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Abstract—Understanding the behavior of numerical meta-
heuristic optimization algorithms is critical for advancing
their development and application. Traditional visual-
ization techniques, such as convergence plots, trajectory
mapping, and fitness landscape analysis, often fall short in
illustrating the structural dynamics of the search process,
especially in high-dimensional or complex solution spaces.
To address this, we propose a novel representation and
visualization methodology that clusters solution candidates
explored by the algorithm and tracks the evolution of
cluster memberships across iterations, offering a dynamic
and interpretable view of the search process. Additionally,
we introduce two metrics – algorithm stability and algo-
rithm similarity – to quantify the consistency of search
trajectories across runs of an individual algorithm and
the similarity between different algorithms, respectively.
We apply this methodology on a set of ten numerical meta-
heuristic algorithms, revealing insights into their stability
and comparative behaviors, thereby providing a deeper
understanding of their search dynamics.

Index Terms—algorithm trajectory representations, opti-
mization algorithm analysis

1. Introduction

Visualization techniques are a critical means of
shedding light on the behavior of metaheuristic numeri-
cal optimization algorithms. Conventional methods such
as convergence analysis, trajectory visualizations, and
fitness landscape analysis provide valuable insights into
aspects like convergence speed, diversity, and solution
quality. However, these approaches often fail to capture
the structural dynamics of the search process, particu-
larly in high-dimensional or complex spaces. Existing
methods rarely address the location of the solution
candidates in the search space, which can reveal cru-
cial information about the exploratory and exploitative
strategies of an algorithm.

We propose ClustOpt, a novel representation and
visualization methodology for metaheuristic numerical
population-based optimization algorithms, that focuses
on clustering solution candidates explored by optimiza-
tion algorithms. The methodology groups these candi-
dates based on their similarity in the solution space and
visualizes the evolution of cluster memberships across
iterations. It provides a dynamic and interpretable rep-
resentation of the search process, highlighting patterns
such as the emergence, dominance, or disappearance
of clusters over time. The resulting visualizations offer
insights into the algorithms’ navigation of the search
space, enabling a deeper understanding of their be-
havior. Unlike traditional visualization techniques that
focus solely on visualizations, our approach transforms
visualizations into structured representations that allow
for efficient comparison across multiple algorithms. It
enables large-scale benchmarking of optimization al-
gorithms’ sensitivity to initialization and the analysis
of their similarity based on detailed search trajectories.
We demonstrate the methodology’s applicability for an-
alyzing the behaviour of 10 single-objective continuous
optimization algorithms on the Black Box Optimization
Benchmarking (BBOB) [1] suite.

The remainder of the paper is organized as follows.
In Section 2, we present the related work, while in
Section 3 we explain the methodology of constructing
the representations. In Section 4 we demonstrate how
the representations can be visualized and used for dif-
ferent tasks. Finally, Section 5 concludes the paper and
specifies directions for future work.

Reproducibility: The code is available at https://
github.com/gjorgjinac/ClustOpt.

2. Related work

A prevalent method for analyzing the behaviour of
single-objective continuous optimization algorithms is
convergence analysis [2], [3], which seeks to determine



whether an algorithm converges to the global opti-
mum and the speed at which it achieves convergence.
However, this approach focuses on the quality of the
solutions, ignoring their location in the search space.

One of the biggest challenges of visualizing the
solutions explored by an algorithm during the search
procedure is the large number of solutions being ex-
plored, especially when the problem is high dimen-
sional. Consequently, several works have already at-
tempted to reduce the high dimensional data into two
dimensions using different dimensionality reduction
techniques such as Principal Component Analysis [4],
[5], t-Distributed Stochastic Neighbor Embedding (t-
SNE) [4], [6], Uniform Manifold Approximation and
Projection for Dimension Reduction (UMAP) [4], Sam-
mon mappings [7], [8], and Self-Organizing Maps [9].
An analysis of the ability of different dimensionality
reduction techniques to preserve meaningful informa-
tion about the population dynamics can be found in [4].
While such approaches are useful for visualization pur-
poses, they do not allow an automatic comparison of
algorithm behavior and may be too overwhelming for
manual examination when numerous algorithms, prob-
lems, and executions are compared.

