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Abstract

Hyper-heuristics, or simply heuristics to choose heuristics, represent a powerful approach to tackling
complex optimization problems. These methods decide which heuristic to apply throughout the
solving process, aiming to improve the solving process. While they have demonstrated significant
success across various domains, their suitability for all problem instances, even within a specific
domain, is not guaranteed. The literature provides many examples of successful hyper-heuristic
models for packing problems. Among those models, we can mention rule-based and fixed-sequence-
based hyper-heuristics. These two models have proven useful in various scenarios. This paper
investigates a genetic-based approach that produces hybrid hyper-heuristics. Such hybrid hyper-
heuristics combine rule-based decisions while firing heuristic sequences. The rationale behind this
hybrid approach is that we aimed to combine the strengths of both approaches. Although we expected
to improve on the individual performance of the methods, we obtained unexpected results.

Keywords: heuristics; hyper-heuristics; hybridization; knapsack problem; bin packing problem

1. Introduction

Solving combinatorial optimization problems requires finding a subset of items that not only
solves the problem but also maximizes or minimizes a quality criterion. Since many of these problems
exhibit huge search spaces (which usually grow exponentially with the number of inputs), in most
cases, it is unfeasible to conduct an exhaustive exploration of the search space. Consequently, we
usually rely on approximated solving methods to deal with such problems. So, we only explore a
fraction of the search space, which we consider likely to contain the best solutions. However, we
cannot guarantee that the solution found is optimal when using approximated methods.

In this context, approximate methods such as heuristics and metaheuristics have provided inter-
esting and straightforward ways to address these problems [1-3]. More recently, hyper-heuristics—
heuristics that choose heuristics—have emerged as a valuable solving alternative [4,5]. Hyper-
heuristics come in various forms, and many classifications have been proposed [6,7]. For example,
based on the learning process, we can classify them as online, where hyper-heuristics learn “on the
go" without previous training, and offline, where hyper-heuristics go through a training phase before
properly using them. We can also classify hyper-heuristics based on the type of heuristics they choose.
In this context, hyper-heuristics can be constructive, where the solving process starts from an empty
solution and adds elements to the solution iteratively, or perturbative, where the solving process
starts with a complete —and maybe unfeasible— solution that improves through the solving process.
Another way to classify hyper-heuristics concerns their internal representation, such as rule-based and
fixed-sequence-based hyper-heuristics. With rule-based hyper-heuristics, a system of rules decides
which heuristic to apply at a given search moment (defined by its current problem state), resulting in
an adaptive sequence of heuristics that solves the instance [8,9]. The process is straightforward: the
rule whose condition is closest to the problem state (using Euclidean distance) is the one that fires (it
decides which heuristic to apply). For example, in packing problems, applying one heuristic leads to
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packing one item, which modifies the problem state. The hyper-heuristic repeats this process, selecting
a suitable heuristic whenever it attempts to pack an item and stops when the problem is solved.
Conversely, in fixed-sequence-based hyper-heuristics, the hyper-heuristic represents a fixed-sequence
of heuristics used to solve the instances [10-12]. So, the sequence itself determines which heuristics will
be used in each decision. A distinctive characteristic of this approach is that it ignores the problem state
since the sequence is fixed from the beginning of the search. So, fixed-sequence-based hyper-heuristics
also choose one heuristic whenever they attempt to pack an item. However, they ignore the problem
state since the next heuristic to apply is already defined within the sequence.

Rule-based and fixed-sequence-based hyper-heuristics have proven reliable under different
optimization scenarios, each exhibiting specific pros and cons. For example, rule-based hyper-heuristics
adapt to different problem instances, which increases their versatility and applicability on large instance
sets. However, they tend to be more complex since they require to define more elements (including a
representative set of features that allow for the instance characterization), and their generation process
usually requires more resources. On the other hand, fixed-sequence-based hyper-heuristics are easy
to produce and interpret because of the few elements to define as part of their generation process.
For example, they lack the need to define features that characterize the instances. However, they are
limited to smaller instance sets since a fixed sequence of heuristics is unlikely to perform well on many
instances without any further adjustment process.

The apparent success of hyper-heuristics in various domains and continual design improvements
have led to the common assumption that more complex hyper-heuristic models invariably yield better
solutions. This is exemplified by approaches like the squared hyper-heuristic model [13] and recursive
hyper-heuristics [14]. However, this assumption may be a fallacy. Simply increasing complexity
does not guarantee improved performance, and there may be a point of diminishing returns or even
negative impact.

