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Neural Networks in Computational Imaging

• Now: learned pipelines for computational imaging

Learning CFAs

Learning ISPs



Neural Networks in Computational Imaging

• Now: learned pipelines for computational imaging

Learned denoising Learned deblurring HDR Imaging



Today

• What is a neural network?

• How do we train neural networks?



Today

• What is a neural network?

• How do we train neural networks?

Wed.
• Convolutional neural networks

• Making networks deep
• Applications in denoising and deblurring



What is a neural network?

• Image classification example



Image Classification

• Image classification example

Images

MNIST  Dataset



• Image classification example

Images Class

“zero”
“one”

…

“nine”

Image Classification



• Image classification example

Images

What the computer  “sees”

Image Classification



• Image classification example

Images Challenges

Intra-class variation
• stroke widths
• alignment
• writing styles

Image Classification



• Image classification example

Images Challenges

Intra-class variation
• stroke widths
• alignment
• writing styles

Inter-class similarities
• “four” or “nine”?

Image Classification



• Image classification example

Images

Can’t hardcode solution!

Implementation?

Image Classification



Data-Driven Approach
1. Collect training images and labels

2. Define a classifier = parametric 
function with discretized outputs

3. Define a loss = score function

4. Train the classifier using machine 
learning

5. Evaluate the classifier on unseen 
images
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Step 2: Defining a classifier

• Linear Model 

vectorize



Linear Model

• Linear Model 

vectorize



Linear Model

• Linear Model 

vectorize



Linear Model

• Linear Model 

vectorize

Length (dimension) of this vector = number of pixels
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Linear Model

• Linear Model 

vectorize
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Linear Model

• Linear Model 

vectorize
10 numbers 
with class 
scores
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Output: entry with the highest score



Linear Model
• Linear model: geometric interpretation



Linear Model
• Linear model: geometric interpretation

“8” classifier

“4” classifier

“2” classifier

“0” classifier

Can be seen as 10 inner products.

<latexit sha1_base64="ZKnSmMqlJoEFakmhbhlDkHJG5po="></latexit>

Wx =
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64
w0 · x

...
w9 · x
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75



Linear Model

• Linear model (visual interpretation)

Learned filters (rows of W)



Linear Model

• Limits of linear classifiers

Linear classifiers learn linear 
decision planes

What if dataset is not linearly 
separable?



Multilayer Perceptrons (MLPs)

• Linear Model 

• 2-layer MLP



Multilayer Perceptrons (MLPs)

• Linear Model 

• 2-layer MLP

• 3-layer MLP



Multilayer Perceptrons (MLPs)

• Linear Model 

• 2-layer MLP

• 3-layer MLP

Non-linearity/activation function between linear layers



Multilayer Perceptrons (MLPs)

• Linear Model 

• 2-layer MLP

• 3-layer MLP

Otherwise we have:



Activation Functions
…many to choose from

… ReLU is a good general-purpose choice: ReLU(x) = max(0, x)

softplus

ReLU

leaky ReLU

tanh sigmoid

ELU



Multilayer Perceptrons (MLPs)

• Linear Model 

• 2-layer MLP

vectorize

Back to our classification example…

784 100 10
class scores



Multilayer Perceptrons (MLPs)

• Linear Model 

• 2-layer MLP

vectorize

Back to our classification example…

784 100 10
class scores

Hidden layer



Multilayer Perceptrons (MLPs)

• Linear Model 

• 2-layer MLP

vectorize

Back to our classification example…

784 100 10
class scores

Now we have 100 shape templates, shared between classes



• Overcomes limits of linear classifiers

• Can learn non-linear decision 
boundaries

• Complexity scales with the 
number of neurons/hidden 
layers

Multilayer Perceptrons (MLPs)



• More parameters is not always 
better!
• Can lead to overfitting the 

training data
• Performance on test data is 

worse

Multilayer Perceptrons (MLPs)
train

test



• More on classification…

• https://cs231n.github.io/linear-
classify/

• https://cs229.stanford.edu/note
s2021fall/cs229-notes1.pdf

Multilayer Perceptrons (MLPs)





Data-Driven Approach
1. Collect training images and labels

2. Define a classifier = parametric 
function with discretized outputs

3. Define a loss = score function

4. Train the classifier using machine 
learning

5. Evaluate the classifier on unseen 
images
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Image Inpainting

vectorize

784 100 784

reshape

predicted
output

masked
input



Step 1: Collect training inputs and outputs

masked images ground truth



Step 2: Define a classifier

vectorize

784 100 784

reshape

predicted
output

masked
input



Step 3: Defining a loss

network 
parameters



Step 3: Defining a loss

ground truth image network prediction

network 
parameters

input



Step 4: Training the model

Gradient-based optimization

[Li et al. ‘18]
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Step 4: Training the model

Need to calculate the partial derivative with respect to each parameter



Step 4: Training the model

Generally there are 3 options

1. Numerical differentiation
2. Symbolic differentiation
3. “Automatic” differentiation



Numerical Differentiation

Not very accurate....

