
Smartphones are the key!
On the constraints of mobile computing in cloud avoidance

Rémy Raes
Spirals/WIDE research teams
Inria Lille

July 6th, 2026



Introduction

Environment

Cloud

Privacy

Terminals

Services

1 30



Introduction

Environment

Cloud

Privacy

Terminals

Services

1 30



Introduction

Environment

Cloud

Privacy

Terminals

Services

1 30



Introduction

Environment

Cloud

Privacy

Terminals

Services

1 30



Introduction

Environment

Cloud

Privacy

Terminals

Services

1 30



Introduction

Environment

Cloud

Privacy

Terminals

Services

1 30



Introduction

Environment

Cloud

Privacy

Terminals

Services

1 30



Introduction

Environment

Cloud

Privacy

Terminals

Services

https://bonjourlafuite.eu.org/

1 30



Introduction

Environment

Cloud

Privacy

Terminals

Services

https://bonjourlafuite.eu.org/

1 30



Introduction

Environment

Cloud

Privacy

Terminals

Services

1 30



Introduction

Environment

Cloud

Privacy

Terminals

Services

1 30



Introduction

Environment

Cloud

Privacy

Terminals

Services

1 30



Introduction

Environment

Cloud

Privacy

Terminals

Services

1 30



Introduction

Environment

Cloud

Privacy

Terminals

Services

1 30



Introduction

Environment

Cloud

Privacy

Terminals

Services

1 30



Introduction

Environment

Cloud

Privacy

Terminals

Services

1 30



Introduction

Environment

Cloud

Privacy

Terminals

Services

1 30



Introduction

Environment

Cloud

Privacy

Terminals

Services

1 30



Introduction

Environment

Cloud

Privacy

Terminals

Services

1 30



Introduction

Environment

Cloud

Privacy

Terminals

Services

1 30



Introduction

Terminals Communication
4. Survey
5. Venice

Energy
6. Simply the Best

Computing
3. INTACT

Storage
1. FLI
2. FLInD

2 30



Introduction

Terminals Communication
4. Survey
5. Venice

Energy
6. Simply the Best

Computing
3. INTACT

Storage
1. FLI
2. FLInD

2 30



Introduction

Terminals Communication
4. Survey
5. Venice

Energy
6. Simply the Best

Computing
3. INTACT

Storage
1. FLI
2. FLInD

2 30



Introduction

Terminals Communication
4. Survey
5. Venice

Energy
6. Simply the Best

Computing
3. INTACT

Storage
1. FLI
2. FLInD

2 30



Introduction

Terminals Communication
4. Survey
5. Venice

Energy
6. Simply the Best

Computing
3. INTACT

Storage
1. FLI
2. FLInD

2 30



Introduction

Terminals Communication
4. Survey
5. Venice

Energy
6. Simply the Best

Computing
3. INTACT

Storage
1. FLI
2. FLInD

2 30



Introduction

Terminals Communication
4. Survey
5. Venice

Energy
6. Simply the Best

Computing
3. INTACT

Storage
1. FLI
2. FLInD

2 30



Storage

Terminals Communication
4. Survey
5. Venice

Energy
6. Simply the Best

Computing
3. INTACT

Storage
1. FLI
2. FLInD

2 30



The location data case Storage > FLI (1/6)

Location data is heavy (500MB/day)
Location data is sensitive
Can be mined to extract Points of
Interest (POIs)

Storage competitors exist: SQLite,
SWAB, Greycat
▶ But they’re not satisfying
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Our intuition Storage > FLI (1/6)
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Fast Linear Interpolation (FLI) Storage > FLI (1/6)

List of piecewise linear
approximations
Capture as many points as
possible per linear segment
Data approximation through
error tolerance
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FLI evaluation protocol Storage > FLI (1/6)

