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Odor triggers oscillatory responses in the AL
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Odor triggered AL oscillations depend on inhibition
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Feedback inhibition by LN provides a mechanism of PNs
phase-locking
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In the AL network model feedback inhibition by local LNs is
responsible for odor triggered oscillations

In Vivo
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Feedback inhibition is a very common mechanisms of
synchronization in neural circuits.
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Sleep spindle oscillations
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Spindle sequences in RE-TC network
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Beta-gamma oscillation
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Mechanisms of persistent gamma
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Network dynamics can be quite complex

150 |

200} 200 (0% -

250

100 150 200 250



In many systems feedback inhibition can
synchronize spike timing of postsynaptic cells.

What is happening in the locust AL seems to be more
complex: Different PNs become synchronized at
specific times during odor stimulation T transient

PN synchronization



Transient synchronization of olfactory neurons
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In the locust AL different PNs
become synchronized at different
times during odor stimulation 1
transient PN synchronization
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iInhibition from their LNs. The strength of inhibition may
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LN-mediated inhibition to specific PN changes over
time mediating transient PN synchronization
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For a given PN different number
of presynaptic LNs is active at

different times of odor stimulation

No active LNs

GABAergic input mediated by local interneurons (LNs) mediates PN
synchronization and the transient nature of PN synchronization is
linked to variations in inhibitory drive from LNs over the duration of a
response.



Simple network with 2 inhibitory neurons
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Dimensionality reduction

d To describe dynamics
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Phase space of 2 neuron model
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Graph coloring provides an efficient tool to describe
dynamics of the inhibitory network
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Graph coloring, specifically, vertex coloring of a graph
IS the assignment of colors to the nodes of a graph
such that no two nodes that share an edge are
assigned the same color.
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Transient activity in the network with non-unique coloring

When multiple
colorings are

ensemble (blue) to

(highlighted) may
switch allegiance
another (red).

possible a group
from one

of neurons
synchronous

I

b

suoJnau g

P, pep——
——e— a——
| —e— e——
— —
———
B —_—
— o ——
I
e -
—— —_ ]
— p—
—
- —
™ - - — ——
e
il
P ey
-llllll.ll -
- —— -,
e e Sy,
N Ry W
e o ———
™

ity

500 ms

Assisi, et al., Neuron, 2010



icSINArandomo neu

based dynam

iNg|

Color

nathwnrlec
TINLOOUVVVUITII\VD

bocoocoscococcocod-rorcrcoror o

o
Feeccssscsccccedccorcooocoomroo
S

Peecccscsccccedorormrroror-oo-

—oaooooooononoon cocoocoocooomeo o —

S —
SQOTST=
O INRE SIS

LRSI

I gocgor o ocoomEme coccocm@ocEoo |
5000 SO 5o Or O rF 0060 O 0OoH 00
O OF OF O OEEE 66000 OE COER O CECOEE
co000E oF 0000 ooFERR cocooERo0000

oFcoooFooFFoooo000oF oo ooFFooF
Or COOOrOOr 0000000 HOOr OO =OF =
ocooFor oFFocooooFEFEFcooooFFooF oo
¥ 000OrorocooooForoooofooorooroo
OF ¥ of oFf ooFFocooooooFFofooocoocooo
¥ ooF oF oFf coooFoFoofoofooFooocooo
©O0000O0Fr0O0OOrFOO0OHOOrHOOHOO
oo oF oFooFFFooooooofooFooFFoFo
©OOr OrOrCOr 0000000000 OO =Or
Oororr
OrrOr000OroF00000orFoorOoF-Or—
©COrOO000OrF=OO000000OFOOOrCOO-
ofcooofoorrrooooooofoococoorocof -
¥ OO OF OFF coOFFFOFH 000000000 F00
~0000000000OFTOF - ooHOoFFOO=00
T oo droFfoooorrFrrrooroor-ooroo

oFrororooForoooocooofoFEroorFoor
¥ OO OF OF F cooF 0ooFHOOHooFFooHoO

¥ 0o OF OF ¥ cooooFFEFEH oo ocoococooF oo
©OF OF OF OOF OF 0000 00OFOoFooFooOF
©oOoF OF OFFooooFFFFEHoOHo0000oF0O
¥ 000OrorcoooForroooorooEFoocooo

