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Land carbon cycle predictions are uncertain, but have

significant consequences
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Uncertainty in Land Model Parameters

Surface energy fluxes Hydrology
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Example of Parameter Uncertainty: Stomatal Conductance

Carbon dioxide enters, while water and
oxygen exit, through a leaf's stomata.

Broadleaf Deciduous Trees
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Image: evolution.berkeley.edu Data from Lin et al. (2015)
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Example of Parameter Uncertainty: Stomatal Conductance

Broadleaf Deciduous Trees

The slope of this line is an 0.25 .
important model parameter, but its @ ¢ o
value is uncertain. IS
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Can we use machine learning to quantify parameter

uncertainty?

Hand-tuning
parameter values
takes a long time
(many model runs,
trial and error).

Use value fﬂ
Can we use machine

learning to streamline
thls process? Q%Qﬁ
Different but-still-

reasonable value
Z x gives better answers

Add new structure to
account for new knowledge

Find new study:
update old, wrong
parameter value

Two alternative
algorithms for poorly
understood process.

Figure from Rosie Fisher

NCAR 6/24/20

UCAR



Neural Networks as Land Model Emulators

Input: parameter values
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Output: land model

Neural network emulator
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Network image: http://cs231n.github.io/neural-networks-1/
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Surface warming (K)
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Emulation of Climate Models Using Neural Networks

Emulating changes in global average

surface temperature
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Machine Learning Roadmap

1. Train: Build and train a series of neural networks (NNs) to predict
land model output, given parameter values as input.

2. Emulate: Use trained NNs as land model emulators to make
predictions with increased computational efficiency.

3. Calibrate: Minimize error in predictions relative to observations;
generate optimal parameter values and distributions.

4. Test: Use optimal parameter values to investigate changes in
model predictive skKill.
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Neural Networks as Land Model Emulators

Step 1: Train

Output: land model perturbed
Neural network emulator parameter ensemble

Input: parameter values

v

Transpiration

>

Throughfall

(X
N %
YaR

Sublimation Evaporation g, face

Melt Infiltration runoff

output layer

input layer
hidden layer 1 hidden layer 2

'impermeable Bedrock | #

A machine learning algorithm is trained to predict land model output, given parameter values as input.

NCAR

UCAR ‘ 6/24/20 K. Dagon



Generating the Training Data

Distribution of model
responses (EOF1 of gross
primary production, or GPP)

Land model* perturbed physics Predict modes of variability of
ensemble (PPE) using 100 carbon and water fluxes
parameter combinations generated / EOF 1 GPP
with Latin Hypercube sampling
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*Offline land-only simulations forced by atmospheric reanalysis data
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Adventures in Pre-Processing!
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Adventures in Pre-Processing!

inputdata = np. (file , allow_pickle

When to use a Sequential model

outputdata np.
A Sequential model is appropriate for a plain stack of layers where each layer has exactly one

input tensor and one output tensor.
nmodes outputdata.

Schematically, the following Sequential model:

Xx_train = inputdatale:60]
x_test = inputdatal6 2]
x_val inputdatal[8o:
y_train = outputdata[0:60]
y_test outputdata(60:80
y_val = outputdatal[se:]

keras.Sequential(

layers.Dense(2, activation="relu", name="layerl"),
layers.Dense(3, activation="relu", name="layer2"),
layers.Dense(4, name-="layer3"),

maxnode

minnode 1 tf.ones((3, 3))
model(x)

metrics=[]
eps [1

https://keras.io/guides/sequential _model/

(minnode,maxnode+1):
In this example, we will evaluate learning rates on a logarithmic scale from 1E-0 (1.0) to 1E-7

(minnode,maxnode+1): and create line plots for each learning rate by calling the fit_model() function.

( )
(i,j)

1 # create learning curves for different learning rates
Z2 learning_rates = [1E-@, 1E-1, 1E-2, 1E-3, 1E-4, 1E-5, 1E-6, 1E-7]

. . 3 for i in range(len(learning_rates)):
# determine the plot number
E plot_no = 420 + (i+1)

pyplot.subplot(plot_no)

J u pyte r 7 ﬁ_ht model CH:IG plot !.EDI'V‘U’IQ curves for a Len_lr‘rm‘u;; ru:e_e
model - Sequential() MABHINE - 7Vflt—m?‘??u,t_"?mx’7"‘“”}” testX, testy, learning_rates[i])
model.add(Dense(i, input_dim=inputdata. [1], activation , LEARNING 39 Zy;hg“: l;;;g”.@ c
kernel_regularizer=12(.001))}) v ’ ‘
model.add(Dense(j, activation , kernel_regularizer=12(.001))) MASTERY - -
model.add(Dense(nmodes) ) https://machinelearningmastery.com/understand-the-d
of-learning-rate-on-deep-learning-neural-networks/

np.

