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Introduction

The generative modeling or analysis-by-synthesis
approach is a probabilistic framework to understand
perception [9,14]. One major challenge for assessing
the relevance of this framework to cortical function is to
establish if and how the neural hardware implements
such probabilistic computations. We propose a novel
approach to this problem that, rather than testing a
specific generative model, looks for hallmarks in neural
activity that are fundamental features of the entire class
of generative models. By this approach, we can relate
physiological data to model predictions regardless of the
particular features of the model under assessment.

How can generative models be

traced down by experiments?

e The space of possible generative models is
extremely large

e The ‘exact’ generative model might be too complex

OUR APPROACH:
Look for hallmarks in neural activity that are
characteristics of the entire class of models

CURRENT FOCUS: Spontaneous activity

Spontaneous activity

Framework _

GENERATIVE MODELING HYPOTHESIS ~

e The visual system embodies a probabilistic model of
how visual elements (y, z) combine to form an image
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Visual perception

e Inverting the model to infer likely causes of the
stimulus: P(y|z)

e Result of inference: ideally, not a single estimate but a
posterior probability distribution

Neural data

e In the awake brain there is structured neural activity
not directly related to the stimulus
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e Accounts for electrophysiological and psychophysical A A A
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data (context-dependency, attention, illusions) [5,7,10] R
e Reproduces a variety of RF characteristics of V1 e Structure of neural activities are similar in stimulus
neurons [2,6,8,11,13] evoked condition and closed eye condition

SAMPLING HYPOTHESIS How can a distribution be Evoked _
represented by neural activity?

Sampling hypothesis [5]

Spontaneous

(Tsodyks et al, 1999)
e There are long-range correlations in neural activity
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Y2 —— Dark spont. activity

e Compatible with traditional interpretation: classical e
view relied on the marginals of the distribution (or the =
mean of it)

e Consistent with the observation of high trial-by-trial
variability [1,4,12]
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Model Results
In silico we can assume a specific generative model and e We compare EA and SA distributions under different
test our hypothesis under experimental conditions conditions

O O z | = P(2) =[] P(z) KL for natural and random image-evoked activities
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e Difference is expected to be smaller in a naive model
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KL in untrained network

LEARNING THE MODEL
e Pretraining with greedy RBM [13]

e Performing Expectation-Maximization on natural image
patches
1. Expectation: Gibbs sampling from the posterior

Naive model can not
distinguish between natural
and random image patches
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P (yilygny, 2, ) = PlyPlylz)  — pre gy = L PWEIPE) e Under experimental conditions, only a subset of
o oy P Pnlz) T B Pl P neurons can be accessed

2. Maximization: 0" = argmaxg [I1,) P(x[0) KL on partial observation
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Evaluation of differences In

P_, (y) dy

Partial data is sufficient for

SA and EA distributions 5 e evaluating the EA and SA
Kdllback-Leibler divergence (KL) is a principled tool for £ | cistrioutions
providing a measure of simarity between distributions: andorn

Conclusions

e Variability in evoked activity and spontaneous activity
have a common interpretation in the framework of

KL [Psa(y) , Pea(y)] = — / Psa(y) log Pealy) dy — H(Psa(y))

Cartoon of KL calculation

et +—Fmeay) Bayesian generative models
SA\Y ,, I. ' P;EA( ) . . . o .
I\ ’ e Distribution of spontaneous activity is related to the
VA, distribution of evoked activity through marginalizing
over the image statistics
Psa(y) Pnea(y) e We demonstrated a tool for evaluating distributions of
spike train data: KL divergence can be used for the
SA samples EA samples . characterization of the whole distribution of neural

activities even if only a few neurons can be measured
KL [PSA (y)a PITIEA(y)] PI?IEA (y)

e We only have samples from the distributions

e Samples from the SA can be used to perform a
Monte-Carlo integral:
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