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Abstract

When flies explore their environment, they encounter odors in complex, highly
intermittent plumes. To navigate a plume and, for example, find food, they must solve
several challenges, including reliably identifying mixtures of odorants and their
intensities, and discriminating odorant mixtures emanating from a single source from
odorants emitted from separate sources and just mixing in the air. Lateral inhibition in
the antennal lobe is commonly understood to help solving these challenges. With a
computational model of the Drosophila olfactory system, we analyze the utility of an
alternative mechanism for solving them: Non-synaptic (“ephaptic”) interactions (NSIs)
between olfactory receptor neurons that are stereotypically co-housed in the same
sensilla.

We find that NSIs improve mixture ratio detection and plume structure sensing and
do so more efficiently than the traditionally considered mechanism of lateral inhibition
in the antennal lobe. The best performance is achieved when both mechanisms work in
synergy. However, we also found that NSIs decrease the dynamic range of co-housed
ORNs, especially when they have similar sensitivity to an odorant. These results shed
light, from a functional perspective, on the role of NSIs, which are normally avoided
between neurons, for instance by myelination.

Author summary

Myelin is important to isolate neurons and avoid disruptive electrical interference
between them; it can be found in almost any neural assembly. However, there are a few
exceptions to this rule and it remains unclear why. One particularly interesting case is
the electrical interaction between olfactory sensory neurons co-housed in the sensilla of
insects. Here, we investigate a computational model of the early stages of the
Drosophila olfactory system and observe that the electrical interference between
olfactory receptor neurons can be a useful trait that can help flies, and other insects, to
navigate the complex odor plumes in their natural environment.

Our modelling results shed new light on the trade-off of adopting this mechanism:
We find that the non-synaptic interactions (NSIs) improve both the identification of the
concentration ratio in mixtures of odorants and the discrimination of odorant mixtures
emanating from a single source from odorants emitted from separate sources – both
highly advantageous. However, they also tend to decrease the dynamic range of the
olfactory sensory neurons – a clear disadvantage.
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1 Introduction 1

Flies, as most other insects, rely primarily on olfaction to find food, mates, and 2

oviposition sites. During these search behaviors, they encounter complex plumes with 3

highly intermittent odor signals: Odor whiffs are infrequent and odor concentration 4

varies largely between whiffs [1–3]. To navigate a plume and successfully achieve their 5

objectives, flies must decipher these complex odor signals which poses several challenges: 6

Identifying odors, whether mono-molecular or a mixture; Identifying odor intensity; 7

Discriminating odorant mixtures emanating from a single source from those emanating 8

from separate sources; identifying source locations, etc. Early sensory processing is 9

understood to play an important role for solving these challenges [4–6]. For instance, 10

lateral inhibition in the antennal lobe is commonly understood to be useful for 11

decorrelating odor signals from co-activated receptor types. Here we investigate the 12

hypothesis that the early interactions between ORNs in the sensilla are similarly, if not 13

more, useful for decoding information in odor plumes. 14

In both, vertebrates and invertebrates, odors are sensed by an array of numerous 15

receptor neurons, each typically expressing receptors of exactly one of a large family of 16

olfactory receptor (OR) types. In Drosophila, olfactory receptor neurons (ORNs) are 17

housed in evaginated sensilla localized on the antennae and maxillary palps [7], each 18

sensillum containing one to four ORNs of different types [7, 8]. The co-location of ORN 19

types within the sensilla is stereotypical, i.e. ORNs of a given type “a” are always 20

co-housed with ORNs of a specific type “b” [8]. Furthermore, ORNs within the same 21

sensillum can interact [9–13] without making synaptic connections (see Fig 1a). While 22

the interactions are sometimes called “ephaptic”, referring to their possible electric 23

nature [14], we here prefer to call them non-synaptic interactions (NSIs), for the sake of 24

generality. Whether stereotypical co-location of – and NSIs between – ORNs have 25

functions in olfactory processing and what these functions might be remains unknown, 26

even though several non-exclusive hypotheses have been formulated (see Discussion 27

and [6, 11,14] and references therein). 28

Here, we investigate three hypotheses: First, NSIs could help the olfactory system to 29

identify ratios of odorant concentrations in mixtures more faithfully by enhancing the 30

dynamic range over which ORN responses contain the relevant information to do so (see 31

Fig 1b). Second, NSIs could help improve the spatiotemporal resolution of odor 32

recognition in complex plumes (see Fig 1c). Third, NSIs could improve the dynamic 33

range of ORNs’ responses to individual odorants by partially removing the ceiling effect 34

that occurs for high concentrations (see Fig 1d). For the first two hypotheses, the NSI 35

mechanism has to compete with lateral inhibition in the antennal lobe, which is 36

commonly recognized to fulfill these roles, even though, of course, the two mechanisms 37

are not mutually exclusive. 38

Indirect support for the first hypothesis is found in the context of moths’ pheromone 39

communication. In some moth species, pheromone mixture ratio discrimination is 40

critical for survival and therefore even slight changes in pheromone component ratios of 41

1-3% can cause significant changes in behavior. In these species, the ORNs responding 42

to pheromone components are more likely to be co-housed. Meanwhile, when mixture 43

ratios are not as critical for behavior, i.e., significant changes in behavior only occur if 44

pheromone component ratios change 10% or more, ORNs are less likely to be paired in 45

the same sensilla (see [11] and references therein). The problem when encoding ratios of 46

odor concentration with activity of PNs (or ORNs) is that, while concentration spans 47

several orders of magnitude, the neuron firing rates can only span 2 orders of magnitude. 48

Stimulus intensities in receptor neurons are commonly considered to be coded by 49

spiking frequency (at least since [15]). A concentration ratio around 10 can be difficult, 50

or impossible, to encode if the weakly activated ORN’s activity is already around 50 Hz. 51

NSIs would decrease the activity of the weakly activated ORN, inhibited by the activity 52
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Fig 1. a) Non-synaptic interaction (NSI). Theoretical and experimental studies
have proposed that the NSI between ORNs is mediated by a direct electrical field
interaction between such closely apposed neurons. b) Hypothesis 1: Due to the
sigmoidal shape of the dose-response curve (green line), the concentration ratio is not
well encoded (pink line in inset). The second component’s and hence second ORN’s
activity is assumed constant in this example (purple dashed line). When NSIs are
present, the second ORN is inhibited by the first more strongly activated ORN (purple
dotted line), which improves ratio encoding by making the encoding ratio (cyan line in
the inset) more similar to the concentration ratio (black dashed line). c) Hypothesis
2: If a single source emits an odorant mixture (top panel), odorants will arrive in close
synchronization, NSIs will take effect and the response in both ORNs is affected. If
separate sources emit the odorants (bottom panel), they will arrive in a less correlated
way, and NSIs have almost no effect, resulting in larger ORN responses. ORN response
data shown is based on a preliminary model. d) Hypothesis 3: The lateral inhibition
caused by the presence of NSIs decrease the ceiling effect for high concentrations and
therefore shift the right boundary of the dynamic range to higher concentrations, so
increasing the dynamic range.
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of the more strongly activated ORN. In this way, the encoding of the ratio can be 53

improved (see Fig 1b). 54

The improvement of spatiotemporal resolution in the second hypothesis can be 55

achieved by decorrelating odor response profiles to improve odor recognition (see Fig 56

1c), again much like lateral inhibition in the antennal lobe (AL), or centre-surround 57

inhibition in the retina. Odorants dissipate in the environment in complex, turbulent 58

plumes of thin filaments of a wide range of concentrations, intermixed with clean air. 59

Odorants emanating from the same source presumably travel together in the same 60

filaments while odorants from separate sources are in separate strands (see, e.g., [16] for 61

empirical evidence for this intuitive idea). Insects are able to resolve odorants in a blend 62

and recognize whether odorants are present in a plume and whether or not they belong 63

to the same filaments [17–21]. In the pheromone sub-system of moths, it is known that 64

animals are able to detect, based on fine plume structure, whether multiple odorants 65

have been emitted from the same source or not [17,18,22]. In the pheromone subsystem 66

of Drosophila, ORNs responding to chemicals emitted by virgin females and ORNs 67

responding to chemicals emitted by mated females are co-housed in the same sensilla: 68

The ‘virgin females ORNs’ on the males’ antenna promote approach behavior, but the 69

‘mated females ORNs’ inhibit ‘virgin females ORNs’ [23]. This inhibition could be 70

implemented through NSIs [8, 11,23,24]. 71

The third hypothesis assumes that NSIs can affect the dynamic range and the odor 72

detection threshold of the affected ORNs. It was motivated by the work of Vermeulen 73

and Rospars [14] who first modelled the ORNs’ interactions with an electrical circuit, 74

hypothesizing that electrical insulation of the sensillar lymph from the hemolymph 75

generates a common potential difference between the dendritic and axonal 76

compartments of the ORNs within a sensillum. As a consequence, when an odorant 77

activates an ORN, the resistance of the insulation would drop and the activity of the 78

co-localized ORN would show a reduced receptor potential. At the same time, the 79

receptor potential of the activated neuron would be increased, leading to a stronger 80

response of the more sensitive ORN and a slightly lower odor detection threshold. 81

These effects are strongest if the sensitivities to the analyzed odorant are similar. The 82

model has been referred to as evidence for the benefits of co-housed ORNs with NSIs 83

throughout the literature [8, 10,13,25,26]. Here, we analyze the effects of NSIs for an 84

individual odorant in more detail beyond the previously considered steady state 85

equations and with inclusion of the known spike rate adaptation in ORNs (see 86

e.g. [27, 28]). 87

The experimental evidence for these hypotheses and for the general relevance of NSIs 88

for olfactory processing remains mixed and research is still at an early stage (but see [6] 89

for a more detailed analysis). Encouraged by the available evidence, and without trying 90

to rule out other hypotheses (for further analysis see Discussion), our goal is to 91

investigate, with a computational model, the viability of the hypothesized functions of 92

