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Explainable Optimisation through Online and Offline Hyper-heuristics
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Abstract - Research in the explainability of optimisation techniques has largely focused on metaheuristics and their movement of
solutions around the search landscape. Hyper-heuristics create a different challenge for explainability as they make use of many more
operators, or low-level heuristics and learning algorithms which modify their probability of selection online. This paper describes a set
of methods for explaining hyper-heuristics decisions in both online and offline scenarios using selection hyper-heuristics as an example.
These methods help to explain various aspects of the function of hyper-heuristics both at a particular juncture in the optimisation
process and through time. Visualisations of each method acting on sequences provide an understanding of which operators are being
utilised and when, and in which combinations to produce a greater understanding of the algorithm-problem nexus in hyper-heuristic
search. These methods are demonstrated on a range of problems including those in operational research and water distribution network
optimisation. They demonstrate the insight that can be generated from optimisation using selection hyper-heuristics, including
building an understanding of heuristic usage, useful combinations of heuristics and heuristic parameterisations. Furthermore the
dynamics of heuristic utility are explored throughout an optimisation run and we show that it is possible to cluster problem instances

according to heuristic selection alone, providing insight into the perception of problems from a hyper-heuristic perspective.
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1 INTRODUCTION

To date, explainable Al has largely focused on the development of explainable methods in machine learning where it is
used in data-driven decision support or fully automated decision making systems. Naturally, there is a desire for these
decisions to be explained in a human-readable way to ensure that such decisions are free from bias and are made on
rational grounds. While the evidence-basis for machine learned decisions is difficult to derive, given the complexity of
methods that reside between the data and decision making layers, it is still possible in principle. Recently attention has
turned to optimisation methods as an Al technique that would also benefit from generating human-readable outputs

when supporting human decision making. However, there are inherent difficulties with providing explanations for
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2 William B. Yates, Edward C. Keedwell, and Ahmed Kheiri

optimised solutions that have been created through the types of iterative methods that tend to prevail in metaheuristic
optimisation algorithms. Explaining optimisation decision making in such algorithms is usually carried out through the
analysis of the movement of solutions across the space of possible solutions (landscape analysis), the final solution sets
(e.g. multi-objective surface point cloud analysis) or the hyperparameters used to calibrate the algorithm [Hinton et al.
1987; Hutter et al. 2011; Ochoa and Malan 2019]. Selection hyper-heuristics as methods that learn optimisation strategies
to solve problems, possess elements of machine learning and optimisation and therefore present a unique opportunity
to explain decision making and optimisation strategies across domains. Most obviously, selection hyper-heuristics allow
for a greater understanding of the usefulness of heuristics in solving the problem at hand than metaheuristics which do
not typically adapt to problem types. These methods usually require a range of heuristic types and parameterisations to
function effectively and through an understanding of their learned probability of selection, a greater understanding of
the type of landscape being traversed. A finer-grained understanding can be achieved through the plotting of changes
to these probabilities through time which can reveal the effects of landscape change as optimality increases, providing
that the hyper-heuristic is suitably dynamic in its decisions. It is also possible to make use of work in the explainable
machine learning field to better understand the decision making that has led to the probability of heuristic selection
described earlier. These methods will be specific to each problem, but offer an insight into the learning processes during
the online (or occasionally offline) processes involved. Here, we explore the use of traditional methods of explaining
machine learning decisions alongside bespoke approaches to explain the decisions made by selection hyper-heuristics.

Furthermore, recent methods provide an additional opportunity to explore the interaction between heuristic selections
as part of a sequence of operations. The understanding of heuristic sequences is critical in optimisation as the ordering
of diversification (exploration) and intensification (exploitation) operators is crucial. Diversifying operations attempt to
find new, previously unvisited areas of the search landscape often through the use of randomness whereas intensification
operators generate new solutions in promising areas that rely on previous knowledge built up by the optimiser. In
practice, however, many operators exist on the continuum between diversification and intensification. Intensification
operators are useful as a standalone operator or after a diversification operation to find local optima within the search
space. Diversification tends to be more useful as a pre-operation to intensification. A simple example of this can be
seen in the case of a random perturbation operator, A and a deterministic local search operation, B. In this case, the
ordering B-A makes little sense as the local search operation will intensively search the local landscape only for the
random perturbation to move the solution away from the local area. The reverse ordering, A-B though, plays to the
strengths of both operations and can be considered to be much the more logical ordering. However, in reality not
every operator can be described as purely diversifying or intensifying, particularly when operator parametrisations
are also considered and so automated methods for evaluating and creating these sequences of operation is required.
Together the potential for understanding heuristic usage, machine learning decision-making and heuristic-heuristic
interactions allows for a different form of algorithmic understanding from other approaches. This necessitates a new
set of tools to provide explanation of the simultaneous learning and optimisation seen in selection hyper-heuristics.
Furthermore, through experimentation on a variety of domains and problem instances, it is also possible to determine
mappings between these algorithmic insights and problems that leads to an illumination of the algorithm-problem
nexus. This greater understanding of algorithm decisions, mapped to problem types raises the potential for the informed
modification of algorithms to achieve better and more feasible solutions. This is especially the case for hyper-heuristics
where significant elements of the algorithm are manually determined including the utility, variety and cardinality of
the set of low-level heuristics. An understanding of algorithm behaviour can therefore be used to tune these aspects for

a given domain and to yield the best possible performance.
Manuscript submitted to ACM
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Explainable Optimisation through Online and Offline Hyper-heuristics 3

In this paper we present several methods for explaining the decisions made by selection hyper-heuristics and explore
the potential for strategies to be modified according to problem domain and state of the optimisation. Section 2 examines
previous literature and research within this area. Section 3 briefly describes the underpinning mathematical methods
used in the later sections and the algorithmic method (SSHH) used within the online experimentation sections. Section 4
describes a set of methods to visualise the online learning process within a selection hyper-heuristic. Section 5 describes
a set of techniques to explain offline learning in selection hyper-heuristics with a particular focus on capturing the
changes seen in heuristic utility over time. Section 6 describes methods to elucidate the mapping between sequences
and problem spaces, and present examples of visualisation of the probability matrices within SSHH, allowing for an
understanding of heuristic usage, the creation of sequences and the similarities and differences between strategies for
problem solving in each domain. Together these methods seek to uncover information about the configuration of the
learned probability profiles for a set of heuristics on a set of operational research problems and collectively provide a

set of methods that move towards explainable hyper-heuristics. Finally, Section 7 concludes the paper.

2 RELATED WORK

Hyper-heuristics can be defined as heuristic methods that search within the domain of heuristics rather than solutions.
This approach has gained popularity in addressing NP-hard optimisation problems because it generalises well across
problem domains. More comprehensive literature on hyper-heuristics can be found in the following review papers:
[Burke et al. 2013, 2019; Drake et al. 2020; Sanchez et al. 2020].

Hyper-heuristics can be classified into two main types: selection hyper-heuristics, which involve selecting a low-level
heuristic (LLH) or a sequence of LLHs, and generation hyper-heuristics, which focus on generating heuristics. A variety
of metric methods have emerged in the literature on hyper-heuristics to evaluate the performance of LLHs or heuristic
sequences in studied problems. These methods typically quantify performance metrics and subsequently rank LLHs
accordingly, or normalise the metrics to determine selection probabilities. This approach allows for the visualisation
and inspection of either the rank of LLHs or the selection probability in each iteration, providing explainability to
users. However, the extent of explainability depends on the metric mechanisms, which we categorise into three groups:
function-based, reward, and statistical mechanisms.

Table 1 illustrates the metric mechanisms, application domains of explainable hyper-heuristics, and the types of

optimisation problems addressed.

2.1 Function-based Mechanism

The function-based mechanism is commonly employed as a white-box metric method for hyper-heuristics. Specifically
designed functions, comprising variable performance indicators, are applied to hyper-heuristics. Each low-level heuristic
(LLH) is assigned a value during the iteration based on its previous performance, and LLHs are then selected either by
their rank or probability normalised according to these respective values. The visual representation of both the rank
and probability in each iteration provides a clear means for users to examine and understand the process, enhancing
explainability. However, since all functions are provided by the designers, it is crucial to offer appropriate explanations
regarding why these functions are designed in a particular way and how the parameters were determined. This additional
information significantly contributes to enhancing explainability by providing insights into the rationale behind the
design choices and parameter selections.

Kendall et al. [2002] introduced a choice-function-based hyper-heuristic, which ranks and selects the best low-level

heuristic by considering recent improvements of each LLH, recent improvements for consecutive pairs of LLHs, and
Manuscript submitted to ACM
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4 William B. Yates, Edward C. Keedwell, and Ahmed Kheiri

Table 1. Metric mechanisms, application domains of explainable hyper-heuristics, and addressed optimisation problem types. Note
that HyFlex (Hyper-heuristics Flexible framework) is a software tool, developed for designing and comparing the performance of

selection hyper-heuristics [Ochoa et al. 2012].

