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I Spatio-Temporal forecasting(STF)

ParN.C

extends traditional time series forecasting or spatial
interpolation problem to space and time dimensions.

Statistical:

Al: Dataset

Physical: | Dataset

Math function
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GWR, ST-kriging

nonlinear high-
level features

lack of interpretability

Imperfect model
structure
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I Challenges ParNE[:

® high cost of data acquisition

ocean data:

* need trained scientists

e cost limits the total number of sensors

* increasing costs does not necessarily mean
improved model predictions

2

where and when to query -
the data within constraints

AL
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I Challenges ParNE[:

— how data is generated

® infer the underlying causes —

l —— how data is propagated

homogeneity and heterogeneity

Y § Y

driven by the physical laws impacted by the spatial
and temporal regions
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IContributions PHI‘N E

* propose an active learning algorithm for spatial-temporal
dynamical systems.

* propose ST-PCNN, which captures heterogeneity from all
spatial locations.

* propose embedding a physics learning module to learn the
inherited homogeneity.

* conduct extensive experiments and comparative studies on
both synthetic and real-world datasets.
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Procedure PapNE[:

while Termination Conditions NOT satisfied do
Learn Physics: [A] « learn the physics, i.e. coefficients A of ‘ GP

PDE, from the existing training data I by minimizing Eq. (32):
ST-PCNN Training;: train the ST-PCNN with the learned ‘
Pos + LSTM

physics A from training data D, see Algorithm 2;

Prediction: [S ] « make prediction at all locations in the

network, Vx € Q;
Krlgmg ﬂzriging

with the largest estimated errors for next active learning step;
‘ Kriging(GPR)

Data Query: obtain consecutive observations of window size

T,, from the newly selected locations

Dkriging ={(x,1,S)|x € ﬂzriging’r eT,,S e R};

« use Kriging to identify n query locations

_Update Dataset: add Dg, iging to the existing training data D;

end




Framework

oo —+
® — Training Dataset D

Kriging

(Section 3.3)

R

—— Update Dataset
T]Dkriging

n LN VVaVAVY
Qrem% Dtemp ={(x,t,5)|x € Oy, t €T, SER}

Learn Physics
(Section 3.4)
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ParN.C

~ 1

: Prediction S Backward() :

[ 2 ) 1 '
ST-PCNN o0 == ”S(t,:) _ g(t,;)“

(Section 3.2 & 3.5) @ - 1n 1
4 +- st — s
?n‘ging
® [

{(x,t +1,9)]x € QS ER}

Not-selected/Unobserved locations !
® Randomly selected locations at active step 1|

Data Query <

]D)kriging ={(xt9xe Q;clriging'

Estimation / Prediction

_________________________________________

1

i

' @ Kriging locations at active step >1 !

' @ Observed locations for loss calculation !
teT,,SER]} i |
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ST-PCNN ParN.C

/Location: (i,j)w Static data _ o - $(t+1,i,j) \
— pan 2 g —re
DN o & 5 SO
o namics _ R DA
N y(tif) = 5 rt1id) NN
SRS StHb = 2 L7 NN
Lateral Info 2 5
- p(tij) R ©
SED: N
\ Location-wise Predictiov
N\ Lateral Info
. @ Dynamics l
'@ Coupling layer!
N o Pl w

bi-network architecture:

» forecasting network (FN): produces heterogeneous prediction
leveraging its own specific local attributes only

e physics network (PN): generates homogeneous solution of the
dynamics regularized by the overall underlain governing physics

produce the final prediction by synthesizing heterogeneous prediction

and homogeneous prediction

S[.Hl,i,j} _ REIH([S;{IZH’EJ},S;EZH’!"}}]WE "‘bc)

—
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FN ParN.C

S Eq(l _

[ Location: (U)*{} Static data__ w | SUFLLY )
i % — p{!ur) ) g-. E‘i he S
SN Dynamics 3 5 NN
WO ah = - PR
SRR Sttt = = SRR

| Lateral Info @ =
— pltig) B =
|I |5(*IJ}: AV Ve War.s
NG Location-wise Prediction /

Static data: representing node location
Dynamics: representing dynamics of node
(temperature, conductivity and velocity)

Lateral info: capturing interaction between each
node and its neighbors

Predicted dynamics
Additional lateral information

—
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FN ParN.C

Location: (L,;]—-—E% Static data . o, . Sﬂ{tﬂ.;.j] \
— LT @ he
) : o [ p(IJ} % :&'\ @\\b\
NN . 2
- -
NN Dyt(ltﬂin’ll;cs . 2 =1 Q&q
N s 2 2 NN
| Lateral Info 2 =
- pleij) = S
S(I'j}: AVAF AWV
Location-wise Prediction
N !

FN encodes each view using a fusion layer

¥

features are then fed into an LSTM to model the node-specific
interactions

¥

An output layer is stacked to transform the LSTM output into the
expected dynamic prediction and additional lateral information

—
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I N ParN.C

(i) ._ [ sin(wg, i), sin(wg, j)  if i, j = 2k op = —L __ keN ra
P ' { cos(wy, i), cos(wy, j) if i,j=2k+1 k™ T0000%F7@> * = T<[4]

Positional Encoding

Position and order of words define the grammar and actual
semantics of a sentence.

