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ABSTRACT

Collecting quality datasets and annotating them is a tedious process. Data collection can
often be costly due to expensive devices in the field and the inaccessibility of expert an-
notators. During annotation, labels may contain noise, or datasets may be noisy due to
inherent problems in data collection devices. In some fields like the medical domain, the
annotation process is reviewed and approved at various levels, adding to the complexity of
collecting quality data. Often it becomes hard to label enormous amounts of data specifi-
cally in segmentation problems where every pixel is labelled. Also, new domains or classes

with distributional shifts may appear for which collecting data or labels can be extremely

hard.

Approaches like transfer learning help to transfer knowledge learned from models trained
on large-scale public datasets to problems with scarce datasets. Methods in domain adapta-
tion and domain generalization handle new target domains having distributional shifts with
the source domains on which the models are trained. Similarly, approaches from few-shot
or zero-shot learning, learn scarcely labelled novel classes. Although these approaches tend
to provide some solution to the existing problems, there is still a huge gap where existing
methods or algorithms fail to deliver the required performance when the data or labels are
scarce or new scarcely labelled domains or classes appear with distributional shifts or data
is noisy. In this work, I have tried to solve these challenges by designing novel efficient and
robust deep learning methods that can handle problems with scarce datasets or problems
that require learning new scarcely labelled domains and classes with distributional shifts or

noise.

Towards the end, (in the future work section), I have explored other paradigms of efficient
deep learning like domain adaptive few-shot continual learning, quantization (compression)
of medical diffusion models in the medical domain that will help to reduce inference time and

memory requirements and time-varying multi-agent reinforcement learning. The objective of
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these future works is to build efficient and robust methods that can handle catastrophic for-
getting in data scarce domains with distributional shifts, compress medical diffusion models
that consume significant computational resources, and enable agents to handle time-varying
dynamics of the environment in multi-agent reinforcement learning by making them robust

to changes.
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