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Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer,
based/solely on attention mechanisms, dispensing with recurrence and convolutions
entirely. Experiments on two machine translation tasks show these models to
be superior in quality while being more parallelizable and requiring significantly
less time to train. Our model achieves 28.4 BLEU on the WMT 2014 English-
to-German translation task, improving over the existing best results, including
ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task,
our model establishes a new single-model state-of-the-art BLEU score of 41.8 after
training for 3.5 days on eight GPUs, a small fraction of the training costs of the
best models from the literature. We show that the Transformer generalizes well to
other tasks by applying it successfully to English constituency parsing both with
large and limited training data.
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Words pulling words

please buy an apple and an orange

apple unveiled the new phone
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Measure 2: Cosine similarity

Fruitness

Sim cos(14°) = 0.97

cos(76°) = 0.24

Sim cos(90°) =0

.
‘ Sim
‘ .
L )
L )
.
.
.
L}
L )
L
. !
.
L]
.
L)
L
—— - - — —dq
. . ‘

Tech



Dot product and cosine similarity

Dot product

Cosine similarity




Measure 3: Scaled dot product
Dot product divided by the square root of the length of the vector
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an apple and an orange
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Normalization

Want coefficients
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an apple and an orange
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Attention

Scaled Dot-Product Attention Multi-Head Attention
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Get new embeddings from existing ones
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Similarity on a transformed embedding
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Why moving words on a different embedding?

Best embedding for finding similarities Best embedding for finding the next word
(This embedding(s) know features of the words) This embedding knows when two words -
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Value matrix
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Self-attention
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Multi-head attention

Multi-Head Attention

[ Concat ]

Scaled Dot-Product V
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Multi-head attention

Multi-Head Attention

MultiHead(Q, K, V) = Concat(head;, ..., head;, )W
where head; = Attention(QWS, KWX vw)Y)
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: ENCODER STACKS

Encoder: The encoder is composed of a stack of NV = 6 identical layers. Each layer has two

sub-layers. The first is a multi-head self-attention mechanism, and the second is a simple, position-
wise fully connected feed-forward network. We employ a residual connection [11] around each of
the two sub-layers, followed by layer normalization [1]. That 1s, the output of each sub-layer is
LayerNorm(z + Sublayer(x)), where Sublayer(x) is the function implemented by the sub-layer
itself. To facilitate these residual connections, all sub-layers in the model, as well as the embedding
layers, produce outputs of dimension d4e1 = 512.

ENCODER

Feed Forward
Self-Attention
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: DECODER STACKS

Decoder: The decoder is also composed of a stack of V = 6 identical layers. In addition to the two
sub-layers in each encoder layer, the decoder inserts a third sub-layer, which performs multi-head
attention over the output of the encoder stack. Similar to the encoder, we employ residual connections
around each of the sub-layers, followed by layer normalization. We also modify the self-attention
sub-layer in the decoder stack to prevent positions from attending to subsequent positions. This

ensures that the
predictions for position ¢ can depend only on the known outputs at positions less than 2.
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: DECODER STACKS

Encoder: The encoder is composed of a stack of NV = 6 identical layers. Each layer has two
sub-layers. The first is a multi-head self-attention mechanism, and the second is a simple, position-
wise fully connected feed-forward network. We employ a residual connection [11] around each of
the two sub-layers, followed by layer normalization [1]. That is, the output of each sub-layer is
; where Sublayer(x) is the function implemented by the sub-layer
itself. To facilitate these residual connections, all sub-layers in the model, as well as the embedding
layers, produce outputs of dimension d o401 = 512.

