a dominance relation statement. The dominance relation statement
defines the dominance relation itself, similar to the dominance blocking constraints
introduced in [GST18]. The incomparability function statement provides a
function I mapping any solution to a single value that has an orderable ESSENCE
type (typically an integer). Two solutions A and B such that /(A) = I(B) are said to

be incomparable.

Definition 5.1.2. A CDP+I problem specification is a quintuple (V, D, C, R,
I ) where R is the dominance relation similar to that of CDP and I is the

incomparability function.

We can use the domain-specific information of the incomparability function /

to separate the search space into distinct blocks (levels) and use them.

Definition 5.1.3. A level in a CDP+I problem comes from the discrete domain of
the incomparability function /. Each discrete value which incomparability function
maps to (ie. in /(X) — Y where Y is the discrete domain) can be defined as levels

and they together create a complete partition of the search space.

Using levels, the CDP iterative procedure is altered and, instead of the number
of solutions as the iteration point, the number of levels will be used. The new
procedure can be seen in fig. 5.1.

The incomparability function partitions the search space with non-overlapping
parts. Since we enumerate all solutions for each part of the partition, it necessarily
checks the whole search space. However, it is not guaranteed to eliminate non
dominated solutions. The reason behind this is the same reason which is examined
in the section 2.5. This time instead of examining individual solutions, we can
examine the level /partition of the search space as a whole and an early level can

be dominated by a later level if the order of the partitions is perfectly chosen.
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SN

yes
Encode incom-
parability level

!

Find all solutions

)
Add blocking

constraints

Figure 5.1: Procedure for CDP enhanced with Incomparability (CDP+I) in flowchart form.

5.2 Choosing Incomparability for Problem Classes

Once the incomparable solutions are identified, an analysis of the dominance
relation can point out a sensible incomparability condition.

For MFIM, CFIM and CDIM, we can use the cardinality of the itemset is, |is|, as
the incomparability function, since two itemsets with the same cardinality cannot
dominate each other. The reason behind this lies on the left-hand side of the
implication on CFIM and CDIM and the only operator on MFIM: subset. Different
itemsets with the same cardinality cannot be subsets of each other unless they
are the same set. For these problems, descending order for subset operator is the
correct order to avoid dominated solutions.

The incomparability condition for generator itemsets is almost the same as for
CFIM: it uses the itemset cardinality. This condition is complete when paired with
an ascending direction of search on the itemset cardinality. In contrast to CFIM,
smaller itemsets dominate larger ones by definition since they do not have any
frequent subsets. Then, dominance blocking constraints are added and we only
find generator itemsets in ascending order.

For MRIM, we can use cardinality as the incomparability condition as well. It
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5. CDP WITH INCOMPARABILITY

is complete when the search order is ascending on the itemset cardinality, since
we first find small itemsets which cannot have any infrequent subsets. Then,
dominance blocking constraints are added and we only find minimal rare itemsets
in the successive levels.

For RSD, the descending order on the cardinality of the itemset can be applied.
This incomparability function is not complete though: some dominated solutions
may be found when using it. Even though it is not complete, it helps CDP+I
in solution performance because it still eliminates a large number of dominated

solutions.

Example 5.

(

Ty ={1,2,3,4},Class; = 1

DB =4 T,={1,2,3,4},Classy = 1

T3 =1{1,2,3,5},Class; = 1

An example follows to demonstrate that the cardinality is not complete for
incomparability. The itemset {1,2} dominates {3,4} because the positive cover of
the former includes all transactions whereas the positive cover of the latter only
includes the first two. This violates the first component of the dominance relation

given above.

5.3 Integration in Essence

We make use of this explicit incomparability statement by enumerating all
solutions that have an equal incomparability function value. This avoids the
need to add any blocking constraints after each solution that has the same
incomparability value. Then, all of the necessary blocking constraints are added at
once before moving to the next incomparability level. This reduces the number of
solver calls required, reduces the total number of dominance blocking constraints
maintained, and allows the usage of efficient solution-enumeration solvers.

To do so, we also extend ESSENCE to add an incomparabilityFunction
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statement, which allows the modeller to specify the incomparability condition.
This field takes a function that points to a discrete domain such as integers
or a list of discrete domains which we call multi-layered incomparability (see
section 5.4). Using the same model example from the previous chapter fig. 4.2, the

incomparability function would be as follows fig. 5.2.

incomparabilityFunction descending |itemset|

Figure 5.2: Incomparability function statement in ESSENCE for the model in fig. 4.2

The function is followed by an ascending or descending, which indicates
in which order the values in the defined domain should be explored.

Thanks to the explicit search order specified in the incomparability function
statement, we produce fewer (or in the best case no) dominated solutions. CDP
enhanced with an explicit incomparability statement is implemented in CONJURE
and SAVILE ROW, which will be explained in section 5.3.1.

Algorithm 3 presents the CDP+I algorithm we propose. In contrast to the pure
CDP algorithm proposed in [GST18], which iterates over the solution set, our
algorithm iterates over levels jointly defined. The levels correspond to the set of
values that the incomparability function takes. All solutions at a particular level i
are known to be incomparable to each other, and we exploit this by running the
solver to enumerate all solutions at that level. We then generate one dominance
blocking constraint per solution using the template provided by the modeller
in the dominanceRelation statement of the model. Having access to a set of
blocking constraints generated from the same template presents an opportunity
that is unique to level-wise search. We optionally perform a model reformulation
step provided by SAVILE ROW (line 8) to reduce the size and number of constraints
and to achieve better propagation. In this work, we use the partial evaluator and
the common subexpression elimination methods (Section 5.3.1).

The difference from the standard CDP algorithm is that the loop is running

around the captured incomparability level rather than around an individual
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5. CDP WITH INCOMPARABILITY

Algorithm 3 CDP+I
1. (V,D,C,R,I) < CDP+I
2. SAC(V,D,C)
3: levels < getLevels(I)
4: for [ < levels do

5: CSP < (V,D,C + levelRestriction(l))

6: S < findAllSolutions(CSP)

7: B < generateDominance(R,S)

8: B < reformulate(B) > Optional
9: C<+~CUB

solution. Additionally, the solver enumerates all solutions.

We create CDP+I models for five problem classes from Section 2.8. Four of
these models have complete incomparability functions whereas one RSD has
a partial incomparability function which does not completely cover the whole
incomparable cases. In the chapter 6, we will discuss a complete incomparability
function for the RSD problem class. The full ESSENCE models can be seen in

appendix B.

5.3.1 Implementation

CDP+I Algorithm 3 is implemented in a similar fashion to CDP. Here, at each step,
we enumerate all solutions. The CP solver we use (MINION) supports finding a
single solution as well as enumerating all solutions natively. For SAT, we use a fast
SAT solver in the context of CDP (glucose [AS09]) and a non-blocking AIISAT
solver (nbc_minisat_all [TS16]) in the context of CDP+I. nbc_minisat_all
is much faster at enumerating solutions than repeated calls to a standard SAT
solver since it is specifically crafted for this purpose using a non-blocking jumping
mechanism.

SAVILE ROW is capable of translating solutions back from SAT/MINION
automatically into ESSENCE PRIME. For each solution, dominance blocking
constraints are generated. For CDP+I, we apply CSE on the set of dominance
blocking constraints. Eliminating common sub-expressions is a very effective

model reformulation in previous work [NSM15]. Having a set of similar con-
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straints presents a natural opportunity for them to arise. We demonstrate the
effect of applying CSE on a part of an instance on the hepatitis dataset from our

experiments.

Example 6.

((is29 V is37 V iss5 \V is56 V issg Viseo V isez V (76 < sup))
VAN

(is29 V is37 V iss3 V isss V isse V issg Visgo V (80 < sup)))
~

(aux = is37V iss5 V isse V issg V iseo

VAN

(auxVisgx V (76 < sup)) A (auxVisz7V (80 < sup)))

In this example, a disjunction with 5 literals is common to two dominance
blocking constraints. It is extracted by the CSE algorithm by introducing an
auxiliary Boolean decision variable. In larger examples, we typically identify

many more common sub—expressions.

5.3.2 Modelling Optimisation Problems using Incomparability

Incomparability allows us to create a partition on required criteria. It is possible
to use the more advanced CDP+I to model COP problems while eliminating all
possible sub-optimal solutions.

Considering the previous COP to CDP example in fig. 4.4, we can add the

following incomparability function fig. 5.3 to only enumerate optimal solutions.

incomparabilityFunction ascending totalCost

Figure 5.3: CDP+I incomparability function of the COP modelled in CDP in fig. 4.4.
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5. CDP WITH INCOMPARABILITY

The way this model operates is similar to the CDP equivalent. The only
difference is that the incomparability function ensures we start exploring the
partition from the best possible value. It aims to find the best satisfiable value
by reducing the optimisation value similar to the unsat strategy in SAVILE ROwW
for COP SAT encodings (explained in section 2.3.1). It also operates for finding
multiple solutions in the optimal value. In some cases, this may be desired but

can bring additional overhead if the number of solutions is large.

5.4 Multi-Layer Incomparability

We mentioned in section 5.3 that the incomparability function either points to
a discrete domain or a list of discrete domains. In the case of the latter, we
define multiple incomparabilities on complex dominance relations to split the
search space into more discrete partitions. An example situation can be seen
in section 5.4.1.

CDP+I can be also used in modelling multi-objective optimisation problems. It
allows defining the Pareto frontier by using multi-layer incomparabilities. We will
discuss this in section 5.4.2.

In a multi-layer incomparability environment, it is necessary to generate all the
possible combinations of the different layer incomparabilities. This can be done
through a recursive algorithm, which can be seen in algorithm 4.

In this recursive algorithm, starting ¢ and ¢ as empty lists, we generate all the
possible combinations with O((’})) in time and O(nd) in space, where n is the max
length of any domain and d the number of layers or total depth. As the time
complexity is () = Wid)!, it is generally expensive to calculate all combinations.
However, with small numbers of d, the procedure does not create a big overhead

for the CDP+I system. For d = 2, its behaviour is quadratic and for d = 3 its

behaviour is cubic complexity.
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Algorithm 4 Multi-layer Incomparability level generation in CDP+I

md List of Multi-layer domains (assuming already ordered)

1: Input
2:
3: d  Depth of the multi-layer
4: ¢ Current combination
5: t  Total list of combinations
6: procedure GENERATOR(md, d, c, t)
7: if d == |md| then
8: total + ¢
9: return
10: currentDomain <— md|d]
11: for value < currentDomain do
12: ¢ < value
13: generator(md,d + 1,c,1)

5.4.1 On a Hypothetical Example

Considering a complex dominance example where there are multiple criteria on

different sets, it is possible to set a multi-layer incomparability which will go

through each of the defined statements in order.

find sl set (minSize 2) of int (1..5)
find s2 set (minSize 3) of int (1..6)
find s3 set (minSize 4) of int(1..7)
find s4 set (minSize 5) of int (1..8)
such that sum([i | i <= sl1]) >= 3
such that sum([i | 1 <= s2]) >= 5
such that sum([i | 1 <- s3]) = 15
such that sum([i | i <- s4]) <= 18
dominanceRelation

!'( sl subsetEq fromSolution(sl)

/\ s2 subsetEq fromSolution (s2)

/\ s3 subsetEq fromSolution (s3)

/\ s4 subsetEq fromSolution (s4) )
incomparabilityFunction descending [|sl]|, [s2]|, [s3|, |s4]]

Figure 5.4: An example CDP+I problem which uses multi-layer incomparability

The incomparability values in the multi-layered incomparability will be
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Looking for solution on incomp value(s): [5, 6, 6, 7]
No solutions.

Looking for solution on incomp value(s): [5, 6, 6, 6]
No solutions.

Looking for solution on incomp value(s): [5, 6, 6, 5]
No solutions.

Looking for solution on incomp value(s): [5, 6, 5, 7]
No solutions.

Looking for solution on incomp value(s): [5, 6, 5, 6]
No solutions.

Looking for solution on incomp value(s): [5, 6, 5, 5]
Found 7 Solutions.

Looking for solution on incomp value(s): [5, 6, 4, 7]
No solutions.

Looking for solution on incomp value(s): [5, 6, 4, 6]
No solutions.

Looking for solution on incomp value(s): [5, 6, 4, 5]
Found 28 Solutions.

Looking for solution on incomp value(s): [5, 5, 6, 7]

No solutions.

Figure 5.5: An exempt of the SAVILE ROW output of the problem defined in fig. 5.4.

explored using all the possible combinations. Since it’s defined as descending,
each of the levels on each layer will start from their maximum value and decrease
in order of appearance in the incomparability list.

For this particular example, a part of the simplified output from SAVILE ROW
is shown at fig. 5.5. This particular problem has 35 solutions that have been found
in 9 multi-layered levels. Thanks to the singleton arc consistency pre-processing,
the domains of the incomparability values are automatically shrunk and some

levels without any solutions are skipped directly.

5.4.2 A Multi Objective Optimisation Example

We can use the multi-layer incomparability to encode multi-objective optimisation
problems. An example problem can be seen in fig. 5.6.

In this example, both objective criteria depend on the same decision variable.
However, in a real-life application, this might not be the case. The incomparability

function takes both totalCost and totalUtility to crawl through the space

76



5.5. CDP vs CDP+I results

find s1 : set (minSize 5) of int (1..10)

find totalCost : int (0..25)
find totalUtility : int (75..150)

such that sum([i | 1 <- sl]) = totalCost
such that sum([i « 1 | i <= sl]) = totalUtility

dominanceRelation
! ( totalCost > fromSolution (totalCost)
/\ totalUtility < fromSolution (totalUtility) )

incomparabilityFunction ascending [totalCost, —-totalUtility]

Figure 5.6: A multi objective optimisation problem represented as a CDP+I problem which
uses multi layer incomparability

depending on these two variables. Since our definition of the incomparability in
the ESSENCE specification takes one single ascending or descending statement, it
is necessary to negate totalUtility and use it in the same ascending context
as the totalCost.

The model taken by SAVILE ROW will have similar output to the fig. 5.5 with
the first solution available at [20, -130] layer and continuing to enumerate the

whole Pareto frontier.

5.5 CDP vs CDP+I results

In our experiments, we use 12 transactional datasets from CP4IM in which we use
the generated instances from the section 8.1.

We included minimum value and maximum cost side constraints in all of our
models to demonstrate their ability to handle arbitrary side constraints. Due to the
inclusion of side constraints, specialised data mining algorithms are inapplicable
to these tasks. We generate values between 0 and 5 for item values and costs using
uniform randomness. In addition, we generate a threshold for the minimum value

and the maximum cost constraints as well.
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5. CDP WITH INCOMPARABILITY

Specifically for this experiment, we systematically generate several candidate
instances and choose instances that have a reasonable number of solutions (in the
order 10,000 at most for all problem classes except minimal rare itemset mining
and in the order of 100,000 for minimal rare). We also limit the instances that can
be solved within our time limit of 6 hours!. We generate instances at 5 frequency
levels: 10%, 20%, 30%, 40% and, 50%. For CFIM we use the instances published in
the appendix of [KAMN18al].

For each problem class, we solve each instance using 4 pairs of solver
configurations. The first two configurations are for standard CDP with the default
search order provided by the solver, one with a CP solver (MINION), and one
with a SAT solver (glucose). The second two configurations are for CDP with
the search order specified in the incomparability function statement. The third
two configurations are for CDP+I with CP/SAT and the last two are for CDP+I
with reformulation enabled. We use a CP solver (MINION) and an AlISAT solver
(nbc_minisat_all) for CDP+I configurations.

We run every SAT instance 3 times with different seeds and present averages.
We run MINION instances only once with a deterministic static search ordering.

We run our experiments on two identical 32 core AMD Opteron 6272 ma-
chines, at 2.1 GHz and with 256GB memory. Experiments are run according to
the section 8.2.

The experiments are conducted in a way to examine and explain the following:

* Impact of adding a level-wise search order to CDP

(CDP-default-order vs CDP-level-order, see Figure 5.7a)

¢ Impact of CDP+I in general with respect to standard CDP
(CDP-level-order vs CDP+I, see Figure 5.7b)

¢ Impact of model reformulations in CDP+I (CDP+I vs CDP+I with model

reformulation, see Figure 5.7c)

1Our Github repository of the data and results is available at https://doi.org/10.
5281/zenodo.3675340 [KAGM20b]
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5.5. CDP vs CDP+I results
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Figure 5.7: Comparison plots for 4 CDP/CDP+I variants and 2 solver back-ends (i.e. 8
solving configurations). All plots present solver times (in seconds) with a 6-hour timeout.
Timed-out instances are near the top and the right borders.

¢ Comparison of the solving methodology on CDP-level-order and CDP+I
(MINION vs SAT, see Figure 5.7d)

For a general picture, Figure 5.8 shows the time spent solving all instances
of the five problem classes using the 8 configurations. The results are sorted by
time spent by SAT CDP+I without reformulation. The timed out instances are also
included at the 6-hour mark near the top of the plot. The results show that CDP+I
configurations are significantly better than CDP configurations in most instances.
While SAT CDP+I configurations require the least time in the majority of the cases,

for a small number of instances the SAT CDP configuration is the fastest; these
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5. CDP WITH INCOMPARABILITY

instances have a very small number of levels of solutions. For a small number of
instances, Minion CDP+1 is the best configuration; these instances contain large

amounts of data and the size of the SAT encoding gets prohibitively large.
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Figure 5.8: Solver time for all instances, sorted by SAT CDP+1. Timeouts are also shown at
the top of the plot.

The optional model reformulation brings a negligible overhead on most
instances and on some instances it helps significantly.

For a small number of instances, the default search order performs better for
SAT; these instances have a very small number of solutions, all of which are non-
dominated. In these cases, the small overhead of applying a specific search order
does not pay off.

Effect of CDP order Figure 5.7a presents a comparison plot between two
different CDP configurations with MINION and SAT. In easy instances, level
ordering creates an overhead. However, for difficult instances using the same
search order defined in the incomparability function helps. CDP-level-order solves
many more instances than CDP-default order, where a large number of instances
time out.

CDP vs CDP+I Figure 5.7b presents a comparison plot between CDP-level-
order and CDP+I on the same instances, using both MINION and SAT. We only
compare against CDP-level-order since it performs better than CDP-default order

in general. This plot shows the direct effect of using a level-wise search and adding
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the dominance blocking constraints in batches. A point above the diagonal line
means CDP+I performs better, which is a significant majority of the instances.
Both solving methodologies clearly benefit from CDP+I thanks to typically fewer
solver calls (once per level as opposed to once per solution) and retaining learnt
clauses for SAT.