NSIs between ORNs. Our computational approach helps experimental studies to refine 93

hypotheses about NSIs and eventually answer the pertinent question why such a 94

mechanism that appears to duplicate what is already known to be implemented by local 95

neurons in the AL could nevertheless provide an evolutionary advantage. 96

A number of computational models have been developed to capture different aspects 97

of the olfactory system of insects. However, until recently, most modeling efforts were 98

based on the assumption of continuous constant stimuli, which are partially realistic 99

only for non-turbulent fluid dynamics regimes (see [29], and references therein). Most 100

commonly, insects encounter turbulent regimes, in which odorant concentration 101

fluctuates rapidly (see S5 Fig). 102

To cope with these more realistic stimuli, [27, 30–32] have formulated new models of 103

Drosophila ORNs, that are constrained by experimental data obtained with more rich, 104
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dynamic odor inputs, including a model simulating ORNs and PNs that are subject to 105

input from simulated plumes [32] with statistical properties akin to those of naturalistic 106

plumes (see more details in Model and methods and Correlation detection in longer, 107

more realistic plumes). 108

Here, we present a network model with two groups of ORNs, each tuned to a specific 109

set of odorants, connected to their corresponding glomeruli, formed by lateral neurons 110

(LNs) and PNs, following the path started by [33,34], and subsequently by [35–37]. We 111

model the ORNs in a similar approach as [27,30] with minor differences in the filter 112

properties and the adaptation (see Model and methods). We have tested the behavior of 113

this network in response to simple reductionist stimuli (as commonly used in the 114

literature, see above), and simulated naturalistic mixtures plumes (as described by the 115

experiments in [2, 3]). We then used this simple but well-supported model to investigate 116

the role of NSIs for odor mixture recognition. 117

Fig 2. Model of the early stages of the olfactory system of the Drosophila. The model
simulates odor transduction, ORNs and the AL using a minimal subsection of two
groups of ORNs (ORNa and ORNb) and their respective PNs and LNs. We assume that
each ORN type, a and b, is tuned to a specific set of odorants (e.g. individual
pheromone components) and converges onto its corresponding PNs. PNs impinge onto
their respective LNs, and receive inhibitory input from LNs of the other type.

2 Results 118

To investigate the role of NSIs in olfactory sensilla, we have built a computational 119

model of the first two processing stages of the Drosophila olfactory system. In the first 120

stage, ORN responses are described by an odor transduction process and a spike 121

generator (see Model and methods), in line with previous experimental and theoretical 122

studies [27,28,30,38]. We simulated pairs of ORNs expressing different olfactory 123

receptor (OR) types, as they are co-housed in sensilla. NSIs between co-housed pairs 124

effectively lead to their mutual inhibition (see green trace in Fig 1a). The second stage 125

of olfactory processing occurs in the AL, in which PNs receive input from ORNs and 126

form local circuits through LNs. ORNs of the same type all make excitatory synapses 127

onto the same associated PNs. PNs excite LNs which then inhibit PNs of other 128

glomeruli but not the PNs in the same glomerulus (see Fig 2 and Model and methods 129

for further details). 130
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For maximum clarity, we here focus on only one type of sensillum and hence two 131

types of ORNs that we denote as ORNa and ORNb. We initially assume that odorants 132

labeled A and B selectively activate ORNa and ORNb, respectively (see Fig 2 and Fig 133

1a), but we relax this constraint when analyzing the effects on the ORNs’ dynamic 134

range. This assumption is not only sensible for a reductionist analysis of the role of 135

NSIs, but it is also based on experimental observations. For instance, pheromone 136

receptors in moths and in Drosophila are highly selective, paired in sensilla, and exhibit 137

NSIs [11, 39]. In the general olfactory system of Drosophila, neurons ab3A and ab3B in 138

sensillum ab3 are selectively sensitive to 2-heptanone and Methyl hexanoate, and when 139

stimulated simultaneously they inhibit each other through NSIs [10]. 140

2.1 Constraining the ORN model to biophysical evidence 141

In this investigation we are particularly interested in the complex time course of odorant 142

responses and have therefore focused on replicating realistic temporal dynamics of the 143

response of ORNs at multiple time scales. ORN responses were constrained with 144

experimental data obtained with delta inputs, i.e. inputs of very short duration and 145

very high concentration, and random pulses, i.e. series of input pulses which durations 146

and inter-stimulus-intervals were drawn from distributions (see S5 Fig) extrapolated 147

from recordings of odorant activity in open spaces [1–3]. We found that our model 148

reproduces the data to a similar quality (percentage error of around 10% for high 149

activity, > 30 Hz) as previous linear-nonlinear models [27,28,30,38,40], even though it 150

has fewer free parameters (see Fig 3). 151

To further constrain the model, we compared its results to electrophysiological 152

recordings from ORNs [27,38] responding to 2 s long odor stimuli with shapes 153

resembling steps, ramps, and parabolas (see S2 and Model and methods Figs). The 154

model reproduces all key properties of the experimentally observed ORN responses. For 155

the step stimuli, ORN activity peaks around 50ms after stimulus onset and the peak 156

amplitude correlates with the odor concentration (see S1a-b Figs). After the peak, 157

responses gradually decrease to a plateau. Furthermore, if normalised by the peak value, 158

responses have the same shape independently of the intensity of the stimulus [28], see 159

Fig 3f,g. For the ramp stimuli, ORN responses plateau after an initial period of around 160

200 ms, encoding the steepness of the ramp (see Fig S1c-d). More generally, ORN 161

responses seem to encode the rate of change of the stimulus concentration [27,38,40]. 162

Accordingly, ORN activity in response to the parabolic stimuli is like a ramp (see S2e-f 163

Figs). Parameters used for the transduction and the ORN dynamics are reported in 164

Table 1. 165

Finally, we fitted the parameters of PNs so that the PN responses with a single 166

constant step stimulus resemble the qualitative behavior reported in [41]. We used a 167

brute force search algorithm to find a good starting point and then refined the fit with a 168

Trust Region Reflective algorithm. In that study, the authors reported that the 169

response of PNs to such a stimulus is best described by a sigmoid, 170

νPN = νmax
ν1.5ORN

σ1.5 + ν1.5ORN

(1)

where νmax is the maximum firing rate of ORNs, σ is a fitted constant representing the 171

level of ORN input that drives half-maximum response, and νORN and νPN, are the 172

average firing rates of the ORNs and the PN over the stimulation period (500 ms), 173

respectively. Our model is able to reproduce this behavior (see Fig 4e). LNs follow the 174

same behavior (see Fig 4f). Note that this result, i.e. the sigmoidal behavior, generalizes 175

to both, shorter stimulation times (50 and 100 ms, see S3 and S4 Figs) and to the 176

maximum activity (see Analysis section in Model and methods) instead of the time 177

averaged activity. See Table 1 for the remaining parameters of the model. 178
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Fig 3. ORN responses to a 500 ms single step stimulus. a) stimulus waveform,
b) response of the activation variable r of the transduction phase, c) activity of the
internal ORN variable y (see Model and methods), d) ORN potential response of all
ORNs, e) Spike density function of the ORN population activity, f) stimulus waveforms
for different odorant concentrations, g) ORN activity normalized to the maximum
activity (see Analysis section in Model and methods). Odor concentration is indicated
with different shades of green. After normalization, the responses are almost identical to
those reported by [28].

With a model in place that demonstrates the correct response dynamics for a variety 179

of stimuli, we then analyzed its predictions on whether NSIs can be beneficial for odor 180

processing. In particular, we tested the following three hypotheses: 1. NSIs improve the 181

encoding of concentration ratio in an odorant mixture (see section NSIs help encoding 182

odorant concentration ratio), 2. NSIs support differentiating mixture plumes from 183

multiple versus single source scenarios (see section Correlation detection in longer, more 184

realistic plumes), 3. NSIs increase ORNs’ dynamic range (see section NSIs alter ORN 185

dynamic range and sensitivity). For the first two hypotheses, we compared four models: 186

a “control model” where the pathways for different OR types do not interact at all, a 187

model with NSIs, but without LN interactions (“NSI model”), a model with lateral 188

inhibition between PNs mediated by LNs in the AL but without NSIs (“LN model”), 189

and a model with both LN interactions and NSIs (“mix model”), see Fig 5. In this way, 190

we are able to test a hierarchy of questions: Are NSIs helpful when encoding a variable 191

of interest (i.e. concentration correlation or ratio) with respect to the control model? 192

How do the NSI and LN models compare when encoding a variable of interest? And, 193

even with the presence of LNs, are NSIs still helpful when encoding a variable of 194

interest? 195

2.2 NSIs help encoding odorant concentration ratio 196

Airborne odors travel in complex plumes characterized by highly intermittent whiffs and 197

highly variable odor concentration [1–3]. To successfully navigate such plumes and find 198

for example food, flies must recognize relevant whiffs regardless of the overall odor 199

concentration in them, i.e. perform concentration-independent odorant ratio recognition. 200

This is a difficult problem mainly because PN responses are sigmoidal with respect to 201
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Fig 4. Network response to 500 ms step stimuli of a single odorant for the
network as shown in Fig 2. a) step stimuli, shades of green indicate concentration,
b-d) corresponding activity of ORNs, PNs, and LNs. Shades of green match the input
concentrations. e) Average response of PNs over 500 ms against the average activity of
the corresponding ORNs. The orange dashed line is the fit of the simulated data using
equation eq.1 as reported in [41]. Asterisks are the values reported in [41]. f) Average
values for PNs, ORNs, and LNs for different values of concentration. Note the
logarithmic scale of the x-axis in this panel. Error bars show the SEM over PNs.

