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Reminders

* Homework 5: Neural Networks
— Out: Fri, Mar 1
— Due: Fri, Mar 22 at 11:59pm

* Today’s In-Class Poll

— http://p14.micourse.org
e Office hours: “HW-X |/ General”




Q&A

Do | need to know Matrix Calculus to derive the
backprop algorithms used in this class?

No. We’ve carefully constructed our assignments so
that you do not need to know Matrix Calculus.

That said, it’s kind of handy.



Matrix Calculus

Numerator
Ty p € .O f scalar vector matrix
Derivatives
Lety, x € Rbescalars,
y € R andx € RP 0y 8_)’ oY
be vectors, and scalar a.-.
Y € RMXN gnd X € Oz Oz Oz
RE*Q be matrices
Oy | Oy | 0Y
vector —— — _—
L ox | Ox | 0Ox
©)
:
% matrix @ 8_y 8_Y
QO
0X | 00X @ 0X




Matrix Calculus

Types O
y p ,f scalar
Derivatives
8@/ oy
scalar — %]
ox
- oy
8331
5 o
ox
vector 9y _2
Ox :
Oy
| Oz p
- _Oy 9y 0y T
0X1, 0Xio 0X10
. Oy Oy Oy
matrix 0y 9Xz1) 0Xzs 9X20
0X : :
Oy Oy Oy
| 9Xp1  OXpo 90X po 4




Matrix Calculus

Types of

.. scalar vector
Derivatives
| W _roy) D _rom ow oy ]
scatar Or Loz Or T ox ox
| f;'?_y - Oy Oy2 Oyn |
83:;1 8:131 8331 8331
O 5o Oy1 Oy2 OynN
oy _ | 9=z oy s o i
vector 8X . 8_x
({)c'?_y Oy1 Oy2 OynN
TP - 83313 3:131:) 8:1313 N




Matrix Calculus

): Cew\w‘em Vecl-or D&n\ﬂ-l'n\/e S
Let igglz VXS;(?S b Y vechs Jah\tw,'w{ 5 ;r/ BQ]RMX"

. xeR"
S-c« Lr Dmh‘i’hc \}e Ju- @en\/«}wg
ILuUREs s T
bx — 4 B — B
Xy — % xb — b
XT = 2x XT) —> 2x
!sz —> Dx X Bx — 28x

o © syw«n—-«-—"—nz



Matrix Calculus

Question:
Suppose y = g(u) and u = h(x)
y
A
g
u
A
h
X

Which of the following is the
correct definition of the chain rule?

Recall: '%'
oy |
ox

By
_3$P_
Answer:

ox

oy

8x:

oy o
ou 0x

0y 0u
ou 0x
oy ou”
ou 0x
oy"ou”
ou 0x
2y 0u g
ou 0x

None of the above



BACKPROPAGATION



Training Backpropagation

Chalkboard

— Example: Backpropagation for Chain Rule #1

Differentiation Quiz #1:

Suppose x = 2 and z = 3, what are dy/dx and dy/dz for the
function below? Round your answer to the nearest
integer.

Tz sin(log(x))

y = exp(2) A log(x) I Xz




Training Backpropagation

Chalkboard
— SGD for Neural Network
— Example: Backpropagation for Neural Network



Training Backpropagation

Automatic Differentiation — Reverse Mode (aka. Backpropagation)

Forward Computation

1.

Write an algorithm for evaluating the function y = f(x). The algorithm defines a
direc;,e’()i acyclic graph, where each variable is a node (i.e. the “computation
grap

Visit each node in topological order.

For variable u, with inputs v,,..., vy

a. Compute u,=g(v,..., Vy)

b. Store the result at the node

Backward Computation (Version A)

1.
2

Initialize dy/dy = 1.

Visit each node v; in reverse topological order.

Let u,..., uy denote all the nodes with v;as an input

Assuming that y = h(u) = h(u,,..., uy)

and u = g(v) or equivalently u; = g(v,,..., Vj,..., vy) for all i

a. We already know dy/du; for all i

b. Compute dy/dv; as below (Choice of algorithm ensures computing

(dui/de) is easy5 dy M dy du;

%j -~ i1 dui d’Uj

Return partial derivatives dy/du;for all variables



Training Backpropagation




Training Backpropagation

Why is the backpropagation algorithm efficient?

1.