Effect of reformulation on CDP+I Figure 5.7c presents a comparison plot
between two different CDP+I configurations for MINION and SAT: with and
without the optional model reformulation. The results show that the reformulation
does not consistently help solve time. The reformulation hurts the performance
of the CP solver MINION more. However, the performance of the SAT solver
nbc_minisat_all up to median difficulty is improved. For the most difficult
instances, the reformulation has mixed effects. The auxiliary variables added by
CSE create a connection between the dominance blocking constraints and this
can help propagation only for a subset of the instances. When the help is not
significant enough, they create unnecessary overhead.

MINION vs SAT Figure 5.7d presents a comparison plot between MINION
and SAT for CDP and CDP+I. We use CDP-level-order and CDP+I without
reformulations in this plot. SAT performs better for most instances and benefits
from using incomparability more. This is likely due to the learning employed by
SAT solvers. In contrast, MINION is not a learning solver.

In Table 5.1, we focus on the five problem classes separately to see the effect
of the complexity of the dominance relation. Results show that SAT is always
significantly better for all problem classes except the RSD problem, where the
complexity of dominance relation is the highest.

Number of solver calls CDP variants perform better than CDP+I equivalents
for 25 instances. All of these instances have a shared characteristic: they have
a small number of solutions (less than 10, which is smaller than the number of
levels). In the extreme case of instances with significantly fewer solutions than
levels using CDP+I has a large overhead. In these cases the cost of making one

solver call per solution becomes negligible.
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Problem CP wins SAT wins Similar time
Closed 0 40 18
Generator 0 36 17
Minimal 0 17 13
Discriminating 0 18 14
Relevant 5 19 19

Table 5.1: Solver time comparison on CP vs SAT on CDP+I. Substantial differences (> 50s)
are reported as wins. Similar time indicates the CP and the SAT solver reached the
solutions approximately around the same time (+50 seconds).
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CHAPTER SIX

SYSTEMATIC
INCOMPARABILITY
DEDUCTION

While CDP defines a relation to create restrictions in between potential solutions,
by introducing CDP+I, we aim to capture one of the problem’s key aspects:
incomparability of solutions. By exploiting these solutions, we achieve greater
efficiency with the cost of incorporating a function called an incomparability
function. So far, we determined the incomparability conditions of the problem
theoretically and through testing. In this chapter, we will look into making the

determination of the incomparability process systematic and possibly automated.

6.1 Motivation

In an environment where the dominance relation is defined as a comparator of
two candidate solutions (A and B), the condition for incomparability function to
hold requires that neither A dominate B nor B dominate A.
Taking A dominates B and B dominates A as a logical formula, a procedure can
be defined to determine which logical bits in A and B are required to hold true.
In the context of ESSENCE specification, two candidate solutions to compare

are one candidate solution A and any previously found solution fromSol(A). Thus,
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we can take the logical step and conjunct both dominance relations in eq. (6.1). We

use the same > notation from section 2.5 to denote dominance.

—(A = fromSol(A)) N —(fromSol(A) ~ A) (6.1)

If we can find an equivalent statement or a one-sided implication statement, we
can systemically determine the incomparability function for any given dominance
statement. We will mark this potential function as i(). i() gives the same result for

A and fromSol(A). The function needs to verify the following eq. (6.2).

i(A) = i(fromSol(A)) = —(A > fromSol(A)) N —(fromSol(A) - A) (6.2)

To find a function which satisfies the condition, we can expand, simplify, and
find an equivalent representation for the right-hand side of eq. (6.2).

It may not be feasible to find a single function as the incomparability since the
problem may have more complexity and require a multi-layer incomparability (e.g.
multi-objective optimisation). This equation can be altered to include n number of

functions to represent incomparability (eq. (6.3)).

\n/ik(A) = ix(fromSol(A)) = —(A = fromSol(A)) N —~(fromSol(A) = A)  (6.3)
k=0

6.2 Simplifying the Incomparability Logical Formula
and Semantic Analysis

To simplify the incomparability logical expression, we can eagerly apply logical
laws as rewrite rules (i.e DeMorgan’s law, distribution of A over V, expanding neg
and eliminating constants) or we can generate a Binary Decision Diagram (BDD)

and find an equivalent but simpler version of the BDD.
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To be able to apply logical rules of propositional logic or to search in a BDD, all
the high-level constructs of the incomparability expression need to be expressed in
propositional logic. Thus, the atomic parts of the incomparability expression that
cannot be split into more expressions in propositional logic are taken as terminals.

For instance, if we consider the multi-objective optimisation dominance relation
from fig. 5.6 in section 5.4.2, we can define a = totalCost > fromSolution(totalCost)
and b = rotalUtility < fromSolution(totalUtility). Then, a and b can be considered
atomic logical pieces since their sub-structures cannot be represented in propo-
sitional logical form. Taking them as the terminals, we achieve eq. (6.4) and by

applying distribution of the negation we achieve eq. (6.5).

=(anb) A=(d AB) (6.4)

<= (maV =b)\(—d V-b) (6.5)

Later, from the simplified expression, assignments for the chosen terminal
points can aid to determine the full incomparability function(s) and find their
order signature.

To solve the example in eq. (6.5), we can assign all a, a‘, b and b* to false and
satisfy the expression. By applying semantic analysis on the final equations, we
arrive at eq. (6.6). This gives us two incomparability functions that can be used in

a multi-layer context.

totalCost # fromSol(totalCost),

fromSol(totalCost) % totalCost, totalCost = fromSol(totalCost),
—

totalUtility £ fromSol(totalUtility), totalUtility = fromSol([o[alUtility)

fromSol(totalUtility) # totalUtility |
(6.6)
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6.3 Implementation

The system is implemented in Rust using a Boolean expression manipulation
library that supports BDD representation and offers SAT compatibility for the
solving stage. We have named this system DIG, which stands for Dominance
Incomparability Generator.

The flow of the DIG is as follows:

* The system starts the process by parsing the dominance_relation in the
ESSENCE specification and constructing the dominance nogood constraint as
a logical expression. In this step, the dominance constraint in the ESSENCE
specification is translated into a propositional formula, while anything

complex to represent in the propositional logic formula is taken as a terminal.

¢ The transpose of the dominance expression is determined by a A <= B

replacement. Then, two expressions are conjuncted.

* The propositional logical formula is simplified by either logical rewrite rules

or by constructing a BDD.

* Search of a satisfiable solution is done by a SAT solver. (The BDD graph can
also be plotted at this stage).

* The system exports the possible simplified final resolution expression with

its SAT assignment in a JSON format for further analysis.
At the end of the DIG, the user can look at the resulting solution. By applying
higher-level semantic analysis, they can derive the function(s) that satisfies the
given properties similar to eq. (6.6).

6.4 Application on Pattern Mining Problems

Now we will look into applying the DIG system into some of our pattern mining

problem classes.
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6.4.1 Maximal Frequent Itemset Mining

The easiest example in the mining context can be given as maximal frequent
itemset mining (MFIM).
In this problem class, the dominance nogood constraint is defined in ESSENCE.

The dominance expression and its transpose can be seen in fig. 6.1.

dominanceRelation ! (fis subsetEq fromSolution (fis))

fis subsetEq fromSolution (fis)
fromSolution (fis) subsetEq fis

Figure 6.1: Dominance relation for the maximal itemset mining problem in ESSENCE
specification and the dominance expression with its transpose.

We represent the subset operations as atomic terminals in propositional logic.
We rename them as a and «'. The representation of MFIM in the DIG system can

be seen in fig. 6.2.

"translation_table": {
"a": "freq_items[1] subsetEq from_solution_freq_items[1]

"

b
"resolve_with_bdd": false,
"resolution_expression_str": "And(Terminal(\"a\"), Terminal(\"a_prime\"))",
"sat_assignment": {

"a": true

"a_prime": true,

Figure 6.2: Maximal itemset mining problem represented and resolved in the DIG system.

Additionally, we can also look at the BDD at fig. 6.3.

The result indicates that a and &’ should both be true. That means a candidate
solution mustbe a C and a D at the same time. This condition can only be validated
where both the candidate solution and the previously found solution have the

same cardinality. This can be translated to the ESSENCE CDP+I as in fig. 6.4.
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Figure 6.3: BDD for the maximal itemset problem generated by the DIG system.

incomparabilityFunction descending |fis|

Figure 6.4: Optimal incomparability function of the maximal itemset mining problem
generated by the dig system expressed in ESSENCE specification.

6.4.2 Closed Frequent Itemset Mining

In this problem class, the dominance nogood constraint can be seen on fig. 6.5.
The first operation (i.e. left hand side of the implication) can be represented as a,

while the second one (i.e. right hand side of the implication) with b.

dominanceRelation
(freq_items[1l] subsetEq fromSolution (freg items([1l]))
-> (freg_items[2] > fromSolution(freqg items([2]))

Figure 6.5: Dominance relation of the closed itemset mining problem.

The DIG representation and its solution can be seen in fig. 6.6. The optional
BDD representation can be seen in Figure 6.7.

The final expression is a Aa’ A —b A —=b’ which translates into: 1) The candidate
solution should be C or D of the prev solution and 2) Neither of the solutions can
have greater cardinality.

This boils down to the same argument that they should have the same
cardinality, like the MFIM problem. It will have a similar deduced incomparability

function, which is available in fig. 6.8.
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"translation_table": {
"a": "freq_items[1] subsetEq from_solution_freq_items[1]",
"b": "freq_items[2] > from_solution_freq_items[2]"
L
"resolve_with_bdd": false,
"resolution_expression_str":
"sat_assignment": {

"a_prime": true,
"a": true,
"b": false,
"b_prime": false

Figure 6.6: Closed itemset mining problem represented and resolved in the DIG system.

Figure 6.7: BDD for the closed itemset problem generated by the DIG system.

incomparabilityFunction descending |freqg_items[1] |

Figure 6.8: Optimal incomparability function of the closed itemset mining problem
generated by the DIG system expressed in ESSENCE specification.

6.4.3 Relevant Subgroups Discovery

This problem class consists of the most complex dominance relation we have. It
can be seen in fig. 6.9.

Since this problem consists of class information on transactions, the final
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dominanceRelation ! ((freq items[cover_pos]
subsetEq fromSolution (freq items[cover_pos]))
/\ ( freqg_ items[cover_neg]
supsetEq fromSolution (freqg items[cover_neg]) )
/\ ((freg_items[cover_pos] union freq items[cover_neqg]
= fromSolution (freqg items[cover_pos]) union
fromSolution (freq items[cover_neg]) )
-> (freg_items[itemset] subsetEq
fromSolution(freq items[itemset]) )))

Figure 6.9: Dominance relation of the relevant subgroups discovery problem.

pattern is also examined in positive coverage and negative coverage. Thus, the
number of variables in the equation is increased.
After creating the representation and the resolution, the expression becomes as

fig. 6.10.

"translation_table": {

"a": "freq_items[cover_pos] subsetEq from_solution_freq_items[cover_pos]",
"b": "freq_items[cover_neg] supsetEq from_solution_freq_items[cover_neg]"
"c¢": "freq_items[cover_pos] union freq_items|[cover_neg] \

= from_solution_freq_items[cover_pos]
union from_solution_freq_items[cover_neg]",
"d": "freq_items[itemset] subsetEq from_solution_freq_items[itemset]",
1,
"resolve_with_bdd": false,
"resolution_expression_str": "...",
"sat_assignment": {

"a": true,
"a_prime": true,
"b": true,
"b_prime": true
"c¢": false,

"c_prime": false,

Figure 6.10: Relevant subgroups discovery problem represented and resolved in the DIG
system.

The resolution expression in BDD form can be seen in Figure 6.12.
From BDD, we can see that there are actually three possible assignments.
However, upon closer examination, we can see that two of these possible solutions

require (¢ A—c’) or (mc Ac’). Since ¢ terminal dictates that (fis; U fis_) (which is
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the total pattern frequent itemsets) = fromSol(fis; U fis_), ¢’ is the same as c¢. Thus,
the opposite assignments for ¢ and ¢’ are not possible.

The only assignment combination which puts ¢ and ¢’ in the same assignment
also puts them on false. Thus, the candidate solution can be different from the
prev solution. This assignment combination is independent from d: that means
the incomparability_function does not necessarily rely on the cardinality of the
whole itemset.

The final incomparability expression comes to the point of two conditions:
positive covers having the same cardinality and negative covers having the same
cardinality. Since the incomparability function supports multiple layers, we can
put them in either order and achieve the optimal incomparability in ESSENCE as
in fig. 6.11. We can use either ascending or descending contexts while negating
the opposite context. In the figure, we used a descending context and negated the

negative cover incomparability.

incomparabilityFunction descending
[|freq_items[cover_pos] |, —|lfreqg_ items[cover_neqg]|]

Figure 6.11: Optimal incomparability function of the relevant subgroups discovery
problem generated by the DIG system expressed in ESSENCE specification.

6.5 Experiments using the Newly Generated
Incomparability Function for RSD

On one dataset (tumor), using different frequency thresholds, the newly defined
incomparability function is tested. The experiments show that it performs similarly
in terms of node count. However, the number of solver calls increases drastically.

We can expose the cardinality of the positive or negative patterns to variables
to make pre-processing shrink their domains. On the default incomparabil-
ity_function chosen for RSD, this allows the system to perform 14 solver calls in

total (on one frequency threshold), representing 14 different itemset cardinalities.
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c_prime

S .

Figure 6.12: BDD for the relevant subgroups discovery problem generated by the DIG
system.

Without exporting positive and negative cardinalities, the CDP+I model with
the new multi-layer incomparability condition performs the combination of
255x75 = 19125 solver calls. This number is unreasonably large. While we try to
achieve perfect incomparability functions to eliminate any dominated solution,
the system can generate unnecessary overhead as well.

After exporting the positive and negative cardinalities, the number of solver

calls drops down to 100x70 = 7000. This number is still large, but an improvement.
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Other preprocessing options can be tested. In the experiments, using a more stricter
preprocessing SSAC causes one dimension of the multi-layer incomparability to
occasionally disappear. However, the multi-layer incomparability function does
not perform better than the sub-optimal pattern cardinality. The results can be

seen in fig. 6.13.

103 4

102 4

10? 4

CDP+I time

10° 4

10-1 4

107t 10° 10! 107 103
CDP+l-auto time

Figure 6.13: CDP+I vs CDP+I-auto which uses systematically generated incomparability
on RSD problem class. Times are in seconds.
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CHAPTER SEVEN

SOLVER INTERFACE
INTERACTION

By defining CDP and CDP+I we have achieved a significant improvement in
modelling/solving some pattern mining problems. The next step is to improve
the inner workings of how the iterations in CDP and CDP+I are handled in the
ESSENCE pipeline. This chapter will focus on two distinct improvements of the
Solver Interface Interaction (SII) on two different solver backends. The first section
(section 7.1) dwells on creating a native interaction interface for SAT solvers. The
second section (section 7.2) is about interfacing SMT and its improvements.
Some of the work presented in this chapter has been published in arti-
cle [KADM?20]. This chapter extends the published work by giving a more detailed

look and improves the presented work by adding another backend to the system.

7.1 Native Interaction on SAT

The main CDP+I algorithm (Algorithm 3) and the SAT optimisation backend
require multiple solver calls. For CDP+I, each solver call occurs once per level
when using an AIISAT solver and once per solution when using a standard SAT
solver. Solutions from a level are used to produce dominance blocking constraints
for the next level. Furthermore, level restriction constraints are both added and

removed between levels. Likewise, for optimisation problems using a standard
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SAT backend, multiple solver calls occur to apply three optimisation strategies to
reach an optimal value. In addition to adding temporary constraints, the ability to
remove added constraints is also required.

Adding constraints during the search is relatively common even without an
incremental process such as in symmetry breaking for CP [GS99] or in conflict-
driven clause learning for SAT [MSLM09]. However, removing constraints
requires special treatment by the solver in question. A direct implementation
of these algorithms would indeed call the solver several times and consequently
would not benefit from any learnt clauses between solver calls.

There are two main ways of maintaining learnt clauses between solver calls.
The first option works by extracting learnt clauses once the solver finishes the
search and post-processing them to keep a relevant subset for a future solver
invocation. [SMTdIB16] uses a similar approach to learn candidate implied
constraints from a learning solver. The second option works by keeping the
solver active, modifying the current model by posting additional constraints and
restarting the search. Adding new variables and constraints in this way is a
relatively common operation, available in ipasir, an incrementality API for SAT
solvers used in SAT competitions [JLBRS12]. Removing constraints requires the
assumptions machinery that is available in most modern SAT solvers. Constraints
that are going to be removed are posted as conditional new clauses dependent
on an assumption. Hence, when the assumption is lifted (and the constraint is
removed) any learnt clauses which depend on that assumption can be deactivated.

We define a new API for SAT solvers that shares most of the functionality of
ipasir, including methods for adding new clauses, adding assumptions, solving,
and retrieving solutions. We extend this basic API to also include methods for
reporting detailed statistics about learnt clauses and the solver’s state, in addition
to triggering solution callbacks. Our extended API is implemented using the
Rust programming language. It works with SAT solvers GLUCOSE, CADICAL, and
MINISAT and the AIISAT solver NBC_MINISAT_ALL. Our Rust implementation

encapsulates the required functionality of these solvers and compiles them into a
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shared library.

The entire pipeline of tools starts with CONJURE, which produces an ESSENCE
PRIME model for each problem class. A modified SAVILE ROW is then used to
instantiate the problem class model using a given data file, preprocessing it using
MINION to shave domains, and then encoding it into SAT using the standard
encodings found in SAVILE ROw [NAG"17]. Prior to our work, SAVILE ROwW
worked by producing a DIMACS file that has the entire encoding in it and calling
a SAT solver on this file. Thanks to the new API we define and implement, SAVILE
ROW now skips building this file and directly makes calls to the SAT solver to

create the model.

7.1.1 Implementation

Our solver APl layer is implemented in Rust, while SAVILE ROW was implemented
in Java. We use the Java Native Interface (JNI) to integrate the API layer into
SAVILE ROW. In this way, the modelled problem which exists in the ASTNode
structure in the SAVILE ROW domain can be piped into the solver directly. An
example of adding a new SAT clause from Java level SAVILE ROW to AIISAT
solver NBC_MINISAT_ALL can be seen in fig. 7.1. To use JNI, we declare the native
functions in SAVILE ROW space while implementing them in a C ABI compatible
language (in this case Rust). Using the JNI module available in Rust, we can
capture the declared native functions in the ipasir like APL. The naming of the
internal function names are dictated by Java and by using no_mangle we direct
the Rust compiler to not optimise any function naming. Afterwards, by using
unsafe pointer casting operations we can access the solver construct (which is
created beforehand in a similar fashion) to access and execute preexisting code
with our given parameters.

Defining assumptions that are useful to CDP+I can be done similarly by adding
a clause to the underlining solver accessed with the Rust APIL.

