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Abstract—Landscape feature representations play a central
role in automated algorithm selection and meta-learning for
black-box optimization, yet little is known about how different
representations agree (or disagree) in the structures they impose
on problem spaces. This paper presents a systematic unsuper-
vised evaluation of four state-of-the-art representations (ELA,
DeepELA, TransOptAS, and DoE2Vec) using a diverse set of
affine combinations of BBOB functions (MA-BBOB). By applying
extensive clustering analyses, coverage-based stability measures,
and cross-representation similarity assessments, we show that
each representation organizes the same problems in markedly
different ways: ELA and TransOptAS form compact geometric
structures, DeepELA provides a balanced intermediate view, and
DoE2Vec achieves strong semantic alignment but with substantial
fragmentation. Our results reveal that no single representation
dominates; rather, they capture complementary aspects of the
underlying landscapes. These findings highlight the importance
of multi-view analyses for understanding representation behavior
and offer guidance on selecting or combining representations
in downstream meta-learning and algorithm selection tasks. In
addition, across two different algorithm families (Differential
Evolution and Particle Swarm Optimization), we show that
landscape representations face an inherent trade-off in how
well they align structural landscape descriptions with observed
performance, indicating that no single representation can fully
capture algorithm performance.

Index Terms—problem landscape representations, unsuper-
vised learning, black-box optimization

I. INTRODUCTION

Selecting an appropriate optimizer for unseen single-
objective continuous problems is a key task in AutoML and
has attracted increasing attention. Automated algorithm selec-
tion (AAS) is typically formulated as a supervised learning
problem, where landscape features describe problem instances
and are mapped to algorithm performance to predict the best
algorithm for new instances [1], [2].

Most empirical studies rely almost exclusively on the Black
Box Optimization Benchmarking (BBOB) suite of the COCO
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platform [3], although it was not designed for algorithm selec-
tion. BBOB generates multiple instances per problem class via
random transformations, enabling controlled validation (e.g.,
leave-one-instance-out) but limiting diversity to structurally
related landscapes. This raises concerns about generalization
and robustness of models trained solely on BBOB. To address
this, recent work adopts leave-one-problem-out evaluation [4]
and cross-benchmark transfer settings, testing models trained
on one suite and applied to others (e.g., RANDOM [5], CEC,
ZIGZAG [6]) [7], [8]. As a result of these studies, two major
challenges have been consistently reported. First, current AAS
research is constrained by the lack of sufficiently diverse
benchmark datasets that adequately cover the broader problem
feature space. Second, existing landscape representations are
often not expressive enough to capture the underlying proper-
ties of optimization problems in a way that positions similar
problems close together and clearly separates fundamentally
different landscape structures. This issue is also reflected in the
performance patterns of the algorithms evaluated on them [9].
These limitations directly hinder the development of robust
and generalizable AAS models.

To overcome the risk of overfitting to the narrow benchmark
problem datasets, the community has increasingly focused on
expanding the instance space with new, more diverse prob-
lem landscapes [10]–[14]. Several strategies have emerged:
generating problems that mimic real-world behavior through
symbolic regression or Gaussian process simulations [15],
evolving synthetic instances with controllable problem land-
scape characteristics using genetic programming [16], and
more recently, creating smooth interpolations between BBOB
functions through affine combinations (MA-BBOB) [13], [17].
Together, these approaches bridge gaps between benchmarks,
strengthening generalization assessment and clarifying the re-
lationship between landscape features and algorithm behavior.

