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Reminders

• Homework 1: Generative Models of Text
– Out: Mon, Jan 26
– Due: Mon, Feb 9 at 11:59pm
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Course Staff
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Recap So Far
Modern Transformers
• RoPE

– method of relative positional 
embeddings

– fundamental change to the Attention 
layer of a standard Transformer

– rotates each 2D slice of a vector by 
some amount

• GQA
– Transformers are computation and 

memory intensive
– In GQA, we reuse some of the 

key/value heads, but keep the same 
number of query heads

– reduces computation/memory

• Sliding Window Attention
– key idea: change the attention mask 

so that each token only looks at a 
fixed number of tokens to the left

– reduces computation of attention 
from quadratic time to linear time
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CONVOLUTIONAL NEURAL NETS
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A Recipe for 
Machine Learning

3. Define goal:

9

4. Train with SGD:
(take small steps 
opposite the gradient)

θ̂ ≈ argmin
θ

N∑

i=1

!(hθ(x(i)), y(i))

θ
(t+1) = θ

(t)
− ηt∇"(hθ(x(i)), y(i))

1. Given training data:

2. Choose each of these:
– Decision function

– Loss function

D = {x(i)
, y

(i)}Ni=1

ŷ = hθ(x)

!(ŷ, y) ∈ R



A Recipe for 
Machine Learning

3. Define goal:
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4. Train with SGD:
(take small steps 
opposite the gradient)

θ̂ ≈ argmin
θ

N∑

i=1

!(hθ(x(i)), y(i))

θ
(t+1) = θ

(t)
− ηt∇"(hθ(x(i)), y(i))

1. Given training data:

2. Choose each of these:
– Decision function

– Loss function

D = {x(i)
, y

(i)}Ni=1

ŷ = hθ(x)

!(ŷ, y) ∈ R

• Convolutional Neural Networks (CNNs) provide 
another form of decision function

• Let’s see what they look like…



Convolutional Layer
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CNN key idea: 
Treat convolution matrix as 
parameters and learn them!



2D Convolution
• Basic idea:

– Pick a 2x2 matrix F of weights (called a kernel or convolution matrix)
– Slide this over an image and compute the “inner product” (similarity) of F and the 

corresponding field of the image, and replace the pixel in the center of the field with the 
output of the inner product operation

• Key point:
– Different convolutions extract different types of low-level “features” from an image
– All that we need to vary to generate these different features is the weights of F

Slide adapted from William Cohen

y11 = α11x11 + α12x12 + α21x21 + α22x22 + α0

y12 = α11x12 + α12x13 + α21x22 + α22x23 + α0

y21 = α11x21 + α12x22 + α21x31 + α22x32 + α0

y22 = α11x22 + α12x23 + α21x32 + α22x33 + α0

x11 x12 x13

x21 x22 x23

x31 x32 x33

α11 α12

α21 α22

y11 y12

y21 y22

Example: 1 input channel, 1 output channel

Input Kernel Output



2D Convolution
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Convolution

Input Image

Convolved Image0 0 0 0 0 0 0

0 1 1 1 1 1 0

0 1 0 0 1 0 0

0 1 0 1 0 0 0

0 1 1 0 0 0 0

0 1 0 0 0 0 0

0 0 0 0 0 0 0

3 2 2 3 1

2 0 2 1 0

2 2 1 0 0

3 1 0 0 0

1 0 0 0 0

• Pick a 2x2 matrix F of weights (called a kernel or convolution matrix)
• Slide this over an image and compute the “inner product” (similarity) of F and the corresponding field of the 

image, and replace the pixel in the center of the field with the output of the inner product operation



Padding
Suppose you want to preserve the size of the original input image in 
your convolved image.
You can accomplish this by padding your input image with zeros.
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0 0 0
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0 0 0

Identity 
Convolution

Input Image

Convolved Image0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0

0 0 1 1 1 1 1 0 0

0 0 1 0 0 1 0 0 0

0 0 1 0 1 0 0 0 0

0 0 1 1 0 0 0 0 0

0 0 1 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0

0 1 1 1 1 1 0

0 1 0 0 1 0 0

0 1 0 1 0 0 0

0 1 1 0 0 0 0

0 1 0 0 0 0 0

0 0 0 0 0 0 0



Stride and Downsampling
• Downsampling by averaging is a special case of convolution where the 

weights are fixed to a uniform distribution
• The example below uses a stride of 2
• Stride decides how many pixels we move the convolution at each step
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Convolution

