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Abstract

The lack of a large amount of training data has always been the constraining factor
in solving a lot of problems in machine learning, making One Shot Learning one
of the most intriguing ideas in machine learning. It aims to learn information
about object categories from one, or only a few, training examples, and for certain
image classification tasks, has successfully been able to get results comparable
to human beings. This project aims to deal with understanding the architecture
of One Shot Learning using Siamese neural networks [1] and improve on their
performance using Kafnets (kernel-based non-parametric activation functions for
neural networks) [4]. We also intend to evaluate these activation functions for
advanced one shot learning models(Matching Networks).

1 Introduction

Humans learn new things with a very small set of examples e.g. a child can generalize the concept
of a ”Dog” from a single picture but a machine learning system needs a lot of examples to learn
its features. In particular, when presented with stimuli, people seem to be able to understand new
concepts quickly and then recognize variations on these concepts in future percepts [7]. Machine
learning as a field has been highly successful at a variety of tasks such as classification, web search,
image and speech recognition. Often times however, these models do not do very well in the regime
of low data. This is the primary motivation behind One Shot Learning; to train a model with fewer
examples but generalize to unfamiliar categories without extensive retraining.

Deep learning has played an important role in the advancement of machine learning, but it also
requires large datasets. Different techniques such as regularization reduces overfitting in low data
regimes, but do not solve the inherent problem that comes with fewer training examples. Further-
more, the large size of datasets leads to slow learning, requiring many weight updates using stochas-
tic gradient descent. This is mostly due to the parametric aspect of the model, in which training
examples need to be slowly learned by the model into its parameters. In contrast, many known non-
parametric models like nearest neighbors do not require any training but performance depends on a
sometimes arbitrarily chosen distance metric like the L2 distance[1].

One-shot learning is an object categorization problem in computer vision. Whereas most machine
learning based object categorization algorithms require training on hundreds or thousands of images
and very large datasets, one-shot learning aims to learn information about object categories from
one, or only a few, training images [10]. This is called one-shot learning and forms the basis of our
work in this project.

One way of addressing problems in One Shot learning is to develop specific features relevant to the
domain of the problem; features that possess discriminative properties particular to a given target
task. However, the problem with this approach is the lack of generalization that comes along with
making assumptions about the structure of the input data. In this project, we make use of an approach
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[4] also considers a two-dimensional variant of the proposed KAF, denoted as 2D-KAF. Roughly
speaking, the 2D-KAF acts on a pair of activation values, instead of a single one, and learns a two
dimensional function to combine them. It can be seen as a generalization of a two-dimensional
max-out neuron, which is instead constrained to output the maximum value among the two inputs.
The equation is given as:

g(s) =
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2

}
is a 2D Gaussian Kernel.

After implementing Activation Functions, the next step was to implement Siamese Networks for
Classification. The architecure is detailed in the next sections.

4.1 Architecture of Siamese Networks

For MNIST, we have coded a very simple 2 convolutional layer architecture:
Layer 1 : Conv1 and Conv2
Conv1: 1X20 followed by maxpooling
Conv2: 20X50 followed by maxpooling
Layer 2 : Fully Connected network with Activation Function. (50X500)
Layer 3 : Linear Layer (500X2)

For AT&T Face Dataset, we have implemented dense layered Architecture:

Layer 1 : Conv1, Conv2, and Conv3
Conv1: 1X4 followed by Activation Function and Max Pooling.
Conv2: 4X4 followed by Activation Function and Max Pooling.
Conv3: 8X8 followed by Activation Function and Max Pooling.
Layer 2 : Fully Connected network with Activation Function (100X100X8).
Layer 3 : Linear Layer with Activation Function. (500X250).
Layer 4 : Linear Layer with Activation Function. (250X5).
We have used Contrastive Loss function in both cases:
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; and

Dw =

√
{Gw(X1)−Gw(X2)}2

where Gw is the output of one of the sister networks. X1 and X2 is the input data pair.
We have set learning rate to 0.0005, and used the Adam Optimizer.