Conversely, several landscape analysis methods have been
developed to characterize problem instances via landscape fea-
tures [18]. The most commonly used approach is Exploratory
Landscape Analysis (ELA) [19], which computes low-level
features such as characteristics related to the distribution of
candidate solutions, local search behavior, convexity, meta-
model structure, smoothness, and ruggedness, using various
mathematical and statistical methods applied to sampled ob-
servations of a given problem instance. ELA-based features
are the most frequently adopted form of problem instance
meta-representation, but they come with notable limitations,
including poor robustness to sampling strategy and sample



size [20] and lack of invariance to transformations of the
problem space (e.g., shifting, scaling, or rotation) [21]. In
recent years, inspired by advances in deep learning–based
representation learning in natural language processing and
computer vision, several approaches using autoencoders (e.g.,
Doe2Vec [22]) and transformers (e.g., DeepELA [23], Tran-
sOptAS [24]) have emerged to learn richer representations that
capture problem landscape characteristics more effectively. A
recent study has investigated the generalizability of algorithm
selection models across different problem representations (i.e.
ELA features, Topological Landscape Analysis (TLA) fea-
tures [25], and deep learning–based representations such as
DeepELA, TransOptAS, and Doe2Vec) in single-objective
continuous optimization [9]. The results show that on out-
of-distribution problems, none of the feature-based models
outperform the simple single-best-solver baseline. A possible
explanation for the limited generalizability is attributed to
the design of the problem benchmark and its current use in
the algorithm selection community. Thus, new representations
are proposed and evaluated for algorithm selection, but their
captured information and complementarity in feature space
remain largely unexplored.
Our contribution: To address this gap, we propose an un-
supervised ML pipeline to analyze what information state-
of-the-art landscape representations capture and whether they
complement each other in feature space. For this study, we
use a single benchmark dataset: the affine problems cre-
ated by combining functions from the BBOB suite. These
affine problems improve upon standard BBOB by providing
a larger and more diverse set of instances. The benchmark
is represented by four different feature sets (ELA, Doe2Vec,
DeepELA, and TransOptAS) and the affine problems have
been clustered separately for each representation. This allows
us to quantify how pairs of combinations belonging to the
same problem classes and their instances are distributed across
the feature space. These distributions are further used to
construct a meta-representation that characterizes the bench-
mark under each representation and the similarity between
them is measured to determine which representations produce
comparable structures in the instance space. Our results reveal
that each representation organizes the problem space in a
fundamentally different way, emphasizing distinct geometric
or semantic properties of the underlying landscapes. These
structural differences highlight the complementary nature of
the representations and underscore the importance of multi-
view analyses when building robust meta-learning systems.
Outline: The remainder of the paper is organized as fol-
lows. Section II provides an overview of the related work,
followed by the methodology used for the empirical anal-
ysis in Section III. Section IV describes the details of our
experimental design, and the results are presented in Sec-
tion V. In Section VI, we outline the main discussion points
and limitations of the study. Finally, Section VII concludes
the paper and outlines directions for future work. The data
and code required to reproduce the study are available at:
https://doi.org/10.5281/zenodo.18410607.

II. RELATED WORK

Our study falls within the line of research focused on com-
plementary analyses of benchmark problem datasets. These
studies typically use multiple benchmark suites represented by
the same problem feature set and then analyze their structure
through clustering, with insights drawn primarily from visual
inspection of the resulting clusters.