Reuses computation from the forward pass in
the backward pass

Reuses partial derivatives throughout the
backward pass (but only if the algorithm reuses
shared computation in the forward pass)

(Key idea: partial derivatives in the backward

pass should be thought of as variables stored
for reuse)

14



Training SGD with Backprop

Example: 1-Hidden Layer Neural Network

Algorithm 1 Stochastic Gradient Descent (SGD)

1: procedure SGD(Training data D, test data D;)
2 Initialize parameters «, 3

3 fore € {1,2,...,E}do

4: for (x,y) € Ddo
5:
6
7

Compute neural network layers:
o = object(x,a,b,z,y,J) = NNFORWARD (X, y, &, 3)
Compute gradients via backprop:

8a = vocJ

8: = NNBACKWARD(X,y, &, 3, 0)
gs = VpJ

o: Update parameters:

10: QA a— Vga

11: B—pB—gs

12: Evaluate training mean cross-entropy Jp (o, 3)

13: Evaluate test mean cross-entropy Jp, (a, 3)

14: return parameters o, 3




Training Backpropagation

Simple Example: The goal is to compute J = cos(sin(z?) + 322)

on the forward pass and the derivative j—i on the backward pass.
Forward
J = cos(u)

U = Ui + U9

up = sin(t)




Training

Simple Example:

Backpropagation

The goal is to compute J = cos(sin(z?) + 3z°)

on the forward pass and the derivative fi—i on the backward pass.

Forward

J = cos(u)
U = Ui + U9

up = sin(t)

Backward
Z—i += —sin(u)
0, dJdu e A dTdu du
du1 du duy’  dug duo du dus’  dus
ﬂ += d—J% % = cos(t)
dt dui dt = dt
A, Al du du
dt dus dt = dt
dJ dJ dt dt
21

—_— = — — — =
dx dt dx’ dx



Training

Case 1:
Logistic
Regression

Forward

J =y logy + (1 - y") log(1 — y)

1
YT+ exp(—a)

D
a=) bz
j=0

Backpropagation

Backward

dJ * 1 — o
_y d-y)

dy y y — 1

dJ . dJ dy dy _ exp(—a)

df; — da df;’ do;

dr;  dadzx;’ dz;

da dyda’ da  (exp(—a)+1)2
dJ dJ da da

103

dJ _dJ da da

=0,



Training Backpropagation

[ (E) Output (sigmoid)
1

Output Y= 14+exp(—b)

?

[ (D) Output (linear)
b=3;"0 Bz

Hidden Layer

?

vj

Zj:

[ (C) Hidden (sigmoid)
1

14exp(—a;)’

?

(B) Hidden (linear)
aj = 3,00 @jiti, U

?

(A) Input
Given Zi, \]




Training Backpropagation

(F) Loss
J=5(y—y*)’
?

[ (E) Output (sigmoid)
1

Output Y = TFexp(=b)

?

[ (D) Output (linear)
b=3"1"0B)%

Hidden Layer

?

vj

Zj:

[ (C) Hidden (sigmoid)

14+exp(—aj)’

?

(B) Hidden (linear)
aj = 3,00 Qjitis U

?

(A) Input
Givenz;, Vi

20



Training Backpropagation

Case 2: Forward Backward
Neural * * dJ y* (1 o y*)
Network y* logy + (1 —y*)log(l —y) T
B 1 dJ dJdy dy exp(—b)
YT T ¥ exp(=b) db ~ dydb’ db  (exp(—b) +1)2
D
dJ dJ db db
b = BZ —_— = , = 2
jz::O 7 dg;  dbdp;’ dp;
dJ dJ db db _ 5
de B db de’ de B
L 1 dJ dJdzj dz;  exp(—ay)
7 14 exp(—ay) da; dzjda;’ da; (exp(—a;) + 1)
M
B dJ  dJ da; da;
aj B ZO{J@% dozji - daj dOéjZ'7 dOéjZ' —
1=0

Z dJ da; da;
daj dz;’ dz;

dscz




Training
Cace o Forward
Loss J=y"logy+ (1 -

Sigmoid

Linear

Sigmoid

Linear

1
YT T+ exp(—b)
D
b = Zﬁjzj
71=0
1
o =
7 1+ exp(—ay)
M
aj = Z Oéji$z
1=0

Backpropagation

y*)log(1 — y)

