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Next few lectures

• Today: Transformers / Attention

• Next: Vision Transformers, DINO

• Next Week: Diffusion Models



What is Attention
A Computer Vision perspective



Computer Vision History on filtering

• Gaussian Filter

• Anisotropic Diffusion

• Bilateral Filter

• Non-Local Means



How to filter an image? 
Gaussian filter

How to do edge 
preserving filter?



Physical analog: Heat diffusion

𝜕𝑢

𝜕𝑡
= 𝑐∆𝑢 = div(𝑐∇𝑢)Heat Equation

Moving from higher to lower concentration of signal u



Physical analog: Heat diffusion

𝜕𝑢

𝜕𝑡
= 𝑐∆𝑢 = div(𝑐∇𝑢)Heat Equation

Moving from higher to lower concentration of signal u

Solution is exactly 
convolution with a 

gaussian kernel!



Useful intuition for later…

𝜕𝑢

𝜕𝑡
= 𝑐∆𝑢 = div(𝑐∇𝑢)Heat Equation SDE formulation (how 

each particle moves):
𝑑𝑥 𝑡 = 𝑐𝑑𝑊(𝑡)



How to do edge preserving filter?

How do we keep the two soups separate? 

Why does gaussian filter 
destroy the edges?



Anisotropic Diffusion Perona & Malik 1990 

• Idea: Look to see if there is a wall, 
modulate diffusion across the edge!

• Anisotropic Diffusion: 

• Treats the edges in the image like this wall

𝜕𝑢

𝜕𝑡
= div(𝑐( ∇𝑢 )∇𝑢)

• Makes the diffusion process, edge dependent

• ➔ Data dependent filtering



Anisotropic Diffusion Results



Bilateral Filter

Photo from wikipedia

Aurich and Weule 1995
Tomasi and Manduchi 1998…



Bilateral Filter

• Inspired by Anisotropic 
Diffusion

• Weight gaussian kernel with 
pixel similarity

• Again data-dependent

• This is core idea of ROPE

Distance Similarity

Pixel Similarity Figure from paris et al. 

Aurich and Weule 1995
Tomasi and Manduchi 1998…



Bilateral Filter Results



Non-local means Buades, Coll, and Morel 2005

• Idea of a filter is to denoise by averaging 
similar pixels

• Why look at near by pixels only? The similar 
pixels can be anywhere!

• Idea: filter by average of similar patches, 
from everywhere in the image!

• Data-driven weights (similarity) with large 
field of view.



Weight is normalized affinity to all other pixels:

Non-local means

𝑤 𝑖, 𝑗 =
1

𝑧𝑖
𝑒− 𝑣𝑖− 𝑣𝑗 /𝜎2 𝑧𝑖 =෍

𝑗

𝑒− 𝑣𝑖− 𝑣𝑗 /𝜎2

Softmax! In vectorized form, this is:

𝑁𝐿 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 𝑑𝑖𝑠𝑡(𝑣𝑖 , 𝑣𝑗) 𝑉



Gaussian Filter Anisotropic Filter Total Variation Non-local meansInput

Results



Aside Efros and Leung 1999 

• Inspired non-local means 



Two key ideas

In contrast to ordinary convlution by a fixed kernel

1. Data-driven kernel → Weights conditioned on the data point

2. Full field of view  → non-local connections

These are the key difference between convnets and transformers



𝑥𝑖
′ = ෍

𝑗

𝑁

𝑤𝑗𝑥𝑗𝒙′ = 𝑊𝒙 + 𝒃

𝑥𝑖
′ = ෍

𝑗

𝑁

𝑤𝑗(𝑥𝑖 , 𝑥𝑗)𝑥𝑗

Convolution:

Attention:

Window K

𝑤



Transformer Architecture
Excellent slides from Jiabin Huang (UMD) for the rest

https://www.youtube.com/watch?v=rcWMRA9E5RI

https://www.youtube.com/watch?v=rcWMRA9E5RI


transformer

Please explain 
transformers like I am five 

ChatGPT (OpenAI)



transformer

Beautiful, snowy Tokyo city is 
bustling. The camera moves 
through the bustling city 
street, following several people 
enjoying the beautiful snowy 
weather and shopping at 
nearby stalls. Gorgeous sakura 
petals are flying through the 
wind along with snowflakes.

Sora (OpenAI)



transformer

Which street was this photo 
taken on?

Unified-IO (AI2)

The photo was taken on 
Bourbon Street, which is 
located in the French Quarter 
of New Orleans, Louisiana.



transformer

What? How? Why?



transformerHow are you? おげんきで
すか？

Sequence-to-Sequence model

En JP
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FR

transformerHow are you? 

Sequence-to-Sequence model

En

Comment ça va?

DE

Wie geht es dir?



DE

Wie geht es dir?transformerHow are you? 

Sequence-to-Sequence model

En ZH

你好嗎？
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你 好 吃 飽 ？⋯嗎你 好 吃 飽 ？⋯嗎 <end><end>

<start>
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AuTo-regressive
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Encoders

How are you? 
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I bought an apple and an orange.

I bought an apple watch.



Encoder
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Embedded
Tokens

Tokens I bought an apple watch

Self-Attention

𝒙1 𝒙2 𝒙3 𝒙4 𝒙5∈ 𝑅𝑑 ∈ 𝑅𝑑 ∈ 𝑅𝑑 ∈ 𝑅𝑑 ∈ 𝑅𝑑

𝛼4,5 = 𝒙4
⊤𝒙5𝛼4,3 = 𝒙4

⊤𝒙3𝛼4,2 = 𝒙4
⊤𝒙2𝛼4,1 = 𝒙4

⊤𝒙1 𝛼4,4 = 𝒙4
⊤𝒙4



Embedded
Tokens

Tokens I bought an apple watch

𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

𝛼4,5 = 𝒙4
⊤𝒙5𝛼4,3 = 𝒙4

⊤𝒙3𝛼4,2 = 𝒙4
⊤𝒙2𝛼4,1 = 𝒙4

⊤𝒙1 𝛼4,4 = 𝒙4
⊤𝒙4

0.1 2.1 1.2−1.3−0.4

Exp Exp Exp Exp Exp

Sum normalization

1.1 0.67 0.27 8.17 3.32

0.082 0.0495 0.0199 0.6034 0.2452

𝛼4,1
′ 𝛼4,2

′ 𝛼4,3
′ 𝛼4,4

′ 𝛼4,5
′

Softmax

𝛼4,𝑖
′ =

exp 𝛼4,𝑖

σ𝑗 exp 𝛼4,𝑗

𝒙1 𝒙2 𝒙3 𝒙4 𝒙5
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⊤𝒙3𝛼4,2 = 𝒙4
⊤𝒙2𝛼4,1 = 𝒙4

