FlexInfer: Flexible LLM Inference Using CPU Computation
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Problem
LLM Inference requires significant amount of memory Offloading-based LLM Inference suffer from PCle data transfer overhead
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Motivation
Key Opportunities in Recent CPUs CPU Computation vs GPU with Offloading
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FlexInfer
Overview of Flexinfer Baseline Execution Policies in FlexInfer and Concrete Examples
Goal: Flexinfer dynamically select execution policies based on perf. estimator 1. CPU-Only 2. GPU with Offloading (FlexGen) 3. CPU-GPU Partitioning
Two key components: (1) Execution Planner (2) Inference Executor GPU GPU Layer | layeri+l|  GPU (SplitGen) [ M layers ]
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Evaluation Results and Summary
Performance Comparison Results (Input/Output length : 512/32) Summary

Problem

 LLM inference requires significant memory exceeding recent GPUs memory capacity

* Offloading-based LLM inference suffers from significant data transfer overhead

Key observation & Idea

* CPU computation offers potential but struggles with compute-heavy prefill phase

* FlexInfer dynamically select execution policies based on HW configs/ runtime params
Evaluation results

ICL_CPU  FlexGen FlexGen_Opt SplitGen  FlexInfer SPR_CPU  FlexGen FlexGen_Opt SplitGen  FlexInfer e Flexinfer reduces inference Iatency by 75%’ 76% on average across different servers

FlexInfer reduces end-to-end latency by 75%, 76% on two different servers

ICL CPU + A100-40GB GPU SPR CPU + H100-80GB GPU
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