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| Advancing land surface  modeling through data -model integration

Physical Model

Data-Driven ML Model

Al Foundation Model

Challenges:

A High computational costs;
A Large parameter uncertainty;

Our study:

A Efficient emulation:
A Generative Al for UQ.

Long Short-Term Memory (LSTM)
LSTM network learns system @ @ @
dynamics from observations of 4 Y. 1
environmental driversand
carbon/water fluxesto predict —[aa]
future carbon/water fluxes

LSTM simulates a
mapping for the inputs
over time to an output
U~ to consider the memory
effect of drivers.

- \
® @ &
Output: Observation of

carbon/water flux

Input: Observation of
environmental drivers

Challenges:

A Generalizing across space and time;
A Explainability, physical consistency;

A Reliability under changing conditions;

Our study:

A Advanced ML integrating diverse data;

A Interpretable Al for explainability;
A UQ to improve predictive reliability.

Data Al Foundation Applications
i Model
Image Weather, climate
Wf & : ) prediction
23 — e .
Spatiotemporal e . Climate
Training * Adaptation projection
—) 3
Time series ‘cllmat‘e
T simulation
AT downscaling
il p
- Database E3SM simulation
= acceleration

A Heterogeneous, unlabeled data;
A Diversemodeling application needs;

Our study:

A Billionsize Al foundation model
trained on CMIP6 climate data;
A Adapted for weather forecasting,
climate downscaling, and land model
acceleration.



| Physics-based land surface modeling needs model calibration |

A Physicdbased land surface modeling (LSM) requires
model calibration and ensemble simulations for UQ.

| O |
Emulation Generative Al

<

A High computational costf | A Land surface heterogeneity
of LSM simulations needs requires efficient UQ for
iImproved efficiency. rapid, sitespecific model

calibration at large scales.

Inverse
uncertainty |
guantification | 1

A We build a fast LSM
emulator from ensemble A We developed a diffusion

| runs and evaluate it for model to quickly generate
ety L | parameter estimation parameter posterior
propagation ! L 5 and uncertainty samplesgenabling fast,
-------------- i | quantification (UQ) to large-scale model

Informed ?

o | reduce runtime. calibration.

Uncertainty
reduction




| Emulation to reduce computational costs of LSM |
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A Inputs 8 parameters;

A Outputs:annual GPP in 1422 grid cells for 3
years, 42660 outputs;

A Time:one model run takes 24 hours.

U The resulted simple NN enables oly
training data to produce accurate
predictionsotherwise 200 data are
needed for the similar accuracy.

X Dimension reduction enabled an accurate NN-based emulator with fewer required samples.

A Lu, D., an®Ricciutg D.,GMD 20109.

Lu, D., et. alAMES2018.
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l Generative Al method (DBUQ) for efficient parameter calibration ]

A Obijective:draws samples to approximate posterior
distribution of parameter X given observed v,

p(X|Y =y) x p(Y = y|X)p(X)

A Our diffusionbased UQ (DBUQ) formulates a generative
modelFto draw the target samples,

XY = F(Y,Z;0)
x Use a NN to learn the relationship
between [Y, Z] and X|Y;

A After training, the NN evaluate Z to quickly generate A X]Y is the parameter of interest;
desired parameter posterior samples

A A neural network (NN) is trained to estiméfe

A Y is the observation variable;
XY atY =y A Zis the standard Gaussian variable.

