10-301/601 Introduction to Machine Learning
Machine Learning Department
S |

School of Computer Science
MACHINE LEARNING Carnegie Mellon University

EEEEEEEEEE

Backpropagation
=k
Deep Learning

Matt Gormley & Henry Chai
Lecture 13
Oct. 11, 2021



Reminders

* Homework 4: Logistic Regression
— Out: Fri, Oct. 1
— Due: Mon, Oct. 11 at 11:59pm

* Homework 5: Neural Networks
— Out: Mon, Oct. 11
— Due: Thu, Oct. 21 at 11:59pm

* Exam 1Viewing: more hours to come...




THE CHAIN RULE OF CALCULUS



Training Chain Rule

Whiteboard
— Chain Rule of Calculus



Training Chain Rule

B



Training Chain Rule




BACKPROPAGATION OF ERRORS



Error Back-Propagation

Slide from (Stoyanov & Eisner, 2012)



Error Back-Propagation

Slide from (Stoyanov & Eisner, 2012)
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Error Back-Propagation

Slide from (Stoyanov & Eisner, 2012)
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Error Back-Propagation

Slide from (Stoyanov & Eisner, 2012)
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Error Back-Propagation

Slide from (Stoyanov & Eisner, 2012)
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Error Back-Propagation

Slide from (Stoyanov & Eisner, 2012)
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Error Back-Propagation

Slide from (Stoyanov & Eisner, 2012)
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Error Back-Propagation

Slide from (Stoyanov & Eisner, 2012)
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Error Back-Propagation

Slide from (Stoyanov & Eisner, 2012)
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Error Back-Propagation

Slide from (Stoyanov & Eisner, 2012)

18



FORWARD COMPUTATION FOR A
COMPUTATION GRAPH



Training Backpropagation

Whiteboard
— From equation to forward computation

— Representing a simple function as a
computation graph

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(zz) 1 log(z) | oy




BACKPROPAGATION FOR A
COMPUTATION GRAPH



Training Backpropagation

Whiteboard
— Backprogation on a simple computation graph

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(zz) 1 log(z) | oy




Training Backpropagation

Simple Example: The goal is to compute J = cos(sin(z?) + 3z2)

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

U = U1 + U9

up = sin(t)




Training

Simple Example:

Backpropagation

dJ

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

on the forward pass and the derivative - on the backward pass.

Forward

J = cos(u)
U = Uy + U9

up = sin(t)

Backward

dJ

o —sin(u)

dJ _dJ du d_u _q ﬂ
dul " du du1 duy dus
dJ dJ du1 du1

- = = - = t

T am @ a - oW

dJ . dJ dUQ dUQ _3

dt | dup dt ' dt
@ _drd dr_
de  dt do’ dx

dJ du du

71
" du du2 dus



Training Backpropagation

Case 1:
Logistic
Regression

Forward

J =y " logy+ (1 —y*)log(1l —y)

1
1+ exp(—a)

D
a — E ej.i?j
J=0

Y




Training Backpropagation

Case 1:
Logistic
Regression
Forward
dJ _y*  (A-y)
J=y"logy+ (1 —y*)log(l —y = —+
1=y log(1—y) [ =L+ 58
B 1 dJ dJdy dy exp(—a)
YTIT exp(—a) da dyda’ da  (exp(—a)+1)2
D
dJ dJ da da
a=2 %z a6, ~ dadb;’ do; "
=0 J J J
dJ dJ da da
_ — 0,

%j  da dr;’ dz;



TRAINING A NEURAL NETWORK



Training

Output

Weights

Hidden Layer

Weights

Backpropagation

[ (E) Output (sigmoid)
1

Y= 14+exp(—b)

?

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

?

[ (C) Hidden (sigmoid)

Zj:

vj

14+exp(—aj)’

?

(B) Hidden (linear)
aj =Y itg i, Vi

?

(A) Input
Given x;, V1




Training

Output

Weights

Hidden Layer

Weights

Backpropagation

(F) Loss
J =30y —y")
X

[ (E) Output (sigmoid)
_ 1
Y= 1+exp(—0b)

?

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

?

<5 = 14+exp(—aj)’ VJ

[ (C) Hidden (sigmoid)

?

(B) Hidden (linear)
aj = ito i, Vi

?

