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Fig. 4. Optimization of the strength of PG inhibition of mitral cells. (A)
Activity across a selected 120-glomerulus region of the rat OB in response to
the presentation of 2-hexanone. Glomeruli are depicted along the abscissa in
arbitrary order; ordinate values represent the activity of selected cell types.
Horizontal lines depict baseline activity levels in the absence of odor. (i)
Activity profile of OSN inputs (raw glomerular activation). (i) Resulting activ-
ity profiles of ET, SA, and PG cells. (iii) In the absence of PG cell inhibitory input
to mitral cells, the activity profile of the mitral cell population (red trace)
directly reflects that of the incoming OSNs. The gray trace depicts the calcu-
lated zscore of OSN activity. (iv) The mitral cell activity profile (red trace) when
PG-to-mitral synaptic strength is optimal resembles that of the calculated z
score (gray trace). (v) Overly strong inhibition of mitral cells results in broad
suppression of mitral cell activity (red trace). (B) Plot of the dissimilarity index
(Euclidean distance) between 2-hexanone activity patterns derived from full-
scale (2,200-glomerulus) model output and the calculated normalization of
the same input data as a function of PG-mitral synaptic weight. Notably, the
dissimilarity index is minimal at approximately the same synaptic weight (0.11
arbitrary units) irrespective of stimulus concentration.

in activation levels among the interneurons associated with
different glomeruli (Fig. 4Aii).

In the absence of inhibitory inputs from PG cells, mitral cell
response profiles directly reflected the raw patterns of OSN
activation. With PG-mediated inhibition active, however, mitral
cell responses were modulated by the interglomerular network
(Fig. 44 iii—v). The effects of a range of inhibitory synaptic
weights were simulated, and the results were assessed by mea-
suring the normalized Euclidean distance between model output
and the calculated z score normalization of the same glomerular
input data. A common synaptic weight was found to be optimal
for approximating a z score normalization irrespective of odor-
ant or concentration (Fig. 4B).

Optimization of Lateral Excitatory Network Properties. The SA cell
is the main contributor to interglomerular connectivity (26).
Interglomerular projections from SA interneurons radiate in all
directions from the soma. The density of these processes declines
with distance, indicating a center-surround topological organi-
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zation. Specifically, based on retrograde dye transport from focal
injections into individual glomeruli, it has been estimated that
half of the interneurons projecting to a given glomerulus are
located at distances within 5-7 glomerular diameters (=350 wm)
of the injection site, whereas only 10% are located at distances
farther than 15-18 glomerular diameters (=850 um). Functional
imaging has shown that the lateral spread of excitation from focal
glomerular stimulation extends up to 900 = 93 um from the
stimulus site, covering nearly the entirety of the visible OB. The
functional effect of this lateral excitatory network on mitral cells
is inhibitory; stimulation of interglomerular connections
abruptly (6.5 = 1.2-ms latency) terminates long-lasting depolar-
izations in mitral cells located 150-525 um away and reduces the
amplitudes of newly generated long-lasting depolarizations via a
GABAergic mechanism (26).

The ability of this interglomerular network to mediate the
uniform global inhibition of mitral cells relies critically on the
connectivity of the ET/SA recurrent excitatory network. Recur-
rent excitatory networks, if activity is bounded or balanced so as
to avoid runaway positive feedback, have the property of equal-
izing the level of activity among interconnected neurons. Con-
sequently, if the lateral projections of SA cells and their mutually
excitatory synapses with ET and other SA cells are sufficiently
extensive to approximate a fully connected network, then their
inhibition of mitral cells via PG cells, in principle, would be
uniform across the entire glomerular layer, reflecting the aver-
age activity of all OSNs. We asked whether experimental
estimates of ET/SA lateral connectivity among glomeruli could
support this operation.

