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Abstract—Optimal computations under uncertainty require an
adequate probabilistic representation about beliefs. Deep gener-
ative models, and specifically Variational Autoencoders (VAEs),
have the potential to meet this demand by building latent rep-
resentations that learn to associate uncertainties with inferences
while avoiding their characteristic intractable computations. Yet,
we show that it is precisely uncertainty representation that suffers
from inconsistencies under an array of relevant computer vision
conditions: contrast-dependent computations, image corruption,
out-of-distribution detection. Drawing inspiration from -classi-
cal computer vision, we present a principled extension to the
standard VAE by introducing a simple yet powerful inductive
bias through a global scaling latent variable, which we call the
Explaining-Away VAE (EA-VAE). By applying EA-VAEs to a
spectrum of computer vision domains and a variety of datasets,
spanning standard NIST datasets to rich medical and natural
image sets, we show the EA-VAE restores normative require-
ments for uncertainty. Furthermore, we provide an analytical
underpinning of the contribution of the introduced scaling latent
to contrast-related and out-of-distribution related modulations
of uncertainty, demonstrating that this mild inductive bias has
stark benefits in a broad set of problems. Moreover, we find that
EA-VAEs recruit divisive normalization, a motif widespread in
biological neural networks, to remedy defective inference. Qur
results demonstrate that an easily implemented, still powerful
update to the VAE architecture can remedy defective inference
of uncertainty in probabilistic computations.

Index Terms—Uncertainty, Deep generative models, NeuroAl,
Probabilistic Inference, Explaining-Away, Divisive Normalization.
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I. INTRODUCTION

N adequate representation of uncertainty is key to

reliable decision making and sensory integration [1],
and thus its importance for artificial systems is increasingly
evident as flexibility, adaptation and multimodality become
widespread requirements. Maintaining an estimate of the un-
certainty associated with inferences permits better reasoning
about beliefs [2], generalization [3], and assessment of risks
associated with alternative decisions [4]. Furthermore, it al-
lows for more efficient use of acquired knowledge for learn-
ing [5]-[7], and downstream computations in a hierarchical
processing pipeline, among others. In particular, uncertainty-
aware Al systems are argued to be necessary for exploring
novel domains [8], [9]. Indeed, probabilistic machine learning
promises to deliver tools that are not only capable of inferring
best estimates but also the associated confidence in those
estimates [10]. In this context, generative models have been
advocated as a central framework for probabilistic machine
learning [11], [12]. Recently, deep learning has been elevated
to accommodate deep generative models, including generative
adversarial networks [13], variational autoencoders (VAEs)
[14], [15], and diffusion models [16]-[18]. In particular, when
learning a latent representation of the data, VAEs provide
an explicit representation of the uncertainty of inferences,
rendering them a central tool for applications that require
probabilistic computations [14], [19]-[21].

A key element of probabilistic computations is that evi-
dence, the likelihood, is combined with expectations, the prior,
to interpret observations, yielding the posterior distribution
whose width carries information about uncertainty of infer-
ences. Given the central role of uncertainty in VAEs, it is
crucial to evaluate to what extent uncertainty representations
fulfill elementary requirements set by probability theory. In-
deed, the capacity of deep generative models to faithfully
represent uncertainty has been questioned [22]. Focusing on
visual inference tasks, we first consider contrast, a salient vari-
able of natural image statistics, and identify four fundamental
requirements towards principled inference [23]. First, at zero
contrast, where the image carries no information, the inferred
posterior needs to be equal to the prior (Fig. 1a).

Second, with increasing contrast, observations become pro-
gressively more informative and the corresponding posteriors
should become increasingly distinct from the prior. Accord-
ingly, the average distance between the means of the posteriors
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Fig. 1. Characteristic properties of inferred posteriors as contrast is varied. a, Expected contrast-dependence of the posterior of a pair of latent variables
for three example images (image frame colors matching those of schematic posteriors). As contrast increases, posteriors (colored solid lines) progressively
deviate both from the prior (dashed line) and from one another (resulting in signal variance). We refer to the average distance between the prior’s mean and
the posteriors’ mean as signal mean. Meanwhile, uncertainty estimates, reflected by the width of the posterior, show concomitant changes. We refer to posterior
variance for a fixed image as noise variance as it does not stem from changes in the signal. b, Cartoon of expected contrast-dependence of signal mean,
signal variance and noise variance. ¢,d, Contrast-dependence of signal mean, signal variance and noise variance of latent posteriors in natural image-trained
VAE (¢) and EA-VAE (d, respectively, Supplementary Section II-B2). Prior statistics and observation noise are indicated in horizontal and vertical dashed
lines. e, Comparison of the inference and reconstruction process in the VAE and EA-VAE, EA-VAE featuring a multiplicative scaling latent variable, s. f,
Example image patches and reconstructions. g, Receptive filters of example latents in the VAE and EA-VAE. Informative/non-informative latent units are
surrounded by high/low saturation colored boxes (Supplementary Section II-B1). h, Inferred posterior samples of the scaling variable for individual patches
in the EA-VAE model, as a function of the measured contrast of these images.

and the prior, which we term signal mean, should increase
(Fig. la and b, top). Third, more informative observations
yield increasing variance in posteriors means (Fig. 1a and b,
center), usually called signal variance. Finally, with increasing
contrast observations become more informative, resulting in
decreasing uncertainty about the latent generative component,
i.e. decreasing posterior variance, referred to as noise variance
(Fig. 1a and b, bottom). However, in this work we show that
when training a VAE on natural images (Fig. 1f), although
contrast-dependence of the posterior mean matches these re-
quirements, contrast-dependent changes in posterior variances
are at odds with the promise of a faithful representation of
uncertainty (Fig. 1, cf. b and c).

We argue that this signature of inaccurate inference is a
consequence of the mismatch between the assumptions about
the statistics of latent representations and those characteristic
of generative factors underlying naturally occurring inputs. In
its basic formulation, latent variables in VAEs are assumed to
be either independent or linearly correlated. Natural stimuli,
however, have been shown to display strong nonlinear depen-
dencies between latents [24].

