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Self-Attention Module



Self-Attention a dimension-preserving function

= Given a set of input vector, compute output vectors of the same dimension.
= Now what’s inside this box?




Defining Self-Attention

= Terminology:
o Query: to match others
o Key: to be matched
o Value: information to be extracted

[Vaswani et al. 2017: https://arxiv.org/abs/1706.03762]
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Defining Self-Attention

= Terminology:
o Query: to match others

o Key: to be matched [TT] valuess
o Value: information to be extracted [TT] vaess
Query #9 [TT1 value #2
[T 1]
it
D:D value #1 =
&
=
Q

[Vaswani et al. 2017: https://arxiv.org/abs/1706.03762]
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Defining Self-Attention

= Terminology:
o Query: to match others
o Key: to be matched
o Value: information to be extracted

Query #9 50%

300/0 value #1

[Vaswani et al. 2017: https://arxiv.org/abs/1706.03762]
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q: query (to match others)
q; = x; W1

k: key (to be matched)
ki = xl-Wk

v: value (information to be extracted)
v; = x; WV

value #4

value #3

Query #9 50% value #2

Aaqo

Ishwi

30% value #1

10qo.



q: query (to match others)
q; = x; W1

k: key (to be matched)
k; = x;W¥

v: value (information to be extracted)
V; = xl-Wv



q: query (to match others)

q; = x; W1
k: key (to be matched)
k; = x;Wk
v: value (information to be extracted)
v; = x;WV
qd2 k, v, U3 CI4 k4 Uy
X2
cat sat on



How much
should “The”
attend to other
positions?

1'ki
“1,i:q /\/d
H_J

Scaled dot product

q: query (to match others)

k: key (to be matched)
v: value (information to be extracted)

13 a1 4

Query #9
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a1,1 a1,2 1,3 a1,4
How much t t 1 t
should“The” | Softmax J
attend to other | | I |
positions?
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Representation of "The"” given the attention weights

a1 —% a1, —% ay3 —% &M}’E
¢ t ¢ )
[ $oftmax |
| I I |
11 aq2 ———————:gis a1 4
q1 ki 17 p) q3 ks v3 44 k4 Uy

1IN NI

| 00 | | 00 | | 00 | | 00 |

X1 X, X3 X4
The cat sat on



Self-Attention: Matrix Notation

Input sequence: x = [xq, x5, ..., X, ] € R™*¢
Calculate:

Attention raw scores

Q = qu E ]:RnXd ~ | 086 | 119 | 159 | 086 [-013|-0.15 0.8 | -0.87 187 | 072
K = xWk ¢ Rxd e .
V =xW'e R™?
Pairwise similarity matrix between oot B o [ R o [ oo
queries and keys: QKT € R™" o [ [
Attention output:

T

Vd

Attention(x) = softmax( ) V e R4 %
softmax( )

V.

H

13



Q: Why do we need vd ?

Attention(x) = softmax(
Without vd, the results of QKT can be very large.

Large differences between scores make softmax nearly one-hot
o And consequently, small gradients during backprop.

A theoretical justification: one can prove that:

o if each element of Q and K are drawn independently from a N(0,52), then
QKT would have a variance do*.

o But QKT /+/d has variance of g* (i.e., independent of d).

This scaling prevents score variance from growing with dimension.

T

K)V

Vd

14



Q: Does this also handle batching?

15



Self-Attention: Thinking about batching

Suppose our data comes in batches of size b, i.e., x € RP*nxd
Self-attention’s matrix form extends to this batched data. Let’s verify:
Calculate the keys, queries and values, per-batch:

0 = xW7 g Rb*nxd

K = ka € RbXnXd
V = va = ]RbXTle

Pairwise similarity matrix between queries and keys, per batch: QKT € Rb>nxn

Attention output for the whole batched data: T

Vd

Attention(x) = softmax< )V € Rbxnxd

16



Recap: Self-Attention

= Attention is a powerful mechanism to create context-aware representations
= A way to focus on select parts of the input

bt b? b3 b*

4 4

Self-Attention Layer
4 4 4 4

x x? x3 x*

=

= Better at maintaining long-distance dependencies in the context.

[Attention Is All You Need, Vaswani et al. 2017]
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Multi-Headed Self-Attention

\ A
k\!
\ ;
0 f
i /
¥ \ (A
) !
" 8
\
V4

= |ssue: Each head has limited capacity.

o Asingle head produces one weighted mixture per query;
multiple heads can capture different relationships.

= Main idea: Allows model to jointly attend to information from different representation
subspaces (like ensembling).

= Multiple parallel attention layers.
o Each attention layer has its own parameters.

o Concatenate the results and run them
through a linear projection.

Self-Attention Layer

[Attention Is All You Need, Vaswani et al. 2017] 18
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Multi-Headed Self-Attention (&=

= Just concatenate all the heads and apply an output projection.

head; = Attention(xwiq,xwik,xwi” )
MultiHeadedAttention(x) = Concat(heady, ..., head,)W?’

= Q: How do we change the dimensions of these parameters so that
SA is dimension-preserving?

t

A

Concat

A

Scaled Dot-Product

Attention
4l Al 4l
/-~ o = n
Linear Linear Linear
¥ ¥ ¥
V K Q

h: number of heads
d: feature dimension
in output of SA

19



Multi-Headed Self-Attention (u==

Just concatenate all the heads and apply an output projection.

head; = Attention(xwiq,xwik,xwi” )
MultiHeadedAttention(x) = Concat(heady, ..., head,)W?’

Previously, we used the following dimensions for single-head SA:
Wiq € Rdxd’ wlk = Rdxd’ wlv = Rdxd’

In practice, we use a reduced dimension for each head.
d

d><g k d X+ dxg
w e R, W € R*7, W € R**r,  W° e R4*d

The total computational cost is similar to that of single-head attention
with full dimensionality.

t

A

Concat

A

Scaled Dot-Product J& h

Attention
1A | N 1|
[ { {
Linear Linear Linear u
¥ ¥ T
V K Q

h: number of heads
d: feature dimension
in output of SA

20



= Just concatenate all the heads and apply an output projection.

t

Multi-Headed Self-Attention (u==

A

Concat

A

Scaled Dot-Product J& h
head; = Attention(xW,’, xW/*, xW/}) Attention >
MultiHeadedAttention(x) = Concat(head, ..., head,)W"? p tl . il . tl
Linear Linear Linear u
Pulse check: ¥ Y Y
o Q1: What is the rank of each head’s output?
o A1: each head’s outputs has rank at most min(n, d/h). Vv K Q
« This is because the information pass through each head’s
rank low-dimensional bottleneck. h: number of heads
* i.e., each head can only write within a d/h -dim subspace. d: feature dimension

o Q2: What is the rank of the overall output of MHA? in output of SA

o A2: Note the combined output (after concat and /) can have rank
up to min(n, d), where n is the sequence length.