Easy to implement!

Compute this with a ”small” ℎ (e.g. 10-6)



Symbolic Differentiation

chain rule, product rule…

Accurate

<latexit sha1_base64="7JdaCq6RbecPRnZDIr6rdrz94co="></latexit>
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@

@W1

1

2
(y �W2�(W1x))

T · (y �W2�(W1x))

Tedious (must be manually calculated for each term)



Automatic Differentiation

Think about the problem as a  “computational  graph”

Divide and conquer using the chain rule

Enables “backpropagation” – an efficient way to take 
derivatives of the loss wrt all the parameters in the graph



Automatic Differentiation

Think about the problem as a  “computational  graph”

Divide and conquer using the chain rule
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Automatic Differentiation

Think about the problem as a  “computational  graph”

Divide and conquer using the chain rule



Automatic Differentiation

Think about the problem as a  “computational  graph”

Divide and conquer using the chain rule

We can calculate analytical 
expressions for each of these terms 
and then plug in our values



Autodiff Example

(assume scalar values for now)
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(assume scalar values for now)
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(assume scalar values for now)



Autodiff Example

(assume scalar values for now)



Autodiff Example

(assume scalar values for now)



Autodiff Example

Let’s plug in the values now…

5

3 2 22



Autodiff Example

Let’s plug in the values now…

5

3 2

15

22



Autodiff Example

Let’s plug in the values now…

5

3 2

15 15

22



Autodiff Example

Let’s plug in the values now…

5

3 2 22

15 15 30



Autodiff Example

Let’s plug in the values now…

5

3 2 22

15 15 30 32



Autodiff Example

Let’s plug in the values now…

5

3 2 22

15 15 30 32



Autodiff Example

Let’s plug in the values now…

5

3 2 22

15 15 30 32

8



Autodiff Example

Let’s plug in the values now…

5

3 2 22

15 15 30 32

82



Autodiff Example

Let’s plug in the values now…
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Autodiff Example

Let’s plug in the values now…
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8215 <latexit sha1_base64="hZcRCuTdMUpWO1FPktl1/JJWr9M=">AAACFXicbVDLSsNAFJ3UV62vqEs3g0VwISUR0W6EohsXLirYBzQhTKaTduhkEmYmSgn5CTf+ihsXirgV3Pk3TtqA2npg4HDOvXfuPX7MqFSW9WWUFhaXllfKq5W19Y3NLXN7py2jRGDSwhGLRNdHkjDKSUtRxUg3FgSFPiMdf3SZ+507IiSN+K0ax8QN0YDTgGKktOSZR04gEE6dGAlFEYNOiNQQI5ZeZ9mPeu/Z2Xnd8syqVbMmgPPELkgVFGh65qfTj3ASEq4wQ1L2bCtWbppPxYxkFSeRJEZ4hAakpylHIZFuOrkqgwda6cMgEvpxBSfq744UhVKOQ19X5kvLWS8X//N6iQrqbkp5nCjC8fSjIGFQRTCPCPapIFixsSYIC6p3hXiIdExKB1nRIdizJ8+T9nHNPq3ZNyfVxkURRxnsgX1wCGxwBhrgCjRBC2DwAJ7AC3g1Ho1n4814n5aWjKJnF/yB8fEN9YafSQ==</latexit>

@L
@w1

= 80



Autodiff Example
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Save these intermediate values during forward computation



Autodiff Example
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Then we perform a “backward pass”



Autodiff Example
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What about          ?



Autodiff Example
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What about          ?

We can re-use computation!



Autodiff Example

PyTorch Code:



Image Inpainting Training Loop
1. Sample batch of images from dataset 

2. Run forward pass to calculate network output for each image

3. Run backward pass to calculate gradients with backpropagation

4. Update parameters with stochastic gradient descent



4. Update parameters with stochastic gradient descent

“stochastic” refers to the fact that inputs are processed in batches

<latexit sha1_base64="1O7l7ptt+jaHzlWDuuUdYgnAozY="></latexit>

r✓L =
⇣ @L
@W1

,
@L
@W2

⌘



Vector Differentiation

But wait, aren’t these vectors?