Apart from methodologies based on dimensional-
ity reduction, graph visualization approaches have also
been proposed. For example, Local Optima Networks
(LONs) [10] represent fitness landscapes in terms of a
graph where local optima are nodes and search transi-
tions are edges defined by an exploration search opera-
tor. Similarly, Search Trajectory Networks (STNs) [11],
are graph-based visualizations where nodes represent
locations of the search space, not limited to local
optima, while the edges signify the progression be-
tween these locations. In this case, the search space
is partitioned into a predefined set of locations and an
algorithm’s optimization process is visualized by taking
the locations of representative solutions from each iter-
ation and connecting them into a graph structure. While
our approach bares similarities to the STNs, the main
difference is that we target the representation of the
entire search trajectory (all candidate solutions within
each population), while the STNs are representing only
a single representative solution from each population
(usually the best solution from each population). Ad-
ditionally, STNs produce a graph-based visualization,
while our approach produces a numerical representation
of the trajectory which allows it to be visualized and
compared to other trajectories using machine learning
(ML) approaches.

3. Methodology

We propose a methodology for visualizing algo-
rithm trajectories and representing them in terms of
numerical features. Given a fixed optimization problem
p of dimension d, and a set population-based algorithms
A = {a1, a2, . . . }, executed multiple times with random

seeds R = {r1, r2, . . . } for a budget of b iterations with
a population size s on the same problem, our proposed
approach enables the analysis and comparison of the
algorithm search behaviour. The proposed approach can
be used to analyze a single algorithm trajectory(|A| = 1,
|R| = 1), or multiple algorithm trajectories - different
executions of the same algorithm (|A| = 1, |R| > 1) or
executions of different algorithms (|A| > 1, |R| ≥ 1).

It consists of four main steps:

• Merging trajectories - The candidate solutions
explored by all algorithms in all iterations of all
executions are merged into a set S containing
|A| × |R| × b× s solution vectors of dimension
d.

• Scaling - To account for the fact that the d
different dimensions of the x ∈ S candidate
solutions may have different ranges of values,
we first scale all candidate solutions to be in the
range [0,1]. The scaling is done on the merged
set of trajectories jointly (i.e., including the tra-
jectories for all algorithms on all problem with
different seeds) in order to allow a comparison
of the results for different trajectories.

• Clustering - The scaled candidate solutions are
then clustered into c clusters. The search space
is thereby partitioned into areas of interest
which are shared across all executions of the
algorithms. In our experiments, we determine
the number of clusters using the elbow method
and apply k-means clustering with Euclidean
distance. We selected k-means clustering be-
cause it produces more spherical clusters, which
are generally easier to interpret and analyze.
We use a k-means++ initialization, which has
been shown to speed up convergence and often
improve the quality of clusters.

• Representation calculation - The proposed rep-
resentation is based on the number of solutions
from each iteration of the trajectory which be-
long to each cluster. For this purpose, for each
algorithm, execution, and iteration of the search
process, we count the number of candidate so-
lutions from the population generated by the
algorithm in the particular iteration which be-
long to each of the c clusters. The representation
of a single trajectory is therefore a vector of
b×c values, indicating the number of candidate
solutions from each of the b iterations which are
placed into each of the c clusters.

4. Results

We demonstrate the applicability of the proposed
methodology for the following purposes: i) Visualizing
algorithm trajectories; ii) Analyzing the sensitivity of
the optimization algorithm to its initialization; iii) An-
alyzing the similarity of different algorithms.



4.1. Data

We demonstrate the proposed methodology by an-
alyzing the trajectories of 10 algorithms from the
MEALPY [12] Python library on the Black Box Op-
timization Benchmarking (BBOB) benchmark [1]. We
use the first five instances from each of the 24 BBOB
problems in dimensions d = {2, 5, 10}. The instances
from the same problem class differ in shifting, scaling,
and/or rotation. The algorithms are executed with their
default parameters, a population size of 50 and a budget
of 10d iterations (500d function evaluations).

