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Abstract

It has been argued that perceptual multistability reflects probabilistic inference
performed by the brain when sensory input is ambiguous. Alternatively, more
traditional explanations of multistability refer to low-level mechanisms such as
neuronal adaptation. We employ a Deep Boltzmann Machine (DBM) model of
cortical processing to demonstrate that these two different approaches can be com-
bined in the same framework. Based on recent developments in machine learn-
ing, we show how neuronal adaptation can be understood as a mechanism that
improves probabilistic, sampling-based inference. Using the ambiguous Necker
cube image, we analyze the perceptual switching exhibited by the model. We also
examine the influence of spatial attention, and explore how binocular rivalry can
be modeled with the same approach. Our work joins earlier studies in demonstrat-
ing how the principles underlying DBMs relate to cortical processing, and offers
novel perspectives on the neural implementation of approximate probabilistic in-
ference in the brain.

1 Introduction

Bayesian accounts of cortical processing posit that the brain implements a probabilistic model to
learn and reason about the causes underlying sensory inputs. The nature of the potential cortical
model and its means of implementation are hotly debated. Of particular interest in this context is
bistable perception, where the percept switches over time between two interpretations in the case
of an ambiguous stimulus such as the Necker cube, or two different images that are presented to
either eye in binocular rivalry [1]. In these cases, ambiguous or conflicting sensory input could
result in a bimodal posterior over image interpretations in a probabilistic model, and perceptual
bistability could reflect the specific way the brain explores and represents this posterior [2, 3, 4, 5, 6].
Unlike more classic explanations that explain bistability with low-level mechanism such as neuronal
fatigue (e.g. [7, 8]), maybe making it more of an epiphenomenon, the probabilistic approaches see
bistability as a fundamental aspect of how the brain implements probabilistic inference.

Recently, it has been suggested that the cortex could employ approximate inference schemes, e.g. by
estimating probability distributions with a set of samples, and studies show how electrophysiological
[9] and psychophysical [10] data can be interpreted in that light. Gershman et al. [6] focus on
binocular rivalry and point out how in particular Markov Chain Monte Carlo (MCMC) algorithms,
where correlated samples are drawn over time to approximate distributions, might naturally account
for aspects of perceptual bistability, such as its stochasticity and the fact that perception at any point
in time only reflects an individual interpretation of the image rather than a full distribution over
possibilities. Gershman et al. do not provide a concrete neural model, however.

In earlier work, we considered Deep Boltzmann Machines (DBMs) as models of cortical perception,
and related hierarchical inference in these generative models to hallucinations [11] and attention
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[12]. With the connection between MCMC and bistability established, it is natural to explore DBMs
as models of bistability as well, because Gibbs sampling, a MCMC method, can be performed to do
inference. Importantly from a neuroscientific perspective, Gibbs sampling in Boltzmann machines
simply corresponds to the ‘standard’ way of running the DBM as a neural network with stochastic
firing of the units. However, it is well known that MCMC methods in general and Gibbs sampling
in particular can be problematic in practice for complex, multi-modal distributions, as the sampling
algorithm can get stuck in individual modes (‘the chain does not mix’). In very recent machine
learning work, Breuleux at al. [13] introduced a heuristic algorithm called Rates Fast Persistent
Contrastive Divergence (rates-FPCD) that aims to improve sampling performance in a Boltzmann
machine model by dynamically changing the model parameters, such as the connection strengths.
In closely related work, Welling [14] suggested a potential connection to dynamic synapses in the
brain. Hence, neuronal adaptation, here meant to be temporary changes to neuronal excitability and
synaptic efficacy, could actually be seen as a means of enhancing sampling based inference [2].

We thus aim to demonstrate how the low-level and probabilistic accounts of bistable perception can
be combined. We present a biological interpretation of rates-FPCD in terms of neuronal adaptation,
or neuronal fatigue and synaptic depression specifically. Using a DBM that was trained on the two
interpretations of the Necker cube, we show how such adaptation leads to bistable switching of
the internal representations when the model is presented with the actual ambiguous Necker cube.
Moreover, we model the role of spatial attention in biasing the perceptual switching. Finally, we
explore how the same approach can be applied also to binocular rivalry.

