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Transformers Intuition

Sequence-to-Sequence Model
Vanila RNN Encoder and Decoder
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Transformers Intuition
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Transformers Intuition

 Transformer (Vaswani et al., 2017)

« A model that uses attention to boost the speed with which these

models can be trained and easy to parallelize I

* A high level look:

INPUT OUTPUT

;'-I suis ~‘....|mr.| e ‘I‘RANSFORMER —>| | a

« Inside the transformer, there are an encoding component and a

decoding components and connections between them

I am a student

ENCODERS DECODERS

INPUT | Je uls  étudiant




Transformers Intuition

» The encoding component is a stack of encoders

» The decoding component is a stack of decoders of the same

number

Note: The original paper stacks six of them on top of each other, but there is nothing magical

QUTPUT | | am a student

*

about the number six

ENCODER
4
ENCODER
[
ENCODER
[}
ENCODER
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|
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DECODER
4
DECODER
L)

[
[
[
(
[

4
DECODER
3
DECODER

(e )
S WS U S S S—
e e e e e —

S5 THE TRANSFORMER
ENCODER BLOCK

Transformers Intuition

* Encoding block vs. Decoding block = Unmasked vs. Masked

% THE TRANSFORMER
DECODER BLOCK

g

Feed Forward Neural Network
Feed Forward Neural Network

)

( Encoder-Decoder Self-Attention )
[ Self-Attention ] ( Masked Self-Attention J
Input
pep—
1 2 3 4 5 6 512




Transformers Intuition

» The encoder are all identical in structure (they do not share t
weights), each of which is broken down into two sub-layers

+ The encoder’s input first flow through a self-attention layer (a layer that
helps the encoder look at other words in the input sentence as it encodes

a specific word)

» The output of the self-attention layer are fed to a feed-forward neural

network

* The exact same feed-forward network is independently applied to each

iti ENCODER 1
position f( {\
Feed Forward Neural Network
\_ J
s : N\
Self-Attention
\k " )/

Transformers Intuition

» The decoder has both those layers, but between them is an
attention layer that helps the decoder focus on relevant parts of

the input sentence

DECODER
f/_-_ t
( Feed Forward
ENCODER A |
1 £y
[ Feed Forward J ( Encoder-Decoder Attention
3 ry
|
( Self-Attention J [ Self-Attention

t

1




Transformer Details: Input Embeddings

o Output
* 1. Input Embeddings Probabilties
2|
Feed
Forward
[ J
———— ) | S~
(L Addior ) Mult-Head
Feed Attention
Forward D) Nx
| —
M
Add & Norm MaEred
Multi-Head Multi-Head
Attention Attention
A 73 | U T )

@& J v,
Positional o) @ Positional
Encoding Encoding

Input Output
Embedding Embedding
Inputs Outputs
(shifted right)

Transformer Details: Input Embeddings

* Let's begin by turning each input word into a vector using
an embedding algorithm

3 [ ] [ [T T] xx [T T T f

Je suis étudiant b

Each word is embedded into a vector of size 512. We'll represent those vectors with these simple boxes.

« The embedding only happens in the bottom-most encoder

» The abstraction that is common to all the encoders is that they receive

a list of vectors each of the size 512

* In the bottom encoder that would be the word embeddings, but

in other encoders, it would be the output of the encoder that is
directly below

+ The size of this list is a hyperparameter we can set — basically it

would be the length of the longest sentence in our training




Transformer Details: Positional Encoding

Output

« 2. Positional Encoding Probabilties
f"
2|
Feed
Forward
(Ada &_ Norm |<_:
(L Addior ) Mult-Head
Feed Attention
Forward D) Nx
| —
Nx
"’@@ Masked
Multi-Head Multi-Head
Attention Attention
At At
S J v,
Positional ) & Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)

Transformer Details: Positional Encoding

* Positional encoding
« A way to account for the order of the words in the input sequence
A vector added to each input embedding 0

+ Provides meaningful distances between the embedding vectors
once they are projected into Q/K/V vectors and during dot-

product attention

ONA

ENCODING

« LT 1] [ [ T 1] xs [T T 1]

EMBEDDINGS

Je suis etudiant

A real example of positional encoding with a toy embedding size of 4




Transformer Details: Positional Encoding

» Two properties that a good positional encoding scheme shoul
have

* The norm of encoding vector is the same for all positions

* The further the two positions, the larger the distance
PE(pos,Zi) — Sin(pOS/]_OOOOzi/dmodel)
PE(pos,2i—|—1) = COS(pOS/].OOOOz":/dmodeLJ

Transformer Details: Positional Encoding

* A Simple Example (n = 10, dim = 10)