Input Image

Convolved Image1 1 1 1 1 0

1 0 0 1 0 0

1 0 1 0 0 0

1 1 0 0 0 0

1 0 0 0 0 0

0 0 0 0 0 0

3/4 3/4 1/4

3/4 1/4 0

1/4 0 0

1/4 1/4

1/4 1/4



TRAINING CNNS
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A Recipe for 
Machine Learning

3. Define goal:

55

4. Train with SGD:
(take small steps 
opposite the gradient)

θ̂ ≈ argmin
θ

N∑

i=1

!(hθ(x(i)), y(i))

θ
(t+1) = θ

(t)
− ηt∇"(hθ(x(i)), y(i))

1. Given training data:

2. Choose each of these:
– Decision function

– Loss function

D = {x(i)
, y

(i)}Ni=1

ŷ = hθ(x)

!(ŷ, y) ∈ R



A Recipe for 
Machine Learning

3. Define goal:

56

4. Train with SGD:
(take small steps 
opposite the gradient)

θ̂ ≈ argmin
θ

N∑

i=1

!(hθ(x(i)), y(i))

θ
(t+1) = θ

(t)
− ηt∇"(hθ(x(i)), y(i))

1. Given training data:

2. Choose each of these:
– Decision function

– Loss function

D = {x(i)
, y

(i)}Ni=1

ŷ = hθ(x)

!(ŷ, y) ∈ R

• Q: Now that we have the CNN 
as a decision function, how do 
we compute the gradient?

• A: Backpropagation of course!



SGD for CNNs
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Given x, y∗ and parameters θ = [α,β,W]

J = !(y, y∗)

y = softmax(z(5))

z(5) = linear(z(4),W)

z(4) = relu(z(3))

z(3) = conv(z(2),β)

z(2) = max‐pool(z(1))

z(1) = conv(x,α)

Algorithm 1 Stochastic Gradient Descent (SGD)
1: Initialize θ
2: while not converged do
3: Sample i ∈ {1, . . . , N}
4: Forward: y = hθ(x(i)),
5: J(θ) = !(y, y(i))
6: Backward: Compute∇θJ(θ)
7: Update: θ ← θ − η∇θJ(θ)

Example: Simple CNN Architecture



LAYERS OF A CNN
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ReLU Layer

60

Output: y ∈ R
K

Forward:

y = σ(x), element‐wise
σ(a) = max(0, a)

Input: x ∈ R
K

Input: ∂J
∂y ∈ R

K

Backward: for each j,

∂J

∂xj

=
∂J

∂yj

∂yj

∂xj

where

∂yj

∂xj

=

{

1 if xj > 0

0 otherwise

Output: ∂J
∂x ∈ R

K

subderivative

max(0,a)



Softmax Layer
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Output: y ∈ R
K

Forward: for each i,

yi =
exp(xi)

∑K
k=1

exp(xk)

Input: x ∈ R
K

Input: ∂J
∂y ∈ R

K

Backward: for each j,

∂J

∂xj

=

K
∑

i=1

∂J

∂yi

∂yi

∂xj

where

∂yi

∂xj

=

{

yi(1− yi) if i = j

−yiyj otherwise

Output: ∂J
∂x ∈ R

K

…

…

Output

Input

Hidden Layer

…



Forward:

Fully-Connected Layer (3D input)

1. suppose input is a 3D tensor:

2. flatten out tensor into a vector:

3. then push that vector through a 
standard linear layer:
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x̂ = [x̂1, . . . , x̂(C×H×W )] where x̂(H×W×i+W×j+k) = xi,j,k

y = α
T x̂ +α0 whereα ∈ R

A×B
, α0 ∈ R

B

|x̂| ∈ R
A
, |y| ∈ R

B

x =

C
W

H



2D Convolution

y
(1)
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(1)
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(1)
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(1)
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(1)
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(1)
0

y
(1)
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(1)
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(1)
21 = α
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(1)
0

y
(1)
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(1)
11 x22 + α

(1)
12 x23 + α

(1)
21 x32 + α

(1)
22 x33 + α

(1)
0

x11 x12 x13

x21 x22 x23

x31 x32 x33

α
(1)
11 α

(1)
12

α
(1)
21 α

(1)
22

y
(1)
11 y

(1)
12

y
(1)
21 y

(1)
22

Example: 1 input channel, 2 output channels

Input Kernel Output
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Convolution of a Color Image
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Wout

Hout

kernel
input

output

Cin

Win

Hin

• Color images consist of 3 floats per pixel for RGB (red, green 
blue) color values