concentration. To investigate this problem and understand whether NSIs may play a 202

role in solving it, we stimulated the model ORNs with binary mixtures, varying the 203

overall concentration of the mixture, the concentration ratio, and the onset time of the 204

two odorants. The whiffs in plumes (see e.g. S5b Fig) are mimicked with simple 205

triangular odorant concentration profiles that have a symmetric linear increase and 206

decrease (see Fig 6). We first analyzed the case of synchronous pulses, which is typical 207

when a single source emits both odorants (see S10a Fig, reproduced from [16]). 208

Fig 6 shows the typical effects of the NSI mechanism and AL lateral inhibition on 209

PN responses. For the purpose of this figure we adjusted the NSI strength and LN 210

synaptic conductance in such a way that the average PN responses to a synchronous 211

mixture pulse were similar across the LN and NSI models (see Table 1). While the 212

stimulus lasts only 50 ms, the effect on ORNs, PNs and LNs lasts more than twice as 213

long. We observed the same behavior for other stimulus durations (tested from 10 to 214

500 ms). In the control model (pink), PN responses are unaffected by lateral 215

interactions between OR-type specific pathways and because we have matched the 216

sensory response strength of the two odorants and OR types for simplicity, the 217

responses of the PNs in the two glomeruli are very much the same. For the LN model 218

(orange) the response of ORNs is unaltered by network effects and synaptic inhibition of 219

LNs is the only lateral interaction between pathways. For the NSI model (cyan), ORN 220

activity is directly affected by NSIs and the activity of PNs is lower than in control 221

conditions as a consequence of the lower ORN responses. For the mix model (green), 222

both ORN and PN activities are affected and the PNs’ responses are the lowest of the 223

four models. As explained above, NSI strength and synaptic conductance of LN 224
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Fig 5. Schematics of the four models analyzed. Clockwise from top-left: the
control model where the pathways for different OR types do not interact at all, the LN
model with lateral inhibition between PNs mediated by LNs, the NSI model without LN
interactions, and the mix model containing both NSIs and LN inhibition.

inhibition were chosen in this example so that the response of the PNs for both models 225

is of similar magnitude. As explained before, the relations between ORN and PN 226

response is non-linear even for the control model. 227

To investigate the effectiveness of the two mechanisms for ensuring faithful odorant 228

ratio encoding more systematically, we tested the four models with synchronous 229

triangular odor pulses of different overall concentration, different concentration ratios, 230

and for different values of stimulus duration (from 10 to 200 ms), which we selected to 231

match the range of common whiff durations observed experimentally (see S5 Fig). Here, 232

and throughout the study we explored several values from (0.1 to 0.6 for the two 233

strength parameters ωNSI and αLN ). The results are summarised in Fig 7 based on the 234

ratio of maximum activity R = νb/νa (both for ORNs and PNs, see Analysis in Model 235

and methods) during the first 200 ms after the stimulus onset. The values of ORNs and 236

PNs response (measured as maximum activity) is reported in S6 and S7 Figs). 237

Due to the fundamentally sigmoidal relationship between ORN and PN responses 238

and odorant concentration (see Fig 4e-f), the encoding of the ratio between two 239

odorants in a mixture is distorted (see the control model response in Fig 7a,b). The 240

encoding of odorant mixtures is indeed already disrupted at the level of the ORNs (Fig 241

7a), not only on the level of PNs (Fig 7b). Once activated, inhibitory interactions 242

between PNs mediated by LNs slightly improve ratio encoding (Fig 7c,d), reducing the 243

strong ceiling effect for high concentrations. The NSI mechanism instead clearly 244

changes the ORN responses in both the NSI model and mix model (Fig 7e,g), and as a 245

consequence, PN responses change so that their activity reflects the ratio of odor 246

concentrations better for most of the tested concentration ratios (Fig 7f). For the mix 247
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Fig 6. Responses to synchronous pulses of the control, LN, mix and NSI
model. The time courses of ORN and PN activity are response to a triangular pulse
(50 ms, 1st column) for the four models – control (pink), LN model (orange), NSI
(cyan), and mix (dark green). The input to the four models is identical, and control and
LN models – as well as NSI and mix models – have identical ORN activity, which is
therefore displayed only once for each pair. The lines show the average response across
repeated runs. The variation across runs is too small to visualise.

model, the LN inhibition generates a further improvement at the level of the PN 248

response and the encoding of this model is better than of all the other models (Fig 7h). 249

The same results shown for maximum activity are true for the average activity 250

calculated during the first 200 ms after the stimulus onset (see S8 Fig). In the same 251

vein, testing with longer stimuli also yielded qualitatively similar results. 252

To summarize the encoding quality in each model, we calculated the coding error - 253

the squared relative distance of the PN ratio, RPN , and the concentration ratio (see 254

Analysis section in Model and methods). Fig 7i shows the coding error for different 255

values of stimulus duration and concentration averaged over concentration ratios. It is 256

clear that the NSI mechanism boosts the performance for both NSI and mix models as 257

they outperform the LN and control models. This is true for all concentration values 258

tested, but it is less evident for very high concentrations (≥ 0.005). While very intuitive, 259

encoding mixture ratios linearly in PN firing rates is not the only option. To analyze 260

encoding quality more generally, we therefore repeated our analysis by calculating the 261

correlation between the odorant concentration ratio and RPN . The results from this 262

analysis are qualitatively similar to the results with the coding error (see S9 Fig). 263

Summarizing the story until now, 1. Both mechanisms help encode odorant 264

concentration ratio, 2. On its own, the NSI mechanism helps encoding it better than 265

the LN mechanism on its own, and 3. the two mechanisms are synergistic so that the 266

mix model, where both mechanisms are present, encodes the concentration ratio best. 267

In the next section we will explore the effectiveness of the different models for 268

encoding correlations of odorant concentrations in simulated mixture plumes. 269

2.3 NSIs help encoding correlation of odorant concentration 270

When odorants are released from separate sources, they form a plume in which the 271

whiffs of different odorants typically are encountered at distinct onset times. To the 272

contrary, when a mixture of odorants is released from a single source it forms a plume 273

where the odorants typically arrive together (see S10 Fig). We hypothesise that if 274

lateral inhibition (via LNs or NSIs) only takes effect in the synchronous case but not in 275

asynchronous case, it will help distinguishing single source and multi-source plumes. For 276

instance, in the case of pheromone receptor neurons that are co-housed with receptor 277

neurons for an antagonist odorant, the response to the pheromone would be suppressed 278

by NSIs when both odorants arrive in synchrony (same source) and not when arriving 279
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Fig 7. Encoding concentration ratio with average PN activity. ORN (a,c,e,g)
and PN (b,d,f,h) response ratios (RORN = νORN

b /νORN
a and RPN = νPN

b /νPN
a ) to a

single synchronous triangular pulse of 50 ms duration applied to both ORN groups. The
graphs show response ratios versus concentration ratio of the two odorants for six
different absolute concentrations of the odorant with lower concentration (colours, see
legend in d). The peak PN responses would be a perfect reflection of the odorant
concentration if their ratio followed the black dashed diagonal for all concentrations.
Error bars represent the semi inter-quartile range calculated over 10 trials. i) Analysis
of coding error for different values of stimulus duration and concentration averaged over
concentration ratio (see Analysis section in Model and methods). The y axis is the
value of the absolute concentration for the odorant with the lower concentration
(compare to legend in d).
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with delays (the pheromone source is separate from the antagonistic source). This is 280

thought to underlie the ability of male moths to identify a compatible female, where the 281

antagonist odorant is a component of the pheromone of a related but incompatible 282

species [18]. 283

To test whether this idea is consistent with the effect of NSIs as described by our 284

model, we first analyzed PN responses to asynchronous pulses (whiffs) of two odorants 285

and then to longer, more realistic plumes. Both analyses were run for our four models - 286

control, LN model (presenting LN mediated inhibition), NSI model (with NSIs but 287

without LN inhibition), and mix model (with both NSI and LN inhibition). 288

2.3.1 Processing asynchronous pulses 289

Before showing the results for the extensive analysis of stimuli with different durations 290

and delays, let us first perform a visual inspection of the four models’ responses: Fig 8a 291

shows the responses in the models for the example of two 50 ms triangular odor pulses 292

of the same amplitude and at 50 ms delay. We chose stimuli that excite the two ORN 293

types with the same strength to simplify the analysis and focus on the differences 294

between models with respect to asynchronous input rather than differing input ratios 295

that we analyzed above. In the control model (pink), responses are very similar between 296

ORNa and ORNb, as well as, PNa and PNb as expected in the absence of interactions 297

and for identical stimulus strength. The NSIs generally decrease the activity of the 298

ORNs in response to both, the first and the second pulse (see cyan lines, green lines for 299

the mix model are not shown as they are identical to the cyan ones). The situation is 300

different for PN responses when LN inhibition is present. Even for the comparatively 301

large delay of 50 ms – the second stimulus (gray dashed line) starts when the first one 302

