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Sequence

Next layer
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Using CNN to replace RNN



Sequence Filters in higher layer can

consider longer sequence

Next layer /\

bl b2 b3 b*

Previous layer

Using CNN to replace RNN




b' is obtained based on the

Se‘f—Atte ntion whole input sequence.
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You can try to replace any thing that has been done by RNN



B E RT Next Sentence

BERT: Pre-training of Deep Bidirectional Transformers for
Language Understanding
2018

Jacob Devlin  Ming-Wei Chang Kenton Lee Kristina Toutanova
Google Al Language
{jacobdevlin,mingweichang, kentonl, kristout}@google.com

Prediction
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Pre-training
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Tokenization

______________________________________________________________________________________________________________________________________________

5 Text Tokens g
i tokenizer 5
N & I i SN
i best-selling music artists —> best - selling music artists
| albums sold 500,000 copies —> | albums sold 500 : 000 copies | |
technically perfect, melodically correct % technically perfect - melodic ##ally correct !
featuring a previously unheard track % featuring 3 previously un ##heard track
gruppmedlemmar 9 gr #2up ##pm ##ed ##lem ##mar
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Initial Embedding

WordPiece tokens: best (= selling music artists
-0.11 0.01 -90.01 0.06 -9.02
9.01 0.07 -0.03 0.11 0.00
Embeddmg vectors: -9.17 -9.04 0.15 0.05 -9.05
©0.13 -90.05 ©.00 0.14 0.05
-90.13 -90.11 -0.07 -9.12 -9.12
-9.09 -90.25 0.05 -0.04 0.02

_________________________________________________________________________________________________________________________________________
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Contextual Embedding

1
1
! I - | I @ |
|a| 3 S 3 S
S ® : ®
| O )L® £ s -
1
1
P
) ] f |
8] ® 3 < 3
1 e . . .
“_9‘_. ® L® ®
“
1
1
re ] I |
m M ® S 3 =
m;a_,..u ® LS S | o
| , <
| _ |6
1
@ o~
“ @ ® N w
1 - m
“ _e e_ i
| G
1
_ = &) r | m
' le| o ® P &
“ £ © ® X
) e e s
1
1
1
H _1 2_ _9 9_
\ o @ o L] o~
1 t .
“ | L® @ Le Wi
“ 3
1
m Y k-
! . : Q) ©
! e ® o
1
1
1
1
| n\
1
! O
1 . —
“ c
1
1
1
! (1))
_ u
1
1
1
“ <
! : :
" 2
1
| 3 "o ® 7
_ : & "ok
1 4 & ® e
! | ) ®
| ES
1
! [ N CaL [ ] .
8|8 3 E
I - (W] o . \
N L B - Lo @)
“
| I
! I ™ | I ™ a !
el S o
1 v . J .
] o o
“
1
1
! | -~ S il
m .W. @ ® ) )
_ C , . :
. L &) L @ ‘
1
@
| :
1
“ I 1 —m “_ c
! : o g L
| | ] _9 [ m
1
1 —
1 v
d e,_3 YL e < | D\-
'l O ® ® < ®
! e . "
“ |, ® L2 | ® s
m,
1
“ e o ! "o ®» !
bl ® ® s N 5
1
| | L@ ® , | @ ®
1
1
1

10

RIAD SONBOL - NLP COURSE



l

river bank

-

: > m
! a—» “
! X !
! ~ !
! «c—» “
! = !
“ o0 ..Aw
! © = !
“ N o “
! o !
! o “
! Q !
! e |
! o !
! o !
@
= a8
g g 23
3 : 2 3
- - e 8
% s A8 s %
- 3 33 3§
pasey | 1 -
s l——=1}
- iy




Scalar product

= Linear combination
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Enrich the input!

Input ‘ oS { my | dog ; s || cute | [Se9] || he || likes || play i seing | | [SEP) i

Token | i

Embeddings | &;':.sq E-. Eaa; | E\ Ec-.n E @ E- E ars E:u. Euw; E:s.u' ’ :

L T R T T T I + + |

Segment i

Emigesdings E, (B B |E E E & & { Es | B | B ;

- - - - - + - - + - - i

p ’ . - ’ - i

Embeddings .E_Q L E‘ | E2 i1 E3 L E'.‘_ E> E_,é & L Es_. E9 E_H.)_ |

Figure 2: BERT input representation. The input embeddings are the sum of the token embeddings, the segmenta- !




