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Abstract

Machine-learned uncertainty quantification (ML-UQ) has become a hot topic in environmental science, especially for neural
networks. Scientists foresee the use of ML-UQ to make better decisions and assess the trustworthiness of the ML, model. How-
ever, because ML-UQ is a new tool, its limitations are not yet fully appreciated. For example, some types of uncertainty are
fundamentally unresolvable, including uncertainty that arises from data being out of sample, i.e., outside the distribution of the
training data. While it is generally recognized that ML-based point predictions (predictions without UQ) do not extrapolate
well out of sample, this awareness does not exist for ML-based uncertainty. When point predictions have a large error, instead
of accounting for this error by producing a wider confidence interval, ML-UQ often fails just as spectacularly. We demonstrate
this problem by training ML with five different UQ methods to predict shortwave radiative transfer. The ML-UQ models
are trained with real data but then tasked with generalizing to perturbed data containing, e.g., fictitious cloud and ozone
layers. We show that ML-UQ completely fails on the perturbed data, which are far outside the training distribution. We also
show that when the training data are lightly perturbed — so that each basis vector of perturbation has a little variation in the
training data — ML-UQ can extrapolate along the basis vectors with some success, leading to much better (but still somewhat
concerning) performance on the validation and testing data. Overall, we wish to discourage overreliance on ML-UQ), especially

in operational environments.
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Abstract

Machine-learned uncertainty quantification (ML-UQ) has become a hot topic in envi-
ronmental science, especially for neural networks. Scientists foresee the use of ML-UQ

to make better decisions and assess the trustworthiness of the ML model. However, be-
cause ML-UQ is a new tool, its limitations are not yet fully appreciated. For example,
some types of uncertainty are fundamentally unresolvable, including uncertainty that arises
from data being out of sample, i.e., outside the distribution of the training data. While

it is generally recognized that ML-based point predictions (predictions without UQ) do
not extrapolate well out of sample, this awareness does not exist for ML-based uncer-
tainty. When point predictions have a large error, instead of accounting for this error

by producing a wider confidence interval, ML-UQ often fails just as spectacularly. We
demonstrate this problem by training ML with five different UQ methods to predict short-
wave radiative transfer. The ML-UQ models are trained with real data but then tasked
with generalizing to perturbed data containing, e.g., fictitious cloud and ozone layers.

We show that ML-UQ completely fails on the perturbed data, which are far outside the
training distribution. We also show that when the training data are lightly perturbed

— so that each basis vector of perturbation has a little variation in the training data —
ML-UQ can extrapolate along the basis vectors with some success, leading to much bet-
ter (but still somewhat concerning) performance on the validation and testing data. Over-
all, we wish to discourage overreliance on ML-UQ), especially in operational environments.

Plain-language summary

Machine-learned uncertainty quantification (ML-UQ) — i.e., ML models that re-
turn both a point prediction and an estimate of their own uncertainty — is a hot topic
in environmental science. Recent developments in ML-UQ have generated much excite-
ment, but this excitement should be tempered by an awareness of its limitations. For
example, just like basic ML (with only point predictions) extrapolates poorly outside the
distribution of its training data, so do uncertainty estimates from ML-UQ. This can lead
to catastrophic errors, i.e., very wrong predictions made with high confidence (low un-
certainty). We demonstrate this problem across a range of ML-UQ methods and address
a way to alleviate the problem.

1 Introduction
1.1 Machine-learned uncertainty in environmental science

For as long as machine learning (ML) has been used in environmental science (ES),
both developers and users have been interested in how uncertain the predictions are. This
uncertainty quantification (UQ) is especially important for high-impact applications, such
as severe weather, where an incorrect prediction can cost property and human lives. The
computer-science literature has recently made breakthroughs in ML models that quan-
tify their own uncertainty (ML-UQ), which could be a game-changer for high-impact ML
applications in ES. The next step is for the ES community to familiarize itself with these
new ML-UQ tools and modify them to best suit the unique needs of ES applications. This
work is already in progress (Rasp et al., 2018; Wimmers et al., 2019; Scheuerer et al.,
2020; Baran & Baran, 2021; Bihlo, 2021; Barnes et al., 2021; Clare et al., 2021; Ghazvinian
et al., 2021; Orescanin et al., 2021; Scher & Messori, 2021; Veldkamp et al., 2021; Chap-
man et al., 2022; Garg et al., 2022; Klotz et al., 2022; Ortiz et al., 2022; Schulz & Lerch,
2022). Specifically, the ES community is asking the following questions:

1. Which ML-UQ methods are reasonably easy to learn and implement?
2. Which methods are available for classification (predicting a category) vs. regres-
sion (predicting a continuous real number)? The computer-science community of-
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ten develops methods for classification tasks, whereas many ES problems are re-
gression tasks.

3. What is the best ML-UQ method for a given application? Just like the quality of
point predictions (i.e., single predictions without UQ, often called “determinis-
tic”) can be evaluated with objective tools, so can the quality of uncertainty es-
timates. See Haynes et al. (2023, henceforth H23) for an overview of UQ evalu-
ation.

We are particularly interested in the last question. Specifically, we take one step
further back and ask:

1. Are there fundamentally unresolvable types of uncertainty (i.e., that cannot be
captured with any UQ method)?

2. If so, what real-world scenarios create unresolvable uncertainty? What are the im-
plications for using ML-UQ in operations? For example, how should the uncer-
tainty estimates be interpreted, knowing that they might completely miss some
types of uncertainty?

We are interested in these questions because we foresee a danger of scientists relying too
heavily on ML-UQ.

