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A region is a node. Edges are constructed based on
geo-closeness, time, and labeled data.

n—1 tn
Noise Random Wa

Region Similarity

EdgeWeight(u,v) = RegSim(u,v) =
m

exp (— > o [Ifie(w) - fk<v>||>

k=1
totally k features

Feature Vector of
feature k for node v

Learned from

validation set!

t th+1

| k | ﬂ RA M Edge weight

on the noise

composition of its neighbors

1) = ) (W)X )

* |teratively update each unlabeled node based  ucr®

Experimental Results eIz

* NYC 311 Noise Compliant Data e.g. Loud Music/Party,

— 14 noise categories Construction, Loud Talking, Vehicle
e 47,581 venues, 196,591 users, 6,442,890 check-ins
(1) Measure the error between the 5% data used for

ground-truth and the inferred noise values tuning parameters
(2) Whether the main noise category is identified
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Training Percentage Training Percentage
Days Hour Intervals
Weekday | Weekend | 00-03 | 04-07 | 08-11 | 12-15 | 16-19 | 20-23
RMSE 0.118 0.159 0.167 | 0.061 | 0.081 | 0.075 | 0.106 | 0.219
A ccuracy 0.909 0.858 0.853 | 0.923 | 0.904 | 0.911 | 0.895 | 0.836