21



Implementing Self-Attention Efficiently

= Modern LLMs don’t use loops or separate W matrices. They instead use a fused QKV matrix.

def mha textbook(x):

heads = []
for i in range(h):
q, k, v =x @ Wql[i], x @ Wk[i], x @ Wv[i] # each (B, T, dh)

scores = g @ k.transpose(-2, -1) / math.sqrt(dh) # (B, T, T)

scores = scores.masked fill(mask, float("-inf"))

heads.append(torch.softmax(scores, dim=-1) @ v) # (B, T, dh)
return torch.cat(heads, dim=-1) @ Wo # (B, T, d)

22



Given the fused weight -> W_gkv = torch.cat([torch.cat(Wg, dim=1), # (d, d)
torch.cat(Wk, dim=1),

def._mfla_rfgs;e_d_(é)_:____l torch.cat(Wv, dim=1)], dim=1) # (d, 3d)

# Split gq/k/v and expose the head axis:
# (B, T, 3d) -> (B, T, 3, h, dh) -> (3, B, h, T, dh)
gkv = gkv.view(B, T, 3, h, dh).permute(2, 0, 3, 1, 4)

q, k, v = gkv.unbind(0) # each (B, h, T, dh)
# Batched over (B, h) -- the loop is gone, not reimplemented.
scores = q @ k.transpose(-2, -1) / math.sqrt(dh) # (B, h, T, T)

scores = scores.masked fill(mask, float("-inf"))

ctx = torch.softmax(scores, dim=-1) @ v # (B, h, T, dh)

# The "Concat" box: undo the head split. Reshape only, zero FLOPs.
ctx = ctx.transpose(1l, 2).reshape(B, T, d)
return ctx @ Wo # ONE GEMM

23



Combine with FFN

» Add a feed-forward network to add more expressivity.
o This applies another nonlinearity to the representations (or “post-process” them).

o The same FFN is applied independently at every token position (unlike attention that
mixes information between different positions).

00 | |00 |00

W1 = Rd)(dff’
W2 = RdffXd

Feedforward Net \

Hidden

layer

Feed Forward
Network

Input
layer

Output
layer

Inputs
Outputs

Multi-Headed
Self-Attention Layer

o Usually, the dimensionality of
the hidden feedforward layer d

is 2-8 times larger than the A ful ted network
. . . ully-connected networ
input dimension d. 00 | 00| 00 \ of nodes and weights. /

24




How Do We Prevent Vanishing Gradients?

= Residual connections let the model “skip” layers

out

o These connections are particularly useful for e R NE 8
training deep networks. —
Feed
L — E[:E] Forward
Y = * Y —+ /B A
v/ Var|z] + €
Add & Norm
= Use layer normalization to stabilize the network Multi-Head
and allow for proper gradient flow. Attention
. . . . [
= The visualized variant is called post-norm. L \ J
Nowadays is more common to have them as \ -

pre-norm. (more on this later).

[Attention Is All You Need, Vaswani et al. 2017]

X: Input sequence

25


https://arxiv.org/abs/1706.03762

Transformer Block

Given input Xx:

= X = MultiHeadedAttention(x; W9, W*, W? , W©)
X = LayerNorm (X + x)

X = FFN(x)
out = LayerNorm(X + X)

[Attention Is All You Need, Vaswani et al. 2017]

Add & Norm

Feed
Forward

A

Add & Norm

Multi-Head
Attention

At

J

X: Input sequence

26
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Pulse check

Q: Each attention head uses one set of Q/K/V projection matrices shared across
all token positions.

A: True. Projections are shared across positions within a head.

Q: Attention weights across queries sum to 1.
A: False. Softmax is applied across key positions, separately for each query.

27



Summary: Transformer Block

= Self-Attention: A critical building block of modern

language models. 4

o The idea is to compose meanings of words
weighted according some similarity notion.

Add & Norm

Feed
Forward

A

= Next: We will extend this block to build various
architectures known as Transformer.

Add & Norm

Multi-Head
Attention

At

J

X: Input sequence

28



A Decoder-Only
Transformer



Output

Probabilities
p [ Softmax ]
A
[ Linear ]
= Stack more layers! p — a2 I
~—>| Add & Norm ) ~>| Add & Norm |
Feed Feed
o Il Forward Forward
NETWORKS A A
STACK V/’ Nx | —~(Add & Norm ) » x| —(Add & Norm )
MORE : = o
A Multi-Head Multi-Head
LAYERS 7 Attention Attention
/ \ 1 7 -
— J \. J/
Positional @_@
Encoding
Input
Embedding

T

[Attention Is All You Need, Vaswani et al. 2017] Inputs 30
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books

From Representations to Prediction MWL

Output
= To perform prediction, add a classification head on top of the G
final layer of the transformer: x € R™*4, [:T:

l Llnear

= To obtain logits, we can apply a linear transformation with token

. . ( )
embedding matrix Wy € RV*4%: ~(hda o)
T nxv Feed
XWV eER Forward
—
. s . N | —~(AddaNom)
= To obtain probabilities, run this through softmax: MUl Head
A :
softmax(xWy ) € RV Lo
\_ J
output token Positional _9
- probabilities (logits) Encoding
87069805 parus Input
Siioder y‘le, Position #1 0.46333563 aaron Piﬁk aE ou;put Embeddlng
put vector token based on
| X = its (ps?mbpalbel)hty T

The Inputs 31



=

One wrinkle: How does Transformer
know about word ordering? ... _|

32



One issue: the model doesn’t know
word positions/ordering.

|

/

‘ﬁx}

2, ®1,27"% 1, A 3
t t t S
$oftmax ]
| I I |
}</ dq,2 1,3 dq,4
1 q> 2 q3 k3 U3 s Ky Uy
0 0
8GN SEN BEN
A A
0o | | oo | 00 | o0 |
X1 X2 X3 X4
The cat sat on



We will discuss
various choices for

One issue: the model doesn’t know
word positions/ordering.

|

these embedding! +
@y, —% &1 ,—X m 10—
t t t X
[ $oftmax |
| I I I
aq,1 1,2 /ais 1,4
: \
d1 k 92 k, v ks V3 e Ky V4

p; are positional
embeddings

1 [

Allows model to learn
about positions

|




Absolute Positional Embeddings

= Add unique vectors for each position.

= They inform Transformer about word orderings.
= \We will see more variations of these in later class.

1 [

|

p; are positional
embeddings

Allows model to learn
about positions

"

|

N

35



=

How does inference work?

|

36



Generating text via Transformer

Output

T

Note that each token And continue like

generation is a forward pass TRANSFO RM ER that until we reach

— a lot of computations!!

Vlnput | | T

wowlmlel

first l law

Image by http://jalammar.github.io/illustrated-gpt2/

EOS or we get tired.
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Generating text via Transformer

= Use the output of previous step as input to the next step repeatedly

&
& Q/,«v sat
'l
)

Jole  Joola  Jala  Josle  Jarla

R

TRANSFORMER

Pt

<p> <p> <p> <p> the cat




Generating text via Transformer

= Use the output of previous step as input to the next step repeatedly

Joslla.  Jola  Jolle  Josla %1{.-_
R
' TRANSFORMER

The probabilities get ».
revised upon adding a
new token to the input. T

Pttt

<p> <p> <p> the cat sat

39



Generating text via Transformer

= Use the output of previous step as input to the next step repeatedly

The probabilities get
revised upon adding a
new token to the input.

