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DISSERTATION RESEARCH IMPACT

In recent years, the application of deep learning in computer vision has sig-
nificantly transformed the global technological landscape. The introduction
of AlexNet marked a pivotal moment, driving a rapid expansion in the
adoption and utilization of computer vision technologies across numerous
industries. However, as deep learning methodologies have become more
prevalent and diversified in their applications, there has been a correspond-
ing increase in the complexity and resource demands of these approaches.
This includes the development of larger model architectures, the need for
greater volumes of training data, and the requirement for enhanced compu-
tational power to effectively train and deploy these models.

To address these challenges and ensure the continued applicability and real-
world impact of deep learning systems, it is essential to develop innovative
methods that enhance the efficiency of these applications without compro-
mising their effectiveness and performance. In this dissertation, various
methods are proposed to tackle these issues head-on in both distributed and
centralized settings. Novel training paradigms and frameworks are devel-
oped to overcome current limitations in memory, computation, labeled data,
and communication. These advancements aim to pave the way for more
accessible and efficient deep learning solutions.
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DISSERTATION
EFFICIENT AND EFFECTIVE DEEP LEARNING METHODS FOR COM-
PUTER VISION IN CENTRALIZED AND DISTRIBUTED APPLICATIONS

In the rapidly advancing field of computer vision, the application of deep learning has
sparked significant technological transformations. However, the broad deployment of
these technologies often faces efficiency challenges, including high memory usage, de-
manding computational resources, and extensive communication overhead, particularly
in distributed and centralized learning systems.

Therefore, efficiency has emerged as a crucial factor for both centralized and distributed
applications of deep learning technologies. This is essential for ensuring scalability, real-
world applicability, and ultimately facilitating its democratization and widespread acces-
sibility. For example, in distributed settings, federated learning (FL) presents a powerful
strategy by enabling collaborative model training across multiple clients while upholding
the privacy of their data. This approach, while promising, underscores pivotal challenges
due to each client's operation under significant constraints, including limited memory,
computational power, and bandwidth. These constraints become particularly severe in
large-scale FL systems where communication overhead escalates into a critical bottle-
neck, underscoring the necessity for enhanced efficiency in memory, computation, and
communication to render distributed paradigms like federated learning both viable and
effective. Conversely, centralized training systems also demand high efficiency, particu-
larly focusing on optimizing compute resources during training and inference phases. In
specialized fields such as remote sensing, where labels are often scarce for downstream
tasks, label efficiency is critical for success. Enhancing both compute and label efficien-
cy can significantly influence the performance and practicality of centralized training
models. Addressing these efficiency challenges holistically in both federated learning
and centralized training systems can lead to significant advancements, supporting more
extensive and effective deployment of machine learning models across varied domains.

To this end, this dissertation first tackles the challenges inherent in the distributed setting
of federated learning, where the decentralized training process and data distributed
across multiple clients often result in significant inefficiencies in communication,
memory, and computational power. To combat these issues, a novel method is intro-
duced to improve handling of data heterogeneity through distillation-based regulariza-
tion. This optimizes local model performance while reducing memory and computational
demands, facilitating more scalable and practical deployments of federated learning.
Further addressing communication inefficiencies, a novel approach is presented that
integrates diffusion models within a one-shot federated learning framework, focusing on
reducing communication costs by minimizing the frequency of model updates needed
across clients. This method not only remains robust against varied data distributions but
also incorporates differential privacy to protect user data, enhancing its suitability for
privacy-sensitive applications. In the centralized domain, the dissertation develops a
novel training paradigm for geospatial foundation models. A multi-objective continual
pretraining strategy is designed that significantly enhances training efficiency on geospa-
tial tasks, improving label efficiency and reduce the computational resources required for
training large-scale models. This approach provides a robust framework for the effective
deployment of deep learning technologies in geospatial applications, where data can be
particularly challenging to label and process.

Overall, this dissertation provides substantive advancements in deep learning system
efficiency, emphasizing improvements in memory utilization, computational demands,
and communication efficiency. These contributions are crucial for the scalable and effec-
tive application of deep learning in both distributed and centralized environments.
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