This work explores the feasibility of combining rule-based and fixed-sequence-based hyper-
heuristic approaches into a unique and supposedly more powerful hyper-heuristic model. Our
proposal defines a hybrid hyper-heuristic as a system of rules where each rule recommends a fixed
sequence of heuristics to apply. With this, we aim to verify if such an approach can combine the
benefits of both individual approaches. Unfortunately, as we will see later, combining the two models
seems to be a step in the wrong direction of hyper-heuristic design.

We have chosen two widespread packing problems to test our proposal: the knapsack prob-
lem (KP) [15,16] and the bin packing problem (BPP) [17,18], but we could easily extend it to other
problem domains. In both cases, we consider their most straightforward versions. Concerning the KP,
the items can only be packed or unpacked, but we cannot split them. Regarding the BPP, we work
with its one-dimensional online version. This means the bins and items only have one dimension:
the length. Also, because we deal with its online version, we receive only one item at a time, and we
cannot change the order in which we receive the items. Of course, the limitations exhibited by our
hybrid model in this work should be taken with caution since they might not appear in other instances
or problem domains.

We organize the remainder of this document as follows. Section 2 briefly reviews the most relevant
works related to our research. Section 3 describes the solution model and its operation. Afterward, the
experiments and results can be found in Sect. 4. Finally, Sect. 5 presents the conclusion and some ideas
for future work derived from this investigation.

2. Background and Related Work

Hyper-heuristics represent a family of methods that either create or combine heuristics, attempting
to improve the solutions” quality. They have become popular because of their many implementations
and promising results in various problem domains.

Hyper-heuristics have proven a powerful paradigm for tackling complex optimization problems
across several domains. Their ability to automate the design and selection of effective heuristics
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has led to significant advancements in problem-solving. Although a complete survey of hyper-
heuristic successes is not feasible here, the following brief overview demonstrates the breadth of their
applicability and explains their recent surge in popularity.

Aziz proposed ant colony hyper-heuristics to solve the Traveling Salesman Problem (TSP), claim-
ing that this approach produces reasonable quality solutions across different instances without ex-
tensive parameter tuning [19]. Ahmed et al. explored using hyper-heuristics to solve the Urban
Transit Route Design problem (UTRP). Their approach consisted of a sequence-based selection method
combined with the great deluge acceptance method [20]. Mahmud et al. explored self-adaptive hyper-
heuristics to solve the integrated supply chain scheduling problem, where supplier, manufacturer, and
batching decisions are simultaneously optimized in response to heterogeneous customer requirements
with time window constraints [21]. Guo et al. proposed a general framework for automatically design-
ing shop scheduling strategies based on hyper-heuristics. They summarized various state-of-the-art
technical points in the development process [22].

Besides, there are interesting works that bridge machine learning into the realm of hyper-heuristics.
Among those works, we can mention the work by Kletzander, where the authors combined reinforce-
ment learning to produce hyper-heuristics on six distinct problem domains [23]; Ortiz et al. and Zarate
and Ortiz, who used various machine learning algorithms to produce hyper-heuristics for solving
constraint satisfaction problems [24] and the knapsack problem [25], respectively.

Among the many implementations available in the literature, this work focuses on two particular
hyper-heuristic models: rule-based and fixed-sequence-based hyper-heuristics.

3. Solution Approach

As mentioned earlier, our solution approach combines rule-based and fixed-sequence-based
hyper-heuristics. To do so, we generate rules that recommend sequences of heuristics. This way, we
have merged the two hyper-heuristic models into a single unexplored hyper-heuristic model. Thus,
our model produces hybrid hyper-heuristics as depicted in Fig. 1. As we can observe, a hybrid hyper-
heuristic contains a set of rules. Such rules decide which heuristic sequence to use at a given search
moment. Although the sequences within each rule will remain unchanged once a hyper-heuristic
is generated, each instance is solved by the iterative application of distinct sequences of heuristics
because the different rules fire on each instance. So, the order in which these fixed sequences of
heuristics are applied to solve an instance changes from instance to instance according to its features,
which determines the rules that fire.

Rule 1 Rule 2 Rule 3

00101 11011 00111 01 11 18

11010 01011 00100 00 01 01

: | The genetic algorithm works with binary
: [sfrings which are decoded to interpret the
: hyper-heuristic.