⊤𝒙1 𝛼4,4 = 𝒙4
⊤𝒙4

𝛼4,1
′ 𝛼4,2

′ 𝛼4,3
′ 𝛼4,4

′ 𝛼4,5
′

𝑊𝑄 𝑊𝐾

Softmax

𝑊𝐾𝑊𝐾𝑊𝐾𝑊𝐾

𝑘4𝑞4 𝑘5𝑘3𝑘2𝑘1

= 𝑘1
⊤𝑞4 = 𝑘2

⊤𝑞4 = 𝑘3
⊤𝑞4 = 𝑘4

⊤𝑞4 = 𝑘5
⊤𝑞4

𝑊𝑉 𝑊𝑉𝑊𝑉𝑊𝑉𝑊𝑉

Updated feature

∈ 𝑅𝑑𝑘×𝑑𝑊𝑄

∈ 𝑅𝑑𝑘×𝑑𝑊𝐾

∈ 𝑅𝑑𝑣×𝑑𝑊𝑉

∈ 𝑅𝑑×𝑑𝑣𝑊𝑂

𝑣4 𝑣5𝑣3𝑣2𝑣1𝛼4,1
′ 𝛼4,2

′ 𝛼4,3
′ 𝛼4,4

′ 𝛼4,5
′𝒙4

′ = + + + +

= 𝛼4,1
′

𝑊𝑂

𝑊𝑂 𝑊𝑉 𝒙𝑖



෍

𝑖

0

 
0

𝑣4 𝑣5𝑣3𝑣2𝑣1

Embedded
Tokens

Tokens I bought an apple watch

𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

𝛼4,5 = 𝒙4
⊤𝒙5𝛼4,3 = 𝒙4

⊤𝒙3𝛼4,2 = 𝒙4
⊤𝒙2𝛼4,1 = 𝒙4

⊤𝒙1 𝛼4,4 = 𝒙4
⊤𝒙4

𝛼4,1
′ 𝛼4,2

′ 𝛼4,3
′ 𝛼4,4

′ 𝛼4,5
′

𝑊𝑄 𝑊𝐾

Softmax

𝑊𝐾𝑊𝐾𝑊𝐾𝑊𝐾

𝑘4𝑞4 𝑘5𝑘3𝑘2𝑘1

= 𝑘1
⊤𝑞4 = 𝑘2

⊤𝑞4 = 𝑘3
⊤𝑞4 = 𝑘4

⊤𝑞4 = 𝑘5
⊤𝑞4

𝑊𝑉 𝑊𝑉𝑊𝑉𝑊𝑉𝑊𝑉

Updated feature

∈ 𝑅𝑑𝑘×𝑑𝑊𝑄

∈ 𝑅𝑑𝑘×𝑑𝑊𝐾

∈ 𝑅𝑑𝑣×𝑑𝑊𝑉

∈ 𝑅𝑑×𝑑𝑣𝑊𝑂

𝑣4 𝑣5𝑣3𝑣2𝑣1𝛼4,1
′ 𝛼4,2

′ 𝛼4,3
′ 𝛼4,4

′ 𝛼4,5
′𝒙4

′ = + + + +

= 𝛼4,1
′

𝑊𝑂

𝑊𝑂 𝑊𝑉 𝒙𝑖



𝑣4 𝑣5𝑣3𝑣2𝑣1

Embedded
Tokens

Tokens I bought an apple watch

𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

𝛼2,1
′ 𝛼2,2

′ 𝛼2,3
′ 𝛼2,4

′ 𝛼2,5
′

𝑊𝐾

Softmax

𝑊𝐾𝑊𝐾𝑊𝐾𝑊𝐾

𝑘4 𝑘5𝑘3𝑘2𝑘1

𝛼2,1 = 𝒙4
⊤𝒙2= 𝑘1
⊤𝑞2 𝛼2,2 = 𝒙4

⊤𝒙2= 𝑘2
⊤𝑞2 𝛼2,3 = 𝒙4

⊤𝒙3= 𝑘3
⊤𝑞2 𝛼2,4 = 𝒙4

⊤𝒙4= 𝑘4
⊤𝑞2 𝛼2,5 = 𝒙4

⊤𝒙5= 𝑘5
⊤𝑞2

𝑊𝑉 𝑊𝑉𝑊𝑉𝑊𝑉𝑊𝑉 𝑊𝑄

𝑞2

∈ 𝑅𝑑𝑘×𝑑𝑊𝑄

∈ 𝑅𝑑𝑘×𝑑𝑊𝐾

∈ 𝑅𝑑𝑣×𝑑𝑊𝑉

∈ 𝑅𝑑×𝑑𝑣𝑊𝑂



𝑣4 𝑣5𝑣3𝑣2𝑣1

Embedded
Tokens

Tokens I bought an apple watch

𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

𝛼2,1
′ 𝛼2,2

′ 𝛼2,3
′ 𝛼2,4

′ 𝛼2,5
′

𝑊𝐾

Softmax

𝑊𝐾𝑊𝐾𝑊𝐾𝑊𝐾

𝑘4 𝑘5𝑘3𝑘2𝑘1

𝛼2,1 = 𝒙4
⊤𝒙2= 𝑘1
⊤𝑞2 𝛼2,2 = 𝒙4

⊤𝒙2= 𝑘2
⊤𝑞2 𝛼2,3 = 𝒙4

⊤𝒙3= 𝑘3
⊤𝑞2 𝛼2,4 = 𝒙4

⊤𝒙4= 𝑘4
⊤𝑞2 𝛼2,5 = 𝒙4

⊤𝒙5= 𝑘5
⊤𝑞2

𝑊𝑉 𝑊𝑉𝑊𝑉𝑊𝑉𝑊𝑉 𝑊𝑄

𝑞2 𝑣4 𝑣5𝑣3𝑣2𝑣1

𝛼2,1
′ 𝛼2,2

′ 𝛼2,3
′ 𝛼2,4

′ 𝛼2,5
′

∈ 𝑅𝑑𝑘×𝑑𝑊𝑄

∈ 𝑅𝑑𝑘×𝑑𝑊𝐾

∈ 𝑅𝑑𝑣×𝑑𝑊𝑉

∈ 𝑅𝑑×𝑑𝑣𝑊𝑂



 
0𝑣3

𝑣4 𝑣5𝑣3𝑣2𝑣1

Embedded
Tokens

Tokens I bought an apple watch

𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

𝛼2,1
′ 𝛼2,2

′ 𝛼2,3
′ 𝛼2,4

′ 𝛼2,5
′

𝑊𝐾

Softmax

𝑊𝐾𝑊𝐾𝑊𝐾𝑊𝐾

𝑘4 𝑘5𝑘3𝑘2𝑘1

𝛼2,1 = 𝒙4
⊤𝒙2= 𝑘1
⊤𝑞2 𝛼2,2 = 𝒙4

⊤𝒙2= 𝑘2
⊤𝑞2 𝛼2,3 = 𝒙4

⊤𝒙3= 𝑘3
⊤𝑞2 𝛼2,4 = 𝒙4

⊤𝒙4= 𝑘4
⊤𝑞2 𝛼2,5 = 𝒙4

⊤𝒙5= 𝑘5
⊤𝑞2

𝑊𝑉

𝑣4

𝑊𝑉

𝑣5

𝑊𝑉𝑊𝑉

𝑣2

𝑊𝑉

𝑣1𝛼2,1
′ 𝛼2,2

′ 𝛼2,3
′ 𝛼2,4

′ 𝛼2,5
′𝒙2

′ = + + + +Updated feature

𝑊𝑄

𝑞2

∈ 𝑅𝑑𝑘×𝑑𝑊𝑄

∈ 𝑅𝑑𝑘×𝑑𝑊𝐾

∈ 𝑅𝑑𝑣×𝑑𝑊𝑉

∈ 𝑅𝑑×𝑑𝑣𝑊𝑂

𝑊𝑂



𝑣4 𝑣5𝑣3𝑣2𝑣1

Embedded
Tokens

Tokens I bought an apple watch

𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

𝑊𝐾 𝑊𝐾𝑊𝐾𝑊𝐾𝑊𝐾

𝑘4 𝑘5𝑘3𝑘2𝑘1

𝑊𝑉 𝑊𝑉𝑊𝑉𝑊𝑉𝑊𝑉 𝑊𝑄

𝑞2

𝑊𝑄

𝑞1

𝑊𝑄

𝑞3

𝑊𝑄

𝑞4

𝑊𝑄

𝑞5

𝛼1,1 𝑘1
⊤ 𝑞1

𝑘2
⊤ 𝑞1

𝑘3
⊤ 𝑞1

𝑘4
⊤ 𝑞1

𝑘5
⊤ 𝑞1

=

𝛼1,2 =

𝛼1,3 =

𝛼1,4 =

𝛼1,5 =



1
1
1
1
1
1

1

𝑣4 𝑣5𝑣3𝑣2𝑣1

Embedded
Tokens

Tokens I bought an apple watch

𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

