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Different RNN configurations

one to one one to many many to one many to many many to many
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(a)
‘ ‘ Transforms (b) E.g. image captioning —input 1 image, outputs sequence of words
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(d)
(e)

text generation 3



Problem of vanishing gradients

Tokens from earlier in the sequence can
influence the current output
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But for plain RNNs, the influence can
reduce rapidly the further the sequence
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Understanding LSTM Networks, C. Colah Blog Post



http://colah.github.io/posts/2015-08-Understanding-LSTMs/

Why not exploding gradients?

Tokens from earlier in the sequence can
influence the current output

®—{>@
©;
®
®
®

But for plain RNNs, the influence can
reduce rapidly the further the sequence
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Understanding LSTM Networks, C. Colah Blog Post



http://colah.github.io/posts/2015-08-Understanding-LSTMs/

Long Short Term Memory (LSTM)
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The repeating module in an LSTM contains four interacting

layers.
Neural Network Pointwise Vector

Layer Operation Transfer Concatenate Copy



Long Short Term Memory (LSTM)

L o — Sigmoid, R — [0,1]
-

5 J
I | ”inp’ut gate” and New l tanh(), R - [-1,1]

@ ®new cell state outpu@

1 O — > <<

MNeural Network Pointwise Vector
Layer Operation Transfer

Concatenate Copy

Neural Network Layer:
R R Understanding LSTM Networks, C. Colah Blog Post
out, = activation(W - [hy_1,x¢] + b) lllustrated Guide to LSTM’s and GRU’s, M. Phi Blog Post



http://colah.github.io/posts/2015-08-Understanding-LSTMs/
https://towardsdatascience.com/illustrated-guide-to-lstms-and-gru-s-a-step-by-step-explanation-44e9eb85bf21
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A Brief History of Transformers
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Attention is all you need
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A Neural Probabilistic Language Model

Bengio et al, 2000 and 2003 . which o
17‘ * Build a probabilistic language
P output=Plwe = 1 context) L/ model from NNs
o — e —sve> * Feed forward network with
Optional mos compuationhere shared parameters, C, that
direct create embeddings
connections — * Predicts the probability of a
word at time £, based on the
.. .\ .- € featurevectors, C(w,) context of the last nwords
(ee - .9 (o® ... o] (o9 .. 0]
. Matix €  Can use shallow feed forward

----------------------------------------- Cisa|V] x m matrix

shared parameters
across words

or recurrent neural networks

index for w, index for w,_» index for wy_
_,_:——_'_—‘_'_'_‘—\—._\_

Figure 1: Neural architecture: f(i,wy_j,- - ,wy_nuo1) = g(i,C(w,_y). -~ .C(w;_,+1)) where g is the . .
neural network and C(i) is the i-th word feature vector. LI m Ited to CO nteXt length Ofp

w; € V words in the vocabulary

Y. Bengio, R. Ducharme, P. Vincent, and C. Jauvin, “A Neural Probabilistic Language Model,” Journal of Machine Learning Research, vol. 3, pp. 1137-- 1155, Feb. 2003. 10



Generating Sequences With Recurrent Neural

Networks

By Graves, 2014

First use of neural networks for auto-regressive models?

o Predict next element of a sequence
e Such as next character, word, etc...

Familiar mapping from raw outputs to probabilities

Pr(z,y1 = kly:)

yr

exp g}f

— =K -
> _k'—1 €XP (Ui

!

<PV 1SN

el AR LT e

-:tm-e:-tw:-zm A2-FETIE: 3T 168/ times tompo

“mtr%guliﬁ 196 11141

€1 <51

qr’{fuﬁ:ﬁbulu P

SUNor A .

Commen teredire Elnnet --&H agtm-n F o Commen toe

ctext wml:spoces preserve =The ' 'Indigence History'"' refers ta the outho
rity of any obffure albionkss as bﬂnq such as n Arom Missolsus® . [heep: JHM -]
b . 0. ukcsstarcesors? | htm]

In [[19%5)], Sitz-Rood Strous un I:h-: ins irotiocnal rodiotes rtmﬂ o5 Sguot;all
Tl;un:-ﬁl E tnnq'lc &qwt ?anm Erm harceal] with [[Midesestern Unifed
tats

'\-‘\ﬂl‘lti ﬂestmctlm L] lﬂuﬁ{h g {ﬂiuﬂltlti has g
utckly Fes eﬂ 1n ah.r krush looded woter or so 1t might be destroyed deads
st111" couse a mussile bedged horbors at last bt in 1911-2 ond save the acoura
cy in 2008, retaking [[1twbﬂwnﬂ£] Its individugle mere

Frgwn repidly im their return to the prl.'-nclt! equity Cduch ai ”{in Text' ')y for de
ath per reprissd by the [[Gronge of GersmanylGersan unbeidged mark]].