Škvorc et al. [26] investigate how ELA features can be used
to visualize benchmark problem datasets by combining clus-
tering and a dimensionality reduction technique. The analysis
includes two well-known suites: BBOB and the CEC special
sessions and competitions on real-parameter single-objective
optimization. Their results show that ELA-based visualizations
can clearly reveal the structure of a benchmark set, placing
similar problems close together in the feature space. The anal-
ysis also indicates that certain subsets of problems within these
benchmarks form distinct, non-overlapping groups. Eftimov
et al. [27] investigate linear matrix factorization represen-
tations of ELA-based benchmark problem features and use
correlation analysis on the resulting latent representations to
compare the original BBOB problems with newly generated
instances. Lang and Engelbrecht [28] apply reliable ELA in
combination with a self-organizing feature map to cluster
a broad set of benchmark functions, including those from
BBOB, CEC 2013–2017, and 118 miscellaneous problems.
Their results lead to the proposal of a new benchmark suite that
achieves more comprehensive coverage of the single-objective,
boundary-constrained problem space. Xing Long et al. [29]
introduce an approach for characterizing highly nonlinear and
finite-element (FE) simulation–based engineering optimization
problems, focusing on ten representative automotive crash-
worthiness cases. By computing characteristic Exploratory
Landscape Analysis (ELA) features, it is shown that these
crashworthiness problems exhibit landscape properties that
differ substantially from those in classical benchmark suites
such as the widely used BBOB set. Clustering analyses further
demonstrate that these ten problem instances form a clearly
distinct group relative to the BBOB test functions. Kudela
and Jurı́ček [30] use both the standard and newly generated
classes of GKLS problems [31] to benchmark three state-of-
the-art optimization methods from the evolutionary and de-
terministic communities. They further compute ELA features
for the GKLS generator and compare them with the ELA
characteristics of two widely used benchmark suites, BBOB
and CEC 2014. The practical interpretability of ELA features
and t-SNE visualizations for such problems remains unclear.
The superficial similarity of some GKLS-generated problems
to a few BBOB functions, together with the large variance ex-
hibited in the t-SNE embeddings of GKLS instances, illustrates
the boundaries of where ELA can be applied meaningfully.
Cenikj et al. [32] evaluate three heuristics for selecting diverse
problem instances using their ELA-feature representations,
ensuring that the chosen instances support more robust and
statistically reliable comparisons of optimization algorithms.
Nikolikj et al. [33], [34] introduce a workflow for assess-



ing how well a predictive model for algorithm performance
generalizes when trained on one benchmark suite and applied
to another. They define statistical and empirical indicators to
quantify similarity between benchmark suites (BBOB, CEC
2013-2015) based on their ELA representations. Their eval-
uation, which trains models across benchmark suites, shows
that similarities in the landscape-feature space are mirrored by
generalizability patterns in the performance space.

Dietrich and Mersmann [13] introduce affine recombina-
tions of BBOB function pairs to create extended benchmark in-
stances. Their dimensionality-reduction analysis demonstrates
that these newly generated functions effectively “bridge the
gaps” between the original benchmark functions within the
ELA feature space. Built on this work, Vermetten et al. [17] in-
troduce the MA-BBOB benchmark generator, which generates
new problem instances through affine combinations of original
BBOB functions while allowing arbitrary placements of the
global optimum. They analyze the coverage of these newly
generated instances relative to the original BBOB problems
by representing both sets with ELA features and visualizing
them using Uniform Manifold Approximation and Projection
(UMAP). Their results show that many affine problems cluster
closely together. Although some regions between existing
BBOB problems are filled, the function generation process
does not appear to produce instances that lie close to every
BBOB problem in the feature space.

In addition to these studies, several works that introduce
new problem representations also compare them against ELA-
based representations using various visualization or analytical
techniques. Van Stein et al. [22] project the latent spaces
of an autoencoder and a variational autoencoder from the
DoE2Vec approach into a 2D space using multidimensional
scaling (MDS), providing a parallel MDS visualization for
ELA feature vectors. Their results show that the ELA-based
space forms more distinct clusters, whereas the AE and VAE
latent spaces display a more continuous overall structure.
Cenikj et al. [7] analyze the performance alignment between
problem instances with similar representations—derived from
TransOptAS and from ELA features—to assess the quality
of algorithm selection. Seiler et al. [35] conduct a Spearman
correlation analysis between DeepELA and ELA features,
as well as between DeepELA and TransOpt representations,
using affine BBOB functions. However, a systematic analysis
of benchmark suites under different problem representations
is still lacking, as well as quantitative methods to assess how
representations position instances in feature space. Existing
work relies mainly on visualization, leaving this gap unre-
solved. Our study moves beyond visualization by providing a
more systematic analysis.

III. METHODOLOGY

The methodological goal is two-fold: first, to uncover the
similarity structures that emerge within each individual rep-
resentation; and second, to assess whether these structures
remain stable when different feature extraction approaches
are applied. We hypothesize that problems exhibiting similar

landscape or behavioral properties will form consistent clusters
across representations, regardless of the specific feature design.