2 Neuronal adaptation in a Deep Boltzmann Machine

In this section we briefly introduce the DBM, the rates-FPCD algorithm as it is was motivated from
a machine learning perspective, and then explain the latter’s relation to biology.

A DBM [15] consists of stochastic binary units arranged hierarchically in several layers, with sym-
metric connections between layers and no connections within a layer. The first layer contains the
visible units that are clamped to data, such as images, during inference, whereas the higher layers
contain hidden units that learn representations from which they can generate the data in the visibles.
With the states in layer k denoted by x(k), connection weights W(k) and biases b(k), the probabil-
ity for a unit to switch on is determined by the input it gets from adjacent layers, using a sigmoid
activation function:
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Running the network by switching units on and off in this manner implements Gibbs sampling on a
probability distribution determined by an energy function E,

P (x) ∝ exp(−E(x)) with E(x) =
∑
k

−x(k)TW(k)x(k+1) − x(k)Tb(k). (2)

Intuitively speaking, when run the model performs a random walk in the energy landscape shaped
during learning, where it is attracted to ravines. Jumping between high-probability modes of the
distribution corresponds to traversing from one ravine to another.

2.1 Rates-FPCD, neuronal fatigue and synaptic depression

Unfortunately, for many realistically complex inference tasks MCMC methods such as Gibbs are
prone to get stuck in individual modes, resulting in an incomplete exploration of the distribution, and
there is much work in machine learning on improving sampling methods. One recently introduced
algorithm is rates-FPCD (Rates Fast Persistent Contrastive Divergence) [13], which was utilized
to sample from Restricted Boltzmann Machines (RBMs), the two layer building blocks of DBMs.
Rates-FPCD is based on FPCD [16], which is used for training. Briefly, in FPCD one contribution to
the weight training updates requires the model to be run continuously and independently of the data
to explore the probability distribution as it is currently learned. Here it is important that the model
does not get stuck in individual modes. It was found that introducing a fast changing component to
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the weights (and biases) to dynamically and temporarily change the energy landscape can alleviate
this problem. These fast weights Wf , which are added to the actual weights W, and the analogue
fast biases b(k)

f are updated according to

Wf ← αWf + ε(x(0)p(x(1)|x0)− x′
(0)

x′
(1)T

), (3)

b
(0)
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(0)
f + ε(x(0) − x′

(0)
), (4)

b
(1)
f ← αb

(1)
f + ε(p(x(1)|x0)− x′

(1)
). (5)

Here, the visibles x(0) are clamped to the current data item.1 x′
(0) and x′

(1) are current samples
from the freely run model. ε is a parameter determining the rate of adaptation, and α ≤ 1 is a decay
parameter that limits the amount of weight change contributed by the fast weights. The second
term in each of the parentheses has the effect of changing the weights and biases such that whatever
states are currently being sampled by the model are made less likely in the following. Hence, this
will eventually ‘push’ the model out of a mode it is stuck in. The first terms in the parentheses are
computed over the data and leads to the model being drawn to states supported by the current input.

Computation of the first terms in the parentheses in equations 3-5 requires the training data. To turn
FPCD into a general sampling algorithm applicable outside of training, when the training data is no
longer around, rates-FPCD simply replaces the first terms with the so-called rates, which are the
pairwise and unitary statistics averaged over all training data:

Wf ← αWf + ε(E[x(0)x(1)T ]− x′
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(x(1) is sampled conditioned on the data). The rates are to be computed during training, but can
then be used for sampling afterwards. It was found that these terms sufficiently serve to stabilize the
sampling scheme, and that rates-FPCD yielded improved performance over Gibbs sampling [13].

