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Human memory systems

Psychologists have split up memory in:

Declarative memory

* Episodic memory (personal what, when, where memories)
- recollection
- familiarity
- hippocampus (patient HM)

* Semantic memory: General facts about the world (cortex)

Non-declarative memory (cortex, cerebellum,..)
Motor skills, sensory processing, ...

Working memory (prefrontal, not discussed here)




Testing animal memory

(Classical) conditioning
Pavlov's dog
Aplysia gill reflex

Mazes and environments for rodents
. water maze

. place avoidance

. fear

. food location



Long term synaptic plasticity
e ——

What is (activity dependent, long term) synaptic plasticity?

Long term, semi-permanent changes in the synaptic
efficacy, induced by neural activity.

In contrast to:

- some aspects of development
- short term changes

- excitability changes



Memory systems

Declarative memory \
* Episodic memory
- recollection
- familiarity . "
_ hi : ynaptic
hippocampus (patient HM) > olasticity

* Semantic memory: General facts

Non-declarative memory
Motor skills, sensory processing, ...
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Why plasticity

Why should a neuron selectively change it inputs?

- Adapt to environment and other neurons

- Store explicit information (episodic and semantic
memory)

- Implicit information (sensory statistics, motor
learning

- Note, computation and memory share the substrate in
neural networks.



Why plasticity

Why modelling plasticity
- extrapolate single neuron plasticity to network level
- s0 we don't need to specify all connections in

a model (smarter networks)



Outline |

- Some new and old data
- heurobiology of LTP
- relation of LTP to memory
- long term stability and forgetting

- Recent own work



More reading y

Reviews of experimental LTP:
- Kandel and Schwartz book
- Hippocampus book

Theory of Hopfield networks and Backpropagation
- Herz, Krogh and Palmer

Neural computation theory
- Dayan & Abbott
- Trappenberg



Basis of classical conditioning?

B Associatvity
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Donald Hebb (1949)

Let us assume that the persistence or repetition of a
reverberatory activity (or “trace™) tends to induce
lasting cellular changes that add to its stability. . . .
When an axon of cell A 1s near enough to excite a cell
B and repeatedly or persistently takes part in firing it,
some growth process or metabolic change takes place
in one or both cells such that A’s efficiency, as one of
the cells firing B, 1s increased.

“What fires together, wires together”



Hippocampus

¢ Essential for
declarative memory

¢ cylindrical structure

¢ longitudinal axis
surrounds thalamus
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Schaftfer collateral LTP (in vitro)

before after
9. 5 ‘m =
E 10 ms 2
81 82 E 4 : 'qﬁ_s.-‘:-’-’-"r:}?,
~ 2 0 fari T
— (=%
&
\ strong a A A
g 50 , . | 5L
. i B B B
alternate at 15 sec intervals

u
"l

tetanic stimulation il 0e

S1: cooperative ; | |
- - IS

S2: input-specific i e

0.p.5:p. polentiation, 52 (%)

S1-+S2: associative

n
o
N
1E
I

(4]

52 S2



o © o ©
o N W

field potential amplitude (mV)
o

- » LTP
A
1s 10 min
| 100H= 2Hz

LTD

f,,m éﬂgg

<< potentiated level

ressed, partiall
otentiated leve

<« control level

0 10 20 3

time (min)

0 40



Synaptic plasticity = memory?
Criteria

*Detectability
changes in behaviour and synaptic efficacy should be correlated
Yes

*Mimicry
change synaptic efficacies = new ‘apparent’ memory
Rudimentary

Anterograde alteration
prevent synaptic plasticity - anterograde amnesia
Yes (e.g. NMDA block)

*Retrograde alteration
alter synaptic efficacies — retrograde amnesia
Yes (e.g. PKMz), but...