1.2 ML-UQ is not magic

To understand why we are concerned, let us briefly recap the state of ML in ES.
ML has shown great promise in terms of improved accuracy and faster execution, rel-
ative to process-based models. Although these advantages have been demonstrated for
many ES applications, users, such as operational weather-forecasters, have been slow to
accept ML into operations (Gil et al., 2019; Reichstein et al., 2019). The primary rea-
son is that ML is not guaranteed to generalize well to out-of-sample data (Buiten, 2019)
— e.g., locations, seasons, or physical regimes that were not included in the training data.
In contrast, process-based models, which employ known laws of physics, typically gen-
eralize much better out-of-sample. Also, where process-based models make an approx-
imation, users generally understand the potential impacts — e.g., situations where the
model is thereby inappropriate. This understanding is much harder to build for ML mod-
els.

One hope is that recently developed ML-UQ methods can help indicate situations
where an ML model is inappropriate, i.e., where it will produce unacceptable errors. How-
ever, this hope rests on the assumption that the model’s estimates of its own uncertainty
are highly correlated with its error — i.e., that the model “knows when it is wrong”. It
is our subjective experience that scientists do not question an ML model’s uncertainty
estimates as much as they question its predictions. In particular, scientists do not con-
sider the possibility of catastrophic errors: extremely wrong predictions made with high
confidence (low uncertainty). The concept of catastrophic errors, especially arising due
to unresolvable uncertainty, is at the core of this manuscript.

1.3 A few examples of unresolvable uncertainty

An ML-based UQ method (e.g., Bayesian neural network) must ground its uncer-
tainty estimates in the training data, just like the base ML model (e.g., neural network)
must ground its predictions in the training data. No other information is provided to the
model. Thus, if a physical relationship exists in the real world but is not represented in
the training data, it will not be learned by the base model or ML-UQ method. From this
insight, we construct three scenarios that any ML-UQ method would struggle with.



114 Scenario 1: Missing variable. The target variable y depends strongly on a vari-

115 able not included in the predictors. This scenario is common, as some variables cannot
116 be measured and a limited number of variables can be included in an ML model. Specif-
117 ically, consider an example where y is a function of two variables, Tynown and Tunknown,
118 but only Zxnown is included in the predictors. Let the model be f with a probabilistic
119 output vector Ypred, which represents the full predicted distribution. (For example, if f
120 is an ensemble model, each element of ¥/,;0q is one member of the ensemble; if f is a para-
121 metric model assuming the normal distribution, the two elements of §;.q are mean and
122 variance; ...; etc.)

ytrue(zknowna xunknown) = Tknown * Lunknown (1)

gprcd (l'known) = f(xknown)-
123 Since yirue depends strongly on Tynknown but the model does not have access to0 Tunknown,
124 the distribution #preq — including any point prediction (e.g., the mean) and any mea-
125 sure of uncertainty (e.g., the variance) — will lack skill. In other words, the model’s point
126 predictions will be poor, and the tool designed to alert us when point predictions are poor
127 — namely UQ — will fail as well. Although this example is extreme, unresolvable uncer-
128 tainty can arise in other ways. The point of this example is to illustrate that any UQ
129 method will fail to alert us to the model’s poor predictions.
130 Scenario 2: Variable constant in training data. y depends strongly on a vari-
131 able x. that, although it is included in the predictors, takes a constant value over all the
132 training data. In general, though, x. is not constant. Specifically, consider an example
133 with one other predictor, z:

A . 2)

ytrue(xwrc) =T T,
gpred(xaxC) = f(z,z.) = f(x)

134 Although both z and z. are provided to the model f , it cannot learn anything from a

135 variable that does not actually vary in the training data. Replacing z with xnown and

136 Te With Zunknown, FEquation 2 becomes Equation 1, so uncertainty arising from z. is un-

137 resolvable. For a more intuitive example, consider a climate model trained to predict global-
138 annual-averaged temperature (GAAT), with one of the predictors being COs concentra-

139 tion (¢). All training samples contain the year-2000 value, ¢ = 370 ppm; but the model
140 is then applied to year-2100 data, with ¢ = 600 ppm. The year-2100 data are out of sam-
141 ple with respect to ¢, leading to unresolvable uncertainty and catastrophic errors. Specif-
142 ically, the model will severely underpredict GAAT with high confidence.

143 Scenario 3: Missing basis vector in training data. y depends strongly on vari-
144 ations along a basis vector b of the predictor space, but the training data contain no vari-
145 ation along this direction. Scenario 3 is a more general example of scenario 2, where b

146 = Z.. Scenario 2 is unlikely because it is easy to spot (e.g., by plotting a histogram of

147 every predictor variable), whereas scenario 3 is hard to spot, because it is hard to know

148 all the important basis vectors in a dataset, especially for high-dimensional data. As our
149 experiments in Sections 5 and 6 show, if an important basis vector (e.g., thickness of the
150 ozone layer) is not well sampled in the training data, this can lead to catastrophic out-

151 of-sample errors. (We use the term basis vector loosely; in the strict definition all ba-

152 sis vectors of a space are orthogonal, which is not necessarily true in our data. The term
153 “latent variable” or “latent-space vector” would be more accurate (Van et al., 2020), since
154 latent spaces do not imply orthogonality, but we feel that “basis vector” is more famil-

155 iar to an ES audience.)

156 1.4 Our sample application: Shortwave radiative transfer

157 Simulating radiative transfer (RT) — i.e., heating of the atmosphere due to the scat-
158 tering and absorption of radiation by particles such as hydrometeors, water vapour, aerosols,
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and trace gases — is a key part of numerical weather prediction (NWP). However, ex-
isting RT models are computationally expensive, which slows down NWP. In previous
work (Lagerquist et al., 2023, henceforth L23) we demonstrated that one of these mod-

els, namely the Rapid Radiative Transfer Model (RRTM; Tacono et al., 2008), can be em-
ulated accurately and quickly with neural networks. The current study builds on L23

and focuses entirely on UQ, which is not included in L23 or the RRTM. We focus on short-
wave radiation (wavelengths of 0.2-12.2 pm), which is largely of solar origin.

