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How does caloric deprivation affect
neural population codes?



Motivation

D 2-3 weeks: 15% loss in body weight
' 4 4

Calorie
deprivation

In neocortex (L2/3)
 ~29% reduction in ATP usage

* Firing rates are maintained

Processing visual input requires a considerable * Flattened tuning curves

amount of energy.
What happens to processing when energy is limited? | Flatten |/\

[Padamsey et al., 2022]

Is there any normative model that can describe
this adaptation to metabolic stress?



Homeostatic Constrained Optimization

argmax fp(s)f(FI(s;E))ds, s.t. /p(s)hn(s) ds = R,, Vn

hi(:),...,hn(+)

Optimize tuning curves to transmit information efficiently w.r.t. energy while maintaining FR.

Accurate but not explainable due to requirement of numerical solvers
[Ganguli & Simoncelli, 2010]

el Juug

Need simplifying assumptions:
Gaussian population, gain and density

Firing rate

infomax: f(x) = log(x) = LO norm
discrimax: f(X) = —x"1 > L2 norm (centers and density)



[Ganguli & Simoncelli, 2010]

Comparison to Prior Work
£ |
Works Constraints Constraints under Tiling Noise Low Energy
Ganguli & mean FR [ p(s)g(s)ds =R Poi R |, shortens
Simoncelli | population size [ds)ds=N _ " OO (N fixed)
Wang et al. max FR g(s) x 1 Poisson or C |, widens
total FI states [+/g(s)d(s)2ds = C Gaussian (g fixed)
energy p(s)g(s)*ds = Energy-dependent  E |, flattens
Ours . g(s) __ R(s) . .
approx. homeostasis d(s) = (o) Dispersed Poisson  (R(s) fixed)
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Wrong constraints - Wrong adaptation!

Ganguli & Simoncelli, NeurlPS 2010
Wang et al., Neural Computation 2016



Proposed Model

Firing rate

* Two novel constraints: homeostasis, energy budget

* Noise-energy trade-off gives 3 new parameters (E, alpha, eta) that
we ground in biophys sim

argmax/p(s)f ("75 (E)_lg(s)d,(s)2) ds, Approximate information in gain and density (Append. A)
g(-),d(-)

S.t. p(S) % = R(S) Approximate FR homeostasis (Prop. C.1)

/p(s)g(s)ads = F, where a>1. Energylimit



Model Details --- energy limit

/

Expected ATP in
natural scenes

[ Pe)a(s)ds = B, where a > 1

Flattened TCs are less

excitable, have lower peaks

Firing rate
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Padamsey et al., Neuron 2022



argmaxfp(s)f (nn(E)’lg(s)d(s)z) ds,

g(),d(")
q(s)

Analytical Solution 0l =m0

)
]}9(8)9( )*ds = E, where a > 1.

informax: f(x) = log(x) = LO norm

discrimax: f(x) = —x~1 = L2 norm
infomax discrimax L, error,p = —20
Optimized function f(z) = logx flx) = -z flz)=—-2", B <2
Density
. . _1 1 _1 1 —a—1 at1l 1 a—pf B—«
(tuning width) E~R(s)7'p(s) o EaR(s) et3 p(s)at3 o< EoR(s)3F-cap(s)3s—a
d(s)

T . . T S T -2 1., (28 T =28
__Gaimg(s) ____E " x ExR(s)=3p(s)o+s_ o E=R(s)%-=p(s)5F-
Fisher 3 ) 3 2a 3 —2a

information x WE(E%S()SF o« —Eeps)ets X Eap(s)w;z
FI(s) ) M (E)R(s) o3 N (E)R(s) *=35
~ Discriminability . ..
bound x E7ap(s)™* x E %o p(s)a+s x E7a p(s)38-a
5min(3)

E,a,n, canbe found by simulation (Sec. 4), but first...!



Relation to Existing Models

We introduce novel
constraints!

We can generalize to other
methods although using
novel constraints!

Ganguli & Simoncelli, NeurlPS 2010
Wang et al., Neural Computation 2016

Works Constraints Constraints under Tiling Noise Low Energy
Ganguli & mean FR [ p(s)g(s)ds =R Poisson R |, shortens
Simoncelli | populationsize Jd(s)ds=nN_ _ T (Vfixed)
Wang et al max FR g(s) x 1 Poisson or C' |, widens
o total FI states [Vg(s)d(s)?ds =C Gaussian (g fixed)
Ours energy I p(s)g(s)*ds = E Energy-dependent  E |, flattens
approx. homeostasis % = % Dispersed Poisson  (R(s) fixed)
Our Energy Constraint with Reduced
Framework Constraint Homeostasis E-—R Framework
9(s) _ R(s) MOUNER" Ganeuli &
d(s) — p(s - Rz—= anguli
/ p(s)g(s)ds = E u)» population ~ | Simoncelli
Size (shortens)
g(s) x 1
a(s) _ R(s) s
d(s) — p(s R(s) := & Wang
grl:;:;ll /p(s)g(s)gds =F —>( } P total FI c et al.
& states (widens)
1
Constant &=
Cell _ _ c1 ‘
SimulaA ATP use firing rate lowes{ I:)(;ise T =10+ & 5 S;L::rﬁcic
avatlable (flattens)




How to set the parameters (a« and n,.)?

* We find the noise/energy trade-off curve by simulation single-
compartment neuron model (NEURON package).

(a) Biophysics Simulator k) Energy Terms Energy Cost © Optimal Noise/Energy Trade-offs
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How to set the parameters (a« and n,.)?

 We find

* The noise-energy trade-off curves depend on the input signal activity
* The linear relation between density and energy => a =1

* M =Mo+ /(€ —¢1)
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Compare to Experimental Data

Simulation-driven parameters Analytical solution
infomax
_ Optimized function  f(z) = logz
a = Density
— — . . -1 1 -1
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Conclusion

argmaxfp(s)f (nn(E)’lg(s)d(s)z) ds,
g(-),d(+)

g9(s) _
s.t. p(s)@ = R(s)

]p(s)g(s)"‘ds = FE, where a > 1.

* We introduce two mathematically-tractable constraints that
more accurately characterize real neurons’ response to metabolic

stress.

* Our framework generalizes previous models, and can recover
disparate results from the literature
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Biophysical simulation grounds key parameters of our model.

-24%
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