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InfiniGen: Key Direction
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Exploit the abundant CPU memory capacity
to manage the KV cache!
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Experimental Setup
Model

• Open Pre-trained Transformer (OPT)
 : 6.7B, 13B, 30B
• Llama-2
 : 7B, 13B

Baseline
• KV Cache Offloading

• CUDA Unified Virtual Memory (UVM)
• FlexGen

• KV Cache Management Methods
• H2O: Eviction-based
• Quantization

Workload
• lm-evaluation-harness
• PG-19

GPU
GPU NVIDIA RTX A6000

GPU Memory Size 48 GB

CPU

CPU Intel Xeon Gold 
6136

CPU Memory Size 96GB

Interconnect
PCIe Generation 3.0 

Lane 16

System Configuration
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Accuracy
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More Details in Our Paper
• Long Sequences

• Key/Query Skewing
• Sensitivity Study and Overhead Analysis
• Latency across batch sizes and model sizes
• Accuracy with Other Combinations
• Others …
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Conclusion
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Problem
• The large memory footprint of the KV cache size in LLM inference
• Existing methods show subpar performance

Solution: InfiniGen, a dynamic KV cache management framework
•  Speculative prefetching of the essential KV cache
•  Skewing query and key for efficient speculation

Result
•  InfiniGen shows 3x faster performance while preserving model accuracy
•  It also shows better scalability than prior solutions! J
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