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Lecture 1 : Crash course about the brain



Presentations

• What is your name? 

• What are you currently studying (what program are you in)?

• What would you like to learn about the brain?



Your Brain vs a MacBook Pro (chip M1)

• Number of neurons: 
• Number of operations per second: 
• Average consumption: 

• Number of tansistors:  
• Number of operations per second: 
• Average consumption: 



• Number of neurons: 86B 
• Number of operations per second: ?
• Average consumption: 20W

• Number of tansistors: 34B 
• Number of operations per second: 

3.2GHz
• Average consumption: 30-50W

Your Brain vs a MacBook Pro (chip M1)



At the origins of 
neuroscience:
Anatomical 
description of the 
brain



Species and brain size

source: Wikipedia



CortexBrain

Species and cortex size

What is a cortex?



Cortex is a thin layered structure surrounding mammalian brains. It is 
the hallmark of mammalian brains and not present in birds or in reptiles.

Cortex



Brain regions and their function

• Different brain regions specialize in different functions
• The functions of brain regions have historically been observed by 

studying the deficits of people with lesions to these regions
• Example: sensory areas, memory areas, motor areas, spatial 

navigation areas, emotion areas, decision areas
• They are now a multitude of tools to study the brain regions and their 

role: 
• invasive: electrodes, optogenetic microscopy
• non-invasive: fMRI, MEG, ultrasound imaging  



Exemple: ablation of the hippocampus and 
amnesia



Example: The motor and somato-sensory homonculus



cingulate cortex

Brain regions and their function



Brain tissue under the microscope

Microglia are 
strategically situated 
between neurons and 
capillaries (Cap), and 
function as the 
resident immune cell 
and phagocyte 
required for 
maintaining brain 
health throughout 
life.

Cortex (mouse)

source: https://www.frontiersin.org/articles/10.3389/fcell.2021.629503/full



Brain tissue reconstructed

source: https://brain.mpg.de/547207/silence-for-thought?c=83711



Neurons



Action potential (“spike”)

https://oertx.highered.texas.gov/courseware/lesson/1790/student-old/?task=2
https://courses.lumenlearning.com/suny-ap1/chapter/the-action-potential/

https://oertx.highered.texas.gov/courseware/lesson/1790/student-old/?task=2


Synapse

Synapses can be inhibitory or excitatory



The leaky integrate-and-fire model of a neuron



• Spike-timing-dependent plasticity (Markram, Tsodyks 2000):

Synaptic plasticity

• Hebb’s rule (1949):

 “Neurons than fire together wire together”



Ramon y Cajal (1852-1934)

Neuron types



Neuron types



Receptive fields: ON and OFF cells in the retina

electrode

Stephen Kuffler (1953)



Simple cell Complex cell

Receptive fields: orientation selective cells in V1

David Hubel and Torsten Wiesel, 1962



Development of the visual system depends on 
environment

Blakemore and Cooper 1970



Place cells

John O'Keefe 1971



Grid cells

Edvard & May-Britt Moser, 2005



What is a computational theory of the brain?

?

?

?



• The brain performs some functions: 
examples: seeing, acting, deciding, navigating, memorizing, producing 
speech

• Computational theories  of the brain aim at understanding how the brain 
performs these functions:

Ø algorithm used?
Ø implementation on neural substrate?
Ø with given constraints (e.g., number of neurons, energy 

consumptions)
Ø also: what really are the functions that the brain is 

performing??

What is a computational theory of the brain?



After the break

• Ray and Andrea will 
present the topics that will 
be covered in class.

• For this Friday end of day, 
you will need to choose 1-3 
topics, and fill in you 
preferences on MyCourse 
(“Preferred Topics”).



Homework

• Choose 1 to 3 topics/subtopics (see slides and “Reading Material” on MyCourse)

• Fill your preference on MyCourse (“Preferred Topics”), no later than this Friday end 
of day. Check that you will be available on the week where the project will be 
presented to the class.

• If there is only 1 topic you like, you may choose this 1 only topic on MyCourse. We 
will try to accommodate you. However, if we cannot, you may be assigned to a topic 
you did not choose at all.

• If you would like to drop out, drop out now.  Choosing a topic = committing to 
present





Cortex

2.5 mm thick



2000

Spike-timing-dependent plasticitySynaptic plasticity



Ramon y Cajal

Basic facts about brain: cells types



Introduction to the visual system

primary 
visual 
cortex

thalamus

retina



Group formation mechanism – 8 groups

• For next week, each student will have selected 1 to 3 topics/subtopic, on 
MyCourse.

• We will assign each student to a topic/subtopic based on theses 
preferences

• In case of conflict (too many students interested by the same topic), we will 
try to find an arangement or toss a coin.

• The groups are formed around the topics chosen. Most groups will have 2 
students. No group can have more than 3 students. 



