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Abstract

Automated algorithm performance prediction in numerical black-
box optimization often relies on problem characterizations, such as
exploratory landscape analysis features. These features are typically
used as inputs to machine learning models and are represented in
a tabular format. However, such approaches often overlook algo-
rithm configurations, a key factor influencing performance. The
relationships between algorithm operators, parameters, problem
characteristics, and performance outcomes form a complex struc-
ture best represented as a graph.

This work explores the use of heterogeneous graph data struc-
tures and graph neural networks to predict the performance of
optimization algorithms by capturing the complex dependencies
between problems, algorithm configurations, and performance out-
comes. We focus on two modular frameworks, modCMA-ES and
modDE, which decompose two widely used derivative-free opti-
mization algorithms: the covariance matrix adaptation evolution
strategy (CMA-ES) and differential evolution (DE). We evaluate 324
modCMA-ES and 576 modDE variants on 24 BBOB problems across
six runtime budgets and two problem dimensions.

Achieving up to 36.6% improvement in MSE over traditional
tabular-based methods, this work highlights the potential of geo-
metric learning in black-box optimization.
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1 Introduction

Numerical black-box optimization has long been an active area of
research, resulting in the development of numerous optimization al-
gorithms. Consequently, meta-learning tasks such as automated al-
gorithm performance prediction [18], algorithm configuration [15],
and algorithm selection [8] have become increasingly important
for identifying the most suitable algorithm for a given problem.

Over the years, many novel algorithmic ideas have been in-
troduced, along with incremental improvements to well-known
derivative-free optimization algorithms such as the Covariance Ma-
trix Adaptation Evolution Strategy (CMA-ES) [6] and Differential
Evolution (DE) [17]. These advancements have further diversified
the landscape of optimization algorithms, making it more challeng-
ing to systematically compare and select among them.

To address this, modular optimization frameworks such as
modCMA-ES [3] and modDE [20] decompose CMA-ES and DE
into modular components, enabling researchers to analyze how
different configurations and parameter settings affect performance.
By capturing detailed information about algorithmic structure and
interactions, these frameworks offer a rich resource for algorithm
analysis. However, despite their potential, they remain underuti-
lized in meta-learning tasks.

Traditional approaches to algorithm performance prediction typ-
ically rely on tabular representations of problem features, such as
Exploratory Landscape Analysis (ELA) [14]. While effective, these
methods fail to capture the complex inter-dependencies among
problems, algorithms, configurations, and performance outcomes.
Representing these entities as nodes in a graph, with edges captur-
ing their relationships, naturally reflects the relational structure of
the data and supports richer modeling.

Geometric learning, a branch of machine learning that handles
data in non-Euclidean domains like graphs and manifolds [1], pro-
vides a suitable framework for this task. Its approaches range from
shallow node embeddings to more advanced Graph Neural Net-
works (GNNs), all leveraging relational and topological information
within the data.

An early demonstration of this concept involved modeling per-
formance prediction as a link prediction task. Specifically, in our
previous work [11], we employed shallow node embeddings to
infer “missing” performance links between modular optimization
algorithms and black-box problems, labeling a link as solved if
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Figure 1: The meta-graph for the heterogeneous graph.

an algorithm reached a predefined precision threshold within a
fixed budget of function evaluations. While effective, this approach
framed performance prediction as a binary classification task rather
than a more expressive regression problem. Moreover, shallow em-
beddings restricted the framework to transductive learning, limiting
generalization to unseen problems.

GNNs address these limitations by capturing higher-order de-
pendencies and enabling inductive learning. While not yet applied
to modular optimization algorithms, GNNs have been successfully
used in related domains. For example, Lukasik et al. [13] employed
GNN s to predict neural architecture performance on NAS-Bench-
101 [22], and Singh et al. [16] modeled deep networks as graphs
to improve runtime prediction. Chai et al. [2] proposed PerfSAGE,
a GNN-based model that predicts inference latency, energy usage,
and memory footprint for neural networks on edge devices.

Our contributions: In this study, we apply GNNs for predicting
the performance of modular optimization algorithms. First, we pro-
pose a heterogeneous graph representation that encodes data from
modCMA-ES and modDE, capturing problems, algorithm compo-
nents, parameters, and performance in a unified graph structure.
Second, building on this representation, we introduce a message-
passing GNN framework designed to operate on the heterogeneous
graph, performing node regression on performance nodes to pre-
dict an algorithm’s performance on a given problem. Finally, we
present experiments demonstrating that incorporating relational
structure via graph-based models improves predictive performance
compared to conventional tabular approaches.

Outline: The remainder of the paper is structured as follows: Sec-
tion 2 details the methodology employed in our study, including the
graph construction and GNN design. Section 3 outlines the experi-
mental setup. Section 4 presents the study’s results, and Section 5
concludes with insights and directions for future work.

