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Linster, Christiane, Silke Sachse, and C. Giovanni Galizia. Com-
putational modeling suggests that response properties rather than
spatial position determine connectivity between olfactory glomeruli. J
Neurophysiol 93: 3410–3417, 2005. First published January 26, 2005;
doi:10.1152/jn.01285.2004. Olfactory responses require the represen-
tation of high-dimensional olfactory stimuli within the constraints of
two-dimensional neural networks. We used a computational model of
the honeybee antennal lobe to test how inhibitory interactions in the
antennal lobe should be organized to best reproduce the experimen-
tally measured input-output function in this structure. Our simulations
show that a functionally organized inhibitory network, as opposed to
an anatomically or all-to-all organized inhibitory network, best repro-
duces the input-output function of the antennal lobe observed with
calcium imaging. In this network, inhibition between each pair of
glomeruli was proportional to the similarity of their odor-response
profiles. We conclude that contrast enhancement between odorants in
the honeybee antennal lobe is best achieved when interglomerular
inhibition is organized based on glomerular odor response profiles
rather than on anatomical neighborhood relations.

I N T R O D U C T I O N

Olfactory representations are intrinsically high dimensional
yet must be represented within morphologically two-dimen-
sional neural networks. A great deal of research in olfaction
has focused on the representation of olfactory information
within the first processing stage, the olfactory bulb (OB) or
antennal lobe (AL) glomeruli, particularly with respect to how
chemical stimuli are mapped onto olfactory glomeruli and how
this mapping may relate to their perceptual qualities (Galizia
and Menzel 2001; Linster et al. 2001; Xu et al. 2000). While a
number of studies have illustrated the importance of inhibitory
networks within the OB or AL for the shaping and processing
of olfactory information (Stopfer et al. 1997; Urban 2002;
Yokoi et al. 1995), it is not clear how exactly these inhibitory
networks are organized to provide filtering and contrast en-
hancement capabilities. It is generally believed that odors are
represented as combinatorial activity patterns across olfactory
glomeruli; odor-specific spatiotemporal activity patterns in
olfactory glomeruli have been shown in vertebrates (Meister
and Bonhoeffer 2001; Rubin and Katz 1999; Wachowiak et al.
2000, 2002) and invertebrates (Christensen et al. 2000; Faber et
al. 1999; Galizia and Menzel 2000; Hansson et al. 2003;
Joerges et al. 1997; Sachse et al. 1999). It has been suggested
that the broadly distributed activation patterns observed at the
glomerular layer can be modulated by the OB/AL network in
such a way as to ensure specific discrimination between chem-

ically similar odorants (Duchamp-Viret and Duchamp 1993;
Linster and Gervais 1996; Linster and Hasselmo 1997;
Meredith 1986; Sachse and Galizia 2002; Urban 2002). Spe-
cifically, using calcium imaging in the AL of honeybees, we
have recently shown that odor representations at the output of
the AL network are considerably more distinct than those at the
input (Sachse and Galizia 2003; but see Ng et al. 2002; Wang
et al. 2003; Wilson et al. 1994 for data suggesting either no
change between input and output response profile or broaden-
ing in fruit flies). Because of the extensive inhibitory network
within the OB and AL, as well as the effects of inhibitory
blockers on odor discrimination (Sachse and Galizia 2002;
Stopfer et al. 1997), it is clear that this inhibitory network is at
least partially responsible for the modulation of olfactory
representations within the AL/OB. Our ability to directly
compare the processed odor representations at the output of the
AL network to the corresponding input information (mediated
by olfactory sensory neurons to the AL glomeruli) presents us
with the unique opportunity to ask how the inhibitory processes
within this network should be organized to compute this
specific input-output function (Sachse and Galizia 2003). Us-
ing a computational model (Cleland and Linster 2002; Linster
and Smith 1997), we here show that in the honeybee AL, a
functional rather than anatomical organization of the inhibitory
network is necessary to produce the experimentally measured
transformation between input and output activation, contrary to
common assumptions. In contrast to previous computational
models of the olfactory system, we here base our conclusions
on experimentally measured odor responses.

