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From model error to the absence of a model

>
Numerical predictions in geophysics based on data assimilation crucially depends on
both initial condition and model error [Magnusson et al. 2013. Mitigation of model error:

@ additive stochastic noise (e.g., [Trémolet 2006; Raanes et al. 2015; Sakov et al. 2018] )
@ estimation of uncertain model parameters (e.g., [Bocquet 2012])

@ physically-driven stochastic perturbations (e.g., [Buizza et al. 1999)), stochastic subgrid
parameterizations (e.g, [Resseguier et al. 2017]), inflation (e.g., [Raanes et al. 2019])

>
One step further: renounce physically-based models and use massive observation

@ use data assimilation together with analogues [Lguensat et al. 2017]
@ use diffusion maps for a spectral representation of datasets [Hariim 2018]

@ use neural networks (NNs), echo states networks, & deep learning (park et al. 1994; Pathak
et al. 2017; Dueben et al. 2018; Vlachas et al. 2020; Bonavita et al. 2020; Arcomano et al. 2020] tO represent the reSO|Vent.

>

@ more explicit (possibly with NNs) representations of the dynamics using specific
regressors €.g., [Paduart et al. 2010; Brunton et al. 2016].

@ design NNs that mimic integration schemes [wang et al. 1998; Fablet et al. 2018; Long et al. 2018]
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Objectives

» Goal: Estimate chaotic dynamics from partial and noisy observations
— Surrogate model

» Unfortunately, basic machine learning requires full, noiseless observations!

» But data assimilation techniques naturally account for imperfect observation!

» Subgoal 1: Develop a Bayesian framework for this estimation problem.
Estimate and minimize the errors attached to the estimation.

» But this surely is an under-determined, hardly scalable problem!

» Subgoal 2: What about hybridizing a physical model with a trainable model?

[Bocquet et al. 2019; Brajard et al. 2020; Bocquet et al. 2020a; Brajard et al. 2021; Farchi et al. 2021b; Wikner et al. 2021; Tomizawa et al. 2021].
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Objectives

» However, data assimilation is sequential as we want to exploit the latest

observations. But learning a surrogate model is by essence an offline optimisation
problem!

‘ » Subgoal 4: What about online (i.e., sequential) learning? ‘

» Which data assimilation approach can we use for this task?

‘ » Subgoal 4a: What about online learning with variational methods? ‘

‘ » Subgoal 4b: What about online learning with ensemble methods? ‘

[Bocquet et al. 2019; Brajard et al. 2020; Bocquet et al. 2020a; Brajard et al. 2021; Farchi et al. 2021b; Malartic et al. 2021].

» At crossroads between:
Data Assimilation (DA), Machine Learning (ML) and Dynamical Systems (DS)
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Bayesian DA and ML unification

Traditional Bayesian approach to data assimilation

>

Application of Bayes' rule over a time window [tg, tx] with batches of observations y,
at each time step tx. Define xg.x =xo,...,Xk and yo.x =Yo.-..,YK-
The most general conditional pdf of interest is p(xg.x|yo-x) and reads:

p(xo:k1y0:k) x P(¥o:k X0:k) P(X0:k)-

Assuming that the observation errors are Gaussian and uncorrelated in time, with error

covariance matrices Ry, ..., Rk, so that:
K
plyo:klxo:k) = | [ plyulxi) o< exp ( Z llyk — Hic(xk ||R1> :
k=0 —

Next, we assume that the prior pdf p(xq.x) is Markovian, i.e. the state x, conditional
on the previous state x,_1 does not depend on all other previous past states:

X

p(xo:x) = p(xo) | | plxulxo:—1) = plxo HP Xk [Xk—1)

k=1
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Bayesian DA and ML unification

Traditional Bayesian approach to data assimilation

>

Now, we assume Gaussian statistics for the model error which are uncorrelated in time,
with zero bias and error covariance matrices Q1,...,Qk so that:

K
P(XO:K) S P(XO)eXP <_; Z ka_ M, (Xk_1)|(2)k1> .

k=1

We can assemble the likelihood and prior pieces to obtain the cost function associated
to the conditional pdf p(xg.xlyo:k):

J(x0:x) = —In p(xo.k1y0:K) (1)
1 1
:—|nP(xO)+EkZ_OHYk—Hk(Xk)Hi;l+§;”Xk_Mk(xkfl)”é;1 (2)

Unsurprisingly, this is the cost function of the weak-constraint 4D-Var. The associated
statistical assumptions explicitly assume that the model is flawed.
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Bayesian DA and ML unification

Towards learning complex model error

>

With this type of weak-constraint 4D, one believes that the model can be corrected
with some stochastic noise to be added to the state vector.

