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Time and Space

A Time seriess a set of observations; each one being recorded at a
specific time.

A Forecastings estimating how the sequence of observations will
continue into the future.

A Spatictemporal datds a type of data that combines spatial and
temporal dimensions, capturing how measurements or
observations vary across different locations over time.

A Spatiotemporal data can be modeledraphstructured data,
particularly when the data involves complex relationships, such as
sensor networks, traffic flow, or social interactions.
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Standard Time Series

Spatial

Time

Spatial Time Series



Examples

Social Interactions

Epidemics

Stock markets
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Collections of time series

We consider a sét of 0 correlated time serieEach@h time series can be associated with:

1 observationse M s at each time stefy
1 exogenous variable@%N A at each time steq

1 a vector of static (timéendependentattributes o N 4
X, b ot U, Uy.1

~
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Capitallettersdenotethe stackedN time series, i.e. X N N'dx ygn  Nidu
Y Wecall thedimensionspanninghe collectionasspatialdimension
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Correlated time series

We consideratime-invariantstochastigrocesgjeneratingeachtime seriesas

e Dij(e "= he hy) forall'Q p8 G mBHY p
andassumeheexistencef a Grangercausalityamongtime series.

Furthermoretime seriesareassumedo be

a. homogenous

b. synchronous

Notation n

c. reqularlysampled

Acanbegeneratedby differentprocesses

I Assumptions, b, c canberelaxed(to bediscused later)
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h
Example: Groundtation AQI monitoring system 3§

PM2.5 Monitoring Stations — Delhi, India
Mean daily PMZ2.5 (ug/m®) across 37 DPCCICPCB stations (1826 days)

M
PM2.5 (ug/m?)
120

110

A X<t collectsgroundlevel measurementsf severakir pollutantvariable.
A U: storesidentifiersfor time-of-the-day andday-of-the-year

AV collectsstatics e n's o r 6 sucHaselavationslepe,andaspecof the stationlocation.

Y Time seriescorrelationgeflectthe spatialproximity andtopographicharacteristicaetwork.

Ref: Chakraborty et alii ESTGCN: extremepatict e mp or a | graph convol uti on alRS3berieswA2026k s



Example: EpidemicsTuberculosis cases in Japan S

o

600 -

B

w
o
S

s
o
o

Number of active T
w
o
(o]

Jan-98  Feb-00 Mar-02  Apr-04 May-06 Jun-08  Jul-10 Aug-12  Sep-14
e Time (Month)

A X<t collectsmonthly activelB casesrecordddn each of Japands 47
A U: storesidentifiersfor monthof-the-year

AV collectsspatial locations (e.g., prefectures or provinces)

prefe

Ref. Chakraborty etalif Ep i dgeumidced deep | earning for spati oMambheamn2025 f or e



Example: Traffic monitoring system

)b,

Considea sensonetworkmonitoringthe speedf vehiclesor traffic flow at crossroads.

/\/\ON\/\/\/\
Time

N LA O VA SN / v u

X <t collectspasttraffic speedor flow) measurements

A U: storesidentifiersfor time-of-the-day andday-of-theweek
A

Vcollects st ategcypsoemisberof uisesofttea t = &
monitored road. Lol )

rrrrrrrrr

Y Strongdependencieamongtime serieshatreflecttheroadnetwork.

F|g Sensor dlstnbutlon dfPeMSBAY dataset

Ref: Chakraborty etalif Spati ot empor al Forecast-Bageadf Tdmpad fIBEE AcéebRO@dn tUis © m



Time series forecasting

Thousands of visitors

fh )
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Forecasting is estimating how the sequence of observations will continue into the

Total short—term visitors to Australia

1000 -

500 -

0-

Jan 2014 Jan 2016 Jan 2018 Jan 2020
Month

Ref:Hyndmanetal, i For ecasti ng:

Cyclical

vl
Point Trend

Forecast 1 2 3 4 5 6 7 8 9 10 11 12 13
50% PI Year

90% PI

Something is easy to forecast If:
1. we have a goadnderstanding of the factottzat

contribute to it
2. there is a lot oflata available

3. the future is somewhaimilar to the past

N

_ _ 4 forecasts
Principles and Practice
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Forecasting

v/

X%w:f " E}H /Multi-steptimeseriesforecastinq \
T~ o o670 Givenawindowof W O1 pastvalues
:w T o Xiw:e = [Xaw, ..., Xa 1,
PN N Y i Z 0"y predictH O 1 future observations
e VA T VT Xt+h h=1...,H.
In particularwe areinterestedn learningamodel (-, -, d) st (8 q,F‘T' ¢ ™) L q (O JE= q |

Probabilistic predictorsanbe considerecswell, butfor now, we focuson pointforecasts

For point predictorsparametersicanbelearnedoy minimizing a costfunctiona( - , - ) (e.g.,MSE)ona
trainingset

T N
N 1 ; ;
G—drgmm ZZE( -H $sr|u) —drg;nm NTZZ Hfﬂrf H _ﬂ'ffruﬂ

t=1 =1 t=1 1=1

2
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Global and locamodels

)b,

Local models Global models

] ~ 0 Al ~0 o
2 i P Sy i N o LS
M_, o' b o o M T 0

Ao/ AN s fgg o9 R oo W_,E_,ﬁﬂ%nmwz:i
P R N f 0 P o o f J0 T, P e
i’i+h =f (iﬁi—w’:t, e ;91:) Eiyp = f imi—w:t: E EQ)
Example: Box-Jenkingnethal Example: DeepAR
@ Tailoredto eachtime series. @& Sampleefficient.
@& Inefficient.

