
Accepted manuscripts are peer-reviewed but have not been through the copyediting, formatting, or proofreading
process.

Copyright © 2018 Shusterman et al.
This is an open-access article distributed under the terms of the Creative Commons Attribution 4.0 International license, which
permits unrestricted use, distribution and reproduction in any medium provided that the original work is properly attributed.

This Accepted Manuscript has not been copyedited and formatted. The final version may differ from
this version. A link to any extended data will be provided when the final version is posted online.

Research Article: New Research | Sensory and Motor Systems

Sniff invariant odor coding

Roman Shusterman1,2, Yevgeniy B. Sirotin3, Matthew C. Smear2,4, Yashar Ahmadian2,5 and Dmitry

Rinberg6

1Sagol Department of Neurobiology, University of Haifa, Haifa 3498838, Israel
2Institute of Neuroscience, University of Oregon, Eugene, OR 97403, USA
3The Rockefeller University, New York, NY, USA
4Department of Psychology, University of Oregon, Eugene, OR 97403, USA
5Departments of Biology and Mathematics, University of Oregon, Eugene, OR 97403, USA
6New York University Langone Medical Center, New York, NY, USA

https://doi.org/10.1523/ENEURO.0149-18.2018

Received: 30 March 2018

Revised: 23 November 2018

Accepted: 26 November 2018

Published: 6 December 2018

Author contributions: R.S. and D.R. designed research; Y.S. performed behavioral experiments; R.S. and Y.A.
analyzed the data; R.S. and D.R. interpreted the data; R.S., M.S., and D.R. wrote the paper.

Funding: http://doi.org/10.13039/501100003977Israel Science Foundation (ISF)
816/14
2212/14

Funding: http://doi.org/10.13039/501100004963EC | Seventh Framework Programme (FP7)
334341

Funding: http://doi.org/10.13039/100000055HHS | NIH | National Institute on Deafness and Other
Communication Disorders (NIDCD)
R01DC014366
R01DC013797

Conflict of Interest: The authors declare no conflicts of interest.

Israel Science Foundation grants 816/14 and 2212/14 (R.S). Marie Curie Career Integration grant 334341
(R.S.). NIH/NICDC grants: R01DC014366 and R01DC013797 (D.R.).

Correspondence should be addressed to: Roman Shusterman, roma.shusterman@gmail.com.

Cite as: eNeuro 2018; 10.1523/ENEURO.0149-18.2018

Alerts: Sign up at www.eneuro.org/alerts to receive customized email alerts when the fully formatted version of
this article is published.



 

 

Title: Sniff invariant odor coding 
Abbreviated title: Sniff invariant odor coding 

 
List all author names and affiliations:  
Roman Shusterman1, 2*, Yevgeniy B. Sirotin3, Matthew C. Smear 2, 4, Yashar Ahmadian 2, 5, Dmitry 
Rinberg6 
1 Sagol Department of Neurobiology, University of Haifa, Haifa 3498838, Israel 
2 Institute of Neuroscience, University of Oregon, Eugene, OR 97403, USA 
3The Rockefeller University, New York, NY, USA 
4 Department of Psychology, University of Oregon, Eugene, OR 97403, USA 
5 Departments of Biology and Mathematics University of Oregon, Eugene, OR, 97403, USA 
6 New York University Langone Medical Center, New York, NY, USA 
 

Author contributions: 1 
R.S. and D.R. designed research; Y.S. performed behavioral experiments; R.S. and Y.A. analyzed the 2 
data; R.S. and D.R. interpreted the data; R.S., M.S., and D.R. wrote the paper. 3 
 4 
Correspondence should be addressed to: 

Roman Shusterman: roma.shusterman@gmail.com 

 

Number of Figures:        7 Number of words for Abstract: 145 

Number of Tables:         1 Number of words for Significance: 121 

Number of Multimedia: 0 Number of words for Introduction: 750 

 Number of words for Discussion: 1398 

 

Acknowledgments  5 
We would like to acknowledge Chris Wilson and Avinash Bala for discussions, Joel Mainland and Kai 
Zhao for comments on the manuscript. 
 

Conflict of interest: The authors declare no conflicts of interest. 6 
 7 
Funding sources: 8 
Israel Science Foundation grants 816/14 and 2212/14 (R.S) 9 
Marie Curie Career Integration grant 334341 (R.S.)  10 
NIH/NICDC grants: R01DC014366 and R01DC013797 (D.R.)  11 



 

2 
 

Summary 

Sampling regulates stimulus intensity and temporal dynamics at the sense organ. Despite variations in 

sampling behavior, animals must make veridical perceptual judgments about external stimuli. In 

olfaction, odor sampling varies with respiration, which influences neural responses at the olfactory 

periphery. Nevertheless, rats were able to perform fine odor intensity judgments despite variations in sniff 

kinetics. To identify the features of neural activity supporting stable intensity perception, in awake mice 

we measured responses of Mitral/Tufted (MT) cells to different odors and concentrations across a range 

of sniff frequencies. Amplitude and latency of the MT cells’ responses vary with sniff duration. A fluid 

dynamics (FD) model based on odor concentration kinetics in the intranasal cavity can account for this 

variability. Eliminating sniff waveform dependence of MT cell responses using the FD model allows for 

significantly better decoding of concentration. This suggests potential schemes for sniff waveform 

invariant odor concentration coding.  

 

Significance 

The principles underlying invariant object recognition are of broad interest. The sensory stimuli are 

subject to external variability, and variability imposed by animal behavior. In olfaction active sampling, 

sniffing, regulates stimulus intensity and temporal dynamics at the sense organ. Does this interfere with 

the ability to make accurate perceptual judgments about the physical stimulus? To address this question 

we initially established that perception of odor intensity is not affected by variations in sampling using 

behavioral experiments. To identify the features of neural activity that support this invariance in intensity 

perception, we developed a fluid dynamics model based on odor kinetics in the nose. This model allowed 

us to find neural representation invariant with respect to sampling thus allowing a stable percept. 
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Introduction 12 

Sensory systems acquire and process external stimuli. Active sensing allows an animal to control the 13 

acquisition of this information. The eyes target and scan objects of interest. The hands grasp and palpate 14 

objects. However, variation in sampling behavior introduces variability in the acquired signal. Sensory 15 

systems must incorporate or correct for this variability to achieve perceptual constancy. 16 

In olfaction, odor sampling is controlled by sniffing, which determines the time course of odor 17 

stimulation (Wachowiak, 2011). In awake animals, sniff waveforms are variable. Thus, odor stimuli at a 18 

fixed concentration will result in varying stimuli at the olfactory epithelium. Nevertheless, observations 19 

from human psychophysics support the idea of independence of odor intensity perception on sniff airflow 20 

(Mainland et al., 2014; R. Teghtsoonian and M. Teghtsoonian, 1984; R. Teghtsoonian et al., 1978). 21 

Additional evidence comes from rodent behavioral experiments, which show that animals can 22 

discriminate odors equally well in a freely moving assay (fast sniffing) as in a head restrained one (slow 23 

breathing) (Wesson et al., 2009). However, it may be problematic to compare results from different 24 

behavioral assays.  25 

Variation in sniffing has been shown to influence neural responses of early olfactory neurons. Olfactory 26 

sensory neuron (OSN) activation is coupled to inhalation and significantly altered by changes in sampling 27 

frequency (Carey et al., 2008; Ghatpande and Reisert, 2011; Spors et al., 2006; Verhagen et al., 2007). 28 

