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To learn parameterisations
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To learn parameterisations

Physics-based
(Jansen & Held 2014)
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E.g. Sparse Ildentification of
Nonlinear Dynamics
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II. Sparse Regression to Solve for Active Terms in the Dynamics

Brunton et al. 2016
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o ML to HELP scientists
discovery equations

e Learn STOCHASTIC equations




Lets use Gaussian processes!
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q(f) log p(y|f)df — KL(q(f), p(£))

_ / 0(f:) Yog (il f3)df — K.L(q(£), p(£)



SV GPs for
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Standard Gaussian Process
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yi ~ St(fo(x; ,e‘fl‘(xi)w

Standard Gaussian Process Heteroscedastic Gaussian Heteroscedastic Student-t




SVGPs for

non-Gaussi
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SVGPs for
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GP S f()r e Type of still (column/pot?)
high » dim e Type of grape (Ugni Blanc?)
data?

e Wood for the barrel

e Location (Armaqnac—Ténaréze, Bas-Armagnac ,Haut-Armaqnac?)
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https://en.wikipedia.org/wiki/Armagnac-T%C3%A9nar%C3%A8ze
https://en.wikipedia.org/wiki/Bas-Armagnac
https://en.wikipedia.org/wiki/Haut-Armagnac
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k(x,y) = ko + Z ki, y:) + Z ki(wi, yi)k;(x;.y;)
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k(x,y) = ko + Z ki, y:) + Z ki(wi, yi)k;(x;.y;)

A d dit ive ﬁ Ginsbourger et al. (2016)
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k(x,y) = ko + Z ki, y:) + Z ki (24, yi)kj (fcj-yj)

Additive ()
Gaussian F&) = fo+ S filed) + 3 filawy)
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Processes

e Standard RBF -> O(d(N2 -+ NM))
o dadditiveRBF->  O(24(N? + NM))




k(x,y) = ko + Z ki, y:) + Z ki (24, yi)kj (xj'yj)

Additive ()
Gaussian F&) = fo+ S filed) + 3 filawy)

1<J

Processes

e Standard RBF -> O(d(N2 -+ NM))
o dadditiveRBF->  O(24(N? + NM))
e d additive BBF (NG) -> O(d2 (N2 + NM))




k(x,y) = ko + Z ki, y:) + Z ki(wi, yi)k;(x;.y;)

Additive @ Ginshourger et al. (2016)
Gaussian  RALEPIICORDIEICED
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PFOCGSSGS f(x1,22) = 2% — 229 + cos(3x1)sin(bxs)
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S0, lets learn an equation



e >100 climate variables — rainfall
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Predicting
rainfall

e >100 climate variables — rainfall

e Non-Gaussian (Bernoulli-gamma)

p(yl fy=H{(f, 0"

1—f1 i y=0
f1il'(f2, f3) o.w.

p(y‘f17f27f3> — {




https://e3sm.org/single-column-model-intercomparison-of-diurnal-cycle-of-precipitation/

Single-Column
Model (SCM)

Predicting
rainfall

100000 -

e >100 climate variables — rainfall

e Non-Gaussian (Bernoulli-gamma)

—— RH with lengthscales_ 0.45
. . . . wind_z with lengthscales_0.39
e Data-driven vertical integration | — wind_m with lengthscales_0.72
1 —— theta with lengthscales_ 0.93
{ tehta_e with lengthscales_0.85
—— theta_e+ with lengthscales_0.68
theta_e* with lengthscales_ 0.62

0.6 0.8 1.0 1.2 14




Additive GP model output

Latent 0 rank 0: Best guess (and uncertainty) at additive contributions from ['Relative Humidity']with sobol index 0.581364255678434
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Additive GP model output

Latent 0 rank 0: Best guess (and uncertainty) at additive contributions from ['Relative Humidity']with sobol index 0.581364255678434

Latent 1: sobol indicies (red lines between orders)
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Additive GP model output

Latent 0 rank 0: Best guess (and uncertainty) at additive contributions from ['Relative Humidity']with sobol index 0.581364255678434

—-20 4

Latent 1 rank 1: Best guess at additive contribution from ['Sensible heat flux', 'Stdev of sub-gridscale orography'] with sobol index 0.0715865896060103
0.8

Latent 1: sobol indicies (red lines between orders)
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Learn a Stochastic Eq (via lots of easy SRs)

l—f1 of y=0
le(f27f3) 0.W.
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Learn a Stochastic Eq (via lots of easy SRs)

l—f1 of y=0
le(f27f3) 0.W.
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Whats next .....

e (ravity waves / cloud cover

e Learn the likelihood structure (another layer of symbolic regression)
e Improve “orthogonality” for correlated inputs

e Sample multiple candidate equations (Pareto front?)

o More user interaction

e [ncode known physies (symmetries, invariances, conservation laws e.t.c)



La presqu'ile de Blackpool
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time!
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Scientific
priors via
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Condition on an derivative
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Condition on an derivative

dependent variable, y(x)

dependent variable, y(x)

covariate, X covariate, X

P(f]|O)

dependent variable, y(x)

Solak et al. (2002)

Padidar et al. (2021) covariate, X



output, y

Condition on monotonicity

P(f]|O)

Solak et al. (2002)
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Condition on linear operator

P(f]

Jidling et al. (2019)
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Condition on linear operator

P(f]

Jidling et al. (2019)



df? df
—— +sin(t) + B3— =0
dt dt

Scientific
priors via
conditioning

Condition on whatever you want and
pretend its Gaussian

P(r|D) oc P(D|7)P(S)P(O(S))

10
t
(c) AutoIP-C

Long et al. 2022



Two ways to be encode info into GPs

1) Additional conditioning
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2) Thinking hard ....

e [ want

e So choose a periodic kernel

kper (X, x')=¢

to be periodic
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Fiddle with the kernel to get
periodicity

—2 Si112(7r|x —x'|/p) )
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(x, x/) — o2 exp(




General idea:

rotation only e RBF

T( ) — <~ T( xg . ) — X, . —— allaffine == local deform

est error

0 02 04 06 08
Wall time (s) - 10°

Ginsbourger et al. 2013
Van der Wilk et al. 2018




