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Microcontrollers (MCUSs)
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= 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
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On-board processing
on a nano-drone

Bio-inspired Autonomous Exploration Policies with
CNN-based Object Detection on Nano-drones

Lorenzo Lamberti, Luca Bompani, Victor Javier Kartsch,
Manuele Rusci, Daniele Palossi, Luca Benini
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Train-Once-Deploy-Everywhere

E'Illlmlllnhuh.
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Collect Data 2 Model Training On-device Inference Deployment
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Train-Once-Deploy-Everywhere
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Real-world Failures

= Generalization to unknown environments
= original data # target data

= Model capacity and shortcuts

Training Data Real Data
= Domain shifts over time (Google Open Images) (Low-Power Camera)

= Sensor-specific data

= Personalization

= E.g. new objects, new
keywords (new classes)

Obj Detector trained on After finetuning on
Google Open Images Low-Power Camera data
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Continual On-Device Learning (ODL)

Scenario 1 Scenarlo 2 . New Classes (NC)
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Model f incrementally trains from a non-iid (independent and
identically distributed) stream of new data using on-board resources
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Transfer-Learning and Fine-Tuning
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Adaptation to the target
s domain using FT [Cai2020]

B FT Last Layer & FT Full Model
Offline Transfer Fine-Tuning < lgg
learning learning (FT) 20 80
o8 1
=)
Feature e
Q
S =40
extractor 55
(backbone) - o & 20
9 g 10
5g o
. pe same classes g & 'zﬁ’% ° o‘@ §g~ \90
Classifier Y > ] < Q\o ?'s» & &
& Training Training the
< Only the Classifier +
Classifier (part of) the
backbone

DATEZ24 tutorial - M. Rusci




ACCURACY ON 50 CLASSES

Catastrophic Forgetting

Class-incremental Learning scenario
[Maltoni2019]
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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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Core50 [Lomonaco2017]
 First task of 10 classes
8 incremental sessions of 5 tasks
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ACCURACY ON 50 CLASSES

Catastrophic Forgetting

Class-incremental Learning scenario
[Maltoni2019]
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Joint Training: model trained not continually

................ on the full dataset (upper bound)

Fine-tuning: training only on samples of
current tasks
Catastrophic Forgetting!!

1 2 3 4

O——0——O——— 00— Continual Learning (CL) strategies to deal
; 5 . . . with catastrophic forgetting
[vandeVen2022, DeLange2021]

Core50 [Lomonaco2017]
 First task of 10 classes
8 incremental sessions of 5 tasks
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CL reached offline learning accuracy
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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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