FEW-SHOT LEARNING DRIVEN BY
CONTRASTIVE TECHNIQUES

ANVAYA RAI

BHARTI SCHOOL OF TELECOMMUNICATION
TECHNOLOGY AND MANAGEMENT

INDIAN INSTITUTE OF TECHNOLOGY DELHI

FEBRUARY 2024



(©) Indian Institute of Technology Delhi (IITD), New Delhi, 2024



FEW-SHOT LEARNING DRIVEN BY
CONTRASTIVE TECHNIQUES

by
ANVAYA RAI

BHARTI SCHOOL OF TELECOMMUNICATION
TECHNOLOGY AND MANAGEMENT

submitted

in fulfillment of the requirements of the degree of

Doctor of Philosophy
to the

INDIAN INSTITUTE OF TECHNOLOGY DELHI
FEBRUARY 2024



Dedicated to
My Teachers
Family
&

Friends



THESIS CERTIFICATE

This is to certify that the thesis titled Few-shot Learning driven by Contrastive Tech-
niques, submitted by Anvaya Rai, to the Indian Institute of Technology, Delhi, for the
award of the degree of Doctor of Philosophy, is a bonafide record of the research work
done by him under my supervision. He has fulfilled the requirements for the submission of

the thesis, which to the best of our knowledge has reached the required standard.

The material contained in the thesis has not been submitted in part or full to any other

University or Institute for the award of any degree or diploma.

Prof. Brejesh Lall Date: FEBRUARY 2024
Department of Electrical Engineering

Indian Institute of Technology Delhi

New Delhi -110016



ACKNOWLEDGEMENTS

This thesis is the outcome of a wonderful seven year working experience under the guidance
of Dr. Brejesh Lall, to whom I wish to express my appreciation and gratitude. His
vision, creativeness, and enthusiasm have not just fueled this research but also have a lasting
influence in my career as a role model. T would also like to express my deep sense of gratitude
towards Dr. R. K. P. Bhatt and Dr. S. D. Joshi for his support and guidance whenever

required during the entire course work.

I take this opportunity to thank my friends and colleagues at II'T Delhi and C-DOT
for their generous help and fruitful collaborations, especially Ms. Astha Zalani Jain and
Mr. Raghwendra Prakash Singh. I would specially like to thank my friends, Mr. Dharmesh
Kumar, Mr. Adarsh Tripathi and Mr. Alok Sharma, for constantly boosting my moral and

motivating me in my research.

My deepest gratitude goes to my wife Ms. Pragya. She had given me the much needed

comfort and inspiration for completing this thesis.

Finally, T would like to dedicate this work to my parents, whose constant support and
encouragement have really brought me here. Lastly, I am eternally grateful to the entire
universe for the love, support, and opportunities it has bestowed upon me to make a positive

impact on the world.

Anvaya Rai

ii



ABSTRACT

KEYWORDS: Hyperspherical Manifold; Extreme Learning Machines; Principal
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inant Analysis Extreme Learning Machine; Few-shot; Contrastive
Learning; Visual SLAM; Vision based navigation; Transfer Learn-

ing; Manifold Generation.

The few-shot learning concept using contrastive techniques has come into existence because
the Deep neural networks (DNN) demand huge amounts of manually annotated training
data. In many scenarios, this type of data acquisition is highly tedious and at times im-
possible. Thus, there was a need to learn from few examples, using few iterations and
augmentations. In this work, we have proposed a novel contrastive learning based few-shot
technique and applied it in the area of Face Recognition. We call it as Latent Fea-
ture Transformed Contrastive Learning (LFT-CLR). The suggested framework can
be extended to other domains as well. Additionally, we also propose a novel contrastive
loss, called Weighted Normalized Temperature-scaled Cross Entropy Loss (wNT-
Xent), to refine a pre-trained DNN. The suggested approach has been validated using finely
curated datasets based upon LFW [20].

In the proposed inference pipeline, the fine-tuned DNN is followed by PCA/ LDA based
latent feature space transformation, resulting in extracting a manifold from the feature
space to project the test samples. This feature space transformation helps in dimensionality
reduction of the latent feature space and projection of query images onto an optimally dense

subspace of the original latent feature space, leading to accurate and faster inference.

In addition to Face Recognition, we also extend this work in the domain of Visual SLAM
and introduce a novel approach to accurately localize a subject in indoor environments by
using the scene images captured from the subject’s mobile phone camera. We present a novel
deep neural network (DNN), called InPosNet, that generates a concise representation of
an indoor scene while being able to distinguish between their inherent symmetry. It also
enables the user in real time distinction between the images of the same location but captured
from different orientations, there by enabling the user to detect the orientation along with
position. The novel DNN presented in the work is motivated by MobileNetv3-Small [54].
A localization accuracy of less than 1 meter from ground truth is achieved and enumerated

through the experimental results. The goal is to present a vision based system that will have
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the ability to be used for indoor positioning, without any need for additional infrastructure.
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NOTATION

Dimension of Feature Transformed Latent Space
Dimension of Original Latent Feature Space
Number of Novel Dataset classes

Feature Transformed Latent Space

Image sample from Novel Dataset

Image sample representation in Projected Space
Normalising Temprature for Loss Function
Online Network Parameter

Target Network Parameter

Activation Function
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