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Quick Transformer Recap

NIPS'17: Proceedings of the 31st International Conference on Neural Information Processing Systems
Pages 6000 – 601

https://arxiv.org/abs/1706.03762

https://arxiv.org/abs/1706.03762
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Word embedding

To transform a word into a vector, we turn to the class of methods called “word embedding” 
algorithms. These turn words into vector spaces that capture a lot of the meaning/semantic 
information of the words (e.g. king - man + woman = queen).

https://jalammar.github.io/illustrated-transformer/

https://bbycroft.net/llm

Diagrams from:

https://machinelearningmastery.com/what-are-word-embeddings/
http://p.migdal.pl/2017/01/06/king-man-woman-queen-why.html
https://jalammar.github.io/illustrated-transformer/
https://bbycroft.net/llm
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Attention
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Attention
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Attention

The Q, K, and V vectors:

Q: Query vector

K: Key vector

V: Value vector

Software analogy

Lookup table:

table = { "key0": "value0", "key1": "value1", ... }

Query Process:

table["key1"] => "value1"
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Self - attention
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Quick Transformer Recap
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Positional encoding
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Multi Head Attention



11

Vision Transformer (ViT)

https://arxiv.org/abs/2010.11929

https://github.com/google-research/vision_transformer

https://arxiv.org/abs/2010.11929
https://github.com/google-research/vision_transformer
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Vision Transformer (ViT)

● Divide image into N 
patches (PxP size)

● Image → flat sequence of 
patches

● Map patches to D 
dimension tokens via 
trainable linear projection

● Position embedding – 
learnable 1D mapping
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Vision Transformer (ViT)

● Optimizer: Adam
● Batch size: 4096
● Image size: 224x224
● Linear warmup + decay
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Vision Transformer (ViT)
● Trained on mid-sized datasets (ImageNet) yields results few percents below best CNNs
● Trained on large datasets (JFT-300M ora ImageNet 21k) suprasses CNNs trained on 

the same data
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Swin Transformer

https://arxiv.org/abs/2103.14030

https://github.com/microsoft/Swin-Transformer

https://github.com/microsoft/Swin-Transformer
https://arxiv.org/abs/2103.14030
https://github.com/microsoft/Swin-Transformer
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Swin Transformer
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Swin Transformer

● Self Attention computed in 
local windows with masking

● W-MSA – window based 
multihead self attention

● SW-MSA – shifted-window 
based multihead self 
attention

● Optimizer: AdamW
● Batch size: 1024
● Image size: 224^2 lub 384^2
● Linear warmup + cos decay
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Swin Transformer

Each patch is treated as a “token” and its feature is set as a 
concatenation of the raw pixel RGB values. In our 
implementation, we use a patch size of 4 × 4 and thus the 
feature dimension of each patch is 4 × 4 × 3 = 48.
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Swin Transformer
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Swin Transformer

Swin Transformer variants:

The same feature map resolutions as those of typical
convolutional networks, e.g., VGG and ResNet →
architecture can the backbone networks in existing 
methods for various vision tasks
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Swin Transformer
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Swin Transformer V2

https://arxiv.org/abs/2111.09883

https://github.com/microsoft/Swin-Transformer

https://arxiv.org/abs/2111.09883
https://github.com/microsoft/Swin-Transformer
https://arxiv.org/abs/2111.09883
https://github.com/microsoft/Swin-Transformer
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Swin Transformer V2
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Swin Transformer V2
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Swin Transformer V2
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Swin Transformer V2
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Swin Transformer V2

Pros:
● Best in class segementation
● Improved image size scaling
● Large potential for 

improvement

Cons:
● Requires large pre-training
● Local window + positional bias 

+ cosine attention are NOT 
compatible with optimized 
attention kernels
(e.g. Flash Attention)
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Swin U-Net

https://arxiv.org/abs/2105.05537

Computer Vision – ECCV 2022 Workshops. ECCV 2022.
Lecture Notes in Computer Science, vol 13803

https://arxiv.org/abs/2105.05537
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Swin U-Net
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Swin U-Net

● 3779 clinical CT images
● Image resolution: 224 x 224
● Loss: Dice + Cross Entropy
● Optimizer: SGD
● Batch size: 24
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Swin U-Net
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Swin U-Net



Swin U-Net – pre training

blue / orange – only Swin Transformer pretrained on Imagenet 1k
red / green – Swin U-Net pretrained on Imagenet 1k



Swin U-Net – artifacts



Swin U-Net – artifacts
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