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Bl g, Trajectory Data Management and Mining
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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

O Spatio-Temporal Neural Networks

® ST Point Data, ST Gridded Data, ST Networks, ST Sequence Data
O 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

ANZER G

R &KX #H B ® T



J, Big Spatio-TemporalData in Cities
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.ll Taxonomy of Spatio-Temporal (ST) Data

* Data Structures
* Spatio-temporal (ST) Properties

US EPA, China MEP, 10T Foursquare, Geo-tweets, Dianping
Spatio-temporal Spatial Static Spatio-Temporal
Static Data Temporal Dynamic Data Dynamic Data
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Weather/AQl Station Data Crowd Souring Data
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2 Road/Transportation K ] / K ) /
K Networks / Road Traffic Data Trajectory Data
Bing, Google, Gaode, Gaode Maps, Traffic TAXI, DD, Uber,
Baidu Maps management Bureau China Mobile, China Telecom
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.II Why Spatio-Temporal Data Is Unique

Spatial Properties

* Distance * Hierarchy
* Spatial closeness * Different spatial granularities
* Triangle inequality:  City structures
|di — dy| = d3 < |dy + dy]
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https://arxiv.org/abs/1610.00081

... Why Spatio-Temporal Data Is Unique

* Temporal properties

Speed (km/h)

* Temporal closeness
* Period

* Trend
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.|| Why Deep Learning meets ST Data

- What Deep Learning can do for ST Data
« Encoding a (single) ST dataset
« Fusing multiple ST datasets

- What ST data can provide to Deep Learning
« Massive and diverse Data
« Computing infrastructures are ready

« Application scenarios requiring
* Instantaneous responses at large spaces
« Collective computing
- (traditional machine learning models many not be able to handle)
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J, Taxi Trajectory Data of Shenzhen




.ll Encoding Spatio-Temporal Properties

CNN is able to model spatial properties RNN/LSTM is able to model temporal properties
=T A A [ A o A

5— | Poding —»

= Farther Dependence
Convolution Near Dependence @

[Convolution = Pooling]"

Citywide Dependence RNN: Short-range Dependence

7777777777777777777777777777777777777777777

Input Gate ﬂ OutputGate 3
| LSTM:
X (/) C -~ h Long-range
he— | 3 Dependence
! Forget Gate ‘
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Pyramid Architecture: Hierarchy b T |
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I Trajctories of taxis, trucks and buses




.II Fusing Multiple ST-Datasets

Applications Urban Flow Urban Anomaly coe

Middle-level
Representations

Data

Traffic Meteorology Map
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.ll Why Deep Learning for ST Data

* Big ST-Data (5G + loT)

1 frame/min, one year: 3TB
(

EChoRE Traditional ML algorithms cannot model
‘ spatial and temporal properties of such a live
120 Cities: 1PB and large-scale data
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.ll Challenges

« Deep Learning for ST-Data

— Cannot fit raw spatiotemporal data into a deep learning

model > Data transformation

— Texts and images - spatial and spatiotemporal data; ——o—0—0—0—0—

. : ! Data transformation
(Encoding spatiotemporal properties)

— Mining a single data source > Mining data across

different domains
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Part 2. Deep Neural Networks for Spatio- Temporal data

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

OST Point Data: GeoMAN
OST Gridded Data: ST-ResNet
OST Network (Graph) Data: MVGCN, MDL

ST Sequence Data: DeepTTE
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... Spatio-Temporal Neural Networks

OST Point Data: GeoMAN
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.ll ST Point Data (Geo-sensory Time Series)

* There are massive sensors deployed in physical world

O @O o o) PM2.5: 74
. A~ Eis pH: 7.1 PM10: 90
Pes S\g;{ju.rg%'k?f/h of L Turbidity: 0.54 [} NO2: 57
O ’/\(//J) O p . O : - 7 \:_L:/,iv
\§ : TR
) = 7y \i
¥ © Sensors @ Sensors
O @O0 Roads — Pipelines
* Properties =
s 5 . t
* Each sensor has a unique geospatial location g
e Constantly reporting time series readings about different t
measurements

e With geospatial correlation between their readings

AT

= =3 1y

S



.ll Insight

* Affected by many factors
* Local information
* Sensor correlations
* External factors, e.g., weather, time and land use

Global View | Local View
|
= | :
= |
| A 4
Sensor I /External Local
Networks Factors Readings
Global Sensor Target Local
Readings orrelatio Series nformatio

AT

M BE F

@ Unobserved factors @P Temporal factors @ Spatial factors
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.ll Challenges

* Affected by many factors s a4
* Readings of previous time interval VT/e‘at;er Time L —e)
* Readings of other sensors in nearby regions B E SO
* External factors: weather, time and land use 4] P) HH =0

POIs  Sensor Network Historical Readings

* Dynamic Inter-sensor correlations

. . o Temporal L Spatial
* Dynamic temporal correlation correlation correlation
A Time Sudden change: _____

: \:’?%
— T -, |




... Framework

External Factor Fusion Multi-level Attention Network

/ POls & Sensor Networks /— Decoder : yti_l
/ SensoriD />SN O

: ; N
/Weather Forecas%)m— e S ; Yi
/ Time Features />0 g
Encoder i Spatial Attention !
ho— BINST— S ;

""" Spatial Attn |




.ll Spatial Attention

* Capture the dynamic inter-sensor correlation
* Local spatial attention

* Adaptively capture the dynamic correlation between target series
and each local feature ‘ ‘

obal spatial attention Socal  global

* Adaptively select relevant sensors to make predictions Xt t
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New local features at time t

.ll Local Spatial Attention ~tocal

I - K T Ny~ Importance of each
| a I
e CECE q t see 7 t local feature
softmax
. tanh IEXEE tanh BEXEE tanh
Last hidden _ " -
state ht—l ""L'{ ---------- ‘---P -------------- J
xl,l xi,k xi’Nl

Local features of a given sensor
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.ll Global Spatial Attention

~global
X/

Global features at time t

1 | T N; 1 Importance of
L Bt eee 2Pt ces M t 1 eachsensors
Similarity
matrix softmax
tanh tanh .
Last hidden 4 i 4t
state ht—l — -1 ---------------- P --------------

)& Xk XNg

Historical readinags of each sensor
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.ll Temporal Attention

* Select relevant previous time slots to make predictions

m_' h2 < h3 g h4 > h5 h6

St

Encoder Decoder
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.ll Datasets

* Water quality data & S
* Residual chlorine, turbidity, pH, flow, etc T L
* From 14 sensors In Shenzhen 2 =
» Update each 5 minutes vva“' s
* Air quality data
* PM2.5, PM10, NO2, SO2, O3, CO, etc.
* From 35 sensors In Beljing Ta]r)gaeﬁs;'ies e
* Hourly updates Pt 0 =
Time Spans 1/1/2012- 8/20/2014-
* Weather forecasts Tiine tervals || Smites | Thour
#Instances 4,415,040 920,640
* POls data oy P 5
» Sensor networks PO | pcaggors | 0 0
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.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

S

B

AT

i

*

B Water quality B Air quality

RMSE in water dataset
S

- II II II IL
0.03

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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(a) Results on water quality.

| —=—DA-RNN  —e— GeoMAN-nl R
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(b) Results on air quality.

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




.ll Attention Visualization

* Case study over air quality dataset

* Discuss on sensor Sy
* 4:00 to 16:00 on Feb. 28, 2017

Air pgllutants Wind speed toward;cz different directions
' S e 4 s 0 0.065
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Mj::ﬂ'“ 3 ‘\ thj«‘ii u& % % - 0.040
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... Spatio-Temporal Neural Networks

OST Gridded Data: ST-ResNet
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ST Gridded Data
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.II DNN-Based Urban Flow Prediction

Predict In-flow and out-flow of crowds in each region at next time interval

throughout a city

4 ’ :

Outflow s - aC[DD

],' - ,."’ [ ..-_.-"""""w

1- "2 3 1 ;’”,i ) 3

Inflow | 4 B
o ] ‘l Starting ® End

* Important for:
* Traffic management
" Risk assessment
= Public safety

Junbo Zhang, Yu Zheng, et al. DNN-Based Prediction Model for Spatial-Temporal Data. ACM SIGSPAITAL 2016
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Junbo Zhang, Yu Zheng, et al. Deep Spatio-Temporal Residual Networks for Citywide Crowd Flows Prediction, AAAI 2017


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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.ll Challenges

* Urban crowd flow depends on many factors

* Flows of previous time interval
* Flows of nearby regions and distant regions
* Weather, traffic control and events

* Capturing spatial properties ° i
* Spatial distance and hierarchy

* Capturing temporal properties
* Temporal closeness
* Period and trend LT . P R

- | J
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/ e

‘ e ‘ T 10 ‘ - ‘ ‘
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A\ SIRIRTH Junbo Zhang, Yu Zheng, et al.
= 5 ® B ® T , AAAI 2017



https://arxiv.org/abs/1610.00081

.|I ST-ResNet Architecture: A Collective Prediction
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Junbo Zhang, Yu Zheng, et al.

