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Participation game (on TopHat)

What is the full name of "GPT"?

A. Generic Pre-trained Transformers

B. Generic Pre-trained Tensors

C. Generative Pre-trained Transformers
D. Generative Probabilistic Transformer




Background

e Attention Mechanism
o Bahdanau et. al. 2014. Neural Machine Translation by Jointly Learning to Align and
Translate.
o Originally developed as an enhancement of RNN applied to translation task
e Transformer Model
o Vaswani et. al. 2017. Attention is All you Need.

o First transduction model relying entirely on self-attention to compute representations of
its input and output

o Backbone of the modern large language models & CV models, etc

o GPT = Generative Pre-trained Transformer




Database Manager

The thing your
customer is Database of (Key, Value) pairs
interested in

Key Value
Query
1 100
2
2 200

3 300




Database Manager

The thing your
customer is Database of (Key, Value) pairs
interested in

Key Value
Query
1 100 unrelated to 2
2
2 200 equal to 2

3 300 unrelated to 2




Database Manager

The thing your
customer is Database of (Key, Value) pairs
interested in

Key Value Atteption |
Query | weight
1 100 unrelated to 2 0 0% x 100
2 Output
2 200 equal to 2 1 100% x 200 200
3 300 unrelated to 2 0 0% % 300




Database Manager

The thing your )
customer is Database of (Key, Value) pairs

interested in

Key Value Attention
il weight

1 100 far from 2.5 0 0% x 100
25 . 7 Output

2 200 close to 2.5 0.5 50% x 200 250

3 300 close to 2.5 05 50% x 300




Attention Mechanism

Attention(q, D)

Query

m
= Z a(qa ki)vi
i=1
a(g, k)
- ~ Attention
Key Value weight
1 100 unrelated to 2 0
2 200 equal to 2 1
3 300 unrelated to 2 0

i o(q, ki)vi

i=1

0% x 100

100% x 200

0% x 300

Output

200




Attention Mechanism

m
Attention(q, D) = Z a(q, ki)v;

i=1
D

, k
g€ R keR? veR? (g, k)

 Attention

Query

~ weight

' | il
I ? Output
I .7
| ?

Key Value




Attention Mechanism

m
Attention(q, D) = Z a(g, ki)v;
im1
D
g € R¢ keR? peR? a(g, k)
‘ Query Key Value Attention Scoring function a(g, k)

A common one: scaled dot-product attention

_d'k
I I a(g, k) = Va

vector direction more similar — dot-product higher
See: cosine similarity

I Any function that captures similarity between g and k for your task

A A A
X X

Pl 2 y; & y; ' 2 y'

Image source

- Angle 6 close to @
- Cos(8) close to 1
- Similar vectors

- Angle 6 close to 90
- Cos(6) close to @
- Orthogonal vectors

- Angle 6 close to 180
- Cos(6) close to -1

- Opposite vectors
v



https://www.learndatasci.com/glossary/cosine-similarity/

Attention Mechanism

m
Attention(q, D) = Za(q, ki)v;
im1
D
ge R keR? veR? a(g, ks)
Key Value ‘ Attention ‘ Attention score does not follow probability distribution
Query s score

I convert this to a probability via softmax function
-0.9

e“(%ki)

I I softmaz(a(q, k;)) = W

0.25

I 0.9




Attention Mechanism

Attention(q, D) = Za(q, k;i)v;

i=1

D

qe Rd k e Rd v E Rd, a(q’ kz) a(q, ki)

 scaled ~ Attention
Query 7 ey Nalue dot-product weight

I -0.9 0.098

I | a(q, k;) = softmaz(a(q, k;))

0.25 0.309

I 0.9 0.593

) [@ | I—




Attention Mechanism

m
Attention(q, D) = Z a(q, ki)v;
i=1
D
g € R? keR? veR? a(q, ki)
T Attention
| Query ey e ‘weight

