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PSA

Start assignment 4 early
It's more involved than the previous ones



Agenda

® seq2seq
e Attention
e Transformers



Machine Translation

= Google Translate

Xn Text B Documents
SPANISH - DETECTED CHINESE FRENCH ENGLISH v g ENGLISH CHINESE (SIMPLIFIED) FRENCH v
En un recipiente hondo, mezclar el jugo de X In a deep bowl, mix the orange juice with the
naranja con el azdcar, jengibre, y nuez moscada. sugar, ginger, and nutmeg.

“Source” language =P “Target” language

Difficult due to nuances of language



seqg2seq models

Goal: Transform from a source sequence to a target sequence

SEQUENCE TO SEQUENCE MODEL



https://docs.google.com/file/d/1wI8IyditCwn1nmHlVKmPm-mPgZF34adQ/preview

seq2seq (with RNNs) for machine translation

Key idea: use two RNNs

lls regardent : <eos>

-ttt
t t t ¢ ﬂo; t +} +}

They are watching . <eos> :
<bos> lls regardent

Encoder Decoder



seq2seq (with RNNs) for machine translation

Key idea: use two RNNs

lls regardent : <eos>

S R R B
i i S _ﬂug SIS,

They are watching . <eos> .
<bos> lls regardent

Encoder Decoder

(In assignment 4, your encoder and decoder will be based on transformers instead of RNNs)



seqg2seq encoder

Encoder: Transform some source sequence into a hidden
representation



seqg2seq encoder

Encoder: Transform some source sequence into a hidden
representation

Sentence: hello world .

Step 1: Transform word to a vector

(using embeddings matrix)

hello



seqg2seq encoder

Encoder: Transform some source sequence into a hidden
representation

Sentence: hello world .

Step 1: Transform word to a vector

(using embeddings matrix)

word
embedding

hello



seqg2seq encoder

Encoder: Transform some source sequence into a hidden
representation

Sentence: hello world .

Step 1: Transform word to a vector

(using embeddings matrix E®))
t

hello

world

E®)

v ) word
< > embedding

hello




seqg2seq encoder

Encoder: Transform some source sequence into a hidden
representation

Sentence: hello world .

Step 1: Transform word to a vector

(using embeddings matrix E®))

t
B hello

world
E®)

v ) word
< > embedding

hello




seqg2seq encoder

Encoder: Transform some source sequence into a hidden
representation

Sentence: hello world .

Step 2: Compute hidden state —»@

using word embedding and last [

hidden state
word
embedding

hello



seqg2seq encoder

Encoder: Transform some source sequence into a hidden
representation

Sentence: hello world .

Step 1: Transform word to a vector

(using embeddings matrix) @
Repeat! CXTD
word
embedding @ @

hello world



seqg2seq encoder

Encoder: Transform some source sequence into a hidden
representation

Sentence: hello world .

Step 2: Compute hidden state —>

using word embedding and last
hidden state

word
embedding

¥
b
;



seqg2seq encoder

Encoder: Transform some source sequence into a hidden
representation

Sentence: hello world .

Step 1: Transform word to a vector

(using embeddings matrix)

word
embedding

¥
b
;



seqg2seq encoder

Encoder: Transform some source sequence into a hidden
representation

Sentence: hello world .

Step 2: Compute hidden state —>

using word embedding and last
hidden state

word
embedding

1
® ©
§



seqg2seq encoder

Encoder: Transform some source sequence into a hidden
representation

Sentence: hello world .

(encoded representation)

Step 2: Compute hidden state —»@—»@ _ @ — s penc

using word embedding and last
hidden state

Key Idea: We've converted a CXTD @

variable length sequence to a

fixed length representation word
embedding



seqg2seq decoder

Decoder: Using an encoded representation, predict a target
sequence

Step 1: Transform previous

predicted token to word embedding

word
embedding

<bos>



seqg2seq decoder

Decoder: Using an encoded representation, predict a target
sequence

Step 1: Transform previous

predicted token to word embedding

(using matrix E)
t

<bos>

bonjour

E(D salut @

word
v embedding

<bos>



seqg2seq decoder

Decoder: Using an encoded representation, predict a target
sequence

Step 1: Transform previous

predicted token to word embedding
(using matrix E)