Decoder: The decoder is also composed of a stack of V = 6 identical layers. In addition to the two
sub-layers in each encoder layer, the decoder inserts a third sub-layer, which performs multi-head
attention over the output of the encoder stack. Similar to the encoder, we employ residual connections
around each of the sub-layers, followed by layer normalization. We also modify the self-attention
sub-layer in the decoder stack to prevent positions from attending to subsequent positions. This
masking, combined with fact that the output embeddings are offset by one position, ensures that the
predictions for position ¢ can depend only on the known outputs at positions less than 2.
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 Transformer Type

O Sequence to seqguence
« Model-like

© BART/T5-like
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- Bidirectional AutoRegressive

Transformer (BART)

 Encoder-decoder (seg2seq) model

o Bidirectional (BERT-like) encoder

O Autoregressive (GPT-like)

decoder
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 Transformer Type

© Auto-encoding

« Model-like
O BERT-like
e Focus

O Understanding of the input

O e.g., question answering,
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- Bidirectional Encoder

Representations from

Transformers (BERT)
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 Transformer Type

O Auto-regressive

* Model-like
© GPT-like
* Focus
O Generative tasks

O e.g., chat bot

SL] I]J
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EM |

Jein
C)”,.’JUQJ ul pPs

lllustration: Ben Barry

We’ve trained a large-scale unsupervised language model which generates
coherent paragraphs of text, achieves state-of-the-art performance on many
language modeling benchmarks, and performs rudimentary reading

comprehension, machine translation, question answering, and summarization
—all without task-specific training.

February 14, 2019 I Read paper ;lI Unsupervised learning, Transformers, Language, .
View code » Generative models, Responsible Al, Milestone,

Publication, Release




« Generative Pre-Trained
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» Autoregressive (GPT-like) decoder

e 12 Decoder blocks
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3.2 Attention

An attention function can be described as mapping a query and a set of key-value pairs to an output,
where the query, keys, values, and output are all vectors. The output is computed as a weighted sum

s, where the weight assigned to each value i1s computed by a compatibility function of the
wthe corresponding key.




3.2 Attention

An attention function can be described as mapping a query and a set of key-value pairs to an output,
where the [query, keys, values, and output are all vectors. The output is computed as a weighted sum

s, where the weight assigned to each value is computed by a compatibility function of the
the corresponding key.
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e SCALED DOT-PRODUCT

Scaled Dot-Product Attention

QKT
dy

Attention(Q, K, V') = softmax( )V

In practice, we compute the attention function on a set of

gueries simultaneously, packed together into a matrix Q.

(The keys and values are also packed together into matrices

Kand V)
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MATRIX FORM

Scaled Dot-Product Attention Q KT

softmax( _| )

Vi

The self-attention calculation in matrix form

QK"
Vi,

Attention(Q, K, V') = softmax( 1%
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ATTENTION HEAD #0
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ATTENTION HEAD #1
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Calculating attention separately in
eight different attention heads
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HEAD #7
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1) Concatenate all the attention heads 2) Multiply with a weight
matrix that was trained

jointly with the model

’ o [ [T FFTT [ ] — X

3) The result would be the = matrix that captures information
from all the attention heads. We can send this forward to the FFNN

MultiHead(Q, K, V) = Concat(heady, ..., head, )W ©
where head; = Attention(QW2, KWX, VW)

Multi-head attention allows the model to jointly attend to information from different representation
subspaces at different positions. With a single attention head, averaging inhibits this.

) N
Y

& &



TRANSFORMERS

Output
Probabilities
{
Softmax
Linear
4
. | N
Add & Norm
Feed
Forward
4 i
r ) |
e Add & Norm Je=
Ada &_Norm Multi-Head N
Feed Attention
Forward j ) N x
A = y
.
g .NO i viasked
Multi-Head Multi-Head
Attention Attention
A+ 2 A+ 2
\L \_ JJ
Positional o A Positional
Encoding ¥ Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)

MultiHead(Q, K, V') = Concat(heady, ..., head}, )W
where head; = Attention(QW<, KWK, VW)




: ATTENTION

Add & Norm
Feed
Forward
\_ 4
- | |
fﬁ{j Add & Norm i Add & Norm
Feed )
Forward
_ 4 \_
_J
Add & Norm
Iq'}( Iq'}{

(—9( Add & Norm }

o

Positional
Encoding

Positional
Encoding

"

Input Output
Embeddings Embeddings




CODING ATTENTION!

Presented by

Chris Alexiuk, LLM Wizard ~




3.2.3 Applications of Attention in our Model

The Transformer uses multi-head attention in three different ways:

* In "encoder-decoder attention” layers, the queries come from the previous decoder layer,

and the memory keys and values come from the output of the encoder. This allows every
position in the decoder to attend over all positions in the input sequence. This mimics the

typical encoder-decoder attention mechanisms in sequence-to-sequence models such as
[38, 2, 9].