Note that the goal of this paper is not to generate new insights for the application
of emulating RT. Rather, we use this application because it is an ideal setup to exper-
iment with the scenarios of unresolvable uncertainty discussed above. Because we are
using ML to emulate another model (the RRTM), we can freely modify the inputs (pre-
dictors) and use the RRTM to compute the corresponding correct outputs (targets). We
use this setup to explore the following questions:

1. Can we observe the theoretical scenarios from Section 1.3 in practice? i.e., Can
we cause ML-UQ to fail catastrophically for such scenarios?

2. How drastic are the failures in practice? Do some U(Q methods fare better than
others? Are there simple ways to address the failures?

1.5 Organization of this manuscript

First, we create out-of-sample data that should confound any ML-UQ method. Specif-
ically, we perturb the validation and testing data along several basis vectors (e.g., thick-
ness of the ozone layer) that have very little variability in the training data. Second, we
train models with five different ML-UQ methods and apply them to the perturbed val-
idation and testing data, verifying that all five methods produce catastrophic errors. Third,
we explore whether we can reduce these catastrophic errors by perturbing the training
data just a little along each basis vector.

2 Input data

This section is a brief overview of the predictor and target variables, referring to
L23 for details. The RRTM and ML-based emulators have the same target variables and
mostly the same predictor variables; the emulators have two extra predictors, for rea-
sons discussed in Section 2a of L23. For the target variables, values produced by the RRTM
are considered ground truth, or “labels” in ML terminology.

2.1 Predictor variables

We use 26 predictor variables, summarized in Table 1. Most of these variables are
available in output files from version 16 of the Global Forecast System model (GFSv16;
see 2021 update at https://www.emc.ncep.noaa.gov/emc/pages/numerical _forecast
_systems/gfs/documentation.php), but a few are not. For these synthetic variables,
we create fictitious data, following Section 2b of L23. For the GFSv16 variables, we ex-
tract forecast profiles at locations around the globe from 0000 UTC model runs on dates
from Sep 1 2018 to Dec 23 2020. Thus, our dataset is global in terms of both geographic
location and seasonality — i.e., covers all times of year at all locations. For more details
on the GFSv16 variables, see Section 2a of L23.
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Table 1: Description of predictor variables. “Scalar?” indicates whether the variable is
scalar, versus a full profile. “Synthetic?” indicates whether the values are synthesized
from fake data, versus taken from GFSv16 output. “ML only?” indicates whether the
variable is used only in the ML-based emulators, versus both ML, and RRTM. “AGL” =
above ground level. Downward LWP at height z is LWC integrated from the top of the
profile down to z, and upward LWP at height z is LWC integrated from the bottom of the
profile up to z. Downward IWP, upward IWP, downward WVP, and upward WVP have
analogous definitions.

Variable | Units | Scalar? | Synthetic? | ML only?
Temperature K
Pressure Pa
Specific humidity kg kg!
Relative humidity _
Liquid-water content (LWC) kg m™®
Ice-water content (LWC) kg m™®
Downward liquid-water path (LWP) kg m™2
Downward ice-water path (IWP) kg m™
Downward water-vapour path (WVP) | kg m™
Upward LWP kg m™>
Upward IWP kg m™>
Upward WVP kg m™>
O3 mixing ratio kg kg™
Height m AGL
Solar zenith angle ° v
Surface albedo _ v
Height thickness m v
Pressure thickness Pa v
Aerosol single-scattering albedo _ v v
Aerosol asymmetry parameter _ v v
Aerosol extinction coefficient m! v
Liquid effective radius m v
Ice effective radius m v
N>O concentration ppmv v
CH4 concentration ppmv v
CO2 concentration ppmv v

2.2 Target variables

The RRTM performs 1-dimensional RT, assuming that RT occurs only in the ver-
tical. Thus, both the RRTM and emulators are applied to each profile separately. The
target variables are those required by an NWP model from its RT parameterization: a
full profile of heating rates (HR), surface downwelling flux (F5< ), top-of-atmosphere
upwelling flux (FI};,OA), and net flux (Fpet). See Figure 1 for an example.
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Figure 1: RRTM outputs for one data sample. We emulate the full profile of heating
rates, Fi¢ = (the bottom value in the green curve), FEO* (the top value in the purple

curve), and Fe; (the difference between the last two values).

2.3 Preparing the data for ML

Our data preparation includes three steps. First, we split the data into three tem-
porally independent partitions: training, validation, and testing (Table 2). We use the
training data to optimize parameters (weights and biases) for each ML model, the val-
idation data to select the best ML model (e.g., best UQ method), and the testing data
for a final assessment of the selected model. Second, we perturb the data in each par-
tition to a different extent: the training data not at all (for the first experiment) or lightly
(for the second experiment), the validation data moderately, and the testing data heav-
ily. In other words, the ML models are trained with clean or lightly perturbed data, se-
lected based on moderately perturbed data, and then tasked with generalizing to heav-
ily perturbed data. Third, we normalize each predictor variable from physical units to
z-scores, following Section 3b of Lagerquist et al. (2021).
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Table 2: Partitioning of data into temporally independent subsets. “Sample size” =
number of profiles. Also, “Number of days” # length of “Time period,” because some
days are missing from the archive.