In particular, we select the following algorithms
for analysis: BaseDE (Differential Evolution) [13],
SADE (Self-Adaptive Differential Evolution) [14],
JADE (Adaptive Differential Evolution With Optional
External Archive) [15], SHADE (Success-history based
parameter adaptation for Differential Evolution) [16],
EnhancedAEO (Enhanced Artificial Ecosystem-based
Optimization) [17], ModifiedAEO (Modified Artifi-
cial Ecosystem-based Optimization) [18], OriginalAEO
(Artificial Ecosystem-based Optimization) [19], Aug-
mentedAEO (Augmented Ecosystem-based Optimiza-
tion) [20], HI WOA (Hybrid Improved Whale Opti-
mization Algorithm) [21], and OriginalWOA (Whale
Optimization Algorithm) [22]. We select these particu-
lar algorithms because they are variants of the Differen-
tial Evolution, Artificial Ecosystem-based Optimization,
and the Whale Optimization Algorithm. We therefore
expect some of the variants of the same algorithm to
have similar behaviour, and we use this to confirm the
validity of our representations. However, our representa-
tions are applicable to any population-based continuous
optimization algorithm.

4.2. Visualizing algorithm trajectories

In this section, we demonstrate how the proposed
methodology can be used for visualizing a single al-
gorithm trajectory and comparing it to trajectories of
other algorithms. We start off with an example of
how the proposed representations can be visualized.
We demonstrate the example on 2d problems, since it
is straightforward to visualize such problems without
a loss of information. However, the methodology is
applicable to problems of higher dimensions, and in the
following subsections we include analysis on 5d and
10d problems. Figure 1 depicts the representation of
the OriginalAEO, AugmentedAEO, and SHADE algo-
rithms on the first instance of the 5th 2d BBOB problem
(Linear Slope), while Figure 2 shows their behaviour
on the first instance of the 16th 2d BBOB problem
(Weierstrass).

Each subplot refers to a different algorithm. The
horizontal axis shows the cluster number, as well as the
location of the cluster centroid. The vertical axis depicts
the iteration number. The values in the heatmap cells
denote the number of candidate solutions which were
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Figure 1: Visualizations of the trajectories of the Orig-
inalAEO, AugmentedAEO and SHADE algorithms on
the first instance of the fifth 2d BBOB problem (Linear
Slope)

located in a particular cluster in a particular iteration.
White cells denote empty clusters. The maximal value
in the heatmap can be 50, i.e., the population size.

Comparing the visualizations of the three algorithms
on the 5th problem in Figure 1, we can see that in the
first iterations, they are all exploring different clusters,
however, they all converge to cluster zero with centroid
(4.99,4.99). This is expected since the problem visual-
ized is the linear slope function, which is convex and
very simple to solve. On the other hand, looking at
the algorithms’ behaviour on the Weierstrass problem
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Figure 2: Visualizations of the trajectories of the Orig-
inalAEO, AugmentedAEO and SHADE algorithms on
the first instance of the 16th 2d BBOB problem (Weier-
strass)

in Figure 2, we can see that the three algorithms have
completely different outcomes. In the last iteration, the
OriginalAEO algorithm has the majority of the can-
didate solutions in cluster 23, but is still doing some
exploration of the other clusters. The AugmentedAEO
algorithm ends up converging in cluster zero, with only
a single candidate solution in cluster three. Finally, the
SHADE algorithm is exploring multiple clusters and not
focusing on a particular one. This behaviour is due to
the fact that the Weierstrass function is highly rugged
and moderately repetitive, and its global optimum is not
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Figure 3: Visualization of the fifth 2d BBOB problem
(Linear Slope) and the candidate solutions explored by
the OriginalAEO, AugmentedAEO and SHADE algo-
rithms in the last iteration

unique [1].
To validate our representations, we visualize the

solutions explored by the three algorithms in two di-
mensions. Figures 3 and 4 contain a visualization of the
two previously investigated functions (Linear Slope and
Weierstrass). The horizontal and vertical axes denote
the two dimensions of the candidate solution, while
the color reflects the objective function value of the
solution (lighter is lower and better). The location of
the candidate solutions explored by the three algorithms
in the last iteration of the search is denoted in the
form of points on top of the color map. In Figure 3,
most of the solutions are located in the upper right
corner and are overlapping, meaning that the algorithms
converge to the same solution, which we also saw
in Figure 1. The AugmentedAEO algorithm has one
candidate solution which is different from the major-
ity of overlapping solutions located in the upper right
corner, while the OriginalAEO algorithm has two such
candidate solutions. This is also consistent with our
findings in Figure 1, where these two algorithms had
exactly the same number of candidate solutions located
in different clusters.