X The generation of target samples of X|Y is computationally and memory efficient;

X For any given observational data, the NN generates corresponding parameter posterior samples
for UQ without the need for re-training the network.



| Apply DBUQ to improve LSM parameter calibration |

A Problem Use DBUQ to estimate 8 land surface model parameters;
— Parameter Parameter
A ObservationAnnual averaged latent heat flux (LH) for 5 years at the name range
Missouri OzarlAmeriFluxsite in 20062010; rootb_par [0.5, 4]
slatop [0.01, 0.05]
A Prior sample 1000 samples from LSM simulal Dprior = {(zj, i)} finr [0.1,0.4]
frootcn [25, 60]
A Two case studies: froot_leaf [03,15]
: . ) br_mr [1.5e-6, 4e-6]
0] Synthetlc case for method verification crit_dayl [35000, 45000]
0 Real observations application crit_onset_gdd [600, 1000]
A Compare DBUQ with MCMC for performance evaluation

DBUQ

A Input: 1000 LSM sample Dosior = {(z7,4;)} /-

A Output: a trained generatomwhich can be quickly
evaluated to generate target samples for any giver
observations;

Computing timex< 10 min for solving both cases

To I

Particularly suitable for sitespecific LSM calibration|
at a global scalelue to its computational efficiency
and amortized inference.

Surrogate + MCMC

A Input: 1000 LSM sample Pesicr = {(;.3) 11

A Procedurebuild an emulator on the LSM samples,
and then perform MCMC simulations on the
emulator;

A Output: a set of posterior samplesFor a different
observation, we need to reun MCMC;

A Computing time:~ 5 hours for one case to generat
the same number of posterior samples as DBUQ.




| DBUQ accurately and efficiently estimated model parameters |

Synthetic case |
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x DBUQ shows high accuracy in approximating the parameter posterior distributions.
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| DBUQ accurately and efficiently calibrated the land model |

Real observation case bl [
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x  DBUQ again shows high accuracy in approximating parameter posterior distributions.
x It showed accurate calibration, with prediction samples tightly enclosing the observations.

x DBUQ achieves comparable accuracy with MCMC with significantly less computational time.
A DBUQ: 10 mins for all the three case studies;
A MCMC: 5 hours for one case study:;

https://github.com/patrickfan/GenAl4UQ A Luet. al, JIGRMachine Learning and Computatic024.



https://github.com/patrickfan/GenAI4UQ
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Process-based Model \

Model calibration and UQ are critical to
improve prediction.

Advanced surrogate modeling and generative
Al for efficient model calibration and UQ.

/

Data-driven Model

Long Short-Term Memory (LSTM)

LSTM simulates a
mapping for the inputs
over time to an output

“ to consider the memory
effect of drivers.

LSTM network learns system
dynamics from observations of
environmental drivers and
carbon/water fluxesto predict -
future carbon/water fluxes

Output: Observation of

Input: Observation of .
Tenestrlal Ecosystem carbon/water flux

environmental drivers

A ML model has challenges in trustworthiness.

A How can we ensure that ML solutions
generalize across space and time?

A How do we verify that models are making
good predictions for the right reasons?

A How can we guarantee prediction reliability

Ty

under changing environmental conditions?

-




Advanced, explainable, reliable ML for land surface modeling

Advanced ML Explainable ML Reliable ML
A Integrate diverse data from satellite A Permutation analysis: SHAP A Bayesian neural networks
and sensor networks A Gradient-based method: IG A Gaussian processes
A Develop advanced model A Interpretable LSTM network A Ensemble-based methods
architectures . o
A Attention maps of transformer model A Prediction interval methods
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X Leverage diverse data and x Validate model decisions x Quantify prediction uncertainty
advanced ML models to improve ensuring physical consistency; to evaluate & ensure reliability

accuracy and generalizability. identify key drivers for prediction. under changing conditions.




| Transformer model to Improve long -term streamflow prediction |

Our Temporal Sequence Transformer (TST) model

A Problem Predict daily streamflow 30 days ahead:;

A Data Past weather observatiom@yme), future | E
weather forecast (ECMWF), and past streamflow v [EHSEHES [ °~f~*
x: - mjm z mfm Add&TNorm W
O*K v o 3 :{"‘" ms?—uofT
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- . e R
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0.65 Tew € s Series
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ee|  QUSGS Stram Locatons oo ML BRIl Acg2 SYO2RSNAER LINRPOSaa LJ a
ypertuning Location 5 5 1 7 14 30
0’ 0° 00 50 07 70° and one decode handles past streamflow data;
A A crosstemporal fusion module denoises and
x TST model achieved high accuracy and integrates encoder data, while the decoder uses
reliability in 30-day streamflow forecasts. crossattention to combine this with past flow data

for future predictions.

