Introduction to Computer Vision

Lecture 14
Self-Attention & Transformer

Prof. He Wang

Embodied Perception and InteraCtion'tab SP



e Assignment 4 (Point Cloud Learning, Detection & RNN)
* Released on 5/24
 Due on 6/8 11:59PM



Attention + Transformer

The slides are borrowed and modified from Stanford CS 231N.



Today: Attention + Transformers

Attention: A new primitive that
operates on sets of vectors
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| everywhere today!

But they developed as
an offshoot of RNNs
so let’s start there

Transformer: A neural
network architecture that
uses attention everywhere
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Recap: Sequence to Sequence with RNNs

Input: Sequence xi, ... X7 Decoder: s; = gu(y:1, St-1,C)

Output: Sequence y1, ..., yr

vediamo
From final hidden state predict:
Encoder: h;= fy (X, hy) Initial decoder state s .
Context vector c (often c=hy) |
h1 » h2 » h3 »  hs S0 > S1
R d
X1 X2 X3 X4 > c yo
we see the sky [START]

Sutskever et al, “Sequence to sequence learning with neural networks”, NeurlPS 2014



Recap: Sequence to Sequence with RNNs

Input: Sequence X1, ... Xt Decoder: s;= gu(yt.1, St-1,C)
Output: Sequence y1, ..., yr

vediamo il cielo [STOP]

From final hidden state predict:
Encoder: h;= fy (X, hy) Initial decoder state s g g ” g
Context vector c (oftenc=hy) | 1 1 1
h1 > h2 > hs3 > ha S0 > S > s2 P s3 T
1 I ] ] 11; 11; 11; fu
X1 X2 X3 X4 > cC Yo y1 y2 y3
Problem: Input sequence _ _ _
[START] vediamo il cielo

we see the sky  bottlenecks through fixed
sized c. What if T=10007?

Sutskever et al, “Sequence to sequence learning with neural networks”, NeurlPS 2014



Recap: Sequence to Sequence with RNNs

Input: Sequence X1, ... XT Decoder: st= gu(yt-1, St-1,C)

Output: Sequence y1, ..., yr

vediamo il cielo [STOP]

From final hidden state predict:
Encoder: h, = fy (X, hy) Initial decoder state s g v & v
Context vector c (often c=hy) | 1 1 1
h1 > h2 » h3 > hs S0 > s > s > s > s
I R S AN § S |
X1 X2 X3 X4 > c yo y1 y2 y3
we see the sky [START] vediamo il cielo

Sutskever et al, “Sequence to sequence learning with neural networks”, NeurlPS 2014



Sequence to Sequence with RNNs and

Input: Sequence Xy, ... XT
Output: Sequence yq, ..., yr

From final hidden state:

Encoder: h; = fy(x, hi4) Initial decoder state s,

h1 > ho » hs »  hs S0
X1 X2 X3 X4
we see the sky

Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR2015



Sequence to Sequence with RNNs and

From final hidden state:
Initial decoder state sg

€11 €12 €13 €14
A A A A A A F X
1
h1 > h2 > hs3 > ha S0
X1 X2 X3 X4
we see the sky

Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR2015

Compute (scalar) alignment scores

et = fat(St1, hi)

(fais a LinearLayer)



Sequence to Sequence with RNNs and

Initial decoder state sg

ai a2 a3 a4
1 t t 1
softmax
1 f t t From final hidden state:
€11 e12 €13 €14
A A A4 A A A A
1
h1 > h2 » hs3 » hs S0
X1 X2 X3 X4
we see the sky

Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR2015

Compute (scalar) alignment scores
et = fat(St1, hi) (fazis a Linear Layer)

vediamo ) .
Normalize alignment scores

to get attention weights
0<ai<1 Yiay=1



Sequence to Sequence with RNNs and

1 1 1

1) ¢ ¢ 1)
soffmax
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€11 €12 €13 €14

O L W

From final hidden state:
Initial decoder state sg

h1 » h2 » hs
X1 X2 X3 X4
we see the sky

Y1

AN

S1

Intuition: Context
vector attends to the

relevant part of the
input sequence

v

C1

Yo

‘vediamo” = “‘we see”
SO0 maybe a1=a2=0.45,
diz3=ai4 =0.05

Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR2015

[START]

Compute (scalar) alignment scores
et = fatt(St1, hi)
vediamo

(fattis a Linear Layer)

Normalize alignment scores
to get attention weights

0<ai<1 Jiay=1

Compute context vector as
weighted sum of hidden
states

Ct= Y iaih

Use context vector in
decoder: st= gu(Yt1, St1, Ct)



Sequence to Sequence with RNNs and
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€21 €24
h1 » h2 \ h3 \ ha

I

X1 X2 X3 X4

we see the sky

Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR2015

vediamo

Y1

S0

S1

\ 4

C1

Yo

C2

[START]

Repeat: Use sito compute
new context vector ¢,

Compute new alignment
scores e, ;and attention
weights dz|



Sequence to Sequence with RNNs and

% 2-@ 3-@ % Repeat: Use sito compute
{) () () L) new context vector c,
az1 az azs aza di il
vediamo |
t 4 4 t
soffmax

) t t t y1 y2
€21 \ €22 €23 \ €24 Y A A
'Y ) (X 11 11 + Use context vector

\ \ \ in decoder: s;=
h1 > h2 > hs h4 S0 » St P s2 gu(yt-1, St-1, Ct)

y 3 y 3 A A

1 I ] ] A 4 A 4
X1 X2 X3 X4 C1 yo Cc2 y1
we see the sky

[START] vediamo

Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR2015



Sequence to Sequence with RNNs and

J J J J Repeat: Use sito compute
%@ %@ 3§ %@ new context vector c,
az1 azz azs azq
3 3 3 ¥ vediamo il
soffmax
t t t t yi y2
€21 €22 €23 \ €24 \ Yy 7'y
11 \ 11 14 [ %) + Use context vector
\ \ \ in decoder: s;=
h1 > ho ™ hs ha S0 » st P s2 gU(yt-1, St-1a Ct)
1 I ] ] Intuition: Context vector
attends to the relevant = ¥
X1 X2 X3 x4 part of the input sequence ct (| o |||y
lli/” = “the”
we see the sky SO maybe az1=a,=0.05, _
204=0.1, 28,5=0.8 [START] vediamo

Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR2015



Sequence to Sequence with RNNs and

Use a different context vector in each timestep of decoder

- Input sequence not bottlenecked through single vector

. vediamo il cielo [STOP]
- At each timestep of decoder, context vector “looks at”
different parts of the input sequence
y1 y2 ys3 y4
A A A a
A A A S
h1 » ho » h3 »  hs S0 > s1 > s2 > s3 > sS4
a a r a r r A r 3
I U0 T ]
X1 X2 X3 X4 C1 Yo c2 Y1 c3 y2 c4 y3
t t t i}
we see the sky
[START] vediamo il cielo

Bahdanau et al, “Neural machine translation by jointly leaming to align and translate”, ICLR2015




Sequence to Sequence with RNNs and Attention
Example: English to

Visualize attention weights at;

French translation .
a1 az azs Ay g g E

[} = A
? ? 1 1 * o % = © g é a 5
f .qc" 5c 258 ¢wmo S o v
SO ax F o oS Ludg 3w E I~ Y

t t t t L

€21 €22 €23 €24 accord

f t t t

la

zone

h1 » he » hs ha économique

européenne
été

signé
X1 X2 X3 X4
en
ao(t
we see the sky 1992

<end>

Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR2015



Sequence to Sequence with RNNs and Attention

Example: English to
French translation

Visualize attention weights at;

g c u
£ o g - g A
“« o g @ ? & 3w e & o 2
Input: “The agreement on the ESE5a8c8v=sad .V

European Economic Area was acco;'
signed in August 1992.” sur
la

zone

Output: “L’accord sur la zone économique
économique européenne a été Rl
signé en aolt 1992.” été

signé
en
aolt
1992

<end>

Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR2015



Sequence to Sequence with RNNs and

Example: English to
French translation

Input: “The agreement on the
European Economic Area was
signed in August 1992

Output: “L’accord sur la zone
économique europeenne a été
signé en aout 19927

agreemen
European
Economic

Diagonal attention
means words
correspond in order

zone
économique
européenne

Diagonal attention
means words
correspond in order

Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR2015

Visualize attention weights a;



Sequence to Sequence with RNNs and

Example: English to
French translation

Visualize attention weights a;

2 g€
1] g o g g
Input: “The agreement on the 25 s|a 8

Diagonal attention

was means words

signed in August 1992. correspond in order
zZone
Output: “L’accord sur la économique
a été européenne
a
signé en aout 1992 été

signé

Diagonal attention
means words
correspond in order

Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR2015



Sequence to Sequence with RNNs and

$7 v Y Y. There’s a ggneral

t ) ) 3 operator hiding here:

a: a;? / "";3 a;“ vediamo il cielo [STOP]
soffmax

f f \ f f y1 y2 y3 y4

€21 €22 €23 €24

e | g £t |

R e T e o Y VY
N T 0 T

X1 X2 X3 X4

c1 yo c2 Y1 c3 y2 c4 y3

we see the sky
[START] vediamo il cielo



Sequence to Sequence with RNNs and

Query vectors (decoder RNN states) and There’s a general
data vectors (encoder RNN states) operator hiding here:
get transformed to vediamo i cielo [STOP]
Each query attends to all data vectors and ’ . . »
gives one vector

h1 » h2 » h3 »  hs S0 Jj S1 > s2 > s3 > s4

X1 X2 X3 X4 c1 Yo c2 y1 c3 Y2 c4 y3

t t t
we see the sky

[START] vediamo il cielo
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Attention Layer

lnputs:
Query vector: q[Dg
Data vectors: X[ Nxx Dx]




Attention Layer

lnputs: r T T ,
Query vector: q[Dq A " A X
Data vectors: X[ Nxx Dx] an & / an are
t t t t
'sof‘max

Computation:

Similarities: e [Nx] €= fai(q, Xi)



Attention Layer

lnputs: ) J T J
Query vector: q[Dq ' x X X
Data vectors: X[ Nxx Dx] | an au an v
I . t t t
| soffmax |
‘ el | | e:z e:] 9:1
A A |
h X hz h \ ha 0 [:_.,j
I
Computation:
Similarities: e [Nx] ei= fai(q, Xj) x % % Xs —

Attention weights: a = softmax(e) [Nx]



Attention Layer

lnputs:
Query vector: q[Dg
Data vectors: X[ Nxx Dx]

Computation:

Similarities: e [Nx] ej= fai(q, Xj)
Attention weights: a = softmax(e) [Nx]
Output vector: v = Y ia; X;[Dy




Attention Layer

lnputs:
Query vector: q[Dg
Data vectors: X[ Nxx Dx]

Computation:

Similarities: e [Nx] ej= fai(q, Xj)
Attention weights: a = softmax(e) [Nx]
Output vector: v = Y ia; X;[Dy

Let’'s generalize this!