[Martin, Greenwood, Morris '04]



Synaptic plasticity=memory?
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LTP stages

24

Induction:

- Requires pre- and post synaptic activity.
- Mechanism: NMDA and Ca influx

Expression
- Early LTP
- Late LTP

Maintainance

Action
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>‘é\\ synaptic vesicle
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Receptors
Postsynaoptic for re-uptake
membrane of transmitter



Model for LTP induction

Resting membrane .
potential During depolarization

NMDA requires pre and post activity, hence ideal for Hebbian
Learning




APS5 1s a selective blocker
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Pairing high pre- and post synaptic activity => LTP
Pairing with low activity => Long term depression



LTP stages

29

Induction:
- Requires pre- and postsynaptic activity.
- Mechanism: NMDA and Ca influx

Expression: -
- Ea rly LTP (1 hr): potentiol

- partly pre-synaptic changes E‘k\
- AMPAR phosphorylation }\ \
- AMPAR insertion H
-Late LTP

-7 (requires protein synthesi
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“Post-" model for expression
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Early phase LTP
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Associativity

33
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| LTP

| inducing
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Weak stim. | Weak stim. Associative LTP
no LTP | paired with strong

- Can be explained with voltage dependence of NMDA
- Associative learning such as Classical conditioning (Pavlov)



Basis of classical conditioning?

B Associatvity

Before After

conditioned stimulus H \ H e /\

Bell

unconditioned stimulus ——= j\
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Food
Q‘) NB: just a

cartoon!

Saliva
For Aplysia see Kandel book



Early phase LTP
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Late LTP
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Late phase LTP
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LTP stages
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Induction:
- Requires pre- and post synaptic activity.
- Mechanism: NMDA and Ca influx

Expression: -
- Ea rly LTP (1 hr): potentiol

- partly pre-synaptic changes E‘}\
- AMPAR phosphorylation }\ \
- AMPAR insertion H

-Late phase LTP

-requires protein synthesis — ~

Synaptic vesicle

Glio
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Receptors
Postsynaoptic for re-uptake
membrane of transmitter



What determines if LTP lasts?

Reward and punishment

;Lausr}- . m{%‘k ,}LL[\ 300- " -
¢ 250 _/Uf\ AD 250 /\MF\C

| 300- | 5 ms 200 il
:_ "* Lme
| 150 I
oy LT .!. 150 e '_‘+
100t - 104 ~

T walor foolshash

i

b, L g | ey L o i —
ﬂﬁﬁ12345ﬁ?ﬂi4 Xh @

[Seidenbecher '95]



Longevity: In vivo physiology

d 20 40 B0
Time {(days post-HFS)

[Abraham '00]

« Strong extracellular stimulation, leads to long lasting
strengthening of synapse [Bliss and Lomo '73]



What determines if LTP lasts?

Stimulus protocol
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(Dopamine mediated)

Does a novel environment
'reset’ hippocampal learning?



LTP stages
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Induction

Expression

Maintainance
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LTP maintenance
as an active process
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Hypotheses for maintaince /

Iong term stabilitx 44

Slots for AMPA receptors GluR2 trafficking
basal condition LTP maintenance
AMFAR pool
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[Turrigiano '02] [Yao & Sacktor '08]






Why modelling plasticity

Why modeling plasticity: 2 cross-fertilizing approaches
1) Artificial neural networks, engineering approach
- make a network do something
- now somewhat superseded by more formal
machine learning
2) Insight in biology
- extrapolate single neuron plasticity to network level

- how can organisms adapt?



Models of plasticity and memory
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Supervised learning
- tell network exactly what desired output is
- train network by changing the weights

Reinforcement learning
- Only give reward/punishment

Unsupervised learning

- Let the network discover things (statistics)
about the input, e.qg. Create representations that are
useful for further processing (V1)

Animals/humans can do all three presumably



Supervised: Perceptron

Categorize inputs into two classes

{after Humphrys)
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Perceptron learning rule [Rosenblatt 1952]
- If it can be learned, the rule converges
- Not all classification problems can be learned



Linear separability 2
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Need multiple layers



Multi-layer perceptron .

