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Abstract

A common view of sensory processing is as probabilistic inference of latent causes
from receptor activations. Standard approaches often assume these causes are
a priori independent, yet real-world generative factors are typically correlated.
Representing such structured priors in neural systems poses architectural challenges,
particularly when direct interactions between units representing latent causes are
biologically implausible or computationally expensive. Inspired by the architecture
of the olfactory bulb, we propose a novel circuit motif that enables inference with
correlated priors without requiring direct interactions among latent cause units.
The key insight lies in using sister cells: neurons receiving shared receptor input
but connected differently to local interneurons. The required interactions among
latent units are implemented indirectly through their connections to the sister cells,
such that correlated connectivity implies anti-correlation in the prior and vice
versa. We use geometric arguments to construct connectivity that implements
a given prior and to bound the number of causes for which such priors can be
constructed. Using simulations, we demonstrate the efficacy of such priors for
inference in noisy environments and compare the inference dynamics to those
experimentally observed. Finally, we show how, under certain assumptions on latent
representations, the prior used can be inferred from sister cell activations. While
biologically grounded in the olfactory system, our mechanism generalises to other
natural and artificial sensory systems and may inform the design of architectures
for efficient inference under correlated latent structure.

1 Introduction

A common view of sensory processing is as probabilistic inference of latent causes,

x £ [z1,...,2N],

from receptor inputs [[L]. Causes are often assumed to be a priori independent [2], so that

N
p(x) = plar, @2, an) o [[ e %,
i=1

This assumption is not only mathematically convenient, but is also appropriate in some settings.
For example, in the celebrated ‘cocktail party problem,” signals from multiple microphones must
be demixed into as many simultaneous conversations, and it is reasonable to assume that the audio
waveforms from different conversations will be independent.

In other situations, however, the independence assumption may not be appropriate. For example,
some notable models [3, 4] of the early visual system describe it as explaining retinal input in terms
of simple features like oriented Gabors. Although they arrive at such features by searching for
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independent causes that explain the visual input, natural scenes are likely to impose correlations on
the presence of such features due to large-scale visual structures.

Including correlations is in principle easy to do by incorporating corresponding terms in the prior.
For example, pairwise correlations, the focus of our present work, can be incorporated by augmenting
the prior with quadratic terms,

1
p(x1,x2,...,2,) xexp | — E di(x;) — 3 E Cijzix;
i i

Non-zero off-diagonal elements of C;; capture correlations among the corresponding features. A
prior of this form, which sets ¢;(z;) proportional to x;, is the Gaussian Markov random field [3].

Although analytically simple to incorporate, neural implementations of inference circuits that use
such priors can pose architectural challenges. To illustrate this, we will use a simple model of the
mammalian olfactory bulb, from which we take inspiration. In this model, receptors y; are linearly
excited by latent features x; (e.g. molecular species comprising an odour), and corrupted by Gaussian

noise, so that p(y;|x) = N (Z ;Aijzj, 02> . Combining this with the prior above yields the posterior
distribution, whose logarithm

1
logp(z1,...,zNly1,- -, Yym) = — Zgbj(mj) — Z Cirrjri — Z ﬁ(yl - ZAij:L'j)z €))
J Jk i J

log prior log likelihood
can be maximized over features to yield the maximum a posteriori (MAP) estimate of the combination
of features (e.g. odour) most likely to have produced the observed receptor activations. A circuit
that performs this maximization (see e.g. [6]) contains ‘mitral cells’ \;, one per input channel, that
compare actual receptor inputs y; with the system’s current estimate, | j Aijzj,

A = *02)\i+y¢*2AijIj, 2
J
interacting with ‘granule cells’ representing the latent causes x;. Granule cells are driven by the
mitral cells, and are subject to a prior that includes both the individual terms ¢'; () £ doi(x;)/dx;
and the pairwise terms Cjy,

Tadj = —(;5;(%) — chkxk + ZAU)‘Z" 3)
k 7

It is easy to see that the fixed point of the coupled dynamics in Eqn. (Z) and Eqn. (3) maximizes the
log posterior in Eqn. (T). When the dynamics converge, the activity of the granule cells represents
the inferred concentrations of the molecules represented by each granule cell.

The problem with this formulation is that each latent cause must interact with many others, as
determined by the elements C'j;,. Such connectivity may be difficult to implement when the number
of causes N is very large. For example, in our model system of the olfactory bulb we assume that
latent causes are represented by the millions of granule cells, and no direct connections have been
observed between them [[7]. These points suggest looking elsewhere to implement the pairwise
interactions in the prior.

2 Encoding correlated priors using sister cells

To encode correlated priors without direct interaction between granule cells representing latent causes,
we note that in the olfactory bulb, each mitral cell has many sisters — other mitral cells that receive
the same receptor input but connect differently to granule cells [7H9]. We now show how correlated
priors can be encoded indirectly by the way granule cells connect to the sister cells.

