
Deep Learning



So far: “Feedforward” Neural Networks

e.g. Image classification
Image -> Label



Recurrent Neural Networks: Process Sequences

e.g. Image Captioning: 
Image -> sequence of words



Recurrent Neural Networks: Process Sequences

e.g. Video classification:
Sequence of images -> label



Recurrent Neural Networks: Process Sequences

e.g. Machine Translation:
Sequence of words -> Sequence of words



Recurrent Neural Networks: Process Sequences

e.g. Per-frame video classification:
Sequence of images -> Sequence of labels



Ba, Mnih, and Kavukcuoglu, “Multiple Object Recognition with Visual Attention”, ICLR 2015.

Classify images by taking 
a series of “glimpses”

Sequential Processing of Non-Sequential Data



Generate images one piece at a time

Gregor et al, “DRAW: A Recurrent Neural Network For Image Generation”, ICML 2015

Sequential Processing of Non-Sequential Data



Recurrent Neural Networks

x

RNN

y

Key idea: RNNs have an 
“internal state” that is 
updated as a sequence 
is processed



Recurrent Neural Networks

We can process a sequence of vectors x by applying a
recurrence formula at every time step:

new state old state

some function 
with parameters W

input vector at 
some time step

x

RNN

y



(Vanilla) Recurrent Neural Networks

The state consists of a single “hidden” vector h:

Sometimes called a “Vanilla RNN” or an 
“Elman RNN” after Prof. Jeffrey Elman

(also bias term)

x

RNN

y



RNN Computational Graph

Initial hidden state 
Either set to all 0, 
Or learn it

h0

x1



RNN Computational Graph

h0 fW h1

x1



RNN Computational Graph

h0 fW h1 fW h2

x2x1



RNN Computational Graph

h0 fW h1 fW h2 fW h3

x3

…

x2x1

hT



RNN Computational Graph

h0 fW h1 fW h2 fW h3

x3

…

x2x1
W

hT

Re-use the same weight matrix at every time-step



RNN Computational Graph (Many to Many)

h0 fW h1 fW h2

x3

yT

…

x2x1
W

y3y2y1

fW h3 hT



RNN Computational Graph (Many to Many)

L1 L2 L3 LT

h0 fW h1 fW h2

x3

yT

…

x2x1
W

y3y2y1

fW h3 hT



RNN Computational Graph (Many to Many) L

L1 L2 L3 LT

h0 fW h1 fW h2

x3

yT

…

x2x1
W

y3y2y1

fW h3 hT



RNN Computational Graph (Many to One)

h0 fW h1 fW h2

x3

…

x2x1
W

fW h3 hT

y



RNN Computational Graph (One to Many)

h0 fW h1 fW h2

yT

…

x
W

y3y2y1

fW h3 hT



Sequence to Sequence (seq2seq) 
(Many to one) + (One to many)

h0 fW h1 fW h2 fW h3

x3

…

x2x1
W1

hT

Many to one: Encode input 
sequence in a single vector

Sutskever et al, “Sequence to Sequence Learning with Neural Networks”, NIPS 2014



Sequence to Sequence (seq2seq) 
(Many to one) + (One to many)

y1 y2

…

Many to one: Encode input 
sequence in a single vector

One to many: Produce
output sequence from
single input vector

fW h1 fW h2 fW

W2

Sutskever et al, “Sequence to Sequence Learning with Neural Networks”, NIPS 2014

h0 fW h1 fW h2 fW h3

x3

…

x2x1
W1

hT



Example: Language Modeling

Given characters 1, 2, …, t, 
model predicts character t

Training sequence: ”hello” 

Vocabulary: [h, e, l, o]
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Given characters 1, 2, …, t, 
model predicts character t

Given “h”, predict “e”



Example: Language Modeling

Training sequence: ”hello” 

Vocabulary: [h, e, l, o]

Given characters 1, 2, …, t, 
model predicts character t

Given “he”, predict “l”



Example: Language Modeling

Training sequence: ”hello” 

Vocabulary: [h, e, l, o]

Given characters 1, 2, …, t, 
model predicts character t

Given “hel”, predict “l”



Example: Language Modeling

Training sequence: ”hello” 

Vocabulary: [h, e, l, o]

Given characters 1, 2, …, t, 
model predicts character t

Given “hell”, predict “o”



Example: Language Modeling

So far: encode inputs 
as one-hot-vector Softmax

”
“e “l “l “o
”

.03 .25
”

.11
”

.11
.13 .20 .17 .02
.00 .05 .68 .08

.84 .50 .03 .79

Sample

[w11 w12 w13 w14] [1] [w11]
[w21 w22 w23 w14] [0] = [w21]

31 32 33 14 31[w w w w ] [0] [w ]
[0]

Matrix multiply with a one-hot vector just 
extracts a column from the weight matrix. 
Often extract this into a separate 
embedding layer



Example: Language Modeling

So far: encode inputs 
as one-hot-vector

[w11 w12 w13 w14] [1] [w11]
[w21 w22 w23 w14] [0] = [w21]

31 32 33 14 31[w w w w ] [0] [w ]
[0]

Matrix multiply with a one-hot vector just 
extracts a column from the weight matrix. 
Often extract this into a separate 
embedding layer

.03

.13

.00

.25

.20

.05

.11

.17

.68

.11

.02

.08
Embedding

layer



Backpropagation Through Time

Loss

Forward through entire sequence to 
compute loss, then backward through 
entire sequence to compute gradient



Truncated Backpropagation Through Time
Loss

Run forward and backward 
through chunks of the sequence 
instead of whole sequence



Truncated Backpropagation Through Time
Loss

Carry hidden states 
forward in time forever, 
but only backpropagate 
for some smaller number 
of steps



Truncated Backpropagation Through Time
Loss



x

RNN

y



at first:



train more

at first:



train more

train more

at first:



train more

train more

train more

at first:





Example: Image Captioning

Convolutional Neural Network

Recurrent  
Neural 
Network



X

Transfer learning: Take 
CNN trained on ImageNet, 
chop off last layer



x0



h0

x0

y0

Wih

before:

h = tanh(Wxh*x + Whh*h)

now:

h = tanh(Wxh*x + Whh*h + Wih*v)



h0

x0

y0

Wih

before:

h = tanh(Wxh*x + Whh*h)

now:

h = tanh(Wxh*x + Whh*h + Wih*v)

Sample 
word and 
copy to 
input



h0

x0

y0

Wih

before:

h = tanh(Wxh*x + Whh*h)

now:

h = tanh(Wxh*x + Whh*h + Wih*v)

Sample 
word and 
copy to 
input

x1

h1

y1



h0

x0

y0

Wih

before:

h = tanh(Wxh*x + Whh*h)

now:

h = tanh(Wxh*x + Whh*h + Wih*v)

Sample 
word and 
copy to 
input

x1

h1

y1

x2

h2

y2



h0

x0

y0

Wih

before:

h = tanh(Wxh*x + Whh*h)

now:

h = tanh(Wxh*x + Whh*h + Wih*v)

Sample 
word and 
copy to 
input

x1

h1

y1

x2

h2

y2

x3

h3

y3



h0

x0

y0

x1

h1

y1

x2

h2

y2

x3

h3

y3

x4

h4

y4

Wih

Stop after sampling <END> token

before:

h = tanh(Wxh*x + Whh*h)

now:

h = tanh(Wxh*x + Whh*h + Wih*v)



Image Captioning: Example Results

A cat sitting on a suitcase 
on the floor

A cat is sitting on a tree 
branch

A dog is running in the grass 
with a frisbee

A white teddy bear sitting in 
the grass

Two people walking on the 
beach with surfboards

Two giraffes standing in a 
grassy field

A man riding a dirt bike on a 
dirt track

A tennis player in action on 
the court



Image Captioning: Failure Cases

A woman is holding a cat 
in her hand

A woman standing on a beach 
holding a surfboard

A person holding a computer 
mouse on a desk

A bird is perched on a 
tree branch

A man in a 
baseball uniform 
throwing a ball



Sequence-to-Sequence with RNNs

x1

we are eating

x2 x3

bread

x4

Input: Sequence x1, … xT

Output: Sequence y1, …, yT’

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

Encoder: ht = fW(xt, ht-1)

h1 h2 h3 h4



Sequence-to-Sequence with RNNs

x1

we are eating

x2 x3

bread

x4 c

Encoder: ht = fW(xt, ht-1)

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

Input: Sequence x1, … xT

Output: Sequence y1, …, yT’

From final hidden state predict:
Initial decoder state s0

Context vector c (often c=hT)

h1 h2 h3 h4 s0



s1

Sequence-to-Sequence with RNNs

x1

we are eating

x2 x3

[START]

y0

y1

bread

x4

estamos

c

Input: Sequence x1, … xT

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

Decoder: st = gU(yt-1, st-1, c)

Encoder: ht = fW(xt, ht-1)

Output: Sequence y1, …, yT’

From final hidden state predict:
Initial decoder state s0

Context vector c (often c=hT)

h1 h2 h3 h4 s0



s1

Sequence-to-Sequence with RNNs

x1

we are eating

x2 x3

s2

[START]

y0 y1

y1 y2

bread

x4

estamos comiendo

estamos

c

Input: Sequence x1, … xT

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

Encoder: ht = fW(xt, ht-1)

