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Week 14-part1: Review: The brain is complex
Neuronal Dynamics - Brain aynamics IS compiex
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Week 14-part 1: Review: The brain is complex
Neuronal Dynamics - Brain aynamics IS compiex

motor
-complex internal dynamics TRy
-Memo ry o L) ﬁ
cortex

-Response to Inputs
-Decision making
-Non-stationary
-Movement planning
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Week 14-part 1: Reservoir computing

Liquid Computing/Reservolir Computing:
exploit rich brain dynamics

Maass et al. 2002,
Jaeger and Haas, 2004

Review:
Maass and Buonomano,
neural Readout 1
Stream of system L0
sensory inputs='| @ [~ " Readout 2




Week 14-part 1: Reservoir computing

‘ , See Maass et al. 2007
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Rich neuronal dynamics

Week 14-part1: Rich dynamics
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Week 14-part 1: Rich neuronal dynamics: a wish list

-Long transients

-Reliable (non-chaotic)

-Rich dynamics (non-trivial)
-Compatible with neural data (excitation/inhibition)

-Plausible plasticity rules



Week 14 — Dynamics and Plasticity

EEEEEEEEEEEEEEEEE
EEEEEEEEEEEEEEEEE

Week 14 — Dynamics and Plasticity

Wulfram Gerstner
EPFL, Lausanne, Switzerland

14.1 Reservoir computing

- Review:Random Networks
- Computing with rich dynamics
14.2 Random Networks

- rate model
- stationary state and chaos

eppbian FlastliCIty
- excitatory synapses
- Inhibitory synapses

14.4. Reward-modulated plasticity
- free solution

14.5. Helping Humans

- time dependent activity
- network states




Week 14-part 2: Review: microsco PIC US. MAacrosco 1]{F




Week 14-part 2: Review: Random coupling

1
1 excitation
lomogeneous inhibition
network:

-each neuron receives input
from k neurons in network
-each neuron receives the same

(mean) external input



Week 14-part 2: Review: integrate-and-fire/stochastic spike arrival

Stochastic spike arrival: -
excitation, total rate Re 1
Inhibition, total rate R

Synaptic current pulses

z'iu :_(u—ueq) R{ qu5(t—t|j)_zqi5(t_tlj") }
k, f k', T

ot
EPSC IPSC
d '__(u_u ) :leea”(t):( (1) ~Firing times:
ot . Threshold crossing
u A
Uy o N e Langevin eqguation,
N " Ornstein Uhlenbeck process
- Fokker-Planck equation




Week 14-part 2: Dynamics in Rate NetworkS F-I curve
of rate neuron

e 100 -
d ]
I =—I + F( | o 50 -
dt Z J J g .
Fixed point with F(0)=0 - Slope 1 nput [a.u.]
i Suppose:
/ \ 1= F0) =L F(x =0)
dx
stable unstable Suppose 1 dimension
g X =—X+F (wXx)

dt



d
at

Fixed point with F(0)=0 -

X =0
Calculate stability,

take w as parameter

— X =—X+ F(wXx)

1 —

d

dt

Exercise 1: Stablility of fixed point

Next lecture: o
Oh43

Suppose:

F'(O)z%F(XzO)

Suppose 1 dimension

X =—X+ F(wXx)




Week 14-part 2: Dynamics in Rate Networks -

Blackboard: d
Two dimensions! E I = —I + F(Z i ,

Fixed point with F(0)=0 -

r =0 Suppos(ej:
1=F'(0) =—F(x=0)
dx
/ \ Suppose 1 dimensior
a X =—X+ F(wX)
stable unstable o |

w<1 w>1



Week 14-part 2: Dynamics in RANDOM Rate Networks

d
ai:_r_l_lz(z IJJ %g@

Random,
10 percent connectivity

Fixed point:

— 0 .
1=F'(0) = — F(x =0)

f
///// g dXx
- N
N Chaotic dynamics:
stable unstable Sompolinksy et al. 1988

Re(1) <1 Re(A1) >1 (and many others:
\\ Amam." //




» strong, intricate connections

Unstable dynamics and Chaos “exc. L[ inh.

d
Eri = — I + F(Zwijrj)_l_ (1)
J
~
chaos
/
TR il e I P T S i i
5HEI
s e > R e (A) < 1
0O 02 04 06 08 1.0 }
Synaptic coupling (mV) ™ '
Rajan and Abbott, 2006 Image:

Image: Ostojic, Nat.Neurosci, 2014 Hennequin et al. Neuron, 2014




Week 14-part 2: Dynamics in Random SPIKING Networks

%ui =—u;, + > > W, o(t—t;)
i f \

Firing times:
Threshold crossing

O 0.2 04 06 08 1.0
Synaptic coupling (mV)

