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Objectives
The objective of a neural networks
are:
•Extract good features, that are
useful as input to a predictor

•Learn a semantic map:
understand the relevant features
associated to each task

• Integrate the features: fuse in
a clever way the features extracted
by each process

Introduction

A good feature (representation) is
one that makes it easier to extract useful
information when building classifier or
other predictors.
The autoencoder (AE) model, is the
only Machine Learning approach that
learns the direct encoding (filters).
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Notation:
•x: input data
• y = f (Wx): Extracted features
•W : filter matrix
• x̂ = g(V y): reconstructed input
Issue: Difficulty in establishing a clear
objective or target function.
The greedy option, minimize the recon-
struction loss:

‖x− x̂‖
is similar to PCA, is not robust to noisy
input and tends to learn the identity
map.
The alternative: Denoising AE
(DAE)
Idea: Train the neural network with
noisy input and compute the reconstruc-
tion loss with respect to the original one.
Loss function:

‖x− x̃‖
where x̃ = g(f (Wh)) with h ∼
N (x, σI)

Infomax AE

Following Barlow’s principle we propose
as objective function for the neural net-
work the Infomax approach:

max
θ
Iθ(x, y) (1)

The computation of (1) is intractable,
but thanks to some approximations, (1)
can be reformulated as the following
minimization problem:

min ‖x−x̂‖−log |Jzf (z)|−H(z) (2)
with z = Wx and H denotes the en-
tropy function.

Results

•Edge oriented filters: The learnt
filters, in the case of DAE and the
proposed Infomax Autoencoder
(IMAE), are edge oriented. Instead
for the classic AE, it is impossible to
recognize a shape.

•Manifold learning In the
unsupervised accuracy test, IMAE
over-performs DAE. This means that
IMAE discovers the lower-dimensional
manifold.

Important Result
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Accuracy F-MNIST
hidden units AE (%) DAE (%) IMAE(%)
400 (u) 48.28 47.43 48.43
500 (u) 48.25 47.82 50.05
400 (s) 77.43 82.7 82.29

Related Works

The proposed model belongs in the class
of Regularized Autoencoder. Like
the Contractive Autoencoder (CAE) [1],
the loss (2) aims to reduce the norm of
the Jacobian Jz. Differently from CAE,
eq. (2) maximizes, also, the entropy of
the hidden layer.

Datasets

Natural Patches: Natural images are
redundant, in this case the behaviour of
the filters should be similar to the be-
haviour of the lower cells in visual cortex
(V1 cells)
Fashion MNIST: Dataset of Za-
lando’s article images where each im-
age is associated to one of the 10
classes. It is suitable for classification
task, and then to test the accuracy of
the model, both in unsupervised and su-
pervised way.

Why IMAE?

IMAE have some properties that DAE
does not have:
•Learn robust representation
•Discover lower-dimensional
manifolds (see pic. below)

• Independence between features

tSNE on IMAE

tSNE on DAE

Future work

For complex tasks, a hierarchical neural
network is not sufficient. It is necessary
a neural network that extract different
features for each local process.

MODALITY 1 MODALITY 2

OUTPUT

Multimodal neural network

A feature, of a certain modality, is
relevant if the information contained is
useful for the main task and this infor-
mation is not contained in the other fea-
tures, extracted by the other local pro-
cessors.
Following [2] a possible model to obtain
the relevant features is to use a gated
network.
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Where the context information modu-
lates the weights of the parallel local
process.
It is necessary to generalize (1) with an
objective function that takes in consid-
eration the context and have the prop-
erty described above. A natural exten-
sion, proposed in [3], is the Coherent
Infomax

I(x, y, c) = I(x, y)− I(x, y|c)
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