The "' 'Rebellicn’'" {""F mmd-mt"} is [['I'l.tern-'l]].. rcluted -nll.l.d'lt- older thon ol
d half M!-ter. the music, and morrow been msch sore ﬂl‘lﬁe 1 those of HH
gl I; g LoLoge tncll'h{hrq]]s wire alda kaden a8 [[Teip cladd subsarcingl 5
ante”’ at Serossim]]; CCVerra™ a5 1365Lompndosh BEZLampndash 33l 15 reloted &
o ballistic missiles. While she wiewed 1t frtl:rl-d of Hallo t-qunr.url.u'l. WO uf
Tuscany, in Efr\nnu]] from woccine homes to bguot; individuol Squot ; o'an Ea
every | sloves]] Csuch g artistual selling M foctorlos weed renamed English FRabi
t of twelve yoars.)

By the 1978 Busszion [[Iuru;liuruut]] capital city ceased by formers ond the in
tention of novigotion the T5BNS . all encoding rensylvonia Internotiongl Drgen
tsotion For Tremsition Barkinglhttiking obhers]] it i% in the westerrsost placed
limes. This type of missile coloulation mountains all grmter proof wos the [[
19981]] as older cdventures that never estoblished a self-interested cose. The n
ﬂcaﬂcrs- were Prosecutors in child ofter the other weekend and copoble function
uie

Holding may be L,plmllz largely banned severish from sforiced worhing tools and
behove lows, ol mmn the private jokes, even throwgh sissile IIC control, most
rmatobly MC':I ro relotively larger success, is not being reprinted ord wi thd
awn intd *urt]r ¢r4¢rtd cast and distributicon,

Besides these morkets (notably o son of humor).

im-n'mrs mare or enly lowed Rquot;BBlquat; to F{n‘:e o sult for htbpisSnews, bbe,
o, i L5 EBKE | o wel 19, keml | [[FR@:HZ-14]]" "
Eik; iblockquotelgt ;

me=Thi wvarioud disputed betwadn Eanc Maid ond Council Conditiondrs - Bguat Tite
misthgust: closs strecss ond anarchisssss

Internet troditions sprang eost with [[S3outhern neighborhood :-y:.ttﬂ:E gre impro
witd with Ellbntbl‘takm‘ ]2, bold hat myssiles, ite lobos 1yst¢ns.“5! ﬂl.-'b("l‘t
d former LHEMAMAS fspecker attocks Bquot (M3 Shquat;, which are sa &% 'th'! Ball
1!1: [SET 1 and most fumctional fockories.  Lskobliskesnt ings for some

of l{ﬂr! rail years as dealing with 161 or 18 959 millicn [[US0-21] and [[
ccl-.'ert oll corbonote functl.-m] s {for exomple, T@-93) higher individwals and on
migsiles, This might reed not Ence ogaindk szl [[l'ld'ﬂ} {ﬂp‘hhﬁL E"ﬂ ﬁg paint
ing degrees botmeen gilo-calfed grester valous condumptions in & o Peader
can be seen in [[colleckivist]].

== Sk alit ==



Also Generated Handwriting Sequences

Training Output

(captured via smart whiteboard)
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Seguence to Sequence Learning with Neural Networks
Sutskever et al (2014)

b

e Used LSTMs in an Encoder/Decoder
structure

* Estimate the probability of

A
~ -~ p(Vi, oo, V7' 1 %4, oo, Xxp) Where T' = T
M < S * Encoder mapped sequence to a
% BED 0 fixed size token (hidden state)
0]
> 5> * The hidden state may not encode all
the information needed by the
@ decoder
Encoder Decoder Corn'4+ &o 3 Q@Mtﬁﬂ ce reuersel.
L }—I::] —1
T T T T T T Bottleneck between Encoder

and Decoder!
Bottleneck

I. Sutskever, O. Vinyals, and Q. V. Le, “Sequence to Sequence Learning with Neural Networks,” in Advances in Neural Information

Processing Systems, Curran Associates, Inc., 2014. Link 13


https://proceedings.neurips.cc/paper/2014/hash/a14ac55a4f27472c5d894ec1c3c743d2-Abstract.html

How to avoid that bottleneck? Attention!

Motivation:

. Arbitrarily far lookback
. Temporarily focus on certain inputs,
. And adjustfocus based on output so far...

NoLiveh size Shwe limifing refonton



Attention Preview

’accord sur la zone économique

euL%laés;nﬂ@ a eté signé en aout 1992.
<end>

The agreement on the Euro
Economic Area was signed in August
1992. <end>

https://jalammar.github.io/visualizing-

neural-machine-translation-mechanics-
f- 2 -m ls-with-attention/
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Neural Machine Translation by Jointly Learning to Aligh and Translate
Bahdanau, Cho & Bengio (2014-15) A« 4 Gu:xﬁ le Crong lte g e< 8&5@( |

e Used bi-directional LSTMs

 Automatically “soft-search” parts
of input that influence the output

e Overcomes the bottleneck of a
fixed size hidden state between
encoder and decoder

* Significantly improved ability to
comprehend longer sequences

D‘y’hw% 5 J(o o v,
T@\W‘H@T\JL\ WWs on \vfif’—:%\M%

30-% ”“%U,mmur\,/ ol acht uf\?