Backward
dJ y* (1—y*
_y -y
dy y y—1
dJ dJdy dy exp(—b)
db dydb’ db  (exp(—b)+1)2
d4J _dJdb db _
dp; — dbdp;’ dp;
dJ dJ db db
— — /Bj

de - db de’ de
dJ dJdz; dz; = exp(—ay)

da;  dzjda;’ da;  (exp(—a;) + 1)2

dJ  dJ da; da,
dOéj,L' - dCLj dOéji’ dOéjz'

Z dJ da; da;
daj dz;’ dxz;

dxz



Derivative of a Sigmoid

First suppose that
1
°T + exp(—b) (1)
To obtain the simplified form of the derivative of a sigmoid.
ds B exp(_b)
B~ op(b)+ 17 @
 exp(-b)+1-1
" (exp(—b) +1+1—1)2 3)
_exp(—b)+1-1
~ (exp(—b) +1)2 (4)
_exp(=bh)+1 1 -
~ (exp(=b)+1)2  (exp(—b) +1)2 5
- AT ; (6)
(exp(=b) +1)  (exp(—b) + 1)2
1 1 1
- (exp(—b) + 1) B ((exp(_b) +1) (exp(—b) + 1)) (7)
1 1
B (exp(—b) +1) (1 ~ (exp(—=b) + 1)) (8)

=l =) (©)



Training
Cace o Forward
Loss J=y"logy+ (1 -

Sigmoid

Linear

Sigmoid

Linear

1
YT T+ exp(—b)
D
b = Zﬁjzj
71=0
1
o =
7 1+ exp(—ay)
M
aj = Z ajimz
1=0

Backpropagation

y*)log(1 — y)

Backward
dJ y* (1—y*
_y -y
dy y y—1
dJ dJdy dy exp(—b)
db  dydb’ db  (exp(—b)+1)2
4J _dJdb db _
dp; — dbdp;’ dp;
dJ dJ db db
— — /Bj

de - db de’ de
dJ dJ dz; dz; = exp(—ay)

da;  dzjda;’ da;  (exp(—a;) +1)2

dJ  dJ da; da;
dOéji - dCLj dOéji’ dOéjz'

Z dJ da; da;
daj dz;’ dxz;

da:z



Training Backpropagation

Cace o Forward Backward
dJ _y  (1-y)
Loss J=y"logy+ (1 —y*)log(l—y = — +
(1—y)log(l—y) Z- ="+ —%
. 1 dJ dJdy dy_(l_)
Sigmoid Y7 T+ exp(—b) db _dydb db IV
D
dJ dJ db db
b= Biz; — = , — 2.
. ;0 7 dg; dbdp;’ dB; "’
Linear
d_J _dJ db db _ 5.
de a db de’ de —
. ‘ L 1 ﬂ_djdzj de_Z‘(l_Z_)
M
. dJ . dJ daj daj .
4= Zaﬂxl dajz- - daj dozji7 dOéjZ‘ e
. 1=0
Linear

dJ - dJ daj da;
diUi B - daj dil?i’ d:Uz
7=0




Training Backpropagation

Automatic Differentiation — Reverse Mode (aka. Backpropagation)

Forward Computation

1.

Write an algorithm for evaluating the function y = f(x). The algorithm defines a
direc;,e’()i acyclic graph, where each variable is a node (i.e. the “computation
grap

Visit each node in topological order.

For variable u, with inputs v,,..., vy

a. Compute u,=g(v,..., Vy)

b. Store the result at the node

Backward Computation (Version A)

1.
2

Initialize dy/dy = 1.

Visit each node v; in reverse topological order.

Let u,..., uy denote all the nodes with v;as an input

Assuming that y = h(u) = h(u,,..., uy)

and u = g(v) or equivalently u; = g(v,,..., Vj,..., vy) for all i

a. We already know dy/du; for all i

b. Compute dy/dv; as below (Choice of algorithm ensures computing

(dui/de) is easy5 dy M dy du;

%j -~ i1 dui d’Uj

Return partial derivatives dy/du;for all variables



Training Backpropagation




Training SGD with Backprop

Example: 1-Hidden Layer Neural Network

Algorithm 1 Stochastic Gradient Descent (SGD)

1: procedure SGD(Training data D, test data D;)
2 Initialize parameters «, 3

3 fore € {1,2,...,E}do

4: for (x,y) € Ddo
5:
6
7

Compute neural network layers:
o = object(x,a,b,z,y,J) = NNFORWARD (X, y, &, 3)
Compute gradients via backprop:

8a = vocJ

8: = NNBACKWARD(X,y, &, 3, 0)
gs = VpJ

o: Update parameters:

10: QA a— Vga

11: B—pB—gs

12: Evaluate training mean cross-entropy Jp (o, 3)

13: Evaluate test mean cross-entropy Jp, (a, 3)

14: return parameters o, 3







Summary

1. Neural Networks...

provide a way of learning features
are highly nonlinear prediction functions

(can be) a highly parallel network of logistic
regression classifiers

discover useful hidden representations of the
input

2. Backpropagation...

provides an efficient way to compute gradients

is a special case of reverse-mode automatic
differentiation



Backprop Objectives

You should be able to...

