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Abstract:  29 

Gamma (~40-90Hz) and beta (~15-40Hz) oscillations and their associated neuronal assemblies 30 

are key features of neuronal sensory processing. However, the mechanisms involved in either 31 

their interaction and/or the switch between these different regimes in most sensory systems 32 

remain misunderstood. Based on in vivo recordings and biophysical modeling of the mammalian 33 

olfactory bulb (OB), we propose a general scheme where OB internal dynamics can sustain two 34 

distinct dynamical states, each dominated by either a gamma or a beta regime. The occurrence of 35 

each regime depends on the excitability level of granule cells, the main OB interneurons. Using 36 

this model framework, we demonstrate how the balance between sensory and centrifugal input 37 

can control the switch between the two oscillatory dynamical states. In parallel, we 38 

experimentally observed that sensory and centrifugal inputs to the rat OB could be both 39 

modulated by the animal respiration (2-12Hz) and phase-shifted one with each other. 40 

Implementing this phase shift in our model resulted in the appearance of the alternation between 41 

gamma and beta rhythms within a single respiratory cycle, as in our experimental results under 42 

urethane anesthesia. Our theoretical framework can also account for the oscillatory frequency 43 

response depending on the odor intensity, the odor valence and the animal sniffing strategy 44 

observed under various conditions including freely-moving. Importantly, the results of the 45 

present model can form a basis to understand how fast rhythms could be controlled by the slower 46 

sensory and centrifugal modulations linked to the respiration.  47 

 48 

 49 
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Significance statement: 50 

Neuronal oscillations accompany the sensory perception at multiple timescales. Fast paced 51 

activities (gamma (~40-90Hz) or beta (~15-40Hz)) facilitate discrimination and signal cognitive 52 

response. Slower processes (2-12Hz) gate the time window for sensory and centrifugal inputs to 53 

ascend and descend, respectively, relative to sensory relays. In the olfactory bulb which is the 54 

first relay of the olfactory system, the main local interneurons provide a major interface between 55 

ascending and descending activities. The balance between these two pathways controls the two 56 

types of inhibition released by these interneurons on the main relay cells and thereby the network 57 

oscillatory dynamics. Using minimalist computational simulations and in vivo experiments, we 58 

proposed a general scheme intimately linked to olfactory processing.  59 

60 
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Introduction 61 

Oscillatory activity underlying neuronal assembly formation is crucial in most functions 62 

including environment perception, adaptive motor responses and memory formation (Engel and 63 

Singer, 2001; Tallon-Baudry et al., 2001; Varela et al., 2001). Those oscillatory mechanisms 64 

involve fine and broader time scales (Schroeder et al., 2010). Due to inter-area connections, these 65 

mechanisms proved to be difficult to disentangle. In this regard, the olfactory bulb (OB) is well 66 

suited to investigate those mechanisms because of both the ability to handle separately the arrival 67 

of sensory inputs and centrifugal fibers (Ravel and Pager, 1990; Boyd et al., 2012; Markopoulos 68 

et al., 2012) and the prominence of these multiscale temporal phenomena.  69 

The OB expresses two fast dichotomous regimes, beta (15-40 Hz) and gamma [40-90 Hz, which 70 

can be subdivided in two bands in particular conditions (Kay, 2003; Manabe and Mori, 2013)] 71 

and a slower one (in the theta frequency range 2-12 Hz) related to respiratory rhythm (for review 72 

see, Kay, 2014; Martin and Ravel, 2014). On a functional level, gamma oscillations are linked to 73 

odor quality (Kashiwadani et al., 1999; Cenier et al., 2008), to odor intensity (Neville and 74 

Haberly, 2003; Courtiol et al., 2011) and to odor learning (Kay, 2014; Martin and Ravel, 2014). 75 

Beta oscillations are observed in response to particular odorants (Chapman et al., 1998; 76 

Zibrowski et al., 1998), reflecting pure sensory processing dynamics but also depend strongly on 77 

the experience (Martin et al., 2004; Kay, 2014). Importantly, the occurrence pattern of those two 78 

fast alternating oscillations are intertwined with the respiratory slow rhythm (Buonviso et al., 79 

2003; Lepousez and Lledo, 2013; Fukunaga et al., 2014) which provides a window for odor 80 

discrimination (Uchida et al., 2006; Bathellier et al., 2008a; Shusterman et al., 2011). Gamma 81 

oscillations tend to appear locked to the inspiration-expiration transition (Manabe and Mori, 82 

2013) whereas beta oscillations can either be locked to the late expiration (Buonviso et al., 2003; 83 
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Cenier et al., 2008) or cover multiple respiratory cycles in awake conditions. While it is known 84 

that fast gamma and beta rhythms both rely on the dendrodendritic interaction between 85 

excitatory mitral/tuft cells (M/TCs) and inhibitory granule cells (GCs) (Rall and Shepherd, 1968; 86 

Lagier et al., 2004; Manabe and Mori, 2013; Fourcaud-Trocmé et al., 2014; Fukunaga et al., 87 

2014; Lepousez et al., 2014), with the expression of beta oscillations requiring the integrity of 88 

the relation OB-cortex (Neville and Haberly, 2003; Martin et al., 2006), the mechanisms that 89 

control the beta-gamma switch are not well understood. Here, we proposed to test the hypothesis 90 

that the mechanistic process underlying the beta/gamma switch (which could be clear-cut or 91 

more graded) relies on a competition between the balanced influence of sensory and centrifugal 92 

inputs. We approached this question through a simple biophysical model complemented by 93 

experimental observations in various conditions to calibrate the model outputs. This model aims 94 

to give plausible mechanisms able to explain a) the generation of both gamma and beta rhythms 95 

by the same network of excitatory and inhibitory neurons, b) what controls the switch between 96 

both and c) the phase relationship between fast oscillations and the respiratory cycle as this is 97 

crucial for sensory and multisensory integration (Deschênes et al., 2012). More precisely, the 98 

generic mechanisms present in the model are: i) an entrainment mechanism for the gamma 99 

oscillations (Wang, 2010), ii) a separate mechanism for the emergence of beta oscillations based 100 

on a GC-spike dependent PING (pyramidal-interneuron gamma) mechanism (Börgers and 101 

Kopell, 2003; Brea et al., 2009; Fourcaud-Trocmé et al., 2011) and iii) a slow respiration-like 102 

modulation of both sensory and top-down inputs based on known and new experimental data. 103 

The simulations showed that GC activation mode (local via peripheral inputs vs. global via 104 

centrifugal inputs) determines the dominant frequency of the oscillatory regime (gamma or beta 105 
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respectively). The switch to another regime depends critically on the balance and the relative 106 

timing between sensory and centrifugal inputs.  107 

Based on a minimal set of experimentally well described elements, this model provides a 108 

mechanistic basis to understand the different dynamical states of the bulbar network related to 109 

sensory processing and their interaction during various behavioral conditions. It also sets the 110 

dynamic framework for understanding how additional neuronal components (Batista-Brito et al., 111 

2008; Eyre et al., 2008; Fukunaga et al., 2012; Manabe and Mori, 2013; Miyamichi et al., 2013) 112 

could enrich the dynamics which are necessary for a proper olfactory performance. 113 

Methods 114 

Experiments  115 

Preparation and recordings 116 

All animal procedures were performed in accordance with the authors’ institution animal care 117 

committee’s regulations. All efforts were made to minimize animal suffering and the number of 118 

animals used. Experiments were performed on male adult Wistar rats (260–400 g, Charles River 119 

Laboratories), maintained on a normal diet and under a 6:00 A.M. to 6:00 P.M. light-on regimen. 120 

Rats were anesthetized with urethane (i.p. 1.5 mg/kg, with additional supplements as needed) 121 

and placed in a stereotaxic apparatus. The dorsal region of the OB was exposed. Bulbar activity 122 

was recorded as a broadband signal (0.1-5 kHz) using linear 16-channel silicon probes 123 

(NeuroNexus Technologies, Ann Arbor, MI) with a home-made, 16-channel DC amplifier. 124 

Electrodes on the probe were spaced by 50 μm. The data were digitally sampled at 10 kHz and 125 
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acquired on a PC using the IOTech acquisition system (Wavebook, IOTech Inc., Cleveland, 126 

OH). Lateral olfactory tract (LOT) electrical stimulations were perfomed via bipolar stainless 127 

steel electrodes, which were stereotaxically positioned in the LOT (bregma coordinates: AP +3.7 128 

mm, L 3.4 mm). Optimal placement was determined by observation of field potentials evoked in 129 

the OB by electrical stimulation (constant current square pulses of 100 µs and within an 130 

amplitude range of 0.1-0.5 mA). The respiration frequency was used to monitor the depth of 131 

anesthesia and the injection of urethane was done accordingly when the frequency increased. 132 

The respiration signal was recorded using a homemade flow-meter based on a fast response time 133 

thermodilution air flow sensor (bidirectional micro bridge mass airflow sensor, AWM 2000 134 

family, Micro Switch Honeywell, described in detail in  (Roux et al., 2006)). The respiratory 135 

phases of the LOT-evoked potential and other events were computed by detecting five landmarks 136 

on the respiratory signal (the inspiration (I) maximum, the inspiration/expiration (I/E) transition, 137 

the expiration (E) maximum, the expiration plateau (EP) and the expiration/inspiration transition 138 

(E/I)). We then aligned landmarks of different respiratory cycles and used a linear phase advance 139 

between two landmarks. 140 

Odors were delivered at 9% of the saturated vapor pressure (SVP) during 5 seconds through a 141 

dilution olfactometer (440 ml/min). Odors used were 2-heptanone, ethyl-benzoate, heptanal and 142 

isoamyl-acetate. The odorant stimulation does not aim to simulate natural stimuli as those 143 

probably activate more glomeruli at a lower concentration (Vincis et al., 2012), but rather to 144 

present a simple and reliable way to elicit gamma and beta oscillations similar to those observed 145 

in natural condition in freely behaving animals i.e. to have a physiological model of fast 146 

oscillation. In anesthetized conditions, the high concentration induces similar oscillation 147 
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amplitudes as the ones observed in awake conditions or in response to low concentration 148 

stimulation (Rosero and Aylwin, 2011; Lepousez et al., 2014). No aversive behavior of the 149 

animals was observed in our group for those odorants at that concentration (unpublished 150 

observation). Depending on the experiment, rats were either freely breathing or tracheotomized 151 

in order to control for intensity of air flow input. In the latter case, odors were either simply 152 

pulled continuously into the nasal cavity through constant aspiration or delivered using a 153 

rhythmic nasal air flow reproducing breathing dynamics but with different amplitudes.  154 