In the dynamics of Eqn. (Z) and Eqn. (3)), a mitral cell \; is indexed ¢ by the receptor input y; it
receives. To extend these dynamics to sister cells, we simply add an index s to identify individual
sisters, and endow each sister \;s with its own connectivity Afj to the granule cells:

Tahis = =07 Nis + i — ZAZ“T @
J



The granule cell dynamics in Eqn. (3) are correspondingly changed to drop the latent interaction term
and instead distinguish sister cells

Ty = =) + > Af s )

Although we derived these dynamics heuristically by analogy to the case of a single mitral cell per
input channel, we show in Sec. [ST] that their fixed points minimize the loss

Z¢J T +ZZQ 3 ZA : (©)

We can give a probabilistic interpretation to this loss by first defining a few connectivity statistics.
Letting S; indicate the number of sister cells receiving receptor input y;, we define

A2 = 2 ZAW e 2 A ZA 8 — Aij Ai, CjkéZsic;k @)

as the average synaptic weight from sisters to granule cell x;, the covariance of the weights which
connect two granule cells z; and x, to a set of sisters, and the weighted sum of these covariances
across input channels, respectively. Expressing the loss in Eqn. (6)) using these terms and completing
the square (see Sec.[SI)) we arrive at

X):Z¢j(xj 2% 2zzcﬂkgjjxk+ 225 ZAUI] . ®)
J

— log prior — log likelihood

This has the same form as the loss in Eqn. (I)), demonstrating that sister cell dynamics perform MAP
inference under a correlated prior, as desired. Note that the connectivity statistics play two roles:
first, the mean strength A;; of the connections between the unit representing feature j and the sisters
sampling receptor ¢ encodes the affinity of the receptor for that feature. Second, the prior correlation
C relating two features is determined by the covariance of the connectivity between the sisters and
the units representing those features. We show this schematically in Fig. [TA.

3 Connectivity for correlated priors

How do we encode a desired affinity and correlated prior into the connectivity? As we show below,
we may not be able to encode correlations among all N features. To achieve the desired affinities
A;; and correlated priors Cjj, on n of the IV features, we will first assume that the affinities are zero,
because once we have weights with the desired covariance, we can add the required affinities as
an offset to all the weights, without affecting their covariances. The covariance of the weights that
connect sisters sampling receptor ¢ to the units representing latent features j and k is then

Jk - S Z Ajj
Our correlated priors set the weighted sum of covariances across input channels. So we must have
Cin =D SiCh =3 > AL
i 7 s

We see that correlated priors are encoded by the scalar product of the weights, when indexed by
feature. To make this explicit we reshape the weights into S-element vectors, a;, one per feature j,
making correlated priors scalar products of these vectors,

[aj]is = Afj — Cjk = <ajaak> =\ ijckk a]aak =\ ijckkp]k (9)

where p,; is the scalar product of the unit vectors, and we’ve used that ||a;|| = /C); (see Fig. ).

The decomposition indicates that we can determine the weight vectors in two steps: First, we adjust
their orientations to achieve the angles required by the scalar product. We do this by first ordering
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Figure 1: Encoding correlated priors with sister cells. (A) Schematic of the connectivity between sister
cells and units representing latent features j and k. The mean A; ; of the weights A7 connecting sister
cells \;s sampling receptor y; to units x; and x, reflects the affinity of that receptor for those features.
(B) The weighted sum of the covariances of the synaptic strengths with which units z; and x;, connect
to sisters sampling each input channel encodes the prior correlation between those features. (C)
Desired correlations can be constructed by first assuming affinities are zero and adjusting the angles
between vectorization a; of the weights A7,. After this adjustment the zero-affinity condition will
likely be violated, but can be satisfied by (D) rotating the weights into the null space of the constraint
matrix B. Weights are then rescaled by the desired standard deviations, and the required affinities are
added. (Ei) Example weight matrix connecting mitral cells (columns) and latent feature units (granule
cells, rows). Neighbouring mitral cells are sisters except across input channel boundaries, indicated
by vertical dotted lines. Weights are coloured by their deviation from the affinity of a given channel
for a given latent. (Eii) Correlated prior achieved by the weight matrix in panel Ei, showing only the
first 10 latents for clarity. (Eiii) Affinity of the first (blue) and second (orange) input channels for the
latents, ordered by the former. (Fi-Giii) Many weight matrices can achieve the same correlated prior
and affinity, for example the ones shown in panels Eii and Eiii. The remaining panels are as in Fi-Fiii,
but for a weight matrix that was optimized for sparsity i.e. changing as few synapses as possible from
the value dictated by the affinity (Fi-Fiii), and one that was optimized for weighted sparsity, where
some input channels had more changes than others (Gi-Giii). See Sec.[S2.1]for details.

the unit vectors arbitrarily, then taking the first and assigning it to be the first standard unit vector
e; = [1,0,...], the second vector to be [p12, /1 — p12,0,...] and so on. Continuing in this way we
define unit vectors for all n features since for the k’th weight vector, we use the first £ — 1 elements
to achieve the correlations with the previously considered features, the k’th element to achieve unit
length, setting the remaining n — k elements to zero. At the end of this procedure, the n feature
vectors are at the desired orientations relative to each other. We then simply scale each unit vector to
its desired length, as specified by the elements /C};.