, AAAI 2017


https://arxiv.org/abs/1610.00081

.II Residual Deep Convolutional Neural Network

Capturing spatial correlation of both near and far

low-level high-level

recent gﬂe ok -1-——-—__\?’: - - |I"=
- -
1 g ’I”'ﬂ’i" - 'j”"!’j' -
' o s
- g i iy
: Oy Pty
Conv. | [ Conv | E iiii,};l‘ ’iii;im
v v | /
esUnit1 | [ ResUnitl ] | Conv
Q;, + 1
S o : T
i & - AEEEN NEE
o R Conv SEueE Ii3
esUnitL | | ResUnitL l‘*\ H-HH
—-— - [E— TN &0 e e T
| BN
Fusion -~ : | (a) narrow convolution (b) same convolution
Xy :

X
Tanh  }—»(_ Loss Je Using residual network framework to help training

output

I
x¥ —b[ ReLU ]—b[ConV ]—b[ ReLU ]—P[Conv ]—bé—bX(‘{H)

A\ SIRIRTH Junbo Zhang, Yu Zheng, et al.
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https://arxiv.org/abs/1610.00081

.ll ST-ResNet Architecture

* A Collective Prediction 2y
e Capture temporal closeness, & 8 time
period and trend weekENey recent
l IMIH--
* Capture external factors Feature
extraction [ ]
* Capture spatial correlation of both @“\ - v v
: A M [ ResUnit1 | [ ResUnit1 |
near and far distances . v g v
O Y S
' P

>
& &
| Bty " | (Retit) Cresonit ]
* Fusing factors differently in ResUnit L
|

different regions

NS .
ResUnit L
|

(wc,l,wp,l,wq,l)

X fes = Woo X2 4 W o X(E+2) LW o X (E42)
wcrn; wp,n, wq,n P p q q

4

S 4

\ S5 TH Junbo Zhang, Yu Zheng, et al. Deep Spatio-Temporal Residual Networks for
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https://arxiv.org/abs/1610.00081

Experiments

D a t as et S 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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T Results

Baseline
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.ll Experiments

(a) Different network architectures (c) Parameter sensitivity
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”\ RO Junbo Zhang, Yu Zheng, et al. Predicting Citywide Crowd Flows Using Deep
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.ll Visualization of the Fusion Component
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... Spatio-Temporal Neural Networks

OST Network (Graph) Data: MVGCN

A\ SIRIN

= KX ® B OHE T



g, AFEIEETE AN KA RS

UrbanFlow
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g Urban Flow Prediction In Irregular Regions

Predict Inflow and outflow of crowds in each irregular region at next
time interval throughout a city

fr Smr.f;ngl- ‘ \ﬂ\\ ] S
g |
4 |
outfl ‘ F aﬁ
R MU o\
nflow
WEAEE |
(a) Inflow and outflow (b) Measurement of flows R =5
; P a3
* Important for: i PO

= Traffic management
= Risk assessment
= Public safety

== p =y |y o] Junkai Sun, Junbo Zhang, et al.
# g

= =3 1y

. I[EEE TKDE 2020



https://arxiv.org/abs/1903.07789

Il g, Challenges

* Interactions and spatial correlations between different regions
» Flows of adjacent (1-hop) regions
» Flows of distant (multi-hop) regions
» Region’s inflow and outflow interact with each other

* Temporal correlations among different time intervals
» Flows of recent previous time intervals (Closeness)

Time (Hour)
> Flows of daily periodic time intervals (Period’s)
> Flows of weekly, monthly, quarterly time intervals ( 7rends) ) Daily Period
60 | \ " l‘
* External factors and meta features oJd L | *lx, ‘,M " I “.,‘ TEYR
] e R L A
» Holidays, weekdays, weekends LRI i1 \ ARRTAN Y RATAR ) [
. . o S| | / [ | | : “‘~ [ .\ \ (1 " | [ 1]
» Weather information (rainstorm etc.) ol | IRRRIRIBIRIRIR (“ IRIRTRIN]
o || REKE R iR
(E);:t 4 OYCt 10 Oct ;6 Oct 20 \ Oct 25
B0 - 200 © E *
= hpliday m—— mormmal rainstorm 40 ol
600 zz ", » SRS

inflow
=
|

Closeness

- . o o 2 4 6
Mon. Wed. Fri. Sun. Sat. Sun. Mon. Time (Hour) Time (Week)

(a) holiday influence (b) weather influence



.|I Irregular Regions Construction

dilation operation thinning operation

Road Network — Irreqular Regions

» »L | e

\
—
s

|
\
= ‘ Ajjr
4, %HJ [
= .

>

T E = |

Cluster low-level regions into high-level regions that:
1. Are adjacent on the geographical map
2. Have similar crowd flow patterns




... Mapping Trajectories Into Irregular Regions

time

== p =y |y o] Junkai Sun, Junbo Zhang, et al.
5 g T

= =3

. I[EEE TKDE 2020
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https://arxiv.org/abs/1903.07789

Bl g, Spatial GCN

Adjacency with self-connections

I
I
I
I
| Degree matrix of A X Inputs  Parameters
! 1 1 / : :
! \Y_‘ﬁ_iAﬁ_ix/W GCN Thomas Kipf et.al. in ICLR 2017
! — .al.
I
I ) 528 1=
Starting w
End
@, 1\ Spatial Distance( 1- » ©-@6, @. , 0.65, @. , @.
& 1, o 0.06, 1. , 0. , 0.14, 0.44, 0.19
o N 1, 1 0. , 0. ,1. ,0.47, 0.4, 0.13
o 0, o 0.05, 0.14, 0.47, 1. , 0.37, 0.
0, o 0. , 0.44, 0.4, 0.37, 1. , 0.
Yo 1, 0 ®. .©8.19. 0.13, 0. . 8. . 1.

) 2
exp (_utg+pn) if dist(pi,pj) < &
0 otherwise

S:AQw Lu‘zj{
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T MVGCN Archltecture. A Multi-View Framework

external @& 4 I,
time} Fetch Global —tb - I v
' Information meta @ et 0. Huber Loss
ext
recent ”"’“\\ S A
1 ?Z//——l GCN, |\ Xt i
daily ™ Multi-view - .
: GEN, 02_’ Fusion | |71 FTON / . \.\. o
2 : i Select weekly ks 0 post-net
i : Key |——2 /. GCN; /
P Timesteps .
1 ;  monthly ?W [:] global view
% AN .
/z_<_\1___;T\__T’ —d quarterly N /7 GCN; :] temporal view
\ ' s
| (1) data preparation T (2) model learning/predicting |
P T T T8z W, W, T T T T
| L] |
1 ee 'Y, ! 0, /.. K7 Q%ml_'rm 1
I ‘o eee/ : N I
: H" /..—.// HOD | : é::,__://: :
| e oo, %/ I 0. %/ :
= I 50 e e e
| eee |
, I oncat | »/. 7
1 oo rv4 concat |-» |
| /4 L I OL‘rm 1
| : Ocn O.'HL‘.'U 1
: (a) GCN-based residual unit 1 (b) Multi-view fusion module :
: H('H—l) H(l) f -3g _jH(I W(I : 0:W1®01 +W2®OQ+"'+W5®05 :
/(o ) A
1 Q Q 1 Xt = fo (O+Ocon +U(Ocon)®o) 1

’\ RFIﬁYﬂrj Junkai Sun, Junbo Zhang, et al.

