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Abstract

Within a single sniff, the mammalian olfactory system can decode the identity and
concentration of odorants wafted on turbulent plumes of air. Yet, it must do so
given access only to the noisy, dimensionally-reduced representation of the odor
world provided by olfactory receptor neurons. As a result, the olfactory system
must solve a compressed sensing problem, relying on the fact that only a handful
of the millions of possible odorants are present in a given scene. Inspired by this
principle, past works have proposed normative compressed sensing models for
olfactory decoding. However, these models have not captured the unique anatomy
and physiology of the olfactory bulb, nor have they shown that sensing can be
achieved within the 100-millisecond timescale of a single sniff. Here, we propose
a rate-based Poisson compressed sensing circuit model for the olfactory bulb. This
model maps onto the neuron classes of the olfactory bulb, and recapitulates salient
features of their connectivity and physiology. For circuit sizes comparable to the
human olfactory bulb, we show that this model can accurately detect tens of odors
within the timescale of a single sniff. We also show that this model can perform
Bayesian posterior sampling for accurate uncertainty estimation. Fast inference
is possible only if the geometry of the neural code is chosen to match receptor
properties, yielding a distributed neural code that is not axis-aligned to individual
odor identities. Our results illustrate how normative modeling can help us map
function onto specific neural circuits to generate new hypotheses.

1 Introduction

Sensory systems allow organisms to detect physical signals in their environments, enabling them to
maximize fitness by acting adaptively. This experience of the physical environment, also known as the
Umwelt, depends on the sensors and sensory organs of each organism [1, 2]. Throughout evolution,
organisms have developed specialized sensory mechanisms to extract specific information about the
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physical world. In vision and audition—the most studied sensory modalities in neuroscience—stimuli
are characterized by intuitive metrics such as orientation or frequency, which have been shown to
map onto neural representations from the earliest stages of the sensory systems [3—5]. One can
continuously vary the orientation of an object or the pitch of a tone and quantify resulting changes
in perception and neural representations. From a computational point of view, this structure in the
representations can be viewed as optimizing the information transfer in the network [6—16].

In contrast, the geometric structure of the olfactory world is far less clear: How can one ‘rotate’ a
smell? Despite significant effort, attempts to find such structure in olfactory stimuli and link that
geometry to maps in olfactory areas have succeeded only in identifying coarse principles for high-
level organization, far from the precision of orientation columns or tonotopy in visual and auditory
cortices [17—-19]. In the absence of geometric intuitions, the principles of compressed sensing (CS)
have emerged as an alternative paradigm for understanding olfactory coding [20—-27]. This framework
provides a partial answer to the question of how an organism could identify which of millions of
possible odorants are present given the activity of only a few hundred receptor types [28—33]. However,
existing CS circuit models do not admit convincing biologically-plausible implementations that can
perform fast inference at scale. Indeed, many proposals assume that the presence of each odorant
is represented by a single, specialized neuron, which is inconsistent with the distributed odor coding
observed in vivo [22, 34-36]. This axis-aligned coding does not leverage the geometric structure of
the sensory space, which can be defined even in the absence of interpretable dimensions [37—41].

In this paper, we propose a Poisson CS model for the mammalian olfactory bulb. Our primary
contributions are as follows:

* We derive a normative CS circuit model which can be mapped onto the circuits of the bulb (§3).
Importantly, this mapping goes beyond basic counting of cell types; it includes detailed biological
features like symmetric coupling and state-dependent inhibition (§4).

* We show that this model enables fast, accurate inference of odor identity in a biologically reasonable
regime where tens of odorants are present in a given scene (§5). This fast inference is enabled by
considering the geometry of the olfactory receptor code. This consideration leads to distributed
odor coding, resolving a major tension between previous CS circuit models and neural data.

* We extend our circuit model to allow Bayesian inference of uncertainty in odor concentrations (§6).

In total, our results demonstrate the importance of considering representational geometry when trying
to understand neural coding in the olfactory bulb (OB). Importantly, we show that it is the geometry
in the space defined by the receptor affinity (or OSN activation) that controls the speed of inference.
This view is distinct from previous geometric theories of olfaction, which have focused on the space
of odorants [42, 43]. We propose that thinking in terms of the geometry of OSN coding will allow for
deeper understanding of early olfactory processing.