WDFC\

16



Attention is All You Need

Vaswani et al (2017)

Decoder

Output

Probabilities

1

g B
Add & Norm J+=

Encoder Feed
Forward
' | ™\ I Add & Norm |<-,
Add & Norm Mut-Head
Feed Attention
Forward 7 7 Nx
h— =
N e Add &.Norm -
f_“;,_l Masked
Multi-Head Multi-Head
Attention Attention
1t _t
— J \, I
Positional o) a Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Qutputs
(shifted right)

convolutions

* Only attention mechanisms

and MLPs

* Parallelizable by removing
seguential hidden state
computation

* Qutperformed all previous
models

* Removed LSTMs and didn’t use

3

frven
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Any Questions?

Moving on

’? ? ’? * RNN recap
* Language model evolution

* Motivations for attention design
* Dot-product attention

* Applying attention

* Transformer architecture

* Principal transformer variations



Transformers applied to many NLP applications

* Translation

* Question answering
* Summarizing

* Generating new text

* Correcting spelling and grammar
" = Whet CLO@% A UJG'FGL. FE’;(:@/ ‘L'D?
V@Hmmkw \.7 pfblnﬁu,ms;.

TN S LN | ML I wm\ys@
70 Sukject Aoz etor

* Finding entities
* Classifying bodies of text
* Changing style etc.

19



Motivation

Design neural network to encode and process
text:

20



Motivation

Design neural network to encode and process
text:

EEE — Lot vecto,

* Create avocabulary of words (or word parts) ‘FOV" E?,OLD"’\ e FU\
* Encodeto a D-dimensional embedding vector.

 We’ll look at tokenization and embedding encoding later.
* Fornow, assume aword is a token. 21



Motivation

Design neural network to encode and process
text:

The restaurant refused to serve me a ham sandwich, because it only cooks vege-
tarian food. In the end, they just gave me two slices of bread. Their ambience was
just as good as the food and service.

D
-l BB FNEEE " BHE N EEEm - -

x N
In this example, we have a D-dimensional input vector for each of the 37 words

above--D X N.

Normally we would represent punctuation, capitalization, spaces, etc. as well.

22



Standard fully-connected layer

23



Standard fully-connected layer
h = a8+ Qx|

Problem:

token (word) vectors may be 512 or 1024 dimensional
need to process large segment of text

Hence, would require a very large number of parameters
Can’t cope with text of different lengths

Conclusion:
* We need a model where parameters don’t increase with input length

24



Motivation

Design neural network to encode-and process

e

text: ~

D

The word must “attend to” the word

25



Motivation

Design neural network to encode and process
text:

D

The word must “attend to” the word

Conclusions:

* There must be connections between the words.
* The strength of these connections will depend on the words themselves.

26



Motivation

* Need to efficiently process large strings of text

* Need to relate words across fairly long context lengths

ttention addresses these problems

Mcbo s\ o0y ‘—‘%li n Sﬁolqgm @ US  rans [fmm m?uﬁ

J“"“%Lf\ﬁ‘uﬁfli‘i DN Dm“% U\Ar
1



Any Questions?

Moving on

’? ’7 ’? * RNN recap
* Language model evolution

* Motivations for attention design
* Dot-product attention

* Applying attention

* Transformer architecture

* Principal transformer variations



Dot-Product Self-Attention

1. Shares parameters to cope with long input passages of different

lengthS Rg?e&‘k com?w%oﬁ'}nr\ ot ZDLQ@@_S/}—’E;O/H%(MQS

r QuULry me‘LT\
2. Contains connections between word representations that
depend on the words themselves

SDLW%E’, {ZDU"’\PDLVL{.EDV\S E?“P' di@pﬁfeb’klv ?CS:J‘;'DH‘

SL\W’:*'@ *’rﬁfﬁyfﬁw\ ot e \earlf\lf\g euSIEr

Ur@k\?& @C[/b{udﬁx*l"cu a\CL.

29



Dot-product self attention

v Ovpls Luvord v e ey S

J &
* Takes N inputs of size Dx1 and returns N inputs of size Dx1
e Computes N (no ReLU), forn =0, ..,N — 1.

