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• ViT tokenization of images (i.e., into patches) makes it 
harder for the model to learn local structures such as 
edges, lines, etc.
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• ViT backbone is over-parameterized for midsize 
datasets like ImageNet-1K. 

• This leads to redundant features.

Limitations of ViTs
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• The authors propose a layer-wise “Tokens-to-Token 
module” (T2T) to model local structures in the image. 

• Instead of a parameter-heavy backbone, an efficient “T2T-
ViT backbone” is used to process the resulting T2T tokens.
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• First, patch-level tokens are processed using self-attention. 
• Then, the patch-level tokens are reshaped into a 2D grid. 
• Lastly, the authors apply a sliding window operation to 

aggregate information within local neighborhoods of tokens.
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• The patch-level tokens are reshaped back into a 2D grid. 
• The sliding window operation is applied on the resulting 2D 

grid, and the neighboring patches/tokens are concatenated.
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b) Concatenation of the 
Neighboring Tokens

• The patch-level tokens are reshaped back into a 2D grid. 
• The sliding window operation is applied on the resulting 2D 

grid, and the neighboring patches/tokens are concatenated.
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b) Concatenation of the 
Neighboring Tokens

• The patch-level tokens are reshaped back into a 2D grid. 
• The sliding window operation is applied on the resulting 2D 

grid, and the neighboring patches/tokens are concatenated.
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• First, patch-level tokens are processed using self-attention. 
• Then, the patch-level tokens are reshaped into a 2D grid. 
• Lastly, the authors apply a sliding window operation to 

aggregate information within local neighborhoods of tokens.
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• The authors propose a layer-wise “Tokens-to-Token 
module” (T2T) to model local structures in the image. 

• Instead of a parameter-heavy backbone, an efficient “T2T-
ViT backbone” is used to process the resulting T2T tokens.
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• Unlike ViT, T2T-ViT employs a deep-narrow architecture.
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• Comparing performance of T2T-ViT and ViT on ImageNet. 
• All models are trained from scratch (i.e., no external data 

is used).
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• Comparing performance of T2T-ViT and ResNet on 
ImageNet. 

• All models are trained from scratch.
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• Comparison between T2T-ViT with ViT, ResNets when 
trained from scratch on ImageNet

Accuracy vs Computational Cost



• Ablation study validating the effectiveness of (1) the T2T 
module, and (2) Deep-Narrow ViT architecture
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• The proposed approach addresses the two previously 
discussed limitations of ViTs.

Qualitative Results



• Why is the T2T module better than standard convolution?
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• Why is the T2T module better than standard convolution? 

• Would deep-narrow architecture work better than shallow-
wide architecture on bigger datasets (e.g., ImageNet-21K) 
as well? 

• How does this paper compare to DeiT?
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• A well motivated paper that addresses prior limitations of 
standard ViTs. 

• The proposed approach can be trained from scratch on 
ImageNet and achieve comparable or even better 
performance than CNNs and ViTs. 

• Excellent accuracy vs computational cost trade-off.

Summary