’ 0.098 9.8% x vy
2 [ | Output

I 0.309 30.9% X v, I I
” I 0.593 59.3% x v I




Attention Mechanism

DI Attention
Query Sl = weight
I I I 0~098 9.8% X 'Ul I Output
I I 0.309 30.9% X v I I
I I 0.593 59.3% x wv3 I

q KT
geR? K eR™?¢ v gR™d I x v G lis
I . - softmax ( ' ) - = I
Vd
F

Attention(q, K, V) = softmax( LS L4

Vd




Attention Mechanism

DI Attention
Query Sl = weight
I I I 0~098 9.8% X 'Ul I Output
I I 0.309 30.9% X v I I
I I 0.593 59.3% x wv3 I

q KT
geR? K eR™?¢ v gR™d I x v G lis
I . - softmax ( ' ) - = I

Vd
F

K
But how are these constructed? Attention(q, K, V) = softmaz(T—)V

Vd




Machine Translation

When people go camping, they collect logs to build a bonfire

l

Model

A
Wenn Leute zelten gehen, sammeln sie Holzscheite, um ein Lagerfeuer zu machen




Embedding

A cat is sleeping on a red sofa

A dog is sitting on a green chair

one-hot encoding:

iat ? 8 Can be used for numerical computation
is 0 0 o
sleeping 0 0 No similarity measurement
vocab on 0 0
red cat = 0 dog= 0 cannot tell “cat” & “dog” similar
sofa 0 0 and tend to appear in similar context &
dog 0 1 position
sitting 0 0
green 0 0
chair 0 0




Embedding

2-d embedding

X2
chair dog = [0.6, 0.6]
sofa cat =[0.5, 0.5]
is
dlon
x1
sleeping = [0.5, -0.5]
red sitting = [0.6, -0.6]
green

A cat is sleeping on a red sofa

A dog is sitting on a green chair

Each word is converted to a vector

e can input to neural network
e can learn similarity between words

For the many words in languages, usually pick
a very large embedding dimension,
for example d = 768




Embedding

]

corpus J

Vocabulary
yes €—>
| [
—>
BPE

Sentence Piece today
hello €——>

V]

Word Embedding Layer

= RIV[Xd

Learnable and updated with the model

d: embedding dimension, usually picked
to be a high number like 768




Embedding

Tokenization Word Embedding
Text » Tokens » word embedding vectors

Embedding layer

] 1 ] €eR?

" n am’
| am a student > ) o [T‘ c ]Rd
student E c Rd

student| ¢ R4




Embedding

1.0 T T T T T T T
Ol
Qoven (Q microwave
O refrigerator
Qe
0.5 F 1
@ bulb
led
@) kitchen ® o i . @) ba.ttecrr;/arger
@) vanity ® table ® i
sink saw
0.0 © ) bathroomt et @ 2V @ dewalt
T Rile bosch 1
@) bathtub © O kit [ ) ol ®
® faucet ;
() shower O drill
@) valve
[0) finish @ deck
05} @ color ) © gardenO hose © sprinkler 1
. paint
@ concrete @ urass
_10 L L L 1 L L I
-0.8 -0.6 -0.4 -0.2 0.0 0.2 0.4 0.6 0.8

image source



https://neptune.ai/blog/word-embeddings-guide

Embedding

TEXE: | ennsaiase paimaimine momepniasuges) When people go camping, they collect logs to build a bonfire

!

Embedding Layer

. |

WOI'd — — — — [, - — — g— — — — —_— — — -
embedding * = = - v - - ‘ When people go ‘ icamping { they collect ‘ ’ log w ( to H build H a Hbonﬁre
vectors ‘ : ‘ .
e R? € R¢ l c R¢
Model

l

Wenn Leute zelten gehen, sammeln sie Holzscheite, um ein Lagerfeuer zu machen




Embedding

Toxt -ceccrcrercnncacane, | When people go camping, they collect logs to build a bonfire

!

Embedding Layer

! |

means wood? written record?

word i
embedding " = " - v - - When people go camping they collect log to build a bonfire
vectors : ' .
cR? ¢cR¢ l € R%
Model

l

Wenn Leute zelten gehen, sammeln sie Holzscheite, um ein Lagerfeuer zu machen




Embedding

Y
word
embeddlng ........
vectors

------------ When people go camping, they collect logs to build a bonfire

!