Construct a computation graph for a function as specified by an
algorithm

Carry out the backpropagation on an arbitrary computation graph

Construct a computation graph for a neural network, identifying all the
given and intermediate quantities that are relevant

Instantiate the backpropagation algorithm for a neural network

Instantiate an optimization method (e.g. SGD) and a regularizer (e.g.
L2) when the parameters of a model are comprised of several matrices
corresponding to different layers of a neural network

Apply the empirical risk minimization framework to learn a neural
network

Use the finite difference method to evaluate the gradient of a function

|dentify when the gradient of a function can be computed at all and
when it can be computed efficiently



DECISION BOUNDARIES OF
NEURAL NETWORKS



Example #1: Diagonal Band
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Example #3: Four Gaussians
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Example #1: Diagonal Band
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Example #1: Diagonal Band

Logistic Regression

35



Example #1: Diagonal Band

Tuned Neural Network (hidden=2, activation=logistic)
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Example #1: Diagonal Band

LR1 for Tuned Neural Network (hidden=2, activation=logistic)

Vvv
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Example #1: Diagonal Band

LR2 for Tuned Neural Network (hidden=2, activation=logistic)




Example #1: Diagonal Band

Tuned Neural Network (hidder=2, activation=logistic)
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Example #1: Diagonal Band

LR1 for Tuned Neural Network (hidden=2, activation=logistic)

Tuned Neural Network (hidden=2, activation=logistic)

Al
%
.
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Example #2: One Pocket
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Example #2: One Pocket

Logistic Regression |
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Example #2: One Pocket

Tuned Neural Network (hidder=3, activation=logistic)

43



Example #2: One Pocket

LR1 for Tuned Neural Network (hidden=3, activation=logistic)
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Example #2: One Pocket

LR2 for Tuned Neural Network (hidden=3, activation=logistic)
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Example #2: One Pocket

LR3 for Tuned Neural Network (hidden=3, activation=logistic)
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Example #2: One Pocket

Tuned Neural Network (hidden=3, activation=logistic)
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Example #2: One Pocket

LR1 for Tuned Neural Network (hidden=3, activation=logistic) LR2 for Tuned Neural Network (hidden=3, activation=logistic)
S
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Example #3: Four Gaussians
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Example #3: Four Gaussians

Logistic Regression
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Example #3: Four Gaussians

K-NN (k=5, metric=euclidean)
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Example #3: Four Gaussians

~Tuned Neural Network (hidden=2, activation=logistic)
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1ans

=logistic)

: Four Gaussi

Example #3

2, activation

(hidden

LR1 for Tuned Neural Network

-0.6 -0.4 -0.2 0.0

-0.8
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1ans
=logistic)

Four Gauss
(hidden=2, activation

LR2 for Tuned Neural Network

Example #3
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1ans

=logistic)

Four Gauss
(hidden=2,

Example #3

activation

Tuned Neural Network
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Example #4: Two Pockets
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Example #4: Two Pockets

Logistic Regression
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Example #4: Two Pockets

SVM (kernel=linear),
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Example #4: Two Pockets

 SVM (kernel=rbf, gamma==80.000000)
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Example #4: Two Pockets

K-NN (k=5, metric=euclidean)
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Example #4: Two Pockets

Tuned Neural Network (hidden=2, activation=logistic)
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Example #4: Two Pockets

Tuned Neural Network (hidden=3, activation=logistic)
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Example #4: Two Pockets

Tuned Neural Network (hidden=4, activation=logistic)
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Example #4: Two Pockets

Tuned Neural Network (hidden=10, activation=logistic)

64



Neural Networks Objectives

You should be able to...