Dates and rooms

Thu 25.04.2024 14:15 - 16:00, R001/M205
Thu 02.05.2024 14:15 - 16:00, R001/M205
(9.5. Ascension Day - no teaching)
Thu 16.05.2024 14:15 - 16:00, R001/M205
Thu 23.05.2024 14:15 - 16:00, R001/M205
Thu 30.05.2024 14:15 - 16:00, R001/M205
Thu 06.06.2024 14:15 - 16:00, R001/M205 (on exam week)



SUPPL SLIDES



2000

Spike-timing-dependent plasticity

Basic facts about brain: synaptic plasticity



Visual system: ventral and dorsal stream







Ventral stream



V2



V4









The first deep convolutional network: Neocognitron
1980



The first deep convolutional network: Neocognitron



Backpropagation
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where net() is composed of layers defined by: 

We define the loss function:

and the backpropagation update rule:

The network output is given by:

1990



Success of a ConvNet on MNIST



2012

Success of a ConvNet on ImageNet



The success of deep learning for image 
recognition



Comparison between the representations 
learned by a deep network and the brain

2014



Yamins & DiCarlo, 2016

CNNs learn representations similar 
to those in cortex

But they skip past the retinal 
center-surround stage

Correspondance between receptive fields in early layers



retina

Kuffler, 1953 Hubel & Wiesel, 1960

Receptive fields are concentric in the retina and oriented in cortex

primary 
visual 
cortex

Correspondance between receptive fields in early layers



Mismatch with the retina

Towards a unified model from retina to cortex

VVS-net
(ventral visual 

stream)

retina-net

Lindsey*, Ocko*, Ganguli, Deny, ICLR 2019



~1 million output neurons 
(retinal ganglion cells)

~140 million V1 neurons

Anatomical constraints on the visual system
 

Lindsey*, Ocko*, Ganguli, Deny, ICLR 2019



Conv 2 (1, 2, 4, 8,...  channels)

Conv 1 (32 channels)

Conv 3 (32 channels)

Conv 4 (32 channels)

Dense 1 (1024 neurons)

Dense 2 (10 neurons)

CIFAR-10

An anatomically constrained deep convolutional model 
of the visual system 

retina-net

Lindsey*, Ocko*, Ganguli, Deny, ICLR 2019

VVS-net
(ventral visual 

stream)



Conv 1 (32 channels)

Conv 3 (32 channels)

Conv 4 (32 channels)

Dense 2 (10 neurons)

CIFAR-10

An anatomically constrained deep convolutional model 
of the visual system 

retina-net

VVS-net
(ventral visual 

stream)

Lindsey*, Ocko*, Ganguli, Deny, ICLR 2019



Role of Recurrent connections in the brain

Kar et al 2019



Role of recurrent connections in the brain



Interplay between memory and vision



Interplay between memory and vision



Shepard & Metzler, Science,  1971

Kids *learn* how to do it

Next to understand : Mental rotation in the brain!



Jolicoeur 1985

Mental rotation in the brain



Supplementary slides



What about the dorsal stream?

Figure 3: Representational Similarity Analysis between all the 
visual areas and the ANN trained with CPC. (a) The schematic of 
the ANN architecture with two pathways (ResNet-2p) used as the 
backbone of CPC. (b) Representational similarity between all the 
layers of the ANN with two pathways (trained with CPC) and the 
ventral (top: VISlm, VISp, VISpm) and the dorsal (bottom: VISal, 
VISam) areas 



Jolicoeur 1985

Mental rotation in the brain



Recurrent connections in the brain might play a 
key role in mental rotation and other reasoning 
tasks

Kar et al 2019



• includes 338 objects

• each object consists of 10 cubes

• each object features three right-angled
elbows and a possible loop in just a few
cases

72Aleksandr Krylov

Deep learning model of mental rotation
Aleksandr Krylov



3D latent 
representation

R(θ)

Output
view

Encoder 
DNN

Decoder 
DNN

2D image 
rotated by θ

2D 
image

3D rep.
rotated by θInput

view
A

Aleksandr Krylov

Deep learning model of mental rotation



Original views
 (testing set)

Rendered views 
(testing set)

model model model model

3D latent 
representation

R(θ)

Output
view

Encoder 
DNN

Decoder 
DNN

2D image 
rotated by θ

2D 
image

3D rep.
rotated by θInput

view
A

B

Aleksandr Krylov

Deep learning model of mental rotation



2D image
rotated by θ

3D latent 
representation

R(θ)

Encoder 
DNN

2D image

(rotated by θ) 

Encoder 
DNN

Target
cross-corr. 

Empirical
cross-corr.

C
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Minh Dinh

Deep learning model of mental rotation



Minh Dinh

2D image
rotated by θ

3D latent 
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Deep learning model of mental rotation



Minh Dinh

2D image
rotated by θ

3D latent 
representation

R(θ)

Encoder 
DNN

2D 
image

(rotated by θ) 

Encoder 
DNN

Target
cross-corr. 

