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Reminder Project Registration

• Register Groups until March 12th (next Wednesday)

• Find group members on Moodle

• Links
• Registration Form: https://forms.gle/a1nkCu66qsr4tsBF6

• Project Descriptions: https://files.ait.ethz.ch/teaching/courses/2025-
SS-Machine-Perception/downloads/projects/mp_project.pdf
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Last week

Backprop Algorithm

An incremental learning strategy: gradient descent

Chain rule and backpropagation for MLP

Universal function approximator theorem
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∃ 𝑔 𝑥  𝑎𝑠 𝑁𝑁, 𝑔 𝑥 ≈ 𝑓 𝑥 , 𝑎𝑛𝑑 𝑔 𝑥 − 𝑓 𝑥 < 𝜖
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This Week

Motivation for CNNs

CNNs for Perception

Fully CNNs

Popular Architectures and Applications
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Computer Vision Tasks
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CAT CAT CAT + DOG + DUCK CAT + DOG + DUCK

Single Object Multiple Objects

Classification
Classification + 
Localization

Object 
Detection

Instance 
Segmentation

[Adapted from: Li/Karpathy/Johnson]
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What appears in this video?
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Problem Statement
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Super Recognizers
(Prof. Meike Ramon, Berner FH)

Face Blindness
(Prosopagnosia)

https://afclab.org/


Invariance vs Specificity

Goal

Good Classification performance

Trade-off between

Invariance (Affine transforms, 
Lighting, etc.) 

Specificity 

Impacts

Generalization ability

[Riesenhuber, Poggio. 2000. Models of Object Recognition. Nature]
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10[Kruger, Maersk, Jannssen et al. TPAMI 2012]



Receptive Field – Definition [Hartline 1938, 1940]

The area of the retina which must receive illumination 
in order to cause a discharge in a particular ganglion 

cell or nerve fiber.
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Receptive Field

Kuffler 1951
(retinal ganglion cells)

1205.03.2025

Hubel and Wiesel 1959
(cortical cells)

[Kuffler, Discharge Patterns and Functional Organization of Mammalian Retina, 1951]

[Hubel and Wiesel , Receptive fields of single neurones in the cat's striate cortex., 1959]



Hubel & Wiesel – Mapping Simple and Complex cells
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https://www.youtube.com/watch?v=8VdFf3egwfg

[Hubel & Wiesel. 1962. Receptive fields of single neurones in the cat's striate cortex. J Physiol.1959;148:574–591.]05.03.2025

https://www.youtube.com/watch?v=8VdFf3egwfg
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Simple cells react to oriented slits of light and to dots oriented along a line.

Complex cells are more … complex. They have a larger receptive field, 
higher degree of spatial invariance, some are only receptive to movement in 
a specific direction etc.

Hubel & Wiesel 1962 - Hierarchies of Neurons
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Some cells (in monkeys) respond strongly to a face, but not to other objects.

They respond strongly even to scaled and shifted versions of the face.

How can they:

 respond differently to similar stimuli (e.g., different faces) AND

 respond similarly to very different stimuli (e.g., scaled face)

It gets even more complex



HMAX Model

S (simple) cells are tuned to 
specific stimuli and have typically 
small receptive fields

C (complex) cells combine output 
from various S units to increase 
invariance and receptive field

Many iterations of these 
operations allow for the 
construction of complex objects 
from low-level features 

16[Adopted from: Thomas Serre et al. PNAS 2007]05.03.2025
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HMAX Model

S-cell response (template matching):

𝑦 = exp(−
1

2𝜎2
෍

𝑗=1

𝑛𝑠𝑘

𝑤𝑗 − 𝑥𝑗
2

)

C-cell response:

𝑦 = max
𝑗=1…𝑛𝐶𝑘

𝑥𝑗
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[Adopted from: Thomas Serre et al. PNAS 2007]



Human capabilities:

• Rapid serial visual presentation (RSVP)  Hubel & Wiesel studies

• Invariance to distractors, changes in appearance, orientation

Biological models:

• Receptive fields and neural tuning

• Hierarchies of Neurons

Computational Model:

• HMAX model fits and predicts human performance on RSVP task

1805.03.2025

Important Concepts So Far



Convolutional Neural Networks
-

A very brief history
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Neurocognitron

20[Fukushima. Neurocognitron. J. Biol. Cybernetics 1980.]05.03.2025



LeNet-5
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Gradient-based learning applied to document recognition
[LeCun, Bottou, Bengio, Haffner 1998]
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AI Winter Until 2012

Then, several things came together

• Large-scale data with ImageNet (2009)

• Release of CUDA for NVIDIA GPUs (2007)

• AlexNet, the first Deep CNN with a huge jump in accuracy (2012)
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[Krizhevsky, Sutskever, Hinton, ImageNet Classification with Deep Convolutional Neural Networks, NeurIPS 2012]



AlexNet Performance on ImageNet Challenge

2305.03.2025 [Image from https://www.pinecone.io/learn/series/image-search/imagenet/]



AlexNet

24

[Krizhevsky 2012]

RetrievalClassification
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Fine-Grained Prediction
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[Faster R-CNN: Ren, He, Girshick, Sun 2015]

Detection Segmentation

[Farabet et al., 2012]
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Convolutions and Image Filtering

2605.03.2025



Modify the pixels in an image based on some function of a local 
neighborhood of the pixels.

10 5 3

4 5 1

1 1 7

Local image data

7

Modified image data

Some function

What Is Image Filtering?
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Linear Transforms  

Given a transform 𝑇, a function 𝑓, defining a translation or shift operation and input vectors 𝒖, 𝒗 
scalars 𝛼, 𝛽

Definition: Transform 𝑇 is linear if,
𝑇 𝛼𝒖 + 𝛽𝒗 = 𝛼𝑇(𝒖) + 𝛽𝑇(𝒗)

Definition: A transform 𝑇 is invariant to 𝑓 if,
𝑇 𝑓 𝒖 = 𝑇 𝒖

Definition: A transform 𝑇 is equivariant to 𝑓 if,
𝑇 𝑓 𝒖 = 𝑓 𝑇 𝒖

Any linear, shift-equivariant transform 𝑇 can be written as a convolution
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Invariance vs Equivariance

05.03.2025 29[From Bernhard Kainz, https://www.doc.ic.ac.uk/~bkainz/teaching/DL/notes/equivariance.pdf]
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Correlation
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Kernel 𝐾 ∈  ℝ𝑀×𝑁, square, i.e., 𝑀 = 𝑁

Correlation is sometimes also 
called template matching:
For every application of the 
kernel, it computes a 
similarity score (dot product)
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Correlation
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So if K(i,j) = K(-i, -j), then Correlation == Convolution
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Assumptions:
Square kernels of size 𝑀
Odd size 𝑀

𝑘 = floor(
𝑀

2
)



Correlation / Convolution Is Shift-Equivariant

05.03.2025 33[From Bernhard Kainz, https://www.doc.ic.ac.uk/~bkainz/teaching/DL/notes/equivariance.pdf]
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