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Administrivia

* In Exam 1, many of you were caught by the “matrix police” doing illegal
linear algebra operations!! ©

Whenever you see or write a matrix-matrix or matrix-vector product, double
check to make sure the dimensions match.

e HWS3 duein less than 3 weeks
* No office hours next week due to spring break
* Project proposals due today on Gradescope & Google form



Neural Networks:
Recap



Supervised learning in one slide

Loss function: What is the right loss function for the task?

Representation: What class of functions should we use?

Optimization: How can we efficiently solve the empirical risk
minimization problem?

Generalization:  Will the predictions of our model transfer
gracefully to unseen examples?

All related! And the fuel which powers everything is data.




Loss function

For model which makes predictions f(a) on labelled datapoint (x,y), we can use the
following losses.

Regression:

Classification:

Lrerg ¢ Fr (@)=, (@)
((f(x),y) =In oFy (@) = In 1+Ze v

k#y

There maybe other, more suitable options for the problem at hand, but these are the
most popular for supervised problems.



Putting things together: a neural network

We now have a network:

each node is called a neuron
h is called the activation function

e can use h(a) = 1 for one neuron in each layer to
incorporate bias term

e output neuron can use h(a) = a

#layers refers to #hidden_layers (plus 1 or 2 for input/output
layers)

deep neural nets can have many layers and millions of
parameters

this is a feedforward, fully connected neural net, there
are many variants (convolutional nets, residual nets, re-
current nets, etc.)

input layer

hidden layer 1

hidden layer 2

output layer



Neural network: Definition

An L-layer neural net can be written as

fl@)=h.Wrh_1 (Wr_1---hy (Wix))).

Define
o W, € R¥>*di-1 ig the weights between layer £ — 1 and ¢
e dy =d,dy,...,d_are numbers of neurons at each layer
e a; € R is input to layer ¢

e 0, € R% is output of layer ¢

e h,:R% — R% is activation functions at layer ¢

input layer hidden layer 1 hidden layer 2 output layer

Now, for a given input @, we have recursive relations:

00:ZB,ae:WgOg_l,Og:hg(ag), (521,...,L).



Optimization

Our optimization problem is to minimize,
1 n
FWq,..., W)= — FEWq,..., W
(W L) = ; (W L)

where
1f (i) —yll3 for regression

In (1 + Zk#y, efr(@i)—fy; (‘”i)) for classification

(2

F,L'(Wl, .. .,WL) — {
How to solve this? Apply SGD!

To compute the gradient efficiently, we use backpropogation. More on this soon.



Computing gradients efficiently using Backprop

To run SGD, need gradients of F;(W,..., W) with respect to all the weights in all
the layers. How do we get the gradient?

Here’s a naive way to compute gradients. For some function F'(w) of a univariate
parameter w,

dF (w) — lim Fw+e€)— F(w—¢)
dw e—0 2¢




Backprop

Backpropogation: A very efficient way to compute gradients of neural networks using
an application of the chain rule (similar to dynamic programming).

Chain rule:

e for a composite function f(g(w))

af  0Of 9g
ow  Og Ow
e for a composite function f(g1(w), ..., gq(w))

df 0g;
Z dg; Ow

the simplest example f(g1(w), g2(w)) = g1(w)ga(w)



Backprop: Intuition




Neural Networks:
Diving deeper



Backprop: Derivation

Drop the subscript ¢ for layer for simplicity. For this derivation, refer to the loss
function on the ¢-th datapoint as F' (instead of F;) for convenience.

Find the derivative of I w.r.t. to w;;

OF  OF Oa;  OF O(wij0;) OF
ow; 8&2 ow; 8ai Ow ~ Oa;

oF oF @Oi . oF 8ak .
da;  Oo; Da; (zk: oay, 801> N (Z Oay, wk%) (@)
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Backprop: Derivation J/ > w0, o

Adding the subscript for layer:

For the last layer, for square loss

OF  O(hLi(aLs) — ym)?
= (e, (aL’) Ym) 22(hL,z'(aL,z')—ym)h/L,i(aL,z')

004_,@' 0aL,i

Exercise: try to do it for logistic loss yourself.



