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Summary

We study the processing of odor information in the olfactory bulb (OB), which is
the rst structure in the brain to receive input from the olfactory sensory
neurons.

Experimental studies of olfaction in zebra sh have measured the spatial
patterns that are excitated by odor stimulation in the bulb's glomerular input
layer as well as the resulting spatio-temporal activation patterns of the mitral
relay cells that pass the odor information on to higher brain areas. It has been
found that even for similar odor stimuli, which excite highly correlated input
patterns, the output patterns are signi cantly less correlated. Thus, it is thought
that an important objective of information processing in the olfactory bulb is to
decorrelate odor stimuli in order to aid odor discrimination in higher brain areas.

We address the question: What kind of network connectivities are best suited
to decorrelate similar inputs? Using simple r ing-rate models appropriate for
the olfactory bulb we take into account the nonlinearity of these models. We
Investigate the ability of such networks to decorrelate inputs over a wide range
of concentrations while learning from their environment at various x ed
concentrations.



Anatom y of the Olfactor y Bulb

The Glomeruli located in the
Glomerular Layer are the input
channels of odor stimuli into the ol-
factory bulb.

The Mitral Cells relay the output
from the olfactory bulb.

The Granule Cells provide lateral,
recurrent inhibition between mitral
cells.

During odor stimulation the inhibitory
granule cells can silence mitral cells.

(Friedrich & Laurent, 2001)



Decorrelation of Outputs

Time-resolved Ca?" - uorescence measurements of mitral cell activity in
zebra sh for two amino acid odorants

Similar
glomerular
Inputs

(Yaksi, Judkewitz, & Friedrich, 2007)

Lateral inhibition decreases the overlap of two similar odors with time.



Input to olfactory bulb (left) consists of
glomerular activation patterns for different
odors. Odors that are very similar are
highly correlated at the input.

The OB network decorrelates inputs over
time (below) and thereby distinguishes
similar odors at the output.

Our Network Modeling Task:
(in zebra®sh: Friedrich & Korsching, 1997) What connectivity best decorrelates
odors?

Temporal evolution of mitral output correlations for different amino acids

(Friedrich, Habermann & Laurent, 2004)



Minimal Nonlinear Rate Model for Olfactor y Bulb

We reduce the complex anatomy of the olfactory
bulb to a simplied network model consisting of
mitral cells (excitatory relay neurons) and gran-
ule cells (inhibitory interneurons). Inputs to the
glomeruli are relayed by mitral cells, which are lat-
erally connected via inhibitory granule cells.
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During odor stimulation mitral cells are often
silenced by inhibitory interneurons
) rectifying nonlinearity essential

Mj]+ O Gi]l+ O

Sensory Input S

Q

+

G

e

Firing Rate [M]

Q Q O

Output M

Activity M

»
Ll



Linear Network Model

Sensory Input S

For linear networks optimal connectivity can be 0 0 o O

given explicitly
Recurrent network
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We focus on x ed points of the dynamics
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Optimal Network Connectivity
One can de ne different criteria of optimality:

1) statistical independence of outputs from different mitral cells across natural
scenes

i) discrimination (decorrelation) of speci ¢ odors



Consider matrices S and M representing

asetofsodorsS, , = 1;:;

the corresponding output of m mitral cells M; ,i = 1;:

Statisticall y independent mitral cells

Diagonalize correlation between
mitral cells across odors

Need: Odorss Mitral Cells m
| = MM ! = KSS'K!

If K is invertible:

KK

In a network with linear dynamics both objectives become equivalent if m = s.

., M
Discrimination of specic odors

Diagonalize correlation between
mitral cell output patterns

Need: Odorss Mitral Cells m
| = MM = S'K'K S
If S Is invertible:

sst *



Many connectivities K ( ) satisfy the optimality objective.
They are related by orthogonal transformations:

K® = ok @

In networks with rectifying nonlinearity most connectivities are not optimal.