Previous studies using artificial sniffing found that responses of mitral/tufted (MT) cells in the olfactory 29 

bulb (OB) of anesthetized rats depend on sniff rate and magnitude (Courtiol et al., 2011; Esclassan et al., 30 

2012). Most MT cells are modulated by respiration at low and moderate sniff frequencies. At higher 31 

frequencies, response magnitude is reduced (Bathellier et al., 2008; Carey and Wachowiak, 2011) while 32 

response latency remains unchanged (Carey and Wachowiak, 2011). Recordings from awake animals 33 

show controversial results: Cury, et al, showed that responses do not depend on sniff frequency (Cury and 34 

Uchida, 2010), while our previous work showed MT cell response latencies scale with parameters of the 35 

sniff cycle (Shusterman et al., 2011). Given that MT cells’ responses vary with sniff parameters, how is 36 

stable odor perception achieved? 37 

Various candidate odor representations with sniff frequency invariance have been proposed. Some studies 38 

have argued that spike trains of MT cells are locked to the phase of the sniff cycle (Chaput, 1986; Roux et 39 

al., 2006). In this scheme, which we call “phase” transformation, all spike trains were stretched or 40 

compressed to match the duration of an average sniff cycle. In our previous work (Shusterman et al., 41 

2011), we proposed to do a more elaborate transformation by independently stretching and compressing 42 

the inhalation interval and the rest of the sniff interval – “two-interval phase” transformation. Another 43 

proposed representation scales the whole sniff interval based on the duration of the inhalation interval – 44 
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“inhalation proportional” transformation (Arneodo et al., 2017). The purpose of all these transformations 45 

was to eliminate the sniff waveform odor response dependences and find a sniff frequency invariant 46 

representation. However, the thorough comparison of these models, and quantification of how well they 47 

perform is still lacking. 48 

In this study, we first tested whether sampling affects odor perception. In rats performing a two-49 

alternative choice task, odor concentration discrimination does not vary with sampling frequency, in 50 

agreement with accompanying paper (Jordan et al 2018). To investigate which features of the neural code 51 

underlie this stable performance, we exploited the natural variability in the sniffing pattern of awake mice 52 

and recorded MT cells’ responses to different odorants and different concentrations of the same odor. We 53 

found that for different sniff patterns, MT cell responses during the early part of the sniff cycle are less 54 

variable than the responses during the later part. However, even early responses vary systematically with 55 

sniff duration.  56 

Based on physical principles of airflow propagation in the nose, we proposed a simple fluid dynamics 57 

(FD) model. Transformation of MT cells responses according to the FD model explains the systematic 58 

variability in neural responses. We compared odor responses after transformation based on this model 59 

against 4 earlier proposed transformations and showed that FD transformation provided the best 60 

description of the data. Further, discriminant analysis showed that FD transformation improves 61 

concentration discrimination. Based on these observations, we propose a transformation of MT cell 62 

responses which is invariant to sniff waveform parameters, and discuss how such a representation can be 63 

read by higher brain areas. Further, this simple FD model is sufficient to align MT cell responses without 64 

the participation of top down modulation via feedback projections. Therefore, it should be equally valid 65 

for different air-breathing species. 66 

Methods 67 

Behavioral experiments 68 

All experimental procedures were conducted according to the US National Institutes of Health Guidelines 69 

for the Care and Use of Animals. Behavioral experiments were performed at XXX and were reviewed and 70 

approved by the Institutional Animal Care and Use Committee. A total of 4 male rats were used in this 71 

study. Animals were housed in a 12 h light/dark cycle and behavioral testing was performed during the 72 

dark cycle. 73 

Odors and Odor Delivery. For behavioral experiments, we used the following odors pentyl acetate, ethyl 74 

acetate, (R)- (+)-limonene, (+)-α-pinene, phenyl ethyl alcohol, and decanal. Odors were selected based on 75 

rapid delivery kinetics from olfactometer (Martelli et al., 2013). For behavioral studies we used the same 76 

odor delivery setup and odor delivery principles as for electrophysiological experiments described below. 77 
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Behavioral Apparatus. Behavioral experiments were conducted in a custom made behavior box (Bodyak 78 

and Slotnick, 1999). The behavior box was built from acrylic and stainless steel to avoid odor 79 

contamination. Air within the box was exchanged by a fan at a rate of 15 L/s. We used a three ‘ports’ 80 

design (Uchida and Mainen, 2003). The central port was used for odor delivery and two side ports were 81 

set up to provide water reward (0.023 ml). The central port was a custom made Teflon odor port, 82 

connected with the output of the olfactometer. To ensure consistent nose placement in the odor stream 83 

across trials, the orifice of the odor port was narrow (8 mm). To reduce outside noise and light, the box 84 

was surrounded by an additional aluminum enclosure with foam padding. We used infra-red camera to 85 

monitor animals externally. 86 

Initial training. We used Long Evans rats from Charles River Laboratories. Training began when rats 87 

reached a weight of at least 200 g. Throughout training, rats were water restricted. At least once a week 88 

animals had ad libitum water access. After each behavioral session, rats were given 15 minutes of ad 89 

libitum water access to ensure adequate hydration. Weight and water intake were monitored daily to 90 

ensure normal growth rates. 91 

Initially, rats learned to poke into the reward ports positioned on either side of a central odor port to 92 

obtain a water reward (1 session). Then, animals were trained to initiate trials by nose poke (minimum 93 

poke time: 50 ms) into the central odor port prior to getting a reward at either of the reward ports (1-4 94 

sessions). After this behavior reached stable performance, rats were shifted to an odor/no odor task: an 95 

odor was introduced randomly on some trials. Reward was delivered to the left water port for odor present 96 

trials and to the right port for no odor trials. No effort was made to correct for any biases or alternation 97 

strategies. Rats readily learned to ignore the unrewarded port on each trial (1-2 sessions) after which point 98 

reward was no longer given for ‘incorrect’ pokes (1-2 sessions). At this point, rats were trained to perform 99 

the concentration classification task. Rats typically reached asymptotic performance in ~3 sessions. 100 

Collection of experimental data started after the rats established stable psychometric functions:  between 101 

10 to 20 days after initiation of training. 102 

Sniffing cannula and pressure sensor implantation.  103 

Rats were implanted with sniffing cannula in the same procedure to sniffing cannula implantation in mice, 104 

described below. A pressure sensor (24PCEFJ6G, Honeywell) was mounted on the animals head. It was 105 

attached to the skull with dental cement. The cannula was connected to pressure sensor via short 106 

polyethylene tubing (801000, A-M systems). After surgery, a rat was given at least 7 days for recovery. 107 

Concentration classification task 108 

Rats were run daily during the weekdays on the concentration classification task. On different days, rats 109 

were tested with different odors at different dilutions (mineral oil) in the vial. After switching between 110 
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odor stimuli, rats took 1 to 4 sessions to reach criterion performance (perceived category bound less than 111 

0.1 log units away from the trained category bound). To ensure enough trials per concentration, for this 112 

analysis we only used session where the rats performed over 700 trials.  113 

In each session, rats initiated trials by poking their nose into the odor port triggering odor delivery from 114 

the olfactometer for sampling. From the onset of the poke, it took 50 ms for the odor to reach the nose. 115 

Delivered odor concentration was varied by flow dilution in eight steps across one order of magnitude. 116 

On each trial, rats were free to sample the odor for a maximum of one second. Later for analysis we 117 

excluded trials in which sampling was longer than one sniff cycle. Rats were rewarded for going to the 118 

left reward port for the four ‘high’ concentrations and the right port for the four ‘low’ concentrations. 119 