2 Related work and review of the olfactory sensing problem

We begin with a review of the principles of olfactory coding, and of previous CS models for olfactory
circuits. The structural logic of early olfactory processing is broadly conserved across the animal
kingdom (Fig. 1A) [44—47], and this distinctive circuit structure is thought to play a key role in
the computational function of the olfactory bulb [48—50]. In mammals, volatile odorants are first
detected by olfactory receptor (ORs) proteins expressed on the surface of olfactory sensory neurons
(OSNs). Each OSN expresses only a single OR type; in humans there are around 300 distinct ORs, in
mice around 1000 [45]. Importantly, most ORs have broad affinity profiles, and the OSN code for
odor identity is combinatorial [51]. In contrast to the immune system’s highly adaptable chemical
recognition capabilities arising from somatic recombination [52], ORs are hard coded into the genome
as single genes [53], and therefore can only change over evolutionary timescales [54, 55]. Some
adaptation of expression levels across the receptors is possible [56], but the chemical affinity of the
receptor array is fixed. OSNs expressing the same OR then converge onto the same glomerulus,
synapsing onto the principal projection cells of the olfactory bulb (OB), the mitral and tufted cells.
These in turn send signals to olfactory cortical areas. The OB contains several types of inhibitory
interneurons, whose computational role remains to be clarified [49]. Importantly, the excitatory mitral
and tufted cells are not reciprocally connected across glomeruli. Instead, they are connected through
a network of inhibitory granule cells, the most numerous cell type in the OB [57].



Figure 1: Circuit architecture of the mammalian olfactory blbOutline of the anatomy of OB
circuits. B. Fit of the responses of 228 OSN glomerular responses to a panel of 32 odorants. (Gray
line, response of single glomeruli, Blue line, Fitted average response.) See Appendix F for details of
how these data were collected. Af nity matrix generated from the data-driven model ensemble.

For illustrative purposes, we use only 30 receptors and 100 odorants; in simulations we use 300
receptors to roughly match humans [45], and 1000 or more odorants.

In our model, we will focus on a particular task: odor component identi cation within a single
sniff [58, 59]. This computational problem differs from many experimental tasks focusing on
discrimination between two odoran®&], which underlie most scienti ¢ work on rodent olfactory
decision making§0-62]. Here, the goal is to identify the components of a complex olfactory scene
[63-66]. Importantly, the limits of human performance in this setting remain to our knowledge
unknown B7, 68]. To render the problem more tractable, we will make a number of simpli cations

of the anatomy and physiology of the OB. We will not distinguish between mitral and tufted
cells, the two classes of projection neurons. Recent works have shed some light on the distinct
computational roles of these cell types; these distinctions are likely to become important when
considering richer environmental dynamics than we do h&de7]. We will also ignore the fact

that odorant concentrations can vary over many orders of magnitude, and OSN responses to large
changes in concentration are strongly nonlinear. Here, we will focus on concentration changes of one
or two orders of magnitude. Within such ranges, the responses of OB neurons are well characterized
by linear models [71].

On the theoretical side, it is widely recognized that the tremendous compression of dimensionality
inherent in the transformation from odorant molecules to receptor activity means that the olfactory
decoding problem is analogous to the one faced in compressed sensing1€S) [ 2-74]. Classical

CS theory shows that sparse high-dimensional signals can be recovered from a small number of
random projections48-33]. Inspired by these results, previous works have used the principles of CS

to build circuit models for olfactory codin@[l—27, 72—74]. However, these model circuits do not map
cleanly onto the neural circuits of the OB and the olfactory cortical areas, particularly because they
often assume each granule cell encodes exactly one odorant. Moreover, these works usually assume a
Gaussian noise model for OSNs, which is biologically unrealistic (butzgef)]). Instead, OSN

activity is better captured by a Poisson noise modg) 76]. Some theoretical guarantees for Poisson

CS are known, but the situation is less well-understood than in the Gaussian case [32, 33, 77, 78].