+ Distances between two positional encoding vectors

X3 3.067 | 3.256
X4 2110 | 2.746

3.067
3.256

2.110

274

3.118
2.429




* Multi-Head Attention

* Residual connection & Normalization

Transformer Details: Self-Attention

Output
Probabilities

Add & Norm
Feed
Forward
| Add & Norm :
~Ladd &horm ) Multi-Head
Feed Attention
Forward T 7 Nx
—
N
Add & Norm Moskod
Multi-Head Multi-Head
Attention Attention
/Y 3 LY }
| J \ —_—
Positional | Positional
Encodi 4 @ [
ncoding Encoding
Input Output
Embedding Embedding
Inputs Qutputs
(shifted right)

becomes possible)

two layers of the encoder

Transformer Details: Self-Attention

 After embedding the words, each of them flows through each of the

* Word in each position flows through its own path in the encoder
+ There are dependencies between these paths in the self-attention layer

+ The feed-forward layer does not have those dependencies (parallelization

/ ENCODER T T t \\
[ Feed Forward ]
1 t
I & ]
t t
Self-Attention J
; —
x: [T x; S]]

étudiant




Transformer Details: Self-Attention

* Encoding procedure

» An encoder receives a list of vectors as input

* It processes this list by passing these vectors into a ‘self-attention’ layer,
then into a feed-forward neural network, then sends out the output
upwards to the next encoder

ENCODER #2 k\ ,Q
1 1
v [T o ] i |
4 r'y
ENCODER#1  / ,— -
Feed Forward Feed Forward
Neural Network MNeural Network
z, (il il 2, S|
t t
Self-Attention
" T f
« [ % I
Thinking Machines

Transformer Details: Self-Attention

+ Self-Attention at a High Level

* Input sentence to translate:

The animal didn't cross the street because it was too tired

* What does "it" refer to? street or animal?
+ Simple question to a human but not as simple to an algorithm

+ Self attention allows it to look at other positions in the input sequence for

clues that can help lead to a better encoding for this word

+ Self-attention is the method the Transformer uses to bake the
“understanding” of other relevant words into the one we're currently

processing




Transformer Details: Self-Attention

+ Self-Attention example

Layer: | 5 4| Attention:| Input - Input 4

The_ The_
animal_ animal_
didn_ didn_

) & T2
Cross_ Cross_
the_ the_
street_ street_
because_ \ because_
it N
was_ was_
too_ too_
tire tire
d d

https://colab.research.google.com/github/tensorflow/tensor2tensor/blob/master/tens
or2tensor/notebooks/hello_t2t.ipynb#scrollTo=0JKU36QAfqOC

Transformer Details: Self-Attention

+ Step 1: Create three vectors from each of the encoder’s input

vectors

* Query: The query is a representation of the current word used to score
against all the other words (using their keys). We only care about the

query of the token we're currently processing.

+ Key: Key vectors are like labels for all the words in the segment. They're

what we match against in our search for relevant words.

+ Value: Value vectors are actual word representations, once we've scored

how relevant each word is, these are the values we add up to represent

the current word. s [T
) .E_]:El':l valoo #3 \l
- Query #9 ey« [T |  vahe 2 | A
“A robot must obey the orders given it - .12
by human beings” v D g

10qos

_) %
y |
5

- 10 -




Transformer Details: Self-Attention

+ Step 1: Create three vectors from each of the encoder’s input

vectors

+ These vectors (Q/K/V) are created by multiplying the embedding by three

matrices (WS, WX, WY) that we trained during the training process

Input Thinking Machines
Embedding T T T L T T T
Queries o+ T a7 wa

A

«[ T [T B wx

|

vi T vo[ TT] wv

Transformer Details: Self-Attention

+ Step 1: Create three vectors from each of the encoder’s input

vectors
* Note) These new vectors are smaller in dimension that the embedding
vector
* Q K, and V are 64-dim. while embedding and encoder input/output
vectors are 512-dim.

* They do not have to be smaller but it is an architecture choice to make the

computation of multi-headed attention (mostly) constant

-11 -



Transformer Details: Self-Attention

+ Step 2: Calculate self-attention to get a score

* We need to score each word of the input sentence against this word ("it")

» The score determines how much focus to place on other parts of the input sentence

as we encode a word at a certain position
» Multiplying the query vector by each key vector produces a score for each folder

* (technically: dot product followed by softmax)

1shw

10qou

“A robot must obey the orders given it
by human beings”

Transformer Details: Self-Attention

+ Step 2: Calculate self-attention to get a score

« The score is calculated by taking the dot product of the query vector with the key

vector of the respective word we are scoring

Input Thinking Machines
Embedding x; I x2 [
Queries a1 D:D qz I:\jj
Keys ki [T ke [TT1T]
Values V1 D:D V2 Djj
Score gie ki=112 g1 k2 =96

-12 -



Transformer Details: Self-Attention

+ Step 3: Divide the score by,/q, (= 8 in the original paper since d, =

* This leads to having more stable gradients

 Step 4: Pass the result through a softmax operation

* The softmax score determines how much each word will be expressed at this

position

Input

Embedding
Queries

Keys

Values

Score

Divide by 8 ( /dy )