] =3
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https://arxiv.org/abs/1903.07789

J, Experiments

Dataset TaxiNYC TaxiB] BikeDC BikeNYC

Data type Taxi trip Taxi GPS Bike rent Bike rent

Location NYC Beijing D.C. NYC

Start time 1/1/2011  7/1/2013 1/1/2011 7/1/2013

End time 6/30/2016 4/10/2016 12/31/2016 12/31/2016
4 Datasets Time interval 1 hour 1 hour 1 hour 1 hour

# timesteps 48192 12336 52608 30720

# regions (stations) | 100 100 120 (472) 120 (416)

# holidays 627 105 686 401

Weather \ 16 types \ \

Temp. / °C \ [-24.6,41] \ \

WS / mph \ [0,48.6] \ \

Performance Comparison

Dataset || Metric | HA VAR GBRI FC-LSTM GCN DCRNN FCCFnoTrans FCCE  SI-MGCN | MVGCN
TodNyC || RMSE [ 10154 3078 8371 2782 2652 2550 26.02 26.00 2353 23.15
axt MAE | 33.02 1121 2346 11.25 1112 1120 9.25 9.24 9.52 9.40
Taxipy | RMSE [ 3877 1879 3359 1904 1738 1644 18.70 18.42 16.30 14.37
‘ MAE | 2289 1138 2034 1186 1060 968 10.74 10.44 10.18 9.1
kepc || RMSE | 261 195 346 1.88 1.88 1.00 2.07 714 - 1.72
ke MAE | 148 120 198 1.10 1.08 1.20 1.34 1.27 ; 1.00
. RMSE | 6.77 421 857 1.66 5.06 435 141 419 } 4.15
BikeNYC
MAE | 400 271 517 2.78 2.85 2.90 2.79 2.65 ; 2.60

’\ === G Junkai Sun, Junbo Zhang, et al.

. w n e . IEEE TKDE 2020
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Bl g, Experiments

\

S 4

S

et [
FCCFnoTrans _
MVGCN
30 35 40 45
RMSE
(a) TaxiNYC
reusv
FCCFnoTrans _
MV GCN
2.6 2.8 3.0 3.2 3.4
RMSE
(c) BikeDC

©a
=)

s [
MVGCN
350 37.5 400 42.5 450 47.5
RMSE
(b) TaxiB]
reusv [
FCCFnoTrans _
MVGCN
& 7 8 9 10
RMSE

(d) BikeNYC

Fig. 7. RMSE comparisons on sudden changes in the four datasets.

Sudden changes

== p =y |y o] Junkai Sun, Junbo Zhang, et al.
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Fig. 10. Effect of temporal views using TaxiNYC.
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... Spatio-Temporal Neural Networks

OST Network (Graph) Data: MDL
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Spatio-Temporal Networks (Graphs)

* Nodes * Edges
* Spatial coordinates * Temporal dynamic
* Distance between nodes properties
* Moving over time * Dynamic structures

AT

= =3 1y
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.ll Predicting Transition and In/out Flows in a ST-Network

_ L~ [ N\ " | node-level
b ,_ ——}T _ j frl =1 7"2 inflow outflow
- e =T = 1 e
R AW EDN= =
o PR o] "N i
yu METE ——‘—J——~— A A A ) VLA
“/ ..-—::r-— 7 - | E Yo R !
l : outflow } inflow L .| e ¥ ,i,:, .
1 13, ,,_\1‘_4_- S -
i I3 ues|re T4

l'““»— transition | | O Sraf‘fingl e End

1 edge level
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.ll Challenges

* Scale and complexity
* Dimension is very high
* In/out-flow: m *m
e Transition matrix; m? * m

* Model multiple correlations
* Spatio-temporal dependencies
* In/out flows and transition flow are highly correlated and mutually reinforced
* External factors: Events, weather, accidents

* Dynamics and sparsity
* Transition changes over time much more tremendously than in/out flows

* Transition that vv|II really occur at the next time interval may be a very small
portion of the m? * m# possibilities (i.e. very sparse)

2

ANZER G
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g, Multitask Deep Learning (MDL) Framework

. R R R R R R R L S R R SR G S M R e

_____________________________

-

.............................

i : Closeness ! NODENET E
1 { ————> —

: i Stream FCN i
: . t . . A |
: rajectories . Period | 5 g . % |
| over ' Stream FCN Z. =rE _ t !
: map e : ;
i ey Trend (4 & \.
| S | ﬁ E Stream FCN : \ ‘“ﬁ 8 E
: \ i VVH;V' ! 3 S 'FCNJ F t \*'QEKE”D! :
: PO eature e s |
L (2a) ,r Data Converting e e
| G44dd o pmmmmmmmmmmmmmmmomeoeoos . extraction oy |
. j (2¢) 44 : . o Ay
! A V(a8 | Closeness !
L A Iy . - External )|
l z s —?—::;‘; g e oY " d | . Stream FCN 1
: = |7 (Zb) = = ;ffij:i:_—;—;{_-j;_jff}? lgq :Q// > ] - / :
i 7 b 2, Period E g <INy Woo. E
i =7 Stream FCN Z. 2B My
! ! &) vy 1
: ’ i / |
i R Trend | | E
: '~ Stream FCN i :
| i 3S-FCN EDGENET |

”\ SR TH Junbo Zhang et al. Flow Prediction in Spatio-Temporal Networks Based on Multitask Deep
= IS # 3 )

a4 om T Learning. IEEE TKDE, 2019




Graph 2> Tensor

.ll Data Converting

\ 4
Incoming

Outgoing
1
'y T2T3 T4 '] T2T'3 T4

n Starting e End |
S
O

Trajectories

IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII
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... EdgeNet for Transition Prediction

Al TS TS T T T N CAlLLALCLIULL AN
o :
A sl Closeness ! r

_— L Aaans 5 . | xternal

S - S _d\\\ p o W X K N Streall] FCN !
5 [ e / i i /
: |
R i | .

=< = = | :
- ! 1
1

Q
ERa—= ‘ . -’
", Stream FCN ‘
X
Trend /
Stream FCN

uoIsnj
3unen
| quel
<
Aoy

.............................

________________________________________________________________________________

* Tackle the sparse and high-dimensional transitions using
a spatial embedding layer:

Zi(i ) = WM i, j) +bm 1 <i<I.1<j<.

* Fully convolutional networks with residual connections:

_____________________________________________________________________________________

Mgtose | remdual connectlons - M.

|
)
2 ReLU ReLU j ReLU
< Conv

I,\ 5 rnxfﬁ

x # M ™



... Couple EdgeNet and NodeNet

NodeNet is also a 3S-FCN, but no embedding

______________________________________________________ Sum Fusion
' Closeness ; qySum Mu§t have the same shape
" Stream FCN | * Easily harm the
' 2 information contained in
Period =
. —> & each of them
i Stream FCN @,
| 3
Trend B
. Stream FCN Concat Fusion
_____________________________ * Shapes can be different
Closeness * Integrate two levels of
Stream FCN node and edge flows
| 2 Coucat by mutually reinforcing
Period | |
Stream FCN g
= M :
Trend Z Res Other fusion methods?
Tren . o
Stream FCN « Multiply Fusion

o 3SFCD ,’ « Kullback—Leibler (KD) divergence

I,\ ok rnxfﬁ

x # M ™




.ll Fusing External Factors

X fen N
400 de '

X %P emmp  3S-FCN e a5

300 Thunderstom 1 4 V o
= / v \
S 2000 i) ﬁ/ ; CONCAT Fusion :
T ' T y as Bridge :
\ 1

0 : A : E\

/

. - d >
e, M M PeEe 3sFON | L4 E

Just like a switch

Feature
extraction

Fm(?J) =0 (WE(:'.:E"‘-j) ) Et(zj) + bE(?J)) ? 1 § Z i: Il E .] S J
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. Optimization NODENET
T objectlve P

Node flow:

N unie = X 1B 0 (i) - il )

Feature

. < 1 F teT c=0
extraction __'5‘;::\ oy
\ External , Edge flow:
-'7/- ----- - ON—1
L | . ) 2
@ S v A Y j€d9€ Z Z ||Qf ( t( ¢ ) o Mt(cv 3 )) ||F
SCErT S My T teT =0
)”/ :
EDGENET Mutual constraints:
__________________________________________ o
________________________________ s’ N-1 2N -1
: node-level e _ % o ) L2 ’ L ” N2
H—— wiow oo #7 Tt = 2 | 18029 =D Mites b+ G5 = 3 Milea [
: 1 6= :: : teT outflow \CZO - v inflow \C:N — )
1 . am . | outgoing transitions incoming transitions
| (i8] ;
1 ! e il om | 3
I R At : Final:

_ = | ENG arg min A | Aedage A
”\ ,_l.?_\EIﬁYI__ﬁ & S s Znd) Edge (Y %.d) nodeuf‘rwde + edge,jedge + 7ndl$ndl
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.ll Evaluation on Fusing Mechanisms