A= al?

A(,; G C(;‘;

Using matrix notation greatly simplifies presentation and implementation:

1=
O,

- or
3E day

30(

where v1 o vo = (V11V21, -+ , U1qU2q) 18

product).

Verify yourself!

aF aF O}_l c RdEXdﬂ—l

Backprop: Derivation

8Wg N 8&@

{

(W52 ) o hi(ar)

if ¢ <L

2(hi(aL) — Ym) o h (aL) else

dyv &
/'\__.
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the element-wise product (a.k.a. Hadamard
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The backpropagation algorithm (Backprop)

Initialize W, ..., W randomly. Repeat:
1. randomly pick one data point i € [n)]
2. forward propagation: for each layer / =1,...,L
e compute ay = W,0y_1 and oy, = hy(ay) (0g = x;)
3. backward propagation: foreach/ = L,...,1
e compute

Ay

2(hi(aL) —y;) oh{(a.) else

OF, (W}Ha@i) oh(ay) iff<L
8Cl,g

e update weights

OF; OF;
—navw =W;—n 0}—1

Wg < Wg 8015

(Important: should Wy be overwritten immediately in the last step?)

input layer

hidden layer 1

hidden layer 2

output layer



Demo

Input Neuron . RelLU Neuron. Linear Neuron .

R Backprop Explainer
- 0 + low high  lower loss =

Control Center (@)

EPOCH: 0

R S R R
\ Learning Rate = 0.0001 0.001 0.003 0.005
\ Data Set e cos tanh

Layer + =

A

https://xnought.github.io/backprop-explainer/



https://xnought.github.io/backprop-explainer/

Non-saturating activation functions

L Sigmoid activation function Activation functions
1.0 === mmm e e oo
0.8 4 ’
Saturating
0.6
0.4 4
Saturating
0.2 Linear
, ,/ —— Sigmoid
0.0 < e -== Tanh
/ “l0Fm——————— T —.— RelU
-0.2 - - . . . . : . .
-4 -2 0 2 4 -4 -2 0 2 4
(a) (b)

Figure 13.2 from PML



Modern networks are huge, and training can take time

Training Compute of Notable Al Systems

le+07
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Year Sources: OpenAl "Al and Compute" (2018), Epoch Al database, model papers
Note: 1 pfs-day = 10** FLOP/s x 86,400s = 8.64 x 10* FLOP

(from 2018, https://openai.com/blog/ai-and-compute/) ..since 2012, the amount of compute used in the largest Al training
runs has been increasing exponentially with a 3.4-month doubling time (by comparison, Moore’s Law had a 2-year doubling
period). Since 2012, this metric has grown by more than 300,000x (a 2-year doubling period would yield only a 7x increase).



https://openai.com/blog/ai-and-compute/

Modern
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https://huggingface.co/blog/large-language-models

Test Loss

networks are huge, and training can take time

4.2
6 —— L=(D/5.4-1013)700% | 5.6 —— L=(N/8.8-1013)70:076
5 3.9 4.8
P G 4.0
R 32
3
3.0
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Compute Dataset Size Parameters
PF-days, non-embedding tokens non-embedding

Figure 1 Language modeling performance improves smoothly as we increase the model size, datasetset
size, and amount of compute? used for training. For optimal performance all three factors must be scaled
up in tandem. Empirical performance has a power-law relationship with each individual factor when not
bottlenecked by the other two.

Scaling Laws for Neural Language Models [Kaplan et al.20]



https://huggingface.co/blog/large-language-models

Optimization: Variants on SGD

e mini-batch: randomly sample a batch of examples to form a stochastic gradient (common batch size: 32, 64,
128, etc.)



