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Groups composition 
23 groups are complete 
4 groups with <4 members should join —> email sent, please act on it 
The teaching team will create 25 channels in MSTeams —> please join the channel of your group 

Quizzes for W1 are now out 
Thank you all that contributed!



Previously, 
on ML4D….
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A bit more on 
regression and 
classification
And your very first contact with (deep) neural 
networks
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Linear Regression /1

Size

Cost
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Linear Regression /2

Size

Cost

?
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Linear Regression

Size

Cost Cost = b + x SizeDependent Variable Independent Variable

Slope (parameter, or weight)Intercept (parameter, or bias)

?
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Cost = x Size
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Error1:

Fit1:
x = 0.05predicted value - actual value

Cost = x Size
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Error1:
Error2:

Fit2:

x = 0.2

Error =
1
2d

d

∑
i=1

(Predictioni − Valuei)2

# Data Item

Current data item

Cost = x Size

Mean Squared Error (MSE)
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Finding the best parameter values (training the model)
Gradient descent

Parameter b

Er
ro

r
Er

ro
r

Error Size 

Er
ro

r
Co

st
 

Learning Rate: “speed” of descent  

Error

derivative at b

Epochs: max number of steps  

Hyperparameters
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Polynomial Regression
Cost = b + x1 Size + x2 Size2 + …. + xn SizenNth degree polynomial
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Classification
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Classification
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Test: 7

Math: 6
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Classification
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Logistic Regression
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Error: 2
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Error: 2
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Error: 1
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Error: 0
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Neural Network
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Neural Network
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Perceptron
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Perceptron
Cost = b + x Size

Remember our linear regression function?  
It can be represented with a perceptron 
having a single input and a bias
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Perceptron
Cost = a + b Size

Remember our linear regression function?  
It can be represented with a perceptron 
having a single input and a bias

Output

Input (weighted 
sum of values)

Input (weighted 
sum of values)

1 if y is > 0
0 if y is <= 0

Output

σ(input) =
1

1 + e−input
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Neural Network
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Neural Network

Test Grade 
Classifier

Math Grade 
Classifier

Admission 
Classifier
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Neural Network

Math

Test

b

Math

Test

b

Test Grade 
Perceptron

Math Grade 
Perceptron

b

C

M

Admission 
Perceptron

w1

w2

w3

w4

w5
w6

w7

w8

w9

0/1

0/1

0/1



Neural Network

Math

Test

b1

b2

w1

w2

w3

w4

w5

w6

w7

w8
w9

37

0/1

With Step 



Neural Network

Math

Test

b1

b2

w1

w2

w3

w4

w5

w6

w7

w8
w9

38

[0,1]

With Sigmoid 



Fully Conected Neural Network
Depth

Hyperparameters 
Learning rate 
Number of epochs 
Architecture 

# layers, #nodes, activation functions 
Batch vs. mini-batch vs. stochastic 
gradient descent  
Regularization parameters:  
Dropout probability p

Layer Size

Advanced, not covered
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Classifying into multiple classes - softmax function
Return a probability for each class 

Imagine example C1= ADMITTED, C2 = NOT ADMITTED, C3 = NEW TEST 
p(C1) = 0.37, p(C2) = 0,21, p(C3) = 0,42 

We use the Softmax activation function for the output layer

Math

Test

SM

Softmax(xi) =
e(xi)

∑K
j e(xj)

p(C1)

p(C2)
Value of class i

Normalisation 
term on K 
classes

p(C3)

[0,1]

[0,1]

[0,1]SM

SM

Softmax Layer
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https://playground.tensorflow.org/



Machine 
Learning and 
Images
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What do you see?
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167 153 174 168 150 152 151 172 161 155 156 187

155 182 163 74 75 62 33 17 110 210 180 154

180 180 50 14 34 6 10 33 48 106 150 181

206 109 5 124 131 111 120 204 166 16 56 180

172 105 207 233 233 214 220 230 220 90 74 206
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187 196 236 75 1 81 47 0 6 217 255 211