It is clear from this geometric formulation of the problem that we have a rotational degree of freedom:
any fixed rotation applied to all of the feature vectors will retain their lengths and relative orientations,
and therefore the desired co-occurrence data. We will use this rotational degree of freedom to achieve
the desired zero-affinity condition. This condition states that  _ A;; = 0 for all input channels 7 and
latent features j. To relate this sum to our weight-vectors we convert it to a sum over sisters and input
channels by defining a binary indicator,

B _ 1 if ¢, s indexes a sister that samples input channel m,
M 10 otherwise.



The zero-affinity condition then becomes

ij

Z Z Af.B;, =0 for all input channels m and latent features j.

By converting each B, into an S-element vector b,,, like we did the weights, this condition becomes
(bp,a;) =0 for all input channels m and features j.

We can specify these M N conditions in a single matrix equation by stacking the M vectors b, into
the M x S matrix
B 2 [by,by,...by]",

and the N vectors a; into the S x N matrix
W £ [ar,a2,...an],
whereby our zero-affinity condition becomes
BW =0.

To see that solutions exist, notice first that B has an .S — M dimensional nullspace. Notice also that
‘W has an n-dimensional column space, because we only specified weight-vectors for n features, and
left the rest at zero. Therefore, as long as

n<S—-M

we can always rotate W into the null-space of B, and achieve the zero-affinity condition (see the
schematic in Fig.[ID). This bound says, first, that we can only specify covariance priors if we have
more sisters than input channels. Second, it says that the number of features for which we can encode
correlated priors grows with the number of sister cells. The value S — M counts how many more
sisters we have than input channels. If this number is smaller than the number of latent features /N of
interest to the system, it has to choose the most important n for which to encode correlations.

To determine the set of all possible solutions, we decompose W into Uy Sy VY, using singular
value decomposition (SVD), where we’ve taken Uyy to be S x n. Rotating this column space leaves
the correlations W'W unchanged. To find the subset of rotations that satisfy the affinity condition
BW = 0, we apply SVD to B and get a basis for its row space in the columns of the S x M matrix
V. Letting the S x S — M matrix Vé be an arbitrary orthogonal completion of this basis, we see
that the affinity condition is met if and only if VL Uy = 0, i.e. if the span of Uyy is in the span
of V5. We can therefore choose the first column of Uy to be any weighted combination of the

S — M £ m columns of V§ that has unit norm, giving m — 1 degrees of freedom. The second
column of Uy can be selected in the same way, but orthogonal to the first, giving m — 2 degrees of
freedom. Continuing in this way until we have selected all n columns of Uy, we see that we have
S (m —1i) =nm — in(n+ 1) degrees of freedom when determining Uy

In practice, we find solutions by first applying an m-dimensional rotation to Uy, then picking its first
n-columns. We can pick rotations randomly, or to optimize certain properties of the resulting weight
matrices. In Fig.[TE-G we show three different weight matrices, all producing the same affinity and
correlated prior, but with different sparsity properties. We investigate the effects of these difference
on sister cell responses in Section [5|below.

4 Inference with correlated priors

If latent features are correlated, then inference that incorporates this information will outperform
that which does not. To verify this, we considered the receptor input produced by the simultaneous
presence of five latent features at high concentration, and corrupted by noise of a fixed variance.
We compared the performance of two inference circuits. The first treated all latent features as
independent. For the second, we used the approach in Sec. [8|to construct connectivity that encoded
prior correlations on just the five features present. In Fig. JJA we compare the inferred feature
concentrations at convergence for both circuits. It’s clear that the circuit that incorporates the
correlated prior outperforms the vanilla circuit.

In Fig. 2B we show the time course of activity in the granule cells encoding latent features for the
circuit that uses the correlated prior, when presented with the input in panel A. The dynamics, which
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Figure 2: Inference with correlated priors. We simulated a network with 50 input channels, each with
a uniform random number of 4-9 sisters, and 200 latent units (see Supplementary Information for
additional details.) (A) Results of inferring the true feature values (gray) when using a correlated
prior (orange), or assuming feature independence (blue), with receptor noise s.d. of 0.5. Only the first
10 of 200 features are shown, for clarity. (B) Time course of inference readout in the latent feature
units, the first five of which (orange) correspond to the features actually present, for the correlated
prior setting of panel A. Red triangles indicate the exact solution to the problem for those features as
determined by convex optimization. (C) Mean (dots) +/- s.d. (bars) of the error (Euclidean norm)
between the true and inferred feature vectors computed over 5 random noisy corruptions of the same
receptor input, for different receptor noise standard deviations. See Sec.[S2.2|for details.

use biologically realistic time constants, show that the inference result is achieved within a few 100
ms, consistent with the time-course of respiration.

Finally, we compared the performance of the two circuits over a range of receptor noise settings. An
important parameter of the inference circuity is the assumed variance of the receptor noise, which
can differ from the true noise level and can be adjusted to improve MAP inference. Therefore, for
each level of input noise we reported the performance of the circuit using the inference noise that
gave the lowest error. The results for both circuits are plotted in Fig. [2C and reveal that the circuit
using correlated priors outperforms the vanilla circuit at all but the highest noise levels, where both
circuits perform equally poorly.