Softmax

Thinking

Machines

[T T 17
L
ke (IR
v. [

qi e ko =96

Transformer Details: Self-Attention

+ Step 5: Multiply each value vector

by the softmax score

* to keep intact the values of the

words we want to focus on

e drown-out irrelevant words

+ Step 6: Sum up the weighted value

vector which produces the output Pvideby8(vic)

of the self-attention layer at this

position

Input

Embedding

Queries

Keys

Values

Score

Softmax

Softmax
X
Value

Sum

Thinking
xi T 1]
q [
« [
vi [
q,ok|= 12

14
v [
z [EEE

Machines
x: [T 1T 1]
q: [EIEE
o DEE
v: [N
q1 ® k2 = 9¢

0.1

V2
2 [HIEIN
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Transformer Details: Self-Attention

+ Step 5: Multiply each value vector by the softmax score

+ Step 6: Sum up the weighted value vector which produces the

output of the self- attention layer at this position

Word . Value vector Score . Value X Score
<s> ' | 0.001 '
a | | 03 R = = =
robot 0.5 i)
0.002
0.001
0.0003
' 0.005
0.002
(11 0.19 111
Sum: -

Transformer Details: Self-Attention

« Matrix calculation of self-attention

X wea Q Q
|1
| x —
'" softmax(
Vi
K
\'J

-14 -



Self-Attention -

« Another illustration of Self-Attention

&

Transformer Details: Self-Attention

F 3

&

1) For each input token, create a query vector, a key vector, and a
value vector by multiplying by weight Matrices W@, W« WV

7

\

Self-Attention

* Another illustration of Self-Attention

Transformer Details: Self-Attention

2) Multiply (dot product) the current query vector, by all the key
vectors, to get a score of how well they match

.
.

k:gﬂm

-
-
-
-
-
-
-
-

(" )
score 20% 10% 50% 20%
“ R " EINI gt i
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Transformer Details: Self-Attention

« Another illustration of Self-Attention

3) Multiply the value vectors by the scores, then sum up

Self-Attention
( 2 )

+

sum

Transformer Details: Self-Attention

* Another illustration of Self-Attention

» Do the same operation for each path to end up with a vector representing

each token containing appropriate context of that token

Self-Attention -

L

r Z z; 23 Z4 N
I 1 1 1
3) Sum
2) Score

1) Create q, k, v

QR 31 i i x. DN xS x.

- 16 -



Transformer Details: Multi-headed-Atten

« Multi-headed attention

* Expand the model’s ability to focus on different positions

X
Thinking [REllEE
Machines [ ||
Calculating attention separately in
eight different attention heads
v
ATTENTION ATTENTION ATTENTION
HEAD #0 HEAD #1 HEAD #7

Transformer Details: Multi-headed-Atten

« Multi-headed attention

+ Attention heads are concatenated and multiplied by an additional weight

matrix to be used as an input of feed-forward neural network

1) Concatenate all the attention heads 2) Multiply with a weight
matrix W' that was trained
jointly with the model

] X

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

-17 -



Transformer Details: Multi-headed-Atten

« Multi-headed attention

1) This is our 2) We embed 3) Split into 8 heads. 4) Calculate attention  5) Concatenate the resulting = matrices,

input sentence* each word* We multiply X or using the resulting then multiply with weight matrix /" to
® with weight matrices ~ Q/K/V matrices produce the output of the layer
X W,@
Thinking ‘ " »_;YVOK v Qo
Machines [ 0 == Ko
Vo
L
W@
* In all encoders other than #0, : ﬁW1 K Q1
we don’t need embedding. W,V ==Y
We start directly with the output | Vi EE
of the encoder right below this one i
R e e ey
wW-Q
WK
w7V ‘
I ]
i [

Transformer Details: Multi-headed-Atten

« Multi-headed attention

Attention with two heads Attention with eight heads
Layer:| 5 4| Attention: Input - Input 3 Layer:| 5 §|Attention:| Input - Input %
. The. The_ The_
‘ animal_ animal_ animal_
didn_ didn_ didn_
t t =
cross_ Cross_
the_ the_
street_ street_
because_ because_
it it_
was_ was_
too_ too_
tire tire
d_ d_

- 18 -



« Residual connection

ENCODER #1

A A
(,o( Add & Normalize }
: - [
: ( Feed Forward } < Feed Forward )
et | SETTTTrE PP PP TT T 0
Add & Normalize )
E 4 4
4 C Self-Attention )
Q -------- L et 4 )
"Bl @ ®
« 1T x T
Thinking Machines

ENCODER #1

Transformer Details: Residual Connectio

» Each sub-layer (self-attention, FFNN) in each encoder has a residual

connection around it followed by a layer-normalization step

4 __Add & Normalize

4

X
0[ LayerNorm( B}E + BHEE)

]

B
o

Self-Attention

Mesas

POSITIONAL
ENCODING

x CIEEE
Thinking

é

Po i I
Machines

« Residual connection

Add & Normalize

’
- & 3
;‘ E Feed Forward Feed Forward
a Su
S n Add & Normalize
=l [ ) )
E ( Self-Attention
Q ........ fesssssessie iy ¥

\ﬂ -

= !