Data subset Time period Number | Sample size
of days
Training | Sep 12018 — Dec 21 2019 | 237 | 873 086
Validation Jan 2-15 2020, Feb 12-25 2020, 126 479 806
Mar 24 — Apr 6 2020, May 5-18 2020,
Jun 16-29 2020, Jul 27 — Aug 9 2020,
Sep 6-19 2020, Oct 19 — Nov 2 2020,
Nov 30 — Dec 13 2020
Testing Jan 18-31 2020, Feb 28 — Mar 12 2020, | 120 474 726
Apr 9-22 2020, May 22 — Jun 4 2020,
Jul 2-15 2020, Aug 12-25 2020,
Sep 22 — Oct 7 2020, Nov 5-18 2020,
Dec 16-23 2020

2.4 Perturbing to create out-of-sample data

We create out-of-sample data by perturbing five atmospheric properties represented
in the predictor variables. The five properties are near-surface temperature, near-surface
humidity, liquid cloud, ice cloud, and ozone. Loosely, each property may be seen as cor-
responding to one or more basis vectors of the predictor space. Some of our perturba-
tions — e.g., increasing near-surface temperature and humidity — mimic impacts that are
expected from climate change, a real process that creates out-of-sample data. Some re-
searchers have developed methods to make ML more robust to climate change (Beucler
et al., 2021), albeit with a focus on point predictions rather than uncertainty estimates.
However, some of our perturbations — e.g., those involving the ozone layer — are unlike
anything seen in the Earth’s atmosphere or expected with climate change. Supplemen-
tal Figures S5-S9 show the distribution of each variable before and after perturbation;
here it is evident, for example, that the changes to ozone are much more extreme than
the changes to temperature and humidity. These extreme perturbations allow us to ob-
serve the behaviour of the UQ methods when tasked with generalizing to extremely out-
of-sample data. In other words, the more extreme perturbations allow us to stress-test
the UQ methods in a way that more realistic data would not.

The target values — i.e., heating rates and fluxes — must change in response to the
new predictors. To obtain the new target values (y') for a given profile, we simply feed
the new predictors (z’) to the RRTM.

Two details remain to be specified: [1] Which atmospheric properties are perturbed
for which profiles? [2] What are the specific perturbation methods? For each profile P
and each property x, there is a 50% chance that x will be perturbed in P, based on draw-
ing a random integer from {0,1}. For a given profile P, if all five random numbers eval-
uate to 0, one of the five is randomly changed to 1, so that at least one property is per-
turbed for every profile. The subsections below explain the specific perturbation method
for each atmospheric property.
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Near-surface temperature

Our motivation for this procedure is to mimic the lower-tropospheric warming ex-
pected with climate change. The procedure has two parameters: maximum depth of the
warm layer (Dpax) and maximum surface-temperature increase (ATIE>*). For the lightly
perturbed training data, we set Dpax = 1.25 km and AT 3** = 2 K; for the moderately
perturbed validation data, Dmax = 2.5 km and AT = 4 K for the heavily perturbed
testing data, Dmax = 5 km and AT} = 8 K. The procedure is shown schematically
in Figure 2. After the numbered procedure below, we recompute relative humidity, based
on the new temperature and untouched specific humidity.

1. Determine the depth of the warm layer by sampling from a uniform distribution
over [0, Diyax]. Symbolically, D € U [0, Dyax]-

2. Sample to determine the surface-temperature increase: ATy € U [0, ATIE>].

3. At each height in the warm layer, scale the temperature increase linearly from AT
at the surface to 0 at height D above the surface. See Figures 2a-c.

4. If step 3 led to any temperature above 60 °C, reduce to 60 °C. See Figure 2d.

(a) _ Original temperature profile (b) Temperature perturbations
~10.0 ~10.0
U] Q
< <
€ €
<10 < 10
g7 £
o o
@ k9]
T T

0.1 0.1

-50 =25 0 25 50 -50 -25 0 25 50
Temperature (°C) Perturbation (°C)
(c) New temperature profile New temperature profile
(d) (all values = 60 °C)

grooe 10.0
g 3
£ <C
< 10 g
z T 10
B <
[} k=)
= T

01 +

’ 0.1

=50 =25 0 25 50

=50 =25 0 25 50

Temperature (°C) Temperature (°C)

Figure 2: Procedure for perturbing near-surface temperature. Panel ¢ = a + b. In this
example, the warm-layer depth D is 3 km and the surface-temperature increase ATy is 8
K.

Near-surface humidity

Our motivation is to mimic the lower-tropospheric moistening expected with cli-
mate change. We first generate a disturbance for the relative humidity (RH) profile, then
recompute the other moisture variable (specific humidity) from the new RH. See Sup-
plemental Section 1 for details.
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Liquid cloud

Our motivation is to create more complex cloud arrangements, as well as denser
and deeper clouds, than seen in the real atmosphere. We completely replace the liquid-
water content (LWC) profile, generating a number of cloud layers from 0 up to Npyax.
Npax varies from 2 for the lightly perturbed training data to 5 for the heavily perturbed
testing data. See Supplemental Section 1 for details.

Ice cloud

The motivation for perturbing ice cloud is the same as for perturbing liquid cloud;
the two procedures are nearly identical. See Supplemental Section 1 for details.

Ozone

Our motivation is to create more complex ozone layers — over a wider range of lo-
cations, depths, and mixing ratios — than seen in the real atmosphere. We completely
replace the ozone mixing ratio (w) profile, generating an ozone layer with a random lo-
cation, depth, and structure. See Supplemental Section 1 for details.

3 Methods
3.1 The base model: U-net++

The field of deep learning has produced many specialized neural network (NN) ar-
chitectures for handling spatial data. We have chosen the U-net++ architecture, which
L23 found to be the best for shortwave RT. The U-net++ is a slight generalization of
the U-net (Ronneberger et al., 2015), which is designed for image-to-image translation,
i.€., to output predictions on the same spatial grid as the predictors. The U-net contains
four key components: convolutional layers, pooling (downsampling) layers, upsampling
layers, and skip connections. Convolutional layers use learned image filters to detect spa-
tial and multivariate features in the predictor data, producing abstract representations
of the predictor data, called “feature maps”. Pooling and upsampling layers scale fea-
ture maps to coarser and finer spatial resolutions, respectively, allowing convolutional
layers to detect features at different scales. Skip connections carry high-resolution fea-
ture maps directly across the network, bypassing the series of downsampling and upsam-
pling layers, which is a lossy operation that degrades high-resolution information. The
U-net++ (Zhou et al., 2019) is a U-net with more skip connections, which more effec-
tively preserve small-scale features, such as cloud boundaries, that are important for short-
wave RT. Our specific U-net++ setup for point prediction is shown in Figure 3. Our main
learning task is to translate a 127-by-26 image of predictor variables into a 127-by-1 im-
age of heating rates. (There are 127 heights in the GFS grid and 26 predictor variables;
see Table 1. We duplicate the 4 scalar variables over all 127 heights, so that they fit into
the matrix.) There is also a second learning task: to predict the three flux variables (Fgf)‘;vn,
FquOA7 and Flet), which are scalars rather than images. For this we attach fully connected
layers — which are used in traditional (non-convolutional) NNs (Chapter 6 of Goodfel-
low et al., 2016) and still a popular choice for scalar data — to the U-net++.