Attention Layer

lnputs:

) I T I
Query vector: g[Dx] 3 s x
Data vectors: X[ Nxx Dx] 8{ / a; ﬁ:—‘
soffmax |
1 t ’ 1
11 1 |
\f hz h \ hs S0 [:+j
! ] l
Computation:
Similarities: e [Nx] |ei =q - X I X * X X —
Attention weights: a = sottmax(e) [Nx] e <o o -
Output vector: v = Y ia; X;[Dy
Changes

- Use dot product for similarity



Attention Layer

lnputs:

) I T I
Query vector: g[Dx] 3 s x
Data vectors: X[ Nxx Dx] 8 / an ﬁ:—‘
t t
soffmax |
1 t ’ 1
11 1 |
\f hz h \ hs S0 [:+j
! ] l
Computation:
Similarities: e [Nx] Iei =q - Xj K Dx I X1 X X3 x —
Attention weights: a = softmax(e) [Nx] we <o . .
Output vector: v = Y ia; X;[Dy
Changes

- Use scaled dot product for similarity



Attention Layer

Inputs:
Query vector: q[Dx]
Data vectors: X[ Nxx Dx]

Large similarities will cause softmax to
saturate and give vanishing gradients
Recall a - b = |a||b| cos(angle)
Suppose that a and b are constant
vectors of dimension D

Then |a] = (Y a?)Y/?=a\/D

Computation:
Similarities: e [Nx] Iei= - X; N Dx I X x: xs X .-
Attention weights: a = softmax(e) [Nx] e <o e -
Output vector: v = Y ia; X;[Dy
Changes

- Use scaled dot product for similarity



Attention Layer

lnputs:

. | ) 1 |
Query vector:lQ[NQ x Dx] I "3 Y % X
Data vectors: X[Nx x Dx ] an ans / an FL‘
t t t t
soffmax |
t 1 t ’ 1
TN AR TAN |
hy \'~ hz ha \ hs S0 [:+j
| l
Computation:
Similarities: E = QXT/,/Dx[Nqx Nx] " * . X —1 @
Eij= Q|XJ/\/D7 we see the sky
Attenti ights: A = soft E, dim=1) [Ngx N
ention weights softmax(E, dim=1) [NgXx Nx] Changes

Output tor: ¥ = AX[Ngx D
utput vector - Z-A-[-X(-)X Xl - Use scaled dot product for similarity
= 2iNiA]

- Multiple query vectors



Attention Layer

lnputs:

Query vector: Q[Nq x Dq ] >;< ;'t it x
Data vectors: X[Nx x Dx] o o / o -
Key matrix: Wx[Dx x Dq] t t t t
Value matrix: Wy [Dx x Dv] : ts° max' ; |
fl g\ |
Computation: L ” (+]
Keys: = XWi [Nxx Dy ] t ] l I
Values: V = XWy [Nxx Dy]
Similarities: E = I (/Do [Nq x Nx] = "’ - X — o
Eij = ' </DQ we see the sky

gttfnt::on wtelqhts_: 2V=[\Toftrgax(E, dim=1) [Nax Nx] Changes

utput vector: ¥ = AV[Ng x Dy] - Use scaled dot product for similarity

=2 AV ] .
Multiple vectors

- Separate and value



Attention Layer

lnputs:
Query vector: OQ[Ngx Dq]
Data vectors: X[ Nx x Dx]

X1

X2

Q1 Q2 Qs | Q4




Attention Layer

lnputs:
Query vector: O[Nq x Dq]
Data vectors: X[ Nx x D]

<
Key matrix: W«[Dx x Dq] 1
Value matrix: Wy [Dxx Dvy] > V>
B V3

Computation:
Keys: =X [Nx x Dq] = X1 ™ Ky
Values: V = XWy [Nx x Dy] X, — K
— X2 2
X3 ™ Ks

Q1 Q2 Qs | Q4




Attention Layer

lnputs:
Query vector: O[Nq x Dq ]
Data vectors: X[ Nx x D]

g V1
Key matrix: Wx[Dx x Dq]
Value matrix: Wy [Dxx Dvy] > V>
» V3
Computation:
Keys: =X [Nx x Dq] - X1 ™ Kq | Eu Ez.1 Es.1 Eas.1
Values: V = XWy [Nx x Dy] - P -
- — —> 1,2 Ez 3,2 4,2
Similarities: E = QK" / /Dg[Nax Nx] 2 2 Be | LE
Eij= ' </DQ X3 m K3 = | Eis Ezs3 Ess Eas

Q1 Q2 Qs | Q4



Attention Layer

lnpuis: Softmax normalizes each
Query vector: O[Nqgx Dq] column: each predicts
Data vectors: X[Nxx Dx] a distribution over the
Key matrix: [Dx x Dq]
. > V4 A Az As 1 Asi
Value matrix: Wy [Dxx Dy]
> V2 Al Az Az As2
> V3 Ais Az3 As3 Ass
Computation:
Keys: K =XWyx [Nxx Da] Softmax( 1)
Values: V = XWy [Nxx Dy] H X4 — Ky =] Ei Ez.1 Es.1 Ea1
Similarities: E = ! /Do [Ngx Ny
Eij= . (/D_Q — X2 —> K2 —> | Ei> Ez. Es2 Es2
Attention weights: A = softmax(E, dim=1) [Naox Nx] X3 = Ks = | E.s E, . - Ere
r t t 1t

Q1 Q2 Qs | Q4



Attention Layer
Y Y Y Y

lnputs: Each is a linear L 2 3 4

Query vector: Q[Ngx Dq] combination of all values, t t f t

Data vectors: X[Nx x Dx] weighted by attention weights Product(—= ), Sum( %)

Key matrix: [Dx x Dql t

Value matrix: Wy [Dxx Dy] > V4 A Az As Ass
> Vo | A Az, Az Asp
> V3 A1z Az Az Az

Computation:

Keys: =X [Nxx Dq] Softmax( 1)

Values: V = XWy [Nxx Dy] %, - Ky e el = e

Similarities: E = ! /Do [Nq x Ny

Eij = ' </DQ T X2 > K2 = | Ei2 Ez. Es> Eso
Attention weights: A = softmax(E, dim=1) [Nq x Nx] o o K [ - - -
Output vector: Y = AV[Ngx Dy] & 3 ' * ’ ’

= YAV, | t t 1
Q1 Q2 Q3| | Q4



Cross-Attention Layer
Y Y Y Y

I.D.D.u.tﬁ.' 1 2 3 4

Query vector: O[Ngx Dq] Each produces 1 1 1 t

Data vectors: X[Nx x Dx] one , which isa Product(— ), Sum(t)

Key matrix: [Dy x Dg] mix of information in t

Value matrix: Wy [Dxx Dy] the data vectors > V4 At | | Ao | | A | | A
> Vo | A Az Az Asp
> V3 A1z Az Ass Ass

Computation:

Keys: =X [Nxx Dq] Softmax( 1)

Values: V = XWy [Nxx Dy] X, - K, =l e s =i e

Similarities: E = ! /Do [Nq x Ny

Eij = : {/DQ ] X2 —> K2 = | Ei2 Ez» Es» | P
Attention weights: A = softmax(E, dim=1) [Nox Nx] X5 - Kz | e - =1 e,

Output vector: ¥ = AV[Ngx Dy]
= SAVj | t t t
Q4 Qe | Q3| Q4




Self-Attention Layer

lnputs:
Input vectors: X [N x D] Each input produces
Key matrix: [Din X Dout] one , Which is
Value matrix: Wy [Din X D] a mix of information
Query matrix: Wo[Dnx Dout from all inputs

. Shapes get a little simpler:
Computation:

. - N input vectors, each Dj,
Queries: O = X [N X Dout] - AImostalways D, =D,=D,,
Keys: =X [N X Dout

Values: V = XWy [N X Doyl
Similarities: E = /Do IN x N]
Eij= Q- Kj{/Dg
Attention weights: A = softmax(E, dim=1) [N x N]
Output vector: ¥ = AV[N x Doy
=2 AV

Y1 Yo Y3

\ 4

A 4

v

\ 4

t t 4
Product(=), Sum(4)
4
V1 —> | Aiq A; A
V2 > A1,2 Az Az
V3 A1 Ass As 3
Softmax( %)
K1 = | Ei1 = Es,1
K2 —> Ei. Es Es
K3 =—> | Eis Ess Es 3
1 ) +
Q1 Q2 Q3
4 4 t




Self-Attention Layer

lnputs:

Input vectors: X[N x Dj,]
Key matrix: Wi[Din X Dout
Value matrix: Wy [Din X Dout]
Query matrix: W[DinX Doy

Computation:
Queries: Q = X [N X Dou]
Keys: =X [N X Dout]

Values: V = XWy [N x Douil

Each input produces
one , Which is
a mix of information
from all inputs

A\ 4

A 4

v

\ 4

From each input:
compute a :
, and value vector

Often fused to one matmuil:
[Q KV]=X] W, ]

[N x 3Dout] = [N x Din] [Din x 3Dout]

Q1| Q2 Qs
4 t t




Self-Attention Layer

lnputs:

Input vectors: X[N x Dij] Each input produces

Key matrix: Wy[Din X Dou] one . which is V4 Compute similarity

Value matrix: Wy [Din X Dout] a mix of_information J V5 between each

Query matrix: Wg[Dipx Dout] from all inputs and each

= V3

Computation:

Queries: O = XWq [N x Doui

Keys: =X [N X Dout] —> Kq = | Ei Eai Es.1

Values: V = XWy [N X Doyl Ky = [ B - e

Similarities: E = [\/DoIN xN] ' ’ '

Eij= Q- (/D_Q » K3 = | Eis Ezs Ess
t [ 4
Q1| Q2 Qs
4 4 4
X1 | X2 || X3
|




Self-Attention Layer

Normalize over each column: each

Inputs: computes a distribution over
Input vectors: X [ N x D] Each input produces
Key matrix: Wi«[Din X Doui] one , which is V1 Ar || Az As.i
Value matrix: Wy [Din X Doy a mix of_information J Vs A . o
Query matrix: W[Dinx Do,y  fromallinputs
> V3 A1 Az Ass
Computation: Softmax( 4)
Queries: O = XWq [N x Doui
Keys: =X [N X DOUt] —> K1 = | Eis Ez1 Es 1
Values: V = XWy [N X Doyl o Ky ! [ e - c
Similarities: E = [ /DoIN xN] ' ’ '
Eij= . (/D_Q > K3 = | Eis Ezs Es;s
Attention weights: A = softmax(E, dim=1) [N x N] 1 t t
Q1 Q2 Q3
) ) )
X1 X9 X3
|