t
N < ho s>
bonjour
E(t) salut
<€0s> word
v 3 . embedding

<bos>



seqg2seq decoder

Decoder: Using an encoded representation, predict a target
sequence

Step 2: Compute hidden state ‘ —
using word embedding and last
hidden state

word
embedding

T
©
@05>



seqg2seq decoder

Decoder: Using an encoded representation, predict a target
sequence

bonjour

W
Step 3: Predict word using hidden @
state

?
word
embedding

<bos>



seqg2seq decoder

Decoder: Using an encoded representation, predict a target

sequence W
boni O
onjour ?
Wo <bos>
e bonjour
salut
<eos>

state

word
embedding

Step 3: Predict word using hidden @ v )
T

<bos>



seqg2seq decoder

Decoder: Using an encoded representation, predict a target
sequence VY

bonjour % Recall: Output

o f embeddings give us

I © [ J<bos> a probability

Step 3: Predict word using hidden @ \ )
T

outputs
Hsalut
<eos>

_bonj our distribution over
state

word
embedding

<bos> Yt — SOftmaX(htWC—)r)



seqg2seq decoder

Decoder: Using an encoded representation, predict a target
sequence \Y

bonjour % Recall: Output

o f embeddings give us

T © [ J<bos> a probability

Step 3: Predict word using hidden @
f

outputs
Hsalut
<€0S>  Picking only the
- . highest probability

is called “greedy”
decoding

_bonj our distribution over
v
state

word
embedding

<bos> Yt — SOftmaX(htWC—)r)



seqg2seq decoder

Decoder: Using an encoded representation, predict a target
sequence

bonjour

R
Step 2: Compute hidden state —»@—> @
using word embedding and last T I
T

hidden state
T

word
embedding

<bos> bonjour



seqg2seq decoder

Decoder: Using an encoded representation, predict a target
sequence

bonjour le

v w
Step 3: Predict word using hidden @ @
state n

?
word
embedding

<bos> bonjour



seqg2seq decoder

Decoder: Using an encoded representation, predict a target
sequence

bonjour le

Step 1: Transform previous W, W,

predicted token to word embedding @

T

i

<bos> bonjour le

word
Repeat! embedding

T
©
:



seqg2seq decoder

Decoder: Using an encoded representation, predict a target
sequence

bOthUI’

Step 2: Compute hidden state ‘
using word embedding and last
hidden state

word
embedding

|
)
i

<bos> bonjour le



seqg2seq decoder

Decoder: Using an encoded representation, predict a target
sequence

bonjour le monde

TWO W, IWO

) =) — &) —®)
T T

© ® ©

;

Step 3: Predict word using hidden

state
T

?
word
embedding

<bos> bonjour le



seqg2seq decoder

Decoder: Using an encoded representation, predict a target
sequence

bonjour monde : <e0s>

Step 1: Transform previous Wo I W, I W, I W,

predicted token to word embedding

Step 2: Compute hidden state ‘ @

using word embedding and last

hidden state

Step 3: Predict word using hidden @
T

state

word
Repeat process until embedding

model predicts <eos>



seq2seq Beam Search decoding

Key idea: Improve |
. . (uda) i (o ) the i i i y
quality and variety of | ] . Db
. A . EOS :‘ur\.ed H E
generations by I
tracking k best Ly pe

hypotheses at each s
step s ™

tl



Beam Search Decoding Example (k=2)



Beam Search Decoding Example (k=2)

log P(arrived|x)

=-1.6 B
arrived —

/
-1.6

2

start__ log P(thelx)

-92. =-92
! the —

log P(y,|x)



Beam Search Decoding Example (k=2)

log P (arrived the|x)

— g

\

log P(arrived witch|x)

log P(arrived|x) -.69
=-1.6 /

arrived —-2.3— O

/
-1.6

s log P(the green|x)
=-1.6
start log P(the|x)
\_ 92 =) 97 60 green
- \ ’ -~ -I
' Tthe

\ log P(the witch|x)
H =)
12 =-2.
witch

log P(y,|x) log P(y,|y .X)

Y, Y>



Beam Search Decoding Example (k=2)

log P (arrived the|x)

=29

log P(arrivedjx)  -,69 log P(arrived witch|x) -3.2

=-1.6 /

arrived —-2.3— () / X1
/

-1.6 -1.6

s log P(the gx‘ccn/
start =-1.6
3

log P(the|x) i =

s o o green - 51— Witch

" N '/'.69
| the :
\ log P(the witch|x)
9.9
“dk. =g s .
I . P———
witch =11 arrived
-2.3
. \ -44 ®
log P(y,|x) log P(y,ly;.x) log P(y;]y5.y;:X)

yl yW y_‘\



Beam Search Decoding Example (k=2)

log P (arrived the|x)

= 2
=4 3

log P(arrived|x)  -.69 log P(arrived witch|x) -3.