Vn — ,B,U -+ QvXn
U':L(\uue(g pﬂ,[ﬁwjj

30



Dot-product self attention

* Takes N inputs of size Dx1 and returns N inputs of size Dx1
* Computes N (no RelLU)

— /Bfu _|_ QUXTL

* N outputs are weighted sums of these values

sa Xn E a Xn, Xm Vo,
[—C' A+ w‘f J 1
SEL - ATTention m= O\Hﬁimﬁmﬁ

+ 2N v
0 U {? A W%RJ\\*'

31



Dot-product self attention

* Takes N inputs of size Dx1 and returns N inputs of size Dx1
* Computes N (no RelLU)

Vi = ,B,U = Q’UXTL

* N outputs are weighted sums of these values Scalarseli-attention weights that

L — represent how much attention the n*"
'sa’ is the self-attention weight for the N A token should pay to the mt™ token
nth} gutput of the sequence

X1, ey XN- Sﬂﬂ, [le Coe :,XN} — Z @[Xm an,]vfrn-

m=1 al-, x,,] are non-negative and sum

* Weights depend on the inputs themselves to one

32



Attention as routing

7
o
P
=

OO0 OO0

Inputs Values  Outputs

33



Attention as routing

Sums to 1

2

Inputs Values  Outputs

H_J

Linear Transform

Here:
# of inputs, N =3

Dimension of each input, D =
4

We’ll show how to calculate the
self-attention weights shortly.

34
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Attention as routing
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WMogtly V3

L=
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Attention as routing




Attention weights

e Compute N “ “and N “ ”from input

B CLQ%LU—PC[ mu'—‘hgud‘
N IBq + qun \~ \p\\>1 €

p— /Bk- _l_ ﬂk'X’n7 L'—\ UJlli\ﬁf‘l.,"[Y S O O
e Calculate similarity and pass through softmax:

a|Xy, Xm| = softmax,, [sim|k,,q.,]]
B exp [sim|K;,qp]]
2 -1 €5 [sim[K, ]

)

37



Attention weights

e Compute N “ “and N “ ”from input

dn :/Bq+ﬂqxn
kn :/Bk _I_ﬂkxn? L
QQ\D — ]@“‘b] ::DS@

* Take and pass through softmax: = = -
Sfm;r (ovrs +y sCOVE. - wery
/ a[Xp, Xpm) = softmax,, [k, d] | 1 epur L-?zu ‘
exp [kZ qp] o0 rebu ot similaity
= oSS

— ZTNn,:l exp [kgqu] %k@f(k(mm;c: u./Eua
W 6‘3\’\* ek a2 r&&y



Dot product = measure of similarity

x"y = |x||y|cos(6)

- Angle 6 close to © - Angle 6 close to 90 - Angle 6 close to 180
- Cos(B) close to 1 - Cos(B) close to © - Cos(6) close to -1
- Similar vectors - Orthogonal vectors - Opposite vectors

A drawback of the dot product as similarity measure is the magnitude of each
vector influences the value. More rigorous to divide by magnitudes.

T

Cosine Similarity: |§||§| = cos(0)

39



Motivation

Design neural network to encode and process
text:

Conclusions:

v" We need a model where parameters don’t increase with input length, e.g.
¢ — {Bva qua /qu qu Bka Qk}

v There must be connections between the words.
v The strength of these connections will depend on the words themselves.

40



Ok, we defined queries, keys and values, but how
are they used?
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Computing Attention Weights

a)
& s dn =By + Qxn

X1
O
c
X9 ~
X3 \\
O \33 b) c) : .
AN Attention weights
N O
Dot
é]\ \§>/ prodc:Jcts Attentions ---
~ — TR
=
=
~ ]

SSSSSSS

X2—] HN ——— BEER —
rows
]

o a|X,,Xmy| = softmax,, [k%qn}
aEn

X3
Inputs a5 ki alxs X1
(?/ \\ s, %1] | /} l.. I..
a|xs, X1 u
7 =
L x, ; \
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Computing Values and Self-Attention Outputs as Sparse Matrix Ops

Values

o

Inputs  Values  Outputs Value weights Attention weights

a[x;»,, Xl]

44
This work is subject to a Creative Commons CC-BY-NC-ND license. (C) MIT Press.



From Input Vector to Input Matrix

e Store N inputvectors in matrix X @

D

Input, X
e Compute values, queries and keys:
VIX]=p38,1"+Q,X

Combine self-attentions

Sa/X] = V[X] - Softmax [K[X]TQ[X]] — V - Softmax[K” Q]

45



Scaled Dot Product Self-Attention

* To avoid the case where a large value dominates the softmaxin
Sa[X] = V - Softmax[K’ Q]

* you can scale the dot product by the square root of the dimension
of the query

ST
Sa/X| =V - Softmax If/EQ standard Aeuetioss
C i q9 ] & o oo

‘?UV{JJWFV&Q@IV d\hUit‘\Q /\\ o JL‘ @k ?cf’ M

l‘\mtlc:u —\YD Sb&l D"“%sMMt@

V\U\ﬂéuj S v umr}g i
~NOf M TR mﬁﬁn‘ﬁmdas

(o et Kron \Barneng



Put it all together inm matrlx form /u ;W;Q\D(@

e —

Self-attentio bi—jﬁﬂ r
D
Queries, N
Q :/BqlT = QqX N
]\/v N ;‘7\“‘Y
Attention,
H D Softmax [K” Q] n
Input, X Keys, Output,
K=3,1" + ;X V - Softmax [K” Q]
N
D
Values,

v=3,17 +Q,X

47



Put it all together in matrix form

Scales linearly with
sequence length, N

# attention weights scales

sequence length, N, but
independent of length D of

K'Q]

