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Cognitive Learning: A New Paradigm for Machine Learning in
Electromagnetic Spectrum Environment

RUAN Tian-chen, WU Qi-hui, ZHAO Shi-jin, ZHOU Fu-hui, HUANG Yang

(Key Laboratory of Dynamic Cognitive System of Electromagnetic Spectrum Space , Ministry of Industry and Information Technology, Nanjing

University of Aeronautics and Astronautics, Nanjing , Jiangsu 211106, China)

Abstract: With the exponential growth in the number of wireless devices and wireless applications, and the emer-
gence of various wireless technologies, the electromagnetic spectrum environment has presented complex characteristics
such as multi-domain environments and situations, diverse applications, changeable behaviors, and dense signals. Spectrum
resource control through immediate and effective analysis and processing of massive data is vital for efficient spectrum utili-
zation and electromagnetic spectrum dominance. Intelligent technology represented by machine learning methods provides
new opportunities to analyze electromagnetic spectrum data. Machine learning methods have been applied to wireless net-
works, spectrum management, resource management, and other scenarios. There are many challenges when applying machine
learning to the electromagnetic spectrum environment. Because of the dynamically changing environment and tasks, the scar-
city of high-quality labeled samples, real-time spectrum decision-making, and the difficulty of knowledge utilization and trans-
fer in the electromagnetic spectrum environment, existing machine learning algorithms are not ideal for intelligent cognitive
decision-making. Taking the research on interference recognition as an example, the traditional methods include two stages:
signal feature extraction and pattern recognition. With the growth in computer computing power, deep learning techniques
gradually replace traditional methods because of their powerful feature characterization capability. However, the electromag-
netic spectrum environment and data often have uncertainties caused by unknown, dynamic changes. Adapting deep learning
to unobserved tasks quickly is challenging, indicating poor generalization capability. Furthermore, it is limited by its reliance
on a large number of high-quality labeled samples and manual adjustment of hyperparameters for offline training. Thus, al-
though deep learning has far outperformed traditional methods in most research scenarios, traditional machine learning-based
image recognition models still have advantages in some scenarios. In interference recognition, if traditional machine learning
algorithms and deep learning algorithms and their hyperparameters can be dynamically scheduled according to the environ-
ment and task characteristics, the shortcomings of using a single algorithm can be avoided, resulting in improved overall per-
formance. It is necessary to propose a learning paradigm that continuously adapts to dynamic environments and tasks, accu-
mulates new knowledge, is robust to erroneous sample data, and is partially interpretable. The leap from perceptual intelli-
gence to cognitive intelligence toward general artificial intelligence has research significance and practical value.

Given the characteristics of the electromagnetic spectrum, this paper proposes a new paradigm of machine learning meth-
od in the electromagnetic spectrum environment—cognitive learning, attempting to use machine learning techniques at a “cog-
nitive” level. It includes offline training, online execution, online feedback and offline self-learning processes, corresponding
to the executive control and introspective processes of the brain’ s cognitive mechanisms. Offline training explores the match-
ing relationship between the algorithm type and hyperparameters with the environment and the task. During the online pro-
cess, it can perform decision-making based on the actual environment, select appropriate algorithms and hyperparameters,
and output learning results. The feedback of learning results can be used for self-optimization in offline self-learning, form-
ing an offline-online-offline structure. The cognitive feature extraction module establishes matching relationships between
features of environments and tasks and algorithm types and hyperparameters to obtain the appropriate algorithm types and hy-
perparameters. The memory module calls specific algorithms and hyperparameter values for algorithm reconstruction. The
learning network module executes the selected algorithm based on the input data and outputs online learning results.

The cognitive evaluation module introspects the online learning results and adjusts the data in the memory database
and cognitive case base, and updates the most appropriate algorithm and hyperparameters. In the offline stage, the current
learning results are judged whether to be stored as a new cognitive case in the memory. The cognitive control module re-
trains the selection of algorithms and hyperparameters to continuously optimize the performance of selecting algorithms and
hyperparameters.

Moreover, we reveal and confirm the dynamic matching theorem and the optimal matching theorem in cognitive learn-
ing according to the No Free Lunch Theorem. The dynamic matching theorem states the existence and dynamics of optimal

algorithms and hyperparameters. For any environment or task, there is always a set of algorithms and hyperparameters with
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optimal performance, which differs for different environments and tasks. The proposed cognitive learning paradigm can se-
lect appropriate algorithms and hyperparameters. The optimal matching theorem states that as the knowledge of algorithm
and hyperparameter selection increases, the search space of candidate algorithm types and hyperparameters decreases, and
the probability of selecting the most suitable algorithm type and hyperparameters increases.

A cognitive learning scheme for radio frequency interference identification is designed. Different algorithms and hy-
perparameters are adopted for different problems to generate test results and a cognitive case base based on the differential
task requirements and signal modalities acquired by cognitive feature extraction. A large number of cognitive cases are
used as training samples to train the neural network for algorithm and hyperparameter selection. A radial basis function neu-
ral network is used for the neural network structure, which has the advantage that the number of hidden units does not need
to be set manually. The size of hidden layers can be automatically expanded according to the approximate linear correlation
criterion when the number of training samples for various problem features increases, alleviating the problem of catastroph-
ic forgetting in neural networks.

We performed interference recognition simulations with different datasets and different recognition requirements. The
simulation results demonstrate that the proposed paradigm can adapt to dynamically changing environments and tasks, im-
prove performance by self-learning, and alleviate the impact of mislabeled samples. The cognitive learning paradigm has a
pioneering significance for developing machine learning methods applied to the electromagnetic spectrum environment.

There remains room for improvement in cognitive learning. We must seek future research breakthroughs in multimodal
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computing, knowledge interpretability, large-scale tasks, and learning architecture scalability.
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