5 Effect of different connectivity solutions

Next, we examine the effect of connectivity solutions on response heterogeneity. We saw in Section|3]
that many connectivity solutions exist that produce a desired correlated prior and affinity. Different
connectivity solutions will produce different levels of heterogeneity in sister cell responses. For
example, sparse solutions like those in Fig. [IF, in which differences in the connectivity of sisters are
limited to a few sites, will result in more homogeneous responses, while dense solutions, like those in
Fig.[IE where sister cell connectivity varies widely, will produce more heterogeneous responses. The
heterogeneity of responses can therefore inform about the connectivity structure of the circuit, as we
demonstrate by comparing to experimentally recordings from the olfactory system.

In Fig.BAi we show the responses of the first (green) and second (olive) sister cells sampling the first
input channel to three different stimuli presented at fixed concentration for one second starting at
t = 0 (gray), for the system using the random connectivity of Fig.[IE. We see that the responses to
some stimuli e.g. stimulus 2, are quite similar, while those to others, e.g stimulus 1, can be different.
In Fig. BJAii we summarize this response heterogeneity by computing the Pearson correlation of
responses over the t = 0-1.5 sec time window and averaging over all pairs of sisters in each input
channel, yielding one value per channel and stimulus. We took values less than 0.3 (brown) as
indicating that the sisters in an input channel had diverse responses to that stimulus, while values
above 0.7 (bronze) we took to indicate stereotyped responses. In Fig. BJAiii we show how response
heterogeneity was distributed per odour channel, ordered by the average similarity of responses. Since



the random connectivity used was distributed evenly among input channels, we see that response
heterogeneity is similar across all channels.

In Fig. 3Bi-Biii we perform the same procedure as in panels Ai-Aliii, but for a system that used the
uniform sparse connectivity of Fig. [TF. Because differences in the connectivity of sisters cells to
latent feature units occurred at fewer sites, sister cell responses are more homogeneous, and similar
across all input channels. Finally, in Fig. 3|Ci-Ciii we do the same as in the previous panels, but now
using the weighted sparse connectivity of Fig. [I[G. In this setting, input channels with lower indices
receive more connectivity changes. This results in high diversity of responses in those channels, as
seen in the individual responses of panel Ci and the summary statistics of panel Ciii. The higher
density of changes for sisters sampling some input channels, compared to the low density in others
also results in larger fractions of both diverse, and stereotyped, responses, as revealed by panel Cii.

The patterns of response heterogeneity can suggest the connectivity of a given circuit. We demonstrate
this by comparing our simulated responses in panels A-C, to those recorded in the olfactory system by
[9]. In Fig. 3]Di we show experimentally recorded odour responses of pairs of sisters sampling three
different input channels, revealing that in all three cases, sisters can respond similarly to some odours,
but differently to others, like we saw in simulations. In Fig.[3Dii we show the distribution of response
heterogeneity per olfactory input channel. The prominent presence of both diverse and stereotyped
responses, and their uneven distribution among input channels, is similar to our simulations using
a weighted sparse connectivity in panels Cii, suggesting that similar connectivity in the recorded
olfactory system. However, the overall distribution of responses for the experimental data, shown
in Fig. [3Diii shows more diverse responses, and a different trend in the distribution than for our
simulated data of Fig.[3|Ciii. We address possible reasons for this in the Discussion.

6 Estimating correlated priors from responses

Inference using priors that reflect natural feature statistics would improve inferential accuracy.
Therefore, natural and artificial systems performing sensory inference would be predicted to use such
priors. In our theory, these priors are encoded in the strengths of connections between sister cells and
latent feature units (granule cells). Directly measuring these strengths is difficult, while sister cell
responses are much easier to measure. Can we infer the priors from sister cell responses alone?

The principal difficulty in determining connectivity from sister cell responses is that multiple latent
feature units may respond to a given stimulus. Therefore, the steady-state response of a sister cell
reflects the influence of a corresponding number of weights, making it difficult to determine the
strength of any particular one.

To avoid this problem, we appeal to the assumed sparsity of feature representations and assume a
‘one-hot’, or ‘grandmother cell’ model of latent feature unit responses in which only one is activated
per stimulus. Thus when stimulus j is presented, the feature unit activation vector at the end of
inference is approximately,

x[j] =[0,0,0...,0,¢,,0,0,0,...0],

where c¢; is the inferred value of the stimulus, and we’ve used [;] to emphasize that this is the response
to stimulus j. From Eqn. @) the corresponding steady-state activity of sisters cells simplifies to

2 . .
o Nislg) = vilj] — Aijey-
We still need the input y; to this sister cell, but this is common to all sister cells sampling input
channel ¢, and is eliminated in the covariance computation (see below).
We can rearrange the steady-state response and express the sister weights in terms of the activity as
. 2 .
A% = (wild] = o7 Xisli) /¢

To compute the covariance we also need the average value of the weights. Since all sisters receive the
same input y;, this average is simply

