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Google Trends Comparer

®  Internet des objets ¢ Big data . .
o . + Ajouter une comparaison
Domaine d'étude Sujet
Dans tous les pays ¥ Cinq derniéres années ¥ Toutes les catégories ¥ Recherche sur le Web ¥

Evolution de l'intérét pour cette recherche @

Moyennes 26 févr. 20... 17 nov. 2013 9 aodt 2015



Data Set

Classifier Algorithm
builds Model

Analytic Standard Approach

Finite training sets

Static models
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Data Stream Approach

Infinite training sets

Dynamic models
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Programming S.L. Graham, R.L. Rivest
Techniques Lditors

Counting Large
Numbers of Events in
Small Registers

Robcrt Morris
Bell Laboratories, Murray Hill, N.J.

It is possible to use a small counter to keep
approximate counts of large numbers. The resulting
expected error can be rather precisely controlled. An
example is given in which 8-bit counters (bytes) are
used to keep track of as many as 130,000 events with a
relative error which is substantially independent of the
number n of events, This relative error can be expected
to be 24 percent or less 95 percent of the time (i.e. 0 =
n/8). The technigues could be used to advantage in
multichannel counting hardware or software used for
the monitoring of experiments or processes.
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f(x) = log(1 + x/30)/log(1 + 1/30)
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MORRIS APPROXIMATE COUNTING ALGORITHM

1 Init counter c + 0
2 for every event in the stream

3 do rand = random number between 0 and 1
4 if rand < p
5 thenc«+— c+ 1
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Sliding Window
We can maintain simple statistics over sliding windows, using
O(!log® N) space, where

» N is the length of the sliding window
» ¢ is the accuracy parameter

& M. Datar, A. Gionis, P. Indyk, and R. Motwani.
Maintaining stream statistics over sliding windows. 2002
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P (x|C)P(C)
P (x)

P(Clx) =

. likelihood prior
posterior =

evidence

Y
P(CIx)/ P(xi|C)P(C)

Xi2X

C =argmax P(C|x)
C
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ADWIN

An adaptive sliding window whose size is recomputed online
according to the rate of change observed.

Problem

Given an input sequence z1,3,...,Z,... we want to output

@ a prediction Z;,; minimizing prediction error:

1Tt 1 — T g1

@ an alert if change is detected
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Optimal Change Detector and Predictor
@ High accuracy

@ Fast detection of change
@ Low false positives and false negatives ratios

@ Low computational cost: minimum space and time needed

ADWIN
@ Theoretical guarantees

@ No parameters needed
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Theorem
At every time step we have:

© (False positive rate bound). If u; remains constant
wrthin W, the probability that ADWIN shrinks the
wrndow at this step 1s at most .

© (False negative rate bound). Suppose that for some
partition of W in two parts Wo W, (where Wi contains
the most recent items) we have |pw, — pw,| > 2€c. Then
wnth probability 1—0 ADWIN shrinks W to Wi, or
shorter.

ADWIN tunes itself to the data stream at hand, with no need for
the user to hardwire or precompute parameters.
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@ Classification

Adaptive Naive Bayes (Bifet et al. 2007)

Decision Trees: Hoeffding Adaptive Trees (Bifet et al. 2009)
ADWIN Bagging (Bifet et al. 2009)

Leveraging Bagging (Bifet et al. 2010)

Stacking of Restricted Hoeffding Trees (Bifet et al. 2012)
Multilabel Classification (Read et al. 2012)

Adaptive kNN (Bifet et al. 2013)

Random Forests (Marron et al. 2014)

@ Frequent Pattern Mining

Frequent Closed Tree Mining (Bifet et al. 2008)
Frequent Closed Graph Mining (Bifet et al. 2011)
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Editing option: Stream
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I1: Validation Methodology

k classifiers in paraliel

L
l 1
Validgation 1
Methodology -‘Q. L

Classifier (fold)

Theory suggests k-fold
e Cross-validation
e Split-validation
e Bootstrap validation

Classifier (fold)

Classifier (fold)

Classifier (fold)

Classifier (fold)




I1: Validation Methodology

k classifiers in paraliel
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I1: Validation Methodology

k classifiers in paraliel

A Training weights ~ Poisson(1)

‘ etoaoiay s% H L‘Ll
Classifier (fold)
Classifier (fold)
Theory suggests k-fold \
e Cross-validation R,
e Split-validation

e Bootstrap validation

Classifier (fold)

Classifier (fold)




K-fold: who wins¢ [Bifet etal 2015]

» Cross-validation strongest, but most expensive
» Split-validation weakest, but cheapest

» Booftstrap: in between, but closer to cross-validation



Evaluation can be misleading

Electricity Dataset, Accuracy
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“Magic” classifier

Electricity Dataset, Accuracy
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Published resulis

Electricity Dataset, Accuracy

Algorithm name Acc. (%) Algorithm name Acc. (%)
DDM 89.6" Local detection 80.4
Learn++.CDS 88.5 Perceptron 791
KNN-SPRT 88.0 AUEZ2 77.3
GRI 88.0 ADWIN 76.6
FISHS3 86.2 EAE 76.6
EDDM-IB1 85.7 Prop. method 76.1
Magic classifier 85.3 Cont. \-perc. 741
ASHT 84.8 CALDS 72.5
bagADWIN 82.8 TA-SVM 68.9
DWM-NB 80.8

* tested on a subset



Problem is Auto-correlation

Use for evaluation: Kappa-plus
Exploit for better prediction

Image frequency: Last 1 hour every 7.5 minutes

® Hide Radar Locations

Auckiand Radar

Taranaki Ray

Gisborne/Hawke's
Bay Radar

o D) 11:13am [KOSEIFELR

Image frequency: Last 1 hour every 7.5 minutes

® Hide Radar Locations

Auckland Radar

sborrig/Hawke's
Bay Radar

Westland Ra@hr.

Southland Refflar__ -
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