—10—
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Figure 3: [adapted from Figure 3a of L23] Our specific U-net++ setup for point
prediction. For each set of feature maps (green box), the label is
number_of_heights x number_of_channels. In the remaining discussion, let K be the
number of convolutional layers per block. We call this hyperparameter “width” in L23;
the chosen value in this study, based on L23, is K = 1. Each orange “convolution” arrow
represents K convolutional layers with 3-pixel filters; each “downsampling” arrow
represents K convolutional layers with 3-pixel filters, followed by maximum-pooling with
a 2-pixel window; each “upsampling” arrow represents upsampling with a 2-pixel window,
followed by a convolutional layer with 3-pixel filters; each “skip connection” arrow
includes K convolutional layers with 3-pixel filters; each black “convolution” arrow
represents one convolutional layer with 1-pixel filters; and finally, each “fully connected
layer” arrow represents one fully connected layer.

3.2 The ML-UQ methods

The total uncertainty in an ML model is the sum of two components: aleatory and
epistemic. The Appendix provides definitions of these terms — which, interestingly, dif-
fer across disciplines — and shows that the examples of unresolvable uncertainty from
Section 1.3 can show up in both components. Thus, our analysis must include UQ meth-
ods that can capture both the aleatory and epistemic components of uncertainty. Specif-
ically, we use the three UQ methods discussed in the subsections. The first method (CRPS-
LF) was found by H23 to perform well, but it can capture only aleatory uncertainty. Thus,
we also use the multi-model ensemble (MME) and Bayesian neural networks (BNN). On
their own MME and BNN can capture only epistemic uncertainty, but either method can
be combined with CRPS-LF to capture both types of uncertainty.

How to read this section: Our purpose for testing multiple UQ methods is to
show that our results generalize across UQ methods. The interested reader may continue
with this section and see H23 for even more details; readers less interested in the inner
workings of UQ methods may skip ahead to Section 4.
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3.2.1 CRPS-LF

This approach involves training a NN with the continuous ranked probability score
(CRPS) as the loss function (LF). The CRPS-LF approach can be used with both para-
metric prediction and ensemble prediction. In ensemble prediction, the NN approximates
Ypred Dy generating an ensemble, and its loss function is the ensemble formulation of the
CRPS:

N
1 i
CRPS = N Z'ytruc - ypred| 2 N2 Z Z|yprcd ypred|’ (3)
i=1 i=1 j=1

where N is the ensemble size; yiue is the correct value; and y];red is the k" prediction
in the ensemble. The first term is the mean absolute error (MAE), and the second is the
mean absolute pairwise difference (MAPD) between ensemble members, a measure of
spread. The CRPS ranges from [0, c0); the optimal value is 0.

The CRPS is an uncertainty-oriented generalization of the MAE, which is a stan-
dard loss function for point prediction. However, for point prediction we use a custom
loss function to emphasize large heating rates (Section 3d of L23), which the NN pre-
dicts poorly when trained with standard loss functions. Specifically, we use the follow-
ing loss function for point prediction:

H L
1 . . 1 -
- Ez max{|rh|,|rh|}(rh—rh)2+L§ (Fy — ), (4)
h=1 =1

where H = 127 is the number of heights; rj, is the actual heating rate at the A" height;
71, is the corresponding prediction; L = 3 is the number of flux variables; F; is the ac-
tual value of the [ flux variable; and £ is the corresponding prediction. The second
term is the standard MSE for flux variables, but the first term is a weighted MSE for

heating rates, the weight being max{|7"h|7 |7h | } We call this term the dual-weighted MSE
(DWMSE).

To generalize the above loss function for UQ, we hybridize Equations 3 and 4, yield-
ing the dual-weighted CRPS (DWCRPS):

H N N
DWCRPS = — — hzlz max{|rh| |r,”|}|rh Phi _iﬁN Z;; max{|fhi|, |f~hj|}fhi—fhj .
()
H, N, and 7}, are as defined previously; 1 is the k' predicted heating rate at the A"

height; max{|rh|, |#ns| ¢ is the maximum absolute value of the actual and i*" predicted

heating rate at the h'" height; and max< |4/, |71;] ¢ is the maximum absolute value of

the i*® and j*" predicted heating rates at the h*® height. Both max terms are weights
that emphasize large heating rates.

The DWCRPS is used only for heating rates; the standard CRPS is used for fluxes,
since the distribution of fluxes is less skewed (Figure 5 of Lagerquist et al., 2021) and
therefore does not necessitate a custom loss function to ensure good prediction of extreme
values. Thus, the total loss function we use for the CRPS-LF approach is:

L N N

L= DWCRPS+1—ZZIFl Fyi| - ;i;ZZZ\FzZ Eijl. (6)

=1 1i=1 =1 1i=1 j=1

The second and third terms, collectively, are the CRPS for flux variables.

