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Umut Güçlü u.guclu@donders.ru.nl
Marcel van Gerven m.vangerven@donders.ru.nl

Radboud University Nijmegen, Donders Institute for Brain, Cognition and Behaviour, Montessorilaan 3, 6525
HR Nijmegen, The Netherlands

Keywords: Bayesian inference, functional magnetic resonance imaging, independent component analysis, neural
decoding, unsupervised feature learning

Abstract

Neural decoding is concerned with inferring
certain aspects of a stimulus from brain ac-
tivity. With the recent advent of functional
magnetic resonance imaging (fMRI), it has
become possible to create a literal picture
of a visual stimulus from the human brain.
Most conventional decoders are based either
on the input space or on a hand-designed fea-
ture space. An alternative to hand-designing
a feature space is unsupervised feature learn-
ing, which has seen much success in com-
puter vision. Here, we present a new de-
coder, which combines Bayesian inversion of
voxel-based encoding models with unsuper-
vised feature learning (independent compo-
nent analysis). We validated our decoder by
reconstructing images of handwritten digits
from human brain activity measured using
fMRI, with state-of-the-art accuracy. Our re-
sults show that the feature space has a sub-
stantial effect on the accuracy of the recon-
structions, and independent component anal-
ysis provides an effective means to learn fea-
ture spaces for neural decoding in fMRI.

1. Introduction

Neural decoding is concerned with inferring certain as-
pects of a stimulus from stimulus-evoked brain activ-
ity. Functional magnetic resonance imaging (fMRI)
measures the activity of many separate voxels (i.e. vol-
umetric pixels) in the brain by detecting the associated
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changes in the blood-oxygen-level-dependent (BOLD)
haemodynamic responses. The spatial resolution af-
forded by fMRI has made it possible to take advan-
tage of the information contained in distributed pat-
terns of activity evoked by a stimulus in order to clas-
sify (Haxby et al., 2001; Kamitani & Tong, 2005; van
Gerven et al., 2010a), identify (Mitchell et al., 2008;
Kay et al., 2008) or reconstruct (Thirion et al., 2006;
Miyawaki et al., 2008; Naselaris et al., 2009; Nishimoto
et al., 2011; van Gerven et al., 2010b; van Gerven &
Heskes, 2012) the original stimulus.

In the context of neural decoding, reconstruction refers
to creating a literal picture of a stimulus from the
brain. That is, given an encoding relationship that
characterizes how a stimulus or some stimulus features
are represented by brain activity, reconstruction is the
process of determining the inverse of the encoding re-
lationship (i.e. the decoding relationship) in order to
reproduce the stimulus.

Inverting a neural response function is non-trivial be-
cause of the stochastic dynamics of neural processes
(Brown et al., 2004). Therefore, the encoding rela-
tionship is described by a stochastic model (Dayan &
Abbott, 2001). Furthermore, prior information about
the stimulus is often incorporated in the process of re-
construction, which can also be described by a stochas-
tic model, in order to capture the statistical properties
of the environment (Dayan & Abbott, 2001).

Bayesian decoding combines the encoding relationship
(i.e. the likelihood) and the prior information (i.e. the
prior) using Bayes’ theorem in order to describe the
decoding relationship (i.e. the posterior). The conven-
tional approach to Bayesian decoding is to character-
ize how certain “hand-designed” features of a stimulus
(e.g. Gabor features) are represented by brain activity.
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Figure 1. Our framework for reconstructing images from stimulus-evoked BOLD haemodynamic responses. The matrix
of linear feature detectors (W) is the parameter of the statistical generative model. W is learned from unlabeled images.
The matrix of linear features (A) is the inverse of W. The matrix of regression coefficients (B) is the parameter of the
voxel-based encoding models. B is learned from stimulus-response pairs such that the images are analyzed in order to
find their latent independent components. The latent independent components are represented by the gray circles in the
figure. Reconstruction of a stimulus from stimulus-evoked BOLD haemodynamic responses is the process of maximum a
posteriori (MAP) estimation to obtain point estimates of the latent independent components of the stimulus followed by
image synthesis to reproduce the stimulus.

