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Big Picture of Our Brains
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P.24, Neuroanatomy through Clinical Cases by Hal Blumenfeld (2022)




Building Blocks

Neurons
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Building Blocks

Cell Membrane Cell
B QOutside the neuron, there are @ :
more positive charges *C
® In contrast, inside the neuron, @9
there are more negative nE)
charges

¥ Insulating Dielectric: In an @
electrical capacitor, the &” C§
dielectric material serves as an

Extracellular

insulator between the two Charge Separation—f . Actoss Membrane
conductive plates lon Concentration Gradients

|\ Separation of Charge: In a ®.<-@
capacitor, the accumulation of ¢
opposite charges on the two o (2021 Wikimedia
plaies Coeates an electric field 5
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Building Blocks

Synaptic Connections

Oligodendrocytes

Axon Vesicles

Pre-synaptic

Neuron Neurotransmitters

Post-synaptic
Neuron

Branches of
the Dendrite
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What do Nerve Cell Electrical Signals Look
Like?

If the membrane potentialis
large enough, an electric
pulse will be triggered

A j x 100 ms
_l 20 mv

Neuron Cortical
membrane reden
potential \ Rossantetal, 2011

Input to neurons will change
the membrane potential
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Neuronal Coding

Tuning Curves in V1

recording electrode

visual area
of brain

stimulus

electrical signal

s (orientation angle in degrees)

Figure 1.5: A) Recordings from a neuron in the primary visual cortex of a monkey.
A bar of light was moved across the receptive field of the cell at different angles.
The diagrams to the left of each trace show the receptive field as a dashed square
and the light source as a black bar. The bidirectional motion of the light bar is
indicated by the arrows. The angle of the bar indicates the orientation of the light
bar for the corresponding trace. B) Average firing rate of a cat V1 neuron plotted as
a function of the orientation angle of the light bar stimulus. The curve is a fit using
the function 1.14 with parameters rmax = 52.14 Hz, smax = 0°, and oy = 14.73°. (A
from Hubel and Wiesel, 1968; adapted from Wandell, 1995. B data points from
Henry et al., 1974).)
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Neural Coding

Neuronal Tuning in Motor Cortex
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Then...

There are phenomena in different
scenarios

\

Y

How are these phenomena generated?

What are the factors affecting the
phenomena?

How can these phenomena support brain
functions?

24-29 June 2025 11



Mathematical Models

What Are Mathematical Models? \

A mathematical model is a description of a \
system using mathematical concepts and
language. Models help us understand,

analyze, and make predictions about real-
world phenomena.

24-29 June 2025 12



Mathematical Models

B Common Types of Models
¢ Deterministic vs. Stochastic
¢ Linear vs. Nonlinear
¥ Continuous vs. Discrete
¢ Static vs. Dynamic

m Real-World Applications

® Mathematical models are used in physics,
engineering, economics, biology, climate
science, and many other fields to simulate
complex systems and guide decision-
making.
24-29 June 2025 13



xample: How did Our
ncestors Describe Qur World

Ancient China

Ancient
Egypt
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Mathematical Model:
Newtonian Gravity

B The Newtonian
mechanics with the
gravity theory can
explain most of the
observed phenomena

m Of course, now we can
predict eclipses —

accurately o g
® The Newtonian gravity is Eartn— ;

a successful model of
the phenomena

@) N
o
Neptune \ N

N
Jupiter ~

https://www.nasa.gov/learning-resources/for-kids-and-
students/what-is-pluto-grades-k-4/

t was good at
ediction and

lanation
e 2025 15



Neuronal Model

Oligodendrocytes
Neuron

Hodgkin-Huxley (HH) M%

Iinput

Driving Driving Driving
Na+to K+ to Force to
maintain
Resting
Potential

outside

Cytoplasm
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Behaviour of HH Model

B The membrane potential generated by
HH model is more realistic than the LIF

moxtel = 600 pA [input = 800 pA
Membrane potential Membrane potential
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Implementation in Python

Here is my implementation of the HH
model in Python

https://colab.research.google.com/drive/1D
FU22)Zq6df_Ty-
VPtbXpWFOKx7XKsQB?usp=sharing

