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Godal

» Goal: Estimate the likelihood of fravelingto a destination

» Predict the probability of fravelling from bin L, o Ly, in Time Period AT




Dataset

» Metadata of 6,341,877 Geo tagged Flickrimages comprising of 75,248
individuals

» Mid pts of 3186 bins of 400*400 sqg. km. spanning Earth
» Mapping of each photograph to a bin

» Distance ‘intervals’ between consecutive photographs

» Timeintervalsbetween consecutive photographs




Distribution of Data




Basic Model

» Hypothesis
» Some destinations are more desirable than others
» | ong Distance travelis rare but not surprising

= Multiplicative Model

exp(p(d(i,j),0) +a;)
Yeexp(p(d(i,f),r) + ap)

» o(d, 7) captures dependence of travel onthe distance

» PijT =

®» o represents the desirability of a destination

» No of parameters= 5486 parameters (3186 bins + 100 distances *
23 time differences)




Learning using Batch Gradient

= Objective Function
» NLL=-Z Nij’l: ll’lPijT

ijt
= Derivative of alpha

ONLL _ exp(p(dijr)+ecj) _
N o0 Nj & Lix Nix Soexp(p(dyD+e) Ny + 2ie Nie Puje

=» Derivative of rho

ONLL Yid;=aexp(pldyn+ec)
o dpra wa Zij Nije Y, exp(p(d;,D+x,) Neq + 2 Niz Piza
» |ssues:

» ~2 minutes for each iteration on KillDevil even after considerable optimization
» Matlab doesn’t allow global variables in parallel constructs

» | arge Step size: Pit goes out of range

» | ocal Minima

= Non Linear Conjugate Gradient: not enough time!




Travel Model Py, (Source London)
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Distance vs Rho
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Travel Probabillities

Source: London Time:0
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Source: London Time:5 min
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Source: London Time:30 min
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Source: London Time:1hr
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Source: London Time:4 hr
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Source: London Time:8 hr
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Source: London Time:2 days
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Source: London Time:3 days
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Popularity vs Desirabllity

= Popular Destination (Actual) ™= Desirable Destinations [1] » Desirable Destination (Our)
London, GB London, GB New York
New York, US New York, US London
San Francisco/San Jose, US Brussels, BE San Francisco
Paris, FR San Francisco/San Jose, US SRR
Washington D.C.
n, IT Paris, FR °
ashington DC/Baltimore, US Frankfurt. DE Vancouver
Vancouver, CA Sycney, AU Los Angeles
Chicago, US I Chicago
Melbourne, AU .
Los Angeles, US Milan
Tokyo, JP Gl
Brussels, BE asgow
Dublin, IE .
Berlin, DE Voin Berlin
Tokyo, JP Shanghai, CN Tokyo
Rome, IT Washington DC/Baltimore, US Naples
Glasgow, GB Berlin, DE Barcelona
Frankfurt, DE Toronto, CA Amsterdam
Barcelona, ES Hilo, US Paris

Marseille, FR Sydney




Conclusion

» ‘Decent’ predictive power

» Parametric Models are Efficient

» Can generalize (outperforms empiricalmodel)

» | earn ‘Meaningful’ Concepts

Future Work

Implement Conjugate Gradient
Include affinity between destinations
Implement Clustered Model i.e. clusterindividuals based on previous travel

Take into account the “season” of travel (i.e. time of year travel occurred)
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Questions 222




lteration vs Cost
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