Explain the biological motivations for a neural network

Combine simpler models (e.g. linear regression, binary
logistic regression, multinomial logistic regression) as

components to build up feed-forward neural network

architectures

Explain the reasons why a neural network can model
nonlinear decision boundaries for classification

Compare and contrast feature engineering with learning
features

Identify (some of) the options available when designing
the architecture of a neural network

Implement a feed-forward neural network



DEEP LEARNING



Deep Learning Outline

Background: Computer Vision
— Image Classification
— ILSVRC 2010 - 2016
— Traditional Feature Extraction Methods
— Convolution as Feature Extraction

Convolutional Neural Networks (CNNs)
— Learning Feature Abstractions

— Common CNN Layers:
* Convolutional Layer
* Max-Pooling Layer
* Fully-connected Layer (w/tensor input)
* Softmax Layer
* RelU Layer

— Background: Subgradient

— Architecture: LeNet

— Architecture: AlexNet
Training a CNN

— SGD for CNNs

— Backpropagation for CNNs



Why is everyone talking
about Deep Learning?

* Because alot of money is invested in it...

— DeepMind: Acquired by Google for $400
million
— DNNResearch: Three person startup

(including Geoff Hinton) acquired by Google
for unknown price tag

— Enlitic, Ersatz, MetaMind, Nervana, Skylab:

Deep Learning startups commanding millions
of VC dollars

* Because it made the front page of the
New York Times

Gssgle

&he New Aork Times




Why is everyone talking
about Deep Learning:

(iweos  Deep learning:
— Has won numerous pattern recognition

~—

("31980s competitions
& — Does so with minimal feature
(31990s engineering

—

%2006

/
\

—

(=Y, 2016
\

-




BACKGROUND: COMPUTER VISION



Example: Image Classification




IMSGENET i
o About Download

Not logged in. Login | Signup

. =]
Bird 2126 92.85% L‘_I

Warm-blooded egg-laying vertebrates characterized by feathers and forelimbs modified as wings pictures ngéjelﬂrtﬁg ggrdnet

| marine animal, marine creature, sea animal, sea creature (1)
v scavenger (1) Treemap Visualization Images of the Synset Downloads
- biped (0)
.- predator, predatory animal (1)
i larva (49)
- acrodont (0)
- feeder (0)
- stunt (0)
. chordate (3087)
| tunicate, urochordate, urochord (6)
- cephalochordate (1)
. vertebrate, craniate (3077)
*- mammal, mammalian (1169)
+- bird (871)
dickeybird, dickey-bird, dickybird, dicky-bird (0)
i cock (1)
- hen (0)
- nester (0)
i night bird (1)
- bird of passage (0)
- protoavis (0)
- archaeopteryx, archeopteryx, Archaeopteryx lithographi
- Sinornis (0)
- |bero-mesornis (0)
- archaeornis (0)
I~ ratite, ratite bird, flightless bird (10)
- carinate, carinate bird, flying bird (0)
I passerine, passeriform bird (279)
- nonpasserine bird (0)
- bird of prey, raptor, raptorial bird (80)
| gallinaceous bird, gallinacean (114)
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0 — About Download
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German iris, Iris kochii 469  49.6% &

Iris of northern Italy having deep blue-purple flowers; similar to but smaller than Iris germanica pictures ggpcu;ﬁrti'g ;v[*)lgrdnet
L}

- halophyte (0)
i succulent (39) Treemap Visualization Images of the Synset Downloads
- cultivar (0)

- cultivated plant (0)

- weed (54)

- evergreen, evergreen plant (0)

- deciduous plant (0)

- vine (272)

- creeper (0)

- woody plant, ligneous plant (1868)

- geophyte (0)

I desert plant, xerophyte, xerophytic plant, xerophile, xerophilc
- mesophyte, mesophytic plant (0)

I aquatic plant, water plant, hydrophyte, hydrophytic plant (11
- tuberous plant (0)

- bulbous plant (179)

*. iridaceous plant (27)

. iris, flag, fleur-de-lis, sword lily (19)

*. bearded iris (4)

Florentine iris, orris, Iris germanica florentina, Iris
German iris, Iris germanica (0)

- German iris, Iris kochii (0)

... Dalmatian iris, Iris pallida (0)

i beardless iris (4)

- bulbous iris (0)

- dwarf iris, Iris cristata (0)

-- stinking iris, gladdon, gladdon iris, stinking gladwyn,
- Persian iris, Iris persica (0)

- yellow iris, yellow flag, yellow water flag, Iris pseuda
- dwarf iris, vernal iris, Iris verna (0)

