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2.2 Modeling the Expansion/Normalization Architecture of
the PN-KC-APL Circuit

We then introduce the feedback divisive normalization architecture of the PN-KC-
APL circuit (see Fig.2), its parameterizations and their influence on the output
Kenyon Cell responses.

Figure 2: Model of odorant mixture processing in the early olfactory system and the PN-KC-APL
circuit architecture.

First described in [6], over 150 years of studies on MB provide detailed, numerous
anatomical and physiological properties of the KC circuitry. The estimated number
of KCs is &~ 2,000 [7]. KCs receive excitatory inputs from projection neurons (PN) in
the antennal lobe [8, 9]. Each PN innervates one of 50 sub-neuropil structures, called
a glomerulus [10, 11, 12]. PNs connect randomly to KCs [8]. On average, each KC
is driven by 6.2 PNs with some biases [8, 9]. Note that KCs also receive input from
sensory modalities other than the olfactory system [13, 14, 15]. These additional
inputs, however, are not the focus of this work. A key feature of the PN-KC-APL
circuit is that all KCs excite a giant GABAergic anterior paired lateral (APL) neu-
ron, which reciprocally inhibits all KCs [16, 17, 18]. While detailed connectomic data
of the adult fly brain reveals additional complexity of KC-APL connection [19], the
reciprocity is observed in the larva fly brain [20]. For Simplicity, we assume a global
feedback inhibitory APL to KC connection. Regarding the physiological character-
istics of the APL neuron, its putative analog in the locust (the giant GABAergic
neuron (GGN) [21, 22]) is non-spiking, suggesting that the APL neuron is likely a
graded potential neuron [23].

Physiologically, it has been reported that the PN response is dense for both monomolec-
ular odorants and mixtures [24, 25|, while the KC responses are 5 ~ 10% sparse (only
5—10% KCs react to an odorant stimulus at a time) [26, 27, 28, 18]. This sparsity has
been attributed to the feedback inhibition from APL to KC [21, 29, 30, 26, 31, 32].
While the exact APL to KC inhibition mechanism in the Mushroom Body Calyx is
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unclear, we applied the differential Divisive Normalization Processor model proposed
in [2] to describe the PN-KC-APL interaction in the KC Dendritic Tree. Therefore,
the PN-KC-APL circuit (shown in Figf2) is comprised of a PN-to-KC expansion
circuit and a KC-APL feedback normalization circuit.

3 Algorithms for Odorant Demixing

Assume that the PN/KC responses to pure odorants is known, the odorant demix-
ing problem seeks to evaluate the mixture processing of the olfactory pathway by
comparing the abilities to determine odorant component identities from the PN /KC
spatio-temporal mixture responses (spike rates) under the same concentration am-
plitude.

Assumption We assume that the steady state response (spike rate) to pure odor-
ants of constant concentration u is known. We denote the vector of steady state
response vectors (PSTH) to an odorant o by r,(u), o = 1,..., Ny, for a total of
No = 110 pure odorants. We define the dictionary of pure odorant responses as

R(u) = [r1(u),ra(u),. .., v, (u)] € RfXNO,

where N is the appropriate dimension of the population responses, e.g., N = 50 for
PNs and N = 2000 for KCs. While PN response is significantly less concentration
dependent than the OSN response [2], the dictionary R is parameterized by concen-
tration u to account for imperfect concentration-invariance of PN response.

Problem Definition We denote the response to an odorant mixture as x(¢). The
demixing problem is formulated as: given R(u), identify the odorant components of
the mixture from x(t).

e Algorithm Minimize the Frobenius norm

min |IX — WH||
Se{0,1}Nox¢ HeR{*"
subject to W =R(u)S
H>0
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where X = [x(t1),%(t2), -+ ,x(tr)] € RY*T is the mixture representation of
PNs or KCs sampled at different time instances 7' = {t1, ta, ..., t7}. We assume
that the mixture has C' odorant components, and S has C' columns - each
column vector is an indicator vector with only 1 non-zero entry. Therefore,
the constraint W = R(u)S restricts the columns of W to be a subset of the
columns of R(u). H is a non-negative matrix.