=16 ~ \

arrived —-2.3— () / X
/

-1.6 -1.6

/ log P(the gl‘cy -.36
start =-1.6 /
-2

log P(the|x) ) 51_,._.witch————1.6—'—‘

5 == 199 . green
-?Z\th-g/-ﬁg
‘ \ log P(the witch|x) e
-1.2\=-2.l e o I
4 witch -.11— arrived
23 -1.61

o

log P(y, |x) log P(y,ly;-x)  log P(ysy,.y;:X) log P(y,[y3,y5.y-X)

» J22J

yl y’ y3



Beam Search Decoding Example (k=2)

log P (arrived the|x)
5,

log P(arrived|x)  -.69 log P(arrived witch|x) -3,

=-1.6 / = “30) ® 955

arrived—-2.3— ® -2:1
Py / arrived i
/'

-1.6 -1.6

P log P(the grcy /-.36 39
=-1.6
start ©

- loi_' Pgﬁlmx» green _.51_H¢witch————1.6—‘—"
o e -697
PR

: the/ 2.7

\ loiY P(the witch|x) 99 - END
-1‘.2\ =01 ) e |
witch -.11— arrived

~
»ad

-2.3
‘\‘-HQ Ty )

Y2:Y1:X) log P(y4ly3,Y2,¥1:X)

log P(y,|x) log P(y,|y,.x) log P(y,
Y ¥ Y3 Ya



Beam Search Decoding Example (k=2)

log P (arrived the|x)

= 2
=-2.3

log P(arrivedx)  -.69 log P(arrived witch|x) -3,

—_1.6 / = 30 ® =975 - END

arrived—-2.3— © 21 i =22
P / arrived
/ e 4.8

-1.6 -1.6 -2.3
/ log P(the grccny /'-36 -3.7 1 e at
start\ log P(the|x) =-16 ) Sl_H»witch———-lﬁ—‘_" ® i
_.92 :_.()2 ~ 69)green = :
t the— i
\ _IoiY P(the witch|x) 29 — END
1.2 =-2.1 N |
¢ Twitch -.11— arrived
g -1.61 i
log P(y, |x) log P(y,ly;.x)  log P(y;ly,.y;.X) log P(y4lys.y2,y1-X)  log P(ys[yay3:¥2:¥1:X)

¥ Y, Y3 Ya ¥s



Beam Search Decoding Example (k=2)

log P (arrived the|x) log P (“the green witch arrived”|x)
=23 = log P (the|x) + log P(green|the,x)
+ log P(witch | the, green,x)
® +logP(arrived|the,green,witch,x)
/ +log P(END|the,green,witcharrived,x)[~-a
log P(arrivedx)  -.69 log P(arrived witch|x) -3.2 T

e =-3.9 © 25 __.END
arrived—-2.3— (M) / -2.1 , d/-.zz
P arrived

18 1.6 L -2.3 “h

F log P(the gxun/ /-.36 Ao H at
starg, log P(the|x) ==L B NCH = CalllE Y ;
-92_ =-92 —~green : |
8 \_the/-.69 "
log P(the witch|x)
\_1 5 =51 2.9 —51""/END
b S . ;
4 witch -.11— arrived
§ -1.61 -3.8
%‘3 -4.4 T~ Q
log P(y, |x) log P(y,|y;.x)  log P(y]y,.y:X) log P(y4lys.y2,y1-X)  log P(ys[yay3:¥2:¥1:X)

Y, V) Y3 Y4 Vs



Beam Search Decoding Example (k=2)

log P (arrived the|x) log P (“the green witch arrived”|x)

Caveat: The log probabllltles g ~ log P (thelx) + log P(greenlthe.x)
should be normalized! e

+ log P(witch | the, green,x)

the +logP(arrived|the,green,witch,x)
T +log P(END|the,green,witch,arrived,x)[~--.. 57
log P(arrived[x) - 69 log P(arfived witch|x) -3.2 -
=16 ~ =39 mag 2.5 END
- . /'
arrived—-2.3— wiich : -22
e arrived i3
-1.6 e 2.3 %
s log P(the green|x) .36 39 4 at
start log P(the|x) ==L 6 came
e = reen
'.92\:—.92 '69 e g
? the< log P(the w 4t
£ EON END
L& =51 : T, Lol

1 -3.8

log P(y,[x) log P(y,y;,x)

