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Background
General Question: How does the brain represent
probability distributions?

(also: why would it want to?)

Two basic schemes:
1) Probabilistic Population Coding (PPC) (last week)
2) “Sampling Hypothesis” (today, building on 2 weeks ago)
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What does it mean “to sample”?
Example: say we want to represent that we believe the probability
of a reward on this trial is 1/3

• PPC scheme: neuron fires 33 spikes (out of max rate of 100)
• “Sampling” scheme: binary neuron responds with 1/3 probability
(or, spikes stochastically 1/3 of the time)

What does it mean “to sample”?
Example: say we want to represent that we believe the probability
of a reward on this trial is 1/3

• PPC scheme: neuron fires 33 spikes (out of max rate of 100)
• “Sampling” scheme: binary neuron responds with 1/3 probability
(or, spikes stochastically 1/3 of the time)

Note that response variability has very different interpretations:
• PPC: different spike counts

different distributions

• Sampling: variability required to represent a distribution;
variable responses across trials represent the same distribution.
(but note you need many neurons or multiple trials to represent
the distribution accurately!)

Other differences
Propose different semantics of neural responses:
• PPC: a neuron represents “bump” in the posterior distribution
• Sampling: neuron represents presence of a given feature in image

• PPC: has nonlinear “tuning curves” (extra layer of abstraction)
• Sparse Coding Model (SCM): projective fields are linearly
related to image being represented

• PPC: low-dimensional stimulus (e.g., orientation of a bar)
• SCM: high-dimensional stimulus (e.g., image patch)
• PPC: responses are parameters of the distribution represented
• Sampling: responses are random variables drawn from a
distribution that is to be represented

Fiser et al, TICS 2010

Stated goal:
• why use probabilistic representations
• unify “inference” and “learning”

what probabilistic representations are good for
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Figure 1. Representation of uncertainty and its benefits. (a) Sensory information is inherently ambiguous. Given a two-dimensional projection on a surface (e.g. a retina), it
is impossible to determine which of the three different three-dimensional wire frame objects above cast the image (adapted with permission from [96]). (b) Cue integration.
Independent visual and haptic measurements (left) support to different degrees the three possible interpretations of object identity (middle). Integrating these sources of
information according to their respective uncertainties provides an optimal probabilistic estimate of the correct object (right). (c) Decision-making. When the task is to
choose the bag with the right size for storing an object, uncertain haptic information needs to be utilized probabilistically for optimal choice (top left). In the example shown,
the utility function expresses the degree to which a combination of object and bag size is preferable: for example, if the bag is too small, the object will not fit in, if it is too
large, we are wasting valuable bag space (bottom left, top right). In this case, rather than inferring the most probable object based on haptic cues and then choosing the bag
optimal for that object (in the example, the small bag for the cube), the probability of each possible object needs to be weighted by its utility and the combination with the
highest expected utility (R) has to be selected (in the example, the large bag has the highest expected utility). Evidence shows that human performance in cue combination
and decision-making tasks is close to optimal [10,97].

learning in a probabilistic model
Trends in Cognitive Sciences Vol.14 No.3
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Figure 2. The link between probabilistic inference and learning. (Top row) Developing internal models of chairs and tables. The plot shows the distribution of parameters (twodimensional Gaussians, represented by ellipses) and object shapes for the two categories. (Middle row) Inferences about the currently viewed object based on the input and the
internal model. (Bottom row) Actual sensory input. Red color code represents the probability of a particular object part being present (see color scale on top left). T1–T4, four
successive illustrative iterations of the inference–learning cycle. (T1) The interpretation of a natural scene requires combining information from the sensory input (bottom) and

The basic idea of the statistical learning paradigm is to create an
artificial mini-world by using a set of building blocks to generate
several composite inputs that represent possible instances in this
world. In the case of visual statistical learning (VSL), artificial visual
scenes are composed from abstract shape elements where the
building blocks are two or more such shapes always appearing in
the same relative configuration (Figure I). An implicit learning
paradigm is used to test how internal visual representations emerge
through passively observing a large number of such composite

together, but also to pairs with elements that are more predictive of
each other even when the co-occurrence of those elements is not
particularly high [76]. Moreover, this learning highly depends on
whether or not a pair of elements is a part of a larger building
structure, such as a quadruple [79]. Thus, it appears that human
statistical learning is a sophisticated mechanism that is not only
superior to pairwise associative learning but also potentially capable
to link appearance-based simple learning and higher-level ‘‘rulelearning’’ [26].

