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Problem statement, choice of modeling area

Goal:

Empirical study of the dynamics of climatic characteristics (in
particular, SST) in different basins of the world ocean in order to
improve their predictability. Pacific ocean

Objective

Revealing of interbasin teleconnections by data-driven (empirical)
method. Comparison of the ESMs with the reanalysis data and with
each other.
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Empirical analysis: construction of data-driven (empirical) models

Dataset (ERSST or ESM (INMCM, Hadley,MPI)) X1, o, XN Mapping onto principal maglfold
_ X1, , XN = P1 PN PnE R, d KD

; ; ;
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data-driven model

Evolution operator on the manifold

pn—L»"'»pn—l - pn

(optimal, nonlinear, non-stationary, stochastic)

Prediction of observed variables (SST)

Prediction of principal components :: > L‘&k& r o

Pi, PN = Pn+1,PnN+2) -

pN+1»PN+2» e 7 XN+ 1 XN2)




Empirical analysis: construction of data-driven (empirical) models

. Nonlinear
Evolution operator . Stochastic

1
2

Xn-rr - Xn-1 = X (R - RY) 3. Forced
4. Non-stationary

external forcing (3) <_| | > long-term change (non-stationarity (4))

f(xn 1s = n —L» n ) n) + g (Xn 1, "'an—L)En

Stochastic term (2) (unresolved processes — short timescales) J
state depended, € - delta-correlated

Nonlinear (1) approximator (artificial neural network - ANN)
f(}{, F, t) = ?il(ai + Bit) . tanh(wiX + 'U'EF + ]fl)
m

800 = ) @& tanh(wX + 7))

i=1



Empirical analysis: construction of data-driven (empirical) models
Model learning and optimization

We need:
* Optimizing the hyperparameters (L, mf) = fXp—1, -0, X Fp  t) + 88,
(here m,= 0) m
g f(X, F, t) = Zi=f1(ai + Bit) . tanh(wiX + ViF + )/l)
* Learning the parameters u = (a,fB, w,v,V, 8) u=(a,B wvyg)

Bayes' theorem

P(X|H;) * P(H; _

( l 1) ( 1) P(ﬂ H; ) is the probability of obtaining the observed dataset X from all

ZiP(XlHi) * P(H,;) possible data generated by the model H; (Bayesian evidence of the
model H;),

P(H;) - the probability of a model reflecting a priori knowledge about
the given model (a prior probability).

here H; is a model with (L, mf ); hyperparameters,

P(H;|X) =



The method of considering interaction between basins

= f(X;—1, ---
fX;F,t) =

n

-

.

Data from all basins are combined
into one dataset.

~

A single (joint) model for all basins.

J

= f(X;—lJ ey X;—L; tn) + g &n

X* Dataset from all basins

LJ

) + g (xn 1, ---rxn—L)En:

(o + B;t) - tanh(w; X+ v;F + ;)

\_

Several models with forcing. One
isolated model per basin.
Data from other basins is used as a
forcing.

J

Xn=fXpoq, 0 X Fy L t) + g $n

X Time series from basin of interest
F Time series from other basins



The method of considering interaction between basins
Isolated models

Several models with forcing. One
isolated model per basin.
Data from other basins is used as a

forcing.
Forced models: - J
FI,P= (Xlndian, XPac1f1c) X% — f(xﬁ_l, ---,X%_L, FLP) + g*%—n
FAP_ (XAtlantic’ XPacific) X% — f(X‘}'l_l’ '"'XLL—L'FA'P) + :q-\*{n
FAILZ (XAtlantic, Xlndian) X,IZ — f(Xg—p ...,X?I;_L,FA’I) + g*fn

X% = f(X%—p ---»X%—L) + 9%
Isolated (independent) models X! = f(X%_l, ...,XL_L) + 9%,
Xn=f(Xn-1, . Xn-) + 9%



The method of considering interaction between basins
Joint model

4 )

A single (joint) model for all basins.
Data from all basins are combined
into one dataset.

