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Sequence Modeling with RNNs

one to one one to many many to one many to many many to many




Machine Translation

estamos comiendo pan

RNN Encoder » RNN Decoder

we are eating bread



Machine Translation with RNNs

Encoder: h, = f, (X, hq)

h > h, > h, h, h,
A A
X4 Xy X3 X4
we are eating bread

Slide credit: Justin Johnson



Machine Translation with RNNs

Encoder: h, = f, (X, hq)

So = h,

we are eating bread

Slide credit: Justin Johnson



Machine Translation with RNNs

Encoder: h, = f, (X, hq)

Decoder: s, = gy(Y; St.q) estamos
Y1
hO g h1 g hz h3 h4 Sg — T S
X1 X2 X3 X4 yo

we are eating  bread [START]

Slide credit: Justin Johnson



Machine Translation with RNNs

Encoder: h, = f, (X, hq)

Decoder: s, = gy(Y St.1) estamos comiendo

Y1 Yo
X4 X2 X3 X4 Yo " Y1
we are eating bread [START] estamos

Slide credit: Justin Johnson



Machine Translation with RNNs

Encoder: h, = f, (X, hq)

Note [START]/[STOP] words.
This can be treated as
representation for entire sentence

Decoder: s, = gy(Vy Sus) estamos comiendo pan [STOP]
Y1 Yo Y3 Ys
A A A A
hy > h, > hy > hs " hy "So T TSt T [ TS [ T Ss T [T Sa
A A A A A A A A
X4 X2 X3 X4 Yo " Y1 Y2 "'Ys3
we are eating bread [START] estamos comiendo pan

Slide credit: Justin Johnson



Machine Translation with RNNs

Encoder: h, = f, (X, hq)

Decoder: s, = » St
t= 9ulYe Sir) Problem: s; is used to

encode input and
maintain decoder state

h > h, > h, h, h, S ——T* Sy — TS, —[*S; — [ S,
‘ 4 4 4 4
X4 Xy X3 X4
we are eating bread

Slide credit: Justin Johnson



Machine Translation with RNNs

Encoder: h, = f, (X, hq)

Decoder: s, = g(Yy Si.1s

c) Solution: add a
context vector c = h,
and predict s, from h,

h > h, > h, h, * h, » Sy — > Sy — TS, — T S3 — T S,
‘ 4 4 4 4
C
X4 Xy X3 X4
we are eating bread

Slide credit: Justin Johnson



Machine Translation with RNNs

Encoder: h, = f, (X, hq)

Decoder: s, = gy(Ye Se1, estamos comiendo  pan [STOP]
c) Solution: add a
context vector c = h, Y1 Y2 Y3 Y4
and predict s, from h, X 5 X 5
hy > h, > hy > hs " hy "So T TSt T [ TS [ T Ss T [T Sa
» C
X1 X2 X3 X4 Yo " Y4 Y2 "'Y3
we are eating bread [START] estamos comiendo pan

Slide credit: Justin Johnson



Machine Translation with RNNs

Encoder: h, = f, (X, hq)

Decoder: s, = g(Yy Si.1s

c)
bottleneck
Problem: Input sequence
hq * h, > h, h, h, Sy — bottlenecked through
5 x fixed-sized vector.
c —
X4 X5 X3 X4
we are eating bread

Slide credit: Justin Johnson



Machine Translation with RNNs

Encoder: h, = f, (X, hq)

Decoder: s, = g(Yy Si.1s

c)
bottleneck
Idea: use new context
hg > h, > h, h, h, Sy — vector at each step of
“ X decoder!
c —
X4 X5 X3 X4
we are eating bread

Slide credit: Justin Johnson



e
Machine Translation with RNNs and Attention

From final hidden state:
Initial decoder state s,

h, " hy " hs " hy " S
X4 Xy X3 X4
we are eating bread

Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR 2015

Slide credit: Justin Johnson



e
Machine Translation with RNNs and Attention

Compute alignment scores
e = fatr(Se.q, i) (fo is an
MLP)

From final hidden state:

e11T e121 e13T €14 Initial decoder state s,
I .

h, " hy " hs " hy " S

X4 Xy X3 X4

we are eating bread

Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR 2015

Slide credit: Justin Johnson



e
Machine Translation with RNNs and Attention

Compute alignment scores

i = fau(Se.1, M) (fa is @n
Aqq aq dq3 CEP MLP)
t t t t
softmax Normalize to get
t 1 t 1 From final hidden state: attention weights
€41 €12 23 €14 | Initial decoder state s, O<a, <1 Ya, =
4 A 4 | Dt
[ | 1
h, " hy " hs " hy " S
X X5 X3 Xy
we are eating bread

Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR 2015

Slide credit: Justin Johnson



e
Machine Translation with RNNs and Attention

[ Compute alignment scores

|
X X -
* 4 4 x € = far(St1, i) (fart is an
a1 dqo dq3 IV MLP)
t t t t
softmax Normalize to get
t 1 t 1 From final hidden state: attention weights
ef11 \ 9‘1‘21 911‘3T \ €14 | Initial decoder state s O<a, <1 Ya,=
NN LN I : 1
h, > h, > hg > h, > Sg + Set context vector ¢ to a
] ‘ I [ linear combination of hidden
states
X1 Xy X3 X4 " Cq C; = ah,
we are eating bread

Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR 2015

Slide credit: Justin Johnson



e
Machine Translation with RNNs and Attention

[ Compute alignment scores

I
X X :
x 4 4 x € = far(St1, i) (fart is an
a11 1 a;z a;3 8}4 estamos MLP)
softmax Normalize to get
f f f I From final hidden state: Y attention weights
eI11T \ ej21 ej31 \ €14 | Initial decoder state s ‘ O<a;<1 Ya,=
NGOG LN I " 1
h, > h, ¥ hy = hy > S + S Set context vector ¢ to a
] ‘ I [ ‘ ‘ linear combination of hidden
states
X4 X, X3 X, " C1 | Yo C = 2@
we are eating bread
[START]

Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR 2015

Slide credit: Justin Johnson



e
Machine Translation with RNNs and Attention

| [ | | Compute alignment scores
x 5*( x x € = far(Se1s DY) (faee is @n
a11 1 a;z 8;3 8}4 estamos MLP)
softmax Normalize to get
1 1 1 I From final hidden state: V2 attention weights
€11 \ €12 \ €13 \ €14 | Initial decoder state s O<a, <1 Ya,=
g\t | { 1
h; \ h, \ hs \ h, > So + S Set context vector ¢ to a
I ‘ I [ ‘ ‘ linear combination of hidden
states
X4 X, X3 X, Ci | Yo C = 2@ h
This is all differentiable! Do not
we are eating bread supervise attention weights —

backprop through everything

Can be seen as a input-dependent weighting
(rather than MLP)

Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR 2015 Slide credit: Justin Johnson



e
Machine Translation with RNNs and Attention

[ Compute alignment scores

|
* x x x € = far(St1, i) (fart is an
a11 1 a;z 8;3 8}4 estamos MLP)
softmax Normalize to get
f f f I From final hidden state: Y attention weights
€11 \ €12 €13 €14 | Initial decoder state s O<a;<1 Ya,=
O W W I =<1

1
h, \h2 \h3 \h4 > S, + S4

Set context vector ¢ to a

] ‘ I [ ‘ ‘ linear combination of hidden
Intuition: Context vector states
attends to the relevant
X1 . X3 X4 | part of the input sequence 1G] Yo Ct = 2,

“estamos” = “‘we are”
we are eating bread

a,=0.45, a,,=0.45, a,;,=0.05, a,,=0.05

Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR 2015

Slide credit: Justin Johnson



e
Machine Translation with RNNs and Attention

| 1 1
X X X * Repeat: Use s,
a a 3 3 to compute new

12 | %2 f?’ %4 estamos context vector c,

softmax

t t \ t f »

€21 \ €2 €23 \ €04 T
I +

X1 X2 X3 X4 Ci|| Yo |C

we are eating bread
[START]

Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR 2015

Slide credit: Justin Johnson



e
Machine Translation with RNNs and Attention

X X X X Repeat: Use s,
a‘ a‘ a* a4 to compute new
12 1 %2 f?’ %4 estamos comiendo  context vector c,
f 1softlmax1 f Use c, to
Y1 Y2 compute s, Y,
€21 \ €2 €23 \ €04 | T ‘
« +

h, \h2 \h3 \h4 : R

I . 1N

X4 Xy X3 X4 Ci | Yo Co | | Yy

we are eating bread
[START] estamos

Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR 2015

Slide credit: Justin Johnson



e
Machine Translation with RNNs and Attention

|
dyq doo dy3 Aoy

estamos comiendo

we are eating

bread

:SO

Intuition: Context vector

attends to the relevant part

of the input sequence
‘comiendo” = “eating”

Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR 2015

Y1 Yo
— |
Sq > S,

Ci | Yo Co || Yy

[START] estamos

Repeat: Use s,
to compute new
context vector c,

Use c, to
compute s,, Y,

Slide credit: Justin Johnson



e
Machine Translation with RNNs and Attention

Use a different context vector in each timestep of decoder

- Input sequence not bottlenecked through single vector

- At each timestep of decoder, context vector “looks at”
different parts of the input sequence

A 4

estamos comiendo

Y1

|

Yo

|

pan [STOP]

h1 h2 > h3 h4 SO 31 > 32 > S3 " S4
‘ ] RERINEiEEn
X1 X2 X3 X4 Cil Yo |Co || Yy Cs || Y2 Cq | Y3
we are eating bread
[START] estamos comiendo pan

Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR 2015

Slide credit: Justin Johnson



e
Machine Translation with RNNs and Attention

Visualize attention weights a,

Example: English to S BE . . .
. @ Q = © ] S5 N go]

French translation ve 9285895 22 §
EF o oS oLuw<a 296 £ H Y,

y
Input: “The agreement on accord
. sur

the European Economic a
Area was signed in August o one
” economique
1992 européenne
a

(r s été

Output: “L’accord sur la signé
Zone economique en
” rq 7 . ” aout
europeenne a été signe en 1992

aolt 1992.”

Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR 2015

<end>

Slide credit: Justin Johnson



Machine Translation with RNNs and Attention

Visualize attention weights a,

Example: English to
French translation

European

Economic

Input: “The agreement on Diagonal attention accord
) means words sur

the European Economic correspond in order N
Area was signed in August - zone
’” economique
1992, européenne

Output: “L’accord sur la
Zone economique
europeenne a éteé signe en Diagonal attention

aout 1992.” means words
correspond in order

Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR 2015

Slide credit: Justin Johnson



Machine Translation with RNNs and Attention

Visualize attention weights a,

Example: English to
French translation

agreement

European
Economic
Area

The

the

LI
accord
sur

Input: “The agreement on Diagonal attention
the means words

correspond in order la

Zone

was signed in August e
” économique
1 992 . européenne

Output: “L’accord sur la

a été signe en Diagonal attention

aout 1992.” means words
correspond in order

Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR 2015

Slide credit: Justin Johnson



e
Machine Translation with RNNs and Attention

estamos comiendo pan [STOP]
Y+ Yo Y3 Ya
SO S1 > 32 > S3 " S4

’ N " N
dp1 do) do3 doy

t t t t

softmax

| | 1 |
€21 €20 €23 €24

h, h, > h, h,
X4 X5 X3 X,
we are eating bread

Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR 2015

[START] estamos comiendo pan

Slide credit: Justin Johnson



Y1 Yo Y3 Y4

estamos comiendo

|
fim |
e || | E—
A AR\ |

Sp Sq Sg

I[dea: Can we use attention

B as a fundamental building X4 X, Xg | | Xg

we  are eating bread block for a generic sequence
[START] estamos .
(input) to sequence (output)
layer?
Note: We just want a generic sequence-in, sequence-out model that will represent each
input contextualized with rest of inputs, and encode meaning of entire sequence

We will progressively develop a generic mechanism using idea of attention.
Don’t try to map to RNN translation example!



Attention Layer

Inputs:
State vector: s, (Shape: D)

Hidden vectors: h; (Shape: Ny x D)
Similarity function: f

Computation:

Similarities: e (Shape: Ny) e, =f_ (s, h;)
Attention weights: a = softmax(e) (Shape: Ny)
Output vector: y = > .ah, (Shape: Dy)

Slide credit: Justin Johnson



Attention Layer

Inputs:
Query vector: g (Shape: D) L
)

Input vectors: X (Shape: Ny x D
Similarity function: f_,

Make the module generic:

Input (X), Query (q)
Output (Weighted sum of inputs)

Computation:

Similarities: e (Shape: Ny) e, =f_(a, X;)
Attention weights: a = softmax(e) (Shape: Ny)
Output vector: y = Y aX. (Shape: Dy)

Slide credit: Justin Johnson



Attention Layer

Inputs:
Query vector: ¢ (Shape: D)

Input vectors: X (Shape: Ny x D)
Similarity function): dot produc

Computation:
Similarities: e (Shape: Ny) e =¢q " *,

Attention weights: a = softmax(e) (Shape: Ny) Changes:

Output vector: y = aX; (Shape: Dy) - Use dot product for similarity

Slide credit: Justin Johnson



Attention Layer

Inputs:
Query vector: ¢ (Shape: D)

Input vectors: X (Shape: Ny x D)
Similarity function: scaled dot product

Computation:
Similarities: e (Shape: NXI) e = q - X;/sqrt(Df)
Attention weights: a = softmax(e) (Shape: Ny) Changes:

Output vector: y = aX; (Shape: Dy) - Use scaled dot product for similarity

Slide credit: Justin Johnson



Attention Layer

Inputs:
Query vectors: Q (Shape: Ng x DlQ)
Input vectors: X (Shape: Ny x Dj)

Make the module generic:
Sequence Input (X), Sequence Query (Q)
Output: Sequence (Weighted sum/mixture of
inputs)

Computation:

Similarities: E = QX' (Shape: Ng X Ny) E;; = Q, - X;/ sqrt(Dq)

Attention weights: A = softmax(E, dim=1) (Shape: Ng X Ny) Changes:

Output vectors: Y = AX (Shape: Ng X Dy) Y; = 2,4, X - Use dot product for similarity
- Multiple query vectors

Slide credit: Justin Johnson



-
Attention Layer

Inputs:
Query vectors: Q (Shape: Ng x Dg)

Input vectors: X (Shape: Ny x Dy)

Key matrix: (Shape: Dy x D)
Value matrix: W,, (Shape: Dy x D))
Separate concerns:
1) Matching (similarity) -> Key,
2) Output given weighting -> Value

Computation:

Key vectors: K = X (Shape: Ny x Dq
Value vectors: V = XW,, (Shape: Ny x Dy) Changes:

Similarities: E = QK" (Shape: Ng x Ny) E;; = Q, - K,/ sqrt(Dy) - Use dot product for similarity
Attention weights: A = softmax(E, dim=1) (Shape: Ng X Ny) ) :

Output vectors: Y = AV (Shape: Ng x Dy) Y, = T AV, _ g/lglcl)t;pilaetguerya\;zc\tlzrli .