Network to approximate any function with arbitrary
number of inputs and outputs

output units
hidden units

input units




Back propagation
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Back propagation 52

General approach:

- Come up with cost function, (objective function)
Examples: #errors, sparseness, invariances

- Take the derivative wrt synaptic weights.

- You have created a learning rule



Hopfield network

- Model for CA3

- Recurrent network

- Auto-associator (i.e. Pattern completion)




Hopfield network

attractor basin

energy

-

One shot learning: wl-j=zpaﬁems



Unsupervised plasticity .

Vanilla model: AWZ-ZGXZ-J’

Covariance rule: Awi:e(x,—<x,>).(y—<y>)

Assumptions made:

- W can change sign

- W IS unbounded

- dw independent of w

- linear

- dw Iindependent of other synapses
- changes are gradual and small




Unsupervised learning
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Constraints and competition

Constraints
Keep each weight within bounds

Normalization __ T

Make sure that Z.; W; is constant R VN
This leads to competition

- Divisive normalization (weak competition)

- Subtractive normalization (strong competition)




Constraints and competition y

The outcome of the learning is strongly determined by
the constraints [Miller & Mackay]
(Alternatives: BCM, Oja's rule)

Practical tip:

Use subtractive normalization






Computational modelling of synaptic
plast|C|ty 60

Ultimate goal:
Quantitative, accurate models in health and disease

Most models are oversimplified

Plasticity is complicated and depends on, for instance:
- pre and post activity,
- reward, modulation, history, other synapses, homoeostasis..
- synaptic weight itself



Plasticity due to
random Eatterns: random walk s

Random, independent sequence of LTP and LTD

weight

iIndex



hts divergence

ic weig

Synapt

CLECCCECECCE S
RHL RRIXILLXLXRN
OABOSENONG
BN D
Aﬁfﬂﬂ?}?ﬂ?&&}ﬁtr
ettt N e
(S5SNI
CREHHRAILRRIILLR &S
4J§33333?33E# 2

SOSISEENS
++++++++333&r\
KARKA

ORNSES
RS
Laﬁﬁﬁﬁﬁﬁﬁﬂﬁﬁ&‘
RSOOSES
\XRXHILLHAKS
SIS
AEEEEEEﬂﬁﬁﬁ-
Jﬂ?&&ﬂﬂ?}&n

O
05090003008
%000 000
;ﬁﬁiﬁﬁ
+%5

Time (steps)

 Diffusion of weights, hence unlimited (Sejnowski '77)



Dealing with synaptic weights diver-

gsnss 63

Some possible solutions:

« Hard bounds
« BCM (*)

- Normalization/homoeostasis (*) S W=l

l

> wi=i

 The outcome of the rules depends strongly on the chosen
solution...
« Which is consistent with biology ?

(*) Competitive



LTP/LTD 1s weight dependent

Long term potentiation
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Simple model N

Long term potentiation Long term depression
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Weight dependent random walk

66

weight

iIndex



Weight dependent learning rules

67

1ybrom

Time (steps) P(w)

« Weight dependent plasticity prevents run away
* Leads to realistic weights distributions
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Biophysics of LTP saturation?

Simple model for weight dependence: biophysical saturation



Spine morphology is very plastic

70
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Synapse growth




Synapse growth:
effect on Calcium
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Synapse growth:
effect on Calcium




Synapse growth:
effect on Calcium
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Modelling plasticity
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Ca-volume scenarios .
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Biophysical implementation

79
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Weight dependent

plasticity curves

80

[ vpgst—qun!\r L FPDEt =S
400 40——0——0——0 i C’\
. =0— Small spine
L
e 200 — ~= Large spine ~ O
:
on
; _bc 0—o0 Zj
I I | [ | | | |
O 1 2 3 0 1 2 3
Protocol repetition Protocol repetition
F 400 —

