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Abstract

MNIST is essentially a database of handwritten digits and thus, having a dataset
such as this with over 70,000 images makes it a great source to perform exper-
imentation on. Thus, in this particular paper, we are working on exploring the
use and output of the oscillatory activation functions on the MNIST dataset by
generating a GAN to generate these kind of handwritten digits.The code has been
written essentially in Pytorch and we have used a number of oscillatory activation
functions and viewed the results. A GAN is a network in which there are 2 neural
networks, i.e. the generator and discriminator which are pitted against each other.
This is essentially done to enable the generator to generate a fake image and the
discriminator to classify that image as real or fake. The training is done accord-
ingly. Thus, viewing the results of oscialltory activation functions in GANs might
open us up to new possibilites and help us understand whether the oscillatory ac-
tivation functions would yield better results or not in the case of GANs.

1 Related Work

A. What are GANSs:

GAN:Ss stands for Generative Adversarial Networks. This type of modelling categorized as unsuper-
vised learning. GANs comprises two models namely: Generator (G(x)) and Discriminator (D(x)).
These models are capable of automatically discovering and learning the patterns in the input data.
The Generator is responsible for creating fake data which is to be to be trained on the discriminator.
It learns how to generate plausible data. The instances generated by the Generator are considered
to be the negative training sample for the Discriminator. Here, the Generator attempts to make the
Discriminator believe that the generated instances are real. The Discriminator is responsible for dif-
ferentiating between fake instances generated by the Generator and real instances. Training data for
discriminator includes positive samples and negative samples. The Discriminator is penalized for
misclassifying the data, using this loss, the weights are updated through back propagation. There are
different types of GANs: Vanilla GANs, Deep Convolutional GANs, Conditional GANs and Super
Resolution GANS.
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B. MNIST:

MNIST stands for Modified National Institute of Standards and Technology. This database consists
of handwritten digits from O to 9 and is present in the form of 28x28 pixel grayscale image. The
database comprises of 10,000 test examples and 60,000 examples for training. MNIST database is
considered as a benchmark because of its simplicity, ease of use and application on real-world data.

C. Oscillatory functions:

Oscillatory activation functions comprises of multiple hyperplanes in their decision boundary. This
enables the neurons to make more complex decisions than other popular sigmoidal, ReLu like Swish,
and Mish activation functions. The higher representative power of networks with oscillating activa-
tion functions allows classification and regression tasks to be solved with fewer neurons. Also, the
oscillations in the activation function appear to improve gradient flow and speed up back propaga-
tion learning[6]. The results presented in [6] suggest that deep networks with oscillating activation
functions might potentially partially bridge the performance gap between biological and artificial
neural networks.Oscillatory functions have been proved to outperform many other activation func-
tions. The better performance can be noticed with benchmarking as well.



2 Results and Discussion
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Figure 1: z2ccosz

Figure 2: final generated images for z2cosz over time
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Figure 3: leaky Relu

= R S
BN E R SR EE S
il I e e ]
i = ) 3 ) s e
gl=[Bl=]> s =]
S~~~ s

Figure 4: final generated images for leaky Relu over time
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Figure 5: sine

Figure 6: final generated images for sine activation over time
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Figure 7: for GCU

Figure 8: final generated images for GCU overtime
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Figure 10: final generated images for cos2
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Figure 12: final generated images for sign sin
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Figure 13: new act 1

Figure 14: final generated images for new act 1
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Figure 16: final generated images for signum
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Figure 18: the final images generated(none)
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Figure 19: LiSHT activation
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Figure 20: Final generated images for LiSHT
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Figure 21: no loss (no output) for ReSech

Figure 22: no final generated images for ReSech
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Figure 24: final generated images for bipolar activation over time
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Figure 27: elliott
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Figure 28: final generated images for elliott activation over time
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Figure 29: quadratic

Figure 30: final generated images for quadratic activation over time
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Figure 31: Mcubic

Figure 32: final generated images for Mcubic activation over time
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Figure 33: NMcubic

Figure 34: final generated images for NMcubic activation over time
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Figure 35: shiftedSinc

Figure 36: final generated images for shiftedSinc activation over time
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Figure 37: DSU

Figure 38: final generated images for DSU activation over time
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3 Conclusion and Future Work

We used several oscillatory activation functions on MNIST dataset using GANs. Most of the activa-
tion functions were giving good results. Leaky Relu was giving the most reasonable results.
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