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Regularity

e S 93%: the limit of
chenga BB iy T e e iy predictability of human
e I mobility(Song et al. [1])

Major hubs: homes,
workplaces

Minor hubs: shopping malls,
gyms, and restaurants

[1]C. Song, Z. Qu, N. Blumm, and A.-L. Barabdsi. Limits of predictability in human mobility. Science, 327(5968):1018-1021, 2010. 4
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Re ‘ ated WO rk : check-in, : spatial mobility

Individual models

pattern, 1C: text content,
individual temporal patterns,
social relationship,

target feature collaborative filtering,
methods Cl GPS wifi ~ SMP TC  IT SR CF heterogeneous mobility datasets
NextPlace(Scellato et al.) v oV
WhereNext(Monreale et al.) vV
W%(Yuan et al.) V V V

Collaborative models

Failed to Incorporate both
regularity and conformity of

target feature
methods Cl GPS Wifi SMP TC T SR  CF human mobility
PSMM(Cho et al.) V V Vv Static, not time-aware
SHM(Gao et al.) V V
Homogeneous data
gSCorr(Gao et al.) V V
CEPR(Lian et al.) V V V V
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Vain idea overview

 SplitdaysintoTtimeslots 7= {t1,ty, ..., tr}

e Musers and N venues
U= {uq,uy, .., Uy}
V={vq, vy, .., 05}
* Preference matrix of ¢ to )V attimet: R(t) € R™*¥
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Conformity term (check-in data)

 Traditional collaborative model: Matrix Factorization

_ T
v] Rl] = Ui X V]
Ui — K: length of
. - X l latent factor
 Time-aware Matrix Factorization
RP® = (U + U;®) x Y
Vi

] + ) X
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Unchangeable Changeable
interests preferences



Regularity term(heterogeneous data)

 Splitthecityinto | grid cells: C = {dy, d,, ..., d;}
* v belongs to a grid dy;
* u; travels from a grid dj, to v;

Pr(vj|u;) o« Y=y Pr(di|w;) - Pr(vj|dy)

= Yiea Pr(di[u)>Pr{dy;[dy) - Pr(v;|dic)
> - R{; = H;- Q]
ik Qi J

nnlinnnnaiis S

Pr(v;|u;) Pr(dy|u;) Pr(dy;ldy) Pr(vj|dy;)




Gravity model

F_G.mm.
RZ

N T* —c (Ozk)a'(D;j)b
L] exp(r-dis; j)’
*€ {B, A, C}

!

my; = (0;)%, O;: number of individuals leaving grid d; in data*® B: bus data

A: taxi data

m, — (Dj*)b, D;": number of people going toward d; in data*
C: check-in data

R? - exp(r- dis; ;), dis; j: distance between d; and d; c,a,b,r: constants




Achieve the two-level sparsity

Cluster grids into G

group
(r) _ T ., p _ @9  H@IT
Rij — Hi 'Qj Rij o Hi Qj
Y o
L . Vi
¢ v] numberkofgrlds .:::t aca Q(l)T
Q(Z)T
ANE = u - ¥
Q(G)T
HO H@) H(G)




RCH model

 Sparse group lasso
 (Objective function:

eU,U(t),V,H(t),08,64)
= g IR = Ty cHOW®) e00" (Q°9) — U+ UMV |12
S er (=03, W] Harzilm ol

+y(IU1E + VIR + B2, 7 IUDIE \
Offers group—} [Offers within—}

where *€ @={4, B, C}and 8¢ = 1. wise sparsity group sparsity

e Optimization: alternative minimization
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Heterogeneous mobility data

Data Set Check-in(Sina
Weibo)

Sor|[SNejilbEIERN 12 133,504 check-
ins
Period Mar. 2011 to Sep.
2013

Content user ID, check-in
time, venue Id,
venue’s geo-
coordinates

(s

CHECK-IN

Bus Data

Beijing
3,000,000 bus-
trips
Aug. 2012 to
May 2013
card Id,
alighting time,
boarding and
alighting stops