M E T H O D S

Neurons and connections

Similar to our previous models of the honeybee AL (Linster and
Masson 1996; Linster and Smith 1997), the model incorporates
olfactory sensory neurons (OSNs), AL interneurons (LNs), and AL
projection neurons (PNs). The evolution of each neuron’s membrane
potential v(t) around its resting potential is described by a first-order
differential equation

!
dv!t"

dt
" v!t" # Iext!t" (1)

where ! is the charging time constant of the neuron and Iext(t) is the
total input current at time t. For OSNs, the net total input is directly
proportional to the olfactory stimulation that they receive. For LNs
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and PNs, the input from a particular synapse at time t is computed as
a function of the connection strength wij between the presynaptic
neurons j and the postsynaptic neuron i, the conductance change g(t)
due to a presynaptic event xj(t0) at time t0, and the difference between
the Nernst potential EN,ij of the associated channel type and the
current membrane potential vi(t) of the postsynaptic neuron

Iext,ij!t" # Wijg!Xj!t0""#EN,ij $ Vi!t"$ (2)

The time course of the conductance change g(t) is described by a
double-exponential function

g!t" # Xi!t0"gmax

!1!2

!1 $ !2
!e%!t%t0"/!1 $ e%!t%t0"/!2" (3)

In the model, functionally similar populations of OSNs and LNs are
represented by a single equation approximating their average firing
frequencies. Their (analog) output activities are modeled by a linear
threshold function with saturation, representing the average firing
activity of a large number of neurons, as shown in Eq. 4. In contrast,
the model PNs were individually simulated; consequently, they are
generating action potentials. At each time step t (sampling step & 1
ms), the probability P for a spike to occur at a PN's output x(t) was
modeled as a linear threshold function with saturation of the mem-
brane potential

Qmin Qmax v(t)

P(x (t) & 1)

1
(4)

where %min is the spiking threshold and %max is the saturation threshold
(at which the maximum spike rate occurs). After any occurrence of a
spike, the membrane potential was reset to the resting potential. The
differential equations were iterated using exponential Euler with a
time step of 1 ms.

Model architecture

The computational model of the honeybee AL presented here was
designed to incorporate and further investigate results from calcium
imaging obtained in the AL. The basic architecture of the model,
designed to replicate some of the main known features of AL anatomy
and physiology, has been adapted from our previous models (Cleland
and Linster 2002; Linster et al. 1994; Linster and Cleland 2001;
Linster and Masson 1996; Linster and Smith 1997). One of the major
adjustments made in the present version of the model is the simulation
of “real” input patterns for each odor stimulus as directly extracted
from calcium-imaging data. Consequently, we could simulate real
odorant response patterns instead of constructing fictional odorant
representations in a hypothetical multi-dimensional space as is usually
done. Existing data-derived features of the model, e.g., its field-
oscillatory properties and their dependence on inhibitory interactions,
have been carefully preserved in this version (Cleland and Linster
2002; Stopfer et al. 1997). We here focus on the question of how
inhibitory connections should be organized to best replicate the
measured input-output function of the AL (Sachse and Galizia 2003).
The model serves to test how the transformation from input (glomer-
ular input pattern) to output (glomerular output pattern), as measured
in calcium-imaging experiments, can best be achieved by the AL
neural network.

In the honeybee AL, all synaptic interactions are located in areas of
high synaptic density called glomeruli (Gascuel and Masson 1991). In
the present model, the number of these glomeruli is reduced from 160
to 20, corresponding to the number of glomeruli that could be

visualized and for which calcium-imaging data had been obtained
from both the input and output (PNs) in response to a common set of
odorants (Sachse and Galizia 2002, 2003; Sachse et al. 1999) (see Fig.
1A for detailed description of the model architecture). Each model
glomerulus received input from one sensory neuron (OSN, represent-
ing the summed activity of many convergent olfactory sensory neu-
rons) and contained one local interneuron which receives excitatory
input in that glomerulus and inhibits all other glomeruli [called
heteroLN by Fonta et al. (1993), Fig. 1B], also representing the
summed activity of many functionally attuned neurons and one PN. A
second class of local interneurons [called homoLN by Fonta et al.
(1993)] is included in the model; these homoLNs receive input in all
glomeruli, project heavily onto themselves, and inhibit all other LNs
and all PNs in a homogeneous manner (not shown in Fig. 1A). The
feedback connections of these homoLNs onto themselves are likely to
provide the oscillatory dynamics that have been observed experimen-
tally (Stopfer et al. 1997). When stimulated with simulated odorants,
the AL network exhibited oscillatory dynamics similar to those
described experimentally and PN spiking was phase-locked with the
population oscillation. The oscillatory dynamics and phase-locking in
the model are dependent on homoLN feedback inhibitory connections
(Cleland and Linster 2002) and therefore disappear when these inhib-
itory interactions are blocked as was shown experimentally when the
GABAergic antagonist picrotoxin was introduced into the AL (Mac-
Leod and Laurent 1996; Stopfer et al. 1997).