Embedding Layer

- what is the corresponding noun?

go ’ camping they

people

o] i | o | o]

bonfire

c R? c R¢ l

Model

l

Wenn Leute zelten gehen, sammeln sie Holzscheite, um ein Lagerfeuer zu machen

e R4




Self-attention

When people go camping they collect log to build a bonfire

“Every word needs to pay attention to each other”

“Every word should pay more attention to the other word thats is related to it”




Reminder of our initial question

i Attention
Query Sl el weight
I I I 0~098 9.8% X 'Ul I Output
I 0.309 30.9% X v I I
I I 0.593 59.3% x wv3 I

q KT

g€ Rd Ke R'mxd Ve Rmxd' I 5 Vv output

[ Em |-l E m
Vd

T

K
But how are these constructed? Attention(q, K, V) = softmaz(T—)V

Vd




Attention Head

Attention Head

Input Embedding € R? Wo c R
WK c Rdxn
Ty Ty
Wy € R?




Attention Head

Multiply the first embedding vector with each matrix

Attention Head

Input Embedding € R? q n
1
- Wo zIWo =q SR
BLpiiee e, .. S eTWx = ky kil e R"
Wy Wy = v v1| €R"




Attention Head

Multiply the second embedding vector with each matrix

Attention Head

7

Input Embedding € R%

-
.
PR
.
¢¢¢¢¢
..
-
»

Wo

Wy

~

z3 Wo = g2 e R

ngK = kz k2 c Rn
T

Ty WV = V3 v R"




Attention Head

q1

q2

Attention Head
Input Embedding € RY
p [¢] WQ
L1 |2 WK
Wy
sequence length = m \

ky

v1

va

Q € Rm.xn

K e RﬂlXﬂ

'V' e Rmx‘n

-

ge ]Rd Ke Rmxd Ve Rmxd’

But how are these constructed?

The query, key and value for each word is calculated from all the m words in the same sentence,

using shared learnable matrices




Attention Head

. gKT
Attention Head Attentwn(q, Bs V) = sof tmam( )V
4 A
q1
i d T
Input Embedding € R Wo Zl 0 D K v output
2 x ;
softmax ( ) l = H
ks Vd
T €T3 WK k2 K
S q2 3
el = U K 174 output
1
WV Vv X _
V2 softmax ( ) E 2
sequence length =m O — \/_
X S 4

In Matrix form:

softmax (




Attention Head

Input Embedding € R¢

Ty D)

sequence length = m

Attention Head

/

X

Wo

Wk

m

=

q

q2

ks

v1

softmax (

7 )I j = 1

V2

/

X1 =Ty T1— Ty

0.88  0.12 Attention Weight matrix

| € Rmxm
0.25 | 0.75

Ty —> T1 Ty —» Ty




Attention

-later

- went

-Malaysia

- for

Fone

L year

later -
went -

to 1
report -
Malaysia -
for -

one A

year -

Image source

softmax ( ) lh | = |
Vd
Ty — &y X1 —+ T2
0.88  0.12 Attention Weight matrix
I= Rmxm
0.25 | 0.75
Ty —+ T Ty —+ Ta



https://www.researchgate.net/publication/359215965/figure/fig5/AS:1138766693568514@1648514545689/Attention-matrix-visualization-a-weights-in-BERT-Encoding-Unit-Entity-BERT-b.ppm

Attention Head

Attention Head

7 )

Input Embedding & Rd Output Embedding € R™
Wa

| T Lo
L2 Wk

Wy
sequence length = m sequence length =m

\_ J

learnable parameters

I




Multi-headed Attention

Attention Head 1 Attention Head 2 Attention Head 3
Input Embedding € RY
Wo Wo Wo
1 T3 WK WK WK
Wy Wy Wy
sequence length =m
01 02 03
e Rmxn e ]-Rmxn e Rmxn

concatenation and projection

X WO =

Oe Rmx(nxh) Wo € R(nxh)xd c Rmxd

h = number of attention heads




Multi-headed Attention

Multi-headed Attention

Input Embedding € R? / Output Embedding ¢ R?%
— (" N ) /—m
Wo Wo Wo
T To Wk Wk Wk | 1 o
Wy Wy Wy
N\ NS A \. J
length = sequence length = m
sequence length = m Wo




Multi-headed Attention

Multi-headed Attention

e —————

Sentence 1 | @11 | 12 | T13 —> Reuisesy 2 = .
" 114 1% 14
—————— o LS ‘ K —>» Sentence 2 | o1 | Zao
Sentence 2 | xq9y | Ty > ‘
’ WV ’ WV WV
‘ ; —» Sentence 3 | T31 | T32 | T33 | T34
Sentence 3 | ¥31 | T3z | T33 | Tz >\ B .54 J —_




Batch of input sentences

Good morning Good morning [PAD]