Image: Ostojic, Nat.Neuroscl, 2014



Week 14-part 2: Stationary activity: two different regimes
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Week 14-part 2: Rich neuronal dynamics: a wish list

-Long transients

-Reliable (non-chaotic)

-Rich dynamics (non-trivial)
-Compatible with neural data (excitation/inhibition)

-Plausible plasticity rules



Week 14 - Dynamics and Plasticity _ _
14.1 Reservoir computing

)
M(lﬂ-q - Review:Random Networks
- Computing with rich dynamics
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- stationary state
of Neural Networks:

14.3 Stability optimized circuits
- application to motor data

- Hebbian
- Reward-modulated

14.5. Helping Humans

- time dependent activity
- network states
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Week 14-part 3: Plasticity-optimized circuit

Re(4) =1 Re(A4) =1

Image:
Hennequin et al. Neuron, 2014



Optimal control of transient dynamics In balanced networks
- Supports generation of complex moyements
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Random

a = strong, intricate connections b l
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Week 14-part 3: Random Plasticity-optimized circuit
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Week 14-part 3: Random Plasticity-optimized circuit

slope 1/linear theory

100 -

-1 curve
N | of rate neuron

d1= slowest
= most amplified

Arate |Hz| @

| I | 1
O 20 100 150
input [a.u.]



Week 14-part 3: Random Plasticity-optimized circuit

slope 1/linear theory

b (linear theory)

0 response to
5 4 d1og
0 P

5 -

A 1= slowest
= most amplified

0 0.4 0.8
time [sec]




Optimal control of transient dynamics In balanced networks
supports generation of complex movements

prepare \ QB/
wait. . . movement GO done
ﬁ ﬁ A. .. f movement

A

I | |
~ 1 Sec < 1 sec

b movement A instruction __— |

single neuron traces

muscle 1
muscle 2
C  prepare
movement ‘neural muscle 1 .
A dynamical Hennequin et al
; system” -
prepare .° N D NEUI QON 2014,
movamen § ot s muscle 2
B, o el S
- g “&ij
o s

(more movements) (more muscles)



Week 14-part 3: Application to motor cortex: data and model

-
Target Move onset 200 ms

jF‘l’j2 proj. [a.u.]

PG, proj. [a.u.

— |,.|.

jPC, proj. [a.u.] jPC, proj. [a.u.]

Churchland et al. 2010/2012 Hennequin et al. 2014



Wﬂﬂ!( !lHlﬂH 3: Random Plasticity-optimized circuit

(S0OL)

i=420ms

prepare go t=350ms prepare go
snake butterfly

b (WEAK RANDOM)

Comparison: weak random
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Hennequin et al. 2014



Week 14-part 3: Stability optimized SPIKING network

Classic sparse random connectivity (Brunel 2000)

Random connections, fast  East © AMPA
0.1 mV

Stabilizy-optimized random connectionsllt slow 2> NMDA
'distal’ connections, S|OWee= 100 ms.

» strong, intricate connections (BranCO&Hausser’ 20 )
exc. L inh structured

Overall:
20% connectivity

o stabilzing comnections 12000 excitatory LIF = 200 pools of 60 neurons
3000 inhibitory LIF = 200 pools of 15 neurons




Week 14-part 3: Stability optimized SPIKING network

Classic sparse random connectivity (Brunel 20003PONtaneou
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Week 14-part 3: Stability optimized SPIKING network

Classic sparse random connectivity (Brunel 2000)
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Week 14-part 3: Rich neuronal dynamics: a result list

» strong, intricate connections

\/ -Long transients

./ -Reliable (non-chaotic)

i stabilizihg connections
\/ -Rich dynamics (non-trivial)

J

-Compatible with neural data (excitation/inhibition)

-Plausible plasticity rules



Week 14 - Dynamics and Plasticity _ _
14.1 Reservoir computing

)
M(lﬂ-q - Review:Random Networks
- Computing with rich dynamics
Biological Modeling 14.2 Random Nefworks
- stationary state

14.3 Stability optimized circuits

- application to motor data

Week 14 — Dynamics and Plasticity {44 Synaptic plasticity

- Hebbian
- Reward-modulated

14.5. Helping Humans

- time dependent activity
- network states

Wulfram Gerstner
EPFL, Lausanne, Switzerland



Hebbian Learning
= all iInputs/all times are equal

pre OSt
@ T~

Aw;; o< F(pre, post)



Week 14-part 4: STDP = spike-based Hehbian learning

u

™ |

Pre-before post: potentiation of synapse

Pre-after-post. depression of synapse



Modulation of Learning
= Hebb+ confirmation

confirmation

Functional Postulate
Useful for learning the important stuff

AW;; oC F(pre{, pc‘)st,(‘ZONFIRI\/I)

local global

Many models (and experiments) of synaptic plasticity
do not take into account Neuromodulators.