To make the CRPS-LF approach work, in addition to changing the loss function,
one must change the NN architecture to output N estimates per target variable (Fig-
ure 4).
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Figure 4: [adapted from Figure 3a of L.23] Our specific U-net++ setup for UQ. If using
the CRPS-LF approach, N (the ensemble size) > 1 and the loss function is Equation 6;
otherwise, N = 1 and the loss function is Equation 4. If using the BNN approach, one or
more of the double arrows contain Bayesian layers. The arrows marked “fully connected
layer” and “convolution with 1-px filters” each represent a single layer; the corresponding
layer may or may not be Bayesian. Meanwhile, recall from the caption of Figure 3 that
the arrows marked “upsampling” and “skip connection” each contain K convolutional
layers. If an upsampling or skip connection is made Bayesian, then all convolutional layers
therein are Bayesian.

3.2.2 Multi-model ensemble

The idea behind the multi-model ensemble (MME) is simple: train many point-
prediction NNs, each with a different random seed, then ensemble the predictions. The
random seed determines how the NN weights are initialized, and different initializations
lead to different solutions, the “solution” being the final set of weights.

3.2.3 Bayesian neural networks

Any NN can be made Bayesian by replacing traditional (point-prediction) layers
with Bayesian layers; thus, BNNs are a highly flexible approach to UQ. A point-prediction
NN learns a single value for each weight, but a BNN learns a full distribution for some
weights, determined by fitting the parameters of a user-chosen canonical distribution.

In this work and in common practice, the normal distribution is chosen, so the BNN must
learn two values for each Bayesian weight: the mean and variance. It is unnecessary to
make all layers Bayesian. For example, a popular approach is to make only the last few
layers Bayesian, which often achieves the same performance (i.e., quality of mean pre-
dictions and uncertainty estimates) at a fraction of the computing cost (Jospin et al.,
2022; Hertel et al., 2023).

While simple in theory, “making a layer Bayesian” is non-trivial in practice. To up-
date a Bayesian weight w, one must compute the posterior distribution p(w | D), where
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373 D represents the training data. Solving the posterior exactly involves a computationally

374 intractable integral, so in practice, variational inference is often used as an approxima-
375 tion (Hoffman et al., 2013; Ranganath et al., 2014; Rezende et al., 2014). Furthermore,
376 weights in a NN are updated via gradient descent with backpropagation, which involves
377 the gradient of the loss with respect to every weight, %. However, a Bayesian weight

378 is a random variable, and it is impossible to backpropagate the gradient through ran-

379 dom variables. There are two popular solutions to this problem: the reparameterization
380 trick (Kingma & Welling, 2013), which involves loss gradients with respect to only the
381 parameters of the weight distribution (e.g., the mean and variance of a normal distri-

38 bution), and flipout (Wen et al., 2018), which involves sampling weight perturbations.

383 The advantage of reparameterization is speed — per training epoch, it is faster than flipout
384 — while the advantage of flipout is more accurate gradient estimates. This accuracy of-
385 ten translates to needing fewer training epochs, which can make flipout faster per net-
386 work even though it is slower per epoch.

387 4 Experimental setup

388 We attempt five UQ methods with the U-net++ base model: CRPS-only, MME-
389 only, MME/CRPS, BNN-only, and BNN/CRPS. Each of these methods generates an en-
390 semble; for fair comparison across UQ methods, we set the ensemble size to 50. (Larger

301 ensemble sizes lead to memory issues for training the BNN/CRPS models.) Specifically,
302 we use the following techniques:

303 1. CRPS-only. Train a single U-net++ with the probabilistic loss function (Equa-

304 tion 6) and 50 output neurons per target variable (N = 50 in Figure 4).

305 2. MME-only. Train 50 U-net++ models, each with the deterministic loss function

396 (Equation 4) and 1 output neuron per target variable.

307 3. MME/CRPS. Train 50 U-net++ models, each with the probabilistic loss function
398 and 25 output neurons per target variable. Hence, the inner ensemble size is 25

300 and the outer ensemble size is 50 — leading to a total ensemble size of 1250, from

400 which we randomly select 50 members.

a01 4. BNN-only. Train a single Bayesian U-net++ with the deterministic loss function

a0 and 1 output neuron per target variable. At inference time, run the Bayesian U-

403 net++ 50 times to get 50 predictions per target variable.

204 5. BNN/CRPS. Train a single Bayesian U-net++ with the probabilistic loss func-

405 tion and 50 output neurons per target variable. At inference time, run the Bayesian
406 U-net++ 10 times, so that each probabilistic weight is sampled 10 times. Hence,

a07 the inner ensemble size is 50 and the outer ensemble size is 10 — leading to a to-

408 tal ensemble size of 500, from which we randomly select 50 members.

400 For methods involving a BNN, this leaves the question of which layers are Bayesian
410 (probabilistic weights) and which are not (deterministic weights), as well as which method
m to use for training Bayesian layers (reparameterization or flipout). For both the BNN-

a2 only and BNN/CRPS methods, we optimize these hyperparameters with an experiment
a13 documented in Supplemental Section 2.

414 Models trained with a single UQ method can capture only one type of uncertainty
a1 (aleatory for CRPS-only, epistemic for MME-only and BNN-only), while those trained
416 with a hybrid method can capture both types of uncertainty. Since uncertainty arising
a7 from out-of-sample data is partly aleatory and partly epistemic, we expect the hybrid

418 UQ methods to perform best on the perturbed (validation and testing) data.
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Experiment 1: Clean training data

In this experiment we train the models with clean (unperturbed) data, then task
them with generalizing — both point predictions and uncertainty estimates — to perturbed
validation and testing data. We expect all UQ methods to perform poorly on the per-
turbed data, because the perturbations are made along basis vectors with much less vari-
ability in the clean training data (Supplemental Figures S5-S9).

Experiment 2: Lightly perturbed training data

The confirmation of the above expectation (see Section 5) motivates another sci-
ence question: what happens if the models are trained with lightly perturbed, instead of
clean, data? Said differently, what happens if the models “see” a light version of the per-
turbations occurring in the validation and testing data? On the out-of-sample valida-
tion and testing data, we expect models trained with lightly perturbed data to perform
better than models trained with clean data, but how much better is an open question.