(black line) ends – for the LN model (orange) the PNb response (dashed orange) is 303

diminished by the inhibition coming through the LNs activated by PNa (continuous 304

orange). This is a consequence of PN and LN responses outlasting the stimuli as 305

observed above. The situation is identical for the mix model (green lines), while 306

essentially no inhibitory effect is present in the NSI model (cyan lines). 307

The fact that LN inhibition takes effect for longer time scales than the NSIs is not 308

surprising: While NSIs are (implemented as) instantaneous because they are due to an 309

electric interaction, the LN inhibition is mediated by synaptic activity and therefore 310

follows synaptic time scales, i.e. it depends on the characteristic time of synaptic 311

activation (τLN ). For this figure, we used τLN = 250 ms for the synaptic decay timescale, 312

in agreement with what has been reported for GABAB synapses [42, 43]. Hypothesizing 313

a faster time scale instead, with τLN = 25 ms, the behavior of the LN model is, by 314

visual inspection, almost indistinguishable from the NSI model (see S12a Fig). However, 315

thanks to an extensive analysis we will see that even for this short decay time constant, 316

the effects of LN inhibition often last long enough to disrupt the second pulse. 317

To quantify the differences between the four models across different typical 318

conditions, we calculated the ratio between the PN responses of the two glomeruli 319

RPN = νPN
b /νPN

a , both for the maximum activity and for the average activity over the 320

stimulation time. Fig 8b shows the results for a single stimulus duration (50 ms) and 321

delays from 0 to 500 ms. In supplementary figure S11 we reported the result for different 322

pulse durations between 10 and 200 ms. The whiff durations and delays were selected to 323

match the range of values commonly observed in plumes experimentally (see S5 Fig). 324

As expected, the value of RPN is close to 1 for the control model (pink lines) with 325

independent ORNs and PNs and all explored parameters. In contrast, the LN model 326

exhibits clear effects of the lateral interactions in the AL: The response of the second 327

PNb is suppressed by the response to the first stimulus for all delays shorter than 328

500 ms. The NSI model shows no suppression, but it is not completely without 329

interference problems: for short delays, when there is an overlap between the two 330
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Fig 8. Responses to asynchronous pulses of the control, LN and NSI model.
a) Time course of ORN and PN activity in response to two asynchronous triangular
pulses (duration 50 ms and delay 50 ms) for the four models – control (pink lines), NSI
(cyan), mix model (green) and LN model (orange). Input to the four models is identical,
while control and LN models and mix and NSI models have identical ORN activity,
respectively. These are hence only displayed once for each pair of models. The
continuous and dashed lines represent the two odors, ORN and PN types. The lines
show the average response across repeated trials. b) Median ratio of the peak PN
responses of the two glomeruli RPN = νPN

b /νPN
a in the four models with the same color

code for stimulus duration of 50 ms as marked on the top. Error bars represent the semi
inter-quartile ranges. For comparison, the same plots are shown for short τLN= 25 ms
in S12 Fig.
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stimuli, and for very high odorant concentrations, the response of the first ORNa is 331

more inhibited by the activation of the second ORNb, than the second by the first. 332

However, this effect disappears for non-overlapping stimuli. Finally, the mix model 333

(green lines) present exactly the same behavior as the LN model for this analysis, a 334

further indication that NSIs are not relevant for asynchronous stimuli. 335

The results are very similar whether measured in terms of the maximum activity 336

(Fig 8) or the average activity over the stimulus duration. Even the stimulus duration 337

does not seem to affect the results much (see S11 Fig). 338

As anticipated, the overall effect on the LN model is diminished for shorter τLN = 339

25 ms, see S12 Fig. Therefore, considering faster synaptic interactions, for asynchronous 340

pulses both NSI and LN mechanisms behave substantially like the control model. 341

2.3.2 Correlation detection in longer, more realistic plumes 342

So far we have seen that NSIs are beneficial for ratio coding in synchronous pulses of 343

odorant mixtures and that they distort responses less than LN inhibition in the case of 344

asynchronous pulses of odorants in mixtures. In this section, we investigate and 345

compare the effects of the two mechanisms when the system is stimulated with more 346

realistic signals of fluctuating concentrations that have statistical features resembling 347

odor plumes in an open field (see S5 Fig). The statistics of the plumes and how we 348

simulated them are described in detail in the Model and methods; in brief, we replicated 349

the statistical distribution of the duration of whiffs and clean air and the distribution of 350

the odorant concentration which were reported in the literature [2, 3]. Similarly to [32], 351

we simulated plumes as pairs of odorant concentration time series, with a varying degree 352

of correlation to emulate plumes of odors emitted from a single source (high correlation) 353

or from two separate sources (low correlation, see [16] and S10 Fig), while keeping other 354

properties such as intermittency and average odorant concentration constant (see Model 355

and methods and S13 Fig). Similar to the previous section, the stimuli were applied to 356

the models and we analyzed the PN responses in order to understand the ability of the 357

early olfactory system to encode the signal. PN responses are very complex time series 358

(see 9a Fig) and many different decoding algorithms [44–48], could be present in higher 359

brain areas to interpret them. However, as a first analysis and like above, we applied 360

the simple measure of peak PN activity in terms of the total firing rate above a given 361

threshold to analyze the quality of the encoding (see Analysis section in Model and 362

methods). 363

Using this method, we explored plumes with correlation 0 to very close to 1 between 364

the odorant concentration time series and simulating the model for 200 s duration (a few 365

times the maximal timescale in plumes, i.e. 50 s) and inspected the average activity of 366

neuron types over the stimulation period. By construction, the ORN activity for the LN 367

model is the same as the control model (Fig 9a-b), while the average ORN activity for 368

the NSI model (cyan) is lower and depends on the correlation between odor signals (Fig 369

9a-b). The mix model (green) has identical ORN activity to the NSI model. These 370

effects are approximately the same for the whole range of the tested NSI strengths ωNSI. 371

The situation is similar for the average PN activity. The average PN response in the 372

NSI, mix and LN models is monotonically dependent on input correlation (see Fig 9c). 373

Hence, both mechanisms are useful for encoding input correlation with the average PN 374

activity. All reported effects remain qualitatively the same for the entire range of 375

explored parameters (ωNSI and αLN ). 376

However, the average activity is probably not highly informative as it does not 377

distinguish between informative responses and simple baseline activity, even during 378

periods of zero odorant concentration (blanks). A very simple more meaningful and 379

easy to implement measure of relevant responses are the average firing rates above a 380

given threshold. This measure is based on the hypothesis that information is conveyed 381
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Fig 9. Responses of the four models to realistic plumes. a) Time course of
stimulus concentration (Input, first column), and response of ORNs (second column),
PNs (third column) to two 4 s long simulated plumes with statistical properties as
described in the text. Lines are the mean over 10 trials. b) Response of ORNs, and c)
response of PNs averaged over neurons and over 200 s for the four models: control
model (pink), LN model (orange), mix model (green) and NSI model (cyan). In panel b,
the observation from the LN and mix models overlap with those from the control (pink)
and the NSI model, respectively. d) PN peak activity above 150 Hz, for 3 s maximum
whiff durations.
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mainly in the high activity, i.e. firing rates above a given threshold, while activity below 382

the threshold is simply baseline noise. In this light we analyzed the “peak PN” response, 383

defined as the integrated PN activity over time windows where the PN firing rate is 384

above a given threshold (e.g. 50, 100, or 150 Hz). Fig 9d shows peak PN for the 385

intermediate 100 Hz threshold (see S14 Fig for plots with other underlying thresholds). 386

So far we have used simulated plumes with properties corresponding to 60 m distance 387

from the source. At different distances the maximum whiff durations will vary [29]. We 388

therefore asked whether and how the efficiency of the NSI and LN mechanisms depends 389

on maximum whiff duration and hence distance from the source. To address this 390

question, we generated plumes with different maximum whiff duration, wmax. Fig 10a 391

shows a plot for each tested value of wmax (from 0.03 to 50 s) for peak threshold 100 Hz 392

(see S15 and S16 Figs for results with peak thresholds of 50, and 150 Hz). The choice of 393

maximum whiff durations reflects typical experimental observations [2]. 394

Two effects are evident: 1. At zero correlation between the stimuli, PN responses in 395

the NSI model are quite similar to those in the control model while those in the LN and 396

in the mix models differ more, and 2. The PN responses in the NSI and the mix model 397

depend more strongly on the input correlations of the stimuli than the PN activities in 398

the LN model, especially for longer (>3s) whiffs (Fig 10a). This second effect is 399

important because ideally we would like the PN responses to differ maximally between 400

highly correlated plumes and independent plumes in order to discern the two conditions. 401

To quantify these effects we measured the following distances: 402

• The distance between PN responses of the control model and those of one of the 403

other three models (NSI, LN and mix model) at zero correlation, defined as 404

p0ctrl − p0x with x ∈ (NSI, LN and mix model) (Fig 10b) 405

• the distance between PN responses for the NSI, mix and LN model at 0 406

correlation and at correlation (very close to) 1, defined as p0x − p1x with x ∈ (NSI, 407

LN, mix) (Fig 10c). 408

As expected from previous results on asynchronous pulses, the mix and LN models 409

interfere more at zero correlation than the NSI model and this is true for the three 410

thresholds used ( S15b, S16b, and 10b Figs). However, when repeating the same 411

measurement with smaller τLN = 25 ms, the amounts of interference in the LN and NSI 412

models become identical. 413

For non-zero correlations, PN responses depend on the plume correlation in the LN, 414

mix and NSI models. Depending on the threshold, NSI or mix models better encode the 415

correlation between odors: for high threshold (≥ 150Hz) the NSI model is better, i.e. 416

p0NSI − p1NSI is generally higher than p0LN − p1LN and p0mix − p1mix ( S16c Fig); 417

otherwise the mix model outperforms the other models (Fig 10c and S15c). Simulating 418

the LN model with shorter inhibition timescale τLN = (25 ms, the encoding 419

performances of the LN and NSI models are almost identical. 420

These last two results demonstrate that the NSI mechanism can be used for 421

encoding correlations between odor plumes, and that for this task its performance is 422

equal to (for short τLN = 25 ms) or better (for larger τLN ) than the performance of the 423

