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Summary

In the past 10 days, we continued our works on neural networks built from unreliable components
and constructing feature extracting methods suitable for our learning algorithm. Regarding the
former case, we have studied some papers on the analysis of LDPC decoders built from faulty
hardware as well as some natural phenomenon that is similar to our observation that some amount
of noise actually improve the performance of the system in correcting external errors.
As for the feature extraction methods, we started reading about Non-Linear PCA (NLPCA)
methods which extract non-linear structures from input data. We then applied some ideas borrowed
from such approach to our learning algorithm to see if it improves the learning results (which did).
Furthermore, we tested different approach to perform clustering for the recall phase the details of
which can be found in the sequel.
I have also met with the two students conducting master semester projects and we are working
on implementing various feature extraction methods as well as possibly building one of our own.
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Fault tolerant neural networks

In the last 10 days, we got back to the neural networks built from unreliable components which
we proposed in [1]. We performed some extra simulations to further investigate the phenomenon
which we had seen previously, namely, the fact that some internal noise actually improves the
performance of the network in dealing with external noise. To this end, we considered the effect of
internal noise on the number of iterations it takes the algorithm to correct external noise. The idea
was that for small amounts of external noise, where both noiseless and noisy neural networks can
correct external errors, the noiseless decoder should spend less amount of time to accomplish the
task. Our simulation results, given in [2], shows this trend to some extent. However, there have
been cases that introduction of internal noise also reduces the number of iterations to perform the
decoding task. Therefore, we are currently conducting more extensive simulations to first verify
this phenomenon. Then we should work on theoretical aspects of the problems and see if we can
prove this phenomenon analytically.
We have also spend some time reading two papers related to our works. In [3] the authors
address the phenomenon known as Stochastic Resonance (SR) in various physical systems. SR
refers to situations in which a fair amount of noise could actually improve the system’s performance
in one way or another. A good example is enhancing the ability of sensory neurons in picking up
extremely weak signals. In this sense, the phenomenon is very similar to what we see so it would
be interesting to further explore their connections.
We also read another paper on noisy Gallgher B decoders [4] in which the authors investigate
the performance of non-binary Gallagher B decoders built from unreliable hardware. They are
interested in finding out how the final Symbol Err Rate (SER) depends on the internal nodes
at pattern and variable nodes, respectively. To this end, they use analytical tools, like Density
Evolution, as well as simulations and hardware emulation. They show that the final SER is more
sensitive to noise at variable nodes’ side and derive the theoretical expression for the SER as a
function of internal noise parameters of the model.
Both [3] and [4] have some nice figures and measures to investigate the performance of any
algorithm related to this field, which we will use to evaluate our algorithm.Furthermore, we are
also conducting experiments to investigate connections of our work to the experiments performed

2

on the effect of heat on the performance of human brain [5].

3

Nonlinear PCA

We have also spent some time on studying Non-Linear PCA (NLPCA) approaches. These approaches tend to extend PCA to extract nonlinear structures from input data.
In [7] the author considers theoretical aspects of the Non-Linear Principle Component Analysis
(NLPCA) algorithm that has been proposed earlier. Their goal is to provide theoretical analysis
for a phenomenon observed experimentally, namely, the fact that in some cases the non-linearity
helps the algorithm find independent components in the data. From another viewpoint, this can
be interpreted as the capability of the algorithm to do signal separation.
The author provides sufficient conditions on the non-linearity function and the probability
distribution of the data so that the convergence of the algorithm to independent components is
guaranteed. More specifically, he shows that for sub-Gaussian distributions, one can use a tanh(.)
activation function while for super-Gaussian distributions, one should use polynomial activation
functions.
In [6] the authors propose a novel method to extract non-linear data structures from data. The
proposed approach is based on using neural networks to implement Exploratory Projection Pursuit,
or EPP. EPP is closely related to Non-Linear PCA (NLPCA) in the sense that they both aim to
find ”interesting” directions in the data. From that regard, these approaches are similar to PCA
as well. However, in PCA the interesting directions correspond to the directions with maximum
variance while in EPP and NLPCA, the directions tend to maximize higher moments or even an
arbitrary (but suitably) defined ”index” which identifies interesting trends in the data.
Since a normal function is rather uninteresting, the authors define appropriate indices to determine how interesting each direction is by measuring its deviation from the normal distribution.
The authors also propose a neural network capable of performing EPP. They discuss applications
of various projection pursuit indices and use numerical simulations to investigate the performance
of the proposed method in practice.
The above approach has been extended in [8] where the authors propose a novel method for performing Non-Linear Principle Component Analysis (NLPCA). One of the main differences between
the proposed approach and the previous work lies in the fact that the derive principle components
here have the an ordering similar to what the standard PCA returns, i.e. the first principle component is in the direction of the maximum variance, then follows the second one and so on. The
authors have also prepared a nice MATLAB package to perform the NLPCA algorithm [9].
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Simulations over CIFAR-10 dataset