We propose a theoretically well-motivated and powerful
update to the standard VAE architecture, the Explaining-

Away-VAE (EA-VAE for short). EA-VAE incorporates an
inductive bias in the generative model by learning an extra
latent variable, which acts as a global multiplicative scaling
that is capable of modulating the variance of the data. This
extension was inspired by the Gaussian Scale Mixtures (GSM)
model [24], a simple yet powerful model of natural images for
compression and denoising, which has also been successful in
interpreting behavioral and neural data in biological percep-
tion [25]-[28]. As recruiting the scaling variable can explain
global changes in the input, the introduced scaling variable
can replace correlated modulations of latent activations upon
changes in image contrast. Hence the term explaining-away in
our EA-VAEs.

In this work, we demonstrate that EA-VAEs address a broad
set of issues concerning VAEs, beyond producing contrast-
dependent posteriors that match the fundamental requirements
of probabilistic inference: the reliable representation of the
posterior uncertainty contributes to enhanced inference ca-
pabilities in a broad set of tasks. First, we show that lim-
ited inference capabilities of VAEs are present in canoni-
cal computer vision domains such as handwritten character
recognition [29] and x-ray medical images [30], which are
consistently remedied by EA-VAEs. Second, we demonstrate
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that the introduction of the scaling variable in the generative
model shapes learned representations such that it promotes
disentanglement of latent variables. Third, we demonstrate
that EA-VAEs address challenges beyond contrast-dependent
inferences, correcting inference for image manipulations that
affect uncertainty and addressing a widely-known challenge
of VAEs: the detection of out-of-distribution data. Fourth, we
show the benefits of a more faithful uncertainty representation
through information fusion. Finally, we identify biologically
motivated properties of the recognition model of EA-VAEs
that complement the inductive bias introduced in the genera-
tive model through the scaling latent variable. We demonstrate
that improved inference in EA-VAEs is made possible by
computations that bear the signatures of a widely known
computational motif in biological neural networks: divisive
normalization [31], [32]. The results open up multiple novel
avenues of research, showing great promise for machine learn-
ing applications where uncertainty estimates are of importance,
such as information fusion or anticipation of failure modes.

II. METHODS

We start by presenting the formalism of standard VAEs,
which we subsequently use to introduce the EA-VAE. VAEs
learn about the statistics of data through discovering latent
variables, z € RP. Attractively, latent variables can be
considered as generative factors underlying data. This rela-
tionship between latent variables and data is summarized as
a generative model p(x|z), which is complete with a prior
distribution over latent features, p(z). Upon observing a new
data point, x € RM, an inference is made by calculating the
posterior distribution p(z|x). Obtaining an exact posterior is
in general prohibitive and VAEs establish a highly principled
approach to obtain an approximate posterior by learning a
recognition model, ¢(z|x). VAEs learn in a self-supervised
manner, reconstructing the input via the encoder and decoder
models, also referred to as the recognition and the generative
model. The encoder and the decoder are parametrized in terms
of neural networks with parameters ¢ and 1, respectively.
For any input x, the encoder calculates the parameters of
the variational approximation of the posterior, ¢, (z|x). After
taking a sample z from g, (z|x), the autoencoder attempts to
reconstruct the input by synthesizing X through the decoder,
py(x|z) (Fig. le, left). Depending on the pixel distribution
of the data, the likelihood can be a normal or a Bernoulli
distribution, with independent pixels in both cases.

The objective function to learn the parameters of the encoder
and decoder is formulated as the Evidence Lower Bound
(ELBO) [33]. This takes the form

ACVAE(X» ¢7¢) = 7Eq¢,(z|x) [10gpw(X|Z)]
+8Dx L(q4(z[x)p(2)), (1)

where the prior, p(z), is usually a standard normal distribution.
The first term expresses the reconstruction error, and the
second term acts as regularization, penalizing differences be-
tween the prior distribution and the approximate posterior. The

hyperparameter /3 determines the prior regularization weight,
and is linked to the assumed pixel observation noise o2, [34].

The expectation in the first term is not explicitly calculated,
but a Monte Carlo approximation is taken with a single sample
from the variational posterior. With this approximation, the
reconstruction error takes either the form of the cross-entropy
or quadratic loss between an input and its reconstruction for

the Bernoulli and normal likelihoods, respectively.

A. The explaining-away variational autoencoder (EA-VAE)

In this paper we propose a novel variational inference
architecture, specifically designed to improve uncertainty es-
timates. To that end, the EA-VAE extends the latent space
of standard VAEs with a scalar latent variable s € R that
acts multiplicatively in the decoder. That is, the mapping f(z)
in the generative model of a standard VAE is supplemented
by s such that the mean of the likelihood in the EA-VAE
is obtained as sf(z) (Fig. le, right). The scaling variable
is inferred simultaneously with the other latents, z. The
multiplicative contribution of s to the likelihood implements
a division of labor between latents: while traditional latents z
encode a variety of details about the input, s accounts for
overall variance in the pixel space. Intuitively, the scaling
variable can represent global modulations in an image without
changes in the content of the image. This division of labor
has the consequence that s is directly in charge of modulating
the model’s uncertainty about the input. Large values of s
encourage the network to represent the input with high fidelity
and certainty, while small values of s encourage the posterior
of z to collapse to the prior, reporting maximal uncertainty
(see mathematical derivation in Supplementary Section I).

For EA-VAEs, the variational posterior is a joint distribu-
tion: g4 (2, s|x), where ¢ and x denote the parameters of
the components of the encoder. A widespread approach for
VAE:s is to learn a variational posterior that assumes inde-
pendence among the latents. Accordingly, the joint variational
posterior of EA-VAE was broken down into two components,
¢s(2z|x) and ¢, (s[x). As s is meant to account for the joint
modulation of pixel intensities, a positive value is justified. As
shown later, the results are robust against the specific choice of
the variational posterior of s. We note that whenever a VAE
was contrasted with an EA-VAE, the total number of latent
variables was preserved to ensure a fair comparison.