>

Instead of considering a known model x;, = M (x,_1), one could assume a parametric
form of the model x, = M, (p,xx_1), that depends on unknow time-independent
parameters p.
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Bayesian DA and ML unification

Bayesian inference of state trajectory and model

>

We can piggyback on the previous Bayesian analysis, but now adding the model
parameter vector p:

p(x0:k. Plyo:k) o p(Yo:kIxo0:k, P)P(X0:k, P) o p(Yo:K|X0:K, P) P(X0:xP)P(P),

which requires to introduce a prior pdf p(p) on the parameters. In the language of
Bayesian statistics, this is called a hierarchical decomposition of the conditional pdf.
As a consequence, the cost function for the state and model parameters problem is

J(x0:x,P) =—In p(xo.x, PY0:K)
1 & 1 &
=—Inplxo)+ 3 D llye— Hk(xk)Hf;;l +5 D lxie—Mic(pxi—1) Hé;l
k=0 =
—Inp(p).

This cost function is again similar to the weak-constraint 4D-var, but (i) p is now part
of the control variables, and (ii) there is a background term on p that may or may not
play a role depending on the importance of the data set.

[Hsieh et al. 1998; Abarbanel et al. 2018; Bocquet et al. 2019]
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Bayesian DA and ML unification

Connecting data assimilation and machine learning

>

We note that, to be effective, a data assimilation analysis based on this cost
function would require not only the gradient of the cost function with respect to
the whole state trajectory, i.e. Vi, ,d, but also the gradient of the cost function
with respect to the model parameters, i.e. V4.

— Need for the adjoint with respect to the model parameters!

>

This (Bayesian) data assimilation standpoint on the problem of estimating the
model (together with the state trajectory) is remarkable as it allows for noisy and
partial observations on the physical system, as in traditional data assimilation.
Classical and simple machine learning approach of the problem would rather use
a dataset which is a complete observation of the physical system with minimal
noise, using a simple least-square loss function.
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Bayesian DA and ML unification

Connecting data assimilation and machine learning

» Machine learning limit

Let us assume that the physical system is fully and directly observed, i.e. Hx =1,
and that the observation errors tend to zero, i.e. R — 0. Then the observation
term in the cost function is completely frozen and imposes that x, ~ yy, so that,
in this limit, J(xo.x,p) becomes

K
1
=§Z 1Yk — M (p,Yk—1 ||Q 1—Inp(p).
k=0

This coincides with the tyical machine learning loss function with Q, =1.

[Bocquet et al. 2019; Bocquet et al. 2020a]
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Bayesian DA and ML unification

Data assimilation and machine learning unification: Summary

on state and model estimation:

>
(yo:k|%0:k, P, Q1:k, Ro:k ) P(x0:k P, Qu:x)P(P, Qu:K)
p(p. Q1:x.X0:k¥0:x: Ro:x) = .
p(yo:x. Ro:x)

> assuming Gaussian errors and Markovian dynamics:

LK
(P o, Quik) =5 2 {HYk - Hk(Xk)|||2q;1 +In |Rk\}
LK
t3 /; {ka - Mk(P,qu)Hék—l +In |Qk|}
—Inp(xo,p, Q1:x)-

— Allows to rigorously handle partial and noisy observations
with Hy =l in the limit R, — 0:

» Typical
K

1
)~ 5 > Ivk—Mi(p.yi-1)lig, + ~Inplyo.p).

k=1
13 /38
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Bayesian DA and ML unification

Bayesian analysis of the joint problem: Assuming Q1.x is known

» If the Q1. are known, we look for minima of

3(p.x0:x1Q1:x) = —Inp(p, x0:x¥0:x . Ro:k» Q1:1)-

| 4
(1) J(p,x0:x1Q1:) can be optimized using a full variational approach:

» In [Bocquet et al. 20191, J(P, X0:k|Q1.) is minimized using a full weak-constraint 4D-Var
where both xg.x and p are control variables.
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Bayesian DA and ML unification

Bayesian analysis of the joint problem: Assuming Q1.x is known

(2) J(p,x0:x|1Q1.x) is minimized using a coordinate descent:

» using a weak constraint 4D-Var for xg.x and a variational subproblem for p

[Bocquet et al. 2019].

» using a (higher-dimensional) strong constraint 4D-Var for xg.x and a variational
subproblem for p [Bocquet et al. 2019].

» using an EnKF/EnKS for xq.x and a variational subproblem for p [srajard et al. 2020;

Bocquet et al. 2020a].