Metric Mechanism

References

Function-based

Reward

Statistical

Kendall et al. [2002]; Kheiri [2014]; Kheiri and Ozcan [2016]; Maashi et al. [2015, 2014]; Misir
et al. [2011]; Masir et al. [2012]; Ozcan and Kheiri [2012]; Qu et al. [2015]

Chen et al. [2024]; Hsiao et al. [2012]; Kheiri et al. [2021]; Kheiri and Keedwell [2015]; Soria-
Alcaraz et al. [2014]; Zhang et al. [2020, 2022]; Zhao et al. [2021a,b]

Qu et al. [2009]; Soria-Alcaraz et al. [2017]

Application Domain

References

HyFlex

Hsiao et al. [2012]; Kheiri et al. [2021]; Kheiri and Keedwell [2015]; Misir et al. [2011]; Misir
et al. [2012]; Zhao et al. [2021a]

Bin Packing Zhang et al. [2022]

Design Problems Maashi et al. [2015, 2014]

Vehicle Routing Soria-Alcaraz et al. [2017]; Zhang et al. [2022]; Zhao et al. [2021b]
Scheduling Problem  Chen et al. [2024]; Cowling et al. [2001]; Kendall et al. [2002]
Timetabling Qu et al. [2009, 2015]; Soria-Alcaraz et al. [2017, 2014]
Optimisation Type  References

Single-objective Chen et al. [2024]; Cowling et al. [2001]; Hsiao et al. [2012]; Kendall et al. [2002]; Kheiri et al.
[2021]; Kheiri and Keedwell [2015]; Misir et al. [2011]; Misir et al. [2012]; Soria-Alcaraz et al.
[2017]; Zhang et al. [2022]; Zhao et al. [2021a,b]

Multi-objective Maashi et al. [2015, 2014]; Zhang et al. [2020]

the elapsed time since the heuristic was last called. The choice-function-based performance metric enables users to
inspect the ranks of LLHs in each iteration for the purpose of explainability. Maashi et al. [2015, 2014] adopted the
choice-function concept from [Kendall et al. 2002] and extended its application to multi-objective optimisation problems.
In [Maashi et al. 2014], a multi-objective selection hyper-heuristic (HH-CF) was introduced, utilising the choice-function
as its learning mechanism. This approach employs adaptive learning and management of three low-level heuristics
(NSGA-II, SPEA2, and MOGA). The choice-function integrates four performance evaluation metrics to effectively rank
the performance of each low-level heuristic. The top-ranked low-level heuristic is selected and implemented in the
subsequent stage. Maashi et al. [2015] expanded upon HH-CF to explore the efficacy of employing various combinations
of learning and move acceptance strategies.

Another paper by Qu et al. [2015], addressing timetabling using graph colouring, proposes a hybrid hyper-heuristic
approach based on estimation distribution functions. This evolutionary algorithm enables old heuristic sequences to be
continuously replaced by new ones. The generation of new heuristic sequences is determined by the probabilities of
each LLH appearing at each stage of sequences selected by tournament selection.

Misir et al. [2012] implemented an adaptive selection hyper-heuristic (AdapHH), which is first introduced in [Misir
et al. 2011], on HyFlex. In the 2011 international cross-domain heuristic search challenge (CHeSC 2011), AdapHH
outperformed 19 selection hyper-heuristic algorithms developed by other competitors, emerging as the winner. During
the LLHs search process, AdapHH provides an active heuristics list, along with a set of selection probabilities, demon-
strating its explainability. The active heuristics list is generated by excluding poor-performing heuristics in each phase
through a performance metric function based on simple quality indicators, such as improvement capability and speed.

Manuscript submitted to ACM
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Explainable Optimisation through Online and Offline Hyper-heuristics 5

After evaluation, all heuristics are ranked, and those performing below average are excluded for a certain number of
phases determined by the tabu duration. The selection probability dynamically calculates the choice of heuristics from
the active list. The primary finding indicates that employing online and adaptive methods in the sub-mechanisms of a
hyper-heuristic can be beneficial, provided these methods are appropriately designed to accommodate evolving search
environments. The study also explored various other aspects, including changes in the heuristic set size throughout the
search process, the effectiveness of combining existing heuristics to explore new sets of heuristics, the significance of
implementing adaptive move acceptance methods, and the impact of re-initialisation frequency on finding high-quality
solutions. Insights and further elaboration on the mentioned findings can be found in [Misir 2012].

Kheiri and Ozcan [2016] introduced multi-stage hyper-heuristics as a variant of selection hyper-heuristics. In this
approach, the problem-solving process is divided into multiple stages. The heuristics used in each stage are dynamically
selected based on the characteristics of the problem instance being solved. A function was implemented to determine a
trade-off between quality and time is considered in determining good quality low-level heuristics, which was visualised

for explainability in [Ozcan and Kheiri 2012].

2.2 Reward Mechanism

The reward mechanism represents another popular method for selecting low-level heuristics in hyper-heuristics. LLHs
are given scores if they improve the current solution; otherwise, scores are reduced or maintained if they make it worse.
The reward for each LLH can be ranked or normalised as selection probability, which can be visualised and recorded
during the running process, making it explainable to users.

Hsiao et al. [2012] proposed a hyper-heuristic based on Variable Neighborhood Search (VNS), comprising perturbation
and local search. This approach achieved second place in CHeSC 2011. Explainability is reflected in the local search
through the utilisation of adaptive ranking values to aid in selecting low-level heuristics in each iteration. During each
iteration, the algorithm randomly selects one heuristic among those with the highest reward value, and the perturbation
part is triggered when all LLHs are applied consecutively without improvement. All reward values are set to 1 if the
selected LLH improves the solution. If the selected LLH worsens the solution or causes a draw, the reward value of
the LLH is set to -1 or 0, respectively. In each iteration, both the ranking values and the selected LLH are observable,
providing users with an explainable process.

Kheiri and Keedwell [2015] introduced a Sequence-based Selection Hyper-heuristic (SSHH) based on the hidden
Markov model (HMM). SSHH constructs a reward-based probabilistic model of heuristic usage and transitions be-
tween heuristics. The reward for each low-level heuristic is converted into transition probabilities, allowing the
learned approach to generate sequences of heuristics online during optimisation. These probabilities are visualised for
explainability.

Both Soria-Alcaraz et al. [2014] and Zhang et al. [2020] developed explainable hyper-heuristics integrated with an
adaptive strategy. This strategy determines how to reward a low-level heuristic based on its historical performance in
search processes and automatically selects and applies an LLH in the next step based on the current reward values
of LLHs. The adaptive strategy offers an explainable search process through the selection probability of each LLH

normalised by its reward.

2.2.1 Reinforcement Learning. Reinforcement learning represents an interdisciplinary area of machine learning and
optimal control focused on determining how an intelligent agent should act within a dynamic environment to maximise
cumulative reward. This technique has motivated researchers in the hyper-heuristic community to apply it in evaluating

Manuscript submitted to ACM
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6 William B. Yates, Edward C. Keedwell, and Ahmed Kheiri

and rewarding low-level heuristics. However, in certain studies, reinforcement learning is combined with neural
networks, which are described as black-box models. Consequently, while the rewards provided by reinforcement
learning can be visualised, the integration with neural networks may pose challenges in supporting explainability.

Zhao et al. [2021a] introduced a Cooperative Multi-Stage Hyper-heuristic (CMS-HH) implemented across the six
problem domains in HyFlex. CMS-HH selects low-level heuristics based on multi-armed bandits (MAB) and relay
hybridisation technology (RH), incorporating ideas from both reinforcement learning and reward mechanisms. MAB
measures the accumulated reward for each LLH and selects the one that maximises the reward. RH calculates and
updates the selection probability of all LLHs using the reward mechanism during the search process and chooses LLHs
using the roulette wheel strategy. Both methods provide traceable and transparent reward or probability metrics during
the search process, offering explainability to users.

In [Zhao et al. 2021b], the location-routing problem with simultaneous pickup and delivery is addressed. An iterated
local search (ILS) based hyper-heuristic approach is introduced. The authors explored the performance of the hyper-
heuristic framework by combining four selection mechanisms and five acceptance strategies. The most successful
approach, called fitness ratio rank based on multi-armed bandit with tabu search, which adaptively selects appropriate
heuristics based on the recent performance of each LLH. In contrast to [Zhao et al. 2021a], in this approach, the reward
value of each low-level heuristic is normalised as the selection probability. Tabu search is employed to prevent the
algorithm from repeatedly selecting LLHs that do not make any improvement.