J Self-attention
quadratically with
D
Queries, T / .
Q=8,1"+Q,X v each input
N N N
Attention,
D Softmax [K” Q] n
Input, X Keys, Output,
K=03,17 + Q. X V - Softmax
N
D
Values,

vV=38,1"+Q,X

48



. . . e,
Put it all together in matrix form ___.on'y 7" e Hy

Linear N Self-attention # attention weights scales
& quadratically with
D
Can be calculated sequence length, N, but
n parallel \ Overas N independent of length D of
[Q:/BqlT+QqX ] L N each input
N N
Attention
J D [ Softmax [K” Q] ] n
\
N\
Input, Keys, Output,
[K:,Ble + QX ] V - Softmax _KTQ]
N
Linear combination of
Scales linearly with D weighted inputs where
sequence length, N \ —> weights calculated from
Values nonlinear functions

[V:ﬁv1T+QUX]
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Hypernetwork — 1 branch calculates weights
of other branch

Linear
&

Can be calculated
in parallel \

D

Queries

[Q:BqlT + QqX ]

Self-attention

Scales linearly with
sequence length, N

T Attention
D [ Softmax [K” Q] ]
N\
Input, Keys,
[K:,Bk]_T -+ QkX ]
N
D
\ Values

Non-linear
\ .
N

!

# attention weights scales
quadratically with
sequence length, N, but
independent of length D of
each input

N

[V:BU1T+QUX]

Output,
V - Softmax _KTQ]

Linear combination of
weighted inputs where
weights calculated from
nonlinear functions

50



Input, X

a

N

Queries—‘

N

D/H

.

L D/H

Keys

N

N

N

|

Attention

— D/H

Head 1\

N

Head 1 Output,

Values

Sa1 [X]

D

Concatenate
and transform,
Q.[Sa; [X]; Saz [ X]]

\ )
Y

SA outputs
are vertically
concatenated
and combined
weighted by
Q.

Multi-Head Self Attention

* Multiple self-attention heads
are usually applied in parallel

* Qgny Qgn, Lyp Weight matrices
would be P/, X D

* “allows model to jointly attend
to info from different
representation subspaces at
different positions”

* Original paper used 8 heads
* All can be executed in parallel
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A function f[x] is to a
transformation t[] if: f[t[x]] = t [f]x]]

Equivariance to Word Order [

Self-attention is equivariant to permuting word order. Just a bag of words.

But word order is important in language:

VS.
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Solution: Position Encoding

Decoder

Output
Probabilities

Encoder Feed

ldea is to somehow encode absolute or
ey i .“‘ ‘ﬁjjj-ﬁ;’;;”ﬁ relative position in the inputs

’

Feed Attention

Forward 7 7 MNx
N——
AGd & Norm Je /QYCL
) d
L

Nx
p—>| Add & Norm | VEERGE

'\Dwiﬂw\ en L@o(;my >

Multi-Head Multi-Head

Attention Attention '; A “L." AN
- - ol Lo E J_[

S S Pedtings
Positional A Positional —
- Encoding D G')@ Encoding

Input Output
Embedding Embedding

Inputs Qutputs

(shifted right)



Absolute Position encoding
0

Add some matrix, II, to the

D X N input matrix: =
N c
O
N 64
D - 11 r1==5
&
Input, X O_

Il can be pre-defined or learned 198

0 Input, n

o

0
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Absolute Position encoding

Alternatively, could be added to each
layer

Sa|X|=V- SoftmaX[KTQ]

A 4
Sa[X]| = (V + ) - Softmax|[(K + IT)* (Q + IT)]



Relative Position Encoding

Absolute position of a word is less important than relative position

between inputs /\

The panda eats shoots and leaves

AbsPos: 0O 1 2 3 4 5
RelPos:-2 -1 0 1 2 3

al Each element of the attention matrix corresponds to
N an offset between query position a and key position
b
Attention
Softmax |[K' Q] Learn a parameter 1, ;, for each offset and modify
56

Attention[a,b] in some way.



Any Questions?