Competitors
▶ SQLite
▶ SWAB
▶ Greycat

Input data
▶ Synthetic data
▶ Accelerometer data
▶ Cabspotting dataset (GPS, San Francisco)
▶ Privamov dataset (GPS, Lyon)

ϵ definition
▶ 1 × 10−3 by default
▶ Up to 2 × 10−3
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FLI results Storage > FLI (1/6)

Faster than competitors
Substantial compression gains
▶ Cabspotting: from 388MB to 307MB (-21%)
▶ PrivaMov: from 7.2GB to 25MB (-99.65%)

Surpassed storage constraint
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FLI in n-Dimension: FLInD Storage > FLInD (2/6)

■ FLI is suboptimal for storing
multivariate time series

■ Exploit relation between
dimensions
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Evaluation protocol Storage > FLInD (2/6)

Impact of
dimensions
▶ The more

captured
dimensions...

▶ The more likely
the invariant is to
break

Competitors
▶ FLI
▶ FLInD

(all dimensions in
one instance)

▶ SplitFLInD
(dimensions
distributed
between several
instances)

Datasets
▶ Hardware
▶ Electricity
▶ Solar power
▶ Microservices
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FLInD I/O comparison Storage > FLInD (2/6)
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Figure: Read and write throughput VS storage budget of linear approximation competitors over several datasets.
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Local privacy audit Computing > INTACT (3/6)

INTACT: in situ location protection
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in Mobile Devices to Unlock User Privacy at the Edge. Journal of Internet Services and Applications
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Local protection and attack layers Computing > INTACT (3/6)

Protection: Promesse

Implementation of the LPPM
Execution time of a second

Figure: Toy example of the Promesse LPPM in action.

Attack: Divide&Stay

POI-attack optimisation
Execution time brought to the minute
Accurate results

Figure: Distances distribution of modelled to closest raw
POIs on Cabspotting.
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File exchange example Communication > Survey (4/6)
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D2D technologies Communication > Survey (4/6)

Many technologies
Widely deployed
Proprietary frameworks
▶ AirDrop
▶ Quick Share

Name Specification
date

Maximum
distance

Maximum
data rate

Optical
Infrared (IrDA) 1994 Several meters 16 Mb/s
QR code-flashing — Around a meter 23.6 kb/picture

Wi-Fi
802.11 (legacy) 1997 100 m 1-2 Mb/s
802.11ax (Wi-Fi 6E) 2021 100 m 1.2 Gb/s
802.11ay 2021 10 m 100 Gb/s

Bluetooth
Bluetooth Core v1 1999 100 m 1 Mb/s
Bluetooth Core v5 2016 100 m 1-3 Mb/s

RFID
NFC 2004 20 cm 106-424 kb/s

Ultra-WideBand
UWB 2007 200 m 27 Mb/s
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General survey Communication > Survey (4/6)

We realized a survey asking end users
about their usage of communication
technologies; it collected 364 answers.
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Figure: Word cloud of received answers in the
free-text feedback field.

Lauric Desauw, Adrien Luxey-Bitri, Rémy Raes, Romain Rouvoy, Olivier Ruas, et al. A critical review of mobile
device-to-device communication. DAIS 2025 - 25th International Conference on Distributed Applications and
Interoperable Systems, Jun 2025, Lille, France. (hal-04198528v2)
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D2D survey: results Communication > Survey (4/6)

Weekly or more often

61%

Monthly

27%
Less often

12%

Figure: Distribution of the frequency of the
need for D2D communication.
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Figure: Use and satisfaction of the different
available technologies.
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A missing communication layer Communication > Venice (5/6)

■ Multiple technologies available
■ Many use-cases
■ Missing link in-between

MANETs, DTNs,

OppNets ...
3. Network

?
2. Uni�ed 

data link

Bluetooth, IR,

Wi-Fi, NFC ...1. Physical
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A framework proposal: Venice Communication > Venice (5/6)

Multi-platform support (Android,
iOS, Linux)