* The encoder contains self-attention layers. In a self-attention layer all of the keys, values

and queries come from the same place, in this case, the output of the previous layer in the
encoder. Each position in the encoder can attend to all positions in the previous layer of the

encoder.

» Similarly, self-attention layers in the decoder allow each position in the decoder to attend to
all positions in the decoder up to and including that position. We need toprevent leftward
information flow in the decoder to preserve the auto-regressive property. We implement this
inside of scaled dot-product attention by masking out (setting to —oc) all values in the input
of the softmax which correspond to illegal connections. See Figure 2.
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- Self-Attention

© Helps encoder look at

other words in input
sentence as it encodes

a specific word

« Encoder-Decoder

Attention

© Helps decoder focus on

relevant parts of input
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Multi-head attention allows the model to jointly attend to information from different representation |
subspaces at different positions. With a single attention head, averaging inhibits this.
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e KEY VOCABULARY

Tokenization

 Chop words

Wi a sto. ——» -

om0

2.13 -0.42 -1.03
0.91 0.56 0.23
M -1.56 1.34 0.14
Embeddings
1.42 -1.32 -2.41
 Words --> numbers
' 213 | -0.42 103 | + [N
H 0.91 0.56 0.23
(Positional) Encoding 156 | 134 0.14

e Words within sentence |

1.42

-1.32

-2.41




For O'Neill, which of the following is the desired tokenization?

neill

oneill

o'neill

r

o’ || neill

o || neill :

And for aren't. 18 1t:

aren’

t

arent

are

n't

aren

N

1

/

S
a3

!
)

5

THIS/ATC F

Input: Friends, Romans, Countrymen, lend me your ears;

Output:

Friends

Romans || Countrymen || lend || me || your || ears
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https://txt.cohere.com/text-embeddings/



Embeddings Quiz 1:

Where would you put the word “apple™? ()

https://txt.cohere.com/sentence-word-embeddings/




Embeddings Quiz 2:

Where would you put the word “cow™?

dog

https://txt.cohere.com/sentence-word-embeddings/




Word embeddings

Many more columns

Word
Apple
Soccer

House

Car

https://txt.cohere.com/sentence-word-embeddings/

A

Aardvark

Numbers
-0.82 | -0.32

0.419 1.28

-0.74 -1.02

4096
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* Order of the words (tokens)

 Add meaningful vector to each token embedding
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* Order of the words (tokens)

 Add meaningful vector to each token embedding
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: FEED FORWARD

3.3 Position-wise Feed-Forward Networks

L]

In addition to attention sub-layers, each of the layers in our encoder and decoder contains a fully Input Layer
connected feed-forward network, which is applied to each position separately and identically. This
consists of two linear transformations with a ReLLU activation in between.

Hidden Layer

FFN(z) = max(0,zW; + b;)Ws + bs (2)  Output Layer

While the linear transformations are the same across different positions, they use different parameters
from layer to layer. Another way of describing this is as two convolutions with kernel size 1.

The dimensionality of input and output iS dmoder = 912, and the inner-layer has dimensionality avays B
d; = 2048. ’

moves one direction; it never goes backwards.
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: LINEAR PROJECTION

Which word in our vocabulary

is associated with this index? e
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with the highest value v
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: GPT-STYLE EXAMPLE

Series of
transformer blocks
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TRAINING




- Bidirectional AutoRegressive

Transformer (BART)

 Encoder-decoder (seg2seq) model

o Bidirectional (BERT-like) encoder

O Autoregressive (GPT-like)

decoder



« 51 Training Data and Batching

« 52 Hardware and Schedule (NVIDIA P100)
« 5.3 Optimizer (Adam)

« 5.4 Regularization

S Residual Dropout

O Label Smoothing



« Set up BilingualDataset from PyTorch

 Build Tokenizer

* Training Loop

© Configure hardware

O

O

Create directory for saving model weights based on config.
Get data loaders, tokenizers, and model. Move model to device.
Initialize Adam optimizer

Set up initial training parameters

p—

r~e

Y ad




//\
O
(q0)
N
g5
©

=
()

% N
Q

g D
>
@
<
V)]
o
C
@)




: TRANSFORMER

;Add_& N5gm‘ Add & Norm

Add & Norm

Positional Positional
Encoding /\/ 0 Encoding /\/ 0

Input " Output "
Embeddings ~ Embeddings




: EMBEDDING

Positional
Encoding

Add & Norm

Feed
Forward

N

.