LN mechanism. The mix model exhibits both higher encoding performance and higher 424

interference. 425

In the next, final section we will analyze how NSIs affect the dynamic range and 426

detection threshold of the ORNs. 427

2.4 NSIs alter ORN dynamic range and sensitivity 428

Until now, we have analyzed the effects of NSIs on two neurons and two odorants where 429

each neuron was specifically sensitive to one of the odorants. We now generalize by 430
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Fig 10. Comparing encoding efficiency of odorants’ correlation. a) Peak PN
response for threshold 100 Hz, and for different subsets of maximal whiff durations
(from 0.03 to 50s) for the four models: control model (pink), LN model (orange), mix
model (green) and NSI model (cyan). Note that the horizontal axis has a log-scale. b)
Distance between the PN activity of the control model and one of the other three
models (NSI, LN or mix model), at 0 correlation, p0ctrl − p0x with x ∈ (NSI, LN, mix). c)
Distance between the PN activity at 0 correlation and at correlation 1 for the NSI, LN
and mix model, i.e., p0x − p1x with x ∈ (NSI, LN, mix).
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taking into account the possibility that a single odorant can generate a response to both 431

ORNs. In a theoretical study [14], Vermeulen and Rospars proposed that, in this 432

situation, NSIs may be useful to alter the ORN’s dose-response curve. We tested this 433

hypothesis by measuring the odor detection threshold and the total dynamic range of a 434

pair of ORNs co-housed in a single sensillum and stimulated by a single odorant. 435

We used as stimuli short triangular pulses (with duration of 10, 20, 50, 100 and 436

200 ms). Dynamic range is measured using the common definition of the logarithmic 437

distance between a lower threshold and a higher threshold. The lower threshold Cl is 438

defined as the concentration at which 10% of the maximum ORN response is first 439

reached and the higher threshold Ch where 90% is first reached. ORN response here is 440

calculated as maximum activity (see Analysis in Model and methods). 441

Before analyzing the overall effect of the NSIs, let us focus on how the two 442

dose-response curves are changed by them. In Fig 11 shows the dose-response curves for 443

ORNs of the control model (on the top left) and the NSI model (on the top right) for 444

two neurons which are equally sensitive to the odorant. We then analyzed ORNs whose 445

sensitivities are increasingly different (from top to bottom of Fig 11). The ORNs’ 446

sensitivity distance, SD, is measured as the logarithmic ratio between the lower 447

thresholds of the two isolated ORNs (i.e. log10(Cb
l /C

a
l ), where a and b refer to the two 448

ORNs). We can see that for the NSI model, especially when the SD is high, the 449

dose-response curve of the more sensitive ORN exhibits a non-monotonic 450

peak-and-plateau response that degrades intensity encoding. Indeed, the high threshold 451

of that neuron (green) for the NSI model is typically lower than in the control model. 452

The less sensitive neuron (purple) has a higher value of both, the lower and the higher 453

threshold in the NSI model but overall a smaller dynamic range is observed compared 454

to the control model. 455

In an attempt to furnish a description of the overall effect of the NSIs on the pair of 456

ORNs, we analyzed and compared the dose-response curves for the average response of 457

the two ORNs (see blue lines in Fig 11). We used the average response for simplicity as 458

the sum is the simplest way to represent the dynamics of both neurons together and 459

because it is resembling the measure adopted by Vermeulen and Rospars [14]. The 460

average response exhibits lower values of both thresholds for the NSI model compared 461

to the control model (see S17 Fig) for several values of the sensitivity distance. This 462

indicates an improved detection threshold. However, because the higher threshold is 463

affected even more by the presence of NSIs, especially when the SD is very low or very 464

high (see S17b Fig), the dynamic range is smaller in the NSI model compared to the 465

control model (see Fig 11b). 466

Although our work differs in many aspects from the earlier theory (full temporal 467

description of stimuli and the ORN and NSI implementation) and we took into 468

consideration the combined dynamic range and not simply that of one ORN, our results 469

are not very dissimilar from those reported by Vermeulen et al. [14]: The NSI 470

mechanism slightly decreases the lower threshold for ORNs that respond equally to an 471

odor but also considerably decreases the upper threshold, hence decreasing the dynamic 472

range. For medium and high sensitivity difference, the dynamic range is either broadly 473

unchanged or decreased, respectively (see Fig 11b). 474

3 Discussion 475

“Thought experiment is in any case a necessary precondition for physical experiment. 476

Every experimenter and inventor must have the planned arrangement in his head before 477

translating it into fact.” E. Mach (1905) 478

To avoid electric and magnetic interactions between them, neurons are typically 479
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Fig 11. a) Dose response curves of the isolated ORNs and of the averaged activity of
the two ORNs for the control model (left column) and for the NSI model (right column).
Vertical lines indicate the low (dotted) and high (dot-dashed) thresholds. From top to
bottom: Three different values of sensitivity distance (log10(Cb

l /C
a
l ) ≈ 0, 2 and 4). b)

Dynamic range of the isolated ORNs (green and purple) and of the two models
calculated for several values of the ORNs’ sensitivity distance (log10(Cb

b/C
a
l )) in order

of magnitude (OM). For the control (pink) and the NSI model (cyan), dynamic ranges
are calculated from the average activity of the two ORNs.
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myelinated. An exception to this rule are the ORNs of Drosophila which interact 480

non-synaptically. While it is clear that this interaction can interfere with the 481

propagation of signals, we have asked whether NSIs could also have a functional role in 482

the olfactory system of insects and what that role could be. 483

We have implemented a model of the early olfactory system comprising ORNs of two 484

receptor types, their NSIs in the sensillum, and two corresponding glomeruli in the AL, 485

containing PNs and LNs in roughly the numbers that have been observed for Drosophila. 486

Our objective was to investigate three potential roles of NSIs in insects’ olfactory 487

processing: 1. Concentration invariant mixture ratio recognition, vital for insects to 488

identify the type or state of an odor source (see e.g. [49–53] and references therein); 2. 489

odor source separation, which can be critical for insects, e.g. in the context of finding 490

mates [17,18,23]; 3. odor detection and intensity perception [14]. 491

By comparing our model with NSIs to a control model without lateral interactions 492

between pathways for different receptor types, we found evidence that NSIs should be 493

beneficial for concentration invariant mixture processing: NSIs lead to more faithful 494

representations of odor mixtures by PNs in the sense that the ratio of PN activity is 495

closer to the ratio of input concentrations when NSIs are present. Similarly, the 496

correlation between the ratio of input concentrations and the ratio of PN activity is 497

higher for the NSI model. While we admittedly do not know how exactly odor 498

information is represented in PN activity, responses that differ systematically with input 499

ratio must be superior to responses that saturate and hence do not inform about the 500

input ratio, as seen in the control model. 501

Furthermore, using a model variant with no NSIs but LN inhibition between 502

glomeruli in the AL we found that 1. For synchronous individual whiffs, both models, 503

the one with NSI mechanism and the one with LN inhibition, are better than the 504

control model in several conditions (Fig 7i); moreover, the NSI mechanism is typically 505

more effective than LN inhibition. 2. For the same conditions, the mix model that 506

integrates both NSI and LN inhibition is even more effective at encoding odorant ratio. 507

These results further support the hypothesis that the NSI mechanism offers an 508

evolutionary advantage by enabling more precise odor coding for these simple stimuli. 509

Similar conclusions can be drawn when analyzing the capacity of the insect olfactory 510

system to encode the correlation between two odorants in a more realistic setting of an 511

odor plume. We found that, when analyzing peak PN activity (the integrated PN firing 512

rate over windows during which it is above a given threshold), the model with NSI 513

mechanism outperforms the LN inhibition model and that both are better when 514

considering peak activity than when considering average PN activity. The better 515

performance of the NSI model was in part anticipated because for asynchronous 516

individual whiffs, PN responses to later whiffs are altered (inhibited) by the response to 517

the earlier whiffs when LN inhibition is present. This effect depends on the time scales 518

of the LNs and the inhibitory synapses. In contrast, with NSIs the PN responses to the 519

second whiffs are only mildly affected (increased) by the activity triggered by the first 520

whiff. This effect is only evident for very high concentration, indicating that with NSIs 521

there is less of a trade-off between benefits in encoding synchronous mixtures and 522

distortions when odorants from separate sources mix. 523

The third hypothesis tested the idea illustrated in Fig 1d that the ORNs’ dynamic 524

range could be improved by NSIs [14,25,26]. The improvement of dynamic range by 525

NSIs sits alongside work that showed that syntopic interactions at the receptor level and 526

masking interactions at a cellular level achieve similar effects [54,55] as well as 527

improving mixture representations. How these receptor-level and cell-level mechanisms 528

interact with sensillum-level NSIs is an interesting future research question. 529

However, our results indicate that this hypothesis is not supported by the models: 530

The total dynamic range of two isolated ORNs is typically greater than that of two 531
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ORNs interacting through NSIs. The disruptive effect of NSIs arises from the 532

dependence of the NSI strength on the activity of the more strongly activated ORN, so 533

that instead of preventing the ceiling effect for high concentrations, NSIs lead to an 534

activity peak for central values of the concentration. The effect increases with the 535

similarity of the sensitivity of the ORNs and in the limit of identical ORNs it is so strong 536

that the resulting dynamic range is inferior to the dynamic range of a single ORN. 537

