;

DEPLOYMENT
OF CNNS AT THE EDGE:
THE ALOHA EXPERIENCE

Paolo Meloni
Universityof Cagliari (UNICA)

\1\. OPTIMIZATION AND
\

fo

ALOHA software framework forruntime-Adaptiveand securedeep Learning OleterogeneoudArchitectures
Thisprojecthasreceivedfundingfrom the Europeant y A Hygri@d2020Researctand
Innovationprogrammeunder Grant Agreement No. 780788
www.alohah2020.eu




Ly,

life.augmented

ma)Q ETH.... = Reply

Artificial Intelligence

UNIVERSITY
OF CAGLIARI

scch

software competence center
hagenberg

Coordinator

Giuseppe DesoliSTMicroeletronics

ScientificCoordinator
Paolo Melont Universita degli Studi di Cagliari, DHHEOLAB

www.alohah2020.eu

X

UNIVERSITEIT VAN AMSTERDAM

santer

Pluribus One

seeing one in many

>
<
£
g
S

Q
2, S
&&41 0 S\yd\,

University

Universiteit Leiden of Saseard
—_——— — Universitat
. ——— upf Pompeu Fabra
— Barcelona

QO PKE

PKE Electronics AG

IRIDA LABS



TRAINING

Learning a new capability using existing data

f—/%l

Untrained Deep Learning TRAINING Trained Model
Neural Network Framework DATASET New Capability
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INFERENCE
Applying the capability to new data

App or Service
Featuring the new
Capability

Trained
Model that's
Optimized for
Performance

https://blogs.nvidia.com/blog/2016/08/22/difference-deep-learning-training-inference-ai/
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processed outside a traditional centralized data center or cloud. By 2022
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Gartner predicts this figure

Cloud Computing
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Control Commands
Returned Action

Image data processed
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Image Uploaded
to Cloud

|mage Data In

A Latency

A Bandwidth requirement
A Safety

A Resilience

A Security

A Privacy
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Santhosh Rao, Gartner.

Edge Computing
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lmage Data In Image data processed
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A Resource constrained
computing platforms

A Limited power/energy/cost
budget

https://eu.ptgrey.com/edge-computing



DEEP LEARNING INFERENCE ON EMBEDDED

Alncreasingwumberof novelDLmodels
proposedeveryyear

Alncreasingsizeand complexity(generally
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Alncreasinmumberof DLsupportingcomputing

Alncreasing:omplexity parallelismand
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Guoet al. - https://arxiv.org/pdf/1712.08934.pdf




DEEP

Designer
Amazon
Alibaba
Baidu
Bitmain
Cambricon
Google
Graphcore

Grog
Intel

Nvidia
Huawei
Apple
Samsung

NPU
AWS Inferentia
Ali-NPU
Kunlun
Sophon
MLU
TPU
IPU

NNP, Myriad, EyeQ
NVDLA

Ascend

Neural Engine

Neural Processing Unit (NPU)
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LEARNING INFERENCE ON EMBEDDED

Image signal processor
Depth engine

HEVC encoder

HEVC decoder

Video processor

64-bit control CPUs
Apple performance controller
Secure Enclave

Display engine
Memory controller
System cache

High-performance fabric
Always-on processor
Audio subsystem

Fast storage controller

https://en.wikichip.org/wiki/neural_processor


https://en.wikichip.org/wiki/Amazon
https://en.wikichip.org/w/index.php?title=Alibaba&action=edit&redlink=1
https://en.wikichip.org/wiki/Baidu
https://en.wikichip.org/wiki/Bitmain
https://en.wikichip.org/wiki/Cambricon
https://en.wikichip.org/wiki/Google
https://en.wikichip.org/wiki/Graphcore
https://en.wikichip.org/w/index.php?title=Groq&action=edit&redlink=1
https://en.wikichip.org/wiki/Intel
https://en.wikichip.org/wiki/Nvidia
https://en.wikichip.org/w/index.php?title=Huawei&action=edit&redlink=1
https://en.wikichip.org/wiki/Apple
https://en.wikichip.org/wiki/Samsung

THE DL DICHOTOMY

Algorithms Platforms

* Complex * Highly heterogeneous and parallel
* Computationally- * Hard to program
expensive * Hard to manage at runtime

* Need for low-power
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ALOHA APPROACH
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ALOHA TOOLFLOW ARCHITECTURE
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ALOHA TOOLFLOW ARCHITECTURE
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ALOHA TOOLFLOW INTEGRATION I\/IETHODOL-
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