Trials on which the animals did not stay in the odor port at least 50 ms or didn’t access the reward port 120 

were not rewarded or analyzed further. Failures to seek reward made up less than 1% of all trials. For 121 

each trial, behavioral choice (left or right), odor sampling time, sniffing pressure and response time were 122 

recorded. Odor sampling time was counted as the duration of time the rat spent in the odor port. After 123 

each trial, a three second inter-trial-interval was enforced. 124 

Electrophysiological experiments 125 

Experiments. The analysis presented in this manuscript was performed with electrophysiological data 126 

obtained in the experiments described in previous publications (Shusterman et al., 2011; Sirotin et al., 127 

2015). 128 

Animals. Electrophysiological data were collected in ten male C57BL/6J mice and three male OMP-129 

ChannelRhodopsin-YFP heterozygous mice that have a targeted insertion in the OMP locus (Smear et al., 130 

2011). All mice had at least one normal copy of OMP. No differences were observed between these two 131 

groups of mice. Subjects were 6–8 weeks old at the beginning of behavioral training and were maintained 132 

on a 12 h light/dark cycle (lights on at 8:00 P.M.) in isolated cages in a temperature- and humidity-133 

controlled animal facility. All animal care and electrophysiological procedures were in strict accordance 134 

with a protocol approved by the Janelia Farm Research Campus Institutional Animal Care and Use 135 

Committee.  136 

Electrophysiology. Mitral/tufted cell spiking activity was recorded using 16 or 32 channel Silicon probes 137 

(NeuroNexus, model: a2x2-tet-3mm-150-150-312 (F16), a4x8-5mm 150-200-312 (F32)) or using a 138 

home-made microdrive with 16 individually adjustable 3 MOhm PtIr electrodes (MicroProbes, MD, 139 

USA). Cells were recorded from both ventral and dorsal mitral cell layers. MT cells were identified based 140 

on criteria established previously (Rinberg et al., 2006). The data was acquired using a 32 channel 141 

Cheetah Digital Lynx data acquisition system (Neuralynx, Tucson, AZ) with opened band-pass filters (0.1 142 

- 9000 Hz) at 32.556 kHz sampling frequency. 143 
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Sniff monitoring. Sniff signals were monitored via a thin, stainless cannula (Small Parts capillary tubing, 144 

Ga 22-23) implanted in the nasal cavity.  In between experimental recordings, the cannula was capped 145 

with a dummy plug. We used polyethylene tubing (801000, A-M systems) to connect the cannula to a 146 

pressure sensor (MPX5050, Freescale Semiconductor or 24PCEFJ6G, Honeywell). The signal from the 147 

pressure sensor was amplified with a homemade preamplifier circuit and was recorded in parallel with 148 

electrophysiological data on one of the analog data acquisition channels. 149 

Surgery. Mice were anesthetized and implanted with a head fixation bar, pressure cannula, and 150 

Microdrive with mounted Silicon probe. For the sniffing cannula implantation, a small hole was drilled in 151 

the nasal bone, into which the cannula was inserted and fastened with glue and stabilized with dental 152 

cement. For the electrode chamber implantation, a small craniotomy (~1mm2) was drilled above the 153 

olfactory bulb (contralateral to the sniffing cannula position) and dura mater was removed. The Silicon 154 

probe was inserted, and then the electrode chamber was fixed by dental cement to the skull, posterior to 155 

the olfactory bulb. A reference electrode (75 um PtIr PFA-insulated wire, A-M Systems) was implanted 156 

in cerebellum. A mouse was given at least 5 days after a surgery for recovery. 157 

Odor delivery. We used multiple odorants obtained from Sigma-Aldrich. The odorants were stored in 158 

liquid phase (diluted 1:5 in mineral oil) in dark vials. The odorant concentration delivered to the animal 159 

was additionally reduced tenfold by air dilution. Odorants used in the study are: acetophenone, amyl 160 

acetate, behzaldehyde, butyric acid, decanol, ethyl acetate, ethyl tiglate, 1-hexanol, hexanoic acid, 161 

hexanal, 2-hexanone, hexyl acetate, R-limonene, isopropyl tiglate, methyl benzoate, methyl salicylate, 1-162 

octanol, 2-undecanone.  163 

For stimulus delivery we used a 9-odor air dilution olfactometer. To prepare different concentrations, air 164 

flow through the selected odor vial was mixed with clean air in a variable ratio configured electronically 165 

on each trial by mass flow controllers (Bronkhorst or Alicat Scientific). The air flow through each odor 166 

vial could vary between 10 ml/min to 100 ml/min. This odorized air was mixed with a 990 ml/min to 900 167 

ml/min clean air carrier stream, so that total flow coming out of olfactometer is always 1L/min. A steady 168 

stream of 1 L/min of clean air was flowing to the odor port all the time except during stimulus delivery. 169 

After an odor stimulus was prepared, a final valve (Dual 3-Way Shuttle Valve SH360T042, NResearch) 170 

delivered the odor flow to the odor port and diverted the clean airflow to the exhaust. All flows and line 171 

impedances were tuned to minimize the pressure shock due to line switching and minimize the time of 172 

odor concentration stabilization after opening the final valve. The temporal odor concentration profile was 173 

checked by mini PID (200B, Aurora Scientific). The concentration reached a steady state 25-40 ms after 174 

final valve opening.  175 
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Stimulation protocol. After recovery from surgery, the animal was placed in the head fixation setup. First 176 

2 short sessions were used to adapt the animals to head fixation in the setup.  After habituation, we began 177 

recording sessions. In each trial, one out of 2-10 odors was delivered in pseudo-random sequence with an 178 

average inter-stimulus interval of 7 sec. Odor delivery was triggered by the offset of inhalation. Since 179 

odor can’t enter the nose during exhalation phase, the duration of exhalation interval allowed enough time 180 

for the odor stimulus to reach a steady state of concentration by the time the animal begins next 181 

inhalation.  Each session usually contained 300 - 600 trials and lasted for 45-90 min.  182 

Statistical table 183 

 
Data structure Type of test Power 

 Fitted data, non-
normal 

Wilcoxon signed 
rank test p=0.77 

 Fitted data, non-
normal 

Wilcoxon signed 
rank test p=0.18 

spike count differences for fast 
and slow sniffs 

Fitted data, non-
normal 

Wilcoxon signed 
rank test p=0.43 

difference in response amplitudes 
A 

Fitted data, non-
normal 

Wilcoxon signed 
rank test p=0.013 

difference in response latencies  Fitted data, non-
normal 

Wilcoxon signed 
rank test p = 0.007 

latency differences   

as function of latency  
Fitted data, non-
normal Linear regression 

slope=0.36+/-0.11,  

intercept=-22.6+/-11.2  

Pairwise model comparisons Normal 
distribution 

Wilcoxon signed 
rank test on Log-
likelihoods 

FD vs. time comparison p=5.7e-19; FD 
vs. phase comparison, p=9.5e-04; FD 
vs. two interval phase comparison, 
p=9.9e-03;  

FD vs. inhalation proportional 
comparison, p=3.5e-02 

Code Accessibility 184 

Our code for model comparison is freely available as a GitHub repository: 185 

https://github.com/RomaShust/ModelComparisson. Step-by-step tutorial for executing our code is 186 

available on GitHub. 187 

Data analysis 188 

All analysis was done in Matlab (Mathworks Natick, MA).  189 
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Psychometric functions. Psychometric curves were fitted to behavioral data using maximum likelihood 190 

