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RNNs, Back to the Cons

A While RNNs in theory can represent long sequences, they quickly
forget portions of the input.

A Vanishing/exploding gradients
A Difficult to parallelize

A The alternative solution we will see: Transformers!



Language Models: History Recap

A Probabilistic n-gram models of text generation (el i nek+ 198065,
o Applications: Speech Recognition, Machine Translation
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AStatistical or shalimiwd nG&udsadooll Ms (| at e
A Recurrent neural nets (2010s)
APretraining deep neur al | anguage model s

0 Many models based on: SelfAttention
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Chapter Plan

1. SeltAttention module

2. Transformer architecture

3. Computation/space cost

4. Thinking about Transformer implementation

Chapter goal 9 getting very comfortable with nuances involved in Transformers.



SelfAttention
Module



Attention (oo

A Coreidea build a mechanismté=l A OO | anApartchlargad ofithe context.

A How can this overcome the "lorignge dependencies” problem in RNNs? By allow
the model toA E O A A O 1@l at @lii tdkdn€amd decide which one is useful.
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https://arxiv.org/abs/1706.03762

A & is obtained based on the

Self - Attention whole input sequence.

A can be parallelly computed.

A I X R A o @ & @
A + 1 1 T T T T
( RNN R (1 3
— ] = » SelfAttention Layer
] 1 J /

Idea: replace any thing done by RNN with self-attention.
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RNN vs Transformer

I

A Notice that self-attentioncan AEOAAOI U OITTE& AO Ail Of EAI
ik gl o b R A t t t t+ t 1
[ ] @ @ [ ] ® @ © [ J ® @ (@] [ J

RNN layer 3 : : : : : : : : : : : : Transformer layer 3
i jr i :’,L i jr L I - W - e ¢
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RNN layer 2 : : : : : : : : : : : : Transformer layer 2
i i, i T i j LI .
) o o o o © & o] 1 Tor 5

RNN layer 1 : : : : : : : : : : : : Transformer layer 1
(] L] ] (] @ o L L L L % L
T 17 17T 7T 771 t
the movie  was  terribly  exciting ! the movie was terriblyexciting !
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Defining Self -Attention

A Terminology:
0 Query. to match others
o Key:to be matched
o Value information to be extracted

G JOHNS HOPKINS [Vaswani et al. 201 https://arxiv.org/abs/1706.03762
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Defining Self -Attention [! I Al Al

A Terminology:
0 Query. to match others

[TT]
o Key:to be matched [TT]  vauess
o Value information to be extracted Guev# [T 1] vaes
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Defining Self -Attention

A Terminology:

0 Query. to match others value #4
o Key:to be matched value #3
o Value information to be extractedli"ﬁ% 50% - value #2
it
30°/o value #1
o
o
S
,//“ r
. b V)

RN [Vaswani et al. 201 https://arxiv.org/abs/1706.03752
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v

Query #9

value #4

value #3

50% value #2

30% value #1

10qo.

Ishwi

N: query(to match others)

N O

‘Q key(to be matched)
QO ow

U wWw

Aaqo

. value(information to be extracted)
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N: query(to match others)
N ww
‘Q key(to be matched)
Q ww
: value(information to be extracted)
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n gQ A: query(to match others)

| R : .
Q Q key(to be matched)
Scaled d”ot oroduct U: value(information to be extracted)
How much
OET O1 A
attend to other
positions?

Q v ‘Q U o
(@] @) @) O O O Query #9 ] value #2 -
(@) (@] (@] @] (@] (@) [T
A 1 t A it | 30 <
00 00
W W

The cat

15



n ( )
5 Ad®)
| R | R | R | K
How much | t t t t
OET 61 A 0] Softmax |
attend to other | I I |
positions?

Q v Qv 1 Q U Q U
O O O (@] (@) O E| O (@] (@] (@]
(@] O O (@] (@) (@) (@) (@] (@] (@] O

(ON0) o0 (ONe) (0X©)

W ) ) W

The cat sat on iy



2ADOAOCAT OABET 1T 1 &£ O4EAG

X | X
t ]
I I
R | R
1L 4 '?‘ 14 \ \ r ; \
n n Q v Q v n Q v
(@) (@] (@] (@) (@) (@) (@] (@) (@) (@) O
(@) (@) (@) O (@] (@) (@) (@] (@) (@) (@)
A 1 r A 1 1 A A 1
OO0 00 (ONO) (ONO)
The cat

sat on Lt



Question

A What would be the output vector for

t he

wor d

AThinkingo?

(a) 0.5vy + 0.5vo

(b) 0.54v; + 0.46v,

() 0.88v; +0.12vo

(d) 0.12V1 + 0.88V2

Input

Embedding

Queries

Keys

Values

Score

Divide by 8 (/d; )

Softmax

Softmax
X
\Va \ e

Sum

[Slide credit:DanqgiChen]

Thinking

Machines
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Self - Attention: Matrix Notation

A Input sequence: 6 [whoMB & ] 5

A Calculate:
t of N A
ol N A
T OI'] N 4
A Pairwise similarity matrix between
. g LL N
queries and keys: |F 5

A Attention output:
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Attention raw scores
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Self - Attention: Matrix Notation

A Input sequence: 6 [ ho M8 dro ]

A Calculate:
IE of N A
o N 4
T Oon N A
A Pairwise similarity matrix between
queries and keys: |[FL ~ g

A Attention output:

~ ~ ~ ~ -

ATODEOT A

','.:". [OHNS HOPEINS
TR

hardmaru
@hardmaru

The most important formula in deep learning after 2018

Self-Attention
What is self-attention? Self-attention calculates a weighted
average of feature representations with the weight propor-
tional to a similarity score between pairs of representations,
Formally, an input sequence of n tokens of dimensions d,
X € R"™, is projected using three matrices W € R¥*%,
Wg € R and Wy € R 10 extract feature repre-
sentations Q, K, and V/, referred to as query, key, and value
respectively with dg = d,. The outputs Q, K, V' are com-
puted as
Q=XWqy, K=XWgk, V=XWy (n
So, self-attention can be written as,
T
S = D(Q,K,V) = softmax (Q"~ ) Vv, (2)
\/dq

where softmax denotes a row-wise softmax normalization
function, Thus, each element in S depends on all other ele-
ments in the same row.

9:08 PM - Feb 9, 2021 - Twitter Web App

8§53 Retwoets 42 Quote Tweets 3,338 Likes




Why do we need VQ? L OOATGDEDI ;Eo@%én

A Without V'Q the results of "B can be very large.
A By scaling down the dot product, the values fed into softmax remain in a reasonable
range and it does not create any instability for training.

A A theoretical justification: we can easily prove that:
o if each element of |- and L are drawn independently from a 0 (1, ), then "E
would have a variance Q,

o But "B F/'Qhas variance of ,
o This normalization ensures that the numbers given to softmax are not too dispersed.