𝑊𝐾 𝑊𝐾𝑊𝐾𝑊𝐾𝑊𝐾

𝑘4 𝑘5𝑘3𝑘2𝑘1

𝑊𝑉 𝑊𝑉𝑊𝑉𝑊𝑉𝑊𝑉 𝑊𝑄

𝑞2

𝑊𝑄

𝑞1

𝑊𝑄

𝑞3

𝑊𝑄

𝑞4

𝑊𝑄

𝑞5

𝛼1,1 𝑘1
⊤

𝑞1

𝑘2
⊤

𝑞1𝑘3
⊤ 𝑞1

𝑘4
⊤

𝑞1

𝑘5
⊤

𝑞1

𝛼1,2

𝛼1,3 =
𝛼1,4

𝛼1,5

𝛼2,1

𝛼2,2

𝛼2,3

𝛼2,4

𝛼2,5

𝛼3,1

𝛼3,2

𝛼3,3

𝛼3,4

𝛼3,5

𝛼4,1

𝛼4,2

𝛼4,3

𝛼4,4

𝛼4,5

𝛼5,1

𝛼5,2

𝛼5,3

𝛼5,4

𝛼5,5

𝑞2 𝑞3 𝑞4 𝑞5



=
1
1

1

1
1
1
1
1
1

1

1
1
1
1
1
1

1

𝑣4 𝑣5𝑣3𝑣2𝑣1

Embedded
Tokens

Tokens I bought an apple watch

𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

𝑊𝐾 𝑊𝐾𝑊𝐾𝑊𝐾𝑊𝐾

𝑘4 𝑘5𝑘3𝑘2𝑘1

𝑊𝑉 𝑊𝑉𝑊𝑉𝑊𝑉𝑊𝑉 𝑊𝑄

𝑞2

𝑊𝑄

𝑞1

𝑊𝑄

𝑞3

𝑊𝑄

𝑞4

𝑊𝑄

𝑞5

𝛼1,1 𝑘1
⊤

𝑞1

𝑘2
⊤

𝑞1𝑘3
⊤ 𝑞1

𝑘4
⊤

𝑞1

𝑘5
⊤

𝑞1

𝛼1,2

𝛼1,3 =
𝛼1,4

𝛼1,5

𝛼2,1

𝛼2,2

𝛼2,3

𝛼2,4

𝛼2,5

𝛼3,1

𝛼3,2

𝛼3,3

𝛼3,4

𝛼3,5

𝛼4,1

𝛼4,2

𝛼4,3

𝛼4,4

𝛼4,5

𝛼5,1

𝛼5,2

𝛼5,3

𝛼5,4

𝛼5,5

𝑞2 𝑞3 𝑞4 𝑞5

Softmax
1
1
1
1
1
1

1

𝛼1,1
′

𝛼1,2
′

𝛼1,3
′

𝛼1,4
′

𝛼1,5
′

𝛼2,1
′

𝛼2,2
′

𝛼2,3
′

𝛼2,4
′

𝛼2,5
′

𝛼3,1
′

𝛼3,2
′

𝛼3,3
′

𝛼3,4
′

𝛼3,5
′

𝛼4,1
′

𝛼4,2
′

𝛼4,3
′

𝛼4,4
′

𝛼4,5
′

𝛼5,1
′

𝛼5,2
′

𝛼5,3
′

𝛼5,4
′

𝛼5,5
′

1

𝑑𝑘



=
1
1

1

1
1
1
1
1
1

1

1
1
1
1
1
1

1

𝑣4 𝑣5𝑣3𝑣2𝑣1

Embedded
Tokens

Tokens I bought an apple watch

𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

𝑊𝐾 𝑊𝐾𝑊𝐾𝑊𝐾𝑊𝐾

𝑘4 𝑘5𝑘3𝑘2𝑘1

𝑊𝑉 𝑊𝑉𝑊𝑉𝑊𝑉𝑊𝑉 𝑊𝑄

𝑞2

𝑊𝑄

𝑞1

𝑊𝑄

𝑞3

𝑊𝑄

𝑞4

𝑊𝑄

𝑞5

𝛼1,1 𝑘1
⊤

𝑞1

𝑘2
⊤

𝑞1𝑘3
⊤ 𝑞1

𝑘4
⊤

𝑞1

𝑘5
⊤

𝑞1

𝛼1,2

𝛼1,3 =
𝛼1,4

𝛼1,5

𝛼2,1

𝛼2,2

𝛼2,3

𝛼2,4

𝛼2,5

𝛼3,1

𝛼3,2

𝛼3,3

𝛼3,4

𝛼3,5

𝛼4,1

𝛼4,2

𝛼4,3

𝛼4,4

𝛼4,5

𝛼5,1

𝛼5,2

𝛼5,3

𝛼5,4

𝛼5,5

𝑞2 𝑞3 𝑞4 𝑞5

Softmax
1
1
1
1
1
1

1

𝛼1,1
′

𝛼1,2
′

𝛼1,3
′

𝛼1,4
′

𝛼1,5
′

𝛼2,1
′

𝛼2,2
′

𝛼2,3
′

𝛼2,4
′

𝛼2,5
′

𝛼3,1
′

𝛼3,2
′

𝛼3,3
′

𝛼3,4
′

𝛼3,5
′

𝛼4,1
′

𝛼4,2
′

𝛼4,3
′

𝛼4,4
′

𝛼4,5
′

𝛼5,1
′

𝛼5,2
′

𝛼5,3
′

𝛼5,4
′

𝛼5,5
′

1

𝑑𝑘

𝑘 = 𝑘1, 𝑘2, ⋯ , 𝑘𝑑𝑘 ⊤

𝑞 = 𝑞1, 𝑞2, ⋯ , 𝑞𝑑𝑘 ⊤

𝐸 𝑘𝑖 = 𝐸 𝑞𝑖 = 0

Var 𝑘𝑖 = Var 𝑞𝑖 = 1

Var 𝑘⊤𝑞 = 𝑑𝑘𝑘⊤𝑞 = ෍

𝑖=1

𝑑𝑘

𝑘𝑖𝑞𝑖



=
1
1

1

1
1
1
1
1
1

1

1
1
1
1
1
1

1

𝑣4 𝑣5𝑣3𝑣2𝑣1

Embedded
Tokens

Tokens I bought an apple watch

𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

𝑊𝐾 𝑊𝐾𝑊𝐾𝑊𝐾𝑊𝐾

𝑘4 𝑘5𝑘3𝑘2𝑘1

𝑊𝑉 𝑊𝑉𝑊𝑉𝑊𝑉𝑊𝑉 𝑊𝑄

𝑞2

𝑊𝑄

𝑞1

𝑊𝑄

𝑞3

𝑊𝑄

𝑞4

𝑊𝑄

𝑞5

𝛼1,1 𝑘1
⊤

𝑞1

𝑘2
⊤

𝑞1𝑘3
⊤ 𝑞1

𝑘4
⊤

𝑞1

𝑘5
⊤

𝑞1

𝛼1,2

𝛼1,3 =
𝛼1,4

𝛼1,5

𝛼2,1

𝛼2,2

𝛼2,3

𝛼2,4

𝛼2,5

𝛼3,1

𝛼3,2

𝛼3,3

𝛼3,4

𝛼3,5

𝛼4,1

𝛼4,2

𝛼4,3

𝛼4,4

𝛼4,5

𝛼5,1

𝛼5,2

𝛼5,3

𝛼5,4

𝛼5,5

𝑞2 𝑞3 𝑞4 𝑞5

Softmax
1
1
1
1
1
1

1

𝛼1,1
′

𝛼1,2
′

𝛼1,3
′

𝛼1,4
′

𝛼1,5
′

𝛼2,1
′

𝛼2,2
′

𝛼2,3
′

𝛼2,4
′

𝛼2,5
′

𝛼3,1
′

𝛼3,2
′

𝛼3,3
′

𝛼3,4
′

𝛼3,5
′

𝛼4,1
′

𝛼4,2
′

𝛼4,3
′

𝛼4,4
′

𝛼4,5
′

𝛼5,1
′

𝛼5,2
′

𝛼5,3
′

𝛼5,4
′

𝛼5,5
′

𝑄𝐾⊤𝐴

𝐴′

1

𝑑𝑘



=
1
1

1.