(Wichmann 2001). The fitted psychometric function  had the following form: 191 

 (1) 

 (2) 

where  is the odor concentration,  is the categorical boundary,  is the noise, and  is the guess rate. 192 

Goodness of fit was assessed using deviance, computed as the log likelihood ratio between the fitted and 193 

the saturated models (Wichmann and Hill, 2001a). Confidence intervals of the parameters were estimated 194 

by the bootstrap method based on 250 repetitions (Wichmann and Hill, 2001b). 195 

Spike extraction.  Acquired electrophysiological data were filtered and spike sorted. For spike sorting we 196 

used the M-Clust program (MClust-3.5, A. D. Redish et al) and a software package written by Alex 197 

Koulakov.  198 

Odor responses. We compared the distributions of the neuronal activity with and without odors. 199 

Distribution without stimulus was sampled from 5 sniffs preceding the odor delivery across trials 200 

(approximately 1500-2000 sniffs for each session). For all neurons, we determined the distribution of 201 

spikes for each stimulus on the first sniff after stimulus onset. To establish if a cell responded to particular 202 

odorant, we tested whether the cumulative distribution of spike counts differed significantly between 203 

background and stimulus distributions (Kolmogorov-Smirnov test, p-value 0.05). The cumulative 204 

distributions were calculated using spike times binned at 1 ms. The response was considered 205 

excitatory/inhibitory if the first deviation from the background distribution was positive/negative. 206 

Fitting FD model. To apply fluid dynamics model to MT cells responses, for each trial i we align all spike 207 

trains to a specific time moments during inhalation interval, , defined by the condition (Fig. 4A): 208 

       (3) 209 

In this equation, L is an effective distance between a nostril opening and the location of OSNs, activation 210 

of which lead to a given MT cell response. L is unknown, but we assume it to be identical for all sniffs for 211 

a given cell-odor trials.  is an averaged across nostril cross-section air velocity at trial i, which we 212 

assume to be proportional to a pressure signal measured in the experiment: . During faster 213 

sniff cycles, it takes less time  for odor molecules to pass the same distance L.  214 

Under these assumptions, we are searching for L, which minimizes the neural response variability. As we 215 

do not know the value of the coefficient , we perform a search in normalized distance variables, so that a 216 
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maximal distance travelled by odor molecules during the whole inhalation (tinh) averaged across all trials 217 

is equal to 1: . Here  means averaging across all trials, 218 

       (4) 219 

    (5) 220 

Thus, the relationship between , , and  is as follows: 221 

       (6) 222 

where 223 

      (7) 224 

We first used equation (7) to estimate , and normalize all pressure traces (Fig. 4B, C). Then, for a 225 

fixed , at a given trial, we estimate fluid dynamic delay time, , using equation (6), and shift spiking 226 

activity for a time interval , where  is an average fluid dynamic delay across all trials 227 

(Fig. 4C, D, and Extended data Figure 4-1). Using shifted trials, we estimate peri-stimulus time histogram 228 

(PSTH) and an average log-likelihood of individual spike trains fit by an average PSTH on the held out 229 

data. We varied  between 0 and 1, with a step size of 0.05. Estimation of opt that provides the best fit, 230 

was assessed by a polynomial fit of the second order to the dependence of log-likelihood on . We 231 

assumed that the best fit corresponded to minimal neuronal variability due to the sniff waveform signal. 232 

Model comparison. To fit each model, we transform the spike trains  in individual trial according to 233 

that model's alignment rule (Fig. 5A, Extended data Figure 5-1): 234 

      (8) 235 

where  is the sniff waveform in trial and T is an alignment rule. Then we calculated PSTHs of 236 

transformed spike trains:  237 

      (9) 238 

To evaluate the goodness of fit of different models, we evaluate their average log-likelihood in held out 239 

sniff cycles (test set). To this end, we first inversely transform each model’s PSTH according to the 240 

duration parameters (inhalation and the remaining part) of a given sniff cycle  in the test set using 241 

interpolation:  242 

       (10) 243 
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We then evaluate the Poisson process log-likelihood, given the inversely transformed PSTH, for the spike 244 

train during that sniff cycle (Extended data Fig. 4B, D): 245 

P     (11) 246 

Finally, for each model we average the calculated single-sniff log-likelihoods over all sniffs to obtain that 247 

model’s average log-likelihood. We performed this analysis on 192 excitatory responses each consisting 248 

of at least 30 trials per response. 249 

Odor concentrations classification analysis. For each concentration, we calculate PSTHs in real time and 250 

after FD alignment using the methods described in the Model comparison section above. For each 251 

alignment type, we discriminate between low and high concentrations using a likelihood ratio test. To this 252 

end, for each concentration, we evaluate the log-likelihood of a randomly drawn single trial spike train 253 

given the inversely transformed PSTH for that concentration. Repeating this procedure 300 times, we 254 

calculate the probability that the log-likelihood given the PSTH of the correct concentration is larger than 255 

log-likelihood given the PSTH of the other concentration. This yields a measure of discrimination success 256 

rate. 257 

Results 258 

Odor concentration perception does not depend on sniff duration 259 

To test whether odor intensity perception depends on sniff duration, we trained rats to classify odor 260 

concentrations in a two-alternative choice task (Fig. 1A, B). On each trial, we presented randomly one of 261 

eight odor concentrations. Rats were trained to go to the left water port for four higher concentrations and 262 

to go to the right water port for the four lower concentrations (Fig. 1A). Rats performed on average about 263 

700-800 trials per session which results in ~80-100 trials per each concentration. We estimated behavioral 264 

performance using psychometric functions (Fig. 1C) with three parameters:  - the decision boundary 265 

between high and low concentrations;  - the curve slope, which corresponds to odor concentration 266 

discriminability (sensitivity); and  - lapse rate, the percentage of trials on which the animal guessed the 267 

answer (Eqs 1-2, Wichmann and Hill, 2001a).  268 

At the first sniff after odor exposure, rats exhibited a broad range of sniff durations (across all rats: 269 

median: 143 ms, range: 74-441 ms) (Fig. 1D, inserts). To quantify the dependence of animal performance 270 

on sniff duration we split all trials into two groups: with fast/slow sniffs (sniff duration was shorter/longer 271 

than the median sniff duration for a given rat). We fit psychometric functions independently for each 272 

group of trials (Fig. 1D). The differences between groups for the decision boundaries 273 

 sensitivities , and lapse rates  did not statistically differ 274 
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from zero ( : p=0.77, : p=0.18 : p=0.36, Wilcoxon signed rank test). These results suggest that 275 

neither concentration sensitivity,  nor biases in perceived concentration, , depend on the sniff duration. 276 

Therefore, behavioral performance in this concentration discrimination task does not depend on sniff 277 

duration. The accompanying study yielded identical results on mice (Jordan et. al. 2018) 278 

Odor responses vary with sniff duration 279 

To investigate which features of neural code are invariant to variations in sniff pattern, we exploited the 280 

natural variability in the sniffing pattern of awake animals. We recorded MT cell responses (13 mice, 200 281 

cells) to different odorants and different concentrations of the same odor in head-restrained mice (Fig. 2A 282 

and Methods). Sniffing was monitored via an intranasal pressure cannula (Fig. 2A). Responses of each 283 

