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Architecture

* Vision Transformer (ViT)
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Architecture

* Vision Transformer (ViT)
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Architecture

* Vision Transformer (ViT)
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Architecture

* Vision Transformer (ViT)

* Step 4. 7S Encoder Layer2] input® 2 @0 AttentionS -3 SHC) (L:12)
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Architecture

* Vision Transformer (ViT)

* Multi-Head Self Attention (MSA)
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Architecture

* Vision Transformer (ViT)

* Multi Layer Perceptron (MLP)
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Architecture

* Vision Transformer (ViT)

* Step 5. MLPOI| Image Representation?! class tokenS 20 0] 0] Z] 9] classE 25
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Training Method

* Training

« Large HI0|H A e 2 AR BHE > o] ZF2 o|o| & Alo| thsl Transfer LearningS &2
* ImageNet-21k or JFT (pre-trained) -> CIFAR10, ImageNet-Real (fine-tuning)

- ImageNet, 1K classes, 1.3M images
- ImageNet-21k, 21K classes, 14M images
- JFT, 18K classes, 303M images

Pre-train Fine-tuning
optimizer Adam optimizer SGD Momentum
Scheduling Linear Learning rate decay Scheduling  Cosine Learning rate decay
Weight decay | 0.1 Batch Size 512
Batch Size 4096 Image 384 (base)
Etc Label Smoothing, Early Stopping Resize
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Training Method

* Training

* Model

ScailingS A &3l £ Al 742 2 &
* ViT-H/162] resolution: 512, ViT-H/142] resolution: 518

& =zt

Model Layers Hiddensize D MLPsize Heads Params
ViT-Base 12 768 3072 12 86M

ViT-Large 24 1024 4096 16 307M
ViT-Huge 32 1280 5120 16 632M

Table 1: Details of Vision Transformer model variants.
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Experiments
* Results
* JFT Dataset= 2 pre-traingt 22 CNN 22 T} 4 50] £5 (large scale training trumps inductive bias)

* Training TimeO| CNN AIE HC} E A 2=

Ours-JFT Ours-JFT Ours-121k BiT-L Noisy Student
(ViT-H/14) | (ViT-L/16)  (ViT-L/16) (ResNet152x4) (EfficientNet-L2)

ImageNet 88.55+004 | 87.76+003 85.30+0.02 87.54 +0.02 88.4/88.5*
ImageNet RealL 90.72+0.05 | 90.54+0.03 88.62+0.05 90.54 90.55
CIFAR-10 99.50+0.06 | 99.42+0.03 99.15+0.03 99.37 +0.06 -
CIFAR-100 94.55+004 | 93.90+005 93.25+0.05 93.51 +0.08 -
Oxford-ITIT Pets 97.56+003 | 97.32+011  94.67+0.15 96.62 +0.23 -
Oxford Flowers-102|  99.68 +0.02 | 99.74+0.00 99.61 +0.02 99.63 +0.03 -

VTAB (19 tasks) T7T7.63+023  76.28+0.46 T2.72+021 76.29 £ 1.70 -
TPUv3-core-days | 2.5k 0.68k 0.23k | 9.9k 12.3k

o Et= 2
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Experiments

* Analysis
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Experiments
* Analysis
+S5E 2ES 243 Z 4 (Embedding Filter E, Position Embedding Filter E,,., depth-attention distance)
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Figure 7: Left: Filters of the initial linear embedding of RGB values of ViT-L/32. Center: Sim-
ilarity of position embeddings of ViT-L/32. Tiles show the cosine similarity between the position
embedding of the patch with the indicated row and column and the position embeddings of all other
patches. Right: Size of attended area by head and network depth. Each dot shows the mean attention
distance across images for one of 16 heads at one layer. See Appendix D.7 for details.
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