¥ Y, Y,



seq2seq

lls regardent : <eos>

o+t 1t 1
f¢fff1+) vy vy 4

They are watching . <eos> : .
<bos> lls regardent

Vanilla seq2seq models are limited!
e Encoded representation is a “bottleneck” (must
contain all relevant information from context!)
e Suffers from same issues as RNNs:
o Vanishing gradients
o Inefficient utilization of hardware



seq2seq

lls regardent : <eos>

! ! | !
il i mlie =R i L o

They are watching . <eos> .
<bos> lls regardent

Vanilla seq2seq models are limited!
e Encoded representation is a “bottleneck™ (must Adding attention to seq2seq can help solve
contain all relevant information from context!) representation bottleneck
e Suffers from same issues as RNNs:
o Vanishing gradients
o Inefficient utilization of hardware



seg2seq with Attention

Key Idea: Let the decoder pick the parts of the encoder hidden
states that it needs (i.e. “pay attention to” specific encoder hidden
states)



seqg2seq encoder with Attention

Encoder (with attention): Exactly the same as before! (except
we also use hidden states h,, h,, h,)

Sentence: hello world .
Step 1: Transform word to a vector
(using embeddings matrix)
Step 2: Compute hidden state ‘
using word embedding and last
hidden state

(encoded representation)

word
embedding



seqg2seq decoder with Attention

Decoder (with Attention): Using all hidden states from the
encoder, predict a target sequence

Encoder Decoder
05[01| |02|04]| [-01]02 CTe 0.102
() — () =1 () — ()
Step 3 (new): Compute context T I I T I
for decoder using all encoder
hidden states the cat sat <bos> ce

Step 4: Predict word using hidden
state combined with context
vector



seqg2seq decoder with Attention

Decoder (with Attention): Using all hidden states from the
encoder, predict a target sequence

Encoder

0.5

0.1

0

4

-0

2

@_,

I

the

T

cat

_—

i

sat

1. Prepare inputs

oooooooooooooooooo

||||||||||||||||||||||

sssssssssssssssss

eeeeeeeeeeeeeeeeee

vvvvvvv

EEEEEEE

Decoder




Attention: Mathematical formulation

1. Prepare inputs

2. Score each hidden state

3. Softmax the scores

4. Multiply each vector by
its softmaxed score

5. Sum up the weighted
vectors

EOCOder Decoder hidden

idden state at time step 4
states

hs 2 hs

scores
‘ 13 ’ 9 ‘ 9 ‘ Attention weights for
decoder time step #4

0.96 | 0.02 softmax scores

i+ +

Context vector for
decoder time step #4

enc enc
L

(n: # of words in source sentence)

» Encoder hidden states: /

+ Decoder hidden state at time #: 17

> Attention scores:
e’ = [g(hi™, hi*c), ..., g(h™, h*)] € R”

> Attention distribution:
a' = softmax(e’) € R"

> Weighted sum of encoder hidden states:

n
a, = 2 a[’h["”" c R”
=1

Combine ¢, and 1% to predict next word



Transformer Architecture

Output
Probabilities

Add & Norm
Feed
Forward

Add & Norm

Ladd & o Mut-Head |
Feed Attention
Forward i Nx
Encoder —]
Nx Add & Norm
Add & Norm Masked
Multi-Head Multi-Head
Attention Attention
LY ’ A )

] 7 —)
Positional Positional
Encodi D & ‘

ncoding Encoding
Input Output
Embedding I Embedding
Inputs I Outputs
/' (shifted right)
Source I

Sequence Input

Taré\et Sequence (i.e. current
progress generating words)



Transformer Encoder

Output
Probabilities

Add & Norm
Feed
Forward

Add & Norm

Add & Norm Mutti-Head )
Feed Attention
Forward Nx
Nx Add & Norm
Add & Norm Masked
Multi-Head Multi-Head
Attention Attention
A ) A 7S
\_ J . —)
Positional ® @ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)
Source
sequence

(X5 .ry X))



Transformer Encoder: Positional + Word Embedding

Input and Positional Embedding

EMBEDDING
WITH TIME ‘
SIGNAL  xi[ |

[ [
POSITIONAL ] W[ TTT « I

EMBEDDINGS  x¢ [ [} [ | ][] [ [T 1]

INPUT Je suis étudiant

Embedded source sequence Positional
Encoding e D

nx d1
R Input
Embedding

Inputs

Source
sequence

(Xg5 oo X)