Slide credit: Justin Johnson



-
Attention Layer

Inputs:
Query vectors: Q (Shape: Ng x Dg)

Input vectors: X (Shape: Ny x Dy)
Key matrix: (Shape: Dy x D)
Value matrix: W,, (Shape: Dy x D))

Computation:
Key vectors: K = X (Shape: Ny x Dy) X4
Value vectors: V = XW,, (Shape: Ny x D,))
Similarities: E = QK" (Shape: Ng x Ny) E;; = Q; - K,/ sqrt(Dg) X,
Attention weights: A = softmax(E, dim=1) (Shape: Ng X Ny)
Output vectors: Y = AV (Shape: Ng xD,) Y; = > A}V, X,

Slide credit: Justin Johnson



-
Attention Layer

Inputs:
Query vectors: Q (Shape: Ny x Dg)

Input vectors: X (Shape: Ny x Dy)
Key matrix: (Shape: Dy x D)
Value matrix: W,, (Shape: Dy x D))

Computation:

Key vectors: K =X (Shape: Ny x Dy) X, ™ K,
Value vectors: V = XW,, (Shape: Ny x D,))

Similarities: E = (Shape: Ng x Ny) E;; = Q; - K,/ sqrt(Dg) X, — K,
Attention weights: A = softmax(E, dim=1) (Shape: Ng X Ny)

Output vectors: Y = AV (Shape: Ng xD,) Y; = > A}V, X; — K,

Slide credit: Justin Johnson



-
Attention Layer

Inputs:
Query vectors: Q (Shape: Ny x Dg)

Input vectors: X (Shape: Ny x Dy)
Key matrix: (Shape: Dy x D)
Value matrix: W,, (Shape: Dy x D))

Computation:

Key vectors: K =X (Shape: Ny x Dy) Xy ™ Ky — Eyy E, E; ; E,
Value vectors: V = XW,, (Shape: Ny x D,))

Similarities: E = (Shape: Ng x Ny) E;; = Q; - K,/ sqrt(Dg) X, —1 K, = Eq5 E,, E;, E,,
Attention weights: A = softmax(E, dim=1) (Shape: Ng X Ny)

Output vectors: Y = AV (Shape: Ng xD,) Y; = > A}V, Xs — Ky — Eq, E,. Ess e

Slide credit: Justin Johnson



-
Attention Layer

Inputs:

Query vectors: Q (Shape: Ny x Dg) A A Az 4 As
Input vectors: X (Shape: Ny x Dy)

Key matrix: (Shape: Dy x D) A, A, Az, Ao

Value matrix: W,, (Shape: Dy x D))

Softmax( T )
Computation:

Key vectors: K =X (Shape: Ny x Dy) Xy ™ Ky — Eyy E, E; ; E,
Value vectors: V = XW,, (Shape: Ny x D,))

Similarities: E = (Shape: Ng x Ny) E;; = Q; - K,/ sqrt(Dg) X, —1 K, = Eq5 E,, E;, E,,
Attention weights: A = softmax(E, dim=1) (Shape: Ng X Ny)

Output vectors: Y = AV (Shape: Ng xD,) Y; = > A}V, Xs — Ky — Eq, Sha Ess e

| S |

Q Q Q Q

1 2 3 4

Slide credit: Justin Johnson



-
Attention Layer

Inputs:

Query vectors: Q (Shape: Ny x Dg) "V, — A A Az 4 As
Input vectors: X (Shape: Ny x Dy)

Key matrix: (Shape: Dy x D) " Vo, — A, A, Az, Ao

Value matrix: W,, (Shape: Dy x D))

Computation:

Key vectors: K =X (Shape: Ny x Dy) - Xy — Ky —  Eyy E, E; ; E,
Value vectors: V = XW,, (Shape: Ny x D,))

Similarities: E = (Shape: Ng x Ny) E;; = Q; - K,/ sqrt(Dg) X, 1 K, —1 | Eq, E,, E; E,,
Attention weights: A = softmax(E, dim=1) (Shape: Ng X Ny)

Output vectors: Y = AV (Shape: Ng xD,) Y; = > A}V, Xs — Ky — Eq, E,. Ess e

Slide credit: Justin Johnson



Attention Layer

Inputs:
Query vectors: Q (Shape: Ny x Dg)

Input vectors: X (Shape: Ny x Dy)
Key matrix: (Shape: Dy x D)
Value matrix: W,, (Shape: Dy x D))

Computation:

Key vectors: K =X (Shape: Ny x Dy)
Value vectors: V = XW,, (Shape: Ny x D,))
Similarities: E = (Shape: Ng x Ny) E;; = Q; - K,/ sqrt(Dg)
Attention weights: A = softmax(E, dim=1) (Shape: Ng X Ny)

Output vectors: Y = AV (Shape: Ng xD,) Y; = > A}V,

E, E; E,

E,» Esp | Esp

Eys| |Ess| |Eags
R
Q Q Q
2 3 4

Slide credit: Justin Johnson



-
Self-Attention Layer

One query per input vector
Inputs:
Input vectors: X (Shape: Ny x Dy)
Key matrix: W, (Shape: Dy x Dy)

WMW) .
Query matrix: W, (Shape: Dy x D{)) Make the module generic:

