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A SiImple Task
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Image Classification
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Image Classification

Occlusions

1% \.;g 7.
/ )

N 3
= ) =
= g
-—

—

l2DL: Prof. Dai 5



Image Classification

Background confusion
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All Images Videos News Shopping More Settings Tools SafeSearch ~

Pose [lluMmination Appearance
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@ Image Classification

)/

Representation
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A Simple Classifier
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Nearest Neighbor —
NN classifier = dog

distance
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Nearest Neighbor

K-NN classifier = cat

distance
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Nearest Neighbor

The Data NN Classifier 5NN Classifier

Source: https.//commons.wikimedia.org/wiki/File:Dataiclasses.png

How does the NN classifier perform on training data?

What classifier is more likely to perform best on test data?
What are we actually learning?
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https://commons.wikimedia.org/wiki/File:Data3classes.png

Nearest Neighbor
L1 distance: ||x — c||;
* Hyperparameters < L2 distance : ||x — c]|»
No. of Neighbors: k

* These parameters are problem dependent

« How do we choose these hyperparameters?
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Machine Learning for
Classification



Machine Learning

« How can we learn to perform image classification?

Task Experience
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Machine Learning

« My(I) € {DOG, CAT}

t
/1IN \

Model Image Class Label

Model Params
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Machine Learning

« Mg(I) € {DOG, CAT} Given n images with train labels

/IN N\

Model Image Class Label

Model Params

0" = argmin 2,; D(Mg (1), ;)
g \

‘Distance’ function {DOG, CAT} ;-
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Basic Recipe for Machine Learning
« Split your data

00% 20% 20%

train validation

|

Find model params 6

Other splits are also possible (e.g., 80%/10%/10%)
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Basic Recipe for Machine Learning
« Split your data

00% 20% 20%

train validation

\ )
I

Find your hyperparameters

Other splits are also possible (e.g., 80%/10%/10%)
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Basic Recipe for Machine Learning

A\ \

Test setis only used once!

\. J
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Machine Learning

« How can we learn to perform image classification?

Task Experience

Performance
measure

2Dl Prof. Dai
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Machine Learning

Unsupervised learmning Supervised learning

« Labels or target classes
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Machine Learning

Unsupervised learning
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Supervised learning

CAT

DO
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Machine Learning

Unsupervised learmning Supervised learning

CAT

« No label or target class

« Find out properties of
the structure of the
data

* 20, k-means
clustering, PCA
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Machine Learning

Unsupervised learning Supervised learning
CAT
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Machine Learning

Unsupervised learning Supervised learning

CAT
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Machine Learning

Unsupervised learning Supervised learning

Reinforcement learning

iNnteraction .
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Machine Learning

Unsupervised learning Supervised learning

Reinforcement learning

reward .
< Environment

eg., game playing, robotic
LLM fine-tuning
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Machine Learning

Supervised learning
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L Inear Declision

Boundaries

Let's start with a simple linear model!
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\What are the pros
and cons for using
LInear decision
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L Inear Regression



Linear Regression

o Supervised learning

« Find a linear model that explains a target y given
iNputs x
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Linear Regression
Training

(X1 Fin > 0
Data poiRts ' Model parameters

Input (e.g., iImage,
measurement) Labels
(e.g. temperature)
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Linear Regression

can be parameters of a

Training Neural Network
{xl:n’ yl:n} > o

Data points Model parameters

Xn+1,0 > Yn+1

Estimation

Testing
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Linear Prediction

« A linear model is expressed in the form

— Input dimension

Vi =

]T\

Input data, features

d
=1
weights (e, model parameters)
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Linear Prediction

« A linear model is expressed in the form
d

yi = 90 + ZXUHJ = HO + Xi191 + xl-202 + et xl-de

> X
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Linear Prediction
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Linear Prediction

X11 X1d 0,

X21 X2d 0,

Xn1 Xna | 104 \
1 X11 X1a | [0

|1 *21 X2a | |04
1 Xna Xnd 1 164

X0



Linear Prediction

y = X6 Input features
Prediction (one sample has d
\ / features)
Vil [1)*r  X1a|][6o
Vo | _ |1 %21 = X2a | |01] T
S I I : : Model
Ynl L1 Xp1 o Xpa 1104 parameters

(d weights and 1 bias)
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Linear Prediction
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Linear Prediction

\}K@ How do we
Y ™ :
© @ o obtainthe
Q@ 2 Q@
& N model?
NN K
Temperature o
~of the building O 2 6\\0@ Q
Oy F oI
[ ] 1 2550250].
& _
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How to Obtain the Model?