(A) Input
Given x;, V1




Training Backpropagation

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



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 o, 3

32 foree{l1,2,...,E}do

4: for (x.,y) € Ddo

5: Compute neural network layers:

6: o = object(x,a,b,z,y..J) = NNFORWARD(X, y, &, 3)

7: Compute gradients via backprop:

8: 8a = Val | _ NNBACKWARD(X, ¥, a, 3. 0)
gs = VgJ

o: Update parameters:

10: Q— O — YV

1": B« B-gga

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

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

14 return parameters o, 3




FORWARD COMPUTATION FOR A
NEURAL NETWORK



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 o, 3

32 foree{l1,2,...,E}do

4: for (x.,y) € Ddo

5: Compute neural network layers:

6: o = object(x,a,b,z,y..J) = NNFORWARD(X, y, &, 3)

7: Compute gradients via backprop:

8: 8a = Val | _ NNBACKWARD(X, ¥, a, 3. 0)
gs = VgJ

o: Update parameters:

10: Q— O — YV

1": B« B-gga

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

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

14 return parameters o, 3




Training
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Hidden Layer

Weights

Backpropagation
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Training
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Training

Output

Weights

Hidden Layer

Weights

Backpropagation

(F) Loss
J =30y —y")
z

[ (E) Output (sigmoid)
_ 1
Y= 14+exp(—b)

?

( (D) Output (linear)
b=3""B5%

?

25 = 14exp(—a;)?’ \V/J

[ (C) Hidden (sigmoid)

?

(B) Hidden (linear)
aj = 3t iy, Y

?

(A) Input
Given x;, V1




Training Backpropagation

Whiteboard
— Forward computation for a Neural Network



BACKPROPAGATION FOR A
NEURAL NETWORK
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Training
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b=3 0Bz

?

<5 = 14+exp(—aj)’ VJ

[ (C) Hidden (sigmoid)
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Backpropagation

Training
Case 2: Forward
Neural

Network

J=y"logy + (1 —y")log(l - y)

1
Y= 1+ exp(-b)
D
b= Bz
3=0
- 1
T 1 ¥ expl—a)

Backward
dJ _y"  (-y")
dy 'y y-1
dJ dJdy dy  exp(—b)
db  dydb’ db  (exp(—b)+1)?
dJj dJ db db _
d[)"] db dp;’ dg;
dJ _dJ db db _ 3,
dz; dbdz;’ dz; 7
dJ dJdz; dz;  exp(—a,)
da;  dz;jda;’ da;  (exp(—a;)+1)?
dJ - dJ daj daj =
do'j,- n daj dO’jg, daj,- o
Z dJ da; da; ~ o

da; dz;’ dz;
45




Training
Cace o Forward
Loss J=y"logy+(1-y")log(l —y)

Sigmoid

Linear

Sigmoid

Linear

1
1 + exp(—b)

D
b= Z ﬁij
1=0

y:

1
7 1+ exp(—ay)
M
aj = Z(Ijiit,
1=0

Backpropagation

Backward

e _y -y
dy y y—1
dJ dJdy dy
db  dydb’ db
dJj dJ db db
dﬁ, db dj;" dB;
dJ _dJ db db _ 3,
de - db de’ dZJ' -

dJ dJdz; dz;  exp(—a;)
da; dz;jda;’ da;  (exp(—a;)+1)2
dJ  dJ da; da;

exp(—b)
(exp(—b) + 1)

= Zj

da'j,- - daj da'j,-’ daj,- =&
dJ Z dJ da; da; e
daJ dz;’ dzx; o
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Derivative of a Sigmoid

First suppose that
1
* 7 1+ exp(—b) ()
To obtain the simplified form of the derivative of a sigmoid.
(E - exp(—b) (2)
db  (exp(—b) + 1)2
B exp(—b)+1—-1 3)
~ (exp(=b)+1+1—1)2 3
_exp(—b)+1-1
= (exp(-b) + 12 (#)
_exp(=b)+1 1 (5)
" {exp(=b) + 12 (exp(~b) + 1)? >
1 1
= . (6)

(exp(=b) + 1)  (exp(—b) + 1)2
1 1 1
~ (exp(=b) + 1) - ((exp(_b) +1) (exp(—b) + 1)) (7)
1 1
~ (exp(=b) + 1) (1 ~ (exp(=b) + 1)) (8)
=8(1=2) (9)