We have also continued performing simulations of the CIFAR-10 dataset. sThis time, we have tested
two different methods to investigate if there are any structures in the data: applying NLPCA and
calculating minimum distance.

4.1

Applying NLPCA to CIFAR-10 dataset

The NLPCA package [9] helps us visualize the first three principle components to see if there are
any (nonlinear) structure within the data. We have applied this toolbox to the class 1 of the
3

CIFAR-10 dataset before and after applying Sparse Filtering.
Learning results: So so. In both cases, we did not witness meaningful structures, at least within
the first three nonlinear principle components (unlike the figures given in [8]). However, we will
continue doing research on NLPCA techniques.

4.2

Evaluating the minimum distance of CIFAR database

We have also calculated the minimum distance between the patterns in a given class, say class 1,
of the CIFAR database to see if the reason behind failure of our ”scheduling” recall algorithm (see
Section 6) is because of low minimum distance between patterns.
Learning results: failure It turns out that the minimum distance between the patterns is reasonable. And the reason behind the failure of that algorithm is that one or two flips gives us a
pattern lying in the subspace of the patterns. Unfortunately, this pattern is not necessarily
the pattern of interest. So we must find a representation such that two columns of the weight
matrix do not add up to zero.

4.3

Learning with non-liearity and thresholds

Another important idea that we tested was to consider using NLMCA (Non-Linear Minor Component Analysis). To this end, we have used a tanh(W · x) activation function for constraint neurons
(instead of y = W · x). Furthermore, we have included an update threshold τ for the neurons which
is learned as well. Thus, the final update threshold is
y = tanh(W · x + τ )

(1)

Please note that since we are interested in minimizing y, on paper we should find the weight
vectors W that W · x = −τ , which is still linear but the tanh(.) function may make the convergence
a bit more smooth. Furthermore, the introduction of the not-necessarily-zero threshold τ make the
algorithm more general and enables us to find constraints that we couldn’t have found with a zero
update threshold.
Learning results: So so (mostly success!). We have tested the algorithm over the Sparse Filtered
version of the class 1 of the CIFAR-10 database. We had 576 pattern neurons each values 0 or
1 (after quantization). We then generated random clusters and told the algorithm to learn 4-5
constraints in each clusters. We then built a global weight matrix Wg that captured the connectivity
of the whole graph. The learning phase was a success in the sense that
1. We learned around 2200 constraints in total.
2. The minimum degree of a pattern neuron was 11.
3. The maximum degree was around 60.
So overall, the learning matrix was nice. However, the recall phase was a bit more tricky
because we now have to divide the graph Wg into sub-graphs by picking a number of constraint
neurons to put in each clusters. By doing so, we make the minimum and average degree of pattern
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neurons in each cluster very small, which in turn create difficulties for the recall algorithm. To this
end, we could either go back to the clustered version of learning algorithm (i.e. do the clustering
before the learning and force the learning algorithm to learn 20 − 30 constraints in each cluster) or
find a way to do the clustering more intelligently.
With respect to the latter option, we are currently trying to form clusters in which
1. No two columns in the weight matrix have the same non-zero positions. This is equivalent to
making sure that no two pattern neurons have exactly the same neighborhood in constraints
side.
2. The number of pattern neurons with (local) degree at least two is larger than a minimum
threshold.
3. Each pattern neuron is member of at least two clusters in which it has degree two or more.
Furthermore, we slightly change the recall algorithm to only allow pattern neurons with (local)
degree two or more to update their states. Thus, the last two options are to make sure that the
noise in pattern neurons get corrected.
We could easily find 250 clusters with such properties. However, the pattern error rates are yet
to be in the acceptable region (either because the errors do not get corrected or the algorithm is
very slow in correcting them). We will continue working on them to see what happens.

