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REMINDER: MAP
EXAMPLE: BETA PRIOR FOR BERNOULLI LIKELIHOOD



The MAP Estimation Objective

MLE: p(D | 0)
likelihood priof N
posterior (D | 9) (9)
MAP: p(0 | D) = P p(D)p — Bayes Rule

Orrap = argmaxp(6 | D)

0

_ argmax p(D | 6)p(6)
0 p(D)

= argznaxp(f? | 6)p(6)

= argmax log p(D | 8) + log p(0)
0 A\ 7/

-~

Lriap(0)



Recipe for Closed-form MLE

Assume data was generated iid from some model, i.e., write
the generative story

x( ~ p(x6)
Write the log-likelihood
£(0) = log p(x"|0) + ... +log p(x(V)|0)
Compute partial derivatives, i.e., the gradient
0 £(0)/06. =...

0 £(0)/00,, =...
Set derivatives equal to zero and solve for ©
04(0)/06, =oforallmef{y,..., M}
OMLE = solution to system of M equations and M variables

Compute the second derivative and check that #(0) is
concave down at OMLE



Recipe for Closed-form MAP

Assume data was generated iid from some model, i.e., write
the generative story

0 ~ p(0) and then for all i: x® ~ p(x|0)
Write the log posterior

£map(0) = log p(x(|@) + ... +log p(xM|6) + log p(6)

Compute partial derivatives, i.e., the gradient
0 'FMAP(G)/661 — oo

d Yyap(0)/00, = ...
Set derivatives to equal zero and solve for ©
0 Yyap(0)/00, =0 forallme{y, ..., M}
OMAP = solution to system of M equations and M variables

Compute the second derivative and check that £y;,p(0) is
concave down at @MAP



MAP
EXAMPLE: BETA PRIOR FOR BERNOULLI LIKELIHOOD



The Prior Distribution

* The prior distribution encodes domain knowledge about the
problem.

* Question: Why do we use the Beta distribution as the prior
for the Bernoulli?

* Reason #1: It has the right support, i.e. [0,1].

Example: Beta prior “fair coin” Example: Beta prior “unfair coin”
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The Prior Distribution

The prior distribution encodes domain knowledge about the
problem.

Question: Why do we use the Beta distribution as the prior
for the Bernoulli?

Reason #2: The Beta is a conjugate prior for the Bernoulli.
Definition: A distribution is the conjugate prior of a
likelihood if the form of the posterior is the same as the form
of the prior.

p(® I D) p(D I 0) p(8)

Beta Bernoulli Beta
Dirichlet Multinomial Multinomial yes
Gaussian Guassian Guassian yes
Gamma Exponential Gamma yes

2 Multinomial Logistic Normal no

10



MLE of Bernoulli Model

1. Model: x'*) ~ Bernoulli(¢) fori =1,..., N
Ny = #(z") =1)
(1) — 1 o () =
(2) _ Cb it 2 No = #(I = 0)
_oa® o 1—a®
N (1-09) 3. Derivative:
2. Log-likelihood: Olwie(9) _ J N loo Noloo(1 —
LE = 5 (N log(0) + Nolog(1 - 0))
Imie(@) = logp(D | ¢) NN
N S0 1-0
=log [[p(=z"") | 0)
’;1 4. Set to zero and solve:
(D) _ ()
:108;1_[@5 (1-0)' Ny No _ 0
1::1?\1 . ¢ 1—=0
=log (0™ (1 —¢)™") e = Ny N
:N1 10g(¢)—|—N010g(1—¢) MEE ™ Nl—I—NO B N



. Derivative:

MAP of Beta-Bernoulli Model

. Model: ¢ ~ Beta(a, )
x'9) ~ Bernoulli(¢) fori =1,...,N

. Log-posterior:

uap (@) = log[p(D | ¢)f(¢ | v, B)]

—tog (6% (1= %) g0 -9V

T VG A VRN IR |
=l [ o o)

— (N1 + a— 1) log(é) + (No + § — 1) log(1 — ¢) — log B(a. )
log(¢) + N log(1l — ¢) — log B(«, B)

OMmar(®) N1 N

do ¢ 1-9¢

Nj Ni+a—1
N/ +N, Ni+a—1+Ny+5—1 °

. Settozeroandsolve: ppap =



MAP of Beta-Bernoulli Model

1. Model: ¢ ~ Beta(q, §)
x9) ~ Bernoulli(¢) fori =1,..., N

_ (i) __
2. Log-posterior: Ny = #(z'V =1)
Ny = #(z\? = 0)
Cmar(@) = logp(D | @)
N
=log [ [ p(="" | )
7‘;1 (%) (i) 1
_ x Ry (0-1)/1  (B1)
o 07" (1= 0" (g0 -]

=log (¢™" (1 - )"")

13



. Derivative:

MAP of Beta-Bernoulli Model

. Model: ¢ ~ Beta(a, )
x'9) ~ Bernoulli(¢) fori =1,...,N

. Log-posterior:

uap (@) = log[p(D | ¢)f(¢ | v, B)]