We have also changed the architecture for matching networks a bit so as to adapt the KAF2D Activa-
tion Function, but mostly used what was suggested in [2]. It consists of 4 convoluted layers, followed
by 3 Fully connected linear layers and then Bidirectional LSTMs. This also uses the contrastive loss
function.

5 Experiments and Results

We ran Siamese Network Architecture on the MNIST Dataset, with different activation functions,
each for 10 and 50 epochs. We have observed that the clustering score (silhouette score) in KAF2D
was best, followed by KAF and RELU as displayed in Table 1. Silhouette Score ranges from (-1 to
1), where close to 1 proves that the clusters obtained are good. The reason, it is working better could
be about the Activation function. Firstly, for one shot we need non-paramteric activation functions
only, as we have less amount of data. RELU is simple traditional non-paramteric function, whereas
KAF, and KAF2D were kernel based, so they could have contributed in capturing features of images
in better way.
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Figure 3: Embeddings with different Activation Function for different Epochs [MNIST Dataset]
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Figure 4: Training Loss for MNIST dataset with different Epochs and Activation Functions.

We have also observed the training loss curve for all the cases, and see that with KAF, and KAF2D
there were more fluctuations than RELU.

We also experimented with the same architecture on the At&T Face Similarity dataset. As the output
from the Siamese network, we obtained five dimensional embeddings of the images in a plane; we
then calculated pairwise distance which was used the metric to measure similarity. Similar to the
MNIST experiment, we ran it with KAF, KAF2D, and RELU activation function, and observed that
we were able to increase the closeness of it, using KAF and KAF2D. We also observed the behavior
of training loss curve with different functions. What we observed is, that for RELU, it converged
much faster, which could be reason of its efficiency. Whereas KAF, and KAF2D were fluctuating in
the beginning, but converged to a lower value of loss at the end.
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Table 1: Silhouette Scores obtained for clusters in test set, 50 Epochs [MNIST Dataset]

Activation Function Silhouette Score

RELU 0.7766
KAF 0.8052
KAF2D 0.81641

Table 2: Accuracies for Matching Networks on Omniglot Dataset

Activation Function Accuracy

RELU 91.18%
KAF 92.06%
KAF2D 89.27% Intermediate

5.1 Accuracies obtained on Matching Networks

As a final experiment, we replicated the architecture of Matching Networks as in [2] with the KAF
and KAF2D activation functions on the Omniglot Dataset. It ran for 1600 Epochs with the results
summarized in Table 2.

6 Discussion and Conclusions

In this project, we present kernel based activation functions [4] to improve the performance of one-
shot classification by applying it to learn deep convolutional siamese neural networks for image
classification. We have outlined our results comparing the performance of our networks to existing
RELU based Architectures.

After running some experiments, we observe certain behavior related to activation functions as ap-
plied to the One Shot learning task:

1. KAF takes around twice the training time of RELU activation functions.
2. KAF2D takes around five times the training time of RELU activation functions.
3. We obtained better clusters (closely aligned) with KAF2D, followed by KAF and RELU,

for MNIST Dataset.
4. The Training Loss Curve for At&T Face Dataset converged faster when using RELU. When

using KAF and KAF2D as activation functions, the loss fluctuated a bit in the beginning
but provided a lower loss value at the end.

5. The Results for Matching Networks Architecture proved to be promising using KAF based
activation functions, but we weren’t able to completely calculate the accuracy for KAF2D,
as we ran out of AWS credits. For 1000 epochs we obtained 89.27% max.

We conclude that the new Activation Functions did giving better accuracy in matching networks,
better similarity distance in AT&T dataset, and better intra cluster scores for MNIST, they took a lot
more time to converge as compared to RELU.
In the future, we can test this approach for Neural Turning Machines Algorithm of One Shot Learn-
ing, but as mentioned it will require more resources. For now, we can conclude, that these activation
functions show promise, but if used in complex and large architectures, it will cost a lot of resources
and time. We can use them for small architectures, just like with MNIST’s (2 convolutional Layer)
and AT&T’s (3 convolutional Layer). But when it comes to Matching Networks Architecture( which
involves LSTMs) we can trade off accuracy for flexibility in time and resources.
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