• The kernel must also be 3-dimensional

• input = 3x64x64
• kernel = 3x5x5
• output = 1x64x64 (assuming padding)

1



3D Convolutional Layer
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Cin
Win

Hin

Cin
Kw
Kh

Wout

Houtkernel 1

input

output

Cin
Win

Hin

Convolution in 3D

• Color images consist of 3 floats per pixel for 
RGB (red, green blue) color values

• Convolution must also be 3-dimensional



3D Convolutional Layer
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…

Cin
Win

Hin

Cin
Kw
Kh

Cin
Kw
Kh

Wout

Hout

Wout

Hout

…

Cout
Wout

Houtkernel 1

kernel C o
ut

input

output j’th slice is 
from j’th 
kernel

Cin
Win

Hin

Convolution in 3D

Forward:

y
(c′)
h′,w′ = β(c′)

+

Cin∑

c=1

Kh∑

m=1

Kw∑

n=1

x
(c)
h′s+m,w′s+n·α

(c′,c)
m,n

Backward:

∂J

∂α
(c′,c)
m,n

=

Hout∑

h′=1

Wout∑

w′=1

∂J

∂y
(c′)
h′,w′

· x
(c)
h′+ms,w′+ns

∂J

∂β(c′)
=

Hout∑

h′=1

Wout∑

w′=1

∂J

∂y
(c′)
h′,w′

s ∈ Z (stride)



Max-Pooling Layer

68

y11 = max(x11, x12, x21, x22)

y12 = max(x12, x13, x22, x23)

y21 = max(x21, x22, x31, x32)

y22 = max(x22, x23, x32, x33)

x11 x12 x13

x21 x22 x23

x31 x32 x33

y11 y12

y21 y22

Example: 1 input channel, 1 output channel, stride of 1

Input Pool Size Output



3D Max-Pooling Layer
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• max() is not differentiable, but subdifferentiable.

• There are a set of derivatives and we can just choose one for SGD

y = max(a, b)

⇒
dy

da
=

dy

dy

dy

da
where

dy

da
=

{

1 if a > b

0 otherwise

Output: y ∈ RC×Hout×Wout

Forward:

y
(c)
ij = max

q∈{1,...,Kh}, r∈{1,...,Kw}
x(c)
mn

where

m = s(i− 1) + q

n = s(j − 1) + r

Input:

x ∈ R
C×Hin×Win

Kh,Kw (kernel size)
s (stride)

Input: ∂J
∂y ∈ RC×Hout×Wout

Backward:

∂J

∂x
(c)
mn

=
∑

i

∑

j

∂J

∂y
(c)
ij

·

∂y
(c)
ij

∂x
(c)
mn

Output: ∂J
∂x ∈ RC×Hin×Win



CNN ARCHITECTURES
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Convolutional Neural Network (CNN)
• Typical layers include:

– Convolutional layer
– Max-pooling layer
– Fully-connected (Linear) layer
– ReLU layer (or some other nonlinear activation function)
– Softmax

• These can be arranged into arbitrarily deep topologies

71

Architecture #1: LeNet-5



Architecture #2: AlexNet
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Figure 2: An illustration of the architecture of our CNN, explicitly showing the delineation of responsibilities
between the two GPUs. One GPU runs the layer-parts at the top of the figure while the other runs the layer-parts
at the bottom. The GPUs communicate only at certain layers. The network’s input is 150,528-dimensional, and
the number of neurons in the network’s remaining layers is given by 253,440–186,624–64,896–64,896–43,264–
4096–4096–1000.

neurons in a kernel map). The second convolutional layer takes as input the (response-normalized
and pooled) output of the first convolutional layer and filters it with 256 kernels of size 5⇥ 5⇥ 48.
The third, fourth, and fifth convolutional layers are connected to one another without any intervening
pooling or normalization layers. The third convolutional layer has 384 kernels of size 3 ⇥ 3 ⇥
256 connected to the (normalized, pooled) outputs of the second convolutional layer. The fourth
convolutional layer has 384 kernels of size 3 ⇥ 3 ⇥ 192 , and the fifth convolutional layer has 256
kernels of size 3⇥ 3⇥ 192. The fully-connected layers have 4096 neurons each.

4 Reducing Overfitting

Our neural network architecture has 60 million parameters. Although the 1000 classes of ILSVRC
make each training example impose 10 bits of constraint on the mapping from image to label, this
turns out to be insufficient to learn so many parameters without considerable overfitting. Below, we
describe the two primary ways in which we combat overfitting.

