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Content: 

[Part I] Introduction to On-Device Continual 
Learning (M. Rusci) [15’]

[Part II] DNN Training Primitives and Mapping to 
Microcontrollers (MCUs) (C. Cioflan) [30’]

[Part III] PulpTrain-Lib Hands-on (D. Nadalini) [30’]

[Part IV] Trends and Tricks for Efficient On-Device 
Continual Learning (M. Rusci) [10’]
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Microcontrollers (MCUs)

▪ Ultra-low power near-sensor processing: 
▪ Less than tens of mW

▪ Heterogeneous platforms for low-latency 
processing but still flexible!!
▪ Software-programmable

▪ PULP platform architectural template:
▪ Open-source RISC-V based MCU

▪ Multi-core cluster with tightly-coupled memory

▪ Hands-on using the software simulator 
GVOSC 
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Deep Learning at the Extreme Edge

[Lamberti2021]
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[Lamberti2023]
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Train-Once-Deploy-Everywhere

Lights on!

Lights on!

Lights on!

Collect Data 

data

1 On-device Inference Deployment3Model Training
2
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Train-Once-Deploy-Everywhere

Real-world 
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Real-world Failures

▪ Generalization to unknown environments

▪ original data ≠ target data

▪ Model capacity and shortcuts

▪ Domain shifts over time

▪ Sensor-specific data

▪ Personalization

▪ E.g. new objects, new 
keywords (new classes)
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Continual On-Device Learning (ODL)
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Transfer-Learning and Fine-Tuning

Training 
Only the 
Classifier
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Catastrophic Forgetting

Joint Training: model trained not continually 
on the full dataset (upper bound)

Fine-tuning: training only on samples of 
current tasks

Catastrophic Forgetting!!
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Class-incremental Learning scenario 

[Maltoni2019]

Core50 [Lomonaco2017]

• First task of 10 classes

• 8 incremental sessions of 5 tasks
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Catastrophic Forgetting

Joint Training: model trained not continually 
on the full dataset (upper bound)

Fine-tuning: training only on samples of 
current tasks

Catastrophic Forgetting!!

Continual Learning (CL) strategies to deal 
with catastrophic forgetting 
[vandeVen2022, DeLange2021]
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Class-incremental Learning scenario 

[Maltoni2019]

Core50 [Lomonaco2017]

• First task of 10 classes

• 8 incremental sessions of 5 tasks
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CL reached offline learning accuracy

SIESTA [Harun2023] showed 
same Top5 Imagenet-1k 

accuracy of offline learner but 
class-incrementally trained 

(data streams of 100 classes)
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Can we bring Continual Learning on 
Ultra Low Power MCUs? 

▪ Deep Neural Network Training explained (C. Cioflan)

▪ Basic Operations of Backpropagation-based training

▪ Mapping to MCUs and memory compute and costs

▪ This tutorial: supervised learning, no spiking models, no continual learning algorithms

▪ Hands-on practice: training on a multi-core MCUs (D.Nadalini)

▪ Recent Trends on On-Device Learning (M. Rusci)
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Questions

manuele.rusci@esat.kuleuven.be 
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