How are you How are you
Hello Hello [PAD] [PAD]
Embedding layer
, ] eR?
am, : _ i
a, e & am | R
student a | € R4
[PAD] ———

\ Studem S Rd

Good morning [PAD]

Batch = 3 How are you E be mazlenxd

Hello [PAD] [PAD]

Insert padding

maxlen = maximum sequence length
in this batch

Don’t want padding to affect training




Attention Mask

Good morning [PAD] | «— 0 0 -inf
How are you |+————* 0 0 0
Hello [PAD] [PAD] | «~—— 0 -inf -inf

input attention mask

-inf represents a very small negative number




Attention Mask

Before softmax

Q K
- e
softmax ( ) S— E
Vd
1 T T3 Ty T — T3
Good morning [PAD] i ]
. 12 | 48 | -0.1 0 0 | -inf
| | | Attention Score matrix Attention Mask
v 34 | 93 | 22 € R™xm 0 0 -inf € R™™
0 0 -inf ' ' .
23 |95 | 3.0 0 0 -inf
\ + pays very small attention to padding
12 | 48 | -inf 0.26 | 0.97 | 9e-4346
7 : [ : 4 ‘ T 1 Attention Weight matrix
( 34 93 | -inf ) _ 0.99  3e-6 | 3e-4345
softmax | | | . | | € Rmxm
23 | 95 | -inf 0.99 | 7e-6 | 1e-4344




Attention Mask

Before softmax
Q K

=k L B2

softmax ( ) S— E
Vd
1 T T3 Ty T — T3
Good morning [PAD] i i ]
. 12 | 48  -0.1 , , 0 0 -inf
| | | Attention Score matrix Attention Mask
v 34 | 93 | 22 € R™xm 0 0 -inf € R™™
0 0 -inf ' ' .
23 |95 | 3.0 0 0 -inf
\ )
12 | 48 | -inf : 0.26 | 0.97 9e-4346
7 [ A : 1 ' 1 ] 1 Attention Weight matrix
( 34 93 | -inf ) _ 1099 3e-6 3e-4345
softmax i ‘ J \ 7 | | € RM*m
what about pad’s attention to 23 | -95 | -inf 099  7e-6 1e-4344
other tokens? I ‘ | |




Batch of input sentences

Good morning [PAD]

Good morning Good morning [PAD]
How are you How are YOU ——+ Bach=3 | How are vyou | ¢ Rbxmazlenxd
Hello Hello [PAD] [PAD]

Hello [PAD] [PAD]

Embedding layer

! 1 ] €eR

a —» CEmJer

student T a | eRrd

[PAD] ————| \ [student| ¢ R?
[ ] Special vector

The gradient is not calculated




Attention Mask in libraries

Good morning [PAD]

input | How  are you
Hello [PAD] [PAD] \
implementation from

pytorch
huggingface
1 1 0 do the transformation inside for you
attention
mask 1 1 1 0 0  -inf
1 0 0 0 0 0

0 -inf -inf




Machine Translation

When people go camping, they collect logs to build a bonfire

l

Model

A
Wenn Leute zelten gehen, sammeln sie Holzscheite, um ein Lagerfeuer zu machen




The Transformer Model

Wenn Leute zelten gehen, sammeln sie Holzscheite, um ein Lagerfeuer zu machen

i

’ target ‘

At Testing Time: A

4 ™

encoder stack > decoder stack

N i —

scource

T

When people go camping, they collect logs to build a bonfire




The Transformer Model

At Training Time: / f . a \\

encoder stack decoder stack

—_—

KT —

‘ sco;rce ‘ target l
| 4

| When people go ... build a bonfire | Wenn Leute zelten gehen, ... ein Lagerfeuer zu machen




Input Embedding

encoder stack ) decoder stack

N S S

1.  word embedding Sco;rce ! tariet \
| When people go ... build a bonfire | Wenn Leute zelten gehen, ... ein Lagerfeuer zu machen ‘

2. positional embedding




Word Embedding

Tokenization Word Embedding
Text » Tokens » word embedding vectors

Embedding layer

] 1 ] €eR?

" n am’
| am a student > ) o [T‘ c ]Rd
student E c Rd

student| ¢ R4




Positional Embedding

A attacked B.
order of words matters in some language
B attacked A.