—tog (6% (1= %) g0 -9V

T VG A VRN IR |
=l [ o o)

— (N1 + a— 1) log(é) + (No + § — 1) log(1 — ¢) — log B(a. )
log(¢) + N log(1l — ¢) — log B(«, B)

OMmar(®) N1 N

o ¢ 1—¢

Nj Ni+a—1
N +N, Ni+a—-1+Nyg+8-1 5

. Settozeroandsolve: ppap =



MAP of Beta-Bernoulli Model

Example 1 (MLE) Suppose D = {8H, 2T}

8

— = 0.8
10

quLE —

Example 2 (MAP) Same dataset, but ¢ ~ Beta(a = 101, 3 = 101) |

8+ 101 -1 108

= ~ 0.5
+101 —14+2+ 101 -1 108 4+ 102

¢N\AP —

Example 3 (MAP) Same dataset, but ¢ ~ Beta(a = 101,53 = 1)

108

~ 1.0
108 + 2

¢MAP —

Example 4 (MLE) Suppose D = {108H, 1027}

108

~ 0.5
108 + 102

PMLE =

““fair
— coin”’
prior

“unfair
— coin”’
prior




MLE for Linear Regression

J(8)=J(8,8,)= %i (49 - 67x9))’

1.0
0.000
0.8 A
S v
i (@] U

Optimization Method #2:
Closed Form

1.  Evaluate
HMLE _ (XTx)—ley
2. Return QMLE
0,

y =h*(x)
A (unknown)

4
/

h(x; BMLD)
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ann'C7

0.4- O
0.2 - o
0.0 : : .
0.0 0.2 0.4 0.6 0.8 1
0,
t e’l eZ J(917 92)
e | 0.59 | 0.43 0.2

You’ll work
through the view
of linear
regression as a
probabilistic
model in the
homework!

You’ll also see
how L1 and L2
regularization is
equivalent MAP
estimation



Takeaways

One view of what ML is trying to accomplish is function
approximation

The principle of maximum likelihood estimation provides an
alternate view of learning

Synthetic data can help debug ML algorithms

Probability distributions can be used to model real data that
occurs in the world



Learning Objectives

MLE /| MAP

You should be able to...

1.

Recall probability basics, including but not limited to: discrete and
continuous random variables, probability mass functions, probability density
functions, events vs. random variables, expectation and variance, joint
probability distributions, marginal probabilities, conditional probabilities,
independence, conditional independence

Describe common probability distributions such as the Beta, Dirichlet,
Multinomial, Categorical, Gaussian, Exponential, etc.

State the principle of maximum likelihood estimation and explain what it
tries to accomplish

State the principle of maximum a posteriori estimation and explain why we
use it

Derive the MLE or MAP parameters of a simple model in closed form



THE BIG PICTURE



ML Big Picture

Theoretical Foundations:
What principles guide learning?
probabilistic
information theoretic
evolutionary search
ML as optimization .



Classification and Regression: The Big Picture

Recipe for Machine Learning Decision Functions
1. Given data D = {x(®, yD}N e Perceptron: hg(x) = sign(6”x)
2. (a) Choose adecision function hg(x) = - - e Linear Regression: hg(x) = 87 x
(parameterized by @)

e Discriminative Models: hg(x) = argmax X
(b) Choose an objective function Jp(8) = - - - o(x) gy Po(y | x)

(relies on data) =
o Logistic Regression: pg(y =1 | x) = 0(0" x)

3. Learnby choosing parameters that optimize the objective Jp(8) o Neural Net (classification):

R — — (2NT (ANT (1) (2)
6 ~ argmin Jp(0) po(y =1]x) =o(W¥) o (W) x+ b)) + b))

0 e Generative Models: hg(x) = argmax pg(x,y)

Yy

4. Predict on new test example Xpey using hg(+) v

7 = ho(Xnew) o Naive Bayes: pg(x,y) = po(y) H po(Tm | Y)
m=1
Optimization Method
Objective Functi
e Gradient Descent: @ — 6 — yVJ(0) AR
‘ N
e SGD: 6 — 6 — WVQJ{*)(B) o MLE: J(0) = — Z log p(x®, y)
fori ~ Uniform(1,...,N) i—1
N
1 )
where J(0) = — Y J%(0) N _ :
N 12_; e MCLE: J(@) = — Zlogp(y(i) | x®)
i=1
e mini-batch SGD
e L2 Regularized: J'(8) = J(0) + \||0||5
e closed form (same as Gaussian prior p(0) over parameters)
1. compute partial derivatives e L1Regularized: J'(8) = J(0) + )||0]|1

2. set equal to zero and solve (same as Laplace prior p(8) over parameters)



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.