21



Self - Attention: Thinking about batching

A Suppose our data comes in batches of sizeq i.e., OV 1
ASelfattentionds matrix form extends
A Calculate the keys, queries and values, perbatch:

t of N 1
ol N A
T or] N 4

A Pairwise similarity matrix between queries and keys, per batch: |-k ~ g
A Attention output for the whole batched data:

I OOATODEDII AEO(»V%%N A
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Recap: Self -Attention

A Attention is a powerful mechanism to create context-aware representations
A A way to focus on select parts of the input

~
¥

@

4 A
Selt-Attention Layer
) ) 4 )

A Better at maintaining long-distance dependenciesin the context.

&7 : [ . I I et al 2p17
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Multl -Headed Self -Attention

A Issue: Each head has limited capacity, e.g., it cannot attend to too
many things at the same time.

A Main idea: Allows model to jointly attend to information from different
representation subspaces (like ensembling).

A Multiple parallel attention layers.
o Each attention layer has its own parameters. Self-Attention Layer

o Concatenate the results and run them
through a linear projection.

[ ==

R JOHD TIOPKINS [Attention Is All You Need, Vaswani et al. 2017
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Multl -Headed Self -Attention

A Just concatenate all the heads and apply an output projection.

EAA | OOA (of EROR hor
- Ol OE( AAAA®)! &0 A ERENBITE A A

A Previously, we used the following dimensions for single -head SA.

n a h #/{ a9 h [ Na h

A In practice, we use a reduced dimension for each head.

A ™a "h H s "h {4 ~a "h 5 Ng

A The total computational cost is similar to that of single -hear
== attention with full dimensionality.

b |

Scaled Dot-Product J& h
Attention S

ul ul ul
| = 2

[ f f
Linear u Linear u Linear u

Y Y Y

Vv K Q

"Q number of heads
‘2 feature dimension
in output of SA
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Combine with FFN

A Add a feed-forward network to add more expressivity.
oThis applies another nonlineadirtoy etss ot h d

&80 "Wy OF e e e

Feedforward Net \

Hidden
layer

Feed Forward
Network

Input
layer

Output
layer

0 Usually, the dimensionality of
the hidden feedforward layer 'Q
Is 2-8 times larger than the
input dimension 'Q

A fully-connected network
v : 00| 00 | 0O \ of nodes and weights. /

Inputs
Outputs

Multi-Headed
Self-Attention Layer




How Do We Prevent Vanishing Gradients?

A Residual connectionsl et t he model ,

N
0 These connections are particularly useful for Add & Norm
training deep networks Feed

Forward
A Use layer normalization to stabilize the network T
and allow for proper gradient flow -
Multi-Head
Attention
—t
O J



https://arxiv.org/abs/1706.03762

Putting it Together: Self  -Attention Block

out
Given inputo: r )
Add & Norm
60 - Ol OE( AAAAG PR OET 1 Fg:/‘j:rd
0 DAOWQI 0@ ied T
o
6 &&>0O) T OO O Add & Norm
| OO0 WW QI 0 10a Multi-Head
Attention
A__ ¢
\.
Q J

X: Input sequence

&7 JoHNs H X [ : I I . L 2p17 -


https://arxiv.org/abs/1706.03762

Summary: Self -Attention Block

A Self-Attention: A critical building block of modern
language models.

o The idea is to compose meanings of words weighted
according some similarity notion.

A Next: We will combine self-attention blocks to build
various architectures known as Transformer.

Add & Norm

Feed
Forward

A

Add & Norm

Multi-Head
Attention

—tr

J/
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A DecoderOnly
Transformer




Output
Probabilities

How Do We Make it Deep? ( e )

F 3

[ Linear ]

A Stack more layers! - ——— a S
~—>| Add & Norm ) ~>| Add & Norm |
Feed Feed
s Forward Forward
NETWORKS A A
 — —
STACK V/} Nx | —("Add & Norm ) » Nx | —(Add & Norm )
MORE - > Multi-Head Multi-Head
LAYERS Attention Attention
/ \ — S
— J \. J
Positional D
Encoding
Input
Embedding

=g { T
oy H
-

[Attention Is All You Need, Vaswani et al. 2017 Inputs



https://arxiv.org/abs/1706.03762

books

From Representations to Prediction waila

Output
e .. . . Probabiliti
A To perform prediction, add a classification head on top of R
the final layer of the transformer: oN § 8 EEE]
o Where ¢ is the length of your sequence. ?‘
< . . . . Li
A To obtain logits, we can apply a linear transformation —
with token embedding matrix n 4 N A e
or]r] N A Feed
Forward
 S—
A To obtain probabilities, run this through softmax: Nx | —{(Add & Norm )
T A b A Multi-Head
O I /CEO (br]% @ 4 Attention
output token L—)
probabilities (logits) k_ )
SN —ane Positional
04633563 o pick an output Encoding P
token based on
DA X — its probability Input
{sample) i Embedding

Inputs



One wrinkle: How does Transformer
know about word ,ord

|
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We will discuss
various choices fo

/TA EOOOAd OEA

word positions/ordering.

these embedding!

h
Q v
(1

N are positional
embeddings

Allows model to learn

about positions




Absolute Positional Embeddings

AWhy fiaddo? Why not, say, Aconcatenate and

oficoncatenate and then projecto would be
trainable parameters.
oln practice, Asumo works fine that

oThe intuition here is that Asummingo for
information around position embeddings unique to each position.
[ N are positional

8 BBB
@) @]
embeddings ]
/B e
0o \ \ |
" o

R Jorns Horns W W w 3

1
Allows model to Iearn}

about positions




Absolute Positional Embeddings

A The idea is to create vectors that uniquely encoder each position.

A For example, consider vectors of binary values.
o Example below shows 4-dimensional position encodings for 16 positions.

0: 00O 8 : 000

1 001 9: 001

/Issues: Discrete numbers; 2 010 10 : 010

the information is localized 3 011 11 - 011

around a few bits; 4 100 192 - 100
embedding depends on the

\_ number of positionsL 2 1 2 (1) 12 ) 1 g (1)

7: 111 15 : 111

oy
ol

https://kaze mnejad.com/blog/transformer_architecture _positional_encoding/
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Math Recap: Sine and Cosine Functions

f(x) = sin(2x) fx) = Si”[%)

f(x) = sin (x)

=3 . LI
e JOHNS HOPEINS
&7 38



Absolute Positional Embeddings

A Let 6 be a desired position. Then the “@h element of the positional vector is:

—5(2)

p: = f(t)(i) .=

{ sin(wg.t), ifi=2k o

cos(wg.t), ifi=2k+1

A Here Qis the maximum dimension of each positional vector.
A This provides unique vectors for each position.

oy
ol

https://kaze mnejad.com/blog/transformer_architecture _positional_encoding/

1

100002/
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Quiz

f(x) = sin(2x) f(x) = sin|5|

A Let 6 be a desired position.