CSD 155 

Local field potential (LFP) in the OB were recorded with linear 16-channels silicon probes 156 

(NeuroNexus a1x16-5mm50-177) inserted perpendicularly to OB layers. A one dimensional 157 

current-source density analysis [CSD, (for a review on CSD see Mitzdorf, 1985)] was performed 158 

using the inverse current source density method (iCSD, Pettersen et al., 2006). For each 159 

recording location, the electrode closest to the mitral cell layer (MCL) was determined offline by 160 

searching for the flattest LFP response to LOT electrical stimulation (Rall and Shepherd, 1968). 161 

Channels in the glomerular layer (GL), external plexiform layer (EPL) and granule cell layer 162 

(GCL) were identified according to their distance to the MCL. Finally, CSD maps were averaged 163 

across recording sessions (n=18 animals or electrode insertions (2 animals had 2 insertions, 164 

others had only one)) after spatial alignment on their MCL. Practically, the EPL current source 165 

amplitude was computed as the median of the 20% highest points, from any of the 3 electrodes 166 

immediately more superficial than the MCL, in the time window of interest (10-60ms following 167 

the peak of LOT-evoked LFP response). Source amplitudes from a given recording location were 168 
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normalized to a mean of 1 in order to compare changes along the respiratory cycles in different 169 

recording sessions and locations. 170 

Multi-unit activity 171 

Multi-unit activity data was obtained by high pass-filtering above 300Hz the OB signals of the 3 172 

electrodes closest to the MC layer (for the 18 recorded session locations). Spikes were detected 173 

as peaks larger than 7 times the standard deviation (SD) of the filtered signal and with a 174 

minimum inter spike interval of 2 ms. 175 

Simulations 176 

Neuron model characteristics  177 

Mitral cell model. The mitral cell (MC) model used was adapted from the previous studies 178 

(Wang and Buzsáki, 1996; Bathellier et al., 2006; David et al., 2009). The model uses parameters 179 

from (Bhalla and Bower, 1993; Wang, 1993). Its essential features are (1) its spiking activity 180 

through sodium spikes, (2) its bursting activity, (3) its current-frequency response, (4) its 181 

resonant properties as revealed through sub-threshold oscillations and (5) its phase response 182 

curve as described into detail in (David et al., 2009). An example of the responses of the model 183 

to a range of excitatory conductances is presented in Figure 1A.  184 

The variables of the model are the membrane potential (Vm), the activation gating variable of the 185 

fast rectifying potassium current (mKf), the activation (mKs) and the inactivation (hKs) gating 186 

variables of the slow potassium current. The equations (Eqs. 1-4) fully describe its dynamical 187 

behavior: 188 

 189 
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Each time the membrane potential reached -30mV, a spike was generated, Vm was reset to -200 

65mV, mKs was incremented by 0.03, hKs by 0.002 and mKf by 0.4 in order to reproduce the 201 

dynamics of the membrane potential after each spike and  to preserve the transition from spiking 202 

to subthreshold oscillations as observed in (Desmaisons et al., 1999; Balu et al., 2004). 203 

The maximal conductance of the ionic channels was gNa = 500 S/m2; gNaP = 1.1 S/m2; gKs = 310 204 

S/m2; gKA = 100 S/m2; gKf = 100 S/m2. The leak conductance is gL = 0.1 S/m2. The product 205 

KAKA hm ⋅ is approximated to 0.004. The reverse ionic potentials are EK = -75 mV and ENa = 45 206 

mV, and the membrane reversal potential is EL = -66.5 mV. The membrane capacitance was set 207 

to 0.01 F/m2 208 

Granule cell model. We used a quadratic integrate and fire (QIF) model (Börgers and Kopell, 209 

2003) for which parameters were fitted to reproduce the frequency-current relationship observed 210 

in a more detailed model of granule cells (GCs) (Davison et al., 2003). Its single variable, the 211 

membrane potential Vm, was described by Eq.5. 212 
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Each time the membrane potential reached the threshold of 0 mV; it was reset to -70mV. The 214 

membrane time constant for the granule cell was set to τm = 60 ms (Schoppa et al., 1998). The 215 

QIF threshold VT = -60 mV was based on the spike shape observed in the detailed GC model 216 

(Davison et al., 2003). gL=16.66 nS , ΔT = 0.1 mV, IT = 0.02 nA were parameters which resulted 217 

from the fit. 218 

 219 

Synaptic inputs at the dendrodendritic synaptic junction. 220 
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All phasic synaptic currents were described by an equation (Eq.6) of the form: 221 

)(max,, XXXXsyn EVsgI −−=    (Eq.6), 222 

where X is the considered current, gX,max is the maximal synaptic conductance, sX is the synaptic 223 

activation (fraction of open channels between 0 and 1) and EX is the synaptic reversal potential. 224 

Parameter values per synapse are given in the following. 225 

AMPA synapses. The fraction of open channels of AMPA synapses from MCs to GCs (Figure 226 

1B) was modeled as a single exponential described by Eq. 7: 227 

E

EE s=
dt

ds
τ

− .       (Eq.7) 228 

The decay time constant τE was set to 3ms according to (Schoppa et al., 1998). A synaptic delay 229 

of 1ms was set from the spike time of the MC to the start of the excitatory post-synaptic 230 

Conductance (EPSC) (Davison et al., 2003). Other parameters were EE = 0 mV and gE,max = 4 nS. 231 

GABAA synapses 232 

The GABAA synaptic current (EI = -70 mV) received by MCs had 3 components: 233 

1- Tonic part: constant inhibitory current, received by all MCs, of conductance gI,cst = 20 234 

S/m2 (David et al., 2009) as it is present in most of MCs during odor presentation (Yokoi 235 

et al., 1995; Kollo et al., 2014). 236 

2- GC-spike-dependent GABAA synapses: a phasic conductance sI,G gI,G,max triggered by GC 237 

spikes (Figure 1C). The fraction of open channels was modeled as a simple exponential 238 

described by Eq. 8. 239 
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,
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τ
−     (Eq. 8) 240 

The decay time constant was set to τI,G = 7 ms corresponding to ranges experimentally 241 

observed for mini-IPSC measurement (Castillo et al., 1999; Bathellier et al., 2006; Lagier 242 

et al., 2007; Eyre et al., 2012). The maximum conductance of a single synaptic input 243 

gI,G,max= 3 S.m-2 has been estimated to be in the range of experimental data (current 244 

amplitude 20pA, Schoppa et al., 1998). 245 

3- GC-spike-independent GABAA synapses: a phasic conductance sI gI,max corresponding to a 246 

dendrodendritic inhibition, independent of granule spiking, directly triggered by a mitral 247 

spike (Figure 1D) (gI,max = 0.18 S/ m2). The fraction of open channels was modeled as a 248 

double exponential described by Eq. 9 and Eq. 10. 249 

I

III sr=
dt
ds

τ
−

 (Eq.9) 250 

r

II r=
dt
dr

τ
−   (Eq. 10) 251 

The rise time constant τr was set to 2 ms and the decay time constant was set to τI =7ms 252 

adapted from estimated values (Margrie and Schaefer, 2003; Schoppa, 2006). A synaptic 253 

delay was randomly chosen from a uniform distribution between 5 and 13ms from the 254 

spike time of the MC to the start of the inhibitory post-synaptic conductance (IPSC). This 255 

aimed to account for both 1) the average relative timing seen between MC spikes and 256 

inhibitory events (Lagier et al., 2004) due to the two synapses MC to GC and GC to MC 257 

being involved in this connection and 2) a less reliable way of inhibition allowing weak 258 

coupling in the network. 259 
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In order to reflect the partial activation of the GC synaptic spines, GC-spike-independent GABA 260 

conductance was weak compared to the GC-spike-dependent one (Egger et al., 2005). 261 

Short term plasticity.   Short term plasticity was introduced to reproduce fast adapting AMPA 262 

synapses from MC to GC (Balu et al., 2007). The maximal conductance decays with time 263 

according to the formalism of the following equations (Eqs.11 and 12) introduced by (Markram 264 

et al., 1998): 265 

d

x=
dt
dx

τ
−1  (Eq.11) 266 

f

uU=
dt
du

τ
−

 (Eq.12) 267 

The parameters were set to τd = 150ms, τr = 1ms, U = 1 in order to have a pure depressing 268 

synapse without facilitation. Each time a presynaptic spike is emitted, this triggers a change in 269 

the values of x and u. u takes the value u+U(1-u) and x takes the value x(1-u). The synaptic 270 

weights were modulated by the product x*u as implemented in the Brian simulator (Goodman 271 

and Brette, 2009). When short-term plasticity was introduced (starting at Figure 4 and later), we 272 

used gE,max= 2.5*gE,max,default = 1 nS.  273 

 274 

Connectivity. 100 MCs and 100 GCs were connected for all the present simulations. Due to the 275 

long-range of mitral lateral dendrites, we first assumed that any pair of mitral cells were 276 

connected through a granule cell (Xiong and Chen, 2002). In the model, this was accounted for 277 

by an all-to-all coupling between MCs through GC-spike-independent inhibition. Second, we 278 

assumed that any MC-GC pair has 0.5 chance to form a dendrodendritic synapse with both an 279 

AMPA synaptic connection from MC to GC and a GC-spike-dependent GABA synaptic 280 

connection from GC to MC. Changes in cell numbers or synapse density were not found to affect 281 
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critically the tendency of the results. Unless mentioned otherwise the connectivity was randomly 282 

drawn for each simulation each time we used groups of multiple simulations. 283 

Sensory and centrifugal inputs 284 

Sensory inputs modulation. Sensory inputs were modeled as an excitatory conductance (Einput,E 285 

