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Image Credit: [5, 9]

Qutput
Probabilities

l Softmax l

J

l Linear l

e a
Add & Norm
Feed
Forward
F 3
—
4 N\ | Add & Norm |<ﬁ
f—>| Add & Norm l -
Multi-Head
Feed Attention
Forward g3 ¥ g )
F 3
—
Add & Norm
f—>| Add & N |
—_ Masked
Multi-Head Multi-Head
Attention Attention
* F 3 } * F 3 }
] J \ —— )

Positional

Encoding ®_€9

Input
Embedding

f

Inputs

Qutput
Embedding

f

Outputs
(shifted right)

€ N Positional
Encoding

X = {XI)XEaXS:Xfl} x

— K

KT

Attention(Q, K, V) = softmax
ention(Q, K, V') = sol ud(\/lf_;.-

W

27



Multi-Head Attention

Output
Probabilities

query key value

HHHH HHHH HBIBB

(, ™\ ( - - \ -
Add & Norm Linear | | Linear Linear
Feed
Forward
r 3
I
4 N\ l Add & Norm |<ﬂ
r—>| Add & Norm l =
Multi-Head
Feed Attention Nx
Forward g g3 g )
F 3
N
X Add & Norm
Add & No l
r- — Masked
Multi-Head Multi-Head
Attention Attention
* r 3 } * r 3 }
\\'— J \. —J)
Positional _9 E_ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)

Image Credit: [5, 7]



Multi-Head Attention

Output
Probabilities

query key value

HHHH HHHH BBIBB

(, ™\ ( - - y - \
Add & Norm Linear | | Linear Linear
Feed
Forward
r 3
—
4 N\ l Add & Norm |<ﬂ
r—>| Add & Norm l =
Multi-Head
Feed Attention Nx
Forward g g3 g )
F 3
N —
X Add & Norm :
Add & Norm ) Hi how are you
r Masked
Multi-Head Multi-Head
Attention Attention
* r 3 } * r 3 }
— J \. — )
Positional _9 E_ Positional
Encoding Encoding
Input Qutput
Embedding Embedding
Inputs Outputs

(shifted right)

Image Credit: [5, 7]



Multi-Head Attention

Output
Probabilities

Hi how are you

EEDE

e “
Feed
Forward 10031 f 91|54
r 3
I
r—>| Add & Norm l =
Multi-Head
Feed Attention Nx
Forward A g3 J3
F 3
N
X Add & Norm
Add & Norm l
' Masked Scaled Scores
Multi-Head Multi-Head
Attention Attention
L L
\\'— J \. —J)
Positional _9 E_ Positional
Encoding Encoding
Input Qutput
Embedding Embedding
Inputs Outputs

(shifted right)

Image Credit: [5, 7]



Multi-Head Attention

Output
Probabilities

Scaled Scores

e “
Add & Norm

Feed
Forward
F 3
I

4 N\ l Add & Norm |<ﬂ
r—>| Add & Norm l

Multi-Head
Feed Attention Nx

Forward I Hi how are you

— .
= H.
MNorm

Masked

Multi—lHead MAﬂti-Head @ how m
Attention ttention S Of.tm a X( ) -
=) == sre [ 01 fos Jos | o
Positional Positional
Encoding -9 E- Encoding you
Input Qutput

Embedding Embedding
Inputs Outputs softmax(z); =

(shifted right)

Image Credit: [5, 7]



Multi-Head Attention

Output
Probabilities
e “
Add & Norm
Feed
Forward
r 3
I
4 N\ l Add & Norm |<ﬂ
r—>| Add & Norm l =
Multi-Head
Feed Attention Nx
Forward g g3 g )
F 3
N
X Add & Norm
r—>| Add & No l
; — Masked
Multi-Head Multi-Head
Attention Attention
L L
\\'— J \. —J)
Positional _9 E_ Positional
Encoding Encoding
Input Qutput
Embedding Embedding
Inputs Outputs

Image Credit: [5, 7]

(shifted right)

Hi
how
Softmax () =

are

you

softmax(z);

Hi

Scaled Scores

how are

you

[ 3
o1 2 1
mEmn
DEEn

Why square root?



