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e Attractor networks are hypothesized to store information in the
brain

of inhibitory feedback

e Real networks have a tendency to oscillate due to the latency

e How do we stabilize information in an oscillatory network?
e Can shared oscillatory drive can activate a mode with

distinct stable trajectories rather than fixed points?
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A rate model E-| oscillator

7B = —E + f(AeccE — Acil + 0 + S(t) + ne(t))
il = —T + f(AieE — Al + 0; + mi(t))
n~ N(Ov 02)

—_
Rate

1—{—6*9” 0.

6 o 6
Synaptic activation

Each E-I pair displays a damped oscillation
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Weakly coupled oscillators

S )
S1 > E1 Oscillator 1
S2 —>(E2 Oscillator 2
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Weakly coupled oscillators: "experiment"

System begins at steady state, no difference between
population activity
An input arrives to one population, driving its activity up

e This sets up initial conditions of the system
The input is removed, and the network is driven with shared
oscillatory drive
After a delay, can we read out the initial conditions based on
the firing rates of the E populations?
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Two weakly coupled oscillators

2 oscillator system without drive E/b;rajectory during 'observe' time
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Storing information in an ensemble of 30 oscillators

E rate

E rate
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Two islands of encoded assembly stability

Mean absolute predictive power for 500ms after 500ms delay
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Two islands of encoded assembly stability

Mean absolute predictive power for 500ms after 500ms delay
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Can we think of this as a damped, driven linear system?

Evolution of linear system in time

E rate

| rate

Initial conditions e
Oscillator 1 —
Oscillator 2 —

Mean E rate

0 200 400 600 800 1000 E rate
Time (ms)

® 4D linear system
e Stable £(\) <0

® Set dominant mode to be an asynchronous, stable oscillation
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n asynchronous mode

Evolution of linear system in time
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The firing rate nonlinearity is important

Firing rate nonlinearity
1 T
Saturating
AGain ~ -AActivation
i)
© 0.5F . |
o Linear
AGain ~ 0
Exponential
AGain ~ AActivation
0 .
-6 0 6

Synaptic activation

The nonlinear system occupies the exponential portion of the firing rate
nonlinearity, in which an increase in drive leads to an increase in gain.
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Linear analogy to two coupled oscillator model

Evolution of linear system in time

E rate

| rate

Mean E rate

nitial conditions e
Oscillator 1 —
Oscillator 2 —

0 200 400 600 800 1000 E rate
Time (ms)

Periodic modulation of E-E coupling and periodic forcing, with a
limit on the maximum rate, qualitatively resembles nonlinear
system
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Linear analogy to two coupled oscillator model

Evolution of linear system in time

E rate

| rate

Mean E rate

nitial conditions e
Oscillator 1 —
Oscillator 2 —

0 200 400 600 800 1000 E rate
Time (ms)

Periodic modulation of E-E coupling and periodic forcing, with a
limit on the maximum rate, qualitatively resembles nonlinear
system

e Limit the maximum rate to prevent instability
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Summary:

e Slow inhibitory feedback can create a damped, asynchronous
oscillation in inhibitory-coupled oscillators

e Periodically increasing the gain can prevent this mode from
decaying

e For low rates, the firing rate nonlinearity is supralinear, and
increasing input also increases gain
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Assessing assembly stability

Distribution of E rates at first excitatory peak after hold
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Mutually inhibitory oscillators

TeBy = —E1 4 f(ASY By — A5 — AST I 40, + gS(1))
TeBy = —Ey + f(AS By — ASH [, — AT 40, + geS(t))
Tij1 = —I1 + f(A:flfll - A?:le1 - Afeth"Eg + 01)

Tily = —Ir + f(AfflfIQ — Af:le2 — ARy 4 0;)
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Weakly coupled oscillators

F

S1 —»{E1 Oscillator 1

M

S2 > E2

Oscillator 2

A S

Ty = —E1 + f(AXY B+ AT By — AZY T — AZTL 40, 4 e S(1))
TeEg = —Fy + f(AzZlez —+ AZiheTEl — A:jlffz — AZﬁh”h + 0. + geS(t))
T'L'jl = —Il =+ f(A;elfll + A?itherlz — A::lel — A,?éhETEQ + 97,)

Tily = —I + f(AF I+ AT — ALY By — ARy + 05)
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Effective coupling is stronger than individual coupling

Se = Je<Eother> + (1 - Je)Eself

In limit of large N, for the bistable mode, some fraction v of E; will be part of
the same ensemble as E;, call E..f, and the rest will occupy an Egiper

Se = Ue(’YEself + (1 - 'Y)Eother) + (1 - Ue)Eself

Se = Ue(l - 'Y)Eother + (1 - Uc(l - '7))Eself

There is a new effective coupling constant o, = o.(1 — 7).
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