1
1
1
1
1
1

1

1
1
1
1
1
1

1

𝑣4 𝑣5𝑣3𝑣2𝑣1

Embedded
Tokens

Tokens I bought an apple watch

𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

𝑊𝐾 𝑊𝐾𝑊𝐾𝑊𝐾𝑊𝐾

𝑘4 𝑘5𝑘3𝑘2𝑘1

𝑊𝑉 𝑊𝑉𝑊𝑉𝑊𝑉𝑊𝑉 𝑊𝑄

𝑞2

𝑊𝑄

𝑞1

𝑊𝑄

𝑞3

𝑊𝑄

𝑞4

𝑊𝑄

𝑞5

𝛼1,1 𝑘1
⊤

𝑞1

𝑘2
⊤

𝑞1𝑘3
⊤ 𝑞1

𝑘4
⊤

𝑞1

𝑘5
⊤

𝑞1

𝛼1,2

𝛼1,3 =
𝛼1,4

𝛼1,5

𝛼2,1

𝛼2,2

𝛼2,3

𝛼2,4

𝛼2,5

𝛼3,1

𝛼3,2

𝛼3,3

𝛼3,4

𝛼3,5

𝛼4,1

𝛼4,2

𝛼4,3

𝛼4,4

𝛼4,5

𝛼5,1

𝛼5,2

𝛼5,3

𝛼5,4

𝛼5,5

𝑞2 𝑞3 𝑞4 𝑞5

=
1
1

1

Softmax
1
1
1
1
1
1

1

𝛼1,1
′

𝛼1,2
′

𝛼1,3
′

𝛼1,4
′

𝛼1,5
′

𝛼2,1
′

𝛼2,2
′

𝛼2,3
′

𝛼2,4
′

𝛼2,5
′

𝛼3,1
′

𝛼3,2
′

𝛼3,3
′

𝛼3,4
′

𝛼3,5
′

𝛼4,1
′

𝛼4,2
′

𝛼4,3
′

𝛼4,4
′

𝛼4,5
′

𝛼5,1
′

𝛼5,2
′

𝛼5,3
′

𝛼5,4
′

𝛼5,5
′

𝑄𝐾⊤𝐴

𝐴′

1

𝑑𝑘

1
1
1
1
1
1

1

𝛼1,1
′

𝛼1,2
′

𝛼1,3
′

𝛼1,4
′

𝛼1,5
′

𝛼2,1
′

𝛼2,2
′

𝛼2,3
′

𝛼2,4
′

𝛼2,5
′

𝛼3,1
′

𝛼3,2
′

𝛼3,3
′

𝛼3,4
′

𝛼3,5
′

𝛼4,1
′

𝛼4,2
′

𝛼4,3
′

𝛼4,4
′

𝛼4,5
′

𝛼5,1
′

𝛼5,2
′

𝛼5,3
′

𝛼5,4
′

𝛼5,5
′

𝐴′
= 𝑞1𝑞1𝑞1𝑞1𝑣1 𝑣2 𝑣3 𝑣4 𝑣5𝒙1

′ 𝒙2
′ 𝒙3

′ 𝒙4
′ 𝒙5

′

Output features

=
1
1

1

𝑊𝑂



=
1
1

1.

