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¢ u N (Urban Computing)
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http://research.microsoft.com/apps/pubs/?id=241453

.ll Agenda

1. Why Deep Learning meets ST data

2. Deep Neural Networks for ST data

A Spatio - Temporal Neural Networks

. ST Point Data, ST Gridded Data, ST Networks, ST Sequence Data

A Advanced ST Neural Networks

. ST Meta Learning, ST Network Architecture Search

3. More Spatio - Temporal Al Applications
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Part 1. Why Deep Learning meets Spatio- Temporal data
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By Big Spatio - Temporal Data in Cities
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.ll Taxonomy of Spatio - Temporal (ST) Data

AData Structures
A Spatio- temporal (ST) Properties

US EPA, China MEP, 10T Foursquare, Gebweets, Dianping
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.II Why Spatio - Temporal Data Is Unigue

Spatial Properties

A Distance A Hierarchy
A Spatial closeness A Different spatial granularities
A Triangle inequality: A City structures
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https://arxiv.org/abs/1610.00081

... Why Spatio - Temporal Data Is Unique
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https://arxiv.org/abs/1610.00081

.ll Why Deep Learning meets ST Data

AWhat Deep Learning can do for ST Data
AEncoding a (single) ST dataset
AFusing multiple ST datasets

AWhat ST data can provide to Deep Learning
AMassive and diverse Data
AComputing infrastructures are ready

A Application scenarios requiring
A Instantaneous responses at large spaces
A Collective computing
A (traditional machine learning models many not be able to handle)
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Ba Taxi Trajectory Data of Shenzhen




.l. Encoding Spatio - Temporal Properties
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.ll Fusing Multiple ST -Datasets

Applications Urban Flow Urban Anomaly S

* t* *

Middle-level
Representations “T ‘ f ] .T []
| DNN i DNN
$ i =0
Pata /  Taxi / / Weather /
Traffic ‘ l Meteorology l Map
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.ll Why Deep Learning for ST Data

ABig SFData 5G + loT

1 frame/min, one year: 3TB
(

A Traditional ML algorithms cannot model
‘ spatial and temporaproperties of such dive
120Ciiies 1PB and large scaledata
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.ll Challenges

A Deep Learning for ST -Data

I Cannot fit raw spatiotemporal data into a deep learning

model A Data transformation

I Texts and images A spatial and spatiotemporal data; ————¢ 0o

: . _ Data transformation
(Encoding spatiotemporal properties )

I Mining a single data source A Mining data across

different domains

ANZER G

R &KX #H B ® T







Raw ST Data
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Part 2. beep Neural Networks for Spatio- Temporaldata

2.1 Spatio- Temporal Neural Networks
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.ll Spatio - Temporal Neural Networks

A ST Point DataGeoMAN
A ST Gridded Data: STResNet
A ST Network (Graph) DataMVGCN, MDL

A ST Sequence DataDeepT TE
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.ll Spatio - Temporal Neural Networks

A ST Point DataGeoMAN
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.ll ST Point Data (Geo -sensory Time Series)

AThere are massive sensors deployed in physical world

@0 ® q PM2.5: 74
> 5 PM10: 90
Volume 32 WJ’ NG2: 57
- N HIFL @ R
® 87 s | !
\:r/) S bsors "' @ Sensors o i
> et Regds — Pipelines i
AProperties

A Each sensor has a unique geospatial location

A Constantlyreporting time series readings about different
measurements

A With geospatial correlatiodetween their readings
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.ll Insight

AAffected by many factors
ALocal information
ASensor correlations
AExternal factors.e.g., weather, time and land use

Global View

<4 A\
@

~

Local View

;