Except: e.qg. Schultz et al. 1997, Wickens 2002, Izhikevich, 2007; Reymann+Frey 2007;
Moncada 2007, Pawlak+Kerr 2008; Pawlak et al. 2010



Consolidation of Learning

success/reward Confirmation

-Novel
-Interesting
-Rewarding
-Surprising
Neuromodulators

dopmaine/serotonin/Ach

. . ; Crow (1968),
write now Fregnac et al (2010),

to long-term memory’ Izhikevich (2007)




Plasticity

Stability-optimized curcuits

- here: algorithmically tuned

BUT
- replace by inhibitory plasticity

-> avolds chaotic blow-up of network

» strong, intricate connections

: .'.EIG. S 1 inh."

e stabilizing connections

Vogels et al.,
Science 2011

AN

- avoids blow-up of single neuron (detailed balance))

- ylelds stability optimized circults




Plasticity

» strong, intricate connections

" exc. inh.

Readout

- here: algorithmically tuned

e stabilizing connections

|lzhikevich, 2007

BUT | Fremaux et al.
success swal 2012

\$\ -/
- replace by 3-factor plasticity rule | -

O
\ ® |




Week 14-part 4: Plasticity modulated by reward

Reward

>

2007

= 4 Dopamine-emitting neurons:
% : — Schultz et al., 1997
B m N 0 |
~
“E] A - Izhikevich,
- 1‘ e (o] S S Fremaux et al.
Cond. Stim. UCLEss Slgna 2012

\\\‘/

Dopamine encodes success= -

/

N\

reward — expected reward )




Week 14-part 4: Plasticity modulated by reward
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Week 14-part 4: STDP = spike-based Hehbian learning

e

Pre-before post: potentiation of synapse



Week 14-part 4: Plasticity modulated hy reward
STPP with pre-before post: poBtentiation of synapse

t]f— t{:-lO ms

]
125
S _
Q. Ctrl 5 120 -
; 3
< <
g 100 u - LU W ORPR . B ”
= DA-R Blocked =
E E JOO
& ~
80— | | | |
-100 -50 0 50 100
Time [min] f]f - tlf [ms]

Fig. 19.16: Dopamine-modulated Hebbian learning. A. An STDP protocol normally
gives rise to long-term potentiation (pre-before-post, solid black line as in Fig. 19.4D).
However, if dopamine receptors are blocked, no change occurs (Schematic representation
of experiments in Pawlak and Kerr (2008)). B. The STDP window in a control situation
(dashed line and filled data points) changes if additional extracellular dopamine is present
(solid lines, large open squares); adapted from Zhang et al. (2009).



Week 14-part 4: from spikes to movement

° ¥
prepare C:_*:Ef
ﬁ wait. . . ﬁ movement GO done
A... movement
A
| | | ’
~ 1 sec = 1 sec
b movement A instruction __——— L
single neuron traces
muscle 1
muscle 2
C prepare
movement “neural muscle 1 h
A dynamical HOW Can t e
system”
readouts
prepare o
e encode movement?

(more movements) (more muscles)



Week 14-part o: Population vector coding

Population vector coding of movements
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Week 14-part 4: Learning movement trajectories

Population vector codinggf movements

i i output .
if task is A N—500 50 P, (t) +1 | v
l [ ° >0 p,(t) =V,
N=50] H © > & ol -V
B | >0 ?':' i ’
O O I'F:
| | | O o
A | I
N=150 © >0 Y & J‘,}\
| 1 - %
B ©
N=150) © >0 J -
O >0 :

* 7/0°000 synapses
* 1 tnial =1 second
* Output to trajectories via population vector coding
* Single reward at the END of each trial based on

similarity with a target trajectory
Fremaux et al., J. Neuroscl. 2010



Week 14-part 4: Llearning movement trajectories

Fremaux et al. J. Neuroscil. j
2010 _— g
Y e | . rand critic
)\ 1\ R-STDP
: © LSS




Week 14-part 4: Plasticity can tune the network and readout

» strong, intricate connections

- exc. & HI ] inh.“

Hebbian STDP
- Inhibitory connections, tuned
by 2-factor STDP, for
stabilization Vogels et al.

2011
Fremaux et al.
Reward-modulated Success signal 2012

STDP for movement learning
\\ /
- Readout connections, tuned - | -
by 3-factor plasticity rule \Q |

e stabilizing connections




Last Lecture TODAY

Exam:

- written exam 17. 06. 2014 from 16:15-19:00
- miniprojects counts 1/3 towards final grade

For written exam:

-bring 1 page A5 of own notes/summary
-HANDWRITTEN!




Nearly the end.:
what can | Iimprove for the students next year?

— Integrated exercises?
——  Quizzes?

——  Miniproject?

—  Overall workload ?(4 credit course = 6hrs per week)

—— Background/Prerequisites?

-Physics students
-SV students
-Math students

— Slides? videos?