= 0 mV) assigned to each MC. For constant input, ginput,E were linearly spaced across MCs 286 

between 6.1 S.m-2 and 7.6 S.m-2. When a respiration-like sampling was introduced, unless 287 

otherwise mentioned, these excitatory conductances were modulated from a basal value common 288 

for all MCs (ginput,E,basal = 4 S.m-2) to a maximum value ginput,E,max linearly spaced across mitral 289 

cells between 6.6 S.m-2 and 8.1 S.m-2. A phase shift between each MC was introduced so as to 290 

obtain a delay of response observed in MCs corresponding to observations across several species 291 

at both the neuroreceptor and the MC levels (Cang and Isaacson, 2003; Spors et al., 2006; 292 

Schaefer and Margrie, 2007; Rospars et al., 2013). The variability of the delay of response can 293 

reflect odor concentration, odor identity or nasal flow rate. 294 

The general equation of the sensory modulation of MCs is described in (Eq. 13), for MC ‘i’: 295 

( ) ( )[ ]i
basalEinputiEinjputiEinjputbasalEinput

iEinput tf
gggg

=tg ϕπ +⋅⋅+
−

+
+

2cos1
22

,,max,,,max,,,,,
,,    296 

(Eq.13), 297 

where t is the time, f is the frequency of sensory modulation (from 2Hz in anesthesia to 12 Hz 298 

during sniffing), ϕi is the phase shift specific of each MC (see next paragraph for the 299 

determination of phase shift values). The maximum of the sine wave without phase shift 300 

corresponds to about the inspiration-expiration transition.  301 
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Odor intensity variation. In this study, we chose to simulate changes in sensory input strength by 302 

a modulation of MC locking relative to the respiratory cycle. This takes into account the 303 

existence of  1) a normalization process at the interglomerular level (Cleland et al., 2007) and an 304 

all-or-nothing response at the intraglomerular level (Gire and Schoppa, 2009) which indicate that 305 

the level of excitability of MCs could be relatively stable with odor intensity; 2) a general 306 

decrease of latency in the bulbar response (Spors et al., 2006; Zhou and Belluscio, 2012; Rospars 307 

et al., 2013; Yu et al., 2013) and 3) a better locking of MC to the respiration with high odor 308 

intensity (Courtiol et al., 2011a). These are only part of the many parameters which account for 309 

the adaptation of the MC response to the odor intensity (Yokoi et al., 1995; Chalansonnet and 310 

Chaput, 1998; Yu et al., 2013; Migliore et al., 2014; Gupta et al., 2015).  311 

 To simulate a change of odor intensity, the phase shifts relative to the respiratory oscillation, φi, 312 

were drawn for each MC from a normal distribution with a SD going from 0.2 in the case of a 313 

high intensity (this insured a good locking of the MC population to the respiratory rhythm) to a 314 

SD of 5 in the case of a low intensity (this induced a broad tuning of MC response relative to the 315 

odor onset (as reported in Rospars et al., 2013) and subsequently a broad tuning relative to the 316 

respiratory modulation. In the latter case, MCs were not only desynchronized with the 317 

respiratory rhythm but also relative to each other’s. 318 

Centrifugal input modulation. Numerous centrifugal fibers are projecting to the olfactory bulb 319 

(Price, 1968; Matsutani and Yamamoto, 2008; Rothermel and Wachowiak, 2014). Although 320 

most of the temporally patterned activity in the olfactory bulb is shaped by nasal airflows 321 

(Fukunaga et al., 2012; Phillips et al., 2012; Youngstrom and Strowbridge, 2015; Gupta et al, 322 

2015), it has been shown that removing the airflow via a tracheotomy leaves a phase-delayed 323 

respiration-modulated activity in MC spiking discharge (Ravel et al., 1987; Ravel and Pager, 324 
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1990) and  in M/T membrane potential (Phillips et al., 2012), the latter one being affected by a 325 

LOT lesion (Fig 3 in Phillips et al, 2012). In the model, we introduced this centrifugal 326 

modulation through a sinusoidal current targeting only GCs with an average shift of phase 327 

compared to the sensory input (ΔΦ) (see results for estimation). It is described in Eq.14. 328 
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,,   (Eq.14), 329 

where IE,base = -4nA and IE,max ranged from -2.5 nA to 0 nA depending on centrifugal input 330 

strength. These currents are negative to prevent the granule from spiking in response to the sole 331 

centrifugal inputs (Pressler et al., 2007) and to account for the very little activity of GC under 332 

anesthesia (Cazakoff et al., 2014).  For each GC, a phase shift ϕi was drawn from a random 333 

normal distribution with a SD of 0.2 in simulation of anesthetized conditions and of 5 in 334 

simulation of awake conditions (Cazakoff et al., 2014). Other connections of centrifugal inputs 335 

arriving in the OB on other neuron types were not included in the model as GCs inputs (except 336 

from MC inputs) were thought to be mostly formed by centrifugal inputs in contrast to other 337 

modeled neurons, MCs. 338 

Model limitations. Several mechanisms can impact the network dynamics and have not been 339 

included in the model. Among them we can cite: the distribution of local processes along 340 

dendrites of MCs and GCs, the contribution of other neuronal population, a neuron specific 341 

spatial and temporal description of synaptic inputs received from external structures. 342 

Unfortunately, those components have not been well characterized experimentally and it is thus 343 

difficult to include them as necessary components of gamma and beta oscillations presented here. 344 

Our aim was rather to demonstrate that all basic components used in our model are necessary for 345 

the network dynamics. The principles of the dynamics can then be drawn and consolidated in 346 
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order to later allow the addition of supplementary components based on new experimental 347 

evidence. 348 

Model local field potentials 349 

LFPs issued from network simulations were obtained by convolving MC spike trains with an 350 

IPSC-like waveform (same property in time and amplitude as the spike independent IPSC from 351 

GC to MC) and then averaging the obtained waves across the mitral cell population. This method 352 

was efficient as it insured a balanced representation of MC activity at both gamma and beta 353 

frequencies in the LFP while also taking into account the time constant of the synaptic inhibition. 354 

We used arbitrary units (au) with the same reference scale across all the figures. To preserve 355 

both time and frequency information, we used a time-frequency representation that was based 356 

upon continuous wavelet transformations. The LFP signal was convolved by a complex Morlet's 357 

wavelet with a time resolution of 5 ms and a frequency resolution of 1 Hz. Using a wavelet ridge 358 

extraction, each gamma and beta oscillatory epoch of the LFP was extracted using an energy 359 

threshold to detect its beginning and end (Roux et al., 2007). As it was shown to accurately 360 

represent the experimental gamma and beta frequency ranges (Neville and Haberly, 2003; Cenier 361 

et al., 2009; Martin and Ravel, 2014), the detection boundaries of the model were set to 15-40Hz 362 

and 40-90Hz for the beta and the gamma respectively (which fits well the bimodal distribution 363 

observed in the model). This procedure allowed a reasonable estimation of the phasic, temporal, 364 

and frequency features of these oscillations. An identical threshold was used for gamma and beta 365 

oscillations - it was set to 0.2 a.u. in the absence of slow respiratory modulation and to 0.1 a.u. in 366 

presence of slow respiratory modulation in order to facilitate the detection of transient fast 367 

oscillations. Gamma oscillations were detected in the 40-100 Hz frequency range and beta 368 

oscillations were detected in the 15-40 Hz frequency range. 369 
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Software  370 

Network and neuron equations were implemented under Python 2.7 using the Brian simulator 371 

(Goodman and Brette, 2009). The code for the simulation is available in the model database 372 

(https://senselab.med.yale.edu/neurondb/). Euler integration was used with a time step of 0.05ms.  373 

 374 

Results 375 

Mitral/granule cells (MC/GC, respectively) dendrodendritic interactions were proven to be 376 

critically involved in gamma (Desmaisons et al., 1999; Lagier et al., 2004) and suggested to be 377 

involved in beta oscillations (Fourcaud-Trocmé et al., 2014; Lepousez et al., 2014). Additionally, 378 

GCs were shown to display two different modes of dendritic activation (Egger et al., 2003, 379 

2005): a local mode with a local dendritic depolarization due to MC excitation limited to a single 380 

branch of the GC dendritic tree, and a global mode with a full dendritic arbor depolarization 381 

caused by GC spikes. In a first step, we hypothesized that when GC are functioning in the local 382 

mode, MC connected to the same dendritic branch are effectively connected by a weak inhibition 383 

independent of GC spike. We showed that this local mode functioning allows the network to 384 

oscillate in the gamma frequency range. In a second step, we hypothesized that centrifugal 385 

subthreshold excitation of GCs allows them to spike in response to MC excitation and thus enter 386 

the global mode. We showed that this global mode allows the network to oscillate in the beta 387 

frequency range. Importantly, while in this study the difference between these two modes relies 388 

on distinct extent of GC dendrite activation, we did not model the details of the GC dendrites. 389 

Instead we implemented two distinct types of inhibition: a direct weak inhibition between MCs, 390 

accounting for local GC dendrite activation, and a strong inhibition from GC to MC, activated by 391 
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GC spikes (Figure 1C-D). A sketch of the modeled network and its connections, including these 392 

two types of inhibition is shown in Figure 1 (see Methods for details). Finally, as a prominent 393 

part of the OB’s dynamic, we included the respiratory slow rhythm in our model and studied the 394 

influence of the balance between respiratory modulated sensory and centrifugal inputs on the 395 

competition between the two fast oscillatory dynamics. 396 

Local vs. global GC dendritic activation mode can account for the emergence of gamma vs. 397 

beta oscillation  398 

Gamma oscillations can emerge from weak coupling due to local activation of GCs. 399 

In a first set of simulations, the network only received sensory excitation on mitral cells. This 400 

mitral input consisted in a range of constant excitatory conductances which induced an intrinsic 401 

firing frequency of MCs ranging between 0 Hz and 70 Hz (see David et al., 2009 for the full 402 

characteristics of the MC model and Figure 1A) and bursting patterns as in experimental in vitro 403 

conditions (Desmaisons et al., 1999; Balu et al., 2004). In such conditions, the synaptic 404 

depolarization of GCs via dendrodendritic synapses was not strong enough to elicit GC spikes 405 

and only the direct weak inhibition between mitral cells was brought into play. We modeled this 406 

MC-MC interaction using an all-to-all inhibitory coupling (Figure 2A). Random delays of 407 

synaptic transmission (drawn uniformly in 5-13ms range, independently for each MC pair) were 408 

used to reflect the actual indirect and asynchronous nature of inhibition from GCs to MCs.  The 409 

weak MC coupling, along with the heterogeneous input excitatory conductances received by 410 