Taxi Data

Beijing

19,400,000
taxi transitions

Mar. 2011 to
Aug. 2011

times, geo-
coordinates of
boarding and
alighting
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Experiments

o Baselines Divide the chgck—in data.intc.) '
two parts by time order: training

« MF(Most Frequent Model) part and testing part (7:3)
 (Calculate the frequencies of users’ check-ins

e PMM (Periodic Mobility Model)

Metrics:
* 2-dimentional (home, work) Acc@topP: prediction accuracy
e Time-independent spatial Gaussian Mixture for prediction list with length P
o WS(WhO, When, Where) APR(average per;gntlle rank):
e for the actually visited venues
Probabilistic model
+  CEPR
e  Human mobility: regular and novel ones Parameters:

Default values of {84, 68, y, B, «,
o}are{l, 1, 0.005, 0.005, 0.95,
10~5}




AccatopP
o
T
[R]

0.2} —a— PMM —=— CEPR. -« MF 0.38¢ ~ —a— Cstatic 2 C +— R

4~ W3 —¥— RCH® 036 4~ RCHE —¥— RCHBAC
0le 20 30 40 50 60 10 20 30 40 50 60
P P
(a) different models (b) different variations of RCH
Acc@topP
0.7F —8— PMM —a— CEPR —&— MF
0.6} —+— W3 —¥— RCHBAC

g 0sp
g ﬂ‘4 E
g 03}
< 02}
—8—PMM —#— CEFR & MF ]
gé & W3 —v— RCHBAC gé
S| 2 3 4 5 6 1 2 3 4 5 6
Time slot Time slot
(a) workdays (b) holidays

Acc@topP for different type of days and time slots

RCH® shows improvements
over all the 4 baselines;
RCHBAC has better

performance than RCHS;

Workdays have better prediction
accuracies than holidays;

The time slot 2 of workdays has
the highest accuracy;




Results

0.06F T3 Worddays ' T3 0.5F ' " Worddays
< 0.05} [ Holidays = 0.4t [J Holidays
g_ ﬂ.m [ 1 l‘g' I:LE L
% 0.03} @
2 0.0 1g 02
0.01 | | ] 0.1
0.00 MM CEPR W3 ROH™E 0.0 PRIM CEPR w3 ROHEA
(a) unvisited venues (b) visited venues
Acc@top60 of visited and unvisited venues
Models Workdays Holidays
t 12-4am | 4-8am | 8am-12pm | 12-4pm | 4-8pm | 8pm-12am | 12-4am | 4-8am | 8am-12pm | 12-4pm | 4-8pm | 8pm-12am
Cstatic 0.884 | 0.899 0.865 0.799 0.801 0.832 0.872 | 0.848 0.807 0.753 0.761 | 0.840
C 0.885 0.908 0.869 0.820 0.825 0.848 0.868 0.854 0.818 0.781 0.787 | 0.844
R 0.887 0.884 0.873 0.826 0.831 0.860 0.859 0.843 0.814 0.768 0.790 | 0.837
“RCHT 0.896 0.911 0.880 0.835 0.838 0.870 0.881 0.859 0.823 0.781 0.793 | 0.849
RCHP 4t 0.899 0.912 0.883 0.835 0.840 0.871 0.890 0.863 0.829 0.786 0.795 | 0.850

APR of our models in different time slots

CEPR and RCHBAC: outperform PMM and W3 apparently for unvisited venues benefit from collaborative filtering;

CEPR and RCHBAC: accuracy of unvisited venues on holidays is higher than workdays;
RCHABC has highest APR in our models in different time slots;




Summary

* Integrate both the regularity and conformity of human mobility
* Provide a time-aware collaborative model
* Incorporate heterogeneous mobility data into prediction model

* Learn spatial influence and group structure based on gravity model
and sparse group Lasso

 RCH model: significantly outperforms existing approaches

Yingzi Wang

)] Microsoft Research
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