A TayalRenganathanandLu,ICML 2024. Ambika, Tayal, and LGRL under review. ”



| Transformer model achieved higher accuracy in long -term prediction |

Standard LSTM model

A TST model achieved higher accuracy than VIC model
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| Advanced ML models to improve spatial generalizability |

LSTM Geo-LSTM RS-LSTM

ML model to
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ML models integrating diverse data enhanced generalization

o Do To I

Problem Predict streamflow across the CONUS;

Data 35 years oCAMELS dataset 531 basins
and Sentinel satellite images;

Model: 4 ML models with diverse inputs;

Evaluate Model performance in spatiotemporal
out-of-sample prediction using the NSE metric.

1.0

Perform 3fold crossvalidation.

by
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A Tayal Renganathanand LUERL.2024.
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| Explainable ML improved our predictive understanding |
‘ SHAP (SHapley Additive exPlanations) \ ‘ |G (Integrated Gradients) \

A Explains the contributions of hydrological drivers to A Calculates input importance by integrating output
response predictions; gradientsw.r.t. input along a baseline path;

A Model agnostic, flexible, and widely used; A Computationally efficient; captures both individual

A Computationally expensive (¢ ) and unable to and interactive input contributions;
separateindividual and interactive contributions. A Improves understanding of multiriver mutual

Impacts.
R (a) ‘ = inflow WEE Temperature W Precipitation (a) mm inflow  Wem Temperature W Precipitation
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|
| e (g g &P
I \/

| 7-day ahead [ ] - - - ]

| inflow forecasting » ¥z Yo yr

_______________________

x SHAP and IG methods identified key drivers of reservoir inflow forecasts, improving
understanding, validating predictions, and supporting hydropower operations.

A Fan,Zhang, Liu, Yangnd LuFrontiers in Water2023.  Fan, Liu, and U} 2023.  Fan, Liu, L@angradeand KaoEMS 2023.
15



Interpretable ML can guide process

-based LSM development

‘ Transformer-based model

A+Aadad €t A1 S
improve prediction understanding.

Input Series Self-Attention Map
‘Jl ﬁf M‘
a Mw\ "
WALLNY
= =
—= =
—— =

Cross-Attention Map (H1) Cross-Attention Map (H2)

A Selfattention identifies temporal pattern of each driver;
A Crossattention captures relationships among drivers.

NEE (gCm~2d~1)

Interpretable LSTM (ILSTM)

¢NI yaT2N)¥SN Y2 RA LM etplaihsNafidbls and teiNf@ral Srépcitande?

through its advanced model architecture.

Interpretable LSTM

B8, iR o B e e A Uses variablavise
] T V { I J | X ]__ o CEXEY | otEanHlol hidden matrix;
B e i A Addstemporal and
©g @©Og ©g variable attention;
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A iLSTMachieved more accurate prediction;

AiLSTMevealednew variable relationships arttieir
temporal importance.

x Advanced interpretable ML models enhanced prediction accuracy, revealed learning
processes, and provided insights to inform process-based model development.

A Lu,Ricciutg and LiuJCLR2022. TayalRenganathanandLu,|CML, 2024,
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| ML model needs UQ for trustworthy prediction under climate change |

A ML model typically perform well under conditions similar to those they have been train
on but struggle with new, unseen conditions.

A Identifying the reliability of ML predictions is crucial for their effective use.
A UQ helps address the challenge of assessing ML model reliability in climate projectior

4.0

Annual average discharge (mol/d)

1.0 1

le9

A Use LSTM model to predict streamflow in East River, CO, from met. data.

