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Dynamic Time-Lag Regression, DTLR, is a novel method for
mocleling the temPoral clepenclencg between two spatio~tempora|
Phenomena where one is caused bg the other with

a non~5tationar9 time clelag.
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There exists signiﬁcant cliscrepancy between the backgrouncl solar wind
obsc—:rvecl near the E‘arth's orbit and that Preclicgtecl bg the current
space weather Precliction model, WSA-Enlil and there has been ongoing,

eHorts to imProve the Precliction accuracy.

We introduced DTLR as an atteml:)t to iml:)rove the

solar wind Precliction in the context of space weather forecast.
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PROBLEM DEFINITION

To forecast solar wind slgeecl at L1 from solar & hclioslgheric observations

a Complex regression Problem
because
o bac”g conditioned inl:)ut~outl:>ut Problem — large dimension of inl:)ut signal
(cl =512 MPZ:x #channels —> scaled outl:)ut solar wind speecb — dilution
of the “cause” in the inl:)ut signal due to bad SNR.

e stochastic non-constant time lag - TanpC | to 5 clags:
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DYNAMIC TIME-LAG REGRESSION

Two time series:

_ the cause series x (1) x(t) € x C RY]

- the observed effect series y(t) [a scalar]
to establish a connection between x(t) and y(t), we seck a mapping
F() that maps x(®) to y(t) and
g(.) that determines the time delay between x(£) and y ()
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DYNAMIC TIME-LAG REGRESSION

Deterministic formulation of the Problem

y(o(t)) = fx(t)]
o(t) =t + g[x(t)]

whcre,fzxé R: and g : y — R™;

x(t) € R%,d > 1, input data containingthe hidden cause

y(t), scalar, the effect

d(t), the time~|ag between cause and effect
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DYNAMIC TIME-LAG REGRESSION

the time Iag, glx )]
- is non-stationary since it clepencl on x(t)

- is unknown (not explicitly recorded in the training data)
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DYNAMIC TIME-LAG REGRESSION

the cause and effect series

samplecl at constant rates,
X & y; (¢ € N)

maPPing g maps x; onto
finite set T of Possible time-
lags

o= { Al TR |

Possible effects y;

Cause xy~ -~

/ -~
|, "~

t
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DYNAMIC TIME-LAG REGRESSION

Bagsian combination of experts:
= x| — W bl -, ) N, O
{716{071}7i€T}
wherc-;
o(7T) . the cliagonal matrix of variance Parameters of each time—-lag €T

D(TL, oory T |X) s thejoint Probabilitg measure of timc~|aggecl etfects caused l:)g X.
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DYNAMIC TIME-LAG REGRESSION

DTLR solution is obtained as a Probabilitg distribution conditioned
on cause x, mixture of Gaussianscentered on the Preclictors y(x),

where the mixture weights are defined from p(x)
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DYNAMIC TIME-LAG REGRESSION

simplifuing assumptions:
pPHTYing %

— the stochastic time lag 's modeled as binarg latent variables:

- 7; = 1 indicates it x, drives Ygs

- every cause has a single eHect: Z 1
1 €T

— the variance of Prec]ictor U does not clel:)encl on X:

e’ = o LAt

1 + aT; default variance: o2
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DYNAMIC TIME-LAG REGRESSION

o Leaming Creterion: The loss function is the

L og Likelihood of the data (x. 3) e
e The Preclictors) Lx,y|¥,D,0,q
y(x) = {yi(x), 1 € T}
e The Probabilit9 weights,
p(x) = {bi(x),1 € T}

iz o& (O are oPtimizecl N an outer looP based

Model Parameters:

e | ecarnin g strateggz

V& D are modeled using couplecl neural nets

on saddle Point equations

S oL - _OC 0L DERal
0y(x)? Op(x)? Oo? Oox )
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DYNAMIC TIME-LAG REGRESSION

| mplemetation

Initialization of v and o .
1t <— 0 : h h

while it < max do y connected
while epoch do
0 «— Optimize(L(0,a,07)) ;

end |
2 2 ‘ T ‘ — C]_ [q] ] hidden layers

X fully connected ( g (;l?) . j (;l?) )

end Predicted time-lag index :

Result: Model parameters 6 = (y, p), )
hyper-parameters o, 0 I[(x) = argmax(ﬁi(x))

()
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DTLR - SoOLAR WIND PREDICTION AT L1

2
Input data at t,, F'T'E = ( Rﬁhot ) nghot)
SS r(ss)
X(t) ~ ( IO%(FTE); BCP5 V2_75 SSNS l:lo’7 Smﬁe fSU"fCLCG\r=RSS
, : ~ ~
Hare: = the magnctlc flux tube eXpansion e i \
; / US/FD/SM r=Rcp \.
?actor, comPutecl using the Current Sheet / S Surmce\rz%
Source Surface (CSSS) model, /
r
ESCP: the radial magnetic field at 2.5 Rsun
l
Va7 the Z7~clay Prior solar wind speed \
SSN: the Sunspo‘c number \ N -
l"] l Cl I Zécw &«goeﬁsema,w%; / 4
072 the Solar Radio IMux at 10.7 cm vodwval & Zhao, 20145 Poduval 2076,
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DTLR - SOLAR WIND PREDICTION AT L1

The FTEs were computecl using the
GONG sgnol:)tic maps and the CSSS

moclel.

Output data Y (1) : solar wind sPeecl
(to+2_clags; to+§clags) with time~lag
discretization, |T] = 12.

Wang & Sheeley cml:)irical relationshil:) between
solar wind speecl and FTE (1990,199%:1995)
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DTLR - SoOLAR WIND PREDICTION AT L1

DTLR Performance

9-fold baseline
Mean Absolute Error 56.35 66.45
Root Mean Square Crror 74.20 84.55
Pearson Correlation Coeft. 0.6 0.4

Note: 9-fold is the cross validation acloptecl in this work.
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DTLR - SoOLAR WIND PREDICTION AT L1

Model M.AE,  RM.S.E
WS - 74.09  85.27
DCHB 83.83 103.43
Comparisonwith | ywgA 68.54  82.62
the state of the Ensemble Median (WS) 71.52 83.36
art . Ensemble Median (DCHB) | 78.27 100.04
Ensemble Median (WSA) 62.24 74.86
| Persistence (4 days) 130.48 161.99
(ApJ Suppl. 2019) Persistence (27 days) 66.504  78.86
DTLR 54.41 64.18
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DTLR - SOLAR WIND PREDICTION AT L1
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CONCLUDING REMARKS

- DTLR : motivated bﬂ space weather Forecasting but is more general.

- QOur Bagesian aPProach 's based on a minimal model! : Possible refinements

PlaﬂﬂCCl.

_ The neural net architecture is also minimal : should combine and Pre~train

with autoencoder.

~- More experiments nceclecl, to extend and select the relevant inPut

information
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Thank 9ou!
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