The extended generative model yields an updated training
objective, that is, an updated ELBO:

LEA—VAE (X7 ¢7 ¢7 X) = _Eq¢(z\x) [logp(/} (X‘Z7 S)]
+51 Dk (40 (2[%)|p(2))
+P2DrL(gx(s[x)p(s)). ()

Here 31 and 5 denote the relative strengths of the prior regu-
larization terms of z and s and respectively. For reconstruction,
both z and s are sampled from their respective posteriors
before decoding.

Next, we present the specific VAE and EA-VAE architec-
tures investigated in the paper.
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B. VAEs for natural images

We explored the contribution of the scaling variable to
inference in VAEs using an architecture that featured a linear
generative model. In this model the scaling variable, s, can
be studied in detail as it has a well-defined role for the
representation of contrast. Our analysis is aligned with earlier
accounts by adopting a large-dimensional latent space, fully
connected layers, and a Laplace prior [35], [36]. We trained
the model on gray-scale natural image patches.

The Laplace prior serves a sparse coding approach, which
has historically been taken to capture natural image statistics
and recover the receptive field properties of neurons in the
primary visual cortex [37]. We hence employ these models as
a starting point for our analysis (though we will thoroughly an-
alyze VAEs with Gaussian priors in later sections). To ensure
that the KL divergence in the ELBO is analytically tractable,
we employed the Laplace distribution for the variational pos-
terior too: g4(z|x) = Laplace(z; pu(x), b(x)), with p(x) and
b(x) being the respective mean and scale parameters. The gen-
erative model for a given x is parameterized by a multivariate
uncorrelated Normal distribution py,(x|z) = N'(x; f(z), 02),
such that f(z) = A -z is a linear transformation, and s
is the observation noise (see Supplementary Section II-A for
detailed cost function)

The EA-VAE extension preserves the previous model struc-
ture and incorporates the scalar multiplicative latent variable
s (cf. Fig. S1 a and b). To avoid degeneracy in the image
reconstruction we assume s to be positive. We implemented a
range of variants for this: a softplus activated Laplace distri-
bution, a Log-normal distribution, and a Gamma distribution
(see Supplementary Section II-A for detailed cost functions).
We used the first variant as a default and used the variants as
controls.

C. VAE:s for other classic computer vision domains

We studied the properties of EA-VAEs on standard com-
puter vision datasets (MNIST, ChestMNIST, FashionMNIST,
NIH-ChestXray 14, Imagenet, see details in Section III-A). The
corresponding variational autoencoders were not restricted to
linear decoders and, as is common practice, convolutional
layers were also considered. As is standard in the field,
the variational posterior was a multivariate uncorrelated Nor-
mal distribution ¢,4(z|x) = Normal(z; u(x),02%(x)), with
wu(x) and o?%(x) the respective mean and variance vectors.
In the case of the EA-VAE the variational posterior of
the multiplicative variable, s, was log-normal: ¢, (s|x) =
Log-normal(s; v(x), £%(x)). Priors p(z) and p(s) come from
the same family as their respective variational posteriors but
with zero mean and diagonal unit variance.

When studying the models on the MNIST dataset, we
assumed a Bernoulli distribution in the decoder. This choice
is justified by the largely black-and-white distribution of pixel
intensities of digits. For other datasets (see details in Sec-
tion III-A), the decoder was parameterized by a multivariate
uncorrelated Normal distribution (Supplementary Section II-A
for detailed cost functions).

III. EXPERIMENTAL SETUP

A. Datasets

1) Natural Images: Following [38], we used the Van
Hateren dataset, composed of natural image patches of 40 x 40
pixels each [39] (6.4 x 10° images for training and validation
and 6.4 x 10% for test). The first set was further divided into
80% for training and 20% for validation purposes. Image
patches had already been preprocessed, whereby 100(1— %)%
of the higher frequency PCA components had been discarded.
By means of this filtering, the effective dimensionality of
the image space had been reduced to 1,256. Note that the
patch size remains unaltered. Additionally, for the case with
a Gamma scaling variable, the distribution of pixel intensities
was rescaled (dividing by an « constant) such that its mean
+ 3 standard deviations fit the range [0, 1], to have the same
range for all domains. This was important for the post-training
evaluations. Finally, the mean pixel intensity of each patch was
subtracted before the image enters the encoder network.

2) NIST datasets: We employed three popular NIST
datasets: MNIST [29], ChestMNIST [30] and FashionMNIST
[40], which contain standardized grayscale images for digits,
chest radiographs and fashion items, respectively. Each origi-
nal 28 x 28 pixelsize image was resized to 32 x 32 due to the
specific used architecture (Section III-B). The pixel intensities
for these canonical datasets are in the range [0, 1].

3) Contrast augmented NIST datasets: Augmented versions
of classic MNIST, ChestMNIST and FashionMNIST datasets
were synthetically generated in order to have a rich variety
in image contrast. We refer to these datasets as cMNIST,
cChestMNIST and cFashionMNIST, respectively. Each image
in the original dataset was first subtracted by 0.5, so the pixel
intensities move to the range [—0.5,0.5]. Then multiplied by a
constant ¢ sampled from a Log-normal distribution, and then
intensity was corrupted with a white noise vector 1, sampled
from a Gaussian distribution of null mean and o, standard
deviation

|
x™ = ¢ (X(’” — 2) +n. 3)

This process was repeated such that cMNIST, cChestMNIST
and cFashionMNIST datasets resulting in a 10-fold increase in
the size of the dataset. o, values for each dataset are detailed
in Table S2.