- blue flag, Iris versicolor (0)
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“. ImageNet 2011 Fall Release (32326)
v plant, flora, plant life (4486)
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| natural object (1112)
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*. artifact, artefact (10504)
| instrumentality, instrumentation (5494)
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altar (1)
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arch (31)

i aisle (0)
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- bullpen (0)
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Feature Engineering for CV

Edge detection (Canny)

Orignal Image Edge Image

Corner Detection (Harris) Scale Invariant Feature Transform (SIFT)

Scale
(first
octave)

Difference of
Gaussian (DOG)

Figure 1: For each octave of scale space, the initial image is repeatedly convolved with Gaussians to
produce the set of scale space images shown on the left. Adjacent Gaussian images are subtracted

igure 3: Model images of planar objects are shown in the 8
»prow. Recognitionresults below show model outlines and to produce the difference-of-Gaussian images on the right. After each octave, the Gaussian image is
a——— -

V Tl )

Figures from http://opencv.org Figure from Lowe (1999) and Lowe (2004)

| —
Frrmatehin, dauwmn_camnlad hv a factar af 2 and the nracecc reneated

70



Example: Image Classification




CNNs for Image Recognition

Research
Revolution of Depth 262
' 152 layers
A
\
\
L
5
\
%
\
[ 22 layers ‘ [ 19 Ia',rers
'~ 6.7
3 57 I__ « I l 8 layers ‘ | E Ia'-,rers shallow
ILSVRC'15  ILSVRC'14  ILSVRC'14  ILSVRC'13  ILSVRC'12  ILSVRC'11  ILSVRC'10
ResNet GoogleNet VGG AlexNet
ImageNet Classification top-5 error (%)
2ICCVI T
[ ——— Kaiming He, Xiangyu Zhang, Shaoging Ren, & lian Sun. "Deep Residual Learning for Image Recognition”. arXiv 2015,

Slide from Kaiming He



CONVOLUTION



What’s a convolution?

Basic idea:
— Pick a 3x3 matrix F of weights

— 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

Conv

? -E(u o‘l&

[t Locen

Slide adapted from William Cohen

oipt

)i

72:

)/” = KyXn + K.LXQ 4 Dgi)(-z‘ 4 (32 X222 +og
)’\2 = “" X‘t + k.ax\.s +4 %' XZ?. .-I' “zz xzs “'0‘9
Yoo = Ku)y, * KigXp +0QiXs + 0z Xs2 1,

>’¢2 - lx"XZZ + Klz_)(23 + DQ' x}l + 0(22 x33 o



Background: Image Processing

A convolution matrix is used in image processing for
tasks such as edge detection, blurring, sharpening, etc.

Input Image

Convolved Image

Convolution
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Background: Image Processing

A convolution matrix is used in image processing for
tasks such as edge detection, blurring, sharpening, etc.

Input Image

Convolved Image

Convolution

| 3
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Background: Image Processing

A convolution matrix is used in image processing for
tasks such as edge detection, blurring, sharpening, etc.

Input Image

Convolved Image

Convolution

3] 2
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Background: Image Processing

A convolution matrix is used in image processing for
tasks such as edge detection, blurring, sharpening, etc.

Input Image

Convolved Image

Convolution

31212
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Background: Image Processing

A convolution matrix is used in image processing for
tasks such as edge detection, blurring, sharpening, etc.

Input Image

Convolved Image

Convolution

31223
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Background: Image Processing

A convolution matrix is used in image processing for
tasks such as edge detection, blurring, sharpening, etc.
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Background: Image Processing

A convolution matrix is used in image processing for
tasks such as edge detection, blurring, sharpening, etc.

Input Image
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Background: Image Processing

A convolution matrix is used in image processing for
tasks such as edge detection, blurring, sharpening, etc.

Input Image

Convolved Image

Identity

Convolution 1 1 1 1 1
0] 0] 0] 1

o|l1]o0 1
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Background: Image Processing

A convolution matrix is used in image processing for
tasks such as edge detection, blurring, sharpening, etc.