\_ J

Joint model

X* = (Xﬁql.tl.emti::J Xlndianjr XPaCiﬁC), X = f(X:l—ll ---;X;_L) + g*‘fn

Isolated (independent) models X% = f(XA ---,Xﬁ_L) + §*€n

n—1’
X, =f(Xn_1 . Xn_) + G,
X, = f(Xg—p ""X'tl’)L—L) + 9%,



Results
Data: ERSST version 5

The variance of one-step forecast error

Joint model of three oceans Isolated models for three oceans
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Results
Improving the forecast

Data: ERSST version 5

The difference between forecast error variances of joint model and isolated models

Atlantic ocean Indian ocean

Pacific ocean
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Results

Improving the forecast
Data: ERSST version 5

The variance of one-step forecast error
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Results

Comparison of methods for accounting for connectivity

Data: ERSST version 5

Comparison of forecast quality between joint model and “forced” models

Indian ocean
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Forced models
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X" Dataset from all basins

Xn = f(xn—lr ---an—L; Fn rtn) + g in

X Time series from basin of interest
F Time series from other basin pro s0°E 120°€

—0.05

Pacific ocean

10°N | ' 10°N
0 0°
1095 [ I . 10°5
BV W
120°F 150°F 180° 150°W 120°W 90°W
~0.04 0.00 0.04

13



Results
Improved forecast due to accounting for connectivity

Pacific ocean
a) ERSST v5 b) _ INMCM&60
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Results

Improved forecast due to accounting for connectivity

= o o e

ERSST v.5

Winter

= = = e e e e e e e e e e

Winter

Seasonal forecast improvement

INMCM 6P

Spring

R % g 1‘ & iy 1 o
% i. B ;o : e 16
T T T R TR e o - - — 1 = = = T T
o " o1 L 016 108
| Summer Autumn Summer Autumn Summer Summer
‘ " ; x Tiew 1on A
i | . i : s
o R L e - 212 180 e L0 g Il 150 L a7y L Lo L 180 2L iy
oo ——— r
2 1 o i e
Winter Spring Winter Winter
(-
—_—
(IR HE
|
|
|
|
I

e T

008 a1z

Summer Autumn

Hadley

Winter

[ e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e == — -

Spring

160

L

Autumn

Summer

Autumn

0 ES

Summer

= o e e e = e e = e = e = e e e = e = e e e e e e e e e e e o mh

Summer Autumn

' -
[
I

Autumn |

15



Results

Improved forecast due to accounting for connectivity

Seasonal forecast improvement
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Conclusions

* Taking into account the relationship between the basins of the Indian and Pacific
Oceans has led to a significant improvement in the forecast of SST anomalies.

e Of the two considered methods of considering interaction (impacts) between
basins, the method of constructing joint models works better.

* In all the considered models and reanalysis data, significantly different patterns of
forecast improvement are found, allowing us to speak only about qualitative
similarity in some cases.



Results

Data: ERSST version 5

Joint model of three oceans

The variance of one-step forecast error

Joint model, Atlantic ocean Joint model, Indian ocean
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Results

Data: ERSST version 5

Isolated models for three oceans

The variance of one-step forecast error

Isolated model of Atlantic ocean

Isolated model of Indian ocean
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Empirical analysis: construction of data-driven (empirical) models
Model learning and optimization

Bayes' theorem

Model H;

parameters pu = (o, B, w,Vv,Y, 8) P(H,|X) = P(XlHi) « P(H,;)

h %.;P(X|H;) * P(H;)
yperparameters (L, my );

— — — H;
PIH) = | P, uiH)dw = [ P(X|w H))P(ulH)dn = max

Likelihood Prior
Laplace's method

L:-ln{P@JHI-) Bayesian evidence of the model H;!

P(X|w H;)P(u|H;)= exp(—Wy,(W)

W' = argmax P(x|w, H;)
n

L=-In P(X|H;) = ¥y, (W) + >1n |

77T Wy, ()|

1
21T

“guality term” (quality of the “penalty term” (penalty for the
data description by the model) complexity of the model) 20
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