4) Shuffled pixels datasets: For testing purposes in the out
of distribution experiments, all testing subsets (Van Hateren,
MNIST, ChestMNIST, cMNIST, cChestMNIST, cFashionM-
NIST) were used to generate synthetically pixel shuffled
datasets. Given a specific testset of size (Njmg, Npiz), the
pixel-shuffled dataset is generated by performing random
permutation of pixels such that pixels will get permuted only
with pixels that are in the same location. By doing this,
the pixel-shuffled dataset would have the same likelihood of
observation, yet the information present in the shuffled image
will differ from the original datasets, constituting a useful
baseline for out-of-distribution detection.
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5) Higher-resolution datasets: To evaluate uncertainty rep-
resentations in more complex settings we resorted to two
further datasets. Firstly, Imagenet [41], [42], a widely used
benchmark for image classification, from which we selected all
three categories of human images from the standard validation
set: ‘Ball Player’, ‘Groom’ and ‘Scuba Diver’, as well as
three object categories: ‘Desk’, ‘“Wall Clock’ and ‘Bookcase’.
Secondly, we employed the NIH-ChestXrayl4 dataset [30].
This is a large-scale public dataset of frontal chest radiographs
released by the U.S. National Institutes of Health. It is com-
posed of 112,120 images from 30,805 unique patients. The
official dataset was split into 70% to train, 10% for validation
and 20% to test. Images were resized from 1024 x 1024 into
224 x 224, which is standard processing in medical image
analysis. Same as NIST datasets, the pixel intensities for these
images were set to the range [0, 1].

B. Implementation and training details

All results presented in the main text correspond to models
that were trained in Python with Pytorch 2.x. All models
were trained through Pytorch’s Adam optimizer, with learning
rate (Ir) and weight decay (wd) as detailed in Supplementary
Table S1 and Table S2, and all other Adam parameters set
to Pytorch’s default. We applied early stopping so that the
parameters were finally set at the epoch with best performance
on the validation images.

Following [38], beta-annealing was considered to train
models on natural image patches: we set 51 = 0.01 for the
first 100 epochs, linearly increasing to the final 51 = 1 over
the next 100 epochs. We observed that in the case of the EA-
VAE beta annealing had little effect in the training outcome.
The final value 5; = 1 was determined exploratorily such that
the decoder’s reconstructions did not present visibly strong
deviations from the original input. Results are robust with
respect to changes in these hyperparameters, with no abrupt
qualitative changes.

To rule out the possibility of our findings being contingent
on specific architectural choices, we explored three variants
of architecture and scaling variable family for the EA-VAE,
describing below the central model presented in the main
text in which the scaling variable is modeled as a softplus
activated Laplace distribution (See control variants details in
Supplementary Section II-A). The model implements the scal-
ing variable s with minimal update to the standard VAE archi-
tecture. Here s is coming from the same family of probability
distributions of the regular VAE latents, z but transformed by
a monotonous, invertible function to the positive half-space,
by use of a Softplus function. The homogeneous formulation
of different latent variables motivates a joint encoder for z
and s, yielding a joint variational posterior g4 (2, s|x). We
refer to this version of the model as the homogeneous version
(see Fig. Sla for detailed architecture). To avoid collapse in
the initial phase, a stronger regularization was applied on the
scaling variable in these models for the course of the first 100
epochs (82 = 10), which linearly decreased to 53 = 1 during
the next 100 epochs.

To train the VAE and EA-VAE on the NIST and NIH-
ChestXray14 datasets, we also incorporated convolutional lay-

ers to parametrize the encoder and decoder components, since
they are commonly employed in these domains (see Fig. Slc
and Fig. S1d for detailed architectures). In this case we used
latent dimension D much lower to input size, as a classic
dimensionality reduction model (See Supplementary Table S2
for complete hyperparameter values).

For the contrast augmented cMNIST, cChestMNIST and
cFashionMNIST models, the architectures were the same as
NIST datasets, except for the last layer which lacks the sig-
moid activation, corresponding to mean square reconstruction
error (see Fig. Slc for detailed architecture). 5; and [s
were fixed by Eq. S26 given the observation noise in the
augmentation process (See Supplementary Table S2).

All models were trained either on a GPU NVIDIA TITAN V
with a 64GB RAM memory (PC: 1) or on a NVIDIA GeForce
RTX 2080 Ti with a 64GB RAM memory (PC: 2). As a
reference, the time taken to achieve each respective best epoch
on PC 1 in this setting was of 62.2 hours for the VAE vs 67
hours for the EA-VAE trained on Van Hateren natural image
patches. That is, the improvement in uncertainty representation
in the EA-VAE comes at an expense of roughly an additional
10% computational time. In the case of the models trained on
MNIST and ChestMNIST employing convolutional layers, all
models took around one hour to complete the 500 epochs.

C. Post-training evaluation of VAEs and EA-VAEs

As a general form to evaluate the models’ representation
of uncertainty, we computed neurons responses in the latent
space for different observations. For all experiments involving
uncertainty in the latent space, we define the uncertainty of
the network for a given input x as the standard deviations of
the posterior g4 (z|x) averaged across latent dimensions,

u(x) = noise std. = mean o] (x). )
J

We call this as well the posterior width.

When evaluating models for inference on natural images,
latent units were discerned as informative or non-informative
according to their contribution to the dataset reconstruction.
All experiments were computed using only the informative
latent dimensions (experimental details in Supplementary Sec-
tion II-B).

To assess uncertainty representations in classic computer vi-
sion domains, models were evaluated in a series of experiments
that include out-of-distribution detection, image morphing
and image corruption (experimental details in Supplementary
Section II-C).

IV. RESULTS
A. Inference on natural images

To obtain a first intuition for the role of the explaining-away
variable s, we analyzed natural image patches, where contrast
is inherently present in the data, and therefore modulates
uncertainty of inferences about image content (Fig. 1f, top row
and Section III-A). First, we trained both a standard VAE and
an EA-VAE under identical conditions: employing the same
family of distributions, data and hyper-parameters. The only
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Fig. 2. Characterization of learned representations for different training data sets. Beyond natural image patches, contrast-augmented versions of the
MNIST and Fashion MNIST databases are shown. a, Latent posterior signal mean as a function of the measured contrast of a large set of test images for both
the VAE and the EA-VAE models. b, Inferred posterior mean of the scaling variable for individual images (dots) in the EA-VAE model, as a function of the
measured contrast of these images. Average mean shown as solid line. ¢, Direct comparison of the learned representation of a cMNIST-trained standard VAE
(blue) and an EA-VAE (red) both featuring a three-dimensional latent space. Top panels: Cross-sections of the latent space (see labels above panels). Dots
show the contrast of images generated from individual states of the latent space, with dot size proportional to the contrast of the generated image. Note that
cross sections for the EA-VAE correspond to different levels of the scaling variable. Bottom panel: Contrast of images generated from the three-dimensional
latent space of the standard VAE model at a fixed distance from the origin. The fixed distance was 2SD of the prior distribution.

difference is that in the EA-VAE we select one of the latent
variables to play the role of a scaling variable, multiplicatively
affecting the output. The total number of latent variables is
hence the same and the model complexity does not increase
in EA-VAE.