Prrrr ot

<p> <p> the cat sat on

40



Generating text via Transformer

= Use the output of previous step as input to the next step repeatedly

we,»mat
9@@?,/'
The probabilities get I I I I I I '
revised upon adding a
new token to the input. T T T T T T

- TRANSFORMER

Pttt

<p> the cat sat on the

41



Generating text via Transformer

= Use the output of previous step as input to the next step repeatedly

@,</S>
Q\/»/S

The probabilities get
revised upon adding a
new token to the input.

P

the cat sat on Tve mat

42



=

How does training work?

|



Quiz

= What do we optimize when we train a transformer?
1. Xandgq

Wi and W,

Softmax function

Sine/cos positional encodings

The embedding matrix

W; and W, in your FFN

Wq

NGO O A WN

Answer: 2, 6, 7 and 5. You may also be able to train certain positional encodings.

44



Training a Transformer Language Model

= Goal: Train a Transformer for language modeling (i.e., predicting the next word).
= Approach: Train it so that each position is predictor of the next (right) token.
o We just shift the input to left by one, and use as labels

EOS special token
(goldoutpu) Y = cat sat on the mat </s>

trr ottt e

T T T ? T T [Slide credit: Arman Cohan]
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Training a Transformer Language Model

= For each position, compute their corresponding distribution over the whole vocab.

(goldoutpu) Y = cat sat on the mat </s>

Joodn ool ool ool Jeolle Jaolle

I N

TRANSFORMER

R

X= the cat sat on the mat
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Training a Transformer Language Model

= For each position, compute the loss between the distribution and the gold output label.

(goldoutpu) Y = cat sat on the mat </s>

111111

Joodn ool ool ool Jeolle Jaolle

I N

TRANSFORMER

R

X= the cat sat on the mat
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Training a Transformer Language Model

= Sum the position-wise loss values to a obtain a global loss.

(goldoutpu) Y = cat sat on the mat </s>

c- 1+7+1+0+1+1

Joodn ool ool ool Jeolle Jaolle

I N

TRANSFORMER

11 ?

X= the cat sat on the mat
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Training a Transformer Language Model

= Using this loss, do Backprop and update the Transformer parameters.

he mat </s>

SO

(gold output) Y =
L =
Well, this is not quite right © .

Mi
1T

T T T what is the problem with this?

TRANSFORMER

ottt

X= the cat sat on the mat
49



Training a Transformer Language Model

= The model would solve the task by copying the next token to output (data leakage).
o Does not learn anything useful

(goldoutpu) Y = cat sat on the mat </s>

- f+1+100+1+1

Joodn ool ool ool Jeolle Jaolle

w DTt

F TRANSFORMER

R

X= the cat sat on the mat



Training a Transformer Language Model

= \We need to prevent information leakage from future tokens! How?

(goldoutpu) Y = cat sat on the mat </s>

io felelo]T+1

Joodn ool ool ool Jeolle Jaolle

w DTt

F TRANSFORMER

11 T

X= the cat sat on the mat
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Attention raw scores

Attention mask

y B g

-0.08 | 124 | 069 (-098 | 143 | -06 | 0.7 [ 016 | 0.93 | 1.28 ﬂ -1.1
-0.09| -0.0 | -0.7 | 0.06 | 025 | 0.23 | 0.26 | 0.18 | 0.78 | -0.21 [ -1.01 | 1.01
0.86 | 1.19 | 1.59 [ 0.86 | -0.13 | -0.15 -0.98 -0.72
0.12 | -0.03 | -0.02 | 0.88 [ -0.46 | -0.7 | 0.54 | -0.42 -0.84
051 | 0.17 | 0.13 6 024 1-0.02 | 1.68 |-0.36 0.66
0.24 0.43 | 0.74 | 0.96 -0.31 | 1.54 | 166 [ 1.14 | 0.58
0.26 093 | 0.72 [-0.38 | 1.65 | 0.47 [-0.96 | -0.17 | -0.9 0.22
-0.55 | 0.81 | 0.71 17 -032 | 1.78 | -0.7 | -0.04 | 1.54 | 0.81
0.74 | -0.76 | -0.44 | -0.08 0.3 [ 057 [ 0.74
-0.97 | -0.91 | 0.15 | 0.35 | -0.81 | 0.1 187 [ 05 | -0.3
156 | 09 | 039 | 146 | 1.44 | -1.05 -0.67 | -0.62 | -0.43
032 | 074 | 044 [ -01 | 119 | 0.83 [ 029 | 206 | 0.51 [ -0.26 | 1.51 | 0.1
1 2 3 4 5 6 7 8 9 10 1 12

— —\[ N\ ( ( p
— — —/
- (i — )
— — —
’_ (= )
\. AL J\\ J \. J

What we want

2 X3 y1 y2

J

J

Xs ¥

What we have

2

Vo
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Attention raw scores

Attention mask

-0.08 | 124 | 069 (-098 | 143 | -06 | 0.7 [ 016 | 0.93 | 1.28 ﬂ -1.1
-0.09| -0.0 | -0.7 | 0.06 | 025 | 0.23 | 0.26 | 0.18 | 0.78 | -0.21 [ -1.01 | 1.01
0.86 | 1.19 | 1.59 [ 0.86 | -0.13 | -0.15 -0.98 -0.72
0.12 | -0.03 | -0.02 [ 0.88 | -0.46 | -0.7 | 0.54 | -0.42 -0.84
051 | 0.17 | 0.13 n 0.24 1.68 | -0.36 0.66
0.24 0.43 | 0.74 | 0.96 -0.31 | 1.54 | 166 [ 1.14 | 0.58
026 | -0.1 | 0.93 [ 0.72 | -0.38 | 1.65 | 0.47 |-0.96 | -0.17 | -0.9 0.22
-0.55 | 0.81 | 0.71 17 | -08 |-1.14 (-032 | 1.78 | -0.7 [-0.04 | 1.54 | 0.81
0.74 | -0.76 | -0.44 | -0.08 -0.13 | 1.25 03 | 057 | 0.74
-0.97 | -0.91 | 0.15 | 0.35 | -0.81 | 0.11 | 1.14 187 [ 05 | -0.3
156 | 09 | 039 | 146 | 144 |-105| 09 (-0.73 | 0.36 | -0.67 | -0.62 | -0.43
032 | 074 | 044 [ -01 | 119 | 0.83 [ 029 | 206 | 0.51 [ -0.26 | 1.51 | 0.1
1 2 3 4 5 6 7 8 9 10 1 12

Attention mask

-inf -inf -inf -inf

10

11

large negative numbers,
which leads to softmax(—w) =~ 0
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Attention raw scores

Attention mask

-0.08 | 124 | 069 (-098 | 143 | -06 | 0.7 [ 016 | 0.93 | 1.28 -1.1
-0.09| -0.0 | -0.7 | 0.06 | 025 | 0.23 | 0.26 | 0.18 | 0.78 | -0.21 [ -1.01 | 1.01
0.86 | 1.19 | 1.59 [ 0.86 | -0.13 | -0.15 -0.98 1.87 [ -0.72
0.12 | -0.03 | -0.02 [ 0.88 | -0.46 | -0.7 | 0.54 | -0.42 0.04 | -0.84
051 | 0.17 | 0.13 ﬂ 0.24 1.68 | -0.36 0.27 | 0.66
0.24 0.43 | 0.74 | 0.96 -0.31 | 1.54 | 166 [ 1.14 | 0.58