—(4) sin(wg.t), ifi =2k

& f": cos(wg.t), ifi=2k+1 o

A Q: Are the frequencies increasing with dimension "(?
A Answer: The frequencies are decreasing along the vector dimension.

E-N i
e JOHNS
-

https://kazemnejad.com/blog/transformer_architecture_positional_encoding/

f(x) = sin (x)

1
100002/

40



Visualizing Absolute Positional Embeddings

A Here positions range from 0-50, for an embedding dimension of 130.

41



Notice,any pair of rows|
are different!

o 1)
Sine/Cosine encoding
20 Il.l1 | |

(sin(i/1000021/4)) ¥
cos(i/10000%*1/d) )

Py = :

) Z*E/d |

sin(i/10000%°2") © il
Lcos(i/10000*2/%) )

0]
f| are positional | |9
[ embeddings D—T
.00 \
4 0O

100
ID]"S
- 0.50

- 0.25

- 0.00




Recap 0 positional encoding

A They inform Transformer about word orderings.

A The original proposal: fixed sine/cosine embeddings added to word embeddings.
o While this is a reasonable start, later we will see more sophisticated alternatives.

ANext : | et 6s think about running transf or mi

L . 43
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How does inference work?

|
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Generating text via Transformer

Output

Note that each token
generation is a forward pass
¢ a lot of computations!!

Input

reciteJ the first‘ law

L

55;‘-‘ JOHNS HOPKINS

T

TRANSFORMER

A
(=] | ,

Imageby http://jalammar.github.io/illustrated-gpt2/

And continue like
that until we reach
EOS or we get tired.

45
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Generating text via Transformer

A Usethe output of previousstepasinput to the nextsteprepeatedly

&Mgggg

T [

TRANSFORMER
LLT T

| ot

46



Generating text via Transformer

A Usethe output of previousstepasinput to the nextsteprepeatedly
%&QQI/ »> On

The probabilities get Lde Jofe Jele Jalle
revised upon adding a

new token to the input.

Tt

the cat sat

E;.’-‘ :m\ HLHhI‘\
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Generating text via Transformer

A Usethe output of previousstepasinput to the nextsteprepeatedly

<

Q\ «vthe

The probabilities get e e Jeele Jaslle
revised upon adding a

new token to the input.

Tt

the cat sat on

E;.’-‘ :m\ HLHhI‘\
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Generating text via Transformer

A Usethe output of previousstepasinput to the nextsteprepeatedly

%%&if;,mat
The probabilities get I ! L !

revised upon adding a
new token to the input.

Tt

the cat sat on the

E;.’-‘ *.a||\ HLHhI‘\
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Generating text via Transformer

I
A Usethe output of previousstepasinput to the nextsteprepeatedly
The probabilities get

revised upon adding a
new token to the input.

Tt

the cat sat on the mat

E;.’-‘ *.a||\ HLHhI‘\
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How does training work?

|

51



Quiz

A What do we optimize when we train a transformer?
1. wandn
2. w and w
3. Softmax function
4. Sine/cos positional encodings
5. The embedding matrix
6. w and w inyour FFN
7. W

Answer: 2,6, 7 and 5.

"

52



Train ing a Transformer L anguage Model

A Goal: Train a Transformer for language modeling (i.e., predicting the next word).
A Approach: Train it so that each position is predictor of the next (right) token.

0 We just shift the input to right by one, and use as labels EOS special token

(gold output) QO cat sat on the mat </s>

[ N | et 11

B

T T T T T T [Slide credit: Arman Cohan]

N the cat sat on the mat

o >3




Train ing a Transformer L anguage Model

I
A For each position, compute their corresponding distribution  over the whole vocab.

(odoupu) d Ccat sat on the mat </s>

Jonla.  Joolle.  Josle  Jada el Jalle

I N N |

TRANSFORMER

trrrr

& Jors Horins @ the cat sat on the mat .



Train ing a Transformer L anguage Model

A For each position, compute the loss between the distribution and the gold output label.

(odoupu) d Ccat sat on the mat </s>

111111

Jonla.  Joolle.  Josle  Jada el Jalle

I N N |

TRANSFORMER

trrrr

& Jors Horins @ the cat sat on the mat N



Train ing a Transformer L anguage Model

A Sum the position-wise loss values to a obtain a global loss .

(odoupu) d Ccat sat on the mat </s>

i J+T+1+7+1+1

Jonla.  Joolle.  Josle  Jada el Jalle

[ I

TRANSFORMER

bttt

0HNS HOPRINS ® the cat sat on the mat

<



Train ing a Transformer L anguage Model

A Using this loss, do Backprop and update the Transformer parameters.

(odoupu) d Ccat sat on the mat </s>

fli 1+1+7+1+1+1

Jonla.  Joolle.  Josle  Jada el Jalle

NI N

Well, this is not quite righ(e)

whatisthe problemW|th this?

TRANSFORMER
Corrr ot
7 Jors Horns W e cat sat on the mat

‘Ill s 57



Train ing a Transformer L anguage Model

A The model would solve the task by copying the next token to output (data leakage).

0 Doesnot learn anything useful

(odoupu) d Ccat sat on the mat </s>

" 1+1+7+1+1+1

Jonla.  Joolle.  Josle  Jada el Jalle

a1ttt

TRANSFORMER
§ s tonas w tIIe (Lt sTat Jn tle mTa

v

58



Train ing a Transformer L anguage Model

A We need to prevent information leakage from future tokens! How?

(odoupu) d Ccat sat on the mat </s>

" 1+1+7+1+1+1

Jonla.  Joolle.  Josle  Jada el Jalle

S

TRANSFORMER
s o W tIIe (Lt sTat Jn tle mTa

v

59



Attention mask

|
Attention raw scores
o |-0.08 | 1.24 | 069 | -0.98 | 1.43 | -0.6 0.7 0.16 | 0.93
~ [-0.09] -00 | -0.7 | 0.06 | 0.25 | 0.23 | 0.26 | 0.18 | 0.78 | -0.21 | -1.01 | 1.01
o~ | 086 | 1.19 | 1.59 | 0.86 | -0.13 | -0.15 [EHEN -0.98 | -0.87 1.87 | -0.72
. What we want

o | 012 |-0.03 |-0.02 | 0.88 | -046 | -0.7 | 0.54 | -0.42 SN -0.38 | 0.04 | -0.84
< | 051 | 017 | 0.13 0.24 |-002 | 1.68 | -0.36 | 0.64 | 0.36 | 0.27 | 0.66
w | 0.24 043 | 0.74 031 1.54 | 1.66 | 1.14 | 0.58
o [ 026 | 01 ]|093 | 072 |-038| 165 | 047 |-0.96 | -0.17 | -0.9 0.22
~ | -0.55| 0.81 | 0.71 1.7 -0.8 032 1.78 | -0.7 | -0.04 | 1.54 | 0.81
o | 0.74 | -0.76 | -0.44 | -0.08 -0.13 | 1.256 1.84 | 03 | 0.57 | 0.74
o [-097 |-0.91| 0.15 | 0.35 | -0.81 | 0.11 | 1.14 1.06 | 1.87 | 0.5 -0.3
2 [ 156 | 09 | 039 | 146 | 144 [-1.05| 09 |-0.73| 0.36 |-0.67 | -0.62 | -0.43
= [ 032 ] 074 | 044 | -0.1 119 | 0.83 | 0.29 | 2.06 | 0.51 | -0.26 | 1.51 | 0.11