MCs, contributed to the heterogeneous characteristic observed in MC activities (see MC Vm 411 

examples in Figure 2B). When considering LFP signal, a gamma oscillation around 60Hz in 412 

frequency emerged after the onset and was maintained during the stimulation (Figure 2C, left 413 
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panel). This oscillation is due to an auto-entrainment mechanism. Precisely, because inhibition is 414 

weak, individual MC spike patterns are only slightly modulated by the inhibitory interactions. 415 

Each MC thus generates an approximate oscillatory input which tends to entrain other MCs 416 

spiking at a close firing frequency rate. In turn, entrained MCs reinforce the global oscillation 417 

and favor the entrainment of additional MCs. Interestingly, a previous study of this MC model 418 

(David et al., 2009) showed that the efficacy of such an entrainment depends on entrained MC 419 

firing rate and oscillation frequency. Indeed, due to MC resonant properties, it reaches its 420 

maximal strength when the oscillation frequency is around 60Hz. This explains the large 421 

oscillation around 60Hz observed in Figure 2C. Only a subset of cells were perfectly entrained 422 

and discharged once every cycle or every two cycles. Since most the cells cannot perfectly 423 

follow the LFP oscillation (because of the difference between their intrinsic firing rate and the 424 

LFP oscillation frequency), this leads to a more irregular discharge with skipped cycles or two 425 

spikes in a cycle (see examples in Figure 2B). This is in agreement with a previous study on MC 426 

spike phase locking during gamma oscillations in vivo in freely breathing anesthetized rats 427 

(David et al., 2009). 428 

We next wondered whether we could experimentally reproduce this network model behavior in 429 

urethane-anesthetized animals, where GC excitability is known to be highly reduced (Kato et al., 430 

2012; Cazakoff et al., 2014). We performed a tracheotomy and applied a continuous odorant 431 

stimulation (using a constant aspiration) to produce a prolonged excitation on MC which is also 432 

independent from the respiratory rhythm. A deafferentation of the OB was also performed by 433 

lesioning the peduncle to insulate the OB from centrifugal inputs. We observed, as predicted by 434 

our model that in such conditions, odorant stimulation induced a continuous gamma oscillation 435 



 

22 
 

(Figure 2C, right panel, n = 2 animals, n = 22 stimulations (see Table 1 for comparison to data 436 

published elsewhere)). 437 

To better understand the network parameters used in our model that were important to precisely 438 

control gamma oscillation properties, we made simulations systematically varying the network 439 

parameters one by one. As described above, the mechanism leading to gamma oscillation is an 440 

auto-entrainment mechanism, thus LFP frequency should depend mainly on MC entrainment 441 

properties (David et al., 2009) and MC firing rates. Since the weak inhibition tends to modulate 442 

spike patterns with only a minor impact on the mean firing rates (David et al., 2009), the 443 

oscillation frequency was barely affected by synaptic parameters (density of connection (Figure 444 

2D), weak inhibition amplitude (Figure 2F), inhibition decay time constant (Figure 2G)) or the 445 

number of activated MCs (Figure 2E). Regarding MC entrainment properties, increasing the time 446 

constant of the slow potassium current activation, responsible for MC resonant properties, was 447 

previously shown to shift the maximal efficacy of MC entrainment to lower frequencies (David 448 

et al., 2009). This parallels the small decrease of LFP frequency found in our network for larger 449 

time constant of the slow potassium current (Figure 2H). Finally the most influent parameter on 450 

LFP frequency was the strength of mean MC excitatory conductance (Figure 2I), similarly to 451 

what is reported in other OB models (Börgers and Kopell, 2003; Brea et al., 2009; Fourcaud-452 

Trocmé et al., 2011). Indeed, varying the MC input conductance strongly affected MC firing 453 

rate. At low input excitatory conductance, MCs tend to discharge by small bursts with an 454 

intraburst frequency of about 40Hz (see Figure 1A) which explains both why the LFP oscillation 455 

frequency did not decrease below 40Hz and why some bursts of gamma oscillation occur at a 456 

much slower frequency (~8Hz). At high input excitatory conductance, faster MCs tried to entrain 457 

the whole network at their intrinsic firing rate and the resultant LFP frequency was intermediate 458 
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between the highest MC firing rate and the best entrained frequency (60Hz, defined by MC 459 

intrinsic properties). However we must emphasize that at higher LFP frequencies there was a 460 

strong decrease of LFP amplitude (Figure 2I). This was due to both the less effective MC 461 

entrainment at frequencies higher than 60Hz and the weak inhibition delay and rise time which 462 

begin to last longer than one LFP cycle. Thus high frequency oscillations were strongly 463 

attenuated and tended to disappear in LFP noise.  464 

Overall, we showed that weak coupling between MC led, through an auto-entrainment 465 

mechanism, to the emergence of network oscillations specifically in the gamma frequency range. 466 

Beta oscillations require cortical feedback and full GC activation 467 

The clear distinction of frequency bands covered by gamma and beta oscillations in vivo suggests 468 

the existence of two completely different generation mechanisms that are supported by distinct 469 

sub-networks in the mitral-granule network  (Fourcaud-Trocmé et al., 2014). However, no 470 

mechanism has convincingly explained this clear-cut separation. We tested whether the spiking 471 

of GCs underlies the emergence of the beta oscillations as recently hypothesized (Lepousez et 472 

al., 2014). Compared to the previous network configuration, we added a centrifugal contribution 473 

as an excitatory input mimicking the barrage of EPSPs from centrifugal fibers to GCs (Figure 1B 474 

and Figure 3A, upward red arrow, see methods for details). Although these inputs are phase-475 

modulated by the respiratory cycle (Rothermel and Wachowiak, 2014), they were first modeled 476 

as a homogeneous steady excitatory conductance on GCs (Figure 3A). In such conditions GCs 477 

were able to fire action potentials (Figure 3B) when their total excitation (centrifugal excitation 478 

plus MC excitation) was large enough. In turn, this GC spiking elicited strong inhibition of MCs. 479 
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In order to assess the effects of the switch of GCs from a non-spiking to a spiking regime, we 480 

added a ramp of excitatory current impinging on GCs which brought them closer to their spiking 481 

threshold (Figure 3C). In this novel network state, MC spikes induced GC spikes which in turn 482 

inhibited MC sufficiently to transiently block their discharge. A new cycle could start when GC 483 

inhibition sufficiently decayed (Figure 3B). This type of oscillation has most of the properties of 484 

a PING mechanism (Börgers and Kopell, 2003). As a consequence, network dynamics was 485 

driven by the interplay between MC excitation and spike-induced GC inhibition, while gamma 486 

oscillations were disrupted by the now powerful inhibitory input received from GCs. This 487 

resulted in a sudden shift in the network oscillation from the gamma regime previously observed 488 

to a beta regime (15-40 Hz) as illustrated in Figure 3C. Using a constant and strong centrifugal 489 

input, the network displayed a beta oscillation of stable amplitude and frequency (Figure 3D left 490 

panel).  491 

In vivo experimental conditions promoting a strong centrifugal input on GC are the moments 492 

when an animal samples an odorant while it is awake compared to anesthetized (Lowry and Kay, 493 

2007; Cazakoff et al., 2014) or while the odor circuit is reinforced by learning (Cauthron and 494 

Stripling, 2014; Lepousez et al., 2014). Comparing our model to actual data, we noted that in 495 

such conditions we could also get a long beta oscillation in the bulbar network LFP (Figure 3D, 496 

right panel, (see Table 1 for comparison to data published elsewhere)).  497 

Finally, we made systematic simulations of the model by varying different parameters one by 498 

one in order to study both beta oscillation properties and the competition between gamma and 499 

beta oscillations. Figures 3E to 3H display a summary of these simulations. We observed that the 500 

beta oscillation frequency depended critically on both the time constant of inhibition (Figure 3E) 501 

and the weight of the GABA inhibition (Figure 3F) but less (non-monotonic effect) on the 502 
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weight of excitatory centrifugal inputs (Figure 3G) or AMPA excitatory MC to GC synapse 503 

(Figure 3H). However, we observed that the balance between the amplitudes of beta versus 504 

gamma oscillations was tightly controlled by parameters which control the GC firing i.e. the 505 

centrifugal input strength on GCs (Figure 3G) and the AMPA conductance (Figure 3H). Indeed 506 

the combination of both excitatory inputs on GC has to be large enough to elicit GC spiking and 507 

thus makes beta oscillations emerge. We intentionally did not include any random process on the 508 

temporal course of the peripheral or centrifugal inputs in order to better isolate the phenomenon 509 

described from sources of variability (Figures 2-3). This yields in relatively narrow bands of 510 

activity in frequency and amplitude and explains some of the dissimilarities with the presented 511 

experiments on top of an overall good concordance. 512 

Overall, we showed that increased excitation on GCs could lead to a GC spiking regime that 513 

made the network oscillate in the beta frequency range. Beta oscillation properties were mainly 514 

determined by intrinsic network synaptic properties while the balance between beta and gamma 515 

oscillations was tightly controlled by both network peripheral and centrifugal excitatory levels. 516 

 517 

The phase-shift between sensory and centrifugal inputs explains the gamma-beta sequence 518 

over a respiratory cycle 519 

Having described gamma and beta oscillations in our model, we then wanted to understand their 520 

relationships with the slow respiratory rhythm. Our first question was thus to assess how the 521 

influence on this slow rhythm onto our network should be modeled. In vivo experiments have 522 

extensively shown a respiratory slow modulation of sensory input (Carey et al., 2009; Courtiol et 523 

al., 2011a; Briffaud et al., 2012; Phillips et al., 2012; Rojas-Líbano et al., 2014). Besides, 524 
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although a centrifugal modulation of OB at the respiratory rhythm is debated(Ravel et al., 1987; 525 

Sobel and Tank, 1993; Phillips et al., 2012), a respiration-locked modulation of GCs by 526 

centrifugal inputs probably exists (Rothermel and Wachowiak, 2014). Moreover, some data 527 

suggest that this centrifugal respiratory modulation could be phase-shifted relative to the 528 

respiratory modulation of sensory input under anesthesia (Ravel and Pager, 1990; Phillips et al., 529 