statistical learning in humans

Figure I. Visual statistical learning. (a) An inventory of visual chunks is defined as a set of two or more spatially adjacent shapes always co-occurring in scenes. (b) Sample
artificial scenes composed of multiple chunks that are used in the familiarization phase. Note that there are no obvious low-level segmentation cues giving away the identity of
the underlying chunks. (c) During the test phase, subjects are shown pairs of segments that are either parts of chunks or random combinations (segments on the top). The
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Figure 3. Neural substrates of probabilistic inference and learning. (a) Functional mapping of learning and inference onto neural substrates in the cortex. (b) Probabilistic
inference for natural images. (Top) A toy model of the early visual system (based on Ref. [43]). The internal model of the environment assumes that visual stimuli, x, are
generated by the noisy linear superposition of two oriented features with activation levels, y1 and y2. The task of the visual system is to infer the activation levels, y1 and y2,
of these features from seeing only their superposition, x. (Bottom left) The prior distribution over the activation of these features, y1 and y2, captures prior knowledge about
how much they are typically (co-)activated in images experienced before. In this example, y1 and y2 are expected to be independent and sparse, which means that each
feature appears rarely in visual scenes and independently of the other feature. (Bottom middle) The likelihood function represents the way the visual features are assumed
to combine to form the visual input under our model of the environment. It is higher for feature combinations that are more likely to underlie the image we are seeing
according to the equation on the top. (Bottom right) The goal of the visual system is to infer the posterior distribution over y1 and y2. By Bayes’ theorem, the posterior
optimally combines the expectations from the prior with the evidence from the likelihood. Maximum a posteriori (MAP) estimate, used by some models [40,43,47], denoted
by a + in the figure neglects uncertainty by using only the maximum value instead of the full distribution. (c) Simple demonstration of two probabilistic representational
schemes. (Black curve) The probability distribution of variable y to be represented. (Red curve) Assumed distribution by the parametric representation. Only the two
parameters of the distribution, the mean m and variance s are represented. (Blue ‘‘x’’-s and bars) Samples and the histogram implied by the sampling-based representation.
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multivariate Gaussian distribution. At any given time, the activities of
neurons in PPCs provide a complete description of the distribution by
determining its parameters, making PPCs and other parametric
representational schemes particularly suitable for real-time inference
[80–82]. Given that, in general, the number of parameters required to
specify a multivariate distribution scales exponentially with the
number of its variables, a drawback of such schemes is that the
number of neurons needed in an exact PPC representation would be
exponentially large and with fewer neurons the representation
becomes approximate. Characteristics of the family of representable
probability distributions by this scheme are determined by the
characteristics of neural tuning curves and noisiness [16] (Table I).

dimensional distribution (Figure Ib). Such a representation requires
time to take multiple samples (i.e. a sequence of firing rate
measurements) for building up an increasingly reliable estimate of
the represented distribution which might be prohibitive for on-line
inference, but it does not require exponentially many neurons and —
given enough time — it can represent any distribution (Table I). A
further advantage of collecting samples is that marginalization, an
important case of computing integrals that infamously plague
practical Bayesian inference, learning and decision-making, becomes
a straightforward neural operation. Finally, although it is unclear how
probabilistic learning can be implemented with PPCs, sampling based
representations seem particularly suitable for it (see main text).

How to represent a 2D distribution
PPC
(2 populations)

Sampling
(2 neurons!)

Figure I. Two approaches to neural representations of uncertainty in the cortex. (a) Probabilistic population codes rely on a population of neurons that are tuned to the
same environmental variables with different tuning curves (populations 1 and 2, colored curves). At any moment in time, the instantaneous firing rates of these neurons
(populations 1 and 2, colored circles) determine a probability distribution over the represented variables (top right panel, contour lines), which is an approximation of

he cortex during real-time perceptual processes [65]. Imaging and
ti-electrode studies showed that spontaneous activity has large
e spatiotemporal structure over millimeters of the cortical surface,
the mean amplitude of this activity is comparable to that of
ked activity and it links distant cortical areas together [64,87,88]
ure I). Given the high energy cost of cortical spike activity [89],
se findings argue against the idea of spontaneous activity being
e noise. Further investigations found that spontaneous activity
ws repetitive patterns [90,91], it reflects the structure of the

increasing consensus that spontaneous activity might have a f
tional role in perceptual processes that is related to internal stat
cell assemblies in the brain, expressed via top-down effects
embody expectations, predictions and attentional processes [93]
manifested in modulating functional connectivity of the network
Although there have been theoretical proposals of how bottom
and top-down signals could jointly define perceptual proce
[55,95], the rigorous functional integration of spontaneous ac
in such a framework has emerged only recently [53].