Let X(r) denote a benchmark dataset, where r indexes
the representation (i.e., the specific feature portfolio used to
represent the problems), n is the number of unique problems,
and x

(r)
i ∈ Rdr is the feature vector (meta-representation)

describing problem i under representation r. The same set
of benchmark problems is thus encoded through r different
representations, each offering a distinct perspective on the
underlying landscape properties. Together, these representa-
tions provide complementary views of the same problems,
enabling a cross-representation evaluation of their structural
consistency.
Clustering: To partition the problems into groups (clusters),
we apply multiple unsupervised clustering algorithms with
different hyperparameter settings to each representation in-
dependently. The goal is to identify, for each representation,
the hyperparameter configuration that yields the best cluster-
ing performance across the problem instances. The general
clustering process is formalized as y(r) = f(X(r); k, θ),
where f(·) denotes a clustering algorithm parameterized by
θ and k specifies the number of clusters. The silhouette score
[36] assesses the geometric compactness and separability of
clusters in each feature space by comparing, for each problem
instance, how close it is to instances within its assigned cluster
relative to instances in the nearest neighboring cluster. In this
way, the score captures whether instances are well matched
to their own clusters and well separated from others, and
it has been used to find the best clustering hyperparameter
configuration. By applying clustering separately to each rep-
resentation, we can analyze how each feature space captures
structural relationships among the same set of problems and
subsequently compare the outcomes using internal and cross-
representation evaluation measures.
Within representation analysis: To understand how problem
instances distribute across clusters, we compute coverage ma-
trices that capture the absolute number of times each problem
appears in each cluster. For a given clustering result, we
construct a matrix Cr ∈ Rn×k, where the entry Cij denotes the
number of instances of problem i that are assigned to cluster j.
This preserves the raw frequency structure of the assignments:
large values indicate that a problem consistently falls into a
particular cluster, whereas smaller or scattered values suggest
weaker or unstable grouping. These matrices allow us to
examine important aspects of the clustering behavior: the
consistency with which problems appear in the same cluster
and the fragmentation of problems that are distributed across
multiple clusters. After obtaining the coverage matrix for each
representation, which provides an indication of how problems
distribute across clusters, we apply standard external clustering
metrics: homogeneity (H), completeness (C), and v-measure
(V) [37], to assess the grouping structures they produce.
Homogeneity measures whether each cluster contains only
members belonging to a coherent grouping across represen-
tations, whereas completeness evaluates whether all instances
of a coherent grouping are assigned to the same cluster.



Cross-representation analysis: These cross-representation
analyses allow us to assess how consistently different fea-
ture constructions capture the underlying relationships among
problems. To compare two representations, we examine their
coverage matrices and derive a vector-based description of
each cluster. Specifically, every cluster is represented as an
n-dimensional vector whose entries correspond to the number
of times each problem appears in that cluster. Thus, for
representation r, the meta-representation of cluster j is defined
as c

(r)
j =

(
C

(r)
1j , C

(r)
2j , . . . , C

(r)
nj

)⊤ ∈ Rn.
To quantify how similarly two representations organize the

problems, we compute the cosine similarity between clusters
from two representations. High similarity values indicate that
the two representations encode comparable grouping patterns,
whereas lower values reflect divergent latent structures. By
organizing these similarity scores into a similarity matrix and
applying a clustering method (e.g., hierarchical clustering),
we can identify sets of clusters that express similar latent
relationships across representations.