Training
Cace o Forward
Loss J=y"logy+(1-y")log(l —y)

Sigmoid

Linear

Sigmoid

Linear

1
1 + exp(—b)

D
b= Z ﬁij
1=0

y:

1
7 1+ exp(—ay)
M
aj = Z(Ijiit,
1=0

Backpropagation

Backward

e _y -y
dy y y—1
dJ dJdy dy
db  dydb’ db
dJj dJ db db
dﬁ, db dj;" dB;
dJ _dJ db db _ 3,
de - db de’ de -~

dJ dJdz; dz;  exp(—a;)
da; dzjda;’ da;  (exp(—a;)+1)?
dJ  dJ da; da;

exp(—b)
(exp(—b) + 1)

= Zj

da'j,- - daj da'j,-’ daj,- =&
dJ Z dJ da; da; e
daJ dz;’ dzx; o
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Training
Cace - Forward
Loss

Sigmoid

Linear

Sigmoid

Linear

J=y"logy+ (1 —y")log(l —1y)

1
YTI1+ exp(—b)
D
b - Z’szj
i=0
. 1
7 1+ exp(—aj)
M
aj . Zaj,-a:,
1=0

Backpropagation

Backward
aj _y" (1-y%)
dy y y—1
dJ dJdy dy

— , = y(1 -
db ~ dy db’ db y(1 - )
dJ _dJdb db _
dB, db dﬁ, dp; J
4 _dJdb b
dzj . db de’ de -
dJ_deZj de_ . .
da; = dz; da;’ da; ~ L~ %)
dJ . d.] daj daj S
daji - da,- daj,-’ da_,-i -

d.J daJ daJ

=" E = o
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Training Backpropagation

Whiteboard
— Backward computation for a Neural Network



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 o, 3

32 foree{l1,2,...,E}do

4: for (x.,y) € Ddo

5: Compute neural network layers:

6: o = object(x,a,b,z,y..J) = NNFORWARD(X, y, &, 3)

7: Compute gradients via backprop:

8: 8a = Val | _ NNBACKWARD(X, ¥, a, 3. 0)
gs = VgJ

o: Update parameters:

10: Q— O — YV

1": B« B-gga

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

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

14 return parameters o, 3




THE BACKPROPAGATION
ALGORITHM



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
direcI:’e’gl 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; = gi(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

(duj/dv)) is éasy) dy L dy du,

%j a i—1 duz dvj

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)

57



-0V fo(xs), y;)




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



Q

'

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



Matrix Calculus

Numerator
DTyPeS Y j scalar vector matrix
erivatives
Lety, x € Rbescalars,
y € RM andx € R” 8y ay oY
be vectors, and scalar ~ — —
Y € RM*XN gndX € Ox ox ox
RP*® be matrices 5 5 g
vector _y _y
E
§ matrix 8y 8y 8Y
0X  0X 090X




Matrix Calculus

Types o
y p , f scalar
Derivatives
Oy
scalar A= [g—y]
ox %
- oy
8:1:1
Y
0 )
vector 9Y _ | 9=
0x :
Oy
| Oz p |
- %y 9%y .. _Oy 7
6X11 3X12 6X1Q
. Oy Oy oy
matrix Oy | 9Xa1 0Xa 0X2q
oxX : .
dy oy ... _Oy
-3Xp1 3Xp2 3XPQ -

64



Matrix Calculus

Ty p € .O f scalar vector
Derivatives
, 9y _ [0u] Oy (ou dua Oux |
scalar O ox O T ox ox
e e
= "oy Ow dyn "
3,y1 8(171 8331 3:131
Oy S Oy1  Oy2 OYN
—_— = 2 8}’ 3$2 3$2 31132
vector 8x : 8_X :
;Ty oY1 Oy2 OYynN
- P . amp 8$p amp i




Matrix Calculus

| Coneon Veckr Do)
Let %L BSE) b whe donda £, pep™

x e R™
gc.«Lr Dm\u“'l\& \}e (J‘zJ @en\»-f’wmg
CLEREE Jan
bx — 3 — B
Xy — % xb — b
X > 2y X'x —> 2x
Ly?2 — Zpx X Bx — 28x

Lo sywv"ﬂl



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: '(%y
dy _ | oz
ox

By
| Oz p
Answer:

oy

ox

dy

ox

A.