0.813 | 0.344 | 0.125 nn : —
0.563 [ 0.938 | 0.125 n

Figure 1. A graphical representation of a hybrid hyper-heuristic combining the rule-based and fixed-sequence-

Heuristic
sequence

Problem state

based approaches.

For example, we depict three rules in Fig. 1. Each of these rules has three features that characterize
the problem state (the conditions), and for each rule, there is a corresponding three-heuristic sequence
to apply (the rule’s action). Please note that the user determines the length of the heuristic sequences.
So, if it drops to one, the model behaves as a traditional rule-based hyper-heuristic, where each rule
fires a single heuristic as an action.

In our proposal, a genetic algorithm is responsible for producing the hyper-heuristics. The work of
Ortiz et al. inspires this genetic algorithm [26], producing an initially random population of potential
hyper-heuristics. These potential heuristics evolve using genetic operators such as selection, crossover,
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and mutation. After several generations, the genetic algorithm returns the best hyper-heuristic found
so far, ready to be used on unseen instances. We provide a pseudo code of how the genetic algorithm
works in Algorithm 1.

Algorithm 1 The genetic algorithm used to produce hybrid hyper-heuristics.

Input: n: population size, p.: crossover rate, p,;: mutation rate.
Output: A hybrid hyper-heuristic.

1: Initialize a random population P containing #n potential hyper-heuristics.
2: Evaluate each potential hyper-heuristic in P.
3: Set the best hyper-heuristic in P as the best hyper-heuristic found so far, best.
4: while The process has not reached the maximum number of function evaluations do
5: Create an empty population P’.
6: while The number of hyper-heuristics in P’ is smaller than n do
7: Select two parents from P, HH 4 and HHp using tournament selection of size 3 and produce
a copy of each of them (HH/, and HHp).
8: With a probability p., combine HH', and HHJ, to produce two offspring that override HH,
and HHj.
9: With a probability p,;, mutate HH’,.
10: With a probability p,,, mutate HHp.
11: Add HH'; and HHj; to P'.
12: end while
13:  Replace the population: P = P’
14: Evaluate each hyper-heuristic in P.

15: If the best hyper-heuristic in P is better than the best hyper-heuristic found so far, update best.
16: end while
17: Return best.

It is critical to mention that our genetic algorithm uses a binary representation (as depicted
in Fig. 1), so standard crossover and mutation operators can be used. However, the length of the
chromosomes is variable since the genetic algorithm also finds the most suitable number of rules given
the instances in the training set. Although the number of rules is variable and defined throughout the
evolutionary process, the number of actions is the same for all the rules within the evolutionary process.
In other words, the heuristic sequences within each rule’s action are the same length. Thus, the user
defines the length of the fixed-sequence-based hyper-heuristics produced by the genetic algorithm.

Since the internal coding within the chromosome is binary, we used a conversion scheme to map
such chromosomes into real numbers we could use for the actual rules. For example, in Fig. 1, we
represent each feature using five bits, which results in 32 available values. Then, we divided the range
[0,1] into 32 discrete steps of 0.03125;( each and multiplied by its corresponding feature value. Thus,
100103 (181¢) is multiplied by 0.031251 to get 0.56251¢ ~ 0.56319, the value of the first feature in the
first rule. In the case of the heuristics, the conversion is straightforward: we just have to convert from
base 2 to base 10 to get the index of the heuristic to use.

Whenever an instance is to be solved, we characterize it (by calculating its current features). Then,
we calculate the Euclidean distance between the vector of features that characterize the instance to
each one of the conditions in the hyper-heuristic. The condition that minimizes the distance is the one
that best matches the problem state. Then, we apply the heuristics coded in the action of the winning
rule. The approach applies the heuristics in the exact order they appear in the rule. When we use such
heuristics to solve the problem partially, the remaining instance exhibits features that differ from the
previous ones, making it possible that a different rule may be selected the next time we invoke the
hyper-heuristic.

Please note that, in traditional fixed-sequence approaches described for packing problems, the
sequences are usually shorter than the number of items in the problem. Thus, the sequences rely on an
“extension procedure” that extends the sequence to manage all the decisions to solve the instance. For
example, if we use a sequence of three heuristics (hj, hy, h3) to solve an instance with nine items, some
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examples of extension procedures could be to repeat the sequence three times (hy, hy, hs, hy, hy, hs,
hy, hy, h3) or to apply each heuristic in the sequence three times (hy, hi, hy, hy, hy, hy, hs, h3, h3), to
mention a few examples. Each one of these strategies comes with pros and cons. However, we require
no such procedure in our case because our model applies the rules as often as needed until it packs all
the items or decides to stop packing.