IV. EXPERIMENTAL DESIGN

Below, we outline the benchmark suite, problem feature
representations, and clustering methodology used to generate,
characterize, and structure the large suite of transformed
optimization problems.
Benchmark suite: We use the first five instances (m,n ∈
{1, . . . , 5}) of all 24 BBOB problem classes [38] to generate
affine recombinations following [17]. Each class specifies
a function type (e.g., Sphere, Rosenbrock), while instances
share the same functional form but differ through shifts,
rotations, or scalings. For each pair of distinct classes i ̸=
j, we blend their corresponding instances Pi,m and Pj,n

(with m = n) via an affine transformation controlled by
α ∈ {0.25, 0.5, 0.75}, defined as F (Pi,m, Pj,n, α)(x) =
exp

[
α log(Pi,m(x) − Pi,m(Oi,m)) + (1 − α) log(Pj,n(x −

Oi,m + Oj,n) − Pj,n(Oj,n))
]
, where Oa,b denotes the opti-

mum of Pa,b. Recombining each instance with those from
the remaining 23 classes yields 8,280 transformed problem
instances that are created from 552 problem combinations. Fol-
lowing [39], each instance is evaluated via a Latin Hypercube
Sample of size 50d, with dimension fixed at d = 10.
Problem landscape representations: We evaluate four state-
of-the-art problem representations: ELA, Doe2Vec, TransOp-
tAS, and DeepELA. ELA features are computed with the
flacco Python library [40], using only feature groups that
require no extra function evaluations, yielding 62 features per
instance. Doe2Vec produces a 32-dimensional latent vector
via a variational autoencoder trained on objective values from
250,000 synthetic problems [22], using a fixed candidate-
solution sample for both training and inference. TransOptAS
learns 50-dimensional embeddings with a transformer encoder
trained to predict algorithm performance on 30,000 synthetic
problems [24]. From the learned model, we discard the re-
gression head and use the penultimate layer as the feature
representation (here trained for the Particle Swarm Opti-
mization (PSO) portfolio). DeepELA provides 48-dimensional

TABLE I: Clustering Algorithms and the Search Space of
Their Hyperparameters Used to Identify the Best Configura-
tion

Algorithm Parameter Value

Agglomerative n clusters [5, 500] (step = 5)
linkage ward, average, complete

K-Means n clusters [5, 500] (step = 5)
n init 10, 20
random state 42

Spectral n clusters [5, 500] (step = 5)
affinity nearest neighbors, rbf
random state 42

Gaussian Mixture n components [5, 500] (step = 5)
covariance type full, tied, diag
random state 42

BIRCH n clusters [5, 500] (step = 5)
threshold 0.5, 1.0

features using a self-supervised transformer designed to be
invariant to function transformations [23], evaluated here in
its pre-trained single–forward-pass variant. All three deep-
learning–based representations are trained on randomly gen-
erated functions [5], entirely separate from the data used later
for algorithm performance prediction.
Clustering and hyperparameter search: To systematically
explore the clustering space, we have performed a large
grid search over multiple algorithms and hyperparameter set-
tings, evaluating K-Means [41], Agglomerative clustering [42],
Spectral Clustering [43], Gaussian Mixture Models [44], and
BIRCH [45], [46]. Each method has been applied to every
dataset representation using cluster counts ranging from k = 5
to k = 500 with step size 5, enabling an examination of
structures ranging from coarse groupings to highly granular
partitions. Each configuration has produced a cluster assign-
ment y(r)k , forming a large experimental grid across algorithms,
parameters, and cluster sizes. The experiments were executed
on an AMD Ryzen 7 4800H CPU, with the default system
configuration, and the full set of CPU-based experiments
required approximately 5,000 minutes. Clustering quality has
been assessed using the Silhouette Score, which provides a
compact measure of cluster cohesion and separation and is
well-suited for comparing a large number of solutions. Table I
describes the hyperparameters and their ranges for each tested
clustering algorithm.

V. RESULTS

Table II reports the clustering performance (silhouette score)
of the best configuration, i.e., the top-performing algorithm
and its hyperparameters, for each landscape feature represen-
tation. In addition, after constructing the coverage matrices
(552 × k), the homogeneity, completeness, and v-measure
scores have been computed for each representation. Here,
the coverage matrix has 552 rows, corresponding to the
552 problem combinations obtained by pairing two different
BBOB problem classes, while the columns correspond to the



TABLE II: Clustering performance of best-scoring models for each feature representation.