9y1  Oy2 . . Oyn

Oy1 y2 ... Oyn
Oxo Oz Oxo

aatp aiL‘p a.’I:p_

9y u
ou 0x
oy du
Ju 0x
oy ou”
ou 0x
oy ou”
ou 0x
(@ 8_u)T
ou 0x
None of the above



DEEP LEARNING



Why is everyone talking
about Deep Learning?

* Because alot of money isinvested in
it...

. . Ggsgle
— DeepMind: Acquired by Google for $400
million !
— Deep Learning startups command millions
of VC dollars -
— Demand for deep learning engineers p v
continually outpaces supply etuum

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

Ehe New ork Times




Why is everyone talking
about Deep Learning?

(i1960s  Deep learning:
— Has won numerous pattern recognition

~~—

("1980s competitions
& — Does so with minimal feature
(31990s engineering

—

%2006

f
\

—

% 2021
\

-




BACKGROUND: COMPUTER VISION



Example: Image Classification
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IMSGENET

ot w L) L'_l;fv:&’\'lvl

Bird 2126 92.85% <.

Warm-bicoded egg-laying vertebrates charactenzed by feathers and forebmbs modhed as wings P tares ::‘:’u‘-;: g‘rﬁ‘r‘-
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scavenger (1) Treemap Visualization mages of the Synset Downioads
bped (O)
predance, predatory asmal (1)
larva (49)
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foncer (0)
sunt (0)
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OCheytwd, Giey Dwd, GCkybwd, Sy bed (0)
cock (1)
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rester (Q)
night brdd (1)
bird of padaage (0)
protoaves (0)
WCNIL0PLery X, arThecpterys, Archaeopteryx Mhographs
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passerne, passerform bed (279)
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IMSGENET
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o ~
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IMSGENET

ot booed . Loge | Sone

Court, courtyard 165 92.61%
An area wholly or partly surrounded by walls or buldings; “the house was bullt around an inner court’ et —— S e
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geologeal formation, formation (175)
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narnss NS




Feature Engineering for CV

Edge detection (Canny)

Edge Image

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

Scale
(first
octave)

Difference of
Gaussian Gaussian (DOG)

N ? Figure 1: For each octave of scale space, the initial image is repeatedly convolved with Gaussians to

.
igure 3: Model images of planar objects are shown in the produce the set of scale space images shown on the left. Adjacent Gaussian images are subtracted
»p row. Recognition results below show model outlines and to produce the difference-of-Gaussian images on the right. After each octave, the Gaussian image is

RS VIR Ianaa Aovwn.camnlad hv a factar af 7 and tha nencsce ranaatad

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

5 e




CNNs for Image Recognition

Research
Revolution of Depth
152 Iayets
= i
\ o 11.7
zz lnecs | 19m
RSVRC'IS  ILSVRC'14  ILSVRCI4  NSVRC'13  ILSVRC'12  NSVRC11  ILSVRC'10
ResNet  GoogleNet VGG AlexNet
imageNet Classification top-5 error (%)
ICCV
[ — Kbreng Mo, Xuogys Dhang, 2haoging Ren, & Aan Zom. "Owep Rezsdual Loaming ‘or loage Recognition”. ardly 2023
79

Slide from Kaiming He



BACKGROUND: HUMAN
LANGUAGE TECHNOLOGIES



Human Language Technologies

Speech Recognition

Machine Translation

7| A

o E

- "1 1L—-

o| ot et=0{et &2

Summarization

cor
eiu
lab
nib
nib
vol
Po
Qu
dia
sol
ege
eui
eu

qui
ut.

lac
pel
viv
ac.

cor
eiu
lab
nib
nib
vol
Pol
Qu
dia
sol
ege
eul
eu
qui
ut.

cor
eiu
lab
nib
nib
vol
Po
Qu
dia
sol
gt
eul
eu

qu

ut.

lac
pel
viv

ac.

