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Context and motivation

MONARCH: state-of-the-art physics-based chemistry-transport model (CTM), used for reseach,
operational and policy-oriented studies

To address the computational cost of CTMs like MONARCH, we want to develop deep-learning-based
surrogate models (orders of magnitude faster while accurate enough to be useful).

Main foreseen applications:
e Characterisation of emission sectors contribution
e Assessment of emission scenarios impact in air quality planning
e Quantification of CTM uncertainties for data assimilation

Today we present preliminary results on predicting only NO2 and NO concentrations
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Inputs and targets, and training design
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Architectures




First architecture: UNet

Train with RMSE loss and cosine learning rate
scheduler for ~ 900 epochs with AdamW
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Second architecture: Graph Neural Network (GNN)
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[ Train with L1Loss with cosine learning rate scheduler for about 500 epochs with AdamW }




@ GNN: the encoder
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GNN: the processor

Use 4 layers of message-passing Graph Attention: hg =0 Z ai,jwrighthj

with the attention weight (additive attention):

JEN (i)Ui

; j = softmax; a' LeakyReLU (Wlefthi =+ Wm‘ghthj)>

[ Learnable attention vector

Similar to self-attention mechanism except
only on neighboring nodes:

necessity to stack layers to propagate
information deeper in the graph
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Results:
GNN versus UNet comparison

(focus on NO2 concentrations)



Spatial patterns
GNN UNet

Mean MB / nMB MAE / nMAE R’ PCC Mean MB / nMB MAE / nMAE R® PCC
1.45e+00 -8.24e-03 / -1 1.72e-01 / 12 95.75  98.0 1.45e+00  5.62e-03 / O 3.24e-01 / 22 97.62 98.7

Ground Truth (Mean) [ppbvl One-Step Predictions (Mean) PbV] Ground Truth (Mean) [ppbv] One-Step Predictions (Mean) [ppby]
B 6.001 = 6.001 =" 6.047 3 6.047
4832 4832 4870 4.870
3.664 3.664 3.694 3.694
2.495 2.495 LY 2517
1327 1327 1.340 1.340
0.158 0.158 0.163 0.163
6.001 1233 6.047 1072
4832 0.986 4870 0.857
3.664 0.740 3.694 0.643
2.495 0.493 2517 0.429
1327 0.247 1.340 0.214
0.158 0.000 0163 0:000

Performance of 1-hour predictions very good - spatial patterns partially learned well for autoregressive
(2 weeks predictions)



Temporal patterns
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Reasonably good auto-regressive predictions with GNN, no critical divergence, variability well

captured, less biased then UNet



Global statistics: Autoregressive rollout

Comprehensive scatterplots of auto-regressive predictions along 1-5, 6-10, and 11-15 days horizons:
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Overall UNet still shows slightly
better auto-regressive
performance, with
correlation/slope around 0.88/0.88
(against 0.84/0.79 for GNN)
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Recent trial: Swin Transformer - UNet

SwinTransformer
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First results obtained with the recently tested SwinTransformer
architectures show further improved performance compared to UNet
(and GNN) with correlation/slope around 0.90/0.92



Conclusion and future prospects

Conclusion: promising first results on NO2 — although less good on NO (not shown)
— with reasonably good performance and stability of auto-regressive predictions

More comprehensive tuning of these models

More diverse training dataset size

Ongoing testing with more species (e.g. O3, PM10, PM2.5): more mitigated
results at this stage, work in progress

Ongoing implementation of chemical boundary conditions (important for
longer-lived species and/or limited-size domains)

Try architectural improvements for GNN (e.g. Encoder and Decoder as bipartite
graph GNNs)
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