3 A neural circuit architecture for Poisson compressed sensing

We now derive a normative, rate-based neural circuit model that performs Poisson CS, which in
subsequent sections we will map onto the circuitry of the OB. The design of this model will follow
general biological principles, without initially drawing on speci ¢ knowledge of the OB. With the
goal of sensing within a single sniff in mind, the circuit's objective is to rapidly infer the odorant
concentrationg 2 R}° underlying a single, static sample of OSN activity2 R}°N . For
simplicity, we model the mean activity of OSNs as a linear function of the concentration, with a
receptor af nity matrixA 2 R}V " and a baseline ratg 2 R} . As motivated above,



we use a Poisson noise model for OSN activity given the underlying concentration Gjgmel
correspondingly a Gamma prior over concentrations with shapeR}°* and scale 2 R[o :3

sjc  Poissonfg + Ac); ¢ Gamma( ; ): (1)

Given this likelihood and prior, we construct a neural circuit to compute the maxianposteriori
(MAP) estimate of the concentrati@anusing gradient ascent on the log-posterior probability. Here,
we sketch the derivation, deferring some details to Appendix B. Our starting point is the gradient
ascent equation

c(t)=r clogp(cjs)= A”[s (ro+Ac) 1J+( 1) c )

where denotes elementwise division agft) = dc=dt. Here, the estimateis formally constrained
to R7°“" ; in numerical simulations we will sometimes ignore this constraint. Circuit algorithms of
this form were studied in previous work by Grabska-Baska et al. [21].

However, in this most basic setup there is a one-to-one mapping between neurons and odorants,
which is at variance with our knowledge of biological olfaction (§2). To distribute the code, we
instead use a projected setup where the ring ratez R"¢ of the neurons are mapped to the
concentration estimatethrough a matrix 2 R"edr  Ne: ¢(t) = g (t). Evenif is non-square—
in particular, ifng > n ogor—so0 long as  ~ is positive-de nite and the rates follow the dynamics
gd(®)=(A )[s (ro+tAg ) 1]+ ~[( 1) (g) ] for some time constant, the
concentration estimates will still converge to the MAP. This corresponds to preconditioned gradient
ascent B9, 79). Again, we formally require the constraint th@® R7°* , which translates into a

constraint org. Most simply, we may takg 2 R}¢ and choose to be positivity-preserving.

These dynamics include two divisive non-linearities, which can be challenging to implement in
biophysical models of single neuror¥J]]. Using the approach proposed by Chalk ef&l], we

can linearize the inference by introducing two additional cell types that have as their xed points the
elementwise divisions (ro+ Ag ) and( 1) (g ). Concretely, we introduce cell types with
ratesp 2 R"osv andz 2 R"edr such that their xed-pointrates for xedarep =s (ro+Ag )

andz =( 1) (g ), respectively. This yields the coupled circuit dynamics

c(t)y= g (1); d®=(A )Y 1+ “(z )
pR(t)=s p (ro+Ag); 2Z(t) = 1 z ¢ 3)

for cell-type-speci ¢ time constantsg;, p, and ,, where denotes elementwise multiplication.

In the limit ,; g» this circuit will recover the MAP gradient ascent. |f and , are not

in nitely fast relative to 4, we expect these dynamics to approximate the desired dynagiics [
(see Appendix C for a preliminary analysis of the linear stability of the MAP xed-point). We will
test the accuracy of this approximation for biologically-reasonable time constants using numerical
experiments. Moreovep should formally be constrained R,”, such that the non-negativity of the
target ratio is respected. Finally, we note that in the special casel in which the Gamma prior
reduces to an exponential prior, the introduction of the cell #/fgeno longer required.

4 Biological interpretation and predictions of the circuit model

We now argue that the normative model derived in the preceding section can be mapped onto the
circuitry of the OB. In particular, though the model was derived based only on general biological
principles, its speci c features are biologically implementable based on the detailed anatomy and
physiology of the OB. In terms of the levels of understanding of neural circuits proposed by David
Marr, this is an example of how normative modeling can bridge the gap between algorithmic and
mechanistic understanding [82, 83].