Vector Differentiation

Recap: vector differentiation

Scalar wrt Scalar
<latexit sha1_base64="xmoABcaDeQVP0QRk2NR9sumG/80=">AAAB9XicbVC7TsMwFL0pr1JeBUYWiwqJqUoQAsYKFsaC6ENqQuW4TmvVcSLbAaoo/8HCAEKs/Asbf4PTZoCWI1k6Oude3ePjx5wpbdvfVmlpeWV1rbxe2djc2t6p7u61VZRIQlsk4pHs+lhRzgRtaaY57caS4tDntOOPr3K/80ClYpG405OYeiEeChYwgrWR7p9cJtwQ65Hvp7dZv1qz6/YUaJE4BalBgWa/+uUOIpKEVGjCsVI9x461l2KpGeE0q7iJojEmYzykPUMFDqny0mnqDB0ZZYCCSJonNJqqvzdSHCo1CX0zmSdU814u/uf1Eh1ceCkTcaKpILNDQcKRjlBeARowSYnmE0MwkcxkRWSEJSbaFFUxJTjzX14k7ZO6c1Z3bk5rjcuijjIcwCEcgwPn0IBraEILCEh4hld4sx6tF+vd+piNlqxiZx/+wPr8Ae3Lkss=</latexit>

x 2 R
<latexit sha1_base64="QDBn7bmc26FMko1y7/AOsu217zU=">AAAB9XicbVDLSsNAFL2pr1pfVZduBovgqiQi1WXRjcsq9gFNLJPppB06mYSZiRJC/8ONC0Xc+i/u/BsnbRbaemDgcM693DPHjzlT2ra/rdLK6tr6RnmzsrW9s7tX3T/oqCiRhLZJxCPZ87GinAna1kxz2oslxaHPadefXOd+95FKxSJxr9OYeiEeCRYwgrWRHlKXCTfEeuz72d10UK3ZdXsGtEycgtSgQGtQ/XKHEUlCKjThWKm+Y8fay7DUjHA6rbiJojEmEzyifUMFDqnyslnqKToxyhAFkTRPaDRTf29kOFQqDX0zmSdUi14u/uf1Ex1cehkTcaKpIPNDQcKRjlBeARoySYnmqSGYSGayIjLGEhNtiqqYEpzFLy+TzlndadSd2/Na86qoowxHcAyn4MAFNOEGWtAGAhKe4RXerCfrxXq3PuajJavYOYQ/sD5/AO9cksw=</latexit>

y 2 R
<latexit sha1_base64="m/YuJQZ6pjSXa3TXVBcPuOByGGw=">AAACE3icbVDLSsNAFL2pr1pfUZduBosgLkoioi6LblxWsQ9oSplMJ+3QySTMTMQS8g9u/BU3LhRx68adf+OkLaitBwYO59x7597jx5wp7ThfVmFhcWl5pbhaWlvf2Nyyt3caKkokoXUS8Ui2fKwoZ4LWNdOctmJJcehz2vSHl7nfvKNSsUjc6lFMOyHuCxYwgrWRuvaRF0hMUi/GUjPM0Sj74feZx4QXYj3w/fQm69plp+KMgeaJOyVlmKLWtT+9XkSSkApNOFaq7Tqx7qT5dMJpVvISRWNMhrhP24YKHFLVScc3ZejAKD0URNI8odFY/d2R4lCpUeibynxDNevl4n9eO9HBeSdlIk40FWTyUZBwpCOUB4R6TFKi+cgQTCQzuyIywCYkbWIsmRDc2ZPnSeO44p5W3OuTcvViGkcR9mAfDsGFM6jCFdSgDgQe4Ale4NV6tJ6tN+t9Ulqwpj278AfWxzenlZ9H</latexit>

@y

@x
2 R



Vector Differentiation

Recap: vector differentiation

Scalar wrt Scalar
<latexit sha1_base64="xmoABcaDeQVP0QRk2NR9sumG/80=">AAAB9XicbVC7TsMwFL0pr1JeBUYWiwqJqUoQAsYKFsaC6ENqQuW4TmvVcSLbAaoo/8HCAEKs/Asbf4PTZoCWI1k6Oude3ePjx5wpbdvfVmlpeWV1rbxe2djc2t6p7u61VZRIQlsk4pHs+lhRzgRtaaY57caS4tDntOOPr3K/80ClYpG405OYeiEeChYwgrWR7p9cJtwQ65Hvp7dZv1qz6/YUaJE4BalBgWa/+uUOIpKEVGjCsVI9x461l2KpGeE0q7iJojEmYzykPUMFDqny0mnqDB0ZZYCCSJonNJqqvzdSHCo1CX0zmSdU814u/uf1Eh1ceCkTcaKpILNDQcKRjlBeARowSYnmE0MwkcxkRWSEJSbaFFUxJTjzX14k7ZO6c1Z3bk5rjcuijjIcwCEcgwPn0IBraEILCEh4hld4sx6tF+vd+piNlqxiZx/+wPr8Ae3Lkss=</latexit>

