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𝒉! 𝒉" 𝒉𝒏

𝒙! 𝒙" 𝒙$

Decoder

𝒉! 𝒉" 𝒉%

𝒚! 𝒚" 𝒚%

𝑪

Input to Encoder has length 𝑛
𝑪 is the context summarized by ℎ𝑛
Output of Decoder has length 𝑚
In general 𝑛 ≠ 𝑚

Sequence to Vector RNN

Vector to Sequence RNN
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we happyare

Tayo ay

<eos>



seq2seq

RNN
Serial
Difficult to parallelize
Uni-directional

Bi-directional version is 
much slower
Susceptible to catastrophic 
forgetting
Slow

Transformer
Parallel
Bidirectional
Not susceptible to catastrophic 
forgetting
Fast



Transformer

Parallel
Encoder

Sequential
DecoderVector to Vector

Vector to Sequence
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Language Translation Vector to Sequence
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Transformer Encoder Unit Details

No recurrence (No RNN)
No CNN
Operations: Linear, Norm, Matrix 
Multiply, Dot Product, Softmax

Feed Forward 
Neural Network

Self-Attention



Transformer Encoder and Decoder Unit 
Details

Feed Forward 
Neural Network

Self-Attention

Feed Forward 
Neural Network

Self-Attention

Encoder-Decoder 
Self-Attention



Input Embedding is an 𝑛 − 𝑑𝑖𝑚 vector
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ay masaya
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Example: Each word is converted into a 512-dim embedding vector.
In the simple example above, it is 4-dim. 
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Encoder
(Typically 6
Encoder Units)

tayo ay masaya
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The Length of the Input is 𝑛

𝑤𝑜𝑟𝑑!

⋯
𝑤𝑜𝑟𝑑"

Example: 𝑛 could be the maximum possible length of a sentence.
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Encoder with Latent Variables 𝒛"

Self-Attention

tayo ay masaya

Encoder 1

FFNN FFNN FFNN
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Attention between 2 words

the cat licked its paw

⋮

Encoder 6

Encoder 1

Attention as measured by the width of the arrow

the cat licked its paw



Self-Attention tayo ay masaya
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tayo ay masaya
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𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛 𝑄, 𝐾, 𝑉 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥
𝑄𝐾!

𝑑"
𝑉

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥
'

𝑑(
𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛 𝑄, 𝐾, 𝑉 = 𝑍 =

𝑑' is keys/queries dim (e.g. 4)



𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥
'

𝑑(
𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛 𝑄, 𝐾, 𝑉 = 𝑍 =

What I think my outputs should be

What others think my outputs should be

When all things considered, what my outputs should be

𝑄𝑢𝑒𝑟𝑖𝑒𝑠

𝐾𝑒𝑦𝑠

𝑉𝑎𝑙𝑢𝑒𝑠



I think I am a part of digit 5

Shut up! You can’t be a part of digit 5. I saw a bar to the left.

Quiet! I can see everything that you can see. My friend, you are a part of digit 3.

𝑄𝑢𝑒𝑟𝑖𝑒𝑠

𝐾𝑒𝑦𝑠

𝑉𝑎𝑙𝑢𝑒𝑠

Consider an Attention Layer Examining a Digit

Example: Let us focus on the lower-right patch only
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Head 8: 𝑍.

⋯

Multi-Head
(eg 8-head)



Multi-Head
(eg 8-head)

Encoder 1
Inputs

𝑍! 𝑍.

𝑋 =
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⋯

Self-Attention



Multi-Head
(eg 8-head)
Merge Outputs
Apply Weights

Encoder 1
Inputs
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𝑋 =
𝒙"&

𝒙(&

𝒙)&
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Adding Position Info to Inputs

tayo ay masaya𝒙!" 𝒙#" 𝒙$"
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Positional Encoding

𝑃𝐸 /01,34 = sin
𝑝𝑜𝑠

10000
34
5!

𝑑𝑖𝑚 = 2𝑖 𝑖𝑠 𝑒𝑣𝑒𝑛

𝑃𝐸 /01,346! = cos
𝑝𝑜𝑠

10000
34
5!

𝑑𝑖𝑚 = 2𝑖 + 1 𝑖𝑠 𝑜𝑑𝑑

𝑝𝑜𝑠 = 0,1, …𝑛/017!
𝑑𝑖𝑚 = 0,1, …𝑛5487!

Other positional encoding methods: learnable



Assuming 𝑛()*+, = 2, 𝑛-".+, = 3, 𝑑/ = 4
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Improvements:

Self-Attention
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FFN

FFN: Feed Forward Neural Network (MLP)

𝐹𝐹𝑁 𝑥 = max 0, 𝑥𝑊# + 𝑏# 𝑊% + 𝑏%

#𝒛!"

Linear or Dense

Linear or Dense

ReLU



FFN

Self-Attention

FFN FFN

Layer Norm

Layer Norm
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Encoder-Decoder Attention

Layer Norm

Decoder 2

Linear

softmax



Decoder 2

Linear

softmax
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Decoder 1 with 

Masking

Encoder 2

Encoder 1
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Masking prevents Decoder 1 from seeing the future.
Decoder 1 relies only on the previous outputs.



Vision Transformer



AN IMAGE IS WORTH 16X16 WORDS:
TRANSFORMERS FOR IMAGE RECOGNITION AT SCALE, ICLR 2021 Submission





28×28×1 4×196

𝑃, 𝑃 = 14,14



28×28×1 4×196

𝑃, 𝑃 = 14,14





4×196 4×128
Patch Embedding



1×128
Class Token



4×128Embedding

1×128Class Token

5×128𝑥𝑥



Position Embedding
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Transformer



Residual



Layer Norm



Feed Forward (MLP)



Attention 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛 𝑄, 𝐾, 𝑉 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥
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Multi-Head
(eg 8-head)
Merge Outputs
Apply Weights
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Inductive Bias

Transformers lack some inductive biases inherent to CNNs, such as 
translation equivariance and locality, and therefore do not generalize 
well when trained on insufficient amounts of data.
However, the picture changes if we train the models on large datasets 
(14M-300M images). We find that large scale training trumps inductive 
bias.
CNN Model on MNIST: ~99.2% 15mins to train on CPU
Transformer Model on MNIST: ~98.2% 7mins to train on CPU
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In Summary
Transformer could be the most 
important breakthrough in the 
recent history of deep learning

Transformer has been used to 
produce state-of-the-art 
performances in NLP and vision

Expect more development in
this field in the near future

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