Tools for evaluating UQ results

This section provides a light background on UQ-evaluation tools (both graphics
and single-number metrics), which should be sufficient for readers to understand the en-
suing results and discussion. See H23 for more details.

Figure 5 demonstrates our evaluation tools for two synthetic datasets. The first dataset
(Figure 5a) represents a model with good mean predictions but too much spread (i.e.,
ensemble ranges are wider than necessary); we call this Model A. The second dataset (Fig-
ure 5b) represents a model with poor mean predictions and too little spread (i.e., the
observation often falls completely outside the ensemble range); we call this Model B. The
attributes diagram — which is a reliability curve with extra information (Hsu & Mur-
phy, 1986) — is used to evaluate point predictions, showing the mean observation yi,ye
as a function of the ensemble-mean prediction Jpreq. This graphic is used to assess con-
ditional bias, i.e., bias as a function of Fprea. Model A has no conditional biases (Fig-
ure 5¢), leading to a reliability curve that follows the 1:1 line and a reliability (REL, the
mean squared distance between the curve and 1:1 line) of 0.00 K? day 2. Meanwhile, Model
B completely misses the extremes, i.e., the lowest (highest) predictions are far too high
(low). This leads to the classic sigmoid-shaped reliability curve and a large REL (Fig-
ure 5d).
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Figure 5: Demonstration of evaluation tools on two synthetic datasets. [a-b] The two
synthetic datasets, representing “Model A” and “Model B”. [c] Attributes diagram for
Model A. Of the dashed grey lines: the diagonal (1:1) line represents the perfect reliability
curve; the vertical line is the climatology line, representing the mean observation in the
dataset (16 K day™'); and the horizontal line is the no-resolution line, representing the
reliability curve for a completely uninformative model. The blue shading is the
positive-gkill area, where the model’s MSE is better than that yielded by always
predicting climatology (here, 16 K day™!). [d] Same but for Model B. [e] Spread-skill plot
for Model A. The diagonal (1:1) line represents a perfect spread-skill curve; the grey
histogram shows how often each spread value occurs; and the inset plot shows any biases
as a function of model spread. [f] Same but for Model B. [g] Discard test for Model A.
The inset plot shows any biases as a function of discard fraction. [h] Same but for Model
B. [i] PIT histogram for Model A. The dashed line represents a perfect (uniform) PIT
histogram. [j] Samid but for Model B.
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Remaining tools shown in Figure 5 are for uncertainty estimates rather than point
predictions. The spread-skill plot (Delle Monache et al., 2013) shows the root mean square
error (RMSE) achieved by Tprea, or “skill,” as a function of the ensemble standard de-
viation, or “spread”. For a perfect model, the spread-skill ratio is 1.0 across all spread
values, so the curve follows the 1:1 line. Model A (Figure 5e) is very overspread or “un-
derconfident,” leading to a curve well below the 1:1 line and a large overall spread-skill
ratio (SSRAT). Model B (Figure 5f) has the opposite problem. Spread-skill reliability
(SSREL), the mean distance between the curve and 1:1 line, is substantially lower (bet-
ter) for Model A.

In the discard test, data samples are thrown out in descending order of model un-
certainty (i.e., the highest-uncertainty samples are thrown out first) and the effect on
model error is observed. The error should decrease monotonically, i.e., whenever the dis-
card fraction increases. For all discard tests in this paper, model error is based on the
ensemble mean Yp,roq and model uncertainty is the height-averaged variance of HR pre-

H
dictions. (Mathematically, this is & > |7 > (Pai — 71)*|, where 7, is the ensem-
h=1 i=1
ble mean at the ht" height; all other variables are defined in Equation 5. There are two
reasons that we use only HR, and not flux, to define overall uncertainty. First, most of
the model’s outputs [127 of every 130] are HRs; second, combining HR and flux uncer-
tainties into an overall uncertainty is non-trivial, as they have different units.) Model
A (Figure 5g) has a perfect discard test, leading to a monotonicity fraction (MF) of 100%.
Model B (Figure 5h) has an imperfect discard test; error increases as the discard frac-
tion increases from 20-25%, from 25-30%, from 30-35%, and from 35-40%. Thus, model
error decreases only 15 of 19 times that the discard fraction increases, leading to an MF
of 12 = 78.9%.

The probability integral transform (PIT), defined for each data sample, is the rank-
ing of yerue in the distribution ¢prea. For example, if yirye is less than all 9preq, its PIT
is 0.0; if yrue is greater than all Fpred, its PIT is 1.0; if ygrue is the median of all pred,
its PIT is 0.5; etc. The PIT histogram — which is similar to the rank histogram, or “Ta-
lagrand diagram” (Hamill, 2001), and can be interpreted similarly — then shows the dis-
tribution of PIT values. For a perfectly calibrated model — which is neither overconfi-
dent nor underconfident — all PIT values occur equally often, leading to a uniform his-
togram. For Model A (Figure 5i), nearly all PIT values are between 0.3 and 0.7, mean-
ing that yiue is usually in the middle 40% of the Yprea distribution and rarely at the ex-
tremes. In other words, the ¥,,eq distribution is usually too wide; the model is under-
confident. For Model B (Figure 5j), nearly all PIT values are below 0.05 or above 0.95,
meaning that yiue is usually in the bottom or top 5% of the distribution. In other words,
the Yprea distribution is usually too narrow; the model is overconfident. The PIT devi-
ation (PITD), the mean absolute difference between bar height and the horizontal line,
is substantially better (lower) for Model A. (The horizontal line line denotes the bar height
for the ideal [uniform] PIT histogram, which is

mber oFbins )
number of bins*

REL, SSREL, and PITD are negatively oriented with a perfect value of 0.0; MF
is positively oriented with a perfect value of 1.0; and the perfect SSRAT is 1.0, with higher
(lower) values indicating underconfidence (overconfidence).

