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How can slow, spiking neurons implement the fast probabilistic inferences needed to explain perception and cognition? Biological M I C rO_Sca I e P red I Ct I O n S Of S N M( z Say random variable X takes values in {1,2,...,[X]}. To represent tho dis
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neurons are millions of times slower than electronic computers, yet they can somehow approximate probabilistic inferences in veriable U, the ith assembly spikes as o Polsson process with rate
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complex probabilistic programs with many latent variables in real-time. Here we show how neurons could perform probabilistic in- SNMC Importan§§ sample.r circuit t.opology., sor’Fed given known sensory (t.halamo cortical) L4 input a.ccordlng to known mtya layer N,
ference, using massively parallel spiking assemblies to implement a novel neural coding scheme, called a dynamically weighted cortical connectivity, predicts multiple findings in hodology, synaptic physiology, and extracellular spike & field electrophysiology: N (r) " Poisson(h x P(X = i) x )
Monte Carlo spiking code. We prove that these assemblies generate approximate samples and make unbiased estimates of 1. Observed L2/3 sparse and L4/5 dense spiking and relative timing For seumpled value 2 € {1,2,..., X[}, we estimate P(X = slu) using
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probabilities and importance weights, enabling sound approximate inference. Sampled latent variables are sparsely coded, but 2.The existence of thala.mo cortical L4 Inputs . . Py < P e
probabilities and weights are densely coded, and can be read via time-varying, divisively normalized decoding of the dense spiking 3. The existence of specific cell types & synaptic physiology in L4/5 For any integer hyperparameter K, (eg. Kp = 15), If we take = 7p where
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from specific sub-populations. We show hqw to implement data-d riven artlﬁC|a.I neu ral network§ for ma.kln.g fast, bottom—u.p Spiking Neural Monte Carlo Circuit redicted Cortical Microcireuit Dynamically Welghted Representative Real 7 = the sualest e 7 5. 3 N4 (1) = K
proposals that are scored and corrected using a structured generative model, yielding new hybrids of distributed and localized Data Driven Proposal Sampling  Model Driven Scoring Data Driven Proposal Sampling Model Driven Scoring Monte Carlo Spiking e COrtical Spiketrains Then Bl — POX = ol
neural representations. These spiking neural Monte Carlo architectures scale exponentially better than probabilistic population Y i s L2 Q samoting and scor
M M M o utput samples to downstream circuits 111 . sampling and scoring
codes, and are neurally mappable, but unlike deep learning models, they also enable sound implementations of state-of-the-art 11/ 111 ( . (E— : wi o o S To represent the distribution Q(X[V), there are |X | assemblics. Given the valic
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model-driven Al architectures and inference processes from Bayesian cognitive science. We demonstrate generality by providing . ——— - Agg_,\xQ(xim
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spiking circuits for probabilistic program models of visual prey tracking by larval zebrafish, mental physics simulation by primates, sveameruis " " %%( TN o - — For = 12 the indox of the assembly which emitted the jth spike, 4y, i
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and human concept learning. We also present empirical support for this theory, confirming predictions for neural connectivity, A A A A A AL L, a b : - BT 45 QX )
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Hyperparameters: K,=15,K, =5 4 . R
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scales to real time perception and cognition e =
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Mental Simulation Concept Learning 3D Prey Tracking #Spikes_{+_} = #Spikes{ }(t #Spikes_{+ } = #Spikes(MUXJ(t) adapted from Sokata et ol 2011 2 Pseudo-Marginal Importance Sampling for One
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For an animal to efficiently track an object moving in 2D, using images on a
Topology and timing of sequential Monte Carlo - loading data, proposing variables, scoring variables, and resampling particles - predicts parallel cortico-subcortical loops for each particle, x5 retina, we need an efficient proposal distribution
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Size of Spiking Neural Representation here Grid,[1,1] Grid,[1,2] Grid,[1,3]
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Latent Variables Observed Variables (this paper) Standard PPCs Sequential Monte Carlo codes predict that T s SO
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Spiking Neural Monte Carlo requires exponentially fewer neurons than standard probabilistic population codes and ENS spiking codes. For low-dimensional probabilistic \ __/Ganglia o e == K particles. | runs inference in a dynamic probabilistic program
programs that only make a small number of latent choices, the difference can be modest in absolute terms. As the number of latent variables in the probabilistic program _ ’ ; o a
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grows, the cost of the neural representation for previously proposed schemes grows exponentially, rendering them impractical for the majority of perceptual and cognitive W' SR ars I T =
. . R PP o *df ‘|||| Each z; and y; may be a collection of values for many different variables (e.g.
inferences. (Ma, Beck, et al 2006, Legenstein and Maass 2014). Resample Hughes and Crunelli, 2006 ——— W y, might e 7 ging the ntensity of color at every point on an animal’s
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w; = p A pling steps with Resampling steps and Particle Gibbs MCMC “rejuvenation”

steps. Importance sampling uses two data-driven proposal distributions Qo (Xo|yo)
and Q, (X¢|ze—11e)

Initial importance sampling. At ¢ = 0, NV initial particles are generated and
weighted. For ¢ € {1,2,..., N}:

X5~ Qo(l%0)

wi ~ £0(Z0)Py(yolzo)
0 Qo(zo; yo)

SNMC model of human concept learning

SNMC model of primate physical scene understanding,

Constructing SNMC circuits
from Gen probabilistic programs R 20 7 e e
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Aj ~ Categorical(@;_,,W;_q,...,W; 1)

via data-driven cognitive MCMC

including data-driven ANN proposals

Here, ! is the normalized weight
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