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

Vaswani, Ashish, et al. "Attention is all you need." Advances in neural information processing systems 30 (2017).
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Vaswani, Ashish, et al. "Attention is all you need." Advances in neural information processing systems 30 (2017).



Think of this as your
Dictionary keys used for
addressing

Single Head Attention

Input Thinking Machines
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Queries o F o p;
Keys
Values V1 V2
Score qi e ki= qi ° =
Divide by 8 ( Vd;. )
Softmax
Softmax
X V1 V2
Value
Sum Z1 Z2

http://jalammar.github.io/illustrated-transformer/
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Compatibility bet. each
embedding in the
dictionary to myself

Scalar, Pairwise
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1] Relate

Scaled: because for large values of d,
—large values of dot product

— pushes the softmax to have small
gradients.
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Divide by 8 ( Vd;. )
Softmax
Softmax
X V1 V2
Value
sum Z1 Z>

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




Input Thinking Machines
Embedding X1 X2
Queries q1 q2
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2] Aggregate
Divide by 8 ( Vd;. )
Aggregate Softmax
information from all
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X V1 V2
Value
sum Z1 Z>

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



Single-Headed Attention
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Multihead Attention

1) This is our 2) We embed
input sentence* each word*

* In all encoders other than #0,

we don't need embedding.

We start directly with the output
of the encoder right below this one




Multihead Attention

1) This is our 2) We embed 3) Split into 8 heads.

input sentence* each word* We multiply X or
with weight matrices
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* In all encoders other than #0,
we don't need embedding.

We start directly with the output
of the encoder right below this one
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Multihead Attention

1) This is our 2) We embed 3) Split into 8 heads. 4) Calculate attention

input sentence* each word* We multiply X or using the resulting
with weight matrices Q/K/V matrices
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* In all encoders other than #0, 01
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We start directly with the output 1 B
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3) Split into 8 heads.
We multiply X or

1) This is our 2) We embed
input sentence* each word*

Wo©
Qo
W, 0
* In all encoders other than #0, Q1
we don’t need embedding. Ir 'I‘ 'I[ II‘
We start directly with the output ] BE
of the encoder right below this one "
W-@Q

4) Calculate attention
using the resulting

with weight matrices Q/K/V matrices

Multihead Attention

5) Concatenate the resulting .~ matrices,
then multiply with weight matrix to
produce the output of the layer
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April 2020 May 2020 October 2020

Exploring Self Attention for DetR Vision Transformers
Image Recognition

@, Y: linear, C/r,

relation §, map. y f: linear, C/r,

\/

aggregation
|bn/relu

linear, C

/

"bn/relu




Transformers in Computer Vision

April 2020 May 2020 June 2021

Exploring Self Attention for DetR Vision Transformers
Image Recognition

backbone !| encoder

|
set of image featuresi!

L E

|| transformer
encoder

transformer
decoder




Transformers In

Computer Vision
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Self Attention: A New Perspective
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Self Attention: A New Perspective
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Self Attention: A New Perspective
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Self Attention vs Cross Attention
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NXC
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MaskFormer
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Cheng, Bowen, Alex Schwing, and Alexander Kirillov. "Per-pixel classification is not all you need for semantic segmentation.”" Advances in Neural Information Processing
Systems 34 (2021): 17864-17875.
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Cheng, Bowen, Alex Schwing, and Alexander Kirillov. "Per-pixel classification is not all you need for semantic segmentation.”" Advances in Neural Information Processing
Systems 34 (2021): 17864-17875.
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Cheng, Bowen, Alex Schwing, and Alexander Kirillov. "Per-pixel classification is not all you need for semantic segmentation.”" Advances in Neural Information Processing
Systems 34 (2021): 17864-17875.
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Cheng, Bowen, et al. "Masked-attention mask transformer for universal image segmentation." Proceedings of the IEEE/CVF conference on computer vision and pattern
recognition. 2022.

Mask2Former CVPR22 Work
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Cheng, Bowen, et al. "Masked-attention mask transformer for universal image segmentation." Proceedings of the IEEE/CVF conference on computer vision and pattern
recognition. 2022.
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Cheng, Bowen, et al. "Masked-attention mask transformer for universal image segmentation." Proceedings of the IEEE/CVF conference on computer vision and pattern
recognition. 2022.
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Cheng, Bowen, et al. "Masked-attention mask transformer for universal image segmentation." Proceedings of the IEEE/CVF conference on computer vision and pattern
recognition. 2022.
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Cheng, Bowen, et al. "Masked-attention mask transformer for universal image segmentation." Proceedings of the IEEE/CVF conference on computer vision and pattern
recognition. 2022.
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Mask2Former

Masked Attention
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\ [—1 .
Cross Binary Mask Predictions {0, 1}
. Attention y
* X; = softmax(Ml_l -+ QZK;)Vl + X7_1.
\
3 if M;_1(z,y) =1
T Mi_i(z,y) = { —o0o otherwise

HW X C



B SOTA specialized
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