MT cell were recorded typically to 5-10 odorants, making in total 1409 cell-odor pairs. Out of 200 MT 284 

cells, 134 cells were recorded in sessions with a presentation of multiple odor concentrations (548 unit–285 

odor–concentration triplets). Out of all responses, 28% demonstrated initially excitatory activity and 28% 286 

initially inhibitory (Fig. 2B) (see Methods). 287 

To visualize MT cell odor response dependence on sniff duration, we aligned responses by the beginning 288 

of the first inhalation after the onset of odor presentation. Trials in the raster plots were ordered by the 289 

duration of the first odorized sniff cycle. These raster plots reveal the clear dependence of MT cell 290 

responses on sniff frequency (Fig. 2D). While earlier temporal features of MT response are preserved 291 

across different sniff durations, the later features are often absent on trials with short sniff cycles (Fig. 292 

2D). Thus, the temporal pattern across the full sniff cycle depends on the sniff duration.  293 

Amplitude and latency of the response but not spike count depend on sniff duration 294 

Visual inspection of the raster plots (Fig. 2D) suggests that responses during the early part of the sniff 295 

cycle are more similar for fast and slow sniffs than the later part. To quantify this observation, we 296 

estimated the distribution of sniff durations for all mice and all sessions and divided the sniffs into two 297 

groups, fast sniff trials with the sniff duration in the left third of the distribution, and slow - in the right 298 

two thirds of the distribution (Fig. 2C). The boundary between these groups was 221 ms. (see Methods, 299 

Fig. 2C). MT cell activity during short and long sniff cycles was averaged separately (Fig. 2D). MT cell 300 

responses during slow sniff cycles contain on average 2.3 times more spikes than responses during fast 301 

sniff cycles. However, the average spike count during the first 221 ms remains almost the same (Fig.3A). 302 

The distribution of the spike count differences for fast and slow sniffs for all cell-odor pairs is centered 303 

around zero (Fig. 3A, insert, p = 0.43, Wilcoxon signed rank test). Thus, spike count over this early time 304 

window is invariant to changes in sniff frequency.  305 
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Integration of spiking activity over a long time widow (~200 ms) may not serve as an informative cue for 306 

many odor driven behavioral decisions, which are often relatively fast (Resulaj and Rinberg, 2015; 307 

Wilson et al., 2017). Thus, we looked into finer features of MT cell responses, such as the amplitude of 308 

the response, which is a combined characteristic of instantaneous firing rate and spike timing precision, 309 

and the latency of the response (Fig. 2D). We calculated these parameters for fast and slow sniffs 310 

separately. We present the data for individual cell-odor pairs as scatter plots of peak amplitudes (Fig. 3B) 311 

and peak latencies (Fig. 3C) for fast and slow sniffs. The response amplitude is slightly lower for slow 312 

sniffs than that for fast sniffs (Fig.3B, insert, A=5.7 Hz, p = 0.013, Wilcoxon signed rank test). The 313 

response latencies also differ between fast and slow sniffs – fast sniff latencies are slightly shorter that 314 

those of slow sniffs (Fig. 3C, insert,  =10.4 ms, p = 0.007, Wilcoxon signed rank test; see also (Jordan 315 

et. al. 2018)). Further analysis of the response latencies showed that latency differences  between slow 316 

and fast sniffs increases with latency (Fig. 3D, regression parameters: slope=0.36+/-0.11, intercept=-317 

22.6+/-11.2). Thus, fine temporal features of the odor response vary with the sniff duration.  318 

How significant are these sniff duration-dependent differences in response latency and peak amplitude? 319 

To answer this question, we compare the time and amplitude changes due to sniff variability to those due 320 

to concentration changes. Based on our previous work (Sirotin et al., 2015), a time difference of  ≈10 321 

ms corresponds to a 3-fold concentration change, and an amplitude difference of A≈6 Hz corresponds to 322 

a 2-fold concentration change. So, the temporal features of MT cell responses vary with sniff duration as 323 

much as they vary for 2-3 fold concentration differences.  324 

These observations raise two questions. First, what is the mechanism responsible for the sniff waveform 325 

dependent variability? And second, is there a representation of the odor response which is invariant to the 326 

sniff duration? These two questions are related: defining the mechanism will allow us to find a better 327 

representation, and vice versa: finding a better representation will help reveal the mechanism. To address 328 

these questions, we formulate a simple model based on the fluid dynamics of odor propagation in the 329 

nasal cavity which may explain the sniff dependent variability. We then compare our model with the 330 

previously proposed representations described above. For quantitative comparison, we propose a metric 331 

of how well these representations reduce sniff waveform related odor response variability. Lastly, we 332 

discuss the applicability of such transformations for analysis of olfactory coding. 333 

Fluid dynamic model 334 

We observed that faster sniffs evoke earlier odor responses with higher amplitude. Also, on average, 335 

faster sniffs have larger pressure amplitude changes (Extended data Fig. 3-1; Walker et al., 1997; 336 

Youngentob et al., 1987). We assume that the pressure measured via cannula is a good proxy of the air 337 
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velocity inside the nasal cavity. Given this assumption, we propose a fluid dynamics-based model which 338 

can explain the dependence of response latency on a sniff waveform.  339 

Let’s assume that response latency, , of a MT cell odor response consists of two terms: first is a fluid 340 

dynamic term that depends on the sniff waveform,  where,  is an averaged across nostril 341 

cross-section instantaneous  air velocity waveform, and square brackets symbolize the dependence on the 342 

whole waveform function, rather than instantaneous values. Here, for simplicity, we ignore non-uniform 343 

distribution of air velocity. Second term, is the delay due to neural processing which may depend on 344 

the odor and a specific MT cell, but is independent of the sniff waveform: 345 

     (1) 346 

To model the dependence of  on the sniff waveform, we propose that odor is carried into the nose by an 347 

air flux with time-dependent velocity  (Fig. 4A). Suppose, the receptors are located at an approximate 348 

distance L from the nasal opening. Then the relationship between air velocity  and distance L is 349 

following: 350 

       (2) 351 

In our model, L does not depend on the sniff waveform, and the velocity is proportional to the measured 352 

pressure:  (Zwicker et al., 2018). The pressure changes due to the air flow have two main 353 

terms, the first one is due to the viscosity of the air is a narrow tube, i.e, it is a drag term which is 354 

proportional to the air velocity. The second is fluid dynamics Bernoulli term which is proportional to 355 

velocity square:  (  is air density ~ 1,2 kg/m3). Typical peak velocity during inhalation is ~1 356 

m/s, which corresponds to ~ 1 Pa pressure difference. This is significantly smaller than the peak pressure 357 

deviation measured in our system ~ 50 Pa. We consider that we can neglect non-linear velocity 358 

dependencies. Under these conditions, during faster sniff cycles, air velocity is higher, therefore it takes 359 

less time  to odor molecules to pass the same distance L. While L is unknown we can treat it as a model 360 

parameter which is estimated by minimizing neural response variability. The detailed procedure is shown 361 

in Figure 4B, C and in Methods.  Briefly, for a given fraction,  of normalized length, ( ), and for 362 

each sniff , we find the fluid dynamic time, . Then we estimate an average fluid dynamic delay  363 

across all trials and shift spiking activity during trial  by a time interval . We repeat this 364 

procedure for different s between 0 and 1. Then, using log-likelihood estimation, we find the value of  365 

that minimizes trial-by-trial variability of the neural response. The transformation of spike trains for 366 

different values of  is shown in Fig. 4D for one cell-odor pair (also see Extended data Fig. 4-1). On 367 

average, the best transformation of odor responses is achieved for =0.3 (Extended data Fig. 4-2).  368 
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This model-based procedure reduces odor response variability compared to an original representation in 369 

time relative to the onset of inhalation, which corresponds to =0. In sensory systems, neuronal responses 370 

are often tightly locked to the time of stimulus presentation (Richmond et al., 1990). In olfaction, this 371 

time may be the moment when odor concentration crosses a receptor’s threshold. This timing varies with 372 

the sniff pattern. Although our model is oversimplified, it may allow us to remove the influence of 373 

sniffing on spike pattern and better understand sniff invariant odor processing. Next, we perform model-374 

based comparison of different representations to find a transformation that best describes sniff invariant 375 

odor representation.    376 

Model comparison 377 

To infer the best sniff invariant odor representation, we apply different models to transform individual 378 

spike trains based on the corresponding waveforms and estimate an average odor response. The optimal 379 

transformation should minimize trial to trial response variability. Using maximum likelihood estimation 380 

