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Background: ViTs

Performance difference between large-scale and lightweight vanilla vision Transformers.

An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale, ICLR, 2021
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Large-scale models: Competitive

Lightweight models: Unsatisfactory
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Background: Distillation

How can we improve the performance of vanilla lightweight ViTs without any inference pipeline changes? 

Generic-to-Specific Distillation of Masked Autoencoders, CVPR, 2023

Related works: Knowledge Distillation
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Costs of pre-trained teachers 

(especially for S.D)



Background: Re-parameterization

Structure re-parameterization in CNNs 

4
Diverse Branch Block: Building a Convolution as an Inception-like Unit, CVPR, 2021

• Training: 

• multi-branch 

• over parameterization

• Inference: 

• single KxK convolution

Can we apply re-parameterization 

to vanilla ViTs?



Method: Single Experiments
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Single application: directly replacing convolution layers into linear layers.
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Method: Linear Ensemble
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Stacking linear layers with batch normalization in-between them.

• Effectiveness: similar to MLP which is appropriate to transformers and plays an 

important role to represent rich intra-token information.

• Rationality: batch normalization is still can be used in-between layers while keeping 

original layer normalization unchanged.

• Operability: it can be fused to a single linear layer after training.

1. Merging linear and batch normalization 2. Merging two adjacent linear layers



Method: Distribution Rectification
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Multi-branch re-parameterization will change the feature distribution. 

Attention mechanism in vision transformers is sensitive to this distribution changes. 

Attention is all you need, NeurIPs, 2017

Normal Attention Operation:

Variance scales to 𝐶𝑘

Re-parameterization Attention Operation:

Variance scales to 𝐶𝑘𝑁𝑄𝑁𝐾

𝑅(𝑥) = ൞

𝐵𝑁 𝑥 , 𝑄𝐾𝑉
𝑥

𝐶𝑘𝑁𝑄𝑁𝐾

, 𝑜𝑡ℎ𝑒𝑟𝑠



Method: Structure
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TDRL: Pyramid-wise Multi-branch 

• Design: 

• Skip-branch

• Rep-branch

• Length: representation ability

• Width: representation diversity

• Application:

• Arbitrary linear layers



Experiments: Ablations
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➢ Structure Designs

• Skip connection plays an important role.

• More branches do not always lead to better performance.

• Pyramid-wise design leads to diversity representation between different branches.

• Applying TDRL to MHSA and FFN results in much more improvements.



Experiments: Ablations
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➢ Attention Distribution Rectification

• Without rectification, the maximum value in attention is prone to extreme values.

• Normalization is better than scaling as a rectification function.



Experiments: Classification

11†means performing distillation during fine-tuning.

• TDRL achieves the best image 

classification accuracy under various 

epoch settings.

• When performing distillation during 

fine-tuning, the performance of TDRL 

can be further improved to 79.1%.



Experiments: Dense Prediction
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• TDRL can also benefit dense prediction tasks such as semantic segmentation and object detection.



Experiments: Generality
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• TDRL can be used in various networks and tasks:

• Larger model (e.g., ViT-Small, Swin-Tiny)

• CNN model (e.g., VanillaNet)

• Hybrid model (e.g., MobileOne)

• DDPM 



Experiments: Efficiency
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• Under similar training costs, TDRL can still improve the performance of ViT-Tiny.



Summary
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• We propose a novel re-parameterization method, namely TDRL, to improve 

the performance of vanilla lightweight Vision Transformers.

• To improve the representation ability, we design a linear ensemble way and a 

pyramid-wise multi-branch structure.

• For stable training, we analyze the feature distribution change issues and 

propose a simple rectification method.

• Experiments on various tasks and backbone have demonstrated the 

effectiveness of our TDRL.

More details can be found in https://openreview.net/pdf?id=3rmpixOjPS
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https://openreview.net/pdf?id=3rmpixOjPS


