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Learning Goals

•develop intuition for how ML works

•become familiar with concept of data points 

•…with concept of a model

•…with concept of a loss function
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What is all About ? 

fit models to data to make 

predictions or forecasts ! 
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4,  5,  6,  7,  8,  ?
1. element 2. 3. 4. 5. 6.

“data point”
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1 1 1

1/2 ?1

“features”

“label”
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?
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?
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?“Cat”“Cat” “Dog”

https://commons.wikimedia.org/

features (pixel RGB values)

label
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min tmp: -10 
max tmp: -3

min tmp: -3
max tmp: 4

min tmp: 1
max tmp: 5

min tmp: -6 
max tmp: ?

data point

“feature”

“label”
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so, how does it work?
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use hypothesis about data generation 

to make predictions (forecasts)
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4,  5,  6,  7,  8,  ?

“hypothesis”
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“Life-Long Learning”



Three Components of ML 
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“What I’m finding is that for a lot of
problems, it’d be useful to shift our
mindset toward not just improving
the code but in a more systematic
way of improving the data,” said
Andrew Ng

https://read.deeplearning.ai/the-batch/issue-84/



data 
= 

set of datapoints
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What is a Datapoint?

some object that might carry relevant 
information



Datapoint = Some Item in Wikidata

https://upload.wikimedia.org/wikipedia/commons/a/ae/Datamodel_in_Wikidata.svg
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Datapoint = Some Period of Time
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1.1.2020 01:00  - 2.1.2020 13:00



Datapoint = Some Wireless Signal
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T. J. O’Shea, T. Roy and T. C. Clancy, 
"Over-the-Air Deep Learning Based Radio Signal Classification," 
in IEEE Journal of Selected Topics in Signal Processing, vol. 12, no. 1, pp. 168-179, Feb. 2018, 
doi: 10.1109/JSTSP.2018.2797022.



Datapoint = Some Country
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Datapoint = Some Protein
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Datapoint = A Partial Differential Equation
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https://www.pnas.org/content/115/34/8505/tab-article-info



Datapoint = Some Bridge
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https://commons.wikimedia.org/wiki/Category:Bridges



Datapoint = Image Sketch
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https://ml4a.net/



Features and Labels.
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datapoint characterized by 
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• features: low-level properties; easy to 
measure/compute

• labels: high-level quantity of interest; 
difficult to measure/determine



Numeric Features
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we mainly use numeric features 
x1,…,xn to characterize a datapoint 

stack features into feature vector 

Python: use numpy array to store features

discuss feature learning methods later
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Features of an Image. 
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Features of an Audio Recording.
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Datapoint = Period of Time
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1.1.2020 00:00  - 1.1.2020 23:55

features: temperature recordings @ 01:00, 
03:00, 05:00

label: temperature recording @ 23:00



Datapoint = Wireless Signal
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T. J. O’Shea, T. Roy and T. C. Clancy, 
"Over-the-Air Deep Learning Based Radio Signal Classification," 
in IEEE Journal of Selected Topics in Signal Processing, vol. 12, no. 1, pp. 168-179, Feb. 2018, 
doi: 10.1109/JSTSP.2018.2797022.

features: 

label: 



Datapoint = A Protein
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features: 

label: 



Datapoint = A Partial Differential Equation
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https://www.pnas.org/content/115/34/8505/tab-article-info

features: 

label: 



Datapoint = A Bridge

A. Jung CS-C3240 Machine Learning 35

https://commons.wikimedia.org/wiki/Category:Bridges

features: 

label: 



Datapoint = Image Sketch
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https://ml4a.net/

features: 

label: 
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Datapoints, their Features and 
Labels are Design Choices!
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raw data from FMI https://en.ilmatieteenlaitos.fi/download-observations



data point

labelfe
at

ur
es
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data point, features and label 
are design choices!
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Key Parameters of a Data Set

number 𝑚 of 
data points
“sample size”

number 𝑛 of features
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Feature Deluge. 
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modern information 
technology provides huge 
number of raw features 

• smartphones 
• webcams 
• social networks 
• smart watch
• ….
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use only most relevant features but not fewer. 

missing relevant features bad for accuracy 

using many irrelevant features wastes 
computation and might result in overfitting
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missing relevant features bad for accuracy 

data point = some day at 
FMI station 

feature = nr of hourly observations

want to predict maximum daytime
temperature 
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using irrelevant features wastes comp. resources

data point = some day at 
FMI station 

feature = hourly temp. 00:00 –
15:00

want to predict temp at 16:00
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Label is Design Choice! 
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YOU choose the label of a data point 

by choosing/defining label you define 
the ML problem or learning task ! 
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Lecture continues at 15:30



Regression. Numeric Labels.
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datapoint 
“2021-06-01 at some FMI station”

label = tmp at 15:00 



Binary Classification.
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datapoint 
“2021-06-01 at some FMI station”

• “hot” if tmp at 15:00 > 10 
• “cold” if … <= 10

label =



Multi-Class Classification
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datapoint 
“2021-06-01 at some FMI station”