026 | -0.1 | 0.93 [ 0.72 | -0.38 | 1.65 | 0.47 |-0.96 | -0.17 | -0.9 0.22
-0.55 | 0.81 | 0.71 17 | -08 |-1.14 (-032 | 1.78 | -0.7 [-0.04 | 1.54 | 0.81
0.74 | -0.76 | -0.44 | -0.08 -0.13 | 1.25 03 | 057 | 0.74
-0.97 | -0.91 | 0.15 | 0.35 | -0.81 | 0.11 | 1.14 187 [ 05 | -0.3
156 | 09 | 039 | 146 | 144 |-105| 09 (-0.73 | 0.36 | -0.67 | -0.62 | -0.43
032 | 074 | 044 [ -01 | 119 | 0.83 [ 029 | 206 | 0.51 [ -0.26 | 1.51 | 0.1

1 2 3 4 5 6 7 8 9 10 1 12

+

Apply
the mask
element-wise

Attention mask

-inf

-inf

-inf

-inf
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Attention mask

Masked attention raw scores

-0.08 [ -inf -inf -inf -inf -inf -inf -inf -inf -inf -inf -inf
-0.09 | -0.0 | -inf Ainf | -inf | -inf | -inf | -inf -inf -inf [ -inf | -inf
0.86 | 1.19 | 1.59 -inf -inf -inf -inf -inf -inf -inf -inf -inf
0.12 [ -0.03 [ -0.02 | 0.88 | -inf | -inf | -inf [ -inf -inf -inf | -inf | -inf
0.51 [ 0.17 | 0.13 0.24 | -inf | -inf | -inf -inf -inf | -inf | -inf
0.24 0.43 | 0.74 | 0.96 -inf -inf -inf -inf -inf -inf
026 [ -0.1 [ 0.93 | 0.72 | -0.38 | 1.65 | 0.47 [ -inf -inf Ainf | -inf | -inf
-0.55 | 0.81 | 0.71 1.7 -0.32 | 1.78 | -inf -inf | -inf | -inf
0.74 [ -0.76 | -0.44 | -0.08 1.84 | -inf | -inf | -inf
~0Ler1-0.91 | 0.15 | 0.35 | -0.81 1.06 | 1.87 -inf -inf
156 [ 09 | 0.39 | 1.46 | 1.44 0.36 | -0.67 [ -0.62 | -inf
032 ( 0.74 | 044 | -0.1 | 1.19 | 0.83 | 0.29 | 2.06 | 0.51 [-0.26 | 1.51 | 0.11

1 2 3 4 5 6 7 8 9 10 1" 12
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Attention mask

Aention pioba The effect is more than just pruning out some
- RN RN of the wirings in self-attention block.

B 048 0.52 I 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

I 022 031 047 pXy

® 02 ([0.18 [ 0.18 | 0.44

0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

00 | 00 | 00 | 00 | 00 0-0( This means that the query-3 can look

P 3 e s e o e e <« [MOREN 22 | il | 0.04 [ezEl| 00 | 00 | 00 | 00 | 00 %\ at keys at pOSItIOﬂS {O/ 1/ 2: 3}

softmax w |0 ! el [ Mok 004 | 00 | 00 | 00 | 00 [ 00 | 00

) - 015
© | 009 | 006 | 011 [ 00 | 00 | 00 | 00 | 00

- 015 | 035 |08 0. 114 106 | 187 [ -inf | int _010
o 1] o [ e o R o = [~ ~ | 003 | 0.13 | 0.1 [Nk 00 | 00 [ 00 [ 00

[enferfesd o ro]on]en[eesuaon o | 005
w | 014 | 003 | 0.04 00 | 00 | 0.0
o | 002 | 002 | 007 | 0.08 | 0.03 | 0.06 00 | 00
o 011 | 006 [ kel [k 0.02 002 [ 00
= | 005 [ 007 [ 005 | 003 | 011 | 0.08 0.16 | 0.04




Attention mask: a real example

scores = (q @ k.transpose(-2, -1)) / math.sqrt(qg.size(-1))

# Mask entries above the diagonal. (2) The construction of the mask tensor is

mask = torch.triu( a bit different than our slides in practice.
torch.ones_like(scores, dtype=torch.bool), diagonal=1

)

scores = scores.masked_fill(mask, float("-inf")) (1) We're using a masking-specific

function, not tensor addition. Why?

weights = torch.softmax(scores, dim=-1)

output = weights @ v

57



Attention masking: Why Before Softmax?

= We applied attention masking before softmax. Why not after?

EIE softmax BE ol &
el = - # PR

= Softmax normalizes the scores so that it's a probability.

= Masking after softmax, would lead to an unnormalized probability distribution. So, you have
to normalize twice! (wasted computation which we don’t want)



Training a Transformer Language Model

= We need to prevent information leakage from future tokens! How?

(goldoutpu) Y = cat sat on the mat </s>

c- 1ol eleT]

Joodn ool ool ool Jeolle Jaolle

w Pttt

F TRANSFORMER

11 ?

X= the cat sat on the mat
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Quiz: attention masking

= What'’s the point of attention masking during training?

o A. speeds up training by reducing the number of computations performed.

o B. prevents accessing future tokens, ensuring that predictions are based only on past
and present information.

o C. selectively highlights important tokens in the input, thereby enhancing attention
mechanism.
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Summary: A Decoder-only Transformer

= This is a very generic Transformer!

= Next: A more extended version of the Transformer architecture.
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Padding sequences

= Why pad?

o GPUs process data in batches, i.e., tensor of shape (batch_size, seq_len).

o Sequences in a batch have different lengths;
o Padding makes their tensor shapes match.

= Padding is (often) done differently for training vs. inf.

o The two phases need different
parts of the sequence.

Dataset

FLpI

Batch
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Padding sequences

= Inference uses left-padding:
o Every prompt now ends in the same column

o The next token for the whole batch
is read from the last position.

o We want to avoid scenario where various inputs
(in the batch) need to be decoded
from different dimensions.

*= Training uses right-padding:
o Right padding is simple:
 real content they all start at position 0 and
labels line up with inputs.
o In theory, left-padding during training would also worl
* The model predicts every next token in parallel.

» It doesn't matter where each sequence ends.

Inference -

left padding

prompt (left-padded)
input tokens

generated

seq 0 The cat sat on the mat
seq 1l /M%% love deep learning
seq 2 W % M Hello world
seq 3 W Attention is all you need
0 1 3 4 5
column
Training - right padding
input tokens
seq 0 The cat sat on the mat
seql | love deep |learning

seq 2

seq 3

Attention

all

you

505
— W

Hello

world

%

%%

)

0

1

2

3
column

4 5 6



Padding sequences

= We also need to mask out padding tokens so we’re not training for those PAD positions.