x 2 R
<latexit sha1_base64="zMYXWKyNzK+FIRpdJLsndu3TEgs=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiQi6rLoxpVUsQ9oYplMJ+3QySTMTIol9E/cuFDErX/izr9x0mah1QMDh3Pu5Z45QcKZ0o7zZZWWlldW18rrlY3Nre0de3evpeJUEtokMY9lJ8CKciZoUzPNaSeRFEcBp+1gdJX77TGVisXiXk8S6kd4IFjICNZG6tn2o8eEF2E9DILsbvpw07OrTs2ZAf0lbkGqUKDRsz+9fkzSiApNOFaq6zqJ9jMsNSOcTiteqmiCyQgPaNdQgSOq/GyWfIqOjNJHYSzNExrN1J8bGY6UmkSBmcwzqkUvF//zuqkOL/yMiSTVVJD5oTDlSMcorwH1maRE84khmEhmsiIyxBITbcqqmBLcxS//Ja2TmntWc29Pq/XLoo4yHMAhHIML51CHa2hAEwiM4Qle4NXKrGfrzXqfj5asYmcffsH6+AbAR5O8</latexit>

x 2 RN
<latexit sha1_base64="oKzaLXLvAEjEzarTTR/VS8kk9wA=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiQi6rLoxo1QxT6giWUynbRDJ5MwMymU0D9x40IRt/6JO//GSZuFth4YOJxzL/fMCRLOlHacb6u0srq2vlHerGxt7+zu2fsHLRWnktAmiXksOwFWlDNBm5ppTjuJpDgKOG0Ho5vcb4+pVCwWj3qSUD/CA8FCRrA2Us+2Jx4TXoT1MAiyh+nTXc+uOjVnBrRM3IJUoUCjZ395/ZikERWacKxU13US7WdYakY4nVa8VNEEkxEe0K6hAkdU+dks+RSdGKWPwliaJzSaqb83MhwpNYkCM5lnVIteLv7ndVMdXvkZE0mqqSDzQ2HKkY5RXgPqM0mJ5hNDMJHMZEVkiCUm2pRVMSW4i19eJq2zmntRc+/Pq/Xroo4yHMExnIILl1CHW2hAEwiM4Rle4c3KrBfr3fqYj5asYucQ/sD6/AHAVpO8</latexit>

y 2 RM<latexit sha1_base64="QDBn7bmc26FMko1y7/AOsu217zU=">AAAB9XicbVDLSsNAFL2pr1pfVZduBovgqiQi1WXRjcsq9gFNLJPppB06mYSZiRJC/8ONC0Xc+i/u/BsnbRbaemDgcM693DPHjzlT2ra/rdLK6tr6RnmzsrW9s7tX3T/oqCiRhLZJxCPZ87GinAna1kxz2oslxaHPadefXOd+95FKxSJxr9OYeiEeCRYwgrWRHlKXCTfEeuz72d10UK3ZdXsGtEycgtSgQGtQ/XKHEUlCKjThWKm+Y8fay7DUjHA6rbiJojEmEzyifUMFDqnyslnqKToxyhAFkTRPaDRTf29kOFQqDX0zmSdUi14u/uf1Ex1cehkTcaKpIPNDQcKRjlBeARoySYnmqSGYSGayIjLGEhNtiqqYEpzFLy+TzlndadSd2/Na86qoowxHcAyn4MAFNOEGWtAGAhKe4RXerCfrxXq3PuajJavYOYQ/sD5/AO9cksw=</latexit>

y 2 R
<latexit sha1_base64="m/YuJQZ6pjSXa3TXVBcPuOByGGw=">AAACE3icbVDLSsNAFL2pr1pfUZduBosgLkoioi6LblxWsQ9oSplMJ+3QySTMTMQS8g9u/BU3LhRx68adf+OkLaitBwYO59x7597jx5wp7ThfVmFhcWl5pbhaWlvf2Nyyt3caKkokoXUS8Ui2fKwoZ4LWNdOctmJJcehz2vSHl7nfvKNSsUjc6lFMOyHuCxYwgrWRuvaRF0hMUi/GUjPM0Sj74feZx4QXYj3w/fQm69plp+KMgeaJOyVlmKLWtT+9XkSSkApNOFaq7Tqx7qT5dMJpVvISRWNMhrhP24YKHFLVScc3ZejAKD0URNI8odFY/d2R4lCpUeibynxDNevl4n9eO9HBeSdlIk40FWTyUZBwpCOUB4R6TFKi+cgQTCQzuyIywCYkbWIsmRDc2ZPnSeO44p5W3OuTcvViGkcR9mAfDsGFM6jCFdSgDgQe4Ale4NV6tJ6tN+t9Ulqwpj278AfWxzenlZ9H</latexit>