Additionally, we can define new functions to retrieve additional information

from the solver. One of the most important examples is the number of learnt
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public class InteractiveAllMinisatSATSolver
extends InteractiveSATSolver |

private static native long
addClauseToSolver (long solver, int[] clause);

#[no_mangle]
pub extern "system"
fn Java_savilerow_Interactive AllMinisatSATSolver_addClauseToSolver(
env: JNIEnv,
_class: JClass,
s: jlong,
clause: jintArray,
) —>jlong {
let s =s as »mut solver;
let v_size = env.get_array_length(clause).unwrap() as usize;
let mut rust_clause = vec![0; v_size];
env.get_int_array_region(clause, 0.into(), rust_clause.as_mut_slice()).unwrap();
add_clause_to_nbc_solver(s, rust_clause);
0 as jlong

pub fn add_clause_to_nbc_solver(s : *mut solver, given : Vec<i32>) {
unsafe{

solver_addclause(s, begin, last);

bool solver_addclause(solverx* s, litx begin, lit* end)|{

}

Figure 7.1: Code execution example of adding a new SAT clause for AISAT Solver
NBC_MINISAT_ALL in SAVILE ROW with native interaction.

clauses available at the solver. This information is usually kept guarded in the
solver level, which is private to the outside. However, with our solver level AP],
we can expose it to the Java level to be collected and given to us to use in our

experiments as statistics.
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public class InteractiveAllMinisatSATSolver
extends InteractiveSATSolver |

private static native long getNbLearntClauses(long solver);

#[no_mangle]
pub extern "system"
fn Java_savilerow_InteractiveAllMinisatSATSolver_getNbLearntClauses(
_env: JNIEnv,
_class: JClass,
s: jlong
) —>jlong {
let s =s as =mut solver;
let 1 = get_nbc_nb_learnt_clauses(s);
1 as jlong

pub fn get_nbc_nb_learnt_clauses(s: *mut solver) —> u64 {
let 1 = unsafe{ (+s).stats.learnts  };
1

Figure 7.2: Code execution example of accessing the number of SAT learnt clauses for
AlISAT Solver NBC_MINISAT_ALL in SAVILE ROW with native interaction.

Most operations are straightforward and sequential in the java-rust-c/c++
system. Where Java level requests one native function to execute to then be
interpreted as a success or a failure, there is one more improvement that can be
implemented only for AIISAT solvers. Since AIISAT solvers work differently from
a standard SAT solver and can find multiple solutions in one execution, there is a
chance that we can implement a solution callback directly to the solver itself. With
this callback, we can directly collect a solution at the SAVILE ROW level rather
than waiting for the whole execution to finish while storing each solution at the
solver level. This additional callback system optimises the low-level memory of
the solver level and grants further improvements to the system.

This callback system execution can be seen in fig. 7.3 and fig. 7.4. The first

solver call registers the Java environment and the Java class object in a data
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structure and gives the pointer to the low-level solver. Thus, when a solution is
found later in the process, the C/C++ level solver can provide the solution and
necessary tools to access the Java level to the mid-level Rust layer. Using the passed
information, the Rust mid-level layer accesses the Java run-time environment to
pass the information to SAVILE ROW for the solution to be processed. The memory
ownership model that Rust enforces requires holding the Java run-time reference
in the mid-layer. This ensures better safety in terms of avoiding possible bugs

related to applying pointer operations.

typedef void (xrust_callback)(voidx, solver=x);
void+ rcb_java_data;
rust_callback rcb;

extern int nbc_register_callback
(void* callback_target, rust_callback callback);

int nbc_register_callback
(void* callback_target, rust_callback callback) {
rcb_java_data = callback_target;
rcb = callback;
return 1;

}

static lbool solver_search(solver* s, int noc, int nol) {

rcb (rcb_java_data, s);

Figure 7.3: Registering the solver callback in the AIISAT solver NBC_MINISAT_ALL and
calling it when a solution is found

The API layer is open source and will be available in the next release of SAVILE
Row!. The new mechanism to access SAT solvers with this API layer is available
under the flag ~interactive-solver. SAT interface APIs are also open source

and available for NBC_MINISAT_ALL2, GLUCOSE® and CADICAL*. All the software

ISAVILE ROW releases are available at: https://savilerow.cs.st—andrews.ac.
uk/releases.html

’https://github.com/gokberkkocak/rust_nbc

Shttps://github.com/gokberkkocak/rust_glucose

‘https://github.com/gokberkkocak/rust_cadical
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const JAVA_ CALLBACK_METHOD_DYN: &str = "handleFreshSolution";
const JAVA_ CALLBACK_METHOD_SIGN: &str = "([I)V";
#[repr(C)]
struct JavaData {
java_env: *mut jni::sys::JNIEnv,
solution: jintArray,
java_callback_object: jobject,
}

extern "C" fn nbc_callback(java_data: *mut JavaData, s: *mut solver) {

let _sol =j_env.call_method(
JObject::from(j_callback_object), JAVA_CALLBACK_METHOD_DYN,
JAVA_CALLBACK_METHOD_SIGN,
&[JValue::from(JObject::from(j_solution))],
)

unwrap();

)

extern "C" {
fn nbc_register_callback(
target: *mut JavaData,
cb: extern "C" fn(*mut JavaData, *mut solver),
) —> ustd::os:raw:ic_int;

Figure 7.4: Rust level of solution callback for the AIISAT solver NBC_MINISAT_ALL and
how it handles the call the upper Java level.

code in this thesis is available in a supplementary archive with DOI [Ko¢22].

7.1.2 Results
7.1.2.1 On an Optimisation Problem

The example problem we have chosen to experiment on is a real-life problem
and is called the Multi-mode Resource-Constrained Project scheduling problem
(MRCPSP). It is a variant of the project scheduling problem [KS97], a classical and
well-known optimisation problem in operations research. The givens are a number
of activities and a set of renewable resources. Each activity is associated with a

duration and demands for some resources. The activities are non-interrupted
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and there are precedence constraints that state that some activities can only start
once some others have finished. The variant considered in this thesis is the multi-
mode [MT97], where each activity may have multiple modes. Each mode dictates
the duration and resource demands of the activity. The goal is to schedule the
activities and choose a mode for each of them such that the makespan (the latest
completion time) is minimised. An ESSENCE specification of this problem is
presented in Appendix C (Figure C.1).

To demonstrate the effectiveness of keeping SAT learnt clauses between levels
during the optimisation process using native interaction, we evaluate the three
optimisation strategies explained in section 2.3.1 on 928 MRCPSP instances from
the PSPlib [KS97]. The SAT solver GLUCOSE [AS18] is combined with each of the
three optimisation strategies. We also compare the resulting performance with
Open-WBO [MML14], a MaxSAT solver, and with Chuffed [CS], a learning CP
solver.

Each run on an instance is given a time limit of one CPU hour and is repeated
three times. The average solving time is recorded. The comparison of the usage of
native interaction (SII) on GLUCOSE is shown in Figure 7.5. Results suggest that
for all three strategies, the native interaction boosts the efficiency significantly on
all tested instances.

Comparison against Open-WBO and Chutffed is plotted in Figure 7.6. While the
tirst figure only includes the default SAT strategies, the second figure replaces them
with their native equivalents. Results suggest that the native interaction create
a drastic performance improvement for the SAT backend GLUCOSE. Results on
these problem instances are competitive against the two established optimisation

solvers.

7.1.2.2 CDP+I Experiments

7.1.2.2.1 Computational Evaluation with AIISAT Solver In order to evaluate
the effectiveness of maintaining learnt clauses and using SAT assumptions between

CDP+I levels, we solve 240 instances across 5 problem classes (see Section
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Figure 7.5: Solving time of GLUCOSE with versus without native interaction on 928
MRCPSP instances. Times are in seconds.
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Figure 7.6: Solving time of GLUCOSE with three settings (bisect, linear and UNSAT), Open-
WBO and Chuffed on 928 MRCPSP instances. GLUCOSE's results are shown without (top)
and with (bottom) native interaction.
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section 2.8). Within a 6-hour time limit, the native version solves 210, instances
whereas pure CDP+I solves only 173 instances. We believe this is due to needing
fewer search nodes, which is made possible by pruning large parts of the search
tree via the learnt clauses.

Figure 7.7 presents the median number of search nodes per level. Since
instances have different numbers of levels, we normalise the number of levels on
the horizontal axis. The plot also shows that the default CDP+I’s performance can
vary amongst different instances, while CDP+I-native’s performance has more

stability, indicating that CDP+I-native is more robust.
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Figure 7.7: Median solver nodes per CDP+1 level. Error bars range between the 45" and

the 55 percentile. The horizontal axis represents normalised levels between instances.
Native CDP+I uses significantly fewer search nodes, thanks to accumulated learnt clauses
between levels.

CDP+I-native uses fewer search nodes than pure CDP+I, due to maintaining
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a subset of learnt clauses between levels. Figure 7.9a presents a comparison of
total solver run time of the two CDP+I variants on NBC_MINISAT_ALL and shows
that native interaction clearly results in faster run times as well. On PAR2 average,
CDP+I-native spends 493 seconds per instance, whereas pure CDP+I spends 8,210

seconds.

7.1.2.2.2 A Case Study on CFIM Tumor 20% Instance To evaluate whether
keeping learnt clauses improves efficiency, we will demonstrate this by examining
one particular instance in detail as a case study.

Figure 7.8 presents two plots. The first shows that CDP+I-native uses fewer
search nodes on each level. The second illustrates the increased number of SAT
clauses in each level that result from keeping learnt clauses. The improved
efficiency seen on the first plot is a direct result of the restricted search space

from having more clauses.
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Figure 7.8: A comparison on one CDP+I instance with and without native interaction
using NBC_MINISAT_ALL AlISAT solver. The example instance is CFIM Tumor with 20%
frequency. Each plot is averaged out from a single model and multiple random seeds. The
plot on the left shows the number of solver nodes on each level, while the plot on the right
shows the total number of SAT clauses on each level.

7.1.2.2.3 Computational Evaluation with a Standard SAT Solver CDP+I on
a standard SAT solver operates by generating solution blocking clauses between
each solver call in a level. Once a level is completed, the dominance blocking

clauses generated by SAVILE ROW are encoded and passed on to the next level.
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The solution blocking clauses are not encoded again since they are redundant and
already implied in the dominance blocking constraints.

Implementing a native interactive system on a standard SAT solver will bring
both costs and benefits to its performance. AIISAT solvers are already capable
of keeping learnt information at one level due to their all solution enumeration
behaviour. The native interaction will grant the standard SAT solver this capability,
in addition to making the learnt information persistent between levels. Thus, the
increase of the standard SAT solver’s performance will be relatively much higher
than the increase of the AIISAT solver’s performance. However, since we will still
be using solution blocking clauses in a level and since the system cannot eliminate
the redundant solution blocking clauses once the level is done, the standard
SAT model might expand far beyond its non-native equivalent. AIISAT solver
NBC_MINISAT_ALL is not susceptible to this because it can operate without the

use of solution blocking clauses, regardless of whether it uses native interaction.
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solver NBC_MINISAT_ALL. dard SAT solver GLUCOSE.

Figure 7.9: Comparison plot between pure CDP+I and CDP+I-native. The time limit is
6 hours per instance. Each data point is averaged out from a single model and multiple
random seeds. Times are in seconds.

Figure 7.9b illustrates a comparison of CDP+I with and without native
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interaction using the standard SAT solver GLUCOSE. Native interaction increases
the performance amongst all instances significantly. The results also suggest that
the anticipated decrease in performance due to the expansion of the model did
not outweigh the increase provided by native interaction.

In this section, we have evaluated the effect of native interaction on the
performance of CDP+I. We conducted our analysis on an AIISAT solver and

a standard SAT solver.

7.2 Interactive Interface Usage on SMT

Similarly to the SAT backend, The main CDP+I algorithm (Algorithm 3) and the
optimisations on the SMT backend also require multiple solver calls. Considering
CDP+], each solver call results in a single solution since most mainstream SMT
solver does not support all solution enumeration. To properly apply CDP+],
solution blocking constraints are added and another solver call occurs within a
CDP+I level. There is one SMT solver that supports all solution enumeration
by performing greedy search [CGSS513]. However, the all solution enumeration
tfeature of this solver is experimental and sometimes give unpredictable results;
thus, we did not include them in our work.

After each solution, a dominance blocking constraint is generated and posted
to the SMT solver to prevent getting the same solution again. The same principle
applies to the level restriction constraints which are added and removed between
levels, similar to the inner workings of SAT backend handling CDP+1.

On optimisation problems, a standard SMT solver can also be used with
the three optimisation strategies mentioned, similar to the SAT. The assumption
mechanism that allows revoking constraints that are already posted can be useful
for the bisect strategy where a guessed partition can be revoked without an issue.

By keeping the solver alive between solver calls, we can guarantee the learnt
information of the solver persists, and potential performance improvements are

expected.
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To achieve this system, we propose altering the ESSENCE pipeline execution
plan once more, where SAVILE ROW generates the intermediate SMT file format
then calls the solver. Instead, the altered version of SAVILE ROW initiates the solver
on a virtual terminal interface in the interactive mode and pipes the generated
information to the solver directly in real-time. This way, we can achieve three
things: 1) avoid additional I/O overheads, 2) keep solver state persistent after

each call, and 3) use assumptions on each call.

7.2.1 Implementation

The SMT solver interactive interface is implemented by adding additional multi-
threaded functionality to SAVILE ROW. The general application flow of SAVILE
Row is pretty straightforward and single-threaded. However, keeping the
interactive solver interface alive while processing other information requires an
additional worker thread. This additional thread is used to pass the translated
SMT model to the interactive SMT solver interface and wait for the solver to do
a search to retrieve results. To guarantee proper concurrency, the worker thread
where the solver interface is handled uses a ConcurrentLinkedQueue to pass
the retrieved information to the main SAVILE ROW thread. This thread also uses
CountDownLatch to inform the main thread when the solver changes its state
and an AtomicInteger for the solver state itself, which the main thread can
access freely if necessary without concurrency issues.

When passing the translated model to the solver interface, we can also pass any
optional constraints that we would like to mark as assumptions. The working sys-
tem can be seen in fig. 7.10. The modified system uses the check-sat-assuming
SMT functionality to indicate Boolean assumptions, which can be seen in fig. 7.11.
The assumptions’ predicates can be encoded as constants with declare-const;
these identifiers can be passed as assumptions later on. CDP+I and optimisation
problems can use the modified SAVILE ROW with assumptions in a multi solver

call structure.
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public class InteractiveSMT extends SMT |{

public void addSMTAssumption(String clause) .. {
String n = "sr_assumption_" + aC;
outstream . write (" (declare—-const_"+n+" _Bool)");
outstream .newLine ();

outstream . write (" (assert_(=.," + n + "_");
outstream . write (clause);

outstream . write("))");

outstream .newLine ();
activeAssumptions.add(n);

Figure 7.10: Code example of encoding SMT assumptions to the interactive SMT
assumptions as boolean constants.

7.2.2 Results
7.2.21 On an Optimisation Problem

We use the same MRCPSP problem from our interactive SAT experiments
(section 7.1.2.1).

Once more, to show the effectiveness of keeping learnt clauses and the strength
of assumptions, we use the three optimisation strategies with and without native
interaction on the 928 instances. We use the standard SMT solver YICES2 [Dut14]
and the BitVector (BV) theory encoding. All experiments are conducted with
cgroups as indicated in section 8.2.1, with one CPU core quota each experiment.
This is an important factor (especially on this multi-threaded system) to eliminate
any potential bias, since we compare two systems with different characteristics.

Each run on an instance is given a time limit of one CPU hour and is repeated
three times. The average solving time is recorded.

The comparison of the usage of native interaction on YICES2 is shown in
Figure 7.12. Results suggest that for all three strategies, the native interaction

boosts the efficiency significantly on all tested instances.
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private String getCheckCommand () {
if (model.satModel.activeAssumptions.size() > 0){
StringBuilder sb = new StringBuilder ();
sb .append (" (check-sat—-assuming_(");
for(String a : model.satModel. activeAssumptions)|{
sb .append(a);
sb.append ("_");
)
sb.setLength(sb.length() - 1);
sb.append("))");
return sb.toString ();
}
else {
return "(check-sat)";

Figure 7.11: Code example of executing the solver with assumptions with the usage of
check-sat—-assuming rather than check-sat.
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Figure 7.12: Solving time of YICES2 with versus without native interaction on 928 MRCPSP
instances. Times are in seconds.

The results can be seen in fig. 7.12. As a comparison point, we used the z3 SMT
solver [DMBO08] that already directly supports optimisation problems. Since we are
testing out the SMT solvers with the same instances and in the same circumstances
from fig. 7.6, we can bring CHUFFED solver as a comparison point as well. The
results show that our interactive solver interface improves the performance of

YICES2 significantly, allowing it to out-perform z3 in almost all instances.
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Figure 7.13: Solving time of YICES2 SMT solver with three settings (bisect, linear and
UNSAT), z3 and Chuffed on 928 MRCPSP instances. YICES2' results are shown without
(top) and with (bottom) native interaction.

7.2.2.2 CDP+I Experiments

To evaluate the effectiveness of keeping learnt clauses and SMT assumptions
between CDP+I levels, we test a small subset of instances across 3 of the problem
classes: CFIM, CDIM, and GFIM from section 2.8, applying a 6 hour time limit. In
our experiments, we use the same pre-processing options with BV encoding and
the same standard SMT solver YICES2 with and without the interactive support.
Figure 7.14 presents the median number of search nodes per level. Since each
instance has different numbers of levels, the levels are normalised with the number

of levels on the horizontal axis, in a similar fashion to fig. 7.7f. The graphs show
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that CDP+I with the SMT native interactive interface performs much better than
regular CDP+1.

The results also illustrate that when using SMT on CDP+], the problems do
not get less challenging than the SAT equivalent ones as levels are completed and
the problem approaches UNSAT. We believe the reason behind this can be related

to how SMT solvers operate compared to SAT solvers in terms of usage of learnt

clauses.
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Figure 7.14: Median solver nodes per CDP+I level. Error bars range between the 45" and
the 55! percentile. The horizontal axis represents normalised levels between instances.
Native CDP+I uses significantly fewer search nodes, thanks to accumulated learnt clauses
between levels.

Figure 7.15 illustrates a comparison of CDP+I with and without native
interactive SMT solver interface using the standard SMT solver YICES2. Native
interaction increases the performance amongst all given instances significantly,

except some instances that have under a 10-second runtime.
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Figure 7.15: Comparison plot between pure CDP+I and CDP+I-native for SMT solver
YICES2. Each data point is averaged out from a single model and multiple random seeds
while a subset of all instances has been used. Times are in seconds.
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CHAPTER EIGHT

INSTANCE
(GENERATION AND
EXPERIMENTAL SETUP

This chapter is to explain how we constructed our experimental structure and
generated the necessary instances, which is a complementary piece of our research.
Section 8.1 investigates the instance generation methodologies we have used.
Section 8.2 gives details on how experimental evaluation throughout the thesis

has been handled.

