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CS F441 INTRO TO COMPUTATIONAL
NEUROSCIENCE



WHY SHOULD CS CARE ABOUT
NEUROSCIENCE?! 
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https://www.azquotes.com/quote/1034505



NEUROSCIENCE & COMPUTER SCIENCE GO BACK A LONG WAY !
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CHANGE BLINDNESS
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SELECTIVE ATTENTION
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OPTICAL ILLUSION (12 BLACK DOTS)
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HYPERBOLIC DISCOUNTING

• Hyperbolic discounting is our inclination to 
choose immediate rewards over rewards that 
come later in the future, even when these 
immediate rewards are smaller.
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• Milton Glaser
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THE BRAIN

• Neurons, Glial cells.
• 100 billion neurons.
• 100 trillion connections (synapses).

(From http://www.brainhealthandpuzzles.com)
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(From http://www.wadsworth.org)
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Input Output

Threshold

Time

•Absolute Refractory Period

•Exponential Decay of effect of 
a spike on membrane potential

•Synapse

•Dendrites 
(Input)

•Cell Body

•Axon 
(Output)

SCHEMATIC VIEW OF A NEURON

Membrane
Potential



NEUROSCIENCE’S GREATEST HITS
(A SELECTION)
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SANTIAGO RAMÓN Y CAJAL
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The pyramidal neuron of the cerebral cortex, 
drawn by Cajal in 1904, using ink and pencil on paper.
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Glial cells of the mouse spinal cord, 1899.
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Purkinje cell (left), Pyramidal neurons in the cerebral cortex (right



PLACE CELLS
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GRID CELLS
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OTHER CELL TYPES WITH CORRELATED ACTIVITY

• Mirror Neurons
https://www.pbslearningmedia.org/resource/h
ew06.sci.life.reg.mirrorneurons/mirror-neurons/

• Concept cells or “Jennifer Aniston neurons”.
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https://www.pbslearningmedia.org/resource/hew06.sci.life.reg.mirrorneurons/mirror-neurons/


A CONVERGENCE OF
NEUROSCIENCE & DEEP LEARNING?



INTERFACE OF
NEUROSCIENCE & DEEP LEARNING

• Use of Deep Learning techniques for analysis in 
Neuroscience.

• Deep Nets as models of biological neural 
systems?

• Deep Learning - inspiration from Biology?
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DEEP LEARNING
FOR DATA ANALYSIS IN NEUROSCIENCE
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DEEP NETS AS MODELS OF
(BIOLOGICAL) NEURAL SYSTEMS

• Whole new genre of work that involves 
creating deep networks (w/ architectures 
often being similar to corresponding neural 
systems), which are then trained on tasks that 
the biological systems are known/thought to 
perform. 

• Remarkably, such deep networks often end up 
having units that have responses that are 
similar to known cell types in the corresponding 
biological neuronal networks. 
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• A hexagonal-lattice convolutional network initialized with 
weights estimated from connectomic reconstructions from 
parts of the fly visual system.

• It was then trained (using backpropagation) to perform object 
tracking in natural scenes.

• Network recovered known orientation & direction-selectivity 
properties of fly T4 neurons & their inputs. 32



• A branched convolutional net was trained on a 
heat-gradient task that used larval zebrafish
behavioral repertoire.

• The deep net recovered known ON and OFF type 
representations in the larval zebrafish brain.

• Indeed, analysis of the deep net for other unit-types 
led to the discovery of a new temperature-
responsive cell-type in the zebrafish cerebellum. 33
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• Deep Nets trained on spatial navigation tasks 
reproduce grid cells and other known cell-
types in the mammalian entorhinal cortex. 



ANALYSIS OF DEEP NET MODELS OF BRAIN
FUNCTION

• Why do these similarities emerge?

• Do they represent profound underlying structure of 
the problems being solved?

• Or common principles underlying computation in 
biological and deep networks that arise from their 
connectionist underpinnings? 

• Are these cell-types causally implicated in the 
ability of the Deep Net to perform said task?

• In practice, unlike nervous systems, deep networks 
can be manipulated at will. 
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DEEP LEARNING – INSPIRATION FROM BIOLOGY

• Deep Nets & over-parameterization.
• Structures from Connectomics

– Google, IARPA.
• Incorporating known features from Biology into 

next-generation Deep Learning. 

• Towards AGI?
36
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EXTRAORDINARY PROGRESS IN
(LARGE SCALE) EXPERIMENTAL TECHNIQUES
IN NEUROSCIENCE

• Connectomics
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CONNECTOMICS
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CONNECTOMICS – BACKGROUND

• The connectome of an organism is the exact structure of 
the network(s) of neurons in its nervous system.

• C. Elegans connectome (302 neurons) was determined in 
1986 after a ~15 year effort. 

• Tadpole larval connectome of the sea squirt 
Ciona intestinalis (177 neurons) in 2016

• Recent remarkable experimental advances have brought 
the prospect of ascertaining the connectome of complex 
organisms closer to reality.