In [Zhang et al. 2022], a deep reinforcement learning-based hyper-heuristic is proposed, enhancing existing hyper-
heuristics with a data-driven module. The deep reinforcement learning agent selects and executes an action (low-level
heuristic) based on the state of the partial solution and receives a reward from the problem model. This reward is based
on the Q-function, defined as the expectation of cumulative reward. A deep Q-network is utilised to approximate the Q-
function. Similarly, Chen et al. [2024] introduced two reinforcement learning-based hyper-heuristics called reinforcement
learning-assisted genetic programming hyper-heuristic (DRL-GPHH) and reinforcement learning-assisted genetic
programming ensemble hyper-heuristics (DRL-GPEHH) methods. These approaches use a reinforcement learning agent
to select LLHs generated by genetic programming (GP). However, the metric methods in [Zhang et al. 2022] and [Chen

et al. 2024] are combined with neural networks, which are black-box models. Therefore, their explainability is limited.

2.3 Statistical Mechanism

The statistical mechanism utilises statistical insights to explore effective low-level heuristics or sequence patterns. Qu
et al. [2009] introduced a random iterative graph-based hyper-heuristic (GHH) for timetabling problems. This approach
generates a collection of heuristic sequences by randomly changing n heuristics in the initial sequences in each iteration.
To evaluate the performance of a sequence, the algorithm calculates the hybridisation rates of LLHs at each position in
the heuristic sequences based on frequency. By observing the sequences corresponding to good solutions, the authors
then develop an iterative hybrid approach to adaptively hybridise LLHs at different stages of solution construction.
The frequencies of LLHs at each position in the sequence corresponding to good solutions can be visualised to provide
explainability.

Soria-Alcaraz et al. [2017] focused on identifying an effective heuristic pool for selection operations. They proposed
two fitness landscape probing techniques to evaluate the performance of low-level heuristics. The first metric generates
100 representative neighbours of a randomly generated initial solution using a selected LLH and records the frequency
of improved or equal solutions as its evolvability. This procedure is repeated 500 times, and each LLH is assigned

an average evolvability, which determines whether to retain the LLHs in the pool. The second method is similar but
Manuscript submitted to ACM
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Explainable Optimisation through Online and Offline Hyper-heuristics 7

applies hill-climbing using the selected LLH on a randomly generated initial solution for 100 iterations and records the
difference between the initial and final solutions to measure their quality. The improvement frequencies or improvement

gap of every LLH can be visually inspected, providing understandable explanations to users.

2.4 Other Initiatives

The recent paper by van Stein et al. [2024] introduces an approach called Explainable Benchmarking, which introduces
the IOHxplainer software framework. This framework enables the examination of the effects of various algorithmic
components and configurations, providing insights into their performance across a wide range of scenarios. The
framework operates with a large collection of modular algorithms, analysing the performance of these algorithms
with diverse configurations by making option choices per module in a fully independent manner. It automatically
extracts meaningful visualisations and statistics from extensive empirical experiments, facilitating the benchmarking
of thousands, or even millions, of algorithm configurations. This paper serves as an example of applying explainable
artificial intelligence (xAl) to explain the performance of iterative optimisation heuristics. The idea could potentially
be extended to the selection of low-level heuristics in hyper-heuristics, where the LLH sequences can be considered
as a collection of modular algorithms (each/several LLHs is a module). XAl techniques can assist hyper-heuristics in
evaluating the performance and then provide effective and explainable choices.

Search landscape analysis, also known as fitness landscape analysis, is a valuable technique used in various fields
such as optimisation and evolutionary computation. It involves studying the structure and properties of the problem
space in order to gain insights into the behaviour and performance of search algorithms. By analysing the search
landscape, researchers aim to understand the distribution and characteristics of different solutions, identify the presence
of peaks or valleys representing optimal or suboptimal solutions, and explore the connectivity and ruggedness of
the problem space. This analysis can provide valuable information on the difficulty of the problem, the effectiveness
of search algorithms, and the potential for improvement. One common approach in search landscape analysis is to
visualise and analyse the fitness landscape using, for example, contour plots, heatmaps, or three-dimensional surface
plots. These visualisations allow researchers to observe the distribution and concentration of high-quality solutions,
identify potential plateaus, and explore the presence of multiple optima or deceptive regions. The study in [Pitzer and
Affenzeller 2012] presents a comprehensive survey on fitness landscape analysis, offering insights and methodologies
for conducting rigorous analysis of fitness landscapes. Incorporating search landscape analysis into research can help
researchers gain a deeper understanding of problem spaces, improve algorithm design, and guide the development of
more efficient and effective optimisation techniques [Ochoa and Malan 2019].

Automated Machine Learning (AutoML) aims to automate the process of developing machine learning models
by automatically selecting algorithms, hyperparameters, and feature engineering techniques. However, the lack of
transparency and interpretability in AutoML models can make it challenging to trust their results. Explainable AutoML
systems aim to enhance transparency and interpretability in the automated machine learning process. Several initiatives
have been undertaken in this area to address the need for understanding and trust in AutoML systems. The work in
[Zoller et al. 2022] introduces XAutoML, a visual analytics tool that enhances trust in AutoML systems. XAutoML
provides visualisations and interactive features to enable users to explore and understand the model’s performance,
configuration choices, fairness, and robustness. The study in [Moosbauer et al. 2021] focuses on explaining the process
of hyperparameter optimisation using Partial Dependence Plots (PDPs). Hyperparameter optimisation plays a crucial
role in machine learning model performance. The authors propose the use of PDPs, which are graphical visualisations,

to gain insights into how hyperparameters impact model performance. The paper presents a detailed explanation
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8 William B. Yates, Edward C. Keedwell, and Ahmed Kheiri

of the methodology and demonstrates its effectiveness through experiments on various datasets and models. By
providing interpretable visualisations, the approach enhances the understanding of hyperparameter optimisation
and aids in making informed decisions during the model development process. InterpretML [Nori et al. 2019] is an
open-source Python package that provides a unified framework for interpretability in machine learning. It offers various
interpretability techniques, and allows practitioners to easily compare interpretability algorithms by exposing multiple
methods under a unified APIL Similar to these initiatives, in this study we aim to improve the explainability of online
and offline hyper-heuristics, enabling users to understand and trust the heuristic selection learning process, enhance

transparency, and facilitate decision-making.

3 PRELIMINARIES
3.1 The SSHH Hyper-heuristic

In Section 4 the SSHH hyper-heuristic (Sequence-based Selection Hyper-Heuristic) is used as the basis for experimen-
tation. This online algorithm has been selected as it explicitly discovers heuristic sequences through its probability
matrices and makes these available for inspection to provide explainability, and has been widely applied across domains.
[Kheiri and Keedwell 2015, 2017; Yates and Keedwell 2021].

The ssHH hyper-heuristic uses a hidden Markov model (HMM) [Rabiner 1989] to create a probabilistic model of
heuristic usage and parameterisations, transitions between heuristics and the termination of a sequence through
objective function evaluation and acceptance. This enables the learned approach to generate sequences of heuristic
selections, their parameters, and acceptance check decisions online during an optimisation. The HMM consists of
a finite set of hidden states, and four probability matrices: a state transition matrix to determine the probability of
moving from one hidden state to another, a heuristic emission matrix to determine which low-level heuristic to apply, a
parameter emission matrix to determine the parameter for a heuristic, and an acceptance strategy emission matrix to
determine whether a solution should be checked for acceptance or not. Two acceptance strategies are used, one which
continues to build the sequence by adding further heuristics and another which stops the heuristic sequence, calculates
the objective function and determines whether to accept the solution according to a given threshold. Using this method,
sequences of arbitrary length can be generated as the determinant of a sequence terminating is provided by the HMM
acceptance strategy probabilities. A flowchart illustrating the operation of the SSHH optimiser, and its interactions with
an arbitrary problem is shown in Figure 1.

In the absence of a priori knowledge regarding a given problem, the number of hidden states is set to be the number of
low-level heuristics in the domain, and the state transition, parameter, and acceptance matrices are set to be equiprobable.
Equiprobability is a property of a collection of events such that each event has the same probability of occurring. In this
context it refers to a general state of the HMM in which the probabilities of all subsequent hidden states are identical.
The low-level heuristic emission matrix is set to the identity matrix. This ensures that, initially, each equiprobable hidden
state emits a single low-level heuristic together with an equiprobable choice of heuristic parameter and acceptance
check decision.

