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Upcoming deadlines + Today

* Grade Releases
* Midterm grades released. Please file regrades by March 23, 11.59 p.m.

 HW3 will be released tonight/tomorrow morning.

* Today
* Recap: Transformers Attention

e Transformers



Transtormer Architecture (Decoder-only)
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Recap: Attention in Transformer models

8. Output of self-attention a, @@Q) [1 x d]

7. Reshape to [1 x d] [d, x d]

6. Sum the weighted
value vectors

[1xd]
5. Weigh each value vector
A3 X33
4. Turn into a, ; weights via softmax ’g
3. Divide scalar score by /d| ~/dk Jd f 4.7 X
O,
2. Compare x3’s query with
the keys for x1, x2, and x3 g
[1xd] [1 xd] [1xd]
/ @é
1. Generate - (j_) (_) - (3) - é
key, query, value wa Wa
vectors
@®0 @90 X, @90 X,
[1xd] [1 x d] [1 x d]

DT Calculating the value of as, the third element of a sequence using causal (left-
to-right) self-attention.



Recap: Attention in Transformer models

Computation at time step 3, ie. a,

8. Output of self-attention a, [ x d]

7. Reshape to [1 x d] [d, x d]

[1xd]

6. Sum the weighted
value vectors

[1xd]

5. Weigh each value vector
3.1

4. Turn into a; ; weights via softmax ii /
3. Divide scalar score by /d| Jd Jd T J
/
-
k) () (v

2. Compare x3’s query with
the keys for x1, x2, and x3

S~

1. Generate 7S D D O 1
key, query, value w\we Vv N\ we YV w\we YV
vectors
@®0 @90 X, @90 X,
[1xd] [1 x d] 1 xd]

Stepl: prepare inputs i ! i

(3 = WQX3

DT Calculating the value of as, the third element of a sequence using causal (left-
to-right) self-attention.



Recap: Attention in Transformer models

5. Weigh each value vector

4. Turn into a; ; weights via softmax Ei

3. Divide scalar score by Jdk Jd

K
2. Compare x3’s query with
the keys for x1, x2, and x3
1. Generate D D (v/)

key, query, value

wK N we@ YwVv
vectors

[1 x d]

@O0 X

1

WK N w@ ¥'wY

X,

[1 x d]

8. Output of self-attention aj, [ x d]
7. Reshape to [1 x d] [d, x d]
[1xd]
6. Sum the weighted
value vectors
[1xd]
x31 32 X33 ﬁ
Jdk T Jdk A
-«
[1xd] [1xd] [1xd]
() ) k G{ (_\1/_)

@00 X,

[1 x d]

to-right) self-attention.

DT Calculating the value of as, the third element of a sequence using causal (left-

Computation at time step 3, ie. a,

Stepl: prepare inputs

P
Step2: compute scores ﬂﬂ

Step3: softmax scores
o owom

(Attention weights)

d, is dim
of query,
key
vectors



Recap: Attention in Transformer models

Computation at time step 3, ie. a,

8. Output of self-attention a,

7. Reshape to [1 x d]

6. Sum the weighted
value vectors

Hx\dv'\
5. Weigh each value vector
X3 X33
4. Turn into a, ; weights via softmax Ei ’i)
3. Divide scalar score by /d| Jd Jd f 4.7 X
O,
2. Compare x3’s query with (>«
the keys for x1, x2, and x3
[1xd] [1xd] [1xd]
1. Generate O @ L/) O @D c_/> @5(5
key, query, value wEN we Vv wEN we Vv wEN we Vv
vectors
X, X, X,
[1 x d] [1 x d] [1 x d]

Stepl: prepare inputs

2: compute scores

Step3: softmaxscores

owowos

31V1 A3V, d33V3

(Attention weights

Step4: multiply each
vector by softmax scores

DT Calculating the value of as, the third element of a sequence using causal (left-

to-right) self-attention.



Recap: Attention in Transformer models

@00 [ x
\WP/ [d, xd]

[1xd]

[1xd] [1xd]
X33

8. Output of self-attention a,

7. Reshape to [1 x d]

6. Sum the weighted
value vectors

5. Weigh each value vector

A3 A3
4. Turn into o, weights via softmax ﬁ li li)
3. Divide scalar score by /d} Jd Jd.” X Jd” X
2. Compare x3’s query with B <
the keys for x1, x2, and x3 .
[1xd] [1xd] [1xd]
/ / /O;
1. Generate GO@ ® O @ GCO@
key, query, value w\we Vo N we Vi w\we Vv
vectors
X, X, X
[1 x d] [1 x d] [1 x d]

|IDT IR Calculating the value of a3, the third element of a sequence using causal (left-
to-right) self-attention.