Moving on

’? ’7 ’? * RNN recap
* Language model evolution

* Motivations for attention design
* Dot-product attention

* Applying attention

* Transformer architecture

* Principal transformer variations



Transformers

Decoder

Output
Probabilities

[
g ™
Add & Norm J+=
Encoder Feed
Forward
' | ™ | Add & Norm |?—:
Add & Norm Mult-Head _
Feed Attention
Forward T 7 Nx
 S—
Nix Add & Norm
,—>| Add & Norm | VEELCE
Multi-Head Muiti-Head _
Attention Attention
1t _t
 S— ./

\, J \ S
Positional o) ¢ Positional
Encoding Encoding

Input Output
Embedding Embedding
Inputs Qutputs

(shifted right)

* Multi-headed Self Attention is just
one component of the transformer
architecture
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Transformers

Decoder

Output
Probabilities

[
g ™
Add & Norm J+=
Encoder Feed
— | | | \ FOr\Nard
II ' | ™\ | Add & Norm |?—:
Add & Norm Mult-Head _
I Feed I Attention
Forward Nx
Y L ) e =2
I Add & Norm =,
'Y —>{(Add & Norm ) T
Muli-Head I| | Muiti-Hoad _
Attention Attention
T 7 || 9=
\ -~ ——

. »y \ S
Positional D ¢ Positional
Encoding Encoding

Input Output
Embedding Embedding
Inputs Qutputs

(shifted right)

* Multi-headed Self Attention is just
one component of the transformer

architecture

* Let’s look at a transformer block (or

layer) from the encoder
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Transformer Layer -- Complete

Transformer layer

R e e B e e e e e e B R R e B B R e e R e e B

Y

i Residual connection Residual connection !
N I :
D ; —&— L _—P— :
| Multi-head LayerNorm  Parallel neural LayerNorm |
Input | : i Output
! self-attention networks :

4

------------------------------------------------------------------------------------------

Transform Layer

X <+ X+ MhSa[X]

* Adds a 2-layer MLP
e Addsresidual connections around multi-head

self-attentions and the parallels MLPs X <« LayerNorm[X]
* Adds LayerNorm, which normalizes across all the Xp 4 Xp +mlp[x,]
N input samples X <+ LayerNorm[X],
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Transformer Layer -- MLP

Transformer layer

A Y
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
)

—P—

LayerNorm  Parallel neural LayerNorm

i Residual connection
N I
’
| Multi-head
Input | )
! self-attention

-----------------------------------------------------------------------------------------

Ads 2-layer MLP

Residual connection

_@_

P
L[]

networks

Same network (same weights) operates
independently on each word

Learn more complex representations and
expand model capacity

Linearp,,n =2 ReLU(.) = Linear,p,p

Output
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Transformer Layer -- LayerNorm

Transformer layer

Multi-head
Input

self-attention

Residual connection

L
—&— ~E %—@— i D
LayerNorm  Parallel neural LayerNorm i Output
networks :
T T e .

D

* Normalize across same layer
* Learned gain and offset

1
|
|
I
|
|
|

Y = z — E|z] .
v/ Var[z] + €

Calculated column-wise

) J S

D

D

# NLP Example

batch, sentence_length, embedding_dim = 20, 5, 10

embedding = torch.randn(batch, sentence_length, embedding_dim)
layer_norm = nn.LayerNorm(embedding_dim)

# Activate module
layer_norm(embedding)

https://pytorch.org/ /stable/generated/torch.nn.L
ml

rNorm.ht
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Any Questions?

Moving on

’? ? ’? * RNN recap
* Language model evolution

* Motivations for attention design
* Dot-product attention

* Applying attention

* Transformer architecture

* Principal transformer variations



3 Types of Transformer Models

— transforms text embeddings into representations that
support variety of tasks (e.g. sentiment analysis, classification)
** Model Example: BERT

— predicts the next token to continue the input text (e.g.
ChatGPT, Al assistants)

** Model Example: GPT4o0

— used in sequence-to-sequence tasks, where
one text string is converted to another (e.g. machine translation)
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Encoder Model Example: BERT (2019)

Bidirectional Encoder Representations from Transformers

* Hyperparameters
* 30,000 token vocabulary
* 1024-dimensional word embeddings
e 24x transformer layers

e 16 heads in self-attention mechanism
e 4096 hidden units in middle of MLP

* ~340 million parameters
* Pre-trained in a self-supervised manner,

* then can be adapted to task with one additional layer and fine-
tuned

J. Devlin, M.-W. Chang, K. Lee, and K. Toutanova, “BERT@f Deep Bidirectional Transformers for Language
Understanding.” arXiv, May 24, 2019. doi: 10.48550/arXiv.1810.04805.
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will be Cef ool

Encoder Pre-Training i

Word Linear + Probability of
Special <cls>token embeddings Transformer softmax masked token
used for aggregate P PN (e Sy —
<cs>—[TTTTTT I~ —C - -~
sequence i ! .
representation for The—{TTTTTTIH — : ~ )
classification '— g o sxr OFC ) —Dn +m)0
i il ~
pulled—[TTTTTT ]~ Svie OB v —~ €, -
i ! i €
into—[ T T TTTTI el ! ~ O ‘Pi’ﬁuf‘lﬂj
i ! =
@H—H—H—urj Naws O ) —mn s ut
station—TTTTTTJ- | ~O- N
L C St ®gE . 33 L/ ‘I'“?P'Lt
T =5 bﬁ: © o
X 5 G