Why?
Transformer ditched the recurrence mechanism, word order
information is lost can’t figure out how
assign a number within the [0, 1] range in which  many words are present
0 means the first word and 1 is the last within a specific range
How? values get quite large;
assign a number to each time-step linearly model may face sentences
longer than the ones in training
(4) : i .t), if1=2k 1
= f(H) = ol 1), i3 Wk = okd
cos(wg.t), ifi=2k+1 100002*/

—
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output a unique encoding for each time-step (word'’s
position in a sentence)

] Siﬂ((&)l. t) 1 100
COS(WI. t) Ia?s
SiIl((.dg . t) 0.25
COS(w2. t) 0.00

sin(wg/z- t)

_cos(wd/z. t)_ st
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IFN ParN.C

allows the model to attend relative positions effortlessly

. [sin(wk.t)] B [sin(wk. (t+¢>))]

cos(wi.t) | | cos(wp. (t + @))

[ul 1,:1] | [sin(wk.t)] B lsin(wk.(wqﬁ))]

Us V9 cos(wy. t) B cos(we. (t + @))

Mqﬁ’k — [

cos(wy. @) sin(wy. @) ]

— sin(wg. ¢) cos(wg. @)




BIGRAlISHETBHAE

PAttern Recognition and NEural Computing

e Par,C
fit GP model ‘ get coefficients of PDE ‘ homogeneous prediction

prior: ¥y~ N(V.C)

estimation: y* ~ N(V*,C*)

o= e

conditional predictive distribution: Py |V, ¢.04.V.y) = N(y"|p. T)

joint distribution:

*E

C+cer *‘)

p=E[y'IV'g05V.yl =V +C (C+oyD)  (y-V)

T =cool[y* |V, ¢, 04, V,y] =C** —C*T(C+J§D_IC* +cr§,I
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IPN ParN.C

Estimating the PDE coefficients requires derivatives of the state
variable (fitted by a GP model) with respect to independent variables.

for constant mean GP, the first order derivative:

) P . _ _
P(Ugply. ) = N(p. Zgp) f= EU*E[y*IV*:fﬁ, oy, V.yl =C*T(C+G§I) Hy-V)
9. ;
$p = C* = C* (C+o2D)7IC
g , 0 . 9 o .. & .
cov(y, 77 ¥ ) = 5 k(v, v") mﬂ(aﬂ_y, Y ) = peew k(v,07)
| | J J 7%
the second-derivative:
ior = 2 Ely*|V*, ¢,00.V,y] = C* (C+ 2D L (y - V)
ygp—aﬂ*z Yy » ¥ Yy Y| = y Yy
J
9 &
coo(y, Fy*) =0 k(v,0")
J J

—
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IPN ParN.C

the residual error in the PDE at an observed point is given by:

E=f(m,---,ﬂm,y,i

9 ) 9° 9
g@{_y . g J Y

o0, "aom’aalaul"”’az;laum"”*}

minimizing the sum of square of residual error (SSRE)

Vo,yeD
op (2 dy Py Py \ ’
ov1. vy Ovidvy 010,

—
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I Kriging Sampling for Active Learning PEFNEE

least confidence
first

based on informativeness margin sampling
AL entropy

based on representativeness Density
Y(x) ~ GP(p(x), k(x,x")) Advantages:

Nonparametric

obtain model's uncertainty directly
fit for nonlinear data

) \ Disdvantages:

§(x*) = E{(4(x*) - ¥ (x¥))?} need to calculate inverse matrix of
all training data points

j(x*) = p(x*) +eTC Ny - p)

mean squared error (MSE) of this prediction:

2(x) =% (x*)=-clcle
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EXPERIMENTS ParN.C

* Reflected Wave Simulation Data
e Gulf of Mexico (GoM) Loop Current Data

28°N ———— | ‘ Ablation study:
1000m~ .
Wes Florida Random sampling
= helff = Without physics learning
| k9 All data available
26°N |- EEZ e MEIRT , e M:\‘ :ﬁ\‘/ -
s PIES [ April 2009
'=__U:8. Tall Moorings “} November 2011
U.S. Short Moorings :
- » Campeche Bank =
Moorings
. Yucatan Channel i N
Moorings i, -
249N | l | I | |

90°W 88°W 86°W 84°W 82°W
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EXPERIMENTS ParN.C

Kriging VS Ramdom sampling on Reflected Wave 0.5 Kriging VS Ramdom sampling on GoM Loop Current
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Figure 6: Explore Kriging and Random sampling effect on
the performance of ST-PCNN on unseen data.




BIGRAIS T BHAE

PAttern Recognition and NEuwral Computing

EXPERIMENTS ParN.C

K::iginlg Vs Rlandnnl'n withlPN cqup]edlnn Relﬂectecll Wave

0.3 —®— Kriging with PN 10% |
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Active Learning Step

Figure 7: Explore Kriging and random sampling effect on
performance of ST-PCNN on unseen data (the effect on GoM
Loop Current refers to| Figures 6 and 8).

—
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EXPERIMENTS ParNE[:

. Kriging wilthfwitlgout PN coupled on Reflected Wave Kriging with{witholut PN couplgd on (IioM Loop (Ilurrent
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= Kriging without PN 10% = \_\ \_ Eﬂg}ng W}:ll:clu: EE ;82?
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Figure 8: Explore physics effect on performance of ST-PCNN (with Kriging) on unseen data.