€& Allows for morecomplex models.

& Both approacheseglectdependencieamong timeseries.

*Ref : Sal DeepAR eRr ocablabi IAi sti ¢c forecasting with autoregressi:



Accountingfor spatialdependencies

A Oneoptionis to considettheinputassinglemultivariatetime series
Y Resultingpredictorsarelocal: X, = f (Xi—w.z,---;0).
- High samplecomplexityandpoorscalability
AModelsoperatingon setsof time serieswould allow to keepparametershared.
Y Resultingpredictorsareglobal: fﬁrh = F (Xf_wi, . ;9) ., VSCD

- Canbeimplementedy attentionbasedmodels(e.g, Transformerk
- Doesnotexploitstructuralpriors, high computationaandsamplecomplexity

A Othermethods rely on dimensionality reductioto extractsharedatentfactors
- Might work well if dataarelow-rank

- Localandrelationalinformationarelostandcanstill sufferfrom, scalabilityissues.

)b,

*Ref: Seret al, N Tgholbaltylact locally:A deepneuralnetworkapproacho highhdimensional time seridgs o r e ¢ dNsulRPSA040 |,



Deep learning for time series

)b,

Moderndeeplearningmethoddor time seriespredictiontasks(e.g.,forecastingyely onasingle

neuralnetworktrainedon a collectionof relatedtime series

History
C Eachtime seriess processethdependently. (0~ — ()
n —ﬂw—\k____g —
C Parameterareshared § O
. . D840 g oA - |Z
¢ Effectiveandsampleefficient. £3 ) -
= © ~ o _o N o—" —
¢ Spatial Dgpendenciesare neglected O AN,
\_ N

Ref: Benidisetal., i D e lee@rningfor Time SeriesForecastingTutorial andLiteratureS u r v AOMICS2022.

Predictions



Graph deep learning for time series & spatiotemporal

Wewill showgraphdeeplearning(GDL) providesappropriateperatorso go beyondthesdimitations

History Predictions

C Dependenciesareembeddedinto the
processingasinductivebiases. &

_ _ W N
C Operateonsetsof correlated time series .
S~ e o\ (8 U Wil
C Parameterareshared PPN o
-0 - b o

time '

C Thereareinherentchallengedn applyingthis processindo datafrom therealworld.

Ref: Cini,Mariscg Zambon,andAlippi, i Gr ®@eplLearningfor Time SerieskF o r e ¢ aACM CHURD025.



What this tutorial iIs about

This tutorial present@dvancesomingfrom the combinationof ~—o" oy
oo _ o D
1. deeplearningfor time seriesand ha N AN
- o e NV b
2. deeplearningongraphs

Theobjectiveof thetutorialis to provide:

1. acomprehensiveframework for graphbasedime seriesandspatiotemporgbprocessingnodels;
2. methodgo addresshallengeandpotentialpitfalls;
3. toolsandguidelinedor reatworld applicationsanddevelopinghew methods

This presentatioms complementetby a Handson-coding session in Python.
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Graphstructured Data
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A lot of realworld datadoesnotin | i ongid

Graphsarethe main modality of datawe receivefrom nature.

Social networks
Citation networks

IS

:country

US.A.
l\ v
N :university
‘ educated_at
Mikhail Baryshnikov ———— | Vaganova Academy

ballet_dancer a ﬁ/ﬁk 5»
wa’ded -award

HZN\[]/L

@ Vilcek prize
. p @ P
Communication networks Knowledge graphs
Multi-agent systems L9 L§’< . \/[A
® oo ® . jY vlk”/ﬁ( ¢
® ) i = 2 S TE TN L
. O . . E"F‘NLG‘N‘X Vﬁ?‘/\
v o, ® G o s Molecules
& < e
o ® © R it o e
] v ® . 3% -
@ ¢ e o = - L
O ) G fie ot ‘g 92 '1:"- 7
el N % G
o e T : 7 O e
Lt e RS - : i
Protein interaction e RPN~ : AN
netWOI'kS OT:J‘D:B- ‘ AMSTERDAM & 4

StandardCNN andRNN architecturedl o n

work onthisdata
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h
What Is a Graph? S

A Graphrepresenttherelations(edges)etweera collectionof entities(nodes)guantifiedusingweights
A Graph'@ohom)go 1T 1T A OA A C(lnbnodepairsito x A E CAEAOO T A EO@AQQ |

of agraphis asparsematrix with non-zeroelementglenotinggraphweights

W15 5 ( 0 0 )

1 / 3; : :

off Edges (or link) Y v

Q 2 0 O O

Weights :
C U U
2 Was O 0 0 0

3 \ J

Adjacency matrix of a symmetric weighted graph
Fig: Attributes of undirected weighted graph
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Dynamic Graphs S

A dynamic graph is a type of graph whose structure (nodes and edges) and/or associated properties (attrit
of nodes ) change over time.

