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Too much data to handle?
Let's see what we can do!
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The dream team

Me, myselfand |

» Rémy Raes

» Previously research engineer
» 2nd year Ph.D student

Distributed Machine Learning in
Ubiquitous Environments using
Location-dependent Models

» Systems for ML

» Shared between Spirals (Lille) and
WIDE (Rennes)
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Time series
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Figure 1: Visualization of data with different characteristics.

Qiu et al. TFB: Towards Comprehensive and Fair Benchmarking of Time Series Forecasting Methods. Proceedings of the VLDB
Endowment, Vol. 17 No. 9 ISSN 2150-809 (10.14778/3665844.3665863)
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Questions

» Devices are producers of data
» Training data better stay local
What are the limits preventing in situ computing?

1. Data processing
2. Data storage
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Fast linear interpolation
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I-Additional questions

Can we go further on with time series compression?

» Can we do better than straight data removal?
» "Right to be forgotten” hint from law community
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Translation into real world

Time series (temperature_am2320.c) » Time series to be Compressed
30.0 1

27.54
25.01

22.54

value

20.04

17.5

15.0

125

10.0

48 50 52 54 56
Time le7+1.68el2
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Translation into real world

Time series (temperature_am2320.c) » Time series to be Compressed

0 > Prioritize old data for compression

27.54
25.01

22.54

value

20.04

17.5

15.0

125

10.0

48 50 52 54 56
Time le7+1.68el2
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Translation into real world

Time series (temperature_am2320.c)

30.0

27.54

25.01

22.54

20.04

Value

17.5

15.0

125

10.0

48

50

52
Time

56
le7+1.68el2

» Time series to be compressed
» Prioritize old data for compression

» Need for atime-dependent
compression method
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Error selection

Time adaptive epsilon selection » Use a function to pick tolerated error
Load » Function is time-indexed
» Different behaviours:
1.02 o Constant value (FLI)
H
= 1.00 1
&
0.98 1
0.96

56
Time 1le7+1.68el2
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Error selection

» Use a function to pick tolerated error
» Function is time-indexed

» Different behaviours:

o Constant value (FLI)
e Decreasing value:

27/11/2024 loeia 12119



Error selection

Time adaptive epsilon selection » Use a function to pick tolerated error
54 L .
» Function is time-indexed
ad » Different behaviours:
o Constant value (FLI)

3 e Decreasing value:
% m Linear
w 24

1]

o

4‘8 S‘D 5‘2 5‘4 5‘6
Time le7+1.68el2
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Error selection

Time adaptive epsilon selection » Use a function to pick tolerated error

» Function is time-indexed

ad » Different behaviours:

o Constant value (FLI)
3 e Decreasing value:
m Linear

m by step

T
48 50 52 54 56
Time le7+1.68el2
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Error selection

Time adaptive epsilon selection

10 1 — a=0.01
a=0.04
— a=0.11
g
— a=0.21
— a=0.51
5
c
s
0
&
4 ¥
21 g
o
a8 50 52 56

le7+1.68el2

» Use a function to pick tolerated error

» Function is time-indexed
» Different behaviours:

o Constant value (FLI)
e Decreasing value:
m Linear
m by step
m with power function
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I-Outlayers relative conservation

Time series (temperature_am2320.c)

Knobs to control them all

30.0
27.54
25.01
22.54

20.04

Value

17.5

15.0

1259 — Original series (#86260)
Compressed series (#13415)

10.0

48 50 52 54 56
Time le7+1.68el2
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Time series (temperature_am2320.c)

Knobs to control them all
» Double target
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I-Outlayers relative conservation

Time series (temperature_am2320.c)

Knobs to control them all
» Double target
® Size

30.0

27.54

25.01

22.54

20.04

Value

17.5

15.0

1259 — Original series (#86260)
Compressed series (#13415)

10.0

48 50 52 54 56
Time le7+1.68el2
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I-Outlayers relative conservation

Time series (temperature_am2320.c)

30.0

27.54

25.01

22.54

20.04

Value

17.5

15.0

125

10.0

— Original series (#86260)

Compressed series (#13415)

48

50

52
Time

56
le7+1.68el2

Knobs to control them all
» Double target

e Size
e Data quality
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Time series (temperature_am2320.c)
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Time
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Knobs to control them all
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e Data quality

» Control theory?

27/1/2024

lreda—

13/19



I-Outlayers relative conservation

Time series (temperature_am2320.c)

30.0 A P
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=
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20.04

Value
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15.0

1259 — Original series (#86260)
Compressed series (#4379)

10.0

a8 50 52 54
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Knobs to control them all
» Double target

e Size
e Data quality

» Control theory?
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I-Outlayers relative conservation

Time series (temperature_am2320.c)
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W

=N Y
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Value
N
S
o

12.59 — original series (#86260) ]
10.0 4 Compressed series (#1753) v

a8 50 52
Time

56
le7+1.68el2

Knobs to control them all
» Double target

e Size
e Data quality

» Control theory?
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I-Outlayers relative conservation

Value
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Time series (temperature_am2320.c)
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Knobs to control them all
» Double target

e Size
e Data quality

» Control theory?
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Data utility with location data
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I-(Futu re) Evaluation

» Time series tasks: forecasting, anomaly/pattern detection
» Compressing training dataset should have an impact on the model accuracy
» Study prediction error with transformed training dataset
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Series Forecasting Methods
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I-Benchmark

Series Forecasting Methods

TFB: Towards Comprehensive and Fair Benchmarking of Time TFB (PV LDB 2 0 24)

» 25 multivariate datasets
» 8068 univariate datasets

arXiv:2403.20150v3 [cs.LG] 19 Jun 2024
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I-Benchmark

Series Forecasting Methods

TFB: Towards Comprehensive and Fair Benchmarking of Time TFB (PV LDB 2 0 24)

» 25 multivariate datasets
» 8068 univariate datasets

» 22 models

» (open-source!)

arXiv:2403.20150v3 [cs.LG] 19 Jun 2024
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I-Take away

Fight to be forgotten” hint

I-Fnst linear interpolation
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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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I-About the epsilon value

» Selecting a good € value requires data domain knowledge
» Drift between consecutive values (xi, y1) and (xz, y2): |y2 — y1l/|x2 — x1].

1.0 / - 1.0 —
0.9 qremrerrmrrmeensineneee = Lat: 0.000109 0.9 roemrmmmmrensseeeeeens - Lat: 0.000019
g : Lng: 0.000102 g ng: 0.000024
S H S ” .
V V
0.5 4 0.5
Z )
=5 =5
p = Latitude = Latitude
— - g Longitud Longitud
0.0 1 T T - T ’ gt|u - 0.0 1 T T - T = |e
100 1077 1076 1073 10°

1079 1076 1073
Figure — CDF of latitude and longitude variations of successive locations in Cabspotting and PrivaMov.

» We used e = 107? as a baseline value in the FLI paper
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2/2

27/1/2024



	Context
	Works
	Future works
	Appendix