Mini-batch

Consider F(w) = Y., F;(w), where F;(w) is the loss function for the i-th datapoint.

Recall that any V F(w) is a stochastic gradient of F(w) if

E[VF(w)] = VF(w).

Mini-batch SGD (also known as mini-batch GD): sample S C {1,...,n} at random, and estimate

the average gradient over these batch of |S| samples:

VF(w) = |—;| z; VE;(w).

Common batch size: 32, 64, 128, etc.
With,  S:=( =5 Sup
. u |
Bd*(h §|3e_ st. u(h F‘i KA (DPU ”‘GW‘OSD



Optimization: Variants on SGD

e mini-batch: randomly sample a batch of examples to form a stochastic gradient (common batch size: 32, 64,
128, etc.)

e adaptive learning rate tuning: choose a different learning rate for each parameter (and vary this across itera-
tions), based on the magnitude of previous gradients for that parameter (used in Adagrad, RMSProp)



Adaptive learning rate tuning

“The learning rate is perhaps the most important hyperparameter.
If you have time to tune only one hyperparameter, tune the learning rate.”
-Deep learning (Book by Goodfellow, Bengio, Courville)

We often use a learning rate schedule.

piecewise constant exponential decay polynomial decay
1.00 A 1.0 1.0 1

0.95 4 0.8 1 0.8

0.90 1 064

0.6 4

0.85 4
0.4

0.4
0.80
0.2 1
0.75 1 021
0.0

0 20 40 60 80 1 0 20 40 60 80 1 0 20 40 60 80 100

(a) (b) (c)

Some common learning rate schedules (figure from PML)

Adaptive learning rate methods (Adagrad, RMSProp) scale the learning rate of each parameter based
on some moving average of the magnitude of the gradients.



Optimization: Variants on SGD

mini-batch: randomly sample a batch of examples to form a stochastic gradient (common batch size: 32, 64,
128, etc.)

adaptive learning rate tuning: choose a different learning rate for each parameter (and vary this across itera-
tions), based on the magnitude of previous gradients for that parameter (used in Adagrad, RMSProp)

momentum: add a “momentum” term to encourage model to continue along previous gradient direction



Momentum

“move faster along directions that were previously good, and to slow down along directions where
the gradient has suddenly changed, just like a ball rolling downhill.” [PML]

Initialize wq and (velocity) v = 0
Fort=1,2,...
e cstimate a stochastic gradient g,
e update v < av + g, for some discount factor o € (0, 1)

e update weight w; < w;_1 — nv

Updates for first few rounds:

® Wi = Wy — NG,

® Wy = Wi —ang, —1ngs,

o w3 =wsy — a’ng,; — ang, — ngs V=

2
A gy Y ge vgs



Momentum

Why Momentum Really Works

Step-size a = 0.02
 J

Momentum B = 0.99

GABRIEL GOH
UC Davis

April. 4
2017

We often think of Momentum as a means of dampening oscillations
and speeding up the iterations, leading to faster convergence. But it
has other interesting behavior. It allows a larger range of step-sizes
to be used, and creates its own oscillations. What is going on?

Citation:
Goh, 2017

https://distill.pub/2017/momentum/



https://distill.pub/2017/momentum/

Optimization: Variants on SGD

mini-batch: randomly sample a batch of examples to form a stochastic gradient (common batch size: 32, 64,
128, etc.)

adaptive learning rate tuning: choose a different learning rate for each parameter (and vary this across itera-
tions), based on the magnitude of previous gradients for that parameter (used in Adagrad, RMSProp)

momentum: add a “momentum” term to encourage model to continue along previous gradient direction

Many other variants and tricks such as batch normalization: normalize the inputs of each layer over the mini-
batch (to zero-mean and unit-variance; like we did in HW1)



Optimizatipn: Initialization

For convex problems, initialization does not matter It can make a difference for non-convex problems

For convex problems, you could just initialize at 0
Initializing neural network at all-zeroes is not good, gradients for all weights in a layer will be the same.

