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Problem & Challenges

Applying Al in real-world, decentralized environments is challenging due to resource constraints, dynamic data shifts, and the need
for continuous adaptation. Moreover, labeled data is often limited or costly to obtain, making it difficult to sustain model performance
over time. Addressing these challenges requires data-efficient learning and scalable orchestration mechanisms for adaptive pipelines.

Active TinyMLOps Pipeline

e Motivation for Active TinyMLOps

' We present Active TinyMLOps, an end-to-end framework that
E integrates TinyMLOps with active learning to enable data-
. efficient, continuously adaptive ML pipelines.

Active TinyMLOps evolves from MLOps and TinyMLOps to
bridge the gaps in operationalization, pipeline management,
and adaptive scalability for resource-constrained devices.
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Use case: Leaf Disease Detection [

The preliminary results indicate that the proposed workflow in
a simulated setting achieved comparable performance to full-
dataset (baseline) training using 87% fewer labeled samples.

The proposed framework was evaluated on a plant health
classification task using the augmented PlantVillage dataset
in a simulated incremental setting.
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Expected Outcomes & Future Work

An end-to-end Active TinyMLOps loop is illustrated, spanning model optimization, deployment, continuous monitoring, and adaptation.
The system efficiently selects informative samples to handle data-distribution shift and to support safe over-the-air model updates.
Serverless (FaaS) event-driven orchestration will be explored as future work to enhance scalability and enable event-triggered execution.
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