‘ source embedding € R™s*4

final ‘ ,
embedding = - s s crrrr e aas f | | ‘

vectors
cR¢ eR¢ ceRY cR?

positional
embeddmg ................... PO P1 P2 P3

vectors
cR?Y eR4 c R¢ c R4

word
embedding ................... | am a student

vectors
cR? R4 c R¢ c R¢




Positional Embedding

Way 1:

learned

Vocabulary Word Embedding Layer

yes

<« —>

<« — >

today

hello

Vi

e R'V|xd

Indices Positional Embedding Layer
0 €«<—>
1 >
P-2
P-1 €—>
1P| c RIPIxd

P is a pre-decoded maximum length
The model cannot accept length > P, unless trimmed




Positional Embedding

Way 2: calculated

d
ng Total input sequence length I PO ] P1 P2 P3 € R
d

k The k-th position in total input sequence ] P1 €R

. . . e 2 P = ‘ Rd

3 j-th number in d-dimensional vector l Py “ Py H Py | 1d-1)| €

0 1 2 d-1
even odd even
¢ Helps denote even and odd positions 21 21 +1 21
. .k
Even elements P(k,2i) = sin( —ijd )

n user defined large scalar, = 10,000 in paper

Odd elements P(k,2i+ 1) = cos(

n2i/d )




Positional Embedding

Even elements P(k,2i) = sin(——)
n2i/d
n user defined large scalar, = 10,000 in paper
k
Odd elements P(k,2i + 1) = cos(——)
n2i/d

eR! [Py | i=0,i=0 P(k0)=sin(0) =0
k= Py |j=1,i=0 P(k1)=cos(0)=1 =[0,1,0,1]

n = 100 Pp |j=2,i=1 P(k2)=sin(0)=0
Py |j=3,i=1 P(k,3)=cos(0)=1

eRY [Pp | j=0,i=0  P(k,0) =sin(1/n%) = sin(1) ~ 0.84
0
k=1 Py j=1,2=0 P(k,1) = cos(1/n%) = cos(1) =~ 0.54 = [0.84,0.54,0.1,1]
n =100 Pp | j=2i=1  P(k2) = sin(1/100%) = sin(1/10) ~ 0.10
P3| 7=3,i=1 P(k,3) = cos(1/100%) = cos(1/10) = 1.0

2
4
2
T




Positional Embedding

dimension

0 500 100
075
050
025
0.00
-0.25
-0.50
-0.75

0 100 200 300
0 TIYYTTIYNTTIVITY

20

40 LA 1Y
I"l' f

60

80

40
Wi # \ fl'
%%1 i MWW’ ““w
o “J,’ ! | |
il :f’af’*f" Q’h I ”mlﬂlll | i

position index

The positional encoding matrix for n=10,000, d=512, sequence length=100

image source


https://machinelearningmastery.com/a-gentle-introduction-to-positional-encoding-in-transformer-models-part-1/#:~:text=What%20Is%20Positional%20Encoding%3F,item's%20position%20in%20transformer%20models.

Input Embedding

\ J
Positional D
Encoding
Input encoder stack > decoder stack
Embedding
Inputs
In original paper K | \ //
T A
|
1. word embedding [ eoues [ target |

i | A |

2 positional embedding » When people go ... build a bonfire | Wenn Leute zelten gehen, ... ein Lagerfeuer zu machen




The Encoder Stack

scource contexualized | € R™s*d

f A . / = \\

' encoder block ‘

?

‘ ;
\ encoder block ‘

encoder stack decoder stack

The Encoder Stack >

} encoder block ‘
i

\ encoder block ‘ \ ‘ " \ B
\ A / 4 2 /
|

| scource [ |
| scource raw ‘ c Rmsxd * " target l

- | A

| When people go ... build a bonfire Wenn Leute zelten gehen, ... ein Lagerfeuer zu




The Encoder Block

scource out | € Rnsxd

f

encoder block \

| Add & Norm ]
[ feed-forward layer J
encoder block ’
[ Add & Norm |
[ self-attention layer }
A

scourceraw | € R™s*4




Multi-headed Attention

.
encoder block
( Add & Norm ]
( feed-forward layer ’
( Add & Norm ]
L self-attention layer l