3.1. Instance Characterization

For this work, we characterized the instances of the two problem domains using straightforward
features. In the case of the KP, we used three features related to the weights and profits of unpacked
items, described as follows:

*  The average weight of all the unpacked items in the instance.

*  The average profit of all the unpacked items in the instance.

*  The correlation between the profits and weights of the unpacked items in the instance. To calculate
the correlation, we rely on the Pearson correlation coefficient.

Concerning the BPP, we used five features related to the length of the items remaining to pack.
These features are described below:

¢  The average length of all the unpacked items in the instance.

¢  The scaled standard deviation of all the unpacked items in the instance (with respect to their
length).

¢ The percentage of small size unpacked items (items with a length smaller or equal to 15% of the
bin capacity).

¢  The percentage of medium size unpacked items (items with a length between 15% (non-inclusive)
and 30% (inclusive) of the bin capacity).

*  The percentage of large size unpacked items (items with a length over 30% of the bin capacity).

We calculate these features dynamically every time the solver must decide which item to pack
next. In both domains, the features are scaled to the range [0, 1] to facilitate the mapping between
features and heuristics. Additionally, we know that other features might be considered to characterize
the problem instances. However, we wanted to keep our analysis as simple as possible and compatible
with recent studies that have used these or similar sets of features on their corresponding problem
domains [25,27].

3.2. The Available Heuristics

Building upon previous research [25,28], we incorporated a set of well-established item-selection
heuristics for the KP. These heuristics operate by selecting a single item for potential inclusion in the
knapsack using the selection criteria outlined below.

e  DEF packs the items in the order in which they appear in the instance (no additional ordering is
conducted on them).

®  MINW prefers the item with the smallest weight. MINW assumes that leaving the most space for the
remaining decisions is likely to maximize the solution’s profit.

®  MAXP packs the item with the largest profit first. MAXP follows a greedy approach to fill the
knapsack since it assumes that maximizing the profit in each decision is likely to maximize the
solution’s profit.

*  MAXPW chooses the item that maximizes the profit-to-weight ratio. Although this heuristic also
follows a greedy approach, it focuses on the ‘“density” associated with the profit of an item.

Note that the heuristics for the KP use information from zero (DEF), one (MINW and MAXP), and two
(MAXPW) features, thus representing approaches with different levels of complexity.

Regarding the BPP, we have selected four straightforward heuristics [29] that consider information
about the open bins in the current problem state to decide where to pack the current item. These
heuristics are described as follows:
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®  FF packs the item in the next available bin where the item fits.

e  BF prefers the bin where the item fits the best, so it minimizes the waste. BF assumes that the less
space we leave in the bin is better for the overall solution.

®  WF packs the item in the bin that maximizes the space once the item is packed. This heuristic
attempts to leave the most space in the bin for future items.

*  AWF propagates the idea from WF, allowing it to pack the item in the bin with the second most
waste derived from packing the item.

Whenever a tie occurs, the first item chosen is always preferred. For the KP, we estimate the
quality of the solutions by calculating their profit, which is the sum of the profit obtained over all
the instances solved. In this context, the larger the profit, the better the solution. For BPP, we use the

n
bin usage, defined as: ) %, where # is the number of items to pack, Cy;4x is the maximum bin
i=0
capacity and C; is the current bin capacity. When using bin usage as a metric, a value of 1 indicates
that such a bin produces no waste. So, the best possible evaluation we can obtain when solving m

instances is m.

3.3. The Instances

For this work, we used synthetic instances generated using the method proposed by Plata et
al. [30]. We created these instances through varied configurations to explore diverse scenarios for each
problem domain.

For the KP, we generated 900 KP instances split in a training set of 100 instances and a test set of
800. Both sets were designed to be balanced, with each of the four available heuristics being the best
performer on approximately 25% of the instances within each set. This balanced distribution ensures a
representative evaluation. All 900 instances consist of 100 items each, with weights and profits ranging
from 1 to 64 units and a knapsack capacity of 128 weight units.