spontaneous activity resembles evoked activity

is structured, correlated

re I. Characteristics of cortical spontaneous activity. (a) There is a significant correlation between the orientation map of the primary visual cortex of anesthe
left panel), optical image patterns of spontaneous (middle panel) and visually evoked activities (right panel) (adapted with permission from [66]). (b) Correla
ysis of BOLD signals during resting state reveals networks of distant areas in the human cortex with coherent spontaneous fluctuations. There are large
tive intrinsic correlations between the seed region PCC (yellow) and MPF (orange) and negative correlations between PCC and IPS (blue) (adapted with permi
m [98]). (c) Reliably repeating spike triplets can be detected in the spontaneous firing of the rat somatosensory cortex by multielectrode recording (adapted
mission from [91]). (d) Spatial correlations in the developing awake ferret visual cortex of multielectrode recordings show a systematic pattern of emerging s
elations across several millimeters of the cortical surface and very similar correlational patterns for dark spontaneous (solid line) and visually driven cond
ed and dashed lines for random noise patterns and natural movies, respectively) (adapted with permission from [64]).
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In darkness,
posterior = prior
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therefore,
spontaneous
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from the prior
Figure 4. Relating spontaneous activity in darkness to sampling from the prior,
based on the encoding of brightness in the primary visual cortex. (a) A statistically
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Figure I. Two approaches to neural representations of uncertainty in the cortex. (a) Probabilistic population codes rely on a population of neurons that are tuned to the
same environmental variables with different tuning curves (populations 1 and 2, colored curves). At any moment in time, the instantaneous firing rates of these neurons
(populations 1 and 2, colored circles) determine a probability distribution over the represented variables (top right panel, contour lines), which is an approximation of
the true distribution that needs to be represented (purple colormap). In this example, y1 and y2, are independent, but in principle, there could be a single population with
neurons tuned to both y1 and y2. However, such multivariate representations require exponentially more neurons (see text and Table I). (b) In a sampling based
representation, single neurons, rather than populations of neurons, correspond to each variable. Variability of the activity of neurons 1 and 2 through time represents
uncertainty in environmental variables. Correlations between the variables can be naturally represented by co-variability of neural activities, thus allowing the
representation of arbitrarily shaped distributions.

comparison of 2 schemes for encoding distributions

Table I. Comparing characteristics of the two main modeling approaches to probabilistic neural representations
Neurons correspond to
Network dynamics required (beyond the first layer)
Representable distributions
Critical factor in accuracy of encoding a distribution
Instantaneous representation of uncertainty
Number of neurons needed for representing
multimodal distributions
Implementation of learning

126

PPCs
Parameters
Deterministic
Must correspond to a particular
parametric form
Number of neurons
Complete, the whole distribution is
represented at any time
Scales exponentially with the
number of dimensions
Unknown

Sampling-based
Variables
Stochastic (self-consistent)
Can be arbitrary
Time allowed for sampling
Partial, a sequence of samples
is required
Scales linearly with the number of
dimensions
Well-suited
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match can be quantified as the divergence between
the average posterior and the prior:

the population activity within the visual cortex of
awake, freely viewing ferrets in response to naturalscene movies (aEA) and in darkness (SA) at four
different developmental stages: after eye opening at
postnatal day 29 (P29) to P30, after the maturation
of orientation tuning and long-range horizontal
connections at P44 to P45 (18), and in two groups
of mature animals at P83 to P90 and P129 to P151
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Fig. S2: Sparseness of neural representations over development. Changes over development
of three measures of sparseness: activity sparseness (AS, red), population sparseness
(TRpopulation , blue), and lifetime sparseness (TRlifetime , green), as defined in Methods. All three
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Conclusions
evoked activity
stimulus-dependent

spontaneous activity

P (r|y)

ignored

analyzed
P (r)

stimulus-averaged
�
P (r|y)P ∗ (y) dy

“classical” neural coding
(e.g., Rieke et al., 1997 )
information transmission

Schneidman et al., 2006
error correction

Luczak et al., 2009
coding robustness

this paper
probabilistic inference

Table S2: Approaches to neural activity analysis. Our approach assesses the statistical
optimality of an internal model for probabilistic inference and therefore it is conceptually
different from standard approaches in neural coding that focus on the optimality of information
transmission in a neural circuit by quantifying how easily a stimulus, y can be recovered from t
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• interesting, surprising account of “what spontaneous activity
means”

• key prediction: spontaneous activity matches average evoked
activity

• match gets better during development (learning story: “prior
is being tuned to average posterior”)

Conclusions
• sampling is great
• interesting, surprising account of “what spontaneous activity
means”

• key prediction: spontaneous activity matches average evoked
activity

• match gets better during development (learning story: “prior
is being tuned to average posterior”)

open question
• are there other stories consistent with the fact that the
average evoked activity has the same distribution as
spontaneous activity?

