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Abstract. Island Evolutionary Algorithms (IEAs) are effective for solv-
ing hard problems such as the Quadratic Assignment Problem (QAP),
but their performance depends on careful and computationally expensive
parameter tuning. While ML has been used to automate solver tuning
in SAT (and related constraint-solving problems), its transfer to other
problem classes with a different structure is less explored. Moreover, most
ML-based approaches assume a single optimal configuration, ignoring the
fact that multiple parameter settings can yield comparable performance.
In this work, we formulate parameter prediction as an inconsistent learn-
ing problem and investigate whether instance features can be used to pre-
dict effective IEA configurations for QAP. We compare three strategies: a
regression-based performance prediction model, a multiple-choice model
that treats near-optimal configurations as valid targets, and a baseline
single-label model. The models are trained on effective parameters for
867 QAP instances tuned with SMAC, using instance-level features for
training. The regression approach achieved poor predictive performance
(R2 = 0.16 on training and −0.16 on the test set). The multiple-choice
model improved generalization (test accuracy 0.85 vs. 0.66), but did not
improve regression quality (R2 ≈ 0.23) or downstream optimization. The
baseline model achieved the best results, producing configurations that
did not differ significantly from SMAC-tuned parameters according to
Wilcoxon paired test. These findings suggest that direct configuration
prediction provides a robust approach despite ambiguity in the parame-
ter space.

Keywords: Parameter tuning · Algorithm configuration · Quadratic
Assignment Problem · Combinatorial Optimization · Metaheuristics ·
Hyperparameter Optimization · Performance Prediction · Evolutionary
Algorithms

1 Introduction

Optimization algorithms have become indispensable for solving complex com-
putational problems in various domains, ranging from engineering design to
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machine learning. Among these, Island Evolutionary Algorithms (IEAs) have
proven to be powerful tools due to their ability to explore vast solution spaces
efficiently. However, the performance of IEAs is highly dependent on their param-
eter settings, such as population size, mutation rate, and crossover probability
[14], as well as other algorithm-specific parameters. Achieving optimal or near
optimal performance often requires fine-tuning these parameters, a process that
is both challenging and computationally expensive. The tuning phase is critical
for optimizing algorithm performance, and omitting this step can significantly
hinder algorithm performance [5]. Traditional rules of thumb often lead to ineffi-
cient parameter configurations [30], making it extremely challenging to propose
parameters that align well with the specific problem at hand.

This study applies machine learning to predict effective parameter configu-
rations for IEAs solving the Quadratic Assignment Problem (QAP). While prior
research has demonstrated the effectiveness of ML-based parameter prediction
in domains such as SAT [4], its applicability to other problems has received lim-
ited attention. In particular, there is a lack of systematic studies that examine
whether such approaches generalize to structurally different problems like QAP.

Moreover, existing ML-based parameter tuning methods typically assume a
single optimal configuration for each problem instance. However, in practice,
multiple parameter configurations often yield comparable performance. In this
setting, treating parameter selection as a single-label prediction is problematic,
as it penalizes models for predicting valid but unlabeled configurations. This
ambiguity in the solution space has not been adequately addressed in the liter-
ature.

To bridge these gaps, this study proposes and compares three modeling
strategies that differ in how they handle performance equivalence among pa-
rameter configurations:

1. Regression-Based Model: A neural network that predicts the expected
performance of a given parameter configuration and selects the configuration
minimizing the objective value.

2. Multiple-Choice Model: A model that allows multiple parameter configu-
rations to be considered correct, addressing cases where several near-optimal
solutions exist.

3. Baseline Model: A baseline approach that learns and predicts only the
single best-performing configuration observed in the training data.

This comparison allows us to assess which approach best handles the ambiguity
inherent in near-optimal solutions.

This study addresses three main research questions:

(RQ1) Can machine learning models use features of QAP instances to predict
better IEA parameter settings than the standard configuration?

(RQ2) Does allowing multiple near-optimal parameter configurations as valid
solutions improve model performance compared to selecting a single
labeled configuration?
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(RQ3) Which modeling strategy–regression-based, multiple-choice, or baseline–
provides the most robust and effective approach for parameter selection
in the presence of solution ambiguity?