)
)

I
; l
P : Feed Fonlvard Feed Forward
uDJ ----------------------------
[=}
= Add & Normalize
= : 4 [}
.
A ( Self-Attention
Q ........ ey e, A
Pencoonc @ ®
[T 1] [T 11
Thinking Machines

» Ex: 2 stacked encoders and decoders

Transformer Details: Residual Connectio

 This goes for the sub-layers of the decoder as well

Softmax

)

Linear

4
DECODER #2

>

Add & Normalize

D)

Add & Normalize

)|

L [

Encoder-Decoder Attention

) |

.......

XL SETT T T T T E T T T T T T T T )

Add & Normalize

) \

A

Self-Attention

.......
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Transformer Details: Feed Forward

Output
* Position-wise Feed-Forward Networks Probabiities

f
b
b
Forward
|
- | ~ [ Add & Norm e~
Add & Norm Multi-Hoad
Feed Attention
Forward T 7 N
- |
Nix

Add & Norm e

Multi-Head Multi-Head

Attention Attention

At ) AESRgE—
a— J \ —
Positional L Positional
Encodi 7] @ -
ncoding Encoding

Input Output

Embedding Embedding

Inputs Qutputs

(shifted right)

Transformer Details: Feed Forward

« Position-wise Feed-Forward Networks

4
 Fully connected feed-forward network (@
: o : [ )
* Applied to each position separately and i ((reedforward ) ([ FeedForward )
identically B
A Add & Normalize A
X
FFN(:]:) = max(O, $W1 -+ b])WQ + b2 é .,->£ LayerNorm( EEBH + EBEE‘) ]
8|1 =z 7y
Z|
« The linear transformations are the same i ( cidca )
across different positions posTIONAL <> <>
ENCODING (4 +

x; FEEE 2 8

+ They use different parameters from layer to S s

layer

-20 -



Transformer Details: Feed Forward

» Position-wise Feed-Forward Networks

L] >12 dim. LT J[
hWs + by hWa + ba
L) 2048dm CTTTTTTTTTTTITITITIT]
max (0, zW7 + by) max (0, zW7 + by)
L] 512 dim. [(TTTTTTT1]

P2 9]

Transformer Details: Masked Multi-Head Atten

Output
Probabilities

* Masked Multi-head Attention

[ Add & Norm ] 4
Feed 3
Forward
| Add & Norm :
Add & Norm Mult-Head
Feed Attention
Forward T} 7 Nx
_—— 7
Nix (Add & Norm Je~,
Add & Norm Masked
Multi-Head Multi-Head
Attention Attention
At At 2
\ ~ J \_ ‘J
Positional L Positional
Encodin D & [
ing Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)
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Transformer Details: Masked Multi-Head Atten

¢ Masked Multi-head Attention

+ Self attention layers in the decoder is only allowed to attend to earlier
positions in the output sequence, which is done by masking future
positions (setting them to —inf) before the softmax step in the self

attention calculation.

Input Thinking Machines Input Thinking Machines
Embedding x I X2 Embedding x+ [ imnfie] x: [ T[]
Queries a Q Queries ar Q
Keys LI | k: [N Keys
Values Vi D:]:I V2 D:D Values
Score qie ki=112 qre ke =96 Score
Divide by 8 ( vds ) 4 12 Divide by 8 ( vds )
0.12 Softmax
Softmax
V2 X
Value
z2 D:Ij Sum z [:D:] 2 ED:]

Transformer Details: Masked Multi-Head Atten

Masked Self-Attention .
( “\
20% 80% 0% 0%

softmax
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Transformer Details: Masked Multi-Head Atten

¢ Masked Multi-head Attention

Scores
Keys (before softmax)
Q i robot must obey orders .11 0.8@ @.81 | 0.79
uerlies T . .
robot must obey orders 8.19 8.50  0.30 0.48

robot must obey orders X [ [ [ =

robot must obey orders 8.53 @.98 | 0.95 0.14

robot must obey orders 0.81 8.86 9.38 9.90
Scores Masked Scores
(before softmax) (before softmax)
. 8.11 | B.00 @8.81 a.79 Apply Attention 8.11 =inf =inf . =inf
0.19  0.50  0.30  0.48 Mask 0.19  0.50  -inf  —inf
. B.53 . 8.98 B.95 0.14 .53 @.98 8.95 . -inf
9.81 9.86 9.38 9.90 8.81 @.86 9.38 9.9@
Masked Scores
Scores
(before softmax)
-inf | -inf | -inf 1 ) ) )
= M =N Softmax
0.50 -inf  —inf (along rows) 0.48  0.52 [} )
0.98 0.95 -inf 0.31 0.35 0.34 [’}
0.86 0.38 0.90 0.25 0.26 0.23 0.26