‘
i Closeness

S

” Stream FCN Bridge
ﬂﬁﬂ@ o g ctod « Concat fusion
l — * Sum fusion
|7 swamon Fusing external features
— « Gating
.[*5*’ St FON « Simple (i.e. sum fusion used in ST-ResNet)
» (- " giithout
V-8 50
Fusing type RMSE/ MAE
Bridge | External inflow outflow transition
CONCAT | GATING | 65.30/17.27 | 55.29/17.66 | 11.68/3.70
CONCAT | SIMPLE | 68.51/17.90 | 58.51/18.61 | 11.91/3.78
CONCAT | w/o | 75.79/18.78 | 61.60/19.19 | 11.87/3.74
SuUM GATING | 67.82/17.87 | 65.18/19.80 | 12.67/ 3.88
— . SUM SIMPLE | 71.65/18.44 | 67.20/20.34 | 12.77/ 3.96
R SUM w/o 80.50/20.07 | 61.33/19.54 | 12.66/3.99

# ® B T




... Spatio-Temporal Neural Networks

ST Sequence Data: DeepTTE
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..I Travel Time Estimation (TTE)

< o 5%
+ 1)
* JtREEHEFNID
. . S hC . o C 27 ME QQEEI 2% B
TTE is a long-standing and critically important topic in -
the area of Intelligent Transportation Systems =
» Dispatch taxis to passengers in shortest time S
* Better planning the routes, avoiding congested roads - j P
* Help to alleviate urban traffic congestion 5@* f:"‘* =
, Qd? )
> Bing maps
RO; | \
SiellE | l | | 5
' amap.com EHEEE > o = C
— U BERE |
A 47538 495> %h 574 %h

—————

Google Maps UBER

=y = ] Dong Wang, Junbo Zhang, et al. When Will You Arrive Estimating Travel Time Based
#

on Deep Neural Networks. AAAI 2018
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.ll Challenges

0.16
* Individual vs collective ) Tr —— -
: 1 0.12 Try — —»
* Estimate local paths: Cannot handle — o

Intersections, traffic lights and direction turns
* Estimate entire path: uneven data distribution 0.04

"N
Probability
o
o
(04

Try —

20 30 40
Distance (Km)

* Diverse Influences
* Spatial correlations: various & complex n
° Tem poral dependenC|eS (a) Go straight (vellow) or  (b) Drive into main road (vellow)
turn right (blue) or ramp road (blue)
* External factors (day of the week,
starting time, driver, distance)

(¢) Turn around

Average travel speed for different day of week

Mon ||
Tue
Wed
Thu ||

Spd(kmyh)

Sat 1
Sun |

AT

R E ) T

0:00 500 10:00 B0 s, 20:00 24:00



.II DeepTTE: Deep Learning + Multitask Learning

« Capture spatial dependencies /:: ———————— / /Drive 1D/ /Week 1D/ /Time 1D/ / Distance/
/i (

|_ ____________________________________________________________________
e S S 20 = copy -

« Learn temporal dependencies ’ ‘ |

. Address imbalance data problem T FM——F——— m U con
» Attention module to learn

« Handle external factors & share
similar pattern

weights for different local path % o= 2 &
TTE for each local path TTE for the whole path
« Help train deeper network for
better result Loss: 5 Liocar + (1 — B) - Lep,

=y = ] Dong Wang, Junbo Zhang, et al. When Will You Arrive Estimating Travel Time Based

on Deep Neural Networks. AAAI 2018
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.ll Geo-Conv Layer

- ] Distance
4 BE e
S — L] « Transforms the raw GPS sequence
GPS location = . || .
e — [ N to a series of feature maps.
Pi 1-in toca I || . .
N i N « Capture spatial correlations of the
[ O local paths
/ _;5 Ol  Remain the information in a fine
P | T | o granularity.
GPS trajectory 16 channel Geo- Conv with Concatenate features
features multiple kernels and distance _.

Attention Component

SRR AR
j Local path with more intersections or in
\extremely congested need more attention.

Addition



.ll Experiments

Chengdu Dataset: Chengdu Dataset consists of
9,737, 557 trajectories (1.4 billion GPS records) of 14864
taxis in August 2014 in Chengdu, China. The shortest
trajectory contains only 11 GPS records (2km) and the

Beijing Dataset: Beijing Dataset consists of 3,149, 023
trajectories (0.45 billion GPS records) of 20442 taxis in
April 2015 in Beijing, China. The shortest trajectory con-
tains 15 GPS records (3.5km) and the longest trajectory

longest trajectory contains 128 GPS records (41km).

Table 1: Performance Comparison

contains 128 GPS records (50km).

Chengdu Beijing
MAPE (%) RMSE (sec) MAE (sec) MAPE (%) RMSE (sec) MAE (sec)

AVG 28.1 533.57 403.71 24.78 703.17 501.23

D-TEMP 22.82 441.50 323.37 19.63 606.76 402.50
GBDT 19.32 £ 0.04 357.09 + 2.44 266.15 + 2.24 19.98 + 0.02 512.96 £ 3.96 393.98 £+ 2.99
MIpTTE | 16.90 £ 0.06 379.39 £1.94 265.47 £ 1.53 23.73 £0.14 701.61 4+ 1.82 489.54 £ 1.61
RnnTTE | 15.65 + 0.06 358.74 + 2.02 246.52 + 1.65 13.73 +£0.05 408.33 = 1.83 275.07 £ 1.48
DeepTTE | 11.89 +£0.04 | 282.55+1.32 | 186.93+1.01 | 10.92+0.06 | 329.65 + 2.17 | 218.29 + 1.63

S

AT

B

|-

Dong Wang, Junbo Zhang, et al. When Will You Arrive Estimating Travel Time Based
on Deep Neural Networks. AAAI 2018




.ll Experiments

50 12.4
EDeepTTE ®RonTTE 122 A Beijing & Chengdu g
40 i - B = . .HH._ _,.z
_ D-TEMP BAVG i e N -/
30 | <118
- 5]
11.6
20 | -
11.4
p=
10 i i ok
0 mlé oy o
0-5 5-10 10-15 15-20 20-25 25-30 30-35 35-50 B e

Distance(KM)

Error rates for trajectories with different lengths. Error rates for different .

Loss: /8 ] Llocal + (]— — /8) ' Len




g, 2.1 ST Neural Networks /4

AR S HE
2 ()
SNELEAL:
SMEPEE

I\ SRR
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*

mp

- BRI
* CNN

* RNN
* GCN
* Attention




Part 2.2 Advanced ST Neural Networks

» ST-MetaNet: Learning parameters = Generating parameters

» AutoST: Manually-designed = Automated Network Architecture Search

ANZER G

R &KX #H B ® T



Urban Traffic Prediction from Spatio-Temporal Data
using Deep Meta Learning

KDD 2019

Characteristics

Characteristics

Weight
| Generation |

Historical traffic

/\/k/- | o Spatia‘I Tempmjal NN
Correlation Correlation = v

Model for ST correlations

Q Geographical Unobserved
,—.'?—\Elﬁyl—.ﬁ information factors
# 5

£ = =3 1y




.ll Intro. to Urban Traffic

Beijing - 1-step prediction -~ 1.5km*1.5km  InFlow ~

s ' ] n;\ ;l 54

5 ‘)v
i ™
(o)
- TEr
m - .
) A=ad
e TEREE @
,(\( ‘, __‘

4 Traffic data includes: B
= Speed data B
= Flow data
= Regional demand data

d Important for: f | =
= Traffic management L e | , S -
= Risk assessment i =2 ey m B
= Service provide ) S ————————

ey
]

'?{F Inxrh
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.II Intro. to Urban Traffic Prediction

Traffic data Geo-attributes
\l§ it S i s N e A e N i
=/ [P) 1] %
I i r P ~ r ~ rv ~ ] i
E \ﬁle \_ R J \ m) E
XA ] [EC |

Predict urban traffic on each location at next time interval
throughout a city by using historical traffic data and geo-attributes

(e.g., points of interests and road networks)



.ll Intro. to Urban Traffic Prediction

Traffic data collected from loop detectors

! } \%. .°““"W.’ sensor_0 sensor_1
et . N devt g 2018/01/01 00:00:00 60.0 65.0
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: * (ﬂ‘,;‘j”(falr .._ Glendale '?‘ = °
0"\‘ : . Ay 2018/01/01 00:05:00 61.0 64.0

e oM SO 2018/01/0100:10:00 3.0 65.0

v B Toaq i Ogect

@ =} 5 "8* i.‘@ \

Points of interests Road networks
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... Challenges - ST correlations

A A "#’JHH‘M
T8 N 3 Spatial correlations
- > Traffic is moving on road networks, so the state of
) ol e _ _
b LA a location can broadcast to other locations.
s ///: o i
p S

o d Temporal correlations
T

® =iHLE The state of a location can impact its latter states



.ll Challenges — Diversity of ST Correlations

Business District 800- 2 Moring rush hour N

| % R1| PRV - Evening rush hour %
| | Residencs 6004 ) ;o

| | —_——— e

—_——_— /\V\
@“ E
’\V\ | (T
==

——l

Y} 1 ’ 200
Business%
District
R3 | / 0-

—— 2015-04-13 2015-04-14 2015-04-15 2015-04-16

U Characteristics of locations and their mutual relationship are diverse, depending on their own
geo-attributes.
O Locations with similar combinations of geo-attributes lead to similar characteristics of

locations and analogous types of ST correlations.