@y

@x
2 R

Vector wrt Vector

<latexit sha1_base64="J+j8q9ZABSkyU40F0MB9c0Cyc+g=">AAACH3icbVDLSsNAFJ34rPUVdelmsAiuSiJSXRbduFGq2Ac0sUymk3boZBJmJmII+RM3/oobF4qIu/6Nkzagtl64cDjnXs69x4sYlcqyxsbC4tLyympprby+sbm1be7stmQYC0yaOGSh6HhIEkY5aSqqGOlEgqDAY6TtjS5yvf1AhKQhv1NJRNwADTj1KUZKUz2z5vgC4dSJkFAUMZhkP/gxcyh3AqSGnpfeZvfptaNoQCS8ynpmxapak4LzwC5ABRTV6JlfTj/EcUC4wgxJ2bWtSLlp7oQZycpOLEmE8AgNSFdDjrSPm07+y+ChZvrQD4VuruCE/b2RokDKJPD0ZH6tnNVy8j+tGyv/zE0pj2JFOJ4a+TGDKoR5WLBPBcGKJRogLKi+FeIh0oEpHWlZh2DPvjwPWsdVu1a1b04q9fMijhLYBwfgCNjgFNTBJWiAJsDgCbyAN/BuPBuvxofxOR1dMIqdPfCnjPE3NnKkTg==</latexit>

@y

@x
2 RN⇥M

“input x output”



Vector Differentiation

Recap: vector differentiation

<latexit sha1_base64="zMYXWKyNzK+FIRpdJLsndu3TEgs=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiQi6rLoxpVUsQ9oYplMJ+3QySTMTIol9E/cuFDErX/izr9x0mah1QMDh3Pu5Z45QcKZ0o7zZZWWlldW18rrlY3Nre0de3evpeJUEtokMY9lJ8CKciZoUzPNaSeRFEcBp+1gdJX77TGVisXiXk8S6kd4IFjICNZG6tn2o8eEF2E9DILsbvpw07OrTs2ZAf0lbkGqUKDRsz+9fkzSiApNOFaq6zqJ9jMsNSOcTiteqmiCyQgPaNdQgSOq/GyWfIqOjNJHYSzNExrN1J8bGY6UmkSBmcwzqkUvF//zuqkOL/yMiSTVVJD5oTDlSMcorwH1maRE84khmEhmsiIyxBITbcqqmBLcxS//Ja2TmntWc29Pq/XLoo4yHMAhHIML51CHa2hAEwiM4Qle4NXKrGfrzXqfj5asYmcffsH6+AbAR5O8</latexit>

x 2 RN
<latexit sha1_base64="oKzaLXLvAEjEzarTTR/VS8kk9wA=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiQi6rLoxo1QxT6giWUynbRDJ5MwMymU0D9x40IRt/6JO//GSZuFth4YOJxzL/fMCRLOlHacb6u0srq2vlHerGxt7+zu2fsHLRWnktAmiXksOwFWlDNBm5ppTjuJpDgKOG0Ho5vcb4+pVCwWj3qSUD/CA8FCRrA2Us+2Jx4TXoT1MAiyh+nTXc+uOjVnBrRM3IJUoUCjZ395/ZikERWacKxU13US7WdYakY4nVa8VNEEkxEe0K6hAkdU+dks+RSdGKWPwliaJzSaqb83MhwpNYkCM5lnVIteLv7ndVMdXvkZE0mqqSDzQ2HKkY5RXgPqM0mJ5hNDMJHMZEVkiCUm2pRVMSW4i19eJq2zmntRc+/Pq/Xroo4yHMExnIILl1CHW2hAEwiM4Rle4c3KrBfr3fqYj5asYucQ/sD6/AHAVpO8</latexit>

y 2 RM
Vector wrt Vector

<latexit sha1_base64="J+j8q9ZABSkyU40F0MB9c0Cyc+g=">AAACH3icbVDLSsNAFJ34rPUVdelmsAiuSiJSXRbduFGq2Ac0sUymk3boZBJmJmII+RM3/oobF4qIu/6Nkzagtl64cDjnXs69x4sYlcqyxsbC4tLyympprby+sbm1be7stmQYC0yaOGSh6HhIEkY5aSqqGOlEgqDAY6TtjS5yvf1AhKQhv1NJRNwADTj1KUZKUz2z5vgC4dSJkFAUMZhkP/gxcyh3AqSGnpfeZvfptaNoQCS8ynpmxapak4LzwC5ABRTV6JlfTj/EcUC4wgxJ2bWtSLlp7oQZycpOLEmE8AgNSFdDjrSPm07+y+ChZvrQD4VuruCE/b2RokDKJPD0ZH6tnNVy8j+tGyv/zE0pj2JFOJ4a+TGDKoR5WLBPBcGKJRogLKi+FeIh0oEpHWlZh2DPvjwPWsdVu1a1b04q9fMijhLYBwfgCNjgFNTBJWiAJsDgCbyAN/BuPBuvxofxOR1dMIqdPfCnjPE3NnKkTg==</latexit>

