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Designing L-BFGS inspired automatic
optimizer network
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Abstract:

The optimization of deep neural networks based on mini-batches is an active area of research, and the
improvements in this field have a great impact on the success of using deep neural networks in practical
problems with large data. In the last decade, algorithms such as RMSProp, AdaGrad, and Adam have
been devised for the optimization of neural networks on mini-batches, having a great impact on making
the training of neural networks easier. The common feature of all these methods is that they are applied
to each dimension of the gradient vector separately, and therefore the optimization of each parameter of
the neural network is done independent of other parameters. Next, researchers tried to learn these
algorithms automatically and devised methods for learning to optimize, which is a type of meta-learning.
Optimization learning algorithms use an optimizer network to obtain the optimization direction at each
step. Therefore, when these methods are used to optimize a neural network, we have an optimizee
network whose parameters we want to learn and an optimizer network whose parameters are meta-
learned.
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The optimizer network receives the previous parameters and their gradients and suggests a new
direction to optimize the optimizee network. Similar to the optimization algorithms based on mini-
batches, all the methods devised so far for learning optimization also have this point in common that
they apply the optimization method independently to each parameter. The fact that the gradient
direction is not a suitable direction for optimization is also accepted in mathematical optimization
algorithms, and usually, if there is no computational issue, the gradient direction is corrected by using
the inverse of the Hessian matrix or its approximation by Newton or quasi-Newton methods. Therefore,
we see that neural network optimization algorithmsand non-linear mathematical optimization
algorithms are common in not using the gradient direction.

However, in mathematical optimization methods, the proposed vector for optimization is obtained by
vector operations on the previous points and gradient vectors, and an optimization algorithm never
performs an operation on the elements of a vector independently. In a more detailed look, we can say
that the mathematical optimization is performed in a Hilbert space, which is equal to the number of
parameters of the optimization problem, and optimization direction is calculated only by using vector
addition, scalar multiplication in a vector, internal multiplication between vectors and applying scalar
functions on scalar values. These operations are exactly the operations that are performed in a Hilbert
space.

Limiting operations on vector to vector addition, scalar multiplication in a vector, and internal
multiplication of vectors is very important in reaching an optimization algorithm independent of the
number of dimensions. For example, if the optimizer neural network has among its parameters a weight
vector that is multiplied by the vectors of the optimization problem, then the optimizer becomes
dependent on the dimensions of the problem and a dimension-independent optimization algorithm is no
longer obtained. In this way, it is necessary to properly redesign the optimizer neural network
components in such a way that their operations are exclusive to the allowed operations in the Hilbert
space.

Here, we consider M. Andrychowicz et. al. (in: NeurlPS 2016. Learning to learn by gradient descent by
gradient descent) method as the base method, where the optimizer is an LSTM network. In this paper
we propose a version of the LSTM in which all computations are restricted to allowed operations in
Hilbert space. We call this network Hilbert LSTM and we design our optimizer network based on it. In
this way, we design a model for the optimizer network, which, like mathematical optimization methods,
firstly considers the relationship between different dimensions of the space and secondly, it does not
depend on the dimensions of the space. Unlike the previous methods that only used the parameters and
gradients of the previous step, inspired by limited-memory BFGS, we use the parameters and gradients
of m previous steps, where m refers to the limited memory size. Our results and tests show that the
independence of the dimensions in the calculations in our optimizer makes the generalization power of
our method to different dimensions more than other methods.
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(Figure-9): second structure of HLSTM cell
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Table (1): parameters of different proposed architectures
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Figure (13): comparison of proposed method with hand-
designed optimization algorithms on 5-dimensional
quadratic functions
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