2012). In order to investigate to what extent respiratory modulation could be phase-shifted 530 

between sensory and centrifugal inputs, we proposed to measure experimentally, in freely 531 

breathing anesthetized rats, how GC excitability changed along the respiratory cycle. We 532 

reasoned that if GC excitability was not constant but rhythmic during the whole respiratory 533 

cycle, the late synaptic current response to LOT electrical stimulation (corresponding to GC 534 

activity) should be larger during high GC excitability phases. We thus recorded OB LFP in 535 

response to LOT stimulations at distinct respiratory phases (see examples of recordings on 536 

Figure 4A) with a 16-channel silicon probe. We performed a current-source density (CSD) 537 

analysis of the late (10-60 ms) part of the LOT-evoked responses grouped according to their 538 

respiratory phases (see Material and Methods). The amplitude of this late component in the 539 

external plexiform layer was previously interpreted either as the inhibitory input on the MC 540 

dendrites (Nicoll, 1972), or as a depolarization following centrifugal excitation of the GCs 541 

(Nakashima et al., 1978; Aroniadou-Anderjaska et al., 1999; Uva et al., 2006).  Since these two 542 

origins could not be disentangled in our data, we considered that they both contributed in 543 

generating the main negative component of the LOT-evoked response.  544 

The resultant CSD maps (Figure 4B) displayed a strong current source in the external plexiform 545 

layer (EPL) resulting from a mix of the opening of GC to MC inhibitory synapses and of granule 546 

cell centrifugal excitation (see Material and Methods for details). Interestingly, the overall CSD 547 



 

27 
 

pattern did not change across respiratory phases except for its amplitude indicating that evoked 548 

recurrent inhibition and GC evoked centrifugal excitation were not constant at each respiratory 549 

phase. To quantify this change, we measured the amplitude of the current source in the EPL as a 550 

function of the respiratory phase. We observed a significant (22% ± 11% (SEM)) modulation of 551 

the EPL current source amplitude (Figure 4C top, n=180 LOT stimulations, Kruskall-Wallis test, 552 

p<0.01) which peaked at the initial part (1.1π) of the expiration phase and dipped at the end of 553 

expiration (E/I) (0π, unpaired Wilcoxon test, p<0.01, n0π=18 and n1.1π=10). In contrast, we did 554 

not find any significant changes in the amplitude of the  EPL current sink around the peak of the 555 

LOT-evoked response (from -2ms to 10ms) (data not shown, n==180 LOT stimulations, 556 

Kruskall-Wallis test, p=0.90) which reflects the amount of evoked excitatory current from MC to 557 

GC (Nakashima et al., 1978). We thus concluded that the slow modulation of the LOT-evoked 558 

EPL source amplitude we observed was mainly due to a slow modulation of centrifugal inputs 559 

onto GCs (either by increasing their excitability and thus promoting recurrent inhibition, or by 560 

modulating their sensitivity to centrifugal feedback). When comparing this data with the firing 561 

rate of MCs along the respiratory cycle, we observed that MC firing rate was maximal at the 562 

inspiration/expiration (I/E) transition (0.74π) (Figure 4C bottom). Finally, based on these 563 

measurements, we concluded that excitatory slow modulation of MCs and GCs, respectively 564 

sensory and centrifugal, could be considered as shifted by about a rough quarter of respiratory 565 

cycle phase. These findings were also corroborated by another study data on MC and GC unit 566 

activity (Ravel et al., 1987), which proved the existence of a modulation of bulbar activity 567 

independent of sensory inputs and phase-delayed relative to the I/E transition in the respiratory 568 

cycle. 569 
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To introduce these phase-shifted modulations in the last network configuration, we replaced 1) 570 

the constant sensory conductance by the sensory respiratory modulation as a sine wave 571 

modulation of excitatory inputs onto MCs and 2) the constant centrifugal conductance by a 572 

centrifugal periodic modulation of excitatory inputs onto GCs phase-shifted by -π/2 relative to 573 

sensory input (see Methods for details and Figure 4D). Note that this centrifugal modulation 574 

remained subthreshold (did not evoked spikes) for GC. This allowed us (Figure 4E) to reproduce 575 

in the model the sequence of fast oscillations usually observed experimentally at each respiratory 576 

cycle in response to odor stimulation in anesthetized rats (Figure 4F). The bursts of gamma 577 

oscillations were phase-locked to the simulated I/E transition and beta oscillations were locked to 578 

the simulated expiration (E). As described in Figure 1 and Figure 2, MCs tended to be more 579 

active during gamma oscillations and less during beta oscillations (Figure 4G). GCs had an 580 

opposite pattern with a peak of activity during the beta oscillations. At the unit level, the model 581 

also matched the experimental observations: 1) The majority of MCs fired at the I/E transition 582 

were locked in phase to the gamma oscillations, 2) MCs fired during the expiration phase were 583 

locked to the beta oscillations.  584 

The strong impacts of odor intensity, odor valence and sniffing strategy on the dynamical 585 

state of the network are explained by the balance between sensory and cortical inputs. 586 

Simulations from the previous section showed that our model could accurately capture the 587 

alternation of gamma and beta oscillations shaped by the respiratory slow modulation in a 588 

standard anesthetized animal preparation. In the awake preparation, such alternations do not 589 

appear so regularly but switches between both regimes are well-described and gamma bursts are 590 

locked as well to the respiratory rhythm (Rojas-Líbano and Kay, 2008; Martin and Ravel, 2014). 591 

To gain insight into the underlying mechanisms of the competition between beta and gamma 592 
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oscillations in awake animals in a more functional context, we explored the model dynamics 593 

when it is facing changes in network input parameters similar to those that would occur in 594 

different experimental and behavioral conditions. In particular, we were interested in (i) changes 595 

in sensory input intensity, which can be due to changes in odor concentration or/and nasal flow 596 

rate; (ii) changes in centrifugal inputs, which can be affected by learning, contextual association 597 

or pharmacological manipulations; and finally (iii) changes in sniffing frequency as happen when 598 

animals are actively exploring an odor source. 599 

Changes in the strength of afferent inputs.  600 

Experimentally, the strength of afferent input can be varied by changing nasal flow rate (Figure 601 

5A) (Courtiol et al., 2011a) or/and odor concentration (Neville and Haberly, 2003). In both 602 

cases, it has been reported that the stronger the afferent input (high flow rate or high 603 

concentration), the stronger gamma oscillations appear. Oppositely, the weaker the afferent input 604 

(low flow rate or low concentration), the stronger beta oscillations appear (Neville and Haberly, 605 

2003; Courtiol et al., 2011a). In order to explain such a competing mechanism able to control the 606 

predominance of gamma or beta oscillations, we simulated a change in input intensity (i.e. either 607 

odor concentration or nasal air flow) by increasing the strength of phase locking to the 608 

respiration cycle (see Methods) of the sensory stimulations across MC population, while keeping 609 

unchanged the temporal course of centrifugal inputs for the different afferent input intensities 610 

(Figure 5B).   611 

For weak afferent inputs, the MC inputs poorly locked to each other failed to induce detectable 612 

gamma oscillations whereas beta oscillations were robustly present at each respiratory cycle 613 

(Figure 5C1 left panel). When the strength of the afferent inputs increased and the locking of 614 



 

30 
 

MCs to the respiration cycle increased, gamma oscillations appeared and increased in amplitude 615 

(Figure 5C1, middle and right panels, and Figure 5D). This tendency for the gamma oscillations 616 

corresponded well to the general tendency observed in experimental conditions (Courtiol et al., 617 

2011a) where a higher proportion of MC (81%) respiration-locked for high flow rates compared 618 

to lower flow rates (61%). For beta oscillations, the results are less simple. In fact, when the 619 

strength of the afferent inputs increased and the locking of MCs to the respiration cycle increase, 620 

the number of occurrences of beta waves initially tended to decrease but this proportion rose 621 

again for very high locking levels (Figure 5D4 red lines). This result is in apparent contradiction 622 

with some experimental observations in anesthetized rats (Neville and Haberly, 2003; Courtiol et 623 

al., 2011a) showing that high odor concentration (in moderate (i.e. not at saturated vapor 624 

pressure) range of concentration) mainly diminishes the number of beta occurrences (see 625 

opposite tendency for odors at saturated vapor pressures in Lowry and Kay, 2007). This 626 

discrepancy between the model and experimental results could be explained by the fact that 627 

while the locking of MCs to the respiratory cycle increased and generated high amplitude gamma 628 

oscillations, synchrony among the MC population through the gamma cycle could induce highly 629 

synchronous inputs to GCs, which are strong enough to elicit occasional GC firing (not shown). 630 

This yielded occurrences of beta oscillations concomitant with gamma oscillations observed as 631 

well in the power spectra (Figure 5E, left panel). To overcome this discrepancy, we searched for 632 

a mechanism able to decrease GCs total excitation while gamma oscillation was strong. 633 

Consistent with experiments that reported a short term depression (STD) on the MC-to-GC 634 

AMPA synapse (Balu et al., 2007), we added this mechanism to the model (see methods). The 635 

main STD effect was to strongly decrease the amplitude of the AMPA EPSPs on GC when 636 

presynaptic spike intervals from MC to GC reached values as fast as the gamma range 637 
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frequencies. As expected from results of Figure 3H, this decrease in MC-to-GC excitation 638 

induced by the STD resulted in a drastic decrease of beta oscillation occurrence and power when 639 

the locking of MC to the respiratory cycle increased (Figure 5D3-4 yellow lines and 5E, right 640 

panel) compared to conditions without STD (Figure 5D3-4 red lines and 5E, left panel). 641 

Consequently, STD at the level of the MC-to-GC synapses appears as an additional efficient 642 

mechanism to regulate the competition between beta and gamma oscillations. 643 

Changes in the amplitude of centrifugal afferent inputs.  644 

Odors with high contextual meaning (strong valence) either acquired or innate (which induce 645 

fear for example) are able to evoke a drastic change in dynamics from gamma to beta oscillations 646 

(Zibrowski and Vanderwolf, 1997; Ravel et al., 2003). This behavioral and dynamical 647 

conditioning was found highly dependent on centrifugal fibers from the piriform cortex in awake 648 

conditions (Martin et al., 2006) as well as in anesthetized conditions (Neville and Haberly, 649 