Transformer Encoder: Multi-Head Self Attention

Self-Attention: /@ ¢ Réixda K ¢ Rérxde WV ¢ RAxdv

Step 1: Step 2:
wae Q Q T
B [ -
X
: softmax
B - - [ Ji
After Multi-Head Attenti Ut Hea
er Multi e:qu ention m
o ) == =
Embedded source sequence Positional ®
Encoding
RnXdl Input
Embedding . .
MultiHead Attention: o o gaxd
Inputs
MultiHead(Q, K, V) = Concat (heady, ..., heady,) W
Source head; = Attention(XW2, XWX XWY)
sequence
(Xg5 oo X)




Transformer Encoder: Multi-Head Self Attention

Self-Attention: /@ ¢ Réixda K ¢ Rérxde WV ¢ RAxdv

Step 1: Step 2:
X wea Q Q T
HE - - HH
X
. softmax
In practice, d,=d, B - - BR Jas
After Multi-Head Attention I Mult-Head I X
R H s \ ) . B “Self’ attention means Q, K, V are
Embedded source sequence Positional & all Compmed from a Smgle
nxdy Encoding sequence
R Input
Embedding . .
MultiHead Attention: o o gaxd
Inputs
MultiHead(Q, K, V) = Concat (heady, ..., heady,) W
Source head; = Attention(XW<, XWX, XW))
sequence

(Xg5 oo X)



Transformer Encoder: Add & Norm

Add & Norm:

LayerNorm(z + Sublayer(z))

After Add & Norm
RTL Xdl

i LayerNorm
After Multi-Head Attention Mult-Head
RnXdl Attention
z — E[z]

Embedded source sequence Positional o) Y =
v/ Var|z] + €

7+ p

Encoding

nx d1
R Input
Embedding

Inputs

Source
sequence

(x1, ...,xn)



Transformer Encoder: Feed Forward

Feed Forward

After Feed Forward FFN(XZ) - RGLU(X1W1 + bl)W2 g b2
Rnxdl
AfterAdd&ggirgl W, ¢ Rdxdff’bl c Rdj-f

Nx

After Multi-Head Attention
Rn Xd1

Multi-Head
Attention

W, € RdffXd,bg = R

Embedded source sequence Positional &
Encoding

R E?:' Compute transformation over each value in the
Embedding

sequence independently

Inputs

Source
sequence

(x1, ...,xn)



Transformer Encoder: Final Add & Norm

After Final Add & Norm

R Add & Norm:
After Feed Forward LayerNorm(z + Sublayer(z))
Rnxdl
After Add & Norm
Rnxdl
Nx LayerNorm
After Multi-Head Attention Mult-Head
RnXdl Attention
— X — E[CE] n 5
Embedded source sequence Positional ® Y = * oy
Rnxd1 Encoding ‘j?u:' \/Va.r[:l:] 1 g
Embedding
Inputs
Source
sequence

(Xg5 oo X)



Transformer Decoder:

Embedded target sequence AR Positional
Rmxdl t Encoding

QOutput

Embedding

Outputs
(shifted right)

Target sequence
(<bos>, x, ..., X )

Output and Positional Embedding

EMBEDDING
WITH TIME
SIGNAL

POSITIONAL
ENCODING

EMBEDDINGS

x [T 1]
L[]
x [T 1]

xe[ T 1]

X3 *]ﬁili



Transformer Decoder: Masked Multi-Head Attention

Masked Self-Attention: W,° € RT >4 Wk ¢ Révxde 1V ¢ Rxds

Mgsked
Masked Multi-Head Attention il
Rm X d1 L_}

Embedded target sequence @ Positional

mxd; Encoding
R “ Output
| Embedding J
Outputs
(shifted right)
Target sequence
(<bos>, x, ..., X )

Step 1: Step 2:

X wa Q
S - - BE Q

X

X

B - - EE

X wv v \/a
B - - [
Step 3: v

softmax( . )

MultiHead Attention: W° eR™"
MultiHead(Q, K, V) = Concat(heads, ..., head,, ) W©°
head; = Attention(XW®, XWX, XWV)

Elementwise Multiply by
Mask

(equivalent to setting
masked indices to -«)

0] 1.:

11




Transformer Decoder:

Add & Norm:
LayerNorm(z + Sublayer(z))

After Add & Norm

Rmd: LayerNorm
Masked Multi-Head Attention il
Rmxd] At
z — E[z]
Embedded target sequence @ Positional Yy = * + /B
w Encodi
Rm 4 Output = \/V&I' [w] + €
| Embedding |
Outputs
(shifted right)

