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Towards Brain-Machine Intelligence: Co-Evolution Brain-Computer Interface

Ming Dong, Mei Jie, Xu Min-peng
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Abstract: Brain-computer interfaces (BCls) enable direct information exchange between the human brain and external
devices without relying on peripheral nerves and muscles. Over the past five decades, BCI research has progressed from the
design of communication interfaces and natural interaction to the stage of brain-machine intelligence. However, achieving
long-term stable interaction remains a major bottleneck limiting further development and practical application of BCI
systems. Current approaches to improve long-term stability mainly fall into two categories: enhancing the user’s ability
to operate the BCI through neural modulation and neurofeedback training, referred to as brain learning; and improving
the machine’s decoding and adaptation to brain signals through adaptive algorithms, referred to as machine learning.
Most existing studies tend to focus on either brain learning or machine learning in isolation, overlooking the potential of
their integration for performance enhancement. Co-evolution BCI aims to synergise brain learning and machine learning,
enabling mutual adaptation and synchronised enhancement between the brain and machine during interaction. This facilitates
robust performance against brain state fluctuations and environmental disturbances, thereby supporting long-term stable
BCI operation. This paper provides a comprehensive review of the development of neural modulation, neurofeedback, and
adaptive BCI technologies, defines the concept and scope of co-evolution BCI, and analyses the key challenges and future
directions to promote deeper research and broader application of co-evolution BClIs.
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Fig 1. Neuromodulation techniques.. a. Brain stimulation techniques,
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