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Background

* OpenStreetMap(OSM)E— MERitIESSEZUERIHAREES
- AJLARHIERfootprint, POIFHEISMILZAIENHE {

“id”: "osmr2167988”7,
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roofColor : "#b4cHb3 ",
“roofShape”: "gabled”,

“roofHeight”: 1.3,

“roofDirection”: 237.9
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* Representation Learning
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Definition & Problem :

Building Footprint

* A building footprint € refers to a 2-D polygonal area delineated by the exterior boundary of the building, where each
vertex on the polygon has a spatial location (i.e., longitude and latitude). Each building may have a type tag (e.g., sports
center).

Building Group
* A building group refers to the collection of buildings in a defined spatial area. To obtain these building groups, we utilize
road networks to partition the city into distinct sections, also known as Traffic Analysis Zones.

Urban Region
» Urban regions U refer to a set of disjoint city areas, usually obtained through a certain partition approach (e.g., census
tracts). Each urban region € may include multiple building groups.

Problem Statement

Given a set of urban regions U= {@ 1, © 2, ...}, the goal of urban region representation learning is to learn a mapping
function that generates a vector representation €@ € for each region € € in the Euclidean space, where € is the uniform
dimension for all @ € € U.
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Overview: RegionDCL
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Feature Pre-process ‘
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Building Group Encoding ﬁ
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Dual Contrastive Learning: Group-level

Group-level Contrastive learning
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Dual Contrastive Learning: Region-level

Region-level Contrastive learning
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Methodology Summary
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Experiment

e Dataset

Table 1: Dataset Statistics

1. Singapore

2. New York Cit
y Singapore 109.877  17.088 5.824 304

airoSMENRE. Tih(EREEE. AOSSEIE New York City 1,081,256 41,963 29,008 2324

Downstream

City Buildings POIs  Building Groups Regions

1. Land Use Inference (label distribution learning problem)

2. Population Density Estimation (regression problem)

 Baseline

. Placezvec Table 8: The data sources and links of used datasets

. Doc2Vec Data Type Data Source Link
Buildings, POls OpenStreetMap https://download.geofabrik. de/

3 GAE Region partitions - Singapore Singapore Mublic Data | https://data.gov.sg/dataset/master-plan-2019-subzone-boundary-no-sea

Land use - Singapore Singapore Public Data | https://data.gov.sg/dataset/master-plan- 2019-land-use-laye
Region partitions - New York City | NYC Planning https://www.nyc.gov/site/planning/data- maps/open-data/census-download- metadata.page
. DGI Land use - New York City NYC Planning https://www.nyc.gov/site/planning/data- maps/open-data/dwn- pluto- mappluto.page
Population density WorldPop https://hub.worldpop.org/geodata/listing 7id=77
. Urban2Vec Trajectory - New York City NYC Yellow Taxi Trip | https://data.cityofnewyork.us/Transportation/2016- Yellow-Taxi- Trip- Data/k67s-dv2t




Experiment

Table 2: Land Use Inference in Singapore and New York City

ik Singapore New York City

L1] KL| Cosinel Li1] KL| CosineT
Urban2Vec 0.657+0.033  0.467+0.043  0.804£0.017  047320.018  0.295:0.015  0.890+0.007 . . .
Place2Vec 0.645:0.039  0.45140.047 0.812+0.018 0518+0.016 0.308+0.012  0.878+0.005 ° Reg|0nDCLEI‘J§EBHL-ﬁEH ﬁﬁﬁbaselme
Doc2Vec 0.679+0.050  0.469+0.058  0.789+0.027  0.50620.015  0.299+0.016  0.885+0.008 R
- KY2
GAE 0.759+0.040  0.547£0.051  0.765£0.022  0.589£0.011  0.365:0.011  0.855£0.007 . Reg|onDCL?ia.ﬁ}]ni}§zi§ImHjEj(E’\Jaﬁ
DGI 0.598+0.029  0.37240.032  0.846£0.012  043320.009  0.237+0.012  0.907+0.005
Transf 0.556+0.046  0.3574£0.070  0.850£0.026  0.43620.020  0.25120.018  0.903+0.008 s = — i
aneorme! : #H. METIBELLALEEEARRERIER
RegionDCL-no random  0.535£0.054  0.321£0.066  0.86320.030  0.42240.011  0.234+0.010  0.910+£0.005
RegionDCL-fixed margin ~ 0.515£0.042  0.303£0.040  0.872+0.020 0426+0.011  0.248+0.018  0.905:0.008 A £ Bk 277 S