» Here attention_mask marks which tokens are real vs PAD.

= This is then applied to attention matrix:

o The keys of PAD tokens are masked.

o The pad queries can still attend to the real tokens, but their outputs are thrown away
(ignored from the loss) since nothing requires pad queries to attend to anything.

Training - right padding

seq 0

seq 2

seq 3

attention_mask

query

input_ids
The cat sat on the mat
| love deep [learning | [PAD] [PAD] [PAD]
Attention is all you need [PAD] [PAD]
Hello world [PAD] [PAD] [PAD] [PAD] [PAD]
0 1 2 3 4 5 6
column

love

deep

learning

[PAD]
[PAD]

[PAD]

AN

seq 1: score mask

-inf

-inf

-inf

-inf

-inf

-inf

-inf

-inf

-inf

0.0 O. . oM -inf

-inf

-inf

0.0 0.0 0.0 . -inf

-inf

-inf

0.0 0.0 0.0 0.0 Ehij

-inf

-inf

NN

< O SS SS S
5% R xsb.oép,oép,ogp




Padding sequences

= The logic is the same for inference: the keys of PAD tokens are masked since these tokens
are uninformative.

seq 1: score mask (T, T)

Inference - left padding

prompt (left-padded) generated
input_ids attention_mask

seq 0 sat on the mat

seql love deep learning

¥ | | -inf | -inf
seq 2 world !

love [ -inf | -inf

seq 3 Attention
- - deep -inf | -inf
0 1 2 3 4 5 0 1 2 3 4 5
column learning | -inf f -inf
3 3
W)
& &




Demo time!!

= https://poloclub.github.io/transformer-explainer/
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Transformer
Architectural Variants



Encoder-Decoder Architectures

= |tis useful to think of generative models as two sub-models.

Some ::|
“The cat sat on the [N 4I” model 1
——
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Encoder-Decoder Architectures

= |tis useful to think of generative models as two sub-models.

Representation (compression) of the context ]

L. L
Q Q ]
S B=) | TT—

“The cat sat on the |ASME|”’ » S S » I——
= 2 =
L Q ]

—
Processes the context Produces the output sequence item by
into dense vectors. item using the representation of the

context.
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Enc-Dec work at inference time

= Transformer is two blocks

o Encoder = read or encode the input

o Decoder = generates text

R

gray chunky cat <p> <p> <p> <p> <bos>
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Enc-Dec work at inference time

= Transformer is two blocks
o Encoder = read or encode the input
o Decoder = generates text

: + T

gray chunky cat <p> <p> <p> <bos> sat
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Enc-Dec work at inference time

= Transformer is two blocks
o Encoder = read or encode the input
o Decoder = generates text

gray chunky cat <p> <p> <bos> sat on ;



Enc-Dec work at inference time

= Transformer is two blocks

o Encoder = read or encode the input
o Decoder = generates text

X = tJe gIay Chunky cat <I> <bos> sat on the
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Enc-Dec work at inference time

= Transformer is two blocks
o Encoder = read or encode the input
o Decoder = generates text

rb&Q\,%, <eos>
0
I

TYTTT S

X = tJe gIay Chunky cat <bTOS> sat on the mat
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TranSformer [Vaswani et al. 2017]

Output

Probabilities
(for y;)

&

auto-regressive
decoding

Positional
Encoding

Positional
Encoding

< >

Input Output
Embedding Embedding

[Slide credit: CS886 at UWaterloo]

t++
(shift right)
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TranSformer [Vaswani et al. 2017]

Add & Norm

Add & Norm

ViU Hedd

Z X

Positional
Encoding

S

Input
Embedding

Output

Probabilities
(for y;)

&

auto-regressive
decoding

Positional
Encoding

%

Output
Embedding

[Slide credit: CS886 at UWaterloo]

t++
(shift right)
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X1

X3

Positional
Encoding

(XY} xn

Transformer [vaswanietal. 20171

Generator
(prediction head)

Add & Norm

Feed
Forward

Multi-Head

Feed
Forward

Add & Norm

o—

Input
Embedding

Encoding
Output
Embedding

Output

Probabilities

(for

Positional

[Slide credit: CS886 at UWaterloo]

Vt)

auto-regressive
decoding

Decoding
Procedure

t++
(shift right)




Transformer [vaswanietal. 20171

Output
Softmax Probabilities
Linear (for y.)

Add & Norm

Feed
Forward

Multi-Head

Feed
Forward

Decoding
Procedure

t++
(shift right)

auto-regressive
decoding

Add & Norm

Positional ®—€9 69_@ Positional
Encoding Encoding

xl xZ (XY} xn

[Slide credit: CS886 at UWaterloo]



How does training Enc-Dec work?

= Same as what we did before for encoder-only models.

(goldoutput) Y = sat on the mat </s>

X = tJe gray Chunky cat <bTOS> sat on the mat
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= Computation of encoder attends to both sides.

Hidden
states

e

g
e

D @ ¢

:

[Attention Is All You Need, Vaswani et al. 2017] visualization: theEdgeALio

— -

Transformer vasua

Encoder Self-Attention

Self-attentions

Keys

LI T1)

@eoow

< CTOTW

s?
aem SR

Queries

o< COO00

V

[t;l;;s.] l [eYeXelole]
@0000 [eYoYeoleYe)
- >§/v\€ »< 00000
©0000
Q0000

Hidden states

Output
Probabilities

( )
Add & Norm
Feed
Forward
7 R Add & Norm
_ -
A0l NG Multi-Head
Feed Attention
Forward JED) Nx
— ]
Nix Add & Norm
Add & Norm Masked
Multi-Head Multi-Head
Attention Attention
1t
— J g — )
Positional D & Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)


https://arxiv.org/abs/1706.03762

Transformer vasua

= At any step of decoder, it attends to previous
computation of encoder as well as decoder’s
own generations.

Hidden
states

Hi

[Attention Is All You Need, Vaswani et al. 2017]

Wk

MaskedDecoder Self-Attention

TN

Self-attentions

Keys
CIT1T)
©0009
- CTTTW
i {mll AV
i —p — e
Queries %
P+ CoooT /
- o000
DTOo. f”
[g:l‘u;s.] W ©0000
@0000 [eYoYeoleYe)
< 000ed }% > 00000
@ee909
00000 [eleXele)e]
— ©O0O0O0]

Hidden states

Output
Probabilities

~
(| Add & Norm
Feed
Forward
7 R Add & Norm
_ :
£dd & Norm Multi-Head
Feed Attention
Forward JED) Nx
—
Nix Add & Norm
Add & Norm R :
Multi-Head Multi-Head
Attention Attention }

LN S R
— J —
Positional D & Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

Visualization: theEdgeAl.io

(shifted right)


https://arxiv.org/abs/1706.03762

Transformer vasua

= At any step of decoder, it attends to previous
computation of encoder.