As foreshadowed by our notation, we interpret the cell ty@es the granule cells of the OB, and the
cell typep as the mitral cells, which are projection neurons. Provided that the elements of the matrix
A are non-negative, this interpretation is justi ed at the coarsest level by the signs with which the
two cell types appear in the dynamics: fh@eurons excite thg neurons, which in turn inhibit the

p neurons. Finally, we interpret the cell typas representing a form of cortical feedback. In the
remainder of this section, we will justify this mapping in detail.

3See Appendix A for a detailed description of our notational conventions.



Figure 2: State-dependent inhibition of mitral celld. Upon stimulation, mitral cells exhibit

a transient burst of activity followed by relaxation to a plateau. Darker color indicates stronger
stimulation. B. In the circuit for Poisson CS we propose (blue line), the inhibition due to the
activation of a second mitral ceMC ) is gated by the activity of the cell we are recording from
(MC,), as observed experimentally by Arevian et[@b] in their Fig. 2D. This state-dependent
gating does not occur in a circuit derived from a Gaussian noise model ( line). Rates are
normalized to the maximal stimulation of the principal cell. Dashed line indicates the unitfine.
Strength of inhibition as a function of time and of stimulation intensity; c.f. [95] Fig. 3B.

4.1 Circuit anatomy: weight transport, dendro-dendritic coupling, and cortical feedback

The rst salient feature of the dynami¢3) is that the cell typeg andp do not make direct lateral
connections amongst themselves. Rather, they connect only indirectly through the neurons of the
opposing cell type, matching the connectivity structure of mitral and granule cells (Fig. 1A). Moreover,
the synaptic weight8  of the connections frorg to p neurons mirror exactly the weightd )

of the connections frormp to g neurons. Naively, this creates a weight transport problem of the
form that renders backpropagation biologically implausible: how should the exact transpose of a
matrix be copied to another synap8é-{86]? However, in the unique case of the OB this does not

pose a substantial obstacle, as the mitral and granule cells are coupled by dendro-dendritic synapses,
meaning that bi-directional connectivity occurs at a single physical locus (Fig. 1) [49, 57, 87].

This interpretation accounts for the interactions between the cell typeslp in the dynamicg3),

but what about the cell type? These cells give direct excitatory input to the granule geilsth

weights ~, and represent the concentration-dependent contribution to the log-prior gradient. We
can therefore interpret these cells as representing feedback from olfactory cortical areas to the OB,
which arrives at the granule cell8§-90]. Though our model can thus exibly incorporate cortical
feedback, for our subsequent simulations we will focus on the simple case in which the prior is static
and has = 1, in which case it reduces to an exponential and feedback is not explicitly required.

Given this mapping of the cell types of our model to the cell types of the bulb, we will henceforth
choose the membrane time constants to match experiment, tgking0 ms[91] and 4 =30 ms

[92]. This matching of timescales is required for our comparison of model inference timescales to the
timescale of a single sniff to be meaningful.

4.2 Choosing the af nity matrix

In theories of Poisson CS, the optimal sensing mafriis one that has columns that are in some
precise sense as orthogonal as possible, so that it acts as an approximate isore8y However,
biologically, the olfactory system is not free to choose optimal sensors. Rather, the af nity pro les of
each receptor are dictated by biophysics and by evolutionary higiéry4, 93]. To build a more
realistic model for OSN sensing, we therefore turn to biological data. Using two-photon calcium
imaging, we recorded the responses of 228 mouse OSNs glomeruli to 32 odorants (see Appendix F
for details; these data were previously published®)[ In Fig. 1B, we show that the distribution

of responses is well- t by &ammadistribution with shape 0.37 and scale 0.36 (Appendix F). We
then de ne our ensemble of sensing matrieedy drawing their elements as independently and
identically distributedsamma(0:37; 0:36) random variables. An example matrix drawn from this
ensemble is shown in Fig. 1C.



4.3 Divisive predictive coding by mitral cells

In our model(3), odorant concentration estimates are decoded from granule cell activity. This feature
is shared with previous Gaussian CS models of olfactory codiigl, 25]. Our model, however,
matches biology more closely than these previous works because it allows for a distributed code
rather than assuming that each granule cell codes for a single odorant.