The ssHH hyper-heuristic employs an online learning algorithm. During optimisation, SSHH keeps a history of the
heuristic selections, parameters, and acceptance checks produced by the HMM. If, following an acceptance check, a
new, dominant (or “best”) solution is found, the online learning algorithm steps through the history, increasing the

probabilities of the accepted state transitions and emissions that led to the new minima. Thus the probability that the
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Probability Matrices Sequenced-based Hyper-heuristc Problem Domain

Generate solution

State Transition

Heuristic Emission [—{ Add to sequence

Sequence
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LLH N

Mo

Parameter [ |
Emission
= i
Accept Strategy . Accept ne | Update current
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Clear Sequence |+ If dominant perform
online learning

Domain Barrier

Store all results

Fig. 1. A flowchart illustrating the operation of SSHH, and its interactions with the low-level heuristics of an arbitrary problem.

HMM produces the sequence of heuristic selections and parameter emissions contained in the history is now higher.

After the acceptance check, the history is erased and the optimisation process is resumed.

3.2 The Baum-Welch Learning Algorithm

The ssHH hyper-heuristic can be also be trained offline on sequences of heuristic selections using the Baum-Welch
learning algorithm [Rabiner 1989]. Adopting the notation of [Rabiner 1989] (Section III-C), consider a HMM consisting
of N states Sy, ..., SN, and a sequence of training observation O = O1, Oy, ..., O. Let the model’s parameterisation 1
be specified by a probability transition matrix A, a probability emission matrix B, and an initial state distribution 7.
The Baum-Welch learning algorithm estimates a HMM’s parameters A = (A, B, 7) so that they maximise (locally) the
probability P(O|A) of the model producing an observation sequence O.
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10 William B. Yates, Edward C. Keedwell, and Ahmed Kheiri

In what follows, the value a;; € A is the probability that the model passes from state S; to state Sj, the value
bj(O¢) € B is the probability that the model emits the observation Oy while in state S; at time ¢, and the value 7; is the
probability that the model begins its computation in state S;.

The probability P(O|A) can be calculated efficiently using the forward-backward procedure. The forward variable!

ay (i) is defined recursively for each state by

ai1(i) = mbi(01)
N
VE=12T=1) @m() = [ D a ai] b (0.
i
Similarly, the backwardvariable p; (i) is also defined recursively for each stateby
pri) = 1
N
Vie=T-1T-2,...,1) B(i) = Zaij bj(Or+1) Bre1(J)-
J

The function & (i, j) is the probability of being in state S; at time ¢, and state S; at time ¢ + 1, given the model parameters

A and the observation sequence O, and is defined by
at (i) aij bj(Ors1) Pr41())
>N Z?] ar(i) aij bj(Or+1) Pr+1())

The function y; (i) is the probability of being in state S; at time ¢ given the model parameters A and the observation

(Vt=12,...,T-1) &(ij) =

sequence O, and is defined by
at (i) Pe (i)
SN a(j) pe (i)
Thus, the Baum-Welch algorithm is specified by the three update equations:
D AGY) 3 8(0n vy ()
2t () St ve()
where ¢ is the Kronecker delta function such that §(O;, vg) = 1 if O; = vy or 0 otherwise. Here, the term §(O¢, vg)y: ()

~vVt=12...T) y:(i)=

Ai=p(i) @y = and  bj(k) =

is the probability of being in state S; while observing the symbol O; = vy.

Applying these update equations iteratively to an initial model A increases the probability of O being produced by
the model. In practice, when implementing the Baum-Welch algorithm the update equations are modified slightly to
prevent underflow issues when multiplying probabilities, and to deal with multiple sequences of observations ([Rabiner
1989], Section V-A and Section V-B).

The output from the training process of SSHH is a set of probability matrices that describe the heuristic usage and
parameterisations (optional), transitions between heuristics and the probability of ending the sequence and calculating
the objective function. These matrices can be used as input data to various statistical tools to explain the behaviour of
the model. Here we investigate the use of the Kullback-Leibler Distance method to provide a metric of learning during

optimisation by comparing the matrices of HMMs during the optimisation process.

!t should be noted that P(O|1) = Z{V ar(i).
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3.3 Probability Vectors

A probability vector is any vector with non-negative components that sum to 1. The HMM’s initial state vector x, and
the state transition and emission vectors a; € A and b; € B defined in Section 3.2 are probability vectors. The mean of a

probability vector with n components is 1/n. The probabilistic length of such a vector is

no? + !
n
where o2 is the variance of the elements of the probability vector.
The length of a probability vector measures uncertainty; the shortest vector corresponds to maximum uncertainty,
while the longest vector corresponds to minimum uncertainty (or equivalently maximum certainty). The shortest
probability vector has the value 1/n for each component, and has a length of 1/+/n. The longest probability vector has

the value 1 for a single component, and 0 for all the others, and has a length of 1.

3.4 The Kullback-Leibler Distance

Section 4 describes methods of visualising distances between the learned HMMs over time using the Kullback-Leibler
distance. Mathematically, a HMM encodes a stationary probability distribution defined over the emission symbols. The
non-symmetric Kullback-Leibler divergence D is a measure of how one probability distribution differs from another,
and it can be used to define a “distance” between HMMs [Juang and Rabiner 1985]. The Kullback-Leibler distance was
chosen because it is a well known and widely used measure in probability theory and statistics. Furthermore it has a
clear mathematical interpretation in terms of information theory.

The symmetric Kullback-Leibler distance Dkp (Ao, A) between two HMMs A and A is defined by

Do, 2) = 3 [D(a,2) + D2, 20)]

where
1
D(Ap, 1) = Tlim T [ log P(Or|Ag) — log P(OT|2)].

It should be noted that the Kullback-Leibler distance Dky, is not a metric in the technical sense as it does not satisfy the
triangle inequality [Lu et al. 2013].

In this study, the distance Dy is estimated over a number i = 1,...,S of Monte Carlo trials. Specifically, in order
to estimate D(Jo, 1), the first HMM Ay is used to generate S sequences of length T. For each such sequence OZ., the
probabilities that the HMMs A and A generate this sequence, denoted P(O; |A0) and P(O; |A) respectively, are calculated
using the forward-backward algorithm described in Section 3.2. As the sequences were generated by A, the difference
P(O; [Ao) — P(O;M) is non-negative. When S and T are large

“n

D(Ag ) ~ % > [log P(O%1A0) ~ log P(OLIA)].

This process is then repeated for the second HMM A in order to estimate D(A, A9) and thus calculate the KL-distance

Dxi..

3.5 Logarithmic Returns

In Sections 5 and 6, logarithmic returns are used as a method to provide an assessment heuristic and heuristic sub-
sequence effectiveness, independent of absolute objective function values and is explained further here Each problem
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12 William B. Yates, Edward C. Keedwell, and Ahmed Kheiri

domain has its own objective function f, and the range of f may differ between problem instances, and problem
domains. Without a priori knowledge of the objective functions, the objective function values from different problems or
problem domains cannot be compared directly. Instead, following the methodology introduced in [Yates and Keedwell
2019], normalised subsequences of objective function values are compared.

Consider a series of objective function values 0y, 01, . . ., 0, observed after applying a subsequence s of n low-level
heuristics to some initial solution xg. The log returns of this series are simply the sequential differences of the log
objective values?

log(o1) —log(0o), log(o2) —log(01), .. .,log(on) —log(on-1)
and such subsequences are invariant to scaling. The sum of the n log returns is equal to the log return over the whole
subsequence. In symbols
n
; (log(o;) — log(0i_1)) = log (Z—';)
Logarithmic returns are used widely in finance where they are employed to compare two or more variables when the
originating price series consist of highly unequal values [Hudson and Gregoriou 2015].

The log return « of a subsequence s of length n is

aw=M&Jﬁ)
09
The unit log return f of a subsequence s of length n is

Bs) = = a(s)

The length of a subsequence is important because for many optimisation problems the execution times of the low-level
heuristics and objective function evaluations can be non-trivial. The set of all finite length subsequences is denoted S.
The unit log return f is used to order the subsequences s € S, so that subsequences with a low f are considered to be

superior to subsequences with a high .

4 VISUALISING ONLINE LEARNING

As described in Section 2, the primary method for understanding hyper-heuristic function is to visualise the learned
probabilities of heuristic usage. This shows the learned effectiveness of each heuristic over the course of the optimisation
run and can be used to provide insight for domain experts as to which heuristics are the most effective. With the SSHH
method, a further level of understanding is possible in that the developed HMM model can be interrogated to determine
overall progress and to understand the relationships between heuristics and the acceptance criterion. Two methods for

this are described below.

4.1 Progress visualisation using the Kullback Leibler Distance

The effects of online learning can be visualised using the concept of probabilistic length and the KL-distance. Specifically,
the effects of online learning on sSSHH’s HMM can be illustrated by plotting the log number of iterations performed by

SSHH against:

(1) the probabilistic length of each state transition vector in the HMM,
(2) the KL-distance between the current HMM and the initial equiprobable HMM,

2Objective functions that can produce negative or 0 values must be suitably transformed so as to remove them.
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Explainable Optimisation through Online and Offline Hyper-heuristics 13

(3) the KL-distance between the HMM before and after online learning, and

(4) the objective function value.