FIG. 1. Schematic depiction of antennal lobe model. A: simulated olfactory
sensory neurons (OSNs), which are differentially activated by odorants, project
to 1 glomerulus each. Within this glomerulus, they make excitatory synapses
onto local interneurons (heteroLN) and PN. Within each glomerulus, het-
eroLNs, each of which represents a population of similarly activated LNs,
inhibit the local PN. These heteroLNs also project to other glomeruli in the
network in which they connect to PNs (- - -). The pattern of heteroLN
projections between glomeruli is the antennal lobe (AL) characteristic under
investigation in this report; all other parameters were chosen in uniform
distributions around the fixed mean values detailed in Table 1. A 2nd class of
interneurons (not shown here), homoLNs, receives input from OSNs in all
glomeruli, feeds back heavily onto itself and inhibits PNs and LNs uniformly
in all glomeruli. B: illustration of the heteroLN type of interneuron thought to
provide interglomerular inhibition. HeteroLNs have dense arborizations in 1
glomerulus in addition to sparser glomerular arborizations throughout the
antennal lobe. C, i–iii: schematic representation of the 3 types of interglomeru-
lar inhibitory networks modeled here. Ci, stochastic connections: all glomeruli
inhibit each other with the same, variable, probability. Cii, morphological
connections: glomeruli inhibit their morphological neighbors. Ciii, functional
connections: glomeruli inhibit each other proportionally to the similarity in
their odor-response profiles.
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The model heteroLNs, providing interglomerular inhibition, were
based on morphological data (Fonta et al. 1993). Morphological
studies in cockroach have suggested that heteroLNs have both input
and output synapses within their principal glomerulus (Malun
1991a,b), whereas they may have primarily output synapses in the
other glomeruli they invade. In the model, heteroLNs receive excita-
tory inputs from OSNs within their “principal” (densely invaded)
glomerulus. In addition to these intraglomerular connections, het-
eroLNs have sparse arborizations in glomeruli all over the AL (Fonta
et al. 2002) that are assumed to synapse on PNs in these secondary
glomeruli. The effect of interglomerular inhibitory connections onto
PNs by heteroLNs is the main focus of this report. We have investi-
gated three different interglomerular projection patterns: stochastic
distributions of inhibitory connections among glomeruli (Fig. 1Ci),
morphological projections, in which inhibitory connections are made
between anatomically neighboring glomeruli (Fig. 1Cii), and func-
tional inhibitory projections between glomeruli that display similar
responses to odorants (Fig. 1Ciii, Table 1). For each simulation, a new
network was created; all parameter values (listed in Table 2) were
chosen randomly in uniform distribution ((10%) around the indicated
mean values, thus ensuring that our results were not due to a specific
choice of parameters.

R E S U L T S

In the model, glomerular sensitivities to odorants were
directly derived from published glomerular calcium-imaging
data (bath applied) (Sachse et al. 1999). In those experiments,
the brain was stained by superfusing it with the calcium-
sensitive dye calcium green AM. Changes in intracellular
calcium concentration within glomeruli were measured as
responses to odor stimulation. Because the dye was bath-
applied, the precise cellular origin of these signals is unknown.
However, the response magnitude is a likely estimate of
sensory neuron response magnitude, as discussed by Sachse
and Galizia (2003). These activities are referred to as glomer-
ular input pattern in this paper. Activation values have been
normalized for each odorant to enable comparison between
animals; consequently, each odorant is represented by its
average relative glomerular activation pattern (varying be-
tween 0 and 1; see Fig. 2, glomerular input pattern). In the
model, these activation patterns form the input and are con-
veyed to the neurons in each glomerulus via the OSNs. A