BACKGROUND: COMPUTER VISION



Example: Image Classification




IM

Bird

«-GENET

Home @ Explore
About = Download

Not logged in. Login | Signup

=l
2126 92.85% |£_.i

Warm-blooded egg-laying vertebrates characterized by feathers and forelimbs modified as wings pictures  Popularity ~ Wordnet

i marine animal, marine creature, sea animal, sea creature (1)
- scavenger (1)
- biped (0)
i~ predator, predatory animal (1)
i larva (49)
- acrodont (0)
- feeder (0)
- stunt (0)
7 chordate (3087)
I tunicate, urochordate, urochord (6)
|H cephalochordate (1)
v vertebrate, craniate (3077)
| mammal, mammalian (1163)
. bird (871}
dickeybird, dickey-bird, dickybird, dicky-bird (0)
e 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 {BO)
| gallinaceous bird, gallinacean (114)

Percentile IDs

Treemap Visualization Images of the Synset Downloads
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IMZGENET - =

Neot logged in. Login | Signup

- - - L] _|_.\_I
German iris, Iris kochii 469  49.6% E
Iris of northern Italy having deep blue-purple flowers; similar to but smaller than Iris germanica pictures ng‘g;ﬂfc'ﬁg Egrd"‘at

- cultivar {0)

- cultivated plant (0)

“oweed (54)

- evergreen, evergreen plant (0)

- deciduous plant (0)

- wine (272)

- creeper (D)

- woody plant, ligneous plant {1868)

- geophyte (0)

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

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

i~ halophyte (0)
.. succulent (39) Treemap Visualization Images of the Synset Downloads

bulbous plant (179)

*. iridaceous plant (27)

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

. bearded iris (4)

Florentine iris, orris, Iris germanica florentina, Iris
German iris, |ris 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 parsica (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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IM&GENET

Court, courtyard

An area wholly or partly surrounded by walls or buildings; "the house was built around an inner court”

W Numbers in brackets: (the number of synsets in the subtree ). Treemap Visualization Images of the Synset

¥ ImageNet 2011 Fall Release (32328)
plant, flora, plant life (4486)
geological formation, formation (175)
~ natural object (1112)

sport, athletics (1786)

“ artifact, artefact (10504)

E instrumentality, instrumentation (5494)
V- structure construction (1405)

- airdock, hangar, repair shed (0)
. altar (1)

. arcade, colonnade (1)

| arch (31)

¥ area (344)

aisle (0)

|-5... auditorium (1)

- baggage claim (J)

- box (1)

- breakfast area, breakfast nook (0)
- bullpen (0)

- chancel, sanctuary, bema (0)
- chair {0)

I;+ corner, nook (2)

¥ cuurt courtyard (6)

atrium {0}

bailey (0)

- cloister (0)

- food court (0)

. forecourt (0)

L. narvie (M

Home @ Explore
About  Download

Mot logged in. Login | Signup

=1
165 92.61% )

pictures Popularity
Percentile

Downloads

Wordnet
IDs

28



Feature Engineering for CV

Edge detection (Canny)

Corner Detection (Harris)

Figures from http://opencv.org

Scale Invariant Feature Transform (SIFT)

14 Figure 1: For each octave of scale space, the initial image is repeatedly c mvdwdwn.thussumm
m}Mnrhlnp:ufplmnb]zdsmMn ntho produce the set of scale space images shown on the left Adjacent Gaussian images are sub
sprow. R show to produce the difference-of Ganssian images on the right After each octave, the Gaussian image is
mage kevs used for matchine. m“mledhv factor of 2. and the process repeated

29
Figure from Lowe (1999) and Lowe (2004)



Example: Image Classification




CNNs for Image Recognition

T=ICCV.

orrwnens, Conbenr o mrpoey fooe

Revolution of Depth 282

152 layers

xx
\
[ 22 layers ] [ 19 Ia!_.rers
\ 6.7 I

35? I“ I | 8layers || Blayers | shallow

ILSVRC'15 ILSVRC'14 ILSVRC'14 ILSVRC'13 ILSVRC'12 ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet

ImageNet Classification top-5 error (%)

Microsaft

Research

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

Slide from Kaiming He
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Feed-forward Neural Networks for Computer Vision



Feed-forward Neural Networks for Computer Vision



CONVOLUTIONAL NEURAL NETS



1. Given training data:

D = {x, y "},

A Recipe for
Machine Learning

4. Train with SGD:

(take small steps
opposite the gradient)

pU Tt = gl _ o, TR he(x(T), )

37
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Convolutional Layer

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

Input Image @
Convolved Image

Learned
Convolution

e11 e12 e13.
e21 e22 e23,
6, 16,,(6,,

32
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CONVOLUTION



2D Convolution

* Basicidea:
— Pick a 2x2 matrix F of weights (called a kernel or convolution matrix)

— Slide this over an image and compute the “inner product” (similarity) of F and the
corresponding field of the image, and replace the pixel in the center of the field with the
output of the inner product operation

