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PRESTO

| Real-time Forecasting of Event streams
Motivation - Given: Big time-series data streams

‘ Social/natural phenomena | F /Sensor streams \
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Goal:

Forecast /,-steps-ahead future events, atany pointin time
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Given: Co-evolving time sequences (e.g., MoCap, sensors)
Goal: Find patterns that agree with human intuition
E

xperiments - (a) Sense-making (MoCap)
(No user deflned parameters) walk run jump walk  kick |ur%)wavehands

ettright, (ieft) walk
ot . o
Y ers
d e laps 05|
LY leftright
o AR KL o arms,

il
logs 1% fings Taps UH‘

Chicken dance

05/

M

50 100 150 200 250 300 350 400 450 50 100 150 200 250 300 350 400 450

I
totright | WV ™ 000 2000 3000 4000 5000 6000 7000 8000 :
ams’ a0 a0 s —an 1000 1200 Tz ! ; g -
- - ~ -_474_Ak;7-
SE . - & % : : - : !
o [ — (.’.\‘ - : O !
< — - [ — — |
Automahc! © | !
. ~ — |
(b) Event discovery (Google Trends) :
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| Given: Automobile sensor data {Trip ID, zone ID, object}
I Goal: Find important patterns, automatically g :
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| Non-linear Mining of
|

! Competing Local Activities
| Given: Co-evolving online activities (e.g., Google Search) e
| Goal: Find patterns (e.g., competition, seasonality), fully automatically
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Information Diffusion through online media

- How do news/rumors spread in social media?

- Do the rise-fall patterns follow a simple law?

e.g., Meme (# of mentions in blogs)

daily or weekly periodicities
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“lipstick on a pig” : Sh rt phrases sourced from U.S. politics in 2008
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Complex time-stamped events
e.g., Web click events: {time, url, user, access device, ...
Timestamp

etc.}

2012-08-01-12:00 CNN.com Smith iphone
2012-08-02-15:00  YouTube.com Brown iphone
2012-08-02-19:00 CNET.com Smith

mac | Can we forecast
future events?
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| Spatially Coevolving Epidemics @&
Motivation - Given: large set of epidemiologlcél data

e.g., Measles cases, f om 1928 to 1982 50 statesP—
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: Others: loT big data mining, Web, etc.
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I Goal: statistically summarize all the epidemic time-series