Focusing on Figure 4, containing the same visual-
ization for the Weierstrass problem, we can see that
in this case, most of the candidate solutions are not
overlapping. The exception is the AugmentedAEO al-
gorithm, which has most of the candidate solutions
overlapping around the point (1.8, 0) and a single
differing solution around the point (0.5, 3.8). The other
two algorithms have solutions in different area of the
search space. This is also consistent with Figure 2.

4.3. Analyzing the sensitivity of the optimiza-
tion algorithm to its initialization

In this subsection, we demonstrate the use of the
proposed representations to evaluate the sensitivity of
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Figure 4: Visualization of the 16th 2d BBOB problem
(Weierstrass) and the candidate solutions explored by
the OriginalAEO, AugmentedAEO and SHADE algo-
rithms in the last iteration

the optimization algorithm to its initialization, which
we further refer to as stability. To this end, we analyze
the execution of a single algorithm across different runs
(multiple executions with a different initial population).
We do this by aggregating the cosine similarity of
the proposed trajectory representation for trajectories
obtained by a single algorithm executed on a single
problem with different random seeds which impact the
initialization of the initial population, or more precisely:

stability(a, p) =
1

|R|(|R| − 1)∑
rk,rl∈R
rk ̸=rl

sim(va,p,rk , va,p,rl)
(1)

where a denotes an algorithm, p denotes a problem,
R is the set of all random seeds used for different algo-
rithm executions, sim represents the cosine similarity
metric, while va,p,rk is the vector representation of the
trajectory of algorithm a executed on problem p using
the random seed rk. The intuition behind this metric is
that algorithms which have high similarity of trajectory
representations when executed multiple times on the
same problem are more stable than ones with lower
similarities.

As an example, we demonstrate the behaviour of
the AugmentedAEO and BaseDE algorithms on the
first instance of the second BBOB 2d problem class.
According to our analysis, AugmentedAEO has a rel-
atively unstable behaviour on this problem instance,
with a stability score of 0.32. Conversely, the BaseDE
algorithm has a stable behaviour with a stability score
of 0.81.

Figure 5 shows the trajectories of these two al-
gorithms produced in two different executions on the
first instance of the second BBOB 2d problem class.
The visualization is generated following [4], with the
exception that we do not perform any dimensionality

reduction, since we have a 2d problem. Each subplot
contains a single trajectory. The axes on the bottom,
with range [-5,5], represent the values of the candidate
solutions in the two dimensions. The vertical axis, with
range [0,20], represents the iteration number, while the
color indicates the objective function value of the can-
didate solution. Comparing figures 5a and 5b, plotting
two runs of the BaseDE algorithm obtained with two
different random seeds, we can see that the distribution
of the candidate solutions is similar. In both runs, the al-
gorithm does not converge to a single solution, but finds
several solutions of similar quality. The locations of the
explored candidate solutions are similar in both runs,
regardless of the starting population. On the contrary,
comparing the two executions of the AugmentedAEO
algorithm in figures 5c and 5d, we can see a differing
search pattern. In Figure 5c, after the fifth iteration, the
AugmentedAEO algorithm is mainly doing exploitation
around the point (1.2, 0.4). On the other hand, in
Figure 5d, from iteration 3 to iteration 11, most of
the candidate solutions are located around the point (-
3.2, 0.4). In iterations 12 to 16, the algorithm jumps
to another area of the search space, located around
the point (1.3, 0.4). This means that the behaviour of
the AugmentedAEO algorithm is more affected by the
initialization of the first population, i.e., it is less stable
than the BaseDE algorithm.

Figures 6 and 7 show the mean algorithm stability
scores (aggregated across all instances of a problem
class) for each algorithm on each of the BBOB prob-
lems in dimension 2, and 5, respectively. We can see
that there are problems where all of the algorithms have
a relatively stable behaviour, and problems where some
algorithms experience lower stability. From Figure 6
we can see that in dimension 2, most algorithms are
relatively stable on problems 1, 5, 6, 14, 17 and 21.
This is especially pronounced for problems 1 and 5,
where all algorithms have stability scores above 0.85.
Considering the simplistic nature of these two functions,
it does make sense that most algorithms achieve stable
behavior and smoothly find the optimum across all runs.
From Figure 7 we observe that in dimension 5, the only
two problems where all algorithms are relatively stable
are 1 and 5. In this dimension the DE-based algorithms
(BaseDE, JADE, SADE and SHADE) have much higher
stability scores than the other algorithms, which are
more affected by the initialization. The same pattern
is also present for 10d problems, although we omit the
figure due to space limitations. This also makes sense,
since the problem dimension increases the complexity
and size of the search space, likely resulting in a larger
number of clusters.