24-29 June 2025 18



A More Intuitive Description of Neurons

Analogy: Leaky Bucket

Input

,,,,,,,,,
Y- PN TN
-abDatclito

Potential
Difference

¢ Leakage

2222222222227

|
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Networks of Neurons

Neurons do not work alone - they work
in networks

\

Neurons send (receive) signals to (from) \
its neighbours

Loss of neuronal connections will cause
dysfunctions

Looking into neuronal networks will be
essential for our understanding of our
brain

24-29 June 2025 20



A Two-Neuron Example

Depolarize

other neurons
through AMPA
oranule and NMDA
Neuron
receptors
Excitation with v EIUfkane
AMPA and NMDA euron
synaptic -

currents /_\
Hyperpolarize other
e neurons through GABA-A

receptors

Inhibition with

GABA-A synaptic
¥ 21
current



How this Two-Neuron System Works?

Inhibited by

GABA-A synaptic

current

Vi
The excitatory
neuron has a

>

spike

post-synaptic
current will be
iggered on the
eted neuron

Y

An inhibitory I

7~ ™

Excited by AMPA
and NMDA
synaptic
currents

An excitatory
post-synaptic
current will be
triggered on the
targeted neuron

The inhibitory
neuron has a

t

spike
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Can Neurons Compute?

mWhat can this composition of neurons do?\

Input =

Input B VOting
Vote F B outpt  RESUILS

Input VOte

\ h Counting
‘.. 23




Model for Slow Oscillation

- Slow-Wave Sleep Wake
Depth LFWMWWW’W”\/\M
Experimental
Observation
o 0 Bl P b SR e, A,
SI mu latlon Intracellular U
activity
20 Steriade, Timofeev & Grenier (2001)

** Mathematical models provide
explanations to observations

o | *» Here, the slow oscillations are

explained by the balance between

excitatory and inhibitory

10000 12000 14000 16000 18000 20000 connections 24
Time [ms] Fung & Fukai (2018)

V [mV]

-80 1




Model for Slow Oscillation

How does the Model Work? |
, ! !

r
r ’ ’ r

Excitatory
Neurons
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Model for Slow Oscillation

How does the Model Work?

BThere is a range of the ratio between
excitatory and inhibitory connections to
support slow oscillation

(B) No transient UP states (C) With transient UP states (D) With self-sustainable UP states

7, = 0.02, 9, = 0.0202. 7,=0.02, y, = 0.04. 7, = 0.02, 9, = 0.07.

0.1 0.6 0.8 :

0.6
04 -
0.4 -
0.2 1
R - 0.2 -
0 --l-'J 0 —r-’./
 p R e S [ SR S o DR S G S B LR (S
0 0.05 0.1 0 0.2 0.4 0.6 0 02 04 06 08
f1kHz] JkHz] [/ [kHz]
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Model for Slow Oscillation

Duration of UP States

W The spreading of UP state duration depends
on the variation of E connections

W It could explain the wide spreading of the
durations

10
20 1

=
A

V [mV]

-55 0.01 -

Probability Density
o

0.001

10000 12000 14000 16000 18000 20000 0 1 2 3 4
Time [ms] UD Duration / Average UD Cycle

Z‘e ?25 28
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Model for Slow Oscillation

Implications and Limitation

Slow oscillations can be supported by local
connections

Supported by the experiment that slow \
oscillation can take place even if the f
thalamic input was suppressed

The wide-distributed UP-state durations can
be reproduced by locally connected
networks

Limitations:

Homogeneous network, network size, no
plasticity considered, etc...

24-29 June 2025 29




Continuous Attractor Neural Network
muronal

Input :\Ieurtonal 12
nputg,
P\’efe\'red | u(x;) 9 -
stimulus, Xi

Translational-invariant

Excitation, J(x; —x;) X

Synaptic Input u(x, t) evolves as
ou

Ts gy = —u(x, t) + [ dx'J(x — xDr(x', t) + I(x, t)
\ Wu and Amari (2008)
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Continuous Attractor

Network state decays

-

energy

Attractor

State The present
space network state

Network state
moves freely

2

e 2?—25 31



Tracking Dynamics

B The attractor state can shift smoothly

upon the change of external stimulus
Iext

\

Tracking from 0 to 1.571

Starting ' ! Ending

=D | — —_— —_— —_— —_— —_— —_— —_— —_— —

32



CANN as Models

Place Cells

mCells in the hippocampus tuned to a
particular self location in a particular
context ,fh Place cell