Let us consider equations 6-8 from a biological perspective, interpreting the weight parameters as
synaptic strengths and the biases as some overall excitability level of a neuron. The equations
suggest that the capability of the network to explore the state space is improved by dynamically
adjusting the neuron’s parameters (cf. e.g. [17]) depending on the current states of the neuron and its
connected partners (second terms in parentheses), drawing them towards some set values (first terms,
the rate statistics). All that is needed for the latter is that the neuron stores its average firing activity
during learning (for the bias statistics) and the synapses remember some average firing correlation
between connected neurons (for the weight statistics). In particular, if activation patterns in the
network are sparse and neurons are off most of the time, then these average terms will be rather low.
During inference,2 the neuron will fire strongly for its preferred stimulus (or stimulus interpretation),
but then its firing probability will decrease as its excitability and synaptic efficacy drop, allowing the
network to discover potential alternative interpretations of the stimulus. Thus, in the case of sparse
activity, equations 6-8 implement a form of neuronal fatigue and synaptic depression.

Preceding the introduction of rates-FPCD as a sampling algorithm, we also utilized the same mech-
anism (but only applied to the biases) in a biological model of hallucinations [11] to model home-
ostatic [18] regulation of neuronal firing. We showed how it helps to make the system more robust
against noise corruption in the input, though it can lead to hallucinations under total sensory depri-
vation. Hence, the same underlying mechanisms could either be understood as short-term neuronal
adaptation or longer term homeostatic regulation, depending on the time scales involved.

3 Experiments: Necker cube

We trained a DBM on binary images of cubes at various locations, representing the two unambiguous
interpretations of the Necker cube, and then tested the model on the actual, ambiguous Necker cube

1In practice, minibatches are used.
2Applied in a DBM, not a RBM; see next section.
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(a) Training and test set examples.

decoded hidden states

time
input

(b) Perceptual bistability.

Figure 1: (a): Examples of the unambiguous training images (left) and the ambiguous test images
(right). (b): During inference on an ambiguous image, the decoded hidden states reveal perceptual
switching resulting from neuronal adaptation. Four consecutive sampling cycles are shown.

(Figure 1a). We use a similar setup3 to that described in [11, 12], with localized receptive fields
the size of which increased from lower to higher hidden layers, and sparsity encouraged simply
by initializing the biases to negative values in training. As in the aforementioned studies, we are
interested in what is inferred in the hidden layers as the image is presented in the visibles, and
‘decode’ the hidden states by computing a reconstructed image for each hidden layer. To this end,
starting with the states of the hidden layer of interest, the activations (i.e. firing probabilities) in
each subsequent lower layer are computed deterministically in a single top-down pass, doubling the
weights to compensate for the lack of bottom-up input, until a reconstructed image is obtained in the
visibles. In this way, the reconstructed image is determined by the states in the initial layer alone,
independently of the actual current states in the other layers.

When presented with a Necker cube image, the hidden states were found to converge within a few
sampling cycles (each consisting of one up and one down pass of sampling all hidden layers) to one
of the unambiguous interpretations and remained therein, exhibiting no perceptual switching to the
respective alternative interpretation.4 We then employed rates-FPCD to model neuronal adaptation.5
It should be noted that unlike in [13], we utilize it in a DBM rather than a RBM, and during infer-
ence instead of when generating data samples (i.e. in our case the visibles are always clamped to
an image). The rate statistics were computed by measuring unit activities and pairwise correlations
when the trained model was run on the training data. With neuronal adaption, the internal repre-
sentations as decoded from the hidden layer were found to switch over time between the two image
interpretations, thus the model exhibited perceptual bistability.

An example of the switching of internal representations is displayed in Figure 1b. It can be observed
that the perceptual state is most distinct in higher layers. For quantitative analysis, we computed the
squared reconstruction error of the image decoded from the topmost layer with regards to either
of the two image interpretations. Plotted against time (Figure 2a), this shows how the internal
representations evolve during a trial. The representations match one of the two image interpretations
in a relatively stable manner over several sampling cycles, with some degradation before and a short
transition phase during a perceptual switch.

To examine the effects of adaptation on an individual neuron, we picked a unit in the top layer that
showed high variance in both its activity levels and neuronal parameters as they changed over the

3Images of 28x28 pixels, three hidden layers with 26x26 units each. Pretraining of the layers with CD-1, no
training of full DBM.