To break symmetry, do random initialization (various default schemes)



Generalization: Preventing Overfitting

Overfitting can be a major concern since neural nets are very powerful.

Methods to overcome overfitting:
e data augmentation
e regularization

e dropout

early stopping



Preventing overfitting: Data augmentation

The best way to prevent overfitting? Get more samples.
What if you cannot get access to more samples?

Exploit prior knowledge to add more training data:
Affine Elastic

Distortion Noise Deformation

> Horizontal Random
flip Translation

Hue Shift




Preventing overfitting: Regularization & Dropout

We can use regularization techniques such as /5 regularization.
{5 regularization: minimize

GWy,..., W) =FWy,... W) +x Y

all weights w
1n network

A very popular technique is Dropout. Here, we independently delete each neuron with
a fixed probability (say 0.1), during each iteration of Backprop (only for training, not

for testing)
Py ®
\NeZAN,
AN
0 N

AL VAL
WX WK

.».cs;o.« XXX

Y SN ,‘
\' 4\‘) S \' o\.‘s & ’
(ORD ' ORI
£ @
X I\v‘/ﬁi Iw/
J/ \\ l" ‘\\

Very effective and popular in practice!



Preventing overfitting: Early stopping

Stop training when the performance on validation set stops improving

/ Early stopping
0.20

| I I
e—e 'Training set loss

0.15 —— Validation set loss |-

e
’_\
o

Loss (negative log-likelihood)
o
o
&t

0 50 100 150 200 250
Time (epochs)



o e TG
There are blg mysterl 13 about how and why deep IeaIrnmg works




Neural networks: Summary

Deep neural networks
e are hugely popular, achieving best performance on many problems
e do need a lot of data to work well
e can take a lot of time to train (need GPUs for massive parallel computing)
e take some work to select architecture and hyperparameters

e are still not well understood in theory



Convolutional
Neural Networks



Acknowledgements

Not much math in this part, but there’ll be empirical intuition (and cat pictures ©)

The materials in this part borrow heavily from the following sources:

e Stanford’s CS231n: http://cs231n.stanford.edu/

* Deep learning book by Goodfellow, Bengio and Courville: http://deeplearningbook.org

Both website provides a lot of useful resources: notes, demos, videos, etc.


http://cs231n.stanford.edu/
http://deeplearningbook.org/

Image Classification: A core task in Computer Vision

(assume given set of discrete labels)
{dog, cat, truck, plane, ...}

> cat

This image by Nikita is
licensed under CC-BY 2.0

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 2- 6 April 6, 2017



The Problem: Semantic Gap

This image by Nikita is
licensed under CC-BY 2.0

Fei-Fei Li & Justin Johnson & Serena Yeung
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87]
85]
85]
94]
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72 791
112 99]
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69 84]]

What the computer sees

An image is just a big grid of
numbers between [0, 255]:

e.g. 800 x 600 x 3
(3 channels RGB)

Lecture2- 7

April 6, 2017




Challenges: Viewpoint variation

i . e [(105 112 108 111 104 99 106 99 96 103 112 119 104 97 93 87]

2 [ 91 98 102 106 104 79 98 103 99 105 123 136 110 105 94 85]
3 [ 76 85 90 105 128 105 87 96 95 99 115 112 106 103 99 85]
= d [99 81 81 93120 131 127 100 95 98 162 99 96 93 101 94]
(106 91 61 64 69 91 88 B85 101 107 109 98 75 84 96 95]
[114 108 85 55 55 69 64 54 64 87 112 129 98 74 84 91]
(133 137 147 103 65 81 80 65 52 54 74 84 102 93 85 82]
[128 137 144 140 109 95 86 70 62 65 63 63 60 73 86 101]
[125 133 148 137 119 121 117 94 65 79 80 65 54 64 72 98]
[127 125 131 147 133 127 126 131 111 96 89 75 61 64 72 84]
[115 114 109 123 150 148 131 118 113 109 100 92 74 65 72 78]
[ 89 93 90 97 108 147 131 118 113 114 113 109 106 95 77 8]
[63 77 86 81 77 79 162 123 117 115 117 125 125 130 115 87]
131 119]
110 118]
105 112]
102 107]
102 109]
99 94]
69 86]
72 79]
112 99]
92 107]
69 84]]

All pixels change when
the camera moves!