Furthermore, the non-monotonic peak-and-plateau response of the more strongly 538

activated ORN degrades intensity encoding. However, the pair of neurons would be able 539

to rapidly detect odorants at specific intensities. 540

3.1 The model and its limitations 541

“A good model should not copy reality, it should help to explain it”, [56]. 542

As in every modelling work the level of description must match the purpose of the 543

investigation. In terms of Marr’s categorisation of models [57], our model is somewhere 544

between the algorithmic level - as both our models implement a form of lateral 545

inhibition - and the implementation level - albeit we are not yet able to capture the 546

details of the underlying physics of the NSI mechanism. Because of our hypothesis that 547

the role of NSIs is to improve processing of temporally complex stimuli, we focused on a 548

description which included temporal dynamics but was otherwise as simple as possible. 549

We therefore have simplified 1. the cellular dynamics of odor transduction [31,58–62] 550

and only heuristically describe the macroscopic effects at the receptor neuron level, an 551

approach similar to [30]; 2. the complexity of the full receptor repertoire in the insect 552

olfactory system, e.g. about 60 ORN types in Drosophila, and instead focused on a 553

single sensillum with two co-housed ORNs; 3. the true complexity of the many different 554

LN types and transmitters in the AL [63], using only GABA-like LNs. 4. the spatial 555

distribution of the sensilla on the surface of the antenna or the maxillary palp; 5. the 556

complexity of odor stimuli delivered by stimulation devices in the experiments we are 557

mimicking for the single pulse investigation (see the corresponding Model and methods 558

section, [29]), 6. the asymmetry of NSIs where there is some evidence that the strength 559

of the NSIs is proportional to the size of the ORN that is exerting the interaction onto 560

another neuron [13]. By making these simplifications we were able to reduce the number 561

of free parameters in the model, reasonably constrain most parameters and scan the few 562

remaining parameters, such as the strength of LN inhibition, across a reasonable range. 563

This increases our confidence that the observed benefits of NSIs for olfactory 564

information processing are not artefacts of particular parameter choices in the model(s). 565

3.2 The future: how to generalize the model 566

“[...] I have the solution, but it works only in the case of spherical cows in a vacuum.”, 567

For the sake of simplicity we chose to work with a specific animal model in mind and 568

because of the large amount of information available in the literature, we chose 569

Drosophila. It will be interesting to see whether and how much our results can be 570

generalized to other insects such as other flies or moths (that have 1-4 ORNs per 571

sensillum), or even bees, ants and beetles (with up to 20-30 or even hundreds of 572

co-housed ORNs). 573

We can only speculate that all the effects of the NSIs shown here will be, at least 574

partially, amplified, as there will be a much higher probability that the ORNs would be 575

concurrently sensitive to the odorants present in odor mixtures. But of course, we have 576

to consider the disruption generated by the decreased dynamic range whenever 577

co-housed ORNs respond to the same odorants. 578
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These ideas are probably closer to be tested than we thought: For example, ants, 579

belonging to the Hymenoptera order, can have up to two hundreds ORNs in a single 580

sensillum and their interaction has been suggested to be useful to encode membership to 581

the nest [64]. Indeed the authors found that “ant sensilla that are sensitive to a 582

non-nestmate Cuticular Hydrocarbons (CHC) blend also house a large number (about 583

200) of putative receptor neurons”. The idea is that “a large number of receptor 584

neurons might facilitate the resolution of small differences in the multiple-component 585

chemical cues encountered by the sensillum and also might integrate the chemical 586

information as a unit”. 587

However, the complexity of this problem is clearly enough to require an extensive 588

study that we hope can start from this work and the model that is freely available 589

online. 590

3.3 Comparison with related modelling works 591

“If I have seen further it is by standing on the shoulders of Giants.” I. Newton (1675). 592

Our work builds on ideas in previous models (e.g., [14, 65,66]) and concurrent 593

approaches (e.g. [30]). While earlier modeling works focused on the oscillatory and 594

patterned dynamics of activity in the antennal lobe [43,67–71], it was soon realized that 595

the recognition of odorants and their mixtures across different concentrations posed a 596

particularly difficult question. One school of models explored the idea of winnerless 597

competition as a dynamical systems paradigm for concentration invariant coding [72,73] 598

while others explored more direct gain control mechanisms mediated by local neurons in 599

the AL [35,36,74]. The task becomes even more difficult when the exact ratio of 600

mixtures needs to be recognised, and a network model for mixture ratio detection for 601

very selective pheromone receptors has been formulated in [37]. However, generally, 602

odors already interact at the level of individual ORs due to competitive and 603

non-competitive mechanisms which can be recapitulated in models, see e.g. [66] for 604

vertebrates and [31] for invertebrates. 605

However, our model also makes a clear departure from the large number of models 606

that have been built on assumptions and data based on long, essentially constant, odor 607

step stimuli. While these kind of stimuli are not impossible, they can be considered as 608

the exception more than the rule; for instance, even at more than 60 m from the source, 609

around 90% of whiffs last less than 200 ms [1, 75], see [29] for review. This insight is 610

particularly difficult to reconcile with models that emphasize and depend on 611

intrinsically generated oscillations in the antennal lobe [43,67–71], and models that 612

depend on comparatively slow, intrinsically generated dynamics such as the models 613

based on the winnerless competition mechanism [72,76,77]. The original interpretation 614

of these models, how they use intrinsic neural dynamics to process essentially constant 615

stimuli, is disrupted when stimuli have their own fast dynamics. How to reconcile the 616

idea of intrinsic neural dynamics for information processing with natural odor stimuli 617

that have very rich temporal dynamics of their own remains an open problem. 618

In building our model, we followed the main ideas developed by [14] but went 619

beyond the assumption of constant stimuli and also added the important element of 620

adaptation in ORNs and PNs, a widely accepted feature that is important in the 621

context of dynamic stimuli. While Vermeulen et al. were already interested in possible 622

evolutionary advantages of NSIs (without finding much), we here added the comparison 623

with lateral inhibition in the AL that has been described as a competing mechanism, 624

from an experimental (e.g. [11]) and a theoretical point of view (e.g., [35–37,78]. Finally 625

an important addition in this study are the mixture stimuli: Many, though not all, 626

earlier works focused on the response of the network to mono-molecular odors, whereas 627

we analyze the network response to two-odorant mixtures. 628
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A previous study with very similar motivation relating to mixture ratio recognition 629

is the analysis of pheromone ratio recognition of [37]. However, this earlier work still 630

assumed constant stimuli, no adaptation in ORNs, a fixed target input ratio and only 631

LN inhibition. 632

3.4 Further hypotheses about NSIs 633

“There is always a well-known solution to every human problem – neat, plausible, and 634

wrong.” H. L. Mencken 1920 “Prejudices: Second Series” 635

At this early stage, our knowledge and understanding of NSIs is still full of gaps. For 636

example, while suggestive, our results cannot prove beyond doubt whether NSIs are 637

effectively useful to the olfactory system, or whether they are just an evolutionary 638

spandrel. We also do not know their evolutionary history. One interesting idea would be 639

that the complex function of improved odor mixture encoding could have arisen as a 640

side effect from a simpler function, e.g. of saving space, but we do not have any 641

evidence to support this. 642

Researchers in the past 20 years have suggested a number of non exclusive 643

explanations for the functions of NSIs. We have analyzed three of them - improved odor 644

ratio representation, and improved dynamic range, and detecting plume correlations. 645

An alternative hypothesis is that NSIs could facilitate novelty detection for odor signals 646

on the background of other odors [11], if newly arriving “foreground odors” suppress the 647

ongoing response to an already present “background odor”. Todd et al. already noticed 648

that NSIs duplicate the role of LNs in the AL even though [7] pointed out later that LN 649

networks take effect later and mainly decorrelate PN activities and normalize them with 650

respect to the average input from ORNs. Here we have added to the discussion by 651

showing that NSIs have advantages with respect to their faster timescale that leads to 652

less disruption of asynchronous odor whiffs and that the two mechanisms can 653

synergisticly work together, at least for ratio encoding. 654

Moreover, NSIs have two additional key advantages with respect to LN inhibition in 655

the AL or processes in later brain areas: 1. NSIs can be energetically advantageous as 656

they don’t need spikes [6, 79–83]. 2. NSIs take place at the level of the single sensillum 657

and hence a few spikes and synapses earlier than any AL or later interactions [7, 11]. In 658

the AL the information from ORNs of the same type is likely pooled and information 659

about the activity of individual ORNs is not retained (see e.g. [40,84]). Therefore, while 660

interactions within the sensillum are precise in space and time, interactions in the AL 661

will be global (averaged over input from many sensilla) and information channels will 662

interact in an averaged fashion. Similar local interactions in the very early stages of 663

sensory perception were already discussed for the retina [85,86]. 664

3.5 Conclusions 665

In conclusion, we have demonstrated in a model of the early olfactory system that NSIs 666

could be useful for faithful mixture ratio recognition and plume separation but less so 667

for the dynamic range of ORN responses. On their own they are slightly more efficient 668

than LN inhibition on its own but both can work in synergy. In our future work we seek 669

to confirm the behavioral relevance of NSIs in Drosophila. Other interesting future 670

directions include the relationship of NSIs and syntopic misture effects/masking, as well 671

as the precise differential roles of NSIs and LN inhibition when both are present at the 672

same time. 673
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4 Model and methods 674

4.1 Model topology 675

We model the electrical activity of the early olfactory system of Drosophila 676

melanogaster. The model encompasses ORNs on the antenna, and the matching 677

glomeruli in the AL, containing PNs and LNs. ORNs are housed in sensilla in pairs, and 678

each neuron in a pair expresses a different OR type. The paired neurons interact 679

through NSIs, effectively leading to mutual inhibition (see Fig 1 a). There are multiple 680

sensilla of the same type on each antenna. We here model NORN = 20 sensilla per 681

type [84]. ORNs of the same type all project exclusively to the same glomerulus in the 682