According to the model of the odorant space, an odorant is defined by its
identity and concentration. The identity is a time-invariant concept whereas
concentration varies over time. Therefore, the goal of the minimization above
is to factorize X into W and H, where W is time-invariant and represents the
identities of component odorants and H represents the “concentration wave-
form” of each mixture component in each row. At any single time instance,
there can be many choices to combine different identities and concentrations
together to obtain the response at that time instance, and thereby the choice is
ambiguous. The optimization problem explores the constancy of the identities
of mixture components across time to reduce this ambiguity. Thus, we are ba-
sically assuming that [X];;, the response of neuron (PN or KC) j at time ¢;, can
be linearly decomposed as [X];; = [ro, ;- [H]1i +[Top ] - [Hl2i +- - -+ [roc]; - [H] s,
where 01,09, -+, 0¢, are the C indices of columns of R(u).

e Evaluation To evaluate accuracy of demixing a binary odorant mixture, we
define a score of 1 if both components are identified correctly, 0.5 if only one
component is identified correctly and 0 if neither is identified. The score is
averaged over all pairs of mixture components.

4 Results

4.1 Expansion-Normalization Produces KC Responses with
Robust Sparsity

We showed that, by choosing parameters of the circuit in FigJ2]to enable strong APL
inhibition of KC Dendrite ( Figf3[B)), the KC response is robustly sparse across
odorant identities (Figf3[(A)), concentrations (Fig3(A)) and time (Figf3(D)). We
also showed in Fig3|C) that the sparsity level of the KC output is independent of
the number of KCs, and can be entirely controlled by changing the spiking threshold
of the KC Biophysical Spike Generator (BSG) and the number of PNs projecting
onto the same KC (PN-KC fan-in). Given the tight control over the sparsity of the
KC response, we therefore consider different PN-KC-APL circuit models that are
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parameterized by 1) the number of KCs and 2) the KC response sparsity level for
subsequent comparative evaluations of mixture processing.
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Figure 3: Parametrization of PN-KC-APL circuit enables robust sparsity of KC responses across
odorant identities, concentration and time. (A) KC sparsity across all 110 pure odorants with
known affinity values [T, B3] and concentrations spanning 4 orders of magnitudes. Blue solid curve
shows the average KC sparsity at each concentration level, light blue band around the mean value
shows +/- 1 standard error of KC sparsity level. (B) KC sparsity robustness vs. parameters of the
KC DNP model, for PN-KC-APL circuit with 1000 KCs and 7 PN-KC fanin. Each dot represents
a parametrization of the KC DNP model, and the dot is color-coded by the percentage of the KC
steady-state responses with sparsity within the 5-10% range. Note that the most robustly sparse
parametrization (top right corner, color-coded in yellow) is when & is large, indicating strong APL
inhibition of KC Dendrite. (C) Average KC sparsity across concentration and odorant identities
compared against number of KCs, PN-KC fan-in ratio and KC BSG threshold. The average KC
sparsity is determined by the PN-KC fan-in and KC BSG threshold, and is independent of the
number of KCs as all subfigures have similar KC average sparsity for a given (PN-KC fan-in,
KC BSG threshold) pair. (D) Example I/O and KC sparsity of binary mixture input. (1st row)
Concentration waveforms of two odorant components in the mixture. (2nd row) PN spatial temporal
spike rate (normalized to between [0,1]). (3rd row) KC spatial temporal spike rate (normalized to
between [0,1]). (4th row) KC sparsity across time.

4.2 Expansion-Normalization Promotes Foreground /Background
Mixture Separation in KC Responses

Based on the methodology described in the previous section, we compared the accu-
racy of demixing using the mixture representation before and after the PN-KC-APL

circuit (Fig|l).