Answering these research questions will help determine the feasibility of predict-
ing effective parameter configurations for the QAP and will clarify how multiple
near-optimal configurations can be identified and managed within a parameter
prediction framework.

The outcomes of this research will clarify whether instance-level features of
the QAP can reliably predict effective IEA parameter settings, or to what extent
noise, instance variability, and performance plateaus constrain such predictions.
Evidence supporting this relationship would position ML-driven parameter se-
lection as a practical alternative to costly manual tuning, while more limited
predictability would point toward the need for adaptive or hybrid approaches.
In all cases, the findings will provide empirical insight into the structure of near-
optimal parameter spaces and contribute to advancing automated algorithm
configuration for complex combinatorial optimization problems.

The project repository1 provides open access to all source code, generated
data, and experimental findings.

2 Quadratic Assignment Problem

The Quadratic Assignment Problem (QAP) was introduced by Koopmans and
Beckmann in 1957 as a mathematical model describing assigning a set of eco-
nomic activities to a set of locations [20]. For the given set N = {1, ..., n}
we define two non-negative matrices F = [fik]n×n and D = [djl]n×n. In the
terminology of facilities location the set N is a set of facilities indexes and
π(i) ∈ N, i = 1, ..., n defines the set of location to which the facilities are as-
signed. The matrix D defines distances between locations, and the matrix F
defines the flow (weight, expected value of the flow, number of connections) be-
tween pairs of facilities. The matrix B models a linear part of the assignment
cost and in most cases is omitted. The solution to the QAP problem (also de-
noted as QAP(F,D)) can be defined in a permutation form π = (π(1), ..., π(n))
of the set of n elements (facilities). The purpose of the optimisation is to find
the permutation π∗ which minimizes the objective function:

f(π∗) = min
π∈Sn

n∑
i=1

n∑
j=1

dijfπ(i)π(j) +

n∑
i=1

bπ(i)i (1)

where Sn is a set of permutations of the natural numbers {1, ..., N}. If matrix D
and F are symmetric i.e. the distance dij = dji and the number of connections
fij = fji then this version of the QAP problem is called the symmetric QAP
problem.

1 https://github.com/NieTrawisz/Parameter-prediction-QAP
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3 Related works

The performance of IEAs in combinatorial optimization problems such as the
QAP is highly sensitive to parameter settings, including mutation probability,
crossover rate, and population size. Appropriate parameter choices can signifi-
cantly affect search efficiency, solution quality, and robustness. However, iden-
tifying effective configurations is challenging because optimal settings depend
on problem structure and computational budget. This difficulty has motivated
extensive research into automated parameter configuration methods.

Algorithm configuration can substantially boost the performance of even
state-of-the-art metaheuristics [5]. Early systematic approaches include Design
of Experiments (DoE) [25], which analyzes parameter influence by controlled
variation. While analytically sound, DoE scales poorly, as the number of re-
quired experiments grows exponentially with the number of parameters, making
it impractical for high-dimensional or expensive optimization problems.

To address scalability, several automated configuration frameworks have been
proposed. Prominent examples include iRace, SMAC, SPO, and GGA.

– iRace [22] employs iterated racing with statistical tests to discard inferior
configurations early, focusing evaluations on promising candidates while han-
dling noise and conditional parameters.

– SMAC [19] extends Sequential Model-Based Optimization by using surro-
gate models and intensification strategies to guide the search in large, mixed
parameter spaces.

– Sequential Parameter Optimization (SPO) [3] iteratively builds sur-
rogate models, such as Gaussian processes or random forests, to balance
exploration and exploitation, making it suitable for noisy or expensive eval-
uations.

– Gender-based Genetic Algorithm (GGA) [2] combines exploitation of
strong configurations with preservation of diversity and modeling parameter
dependencies via variable trees.

Despite their effectiveness, these methods share a common limitation: they re-
quire repeated evaluations for each new problem or instance. Even though they
are sample-efficient, they remain inherently iterative and reactive, leading to
substantial computational costs when problem characteristics change.