As ssHH employs an identity heuristic emission matrix, increasing the certainty of the next hidden state to be selected
is equivalent to increasing the certainty of the next heuristic selection. As certainty increases, so does the probabilistic
length of the corresponding state transition n-vector. Plotting the KL-distance between the current HMM and the initial,
equiprobable HMM shows how much learning has taken place overall, while plotting the KL-distance between the
current HMM before and after online learning shows how much has been learned during a particular learning episode.
These three plots are compared with a plot of the log number of iterations against the objective function value of the
best solution found so far. This plot shows the overall progress of the optimisation process. As online learning episodes
tend to occur less frequently as the optimisation process proceeds, a log scale for iterations is used to improve plot
clarity.

Figure 2 shows a typical run of sSHH on the NYT water distribution network problem [Yates and Keedwell 2021]. In
this example, an SSHH hyper-heuristic with six low-level heuristics is executed for 20000 iterations, and finds a minimum
solution after 3699 iterations, and 68 online learning episodes. After this point no further online learning takes place
and so the traces for probabilistic length, the KL-distances, and the objective function value remain flat. Figure 2a
demonstrates that, in this case, although online learning tends to increases the certainty of the next heuristic selection
as one would expect, some hidden states such as S1 and S5 can “forget” and revert to less certain selection probabilities.
The general increase in certainty is reflected in Figure 2d that shows that, overall, online learning consistently increases
the HMM distance from the initial equiprobable state. As the distance from the equiprobable state increases, so the
propensity of the HMM to produce certain subsequences of heuristics over others increases. The changes between HMM
states evident in Figure 2b indicate that although the largest changes between states occur early on in the optimisation
process, significant changes also occur later on. This supports the hypothesis, that the effectiveness of heuristics and

subsequences of heuristics can change during the optimisation process.

4.2 Visualisation of Probability Matrices

Whilst the KL-divergence plots provide an overview of optimisation progress from the model perspective, it is also
possible to undertake a deeper investigation of the probability matrices in SSHH. This can provide an in-depth under-
standing of heuristic utility, combinations of heuristics and the potential for intensification or diversification behaviours
for a given problem.

Figure 3 shows the average transition and acceptance check probabilities while solving a travelling salesman problem
(TSP) instance within HyFlex [Kheiri and Keedwell 2015]. HyFlex, (Hyper-heuristics Flexible framework [Ochoa
et al. 2012]), is a tool that was first proposed in [Woodward et al. 2008] and has been developed to facilitate the
development of selection hyper-heuristics, containing an implementation of several optimisation problems along with
the implementation of several low-level heuristics. The plots in this figure are averaged (at the end of a run) over 10
runs, with the algorithm run lasting 10 minutes each time, in line with the CHeSC 2011 competition guidelines. HyFlex
encapsulates the problem definitions and does not reveal specific problem instances to the user. This design supports the
implementation of a single hyper-heuristic that can be applied across multiple problem instances and various problem
domains. Therefore, while we know the problem type (TSP), we do not have details on the specific instance solved.

From the acceptance check matrix it can be seen that LLHS8 has a high chance to end the sequence, and several
low-level heuristics have high transition probabilities to move to LLHS8 as indicated in the transition matrix in black.

Manuscript submitted to ACM



677
678
679
680
681
682
683
684
685
686
687
688
689
690

692
693
694
695
696
697
698
699
700
701
702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728

14 William B. Yates, Edward C. Keedwell, and Ahmed Kheiri

1 0.16 ‘
——s0 |
P S [
82 014+ 1
——83 : ‘
——s4 |
08f|——s5 |
012 [
.07 |
% |
g 01} e
S 06
E £ |
> 05 £ 008 1
2 05 2 0.08 |
3 |
Z04f
2 0.06 - } ,
£ I |
03 ‘
‘ 0.04 } 1
02} ‘ |
- \
i 0.02F J
01 = ——4 ! |
/o
0 [ 0 ‘ { \
10° 10 10° 10! 102 10° 10*
Log Iterations Log Iterations
(a) Probabilistic length of each state vector. (b) KL-distance between HMM states.
106 14
|
104 2l .
|
|
10.2 |
1L J
|
|
=z 10 |
3 g 08 .
E E \
o 8 A
v 98 A |
Z o6l [
96 }
|
04} e
9.4 |
|
9.2 02 .
|
|
L L L | L L L |
10’ 10 102 10° 10 10° 10 102 10° 104
Log Tterations Log Iterations
(c) Log objective function value. (d) KL-distance from initial HMM state.

Fig. 2. The online learning traces generated by SSHH when optimising NYT (run 2) resulting in a cost of 44.8854 and resilience 0.4147.

This indicates that this low-level heuristic is contributing strongly to the production of the best solutions, whether
performed individually or in sequences. More specifically, a successful sequence of length two that combines LLH5
(which has high probability as seen from the acceptance check matrix) and LLH8 can be seen. A simulation of SSHH
operation using these probabilities reveals the following top three sequences: (i) LLH5-LLHS, (ii) LLHS, (iii) LLHO-LLHS.
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Even though LLHS is a successful heuristic, it achieves this good performance with the support of other low-level
heuristics (e.g. LLH5 and LLHO) that might seem to have low contribution to the best solutions, but are necessary for
overall success. A further investigation shows that LLH5 (and also LLHO) are perturbation operators, and LLHS is a hill
climber (local search algorithm). These combinations are typical in evolutionary computation, where perturbation is
applied first to explore the search space and support the diversification phase, followed by the application of local search
procedures to exploit the potential region of the search space and support the intensification phase. These observations
show the capability of the SSHH method in identifying good sequences and understanding the relationships between
low-level heuristics, and the visualisation of this space demonstrates how the low-level heuristics operate together to

deliver near-optimal solutions.
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Fig. 3. Transition and sequence construction frequency matrices for TSP [Kheiri and Keedwell 2015]

Visualisation of the emission matrix provides further understanding of the role of heuristic parameter setting in the
optimisation [Kheiri and Keedwell 2015]. Each low-level heuristic in HyFlex has an associated parameter that controls
its behaviour and takes a value in the range of [0, 1]. In [Kheiri and Keedwell 2015], these parameters are discretised
into 11 different parameters: {0.0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0}. The specific behaviour of each heuristic with
respect to this parameter is not disclosed by HyFlex. This intentional design choice encourages the development of
hyper-heuristics that can adaptively control these parameters without explicit knowledge of their internal workings.
Our approach relies on observing the outcomes produced by applying these heuristics with different parameter values.
After executing a heuristic with a specific parameter, we record the resulting objective value and whether it improves
the previous solution. This feedback guides the hyper-heuristic in adjusting the parameters to enhance performance
over time. Figure 4 shows the average parameter probabilities from 10 runs while solving a bin packing problem (BP)
instance within HyFlex. From this it can be seen that for a set of low-level heuristics (e.g. LLH2, LLH5 and LLH6) large
values are preferable, and smaller values are preferable for LLHO and LLH3. Whereas for others, such as LLH1, the
probabilities are distributed equally.

In [Kheiri 2020] SSHH was used to solve a large scale inventory routing problem (IRP), which has a very large
search space with many decision variables. In this work, a new emission matrix has been introduced, utilising extended
domain information that nonetheless manages low-level heuristics in a domain-independent manner. Figure 5 shows
the newly introduced matrix, referred to as solution parameter S, while solving an IRP problem instance. The aim is to
learn whether for the selected low-level heuristic to modify the same part of the solution that has been modified during

the application of a given sequence (when S = 0), or applying the selected heuristic to any part of the solution (when
Manuscript submitted to ACM
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Fig. 4. Probabilities of the parameter matrix for BP [Kheiri and Keedwell 2015]

S = 1). While solving the instance, it was observed that applying the sequence of low-level heuristics, starting with
LLHO followed by LLH18, produces high-quality solutions. Figure 5 shows clearly that for this sequence, LLHO is likely
to be applied to a randomly selected part of the solution, while LLH18 is likely to modify the part of the solution that
has been altered with LLHO.