Code and Data: All related code and data used in this
study are available at: https://github.com/KostovskaAna/
GNN4PerformancePrediction.

2 Methodology

This section outlines our approach to predicting algorithm per-
formance using GNNs on benchmarking data from modular opti-
mization frameworks. We describe the heterogeneous graph repre-
sentation, followed by the GNN model architecture.
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Figure 2: An illustration of an instantiation of the meta-
graph, showing a snapshot of the heterogeneous graph.

2.1 Graph representation

We use a heterogeneous graph to capture the black-box optimiza-
tion problems, modular optimization algorithms, their configura-
tion, and corresponding performance scores.

A heterogeneous graph (HG) is defined as a graph HG
{V,E,R, T}, where V represents the set of nodes, & represents the
set of edges, R represents the set of relation types, and 7~ represents
the set of node types. Each node v € V is associated with a node
type through a mapping function T(v) : V — 7, and each edge
e € & is associated with a relation type through a mapping function
R(e) : & — R. For the graph to be considered heterogeneous, the
sum of distinct node and relation types must be greater than two,
ie., |7+ |R| > 2.In addition to type mappings, each node v € V
is associated with a feature vector x, € Rd, where d denotes the
dimensionality of the feature space. These node features encode
the properties of the nodes.

In Figure 1, we illustrate the meta-graph of the heterogeneous
graph that we propose. This meta-graph serves as a higher-level
template for our HG, representing 7 (the set of node types) as nodes
and R (the set of relation types) as edges between them. It includes
six node types: parameter, parameter class, algorithm execution part,
algorithm, performance, and black-box optimization problem and five
edge (relation) types: has-parameter, has-parameter-class, controls-
algorithm-execution-part, has-algorithm, and has-problem.

In Figure 2, we illustrate a concrete instantiation of the meta-
graph for a subset of V and &, providing a snapshot of the corre-
sponding heterogeneous graph. It shows two black-box problems,
two algorithm variants, and their associated performance nodes and
parameters. The parameters belong to local_restart, base_sampler,
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Figure 3: An overview of the message-passing GNN architec-
ture for predicting algorithm performance using heteroge-
neous graphs.

and elitism classes, affecting different parts of algorithm execution.
We construct one graph per unique combination of problem dimen-
sionality, runtime budget, and algorithm type, resulting in multiple
graph instances.

2.2 GNN architecture design

We employ a heterogeneous message-passing GNN architecture to
handle multiple node and relation types in our graph. In essence,
message passing in a GNN involves each node gathering “messages”
from its neighbors, transforming and combining them to update its
own representation. In a heterogeneous setting, different node and
edge types require distinct message-passing functions or aggrega-
tion procedures, a well-established approach in the literature [25].
Consequently, each relation type r dictates how messages flow
from source nodes of type t, to destination nodes of type t,. After
aggregating messages for each relation, we consolidate the outputs
across all relevant relation types to form the updated node embed-
ding. Repeating this process over multiple layers enables nodes to
capture information from increasingly distant parts of the graph.

Our architecture supports stacking multiple message-passing
layers (see Figure 3). We use GraphSAGE [4] for its inductive ca-
pabilities, though other message-passing layers are also compati-
ble. Each layer performs relation-specific aggregation followed by
cross-relation aggregation, with non-linearity introduced via an
activation function and dropout applied to prevent overfitting.

The learning task is node regression, where the goal is to predict
the performance of an algorithm on a specific problem instance.
Each performance node is associated with a numerical score, and
the GNN learns to predict it by leveraging the structure and features
of the heterogeneous graph. The final GNN embeddings are passed
through a linear layer to predict the performance value 3.

Note that, such trained model is capable of generalizing across
different algorithm variants, predicting the performance of all mod-
ular algorithm variants for a given runtime budget and problem
dimensionality. Also, although the input graph (Figure 2) is directed,
we add reverse edges, effectively treating the graph as undirected.
This enables bidirectional information flow and improves represen-
tation learning.
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3 Experimental setup

3.1 Data collection

3.1.1  Problem instance portfolio and landscape data. We use the
24 single-objective, noiseless, continuous black-box problems from
the BBOB benchmark suite from the COCO environment [5]. Each
problem includes multiple instances generated through transforma-
tions such as offsets and scalings. We select the first five instances
pre-generated by COCO for each problem at dimensions D = 5
and D = 30. To represent the problem landscapes, we use 46 ELA
features available through the OPTION KB [10].