(MLE), we evaluate which of the average responses better fits experimental data (see Methods). We 381 

consider the following spike time transformations, most of which were previously discussed in the 382 

literature, while the last one is proposed here (Fig. 5A): 383 

1. Time model. Spike times aligned to onset of inhalation, with no further transformation.  384 

2. Phase model. Spike times relative to onset of inhalation are scaled proportionally to the duration of the 385 

whole sniff cycle. 386 

3. Two-interval phase model. The sniff cycle is split into the inhalation interval and the rest of the cycle. 387 

Spike times during the inhalation interval are scaled proportionally to the duration of the inhalation, while 388 

spikes times occurring in the rest of the sniff cycle are scaled proportionally to the duration of that 389 

interval (Shusterman et al., 2011). 390 

4. Inhalation proportional model. Spike times during the whole sniff cycle are scaled proportionally to 391 

the duration of the inhalation (Arneodo et al., 2017). 392 

5. Fluid dynamics-based model. Spike times are shifted by a specific value determined by the sniff 393 

waveform integral in that trial (see Fig. 4). Note that only this model has an additional adjustable 394 

parameter, optimization of this parameter was done using the same MLE procedure.  395 

An example of transformation for all 5 models of two cell-odor responses is shown in Fig. 5A. To fit each 396 

model, we transform the spike trains in individual trials according to that model's alignment rule (Fig. 5A) 397 

and calculate PSTHs using the transformed spike trains (Extended data Fig. 5-1). To evaluate the 398 

goodness of fit of different models, we evaluate their average log-likelihood in held out sniff cycles. To 399 

this end, we first inversely transform each model’s PSTH according to the duration parameters of a given 400 
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sniff cycle using interpolation. We then evaluate the Poisson process log-likelihood, given the inversely 401 

transformed PSTH, for the spike train during that sniff cycle (Fig. 5B). Finally, we average the calculated 402 

single-sniff log-likelihoods for a model over all sniffs to obtain that model’s average log-likelihood. We 403 

performed this analysis on 192 excitatory responses each consisting of at least 30 trials per response. On 404 

average, the FD model better predicted the time course of instantaneous firing rates than any of the other 405 

models (Fig. 5B, see Methods for details). Pairwise comparisons were done using the Wilcoxon signed 406 

rank test on population log-likelihoods (FD vs. time comparison, p=5.7e-19; FD vs. phase comparison, 407 

p=9.5e-04; FD vs. two interval phase comparison, p=9.9e-03; FD vs. inhalation proportional comparison, 408 

p=3.5e-02). Since the FD model has an extra fitting parameter, we tested models performances on held 409 

out data to ensure that better performance is not trivial consequence of over-fitting. Among other models 410 

the best is two-interval phase model, which we used previously in our studies to discover higher temporal 411 

precision of odor responses (Shusterman et al., 2011). The difference between two-interval phase and 412 

inhalation proportional models is insignificant (p=0.12), and may be different for different data sets 413 

(Arneodo et al., 2017).  414 

Decoding of odor concentration in FD transformation is better than in real time 415 

If a model based transformation of spike trains reduces sniff waveform related variability, then stimulus 416 

decoding using that transformation should be improved. Response profiles of the same cell across 417 

odorants are highly diverse (Shusterman et al., 2011). Therefore, odor identity can be decoded with high 418 

success rate irrespective of how or whether they are transformed (Bathellier et al., 2008; Cury and 419 

Uchida, 2010; Shusterman et al., 2011). In contrast, the type of transformation should play a more 420 

significant role in decoding odor concentration, which is encoded mainly by the fine temporal structure of 421 

spike trains (Bolding and Franks, 2017).  As we pointed out above, sniff waveform-related variability is 422 

similar to a 2 to 3-fold uncertainty in concentration estimation. To test if the FD alignment allows for 423 

better decoding of odor concentration than time alignment, we evaluated the accuracy with which 424 

responses of MT cells to two odor concentrations (Fig. 6A, B) can be discriminated in each alignment, on 425 

a trial-by-trial basis (See Methods). We performed this analysis on 93 cell-odor-concentration triplets. On 426 

average, discrimination success rate between odor concentrations is better after FD transformation than in 427 

time coordinates: 70.2% vs 78.3% (t-test, p = 8e-03; Fig. 6C).  428 

Discussion 429 

Sensory systems must extract accurate representations of the outside world despite variability in sampling 430 

behavior. We studied whether odor representation is invariant to changes in sampling frequency. We 431 

found that behavioral performance in an odor concentration discrimination task does not depend on sniff 432 

frequency, suggesting that odor representations are indeed sniff frequency invariant. To identify neural 433 
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signatures of this invariance, we studied responses of MT cells to different odors and concentrations. The 434 

amplitude and the latency of MT cells’ responses varied systematically with sniff duration. We proposed 435 

a FD model that explains this response variability and provides the best description of the odor responses. 436 

Further, transforming odor responses based on the FD model makes the responses invariant to sniff 437 

waveform variability, and allows much more accurate concentration discrimination. 438 

Strengths and limitations of proposed fluid dynamic based model  439 

We propose a very simple fluid dynamics model for odor propagation in the nose. Although nasal cavities 440 

have complex geometries, the airflow within them is predominantly laminar and thus can be 441 

approximated using simple models (Zwicker et al., 2018). Obviously, our simple model does not capture 442 

all the subtleties of odor propagation, however, it does provide a reasonable explanation for the observed 443 

variability in sniff waveforms which contribute to variability in MT cell odor responses. Importantly, the 444 

FD model proposes that variability in the latency of M/T cells activation is due to flow dynamics in the 445 

nasal cavity. Therefore, no top-down processes such as behavioral state or motor efference copy should 446 

affect alignment. Moreover, we believe that the FD model will be equally valid for other species. A few 447 

questions remain to be discussed: What are the limitations of our simple model? Is it compatible with our 448 

results on the concentration dependence of the odor responses? Lastly, given a proposed model of odor 449 

delivery to the receptors, how does coding of odor identity and concentration work? 450 

According to our FD model, the front of odor-laden air propagates in the nose with a velocity which 451 

increases and then decreases during an inhalation, approximately proportional to nasal cavity pressure 452 

(Fig. 7A). In a simple version of this model, the propagating front has a sharp boundary, such that odor 453 

concentration at the receptors’ location will rise as a step function (Fig. 7B). In reality, the front boundary 454 

is not sharp (Nachbar and Morton, 1981). Rather, it spreads as the front propagates along the nasal cavity 455 