4.3 Discussion

The methods described provide visualisation of a complex learning process, distilling the changing set of probabilities
into easy to interpret figures. Visualising the learning in this way allows for an understanding of the interplay between
low-level heuristic utility during the learning process. The K-L distance also allows the user to understand the progress
that is being made by the learning algorithm over time in a similar way to other machine learning algorithms such as
the loss curve for neural networks. These visualisations can help to identify anomalies in the training behaviour of
the algorithm and to gauge the level of progress made. The more granular visualisation of the low-level heuristics can
identify trends in the utility of heuristics, and in particular whether certain heuristics maintain their performance or
are ‘forgotten’ by the hyper-heuristic.The matrix visualisations reveal the interaction between low-level heuristics,
their parameters and acceptance strategies. This information can be used to understand the formation of sequences
within the algorithm through the transition probabilities and the potential for the objective function to be calculated. It
can be used to break down the traditional understanding of which operators promote exploration and intensification,
and to develop an understanding of new operators for whom these characteristics might not be known. This form of
visualisation can also aid in the fine tuning of heuristic sets and the synergistic operation of pairs or longer sequences

of heuristics for specific domains.

5 OFFLINE SUB-SEQUENCE ANALYSIS

The previous sections have focused on explainability within a hidden-markov model based hyper-heuristic. The
following sections describe methods for explainability more generally which can operate on any sequences of heuristic
invocation, regardless of how they have been generated. In [Yates and Keedwell 2019], the authors present a statistical
framework for the analysis of ordered subsets or subsequences of low-level heuristics based on logarithmic returns. The
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Fig. 5. Probabilities of the solution parameter matrix for IRP [Kheiri 2020]

role of subsequences in the search and optimisation process is investigated via the generation and analysis of a large
database of perturbation operations across a number of problems and problem domains. The results of this analysis
demonstrate that it is possible to statistically separate “effective” subsequences of perturbations, which tend to decrease
the objective function value which is to be minimised, from “disruptive” subsequences of perturbations, which tend to
increase the objective value, across most, but not all, problem domains.

Such effective subsequences can be used to improve hyper-heuristic performance either directly, by embedding them
in a suitable hyper-heuristic design, or indirectly as the inputs to an appropriate hyper-heuristic learning algorithm.

The statistical approach presented there establishes that subsequences of perturbations are important structural
parts of the heuristic search space and that successful selection hyper-heuristics must consider the context in which a
low-level heuristic is to be executed before making their selection. The following section explains how such a statistical
analysis can be applied to heuristics throughout the lifetime of an optimisation run to determine the volatility of
heuristics in solving a particular problem, which in turn will dictate heuristic selection and to what extent offline

learning can be used to solve a particular problem type.

5.1 Utility through Time

It is well known that some low-level heuristics are better suited to certain stages or phases of the optimisation process
than others. For example, the work of [Remde et al. 2007] on workforce scheduling, that of [Soria-Alcaraz et al. 2014]
on course timetabling, and [Yates and Keedwell 2021] on the optimisation of water distribution networks demonstrates
that some heuristics which are ineffective at the start of the search process prove to be highly effective at the end, and
vice versa, while others heuristics are mainly used at the beginning, middle or end of the process.

This section reproduces a method for capturing the differences in heuristic utility that occur during distinct periods
of the optimisation process first presented in [Yates and Keedwell 2021]. The water distribution network optimisation
problem, used here as an example, is a combinatorial optimisation problem requiring the optimisation of discrete
diameter sets usually to minimise cost and pressure constraint violations or to maximise resilience. This real-world
problem has many benchmarks available that can vary from tens to thousands of pipes and 10-20 pipe diameters
available.
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Consider a sequence of low-level heuristics selections, and the associated objective function values generated when
optimising a given problem. The current objective function value for a heuristic (or subsequence of heuristics) in a run is
the objective function value o, at time ¢ prior to applying the heuristic (subsequence). The sets HIGH and LOW consist of

all those heuristic instances which have a current objective function value
ot > P§, and o; < Py, 1)

respectively, where P{ is the 90th and P{; is the 10th percentile. The HIGH and LOW sets contain heuristic occurrences
that occur at the “beginning” of the optimisation process, when objective function values are relatively high, and at the
“end” of the optimisation process, when objective function values are relatively low. However, it should be noted that in
the absence of elitism in the optimisation process, the relationship between time and objective function value is not
necessarily linear. Calculating the percentile values over the heuristic sequences generated when optimising a number
of problems can lead to heuristic occurrences from a few problems dominating the sets; those that produce very high or
very low objective function values. Here the percentiles P" are calculated locally over the objective function values of
each optimisation run r = 1,..., N on each problem. This ensures that heuristic instances from all the problems are
included in the sets.

The heuristic instances can be further subdivided according to their current objective function values into 10 sets
Py = [PSO’P;OO]’ Py = [Pgo,Pgo]s P = [PS’P{()L

The utility of a heuristic (subsequence) can be estimated in a number of ways (see for example [Fialho et al. 2008;
Ozcan et al. 2010; Soria-Alcaraz et al. 2014; Yates and Keedwell 2019, 2021]). In this study the utility of a heuristic is
measured by the mean log return a of a set of N occurrences of a given heuristic s defined by

N

&({sl, .. .,sN}) = % Z a(sh).

i=1
Negative values of & indicate an effective heuristic, that tends to reduce the objective function value, while positive
values of « indicate a disruptive heuristic, that tends to increase the objective function value. In this classification,
heuristics that have a & that is zero, or close to zero, can be regarded as neutral. By way of contrast, in [Yates and
Keedwell 2021] heuristic utility is measured by the contribution of the heuristic to the optimisation process, which is
defined to be the proportion of the decrease (or increase) in the objective function value due to that heuristic.

By calculating a given measure of utility for each heuristic, over a number of optimisation runs, and each percentile
PT it is possible to estimate the relative utility of each heuristic during the optimisation process.

The heuristics in a percentile P can be ranked by their utility values. The change in utility order between percentiles
can be quantified by using the Spearman’s Footrule distance [Diaconis and Graham 1977]. The distance is calculated
by taking the sum of the absolute values of the difference between two ranks. In symbols, if o and 7 denote two
permutations of n elements such that o (i) and 7 (i) denote the rank of an element i = 1,.. ., n in the permutation, then

Spearman’s Footrule is defined by
n
d(o,7) = ) lo(i) = x(i)] ©)
i=1

and has a maximum integer value of m = L%nzj where | -] is the floor function. The greater the Footrule distance, the
greater the difference between the two orders. Large Footrule distances between percentiles indicate that the relative

utility of the low-level heuristics changes significantly during the optimisation process. This has important implications
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for online and offline learning. For example, when the change in heuristic utility is large, it is to be expected that online
learning can improve optimisation performance by allowing the hyper-heuristic to select the most effective heuristics
at any given point in time. It would also render offline learning less effective, as the learned sequences would only be

useful at particular points during the optimisation process.

Table 2. The WDN heuristics in the HIGH and LOW sets ordered by ascending mean log return &, the Spearman’s Footrule distance
d, and the normalised Footrule distance d’ = %

Problem Name [ Abbr. [ Set [ a-order (asc. left to right) [ d [ d ]
HIGH C5<R3<S4<My<S1 <M,

Two-R i TRN 10 | 0.56
‘wo-Reservoir Low Co <My < My < Rs < Sy < S
HIGH C5<S4<R3<S1<My<M,
York YT 12 .
New Yor N LOW Cs<My<My<R3<S1<8Sy 0.67
Fossolo FOS HIGH | Sq<C5 <R3 <51 < My < M 16 | 0.89

LOW Mo<My<Cs5<S1<R3<Sy
HIGH C5<R3<My<My<S1<Sy
Modena MOD LOW | My <Cs<Mo<Rs <8, <S4 6 | 033
HIGH C5<R3<My<My<S1<8Sy
LOW | C5<M;<My<S;<R3<54
HIGH C5<S4<R3<S1 <My<M;
LOW My <Cs<My<S1<R3<S4

Exeter EXN

All ALL 14 | 0.78

For example consider the 5 water distribution network problems TRN, NYT, FOS, MOD, and EXN presented in
[Yates and Keedwell 2021]. The results in table 2 show the low-level heuristics in the HIGH and LOW subsets ordered
by ascending mean log return @. The ALL row shows the HIGH and LOW subsets averaged over all 12 problems. The
Footrule distances indicate some large differences in the orderings of the Low and HIGH heuristic sets. For example,
notice how the M, heuristic changes from being one of the least effective heuristics in the HIGH sets, to one of the most
effective heuristics in the LOw sets. These large differences in rank indicate that different individual heuristics are
effective at different points in the optimisation process. Figure 6 shows the effectiveness of the low-level heuristics for
each percentile over all 12 problems; where MO — change one pipe diameter randomly, S1 — swap two pipe diameters at
random, M2 — increase or decrease a randomly selected pipe diameter by one size, R3 - “ruin” several (1-5) pipes and
rebuild randomly, S4 — shuffle several (1-5) pipes (i.e. makes several swaps) and C5 — two-point crossover of two vectors
of network pipe diameters. The plot illustrates the changes in heuristic effectiveness as solution optimality increases.
Notice that the two-point crossover heuristic Cs is the best performing low-level heuristic in all but the last two
percentiles P and P and S4 performs well initially but is the worst performer from P, onwards. These performance
characteristics align with expectations of operator behaviour, for example S4 is a disruptive shuffle operation which is
likely to make significant gains when objective function values are poor, but is disruptive to better performing solutions
as the optimisation progresses. Figure 7 shows the heuristic effectiveness for each heuristic class. The bars show the
maximum and minimum & values which demonstrate the ability of each heuristic to generate improving or worsening
solutions. The shuffle operators (Figure 7a) show the greatest variation as might be expected, whereas the mutation
operators (Figure 7d) show divergent behaviour. Operator M, demonstrates consistency at all objective function levels,
generating fewer strongly improving moves but also fewer strongly worsening moves. This behaviour sees it move

from being the worst-ranked heuristic in Py, to the best ranked in P{.
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Fig. 6. The mean log return o of the WDN low-level heuristics averaged over 10 local percentiles. Optimality increases from left to
right, while negative @ values correspond to reductions in the objective function value.