Encoder

OUtEut s

[XXXX]
00000

CX XXX I
LXXXX)
LXXXX)
CXXXX)
LX XXX I
Decoder
hidden states

[Attention Is All You Need, Vaswani et al. 2017]

Encoder-Decoder Attention

Keys "
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Hidden states

Visualization: theEdgeAl.io

Output
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Linear

([ Add & Norm

Feed

Forward

(shifted right)
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el el Multi-Head
Feed Attention
Forward Nx
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https://arxiv.org/abs/1706.03762

Quiz: Enc-Dec Connections

= Which best represents encoder-decoder connections? (y-axis denotes the layers)

encoder

decoder ///’>

decoder

encoder

decoder

encoder

decoder

encoder

decoder

encoder

\ J \U J

encoder

decoder \\\\>

Incorrect

encoder decoder

encoder decoder

encoder decoder

encoder decoder

encoder decoder

encoder decoder

[Slide credit: CS886 at UWaterloo]

Correct
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Recap: Transformer

= Yaaay we know Transformers now! ks
= An encoder-decoder architecture
= 3 forms of attention

=
I
1
-

MaskedDecoder Self-Attention

Encoder Self-Attention

Output
Probabilities

(| Add & Norm )
Feed
Forward
7 R Add & Norm
_ .
el N Multi-Head
Feed Attention
Forward DY) Nx
—
Nix Add & Norm
Add & Norm Masked
Multi-Head Multi-Head
Attention Attention
At At
— J g —)
Positional D ¢ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)



Considerations about
computational cost
In Transformers



Diversion: Floating-point Ops: FLOPS

Floating point operations per second (FLOPS, flops or flop/s)

Each FLOP can represent an addition, subtraction, multiplication, or division of floating-
point numbers,

The total FLOP of a model (e.g., Transformer) provides a basic approximation of
computational costs associated with that model.
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FLOPS of Matrix Multiplication

= Matrix-vector multiplication are common in Self-Attention (e.g., QKV projection)
o Requires 2mn (2 x matrix size) operations for multiplying A € R™*" and b € R"
o (2 because 1 for multiplication, 1 for addition)

_All
A21

A12
A22

Aln
A2n

Aj1xq + Ao + - - -
Ag1x1 + Agoxo + - - -

Api1z1 + Apaza + -

s Alnxn
g5 A2nxn

+ Amnxn_
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Quiz: thinking about computations

Consider the following matrix multiplication:
AB,  where A € R™™ B € RM*¥

Question 1: Computing AB involves how many arithmetic operations?
o (also referred to as floating-point operations or FLOPS)

Answer: It's O(nxmxk).

o (to be a bit more precise, it's = 2nxmxXxk since each element in A B requires
almost equal num of multiplications and summations.)

Question 2: Computing AB involves how many memory/IO access?
Answer: It's nxm (reading A) + mxk (reading B) + nxk (writing AB).

(*fassuming each input is read once)
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Computations in Transformer Block

We are going to count computations and |O access in Transformer computations.

Note we assume that the full input sequence is given at once (e.g., training time).

d
Here is the first step. Given: x € RP>*™*d Wi e R%*m

Let’s think about the following computation: xW/
Q1: What is the number of arithmetic operations? 0 (bxnxd x %) for each head

Q2: What about the number of |O? O(bxnxd + dx% + bXnx %) for each head

Q3: What are these quantities for all heads?
o Number of arithmetic ops: 0(bnd?)
o Number of 10 ops: 0(2bnd + d?)
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b: batch size,
n: sequence length,

ComPUtations in m: number_ofhea.ds _
Transformer Block e ey

d¢ = 4d: feature dimension inside FFN

x € Rxd, Wi ¢ RO xW/, xW¥, xW/ for m heads 0(bnd?) 0(d? + 2bnd)
d KT

Q. K; € RP>™m P; « softmax (%) for m heads 0(bn%d) 0(2bnd + bmn?)

V, € RE™ , P, € Rbxnxn head; « P;V; for m heads 0(bn%d) 0(2bnd + bmn?)
WO € R%*4, head; € benX% Y = Concat(heady, ..., head,,)W? 0(bnd?) 0(2bnd + d?)

Y € RbXTle’ W1 (= Rddef, :
W, € Réxd Y=fYW)OW, O(16bnd*) 0(2bnd + 8d?)
Total O(bnd? + bnd)  O(bnd + bmn? + d?)

https://le.qun.ch/en/blog/2023/05/13/transformer-batching/
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b: batch size,

The bottlenecks n: sequence length,

d: feature dimension in output of SA

= So, in total, we have —

= The quadratic terms are based on n and d 0(bnd?* + bnd) O(bnd + bmn? + d?)

= d is fixed (part of architecture) but n changes with input.

= Bottlenecks #1: If n (sequence length) > d (feature dimension), the time and space
complexity would be dominated by 0(n?).

= However, these despite this quadratic dependence these are parallelizable
operations which can be computed efficiently in GPUs.

o In comparison, RNNs perform

! X , Layer Type Complexity per Layer Sequential
less arithmetic ops but they're Operations
not all parallelizable. Self-Attention O(n? - d) 0(1)

Recurrent O(n - d?) O(n)

= Bottlenecks #2: Another potential
bottleneck is how fast we can run 10.
(more on this later)

[Vaswani et al. 2017]
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Recap

= Transformers computation of a full sequence is bounded by 0(bnd? + bn?d).
o Generally, the quadratic term that depends on seq len n is more concerning.

= |0 may also impose other limits on this (coming up).

= Also, the above calculations is for a given sentences (e.g. training time).

o How bad is the computational complexity during the decoding time where we want to
generate text one token at a time?
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=

During decoding time, how slow is

attention computation?

|
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Q: Pulse Check: What is a KV-Cache?

Q = xW¢14
K = xW¥k
IV = xWV
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Self-Attention During Inference

K

Q =qu
K = xW¥k
IV =xWV

T
QK )V

B :
e SOftmaX( vd
. 5

l v

[Slide credit: Arman Cohan]
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Self-Attention During Inference

Q — qu
K = xW¥k
—_ va

/ l\ Attention(x) = softmax( 74 )
q |

query computed from
the last input token.

l v

previous context

[Slide credit: Arman Cohan]
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Self-Attention During InferenceQ

= xW1
K = xW¥
V =xWV
Attention(x) ft (QKT>V
ention(X) = softmax
Vd
q |
query computed from L
the last input Eoken. K = ka V V = va
,»; / ,
it / | /‘/
J / previous context
BTh% Cat Sat on the [Slide credit: Arman Cohan]
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q

Self-Attention During InferenceQ

query computed from
the last input token.

L

= xW¢1?
K = xW¥k
IV =xWV

'Jd

/ previous context

Sat on the [Slide credit: Arman Cohan]
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Self-Attention During InferenceQ

= xW¢1
K = xWFk
V =xWV
Attention(x) ft (QKT> /4
ention(X) = softmax
Vd
q | |
query computed from |
the last input token. K = ka vi V = va
3 N /“ |
> |
/
/ previous context
on the [Slide credit: Arman Cohan]
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q .

Self-Attention During InferenceQ

query computed from
the last input token.

