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Abstract As optimization problems in engineering and scientific computing continue to increase in
scale and complexity, the traditional paradigm of manually crafting optimizers based on expert
knowledge is increasingly constrained by high development costs and limited generalization. Meta-
Black-Box Optimization (MetaBBO) is an emerging meta-learning-driven paradigm that seeks to
automate black-box optimizer design by learning transferable strategies from a distribution of
problem instances, and it has attracted growing attention in intelligent optimization and
evolutionary computation. This survey first formalizes the core concepts of MetaBBO and its bi-
level optimization framework. It then provides a systematic review of five key meta-tasks from
two complementary viewpoints: the optimizer space, including algorithm selection, configuration,

composition, and generation; and the decision space, focusing on solution manipulation. We
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further discuss opportunities and challenges in integrating large language models into MetaBBO,

emphasizing their promise and current limitations for enabling end-to-end optimization workflows.

Finally, in light of existing gaps in problem understanding, model construction, and training

mechanisms, we outline future directions such as building more diverse problem suites,

developing more efficient learning paradigms, and advancing hybrid foundation models for multi-

task meta-optimization. These efforts aim to improve the generality, automation, flexibility, and

practical impact of MetaBBO), thereby providing stronger algorithmic support for solving complex

real-world optimization problems.
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Background
the

absence of problem structure information are widespread in real-

Black-box optimization problems characterized by
world applications. Evolutionary computation 1s one of the
commonly used methods for addressing black-box optimization
problems. On the one hand, due to the constraints of the “No
Free Lunch” theorem, there is a lack of a universally optimal
algorithm; on the other hand, evolutionary computation is highly
sensitive to algorithm configuration, which means that traditional
evolutionary algorithms often require expert-designed tailored
algorithms. However, this approach struggles to meet the growing
complexity of real-world optimization demands and leads to substantial
consumption of resources such as time, energy, and human effort.

Meta-Black-Box optimization is a meta-learning-driven
method for automating the design of black-box optimization
algorithms. It transforms the traditional manual design paradigm
into an agent-based automated design paradigm and is gradually
in the fields of black-box

Compared

becoming a research hotspot

optimization and computation. to

Meta-Black-

evolutionary

traditional  evolutionary  computation, Box
optimization involves multiple algorithm design tasks, learning
paradigms, and target optimization types, forming a highly
This

increases the difficulty of understanding and raises the threshold

diverse and intricately complex combinatorial space.

for learning and development in this field.
This paper first systematically defines the basic concepts and
bi-level optimization architecture of Meta-Black-Box optimization.

It then provides a comprehensive review of the research progress
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on five core meta-tasks from two distinct perspectives: the
optimizer space and the decision space. Specifically, “algorithm
selection”, “algorithm configuration”, “algorithm composition”,
and “algorithm generation” focus on the optimizer space, while
“solution manipulation” are centered on the decision space.
Furthermore, this paper explores the promising applications and
in  Meta-Black-Box

optimization, highlighting their crucial role in enabling an end-to-

challenges of large language models
end integrated optimization process. Finally, to advance Meta-
Black-Box optimization towards greater generality, automation,
and flexibility, this paper proposes several future research
directions to address current limitations in problem understanding,
model construction, and training mechanisms. These include
building diverse problem sets, introducing efficient learning
mechanisms, and developing hybrid task foundation models. The
goal is to push Meta- Black-Box optimization towards higher
levels of intelligence and practicality, thereby providing advanced
algorithmic support for the efficient solution of real-world
complex optimization problems.
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