Final gapar (PS)
[
S
S
|

0 | |
-60 -40 -20
Postsynaptic voltage (mV)
- see also [Kalantzis & Shouval '09]

- Might help to explain experimental

-60 -40 -20
Postsynaptic voltage (mV)

variability



Meta-stability of large synapses
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Under-compensation freezes large
weights
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Large spines are more stable
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Relation to disease?
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[Fiala et al. '02] [Pan et al. '10]




Spine plasticity N

* Spine volume dynamics has strong effect on
plasticity dynamics

« Can explain a number of plasticity phenomena

» Leads to meta-stable states
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Spike Timing Dependent Plasticity:
Exeerimental data 87
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[Bi & Poo 1998]



Modelling STDP

Poisson ) R Integrate & fire
trains -

O/ Plastic

i M>0
E:* .l-.- _ :f% ] |_ A W :_A_ e_(tPOSt_tpre)/I—
o A
EE : ’ :;“;:a A W:A+ e_(tp’e_tpost)h+
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Modelling STDP

Poisson B Uncorrelated Uncorrelated

trains

0.5 . & IR

g;g max

0 500 1000
Input Neuron




Modelling STDP

Correlated
Poisson trains

:
£
o 05
o) : N/
# % '..i-. I ll = g +:q. i ."":n*
0 500 1000 0 500 1000
Input Neuron Input Neuron

« Require hard bounds on weights
« Competitive [Song & Abbott '01]



But STDP is weight dependent ('soft

bounds’) 01

8.
o

positive spiking ul

4 o by
o negative spiking e
801~ °
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o R e
A I B P T P P

h
o

Change in EPSC amglitude (%)
L
o

Weak synapses synapses

50— 50
Time &t (ms)

Rel. change

50
Time &t {ms)
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Weight dependence leads to ob-
served weight distribution 92
b

y integrae and Expaerimantal guantal distribution

fire newuron
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STOP E i 3

. h

E=d

3l ( Thﬂ'[ﬂ-rm
Cuantal curre n't :puﬂ-.]
Poisson spiker inputs Maodel, random stimulation ot 15
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2
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= ! §
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hﬁ ?E
/ l ﬁ"FEFFIS_ £
| 250 500 TEDO 1000 -,
Svnantic waiaht ww ([0S %
eatanw 0
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P (W)OC 5 w EPSP(mV)
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[Song et al '05]
[MVR, Bi, Turrigiano '00]



Weight vs correlation

E,l_ﬁ_ mx: 1339 964 624 408 212 1232r 39 I ii{
E %Lﬂ_ 1122
: L e B B BB
% LLLLLLLLLLLLLLE
2
a 1000 {u'ﬂ_ I I
12 14 16

Conduciancs (p5) N!umhar uf C-unn&ctmns in Gru-.tpa of 6 cells

[MVR Turrigiano '01] [Perin & Markram'11]



Ongoing background activity leads

to weight fluctuations 94

350

nSTDP weight evolution 300

Enu e B I & —— _— = = e 250

n = - 200
2

o 150
=

.E 100
=

0 10 20 30 40 50 s
Time (s) - Helant ¢

wSTDP weight evolution




Fokker-Planck approach

95

1
— P
£
P(w) %u&
: .
] S | | 0 i i
] 5000 10000 15000
Wy _.ﬁ?_ W Conductance (pS)
. . =p,(1+w/Zw
drift diffusion Py=Pil )
OP(w,t) —0 1 5?
— = Aw)P(w,t)|+= DP(w,t
2P0 ) (w04 E E D P(w,0)

A(w)=—p,c,w+p,c,



Weight dependence leads to
volatile memories

A J nSTDP R wSTDP
2 200 i 200
E UP.\N ﬂ‘huu UI\\
: Eﬂ 100
z 3kq a\
V 50 (i T0U

Time (hrs) Time (s)

*Spontaneous activity leads to memory decay
Decay is exponential
Decay is much faster for weight dependent STDP



Weight dependence leads to
uick forgettin
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Weight dependence leads to
uick forgettin