TABLE 1. Correlation values c between glomerular odor responses as calculated from calcium imaging data of 60 odorants

17 18 23 24 25 28 29 30 33 35 36 37 38 42 47 48 49 52 60 62

17
18 0.47
23 0.47 0.49
24 0.66 0.39 0.70
25 0.22 0.25 0.86 0.53
28 0.35 0.13 0.70 0.56 0.72
29 0.19 0.26 0.77 0.38 0.81 0.66
30 0.26 0.42 0.49 0.52 0.48 0.47 0.46
33 0.69 0.50 0.66 0.76 0.44 0.50 0.52 0.55
35 0.32 0.35 0.82 0.54 0.83 0.77 0.85 0.58 0.56
36 0.31 0.19 0.73 0.53 0.76 0.87 0.79 0.53 0.61 0.79
37 0.21 0.35 0.81 0.58 0.77 0.58 0.74 0.47 0.53 0.72 0.66
38 0.20 0.09 0.68 0.45 0.80 0.77 0.80 0.54 0.42 0.84 0.76 0.65
42 0.29 0.34 0.75 0.55 0.66 0.62 0.77 0.59 0.65 0.75 0.83 0.76 0.65
47 0.15 0.17 0.54 0.30 0.53 0.50 0.63 0.64 0.39 0.68 0.64 0.52 0.64 0.75
48 0.00 0.04 0.38 0.08 0.48 0.42 0.57 0.47 0.22 0.57 0.48 0.46 0.65 0.55 0.78
49 0.01 0.28 0.63 0.32 0.73 0.46 0.75 0.51 0.39 0.71 0.60 0.75 0.72 0.68 0.65 0.74
52 0.32 0.21 0.61 0.55 0.62 0.71 0.70 0.64 0.61 0.75 0.84 0.56 0.72 0.82 0.72 0.50 0.58
60 0.10 0.07 0.45 0.21 0.55 0.45 0.49 0.53 0.30 0.54 0.55 0.40 0.51 0.58 0.84 0.76 0.60 0.57
62 0.11 0.18 0.45 0.33 0.51 0.45 0.52 0.51 0.46 0.58 0.58 0.46 0.57 0.66 0.79 0.72 0.69 0.70 0.85

In the simulations testing functional inhibition, these values were used to determine the inhibitory connection strength c*w between pairs of glomeruli. Data
from Galizia et al. (1999) and Sachse et al. (1999).

TABLE 2. Simulation parameters

Neurons Membrane Time Constants Theta min Theta max

Olfactory sensory neurons (OSN) ! & 5.0 ms; %min & 0.0; %max & 1.0;
Local interneurons (LN) ! & 15.0 ms; %min & 0.2; %max & 2.0;
Projection neurons (PN) ! & 4.0 ms; %min & %0.1; %max & 10.0;

Synapses Synaptic Weights Reversal Potential Rise Time Fall Time

Afferent, OSN to PN WOSN-PN & 0.02; EN,OSN-PN & 70; !1 & 1.0; !2 & 2.0;
Afferent, OSN to heteroLN WOSN-LN & 0.01; EN,OSN-LN & %70; !1 & 1.0; !2 & 1.0;
Afferent, OSN to homoLN WOSN-hLN & 0.02; EN,OSN-hLN & %70; !1 & 1.0; !2 & 1.0;
Local inhibitory, heteroLN to PN WLN-PN & 0.005; EN,LN-PN & %10; !1 & 4.0; !2 & 8.0;
Local inhibitory, homoLN to PN WhLN-PN & 0.02; EN,hLN-PN & %10; !1 & 4.0; !2 & 8.0;
Local inhibitory, homoLN to heteroLN WhLN-LN & 0.02; EN,hLN-LN & %10; !1 & 4.0; !2 & 8.0;
homoLN inhibitory feedback WhLN-hLN & 1.0; EN,hLN-hLN & %10; !1 & 4.0; !2 & 8.0;
Interglomerular, heteroLN to PN WLN-PN & w/10; EN,LN-PN & %10; !1 & 4.0; !2 & 8.0;