"0 (chond) qY  {o o B}
. m o0 o0 E o0
: " | | "0 (whoh®) ‘
AP Az ; IR -
SpatieTemporal Graph : . .

_ _ _ h ContinuousTime Dynamid&raph
A Topology is fixed, but features DISETEE TS IDYIMEIS

change over time A Both topology and features change A Most general formulation

A (Usually) observed at regular over time A Each chang@ the graph is observed
intervals A However, graph is observed at individually with its timestamp
A Examples: Air pollution level regular intervals A ExamplesProteinprotein
A ExamplesCollaboration network interaction network

Referencehttps://geometricdeeplearning.com/



https://geometricdeeplearning.com/

Relational information (with attributes) D
Q Exploit functionaldependencieasaninductivebiasto improvethe forecasts M
Ve - . . . . . . . HWHH
A We canmodelpairwiserelationshipgxistingattime stept with W\g
adjacencymatrix Ay N {0, 1}NTN W\U
A At canbeasymmetricanddynamic (canvary with t). Ve N N
time :

A Optionaledge attributegg M a1 can be associated to each +zamo entry of= .

A The set of attributed edges is denoted by -
] Q0000

([ \of e un
. b {( oy )1 g o s

00000
A\
|

Y Edgeattributescanbebothcategoricalor numerical.

Y Traffic monitoring systemedgesin E canbe obtainecby consideringhe road network

Roadclosuresandtraffic diversionscan beaccountedor with a dynamidopology.



Typically static

[ time t t+T
) - Exogenous variables -------------- \
. Ui Upr
E o ! :
e
' 0
e
e
; ) mime —t+—1 t' —t+—+—1 tj.'LT.

h (& b= Ry contains the available informatiowr.t. time stepo.

Ref: Cini, Marisca,Zambon,andAlippi, i Gr @®eepLearningfor Time Seriesk 0 r e ¢ aACM COURD025.




Relational inductive biases for time series forecas&g

Forecastgan beconditionedon theavailablerelational

— Jo
information, D Goors ft-tJrH
| \
T~ S S \0__0/0—\0‘0 ,".‘Q ’o"""o
Xiryng =F (gt—l-"i--":taUt:t+H; 9) v§ €D O e 1
oo S\ b0 P--Tq .0
O s e ems,
.. L : W ‘.ﬁ' ° o
Theconditioningcan act as eegularizatiorto localize W L T e
predictionsw.r.t. eachnode "“Qo'
V\/r\t’ o’ &.yp_°

C Relationalpriorsprunespuriouscorrelations

time

C  More scalableghanstandardnultivariatemodels. t-w .t t+H

C Canforecastanysubsenf correlatedime series.
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A naive approach

A Takeadjacencynatrix A andfeaturematrix X

A Concatenatthem X;, =[A,X] Graph: G = (V, 5)

v/

A Feedtheminto deep(fully connectedheuralnet

hidden layer 1 hidden layer 2 hidden layer 3

A B C D E Feat
Al o1 110 1 0] v e
"“@’@ "l 10011 0o - 7D Weneedweightsharing!
Cl 1.0 0 1 0 0 1 =
° 0 i Possible Solution:
0 1 0 1 0 1 0 | ]
Deep Learninggngraphsor
GraphNeural Convolutiona) Networks
Problems: Modelwishlist:
A Hugenumberof parameters A Trainablein O(|€]) time

A Retrainif graphchanges A Applicableevenif theinputgraphchanges
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A Brief History of Graph Neural Nets

“Spatial methods” Relation Nets
P Mlc\)/ln(zll\é?;l Qantarn_at al ?uraphSAGE
VPR 2017 amilton et al.
Original GNN GG-NN = LA, Programs as Graphs [NIPS 2017)
(2005) (ICLR 2016) . NRI
Gilmer et al. G ipf et al
(ICML 2017) AT N '
Velickovié etal, ~ML-2018)
(ICLR 2018)
GCN
Kipf & Wellin .
(IIF()JLR 201'-,)9 “DL on graph explosion”

Other early work:

- Duvenaud et al. (NIPS 2015)

- Dai et al. (ICML 2016)

GSpiCté?\:N ChebNet ) _ -Niepertetal. (ICML 2016)
rap _| Defferrard et al. | Spectral methods _ Battaglia et al. (NIPS 2016)
Bruna et al. NIPS 2016 - Atwood & Towsley (NIPS 2016)
ICLR 2015 ( )
( ) - Sukhbaatar et al. (NIPS 2016)