The optimal configuration of an algorithm strongly depends on the optimiza-
tion problem at hand [26]. In general, mutation-based evolutionary algorithms
perform well on simple problems, whereas crossover-based approaches are more
effective in complex search spaces [12]. Statistical studies show that parameter
settings have a significant impact on search behavior; however, strong param-
eter interactions make it difficult to isolate the marginal effect of any single
parameter [28]. Recent work has nevertheless shown that carefully chosen muta-
tion, crossover, and selection operators can substantially speed up reinforcement
learning hyperparameter optimization [6]. For OneMAX problem instances, ex-
act numerical parameter values (apart from operator choices) can be derived for

ICCS Camera Ready Version 2026
To cite this paper please use the final published version:

DOI: 10.1007/978-3-032-29909-3_22

https://dx.doi.org/10.1007/978-3-032-29909-3_22
https://dx.doi.org/10.1007/978-3-032-29909-3_22


Parameter Prediction Under Ambiguity 5

the (1 + (λ, λ)) genetic algorithm [13]. Despite these advances, general configu-
ration strategies that apply across problem classes are still unknown.

Machine learning has been widely applied to improve the design and control of
optimization algorithms. Early influential work focused on SAT problems, using
learning for performance prediction, satisfiability estimation, and algorithm se-
lection [29]. Parameter prediction has also been studied in SAT; however, existing
approaches struggle when many configurations are similarly effective [4]. Beyond
SAT, learning-based methods have been explored for combinatorial optimization
problems such as the Quadratic Assignment Problem (QAP), including dynamic
crossover selection within evolutionary algorithms [24] and, more recently, deep
learning approaches that directly learn solution-improvement strategies, such as
solution-aware transformers that capture higher-order structure [31]. While these
studies highlight the potential of machine learning for guiding optimization algo-
rithms, they primarily address operator selection or solution construction rather
than the prediction of effective evolutionary algorithm parameter settings for
complex problems such as the QAP. Moreover, to improve the quality of solu-
tions for the QAP, the problem’s theoretical properties can be exploited. The
formula proposed in [9] for the conditional expectation in the QAP can be widely
used in implementing approximation algorithms.

In summary, existing work demonstrates that evolutionary algorithm perfor-
mance is highly dependent on parameter choices and that automated configu-
ration methods can yield substantial improvements, albeit at significant com-
putational cost and with limited generalization across problem instances. At
the same time, machine learning approaches in combinatorial optimization have
shown promise for exploiting instance-specific information, yet have rarely been
applied to directly predict effective parameter settings for evolutionary algo-
rithms on problems such as the QAP. Moreover, most prior studies implicitly
assume a single optimal configuration per instance, despite empirical evidence
that multiple near-optimal parameter settings often exist. These gaps motivate
the present work, which investigates whether instance features can be used to
predict improved IEA parameter configurations, whether treating multiple high-
quality configurations as valid targets improves learning performance, and which
modeling strategy is most robust in the presence of configuration ambiguity.

4 Research methodology

To investigate whether parameter prediction for QAP is feasible and to deter-
mine which model is most suitable, we first implemented the Island Evolution-
ary Algorithm (IEA). The implementation was optimized for GPU execution to
reduce the average runtime [23,17]. Next, we tuned the algorithm configuration
using SMAC [21], which allowed us to generate a dataset for training our models:
regression-based, multiple-choice, and baseline approaches. Finally, we evaluated
the performance of these models on their respective datasets and compared the
IEA performance using the predicted parameters. The research methodology and
individual steps are described in detail in the following sections.
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4.1 Island Evolutionary Algorithm

To evaluate parameter prediction capabilities, the IEA was selected as a bench-
mark algorithm for solving designated QAP instances. The IEA is a multipopula-
tion variant of evolutionary algorithms in which several subpopulations (islands)
evolve independently and periodically exchange individuals through migration
[10]. This mechanism enhances population diversity and reduces the risk of pre-
mature convergence. The algorithm was implemented using the CUDA platform
to exploit GPU parallelism [23]. Evolutionary operators and objective function
evaluation were executed on the GPU, while migration followed a coarse-grained
island model.