8.1 Instance Generation

In our experiments, we use 16 transactional datasets from the CP4IM website.
They are derived from UCI datasets, meant to be used for constraint-based itemset
mining. The datasets which have been used with their characteristics can be seen
in section 2.9.

To generate instances for 5 pattern mining problem classes with 2 side
constraints (i.e. minimum utility and maximum cost) on 16 data-sets, for each
item we uniformly randomly assign values between 0 and 5 to cost and utilities.
We then use different techniques to find sensible and challenging minimum utility

and maximum cost thresholds. These techniques include manual brute force
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enumeration of the 2D search space section 8.1.1 and using a hyperparameter
optimisation framework OPTUNA section 8.1.2. The experiments are conducted
on mostly 5 different frequency thresholds: 10%, 20%, 30%, 40%, and 50%. For
some case studies, we also generated some instances below 10%, namely 5% and

1%.

8.1.1 Manual Brute Force Instance Generation

The brute force instance generation is done by generating all possible instances
in certain bounds for min-utility and max-cost values and picking the promising
ones. For each dataset and each frequency, we determined predetermined costs
and utility values. Using these, we generated a matrix of all possible instances

and crawled the search space to select some as good instances.

8.1.1.1 Two Solution Frontiers

Two 2D explorations of the search space for hepatitis 30% and lymph 10% on
CFIM can be seen in fig. 8.1 and fig. 8.2.

These figures show that it is trivial to recognise the frontier where the problem
starts to permit numerous solutions. Additionally, at the same frontier, solver time
syncs up with the number of solutions. However, if we also examine the solver
time per solution, we can see another frontier that shows us where the problem
becomes difficult. We can choose our criteria to be in between these two frontiers.
Thanks to the first frontier, we can have multiple solutions to test our CDP/CDP+1
framework while trying to stay close to the second frontier to select challenging

instances.

8.1.1.2 Solution Compression Ratio with Expander

An important factor for the solutions is the compression ratio with its uncondi-
tioned total frequent itemset mining. While we can only apply this for most pattern
mining problems we have, the calculation of this ratio gets more challenging

with the complexity of the problem class. This metric shows how generative or
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Figure 8.1: An example of manual instance tryout representation for the CFIM Hepatitis
dataset at 30% frequency.

distinct the compressed patterns are through the amount of unfiltered patterns
they capture. Generative patterns hold more information with higher compression
while distinct pattern contain less information. We can define a good instance
where the compression ratio is higher and a dense amount of information is packed

in a small number of patterns.
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Figure 8.2: An example of manual instance tryout representation for the CFIM Lymph
dataset at 10% frequency.

Calculating the compression ratio of an instance requires finding the number
of total patterns of the same instance. This can be done in two ways: 1) solving the
same problem without in-between solution constraints or 2) solving the problem
normally then applying a post-processing step. Since the number of frequent

patterns can be exceedingly large, the first option might require enumerating
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millions of solutions, which can be challenging for the ESSENCE pipeline to handle.
The second option requires storing all of the compressed solutions and applying
an expansion system. Storing all the solutions will increase the space complexity
of the system drastically; however, storing a couple of thousand solutions should
not create a big bottleneck.

For the expansion process, we developed another tool that works for MFIM
and CFIM. This tool has been named expander ! and is implemented in Rust
with a focus of high optimisation with the purpose of expanding integer patterns
with compact memory usage.

The general flow of expander follows as algorithm 5. This recursive algorithm
goes through all possible subsets of a given solution and expands them while
adding every new itemset to the total frequent itemsets. This procedure uses
memoisation by using an ever-growing total itemset pool to automatically skip
already explored paths. While both the time and space complexities of this system
are O(2"), the memoisation reduces the number of cases where the upper bound
worst-case time complexity is reached on consecutive runs of the algorithm with

different solutions.

Algorithm 5 Expander for MFIM and CFIM

1: Input

2: ¢ Current Itemset

3: t  The growing set of total frequent itemsets

4: procedure EXPANDER(c, )

5: total < ¢

6: if |c| > 1 then

7: for item <— ¢ do

8: c < c\item

9: if c Z t ANC(c) then > C indicates side-constraints
10: expander(c,t)
11: c <4 cUitem

This system benefits from representing integer sets as Bit Vectors in memory.

lhttps://github.com/gokberkkocak/expander-rs
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An example of Bit Vector representation of an itemset can be seen in eq. (8.1).
{0,1,3,4} — [1,1,0,1,1,0,0,..] (8.1)

In this example, the integer set with 4 elements can be represented with a
minimum of 5 bits since the maximum value we need to represent is 4. For
datasets with up to 64 items, we can represent each itemset with a standard 64-bit
integer. For the example itemset in eq. (8.1), the default set representation where
index values are also encoded, 4 8-byte integers take 64 bytes in total. The same set
in the BitVector form is only a single byte. This highly optimises memory usage
and enables CPU specific vector operations as well.

However, having up to 64 items is not realistic. To represent itemsets in bigger
datasets where more items are available, we need to use bigger integer constructs
such as 128-bit integers or 256-bits. These may create additional CPU overhead on
typical 64-bit systems.

The itemset expander tool is equipped with the ability to use different hashing
mechanisms such as Fowler-Noll-Vo (FNV) hashing 2, Swiss Tables HashMap 3,
and AHash with AES hashing 4. Our preliminary testing concluded that using
FNV hashing is the most efficient for our itemset mining problem thanks to its
performance on small value hashing.

The real goal of the expander is to count the number of frequent itemsets.
Consequently, the resulting itemsets are not wanted. Therefore, to boost the
efficiency, we can eliminate storing the itemsets and only store the corresponding
hash values. This behaviour can be dangerous due to the potential hash collisions.
Typically, on normal sets hash collisions are avoided as the values stored to check
hash collisions. In our experiments, we tested both our hash-only and normal
versions of the program in multiple examples. Although, we did not experience

any hash collisions in our tests, we decided to make expander’s default behaviour

’http://www.isthe.com/chongo/tech/comp/£fnv/
Shttps://abseil.io/blog/20180927-swisstables
‘https://github.com/tkaitchuck/ahash
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a normal set rather than a faster hash-only set to prioritise safety. We left the hash-
only feature as an experimental feature available in the tool.

To go even further with memory efficiency, an optional mimalloc > support
is also available in expander. With it, it is possible to deactivate heap security
features. Heap-security features allow a global allocator to encrypt the contents
of the heap allocations with a performance overhead. Since we conduct our
experiments using server machines on a private network and we deal with non-
sensitive data, we can deactivate this feature for a performance boost.

Using the defined expander system, for the second lymph %10 example
in fig. 8.2 the compression ratio of the grid can be seen in fig. 8.3. The compression
ratio mostly stays close to 1 in many areas; however, in the upper region of the
graph between the two frontiers, the compression is higher. We can choose select

instances from this area.

ratio of closed to full

TU e
0 2 4 6 8 1012141618 2022 24 26 28 30 32 34 36 38 40 42 44 46 48 50 52 54 56 58
util

Figure 8.3: Compression ratio of closed itemsets to frequent itemsets for the example in
fig. 8.2.

Even though one specific region might show more interesting instances, to
test our instance in all possible ways we still generate some instances from other

compression ratio regions and UNSAT instances for statistical purposes.

Shttps://github.com/microsoft/mimalloc
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8.1.2 Using OPTUNA for Instance Generation

Instead of manually and brute force exploring the search space, it is possible to
use hyperparameter optimisation frameworks to aid us in systematically crawling
through the search space to generate instances. In our work, we use the OPTUNA
framework, which we talked about in section 2.7.

An example code excerpt can be seen in fig. 8.4. The way OPTUNA works for
a given parameter space is to operate on each trial’s suggested values. By using
two trial parameters for min_util and max_cost, we eliminate the need for a

brute-force search in 2D util-cost plane and apply a depth-first search instead.

args = [..]
study = optuna.create_study(direction="maximize ")
study.optimize (objective ,

n_trials=TRIALS, n_jobs=JOBS, timeout=TIMEOUT)

def objective(trial):
opt_args["min_util"] = trial.suggest_int("min_util", 0, 15)
opt_args["max_cost"] = trial.suggest_int("max_cost", 0, 15)
output_file = to_essence_param(args, opt_args)
info_file = miner_lite.solve(output_file)

if nb is not nb > 1:

return sr_total_time / float(nb)
else:

return 0

Figure 8.4: Example code to use Optuna to generate instances on the 2D util-cost plane.

With the usage of OPTUNA, it is also possible to increase the dimensionality
beyond 2D. We can include other parameters previously taken as constant givens,
such as the utility and the cost values. If there are n number of items, this will
bring the instance dimensionality to 2n + 2 from 2, which is a drastic increase. In
our experiments, generating instances while also taking utility and cost values
into consideration did not perform well: one single instance generation can take

several CPU days, excluding timeouts.
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8.2 [Experimental Setup

8.2.1 Experiment Management

Solving COP or CDP problems can be tasked off to one single CPU core/thread
since the search base solving does not require any concurrency. By keeping every
task to one single CPU it is possible to run multiple tasks if the machine has and
supports multiple CPU cores/threads, which is standard in any personal computer
after the 2010s. For our timed experiments, we used two identical 32-core AMD
Opteron 6272 at 2.1 GHz with 256 GB RAM machines.

To enforce a more strict CPU core usage, we can designate each task to be in a
control group supported by the Linux kernel (i.e. cgroups). This utility might
be necessary since the ESSENCE pipeline includes SAVILE ROW, which is written
in Java. The Java run-time is a multi-threaded application which might create
bias positive in the experimentation process. Applying hard CPU core limits with
cgroups to a process and its children processes, we eliminate the impact of using
Java.

The next step is to run a large number of independent experiments by efficiently
dispatching them into the machines. Since these experiments are time-consuming,
any optimisation on running these experiments is beneficial for research to be
conducted in faster iterations. For this reason, it is necessary to divide tasks into

separate CPU cores in a clever fashion.

8.2.1.1 Using In-house Experiment Manager

To manage our experiments, we have developed an experiment handling system
named Distributed Parallel Experiment Manager (DPEM) in Python 6 Later, we
ported this utility to Rust ”.

This tool expands on top of gnu-parallel [Tan15], which is capable of smart

dispatching of tasks to reduce the wasted CPU and total wall-time. For a single

®https://github.com/gokberkkocak/dpem/
"nttps://github.com/gokberkkocak/dpemr/
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machine dispatching of experiments, GNU-parallel is one of the most efficient
tools we can benefit from. However, since we have access to multiple machines,
it is necessary to use remote dispatching on multiple computers. GNU-parallel
supports remote dispatching by using the ~sshlogin flag. However, the number
of tasks to be dispatched is always assumed to be the number of cores available.
This behaviour is not desired since we would like to use a subset of the cores (e.g
20 out of 32 cores) and reserve the rest to eliminate any OS-level discrepancies.

An easy solution to having multiple machines is to distribute the tasks into the
machine preemptively. This will assign each experiment to a machine at the start
of the whole experimentation process. Doing so might lead to some machines
running at full time while other machines are idle. To overcome this, we propose
a centralised task dispatching and running system. A visualisation of this system
can be seen in fig. 8.5. A system like this will dispatch the tasks to each machine
on run-time depending on the load of each machine. To achieve this, we need
to have a separate SQL database management entity to fetch and register tasks.
Upon research, we found an existing tool called parallel-SQL 8 that extends from
gnu-parallel while using a PostgresSQL for task management. However, usage
of parallel-SQL requires an additional controller machine that runs a PostgreSQL
server, which might be overkill for a small scale application like this one. A lighter
MySQL or MariaDB can be more suitable for this application. Another alternative
is using SQLite if there is a shared file system between machines and the database
and can be kept in a local file with tight write and read locks on the database file.

A second possible problem with parallel-SQL is that it is not actively main-
tained, with the latest commit on Github going back to 2017. This can create
potential problems with later versions of the kernel or libraries. Freezing the
state of the OS and packages just for parallel-SQL on a highly maintained and
up-to-date server machine is not feasible.

In the end, we implemented a MySQL /MariaDB backend to fetch and register

experiments. Since the the University of St Andrews Computer Science students

8https://github.com/stephen-fralich/parallel-sql
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Figure 8.5: Two execution paths for parallel experiment dispatching system. While the
system on the left assigns tasks to each runner, the right alternative uses a centralised
runner.

can access an active MariaDB database, this would not require running a separate
SQL server.

We also incorporated additional features to DPEM where each registered task
reports back to the database with the result code of the experiment. The result
codes indicate success, timeout within the given time, or crash due to any possible
reason. This allowed us to implement a useful feature called automatic timeout
increase in our experiments. If desired, this structure allows re-running some of
the experiments without altering the timeout value manually.

While we can register the result of the experiment task, as the database is
deliberately being kept light it does not contain all the information about the
experiments necessary to make a statistical analysis. Instead, we dump each

experiment result in a JSON file to later collect and process the information.

8.2.2 Experiment Collection and Processing

As indicated in section 8.2.1.1, each experiment result is dumped as a JSON file to
be later collected for processing. The experiment results contain: 1) time-specific
information such as solver time and total time, 2) the number of solutions and,
3) the solutions themselves if they are required for expander (section 8.1.1.2).

Additionally, level-specific solving information (e.g solver time on each level and
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the number of solutions on each level) is also dumped for CDP+I experiments.

Recording all this information for all experiments can be quite space-intensive;
any processing done on this information can be CPU intensive as well. Any
possible optimisations on this structure will allow research to be conducted more
efficiently.

Initially, we used simple Python scripts to parse and collect information from
the JSON files. Considering we collect over 200K distinct experiments with
repetitions, using unoptimised un-typed data parsing can be resource-intensive
and unfeasible to work with. To overcome this performance bottleneck, we have
developed a tool called result-reader-on-rust (rrr) °. Using strongly typed data
representations and tagged enum structures for heterogeneous result types (given
in serde crate family !°), it is possible to speed up the processing by up to 100 times
while keeping the memory usage minimal. The heterogeneous solver information
structure can be seen in fig. D.1 in appendix D.

In addition to optimising and matching the internal structure of the experiment
results, we also added a database integration system to rrr, similar to the one
in section 8.2.1.1, so that we could retrieve some basic information about the
experiment result in real-time. The representation of this structure is available
in fig. D.2 in appendix D.

Having some of the experiment results available in real-time immediately after
the experiment is completed potentially opens up useful paths. One particular
example is to conclude race type experiments early if any of the experiments
are finished. One other example is to determine a dynamic timeout where if a
configuration of an instance is being tested while any other configuration of
the same instance is concluded, we can alter the timeout of the first experiment
automatically in real-time. In theory, the dynamic timeout feature can allow us to
lower the timeouts of experiments that have already been outperformed, saving
CPU time.

For plotting purposes, we implemented a feature on rrr called plotting views.

https://github.com/gokberkkocak/rrr
Vhttps://serde.rs/
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8.2. Experimental Setup

When we generate necessary plots from our experimental data, the complexity of
the data can be considerably large. We experienced significant time and memory
issues during this step. Thus, we decided to create this view system. Using the
strongly structured experiment results as a base, we can define an almost zero-
copy view using borrowed structures operating on the large JSON construct with
minimal additional memory usage. An example structure can be seen in fig. D.3
in appendix D.

While the almost complete plot view can be used to generate statistical plots
with ease, it avoids exposing all of the experiments’ results by applying the mean
of multiple results upon query. More verbose complete data can be used for more
detailed statistical analysis.

One last important feature, which has been implemented on rrr, is compress-
ing the storage of the experiments. Since the data’s entropy can be smaller in
the JSON file format with repeated header information, to be space-efficient we
incorporated the option of using zstandard (zstd) 1! compression into our system,

saving up to 10 times more space with minimal CPU overhead.

HUhttps://facebook.github.io/zstd/
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CHAPTER NINE

AUTOMATED
CONFIGURATION
SELECTION

With the CDP+I framework and SII, we have improved the efficiency of solving
pattern mining problems. These improvements are based on using a single
model for a given instance. The next logical step is to consider multiple
modelling/solving pipelines as possible configurations and create an efficient
portfolio. To do so, in this chapter, we firstly discuss the vast configuration
space of the ESSENCE pipeline with CDP+I and SII. Then, we create two distinct
automated configuration selection and portfolio building systems, one that uses
SMAC [HHLB11] (mentioned in section 2.6) and another that defines our method
using instance features. Lastly, we look into feature importance in a constructed

portfolio.

9.1 Configuration Space

When solving a pattern mining problem that has been represented in ESSENCE,
there are many parameters to consider both for the ESSENCE pipeline and the
solving process. Depending on parameter choices, the solving time of these

problems can change drastically for better or for worse. To guarantee achieving
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high performance, we plan to use the combinations of the possible parameters and
create a vast configuration space. Then, we aim to create a configuration selection

system to choose efficient configurations in a systematic way.

9.1.1 Model Representation

The first parameter, namely model, comes from the translation of an ESSENCE
specification to the lower-level modelling language ESSENCE PRIME using CON-
JURE. During the translation of the high-level specification to the lower-level
ones, the high-level types such as sets can be expressed in multiple ways. Thus,
CONJURE can produce several possible models using different refinement rules
(see section 2.3.1 for more detail). We consider two representation choices: Explicit
and Occurrence. Explicit rules represent memberships of elements in high-level
data types directly in the lower level with additional constructs like flags, markers,
or a dummy value. Occurrence representation rules use a Boolean matrix to
indicate whether an element belongs to the corresponding variable. Two examples
of the translation of the freq_items variable of an itemset mining problem from
ESSENCE to ESSENCE PRIME can be seen in fig. 9.1. One has an explicit (with flags)
representation while the other has an occurrence representation.

Representation choices have to be made for each of the given parameters and
decision variables of a problem specification. To simplify things and reduce the
number of configurations, we decided to use either use explicit or occurrence
for all parameters and decision variables. This decision gives us four possible
values for the model parameter: Explicit-Explicit (EE), Occurrence-Occurrence

(O0), Explicit-Occurrence (EO), and Occurrence-Explicit (OE).

9.1.2 Pre-processing

preprocessing comes from the use of SAVILE ROW where the ESSENCE PRIME
level constraint model is translated into a low-level solver specific format. If

desired, SAVILE ROW can apply optimisation techniques [NAG"17] during its
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find freq items
(set (maxSize db_maxEntrySize) of
int (db_minValue. .db_maxValue), int(l..db_row_size))

find freq items_1_ ExplicitVarSizeWithFlags_Flags:
matrix indexed by [int(l..db_maxEntrySize)] of bool
find freq items_1_ ExplicitVarSizeWithFlags_Values:
matrix indexed by [int (l..db_maxEntrySize) ]
of int (db_minValue..db_maxValue)

find freqg items_1_Occurrence:
matrix indexed by
[int (db_minValue. .db_maxValue)] of bool

Figure 9.1: ESSENCE and two refined ESSENCE PRIME versions of the freq_items construct
from a pattern mining problem. The first figure shows the ESSENCE specification which
uses sets while the others use a matrix in ESSENCE PRIME with explicit or occurrence
representation

translation process. Among these, the choice of pre-processing methods potentially
has a great impact. Since the variables” domains are possibly shrunk due to pre-
processing using arc-consistency methods, this will affect the number of levels on
CDP+I by removing unfeasible levels. This can give a great performance boost to
the solving system.