UCAR ‘ 6/24/20 K. Dagon 13
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Neural Networks as Land Model Emulators

Step 1: Train

Input: parameter values

S1 x1,2

x1,1 x1,3 x1,4 x1,5 x1,6
S2 x2,1 x2,2 x2,3 x2,4 x2,5 Xx2,6

S3 x3,1 x3,2 x3,3 x3,4 x3,5 x3,6

S100 x100,1 x100,2 x100,3 x100,4 x100,5 x100,6

2-layer feed-forward artificial neural
network (ANN)

Input Layer

Output: land model perturbed
parameter ensemble

PPPPPPP

PPPPPPP

Train to predict spatial variability (first 3 EOFs) of gross primary production (GPP).
Separate emulator built for first 3 EOFs of latent heat flux (LHF).
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Hyperparameter Optimization

Primary ANN configuration options:

2-layer feed-forward artificial neural
network (ANN)

= Number of hidden layers Input Layer

Hidden Layer 1 Hidden Layer 2

Number of nodes/neurons in each layer

= Activations between layers (e.g., linear, nonlinear)

= QOptimization algorithm

= Learning rate

= Batch size

= Number of training epochs

NCAR
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Hyperparameter Optimization

Input Layer

Primary ANN configuration options: .

= Number of hidden layers
2 layers improved performance over a single hidden layer.

= Number of nodes/neurons in each layer

lteratively test between 5-15 nodes in each layer, then

ANN Activation Functions

select best performing configurations based on error 9 e~ Optimization Algorithms ¢
metric and predictive skill. tanh S5 Mamentumn
| — relu — NAG
. . . . Pl — e — Adagrad
= Activations between layers (e.g., linear, nonlinear) — leaky relu Adadelta
10 Rmsprop

ReLU improved over linear for first activation; tanh
improved over sigmoid for second activation.

054

Activation

0.0 4

= QOptimization algorithm

RMSprop improved predictive skill over SGD.

=101

20 -15 -10 -05 00 05 10 15 20
Input

_ Figure from
Figure from DJ Gagne https://imaur.com/a/Haolp#NKsFHJb
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https://imgur.com/a/Hqolp

Hyperparameter Optimization

» Learning rate: how much does the
model change in response to error?

Comparing learning rates and plotting
learning curves over the training process.

Learning rate of 0.01 provided a good
compromise on convergence and
accuracy.

Metric = mean squared error between
emulator predictions and actual model output

NCAR
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Hyperparameter Optimization

batch size=2 batch size=5
» Batch size: number of subsamples 2 —— train
] g 600 A — test 750 A
used to calculate the error gradient 2 oo oo
g
< 200 - 250
5
. . . . Z 0 0
Comparing batch sizes and plotting learning : 40 oo o T 0 40 co 5o 100
curves over the training process. Epochs
batch size=10 batch size=20
1000 A
Batch size of 20 provided a good —
compromise on convergence and accuracy. 500
250 A
O i T T T T
0 50 100 150
batch size=30 batch size=50
1000 A 1000 A
750 A 750 -
500 500
250 A 250 -
Metric = mean squared error between 04 | . . . . 0L | . .
emulator predictions and actual model output 0 50 100 150 200 250 0 50 100 150
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Hyperparameter Optimization

= Batch size: number of subsamples
used to calculate the error gradient

Comparing batch sizes and plotting learning
curves over the training process.

Batch size of 20 provided a good
compromise on convergence and accuracy.

= Number of training epochs: how long to run
the training process

Early Stopping used to determine number of epochs.

Metric = mean squared error between
emulator predictions and actual model output

NCAR 6/24/20
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Assessing Emulator Performance

EOF1 GPP

04 NN predicted vs. land
model EOF1 GPP
0.3 L
n . o ® L
S 0.2 e
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S °
£ 0.1
=2
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0.0 1
20% @ validation
—0.1 | 60% @ training
20% @ testing
—0.2 ";’// T T T T T T
—-0.2 ~0.1 0.0 0.1 0.2 0.3 0.4

NCAR

CLM Model Output
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Testing different ANN architectures:

1.

lteratively test ANN hyperparameters, selecting
best performing configurations.

For the best configurations, randomly resample
training data 100 times to test variability of
performance.

Select network with highest skill AND lowest
variability as final configuration.