Input Image

Convolved Image
Blurring

Convolution

94



What’s a convolution?

http://matlabtricks.com/post-5/3x3-convolution-kernels-with-online-demo

Image

Rice = LLadl

Use filtered imagel

Filter
Edge | .
Ov|/| 0%/ | 0%
19 29| 1%

0%¢ 0% 0%
Filter normalization

U Apply filter

Slide from William Cohen



What’s a convolution?

http://matlabtricks.com/post-5/3x3-convolution-kernels-with-online-demo

Image

Rice v LLadl

Use filtered image|

Filter
Sharpen =
Oy -1% | O+%
19 5% 1%

Oy -1 O+

Filter normalization

U Apply filter

Slide from William Cohen



What’s a convolution?

http://matlabtricks.com/post-5/3x3-convolution-kernels-with-online-demo

Image

Rice v LOAEIdI

Use filtered imagel

Filter
Edge « :
Ov |19/ O%
0v | 2% | O+

o | 1% 0%
Filter normalization

U Apply filter

Slide from William Cohen



What’s a convolution?

http://matlabtricks.com/post-5/3x3-convolution-kernels-with-online-demo

Image

Rice v LLMI

Use filtered imagel

Filter
Sharpen -
Ov/ | -1% | O%
19| 5%/ 1%

0| 1% 0%
Filter normalization

U Apply filter

Slide from William Cohen



What’s a convolution?

http://matlabtricks.com/post-5/3x3-convolution-kernels-with-online-demo

Image

Rice v LLMI

Use filtered imagel

Filter

m

=5
g

[+
>
4k

Ov| | -1v|| 2%
Ov | 45| -1%
Ov | O% O+v
Filter normalization

L Apply filter

Slide from William Cohen



What’s a convolution?

http://matlabtricks.com/post-5/3x3-convolution-kernels-with-online-demo

Image

Rice = Load|

Use filtered image|

Filter

4r

Edge ]
2y 1% 0+v
19 45 0%
0% 0% 0%
Filter normalization

© Apply filter

Slide from William Cohen



What’s a convolution?

Basic idea:
— Pick a 3x3 matrix F of weights

— 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

Conv

? -E(u o‘l&

[t Locen

Slide adapted from William Cohen

oipt

)i

72:

)/” = KyXn + K.LXQ 4 Dgi)(-z‘ 4 (32 X222 +og
)’\2 = “" X‘t + k.ax\.s +4 %' XZ?. .-I' “zz xzs “'0‘9
Yoo = Ku)y, * KigXp +0QiXs + 0z Xs2 1,
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Downsampling

* Suppose we use a convolution with stride 2
* Only 9 patches visited in input, so only 9 pixels in output

Input Image

Convolved Image

Convolution
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Downsampling

* Suppose we use a convolution with stride 2
* Only 9 patches visited in input, so only 9 pixels in output
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Downsampling

* Suppose we use a convolution with stride 2
* Only 9 patches visited in input, so only 9 pixels in output

Input Image

Convolved Image

Convolution
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CONVOLUTIONAL NEURAL NETS



A Recipe for

Background : :
Machine Learning

1. Given training data: 3. Define goal:

{®i, Y, }is 3

79 1) 1=1 C— : : ,
2 0" = arg meméf(fe(wz), Y;)
2. Choose each of these:
— Decision function 4. Train with SGD:
N T (take small steps
J fe( Z) opposite the gradient)

— Loss function

((9,y,) €R 01 =0 — . Ve(fo(wi). y,)



- Ve(fo(xi), y;)



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

Architecture #1: LeNet-5

PROC. OF THE IEEE, NOVEMEER 1998 7

C3: f. maps 16@10x10
INPUT C1: feature maps S4: f. maps 16@5x5
6@28x28
32x32 S2: f. maps

| Full mnAection | Gaussian connections
Convolutions Subsampling Convolutions  Subsampling Full connection

Fig. 2. Architecture of LeNet-5, a Convolutional Neural Network, here for digits recognition. Each plane is a feature map, i.e. a set of units
whose weights are constrained to be identical. 115



Convolutional Layer

Input Image

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

@ Convolved Image

Learned
Convolution

e11 e12 e13
e21 ezz 623
631 632 633

116



Downsampling by Averaging
Downsampling by averaging used to be a common approach

This is a special case of convolution where the weights are fixed to a

uniform distribution
The example below uses a stride of 2

Input Image

Convolved Image

Convolution

117



Max-Pooling

Max-pooling is another (common) form of downsampling

Instead of averaging, we take the max value within the same range as
the equivalently-sized convolution

The example below uses a stride of 2

Input Image

Max-Pooled
Image

Max-
pooling

Yij = max(zij,

Li 41,
Li+1,55

$i+1,j+1) »