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

Example: 1 input channel, 1 output channel

Input Kernel Output

Y11 = (11711 + X12T12 + 21T21 + (22T 22 + QO
11 | 12 | T13 11 | (12 Y11 | Y12

Y12 = (1112 + 1213 + (21T22 + (42223 +
T21 | T22 | T23 Q21 | (k22 Y21 | Y22 Y21 = (X11T21 + (\12T22 + (2131 + (ipaX32 + (Y

Yoo = (X11T22 + (12T23 + (V2132 + (\p2X33 + (X
31 | 32 | 33

Slide adapted from William Cohen



2D Convolution

* Pick a 2x2 matrix F of weights (called a kernel or convolution matrix)

 Slide this over an image and compute the “inner product” (similarity) of F and the corresponding field of the
image, and replace the pixel in the center of the field with the output of the inner product operation

Input Image

Convolved Image

Convolution

3
o|lo]|o 5
o | 1 1 p)
0] 1 (0] 3

42



2D Convolution

* Pick a 2x2 matrix F of weights (called a kernel or convolution matrix)

 Slide this over an image and compute the “inner product” (similarity) of F and the corresponding field of the
image, and replace the pixel in the center of the field with the output of the inner product operation

Input Image

Convolved Image

Convolution




2D Convolution

* Pick a 2x2 matrix F of weights (called a kernel or convolution matrix)

 Slide this over an image and compute the “inner product” (similarity) of F and the corresponding field of the
image, and replace the pixel in the center of the field with the output of the inner product operation

Input Image

Convolved Image

Convolution




2D Convolution

* Pick a 2x2 matrix F of weights (called a kernel or convolution matrix)

 Slide this over an image and compute the “inner product” (similarity) of F and the corresponding field of the
image, and replace the pixel in the center of the field with the output of the inner product operation

Input Image

Convolved Image

Convolution




2D Convolution

* Pick a 2x2 matrix F of weights (called a kernel or convolution matrix)

 Slide this over an image and compute the “inner product” (similarity) of F and the corresponding field of the
image, and replace the pixel in the center of the field with the output of the inner product operation

Input Image

Convolved Image

Convolution

3




2D Convolution

* Pick a 2x2 matrix F of weights (called a kernel or convolution matrix)

 Slide this over an image and compute the “inner product” (similarity) of F and the corresponding field of the
image, and replace the pixel in the center of the field with the output of the inner product operation

Input Image

Convolved Image

Convolution

3|2




2D Convolution

* Pick a 2x2 matrix F of weights (called a kernel or convolution matrix)

 Slide this over an image and compute the “inner product” (similarity) of F and the corresponding field of the
image, and replace the pixel in the center of the field with the output of the inner product operation

Input Image

Convolved Image

Convolution

2 | 2

3




2D Convolution

* Pick a 2x2 matrix F of weights (called a kernel or convolution matrix)

 Slide this over an image and compute the “inner product” (similarity) of F and the corresponding field of the
image, and replace the pixel in the center of the field with the output of the inner product operation

Input Image

Convolved Image

Convolution




2D Convolution

* Pick a 2x2 matrix F of weights (called a kernel or convolution matrix)

 Slide this over an image and compute the “inner product” (similarity) of F and the corresponding field of the
image, and replace the pixel in the center of the field with the output of the inner product operation

Input Image

Convolved Image

Convolution




2D Convolution

* Pick a 2x2 matrix F of weights (called a kernel or convolution matrix)

 Slide this over an image and compute the “inner product” (similarity) of F and the corresponding field of the
image, and replace the pixel in the center of the field with the output of the inner product operation

Input Image

Convolved Image

Convolution




2D Convolution

* Pick a 2x2 matrix F of weights (called a kernel or convolution matrix)

 Slide this over an image and compute the “inner product” (similarity) of F and the corresponding field of the
image, and replace the pixel in the center of the field with the output of the inner product operation

Input Image

Convolved Image

Convolution




2D Convolution

* Pick a 2x2 matrix F of weights (called a kernel or convolution matrix)

 Slide this over an image and compute the “inner product” (similarity) of F and the corresponding field of the
image, and replace the pixel in the center of the field with the output of the inner product operation

Input Image

Convolved Image

Convolution




PADDING



Padding

Suppose you want to preserve the size of the original input image in
your convolved image.

You can accomplish this by padding your input image with zeros.

Input Image

Convolved Image

Identity

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

o|l1]0 1

olo|o 1

55



Padding

Suppose you want to preserve the size of the original input image in
your convolved image.

You can accomplish this by padding your input image with zeros.

Input Image

Convolved Image

Identity
Convolution

O[0|O

oO|1]O0




Kernels for Image Processing

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

Input Image

Convolved Image

Identity
Convolution

O[0|O

oO|1]O0

O(0|O




Kernels for Image Processing

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

Input Image

Blurring
Convolution

B I Y O I

A 1.2 A

B I Y O

Convolved Image

58



Kernels for Image Processing

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

Input Image

Vertical Convolved Image
Edge
Detector

110 |1

-11 0| 1

59



Kernels for Image Processing

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

Input Image

Horizontal
Edge
Detector

Convolved Image

11| -1

0| 0| O




Original
Image

Convolution Examples

62



Poll Question 1:

What effect do you think the
following filter will have on an
image?