@y

@x
2 RN⇥M

“input x output”

<latexit sha1_base64="pHV7fMp20+ZQiod8wTmirijEA9s="></latexit>

@y

@x
=

2

64

@y1

@x1
. . . @ym

@x1

...
@y1

@xn
. . . @ym

@xn

3

75



Recap: vector differentiation

Example 1: matrix multiply
<latexit sha1_base64="Ifa1fhzQ7CHYbbxL6oNtL33TKuY=">AAACLXicbVDNS8MwHE39nPOr6tFLcAieRjtEvQhDPXic4D5gLSXN0i0sTUuSCqX0H/LivyKCh4l49d8w3Qq6zQeBx3vvl+T3/JhRqSxrYqysrq1vbFa2qts7u3v75sFhR0aJwKSNIxaJno8kYZSTtqKKkV4sCAp9Rrr++Lbwu09ESBrxR5XGxA3RkNOAYqS05Jl3TiAQzpwYCUURg84IqSzN819lmF8vZObMrtcYembNqltTwGVil6QGSrQ8880ZRDgJCVeYISn7thUrNysuxYzkVSeRJEZ4jIakrylHIZFuNt02h6daGcAgEvpwBafq34kMhVKmoa+TIVIjuegV4n9eP1HBlZtRHieKcDx7KEgYVBEsqoMDKghWLNUEYUH1XyEeIV2N0gVXdQn24srLpNOo2xd1++G81rwp66iAY3ACzoANLkET3IMWaAMMnsErmIAP48V4Nz6Nr1l0xShnjsAcjO8friKqMQ==</latexit>

@ŷ

@g
=

@

@g
W2g

<latexit sha1_base64="tPOZzD8oqDXtL0oMNcdLlLLNeac=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiQi6rLoxpVUsQ9oYplMJ+3QySTMTAol9E/cuFDErX/izr9x0mahrQcGDufcyz1zgoQzpR3n2yqtrK6tb5Q3K1vbO7t79v5BS8WpJLRJYh7LToAV5UzQpmaa004iKY4CTtvB6Cb322MqFYvFo54k1I/wQLCQEayN1LPtgceEF2E9DILsYfp017OrTs2ZAS0TtyBVKNDo2V9ePyZpRIUmHCvVdZ1E+xmWmhFOpxUvVTTBZIQHtGuowBFVfjZLPkUnRumjMJbmCY1m6u+NDEdKTaLATOYZ1aKXi/953VSHV37GRJJqKsj8UJhypGOU14D6TFKi+cQQTCQzWREZYomJNmVVTAnu4peXSeus5l7U3Pvzav26qKMMR3AMp+DCJdThFhrQBAJjeIZXeLMy68V6tz7moyWr2DmEP7A+fwClhJOr</latexit>

g 2 RN

<latexit sha1_base64="OEEHn8COCfMNP/MH3OvOMOFZFvw=">AAAB/3icbVDLSsNAFL2pr1pfUcGNm2ARXJVERF0W3bgRqtgHNLFMppN26GQSZiZCiVn4K25cKOLW33Dn3zhps9DWAwOHc+7lnjl+zKhUtv1tlBYWl5ZXyquVtfWNzS1ze6clo0Rg0sQRi0THR5IwyklTUcVIJxYEhT4jbX90mfvtByIkjfidGsfEC9GA04BipLTUM/fcIVLpOHMpd0Okhr6f3mb31z2zatfsCax54hSkCgUaPfPL7Uc4CQlXmCEpu44dKy9FQlHMSFZxE0lihEdoQLqachQS6aWT/Jl1qJW+FURCP66sifp7I0WhlOPQ15N5Rjnr5eJ/XjdRwbmXUh4ninA8PRQkzFKRlZdh9akgWLGxJggLqrNaeIgEwkpXVtElOLNfniet45pzWnNuTqr1i6KOMuzDARyBA2dQhytoQBMwPMIzvMKb8WS8GO/Gx3S0ZBQ7u/AHxucPskeWiQ==</latexit>

ŷ 2 RM

<latexit sha1_base64="o/oMJ6sjMiT7HWsTXzUfoiGEDgo=">AAACBXicbVDLSsNAFJ3UV62vqEtdDBbBVUmKqMuiGzdKFfuAJobJdNIOnUzCzEQoIRs3/oobF4q49R/c+TdO2iy09cCFwzn3cu89fsyoVJb1bZQWFpeWV8qrlbX1jc0tc3unLaNEYNLCEYtE10eSMMpJS1HFSDcWBIU+Ix1/dJH7nQciJI34nRrHxA3RgNOAYqS05Jn7Ha/uUO6ESA19P73N7tMrR9GQSHideWbVqlkTwHliF6QKCjQ988vpRzgJCVeYISl7thUrN0VCUcxIVnESSWKER2hAeppypPe46eSLDB5qpQ+DSOjiCk7U3xMpCqUch77uzK+Vs14u/uf1EhWcuSnlcaIIx9NFQcKgimAeCexTQbBiY00QFlTfCvEQCYSVDq6iQ7BnX54n7XrNPqnZN8fVxnkRRxnsgQNwBGxwChrgEjRBC2DwCJ7BK3gznowX4934mLaWjGJmF/yB8fkDa2qYhw==</latexit>