Control parameters of IEA The implementation incorporates categorical
and numerical control parameters subject to tuning and prediction using ma-
chine learning. Let D = {Roulette, LinearRank, NonlinearRank, Tournament,
Threshold} denote the set of selection mechanisms. The control parameters are:

- s ∈ S = {NoElitism,Elitism, SteadyState}: succession type, determining
how individuals are preserved between generations,

- r ∈ D: reproduction type, used for selecting parent solutions,
- m ∈ D: migration type, defining how individuals are selected for migration,
- re ∈ D: release type, specifying how individuals are removed and replaced

by incoming migrants,
- N ∈ {2, . . . , 10}: number of islands. A single island makes migration-related

parameters redundant, while larger values reduce subpopulation size and
learning stability,

- pi ∈ [0, 1], i ∈ O: probability distribution over pseudo-genetic operators,
where O = {PMX,OX,CX,SWAP, SHIFT,REV,None} and

∑
i∈O pi = 1.

The probabilities are normalized during tuning and define a categorical dis-
tribution used to sample operators.

- mf ∈ {1, . . . , 500}: migration frequency. Lower values increase interaction,
while higher values approximate independent evolution; the upper bound
reflects typical runtime,

- mbs ∈ [0, 0.4]: migration fraction (replacing 2mbs per island), values above
0.4 causes migration to dominate selection. It controls the strength of inter-
action between islands.

Conditionally active parameters were excluded to reduce sparsity and im-
prove learnability, as they are observed only for a subset of configurations and
provide limited training signals. The remaining parameters directly influence
search dynamics and solution quality, making them suitable for prediction. Pa-
rameters related to ranking and threshold selection were fixed, while all others
were used in tuning and training.

Implementation details In the experiments, the total population size was
limited to N · λ ≤ 2000, with the same number of individuals λ on each island.
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The maximum number of iterations without improvement was set to Imax = 50.
The algorithm terminates if the best solution is not improved for Imax consec-
utive iterations. The objective function is denoted by φ(·). The best solution
found during the run is represented as πbest, with the objective value φbest.

Algorithm 1 Island Evolution Algorithm

Step 1. For each from n populations (island).

(1. 1) Create randomly λ solutions. Set I := 0.
(1. 2) Evaluate the objective function value and sort the population members from

best to worse.
(1. 3) Save the best solution in the population πbest = argmin{φ(πi)}, i = 1, ..., λ,

φbest = φ(πbest).

Step 2. For each from n islands (populations):

(2. 1) I := I + 1.
(2. 2) Randomly selected pseudo-genetic operator from set O.
(2. 3) Using selected reproduction type r select one (mutation) or two (crossover)

parent solution. On the base selected pseudo-genetic operator create one (mu-
tation) or two offspring (crossover).

(2. 4) Create a new population of size λ on the base selected succession type s.
If s ∈ {NoElitism,Elitism} then the number of offspring used to create a
new population equals λ. Otherwise, if s = {SteadyState} then only two best
offspring are used.

(2. 5) Update the best solution πbest = argmin{φ(πi)}, i = 1, ..., λ, φbest = φ(πbest).
(2. 6) If the best solution was not improved during Imax iterations, then return

(πbest, φ(πbest)) and stop the algorithm.
(2. 7) If (I mod mf == 0) goto Step 3 else goto Step2.

Step 3. Migration.

Migrate mbsλ individuals (solution) between islands using defined migration type
m to select solution to migrate, and re method to release solution from population
replaced by immigrants.

In our implementation, each island manages its own population of candidate
solutions, evolving them via standard evolutionary operations such as selection,
crossover, and mutation. Migration is performed at predefined intervals by ex-
changing a fraction of individuals between islands using a ring topology. The
general scheme of the IEA is presented in Algorithm 1.

4.2 Dataset preparation

Dataset preparation began with the selection of QAP instances. We used 867
instances combined from the QAPLIB [7] and Instance Space Analysis (ISA)
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datasets [11]. Effective parameter configurations for running the IEA were ob-
tained using SMAC with 2,500 evaluations: 1,500 Latin hypercube samples (with
two retries) followed by 1,000 Bayesian optimization evaluations. This process
resulted in one parameter set for each of the 867 instances.