5.2 Discussion

Visualising individual heuristics and their efficacy at different stages during the optimisation process is an important
method of understanding hyper-heuristic behaviour. It is especially important for offline methods where due consider-
ation should be given to when to retrain the offline method during the optimisation. It is also important for online
methods which may not retain sufficient plasticity later in the search to enable a switch from an already learned set of
heuristic probabilities to another. Therefore the algorithm design should consider the likely change in heuristic utility
on a given problem before considering which approach will be taken. However, it is clear from Table 1 through an
understanding of the differences present in heuristic sequences (using Spearman’s footrule as a metric), that there is

potentially significant variation among problem instances even within the same domain.

6 CLUSTERING OF SEQUENCES

Thus far the focus has been on explaining the execution of the hyper-heuristic and the information learned during
optimisation. Cluster analysis methods can be used to form an understanding of the problems and domains from an
algorithmic rather than a subjective perspective. Typically problems and their difficulty are described in terms of the
number and type of decision variables, objective function complexity and the difficulty (e.g. multimodality) of the
resulting search space. However, for hyper-heuristics, these complexities are mediated by the number and type of
available low level heuristics and so methods of explainability can exploit the interface between algorithm and problem.
In [de Hoon et al. 2008; Duda et al. 2001] the k-medoids and the pairwise average-linkage clustering algorithms are used
to explore this potential for explaining the algorithm-problem nexus.
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The k-medoids algorithm is related to the k-means algorithm. Both the k-means and k-medoids algorithms partition
the data set into groups and both attempt to minimise the distance between points labeled to be in a cluster and a point
designated as the centre of that cluster. For the k-means algorithm, this point need not be an element of the set of data
points being clustered. In contrast, the k-medoids algorithm must use data points as centres (or medoids). A pairwise
average-linkage hierarchical clustering algorithm is used to construct binary trees. In average-linkage clustering, the
distance between two nodes is defined as the average over all pairwise distances between the elements of the two nodes.
The results of cluster analysis and the hierarchical cluster diagrams can facilitate the identification of similarities and

differences that occur when a selection hyper-heuristic is executed on a number of given problems (and domains).

6.1 The Smith-Waterman Algorithm

Methods are required to compare sequences of heuristics to obtain an understanding of the problem space from an
algorithmic perspective [Yates and Keedwell 2017]. However, the comparison of sequences is not straightforward. For
example, using the Hamming distance, two identical binary strings will appear dissimilar, that is, the Hamming distance
will be large if one string is shifted by one character in either direction. The Smith-Waterman algorithm [Smith and
Waterman 1981; Zhao et al. 2013] overcomes this problem by attempting to identify similar regions of any given pair of
strings. In bioinformatics, the Smith-Waterman algorithm is used to analyse the arrangement of DNA/RNA or protein
sequences. The algorithm performs a local sequence alignment by use of dynamic programming; instead of considering
the whole sequence, the algorithm compares subsequences of all possible lengths and optimises a similarity measure. A
large similarity score produced by the algorithm implies that the strings are very similar. A similarity score of 0 implies
that the two strings have no symbols in common.

The similarity measure is defined by a similarity matrix and a set of gap penalties. The similarity matrix defines
the positive score for matching two symbols or the cost of mismatching two symbols. The gap penalties specify the
score or cost of opening up a gap in a string and extending that gap in order to improve the fit with another string.
Although the similarity matrix and gap penalties can be adjusted to alter the behaviour of the algorithm, in general it is

not known which values are best suited for optimisation problems. As an example, consider the similarity matrix

L
C| -2 3 -2 =2
R
M

defined over the alphabet {L, C,R,M} employed in [Yates and Keedwell 2017], where the gap open and gap extend
penalties are —3 and —1 respectively. Given the target sequence (where M=mutation, C=crossover, R=ruin and recreate,
L=local search):

MCLRLRMRRRRLRMCMRRRRLLMRCMMRLMRRRRCRLLL

and the query sequence
LRRCMCLMLLLLL

the best match produced by the Smith-Waterman algorithm is shown in table 3. In this case there are 9 matches, 2

mismatches, 2 gaps, and 5 gap extends giving a score of (9 X 3) + (2X =2) + (2 X =3) + (5 X —1) = 12.
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Table 3. The output produced by the Smith-Waterman algorithm for the target and query sequences where the characters ‘|’ denotes
a match, ‘*’ denotes a mismatch, and ‘-’ denotes a gap. The Smith-Waterman score is 12.

Target | 22 | LMRCMMRLMRRRRCRLLL | 39

[*[1 1= [l
Query | 1 | LRRC-MCLM LLL | 11

The Smith-Waterman algorithm can be used to construct a simple notion of distance d between sequences. In symbols

sw(sy, 52)
Vsw(st, s1) sw(s2,52)

A low d value indicate that two sequences are similar or close. This function should only be loosely interpreted as a

d(s1,s2) =

distance function as it is not a metric in the formal sense, but for the purposes of explaining algorithm decisions it

provides a method to understand how similar two heuristic sequences are.

6.2 Cluster Analysis

A k-medoid clustering algorithm employing the Smith-Waterman distance can be used to separate an offline learning
database of heuristic sequences into a number of clusters. For clustering purposes, only the sequence selections up to
and including the minimum objective function value are used, as these are the selections that would normally be used
as learning algorithm inputs. The accuracy of the resulting clusters can be evaluated using the four commonly used
measures: purity, normalised mutual information (NMI), Rand index, and the F5 [Manning et al. 2008]. For each measure,
the worst clusterings have values close to 0 while a perfect clustering has a value of 1.

The cluster centre points (medoids) are the “typical” sequences for that cluster. A pairwise average-linkage hierarchical
clustering algorithm can be used to construct a binary tree of the cluster centres. When the clusters represent different
problems (or domains), and are well defined, the resulting hierarchical cluster diagrams can be used to identify similarities
and differences between problems and problem domains.

The two experiments presented in Sections 6.3 and Section 6.4 demonstrate that the sequences of heuristics produced
by a selection hyper-heuristic contain subsequences that (in some cases) are common to a particular problem instance
and that differ significantly between (some) problem domains. The existence of discernible subsequences of heuristics
lends weight to the argument that the ordering of a subsequence of heuristics is crucial to search efficacy and this
ordering varies with problem and problem domain. The ability to identify (similar) problems and domains from a sample
of heuristic selections can be used to guide the choice of learning algorithm and learning algorithm parameters for
unseen problem (domains) or those with novel heuristic sets without requiring problem specific information. These
results also demonstrate the suitability of the Smith-Waterman algorithm as a measure of sequence similarity for offline

learning applications.

6.3 Separating Problem Domains

This section contains an example, first presented in [Yates and Keedwell 2017], of using clustering algorithms to separate
a number of distinct problem domains.
HyFlex [Ochoa et al. 2012]) is again used here (see Section 4.2). The 4 domains employed here are:
(1) 1D bin packing (BP),
(2) permutation flow shop (PFS),
Manuscript submitted to ACM
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(3) boolean satisfiability (SAT), and
(4) personnel scheduling (PS).

Each problem domain contains 10 distinct problems of varying complexity. HyFlex hides all problem specific information
such as the solution representations, the solution constructions, and the low-level heuristic implementations. Each

HyFlex domain has four general classes of low-level heuristic:

(1) mutation (M) which perturbs a solution randomly,
(2) crossover (C) which constructs a new solution from two or more existing solutions,
(3) ruin and recreate (R) which destroys a given solution partially and then rebuilds the deleted parts, and

(4) local search (L) that incorporates an iterative improvement process and returns a non-worsening solution.

The actual number and implementation of the low-level heuristics differs between problem domains. A simple hyper-
heuristic is executed for 150 selections, 40 times on each of the 10 HyFlex problems in each of the 4 domain. The
resulting 40 X 10 X 4 = 1600 sequences of 150 heuristic class selections and objective function values are used to
construct the offline database.