.ll Insights

We build a geo-graph to describe spatial Geographical attributes reveals
structures of road networks characteristics of nodes and edges &
B Nodes — locations Impacts different types of ST correlations.

B Edges - relation between locations
Model for ST correlations

N\/~ Spatial Temporal et
—> . . —> 7 Z \
Correlation Correlation = —
s i ) x 7'y z
Historical Traffic - ! ~ Future Traffic

Weight generation!

1 1
Edge Node o
Characteristics Characteristics

Edge features Node features




T Framework of ST-MetaNet

Encoder Decoder
Xt—’[in+1 Xt—rin+2 )it G+O Yt++1 Yt+r;ut—1
[RNN —>[ RNN P>..% RNN M» RNN » RNN P>..%» RNN
MK MK
W1 Y WV ¥ Vv W 4 — )\ 4 K ) 4
Meta- Meta- Meta- Meta- Meta- Meta-
GAT | | GAT | " | GAT | GAT | | GAT | GAT
NMK NMK NMK NMK NMK NMK
\ A W = . A PE A . AN W A
Meta- Meta- Meta- Meta- Meta- Meta-
RNN | ’l RNN J” | RNN | > rRun 7L RN [ | RN
Hyeta—RNN ,\+ ,\+ R ;
Yt+1 Yt+2 Yt+Tout
Meta-GAT
Meta-knowledge Learner
Inputs
MK MK
: Meta Load
Edge attributes » -— . -
9 EMK- se 9 » Leamer ) weights
Learner . )
EMK Outputs
Inputs
Node attributes D < Meta _ Load . .
Learner “( Learner | weights
NMK
NMK
Outputs

Meta-RNN

Recurrent Neural Network (RNN)
LU Embedding the sequence of urban traffic.

Meta Graph Attention Network (Meta-GAT)
L Modeling diverse spatial correlations.

Meta Recurrent Neural Network (Meta-RNN)
L Modeling diverse temporal correlations.

Meta-knowledge Learner
ULearning node & edge characteristics from geo-attributes.

Meta Learner
L Generating parameter weights in GAT and RNN.



.ll Meta Graph Attention Network

Edge 01  Edge 02  Edge 03

Node States == == == == ===
fo - ----————— -~ Feichstatesbyindex NN (NN | N
ces > 1 1
=== A 4
Edge 01 , — Weightsy; - - --- " FCNg;
: 1 Meta v
Edge 02 : Learner —— Weightsy, - - ---fF----- » FCN,,
; I (FCNs) Load weights v
Edge 03 1 : —> Welght503 _____ e T T T e > FCN03
Meta knowledge y

New state of node 0 I

SdftMax of attention scoies

A

[ J— Linear coInbination

Compute attention scores Weight generation
w) = LeakyReLU(W W[A® || RP] H b)) wi) = g, (MKD), b = g, (MK @)
Get edge meta knowledge Aggregate hidden states by softmax function
)]
MKW = NMK® || NMKD || EMK @) AD = (1 - 2O)h® + 2O Z expw )
j X exp(w ()

- Outputs of meta knowledge learners



.ll Meta Recurrent Neural Network

Node 0 Node 1 Node 2
== 1=1=1= \ 4
Node0 | — —— Weightsy, --------1 » GRU,
1 | Meta A 4
Node1 | +— Learners —> Weightsy, —-------$---- - GRU,
; : (FCN) Load weights v
Node2 ——" —— Weights,; —-------4---4------1 --» GRU,
Eremy— = — 1
Node meta knowledge

A 4

New states of each node

b’ !

b")

u = sigmoid (Wu(i) zt(i) i Uz(f)ll,gi_)l =
r = sigmoid 1Wr(i) zt(i) ‘i Ur(i)i El_)l i

Z(i) +

hgi) =uo hgi_)l + (1 — u) o tanh Wh(i) S

U,(li) ’r O hgi_)l) .

: b,(f)’.



.ll Evaluation

B Datasets: TaxiBJ & METR-LA Tasks Taxi flow prediction Speed prediction
Prediction target inflow & outflow traffic speed
] Metrlcs T%mes‘pan 2/1/2015 - 6/2/2015 3/1/2012 i 6/30/2012
Time interval 1 hour 5 minutes
# timestamps 3600 34272
® MAF = - n # nodes 1024 207
=1 |yl | # edges 4114 3726
# node features 989 20
R # edge features 32 1
‘MAPE__ ’{lllyl yll
Vi

B Baselines: Statistics of datasets

%9 E ;-,. e
® Statistics models: Historical Average, ARIMA Y , :
U ..'_f“ i % 8 NV
& RSN o‘ ‘‘‘‘‘ . ?m ) oS <
® Tree model: GBRT g s
® Deep models: Seq2Seq, GAT-Seq2Seq, " BE Q Ner o

DCRNN, ST‘ReSNet . = ' M e < 3 port
Flow data Traffic speed data



.ll Evaluation on Prediction Accuracy

MAE ()]) RMSE (])
Bl 0 1K o 32 o st overall lhour 2hour 3hour overall lhour 2hour 3hour
HA 26.2 26.2 26.2 26.2 56.5 56.5 56.5 56.5
Learning ARIMA 40.0 27.1 41.2 51.8 86.8 58.3 77.0 108.0
GBRT 28.8 22.3 29.8 34.2 60.9 47.7 62.6 70.3
parameters "\ seq2Seq  [333k] 2132006 17.8:0.05 22.0:0.06 242:0.09 42.6:0.14 35.1:0.07 43.6:0.16 48.1:0.20
GAT-Seq2Seq [407k] | 18.3+£0.13 16.3+0.12 18.7£0.12 199+0.14 35.6+0.23 319021 36.3£0.20 38.4+0.30
ST-ResNet [445k] 18.7+0.53 16.8+0.50 18.9+0.57 203+0.52 36.1+059 31.9+0.69 36.4+0.71 39.5+046
ST-MetaNet [268k] | 16.9£0.13 15.0+0.14 17.3£0.14 18.4+0.10 34.0+£0.25 29.9:0.08 34.7+0.25 37.1+0.41
Dl fi g N A e T overall 15min 30min 60min overall 1 5min 30min 60min
Generating
HA 4.79 4.79 4.79 4.79 8.72 8.72 8.72 8.72
parameters ARIMA 4.03 3.27 3.99 5.18 7.94 6.14 1.78 10.10
GBRT 3.85 3.16 3.85 4.85 7.48 6.05 7.50 9.08
Seq2Seq [81k]  3.55+001 298+0.01 3.57+0.01 438+0.01 727+0.01 3588+0.01 7.26+0.01 8.88+0.02
GAT-Seq2Seq [113k] | 3.28=0.00 2.83+0.01 3.31+£0.00 3.93+£0.01 6.66+0.01 547+0.01 6.68+0.00 8.03+0.02
DCRNN [373k] 3.10£0.01 2.75+£0.01 3.14+x0.01 3.60+0.02 631003 5332002 6450.04 7.65+0.06
ST-MetaNet [85k] | 3.05+£0.02 2.68+0.02 3.09+0.03 3.60+0.04 6.25+0.02 5.15+0.02 6.25+0.05 7.52+0.01
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Jj, Evaluation on Meta Knowledge

Validate that meta knowledge can reveal the similarity of ST correlations on nodes.