AL, making excitatory synapses onto the associated PNs. 683

The PNs are inhibited by the LNs of other glomeruli but not by the LN in the same 684

glomerulus (see Fig 2). The model simulates one type of sensillum and hence two types 685

of ORNs, ORNa and ORNb. We assume that ORNa and ORNb are selectively activated 686

by odorants A and B, respectively (see Fig 2 and Fig 1 a). 687

4.2 Olfactory Receptor Neurons 688

We describe ORN activity in terms of an odorant transduction process combined with a 689

biophysical spike generator [30]. During transduction, odorants bind and unbind at 690

olfactory receptors according to simple rate equations. As we are not interested in the 691

competition of different odorants for the same receptors, we simplify the customary 692

two-stage binding and activation model [65,66,87] to a single binding rate equation for 693

the fraction r of receptors bound to an odorant, 694

ṙ = αrc
n(1− r)− βrr (2)

The variable c encodes the odorant concentration. The relevant unit is ppm (part per 695

million), even though this number is difficult to obtain and rarely given in the literature 696

for technical reasons (see [29]). Instead, the proxy of concentration in liquid solution 697

v/v is often used and we here use numbers that are compatible with this interpretation. 698

We described the spike generator by a leaky integrate-and-fire neuron with adaptation, 699

CV̇ = gORN
l (V ORN

rest − V ) + gyy(VK − V ) + gr(r + ζr) (V ORN
rev − V ) (3)

ẏ = αy

∑
tS∈S

δ(t− ts)− βyy (4)

where C = 1 nF is the membrane capacitance, Vrest is the resting potential, Vrev the 700

reversal potential of the ion channels opened due to receptor activation, ζr is Gaussian 701

colored noise with zero mean and standard deviation rnoise, representing receptor noise, 702

and y is a spike rate adaptation variable with decay time constant 1/βy. When 703

V> ΘORN , the neuron fires a spike and V is reset to Vrest and it does not change for a 704

refractory period τref = 2 ms. 705

The parameters αy and βy are estimated together with αr, n and βr to reproduce 706

the data presented in [28]. We fit with a brute force parameter scan to find a good 707

starting point and then refine the fit with a least squares hill climbing algorithm. The 708

model is similar in nature to the models presented in [30,88] albeit simplified and 709

formulated in more tangible rate equations. As illustrated in Fig 3 and S1, S2 Figs, this 710

simplified model can reproduce experimental data equally well as the previous models. 711

4.3 Non-synaptic interactions 712

To simulate the NSIs, we assumed that the electric interaction takes place through the 713

reversal potential of the receptor current and that it depends linearly on the receptor 714
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activation of the co-housed neuron. Omitting ORN in the superscript, we obtain the 715

following equations: 716

V 1
rev = Vrev − ωNSIr2(Vrev − Vrest), (5)

where 0 < ωNSI < 1 is the unitless strength of the NSI. 717

4.4 The antennal lobe 718

We here reduce the antennal lobe (AL) to two glomeruli, a and b (see Fig 2) in order to 719

focus on the effects of NSIs of the corresponding ORN types. The numbers of PNs and 720

LNs per glomerulus are NPN = 5 ans NLN = 3 in qualitative agreement with what is 721

reported in the literature [84,89–91]. LNs are inhibitory whereas PNs are excitatory. 722

For simplicity, we do not model the multiple kinds of LNs or PNs that have been 723

observed in the AL. Similar models are being used extensively in the analysis of the 724

insect AL [36,37,74,87] and are well suited for replicating the competition dynamics 725

that we seek to evaluate. 726

We model neurons as leaky integrate-and-fire (LIF) neurons with conductance based
synapses. For PN i,

CV̇i = gPN
l (Vrest − Vi) + gORNsi (V E

rev − V ) + gadxi(V
I
rev − Vi) + gLNyi(V

I − Vi) + IPN
noiseη

ẋi = αad (1− x̂j)
∑
{tispike}

δ(t− tispike)−
xi
τad

. (6)

where Vi is the membrane potential of PN i, C = 1 nF, V E
rev and V I

rev are reversal 727

potentials for the excitatory and the inhibitory input, respectively. xi is the activation 728

of a spike rate adaptation current with decay constant τad, si is the combined activation 729

of synaptic inputs from connected ORNs, yi is the activation of inhibitory synapses 730

from connected LNs and η Gaussian white noise with zero mean and standard deviation 731

one. The LNs are described by a similar model but without adaptation, 732

CV̇i = gLNl (Vrest − Vi) + gPNzi (V E
rev − Vi) + ILNnoiseη (7)

where Vi is the membrane potential of LN i, and z represents the activation of 733

excitatory synapses from the PN. For both PNs and LNs, when V> Θ, the neuron fires 734

a spike and V is reset to Vrest and it does not change for a refractory period τref = 2 ms. 735

Synaptic activation is modeled according to 736

˙̂sj = αORN (1− ŝj)
∑

{
t
ORNj
spike

} δ
(
t− tORNj

spike

)
− ŝj
τORN

(8)

si =

nORN∑
j=1

wij ŝj (9)

where
{
t
ORNj

spike

}
are the times of all spikes in ORN j, and wij is the connectivity matrix 737

between ORNs and PNs, wij = 1 if ORN j is connected to PN i and wij = 0 otherwise. 738

Similarly, for PN to LN excitation, 739

˙̂zj = αPN (1− ẑj)
∑

{
t
PNj
spike

} δ
(
t− tPNj

spike

)
− ẑj
τPN

(10)

zi =

nPN∑
j=1

vij ẑj , (11)
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with connectivity vij , and for LN to PN inhibition, 740

˙̂yj = αLN (1− ŷj)
∑

{
t
LNj
spike

} δ
(
t− tLNj

spike

)
− ŷj
τLN

(12)

yi =

nLN∑
j=1

uij ŷj , (13)

with connectivity uij . Each one of these variables has its decay time constant - τORN, 741

τPN, and τLN. The multiplicative factors αLN , αORN and αPN , reflect the amount of 742

released vesicles for each pre-synaptic spike from an ORN and LN, respectively. 743

Table 1. Model parameters. To reproduce the experimental data in our model, we
used the following parameters: Transduction, LIF ORNs, PNs and LNs, and Network
parameters. We fitted a subset of ORN, PN and LN parameters in order to reproduce
the time course shown in e-phys experiments (e.g. [27, 28]); we obtain similar correlated
values as those reported in [84] by fitting the amount of noise injected in the AL

(I
PN/LN
noise ) and in the transduction layer (c0); Network parameters are not fitted, but

extracted from the literature (e.g. [84, 90,91]). NSI strength (ωNSI) and synaptic
strength of LNs (αLN ) are not fitted, but their values were changed to explore the
network behavior. An asterisk indicates the parameters that were not changed during
model fitting.

Transduction
n 0.82
αr 12.62 kHz
βr 0.077 kHz
c0 1.85e-04
rnoise 0.5

LIF ORN
∗ωNSI 0.6
∗ΘORN -30 mV
∗τref 2 ms
V ORN
rest -33 mV
V ORN
rev 0 mV
gORN
l 0.442 µS
gr 0.381 µS
gy 0.257 µS
αy 0.45 kHz
βy 0.0035 kHz

Network
∗NORN 20
∗NPN 5
∗NLN 3
∗Nglo 2

LN and PN
∗τref 2 ms
gLNl 6.2 µS
gPN
l 10 µS
∗Θ -35 mV
∗Vrest -65 mV

LNs
ILN
noise 12 mV
αPN 0.25 kHz
τPN 19 ms
gPN 2.1 µS

PNs
∗V I

rev -80 mV
∗V E

rev 0 mV
IPN
noise 11 nA
∗αLN 0.6 kHz
τLN 250 ms
gLN 0.1 µS
αORN 0.5 kHz
τORN 26.8 ms
gORN 0.6 µS
αad .02 kHz
τad 258 ms
gad 12.2 µS

All parameters used for the simulations are reported in Table 1. The comparative 744

analysis between LN inhibition and the NSI mechanism has been carried out through 745

the exploration of the two parameters αLN and ωNSI. 746

4.5 Simulation of realistic plumes 747

In a realistic scenario, odorants are mixed together in complex plumes that follow the 748

laws of fluid dynamics (see e.g. [92]). For these conditions, even odorants coming from 749

different sources are sometimes mixed together, and one difficult task for insects is to 750
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recognize when two intermingled odorants are coming from the same source or from 751

separate sources. Of course, it is not possible to distinguish these two possibilities from 752

a single, instantaneous sampling, but on average the odorants coming from the same 753

source are more correlated than odorants coming from separate sources (see S5 Fig). To 754

test the function of NSIs for odour source separation, we adopted long stimuli (> 3s), 755

with statistical properties that resemble the filaments observed downwind from an 756

odour source in an open environment ( [1–3,29] at zero crosswind distance. For these 757

conditions, the distributions of whiff and clean air durations follow a power law with 758

exponent -3/2 (see, e.g., [1]), and the cumulative distribution function (CDF) for the 759

normalized concentration values will follow an exponential distribution which we fitted 760

as a piece-wise linear function as follows 761{
5/3x 0 ≤ x ≤ 0.3

1− 10−(a1+b1x)) otherwise

where x is the normalized concentration C/〈C〉 and a1 = 0.22 and b1 = 0.26 are free 762

parameters, whose values were determined by fitting the data reported in [3]. 763