Regarding the BPP, we generated 1120 BPP instances. These instances were split into two sets:
training, with 120 instances and testing, with 1000 instances. As in the case of the KP, we also followed
the idea of balancing the instances. So, each heuristic represents the best option in 25% of the instances
in each set. All instances consist of 100 items each, with weights ranging from 1 to 64 units and a bin
capacity of 128 weight units.

These instances are freely accessible at https://drive.google.com/drive/folders/1BrDdTSpmheUmDS8
TZSoUcqHnFyvglL2yji?usp=sharing.

4. Experiments and Results

In this experiment, we analyze the impact of heuristic sequence length on the performance of
hybrid hyper-heuristics. We evaluated the hyper-heuristics on the training and test sets, systematically
varying the length of the heuristic sequences triggered by the rules. Specifically, we generated ten
hyper-heuristics designed to select a single heuristic, ten hyper-heuristics designed to select sequences
of two heuristics, and up to ten hyper-heuristics designed to select sequences of ten heuristics. To
generate each of these hyper-heuristics, we used the GA-based approach described in Sect. 3 using the
following parameters: 200 individuals in the population, crossover and mutation rate of 0.9 and 0.1,
respectively, and 5000 evaluations of the fitness function as stopping criterion. Each run of the genetic
algorithm produces one hybrid hyper-heuristic. As a result, we ran the genetic algorithm a total of 100
times per problem domain, i.e. to produce 10 hybrid hyper-heuristics for 10 different sequence lengths
for each problem domain.

4.1. Results on the Knapsack Problem

Figure 2 shows the performance of the hybrid hyper-heuristics on the test set, for the KP. There
is a fascinating, yet apparently contradictory performance. It seems that, as we increase the length
of the sequences, the number of rules that can fire within the hybrid hyper-heuristics, as well as
their performance, decreases. These results contradict those that we initially expected. Our idea was
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that using rules to fire sequences would be similar to providing the hybrid hyper-heuristics with the
opportunity to use different heuristic sequences according to the problem state, thus increasing their
adaptability. The results show that we were wrong to think that.

it

485000~

Method

482500~ = Hybrid HH-KP
— MAXPW

480000~

Cumulative prof

477500- . : ‘ . ! . . | .
i 2 3 4 5 6 7 8 9 10
Sequence length

Figure 2. Cumulative profit on the test set obtained by the hybrid hyper-heuristics produced with our approach.
We present the median performer (among ten hybrid hyper-heuristics) per sequence length as a blue line. The
shadowed blue region indicates the worst and best hybrid hyper-heuristic per sequence length (the wider this
region, the more variance we found on the hyper-heuristic performance). The red line represents MAXPW, the best
individual heuristic for this set, which we provide for comparison purposes.

To understand what occurs within the model, we studied the number of rules per hybrid-heuristic,
based on the length of the heuristic sequences they can produce. We must recall that, the genetic
algorithm decides, through the evolutionary process, the number of rules per hyper-heuristic, but
the length of the heuristic sequences is defined by the user. As we can observe from Fig. 3, the
number of rules decreases as we increase the length of the heuristic sequences such rules can fire.
This is an interesting finding since there is nothing coded within the genetic algorithm that explicitly
describes this behavior. It is, to the best of our understanding, an emergent behavior resulting from the
evolutionary process under these conditions.

3

2_ IIIIII
1- .I..
0-

i 2 3 4 5 6 7 3 9 10

Sequence length

Average number of rules

Figure 3. Average number of rules per heuristic sequence length in the 100 hybrid hyper-heuristics for the KP.

The number of rules per hyper-heuristic provides an interesting opportunity to analyze the
sequences’ complexity once such hyper-heuristics solve the instances. When solving a KP instance,
we have fewer decisions than items since the knapsack can run out of space before we analyze all the
items. So, the number of decisions, d < n, where 7 is the number of items in the instance. Assuming
each rule can fire heuristic sequences of length I, a hybrid hyper-heuristic hh is invoked d /I times
when solving a KP instance (every decision packs ! items). In this context, the number of rules, 7,
determines the potential recommendations of the hyper-heuristic every time it is called. In the best
case, each rule within the hybrid hyper-heuristic fires a unique sequence of heuristics (assuming no
repeated actions within the hyper-heuristic). Under these conditions, the number of different ways a
hyper-heuristic can solve an instance is given by 7#/!. According to the data from Fig. 3 and assuming