However, hand-designing features for complex stimuli
and adapting hand-designed features of a particular set
of stimuli with certain characteristics to another set of
stimuli with different characteristics can be difficult.
Unsupervised feature learning is an alternative to the
conventional approach, which can mitigate the limi-
tations of hand-designing features and has seen much
success in computer vision (Bengio et al., 2012).

Furthermore, while it has been shown that prior in-
formation has a substantial effect on reconstruction
accuracy (Naselaris et al., 2009), determining a suit-
able prior that can be used in Bayesian inference has
been a challenging goal such that generic priors and
empirical priors have often been used (Thirion et al.,
2006; Naselaris et al., 2009; Nishimoto et al., 2011;
van Gerven & Heskes, 2012). Another advantage of
unsupervised feature learning is that a statistical gen-
erative model can be used as a prior in Bayesian in-
ference (Hyvärinen et al., 2009). Unsupervised feature
learning has already been used in the context of neu-
ral decoding. For example, van Gerven et al., (2010b)
reconstructed handwritten digits using deep belief net-
works.

Here, we introduce a new, more straightforward ap-
proach to unsupervised feature learning for neural de-
coding that mitigates the limitations of hand-designing
features and gives a proper prior that can be used

in Bayesian inference. Our framework combines un-
supervised feature learning with Bayesian decoding
for reconstructing images from stimulus-evoked BOLD
haemodynamic responses (Figure 1).

In particular, we use independent component anal-
ysis (ICA) to define a statistical generative model
that describes how images are generated as linear
transformations of their latent independent compo-
nents (Hyvärinen, 2010) and linear regression to de-
fine voxel-based encoding models that characterize
how latent independent components of images are rep-
resented by BOLD haemodynamic responses. That
is, combining the analysis-synthesis loop and the
encoding-decoding loop, reconstruction is defined as
the process of Bayesian inference from the voxel-based
encoding models followed by image synthesis from the
statistical generative model.

In order to learn useful linear features from unlabeled
data, to be used in linear regression, we have to im-
pose constraints on the statistical generative model.
Two approaches that are typically used is to impose a
bottleneck to learn an under-complete representation
(van Gerven & Heskes, 2010) and constrain the repre-
sentation to be sparse (Olshausen & Field, 1996). The
statistical generative model defined using ICA discov-
ers interesting structure in the data by learning under-
complete non-Gaussian (i.e. sparse) representations.
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Figure 2. Left panel shows the distributions of 64 latent independent components estimated from grayscale images of
handwritten digits. The x-axes represent si and the y-axes represent p(si). The right panel shows the distribution of one
the component in more detail. Note that the distributions are indeed peaked at zero and have high kurtosis.

In the following sections, we first present the deriva-
tion of our framework. We then validate our frame-
work by reconstructing grayscale images of handwrit-
ten digits from stimulus-evoked BOLD haemodynamic
responses. We finally show the effect of unsupervised
feature learning on the reconstruction accuracy.

2. Methods

Let x ∈ Rp and y ∈ Rq be a stimulus-response pair
where x is a vector of pixel gray-scale values in an
image, and y is a vector of multiple voxel activities
evoked by x. Furthermore, let ϕ : Rp → Rm be an
invertible linear transformation between the stimulus
space and a feature space.

Without loss of generality, we assume that both ϕ(x)
and y are normalized to have zero mean and unit vari-
ance.

We are interested in the problem of reconstructing x
from y:

x̂ = ϕ−1

(
argmax

ϕ(x)
{p (ϕ (x)|y)}

)
(1)

where x̂ is a reconstruction of x, and p(ϕ(x)|y) is a
decoding distribution. We can equivalently formulate
the problem of reconstructing x from y using Bayes’
theorem:

x̂ = ϕ−1

(
argmax

ϕ(x)
{p (y|ϕ (x)) p (ϕ (x))}

)
(2)

where p(y|ϕ(x)) is an encoding distribution, and
p(ϕ(x)) is a prior. Therefore, in order to solve the
problem of reconstructing x from y, we need to define
ϕ, p(ϕ(x)) and p(y|ϕ(x)).