• “nice morning” if tmp at 15:00 
< 10 and tmp at  10:00 > 10

• “nice noon” if tmp at 15:00 > 
10 and tmp at  10:00 < 10

• “nice day” if tmp at 15:00 > 10 
and tmp at  10:00 > 10

label =



Multilabel Problems – Multitask Learning 
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by choosing/defining label you define the ML task ! 

for same data, use different labels à multiple learning tasks 

multi-label class. (special case of multi-task learning)
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Multi-Label Regression. 
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datapoint 
“2021-06-01 at some FMI station”

label2= tmp at 15:00

label1 = tmp at 10:00 



Multilabel Classification. 
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𝑦!= 1 or 0 if car present or not

𝑦"= 1 or 0 if person present or not

𝑦#= 1 or 0 if tree present or not
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Machine Learning.
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“learn to predict the label
of a data point solely from  
its features”
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Scatterplot
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feature

label
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How to Predict?
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apply a hypothesis map h to features x, 

!𝑦 = ℎ(𝑥)
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A Hypothesis.
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!𝑦 = ℎ(𝑥)

feature x

label y
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Model = Several Hypotheses.
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!𝑦 = ℎ(𝑥)

feature x

label y

!𝑦 = ℎ!(𝑥)
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Linear Model
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feature x

label y
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Linear Model is Versatile!

A. Jung CS-C3240 Machine Learning

feature x

label y

60𝑥! = 1 𝑥" = 1



Linear + Feature Map 
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single 
feature x

feature map <latexit sha1_base64="w+xVLGUMgXtutmjwoWtqtBewirc="></latexit>0

BBB@

x1 = �1(x)
x2 = �2(x)

...
xn = �n(x)

1

CCCA

linear map 
<latexit sha1_base64="QByk8E4sf5ARWXdYIs5RfPbnPpI=">AAACHnicbVDLSgMxFM3UV62vUZdugkVwVWbE16ZQdOOyQl/QjkMmzbTRTGZIMrZlmC9x46+4caGI4Er/xkxbQVsPJJyccy+593gRo1JZ1peRW1hcWl7JrxbW1jc2t8ztnYYMY4FJHYcsFC0PScIoJ3VFFSOtSBAUeIw0vbvLzG/eEyFpyGtqFBEnQD1OfYqR0pJrnnQCpPqenwzSm6SW/ryGKSzDjowDN7kt29riKRxonsJhdrtm0SpZY8B5Yk9JEUxRdc2PTjfEcUC4wgxJ2batSDkJEopiRtJCJ5YkQvgO9UhbU44CIp1kvF4KD7TShX4o9OEKjtXfHQkKpBwFnq7MxpezXib+57Vj5Z87CeVRrAjHk4/8mEEVwiwr2KWCYMVGmiAsqJ4V4j4SCCudaEGHYM+uPE8aRyX7tGRfHxcrF9M48mAP7INDYIMzUAFXoArqAIMH8ARewKvxaDwbb8b7pDRnTHt2wR8Yn98mOqO6</latexit>

wTx =
nX

j=1

wjxj

h(x) 

<latexit sha1_base64="ejbLTlb3S35ThiH/BtOyzh86/FU=">AAAB8nicbVBNS8NAEN3Ur1q/qh69LBahXkoioh6LXjxWsB+QhLLZbNqlm92wOxFK6c/w4kERr/4ab/4bt20O2vpg4PHeDDPzokxwA6777ZTW1jc2t8rblZ3dvf2D6uFRx6hcU9amSijdi4hhgkvWBg6C9TLNSBoJ1o1GdzO/+8S04Uo+wjhjYUoGkiecErCSH2RDXg9orOC8X625DXcOvEq8gtRQgVa/+hXEiuYpk0AFMcb33AzCCdHAqWDTSpAblhE6IgPmWypJykw4mZ88xWdWiXGitC0JeK7+npiQ1JhxGtnOlMDQLHsz8T/PzyG5CSdcZjkwSReLklxgUHj2P465ZhTE2BJCNbe3YjokmlCwKVVsCN7yy6ukc9Hwrhrew2WteVvEUUYn6BTVkYeuURPdoxZqI4oUekav6M0B58V5dz4WrSWnmDlGf+B8/gC2OZDi</latexit>

�(·)

<latexit sha1_base64="ESclxXkBHfRsUUC/x6jVpUxPxkc=">AAACEHicbZC7TsMwFIadcivlVmBksagQZakShIClUgULY5HoRWpK5LhuY2o7ke0AVZRHYOFVWBhAiJWRjbfBaTtA4ZcsffrPOTo+vx8xqrRtf1m5ufmFxaX8cmFldW19o7i51VRhLDFp4JCFsu0jRRgVpKGpZqQdSYK4z0jLH55n9dYtkYqG4kqPItLlaCBon2KkjeUV94Py/QGsQlfF3Etuqk56nYgU3hlOoRsFNAPT4hVLdsUeC/4FZwolMFXdK366vRDHnAiNGVKq49iR7iZIaooZSQturEiE8BANSMegQJyobjI+KIV7xunBfijNExqO3Z8TCeJKjbhvOjnSgZqtZeZ/tU6s+6fdhIoo1kTgyaJ+zKAOYZYO7FFJsGYjAwhLav4KcYAkwtpkWDAhOLMn/4XmYcU5rjiXR6Xa2TSOPNgBu6AMHHACauAC1EEDYPAAnsALeLUerWfrzXqftOas6cw2+CXr4xtNb5wo</latexit>

h(x) =
nX

j=1

wj�j(x)