Self-Attention Layer v N K7
t

Compute vectors as linear t t
Inputs: combinations of value vectors Product(=> ), Sum(t)
t
Input vectors: X [N x Dip] Each input produces
Key matrix: [Din X Dout] one ) ,whigh is > V1 ™| A A2, 1 A, 1
Value matrix: Wy [Din X Doui] a mix of_mformatlon R - - 2
Query matrix: Wq [Din X Doy O™ @ll inputs Va [l | [ A2 ] [ Ao
> V3 = | A3 A2;3 As33
Computation:
Queries: O = X [N X Dout] Softmax( 4 )
KeyS: =X [N X DOUt] — K4 ™| Eu E2 1 E3,1
Values: V = XWv [N x Dout]
Similarities: E = / JOq [N x N " Ko [ Ere | | Bz ] | Bez
Eij = ) /\/ OQ > K3 = | Eis E23 Ess
Attention weights: A = softmax(E, dim=1) [N x N] t [} 3
Output vector: ¥ = AV [N x Doyl Q1 Q2 | | Q3
— A/ t 1 1
= 2AiV) X1 X2 | | X3
! J




Self-Attention Layer

Consider permuting inputs: L t L
Inputs: Product(=> ), Sum(t)
Input vectors: X [N x Din] t
Key matrix: [Din X Dout] > —
Value matrix: Wy [Din X Dout] R N
Query matrix: [Din X Dout]
> —_—
Computation:
Queries: O = X [N X Dout] Softmax(+ )
Keys: =X [N x Dout] — —
Values: V = XWy [N X Doui] ‘
Similarities: E = OK'/ 0q [N x N] el
Eij= Qi-ii/ 0q > —
Attention weights: A = softmax(E, dim=1) [N x N] t t t
Output vector: : = AV [N x Doy (21 C;)z ?3
/| ZJAUVJ )9 )iz X3




Self-Attention Layer

Consider permuting inputs: t t t
Product(=> ), Sum(t)

Inputs:
Input vectors: X [N x Di] : ’ , and values !
Key matrix: [Din X Doutl will be the same but permuted > \/g —
Value matrix: Wy [Din X Dout] R
Query matrix: Wo [Din X Doyl " V1™
> V2 —_
Computation:
Queries: O = X [N X Dout] Softmax( 1 )
Keys: =X [N X Dout] — K3 =
Values: V = XWy [N X Doui] ‘
Similarities: E = OK' /0q [N x N] LK1
Eij = Qi-K; A/ 0q > K2 ™
Attention weights: A = softmax(E, dim=1) [N x N] t t t
Output vector: : = AV [N x Doy (21 C;)z ?3
/| ZJAUVJ )9 )iz X3




Self-Attention Layer

Consider permuting inputs: L t t
Inputs: Product(=> ), Sum(t)
Input vectors: X [N x Din] _ ’ , and values !
Key matrix: [Din X Dout] will be the same but permuted > \/g —
Value matrix: Wy [Din X Doul Similarities are the same but > V1 ™
.. _ imilariti u > V4
> V2 —
Computation: o A
Queries: O = X [N X Dout] oftmax( 1)
Keys: =X [N X Dout] — K3 = | Eu Es 1 Es
Values: V = XWy [N X Doyt
> = 2,2 2
Similarities: E = QK /0q [N x N] Ki [ Ene | | Ee2| [ Eo
Eij = ) /\/ OQ > Ko ™| Eis E23 Es3
Attention weights: A = softmax(E, dim=1) [N x N] t t t
Output vector: ¥ = AV [N x Doy Q1 Q2 | | Q3
Y. = YAV, t t t
ma X1 X2 || X3
! J




Self-Attention Layer

Consider permuting inputs: L L L
Inputs: Product(=> ), Sum(t)
Input vectors: X [N x Di] _ ’ , and values t
Key matrix: [Din X Doutl will be the same but permuted > Vg = | A Ao Ao
Val ix: Wy [Din x D
Qa ue mat:l?( o ! D'n X DOUt] Similarities are the same but Y Vi | A | | A2 | | Ase
uery matrix: [Din X Doui] permuted
> Vo ™| Az A23 As3z3
Computation: Attention weights are the Softmax( )
Queries: O = X [N X Doui] same but permuted
KeyS = X [N X Dout] | K3 — E11 E2 1 Es. 1
Values: V = XWy [N X Doui]
> — 2,2 2
Similarities: E = QK /0q [N x N] Ki ™[ Bz | | B2] [ B
Eij = : /\/ OQ > Ko ™| Eis E23 Ess
Attention weights: A = softmax(E, dim=1) [N x N] t t t
Output vector: ¥ = AV [N x Doy Q1 Q2 | | Q3
Y = SAV, t t t
P X1 X2 || X3
! J




Self-Attention Layer v &8 K7
t

Consider permuting inputs: t t

Inputs: Product(= ), Sum(t)
Input vectors: X [N x Din] ’ , and values !
Key matrix: [Din X Doutl will be the same but permuted > Vg = | A Ao Ao
Value matrix: Wy [Di, x D
Query matrix: ., [[Dlr.] X DOUt]] Similarities are the same but > V1 ™| Az Az2 As2
' in 2 Hout permuted
> V2 = | A3 A23 As3
Computation: Attention weights are the Softmax( )
Queries: O = X [N X Doui] same but permuted
Keys: =X [N x Dout] —> K3 ™| Eu E2,1 Es 1
Values: V = XWy [N x Doy : dare the same but
erm > — - )
Similarities: E = QK" /y0q [Nx N] "o Ki T LEe| [E2] [ B
Eij = ) /\/ OQ > Ko ™| Eis E23 Es3
Attention weights: A = softmax(E, dim=1) [N x N] t t t
Output vector: ¥ = AV [N x Doy Q1 Q2 | | Q3
Y, = S AV, t t t
ma X1 X2 || X3
! J




Self-Attention Layer v iy, Y,
t

t t
Inputs: Product(=> ), Sum(t)
Input vectors: X [N x Din] !
Key matrix: [Din X Dout] Self-Attention is > V3 | Aut | | Az1| | Ass
Value matrix: Wy [Din X Dout] permutation equivariant: -
Query matrix: W [Din X Dou]  F(6(X)) = o(F(X)) " Vi [P [z | | ez | ] A2
> Vo ™| Az A23 As3z3
Computation: This means that Self-Attention Softmax( #)
Queries: O = X [N X Doui] works on sets of vectors
Keys: = XWi [N x Doul — K3 =*| Eu | | B21| | Es
Values: V = XWy [N x Doui]
Similarities: E = / JOq [N x NI LK1 | Bz | [ Ee2| [ Eez
ij = Wi Wz Y Ko ™| Es E23 Es3
Attention weights: A = softmax(E, dim=1) [N x N] t t t
Output vector: ¥ = AV [N x Doy (31 ?2 C;)s
K| ZJAUVJ )9 )iz X3




Self-Attention Layer v iy, Y,
t

t t
Inputs: Product(=> ), Sum(t)
Input vectors: X [N x Din] Problem: Self-Attention L
Key matrix: [Din X Dout] does not know the order of Vi = | Av A1 As.1
Value matrix: Wy [Din X Dou] the sequence
Query matrix: [Din X Dout] Vo [ e | [ ez | | As2
V3 =¥ | A3 A23 A33

Computation:
Queries: O = X [N x Dou]
Keys: =X [N x Dout]

Softmax( ¢ )

Ki ™| Eu E2,1 Es 1
Values: V = XWv [N x Dout]
Similarities: E = / JOq [N x N] Ko [ Era | [ Ee2] | B2
Eij = Q) 'r<j /\/D_Q Kz ™| Es E23 Ess
Attention weights: A = softmax(E, dim=1) [N x N] t I} I}
Output vector: ¥ = AV [N x Doy Q1 Q2 | | Q3
Y= TAV, [ S

X1 X2 X3




Self-Attention Layer v N K7
t

t t
Inputs: Product(=> ), Sum(t)
Input vectors: X [N x Din] Problem: Self-Attention L
Key matrix: [Din X Dout] does not know the order of Vi = | Av A1 As.1
Value matrix: Wy [Din X Dou] the sequence
Query matrix: Wo [Din X Dou] Vo [ e | [ ez | | As2
Solution: Add positional Va M| A | | Aes | | A
Computation: encoding to each input; this
Queries: Q = XWg [N X Doyl is a vector that is a fixed Softmax( 4 )
Keys: =X [N X Dout] function of the index Ky = | Eu = =
Values: V = XWy [N x Doui]
Similarities: E = QK' / /0q [N x N] Ko [ Ewa| | B2 | | Eoz
Eij = Q) 'r<j /\/D_Q Ks ™| Eis E23 Ess
Attention weights: A = softmax(E, dim=1) [N x N] f t +
Output vector: ¥ = AV [N x Doui] C;h ?2 ?3
= 2AY, X1 Xo || X3
E(1) E2) | | E@3)




Self-Attention Layer

Don’t let vectors “look ahead” in the sequence

Inputs:

Input vectors: X [N x Dip] Override similarit N
Key matrix: [Din X Dout] verride similarities with -inf;

Value matrix: Wy [Din X Dout] thlStCOQtro:ls WhldcftI ITDU;S teach
Query matrix: Wo [Din X Dou vector is allowed to look at.

Computation:
Queries: O = X [N x Doutl

Keys: =X [N x Dout]

Values: V = XWv [N x Dout]

Similarities: E = / JOq [N x N]
E; = QK /Dy

Attention weights: A = softmax(E, dim=1) [N x N]
Output vector: ¥ = AV [N X Doy
7= 2RV,

Y+ Y2 B Y3
t t t
Product(=> ), Sum(t)
t

V1 ™| A A2, 1 As, 1

Vor=| 0 Az As2

V3| o© 0 As3

Softmax( ¢ )

Ki ™| Eu E2,1 Es 1

Ko ™| -« E22 Esz2

K3 ™| -« -00 Ess
t t 4
Q1 Q2 | | Q3
1 t 1
X1 X2 || X3




Self-Attention Layer

Don’t let vectors “look ahead” in the sequence
is very  cool

Inputs: t t 4

. Product(=> ), Sum(t)
I t vectors: X [N x D;
nput vect _ [N x Din] Override similarities with -inf: [

Key matrix: [Din X Dout] hi rols which ¢ h
Value matrix: Wy [Din X Dou] is cop rols which inputs eac =" A2 Ao
Query matrix: [Din X Doul vector is allowed to look at.

. in ou V2 —_ 0 A22 As2
Computation: Used for language modgling Vs | o o .
Queries: O = X [N X Doy where you want to predict the

T ou Soft
Keys: - X [N X Doy next word oftmax( ¢ )
Values: V = XWy [N X Doy Ki = | Eus Es 1 Es 1
Similarities: E = / \J0q [N x N] R - -

Eij = Q) Kj /\/D_Q 2 = 2,2 32
Attention weights: A = softmax(E, dim=1) [N x N] Ks -] [-* Es3
Output vector: ¥ = AV [N X Doui] t t 4

Y, = TAV, C21 ?2 ?3

Attention is very



Self-Attention Layer

Run H copies of Self-Attention in parallel

X1

X2

X3




Self-Attention Layer

Run H copies of Self-Attention in parallel

H = 3 independent
self-attention layers

(called heads), each 7;;_;' e

with their own weights
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' - 1
v ot
- ~V— ~) [ V. ~
v ~ -~ “ ~
) =¥y — A A - i meh Te A~
S - i ~
JK, MIC i ][] [w - K, .
1= ] [ i = vl [w -k — -
o — k) | e K —|= . " -
' r . 1 . 1
Q @ 0 Q' & 0
1 t ) - ]
X% X X, % X | %




Self-Attention Layer

Run H copies of Self-Attention in parallel

Stack up the H

independent outputs
for each input X

H = 3 independent
self-attention layers

(called heads), each
with their own weights

Y1, 1 Y2, 1 Y3, 1

Y1 2 Y2,2 Y3,2

Y1,3 Y23 Y33
Y Y Yo Yl ¥ Vil ¥

s '“ - K : . - Ky . .

