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Introduction

◼ Problems

⚫ Diagonal approximation ignores the potentially 

useful off-diagonal information

➢ Hessian-guided quantization loss:

➢ All approximations in BRECQ:
1. Using the Fisher information matrix (FIM) to approximate 
the negative Hessian matrix. 
2. Using the diagonal FIM to approximate the full FIM. 
3. Using the square of the task loss gradient to approximate 
the diagonal of the FIM. 
4. Using the gradient of KL divergence instead of the task 
loss gradient.
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Introduction

⚫ FIM is regarded as a sample-dependent matrix, 

and the second variance termis omitted

➢ Hessian-guided quantization loss:

➢ All approximations in BRECQ:
1. Using the Fisher information matrix (FIM) to approximate 
the negative Hessian matrix. 
2. Using the diagonal FIM to approximate the full FIM. 
3. Using the square of the task loss gradient to approximate 
the diagonal of the FIM.
4. Using the gradient of KL divergence instead of the task 
loss gradient.
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◼Overview

Method
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Method

⚫ FIM is linearly proportional to the gradient of KL divergence.

◼ Relationship Between FIM and KL
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Method

◼ Approximations of FIM
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➢ Hessian-guided quantization loss：
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⚫ The low-rank approximation (FIM-LR)：⚫ The rank-one approximation(FIM-OR)：
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➢ We set：

➢ Based on the relationship between the Fisher 

information matrix and the KL divergence 

gradient, we have：

➢ Hessian-guided quantization loss：

➢ The Moore-Penrose inverse of          ：( )bz
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Method

( )
( )( )

( ) KLKL 1
Diag ( ) ( )

1

( )( )
Diag , , ,

b
bb

a

b b

a

   
=  

  

z zz
F

z z

LL

( )
( )

2
( , )KL

diag ( )

( )b
b i

b

  
=  

 

z
z

z

•

L
L

⚫ The diagonal approximation (FIM-Diag)：

⚫ The diagonal plus low-rank approximation (FIM-DPLR)：
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◼ Approximations of FIM



8

Experiment

⚫ Results on ImageNet

◼Main Results
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Experiment

⚫ Results on COCO

◼Main Results
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Experiment

⚫ Comparison of different quantization losses

◼ Ablation Study

⚫ Comparison of different ranks ⚫ The training time cost (GPU Minutes) 

using different ranks 
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Conclusion

 In this paper, we propose a novel approach dubbed FIMA-Q for post-training quantization of 

Vision Transformers. Specifically, we propose a more accurate approximation method for FIM. 

 Specifically, we first demonstrate that FIM is proportional to the gradient of KL-divergence, 

based on which we develop a novel estimation method dubbed DPLR-FIM by integrating 

both the diagonal and off-diagonal information. 

 Extensive experimental results across distinct vision transformer architectures validate the 

effectiveness of FIMA-Q for various visual tasks. The results reveal that our method has 

achieved significant performance improvements in the cases of low-bit quantization, 

especially with an average improvement of 5.31%, compared to the current state-of-the-art 

approaches in 3-bit quantization.
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Thanks for your listening
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