4It should be noted that the behavior of the network will depend heavily on the specifics of the training and
the data set used. We employed only the most simple training methods – layer-wise pre-training with CD-1 and
no tuning of the full DBM – and do not claim that more advanced methods could not lead to better sampling
behavior, especially for this simple toy data. Indeed, using PCD instead we found some spontaneous switching,
though reconstructions were noisy. But for the argument at hand it is more important that in general, bad
mixing with these models can be a problem that might be alleviated by methods such as rates-FPCD, hence
using a setup that exhibits this problem is useful to make the point.

5α = 0.95, ε = 0.001 for Necker cube, α = 0.9, ε = 0.002 for binocular rivalry (Section 4).
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(a) Match of internal state to interpretations.
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Figure 2: (a): Time course of squared reconstruction errors of the decoded topmost hidden states
w.r.t. either of the two image interpretations. Apart from during the transition periods, the percept
at any point matches one (close to zero error) but not the other interpretation (high error). (b):
Activation (i.e. firing probability) and mean synaptic strength (arbitrary origin and units) of a top
layer unit that participates in coding for one but not the other interpretation (dashed line marks
currently active interpretation). Depression and recovery of synaptic efficacy during instantiation
of the preferred and non-preferred interpretations, respectively, lead to changes in activation that
precede the next perceptual switch.

trial, indicating that this unit was involved in coding for one but not the other image interpretation. In
Figure 2b are plotted the time course of its activity levels (i.e. firing probability according to equation
1) and the mean synaptic efficacy, i.e. weight strength, of connections to this unit.6 As expected,
the firing probability of this unit is close to one for one of the interpretations and close to zero for
the other, especially in the initial time period after a perceptual switch. However, as the neuron’s
firing rate and synaptic activity deviate from their low average levels, the synaptic efficacy changes
as shown in the plot. For example, during instantiation of the preferred stimulus interpretation, the
drop of neuronal excitability ultimately leads to a waning of activity that precedes and, together with
the changes in the overall network, subsequently triggers the next perceptual switch.

For another trial where we used an image of the Necker cube in a different position, the same unit
showed constant low firing rates, indicating that it was not involved in representing that image.
The neuronal parameters were then found to be stable throughout the trial, after a slight initial
monotonic change that would allow the neuron to assume its low baseline activity as determined
by the rate statistics. Moreover, other units were found to have relatively stable high firing rate for
a given image throughout the trial, coding for features of the stimulus that were common to both
image interpretations, even though their neuronal parameters equally adapted due to their elevated
activity. This is due to the extent of adaptation being limited by the decay parameter α (equations
6-8), and shows that the adaptation can be set to be sufficiently strong to allow for exploration of the
posterior, without overwhelming the representations of unambiguous image features. Similarly, we
note that internal representations of the model when presented with the unambiguous images from
the training set were stable under adaptation with our setting of parameter values.

We also quantified the statistics of perceptual switching by measuring the length of time the model’s
state would stay in either of the two interpretations for one of the test images. The resulting his-
tograms of percept durations, i.e. time intervals between switches, are displayed in Figure 3a sep-
arately for the two interpretations. They are shaped like gamma or log-normal distributions, qual-
itatively in agreement with experimental results in human subjects [19]. There is a bias apparent
in the model towards one of the interpretations (different for different images). Some biases are
observed in humans (as visible in the data in [4]), potentially induced by statistical properties of the
environment. However, our data set did not involve any biases, so this seems to be merely an artifact
produced by the (basic) training procedure used.

6The changes to weights and biases are equivalent, so we show only the former.
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(a) Percept durations for both interpretations (left and right figures), with/without attention.
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Figure 3: (a): Histograms over percept durations between perceptual switches, for either interpre-
tation (left and right, respectively) of one of the test images. Ignoring the peaks at small interval
lengths, which stem from fluctuations during transitions, the histograms are very well fitted by log-
normal distributions (black curves, omitted in right figure to avoid clutter). Also plotted in both
figures are histograms with spatial attention employed (see Section 3.1) to one of the interior cor-
ners of the Necker cube (as shown in (b)). The distributions shift or remain unchanged depending
on whether the attended corner is salient or not for the image interpretation in question.