This image by Nikita is
licensed under CC-BY 2.0

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 2- 8 April 6, 2017




Challenges: lllumination

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 2- 9 April 6, 2017




Challenges: Deformation

This image by Umberto Salvagnin This image by Umberto Salvagnin This image by sare bear is ‘T_h\S imzquengéjggw_;\f{lazw ig
is licensed under CC-BY 2.0 is licensed under CC-BY 2.0 licensed under CC-BY 2.0 icense

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 2- 10 April 6, 2017




Challenges: Occlusion

This image by jonsson is licensed

This image is CCO 1.0 public domain This image is CCO 1.0 public domain under CC-BY 2.0

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 2 - 11 April 6, 2017




Challenges: Background Clutter

This image is CCO 1.0 public domain This image is CCO 1.0 public domain

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 2 - 12 April 6, 2017




Challenges: Intraclass variation

This image is CC0 1.0 public domain

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 2- 13 April 6, 2017




An image classifier

def classify_image(image):
# Some magic here?

return class_label

Unlike e.g. sorting a list of numbers,

no obvious way to hard-code the algorithm for
recognizing a cat, or other classes.

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 2 - 14 April 6, 2017



Attempts have been made

Find corners

-\ <ND

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 2- 15 April 6, 2017




Data-Driven Approach

1. Collect a dataset of images and labels
2. Use Machine Learning to train a classifier
3. Evaluate the classifier on new images

Example training set

def train(images, labels):
# Machine learning!
return model

def predict(model, test_images):
# Use model to predict labels
return test_labels

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 2 - 16 April 6, 2017



The challenge

How do we train a model that can do well despite all these variations?
The ingredients:
* A lot of data (so that these variations are observed).

* Huge models with the capacity to consume and learn from all this data (and the
computational infrastructure to enable training)

What helps:

* Models with the right properties which makes the process easier (goes back to our
discussion of choosing the function class).



The problem with standard NN for image inputs

T —
Fully Connected Layer ;
2
32x32x3 image -> stretch to 3072 x 1 -
, input W , activation
1] ) —> oxaore > 1[0 )
3072 weights / 10
1 number:

the result of taking a dot product
between a row of W and the input
(a 3072-dimensional dot product)

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 5-27  April 18, 2017




The task is as easy, or rather as difficult, for a fully-
connected network even if | shuffle the pixels.
Is this okay?

A shuffling/ permutation
of the pixels

>




Solution: Convolutional Neural Net (ConvNet/CNN)
A special case of fully connected neural nets.

Usually consist of convolution layers, ReLU layers, pooling layers,
and regular fully connected layers
Key idea: learning from low-level to high-level features

7

g — TRUCK

— VAN

— P —

=T

.’\ i D I:] — BICYCLE

o

FULLY
INPUT CONVOLUTION + RELU POOLING CONVOLUTION + RELU POOLING FLATTEN e SOFTMAX
FEATURE LEARNING CLASSIFICATION

Figure from https://blog.floydhub.com/building-your-first-convnet/



2-D Convolution 90 + 11 +32443

bl
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Figure 14.5: Illustration of 2d cross correlation. Generated by conv2d jaz.ipynb. Adapted from Figure 6.2.1
of [Zha+20].

Single
filter

Figure 14.6: Convolving a 2d image (left) with a 3 x 3 filter (middle) produces a 2d response map (right).
The bright spots of the response map correspond to locations in the image which contain diagonal lines sloping
down and to the right. From Figure 5.8 of [Chol7]. Used with kind permission of Francois Chollet.