We consider four choices for the preprocessing parameter. The first
one is SACBounds (S), a Singleton Arc Consistency-based method [BCDL11]
to prune the bounds of decision variables. The second choice, SSACBounds
(SS), is a two-layer application of SACBounds. The third is the Generalised
Arc Consistency [RVBWO06] (GAC). The last choice applies no arc-consistency
preprocessing (None). There are potential trade-offs to be considered when using
high level preprocessing, such as SACBounds or SSACBounds, as opposed to
simpler approaches like GAC or None when considering the total running time of
the whole solving process. High-level preprocessing reduces the number of levels

but the reformulation process itself can take a lot of time in some cases.
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9.1.3 Solving Back-end and Solver

SAVILE ROW is capable of targeting multiple solvers with different back-ends.
While the MINION solver back-end is the default option, SAVILE ROW has a well-
established SAT back-end [NSM15]. With SAVILE ROW, it is also possible to target
SMT solvers [DAEN20].

While we use the standard SAT encoding, different SMT theories can be
enabled if the solver supports it. Four major SMT logics are: BV (Bit Vector),
LIA (Linear Integer Arithmetic), NIA (Non-Linear Integer Arithmetic), and IDL
(Integer Difference Logic).

Considering the possible options given, the list of solvers we can target on that
work with CDP/CDP+I framework becomes: NBC_MINISAT_ALL [TS16] (NBC) -
an AlISAT solver, GLUCOSE [AS18] (GLU) - a standard SAT solver, Cadical (CAD)
- a standard SAT solver, Z3 - a SMT solver with BV, LIA, NIA or IDL support,
Boolector (BOL) - a SMT solver specialised on BV encoding, YICES2 (Y2) - a SMT
solver with BV and LIA support, and MINION CP solver (MIN).

Thus, for the parameter solver, we have 11 options: NBC, GLU, CAD, Z3-BV,
Z3-LIA, Z3-NIA, Z3-IDL, BOL, Y2-BV, Y2-LIA, and MIN.

9.14 CDP/CDP+I

We can consider the usage of the CDP+I in exchange for CDP as a parameter as
well. While in the earlier chapters, we experiment in detail and conclude that
CDP+I statistically outperforms CDP in almost all cases, for certain edge cases
CDP can still be competitive. Thus, CDP can still be considered an option for the

configuration space.

9.1.4.1 Different Incomparabilites for RSD

While for most pattern mining problems we have defined one single incomparabil-

ity, RSD problem class can be actually used with another incomparability defined
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in section 6.4.3. This can be considered an optional parameter for this problem

class.

9.1.5 Solver Interaction Scheme

For SAT and SMT back-ends, we have defined native interaction schemes (SII) over
in section 7.1 and section 7.2. While it is not possible to use this native interaction

system on MINION, these schemes can be used as options on SAT and SMT solvers.

9.1.6 Reformulation

On the implementation of CDP+I in section 5.3.1, we pointed out that it is possible
to apply additional reformulation rules on the generated constraints to potentially
boost the performance of the system. This also can be used as an optional scheme

for the configuration space.

9.1.7 Final Configuration Space

With 4 pre-processing options, 4 model encodings and, 11 solvers we have 176
possible combinations without interactivity and reformulations. We can only
use 10 solver options with SII. With SII and reformulations, this results in 320
configurations in general and 640 for RSD. The total number of configurations is

496 in general and 816 for RSD.

9.2 Automated Configuration Selection Using SMAC

In this section, we explore some of the configuration space of CDP/CDP+I
by tuning those choices using the automated algorithm configuration tool
SMAC [HHLB11]. We first describe the details of the parameters being tuned
and the values considered in this study. Tuning results across all problem classes

are then presented. Finally, we discuss the potential of building a portfolio
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of configurations with complementary strengths to achieve the best possible
performance.

For these experiments, we used a subset of all possible configurations (sec-
tion 9.1) that have incomparability and SII enabled (CDP+I-native) on SAT backend
with GLU and NBC solvers. The reason we used a subset is to reduce computation
space while using a highly competitive configuration (i.e CDP+I-native with
NBC/GLU) as a starting point. Since all experiments use CDP+I-native in
this setup, incomparability and interactivity indicators are omitted from the
configuration names. We named the configurations with model-preprocessing-

solver triplets.

9.2.1 Tuning Results

We use the automated algorithm configuration tool SMAC! [HHLB11] to find the
best configuration across all problem classes. SMAC is a sequential optimisation
method based on Bayesian Optimisation [Moc12]. The tool has a wide range of
applications and has been shown to efficiently find well-performing algorithm
configurations in several case studies [HHLB11].

We launched 24 SMAC runs in parallel on our local experiment runner
machines (explained in section 8.2.1). Each SMAC run took one core and an
average of five CPU days. These resources were sufficient due to the use of an
experiment database consisting of configuration-instance results, which allowed
SMAC runs to directly use them if available, leading to reduced CPU time. A
time limit of 6 hours was given to each configuration evaluation on an instance.
Performance data was shared among those runs during the tuning using the
shared-model setting of SMAC [HHLB12]. We split instances into training and
test sets with a ratio of approximately 3:1, i.e., 172 training instances were given to
SMAC and 53 test instances were used for the test phase.

After the training phase, the multiple SMAC runs return seven configurations:
OO-GAC-NBC, OO-GAC-GLU, OO-None-NBC, EO-GAC-NBC, EO-None-NBC,

https://github.com/automl/SMAC3

134


https://github.com/automl/SMAC3

9.2. Automated Configuration Selection Using SMAC

EO-GAC-GLU, and OO-None-GLU. These configurations are evaluated on the
test set with 3 runs per instance. The non-parametric Friedman test [Fri37]
with Nemenyi’s All-Pairs Comparisons Test [Nem62] for post-hoc analysis to
identify the statistically significantly different group of configurations (with a
confidence level of 99%) are applied on the test performance data®. Results indicate
that the two configurations OO-None-NBC and OO-GAC-NBC are statistically
significantly better than the others.
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Figure 9.2: Normalised solving time (s) (on test instances) of configurations returned
by SMAC. The normalisation is calculated as the original solving time divided by the
best solving time observed on the corresponding instance. All timeout runs within 6
hours are marked with light-grey colour. The configurations are sorted according to their
average ranks across all test instances (from best to worst). Statistically, significantly better
configurations are marked with (*).

A more detailed view of the test performance of those configurations is shown
in Figure 9.2, where the solving time of a configuration on an instance is normalised
by dividing it by the best solving time observed on that instance. Although
the two configurations OO-None-NBC and OO-GAC-NBC give the best overall
performance, the best-performing configurations per problem class can be different.
For example, for MRIM, EO-GAC-NBC gives the best performance, followed by
OO-None-GLU. Even within the same problem class, some configurations might
perform very well on a subset of instances. This is illustrated in GFIM, where

OO-None-GLU, OO-GAC-GLU and EO-GAC-GLU show the best performance on

2For statistical analysis we use the implementation provided by the R package PMCMRplus
(https://cran.r-project.org/web/packages/PMCMRplus/index.html)
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six instances while the rest time out. These observations indicate the potential of
using a portfolio of CDP+I-native configurations to further improve the overall

performance of the solving process.

9.2.2 Configuration Space Analysis

We further investigate the configuration space by testing all 32 possible configura-
tions on the test instances using a capped time limit for each instance. This limit is
calculated as twice the best solving time on each instance obtained from previously
evaluated runs for the tuned configurations in Figure 9.2. Using capped times
instead of the original 6-hour time limit is important to make the computational
cost manageable, since bad configurations may timeout on several or all instances,
thus consuming lots of time. As we are mostly interested in the reasonably-
performing regions of the configuration space, it is unnecessary to spend too much
time evaluating poorly-performing configurations.

Figure 9.3 shows the normalised capped-solving time of all configurations on
the test instances. The two configurations OO-GAC-NBC and OO-None-NBC
are again among the highest-ranked configurations. Interestingly, configuration
OO-5-NBC also performs very well but was not returned by SMAC. This can be
explained by the fact that we are using the shared-mode of SMAC, which may
make the parallel tuning runs converge to similar regions of the configuration
space, therefore missing out the configuration OO-S-NBC.

Presented results clearly show the distinction between two groups of configura-
tions: the ones that use the Occurrence representation for decision variables
(model € {OO, EO}) and the ones using the Explicit decision-representation
(model € {OE, EE}). The latter exceeds the capped time limit on all test
instances, which indicates their consistently poor performance across all problem
classes. An explanation for this observation is that variable cardinality explicit
representations can create a large number of conditional constraints, especially
when the cardinality of the set is not restricted. This is because they need to create

enough variables to store a very dense set, whereas in practice many solutions
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Figure 9.3: Normalised capped-solving time (s) (on test instances) of all 32 configurations.
All runs exceeding the capped limit are marked with light-grey colour. The configurations
are sorted according to their average ranks across all test instances (from best to worst).
The two statistically significantly better configurations returned by SMAC are marked
with (*) and, the other tuned configurations are marked with (x).

(frequent itemsets) are likely to be sparse. The representation choice for problem
parameters, on the other hand, does not have a large impact on the performance
compared to their decision-variable counterpart, as both OO and EO are present in
the top configurations, although OO slightly dominates. For the second parameter,
preprocessing, the three choices S, GAC and None are alternatively chosen
in the top configurations. The remaining choice, SS, is associated with lower-
performing configurations. This is expected, as SS (Double SACBounds) is the
most expensive preprocessing approach among the four choices.

The detailed performance values in Figure 9.3 once again confirm our previous

observation on the complementary strengths of different CDP+I-native config-
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urations. For example, OO-S-GLU performs strongly on GFIM while showing
poor performance on MRIM and RSD. Within the same problem class, the best
overall configuration can be dominated by lower-ranked configurations on certain
instances. A supporting example can be seen on CFIM, where OO-GAC-GLU,
EO-GAC-GLU and EO-None-GLU achieve the lowest solving time on instance
aus_20.

To facilitate the idea of building a portfolio of configurations and dynamically
choosing the best ones to be applied based on characteristics of a given problem
instance, we need instance features. These features should represent the high-level
characteristics of an itemset mining problem and its instance parameters. Some
examples of instance-level features include statistics (min, max, mean, standard
deviation, etc) of the utility and cost distributions, the density of the given dataset,

and how irregular the transactions are in terms of length.

9.3 Portfolio Building and Automated Configuration
Selection

Results achieved from the configuration sub-space in the previous section in-
dicate the potential of having a well-performing portfolio of configurations with
complementary strength. In this section, we investigate that potential on the full
configuration space and propose an automated approach for instance-specific
configuration selection. Our suggested portfolio building process can be seen in
fig. 9.4.

The process starts with pre-processing the configuration space. Filtering
the configuration space is necessary to reduce the number of configurations
in the portfolio to a reasonable number. Instead of focusing on a sub-set of
the configuration space (done in section 9.2), we take the full configuration
space and apply filtering techniques to eliminate poor configurations. We first
define the competitiveness measurement and its threshold parameter. Afterwards,

using the competitiveness we can remove any non-competitive or any dominated
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Figure 9.4: Procedure of the Portfolio Building.

configurations. Then, we simultaneously apply Minimal Hitting Set and Growing
SBS analyses to filter the configuration space even further. As the last step in the
configuration pre-processing, we create a ranking for the remaining configurations.
In the meanwhile, we also pre-process our instance space to remove any unfeasible
instances. In the end, we supply the remaining configurations and instances
into the classification system where we create one classification predictor per

configuration.

9.3.1 Competitiveness Metrics

Before any pre-processing, we need to define a criteria for a configuration to
become competitive.

Collected results contains the raw solving time of every configuration on
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each instance. While a single solving time can indicate that a configuration
is competitive amongst all the configurations on a single instance, this does
not generalise the competitiveness. A particular configuration might perform
differently on different instances. Thus, a well-defined metric is necessary to
determine competitiveness across different instances.

To do so, we use two different competitiveness metrics:

A) Threshold based,
B) Run-time based.

We define our first competitiveness metric (A), which regards configurations
within a certain threshold of the best configuration range as competitive. This
threshold is a variable in our experiments. We used +25%, +50%, +66%, +100%,
and +150% as different threshold options in our portfolio building system.

As an example, we can consider two configurations on one instance: ¢; and
c2 with solving times ¢ and 1.75¢ respectively. Since ¢ achieves the best solving
time with 7, the time ¢ will be the point of comparison for different thresholds. For
the thresholds +25%, +50% and +66%, the time given by ¢, (1.75¢) is above the
required threshold. Therefore, on these thresholds, ¢; would not be considered
competitive on this instance. On the thresholds +100% and +150%, c, is now below
the required threshold and is considered competitive alongside with c;.

Using different competitiveness thresholds allows us to define the competitive-
ness point dynamically so that we can try to tighten or relax the parameter to find
an optimal point. However, if an instance is too easy to solve (such as in a second),
the competitiveness at any threshold can be considered harsh on all other configu-
rations by only allowing a small margin. To avoid penalising configurations on
such instances, we added another rule to consider any configurations under 10
seconds competitive.

The following is an excerpt of solving time data in Table 9.1. This table shows
three instances for three configurations. Although the configurations are equipped

with CDP+I-native (with SII), it is omitted from their names for plotting purposes.
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experiment_names | GAC-EO-yices2 | GAC-EO-nbc | GAC-OO-cadical
disc_zoo_30_30.0 12.60 10.51 8.06
gen_zoo_50_50.0 32.67 14.79 18.71
closed_zoo_50_50.0 11.67 9.16 8.55

Table 9.1: An excerpt of the run-time data (in s) for random 3 instances with 3 random
configurations.

As an example, the data excerpt from Table 9.1 becomes Table 9.2 when the

competitiveness metric (A) is calculated on the lowest threshold point +25%.

experiment GAC-EO-yices2 | GAC-EO-nbc | GAC-OO-cadical
disc_zoo_30_30.0 1 1 1
gen_zoo_50_50.0 1 0 1
closed_zoo_50_50.0 1 1 1

Table 9.2: An excerpt of the competitiveness(A) data with 3 random configurations
selected. GAC-EO-nbc is not competitive on gen_zoo_50_50.0 due to another configuration
in the pool disallowing it.

The second competitiveness metric (B) we define uses average run-time (or
total run-time) directly. This will allow us to better represent the effectiveness of
the portfolio using run-time performance at the potential cost of increased CPU
time on any operation on configurations. If a configuration could not finish a
particular instance (i.e. does not have a time attached to an instance), the time
is interpreted as the maximum timeout, which is 6 hours. This will penalise
timed-out configurations on that particular instance for run-time competitive
measurements.

We mainly use cheaper competitiveness metric (A) in our system. However, in
various places we still use the competitiveness metric (B). In those places, we also

mark the operations as run-time based to explicitly differentiate.

9.3.2 Filtering Instances

As a starting procedure, we apply an early pre-processing pass to remove any

infeasible instances for all configurations. This requires running all configurations
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on all instances. With our experiment management and collection system with
dynamic timeout (see section 8.2), we already have this information.

Applying this filter pass, out of 312 generated instances, 74 instances never
seem to be solvable by any configuration. Thus, they will not be contributing
towards differentiating configurations and can be removed from the experimenta-

tion.

9.3.3 Filtering Configurations

As mentioned in section 9.1, we have a vast number of configurations. To be able
to create an effective portfolio, we need to filter the number of configurations to a

handful of configurations first.

9.3.3.1 Remove Non-Competitive Configurations

With our competitiveness metric (A), it is possible to reduce the number of config-
urations by eliminating any configuration that never managed to be competitive.

The defined competitiveness threshold for measure A directly impacts the
number of competitive configurations. If we continue with the +25% competitive-
ness threshold as our running example, we can see that out of 496 configurations,

78 configurations remains competitive.

9.3.3.2 Configuration Domination Analysis

Using our main competitiveness metric (A), we can do a domination analysis in
between configurations. By applying a pair-wise comparison on all configurations,
we can determine if a configuration subsumes another configuration in terms
of being competitive. We can define this dominance system similarly to the
dominance programming (see section 2.5). A configuration Y is dominated by
X if X is competitive everywhere Y is also competitive. Additionally, X is also
competitive in some other instances where Y is not (i.e. X’s competitive instances
supersets Y’s ones). We can remove the dominated configurations to reduce the

portfolio size further to only have a handful of configurations.
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Using our 25% threshold example, after this elimination process, only 30

configurations remain.

9.3.3.3 Minimal Hitting Set Analysis

Minimal hitting set or set cover problem is defined as: given a set of elements from
E ={1..n} and a collection of S where (J;S; = E (i.e. all elements are covered with
the collection S), find the smallest sub-collection of S that still covers the whole
elements.

In our context, the instances are the elements and the set of configurations is
the collection. Our goal is to find the minimal sub-set of configurations where all
the instances are covered competitively. We can apply this analysis on both of our
competitiveness metrics, A and B. Minimal hitting set for any satisfying solution
is an NP-complete decision problem, whereas the optimisation version is NP-hard.
We can directly try to solve with optimality using COP models.

The ESSENCE specification for the minimal hitting set using the competitiveness

metric (A) can be seen in fig. 9.5.

letting config_domain be domain int (0. .n)
given total_set: set of int
given configs
function (total) config_domain --> set of int
find result: set of int (0..n)

minimising |result]|

such that
forAll i in total_set
exists row in result
i in configs (row)

Figure 9.5: ESSENCE specification for the Minimal hitting set problem using the competi-
tiveness metric A.

The given total_set represents the instances as a set of integers. Every instance
and every configuration are denoted with integers with a total of » number of

configurations to choose from.
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The model ensures that for every instance, there exists at least one configuration
that covers that instance. The optimisation goal is to minimise the number of
configurations that cover all instances. After finding a lower bound for the number
of configurations required, we can search for all possible solutions on this bound.
Looking at all the found solutions from the minimal hitting set, we can see which
configurations are never included in any set and which are included in any set at
least once. To reduce the portfolio space further, we remove the configurations
that are never included in any of the minimal hitting sets (i.e. we union all of the
resulting sets of configurations).

For our running example +25% threshold, the minimal hitting model is solvable
almost instantly and we achieve the lower bound of 16 as the minimum number
of configurations. Setting 16 as the cardinality, when we look for all possible
solutions, we find 4 different solutions which include 19 different configurations
out of all 30.