1) Latent representations: We find that both the VAE and
the EA-VAE can be successfully trained on this task in terms
of their capacity to reconstruct natural images (Fig. 1f and Fig.
S2a). The models also exhibited qualitatively similar latent
representations which were consistent with sparse-coding of
natural images, with a fixed set of latents showing localized
and oriented filters, and a smaller fraction showing unstruc-
tured filter properties (Fig. 1g and Fig. S2b).

2) Latent uncertainty: Characterization of latents through
filter properties informs us how the mean of the posterior
is modulated by image properties. In order to characterize
the relationship between how stimulus content and contrast
selectively contribute to latent activations, we characterize the
posteriors through the signal mean, signal variance, and noise
(or posterior) variance using natural image patches that display
changes in their effective contrast level. These quantities are
estimated in all cases as averages over the z latents and
over images binned according to true contrast (Supplementary
Section II-B2). Both VAEs and EA-VAEs showed increased
signal mean and signal variance with higher contrast, as

posteriors moved away from the prior and became more
distinct (Fig. 1, cf. c and d, top and middle panels). However,
in standard VAEs, posterior uncertainty (noise variance) does
not decrease with increasing contrast (Fig. 1c, bottom). Partic-
ularly, as contrast tends to zero, and local orientations become
progressively harder to distinguish, posterior uncertainty fails
to converge to the prior uncertainty. In contrast, EA-VAEs
display a decreasing uncertainty for higher contrasts. Consis-
tent with the assumptions of the generative model, as contrast
decreases below the assumed pixel noise level, the reported
noise variance in the EA-VAE saturates at the level of prior
uncertainty (Fig. 1d, bottom panel). This observation is also
consistent with the fact that the latent s is inferred as close to
zero below this level (Fig. 1h). Moreover, as expected given its
multiplicative role, s grows monotonically with image contrast
in EA-VAE:s trained on natural images (Fig. 1h). These results
suggest that the explaining away variable s could be playing
the role of a signal-to-noise ratio estimate, with low values
corresponding to an interpretation that the image is mostly
noise, and consequently the posteriors for other latents relax
towards the prior (see Supplementary Section I-A). We note
that the results obtained for this homogeneous variant of the
EA-VAE were qualitatively analogous to the ones obtained
for the other EA-VAE variations: with the scaling variable
parametrized by lognormal or gamma distributions (Fig. S3),
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and when changing 5, and (o hyperparameters (Fig. S13).

We note that the reconstruction term of the ELBO in
Eq. 1 is calculated using a single sample from the variational
posterior. One may suspect this could lead to underestimation
of posterior variance, hence contributing to failed inference in
VAEs. We therefore investigated whether uncertainty estimates
could be corrected by a VAE variant in which multiple samples
are taken to evaluate the ELBO. For this, we implemented
the Importance Weighted Variational Autoencoder (IWAE)
[43]. In particular, we wanted to assess whether IWAEs could
improve uncertainty representations in VAEs without the need
to modify the generative model. We trained the IWAE on the
same dataset and conditions and found no evidence of multi-
sample ELBO estimates correcting the contrast-dependence of
the variational posterior (Fig. S11).

B. Improved inference of EA-VAE

Having established a first intuition for the role of an
explaining away variable in VAEs, we next explored whether
the improved uncertainty representation in EA-VAEs may
extend to other classical domains of computer vision. For this,
we used standard datasets of computer vision: the MNIST,
ChestMNIST, and FashionMNIST datasets, which we adapt
for our investigation. To this end, we elevate these data
sets with contrast-modulation (Section III-A, referred to as
cMNIST, cChestMNIST and cFashionMNIST, respectively).

We trained VAEs and EA-VAEs on cMNIST and cFash-
1ionMNIST datasets. In both domains we found that the signal
mean grows unbounded with contrast in VAEs, while it quickly
saturates for EA-VAEs (Fig. 2a). Conversely, the explaining
away variable was strongly modulated by contrast in the
EA-VAE for both of these extended datasets (Fig. 2b). This
suggests that s contributes to the disentanglement of stimulus
content from contrast in EA-VAE.

Next, we sought to understand how EA-VAE’s inductive
bias shapes its learned representation. For this, we trained
three-dimensional latent space versions of VAE and EA-VAE
models, whose latent space can be directly visualized. Images
generated from a grid in the latent space of the VAE show
strong modulations of image contrast in all latents (Fig. 2c,
top), with equal-contrast images residing approximately on a
sphere (Fig. 2c, bottom). In contrast, images generated from
the regular latent variables of the EA-VAE (27 and z5) showed
homogeneous contrast at any given value of the explaining
away latent, s (Fig. 2c, middle). In summary, the explaining
away variable contributes to the disentanglement of contrast
from other latent factors in EA-VAEs, which does not naturally
occur in standard VAEs (though see [44]).

C. Out-of-distribution inferences with EA-VAE

After establishing that the explaining-away variable imple-
ments a direct inductive bias for learning about contrast, we
next explored the contribution of this inductive bias to other
computer vision tasks. In particular, VAEs were shown to
struggle with detecting out-of-distribution (OOD) data, namely
data points that come from a distribution whose statistics
do not match the data distribution the VAE was trained on
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Fig. 3. Characterization of posterior width for out-of-distribution exper-
iments in models trained on MNIST. a, Posterior width and the magnitude
of the scaling variable for in-distribution (/D) and out-of-distribution (OOD)
examples both for standard VAE (blue) and EA-VAE (red). Top: Examples
of images from the same domain (light green frames) and different domains
(mustard frames) as inputs, and reconstructions by the standard VAE (second
row) and EA-VAE (third row) respectively. Bottom: uncertainty quantified
by the posterior width and mean of scaling variable posterior for individual
ID or OOD images. As a reference, a dashed black line indicates the prior
uncertainty. b, Learned linear manifold spanned by ID training data and the
projection x of an OOD test data point x to the learned manifold.