Figures from PML



3-D Convolution

Input Kernel Input Kernel Output
1123
112
. 4 | 5|6 | *
. N\’j/ ‘S [T T1- 3|4
The 012 3 7189 56 | 72
[ % [0 = + =
3*-;&7, QL\ 3|4 59— > | 3 TE = 104 {120
S 6|78 H
\row® 3|4|5]|*
(2 ° 1E
6|17 |8

Figure 14.9: Illustration of 2d convolution applied to an input with 2 channels. fFfenerated by conv2d_jaz.ipynb.
Adapted from Figure 6.4.1 of [Zha+20).

add up e seadt
+s’w Ye 4wo dronnels

Figure from PML



Convolution Layer

32x32x3 iImage -> preserve spatial structure

32 height

3 depth

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 5-28  April 18, 2017



Convolution Layer

32x32x3 Image

ox5x3 filter
32 L/
I Convolve the filter with the image
l.e. “slide over the image spatially,

computing dot products”

32

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 5-29  April 18, 2017



COnVOI UtIOn I—ayer Filters always extend the full
_——— depthoftheinput volume

32x32x3 Image /
ox5x3 filter
32 L/
I Convolve the filter with the image
l.e. “slide over the image spatially,

computing dot products”

32

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 5-30  April 18, 2017



Convolution Layer
__— 32x32x3 image

5x5x3 filter w
=
the result of taking a dot product between the

filter and a small 5x5x3 chunk of the image

32 (i.e. 5*5*3 = 75-dimensional dot product + bias)

] wiz+b

~~ 1 number:

April 18, 2017

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 5 - 31




Convolution Layer

activation map

__— 32x32x3 image

5x5x3 filter /
2
@>@ ”

convolve (slide) over all

spatial locations
32 28

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 5-32  April 18, 2017



Convolution Layer consider a second, green filter

_— 32x32x3 image activation maps

5x5x3 filter %
=
@>@ 78

convolve (slide) over all

spatial locations
32 / 28

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 5-33  April 18, 2017



For example, if we had 6 5x5 filters, we’ll get 6 separate activation maps:

32

32

3

Convolution Layer

activation maps

A

28

We stack these up to get a “new image” of size 28x28x0!

Fei-Fei Li & Justin Johnson & Serena Yeung

Lecture 5 -34 April 18, 2017



Preview: ConvNet is a sequence of Convolution Layers, interspersed with
activation functions

32 28

CONYV,
RelLU
e.g. 6
oX5x3
filters

32 28

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 5-35  April 18, 2017




Preview: ConvNet is a sequence of Convolutional Layers, interspersed with
activation functions

32

32

CONYV,
RelLU
e.g. 6
oX5x3
filters

28

28

CONYV,
RelLU
e.g. 10
oX5X6
filters

24

CONV,
RelLU

24

10

Lecture 5 - 36 April 18, 2017

Fei-Fei Li & Justin Johnson & Serena Yeung



Visualization of VGG-16 by Lane Mclntosh. VGG-16
architecture from [Simonyan and Zisserman 2014].

Preview [Zeiler and Fergus 2013]

Linearly
separable
classifier

Low-level Mid-level High-level
features features features

&

VGG-16 Conv1_

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 5-37  April 18, 2017



Understanding spatial dimensions of Conv layer

A closer look at spatial dimensions:

7

/X7 input (spatially)
assume 3x3 filter

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 5 -42 April 18, 2017



A closer look at spatial dimensions:

14

/X7 input (spatially)
assume 3x3 filter

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 5-43  April 18, 2017



A closer look at spatial dimensions:

14

/X7 input (spatially)
assume 3x3 filter
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A closer look at spatial dimensions:

14

/X7 input (spatially)
assume 3x3 filter
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A closer look at spatial dimensions:

14

OOB®\|G) 7x7 input (spatially)
assume 3x3 filter

=> 5x5 output
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A closer look at spatial dimensions:

14

/X7 input (spatially)
assume 3x3 filter
applied with stride 2
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A closer look at spatial dimensions:

14

/X7 input (spatially)
assume 3x3 filter
applied with stride 2
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A closer look at spatial dimensions:

! /X7 input (spatially)
O & |® assume 3x3 filter
applied with stride 2
(2) => 3x3 output!
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A closer look at spatial dimensions:

/X7 input (spatially)
® ©, 3/ assume 3x3 filter
applied with stride 3?
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A closer look at spatial dimensions:

14

/X7 input (spatially)
assume 3x3 filter
applied with stride 3?

I doesn’t fit!
cannot apply 3x3 filter on
/X7 input with stride 3.
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Fei-Fei Li & Justin Johnson & Serena Yeung

Output size:
(N - F) / stride + 1

eg.N=7F=3:

stride 1 =>(7-3)/[1+1=

stride 2=>(7-3)/2+1=

stride 3=>(7-3)/3+1 =233\

Lecture 5 - 52 April 18, 2017




In practice: Common to zero pad the border

00

0

0

0

0

Fei-Fei Li & Justin Johnson & Serena Yeung

e.g. input 7x7
3x3 filter, applied with stride 1
pad with 1 pixel border => what is the output?

(3«33/ |+ - F

(recall:)
(N - F)/ stride + 1
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In practice: Common to zero pad the border

0/(0(0]0|0]O0

e.g. input 7x7
0 3x3 filter, applied with stride 1
0 pad with 1 pixel border => what is the output?
0

7x7 output!
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In practice: Common to zero pad the border

0/(0(0]0|0]O0

e.g. input 7x7
0 3x3 filter, applied with stride 1
0 pad with 1 pixel border => what is the output?
0

7x7 output!

in general, common to see CONV layers with
stride 1, filters of size FxF, and zero-padding with
(F-1)/2. (will preserve size spatially)
e.g. F =3 => zero pad with 1 4P A
F =5 => zero pad with 2 (N >F @,Smh H
F =7 =>zero pad with 3 (N+FAAF) +1
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Examples time: / /

Input volume: 32x32x3
10 5x5 filters with stride 1, pad 2 i

<
<

Output volume size: ?
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Examples time: / /

Input volume: 32x32x3
10 5x5 filters with stride 1, pad 2 _/

Output volume size:
(32+272-5)/1+1 = 32 spatially, so
32x32x10
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Examples time: / /

Input volume: 32x32x
10 5x5 filters with stride 1, pad 2 _/

Number of parameters in this layer?
each filter has 5*5*3 + 1 = 76 params  (+1 for bias)
=> /610 =760
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Summary for convolutional layer

Input: a volume of size Wy x Hy X D,

Hyperparameters:
e K filters of size F' X F'
e stride S

e amount of zero padding P (for one side)

Output: a volume of size W5 x Hy X Dy where
e Wo=W1+2P—-F)/S+1
e Hy=(H,+2P—-F)/S+1
e Dy =K

#parameters: (F' x F' x D; + 1) x K weights
Common setting: ' =3, S =P =1



Demo time

CNN EXPLAINER Learn Convolutional Neural Network (CNNJ in your browser!
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What is a Convolutional Neural Network?

https://poloclub.github.io/cnn-explainer/



https://poloclub.github.io/cnn-explainer/

Connection to fully connected networks

A convolutional layer is a special case of a fully connected layer:
filter = weights with sparse connection

Local Receptive Field Leads to
Sparse Connectivity (affects less)

cor?r?eacrzﬁce)ns @ @-'Dokfpul-

due to small
convolution

kernel 6 Q ° G ° ~Sinput

Dense
connections

Figure from Goodfellow’16



Connection to fully connected networks

A convolutional layer is a special case of a fully connected layer:
filter = weights with sparse connection