Add & Norm

|

Multi-Head
Attention

t+)

Input
Embeddings

.

Add & Norm

Feed
Forward

2

Add & Norm

Multi-Head
Attention

Positional
Encoding

7 JJ

Add & Norm

Masked
Multi-Head
Attention

L J

|

Output
Embeddings

]




: POS. ENCODING

Add & Norm
Feed
Forward
\_ 4
= 1
fﬁ{j Add & Norm i Add & Norm :P“
J . I
* Multi-Head ]
Feed :
Attention
[ Forward X
\ T q J g ]
£ J
,—)l Add & Norm i
NX | J NX
,—4 Add & Norm | Masked i
| i Multi-Head
Multi-Head N Attention
J
Attention t J
_ 4' @

Positional Positional

Encoding Encoding

Input Output
Embeddings Embeddings




Add & Norm

Feed
Forward
\_ 4
- 1
f-)[ Add & Norm Add & Norm ]«
J \ I
) Multi-Head
Feed .
Attention
Forward \
- 1 . } } }
V4 >,

/—)[ Add & Norm i
NX | J NX

f—o( Add & Norm : Masked i

| Multi-Head

Multi-Head | Attention
[ Attention t J 2

10 7
y NG

Positional
Encoding

Positional
Encoding

Input Output
Embeddings Embeddings




o
: FEED FORWARD —=

f—{ Add & Norm ] : Add & Norm ]h

|
Multi-Head ]

Attention

. 2
(-{ Add & Norm
NX I - NX
f-{ Add & Norm Masked i
| i Multi-Head
Multi-Head ) Attention
J
Attention ‘L J
_ \P> @
Positional Positional
Encoding Encoding

Input Output
Embeddings Embeddings




: ATTENTION

Add & Norm
Feed
Forward
\_ 4
- | |
fﬁ{j Add & Norm i Add & Norm
Feed )
Forward
_ 4 \_
_J
Add & Norm
Iq'}( Iq'}{

(—9( Add & Norm }

o

Positional
Encoding

Positional
Encoding

"

Input Output
Embeddings Embeddings




e Tokens e Decoder

« Embeddings © Masked Muti-Head Attention

» Positional encoding o Add + Norm

 Encoder O Multi-Head Attention
O Multi-Head Attention o Add + Norm
o Add + Norm © Feed Forwarad .
© Feed Forward o Add + Norm :

o Add + Norm » Linear Projection



 Tokens * Query, Keys, Values

« Embeddings  ' O Assemble matrices

Scaled Dot-Product Attention

|
MatMul
f A
SoftMax
4
Mask (opt.) softmax (
4

Scale

)
MatMul




Scaled Dot-Product Attention

Multi-Head Attention

[

Add &

Feed
orward

|

N x

Add & Norm

Multi-Head
Attention

\

AR

Output
Probabilities

|

Softmax

{

Linear

)

-

U N—
Add & Norm

Feed
Forward

|

)

Add & Norm

Multi-Head
Attention

|

T 7 7

N x

J

Add & Norm

Masked
Multi-Head
Attention

\.

J

Positional
Encoding

&
1

Input
Embedding

T

Inputs

W

/

@&
)

Output
Embedding

I

Outputs

(shifted right)

Positional
Encoding



Multi-Head Attention




Multi-head attention allows the model to jointly attend to information from different representation |
subspaces at different positions. With a single attention head, averaging inhibits this.
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« Transformer = seguence transduction engine based entirely on attention

O

No convolution, recurrence!

BART (enc-dec),

BERT (enc), and GPT (dec)

Only decoders are generative!

Multiple blocks --> each decoder block takes same encoder output

» Multi-headed attention allows us to focus on different pieces of the puzzle *®
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