We analyzed stimuli with different maximum value of the whiff duration from 0.03s 764

to 50s. To simulate the arrival of plumes of two odorants with the aforementioned 765

properties, we generated a time series of whiffs and blanks with the correct statistics for 766

each odorant and the correct correlation between odorants. This was achieved with the 767

following procedure: 768

1. We drew two correlated pseudo random numbers from a Gaussian distribution, 769

with a given correlation 770

2. We mapped the two numbers into two uniform random variables 771

3. The uniform random variables are mapped into the desired power law distributions 772

The final result are time series for whiff-durations and -concentrations where for 773

each odor the durations and concentrations are independently sampled from the desired 774

distributions and we have approximately the prescribed correlation between the 775

durations and concentrations between the time series of the two odors. We measured 776

and report against the post-hoc value of correlation between the generated plumes. 777

The simulations were run with custom made Python code available online at 778

https://github.com/mariopan/flynose. 779

4.6 Analysis 780

Firing rates. We analyzed the response of the model on the basis of the firing rates of 781

the ORNs and PNs. The firing rate is calculated as a spike density function as reported 782

in [65]. We calculated the convolution of spike trains using the asymmetric function 783

k(t̂) = t̂ exp
(
t̂/τ
)
, where t̂ = t− tspike + τ for the spike time tspike. The timescale 784

chosen was τ = 20 ms. 785

Maximum, peak, and average activity. We maintained an agnostic position 786

regarding the way higher brain regions elaborate the signal coming from the AL. 787

Although we are aware of the existence of more complex options, for simplicity we used 788

three measures for the activity of the PNs: the average, maximum and the peak activity. 789

The average activity is measured as the average rate of the neurons of the same 790

glomerulus over 200ms after the stimulus onset. The maximum activity is measured as 791

the maximum rate of each neuron within 200 ms after stimulus onset, averaged across 792

all neurons of the same glomerulus. For the longer, more realistic odorant plumes, we 793

used the definition of peak activity as the integrated activity over time windows where 794

the neuron firing rate is above a given threshold (e.g. 50, 100, or 150 Hz). 795
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Encoding ratio. To test that NSI can help encode the odorant concentration ratio, 796

we analyzed the ratio of PNs activity, RPN , as follows: The PN activity is measured as 797

the maximum activity. The encoding error, errenc, is defined as squared relative 798

distance from the concentration ratio, Rconc, that is: 799

errenc =

(
RPN −Rconc

RPN +Rconc

)2

(14)

In a similar way, we measure errenc for the average activity and the results are 800

qualitatively identical. 801
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Supplementary Information 1034

Fig S1. Model ORN response to a single step, a ramp, and a parabola as in [30].
Model ORN response to a single step (a,b), ramp (c,d), and parabola (e,f). a, c, e:
Stimulus waveforms, i.e. odorant concentration profiles, as in [38]. b, d, f: Model ORN
firing rates visualized as a spike density function (SDF).

Fig S2. Output of the model of Lazar and Yeh [30] for the Or59b receptor neuron in
response to the corresponding stimulus waveforms (experimental data reported in [38]).
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Fig S3. PNs, ORNs and LNs response to a short (50 ms) pulse, similar results of Fig 4.
a) 50 ms step stimuli, shade of green indicates concentration. b)-d) corresponding
activity of ORNs, PNs, and LNs. Shades of green match the input concentrations. e)
Average response of PNs over 50 ms against the average activity of the corresponding
ORNs. The orange dashed line is the fit of the simulated data using equation eq.1 as
reported in [41]. f) Average values for PNs, ORNs, and LNs for different values of
concentration. Error bars show the SE over PNs.
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Fig S4. PNs, ORNs and LNs response to a short (100 ms) pulse, similar results of Fig
4. a) 100 ms step stimuli, shade of green indicates concentration. b)-d) corresponding
activity of ORNs, PNs, and LNs. Shades of green match the input concentrations. e)
Average response of PNs over 100 ms against the average activity of the corresponding
ORNs. The orange dashed line is the fit of the simulated data using equation eq.1 as
reported in [41]. f) Average values for PNs, ORNs, and LNs for different values of
concentration. Error bars show the SE over PNs.

Fig S5. Plume statistics of natural plumes. Whiff and blank durations are defined as
the time period of non-zero and zero odor concentration, respectively, as measured at a
stationary point downwind from a source. Whiff durations can depend on wind speed
and can differ for flying insects depending on flight speed and direction relative to
odour filaments. a) Probability distribution of the whiff durations for odorants emitted
at distances larger than 60 m [2]. b) Probability distribution of the blank durations for
odorants emitted at distances larger than 60 m [2]. Wind speeds in a) and b) were
between 1 ad 5 m/s [2]. c) Probability distribution of the normalized concentration for
odorants emitted at 75 m distance from the source [3].
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Fig S6. Firing rates of ORNs (as maximum activity) in response to a single
synchronous triangular pulse of 50 ms duration applied to both ORN groups. The
activities are calculated for several values of odor concentration ratio of the two
odorants and for six different overall concentrations.
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Fig S7. Firing rates of PNs (as maximum activity) in response to a single synchronous
triangular pulse of 50 ms duration applied to both ORN groups. The activities are
calculated for several values of odor concentration ratio of the two odorants and for six
different overall concentrations.
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Fig S8. Encoding ratio with the average PN activity. ORN (a, c, e, g) and PN (b, d, f,
h) responses to a single synchronous triangular pulse of 50 ms duration applied to both
ORN groups. The graphs show average responses ratio (RORN and RPN ), respectively,
versus concentration ratio of the two odorants for six different overall concentrations
(colours, see legend in d). The average PN responses would be a perfect reflection of the
odorant concentration if they followed the black dashed diagonal for all concentrations.
Error bars represent the semi inter-quartile range calculated over 50 trials. i) Analysis
of the coding error for different values of stimulus duration and concentration values.
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Fig S9. Correlation analysis between the odorant concentration ratio and PNs
response ratio, RPN , for different values of stimulus duration (from 10 to 200ms) and
concentration values (reported values refer to the absolute values of the odorant with
lower concentration).

Fig S10. Example concentration fluctuation time series of natural plumes for two
odorants emitted by a single source or two separate sources [16].
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Fig S11. Comparison of the median ratio of PN responses under asynchronous pulses
for different stimulus durations, delays and for two values of the synaptic decay time
constant (τLN ). Panel a shows the results using τLN = 250ms and panel b τLN = 25ms.
The median ratio of the average PN responses of the two glomeruli is defined as
RPN = νPN

b /νPN
a . The line styles and colors indicate the four models: control model

(pink), LN model (orange), mix model (green) and NSI model (cyan). The stimulus
durations are marked on the top. Error bars represent the semi inter-quartile ranges.
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Fig S12. Responses to asynchronous pulses of the control, LN, NSI and mix model,
similar to Fig 8 but for a short synaptic time scale τLN = 25ms. Panel a) Time course
of ORN and PN activity in response to two asynchronous triangular pulses (50 ms, 1st
column) for the four models – control (pink), NSI (cyan), mix (green) and LN model
(orange). Input to the four models is identical, while control and LN models have
identical ORN activity - as much as mix and LN - which is therefore only displayed
once. The continuous and dashed lines represent the two odors, ORN and PN types.
The lines show the average response over 10 trials. Panel b) Median ratio of the
maximum PN responses of the two glomeruli RPN = νPN

b /νPN
a in the four models:

control model (pink), LN model (orange), mix model (green) and NSI model (cyan) for
stimulus duration of 50 ms as marked on the top. Error bars represent the semi
inter-quartile ranges.
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Fig S13. Statistical properties of simulated natural plumes. Observed properties of the
simulated plumes as a function of the intended correlation between plumes averaged
over 200 s. Intermittency and average input plots show the values for the two plumes
(green and purple).

Fig S14. Total PN activity above 50, 100, 150 Hz, respectively, for 3 s maximum whiff
durations, similar results of Fig 9d.
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Fig S15. Comparing encoding efficiency of odorants’ correlation, similar results of Fig
10 using threshold 50 Hz. a) Peak PN response for threshold 50 Hz and for different
subsets of maximal whiff durations (from 0.03 to 50s) for the four models: control
model (pink), LN model (orange), mix model (green) and NSI model (cyan). b)
Distance between the PN activity of the control model and one of the other three
models (NSI, LN or mix model), at 0 correlation, p0ctrl − p0x with x ∈ (NSI, LN, mix). c)
Distance between the PN activity at 0 correlation and at correlation 1 for the NSI, LN
and mix model, i.e., p0x − p1x with x ∈ (NSI, LN, mix). Note that the horizontal axis has
a log-scale.
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Fig S16. Comparing encoding efficiency of odorants’ correlation, similar results of Fig
10 using threshold 150 Hz. a) Peak PN response for threshold 150 Hz and for different
subsets of maximal whiff durations (from 0.03 to 50s) for the four models: control
model (pink), LN model (orange), mix model (green) and NSI model (cyan). b)
Distance between the PN activity of the control model and one of the other three
models (NSI, LN or mix model), at 0 correlation, p0ctrl − p0x with x ∈ (NSI, LN, mix). c)
Distance between the PN activity at 0 correlation and at correlation 1 for the NSI, LN
and mix model, i.e., p0x − p1x with x ∈ (NSI, LN, mix). Note that the horizontal axis has
a log-scale.
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Fig S17. Low and high threshold (panels a and b, respectively) of the two models
calculated for several values of the ORNs sensitivity distance (log10(Cb

b/C
a
l )) in order of

magnitude (OM). For the control (pink) and the NSI model (cyan), dynamic range, low
and high threshold are calculated from the average activity of the two ORNs. For
comparison, see the lower and higher thresholds one of the isolated ORNs (green).
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