Input: Sequence (X)
Output: Sequence (Weighted sum/mixture of

Computation: inputs)

Query vectors: Q = XW,

Key vectors: K = XW, (Shape: Ny x Dg)

Value vectors: V = XW,, (Shape: Ny x D,))

Similarities: E = QK" (Shape: Ny x Ny) E;; = Q; - K;/ sqrt(Dq)

Attention weights: A = softmax(E, dim=1) (Shape: Ny x Ny)

Output vectors: Y = AV (Shape: Ny x D) Y; = > A}V,

Slide credit: Justin Johnson



-
Self-Attention Layer

One query per input vector
Inputs:
Input vectors: X (Shape: Ny x Dy)
Key matrix: (Shape: Dy x D)
Value matrix: W,, (Shape: Dy x D))
Query matrix: W, (Shape: Dy x Dg)

Computation:

Query vectors: Q = XW

Key vectors: K =X (Shape: Ny x Dy)

Value vectors: V = XW,, (Shape: Ny x D,))

Similarities: E = QK' (Shape: Ny x Ny) E;; = Q; - K,/ sqrt(Dg) Q

Attention weights: A = softmax(E, dim=1) (Shape: N, x Ny) ‘ b
Output vectors: Y = AV (Shape: Ny x D) Y; = > A}V, t t f
X1 X2 X3

Slide credit: Justin Johnson



-
Self-Attention Layer

One query per input vector
Inputs:
Input vectors: X (Shape: Ny x Dy)
Key matrix: (Shape: Dy x D)
Value matrix: W,, (Shape: Dy x D))
Query matrix: W, (Shape: Dy x Dg)

Computation:
Query vectors: Q = XW, K,

Key vectors: K =X (Shape: Ny x Dy)

Value vectors: V = XW,, (Shape: Ny x D,)) K
Similarities: E = QK' (Shape: Ny x Ny) E;; = Q; - K,/ sqrt(Dg) Q
Attention weights: A = softmax(E, dim=1) (Shape: Ny x Ny) ‘
Output vectors: Y = AV (Shape: Ny x D) Y, = 3 AV, f

c
'

b
X b
X L

Slide credit: Justin Johnson



-
Self-Attention Layer

One per input vector
Inputs:
Input vectors: X (Shape: Ny x Dy)
Key matrix: (Shape: Dy x D)
Value matrix: W,, (Shape: Dy x D))
Query matrix: (Shape: Dy x Dg)

Computation:

Query vectors: O =X Ko = E;, | Eyn | Ej3
Key vectors: K =X (Shape: Ny x Dy)

Value vectors: V = XW,, (Shape: Ny x D) Ki 1= Eiq| [Baq| [EBsq
Similarities: E = (Shape: Ny x Ny) E;; = Q; - K,/ sqrt(Dg) (5 (5
Attention weights: A = softmax(E, dim=1) (Shape: Ny x Ny)

Output vectors: Y = AV (Shape: Ny x D) Y; = YAV, t f

Slide credit: Justin Johnson



-
Self-Attention Layer

One per input vector
Inputs: A3 Az As 3
Input vec_tors: X (Shape: Ny x Dy) Aol A, A;,
Key matrix: (Shape: Dy x D)
Value matrix: W,, (Shape: Dy x D) Al Ay [ Agy
Query matrix: (Shape: Dy x D) t
Softmax(1)

t
Computation: Ks |=1[E1a] |Eas Ess
Query vectors: O =X Ko |=||Ei2| |Ezs| |Esy
Key vectors: K =X (Shape: Ny x Dy)
Value vectors: V = XW,, (Shape: Ny x D)) Ki = By [Banl [ Ba
Similarities: E = (Shape: Ny x Ny) E;; = Q; - K,/ sqrt(Dg) (5

Attention weights: A = softmax(E, dim=1) (Shape: Ny x Ny)
Output vectors: Y = AV (Shape: Ny x D) Y; = > A}V,

Slide credit: Justin Johnson



-
Self-Attention Layer

One query per input vector

Inputs: Vs |7 Al Az As 3
Input vectors: X (Shape: Ny x Dy) oV, |~ A A, As,
Key matrix: (Shape: Dy x Dq) ’ ’ ’
Value matrix: W,, (Shape: Dy x D)) TV = AL A A
Query matrix: W, (Shape: Dy x D) — t o
ortmax
t

Computation:

Query vectors: 0 = XW, Ko |=||Ei2| |Ezs| |Esy
Key vectors: K = X (Shape: Ny x Dy)

Value vectors: V = XW,, (Shape: Ny x D, Ki | = E1] [Eaq| |EBsq
Similarities: E = QK™ (Shape: Ny x Ny) E;; = Q, - K,/ sqrt(Dy) & i &

Attention weights: A = softmax(E, dim=1) (Shape: Ny x Ny)
Output vectors: Y = AV (Shape: Ny x D) Y; = > A}V,