Since the minimal hitting set problem can be crucial the reduce the portfolio
space, we would like to conduct the same experiment using the competitiveness
metric (B) as well. Modelling the minimal hitting set problem is more challenging
since we need to use a total run-time as the threshold. This value can be
chosen somewhat close to the oracle/virtual-best to ensure a reasonable portfolio
performance.

The ESSENCE specification for the minimal hitting set using the competitiveness
metric (B) can be seen in fig. 9.6.

The model looks similar to the other minimal hitting set model. However,
this time configurations map to each instance’s run-time. The time values are
multiplied by 10 to represent the first floating-point in ESSENCE. The goal is to
find the minimal configuration portfolio with a good total run-time.

Running this model is challenging. For most circumstances, finding a solution
with MINION or local search solver Athanor is not possible, as it can take days.
Using CHUFFED, we managed to solve the problem approximately in one hour

depending on THRESHOLD.
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letting config_domain be domain int (0. .n)
given total_set: set of int
given THRESHOLD: int (1l..vbest-100000)
given configs : function (total) config_domain
—-—> sequence (size 238) of int (0..216000)
find result: set of int(0..n)
find result_mat: sequence (size 238) of int (0..216000)
find sum_av_time : int (0. .MAX)

minimising |result]|
such that

forAll i in total_set
exists row in result

configs (row) (i) = result_mat (1)
such that
sum_av_time = (sum i : int (1..238) . result_mat(i))
such that

sum_av_time < THRESHOLD

Figure 9.6: ESSENCE specification for the Minimal hitting set problem using the compet-
itiveness metric B with additional run-time threshold side constraint. Time values are
altered by multiplication of 10 to represent the first floating point in ESSENCE.

language Essence 1.3

letting result be {3, 5, 9, 13, 19, 21, 23}
letting result_mat be
letting sum_av_time be 1999999

Figure 9.7: Result of the minimal hitting set on metric B. The resulting matrix where
instance times are shown has been redacted.

Continuing with our +25% threshold example, if we set the THRESHOLD to
around 200K secs (2M in the ESSENCE parameter), we can find a 7 configuration
portfolio which can be seen in Figure 9.7. This 7 configuration portfolio can work
to within 95% accuracy of the oracle’s performance.

On the same competitiveness threshold +25% example, assigning run-time
THRESHOLD to an even tighter 190K seconds, we can find 11 configurations as
the result. They can be seen in fig. 9.8. This portfolio performs within 99% of the

oracle’s performance.
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language Essence 1.3

letting result be {3, 5, 8, 9, 12, 13, 15, 19, 21, 23, 28}
letting result_mat be ...
letting sum_av_time be 1899999

Figure 9.8: Result of the minimal hitting set on metric B with a tighter threshold. The
resulting matrix where instance times are shown has been redacted.

We can use the same approach we used in the first minimal hitting set analysis
with metric (A) and remove any configurations that are never included in any of
the minimal hitting sets. Doing so, we filter the configuration space and reduce

the portfolio even further using run-time metric (B).

9.3.3.4 Growing Single Best Solver Approach

The growing Single Best Solver (SBS) approach is a cheap alternative technique
to the Minimal hitting set. It is a greedy approach where the portfolio starts from
the best candidate and grows over time with iterations. Since it is cheap, we can
use this technique as a companion piece to the Minimal hitting set. We can remove
any of the configurations that are not selected by the growing single best solver
approach (i.e. union the configurations coming from the growing single best solver
and those previously coming from the minimal hitting set).

Using the competitiveness metric (A), growing SBS starts from the best
configuration where the greatest amount of instances are covered (the best
configuration being competitive). In each iteration, the procedure looks for the
next best configuration for the remaining uncovered instances.

Using +25% as an example again, we can see how many instances are covered
with this technique in fig. 9.9.

After 20 iterations, there are still instances without assigned configurations,
which is undesirable.

The growing SBS approach acts differently in metric (B). With this metric, on

each iteration the goal is to reduce the total run-time performance of the chosen
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Figure 9.9: Visualisation of the growing SBS method using +25% competitiveness with
metric A. The number of instances covered is shown at each step for the total 238 instances.

collective of configurations, starting from the best total run-time performing
configuration.

Again with +25% competitiveness threshold, applying the growing SBS
approach, we can reach the 200K seconds threshold on 8 iterations (95% of the
virtual best solver performance). On 12 iterations we go below 190K seconds (99%

of the virtual best solver performance) Figure 9.10.

9.3.3.5 Ranking Configurations

As a final step, we can create a ranking on the remaining configurations based on
how many times they are competitive (A) or their run-time performance (B). The
rankings of the configurations can be used for tie-breaking purposes later on in
the process if required.

For our running +25% threshold example, the first five of these configurations

using the competitiveness metric (A) can be seen in Table 9.3.
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Figure 9.10: Visualisation of the growing SBS method using the +25% competitiveness
with metric B. The total run time is shown at each iteration.

conf count
SACBounds_limit_oo_nbc 99
GAC_oo_nbc 79
SACBounds_limit_oo_glucose | 72
None_oo_nbc 67
SACBounds_limit_oo_nbc 60

Table 9.3: Five most competitive configurations on the +25% competitiveness with metric
A in all instances.

9.3.4 Classification Prediction Models

To be able to train a classification system on the selected configurations we need
to determine what features we should be extracting from the instances and would

like to use on training.

9.3.4.1 Features

Firstly, we have determined 23 different mining-related features that can be
cheaply calculated. The calculation of most of these features relies on using
specialised mining algorithms in an unconstrained way with small timeouts to
determine the number of the selected type of frequent itemsets.

The first three of these features are items, nb_transactions, and size.
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They represent generic metadata of the mining instance that can be fetched without
any significant calculations.

The remaining 20 features are generated by running 4 unconstrained itemset
mining problems as pre-processing: standard, maximal, closed, and generator
frequent itemsets. For each task, we use the Eclat tool on all instances with 5
different timeout thresholds, which are 10, 30, 60, 120 and 600 seconds. For each
instance, the number of itemsets found in every given problem type and timeout
has been taken as an instance feature.

The second feature set we consider is the features coming from the ESSENCE
space. After a problem instance is written as an ESSENCE parameter file, CONJURE
supports extracting simple statistics for each instance parameter, which can be
used as instance features. Using this system, CONJURE can generate 90+ features
for each mining problem instance. The whole feature set can be seen in appendix E.
Some of these features can be duplicates of our defined mining features and some
of them can be also meaningless in our context. By filtering duplicate and not
useful features (such as max — cost — isEven since our max cost is always fixed to
the value 5) and with some pre-processing on the remaining features to eliminate
infinite values, we arrive at 16 essence features for all problem classes. After all
the pre-processing, all of these features are related to the side constraints (utility
and cost values). This also results in having the same amount of features for all
problem classes.

The final set of ESSENCE features can be seen in fig. 9.11.

While the first two features (i.emin_utility_intValue and max_cost_-
intValue) directly come from their ESSENCE variable counterparts, the rest
comes from the lists of utility and cost values for the items. The features in this

second category are statistical metrics calculated from both lists.

9.3.4.2 C(lassifier Metric

For the classification metric, we decided to use our competitiveness metric (A) as

a binary classifier. By using binary classification, we aim to have faster training
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¢ "min_utility_intValue", e "max_cost_intValue",

e "utility_values_1_median", e "cost_values 1 median",

¢ "utility_values_1_mean", e "cost_values 1 _mean",

¢ "utility_values_1_stdDev", e "cost_values_1_stdDev",

¢ "utility_values_1_harmonicMean", e "cost_values_1_harmonicMean",
¢ '"utility_values_1_geometricMean", * "cost_values_1_geometricMean",
e 'utility_values_1_skewness", e "cost_values_1 skewness",

¢ "utility_values_1_kurtosis", e "cost _values 1 kurtosis".

Figure 9.11: Final set of ESSENCE features to use in the classification of the portfolio
building.

times.

9.3.4.3 Training and Test sets

To avoid any bias in data and to eliminate the possibility of over-fitting, we have
split our instances into separate training and test sets with a 3:1 ratio.

A code snippet example of this with SKLearn in Python can be seen in fig. F.1
at appendix F.

9.3.4.4 C(lassification with SKLearn - Random-Forest Classifier

As an initial training method, a Random-Forest classifier on SKLearn [PVG"11]
has been used.

A code snippet example for the parameters of the classifier can be seen in fig. F.2
at appendix F.

Without using many parameters (with only setting the number of estimators

to 100 and with a random seed), we can construct our Random-Forest classifier.

9.3.4.5 Classification with Auto-SKLearn

Auto-SKLearn is an automated machine learning toolkit that applies different

machine learning techniques directly with an automated algorithm /classification
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selection mechanism [FKE"15].

A code snippet example for the parameters of an Auto-SKLearn classifier with
its options can be seen in fig. F.3 at appendix F.

Auto-SKLearn uses 17 different data pre-processing methods and 15 different
classification methods (see Table 1 in [FKE"15]). By mixing and matching pre-
processing and classification methods, Auto-SKLearn creates 17 * 15 = 255 possible
routes (called pipelines) and uses them as its own configuration space to determine
well-performing pipelines. Auto-SKLearn also groups pipelines together into
ensembles and then uses a weighted voting system on an ensemble to decide
predictions. By default, Auto-SKLearn will create an ensemble of 5 classifications

in a pipeline.

9.3.5 Automated Configuration Selection

After the classification training has been done, we can use the classification systems’
outputs as predictors. In a test/unseen instance, we can ask our predictors to
retrieve which configurations are predicted to be competitive in an instance.

In a scenario of multiple configurations claiming to be competitive, we can
break the ties with the ranking we have established in section 9.3.3.5. We can then
use the higher ranking configuration as the main candidate for that particular

instance to run that configuration.

9.3.6 Results

Using our portfolio building method described above, we aim to build an efficient
portfolio of configurations to perform better on total run-time.

As mentioned in section 9.3.1, we experiment on different competitiveness
thresholds, namely +25%, +50%, +66%, +100%, and +150%. Before doing any
processing, we split our instance space into train and test instances to only test

our system on unseen instances. Therefore, all the configuration filtering occurs
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after the train/test split. This means our configuration filtering techniques will
only rely on the information on the training instances.

We can do the test/train split multiple times with different random seeds to
remove any possible problems related to one particular split or random bias. We
use 6 different train/set splits in each separate experiment.

Afterwards, we pre-process all instances and the configurations with the
procedures described earlier in section 9.3.2 and section 9.3.3. For configuration
filtering, we eliminate any configuration that does not appear either in any of the
growing SBS or minimal set approaches using both competitiveness metrics (A)
and (B).

As a result, we achieve k number of configurations, which is smaller than 30
for each competitiveness threshold. By reducing the number of configurations to
k, we save precious computational time spend on training.

After the pre-processing of the configurations, we use SK_Learn Random-Forest
and Auto-SKLearn on the k configurations using the competitiveness data.

Now we have k predictors, which corresponds to k different configurations.
To choose which configuration is the most suitable for one test instance, we can
ask each configuration predictor and interpret its response as the availability to
be a candidate for that particular instance. If a configuration is predicted to be
competitive on the given instance, we place it in the pool of candidates for the
instance.

For the default Auto-SKLearn classification training system, the results from
the 6 different train/test splits and 2 random seeds on 5 different competitiveness
thresholds (i.e. +25%, +50%, +66%, +100%, and +150%) can be seen in fig. 9.12.

These results show that +100% outperforms all the other competitiveness
thresholds we tried. Additionally, it consistently beats the single solver’s
performance. From the results, we can speculate that lower threshold values
such as +25% or +50% might be restricting the competitiveness range to be too
small, causing very few configurations to be competitive. Thus, the classifier

system is predicting configurations to be non-competitive more than competitive.
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Figure 9.12: Prediction results of the in-house portfolio with different competitiveness
threshold values. +100% performs the best amongst them while also beating the single best
solver performance. Vbest indicates virtual best solver performance, while sbs represents
single best solver performance. Pred is shorthand for the prediction system.

This is resulting in instances with no competitive configurations assigned. In these

types of cases, the highest-ranking configuration would be chosen, which does
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not perform well in the end.

For the higher +150% threshold, we can likewise speculate that the competi-
tiveness range is too lenient and leads the classification system to predict more
competitive values than non-competitive values. In these cases, the ranking among
the candidates will break the ties. However, a higher ranking configuration might
result in worse performance.

Even when the best predictor threshold is +100%, the results are still far off
from the possible virtual-best performance of all configurations. This shows that
the features we have extracted might not be sufficient to identify the potential of
each configuration.

While the performance of the systems with different competitiveness thresh-
olds can vary, the accuracy values of each classifier attached to a classification
method are in the range of 60% to 90%. This indicates that the whole predictor
system might not be as efficient as desired, even if the individual classifiers are
highly accurate.

With promising results from the +100% competitiveness threshold, we would
like to repeat the same experiment for only Random-Forest classifications to see if

we can avoid the cost of using Auto-SKLearn. The results can be seen in fig. 9.13.
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Figure 9.13: Prediction results of the in-house portfolio for single Random-Forest classifier
on +100% competitiveness.

The results show that the default Random-Forest classifier performs worse than
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the previous +100% Auto-SKLearn model. While the Auto-SKLearn results for
+100% are consistently below the single best solver time on all splits, the default
Random-Forest classifier performs on par in one split while performing worse in

4 different splits.

9.4 Feature Importance Analysis

In the previous section, we created a portfolio of configurations using different
methodologies with certain variables attached to them. At the end of our portfolio
building, we concluded that using Auto-SKLearn approach with the +100%
threshold is the most efficient choice. In this section, we will analyse how the
instance features impact the prediction models in the portfolio. The goal of this
analysis is to determine which instance features contribute to a good prediction
model in the portfolio. We also would like to examine the relationship between
instance features to see how they contribute to each other.

To carry out the importance analysis, multiple approaches can be taken: 1)
fANOVA [HLB14], 2) automated iterative feature selection approaches [FPHK94],
and 3) our feature selection approach which aims to optimise portfolio run-time.
By applying multiple analyses, we plan to compare and contrast different methods

that give different insights to achieve a consistent and robust meta-analysis.

94.1 fANOVA

fANOVA is a feature analysis method that determines the importance of each fea-
ture in a classification system. fANOVA takes the feature set from a classification
system and the output of that system as givens to create another machine learning
system. Using this information, it calculates the importance of each feature and its
interactions. The importance is defined as the contribution to the total variance of
the performance.

fANOVA supports pairwise analysis on features as well. This can be used to

extract feature pairs (or even triplets) that have a significant impact on performance
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together. The pairwise (or triplet-wise) analysis works by looking at every possible
pair (or trio) of features together to analyse their effects together. This method
can be used to identify possible interactions between the feature set. However,
looking into the pairwise interaction of the features comes with a cost. While the
pair analysis can be done in n features with (5) being relatively small, trio analysis
(3) can be rather large to check for every interaction.

We conducted our fANOVA experiments on our best performing +100%
competitiveness threshold with an Auto-SKLearn classifier. With 2 random seeds
and 6 splits on k configurations, we apply a fANOVA importance measurement
analysis on above 250 different trained models for 45 features.

We have decided to include pair-wise interaction analysis even with the
increased cost of computational time to get the potential benefit from it. However,
the triplet analysis is significantly more expensive, as mentioned earlier. Thus, it

is not included in our fANOVA experiments.

9.4.1.1 Results

We have retrieved 250 fANOVA analyses for each configuration. By averaging
each single/pair importance value, we can statistically get the 5 most important
features and 5 most important pairwise interactions.

The first 5 individual features with their average importance can be seen

in table 9.4.

feature average importance (%)
min_utility_intValue 4.77
s_t_10 3.84
gt 1 3.73
s_t_1 3.71
max_cost_intValue 3.11
sum 19.16

Table 9.4: Five most important individual features determined by fANOVA and intersected
over different classifications.

The first 5 feature-pairs with their average importance can be seen in table 9.5.
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feature pair average importance (%)
s t1&s_t 10 0.27
ct1&s_t 10 0.23
ct1&s t3 0.20
ctl&s t1 0.19
min_utility_intValue & s_t_1 0.18
sum 1.07

Table 9.5: Five most important feature pairs determined by fANOVA and intersected over
different classifications.

Looking at these two analyses, we can see that some of the individual features
can have an impact over 5% on average, while the pairwise interactions are less
present in the data. The basic mining features that are calculated by solving an
unconstrained mining problem for a single second such as s_t_1 or c_t_1 seem

to have a high impact on both individual and pairwise importance.

9.4.2 Automated Feature selection

Alternative to the fANOVA importance analysis, we can use automated feature
selection systems. Instead of generating an importance value, these methods work
on the classifiers by sub-selecting from the feature set each time, trying to find the
most important features. They operate by optimising the accuracy of the classifier
at each step.

For automated feature selection, we can use the predetermined methods

available in SKLearn. These methods are:
* Sequential feature selection (forwards or backwards),
¢ Recursive Feature Elimination,

o Recursive Feature Elimination with Cross Validation

Sequential feature selection operates by taking an estimator instance of a

trained model and selectively removing or inserting features 3. By selectively

Shttps://scikit-learn.org/stable/modules/generated/sklearn.
feature_selection.SequentialFeatureSelector.html
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inserting or removing, this feature selection system can operate on forwards or
backwards. It operates by targeting a number of features n. The system tries to
eventually arrive at this number of features in the final set. In forwards feature
selection, the first n features that appear in the feature set are the most important
ones. Conversely, on backwards feature selection, the last remaining » features are
the most important ones.

The forwards feature selection is a cheaper procedure since it iterates n times
while backwards feature selection does total — n times (where rotal is the total
number of features), which can be more expensive depending on n. However,
since the forwards feature selection model adds one feature each iteration, it can
fail to capture important feature interactions. The backwards feature selection
does not have this short-falling as it can keep important features together.

Recursive Feature Elimination (RFE) is a procedure similar to sequential feature
selection’s backwards method. Given a prediction model, the goal of RFE is to
select features by recursively considering smaller sets of features. It works towards
a predetermined n number of features at the end *.

Recursive Feature Elimination with Cross-Validation (RFECV) is very similar
to RFE. However, instead of taking the number of features n as a parameter, it
can automatically arrive at the optimal number of features. It finds the optimal
number by applying cross-validation. Using this cross-validation loop, it can
determine where to stop °.

On +100% competitiveness threshold, we can apply the 4 approaches from
3 different techniques to each of the configuration classifiers to get the most
predominant features. While sequential feature selection and RFE take n as the
number of features to select, RFECV can automatically determine this number,

which varies from configuration to configuration.