Head-Direction Cells Place Cells Recording .'::' Camera /
|
system "l|

Neurona L& Neuronal [
Activity Activity JT
/\ w . (Recordlng cable
— > > 3 - \
Preferred Head I Preferred
Directions Locations ;

Rat exploring arena

Hippocampus 33
K.J. Jeffery (2021) Entorhinal cortex



CANN as Models

Head-direction Cells

W Head-direction cells are found in many
reaions. includina entorhinal cortex

T34 bd v -
%9%¢%¥w
S SR SRR
S B RGG G-

Giocomo et al. (2014)
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5 DIFFERENT DIGITS
Tracking Changes | ==
n ‘é‘ 700+ .
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) -
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Fung, Wong & Wu (2010)
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CANN + Short-term Synaptic
Depression (STD)

_ Short-term Synaptic
Dynamics of u(xt) Depression
du

Ts (z,t) = —u(x,t) + ZJ (z, 2 p («, t)|r (2", t) + I (z, 1)

v Joxx)p(c,Y v
A
L LI ‘—> & oa 4‘
A
_t o »1
g Neurotransmitters
Dynamics of p(x,t)
dp 1 — p (SL’, t)

14 (CIS‘,t) —

At T _ép(xat)r(xvt)

® p(x,t) is the portion of usable neurotransmitters
® 3 is the consumption rate of neurotransmitters
T, is the timescale of neurotransmitter recovery (of

the order of100 ms)
3 ‘ Fung, Wang, Wong and Wu (2012) 36




Intrinsic Motion

o Short-term depression (STD) can destabilize
attractor states

» If STD is too strong, it may drive the attractor to

follow its intrinsic dynamics."
Metastatic Static
3 l 9 3 12
8 :
2 N - 2 4 10
1 - 6 1 = 8
x 0 i x 0 1 6
-1 1t{ 3 1 1 4
? /'H i
-3 0 -3 0
0 100 200 300 400 500 0 100 200 300 400 500
'ty 'ty
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The Dynamcis of CANN+STD

B= TZLBZ k= k 8 M a No static profile
p” Jy P J2 Only spontaneous motion Static Profile
can happen X 4
0.06 .
Stati fil : \\\ MOVing (X t) Available
tatic protile exists \\\ Sil px, neurotransmitter
— Not stable in position 0 tlent
e Spontaneous motion \\ r(xt) Neuronal activity
E 0.04F  may happen N
qu_) \\ o Symmetric
o i L ) : « Not moving in any
T)) Metastatic or Moving directions
9 0.02F Moving Profile
A
—
........... ' p(x,t) Available
.................. Stath neurotransmitter
O ........... 1ot " : .
0 02 04 06 0 ) .
’ ’ ) Neuronal activity
Level of Inhibition (k) >

Only static profile

) o Asymmetric
No Spontaneous Motion Y

e« Movinginany
direction
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Tracking a Moving Stimulus
(A>0 and no STD)

z,(t): stimulus, z(t): center of u(x,t)

w

\V]

o

x, Z(t) or z,(1)

I
—

0 20 40 60 8 100
Time (in units of 7,)

\
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Tracking with STD

® How STD affects the tracking dynamics ?

® For each k, there is a particular f such that, the terminal lag is
zero

® <P erect L28BING behind

perfect

® ,B Nﬂperfect: Lag ~0
) > : '
f ﬂperfect Overtake the stimulus Fung, Wong and Wu (2012) ‘
0.12F (El) 0.12F (b) 0.12F

;\Q%‘ STD 0.09+ i.

o

)

(=]
T

0.09} p= ﬁperfect

0.06}

Gilp Gilp noor

c.m. of 0.03k c.m. of 0.03L

u(x,t)

Centers of Profiles
o o
3 =

o=

80 100 0 20 40 60 80 100 0 20 40 60 80 100

t/T t/T
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Anticipatory Tracking

