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Section 1

Introduction: Search and Evolutionary Computation
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Search 101
Introduction

Find a sequence of actions to go from the
start state S to the goal state G.

▶ Actions have associated costs
▶ A heuristic function helps to evaluate

which state to go to next

Sometimes we are only interested in finding
the goal state.

This is why we do local search!
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Everything is Search
Example: Optimisation

▶ Find a set of numerical parameters that optimises a function
▶ The dimensions of a steel jacket of a wind turbine [BM21]

▶ The weights and biases of a neural network

▶ The hyper-parameters of an ML model to maximise accuracy [SSP+22]

▶ Find a combination of mathematical objects that optimises a function
▶ A sequence of algorithms to apply

▶ A permutation of storage depots to visit

▶ A set of neurons and their connections [SCLM19]

Learning, control, and optimisation, can all be expressed as search problems!
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Evolutionary Search
Searching in a box of states: X

In a nutshell, an Evolutionary Algorithm (EA) starts with a population P t ⊂ X of randomly
generated states. Then:

1. Stochastically select parent states Pµ ⊂ P t to recombine (selection)
2. Stochastically generate offspring states Pλ ⊂ X from parents (crossover)
3. Stochastically apply a perturbation to the offspring states Pλ (mutation)
4. Stochastically select the survivors for the next generation P t+1 ⊆ Pµ ∪ Pλ

This process will be repeated until a solution has been found or until enough generations
have been replaced.
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Section 2

Why are EAs good at search?
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Abstraction: Probability Distributions Evolving
Evolutionary operators are sampling techniques in disguise

A population can be thought of as a probability distribution changing through time [Leh24].

D1 D2 D3 . . .

P1 P2 P3 . . .

ϕ ϕ ϕ

ψ ψ ψ

D D D

From Lehre, P. K. (2024). Runtime Analysis of Population-based Evolutionary Algorithms. GECCO ’24.

Transformations ψ on a population P t results in a new population P t+1.
All metaheuristics do this!
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If all metaheuristics are just sampling the distributions through time,
why do we have so many different algorithms out there?



Exposing the ‘novel’ metaphors
Should we ban the word novel from research?

[Sör15]

[ACC+22] [CDS22]

There is even a ‘Pokédex’-like bestiary on GitHub! https://github.com/fcampelo/EC-Bestiary [CA18]
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How do we guide the search, then?
And what are the pitfalls of metaheuristics?



Downing, K. L. (2025, June 19). Prediction at the core of both natural and artificial intelligence. Norwegian AI Society Symposium, Tromsø, Norway. Photo by P. Bjørklund

“Gradients are simple, cheap
(and amazingly accurate)

predictors of future states”



We need to sample states that are
different!

And difference will hopefully be achieved by changing something.



Mutation: Small Steps
The Stepping Stones of Evolution

Small perturbations on existing solutions create new states to explore1

(0 1 1 0 0 1 0 0) mut−−→ (0 1 1 0 0 1 0 1)

1Exemplified here in discrete search spaces but generalisable to real spaces
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Crossover: Large Jumps
The Stepping Stones of Evolution

Large perturbations exploit promising solutions creating new states to explore2

(1 1 0 0 1 1 0 0), (0 1 1 0 0 1 0 0) cross−−−→ (1 1 0 0 1 1 0 0)

+

* 2

5 x

,
*

/ -
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+

/ 2
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2It can be argued that crossover is just mutation using a larger neighbourhood size!
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Selection and Survival
The Stepping Stones of Evolution

Simply put, selection is just deciding on how to choose the good states.

▶ Parent selection determines which states get to be generated
▶ Survival selection determines which of the generated states will be resampled

The key lies on generating good states.3

3What does good mean?
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Searching randomly
is not enough

We need might benefit
from context!



Section 3

Problem Characterisation
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Problem Characterisation
A smarter approach to search

It is useful to possess some a priori knowledge of the problem at hand [KPWT16].