1/9(1/9|1/9
1/9(1/91/9
1/9(1/9|1/9

A. Sharpen the image
B. Blur the image
C. Shift the image left

D. Rotate the image clockwise

E. Detect edges
F. Nothing (TOXIC)

Convolution Examples

63



Gaussian

Blur

.01

.04

.06

.04

.01

.04

19

.25

19

.04

.06

.25

-37

.25

.06

.04

19

.25

19

.04

.01

.04

.06

.04

.01

Convolution Examples
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ion Examples

Convolut

Sharpening
Kernel

66



Convolution Examples

Edge
Detector

-1 -1 | -1

11 8 | -1

-1 -1 | -1




STRIDE AND DOWNSAMPLING



Stride and Downsampling

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

Input Image

Convolution

Convolved Image
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Stride and Downsampling

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

Input Image

Convolution

Convolved Image
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Stride and Downsampling

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

Input Image

Convolution

Convolved Image
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Stride and Downsampling

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

Input Image

Convolution

Convolved Image
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Stride and Downsampling

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

Input Image

Convolution

Convolved Image
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Stride and Downsampling

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

Input Image

1 Convolved Image

Convolution
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Stride and Downsampling

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

Input Image

Convolution

Convolved Image
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Stride and Downsampling

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

Input Image

Convolution

Convolved Image
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Stride and Downsampling

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

Input Image

Convolution

Convolved Image
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Stride and Downsampling

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

Input Image

Convolution

Convolved Image
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Downsampling by Averaging

* Downsampling by averaging is a special case of convolution
where the weights are fixed to a uniform distribution

* The example below uses a stride of 2

Input Image

Convolution

Convolved Image

79



Max-Pooling

Max-pooling with a stride > 1 is another 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 i+1,
Li+1,55

$i+1,j+1)

80



TRAINING CNNS



A Recipe for
Machine Learning

1. Given training data:

D = {x, y "},

4. Train with SGD:

(take small steps
opposite the gradient)

pU Tt = gl _ o, TR he(x(T), )



L VE(ha{x), 4"



SGD for CNNs

Example: Simple CNN Architecture

Given x,y* and parameters 8 = |a, 3, W|

J =Ly, y") Algorithm 1 Stochastic Gradient Descent (SGD)
y = softmax(z(5)) 1: Initialize 0
,(5) _ Iinear(z(4),W) 2: while not converged do

3: Samplei € {1,...,N}
Forward: y = hg(x(?),

J(0) = (y,y")
Backward: Compute Vg.J(60)
Update: 8 < 8 — nVyJ(0)

z) = relu(z®)
2 = conv(z'?, B)

z2) = max-pool(z!))

N R

z(Y) = conv(x, a)



LAYERS OF A CNN



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

FROC. OF THE I[EEE, NOVEMBER 1998 7
C3:f. maps 16@10x10
INPUT C1: feature maps S4: f. maps 16@5x5
32x32 6@28x28 52: f. maps C5: layer ) OUTPUT
6@14x14 120 FS:laver 48

s
e

| Fulloonrlectiun | 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.
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RelLU Layer

Forward:

¥ = x|, element-wise
ala) = max((), a)

Input: x £ B*

Backward: for each j,

dd A g
de;  dy; o

“ﬂy SUbderivative

-I'-'J_'LI‘L_{J. iz, =0

i 0 otherwise
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Softmax Layer

Output: v ¢ RY

Forward: for each 1,

explr,)

Bh =
Yo, exples)

Input: x £ K™

Backward: foreach j,

K 87 oy
= -tl'y.-ﬂi‘f-

ad .
0z ; -

wheare

iy, {m[l—y.] ifi=j

dz; - — Wil otherwize
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Fully-Connected Layer (3D input)

Forward:
1. suppose input is a 3D tensor:

| —

¢

2. flatten out tensor into a vector: i

= [-':-:":I- s s U-'(L.'-.-.u :-:1-1-';.] where U-'ujrr-.-u-':. W ok = gk

3. then push that vector through a
standard linear layer:

y=o' &+ a; wherea € RVY, ap e RY

% e R, |yl € RV




2D Convolution

Example: 1 input channel, 2 output channels

Input Kernel Output

—

Tz | s b el | o) |9l

Tor | T2 |23 | |ab) o) | (st vy
31 | T32 | £33

2 2 2 2

O‘§1) C“§2) yj(u) ng)

2 2 2 2

b |ass | |usy | s

yﬁ) = Oégll>5511 + oz§12)x12 + @511)3321 - 04512)3322 + Oz(()l)
Y1y = 012 + oy Tis + 0h) was + 0by was + o
yg) = C¥§11>ZL‘21 + 04§12>x22 + ozgll)asgl + ozglz):zzgg + oc(()l)

yé? = Oégll)@z + Oéglg)@g + 04511)51332 - Oéglg)wz’)s + Oz(()l)