What, then, is the functional role of the mitral cells in our model? We can interpret their dynamics as
implementing a form of predictive coding, in which they are trying to cancel their input by the current
prediction. Because the mitral cell activity converges to the ratio of their input to the prediction, this a
divisive form of predictive codingd1]. In contrast, a Gaussian noise model gives a subtractive form
of predictive coding in which the activity converges to the difference between input and prediction
(Appendix D) [L5]. In Fig. 2A, we show example timecourses of model mitral cell activity following
the onset of a stimulus. Consistent with experimentally-measured resp86s@g|[ a sharp transient
response at the onset of stimulation is followed by decay to a low level of tonic activity (Fig. 2A).

4.4 State-dependent inhibition of mitral cells

A salient feature of our circuit model is that the inhibition from the granule cells onto a mitral cell is
gated by the activity of the mitral cell itself (3). This state-dependent inhibition is reminiscent of
vitro experiments showing that granule cell mediated inhibition is activity depengigntf these
experiments, Arevian et al. measured the activity of a primary mitral 8@ £ ) while increasing its

level of stimulation under two conditions. In the rst condition, no other cells in the circuit are being
stimulated. In the second condition, they also activate another mitraM€lk(). The activation

of the second mitral cell leads to the activation of granule cells connected to both mitral cells and
a reduction in the ring evoked by stimulation of the primary cell alone. Strikingly, these authors
showed that this inhibition is dependent on the activity of the primary cell [95].

Here, we show that our proposed circuit reproduces these observations of state-dependent inhibition,
and that they do not arise in a similarly-constructed circuit for a Gaussian noise model. To model
Arevian et al.[95]'s in vitro experiments, we simulated a reduced circuit véitimitral cells and

10 granule cells. We stimulated C o with an inputsa 2 [1 : 400]while toggling on or off the
stimulationsg = 80 of the second mitral ceMCg . As observed experimentally, whdhCyg is
activated, the inhibition of the primary mitral c8liC 5 is state dependent (Fig. 2B). To show that this
effect arises from our Poisson circuit, we build a similar inference circuit with a Gaussian noise model
(Appendix D). Under similar conditions, the inhibition in the Gaussian circuit is independent of the
activity of the primary mitral celM C o (Fig. 2B). Furthermore, the dynamics of the relative inhibition
qualitatively recapitulate those observed experimentally, with sustained inhibition throughout the
stimulation period at the stimulation level BfC 5 leading to maximal inhibition and inhibition
followed by relaxation for stronger stimulation levelsMfC o (Fig. 2C and see [95] Fig. 3b).

5 Geometry, speed, and capacity

We have argued that the model introduced in 83 could be implemented biologically, but can it
perform at scale? Concretely, can a circuit of this architecture with neuron counts comparable to
the human OB correctly identify which among a large set of odorants are present in a given scene?
This is precisely the question of the capacity of the CS algoritt®ng9]. In Fig. 3A, we present

our algorithm with scenes composed of varying numbers of randomly-selected odorants out of a
panel of 1000, which for simplicity we take to be at the same concentration. We rst ask how many
odorants can be reliably detected within a single sniff, i.e., 200 ms. To convert MAP concentration
estimates into presence estimates, we simply binarize the estimated concentrations based on whether
they are larger than half of the true odorant concentration. The ability of the one-to-one code to
successfully detect odorants falls off rapidly, with the detection fraction falling below one-half even

if only a handful of odorants are present (Fig. 3A).

The limited capacity of the one-to-one code can be overcome by distributing the code in a way that
takes into account the geometry of the sensing problem. Here, the information geometry of the

“We remark that, with a one-to-one code, our model is identical to that proposed by GrabskasRaretial.
[21] except for the introduction of the granule cells.



