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Previously on COM1011

e Linear regression and how to fit parameters

e The core ideas behind gradient descent
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Today:

e Overfitting
e Training data, testing data
e RZ

e Linear regression on more than one variable



“ EN EFECTO,

FUNES NO SOLO RECORDABA CADA HOJA DE CADA
ARBOL, DE CADA MONTE, SINO CADA UNA DE LAS
VECES QUE LAS HABIA PERCIBIDO O IMAGINADO.

RESOLVIO REDUCIR CADA UNA DE SUS JORNADAS
PRETERITAS, A UNOS SETENTA MIL RECUERDOS,
QUE DEFINIRIA LUEGO POR CIFRAS. LO DISUADIERON

DOS CONSIDERACIONES: LA CONCIENCIA DE QUE LA TAREA
ERA INTERMINABLE, LA CONCIENCIA DE QUE ERA INUTIL”

FUNES EL MEMORIOSO - FICCIONES DE BORGES

A fantasy short story by
Jorge Luis Borges

e Isperfect memory equal to

superintelligence?

e What did Funes lack?



Overfitting

y=ar—+b
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Overfitting

y=wﬁ+ﬁx+c

y=ar—+b
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Overfitting

y=ax+b Y = ag;2 + bx + ¢ Funes, the memorious
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Ove rfitting Funes lacked

the ability to

eneralise.
y=ar+b y = ar’ + bx + ¢ 5
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Overfitting

y:ax2+bx+c

y=ar—+b
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| How can we avoid overfitting?

Funes lacked
the ability to
generalise.
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Train-test split

e Train your algorithm

on part of the data




Train-test split

e Train your algorithm

on part of the data




Train-test split

e Train your algorithm

on part of the data




Train-test split

e Train your algorithm
on part of the data

e Test it on another part




Train-test split

e Train your algorithm
on part of the data

e Test it on another part

e Splits are usually around
80% train, 20% test

e This can be used with all

sorts of ML algorithms
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10

80% of the
datapoints
to train the

linear regression

20% to test
if it worked



But test how?
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But test how?
15;— . g ./
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But test how?

If you’re simply comparing
linear regressions on the same
variable, whichever line
minimises the loss function
(such as the L2 norm)

is the best fit.

price




But test how?

5> What if they are on different variables?

—

Y

Does it still work to compare loss functions?

price
price
price

sqft Number of Number of
rooms windows



But test how?

5> What if they are on different variables?

—

Does it still work to compare loss functions?

pred data

dat
ata yh — 9

L1 norm: Hypfed —y

m
S

L2 norm: pred _  data

Y

m
o pred data
1=1
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But test how?

Answer:
5> What if they are on different variables?

NO.

Does it still work to compare loss functions?

pred data

dat
ata yh —

1=1

. 1/2
2
_ pred dat
el DD T
i=1

L1 norm: Hypmd —y

L2 norm: pred _  data

Y

v



But test how?

To compare linear regressions, we need the same metric for all:

how good they are at predicting the y variable.
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The RZ metric R2 measures how good the

prediction is, when
compared to a model with

zero slope (so... a constant.)

First we calculate the
Sum of Squared Estimates

for this simple model:

m
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The R2 metric

R2 measures how good the
prediction is, when
compared to a model with

zero slope (so... a constant.)

First we calculate the
Sum of Squared Estimates

for this simple model:

m

2
§ G [rero _ Z (y B ygata)
1=1



The R2 metric

Then we look at every data
point, and compare its
predicted y value ( yPre?) with

its actual y value ( y?et@),

We then calculate the
Sum of Squared Estimates

for our linear model:

m
2
SSE =3 (4" = yilt)
1=1



m

The R% metric 5B = 3 (i - yitn)’

1=1

m

2

SSE =3 (4" = yilt)
1=1

Combining both:

SSE
G G [2zero

R? =1




The R% metric The linear model is just as

good as the constant model

<—

SSE = SSE**™ and Rz 0

SSE

2
=1 G G f7ero




The R2 metric The linear model is almost

as good as the original data

<—

SSE=~0 and R%2=z1

SSE

2
=1 G G [7er0




The R2 metric

Interpretation:

R? says how much of the
variation in they
variable is explained by

the linear regression.

R2 x 0.65

= 65% of the variation.



The RZ mEtriC Another name for R?:

coefficient of determination

The linear regression making the best prediction
is the one with the highest R2.
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Linear regressions with N variables

y = price
x = sqft

price

y=axr+0b

sqft



Linear regressions with N variables

y = price

x = sqft

z = number of rooms

w = number of windows

y=f(x,z,w) y=ar+bz+cw+k



Linear regressions with N variables

y = price

x1 = sqft

X> = number of rooms
x3 = number of windows

v =f(x1,X2,X3) y=ayxr]+ avxro+ azrz+b



Linear regressions with N variables

y = price

x1 = sqft

X> = number of rooms
x3 = number of windows

3
\Y :f(Xl,XZ,X3) yzzaz’%"Fb
1=1



Different models =
different assumptions  x=sdit

y = price §¥

Option 1: linear model y=axr + b

Option 2: quadratic model Yy = CL:L‘Z +bxr +c
a
| + el0—2)

Option 3: sigmoid model Y =



Different models = different assumptions

Y = ai1xq 1+ }p Works the same way.

Y — 219 +b 1. Define the model
(V= as3xr3+o



Different models = different assumptions

Y = ai1xq 1+ }p Works the same way.
Y = a9 +b 1. Define the model
Y = a3r3+o

Yy = a1r) + a2 +b

Y = ai1xq + asxr3 + b



Different models = different assumptions

Y = ai1xq 1+ }p Works the same way.
Y — 219 +b 1. Define the model
(V= as3xr3+o

Yy = a1y + agr + b

y — alxl 1T agl‘g T b

Y = a1xr] + axo + asr3 + b



Different models = different assumptions

Works the same way.

1. Define the model

2. Fit the parameters
of the model using
the training dataset




Different models = different assumptions

Works the same way.

1. Define the model

2. Fit the parameters
of the model using
the training dataset

3. Calculate R? using
the testing dataset




= price
Example of result: vz sqft
X. = number of rooms

x; = number of windows
Y = a1r] + asxro + azxrs + b



y = price

Example of result: % = sqft

X. = number of rooms

x; = number of windows
Y = a1r] + asxro + azxrs + b

y = 0.6bx1 +0.1229 4+ 0.01 25+ 11.3



y = price

x: = sqft

X. = number of rooms
X; = number of windows

Example of result:

Y = a1r] + asxro + azxrs + b

y = 0.6bx1 +0.1229 4+ 0.01 25+ 11.3
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