Polynomials
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feature x

label y

62

more in lecture 
“ERM”



Decision Tree
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feature x

label y
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x

> w1?

yesno

w2w3

w3

w2

w1

more in lecture 
“Non-Parametric Models”



Artificial Neural Network
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feature x

label y

64

more in lecture 
“Deep Learning”

h(x)x



Which Model To Choose?
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• large to contain a good hypothesis

• small/simple to fit computational resources

• small to avoid overfitting



Sufficiently Large 
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more on large (non-linear) models in Lectures 
“Deep Learning” and “Non-Parametric Models”

linear model might be to small for such data

there is no straight line that fits well the 
data points here

need larger models that also contain non-linear maps



Sufficiently Small (Statistically) 
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• using too large model provokes overfitting
• model fits well training data but does a very poor 

job outside the training data 

more on overfitting in Lectures 
“Model Val/Sel” and “Diagnosing ML”



Sufficiently Small (Comput.) 
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• consider linear model with n parameters 

• fit linear model on m > n datapoints 
• requires to invert a “n by n” matrix ! (see Secion

4.3 of http://mlbook.cs.aalto.fi)



Sufficiently Simple (Comput.) 
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• hypothesis maps h(x) should be easy to evaluate 

• recent MSc thesis on “Predicting Gas Valve Position” 

• h(x) is used for engine control 

compute h(x) in real-time (while engine is running!) 
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Which Hypothesis is Better?
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!𝑦 = ℎ(𝑥)

feature x

label y

!𝑦 = ℎ!(𝑥)
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A Loss Function
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!𝑦 = ℎ(𝑥)

feature

label 

72

quantitative measure of prediction error obtained 
when using hypothesis h to predict label y’ of datapoint 
with feature x’  

(x’,y’)

𝐿( 𝑥′, 𝑦′ ; ℎ)



The Squared Error Loss
𝐿 := %𝑦 − 𝑦 "

predicted label %𝑦 = ℎ(𝑥)𝑦
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The Absolute Error Loss

predicted label %𝑦 = ℎ(𝑥)

L:= %𝑦 − 𝑦

𝑦
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Loss Functions for Binary Classification

label y = “cat” 

features x = pixels 

h(x) = “dog”

Loss = 100 
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Loss Functions for Binary Classification

label y = “cat” 

features x = pixels 

h(x) = “cat”

Loss = 0 
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Classifiers
• consider label values either “cat” or “dog”

• features vector x = pixels values
• can we use linear hypothesis maps h(x)?

• YES! 
• use sign h(x) to classify: h(x) > 0 à “dog”
• use |h(x)| as confidence measure 
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Loss Functions for Binary Classification

more on this in lecture “Classification”A. Jung CS-C3240 Machine Learning 78



Which Loss Function ?
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• statistical aspects (should favour “reasonable” hypothesis)

• computational aspects (must be able to minimize them)

• interpretation (what does log-loss = -3 mean ?)

…..choosing a suitable loss function is often non-trivial ! 



Recent Paper about Coming up 
with a Good Loss Function
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https://arxiv.org/pdf/2111.09406.pdf



Main Components of ML 
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•data 

•model

•loss
81



Landscape of ML Methods
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model

dataloss

linear regression

logistic regression

decision tree

k-means

kNN

82



Three Views on Machine Learning
“Data View” “Model View”

feature

label

“Loss View”

w1w1

w1

average loss
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Three Main Flavours of ML

•supervised ML (use labeled data to imitate teacher)

•unsupervised ML (no labeled data needed)

•reinforcement learning (learn while collecting data)
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Supervised Learning
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!𝑦 = ℎ(𝑥)
feature x

label y
more on this in lecture:
“ERM”,  “Classification”, “Model Val/Sel”, 
“Non-Parametric”, “Deep Learning”



Unsupervised Learning
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label of datapoint = cluster assignment  or 
nearby subspace 

more on this in Lecture
“Clustering”, “Feature Learning”



Reinforcement Learning
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label = “optimal steering 
direction” 

more on this in
ELEC-E8125 - Reinforcement learning.

https://mycourses.aalto.fi/course/info.php?id=32937


Wrap Up 
• data points characterized by features and label

• features ≈ low-level properties 

• labels ≈ high-level properties (quantity of interest) 

• GOAL of ML: learn a hypothesis h such that h(x) ≈ 𝑦

• ML model = comp. tractable subset of possible hypothesis maps h(x) 

• prediction error y-h(x) quantified using a loss function   
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Next Lecture Wed. 16:15
“Empirical Risk Minimization” 
GOAL of ML: Learn hypothesis h(.) such that y
≈ h(x) for any data point (x,y). 

what exactly is “any data point” ? 
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