1
1
1
1
1
1

1

1
1
1
1
1
1

1

𝑣4 𝑣5𝑣3𝑣2𝑣1

Embedded
Tokens

Tokens I bought an apple watch

𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

𝑊𝐾 𝑊𝐾𝑊𝐾𝑊𝐾𝑊𝐾

𝑘4 𝑘5𝑘3𝑘2𝑘1

𝑊𝑉 𝑊𝑉𝑊𝑉𝑊𝑉𝑊𝑉 𝑊𝑄

𝑞2

𝑊𝑄

𝑞1

𝑊𝑄

𝑞3

𝑊𝑄

𝑞4

𝑊𝑄

𝑞5

𝛼1,1 𝑘1
⊤

𝑞1

𝑘2
⊤

𝑞1𝑘3
⊤ 𝑞1

𝑘4
⊤

𝑞1

𝑘5
⊤

𝑞1

𝛼1,2

𝛼1,3 =
𝛼1,4

𝛼1,5

𝛼2,1

𝛼2,2

𝛼2,3

𝛼2,4

𝛼2,5

𝛼3,1

𝛼3,2

𝛼3,3

𝛼3,4

𝛼3,5

𝛼4,1

𝛼4,2

𝛼4,3

𝛼4,4

𝛼4,5

𝛼5,1

𝛼5,2

𝛼5,3

𝛼5,4

𝛼5,5

𝑞2 𝑞3 𝑞4 𝑞5

=
1
1

1

Softmax
1
1
1
1
1
1

1

𝛼1,1
′

𝛼1,2
′

𝛼1,3
′

𝛼1,4
′

𝛼1,5
′

𝛼2,1
′

𝛼2,2
′

𝛼2,3
′

𝛼2,4
′

𝛼2,5
′

𝛼3,1
′

𝛼3,2
′

𝛼3,3
′

𝛼3,4
′

𝛼3,5
′

𝛼4,1
′

𝛼4,2
′

𝛼4,3
′

𝛼4,4
′

𝛼4,5
′

𝛼5,1
′

𝛼5,2
′

𝛼5,3
′

𝛼5,4
′

𝛼5,5
′

𝑄𝐾⊤𝐴

𝐴′

1

𝑑𝑘

1
1
1
1
1
1

1

𝛼1,1
′

𝛼1,2
′

𝛼1,3
′

𝛼1,4
′

𝛼1,5
′

𝛼2,1
′

𝛼2,2
′

𝛼2,3
′

𝛼2,4
′

𝛼2,5
′

𝛼3,1
′

𝛼3,2
′

𝛼3,3
′

𝛼3,4
′

𝛼3,5
′

𝛼4,1
′

𝛼4,2
′

𝛼4,3
′

𝛼4,4
′

𝛼4,5
′

𝛼5,1
′

𝛼5,2
′

𝛼5,3
′

𝛼5,4
′

𝛼5,5
′

𝐴′
= 𝑞1𝑞1𝑞1𝑞1𝑣1 𝑣2 𝑣3 𝑣4 𝑣5𝒙1

′ 𝒙2
′ 𝒙3

′ 𝒙4
′ 𝒙5

′

Output features

=
1
1

1

𝑊𝑂 𝑉

𝑄 = 𝑊𝑄 𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

𝐾 = 𝑊𝐾 𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

𝑉 = 𝑊𝑉 𝒙1 𝒙2 𝒙3 𝒙4 𝒙5



𝑄 = 𝑊𝑄 𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

𝐾 = 𝑊𝐾 𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

𝑉 = 𝑊𝑉 𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

Single-head attention

𝑣4 𝑣5𝑣3𝑣2𝑣1

Embedded
Tokens

Tokens I bought an apple watch

𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

𝑊𝐾 𝑊𝐾𝑊𝐾𝑊𝐾𝑊𝐾

𝑘4 𝑘5𝑘3𝑘2𝑘1

𝑊𝑉 𝑊𝑉𝑊𝑉𝑊𝑉𝑊𝑉 𝑊𝑄

𝑞2

𝑊𝑄

𝑞1

𝑊𝑄

𝑞3

𝑊𝑄

𝑞4

𝑊𝑄

𝑞5

Attention 𝑄, 𝐾, 𝑉 = 𝑉 softmax
𝐾⊤𝑄

𝑑𝑘



𝑄 = 𝑊𝑄 𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

𝐾 = 𝑊𝐾 𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

𝑉 = 𝑊𝑉 𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

Attention 𝑄, 𝐾, 𝑉 = 𝑉 softmax
𝐾⊤𝑄

𝑑𝑘

𝑊0
𝑄 𝑊0

𝐾 𝑊0
𝑉 𝑊1

𝑄 𝑊1
𝐾 𝑊1

𝑉 𝑊ℎ−1
𝑄 𝑊ℎ−1

𝐾 𝑊ℎ−1
𝑉⋯

∈ 𝑅𝑑𝑘×𝑑𝑊𝑖
𝑄

∈ 𝑅𝑑𝑘×𝑑𝑊𝑖
𝐾

∈ 𝑅𝑑𝑣×𝑑𝑊𝑖
𝑉

𝑄

𝐾

𝑉

𝑄

𝐾

𝑉

𝑄

𝐾

𝑉

𝑊0
𝑄 𝑊0

𝐾 𝑊0
𝑉 𝑊1

𝑄 𝑊1
𝐾 𝑊1

𝑉 𝑊ℎ−1
𝑄 𝑊ℎ−1

𝐾 𝑊ℎ−1
𝑉

Single-head attention



𝑄 = 𝑊𝑄 𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

𝐾 = 𝑊𝐾 𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

𝑉 = 𝑊𝑉 𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

Attention 𝑄, 𝐾, 𝑉 = 𝑉 softmax
𝐾⊤𝑄

𝑑𝑘

𝑊0
𝑄 𝑊0

𝐾 𝑊0
𝑉 𝑊1

𝑄 𝑊1
𝐾 𝑊1

𝑉 𝑊ℎ−1
𝑄 𝑊ℎ−1

𝐾 𝑊ℎ−1
𝑉⋯

∈ 𝑅𝑑𝑘×𝑑𝑊𝑖
𝑄

∈ 𝑅𝑑𝑘×𝑑𝑊𝑖
𝐾

∈ 𝑅𝑑𝑣×𝑑𝑊𝑖
𝑉

𝑄

𝐾

𝑉

𝑄

𝐾

𝑉

𝑄 𝐾 𝑉𝑊0
𝑄 𝑊0

𝐾 𝑊0
𝑉

𝑊1
𝑄 𝑊1

𝐾 𝑊1
𝑉 𝑊ℎ−1

𝑄 𝑊ℎ−1
𝐾 𝑊ℎ−1

𝑉

Attention

Head0 ∈ 𝑅𝑑𝑣×𝑛

Single-head attention



𝑄 = 𝑊𝑄 𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

𝐾 = 𝑊𝐾 𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

𝑉 = 𝑊𝑉 𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

Attention 𝑄, 𝐾, 𝑉 = 𝑉 softmax
𝐾⊤𝑄

𝑑𝑘

𝑊0
𝑄 𝑊0

𝐾 𝑊0
𝑉 𝑊1

𝑄 𝑊1
𝐾 𝑊1

𝑉 𝑊ℎ−1
𝑄 𝑊ℎ−1

𝐾 𝑊ℎ−1
𝑉⋯

∈ 𝑅𝑑𝑘×𝑑𝑊𝑖
𝑄

∈ 𝑅𝑑𝑘×𝑑𝑊𝑖
𝐾

∈ 𝑅𝑑𝑣×𝑑𝑊𝑖
𝑉

𝑄

𝐾

𝑉

𝑄 𝐾 𝑉𝑊0
𝑄 𝑊0

𝐾 𝑊0
𝑉 𝑊1

𝑄 𝑊1
𝐾 𝑊1

𝑉

𝑊ℎ−1
𝑄 𝑊ℎ−1

𝐾 𝑊ℎ−1
𝑉

Attention

Head0 ∈ 𝑅𝑑𝑣×𝑛

𝑄 𝐾 𝑉

Attention

Head1 ∈ 𝑅𝑑𝑣×𝑛 Headℎ−1 ∈ 𝑅𝑑𝑣×𝑛⋯

Single-head attention



𝑄 = 𝑊𝑄 𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

𝐾 = 𝑊𝐾 𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

𝑉 = 𝑊𝑉 𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

Attention 𝑄, 𝐾, 𝑉 = 𝑉 softmax
𝐾⊤𝑄

𝑑𝑘

𝑊0
𝑄 𝑊0

𝐾 𝑊0
𝑉 𝑊1

𝑄 𝑊1
𝐾 𝑊1

𝑉 𝑊ℎ−1
𝑄 𝑊ℎ−1

𝐾 𝑊ℎ−1
𝑉⋯

∈ 𝑅𝑑𝑘×𝑑𝑊𝑖
𝑄

∈ 𝑅𝑑𝑘×𝑑𝑊𝑖
𝐾

∈ 𝑅𝑑𝑣×𝑑𝑊𝑖
𝑉

𝑄

𝐾

𝑉

𝑄 𝐾 𝑉𝑊0
𝑄 𝑊0

𝐾 𝑊0
𝑉 𝑊1

𝑄 𝑊1
𝐾 𝑊1

𝑉

𝑊ℎ−1
𝑄 𝑊ℎ−1

𝐾 𝑊ℎ−1
𝑉

Attention

Head0 ∈ 𝑅𝑑𝑣×𝑛

𝑄 𝐾 𝑉

Attention

Head1 ∈ 𝑅𝑑𝑣×𝑛 Headℎ−1 ∈ 𝑅𝑑𝑣×𝑛⋯Head0 Head1 Headℎ−1

Single-head attention



𝑄 = 𝑊𝑄 𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

𝐾 = 𝑊𝐾 𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

𝑉 = 𝑊𝑉 𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

Attention 𝑄, 𝐾, 𝑉 = 𝑉 softmax
𝐾⊤𝑄

𝑑𝑘

𝑊0
𝑄 𝑊0

𝐾 𝑊0
𝑉 𝑊1

𝑄 𝑊1
𝐾 𝑊1

𝑉 𝑊ℎ−1
𝑄 𝑊ℎ−1

𝐾 𝑊ℎ−1
𝑉⋯

∈ 𝑅𝑑𝑘×𝑑𝑊𝑖
𝑄

∈ 𝑅𝑑𝑘×𝑑𝑊𝑖
𝐾

∈ 𝑅𝑑𝑣×𝑑𝑊𝑖
𝑉

𝑄

𝐾

𝑉

𝑄 𝐾 𝑉𝑊0
𝑄 𝑊0

𝐾 𝑊0
𝑉 𝑊1

𝑄 𝑊1
𝐾 𝑊1

𝑉

𝑊ℎ−1
𝑄 𝑊ℎ−1

𝐾 𝑊ℎ−1
𝑉

Attention

Head0 ∈ 𝑅𝑑𝑣×𝑛

𝑄 𝐾 𝑉

Attention

Head1 ∈ 𝑅𝑑𝑣×𝑛 Headℎ−1 ∈ 𝑅𝑑𝑣×𝑛⋯

Head0

Head1

Headℎ−1

⋮

∈ 𝑅𝑑×ℎ𝑑𝑣𝑊𝑂

𝑊𝑂=MultiHeadedAttention 𝑄, 𝐾, 𝑉

Multi-head attention

Single-head attention



Embedded
Tokens

Tokens I bought an apple watch

𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

Feed
Forward

Feed
Forward

Feed
Forward

Feed
Forward

Feed
Forward

Multi-head Self-Attention

Encoder #1

Feed Forward Network (FFN)

𝐹𝐹𝑁 𝒙 = 𝑾2ReLU 𝑾1𝒙 + 𝒃1 + 𝒃2



Embedded
Tokens

Tokens I bought an apple watch

𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

Feed
Forward

Feed
Forward

Feed
Forward

Feed
Forward

Feed
Forward

Multi-head Self-Attention

Encoder #1

Feed Forward Network (FFN)

