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Supervised Learning

= Machine learning: Building a model by learning from
labeled experience (including data).

What items a
= An important and general problem in machine particular customer
learning is learning or inferring a functional bought?
relationship between a set of attribute or feature
variables and associated response or target variables.

Whether or not a
= So that based on the model, we can predict the  customer like
. o
response for any set of attributes. recommendations:



Why do We Need Predictions?

Rationality: Using all available information to achieve
goals, which includes people’s predictions.

All decisions are more or less made based on explicit
or implicit predictions.

It is not easy (but not impossible) to assess learned
models without predictions in advance.

Better and faster predictions help to make better
decisions. (p.168)
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= Define Model

Compile Model

s 1rain/Fit Model

=== CVvaluate Model

== [Vlake Predictions




Linear Modelling

= The most straightforward of learning problems,
linear modelling (learning a linear relationship
between attributes and responses).

= This linear modelling is often known as regression,
originally used in the context of genetics by Francis
Galton (Friday Feb 9 1877).

* The puzzle of why human heights do not spread out
from one generation to the next, led him to the
discovery of “regression to the mean.”


https://youtu.be/CdjnXh3eiy4
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Assumptions

" The relationship between the gold medal winning
time for the men's 100m at the Olympic Games held
since 1896 and the year is assumed to linear:

t=f(x;w,,wy) =w, +wx

= The learning task involves using the data to choose
suitable values for the two parameters wy and wjy.

" The best solution consists of the values of wy and wy
that produce a line that passes as close as possible to
all of the data points.

Is it possible to pass
through all data points?
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Defining a Good Model

= A common way of measuring how close a model gets
to one of data points is the squared loss function:

Ly (ty, f(xn; Wo:Wl)) = (ty — f(xn; Worwl))z

= As we want a low loss for all data points, we consider
finding the best values of parameters as

N
X 1 Mean S uared error
argmin — L. (t,, f(x,;w,,wi)) q
wow. N (MSE)

o1 n=1

= We choose the squared loss so that an analytical
solution can be derived.



Ordinary Least-Squares (OLS)

= This is called the least-squares errors method
(introduced by Gauss (1795) and Legendre (1805)).

Olympic men’s 100 m data.

1n In In Tnln £r }21

| 1896 | 12.00 | 22752.0 | 3.5948 x 10°
2 1900 | 11.00 | 20900.0 | 3.6100x 10°
3 1904 | 11.00 | 20944.0 | 3.6252x10°
4 1906 | 11.20 | 21347.2 | 3.6328x10°
5 1908 | 10.80 | 20606.4 | 3.6405x10°
6 1912 | 10.80 | 20649.6 | 3.6557x10°
7 1920 | 10.80 | 20736.0 | 3.6864x10°
8 1924 | 10.60 | 20394.4 | 3.7018x 10
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Making Predictions

= Based on the linear regression model, we can use it to
predict the winning time for a year that we have not

yet observed.
flx;w,,wy) =36.416 — 0.0133 x

f(2012;w,,w;) = 36.416 — 0.0133 x 2012 = 9.595
f(2016;w,,w;) = 36.416 — 0.0133 * 2016 = 9.541

= These values are incredibly precise. It seems unlikely
to predict the outcome to a high degree of accuracy. It
is more useful to express a range of values.
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Non-Linear Response

" The linearity in the parameters is desirable from a
computational point of view. Consider augmenting

our data matrix X with additional column x2.
i ‘. x12
X — : \
XN xz%/

= We are now fitting a quadratic function
flow) =wlix =wy + wix + wyx
and the normal equation can be used to find W .

2



40

35

30

25

20

15

10

~o

e



Fitting Polynomial Functions

= We can add as many powers of as we like to get a
polynomial function of any order K > 0.

T 0 K You usually include

X1 X7 all available data,
X=1": . right?

xl(\)l x{\? The principle of total

evidence by
Rudoff Carnap (1947)

= Qur function can be written in a more general form

K
fle:w) = ) wex®
;} .
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Model Complexity

" |s the eighth-order model better than the first-order
model? To make the most accurate predictions, the
best model should generalize beyond the training
data, and perform best on the unseen future data.

= The eighth-order polynomial gets closer to the
observed data than the first-order model. (L% =
0.459, L1 = 1.358)

* The (dashed) predictions outside the range of the
observed data do not look sensible.



Occam’s Razor

= A problem-solving principle:
If you have two competing ideas to
explain the same phenomenon, you
should prefer the simpler one.

= Numquam ponenda est pluralitas
sine necessitate
(Plurality should never be placed
without necessity)

* Heliocentricism uses 7 assumptions.
Geocentricism needs a lot.
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Non-Polynomial Functions

= We are not restricted to polynomial functions.

