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Quantization Algorithm:

• ViT Quantization

• No papers quantize ViTs into 8-bit with higher acc

We analyze ViT’s data

distribution to figure it

out.
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● Two Specific Data Distribution inside ViTs
○ Long-Tail Distribution

Information Loss

Uniform Quantization

EQ-ViT Data Analysis

Using by Many Works…

Long-Tail Distribution: Attention Matrix & Act 

After GELU
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● Data Distribution inside ViTs
○ Long-Tail Distribution

○ Substantial Outliers

○ ]]

Channel-wise Outlier: Fixed Layer & Fixed 

Channel & Fixed Data Range
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EQ-ViT Data Analysis

Can be predicted!

Long-Tail Distribution: Attention Matrix & Act 

After GELU
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Log2  has 7~8 values to cover this

large data range instead of only 1.
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𝟐𝒙 Can be efficiently supported 

by Bitshift on FPGA board. 
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• GitHub Link: https://github.com/arc-research-lab/CHARM

Open-Source Tool

https://github.com/arc-research-lab/CHARM
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