Output: Sequence y1, …, yT’

From final hidden state predict:
Initial decoder state s0

Decoder: st = gU(yt-1, st-1, c)

Context vector c (often c=hT)

h1 h2 h3 h4 s0



s1

Sequence-to-Sequence with RNNs

x1

we are eating

x2 x3

s2

[START]

y0 y1

y1 y2

bread

x4

estamos comiendo pan [STOP]

comiendo pan

y2 y3

estamos

s3 s4

y3 y4

c

Input: Sequence x1, … xT

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

Encoder: ht = fW(xt, ht-1)

Output: Sequence y1, …, yT’

From final hidden state predict:
Initial decoder state s0

Decoder: st = gU(yt-1, st-1, c)

Context vector c (often c=hT)

h1 h2 h3 h4 s0



s1

Sequence-to-Sequence with RNNs

x1

we are eating

x2 x3

s2

[START]

y0 y1

y1 y2

bread

x4

estamos comiendo pan [STOP]

comiendo pan

y2 y3

estamos

s4

y3 y4

c

Input: Sequence x1, … xT

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

Encoder: ht = fW(xt, ht-1)

Output: Sequence y1, …, yT’

From final hidden state predict:
Initial decoder state s0

Decoder: st = gU(yt-1, st-1, c)

Context vector c (often c=hT)

Problem: Input sequence 
bottlenecked through fixed-
sized vector. What if T=1000?

s3h1 h2 h3 h4 s0



Sequence-to-Sequence with RNNs and Attention

x1

we are eating

x2 x3

bread

x4

Input: Sequence x1, … xT

Output: Sequence y1, …, yT’

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

Encoder: ht = fW(xt, ht-1)
From final hidden state:
Initial decoder state s

s0

0

h h h h1 2 3 4



Sequence-to-Sequence with RNNs and Attention

x1

we are eating

x2 x3

h1 h2 h3 s0

bread

x4

h4

e11 e14

a11 a12 a13

softmax

e12 e13

a14

From final hidden state:

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

Initial decoder state s 0

Compute (scalar) alignment scores
et,i = fatt(st-1, hi) (fatt is an MLP)



Sequence-to-Sequence with RNNs and Attention

x1

we are eating

x2 x3

h1 h2 h3 s0

bread

x4

h4

e11 e14

a11 a12 a13

softmax

e12 e13

a14

From final hidden state:

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

Initial decoder state s 0

Compute (scalar) alignment scores
et,i = fatt(st-1, hi) (fatt is an MLP)

Normalize alignment scores 
to get attention weights
0 < at,i < 1 ∑iat,i = 1

Compute context vector as linear 
combination of hidden states
ct = ∑iat,ihi



Sequence-to-Sequence with RNNs and Attention

x1

we are eating

x2 x3

h1 h2 h3 s0

bread

x4

h4

e11 e14

a11 a12 a13

softmax

e12 e13

a14

c1

+

From final hidden state:

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

Initial decoder state s 0

Compute (scalar) alignment scores
et,i = fatt(st-1, hi) (fatt is an MLP)

Normalize alignment scores 
to get attention weights
0 < at,i < 1 ∑iat,i = 1

Compute context vector as linear 
combination of hidden states
ct = ∑iat,ihi



Sequence-to-Sequence with RNNs and Attention

x1

we are eating

x2 x3

h1 h2 h3 s0

bread

x4

h4

e11 e14

a11 a12 a13

softmax

e12 e13

a14

c1

+

y0

y1

estamos
Normalize alignment scores 
to get attention weights
0 < at,i < 1 ∑iat,i = 1

Compute context vector as linear 
combination of hidden states
ct = ∑iat,ihi

Use context vector in 
decoder: st = gU(yt-1, st-1, ct)

From final hidden state:
Initial decoder state s 0

This is all differentiable.

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

Compute (scalar) alignment scores
et,i = fatt(st-1, hi) (fatt is an MLP)

[START]

s1



Sequence-to-Sequence with RNNs and Attention

x1

we are eating

x2 x3

h1 h2 h3 s0

bread

x4

h4

e11 e14

a11 a12 a13

softmax

e12 e13

a14

c1

+

Intuition: Context vector 
attends to the relevant 
part of the input sequence 
“jemy” = “are eating”
so maybe a12=a13=0.45, 
a11=a14=0.05

y0

y1

estamos
Normalize alignment scores 
to get attention weights
0 < at,i < 1 ∑iat,i = 1

Compute context vector as linear 
combination of hidden states
ct = ∑iat,ihi

Use context vector in 
decoder: st = gU(yt-1, st-1, ct)

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

From final hidden state:
Initial decoder state s 0

Compute (scalar) alignment scores
et,i = fatt(st-1, hi) (fatt is an MLP)

This is all differentiable.

[START]

s1



Sequence-to-Sequence with RNNs

x1

we are eating

x2 x3

h1 h2 h3 s0

bread

x4

h4 s1

y0

y1

estamos

c1 c2

e21 e24

a21 a22 a23

softmax

e22 e23

a24

+

Repeat: Use s1 to compute 
new context vector c2

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

[START]



Sequence-to-Sequence with RNNs and Attention

x1

we are eating

x2 x3

h1 h2 h3 s0

bread

x4

h4 s1

[START]

y0

y1

estamos

c1 c2

e21 22e e23 e24

a21 a22 a23

softmax

a24

+

Repeat: Use s1 to 
compute new context 
vector c2

Use c2 to compute s2, y2

s2

y2

comiendo

y1

estamos

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



Sequence-to-Sequence with RNNs and Attention

x1

we are eating

x2 x3

h1 h2 h3 s0

bread

x4

h4 s1

[START]

y0

y1

estamos

c1 c2

e21 22e e23 e24

a21 a22 a23

softmax

a24

+

s2

y2

comiendo

y1

Intuition: Context vector 
attends to the relevant 
part of the input sequence 
“comiendo” = “eating”
so maybe a21=a24=0.05, 
a22=0.1, a23=0.8

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

estamos

Repeat: Use s1 to 
compute new context 
vector c2

Use c2 to compute s2, y2



Sequence-to-Sequence with RNNs and Attention

x1

we are eating

x2 x3

h1 h2 h3 s0

bread

x4

h4 s1 s2

[START]

y0

y1 y2

estamos comiendo pan

comiendo panestamos

s3 s4

y3 y4

[STOP]

y1c2 y2c3 y3

Use a different context vector in each timestep of decoder

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

- Input sequence not bottlenecked through single vector
- At each timestep of decoder, context vector “looks at” 

different parts of the input sequence

c1 c4



Sequence-to-Sequence with RNNs and Attention

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

Visualize attention weights at,i

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 européenne a 
été signé en août 1992.”



Sequence-to-Sequence with RNNs and Attention

Example: English to French 
translation

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

Visualize attention weights at,i

Diagonal attention means 
words correspond in order

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

Diagonal attention means 
words correspond in order

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



Sequence-to-Sequence with RNNs and Attention

Example: English to French 
translation

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

Visualize attention weights at,i

Attention figures out 
different word orders

Diagonal attention means 
words correspond in order

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

Diagonal attention means 
words correspond in order

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



Sequence-to-Sequence with RNNs and Attention

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 européenne a 
été signé en août 1992.”

Visualize attention weights at,i

Attention figures out 
different word orders

Diagonal attention means 
words correspond in order

Diagonal attention means 
words correspond in order

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

Verb conjugation



h1,1 h1,2 h1,3

h2,1 h2,2 h2,3

h3,1 h3,2 h3,3

Image Captioning with RNNs and Attention

CNN

Use a CNN to compute a
grid of features for an image

s0

Xu et al, “Show, Attend, and Tell: Neural Image Caption Generation with Visual Attention”, ICML 2015



s0CNN

Use a CNN to compute a
grid of features for an image

h1,1 h1,2 h1,3

h2,1 h2,2 h2,3

h3,1 h3,2 h3,3

e1,1,1 e1,1,2 e1,1,3

e1,2,1 e1,2,2 e1,2,3

e1,3,1 e1,3,2 e1,3,3

Xu et al, “Show, Attend, and Tell: Neural Image Caption Generation with Visual Attention”, ICML 2015

Image Captioning with RNNs and Attention
Alignment scores Attention weights

et,i,j = fatt(st-1, hi,j) 
at,:,: = softmax(et,:,:)



a1,1,1 a1,1,2 a1,1,3

a1,2,1 a1,2,2 a1,2,3

a1,3,1 a1,3,2 a1,3,3

e1,1,1 e1,1,2 e1,1,3

e1,2,1 e1,2,2 e1,2,3

e1,3,1 e1,3,2 e1,3,3

Image Captioning with RNNs and Attention
Alignment scores Attention weights

s0CNN

Use a CNN to compute a
grid of features for an image

softmax

et,i,j = fatt(st-1, hi,j) 
at,:,: = softmax(et,:,:)

h1,1 h1,2 h1,3

h2,1 h2,2 h2,3

h3,1 h3,2 h3,3

Xu et al, “Show, Attend, and Tell: Neural Image Caption Generation with Visual Attention”, ICML 2015



