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Large Language Model (LLM)
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Challenge 1: Autoregressive LLM
§ Repetitive identical iterations 

for ”training” 
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LLM Inference Serving
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Solution 1: Iteration-level Scheduling
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Solution 1: KV Cache Paging
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Challenge 2: LLM Specific Parallelism
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Solution 2: LLM Graph Converter
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Challenge 3: Slow Simulation Time
§ Batch 32
§ Sequence Length 512
§ 1 Iteration
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Solution 3: Computation Reuse
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Evaluation

§ ShareGPT sampled requests, request arrival pattern using Poisson distribution
§ Average error rate 14.7%
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Evaluation

§ GPT-3 175B 1 iteration
§ Sequence Length: 2048

§ Without reuse: ~400 sec
§ With reuse: <1 min

§ 18.7× speedup using computation reuse
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Performance of Computation Reuse
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Conclusion
§ Large scale LLM inference serving system simulator

§ 14.7% error rate against real GPU-based LLM serving system 
§ 18.7x speedup using computation reuse
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