3.1 The role of spatial attention

The statistics of multistable perception can be influenced voluntarily by human subjects [20]. For
the Necker cube, overtly directing one’s gaze to corners of the cube, especially the interior ones, can
have a biasing effect [21]. This could be explained by these features being in some way more salient
for either of the two interpretations. An explanation matching our (simplified) setup would be that
opaque cubes (as used in training) uniquely match one of the interpretations and lack one of the two
interior corners. In the following, we model not eye movements but covert attention, involving only
the shifting of an internal attentional ‘spotlight’, which also has been shown to affect perceptual
switching in the Necker cube [22].7

The presented image remained unchanged and a spatial spotlight that biased the internal representa-
tions of the model was employed in the first hidden layer. To implement the spotlight, we made use
of the fact that receptive fields were topographically organized, and that sparsity in a DBM breaks
the symmetry between units being on and off and makes it possible to suppress represented informa-
tion by suppressing the activity of specific hidden units [12]. We used a Gaussian shaped spotlight
that was centered at one of the salient internal corners of the Necker cube (Figure 3b) and applied it
to the hidden units as additional negative biases, attenuating activity further away from the focus.

The effect of attention on the percept durations for one of the test images are displayed in Figure
3a, together with the data obtained without attention for comparison. For the interpretation that
matched the corner that was attended, we found a shift towards longer percept durations (Figure
3a, left), whereas the distribution for the other interpretation was relatively unchanged (Figure 3a,
right). Averaged over all test images, the mean interval spent representing the interpretation favored
by spatial attention saw a 25% increase vs. approx. no change for the other interpretation. Hence, in
the model spatial attention prolongs the percept whose salient feature is being attended. This seems
to be qualitatively in line with experimental data at least in terms of voluntary attention having an
effect, although specifics can depend on the nature of the stimulus and the details of the instructions
given to experimental subjects [23].

4 Experiments: binocular rivalry

Several related studies that considered perceptual multistability in the light of probabilistic infer-
ence focused on binocular rivalry [2, 5, 6]. There, human observers are presented with a different
image to each eye, and their perception is found to switch between the two images. Depending on

7We did not find an experimental study examining covert attention on the interior corners in unmodified
Necker cubes, which is what we simulate.
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(a) Percept vs. eye images for same category.
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(b) Percept vs. eye images for conflict. categories.

Figure 5: For binocular rivalry, displayed are the squared reconstruction errors for decoded top
layer representations computed against either of the two input images. (a): The input images came
from the same category (here, vertical bars), and fusing of the percept was prominent, resulting
in modest, similar errors for both images. (b): For input images from conflicting categories, the
percept alternated more strongly between the images, although intermediate, fused states were still
more prevalent than was the case for the Necker cube. The step-like changes in the error were found
to result from individual bars appearing and disappearing in the percept.

specifics such as size and content of the images, perception can switch completely between the two
images, fuse them, or do either to varying degrees over time [24, 25]. We demonstrate with a simple
experiment that the phenomenon of binocular rivalry can be addressed in our framework as well.

To this end, the same model architecture as before was used, but the number of visible units was
doubled and the units were separated into left and right ‘eyes’. During training, both sets of visibles
simply received the same images. During testing however, the left and right halves were set to
independently drawn training images to simulate the binocular rivalry experiment. The units in the
first hidden layer were set to be monocular in the sense that their receptive fields covered visible
units only in either of the left or right half, whereas higher layers did not made this distinction. As a
data set we used images containing either vertical or horizontal bars (Figure 4).

As with the Necker cube, perceptual switching was observed with adaptation but not without. Gen-
erally, the perceptual state was found to be biased to one of the two images for some periods, while
fusing the images to some extent during transition phases (Figure 5). Interestingly, whether fusing
or alternation was more prominent depended on the nature of the conflict in the two input images:
For images from the same category (both vertical or horizontal lines), fusing occurred more often
(Figure 5a), whereas for images from conflicting categories, the percept represented more distinctly
either image and fusing happened primarily in transition periods (Figure 5b). We quantified this by
computing the reconstruction errors from the decoded hidden states with regards to the two images,
and taking the absolute difference averaged over the trial as measure for how much the internal states
were representing both images individually rather than fused versions. We found that this measure
was more than two times higher for conflicting categories. This result is qualitatively in line with
psychophysical experiments that showed fusing for differing but compatible images (e.g. different
patches of the same source image) [24, 25].
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5 Related work and discussion