(slide inspired by Alexander Gaunt’s talk on GNNs)

fh )
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Graph Neural Networks (GNNS)

Notation: G = (A, X)
- Adjacency matrix A c RN*N
. Feature matrix X € RYV*¥

Hidden layer

\ 4

gD — ( AH(l)w(l))

Hidden layer

Main Idea:Pasanessagedetweerpairsof nodesandagglomerate

RelLU
_> é —»
(")

AlternativelnterpretationPasanessage®etweemodedo refinenode(andpossiblyedgeyepresentations

v/



Neural message passing in GNNs

fh )

S

A GNNs utilize neuralmessageassingnetworkto exchangeénformationamongsineighboringnodesand

influenceeacho t h apdabesembeddingssfollows:

I.  For eachnodein the graph,all the

neighboring node embeddings

(messaggsaregathered

ii.  All messageareaggregatedia an
aggregatdéunction (like sum)

iii. All pooled messagesare passed
throughan updatefunction, usually

alearnedneuralnetwork

Layer N Layer N + 1

// \ |

+ O
e J— v oF o D
Aggregate information Transform Update graph with

from adjacent nodes function new information

Fig: Updating the highlighted node embedding using adjacent nodes
through neural massage passing network.



h
Classification and Link Prediction with GNNSs b

Input: Feature matrix X &€ RYXE preprocessed adjacency matrix A
Hidden layer Hidden layer Node classification:
A\ A\ softmax(zy )
| \ o ° | \ o ¢ e.g. Kipf & Welling (ICLR 2017)
Input ® o . . Output
o A\ A ( & | Graph classification:
. . -4 ReLlU | eo— ¢ ReLU X
S e D o S DR el ey T I S s softmax(zn Zn)
[ ] v ® Y il & 'Y 0_() ®
L ) v . " e.g. Duvenaud et al. (NIPS 2015)
X — HO o s 7 — gWN)
« L « /[ Link prediction:
@ a o @ a ) o 8 — T .
Y p(Ay) = 0(alz;)

Kipf & Welling (NIPS BDL 2016)
gD — 4 <AH(l)W(l)) “Graph Auto-Encoders”
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Graph Convolutional Networks (GCNSs) S

Considetthis Calculateupdate
undirectedyraph: for nodein red: Desirable properties:

* Weight sharing over all locations

O O O\ ‘/O * Invariance to permutations

O O O  Linear complexity O(E)

» Applicable both in transductive
O O and inductive settings

Update - nei indi
I’uFl)e' h§l+1) _ s h(l)W(l) n Z h(Z)W(Z) N; : neighborindices
' Cij : norm.constant

jEN; (peredge)

Note:We couldalsochoosesimpleror moregenerafunctionsovertheneighborhood

Ref: Kipf & Welling, iSemisupervised classification with graph convolutional networksl,.R 2017
Duvenaug Davi d K. | et al . AConvol utional net works on graphs for
Li et al . nNnGated Graph Sequence Neur al Net wor ks o, | CLR 2016.
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Spatiotemporal Graph Neural Networks

We call spatiotemporafiraphneuralnetworks(STGNNs)a neuralnetworkexploiting bothtemporaland

spatialrelationsof theinput spatiotempordime series.

History Predictions

_b. - -
-rf b- = »
W ., O . _,*0
W o o o
- \ﬁ
M — O‘,’f'h",‘ O o

]
0
i
4
[ ]
'0"
o

time

We focuson modelsbhasedn messag@assing MP).

)b,



A general recipe for building STGNNSs

We consider STGNNSs consistird threemain components

History Predictions
‘O—O’ﬂ—o (CSTVP }|+(DEC }— o-* _®...0 @
W 'DJ’ h-’--.q'.r D

0‘-"“ ', % I""\_

W g @ o
-r-\- "D"""-

v a_o Vv b ANy b
s o e STP }+DEC }— o -yl

time

AENC(-)is theencodinglayer,e.g.,implementedby anMLP.
ASTMP(- ) is astackof spatiotemporal messagepassing(STMP) layers.
ADEC(- ) is thereadout layer,e.g.,implementedy an MLP.

Ref: Yu et al. fiSpatietemporal graph convolutional networks: a deep learning framework for traffic forecasii@Gé.l, 2018

)b,



A closer look at STGNNSs

Representatiorareupdatedasfollows.

h:® = ENCODER (mi_l,u;‘i_l,v"") ,_

H't! = STMP! (H;_l,sg_l), [=0,...,[ —1

&¢.;y g — DECODER (hi‘f‘l,ui:HH) .

AENC(- ) processachobservatiorindependently
ASTMP(- ) is wherepropagatiorthroughtime andspace happens.

