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Machine Learning at the Edge
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Benefits

Lower 
latency

Increased 
privacy

Reduced network 
congestion
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Challenges

Limited resource Heterogeneity
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Timeline
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Now

Tiny Mobile

Benchmarking EdgeML 
Hardware

Preliminary use case: 
Machine Learning 
Onboard Satellites Model Optimizations

Smart Resource Manager

CPU GPU



Preliminary use case: 
Machine Learning Onboard Satellites
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Requirements

Greenland 
270 s latency

Arctic region 
71.74 s latency

Real-time imaging 
4.42 s latency

<5W
MAX

<2W
AVG
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Devices under Test

ASICsGPUsMicrocontroller
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Model Data

Pretrained MobileNetV1 224 px
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Results – Latency

High degree of parallelism necessary
10

0
2
4
6
8

10
12

ARM
Cortex-M7

Jetson
Nano,
BS=16

Raspberry
Pi + NCS2

Toradex
Verdin

Coral
Micro

Coral Mini Raspberry
Pi + Coral

TPU

Pe
r-i

m
ag

e 
in

fe
re

nc
e 

la
te

nc
y 

(s
)

DM=0.25 DM=0.5 DM=1

budget

...

Depth Multiplier (DM)

µCtrl GPU ASICs



Results – Peak Power Draw

Only the highest specialization 
can also fulfill power budget
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Coral Dev Board 
Mini launched 

onboard DISCO1 in 
April  2023
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Tiny Mobile

CPUs Accelerators

Benchmarking EdgeML Hardware
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CPU

AI 
Accel.

Task 1 (ML)
Deadline: 1:30

Task 2 
(preprocessing)
Deadline: 1:34

Task 3 (ML)
Deadline: 1:28

Resource Manager

Current Stats
Power: 4.8W / 5W

CPU util: 100%
Accel. Util: 100%

Dynamically adjust resources 
of multiple tasks, considering 

power and latency 
requirements

Smart Resource Manager
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Quantization

FP32 → INT8
Op 

1
Op 
2

Op 
3

Op 
4

Op 
1

Op 
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Model Optimizations 

Pruning Operator fusion and other 
graph optimizations

Fusion
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Machine Learning Onboard Satellites

 Benefit of reducing network congestion

Benchmarking EdgeML Hardware

 Understanding trade-offs is expensive and difficult

Smart Resource Manager

 Concurrent tasks, deadlines, power budgets

Model Optimizations

 Make most out of devices

Summary
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Thank you!