A k-medoid clustering algorithm employing the Smith-Waterman distance is used to separate the entire offline

learning database of 1600 sequences into 4 clusters corresponding to the 4 HyFlex domains. The accuracy of the resulting

Table 4. Clustering accuracy for the 4 HyFlex domains.

[Purity [ NMI [Rand [F5 |
[ 0.8269 | 0.5954 | 0.7951 [ 0.8001 |

clusters are shown in table 4 and they demonstrate that the Smith-Waterman distance is able to form “good” clusters.
The metrics used within this table are commonly used metrics of clustering performance [Manning et al. 2008]. Purity
uses the class label for each class and divides the number of correct datapoints in each cluster by the total, a method
similar to an accuracy calculation in classification. NMI (normalised mutual information) uses an entropy calculation
between clusters and delivers a maximal value of 1.0. The Rand Index is widely used in statistics and effectively divides
the sum of the true positives and true negatives by the sum of all datapoints in the set. The F5 metrics penalises false
negatives more strongly than false positives and thus gives more weight to recall.

Figure 8 shows the result of applying an average-linkage hierarchical clustering algorithm to the 1600 sequences
of the offline learning database. As the tree obtained by clustering all 1600 sequences is too large to include here, the
sequences were broken down into 40 sets of sequences where each set contains the 40 runs for that problem. For
example, sequence set 1 consists of the 40 runs of problem 1 (domain 1), while sequence set 2 consists of the 40 runs of
problem 2 (domain 1), and so on. It is clear from Figure 8 that the clustering algorithm when using the Smith-Waterman
distance is able to separate the 4 underlying domains. In fact, it is quite remarkable that the method is able to distinguish
each of the four domains so accurately with only one outlier from heuristic sequences only. Furthermore this plot can
be used to identify outlier instances (e.g. instance 20) and to understand that PFS, SAT and PS are more closely related
to each other, than the 1D bin packing problem, from the algorithm’s perspective.
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Fig. 8. The result of average-linkage hierarchical clustering on the 40 sets of 40 sequences. Each leaf node identifies a sequence set
consisting of the 40 runs for that HyFlex problem. The blue labeled sequences are drawn from domain 1, the red labeled sequences
are drawn from domain 2, the green labeled sequences are drawn from domain 3, and the grey labeled sequences are drawn from

domain 4.

6.4 Separating Problems

This section presents the results of applying clustering algorithms to a number of Water Distribution Network problems

[Yates and Keedwell 2021]. Here the objective is to investigate how the choice of low-level heuristics affects the

optimisation process.
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In this example, the results of two average-linkage hierarchical clusterings on the 12 X 40 = 480 sequences produced
by SSHH on the 12 water distribution network problems [Yates and Keedwell 2021] are shown in Figure 9. For the BASE
clustering, SSHH is parameterised with the three low-level heuristics Mg, S1, Cs, while for the PIPE clustering, the SSHH
paramerisation includes an additional “novel” heurisric Pg. The associated accuracy measures for the resulting clusters

are shown in Table 5.

0.901
[ ‘ !
0.794 TRN
f ‘ !
0.589 0.778
0.452 HAN 0.724 0.688
F“lAAT [ ‘ 1 [ ‘
FOS GOY BIN 0.481 EXN 0.584
PES MOD BLA 0.47
0.344 TLN
NYT BAK

(a) Clustering the BASE parameterisation consisting of 3 low-level heuristics.

0.845
[ ‘
0.802 0.778
!—‘—\ f ‘ 1
0.436 BIN 0.596 0.745
MOD EXN FOS 0.43 0.613 0.618
[ ‘ 1 [ ‘ ! [ ‘ 1
PES HAN BLA NYT TLN 0.513
GOY 0.314
BAK TRN

(b) Clustering the PIPE parameterisation consisting of the 3 BASE low-level heuristics and the extra Pg heuristic.

Fig. 9. The result of average-linkage hierarchical clustering on the 480 sequences produced by SSHH on the 12 water distribution
network problems.

Table 5. A comparison of clustering accuracy. The clustering is performed on the entire set of 480 sequences.

Heuristic Set l Purity l NMI l Rand l Fs ‘

BASE 0.3312 | 0.3539 | 0.8335 | 0.3409
PIPE 0.3708 | 0.3944 | 0.8215 | 0.4076

Figure 9 illustrates that the TRN problem differs significantly from the remaining 11 problems (see figure 9a), and
that the differences between problems can change significantly when an extra low-level heuristic is added (see Figure

9b). Such knowledge can be used to improve the optimisation performance of a hyper-heuristic, by, for example, guiding
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the choice of optimisation parameters as in [Tsoumakas et al. 2004], the choice of low-level heuristics, or the selection

of appropriate training sequences for a machine learning algorithm.

6.5 Discussion

By using clustering and visualisation tools such as these, it is possible to view the problem instance set from the
perspective of the algorithm rather than a pre-ordained delineation by problem type as it is understood by domain
experts. This is important for a number of reasons. Where the underlying heuristics have common properties (as in
Hyflex) it can be used to identify similarities and differences between problem domains that may not be apparent prior
to optimisation and are only revealed once optimisation has been conducted. It also allows for a greater understanding of
the domains that are most closely related and therefore whether similar algorithm types and heuristic sets might be most
appropriate to solve them. In particular, clustering allows us to group together/distinguish problem instances based on the
sequences of low level heuristics used to optimise them. This facilitates our understanding of the problems. For example,
similar sequences of heuristics could indicate that the problems have similar structural characteristics/properties. It
can also help to identify which instances are most typical of their domain and which are outliers, providing greater
understanding of the difficulty of each instance and concomitant algorithm performance. Finally, when presented with
a new problem, the ability to identify which previously encountered problems are most similar to this new problem

provides a potentially better initial starting point for research as opposed to a completely blank slate.

7 CONCLUSION

In this paper we have proposed methods for the understanding of hyper-heuristics as a step towards explainable
optimisation through the analysis of sequences of low-level heuristics and the probabilities of selection, coupled with
statistical and clustering methods. It should be noted that while the K-L distances and investigation of the transition
matrices in section 4 are specific to hidden markov model-based approaches such as 3.1, the investigation of heuristic
sequences, utility through time and clustering can be performed on any selection hyper-heuristic providing it selects
and invokes low-level heuristics. These analyses enable an understanding not only of the best performing individual
heuristics, but also of algorithm progress, the best performing intensification and diversification strategies and an
understanding of how these change for different problems and stages of the optimisation lifetime. They also provide
an avenue for explainability to feedback into algorithm design. Each of the approaches has the potential to inform
changes to the algorithm formulation, parameterisation, algorithm behaviour or research pathway through an in-depth
understanding of what works within a particular domain. This is particularly important in an area such as hyper-
heuristics where the setup phase of the algorithm is quite often conducted manually and so guidance at this stage as to
high-performing heuristic sets or hyper-heuristics for similar domains can be particularly useful.

Developing an understanding of heuristic (operator) utility is the cornerstone of research in hyper-heuristics,
landscape analysis and adaptive metaheuristics, and the extension of this to include sequences is an interesting area
for further research. Understanding utility through time provides a further dimension for analysis as the effectiveness
of perturbations is known to vary during the optimisation, but delivering the most effective adaptation to this is still
an open research question. This work has shown that fully explainable optimisation requires analysis throughout the
optimisation run, not just through individual snapshots. Further investigations in this area might include a better
understanding of the effectiveness of selection and acceptance criteria through time in addition to the perturbation
operators. In particular, the parameterisation of selection operators and thresholding of acceptance criteria are also

likely to need to adapt to deliver high quality optimisation results and might prove a fruitful further avenue of research.
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The clustering of sequences of operation provide an insight into the algorithm-problem nexus and has the potential to
break down traditional problem domains. This automated approach has the potential to determine the similarities and
differences between problem instances and domains through the lens of the algorithm and heuristics being used, and
provides a further level of explanation for hyper-heuristic performance within a domain.

Finally, many of the above tools and those described for metaheuristics are focused on explaining the search
behaviour in a way that the algorithm developer can understand and feed into further algorithm design, or to extract
best performance from the hyper-heuristics being used. Explaining optimisation decisions for the end-user remains a
more difficult problem to solve as typically solutions are not produced by these methods through a systematic approach
that can be easily communicated. The metaheuristic or hyper-heuristic method of iterative cycles of perturbation and
acceptance decisions would appear to be relatively dissimilar to the way in which a human would approach the same
problem, making it difficult to find common ground between the approaches. Further work in this area would certainly
be welcomed to explain to an end-user how the final solutions produced by a hyper-heuristic have been produced

throughout an optimisation run.
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