—— Combine data assimilation and machine learning techniques in a coordinate descent

14
Initialisation Po DA step (EnKS) PN ML step (NN) (0" xt 1)
q P, X,
choose po estimate x§, ;- update p 0K
Yo:K
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Low-order examples

Experiment plan

>
oty
e LN
I + + + I + + + I + + + I generating physical states
to . . 2
' ' ' '
' ' ' '
Yo Yk TYk+1 YyYK
| Ota H H |
RS L N
I + + I + + I + + I training step
to _ tx
At '
'
'
10t
=L
forecast ster S S S I I S I Ay |
forecast step ¢ T T T T T T 11
T T+ Ty
| 4

@ Model: ODE coefficients norm ||pa — pr|| oo -

@ Forecast skill [FS]: Normalized RMSE (NRMSE) between the reference and the
surrogate forecasts as a function of the lead time (averaged over many initial

conditions).

@ Lyapunov spectrum [LS].

@ Power spectrum density [PSD].

Combining DA & ML

17 / 38



Low-order examples

Identifiable model and perfect observations

» Inferring the dynamics from dense & noiseless observations of identifiable models

@ The Lorenz 63 model (L63, 3 variables):

% = 0(x1 —Xxo),

dX]_

ar = PXp — X1 —XoX2,
dxo

qE o Bx2,

— |IPa—Prllo ~ 10712 close to perfect reconstruction at machine precision.
@ The Lorenz 96 model (L96, 40 variables)

D
dt

— |IPa—Prllo ~ 10712 close to perfect reconstruction at machine precision.

= (Xn+1 —Xp—2)Xp—1—Xn+F,

18 / 38
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Low-order examples

Almost identifiable model and perfect observations

» Inferring the dynamics from dense & noiseless observations of a non-identifiable model

The Lorenz 96 model (40 variables). Surrogate model based on an RK2 scheme.
Analysis of the modeling depth as a function of N,.

10

reference minus surrogate

Lyapunov time units
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Low-order examples

Un-identifiable model and perfect observations

» Inferring the dynamics from dense & noiseless observations of a non-identifiable model

The Kuramoto-Sivashinski (KS) model (continuous, 128 variables).

reference minus surrogate
100

Lyapunov time units
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Low-order examples

Un-identifiable model and perfect observations

» Inferring the dynamics from dense & noiseless observations of a non-identifiable model
The Kuramoto-Sivashinski (KS) model (continuous, 128 variables).
ou  Ou %y d%u

ot Yox  ax2 T ax*

[ e 0 xdix  (Oy)? (D)

0.0 - -

BB PDE equivalent of the surrogate model
12 N PDE of the reference model

Coefficient
L L L
oo [=2} 'S )

|
—
o

1 Oy o a? 0 xdyr (Oyx)02x (02x)?
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Low-order examples

Almost identifiable model and imperfect observations

» Very good reconstruction of the long-term properties of the model (L96 model).

» Approximate scheme

» Fully observed

» Significantly noisy observations R =1
» Long window K =5000, At =0.05
» EnKS with L=4

» 30 EM iterations

14
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Low-order examples

Non-identifiable model and imperfect observations

» The Lorenz 0511l (two-scale) model (36 slow & 360 fast variables).

dxn

=PF(x)+F—h Zum+1on.

m 0

du _ c .
d—g’zgwm(buwhgxm/m. with P (x) = xp31(Xn£1 — Xn2) — Xn,

» _—.-—-—": e

0 .

— e
3 _‘ refermlce }—-_ :-—'_‘_h-_‘ T —
30 e — ———

e

- —"‘b,__,_ — T
10 —_— _.._’__"—‘:—_ —
e = = =

Lyapunov time units
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Non-identifiable model and imperfect observations

» Good reconstruction of the long-term properties of the model (L0511 model).

14

» Approximate scheme 12

» Observation of the coarse modes only 10

» Significantly noisy observations R =1 g0s

» Long window K = 5000, At = 0.05

» EnKS with L=4 N
» 30 EM iterations 00 ——  Ensemble mean
0 2 4 6 8 10 12 14

Time (in Lyapunov units)

e— Ensemble mean

5| o—=¢ Lorenz 05111

10
=
L1072
&
wp T Ensen nean
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More realistic setup

Machine learning for model error correction

» We want to use this method to correct the error of a physical model @.

» In the cost function, we replace My (p,x,) with the hybrid model:

Mic(p xk—1) — Pp(Xk—1) + M (p, Xp—1).