N 1]

RegionDCL 0.498+0.038 0.294+0.047 0.879+0.021 0.418+0.010 0.229:0.008 0.912:+0.004 JXMI:I* IEE2 EIJQSHE*‘FEEJWIXEE
Nk Singapore New York City

MAE| RMSE] R?Z1 MAE] RMSE| BT
Urban2Vec 6667.84£623.27  8737.27£902.41 03030119  5328.384200.58  7410.42+261.89  0.522+0.028
Place2Vec 69523471330  9696.31+1230.65 0.171+0.121  8109.79+175.18  10228.61+261.43  0.096£0.043 ) . )
Doc2Vec 6982.85£650.76  9506.81£1052.25 0.206+0.062  7734.56+247.99  9827.56+354.51  0.166£0.031 ©® ReglonDCLE’J%E')‘Mjcz_Fﬁﬁﬁbasellne
GAE 7183.24£579.82  9374.20£913.56  0.163+0.112  8010.73£290.33  10341.09+362.28  0.0710.027
DGI 64234467125  849516£972.87  0305:0.151 533011226177  7381.92+358.09  0.526+0.032
Transformer 6837.67+716.28  9042.02+1032.99 0.269+0.081 534517421630  7379.47+30836  0.522+0.039
RegionDCL-no random  6400.50£630.35  8437.894993.41 036420075  5228.27+210.46 72787032285  0.535+0.040
RegionDCL-fixed margin  6237.614647.54  8387.56+948.78  0.365:0.107 5125.66x184.27  7159.65+250.12  0.551+0.033

RegionDCL

5807.54+£522.74

7942.74+779.44

0.427+0.108 5020.20£216.63

6960.51£282.35 0.575x0.039

One-tailed two-sample t-test on RegionDCL and the second best method

Test statistic
p-value

3.9651
0.0001

24272
0.0091

3.5909
0.0003

4.9958
0.0000

5.0616
0.0000

5.2455
0.0000




Experiment
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Table 2: Land Use Inference in Singapore a1

. Si
Madel Land Use Inference Wi ingapore
L1] KL| CosineT L1} KL| CosineT
Urban2Vec  0.726+0.024  0.527+0.028  0.764+0.014 Urban2Vec 0.657+0.033  0.467+0.043  0.804+0.017
Place?\Vecr 064540051 044040 072 081440 0260 FlacelVec 64520039 0.451+0.047 0.512+0.018
Doc2Vec 0.7354+0.037 0.493+0.036 0.769+0.016 Doc2Vec 0.679+£0.050  0.469+0.058  0.789+0.027
CAF 0 67440 054 0 42840 060 0 20440 70 GALE 0.759+0.040 0.547+0.051 0.765+0.022
DG 0.621+0.034 0.364+0.050 0.836+0.018 DG (0.595+0.029 0.372+0.032 0.846+0.012
Transformer 0.541+0.044 0.326+0.053 0.860+0.020 Iranstormer U000 040 050/ 0070 U.aoUxU0.020
RegionDCL  0.485+0.020 0.260+0.028 0.890+0.012 RegEDnDCL—nIo randﬂm‘ 0.535+0.054  0321+0.066  0.863+0.030
RegionDCL-fixed margin  0.515£0.042  0.303£0.040  0.872+0.020
RegionDCL 0.498+0.038 0.29410.047 0.879+£0.021
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