C hi(x1)  he(x1) -+ hik(x1) |
hi(z2)  ha(x2) --- hi(x2)
X —
| hi(zn) ho(zn) -+ hk(zN)

= For a LS fit of f(x; W) = wy + wix + w,sin (xb%a)

witha = 2660 and b = 4.3, L = 1.1037
(The non-linear basis function causes oscillations).
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Model Selection

= We would want to choose a model that both
(i) Accurately captures the regularities in its training
data
(ii) Generalize well to the unseen data

= Qverfitting occurs (a model overfits) when the model
suffers from an overreliance on or pays too much
attention to the training data.

* The model does not generalize well to new data, and
the quality of predictions deteriorates rapidly.



Optimal Model Complexity

= We would want to choose a model that both
(i) Accurately captures the regularities in its training
data
(ii) Generalize well to the unseen data

= Qverfitting occurs (a model overfits) when the model
suffers from an overreliance on or pays too much

attention to the training data. |
Letting data speak

is always good?

* The model does not generalize well to new data, and
the quality of predictions deteriorates rapidly.



Validation

= One common way to overcome the overfitting
problem is to use a second dataset (a validation set).
Ex. Removing all Olympics since 1980 from the
training set and make these the validation set.

= The training loss decreases monotonically as the
polynomial order (model complexity) increases.

= The validation loss suggests that a first-order
polynomial has the best generalization ability and
will produce the most reliable prediction. (np.split())
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Kaggle Platform

= Kaggle is a data science competition platform and
online community for data scientists and machine
learning practitioners under Google LLC.

File Edit View Run Settings Add-ons Help

4 }( LD ‘j @ Turn off internet ® Draft Session
:|:ﬁ:|: Accelerator 4 None
> # This | @ Environment Preferences » GPU T4 x2 t installe
# It 1s wverzrneu wy tne Kaygygrerpyunuom ool taggle/doc
# For example, here's several helpful p: GPU P100

_ v TPUVMv3-8
import numpy as np # linear algebra

import pandas as pd # data processing, CSV file I/0 (e.g. pd.read_csv)



California Housing Dataset

* The data contains information from the 1990
California census, one row for per census block group.

https://www.kaggle.com/datasets/camnugent/califor
nia-housing-prices

= A block group is the
smallest geographical
unit for which the U.S.
Census Bureau publishes
sample data (typically
has a population of 600
to 3,000 people).

R o P e i



https://www.kaggle.com/datasets/camnugent/california-housing-prices
https://www.kaggle.com/datasets/camnugent/california-housing-prices

Exam 2a

* What is the best exclusion of one explanatory variable for the
California housing dataset (with the lowest log(validation loss))?

* What is log(validation loss) for the above best model?