Y
Langevin equation, dominated by drift ‘ P
g g y /ﬁ\ﬂ
w(t + di) = w(t) + Alw)dr + N(0, ¢) dt 2
Alw) = alw, — wl(1)] T
| —
(w(0)w(r + dr)) — (w(O)w(1)) = a[(w(0)wy — (w(0)wir))]dr -
1 ;% o 2o,
C(t) = —=[{(w(0)w(t)) — (w(0))’] o000
T

= exp(—T_a_v,.Vpout)

Fluctuation-dissipation theorem



Calculating the nSTDP autocorrelation

From statistical mechanics find the potential

that goes with the equilibrium distribution: U(w)
U(W):Ai_(e W—2WtOtW2>(O<W<Wm> .

Approximate with a quartic:

0)

w’ (4w’ —6ww, +w, *—4ewW, +6ew, W,,)

U,w)=
M wiaw,, :

Now we can calculate the Kramers escape
rate from one well to the other

j m j \';.lrli
T, = —= e —————— eX] L
\ llllr_l;'l]rll-'\-l {U] | 1.;|'|‘|||H. [.I'I'Ilrl:ll

l:u:l.{”'f-} T LIJW.,‘“_{“_]

ir

From this we find the autocorrelation time

T _ TCATAC
nSTDP —
TCA+ TAC




Weight dependence leads to
uick forgettin

I
Langevin equation, dominated by drift | P
gevin eg y A
wit + d) = wlt) + Alw)dr + N0, ¢) ydr 2
Alw) = alw, — wl(1)] T
(w(0)w(r + dn)) — (w(O)w(t)) = al(w(0)wy — (w(0)w(r))]dr E e %o o
o e 00

1
C(1) = —[(w(O)w(n)) = (w(0))7]

= exp(—T_a_v,.Vpout)



A vs autocorrelation timescale for nSTDP

18 b m Full simulation
L mmmmeee- One step
16 |- ———————— Double well
) - & Langevin
T14 F
§ :
12 |
= |
EW !
s
O 8
s |
O 6
5 [
(451 B
£ 4F
2
u : i P i | i . ] | i : i | i p i
0.002 0.004 0.006 0.008 0.01



How weight dependence leads to
uick forgettin 102
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Experimental data: erasure by

spontaneous activit 103
B
15 ¢Mﬁw§%
1.0 Mv_damp
S00000000 0868555
0.5 -
= C spont.
3 10 e o0

10 0 10 20 30
Time (min)
Xenopus tectum [Zhou & Poo, '03]

Are memories in networks are unstable?



Input location

Stability of receptive fields
in networks

llV 1 124
LIF Qutputs

i LGNI’

V1-like network

 Integrate and fire

« Variable lateral inhibition

« Sometimes plastic recurrent connections

104




A LIF Uutputs 600

1 600 1 600 1 600
Input

No inhib Inhib No inhib

«w 60
=
o
iy
zn

NSTDP: Spontaneous symmetry breaking
[Song &Abbott '01, Delorme '01]



A LIF Outputs

-

I
B nSTDP C  wstorp
T 100
m IA_
]
n
E -
u at a -1 el -
1 600 1 600 1 600 1 600
Input
D ——— . E - ;
No inhib Inhib No inhib Inhib
w 60
=
e
b
— 0 :
0 1 0 1 0 1 0 1

Weight dependent plasticity requires inhibition for selectivity



Broad tuning underlies

receetive field 107
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Stability of receptive fields

108

Receptive fields Population vectors
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Inhibition rescues network stability

109
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0 5 10

Inhibition (nS)

Allows for regulation of retention time
[Billings & MvR 2009]



Experimental evidence for effect of

iInhibition on stabilitx 110

« Reduced inhibition

in auditory plasticity B0F o ; EEZSG{;S

S —

E 200 F

bty

- 150 F

b

N

g 100} @ -$

Z o o R

S ©
a0 . ! A ]
-10 0 10 20 30

Time (min)

