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Intuition: per-IC quantization
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Standard quantization settings have pervasive outliers
Our per-IC-quantization method isolates outliers

Outlier patterns occur in both channel dimensions 
in a 2D weight matrix (dominant rows or columns)

Adaptive Dimensions (AdaDim): Adaptive channel quant.
via selective and automatic application of Per-IC-quant. 

Results
• AdaDim significantly improves RTN and GPTQ 

for reasoning and knowledge of base LLMs

• Per-IC-quant. leads to speedups against CuBLAS

• Task-specific Quantization for Math and Coding

• AdaDim lowers reconstruction error up to 6x
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> Code available at: github.com/johnheo/adadim-llm 

Simple binary selection of quant. dimension by using 
the reconstruction error metric

https://github.com/johnheo/adadim-llm