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202507.0242.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 3 July 2025 doi:10.20944/preprints202507.0242.v1

8of 13

a constant number of decisions d = 12 (the average number of items in the solutions generated in
this work), a hyper-heuristic that fires only one heuristic per action can generate around 3'2 = 531441
distinct ways to solve an instance (of course, this would be the behavior of a traditional rule-based
hyper-heuristic). When we compare this result against the case of hyper-heuristics with rules that
fire sequences of two heuristics, this number drastically decreases to around 4% = 4096 distinct ways
to solve an instance (less than 0.7% the number of options of the previous case). It is clear that, for
hyper-heuristics with rules that fire sequences of ten heuristics, the number is ridiculously small,

reaching a value around 11?/10 = 112

= 1, which means that such hyper-heuristics basically try
to solve all the instances using the same fixed sequence of ten heuristics. This analysis provides a
potential answer to why the performance of the hybrid hyper-heuristics decreases as we increase the

length of the heuristic sequences the rules can fire.

o
=]

Heuristic

100-
DEF
MAXP
B maxPw
504 B minw
i 2 3 4 5 6 7 8 9 10

Sequence length

Frequency of usage

Figure 4. Frequency of usage per heuristic sequence length in the 100 hybrid hyper-heuristics for the KP.

Although we found that the number of rules decreases as we increase the number of heuristics
within the action of such rules, we were also interested in finding the distribution of heuristics used
within the rules. Figure 7 shows the proportions of how the hyper-heuristics use the heuristics as part
of the sequences they produce. By a quick inspection, we can observe that MAXPW is the most used
heuristic within the rules. This behavior is consistent since this heuristic was the most successful when
used in isolation. Although the hyper-heuristics also consider other heuristics, their use is somewhat
limited compared to MAXPW. It is worth noticing that these results suggest that what matters the most is
the order in which these heuristics are applied more than the frequency. For example, in Fig. 7, the
sequences of lengths 2 and 10 exhibit similar patterns regarding the frequency of use of MAXPW and
MINW. However, their performance is entirely different (see Fig. 2).

4.2. Results on the Bin Packing Problem

Similar to what we observed in the KP, our experiments for the BPP show a trend where the larger
the heuristic sequences the hybrid hyper-heuristics can fire, the worse their performance. Again, from
Fig. 5, we can conclude that combining rule-based hyper-heuristics and fixed-sequence-based ones did
not work as expected. As in the KP, we expected this combination to provide the hyper-heuristics with
additional adaptive capabilities. Instead, they seem to have trouble as we increase the length of the
heuristic sequences the rules can fire.
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Figure 5. Cumulative bin usage on the test set obtained by the hybrid hyper-heuristics produced with our
approach. We present the median performer (among ten hybrid hyper-heuristics) per sequence length as a blue
line. The shadowed blue region indicates the worst and best hybrid hyper-heuristic per sequence length (the
wider this region, the more variance we found on the hyper-heuristic performance). The red line represents BF,
the best individual heuristic for this set, which we provide for comparison purposes.

Just as we did when we previously analyzed the impact of the number of rules produced per
sequence length for the KP, a similar analysis on the BPP shows results alike. In the case of the BPP, the
number of decisions per instance is equal to the number of items within the instance since all of them
must be distributed among the bins (d = n). Each rule fires heuristic sequences of length [, so we call a
hyper-heuristic ih /1 times to solve a BPP instance. If we assume no repeated actions in the rules of

1/l where r is the number of rules

hh, the number of distinct ways i can solve the instance is given by r
within hyper-heuristic k. Based on the results in Fig. 6, a traditional rule-based hyper-heuristic (one
that recommends only one heuristic per rule) can generate up to 4% ~ 1.60 x 10 distinct ways to
solve an instance. However, when the number of heuristics in the sequence increases to 2, the number
of distinct ways the hyper-heuristic can solve an instance drastically decreases to 3°° ~ 7.17 x 10%. As
we increase the length of the heuristic sequences within the rules, we observe how the number of ways
to solve the instances rapidly decreases. For example, we have 210 = 1024 options for sequences of ten
heuristics. Although this number is larger than what we observed for sequences of length 10 in the KP,
it is still small and potentially explains the decrease in the performance of the hybrid hyper-heuristics

when we increase the length of the sequences.