With a total of 110 pure odorant components, 5995 binary odorant mixtures can
be constructed. Due to computational constraints, we randomly selected 100/5995
binary mixtures, each driven at 7 different concentration levels u at 9 different mix-
ture ratios 6, resulting in a total of 6,400 experiments for each circuit configuration.
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The same 6,400 experiments are repeated for 4 different PN-to-KC expansion ratios
[1,5,10,40] (note that the PN-to-KC expansion ratio in the 1st instar larval Mush-
room Body is &~ 5) each parameterized to produce KC steady-state responses at 3
different sparsity levels (5 ~ 10%, 20 ~ 30%, 40 ~ 50%). In total, without changing
the Antenna and Antennal Lobe circuits, 12 PN-KC-APL circuits are simulated, each
with 6,400 different binary mixture inputs. Each of the experiment is simulated for 5
seconds (simulation time) at 0.1 millisecond temporal resolution, with concentration
waveforms having temporal supports of [0.2,4.8] seconds. The resulting PN and KC
mixture spatio-temporal responses are sampled at 50 millisecond intervals, resulting
in 100 discretized time steps.

From each source separation result (a total of 32,000 for PN and KC, respectively),
we compute the identification accuracy accX, accl’, where acc® € [0,1] is the accru-
acy of identifying odorant components from mixture KC response as defined above,
and resp. acc? from PN response. Shown in Fig(main figure) is the average
difference in identification accuracy acc® — acc’, where each rectangle shows the
differences across concentration/mixture ratios (horizontal axis) and overall mixture
concentrations (vertical axis). In Figf|(inset), the difference in identification accu-
racy is further averaged across concentrations and mixture ratios, resulting in a scalar
value for each of the 12 circuit configuration. The differences are color-coded on a
Blue(negative)-to-Red(positive) scale, with Red corresponding to higher KC identifi-
cation accuracy than PN, and vice versa. As shown in Fig/(inset), KC outperforms
PN in identification accuracy for high expansion ratio level and with sparser KC
responses (lower sparisty level), this suggests that the odorant mixture separation
at the level of KC requires the Expansion-and-Sparsification in the PN-KC-APL cir-
cuit. In summary, our results showed that, to achieve better KC odorant demixing
performance, both a high PN-KC expansion ratio and strong APL inhibition of the
KC Dendrite (leading to low KC sparsity level) are required.


https://doi.org/10.1101/2022.09.20.508558

bioRxiv preprint doi: https://doi.org/10.1101/2022.09.20.508558; this version posted September 22, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

KC Sparsity Demixing Accuracy Difference aecX — aec?
PN-KC _ Across Overall Concentration and Mixture Ratio KC Better
Rapansion iR R
Ratio g 0.2
||
£ 01 §
Average Demixing Accuracy Difference 5 - 0.0 M|
o !
- -0.1 &
§° I v E - g
= € ~
& & 36403 0.2
s 0.05 s
2 w1 004 0.014 -0.023 “g g le+03 {I PN Better
§ 000 I S 3e+02
5 e 0.025 0.046 -0.0082 é
[ChRa . . 1e+02
o - -0.05
z —_
& g- ooos 0.049 0017 . £ Lex04
‘ 230403
510% 203 40~50% §
KC Average Sparsity % E le+03
S 3e+02 I J
S 1e+02 l
T le+04 I
2 3e+03
H
% le+03
S 3e+02 I .
S 1ev02 .

mmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmm

wwwwwwwwwwwwwww
ﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁ

Concentration Ratio 4! : 4/ Concentration Ratio 4! : 7/* Concentration Ratio 4! : 4/

Figure 4: Binary mixture demxing accuracy comparison between PN acc” and KC acc’. Heatmaps
are color-coded by the difference in recovery accuracy acc® — acc”’, where higher (Red) indicates
better recovery at the KC level than the PN level, lower (Blue) indicates better recovery at the PN
level than the KC level. (Inset) Average difference in demixing accuracy ace® —acc?” across mixture
identities, concentration and ratio for increasing PN-KC Expansion Ratios (from top to bottom)
and increasing KC average sparsrity levels (from left to right). (Main Figure) Average difference in
demixing accuracy acc — accl across mixture identities, plotted for each mixture concentration
and ratio. Each of the 12 subfigures correspond to a circuit architecture with specific corresponding
(PN-KC Expansion Ratios, KC Sparsity) as in the inset. The inset shows KC has higher demixing
accuracy than PN for higher expansion ratio (expansion) and low sparsity (sparsification), while
the main figure show that the KC demixing accuracy is higher at very high/low concentration ratios

(strong foreground and weak backround) and lower at intermediate concentration ratios.
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