Slide credit: Justin Johnson



-
Y1 Y2 Y3

Self-Attention Layer SRS N

One query per input vector f
Inputs: Vs |7 Al Az As 3
Input vectors: X (Shape: Ny x Dy) 1V, = AL, A, A,
Key matrix: (Shape: Dy x Dy) ’ ’ ’
Value matrix: W,, (Shape: Dy x D)) TV = AL Ay Ay
Query matrix: W, (Shape: Dy x D) t
Softrr;ax(T)

Computation:

Query vectors: O = XW, K, = Ein | Eyn | Ej,
Key vectors: K =X (Shape: Ny x Dy)

Value vectors: V = XW,, (Shape: Ny x D) Ki 1= Eiq| [Baq| [EBsq
Similarities: E = QK™ (Shape: Ny x Ny) E;; = Q, - K,/ sqrt(Dy) & i &

Attention weights: A = softmax(E, dim=1) (Shape: Ny x Ny)
Output vectors: Y = AV (Shape: Ny x D) Y; = > A}V,

Slide credit: Justin Johnson



e
Self-Attention Layer SRS SR

Consider permuting , - !
Inputs: the input vectors:
Input vectors: X (Shape: Ny x Dy) > —
Key matrix: (Shape: Dy x D)
Value matrix: W,, (Shape: Dy x D)) -
Query matrix: W, (Shape: Dy x Dg) — t

o rrflaX(T)
Computation: -
Query vectors: Q = XW, —
Key vectors: K = X (Shape: Ny x Dy)
Value vectors: V = XW,, (Shape: Ny x D)) -
Similarities: E = QK (Shape: Ny x Ny) E;; = Q; - K,/ sqrt(Dg) t t t
Attention weights: A = softmax(E, dim=1) (Shape: Ny x Ny)
Output vectors: Y = AV (Shape: Ny x D) Y, = 3 AV, t t t
X3 X1 X2

Slide credit: Justin Johnson
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Self-Attention Layer SRS SR

Consider permuting , — !
Inputs: the input vectors:
Input vectors: X (Shape: Ny x Dy) s —
Key matrix: (Shape: Dy x Dq) Queries and Keys will
Value matrix: W,, (Shape: Dy x D)) be the same, but -
Query matrix: W, (Shape: Dy x Dg) permuted t
Softrr;ax(T)
c jon: Ko T
omputation:
Query vectors: O = XW, K,
Key vectors: K = X (Shape: Ny x Dy)
Value Vectors: V = XW,, (Shape: N, x D) Ks 1T
Similarities: E = QK" (Shape: Ny x Ny) E;; = @, - K,/ sqrt(Dg) ) 6 é
Attention weights: A = softmax(E, dim=1) (Shape: Ny x Ny) ) ‘ )
Output vectors: Y = AV (Shape: Ny x D) Y; = AV, 1 T T
X, X, X,
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Inputs: the input vectors:
Input vectors: X (Shape: Ny x Dy) : —
Key matrix: W, (Shape: Dy x Dq) Similarities will be the
Value matrix: W, (Shape: Dy x D,) same, but permuted -
Query matrix: W, (Shape: Dy x Dg) — nflaX(T)
4
Computation: Ko 1T/ Baz2] [Erz =%
Query vectors: O = XW, K, | Es; E EW
Key vectors: K = X (Shape: Ny x Dy)
Value vectors: V = XW,, (Shape: Ny x D)) Ks |7 Bss [Eial [ Eos
Similarities: E = QK (Shape: Ny x Ny) E;; = Q; - K,/ sqrt(Dg) é é (5
Attention weights: A = softmax(E, dim=1) (Shape: Ny x Ny) ‘ )
Output vectors: Y = AV (Shape: Ny x D) Y, = 3 AV, f t 1
X3 X1 X2

Slide credit: Justin Johnson



e
Self-Attention Layer SRS SR

Consider permuting , i
Inputs: the input vectors: Asp| [Arz] [Ao
Input vectors: X (Shape: Ny x Dy) > - A A A
‘. . 3,1 1,1 2.1
Key matrix: W, (Shape: Dy x Dq) Attention weights will ) 1
Value matrix: W,, (Shape: Dy x D,)) be the same, but ' Asz | Az [ Ags
Softmax(1)
t
Computation: Ko |=|[Eaz] [Er2] [Ea
Query vectors: Q = XW, K, [—|| Es; E, E,,
Key vectors: K = XW, (Shape: Ny x Dy) |
Value vectors: V = XW,, (Shape: Ny x D)) Ks = Bss Bz Eags
Similarities: E = QKT (Shape: Ny x Ny) E;; = Q, - K;/ sqrt(Dy) & & &
Attention weights: A = softmax(E, dim=1) (Shape: Ny x Ny) ‘ )
Output vectors: Y = AV (Shape: Ny x D) Y; = YAV, f t 1
X3 X1 X2

Slide credit: Justin Johnson



Self-Attention Layer

Inputs:
Input vectors: X (Shape: Ny x Dy)

Key matrix: (Shape: Dy x D)
Value matrix: W,, (Shape: Dy x D))
Query matrix: W, (Shape: Dy x Dg)

Computation:

Query vectors: Q = XW,

Key vectors: K = X (Shape: Ny x Dy)
Value vectors: V = XW,, (Shape: Ny x D,))

Similarities: E = QK" (Shape: Ny x Ny) E;;