Set of abstractions to support
any tech implementation

Bootstrap channel Data channel

Advertiser

Discoverer

t

t

(5) Communicate

(4) Authorise connection

(3) Request connection(2) Scan

(1) Beacon

Rémy Raes, Adrien Luxey-Bitri, Romain Rouvoy, Davide Frey, François Taïani. Venice: eschewing the cloud by
leveraging local communication channels. ICT4S 2024 - International Conference on Information and
Communications Technology for Sustainability, Jun 2024, Stockholm, Sweden. (hal-04576743)
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A framework proposal: Venice Communication > Venice (5/6)

Demo application
Manual choice of channels
Several use-cases:
▶ Text copy-pasting
▶ File exchange
▶ Video streaming
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Lessons learnt Communication > Venice (5/6)

Uneven system API support
Tedious integration process
Creating a multi-platform framework
requires multi-platform knowledge
Missing high-level API
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Software libraries in Android Energy > Simply the Best (6/6)

Third Party Libraries (TPLs) are fundamental
to build Android applications
Many TPLs for the same feature...
...and biased ways to pick one
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Library choice criteria Energy > Simply the Best (6/6)
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Comparing Android libraries Energy > Simply the Best (6/6)
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Minimal apps

Scenarios

Rubén Saborido, Rémy Raes, Rodrigo Morales, Romain Rouvoy, Foutse Khomh & Yann-Gaël Guéhéneuc. Simply the
best – A systematic evaluation approach for third-party libraries based on mobile app quality attributes. Empirical
Software Engineering 31, 137 (2026). (10.1007/s10664-026-10872-w)
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Comparing Android libraries Energy > Simply the Best (6/6)
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Libraries test sample Energy > Simply the Best (6/6)

Table: Popular Android TPLs for popular TPL categories.

Name Version Provider Category
Admob 20.5.0 Google Advertising

Chartboost 9.1.0 Chartboost Advertising
Max 11.5.3 AppLovin Advertising
ACRA 5.9.7 ACRA Crash-reporting

Crashlytics 29.0.4 Google Crash-reporting
NewRelic 6.4.1 New Relic Crash-reporting
Amplitude 2.23.2 Amplitude Monitoring
Firebase 29.0.4 Google Monitoring
NewRelic 6.4.1 New Relic Monitoring

App size
Permissions

Energy
CPU

Memory
Network Figure: Android library energy test bench.
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Comparison results Energy > Simply the Best (6/6)

Dashboard as output
Global overview of libraries
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Comparison results Energy > Simply the Best (6/6)
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Comparison results Energy > Simply the Best (6/6)
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Comparison results Energy > Simply the Best (6/6)

No clear winner... as expected!
Multiple libraries, for multiple
use-cases

(70,100](20,70](10,20](0,10](−10,0](−20,−10](−70,−20][−100,−70]Difference (in %): 
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Comparison results Energy > Simply the Best (6/6)

No clear winner... as expected!
Multiple libraries, for multiple
use-cases
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Thanks for listening!
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About the epsilon value Storage > FLI

The quality of the models directly depends on the selected ϵ

Figure: Overfitting case. Figure: Underfitting case.



FLI showcase Storage > FLI
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Memory benchmark: Cabspotting Vs Privamov Storage > FLI
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Figure: Privamov compression



Additional results Storage > FLI
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Figure: Inserting 1M samples, random (R) or constant (C),
in SQLite and FLI.
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Figure: Memory gain distribution when storing
Cabspotting with FLI.