Computation at time step 3, ie. a,

Stepl: prepare inputs

P
Step2: compute scores ﬂﬂ

owowos

a31V] A3pV, H33V3

Step3: softmax scores
(Attention weights)

Step4: multiply each
vector by softmax scores + +

Step5: sum up the weighted
vectors and project



Recal: Multi-headed Attention

a; e Multiple heads —> multiple
. ) 1xd \\ e 7 . .
Project down to d —l xd] independent” projections
———a — [1xhd,] (keys, queries, values) for
Concatenate Outputs ,
each input.
Each head e Each head has different
attends differently :
to context WQ, WK, WV Mmatrices

10T A]  The multi-head attention computation for input x;, producing output a;. A multi-head attention
layer has A heads, each with its own key, query and value weight matrices. The outputs from each of the heads
are concatenated and then projected down to d, thus producing an output of the same size as the input.

e Different heads can
potentially capture different
pohenomenon.



Attention Visualization
BERTViz: https://qgithub.com/jessevig/bertviz

[Caveat] BERT is an encoder, all tokens attend to all other tokens (no causal mask)


https://github.com/jessevig/bertviz

Let’s go back to our transformer arch

Token probabilities (y1) [y12]
K
Language | S°ftMaX (uliatbodiadiotbodiadiatbaiodiabods) e |ast Lecture:
Modeling logits — (3 f._. @D . .
Head s A e Multi-head self-attention

Layer L layer norm .
| ly—m e This Lecture:
= e Position Embeddings
. e Residual connections
ayer ,aye,norm * [ayer Norm

* Feedforward layer
e Putting it all together

Xi
Input H<til} Position Encoding e Fncoder Decoder
Encoding E

Wi

Input token

Iayer norm




Zooming out

o Self-attention layer transtormed the

Self-Attention |
Layer

Input X; to output a;

e \Word order information is lost!

An old dog and a young boy ....

* boy attends to both old and young. We want young to have a higher intluence on
boy's hidden representation than old. Attention does not ensure this.




Position Embeddings

Token probabilities

s e Solution: Element-wise add a “position”
L SO . .
Modeling embedding to the word embedding to
Head
produce a new embedding of the same
dimension.
Layer L layer norm
[ attention ]
. Iayernorm
h'-1 = Transformer Block
X = Composite
Embeddings
L ayer 1 Iayer S (word + position)

Word )
Embeddings |2 '

Position

Input P=<ti]) Position Encoding Embeddings P h o . »
Encoding ane wi ac e i

Input token




Position Embeddings

Transformer Block

+ e Solution: Element-wise a “position”
@ + # i #

X = Composite
Embeddings
(word + position)

Word m
Embeddings c3o

embedding to the word embedding to
produce a new embedding of the same

“ ‘ dimension.

bill Vectors of real numbers with the same size as

xoeq

Position
Embeddings

Janet will back t

word embeddings.

How do we get these positional embeddings?

e Assume all sequences will have length between 0 to N (say 512).
Randomly initialize embeddings for each position.

e These will get trained with other transformer parameters.



Let’s go back to our transformer arch

Token probabilities

Language S0
Modeling
Head

Layer L

Layer 1

Input
Encoding

Input token W.

layer norm

layer norm

T hL'1i = X

T h1iA= XZ;

L

[ fosdioward ]

layer norm

layer norm

Transformer Block

Position Encoding

i Residual i+1
_ -~ Stream

'Feedforward |

}aygr Norm |

(Layer NormJ .

"
Xi_1 X Xit1

TR A] Residual stream view of Transformer Block



Residual Stream view

Input x; (d-dim vector)
e |Layer Norm + Multi-head

Attention perform some Residual g
computation, produce another d- | stream/

] Residual I+1
_ - Stream

| residual ___ | Edforward]
dim vector. connections

e Add to the residual stream x; — x!

[ Layer Norm |

<K/—

Layer Norm }::‘w,

x! (d-dim vector)
e Layer Norm + Feedforward

e Add to the residual stream x; — A, T
-1 %i X1
e Output A, |
Residual stream view of Transformer Block



Feedforward layers

T "I Residual  i+1 e Fully-connected 2-layer network
_ -~ Stream
\ FENN(x/) = RELU(xW, + b))W, + b,
Feedforward|

/Leav,er Norm |

Ai

Layer Norm

Yi-1 %i Xit1

IR X] Residual stream view of Transformer Block



Layer Norm(alization)

e Normalize the input vector.