167 153 174 168 150 152 151 172 161 155 156 187

155 182 163 74 75 62 33 17 110 210 180 154

180 180 50 14 34 6 10 33 48 106 150 181

206 109 5 124 131 111 120 204 166 16 56 180

172 105 207 233 233 214 220 230 220 90 74 206

188 88 179 209 186 216 211 150 139 75 20 168

189 97 165 84 10 168 134 11 31 62 22 148

199 168 191 193 158 227 178 143 182 106 36 196

205 174 155 252 236 187 86 150 79 38 218 241

189 224 147 108 227 210 127 102 36 101 255 224

190 214 173 66 109 143 96 50 2 109 249 210

187 196 236 75 1 81 47 0 6 217 255 211

167 153 174 168 150 152 151 172 161 155 156 187

155 182 163 74 75 62 33 17 110 210 180 154

180 180 50 14 34 6 10 33 48 106 150 181

206 109 5 124 131 111 120 204 166 16 56 180

172 105 207 233 233 214 220 230 220 90 74 206

188 88 179 209 186 216 211 150 139 75 20 168

189 97 165 84 10 168 134 11 31 62 22 148

199 168 191 193 158 227 178 143 182 106 36 196

205 174 155 252 236 187 86 150 79 38 218 241

189 224 147 108 227 210 127 102 36 101 255 224

190 214 173 66 109 143 96 50 2 109 249 210

187 196 236 75 1 81 47 0 6 217 255 211

167 153 174 168 150 152 151 172 161 155 156 187

155 182 163 74 75 62 33 17 110 210 180 154

180 180 50 14 34 6 10 33 48 106 150 181

206 109 5 124 131 111 120 204 166 16 56 180

172 105 207 233 233 214 220 230 220 90 74 206

188 88 179 209 186 216 211 150 139 75 20 168

189 97 165 84 10 168 134 11 31 62 22 148

199 168 191 193 158 227 178 143 182 106 36 196

205 174 155 252 236 187 86 150 79 38 218 241

189 224 147 108 227 210 127 102 36 101 255 224

190 214 173 66 109 143 96 50 2 109 249 210

187 196 236 75 1 81 47 0 6 217 255 211

167 153 174 168 150 152 151 172 161 155 156 187

155 182 163 74 75 62 33 17 110 210 180 154

180 180 50 14 34 6 10 33 48 106 150 181

206 109 5 124 131 111 120 204 166 16 56 180

172 105 207 233 233 214 220 230 220 90 74 206

188 88 179 209 186 216 211 150 139 75 20 168

189 97 165 84 10 168 134 11 31 62 22 148

199 168 191 193 158 227 178 143 182 106 36 196

205 174 155 252 236 187 86 150 79 38 218 241

189 224 147 108 227 210 127 102 36 101 255 224

190 214 173 66 109 143 96 50 2 109 249 210

187 196 236 75 1 81 47 0 6 217 255 211

167 153 174 168 150 152 151 172 161 155 156 187

155 182 163 74 75 62 33 17 110 210 180 154

180 180 50 14 34 6 10 33 48 106 150 181

206 109 5 124 131 111 120 204 166 16 56 180

172 105 207 233 233 214 220 230 220 90 74 206

188 88 179 209 186 216 211 150 139 75 20 168

189 97 165 84 10 168 134 11 31 62 22 148

199 168 191 193 158 227 178 143 182 106 36 196

205 174 155 252 236 187 86 150 79 38 218 241

189 224 147 108 227 210 127 102 36 101 255 224

190 214 173 66 109 143 96 50 2 109 249 210

187 196 236 75 1 81 47 0 6 217 255 211

167 153 174 168 150 152 151 172 161 155 156 187

155 182 163 74 75 62 33 17 110 210 180 154

180 180 50 14 34 6 10 33 48 106 150 181

206 109 5 124 131 111 120 204 166 16 56 180

172 105 207 233 233 214 220 230 220 90 74 206

188 88 179 209 186 216 211 150 139 75 20 168

189 97 165 84 10 168 134 11 31 62 22 148

199 168 191 193 158 227 178 143 182 106 36 196

205 174 155 252 236 187 86 150 79 38 218 241

189 224 147 108 227 210 127 102 36 101 255 224

190 214 173 66 109 143 96 50 2 109 249 210

187 196 236 75 1 81 47 0 6 217 255 211

167 153 174 168 150 152 151 172 161 155 156 187

155 182 163 74 75 62 33 17 110 210 180 154

180 180 50 14 34 6 10 33 48 106 150 181

167 153 174 168 150 152 151 172 161 155 156 187

155 182 163 74 75 62 33 17 110 210 180 154

180 180 50 14 34 6 10 33 48 106 150 181

167 153 174 168 150 152 151 172 161 155 156 187

155 182 163 74 75 62 33 17 110 210 180 154

180 180 50 14 34 6 10 33 48 106 150 181

167 153 174 168 150 152 151 172 161 155 156 187

155 182 163 74 75 62 33 17 110 210 180 154

180 180 50 14 34 6 10 33 48 106 150 181

This is what a computer “sees”

167 153 174 168 150 152 151 172 161 155 156 187

155 182 163 74 75 62 33 17 110 210 180 154

180 180 50 14 34 6 10 33 48 106 150 181

206 109 5 124 131 111 120 204 166 16 56 180

172 105 207 233 233 214 220 230 220 90 74 206

188 88 179 209 186 216 211 150 139 75 20 168

189 97 165 84 10 168 134 11 31 62 22 148

199 168 191 193 158 227 178 143 182 106 36 196

205 174 155 252 236 187 86 150 79 38 218 241

189 224 147 108 227 210 127 102 36 101 255 224

190 214 173 66 109 143 96 50 2 109 249 210

187 196 236 75 1 81 47 0 6 217 255 211
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Images 

n

m

Each pixel in an image is a feature 

Dimensionality 
n x m

Feature (pixel) values are numerical 
0 or 1 for Black and White 
Between 0 and 255 for greyscale 
16M values for RGB