Aij = (yild] = o™ Xilil) /¢,

so the difference we need is

AS. —Zij = —0'2()\13[.7] _X7[.7D/C]

ij
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Figure 3: Effect of different connectivity solutions on inference. (Ai) Activity of the first (green)
and second (olive) sister cells in the first input channel to three different stimuli, presented at fixed
concentration during the gray time window, when using the random connectivity of Fig.[TIE. (Aii)
Distribution of sister cell response heterogeneity, computed as the Pearson correlation of responses of
two sisters from t=0 to t=1.5 seconds, averaged over all pairs of sisters in each input channel, yielding
one value for each input channel-odour pair. Values below 0.3 (brown) are termed diverse, those
above 0.7 (bronze) stereotyped. (Aiii) Distribution of response types per input channel, sorted by
prevalence of stereotyped responses. (Bi-iii.) As in panels Ai-iii but for a system using the sparse
connectivity of Fig. |IF. (Ci-iii). As in panels Ai-iii but for a system using the weighted sparse
connectivity of Fig . (Di) Calcium responses (traces) from pairs of experimentally recorded sisters

In other words, under our sparsity assumption about latent features, the deviation of the weights from
their average is proportional to the deviation of the sister cell activities from their average.

We can now use sister cell responses to compute the contribution of the ¢’th input channel to the prior,

Jk_SZ A (1k sz)

ot Aisli] = Ald] Ais[k] — Ai[K]

S; . c;j Ck
4
o
= —— covs(Ni)jk
CjCk

The correlation prior is the weighted sum of these

J’“_ZS k_—ZS covg(A;) (10)

Therefore, to determine the correlated priors from the sister cell activations, we also need to know the
inferred values of each stimulus. We can address this requirement in several ways.
One possibility is to assume that all the inferred stimulus values are the same, c. In that case,

;k =otc 2 cove(N) jis



so, the correlated prior is proportional to the variance of the sister cell activations. In Fig. @A we
have plotted the correlated priors estimated in this way from the experimentally recorded sister
cell responses [9] (see Sec.[S2.4). The results suggest a broad trend of mild anticorrelation. There
is positive correlation of methyl valerate, which has a fruity odour [10], with, for example with
2-heptanone, which has ‘banana-like, fruity odour’ [11]]. This can suggest a prior modelling the
co-occurrence of fruity odours. Nevertheless, the most prominent feature of the panel is the block of
strong negative correlations, which include that of methyl varelate with valeraldehyde, which has
“fruity, nutty, berry’ odour [[12]], contradicting a simple association of fruity odours.

The counterintuitive priors in Fig. fJA were computed assuming constant inferred odour concentrations.
Another possibility is that these concentrations are related to the vapour pressure (see Table [ST).
Because the vapour pressures varied widely, using them directly resulted in large fluctuations in the
estimated priors. Instead, we selected a function that produced visually smoother estimates, whereby
1
-1
G =2 a0 v o)
where v; is the vapour pressure of that odour. In Fig. @B shows this approach has reduced the block
of anticorrelation around methyl valerate. This procedure suggests how concentration functions can
be fit to natural statistics. In fact, when sufficient data is present, the inferred concentrations can be
treated as free parameters and fit individually to any stimulus correlation data. Note, however, that
because concentrations are positive, adjusting them can only change the magnitude of an inferred
prior correlation, not its sign — see Eqn. (I0).

A final possibility that we considered was to assume that because correlated priors can only be
specified between a subset of all possible pairs of odours, the priors that are encoded are likely to be
strong. We can then find inferred concentrations that maximize the magnitude |C;| of the encoded
priors. We first defined the weighted sum of activity covariances,

ij £ Z Sz COVS()\i)jk.

The magnitude of the correlated prior can then be written as

Ol = Y S0kl = T 5 S, cova M| = 2@l
f CjCk Z cjck

We then searched for the inferred concentrations that maximized the summed magnitude of the
correlation priors. Because inferred concentrations appear in the denominator, we needed to avoid
degenerate solutions that drive them to zero. So rather than working with concentrations, we used

. . A A . .
inverse concentrations r; = ci We then found the vector r = [rq,...,r,] of inverse inferred
J

concentrations that maximized the summed magnitude of the correlated priors. That is, we solved

argmaxz |Cjx| = argmax Y o2r;7%|Qjkl,
lrll<1 gk rjj< 3.k

where the length constraint on r avoids degenerate maximization by scaling of the inverse concen-
trations. Given this formulation, the solution to the above problem was the principal eigenvector of
|Q;x|. In Fig. 4[C we have plotted the correlated prior estimated in this way. By construction, many
more terms have elevated values, maximizing the sum of absolute correlations.

To quantitatively evaluate the quality of these estimates, we consulted a publicly available database
of 214 essential oils and their monomolecular components [[13]]. A subset of these monomolecular
odours were also used in the experiments of [9] - these are indicated by the dotted lines the pannels
of Fig.[d] We then searched the essential oils database and marked any pairs that co-occurred in at
least one essential oil with a black rectangle. Assuming that the essential oils, which are extracted
from plants, are ethologically relevant enough for the animals to encode co-occurrence information
about them, we would expect the correlated priors to reflect this, and the corresponding pairs to be
postive (green) in the panels of Fig.[d] What we we actually observe is that the estimated terms are
all near zero, suggesting lack of correlation. We comment on this observation in the Discussion.