Lorem ipsum dolor sit amet,
Lorem ipsum dolor sit amet,

Lorem ipsum dolor sit amet,

Lorem ipsum dolor sit amet,
G A e e
eiu » -
lap _ Lorem ipsum dolor sit amet,
& consectetur adipiscing elt, sed do
"!h eiusmod tempor incididunt ut
"‘I labore et dolore magna aliqua. Id
vol
po  Nibh tortor id aliquet lectus proin
qQu_ Mbh nisl Odio ut enimblandit
dia  volutpat maecenas volutpat.
<o Porta nibh venenatis cras sed.
eg Quam id leo in vitae. Aliquam id
" diam maecenas ultricies mi. Et
@Ul ollicitudin ac orci phasellus
@U  egestas. Diam in arcucursus
ui
d' euismod quis viverra. Vitae auctor
lac_ €U augue ut lectus arcu. Semper
pel duis lectus nulla at volutpat diam
viy Ut Sed arcu non odio euismod
lacinia.  Velit  euismod in
ac.

pellentesque massa. Augue lacus
viverra vitae congue eu consequat
ac. Tincidunt id ali.

L
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Bidirectional RNN

RNNs are a now commonplace backbone in
deep learning approaches to natural language
processing

probabilistic output

right-to-left hidden
states

left-to-right hidden
states

word embeddings




Backpropagation and Deep Learning

Convolutional neural networks (CNNs) and
recurrent neural networks (RNNs) are simply
fancy computation graphs (aka. hypotheses or
decision functions).

Our recipe also applies to these models and
(again) relies on the backpropagation
algorithm to compute the necessary
gradients.



CONVOLUTION



What’s a convolution?

* Basicidea:
— 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
/x % 1 iavd" clu«w.‘ p j. ou-"Yo“' CLOWI\L‘
’:—E?-di CP"‘V _Q_J_‘\?i 7" = Ky Xu * KX +0Q1% 4 032 %2 +0
2 KaXg * Kpxg + 091Xz 4 K3z X
X Y | Xs E(u &z " )' 12 z X3 2z X253 ol
Xor |%ez|%s ! [_o_a',«a B 7L iﬁ Yoo = K)oy, * KipXy + 091Xy + X3z Xs2 4,
- \ )
l(s‘ X3 > >I¢'Z - kl!)(zl + K‘L‘XZ} 40&| XS?. 4 “ZZ )(33 +,

Slide adapted from William Cohen



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
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Background: Image Processing

A convolution matrix is used in image processing for
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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

|dentity

Convolution 111 (1] 1]1
O|0]|O 1

ol 1 0o 1

O|0]|O 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
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What’s a convolution?

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

mage
Rice + Load

Use filtered image'

Edge ; H
0¢|( 08 o4
TDIEDIED
0¢)( 048] 04
Fiiter normalization

© Apply filter|

Slide from William Cohen



What’s a convolution?

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

mage

Rice . EEEQJ

Use filtered imagel

Fiiter

Sharpen H
05| 19 0%
1 S¢ 19
0% | 9 0%
Hiter normalizatio
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What’s a convolution?

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

Image

Rice H M

Use filtered image‘
Filter
Edge « v
0% v 0%
0% 2% 0%
0% + 0%
Fiter normalization
O Apply ﬂiter|

Slide from William Cohen



What’s a convolution?

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

Rice ¢+ Load

Use filtered image]

Fiter

Sharpen -
0 -1+ 0%
18] 58) 18
0s 13 0%
Filer normaiizaton

UApplyﬁ!terI

Slide from William Cohen



What’s a convolution?

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

Slide from William Cohen

image

Rice H %‘

Use filtered image

: Tor
Hitet

Edge ! H
0 1%  -2%
0% 45 1%
0 0% 0%
Fiiter normalization

O Apply filter|




What’s a convolution?

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

Image

Rice ; Lid‘

Use filtered imagel

Fiiter

m
Q
0o
»
»
-

+ 0s%
+ 0%
+ 0%

Hiter normalization

O Apply ﬂlter|

Slide from William Cohen



What’s a convolution?