Dataset Algorithm Parameters Silhouette Homogeneity Completeness V-measure

ELA Agglomerative ‘n clusters=6, linkage=’average’ 0.350519 0.0936 0.5878 0.1615

DeepELA KMeans ‘n clusters=12, n init=20‘ 0.201622 0.2332 0.6135 0.3379

DoE2Vec KMeans ‘n clusters=355, n init=20‘ 0.172239 0.5612 0.6180 0.5882

TransOptAS Agglomerative ‘n clusters=5, linkage=’average’ 0.266997 0.0492 0.6120 0.0910

k clusters. Combinations generated from different instances of
the same problem pair and different values of α are grouped
together and treated as variants of the same underlying prob-
lem pair constructed under different parameter settings, with
the entries aggregated by summing the number of instances
assigned to each cluster. Additionally, Figure 1 visualizes
the clustering geometry using three-dimensional t-SNE (two-
dimensional t-SNE is also available in our repository). For
each representation, the figure provides a t-SNE visualization
colored by the clustering labels, as well as a correspond-
ing visualization colored by the ground-truth labels, which
denote the 552 pairs of problem combinations. Although t-
SNE may distort global distances, it preserves local structure
well, allowing inspection of cluster compactness, overlap,
and fragmentation. These plots offer complementary insight
into the separability of the representations and whether the
numerical scores capture meaningful structure.
Within representation analysis: Table II shows substantial
variation in silhouette scores across representations. ELA
achieves the highest value (0.3505), followed by TransOptAS
(0.2670) and DeepELA (0.2016), while DoE2Vec obtains
the lowest score (0.1722). Higher Silhouette values indicate
more cohesive and well-separated clusters; thus, the ELA
and TransOptAS feature spaces yield clearer cluster bound-
aries, whereas DeepELA and especially DoE2Vec produce
more ambiguous or overlapping groupings. These tendencies
are reflected in the visual projections. ELA forms compact,
well-defined clusters, with minimal overlap between groups.
This visual structure aligns with its high silhouette score
and moderate coverage density. TransOptAS follows similarly
interpretable behavior: the t-SNE maps reveal only a few well-
defined clusters, consistent with both its silhouette value and
relatively low number of formed clusters. DeepELA shows
elongated and partially overlapping regions, reflecting its lower
silhouette value but still capturing meaningful relationships
between problems. The combination of high completeness but
moderate homogeneity is also visible: problems of the same
class tend to occupy the same region, but without perfect
isolation. In contrast, DoE2Vec displays a highly fragmented
landscape with many small clusters, mirroring its low silhou-
ette value, the large number of clusters produced as well as
the extremely low coverage density (0.028). Despite achieving
high homogeneity and V-measure—indicating strong internal
consistency, the representation appears to over-segment the
problem space, producing many fine-grained but weakly sep-
arated clusters.

Using the homogeneity, completeness, and V-measure

(HCV) scores for each representation reveals clear differences
in how well the clustering aligns with the underlying problem
structure. DoE2Vec achieves the strongest semantic alignment,
exhibiting consistently high HCV scores. DeepELA performs
moderately, balancing purity and completeness. In contrast,
ELA and TransOptAS attain high completeness but low homo-
geneity, meaning that instances of the same problem reliably
group together, yet different problem types frequently mix
within clusters.

