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Initialization of S2S predictions Lyapunov vectors
» S28S predictions is beyond atmosphere predictability limit Considering a dynamical system T = f(m)
= » Coupled Earth system models must be used and the evolution of perturbations in its tangent space:
« Usually d ith ble: . .
S se(r) = 2| sm(r) gvenby dm(t)=M(tto)zo . Bxo = ba(to)
- « How to initialize them consistently to obtain reliable results? ox z(r)

where M is the propagator (of the perturbations).
® The Backward Lyapunov Vectors (BLVs) are the eigenvectors of

+ Already tested, use of the:
« Bredvectors (Pefia & Kalnay, 2004; Yang et al., 2008; O'Kane etal., 2019)
1/(2(t—1t . _
. Backward Lyapunov Vectors (Vannitsem & Duan, 2020) (M(t, to)M(t, t(;.)T) /(2(t=to)) in the limit t, — =

In the presentwork, we study the projections of the initial conditions on mainly: can be interpreted as an orthonormal basis defining volumes covariant with the dynamics.

« Covariant Lyapunov vectors and their adjoint
» Dynamical Mode Decomposition: adjoint modes

e FemanTEheaNe s Decampastion. Sloitmades ® The adjoint CLVs ;are adjoint (biorthonormal) to the CLVs: f,?:!;r p; =0

® The Covariant Lyapunov Vectors (CLVs) are such that: M(t. to) i, (to) = Ai(t, to) @, (t)

Ve IEMEaRART CAUME GeRAERTTSEN G Hadel MACGIAM) Both can be interpreted as directions covariant with the dynamics.

MAOOAM: an ocean-atmosphere coupled

Dynamical Mode Decomposition (DMD) model
QG atm. Coupled to a SW ocean o o e
. Considering 2 collections of states of the dynamical system X=[X, ... X, ;] Same decomposition exists a8 ' ' s
& for the Perron-Frobenius Q& e iy SR 1y, 8, <™ G004
and Y=[X, ... X.], then one define (PF) wi/ Hon R 5% R l

DMD -+ operator "'.- LIJ3 {’_. 0,02 i

M — Yx Whera x-, i5 thE pSEUdU'invETSE G /" = a J/ V0000 140000 160000 1 H0000 200000 TZ0000 120000 140000 1GH000 1H0000 J0000 220000

S ,’.r ibi “ " I.'l. 020 ) . I A n
. ¢ P 023 y | d ngl“. I\ o
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. The left eigenvectors w,of MPM2 provides approximation of the system’s Koopman operator eigenfunctions and onh S y A o / Voo | \ -
are called adjointDMD modes. (Tu etal., 2014) i % ¥ without LFV = " ooV with LFV
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» The Koopman K operator is an =-dimensional operator propagating the observable ofthe system. Foran

0 2n/
observable g: _ _ Four fields: B e
K™ g(z) = g(®7(2))  where ¢is the flow of the system & = f(x) Valz, ) = Z VailF g
Atm. streamfunction "
DMD |m y & 0, ﬂ,
= Z w, Atm. temperature il Z
Oc. streamfunction tu(x,y) = Z :.-'J:...
. The action ofthe Koopman operator can then be approximated with the DMD where the ¢""° are modes
depending on the observable g and the w, define approximate invariant manifolds for the Koopman op. Oc. temperature i) Z ﬂ b,

Experimental design

with LFV
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Results: DSSS skill scores at different lead

: Conclusions
HES
ul 7 days without LFV st 15 days ot 7 days with LFV ot 15 days
L =it 10* ) 10 e DSSS: Key results:
§ e W 10’ g e R Skill score + Approximated KM and PF eigenfunctions obtained using DMD provide reliable ensemble forecasts, and are
3 100 ) 100 3w 100 basedon the “easy” to compute.
2107, 10~ g 102 bo-d| Dawid- « Adjoint CLVs also provide reliable forecasts (sometimes the mostreliable ones), but are notably hard to
e 10+ 10-4 10 Sebastiani compute.
RASAAEA MM A A ffff; _____ e P I pODAS ? score. Equalto - A consistentlink exists between the two frameworks, which explains the results.

A AT THE A AR A V 2 C SRR A if same « Results seemto not depend on the regime (with or without LFV)

et G GCHITTY & w"ff 8o fackidep 9 oy
ﬁfg ﬁf@ gﬁ;&g g}%ﬁ ¢é§?§' f‘qﬁé?’fg ‘:f ef’f‘?ﬁ reliability as the « Results of Vannitsem & Duan (2020)with the BLVs can also be explained with the DMDs
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Forthcoming developments:
« Many, but most notably, replication of the study with a higher-dimensional system, with a non-trivial
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Dawid & dimensionality reductionto make DMD tractable.
T + Ultimately, development of the approachin a realistic S2S framework.
LA A & & R A ""”';‘ P EOEE S p S
T S0 | G A 5T e
V F G JEET LGS 7

J. Demaevyer, S. Penny & S. Vannitsem, ldentifying efficient ensemble perturbations for initializing subseasonal-to-seasonal prediction, submitted To JAMES, September
2021, Funding: B2/20E/P1/ROADMAP (Belspo, JPI-Climate); ONR grants N0O0014-19-1-2522 and NO0014-20-1-2580and NOAA grants NA18NWS4680048,
NA19NES4320002,NA200AR4600277,and NA2ONWS4680053