Initial parameters in the model were set to replicate experi-
mental estimates of ET/SA connectivity. Each SA cell had a
baseline P = 0.1 probability to synapse on ET, SA, and PG cells
in other glomeruli, modulated as a function of distance d along
the trajectory of a Gaussian distribution [fgauss(R, d)] with a
standard deviation R of 7 glomerular diameters (Fig. 3B). These
parameters generated appropriate connectivity maps in which
~50% of all connections to a given cell originated from SA cells
located within 5-7 glomerular diameters and 10% originated
from SA cells located 15-18 glomeruli away. The strength of the
PG-to-mitral inhibitory synapse was set to its optimum (Fig. 4B).
We then varied the baseline synaptic probability (P) and pro-
jection distance (R) parameters of the ET/SA network system-
atically in the model. Increases in either of these parameter
values increased the average number of synapses that each cell
received from SA cells [SA synaptic density; Fig. 54; also see
supporting information (SI) Fig. 6]. To ensure that only the
distribution, and not the overall strength, of the interglomerular
excitatory network was varied, individual synaptic weights were
reduced as synaptic probabilities, and projection distances were
increased so that the average total weight of excitatory synapses
received by a given cell type was held constant. The SA synaptic
density thereby directly reflected the level of interglomerular
connectivity. The standard deviation of SA cell activity across
the glomerular layer was large in the absence of lateral connec-
tivity, reflecting the diverse odor-activation levels of different
glomeruli, but converged rapidly toward an asymptotic minimum
when the average SA synaptic density exceeded roughly four SA
synapses per postsynaptic neuron (Fig. 5B) irrespective of stim-
ulus concentration (SI Fig. 7). The model output more closely
approximated a z score transformation of input activity as ET/SA
activity became more uniform across the glomerular layer (Fig.
5C). Critically, the experimentally estimated values for interglo-
merular connectivity correspond precisely with the minimum
level of connectivity required to achieve asymptotically uniform
global feed-forward inhibition (Fig. 5B and SI Fig. 7, dashed
vertical lines). This finding has two major implications. First, it
suggests an optimization for uniform global inhibition because
the minimum synaptic density necessary to achieve this effect
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Fig. 5. Effects of the probability and spatial distribution of SA output
connections. (A) Effect of separately varying the probability of synaptic con-
nections (P) and the radius of their distribution (R) of connection probabilities
(Fig. 3B) on the number of synapses received from SA neurons by any given cell
(SA synaptic density). (B) SA synaptic density determined the regional vari-
ability in SA activation levels across the network (standard deviation of SA
activity), reaching an asymptotic minimum at approximately four inputs per
glomerulus independent of stimulus concentration. Experimental estimates
of ET/SA connectivity (26) (dashed lines) correspond to the minimum degree
of synaptic connectivity that can effectively achieve uniform feed-forward
inhibition and compute a global normalization. Data shown are for a con-
centration of 75 ppm; similar results were observed at other concentrations (S|
Fig. 7). (C) The quality of the normalization performed by the glomerular
network (compared with a calculated z score) depends quasi-linearly on the
uniformity of the computation of the mean across the ET/SA recurrent exci-
tatory network. Indices of dissimilarity between model output and calculated
z score normalizations of afferent data were directly proportional to the
standard deviation of activity levels across this interglomerular network.

appears to have been deployed in the OB. Second, it demon-
strates that a center-surround projection architecture, such as
that exhibited by SA neurons (26), does not necessarily imply
center-surround functionality.

Discussion

The simulations presented here demonstrate the feasibility and
mechanism of stimulus normalization in olfaction and support a
unique computational role for the recurrent excitatory network
recently described in the OB glomerular layer. In concert with
related glomerular processing circuitry (22, 36), this mechanism
enables functional interpretation of observations that odors
commonly evoke inhibitory responses in mitral cells and that
increasing odorant concentrations do not monotonically in-
crease spike rates in mitral cells (29), setting the stage for
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subsequent processing by the mitral-granule cell network (35,
37). Moreover, behavioral assays confirm that normalized ol-
factory representations predict perceptual relationships across
concentrations, whereas raw glomerular representations do not.

