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ABSTRACT Over the past few decades, artificial intelligence (AI) technology has rapidly developed from systems capable of
performing simple automated tasks to complex intelligent robots that are reshaping industry and daily life. However, while Al has
demonstrated remarkable capabilities in processing vast amounts of data and executing predefined tasks, the essence of true intelligence
lies in its ability to interact deeply with dynamic environments and make adaptive decisions in real time. Al systems must transcend their
current limitations and evolve into entities that can autonomously perceive, learn, and adapt to their surroundings without relying on
human intervention. A notable challenge in achieving this goal is the fundamental contradiction between the discrete symbolic
processing methods employed by traditional Al systems and the continuous nature of the physical world. Real-world environments are
inherently continuous, with phenomena such as motion, aging, and light variations that unfold seamlessly over time. In contrast, Al
systems often rely on discrete representations, such as pixelated images or labeled data points, which inherently fail to capture the subtle,
cumulative effects of continuous changes. The disconnect between discrete processing and continuous reality underscores the need for
Al systems to develop new paradigms that enable continuous environmental modeling and real-time adaptation. Another critical
limitation is in the constrained feature spaces of traditional Al systems, which makes it difficult to handle the infinite possibilities of
open environments. Dynamic environments are characterized by an ever-expanding state space in which parameters such as object
shapes, lighting conditions, and interactions between entities combine in countless unforeseen ways. Current Al systems, constrained by

their predefined feature dimensions, struggle to adapt to novel scenarios outside of their training data. To address this limitation, Al
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systems must develop elastic cognitive frameworks that can dynamically expand their feature spaces, thereby enabling them to
adaptively process unforeseen information. Furthermore, the static deployment model of traditional Al systems poses a barrier to
achieving true intelligence. Most Al systems are trained offline and deployed with fixed algorithms, which limit their ability to learn and
adapt in real time as they interact with their environments. Intelligent entities must be capable of continuous learning and evolution,
updating their knowledge, and decision-making processes based on new experiences. This requires overturning existing static learning
paradigms, enabling Al systems to continuously refine their models and adapt to changing circumstances. The future of Al lies in its
ability to deeply interact with and adapt to complex and dynamic environments. By addressing the limitations of discrete processing,
fixed feature spaces, and static deployment models, and by leveraging advancements in electronic materials, we can pave the way for
truly intelligent systems that operate autonomously and evolve alongside their environments. In this paper, we provide a brief overview
of the interaction technologies between Al and the environment, discussing current advancements and exploring future innovations and

applications of Al in environmental interactions, as well as the challenges from the perspective of electronic materials. It aims to inspire

further research and innovation in this transformative field, ultimately unlocking the full potential of AL
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Fig.1 An artificial neuron with adaptively increasing threshold: (a) circuit diagram of the artificial neuron device; (b) under the action of set pulses and

reset pulses, the threshold of the neuron undergoes adaptive changes; (c) under continuous external stimulation, the threshold of the neuron adaptively

increases, and the magnitude of the increase gradually decreases with the accumulation of firing events (/ represents current, V' represents voltage, by

represents the baseline threshold voltage, S represents the scaling factor that regulates the degree of threshold deviation from baseline, 7 represents the

adaptation time constant of threshold decay, and d, represents minimum time step) "
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Fig.2 An adaptive spiking neuron model: (a) circuit diagram of the artificial neuron and synaptic device (R represents resistance, V' represents voltage,

and M represents memristor); (b) the refractory period after the neuron spiking; (c) the lateral inhibition effect produced by the neuron spiking on other

neurons; (d) comparison of training process characteristics with and without adaptive neurons; (e) results of letter recognition with and without noise in the

presence of adaptive neurons””!
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Fig.3 An artificial neuron with adaptive activation functions and its functional characteristics: (a) the adaptive transformation of the neuron’s activation
function, demonstrating flexible response states. Pgyixin, Tepresents the probability of neuronal spiking; (b) the difference in spiking probabilities between
adaptive neurons and traditional neurons when processing tasks in different environments, illustrating that adaptive neurons can autonomously adjust their
states to cope with variations in information distribution across environments; (c) adaptive neurons can consistently maintain recognition capabilities for
subjects in changing environments; (d) in vehicle classification tasks across different environments, the spiking neural network supported by adaptive
neurons can consistently achieve high accuracy; (e)—(f) in edge detection tasks, adaptive neurons exhibit excellent adaptability to dynamic environments,

enabling the perception and processing of more edge structure information in changing conditions*”
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Fig.4 An artificial synapse device with adaptive capabilities achieves associative learning, researchers applied electrical pulses to the transistor to

simulate the process of ringing a bell and utilized optical pulses to mimic feeding behavior, successfully establishing an effective association between

optical and electrical pulses within 40 cycles (7 represents voltage, N represents the number of stimuli, CS represents conditioned stimulus, US represents

unconditioned stimulus, UR represents unconditioned response, PSC represents postsynaptic current, and EPSC represents excitatory postsynaptic

current)?”!
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Fig.7 Preparation of RENiO; using the metal-organic decomposition method: (a) schematic of the metal-organic decomposition method, where the

organic precursors of rare earth and nickel metals are mixed and spin-coated onto a LaAlO3(001) substrate. After high-oxygen-pressure annealing, the

precursors near the substrate surface decompose and grow coherently to form a quasi-single-crystal layer, while the precursors farther from the substrate
surface further grow into polycrystalline RENiOs; (b) the temperature-dependent resistivity (p) of RENiO3/LaAlO3(001) grown using the high-oxygen-

pressure-assisted metal-organic decomposition method"**!
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