4.1 Data Augmentation

The easiest and most common method to reduce overfitting on image data is to artificially enlarge
the dataset using label-preserving transformations (e.g., [25, 4, 5]). We employ two distinct forms
of data augmentation, both of which allow transformed images to be produced from the original
images with very little computation, so the transformed images do not need to be stored on disk.
In our implementation, the transformed images are generated in Python code on the CPU while the
GPU is training on the previous batch of images. So these data augmentation schemes are, in effect,
computationally free.

The first form of data augmentation consists of generating image translations and horizontal reflec-
tions. We do this by extracting random 224⇥ 224 patches (and their horizontal reflections) from the
256⇥256 images and training our network on these extracted patches4. This increases the size of our
training set by a factor of 2048, though the resulting training examples are, of course, highly inter-
dependent. Without this scheme, our network suffers from substantial overfitting, which would have
forced us to use much smaller networks. At test time, the network makes a prediction by extracting
five 224 ⇥ 224 patches (the four corner patches and the center patch) as well as their horizontal
reflections (hence ten patches in all), and averaging the predictions made by the network’s softmax
layer on the ten patches.

The second form of data augmentation consists of altering the intensities of the RGB channels in
training images. Specifically, we perform PCA on the set of RGB pixel values throughout the
ImageNet training set. To each training image, we add multiples of the found principal components,

4This is the reason why the input images in Figure 2 are 224⇥ 224⇥ 3-dimensional.

5

CNN for Image Classification
(Krizhevsky, Sutskever & Hinton, 2012)
15.3% error on ImageNet LSVRC-2012 contest

Input 
image 

(pixels)

• Five convolutional layers 
(w/max-pooling)

• Three fully connected layers

1000-way 
softmax



CNNs for Image Recognition
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Lecture 7 - 27 Jan 2016Fei-Fei Li & Andrej Karpathy & Justin JohnsonFei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 201678

(slide from Kaiming He’s recent presentation)
Slide from Kaiming He



Convolutional Neural Network (CNN)
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Typical Architectures

Figure from https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7327346/ 



Convolutional Neural Network (CNN)

75

Typical Architectures

Figure from https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7327346/ 



Convolutional Neural Network (CNN)
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Typical Architectures
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(ILSVRC 2012)

Revolution of Depth
ResNet, 152 layers

(ILSVRC 2015)
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3x3 conv, 512

3x3 conv, 512

3x3 conv, 512, pool/2

fc, 4096
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VGG, 19 layers
(ILSVRC 2014)

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.



Convolutional Layer
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0 0 0 0 0 0 0

0 1 1 1 1 1 0

0 1 0 0 1 0 0

0 1 0 1 0 0 0

0 1 1 0 0 0 0

0 1 0 0 0 0 0

0 0 0 0 0 0 0

θ11 θ12

θ21 θ22

2x2 
Convolution

Input Image
θ11 θ12 θ13

θ21 θ22 θ23

θ31 θ32 θ33

3x3 
Convolution

θ11 θ12 θ13 θ14

θ21 θ22 θ23 θ24

θ31 θ32 θ33 θ34

θ41 θ42 θ43 θ44

4x4 
Convolution

For a convolutional layer, how do we pick the kernel size 
(aka. the size of the convolution)?

• A small kernel can only see a very small part of the image, 
but is fast to compute

• A large kernel can see more of the image, but at the 
expense of speed



CNN’s Neuroscience Origins
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Re: CNN

Re: Attention• CNN operations may seem ad hoc at first, but inspired by studies in the 1960s on the cat visual 
cortex

• Cat is anesthetized and staring at moving bar on screen
• Hubel & Wiesel found that certain neurons would spike when the bar was upright, rather than 

horizontal
• This selectivity is called a receptive field
• CNN’s receptive field is e.g. the 3x3 region of pixels 

Slide adapted from Aran Nayebi 



CNN Summary

CNNs
– Are used for all aspects of computer vision, and have won 

numerous pattern recognition competitions
– Able learn interpretable features at different levels of abstraction
– Typically, consist of convolution layers, pooling layers, 

nonlinearities, and fully connected layers

83



COMPUTER VISION
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Common Tasks in Computer Vision
1. Image Classification
2. Image Classification + 

Localization
3. Human Pose Estimation
4. Semantic Segmentation
5. Object Detection
6. Instance Segmentation
7. Image Captioning
8. Image Generation

