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Big time-series data streams
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• Given: 
Co-evolving event streams

• Goal:
Real-time forecasting

Forecast

?X



Requirements

What is “Real-time forecasting”?
(a) ls-steps-ahead forecasting

(b) Adaptive non-linear modeling
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(a) ls-steps-ahead forecasting

: Predict ls-steps ahead events

: Capture dynamic patterns 
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(b) Adaptive non-linear modeling
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Adaptive

Non-linear : Non-linear dynamical systems

: Regime shifts (ecosystems)

Woodlands Grasslands NLDSs

Shift

Image courtesy of dan at FreeDigitalPhotos.net.
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Latent non-linear dynamics
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Various patterns (“regimes”) in streams

P1
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Various patterns (“regimes”) in streams

P2
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Various patterns (“regimes”) in streams

Regime #1
“Walk”

P2
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Various patterns (“regimes”) in streams

Regime #1
“Walk”

Regime #2
“Stretch”

Shift

P2



Regime shifts in natural systems
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Woodlands Grasslands 

Ecological system

Abrupt changes in the structure of complex systems

Image courtesy of dan at FreeDigitalPhotos.net.

P2

Example: 
• Woodland vs. grassland

• Coral vs. macro algae

• Desert vs. vegetation



Regime shifts in event streams
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Woodlands Grasslands 
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Nested structure

Nested, multi-scale dynamics 
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Nested structure

Nested, multi-scale dynamics 
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P3
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Problem definition

• RegimeSnap
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Estimated events

Event stream X
VE

Problem definition

• RegimeSnap
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Problem definition

• RegimeSnap
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Streaming algorithm

• Proposed algorithms
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RegimeCast
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RegimeCast
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RegimeCast
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RegimeCast
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RegimeCast
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RegimeCast
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RegimeCast
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Forecasting power of RegimeCast

Real-time forecasting over data streams
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Forecasting power of RegimeCast

Real-time forecasting over data streams
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Forecasting power of RegimeCast

Real-time forecasting over data streams
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Q1. Effective – MoCap #1
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Q1. Effective – MoCap #2
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Q1. Effective – MoCap #3
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(30-35)-
steps ahead



Q1. Effective – Google Trend
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3-months 
ahead



Q1. Effective – Google Trend
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Q1. Effective – others
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Q1. Effective – others
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Q2. Accuracy
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Q3. Scalability
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Discussion 
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