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ABSTRACT

Recent advancements in the Internet of Things (1oT), computing infrastructure, and com-
munication networks have given rise to a surge in the generation, organization, and con-
sumption of streaming data. While these advances vastly increased the volume, velocity,
and variety of data being produced, it has also accelerated the need to comprehend this data
to enable timely decisions and actions. Though machine learning (ML) offers a promising so-
lution by creating models that detect patterns and make predictions, specialized algorithms
are required to handle large data volume, fast arrival rate, concept drift and computational
resource constraints associated with data stream mining. Building real-world ML systems
generally involve several laborious and error-prone manual tasks requiring ML experts with
limited supply. While automated machine learning (AutoML) tools increasingly automate
the creation of ML workflows, they typically operate under the assumption that the learn-
ing task is stationary and neglects the streaming and evolving nature of data. Therefore,
a demand arises for self-maintaining learning systems which identifies the optimal model
pipeline and adjusts to concept drift automatically while working within limited computa-

tional resources.

Given the above challenges, this thesis introduces self-adaptive ensembles to manage
concept drift in data stream mining. These ensembles automate and integrate one or more
steps among feature engineering, model selection, hyperparameter tuning, multi-model deci-
sion fusion, and drift detection to facilitate continuous learning from evolving data streams
while adhering to computational resource limits. To this end, multiple approaches from
stream mining, ensemble learning, multi-armed bandits (MABs), and AutoML research are

systematically integrated to create four novel self-adaptive ensemble frameworks.

The first work introduces an adaptive self-optimized end-to-end ML pipeline that uti-
lizes an ensemble of gradient-boosted decision trees incorporating Sequential Model-Based
Optimization (SMBO) for automatic hyperparameter tuning. It classifies large volume high
cardinality data streams experiencing concept drift while operating in a lifelong ML setting
with strict computational resource limits. We then introduce two computationally efficient
self-adaptive heterogeneous ensembles that exploit online model selection for concept drift
adaptation by posing it as a non-stationary MAB problem. While one framework uses a for-
mulation based on e-greedy bandits to balance exploration and exploitation, the other uses
a fixed-budget best-arm identification-based formulation that relies on Successive Halving
Algorithm (SHA). Further, a deep reinforcement learning (RL) controller based on conser-
vative Q-learning (CQL) automates the SHA budget selection. Lastly, we present a unified

self-tuning ensemble framework that combines homogeneous and heterogeneous learning,

ii
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forming a single-pass hybrid classifier ensemble. Genetic algorithm is used to automate
stream-specific base learner selection and hyperparameter optimization, whereas adaptive
stacking is used for ensemble decision fusion, avoiding frequent manual reconfiguration of

ensembles.

Our proposed self-adaptive ensembles are computationally efficient and capable of han-
dling various drift types, while also providing competitive predictive performance compared
to other state-of-the-art concept drift ensembles. Additionally, our approach eliminates the
need for users to frequently re-configure and fine-tune their ML workflows for each data
stream, making it an attractive solution for high-speed data stream mining problems in

resource constrained settings.
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