®|n 1998, the Anticipatory effect Angularvelocity (n units of g;gree/sigo -

72}

. : 1.4 — - 1 70 E
was observed in the brain 12} gfg-ggggf}g — 60z
1 B=0.030.A =10 —[|50
: : 508 \ 408
® Our work provides an explanation xos; iy S Lo
: e 0.4f M 202
for this phenomenon oz | 1 10§
0t 10 &
02,02 04 06 08 1°Z
TdV/a
HIPPOCAMPUS 8:87-108 (1998) Theory: CCA Fung’ KYM Wc)r]g & S
o P W 2012
Thalamus of Freely Moving Rats Experiment: JP Goodridge & DS
Jeffrey S. Taube'* and Robert U. Muller? TOU retz ky 2000

1Departmmt of Psychology, Dartmouth College,

Hanover, New Hampshire

2Department of Physiology, SUNY Health Science Center
Brooklyn, New York

ABSTRACT:  Single cells in the rat anterior thalamic nucleus (ATN) and
postsubiculurm (PoS) discharge as a function of the rat's directional INTRODUCTION

41



CANN with STD also explains the memory

playback phenomenon in the
hippocampus

Cingulate
gyrus
Hypothalamic nuclei
Corpus
callosum
Thalamus
LFP
Ripple
b}
£
>
4
3
1

Pfeiffer and Foster (2015)
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202|" ¢
H '

Y Position (cm)
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80 8
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1 40
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Strong inhibition makes the continuous

attractor appear discrete

» Pfeiffer and Foster (2015) state in the report that the replay of
continuous memories during NREM sleep is discrete

Experiment (Pfeiffer and Foster, 2015) Simulation (Fung and Fukai, 201

O mmm—— 0.005 1 4 T
. " 1 i
Population X Position _ P
Coding lem] 4o = 0 7 t
1 N 180 T
Y Position [cm] ; —r L

L2

(=]
[
w1
S
[}
ey
[
[}
o

o 2E
= g i3} t [ms]
A
> 82 =0.02 + :
CR=R= P _
. o Fly s U
locking with 1 £ ]
slow gamma : S0
X S 204 ]
&5 2T 02 ]
© : : 2 6 01
" D - A~ S £ 5021
1 180 o o -0.4 1
Time [ms] G o

200 250 300 350 400
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Implementation in Python

Here is my implementation of the CANN
in Python

N3McoD5T5UlvOu7lhpPiwd-
HWxafKr?usp=sharing

24-29 June 2025 44



Models We have Covered So Far..

Spiking Neuronal
Network

Network of spiking
neurons

More biological
realistic

Reproduced some
phenomena

Can’t explain
memory replay (for
example)

24-29 June 2025

Continuous Attractor
Neural Network

Network of abstract \

Neurons T

Less biological
realistic

Also reproduced
some phenomena

Can’t reproduce
detailed neuronal
activity

45



Different Models

Which one is more correct?
They all both work well in their
domains Y

Models and theories have their
limitations

Because of the detail/assumption of
the model
Can abstract theories be “correct”?

For example, CANNs was made of
rtificial units, can it be valid?

24-29 June % 46



More Abstract Model...

Coupled Oscillator Model for EEG

EEG Signal

Generated Signal - Old Model

Generated Signal

10°

10°

10

10

10°

e

10 20 30 40 50 60 70

Mg oo

10 20 30 40 50 60 70
T T T T T T
M
10 20 30 40 50 60 70
Frequency (Hz)

Ghorbanian, Ramakrishnan &
Ashrafiuon (2015)
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Theory vs Philosophy

The Sun Eaten by a Heavenly Dog, X¥1& H

In the story, the heavenly
dog ate up the sun. That's
why people on the ground
observed an incomplete sun.

The heavenly dog story
aimed to address the
phenomenon, but why is it
not accepted?

v/ Can*“tell” why ¥ No prediction
the sun was % Cannot be
Inieefnnzlisits tellielzlise Wikimedia: Brocken Inaglory

w (2012)
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How Models are Being Made?

Steps in Developing a Mathematical Model

General steps involved in developing a
mathematical model:

Identify the problem or question to be
addressed.

Collect relevant data and information.
Formulate assumptions and simplifications.

Choose appropriate mathematical equations or
functions to represent the problem.

Solve the equations or use computational
methods to analyse the model.

Validate the model by comparing its predictions
with real-world observations.

Refine and improve the model based on
feedback and further analysis.
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In Short

o=

Predictions Observations

Theory/
Mathematical

Models
\e ﬁS 50
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