(Fig. 7C). There are few factors which contribute to this effect: 1) Due to friction or air viscosity, flow 456 

close to the edge of the channel moves more slowly than flow near the center of the channel; 2) Due to 457 

adsorption by respiratory and olfactory epithelium, odorant concentration decreases along the way. 458 

Adsorption depends strongly on the physical-chemical properties of an odorant and may significantly 459 

differ for hydrophobic and hydrophilic molecules. Thus, concentration increases gradually in any given 460 

location of the epithelium (Fig. 7C). In addition, receptors of the same type are not localized to one point, 461 

but rather are spread through the epithelium, which slows the effective concentration rise even further. In 462 

future work, these effects can be modeled or simulated. At present, our FD model provides a simple 463 

explanation of how odor propagation in the nose causes MT cell responses to vary with sniff waveform. 464 

The next important step in our model is to define how OSN signals are triggered and conveyed to the OB.  465 

Most simply, we may assume that OSNs spike when the concentration of a ligand reaches some threshold 466 
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level. Under this assumption, in the case of sharp boundary waveform propagation (Fig. 7B), no matter 467 

what the external odorant concentration is, the ligands will arrive at the receptor location at the same time. 468 

Therefore, time of activation of OSNs and downstream MT cells will be concentration independent. 469 

However, if ligand concentration at the epithelium gradually increases (Fig 7C), higher stimulus 470 

concentrations will activate OSNs earlier relative to the sniff cycle (Fig. 7E) which is consistent with our 471 

previous observations (Sirotin et al., 2015). Thus, the qualitative extension of FD model predicts that the 472 

latency of OSN activations and following MT cell responses will be shorter for higher stimulus 473 

concentration, which will manifest in a smaller effective distance, . Based on our measurements of the 474 

responses of the same cell to the same odor with different concentrations, at higher concentration  is 475 

smaller than that for low concentration (Extended data Fig. 7-1).  476 

Coding of odor identity and odor concentration 477 

Given the FD model, how might odor coding work? MT cells in the OB are the first recipients of sensory 478 

information from the OSNs and the only cells that project their axons outside the bulb to olfactory 479 

cortices (OCs). The information that OCs receive about odor stimuli is a sequence of MT cell activations 480 

(Hopfield, 1995; Margrie and Schaefer, 2003; Schaefer and Margrie, 2007; Shusterman et al., 2011; 481 

Wilson et al., 2017). This code can be read based on synchrony between multiple simultaneously 482 

activated MT cells (Bolding and Franks, 2017; 2017b; Franks and Isaacson, 2006; Haddad et al., 2013; 483 

Sanders et al., 2014). During a given 10 ms time window in the sniffing cycle, hundreds of MT cells can 484 

be activated simultaneously in response to an odor (Shusterman et al., 2011). The anatomical finding that 485 

MT cells from multiple glomeruli converge to one pyramidal cell in the cortex (Miyamichi et al., 2011), 486 

and electrophysiological recordings demonstrating that pyramidal cells integration time window is ~10 487 

ms (Davison and Ehlers, 2011; Poo and Isaacson, 2009), as well as work in anesthetized animals on 488 

sensitivity of cortical neurons to timing of MT cells activation (Haddad et al., 2013), are consistent with a 489 

synchrony-based model of reading the MT cells’ code.  490 

The recently-proposed primacy coding hypothesis (Bolding and Franks, 2017; Wilson et al., 2017), states 491 

that identity-carrying responses occur during an early and narrow time window after inhalation onset. 492 

This coding scheme is robust to sniff waveform variability, because the earliest-activated OSNs and 493 

following MT cell responses would remain the same for different sniff durations and are subject to less 494 

variability (Figs. 2 and 3). 495 

How is odor concentration encoded? Both sniff waveform and odor concentration affect OSN activation 496 

latencies. The sniff waveform regulates the speed of odor propagation, which affects the onset, and 497 

steepness of the concentration profile (Fig. 7D). Concentration changes will only affect the steepness 498 

(Fig. 7E). An earlier or steeper rise of odor concentration, whatever its cause, will compress the timing of 499 
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odor responses, as well as shift them earlier in the sniff cycle. Nevertheless, concentration judgments 500 

maintain constancy despite varying sniff parameters (Fig 1); (R. Teghtsoonian and M. Teghtsoonian, 501 

1984). How might the olfactory system achieve this perceptual constancy? One possibility is that the 502 

olfactory system has access to the sniff waveform parameters. This idea is supported by the 503 

accompanying study (Jordan et. al.) and by the finding that mice can report the latency of OSN activation 504 

relative to inhalation (Smear et al., 2011). To generate a sniff representation, the mouse may use 505 

reafference, as many OSNs are mechanosensitive (Grosmaitre et al., 2007), and could therefore sense 506 

airflow in the nose. Another possible mechanism for representation of the sniff waveform is through 507 

efference copy, although we are aware of no evidence to support this claim, nor is there a candidate 508 

anatomical pathway between breathing centers and the olfactory system, to our knowledge. However, it 509 

also remains possible that the animal does not use timing information. Higher odor concentration leads to 510 

larger number of activated OSNs (Rubin and Katz, 1999; Stewart et al., 1979). There are multiple 511 

normalization mechanisms in the OB (Cleland et al., 2011), though it does not preclude existence of 512 

channels transmitting overall level of activation. However, the latter mechanism probably requires 513 

accumulating signals during longer time period, which is not well supported by behavioral data (Resulaj 514 

and Rinberg, 2015; Wesson et al., 2008; Wilson et al., 2017). Another possibility for concentration 515 

encoding may arise from the fact that based on our arguments beyond a simple FD model, the 516 

concentration increase may evoke a stronger temporal compression of the spike trains, then that evoked 517 

by faster sniffing (Fig. 7E). This will in turn increase the level of synchrony, which has been observed in 518 

cortical recordings (Bolding and Franks, 2017). Quite possibly all of the above mechanisms participate in 519 

multiplexed transmission of the information about concentration. Future work will be required to dissect 520 

and define their contributions.   521 
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Figure 1. Behavioral discrimination of odor concentrations is sniff frequency invariant. 638 

A. Two-alternative choice odor discrimination task. Rats initiate trials by poking into an odor 639 

port (OP), which activates presentation of 1 out of 8 odor concentrations. After being exposed to 640 

one of 4 low/high concentrations, rats are rewarded for poking into right/left water port (WP). 641 

Light brown bars above the water ports represent the different concentrations the rat must 642 

discriminate. B. Task trial structure and pressure signal. Downward and upward deflections of 643 

the pressure signal reflect inhalation and exhalation, respectively. Light brown shading marks 644 

odor presentation time interval. C. Average concentration classification performance (n = 4 rats). 645 

Error bars denote standard deviations across all sessions for all rats. The continuous line is an 646 

error function fit to the data. D. Example performance during a single session for fast (black) and 647 

slow (red) sniff cycles. Each point denotes probability of going left (high concentration). Each 648 

inset is a sniff duration histogram for a given concentration. E. Differences in psychometric 649 

parameters between fast and slow sampling for decision boundary,  = fast - slow, and 650 

sensitivity,  = fast - slow: histograms for all sessions (top) and values for individual sessions 651 

(bottom). Lines are 95% confidence intervals assessed via bootstrap. Sessions from different 652 

animals are presented in alternating black and gray colors.   653 

 654 

Figure 2.  Differences in MT cell responses between fast and slow sniff cycles.  655 