Image Captioning with RNNs and Attention
Alignment scores Attention weights

s0

c1

CNN

Use a CNN to compute a
grid of features for an image

softmax

et,i,j = fatt(st-1, hi,j) 
at,:,: = softmax(et,:,:)
ct = ∑i,jat,i,jhi,j

h1,1 h1,2 h1,3

h2,1 h2,2 h2,3

h3,1 h3,2 h3,3

e1,1,1 e1,1,2 e1,1,3

e1,2,1 e1,2,2 e1,2,3

e1,3,1 e1,3,2 e1,3,3

a1,1,1 a1,1,2 a1,1,3

a1,2,1 a1,2,2 a1,2,3

a1,3,1 a1,3,2 a1,3,3

Xu et al, “Show, Attend, and Tell: Neural Image Caption Generation with Visual Attention”, ICML 2015



Image Captioning with RNNs and Attention
Alignment scores Attention weights

s0 s1

[START]

y0

y1

cat

c1

CNN

Use a CNN to compute a
grid of features for an image

softmax

et,i,j = fatt(st-1, hi,j) 
at,:,: = softmax(et,:,:)
ct = ∑i,jat,i,jhi,j

h1,1 h1,2 h1,3

h2,1 h2,2 h2,3

h3,1 h3,2 h3,3

e1,1,1 e1,1,2 e1,1,3

e1,2,1 e1,2,2 e1,2,3

e1,3,1 e1,3,2 e1,3,3

a1,1,1 a1,1,2 a1,1,3

a1,2,1 a1,2,2 a1,2,3

a1,3,1 a1,3,2 a1,3,3

Xu et al, “Show, Attend, and Tell: Neural Image Caption Generation with Visual Attention”, ICML 2015



Image Captioning with RNNs and Attention

s0 s1

[START]

y0

y1

cat

c1

CNN

Use a CNN to compute a
grid of features for an image

h1,1 h1,2 h1,3

h2,1 h2,2 h2,3

h3,1 h3,2 h3,3

Xu et al, “Show, Attend, and Tell: Neural Image Caption Generation with Visual Attention”, ICML 2015

et,i,j = fatt(st-1, hi,j) 
at,:,: = softmax(et,:,:)
ct = ∑i,jat,i,jhi,j



e2,1,1 e2,1,2 e2,1,3

e2,2,1 e2,2,2 e2,2,3

e2,3,1 e2,3,2 e2,3,3

s0 s1

[START]

y0

y1

cat

c1

CNN

Use a CNN to compute a
grid of features for an image

et,i,j = fatt(st-1, hi,j) 
at,:,: = softmax(et,:,:)
ct = ∑i,jat,i,jhi,j

h1,1 h1,2 h1,3

h2,1 h2,2 h2,3

h3,1 h3,2 h3,3

Xu et al, “Show, Attend, and Tell: Neural Image Caption Generation with Visual Attention”, ICML 2015

Image Captioning with RNNs and Attention
Alignment scores Attention weights



Image Captioning with RNNs and Attention
Alignment scores Attention weights

s0 s1

[START]

y0

y1

cat

c1

CNN

Use a CNN to compute a
grid of features for an image

softmax

et,i,j = fatt(st-1, hi,j) 
at,:,: = softmax(et,:,:)
ct = ∑i,jat,i,jhi,j

h1,1 h1,2 h1,3

h2,1 h2,2 h2,3

h3,1 h3,2 h3,3

e2,1,1 e2,1,2 e2,1,3

e2,2,1 e2,2,2 e2,2,3

e2,3,1 e2,3,2 e2,3,3

Xu et al, “Show, Attend, and Tell: Neural Image Caption Generation with Visual Attention”, ICML 2015

a2,1,1 a2,1,2 a2,1,3

a2,2,1 a2,2,2 a2,2,3

a2,3,1 a2,3,2 a2,3,3



Image Captioning with RNNs and Attention
Alignment scores Attention weights

s0 s1

[START]

y0

y1

cat

c1

CNN

Use a CNN to compute a
grid of features for an image

softmax

et,i,j = fatt(st-1, hi,j) 
at,:,: = softmax(et,:,:)
ct = ∑i,jat,i,jhi,j

c2

h1,1 h1,2 h1,3

h2,1 h2,2 h2,3

h3,1 h3,2 h3,3

e2,1,1 e2,1,2 e2,1,3

e2,2,1 e2,2,2 e2,2,3

e2,3,1 e2,3,2 e2,3,3

Xu et al, “Show, Attend, and Tell: Neural Image Caption Generation with Visual Attention”, ICML 2015

a2,1,1 a2,1,2 a2,1,3

a2,2,1 a2,2,2 a2,2,3

a2,3,1 a2,3,2 a2,3,3



Image Captioning with RNNs and Attention
Alignment scores Attention weights

s0 s1

[START]

y0

y1

c1

CNN

Use a CNN to compute a
grid of features for an image

softmax

et,i,j = fatt(st-1, hi,j) 
at,:,: = softmax(et,:,:)
ct = ∑i,jat,i,jhi,j

c2

s2

y2

y1

h1,1 h1,2 h1,3

h2,1 h2,2 h2,3

h3,1 h3,2 h3,3

e2,1,1 e2,1,2 e2,1,3

e2,2,1 e2,2,2 e2,2,3

e2,3,1 e2,3,2 e2,3,3

Xu et al, “Show, Attend, and Tell: Neural Image Caption Generation with Visual Attention”, ICML 2015

a2,1,1 a2,1,2 a2,1,3

a2,2,1 a2,2,2 a2,2,3

a2,3,1 a2,3,2 a2,3,3

cat sitting

cat



Image Captioning with RNNs and Attention

s0 s1 s2

[START]

y0

y1 y2

cat sitting

outsidecat sitting

s3 s4

y3 y4

outside [STOP]

c1 y1c2 y2c3 y3c4

CNN

Use a CNN to compute a
grid of features for an image

Each timestep of decoder
uses a different context 
vector that looks at different 
parts of the input image

h1,1 h1,2 h1,3

h2,1 h2,2 h2,3

h3,1 h3,2 h3,3

Xu et al, “Show, Attend, and Tell: Neural Image Caption Generation with Visual Attention”, ICML 2015

et,i,j = fatt(st-1, hi,j) 
at,:,: = softmax(et,:,:)
ct = ∑i,jat,i,jhi,j



Image Captioning with RNNs and Attention

Xu et al, “Show, Attend, and Tell: Neural Image Caption Generation with Visual Attention”, ICML 2015



Image Captioning with RNNs and Attention

Xu et al, “Show, Attend, and Tell: Neural Image Caption Generation with Visual Attention”, ICML 2015



X, Attend, and Y

“Show, attend, and tell” (Xu et al, ICML 2015)
Look at image, attend to image regions, produce question

“Ask, attend, and answer” (Xu and Saenko, ECCV 2016)
“Show, ask, attend, and answer” (Kazemi and Elqursh, 2017)
Read text of question, attend to image regions, produce answer

“Listen, attend, and spell” (Chan et al, ICASSP 2016)
Process raw audio, attend to audio regions while producing text

“Listen, attend, and walk” (Mei et al, AAAI 2016)
Process text, attend to text regions, output navigation commands

“Show, attend, and interact” (Qureshi et al, ICRA 2017)
Process image, attend to image regions, output robot control commands

“Show, attend, and read” (Li et al, AAAI 2019)
Process image, attend to image regions, output text



Attention Layer

Inputs:
Query vector: q (Shape: DQ) 
Input vectors: X (Shape: NX x DX) 
Similarity function: fatt

Computation:
Similarities: e (Shape: NX) ei = fatt(q, Xi) 
Attention weights: a = softmax(e) (Shape: NX) 
Output vector: y = ∑iaiXi (Shape: DX)

s0 s1

[START]

y0

y1

seagull

c1

CNN h2,1 h2,2 h2,3

h3,1 h3,2 h3,3

h1,1 h1,2 h1,3

softmax

Alignment scores Attention weights

a2,1,1 a2,1,2 a2,1,3

a2,2,1 a2,2,2 a2,2,3

a2,3,1 a2,3,2 a2,3,3

e2,1,1 e2,1,2 e2,1,3

e2,2,1 e2,2,2 e2,2,3

e2,3,1 e2,3,2 e2,3,3

et,i,j = fatt(st-1, hi,j) 
at,:,: = softmax(et,:,:)
ct = ∑i,jat,i,jhi,j

c2



Attention Layer

Inputs:
Query vector: q (Shape: DQ)
Input vectors: X (Shape: NX x DQ)
Similarity function: dot product

Computation:
Similarities: e (Shape: NX) ei = q · Xi

Attention weights: a = softmax(e) (Shape: NX)
Output vector: y = ∑iaiXi (Shape: DX)

s0 s1

[START]

y0

y1

seagull

c1

CNN h2,1 h2,2 h2,3

h3,1 h3,2 h3,3

h1,1 h1,2 h1,3

softmax

Alignment scores Attention weights

a2,1,1 a2,1,2 a2,1,3

a2,2,1 a2,2,2 a2,2,3

a2,3,1 a2,3,2 a2,3,3

e2,1,1 e2,1,2 e2,1,3

e2,2,1 e2,2,2 e2,2,3

e2,3,1 e2,3,2 e2,3,3

et,i,j = fatt(st-1, hi,j) 
at,:,: = softmax(et,:,:)
ct = ∑i,jat,i,jhi,j

c2

Changes:
- Use dot product for similarity



Attention Layer

Inputs:
Query vector: q (Shape: DQ)
Input vectors: X (Shape: NX x DQ)
Similarity function: scaled dot product