3.1.2  Algorithm instances and configuration. We consider two mod-
ular algorithms: CMA-ES and DE. For CMA-ES, we use the modCMA-
ES framework [3], which includes variations in sampling distribu-
tions, weighting schemes, and restart strategies. For DE, we employ
the modDE package [20], which supports a range of mutation op-
erators, base selection options, crossover strategies, and update
mechanisms inspired by state-of-the-art DE variants. Full details
on the modules and parameter spaces are provided in [11], from
which this data has been reused.

In total, we analyze 324 modCMA-ES and 576 modDE vari-
ants. Each is evaluated on six function evaluation budgets, B €
{50D, 100D, 300D, 500D, 1000D, 1500D}, where D € {5,30}. The
best precision (i.e., distance to the optimum) achieved at each bud-
get is recorded.

All data used in this study is reused from Kostovska et al.[11]
and accessed through the OPTION KB[10].

3.2 Model training and evaluation

We implement the GNN architecture using the Deep Graph Library
(DGL) [21] to predict the performance of modular optimization
algorithms. The model uses SageConv layers, based on the Graph-
SAGE algorithm [4], for per-relation message aggregation. These
embeddings are then combined using HeteroConv layers for cross-
relation aggregation. Mean aggregation is applied within relations,
while summation is used across relations.

We use a 4-layer GNN to capture all relevant algorithmic infor-
mation. Problem nodes are represented by 46 ELA features, while
features of other node types are initialized using Kaiming uniform
distribution. We use GELU [7] to introduces non-linearity.

We perform nested cross-validation to tune dropout rates (0.1, 0.2,
0.3) and embedding sizes (32, 64, 128), repeating each experiment
10 times. Models are trained for 200 epochs using L1 loss, optimized
with Adam [9] (learning rate 0.1, halved every 20 stagnant epochs).
We adopt the same leave-instance-out nested cross-validation pro-
tocol as in our previous work [12], where we train Random Forest
(RF) regressors on the 46 ELA features. These serve as baselines for
evaluating our GNN models.

4 Results

Building on the setup above, we conducted experiments to pre-
dict the performance of modular algorithms. Table 1 presents MSE
scores across two dimensionalities and six budgets, comparing
GraphSAGE models with RF baselines using only tabular ELA fea-
tures from Kostovska et al. [12].

GNNss generally outperform RF across all settings. For modCMA
and 5D problem dimensionality, GNN improves MSE by 0.03-0.06
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for lower budgets (50D, 100D), with the margin growing for larger
budgets (e.g., 5.19 — 4.57 at 1500D). At 30D problem dimensional-
ity, gains are even more pronounced for mid to high budgets—for
instance, at 100D, MSE drops from 0.27 to 0.19, and at 1000D, the
relative improvement reaches 36.6%.

For modDE at 5D, GNN shows lower MSE than RF for most
budgets, with the largest improvement at 300D and 500D. At 30D,
GNN consistently outperforms RF. The best gain is at 100D, where
MSE drops from 0.25 to 0.19, a relative improvement of 24%. At
500D, the gain is 15.8%.

Table 1: The MSE scores of the GNN and RF regression models
for predicting the performance of modular algorithm vari-
ants for the BBOB problem instances in 5 and 30 dimensions.

Budget CMA-ES 5D | CMA-ES 30D DE 5D DE 30D
GNN RF GNN RF GNN RF GNN RF
50D 0.75 078 | 0.15 0.15 0.36 037 | 0.21 0.26
100D 1.16 122 | 0.19 0.27 039 043 | 0.19 0.25
300D 3.68 398 | 0.75 1.03 0.62 0.81 | 0.27 0.30
500D 4.39 485 | 0.85 1.27 1.00 1.04 | 0.32 0.38
1000D | 4.38 522 | 1.09 1.72 208 195 | 049 054
1500D | 4.57 519 | 1.34 1.88 2.26 234 | 0.58 0.63

5 Conclusions

In this study, we explored the use of GNNs for predicting the per-
formance of modular optimization algorithms in numerical black-
box optimization. Our results show that GNNs outperform tabular
RF models by capturing relationships between problems, algorithm
configurations, and performance outcomes. To our knowledge, this
is the first work to apply heterogeneous graph structures and GNNs
to performance prediction in this domain, offering a promising
direction for enhancing meta-learning tasks such as algorithm con-
figuration and selection.

Promising directions for future research include exploring al-
ternative GNN architectures beyond GraphSAGE, such as graph
attention networks [19] or graph transformers [24], which could
further enhance predictive performance. Explainability methods
like GNNExplainer [23] can provide insights into which nodes,
relations, and features most influence predictions. Leveraging pre-
trained GNNs through fine-tuning on our heterogeneous graphs
may also improve generalization. A key challenge ahead is extend-
ing this approach to non-modular algorithms, which requires a
standardized vocabulary for algorithmic components and their con-
figurations - a task that calls for broader community collaboration.
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