A. Schematic of the experiment. A head-fixed mouse implanted with intranasal cannula and a 656 

multi-electrode chamber was positioned in front of the odor delivery port. Left, pressure 657 

waveform of a typical breathing cycle. Red dots indicate the inhalation onsets and offsets. The 658 

blue line is the parabolic fit to the first minimum after the inhalation onset. The sniff offset was 659 

defined as the second zero crossing of the parabolic fit. The gray shaded area marks the 660 

inhalation interval. B. Distribution of different response types observed in the data. Next to the 661 
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pie chart are examples of initially excitatory (red) and initially inhibitory (blue) responses. Gray 662 

lines represent spontaneous activity. C. Sniff duration histogram for all mice averaged across 663 

multiple sessions for the 1st odorized sniff cycle. Sniffs are split into two groups: fast (< 221 ms; 664 

orange) and slow (> 221 ms; blue). D. Raster (top panels) and PSTH (bottom panels) plots of the 665 

first odorized sniff cycle for four MT cells in response to an odor stimulus. Trials in the raster 666 

plots are ordered bottom to top by the increase in the duration of sniff cycle. Gray line shows end 667 

of the sniff cycle. Raster plots and PSTHs for fast and slow sniffs are marked by orange and blue 668 

colors, respectively. Gray PSTHs are average spontaneous activity of MT cells during all 669 

unodorized sniffs. 670 

 671 

Figure 3. Comparison of response features for fast and slow sniff durations.  672 

A.B.C. Comparison scatter plots of average spike count during the first 221 ms (A), average 673 

peak amplitude (B), and average response latency (C) for fast vs slow sniff cycles. Each dot 674 

represents comparison for a single cell-odor pair. Diagonal plots are distributions of differences 675 

of corresponding values. Spike counts are statistically indistinguishable for slow and fast sniffs. 676 

On average, peak amplitudes are larger (p = 0.013; Wilcoxon signed rank test) and latencies are 677 

shorter (p = 0.007; Wilcoxon signed rank test)) for fast sniffs compared to slow sniffs. D. Shift in 678 

latency of responses between slow and fast sniffs as function of response latency. Red solid line 679 

is a linear regression fit to the data. Red dashed lines mark the limits of the 95% confidence 680 

interval (slope = 0.35). See also Extended Data Figure 3-1. 681 

 682 

Extended data Figure 3-1 supporting Figure 3.  Comparisons of sniffing parameters.  683 

A. Comparison scatter plot of inhalation duration vs. inhalation amplitude. B. Scatter plot of 684 

inhalation duration vs. sniff durations, for a single mouse. 685 
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 686 

Figure 4.  A fluid dynamics model explaining latency of MT cell activation 687 

A. Simple physical model of odor molecules delivery to the receptors. During inhalation, 688 

odorized air (yellow) is drawn into the nose with velocity u(t). The OSNs (green) are located at 689 

an average distance L from nasal opening. Air velocity is proportional to pressure measured via 690 

cannula u(t) ~ P(t). B. A schematic of pressure signal temporal profiles, P(t) for three 691 

representative sniff cycles. C. Integrals of pressure signals: . Left 692 

panel: a schematic distribution of values of integrals over the whole inhalation interval 693 

normalized to their mean value, . For a given value of an integral, for example, 694 

=0.5 in normalized coordinates, we estimate time points for which: , here 695 

 are normalized pressure traces. D. Raster plots of spiking data from a representative 696 

cell, aligned to different values of . Black line shows end of the inhalation. See also Extended 697 

Data Figures 4-1 and 4-2. 698 

 699 

Extended data Figure 4-1 supporting Figure 4. Examples of fluid dynamics model 700 

alignment. 701 

A. Example of sniff waveforms and corresponding integrals. Right panels: a histogram of 702 

distribution of integrals over an inhalation interval. B. Raster plots of the first odorized sniff 703 

cycle, aligned to five different values of  . Trials in the raster plots are ordered bottom to top by 704 

increasing inhalation duration. Black line shows end of the inhalation. C. Normalized log-705 

likelihood (LL) as function of fraction of inhaled volume. Red curve is a parabolic fit to estimate 706 

optimal  D.-F. same as A.-C. for different cell-odor pair. 707 

 708 
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Extended data Figure 4-2 supporting Figure 4. Distribution of the best  parameters.  709 

A histogram of distribution of s for different cell-odor pairs. 710 

 711 

Figure 5.  Model comparison of different alignment methods  712 

A. Left: Schematics of the effect of each of the transformation on sniff cycles. Right: raster plots 713 

of responses of two cell-odor pairs aligned according to each schematic. B. Log-likelihood of 714 

each model across the population of responses. Pairwise comparisons were done using the 715 

Wilcoxon signed rank test (FD vs. time comparison, p=5.7e-19; FD vs. phase comparison, 716 

p=9.5e-04; FD vs. two interval phase comparison, p=9.9e-03; FD vs. inhalation proportional 717 

comparison, p=3.5e-02). See also Extended Data Figure 5-1. 718 

 719 

Extended data Figure 5-1 supporting Figure 5.  Performance of different alignment models. 720 

A. and C. Raster plot of one cell-odor pair’s response, aligned according to different alignment 721 

models: Aligned by time (yellow); by phase, in which each sniff is warped to the average sniff 722 

duration (blue); two interval phase, in which each inhalation interval and the reminder of the 723 

sniff durations are equal to their average values (purple); inhalation proportional, in which 724 

inhalation is warped and the rest of the sniff is in real time coordinated (red); Fluid dynamic 725 

model, in which responses are aligned to the optimal effective length ( ) B. and D. Sniff 726 

waveforms,  instantaneous firing rate from a single trial, and reconstructed PSTH plots from 5 727 

models for 6 different sniff cycles.  728 

 729 

Figure 6. Discrimination among odor concentrations by MT cells in time vs. FD 730 

transformation. 731 
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A. B. Raster and PSTH plots of MT cell responses to high (blue) and low (red) odor 732 

concentrations in time and in FD transformation. C. Concentration discrimination performance 733 

across the population in time (yellow) and FD (green) alignments. Gray dots and lines show 734 

discrimination performance for odor concentration pairs from (A) and (B). The horizontal dashed 735 

line is chance level performance. 736 

 737 

Figure 7. Effect of sniff rate and odor concentration on spiking latency  738 

A. Top: Schematics of the fluid dynamics model. Same as in Fig. 4A. Bottom: schematic of the 739 

air velocity temporal profile in the nose during inhalation. B. Schematics of the odor 740 

concentration wave-fronts at different times from the beginning of inhalation in a simple model 741 

presented at A (top) and a correspondent temporal concentration profile at a specific point in the 742 

nasal cavity positioned at the distance L from the nasal cavity opening (bottom). C. More 743 

realistic case of odor molecules’ delivery to the receptors, in which friction and epithelial 744 

adsorption smear the odorized air front. Top: Propagation of an odorized air front inside the nasal 745 

cavity according to the model from (A). Bottom: rise time of odor concentration at the receptor 746 

location. D. Effects of increase in sniff frequency on spiking latency of MT cells. Top: air 747 

velocity profile during fast (green) and slow (red) inhalation. Center: Corresponding temporal 748 

profile of odor concentration at the receptor location. Bottom: MT cell spiking driven by 749 

corresponding OSNs which are activated at different concentration levels. E. Same as (D) for 750 

two different concentrations of the same odor. See also Extended Data Figure 7-1. 751 

 752 

Extended data Figure 7-1 supporting Figure 7. Differences in  between high and low 753 

concentrations. Differences in  between high and low concentrations (three-fold difference) for 754 

the same cell-odor pair. (Wilcoxon signed rank test, p=0.02) 755 
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