Multi-headed Attention

Input Embedding € R¢ Output Embedding € R%
// > 2 /ﬁ\ s
Waq Wq Wq
1 o ‘ WK ‘ WK WK X1 Ty
Wy \ Wy Wy
N AL J \ J o p—
sequence length = m

sequence length = m
K Wo / q g




Position-wise Feed-forward Layer

encoder block

[

Add & Norm

)

feed-forward layer

[

Add & Norm

]

self-attention layer

L L

Tout = (ReLU (X W1 + b1)) Wy + by




Position-wise Feed-forward Layer

T

(e )
\[ /W;gbl\ ] v Tout = (ReLU (z},W1 + b1)) W3 + by

// \\ “x_in" is each individual word
o1 | 2 EN z4

not a whole (n_s) * d sequence

Z1 T2 T3 | T4




Add & Norm

Add & Norm

encoder block [
( Add & Norm ] >

Dropout ]

[ Layer Norm
feed-forward layer

Add & N 1
[ orm ] Tout ]
A
L self-attention layer ‘
/ ZTout = YTnormed + B \
[ v, B ]
€ : A small number to prevent denominator becomes
too small, and underflow due to limited precision Tin — o
- Tnormed = T
v, B : learnable parameters AVIzTte
1< s 1 i
T | ey )

Ba et. al. 2016. Layer Normalization

T ‘ S Rd




The Encoder Block

scource out c Rmsxd

i

encoder block
Add & Norm

)
NOT simply pass through one layer after another

s
A
L / self-attention layer \J

" scource raw | € R™s%d




Residual Connection

Z final Z final = Tout + Tin

He et. al. 2015. Deep Residual Learning for Image Recognition




Residual Connection

T final

%

Tout = F(wzn)

i

[ feed-forward layer

1

|

Zin

‘7




Full encoder block e =y

—>» 8 +—> 8

( Add & Norm J

‘ B
r ) =
Add & Norm |
: Feedd { feed-forward layer
orwar
[ )
Encoder <
Nx ~>{_Add & Norm Block T
Multi-Head :
Attention [ Add & Norm ]
- — ‘
+
\\_. 2 <
z

i

‘ self-attention layer ‘
|

A _

In original paper




Full encoder stack 7 o

> 5 s

[ Add & Norm 1

scource contexualized ‘ € R™s*d y

A

3
+

&

<

72 = -

‘ encoder block J |

i

feed-forward layer J

( encoder block W T
Encoder z .
Block T
The Encoder Stack

[ Add & Norm ]
\

l encoder block ‘

— .

€
‘ encoder block J T

\ A j v self-attention layer ‘
‘ scource raw ‘ c Rns*d J: .




Full encoder stack

Vscource ar e e ‘ c R™sxd \scource contextualized‘ € RMsxd
— i

A

/ [ ( Layererorm ]\

‘ encoder block J ’

i

( encoder block } {

encoder block \

i

encoder block ‘

The Encoder Stack The Encoder Stack

l encoder block ‘ encoder block ‘

i | R

( encoder block J { encoder block ‘

- A / \ A /

‘ scource raw ‘ c Rns*d ’ scource raw \




The Transformer Model

At Training Time: / f . a \\

encoder stack decoder stack

—_—

KT —

‘ sco;rce ‘ target l
| 4

| When people go ... build a bonfire | Wenn Leute zelten gehen, ... ein Lagerfeuer zu machen




The Transformer Model

At Testing Time:

=

f

Generator ‘

L to |
A

-

encoder stack

N

\

decoder stack

//
A

scource

0

When people go .. build a bonfire |

A word + pos
e embedding




The Transformer Model

At Testing Time:

Leute

s

Generator

At

A

-

encoder stack >

\ -

decoder stack

N

scource

T

When people go ... build a bonfire

|
| <s> | Wenn




The Transformer Model

At Testing Time:

zelten

A

{ Generator

J

A

(o6 n]

\

4

encoder stack 3

N

/

A

decoder stack

=

A

¥

scource

T

When people go ... build a bonfire

w6 l6]

<s>

Wenn

Leute




N
The Transformer Model | Generator

\ target | t ‘
A

At Testing Time:
g / 7 V f‘/i E\\u\

encoder stack decoder stack

—_—

scource ' target t|
X | A

When people go ... build a bonfire <s> Wenn Leute ... machen ‘




Target Input Embedding

encoder stack decoder stack

>
Add one special character at beginning “
To shift every word one position behind \ A ' € A //
_|
1. word embedding Seaee | it |

i )