W2 2 RM⇥N



Recap: vector differentiation

Example 1: matrix multiply
<latexit sha1_base64="Ifa1fhzQ7CHYbbxL6oNtL33TKuY=">AAACLXicbVDNS8MwHE39nPOr6tFLcAieRjtEvQhDPXic4D5gLSXN0i0sTUuSCqX0H/LivyKCh4l49d8w3Qq6zQeBx3vvl+T3/JhRqSxrYqysrq1vbFa2qts7u3v75sFhR0aJwKSNIxaJno8kYZSTtqKKkV4sCAp9Rrr++Lbwu09ESBrxR5XGxA3RkNOAYqS05Jl3TiAQzpwYCUURg84IqSzN819lmF8vZObMrtcYembNqltTwGVil6QGSrQ8880ZRDgJCVeYISn7thUrNysuxYzkVSeRJEZ4jIakrylHIZFuNt02h6daGcAgEvpwBafq34kMhVKmoa+TIVIjuegV4n9eP1HBlZtRHieKcDx7KEgYVBEsqoMDKghWLNUEYUH1XyEeIV2N0gVXdQn24srLpNOo2xd1++G81rwp66iAY3ACzoANLkET3IMWaAMMnsErmIAP48V4Nz6Nr1l0xShnjsAcjO8friKqMQ==</latexit>

@ŷ

@g
=

@

@g
W2g

<latexit sha1_base64="tPOZzD8oqDXtL0oMNcdLlLLNeac=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiQi6rLoxpVUsQ9oYplMJ+3QySTMTAol9E/cuFDErX/izr9x0mahrQcGDufcyz1zgoQzpR3n2yqtrK6tb5Q3K1vbO7t79v5BS8WpJLRJYh7LToAV5UzQpmaa004iKY4CTtvB6Cb322MqFYvFo54k1I/wQLCQEayN1LPtgceEF2E9DILsYfp017OrTs2ZAS0TtyBVKNDo2V9ePyZpRIUmHCvVdZ1E+xmWmhFOpxUvVTTBZIQHtGuowBFVfjZLPkUnRumjMJbmCY1m6u+NDEdKTaLATOYZ1aKXi/953VSHV37GRJJqKsj8UJhypGOU14D6TFKi+cQQTCQzWREZYomJNmVVTAnu4peXSeus5l7U3Pvzav26qKMMR3AMp+DCJdThFhrQBAJjeIZXeLMy68V6tz7moyWr2DmEP7A+fwClhJOr</latexit>

g 2 RN

<latexit sha1_base64="OEEHn8COCfMNP/MH3OvOMOFZFvw=">AAAB/3icbVDLSsNAFL2pr1pfUcGNm2ARXJVERF0W3bgRqtgHNLFMppN26GQSZiZCiVn4K25cKOLW33Dn3zhps9DWAwOHc+7lnjl+zKhUtv1tlBYWl5ZXyquVtfWNzS1ze6clo0Rg0sQRi0THR5IwyklTUcVIJxYEhT4jbX90mfvtByIkjfidGsfEC9GA04BipLTUM/fcIVLpOHMpd0Okhr6f3mb31z2zatfsCax54hSkCgUaPfPL7Uc4CQlXmCEpu44dKy9FQlHMSFZxE0lihEdoQLqachQS6aWT/Jl1qJW+FURCP66sifp7I0WhlOPQ15N5Rjnr5eJ/XjdRwbmXUh4ninA8PRQkzFKRlZdh9akgWLGxJggLqrNaeIgEwkpXVtElOLNfniet45pzWnNuTqr1i6KOMuzDARyBA2dQhytoQBMwPMIzvMKb8WS8GO/Gx3S0ZBQ7u/AHxucPskeWiQ==</latexit>