2.1. Unsupervised Feature Learning

We start by defining a statistical generative model of
images. Assuming that an image is generated by a
linear superposition of some features, we use ICA to
define the statistical generative model of images by a
linear transformation of the latent independent com-
ponents of the image:

z = As (3)

where z ∈ Rp is a vector of pixel gray-scale values in
an image, A ∈ Rp×m is a matrix of linear features,
and s ∈ Rm is a vector of the latent independent com-
ponents of z such that m ≤ p. In order to compute si
as a linear function of z, we invert the linear system
defined by A:

si = Wz (4)

where W ∈ Rm×p is a matrix of linear feature detec-
tors such that W = A−1. Furthermore, we make the
simplifying assumption that si have unit variance in
order to make si unique, up to a multiplicative sign.

We then define p(si), assuming that the si are non-
Gaussian and sparseness is the most dominant type of
non-Gaussianity in the images that we are considering
(Fig. 2), we use a distribution that is peaked at zero
and has high kurtosis to define p(si). In particular, we
use the logistic distribution:

p(si) = logistic

(
0,

√
3

π

)
(5)

We then factorize p(s) as the prior on individual si:

p(s) =
m∏
i=1

p(si) (6)
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We can now represent the invertible linear transforma-
tion from the input space to the feature space by W
(i.e. ϕ(x) = s = Wx) and use p(s) as the prior in
Bayesian inference (i.e. p(ϕ(x)) = p(s)).

2.2. Encoding and Decoding

We continue by defining voxel-based encoding models.
We use multiple linear regression to define the voxel-
based encoding models by a weighted sum of the linear
feature detector outputs for responses 1 ≤ i ≤ q:

yi = β⊤
i s+ εi (7)

where βi ∈ Rm are vectors of regression coefficients
and εi ∈ R are Gaussian noise such that εi ∼ N (0, σ2

i ).
We then use the multivariate Gaussian distribution to
define the encoding distribution:

p (y|ϕ (x)) = N
(
B⊤s,Σ

)
(8)

where B = (β1, ...,βq) ∈ Rm×q and Σ =
diag(σ2

1 , ..., σ
2
q ) ∈ Rq×q.

Combining the prior and the encoding distribution us-
ing Bayes’ theorem results in the decoding distribu-
tion:

p(s|y) ∝ p(y|s)p(s) (9)

Having defined the invertible linear transformation
from the input space to the feature space and the de-
coding distribution, we can finally solve the problem
of reconstructing x from y using maximum a poste-
riori (MAP) estimation to obtain a point estimate of
s (i.e. ŝMAP = argmax

s
{p(y|s)p(s)}) and synthesizing

x̂ from the statistical generative model of images (i.e.
x̂ = AŝMAP).

2.3. Experimental Validation

For unsupervised feature learning, we used the entire
MNIST database of handwritten digits, without the
labels (LeCun et al., 1998). That is, the training set
consisted of 70000 unlabeled grayscale images of 28
× 28 pixels in 10 categories (i.e. handwritten zeros
through handwritten nines). We preprocessed the im-
ages by centering, PCA whitening and dimensionality
reduction such that we retained the least possible num-
ber of principal components that account for 90% of
the variability in the images (i.e. the first 64 principal
components). We estimated the parameters of the sta-
tistical generative model (Fig. 3) using the FastICA
algorithm (Hyvärinen, 1999).

For encoding and decoding, we used the dataset orig-
inally published in van Gerven et al. (2010a) and van
Gerven et al. (2010b). Briefly, it consisted of es-
timated peak fMRI responses to grayscale images of

Figure 3. 64 linear feature detectors learned from the
MNIST database using the FastICA algorithm.