𝐹𝐹𝑁 𝒙 = 𝑾2ReLU 𝑾1𝒙 + 𝒃1 + 𝒃2

𝑾1

⋮

𝒙

ReLU⋮

𝑾2



Embedded
Tokens

Tokens I bought an apple watch

𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

Feed
Forward

Feed
Forward

Feed
Forward

Feed
Forward

Feed
Forward

Encoder #1

Multi-head Self-Attention



Embedded
Tokens

Tokens I boughtan applewatch

𝒙5 𝒙3 𝒙4 𝒙1 𝒙2

Feed
Forward

Feed
Forward

Feed
Forward

Feed
Forward

Feed
Forward

Encoder #1

Multi-head Self-Attention



Embedded
Tokens

Tokens I bought an apple watch

𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

Feed
Forward

Feed
Forward

Feed
Forward

Feed
Forward

Feed
Forward

Encoder #1

Positional encoding

Multi-head Self-Attention



Embedded
Tokens

Tokens I bought an apple watch

𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

Positional encoding

Positional 
embedding

𝑑

𝑑

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

23

22

21

20

0 0 0 0 0 0 0 0 1 1 1 1 1 1 1 1

0 0 0 0 1 1 1 1 0 0 0 0 1 1 1 1

0 0 1 1 0 0 1 1 0 0 1 1 0 0 1 1

0 1 0 1 0 1 0 1 0 1 0 1 0 1 0 1

Position 𝑘

Dimension

Fast oscillating

Slow oscillating



Embedded
Tokens

Tokens I bought an apple watch

𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

Positional encoding

Positional 
embedding

𝑑

𝑑

sin 𝑤0𝑘
cos(𝑤0𝑘)

sin 𝑤1𝑘

cos 𝑤1𝑘
⋮
⋮

sin 𝑤𝑑
2−1

𝑘

cos 𝑤𝑑
2−1

𝑘

𝑤𝑖 = 𝑁−2𝑖/𝑑

Angular frequency

Position 𝑘 Fast oscillating

𝑑

Slow oscillating
𝑁 = 100,000



Embedded
Tokens

Tokens I bought an apple watch

𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

Positional encoding

Positional 
embedding

𝑑

𝑑

sin 𝑤0𝑘
cos(𝑤0𝑘)

sin 𝑤1𝑘

cos 𝑤1𝑘
⋮
⋮

sin 𝑤𝑑
2−1

𝑘

cos 𝑤𝑑
2−1

𝑘

𝑤𝑖 = 𝑁−2𝑖/𝑑

Angular frequency

Position 𝑘

𝑑

Normalized Range

Unique identifier, unlimited length

Relative positions as linear transform

sin(𝑤𝑖(𝑘 + ∆𝑘)
cos(𝑤𝑖(𝑘 + ∆𝑘)

=
sin 𝑤𝑖𝑘 cos 𝑤𝑖∆𝑘 + cos 𝑤𝑖𝑘 sin 𝑤𝑖∆𝑘

cos 𝑤𝑖𝑘 cos 𝑤𝑖∆𝑘 − sin 𝑤𝑖𝑘 sin 𝑤𝑖∆𝑘

cos 𝑤𝑖∆𝑘

cos 𝑤𝑖∆𝑘

sin 𝑤𝑖∆𝑘

sin 𝑤𝑖∆𝑘

sin 𝑤𝑖𝑘
co𝑠 𝑤𝑖𝑘

𝑁 = 100,000



sin 𝑤𝑖𝑘

co𝑠 𝑤𝑖𝑘  

Embedded
Tokens

Tokens I bought an apple watch

𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

Positional encoding

Positional 
embedding

𝑑

𝑑

sin 𝑤0𝑘
cos(𝑤0𝑘)

sin 𝑤1𝑘

cos 𝑤1𝑘
⋮
⋮

sin 𝑤𝑑
2−1

𝑘

cos 𝑤𝑑
2−1

𝑘

𝑤𝑖 = 𝑁−2𝑖/𝑑

Angular frequency

Position 𝑘

𝑑 sin(𝑤𝑖(𝑘 + ∆𝑘)
cos(𝑤𝑖(𝑘 + ∆𝑘)

=
sin 𝑤𝑖𝑘 cos 𝑤𝑖∆𝑘 + cos 𝑤𝑖𝑘 sin 𝑤𝑖∆𝑘

cos 𝑤𝑖𝑘 cos 𝑤𝑖∆𝑘 − sin 𝑤𝑖𝑘 sin 𝑤𝑖∆𝑘

=  
cos 𝑤𝑖∆𝑘

cos 𝑤𝑖∆𝑘

sin 𝑤𝑖∆𝑘

sin 𝑤𝑖∆𝑘

sin 𝑤𝑖𝑘

co𝑠 𝑤𝑖𝑘−

𝑃𝑘+∆𝑘 = 𝑀𝑃𝑘
𝑷1 𝑷2 𝑷3 𝑷4 𝑷5

Normalized Range

Unique identifier, unlimited length

Relative positions as linear transform

𝑁 = 100,000



Embedded
Tokens

Tokens I bought an apple watch

𝒙1 𝒙2 𝒙3 𝒙4 𝒙5

Positional encoding

Positional 
embedding

𝑑

𝑑

sin 𝑤0𝑘
cos(𝑤0𝑘)