167 153 174 168 150 152 151 172 161 155 156 187

155 182 163 74 75 62 33 17 110 210 180 154

180 180 50 14 34 6 10 33 48 106 150 181

206 109 5 124 131 111 120 204 166 16 56 180

172 105 207 233 233 214 220 230 220 90 74 206

188 88 179 209 186 216 211 150 139 75 20 168

189 97 165 84 10 168 134 11 31 62 22 148

199 168 191 193 158 227 178 143 182 106 36 196

205 174 155 252 236 187 86 150 79 38 218 241

189 224 147 108 227 210 127 102 36 101 255 224

190 214 173 66 109 143 96 50 2 109 249 210

187 196 236 75 1 81 47 0 6 217 255 211
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Computer Vision
Building algorithms that can “understand” the 
content of images and use it for other 
applications  
It is a “Strong AI” problem 

signal-to-symbol conversion 
The semantic gap 

A general-purpose vision system requires  
Flexible, robust visual representatation 

Updated and maintaned  

Reasoning 
Interfacing with attention goals, and plans 

What specific tasks can we train a CV system to 
perform?
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Is this a flag? 
(Recognition / Classification)
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Where are the people? 
(Recognition/Classification)
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Is this Jeff? 
(Identification)
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Is this the Wollman Rink? 
(Identification)
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Trees

Buildings

Sky

What is in the scene? 
(Semantic Segmentation)
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https://github.com/matterport/Mask_RCNN
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Project Sunroof

https://www.google.com/get/sunroof
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What type of scene is it? 
(Scene Categorisation)

Outdoor, City, Park
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stylish kitchenmessy kitchenwooded kitchen sunny coastrocky coast misty coast

teenage bedroom romantic bedroomspare bedroom wintering forest path greener forest pathdarkest forest path

Figure 1: Image samples from the scene categories grouped by their queried adjectives.
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Figure 2: Comparison of the number of images per scene category in three databases.

We made 2 subsets of Places that will be used across the paper as benchmarks. The first one is Places
205, with the 205 categories with more than 5000 images. Fig. 2 compares the number of images in
Places 205 with ImageNet and SUN. Note that ImageNet only has 128 of the 205 categories, while
SUN contains all of them (we will call this set SUN 205, and it has, at least, 50 images per category).
The second subset of Places used in this paper is Places 88. It contains the 88 common categories
with ImageNet such that there are at least 1000 images in ImageNet. We call the corresponding
subsets SUN 88 and ImageNet 88.

3 Comparing Scene-centric Databases

Despite the importance of benchmarks and training datasets in computer vision, comparing datasets
is still an open problem. Even datasets covering the same visual classes have notable differences
providing different generalization performance when used to train a classifier [23]. Beyond the
number of images and categories, there are aspects that are important but difficult to quantify, like
the variability in camera poses, in decoration styles or in the objects that appear in the scene.

Although the quality of a database will be task dependent, it is reasonable to assume that a good
database should be dense (with a high degree of data concentration), and diverse (it should include
a high variability of appearances and viewpoints). Both quantities, density and diversity, are hard to
estimate in image sets, as they assume some notion of similarity between images which, in general,
is not well defined. Two images of scenes can be considered similar if they contain similar objects,
and the objects are in similar spatial configurations and pose, and have similar decoration styles.
However, this notion is loose and subjective so it is hard to answer the question are these two images

similar? For this reason, we define relative measures for comparing datasets in terms of density and
diversity that only require ranking similarities. In this section we will compare the densities and
diversities of SUN, ImageNet and Places using these relative measures.

3
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What are these people doing? 
(Activity / event recognition)

Skating
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How are people moving? 
(Pose estimation)
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Ethical task tracking of operators in agile 
manufacturing 

http://resolver.tudelft.nl/
uuid:3408e8c3-809b-436d-94eb-efb4f0532b17 
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Stereolabs ZED Camera
3D Object Detection 
Body tracking 
Positional tracking

https://www.stereolabs.com/
docs/body-tracking/

https://www.stereolabs.com/
docs/object-detection/
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Are these images of the same 
person? 

(Image / Face Similarity)
Bonus if you guess 

the movie!
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Week 2 Tasks
Submit 2 questions about today’s lecture 

https://forms.office.com/r/CkAmsYeFvA 

Prepare for Friday’s tutorial! 
https://ml4design.com/tutorials/image-processing-methods/preparation/ 

Start to look into what is required for the first group assignment 
Due date of first report is Tuesday March 1st.  

Test your knowledge on W1 questions 
And feel free to propose new ones!

https://forms.office.com/r/CkAmsYeFvA
https://ml4design.com/tutorials/image-processing-methods/preparation/
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Credits
CMU Computer Vision course - Matthew O’Toole. http://16385.courses.cs.cmu.edu/spring2022/ 
Grokking Machine Learning. Luis G. Serrano. Manning, 2021

http://16385.courses.cs.cmu.edu/spring2022/