X
M ; Kij Sj <0 for some i

Here we investigate the effectiveness of nonlinear networks with two different
connectivities:

)1:2 |

) W Input correlations, symmetric: W = (SS
(cf. Dimitrov & Cowan, 1998, Linster, Sachse, & Galizia, 2005)

i) W not symmetric: W=5 |



Decorrelation of Similar Stimuli, Symmetric Model

Similar stimuli

Gaussian Si(o) with random

deviations ; of strength

S = Si(o) + i

_ = 10%
Mitral cell output
Linear optimal network
without recti er
many cells effectively
excited

Nonlinear network

with recti er

many cells silenced

strong deviation from linear
network



We compute dependence of the decorrelation on the dissimilarity of odors.
The connectivity is adapted to the respective odor ensemble.

Stimulus correlation (input)

Output Correlations:

Linear optimal network

Network with recti er
Correlation in activity M L A

X
O--0—0—0—0 O—O0——0—0—H4
© s MM 0 0.5 1

i L
Network with recti er Dissimilarity of Odors h

Correlatio)n(w In ring rate [M ]+
cC = M kML

)

Better discrimination in terms of ring rates [M ]+ rather than activity M :
strong correlations in silenced cells M < 0 do not contribute.



Decorrelation of Similar Stimuli

Dependence of Pearson Correlation on dissimilarity of odors
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Discrimination of Different Concentrations

Saturation of receptor neurons with increasing concentration

C . B
Si(c) Sp K+ ¢ (choosing = 1)

) Dbroader excitation patterns with increasing concentration

Sensory Output
Vary concentration
of single odor

Decorrelation
between intermediate
concentrations

Concentration

enhanced Concentration Concentration



Non-Symmetric Connectivity

To diagonalize M :
K=s! w=5 |

Lateral interaction between mitral cells is purely inhibitory: Wy~ Ofor all 1, |
Choose therefore

K= S! W=23S | 0 with = min S
I

stable unstable




Stability of Fixed Points

Dynamics of r ing-rate model

dM

—= M+S WM

It M ]+
Need to choose connectivity W so that all eigenvalues of | W are negative
Conjecture: Fora matrix L withL; O one can always permute the columns

such that all its eigenvalues are negative.
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Non-Symmetric Connectivity , Random Input

Input Stimuli at Various Concentrations:
C=0.1 C=1 C=10
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Correlations averaged over odors. The network “learns” at concentrations
L=0.1, 1, and 10.
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Symmetric Connectivity , Random Input

Input Stimuli at Various Concentrations:
C=0.1 C=1 C=10

555555555555555555555555555

Correlations averaged over odors. The network learns at concentrations L=0.1,
1, and 10.
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Non-Symmetric Connectivity , Diagonal Input

Input Stimuli at Various Concentrations:

C=0.1

111111111

Correlations averaged over odors. The network learns at concentrations L=0.1,

1, and 10.
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Symmetric Connectivity , Diagonal Input

Input Stimuli at Various Concentrations:
C=0.1 C=1 C=10

555555555555555555555555555

Correlations averaged over odors. The network learns at concentrations L=0.1,
1, and 10.
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Non-Symmetric Connectivity , Focused Input

Input Stimuli at Various Concentrations:
C=0.1 C=1 C=10

555555555555555555555555555

Correlations averaged over odors. The network learns at concentrations L=0.1,

1, and 10.
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Symmetric Connectivity , Focused Input

Input Stimuli at Various Concentrations:
C=0.1 C=1 C=10

555555555555555555555555555

Correlations averaged over odors. The network learns at concentrations L=0.1,
1, and 10.
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Conclusions

We study the effect of a rectifying nonlinearity on the ability of the network to
discriminate odors.
Symmetric connectivity:

even at learned concentration discrimination is not perfect

discrimination quite good over range of concentration

discrimination decreases for higher concentrations

network enhances discrimination of concentration differences

Non-symmetric connectivity:
discrimination perfect at learned concentration
concentration dependence of discrimination varies with type of stimulus

discrimination decreases for higher concentrations
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