‘https://scikit-learn.org/stable/modules/generated/sklearn.
feature selection.RFE.html

Shttps://scikit-learn.org/stable/modules/generated/sklearn.
feature selection.RFECV.html
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9.4.2.1 Results

Similarly to the fANOVA approach in section 9.4.1, we can intersect all the possible
results among configuration classifiers for each of the feature selection methods.
Firstly, if we focus on the number of important features determined by the
RFECV method, throughout different configurations RFECV shows between 1 and
30 features to be important. If we eliminate any outliers with very large values and
calculate the mean, we arrive at 5 as the average number of important features.
The 5 most important features coming from the intersected RFECV, forwards,
backwards, and RFE results can be seen in the given order in table 9.6, table 9.7,
table 9.8, and table 9.9. In the tables, the right columns indicate how many times

the feature appears in the final feature set of any instance of a classifier.

feature average appearance (%)
model 51.28
g_t 30 43.59
c_t 30 41.03
s_t 1 41.03
max_cost_intValue 38.46

Table 9.6: Five most important features by RFECV with their average appearance.

feature average appearance (%)
utility_values_1_median 57.58
model 53.79
min_utility_intValue 47.73
max_cost_intValue 42.42
utility_values_1_mean 37.88

Table 9.7: Five most important features by forwards sequential feature selection with their
average appearance.

Looking at 4 different feature selection models, we can see the model parameter
has been found to be very important by these feature selection methods. For
backwards selection, the mining features are the most predominant ones following
model. Contrarily, the mining features do not seem to appear in the forwards

selection model. We can also see the importance of the ESSENCE features of the
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feature | average appearance (%)
model 61.65
s_t_5 34.58
s_t_30 23.32
s_t_3 23.31
s_t_10 22.55

Table 9.8: Five most important features by backwards sequential feature selection with
their average appearance.

feature average appearance (%)
model 58.93
min_utility_intValue 42.86
max_cost_intValue 32.14
utility_values_1_stdDev 25.01
c_t 30 23.21

Table 9.9: Five most important features by RFE with their average appearance.

side constraint variables (i.e. utility and cost values), which are predominantly
represented in the feature selection models. In RFE and RFECV, we see mixed
results with both mining features and ESSENCE features being represented at the
same time. Dominant ESSENCE features are found to be related to min utility and

max cost variables while some of the utility and cost values are also present.

9.4.3 Run-time based Feature Selection

While previous fANOVA (section 9.4.1) and automated feature selection (sec-
tion 9.4.2) approaches give us the most significant features depending on the
individual configuration classifiers, they operate on an ad-hoc level for our
portfolio system. We can implement another feature selection system that is based
on the total run-time performance (competitiveness metric (B) in section 9.3.1) of
the portfolio instead.

To create a feature selection system that uses the run-time information instead
of individual classifier accuracy, we can re-train each classifier in the portfolio
system on a different sub-set of the whole feature set. Then we can measure the

portfolio’s performance on the sub-set of features with the total run-time of the
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test set. For this experiment, we use our +100% Auto-SKLearn portfolio from our
main analysis.

A basic incremental forwards feature insertion method takes the initial training
classifier. Starting from no features, it tries to insert each feature one by one to
identify which features are affecting the classifier’s performance relative to the
previous step. However, on the portfolio scale, to apply the incremental forwards
feature insertion system, all the classifiers in the portfolio need to be re-trained
with the currently tested feature added into their classifier. The feature that gives
the maximum performance (i.e. minimum average running time) in the portfolio
is kept. In the next step, the system tries to insert one of the remaining features.

The goal of this method is to use the portfolio’s test run-time as the performance
metric. Additionally, it also aims to identify the most beneficial features while also
determining the point of diminishing return in terms of run-time performance.
The point of diminishing return indicates a point where the number of features is
enough to perform as close as possible to the full set.

As mentioned earlier (see section 9.4.2), an issue of using forwards feature
analysis is that it cannot identify the pairwise importance of the features. If a pair
of features interact with each other and impact performance, it is not possible to
capture this by forwards feature insertion analysis. To overcome this we can also
do a backwards version of this analysis on the removal of features.

The backwards feature removal operates in a reverse direction to the forwards
feature insertion procedure. In each step, features are removed one by one while
trying to remove the least impactful feature in terms of the run-time performance
of the portfolio.

As indicated in the section 9.4.2, backwards feature removal can be quite
expensive compared to the forwards version.

Similarly to the incremental equivalent, this procedure will also help us identify
the core set of features that have a greater impact. It is possible to cross-validate

these two analyses to identify interactive features that perform better together.
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9.4.3.1 Implementation

The iterative procedure uses our auto-tuned baseline Auto-SKLearn model
generation for the initial classification. Unlike traditional classification methods,
the Auto-SKLearn model includes not only a single classification model, but an
ensemble of classification pipelines. A classification pipeline includes one pre-
processing and one estimator.

Each pipeline is given a weight to determine its significance for this particular
training. Later in the prediction phase, a voting system is applied to determine the
final prediction depending on individual predictions in the ensemble. This already
tuned ensemble can be later stored to be reused on the iterative procedures.

To be able to apply iterative forwards or backwards procedures, we can store
classifier models and retrain on a sub-feature set (i.e. altered input dimensions)
when needed. Our early experiments show that some of the pre-processors and
estimators in the Auto-SKLearn system have limited or no support for a change in
dimensions on the input data (e.g. Multi-Layer Perceptron - MLP).

To overcome the issue of not being able to change input dimensions, we can
replace the features which are not present in the sub-feature set with dummy
values to trick to training system into making those features unusable while
keeping the input dimensions the same.

Since our full feature set includes 45 features, this indicates a forwards or
backwards iterative procedure is necessary to do 45 iterations with decreasing
number of options. Thus, 45x46/2 = 1035 additional retraining is required for
every trained classifier model for each direction. Considering we have a large
number of configurations and multiple train splits with random seeds, the amount
of computation power required is significant.

To reduce the number of computations, a memoisation approach has been
designed in the iterative system. Assuming we can run the experiments in any
direction within a shared network, we can cache each sub-feature set experiment
result for each configuration classifier. This will allow the cache to be available for

other experiments with the same characteristics that use the reverse order.
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For example, we assume 0, 2 and 8 have been chosen as the first three important
features for a forwards procedure. On the next iteration, the system will try
features 0..45, not including the ones that already exist, and will store all possible
details. On a parallel process, if a backwards process wants to access 0, 2, 3, and 8§,
the retraining of this sub-feature-set will not be repeated since this information is
already available in the system; the relevant results can be fetched directly.

In an ideal situation, if both directions identify sub-feature set order as exactly
the opposite order, the number of experiments for retraining gets reduced to
half (from 2070 to 1035). However, since pairwise feature importance impacts
are also considered, this ideal case scenario is highly unlikely. Even though the
time consumption will not be halved, the system should avoid repeating some
experiments thanks to cache usage.

In addition to the performance improvements in general, for the forwards
selection system, we can use an early stopping mechanism as well. We can use the
average cross-validated number of features 5 from RFECV earlier and focus on
the first 5 features directly. By doing so, the amount of retraining can be reduced
to around 10%. A natural question would be how much of the performance is lost

by stopping at 5 features only. We can analyse this in the following results.

9.4.3.2 Results

The experiments are repeated for each of the six different train/test splits, with
the best performing Auto-SKLearn classifier on +100% competitiveness threshold.
Similarly to the previous importance analysis (ANOVA and classifier level feature
selection), the results from 6 runs are intersected to retrieve average appearance as
feature importance. The intersection is done on the 5 most important features of
each run depending on the order of the feature selection.

Before looking into which features are included in the sub-feature-set systems,
we have a brief look at the performance of the system on each split. We see
that a system with a limited 5 most important features can achieve > 95% of the

performance of the total 45 feature set system.
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For forwards feature selection, the occurrences of the first five features on each

of the six splits can be seen in fig. 9.14.
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Figure 9.14: Occurrence statistics of the most important features of the 6 different forwards
feature selection runs on the whole portfolio.

The results show that the side constraint information coming from ESSENCE
features is more valued for the forwards selection system. This behaviour matches
the results from classifier level forwards selection in table 9.7 and section 9.4.2,
while our recent results show even more emphasis on side constraint features.

Respectively, if we do the same analysis going backwards by looking at the last
5 features as the key features only, we achieve the results in fig. 9.15.

The results indicate similar findings to the classifier level backwards selection
results in table 9.7 and section 9.4.2. All of the features are directly related to the
mining pre-processing. However, there is one difference between these two sets of
results: the model parameter is not present in the most important features.

This may also indicate the importance of the pairwise interactions between
mining features is even more present when we consider the system as a whole.
They are very crucial to the performance of the whole portfolio, even more than

the individual configuration classifiers.
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Figure 9.15: Occurrence statistics of the most important features of the 6 different
backwards feature selection runs on the whole portfolio.

9.4.4 Summary

Throughout this section, we have defined and used 3 different feature analysis
systems. Combined results indicate that some of the ESSENCE level features such
asmin_utilityormax_utility,and mining featuresin general, are important
in a configuration selection and portfolio system.

With multiple forwards/backwards feature selection analyses, we also examine
that mining features in general indicate pair-wise interaction among each other,
thus affecting the performance of the system according to the presence of said
features.

We also see some discrepancies amongst different methods such as the model
feature being very important on sequential feature selection systems, while
fANOVA and our run-time based system does not find the model parameter
crucial for the prediction system. From this point, we can speculate that the model
parameter has a slight impact on the performance of the system since it is identified
by one feature importance analysis. However, this impact is not significant enough

to be visible in the other analyses as it is outranked by other important features.
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CHAPTER TEN

CONCLUSION AND
FUTURE WORK

This chapter gives a conclusion to the thesis and adds further discussion on

possible future work.

10.1 Conclusion

The motivation of this thesis was to tackle pattern mining problems with arbitrary
side constraints. While adding specific side constraints is common in pattern
mining algorithms and applications, generalising these side constraints to any
arbitrary constraints is very much challenging. Thus, constraint programming
approaches are a very suitable candidate for such a task due to their generalised
behaviour. The most important aspect of constraint programming that helps
achieve this generalised behaviour is that modelling and solving are distinctly
separated. This allows making improvements on either end while abstracting over
the counterpart without requiring too much change in the flow of the system. Any
constraint that can be added to the model can be independently tackled by the
solving scheme using specific propagators.

Another motivation of this thesis was to use high-level structures to represent
pattern mining problems. Pattern mining problems by their nature include

higher-level structures. Approaching these problems using high-level constraint
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specification languages such as ESSENCE will bring much more flexibility in
modelling while enabling more possible optimisations for the underlying solving
systems.

The main contribution of this thesis is to create a generalised framework in
CP to solve pattern mining problems. Starting from our early ad-hoc iterative
approach, we have experimented with different ways to represent these pattern
mining problems in the CP space. By using dominance programming as a baseline,
we have created Constraint Dominance Programming (CDP) and integrated it
into the high-level ESSENCE pipeline. By representing pattern mining problems
in high-level ESSENCE with CDP’s dominance relations, we have generated very
compact models and focused on solving these models optimally. Our empirical
evaluation on CDP with a comparison to MININGZINC indicates that CDP is
already capable of being highly efficient and competitive. Additionally, due to its
generic nature, CDP is suited to represent optimisation problems natively as well.

Furthermore, we have improved CDP by exploiting another structure com-
monly occurring in pattern mining problems: incomparability. With this new
structure, we have extended CDP to CDP+], also integrating it into the ESSENCE
pipeline. The newly added incomparability condition grants tighter control to
the modeller while bringing additional solving optimisations. The empirical
evaluation of CDP+I proves these improvements make CDP+I highly competitive.
With CDP+I, we demonstrate the ability to represent multi-objective optimisation
problems as well.

While CDP+I is highly efficient with the new incomparability condition,
including this information to the high-level model is initially left to the end-
user. As an improvement, we created the DIG system to systematically generate
the optimal incomparability condition for a given dominance relation. The goal
of this system is to bring high-level abstractions of the ESSENCE pipeline to the
CDP+I framework.

With the creation of CDP+I, we aimed to deliver a generic modelling frame-

work for pattern mining problems. The initial solving mechanism of CDP+I
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relies directly on how consecutive/iterative solving is handled in a constraint
programming pipeline. To improve this, we proposed the Solver Interaction
Interface (SII), a new method to further optimise any iterative solving procedure,
including CDP+I. We implemented SII into the ESSENCE pipeline directly for SAT
and SMT solvers. With this new interaction system, we significantly improved the
efficiency of CDP+I on the ESSENCE pipeline.

While we use high-level ESSENCE structures to model pattern mining problems
in a CDP+I framework with improved specific solving methodologies, we initially
used a single promising representation of a high-level model generated by
CONJURE. Later, we identified any modelling and solving choices as possible
configurations and focused on creating a configuration selection system using
classification methods. To that end, we used two systems: SMAC and our
configuration selection system. We used our configuration selection system to
create a portfolio of configurations for further improvements in solving pattern
mining problems. The results showed that our portfolio is consistently better than

the best performing configuration.

10.2 Future Work

We conclude this thesis with a brief discussion on future work. Future work
includes: 1) the application of our system to a wider range of problem classes,
both in data mining and beyond, 2) different and more efficient model encodings
and better solving mechanisms, and 3) other possible model refinements and a

more verbose configuration selection.

10.2.1 Other Problem Classes

In this thesis, we mainly focused on some of the itemset mining problems as a
subset of pattern mining. Other itemset mining tasks such as association rule
mining [AIS93] can be modelled into CDP+I as well. During this research, there

were attempts to model the association rule mining problem into CDP+I. The
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modelling is done by separating the association rule property into: 1) closedness
and, 2) generator properties. Unfortunately, this attempt to model and solve this
problem class failed at the model expansion phase where the ESSENCE PRIME
level representation is parsed into an internal structure. To be able to model this
problem class properly, the internal representation of certain structures in SAVILE
ROW such as complex nested sets should be handled differently and optimised
further to be able to make this model work.

Additionally, we can consider other types of pattern mining problems where
patterns can be more complex compared to single items such as sequences or
graphs. Sequential pattern mining [FVLK"17], for instance, is a very good
candidate problem where the CDP+I framework can be applied without too much
additional work. The high-level type support of ESSENCE would allow these
problems to be represented in a constraint programming specification language
natively. However, solving these problems can be challenging with additional
complexity brought to the solver scheme. During this research, some attempts are
made to model sequential pattern mining problems. However, since the sequential
pattern mining problem requires deeper nested set representations compared
to frequent itemset mining, the expansion of the model created bottlenecks as
well. Following the same reasoning as association rule mining, the internal
representation of some structures can be optimised further to facilitate modelling
this problem.

Other mining problems can be investigated to be used in the CP space,
such as text mining and clustering. Constrained-based clustering [THLNO1]
would be a good fit for constraint programming approaches that can bring
additional flexibility. While a direct SAT-based approach already exists [DRS10],
CP techniques can bring abstraction to the modelling and solving.

While our main focus was on pattern mining problems, we demonstrated the
possibility of using CDP/CDP+I on single/multi-objective optimisation problems.
In [KADM?20], with the usage of the solver interactive interface system, we demon-

strated that a CP approach targeting SAT can be very competitive on MRCPSP
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single optimisation problems. Additionally, many other optimisation problems
such as knapsack or social golfers problems are deemed competitive using CP
approaches [RVBW06]. We believe multi-objective optimisation problems will be

a natural next application area for CDP+I with SII.

10.2.2 Model Encoding and Solving

In this thesis, we used the ESSENCE constraint specification language for modelling
pattern mining problems. To solve these problems, we mainly benefited from
SAT solvers. In various places, we also used SMT solvers and the CP solver
MINION. In chapter 7, we presented the solver interactive interface (SII) on
SAT and SMT solvers, where our experiments showed great improvements for
our problem classes. A natural next step would be taking SII into CP solvers
such as MINION and CHUFFED. By keeping the solver state, we believe we can
improve the performance of these solvers on iterative modelling /solving situations
drastically. Using CHUFFED, the information learnt from lazy clause generation
techniques [OSCO07] can bring additional benefit to interactive solver systems to
keep even more information to reduce the search even further.

We believe CP solvers, such as lazy clause generation solver CHUFFED,
would be a great candidate to work alongside the CDP+I framework. While
pattern mining problems have a significant amount of constraints that can be
represented with Boolean-like constraints (such as subset operation) that are
naturally represented in SAT, they also require some arithmetic constraints which
require indirect encoding. Additionally, data mining problems contain a big
amount of information that needs to be encoded into the SAT space. This can be
quite a bottleneck for the SAT solving process. Moreover, using CP approaches
enable the usage of more efficient encodings for large data structures such as
BitVectors or Sparse BitSets [dSMSSL13]. With more compact encodings and by
targeting CP solvers, it should be feasible to tackle bigger datasets and more
complex problem classes previously deemed challenging.

For the CP backend, our framework does not particularly benefit from
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specialised propagators for itemset mining problems where such propagators
exist for CFIM and GFIM [LLL" 16, SAG17, BBL19b]. Including these propagators
in our framework and/or creating new propagators for the pattern mining-related
constraints can improve the performance of our work even further.

It is possible to improve SAT encodings as well. For general CNF formulas,
tinding an equivalent CNF formula that is minimal in the number of literals is
NP-hard [Uma0O1]. However, there are cheaper alternative methods of reducing
the size of CNF formulas [EMGO08]. Specific techniques to find shorter and/or
more efficient CNF formulas such as decomposition-based encoding [JSS15] can
be applied to improve the efficiency of the general framework.

It is entirely possible to look for alternatives instead of using traditional depth-
tirst search solving. Any problem class with a large space that cannot be solved
using exhaustive search methods can be investigated using the heuristic search or
local search solvers [HM09]. The power of using heuristic and local search could
remove the size barrier where the traditional exhaustive search methods seems
to struggle. We believe targeting local /heuristic search solvers can increase the
applicability of constraint programming to any data mining problem. Furthermore,
since the local search solver ATHANOR [AD] " 19] directly operates on ESSENCE,
we believe some additional benefits of directly working on ESSENCE primitives can
be gained while any possible bottlenecks of low-level translation can be avoided.

Another future work includes full integration of the DIG incomparability
generation to the ESSENCE pipeline by adding it to CONJURE. Currently, it is
possible to systematically infer the incomparability condition from the dominance
relation in ESSENCE. However, the CDP+I ESSENCE model is generated afterwards

without automation.

10.2.3 Model Refinements and Configuration Selection

In this thesis, we have focused on a subset of the refinement options available in
CONJURE, namely explicit and occurrence representations for givens and decision

variables. With this, we reduced the number of possible configurations we
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evaluated. A more complete variety of possible refinements can be used for
more configurations: this can be incorporated into the portfolio building system
described in chapter 9.

For automated configuration selection, we used SMAC and our custom
portfolio building system. A natural next step to try out other portfolio building
and automated configuration selection systems such as irace [LIDLC"16] or
Hydra [XHLB10].

In our portfolio building mechanism (section 9.3), we used Auto-SKLearn,
an automated machine learning toolkit, as a direct replacement for a single
classification method. With the usage of this tool, we abstracted our system to
automatically choose sensible classification predictors with good hyperparameters.
While the accuracy values of the predictors are high enough, we believe there is
an opportunity to further investigate to choose classification methods with better
hyperparameters. This could possibly increase the performance of the portfolio of
configurations further.