Labels (ground truth)
y

Data pointg

‘<Dphnmzahon ‘

| 0SS
function

Model parameters ngnanon

6 )y
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How to Obtain the Model?

« Loss function: measures how good my estimation is
(how good my model is) and tells the optimization
method how to make it better.

« Optimization: changes the model in order to improve
the loss function (i.e., to iImprove my estimation).
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Linear Regression: Loss Function

y o
@ @
o o Prediction:
P o J, Temperature
-1 ° of the building
> X
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Linear Regression: Loss Function

Yy o

® @

@
@ @

el

e
> X
_ Objective function
Minimizing (0) = _Z(A, — )2 nergy
/ néd YL Cost function
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Linear Regression: Loss Function

A
y o
© ()
| o One outlier
’;, ~ changes the
- : whole
> X

orediction
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Optimization: Linear Least Squares

« Linear least squares: an approach to fit a linear model
to the data

1 n
mein J(8) = EZ()AH — yi)?

« Convex problem, there exists a closed-form solution
that is unigue (f XTX Is invertible).
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Optimization: Linear Least Squares

min J(0) = EZ(% —yi)° = EZ(XL'G —¥i)
1= =1

/ |

n training samples The estimation comes
from the linear model
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Optimization: Linear Least Squares

min J(0) = EZ(% —yi)° = EZ(XL'G —¥i)
1= =1

min /(8) = (X6 —y)" (X0 — ) Matrix notation
n training samples, n labels
each input vector has
sized
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Optimization: Linear Least Squares

min J(08) = EZ(% —yi)° = EZ(XL'G —¥i)
1= l=

min /(8) = (X6 —y)" (X0 — ) Matrix notation

| More on matrix notation in the next exercise session |
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Optimization: Linear Least Squares

n

1% 1
min J(8) = EZ(DA&' —yi)? = EZ(XL'H — ¥i)?

i=1

min J(6) = (X6 —y)" (X6 —y)

l Convex

o) _

00

Optimum  —)
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Optimization Details in the

exercise
session!

0](6)

7 2XTXe — 2XTy = 0
PY: y

0 = (XTX)"1XTy

/ ~

We have found True output

! aﬁalyticat Ir;puts OLitSIde Temperature of
solution to a emperature, the building
convex problem number of people,

l2DL: Prof. Dai



Best

-stimate?

e |east squares estimate

1 n
J(08) = EE()AG' —yi)?
i=1
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Maximum Likelinood



Maximum Likelihood Estimate

Paata(YIX) True underlying distribution

|

Pmoaet(Y1X,8)  Parametric family of distributions

\

Controlled by parameter(s)
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Maximum Likelihood Estimate

« A method of estimating the parameters of a statistical
model given observations,

Pmodel (Y|Xr 9)

P

Observations from Paata (¥Y1X)
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Maximum Likelihood Estimate

« A method of estimating the parameters of a statistical
model given observations, by finding the parameter
values that maximize the likelihood of making the
observations given the parameters.

Oy = arg meax pmodel(lel 0)

l2DL: Prof. Dai



Maximum Likelihood Estimate

« MLE assumes that the training samples are
iIndependent and generated by the same probability
distribution

n
pmodel(lex 9) — 1_[ pmodel()’i |Xir 0)

T i=1

'.1.d." assumption
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Maximum Likelihood Estimate

n
Oy = arg max

i=1

Pmodel (VilXi, @)

n
Oy = arg max z log| Pmoder (VilXi, 0)

=1

Logarithmic property logab =

l2DL: Prof. Dai

loga + logb

60



Back to Linear Regression

n
Oy = arg max 2 logl Pmoder (VilXi, 0)
=1

l

\What shape does our
orobability distribution
have?
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Back to Linear Regression

p(y;|x;,0)  What shape does our probability
distribution have?
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Back to Linear Regression

Gaussian / Normal

p(yilx;, @) distribution

Assuming  Yi ~ N (x;0,0°) = x;0 + N'(0,0%)

mean
Gaussian.

() = e FEO
V (2mo?)

l2DL: Prof. Dai
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Back to Linear Regression

p(y;lx;,0) =7

Assuming  Yi ~ N (x;0,0°) = x;0 + N'(0,0%)

1
mean
Gausslan: |
1 1
.) = 202 Vi
PO = T ¢ (AN
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Back to Linear Regression

1 2
p(y;|x;,0) = 2nc?)~?e 202(yl

Assuming  Yi ~ N (x;0,0°) = x;0 + N'(0,0%)

Gaussian.

