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Abstract. The growing complexity and versatility of contemporary software-hardware
systems demand advanced methods for parameter selection and configuration optimization,
particularly in the context of benchmarking tasks. Traditional manual approaches are often
inefficient and may fail to deliver optimal results in dynamic and multifactorial environments.
Reinforcement learning emerges as a promising paradigm for building autonomous agents capable
of intelligently searching for and selecting input parameters, progressively improving system
performance through iterative interaction with the environment.
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Modern hardware—software systems feature high levels of technical
complexity, incorporating numerous functional subsystems and software modules
that must operate efficiently in a diverse range of conditions. One of the central
challenges in their testing and deployment is the effective selection of input
parameters to achieve desired indicators such as performance, energy efficiency, or
stability. This challenge is further amplified by the variability of real-world scenarios,
the dynamic nature of operational environments, and the multifactorial influence of
both internal and external factors.

The application of reinforcement learning (RL) offers new opportunities for the
automation and intelligent adaptation of this process. RL agents learn iteratively by
interacting with the system: by adjusting configuration parameters, they observe
changes in target metrics, receive rewards or penalties according to outcomes, and
gradually formulate optimal decision-making policies. Unlike traditional approaches,
RL is able to incorporate long-term effects of actions and supports the development
of self-learning capabilities in dynamic or partially unknown settings.

Specialized benchmarking libraries and modeling platforms, such as algorithm
configuration environments and automated optimization tools, are highly valuable in
these tasks. Advanced search methods for multi-dimensional parameter spaces, multi-
agent frameworks, and automatic adjustment of agent strategies based on
accumulated experience play a decisive role in improving system outcomes. Progress
has been made in the development of frameworks for hyperparameter optimization,
which can be integrated with RL to further accelerate the search for the most effective
configurations.

Modern hardware-software systems present a significant engineering challenge
due to their multifaceted structure, the integration of diverse software modules, and
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their operation in highly variable conditions. A critical issue in their design and
evaluation is the effective selection and tuning of input parameters to meet predefined
objectives, which often include performance, energy efficiency, and operational
stability. Traditional approaches relying on manual configuration or static heuristics
frequently fall short in adapting to the dynamic and high-dimensional environments
inherent to these systems. Reinforcement learning (RL) offers a transformative
framework by enabling agents to learn optimal configuration policies through trial-
and-error interaction with the target system, thereby autonomously balancing multiple
conflicting objectives. RL agents iteratively adjust parameters based on observed
feedback in the form of performance metrics, effectively constructing decision
policies that improve over time and are capable of responding to changing conditions
and operational uncertainties. The use of dedicated benchmarking libraries and
frameworks such as DACBench [1], coupled with modern hyperparameter
optimization platforms like Optuna [2] and Auto-WEKA [3], facilitates the
systematic evaluation of RL-driven configuration strategies and supports robust and
scalable solution development. Moreover, the integration of multi-agent
configurations and dynamic parameter control mechanisms enhances the flexibility
and scalability of these approaches for complex, large-scale, and distributed
environments. This paradigm reduces human intervention, accelerates the search for
optimal configurations, and increases the reliability and adaptability of software-
hardware systems operating in heterogeneous and evolving contexts.

A reinforcement learning-centered strategy dramatically increases the
scalability of testing procedures, ensures robustness to variable external factors, and
decreases dependence on subjective human decision making. Such solutions
demonstrate substantial potential for adaptation across a wide spectrum of technical
problems — from engineering complex information systems to distributed computing
platforms. Nevertheless, the successful deployment of RL-based approaches requires
in-depth understanding of practical aspects of environment configuration, as well as
ongoing evaluation of the performance, stability, and extensibility of known
algorithms in various operational contexts.
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