3.5

3.0

2.5+

2.0

o0z 995 A Train on 20 years of data (blue dots in cool yeamsjlevaluate on
. M subsequent 19 years (red dots in warm years)
92 g013008 A LSTM performance deteriorates when extrapolating the warmer years.
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A Topp, S., Barclay, J., Diaz, J., Sun, A., Jia, X., Lu, D., Sadler, J., and ApRRROA2.
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| State-of-the -art UQ methods have limitations for scientific ML

Bayesian Neural Networks Deep Ensembles Prediction Interval (PI)
Hidden layer
T
Xy Uf@;%i@h Pt >0
o S IS M
X, . ’;‘(9) b ;‘{e y Prediction
‘.‘\‘: A :',:‘.‘;: ‘¥/} v Interval
x3 “‘ iél\! é‘)‘(\@ V Target
N SR |
@ @ 1npu|n-|->O
Input n
A Pros: A
o Full distribution to quantify A Pros: Pros: -
predictive uncertainty; o Simple to implement; o0 Understandable Uncertainty;
A Cons: ’ o No distributional assumption;
N _ o Easy to scale; A _
o Sensitive to the choice of A Cons: Cons:
prior distribution; G T - o No point estimates;
o Overconfident results; 0 aus§|an assurnpﬂon, 0 Unstable training and
o Slow to train: o Costin computing and unreliable performance;
. memory increases linearly 0O fdent t-of
o Difficult to scale. with #NN in the ensemble. 0 Lvercontident on out-or-

distribution (OOD) samples.




| Our UQ method, PI3NN, for trustworthy and reliable ML prediction |

A We developed a prediction interval method from three NNs to quantify prediction uncertainty.

Ste_p 1: Train NN "Q(e) to Step 2: Train NN 0p(e) to learn Step 3: Train NN vg(e) to learn
estimate y upper bound of the interval lower bound of the interval

Training data;” {o [h} " {(eHQ(e) I "Qe)}

Step 4: For a given confidence level, calculate the PI [0(e), "W ®)] via root-finding to determine| andf

0(e) "Q(e) | Uk(e) o) Qo) | 0p(e)

X PI3NN produces accurate and reliable uncertainty bounds that precisely enclose a

specified portion of data with a narrow interval width.
AlLiu, Zhang, Lu, and ZhahglLR, 2022



| UQ ensures reliable streamflow prediction under changing conditions |

Our UQ method produces prediction Catchment Quigley Catchment Rock creek
and its uncertainty using three NNs. L5 , 0.0
s dneeriaint yusng mree ! , e LR oo e 'M M'TII LLRUR
| Step 3: Train two d(?nse networks I up 1 k=) :g_ k=) 0.5 g
| to produce uncertainty bound 1 £ 1.0 0.5= £ =
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s i _; 10/15/2015 10/13/2016 10/05}'2016 10/04/2017
Rock creek - A In Quigley where test and training A In Rock Creek, LSTM cannot
R T conditions are similar, LSTM accurately  predict the test data well due to
phels o OF predicts the streamflow. data shift and new conditions.
—————— A Our UQ methodccurately quantifies A Our UQ methodletects this shift
prediction uncertainty consistent with by producing a wider uncertainty
T — the confidence level. consistent with larger errors.
A Input: precip, max and min air T
A" Output daily streamflow X Our error-consistent UQ method prevents overconfidence and
A Model: LSTM network ensures reliable predictions under changing conditions.

: 0 T
A UQ calculate 90% prediction Interval ALu et al. JHM 2022; Liu, Lu, Painter, Griffiths, and PiEroafiers in Water, 2023 oq



From physics -based to data -driven, now to Al foundation models

./ _ Process-based Model N
Al Foundation Applications
Model
Weather, climate
prediction
Spatiotemporal :
* Model calibration and UQ are critical to Cllmate
improve prediction. 2 .al . . -
* Advanced surrogate modeling and generative “ Traln lng Adaptatlon projeCtlon
\ Al for efficient model calibration and UQ. /' — —
_ - ~
Time series Climate
S adiads, . | simulation
Data-driven Model .‘,"' £ ¥ Ra downscaling

A

- Database E3SM simulation

acceleration

» Trustworthy prediction requires generalizable,
explainable, and reliable ML models.