Transformer Details: Encoder-Decoder Multi-Head Atten

Qutput
Probabilities

» Multi-Head Attention with Encoder Outputs

~LAdd &Nom } Multi-Head
FFeea Attention
= e 5| | R
N I Add & Norm i-\
Add & Norm Niacked
Multi-Head Multi-Head
Attention Attention
At t
Ve J >,
Positio_nal o @ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)
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Transformer Details: Encoder-Decoder Multi-Head Atten

e The Decoder Side

Decoding time s:ep;®2 3456 OUTPUT

A ™

( Linear + Softmax )

[ ENCODER J [ DECODER J

4 . T

[ ENCODER ] . ( DECODER ]

b _/
Eh\;‘\:;g?'::{é EEEE ElEEE EEEE

SIGNAL

EMBEDDINGS [(IIE EEEE EEES
INPUT Je suis étudiant

Transformer Details: Encoder-Decoder Multi-Head Atten

* The Decoder Side

Decoding time step: 1@3 456 QUTPUT |
3 5
GEAD K ec (___ uinear+Softmax )
T R I
B sisls
{ ENCODERS J L [ DECODERS ]
. >
% % ) 4
EDDIN
EN\:I\:THDHME EEEE EEE EEEE O
SIGNAL
EMBEDDINGS [N FEEE ©EEEm i i
suis  étudiant PREVIOUS |
IRPUE Je QUTPUTS
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Transformer Details: Final Layer

» The Final Linear and Softmax Layer

Output
Probabilities

ki
Add & Norm L
L
Forward
Add & Norm
Add & Norm Mult-Head
Feed Attention
Forward T 7 Nx
—
N
Add & Norm Moskod
Multi-Head Multi-Head
Attention Attention
|V = AT
— J . ~/
Positional | Positional
Encodi D @ ;
ncoding Encoding
Input Output
Embedding Embedding
Inputs Qutputs
(shifted right)

Transformer Details: Final Layer

» The Final Linear and Softmax Layer

Linear layer: a simple fully connected neural network that projects the vecto

produced by the stack of decoders into a much larger vector called a logits vect

fi
. 0. |
Softmax layer: turns those scores into probability 2
The cell with the highest probability is chosen, the word associated with it is
produced as the output of this time step
Which word in our vocabulary —
is associated with this index?
Get the index of the cell
with the highest value g
(argmax)
log_probs
012345 - vocab_size
4
( Softmax )
ry
logits (NN
912345 - vocab_size
+
( Linear )
4
Decoder stack output I o )
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Transformer-based
Pretrained Language Models

GPT: Generative Pre-Training of a Language M

* The Decoder-Only Block

QOutput
Probabilties ~ cconen

Feod Forward Neural Network

C
i

DECODER

/U

Feed Forward Neural Network

Masked Self-Attention

L/ /)

T
its
Feed t
Forward Nx s
5
Multi-Head
Attention i 2
Self-Attention Masked Self-Attention
e
. L— ) 4 4
L Positional ® @ Positional [ L j [ l J
| S Encoding Encoding e
£ ni oulput ‘_A‘..,A-' l"v.'_‘ -'_'.,..,- -=I
i Embedding et O T T e S s e A
Qutputs
(shifted right)
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BERT: Bidirectional Encoder Representations from Tran

¥
F

i
[

ENCODER

* The Encoder Only Block

12 | ENcoDER AUSerE

ENCODER

.

.

.
w

Predict likelihood 1% | iaNext

that sentence B 2 | ENCODER I 2 ( ENCODER ]
lon r
be gs afte 89%  MotMext
sentence A 1 I ENCODER I 1 [ ENCODER ]
[ FFNN + Softmax ] BERTpase BERTsnrce
r
2 3 4 5 ! 7 g TR 5121’

® @

BERT

|

Tokenized T T T T T T T T see "'T

fnput [cLs) the man [MASK] to the store  [SEP]

Input [CLS] the man [MASK] to the store [SEF] penguin [MASK] are flightless birds [SEP]

Sentence A Sentence B

Major Large Language Model Timeline
/_G TS C5 GShard Publicly Available
2019 — 520 i o G mT5 ﬁ PanGu-& .!‘: Ernie 3.0
o @ Vd T4 #7 PLUG ﬁ Jurassic-1
cotex G—— 288 coma
~ G ran
™ ) 9-10 s 5 Lampa
uan 1.
Axthreple HyperCLOVA 55" \ 3 o AlphaCode
WebGPT s “"‘~
Ernie 3.0 nunoé’!’: InstructGPT @ 2022 / S Pythh
Gophero CodeGen e ——— 1‘_3 G w o R s Vieuna
cLav 5 MENLG B8 opr 00 G ram G AanTs % PanGu-x
HUAWE

