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 Introduction

p Background

Ø Model quantization converts the weights and activations from floating-precision to low bit-width integers. 
Reconstruction-based Post-Training Quantization (PTQ) method rely solely on a small unlabeled dataset, 
and achieves superior accuracy by introducing an efficient fine-tuning process.

Ø Recent reconstruction-based PTQ methods suffer from the two limitations. 1) Inaccurate estimation of 
output importance. 2) Performance degradation in quantizing post-GELU activation.

• 1) Inaccurate estimation of output importance. Existing methods use MSE or FIM based quantization 
loss during block reconstruction, which is suboptimal.

• 2) Performance degradation in quantizing post-GELU activation. The activation range reaching up to 
40 in certain layers leads to an unstable fine-tuning process.



 Introduction

p Observations

Ø The importance of the class token (i.e., 
the first token) is much higher than that 
of the patch tokens, and distinct patch 
tokens also have substantially different 
APH importance.

Ø The activation range reaching 
up to 40 in certain post-GELU 
layers (i.e., mlp.fc2) leads to an 
unstable fine-tuning process.

Token Importance

Activation statistics



 Method

p Average Perturbation Hessian Based Reconstruction (APHQ-ViT)

Ø APHQ-ViT first reconstruct the MLP layer, followed by quantization reconstruction. 
Ø Both reconstructions are optimized by the proposed Average Perturbation Hessian (APH) loss.
Ø The MLP Reconstruction (MR) replaces the GELU activation with ReLU and reduces the range of post-GELU 

activations.



 Method

p Average Perturbation Hessian Loss

Ø Add a fixed perturbation ∆� to the block output � and perform forward propagations;
Ø Calculate the KL divergence between the initial model output logits and the perturbed model output logits;
Ø Perform backward propagations to obtain the Jacobian matrices, and calculate the sample-wise Hessian;
Ø Calculate the Average Hessian across all samples as the output importance measurement;

Ø The APH loss is formulated as: 



 Method

pMLP Reconstruction

Ø We first directly replace the GELU activation with ReLU in each MLP;
Ø We use a clamp loss to constrain the activation range and a direct loss to prevent vanishing gradients:

Ø MLP Reconstruction effectively narrows the range of post-GELU activations while preserving the weight 
distribution, resulting in only a minimal performance decline.



 Experiments

pMain Results on ImageNet



 Experiments

pMain Results on COCO



 Experiments

p Ablation Study
Ø Effect of main components Ø Detailed ablation of APH and MR

Ø Training Efficiency

Ø Inference Efficiency



 Conclusion

pWe propose a novel post-training quantization approach APHQ-ViT for ViTs. Notably, 
compared to the state-of-the-art methods, APHQ-ViT achieves an average improvement 
of 7.21% on ImageNet with 3-bit quantization using only uniform quantizers.

pWe demonstrate that the current Hessian guided loss adopts an inaccurate estimated 
Hessian matrix, and present an improved Average Perturbation Hessian (APH) loss. 
Based on APH, we develop an MLP Reconstruction method that simultaneously replaces 
the GELU activation function with ReLU and significantly reduces the activation range. 

p Extensive experimental results show the effectiveness of our approach across various 
Vision Transformer architectures and vision tasks, including image classification, object 
detection, and instance segmentation.
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