* Not applied to the entire transtormer layer, applied to single token vectors in
isolation.

1 I <
, Giveninputa of dimensiond, pu = —Z a, o= —Z (a; — p)*
P R\ rP-

a—H
o

a4 =

(a—p)
LayerNorm(a) =y + 5 v, [} are learnable parameters
o

How many additional parameters does layer
norm add?




Transtormer Block: Putting it all together

hi_1 hl Residual M1 : :
|- - Stream Input x; at time step ¢
‘\ 1
Feedforward) i = LayerNorm(x;)
Layer Norm 2 - : 1 1 41 1
/v. t7 = MultiHead-Attention(¢;, [#;, ,, ... fy])
3 _ 2
| | Layer Norm e 4 3
| t” = LayerNorm(z;)
Xi-1 Xi Xi+1 tls — FFN N(tl4)

— 3



Zooming out

Token probabiltes [Y;J (YtzJ Same transformer blocks repeated N times.
Language sofims (sdtotlndtealistlndtasotbodiodistlals , ,
Hodelng | iogrs  @pap - G e GPT2 was a family of 4 different
models with the same architecture.

Parameters Layers dmoder

layer norm

Layer L

.‘ .y_m 117M 12 768
e 345M 24 1024
762M 36 1280
+ 1542M 48 1600
Layer 1 Iayer norm

Iayer norm

X i

Input il
Encoding E
Wi

Input token




Large Language Models

 Decoder-only transformer models allows us to model the task of language
modeling. Why should we care about language modeling?

* Many practical tasks in NLP can be cast as next token prediction.

Sentiment Analysis:
The sentiment of the sentence “| like Jackie Chan" is:

P(positivelThe sentiment of the sentence "I like Jackie Chan" is:)
P(negativelThe sentiment of the sentence “| like Jackie Chan" is:)



Large Language Models

 Decoder-only transformer models allows us to model the task of language
modeling. Why should we care about language modeling?

* Many practical tasks in NLP can be cast as next token prediction.

Question Answering:
Q: Who wrote the book “The Origin of Species"? A:
P(w | Q: Who wrote the book “The Origin of Species"? A:)



Large Language Models

 Decoder-only transformer models allows us to model the task of language
modeling. Why should we care about language modeling?

* Many practical tasks in NLP can be cast as next token prediction.

Language models need to be very powerful perform well at all these tasks!
- Very deep network

- Train on a lot of data

- E.g. GPT-3 model (released in 2020) trained on 300B tokens, LLaMA-3
model trained on 15T tokens.



Encoder-Decoder Architecture

e Recall RNNs.
Decoder
o Useful for seq2seq tasks. J— A —
Ilelgc') I;a bryja vefde </|S> an%‘\’”'l‘;rs
Total loss is the average 1
cross-entropy loss per [, = = per-word
target word: L 4 loss
4 softmax
(7
> > — > > > > hldden
|
N A A A A A A .
embedding
* Q $ $ layer
xll x'z x'3 x.4
the green witch  arrived <S> llego la bruja verde
; ~~ '_/

Encoder



Encoder-Decoder Architecture

e Recall RNNes.

e Useful for seg2seq tasks.

e \What about transformers?

Passed to the decoder

concat

—

RNN 2 (Right to Left) < \
: :

RNN 1 (Left to Right) ¢ N (Ch

)

) (

./

gy
>

-




Encoder-Decoder Architecture

Output
Probabilities
* The actual figure from “Attention is all you need”,
Vaswani et al, 2017 paper.
. .
== e ... and the figure you will see everywhere on the
= d Forward D d .
ncoder ecoder  Internet
Multi-Head
Feed Attention
l Forward N x
Nx
Multi-Head
Attention Attention
O N
Positional Positional
Encoding e & & e Encoding
Input Output
Inputs OQutputs

(shifted right)



Encoder-Decoder Architecture

Output
Probabilities
"~ Softmax | Token probabilities (y1] (y2) LXK
 sottmex (Jilo ol
Language : sall ol bl
Modeling :
Add & Norm Head logits Q?TD Qf—) @
Feed \ U /
Encoder Decoder T
[
Add & Norm
Add & '
el b il Multi-Head Layer L SR
Feed Attention [ attention |
Forward b N x " layer norm
oAbt =
N Add & Norm R -
, —. 12
MaSked . h . = X,
Mult-Head Multi-Head Causal Attention we saw before. 7
Attention Attention
1t ver 1 layer norm
b " layer norm
Positional A‘ Positional
Encoding " ¥ & e Encoding Ix1i
Input Output oL aF
Embedding Embedding Input ’ l
wiw e - E
INputs
DUIS Outputs Input token W.