[22]. Indeed, testing a VAE trained on the standard MNIST
dataset shows a striking pattern: reconstructed images of a
standard VAE when presenting shuffled pixels, or images
coming from other datasets are surprisingly similar to in-
distribution reconstructions (Fig. 3a). Accordingly, posterior
variances show no effect of increased uncertainty (Fig. 3a).
Equivalent results were found when training on the other NIST
datasets (see Supplementary Section II-C1 and Fig. S5)

To better understand how the introduction of an explaining-
away variable might address this issue, we sought to find an
analytical treatment of OOD inferences in EA-VAEs. As the
scaling variable s is directly related to posterior uncertainty
(Supplementary Section I-A), we focus on the behavior of
this variable. Assuming a linear generative model where A
maps latents (z) to observed variables x, it can be shown
(Supplementary Section I-B) that the explaining-away variable
in an EA-VAE can be expressed as a function of the stimulus
contrast ||x]*:

s2(D +log 5) o< [|x]|* cos(x, %)?, (5)

where the proportionality constant is determined by A, D is
the dimensionality of the latent space, and the reconstruction X
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Fig. 4. Uncertainty representations in high-dimensional medical images.
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and EA-VAE models trained on NIH-ChestXray14, for images increasingly
corrupted either by Gaussian blurring (top) or additive pixel-noise (bottom).

corresponds to the projection of x to the learned linear man-
ifold spanned by in-distribution data (Fig. 3b). Importantly,
the second factor on the right hand side of Eq. 5 is the cosine
similarity between the input data points and the corresponding
reconstructed data points. This provides an intuitive insight:
when presenting an image that is an outlier to the learned
manifold spanned by in-distribution data, the cosine similarity
will be low and hence so will be s. In turn, lower s values
encourage posteriors to collapse to the prior for those inputs,
increasing posterior variances (Supplementary Section I-A). In
summary, the EA-VAE is expected to display higher variance
for OOD images. An EA-VAE that features a linear decoder
confirms these analytical results (Fig. S4), and the general
setting that features a nonlinear decoder shows that, in contrast
with the standard VAE, the uncertainty of inferences in the
EA-VAE is systematically modulated by mismatched training
and test statistics (Fig. 3a).

Inspired by this insight, and encouraged by the results
obtained on simple MNIST datasets, we tested whether the
ability of EA-VAEs to detect OOD examples could extend to
a more complex setting such as distinguishing human versus
non-human images from Imagenet [41], [42] (Supplementary
Section II-D). Concretely, we trained VAEs and EA-VAEs
on images from one human category and evaluated them on
images either from another human category or on images
from an object category. Interestingly EA-VAEs showed more
dissimilar distributions of uncertainty between human and ob-
ject images than VAESs, hinting at a more structured semantic
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Fig. 5. Characterization of posterior width for morphing experiment
that affect inference uncertainty for models trained on MNIST. Top left:
Average posterior for images with the same label ("0’ in purple and ’1’ in
orange). Top right: Gradual morphing between representative image samples
from digit ’0” and digit *1°. Illustration of the expected changes of the posterior
width is shown above. Bottom: Posterior widths for the morphed digits with
standard VAE (left) and EA-VAE (right).

representation of uncertainty (Fig. S10). These results hint at
a promising avenue of research into OOD detection with EA-
VAEs in broader more complex settings.

D. Image corruption and uncertainty

OOD experiments confirmed that the scaling variable intro-
duced in EA-VAE enables it to reflect the mismatch between
the training data and the input through posterior uncertainty.
Another form of relevant mismatch to be flagged by models
concerns images of lower quality or subjected to corruption
that may impede correct inferences. To assess this, we an-
alyzed the representation of uncertainty in VAEs and EA-
VAEs trained on Chest x-ray images. In order to showcase
the scalability of EA-VAEs to larger scale problems we
present here the results corresponding to higher resolution
images from the NIH-ChestXrayl4 (Section III-A), though
equivalent results were found for the lower definition images
from ChestMNIST employed in the OOD analysis (Fig. S7).

We progressively corrupted images, rendering them increas-
ingly uninformative, in two ways: by applying a Gaussian
blur (Fig. 4 top) and by adding Gaussian pixel noise (Fig. 4
bottom) (Supplementary Section II-C2). In both cases the EA-
VAE displays increasing uncertainty as the image quality de-
teriorates. This starkly contrasts with the behavior of standard
VAEs, where latent uncertainty remains almost constant at low
values even as the original image is no longer recognizable
from the corrupted one (cf. blue and salmon lines, Fig. 4).
This behavior was consistent with the observation that, when
faced with an intentionally uninformative image obtained by
averaging images over the entire dataset, EA-VAEs report high
uncertainty, while standard VAEs do not (Fig. S8).

E. Morphing and uncertainty

When dealing with a domain containing distinct stimulus
categories, the latent space is expected to adopt a non-



sinc(i) Research Ingtitute for Signals, Systems and Computational Intelligence (sinc.unl.edu.ar)

J. Catoni, D. Martos, F. Csikor, E. Ferrante, D. H. Milone, B. Meszéna, G. Orban & R. Echeveste; "Remedying uncertainty representations in visual inference through Explaining-Away Variational Autoencoders’

|EEE Transactions on Pattern Analysis and Machine Intelligence, 2026.

IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL. XX, NO. X, MONTH YEAR 9

a
VAE EA-VAE
10 2 2
.3 2
0.5 9 Q
g g
0.0
<
0.0 &
. AN
Clasg 10 N
>
g- 1.0
£05
0.0 0.2 0.4 0.6 0.8 1.0
mixture

>

= H=1.17 g
Zos 8
w ]
< o
= 0.0 &
- 01234567809 G
2 H=2.14 3
8 0.5 (o]
# w
s s
0.0 ]

01234567809
label k

H=0.82 g

Z05 ' 2
z l e
< .
> 0.0 g
- 01234567809 G
= H=1.6 s
go.s ©
s s
T 0.0 =

3456789
label k

VAE classifier entropy

Fig. 6. Predictive uncertainty in a downstream classification task. Characterization of an MLP trained for classification task of MNIST handwritten digits
through latent posterior representations of a VAE and an EA-VAE. a, Behavior of the trained MLP when gradually morphing between image samples from
digit *2’ to digit ’5’. Top panels: Histograms of output predicted probabilities averaged for different samples of the digits when trained with each model latent
representations. Bottom panel: Entropy of predicted probability distribution as a function of combination weight of labels. b, Behavior of trained MLP when
testing with OOD ChestMNIST (7op) and pixel-shuffled MNIST (Bottom) images. Left columns: Histograms show the distribution of predicted probabilities
of labels of an example image, averaged for different samples of the posterior distribution of that image, and its corresponding entropy. Right column: Entropy
of predicted probability distribution for the MLP trained with each model representations. Each yellow dot represents a single x-ray image, with mean value
in black. Identity in dark gray slashed line. Shading corresponds to the upper limit determined by the uniform distribution.

overlapping representation in which inferences about individ-
ual images of a given category yield a low uncertainty estimate
after learning. In contrast, inference is expected to reflect an
increased uncertainty for images that might belong to multiple
categories. Note that as VAEs are trained in an unsupervised
fashion, these do not rely on category labels during training.
Still, we argue that distinct categories correspond to learned
subdomains of the image space and morphing systematically
drives images to domains of the pixel space with more limited
exposure during training. Systematic changes in uncertainty
due to ambiguous image categories can be investigated in
the case of MNIST-trained models by assessing posterior
uncertainty for images of simple digits and for images that
are produced by merging two digits from different classes.
We conducted this numerical experiment for each of the 45
pairs of different digits and measured the uncertainty along
different levels of interpolations between the digits (Fig. 5,
and Fig. S6, for alternative pairings). We found a consistent
modulation of uncertainty for the EA-VAE model, featuring
a clear maximum at an intermediate interpolation level in all
except one of the digit pairs (see also Supplementary Section
II-C4). In contrast, no consistent peak was identified for the
standard VAE model: only 31% of all cases featured a central
maximum (14 out of 45 in total).

Methods such as Monte-Carlo (MC) Dropout [5], have
often been proposed to achieve better uncertainty estimates in
deep learning, by keeping drop-out layers active at inference
time and incorporating the additional variance introduced by
drop-out. As a control experiment, we studied whether MC
Dropout would suffice to remedy uncertainty representations
without affecting the generative models. We repeated both

morphing and out-of-distribution experiments and found this
did not correct uncertainty estimates in these cases (Fig. S12).
Controls such as this and that of IWAEs provide further
support for the idea of a fundamental mismatch in the basic
assumptions VAEs make about the statistics of the data, which
require addressing how the generative model itself is modeled.

FE. From latent to predictive uncertainty

Next, we investigated whether the benefits from improved
latent uncertainty representations in EA-VAEs also transferred
to improved predictive uncertainty in a downstream classifica-
tion task. Optimal information fusion relies on computing with
proper uncertainty estimates, and VAEs are often employed for
dimensionality reduction as a previous step to classification.
Hence, when multiple sources need to be combined, as it
is often the case in medical settings, improved uncertainty
estimates could be beneficial.

To investigate this, multilayer perceptrons (MLPs) were
trained to classify MNIST digits using samples from the VAE
(or EA-VAE) posterior latent representations (Supplementary
Section II-C6). Two experiments evaluated the impact of these
representations on information fusion and out-of-distribution
examples. First, using a set of morphed digits, we compared
the predictive uncertainty of MLPs, quantified as the entropy
of the output distributions. The EA-VAE demonstrated signif-
icantly higher uncertainty (entropy) for intermediate images
compared to the VAE (pyae < 10715). (Fig. 6a and Fig. S9).
Second, testing on out-of-distribution inputs (ChestMNIST
and pixel-shuffled MNIST), the EA-VAE again yielded higher
entropy predictions than the VAE (Fig. 6b).
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Dots correspond to individual images, light colors correspond to images with contrast levels below observation noise (Supplementary Section II-B3). f, Same
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These results confirm that differences in the properties
of latent uncertainty representations between VAEs and EA-
VAEs also translate to differences in output uncertainty, when
those representations are used downstream for a supervised
task.

G. Signatures of divisive normalization in the recognition
model

So far, we have demonstrated that the inductive bias in
the generative model contributes to more accurate inference.
Next, we investigated how the recognition model is adapted
to the inductive bias in the generative model. This ultimately
promises to contribute to understanding the computational im-
plementation that enables EA-VAEs to accomplish improved
inference.

Contrast-related changes induce a dependency in the joint
statistics of linear filters, referred to as bow-tie dependency:
pairwise conditional distributions display a characteristic bow-
tie shape (Fig. 7a). As VAEs assume independence of latent

variables, we draw inspiration from neuroscience, where di-
visive normalization was proposed to reclaim independence
[25].

We trained the divisive normalization model (Eq. S39,
Supplementary Section II-B3) on both the standard VAE
and the EA-VAE. As the scaling variable explains contrast-
related changes, we expected that the bow-tie dependency
is reduced in EA-VAE. To analyze this, we computed the
conditional distributions of the responses of latent pairs over
natural images (Fig. 7a) and calculated the width of the
conditional distribution both at low-, and high-level activations
of the conditioned latent (Fig. 7b). High-level activations were
characterized by higher variance in both the standard VAE
and EA-VAE, but the difference was reduced in the EA-VAE
(Fig. 7b). We found that the reduced bow-tie dependence could
be explained by stronger divisive normalization in the EA-
VAE, as reflected by stronger weights learned by the divisive
normalization model (Fig. 7c).