So.. What are Transformers in general!
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Probatbilities
Transformers (o)
| Linear |}
|
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transforms or changes an input FOTafd
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: . I ulti-Head
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Transformers )
| Linear |}
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Transformers

= |Learn to add context

| ate an

apple
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Transformers

= |Learn to add context

CONTEXTUALLY RICH EMBEDDINGS

L L L] *

1 )

BLACK BOX!
OF SORTS '

Attention(Q, K,V) = softmax(

| ate an apple

<eQs>
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k_ J . ——
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A set of keys (representing the indexed or stored

Atte ﬂtIO N COﬂce ptS information — i.e., all other tokens in the

, , context)
® |n the attention mechanism, we can draw
- ! , / {Key, Value store}
an analogy to Information Retrieval (IR).
{"order_100": {"items":"al", "delivery_date":"a2", bei}k
{"order_101": {"items":"bl", "delivery_date":"b2", ...%},
{Query: “Order details of order_104"} {"order_102": {"items":"c1", “"delivery_date":"c2", ...}},
{"order_103": {"items":"d1l", "delivery_date":"d2", ...%}%,
OR {"order_104": {"items":"el", "delivery_date":"e2", ...%},
{Query: “Order details ﬂf-*} {"order_105": {"items":"f1", “"delivery_date":"f2", ...3}},
{"order _106": {"items":"gl", "delivery_date":"g2", ...}%},
] 1"order_107“:-3"items”:"h1", - "delivery_date“:“h2", -...¢¢,
A query (an embeddmg vector {"order_108": {"items":"il1",, "delivery_date":"i2", ...}%},
representing what we want to find {"order_109": {"items":"j1" ,‘“dolivcrymdato“ 32, ... 33,
more abOUt . eg’ 3 SpeCIfIC token or §"oarder 11Q"- $"itome™-"kI" "deliverv date-"ko" | 3
. And a set of values (the actual content or
posnun1n1asequence) . . . .
information associated with each key).
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: A set of keys (repr o rrieve
sl Attention allows the model to dynamically re

ntext
= |n the attention mechani information (values) from the co ,
. relevant intor keys) are to
i based on how similar other tokens (key

- . lthecurrentfocus(auery).
The attention proce%wvrﬁ follows:

1. We compute the similarity between the query and each key (usually
using a dot product).

2. This gives us a set of attention scores, indicating how much focus we
should give to each position in the sequence.

3. We then apply a softmax to normalize the scores into a probability
distribution.

4. Finally, we compute a weighted sum of the values based on these

i scores to produce the attention output. i




Attention

= More formal!

[ TTTT1
Query Key Value Store Key Value
Q QKT K LN
softmax( \f{i) softmax( \/d}
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Attention

Contextually
To caIcyIate | o Of 11
attention weights for -7 embedding
input 11, you would 3
uspe querz ql ‘ f We do the
) 1,1 — a2 —+Q Q3 — 14 — & a5 — &
and all keys K o] i KN = 1 sameforl2,
y softmax /3’ etc
» @ " @ @
— * X ] [
3 t T
Q K, V, Q, K, V; QG K3 V3 Q KV Qs Ks Vs
t t t t | | t t t t t | t t t
Wqa Wi Wy Wq W Wy Wq Wy Wy Wq W, Wy, Wg Wi Wy
—t —t i;14 —t
HEEER HEEEE Illlll HEEEE HEEER
Il |z I3 |4 I.'.i
I ate an apple <eos>
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Self Attention

Query Inputs = Key Inputs = Value Inputs
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Positional Encoding

" Injects sequence order information into transformer

models.

* Added to token embeddings to help the model
understand word positions.

* Needed because transformers process tokens in parallel

and lack inherent order sensitivity.

* Can be fixed (e.g., sinusoidal — sine, cosine) or learned N

durmg training.
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Transformers

= a Transformer architecture can
be designed in three different
ways depending on the task and
objective:

= 1. Encoder-Only Transformers
= 2. Decoder-Only Transformers

= 3. Encoder-Decoder
Transformers (Seq2Seq)
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Transtormers... The l LM Era
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