TRAINING CNNS



A Recipe for

Background : :
Machine Learning

1. Given training data: 3. Define goal:

{®i, Y, }is 3

79 1) 1=1 C— : : ,
2 0" = arg meméf(fe(wz), Y;)
2. Choose each of these:
— Decision function 4. Train with SGD:
N T (take small steps
J fe( Z) opposite the gradient)

— Loss function

((9,y,) €R 01 =0 — . Ve(fo(wi). y,)






SGD for CNNs

[SGU 0 CANs j
Ex: Acclile chore ¢ Goe X y*

j;' I()/I )’* 4
y = sog-vv»:)(z(s» ?""'W““} e“‘ Y_N ) P l'\)—i
2+ fuee (2, W)

2P 2 e (2?) —S@"\

(3): onv(z(z)' ) CDIqH' é
zZ-u)-- :1-9(- o’(j:>) @ ke 'w‘\' WJ‘.
o '» - stele ;- < {'l '"’/U}
Z = Cownvy (X, 0(> ‘F-O"LDVJ 3 >/= ‘ne(?m) ) 31(9) =1(}':Y‘)

Becwod> 7355 (0) = -
L)F(‘"ez ’é*’ 8 "73V§ :(0)



LAYERS OF A CNN



Common CNN Layers

Whiteboard
— RelLU Layer
— Background: Subgradient
— Fully-connected Layer (w/tensor input)
— Softmax Layer
— Convolutional Layer
— Max-Pooling Layer



RelLU Layer
[Rell Lo/ I*Vu’fz?(éﬁk Oukouk 76&“

of WY d : we-«“l’ e ] d‘wl
?/7"’&) ate 5 _45 dy e
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Softmax Layer

BT T
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Fully-Connected Layer
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Convolutional Layer
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Max-Pooling Layer
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Max-Pooling Layer
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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

Architecture #1: LeNet-5

PROC. OF THE IEEE, NOVEMEER 1998 7

C3: f. maps 16@10x10
INPUT C1: feature maps S4: f. maps 16@5x5
6@28x28
32x32 S2: f. maps

| Full mnAection | Gaussian connections
Convolutions Subsampling Convolutions  Subsampling Full connection

Fig. 2. Architecture of LeNet-5, a Convolutional Neural Network, here for digits recognition. Each plane is a feature map, i.e. a set of units
whose weights are constrained to be identical. 134



Architecture #2: AlexNet




CNNs for Image Recognition

Research
Revolution of Depth 262
' 152 layers
A
\
\
L
5
\
%
\
[ 22 layers ‘ [ 19 Ia',rers
'~ 6.7
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Slide from Kaiming He



CNN VISUALIZATIONS



3D Visualization of CNN

http://scs.ryerson.ca/~aharley/vis/conv/




Convolution of a Color Image

* Colorimages consist of 3 floats per pixel for
RGB (red, green blue) color values

* Convolution must also be 3-dimensional

activation map

___— 32x32x3 image

5x5x3 filter /
2
@>@ ”

convolve (slide) over all

spatial locations
32 28

3 1

Figure from Fei-Fei Li & Andrej Karpathy & Justin Johnson (CS231N)




Animation of 3D Convolution
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Figure from Fei-Fei Li & Andrej Karpathy & Justin Johnson (CS231N)


http://cs231n.github.io/convolutional-networks/

MNIST Digit Recognition with CNNs
(in your browser)

https://cs.stanford.edu/people/karpathy/convnetjs/demo/mnist.html

Network Visualization

input (24x24x1) Activations:

max activation: 1, min: 0
max gradient: 0.00015, min: -0.00014

Activation Gradients:

conv (24x24x8) Activations:
filter size 5x5x1, stride 1 - -
max activation: 4.78388, min: -3.44063 ~ . ’_)
max gradient: 0.00005, min: -0.00006 —
parameters: 8x5x5x1+8 = 208 Activation Gradients:

Weights:

(I () () (7 ) (ks ) (I ) () ()

Weight Gradients:

(a)()()()(T)(2)(=)( W)

softmax (1x1x10) Activations:
max activation: 0.99768, min: 0 H EEEEEEEE
max gradient: 0, min: 0

Example predictions on Test set

7 B B A=
/ I - | | [ - |
E f IE I7. 142

Figure from Andrej Karpathy

s



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

Other Resources:

— Readings on course website
— Andrej Karpathy, C5231n Notes


http://cs231n.github.io/convolutional-networks/