(shifted right)



Encoder-Decoder Architecture

Output
Probabilities
Softmax Token probabilities (y1] (y2] ue y|V|
' 1
Li
Language | Softmax (Mﬂmﬂmﬂmﬂmﬂmﬂmﬂmﬂmﬂm' oliatlal)
Modelin :
(Add & Norm Jex Hood ogits  GD @ - GID
Feed \ U /
Encoder Decoder T
i
Add & Norr
2dd & Teorm Multi-Head Layer L 5SS
= Atentir [ attorion |
Forward b N x " layer norm
1 _ L
T oAbt = s
N> ~
| Add & Norm Masked h1- _ X2-
Multi-Head Multi-Head | |
Attention Attention
S — . Layer 1 layer norm
. ) Original transformer !
P(ﬁ)Slti(f)vﬂ'al o ,‘ Positional m Od e ‘ p ro p Osed I pOSt' g layer norm
Encoding S Encoding . Ix1i
m— Sutoat norm” but recent ,
Embedding Embedding Input '
research has shown Encoding =
nouts Outputs pre-norm works better.

(shifted right) Input token wi




Encoder-Decoder Architecture

Output
Probabilities

Encoder

N x

\

Add & Norm

Feed
Forward

Add & Norm

Multi-Head
Attention

Fositional
Encoding

INnDut

Embedding

INnputs

Add & Norm
Multi-Head .
Attention '

Add & Norm

Masked
Multi-Head
Attention

&

Output
Embedding

Outputs
(shifted right)

Token probabilities

Language
Modeling
Head

Decoder

Attention over encoder
outputs (this is new for
encoder-decoder

models!), similar to
RNNSs

) Positional
‘. Encoding

 softmax (diotbadnalnotbadnedunldiainladn)
logits Q?rl) u2 '- QD
N
L
h7
Layer L layer norm
[ attention |
L layer norm
L-1 L
Ikt =
1 _ 2
h', = x5
Layer 1 layer norm
layer norm
1
B
Input |
Encoding E
Input token W




Encoder-Decoder Architecture

Encoder

Add & Norm

Feed
Forward

v

Multi-Head
Attention

Fositional
Encoding

QR

Input

Embedding

INnputs

Output
Probabilities
__Softmax__ Token probabilities (y1] (y2] -
, 1
—— Language | 50MX (iathadialsethalialiatlad ootk

Add & Norm sad
gt

Forward
—— )| Decoder

Add & Norm

Multi-Head
Attention

Add & Norm

Masked
Multi-Head
Attention

Positional
& e Encoding

Output
Embedding

Outputs
(shifted right)

Residual Connections

layer norm

layer norm

T =1 = x5

Layer L

Layer 1 layer norm
layer norm
Input
Encoding
Input token




Encoder-Decoder Architecture

Output
Probabilities

e Multi-head attention from decoder states
at each layer to output of the last layer
of the encoder.

Add & Norm

N Add & Norm
Multi-Head Multi-Head
Attention Attention
O N
Positional Positional
. ) .
Encoding e & e Encoding
Input Output
Embedding Embedding
Inputs OQutputs

(shifted right)
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Encoder-Decoder Architecture

ENCODER

l ENCODER

ENCODER
ENCODER

ENCODER
ENCODER

INPUT | Je suis etudiant

Ul “ | am a studem|

.D‘

DECODER

DECODER

DECODER

DECODER

DECODER

DECODER

Sources: (middle) The lllustrated Transformer
(left and right): Cropped from Attention Is All You Need (AIAYN)

1
| Softmax |
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r[ Add & Norm Je=

Feed
Forward

Multi-Head
Attention
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Add & Norm Je=

—
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FJ
|
Masked
Multi-Head
Attention
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\_
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Output
Embedding

g VO DR N
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Encoder-Decoder Architecture

Output
Probabilities
e Recall: ! i i
kK; Kk, Kkj 43
Feed
Encoder —f— J| Decoder 0.02[0.02 096
Multi-Head
Foed Attention A31V1 A3,V) A33V3
Forward N x
t _ 0 _
o+ i = I WY = a3
N
Multi-Head
Attention Attention .
N — —  What is the source of keys, queries, values
Positional Positional In attention from decoder to encoder?
Encoding e & & e Encoding
Input Output
Inputs OQutputs

(shifted right)



Encoder-Decoder Architecture

Output
Frobabilities

e Encoder architecture is similar to decoder. ( tt )
. . . . | Linear |
* Only difterence: This attention is not causal. e
A0 ._'-: NOFf
Feed
e All tokens attend to all other tokens. Encoder Forward Decoder