* Basicidea:
— 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
/x % 1 iavd" clu«w.‘ p j. ou-"Yo“' CLOWI\L‘
’:—E?-di CP"‘V _Q_J_‘\?i 7" = Ky Xu * KX +0Q1% 4 032 %2 +0
2 KaXg * Kpxg + 091Xz 4 K3z X
X Y | Xs E(u &z " )' 12 z X3 2z X253 ol
Xor |%ez|%s ! [_o_a',«a B 7L iﬁ Yoo = K)oy, * KipXy + 091Xy + X3z Xs2 4,
- \ )
l(s‘ X3 > >I¢'Z - kl!)(zl + K‘L‘XZ} 40&| XS?. 4 “ZZ )(33 +,

Slide adapted from William Cohen



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}t 3

v Jifi=1 6" = arg mein;f(fe(wi), Y;)
2. Choose each of these:
— Decision function 4. Train with SGD:
y = fe(fl?z) (take small steps

opposite the gradient)
— Loss function

((9,y,) €ER 01 =01 — 0, VU(fo(xi), y;)



-V 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, NOVEMBER 1995 7

C3: 1. maps 16@10x10

C1: feature maps S4: 1. maps 1

CS: layer F6: layer OUTPUT
120 84 10

|
| Full conection l Gaussian connections
Convolutions Subsampling Convolutions Subsampling Full connection

Fig. 2. Architectum of LeNet.5, a Convolutional Neural Network, here for digits recognition. Each plame in a feature map, i, a st of units
whose weights are comstrained to be identical. 121



Convolutional Layer

Input Image

CNN key idea:
Treat convolution matrix as

parameters and learn them!

@ Convolved Image

Learned
Convolution

e11 e12 e13
e21 e22 e23
0,05, |05
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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

123



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,
Lit+1,55
ib'i-|-1,j+1) .



TRAINING CNNS



A Recipe for

Background : :
Machine Learning

1. Given training data: 3. Define goal:

{@i Y}t 3

v Jifi=1 6" = arg mein;f(fe(wi), Y;)
2. Choose each of these:
— Decision function 4. Train with SGD:
y = fe(fl?z) (take small steps

opposite the gradient)
— Loss function

((9,y,) €ER 01 =01 — 0, VU(fo(xi), y;)
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SGD for CNNs
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LAYERS OF A CNN



RelLU Layer
[RGLU L“W I*ru‘i')-‘(éﬁk' O,.\.rol‘.,_ 7€Kl(

F:r w 4_”. " Cwe,cl' 1] cl,_w\g l
— y-e® ik 5 45 L s
O'{c\)-:vuax(o,q) dx; AY‘ dy S
wi{(0%) Wt ANT g S x: >0
®) otluwisg
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Softmax Layer
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Fully-Connected Layer
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Convolutional 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, NOVEMBER 1995 7

C3: 1. maps 16@10x10

C1: feature maps S4: 1. maps 1

CS: layer F6: layer OUTPUT
120 84 10

|
| Full conection l Gaussian connections
Convolutions Subsampling Convolutions Subsampling Full connection

Fig. 2. Architectum of LeNet.5, a Convolutional Neural Network, here for digits recognition. Each plame in a feature map, i, a st of units
whose weights are comstrained to be identical. 140



Architecture #2: AlexNet




CNNs for Image Recognition

Research
Revolution of Depth
152 Iayets
= i
\ o 11.7
zz lnecs | 19m
RSVRC'IS  ILSVRC'14  ILSVRCI4  NSVRC'13  ILSVRC'12  NSVRC11  ILSVRC'10
ResNet  GoogleNet VGG AlexNet
imageNet Classification top-5 error (%)
ICCV
[ — Kbreng Mo, Xuogys Dhang, 2haoging Ren, & Aan Zom. "Owep Rezsdual Loaming ‘or loage Recognition”. ardly 2023
142
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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

e 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

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

Input Volume (+pad 1) (7x7x3) Filter WO (3x3x3) Filter W1 (3x3x3) Output Volume (3x3x2)
x[:,:,0] wl[:,:,0] Pe of:,:,0)
0 0 -1 1 5 3 3

2 : 1| 51 10 2

0 1 3 -2

1 of:,:,1)

2 2 -1 1

2 5 m -6

0 3 2 4

© O N O N =0

toggle movement

© © © © © 0o 0oX ©o 0o 0o 0o 0o 00X oo o 0o o

S = O NN S S
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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:

(90 )8 ) )t 0 (7 )(+6)

Weight Gradients:

(=N)N<NTN 4NN
softmax (1x1x10) Activations:
max activation: 0.99768, min: 0 N EEEEEEEE
max gradient: 0, min: 0