Sparse connectivity: being
affected by less

NS ONORONONO

due to small
convolution
kemel (=) ) @ @ &)

Dense
connections

Figure 9.3 (Goodlten 201 Figure from Goodfellow’16



Connection to fully connected networks

A convolutional layer is a special case of a fully connected layer:
filter = weights with sparse connection and parameter sharing

Parameter Sharing

Convolution @
shares the same

parameters
across all spatial

locations

Traditional @ @ @ ‘ @

maitrix

multiplication
does not share @ @ ‘ @
any parameters

Figure 9.5 (Condeton 2016

Figure from Goodfellow’16



Connection to fully connected networks

A convolutional layer is a special case of a fully connected layer:
filter = weights with sparse connection and parameter sharing

Much fewer parameters! Example (ignoring bias terms):

——

\
FC Iayer: (32 x 32 x 3) X (28 X 28) = 2.4M 32 432 43 ‘ < 28+ 2R
Conv layer:5x5x3 =75

32x32x3 image

/ 5x5x3 filter
=
@>@ a

convolve (slide) over all

spatial locations
A 28

N

w|



Another element: Pooling

Pooling layer
- makes the representations smaller and more manageable
- operates over each activation map independently:

224x224x64
112x112x64

pool

—_—

> o 112
224 downsampling

112
224

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 5-72

April 18, 2017




Another element: Pooling

Similar to a filter, except

* depthisalways 1

* different operations: average, L2-norm, max
* no parameters to be learned

Max pooling with 2 x 2 filter and stride 2 is very common

Input Output
01| 2

2 x 2 Max 4195
31415 )

Pooling 7| 8
6|78

Figure 14.12: Illustration of mazxpooling with a 2z2 filter and a stride of 1. Adapted from Figure 6.5.1 of
[Zha+20].

Figure from PML



Finishing things up...

Typical architecture for CNNs:
Input — [[Conv — ReLU]*N — Pool?]*M — [FC — ReLU]*Q — FC

Common choices: N <5, Q <2, Mis large

How do we learn the filters/weights?

Essentially the same as fully connected NNs: apply SGD/backpropagation



Demo time

CNN EXPLAINER Learn Convolutional Neural Network (CNNJ in your browser!
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A breakthrough result

ImageNet Classification with Deep Convolutional

Neural Networks
Alex Krizhevsky Ilya Sutskever Geoffrey E. Hinton
University of Toronto University of Toronto University of Toronto

kriz@cs.utoronto.ca ilya@cs.utoronto.ca hinton@cs.utoronto.ca

Abstract

We trained a large, deep convolutional neural network to classify the 1.2 million
high-resolution images in the ImageNet LSVRC-2010 contest into the 1000 dif-
ferent classes. On the test data, we achieved top-1 and top-5 error rates of 37.5%
and 17.0% which is considerably better than the previous state-of-the-art. The
neural network, which has 60 million parameters and 650,000 neurons, consists
of five convolutional layers, some of which are followed by max-pooling layers,
and three fully-connected layers with a final 1000-way softmax. To make train-
ing faster, we used non-saturating neurons and a very efficient GPU implemen-
tation of the convolution operation. To reduce overfitting in the fully-connected
layers we employed a recently-developed regularization method called “dropout”
that proved to be very effective. We also entered a variant of this model in the
ILSVRC-2012 competition and achieved a winning top-5 test error rate of 15.3%,
compared to 26.2% achieved by the second-best entry.



—eeallny)

Stride

P55

“of 4

3

48

A breakthrough result

128

Max
pooling

27

128

EN N
3 [-X S\ M T /
:_\._..-_.__ N ’ 3 el -
2, 155 155 128 2048 2048
AN 13 : 13
N1\
EN c | | "
13 TEE : 13 dense’| |dense
192 192 128 Max | -
" pooling 2048 2048
pooling

dense

1000

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.

Figure from Krizhevsky et al.”12