Computation:
Similarities: e (Shape: NX) ei = q · Xi / sqrt(DQ)
Attention weights: a = softmax(e) (Shape: NX)
Output vector: y = ∑iaiXi (Shape: DX)

s0 s1

[START]

y0

y1

seagull

c1

CNN h2,1 h2,2 h2,3

h3,1 h3,2 h3,3

h1,1 h1,2 h1,3

softmax

Alignment scores Attention weights

a2,1,1 a2,1,2 a2,1,3

a2,2,1 a2,2,2 a2,2,3

a2,3,1 a2,3,2 a2,3,3

e2,1,1 e2,1,2 e2,1,3

e2,2,1 e2,2,2 e2,2,3

e2,3,1 e2,3,2 e2,3,3

et,i,j = fatt(st-1, hi,j) 
at,:,: = softmax(et,:,:)
ct = ∑i,jat,i,jhi,j

c2

Changes:
- Use scaled dot product for similarity



Attention Layer

Inputs:
Query vector: q (Shape: DQ)
Input vectors: X (Shape: NX x DQ)
Similarity function: scaled dot product

Computation:
Similarities: e (Shape: NX) ei = q · Xi / sqrt(DQ)
Attention weights: a = softmax(e) (Shape: NX)
Output vector: y = ∑iaiXi (Shape: DX)

s0 s1

[START]

y0

y1

seagull

c1

CNN h2,1 h2,2 h2,3

h3,1 h3,2 h3,3

h1,1 h1,2 h1,3

softmax

Alignment scores Attention weights

a2,1,1 a2,1,2 a2,1,3

a2,2,1 a2,2,2 a2,2,3

a2,3,1 a2,3,2 a2,3,3

e2,1,1 e2,1,2 e2,1,3

e2,2,1 e2,2,2 e2,2,3

e2,3,1 e2,3,2 e2,3,3

et,i,j = fatt(st-1, hi,j) 
at,:,: = softmax(et,:,:)
ct = ∑i,jat,i,jhi,j

c2

Changes:
- Use scaled dot product for similarity

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| = (∑ia2)1/2 = a sqrt(D)



Attention Layer

Inputs:
Query vectors: Q (Shape: NQ x DQ)
Input vectors: X (Shape: NX x DQ)

Computation:
Similarities: E = QXT (Shape: NQ x NX) Ei,j = Qi · Xj / sqrt(DQ) 
Attention weights: A = softmax(E, dim=1) (Shape: NQ x NX) 
Output vectors: Y = AX (Shape: NQ x DX) Yi = ∑jAi,jXj

s0 s1

[START]

y0

y1

seagull

c1

CNN h2,1 h2,2 h2,3

h3,1 h3,2 h3,3

h1,1 h1,2 h1,3

softmax

Alignment scores Attention weights

a2,1,1 a2,1,2 a2,1,3

a2,2,1 a2,2,2 a2,2,3

a2,3,1 a2,3,2 a2,3,3

e2,1,1 e2,1,2 e2,1,3

e2,2,1 e2,2,2 e2,2,3

e2,3,1 e2,3,2 e2,3,3

et,i,j = fatt(st-1, hi,j) 
at,:,: = softmax(et,:,:)
ct = ∑i,jat,i,jhi,j

c2

Changes:
- Use dot product for similarity
- Multiple query vectors



Attention Layer

Inputs:
Query vectors: Q (Shape: NQ x DQ)
Input vectors: X (Shape: NX x DX)
Key matrix: WK (Shape: DX x DQ)
Value matrix: WV (Shape: DX x DV)

Computation:
Key vectors: K = XWK (Shape: NX x DQ)
Value Vectors: V = XWV (Shape: NX x DV)
Similarities: E = QKT (Shape: NQ x NX) Ei,j = Qi · Kj / sqrt(DQ) 
Attention weights: A = softmax(E, dim=1) (Shape: NQ x NX) 
Output vectors: Y = AV (Shape: NQ x DV) Yi = ∑jAi,jVj

Changes:
- Use dot product for similarity
- Multiple query vectors
- Separate key and value

s0 s1

[START]

y0

y1

seagull

c1

CNN h2,1 h2,2 h2,3

h3,1 h3,2 h3,3

h1,1 h1,2 h1,3

softmax

Alignment scores Attention weights

a2,1,1 a2,1,2 a2,1,3

a2,2,1 a2,2,2 a2,2,3

a2,3,1 a2,3,2 a2,3,3

e2,1,1 e2,1,2 e2,1,3

e2,2,1 e2,2,2 e2,2,3

e2,3,1 e2,3,2 e2,3,3

c2

et,i,j = fatt(st-1, hi,j) 
at,:,: = softmax(et,:,:)
ct = ∑i,jat,i,jhi,j



Attention Layer

Inputs:
Query vectors: Q (Shape: NQ x DQ) 
Input vectors: X (Shape: NX x DX) 
Key matrix: WK (Shape: DX x DQ) 
Value matrix: WV (Shape: DX x DV)

Computation:
Key vectors: K = XWK (Shape: NX x DQ)
Value Vectors: V = XWV (Shape: NX x DV)
Similarities: E = QKT (Shape: NQ x NX) Ei,j = Qi · Kj / sqrt(DQ) 
Attention weights: A = softmax(E, dim=1) (Shape: NQ x NX) 
Output vectors: Y = AV (Shape: NQ x DV) Yi = ∑jAi,jVj

Q1 Q2 Q3 Q4

X1

X2

X3



Attention Layer

Inputs:
Query vectors: Q (Shape: NQ x DQ) 
Input vectors: X (Shape: NX x DX) 
Key matrix: WK (Shape: DX x DQ) 
Value matrix: WV (Shape: DX x DV)

Computation:
Key vectors: K = XWK (Shape: NX x DQ)
Value Vectors: V = XWV (Shape: NX x DV)
Similarities: E = QKT (Shape: NQ x NX) Ei,j = Qi · Kj / sqrt(DQ) 
Attention weights: A = softmax(E, dim=1) (Shape: NQ x NX) 
Output vectors: Y = AV (Shape: NQ x DV) Yi = ∑jAi,jVj

Q1 Q2 Q3 Q4

X1

X2

X3

K1

K2

K3



Attention Layer

Inputs:
Query vectors: Q (Shape: NQ x DQ) 
Input vectors: X (Shape: NX x DX) 
Key matrix: WK (Shape: DX x DQ) 
Value matrix: WV (Shape: DX x DV)

Computation:
Key vectors: K = XWK (Shape: NX x DQ)
Value Vectors: V = XWV (Shape: NX x DV)
Similarities: E = QKT (Shape: NQ x NX) Ei,j = Qi · Kj / sqrt(DQ) 
Attention weights: A = softmax(E, dim=1) (Shape: NQ x NX) 
Output vectors: Y = AV (Shape: NQ x DV) Yi = ∑jAi,jVj

Q1 Q2 Q3 Q4

X1

X2

X3

K1

K2

K3

E1,1 E2,1

E1,2

E1,3

E2,2

E2,3 E3,3

E3,2

E3,1

E4,3

E4,2

E4,1



Attention Layer

Inputs:
Query vectors: Q (Shape: NQ x DQ) 
Input vectors: X (Shape: NX x DX) 
Key matrix: WK (Shape: DX x DQ) 
Value matrix: WV (Shape: DX x DV)

Computation:
Key vectors: K = XWK (Shape: NX x DQ)
Value Vectors: V = XWV (Shape: NX x DV)
Similarities: E = QKT (Shape: NQ x NX) Ei,j = Qi · Kj / sqrt(DQ) 
Attention weights: A = softmax(E, dim=1) (Shape: NQ x NX) 
Output vectors: Y = AV (Shape: NQ x DV) Yi = ∑jAi,jVj

Q1 Q2 Q3 Q4

X1

X2

X3

K1

K2

K3

E1,1 E2,1

E1,2

E1,3

E2,2

E2,3 E3,3

E3,2

E3,1

E4,3

E4,2

E4,1

A1,1 A2,1

A1,2

A1,3

A2,2

A2,3 A3,3

A3,2

A3,1

A4,3

A4,2

A4,1

Softmax( )



Attention Layer

Inputs:
Query vectors: Q (Shape: NQ x DQ) 
Input vectors: X (Shape: NX x DX) 
Key matrix: WK (Shape: DX x DQ) 
Value matrix: WV (Shape: DX x DV)

Computation:
Key vectors: K = XWK (Shape: NX x DQ)
Value Vectors: V = XWV (Shape: NX x DV)
Similarities: E = QKT (Shape: NQ x NX) Ei,j = Qi · Kj / sqrt(DQ) 
Attention weights: A = softmax(E, dim=1) (Shape: NQ x NX) 
Output vectors: Y = AV (Shape: NQ x DV) Yi = ∑jAi,jVj

Q1 Q2 Q3 Q4

X1

X2 

X3

K1

K2

K3

E1,1 E2,1

E1,2

E1,3

E2,2

E2,3 E3,3

E3,2

E3,1

E4,3

E4,2

E4,1

A1,1 A2,1

A1,2

A1,3

A2,2

A2,3 A3,3

A3,2

A3,1

A4,3

A4,2

A4,1

Softmax( )