The tuning process produced target values for our models. We used ISA
descriptors [11] and QAP autocorrelation metrics [8] as features. To expand the
dataset, we adopted a dual representation by generating features for both the
primal (F,D) and dual (D,F ) forms, assuming similar effective configurations,
thereby doubling the number of instances. For evaluation, the data were split
into 90% training and 10% test sets, with an additional 10% of the training
data reserved for validation in the regression-based model, ensuring systematic
training and unbiased performance assessment.

4.3 Machine learning models

To investigate how machine learning can be used to predict suitable parame-
ter settings for IEAs applied to the QAP, we compare three distinct modeling
approaches. Their performance is evaluated using accuracy and coefficient of de-
termination R2 metrics for classification and regression tasks, respectively. These
approaches are designed to address the inherent ambiguity of parameter tuning,
where multiple configurations may yield comparable performance.

Baseline Model The baseline model represents a simplified parameter tuning
strategy that ignores ambiguity among near-optimal solutions. For each QAP
instance, the model learns to predict the single best-performing parameter con-
figuration observed during training from QAP features. We employ AutoGluon
[16] for both classification and regression variants of this task.

This approach effectively reduces parameter prediction to a standard classi-
fication and regression task with one target label per instance. While computa-
tionally simple and easy to interpret, the baseline model penalizes predictions
that differ from the observed best configuration, even if alternative configura-
tions yield comparable performance. As such, it serves as a reference point for
evaluating the benefits of the more flexible regression-based and multiple-choice
models.

Multiple-Choice Model The multiple-choice model explicitly accounts for
the fact that several parameter configurations may lead to near-optimal per-
formance. We select all parameter configurations whose results are at most 1%
worse than the best found solution; notably, this inclusive threshold identifies
an average of 222 valid configurations per instance that would otherwise be ex-
cluded by a strict single configuration choice. By treating this expanded set as
equally valid, the model avoids the instability associated with overfitting to a
single, potentially noisy, optimal target.

We employ two strategies to identify robust parameter sets: multi-label clas-
sification and regression. In the classification setting, AutoGluon [16] labels con-
figurations within a 101% threshold of the optimum as 1 (otherwise 0). This
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approach rewards the model for identifying any valid alternative rather than
penalizing it for missing a single "best" setting. For regression, NGBoost [15]
estimates the objective values of near-optimal configurations, with hyperparam-
eters tuned via Optuna [1] TPE sampler with 100 trials. By allowing for multiple
valid outputs, this framework prioritizes flexibility and robustness over a single
rigid optimum, better reflecting the practical requirements of IEA tuning.

Regression-Based Model The regression-based approach treats parameter
tuning as a supervised performance prediction task. By leveraging all evaluated
configurations—rather than only near-optimal ones—the training data increases
by nearly 190 times. This allows the model to map the full performance land-
scape, enabling effective parameter selection by minimizing the predicted objec-
tive values.

The input to the model consists of features extracted from the QAP instance
combined with an encoding of the IEA parameter configuration. Categorical pa-
rameters are represented using one-hot encoding, while numerical features are
scaled using adaptive normalization techniques. To facilitate stable neural net-
work training and ensure scale invariance across instances, the target value is
normalized. Specifically, a lower bound lb is computed using the Gilmore–Lawler

bound [18], and the predicted value is defined as
√

φbest−lb
lb . This transforma-

tion expresses performance as a relative deviation from the bound, improving
comparability across instances of varying difficulty.

Hyperparameters—including network depth, activation functions, dropout
rate, and learning rate—are optimized using Optuna [1] with the Tree-structured
Parzen Estimator (TPE) sampler [27] over 800 trials. Model selection is per-
formed based on the coefficient of determination R2 evaluated on a validation
dataset.

At inference time, the trained network evaluates all candidate parameter
configurations for a given problem instance. The configuration minimizing the
predicted normalized objective value is selected. This approach does not explic-
itly model the existence of multiple near-optimal parameter settings; rather, it
relies on precise performance approximation to implicitly guide selection toward
high-quality configurations.