1 2 3 4 5 6 7 8 9 10 " 12

IF,.._‘. JOHMNS HOPEINS
v

Slide credit: Arman Cohan

What we have
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Attention mask

|
Attention raw scores

o |-0.08 | 1.24 | 069 | -0.98 | 1.43 | -0.6 0.7 0.16 | 093 | 1.28
~ |-009| -00 | -0.7 | 0.06 | 0.25 | 0.23 | 0.26 | 0.18 | 0.78 | -0.21 | -1.01 | 1.01
o~ [ 086 | 119 | 1.59 | 0.86 | -0.13 | -0.15 -0.98 | -0.87 1.87 | -0.72
o | 012 |-0.03|-0.02| 0.88 |-046 | -0.7 | 0.54 |-0.42 S -0.38 | 0.04 | -0.84
< | 051 | 017 | 0.13 0.24 |-002 | 1.68 | -0.36 | 0.64 | 0.36 | 0.27 | 0.66
w | 0.24 043 | 0.74 031 1.54 | 1.66 | 1.14 | 0.58

o [ 026 | 01 ]|093 | 072 |-038| 165 | 047 |-0.96 | -0.17 | -0.9 0.22
~ | -0.55| 0.81 | 0.71 1.7 -0.8 032 1.78 | -0.7 | -0.04 | 1.54 | 0.81
o | 0.74 | -0.76 | -0.44 | -0.08 -0.13 | 1.25 184 | 0.3 | 0.57 | 0.74
o [-097 |-0.91| 0.15 | 0.35 | -0.81 | 0.11 | 1.14 1.06 | 1.87 | 0.5 -0.3
2 [ 156 | 09 | 039 | 146 | 144 [-1.05| 09 |-0.73| 0.36 |-0.67 | -0.62 | -0.43
= [ 032 ] 074 | 044 | -0.1 119 | 0.83 | 0.29 | 2.06 | 0.51 | -0.26 | 1.51 | 0.11

1 2 3 4 5 6 7 8 9 10 " 12
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Attention mask

Slide credit: Arman Cohan

-inf -inf -inf -inf -inf -inf -inf -inf -inf -inf
-inf -inf -inf -inf -inf -inf -inf -inf -inf

-inf -inf -inf -inf -inf -inf -inf -inf

-inf -inf -inf -inf -inf -inf -inf -inf

-inf -inf -inf -inf -inf -inf -inf

-inf

-inf

large negative numbers,
which leads to softmax( H) T

0.30

0.25

0.20




—c

. Z0 X
Attention mask sassl lnanew

]

Attention raw scores

Attention mask

o |-0.08|1.24 | 069 [-0.98| 143 | 06 | 07 [0.16 | 0.93 | 1.28 - o b | e e s | I i | i |
~ |-009| 00| -07 | 006|025 (023026018078 |-021]-1.01] 101 _ i || | e | ar | oo | e | e | e ||
~ | 086 | 119 | 159 | 0.86 | -0.13 | -0.15 [REN -0.98 | -0.87 1.87 | -0.72 ) ) ) ‘ ‘ ‘ ; )
o -inf -inf -inf -inf -inf -inf -inf -inf
0.30
© | 012 |-003[-002| 088 |-046|-07 | 054 |-042 [EKLN -0.38 | 0.04 | -0.84 ) ) ) ) ‘ ‘ ) )
© -inf -inf -inf -inf -inf -inf -inf -inf
0.25
< | 051 | 017 | 013 [0 0.24 |-0.02 | 168 |-0.36 | 064 | 0.36 | 0.27 | 0.66 ) ) ‘ ‘ ‘ : ;
+ -inf -inf -inf -inf -inf -inf -inf
0.20
w | 024 |50 043 | 074 0.31 | 154 | 166 | 1.14 | 0.58 ) ‘
. X w -inf | -inf
-0.15
© | 026 | -01 [093|072|-038]| 165|047 |-096|-017 | -0.9 022
Elemenitwise ~010
~ |-055| 081|071 | 17 | -08 032 | 1.78 | -0.7 | -004 | 154 | 0.81
product
w | 074 | 076 | -044 | -0.08 013 | 125 184 | 03 | 057 | 074 - 0.05
o0
o [-097 |-091] 015 | 0.35 |-0.81| 0.1 | 1.14 106 | 187 | 05 | -0.3 - 0.00
o
o | 156 | 09 | 039|146 | 144 [-105| 09 [-0.73 | 0.36 | -0.67 |-0.62 | -0.43
o
= | 032|074 | 044 | -01 | 119 | 083 | 0.29 | 2.06 | 0.51 [ -0.26 | 1.51 | 0.11

Note matrix operations is quite fast in GPUs.
Slide credit: Arman Cohan
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Attention mask

ol

oo O Dooc _— Masked attention raw scores

) R I I e o |-0.08| -inf | -inf | -inf | <inf | -inf | -inf | -inf [ -inf | -inf | -inf | -inf
[55[om o[ e [ o] ——— I

'1“’" an 024 | | - - —

4E - EIEIE X = |7 mmmm — |-009| -0.0 | -inf | -inf | -inf | -inf [ -inf | -inf | -inf | -inf | -inf [ -inf
@D - e - DEnE =I=[=] I_ o~ | 086 | 119 | 159 | -inf | -inf | -inf | nf | <inf | -inf | -nf | -inf | -inf
(ST el s o o | 012 |-0.03 | -0.02 | 088 | -inf | -inf [ -inf | -inf | -inf | -inf | -inf | -inf

<~ | 051 | 017 | 0.13 0.24 | -inf -inf -inf -inf -inf -inf -inf
w | 0.24 043 | 0.74 | 0.96

o | 026 | -0.1 | 093 | 0.72 | -0.38 | 1.65 | 0.47 | -inf -inf -inf -inf -inf

-inf -inf -inf -inf -inf -inf

~ |-055] 081 | 0.71 1.7 -0.8 4 -0.32 | 1.78 | -inf -inf -inf -inf
w | 0.74 | -0.76 | -0.44 | -0.08 Ml -0.13 | 1.25 -inf -inf -inf
3 -0.97 0.15 | 0.35 [-0.81 ( 0.11 | 1.14 1.87 | -inf -inf
o | 156 | 09 | 0.39 | 146 | 144 0 0.9 -0.67 | -0.62 | -inf

032 | 074 | 044 | -01 (119 | 0.83 | 0.29 | 2.06 | 0.51 | -0.26 | 1.51 [ 0.1
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The effect is more than just pruning out some

Attenti()n maSk of the wirings in self -attention block.