K

ka

L

previous context

Attention(x) = softmax(

= xW¢1?
K = xW¥k
IV =xWV

V= Wx

T

K)V

Vd

[Slide credit: Arman Cohan]
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Self-Attention During InferenceQ

= xW¢1
— k
= We are computing the Keys and Values many times! I;; ;(“:\\/]v

o Let's reduce redundancy! &

'Jd

q .

query computed from

the last input token. K ka | V = va

[Slide credit: Arman Cohan]
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KV-Cache for reducing inference redundancy

= We are computing the Keys and Values many times!

o Let’s reduce redundancy! &

q .

kypew = Wix[:, : — 1]

query computed from
the last input token.

- K Cachefj

AN /

N Y

The cat sat on [t_fﬁ

/M Vnew = WiX[:, + —1]

Q = xW¢?
K = xWk
IV =xWV

'Jd

V Cached

[Slide credit: Arman Cohan]
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Quiz: KV-Cache

= How much memory does this KV-cache require? Let’'s assume,
o batch size b,
o embedding dimension is d,
o the length of the sequence seen so far is n,
o your model has L layers,
o Each param is stored k bytes (e.g., FP16 takes 2 bytes)

1. 2bnlk

2. 2bdLk q BT

3 bndLk q: the next token !K Cached
4. 2bndLk

V Cached

—W

previous-e0 Shitext

The cat sat onlthe
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Recap

= To avoid redundant computations during decoding time, KV-cache is used to
keep track of previous calculations of keys and values.

= But how exactly how costly are these computations?
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b: batch size,

Decoding Computations m: secuence lengih thus far.
(proceSSing token by t0ken) d: feature dimension in output of SA

/Compared to the previous table (SA for a ‘seq of 'Iengt‘h n),"all the
cells have one less dependence on n (e.g., n? > norn - 1).

}'on inside FFN

Operation

Notice we're doing this
computatlons for one token
ensions

\Y Query/key computations get
x € R4, W e RY " combined with KV-cache o m heads 0(bd?) 0(d? + 2bd)
bx1x% . (Ql[—)
Qi K; € R”™n of the new token; P, « softmax (=222 ) for m 0(bnd) 0(bnm + bnd + bd)
Ky, € RP™%5: from KV-cache heads
V; € RPX1%5 of the new token;
Vi, € ]benxm from KV-cache; head; < P;[V,,; V;] for m heads 0(bnd) O(bnm + bnd + bd)
Pi € belx(n+1)
WO € R4 head, € RP5 Y = Concat(head,, ..., head,,) W° 0(bd?) 0(2bd + d?)

Y € ]RbX1Xd,W € Rdxdff’
w, e Réﬁxd Now the computations (of next token) ~~  0(bd?) 0(2bd + 8d?)

_ has linear dependence on seq length.
Total O(bd? +bnd)  O(bmn + bnd + d?)




Recap: complexity of decoding text

= Transformers computation for generating each word is 0(bd? + bnd).

= Remember the complexity of processing a full sequence of length: 0(bnd? + bn?d).

106



Quiz: Enc-Dec inference cost

= Suppose we're using an Enc-Dec model for summarization task. Input are long passages
with length m and the expected (summary length is n). The computational complexity of
this operation is:

o 0(n)+0(m)

o 0(n)+ 0(m) + 0(nm) No, self attention is all-to-all
o 0(n? +0(m?)+ 0(nm) and so quadratic.
o

0(n?) + 0(m?)

[Slide: John Canny] 107



Quiz: Enc-Dec inference cost

= Suppose we're using an Enc-Dec model for summarization task. Input are long passages
with length m and the expected (summary length is n). The computational complexity of
this operation is:

o 0(n)+0(m)
O(m) + 0(m) + 0(nm)

@)
o 0(n®)+0(m?)+ 0(nm) <( No, self attention is all-to-all ]
@)

0(n?) + 0(m?) and so quadratic in m and n.
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Quiz: Enc-Dec inference cost

= Suppose we're using an Enc-Dec model for summarization task. Input are long passages
with length m and the expected (summary length is n). The computational complexity of
this operation is:

o 0(n)+0(m)

o 0(n)+ 0(m)+ 0(nm)

o 0(n?) + 0(m?) + 0(nm)
O

0(n?) + 0(m?)
ﬁ No, cross attention is missing. ]

109



Quiz: Enc-Dec inference cost

= Suppose we're using an Enc-Dec model for summarization task. Input are long passages
with length m and the expected (summary length is n). The computational complexity of
this operation is:

O

©)
©)
©)

0(n) + 0(m)

O(m)+ 0(m) + 0(nm)
0(n?) + 0(m?) + 0(nm)
0(n?) + 0(m?) Yes. The three terms are respectively the Encoder ]

self-attention, Decoder self-attention, and Cross
attention.

Though a more accurate term is: 0(n?d + nd? + m?d + md? + nmd)
with d denoting the model embedding dimension.
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Summary: Computational Complexity of
Transformers

Process a sequence at once: Computation is bounded by 0(n?).

Processing one token at a time during inference:

o KV-Cache: To avoid redundant computations during decoding time, KV-cache is used
to keep track of previous calculations of keys and values.

o The computation is bounded by 0 (n).
Though in all cases, the computations are penalizable (modulo Transformer layers).

10 bottlenecks: when reading/writing slows us down; we will get to this (next chapter).
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Writing our own
Transformer




Clone Helper Function

= Create N copies of pytorch nn.Module
= The Transformer’s structure contains a lot of design repetition (like VGG)
= Remember these clones shouldn’t share parameters (for the most part)

def clones(module, N):
"Produce N identical layers."
return nn.ModuleList( [copy.deepcopy(module) for _ in range(N)])

[Slide credit: CS886 at UWaterloo] 113



Create Embedding

= Create vector representation of sequence vocabulary
= nn.Embedding creates a lookup table to map sequence vocabulary to unique vectors

class Embeddings(nn.Module):
def __init__ (self, d_model, vocab):
super(Embeddings, self).__init_ ()
self.lut = nn.Embedding(vocab, d_model)
self.d_model = d_model

def forward(self, x):
return self.lut(x) * math.sqrt(self.d_model)
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Positional Encoding

class PositionalEncoding(nn.Module):

. . "Implement the PE function."

= Add information about an
element’s pOSition in a sequence def __init_ (self, d_model, dropout, max_len=5000):

to |tS representation super(PositionalEncoding, self).__init_ ()
self.dropout = nn.Dropout(p=dropout)

= Element wise addition of
SinUSOidaI enCOding # Compute the positional encodings once in log space.

pe = torch.zeros(max_len, d_model)
position = torch.arange(@, max_len).unsqueeze(1)
div_term = torch.exp(
torch.arange(0, d_model, 2) x —(math.log(10000.0) / d_model)
)

Positional pel:, 0::2] = torch.sin(position % div_term)
. pel:, 1::2] = torch.cos(position x div_term)
Encodlng pe = pe.unsqueeze(0)

self.register_buffer("pe", pe)
def forward(self, x):

x = x + self.pel:, : x.size(1l)].requires_grad_(False)
return self.dropout(x)
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Subsequent Mask
1.0