▶ Domain knowledge: problem-specific information that is useful for the search.
▶ E.g., “these two depots are close, so probably visiting one after the other makes sense”

▶ Instance-specific: this specific instance has some exploitable structure.
▶ E.g., “the search space looks like this, so I should probably move in that direction”
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Problem-specific Operators
Using domain knowledge

Problem characterisation is useful when f is unknown [MBT+11], when we need to
generalise over several instances [BHK+19], or when we want to create
problem-specific operators.

A B

C D
O(n2) Crossings

⇒

A B

C D
2-opt Swap

TSP: Uncrossing local edges

Item A
$10 / 5kg
Ratio: 2.0

Item B
$12 / 4kg

Ratio: 3.0

Item C
$8 / 8kg
Ratio: 1.0

Evaluate P/W Ratio

⇒
Item B ($12 / 4kg)

6kg remaining

Greedy Choice

Knapsack: Profit/weight as a heuristic
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Exploratory Landscape Analysis
Using instance-specific information

Exploratory Landscape Analysis (ELA) is a way to find interactions between problem
instance properties and algorithm performance [MBT+11]. Originally proposed in 2010 to
assess BBOB’09 benchmarks [MPT10]. They looked at low-level properties resulting in
the following high-level properties:

▶ Multimodality

▶ Global structure

▶ Separability

▶ Variable scaling

▶ Search space homogeneity

▶ Basin size homogeneity

▶ Global to local optima contrast

▶ Plateaus
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ELA in Practice
Using instance-specific information

The classic ELA features included 50
different features. Today, many more have
been developed and are conveniently packed
in two main software packages: flacco [KT16]
in R, and pflacco [PT23] in Python.

▶ A GUI is available for flacco [HK17]

▶ Statistics from both packages can be
incorporated into IOH
workflows [WVY+22]
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The Algorithm Selection Problem
Using domain knowledge AND instance-specific information

▶ Performance complimentarity: different instances are best solved using different
algorithms [KHNT19]

▶ The Algorithm Selection Problem (ASP): Determine the appropriate solver for a
given problem such that algorithm performance is maximised [Ric76]
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But you can use both!

Using both domain knowledge AND instance-specific information is
necessary for automatic algorithm design!



The ASP and Hyper-heuristics
Using domain knowledge AND instance-specific information

Hyper-heuristics (HH) are algorithms to select or generate algorithms [BHK+19].

▶ Selection hyper-heuristics search in the space of solvers to select an appropriate
algorithm given the problem instance (or current problem state)

▶ Generation hyper-heuristics generate new heuristics or operators from primitive
components

To determine which operator or component to choose, we need problem
characterisation!
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Some work in HHs
Adaptive problem characterisation using EAs

▶ Master thesis on selection
HHs for 0/1 Knapsack and
Constraint Satisfaction [Sán17]

▶ WCCI 2020: A (1+1)-EA used
as a selection HH for 0/1
Knapsack [SOA+20]

▶ MDPI Appl. Sci. 2021: HHs
outperform single operators
even in hard
instances [SOA+21]



Section 4

Challenges in Search
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Challenges in Search
Besides expensive computations, what else could go wrong?

Many factors influence algorithm behaviour, so things can go awry even with problem
characterisation.

▶ Deceptiveness4

▶ When the search landscape is deceiving

▶ Linkage (or Epistasis)4

▶ When several problem dimensions are linked : related and dependent on each
other [PKF21]

▶ Noise4

▶ When there is uncertainty in the fitness evaluation [Sud18]

4All of these things happen in real-world applications!
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Landscape Structure
A deep dive into landscape analysis

Several structures can be identified
if we were to (somehow) plot the fitness
function [Ree14; MO21].

Algorithms and samplers (e.g. for
ELA) need to traverse this
landscape, which can be tricky.

Neutrality

Ruggedness

Fitness Valley

Sparse Local Optima
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Dense Valleys and Sparse Optima
Balancing the search

We have a hunch—dense fitness valleys are easy to navigate, while sparse local optima
are difficult to reach.

