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RELU Activation Function, Epoch = 50

Fig. 4. Similarity scores for Faces with ReLU activation function (AT&T dataset)

KAF, Epochs = 10 KAF, Epochs = 50

Fig. 5. Similarity scores for faces with KAF activation function (AT&T dataset)
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Table 2. Accuracies for matching networks on Omniglot dataset

Activation function Accuracy (%)

ReLU 80.625
KAF 85.06
KAF2D 89.27

Asa nal experiment, we replicated the architecture of Matching Networks as
in [18] with the KAF and KAF2D activation functions on the Omniglot dataset.
we ran it for 1600 epochs with the results summarized in Table 2 (Figs 3,4, 5).

4 Discussion and Conclusions

In this paper, we presented a method to improve metrics-based one-shot learn-
ing approaches using kernel-based activation functions [17]. We have outlined
our results comparing the performance of our networks to existing ReLU based
architectures. After running experiments, we observe certain behavior related to
activation functions as applied to the One-Shot Learning task:

1. We obtained better clusters (closely aligned) with KAF2D, followed by KAF
and ReLU, for MNIST dataset.

2. The Training Loss Curve for AT&T Face dataset converged faster when

using ReLU. When using KAF and KAF2D as activation functions, the loss

uctuated a bit in the beginning but provided a lower loss value at the end.

KAF takes around twice the training time of ReLU activation functions.

4. KAF2D takes around ve times the training time of ReLU activation func-
tions.

5. The results for Matching Networks architecture proved to be promising using
Kernel-based activation functions.

w

We conclude that though new Activation Functions give better accuracy in
matching networks, better similarity distance in AT&T dataset, and better in-
tracluster scores for MNIST in less number of epochs, it takes a lot more time
to converge as compared to RelLU.

Learning proper representations is an crucial part of any deep learning architec-
ture, especially in case of one-shot learning when we have less amount of data. To
learn the ability to learn, we need to improve out method of information extrac-
tion. In the above work, we proposed one method of data approximation using
the Gaussian distribution activation function. For metrics-based one-shot learn-
ing, we can at least say that we need to learn proper approximation functions in-
stead of adding more layers, as adding layers will lead to under tting/over tting
the model considering less amount of data.
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5 Supplementary Material

See Figs. 6, 7,
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Fig. 6. Training Loss for Different Epochs AT&T Dataset
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Fig. 7. Similarity Scores for Faces with KAF2D Activation Function [AT&T Dataset]






