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Summary

In the past 10 days, we were mainly busy testing a new idea to learn non-linear constraints from
the input data. Surprisingly, a simple trick does the job, as will be explained in this report.
We also implemented the recall phase for the Non-Linear Minor Component Analysis (NLMCA)
idea. It seems that since we have a two-layer neural network, we should go for the ”scheduling
based” recall process.
I was also working with the semester project students on their projects. In one of the projects,
we are working on applying the Maximization of Mutual Inofrmation (MMI) idea to increase the
classification rate of an SVM classifier over the CIFAR-10 dataset.
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Neural Network for Learning Polynomial Non-Linear Constraints

In our work up to this point, we have focused on learning linear (or close to linear) constraints within
sample data. More specifically, let x1 , . . . , xn represent the elements of an n-dimensional input
pattern x. We are interested in finding a weight vector w such that w> x = wi x1 + . . . + wn xn = 0
(or in general w> x = c, for some constant c). As we have seen, there are neural algorithms capable
of achieving this goal and we could also make them find a w that is sparse.
Now it is a good point to ask ourselves if we could find a similar algorithm which identifies
√
non-linear polynomial constraints, such as w1 x21 + w2 x1 x2 + w3 x3 = 0. Interestingly, using a
simple trick we could easily transform this problem to the linear case and apply the same learning
algorithm we used before to identify non-linear constraints such as the above example.
To start, let us assume to have a two layer neural network, as shown in Figure 1. The connectivity matrices for the first and the second layers are given by W and W̃ , respectively. Now, we
give ln(x) = [ln(x1 ), . . . , ln(xn )] to the input part of the first layer. This is opposed to the usual
method of feeding the first layer by x = [x1 , . . . , xn ]. Furthermore, let the activation function of
the output neurons of the first layer be f (.) = exp(.).
Therefore, the sate of the output neuron i in the first layer is determined by
n
n
X
Y
W
zi = f ([W x]i ) = exp(
Wij ln(xj )) =
xj ij
j=1

j=1

Thus, the output of the first layer, which is the input to the second layer, gives us the necessary
polynomial terms. As a result, we can now apply the standard learning algorithm to identify
”linear” constraints in the input of the second layer. Note that constraints are non-linear in xj ’s
but they are linear in zi ’s!
The only necessary modification is that we now have to learn both W and W̃ . To this end,
we could apply the algorithm given in our previous reports to identify non-linear constraints in a
neural network using sigmoid neurons. The algorithm is given below for the sake of completeness.
The objective function is given by
X
min E =
ky µ k2 + sparsity penalty
(1a)
W,W̃

xµ ∈X

subject to
kWi k2 = 1, ∀i = 1, . . . , k
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(1b)
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Figure 1: The neural network for learning non-linear polynomial constraints.
and
kW̃i , k2 = 1∀i = 1, . . . , m

(1c)

In the above equations, Wi and W̃i are the ith rows of the matrices W and W̃ , respectively.
As usual, we take the derivative of the objective function with respect to Wij and W̃ij to find
the update rule for the weights. We also take care of the constraints by including them in the
update rules using Lagrange multipliers. Thus, noting that all vectors are column vectors, in a
straightforward manner we obtain the following matrix update rule
W̃ (t + 1) = W̃ (t) − α̃t G0 (u(t))y(t)z(t)> ,

(2)

where u(t) = W z(t) and G0 (.) is a diagonal matrix whose entries are the derivative of the function
g(.). Likewise, we find
W (t + 1) = W (t) − αt F 0 (x(t))W̃ > G0 (u(t))y(t)x(t)> ,

(3)

where F 0 (.) is a diagonal matrix whose entries are the derivative of the function f (.).
Note that the Lagrangian term and the sparsity penalty for ensuring the constraints (1b) and
(1c) are not shown for brevity.
Results: Mostly success: Preliminary results show that the network is capable of learning nonlinear constraints.
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NLMCA: The Recall Phase

In the past two weeks, we also implemented the recall phase for the NLMCA algorithm. Since the
proposed architecture has a hidden layer, the recall phase is not as trivial as our previous work.
In principle, if both layers are sparse, then one can perform the recall phase for the sub-space
algorithm one layer at a time. However, there are two difficulties here:
1. Even if the layers are sparse, a single error in the input layer will reult in multiple inputs in
the hidden layer, makes it difficult to correct.
2. The neural states in the second layer are not necessarily integer.
For this reason, we adopted the idea of scheduling recall process. It was implemented and tested.
Results: So so: We need further investigation as the performance depends on the quality of the
learning phase as well. However, with the success of the NLPoly idea, NLMCA may not be our top
prioriy.
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