• Connectomics using Electron Microscopy
� Brain tissue is prepared by staining it with heavy metals and is embedded in 

resin.
� Sliced with a diamond knife.
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MOVIE S10. THREE-CYLINDER PARTS LIST EXPLOSION, RELATED TO FIGURE 3. 
AN ANIMATION SHOWING A 3D RECONSTRUCTION OF ALL THE OBJECTS ANNOTATED IN THE
THREE CYLINDERS AROUND TWO APICAL DENDRITES. THE OBJECTS ARE INITIALLY SHOWN IN SITU
AND THEN “EXPLODED” TO REVEAL THE FULL COLLECTION OF CELLULAR OBJECTS.

http://www.sciencedirect.com/science/MiamiMultiMediaURL/1-s2.0-S0092867415008247/1-s2.0-S0092867415008247-mmc12.mp4/272196/html/S0092867415008247/0c6c5710df336433584fccae3193a5c3/mmc12.mp4


MOVIE S11. THREE-CYLINDER DECOMPOSITION BY TYPE, RELATED TO FIGURE 3. 
AN ANIMATION SHOWING A 3D RECONSTRUCTION ALL OF THE OBJECTS ANNOTATED IN THE THREE CYLINDERS
AROUND TWO APICAL DENDRITES. ALL THE OBJECTS ARE INITIALLY SHOWN IN SITU AND THEN SORTED BY
CATEGORY—AXONAL, DENDRITIC, OR GLIAL—AND BY FUNCTIONAL TYPE (I.E., EXCITATORY OR INHIBITORY
FOR AXONS AND DENDRITES AND WHEN POSSIBLE BY TYPE OF GLIAL CELL).

http://www.sciencedirect.com/science/MiamiMultiMediaURL/1-s2.0-S0092867415008247/1-s2.0-S0092867415008247-mmc13.mp4/272196/html/S0092867415008247/3e4f8cc2bed1d47aac6aa59ff3852fb9/mmc13.mp4


MOVIE S12. RECONSTRUCTION OF THE CENTRAL DENDRITE’S SPINES AND THE LARGE NUMBER OF OTHER
DENDRITIC SPINES IN CLOSE PROXIMITY TO THE CENTRAL DENDRITE IN CYLINDER 1, RELATED TO FIGURE 7. 
AN ANIMATION SHOWING THE SPATIAL DISTRIBUTION OF THE SPINES ORIGINATING FROM THE CENTRAL DENDRITE
OF CYLINDER 1 (RED SPINES), ALONG WITH SPINES ORIGINATING FROM THE OTHER DENDRITES IN CYLINDER 1 
(GRAY SPINES).

http://www.sciencedirect.com/science/MiamiMultiMediaURL/1-s2.0-S0092867415008247/1-s2.0-S0092867415008247-mmc14.mp4/272196/html/S0092867415008247/b8b90d69d6291aa6d6b5ddf631f3da89/mmc14.mp4


MOVIE S13. RECONSTRUCTION OF THE AXONS THAT MAKE MULTIPLE SPINE CONNECTIONS
WITH THE CENTRAL DENDRITE IN CYLINDER 1, RELATED TO FIGURE 7. 
AN ANIMATION SHOWING THE CENTRAL DENDRITE IN CYLINDER 1 (“RED DENDRITE”) AND
SERIALLY DISPLAYING THE 11 INDIVIDUAL AXONS THAT MAKE MULTIPLE SYNAPSES AND THE
LOCATION OF THOSE ONTO SPINES OF THE CENTRAL DENDRITE WITHIN THE CYLINDER.

http://www.sciencedirect.com/science/MiamiMultiMediaURL/1-s2.0-S0092867415008247/1-s2.0-S0092867415008247-mmc15.mp4/272196/html/S0092867415008247/5b7450bee892daf150c31fbb62d175fd/mmc15.mp4


MOVIE S14. MULTIPLE AXONS ARE IN CLOSE PROXIMITY TO INDIVIDUAL DENDRITIC SPINES, 
RELATED TO FIGURE 7. 
AN ANIMATION OF THE 3D RECONSTRUCTION OF THE 13 AXONS THAT HAVE MEMBRANE-TO-
MEMBRANE APPOSITION WITH A SINGLE SPINE ORIGINATING FROM THE CENTRAL DENDRITE OF
CYLINDER 1 (“RED” SPINE; SEE FIGURE 7).

http://www.sciencedirect.com/science/MiamiMultiMediaURL/1-s2.0-S0092867415008247/1-s2.0-S0092867415008247-mmc16.mp4/272196/html/S0092867415008247/75ee7f8e7eba1792d7c2304418cecb1b/mmc16.mp4


CENTRAL NEUROSCIENCE QUESTION
FROM THE LENS OF COMPUTER SCIENCE
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