V1

V2

V3

X1

X2

X3



Computation:
Key vectors: K = XWK (Shape: NX x DQ)
Value Vectors: V = XWV (Shape: NX x DV)
Similarities: E = QKT (Shape: NQ x NX) Ei,j = Qi · Kj / sqrt(DQ) 
Attention weights: A = softmax(E, dim=1) (Shape: NQ x NX) 
Output vectors: Y = AV (Shape: NQ x DV) Yi = ∑jAi,jVj

Q1 Q2 Q3 Q4

K1

K2

K3

E1,1 E2,1

E1,2

E1,3

E2,2

E2,3 E3,3

E3,2

E3,1

E4,3

E4,2

E4,1

A1,1 A2,1

A1,2

A1,3

A2,2

A2,3 A3,3

A3,2

A3,1

A4,3

A4,2

A4,1

Softmax( )

V1

V2

V3

Y1 Y2 Y3 Y4

Product( ), Sum( )
Attention Layer

Inputs:
Query vectors: Q (Shape: NQ x DQ) 
Input vectors: X (Shape: NX x DX) 
Key matrix: WK (Shape: DX x DQ) 
Value matrix: WV (Shape: DX x DV)

X1

X2

X3



X1 X2 X3

Inputs:
Input vectors: X (Shape: NX x DX) 
Key matrix: WK (Shape: DX x DQ) 
Value matrix: WV (Shape: DX x DV) 
Query matrix: WQ (Shape: DX x DQ)

Computation:
Query vectors: Q = XWQ

Key vectors: K = XWK (Shape: NX x DQ)
Value Vectors: V = XWV (Shape: NX x DV)
Similarities: E = QKT (Shape: NX x NX) Ei,j = Qi · Kj / sqrt(DQ) 
Attention weights: A = softmax(E, dim=1) (Shape: NX x NX) 
Output vectors: Y = AV (Shape: NX x DV) Yi = ∑jAi,jVj

Self-Attention Layer



Q1 Q2 Q3

X1 X2 X3

Inputs:
Input vectors: X (Shape: NX x DX) 
Key matrix: WK (Shape: DX x DQ) 
Value matrix: WV (Shape: DX x DV) 
Query matrix: WQ (Shape: DX x DQ)

Computation:
Query vectors: Q = XWQ

Key vectors: K = XWK (Shape: NX x DQ)
Value Vectors: V = XWV (Shape: NX x DV)
Similarities: E = QKT (Shape: NX x NX) Ei,j = Qi · Kj / sqrt(DQ) 
Attention weights: A = softmax(E, dim=1) (Shape: NX x NX) 
Output vectors: Y = AV (Shape: NX x DV) Yi = ∑jAi,jVj

Self-Attention Layer



Q1 Q2 Q3

K3

K2

K1

X1 X2 X3

Inputs:
Input vectors: X (Shape: NX x DX) 
Key matrix: WK (Shape: DX x DQ) 
Value matrix: WV (Shape: DX x DV) 
Query matrix: WQ (Shape: DX x DQ)

Computation:
Query vectors: Q = XWQ

Key vectors: K = XWK (Shape: NX x DQ)
Value Vectors: V = XWV (Shape: NX x DV)
Similarities: E = QKT (Shape: NX x NX) Ei,j = Qi · Kj / sqrt(DQ) 
Attention weights: A = softmax(E, dim=1) (Shape: NX x NX) 
Output vectors: Y = AV (Shape: NX x DV) Yi = ∑jAi,jVj

Self-Attention Layer



Q1 Q2 Q3

K3

K2

K1

E1,3

E1,2

E1,1

E2,3

E2,2

E2,1

E3,3

E3,2

E3,1

X1 X2 X3

Inputs:
Input vectors: X (Shape: NX x DX) 
Key matrix: WK (Shape: DX x DQ) 
Value matrix: WV (Shape: DX x DV) 
Query matrix: WQ (Shape: DX x DQ)

Computation:
Query vectors: Q = XWQ

Key vectors: K = XWK (Shape: NX x DQ)
Value Vectors: V = XWV (Shape: NX x DV)
Similarities: E = QKT (Shape: NX x NX) Ei,j = Qi · Kj / sqrt(DQ) 
Attention weights: A = softmax(E, dim=1) (Shape: NX x NX) 
Output vectors: Y = AV (Shape: NX x DV) Yi = ∑jAi,jVj

Self-Attention Layer



Q1 Q2 Q3

K3

K2

K1

E1,3

E1,2

E1,1

E2,3

E2,2

E2,1

E3,3

E3,2

E3,1

A1,3

A1,2

A1,1

A2,3

A2,2

A2,1

A3,3

A3,2

A3,1

Softmax(↑)

X1 X2 X3

Inputs:
Input vectors: X (Shape: NX x DX) 
Key matrix: WK (Shape: DX x DQ) 
Value matrix: WV (Shape: DX x DV) 
Query matrix: WQ (Shape: DX x DQ)

Computation:
Query vectors: Q = XWQ

Key vectors: K = XWK (Shape: NX x DQ)
Value Vectors: V = XWV (Shape: NX x DV)
Similarities: E = QKT (Shape: NX x NX) Ei,j = Qi · Kj / sqrt(DQ) 
Attention weights: A = softmax(E, dim=1) (Shape: NX x NX) 
Output vectors: Y = AV (Shape: NX x DV) Yi = ∑jAi,jVj

Self-Attention Layer



K3

K2

K1

V3

V2

V1

Self-Attention Layer

Inputs:
Input vectors: X (Shape: NX x DX) 
Key matrix: WK (Shape: DX x DQ) 
Value matrix: WV (Shape: DX x DV) 
Query matrix: WQ (Shape: DX x DQ)

Computation:
Query vectors: Q = XWQ

Key vectors: K = XWK (Shape: NX x DQ)
Value Vectors: V = XWV (Shape: NX x DV)
Similarities: E = QKT (Shape: NX x NX) Ei,j = Qi · Kj / sqrt(DQ) 
Attention weights: A = softmax(E, dim=1) (Shape: NX x NX) 
Output vectors: Y = AV (Shape: NX x DV) Yi = ∑jAi,jVj

Q1 Q2 Q3

E1,3

E1,2

E1,1

E2,3

E2,2

E2,1

E3,3

E3,2

E3,1

A1,3

A1,2

A1,1

A2,3

A2,2

A2,1

A3,3

A3,2

A3,1

Softmax(↑)

X1 X2 X3



K3

K2

K1

V3

V2

V1

Product(↑), Sum(↑)

Y1 Y2 Y3

Inputs:
Input vectors: X (Shape: NX x DX) 
Key matrix: WK (Shape: DX x DQ) 
Value matrix: WV (Shape: DX x DV) 
Query matrix: WQ (Shape: DX x DQ)

Computation:
Query vectors: Q = XWQ

Key vectors: K = XWK (Shape: NX x DQ)
Value Vectors: V = XWV (Shape: NX x DV)
Similarities: E = QKT (Shape: NX x NX) Ei,j = Qi · Kj / sqrt(DQ) 
Attention weights: A = softmax(E, dim=1) (Shape: NX x NX) 
Output vectors: Y = AV (Shape: NX x DV) Yi = ∑jAi,jVj

Self-Attention Layer

Q1 Q2 Q3

E1,3

E1,2

E1,1

E2,3

E2,2

E2,1

E3,3

E3,2

E3,1

A1,3

A1,2

A1,1

A2,3

A2,2

A2,1

A3,3

A3,2

A3,1

Softmax(↑)

X1 X2 X3



Self-Attention Layer Product(↑), Sum(↑)

Softmax(↑)

X3 X1 X2

Consider permuting
the input vectors:

Inputs:
Input vectors: X (Shape: NX x DX) 
Key matrix: WK (Shape: DX x DQ) 
Value matrix: WV (Shape: DX x DV) 
Query matrix: WQ (Shape: DX x DQ)

Computation:
Query vectors: Q = XWQ

Key vectors: K = XWK (Shape: NX x DQ)
Value Vectors: V = XWV (Shape: NX x DV)
Similarities: E = QKT (Shape: NX x NX) Ei,j = Qi · Kj / sqrt(DQ) 
Attention weights: A = softmax(E, dim=1) (Shape: NX x NX) 
Output vectors: Y = AV (Shape: NX x DV) Yi = ∑jAi,jVj



Self-Attention Layer

Q3 Q1 Q2

K2

K1

K3

Product(↑), Sum(↑)

Softmax(↑)

X3 X1 X2

Input vectors: X (Shape: NX x DX) 
Key matrix: WK (Shape: DX x DQ) 
Value matrix: WV (Shape: DX x DV) 
Query matrix: WQ (Shape: DX x DQ)

Computation:
Query vectors: Q = XWQ

Key vectors: K = XWK (Shape: NX x DQ)
Value Vectors: V = XWV (Shape: NX x DV)
Similarities: E = QKT (Shape: NX x NX) Ei,j = Qi · Kj / sqrt(DQ) 
Attention weights: A = softmax(E, dim=1) (Shape: NX x NX) 
Output vectors: Y = AV (Shape: NX x DV) Yi = ∑jAi,jVj

Consider permuting
the input vectors:

Inputs:
Queries and Keys will be 
the same, but permuted



Self-Attention Layer

Q3 Q1 Q2

K2

K1

K3

E3,2

E3,1

E3,3

E1,2

E1,1

E1,3

E2,2

E2,1

E2,3

Product(↑), Sum(↑)

Softmax(↑)

X3 X1 X2

Input vectors: X (Shape: NX x DX) 
Key matrix: WK (Shape: DX x DQ) 
Value matrix: WV (Shape: DX x DV) 
Query matrix: WQ (Shape: DX x DQ)

Computation:
Query vectors: Q = XWQ

Key vectors: K = XWK (Shape: NX x DQ)
Value Vectors: V = XWV (Shape: NX x DV)
Similarities: E = QKT (Shape: NX x NX) Ei,j = Qi · Kj / sqrt(DQ) 
Attention weights: A = softmax(E, dim=1) (Shape: NX x NX) 
Output vectors: Y = AV (Shape: NX x DV) Yi = ∑jAi,jVj

Consider permuting
the input vectors:

Inputs:
Similarities will be the 
same, but permuted



Self-Attention Layer

Q3 Q1 Q2

K2

K1

K3

E3,2

E3,1

E3,3

E1,2

E1,1

E1,3

E2,2

E2,1

E2,3

A3,3

A3,2 A1,2 A2,2

A3,1 A1,1 A2,1

A A1,3 2,3

Product(↑), Sum(↑)

Softmax(↑)

X3 X1 X2

Input vectors: X (Shape: NX x DX) 
Key matrix: WK (Shape: DX x DQ) 
Value matrix: WV (Shape: DX x DV) 
Query matrix: WQ (Shape: DX x DQ)

Computation:
Query vectors: Q = XWQ

Key vectors: K = XWK (Shape: NX x DQ)
Value Vectors: V = XWV (Shape: NX x DV)
Similarities: E = QKT (Shape: NX x NX) Ei,j = Qi · Kj / sqrt(DQ) 
Attention weights: A = softmax(E, dim=1) (Shape: NX x NX) 
Output vectors: Y = AV (Shape: NX x DV) Yi = ∑jAi,jVj

Consider permuting
the input vectors:

Inputs:
Attention weights will be 
the same, but permuted



Self-Attention Layer

Q3 Q1 Q2

K2

K1

K3

E3,2

E3,1

E3,3

E1,2

E1,1

E1,3

E2,2

E2,1

E2,3

A3,3

A3,2 A1,2 A2,2

A3,1 A1,1 A2,1

A A1,3 2,3

V2 

V1

V3

Product(↑), Sum(↑)

Softmax(↑)

X3 X1 X2

Input vectors: X (Shape: NX x DX) 
Key matrix: WK (Shape: DX x DQ) 
Value matrix: WV (Shape: DX x DV) 
Query matrix: WQ (Shape: DX x DQ)

Computation:
Query vectors: Q = XWQ

Key vectors: K = XWK (Shape: NX x DQ)
Value Vectors: V = XWV (Shape: NX x DV)
Similarities: E = QKT (Shape: NX x NX) Ei,j = Qi · Kj / sqrt(DQ) 
Attention weights: A = softmax(E, dim=1) (Shape: NX x NX) 
Output vectors: Y = AV (Shape: NX x DV) Yi = ∑jAi,jVj

Consider permuting
the input vectors:

Inputs:
Values will be the 
same, but permuted



Q3 Q1 Q2

K2

K1

K3

E3,2

E3,1

E3,3

E1,2

E1,1

E1,3

E2,2

E2,1

E2,3

A3,3

A3,2 A1,2 A2,2

A3,1 A1,1 A2,1

A A1,3 2,3

Product(↑), Sum(↑)

Softmax(↑)

Y3 Y1 Y2

X3 X1 X2

Input vectors: X (Shape: NX x DX) 
Key matrix: WK (Shape: DX x DQ) 
Value matrix: WV (Shape: DX x DV) 
Query matrix: WQ (Shape: DX x DQ)

Computation:
Query vectors: Q = XWQ

Key vectors: K = XWK (Shape: NX x DQ)
Value Vectors: V = XWV (Shape: NX x DV)
Similarities: E = QKT (Shape: NX x NX) Ei,j = Qi · Kj / sqrt(DQ) 
Attention weights: A = softmax(E, dim=1) (Shape: NX x NX) 
Output vectors: Y = AV (Shape: NX x DV) Yi = ∑jAi,jVj

Self-Attention Layer
Consider permuting
the input vectors:

Inputs:
Outputs will be the 
same, but permuted

V2 

V1

V3

Self-Attention Layer



Q3 Q1 Q2

K2

K1

K3

E3,2

E3,1

E3,3

E1,2

E1,1

E1,3

E2,2

E2,1

E2,3

A3,3

A3,2 A1,2 A2,2

A3,1 A1,1 A2,1

A A1,3 2,3

V2

V1

V3

Product(↑), Sum(↑)

Softmax(↑)

Y3 Y1 Y2

X3 X1 X2

Input vectors: X (Shape: NX x DX) 
Key matrix: WK (Shape: DX x DQ) 
Value matrix: WV (Shape: DX x DV) 
Query matrix: WQ (Shape: DX x DQ)

Computation:
Query vectors: Q = XWQ

Key vectors: K = XWK (Shape: NX x DQ)
Value Vectors: V = XWV (Shape: NX x DV)
Similarities: E = QKT (Shape: NX x NX) Ei,j = Qi · Kj / sqrt(DQ) 
Attention weights: A = softmax(E, dim=1) (Shape: NX x NX) 
Output vectors: Y = AV (Shape: NX x DV) Yi = ∑jAi,jVj

Self-Attention Layer
Consider permuting
the input vectors:

Inputs:
Outputs will be the 
same, but permuted

Self-attention layer is 
Permutation Equivariant 
f(s(x)) = s(f(x))

Self-Attention layer works 
on sets of vectors

Self-Attention Layer



Q1 Q2 Q3

K3

K2

K1

E1,3

E1,2

E1,1

E2,3

E2,2

E2,1

E3,3

E3,2

E3,1

A1,3

A1,2

A1,1

A2,3

A2,2

A2,1

A3,3

A3,2

A3,1

V3

V2

V1

Product(↑), Sum(↑)

Softmax(↑)

Y1 Y2 Y3

X1 X2 X3

Inputs:
Input vectors: X (Shape: NX x DX) 
Key matrix: WK (Shape: DX x DQ) 
Value matrix: WV (Shape: DX x DV) 
Query matrix: WQ (Shape: DX x DQ)

Computation:
Query vectors: Q = XWQ

Key vectors: K = XWK (Shape: NX x DQ)
Value Vectors: V = XWV (Shape: NX x DV)
Similarities: E = QKT (Shape: NX x NX) Ei,j = Qi · Kj / sqrt(DQ) 
Attention weights: A = softmax(E, dim=1) (Shape: NX x NX) 
Output vectors: Y = AV (Shape: NX x DV) Yi = ∑jAi,jVj

Self-Attention Layer
Self attention doesn’t 
“know” the order of the
vectors it is processing

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

E can be learned lookup 
table, or fixed function

E(1) E(2) E(3)

Self-Attention Layer



Masked Self-Attention Layer
Don’t let vectors “look ahead” in the sequence

Q1 Q2 Q3

K3

K2

K1

-∞

-∞

E1,1

-∞

E2,2

E2,1

E3,3

E3,2

E3,1

0 0

0 A2,2

A1,1 A2,1

A3,3

A3,2

A3,1

V3

V2

V1

Product(↑), Sum(↑)

Softmax(↑)

Y1 Y2 Y3

X1 X2 X3

Input vectors: X (Shape: NX x DX) 
Key matrix: WK (Shape: DX x DQ) 
Value matrix: WV (Shape: DX x DV) 
Query matrix: WQ (Shape: DX x DQ)

Computation:
Query vectors: Q = XWQ

Key vectors: K = XWK (Shape: NX x DQ)
Value Vectors: V = XWV (Shape: NX x DV)
Similarities: E = QKT (Shape: NX x NX) Ei,j = Qi · Kj / sqrt(DQ) 
Attention weights: A = softmax(E, dim=1) (Shape: NX x NX) 
Output vectors: Y = AV (Shape: NX x DV) Yi = ∑jAi,jVj

Masked Self-Attention Layer



Multihead Self-Attention Layer
Use H independent 
“Attention Heads” in parallel

Inputs:
Input vectors: X (Shape: NX x DX)

K3

K2

K1

E1,3

E1,2

E1,1

E2,3

E2,2

E2,1

E3,3

E3,2

E3,1

A1,2

A1,1

A2,2

A2,1

A1,3 A2,3 A3,3

A3,2

A3,1

V3

V2

V1

Product(→), Sum(↑)

Softmax(↑)

Y1 Y2 Y3

Q1

X1

Q2

X2

Q3

X3

K3

K2

K1

E1,3

E1,2

E1,1

E2,3

E2,2

E2,1

E3,3

E3,2

E3,1

A1,2

A1,1

A2,2

A2,1

A1,3 A2,3 A3,3

A3,2

A3,1

V3

V2

V1

Product(→), Sum(↑)

Softmax(↑)