Figure 4. 64 images synthesized from the statistical gen-
erative model by sampling linear feature detector outputs
from the estimated distributions of the latent independent
components.

handwritten sixes and handwritten nines. The train-
ing set consisted of 80 stimulus-response pairs, and
the test set consisted of the remaining 20 stimulus-
response pairs. Both the training set and the test set
had equal number of stimuli from each of the two cate-
gories (i.e. handwritten sixes and handwritten nines).
We preprocessed the images as in unsupervised feature
learning. We trained the voxel-based encoding models
using kernel ridge regression and performed hyperpa-
rameter optimization using grid search with a nested
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Figure 5. Stimuli, ICA reconstructions and PCA reconstructions.

leave-one-out cross validation on the training set. We
computed the MAP estimate of the linear feature de-
tector outputs using the minFunc implementation of
the limited-memory BFGS algorithm (Schmidt, 2005).
For comparative purposes, we used another framework
based on preprocessed images (i.e. PCA features),
with ϕ(x) = x and p(ϕ(x)) = N (0, Im).

3. Results

We first examined the linear feature detectors (Fig. 3)
and synthesized 64 images from the statistical genera-
tive model (Fig. 4) by sampling linear feature detector
outputs from the estimated distributions of the latent
independent components (Figure 2). Visual inspection
shows that the linear feature detectors are tuned for
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Figure 6. Reconstruction accuracy quantified by comput-
ing the structural similarity index.

meaningful features that resemble pen-strokes, which
is consistent with the results in the literature (Ranzato
et al., 2006; Lee et al., 2007). That is, the statistical
generative model describes images as a linear transfor-
mation of pen-strokes. Furthermore, the synthesized
images resemble handwritten digits, which suggests
that the statistical generative model captures image
statistics of handwritten digits.

We then quantified the encoding performance by com-
puting explained variance per voxel. The difference
between the mean explained variance of the two frame-
works was not significant (p > 0.05), with both of the
two frameworks having a state-of-the art encoding per-
formance.

We finally evaluated the reconstruction accuracy. Vi-
sual inspection shows that our framework has more
accurate reconstructions (Fig. 5). We quantified the
reconstruction accuracy by computing the structural
similarity index (Wang et al., 2004) per reconstruction
(Fig. 6). The difference between the mean structural
similarity indices of the two frameworks was signifi-
cant (p < 0.05), with our framework having a higher
structural similarity index for each of the 20 recon-
structions.

4. Conclusion

Here, we introduced a new framework that combines
unsupervised feature learning and Bayesian decod-
ing. We validated our framework by accurately re-
constructing grayscale images of handwritten sixes
and handwritten nines from stimulus-evoked BOLD
haemodynamic responses.

The significant improvement in the reconstruction ac-
curacy, but not the encoding performance, demon-
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strated the importance of prior information in
Bayesian decoding. Using the statistical generative
model defined using ICA as a prior in Bayesian de-
coding results in significantly better reconstructions
since ICA captures the image statistics of grayscale
handwritten digits better than PCA.

Our framework can be extended beyond grayscale im-
ages of handwritten characters, both within the vi-
sual modality (e.g. any combination of larger images,
natural images, color images, stereo images, tempo-
ral sequences of images) and across modalities (e.g.
the auditory modality). Furthermore, our statistical
generative model can be extended into multiple lay-
ers to learn hierarchical features of the stimuli. It re-
mains an open question whether we can accurately re-
construct such complex stimuli from stimulus-evoked
BOLD haemodynamic responses.

In conclusion, our results show that the features have
a significant effect on the reconstruction accuracy. We
also demonstrated that independent component anal-
ysis captures the image statistics of grayscale hand-
written digits and provides an effective means for un-
supervised learning of features for Bayesian decoding
in fMRI that can mitigate the limitations of hand-
designing features.
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