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ABSTRACT

Deep learning networks incorporate various regularization and optiization techniques
motivated by effective parameters tuning. The arduous task of training a deep network
invariably requires lot of parameter setting along with different architectural design in order
to deal with problems of overfitting and convergence speed. These two cognitive working
horses play the critical role in convergence for better performance! In recent past, new
modifications in these two avatar horses being put into practice and their suitability and
applicability has been reported on various domains. Though technique like batch-
normalization, data augmentation, dropout and skip connections have promising results in
abating overfitting, each method reported have peculiarities and sometime not well
addressed and have dithering understanding towards their use. Similarly optimizing
algorithms use bias correction second order moment estimates for faster convergence
(ADAM, NADAM, YOGTI and others). Though this fine, but findings have reported that a
simple SGD based optimizers sometime outperform than advanced version of the same
implantation. This contradictory and agnostic behavior suggests that, one intuitive way to
get into their appropriateness is empirically apply them on different data set and measure
their relative performances. There is no single trending horse practices which can either
perform better or outperform over another variant for a given application domain.
Eventually, it is a difficult practitioner’s choice to foresee and get a feeling of which
regularizer | optimizer is a best choice! This is indeed a challenging task and is an issue of
cognitive deep learning research—to choose an intelligent best-fitting regularizer |
optimizer performing optimally for a given model. Additionally, increasing the number of
deep layers with hyperparameter tuning introduces higher complexity and a tradeoff is one
way to find a niche fit.

The paper delves deeper into the best practices offered by various parameters tuning and
reports the agnostic behavior on various datasets.
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5. Discussion and Conclusion

As can be visually analysed from various graphs from the experimental analysis, some salient
points emerge:

—A good start is to have technique that usually works well with ReLU and tuning of a few
hyperparameters

—Error function should reflect the learning goals so that it could provide intuitive learning
idea and guessing with approximations

—DL is more about straightening-out the factors, and an appropriate data representation can
provide meaningful data transformations

—Start with a simple dataset having fewer (easier) samples with a simple network, and after
obtaining promising results gradually increase the complexity of both data and network while
tuning hyperparameters and trying regularization methods.

—Training with random initialization is first choice and later one can go with pre-trained
model to speed up

—Begin with well-known optimizer to get results and trying out with each will provide a
reconnaissance and might lead to improvement. The correctly chosen optimizer with learning rate
and other parameters make a good deal. However, there no way a single one optimizers will fit
for all types of date set (NO FIT ALL RULE!)

5.A Conclusion

The GD model has been implemented in the work on the principle of Occam Razor : “simplest
thing which works first, are better ““ . The model takes gradient based approach to fit the regressor
on Kaggle2 dataset and it can be best suited on any linearly predictable scenario. Further, the
model is able to predict the outcome as percentage of the chance of a GRE score. The Pearson
correlation coefficient ‘r’ has a strong bearing on the underlying parameters- as it is evident from
the program run and various plots. As the linear regressor is one of the most suitable models fit
for such type of data, there are improvements also possible-like using Stochastic GD for better
performance and efficiency with a niche fit. Moreover, the model can further be extended to
undertake features of multiple dependencies as well by way of looking at the extracted features
of the data set and fitting it intuitively.
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