2. positional em bedding When people ... build a bonfire <s> Wenn Leute ... zu machen




The Decoder Stack

. ) « > )

[ [ Layer Norm ]\

{ decoder block J

encoder stack b decoder stack

{ decoder block J

The Decoder Stack

\ . T 4 K -y / / [ decoder block J
|

scource ' | target |

decoder block ]

! ' x[ p,

‘ When people ... build a bonfire <s> Wenn Leute ... zu machen




The Decoder Stack

Training Time: / /[ Layer Norm ]\\

‘ decoder ’
fscource contextualized| € R™s*¢
T I decoder ’
"o [ Layer Norm ]\
‘ encoder
l decoder J
encoder
1 decoder ’
encoder ﬁ

( encoder |
= -/

scource raw € R™sx4 target raw ‘ c R4




The Decoder Block

p

decoder block

N

[

Add & Norm

]

feed-forward layer

[

Add & Norm

]

encoder-decoder-attention layer

[

Add & Norm

]

]\

<

same

new

\\[ self-attention layer Jj

similar

encoder block

Add & Norm

feed-forward layer

Add & Norm

self-attention layer




The Decoder Block

/ decoder block \

| Add & Norm |
target raw £ RPexd
[ feed-forward layer ] : z
scource contextualized € R™s*¢
[ Add & Norm | :

self-attention over target embedding
and contextualized source embedding

encoder-decoder-attention layer <

[ Add & Norm J

self-attention layer J < self-attention over target embedding

J target raw c Rmexd

|




The Decoder Block

p

decoder block

[

Add & Norm

]

N

feed-forward layer

J

[

Add & Norm

]

encoder-decoder-attention layer

[

Add & Norm

]

self-attention layer

)

But uses a special attention mask

A

y

Input Embedding € R?

target embedded

T

T2

sequence length = m

l Multi-headed Attention

Output Embedding € R

x1

sequence length = m

Z2




The Decoder Block Self-attention Mask

Good morning [PAD]

Recall: use attention mask to avoid attention to [PAD] token

0 0 -inf
0 0 -inf
0 0 -inf

Not only [PAD] token, also can be used to mask any position in attention matrix we don’t want




The Decoder Block Self-attention Mask

Every word in decoder self-attention will only

attend to words before it and itself Ich weill  nicht

The reason is, during test time,
when we have no ground-truth target embedding given,
we will predict each word one-by-one, not together

1 7> T3 T —> T2 1 — T3

Tg > T1 Ty —> Ty Ty — T3

<s> — Ich L3 —> T (T3 = To| T3 —> T3
<s> Ich — weil}
<s> Ich weil} — nicht

green means attends,

Each word can only see previous words in test time gray means masked
So we mimic the same thing at training time




The Decoder Block Self-attention Mask

Testing

/ Ich weild | /nicht
[0 | A O [ [ o * 2|

decoder stack k decoder stack ] | decoder stack ]

< T <s> Ich l <s> ‘ Ich Tweif& ‘

Ich iR icht
Training / i " , /mc
0g 4] 01 { 0p ] 01 027}

] decoder stack decoder stack decoder stack
possible,
but want less \ \
training time = T <s> | Ich ‘ <> | lch | weit |




The Decoder Block Self-attention Mask

Training Time:

()] 01 02 03
decoder stack
(S
A
<s> Ich weild nicht

€ Rmxd

= R™ xd

0g only attends to start of sentence character

Testing Time:

] —» T3 T1—> T2 T1— T3

Ty — Ty Ty —> Ty Ty — T3

T3 > Ty |3 — 3| 3 —> T3

Ich

2]

I

Ié

decoder stack

<s>

T




The Decoder Block Self-attention Mask

Training Time:

0q 01 09 03
decoder stack
<s> Ich weild nicht

01 attends to precious words

E Rntxd

€ Rntxd

Testing Time:

] —» T3 T1—> T2 T1— T3

Ty — Ty Ty —> Ty Ty — T3

T3 > Ty |3 — 3| 3 —> T3

/weiB

i) 01

decoder stack

<s> Ich




The Decoder Block Self-attention Mask

Training Time:

0o 01 07 03
decoder stack
<s> Ich weild nicht

0o attends to precious words

& R'ntxd

E Rnth

Testing Time:

T — 1

Ty — 21

T3 — T

Tl —> T2 1 — T3

Ty —> Ty Ty — T3

T3 —> 3| T3 — X3

/ nicht
0 01 02
decoder stack
<s> Ich weil}




The encoder-decoder attention
Al

( Add & Norm J
‘ feed-forward layer J
( Add & Norm ]
encoder-decoder-attention layer BUt Compures QKV diﬁerently
( Add & Norm ] 7
[ self-attention layer ]
\ / Multi-headed Attention
Input Embedding € R? Output Embedding & R?
ﬁ N 2\ A S S
Wo Wo Wo
Ty T Wk ‘ Wk Wk ’ 1 s
Wy ‘ Wy ‘ Wy
\7 J \.7 - J \ . J s p—
sequence length = m sequence length = m




The encoder-decoder attention

Attention Head

4 )
Input Embedding € R4
WQ « Q c IRmxn
q2
kl mMXn
1 - Wk ks KeR
v1 mxn
L~ | VeR
Wy "
sequence length =m
% I
In encoder-self-attention, are computed from

In decoder-self-attention, QK are computed from target embedding




The encoder-decoder attention

Attention Head

Target Embedding € R™*¢ / \ q1
BN = = > :
k1

> WK kZ

|| @
vy

Contexualized Source Embedding € R7sxd ~ Wy
V2

s
N

In encoder-decoder-attention,
Q is computed from target embedding
KV are computed from




The encoder-decoder attention

; Q KT
Attention Head
Target Embedding € R™*4 SottiaaR ( ) { i -
q1 \/—
d
(= (== ] L o
q3
= = source
W ky
> K
‘ k2 t1 = 81 |t; — 89
1 ) N ; : :
target |ty — 81 |ty — 83 Attention Weight matrix
Contexualized Source Embedding > Wy vi ‘
€ Rrxd | SR t3 — s1 t3 — 89

M o l




The encoder-decoder attention

eu

vad

cele

doua
elemente
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balanta
cultura

sl
tehnologie

in
the
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see
the
two
technology

elements
culture

Image source


https://www.researchgate.net/figure/Example-attention-weights-for-attentional-encoder-decoder_fig8_321051938

The Decoder Block

4
r |
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Feed
Forward
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In original paper

:

/ [ Add & Norm
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%

‘ feed-forward layer ’
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I
Decoder [ Add & Norm ]
Block A 5
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|
T 1 > en-de-attention layer ‘
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The Decoder Block

€ R™*d | scource embedded

e

A [ Layer Norm ]\

encoder

encoder

encoder

encoder

A

scource raw

c Rnsxd

/[ Layer Norm ]\

»{ decoder l
»‘ decoder J

*l decoder ’

*‘ decoder ’

target raw € Rnxd




The Generator

[ Generator J

09 01 02 03 e R™*d

decoder stack

A

<s> Ich wei | nicht | ¢ R™*d




The Generator

Vocabulary Word Embedding Layer
yes [€—p;
| €—>
today
hello [ €———>»
\4 e RVIxd

Word embedding: for a fixed word convert to a fixed embedding




The Generator

Vocabulary

yes

«—>

R E—

today

hello

\4

Word Embedding Layer

N

Convert a vector back to word?

some vector




The Generator

yes

”

Vocabulary Word Embedding Layer logits < R
YasEie—p) 0.9
0.01
I S 0.01 some vector
0.01
today
hello €———>»
V|xd Which is the most similar
14 €R word embedding vector?

dot product with every word embedding vector
do softmax over result to get logits




The Training Loss

ground truth logit
1 0.9

0 0.01
0 0.01
0 0.01

Ich

weild

night

<eos”

1-hot | 1-hot

1-hot

1-hot

e RV

Ground Truth
Ground Truth "Class"

Multi-class Cross Entropy Loss

eRV eRV RV €RV

logit0 | logit1 | logit2 | logit3
L Generator J
(o)) 01 03 03
A
decoder stack
A
<g> Ich weild nicht

Logits

e Rmxd

E Rngxd




The Transformer Model

Wenn Leute zelten gehen, sammeln sie Holzscheite, um ein Lagerfeuer zu machen

§

’ target ‘
A

(g g

encoder stack ‘ > decoder stack

N ¥

scource

i

When people go camping, they collect logs to build a bonfire




References

e The annotated transformer http://nlp.seas.harvard.edu/annotated-transforme
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