1
e —W(J’ i

p(yi) = TZne®)

l2DL: Prof. Dai

mean

Vi "’N(,U,O'z)



Back to Linear Regression

Assumption: a Gaussian at every x;, mean xi0 (the line), variance o° (fixed
constant)

y A

yiNN(XiO, 02)

p(yilx;, @) = height of the bell at y;

v
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Back to Linear Regression

EETP -
p(y;|x;, 8) =(2m0?)~1/2¢ 252 @

Original = i
optimization Omr = arg max z Pmodet VilXi, 0)
i=1

oroblem
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Back to Linear Regression
z log [(Znaz)_% e_riz(yi_x"e)zl
(=1 l Canceling log and e

1 2 . 1 2
—5log (2ma?) + Z — 53 ) Wi — x:0)
=1
l Matrix notation

-

Il
—

l

n

1
2\ " (n T (~y
2log(27w ) P (y —X0)" (y — X0)
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Back to Linear Regression

n
Oy = arg max z log Pmoder (VilXi, @) >
=1

n 1
——log(2mo?) — 52 (V- X0)" (y — X60)

2 maximizing this & minimizing J(0) - (y - X0)T(y - X0)
0 How can we find
Detalls in the
| . M — the estimate of
exercise session! 00 fheta?

0 =(XTX)"1XTy
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Linear Regression

¢ Maximum Likelihood Estimate (MLE) with a Gaussian
assumption leads to the Least Squares Estimation

« Introduced the concepts of loss function and
optimization to obtain the best model for regression
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Regression vs Classification

« Regression: predict a continuous output value (eg,
temperature of a room)

« Classification: predict a discrete value
— Binary classification: output Is either O or 1 _
— Multi-class classification: set of N classes
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TUTi

[ ogistic Regression

‘Cool Kitty" by ~Pawsitive~-Candie_N, Flickr, CC BY 2.0
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Sigmoid for Binary Predictions

1
14+e™

Xo o(x) =
1

Can be interpreted
as a probability
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Spoiler: 1-Layer Neural Network
1
1+e ™

X0 o(x) =
1

Can be interpreted
as a probability
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Loglstlc Regressm Max L|kel|hood

Bernoulli
p(yﬁz\,:/iilfyi:l, p(YlX 0) == :)’;yl(l y )(1 yl)
1-Vilfyi=0 \ |
« Maximum Likelihood Estimate Vi =p0:i=1x;,0)

Oy = arg mglx v|X, 0)
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Logistic Regression: Loss Function

n

p(yIX,0) = | |97 —9) D

1=

n
logp(ylX,0) = z log (yl.“(1 — yi)(l—yi))
i=1

n
z yilogy; + (1 —y;)log(1 — ¥;)
=1

(given that we have two classes)
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Logistic Regression: Loss Function

L, y) = —lyilogy; + (1 —y;) log(1 — ¥;)]

Referred to as binary cross-entropy loss (BCE)

« Related to the multi-class loss you will see in this
course (also called softrmax (0ss)
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Logistic Regression: Optimization
e [Loss for each training sample:
L&, yi) = —[yilogd; + (1 — y;) log(1l — ¥;)]

e Overall loss

c(6) = Zﬁ(yl o)

/ yi = a(x;0)
Minimization 1
=——) Vi logy; + (1 —y;)log(1—

[

M:

Il
[y
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Logistic Regression: Optimization

 No closed-form solution

« Make use of an iterative method = gradient descent

More on gradient
descent soon
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Takeaways

« K-NN stores the training data, parametric models
learn parameters 6

« Train / validation / test split: use the test set only
once

« Maximum likelihood turns a noise assumption into a
lOSS:
— Gaussian — least squares (linear regression)
— Bernoulll — binary cross-entropy (logistic regression)
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Next Lectures

« Next exercise session: Math Recap |

 Next Lecture: Lecture 3

— Jumping towards our first Neural Networks and
Computational Graphs
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References for further Reading

 Books, free online:

— S Prince. Understanding Deep Learning. MIT Press, 2023, Ch. 2 and 5,
udlbook.github.io/udlbook

— C. Bishop, H. Bishop. Deep Learning: Foundations and Concepts. Springer, 2024,
Ch. 4 and 5. bishopbook.com

« General Machine Learning book:
— C. Bishop. Pattern Recognition and Machine Learning. Springer, 2006,
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See you next week ©