Consider permuting
the input vectors:

Values will be the
same, but permuted

=Q, - K;/sqart(Dy)

Attention weights: A = softmax(E, dim=1) (Shape: Ny x Ny)

Output vectors: Y = AV (Shape: Ny x Dy))

Y= Zin,jVj

v

4 4 4
Product(—), Sum(?1)
t

Ass | | Aqs Aoz
t

Softmax(1)

Slide credit: Justin Johnson



Self-Attention Layer

Inputs:
Input vectors: X (Shape: Ny x Dy)

Key matrix: (Shape: Dy x D)
Value matrix: W,, (Shape: Dy x D))
Query matrix: W, (Shape: Dy x Dg)

Computation:

Query vectors: Q = XW,

Key vectors: K = X (Shape: Ny x Dy)
Value vectors: V = XW,, (Shape: Ny x D,))

Similarities: E = QK" (Shape: Ny x Ny) E;;

Consider permuting
the input vectors:

Outputs will be the
same, but permuted

=Q, - K;/sqart(Dy)

Attention weights: A = softmax(E, dim=1) (Shape: Ny x Ny)

Output vectors: Y = AV (Shape: Ny x Dy))

Y= Zin,jVj

A

broduct(—»), Sum(Tl)

v

Ass | | Aqs Aoz
t

Softmax(1)

Slide credit: Justin Johnson



Self-Attention Layer

Consider permuting

Inputs: the input vectors:
Input vectors: X (Shape: Ny x Dy)

Key matrix: W, (Shape: Dy x Do) Outputs will be the
Value matrix: W,, (Shape: Dy x D)) same, but permuted

Query matrix: W, (Shape: Dy x Dg)

Self-attention layer is

_ Permutation
Computation: Equivariant

Query vectors: O = XW, f(s(x)) = s(f(x))
Key vectors: K = X (Shape: Ny x Dy)

Value vectors: V = XW,, (Shape: Ny x D,))

Similarities: E = QK' (Shape: Ny x Ny) E;; = Q; - K,/ sqrt(Dg)
Attention weights: A = softmax(E, dim=1) (Shape: Ny x Ny)
Output vectors: Y = AV (Shape: Ny x D) Y; = > A}V,

v

Y3 Y1 Y2
]Droduct(—:), Sum(Tl)
t
A3,2 A1 2 A2,2
A3,1 A1 1 A2,1
A3,3 A1,3 A2,3
t
Softmax(1)
t
E3,2 E1 2 E2,2
E3,1 E1,1 E2,1
E3,3 E1,3 E2,3
1 1 1
Q Q Q
f t ¥
X, X, X,

Slide credit: Justin Johnson



Self-Attention Layer

Self attention doesn’t “know”
the order of the vectors it is
processing!

Inputs:
Input vectors: X (Shape: Ny x Dy)

Key matrix: (Shape: Dy x D)
Value matrix: W,, (Shape: Dy x D))
Query matrix: (Shape: Dy x Dg)

Computation:

Query vectors: O = X

Key vectors: K =X (Shape: Ny x Dy)

Value vectors: V = XW,, (Shape: Ny x D,))

Similarities: E = (Shape: Ny x Ny) E;; = Q, - K,/ sqrt(Dq)
Attention weights: A = softmax(E, dim=1) (Shape: Ny x Ny)
Output vectors: Y = AV (Shape: Ny x D) Y; = > A}V,

Yy Y, Y3

4 4 4
Product(—), Sum(?1)
t

A1 > A2,3 A3,3
A1 2 A2,2 A3,2

Aq 1 A 4 Az 4
t

Softmax(1)

Slide credit: Justin Johnson



Self-Attention Layer

Inouts: Self attention doesn’t “know” V,
NDLES. _ _ the order of the vectors it is

Input vectors: X (Shape: Ny x Dy) rocessing! V,
Key matrix: (Shape: Dy x D) P g

Value matrix: W, (Shape: Dy x D) Vi

In order to make processing
position-aware, concatenate
input with positional

encoding K,

Query matrix: W, (Shape: Dy x Dg)

Computation:

Query vectors: Q = XW

Key vectors: K =X (Shape: Ny x Dy)
Value vectors: V = XW,, (Shape: Ny x D,
Similarities: E = QK' (Shape: Ny x Ny) E;; = Q; - K,/ sqrt(Dg)
Attention weights: A = softmax(E, dim=1) (Shape: Ny x Ny)
Output vectors: Y = AV (Shape: Ny x D) Y; = > A}V,

E can be learned lookuptable, K
S)r fixed function

Y1 Y2 Y3
4 4 4
Product(—), Sum(?1)

t
A1 '3 A2,3 A3,3
A1 2 A2,2 A3,2
A1,1 A2,1 A3,1
t
Softmax(1)
t

E1 '3 E2,3 E3,3

E1 ,2 E2,2 E3,2

E1 A E2,1 E3,1
1 1 1

Q Q Q
t f f

X1 X2 X3

E(1) [E@2) [EQ)