Our study contributes to the emerging trend in computational neuroscience to consider approximate
probabilistic inference in the brain (e.g. [9, 10]), and complements several recent papers that exam-
ine perceptual multistability in this light. Gershman et al. [6] argued for interpreting multistability
as inference based on MCMC, focusing on binocular rivalry only. Importantly, they use Markov
random fields as a high-level description of the perceptual problem itself (two possible ‘causes’
generating the image, with a topology matching the stimulus). They argue that the brain might im-
plement MCMC inference over these external variables, but do not make any statement w.r.t. the
underlying neural mechanisms. In contrast, in our model MCMC is performed over the internal,
neurally embodied latent variables that were learned from data. Bistability results from bimodality
in the learned high-dimensional hidden representations, rather than directly from the problem formu-
lation. In another study, Sundareswara and Schrater [4] model perceptual switching for the Necker
cube, including the influence of image context, which we could explore in future work. Similar to
[6], they start from a high-level description of the problem. They design a custom abstract infer-
ence process that makes different predictions from our model: In their model, samples are drawn
i.i.d. from the two posterior modes representing the two interpretations and are accumulated over
time, with older samples being exponentially discounted. A separate decision process selects from
the samples and determines what interpretation reaches awareness. In our model, the current con-
scious percept is simply determined by the current overall state of the network, and the switching
dynamics are a direct result of how this state evolves over time (as in [6]).

Hohwy et al. [5] explain binocular rivalry descriptively in their predictive coding framework. They
identify switching with exploration in an energy landscape, and suggest the contribution of stochas-
ticity or adaptation, but they do not make the connection to sampling and do not provide a compu-
tational model. The work by Grossberg and Swaminathan [8] is an example of a non-probabilistic
model of, among other things, Necker cube bistability, providing much biological detail, and con-
sidering the role of spatial attention. Their study is also an instance of an approach that bases the
switching on neuronal adaptation, but does not see a functional role for multistability as such, rele-
gating instead the functional relevance of adaptation to a role it plays during learning only. Similarly,
in earlier work Dayan [2] utilizes an ad-hoc adaptation process in a deterministic probabilistic model
of binocular rivalry. He suggests sampling could provide stochasticity, wondering about the relation
between sampling and adaptation. This is was what we have addressed here. Indeed, our approach
is supported by recent psychophysics results [26], which indicate that both noise and neuronal adap-
tation are necessary to explain binocular rivalry.

We note that our setup is of course a simplification and abstraction in that we do not explicitly
model depth. Indeed, in perceiving the Necker cube one does not see the actually opaque cubes
we used in training, but rather a 3D wireframe cube. Peculiarly, this is actually contrary to the
depth information available, as a (2D) image of a cube is not actually a 3D cube, but collection
of lines on a flat surface. How is a paradoxically ‘flat 3D cube’ represented in the brain? In a
hierarchical architecture consisting of specialized areas, this might be realized by having a high
level area that codes for objects (e.g. area IT in the cortex) represent a 3D cube, whereas another
area that is primarily involved with depth as such represents a flat surface. Our work here and
earlier [11, 12] showed that in a DBM, different hidden layers can represent different and partially
conflicting information (cf. Figure 1b). Finally, we also note that in preliminary experiments with
depth information (using real valued visibles) perceptual switching did still occur.

In conclusion, we provided a biological interpretation of rates-FPCD, and thus showed how two
seemingly distinct explanations for perceptual multistability, probabilistic inference and neuronal
adaptation, can be merged in one framework. Unlike other approaches, our account combines sam-
pling based inference and adaptation in a concrete neural architecture utilizing learned representa-
tions of images. Moreover, our study further demonstrates the relevance of DBMs as cortical models
[11, 12]. We believe that further developing hybrid approaches – combining probabilistic models,
dynamical systems, and classic connectionist networks – will help identifying the neural substrate
of the Bayesian brain hypothesis.
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