. v o+ Ky~ M" =Ky | = .

LR = Ky — . 0 =Ky, — » .

T 34 g 34

X, Kf X, ):; ;'c, X, %

X1 Xo | | X3




Self-Attention Layer

Run H copies of Self-Attention in parallel

Output projection fuses
data from each head

Stack up the H
independent outputs
for each input X

H = 3 independent
self-attention layers

(called heads), each
with their own weights

O+ 02

Y11 Y2,1
Y12 Y22
Yi3 Y23

O3

Y3, 1
Y32
Y33




Self-Attention Layer

Run H copies of Self-Attention in parallel

Inputs:
Input vectors: X [N x D]
Key matrix: [D x HDH]

Each of the H parallel
layers use a gkv dim of

Value matrix: Wy [D x HDy] Dy = “head dim”

Query matrix: [D x HDH]

Output matrix: Wo [HDy x D] Usually Dy = D/ H, so
inputs and outputs have

Computation: the same dimension

Queries: O = X [Hx N x DH]

Keys: =X [Hx N x Dy]

Values: V = XWy [Hx N x Dy]

Similarities: E = /4/0q [H x N x N]

Attention weights: A = softmax(E, dim=1) [H x N x N]
Head outputs: ¥ = AV [H x N x Dy] => [N x HDy]
Outputs: O = YWp [N x D]

O+ 02
Y11 Y2,1
Y12 Y22
Y13 Y23

O3

Y3, 1
Y32
Y33




Self-Attention Layer

Run H copies of Self-Attention in parallel

Inputs:

Input vectors: X [N x D] _

Key matrix: [D x HDy] In practice, compute
Value matrix: Wy [D x HDy] aII'H heads in paral.lel
Query matrix: [D x HDH] using batched matr|x
Output matrix: Wo [HDy x D] multiply operations.
Computation: Used everywhere in
Queries: O = X [Hx N x Dy] practice.

Keys: =X [Hx N x Dy]

Values: V = XWy [Hx N x Dy]

Similarities: E = /4/0q [H x N x N]

Attention weights: A = softmax(E, dim=1) [H x N x N]
Head outputs: ¥ = AV [H x N x Dy] => [N x HDy]
Outputs: O = YWp [N x D]

O+ 02
Y11 Y2,1
Y12 Y22
Y13 Y23

O3

Y3, 1
Y32
Y33




Self-Attention is Four Matrix Multiplies!

Inputs:
Input vectors: X [N x D]
Key matrix: [D x HDH]

Value matrix: Wy [D x HDH]
Query matrix: [D x HDH]
Output matrix: Wo [HDy x D]

Computation:
Queries: O = X [Hx N x DH]

Keys: =X [Hx N x Dy]
Values: V = XWy [Hx N x Dy]
Similarities: E = [{/Oq [Hx Nx N

Attention weights: A = softmax(E, dim=1) [H x N x N]
Head outputs: ¥ = AV [H x N x DH] => [N x HDH]

Outputs: O = YWp [N x D]



Self-Attention is Four Matrix Multiplies!

Inputs: 1.
Input vectors: X [N x D]
Key matrix: [D x HDH]

Value matrix: Wy [D x HDH]
Query matrix: Wq [D x HDH]
Output matrix: Wo [HDy x D]

Computation:

Queries: O = XWq [H x N x Dy]

Keys: =X [Hx N x Dy]

Values: V = XWy [Hx N x Dy
Similarities: E = QK'/,/0q [H x N x N]
Attention weights: A = softmax(E, dim=1) [H x N x N]
Head outputs: ¥ = AV [H x N x Dy] => [N x HDy]
Outputs: O = YWp [N x D]

QKV Projection

[N x D] [D x 3HDy] => [N x 3HDy]

Split and reshape to get Q,
shape [H x N x Dy]

, V each of



Self-Attention is Four Matrix Multiplies!

Inputs: 1. QKV Projection

Input vectors: X [N x D] [N x D] [D x 3HDH] => [N x 3HDH]

Key matrix: [D x HDy] Split and reshape to get Q, K, V each of
Value matrix: Wy [D x HDH] shape [H x N x Dy]

Query matrix: Wa [D x HDH] 2. QK Similarity

Output matrix: Wo [HDy x D] [H x N x DH] =>[H x N x N]

Computation:

Queries: O = XWqo [H x N x D]
Keys: =X [Hx N x Dy]

Similarities: E = OK' /,/0q [H x N x N]
Attention weights: A = softmax(E, dim=1) [H x N x N]
Head outputs: ¥ = AV [H x N x Dy] => [N x HDy]
Outputs: O = YWp [N x D]




Self-Attention is Four Matrix Multiplies!

Inputs: 1. QKV Projection

Input vectors: X [N x D] [N x D] [D x 3HDH] => [N x 3HDH]

Key matrix: [D x HDy] Split and reshape to get Q, K, V each of

Value matrix: Wy [D x HDH] shape [H x N x Dy]

Query matrix: Wa [D x HDH] 2. QK Similarity

Output matrix: Wo [HDy x D] [H x N x Dy] =>[H x N x N]
3. V-Weighting

Computation: [HXx N x N] [HxN x Dy] =>

Queries: O = XWq [H x N x Dy] Reshape to

Keys: =X [Hx N x Dy]

Values: V = XWy [Hx N x Dy]
Similarities: E = QK' /4/0q [H x N x N]
: : A T % N

Head outputs:
utputs: O =




Self-Attention is Four Matrix Multiplies!

Inputs: 1. QKV Projection

Input vectors: X [N x D] [N x D] [D x 3HDH] => [N x 3HDH]

Key matrix: [D x HDH] Split and reshape to get Q, K, V each of

Value matrix: Wy [D x HDH] shape [H x N x Dy]

Query matrix: [D x HDH] 2. QK Similarity

Output matrix: Wo [HDy x D] =>[H x N x N]
3. V-Weighting

Computation: [HXxN x N] [HxN x Dy] =>

Queries: Q = XWq [Hx N x Dy Reshape to

Keys: =X [Hx N x DH] 4. Output Projection

Values: V = XWy [Hx N x Dy] [HDy x D] => [N x D]

Similarities: E = /3J0q [H x N x N]

Attention weights: A = softmax(E, dim=1) [H x N x N]
Head outputs: ¥ = AV [H x N x Dy] => [N x HDH]

Outputs: O = YWp [N x D]




Self-Attention is Four Matrix Multiplies!

Inputs: 1. QKV Projection

Input vectors: X [N x D] [N x D] [D x 3HDH] => [N x 3HDH]

Key matrix: [D x HDy] Split and reshape to get Q, K, V each of

Value matrix: Wy [D x HDH] shape [H x N x Dy]

Query matrix: [D x HDH] 2. QK Similarity

Output matrix: Wo [HDy x D] => [H x N x N]
3. V-Weighting

Computation: [HxNXx N][H xN x Dy] =>

Queries: Q = X [Hx N x D] Reshape to

Keys: =X [Hx N x Dy] 4. Output Projection

Values: V = XWy [Hx N x Dy] [HDy x D] => [N x D]

Similarities: E = //Oq Hx Nx NI

Attention weights: A = softmax(E, dim=1) [H x N xN]  @:How much compute does this take

Head outputs: ¥ = AV [H x N x D] => [N x HDy] as the number of vectors N increases?

Outputs: O = YWgp [N x D]



Self-Attention is Four Matrix Multiplies!

Inputs: 1. QKV Projection

Input vectors: X [N x D] [N x D] [D x 3HDH] => [N x 3HDH]

Key matrix: [D x HDH] Split and reshape to get Q, K, V each of

Value matrix: Wy [D x HDH] ___shape TH X N x Dyl

Query matrix: Wq [D x HDy] 2. QK Similarity

Output matrix: Wo [HDy x D] [H x N x Dy] =>[H x N x N]
3. V-Weighting

Computation: [Hx N x N] [Hx N x Dy] =>

Queries: Q = XWq [Hx N x Dy] Reshape to

Keys: =X [Hx N x Dy] 4. OQutput Projection

Values: V = XWy [Hx N x Dy] [HDy x D] => [N x D]

Similarities: E = QK" /,/0¢ [H x N x N]

Attention weights: A = softmax(E, dim=1) [H x N x N] Q: How much compute does this take

Head outputs: Y = AV [H x N x Dy] => [N x HDy] as the number of vectors N increases?

A: O(N2)
Outputs: O = YWp [N x D]



Self-Attention is Four Matrix Multiplies!

Inputs:
Input vectors: X [N x D]
Key matrix: [D x HDH]

Value matrix: Wy [D x HDH]

Query matrix: [D x HDH]
Output matrix: Wo [HD x D]

Computation:
Queries: O = X [Hx N x D]

Keys: =X [Hx N x Dy]
Values: V =XWy [HXx N x Dy]
Similarities: E = [\{JOq [Hx NxN]

Attention weights: A = softmax(E, dim=1) [H x N x N]
Head outputs: ¥ = AV [H x N x DH] => [N x HDH]

Outputs: O = YWgp [N x D]

QKV Projection

[N x D] [D x 3HDH] => [N x 3HDH]

Split and reshape to get Q, K, V each of
shape [H x N x D]

2. QK Similarity

=>[H x N x N]
3. V-Weighting
[HXxN X N] [HxN x Dy] =>
Reshape to

4. Qutput Projection
[HDy x D] => [N x D]

Q: How much memory does this take
as the number of vectors N increases?



Self-Attention is Four Matrix Multiplies!

Inputs: _ 1. QKV Projection

Input vectors: X [N x D] [N x D] [D x 3HDy] => [N x 3HD4]

Key matrix: [D x HDH] Split and reshape to get Q, K, V each of

Value matrix: Wy [D x HDH] shape [H x N x D]

Query matrix: Wo [D x HDH] 2. QK Similarity

Output matrix: Wo [HDy x D] [H x N x Dy] =>[H x N x N]
_ 3. V-Weighting

Computation: [Hx N x N] [H x N x D] =>

Queries: @ = XWq [H x N x D] Reshape to

Keys: =X [HXx N x Dy] 4. Output Projection

Values: V = XWy [Hx N x Dy] [HDy x D] => [N x D]

Similarities: E = QK" /,/Oq [Hx N x N] _
Attention weights: A = softmax(E, dim=1) [HxNxN] o How much memory does ihis take

Head outputs: ¥ = AV [H x N x Dy] => [N x HDy] A: O(N2)
Outputs: O = YWgp [N x D]



If N=100K, H=64 then

Self'Attention iS Four Matrix M U|t|pl|eS' HxNxN attention weights
take 1.192 TB! GPUs don'’t
have that much memory ...