Note that for each simulation, a new network was created; all parameter values were chosen randomly in uniform distribution (( 10%) around the indicated
mean values, thus ensuring that our results were not due to a specific choice of parameters. See Eqs. 2 and 3 for stimulation parameters.
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constant activation value is conveyed to the glomeruli during
the time of odor presentation (Fig. 2, glomerular, OSN activ-
ity). Twenty simulated PNs integrate the glomerular computa-
tions; in the model, the oscillatory spiking activity of the PNs’
responses to odorants (Fig. 2, PN activity, output), resulting
from the integration of excitatory and inhibitory inputs, is
transformed into an average output signal calculated as the
average normalized spike rate of a given PN during the time of
odor presentation. These activation values can be directly
compared with the time-averaged activation values measured
from PNs in calcium-imaging experiments (Sachse and Galizia
2002). In those experiments, a membrane-impermeable cal-
cium-sensitive dye (fura-dextran) was locally injected into the
PN tract leaving the AL. Therefore only the PNs were back-
filled with dye and could thereafter be selectively visualized in
the AL (relative activation values vary between 0 and 1 and are
referred to as glomerular output pattern in this paper). Note
that in the absence of glomerular computations, the PN acti-
vation pattern, after normalization, would be an exact image of
the glomerular input pattern in the model. Model PN activation
patterns in response to three odorants (1-hexanol, 1-octanol,
1-nonanol) were compared with those published for calcium-
imaging experiments (Sachse and Galizia 2002).

First, we created interglomerular projection patterns in
which each heteroLN receiving excitatory input in a given
glomerulus could invade all other glomeruli with equal prob-
ability (stochastic network; Figs. 1Ci and 3A, thus creating
networks in which inhibition was uniformly distributed. In
these simulations, we varied both the probability P of an
inhibitory connection between two glomeruli (0.0 ) P ) 1.0
with a step size of 0.25) as well as the synaptic strength w of
these connections (0.0 ) w )1.0 with a step size of 0.025).
Note that with P & 1, this results in the special case of an
amorphous network in which there is no spatial connectivity
structure. We then compared the PN patterns in response to all
three odorants to those obtained experimentally by correlating
the average PN activation patterns to the glomerular output
patterns obtained experimentally. The highest average correla-
tion of r & 0.80 (average r’s ranged from 0.78 to 0.80) in
response to all three stimulations was obtained at P & 0.5 and

w & 0.725. Figure 3A shows the comparison between simu-
lated and experimentally measured glomerular output patterns
in response to 1-hexanol.

We then created an interglomerular projection pattern in
which simulated glomeruli received inhibitory inputs from
morphologically adjacent glomeruli [using the numbering
scheme of Galizia et al. (1999); morphological network, Figs.
1Cii and 3B]. The synaptic weights w of these connections
were varied between w & 0.0 (no interglomerular inhibition)
and w & 1.0 (maximal inhibition) with a step size of 0.025; the
projection pattern was not varied. For each synaptic weight
value, we created 50 networks that we stimulated with the
glomerular input activity patterns corresponding to 1-hexanol,
1-octanol, and 1-nonanol. The average PN activation patterns
evoked in response to each of these three glomerular input
patterns (i.e., simulated odorants) were computed, normalized,
and compared with experimentally obtained glomerular output
activities by correlation. Thus for each synaptic weight value
w, the normalized average PN activation patterns in response to
all three inputs were correlated with the glomerular output
patterns obtained experimentally and the “best” synaptic
weight value was chosen to be that for which the overall
strength of that correlation was highest. The best match with
experimental data were obtained with weak interglomerular
inhibition (w & 0.05); at this synaptic weight value, the
average correlation between experimental and simulation data
were r & 0.80 (Pearson correlation coefficient). Average r’s
ranged from 0.22 to 0.80 over the range of synaptic weight
values tested. Figure 3B shows a comparison between experi-
mental and simulated output activation patterns for 1-hexanol
at the “best” synaptic weight value of 0.05.