Figure 3: Fast detection of many odorars.Fraction of odorants correctly detected within 100 ms
(left), 200 ms €entel, and 1 s (ight) after odorant onset as a function of the number of odorants
present, for models with one-to-one, naively distributed, and geometry-aware codes. Here, we
consider a repertoire of 1000 possible odoraBtsHeatmap with overlaid smoothed contours of
correct detection fraction as a function of number of present odorants and time window for models
with one-to-oneléft), naively distributeddentel), and geometry-awareight) codes. As irA, a
repertoire of 1000 possible odorants is usedThreshold number of odorants for which half can

be correctly detected as a function of total repertoire size within 100eft)y 200 ms ¢ente), and

1 s fight) after odorant onset. See also Supp. Figs. G.1 and G.2 for versions of paaetiB

with varying repertoire sizes, from which the capacities shown here are derived. See Appendix G for
details of our numerical methods. Shaded patches shti®5 SEM over realizations throughout.

problem is governed by the sensing mathix which introduces correlations in the input signals

to mitral cells because the off-diagonal component# 6fA are non-negligible. To counteract
these detrimental correlations, we can choose a readout masiich that > (A>A)* up

to constants of proportionality, where we must take a pseudoinverse bécadsés highly rank-

de cient (see Appendix G for details). Geometrically, this corresponds an approximation of natural
gradient descent, in which we use the Gauss-Newton matrix instead of the Fisher information matrix
because the latter is state-dependent for Poisson likelih@de€(]. As a control, we also consider a
naively distributed code with > I, . Distributing the code, even without accounting for the
geometry of inference, markedly improves the single-sniff capacity to around 10-20, and taking into
account the geometry produces a further improvement (Fig. 3A).

To gain a more granular view of how tuned geometry enables faster inference, in Fig. 3B we test the
three models' detection capabilities at sub-sniff resolution. We can see that at long times—around
a second after odorant onset—the naively distributed and geometry-aware codes achieve similar
capacities of around 50-60 odorants. However, the geometry-aware code reaches this detection
capacity within a single sniff, whereas the naively distributed code requires the full second of



processing time. The detection capacity of the one-to-one code reaches only around 20 odorants after
1 second, and even then does not appear to have reached its asymptote. These results illustrate two
important conceptual points: First, when the strength of individual synapses is bounded, distributed
coding can speed up dynamics by increasing the effective total input to a given neuron. Second, given

a sensing matrix that induces strong correlations, geometry-aware distributed coding can accelerate
inference by counteracting that detrimental coupling.

These tests show show that our model can reliably detect tens of odorants from a panel of thousands
of possible odorants, but do not probe how the model's capacity scales to larger odor spaces. While
the true dimensionality of odor space remains unknoii[ 101], there may be orders of magnitude

more than thousands of possible odorants. As an upper bound, there are on the order of millions of
known volatile compounds that are plausibly odoroU®. Thus, it is important to determine how

our model scales to more realistically-sized odor spaces. From the literature on compressed sensing
performance bounds, we expect the threshold sparsity to decay slowly—roughly logarithmically—
with increasingogor [28-33]. As a rst step, in Supp. Figs. G.1 and G.2, we reproduce Fig. 3A-B

for between 500 and 8000 possible odorants, showing that performance does indeed drop off slowly
with increasing odor space dimension. To get a more precise estimate of how performance scales
with repertoirse size, in Fig. 3C we plot the threshold number of odorants for which half can be
reliably detected as a function of the repertoire size, showing that for the geometry-aware code it
decays only a bit faster than logarithmically. Our ability to simulate larger systems was limited by
computational resources. This limitation is present in previous works, and the repertoires tested here
are comparable to—or substantially larger than—those used in past studies [21, 22, 24, 26, 72].

6 Fast sampling for uncertainty estimation

Thus far, we have focused on a circuit that performs MAP estimation of odorant concentrations.
However, to successfully navigate a dynamic, noisy world, animals must estimate sensory uncertainty
at the timescale of perceptiof§, 103-107]. Fortunately, our circuit model can be easily extended

to perform Langevin sampling of the full posterior distribution, allowing for uncertainty estimation
while maintaining its attractive structural features. In Appendix B, we provide a detailed derivation
of a model that implements Langevin sampling through the granule cells for a Poisson likelihood and
Gamma prior. This yields a circuit that is identical to the MAP estimation circuit introduced in 83 up
to the addition of Gaussian noise to the granule cell dynamics:

c(t)= g (t) @) =(A )Y (P D+ “(z )+ (1)
pp()=s p (ro+Ag) 2Z(t) = 1 z c 4)

Here, (t) is a vector ofng independent zero-mean Gaussian noise processes with covariance
E[;(t) jo(19]1=2 4 jo (t t9, and once again the ratgandp should in principle be constrained

to be non-negative. In this case, the readout matmoth preconditions the effective gradient force

and shapes the structure of the effective noiseallowing us to mold the geometry of the sampling
manifold [37, 40]. By using a projected readout, we maintain the independence of the noise processes
for different neurons. This both allows us to have many independent samplarg=ifi oqor —and

is important for biological realism if we interpret the sampling noise as resulting from uctuations in
membrane potential due to synaptic noise [108].