7 Discussion

In this work we have taken inspiration from the olfactory system to show how natural and artificial
systems performing inference can use sister cells — units that receive the same input but connect



Figure 4: Estimating correlated priors from the experimentally recorded sister cell responses in [9].
The values shown are —Cj,, so positive (green) means a prior promoting correlation, negative (red)
is anti-correlation. Estimates when assuming inferred concentrations are (A) are constant, (B) a fixed
function of the vapour pressure of each odour, or (C) determined by the eigenvectors of the response
covariance. Dotted lines mark odours present in the essential oils database of [13], squares indicate
odour pairs that co-occur in at least one essential oil in that database. See Sec.[S2.4]for details.

differently to units representing latent variables — to incorporate correlated priors on the latents,
without requiring direct interactions between the latent units. We used geometric arguments to
show how the connectivity between sister cells and the latent units can be constructed, and verified
improved inference performance when latents were correlated. We demonstrated how different
connectivity solutions can affect the heterogeneity of sister cell responses, providing clues about
connectivity from responses alone. Finally, we showed how under certain assumptions about latent
representations, the correlated priors used by a system can be estimated from the sister cell responses
alone. Although our approach is derived from the olfactory system, the ideas involved are general and
should be applicable to other natural and artificial systems that perform inference in environments
with correlated latents.

Limitations. Our work is a simple proof-of-concept and has a number of limitations. A key aspect
of our approach is the linear, isotropic Gaussian observation model of receptor responses, which
lends itself to completing the square and from which the correlated prior emerges. In many systems,
including the olfactory system from which we take inspiration, such a model may be inappropriate or
too simplistic, and it is unclear whether extending more realistic models to use sisters cells would
readily yield correlated priors. Further, more testing than the single stimulus corrupted by a range
of noise that we used in Section Sec. 4] would be needed to robustly establish the performance of
the model. In Section [3|we used geometric arguments to demonstrate how to find connectivity that
achieves a desired stimulus affinity and correlated prior. An important extension of this work would
be to show how natural and artificial systems can learn such connectivity from natural stimulus
statistics. In that section we also showed how a variety of connectivity solutions exist and in Section
[5| we explored the effects of different solutions on the heterogeneity of sister cell responses, and
compared them to those observed in the olfactory system. The weighted sparse connectivity, in
which sisters in some channels had more heterogeneous synaptic strengths than others, qualitatively
matched the per-channel heterogeneity statistics (compare Fig. [TICii,Dii), but fell short on the pooled
statistics (Fig. [[[Ciii,Diii). However, we did not directly optimize the sparsity weighting to match
these statistics, and doing so may improve the match further, and suggest a similar connectivity in the
olfactory bulb. In Section[6] we showed how priors can be estimated from sister cell responses alone.
This was only possible because of our assumption of ‘grandmother-cell’ latent feature representations.
We have not explored whether estimation is possible when this assumption is relaxed.
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Supplementary Information

S1 Derivations

To show that the fixed points of the dynamics in Eqn. @) and Eqn. (3)) minimize the loss in Eqn. (6),
we set the temporal derivatives to zero. Doing so for Eqn. (@) gives

0'2)\2‘3 =Y — ZA;SJ{IJJ
J
Doing so for Eqn. (3)) and using the above expression for A;s gives

Bl = = 30D AL = Y Asey)
) s ij

Setting the partial derivative of the loss in Eqn. (6) with respect to z; gives the same equation, proving
that the fixed points of the dynamics are the same as those of the loss. The latter will be minima when
the ¢;(z;) are the convex functions typically used in the literature.

To show that the loss in Eqn. (§) is equivalent to that in Eqn. (6), let’s focus on the contributions to
the former loss from a single input channel. Expanding it out and combining terms over sisters,

Z(yz - ZAijCj)Q = Siy; — 2y Z (Z Afj) T+ ZZ (Z AfjAfk> TjL-
s J J s Jj k s

The first term is S; copies of the squared input y2, since each sister will receive the same input. The
second term involves a term summing the weights A7; connecting sister cells sampling input channel

i to granule cell j. We can represent this sum as the average of the weights A4;;, scaled by the number
of sisters .S; sampling that input channel. We then have

Z(yl — ZAfjxj)2 =5, 1122 — 2y; Zzijxj + ZZ (Z AfjA’fk> TjTp.
J J j ok s

S

The first term in brackets is the contribution to the loss from an input channel with a single mitral cell
but is missing the pairwise interaction terms between the granule cells. We can add this missing term,
but must also subtract it to leave the overall sum unchanged. ‘Completing the square’ in this way, we
arrive at

Z/i2 — 2y, Zzijmj +Z Zzi]‘zikxﬂﬁk—z Zzz’jzikxjxk = (yi_zzzjl‘j)Q—Z Zzijzikxjxk-
J Jj ok Jj ok J Jj ok

Substituting this into our expression above,

Z(yzfz Afjl'j)z = Si(yi—zzijxj)2+z Z (Z Af]Afk> :vjxk—Si Zzzwzlkl’jlk
s J J Jj ok s j ok

Factoring out S; from the middle term and combining interaction terms, we get

Z(yz - ZAfjxj)Q = Si(yi — ZZijxj)Q +5; Z Z (; ZA% o~ Az’ink> TjTf.-
J J ik tos

S

We recognize the last term in brackets as the covariance C; i of the weights with which sister cells
sampling input channel ¢ connect to granule cell j and granule cell k. We can finally express the
contribution to the loss from input channel ¢ as

