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Online learning of hybrid models
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Online learning of hybrid models

Tuning geophysical models:

Example on the ocean
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Online learning of hybrid models
Training hybrid models

Definition of a hybrid model:

us = F(uw)+Mp()
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Online learning of hybrid models

Training hybrid models

Definition of a hybrid model:
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Online learning of hybrid models

Training hybrid models

Definition of a hybrid model:
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Training hybrid models
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The model is solved using some appropriate numerical solver:
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The model is solved using some appropriate numerical solver:
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 How to calibrate the parameters of the model online given some observations 7

9 = arg m@inﬁ; where £ = Q(¥¢ynn, (V" (ut)),0)
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Online learning of hybrid models

Training hybrid models, end-to-end learning

Online learning:

 Need to do back-propagation through the solver
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Training hybrid models, end-to-end learning

Online learning:

 Need to do back-propagation through the solver
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Online learning of hybrid models

Euler Gradient Approximation

* Let us consider an explicit Euler solver W, a single step integration using W can be written as:

Wip = Ugp(uy)
where

Up(u) =u + A(F(u;) + Mg(u,))

* Assuming that the solver ¥ has order p 2 1, we can write for any initial condition:

Utp — ‘I’(ut)
= Up(u) + O(h?)



Online learning of hybrid models

Euler Gradient Approximation

By using this approximation, we can show that the gradient of the solver can be decomposed as
(for a fixed n):

O uniwy — N~ (1T QL@ T @)Y, D i - :
57w = X <z-=1 St )" 5e Mo (0) +h s Mo(" ) + O(K?)
’ h -~ g Gradient of ;ge sub-model

Jacobian of the flow

For a fixed n, the gradients converge to the true ones quadratically in h;
If we approximate the Jacobian (we can use a static/ensemble approximation, a TLM if any), we
can compute the gradients only using the gradient of the sub-model;



Online learning of hybrid models

Euler Gradient Approximation

By using this approximation, we can show that the gradient of the solver can be decomposed as
(for a fixed n):
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Jacobian of the flow

For a fixed n, the gradients converge to the true ones quadratically in h;
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Online learning of hybrid models

FEuler Gradient Approximation, in practice

Forward model

n times
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FEuler Gradient Approximation

Forward model

n times

| n times

Computational graph of a forward euler solver
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FEuler Gradient Approximation
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Online learning of hybrid models

FEuler Gradient Approximation

n times

n times
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QG turbulence

» The dimensionless governing equations in the vorticity () and stream function (¢) formulation
in a doubly periodic square domain with length L = 2m are:

Oow 1
— + A(wt: T/)t) — @VQM — f—rw;

Vth — —Wt

« where A(wy, 1)1 represents the nonlinear advection term:

Oy Owy Oy Owy

Alwr ) = oy Ox Oz Oy

* and f represents a deterministic forcing:

f () = kg [cos (kfz) + cos (kyy)



QG turbulence, LES

» The dimensionless governing equations in the vorticity () and stream function (¢) formulation
in a doubly periodic square domain with length L = 2m are:

Ow 1 ' = / L F )
L Al ) = o Ve — f — 1w () B AT = VP = F =+ Al 1) = Al )
v2¢t _ _wt Ht%Ma

VZTEt = —W

* Model the subgrid-scale term 11,~M,



QG turbulence

Flow configuration:

* High resolution grid : 1024 x 1024.
* Low resolution : 64 x 64.

* Re : 20000, r = 0.1, kf = 4;

Tested models:
* Online learning with exact gradient;
* Online learning with approximate gradient;

« Offline learning;
e Dynamic Smagorinsky (DSMAG)



QG turbulence
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QG turbulence

Online, exact gradient Online, static
Filtered DNS approximation Offline DSMAG
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QG turbulence

 We proposed a simple gradient estimator for learning online hybrid models;

* Proposed methodology does not rely on a differentiable physical model, and can (in theory) be
applied on non-differentiable CFD/GFD codes;

 Can use better Jacobian approximation and can be extended to definition of non additive
correction terms;

e Currently working on applications on large scale models