\ 4

Sensor Externa Local

Network Factor Readin

Global Sensor Target Local
Series

Reading

orrelatiog

nformatiop

AT

M BE F

@ Unobserved factors @ Temporal factors @ Spatial factors

S



.ll Challenges

AAffected by many factors [ a4
A Readings of previous time interval VT/::at‘her Time N7 ==y
A Readings of other sensors in nearby regions Al £ SO
A External factors: weather, time and land use A P] mn| I L=
. . POIs  Sensor Network Historical Readings
ADynamic Inter sensor correlations
- . Temporal Spatial
ADynamic temporal correlation 77 comelation ™ corelaton
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.ll Framework

External Factor~usion Multi-level Attention Networl
Decoder
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.ll Spatial Attention

ACapture the dynamic inter sensor correlation
ALocal spatial attention

A Adaptively capture the dynamic correlation betweeriarget series
and eachlocal feature ‘ ‘

AGlobal spatial attention

A Adaptively selectrelevant sensorsto make predictions
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.ll Local Spatial Attention

° New local features at time

Importance of each
local feature

Last hidden
State

Local features of a given sensor
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.ll Global Spatial Attention

o Global features at time

Importance of
each sensors

Similarity
matrix

Last hidden — j__{ H +1
state

Historical readings of each sensor
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.ll Temporal Attention

ASelect relevant previous time slots to make predictions

Encoder Decoder
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. l - Datasets

AWater quality data
AResidual chlorine turbidity, pH, flow, etc.
AFrom 14 sensors in Shenzhen
AUpdate each 5 minutes

AAir quality data
APM2.5 PM10, NO2, SO2, 03, CGerc.
AFrom 35 sensors in Beijing
AHourly updates

AWeather forecasts
APOIs data

ASensor networks
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Dataset Water Quality | Air Quality
Target series RC PM2.5
#Sensors 14 35
#Attributes 10 19
Time Spans 1/1/2012- 8/20/2014-
p 2014/12/31 2017/11/30
Time Intervals 5 minutes 1 hour
#Instances 4,415,040 920,640
Mete- #Sensors 8 16
orology | #Attributes 6 13
POI #POlIs 185,841 651,016
s #Categories 20 20




.ll Results

Water Quality Air Quality

Method | —pnNSE | MAE | RMSE | MAE
ARIMA 8.61E-02 | 797E-02 | 31.07 | 20.58
VAR 5.02E-02 | 4.42E-02 24.60 16.17
GBRT 5.17E-02 | 3.30E-02 | 24.00 | 15.03
FFA 6.04E-02 | 4.10E-02 | 23.83 15.75
stMTMVL || 6.07E-02 | 4.16E-02 | 29.72 | 19.26
stDNN 5.77E-02 | 3.99E-02 | 25.64 | 16.49
LSTM 6.89E-02 | 5.04E-02 | 24.62 | 16.70
Seq2seq 5.80E-02 | 4.03E-02 | 24.55 15.09
DA-RNN 5.02E-02 | 3.52E-02 | 24.25 15.17
GeoMAN || 4.34E-02 | 3.02E-02 | 22.86 | 14.08
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GeoMAN-nl GeoMAN-ng DA-RNN  GeoMAN

RMSE in air dataset
RMSE

Future time step

(a) Evaluation on spatial attention (b) Future time step vs. RMSE

Figure 3: Performance comparison among different vairants.
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(b) Results on air quality.

Figure 4: Encoder length vs. metrics over the two datasets.




.ll Attention Visualization

ACase study over air quality dataset

ADiscuss on sensotY
A4:00 to 16:00 on Feb. 28, 2017

Air pgllutants wind speed towaids different directs
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(b) Plot of local spatial attention weights
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.ll Spatio - Temporal Neural Networks

A ST Gridded DataST ResNet

ANZER G

R &KX #H B ® T



ST Gridded Data
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.II DNN -Based Urban Flow Prediction

Predictin-flow and out-flow of crowds in each region at next time interval
throughout a city