(2) (2) (2) (2) (2) (2)

Y117 = Q' T11 + Qg T12 + Qg T21 + Qog T2 + O

Yia = 017 12+ 0y Tis + 05y wan + 05y wa3 + oy

ysy = 0y} w1 + ay) was + b} ws1 + b)) ws2 + o)
(2) (2) (2) (2) (2) (2)

Yoo = vy T2 + Qg T23 + Qg T3z + Q5 Taz + A
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Convolution of a Color Image

\>\¢
0\,
N R
& 0
H > Hyy
Ci n i/ 1 /

I/Vc)ut
VV;n

Color images consist of 3 floats per pixel for RGB (red, green

blue) color values
The kernel must also be 3-dimensional

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



< @ 3D Convolutional Layer
N H,
N &Q& Convolution in 3D
Qy(@\ \OQDH NAN
O K, —> » JH.
Tk, W ~ ”

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

e Convolution must also be 3-dimensional



< j 3D Convolutional Layer
.\/’  H.
n & oy . .
. C,, " Q>>§9§>/ i‘::nil}ftehls Convolutionin 3D
N kernel
A2 % | ——>
Kl’l ou out
Cin [_Iln
Kw VVout Cout W C. ’J
out n W

HH whl

= 2 ) D
II| + M i+ na

(£,
'ﬂ":'m":l h=1 w1 P e

H Heax Wi

l'l '| L
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+T..- }_: }_: :"I'| i+ U a+n 'E-"rn " ﬂlj.:,:-.-;.
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Max-Pooling Layer

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

Input Pool Size Output
Y11 — MmMax(r11,x12,T21,L22
T11 | T12 | 13 Y11 | Y12 (211, ’ ’ )
Y12 — maX<5€127 L13,L22, 9023)
21 | X22 | T23 Y21 | Y22 Yo1 = max(£21,$227$3175’732)
Y22 = maX(CC22, XL23,L32, 9033)

31 | 32 | 33




3D Max-Pooling

l:lutpul: v £ RE:F! H e = Wi

Forward:
fe) [ah
= LAY -
oLt dE{Ll . Koo rEfL. Kl 0
where
m=usli—11+g

si1—1] 4+

Input:

x £ RE= Hnx Wy,
Ky K. (kernelsize)
5 (stride)

Layer

T

&« maxl ) is not differentiable, but subdifferentiable.

@ There are a set of derivatives and we can just choose one for 56D

g = maxia, b

dy  dy dy iy 1 ifaz=h
=5 where =

de  dyda i 0 otherwise
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CNN ARCHITECTURES



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

FROC. OF THE I[EEE, NOVEMBER 1998 7
C3:f. maps 16@10x10
INPUT C1: feature maps S4: f. maps 16@5x5
32x32 6@28x28 52: f. maps C5: layer ) OUTPUT
6@14x14 120 FS:laver 48

s
e

| Fulloonrlectiun | 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.
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Architecture #2: AlexNet

& e =




CNNs for Image Recognition

T=ICCV.

orrwnens, Conbenr o mrpoey fooe

Revolution of Depth 282

152 layers

xx
\
[ 22 layers ] [ 19 Ia!_.rers
\ 6.7 I

35? I“ I | 8layers || Blayers | shallow

ILSVRC'15 ILSVRC'14 ILSVRC'14 ILSVRC'13 ILSVRC'12 ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet

ImageNet Classification top-5 error (%)

Microsaft

Research

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

Slide from Kaiming He
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Convolutional Neural Network (CNN)

Typical Architectures

—

Softmax

f

Fully connectad layear

!

Fully connectad layear

f
Fully conrested layer

FLI;rmnmdBdhyH'

FLl_rnulma::tEd lenyar

G b, VaG1s

a, Abeoc et

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

RPN

Fully connectad laver

I-' I I

Fully canrected laver

!

Fully connected laves

o W

c. Faster R-CHN
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Convolutional Neural Network (CNN)

Typical Architectures

e, FGN f. U=Nat

102
Figure from https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7327346/



Convolutional Neural Network (CNN)

Typical Architectures

Microsoft

Research

AlexNet, 8 layers % VGG, 19 layers ResNet, 152 layers
(ILSVRC 2012) (ILSVRC 2014) (ILSVRC 2015)

- =
N ICC 103
S A A J
———————"
International Conference on Computer Vision

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



Location-specific Parameters

Poll Question 2: Answer:

Why do many layers
used in computer
vision not have
location specific
parameters?