Example predictions on Test set

4/ L [ < [
W B b e

Figure from Andrej Karpathy
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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/

RECURRENT NEURAL NETWORKS



Dataset for Supervised
Part-of-Speech (POS) Tagging

Data: D = {.’B(”), y") N
Sample 1: ‘ ‘ @ ‘ ‘
Sample 2: ‘ ‘ ‘ ‘ ‘
0 6 6 0 ©
Sample 3 ‘ ‘ @ ‘ ‘
© O 6 ©
Sample 4: ‘ ‘ ‘ ‘ ‘




Dataset for Supervised
Handwriting Recognition
Data: D = {x(™,y™}N

n=1

" 90000000 0d !

ANEEHEEEEN -
" 9000000 I
{11 4171 [C -

" 90000000 v

©
AENGEGEEE -

Figures from (Chatzis &



Dataset for Supervised
Phoneme (Speech) Recognition

Data: D = {z™, y"N_

B CXCIONOIOXOIOXONOXOREFE

tn'-,,l-

WWC‘Q‘COQ ko

Figures from (Jansen & Niyogi, 2013)



Time Series Data

Question 1: How could we apply the neural networks we’ve
seen so far (which expect fixed size input/output) to a
prediction task with variable length input/output?

®© 0 ® @ 0 -
SR
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Time Series Data

Question 1: How could we apply the neural networks we’ve
seen so far (which expect fixed size input/output) to a
prediction task with variable length input/output?

®© 0 ® @ 0 i
S




Time Series Data

Question 2: How could we incorporate context (e.g.
words to the left/right, or tags to the left/right) into our

solution?
®© ©®© ® 0

o,
ONNONNO O

Multiple Xi-1 Xj Xi+] Yi-1 Vi Yi+1
Choice: A Y
. B v
Working left- ¢ 7 ;
to-right, use [ v ¥ J y
features of... - v 7 ; J y
F J v J J
G J J J v v
H v v v v N4 N4 155




Recurrent Neural Networks (RNNs)

inputs:

hidden units

outputs

nonlinearity

X
- h
Y
. H

('xlax27 <. ,xT),Z'i S RI

(h17h27 . °7hT)7hi S RJ
(y17y27 <.

yr), yi € RE

Definition of the RNN:
hy = H (Wenxe + Whphe—1 + bp)
Yt = Whyh/t =+ by
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Recurrent Neural Networks (RNNs)

inputs:

hidden units

outputs

nonlinearity

X
- h
Y
. H

= (x1,%2,...,T7),T; € R!
= (hl,hg,...,hT),hi c RJ
— (ylay27"'7yT)7yi S RK

Definition of the RNN:
hi = H Wenxe + Whphi_1 + bp)

Yt = Whyht + by %

This form of RNN is
called an
Elman Network




Recurrent Neural Networks (RNNs)

inputs:

hidden units

outputs

nonlinearity

X
- h
Y
. H

(xlaxQ) <. ,I'T),xi S RI

(h1,ha, ..., h7), h; € R?
(Y1, 92, - - -

yr), i € RE

Definition of the RNN:
hy = H (Wenxe + Whphe—1 + bp)
Yt = Whyht =+ by




A Recipe for

Background : :
Machine Learning

1. Given training data: 3. Define goal:

{@i Y}t 3

v Jifi=1 6" = arg mein;f(fe(wi), Y;)
2. Choose each of these:
— Decision function 4. Train with SGD:
y = fe(fl?z) (take small steps

opposite the gradient)
— Loss function

((9,y,) €ER 01 =01 — 0, VU(fo(xi), y;)
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Recurrent Neural Networks (RNNs)

inputs:

hidden units

outputs

nonlinearity

X
- h
Y
. H

(331,332, SR ,CUT),ZIZ'@' S RI

(h17h27 . °7hT)7h'L' S RJ

(ylay27 s 7yT)7yi S RK

Definition of the RNN:
hy = H(Wunxe + Whnhi—1 + bp)
Yt = Whyht =+ by



Recurrent Neural Networks (RNNs)

(21,2, ..., 27),2; € R Definition of the RNN:

inputs:

hidden units

(hi,ha, .. hy) b € R | e = H (Wenxe + Whphe—1 + by)
(y17y27' . 7yT)7yi S RK yt — Wh’yh/t —|_ by