» If the true trajectory x} is known (dense, noiseless observations), then the NN
would be trained with
Xje = X1 — P (X )

» With sparse and noisy observations, we need to use:
» the analysis x3 in place of x};

» the analysis increment x3 |, — @ 1(x}) in place of x} | — @ 1(x}).

» This corresponds to the first iteration of the coordinate descent! ‘

[Brajard et al. 2021; Farchi et al. 2021b]
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Application to the OOPS QG model

» The method is to be validated using the QG model implemented in OOPS.

» Model error is introduced as perturbed parameters, layer depths and orography,
and doubled integration time step.

Model state
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Stream function of the QG model in the bottom layers. Forecast error of the perturbed model.

Combining DA & ML
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More realistic setup

The NN training

» A long cycled 4D-Var experiment is performed with the perturbed QG model.

» lIts analysis increments are used to train small NNs.

» Depending on the sampling frequency of the ML step, the NNs are able to explain
80 % to 90 % of the analysis increments variance, but only 30 % to 85 % of the

model error variance.

Forecast error, 1d-integration

Forecast _error, 2 d-integration

L
0
|
= -
-4
NN prediction, 1 d-integration NN prediction, 2 d-integration

0.75
0.50
0.25
0.00
~0.25
~0.50
~0.75

0 10 20 30 40 10 20 30

Marc Bocquet
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More realistic setup

Corrected data assimilation

» One-iteration approximation of the coordinate descent:

stialisati Po [ DA step (4D-Var) x50 ML step (NN) .
choose po g P i
|38 = %2 — 2u(xiy) - Malpoxiy)

Yo:x

» We want to evaluate the potential improvements from the correction in a subsequent

4D-Var experiment.
= X 0t ML sep (V) L4 S )
8t = xt — Balxiy) — Ma(pixiy) D x

Initialisation »
choose py

Yo Yo

» We assume a linear error growth in time in the second DA step.

» The model error prediction for a 5t = 20min forecast (one integration time step) is
1/72 of the model error prediction for a 1 day forecast (one DA window).

» The correction yield a 25% reduction in the analysis RMSE.

[Farchi et al. 2021b]
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Towards online learning?

Online model error correction

» So far, the model error has been learned offline: the ML (or training) step first
requires a long analysis trajectory.

» We now investigate the possibility to make online learning, i.e. improving the
correction as new observations become available.

» To do this, we use the formalism of DA to estimate both the state and the NN
parameters (SC-4D-Var + param. est. ~ WC-4D-Var):

L
1 1 1
alp.x) = EHX_XbHé:l T2 Hp_pr2B;1 2 D llyk— Hico Mo (p.x) H?efl
k=0
» Information is flowing from one window to the next using the prior for the state xb

and for the NN parameters pP.

» This is very similar to classical parameter estimation in DA!

» This has been already investigated in an EnKF+ML context [socquet et al. 2020a; Malartic et al.
2021, but with scalablity constraints on the ensemble size.
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Towards online learning?

Online or offline model error correction: numerical comparison

» Again with the 2-scale Lorenz model (L05-111).

» We use the tendency correction approach; it does not require the assumption of
linear growth of errors.

» We start the experiment by using the (non-corrected) physical model ®@.

» At some point, we switch on the online correction.

» Starting from a large value, we progressively decrease the parameter background
error covariance matrix By as the model improves.

[Farchi et al. 2021a]
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Towards online learning?

Online or offline model error correction: numerical comparison

0.32

0.30
m
%)
E 0.28 —— True model
" —— Original model
i —— Offline correction
g 0.26 ——— Online correction

0.24

0.22

0 1024 2048 3072 4096 5120 6144 7168 8192

Time (number of DA windows)

» The online correction steadily improves the model.

» At some point, the online correction gets more accurate than the offline correction.

» Eventually, the improvement saturates. The analysis error is similar to that

obtained with the true model!

[Farchi et al. 2021a]

Combining DA & ML
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Conclusions

Conclusions

@ Unification of data assimilation and machine learning within a Bayesian framework
(familiar to the DA community)

@ Surrogate models/model error can theoretically be learned with partial & noisy
observations.

@ Tested with L63, L96, L0O5-III, KS, 2-layer OOPS QG model.

@ Hybrid models with a known physical part should be considered for realistic

high-dimensional systems, with or without a known adjoint, learning tendencies or
resolvents.

@ Online estimation of the state and surrogate model/model error has a lot of
potential. Next generation (WC-)4D-Var?

All results presented here are from [Bocquet et al. 2019; Brajard et al. 2020; Bocquet et al. 2020a; Brajard et al. 2021; Farchi

et al. 2021b; Bocquet et al. 2020b; Farchi et al. 2021a; Malartic et al. 2021].
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