Incomplete comparison? Storage > FLI

Storing Privamov:
▶ SQLite: from 7.2GB to 5 (30.56% gain)
▶ SWAB: comparable to FLI
▶ Greycat: too slow

Input speed:
▶ SWAB is slower because of the

bottom-up segment building
▶ Greycat even slower, we could only

insert 10k samples instead of 1M
Output speed:
▶ FLI is better due to its dichotomy

search of the correct linear segment
▶ Comparison with Greycat would be

unfair (due to the above criterion)



Data utility with location data Storage > FLI

Size results
ϵ = 10−3

From 7.2 GB to 25 MB

Data utility

Latitude
▶ Tolerated error: 10−3 deg ≈ 111m
▶ Median error: 5.33 × 10−5

▶ RMSE: 3.72 × 10−4

Longitude
▶ Tolerated error: 10−3 deg ≈ 88m
▶ Median error: 2.81 × 10−5

▶ RMSE: 3.44 × 10−4
Figure: Points of Interest computed using raw data and
FLI-modeled data.



Architectural scheme Storage > FLInD

Figure: To compress a multivariate time series, FLInD requires two main parameters: the mapping of the input
dimensions into different compression groups G, and the array of per-dimension error bound E.



Best compression case Storage > FLInD

10 20 30 40
Time

5
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5

(a) Suboptimal situation for FLInD: the two series
change momentum in asynchrony.
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Time

5

0

5

Va
lu

e

(b) Optimal situation for FLInD: both series change
tendencies at the same times.

Figure: Toy example showcasing the influence of a series’ alignment on FLInD’s compression. Vertical, red-dotted
lines mark the breakpoints where an interpolation will be recomputed. FLInDworks best when breakpoints occur
at the same time across dimensions.



Clustering series through timestamps Storage > FLInD
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1 0 0 0 0

0.99 1 0 0 0

0.99 0.99 1 0 0

0.99 1 0.99 1 0

0.0051 0.005 0.0051 0.005 1

CPU Core #1
CPU Core #2

CPU Core #3

CPU Core #4

GPU Memory

One model for several series One model per series Size (floats)
CPU#1, CPU#2, CPU#3, CPU#4 GPU Memory 385, 356
CPU#1, CPU#2, CPU#3 CPU#4, GPU Memory 462, 164
CPU#1, CPU#2, CPU#4 CPU#3, GPU Memory 462, 218
CPU#1, CPU#3, CPU#4 CPU#2, GPU Memory 462, 222
CPU#2, CPU#3, CPU#4 CPU#1, GPU Memory 462, 306
CPU#1, CPU#2, CPU#3, CPU#4, GPU Memory ∅ 462, 408
CPU#1, CPU#2 CPU#3, CPU#4, GPU Memory 539,024
CPU#1, CPU#3 CPU#2, CPU#4, GPU Memory 539,030
CPU#1, CPU#4 CPU#2, CPU#3, GPU Memory 539,083
CPU#2, CPU#3 CPU#1, CPU#4, GPU Memory 539, 118
CPU#2, CPU#4 CPU#1, CPU#3, GPU Memory 539, 168
CPU#3, CPU#4 CPU#1, CPU#2, GPU Memory 539, 174
CPU#1, CPU#2, CPU#3, GPU Memory CPU#4 539, 212
CPU#1, CPU#2, CPU#4, GPU Memory CPU#3 539, 270
CPU#1, CPU#3, CPU#4, GPU Memory CPU#2 539, 272
CPU#2, CPU#3, CPU#4, GPU Memory CPU#1 539, 358
CPU#1 CPU#2, CPU#3, CPU#4, GPU Memory 615, 796
CPU#2 CPU#1, CPU#3, CPU#4, GPU Memory 615, 796
CPU#3 CPU#1, CPU#2, CPU#4, GPU Memory 615, 796
GPU Memory CPU#1, CPU#2, CPU#3, CPU#4 615, 796
CPU#4 CPU#1, CPU#2, CPU#3, GPU Memory 615, 798
∅ CPU#1, CPU#2, CPU#3, CPU#4, GPU Memory 615, 798
CPU#1, CPU#2, GPU Memory CPU#3, CPU#4 616,070
CPU#1, CPU#3, GPU Memory CPU#2, CPU#4 616,074
CPU#1, CPU#4, GPU Memory CPU#2, CPU#3 616, 132
CPU#2, CPU#3, GPU Memory CPU#1, CPU#4 616, 166
CPU#2, CPU#4, GPU Memory CPU#1, CPU#3 616, 220
CPU#3, CPU#4, GPU Memory CPU#1, CPU#2 616, 224
CPU#4, GPU Memory CPU#1, CPU#2, CPU#3 692, 728
CPU#3, GPU Memory CPU#1, CPU#2, CPU#4 692, 744
CPU#2, GPU Memory CPU#1, CPU#3, CPU#4 692, 750
CPU#1, GPU Memory CPU#2, CPU#3, CPU#4 692, 788