O For each node in the embedding space, find its k-nearest neighborhoods

O Calculate the similarity between node & its neighbor based on the test dataset

CORR(x,y) =

0.7
Model
= GAT-Seq2Seq
= ST-MataNet 0.6
[ 0.5
[=4
Qo
U o4
0.3
0.2

1 2 3 4 5 6 7 8 9 10
k-nearest neighbors

2ilxi =) yi — )

Model
= GAT-Seq2Seq
mm ST-MataNet

1 2 3 4 5 6 7 8 9 10
k-nearest neighbors

(a) Taxi flow prediction

Model
= GAT-Seq2Seq
W ST-MataNet

1 2 3 4 5 6 7 8 9 10
k-nearest neighbors

Model
= GAT-Seq25eq
s ST-MataNet

I

1 2 3 4 5 6 7 8 9 10
k-nearest neighbors

(b) Traffic speed prediction

Residential
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viaduct

VI — VWi — 02
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il = xim1)(yi — yi-1)

CORT(x,y) =

VG = xi )2V Wi — v )2
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(a) GAT-Seq2Seq model
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(b) The proposed model
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AutoST: Efficient Neural Architecture
Search for Spatio-Temporal Prediction

KDD 2020
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L] Predicted flow

o Initial ST Feature Learning External
Hlstorlcal Feature [~ Network =1 Fusion &
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(a) Conventional model
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{ Predicted flow
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=1 Fusion & |
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Initial ST
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.ll Motivation

O The spatio-temporal correlation is:

« Heterogeneous to different tasks varying from bike flow to taxi flow.

« Diverse to traffic conditions from core city to small city.
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Is there a network suitable for all scenarios?
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.ll Observations

4

=R

O 7wo observations illustrating the optimal architecture is distinct among different cities:

« Cities may have different spatial range preferences
« Low and high-level features do not contribute equally in all cases.
20x 24

Taxi flow in Guiyang

Local Dependency

I\ SIRIRLT

= =3 i3

32 x 32

Crowd flow in Beijing

Global Dependency
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External
Information .
Predicted flow
B Initial ST Feature Learning External T
Historical Feature Network Fusion & = ;
Flows Extractor (manually-designed) Predictor

IHEEEII]

eature &/
raction Res?lt 1 Res it |
r

l
ResUn it L ResUnit L
{ Coiw2 M | Co?vz |

‘usion . ! X
1 e\
X X ¥
Tanh | Loss - Population Distribution Predicted Population Distribution

ST-ResNet (AAAI" 17) DeepSTN+(AAAI" 19)

Conventional model designs the feature
network manually !

ANZER G

B E

O AutoST model:
«  Multi-range(long-range/short-range)
correlations automatically.

«  Fusing multi-level features dynamically.

G oa I External _‘F <

Information ‘“’f )
Predicted flow
_ S Tnitial ST External T
Historical Feature | ST—NA_SI:;]&t —» Fusion & > 3
Flows Extractor fete Predictor

(b) AutoST model

Oriented to S7 data rather than
specific task !




... Methodology-search space

O ResNet O Search space of Darts (NAS for CV) : O Search space of ST-NASNet.

« Fixed Convs « mix op block includes all candidate ops « mix convolution block
« Fixed Conns (convs, pools and conns). * mix connection block
« subnet (automatic) and outer net (fixed). « NAS network (automatic)

________________________________________________________________________________________

i == Mix operation

! Network : : > Mix convolution Network
-y P ‘ ’

: . : Ay - -
— P N SR R

: : Subnet 0 K ' a, | TN

' | 1 ! LN
I CI oo o IR gy gy
: 3

: ]

Subnet 1 / ranges

[

i g H

(] a: . \I, |I:

= NEAVE
H = — y ! i

i
T

e :;:L I'. L\‘ II'IlI

\ [ ' |

4 [ [] |
: w - : I\II‘\ ; I|. | . - l
' K [HE |..' I| [ i i Voo 1
: SR \ ik ! AN
: - B e /| g o EE
: . o | Subnet 0 /! ' *, Fviia
W i [ \ “_r I
' \ [ : . . o
[ i —-—» Mix connection - [

. Multi-
output : |eve|S

(a) ResNet (b) Search space of Darts (c) Search space of ST-NASNet
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.ll Experiment-settings

O Dataset Description:
« Four datasets including TaxiBJ, CrowdBJ, TaxiJN and TaxiGY.
O Baseline algorithms:
« ST models: ST-ResNet, ST-3DNet and DeepSTNPlus.
« NAS models: ENAS and DARTS.
O ST-ResNet+, ST-3DNet+ and DeepSTNPlus+ represent the AutoST enhanced models.

Dataset | Time spans Grid size # Ins
7/1/2013-10/30/2013 External [=83)— FCs
TaxiBJ 3/1/2014-6/30/2014 (32.32) 15072 features —
3/1/2015-6/30/2015 Convl )
11/1/2015-4/10/2016 '
CrowdB]J | 9/1/2017-11/30/2017 (32, 32) 2016 Convl ST-NASNet — Conv2 {1+ Relu — ﬁ
TaxiJN | 9/1/2017-1/31/2018  (32,16) 3323
TaxiGY 10/1/2018-5/26/2019 (20, 24) 5270 Convl

Dataset DeepSTNPIlus+




. Il EXperiments-0vera|| Performances

Models Param RMSE MAPE
O Effectiveness perspective: ST-ResNet 0.92M  17.51+0.05 33.92% + 0.41%
ST-ResNet+ 338M  17.47+0.05 33.52% + 0.40%
* AutoST can be applied to a wide-range of ST ST-3DNet | 054M 17.82+0.36 31.04% = 0.02%

odels and steadilv imoroves the performan ST-3DNet+ 136M  17.37£0.20 27.77% % 0.02%
OdEIS and Steadily ImpProves tn€ performances.  ne. ,STN-ne | 0.42M  16.09+0.02 27.05% + 0.15%
DeepSTN-ne+  1.24M  15.97£0.06 27.72% % 0.14%

« DeepSTNPIlus+ achieves state-of-the-arts results
DeepSTNPlus | 0.44M  15.98 +0.05 26.52% + 0.64%

at all scenarios. DeepSTNPlus+ 1.26M 1588 +0.19 25.97% + 0.65%

Models CrowdB] TaxiJN TaxiGY
RMSE MAPE RMSE MAPE RMAE MAPE

ST-ResNet 92.27 +4.42 74.24% +4.53% | 5.876 £ 0.26 62.22% +0.80% | 2.773 +0.10 56.95% + 1.09%
ST-ResNet+ 87.35+4.42 63.17%+4.53% 5.624+0.06 72.30% +1.92% | 2.521+£0.07 51.69% £ 0.59%
ST-3DNet 76.13+2.14 55.51%+1.18% | 5458 +0.19 58.71% +2.71% | 2.574+0.08 52.71% +2.27%
ST-3DNet+ 62.28 + 2.68 36.56% +3.49% 5.103+0.04 57.11%+1.54% | 2.488+0.04 51.32% £+ 0.78%
DeepSTN-ne 52.49 +0.37 32.17%+1.94% | 4.664+0.05 45.69%+0.97% | 2.175+0.02 50.81% + 0.20%
DeepSTN-ne+ 51.38 £ 0.61 28.43% +1.98% 4.653+0.20 46.58% +0.65% | 2.169+0.03 47.61% + 0.06%
DeepSTNPlus 49.76 + 0.57 28.60% + 2.75% | 4.653 +0.01 54.52% +0.30% | 2.172+0.06 50.01% = 0.71%

DeepSTNPlus+ | 49.09 £ 0.61 29.08% +5.80% 4.602+0.00 44.35%+0.87% | 2.157 +0.01 49.55% + 0.87%

A AR

B E




. I Experiments-Efficiency and Robustness

O Efficiency perspective: AutoST searches faster than existing NAS algorithms

52.5 10
858
© ’ >10 times
. g 6 51
T £
2 4
. - — 5 i
DARTS EMAS Ours DARTS EMAS Ours
(c) Time on TaxiB] (d) Time on TaxiGY

O Robustness perspective: the proposed model outperforms baselines with most settings.

2.30 70 2.30
_— DeepSTNP\us -_— DeepSTNPIus = DeepSTNPlus 54 s DeepSTNPlus
2.25 DeepSTNPlus+ 85 eepSTNPIus+ 225  wmm DeepSTNPlust - mmm DeepSTNPIUs+
" 2.20 159 216‘51 . w 60 7453 57.68 W 220  zie3 2157 21843 479 o 50,893 oo
wn v dB?G 2.153 I} B
E 2.15 1B 7132 E 55 BB 5353 c0, 0 szam3 ‘g 215 E 50 S213 9.042
2.10 50 4578900 4942 210 P
2.00 40 2.00
12 16 12 16

(a) # channels on TaxiGY (b) # channels on CrowdB] (c) # layers on TaxiGY (d) # layers on CrowdB]
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. I I Experiments-Case Study

O The optimal architecture on CrowdBJ has: O The optimal architecture on TaxiGY has:

« no connections at first four layers showing the « alarge amount of skip connections among
long-range correlation captured by stacked layers indicating that the short-range
multi-layer convolutions is important. neighborhood dependency contributes

- connections at last four layers to fuse the more than global features.

spatial features with neighborhood

information.

