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Abstract: The continuous expansion of modern large—scale models, guided by scaling laws, has led to a series of challenges in algorithms,
hardware, and engineering due to model parameters approaching the trillion—scale mark. The inherent computational inefficiency of the
Transformer architecture has become increasingly evident, prompting in—depth reflection among researchers regarding the path to achieving
artificial general intelligence (AGI). On one hand, improvements to the existing autoregressive Transformer architecture are being pursued
along two main avenues: algorithmic enhancements such as refined attention mechanisms, low—precision quantization, and parameter shar-
ing, as well as engineering advancements including cluster system optimization and hardware upgrades. On the other hand, the next—
generation computational paradigms for Al models are evolving away from the core framework of next token prediction. This shift includes
two distinct pathways: first, architectures that operate at higher levels of abstraction, such as diffusion and joint embedding prediction mod-
els; and second, approaches grounded in first principles of physics and the characteristics of computational substrates, including dynamic,
thermodynamic, and energy—based models. Concurrently, the integration of novel computational paradigms with new computational sub-
strates holds the potential to fundamentally alter the traditional disconnect between Al software and hardware, constituting an efficient path-
way toward AGI.
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