°
+

t Outflow o -

r Fi |i7e 12 s
[nﬂow-t T @

o o ‘l Starting ® End
I

A Important for:
A Traffic management
A Risk assessment
A Public safety

4

S 4

2 KX # #H

\ _'#"Flﬁil'ﬁ Junbo ZhangYu Zheng, et dDNNBased Prediction Model for Spatiegdmporal DataACM SIGSPAITAL 2016
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http://ubigdataplatform.chinacloudsites.cn/demo/CaseUrbanFlow.html
https://www.microsoft.com/en-us/research/publication/dnn-based-prediction-model-spatial-temporal-data/
https://arxiv.org/abs/1610.00081
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Many Applications

Qggphm /S / /

Signals Anomaly Detection / _________ P / v
Public Safety Crowd flow

1

/ Traffic flow

Card
Swiping ——
4 Data

Metro/bus flow
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Intelligent Scheduling Supply & demand
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. I I Chal Ienges é zzz\JMV\\j/hun(jrstom
AUrban crowd flow depends on many factors LM
o0 Time

A Flows of previous time interval
A Flows of nearby regions and distant regions

2
= 200 1
A Weather, traffic control and events = 0o M

Mon Tue Wed Thu Fri Sat Sun

A Capturing spatial properties Time

A Spatial distance and hierarchy
A Capturing temporal properties
A Temporal closeness
A Period and trend i
Distance (km)
3 ‘ ‘ ‘ ‘ 4007 ‘ : ‘

‘ e ‘ T 10 ‘ - ‘ ‘
5 10 15 20 25 Mon Tue Wed Thu Fri Sat Sun Mar 3 Mar 31 Apr 28 May 26 Jun 23
Time Gap (half hour)

(a) Closeness of Office Area (b) Period of Office Area (c) Trend of Office Area



... Converting Trajectories into Video -like Data

3 |

=y Junbo Zhang, Yu Zheng, et al.
= K oW B R T , AAAI 2017


https://arxiv.org/abs/1610.00081

.|I ST-ResNet Architecture: A Collective Prediction
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.l. Residual Deep Convolutional Neural Network

Capturing spatial correlation of both near and far
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Using residual network framework to help training
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https://arxiv.org/abs/1610.00081

.ll ST-ResNet Architecture

A A Collective Prediction s
A Capture temporal closeness, & 8 time
. WEEKENDY recent
period and trend - | -~
A Capture external factors Feature w i
extraction ] :
. : M E i
A Capture spatla}l correlation of both N = esUnit 1] (Reunit1] | %Umt 1] |
near and far distances J SV &F :
\ : > &L |
FCs :
A Fusing Tactors G ntlydn @ = ﬁ ;
different regions S == |
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Ba Experiments

D atas ets Dataset TaxiBJ BikeNYC
Data type Taxi GPS Bike rent
Location Beijing New York

7/1/2013 - 10/30/2013
3/1/2014 - 6/30/2014  4/1/2014 - 9/30/2014

Time Span 3/1/2015 - 6/30/2015
11/1/2015 - 4/10/2016
Time interval 30 minutes 1 hour
Gird map size (32, 32) (16, 8)
Trajectory data
# Average sampling rate (s) ~ 60 \
{ # taxis/bikes 34,000+ 6,800+
# available time interval 22.459 4,392 ‘
i . N External factors (holidays and meteorology) ;
A Dy # holidays 41 20
Weather conditions 16 types (e.g., Sunny, Rainy) \ 3
> 700GB Temperature / °C [-24.6,41.0] \
Wind speed / mph [0,48.6] \
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.ll Results Ueidzd

12 residual units

Intra-

. Spatia [ Tempor region External
Baseline
I al dependenc | Factors
e
HA q
ARIMA q
SARIMA q ST T T
A a G BikeNYC
RNN/ 4 residual units
LSTM/
GRU q q
(3,6, 12,
24, 48, 336)
ST ANN q q
DeepST q q q q
ST ResNet q q q q

S FresNeiwith 4 residual units| Mult step prediction
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