[Froemke et al 07]



Experimental evidence for effect of

iInhibition on stabilitx 111

LETTER

A disinhibitory microcircuit initiates critical-period
plasticity in the visual cortex

Sandra J. Kuhiman't*, Nicholas D. Olivas™, Elaine Tring', Taruna lkrar’, Xiangmin Xu™ & Joshua T. Trachtenberg'




Stability of plasticity o

Stability is regulated on many different levels:

* receptor stability

« weight dependence of the learning rule (here)
« synaptic tagging (Barret and MvR 2008)

« network interactions (here)

« systems level consolidation
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Weight dependent learning

and information storage 114
Inputs Weights
100 x; W
O 1 O X3 W2 OUtpUt
1 1 1 X W, )
. . yzzazlwax“
10 0. W

* Binary patterns x
« Ongoing learning, interrupted by recognition test



Measuring memory storage capacity115

Separate learned from novel patterns (‘lures')
Response in test phase:

Characterize with
Signal-to-Noise Ratio:

. 2[(y, )= (T
- Var(y )+Var(y,)

ne)
—_
<
N
Frobability dersity

Neuron's output y



Ongoing learning: new memories
overwrite old ones 116

ENi
2 \N \

| N ]

age of the pattern

Typically, exponential decay



Trade-off: memory strength vs decay

117

0 10 20
age of the pattern

What is better:
« High initial SNR, or slow decay? [Fusi and Abbott '07]



Weight dependence is
alwaxs better 118

0

10
Hardbound/ | Softbound &
Weight indep. | mm——- Hardbound q,a/
w=w+a o 107
— - =z
wW=w-a 5
©
Softbound/ = 107
Weight dep
W=Ww+a 107 R T S
w=b.w 1 10 100 1000

Memory decay



Using Shannon information
to resolve trade-off 119

How much information about the pattern is gained
by inspecting the output?

test pattern response

new T/ nhew

i |y

FEndaas § iy

old —— old

= ZP rls)P log2 ;6‘3)

Always correct ~ 1 bit
Chance level ~ 0 bits

[Barrett and MvR' 08]



Use small learning rates to prevent saturation of Information

e
co

=
B

Information (bits)

bt
1)

Using Shannon information
to resolve trade-off

o
[}

o

20

I = MZSU}

|
~ 4nin?2

[ S(1)dt

120




Small learning rates, soft-bound .

Mean decay of a potentiated synapse

i

Probability

Synaptic weight



Small learning rates, soft-bound .
R ————

Fokker-Planck equation:
oP(w,t) _ OA(w)P(w,t)]  18[Blw)P(u,t)] z
T ﬂm T o g
Right after potentiation &
P(,0) = Pl +u(0)) & Prfu) + o(0) P (1)
Synaptic weight
Transport equation:
BF[?.U.,I'] ; ap{w t} Information
EI'- :—[A TH t}] F I.‘:TE - 1 Iq ¥
5= .1nln2,£ At

Weight decays as: |

A
U{t} = EEIP{_%M] [H i'ife

s



Small learning rates, hard-bound .

e ———
1

Probability

Synaptic weight



Small learning rates, hard-bound o
R ————

Plwt)=Ps(w)+a Y Glutiug=1+4K)-Clutup=-1+4)
k:—m

G500 = el - ) 23]
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=

I
—t
i

E{lﬂ} [t} — f BP{W t} Synaptic weight
) =
1
= SB[P(-1,t)— P(1,t)]
T

. EZE—AE:@: HE = = f S(t) dt

= 1 {
| T ]ﬂlz AeAr(%e kA
N = 3[r(2k+1)] o i

0.096827 hits
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Weight dependent learning gives

sueerior Information caeacitx 125

012
2 011
=)
c
2 0.1
©
=
O -
2 009
0.08
> >
QGQQ QGQQ [MVR et al. '12]
S &
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Universality at low learning rates

[MVR et al. '12]
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Weight dependence is
alwaxs better 127
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High learning rates .
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activity too low target activity activity too high

PGreresds/
o s SN
e [Prinz '02]




activity too low target activity

* Synaptic homeostasis
(leads to competition)

activity too high

LI
w u = "a¥

]
Pkl
'
bl |
®
- Ll
-
-
- :."