Inputs: _ 1. QKV Projection

Input vectors: X [N x D] [N x D] [D x 3HDy] => [N x 3HD4]

Key matrix: [D x HDH] Split and reshape to get Q, K, V each of

Value matrix: Wy [D x HDH] shape [H x N x D]

Query matrix: Wo [D x HDH] 2. QK Similarity

Output matrix: Wo [HDy x D] [H x N x Dy] =>[H x N x N]
_ 3. V-Weighting

Computation: [Hx N x N] [H x N x D] =>

Queries: @ = XWq [H x N x D] Reshape to

Keys: =X [HXx N x Dy] 4. Output Projection

Values: V = XWy [Hx N x Dy] [HDy x D] => [N x D]

Similarities: E = QK" /,/Oq [Hx N x N] _
Attention weights: A = softmax(E, dim=1) [HxNxN] o How much memory does ihis take

Head outputs: ¥ = AV [H x N x Dy] => [N x HDy] A: O(N2)
Outputs: O = YWgp [N x D]



If N=100K, H=64 then

Self'Attention iS Four |\/|atriX M U|t|pl|eS' HxNxN attention weights
take 1.192 TB! GPUs don'’t
have that much memory ...

Flash Attention

:: ::ttsv-ectors: X [N x D] algorithm computes WKV Projection

P 2+3 at the same time [N x D] [D x 3HDn] => [N x 3HDy]
Key matrix: [D x HDH] without storing the Split and reshape to get Q, K, V each of
Value matrix: Wy [D x HDK] ¢,/ ention matrixd shape [H x N x D]
Query matrix: Wo [D x HDH] 2. QK Similarity
Output matrix: Wo [HDyx D]  Makes large N [H x N x Dy] => [H x N x N]

. possible 3. V-Weighting

Computation: [HxN x N] [H x N x Dy] =>
Queries: O = XWq [H x N x D] Reshape to
Keys: =X [HXx N x Dy] 4. Output Projection
Values: V = XWy [Hx N x Dy] [HDy x D] => [N x D]
Similarities: E = QK" /,/0, [Hx N x N] |
Attention weights: A = softmax(E, dim=1) [HxNxN] o How much memory does ihis take
Head outputs: ¥ = AV [H x N x Dy] => [N x HDH] A: O(N) with Flash Attention

Outputs: O = YWgp [N x D]

Dao et al, “FlashAttention: Fast and Memory-Efficient Exact Attention with 10-Awareness” , 2022



Three Ways of Processing Sequences

Recurrent Neural Network

Yi™ Y2 Y3 ™ V4

L L 1 ]

X1 X2 X3 X4

Works on 1D ordered sequences

(+) Theoretically good at long
sequences: O(N) compute and
memory for a sequence of length N
(-) Not parallelizable. Need to
compute hidden states sequentially



Three Ways of Processing Sequences

Recurrent Neural Network

Y1 ™ Y2

L

,y3

l

I

7y4

X1 X2

X3

X4

Works on 1D ordered sequences

(+) Theoretically good at long
sequences: O(N) compute and

memory for a sequence of length N

(-) Not parallelizable. Need to

compute hidden states sequentially

Convolution

Y1 y2 Y3 Y4

[ X IX 1X]

X1 X2 X3 X4

Works on N-dimensional grids

(-) Bad for long sequences: need to
stack many layers to build up large
receptive fields

(+) Parallelizable, outputs can be
computed in parallel



Three Ways of Processing Sequences

Recurrent Neural Network

Yi™I Y2 ™ Y3 ™ Y4
I
X1 X2 X3 X4

Works on 1D ordered sequences

(+) Theoretically good at long
sequences: O(N) compute and

memory for a sequence of length N

(-) Not parallelizable. Need to

compute hidden states sequentially

Convolution
Y1 y2 ys Y4
[ X IX 1 X]
X1 X2 X3 X4

Works on N-dimensional grids

(-) Bad for long sequences: need to
stack many layers to build up large

receptive fields

(+) Parallelizable, outputs can be

computed in parallel

Self-Attention

Y1 Y2 Y3

1 1
ppppppp (=), Bsum(T)
]

E
E,,
E

H
|
m

momom

o =[] [Ba] [B

1 ¥ 1

o b

1

Works on sets of vectors

(+) Great for long sequences; each
output depends directly on all inputs
(+) Highly parallel, it's just 4 matmuls
(-) Expensive: O(N?) compute, O(N)
memory for sequence of length N



Three Ways of Processing Sequences

Recurrent Neural Network Convolution Self-Attention

1 1
ppppppp (=), Bsum(T)

Attention is All You Need

Vaswani et al, NeurlPS 2017

memory for a sequence of length N  receptive fields (+) Highly parallel, it's just 4 matmuls
(-) Not parallelizable. Need to (+) Parallelizable, outputs can be (-) Expensive: O(N?) compute, O(N)
compute hidden states sequentially computed in parallel memory for sequence of length N



The Transformer

Transformer Block

Input: Set of vectors x

Vaswani et al, “Attention is all you need,” NeurlPS 2017




The Transformer

Transformer Block

Input: Set of vectors x

All vectors interact through Self-Attention
(multiheaded) Seif-Attention 1 t t t
t t t t
X1 X2 X3 X4
Vaswani et al, “Attention is all you need,” NeurlPS 2017




The Transformer

Transformer Block

Input: Set of vectors x

Vaswani et al, “Attention is all you need,” NeurlPS 2017

Residual connection

All vectors interact through
(multiheaded) Self-Attention

P
Self-Attention
t t t t
t t | t
X1 X2 X3 X4




The Transformer

Transformer Block

Input: Set of vectors x

Vaswani et al, “Attention is all you need,” NeurlPS 2017

Layer normalization
normalizes all vectors

Residual connection

All vectors interact through
(multiheaded) Self-Attention

Recall Layer Normalization (Baet al, 2016):

Given h4, ..., hy (Shape: D)
scale: Y (Shape: D)
shift: 8 (Shape: D)
ui=(X;hi;)/D (scalar)

o= (£, (s~ w)'/p) " (scalan)
zy = (hy — 1) /6;

yi=vzi+p
Layer Normalization
b
k4
Self-Attention

t t t t
t t t t
X1 X2 X3 X4




The Transformer

Vaswani et al, “Attention is all you need,” NeurlPS 2017

MLP independently
on each vector

Layer normalization
normalizes all vectors

Residual connection

All vectors interact through
(multiheaded) Self-Attention

Usually a two-layer MLP;
classic setup is

D=>4D=>D

Also sometimes called FFN
(Feed-Forward Network)

MLP || MLP || MLP || MLP

a

Layer Normalization
7

Y
Self-Attention
t t t t

t t t t
X1 X2 X3 X4




The Transformer

Transformer Block

Input: Set of vectors x

A

Residual connection D

MLP independently M|I_p M|I_P MLP MLP

on each vector

Layer normalization

normalizes all vectors Layer Normalization
Residual connection :¢
All vectors interact through Self-Attention
(multiheaded) Self-Attention t t t t
Tttt 1
Vaswani ot a,“Atenton s all you need” NeurlPS 2017 X1 X2 X3 X4




The Transformer

Transformer Block Y1 Yo Y3 Y4
Input: Set of vectors x 1 1 T : 1
Another Layer Norm Layer Normalization

Residual connection D

MLP independently M|I_p M|I_P MLP MLP

on each vector

a

Layer normalization

normalizes all vectors Layer Normalization
Residual connection :¢
All vectors interact through Self-Attention
(multiheaded) Self-Attention t t t t
Tttt 1
Vaswani ot a,“Atenton s all you need” NeurlPS 2017 X1 X2 X3 X4




The Transformer

Transformer Block

Input: Set of vectors x
Output: Set of vectors y

Self-Attention is the only
interaction between vectors

LayerNormand MLP work on
each vector independently

Highly scalable and

parallelizable, most of the
compute is just 6 matmuls:

4 from Self-Attention
2 from MLP

Vaswani et al, “Attention is all you need,” NeurlPS 2017

1 1 1
Layer Normalization

I

"\
\

| 1 I
MLP || MLP || MLP || MLP

a

Layer Normalization

$
k4
Self-Attention
t t t t
f f f f
X1 X2 X3 X4




The Transformer

i i 1 t
Layer Normalization

Transformer Block A Transformer is just a stack of
. . MLP MLP | MLP MLP
identical Transformer blocks!
Input: Set of vectors x Layer Normalization
Output: Set of vectors y They have not changed much since SeifAsnion
2017... but have gotten a lot bigger ! ; : ;
Self-Attention is the only ' Layer Normalization

interaction between vectors WP WP WP WP

LayerNormand MLP work on Layer Normalization
each vector independently swﬁmm
1 t L] t
[ S -
Highly scalable and ' Layer Normaigzaton
parallelizable, most of the P e

compute is just 6 matmuls:

Layer Normalization

4 from Self-Attention e e i
2 from MLP

! t ! 1

Vaswani et al, “Attention is all you need,” NeurlPS 2017



The Transformer

Transformer Block

Input: Set of vectors x
Output: Set of vectors y

Self-Attention is the only
interaction between vectors

LayerNormand MLP work on
each vector independently

Highly scalable and

parallelizable, most of the
compute is just 6 matmuls:

4 from Self-Attention
2 from MLP

Vaswani et al, “Attention is all you need,” NeurlPS 2017

A Transformer is just a stack of
identical Transformer blocks!

They have not changed much since
2017... but have gotten a lot bigger

Original: [Vaswani et al, 2017]
12 blocks, D=1024, H=16, N=512
213M params

i i 1 t
Layer Normalization
MLP  MLP  MLP  MLP

Layer Normalization

Sel'f-Atlention
1

N S -

Layer Normalization

MLP | MLP | MLP | MLP

Layer Normalization

Self-Attention
t f t

— ——

Layer Normalization

MLP  MLP | MLP  MLP

Layer Normalization

Self-Attention
t 1

! t ! 1



The Transformer

Transformer Block

Input: Set of vectors x
Output: Set of vectors y

Self-Attention is the only
interaction between vectors

LayerNormand MLP work on
each vector independently

Highly scalable and

parallelizable, most of the
compute is just 6 matmuls:

4 from Self-Attention
2 from MLP

Vaswani et al, “Attention is all you need,” NeurlPS 2017

A Transformer is just a stack of
identical Transformer blocks!