As a test of how this sampling circuit performs, we consider a simple setup in which one set of
odorants appears at a low concentration, and then a second set of odorants appear at a higher
concentration while the low odorants are still present. This setup tests both the circuit's ability to
converge rapidly enough to give accurate posterior samples within a single sniff, and its ability to
correctly infer odorant concentrations even in the presence of distrab®rmsq. In Fig. 4, we

show that circuits with one-to-one or naively distributed codes do not give accurate estimates of the
concentration mean within 200 ms, while tuning the geometry to match the receptor af nities enables
fast convergence. All three circuits overestimate the posterior variance at short times, consistent with
what one would expect for unadjusted Langevin samplEp§|] but the geometry-aware model's
estimate decays most rapidly towards the target. Therefore, when the synaptic weights are tuned, our
circuit model can enable fast, robust estimation of concentration statistics, even in the presence of
distractors.



Figure 4: Fast uncertainty estimation using Langevin sampling of the posterior. Here, we use a simple
concentration estimation task in which 5 randomly-selected “low' odorants out of a panel of 1000
appear at concentration 10 at time 0 s, and then a further 5 randomly-selected "high' odorants appear
at concentration 40 at time 1 A. Smoothed timeseries of instantaneous concentration estimates for
low, high, and background odorants, for models with one-to-to@, (naively distributedrfiddle),

and geometry-awardo6tton) codes. Background odorant estimates are shown as mstandard
deviation over odorants. Dashed lines show true concentrations oveBir@eimulative estimates

of concentration mean for lovidp) and high botton) odorants after the onset of the low odorants for
one-to-one, naively distributed, and geometry-aware codes. Black lines indicate baseline estimates
of the posterior mean. Thick colored lines indicate means over odor@niss in B, but for the
estimated variancd. As in B, but after the onset of high odorants. As in C, but after the onset of

high odorants. See Appendix G for details of our numerical methods, and for individual-odor traces.

7 Discussion

In this paper, we have derived a novel, minimal rate model for fast Bayesian inference in early
olfaction. Unlike previously-proposed algorithms for CS in olfaction, this model has a clear mapping
onto the circuits of the mammalian OB. We showed that this model successfully performs odorant
identi cation across a biologically-relevant range of scene sparsities and circuit sizes. This model
therefore exempli es how normative approaches can blur the lines between algorithmic and mecha-
nistic understanding of neural circuit3g, 83]. We now conclude by discussing possible avenues for
future inquiry, as well as some of the limitations of our work.

One limitation of our simulations is that we have chosen to distribute the neural code randomly, and
have allowed for negative entries in the mitral-granule synaptic weight matrisee methods in
Appendix G). These features are not entirely biologically satisfactory. However, our model only
captures the mitral cells and granule cells, overlooking a number of other inhibitory cell types that
could contribute to solving this problem, e.g., through feedforward inhibition onto mitral cells or
lateral inhibition across granule celléq, 49]. Fundamentally, negative values in the geometry-aware
decoding matrix arise as although the af nity matrix is positive, its inverse will contain negative
elements. A biologically-plausible realization of the geometry-aware code through the introduction of
additional cell types could be achieved by decomposing the inverse into several components, yielding
sparse, consistently-signed connectivity (]. As a rst step, in Supp. Fig. G.4 we show that similar
performance to Fig. 4 can be achieved using a sparse non-negative randomly distributed code. As a
result, one objective for future work will be to develop better models for the decoding matiixt

result in more realistic connectivity.

Though our model captures two of the interesting features of the anatomy and physiology of the
OB—symmetric dendrodendritic coupling and state-dependent inhibition of mitral cells—there are
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