Attention block

def attention(query, key, value, mask=None, dropout=None):
"Compute 'Scaled Dot Product Attention'"
d_k = query.size(-1)
scores = torch.matmul(query, key.transpose(-2, -1)) / math.sqrt(d_k)
if mask is not None:

scores = scores.masked_fill(mask == 0, -1e9)
p_attn = scores.softmax(dim=-1) —1e9 is a large negative number,
if dropout is not None: which leads to softmax(-1€9) =~ 0

p_attn = dropout(p_attn)
return torch.matmul(p_attn, value), p_attn
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Multi-Head Attention

class MultiHeadedAttention(nn.Module):
def __init_ (self, h, d_model, dropout=0.1):

"Take in model size and number of heads."
super(MultiHeadedAttention, self).__init_ ()
assert d_model % h ==
# We assume d_v always equals d_k
self.d_k = d_model // h
self.h = h
self.linears = clones(nn.Linear(d_model, d_model), 4)
self.attn = None
self.dropout = nn.Dropout(p=dropout)

[Slide credit: CS886 at UN ateriss

def forward(self, query, key, value, mask=None):
"Implements Figure 2"
if mask is not None:
# Same mask applied to all h heads.
mask = mask.unsqueeze(1)
nbatches = query.size(0)

# 1) Do all the linear projections in batch from d_model => h x d_k
query, key, value = [

lin(x).view(nbatches, -1, self.h, self.d_k).transpose(1, 2)

for lin, x in zip(self.linears, (query, key, value))

# 2) Apply attention on all the projected vectors in batch.
x, self.attn = attention(
query, key, value, mask=mask, dropout=self.dropout

# 3) "Concat" using a view and apply a final linear.
x = (

X.transpose(1, 2)

.contiguous()

.view(nbatches, -1, self.h x self.d_k)
)
del query
del key
del value

elf.linears[-1](x)



FeedForward Layer

class PositionwiseFeedForward(nn.Module):
"Implements FFN equation."

def __init__ (self, d_model, d_ff, dropout=0.1):
super(PositionwiseFeedForward, self).__init__ ()
self.w_1 = nn.Linear(d_model, d_ff)
self.w_2 = nn.Linear(d_ff, d_model)
self.dropout = nn.Dropout(dropout)

def forward(self, x):
return self.w_2(self.dropout(self.w_1(x).relu()))
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Sublayer Connections

class SublayerConnection(nn.Module):
A residual connection followed by a layer norm.
Note for code simplicity the norm is first as opposed to last.

def __init_ (self, size, dropout):
super(SublayerConnection, self).__init_ ()
self.norm = LayerNorm(size)
self.dropout = nn.Dropout(dropout)

def forward(self, x, sublayer):

"Apply residual connection to any sublayer with the same size."
return x + self.dropout(sublayer(self.norm(x)))
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Encoder Layer

class EncoderLayer(nn.Module):
"Encoder is made up of self-attn and feed forward (defined below)"

def __init_ (self, size, self_attn, feed_forward, dropout):
super(EncoderLayer, self).__init_ ()

self.size = size

def forward(self, x, mask):
"Follow Figure 1 (left) for connections.”

return

I

[Slide credit: CS886 at UWaterloo]
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Decoder Layer

= Same as encoder layers other than:

o the additional multi-head attention block to preform
cross-attention with the output representation from the encoder

class DecoderLayer(nn.Module):
Add & Norm
"Decoder is made of self-attn, src-attn, and feed forward (defined below)"

Feed Forward
def __init_ (self, size, self_attn, src_attn, feed_forward, dropout):
super(DecoderLayer, self).__init_ ()

self.size = size Add & Norm
self.self_attn = self_attn Add & Norm Multi-Head
Cross-

self.src_attn = src_attn
self.feed_forward = feed_forward
self.sublayer = clones(SublayerConnection(size, dropout), 3)

Feed Forward Attention

I

Add & Norm Add & Norm

def forward(self, x, memory, src_mask, tgt_mask): Masked
"Follow Figure 1 (right) for connections." MUIt"Head Multi-Head
m = memory Self-Attention Self-Attention

x = self.sublayer[0] (x, lambda x: self.self_attn(x, x, x, tgt_mask))
x = self.sublayer[1](x, lambda x: self.src_attn(x, m, m, src_mask))

return self.sublayer[2](x, self.feed_forward)
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The Prediction Head

= Afinal linear mapping
= Apply softmax to convert logits to probabilities

class Generator(nn.Module):
"Define standard linear + softmax generation step."

def __init_ (self, d_model, vocab):
super(Generator, self).__init__ ()

self.proj = nn.Linear(d_model, vocab) [ S Output
oftmax T

Probabilities

geliaatt S cliapoh ( Linear | For next area

return log_softmax(self.proj(x), dim=-1)
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Build each block

class Encoder(nn.Module):
"Core encoder is a stack of N layers"

def

def

__init_ (self, layer, N):

super(Encoder, self).__init_ ()
self.layers = clones(layer, N)
self.norm = LayerNorm(layer.size)

forward(self, x, mask):
"Pass the input (and mask) through each layer in turn."
for layer in self.layers:
x = layer(x, mask)
return self.norm(x)

class Decoder(nn.Module):
"Generic N layer decoder with masking."

def

def

[Slide credit: CS886 at UWaterloo]

__init_ (self, layer, N):

super(Decoder, self).__init_ ()
self.layers = clones(layer, N)
self.norm = LayerNorm(layer.size)

forward(self, x, memory, src_mask, tgt_mask):
for layer in self.layers:

x = layer(x, memory, src_mask, tgt_mask)
return self.norm(x)
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class EncoderDecoder(nn.Module):
A standard Encoder-Decoder architecture. Base for this and many
other models.

def __init_ (self, encoder, decoder, src_embed, tgt_embed, generator):
super(EncoderDecoder, self).__init_ ()
self.encoder = encoder
self.decoder = decoder
self.src_embed src_embed
self.tgt_embed = tgt_embed
self.generator = generator

def forward(self, src, tgt, src_mask, tgt_mask):
"Take in and process masked src and target sequences."
return self.decode(self.encode(src, src_mask), src_mask, tgt, tgt_mask)

def encode(self, src, src_mask):
return self.encoder(self.src_embed(src), src_mask)

def decode(self, memory, src_mask, tgt, tgt_mask):
return self.decoder(self.tgt_embed(tgt), memory, src_mask, tgt_mask)
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def make_model(
src_vocab, tgt_vocab, N=6, d_model=512, d_ff=2048, h=8, dropout=0.1

"Helper: Construct a model from hyperparameters."

Cc = copy.deepcopy

attn = MultiHeadedAttention(h, d_model)

ff = PositionwiseFeedForward(d_model, d_ff, dropout)

position = PositionalEncoding(d_model, dropout)

model = EncoderDecoder(
Encoder(EncoderLayer(d_model, c(attn), c(ff), dropout), N),
Decoder(DecoderLayer(d_model, c(attn), c(attn), c(ff), dropout), N),
nn.Sequential(Embeddings(d_model, src_vocab), c(position)),
nn.Sequential(Embeddings(d_model, tgt_vocab), c(position)),
Generator(d_model, tgt_vocab),

# This was important from their code.
# Initialize parameters with Glorot / fan_avg.
for p in model.parameters():
if p.dim() > 1:
nn.init.xavier_uniform_(p)
return model
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