* Asmall percentage of input embedding replaced with a generi
token

* Predict missing token from output embeddings
* Added linear layer and softmax to generate probabilities over vocabulary
* Trained on BooksCorpus (800M words) and English Wikipedia (2.5B words)
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'IL W\E)C'i l« ”5’ MDJJJ

Encoder Fine-Tuning 57 oot = 8
a) Word Probability of p) S ’]'M}G
'5‘ (v S_(b Ae oo ransformer ‘ sigmoid positive review
ffi%'f @ﬂ TIIIITT] 1] rP>9 | [ ml ———1 <cls>token
R The—- D = g
Sentiment eI o L oo oo position
AnalySiS tasted—=_ T T ] ] ] - ~ t Nore v e S—_,-' D-P
like—=[ T T T T T 1] O ~ 40+
ocks—[TTTT ] J oLkt U L ow f
b) Word Linear + Probability of
embeddings Transforr:\_e_r___ softmax entity type
I‘I‘I‘I‘I‘I‘I‘r_ """""""" - NI | N -
Za.ra—-:| HEEEE ~CO _C)_'ED:D
Named Entity works—[TTTTTTH | me— ) ~( ——{1T11]
ey at—[TTTTT1] ot - - —mEm
Recognltlon Chanel~[TTTTTTH | O ~( ——{1T11]
in—[TTTT1I]H ! w_a ! ~-CD——
(NER) | Vi ' Lo U J . D —mmm
a.o not ﬂmn Fone i:
* Extra layer(s) appended to convert outpu%vectors to

desired output format

« 3"d Example: Text span prediction -- predict start and end
location of answer to a question in passage of Wikipedia,
see https://rajpurkar.github.io/SQuUAD-explorer/
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Decoder Model Example: GPT3 (2020)
Generative Pre-trained Transformer

* One purpose: generate the next token in a sequence

* By constructing an autoregressive model

T. B. Brown et al., “Language Models are Few-Shot Learners.” arXiv, Jul. 22, 2020. doi: 10.48550/arXiv.2005.14165.
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Decoder Model Example: GPT3 (2020)
Generative Pre-trained Transformer

* One purpose: generate the next token in a sequence
* By constructing an autoregressive model

* Factors the probability of the sentence:
Pr(Learning deep learning is fun) =
Pr(Learning) X Pr(deep | learning) X
Pr(learning | Learni eep) X
Pr(lsq\ Learning deep learning) X

Pr(fun]Learning deep learning is is)

T. B. Brown et al., “Language Models are Few-Shot Learners.” arXiv, Jul. 22, 2020. doi: 10.48550/arXiv.2005.14165.
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Decoder Model Example: GPT3 (2020)
Generative Pre-trained Transformer

* One purpose: generate the next token in a sequence
* By constructing an autoregressive model

* Factors the probability of the sentence:
Pr(Learning deep learning is fun) =
Pr(Learning) X Pr(deep | learning) X
Pr(learning | Learning deep) X
Pr(is | Learning deep learning) X
Pr(fun|Learning deep learning is)

* More formally: Autoregressive model

N
Pr(ty,t,, ..., ty) = Pr(ty) 1_[ Pr(t,|ty, ty, ..., th—1)
n=2

T. B. Brown et al., “Language Models are Few-Shot Learners.” arXiv, Jul. 22, 2020. doi: 10.48550/arXiv.2005.14165.
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D nst 3ame maslei! 4

Decoder: Masked Self-Attention

Word Transformer with Linear+  Probability of e XPE" (D” lr{“}/
embeddings . masked attention softmax  target token . oL A+ +oken
<start>—{TTTTTH | 1N S QD e i i
n—{TTTTTIH | ~oH | | - D)~ ks
takes—{CTTTTTH | - ey [P I e
gredt—“DIEIIED : D~ @~ b~ —( D~ courage e
comnse—TTTTTH | -a»- N S o i e ore ba b lities
to—{TTTTTH ol -~ D)~ e ofINnex+ tokan
e —TTITTH | U e - D o wndiF\onned en
T 5 Pre dioushylar

W\Cuerbf”"@ heso . Vﬂ"&t:{ C/‘(/’pr‘e;m Pf/é:éf
* During training we want to maximize the log proba
under the autoregressive model.

* We want to make sure the model doesn’t “cheat” during training by
looking ahead at the next token.

* Hence, we mask the self attention weights corresponding to current
and rlght context to negative infinity.