ADEC(- ) mapseachrepresentatioto predictions

fh )
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Spatiotemporal Messagtassing (STMP) S

STMPblockscanbedefinedas:

il+1 I il Ly il 49,0 _ji

h,' ™ = Up (h_{f, AGGR {MSG (hﬁ,h{t,eﬁ)})
= JEN(i) - -

Eachblock processesequencesvhile accountingor relational dependencies

As in standardVIP operators:

AMSG( - ) is amessagdunction e.g.,implementedy temporalconvolutionalayers
AAGGR{ -} is apermutatiorinvariantaggregatiorfunction
AUP( -) is anupdatefunction, e.g.,implementedy an RNN.

I Blockscanbeimplementedy composingVIP andsequencenodelingoperators.
Y Many possibledesignsexist Most popular is:

x Time-and-Space(T&S): Temporalandspatialprocessingannotbe factorizedin two separate steps.

Ref: Gilmer et al.fiNeural message passing for quantum chendst§ML 2017



h
Time-andSpace (T&S) D

In T&S models representationat everynodeandtime stepareobtainedoy jointly propagating
representatiothrough time andpace.

HT! = sTMP! (H;t_l,ggt_l)

Severabptionsexist

AlIntegrateMP into neuraloperatorgor sequentiatiata.
I Graphrecurrentarchitecturesspatiotemporatonvolutions spatiotemporahttention,...

AUsesequencenoldingoperatorgo compute messages.
I Temporalgraphconvolutions spatiotemporatrossattention,...

AProductgraphrepresentations (omitted hérsee [*])

*Sabbaget al .-t,i me&raprmvol uti onal neur al net works: Architecture and



Example 1: From Recurrent Neural Networks...

Consider sstandard GRU cell

GRU Equations s il 5

; o : o
Q =0 (@r [“’2 |hiy|+ ) b e 5 v 5 i L
9 uZ =0 (@u [.’1:: | hi_l] + bu) Reset Gate Update Gate ) . (output)

. I . ‘ u; O hy_
0 ¢; = tanh (@C [.’Bz | r;® h;—l] 4+ bc) g t t—1

. : Sy _ o ui i
(4] h2=<1—u§)®c§+u§®h§_1 t" ¢ E—ut

e o : sigmoid activation

e tanh : hyperbolic tangent

[a| b] : concatenation

e ( : element-wise multiplication

e O,,0,,0,: trainable weight matrices
®

L b,, b,, b, : biases J % W
Brief details =

e Candidate state: proposes new information using current
input and filtered past.

il?; >

\
e i v i
C
Candidate State ¢ = ht
(current
(current tanh hidden state)

input) ‘r

o Reset gate: controls how much past information is used.

€© Update gate: controls how much old memory is retained. (4 .H:dder; state: blends old memory and new candidate
information.

A J

Time series are processedependentlyor each node or assangle multivariatdime series.

Ref. Chungetal., i E mp i avaluatianbf gatedrecurrentneuralnetworkson sequenceno d e | 2D14.G-ig: Al generated)



#
...to Graph Convolutional RNNs

We canobtaina T&S modelby implementingthe gatesof the GRU with MP blocks:

v/

l - Thelinput o, LyerTiat fimelt |5 the GCRNN Cell Architecture (layer L, time t)
0 VA o = H ¢ 4 hidden state from the previous layer ( E

0 _r shainadafeatures). | |0 et il 2 rpecsmeccce-- '
(usually H; = X,, the node features). Hi_ i : Bt
(prev. hidden state) ! M Pl ¢ o
! ! ! . Reset gate. Controls how much of the | [ ;P) (resttgatd)
o Rt =0 (MPT ([Zt || Ht—l]’gt)) previous hidden state to use when 1

computing the candidate state.

I . . . Update gate. Controls how much of
@ Ot =0 (MPO ( [Zt ” Ht—l] R £t> ) the previous hidden state to keep in

the current state.

l
H,
(new hidden state)

Candidate state. The reset gate filters

g o
e C: = tanh (Mpi ( [Ztl ” (R: @Hi_l] 7&)) the previous hidden state before Y -
message passing. v MPé v e tanh o
" (candidate MP) [T (candidate) X
1 I

! ! . . . New hidden state. A gated combination : !
o Ht = Ot © Ht-l s (1 = Ot) © Ct of the previous state and the candidate A e i & .

state.

A By replacing the linear transformations in a standard GRU with graph message passing operations, the
can capture both temporal dynamics and spatial dependencies on graphs.

A These T&S models are knowas graph convolutional recurrent neural netw@@&SRNNS).

Ref: Secetal., i St r u sequanceaodelingwith graphconvolutionalrecurrentin e t w olCGN&#@Q018.



#
Example 2: Spatiotemporal Convolutional Networl%

Spatiotemporatonvolutionalnetworks(STCNSs)insteadalternate spatial and temporal convolutions

1. Computeintermediataepresentationy usinga temporalconvolutionallayer:
il - I (4.i0—1 -
zZ, w. = TCN (ht—w:t) Vi

whereTCN' indicatesatemporalconvolutionalayer.