They have not changed much since
2017... but have gotten a lot bigger

Original: [Vaswani et al, 2017]
12 blocks, D=1024, H=16, N=512
213M params

GPT-2: [Radford et al, 2019]

48 blocks, D=1600, H=25, N=1024
1.5B params

i i 1 t
Layer Normalization
MLP  MLP  MLP  MLP

Layer Normalization

Sel'f-Atlention
1

t
N S -

Layer Normalization
MLP  MLP  MLP  MLP

Layer Normalization

Self-Attention
t f t

— ——

Layer Normalization

MLP  MLP | MLP  MLP

Layer Normalization

Self-Attention
t 1

! t ! 1



The Transformer

Transformer Block

Input: Set of vectors x
Output: Set of vectors y

Self-Attention is the only
interaction between vectors

LayerNormand MLP work on
each vector independently

Highly scalable and

parallelizable, most of the
compute is just 6 matmuls:

4 from Self-Attention
2 from MLP

Vaswani et al, “Attention is all you need,” NeurlPS 2017

A Transformer is just a stack of
identical Transformer blocks!

They have not changed much since
2017... but have gotten a lot bigger

Original: [Vaswani et al, 2017]
12 blocks, D=1024, H=16, N=512
213M params

GPT-2: [Radford et al, 2019]

48 blocks, D=1600, H=25, N=1024
1.5B params

GPT-3: [Brown etal, 2020]

96 blocks, D=12288, H=96, N=2048
175B params

i i 1 t
Layer Normalization
MLP  MLP  MLP  MLP

Layer Normalization

Sel'f-Atlention
1

t
N S -

Layer Normalization
MLP  MLP  MLP  MLP

Layer Normalization

Self-Attention
t f t

— ——

Layer Normalization

MLP  MLP | MLP  MLP

Layer Normalization

Self-Attention
t 1

! t ! 1



Transformers for Language Modeling (LLM)

Learn an embedding matrix at the start of
the model to convert words into vectors.

Given vocab size V and model dimension S
D, it's a lookup table of shape [V x D]

MLP  MLP MLP MLP
Layer Normalization
Self-Attention
= t t

y

L .
Layer Normalization

MLP | MLP MLP  MLP

Layer Normalization

Self-Attention
=3 t ot
! 1 i f
Embedding Matrix
[V x D]

ot

Attention is all you




Transformers for Language Modeling (LLM)

Learn an embedding matrix at the start of
the model to convert words into vectors.

Given vocab size V and model dimension
D, it's a lookup table of shape [V x D]

Use masked attention inside each
transformer block so each token can only
see the ones before it

=

1 t { i
Layer Normalization
MLP  MLP MLP MLP

Layer Normalization

Self-Attention
t t t

R S R —

Layer Normalization
MLP  MLP MLP MLP

Layer Normalization

Self-Attention
t t
' 1 t f

Embedding Matrix
[V x D]

ot

Attention is all you




Transformers for Language Modeling (LLM)

is all you need

Learn an embedding matrix at the start of 1

the model to convert words into vectors. Projection Matrix
D x V]

Given vocab size V and model dimension gy T T

D, it's a lookup table of shape [V x D]

MLP  MLP MLP MLP

Use masked attention inside each Layer Normeltzation
transformer block so each token can only '

see the ones before it S R A |

Layer Normalization

Seltf-Anen?‘on

At the end, learn a projection matrix of WP TRBIMPINAD
shape [D x V] to project each D-dim
vector to a V-dim vector of scores for
each element of the vocabulary.

Layer Normalization

Self-Attention
| v
! 1 i f
Embedding Matrix
[V x D]

ot

Attention is all you




Transformers for Language Modeling (LLM)

Learn an embedding matrix at the start of
the model to convert words into vectors.

Given vocab size V and model dimension
D, it's a lookup table of shape [V x D]

Use masked attention inside each
transformer block so each token can only
see the ones before it

At the end, learn a projection matrix of
shape [D x V] to project each D-dim
vector to a V-dim vector of scores for
each element of the vocabulary.

Train to predict next token using softmax
+ cross-entropy loss

is all you need

I |
Projection Matrix
[Dx V]

1 t t i
Layer Normalization
MLP  MLP MLP MLP

Layer Normalization

Self-Attention
t t t

L S S

Layer Normalization
MLP  MLP MLP MLP

Layer Normalization

Self-Attention
t t t

i 1 1 f

Embedding Matrix
[V x D]

ot

Attention is all you




Vision Transformers (ViT)

Input image:
e.g. 224x224x3

Dosovitskiy et al, “An Image is Worth
16x16 Words: Transformers for Image
Recognition at Scale”, ICLR 202 1



Vision Transformers (ViT)

Input image:
e.g. 224x224x3

Dosovitskiy et al, “An Image is Worth
16x16 Words: Transformers for Image
Recognition at Scale”, ICLR 202 1
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Break into patches
e.g. 16x16x3



Vision Transformers (ViT)

Input image: =
e.g. 224x224x3 g

Break into patches  Flatten and apply alinear
e.g. 16x16x3 transform 768 =>D

Dosovitskiy et al, “An Image is Worth
16x16 Words: Transformers for Image
Recognition at Scale”, ICLR 202 1



Vision Transformers (ViT)

Q: Any other way to
describe this operation?

Input image:
e.g. 224x224x3

Break into patches  Flatten and apply alinear
e.g. 16x16x3 transform 768 =>D

Dosovitskiy et al, “An Image is Worth
16x16 Words: Transformers for Image
Recognition at Scale”, ICLR 202 1



Vision Transformers (ViT)

Q: Any other way to
describe this operation?

A: 16x16 conv with stride
16, 3 input channels, D
output channels

Input image: =
e.g. 224x224x3 g
S
Break into patches  Flatten and apply alinear
e.g. 16x16x3 transform 768 =>D

Dosovitskiy et al, “An Image is Worth
16x16 Words: Transformers for Image
Recognition at Scale”, ICLR 202 1



Vision Transformers (ViT)

t
| Pooling |

i 1 1 t
Layer Normalization

MLP || MLP || MLP |[ MLP

Layer Normalization

Self-Attention
t t t

¥ > L ) ¥
4 4 4 !

Ll T )
Layer Normalization

MLP |[MLP || MLP || MLP

Input image: ig Layer Normalization
e.g. 224x224x3 o Seltf-Attengion
. y |
Break into patches  Flatten and apply alinear D-dim vector per patch
e.g. 16x16x3 transform 768 =>D are the input vectors to
Dosovitskiy et al, “An Image is Worth the TranSformer

16x16 Words: Transformers for Image
Recognition at Scale”, ICLR 202 1



Vision Transformers (ViT)

Input image: :g

e.g. 224x224x3

¢ )

1

Pooling

4 4
L} L} T L}
Layer Normalization

MLP || MLP || MLP |[ MLP

Layer Normalization

Self-Attention
t t

¥ [} ¥ ¥

4 4 4 4
L}

Ll T )
Layer Normalization

MLP |[MLP || MLP || MLP

Layer Normalization

Self-Attention
t t

[} L} ¥ ¥
1 1 T T

1

Break into patches  Flatten and apply alinear
e.g. 16x16x3 transform 768 =>D

Dosovitskiy et al, “An Image is Worth
16x16 Words: Transformers for Image
Recognition at Scale”, ICLR 202 1

Use positional
encoding to tell
the transformer
the 2D position
of each patch

D-dim vector per patch
are the input vectors to
the Transformer



Vision Transformers (ViT)

t
| Pooling |

4 4
L} L} T L}
Layer Normalization

Don’t use any
masking; each

MLP || MLP || MLP |[ MLP

Layer Normalization |mage patch can
>  Seltatenion look at all other
e image patches

{ 1 { {
Layer Normalization

Use positional
encoding to tell

MLP |[MLP || MLP |[MLP

Input image: :g Layer Normalization the transformer
e.g. 224x224x3 ’ , Sel-Attenion the 2D position
== of each patch
¢ y |
Break into patches  Flatten and apply alinear D-dim vector per patch
e.g. 16x16x3 transform 768 =>D are the input vectors to

the Transformer

Dosovitskiy et al, “An Image is Worth
16x16 Words: Transformers for Image
Recognition at Scale”, ICLR 202 1



Vision Transformers (ViT)

Input image: :g

e.g. 224x224x3

4 4
L} L} T L}
Layer Normalization

MLP || MLP || MLP |[ MLP

Layer Normalization

Ll T ) L}
Layer Normalization

MLP |[MLP || MLP |[MLP

Layer Normalization

~

Break into patches  Flatten and apply alinear
e.g. 16x16x3 transform 768 =>D

Dosovitskiy et al, “An Image is Worth
16x16 Words: Transformers for Image
Recognition at Scale”, ICLR 202 1

Transformer
gives an output
vector per patch

Don’t use any
masking; each
image patch can
look at all other
image patches

Use positional
encoding to tell
the transformer
the 2D position
of each patch

D-dim vector per patch
are the input vectors to
the Transformer



Vision Transformers (ViT)

Input image:
e.g. 224x224x3

Average pool NxD vectors to
1xD, apply a linear layer

D=>C to predict class scores Transformer

t
| Pooling |

4 4
L} L} T L}
Layer Normalization

MLP | MLP || MLP |[ MLP

Layer Normalization

~

Break into patches
e.g. 16x16x3

Dosovitskiy et al, “An Image is Worth
16x16 Words: Transformers for Image
Recognition at Scale”, ICLR 202 1

Flatten and apply alinear
transform 768 =>D

Self-Attention
t t

i —T—— —
lllf

Ll T )
Layer Normalization

MLP |[MLP || MLP |[MLP

Layer Normalization

Self-Attention
t t

[} L} ) ¥
1 1 T T

1

gives an output
vector per patch

Don’t use any
masking; each
image patch can
look at all other
image patches

Use positional
encoding to tell
the transformer
the 2D position
of each patch

D-dim vector per patch

are the input vectors to
the Transformer



Tweaking Transformers

The Transformer architecture has not Y1 Y2 Y3 Y4

changed much since 2017.