Convolutional Layer

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

2X2 3X3 4X4
Convolution Convolution Convolution
Input Image
e11 e12 e11 e12 e13 e11 e12 e13 e14
e21 e22 e21 e22 623 e21 e22 923 e24
631 e32 933 631 e32 e33 e34
e41 e42 e43 e44

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

* Alarge kernel can see more of the image, but at the
expense of speed
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CNN VISUALIZATIONS



Visualization of CNN

SESE N ESE mS  Ssssmsams § & BN NN s (BN NN

. | L1
Gem |

jisesit7 [ . —



https://adamharley.com/nn_vis/cnn/2d.html

MNIST Digit Recognition with CNNs
(in your browser)

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 - -
wre s Sl REEE
max gradient: 0.00005, min: -0.00006
parameters: 8x5x5x1+8 = 208 Activation Gradients:
Weights:
(B (R ) (12 ) (=) (ke )= ) () (o)
Weight Gradients:
(o)l (S )()(T)( ) (=) ()
softmax (1x1x10) Activations:
max activation: 0.99768, min: 0 5 EEEEEEEN

max gradient: 0, min: 0

Example predictions on Test set

Bl B B RB=
M B i Bl
B h F F 108

Figure from Andrej Karpathy



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

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



WORD EMBEDDINGS



Key Idea:

* represent each word in your

vocabulary as a vector

e storeasaV xD matrix where:
V = number of words in vocab.

D = vector’s dimension
Modeling:
* define a model in which the
vectors are parameters

* each copy of the word uses
the same parameter vector

* train model so that similar
words have high cosine
similarity

anger
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Word Embeddings
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Word Embeddings

Key Idea:

represent each word in your
vocabulary as a vector

store as a V x D matrix where:
V = number of words in vocab.
D = vector’s dimension

Modeling:

define a model in which the
vectors are parameters

each copy of the word uses
the same parameter vector

train model so that similar
words have high cosine
similarity

aardvark
anger
bat

cat

joy

zebra

in a real use case, the typical

w

-2.3( 0.0 |-2.8 -4.5
-2.8-0.9| -1.7 -4.3
-4.5|-1.3 ] 0.6 -1.7
3.5 [-2.0|-2.3 -0.4
3.0 [-0.6|-0.6 4.9
4.7 1-4.2 |-4.5 4.3

embedding dimension is in the

hundreds, e.g. D =300

Cosine Similarity of Word Pairs

anger

bat

cat

dog

joy

sadness

surprise -

Zzebra

we can’t visualize 300 dimensional
vectors, but we can inspect their

pairwise cosine similarities
112



Word Embeddings

In all the models we’re about to @ ' @ ‘ @ } y

consider (neural networks, RNNs,
Transformers) that work with

sentences...
/@feord ra@ :

... the first step is always to look

vector paramerers and use s ED -networks: | [

vector for the value of x;
I I I I I
Embedding Lookup }
T T

|
T T |

/

}x



Word Embeddings

In all the models we’re about to @ ‘ @ ‘ @ ]_
consider (neural networks, RNNs, y

Transformers) that work with
sentences...

... the first step is always to look
up the t’th word’s embedding
vector parameters and use said
vector for the value of x;

Embedding Lookup

|

®—
O,



Word Embeddings
In all the models we’re about to @ ' @ ‘ @ } y

consider (neural networks, RNNs,
Transformers) that work with
sentences...

... the first step is always to look
up the t’th word’s embedding
vector parameters and use said
vector for the value of x;

T@
|
T T T T



SEQUENCE TAGGING



Data:

Dataset for Supervised

Part-of-Speech (POS) Tagging

D — {m(n)’ y(n)}f;f:1

e @ @ ©® @ @
e @ @ @ @ @
ey @ @ ® © @

OB,
. @ @ @ @ @




Dataset for Supervised

Handwriting Recognition
Data: D= {«™, ym N

R XOXOROIOXO) JOROTORNEL

latel<|Flelel7 el i

" 9ROO0000 - I
{ILHAA1PL 1O
" 9O O0000®
IIIIHHEE e

Figures from (Chatzis & Demiris, 201



Dataset for Supervised
Phoneme (Speech) Recognition
Data: D = {z™ ym NV

Sample 1:
OOOOOOO®O®
I T‘ i

- - . e }x(l)

O @OOOO®
: 8 1 —— 5 z = T = P

%‘_‘;‘;‘,‘ "

Figures from (Jansen & Niyogi, 2013)



Time Series Data

Poll Question 3: 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 and

output? @ @ @ ‘ @ y
:

Answer:



RECURRENT NEURAL NETWORKS



Recurrent Neural Networks (RNNs)

inputs:

hidden units

outputs

nonlinearity

X
: h
Ly
. H

(x1,22,...,27),2; € R

(h17h27 . '7hT)7hi € RJ
(Y1, 92, - -

ayT)7yi S RK

Definition of the RNN:
hy =H (Wente + Whnhi—1 + bp)
Yt = Whyht + by
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Recurrent Neural Networks (RNNs)

inputs: x = (21,22, ..., xTr),x; € RI
hidden units: h = (hy, ho, . . ., hr),h; € R’

outputs: y = (y1,%2,...,yr),yi € R”
nonlinearity: H

Definition of the RNN:
hy = H (Wynxe + Wrphe—1 + by)