Y1 Y2 Y3

Q1

X1

Q2

X2

Q3

X3

Q3

K3

K2

K1

E1,3

E1,2

E1,1

E2,3

E2,2

E2,1

E3,3

E3,2

E3,1

A1,2

A1,1

A2,2

A2,1

A1,3 A2,3 A3,3

A3,2

A3,1

V3

V2

V1

Product(→), Sum(↑)

Softmax(↑)

Y1 Y2 Y3

Q1

X1

Q2

X2 X3

Y1 Y2 Y3

X1 X2 X3

Split

Concat

Hyperparameters:
Query dimension DQ

Number of heads H

K X QKey matrix: W (Shape: D x D )

V X VValue matrix: W (Shape: D x D )

Q X QQuery matrix: W (Shape: D x D )

Computation:
Query vectors: Q = XWQ

Key vectors: K = XWK (Shape: NX x DQ)
Value Vectors: V = XWV (Shape: NX x DV)
Similarities: E = QKT (Shape: NX x NX) Ei,j = Qi · Kj / sqrt(DQ) 
Attention weights: A = softmax(E, dim=1) (Shape: NX x NX) 
Output vectors: Y = AV (Shape: NX x DV) Yi = ∑jAi,jVj



Example: CNN with Self-Attention

Input Image

Features: 
C x H x W

Zhang et al, “Self-Attention Generative Adversarial Networks”, ICML 2018

CNN



Example: CNN with Self-Attention

Input Image

CNN

Features: 
C x H x W

Queries: 
C’ x H x W

1x1 Conv

Keys:
C’ x H x W

1x1 Conv

Values:
C’ x H x W

1x1 Conv

Zhang et al, “Self-Attention Generative Adversarial Networks”, ICML 2018



Example: CNN with Self-Attention

Input Image

CNN

Features: 
C x H x W

Queries: 
C’ x H x W

1x1 Conv

Keys:
C’ x H x W

1x1 Conv

Values:
C’ x H x W

1x1 Conv

x

Transpose

softmax

Attention Weights
(H x W) x (H x W)

Zhang et al, “Self-Attention Generative Adversarial Networks”, ICML 2018



Example: CNN with Self-Attention

Input Image

CNN

Features: 
C x H x W

Queries: 
C’ x H x W

1x1 Conv

Keys:
C’ x H x W

1x1 Conv

Values:
C’ x H x W

1x1 Conv

x

Transpose

softmax

Attention Weights
(H x W) x (H x W)

x

C’ x H x W

Zhang et al, “Self-Attention Generative Adversarial Networks”, ICML 2018



Example: CNN with Self-Attention

Input Image

CNN

Features: 
C x H x W

Queries: 
C’ x H x W

1x1 Conv

Keys:
C’ x H x W

1x1 Conv

Values:
C’ x H x W

1x1 Conv

x

Transpose

softmax

Attention Weights
(H x W) x (H x W)

x

C’ x H x W

1x1 Conv

Zhang et al, “Self-Attention Generative Adversarial Networks”, ICML 2018

C x H x W



Example: CNN with Self-Attention

Input Image

CNN

Features: 
C x H x W

Queries: 
C’ x H x W

1x1 Conv

Keys:
C’ x H x W

1x1 Conv

Values:
C’ x H x W

1x1 Conv

x

Transpose

softmax

Attention Weights
(H x W) x (H x W)

x

C’ x H x W

1x1 Conv

+

C x H x W

Self-Attention Module
Zhang et al, “Self-Attention Generative Adversarial Networks”, ICML 2018

Residual Connection



Three Ways of Processing Sequences

Recurrent Neural Network

Works on Ordered Sequences
(+) Good at long sequences: After
one RNN layer, hT ”sees” the whole 
sequence
(-) Not parallelizable: need to
compute hidden states sequentially

x1 x2 x3

y1 y2 y3

x4

y4



Three Ways of Processing Sequences

x1 x2 x3

y1 y2 y3

x4

y4

x1 x2 x3 x4

y1 y2 y3 y4

Recurrent Neural Network 1D Convolution

Works on Ordered Sequences
(+) Good at long sequences: After
one RNN layer, hT ”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



Three Ways of Processing Sequences

K3

K2

K1

E1,3 E2,3 E3,3

E1,2 E2,2 E3,2

E1,1 E2,1 E3,1

A1,2

A1,1

A2,2

A2,1

A1,3 A2,3 A3,3

A3,2

A3,1

V3

V2

V1

Product(→), Sum(↑)

Softmax(↑)

Y1 Y2 Y3

Q1

X1

Q2

X2

Q3

X3

Recurrent Neural Network 1D Convolution Self-Attention

Works on Ordered Sequences
(+) Good at long sequences: After
one RNN layer, hT ”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

x1 x2 x3

y1 y2 y3

x4

y4

x1 x2 x3 x4

y1 y2 y3 y4



Three Ways of Processing Sequences

Y1 Y2 Y3

Product(→), Sum(↑)

y1 y2 y3 y4 y1 y2 y3 y4
V3 A1,3 A2,3 A3,3

V2 A1,2 A2,2 A3,2

V1 A1,1 A2,1 A3,1

Softmax(↑)

K3 E1,3 E2,3 E3,3

K2 E1,2 E2,2 E3,2

K1 E1,1 E2,1 E3,1

x1 x2 x3 x4 x1 x2 x3 x4
Q1 Q2 Q3

X1 X2 X3

Works on Ordered Sequences
(+) Good at long sequences: After
one RNN layer, hT ”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

Recurrent Neural Network 1D Convolution Self-Attention

Attention is all you need
Vaswani et al, NeurIPS 2017



The Transformer

x1 x2 x3 x4

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



The Transformer

x1 x2 x3 x4

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

Self-Attention

Residual connection 

All vectors interact 

with each other



The Transformer

Self-Attention

+Residual connection 

All vectors interact 

with each other

x1 x2 x3 x4

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



The Transformer

Self-Attention

Layer Normalization

+

Recall Layer Normalization:

Ba et al, 2016
x1 x2 x3 x4

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

(Shape: D)
(Shape: D)

Given h1, …, hN 

scale: 𝛾
shift:𝛽 (Shape: D)
𝜇i = (1/D)∑j hi,j (scalar)
𝜎i = (∑j (hi,j - 𝜇i)2)1/2 (scalar) 
zi = (hi - 𝜇i) / 𝜎i

yi = 𝛾* zi + 𝛽
Residual connection 

All vectors interact 

with each other



The Transformer

Self-Attention

Layer Normalization

+

MLP MLP MLP MLP

Recall Layer Normalization:

Ba et al, 2016
x1 x2 x3 x4

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

(Shape: D)
(Shape: D)

Given h1, …, hN 

scale: 𝛾
shift:𝛽 (Shape: D)
𝜇i = (1/D)∑j hi,j (scalar)
𝜎i = (∑j (hi,j - 𝜇i)2)1/2 (scalar) 
zi = (hi - 𝜇i) / 𝜎i

yi = 𝛾* zi + 𝛽
Residual connection 

All vectors interact 

with each other

Residual connection

MLP independently 
on each vector
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Self-Attention

Layer Normalization

+

+
Recall Layer Normalization:

Ba et al, 2016
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Vaswani et al, “Attention is all you need”, NeurIPS 2017
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𝜇i = (1/D)∑j hi,j (scalar)
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zi = (hi - 𝜇i) / 𝜎i

yi = 𝛾* zi + 𝛽
Residual connection 

All vectors interact 
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Residual connection

MLP independently 
on each vector
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The Transformer

Self-Attention

Layer Normalization

+

+

Layer Normalization

y1 y2 y3 y4

Recall Layer Normalization:

Ba et al, 2016
x1 x2 x3 x4

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

(Shape: D)
(Shape: D)

Given h1, …, hN 

scale: 𝛾
shift:𝛽 (Shape: D)
𝜇i = (1/D)∑j hi,j (scalar)
𝜎i = (∑j (hi,j - 𝜇i)2)1/2 (scalar) 
zi = (hi - 𝜇i) / 𝜎i

yi = 𝛾* zi + 𝛽
Residual connection 

All vectors interact 

with each other

Residual connection

MLP independently 
on each vector

MLP MLP MLP MLP



The Transformer

Self-Attention

Layer Normalization

+

+

Layer Normalization

y1 y2 y3 y4

x1 x2 x3 x4

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

MLP MLP MLP MLP

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

Self-attention is the only 
interaction between vectors

Layer norm and MLP work 
independently per vector

Highly scalable, highly 
parallelizable



The Transformer

Layer Normalization

+

MLP MLP MLP MLP

Layer Normalization

+

Self-Attention

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

Layer Normalization

+

MLP MLP MLP MLP

Layer Normalization

+

Self-Attention

Layer Normalization

+

MLP MLP MLP MLP

Layer Normalization

+

Self-Attention

A Transformer is a sequence 
of transformer blocks

Vaswani et al:
12 blocks, DQ=512, 6 heads

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

Self-attention is the only 
interaction between vectors

Layer norm and MLP work 
independently per vector

Highly scalable, highly 
parallelizable



The Transformer: Transfer Learning

“ImageNet Moment for Natural Language Processing”

Pretraining:
Download a lot of text from the internet

Train a giant Transformer model for language modeling

Finetuning:
Fine-tune the Transformer on your own NLP task

Devlin et al, "BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding", EMNLP 2018

