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Motivation ey

Given: Co-evolving data streams
e.g., - loT/sensor streams - Web, online activities
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Given: Co-evolving data streams
- loT streams (factory worker

e.g.,
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Motivation

Given: Co-evolving data streams
e.g., - loT streams (factory workers
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Given: Co-evolving data streams
e.g., - loT streams (factory workers)
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Motivation

am Left leg == RiJ
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Given: Co-evolving data streams
Forecast ls-steps-ahead future value

—Find major patterns/regimes
—Find dynamic space transitions between regimes

—Report Is-steps-ahead future value (i.e., e(t +t.) )
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Modeling power of OrbitMap sor

» Factory_worker (ls=200 steps-ahead forecasting)
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Modeling power of OrbitMap sor

» Factory_semicon (ls=10 steps-ahead forecasting)
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Proposed model

Q. Can we see any trends in streams ?
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P1| Latent non-linear dynamics

Various patterns (“regimes”) in streams
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#3 cool do \j (\#3 rest
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Data stream X

I #3 cool down = #4 rest J
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Proposed model

Main ideas
* [p1| Regimes (i.e., time-evolving patterns)
» [P2| Dynamic space transition between regimes
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P1| Latent non-linear dynamics

Various patterns (“regimes”) in streams
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Latent non-linear dynamics L
Regime 6
Ts(7 / (Joggmg) latent variables
=p+0s(t)+AS(t) 2/ /] (omitirajectory)
g SES N
= u + Vs(t) HESSREES initial
AT S SR - S .
i condition
\) ™~ in
3 v | Vzctor.v]:)1
estimated variables
e (?) l@@a’é[/
time ¢

KDD 2019 © 2019 Yasuko Matsubara 16



Qe
SISIR

Latent non-linear dynamics

Exponential

Linear / Non-linear Rpgnpeﬁ
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Latent relationship between regimes
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y [P2] Dynamic space transition i
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Given:
« data stream
X ={x(1), ..., x(t) }.
Estimate:
* Model parameter set
M=1{06,V}
* Model candidate

OrbitMap-F

Data stream X
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O-Estimator

Estimates model parameters M and model candidate C
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Experiments ——

We answer the following questions...

Q1. Effectiveness
How successful is it in modeling and forecasting long-term dynamics?

Q2. Accuracy
How well does it forecast future values?

Q3. Scalability
How does it scale in terms of computational time? @l
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Q1: Effectiveness
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Q2. Accuracy

Forecasting accuracy (Lower is better)
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Q3. Scalability SISIR
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OrbitMap at work sism

Real-time mining in smart factories

Potential accidents ?
X =WMM\

Q. Can we automatically
monitor/analyze
machine performance?

Factory T
manager
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OrbitMap at work [
» Factory_semicon (ls=10 steps-ahead forecasting)
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OrbitMap at work sism
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(ls=10 steps-ahead forecasting)
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Conclusions

OrbitMap has the following advantages

V Effective

It captures regimes and their dynamic space transitions

And provides long-term forecasting at any time

v/ General

It matches diverse real data

V/ Scalable
It does not depend on data length
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