4.4. Analyzing the similarity of different opti-
mization algorithms

When calculating the similarity of different opti-
mization algorithms, we take the mean similarity of
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Figure 5: Trajectories of the BaseDE and Aug-
mentedAEO algorithms executed three times on the first
instance of the second BBOB 2d problem class

the algorithm trajectories produced by a pair algorithms
on the same problem using the same random seed
(starting with the same initial population). In particular,
the similarity of a pair of algorithms am and an is
calculated as:

similarity(am, an) =
1

|R||P |∑
r∈R

∑
p∈P

sim
(
vam,p,r, van,p,r

) (2)
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Figure 7: Stability of the investigated algorithms on the
5d BBOB problems, averaged across problem instances



where R is the set of all random seeds used for
algorithm execution, P is the set of all problems, sim
is the cosine similarity metric, while vam,p,r is the
vector representation of the trajectory of algorithm am
executed on problem p using the random seed r. Note
that here we are comparing trajectories of different
algorithms initialized with the same population (same
random seed r), whereas in Equation 1 we are compar-
ing trajectories of the same algorithm initialized with
different populations (different random seeds). We do
this since when we are measuring stability, we are
interested in the behaviour of a single algorithm, ac-
cross different initializations. On the other hand, when
measuring the similarity of two algorithms, we want
to eliminate the effect of the random initialization on
the produced trajectories, so we therefore compare the
algorithms starting from the same initial population, i.e,
same random seed.

Figure 8 presents the mean algorithm similarity on
2d, and 10d problems. In the first subplot, containing
the similarity on 2d problems, we can see that the DE-
based algorithms (BaseDE, SADE, JADE and SHADE)
are clustered together and have similarity scores in the
range 0.64 – 0.72. The HI WOA and OriginalWOA al-
gorithms also have a quite high similarity score of 0.66.
Three of the AEO-based algorithms (EnhancedAEO,
ModifiedAEO and OriginalAEO) are clustered together
and have a similarity score of 0.58. Interestingly, the
AugmentedAEO algorithm bears a somewhat lower
similarity to the other AEO variants. We can also
observe that the similarities of variants of the same
algorithm are generally higher than the similarities of
variants of a different algorithm, which indicates that
our proposed representations are able to capture algo-
rithm similarities in a meaningful way. Focusing on
the results for 10d problems, we can see that the DE
variants and the WOA variants are still clustered to-
gether, although with somewhat lower similarity scores.
On the other hand, the AEO variants have relatively
low similarity scores with any other algorithms. This is
to some degree consistent with our analysis of their
stability, where these algorithms become unstable in
higher problem dimensions. An additional analysis of
the execution time of each step of the methodology can
be found in our github repository.

5. Conclusion

This paper introduced ClustOpt, a novel vectorized
representation and visualization methodology for ana-
lyzing the search process of optimization algorithms
by clustering solution candidates and tracking their
cluster transitions across iterations. This approach facil-
itated the definition of two key metrics: stability, which
quantifies the consistency of an algorithm’s trajectories
across different initial populations, and similarity, which
measures the resemblance of search trajectories between
different algorithms. By offering a means to track,
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Figure 8: Algorithm similarity across problem dimen-
sions for 2d (top), and 10d (bottom) problems.

quantify, and visualize the dynamic behaviors of opti-
mization algorithms, our framework provides valuable
insights into their exploratory and exploitative charac-
teristics, sensitivity to initialization, and comparative
behaviors, thereby enabling a deeper understanding and
refinement of optimization strategies. For future work,
we are planning to perform a comprehensive analysis
of the entire MEALPY Python library, to empirically
find variants of the same algorithm leading to the same
outcomes, so it can be a step further in addressing the
call for action related to the methaphor-based meta-
heuristics. Finally, we would like to point out that this is
an introductory study to the proposed methodology and
a more detailed analysis of the impact of the clustering
algorithm, its parameters, and similarity metric would
be useful to further understand its behaviour, outcomes
and limitations.
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