* Advanced ML integrating diverse data to
improve generalizability;

* Explainable Al to ensure physical consistency;

*Utosupport ity under chaneing x An Al foundation model is a large-scale neural network trained on
| extensive, diverse datasets and adaptable to a variety of modeling tasks.
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| Al foundation model can advance Earth system modeling |
| Heterogeneous Data | | Scalable Model | | Various Applications |

A Observations from lab, AVision Transformer model AEarth system is a coupled syster
field, and satellite Alntegrate heterogenous data Alts simulation advances various
AModel simulation data A Scale with data size and resolution ~ scientific applications and

Impacts multiple sectors.

AFoundation models can save
effort, cost, and energy.

A Data have multiple types,
scales, and resolutions.

AThese heterogeneous data
cannot be fully integrated
by numerical models and —
taskspecific ML models.

Spatiotemporal

Foundation model:

e AlIntegrate rich, multimodal data
< = AReduce reliance on labeled data g
Almprove accuracy, efficiency, and generalizatior:
AEnsure high versatility

Time series & = ™ Database
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| ORBIT: our Al foundation model for Earth system modeling |

Pre-train on CMIP6 Develop large VIT models to enable effective learning
simulation dataset of Earth systems from extensive data
A Simulation data front0 AEE pEEE RS TITT A ORBIT haour
; 15 ] St model sizes
A Each model provides 65 to 35 ool B with 115M, 1B,
100 years of data at 6h L7l [HEH| b3 nlE 10B, and 113B
interval: ¥ i 54 R parameters.
- - - B :::m =l |3 A It is the largest
A Consider 91 variables with — |[ogEg| @ 3| | g
spatiatres 0f128*256; IS I [ Y Al modetfor
2 LE Earth system.

A 1.2 million data point and Temperaure
223.6 billion tokens.

Earth System Grid Feder -ation

Larger models are more effective in Earth system modeling

100,000 A Asmodel size increases, the required
£ 0000 training samples decreases in Earth systel
3 60000 modeling finetuning tasks;

o 40,000
2 20000 I l B A This dateefficiency can lead to significant

0
A Use ESGF to access data and 15 108 cost and time savings in various Earth

Madel size

PMP to select quality data. system modeling applications.

The World Climate Research Programme’s
Coupled Model Intercomparison Project

Metrics Package
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| ORBIT achieved strong scaling efficiency on Frontier supercomputer |

—— e — ————————— —— e —— —— ——— — —————

CPU _i CPU _i .
Node1 [CPU | [OPU | i INodes [opu ] [Py X We develop a novel hybrid moddata-sequence
ansor Tensor- -
GPU1 | GPU2 ,,T,a,aued RN porauot parallelism that merges

°°'°d I““"'*“ A Tensor

Tensor | Tensor

”’a“"‘“"" A Pipeline
Pipeline Pipeline |<:>| PEJrE Pipeline A Data

I

|
Nodes | CPY ] [cPU INode7 | A Squence
=i ]Tensor o 13 | CrUe ];ens;;rll parallelismorthogonally to accelerate ORBIT training.
[ parallel| arallel

I

Node | Nodea
| _ T Tensor-| Tens&rL:
aralle .e .
L I paratel | parafiel U ORBIT achieves 1.6

A
I I
R ' o
L i | | bmaine Piostine JI exaflop sustained

______________ computing throughput
on 6,144 Frontier nodes

Collaborating with (49,152 GPUS), with
_ _ : S), Wi
A Microsoft DeepSpeed4Science Team strong scaling efficiency

A AMD Team on Frontier platforms for Al between 44% to 85% for

Jparall.el|
L _A__] | -

Pipeline Pipeline

Sequence-Parallel Sequence-Parallel

| ENT model sizes of 100M,
mn Microsoft AMDEN 1B, 10B, and 113B.
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