1 1 1
But a few changes have become common: Layer Normalization

"D
A

| 1 I
MLP || MLP || MLP || MLP

Layer Normalization

b
¥
Self-Attention
t t t t
—[
t 1 t 1

X1 X2 X3 X4




Pre-Norm Transformer

4 4 4 4
. . 1 | 1 |
| s outside Layer Normalization
the residual connections ‘
"D
Kind of weird, the model can’t | I — |
actually learn the identify function MLP || MLP || MLP MLP

a

Layer Normalization

5
Self-Attention
t t t t
—
f f f f
Baevski & Auli, “Adaptive Input Representations for Neural Language Modeling”, arXiv 2018 X1 X2 X3 X4




Pre-Norm Transformer

is outside
the residual connections QO

| | |
Kind of weird, the model can’t MLP || MLP || MLP MLP

actually learn the identify function

Layer Normalization

b
¥
Self-Attention
Layer Normalization
t t t t
L]

t t t t
X1 X2 X3 X4

Baevski & Auli, “Adaptive Input Representations for Neural Language Modeling”, arXiv 2018



RMSNorm

Replace Layer Normalization Y1 Yo Y3 Y4
with Root-Mean-Square A 7\ 7Y 7y

Normalization (RMSNorm)
-
Input: x [shape D] | I I |
Output: y [shape D]
Weight: ){shape D] M!TP M!TP MAI._P M!_P
. Xi |
Yi = amso F Y RMSNorm
b
1Y ¥
RMS(x) = e+ Nzizlxl‘ Self-Attention
RMSNorm
Training is a bit more stable i t t t t
t t t t
X1 X2 X3 X4

Zhang and Sennrich, “Root Mean Square Layer Normalization”, NeurlPS 2019



SwiGLU MLP

Classic MLP: Y1 Y2 Y3 Y4
Input: X [N x D] i 1 1 i
Weights: W, [Dx4D ] D
W, [4DxD] , I I 1
Output: Y =§5(XW,;) W, [ N x D] MLP || MLP || MLP MLP
|
RMSNorm
&
¥
Self-Attention
RMSNorm
L 4 4 4 4
1 1 1 1

X1 X2 X3 X4

Shazeer, “GLU Variants Improve Transformers”, 2020



SwiGLU MLP

Classic MLP: Y1 y2 Y3 Y4
Input: X [N x D] i i | )
Weights: W, [Dx4D ] P~

W, [4DXD ] [ | | 1
Output: Y =§5(XW,;) W, [ N x D] MLP || MLP || MLP MLP
SwiGLU MLP: |
Input: X [N x D] RMSNorm
Weights: W, ,W,[DxH ] :’?\

W,[DxH ] ¥ :
Output: Self-Attention
Y = ((XW)OXW)Ws3 RMSNorm
Setting H = 8D/3 keeps L t . t t
same total params t t t t

X1 X2 X3 X4

Shazeer, “GLU Variants Improve Transformers”, 2020



SwiGLU MLP

Classic MLP: Y1 Y2 Y3 Y4
Input: X [N x D] i i | )
Weights: W, [Dx4D ] P~
W, [4DxD] , I , ,
Output: Y =§5(XW,;) W, [ N x D] MLP || MLP || MLP MLP
SwiGLU MLP: We offer no explanation as | | , | |
' to why these architectures
Input: X [N x D] seem to work; we attribute RMSNorm
Weights: W, , W,[Dx H ] their success, as all else, :,?\
Vl;s,[ Di( H] to divine benevolence. Y
Output: Self-Attention
Y = (6(XW)OXW,)Ws RMSNorm
4 t t t
Setting H = 8D/3 keeps L
same total params t t t t
X1 X2 X3 X4

Shazeer, “GLU Variants Improve Transformers”, 2020



Mixture of Experts (MoE)

Learn E separate sets of MLP weightsin Y1 Y2 Y3 Ya
each block; each MLP is an expert

' 3 ~ A

W,: [D x 4D] => [E x D x 4D] P+
W,: [4D x D] => [E x 4D x D] | : : :
MLP || MLP || MLP || MLP
|
RMSNorm
b
Y
Self-Attention
RMSNorm
4 4 % 4
]
4 1 4 %
X1 X2 X3 X4

Shazeer et al, “Outrageously Large Neural Networks: The Sparsely-Gated Mixture-of-Experts Layer”, 2017



Mixture of Experts (MoE)

Learn E separate sets of MLP weightsin Y1 Y2 Y3 Y4

each block; each MLP is an expert

W,:[D x 4D] => [E x D x 4D] P+
W,: [4D x D] => [E x 4D x D] I 1 1 |
MLP || MLP || MLP || MLP
Each token gets routedto A < E of the 7\ 7Y 7Y 7y
experts. These are the active experts. ]
RMSNorm
Increases params by E,
But only increases compute by A :(I)
Self-Attention
RMSNorm
t t t t
L]
t t 1 t
X1 X2 X3 X4

Shazeer et al, “Outrageously Large Neural Networks: The Sparsely-Gated Mixture-of-Experts Layer”, 2017



Mixture of Experts (MoE)

Learn E separate sets of MLP weightsin
each block; each MLP is an expert

W;: [D x 4D] => [E x D x 4D]
W.: [4D x D] => [E x 4D x D]

Each token gets routedto A < E of the
experts. These are the active experts.

Increases params by E,
But only increases compute by A

All of the biggest LLMs today (e.g.
GPT40, GPT4.5, Claude 3.7, Gemini 2.5
Pro, etc) almost certainly use MoE and
have > 1T params; but they don’tpublish
details anymore

Y1 y2 Y3 Ya
-
| | | |
MLP || MLP || MLP || MLP
|
RMSNorm
b
Y
Self-Attention
RMSNorm
4 4 % 4
4 1 4 %
X1 X2 X3 X4




Tweaking Transformers

The Transformer architecture has not
changed much since 2017.

But a few changes have become common:

- Pre-Norm: Move normalization inside residual
- RMSNorm: Different normalizationlayer

- SwiGLU: Different MLP architecture

- Mixture of Experts (MoE): Learn E

different MLPs, use A < E of themper token.

Massively increase params, modest
increase to compute cost.

Y1 y2 Y3 Ya
-
| | | |
MLP || MLP || MLP || MLP
|
RMSNorm
b
Y
Self-Attention
RMSNorm
4 4 % 4
4 1 4 %
X1 X2 X3 X4




Summary: Attention + Transformers

Attention: A new primitive that Transformer: A neural
operates on sets of vectors network architecture that
T MW uses attention everywhere
(o), smin) ] BT T

: V3 ‘_’ A13 AZ,3 A3,3
—1 Vv, = All2 A, A, TranSfOrmerS dare the %MP

V= Ay (A (A backbone of all large Lo e eteter
t
L=matn 1 Al models today! [ T Ak M
1 K = By Ey3 Ess f { { {
Layer Normalization
Ky 7By E; Es,
L Ky |=|[Ea ] [Epa] [Esy Used for Ianguage, MLP |[MLP || MLP | MLP
! ! ! i 4\—l—|—t—l
a o |q vision, speech, ...
t t
‘ Xy ‘ ’ X ’ X3 ‘ Self-Attention
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Large Multi-modal Models



Large Multi-modal Models (BLIP)

* Pretraining Architecture and Objectives

O e S— IT™ LM

Foz 2 ) 2 e 7 By s ) N
(e ) B
N Feed Forward l Feed Forward I Feed Forward
Feed Forward 1
) )
- {[Cross ttenton | o Cross ttention |
Nx - Nx Cross Attention Cross Attention
' J Gt J Coonbiticns
Self Attention =1
P »§ »B
NS J
Image l Bi Self-Att | I Bi Self-Att I Causal Self-Att
Encoder - | 1 3
’w \& / & > \ 4
Text Image-grounded Image-grounded
- am Encoder  vjcy5)+ =) Textencoder w[gncade] + (] 16Xt 9€C00€! wipacade) + ()"
F ¢ y
‘ “a little girl holding a kitten next to a blue fence”
ITC: Image-Text Contrastive Learning; ITM: Image-Text Match Leaming; LM: Language Modelling

Li, Junnan, et al. "Blip: Bootstrapping language-image pre-training for unified vision-language understanding and
generation." International Conference on Machine Learning. PMLR, 2022.



Large Multi-modal Models (BLIP)

* Learning Framework of BLIP

Model Pretraining Dataset Bootstrapping
.- - " T TS TN To model
! } | Filter Filtering ! ) To mode
™ D ={(hw, T} +{Un, T} | |} | (Image-grounded | ¢ A~ > (@ IS L0 s 10 i |:> To data
I B Text Encoder) ﬁ 1
; . 1 [,,: web images
1 Pre-traln@ A @ v -
: L ATC&ITM finetuneﬁ {0, T} \ Ip: human-annotated
- ! D = {(y, T,))} +{(,, TI}| |  images
: Multimodal Mixture of {Un, T} +{Uy, T,)} 1
I Encoder-Decoder : T,,: web texts
: LM finetune @ {I,} : T.: flltered. web texts
b e e = _L _________ : @ 1 Ts: synthetic texts
A S I . = ! T filtered synthetic
Captioner [
1 [
I D K o (Image-grounded ::> {Uw, T} : - .texts
: ownstream Tasks : : Toibreried Captioning ; T»: human-annotated
| = I texts
—————————————————— 4 b oo o o e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e




Large Multi-modal Models (BLIP)

* Evaluation of the effect of the captioner (C) and filter (F) for dataset bootstrapping.

Pre-train Bootstrap | Vision Retrieval-FT (COCO) | Retrieval-ZS (Flickr) | Caption-FT (COCO) | Caption-ZS (NoCaps)
dataset C F |backbone | TR@1 R@1 TR@1 R@]1 B@4 CIDEr | CIDEr  SPICE
X ¥ 78.4 60.7 93.9 82.1 38.0 127.8 102.2 13.9
Sggg%‘{f X V5|yrenel 794 61.5 94.1 82.8 38.1 128.2 102.7 14.0
(14M imgs /g X e 79.7 62.0 94.4 83.6 38.4 128.9 103.4 14.2
mgs) | /. /s 80.6 63.1 94.8 84.9 38.6 129.7 105.1 14.4
2 ¥ 79.6 62.0 94.3 83.6 38.8 130.1 105.4 14.2
Sgggg{? V5 5 | ViT-B/16 | 819 64.3 96.0 85.0 39.4 131.4 106.3 14.3
o i S Vi 81.2 64.1 96.0 85.5 39.7 133.3 109.6 14.7
(129Mimgs) [ X X |y o | 80.6 64.1 95.1 85.5 40.3 135.5 112.5 14.7
e | 82.4 65.1 96.7 86.7 40.4 136.7 113.2 14.8

Downstream tasks include image-text retrieval and image captioning with finetuning (FT) and zero-shot (ZS) settings.

» Effect of sharing parameters between the captioner and filter.

Captioner & Noise | Retrieval-FT (COCO) | Retrieval-ZS (Flickr) | Caption-FT (COCO) | Caption-ZS (NoCaps)
Filter ratio | TR@1 IR@1 TR@1 IR@1 B@4 CIDEr CIDEr SPICE

Share parameters 8% 79.8 62.2 94.3 83.7 38.4 129.0 103.5 14.2
Decoupled 25% 80.6 63.1 94.8 84.9 38.6 129.7 105.1 14.4




Large Multi-modal Models (BLIP-2)

e Pretraining Pipeline

*: HE-0N Output Text [ a cat wearing sunglasses J

Bootstrapping from a ‘i ;...\.,i'
Decoder-based 5 ¥ Fully
Large Language Model Encoder [l [ B fonor ] [ Connected LM Decodor
(e.g. OPT) i
, Do-B0 .
Input Image Learned Queries
: EE-BE Suffix Text [ wearing sunglasses ]
Bootstrapping from an - .;.g,,.‘._.
Encoder-Decoder-based % " . . Fully 3
e e i , [ Q-Former ] { o ] % LLM Encoder # LLM Decoder
(e.g. FlanT5) g
EE-BE \{D O-mm)(acat)
Input Image Learned Queries Prefix Text

Li, Junnan, et al. "Blip-2: Bootstrapping language-image pre-training with frozen image encoders and large language
models." arXiv preprint arXiv:2301.12597 (2023).



Large Multi-modal Models (BLIP-2)

* Pretraining Pipeline

Model architecture of Q-Former and BLIP-2'’s first-stage vision-language representation learning objectives.