1 Of oofF oF ooFFF coooo0oF o cooFcoFEFE 1

XK
AN

w.v. 4"~ 1d
IR/
nf

Lz
Al

SUOJNaN S|

e T

-
-
- -
Lol A= N
-
e T
-
[ N LN
-
l,l.tflr,l
-
L I,Lwnr,
-
-
-

- Ry

. Ty

|

w_ o e

e

T Sy W

500 ms

, et al., Neuron, 2010

iSi

Ass



Difference in the input to individual LNs leads to different
oscillatory patterns
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Ranking of the inputs to the circuits predicts order of firing
within a sequence
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For a given odor concentration different ORNs would show
different response intensity

ORN activation curve Input to PNs
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Active LNs synchronize postsynaptic PN at specific times
providing a mechanisms of transient PN synchronization
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Conclusions

A

Feedback inhibition mediated by local
Interneurons (LNs) provides a mechanism for PN
synchronization. Transient nature of PN
synchronization is linked to variations in inhibitory
drive from LNs over the duration of a response.

Lateral inhibitory connections between LNs in the
AL are responsible for complexity of LN
responses during odor stimulation.

Inhibitory networks with spike-frequency
adaptation are able to discriminate different
external stimuli configurations.



PNs and KCs odor responses in vivo

AL: Individual PNs
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We previously proposed that feed-forward inhibition from LH to
MB mediates sparseness of KCs responses
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LH neurons receive PN Input and their activity
depends on odor concentration
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Prediction: As odor concentration increases it
advances the timing of the peak of the LHI-mediated
Inhibitory input thus effectively reducing the
Integration window of the KCs.

Assisi, at al, Nature Neurosci,
2007



Adaptive inhibition limits MB response at high concentrations

In vivo
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Fixed size integration window does not support sparseness
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KCs operate as coincidence detectors for high odor
concentrations

Coincidence detection
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KCs operate as temporal integrators for low odor
concentrations

Integration
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Source of GABAergic inhibition to the MB calyx

Intracellular fill of GGN
shows that GABAergic
tract between LH and
MB calyx is a branch of
GGN
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GGN provides feedback inhibition to KCs that controls sparseness
of the odor representation
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FB inhibition can maintain low KC spike count across
concentrations
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FB and FF inhibition create different phase relationships
between spiking in populations of PNs, KCs, LHNs and GGN
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Conclusions

A Inhibition in the MB plays important role in
maintaining sparseness of KCs responses

A While data suggest FB nature of MB inhibition,
both FB and FF can preserve the sparseness of
KCs responses

A Only FB model provides experimentally observed
phase relationship between spiking in different
cell populations
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AORN adaptation for background-
iInvariant odor recognition



Natural occurrence of odors commonly involves
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Experimental set up
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Locust olfactory system successfully detects FG

odor In presence of BG odor
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ORNSs, PNs and KCs
responses show distinct
phases: (a) On transient,
(b) Steady state, (c) Off
transient

Topically during steady
state ORNSs adapt below
peak of response

Mean firing rate (Hz)

Mean firing rate (Hz)

Mean firing rate (Hz)

16

On transient

ORN i"15s’:

Steady state _
;\ 55s Off transient

s >
~

3s

Time (s
4s (¢)

On transient
PN e

: i Off transient
(n = 1,450). ~ =

Steady state <

Time (s)
4s
On transient

KC
(n=198) :

: . Off transient
 Steady state 1

~

Time (s)

4s



ORN

responses during FG over BG odor

presentation
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We designed kinetic model of the ORNSs
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Inactivation model replicates experimentally measured ORN
activity
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Averaging classification over time for two odors are
presented simultaneously
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ORN adaptation allows FG odor to start with initial conditions
close to Baseline point