85
Figure from https://arxiv.org/pdf/1704.06857.pdf



Image Classification

• Given an 
image, predict 
a single label

• A multi-class 
classification 
problem

86
Figure from https://proceedings.neurips.cc/paper/2012/file/c399862d3b9d6b76c8436e924a68c45b-Paper.pdfFigure 2: An illustration of the architecture of our CNN, explicitly showing the delineation of responsibilities

between the two GPUs. One GPU runs the layer-parts at the top of the figure while the other runs the layer-parts
at the bottom. The GPUs communicate only at certain layers. The network’s input is 150,528-dimensional, and
the number of neurons in the network’s remaining layers is given by 253,440–186,624–64,896–64,896–43,264–
4096–4096–1000.

neurons in a kernel map). The second convolutional layer takes as input the (response-normalized
and pooled) output of the first convolutional layer and filters it with 256 kernels of size 5⇥ 5⇥ 48.
The third, fourth, and fifth convolutional layers are connected to one another without any intervening
pooling or normalization layers. The third convolutional layer has 384 kernels of size 3 ⇥ 3 ⇥
256 connected to the (normalized, pooled) outputs of the second convolutional layer. The fourth
convolutional layer has 384 kernels of size 3 ⇥ 3 ⇥ 192 , and the fifth convolutional layer has 256
kernels of size 3⇥ 3⇥ 192. The fully-connected layers have 4096 neurons each.

4 Reducing Overfitting

Our neural network architecture has 60 million parameters. Although the 1000 classes of ILSVRC
make each training example impose 10 bits of constraint on the mapping from image to label, this
turns out to be insufficient to learn so many parameters without considerable overfitting. Below, we
describe the two primary ways in which we combat overfitting.

4.1 Data Augmentation

The easiest and most common method to reduce overfitting on image data is to artificially enlarge
the dataset using label-preserving transformations (e.g., [25, 4, 5]). We employ two distinct forms
of data augmentation, both of which allow transformed images to be produced from the original
images with very little computation, so the transformed images do not need to be stored on disk.
In our implementation, the transformed images are generated in Python code on the CPU while the
GPU is training on the previous batch of images. So these data augmentation schemes are, in effect,
computationally free.

The first form of data augmentation consists of generating image translations and horizontal reflec-
tions. We do this by extracting random 224⇥ 224 patches (and their horizontal reflections) from the
256⇥256 images and training our network on these extracted patches4. This increases the size of our
training set by a factor of 2048, though the resulting training examples are, of course, highly inter-
dependent. Without this scheme, our network suffers from substantial overfitting, which would have
forced us to use much smaller networks. At test time, the network makes a prediction by extracting
five 224 ⇥ 224 patches (the four corner patches and the center patch) as well as their horizontal
reflections (hence ten patches in all), and averaging the predictions made by the network’s softmax
layer on the ten patches.

The second form of data augmentation consists of altering the intensities of the RGB channels in
training images. Specifically, we perform PCA on the set of RGB pixel values throughout the
ImageNet training set. To each training image, we add multiples of the found principal components,

4This is the reason why the input images in Figure 2 are 224⇥ 224⇥ 3-dimensional.

5



Image Classification + Localization
• Given an image, 

predict a single 
label and a 
bounding box 
for the object

• Bounding box is 
represented as 
(x, y, h, w), 
position (x,y) 
and 
height/width 
(h,w)

87
Figure from https://ieeexplore.ieee.org/stamp/stamp.jsp?arnumber=5459257



Human Pose Estimation
• Given an image of a human, 

predict the position of 
several keypoints (left 
hand, right hand, left 
elbow, …, right foot)

• This is a multiple regression 
problem, where each 
keypoint has a 
corresponding position 
(xi,yi)

88Figure from 
https://openaccess.thecvf.com/content_cvpr_2014/papers/Toshev_DeepPose_Human_Pose_2014_CVPR_paper.pdf



Semantic Segmentation
• Given an image, 

predict a label for 
every pixel in the 
image

• Not merely a 
classification 
problem, because 
there are strong 
correlations between 
pixel-specific labels

89Figure from https://openaccess.thecvf.com/content_iccv_2015/papers/Noh_Learning_Deconvolution_Network_ICCV_2015_paper.pdf



Object Detection
• Given an image, for each object predict a bounding box 

and a label (x,y,w,h,l)
• Example: R-CNN

– (x=110, y=13, w=50, h=72, l=person)
– (x=90, y=55, w=81, h=87, l=horse)
– (x=421, y=533, w=24, h=30, l=chair)
– (x=2, y=25, w=51, h=121, l=gate)

