o9
Regime Shifts in Streams:
Real-time Forecasting of
Co-evolving Time Sequences

Yasuko Matsubara, Yasushi Sakurai
(Kumamoto University)




Social/natural phenomena

« climaf\eég‘mm> ’$2

~y ¢! Big Data [\_ &g | Pidemic

0/7

Physical sensors




Social/natural phenomena |

conomy

L/R legs

L/R arms




Online activities

Amazon P

Netflix
YouTubs
Hulu

Google

004 2007 2010 2013 2016
Time




Social/natural phenomena
Y

** ‘ ,
( —"

NOOO| 9 | W
L o~ ZM?

- 004 2007 2010 2013 2016
Time

Q. Can we forecast future events?
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Co-evolving event-stream x
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Real-time forecasting over data streams
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Real-time forecasting over data streams
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Real-time forecasting over data streams
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Real-time forecasting over data streams
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Real-time forecasting over data streams
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Forecasting power of RegimeCast
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Real-time forecasting over data streams
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What is “Real-time forecasting”?
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Adaptive

: Non-linear dynamical systems
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Latent non-linear dynamics

P1

Various patterns (“regimes”) in streams
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Various patterns (“regimes”) in streams

walking stretching (right)
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Q. How can we effectively
capture dynamics of “regimes”?
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Details
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Various patterns (“regimes”) in streams
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Q. How can we identify
sudden discontinuities?
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Q. How can we identify
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| P2
Abrupt changes in the structure of complex systems

Examples:

* Woodland vs. grassland
* Coral vs. macro algae
* Desert vs. vegetation

Woodlands Grasslands
Ecological system




| P2
Abrupt changes in the structure of complex systems
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Abrupt changes in the structure of complex systems
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L-NLDS + regime activity
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Nested, multi-scale dynamical activities
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Nested, multi-scale dynamical activities
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* Proposed algorithms

| A1 | RegimeCast
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Q. How can we efficiently generate events?
A. Dynamic point set (DPS)
Scalability (RegimeCast)
at least O(c-1,/6) atmost O(c-l /d+1)

- ¢ : # of regimes (if there’s a new
- 1, : Length of V¢ regime in Xc)

- 6 : DPS interval — pape!
- 1. : Length of X petails !®

* It does not depend on data length ¢,
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We answer the following questions...

Q1. Effectiveness
How successful is it in forecasting events?

Q2. Accuracy
How well does it forecast future events?

Q3. Scalability

How does it scale in terms of computational time?
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Forecasting results of RegimeCast vs. others
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Forecasting error (RMSE), lower is better
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Q. How long ahead
can it forecast?
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A. It can forecast
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RegimeCast has the following advantages
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