Again in section 9.3, after building the portfolio of configurations, we used a
ranking system determined from the configuration selection system to break any
ties where multiple configurations are found to be competitive. A more complex
system to replace the ranking system can be investigated. For instance, a vote-
based ensemble [KR14] similar to what is available in Auto-SKLearn can be a good
candidate. This could improve the performance of the portfolio drastically by

bringing the run-time performance closer to the virtual-best solver results.
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EARLY AD-HOC
MINING RESULTS
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Figure A.1: Full plot of the preliminary results for the ad-hoc iterative miner and its
comparison to a handful of MININGZINC options. The transaction size of the dataset
indicates the number of transactions in the dataset. Time values are in seconds. The
timeout threshold is 3 hours.
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B. ESSENCE CDP+I MODELS FOR PATTERN MINING PROBLEMS

language Essence 1.3

given db : mset of set of int

given min_freqg : int

letting db_minValue be min([val | entry <- db, val <- entry])
letting db_maxValue be max([val | entry <- db, val <- entry])

letting db_maxEntrySize be max ([ |entry| | entry <- db ])

letting db_row_size be |db]

given utility_values : matrix indexed by [int (db_minValue..db_maxValue)] of int
given cost_values : matrix indexed by [int (db_minValue..db_maxValue)] of int

given min_utility : int

given max_cost : int

find db_minValue_var : int (db_minValue)

find db_maxValue_var : int (db_maxValue)

find db_maxEntrySize_var : int (db_maxEntrySize)

find current_size: int (0..db_maxEntrySize)

find freg items : (set (maxSize db_maxEntrySize) of int (db_minValue..db_maxValue), int

(1..db_row_size))

such that

|freq_items[1l]| = current_size
such that

(sum entry in db . toInt (freg items[1l] subsetEq entry)) = freq items[2]
such that

freq items[2] >= min_freqg

such that
(sum item in freqg items[1l] . utility_values([item]) >= min_utility
such that
dominanceRelation (freq items[l] subsetEq fromSolution(freq items[1])) -> (freq_ items

[2] > fromSolution (freg items([2]))

incomparabilityFunction descending current_size

Figure B.1: Full ESSENCE CDP+I model for CFIM.
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language Essence 1.3

given db : mset of set of int

given min_freq : int

letting db_minValue be min([val | entry <- db, val <- entry])

letting db_maxValue be max([val | entry <- db, val <- entryl)

letting db_maxEntrySize be max ([ |entry| | entry <- db 1)

letting db_row_size be |db]

given utility_values : matrix indexed by [int (db_minValue..db_maxValue)] of int
given cost_values : matrix indexed by [int (db_minValue..db_maxValue)] of int
given min_utility : int

given max_cost : int

find db_minValue_var : int (db_minValue)

find db_maxValue_var : int (db_maxValue)

find db_maxEntrySize_var : int (db_maxEntrySize)

find current_size: int (0..db_maxEntrySize)

find freqg_ items : (set (maxSize db_maxEntrySize) of int (db_minValue..db_maxValue), int

(1..db_row_size))

such that

|freq items[1l]| = current_size
such that

(sum entry in db . tolInt (freq_ items[l] subsetEq entry)) = freq items[2]
such that

freg items[2] >= min_freq
such that

(sum item in freqg_ items[1l] . utility_values[item]) >= min_utility
such that

(sum item in freqg_ items[1l] . cost_values[item]) <= max_cost
dominanceRelation (fromSolution(freq items[1l]) subsetEq freg items[1l]) -> (freq_items

[2] < fromSolution (freq_ items[2]))

incomparabilityFunction ascending current_size

Figure B.2: Full ESSENCE CDP+I model for GFIM.
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B. ESSENCE CDP+I MODELS FOR PATTERN MINING PROBLEMS

language Essence 1.3

given db : mset of set of int

given min_freqg : int

letting db_minValue be min([val | entry <- db, val <- entry])
letting db_maxValue be max([val | entry <- db, val <- entry])

letting db_maxEntrySize be max ([ |entry| | entry <- db ])

letting db_row_size be |db]

given utility_values : matrix indexed by [int (db_minValue..db_maxValue)] of int
given cost_values : matrix indexed by [int (db_minValue..db_maxValue)] of int

given min_utility : int

given max_cost : int

find db_minValue_var : int (db_minValue)

find db_maxValue_var : int (db_maxValue)

find db_maxEntrySize_var : int (db_maxEntrySize)

find current_size: int (0..db_maxEntrySize)

find freg items : (set (maxSize db_maxEntrySize) of int (db_minValue..db_maxValue), int

(1..db_row_size))

such that

|freq_items[1l]| = current_size
such that

(sum entry in db . toInt (freg items[1l] subsetEq entry)) = freq items[2]
such that

freq items[2] < min_freq

such that

(sum item in freqg items[1l] . utility_values([item]) >= min_utility
such that

(sum item in freq items[1l] . cost_values[item]) <= max_cost

dominanceRelation ! (fromSolution(freq items[1l]) subsetEq freg_ items[1]

incomparabilityFunction ascending current_size

Figure B.3: Full ESSENCE CDP+I model for MRIM.
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language Essence 1.3
given db : mset of record { itemset : set of int, class : int }

given min_freqg : int

letting db_minValue be min([val | entry <- db, val <- entry[itemset]])
letting db_maxValue be max([val | entry <- db, val <- entry[itemset]])
letting db_maxEntrySize be max ([ |entry[itemset]| | entry <- db 1)

letting db_row_size be |db]|

given utility_values : matrix indexed by [int (db_minValue..db_maxValue)] of int
given cost_values : matrix indexed by [int (db_minValue..db_maxValue)] of int
given min_utility : int

given max_cost : int

letting support_domain be domain int (1..db_row_size)

find freg items : record {
itemset : set (minSize 1, maxSize db_maxEntrySize) of int(
db_minValue..db_maxValue),
support_pos : support_domain,
support_neg : support_domain
}
such that

(sum entry in db . toInt (freq_ items[itemset] subsetEq entry[itemset] /\ entry]|
class] = 1)) = freq items[support_pos]
such that
(sum entry in db . toInt (freq items[itemset] subsetEq entry[itemset] /\ entry]|

class] = 0)) = freq_items[support_neqg]

such that

freqg items[support_pos] - freqg_items[support_neg] > min_freqg
such that

(sum item in freg_ items[itemset] . utility_values[item]) >= min_utility
such that

(sum item in freq_ items[itemset] . cost_values[item]) <= max_cost
dominanceRelation (freq items[itemset] subsetEq fromSolution (freq items[itemset])) ->

(freg_items[support_pos] > fromSolution (freq items[support_pos]))

incomparabilityFunction descending |freqg items[itemset] |

Figure B.4: Full ESSENCE CDP+I model for CDIM.
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B. ESSENCE CDP+I MODELS FOR PATTERN MINING PROBLEMS

language Essence 1.3
given db : sequence of record { itemset : set of int, class : int }

given min_freg : int

letting db_minValue be min([val | (_, entry) <- db, val <- entry[itemset]])
letting db_maxValue be max([val | (_, entry) <- db, val <- entry[itemset]])
letting db_maxEntrySize be max ([ |entry[itemset]]| | (_, entry) <- db 1)

letting db_row_size be |db]

given utility_values : matrix indexed by [int (db_minValue..db_maxValue)] of int
given cost_values : matrix indexed by [int (db_minValue..db_maxValue)] of int
given min_utility : int

given max_cost : int

letting support_domain be domain int (l1..db_row_size)

find freq items : record ({
itemset : set (minSize 1, maxSize db_maxEntrySize) of int(
db_minValue..db_maxValue),
cover_pos : set (maxSize db_row_size) of support_domain,

cover_neg : set (maxSize db_row_size) of support_domain

such that
forAll (row, entry) in db
row in freq items[cover_neg] <-> (entrylitemset] supsetEq freq items[itemset]
/\ entry[class] = 0)
such that
forAll (row, entry) in db

row in freq items[cover_pos] <-> (entryl[itemset] supsetEq freqg items[itemset]
/\ entrylclass] = 1)
such that
|freq_items[cover_pos]| > min_freq
such that
(sum item in freq items[itemset] . utility_values[item]) >= min_utility
such that
(sum item in freq items[itemset] . cost_values[item]) <= max_cost
dominanceRelation ! ((freq_items[cover_pos] subsetEq fromSolution (freg items[cover_pos
1))
/\ ( freq_items[cover_neg] supsetEq fromSolution (freq items[cover_neg]) )
/\ ((freg_items[cover_pos] union freq items[cover_neg] = fromSolution (freq items]
cover_pos]) union fromSolution (freg items[cover_neg]) ) -> (freqg_ items[itemset]

subsetEq fromSolution (freg items[itemset]) )))

incomparabilityFunction descending |freg items[itemset] |

Figure B.5: Full ESSENCE CDP+I model for RSD.
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C. ESSENCE SPECIFICATION FOR MRCPSP

language Essence 1.3

given nonRenewableResources new type enum
given renewableResources new type enum
given jobs new type enum

given startDummy, endDummy : jobs

given modes new type enum

given renewableLimits: function (total) renewableResources --> int
given nonRenewablelLimits : function (total) nonRenewableResources --> int
given successors : function (total) jobs —-—-> set of jobs

given renewableResourceUsage
function (jobs, modes, renewableResources) --> int

given nonRenewableResourceUsage

function (jobs, modes, nonRenewableResources) —--> int
given duration : function (jobs,modes) --> int
given horizon : int

letting timesRange be domain int (1..horizon)
find start: function (total) jobs —--> timesRange
find mode: function (total) jobs --> modes
find jobActive: function (total) (jobs,timesRange) —--> bool
such that
forAll job : jobs
forAll jobSuccessor in successors (job)
start (jobSuccessor) >= start (job) + duration((job,mode (job)))
such that
forAll job : jobs
forAll time : timesRange
jobActive ((job,time)) <->(
time >= start (job) /\ time < start (job) + duration ((job,mode (job))))
such that
forAll resource : nonRenewableResources
sum ( [nonRenewableResourceUsage ( (job, mode (job), resource) )| job : jobs])
<= nonRenewableLimits (resource)
such that
forAll resource : renewableResources
forAll time : timesRange
sum ( [renewableResourceUsage ( (job, mode (job) , resource)) |
job : jobs, jobActive ((job,time))])
<= renewablelLimits (resource)
such that
start (startDummy) =1

minimising start (endDummy)

Figure C.1: ESSENCE specification for MRCPSP.
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D. LOW-LEVEL DATA STRUCTURES FOR EXPERIMENT COLLECTION

#[derive(Serialize,  Deserialize)]
#[serde(tag = "type”)]
enum Solvelnformation {
#[serde(rename = "SUCCESS”)]
Success {
total_solver_time: f64,
total_sr_time: f64,
total_nodes: Option<u64>,
nb_solutions: u64,
seed: Option<f64>,
memory_limit: u64,
time_limit: u64,
machine_info: String,
level_info: Box<Levellnformation>,

1,
#[serde(rename = "TIMEOUT")]

Timeout {
seed: Option<f64>,
memory_limit: u64,
time_limit: u64,
machine_info: String,

Figure D.1: An excerpt of the SolveInformation data structure in rrr which benefits
from strong typing and enum for heterogeneous parsing.

pub struct DBRow {
exp_id: String,
config_id: String,
result_type: Result,
measured_time: {64,
nb_solutions: Option<u64>,
machine_info: String,
memory_limit: u64,
seed: Option<f64>,

Figure D.2: DBRow data structure in rrr to represent a small subset of the experiment
results.
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#[derive(Serialize)]

pub struct PlotConfigView<"a> {
nb_data_points: u8,
total_solver_time_mean: Option<f64>,
total_solver_time_best: Option<f64>,
total_sr_time_mean: Option<f64>,
total_sr_time_best: Option<f64>,
total_nodes_mean: Option<f64>,
total_nodes_best: Option<f64>,
nb_solutions: Option<u64>,
nb_levels: Option<ul6>,
levels_best_solver_time: &’a Option<HashMap<String, f64>>,
levels_best_sat_clauses: &’a Option<HashMap<String, u64>>,
levels_best_satv: &’a Option<HashMap<String, u64>>,
levels_best_sat_learnt_clauses: &’a Option<HashMap<String, u64>>,
levels_best_nodes: &’a Option<HashMap<String, u64>>,
levels_best_nb_sols: &’a Option<HashMap<String, u64>>,

Figure D.3: PlotConfigView data structure in rrr to represent the experiment data
with almost zero copywhere data representation is more suitable for plotting scripts.
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APPENDIX E

FULL ESSENCE
FEATURES FOR A
PATTERN MINING
PROBLEM

"db_cardinality", * ‘'cost_values_cardinality_ratioToMax",
"db_cardinality_ratioToMax", * "cost_values_cardinality_intIsOffByOne",
"db_cardinality_intIsOffByOne", * '"cost_values_cardinality_intIsRepeated",
"db_cardinality_intIsRepeated", e "cost_values_1_min",
"utility_values_cardinality", e "cost_values_1_min_ratioToMax",
"utility_values_cardinality_ratioToMax", e "cost_values_1_min_intIsOffByOne",
"utility_values_cardinality_intIsOffByOne", e "cost_values_1_min_intIsRepeated",
"utility_values_cardinality_intIsRepeated”, e "cost_values_1_max",
"utility_values_1_min", e "cost_values_1_max_ratioToMax",
"utility_values_1_min_ratioToMax", e "cost_values_1_max_intIsOffByOne",
"utility_values_1_min_intIsOffByOne", * "cost_values_1_max_intIsRepeated",
"utility_values_1_min_intIsRepeated", ¢ "min_utility_intValue",
"utility_values_1_max", * "min_utility_intValue_ratioToMax",
"utility_values_1_max_ratioToMax", e "min_utility_intValue_intIsOffByOne",
"utility_values_1_max_intIsOffByOne", ¢ "min_utility_intValue_intIsRepeated",
"utility_values_1_max_intIsRepeated"”, * "min_utility_isEven",
"cost_values_cardinality", e "min_utility_isSquare",
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E. FULL ESSENCE FEATURES FOR A PATTERN MINING PROBLEM

* "min_utility_isPrime", e "cost_values_1_max_db_cardinality_intIntRatio",

¢ "max_cost_intValue", ® '"cost_values_1_max_utility_values_cardinality_-
intIntRatio",
* "max_cost_intValue_ratioToMax",
e "cost_values_1_max_utility_values_1_min_-

* "max_cost_intValue_intIsOffByOne", intIntRatio"

* "max_cost_intValue_intlsRepeated”, e "cost_values_1_max_utility_values_1_max_-

" . " intIntRatio",
e "max_cost_isEven",
e "cost_values_1_max_cost_values_cardinality_-

* "max_cost_isSquare" . .
9 ! intIntRatio",

e "max_cost_isPrime",
e "cost_values_1_max_cost_values_1_min_-

e 'db_cardinality_utility_values_cardinality_- intIntRatio”,
intIntRatio", ) o
* '"cost_values_1_max_min_utility_intValue_-

¢ "db_cardinality_utility_values_1_min_intIntRatio", intIntRatio",

¢ "db_cardinality_utility_values_1_max_intIntRatio", e "cost_values_1_max_max_cost_intValue_-
intIntRatio",
¢ "db_cardinality_min_utility_intValue_intIntRatio",
e "min_utility_intValue_utility_values_cardinality_-

¢ "db_cardinality_max_cost_intValue_intIntRatio", intIntRatio",

o 'utility_values_1_min_utility_values_cardinality_- ¢ "min_utility_intValue_utility_values_1_min_-
intIntRatio", intIntRatio",

e 'utility_values_1_max_utility_values_cardinality_- e "min_utility_intValue_utility_values_1_max_-

intIntRatio", intIntRatio"

e 'utility_values_1_max_utility_values_1_min_-

e "max_cost_intValue_utility_values_cardinality_-
intIntRatio", — — _ y_ _ ty_

intIntRatio",

e "cost_values_cardinality_db_cardinality_-

intIntRatio”, * "max_cost_intValue_utility_values_1_min_-

intIntRatio",

* "cost_values_cardinality_utility_values_-

cardinality_intIntRatio", * "max_cost_intValue_utility_values_1_max_-

intIntRatio",

¢ "cost_values_cardinality_utility_values_1_min_-

intIntRatio” * "max_cost_intValue_min_utility_intValue_-

intIntRatio",
* "cost_values_cardinality_utility_values_1_max_-

intIntRatio”, e 'utility_values_1_median",

* "cost_values_cardinality_min_utility_intValue_- ¢ 'utility_values_1_mean",

intIntRatio", .
e 'utility_values_1_stdDev",

* "cost_values_cardinality_max_cost_intValue_-

intIntRatio", ¢ 'utility_values_1_harmonicMean",
e "cost_values_1_min_db_cardinality_intIntRatio", o "utility_values_1_geometricMean",
* '"cost_values_1_min_utility_values_cardinality_- e 'utility_values_1_skewness",

intIntRatio",
e 'utility_values_1_kurtosis",
* "cost_values_1_min_utility_values_1_min_-
intIntRatio", e "cost_values_1_median",

e "cost_values_1_min_utility_values_1_max_- e "cost_values_1_mean",
intIntRatio",
e "cost_values_1_stdDev",
* "cost_values_1_min_cost_values_cardinality_-
intIntRatio", e "cost_values_1_harmonicMean",

¢ "cost_values_1_min_min_utility_intValue_- e 'cost_values_1_geometricMean",
intIntRatio",
e "cost_values_1_skewness",
e "cost_values_1_min_max_cost_intValue_-
intIntRatio", e "cost_values_1_kurtosis",
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APPENDIX F

CODE SNIPPETS FOR
SKLEARN/AU-
TOSKLEARN

X_train, X_test, y_train, y_test = \
sklearn.model_selection. train_test_split(X, y, random_state=1)

Figure E.1: Training/Test set splits in SKLearn in python. While X represents the feature
set for the instances, Y represents the classification output attached to the input.

clf = RandomForestClassifier (
n_estimators=100,
random_state=rnd_seed,
n_jobs=10,

)

clf . fit (X_train, y_train)

Figure F.2: Random forest classifier initialisation and training using SKLearn with only
one significant parameter for the number of estimators.
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F. CODE SNIPPETS FOR SKLEARN/AUTOSKLEARN

automl = autosklearn.classification.AutoSklearnClassifier (
time_left_for_this_task=600,
per_run_time_limit=150,
n_jobs=10,
memory_limit=24096,
seed=rnd_seed,
# ensemble_size=5,

)

automl. fit (X_train, y_train)

Figure E.3: Autosklearn portfolio classification initialisation and training. The commented-
out ensemble size parameter is the default value of 5.
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