However, recent advances have been made to quantify exactly how difficult a problem5

might be depending on the amount of dense valleys and sparse optima in the search
space [Leh24; DL26].

5in the pseudo-Boolean setting
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A path is needed
An example from theory: BBFunnel

Different navigation tactics are
needed at different stages of the
search.

▶ Red areas reward exploration
▶ Blue areas reward exploitation
▶ Green areas are monotonic

BBFunel [DEL21], from Lehre, P.K. 2024. Runtime Analysis of Population-based Evolutionary
Algorithms. GECCO 2024
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A reachable path is needed
Theory: Level-based partition for pseudo-Boolean functions

Assume that we have a sampling process that has positive drift towards our goal [Köt24].
Then, the search space can be partitioned into partially ordered levels A1 . . .Am [Leh11]
leading to our goal. If:

1. The number of levels m is not too large: m ∈ poly(n),
2. The distance between two adjacent levels is short: O(1), and
3. The last level Am contains all optimal points,

then we can look for deceptive pairs, and see if local optima are ϵ-sparse and fitness
valleys are α-dense to determine the problem difficulty.
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α-density
More theory: SLOα

ϵ,r -hierarchy

Informal definition of α-density (from [DL26])

A subset C is α-dense with respect to D if at least a fraction α ∈ [0, 1] of its neighbours
are in D.

A′ is α-dense with respect to A because at least
α-neighbors are in A′

A′

A
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ϵ, r -sparsity
More theory: SLOα

ϵ,r -hierarchy

Informal definition of ϵ, rmax-sparsity (from [DL26])

A subset B is (ϵ, rmax)-sparse if it contains at most a fraction ϵ ∈ [0, 1] of all neighbours (in
all radiuses r1 . . . rmax ∈ [n − 1]) of all the states in the search space.

B is ϵ, rmax-sparse because it has at least a fraction ϵ of all
states that are reachable in O(1

n

(n
r

)
) for every

neighbourhood of size r ∈ [n − 1].
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Sparse optima create deceptiveness
More theory: SLOα

ϵ,r -hierarchy

Informal implications of α-density and ϵ, r -sparsity

▶ Good: if most of the neighbours of the current state lead to a better level
▶ Not good: if there are reachable areas from the current state that have better fitness

but do not lead to a better level
▶ Formally: a pair (Ai ,Aj) is f -deceptive if 1 ≤ i < j ≤ m and f (Ai) ≥ f (Aj)

Algorithms need to sample from better levels, which can be tricky if there are many
spikes that appear better but are not!
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The SLOα
ϵ,r -hierarchy for Pseudo-Boolean Functions

A good summary

Depending on the ratio of α and ϵ, a
hierarchy of problem complexity
can be made.a

▶ Short version from GECCO
2024 [DL24].

▶ Extended version from
Algorithmica, 2026 [DL26].

aAppropriate parameter setting is still
needed!

SLOα′

ε′

SLOα
ε

0 α′ α 1
0

ε

ε′

1

No Free Lunch

NEEDLE

exponential BB-complexity

polynomial non-elitist EA runtime

ONEMAX

LEADINGONES

JUMP, k = O(1)

exponential elitist BB-complexity

BBFUNNEL

DISOM’

From Dang, D.-C., & Lehre, P. K. (2026). The SLO Hierarchy of Pseudo-Boolean Functions and
Runtime of Evolutionary Algorithms. Algorithmica, 88(2), 32.
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Implications for Search and Optimisation
Wrapping-up

▶ We have a rough idea6 of how search works

▶ Domain knowledge helps us guide the search

▶ Instance-specific information helps identify problem structure

▶ However, the real world is way more nuanced!
▶ Our guess could be very wrong if the problem is deceptive, dynamic, or noisy

(or uncertain, or constrained, or multimodal, . . . )

▶ Applied research needs as much problem characterisation as possible

6more like an educated guess
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Before applying an algorithm, ask yourself:

Is there even something to learn?
(or some structure to exploit?)

Probably there is. Just look at the space :)

That’s it.
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