Add & Norm - ‘14 j
lI-Heac
Feed ention
Forward N x
J
Add & Norm ﬁ
(Ca) C_aTL) Cas) (2 (@) N> Add & Norm ——
Multi-Head Multi-Head
: Attention Attentior
Self-Attention attentlon attention attention attention attention ——l |
Layer —_— T~ T~ % ___— - )
< —T :—"’*’i—\»);\‘-" <’
'/ PN ‘ . )
(X1 (x3 ) (x) (x50 Positional Q™ Positional
Encoding ‘v & ; Encoding
Input Jutput
Embedding eddin

Inputs Qutputs



Encoder-Decoder Architecture

e Encoder architecture is similar to decoder.
* Only difference: This attention is not causal.

e All tokens attend to all other tokens.

e At each time step, the encoder output &, can
be viewed as a “contextual” representation

of the input word w.,.

Encoder

N x

Positional
Encoding

Add & Norm
Feed
Forward
Add & Norm
Multi-Head
Attention

(O
Input

INnputs

Decoder



Encoder-Decoder Architecture

Output
Probabilities

* Training

* Next-token prediction at the decoder

F
output. eed
Encoder

Multi-Head
Attention

Add & Norm

NXx
Multi-Head Multi-Head
Attention Attention
Ay R
Positional Positional
Encoding @ & & @ Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted riaht)



Encoder-only architectures

* Same architecture components as the decoder.

e Difference: the attention is bidirectional, not

causal

Add & Norm
Multi-Head
Attention
O

(31 (‘12) (a3) (A (3s)

A A
Positional
attention atteion attntion attention attention Encoding ° {;
- X2 (X3 ) X5

INnputs



Encoder-only Architecture

e \What is this useful for?

* Gives contextual representations for
each input word. h'‘cis bt R, Ry By hl ht

[CLS] So long and thanks for all



Encoder-only Architecture

* \Word sense disambiguation

* A sense (or word sense) is a discrete representation of one aspect of the

meaning Of a word German article “die”

-4
. & N3

Was der Fall ist, die Tatsache, Uber die Verhandlungen
ist das Bestehen von Sachverhalten. der Konigl.
single person dies = » multiple people die
o
R (S
.~ R 'g..o. .
“. w “.”
Chernenko became the first Soviet L ° Over 60 people die and over
leader to die in less than three years 100 are unaccounted for.
Vaughan's ultimate fantasy was to die in a Many more die from radiation

head-on collision with movie star Elizabeth Taylor sickness, starvation and cold.

a playing die

o

Players must always move a
token according to the die value

The faces of a die may be placed
clockwise or counterclockwise



Encoder-only Architecture

e Classification?

* Sequence Labeling

argmax B-Ii’ER IPER B-ORG IORG I-ORG
Yi |

-990009E

Bidirectional Transformer Encoder

[CLS] Jane \Villanueva  of United Airlines Holding discussed



Why are these more powerful than bidirectional RNNs?

e Predecessor: ELMo (Peters et al., 2018)

Intermediate o [ ) [ =

word vectors
LSTM LS/TM
Forward
Layer 1 /
Backward pupsty LSTM

raw word
vectors

Uses bi-LSTM-based encoder-
decoder.

Forward

Layer 2
Backward

Combines hidden vectors from
different layers. I

word vectors

—

It IS ever



Why are these more powerful than bidirectional RNNs?

* BiLSTMs are not quite the same as full self-attention:

Try to predict the italicized word from just the left or just the right context.
The celebrity , Michael Jordan , was a player in the NBA .

A left-to-right model could also answer “Jackson” and be sensible but wrong. (Reference to singer/
songwriter Michael Jackson)

A right-to-left model could also answer “Curry” and be sensible but wrong. (Reference to NBA
player Steph Curry)



Encoder-only Architecture

e Classification?

* Sequence Tagging

argmax B-Ii’ER IPER B-ORG IORG I-ORG
Yi |

-990009E

Bidirectional Transformer Encoder

[CLS] Jane \Villanueva  of United Airlines Holding discussed



Encoder-only Architecture

e Classification?

e Sequence-level classification
y

sentiment

classification
head

hCLS

Bidirectional Transformer Encoder

[CLS] entirely predictable and lacks energy




Encoder-only architectures

e Can we use the same next-token
prediction task to train encoder models?

Add & Norm

Multi-Head
Attention

No! The desired output is part of the input! N

GD G G GO G

A A

Fositional
attention attention attention attention attention EnCOding

Qo
Input

INnputs
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