The best results were obtained when we created an interglo-
merular projection pattern based on functional correlations
between glomerular input activity patterns to odorants (func-
tional network, Figs. 1Ciii and 3C). Experimentally, glomeru-
lar input patterns were obtained in response to 60 odorants
(Galizia et al. 1999; Sachse et al. 1999). We here considered
the possibility that glomeruli would inhibit each other propor-
tionally to the similarity of their olfactory response profiles,
i.e., that a functional inhibitory network would exist. As a

FIG. 2. Input and output activation patterns in the
model. Glomerular input patterns are directly taken
from the time-averaged, normalized calcium data
obtained by bath application in the AL. These acti-
vation values are used to activate the OSNs project-
ing to each of the 20 glomeruli during the duration
of the odor presentation (input, OSN activity). The
resulting dynamic and spiking PN responses (PN
activity, output) are time averaged (total number of
spikes during the odor presentation) and normalized
(largest response normalized to 1.0); these represent
the PN activation patterns, which can be directly
compared with the normalized PN activation data
(glomerular output pattern) obtained from calcium-
imaging data.
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consequence, glomeruli activated by common groups of odor-
ants would be more likely to inhibit each other than those
activated by noncommon groups of odorants. To determine the
possible inhibitory projection patterns, we used glomerular
input activity data from the calcium imaging experiments in
response to all 60 odors. The glomerular input patterns of the
20 glomeruli considered here were correlated pairwise, result-
ing in a single variable c (–1 ) c ) 1) describing the olfactory
response profile similarity between every pair of glomeruli.
The positive values from this matrix were used directly to scale
the inhibitory synaptic weights between pairs of glomeruli,
whereas negative values were set to zero (Table 1); conse-
quently, the inhibitory connections between any two glomeruli
had synaptic strengths of c*w (with c*w & 0). Using this
established pattern of interglomerular inhibition, we varied w
between w & 0.0 and w & 1.0 with a stepsize of 0.025 and ran
50 simulations for each value of w. As described in the
preceding text, the average resulting PN activation patterns
were then correlated with the average glomerular output pat-
terns from the experimental data. The maximal average corre-
lation of r & 0.90 between the simulated and experimentally
measured PN responses to the three odor stimulations was
obtained when the synaptic weight w was set to w & 0.15. The
average values of r obtained over the range of synaptic weight
values chosen ranged from 0.75 to 0.90. Figure 3C shows the
comparisons between the experimentally measured input
and output patterns and the simulated PN activation patterns
in response to 1-hexanol at this best value of w. In compar-
ison (see Fig. 4A), the correlations between simulated and
experimentally measured output patterns resulting from the
functional inhibition network were significantly higher than
those obtained with the morphological or stochastic inhibi-
tory network [morphological: F(1,4) & 30.11, P ) 0.005;
stochastic: F(1,4) & 18.4, P ) 0.05], whereas the latter two
were not significantly different from each other [F(1,4) & 0.07,
P * 0.5].

As detailed in the preceding text, the degree of inhibition
(strength of the synaptic weights) was varied systematically to
determine the best fit with the data for each type of inhibitory
network. As a consequence, the average activities across PNs
varied from very low to very high depending on the strength of
the synaptic weight for both the anatomically and functionally
organized inhibitory networks. The SDs of the average PN
activities across the range of synaptic weights used was 0.05
for both types of networks, strongly suggesting that the better
“best fit” for the functionally organized network did not arise
due to lower average PN activity only. In case of the stochas-
tically constructed network (each LN can inhibit each glomer-
ulus with equal probability), the inhibitory network tends to
dampen the PN activities in a uniform manner. As a conse-
quence, after normalization to the highest PN response, the SD
of average PN activity across all synaptic weight amplitudes is
very low (0.007). Fully connected networks, in which all
glomeruli inhibited all others proportionally to their own acti-
vation strength (probability of connection equals 1, “amor-
phous” connections) did not replicate the experimentally mea-
sured PN activation patterns, suggesting the AL does not
simply perform a suppression of the lesser activated glomeruli.

