The army of one (sample): the characteristics of sampling-based, probabilistic neural representations
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The Bayesian framework for perception

The brain makes use of internal models of the environment in order to resolve
ambiguities and estimate uncertainty.

2 prior distribution
i internal models over possible causes, x
3 prior knowledge P(x)

posterior distribution
of causes given input
“Dalmatian dog

¢ Plyx)P(x
ina park perception P(x]y) ] (; )
T Bayes' theorem
evidence

sensory input, y

from visual input

Behavioral evidence:

+ Classical conditioning (C:
Perceptual processes (
Visuo-motor coordination (Kording
Cue combination (Atins Res Ernst & Banks Nature 2002)
Decision making (Trommershéauser et al. TICS 2008

High-level cognitive processes (Griffi Tenenbaum, TICS 2006)
Visual statistical learning (Orban et al. PNAS 2008)

Probabilistic computations in the brain

How do neurons represent and compute with probability distributions?
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Sampling-based representations: open questions

has great unbiased, arbitrary i in
Iti ional, multi-modal 1s. The brain needs to make decision in real
time in a constantly fluctuating environment. Is this proposal for neural representation of
uncertainty viable in practice?

Frequently asked, open questions:

1) How can neural circuits generate samples from a particular internal model?

2) How many (independent) samples are required to make accurate estimates?
How long does it take to generate independent samples?

3) What happens when the input is not stationary? Is it possible to obtain accurate
estimates then? How do the dynamics of the Markov chain operator interact with the
temporal dynamics of the stimulus?

4) Does a limited number of samples lead to a bias in learning?

1) How can sampling be implemented in neural circuits?
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Gibbs sampling: The state of a neuron is sampled conditioned on the (estimate of)
the state of the other neurons and the current input:

xp ~ P(xp|zog,y)

P(ax) = Paparse(i) o exp(f(xx))
— . . 2

P(y|x) = Norm(y; Gx, 7;))

Gibbs sampling equations can be turned into simple neural network architecture:
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Sampling-cased remain
of experimental observations:

« trial-by-trial variability

« spontaneous activity (Berkes, Orban, Lengyel, Fiser, 2011)

+ compatible with human behavior in single trials: “one and done” (Vul et al., 2009)

but are with a number

F Monte Carlo: augment model variables with ‘momentum variables’, in
analogy with physical system

Langevin sampling: special case of Hamiltonian MC; following dynamics for a single
step at each iteration, one can get rid of the momentum variables, which results in this
dynamical equation:

xp(~E(x))

defines a neural
network dynamics

For example, for a Linear Dynamical System
(Kalman filter):
P(x¢|x¢—1) = Norm(x;; Ax;—1, %)

P(y|x:) = Norm(y; Wx, o)

Corresponding Langevin dynamics:
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Sampling-based cue combination model
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Simple model, well-studied in ic case with
upper bound on sampling performance:
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Sensory neurons: Gaussian tuning curves
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Neurons are sampling from  P(x¢|ry,ra) using a Langevin dynamics:
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2) How many samples for accurate estim
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extreme precision is not needed, a handful of samples can be enough.

How does the of an
samples compare to the the optimal Maximum Likelihood
asymptotic behavior is 1/sqrt(T), but there is an additional sca
dynamics of the MCMC.
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3) What happens for non-stationary input?

A time-varying input is not a problem if the internal model capture its
dynamics. Benefits: no burn-in, tighter posterior, deal with missing
data (e.g., occlusion).
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4) Is learning possible with a small number of samples?

Accurate learning is possible even with a very small number of
samples.

Before learning Online learning in dynamical model, using EM:
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Conclusions

« Using a sampling-based model including temporal dependencies, we were able to
reproduce previous results of parametric models on a cue-combination task.

+ Sampling is a highly plausible its is to an optimal
ML estimator even for a small (~ 1-30) number of samples.

+ Learning can be done efficiently with just a few samples, and the learning equations are
a simple function of neural activity (cf. Poster 11-52).

+ The current results represent an upper limit for sampling performance in realistic
models.