GPT-NeoX-20B @_ / 0 YaLM G‘ Flan-PaLM G Bard
& Instru ~h )\( Luminous o
Tk- ot Ai2 \ / A o ERNIE Bot

1112 ~— |
2023 —— 1-4 —>

|
ChatGPT @ GPT-4 @

https://brunch.co.kr/@brunchgpjz/49
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Evolutional Tree of LLM

LM LLaMA-2-Chat | Cace )8
Evoluti Ea:za — e = |am
Tree -
@ o
. e it emme i)
Bs a1

[A]

®
g

GEL)
ALBER =h . frodo WS, -
itsjn ) XiNet[c) =
| B8 GPT-2.5 g
%‘\qg ™
y ”
i GPT-1[&] os
)
o
~

FastText e
‘WordZVec BOpen DCiored

Transformers in Biomedical Domain

 BioBERT (Bioinformatics, 2019), BioGPT (Briefings in Bioinformatics,
2022)

Pre-training of BioBERT Fine-tuning of BioBERT
Pre-training Corpora BioBERT Pre-training Task-Specific Datasets BioBERT Fine-tuning
% N\ (7 w
Pubmed 4.58 words Named Entity Recognition the adult renal failure cause ..
NCBI disease, BC2GM, ... PO O B | O ..
PMC 1358 words ~ — —
. b Variantsin the @GENES region |
Weight Initialization Relation Extraction contribute to @DISEASES suscepibifty
EU-ADR, ChemProt, .. > Te
S S
BERT ) ot S
= . .
& X - Question Answering What does mTOR stands for?
2D romomian ’IJ Frenaied ::::E_m with [ 8i6ASQ 55, BioASQ6b, . » mammalian target of rapamycin
< PR A 2 R -~/

Fig. 1. Overview of the pre-training and fine-tuning of BioBERT

=t trainining
===% inference [the relation between A and B is R.]

source | prompt | target | [_source | prompt |

[text] [we can conclude that] [the interaction between A and Bis R.] [text] [we can conclude that]
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Transformers in Biomedical Domain

* MolGPT (JCIM 2021), ChemBERTa (NeurlPS 2020)

[ MolGPT ]

Decoder Block
A

Fead Formard Neural Network :

Masked Self Attention

[ conamen | [cl o[ e[ . ||

G G =T —> Segment Token

[1] 2] 3] 4] s[ .. [ 54 ] —» Position Token

Transformers in Biomedical Domain

* ProteinBERT (Bioinformatics, 2022), RGN2 (Nature Biotechnology, 202

AminoBERT language madel

3 - —
vicrlosBAG . Predicted
= lﬂl ranatcarars g structures
UniPare | ({ACPRLVDSQAG %
databise
il I T N\
=Y | A
v p: S 3z )
" | E
AmiroSE |
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MolTrans: Molecular Interaction
Transformer for drug-target interaction
prediction

Kexin Huang, Cao Xiao, Lucas M Glass, Jimeng Sun

Bioinformatics (2021)

Introduction

> Motivation
o MOFUHEE 71 P V|7t O 22 GT H|E A R2 Hd3ES 2
« in-silicoO| M Drug Target Interaction(DTI) | F-2 b= A THATEX| Q| A|ZHA, H|EH

= AL o
ADE I BUE 4+ AL

o Challenges
- 7|E g0 = T Aol WA Xt LRI o5 28 E
-> O substructure?t DTIO| £0{5t=X| s§AI5t7| 0242
« DTIOf| Ci 3t unlabeled biomedical datat 3H&0 285X &S
-> Interaction?| 7t5°40| U= substructure?t FA| &

o Contribution

44

st
OF
ot

o %E 1} CHEIO| sybstructure?t interaction2 & %= Q= Transformer 7|t

DTl prediction 22 H|A|

« Interaction®| 7t5-40| U= substructurel| =& Z[CH2}5L7| {8t substructure mining
718 MAl
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Overview of the MolTrans

Usage of Vast Drug & Target Sub
......... . "f‘;."'f‘f?'."._--_-_-__' __ISmuctiee; Decomposition  Module Module
: B T e N N
i S L ., [ R T s (@) S |
! Litorature ChEMBLE & 1 T :_):w.& I— ===
' R poi ol i H
E Pub@hem ~2M Compounds | ! e }—>I:l-_; o —
: sty 1| pesudoenesee | '___:_’[%' =
@ D UnProts 1T g ) Ca
: [} | & s s
! ~ 500K Targets ' : ‘1 : | ‘::" }::=_'; L
' Vo o i 1 — s e |
= ¥ ool | | wowal—> SO E= O
3 1| Aipha2A receptor | H| : 3
- @RUGBANK; | smeamse 1 ™12 1 | ¢ | = -
' BIOSNAP ~15138DTIs | | OTEAPGGCARATRVEL | | U0 = ==
:%D B] v 74 [t R 1 T B .
T S e C, EP BP FLATTEN
> Notations