+

MLP MLP MLP MLP

Layer Normalization

+

Self-Attention

Layer Normalization

Layer Normalization

+

MLP MLP MLP MLP

Layer Normalization

+

Self-Attention

Layer Normalization

+

MLP MLP MLP MLP

Layer Normalization

+

Self-Attention



Scaling up Transformers
Model Layers Width Heads Params Data Training

Transformer-Base 12 512 8 65M 8x P100 (12 hours)

Transformer-Large 12 1024 16 213M 8x P100 (3.5 days)

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



Scaling up Transformers
Model Layers Width Heads Params Data Training

Transformer-Base 12 512 8 65M 8x P100 (12 hours)

Transformer-Large 12 1024 16 213M 8x P100 (3.5 days)

BERT-Base 12 768 12 110M 13 GB

BERT-Large 24 1024 16 340M 13 GB

Devlin et al, "BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding", EMNLP 2018



Scaling up Transformers
Model Layers Width Heads Params Data Training

Transformer-Base 12 512 8 65M 8x P100 (12 hours)

Transformer-Large 12 1024 16 213M 8x P100 (3.5 days)

BERT-Base 12 768 12 110M 13 GB

BERT-Large 24 1024 16 340M 13 GB

XLNet-Large 24 1024 16 ~340M 126 GB 512x TPU-v3 (2.5 days)

RoBERTa 24 1024 16 355M 160 GB 1024x V100 GPU (1 day)

Yang et al, XLNet: Generalized Autoregressive Pretraining for Language Understanding", 2019 
Liu et al, "RoBERTa: A Robustly Optimized BERT Pretraining Approach", 2019



Scaling up Transformers
Model Layers Width Heads Params Data Training

Transformer-Base 12 512 8 65M 8x P100 (12 hours)

Transformer-Large 12 1024 16 213M 8x P100 (3.5 days)

BERT-Base 12 768 12 110M 13 GB

BERT-Large 24 1024 16 340M 13 GB

XLNet-Large 24 1024 16 ~340M 126 GB 512x TPU-v3 (2.5 days)

RoBERTa 24 1024 16 355M 160 GB 1024x V100 GPU (1 day)

GPT-2 12 768 12 117M 40 GB

GPT-2 24 1024 16 345M 40 GB

GPT-2 36 1280 20 762M 40 GB

GPT-2 48 1600 25 1.5B 40 GB

Radford et al, "Language models are unsupervised multitask learners", 2019



Scaling up Transformers

Shoeybi et al, "Megatron-LM: Training Multi-Billion Parameter Languge Models using Model Parallelism", 2019

Model Layers Width Heads Params Data Training

Transformer-Base 12 512 8 65M 8x P100 (12 hours)

Transformer-Large 12 1024 16 213M 8x P100 (3.5 days)

BERT-Base 12 768 12 110M 13 GB

BERT-Large 24 1024 16 340M 13 GB

XLNet-Large 24 1024 16 ~340M 126 GB 512x TPU-v3 (2.5 days)

RoBERTa 24 1024 16 355M 160 GB 1024x V100 GPU (1 day)

GPT-2 12 768 12 117M 40 GB

GPT-2 24 1024 16 345M 40 GB

GPT-2 36 1280 20 762M 40 GB

GPT-2 48 1600 25 1.5B 40 GB

Megatron-LM 40 1536 16 1.2B 174 GB 64x V100 GPU

Megatron-LM 54 1920 20 2.5B 174 GB 128x V100 GPU

Megatron-LM 64 2304 24 4.2B 174 GB 256x V100 GPU (10 days)

Megatron-LM 72 3072 32 8.3B 174 GB 512x V100 GPU (9 days)



Model Layers Width Heads Params Data Training

Transformer-Base 12 512 8 65M 8x P100 (12 hours)

Transformer-Large 12 1024 16 213M 8x P100 (3.5 days)

BERT-Base 12 768 12 110M 13 GB

BERT-Large 24 1024 16 340M 13 GB

XLNet-Large 24 1024 16 ~340M 126 GB 512x TPU-v3 (2.5 days)

RoBERTa 24 1024 16 355M 160 GB 1024x V100 GPU (1 day)

GPT-2 12 768 12 117M 40 GB

GPT-2 24 1024 16 345M 40 GB

GPT-2 36 1280 20 762M 40 GB

GPT-2 48 1600 25 1.5B 40 GB

Megatron-LM 40 1536 16 1.2B 174 GB 64x V100 GPU

Megatron-LM 54 1920 20 2.5B 174 GB 128x V100 GPU

Megatron-LM 64 2304 24 4.2B 174 GB 256x V100 GPU (10 days)

Megatron-LM 72 3072 32 8.3B 174 GB 512x V100 GPU (9 days)

~$430,000 on Amazon AWSScaling up Transformers



Scaling up Transformers
Model Layers Width Heads Params Data Training

Transformer-Base 12 512 8 65M 8x P100 (12 hours)

Transformer-Large 12 1024 16 213M 8x P100 (3.5 days)

BERT-Base 12 768 12 110M 13 GB

BERT-Large 24 1024 16 340M 13 GB

XLNet-Large 24 1024 16 ~340M 126 GB 512x TPU-v3 (2.5 days)

RoBERTa 24 1024 16 355M 160 GB 1024x V100 GPU (1 day)

GPT-2 12 768 12 117M 40 GB

GPT-2 24 1024 16 345M 40 GB

GPT-2 36 1280 20 762M 40 GB

GPT-2 48 1600 25 1.5B 40 GB

Megatron-LM 40 1536 16 1.2B 174 GB 64x V100 GPU

Megatron-LM 54 1920 20 2.5B 174 GB 128x V100 GPU

Megatron-LM 64 2304 24 4.2B 174 GB 256x V100 GPU (10 days)

Megatron-LM 72 3072 32 8.3B 174 GB 512x V100 GPU (9 days)

GPT-3 96 12288 96 175B 570 GB 256xV100 (3 months)



Scaling up Transformers
Model Layers Width Heads Params Data Training

Transformer-Base 12 512 8 65M 8x P100 (12 hours)

Transformer-Large 12 1024 16 213M 8x P100 (3.5 days)

BERT-Base 12 768 12 110M 13 GB

BERT-Large 24 1024 16 340M 13 GB

XLNet-Large 24 1024 16 ~340M 126 GB 512x TPU-v3 (2.5 days)

RoBERTa 24 1024 16 355M 160 GB 1024x V100 GPU (1 day)

GPT-2 12 768 12 117M 40 GB

GPT-2 24 1024 16 345M 40 GB

GPT-2 36 1280 20 762M 40 GB

GPT-2 48 1600 25 1.5B 40 GB

Megatron-LM 40 1536 16 1.2B 174 GB 64x V100 GPU

Megatron-LM 54 1920 20 2.5B 174 GB 128x V100 GPU

Megatron-LM 64 2304 24 4.2B 174 GB 256x V100 GPU (10 days)

Megatron-LM 72 3072 32 8.3B 174 GB 512x V100 GPU (9 days)

GPT-3 96 12288 96 175B 570 GB 256xV100 (3 months)

Megatron-Turing NLG 105 20480 128 530B >1TB 280xA100 (6 months)



Summary

Xu et al, “Show, Attend, and Tell: Neural Image Caption Generation with Visual Attention”, ICML 2015

Adding Attention to RNN 
models lets them look at 
different parts of the 
input at each timestep

Q1 Q2 Q3

K3

K2

K1

E1,3

E1,2

E1,1

E2,3

E2,2

E2,1

E3,3

E3,2

E3,1

A1,2

A1,1

1,3 2,3

A2,2

A2,1

A A A3,3

A3,2

A3,1

V3

V2

V1

Product(→), Sum(↑)

Softmax(↑)

Generalized Self-Attention 
is a powerful neural 
network primitive

Y1 Y2 Y3

X1 X2 X3 x1 x2 x3 x4

Layer Normalization

MLP MLP MLP MLP

Layer Normalization

y1 y2 y3 y4

Transformers are a
neural network model 
that only uses attention



Scaling up Transformers
Model Layers Width Heads Params Data Training

Transformer-Base 12 512 8 65M 8x P100 (12 hours)

Transformer-Large 12 1024 16 213M 8x P100 (3.5 days)

BERT-Base 12 768 12 110M 13 GB

BERT-Large 24 1024 16 340M 13 GB

XLNet-Large 24 1024 16 ~340M 126 GB 512x TPU-v3 (2.5 days)

RoBERTa 24 1024 16 355M 160 GB 1024x V100 GPU (1 day)

GPT-2 12 768 12 117M 40 GB

GPT-2 24 1024 16 345M 40 GB

GPT-2 36 1280 20 762M 40 GB

GPT-2 48 1600 25 1.5B 40 GB

Megatron-LM 40 1536 16 1.2B 174 GB 64x V100 GPU

Megatron-LM 54 1920 20 2.5B 174 GB 128x V100 GPU

Megatron-LM 64 2304 24 4.2B 174 GB 256x V100 GPU (10 days)

Megatron-LM 72 3072 32 8.3B 174 GB 512x V100 GPU (9 days)

GPT-3 96 12288 96 175B 570 GB 256xV100 (3 months)

GPT-4 (?) 150 20480 160 500B 5TB 1024xA100 (6 months)
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