E— Attention probabilities

Attention raw scores
uuuuuuu

0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

0.0 | 0.0 0.0 0.0 0.0 0.0 0.0 0.0

0.0 0.0

This means that the query-3 can look
at keys at positions {0, 1, 2, 3}.

t2 o2 405 &1 8 4 omonom

<
020
B . © 00 | 00 | 00 | 00 | 00 | 00
[ [ T e e [ o] 045
el T = T = [ o 041 | 00 [ 00 | 00 | 00 | 00
@ softmax  ©
R [l T -0.10
e o o e e e ~ 0.1 0.04 | 00 | 00 | 00 | 00
" - DEEE - 005
] - DmEE o | 0.14 | 003 [ 004 | 006 | 002 | 006 [WFEM 002 WWEM 00 | 00 | 00
ulw = n‘m‘m wzs | 131 | am
o | 002 | 002|007 | 008 | 003|006 | 001 [0l 00 | 00
=} 0.11 | 0.06 | ofi:i | oh:t] 0.02 [ 011 | 0.02 | 0.06 | 0.02 | 0.02 | 0.0
— | 0.05 | 007 | 0.05 | 0.03 [ 0.11 | 0.08 | 0.05 [ 0.06 | 0.03 . 0.04
= TG
=] Jor INS | h.‘- KM 2 4 5 6 7 8 9 10 M 64

0 1 3
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Attention masking: Why Before

A We applied attention masking before softmax. Why not after?

A Softmaxn or mal

tention raw scores
] o [as] o7 [ o [om | v [N
022 | azm | ove | a7e | o [N

i
lead to an unnormalized probability distribution.
A In practice, | (Daniel) suspects applying mask after softmax may just work! J

Z €S

t he

softmax
SCOres SO

Softmax ?

t h adftmax,twéuld a
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Train ing a Transformer L anguage Model

A Weneedto preventinformation leakagefrom future tokens!How?

(odoupu) d Ccat sat on the mat </s>

" 1+1+7+1+1+1

Jonla.  Joolle.  Josle  Jada el Jalle

SN

TRANSFORMER
Sttty
s Horans W e cat sat on the mat

v



Quiz: attention masking

AWhat 6s the point of attention maski n;t
0 A. speeds up training by reducing the number of computations performed.

0 B. prevents accessing future tokens, ensuring that predictions are based only on
past and present information.

o C. selectively highlights important tokens in the input, thereby enhancing
attention mechanism.
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Summary: A Decoder -only Transformer

A This is a very generic Transformer!

A We will implement this in HWS5 to build a simple Transformer Language
Model!!

A What we saw was only a subset of the most general Transformer.
A Next: The full Transformer architecture
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Transformer
Architectural Variants



Encoder -Decoder Architectures

A It is useful to think of generative models as two sub -models.

24EA AAO OANIEER: c» Some »

70



Encoder -Decoder Architectures

A It is useful to think of generative models as tun euh -mndale
Representation (compression) of the context }

a e
N A A @ e —
24EA AAO OANEER: » 3 —
(] —
Processes the context Produces the output sequence item by
and compiles it into a item using the representation of the
vector. context.

E-N
=y

" I £ . 71



Enc-Dec work at inference time

A Transformer is two blocks
o Encoder =
o Decoder =

read or encode the input
generates text

o N
gw o-the gray chunky cat
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Enc-Dec work at inference time

A Transformer is two blocks
o Encoder =
o Decoder =

read or encode the input
generates text

o N
gw o-the gray chunky cat
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Enc-Dec work at inference time

A Transformer is two blocks
o Encoder =
o Decoder =

read or encode the input
generates text

Y Ll
g o-the gray ch

unky cat <bos> sat on the
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Enc-Dec work at inference time

A Transformer is two blocks
o Encoder = read or encode the input
o Decoder = generates text

7 P
gw o-the gray chunky cat <bos> sat on the mat
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Transformer [vaswanietal. 2017]

Output

L Probabilities

(for w)

&

auto-regressive
decoding

Positional Positional

Encoding

~O—d B—(N

(shift right)

O++

(&0 &0 i —

%‘.;‘. JOHNS HOPKINS

Input Output
Embedding Embedding

[Slide credit: CS886 at\Waterlod
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Transformer [vaswanietal. 2017]

Output
Probabilities
(for w)

Add & Norm

&

auto-regressive -

decoding
N VItlti-Heao O+
Sel- (shift right)

Atlention

Positional
Encoding

(0 (&0 i —

[Slide credit: CS886 at\Waterlod



Transformer [vaswani et al. 2017]

Output
Generator Probabilities
(prediction head) (for @)

Add & Norm

Feed
Forward

Add & Norm

Add & Norm Multi-Head
q Cross
Fee Attention
Forward w N
N
Positional an Positional
Encoding Encoding

W O ARk =P

L/
Input Output
Embedding Embedding

[Slide credit: CS886 at\Waterlod
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decoding
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Transformer [vaswani et al. 2017]

Output
Probabilities
(for w)

Add & Norm

Feed
Forward

Add & Norm

Add & Norm Multi-Head
q Cross ﬂ Decoding
Fee Attention 1 ' Procedure
Forward w N

auto-regressive | ® |

Add & Nom decoding
N Multl Head o+
(shift right)
Positional A‘ 69—@ Positional
Encoding Encoding

& @B

W | W |AAAkY =

oy
. |

[Slide credit: CS886 at\Waterlod



How does training Enc  -Dec work?

A Same as what we did before for encoder-only models.

(gold output) () sat on the mat </s>

" 1+7+1+1+1

doola.  Joola  Josla.  Jele  esds

N

o P
gw o-the gray chunky cat <bos> sat on the mat



Transformer

[Vaswani et al. 2017]

A Computation of encoder attends to both sides.

Hidden
states
(XXXIX]

-_——
| |
1 |
[

Encoder Self-Attention

Keys
@o00w

A
%
Queries

CXeTeXeXo}
< CoToD

(eXsTeXoXo)]
DoooWm

Values
[CIeX-XoXC )]
(X X-X-X-))
[CX-X-X-X-)
@0e09

o

Self-attentions

[
——

[eXeXelele]

Q000Q0]
Hidden states

[Attention Is All You Need, Vaswani et al. 2D1Visualization: theEdgeAl.io

Output
Probabilities

Linear

(shifted right)
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Feed
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Encoding Encoding
Input Output
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Inputs Outputs


https://arxiv.org/abs/1706.03762

Transformer [Vaswani et al. 2017]

A At any step of decoder , it attends to previous
computation of encoder aswellasd ec oder
own generations.

| | | I | |
|___| |___| |___|
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Transformer

A At any step of decoder ,
computation of encoder.