Target sequence
(<bos>, x, ..., X )



Transformer Decoder: Multi-Head (Cross) Attention

Masked Multi-Head Attention
Rmxdl

After Add & Norm
Rde1

Masked Multi-Head Attention
Rdel

Embedded target sequence
Rdel

Multi-Head

Attention
Nx

Add & Norm

Masked
Multi-Head
Attention

—t

—_ ——

Positional
G_

Encoding
Output
Embedding

Outputs
(shifted right)

Target sequence
(<bos>, x, ..., X )

Cross-Attention: 7@ ¢ Ré1xd WK ¢ Rixdr 7V ¢ R xdv

Step 1: Step 2:
X wa Q Q T
B - -
X softmax ( )
’ “Cross” attention means

Q, K, V are computed
from separate sequences

MultiHead Attention: o o gixa

MultiHead(Q, K, V) = Concat (heady, ..., heady,) W©°
head; = Attention(X LVLQ ,XWE XwWY)



Transformer Decoder: Multi-Head (Cross) Attention

Cross-Attention: ¢ ¢ R4 *da WK ¢ Rdixde jyV ¢ Rdrxd

Masked Multi-Head Attention
Rmxd]

After Add & Norm
Rmxdl

Masked Multi-Head Attention
Rdel

Embedded target sequence
Rdel

Step 1: Step 2:
Decoder X wa Q Q T
state
T R - B
X
iy - softmax
Nx
i B - - BE Vi
k
Masked Encoder
M/_L\Jtltt;:?s: state X B ., .
T === . HE Cross” attention means
— o Q, K, V are computed
Positional
) Encoding Eﬁoder from separate sequences
Err%gggitng state .
MultiHead Attention: o c gaxd
Qutpu.ts
(biect ngt) MultiHead(Q, K, V) = Concat (heady, ..., heady,) W©°

Target sequence
(<bos>, x, ..., X )

head; = Attention(X W, iQ, XWE XwY)



Transformer Decoder: Add & Norm

Add & Norm:

Add & Norm
mxd
R* | T LayerNorm(z + Sublayer(z))
Masked Multi-Head Attention e
R
17 7 Nx
After Add & Norm
Rmxd: LayerNorm
Masked Multi-Head Attention et
R™*d1 O, Y
L= z—Ez
Embedded target sequence @ Positional Yy = * + /B
Encodi
Rdel ‘j}g ncoding \/Var [m] + €
Embedding

Outputs
(shifted right)

Target sequence
(<bos>, x, ..., X )



Transformer Decoder: Feed Forward

Feed Forward
Rmxdl

Add & Norm
Rmxdl

Masked Multi-Head Attention
Rmxdl

After Add & Norm
Rde1

Masked Multi-Head Attention
Rmxd]

Embedded target sequence
Rmxd]

Feed
Forward
Add & Norm

Multi-Head
Attention

Nx

Add & Norm

Masked
Multi-Head
Attention

At
)
@ Positional

Encoding
Output
Embedding

Outputs
(shifted right)

Target sequence
(<bos>, x, ..., X )

Feed Forward

FFN(XZ) = ReLU(xiwl + b1)W2 -+ b2
W, € Rddef,bl < R%s s
W, € RdffXd,bQ c Rd



Transformer Decoder: Add & Norm

Add & Norm
Rmxdl

Feed Forward
Rmxd]

Add & Norm
Rmxd]

Masked Multi-Head Attention
Rmxdl

After Add & Norm
Rde1

Masked Multi-Head Attention
Rmxd]

Embedded target sequence
Rdel

Add & Norm
Feed
Forward
Add & Norm

Multi-Head
Attention

Add & Norm

Masked
Multi-Head

Attention

—t

G_

QOutput
Embedding

Outputs
(shifted right)

)

Nx

Positional
Encoding

Target sequence

(<bos>, x., .

..,xm)

Add & Norm:

LayerNorm(z + Sublayer(z))

LayerNorm

z — E[z]

v v/ Var(z] + €

v+ B




Transformer: Final output

Output
Probabilities

softmax(W h;)

Add & Norm
Feed
Forward
Add & Norm
@ L) Muft-Head
Feed Attention
Forward Nx
N | Add & Norm
* | —~{Add & Norm ] Masked
Multi-Head Multi-Head
Attention Attention
L
S 7 —
Positional D @ Positional
Encoding Encoding
Input QOutput
Embedding Embedding
Inputs Outputs

(shifted right)

Compute transformation over
concatenated states