Comparisons of odor activity patterns at the glomerular
input and output of the AL have suggested that the interglo-
merular network serves to decrease the correlations among

FIG. 3. Simulated output activation patterns in response to stimulation of
the model with 1-hexanol. The graphs compare the normalized glomerular
output patterns measured experimentally (experimental–output) to those ob-
tained in simulations using the stochastically (stochastic–output, A), morpho-
logically (morphological–output, B) and functionally (functional–output, C)
based interglomerular inhibition patterns. For comparison purposes, the nor-
malized input activation patterns are also depicted (experimental–input).
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odor activation patterns (Sachse and Galizia 2002) (Fig. 4B,
compare experimental input–output), presumably facilitating
behavioral discrimination among odorants. Indeed, pairs of
odorants for which PN responses were more strongly decorre-
lated (Sachse and Galizia 2002) were more readily discrimi-
nated by bees in a behavioral experiment than those for which
PN responses were highly correlated (Laska et al. 1999). In our
simulations, only the interglomerular inhibitory connections
based on glomerular response profiles reduced the correlations
between pairs of odorants at the glomerular output level with
respect to their correlations at the glomerular input level (Fig.
4B, functional inhibition–output). Interestingly, AL networks
with stochastic inhibitory connections reproduced the correla-
tions between input activation patterns at the level of PN output
(Fig. 4B, stochastic inhibition–input), whereas the network in
which physically close glomeruli inhibited each other resulted
in somewhat lower correlations between output activation
patterns as compared with input activation patterns (Fig. 4B,
morphological inhibition-output). These results indicate, as
suggested previously (Linster and Cleland 2004), that to ensure
contrast enhancement among odorants with similar and over-
lapping glomerular activation patterns, interglomerular inhibi-
tion should be constructed as a function of glomerular response
profiles rather than on their physical proximity.

We then tested how our three “best” networks dealt with
data from a different set of experiments, in which hexanol,
octanol, and nonanol were each presented at six different
concentrations (Sachse and Galizia 2003). These data were

obtained under dissimilar conditions than those used in the
previous simulations and are therefore ideally suited to test the
generality of our results. To test how well the three “best”
networks reproduced this new data set, we used the glomerular
activation patterns in response to each of the 18 odorant
stimulations (3 odorants at 6 different concentrations each) as
input patterns to the AL network and compared the resulting
PN activation patterns to those recorded experimentally. The
network with functionally organized inhibition reproduced the
experimentally measured input-output function significantly
better than the two networks with stochastically and morpho-
logically organized inhibition (functional compared with mor-
phological P ) 0.05; functional compared with stochastic P )
0.02; Fig. 4C). Interestingly, the average correlations with the
experimentally recorded PN responses where best at interme-
diate concentrations (10%1 to 10%3), which corresponds to the
working range of odor responses in PNs, i.e., to the steep part
of their dose-response function. Correlations decreased consid-
erably at very low concentrations (10%5), where odor-evoked
patterns often consist of just a single activated glomerulus
(Sachse and Galizia 2003). Whether the good performance of
the morphologically designed network at these low concentra-
tions is functionally relevant remains to be elucidated.

D I S C U S S I O N

Our simulations show that the input-output function between
sensory neuron and PN activation patterns provided by the

FIG. 4. A: comparison of best correlations for each of
the 3 interglomerular projection patterns. Average correla-
tions between experimentally measured and simulated PN
activation patterns (PN–PN) are shown for each of the 3
computational models (morphological, stochastic, and func-
tional). The correlations calculated for the functionally
based interglomerular inhibition pattern are significantly
(P ) 0.01 by ANOVA) different from the others shown. B:
correlations between the activation patterns in response to
pairs of odorants, experimental and simulations. The graph
shows the correlations between time-averaged activation
patterns in response to pairs of odorants: experimental–
input: correlation between time-averaged glomerular activa-
tion patterns measured by bath-application of calcium sen-
sitive dyes (from Sachse et al. 1999); experimental–output:
correlation between time-averaged PN activation patterns in
response to 2 odorants measured by injection of calcium
sensitive dyes in PNs (from Sachse and Galizia 2002);
stochastic inhibition–output: correlation between time-aver-
aged PN-activation patterns in response to pairs of odorants
resulting from simulations using interglomerular inhibitory
projections chosen stochastically with a probability of 0.5;
morphological inhibition–output: correlation between time-
averaged PN-activation patterns in response to pairs of
odorants resulting from simulations using interglomerular
inhibitory projections based on morphological neighbor-
hood relationships between glomeruli; functional inhibi-
tion–output: correlation between time-averaged PN-activa-
tion patterns in response to pairs of odorants resulting from
simulations using interglomerular inhibitory projections
based on similarity between glomerular odor response pro-
files. C: simulation results for the 3 “best” networks when
the glomerular input and output activations from a different
experimental set including 3 odorants at multiple concen-
trations were compared. The graph shows the average cor-
relations between simulated and experimentally measured
PN activation patterns in responses to odorants at 6 different
concentrations.