90Figure from 
https://openaccess.thecvf.com/content_cvpr_2014/papers/Girshick_Rich_Feature_Hierarchies_2014_CVPR_paper.pdf



Instance Segmentation
• Predict per-pixel labels as 

in semantic segmentation, 
but differentiate between 
different instances of the 
same label

• Example: if there are two 
people in the image, one 
person should be labeled 
person-1 and one should 
be labeled person-2

91
Figure from https://openaccess.thecvf.com/content_ICCV_2017/papers/He_Mask_R-CNN_ICCV_2017_paper.pdf 



Image Captioning
• Take an image as 

input, and generate 
a sentence 
describing it as 
output (i.e. the 
caption)

• Early methods 
include a deep 
CNN/transformer 
and a RNN-like 
language model

• (The task of Dense 
Captioning is to 
generate one 
caption per 
bounding box) 

92
Figure from https://dl.acm.org/doi/pdf/10.1145/3295748



Image Captioning
• Take an image as 

input, and generate 
a sentence 
describing it as 
output (i.e. the 
caption)

• Early methods 
included a deep 
CNN/transformer 
and a RNN-like 
language model

• (The task of Dense 
Captioning is to 
generate one 
caption per 
bounding box) 
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Table from https://dl.acm.org/doi/pdf/10.1145/3295748 



Medical Image Analysis

Notice that most of 
these tasks are 
structured prediction 
problems, not 
merely classification

94
Figure from https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7327346/ 



TRANSFORMER (ENCODER ONLY VERSION)
(aka. BERT-style models)
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Autoregressive Language Model
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Definition: An autoregressive language model defines a probability
distribution over sequences x1:T of the form:

p(x1:T ) =
T∏

t=1

p(xt | x1, . . . , xt−1)



Decoder-only Transformer
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x1 x2 x3 x4

p(w1|h1) 

h1

p(w2|h2) 

h2

p(w3|h3) 

h3

p(w4|h4) 

h4

The bat made noise

…

Each layer of a Transformer LM 
consists of several sublayers:
1. causal attention
2. feed-forward neural network
3. layer normalization
4. residual connections

Each hidden vector looks back at 
the hidden vectors of the current 
and previous timesteps in the 
previous layer.

The language model part is just like 
an RNN-LM.

Transformer layer

Transformer layer

Transformer layer

Also called a 
Transformer 
language model



q1 q2 q3 q4

v1 v2 v3 v4

softmax

k1 k2 k3 k4

Single-Headed (Causal) Attention

Wq

Q = XWq
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x1 x2 x3 x4

Wk

V = XWv

S = QKT /
√

dk

K = XWk

Wv

Acausal = softmax(S + M)

X′ = AV = softmax(QKT /
√

dk + M)V

X = [x1, . . . , x4]
T

In practice, the attention 
weights are computed 
for all time steps T, then 
we mask out (by setting 
to –inf) all the inputs to 
the softmax that are for 
the timesteps to the right 
of the query

. M =

⎡

⎢

⎢

⎣

0 −∞ −∞ −∞

0 0 −∞ −∞

0 0 0 −∞

0 0 0 0

⎤

⎥

⎥

⎦



q1 q2 q3 q4

v1 v2 v3 v4

softmax

k1 k2 k3 k4

Single-Headed Attention

Wq
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x1 x2 x3 x4

Wk

Wv

A = softmax(S)

X′ = AV = softmax(QKT /
√

dk)V

Holy cow, that’s a lot of new 
arrows…
• Do we always want/need 

all of those? 
No!

• Do we sometimes 
want/need all of those? 
Yes!

Q = XWq

V = XWv

S = QKT /
√

dk

K = XWk

X = [x1, . . . , x4]
T

So what is this model?
• Notice that each 

token can attend 
to all other tokens 
on the left and 
right

• It is not an 
autoregressive 
language model



Encoder-only Transformer
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p(w1|h1) 

h1

p(w2|h2) 

h2

p(w3|h3) 

h3

p(w4|h4) 

h4

…

Each layer of an encoder-only 
Transformer consists of several 
sublayers:
1. non-causal attention
2. feed-forward neural network
3. layer normalization
4. residual connections

Each hidden vector looks at the the 
hidden vectors of all timesteps in 
the previous layer.

Transformer layer

Transformer layer

Transformer layer

x1 x2 x3 x4

Okay, but how 
would we train 
one of these 
things?