The OB recurrent excitatory network, comprising ET and SA
neurons, is activated by odor presentation that excites ET cells
along with mitral cells and a minority of PG cells (25, 26). The
spread of excitation through the ET/SA network equalizes the
activity of these cells across the glomerular layer at a level
corresponding to the total input strength. Importantly, although
the lateral projections of SA interneurons are distributed more
densely among neighboring than among distant glomeruli, dem-
onstrating a type of center-surround architecture in the glomer-
ular layer (26), our results show that this localized architecture
does not necessarily imply center-surround functionality.
Rather, the recurrent excitatory network generates a spatially
uniform level of activity across the glomerular layer, perhaps
corresponding to the broad, diffuse activity observed in intrinsic
imaging studies of the OB (18). Moreover, these results suggest
that this network deploys the minimum number of synaptic
connections and the narrowest distribution of projection dis-
tances sufficient to produce such uniform activity. The net effect
of this global feed-forward inhibition is to reduce significantly
the impact of stimulus concentration on the activity level of the
secondary olfactory representation, constructing a relational
odor representation at the level of mitral cells that enables the
perceptual constancy of odor quality across the ranges of
concentrations inevitably encountered in natural environments.

Materials and Methods

Activation Maps. Odorant exposures for mapping 2-deoxyglucose
uptake in rat OB were performed as described previously (17,
38). Glomerular layer uptake was mapped into data matrices that
were standardized in dimensions relative to anatomical land-
marks. Activation patterns were calculated by converting gray-
scale levels obtained from the digitized images into units of
nanocuries per gram (nCi/g; 1 Ci = 37 GBq) of tissue through
comparison to radioactivity standards exposed on the same
films.

A z score-normalized counterpart for each raw glomerular
activation map was calculated by subtracting the mean value of
all data points from each data point and then dividing each
difference by the standard deviation of all data points, resulting
in a transformed data set with a mean of zero and a standard
deviation of unity. Raw and normalized glomerular activation
maps, as well as model output maps, corresponding to four
different odorants presented at three different concentrations
(see SI Table 1) were compared by calculating the normalized
Euclidean distances between all possible pairs of maps.

Perceptual Comparisons. We measured the perceptual similarity of
odor pairs in rats (n = 10) by using a cross-habituation test (12,
13). Odorants were dissolved in mineral oil and presented by
pipetting 60 ul of the odor stimulus onto a filter paper disk in a
weighing dish that was placed on top of the wire cage cover. Test
sessions consisted of one 50-sec presentation of vehicle followed
by four 50-sec presentations of the habituation odorant at 5-min
intervals and, finally, one 50-sec presentation of the test odorant.
The time that the rat spent investigating the odorant (active
sniffing within 1 cm) during each trial was recorded. Perceptual
dissimilarity indices were calculated as the root-mean-square of
the differences between investigation times during the final
habituation trial (H4) and the test trial, normalized by the
root-mean-square of the differences between H4 and the initial
presentation of the habituation odorant (H1; Fig. 2C).

Computational Modeling. Our OB model (27) includes five neuron
types: OSNs and PG, ET, SA, and mitral cells (Fig. 34). Because
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these simulations were concerned exclusively with computations
in the glomerular layer, granule cells and mitral cell lateral
dendrites were omitted. All neurons were represented as single
compartments, each characterized by a membrane time constant
that can be regarded as the mean product of the membrane
capacitance and input resistance. Odor inputs to the simulations
were drawn directly from raw 2-deoxyglucose activity maps of
the OB glomerular layer; i.e., real primary odorant representa-
tions were used as input.

The model simulated interactions among the major cell types
described in the glomerular layer (Fig. 34), with estimates of
interglomerular connectivity derived from the literature (26).
Synapses received from OSNs as well as those between PG and
mitral cells were local to each glomerulus, whereas synapses
received from SA cells, as well as those from ET to SA cells, were
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drawn from different glomeruli as a probabilistic function of
interglomerular distance (Fig. 3B). For each pair of interacting
cells, the probability of a synaptic connection was computed
according to a probability density function defined by a baseline
probability of connection and the breadth of the distribution of
possible interactions (Fig. 3B). These distributions were modeled
as Gaussian with a standard deviation equal to the breadth term
R and a peak scaled to the baseline probability P of synaptic
interactions. Modeling equations can be found in SI Text, and
parameters are outlined in SI Table 2.
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