Slide credit: Justin Johnson



Summary

- We have made a generic sequence-in to sequence-out layer
- This is what we want for language processing!
- Each output is a contextualized representation of the
corresponding input word
- Vector for stop word can be treated as representation of entire
sentence (e.g. project its output to classifier and add loss)

- Unlike RNNs/LSTMs, it processes all inputs (e.g. entire sentence) at
once
- Highly parallelizable
- => SCALE! -> Reduction of loss -> Magic

- Next time: Entire transformer architecture that combines this new layer
with other layers/concepts we know about (fully-connected,
normalization, residual/skip connections)



Big cat [END]

¢ 4 t
- Product(—), Sum(?1)
Masked Self-Attention Layer :
Inputs: Vs |70 0 Ass
Input vectors: X (Shape: Ny x D —
K:y matrix: (éhap% DXXX DQ);) Don’t let vectors “look vz L Aoz | B
Value matrix: W,, (Shape: Dy x D) ahead” in the sequence Vi 1= AL A Ay
Query matrix: (Shape: Dy x D) t
Used for language Softmax(f)
modelin redict next
Computation: word) 9P Kg |7 - Eas
Query vectors: O =X K, |—|| - E,, |Ei,
Key vectors: K =X (Shape: Ny x Dy)
Value vectors: V = XW,, (Shape: Ny x D) Ki 1= Eiq| [Baq| [EBsq
Similarities: E = (Shape: Ny x Ny) E;; = Q, - K,/ sqrt(Dy) (5 (5 (5
Attention weights: A = softmax(E, dim=1) (Shape: Ny x Ny)
Output vectors: Y = AV (Shape: Ny x D) Y; = YAV, t f f

[START] Big  cat

Slide credit: Justin Johnson



Multihead Self-Attention Layer || |

Inputs: Concat
Input vectors: X (Shape: Ny x Dy)

Key matrix: (Shape: Dy x D)

Value matrix: W,, (Shape: Dy x D)) Use H independent e gL _

Query matrix: W, (Shape: Dy x Dq) ) ) b . e ) ] |[ B ) ) | ) )
Attention Heads” in o o =
parallel -] o] [ -] ] -] g [

Computation: - @ - -

Query vectors: Q = XW

Key vectors: K =X (Shape: Ny x Dy) o
Value vectors: V = XW,, (Shape: Ny x D) Split
Similarities: E = QK' (Shape: Ny x Ny) E;; = Q; - K,/ sqrt(Dg)
Attention weights: A = softmax(E, dim=1) (Shape: Ny x Ny)

Output vectors: Y = AV (Shape: Ny x D) Y; = > A}V, X % %
1 2 K}

Slide credit: Justin Johnson



Three Ways of Processing Sequences

Recurrent Neural Network

Yo T Yo T Y3 T Vs

I

X4 X, X3 Xy

Works on Ordered Sequences
(+) Good at long sequences:
After one RNN layer, h; ”sees”
the whole sequence

(-) Not parallelizable: need to
compute hidden states
sequentially

Slide credit: Justin Johnson



Three Ways of Processing Sequences

Recurrent Neural Network

Y1 Yo Y3 Y4

I

X4 X, X3 Xy

Works on Ordered Sequences
(+) Good at long sequences:
After one RNN layer, h; ”sees”
the whole sequence

(-) Not parallelizable: need to
compute hidden states
sequentially

1D Convolution

IXIXIX]

Works on Multidimensional
Grids

(-) Bad at long sequences: Need
to stack many conv layers for
outputs to “see” the whole
sequence

(+) Highly parallel: Each output
can be computed in parallel

Slide credit: Justin Johnson




Three Ways of Processing Sequences

Recurrent Neural Network

Yio T Yo T Ys T " Vs

I

X4 X, X3 Xy

Works on Ordered Sequences
(+) Good at long sequences:
After one RNN layer, h; ”sees”
the whole sequence

(-) Not parallelizable: need to
compute hidden states
sequentially

1D Convolution

Y1 Yo Y3 Y4

| XTXIX]

X X5 X3 Xy

Works on Multidimensional
Grids

(-) Bad at long sequences: Need
to stack many conv layers for
outputs to “see” the whole
sequence

(+) Highly parallel: Each output
can be computed in parallel

Self-Attention

Works on Sets of Vectors

(+) Good at long sequences:
after one self-attention layer,
each output “sees” all inputs!
(+) Highly parallel: Each output
can be computed in parallel

(-) Very memory intensive

Slide credit: Justin Johnson



Three Ways of Processing Sequences

Recurrent Neural Network

1D Convolution

Self-Attention

Attention is all you need

Vaswani et al, NeurlPS 2017

Works on Ordered Sequences
(+) Good at long sequences:
After one RNN layer, h; ”sees”
the whole sequence

(-) Not parallelizable: need to
compute hidden states
sequentially

Works on Multidimensional
Grids

(-) Bad at long sequences: Need
to stack many conv layers for
outputs to “see” the whole
sequence

(+) Highly parallel: Each output
can be computed in parallel

Works on Sets of Vectors

(+) Good at long sequences:
after one self-attention layer,
each output “sees” all inputs!
(+) Highly parallel: Each output
can be computed in parallel

(-) Very memory intensive

Slide credit: Justin Johnson
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