Input Layer

UCAR



Out-of-Sample Prediction

Second ensemble (EOF1 GPP),

Original ensemble (EOF1 GPP) different random parameter values
0.4 1 ol 0.4 7
/// ///
/, //
0.3 1 R 0.3 1 g
’ 7 o
0 o e °
) 7’ n 7 o
5 0.2 e, ® £ 0.2 7
i * 8 e ®
o () “‘ ° ® v o ®
-’ g res |
a 0.1 ® ’ a 0.11 ’, [ ]
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= o’ = .:r
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~0.1- r° =0.95 r? =0.92
'
//
_0.1 0.0 0.1 0.2 0.3 0.4 —0.1 0.0 0.1 0.2 0.3 0.4
CLM Model Output CLM Model Output
“Best” emulator trained on random Same emulator; different random parameter values and
parameter values and model output. resulting model output. Predictive skill is comparable.

Dagon et al., in review
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Neural Networks as Land Model Emulators

Step 2: Emulate

Output: land model
Input: new parameter

e predictions
values and combinations Trained neural network emulator

EOF1 GPP
Input Layer
175 - I  Inflated Ensemble, n=1000
Hidden Layer 1 Hidden Layer 2
S1 11 x12  x13 x4  x15  x16 \\\ .

s CLM PPE, n=100

S2 x2,1 x2,2 x2,3 x2,4 x2,5 x2,6

S3 x3,1 x3,2 x3,3 x3,4 x3,5 x3,6

&
A
5

Ll
7

S1000 x1000,1 x1000,2 x1000,3 x1000,4 x1000,5 x1000,6

-0.1 0.0 0.1 0.2 0.3 0.4

The trained neural network can be applied to test new parameter values and combinations, much
more quickly and efficiently than running the climate model.

BEQE 6/24/20




Increase in Computational Efficiency

Land model perturbed
parameter ensemble

Machine learning emulator

Input Layer

5. . .
0 ~2 hours per 0 2.6 seconds to
simulation generate predictions!

NCAR
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Model Interpretation: Variable/Feature Importance

GPP Original

‘ Transf
4

medlynslope

dleaf

G Kmax

fff

dint

baseflow_scalar

Kennedy et al.
(2019)

EOF1 Gross Primary Production

0.000

0.005

0.010 0.015 0.020

Mean Squared Error

Variable/Feature Importance

LHF Original

medlynslope

dleaf

kmax

fff

dint

baseflow_scalar

0.000

EOF1 Latent Heat Flux

Medlyn et al.
(2011)

0.004 0.006 0.008
Mean Squared Error

0.002

0.010

« Randomly shuffle values of one parameter (preserving others) and test performance of emulator.
« Skill metric is mean squared error between predictions and actual values.

« Larger bar means the parameter is more important to the predictive skill of the emulator.

NCAR 6/24/20
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Model Interpretation: Partial Dependence Plots

» Test why a certain parameter is
important, and plot where in its
uncertainty range it is most important.

* Fix values of each parameter one at a
time, and test performance of
emulator across ensemble members.

» Regions of non-zero slope indicate
where in the parameter range the
emulator is sensitive.

= individual predictions (n=100)
Bolded lines = average prediction

NCAR
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0.14
o1
_02 4
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Dagon et al., in review
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Machine Learning Roadmap

Train: Build and train a series of neural networks (NNs) to predict
land model output, given parameter values as input.

. Emulate: Use trained NNs as land model emulators to make

predictions with increased computational efficiency.

Questions so far?




Machine Learning Roadmap

1. Train: Build and train a series of neural networks (NNs) to predict
land model output, given parameter values as input.

2. Emulate: Use trained NNs as land model emulators to make
predictions with increased computational efficiency.

3. Calibrate: Minimize error in predictions relative to observations;
generate optimal parameter values and distributions.

4. Test: Use optimal parameter values to investigate changes in
model predictive skKill.




Optimizing the Emulator

Step 3: Calibrate

EOF1 GPP EOF1 LHF

35 == FLUXNET obs
= C|M default value
s CLM PPE
30 A
25 H .
Observations
9 20 / 9
° . Model (CLM) with o
default parameter
10 - values
5 -

-0.1 0.0 0.1 0.2 0.3 0.4




Optimizing the Emulator

Step 3: Calibrate

EOF1 GPP EOF1 LHF

35 1 === FLUXNET obs
BN CLM PPE
[ NN Predictions
30 1
25 - C i
an we optimize the
predictions so the emulator
£ 20 gives us the parameter values
3 that best fit observations?
@]
15 |
10 |
5 -
O .

NCAR
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Optimizing the Emulator

Step 3: Calibrate

EOF1 GPP EOF1 LHF
351 == FLUXNET obs I
= CLM default value |
30 - == = Qptimized predictions I
B CLM PPE I
[0 NN Predictions I
25 A I
I
2 20 1 ) I
S C
> 5 I
S o
o S |
15 -
I
I
10 - |
5 -
0 .