Compound sequence S = {Sy, ..., Sy} (n : drugs)

S; : drug representation by the SMILES
e.g. CC(=0)OCT1=CC=CC=C1C(=0)0C2=CC=CC(=C2)CO[N+](=0)[O-]
Protein sequence A = {4, ..., A} (m : proteins)

A; : protein representation by a sequence of protein tokens
e.g. MNLLCCCCCSNMAPNQRVTRKWELFAGRNK...

> Problem definition
. Binary classification task F : & x A — [0, 1]

Methods (1) - Tokenization

o Frequent Consecutive Sub-sequence (FCS) mining for Substructure

Decomposition
> Frequent Consecutive Sub-sequence (FCS)
mining: To extract high-quality sub-structures of

Literature ChEMBLE .} N drugs and proteins from millions of drugs and
Pub@hem - 2M Compounds .

@. > Uniprd;{;:i

~ 500K Targets

proteins sequences

o Drug, proteing substructure2 &5

@RUGBANK

BIOSNAP ~ 15138 DTIs

o ChEMBL, UniProt0l| S& & HIO|EHHZFH BT}

=2 substructure vocab 7+

L]
ave L ]
o® 90e, ey

ChEMBL:# ¢  UniProt .:
oe

~2M SMILES strings ~500K target sequence
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Methods (1) - Tokenization

> Frequent Consecutive Sub-sequence (FCS) mining for Substructure

L CC(=0)0C1 ]
=CC=CC ’.'_ﬂ
=C1

Decomposition

ChEMBLE i

PubChem -ZMCMij:ds ! ;5 = \n/° b - g(:C(é)SCCC
@ > v ° N
o0 O[N+](=0)[O-]

~ 500K Targets

Nitroaspirin
CC(=0)0C1=CC=CC=C1C(=0)0C2

i =CC=CC(=C2)CO[N+](=0)[O-]

BIOSNAP ~ 15138 DTIs

| P

Cq/Cp = {Cy, ..., Cpy} : drug/protein8| substructure sequence

Methods (2) - Transformer Encoder

> Augmented Transformer Embedding Module

Drug & Target Sub-structure | Embedding  Transformer

Structure 5 Decomposition| Module Module
——————— |
: o ) :/“‘ B S S —
" L L 120
| oy : 51 uo,k:uk‘ | -> ® >
| { .8 : |
: | : QO | |:|:>> O>C=—
[l e o E
[ | C

£

: R e e —
| sl | 1T BEEESMEES
iy B :-»,m:m: =0l =
| Jpha2A mceptor : H
o A g ST et
| e iioomen |y v | > D>
(RO, S C, EP EP

o To capture relations among each sub-structure in the input, leverage
Transformer’s self-attention mechanism. The resulting sub-structural embedding
: ~is better because it is contextual by taking account into the complex chemical

elationships among the neighboring sub-structures.
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Methods (2) - Transformer Encoder

> Augmented Transformer Embedding Module

* Cp, Cq & 5 Matrix MP € {0,1}**®» / M? € {0,1}}*% 2 Het 3
* k,1:drug / protein0 CH} substructure| A 37| (= Vocabulary set V 37() ﬁ:‘:
* 0,04 : drug / proteinOfl T} substructure sequence?| Z|CH Z 0| (=max sentence length)

« MP,M} : protein / drug sequence®| i, /M substructure Ol CHet index (one-hot vector)

* Efone, = WhneM{  Edont; = WeoneMJ" : content embedding for protein / drug
* Epos, = Wiosl} | Efos; = Wb - positional embedding for protein / drug

- I € R%, I € R% : single one-hot vector (i /j HM position = 1)

« EVY =E} . + EY

d_ pd d
cont; pos; ' Ej - Econtj"' E

pos;

E? = Transformerp,oein (EP) , E4 = Transformerp,,z(E%)

o Interaction Module — pairwise interaction
Embedding Transformer Interaction

Module Module Module
-> | | = ()=~ [ eeesssssesssse——
>C—1-
> ->|
>~
>~

Ed
>C—1->
) —
>C 1>
>
>——>
>CCd->80-> ] e——— e e e

EP FLATTEN

— ~ Each position corresponds to an interaction intensity
Ii,j = F(Ef, E;i) between a drug and a target sub-structure

o Motivated by the fact that DTl happens in sub-structural level
o Z} substructure i,j 4 0f CH2t interaction 78
o Ij; = F(EY, E‘f) - protein, drug®| Zt substructure i,j Ol L3l function F &-&

o Function F is can be any function as sum, average, dot product
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Methods (3) - CNN

o Interaction Module — neighborhood interaction

Drug & Target  Sub.structure Embedding  Transformer Interaction
Structure Decomposition Module