Lt)
bility of the input text
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Masked Self-Attention

Mask right context self-attention weights to zero
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Masked Self-Attention m-
a) i

X1

Xo—

X3
Inputs
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Prompt

Decoder: Text Generation (Generative Al)

Word Transformer with Linear + Probability of
embeddings masked attention softmax target token
<start>—[TTTT Tl | 1] S | () ~C T
—{TTT T ~CH § ~(_ [ takes | lgnore
takes—{(TTTT T - T s D o e
groat—[ T TTTT )4 oS- OO - [ courage
—[TTTTT1H : ~OH i s D = 1 I I N
—[TTTTT1 Nent g -~
=TI ¢ J Lol U S O o i i N
____________________________________________________ 4 oo NN
=g ... 82
g_% oo
* Prompt with token string “<start> It takes great” %

* Generate next token for the sequence by
* picking most likely token
 sample from the probability distribution
* alternative top-k sampling to avoid picking from the long tail
* beam search - select the most likely sentence rather than greedily pick



Dummy’s Guide to LLM Sampling

Dummy's Guide to Modern LLM Sampling

* https://rentry.co/samplers

 Will talk about this more next
time.
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Decoder: Text Generation (Generative Al)

lgnore

Word Transformer with Linear + Probability of
embeddings masked attention softmax target token
R —— \ g - TTTmmmmmmmmmmmmSSSmSSmmmmmmmmmmmmEES :i
<start>—{TTTTT 1 | = i C
+— 1 1 1
(@) 1 I [ 1 B
c L NN NN o -~ @B E ([ I takes
o ] vl i
T takes—iITTTT1H -~ ! C eat
o ! o L (xK) [ I [ .1 ler
great—[ | [ [ [ [ |—— e Cot=P> - | VI T T 1 T courage ——_
! : : i < r L 1 1 _pp——— 1 ]
courage—i[ T[T T T ! Nens E D = i e
1 1 1 1
1 1
— [ TTI11H Nans E C -
1 1
! ! I 1
—[OTIT1- ! J to! U D e i N
| — p e 7 oo NN
23 e
o c o
S &
=
=

* Feed the output back into input
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Decoder: Text Generation (Generative Al)

Word Transformer with Linear + Probability of
embeddings masked attention softmax target token
— N 1 ¢ - — . ~)
. wstart>—{TTTTTI | - | () o QD o 0 N o ¢
Q I o |
= 1t—[TTTTTIH B ; ~(_ O [ fakes | 'gnore
o ! ] ] B
o takes—iTTTTTIH | ~O- : - 0 T eveat
1 [ N — fd I
great—i[ [ T T T T |—— . - T e o+t T 1] [T courage ——
! : : } ' 4 T 1 |
courage—:-ﬂ_l [ LT T |+ i O i | —] L |- ] Jto e
1 I 1
=  to—i ]] [ () | s ( S s A s o BV —
H 1 S J S i — P S —
let—TTTTT]- J Ltod U ~(_ [ yourself
------------ ‘\._______________________________________f' oo NN
g . 22
.8 S
S B
=
o

* Feed the output back into input
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Technical Details

Model Architecture Encoder Decoder
Embedding Size 1024 12,288
Vocabulary 30K tokens

Sequence Length 2048

# Heads 16 96

# Layers 24 96

Q,K,V dimensions 64 128

Training set size 3.3B tokens 300B+ tokens

# Parameters 340M 175B
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Encoder-Decoder Model

* Used for machine translation, which is a sequence-to-sequence
task

THE
TRANSFORMER

<
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Encoder Decoder Model

Decoder
Probabiles * The transformer layer in the decoder
of the encoder-decoder model has
tra st
N = an extra stage
) ) )| e Attends to the input of the encoder
(=) || A | — with cross attention using Keys and
,_ ’é]_ I, Values from the output of the
"lrE===| r==) encoder
) = » Shown here on original diagram from
encoding (O &~ trcoang “Attention is all you need” paper
T I
Inputs Qutputs
(shifted right)
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Encoder Decoder Model

a) Word

PRSI ——

4 A Y

<start>—~{TTTT]

1

1
The—{TTTT]

1
soup—{TTTT]

tasted—{ ] T T 1]

like—i[ T T T 1]

embeddings

T T

_________

Word

embeddings

__________

A Y

<start>—{ [T T]
1

1
la{ TTTT]
1

soupe—{TTTT]

avait— T [T

Transformer block (x K)

U™

~
~
—~ i
=0
=0
@

Transformer with masked
and cross attention (x K)

le—TTTT]
gott~TTTT]

de_{[TTTT]

o I i e il it i i

1
1
chaussettes—{ TTTT]

_________

\,

_____

______

()

ﬂ

Linear + Probability of
softmax target token

sTeApIee

« Same view per UDL book
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Cross-Attention

Ny Ny Cross-attention
D D
Decoder Queries, Ny
_ T
Input, Xy Q=0 1" + X4 N,
N, Nq
Attent[on,
D Softmax [K” Q| b
N, i
K?Fys, Output,
D K=3,1" + Q:X, V - Softmax
Nﬁ
Encoder
Input, X, Y
Values,

V=317 +Q,X,

I Keys and Values come from the last stage

of the encoder

K'QJ
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Any Questions?

’? ’? ’? * RNN recap
* Language model evolution

* Motivations for attention design
* Dot-product attention

* Applying attention

* Transformer architecture

* Principal transformer variations
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