4.4 Model performance comparison

To evaluate the practical effectiveness of the proposed models, we assess them in
a closed-loop optimization setting. For each QAP instance, the models predict
parameter configurations for the IEA, which are subsequently used to solve the
instance. Each predicted configuration is executed 30 times with different ran-
dom seeds to account for the stochastic variability of the algorithm. Performance
is measured using the same normalized metric as in the regression-based model,
namely φbest−lb

lb , where lb is the Gilmore–Lawler lower bound [18]. The normal-
ized performance is averaged over the 30 runs to obtain a single robustness-aware
performance estimate for each instance and configuration.
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This evaluation protocol is applied to configurations predicted by the three
proposed models, as well as to a reference configuration constructed from the
most frequently selected categorical parameters and mean values of numerical pa-
rameters across the training set. This allows direct comparison between learned
parameter selection strategies and a static, data-driven default configuration.

5 Results

This section presents the experimental results addressing the three research
questions: whether learned models outperform a standard configuration (RQ1),
whether incorporating multiple near-optimal configurations improves predictive
robustness (RQ2), and which modeling strategy provides the most reliable and
effective parameter selection framework for QAP instances (RQ3). Recall that
the overarching objective of this study is to determine whether machine learn-
ing can effectively predict parameter configurations for the Island Evolutionary
Algorithm (IEA) when solving instances of the Quadratic Assignment Problem
(QAP), and to identify the most suitable modeling strategy in the presence of
solution ambiguity.

We evaluate three modeling strategies for predicting IEA parameter configu-
rations on QAP instances: a baseline single-label model, a multiple-choice model
that permits sets of near-optimal configurations, and a regression-based per-
formance model, all trained on instance features. Evaluation focuses primarily
on downstream optimization performance when the predicted configurations are
integrated into the IEA, as predictive metrics alone do not reflect practical effec-
tiveness. Accordingly, balanced accuracy and coefficient of determination (R2)
are reported for the baseline and multiple-choice models, while the regression
model is assessed using R2 on training, validation, and test sets as diagnostic
measures. The key comparison is conducted in a closed-loop setting, where the
IEA is executed with model-selected parameters, and performance is judged by
the resulting optimization outcomes, directly capturing the real-world effective-
ness of each approach.

Model performance was evaluated on training and testing sets. While baseline
models achieved near-perfect training accuracy and R2 scores (≈ 1.0), their sig-
nificantly lower test scores indicate overfitting (Fig. 1). Conversely, the multiple-
choice model demonstrated superior generalization, outperforming the baseline
on the test set despite lower training scores (Fig. 1a). Notable exceptions included
regression targets such as migration batch and migration frequency, where base-
line models performed better despite generally poor results from both architec-
tures on the regression task (Fig. 1b). The results indicate that baseline models
outperform others during training; however, the multiple-choice architectures
demonstrate better generalization on the test set.

Benchmarking the regression model against prior iterations was challenging
due to substantial performance discrepancies. The model achieved an R2 of 0.16
on the training set, which decreased to −0.10 and −0.16 on the validation and
test sets, respectively, indicating poor generalization. The architecture comprised
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(a) Baseline vs. multiple
choice models classifica-
tion accuracy. (b) Baseline vs. multiple choice models regression R2 scores.

Fig. 1: Comparative performance of baseline and multiple-choice models. Colors:
baseline train (blue), baseline test (pink), multiple choice train (orange), multiple
choice test (red).

three layers with 482, 207, and 221 neurons, using ReLU, tanh, and ReLU acti-
vation functions. Dropout rates were 0.04, 0.05, and 0.27, with a learning rate of
2 × 10−3.The regression model exhibited poor generalization, achieving moder-
ate training performance, but negative validation and test scores, despite using
a three-layer architecture with ReLU and tanh activations.

Fig. 2: Mean performance normalized using the Gilmore–Lawler lower bound
[18], obtained with running algorithm using given set of parameters across whole
QAP dataset, training set, and test set.