ŷ 2 RM

<latexit sha1_base64="o/oMJ6sjMiT7HWsTXzUfoiGEDgo=">AAACBXicbVDLSsNAFJ3UV62vqEtdDBbBVUmKqMuiGzdKFfuAJobJdNIOnUzCzEQoIRs3/oobF4q49R/c+TdO2iy09cCFwzn3cu89fsyoVJb1bZQWFpeWV8qrlbX1jc0tc3unLaNEYNLCEYtE10eSMMpJS1HFSDcWBIU+Ix1/dJH7nQciJI34nRrHxA3RgNOAYqS05Jn7Ha/uUO6ESA19P73N7tMrR9GQSHideWbVqlkTwHliF6QKCjQ988vpRzgJCVeYISl7thUrN0VCUcxIVnESSWKER2hAeppypPe46eSLDB5qpQ+DSOjiCk7U3xMpCqUch77uzK+Vs14u/uf1EhWcuSnlcaIIx9NFQcKgimAeCexTQbBiY00QFlTfCvEQCYSVDq6iQ7BnX54n7XrNPqnZN8fVxnkRRxnsgQNwBGxwChrgEjRBC2DwCJ7BK3gznowX4934mLaWjGJmF/yB8fkDa2qYhw==</latexit>

W2 2 RM⇥N

<latexit sha1_base64="6ioPLjyjjCqMG/58fxbVSZV0OS8=">AAACEnicbVDLSsNAFJ3UV62vqEs3g0XQTUmKqBuh6MZlhb6giWUynbRDJ5MwMxFCyDe48VfcuFDErSt3/o2TNqC2HrhwOOfemXuPFzEqlWV9GaWl5ZXVtfJ6ZWNza3vH3N3ryDAWmLRxyELR85AkjHLSVlQx0osEQYHHSNebXOd+954ISUPeUklE3ACNOPUpRkpLA/PE8QXCqRMhoShi0BkjlSZZ9qOMssvuoH7XGphVq2ZNAReJXZAqKNAcmJ/OMMRxQLjCDEnZt61IuWn+LGYkqzixJBHCEzQifU05Coh00+lJGTzSyhD6odDFFZyqvydSFEiZBJ7uDJAay3kvF//z+rHyL9yU8ihWhOPZR37MoAphng8cUkGwYokmCAuqd4V4jHRGSqdY0SHY8ycvkk69Zp/V7NvTauOqiKMMDsAhOAY2OAcNcAOaoA0weABP4AW8Go/Gs/FmvM9aS0Yxsw/+wPj4BgYFnk0=</latexit>

@ŷ

@g
= WT

2



Recap: vector differentiation
Example 2: elementwise functions

<latexit sha1_base64="1JD4AJrhWi5kJ4jrLD6rC4H0WMQ=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8cW7Ae0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHssHM0nQj+hQ8pAzaqzUGPXLFbfqzkFWiZeTCuSo98tfvUHM0gilYYJq3fXcxPgZVYYzgdNSL9WYUDamQ+xaKmmE2s/mh07JmVUGJIyVLWnIXP09kdFI60kU2M6ImpFe9mbif143NeGNn3GZpAYlWywKU0FMTGZfkwFXyIyYWEKZ4vZWwkZUUWZsNiUbgrf88ippXVS9q6rXuKzUbvM4inACp3AOHlxDDe6hDk1ggPAMr/DmPDovzrvzsWgtOPnMMfyB8/kDz/GM8g==</latexit>

h



Recap: vector differentiation
Example 2: elementwise functions

<latexit sha1_base64="1JD4AJrhWi5kJ4jrLD6rC4H0WMQ=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8cW7Ae0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHssHM0nQj+hQ8pAzaqzUGPXLFbfqzkFWiZeTCuSo98tfvUHM0gilYYJq3fXcxPgZVYYzgdNSL9WYUDamQ+xaKmmE2s/mh07JmVUGJIyVLWnIXP09kdFI60kU2M6ImpFe9mbif143NeGNn3GZpAYlWywKU0FMTGZfkwFXyIyYWEKZ4vZWwkZUUWZsNiUbgrf88ippXVS9q6rXuKzUbvM4inACp3AOHlxDDe6hDk1ggPAMr/DmPDovzrvzsWgtOPnMMfyB8/kDz/GM8g==</latexit>

h



Recap: vector differentiation
Final hint: dimensions should always match up!



Summary

Linear models and MLPs

Gradient descent

Automatic differentiation, backpropagation

Computational graphs



Next Time

Convolutional neural networks

Building blocks of deep networks

Image processing with deep networks



References and Further Reading
slides adapted from Stanford CS231N: http://cs231n.stanford.edu/slides/

CS229/CS231n notes on linear classifiers
https://cs231n.github.io/linear-classify/
https://cs229.stanford.edu/notes2021fall/cs229-notes1.pdf

CS231n Notes on backprop
http://cs231n.stanford.edu/handouts/linear-backprop.pdf
https://cs231n.github.io/optimization-2/

Intro to pytorch autograd

https://pytorch.org/tutorials/beginner/blitz/autograd_tutorial.html

Extending pytorch autograd functions
https://pytorch.org/docs/stable/notes/extending.html



Extra backpropagation example
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