2003). As an example, in experimental conditions when centrifugal afferents from the piriform 650 

cortex to the OB are intact, beta oscillations could emerge under urethane anesthesia in response 651 

to some specific odors (see example in Figure 6A, left panel). The lesion of these centrifugal 652 

afferent fibers constrains the system to the sole expression of gamma oscillations for the very 653 

same odorant stimulation (Figure 6A, right panel), an effect well described by Neville and 654 

Haberly, 2003. In our model, we assessed the effect of a change in the strength of centrifugal 655 

inputs by varying the amplitude of the excitatory conductance received by GCs (Figure 6B, top 656 

panels), while keeping the dispersion of phases of the sensory modulation on MCs at an 657 

intermediate level. While centrifugal inputs were increased (Figure 6B-6C left vs. right), the beta 658 

oscillations were enhanced and the gamma oscillations were decreased. Systematically varying 659 

the amplitude of the centrifugal afferents inputs (Figures 6D-E) indicated that the total time spent 660 
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in beta oscillations increased from 0 to 9.4±0.9% of the total simulation time and the total time 661 

spent in gamma oscillations decreased, from 6.0±0.5 % to 3.2±0.4 % compared to conditions 662 

where the centrifugal afferents were absent or not sufficient to induce GC spiking (Figure 6C 663 

right vs. 6C left). Amplitude and frequency of the individual gamma and beta oscillations were 664 

only slightly affected by the increase of centrifugal feedback (Figure 6D, left). This evidenced 665 

that mechanisms which underlie the beta oscillations formation can critically depend on both 666 

centrifugal afferents and intrinsic dynamics of the olfactory bulb. 667 

Changes in the frequency of sensory and cortical inputs.  668 

Awake behaving conditions are associated with different sniffing strategies and in particular to 669 

changes of the sniffing frequency (Youngentob et al., 1987; Courtiol et al., 2011a, 2011b). 670 

Therefore we wanted to know whether our model of gamma and beta competition mostly 671 

compared to well described anesthetized conditions could also be robust to brain state changes 672 

and applied to awake conditions as the goal of the model is to extend its scope to the functional 673 

context. Those are characterized by a faster respiratory modulation (Rojas-Líbano and Kay, 674 

2012; Rojas-Líbano et al., 2014), a broader tuning of GC activity relative to the respiratory cycle 675 

and an increase of GC activity (Cazakoff et al., 2014). Here the respiratory modulation was set at 676 

8Hz and the relative timing of individual cortical excitatory inputs on the GC was 677 

desynchronized relative to the respiratory cycle (see methods). In conditions of weak or absent 678 

centrifugal afferents, we observed that discontinuous oscillations in the gamma frequency range 679 

dominated the network activity (Figure 7A). The gamma bursts were still locked to the 680 

respiratory modulation in a way similar to the locking of gamma burst to the theta rhythm 681 

observed in awake conditions (Lepousez and Lledo, 2013; Manabe and Mori, 2013). When the 682 

level of centrifugal excitatory input on GC was enhanced to favor GC spiking, the network 683 
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activity switched to relatively continuous beta oscillation overlapping several respiratory cycles 684 

(Figure 7B). This captures well the experimental observation in awake animals where the beta 685 

oscillations expands over several respiratory cycles (see Figure 3D, right panel and (Martin et al., 686 

2004, 2006)).  687 

Overall, the proposed mechanisms unraveled by anesthesia can sustain the dynamics associated 688 

to more complex physiological contexts including higher frequency of sniffing or broader GC 689 

tuning on respiration observed in behaving animals responding to an odor.  690 

 691 

Discussion 692 

In this study we used a simple but realistic model of the OB to study the emergence and 693 

competition of two fast oscillatory processes identified as gamma and beta oscillations. Our 694 

model captured these two essential dynamical features relative to odor processing through the 695 

window of a respiratory cycle. The parsimony and flexibility of the model, while accurately 696 

accounting for the main aspects of OB dynamics, make it an important step in the way of 697 

reducing neuronal networks to their essential computational properties. The main model 698 

hypothesis is that both oscillations depend on the MC-GC interactions but with a GC regime 699 

either spiking or non-spiking. In the non-spiking regime, weak synaptic coupling inhibition 700 

allows the emergence of gamma oscillations with characteristics of an auto-entrainment process. 701 

In contrast, in the GC spiking regime, MCs sufficiently excite the GCs such that the latter 702 

discharge and induce a strong inhibitory input that silences the MC population and generate beta 703 

oscillations. We then enter a PING regime (Börgers and Kopell, 2003) where both populations 704 

discharge alternatively. We showed that the dynamics of both types of oscillations, gamma and 705 
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beta, were remarkably stable as a function of most network parameters tested. However, their 706 

occurrence depended strongly on the network peripheral sensory inputs and centrifugal inputs. In 707 

particular, gamma oscillations required a sufficient activation of MCs, while beta oscillations 708 

required a sufficient activation of GCs (Figures 2-3). Based on novel experimental data showing 709 

a phase shift between MC and GC external stimulation (Figure 4), we showed that the model 710 

could account for the alternation of gamma and beta oscillations during a respiratory cycle as 711 

observed in vivo. Finally, our model accurately captures the competition between gamma and 712 

beta oscillations when sensory or centrifugal inputs are modulated such as in different natural 713 

conditions involving odor features and behavior (Figures 5-7). Overall this model very closely 714 

approaches OB dynamics observed in vivo, and can thus be used to interpret present and future 715 

experiments. 716 

Model construction: a trade-off between complexity and necessity.  717 

The model used in the present study makes a number of assumptions regarding the underlying 718 

biophysical mechanisms that need to be discussed. First, the weak inhibition independent of GC 719 

spikes and a stronger inhibition dependent on GC spikes were dissociated. This distinction has 720 

been made based on in vitro calcium imaging experiments (Egger et al., 2003, 2005) that showed 721 

that GC dendrites can have a local activation with local depolarization spreading only to spatially 722 

close spines on the dendrite, or a more global mode where the full GC dendritic arbor is activated 723 

by a GC spike. In real GCs, both mechanisms activates overlapping sets of synapses and are thus 724 

not additive at the MC soma level as in our model. However, we observed that beta dynamics 725 

was generally overwhelming gamma dynamics that is likely similar to experimental dynamics 726 

since broad dendritic activation should overwhelm local dendritic activation. A more realistic 727 

description of this competition could be done with a detailed model of GCs but this would 728 
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require the fine tuning of many parameters not well-known experimentally (in particular 729 

regarding granule dendrite internal dynamics). An alternative solution proposed in the literature 730 

is the use of graded synapses for GC to MC inhibition (David et al., 2008; Brea et al., 2009; 731 

Fourcaud-Trocmé et al., 2011) to which  our inhibitory synapses can be compared. Our weak 732 

inhibition corresponds to a weakly activated graded synapse, while our spike-dependent 733 

inhibition corresponds to a saturated graded synapse. And indeed, these two modes relate 734 

respectively to the gamma and beta regimes described in (Fourcaud-Trocmé et al., 2011). 735 

Finally, recent experimental evidence points towards the activation of distinct but overlapping 736 

sets of cells or synapses during gamma and beta oscillations in the OB (Cenier et al., 2009; 737 

Fourcaud-Trocmé et al., 2014), which supports the distinction of both mechanisms. Overall, 738 

despite its simplicity, the distinction between a weak and a strong inhibition mechanism 739 

accurately captures the interaction between gamma and beta oscillatory regimes in various 740 

experimental conditions. Additional mechanisms  such as GCs’ NMDA receptors, facilitation of 741 

centrifugal inputs (Balu et al., 2007) and their interactions  may also be included for future and 742 

more comprehensive studies of the processes regulating OB dynamics.  743 

A second point, which deserves full attention, is the exclusion from the model of other neuron 744 

types to explain the generation of the oscillatory rhythms: interneurons other than GCs and tuft 745 

cells (TCs) in particular. The characterization of some of the interneurons in the physiological 746 

context of the olfactory bulb recent (Kato et al., 2013; Miyamichi et al., 2013). Similar to GCs, 747 

parvalbumin (PV) positive interneurons have been described as being responsive to odors and 748 

connecting principal cells in the external plexiform layer. Their involvement in the generation of 749 

IPSC on MC and on gamma oscillations (Lagier et al., 2004) could be central if they play a key 750 

role like PV-cell of the neocortex for the gamma generation (Cardin et al., 2009). Similarly it is 751 
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likely that other neuron types in the glomerular layer, like short axon cells (Aungst et al., 2003) 752 

and periglomerular neurons (Fukunaga et al., 2014), play a key-role in synchronizing the 753 

network at the theta frequency and would indirectly control the conditions necessary for the 754 

entrainment of the network at the gamma frequency (as the synchrony of MC on the respiratory 755 

rhythm is necessary for the gamma emergence (Figure 5B-C)). Eventually non-GC neurons in 756 

the internal plexiform layer, like disynaptic short axon cells (Pressler and Strowbridge, 2006; 757 

Eyre et al., 2008), could play a role that was not explored yet. Secondly, TCs were not included 758 

either in our model. TCs initiate the olfactory bulb response to the sensory stimulation 759 

(Fukunaga et al., 2012), but mostly have been hypothesized as responsible for the high gamma 760 

oscillations (Manabe and Mori, 2013). Our model predicts that the gamma frequency depends on 761 

the average firing rate of the MC population. Then we could expect that when TCs get involved 762 

in the gamma rhythms, the gamma frequency increases. Similarly, an earlier respiration-locking 763 

compared to MC (Buonviso et al., 2003; Fukunaga et al., 2012), could explain the differential 764 

timing of the high gamma and slow gamma through the respiratory cycle (Manabe and Mori, 765 

2013). 766 

A third point to be justified is our choice of a phase model for the odor-concentration/-intensity 767 

dependence of the response of mitral cells. It is a general observation that concentration effect on 768 

bulbar activity is complex and includes linear but also non-linear effects on the network 769 

response. Among a number of studies, some showed a relative proportional relation between 770 

firing rate and odor intensity (Mair, 1982; Cang and Isaacson, 2003) or a clear relationship 771 

between pattern and intensity (Harrison and Scott, 1986; Reinken and Schmidt, 1986; Wellis et 772 

al., 1989). Oppositely, (Chalansonnet and Chaput, 1998) showed that increasing odor 773 

concentration did not change the mean firing frequency of individual cells but tended to shift the 774 
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respiratory-phase of the cells. Others report pattern changes which cannot be predicted from the 775 

response to a particular intensity (Kauer, 1974; Meredith, 1986). We chose to simulate variations 776 

in odor intensity by MC spike phase-locking which seems to be one of the critical parameters 777 

varying with intensity (Margrie and Schaefer, 2003; Courtiol et al., 2011a; Fukunaga et al., 778 

