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Q. Can we forecast future events?
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Real-time forecasting over data streams
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What is “Real-time forecasting”?
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Latent non-linear dynamics | P1 |
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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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Q. How can we identify
sudden discontinuities?
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Abrupt changes in the structure of complex systems

Examples:

* Woodland vs. grassland
« Coral vs. macro algae
« Desert vs. vegetation
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Abrupt changes in the structure of complex systems
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L-NLDS + regime activity
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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 1, /8+1)

- c: #of regimes (]f 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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RegimeCast has the following advantages

v/ Effective
Long-term forecasting

Realtime forecasting : t=540

1
v Adaptive B /1 .
. - Nie =
No prior training |\ a
v Scalable 0 m 0 5w a0 0
It does not depend on data length
v Anytime

It forecasts future events, immediately, any time
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