3x3 Ix3 X5 Ix3

5x5 of U

AN
Nl T 343

(a) CrowdB] (b) TaxiGY
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Part 3. More Spatio-Temporal Al Applications
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Deep Distributed Fusion Network for Air Quality Prediction

KDD 2018
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.ll Motivation

 Background
« Developing countries are suffering from seriously air pollution problem

« Air pollution consists of a mixture of particulate matter (PM, c, PM,,) and gaseous
species (NO,, CO, O;, SO,)

« Health alert to young and elderly for breathing problems

* Prediction demand
« Support government’ s policy making
« Inform people decision making

AT
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.ll Goal

* Predicting Fine-Grained Air Quality (PM, ¢)
* Spatial granularity
* For each air quality monitoring station

* Temporal granularity
* For each hour over the next 48 hours

A AQI
. S S
& .
.............. E SRR 8- ~-®
Past 5 Future
' o
l(c tc+6 tc+12 ZLc‘4r24 tcf48
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.ll Challenge

* Multiple influential factors with complex interactions

* Pollution sources, direct factors and indirect factors
* Insufficient and inaccurate data

* Affected by multiply factors simultaneously
* Effect from one specific factor is not absolute
* Hard to decide the weight for each factor
 Difficult to capture the dispersion patterns of air pollution

Industrial
Emission

Vehicle
Exhaust

Coal
Burning

l
|

Dust

L(_)CB_.l
Emission

Regional
Transport

Terrain

Meteorological
Conditions

Secondary
Productions

AT

S
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Pollutant source

Direct factor

Indirect factor




.ll Challenge

* Dynamic spatio-temporal correlation and sudden changes
* Urban air changes over location and time significantly

* AQI drops very sharply in a very short time span
* Caused by some specific factors (e.g., wind)
* People pay more attention to special cases than normal cases
* Data imbalance problem (2.3% within 3 years data in Beiiing)

R 500
e el
P (O O 400|
" - , A : Lr?
- % \ r,‘“ ! o
[ ] ‘..v‘ I ] Le:
2 adh : L
R Pk ‘ S 200
£ ‘ el | q:
: \ ‘:383 b A *k ‘ 100 o
55 L 0 10 20 30 40
R o

_— Time (hour)
A) Monitoring stations B) AQI change over time
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.ll Framework

Deep Distributed
Fusion Network

Outputs

f

Meteorology Weather Other Time AQIs
Forecast Pollutants Station ID

—

Sensor readings Spatial Transformation Component




.ll Spatial Transformation

* Air pollution dispersion .
* AQI recorded by monitoring stations .
can be regarded as second-hand L

pollution sources

* Spatial correlation

* Regions with different distance show (A) Monitoring stations
different impacts varying by distance

* Closer regions have a finer granularity
and farther regions have a coarser
granularity

* Scalability
* Set number of regionS as upper bound (C) Spatial Aggregation (D) Spatial Interpolation
* Overcoming spatial sparsity
* Train one model with all stations’ data

(B) Spatial partition

AT

= =3 1y

S




.ll Distributed Fusion

Residual FC

—r—
w e
ﬁ " -

(a) Distributed Fusion (b) FusionNet

Concatenate

vs auxiliary feature

« Main Feature and prediction target come from same domain

 Distributed fusion

« Main feature fuses each auxiliary feature in a parallel manner
 Highlight main feature and capture each auxiliary feature’ s effect

ANZER G
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.ll Subnet

* Individual influence subnets (FusionNet)
* HW: capture the influence of historical weather
* WEF: learn the impact from future weather conditions
* SP: simulate secondary chemical production

* MP: model the effect of time and terrain outputs
* Holistic influence subnet (FusionNet) I o
* Learn holistic influence from all factors simultaneously mmmmm

* Weighted Merge
* Determine the weight for each factor |
S T T e

y = Sigmoid( Y pw° Whw + Ywr o Wyr + t t $ t t
Meteorology ~ Weather Other Time AQls
Forecast Pollutants Station ID

Ysp °Wsp + Ymp ©Wmp + Yhi © Whi)

AT
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.ll Embedding

* Transform raw features to a low-dimensional space
* Learn intra-dynamics of each domain data
* Capture temporal information

| Domain | Feature | Encoding_ Embeding

[ AQIls | PM2.5 6x17

PM;q 6*1
NO, 6*1
Other Pollutants SO, 6+1 6
CO 6*1
O4 6*1
Weather 6+8
Wind direction 6+4
Meteorology Wind speed 6*1 6
Humidity 6+1
Pressure 6*1
Weather k*8
Weather Forecast Wind direction kx4 6
Wind Strength k*4
Station ID Beijing 36
Meta Season 4 5
Property Time iIsWorkday 2
Hour 4

A m;ﬂm
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.ll Data in Urban Air

* Air quality data .
* From 2,296 stations in 302 Chinese cities ‘

* Hourly updates

* Convert concentrations into corresponding
AQI based on Chinese AQI standards

* Meteorological data

e 3,514 cities/districts/stations
* a district-level (or even finer) granularity
* Hourly update

 \Weather forecasts

e 2,612 cities/districts
* Next three days forecast (3-hour segment)
* Updating frequency: 12-hour
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I Datasets
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Chengdu, Chongqing

Beijing
Tianjin
Shanghai
Nanjing I
Hangzhou [
Guangzhou I

Shenzhen | m
Chengdu s
Chongqing . e
0% 20% 40% 60% 80% 100%
I Excellent I Lightly Polluted B Heavily Polluted
Good H Moderately Polluted Hl Severely Polluted

2014/5/1-2017/4/30

In-city stations 36
In-city instances 875,394
AQI Sudden changes 20,540
Average PM2.5 108.2
Neighbor stations 74

In-city sources 17
Meteorology L
In-city instances 327,514
Weather In-city sources 17
Forecast In-city instances 1,282,918




.ll Overall Results

7-12h 13-24h 24-48h Sudden Change
Method
acc  mae acc  mae acc  mae acc  mae acc mae

2 Vi — il
ARIMA 0751 283 0576 521 0458 654 0307 746 0066 1129 acc=1-— S
LASSO 0790 219 0620 397 0534 489 0452 571 0273 872
GBDT 0792 218 0629 388 0540 480 0458 565 0321 218
LSTM 0780 231 0606 412 0491 532 0380 648 0240 901 —_—r i 1Vi—vyil
LSTM-STC 0794 216 0622 396 0508 514 039 630 0314 825 1L

DeepST 0.806 204 0633 381 0545 475 0466 557 0. 38 79.5
DIMVST-Net 0.806 204 0638 378 0550 474 0481 539 0419 70.4
DeepFM 0.808 201 0643 373 0549 472 0474 549 0.396 72.3
DeepSD 0811 19.7 0645 371 0551 468 0479 543 0428 69.5
DeepAir 0.812 195 0.656 36.1 0.569 45.1 0.5 521 0471 63.8
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I Online Performance

Short-term (1-6h)

Long-term (7-48h)

Sudden changes

Beijing
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.ll Official Prediction

* Advantages beyond Weather-Forecast-Based Method (WFM)
* Spatial granularity: station vs district

Farther predictive capability: 48 vs 12 hours

Updating frequency: 1 hour vs 12 hours

Need less data sources

More accurate

ANZER G

10/1/2014 to 12/30/2016.
Beijing Municipal Environmental Monitoring Center (using WFM)

etho

Hours level

WFM 0.54 54.5 0.64 46.1 12 District

077 267 08 179 1 Station
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CityGuard: Citywide Fire Risk Forecasting Using A Machine Learning Approach
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. Bs Background

Urban fire cause financial loss, injuries and even deaths.
Center of Fire Statistics! shows fire statistics from
34 countries in 2017:

> 3,115,061 fires cause 16,808 deaths and 47,948
injuries.

R

AL, .2l
; A major fire in A major fire in § W ".'
e Notre Dame de Paris Harbin hotel

> Examples B -

e 15, Apr., 2019, a major fire has engulfed the Notre
Dame de Paris, destroying priceless treasures.?
12, Aug., 2015, a series of explosions killed 173

people and injured hundreds of others at a i

container storage station at the Port of Tianjin.3 1 www.ctif.org
2 https://www.bbc.com/news/world-europe-47941794
3 https://en.wikipedia.org/wiki/2015_Tianjin_explosions




S

: Goal

Fire forecasting is a necessary work to control the risks of fire

Traditional fire prevention deployment

1. Specialist Coarse-grained in temporal and spatial
2. Based on statistics

help

prevention.