Z(yl — ZAfj.’Ej)g = Sz(yz - Zﬁijxjf + Sz Z Z C}kxjxk.
s J J ik
Returning to the loss in Eqn. (6) we now see that we can write it as
S; — 1 ) )
£00 = Y0000) + 30 i~ Y A 4 oy 303 301l
J i J i ki

which after pooling covariance terms across input channels, yields the loss in Eqn. (8).
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S2 Simulation Details

The standard deviation of the receptor noise and that of inference were o,, = 0.5 and iy = 20,
respectively, unless otherwise noted. In all simulations the individual prior on the latents was the
elastic net

6iw:) = B, + Za?,

where the ¢; parameter § = 0.1, unless otherwise noted, and the /5 parameter ~; was set per unit
so that its sum with the corresponding diagonal term coming from the correlated prior was 0.1.
These values for the parameters of the loss function were selected because they gave good inference
performance for the example inputs used in the text. The integration time constants of the mitral cells
and latent feature units were 7y, = 50 msec. and 7, = 100 msec., respectively. These were selected
because they were biologically realistic and gave smooth dynamics that converged within respiration
time. We used first-order Euler integration with a step size of 200usec to integrate the dynamics. All
simulations were carried out in python version > 3.9 running on a mid-2015 2.8 GHz Intel Core i7
MacBook Pro, and all individual simulations ran in about one minute or less.

S2.1 Figure 1

To generate the connectivity matrices in Fig.[TIE-G we first generated our desired affinity and correlated
prior. We simulated a system with A = 20 input channels and N = 50 latents. The affinities of the
input channels for the latents were selected independently from the uniform distribution over [0 — 3].
The number of sister cells sampling each input channel was selected independently and uniformly at
random from the integer range 10 — 20. Given this large number of sister cells per input channel,
we could use a correlated prior that involved all N = 50 of the latents. We generated such a prior
by setting a random 10% of the upper triangular elements of an N x N matrix to 0.1, adding the
result to its transpose, and finally setting the diagonal elements to 1. The sparsity and strength of the
correlations were set to ensure that the resulting matrix remained positive definite. We then scaled the
result by o2y, so that when scaled down by oiys (see Eqn. (8)) the diagonal elements would equal
the ¢5 prior ~.

With the affinity and correlated prior selected in this way, we generated connectivity to achieve it
using the geometric approach described in Sec.[3] We first generated the S x N matrix W with
unit norm columns and angles set by the desired correlations, and performed SVD on it, keeping the
product of the singular values and right eigenvectors Sy, V{;,. We then constructed the constraint
matrix B, computed its right eigenvectors V 5 and an orthonormal complement V. We replaced
the column space of W by applying a random N x N orthonormal matrix R to this complement, so
(updating W),
W = ViRSy V.

The matrix in Fig.[TEi used such a random matrix. For the weight matrix in Fig. [[Fi we optimized
over R to find sparse solutions by minimizing the sum Sy |W| with By = 10, doing so 5 times with
random initializations and keeping the sparsest result. For the weight matrix in Fig.[T|Gi we used a
weighted penalty based on input channel, where By for weights for sister cells sampling the first
channel was 0, those sampling the second was 1, and so on. We again repeated this procedure 5 times
with random initialization, and kept the best result. Once W was determined in this was, we scaled
the columns of W to their required lengths. Optimizations were performed using the pymanopt
package using its SteepestDescent optimizer. The resulting matrices are what are plotted in Fig. [T} In
the final step, we added the affinities of the corresponding channel for the corresponding latent to
every weight, to achieve the affinity condition.

S2.2 Figure 2

To generate the inference results in Fig. PJA we simulated a system with A/ = 50 input channels,
N = 200 latents, and a random number between 4 to 9 sisters per channel. Our correlated prior
promoted coactivation of the first n = 5 latents. We achieved this with a correlation matrix with
identity diagonal, and —0.24 off-diagonal for the first nzn block. This was then scaled by o2y (see
previous section). Other parameters were as in Figure 1. In panel A we were only interested in the end
result of inference so instead of simulating the dynamics we simply computed their solution by solving
the convex optimization directly, using the cvxpy python package with the SCS solver. In Fig. 2B
we were interested in the dynamics so simulated them, with the same parameters. In Fig. 2C we were
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again only interested in the end result so we minimized the loss directly using convex optimization.
We computed the results for different settings of receptor and inference noise standard deviation,
testing every combination of o, = {0.1,0.2,0.5,1,2,5,10} and oy = {1, 2,5, 10, 20,50, 100}.
The receptor standard deviation was used to generating random noise on each of 5 trials to corrupt the
receptor input generated by the presence of the first n features at unit concentration. For each circuit,
we found the setting of oy, that gave the best trial-averaged error at each noise level, and reported the
results for each o, using that setting.