When these findings are combined with geometric structure
(silhouette) and intra-problem stability (coverage), a more
nuanced picture emerges. ELA and TransOptAS form com-
pact and stable clusters but fail to maintain semantic purity,
indicating that good geometric cohesion does not necessarily
correspond to clean separation of problem types. DeepELA
shows moderate geometric separation with higher complete-
ness, capturing meaningful distinctions despite some fragmen-
tation. DoE2Vec, while best aligned with true problem types,
produces low silhouette values and highly fragmented clusters,
suggesting strong semantic separation but over-segmentation
of the feature space. Overall, the representations differ in the
aspects of structure they emphasize: ELA and TransOptAS
favor geometric cohesion, DeepELA balances cohesion and
semantic consistency, while DoE2Vec prioritizes semantic
purity at the cost of cluster compactness.
Cross-representation analysis: Figure 2 presents the cross-
representation cluster similarity heatmaps comparing ELA
with each of the other landscape representations. The heatmaps
display how clusters learned from ELA correspond to clusters
obtained from alternative representations, with cosine similar-
ity indicating the degree of alignment. The accompanying hi-
erarchical dendrograms reveal higher-level structural relation-
ships, highlighting which clusters consistently co-occur across
representations and which diverge, thereby illustrating the
extent to which ELA captures grouping patterns shared—or
not shared—by other feature spaces. The heatmaps for all
other pairs of representations are available in our repository.

The heatmaps reveal (Figure 2) clear differences in how
the other representations align with ELA. TransOptAS shows
several strong, localized similarity regions, indicating that a
subset of its clusters matches well with ELA’s structure. Deep-
ELA lies between these extremes, showing moderate similarity
blocks that capture some shared structure but with more diffuse
boundaries. DoE2Vec, however, exhibits a highly fragmented
pattern with many narrow, low-similarity bands, reflecting its
fine-grained and largely incompatible clustering relative to
ELA. Overall, TransOptAS aligns most closely with ELA,
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(b) DeepELA 3D representation
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(c) Doe2Vec 3D representation
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(d) Transoptas 3D representation

Fig. 1: Three-dimensional t-SNE visualization of the different
problem representations.

DeepELA shows partial agreement, and DoE2Vec diverges
significantly due to its over-segmentation of the problem space.

The overlapping-cluster analysis shows that similarity be-
tween representations is driven by a limited set of recurring
affine problem pairs, indicating localized but consistent agree-
ment on problem structure (for more details, look into specific
pairs of affine-combined problems that consistently co-occur
across representations presented in our repository). These
shared overlaps explain the concentrated similarity regions ob-

TABLE III: Clustering performance of best-scoring models for
each feature representation based on DE and PSO algorithms.

Dataset DE PSO

Hom. Comp. V Hom. Comp. V

ELA 0.0649 0.0397 0.0492 0.0359 0.0388 0.0373
DeepELA 0.1532 0.0392 0.0625 0.0927 0.0420 0.0578
DoE2Vec 0.2990 0.0320 0.0579 0.1923 0.0365 0.0614
TransOptAS 0.0493 0.0597 0.0540 0.0305 0.0655 0.0417

served in the heatmaps, while their sparsity elsewhere confirms
that most clusters capture distinct and non-overlapping aspects
of the problem space rather than global alignment.

The DeepELA–TransOptAS heatmap shows several moder-
ate similarity regions, indicating partial structural alignment,
though many areas remain weakly matched. In contrast, the
DeepELA–DoE2Vec heatmap is highly fragmented, with only
a few isolated correspondence points, reflecting DoE2Vec’s
fine-grained over-segmentation relative to DeepELA’s broader
structures. Overall, DeepELA aligns moderately with Tran-
sOptAS but shows limited compatibility with DoE2Vec.

The DoE2Vec–TransOptAS heatmap is highly fragmented,
with mostly low similarity and only a few isolated higher-
similarity bands. This indicates weak overall alignment, re-
flecting DoE2Vec’s fine-grained over-segmentation compared
to the broader clusters formed by TransOptAS.