sin 𝑤1𝑘

cos 𝑤1𝑘
⋮
⋮

sin 𝑤𝑑
2−1

𝑘

cos 𝑤𝑑
2−1

𝑘

𝑤𝑖 = 𝑁−2𝑖/𝑑

Angular frequency

Position 𝑘

𝑑

𝑷1 𝑷2 𝑷3 𝑷4 𝑷5

𝑁 = 100,000

Sinusoidal positional encoding

Relative positional encoding

RoPE

FIRE

KERPLE

NoPE YaRN

CoPE



Embedded
Tokens

Tokens I bought an apple watch

𝒙1 𝒙2 𝒙3 𝒙4 𝒙5𝑑

Feed
Forward

Feed
Forward

Feed
Forward

Feed
Forward

Feed
Forward

Multi-head Self-Attention

Encoder #1

𝑷1 𝑷2 𝑷3 𝑷4 𝑷5



Embedded
Tokens

Tokens I bought an apple watch

𝒙1 𝒙2 𝒙3 𝒙4 𝒙5𝑑

Feed
Forward

Feed
Forward

Feed
Forward

Feed
Forward

Feed
Forward

Encoder #1

𝑷1 𝑷2 𝑷3 𝑷4 𝑷5

Feed
Forward

Feed
Forward

Feed
Forward

Feed
Forward

Feed
Forward

Multi-head Self-Attention

Encoder #2

Multi-head Self-Attention



Embedded
Tokens

Tokens I bought an apple watch

𝒙1 𝒙2 𝒙3 𝒙4 𝒙5𝑑

Feed
Forward

Feed
Forward

Feed
Forward

Feed
Forward

Feed
Forward

Encoder #1

𝑷1 𝑷2 𝑷3 𝑷4 𝑷5

Feed
Forward

Feed
Forward

Feed
Forward

Feed
Forward

Feed
Forward

Multi-head Self-Attention

Encoder #2

Multi-head Self-Attention



Residual connection

Embedded
Tokens

Tokens I bought an apple watch

𝒙1 𝒙2 𝒙3 𝒙4 𝒙5𝑑

Feed
Forward

Feed
Forward

Feed
Forward

Feed
Forward

Feed
Forward

𝑷1 𝑷2 𝑷3 𝑷4 𝑷5

Multi-head Self-Attention



Residual connection

Embedded
Tokens

Tokens I bought an apple watch

𝒙1 𝒙2 𝒙3 𝒙4 𝒙5𝑑

Feed
Forward

Feed
Forward

Feed
Forward

Feed
Forward

Feed
Forward

𝑷1 𝑷2 𝑷3 𝑷4 𝑷5

Multi-head Self-Attention



Residual connection

Embedded
Tokens

Tokens I bought an apple watch

𝒙1 𝒙2 𝒙3 𝒙4 𝒙5𝑑

Feed
Forward

Feed
Forward

Feed
Forward

Feed
Forward

Feed
Forward

𝑷1 𝑷2 𝑷3 𝑷4 𝑷5

LayerNorm

LayerNorm

LayerNorm

LayerNorm

LayerNorm

LayerNorm

LayerNorm

LayerNorm

LayerNorm

LayerNorm

Layer normalization

Multi-head Self-Attention



Residual connection

Embedded
Tokens

Tokens I bought an apple watch

𝒙1 𝒙2 𝒙3 𝒙4 𝒙5𝑑

Feed
Forward

Feed
Forward

Feed
Forward

Feed
Forward

Feed
Forward

𝑷1 𝑷2 𝑷3 𝑷4 𝑷5

LayerNorm

LayerNorm

LayerNorm

LayerNorm

LayerNorm

LayerNorm

LayerNorm

LayerNorm

LayerNorm

LayerNorm

Layer normalization

LayerNorm 𝒙 =

𝛾
𝒙 − mean 𝒙

Variance 𝐱 + 𝜖
+ 𝛽

𝛾, 𝛽 ∈ 𝑅

Learnable parameters

Multi-head Self-Attention



Residual connection

Embedded
Tokens

Tokens I bought an apple watch

𝒙1 𝒙2 𝒙3 𝒙4 𝒙5𝑑

Feed
Forward

Feed
Forward

Feed
Forward

Feed
Forward

Feed
Forward

𝑷1 𝑷2 𝑷3 𝑷4 𝑷5

LayerNorm

LayerNorm

LayerNorm

LayerNorm

LayerNorm

LayerNorm

LayerNorm

LayerNorm

LayerNorm

LayerNorm

Layer normalization

LayerNorm 𝒙 =

𝛾
𝒙 − mean 𝒙

Variance 𝐱 + 𝜖
+ 𝛽

𝛾, 𝛽 ∈ 𝑅

Learnable parameters

[Xiong et al. 2020] 
On Layer Normalization in the Transformer Architecture

Multi-head Self-Attention



Embedded
Tokens

Tokens I bought an apple watch

𝒙1 𝒙2 𝒙3 𝒙4 𝒙5𝑑

Feed
Forward

Feed
Forward

Feed
Forward

Feed
Forward

Feed
Forward

Multi-head Self-Attention

𝑷1 𝑷2 𝑷3 𝑷4 𝑷5

LayerNorm

LayerNorm

LayerNorm

LayerNorm

LayerNorm

LayerNorm

LayerNorm

LayerNorm

LayerNorm

LayerNorm



Embedded
Tokens

Tokens I bought an apple watch

𝒙1 𝒙2 𝒙3 𝒙4 𝒙5𝑑 𝑷1 𝑷2 𝑷3 𝑷4 𝑷5

Encoder #1

Encoder #2

Encoder #3

Encoder #4

Encoder #5

Encoder #6



Encoder #1

Encoder #2

Encoder #3

Encoder #4

Encoder #5

Encoder #6

Embedded
Tokens

Tokens How are you

𝒙1 𝒙2 𝒙3𝑑 𝑷1 𝑷2 𝑷3 𝒙4 𝑷4

?



Encoder #1

Encoder #6

Embedded
Tokens

Tokens How are you

𝒙1 𝒙2 𝒙3𝑑 𝑷1 𝑷2 𝑷3 𝒙4 𝑷4

?

⋮



Encoder #1

Encoder #𝐿

⋮

𝒆1 𝒆2 𝒆3

How are you

𝒙1 𝒙2 𝒙3𝑑 𝑷1 𝑷2 𝑷3 𝒙4 𝑷4

?

𝒆4

⋮

Decoder #1

Decoder #𝐿

<start>

𝒛1𝑑 𝑷1

Softmax

Linear

⋮

你 好 吃 飽 ？⋯嗎你 好 吃 飽 ？⋯嗎 <end>



How are you

𝒙1 𝒙2 𝒙3𝑑 𝑷1 𝑷2 𝑷3

Encoder #1

Encoder #𝐿

⋮

𝒆1 𝒆2 𝒆3

𝒙4 𝑷4

?

𝒆4

⋮

Decoder #1

Decoder #𝐿

<start>

𝒛1 𝒛2𝑑 𝑷1 𝑷2

Softmax

Linear

⋮

你

你 好 吃 飽 ？⋯嗎好 吃 飽 ？⋯嗎 <end>



How are you

𝒙1 𝒙2 𝒙3𝑑 𝑷1 𝑷2 𝑷3

Encoder #1

Encoder #𝐿

⋮

𝒛1 𝒛2 𝒛3

𝒙4 𝑷4

?

𝒛4

⋮

Decoder #1

Decoder #𝐿

<start>

𝒛1 𝒛2𝑑 𝑷1 𝑷2

Softmax

Linear

⋮

你

你 好 吃 飽 ？⋯嗎好 吃 飽 ？⋯嗎 <end><end>



How are you

𝒙1 𝒙2 𝒙3𝑑 𝑷1 𝑷2 𝑷3

Encoder #1

Encoder #𝐿

⋮

𝒙4 𝑷4

?

⋮

Decoder #1

Decoder #𝐿

<start>

𝒛1 𝒛2𝑑 𝑷1 𝑷2

Softmax

Linear

⋮

你

你 好 吃 飽 ？⋯嗎

好

吃 飽 ？⋯嗎 <end><end>

𝒛3 𝑷3

𝒆1 𝒆2 𝒆3 𝒆4



How are you

𝒙1 𝒙2 𝒙3𝑑 𝑷1 𝑷2 𝑷3

Encoder #1

Encoder #𝐿

⋮

𝒙4 𝑷4

?

⋮

Decoder #1

Decoder #𝐿

<start>

𝒛1 𝒛2𝑑 𝑷1 𝑷2

Softmax

Linear

⋮

你 好

𝒛3 𝑷3

你 好 吃 飽 ？⋯嗎吃 飽 ？⋯ <end>嗎

𝒆1 𝒆2 𝒆3 𝒆4



How are you

𝒙1 𝒙2 𝒙3𝑑 𝑷1 𝑷2 𝑷3

Encoder #1

Encoder #𝐿

⋮

𝒆1 𝒆2 𝒆3

𝒙4 𝑷4

?

𝒆4

⋮

Decoder #1

Decoder #𝐿

<start>

𝒛1 𝒛2𝑑 𝑷1 𝑷2

Softmax

Linear

⋮

你 好

𝒛3 𝑷3

你 好 吃 飽 ？⋯嗎吃 飽 ？⋯ <end>

嗎

𝒛4 𝑷4

？<end>



How are you

𝒙1 𝒙2 𝒙3𝑑 𝑷1 𝑷2 𝑷3

Encoder #1

Encoder #𝐿

⋮

𝒆1 𝒆2 𝒆3

𝒙4 𝑷4

?

𝒆4

Decoder #1

<start>

𝒛1 𝒛2𝑑 𝑷1 𝑷2

你 好

𝒛3 𝑷3

嗎

𝒛4 𝑷4

？<end>



How are you

𝒙1 𝒙2 𝒙3𝑑 𝑷1 𝑷2 𝑷3

Encoder #1

Encoder #𝐿

⋮

𝒆1 𝒆2 𝒆3

𝒙4 𝑷4

?

𝒆4

<start>

𝒛1 𝒛2𝑑 𝑷1 𝑷2

你 好

𝒛3 𝑷3

嗎

𝒛4 𝑷4

Multi-head Self-Attention

Decoder #1



How are you

𝒙1 𝒙2 𝒙3𝑑 𝑷1 𝑷2 𝑷3

Encoder #1

Encoder #𝐿

⋮

𝒆1 𝒆2 𝒆3

𝒙4 𝑷4

?

𝒆4

Decoder #1

<start>

𝒛1 𝒛2𝑑 𝑷1 𝑷2

你 好

𝒛3 𝑷3

嗎

𝒛4 𝑷4

Multi-head Self-Attention



How are you

𝒙1 𝒙2 𝒙3𝑑 𝑷1 𝑷2 𝑷3

Encoder #1

Encoder #𝐿

⋮

𝒆1 𝒆2 𝒆3

𝒙4 𝑷4

?

𝒆4

Decoder #1

<start>

𝒛1 𝒛2𝑑 𝑷1 𝑷2

你 好

𝒛3 𝑷3

嗎

𝒛4 𝑷4

Multi-head Self-Attention



How are you

𝒙1 𝒙2 𝒙3𝑑 𝑷1 𝑷2 𝑷3

Encoder #1

Encoder #𝐿

⋮

𝒆1 𝒆2 𝒆3

𝒙4 𝑷4

?

𝒆4

Decoder #1

<start>

𝒛1 𝒛2𝑑 𝑷1 𝑷2

你 好

𝒛3 𝑷3

嗎

𝒛4 𝑷4

Multi-head Self-Attention

Attention 𝑄, 𝐾, 𝑉 = 𝑉 softmax
𝐾⊤𝑄

𝑑𝑘

MaskedAttention 𝑄, 𝐾, 𝑉 = 𝑉 softmax
𝐾⊤𝑄

𝑑𝑘

+ 𝑀

𝑀 =

0 0 0 0 0

−∞ 0 0 0 0

−∞ −∞ 0 0 0

−∞ −∞ −∞ 0 0

−∞ −∞ −∞ −∞ 0



How are you

𝒙1 𝒙2 𝒙3𝑑 𝑷1 𝑷2 𝑷3

Encoder #1

Encoder #𝐿

⋮

𝒆1 𝒆2 𝒆3

𝒙4 𝑷4

?