““/} [Prinz '02]
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activity too low target activity

Neural homeostasis in reac-
tion to activity change:

* Synaptic scaling
 Intrinsic excitability

."l . -.r"'_ "
daapbarizirg - " E: x
3]

activity too high

=

[Prinz '02]
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Rat, hippocampal culture.
Manipulation of external K
[O'Leary et al 2009]



ol & O

A  Control

. : _ : O 48 h recovery
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Current (pA)

< | §
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Spikes

Spikes
o Wy I
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0 50 100
Current (pA)
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[Grubb & Burrone 201(



“Integral controller” - .

U eg i)
dCa(t)
Theoretical challenge Tea™ 4 =—Ca(t)+r(t)
* Fast restoration of operating point dr (1)
e Stable T =Ca(t)—const

Perfect integrator



Robust perfect adaptation in bacterial chemotaxis
through integral feedback control

Tau-Mu Yi*', Yun Huang', Melvin 1. Simon**, and John Doyle*



No homeostasis

Homeostasis
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Homeostasis
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Typically a slow feedback will be stable (but slow..)



1 1 . 3
M=| L -1 g b 0
0 T 1
T3 T_,a’rgﬂa.-f

Re(Eigenvalues) <0 & Im(Eigenvalues)=0  — Stable

Re(Eigenvalues) <0 — Stable, damped oscillations
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Stabl
=
= Stable
S Oscillation
=
o O
T
o
=
|.._.

N Unstable

0 5 10

Time—constant T,

Typically a slow feedback will be stable (but slow..)



Uncoupled Medium recurrence Strong recurrence
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(No homeostasis)
N neurons with fast synapses:

n S (6) = (W = Dr(6) + u()

Decompose into eigen-modes of W (assume W'=W)

71 de; exp(At) = et 1

.€; At
1 — w; dt 1 — w; B0 LA




3N dimensional system

g [ T ry —-u(t)
dt .
rs rs ETQDIII
1 1
T(W — 1) 0 _EI
M = =1 —=1 0
1
0 EI 0
E‘J"L
Eigenvectors are of the Vp€n

form:



Stability of N 3rd order characteristic polynomials
(1 —w; + 11 A) (1 + 12A)8A+1=0

Observation:
mode with largest e.v. w. de-stabilizes first.

Hence,
network stable iff mode with largest eigenvalue is st:

FEERY




dr(t)

Ty 7 =—r(t)+g(1—ry(t))

dr,(t)
dt

d’”3(t)
dt

=—r2(t)+r1(t)

T,

Ts =r2(t)—const

Assume taul=1ms, tau2=50 ms, examine tau3

Netw. time-const Recurrence Stable Oscil. Stable
1 ms 0 1ms 220ms
100 ms 0.99 3.2s 52s

10 s 0.9999 500s 28hrs



Required tau

Tau = (1, 50, x)

—— Stable, but oscilatory
—— Stable, no oscil.
—— = |dentity

Network nme coné%naunt

10000
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«Asychronous spiking network
sInteraction between
Currently researching balanced models




Time constant of third filter

input output rate input output rate
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Counter-intuitively, adding filters tends to de-stabilize.
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N x K dimensional system

dry(t
T Téi ) = —1 —w]ri(t) +ult) —ri(t)
dr.(t
Tk T;i) = —ri(t) + re—1(t) E=g.. K —1
drg(t
TK T;;( ) = —Tgoal T TK-1 (t)

For each eigenvalue w:
K—=1
14+ At (1 — w + A7q) H (14+ A1) =0
k=2
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