Across all pairwise comparisons, the cross-representation
similarity analysis reveals that the four landscape represen-
tations organize the problem space in markedly different
ways. ELA and TransOptAS show the strongest structural
compatibility, sharing several well-aligned clusters and cap-
turing similar high-level groupings. DeepELA exhibits partial
agreement with both, reflecting a mix of shared structure and
more diffuse boundaries. In contrast, DoE2Vec consistently
diverges from the other representations, producing highly
fragmented and fine-grained clusters that rarely map cleanly
onto broader structures. Overall, these results highlight that
each representation emphasizes different aspects of the un-
derlying landscape—geometric cohesion (ELA, TransOptAS),
balanced structure (DeepELA), or semantic over-segmentation
(DoE2Vec), suggesting that they may offer complementary
views for downstream meta-learning and algorithm selection
tasks.
How Feature-Space Structures Shape Performance Space:
As an additional analysis, we study how feature-space struc-
tures relate to performance space. For each representation, we
use feature-space clusters and examine affine combinations of
problem pairs within each cluster. For each resulting instance,
we select the best-performing configuration from portfolios of
five Differential Evolution (DE) [47] and five Particle Swarm
Optimization (PSO) [48] variants, using performance data
from [9]. We then analyze the distribution of selected config-
urations within and across clusters and compute homogeneity
and completeness scores to quantify the alignment between
feature-space clustering and performance space. Table III
shows how well feature-space clusters translate into coherent



(a) ELA-TransOptAS

(b) ELA-DeepELA

(c) ELA-Doe2Vec

Fig. 2: Cross-representation cluster similarity heatmaps (ELA
vs. others); rows and columns denote clusters, and cosine
similarity measures structural alignment.

performance-space behavior for DE and PSO algorithm port-
folios. Higher homogeneity indicates that problems within the
same cluster tend to select the same best-performing algo-
rithm configuration, while higher completeness indicates that
problems favoring the same configuration are largely grouped
within a single cluster. Across both DE and PSO, DoE2Vec

achieves the highest homogeneity, suggesting that its clusters
capture performance-relevant landscape structure, but its lower
completeness indicates fragmentation, with similar configu-
rations appearing across multiple clusters. In contrast, Tran-
sOptAS attains the highest completeness, especially for PSO,
indicating better aggregation of performance-similar problems,
albeit with lower within-cluster purity. ELA and DeepELA
show moderate homogeneity and low completeness, reflecting
weaker alignment between feature- and performance-space
structures. Overall, the results reveal a clear trade-off between
homogeneity and completeness across representations, indi-
cating that no single feature space fully captures performance
behavior and motivating complementary, multi-view analyses.

VI. DISCUSSION

The results show that problem representations strongly
determine how global optimization landscapes are structured.
ELA and TransOptAS yield compact, geometrically coher-
ent clusters with limited semantic alignment, DoE2Vec best
matches semantic labels but produces many small clusters, and
DeepELA offers an intermediate balance. These complemen-
tary strengths suggest benefits for multi-view meta-learning
and algorithm selection. Across DE and PSO, DoE2Vec
achieves the highest homogeneity but lowest completeness,
TransOptAS the strongest completeness with reduced purity,
and ELA/DeepELA weaker overall alignment, revealing a
fundamental homogeneity–completeness trade-off. A key lim-
itation of this study is its reliance on a single benchmark
suite. Nevertheless, a strength of the work lies in its empir-
ical framework, which can be readily extended to additional
benchmarks—including the original BBOB suite or real-world
problem collections such as robotics trajectory optimization
tasks and unmanned aerial vehicle path-planning problems.
We also plan to conduct similar analyses for alternative
representations in single-objective combinatorial optimization
and multi-objective optimization.

VII. CONCLUSION

The study evaluates four representations—ELA, TransOp-
tAS, DeepELA, and DoE2Vec—using unsupervised clustering
to assess how they capture optimization problem structure.
Results show complementary strengths: ELA and TransOp-
tAS produce compact geometric clusters, DeepELA offers
balanced behavior, and DoE2Vec achieves strong semantic
fidelity but with higher fragmentation. Overall, no single
representation dominates, suggesting that the choice should
depend on the downstream task and motivating multi-view
analysis and further evaluation on additional benchmarks.
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