2. Computetheupdatedepresentatioat eachtime stepby usinga graphconvolution

H! — MP' (Z{Z,&;) Vi



Spatiotemporal Convolutional Networks

C Thefirst exampleof sucharchitectures the STGCNby Yu etal.

C Themodelis obtainedoy stackingSTMP
blocksconsisting of

Aa (gated) temporaonvolution;
Aa polynomialgraphconvolution;

Aasecondgated)temporalconvolution.

(Ve ..

Vi)

ST-Conv Block

-

/4

ST-Conv Block

Output Layer

v

A

v

fh )
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l :
Temporal
Gated-Conv, C=64
Spatial

Graph-Conv, C=16

l

Temporal
Gated-Conv, C=64

ST-Conv Block

1-D
Conv

GLU

Temporal

Gated-Conv

\/
vl+1

Ref: Yuetal., iSpatiectemporalgraphconvolutionalnetworks:a deegdearningframeworkfor trafficf o r e ¢ dJCAI 201§ O ,



Example 3: Temporal Graph Convolution S

A moreintegratecapproachnsteadconsistof implementinga temporalpropagatiormechanismn the
messagéunction.

Forexamplewe candesignSTMPlayerss.t.

L = TONG (RSS2 Agsm {TONG (RiSSE RS el ) })

Analogouanodelscanbebuilt with anysequencenodelingarchitecture
Y Example: manyrely on attentionbasedperatorgRef).

Ref: Mariscaetal., i L e a rorRecongtrucMissing Datafrom SpatiotemporaGraphswith SparséD b s e r v aNeurlRS20820
Wuetal.,n Tr a v e Umsfygnty $paceandTimein MessagdlassingorTr af f i ¢ FIOINLSR202Z t | ng o,



The Scalabllity Feature

Graph-basedprocessingallowsusto

C learnasingleinductive(global) model...
C ...while conditioningon relatedtime series
In asparsefashion.

C Thecostof thisoperationreducegrom
O(N?)toO(L )

Spatidemporaldataspani asthename
suggestéwo dimensions

Athespatialdimensiori thenumberof
time series.

Athetime dimensiori thenumberof time
stepypertime series.
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Computational complexity of STGNNs

W: lengthof time series- N: numberof nodes- | [|: numberof edges:- L: numberof MP layers

Thecomputational complexitgf T&S modelsis givenby:

A nodewisetemporalprocessing O(WN)

Y O(W(N+LL D)
A L MP layersfor eachtime stepi O(WL| |)

C The key point is that using graph message passing avoids fully connecting all nodes.

C STGNNs become much more efficient than dense spatiotemporal models.
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Other Applications of STGNNs
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& Missing data point

Ref: Jin, Ming, et al.
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Air Quality: A Global Concern

WORLD'S
MOST POLLUTED
CITIES TODAY

Three Indian cities are among the ten cities with the
worst air quality according to IQAIr real-time data

Air Quality Index (AQI)
T Y A

Worst in
the world

ore, Pakistan
Chengdu, China [FEE
Hanoi, Vietnam }_

Bishkek, Kyrgyzstan
Chongqing, China
Mumbai, India m
Dhaka, Bangladesh [EEET

Tehran, Iran

Kolkata, India FE7 1
Beijing, China m

Hangzhou, China [EEEN

Kuwait City, Kuwait m

Wroclaw, Poland [EEZT

Sarajevo, Bosnia Herzegovina [EEEL
Karachi, Pakistan

Wuhan, China m

Tel Aviv-Yafo, Israel [EE[I

AQl scale

Poznan, Poland [FEZI 050 Good

51-100  Moderate

Krakow, Poland m
Zagreb, Croatia [FEEN
Skopje, North Macedonia 7

Budapest, Hungary W

101-150 Unhealthy for Sensitive Groups
151-200 _ Unhealthy

201-300 Very Unhealthy
301-500+ Hazardous

A Emissionof particulatematter and harmful gasesin the air
from industrializationdegradesair quality levels leading to

harmfulhealthhazards

A WHO has set National Ambient Air Quality Standards
(NAAQS) for major air pollutantsto protectthe public health

andenvironment

A Despite several efforts, Delhi (Capital of India) remains

the mostpollutedcapitalcity in theworld asof early2024



Air Quality Data of Delhi

A In efforts to monitor and reducethe air pollution levels, the Central
Pollution Control Board (CPCB) in Delhi hasinstalled a network of

forty groundbasedsensoratdifferentstrategidocations

A The sensorscollect near reattime (hourly) dataon the concentration

levelsof majorair pollutants,e.g., PM,, PM, ¢, NO.,.