I
I
I
I
I
I
I
|
I
I
L

v "
T SRR EP Bp FLATTEN

> 0 =CNN(I)

o Nearby sub-structure of proteins and drugs also influence each other in

triggering the interactions

- substructure®| neighborhood interaction £t

Methods (4) - Decoder

o Interaction Prediction Module

Drug & Target Sub-structure  Embedding  Transformer Interaction
_ St o DIOCROSNIGN. " Mok Module Module
: W :/i"' :—» BT T T T T T T e e
| 11 L 1= B0
! = =
-> =] H
| (. :
I |10 > e=|0 O
| pseudoophedrine | | —> - O
| coeictscescescrome et E‘:l D
| C

| s | d
! £ | el l—s >
i »@{; e -

3 » AN AG | —> ->
T B —— b ooo

m g!" -
| masLapoaaNASWN : | : :
| GTEAPGGGARATPYSL (I o o 2
| - I A e B R o)
(PR SRS C, EP FLATTEN

o By flattening the CNN output, generate an embedding for the DTI pair
> The embedding is fed into a decoder for prediction
o P=a(WoFLATTEN(O) + by)) : interaction probability

oss = Ylog(P) + (1 —Y)log(1 —P)
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Method ROC-AUC PR-AUC Sensitivity Specificity Threshold

Dataset 1: BIOSNAP

Res u Its ( 1 ) LR 0.846 -+ 0.004 0.850 £ 0.011 0.755 4+ 0.039  0.800+£0.018 0434

DNN 0.849 £ 0.003  0.855 £ 0.010  0.776 £ 0.040 0838 +0.024 0499
GNN-CP/ 0.879£0.007 08900004 0.780+0.014 0819+0.012 0349
DeepDTI 0.876 = 0.005  0.876 + 0006  0.789+0.027 0.845 + 0.017 0347
DeepDTA 08760005  0.883+0.006 0781+0.015 0824+0.012 0466

DeepConv-DTI  0.883 £ 0.002 0.889 £ 0.005 0.770 £ 0.023 0.832 & 0.016 0.441

I MolTrans 0.895 £ 0.002 0,901+ 0.004 0.775 £ 0.032 0.851 £0.014 0431

Dataset 2: DAVIS

LR 0.835 0010 023240023  0.699 & 0051 084240033 0399
MolTrans has u P to 25% DHN 086450009 025840024 076440045 0860£0.038 0489
increase over best GNN-CPI 084040012 02690020 069640047 08120030 0487
pe rformin g 2017 baseline DeepDTI 0.861£0002 02310006 075140015 0853£0.012 0387
DeepDTA 0.880 =+ 0.007 0.302 £ 0.044 0.764 £ 0.045 0.865 =+ 0.020 0.482

DeepConv-DTI 0,884 + 0,008 0.299 + 0.030 0.754 £ 0.040 0.880 +£0.024 0438

I MolTrans 0.907 + 0.002 0.404 + 0.016 0.800+ 0.022 0.876 + 0.013 0.447

Dataset 3 BindingDB

LR 0.887 £0.002  0.557+0.015 0.741+0013 0896+0.011 0394
DNN 0.908£0.003  0.613+0015 0.769 +0.028 0814+0.021 0371
GNN-CP| 0.900£0.004 057840015 075440015 000340011 0406
DeepDT! 0.844 £ 0,002 042940005  0.651 +0.024  0.895+0.023  0.060
DeepDTA 0.913 + 0.003 0.622 £ 0.012 0.780 + 0.035 0.915 + 0.016 0305

DeepConv-DTI 0,908 £ 0.004 0.611 £ 0.015 0.781 £ 0.015 0.905 & 0.013 0.318

I MolTrans 0.914£0.001 0.622+0.007 0.797 £0.006 0.806 & 0.007 0.355

Results (2)
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Protein Sub-structure

o

I = dot product(EP,E*)E T4 % interaction map valued &7 threshold = F
&= highlight

> Nitrogen oxide group [N+](O-])2F KNWVO| &= interaction valueE 7}%
AL

> Nitrogen oxide group©O| cytochrome= X = AZ0| TFHE O™ A ZAtet
(o] Xl re13

; (JW Lightbown, FL Jackson. “Inhibition of cytochrome systems of heart muscle and certain bacteria by the antagonists of

h erstreptomycm 2-alkyl-4-hydroxyquinoline N-oxides.” (1956))
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Practice
o Colab Link: https://shorturl.at/hvwGQ
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