We also assessed divisive normalization by measuring the
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degree of suppression of individual latents depending on the
activity of the remaining latent variables. Suppression was
measured through the normalization index, which is based
on the relationship between the linear responses and poste-
rior means: a small normalization index indicated stronger
suppression relative to the response expected from a linear
model (Fig. 7d). We compared the response intensity of the
latents with the normalization index for both the EA-VAE and
standard VAE models (Fig. 7e). While the EA-VAE displayed
consistently higher normalization with more intense latent
activations, the standard VAE showed an opposite tendency,
indicating that divisive normalization was characteristic of EA-
VAE but not the standard VAE. Note that observation noise
limits the quality of inference, as images with contrast lower
than the level of observation noise are considered merely as
noise by the generative model. Increased contrast results in
higher signal mean (Fig. lc-d) and therefore contrast might
have a direct effect on the strength of divisive normalization.
Indeed, contrast-dependence of the normalization index iden-
tified a strong effect of divisive normalization in the EA-VAE
model, but not in the standard VAE (Fig. 7f).

In summary, we identified signatures of divisive normaliza-
tion in EA-VAEs, supporting the conclusion that the inductive
bias shapes the learning of the recognition model of the EA-
VAE.

V. DISCUSSION

Deep generative models are praised for establishing a coher-
ent framework for probabilistic machine learning [10], [45],
and VAEs are particularly appealing as they provide a norma-
tive tool for learning of (and inference in) generative models
of arbitrary complexity [33]. At the same time, the capacity of
popular generative methods, and VAEs in particular, to faith-
fully represent the uncertainty of inferences has been put to
question [22]. This makes the systematic study of uncertainty
representations in VAEs key to know when not to trust them,
and find a potential way forward to improve them. Indeed,
our investigations consistently revealed pervasive problems in
uncertainty representation of VAEs, which we argued stems
from ignoring non-linear statistical dependencies characteristic
of natural and artificial images. Motivated by earlier computer
vision insights that addressed these non-linear dependencies
through multiplicative latent variables as in the Gaussian Scale
Mixture (GSM) model [24], we propose a novel framework
that combines the simplicity and elegance of the VAE for-
mulation with the flexibility of scale mixture models. In this
model family, which we call EA-VAEs, the joint activation
of a large number of local variables in the VAE can be
explained away by an increase in the global multiplicative
variable. This allows EA-VAEs to effectively capture non-
linear dependencies in the data. Critically, we show that while
the inclusion of this explaining away variable was initially
motivated by the need to adequately model contrast-related
changes in the uncertainty of inferences over natural images,
the benefits of the framework extend to a variety of issues
in a wide array of computer vision domains. This includes
the highly relevant issues of uncertainty quantification when

faced with out-of-distribution, or corrupted data. Interestingly,
our mathematical analyses of the EA-VAE model provided
valuable insights into the geometrical properties of its learned
representations, how these are fostered during training, and
the corresponding mechanistic underpinnings of the solution.
Indeed, our analyses revealed that along with the inductive bias
introduced in the generative model, the recognition model of
the VAE also underwent adaptation, developing signatures of
divisive normalization, a widely reported motif in biological
neural networks [31]. These results highlight the benefit of
neuroscience-inspired ideas in artificial intelligence [46].

The proposed extension of the standard VAE model requires
a small modification to the architecture, at no significant
additional computational cost. We show however, that this
simple intervention has a strong impact in the models’ induc-
tive biases, starkly improving on standard VAEs’ capabilities.
We argue that it is a principled extension because it directly
addresses a common assumption in VAEs: the independence
of latent variables. As argued, this assumption is easily vio-
lated. While this could in principle be addressed by learning
a different representation to accommodate this dependency
through strong nonlinearities in the generative model of VAEs,
this does not occur in practice, where directly eliminating this
source of nonlinearity appears to provide a more viable path.
We have indeed investigated alternative strategies to remedy
uncertainty representations that do not involve changes to the
generative model. Specifically, we have explored MC dropout
and IWAES, which tackle two potential sources of uncertainty
underestimation stemming from epistemic uncertainty and
from the use of a single sample from the variational posterior
to estimate the loss in VAEs. We found no evidence that either
of these techniques could restore effective inference.

Moreover, we argue that the connection between the ex-
plaining away phenomenon in probabilistic inference and
divisive normalization as a computational motif should be
further explored and exploited in machine learning. As shown
in Ref. [28], artificial neural systems optimized for full
sampling-based Bayesian inference for models with explaining
away variables result in solutions with mean responses which
precisely recover divisive normalization. Our work provides
evidence for this link in a variational setting, hinting at a wider
pattern. It is hence possible that, as with divisive normalization
in the brain, explaining away variables in artificial neural
architectures may play an important role in multiple domains.

We have taken a thorough and layered approach to our study
of EA-VAEs: building from first intuitions into the role of
explaining away variables, which were then supported by an-
alytical derivations and toy examples, escalating until reaching
complex higher dimensional datasets. Throughout these cases
we have systematically shown the beneficial properties of EA-
VAE:s. Inference models which can readily provide a mean-
ingful representation of uncertainty are crucial in a plethora
of fields, such as in the healthcare domain, where optimal
information fusion relies on weighting multiple information
sources by their relative uncertainties [47]. While further
work is required to assess these benefits in other non-visual
modalities, we believe EA-VAEs constitute a promising model
type for a wide range of scenarios. Finally, the simplicity
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and robustness of the proposed updated architecture promises
effortless adoption of the EA-VAE architecture in practical
applications.

VI. DATA AND CODE AVAILABILITY

All datasets used in this paper are publicly available.
Van Hateren dataset of natural image patches is provided
in Ref. [38]. MNIST and FashionMNIST datasets can be
downloaded via Pytorch. ChestMNIST and NIH-ChestXray14
datasets can be downloaded and imported using the MEDM-
NIST+ official repository. Inception pre-trained network
weights can be imported with Pytorch, and ImageNet database
can be downloaded from the official webpage.

Implementation code and instructions for reproducing
results are freely available on GitHub, https://github.com/
josefina-catoni/EA- VAE-uncertainty-in-latent-representations,
https://github.com/martosdomo/EA- VAE-natural-domain.
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