4.4

Classification between 5 classes of CIFAR algorithm using MCA

Another approach that we tested was to see if our algorithm is capable of classifying patterns in the
first 5 classes of the CIFAR-10 database. To this end, we applied the standard learning algorithm
to the training dataset for each class according to the procedure discussed in Section 4.3. The
simulation parameters were α0 = 0.95, β0 = 0.75 and θ0 = 0.008 (or 0.011).
Once finished, we had 5 matrices W (`) , ` = 1, . . . , 5 with 576 columns and 100-200 rows
(constraints). We then used these matrices to classify the patterns with the classification metric argmin` E(W (`) · x). We performed the following steps:
1. Pick a pattern randomly from the training dataset of class c and see if it is classified correctly.
2. Pick a pattern randomly from the test dataset of class c and see if it is classified correctly.
Classification result for step 1: Success. This step was successful almost 100% of the times.
In other words, the system was able to classify the pattern it had seen (learned) correctly in almost
all instances. This means that the subspace that patterns in class c form is substantially different
from that of other classes.
This is good news because even this step could not be done previously.
Classification result for step 2: So so (mostly failed!). However, the overall success rate for
this step was around 45% for the best case and around 0% for the worst case (which happened to
be for class 1). This means that the learned dual basis for the training dataset of class c is not
necessarily orthogonal to the patterns in test dataset of class c. Furthermore, the projection of
patterns in the test dataset of class c is on average smaller on the learned matrix for some other
class c0 .
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We calculated the minimum distance between a pattern in the test dataset of class c to the
patterns in the training dataset of class c and other classes to see if the misclassification is because
of our algorithm or possibly for some other reason. Interestingly, we found out that the minimum
distance between a pattern in test dataset of class c = 1 happens with respect to a pattern in some
other class c0 6= 1. This is some serious problem and we should think about how to deal with it.

5

Clustering based on pattern neurons

So far, our clustering method has been based on putting some constraint neurons and all their
neighbors on the pattern neurons side in a cluster. This makes sense because a cluster should be
self-contained in the sense that even if it is cut from the other neurons, the constraints should be
satisfied when there is no external noise.
Or should it? We could for instance think of performing the clustering algorithm based on
pattern neurons, i.e. select a number pattern neurons and put them in a cluster together with all
the constraints they are connected to. Then, at any instance of time in the global recall algorithm,
only the pattern neurons in a given cluster are allowed to update their value. However, for this
approach to work, the other pattern neurons should freeze at their current state (which is in contrast
to the previous clustering method where the other pattern neurons sent 0 values).
Results: failure. This approach failed for a very simple reason: even when there is no noise in
the pattern neurons corresponding to a given cluster, there could be a lot of noise in the ”frozen”
pattern neurons outside of the cluster. So the constraints in the cluster will not be satisfied.
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Scheduling-based recall algorithm

We also tested another idea for the recall phase to alleviate the difficulties we had encountered in
clustering the graph. To this end, we devise a scheduling system in which at any given instance of
time, only a single pattern neuron can update its value. Therefore, we will not have any clustering
(or we could think of this method as having clusters of size 1). We considered two different
scheduling methods:
1. One in which pattern neurons update their value sequentially one by one.
2. One in which pattern neurons update their value sequentially one by one but we start from
the patterns with larger degree.
Results: failure. This approach failed not because it did not converge to a pattern that is
orthogonal to the learned matrix, but because it converged to a wrong pattern. Interestingly, one
or two flips lead the algorithm to a pattern orthogonal to the learned matrix which was
not the original pattern.
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Conclusion and future work

In the upcoming weeks, we should work on theoretical aspect of the faulty neural networks to
improve the upper bound on the probability of error which is currently not very tight, specially
when the amount of internal noise is not very small.
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For the clustering techniques, we will test various new ideas or current ideas on some of the
weight matrices recently learned with new methods.
We will also test one of our old ideas (i.e. to force the network to learn tens of constraints in
each cluster of rather small size) with the new learning algorithm we have to see if it improves the
learning results.
In both cases above, the learned matrices will also be tested for classification purposes.
Finally, Mr. Amin Karbasi mentioned a new idea based on learning ”union of subspaces” instead
of just a single subspace. We will hopefully study this approach in more details later on.
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