A This timely information empowersthe pollution control management
system, facilitating informed decisionmaking to reduce pollution

levels

28.9
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#
Delhi Air Quality Data Characteristics D

Daily pollutantconcentrationevelsof PM, s, PM,, NO, were obtainedfrom 40 grounabasedsensorsof
De | ICPGBduringlstJanuany2019till 315t Decembef023

PM, 5 PMj, NO,
O stations O stations O stations
_ e 800 .
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. i ? o 300 \ V5 ‘ SE I 400 J / 150
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N ) .

Fig: Evolution of Pollution Concentration recorded in Delhi during 202022*.

V Nonlinear V Nonstationary V Longterm V Seasonality |V Extreme
dependency events

*NAAQS Thresholds for PMgis 60eg/d , PM,,is 100eg/a , and NQ is 80eg/a  (eg/d - micrograms per cubic meter air)



h
Extreme Value Theory S

A In classical statistics: focus on average behavior of stochastic pf@eggsal Limit Theorem)
A In extreme value theory: focus on extreme and rare e(féistserTippett Theorem)

A Block Maxima Method

0 | A@mBhd)}

U follows a Generalized Extreme Value distributi

A Peaks over Threshold (PoT)

g
WW W ] \% n. “ J m M ok i

|l [ ]|| w I UHWW’M ”"Wl, w

{w tT"w z

Pollution Concentration

very large thresholg follow a Generalized Pareto

Time

distribution (GPD) Fig: POT method on P level in Alipur, Delhi



h
Extreme Values in AQI Data D

Delhi sensor location

PM, ; level in Alipur, Delhi GPD Fitting
28.9
R S\ — GPD Fit
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Fig: PoT analysis of PWL concentration level recorded daily during 2012022 at Alipur, Delhi

A In Delhi, theair pollution level increasesvith the onsetof winter dueto the land-lockedgeographicalocation

andlow temperatureestrictingthe dispersiorof the pollutants(Extrememeasurementarise)

A How can we accurately forecast AQIs for Delhi in the presence of extremes?



th
E-STGCN Framework D
A Input: Pollutant concentrations acrdssensors at timestanigp=, {G B O }v 5 N 0 B

A Output: B p steps ahead forecast B ht
A Procedure:

ph8 i
based oniYhistorical observations.

0 Design a spatiotemporal graph with nodes (sensor locations) and edges (interconnections).

o The input can be represented a$: |, : ,, €:r}with : ={== (0} being the graph at timéand

oN A being the static adjacency matrix.

o Computed [& |  using theneighted Haversine distanas

4 | N B O Y A
Q CcYOET| |OE : AI(%)AI%BOEI_C_

’ Q
L &) A@(E)Q—)ﬁwhe"gm *ﬁ&@({)—) i

J

where%o, _ is the latitude, longitude of sens@with,, [ controlling the sparsity d¥, and
‘Yrepresents Earth's radius.




h
E-STGCN: Spatial Module D

o Encode the structural and featdrased aspects of the graph using GGNkRyers) through neural

message passing mechanism for nGale follows:

o o
of c&)(m()B"l L o )I’TQ o8 i
s
o Generate the spatiotemporal embedding based

& $AT(c’nE\)



h
E-STGCN: Temporal Module D

o Provide the spatiotemporal embeddihg {oo B hd }to theTemporal Block: LSTM layers and a

Dense layeto generate the desired forecasts.

o The mathematical formulation of the chdilke architecture in LSTM with input gates}, forget gate{ 4, and
output gate %) can be expressed as:
e 2A(ym 6 )F 2A,(Yny 6 )N
Eqy OA(EM 6 )N (648 A § &3 E9N
‘B 2A, (Y 6 )Eq (BS OA(AR)h

wherer}, is the concatenation matrix withlagged values &% and previous hidden stae; , the new
memoryd - at timedis used to update the cell st&e(long term memory) and hidden state (short term
memory).

o Based on the computed valuesAytinds - therj-stepsahead forecast &%, is computed as:

(G A4 MBRG,} 2A(¥E, 6 )
where'Yando represents the recurrent weights matrix and the bias vector to be optimized baseu@uotte] loss
function



E-STGCN: EVT Module

o EVT module performs PoT approach on the pollutant data.

0 Hence, the conditional GPD for tf@ monitoring station at timeis:
(

. ¥
A 5
P (p |—> h , T
6[(0 T 0w ® T] 3

0 A@(D?)ﬁ T
\

where, N A isthe shape parameter and Tt is the scale parameter.
o0 The POTL loss function is the deviancenegative loglikelihoodloss from GPD

o

s comiu) (o 2ol

for location"Gor one data point.Lower NLL = Better Model Fit
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h
E-STGCN: Optimization S

o Optimize the network using the following loss function (based oddkeelosand thePoT-based logs

; ; MSE(Z;_,_C}, Z;+q) Zj""‘]
LOSS(ZH-cp ZI‘+¢;) ; A ;
MSE Zr+yj r+;: .POTL :‘+} Zf"—f}
Hyperparameters

(cross validation)

o Following PINN, the final loss function of the LSTM network is formulated as a combination of the data
loss and th&OT-based loss function whenever the predicted values exceed the NAAQS thiieshold

o Since the loss function is differentiable almost everywhere, we employ the backpropagation approach t
train the corresponding weights.

o The modified loss function employed for handling the temporal dependency iIlRRGEN framework
Integrates prior distributional knowledge to the predictions in case of threshold exceedances.



