Equation discovery for climate impact:
symbolic regression to emulate impact models
for unexplored climate trajectories
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IPCC Representative Concentration Pathways

Introduction: The climate impact modeling chain

Impacts of climate change are computed with a chain in three steps:

Select a socio-economic scenario. For instance, the high-emission scenario RCP8.5

Run a climate model at the global scale for this scenario.
Outputs can be downscaled using regional climate models or statistical methods

Run an impact model for this climate trajectory (outputs of the climate model)
Examples of impact models: hydrological models, ecological models, ...
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Introduction: Assessing uncertainty of future projections

Three main sources of uncertainty are generally accounted for [Hawkins and Sutton, 2009]:

e Scenario uncertainty stems from the uncertain future of greenhouse gas emissions

It is evaluated with different socio-economic scenarios (RCP2.6, RCP4.5, ,RCP8.5)
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e Model uncertainty stems from the fact that each model inherently has knowledge gaps
It is evaluated using different climate models and different impact models

e Climate internal variability results from the chaotic nature of the climate system
It is evaluated with different initial-conditions for the climate model [Maher et al., 2021]
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Introduction: Assessing uncertainty of future projections

These uncertainties are usually quantified with a large ensemble of simulations
Ex: an ensemble with 32 members (4 scenarios, 2 climate models, 2 impact models, 2 initializations)

Run impact model #1
Run climate model #1
with initialization #1
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Introduction: Assessing scenario uncertainty of future projections

The problem: high
computation costs of
the impact model can
sometimes limit the
number of explored
climate trajectories
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A solution: Train a fast statistical emulator of the impact model on explored climate trajectories (here RCP8.5)

and infer with it outputs for unexplored trajectories (here RCP2.6, RCP4.5, )
Inference However, in our case, this solution is infeasible
Climate - Impact because the impact model outputs:
model emulator of model e aretoolarge (>10 variables, fine resolution)
outputs the O’;”I""“Ct outputs e areonly available for few years (< 300)
mode




Introduction: Assessing scenario uncertainty of a key impact indicator

Instead, we propose an alternative solution: to emulate directly the key impact indicator of interest
In other words, we only emulate some processes of the impact model
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Data: The key impact indicator, annual net primary production

Focus on marine biodiversity in the Mediterranean Sea

Figure extracted from Wikipedia

with the impact model Eco3M-MED [Baklouti et al. 2021]
that describes the biogeochemical transformations and

flux between bacteria, phytoplankton and zooplankton
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Phytoplankton have a key role in marine food webs
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Key impact indicator: annual net primary production =

rate of organic carbon production by photosynthesis
of phytoplankton minus their respiration
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Data: The key impact indicator, and climate indicators

Our climate impact modeling chain

1. For the historical period (1986-2005) and
scenarios RCP4.5 and RCP8.5 (2006-2099)

2. theregional climate model CNRM-RCSM4

3.  whichdrives the impact model Eco3M-MED

at the scale of Mediterranean Sea
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Climate and impact indicators are computed as
spatio-temporal mean over an area of the Gulf of Lion
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Ex: Sea surface temperature in summer (mean from December to November)

Sea surface temperature in summer (°C)
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Methodology: Predicting the annual net primary production

We discover an equation that maps each year climate indicators to the key impact indicator
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Symbolic regression, a.k.a automatic equation
discovery or data-driven system identification, is an
optimization in the space of mathematical equations

Methodology: Symbolic Regression

and viewed as a highly interpretable methods

of results  _
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Figure extracted from Wadekar 2023

Symbolic regression optimizes together:

e thescalar coefficients in the equation
e thevariablesin the equation
e theform/structure of the equation

The user specifies the operations allowed in the equation

Here, werelyon +.— x,/,2°,V&
and a python library called PySR [Cranmer 2023] "%

PySR is based on an evolutionary algorithm where
equations, represented as trees, are iteratively improved
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Figure extracted from [Cranmer 2023]



Ground truth values of
annual net primary production (gC year™?)

Preliminary results: How predictive is the found equation ?
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The spread is underestimated, which is probably due to the fact that we optimize with the RMSE
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Preliminary results: How interpretable is the found equation ?

In the outputs of the impact Variability in the in
model, we observe that most winter, which is the limiting input
annual net primary production for photosynthesis in winter
is in winter and spring ?
,,,,,,,,, Annual net primary production = — 2¢3 + 4e—4 x NetDownwardShortwaveFluxInWinter? + 2¢2 \/ SeaSurfaceHeightInWinter>
. ® + 3e2 x NorthWindStressInSpring + 6el x SeaSurfaceSalinityInSpring
Zone
layer

Intense north wind stress in Sea surface salinity in spring
spring creates vertical motion has links with the mixed
that can bring nutrientsinthe layer depth and the nutrient
photic zone supply in the photic zone
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Conclusion & Perspectives

Summary We propose a novel methodology that

. . . SLow
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