Encoder-only Transformer
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h1

p(w2|h3) 

h3 h4

[CLS] The cat sat

…

Each layer of an encoder-only 
Transformer consists of several 
sublayers:
1. non-causal attention
2. feed-forward neural network
3. layer normalization
4. residual connections

Each hidden vector looks at the the 
hidden vectors of all timesteps in 
the previous layer.

The distribution over words is used 
for masked language model (MLM) 
pre-training (cf. BERT)

Transformer layer

Transformer layer

Transformer layer

x1 x2 x3 x4

h2

BERT popularized this 
encoder-only 
Transformer 
architecture and style 
of pretraining p(w1|h2) p(w3|h4) 

MLM Pretraining:
• Rather than trying 

to predict the next 
word from the 
previous ones…

• …mask out a word 
(or a few words) 
and predict the 
missing words from 
the remaining ones



Encoder-only Transformer
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h1 h3 h4

[CLS] [MASK] cat sat

…

Each layer of an encoder-only 
Transformer consists of several 
sublayers:
1. non-causal attention
2. feed-forward neural network
3. layer normalization
4. residual connections

Each hidden vector looks at the the 
hidden vectors of all timesteps in 
the previous layer.

The distribution over words is used 
for masked language model (MLM) 
pre-training (cf. BERT)

Transformer layer

Transformer layer

Transformer layer

x1 x2 x3 x4

h2

BERT popularized this 
encoder-only 
Transformer 
architecture and style 
of pretraining p(w1|h2) 

ℓ1(·,·)

MLM Pretraining:
• Rather than trying 

to predict the next 
word from the 
previous ones…

• …mask out a word 
(or a few words) 
and predict the 
missing words from 
the remaining ones

+J = log p(w1 | w2 , w3)

The



Encoder-only Transformer
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h1

p(w2|h3) 

h3 h4

[CLS] The [MASK] sat

…

Each layer of an encoder-only 
Transformer consists of several 
sublayers:
1. non-causal attention
2. feed-forward neural network
3. layer normalization
4. residual connections

Each hidden vector looks at the the 
hidden vectors of all timesteps in 
the previous layer.

The distribution over words is used 
for masked language model (MLM) 
pre-training (cf. BERT)

Transformer layer

Transformer layer

Transformer layer

x1 x2 x3 x4

ℓ1(·,·)

h2

BERT popularized this 
encoder-only 
Transformer 
architecture and style 
of pretraining

MLM Pretraining:
• Rather than trying 

to predict the next 
word from the 
previous ones…

• …mask out a word 
(or a few words) 
and predict the 
missing words from 
the remaining ones

+

cat

J = log p(w2 | w1 , w3)



Encoder-only Transformer
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h1 h3 h4

[CLS] [MASK] cat [MASK]

…

Each layer of an encoder-only 
Transformer consists of several 
sublayers:
1. non-causal attention
2. feed-forward neural network
3. layer normalization
4. residual connections

Each hidden vector looks at the the 
hidden vectors of all timesteps in 
the previous layer.

The distribution over words is used 
for masked language model (MLM) 
pre-training (cf. BERT)

Transformer layer

Transformer layer

Transformer layer

x1 x2 x3 x4

h2

BERT popularized this 
encoder-only 
Transformer 
architecture and style 
of pretraining p(w1|h2) p(w3|h4) 

ℓ1(·,·) ℓ2(·,·)

MLM Pretraining:
• Rather than trying 

to predict the next 
word from the 
previous ones…

• …mask out a word 
(or a few words) 
and predict the 
missing words from 
the remaining ones

+J = log p(w1, w3 | w2)

The sat



Encoder-only Transformer
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h1 h3 h4

[CLS] The cat sat

…

Transformer layer

Transformer layer

Transformer layer

x1 x2 x3 x4

h2

BERT popularized this 
encoder-only 
Transformer 
architecture and style 
of pretraining

MLM Pretraining:
• Rather than trying 

to predict the next 
word from the 
previous ones…

• …mask out a word 
(or a few words) 
and predict the 
missing words from 
the remaining ones

p(y|h1) 

Supervised Fine-tuning:
• How to fine-tune this 

model for a classification 
task?

• Predict the class label 
given the embedding for 
the special [CLS] token

• Fine-tune the model to be 
good at classification in 
this way

ℓ1(·,·)

Although this is not a 
generative language model, 
it can be used very 
effectively as a discriminator

+ J = log p(y* | w1, w3, w2)

y* = 1



Encoder-only Transformer
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h1 h3 h4

[CLS] A dog barks

…

Transformer layer

Transformer layer

Transformer layer

x1 x2 x3 x4

h2

BERT popularized this 
encoder-only 
Transformer 
architecture and style 
of pretraining

MLM Pretraining:
• Rather than trying 

to predict the next 
word from the 
previous ones…

• …mask out a word 
(or a few words) 
and predict the 
missing words from 
the remaining ones

p(y|h1) 

Supervised Fine-tuning:
• How to fine-tune this 

model for a classification 
task?