Statistical Significance

e
@™
E

Mean Rank (CRPS)*

NI L L

[ E—STGCNZ.??]'
NBeats 5.14
ARIMAS5.45 |
GSTAR7.14 |

LSTM 7.86 |
GpGp-7.91 -
STGCNS8.00
DeepAR 8.27 |
STARMAS8.73 -
STNN9.14 -
TCN-11.18

Modified STGCN5.32 7
Transformers7.86 7
DeepKriging 9.95 -

Fig: MCB test comparing the performance eSEGCN withspatiotemporaand
temporalmodels for PM c forecasting based on CRPS metric

*Continuous Ranked Probability Score (CRPS): Gneiting, T., & Raftery, A. E. (2007). Strictly proper scoring rules, preaittion
estimationJournal of the American Statistical Associatid62(477), 3598B78.
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Uncertainty Quantification S

A Goingbeyond point forecasiy providing valid prediction intervals for individual forecasts.

A E-STGCN leverages the distributidree Conformal PredictionfCP)technique for estimating

uncertainty in predictions.

A In CP methodgonformal score"Y is calculated based on the absolute residuals standardized with the
conditional absolute deviation (uncertainty model)
& @]
W

A The CP interval for predictioéd at time ste@can be computed using thenformal quantileé, as: nal

E(®) [®@ v o @]

*Xu, Chen, and Yao Xie. "Conformal prediction interval for dynamic tsedes."ICML 2021.



Pollution Concentration
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DEEP GENERATIVE SPATIOTEMPORAL ENGRESSION FOR
PROBABILISTIC FORECASTING OF EPIDEMICS
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Motivation: Epidemic Challenge

v/

A Accurateforecastingpf epidemicss necessarjor:

- Timely deploymenbf controlmeasures
- Allocation of medicalresources
- Formulationof interventionstrategies

A Pointforecastdiavecertainlimitations

A Uncertainty quantification: Probabilistic forecastsquantify uncertainty, which is critical for risk
assessmem@ndmanagingextremeoutbreakevents



Motivation: Probabilistic Forecasting

Point forecasts

A single value per lead time

20

~»— phservitions

= =« port forecosts

— fuantia krecasts (-0 )
|

12 18
1

power [GW]
a8

0.0 04

> conditional expectaction
> quantile forecasts

Probabilistic forecasts

A range of potential outcomes
with a given probability

pow’ |GW]
o A\

> prediction intervals
> density forecasts

Ref : Pi erre Pi

nsonos

Talk (2026) :

A The field of forecasting has evolved tremendously over th@lagtars.

Alternative plausible
realizations

C 04 0B 12

> statistical scenarios
> ensemble forecasts

Can We Predict t

h e
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Probabilistic Forecasting in ST Paradigm S

A Many probabilistic forecasting models are available in the literature, but for temporal
domains

A Someof themrely on specific distributionalassumptionge.g., DeepAR’); while someare
basedn diffusion or normalizingflow processes

A Forthespatiotemporatlomain,theliteraturefor probabilisticforecastings largelyfocusedon
climateandenergysector

A In contrastepidemicdatasetsregenerallylow-volumeandhavelow granularity

A Moreover, the existing methods (e.g., GpGp DiffSTG, STESN) are extremely time-
consumingespeciallyduringinference

*Salinas D,FlunkertV, Gasthaus Jlanuschowskl. DeepAR Probabilistic forecasting with autoregressive recurrent networks. [JF 2020.



Engression: The Concept

A Engressionis a generativedeep distributional .
regressionframework introducedby Shenand =
Meinshausel(2025. :j

A Goal: Estimatethe full conditionaldistribution
0 G G rather than just the conditional g
mean -

A Pre-additive Noise Model (pre-ANM) : Unlike =
standardregressioro A S, engression
addsnoisebeforethe nonlineartransformation )

w do §) e

20

A Engressiommodelis extrapolative

dataset = dino

dataset = away
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dataset = h_lines

dataset = x_shap dataset = sta dataset = high_lines
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S } . .
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Ref. Shen XMeinshausem. Engression: extrapolation through the lens of distributional regression-Si&tfeS B, 2025
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Epidemic Forecasting: Problem Formulation D

A We modelthe spatiotemporaflatasefsathird-ordertensorn v s

Trajectory

U Y Temporaldimension(time steps)
U 0: Spatialdimension(nodes/regions)
U O Featuradimension(variables)

A The training datasef G ¢dMm ¢ )hn o0 “Y n,is constructedby
takingsequentiabverlappingslicesfrom the original multivariatetime series

Input sequence Target sequence
N q N g

: ‘ | N The Goal

