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Background Methodology Comparing to Models with Continual Training
» With the blooming of LLM-driven applications, such as agent |» InfLLM = Sliding Window + Block-Level Context Memory > Compared to Llama-3-8B-Instruct-Gradient-1048k (Llama-1M), InfLLM
construction and embodied robotics, enhancing the capability of » InfLLM organizes past key-value vectors into blocks, named as memory can achieve comparable without any additional training.
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LLMs to process streaming long sequences become increasingly unit, each containing a continuous token sequence » InfLLM achieves a 34% decrease in time consumption while using
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long sequences. However, as 1t discards all distant context, sliding Main Results Comparing to RAG
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