[Vaswani et al. 2017]

it attends to previous

Output
Probabilities

r
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Feed
Forward

Keys ]
Encoder [iu‘_ﬂ Cross-attentions
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[Attention Is All You Need, Vaswani et al. 2D17 visualization: theEdgeAl.io
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Quiz: Enc -Dec Connections

A Which best represents encoderdecoder connections?

<
encoder decoder / encoder decoder

’ o
Incorrect Correct

53 JoHNS HOPKINS
“.lll. ] i
[Slide credit: CS886 at\Waterlod




Qutput
Probabilities

Recap: Transformer

(shifted right)

(" )
. Feed
A Yaaaywe know Transformers now! &3 Formard
A An encoder-decoder architecture - -
A 3 forms of attention —Add = Multi-Head
Feed Attention
Forward 7 ) Nx
- h
N w“
_ _ f_>| Add & Norm | Masked
1 | Multi-Head Multi-Head
! : :- : Attention Attention
- -7 At At 2
Encoder-Decoder Attention \. / - J
_ . - — Positional @‘(9 Positional
M //’,\ /\ Encoding & Encoding
o P I Pl Input Output
I | I P P
: : I : | Embedding Embedding
Encoder Self-Attention MaskedDecoder Self-Attention T T
) . Inputs Outputs



Considerations about

computational cost
In Transformers




Diversion: Floating -point Ops: FLOPS

A Floating point operations per second (FLOPS, flops or flop/s)

A Each FLOP can represent an addition, subtraction, multiplication, or division of
floating-point numbers,

A The total FLOP of a model (e.g., Transformer) provides a basic approximation of
computational costs associated with that model.

E-N i
e JOHNS
-
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FLOPS of Matrix Multiplication

A Matrix-vector multiplication are common in Self-Attention (e.g., QKV projection)
0 Requires¢ & g2 x matrix size) operations for multiplying o N 5
0 (2 because 1 for multiplication, 1 for addition)

All
A21

Aml

oy
ol

A1z
A22

Am2

Aln
A2n

Amn

A1y + A2 + - - -
A1 + Agoxo + - -

Ap1%1 + Apa®s + -~

and ON 9

T Alnmn
T Aann

+ Amnmn_
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Quiz: thinking about computations

A Consider the following matrix multiplication: _
606h xEAOARAs fmns

A Question 1: Computing 6 6involves how many arithmetic operations?
0 (also referred to as floating -point operations or FLOPS)

A Answer: | t/65s a Q.
o(to be a bit mqér et pQsiace éasheelementind §
requires almost equal num of multiplications and summations.)

A Question 2: Computing 6 6involves how many memory/IO access?
AAnswer: | t80sa (read) g QA reaB)i #@gd (wr i tAiBHg
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Computations in Self - Attention Block

A We are going to count computations and 10 access in Transformer computations.
A Note we assume that the full input sequence is given at once (e.g., training time).

~

A Here is the first step. Given: 6N 1 M ~sa =

ALetods think about theéfj following computati.
A Q1: What is the number of arithmetic operations? O @ ¢ Q — for each head

A Q2: What aboutthe numberoflO? 6 @ ¢ Q Q — @ & — foreachhead

A Q3: What are these quantities for all heads?
o Number of arithmetic ops: 0 (cz'Q)
o NumberoflOops: U ¢ @& M
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« batch size,
¢€: sequence length,

- - & : number of heads
COm pUtaUOnS N Se If = AttE Q2 feature dimension in output of SA
'Qra : feature dimension inside each SA head
Q 1 Ofeature dimension inside FFN

,on ,on forda heads VAY9)

FhEva T 6 6 Q bcoe e
TN T 0na E A ANAD - for & heads 0 & Q 0 ¢t &
= va EMg T O #1171 EAGEBEAANR 0 08 0 ¢cné M
d’"”? NF';TN” i & 2 A (B )T 6 p o & 6 ¢ O Qo

Total 0 0 & Q 0 0e QOE Q
53 101 H . https://le.qun.ch/en/blog/2023/05/1 3/transformer-batching/
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https://le.qun.ch/en/blog/2023/05/13/transformer-batching/

a1 batch size,
¢€: sequence length,

The bOttleneCkS ‘Q feature dimension in output of SA
se. I
ASo, i n total, we have

A The quadratic terms are based on ¢ and Q 0 w& o 0 0 ¢ QuéE Q
A ‘Qis fixed (part of architecture) but & changes with input.

A Bottlenecks #1: If¢( sequlear)dt®f e a tduirme n)sthe tinme and
space complexity would be dominated by 0 (€ ).

A However, these despite this quadratic dependence these are parallelizable
operations which can be computed efficiently in GPUs.

0 In comparison, RNNS perform Layer Type Complexity per Layer  Sequential
|l ess arithmeti Operations
not all parallelizable. Self-Attention O(n? - d) 0(1)
. _ Recurrent O(n - d?) O(n)
A Bottlenecks #2:  Another potential
i Vaswani et al. 2017]
bottleneck is how fast we can run IO. [

A good way to think about this I s using O.
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Recap

A Transformers computation of a full sequence isbounded by 6 @& G Q.
o Generally, the quadratic term that depends on seq len € is more concerning.

A We have not discussed yet how IO may impose other limits on this. (in a week)

A Also, the above calculations is for a given sentences.

o How bad is the computational complexity during the decoding time where we
want to generate text one token at a time?
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uring decoding time, how slow
IS attention computation? N
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Self - Attention During Inference

K

L/XT\»

i
|

0 of
VIelp
w 0N

! ooAlooEcnllﬁEc<|—Mp5?w

Vv

[Slide credit: Arman Cohan]
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g: the next token

previous context

[Slide credit: Arman Cohan]
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Self - Attention During Inference

— 0 of
0 oN
w 0N )
Y S 1}
I OOATOOEQII ﬁEC(Il—ylA—?w
q !
q: the next token Ki= ka V = W. X
! /
i "‘tf
/ previous context
hThé cat sat on the [Slide credit: Arman Cohan]
98
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Self - Attention During Inference

— 0 of
U Onf
w 0N )
Y S 1}
I OOATOOEQII ﬁEC(Il—ylA—?w
d |
q: the next token K= ka L——\/—E—W'V—X-—
-3 /’V
\\; ’ //
/ previous context
sat on the [Slide credit: Arman Cohan]
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Self - Attention During Inference

I 0 Of
0 oN
W On

! ooAlooEcnllﬁEc<|—Mp5?w

q ! |
q: the next token K= WkX o V! V = WVX

/ previous context

on the [Slide credit: Arman Cohan]

== 'l JOHMNS HOPEINS
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Self - Attention During Inference

0  of
0 oN

q | |
q: the next token K= WkX

previous context

[Slide credit: Arman Cohan]
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Self - Attention During Inference

A We are computing the Keys and Values many times! o
oLetds reduce@®redundancy!

q | | |
q: the next token K — WkX V = WVX
. T
P previous context
The cat on Ithe [Slide credit: Arman Cohan]

S JOHNS HOPKINS 4
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KV-Cache for reducing inference redundancy

U 0N
VIoy
A We are computing the Keys and Values many times! W on .
oLetds reduce@®redundancy! !OOATOOECD'I’HEC(IU—‘%?@
_ .o T 1Q
kﬂaN_'\NkX['a- | 1]
q ! |
:th t tok
q: the nex oe?[l K Cached l V Cached

0 =
\ZM View= W[ ,: T 1]

The Cat Sat on |the [Slide credit: Arman Cohan]
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Quiz: KV -Cache

A Question: How much memory does this KV-cache require?
oLetds assume, e mb eéXtldeilenggh ofdthe seguesce seaen sa far

E-N
=y

L

is £ hand your model has 0 layers.