𝒆4

Decoder #1

<start>

𝒛1 𝒛2𝑑 𝑷1 𝑷2

你 好

𝒛3 𝑷3

嗎

𝒛4 𝑷4

Multi-head Self-Attention

Attention 𝑄, 𝐾, 𝑉 = 𝑉 softmax
𝐾⊤𝑄

𝑑𝑘

MaskedAttention 𝑄, 𝐾, 𝑉 = 𝑉 softmax
𝐾⊤𝑄

𝑑𝑘

+ 𝑀

𝑀 =

0 0 0 0 0

−∞ 0 0 0 0

−∞ −∞ 0 0 0

−∞ −∞ −∞ 0 0

−∞ −∞ −∞ −∞ 0

Masked



𝒆1 𝒆2 𝒆3 𝒆4

Decoder #1

<start>

𝒛1 𝒛2𝑑 𝑷1 𝑷2

你 好

𝒛3 𝑷3

嗎

𝒛4 𝑷4

你 好

你 好 嗎

你 好 嗎 ?

你

Multi-head Self-AttentionMaskedTraining 
examples



Decoder #1

<start>

𝒛1 𝒛2𝑑 𝑷1 𝑷2

你 好

𝒛3 𝑷3

嗎

𝒛4 𝑷4

Multi-head Self-AttentionMasked

How are you

𝒙1 𝒙2 𝒙3𝑑 𝑷1 𝑷2 𝑷3

Encoder #1

Encoder #𝐿

⋮

𝒆1 𝒆2 𝒆3

𝒙4 𝑷4

?

𝒆4

LayerNorm

LayerNorm

Feed
Forward

LayerNorm

LayerNorm

Feed
Forward

LayerNorm

LayerNorm

Feed
Forward

LayerNorm

LayerNorm

Feed
Forward

Encoder-decoder Attention

LayerNormLayerNormLayerNormLayerNorm

𝐾encoder

𝑉encoder



Decoder #1

<start>

𝒛1 𝒛2𝑑 𝑷1 𝑷2

你

Multi-head Self-AttentionMasked

Encoder #𝐿

⋮

𝒆1 𝒆2 𝒆3 𝒆4

LayerNormLayerNorm

𝑣1

𝑊𝐾

𝑘1

𝑊𝑉

𝑊𝑄

𝑞2

𝑣2

𝑊𝐾

𝑘2

𝑊𝑉

𝑣3

𝑊𝐾

𝑘3

𝑊𝑉

𝑣4

𝑊𝐾

𝑘4

𝑊𝑉

𝛼2,1
′ 𝛼2,2

′ 𝛼2,3
′ 𝛼2,4

′

Softmax

𝑘2
⊤𝑞2𝑘1𝑞2 𝑘3

⊤𝑞2 𝑘4
⊤𝑞2

𝛼2,1
′ 𝛼2,2

′ 𝛼2,3
′ 𝛼2,4

′

𝑣1 𝑣2 𝑣3 𝑣4



Decoder #1

<start>

𝒛1 𝒛2𝑑 𝑷1 𝑷2

你

Multi-head Self-AttentionMasked

Encoder #𝐿

⋮

𝒆1 𝒆2 𝒆3 𝒆4

LayerNormLayerNorm

𝑣1

𝑊𝐾

𝑘1

𝑊𝑉

𝑊𝑄

𝑞2

𝑣2

𝑊𝐾

𝑘1

𝑊𝑉

𝑣3

𝑊𝐾

𝑘1

𝑊𝑉

𝑣4

𝑊𝐾

𝑘1

𝑊𝑉

𝛼2,1
′ 𝛼2,2

′ 𝛼2,3
′ 𝛼2,4

′

Softmax

𝑘2
⊤𝑞2𝑘1𝑞2 𝑘3

⊤𝑞2 𝑘4
⊤𝑞2

 𝑣4𝑣3𝑣2𝑣1𝛼2,1
′ 𝛼2,2

′ 𝛼2,3
′ 𝛼2,4

′𝒛2
′ = + + +𝑊𝑂

Cross-attention

Encoder-decoder attention

(ignore the scaling 1/ 𝑑𝑘 here for simplicity)



Decoder #1

<start>

𝒛1 𝒛2𝑑 𝑷1 𝑷2

你 好

𝒛3 𝑷3

嗎

𝒛4 𝑷4

Multi-head Self-AttentionMasked

How are you

𝒙1 𝒙2 𝒙3𝑑 𝑷1 𝑷2 𝑷3

Encoder #1

Encoder #𝐿

⋮

𝒆1 𝒆2 𝒆3

𝒙4 𝑷4

?

𝒆4

LayerNorm

LayerNorm

Feed
Forward

LayerNorm

LayerNorm

Feed
Forward

LayerNorm

LayerNorm

Feed
Forward

LayerNorm

LayerNorm

Feed
Forward

Encoder-decoder Attention

LayerNormLayerNormLayerNormLayerNorm

𝐾encoder

𝑉encoder



<start>

𝒛1 𝒛2𝑑 𝑷1 𝑷2

你 好

𝒛3 𝑷3

嗎

𝒛4 𝑷4

How are you

𝒙1 𝒙2 𝒙3𝑑 𝑷1 𝑷2 𝑷3

Encoder #1

Encoder #𝐿

⋮

𝒆1 𝒆2 𝒆3

𝒙4 𝑷4

?

𝒆4

𝐾encoder

𝑉encoder

Decoder #1



<start>

𝒛1 𝒛2𝑑 𝑷1 𝑷2

你 好

𝒛3 𝑷3

嗎

𝒛4 𝑷4

How are you

𝒙1 𝒙2 𝒙3𝑑 𝑷1 𝑷2 𝑷3

Encoder #1

Encoder #𝐿

⋮

𝒆1 𝒆2 𝒆3

𝒙4 𝑷4

?

𝒆4

𝐾encoder

𝑉encoder

⋮

Decoder #1

Decoder #𝐿

Softmax

Linear

⋮



Encoder #1

Encoder #𝐿

⋮

𝒆1 𝒆2 𝒆3 𝒆4

𝐾encoder

𝑉encoder

⋮

Decoder #1

Decoder #𝐿

Softmax

Linear

⋮

Encoder-Decoder
Transformer

Examples: 

Good for: 

Attention is all you need, T5, BART. 

Machine translation, summarization. QA
(when input/target are sufficiently different)



Encoder #1

Encoder #𝐿

⋮

𝒆1 𝒆2 𝒆3 𝒆4

Encoder-Decoder
Transformer

Examples: 

Good for: 

Attention is all you need, T5, BART. 

Machine translation, summarization. QA
(when input/target are sufficiently different)



Encoder #1

Encoder #𝐿

⋮

𝒆1

Encoder-only Transformer
Examples: 

Good for: 

BERT, RoBERTa, DeBERTa, X-BERT

Classification, sequence tagging, sentiment 
analysis
(Understand text, but not generate them)



Examples: 

Good for: 

⋮

Decoder #1

Decoder #𝐿

Softmax

Linear

Decoder-only Transformer
GPT-X (OpenAI), PaLM (Google), LLaMA (Meta)
BLOOM (BigScience)

Text generation, multi-round conversation



⋮

Decoder #1

Decoder #𝐿

Softmax

Linear

Decoder-only TransformerEncoder-Decoder Transformer

Encoder #1

Encoder #𝐿

⋮

𝒆1 𝒆2 𝒆3 𝒆4

⋮

Decoder #1

Decoder #𝐿

Softmax

Linear

⋮

<Input> <Target> <Input> <Target> ⋯

Different parameters for encoder/decoder Shared parameters

Prompting, in-context examples

<Input>



Encoder-only

Encoder-Decoder

Image credit: https://github.com/Mooler0410/LLMsPracticalGuide
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