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Before deploying models, they need to be optimized to get the best performance from
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TinyMLOps are a set of best practices that can help you build and deploy
machine learning applications on TinyML devices successfully.
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Model Training

When training models for TinyML, we need to keep in mind the constraints of the target
hardware and account for losses during model optimization
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e Architectures and Ops Proxy Metrics do NOT correlate with runtime metrics

o MobileNet and EfficientNet

This can be due to architectural features of the target device are not used optimally
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ScaleDown

e ScaleDown is an open-source project that provides open training and resources as well as fosters collaboration and innovation in TinyML

ScaleDown - . . . . N . . model.get_report()
e Our mission at ScaleDown is to educate students and early career professionals about TinyML and to build tools to make developing TinyML applications easier

kd=KnowledgeDistillation(teacher, student, optimizer, distillation_loss, student_loss)

e TinyML engineers need to learn not only about machine learning, but also electronics and embedded systems so that they can optimise and deploy models on microcontrollers.

loss=kd.train_step(data)

e However, there is a wide gap in the community for learning resources and tools to help beginners and early career professionals learn about TinyML, experiment and make products to build a
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portfolio to get jobs. To help people better understand this field, we do community work like hosting workshops, study groups and talks. We also create free learning resources like books and courses. P
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