• Predict the class label 
given the embedding for 
the special [CLS] token

• Fine-tune the model to be 
good at classification in 
this way

ℓ1(·,·)

Although this is not a 
generative language model, 
it can be used very 
effectively as a discriminator

+ J = log p(y* | w1, w3, w2)

y* = 0



VISION TRANSFORMER
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Vision Transformer (ViT)
Model:
• model is almost identical to BERT
• instead of words as input the 

inputs are PxP pixel image 
patches, P ∈ {14, 16, 32} (no 
overlap)

• each patch is embedded linearly 
into a vector of size 1024 

• 1D positional embeddings

Training:
• for pre-training, optimize for 

image classification on large 
supervised dataset (e.g. 
ImageNet 21K, JFT-300M)—same 
setup as a CNN

• for fine-tuning, learn a new 
classification head on a small 
dataset (e.g. CIFAR-100)

108
Figure from https://arxiv.org/abs/2010.11929



Vision Transformer (ViT)
Model:
• model is almost identical to BERT
• instead of words as input the 

inputs are PxP pixel image 
patches, P ∈ {14, 16, 32} (no 
overlap)

• each patch is embedded linearly 
into a vector of size 1024 

• 1D positional embeddings

Training:
• for pre-training, optimize for 

image classification on large 
supervised dataset (e.g. 
ImageNet 21K, JFT-300M)—same 
setup as a CNN

• for fine-tuning, learn a new 
classification head on a small 
dataset (e.g. CIFAR-100)

109

MLP 
head

Class
Narwhal
Axolotl
Parrot

Figure from https://arxiv.org/abs/2010.11929



Vision Transformer (ViT)
Model:
• model is almost identical to BERT
• instead of words as input the 

inputs are PxP pixel image 
patches, P ∈ {14, 16, 32} (no 
overlap)

• each patch is embedded linearly 
into a vector of size 1024 

• 1D positional embeddings

Training:
• for pre-training, optimize for 

image classification on large 
supervised dataset (e.g. 
ImageNet 21K, JFT-300M)—same 
setup as a CNN

• for fine-tuning, learn a new 
classification head on a small 
dataset (e.g. CIFAR-100)
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MLP 
head

Class
Narwhal
Axolotl
Parrot

Figure from Henry Chai and https://arxiv.org/abs/2010.11929



Vision Transformer (ViT)

111

Answer:

Question: how can a ViT 
learn 2D positional 
information from 1D 
position embeddings?

Figure from https://arxiv.org/abs/2010.11929



Timeline: Language Modeling
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1. Transformers 
appeared in 2017 

2. They immediately 
took over NLP

3. Vision Transformers 
appeared in 2021

Question: Why did it take 
so long for transformers 
to become popular in 
computer vision?



Timeline: Image Generation
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1. Transformers 
appeared in 2017 

2. They immediately 
took over NLP

3. Vision Transformers 
appeared in 2021

Question: Why did it take 
so long for transformers 
to become popular in 
computer vision?
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Timeline: Image Generation

1. Transformers 
appeared in 2017 

2. They immediately 
took over NLP

3. Vision Transformers 
appeared in 2021

Question: Why did it take 
so long for transformers 
to become popular in 
computer vision?
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Timeline: Image Generation

1. Transformers 
appeared in 2017 

2. They immediately 
took over NLP

3. Vision Transformers 
appeared in 2021

Question: Why did it take 
so long for transformers 
to become popular in 
computer vision?

Comparison of two 
model families:
1. BiT – large CNNs 

based on ResNet
2. ViT – vision 

transformers of 
various sizes



Vision Transformer (ViT)
• The original Vision 

Transformer models 
were quite small 
compared to the Large 
Language Models 
(LLMs) of the time

• By 2023, ViT had been 
scaled to 22 billion 
parameters with good 
success
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Attention’s Neuroscience Origins

Re: CNN

Re: Attention

Slide adapted from Aran Nayebi 

Hopfield nets (1982)

Text from https://pmc.ncbi.nlm.nih.gov/articles/PMC346238/pdf/pnas00447-0135.pdf