4

3-
2- I III
17 l..l
0-
i 2 3 4 5 6 7 3 9 10

Sequence length

Average number of rules

Figure 6. Average number of rules per heuristic sequence length in the 100 hybrid hyper-heuristics for the BPP.

Finally, as we did for the KP, we also analyzed the frequency of heuristics the hyper-heuristics
produced for the BPP can fire. Similarly to what we observed for the KP, the most used heuristic in the
BPP is BF, which showed the best performance when applied in isolation. Although the patterns for
sequences 6 to 10 heuristics are similar, their performance varies significantly. This result supports the
idea that how we use the heuristics is more important than how many times we use them.
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Figure 7. Frequency of usage per heuristic sequence length in the 100 hybrid hyper-heuristics for the BPP.

5. Conclusion and Future Work

As mentioned earlier, our solution approach combines rule-based and fixed-sequence-based
hyper-heuristics. To do so, we generate rules that fire sequences of heuristics. This way, we have
merged the two hyper-heuristic models into a single unexplored hyper-heuristic model. Thus, our
model produces hybrid hyper-heuristics as depicted in Fig. 1. As we can observe, a hybrid hyper-
heuristic contains a set of rules. However, this model is unique because these rules decide which
sequence of heuristics to use at a given search moment.

The literature has shown some encouraging results regarding various hyper-heuristic models. As
described before, rule-based and sequence-based implementations have proven reliable in various
scenarios. Our work went beyond the individual success of these two approaches. It explored the
feasibility of combining these two approaches into a single one, one that generates hybrid hyper-
heuristics that decide on the items to pack by using rules. However, the actions of such rules are
heuristic sequences. So, when an action fires, various items may be chosen for packing. Although our
results are still preliminary, we observed an unexpected result: using heuristic sequences as actions
within the rules decreases the hyper-heuristic performance as the sequences’ length increases. This
phenomenon was observed both in the KP and the BPP.

Although our results confirm that some lengths allow for the improvement of the results obtained
by MAXPW and BPP (the best heuristics for the instances considered in this work for the KP and the BPP,
respectively), we conclude that, at least for the cases studied in this work, it is not a good idea to allow
the rules to fire heuristic sequences. Instead, the traditional rule-based model (in which each rule fires
a single heuristic) obtained the best results in both the training and test sets for both domains.

How is this possible? We are going to be honest. When we started working on the hybrid hyper-
heuristics concept described in this document, we expected to improve existing results. Since almost
all ideas regarding hyper-heuristics we had implemented before had succeeded, we were also positive
this time. However, despite our efforts, we could not improve our results further. We already explained
how the number of rules coded within the hybrid hyper-heuristics might affect their performance
when recommending sequences of heuristics. Unfortunately, we have failed to explain why the genetic
algorithm tends to reduce the number of rules as we increase the length of the sequences.

We do not consider our results a complete failure since we observed that, in the case of the KP, 56%
of the hybrid hyper-heuristics improved on the average result of MAXPW, which was the best individual
heuristic for such instances. In the BPP, we can observe a similar result, where 44% of the hybrid
hyper-heuristics improved the average result produced by BF. Moreover, we have also confirmed an
important lesson: combining solvers that work on an individual level might not always result in a
better one. In other words, sometimes, it may be better not to combine.

We must mention that our model, as proposed in this document, exhibits a potential limitation
that might be related to its incapacity to improve on the traditional rule-based model. This potential
limitation is that the rules within the hybrid hyper-heuristics can only fire sequences of a fixed length.
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This means all the rules within the hyper-heuristic are forced to fire heuristic sequences with the same
length.

However, we want to stress the preliminary nature of this work since it is the first attempt to
explore combining these two hyper-heuristic approaches into one. For this reason, future research is
rich in opportunities. First, we should explore a different process for optimizing the hyper-heuristics.
In this work, we delegated this task to the genetic algorithm. The genetic algorithm is responsible for
evolving the rules’ conditions and their corresponding action. Although this seems sufficient when the
sequences are short (less than five heuristics), the task becomes more challenging as the sequences’
length increases. Based on these observations, exploring two independent optimization fronts seems
natural: one that focuses on finding the regions of the feature space to be affected (the conditions of
the rules) and another that improves the sequences that fire for those regions. Another path worth
exploring is to include other features and heuristics and extend our analysis to other relevant KP
instances. More importantly, future work must validate our preliminary findings and confirm whether
hybridization in hyper-heuristics harms the solving process.
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