Introduction to machine learning I

« Example of ML in computer vision
« Pedestrian detection
« Pipeline of visual recognition

« Regression
« Linear model
 Fitting a model to data; least squares
« Statistical interpretation: maximum likelihood estimation



Outline of this course (computer vision)

Model-based vision

1.

Camera models
« calibration

Two-view geometry
Multi-view 3D reconstruction

Numerical computation
« DLT

« robust method (RANSAC)

- statistical inference

« optimization (BA)

Exemplar-based vision

1.

Introduction to machine
learning I

Introduction to machine
learning II

Feed-forward neural
networks

Training neural networks

Convolutional neural
networks

Feature representation and
transfer learning

Recurrent neural networks



Example: pedestrian detection
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Example: pedestrian detection
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Example: pedestrian detection

Two-class classifier is trained
using many samples

Pedestrian images

Classifier

Pedestrian
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le: pedestrian detection

Feature extraction : extracts
what makes it pedestrian

Feature extraction




Example: pedestrian detection

Feature extraction : extracts
what makes it pedestrian

Feature extraction




Example: pedestrian detection




Standard pipeline of visual recognition

Feature Feature Classificati

. _ < Result
extraction on

Image -

Pedestrian




Regression
« Suppose we have N pairs of samples (data)

{xp}(n=1,...,N) {d,}(n=1,...,N)

« Regression is to predict the value d for a new input x
« To do this we wish to have a function

y(X’n) ~ dn

8



Linear regression

 Linear regression model: represents an output by a linear
sum of inputs

1
y(X7W)2w0+w1$1+"'+w15L‘I ?J(Xaw):WT [ ]

{ x=l[z1,...,27]"  w=|wy,wi,...,wr]" J
 When the target (output) is multi-dimensional
dn — [dn17 I 7dnJ]T

y(x) = [y1(x),...,ys(x)]"




Fitting a model (=training/learning)
« N pairs of observation and its associated target value are given
{x,}(n=1,...,N) {d,}(n=1,...,N)

« We want to have w such that the model best explains the N
pairs of samples

« We choose the value w minimizing the sum of squared errors
N

E(w) = Z(dn — y(XmW))Q

v
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Computing the optimal parameter

« Linear least squares

fj y(Xn, W) y(x,w) =w' H

n=1

(A — (0, W))? = (dn g ])

=> (d—[1 x[]w)’

n=1
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Computing the optimal parameter
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Ew)=||:]—-1 |w
_dN_ _1 X]—I\_]_

w minimizing the above is given by:

w=(A"A)"'A"d

_dl | _1 Xl i
d = A =
_dN_ _1 X%_

W IS a stationary point of E(w)

Ew)=(d-Aw)' (d— Aw) = B _ —2A"(d—Aw)=0

dw



Interpretation from statistical point of view:
Maximum likelihood estimation

« Assuming the target d for a given x is generated as follows:
d=y(x,w)+e¢
« where € is a random noise with a Gaussian distribution

e~ N(0,07)

« The posterior density of d when x has been observed is given by

Pl %) = —=— exp (_ (0 — yé:;,w»?))

 Joint posterior distribution of all N samples

N
p(dla"'adN|X17"'7XN) — Hp(dn|Xn)
n=1



Interpretation from statistical point of view:
Maximum likelihood estimation

Given N pairs of an observation and target value, we wish to
determine w such that the model best explains them

If we employ maximum likelihood estimation, the answer is to
choose w maximizing the likelihood of the data (N samples)

N
Z(W) Ep(dla'“)dl\f‘Xlaﬂ')XN;W) — Hp(dn‘xnvw
=1

Equivalent to minimization of its negative log-likelihood, which is
more convenient

— log [(w Zlogp (dn, | Xn; W) E(w)
n=1
1 /
=53 Z y(Xn, W))? + const.

log{Aexp(B/C)} =log A+ logexp(B/C)=1log A+ B/C