1. ¢¢ 0
2. ¢QO
3 €Q0
4. ¢ € Q0 q I

q: the next token

A4

The cat sat on|the

V Cached

P
previous-edhtext
~

P
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Recap

A To avoid redundant computations during decoding time, KV-cache is used to keep
track of previous calculations of keys and values.

A But how exactly how costly are these computations?
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& batch size,
¢€: sequence length thus far,

" . & : number of heads
DeCOd | ng CO m pUtat|OnS Q2 feature dimension in output of SA
Q 1 Ofeature dimension inside FFN

"Compared to the previous table (SA for a seq of length ¢), all the’
cells'have one less dependence on¢ (e.g., € © € or € © p).

Notice weor

computations for one token,
slons | Operation

Query/key computations get

ON combined with KV-cache VA 0 Q coQ
// ¥ P Al o|F ko , v o T v 7 A ¥
Fhk. v g 7 +Kv-cache VY N Ol /EC@‘:A:{;JT' for & heads OV we Q O we ad we QwQ
TNs T, 0N E A ANAD o+ for & heads 0 0&Q 0 0t d O QOQ
= v FEAMNe T O #T 1 G&ASBEAAN 0 0 ¢ ®QQ
WN 9 R N g F] ® . o 3 o 5
_ Nh;T & 2 A (B 0 p @ 0 ¢ ®QUQ
T
Total 0 »&Q 0 vaé e QQ

q N
Now the computations (of next token)
9 JoHNs H has linear dependence on seq length. aiching/ 106



https://le.qun.ch/en/blog/2023/05/13/transformer-batching/

Recap: complexity of decoding text

A Transformers computation for generating eachwordis0 ¢ G ¢ Q

A Remember the complexity of processing a full sequence of length: § ®& & Q.

oy
ol
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Quiz: Enc -Dec inference cost

ASuppose weodr eDecmddel fpr seammarEatian task. Input are long
passages with length m and the expected (summary length is n). The computational
complexity of this operation is:

0O u(E) 0 a No, self attention is all -to-all
o 0(e) 0(@(@) U ¢ a and so quadratic.

o 0(¢) 0 a 0 € a

O 0() U«

- | [Slide: John Canny] 108



Quiz: Enc -Dec inference cost

ASuppose weodr eDecmddel fpr seammarEatian task. Input are long
passages with length m and the expected (summary length is n). The computational
complexity of this operation is:

o V() 0 a

o 0() 0() 0¢a No, self attention is all -to-all
o U(E ) U a 0D & A& and so quadraticin & and €.
0]

v ) 0 a

" ' 109



Quiz: Enc -Dec inference cost

ASuppose weodr eDecmddel fpr seammarEatian task. Input are long
passages with length m and the expected (summary length is n). The computational
complexity of this operation is:

o V() 0 a
o 0() 0(@) U ¢ a
o 0U() 0 a 0D € a
o U(¢ 0 a L
( ) ﬁ NO, Cross attention is miISSIing. ]

oy
. |
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Quiz: Enc -Dec inference cost

ASuppose weodr eDecmddel fpr seammarEatian task. Input are long
passages with length m and the expected (summary length is n). The computational
complexity of this operation is:

o V() 0 a

o 0() 0() Oea

o 0(€) 0 a 0 €& a Yes. The three terms are respectively the Encoder

o 0() U a self-attention, Decoder self-attention, and Cross
attention.

Though a more accuratetermis: 6(¢ Q ¢€Q & Q aQ &4

with 'Q denoting the model embedding dimension.
o i 111



Summary: Computational Complexity of
Transformers

A Process a sequence at once:  Computation is bounded by 0 £

A Processing one token at a time during inference:

o KV-Cache: To avoid redundant computations during decoding time, KV-cache is
used to keep track of previous calculations of keys and values.

o The computation is bounded by 0 ¢ .
A Though in all cases, the computations are penalizable (modulo Transformer layers).
A 10 bottlenecks:  we will get to this (next chapter).
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Writing our own
Transformer




Clone Helper Function

A Create N copies ofpytorch nn.Module

AThe Transformeros structure

ARemember t hese c¢cl ones shoul dnot

def clones(module, N):
"Produce N identical layers."

return nn.ModuleList( [copy.deepcopy(module) for _

W

[Slide credit: CS886 at\Waterlod

in range(N)])

contains

shar e

a

| o 1
par .
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Create Embedding

A Create vector representation of sequence vocabulary
A nn.Embedding creates a lookup table to map sequence vocabulary to unique vectors

class Embeddings(nn.Module):
def __init_ (self, d_model, vocab):
super(Embeddings, self).__init_ ()
self.lut = nn.Embedding(vocab, d_model)
self.d_model = d_model

def forward(self, x):
return self.lut(x) * math.sqrt(self.d_model)

115
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Positional Encoding

A Add information about an
el ement 6s posi ti
to its representation

A Element wise addition of
sinusoidal encoding

Positional
Encoding

class PositionalEncoding(nn.Module):
"Implement the PE function."

def __init_ (self, d_model, dropout, max_len=5000):
super(PositionalEncoding, self).__init_ ()
self.dropout = nn.Dropout(p=dropout)

# Compute the positional encodings once in log space.
pe = torch.zeros(max_len, d_model)
position = torch.arange(@®, max_len).unsqueeze(1)
div_term = torch.exp(
torch.arange(@, d_model, 2) x —-(math.log(10000.0) / d_model)
)
pel:, 0::2] = torch.sin(position * div_term)
pel:, 1::2] = torch.cos(position % div_term)
pe = pe.unsqueeze(0)
self.register_buffer("pe", pe)

def forward(self, x):
X = x + self.pe[:, : x.size(1)].requires_grad_(False)
return self.dropout(x)

[Slide credit: CS886 at\Waterlod



Attention block

def attention(query, key, value, mask=None, dropout=None):

g L |

L

"Compute 'Scaled Dot Product Attention'"
d_k = query.size(-1)

scores = torch.matmul(query, key.transpose(-2, -1)) / math.sqrt(d_k)

if mask is not None:
scores = scores.masked_fill(mask == 0, -1e9)
p_attn = scores.softmax(dim=-1)
if dropout is not None:
p_attn = dropout(p_attn)
return torch.matmul(p_attn, value), p_attn

p Qiea large negative number,

which leads to softmax(-1e9)