Fire Risk Rank

For fire prevention, fire-fighting department would like to learn the region with top risks
(more fires) rather than whether fire or the number of fire in each area when deploying fire

Our Goal:

We need to rank fire risk of regions in a city at each timestampg

AT

= =3




.II Challenges

To address the problem of ranking areas by fire risks, we face 2 main challenges:
1. Temporal
e Internal effects (e.g., historical fire risk).
e External effects
¢ Immediate impact (e.g., temperature)
& Delayed impact (e.g., electronic order)
2. Spatial
® Local spatial attributes (e.g., POls, human activities, population of area)

e Global spatial dependencies

AT
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.II Architecture

We propose a machine learning model named NeuroFire to integrate the temporal

and spatial which consists of two-step:

O Temporal fire classification

We use GRU-CRF to combine internal effects

(historical risks) and external effects

(weather,...)

O Spatial fire risk forecasting

Feature Extract:lon and Fusion
To lean the rank of regions at one timestamp, =~ % Ty T TTTTTToo3oos
we use S-BPR to compare risks of regions ‘M"“"“’l"g} b commerce Data é

A RFIﬁY
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..I Method

> Leverage RNN to learn temporal representations of !

GRU-CRF

-

urban data

» Integrate the temporal representations into fire risk
sequences by CRF.
1

PYIX) = Zmexpla ) [ X)+ B ) 9(uiy))
Temporal Spatial et e i
%
RNN Pair-wiise Rank
= BPR
y

V1 0[O0O[O0O]0 |0
Ye1 Vi2 Viz Ved Vis V21010101010
(ofofr]rfo]=nsj1li]o]o 1 transform the metric
A v 1 l1folo 1
Yes| 01010 1(0 [0
S # = i i
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. II Experiments

Datasets

* Fires dataset is collected in a city, China during a 59-month period (Jan-2014~Nov-2018):
« Location (latitude, longitude)
. Time Changings
. POl (temperature & Fires)

o
o

. .
600 +
.- Correlation(POIl & Fires) )
g L 500
= =
Weath 5 os =
eatner 2 5 400
g o5 Esou
L4 T t o = 200
emperature
= 100
z /" B ®E BB R 1w
. . o o o 2SI o /T S
e H dt s °3 $FLLPSIPHS S
umidi £ $
2 02 _®
= @
S o1 B
’ & 20 A
0.0 g 15 ]
w - = = @ c v @ =
P 3685833855558 ¢E25855¢ g 10
g &8 SAE Y5 vl 55 LT E g
£ F = 45£g5 258 Ef.gEscE G S5
& b gfo_: "'QE“--J_‘Q,,.%'EE:: r—o
€ o € 2 v« £ EL£EE T T—T T 7
< = 3 = £ IS A8 O Ay AL
W < < g 3< Lo {!O‘E:é'&?‘?%?%‘%‘?&dl$cg,

Metrics: Recall & F-1 score & AUC & MAE
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= x #

Experiments

Results

Our model performs better than other 9 baselines:
» The effectiveness of temporal factors: Methods using GRU perform better

than LASSO, CRF, LR and SVM.
» The effectiveness of historical sequence of fire risks: GRU-CRF performs

better than GRU-LR

» The importance of spatial dependence: our model using S-BPR performs
better than DeepST due to the sparsity of fires

Model Recall Fl-score AUC MAE
LASS0 0202203506 00250014 04540075 04110265
CRF 026320075 0.349+0.071 6290057 08070005
LR 3352055 0.35244+0.05% 6390052 0249+ 00356
LE-F 0179 £0.188 0. 1210058 05730072 1620019
SVM 0534020273 0.0R70.038 0560096 0 498+0 224
SVM-P 0. 30820066 02270085 629 +0.051 0267 0,097
GRU-LE 0342120101 03650102 LG6G6E0.076 0. 146 0.013%
GRU-CREF 0.284+0.111 03870071 0.675£0.06 0. 10000073

Deep5T

0.5352+0.070

0. 51000080

07400057

0L193+0.052

MeuroFire

IR

B E

0.5358+0.134

0.400+0.067

0L.763=0.045

0.05%4 +0.01



.II Experiments

Visualization

» LASSO, CRF and SVM didn’t perform well on the ranking problem.

» DeepST seems discriminating in spatial, it performs worse in forecasting.

Groundtruth

{a) Groundtruth in Jan. 2018

SVM

LASSO

(b) LASSO

(g) DeepST

CRF

(c) CRF

Our Model

(h) NeuroFire

The deeper color in a grid, the higher risk is forecasted.




.ll Summary

1. Massive ST data and application scenarios - ST Deep Learning/Al

2. ST Neural Networks

 Data transform + CNN/RNN/GNN/Attention
« ST Point Data, ST Gridded Data, ST Networks(Graphs), ST Sequence Data

3. Advanced ST Neural Networks

OST-MetaNet, AutoST

4. More Spatio-Temporal Al Applications: Air, Fire, ...

ANZER G
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Topics of interest include but not limited to:

* Heterogeneous spatio-temporal data fusion with deep learning

Call For Papers

» Deep spatio-temporal data representation learning

https://dl.acm.org/journal/tist/cfp * rajectory data mining with deep learning

ACM Transactions on |nte||igent Systems * Anomaly detection in spatio-temporal data with deep learning

. * Deep learning based urban traffic prediction models
and Technology Special Issue on biearning P

» Spatio-temporal crowdsourcing with deep learning
(14 H - b
Deep Learnlng for Spatlo-TemporaI Data * Interpretable deep learning models for spatio-temporal data mining

* Novel deep learning models for mining noisy and sparse spatio-temporal data

+ Deep learning models for novel applications based on spatio-temporal data

ol i » Deep learning based spatio-temporal data mining for smart city
earcn witr

* Deep learning for spatio-temporal control and optimization

« Spatio-temporal data management with deep learning

Home > ACM Journals > ACM Transactions on Intelligent Systems and Technology

» Spatio-temporal privacy and security with deep learning

ACM Transactions on Intelligent Systems and Technology T B o e TR L

» Spatio-temporal reasoning, uncertainty, and causality with deep learning

a Assodiation for
v Computing Machinery

ACM Transactions on Intelligent Systems and Technology (TIST) publishes the highest
quality papers on intelligent systems, applicable algorithms and technology with a
multi-disciplinary perspective. An intelligent system is one that uses artificial

S i i . . - Otc 30, 2020: Deadline for paper submissions

intelligence (Al) techniques to offer important services (e.g., as a ... (More)

Tentative submission deadline of the Special Issue.

https://dl.acm.org/pb-assets/static_journal_pages/tist/cfps/tist-si-cfp-08-2020-spatio-temporal-data-1598567859617.pdf



https://dl.acm.org/pb-assets/static_journal_pages/tist/cfps/tist-si-cfp-08-2020-spatio-temporal-data-1598567859617.pdf
https://dl.acm.org/journal/tist/cfp
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Yuxuan Liang, et.al. UrbanFM: Inferring Fine-Grained Urban Flows. KDD2019



Challenges

* Spatial correlations
* Spatial hierarchy
* Remote influence
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(a) Coarse-grained crowd flows (32x32) (b) Fine-grained crowd flows (64x64)

Y. Liang, K. Ouyang, L. Jing, S. Ruan, Y. Liu, J. Zhang, et al. UrbanFM: Inferring Fine-Grained Urban Flows, KDD 2019
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Challenges

* External factors

* Meteorology
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Framework

* Inference network
 External factor fusion

c

2 External Factors Feature Extraction Detailed Layout

=} Ff— T T === \

L /Other external features, M B

=

S o o

5 /DayOfWeek E S = M B
[J] [J] o = 5

Lc_l; TimeOfDa é é o &z

c =] > a

= Weather %] N ResBlock SubPixel Block

LI";j' _____________

Coarse-grained Flows | ~ _ _ _ _ _ _ _Feature Extraction _ __ _ __ N ________ Fine-grained Flows

X e

— 4 —= = =

s % % £ H E £ i

g 3 3 2 o B i

P — — T < ©

® = o 5 2 2 £

(&} () () - o o [<}

s ez o © 2 g =z

g = 2] %) z

e e e L O

=

Distributional Upsamplin
Nearest-Neighbor Upsampling psampiing