SHAZTTE Image-Text
Matching

Image-Grounded
Text Generation

Image-Text

Input Image Contrastive .—f
'a N\ N\
Learnin
X% Feed Forward 9 Feed Forward
—— for every Y
> - «+— bidirectional —
SEPACHe] M-— mutlimodal causal —» TS FANiEglile]g
xN L . === uni-modal - —% - \ ) xN
Learned -
Queries (K O-00 Input Text [a cat wearing sunglasses]
Q: query token positions; T: text token positions.
The self-attention masking @ masked [J unmasked
strategy for each objective to Q T Q T Q -
control query-text interaction. [:IE] 00 mml [ [H:J ]
Q
‘0o0g mmy | ‘O0mEm
;0000 ,000m ,EE00
"00ao 00O 00 "mm 00
Bi-directional Multi-modal Causal Uni-modal
Self-Attention Mask  Self-Attention Mask Self-Attention Mask
Image-Text Image-Grounded | [ Image-Text

Matching | Text Generation | | Contrastive Learning |



Large Multi-modal Models (BLIP-2)

* Results on Zero-shot Vision-Language Models

Overview of BLIP-2 results on various zero-shot vision-language tasks.

Visual Question Answering Image Captioning Image-Text Retrieval

# ine ~ 11— ~g
Models PI;’::?‘"‘ ?)‘:‘r" o VQAV2 (test-dev) NoCaps (val) Flickr (test)
S S ced’ - - - ~
VQA acc. CIDEr SPICE TR@1 IR@1
BLIP (Li et al., 2022) 583M v - 113.2 14.8 96.7 86.7
SimVLM (Wang et al., 2021b) 1.4B X - 112.2 - - -
BEIT-3 (Wang et al., 2022b) 1.9B X - - - 94.9 81.5
Flamingo (Alayrac et al., 2022) 10.2B X 56.3 - - - -
BLIP-2 188M v 65.0 121.6 15.8 97.6 89.7
Comparison with state-of-the-art methods on zero-shot visual question answering.
#Trainable  #Total VQAvV2 OK-VQA GQA
Models
Params Params | val test-dev test test-dev
VL-T5500ga 224M 269M 13.5 - 58 6.3
FewVLM (Jin et al., 2022) 740M 785M | 47.7 - 16.5 293
Frozen (Tsimpoukelli et al,, 2021)  40M 7.1B 29.6 - 59 -
VLKD (Dai et al., 2022) 406M 832M | 426 445 133 -
Flamingo3B (Alayrac et al., 2022) 1.4B 3.2B - 49.2 41.2 -
Flamingo9B (Alayrac et al., 2022) 1.8B 9.3B - 51.8 44.7
Flamingo80B (Alayrac et al., 2022)  10.2B 0B - 56.3 50.6
BLIP-2 ViT-L OPT 73 104M 3.1B 50.1 49.7 30.2 339
BLIP-2 ViT-G OPT; 7 107TM 3.8B 53.5 523 31.7 346
BLIP-2 ViT-G OPTj 75 108M 7.8B 543 52.6 36.4 364
BLIP-2 ViT-L FlanT5y;. 103M 3.4B 62.6 62.3 394 44.4
BLIP-2 ViT-G FlanT5y;. 107TM 4.1B 63.1 63.0 40.7 442
BLIP-2 ViT-G FlanTS5xx;. 108M 12.IB | 65.2 65.0 459 4.7




Large Multi-modal Models (InstructBLIP)

 Model Architecture

Queries Instruction

(D -3 D)o 00 0) QFormer (R E-BE
Image Embeddings |
> Q-Former ] (
. | FedForvs
age

¥ Encoder
Fncodet DO0-00 * [
$

v

Fully Self Attention
Connected 4 T

Instruction l
Input Image (@o-ee)(00-00) (o-m@) (ODD-00)
Choose the correct option to the ‘ Image . I e
following question: which picture Embeddings Queries nstruction

shows the pizza inside the over?
Options: (a) left one (b) right one.
Answer:

Instruction Response

Dai, Wenliang, et al. "InstructBLIP: Towards General-purpose Vision-Language Models with Instruction Tuning." arXiv
preprint arXiv:2305.06500 (2023).



Large Multi-modal Models (InstructBLIP)

e Comparison between BLIP-2 and InstructBLIP

ScienceQA A-OKVQA
MG OCR-VQA OKVQA Direct Answer  Multi-choice
Val Test Val Test
Previ SOTA LLaVA [25] GIT [42] PaLM-E(562B) [©] [15] [36] [15] [26]
revious 89.0 70.3 66.1 563 61.6 732 736
BLIP-2 (FlanT5xx1.) 89.5 72.7 54.7 57.6 53.7 80.2 76.2
InstructBLIP (FlanT5xx; ) 90.7 73.3 55.5 57.1 54.8 81.0 76.7
BLIP-2 (Vicuna-7B) 77.3 69.1 59.3 60.0 58.7 72.1 69.0

InstructBLIP (Vicuna-7B) 79.5 72.8 62.1 64.0 62.1 75.7 734




Large Multi-modal Models (Frozen)

* Model Architecture

on the water

t ¢ttt te tv H

f .(9 Language Model
Self Attention Layers o FeE
A A L [ A A A A A
v
. J Je )t Je e ) Je I J
A ! A {k A A A A A
A\ 4 >
Y4 Vision || 90 Language Model
Encoder Text Embedder Eliieze

T

A small red Dboat

Tsimpoukelli, Maria, et al. "Multimodal few-shot learning with frozen language models." Advances in Neural Information
Processing Systems 34 (2021): 200-212.



Large Multi-modal Models (Frozen)

e |nference-time Interface

Blue <EO0S> Steve Jobs . <EO0S> This is a dax . <EOS>
G A . | I | S N -
Self Attention Layers Self Attention Layers Self Attention Layers
l I
il HIIHII ) [H[TH”” HH”T”[”HI[ J [IIITHIIH INENENNNNENN] IHIIIIIIIIHIII J
Vision Text Vision Text Vision Text Vision Text Vision Text Vision Text
Encoder Embedder Encoder Embedder Encoder Embedder Encoder Embedder Encoder Embedder Encoder Embedder

Question: Q: Who Q: Who ThlS is a ThlS is a Question:
o what colour invented invented dax. blicket. what is
T - this? A: this? A: this?
is the car? é
Answer: The Wright Answer:
brothers.

(a) 0-shot VQA (b) 1-shot outside-knowledge VQA (c) Few-shot image classification




Large Multi-modal Models (Frozen)

e Experiment Results

n-shot Acc. n=0 | n=1 | n=4 | 7 n-shot Acc. n=0 | n=1| n=4 | 7
Frozen 205 | 35.7 | 382 | X Frozen 5.9 97 | 126 | X
Frozen gcraten 0.0 0.0 00 | X Frozen 40mim 40 | 59 6.6 | X
Frozen gnetuned 240 | 282 | 292 | X Frozen gnetuned 42 | 4.1 46 | X
Frozen train-blind 26.2 33.5 33.3 X Frozen train-blind 3.3 7.2 0.0 X
Frozen yqa 48.4 - - v Frozen vyqa 19.6 - - X
Frozen VQA-blind 39.1 . — v Frozen VQA-blind 12.5 - - X
Oscar [23] 73.8 | - - | v MAVEXx [42] 394 | - - | v

Table 1: Transfer from Conceptual Captions to Table 2: Transfer from Conceptual Captions to
VQAVv2. The 7 column indicates whether a model OKVQA. The 7 column indicates if a model uses
uses training data from the VQAV2 training set. training data from the OKVQA training set. Frozen
The row denoted Frozen iin-biing 18 the blind base- does not train on VQAv2 except in the baseline row,
line described in [subsection 4.1} Frozen yga 1s @ and it never trains on OKVQA.




Large Multi-modal Models (Flamingo)

* Architecture Overview

Output: text

. Pretrained and frozen S
(> a very serious cat.

S —

l : W n-th GATED XATTN-DENSE
Perceiver Perceiver
o S ebiblesk
1st GATED XATTN-DENSE

Processed text

| <image> This is a very cute dog.<image> This is

Interleaved visual/text data

This is a very cute dog.

Alayrac, Jean-Baptiste, et al. "Flamingo: a visual language model for few-shot learning." Advances in Neural Information
Processing Systems 35 (2022): 23716-23736.



Large Multi-modal Models (Flamingo)

e GATED XATTN-DENSE layers

def gated_xattn_dense(

y, # input language features
X, # input visual features

alpha_xattn, # xattn gating parameter — init at 8.

alpha_dense, # ffw gating parameter — init at 8.

““Applies a GATED XATTN-DENSE layer."""

. Gated Cross Attention

y + tanh(alpha_xattn) * attention(g=y, kv=x)

<
"

# 2. Gated Feed Forward (dense) Layer
y + tanh(alpha_dense) * ffw(y)

<
"

p . =~ 12 .
tanh gating # Regular self-attention + FFW on language
1

y = y + frozen_attention(q=y, kv=y)

cross attention e T

return y # output visually informed language features

Q=[v]

L3

Vision
input input

Language




Large Multi-modal Models (Flamingo)

e Experiment Results

e = g T OB BB S =2 B = 85 B S5 & §ie
Method ~ FT Shot § z g Q 5 s = g -3 E & a o & 3 3
x ¢ © 3z £ & g g =z § & £ EF % § §
© = = = Z - = = < 2 °‘
= T
e 341 [114] (1241 [58] 581  [135] (1231 [79] 851 851
gﬁf}:"é{)‘fp}\ X 433 382 322 352 - - - 92 122 - 394 116 - - 661 407
) ) (X) (16) (4) (0) (0) (0) (0) (0) (0) (0) (0)
X0 42 43 730 275 401 280  60.6 11.0 327 558 396  46.1 30.1 213 537 584
Flamingo-3B X 4 433 532 850 330 500 340 720 149 357 646 413 473 327 224 536 -
X' a3 459 &33 990 426 592 455 712 256 317 167 416 473 306 261 563 -
¥ 0 A& 3iE 794 302 395 288 615 137 352 550 418 480 318 230 570 579
Flamingo-9B X 4 493 563 93.1 362 517 349 726 182 377 1708 428 504 336 247 627 -
X 32 510 604 1063 472 574 440 728 294 407 713 412 504 32 284 635 -
X0 a06 363 843 356 467 316 612 174 407 601 397 520 350 267 464 60.8
o X 4 574 631 1032 417 560 396 751 239 441 745 424 556 365 308 686 -
X 32 578 676 1138 523 651 498 754 310 453 868 422 556 379 335 700 -
TR 34.4 302 1333 79 763 312 614 168 334 1387 367 7132 347 232 11
]l‘l‘“\‘:‘)'r;' v (34] (140 (124 28] (153 65  [150] (511  [135] [132] [128] (79] [137]  [129]  [62] .
e (X) (10K) (444K) (500K) (27K) (500K) (20K) (30K) (130K) (6K) (10K) (46K) (123K) (20K) (38K) (9K)
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