3415FUNCTIONAL INHIBITION IN THE HONEYBEE AL

J Neurophysiol • VOL 93 • JUNE 2005 • www.jn.org



honeybee AL network is best replicated when interglomerular
inhibitory projections are organized along functional princi-
ples, that is, when interglomerular inhibition is proportional to
the similarity in glomerular odor response profiles rather than
dependent on physical distance.

The data that we used in the present study result from
estimations of input activity derived from bath-applied dye
(Sachse et al. 1999), whereas output activity estimates are
measured as postsynaptic calcium increases (Sachse and Gali-
zia 2003). Because the two techniques monitor different cal-
cium responses, they cannot be compared directly. Rather,
each response profile requires calibration across glomeruli as
has been done here. We have avoided comparing input-output
activity patterns directly; rather, we have determined the inter-
glomerular network most likely to reproduce the experimen-
tally observed transfer function by comparing simulated output
with experimentally measured output.

We have previously argued that a positive functional corre-
lation between inhibitory projection patterns and the underly-
ing olfactory similarity space is necessary to render interglo-
merular inhibition an effective mechanism of contrast enhance-
ment (Linster and Cleland 2004). This is in contrast to lateral
inhibition in the retina, for example, in which neurons with
similar (spatial) receptive fields are also physically adjacent,
enabling effective contrast enhancement in these two physical
dimensions. In the AL/OB network, odorants activate a wide,
dispersed array of olfactory glomeruli (Galizia and Menzel
2001; Johnson et al. 1999), hence, lateral inhibition (in the
classical sense in which neurons with similar response profiles
are morphologically adjacent and inhibit one another) cannot
exist; as a consequence, inhibition between glomeruli would
necessarily be widely dispersed and be functionally rather than
morphologically organized. This raises the question of whether
efficient processing within the AL can depend on the spatial
position of olfactory glomeruli. This view has been strongly
advocated for the mammalian OB, in which local interneurons
may mediate a center-surround inhibitory network (Aungst et
al. 2003).

In many brain areas, specific spatial arrangements optimize
processing and/or total wiring length, a phenomenon best
explored within the visual system. In this context, the organi-
zation of the inhibitory network correlates with response pro-
files of the neurons in that neurons responding to similar
stimuli tend to inhibit each other more than those not respond-
ing to similar stimuli. It is the organization rather than the
overall strength of the inhibitory connections that determines
the functionality of the inhibitory network. In many systems,
such as the visual system, response profiles can be predicted
from physical location so that the organization of inhibitory
interactions correlates with both physical proximity and re-
sponse profiles (“lateral inhibition”). In a multidimensional
olfactory world, however, two dimensions are not sufficient;
hence, neighborhood relationships may be relevant for sub-
groups of glomeruli but not as a general rule. The simulation
studies presented in this work strongly suggest that inhibitory
connections within the AL are not spatially constrained and are
not local, uniform, or stochastic but rather that inhibitory
connections within the AL are dictated by the functional
response properties of glomeruli. That is, with increasing
overlap in their molecular response profiles, glomeruli increase

the strength of inhibitory connections between them. Given the
high-dimensional nature of olfactory representations, we spec-
ulate that similar principles will hold in the vertebrate OB.
Additional mechanisms, some of which have been described in
the OB, may also be involved in differentiating olfactory
stimuli. For example, intraglomerular excitatory mechanisms
(Schoppa and Westbrook 2002; Urban and Sakmann 2002)
may contribute to enhancing the response of the most strongly
activated glomeruli. To date, no excitatory synaptic interac-
tions mediated by local interneurons have been described in the
honeybee AL.
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