https://forms.gle/qZc9gbvZzjWpxuMk7



https://forms.gle/qZc9qbvZzjWpxuMk7

	Slide 1
	Slide 2: Exam 1b:  https://meee.ing/66b862
	Slide 3: A First Course in Machine Learning Chapter 1
	Slide 4: Supervised Learning
	Slide 5: Why do We Need Predictions?
	Slide 6
	Slide 7
	Slide 8: Linear Modelling
	Slide 9
	Slide 10
	Slide 11
	Slide 12: Assumptions
	Slide 13: Metropolis Algorithm
	Slide 14
	Slide 15: Defining a Good Model
	Slide 16: Ordinary Least-Squares (OLS)
	Slide 17: Inconsistent Equations
	Slide 18: Squared Error
	Slide 19: Least-squares Solution
	Slide 20: Orthogonality
	Slide 21: Inner Product
	Slide 22: With Multiple Variables
	Slide 23: Normal Equations
	Slide 24: Projection by a 3x2 Matrix
	Slide 25: Projection as a Prediction
	Slide 26: OLS Regression Coefficients
	Slide 27
	Slide 28: Making Predictions
	Slide 29
	Slide 30: Making Predictions
	Slide 31: Non-Linear Response
	Slide 32
	Slide 33: Fitting Polynomial Functions
	Slide 34
	Slide 35: Model Complexity
	Slide 36: Occam’s Razor
	Slide 37
	Slide 38: Principle of Total Evidence
	Slide 39: Non-Polynomial Functions
	Slide 40
	Slide 41: Model Selection
	Slide 42: Optimal Model Complexity
	Slide 43: Validation
	Slide 44: Validation
	Slide 45: Quiz 6a
	Slide 46
	Slide 47: Kaggle Platform
	Slide 48: California Housing Dataset
	Slide 49: Titanic Competition
	Slide 50: Cross Validation
	Slide 51
	Slide 52: LOOCV
	Slide 53
	Slide 54: Drawback of CV
	Slide 55: Artificial Data
	Slide 56: Artificial Data
	Slide 57: Regularization
	Slide 58
	Slide 59
	Slide 60: Ridge Regression
	Slide 61: Ridge Regression
	Slide 62: Ridge Regression
	Slide 63
	Slide 64: LASSO
	Slide 65
	Slide 66
	Slide 67: Homework 1
	Slide 68: 5-Minute Seminar
	Rogers Ch.1.pdf
	Slide 1
	Slide 2: Exam 1b:  https://meee.ing/66b862
	Slide 3: A First Course in Machine Learning Chapter 1
	Slide 4: Supervised Learning
	Slide 5: Why do We Need Predictions?
	Slide 6
	Slide 7
	Slide 8: Linear Modelling
	Slide 9
	Slide 10
	Slide 11
	Slide 12: Assumptions
	Slide 13: Metropolis Algorithm
	Slide 14
	Slide 15: Defining a Good Model
	Slide 16: Ordinary Least-Squares (OLS)
	Slide 17: Inconsistent Equations
	Slide 18: Squared Error
	Slide 19: Least-squares Solution
	Slide 20: Orthogonality
	Slide 21: Inner Product
	Slide 22: With Multiple Variables
	Slide 23: Normal Equations
	Slide 24: Projection by a 3x2 Matrix
	Slide 25: Projection as a Prediction
	Slide 26: OLS Regression Coefficients
	Slide 27
	Slide 28: Making Predictions
	Slide 29
	Slide 30: Making Predictions
	Slide 31: Non-Linear Response
	Slide 32
	Slide 33: Fitting Polynomial Functions
	Slide 34
	Slide 35: Model Complexity
	Slide 36: Occam’s Razor
	Slide 37
	Slide 38: Principle of Total Evidence
	Slide 39: Non-Polynomial Functions
	Slide 40
	Slide 41: Model Selection
	Slide 42: Optimal Model Complexity
	Slide 43: Validation
	Slide 44: Validation
	Slide 45: Quiz 6a
	Slide 46
	Slide 47: Kaggle Platform
	Slide 48: California Housing Dataset
	Slide 49: Titanic Competition
	Slide 50: Cross Validation
	Slide 51
	Slide 52: Exam 2a
	Slide 53: LOOCV
	Slide 54
	Slide 55: Drawback of CV
	Slide 56: Artificial Data
	Slide 57: Artificial Data
	Slide 58: Regularization
	Slide 59
	Slide 60
	Slide 61: Ridge Regression
	Slide 62: Ridge Regression
	Slide 63: Ridge Regression
	Slide 64
	Slide 65: LASSO
	Slide 66
	Slide 67
	Slide 68: Homework 1
	Slide 69: 5-Minute Seminar

	Rogers Ch.1.pdf
	Slide 1
	Slide 2: Exam 1b:  https://meee.ing/66b862
	Slide 3: A First Course in Machine Learning Chapter 1
	Slide 4: Supervised Learning
	Slide 5: Why do We Need Predictions?
	Slide 6
	Slide 7
	Slide 8: Linear Modelling
	Slide 9
	Slide 10
	Slide 11
	Slide 12: Assumptions
	Slide 13: Metropolis Algorithm
	Slide 14
	Slide 15: Defining a Good Model
	Slide 16: Ordinary Least-Squares (OLS)
	Slide 17: Inconsistent Equations
	Slide 18: Squared Error
	Slide 19: Least-squares Solution
	Slide 20: Orthogonality
	Slide 21: Inner Product
	Slide 22: With Multiple Variables
	Slide 23: Normal Equations
	Slide 24: Projection by a 3x2 Matrix
	Slide 25: Projection as a Prediction
	Slide 26: OLS Regression Coefficients
	Slide 27
	Slide 28: Making Predictions
	Slide 29
	Slide 30: Making Predictions
	Slide 31: Non-Linear Response
	Slide 32
	Slide 33: Fitting Polynomial Functions
	Slide 34
	Slide 35: Model Complexity
	Slide 36: Occam’s Razor
	Slide 37
	Slide 38: Principle of Total Evidence
	Slide 39: Non-Polynomial Functions
	Slide 40
	Slide 41: Model Selection
	Slide 42: Optimal Model Complexity
	Slide 43: Validation
	Slide 44: Validation
	Slide 45
	Slide 46: Kaggle Platform
	Slide 47: California Housing Dataset
	Slide 48: Exam 2a
	Slide 49: Titanic Competition
	Slide 50: Cross Validation
	Slide 51
	Slide 52: LOOCV
	Slide 53
	Slide 54: Drawback of CV
	Slide 55: Artificial Data
	Slide 56: Artificial Data
	Slide 57: Regularization
	Slide 58
	Slide 59
	Slide 60: Ridge Regression
	Slide 61: Ridge Regression
	Slide 62: Ridge Regression
	Slide 63
	Slide 64: LASSO
	Slide 65
	Slide 66
	Slide 67: Homework 1
	Slide 68: 5-Minute Seminar