2012) as it also increases the chance of MCs and GCs to fire together during the respiratory 779 

cycle. Other MC response parameters which were shown experimentally to vary with odor 780 

intensity such as the firing rate or the number of activated glomeruli as reported in many 781 

occasion (Meister and Bonhoeffer, 2001; Khan et al., 2010) were not directly studied here. While 782 

the influence of the above parameters could explain the decrease of gamma oscillations as 783 

reported in Figure 2, they cannot by themselves only explain the experimentally observed 784 

increase of the beta oscillations since the phase dispersion of MC firing is the critical parameter 785 

in our model for the emergence of beta oscillation. Other parameters not included in this model 786 

like the fine balance regulating the tonic excitation and inhibition (Yokoi et al., 1995) could also 787 

alleviate those limitations. 788 

Lastly, the crucial existence for the model of the respiratory phase-shifted and subthreshold 789 

centrifugal input for the generation of a beta oscillation during the expiration is debatable as only 790 

few direct measurements of those inputs to the olfactory bulb were done. Imaging techniques 791 

(Rothermel and Wachowiak, 2014) could solve this. In our case, this phase-shift is necessary to 792 

explain the different phases of gamma and beta oscillation observed only under anesthesia as in 793 

awake conditions, such a phase-shift is not required in regard of the lack of alternation between 794 

of gamma and beta oscillation during the course of a respiratory cycle. 795 

Overall, we presented here the necessary and sufficient components of the network to generate 796 

first an entrainment of MC activities based a weak inhibition from GC to MC at the gamma 797 
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frequency and second a synchronization of MC based on a strong inhibition from GC to MCs. 798 

Whether or not our results can be fully extended to the awake and functional conditions remains 799 

an open question. Existing data in the awake preparation shows that gamma oscillations are 800 

either increased (Martin et al., 2006) or decreased (Kay, 2003) by odor in a learning paradigm; 801 

other studies report either an enhancement (Zibrowski and Vanderwolf, 1997) or no modification 802 

(Beshel et al., 2007) in beta power. The only clear conclusion that can be drawn from all these 803 

studies is that the dynamics of beta and gamma oscillatory activity largely depends on the task 804 

and the behavioral strategy. We thus seem to have a good argument for postulating that the 805 

activity of the OB in the anesthetized animal, such as simulated in our model, reflects the 806 

“wiring-imposed” dynamics. On top of this basal dynamics, variations related to learning, 807 

attention and/or expectation are likely to be superimposed in the behaving animal, resulting in 808 

variations around the classical alternation beta/gamma observed in the anesthetized preparation. 809 

Thus, the framework we propose in our model is likely to be recruited in awake conditions with 810 

some modalities which remain to be determined and could be added to the model to enrich its 811 

panel of responses. 812 

Competition between beta and gamma oscillations: model specificities and olfactory 813 

functions 814 

A prominent aspect of OB in vivo beta and gamma oscillations is that they do not occur 815 

simultaneously but alternatively. The mechanisms used in this model capture this behavior in 816 

two ways. First, when strong centrifugal input allows GC to start spiking, the strong inhibition of 817 

MCs prevents them from oscillating at the gamma frequency. Second, when MCs are strongly 818 

activated by sensory inputs, the short term depression (STD) of MC-GC excitatory synapses 819 

(Balu et al., 2007) prevents MCs from activating GCs above their spiking threshold and thus 820 
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preserves the gamma oscillation. For the latter, it is important that gamma oscillations can 821 

develop first, in order to trigger the short term depression (STD) process, which is made possible 822 

by the phase shift between sensory and centrifugal inputs at the respiration frequency.  823 

Regarding gamma oscillation dynamics, our model proposes that they can emerge from weak 824 

coupling due to local activation of GCs. This result proposes an alternative to previous studies 825 

(Bathellier et al., 2006, 2008b) and gives further insight into the debate between coupling 826 

(Llinás, 1988) and inhibitory feedback (Freeman, 1976; Eeckman and Freeman, 1990) to 827 

generate gamma oscillation in the olfactory bulb as here both are present and compatible. 828 

Although the gamma frequency depends strongly on the intensity of sensory inputs as in 829 

previous models, the gamma amplitude decreases strongly when it leaves the 60-80Hz range 830 

(Figure 2I). The lower bound of the gamma oscillation is linked to the minimal interspike 831 

interval set by the intrinsic bursting activity of MC (namely due to its slow potassium channel, 832 

Wang, 1993) and the upper bound is set by synaptic inhibitory feedback properties of the 833 

network that cannot function above a certain frequency. This maximum of amplitude in the 834 

gamma range can also be linked to the optimum of the entrainment susceptibility of MCs in the 835 

gamma frequency range (David et al., 2009). Overall, these mechanisms likely contribute to the 836 

gamma oscillation frequency boundaries in the OB as observed experimentally (Buonviso et al., 837 

2003; Ravel et al., 2003; Rojas-Líbano and Kay, 2008).  838 

Regarding beta oscillations, we proposed that they occur through a PING mechanism possible 839 

only when GCs are in high excitability state. This high excitability state can be induced by a 840 

slowly modulated and broad centrifugal excitatory input to GCs (Balu et al., 2007; Pressler et al., 841 

2007; Matsutani and Yamamoto, 2008). Importantly, to stay in the PING regime the centrifugal 842 

drive to GC must remain subthreshold. This is supported by a recent experimental study (Boyd et 843 
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al., 2012) that showed in vivo that broad OB centrifugal fiber activation did not affect OB 844 

spontaneous activity but increased odor-evoked recurrent excitation on MCs. In contrast, beta 845 

oscillations cease when centrifugal inputs are depressed (Neville and Haberly, 2003; Martin et 846 

al., 2006). These early studies suggested that beta oscillations could result from a long feedback 847 

loop between OB and piriform cortex. Instead, our model demonstrated that beta waves could be 848 

generated in isolated OB and did not require a loop functioning at the beta frequency between the 849 

olfactory bulb and the piriform cortex but rather a slow modulation of the GC excitability by the 850 

piriform cortex. Other factors controlling the functioning of the GC-to-MC synapse, such as 851 

acetylcholine (Pressler et al., 2007) or norepinephrine (Mouly et al., 1995) should also have a 852 

strong impact on gamma or beta oscillation regimes. Their effects remain mostly described on 853 

animal behavioral performance (Fletcher and Chen, 2010). 854 

Functionally, the influence of gamma and beta oscillations on discrimination and learning is still 855 

highly debated. If gamma oscillations were shown as critically involved (Lepousez and Lledo, 856 

2013), the role of beta oscillations in learning and discrimination is still unknown despite their 857 

strong correlation with olfactory tasks (Martin and Ravel, 2014). In mammals, the independent 858 

manipulation of gamma and beta oscillations has not been performed in behaving animals yet so 859 

that their respective role remains unclear. Modeling the competition between the two dynamics 860 

could not only explain why gamma and beta oscillations can appear in various contexts and 861 

paradigms not necessarily linked to a similar meaning or function (but unified by a similar 862 

dynamic process) but in the future should also be able to associate the involved mechanisms to 863 

their role in defining the behavioral responses to odorants.   864 

Conclusion 865 
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Overall, our results show that the competition between gamma and beta oscillations depends on a 866 

mix of parameters including the odor nature, intensity and valence along with the sniffing 867 

strategy of the animal. Disentangling the origins of the mechanisms governing the switch would 868 

require a selective activation of the GC to mimic the centrifugal feedback while monitoring the 869 

oscillatory regime of the olfactory bulb. Functionally, relating these mechanisms to recent 870 

studies that emphasize the role of gamma, respectively beta, oscillations to transmit information 871 

in a feedfoward, respectively feedback, manner (Roelfsema, 2006; Bastos et al., 2015) could 872 

reveal the essential functions of these waves in the OB. In particular, the ability of a given 873 

structure to internally produce a specific rhythm depending on its major input can allow it to be 874 

more sensitive to input from other structures oscillating at the same frequency (Fries, 2005). 875 

Regarding the olfactory system, this could dynamically change the functional connectivity 876 

between the OB and the piriform cortex (Franks and Isaacson, 2005, 2006; Arenkiel et al., 2007; 877 

Oswald and Urban, 2012) or the accessory olfactory nucleus (Hagiwara et al., 2012). Additional 878 

modeling studies including such structures could be helpful to infer the information transmission 879 

as a function of the OB dynamical state, as well as connectivity analyses in multi-structures 880 

recordings experiments with a learning paradigm where beta oscillations increase across 881 

sessions. 882 

 883 
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Legends 1189 

Figure 1: Synaptic connections of the network. A) MC intrinsic responses to a range of 1190 

excitatory conductances (gE). B) Network properties. Excitatory connections consist of AMPA 1191 

synapses (red) from MC to GC. They are activated by MC presynaptic spikes and can be subject 1192 

to short term plasticity used later on. They generate excitatory post-synaptic conductances 1193 

(EPSCs, red trace) specific to each GC. Excitatory post-synaptic potentials (EPSPs) (see inset) 1194 

are integrated at the GC soma and can trigger a spike if the resting membrane potential of the GC 1195 

is depolarized enough (especially by centrifugal modulation). C) Inhibitory connections consist 1196 

of GABAA synapses which are activated by presynaptic GC spikes (strong inhibition). They 1197 

generate much larger IPSPs (see inset) than GC spike independent inhibition D) Inhibitory 1198 

connections also consist of GABAA synapses (purple) which are activated by MC presynaptic 1199 

spikes corresponding to local integration of the GC spines without depending on GC spike (weak 1200 

inhibition). They generate inhibitory post-synaptic conductances (IPSC, see lower inset) l in all 1201 

MCs with distinct delays. The inhibitory post-synaptic potentials (IPSPs, see upper inset) can be 1202 

followed by intrinsic subthreshold oscillations (STO). (C). Note that full network contains 100 1203 

MCs and 100 GCs, MCs are all-to-all coupled via weak inhibition, and any pair of MC-GC is 1204 

reciprocally connected with AMPA and strong inhibition with a probability of 0.5.  1205 