Performance comparison provides a rigorous evaluation of the models us-
ing the Wilcoxon paired test (α > 0.05). Parameters optimized with SMAC
[21] significantly outperformed configurations derived from the most common or
mean values, with α = 1.1× 10−68. IEA runs with model-predicted parameters
achieved performance comparable to directly tuned configurations and were sta-
tistically indistinguishable on the test set, with α = 7.34× 10−1 for the baseline

ICCS Camera Ready Version 2026
To cite this paper please use the final published version:

DOI: 10.1007/978-3-032-29909-3_22

https://dx.doi.org/10.1007/978-3-032-29909-3_22
https://dx.doi.org/10.1007/978-3-032-29909-3_22


12 Kolendo, Chmiel, Kwiecień

and α = 7.64 × 10−1 for the multichoice model, indicating strong generaliza-
tion. Furthermore, the baseline and multiple-choice models produced statisti-
cally similar results on both training and test sets, with α = 1.16 × 10−1 and
α = 5.35 × 10−1, respectively. The only exception was the regression model,
where predicted parameters underperformed relative to mode/mean-based con-
figurations, with α = 5.29× 10−67. In summary, for the pairwise comparisons of
the baseline vs multichoice and multichoice vs tuned models, there is no evidence
to reject the null hypothesis. In the remaining comparisons, the null hypothesis
can be rejected.

6 Discussion

This study evaluated learning-based parameter selection as a decision-making
component within a closed optimization loop. The results show that, for the
QAP and the considered IEA, instance features can be used to predict parameter
configurations that achieve competitive performance on unseen instances. Pre-
dicted configurations consistently outperformed simple aggregate settings and
approached the performance of configurations obtained via computationally ex-
pensive tuning, supporting the feasibility of supervised parameter prediction in
this setting (RQ1).

A central aspect of this work was modeling parameter prediction as an incon-
sistent learning problem, where multiple configurations may yield near-optimal
performance. The multiple-choice model improved generalization in predictive
metrics by treating such configurations as equally valid. However, this did not
translate into improved optimization performance compared to the single-label
baseline. This suggests that, despite the existence of multiple near-optimal con-
figurations, a single representative configuration is sufficient for effective param-
eter selection in the considered setting (RQ2).

Among the evaluated approaches, the baseline model achieved the best opti-
mization performance, despite overfitting in predictive metrics. In contrast, the
regression-based model performed poorly both in prediction and in downstream
optimization. This indicates that accurate performance prediction is difficult
in the presence of noise and performance plateaus, where many configurations
yield similar outcomes. As a result, errors in predicted performance can lead to
suboptimal parameter choices.

This observation has implications for automated algorithm configuration.
Many approaches rely on performance prediction to guide parameter search
[19,22,3], yet our results suggest that such strategies may be ineffective for prob-
lems with flat or noisy parameter-performance landscapes. In contrast, directly
predicting good configurations appears more robust in this setting (RQ3).

7 Conclusions and future work

This work investigated machine learning for parameter prediction in IEAs ap-
plied to QAP instances. The results demonstrate that the learned models can
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predict parameter configurations whose performance is comparable to that ob-
tained through expensive tuning, and that they consistently outperform a fixed
reference configuration.

Among the considered approaches, direct parameter prediction using a single-
label model yielded the best optimization performance, while the multiple-choice
model improved predictive generalization without improving downstream re-
sults. The regression-based approach, which relies on performance prediction,
performed poorly, suggesting that accurately modeling performance landscapes
is challenging in this domain. These findings indicate that direct parameter
prediction can be an effective alternative to performance-based configuration
methods, and that increased model complexity does not necessarily improve
optimization outcomes. Furthermore, modeling parameter selection as an incon-
sistent learning problem did not yield practical benefits in this setting, despite
improving predictive metrics.

Future work should evaluate the generality of these findings across other
problem domains and algorithms. It would also be valuable to investigate alter-
native formulations of performance modeling, such as ranking-based approaches,
and to develop novel algorithm configuration strategies that do not rely exclu-
sively on explicit performance prediction models.
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