Tt

[Slide credit: CS886 at\Waterlod

Subsequent Mask
1.0
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Multi -Head AtteNtiON  « o, aery, tey, v, msicone:

"Implements Figure 2"

I if mask is not None:

# Same mask applied to all h heads.
mask = mask.unsqueeze(1l)

nbatches = query.size(0)

# 1) Do all the linear projections in batch from d_model => h x d_k

query, key, value = [
lin(x).view(nbatches, -1, self.h, self.d_k).transpose(1, 2)
for lin, x in zip(self.linears, (query, key, value))

class MultiHeadedAttention(nn.Module): ]

def __init_ (self, h, d_model, dropout=0.1):
"Take in model size and number of heads."
super(MultiHeadedAttention, self).__init_ ()
assert d_model % h ==

# 2) Apply attention on all the projected vectors in batch.
x, self.attn = attention(
query, key, value, mask=mask, dropout=self.dropout

# We assume d_v always equals d_k )
self.d_k = d_model // h
self.h = h

# 3) "Concat" using a view and apply a final linear.
x = (

X.transpose(1, 2)

.contiguous()

.view(nbatches, -1, self.h x self.d_k)

self.linears = clones(nn.Linear(d_model, d_model), 4)
self.attn = None
self.dropout = nn.Dropout(p=dropout)

)

del query
del key
del value

ISlide credit: CS886 alttaefey - tinears(-11(x)
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FeedForward Layer

class PositionwiseFeedForward(nn.Module):
"Implements FFN equation."”

def __init_ (self, d_model, d_ff, dropout=0.1):
super(PositionwiseFeedForward, self).__init_ ()
self.w_1 = nn.Linear(d_model, d_ff)
self.w_2 = nn.Linear(d_ff, d_model)
self.dropout = nn.Dropout(dropout)

def forward(self, x):
return self.w_2(self.dropout(self.w_1(x).relu()))

[Slide credit: CS886 at\Waterlod

119



Sublayer Connections

I
class SublayerConnection(nn.Module):
A residual connection followed by a layer norm.
Note for code simplicity the norm is first as opposed to last.
def __init_ (self, size, dropout):
super(SublayerConnection, self).__init_ ()
self.norm = LayerNorm(size)
self.dropout = nn.Dropout(dropout)
def forward(self, x, sublayer):
"Apply residual connection to any sublayer with the same size."
return x + self.dropout(sublayer(self.norm(x)))
5431 JoHNS HOPKINS
A

[Slide credit: CS886 at\Waterlod
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Encoder Layer

class EncoderLayer(nn.Module):

"Encoder is made up of self-attn and feed forward (defined below)"
Feed Forward
def __init_ (self, size, self_attn, feed_forward, dropout):
super(EncoderLayer, self).__init_ ()
TSP ——
Multi-Head
self.feed_forward = feed_forward Cross-
self.sublayer = clones(SublayerConnection(size, dropout), 2) \Attention_J
self.size = size
- Masked
def forward(self, x, mask): S'\:'fU:;He:d Multi-Head
. q — ntion .
"Follow Figure 1 (left) for connections." el Self-Attention
x = self.sublayer[@](x, lambda x: self.self_attn(x, x, x, mask))
return self.sublayer[1](x, self.feed_forward)
B2 1 D TG
qﬁjunﬁanp.nm 121
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Decoder Layer

A Same as encoder layers other than:

o the additional multi-head attention block to preform

cross-attention with the output representation from the encoder

class DecoderLayer(nn.Module):
"Decoder is made of self-attn, src-attn, and feed forward (defined below)"

def __init_ (self, size, self_attn, src_attn, feed_forward, dropout):
super(DecoderLayer, self).__init_ ()
self.size = size
self.self_attn = self_attn
self.src_attn = src_attn
self.feed_forward = feed_forward
self.sublayer = clones(SublayerConnection(size, dropout), 3)

def forward(self, x, memory, src_mask, tgt_mask):
"Follow Figure 1 (right) for connections."

memory
self.sublayer[0] (x, lambda x: self.self_attn(x, x, x, tgt_mask))
self.sublayer[1](x, lambda x: self.src_attn(x, m, m, src_mask))

return self.sublayer[2](x, self.feed_forward)

m=
X =
Xe=

-3

]

-

[Slide credit: CS886 at\Waterlod

Add & Norm

Feed Forward

Multi-Head
Self-Attention

i [

Add & Norm

Feed Forward

Add & Norm
Multi-Head

Cross-
Attention

Masked
Multi-Head
Self-Attention
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The Prediction Head

A A final linear mapping
A Apply softmax to convert logits to probabilities

class Generator(nn.Module):
"Define standard linear + softmax generation step."

def __init__ (self, d_model, vocab):
super(Generator, self).__init_ ()

self.proj = nn.Linear(d_model, vocab) [ S E R

|

def forward(self, x): ( Linear

J

return log_softmax(self.proj(x), dim=-1)

[Slide credit: CS886 at\Waterlod

Output
Probabilities
For next area
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Build each block

class Encoder(nn.Module):
"Core encoder is a stack of N layers"

def __init_ (self, layer, N):
super(Encoder, self).__init_ ()
self.layers = clones(layer, N)
self.norm = LayerNorm(layer.size)

def forward(self, x, mask):
"Pass the input (and mask) through each layer in turn."
for layer in self.layers:
x = layer(x, mask)
return self.norm(x)

[ e |

T |. HNS HOPEITINS
&
[Slide credit: CS886 at\Waterlod

def

def

class Decoder(nn.Module):
"Generic N layer decoder with masking."

__init_ (self, layer, N):

super(Decoder, self).__init__ ()
self.layers = clones(layer, N)
self.norm = LayerNorm(layer.size)

forward(self, x, memory, src_mask, tgt_mask):

for layer in self.layers:

x = layer(x, memory, src_mask, tgt_mask)

return self.norm(x)
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Putting
It Together

class EncoderDecoder(nn.Module):
A standard Encoder-Decoder architecture. Base for this and many
other models.

def _ init_ (self, encoder, decoder, src_embed, tgt_embed, generator):
super(EncoderDecoder, self).__init_ ()
self.encoder = encoder
self.decoder = decoder
self.src_embed src_embed
self.tgt_embed = tgt_embed
self.generator = generator

def forward(self, src, tgt, src_mask, tgt_mask):
"Take in and process masked src and target sequences."
return self.decode(self.encode(src, src_mask), src_mask, tgt, tgt_mask)

def encode(self, src, src_mask):
return self.encoder(self.src_embed(src), src_mask)

def decode(self, memory, src_mask, tgt, tgt_mask):
return self.decoder(self.tgt_embed(tgt), memory, src_mask, tgt_mask)

[Slide credit: CS886 at\Waterlod



Initialize
the model

E.."'. JOHMS HOPEINS
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[Slide credit: CS886 at\Waterlod
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