Yt — Whyht + by %

This form of RNN is

[ called an
Elman Network




Recurrent Neural Networks (RNNs)

inputs: x = (x1,%2,...,27),2; € R!
hidden units: h = (hi,ha,...,h7), h; € R’

outputs: y = (1,42, --,yr), ¥ € R™
nonlinearity: H

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

inputs: x = (z1,s,...,27),1; € R | Definition of the RNN:
hidden units: h = (hi, ha,...,h7),h; € R’ hy =H (W:chxt + Whnhi—1 + bh)

outputs: y = (y1,¥2,---,y1), % € R* |y = Whpyhe + by
nonlinearity: H




Recurrent Neural Networks (RNNs)

inputs: x = (x1,%2,...,27),2; € R! Definition of the RNN:
hidden units: h = (hy, ha, ..., he),hi e R7 | Pt = H (Wante + Waphe—1 + by)

outputs: y = (y1,¥2,...,yr), 4 € R® | yp = Whyhe + by
nonlinearity: H
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Background: Backprop through time

Recurrent neural
network:

BPTT:

1. Unroll the
computation
over time

n &\;a\\s‘%%
G’\O‘Omso er0> "9 )
QNN\ozeV’ 199

2. Run
backprop
through the
resulting feed-
forward
network



inputs:

hidden units:

outputs

nonlinearity:

Bidirectional RNN

x = (x1,%2,...,27),2; € R!
%
h and%

Yy = (y17y27°°'7yT)7yi GRK
H

Recursive Definition:

— —

hy=H <Wxﬁ$t + W= hyog + bﬁ)
— —

h t — H <W$<ﬁﬂ7t + W%% h t+1 + b?)

— <
yt:Wﬁyht_i_W?yht_i_by



inputs:

hidden units:

outputs

nonlinearity:

Bidirectional RNN

X = (x1,T2,...,TT), T4 e R!
_>
h andi

Y = (y17y27"'7yT)7yi ERK
H

Recursive Definition:

— —
ht =H (Wmﬁﬂft + Wﬁﬁ h t—1 + bﬁ)
<— -

h,=H (Wﬁxt + W B g1 + b%)

— <
yt:Wﬁyht‘FW%yht-l-by

rl o |

131



Deep RNNs

: Recursive Definition:
inputs: x = (21, 29,...,27),2; € R

outputs: y = (y1,%2,...,yr),y;i € RY hy =H (Whn—lhnh?_l + Wynpnhy | + bZ)

nonlinearity: H

yr = Wyny hy + b,

<Y1 Yt Y1 - - -

L1 Lt Li41 - - -
. 132
Figure from (Graves et al., 2013)



Deep Bidirectional RNNs

inputs: x = (x1,29,...,27),2; € R’

outputs: y = (y1,¥2,..-,yr), ¥ € R™
nonlinearity: H

, 133
Figure from (Graves et al., 2013)



RNN /LSTM RESULTS



Goal: label the spans
of persons, locations,
organizations, times,
etc. (aka. entities)

Data Representation:
to cast as a sequence
tagging problem, we
use Begin-Inside-
Outside (BIO) tagging
BIO tags distinguish
between adjacent
entities of the same

type

Dataset for Supervised
Named Entity Recognition (NER)

Data:

Sample 1

Sample 2:

Sample 3:

Sample 4:

D — {:1;(”), y(n)}ﬁfz1

B-PER
Tenzing
B-PER
Obama
B-PER
Steve
B-LOC

Spain

[-PER
Norgay
O
visits
[-PER
Jobs’
B-LOC

Italy

O
climbed
B-LOC
Paris
B-ORG
Apple
O

win

B-LOC

Mount

[-LOC

France

I-ORG

Inc.

0)

medals

I-LOC

Everest

@)

changed

)

tech

L o L e L e )

y

@
y
x@

.yCD

e

}WO

x@



LSTM Empirical Results

Named Entity Recognition (NER) on CoNLL
2003 (English)

* CoNLL-2003 is the most
prominent dataset for NER

* F1- higher is better Leaderboard Dataset
* blue dots are methods that use
an LSTM view F1 v by Date v| for Al models v
* an LSTM is the primary model
behind the state-of-the-art 95 ACE + document-context =
(ACE + document-context) 94 i embedinger cpr oG 12
N Bi_.L,ST:_CNN Tagm'. e .
w0
- 88
86
. .
I — - — — - — . —
Other models Models with highest F1

149
Figure from https://paperswithcode.com/sota/named-entity-recognition-ner-on-conll-2003



CNN & RNN Learning Objectives

You should be able to...

* Implement the common layers found in Convolutional Neural
Networks (CNNs) such as linear layers, convolution layers, max-
pooling layers, and rectified linear units (ReLU)

* Explain how the shared parameters of a convolutional layer
could learn to detect spatial patterns in an image

* Describe the backpropagation algorithm for a CNN

* ldentify the parameter sharing used in a basic recurrent neural
network, e.g. an Elman network

* Apply a recurrent neural network to model sequence data
* Differentiate between an RNN and an RNN-LM
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