Impact of splitting series between instances Storage > FLInD

Table: Performances metrics over compressing the Microservices Traces dataset using an increasingly smaller
count of dimensions per instance. The lower the dimensions count, the better the error is acknowledged, leading
to better total size, but also to increased read/write times due to the dataset being split between many
FLInD instances.

Name Size (MiB) ↓ Reads/sec ↑ Writes/sec ↑ Error P95 ↓
FLInD 143.27 380 257 0.0
100 series per instance 72.63 260 177 0.030
50 series per instance 59.76 181 99 0.038
20 series per instance 44.37 115 48 0.049
10 series per instance 35.05 95 29 0.057
5 series per instance 27.77 59 17 0.066
2 series per instance 21.27 29 7 0.078
1 series per instance (FLI) 18.44 17 4 0.088



Intuition (1/2) Storage > Right to be forgotten

Figure: Data days old Figure: Data months old Figure: Data years old



Intuition (2/2) Storage > Right to be forgotten



Intuition (2/2) Storage > Right to be forgotten



Intuition (2/2) Storage > Right to be forgotten



Intuition (2/2) Storage > Right to be forgotten



Intuition (2/2) Storage > Right to be forgotten



Location datasets Storage > Datasets

Cabspotting
▶ 536 taxis
▶ San Francisco, CA, USA
▶ 1 month
▶ 11M GPS records
▶ 388 MB

Privamov
▶ 100 users
▶ Lyon, France
▶ 15 months
▶ 156M GPS records
▶ 7.2 GB



Metrics datasets Storage > Datasets

Dataset Hardware performance profile Electricity load Solar power data Microservices traces
Series count 66 370 405 13,058
Samples count 77,000 140, 257 105, 120 1, 440
Frequency 1 sec 15 min 5 min 30 sec
Initial size 39.40 MiB 397.00 MiB 325.61 MiB 143.47 MiB



Execution time results Privacy > Divide&Stay

Table: Execution time for PrivaMov user 1 on different mobile platforms. Previous deployments of these
algorithms were made on desktop computers. FLI now enables their instantiation on ubiquitous devices, with
reasonable processing times.

Task Moto Z Fair Phone 3 Google Pixel 7 Pro iPhone 12 iPhone 14+
Promesse 1.5s 1.3s 0.4s 0.2s 0.2s
POI-Attack 114.4s 109.2s 30s 18.8s 19.4s



Looking for POIs Privacy > Divide&Stay

Table: Impact of FLI and D&S on the number of inferred POIs from user 0 trace in Cabspotting. Thanks to FLI and
D&S, Promesse succeeds to protect user privacy at the edge.

without Promesse with Promesse︷ ︸︸ ︷ ︷ ︸︸ ︷
Algorithm Raw POIs FLI Raw POIs FLI
POI-attack 30 31 0 0

D&S 30 30 0 0
POI-attack ∩ D&S 21 20 - -



Initial thesis subject High-level > Research questions

Distributed Machine Learning in Ubiquitous Environments using
Location-dependent Models

How to store unbounded data streams on constrained mobile devices?
How to exchange relevant model samples among nearby devices?
How to program DML algorithms for the masses?
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