Figure 2: Gamma oscillation emerges from weak coupling between MCs via 1206 

dendrodendritic synapses.  1207 

A) Scheme of activated synaptic connections (red arrows) involved in the gamma oscillation. B) 1208 

Raster of the 100-MC population (top), examples of MC membrane potentials (Vm) (middle) and 1209 

an example of inhibitory synaptic conductance received by MCs (bottom). C) LFP time 1210 
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frequency maps show the onset of the oscillation at the gamma frequency (~60Hz) following a 1211 

step (middle trace) of heterogeneous excitatory conductances on MC in the model (left panel) or 1212 

following a constant 2-heptanone-odor (9% of the saturated vapor pressure) stimulation (right 1213 

panel) in a tracheotomized rat. White line shows the average time course of gamma maximal 1214 

amplitude (n=22 recordings from 2 animals, dotted lines indicate ±SEM) normalized to 100% for 1215 

amplitudes measured before stimulus onset (time 0). D-I) Effect of the density of connection (D), 1216 

number of activated MCs (E), GABA synapse weight (a.u. are multiple of GABA default 1217 

conductance) (F), the decay time constant of GABA conductance (G), the time constant of 1218 

activation of the slow potassium conductance in MC (H) and the mean MC excitatory 1219 

conductance (I) on the amplitudes (top rows) and frequency (bottom rows) of the detected 1220 

gamma oscillations. Average values ± SD are plotted for 30 repetitions of 4-second simulations. 1221 

The arrow indicates the parameter value used by default from D to I. Note that when synaptic 1222 

weights go to 0 (F), the gamma amplitude goes to 0.2 which reflects the LFP noise level in the 1223 

gamma range for constant sensory inputs. 1224 

Figure 3: Beta oscillations compete with gamma oscillations when GCs start spiking.  1225 

A) Scheme of activated synaptic connections (red arrows) involved in the beta oscillations. The 1226 

centrifugal inputs on GC are added compared to Figure 2. B) Raster of the MC (black dots) and 1227 

GC (red dots) population, Vm of 4MCs, inhibitory synaptic conductances received by MC and 1228 

Vm of 4 GCs. C) Wavelet transform and LFP show the response of the network to a ramp of 1229 

excitatory current uniformly imposed onto GC population (IE,GC). D) Wavelet transform and LFP 1230 

during stable beta oscillations in the model (left panel) and in awake behaving rats after ethyl-1231 

benzoate odor sampling associated to reward (right panel) as an illustrative example of common 1232 

beta induction in the OB. Note the oscillation covers multiple respiratory cycles (Respi. signal). 1233 
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E-H) Effects of the decay time (E) and weight (F) of GABA spike-dependent IPSC from GC to 1234 

MC, the amplitude of the centrifugal inputs on GC (G) and the amplitude of AMPA EPSC from 1235 

MC to GC (H) on amplitude (top rows) and frequency (bottom rows) of detected oscillations in 1236 

the gamma (black trace) and beta (red traces) frequency ranges. The arrow indicates the 1237 

parameter value used by default from E to H. Average values ± standard deviations (SD) are 1238 

plotted for 30 repetitions of 4-second simulations. 1239 

Figure 4: Oscillation sequence during the time window of a respiratory cycle reproduced in 1240 

the model. 1241 

A) Examples of recordings in the OB GCL of a freely breathing urethane-anesthetized rat during 1242 

LOT electrical stimulations at different respiratory phases (n=14 traces are superimposed). Time 1243 

0 is aligned for each trace on the time of the positive peak. Dashed vertical lines indicate the time 1244 

limits considered for the CSD around the negative peak. B) Current source density maps across 1245 

olfactory bulb layers on the 10ms-60ms interval post-stimulation for three distinct respiratory 1246 

phases (early (0-0.5), middle (0.5-0.7) and late (0.7-1), respectively). Maps are averages of LOT 1247 

stimulations across different recording sessions (n=18) across layers: GL, EPL, MCL, GCL. 1248 

Current sink and source amplitudes are color coded (color bar). C) Upper panel: EPL current 1249 

source amplitude of the negative evoked potential as a function of the respiratory phase of LOT 1250 

stimulation. Vertical dashed lines indicate the inspiration (I) maximum, the inspiration/expiration 1251 

(I/E) transition, the expiration (E) maximum, the expiration plateau (EP) and the 1252 

expiration/inspiration transition (E/I). Red asterisks indicate significantly different bins 1253 

(Wilcoxon test, p<0.01). Lower panel: MC discharge during the respiratory cycle. The dashed 1254 

red line is the average respiratory amplitude (inspiration is downward). D) Scheme of the 1255 

sensory and cortical inputs as two sinusoids here at 2Hz shifted by π/2. E) Gamma and beta 1256 
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sequence through 3 consecutive simulated respiratory cycles. The jitter of phases of MC is 2.5 1257 

(see methods). F) Sequence of gamma and beta oscillations measured experimentally in vivo in 1258 

response to heptanal odor stimulation (9% of SVP), and corresponding raw LFP and filtered (10-1259 

90Hz) LFP over about 3 respiratory cycles. Note the locking of gamma and beta to particular 1260 

phases of the respiratory modulation. G) Raster of GC (red) and MC firing (black), LFP trace is 1261 

superimposed. 7 examples of MC Vm (black). 3 examples of GC Vm (red). The time period 1262 

corresponds to the one indicated by the grey bar in E. 1263 

Figure 5: Degree of MC locking to the respiration reproduces the odor stimulation 1264 

intensity on network oscillations. 1265 

A) In tracheotomized urethane-anesthetized rats, the variation of odor intensity (odorant used: 1266 

isoamyl-acetate), using different flow rates, controls the patterns of gamma and beta oscillations. 1267 

Low intensity more likely induces beta oscillations whereas higher intensity more likely induces 1268 

gradually gamma oscillations (middle and right panel). B) Scheme of modulation of sensory and 1269 

cortical inputs. Increasing odor intensity is simulated by gradually increasing the level of locking 1270 

(jitter of phase) to the respiratory cycle of MCs (first row) whereas the cortical afferent input is 1271 

maintained constant (second row). C1) LFPs and their wavelet transforms, for the three 1272 

simulated conditions: from low (left, jitter of phase=5), intermediate (middle, jitter of phase=1.5) 1273 

to high (right, jitter of phase=0.5) levels of MC locking progressively favors gamma compared to 1274 

beta oscillations. C2) Corresponding rasters and trace examples are represented below each case. 1275 

D) Effect of MC locking to respiration on amplitude (D1), frequency (D2), time spent in 1276 

oscillation (D3) and number of occurrence of gamma (black) and beta (red) oscillations (D4). 1277 

Data are plotted as average ± SEM on 100 simulations of 3 seconds each after 1 second of 1278 

stabilization. Introducing STD (dashed lines; gamma in black and beta in yellow) at the AMPA 1279 
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synapse from MC to GC reduces chances of beta oscillation for high locking of MC to the 1280 

respiratory cycle. E) Power spectra for the full range of MC locking to the respiratory cycle (see 1281 

color code) without STD (left panel) and with STD (right panel).  1282 

Figure 6: Effects of centrifugal inputs on GCs during the respiratory cycle.  1283 

A) Experimental LFP and wavelet transforms for the same odor stimulation (2-heptanone in the 1284 

OB while the peduncle is intact (left) or cut (right) (n=6 rats). For more details see Table 1.  B) 1285 

Up: scheme of the modulation received by MC and GC for strong (left) or weak (right) 1286 

centrifugal inputs in the model. Down: Wavelet transforms and LFPs for strong (3.9 nA) (left) 1287 

and weak (3.5 nA) (right) centrifugal afferent input on GC. The jitter of phase is 1.5. The 1288 

centrifugal input amplitude (dashed lines) is given relative to the basal level of centrifugal input 1289 

sine wave (chosen at -4 nA). C) Examples of rasters and Vm traces for both MC (black) and GC 1290 

(red) for strong (left) and weak (right) cortical inputs. LFP traces are superimposed on rasters. D) 1291 

Effect of cortical input (Max current in nA relative to the minimum level) on oscillation 1292 

amplitude, frequency, time spent in oscillation, and number of gamma (black) and beta (red) 1293 

oscillation occurrences. Data are plotted as average ± SEM on 100 simulations of 4 seconds 1294 

each. E) Global power spectra of the LFP from low (red) to high (yellow) amplitude cortical 1295 

inputs.  1296 

Figure 7: Effect of centrifugal inputs in wake-like sniffing conditions. 1297 

 A) Simulation for a sensory modulation frequency of 8Hz with cortical afferent inputs on GCs 1298 

desynchronized relative the respiratory cycle (Jitter of phase for MC = 1.5, for GC = 5). This 1299 

condition generates mainly gamma oscillations when cortical afferent inputs are low. B) Same 1300 

model generates relatively continuous beta oscillation when centrifugal afferent inputs are 1301 



 

57 
 

increased. Here, maximal sensory input conductances ginput,E,max ranged from 6.1 S.m-2 to 7.6 1302 

S.m-2. 1303 

 1304 

Table 1: Summary of findings and associated experimental evidences. n is the number of 1305 
animals. 1306 

 1307 

Visual Abstract: See Abstract 1308 

 1309 
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Model outputs Experimental data  
from the group Figure Other comparable reports 

Generation of sustained gamma 
rhythm by continuous odorant 

stimulation 
Present data (n=2) 2C Neville and Haberly, 2003 

 

Generation of beta oscillations 
by increased GC excitability  No direct evidence 3D 

Only indirect evidences:  
Martin et al, 2006,  

Kay and Beshell, 2010.

Change of GC excitability over 
a respiratory cycle 

Present data (n=18) 
 4C 

Only indirect evidence: 
Cazakoff et al, 2014 

Rothermel and Wachowiak, 2014 
Gamma-beta sequence locking 
on respiration under anesthesia 

Buonviso et al, 2003 (n=33)  
Cenier et al, 2008 (n=14) 4E/F  

Correlation between 
gamma/beta power and odor 

intensity  
Courtiol et al, 2011a (n=12) 5A/C Neville and Haberly, 2003 

Strong decrease of beta 
oscillations after disruption of 

OB centrifugal inputs 
Present data (n=6) 6A/B 

Neville and Haberly, 2003 
Martin et al, 2006 

 

 