Empirical
cross-corr.

C

<latexit sha1_base64="ftRsMMj6pzwvaFxWHsU/hxnmDx4=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjNS0WWxG5cV7AOmQ8mkmTY0kwzJHaEM/Qw3LhRx69e482/MtLPQ1gOBwzn3knNPmAhuwHW/ndLG5tb2Tnm3srd/cHhUPT7pGpVqyjpUCaX7ITFMcMk6wEGwfqIZiUPBeuG0lfu9J6YNV/IRZgkLYjKWPOKUgJX8QUxgQonIWvNhtebW3QXwOvEKUkMF2sPq12CkaBozCVQQY3zPTSDIiAZOBZtXBqlhCaFTMma+pZLEzATZIvIcX1hlhCOl7ZOAF+rvjYzExszi0E7mEc2ql4v/eX4K0W2QcZmkwCRdfhSlAoPC+f14xDWjIGaWEKq5zYrphGhCwbZUsSV4qyevk+5V3WvUrx8ateZdUUcZnaFzdIk8dIOa6B61UQdRpNAzekVvDjgvzrvzsRwtOcXOKfoD5/MHdfCRYQ==</latexit>

I

<latexit sha1_base64="W+d1BnfF/RbjW5X8lUJAgpFMkYE=">AAAB8nicbVDLSgMxFL1TX7W+qi7dBIvgqsxIRZdFN7qrYB8wHUomzbShmWRIMkIZ+hluXCji1q9x59+YaWehrQcCh3PuJeeeMOFMG9f9dkpr6xubW+Xtys7u3v5B9fCoo2WqCG0TyaXqhVhTzgRtG2Y47SWK4jjktBtObnO/+0SVZlI8mmlCgxiPBIsYwcZKfj/GZkwwz+5ng2rNrbtzoFXiFaQGBVqD6ld/KEkaU2EIx1r7npuYIMPKMMLprNJPNU0wmeAR9S0VOKY6yOaRZ+jMKkMUSWWfMGiu/t7IcKz1NA7tZB5RL3u5+J/npya6DjImktRQQRYfRSlHRqL8fjRkihLDp5ZgopjNisgYK0yMbaliS/CWT14lnYu616hfPjRqzZuijjKcwCmcgwdX0IQ7aEEbCEh4hld4c4zz4rw7H4vRklPsHMMfOJ8/fw6RZw==</latexit>

feature
dimension

LBT

<latexit sha1_base64="WTBe/vkeBuAC/TJELQTIB2cpK7k=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiSi6LLUjQsXFfqCNoTJdNIOnUzCzKRQQv/EjQtF3Pon7vwbJ20W2npg4HDOvdwzJ0g4U9pxvq3SxubW9k55t7K3f3B4ZB+fdFScSkLbJOax7AVYUc4EbWumOe0lkuIo4LQbTO5zvzulUrFYtPQsoV6ER4KFjGBtJN+2BxHWY4J59uhnjdZ87ttVp+YsgNaJW5AqFGj69tdgGJM0okITjpXqu06ivQxLzQin88ogVTTBZIJHtG+owBFVXrZIPkcXRhmiMJbmCY0W6u+NDEdKzaLATOY51aqXi/95/VSHd17GRJJqKsjyUJhypGOU14CGTFKi+cwQTCQzWREZY4mJNmVVTAnu6pfXSeeq5l7Xbp6uq/VGUUcZzuAcLsGFW6jDAzShDQSm8Ayv8GZl1ov1bn0sR0tWsXMKf2B9/gC5cJO6</latexit>

Deep learning model of mental rotation

hyp1: progressive rotation 
with elementary steps until 
the upright pose is found

hyp2: trial-and-error rotation steps until 
the upright pose is found



A B

Riina Pöllänen

Invariant representations in the brain



Matias Koponen Metzler exp. re-analysis in favor 
of trial-and-error hypothesis



Experiements

• MEG to see how the invariance to rotated objects unfolds in time

• Does it unfold progressively with angle of rotation (hyp1)?

• Or does it suddenly jump to the correct invariant representation?



The visual system organization

• ventral vs dorsal stream 

• what do they do?

• how were they historically discovered?



Crash-course about the brain: neurons

• They are cells containing dendrites and an axon
• They communicate via synapses 
• synapses can be modified via experience: Hebb learning rule (STDP)
• They send precisely timed signals called ‘action potentials’ or spikes
• They can be approximated by a sum or their input and spike when a 

thershold is reached (leaky-integrate and fire model)



The visual system: organization of the ventral 
stream
• retina, thalamus, V1

• simple cells and complex cells in V1

• hypercolumns for orientation, occular dominance, color,

• different patches corresponding to different 



The brain in numbers
• 86 Billion neurons (80% in the cerebellum, 18% in the cortex)
• 100 to 10,000 connections on average per neuron
• 20 Watts consumption (i.e., a light bulb)