Multi-Head Attention

Output .
Probabilities Hi

how are you

o 1 1
£33 3 P

how

Softmax() =

e N
Add & Norm are § 0.1 §0.3
Feed
r 3
I
g N\ l Add & Norm |<ﬂ
Add & N . \
@ Multi-Head softmax(x);
Feed Attention Nx
Forward J3 g g
F 3
N
X Add & Norm
Add & Norm l . .
= Masked attention WEIghtS OUtDUt
Multi-Head Multi-Head
Attention Attention
* r 3 } * r 3 }
\\'— J \_ —J)
Positional _9 E_ Positional
Encoding Encoding X —
Input Output
Embedding Embedding
Inputs Outputs

Image Credit: [5, 7]

(shifted right)




Multi-Head Attention

Output
Probabilities

e “
Add & Norm
Feed
Forward
r 3
I
4 N\ l Add & Norm |<ﬂ
r—>| Add & Norm l =
Multi-Head
Feed Attention Nx
Forward g g3 g )
F 3
N
X Add & Norm
Add & No l
r- — Masked
Multi-Head Multi-Head
Attention Attention
* r 3 } * r 3 }
— J \. — )
Positional _9 E_ Positional
Encoding Encoding
Input Qutput
Embedding Embedding
Inputs Outputs

(shifted right)

Image Credit: [5, 7]



Layer Norm & Residual Connection

Output
Probabilities

i

e N |
Add & Norm
Relu

Feed |

Forward -
F 3 -
Linear

4 N\ l Add & Norm |<ﬂ I
r—>| Add & Norm l

Multi-Head
Feod Smites Nx LayerNorm (8888 +HHEE)
Forward g g3 g )
F 3
N —
X Add & Norm
Add & N l
r- o Masked
Multi-Head Multi-Head
Attention Attention
\____5:::£L"'} {___:E:::£____J
\ J \_ J 2
i T T (Tik — 1)
Positional _9 E_ Positional K ’
Encoding Encoding k=1
Input Output . Ti 1 — Ws;
Embedding Embedding :Ui E = M
)
f f Vo7 te
Inputs Outputs ~
(shifted right) v; = v&; + B = LN, 5(z;)

Image Credit: [5, 7]



Outline

« Applications and Challenges of Sequence Modeling

* Transformers
» Positional Encoding
* Encoder
« Multi-head Self-Attention
» Decoder
« Limitations & Variants
* Pre-norm vs. Post-norm
* Vision Transformer
« Swin Transformer



Decoder
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Masked Multi-Head Attention
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Masked Multi-Head Attention

Image Credit: [5, 7]
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Masked Multi-Head Attention
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Hugging Face Demos

Image Credit: [10]

https://transformer.huggingface.co/
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Pre-Norm vs. Post-Norm

Where to place the Layer Normalization?

Image Credit: [11]
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Pre-Norm vs. Post-Norm
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Pre-Norm vs. Post-Norm

Where to place the Layer Normalization?

Image Credit: [11]
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Extensions: Vision Transformer

Image Credit: [12, 13]
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Extensions: Swin Transformer

Standard MSA

Attention for each patch is computed against all patches,
resulting in quadratic complexity

Image Credit: [14]
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Extensions: Swin Transformer

Standard MSA Window-based MSA

Attention for each patch is computed against all patches, Attention for each patch is only computed within its own window (drawn in red)

resulting in quadratic complexity Window size is 2x2 in this example.

Image Credit: [14]

52



Extensions: Swin Transformer

Window-based MSA

Attention for each patch is only computed within its own window (drawn In red).
Window size is 2x2 in this example.

Image Credit: [14]

Shifted Window MSA

Step 1: Shift window by a factor of M/2, where M = window size
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Extensions: Swin Transformer

Shifted Window MSA

Step 1: Shift window by a factor of M/2, where M = window size

Layer | Layer I+1

A local window to
perform self-attention

A patch
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