S2.3 Figure 3

The simulations in Fig. B]Ai,Bi,Ci we used the connectivity and parameters described in the details of
Figure 1, and ran the dynamics of these three circuits for three stimuli, each consisting of a single
latent at unit concentration. Temporal similarity indices for comparing sister cell responses were
defined as the Pearson correlation of responses over the first 1.5 seconds following stimulus onset. In
Fig. E]Aii,Bii,Cii we ran the three circuits for 50 stimuli, each consisting of one of the latent features
at unit concentration. For each input channel and stimulus we then computed the average response
similarity among all pairs of sister cells, and plotted these per channel, labeling similarities below 0.3
as diverse (orange), those above 0.7 as stereotyped (bronze). In Fig. BJAiii,Biii,Ciii we plotted the
cumulative distribution of response similarities pooled over all input channels and stimuli.

S2.4 Figure 4

In Fig. ] we estimated correlation priors from the experimentally recorded responses of [9] by
assuming ‘grandmother cell’ feature representations to relate responses directly to connectivity. The
only unknowns were then the inferred concentration for each odour. In Fig. A we assumed all these
concentrations were the same constant value, in Fig. E]B we used an ad-hoc function of the vapour
pressures listed in Table@] and in Fig. Ep we used concentrations whose inverses, as a vector, was
the principal eigenvector of the matrix of absolute value of covariances. Since the experimental data
were pooled across multiple experiments, we first normalized the odour responses of each sister cell
by its standard deviation across stimuli. We then scaled the odour responses by the inverse of the
assumed inferred concentration for each odour. Next, for each input channel, we computed the biased
covariance of the odour responses across sister cells. We used biased covariance so that the required
division was by the number of sister cells, not this number mminus 1. We then weighted the resulting
odour x odour covariance by the number of sisters in a glomeruls, and summed the result to produce
the overall correlation prior (see Eqn. (I0)).

15



S3 Miscellaneous

Table S1: Vapour pressures for odours used in [9].

Odour

Vapour Pressure (mmHg)

Nonanoic Acid
2-Hydroxyacetophenone
1-Nonanol
2-Phenylpropionaldehyde
1,2-Dimethoxybenzene
Ethyl Valerate
Trans-Anethole
2-Nonanone
2-Methyl-2-Butanol
Benzaldehyde
Hexanoic Acid

Methyl Valerate
Benzyl Acetate
1-Heptanol
alpha-Terpinene
Acetophenone
Valeraldehyde

Geranyl Acetate
(+)-Fenchone

Ethyl Heptanoate
4-Allylanisole
Cyclohexanol
Dodecanal

Propyl Acetate
1,4-Cineole

Guaiacol

Butanoic Acid

Methyl Salicylate
2-Methoxy-4-Methylphenol
2-Heptanone

Nonanal

cis-3-Hexenyl Tiglate
Ethyl Caproate
Eugenol
S-(+)-Carvone

Methyl Benzoate
Octanal

Valeric Acid

Mineral Oil
2,4-Dimethylacetophenone
Eucalyptol

Ethyl Tiglate
Undecanal
R-Citronellic Acid
Methyl Butyrate
R-(+)-Limonene

Ethyl Butyrate
4-Methyloctanoic Acid
Ethyl Acetate
4-Methylacetophenone

9

86

41
294
0.47
4.745
69
645
16.8
1.27
158
11.043
177
325
1.64
397
31.792
256
463
0.68
0.21
975
34
35.223
1.93
78
1.65
343
78
4.732
532
306
1.665
104
66
0.38
2.068
452

0

63
1.9
4.269
83

5
35.9
198
12.8
6
111.716
187
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: We show how sister cells can be used to perform inference with correlated
priors in Sec.[2] how the weights can be constructed in Sec. [3| the efficacy of such priors in
Sec. ] comparison to experimental findings in Sec.[5] and how priors can be estimatd from
responses in Sec. [6]

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: Yes, these are outlined in the ‘Limitations’ section of the discussion.
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

¢ The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [Yes]

Justification: All proofs are either provided in the Main Text, or outlined there and provided
in detail in the Supplementary Information.

Guidelines:

» The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

¢ Theorems and Lemmas that the proof relies upon should be properly referenced.
. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The procedures used to generate the results in the figures are summarized in
the Main Text and described in detail in Sec.[S2.1to Sec.[S2Z.4] All code and data required
to reproduce the results in this work are provided in the supplementary material. Linking to
the github repository here would break anonymity, but a link will be provided should the
paper be accepted.

Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
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some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: All code and data needed to reproduce the results in the paper are provided as
specified in the answer to the previous question.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

 The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).
* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: We provide these either in the Main Text or in the Supplementary Information.
Guidelines:

» The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

¢ The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: Yes - this was only relevant for Fig. 2[C and we provide the details there and in
Sec.
Guidelines:

» The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.
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8.

10.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

¢ For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: We provide these in Sec.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]

Justification: The work here was a pure simulation study and did not involve any human or
animal subjects. Datasets used abided by the Ethics guidelines. The work here presents no
risk of societal harm.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]

Justification: The work here is about how natural and artificial systems can be architected to
perform more accurate inference and there are no direct paths to negative societal impacts.

Guidelines:
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11.

12.

» The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: The paper outlines a simple architecture based on the olfactory system, uses
no scraped data, and does not have a high risk of misuse.

Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: We compare our results to the experimental findings of [9] and cite them
throughout.

Guidelines:
* The answer NA means that the paper does not use existing assets.

 The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.
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14.

15.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: No new assets were released.
Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
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* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used

only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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