-0.1 0.0 0.1 0.2 0.3 0.4
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Testing the Emulator Predictions

Step 4: Test

EOF1 GPP EOF1 LHF
35 - e FLUXNET 0Obs 16 - 1 -
= C|M default value | :
30 == = Optimized predictions 14 - | :
== s CLM test case | :
12 n n
,5 - mmm CLM PPE |-
NN Predictions [
" " 10 ~
= 20 - 2 I
3 3 8- |
O O
15 - |
6 - |
10 - [
47 |
5 - 2 -
0 - 0 -
-0.1 0.0 0.1 0.2 0.3 0.4 -0.2 -0.1 0.0 0.1 0.2

Dagon et al., in review
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Testing the Emulator Predictions

Step 4: Test

Actually have 6 targets
for calibration and
optimization!

NCAR

6/24/20

EOF1 GPP

EOF1 LHF

o
£ 201
5

= FLUXNET obs

e CLM default value

== = Optimized predictions
=== CLM test case

s CLM PPE

[ NN Predictions

0.1 0.2 . 0.4

EOF2 GPP

16 4
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12 4

10 A
)

o N IS o ©
P n L s s

-0.1

0.0 0.1 0.2

EOF2 LHF

-0.1 0.0 0.1

EOF3 GPP
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EOF3 LHF

254
20 4

0
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Dagon et al., in review
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Testing the Emulator Predictions

Step 4: Test o 50, Oplimized OLM- Observatons  gon'asy,  aee | Defaylt CLM ;Observations  sor'csy
« Additional sources of F
uncertainty (forcing, F
observations, structural _ F ] _
biases, other parameters) B R L . A, V0 P e 0 P O SN A T AL W
e .
. ChOice Of Output Variables -3 24-18-12-06 0 06 1.2 1.8 24 3

W m? LHF W m?
GON b b

(GPP and LHF)

« Choice of metrics (annual o
mean spatial variability as .
determined by EOF analysis) s
R T e e ——
30 24 18 -12 6 0 6 12 18 24 30 Dagon et al., in review

NCAR
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Putting results in the context of climate predictions

Input: Parameter
posterior distributions

medlynslope dleaf kmax

40 A

30 A

© 20

101

0 d
0.9 . 028 029 0.30 031

baseflow_scalar

0.40 0.45 0.50 0.55
fff dint

DIFFERENT neural network to emulate future
climate response of land surface model

40 A

35 1
30 A
8 25
£
5
3 20
154
10
5

0- B d
0.00 0.01 0.02 0.03 0.80 0.85 0.90 095 1.00 0.0 0.1 0.2

Best estimates for
parameter values to
match observations
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I’f .A”O"& ®
-~ 28
\‘.'L“\{ . output layer

input layer
hidden layer 1

—_—

hidden layer 2

Output: Predicted change
in GPP accounting for
parameter uncertainty

I Full Parameter Space
I Posterior Distribution

—-45 —-40 -35 -30 -25
Global Mean Change in GPP (gC/m2/yr)

Dagon et al., in prep
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Understanding and Communicating Uncertainties in Modeling

B Full Parameter Space
EEm Posterior Distribution

~ e
L 1 0 | ! 1 1 1 | 1 1 1 | L ,\‘\g;lé*.’
Y i - A0
O 8 - COUpled Climate- - A\\ . output layer
(@) 71 Carbon Cycle Model - input layer
al 6 1 Intercomparison Project i EESSEERES DRSS
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2 2 : Number of active COVID-19 cases in CO
[
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Year )
Source: MGH COVID-19 Simulator
https://analytics-tools.shinyapps.io/covid19simulator/
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https://analytics-tools.shinyapps.io/covid19simulator/

Summary

*» Parameter choices are a major contributor to uncertainty in land model
predictions.

*+ Neural network emulators can be trained to reproduce land model output
with greater computational efficiency.

*» Emulator predictions are optimized to minimize error between model and
observations.

* Machine learning can help us understand and communicate uncertainty in
modeling climate predictions.

Dagon, K., B.M. Sanderson, R.A. Fisher,

Thanks! kdagon@ucar.edu | and D.-M., Lawrence, A machine learning
. . approach to quantify biophysical
Questions? , @katiedagon parameter uncertainty in the Community

Land Model, version 5, in review.
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Land Model Parameters

» Biophysical features (e.g., surface energy balance, hydrology, carbon uptake)

 Individual parameter uncertainty ranges determined by literature review, updated
observations

« Parameter selection based on a series of sensitivity tests with objective metrics

Name Biophysical parameter description

medlynslope Slope of stomatal conductance-photosynthesis relationship
dleaf Leaf boundary layer resistance parameter

kmax Plant hydraulic stress parameter

fff Surface runoff parameter

dint Soil evaporation parameter

baseflow scalar |Sub-surface runoff parameter




Parameter Sampling for PPE

PPE parameter values
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EOF1 GPP

EOF Analysis

EOF2 GPP
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EOF2 LHF
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Parameter Regressions
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