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[Abstract]

After the success of Transformer success in natural language programming (NLP), Vision Transformer (ViT) has emerged in
the field of computer vision. Unlike NLP Transformers, ViT does not consider image characteristics during embedding.
Consequently, the ViT's patch embedding module neglects spatial relationships between pixels. To overcome this, EarlyConv
introduced convolutional embeddings, but it worsened the problem of ViT's excessive parameter usage—using three times more
parameters than patch embedding. This paper introduces super-token convolutional embedding combined with super-token
clustering to reduce ViT's computational complexity, aiming for lightweight convolutional embedding. By utilizing convolutional
embedding layers and grouping tokens through super-token clustering, the proposed method enhances performance using 10
times fewer learning parameters than convolutional embedding and ViT's patch embedding, achieving 2.38% and 5.08% higher

performance, respectively, in ImageNet100 classification.
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Table 1. Comparsion of learnable parameters of
embedding modules

Embedding Learnable Parameter(M) | Dimension
Patch Embedding 0.30M 384
Convolution Embedding 1.00M 384
Proposed Embedding 0.09M 384
E 2. MY slo|Hui2lolel & gt
Table 2. Experiment hyperparameter and value
Experiment Configuration Value
Optimizer AdamW
Base Learing Rate 1e-3
Weight Decay 0.05
Batch Size 128
Mixup 1.0
Cutmix 0.8
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Table 3. Patch embedding module structure

e
A Slees 1 =308 AAsisith

Layer Output Channels
Reshape (196,768) 768
LayerNorm (196,768) 768
FC (196,768, 384) 384
LayerNorm (196,384) 384

4 2EE AHY 25 7=
Table 4. Convolutional embedding module structure
Layer Output Channels | Kernel size | Strides
Convolution (112,112,96) 96 3x3 2
Convolution (56,56,192) 192 3x3 2
Convolution (28,28,384) 384 3x3 2
Convolution (14,14,384) 384 3x3 2
Convolution (14,14,384) 384 3x3 1
Reshape (196,384) 384 -

5 AHEZE 25 MY 28 X
Table 5. SuperToken convolution embedding module

structure
Layer Output Channels | Kernel size | Strides
Convolution
Moduled (112,112,16) 16 3x3 2
Convolution
Module 2 (112,112,32) 32 3x3 1
Convolution
Module 3 (56,56,32) 32 3x3 2
Convolution
Module 4 (56,56,64) 64 3x3 1
Convolution
Module 5 (28,28,64) 64 3x3 2
Convolution
Module 6 (28,28,64) 64 3x3 1
Super Token _
Clustering (14,14,64) 64
Reshape (196, 64) 64 - -
FC (196,384) 384 - -
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Table 6. Compare ImageNet100's Top-1 classification
performance by embedding module

: Learnable Top—1

SilcEe g Parameter(M) Accuracy(%) Epochs
Patch

Embedding 18M 78.44(+0.76) 300(+200)

Convolution

Embedding 20M 81.14(+1.58) | 300(+200)
Token

Clustering 17M 83.52 300

Embedding

E 7. 285 MR 259 ASslo| e Ms H|n

Table 7. Comparing the performance of convolutional
detail modules as they are tiered

Learnable Top—1
sz Output Parameter(M) Accuracy(%)
w/o
Convolution (224, 224) 17.7M 48.26
Module
Convolution
Modulet (224, 224) 17.8M 80.20
Convolution
Module 1 ~ 2 (112, 112) 17.8M 80.68
Convolution
Module 1 ~ 4 (56, 56) 17.8M 82.18
Convolution
Module 1 ~ 6 (28, 28) 17.9M 83.52
Convolution
Module 1 ~ 6
+ (14, 14) 17.9M 81.50
Additional
Convolution

¥ 8. FAKE ™E Ao w2 27 A5 ¥ Throughput Zn}

Table 8. Classification performance and throughput results
based on the number of times similarity
information updated

Top—1
Accuracy(%)

82.96
83.02
83.52
83.30

t Throughput(Image/Sec)

1 766
2 749
3 737
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