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HOME 0:00 HOME 0:00 –– 8:008:00
HOME 18:00 HOME 18:00 –– 24:0024:00

WORK 8:00 WORK 8:00 –– 18:0018:00
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HOME 2:00 HOME 2:00 –– 18:0018:00

PUB 18:00 PUB 18:00 –– 22:0022:00

WHEREABOUTSWHEREABOUTS PATTERNSPATTERNS FROMFROM
MOBILITYMOBILITY DATADATA

CINEMA 22:00 CINEMA 22:00 –– 24:0024:00

DISCO 0:00 DISCO 0:00 –– 2:002:00



EXTRACTINGEXTRACTING WHEREABOUTSWHEREABOUTS PATTERNSPATTERNS

(Eagle et al., 2009)(Eagle et al., 2009)

EIGENBEHAVIORSEIGENBEHAVIORSTOPICTOPIC MODELSMODELS

((FarrahiFarrahi et al., 2009)et al., 2009)





PRO
§Topical pattern analysis

§Summarization

§Subtopic discovery

CONTRA
§Predefined number of 

topics

§Hard to interpret

PROBLEMPROBLEM IDENTIFICATIONIDENTIFICATION



AutomaticAutomatic butbut
hardhard toto makemake
sensesense

Make sense, Make sense, 
but cannot but cannot 

scale up.scale up.

PROBLEMPROBLEM IDENTIFICATIONIDENTIFICATION



RRESEARCHESEARCH QUESTIONSQUESTIONS

can we identify can we identify 
patterns from patterns from 
mobility data?mobility data?

can we automatically can we automatically 
generate generate 
understandable understandable 
labels for topics?labels for topics?

can we automatically attach labels to such can we automatically attach labels to such 
behavioral patterns?behavioral patterns?



LABELINGLABELING

APPLICATIONSAPPLICATIONS OFOF LABELINGLABELING PATTERNSPATTERNS

makemake patternspatterns readilyreadily understandableunderstandable
and and usableusable in in applicationsapplications

createcreate anan entryentry inin thethe useruser blogblog

communicatecommunicate
compact compact routinesroutines
affectingaffecting citycity--lifelife



EXPERIMENTSEXPERIMENTS

LABELSLABELS RANKINGRANKING: : AA
PROBABILISTICPROBABILISTIC APPROACHAPPROACH

SELECTIONSELECTION ANDAND
REPRESENTATIONREPRESENTATION OFOF
LABELSLABELS

OUROUR METHODMETHOD

RESTREST OFOF THETHE PRESENTATIONPRESENTATION

SUMMARYSUMMARY



HHH-1                 0.1599
HHH-2                 0.0752
WWW-4               0.0660 
WWW-5               0.0372
HHH-7                 0.0311
EEE-5                  0.0310
NNN-8                 0.0233
HNN-8               0.0188
…                       0.0173
…

CANDIDATECANDIDATE
LABELSLABELS POOLPOOL

((EE..GG. “. “WORKWORK 99--18”, 18”, 
“H“HOMEOME 1212--14”, 14”, ETCETC.).)

MULTINOMIALMULTINOMIAL WORDWORD
DISTRIBUTIONSDISTRIBUTIONS

REPRESENTATIONSREPRESENTATIONS

OUROUR METHODMETHOD

USERUSER--GENERATEDGENERATED
BEHAVIORALBEHAVIORAL PATTERNSPATTERNS

WWW-4               0.5598
WWW-5               0.4978
HHH-1                0.0060 
NNN-2                0.0072
EEE-7                 0.0011
EEE-8                 0.0010
frequent          0.0003
probabilistic   0.0003
algorithm        0.0001
…

KKULLBACKULLBACK--LLEIBLEREIBLER
DIVERGENCEDIVERGENCE

LABELLABEL PATTERNPATTERN: : e.g.e.g. ““WORKWORK 99--18”18”

hourshours
dd
aa
yy
ss



LABELSLABELS RANKINGRANKING: : AA PROBABILISTICPROBABILISTIC APPROACHAPPROACH

useruser documentdocument dd
àà a a multinomialmultinomial
word word distributiondistribution

RANKINGRANKING

score and score and rankrank l l byby KLKL--divergencedivergence ofof thesethese
twotwo multinomialmultinomial word word distributionsdistributions

a candidate a candidate 
labellabel l l àà a a 
multinomialmultinomial
word word 
distributiondistribution







EXPERIMENTSEXPERIMENTS
REALITY MINING REALITY MINING DATASETDATASET: : 36 36 INDIVIDUALSINDIVIDUALS, 121 , 121 DAYSDAYS

USERUSER--GENERATEDGENERATED DAYSDAYS

MULTINOMIALMULTINOMIAL
DISTRIBUTIONSDISTRIBUTIONS

CLASSIFICATIONCLASSIFICATIONDAYSDAYS
RECONSTRUCTIONRECONSTRUCTION



EXPERIMENTSEXPERIMENTS
REALITY MINING REALITY MINING DATASETDATASET: : 36 36 INDIVIDUALSINDIVIDUALS, 121 , 121 DAYSDAYS



SUMMARYSUMMARY

•• AutomaticAutomatic classificationclassification ofof behavioralbehavioral patternspatterns

•• AA probabilisticprobabilistic approachapproach toto attachattach patternspatterns withwith
meaningfulmeaningful labelslabels

•• EffectiveEffective whenwhen thethe candidatecandidate labelslabels notnot representrepresent shortshort
timetime--frameframe

•• FutureFuture WorkWork::
1.1. AA robustrobust wayway ofof generatinggenerating candidatecandidate labelslabels
2.2. AA largelarge--scalescale evaluationevaluation
3.3. AA webweb--basedbased visualizationvisualization mechanismsmechanisms toto inspectinspect andand

communicatecommunicate whereaboutswhereabouts behaviorsbehaviors inin anan effectiveeffective
wayway
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