X
- h
outputs: y
: H

nonlinearity
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Background: Backprop through time

Recurrent neural
network:

BPTT:

1. Unroll the
computation
over time

40,1087

R e

&V‘Obmso o005 2 5)
&\IZ]N\Oze("\gq

2. Run
backprop
through the
resulting feed-
forward
network



inputs:

hidden units:

outputs

nonlinearity:

Bidirectional RNN

x = (21,%2,...,27),8; € R
%
b and h

Yy = (y17y27'°'7yT)>yi ERK
H

Recursive Definition:

%

Bo=H(W,pm+ Wophua+bp)
- -

he=H (Wx‘ﬁxt T W g1 + bg)

— -
yt:Wﬁ)yht—i_W(Eyht‘i_by



inputs:

hidden units:

outputs

nonlinearity:

Bidirectional RNN
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Deep RNNSs

: Recursive Definition:
inputs: x = (21, 22,...,27),2; € R!

outputs: y = (y1,92,.--,yr), ¥ € R® P =H (Whn-ipnhy ™+ Winpn by + b))

nonlinearity: H N
Yy = Winy hy' + by

e Yi—1 Yt Ytt1 - - -

cr X1 Tt B B

168
Figure from (Graves et al., 2013)



Deep Bidirectional RNNs

inputs: x = (21, 22,...,27),2; € R

outputs: y = (y1,92,...,y7), ¥ € R®
nonlinearity: H

. 169
Figure from (Graves et al., 2013)



Long Short-Term Memory (LSTM)

Motivation:

e Standard RNNs have trouble learning long
distance dependencies

e |LSTMs combat this issue




Long Short-Term Memory (LSTM)

Motivation:
* Vanishing gradient problem for Standard RNNs

 Figure shows sensitivity (darker = more sensitive) to the input at
time t=1

Figure from (Graves, 2012)



Long Short-Term Memory (LSTM)

Motivation:
e LSTM units have arich internal structure

* The various “gates” determine the propagation of information
and can choose to “remember’ or “forget” information

TTTTITTY

— _ — O — O —

Hidden

5 @@ @@ @@
O — — — - — O

- 8000000

Figure from (Graves, 2012)



Long Short-Term Memory (LSTM)
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Long Short-Term Memory (LSTM)

o \J,

it = 0 (Waire + Whihe—1 + Weici—1 + by)

ft =0 (Wysze + Whhe—1 + Weper—1 + by)
ct = frei—1 + i tanh (Wyexy + Whehi—1 + bc)
0r = 0 (Wayoxs + Whohi—1 + Weocr + bo)

ht — O¢ tanh(ct)
Figure from (Graves et al., 2013)
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Long Short-Term Memory (LSTM)
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Deep Bidirectional LSTM (DBLSTM)

Figure from (Graves et al., 2013)
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Deep Bidirectional LSTM (DBLSTM)

How important is this
particular architecture?

Jozefowicz et al. (2015)
evaluated 10,000
different LSTM-like
architectures and
found several variants
that worked just as
well on several tasks.




RNN Training Tricks

* Deep Learning models tend to consist largely of
matrix multiplications

* Training tricks:
— mini-batching with masking

Metric DyC++4+ DyPy Chainer | DyC++ Seq Theano TF
RNNLM (MB=1) words/sec 190 190 114 494 189 298
RNNLM (MB=4) words/sec 830 825 295 1510 567 473
RNNLM (MB=16) words/sec 1820 1880 794 2400 1100 606
RNNLM (MB=64) words/sec 2440 2470 1340 2820 1260 636

— sorting into buckets of similar-length sequences, so
that mini-batches have same length sentences

— truncated BPTT, when sequences are too long, divide
sequences into chunks and use the final vector of the
previous chunk as the initial vector for the next chunk
(but don’t backprop from next chunk to previous chunk)

Table from Neubig et al. (2017)



RNN Summary

* RNNs

— Applicable to tasks such as sequence labeling,
speech recognition, machine translation, etc.

— Able to learn context features for time series
data

— Vanishing gradients are still a problem - but
LSTM units can help

* Other Resources
— Christopher Olah’s blog post on LSTMs


http://colah.github.io/posts/2015-08-Understanding-LSTMs/