Lastly, we define “large point error” as a data sample where Jpreq has absolute er-
ror > 1 K day™!; we define “catastrophic error” as a large point error where the obser-
vation also falls outside the 95% confidence interval (in other words, PIT is either < 0.025
or > 0.975).

How to read the results

Sections 5 and 6, which discuss the results of the two experiments, contain many
specific terms from the RT application and the field of UQ. All these terms have been
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explained briefly heretofore, with longer explanations found in L23 (for RT) and H23 (for
UQ). However, we do not expect readers to be fluent in these terms, so we highlight “key
points” throughout Sections 5 and 6. Readers with less interest in the details can jump
directly to the key points.

5 Results for Experiment 1: Clean training data

We start with overall diagnostics (metrics computed from the entire validation or
testing set), which allow us to understand the UQ methods’ performance and choose the
best method. Then we present a small number of case studies, which allow us to under-
stand the UQ methods’ performance in a way that overall diagnostics cannot.

5.1 Overall diagnostics

Figure 6 compares all five UQ methods on the moderately perturbed validation data.
Error metrics pertaining to heating rates (HR) are averaged over the 127 heights; those

pertaining to fluxes are averaged over the three variables (Fik . F1O4, and Fyet).
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Figure 6: Comparison of UQ methods on validation data, for models trained with clean
data. In panel g, higher is better; in panel e, closer to 1.0 is better; in all other panels,
lower is better. “CEF” in panel h is catastrophic-error frequency.

513 We highlight several observations from Figure 6:

514 1. UQ methods that can capture only epistemic uncertainty — i.e., MME-only and

515 BNN-only — produce too little spread for both HR and fluxes (panel e). This sug-
516 gests that much of the uncertainty in the validation data is aleatory.

517 2. Methods that can capture aleatory uncertainty — i.e., those involving the CRPS
s18 — produce too much spread for fluxes (panel e). However, out of these three meth-
519 ods, BNN/CRPS is the least overspread.
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3. All UQ methods produce far too little spread for HR (panel e); this is true at all
127 heights (not shown).

4. All UQ methods produce catastrophic errors at least ~10% of the time (panel h);
the non-hybrid methods (CRPS-only, MME-only, and BNN-only) produce catas-
trophic errors substantially more often.

5. The BNN/CRPS method performs best on 4 of the 10 uncertainty-based metrics
(lux SSREL, flux SSRAT, flux PITD, and HR MF). The MME/CRPS method
performs best on 6 of the 10 uncertainty-based metrics (HR SSREL, HR SSRAT,
HR PITD, HR MF, HR CEF, and flux CEF), where CEF is catastrophic-error fre-
quency. However, MME/CRPS performs worst on flux MF (panel g) and second-
worst on flux SSRAT (panel e), while BNN/CRPS does not perform this badly
for any uncertainty-based metric.

6. MME/CRPS outperforms BNN/CRPS on 3 of the 4 point-prediction-based met-
rics (HR MAE, flux MAE, and flux REL; not HR REL). Thus, MME/CRPS pro-
duces better point predictions than BNN/CRPS; however, the differences here are
small.

Key points: Points 3 and 4 exemplify that, when trained with clean data, all UQ
methods fail dramatically. Based on points 5 and 6, we judge that the best UQ method
is BNN/CRPS, followed by MME/CRPS. Both are hybrid methods, which can capture
both aleatory and epistemic uncertainty. The remaining analysis will focus largely on
BNN/CRPS.
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Figure 7: Detailed results of the BNN/CRPS method on validation data, for a model
trained with clean data. [a-e] Evaluation of point predictions (ensemble means). [a]
Attributes diagram for Fye; [b] attributes diagram for HR, aggregated over all heights; [c]
profile of mean absolute errors for HR; [d] profile of mean signed errors (biases) for HR;
[e] profile of large-point-error frequencies for HR. [f-h] Evaluation of uncertainty estimates
for Fet. [f] Spread-skill plot; [g] discard test; [h] PIT histogram. [i-]] Evaluation of
uncertainty estimates for HR. [i] Profile of catastrophic-error frequencies for HR; [j-1] as in
panels f-h but for HR.
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541 Figure 7 shows detailed results for the BNN/CRPS model, based on the moder-
542 ately perturbed validation data. For both Fye; (panel a) and HR (panel b), the attributes

543 diagram is nearly perfect, except a large positive bias (~5 K day™') when ¥preq = 38 K
54 day. In other words, the highest HR predictions are too high. Panels c-d show MAE
545 and bias at each height for the ensemble-mean HR prediction. For shortwave RT, errors

546 on the order of 0.1 K day™! are generally considered acceptable — e.g., Table 2 of Krasnopolsky
547 et al. (2012), page 7 of Song and Roh (2021), Figure 1 of Kim and Song (2022). At most

548 heights the errors are on this order, except in the upper stratosphere, where MAE jumps

549 to 3.91 K day! and bias jumps to 2.71 K day™!. Panel e shows the frequency of large

550 point errors for HR, which is below 5% throughout the troposphere but jumps to 45%

551 in the upper stratosphere. Error maxima in the upper stratosphere are associated with

552 perturbed ozone layers; some examples will be shown in case studies.

553 Figures 7f-h show the quality of uncertainty estimates for Fye;. The spread-skill

554 plot (panel f) shows that Fye predictions are almost perfectly calibrated when spread

555 < 40 W m2; for higher spread values, the model is slightly underconfident. The discard
556 test (panel g) shows that, despite the underconfidence at higher spread values, the model’s
557 overall uncertainty is strongly correlated with its error for Fj.;. In other words, one can
558 trust that lower uncertainty means lower expected F,e error. The PIT histogram (panel

550 h) shows that the model’s Fj et predictions are quite well calibrated, except slightly too
560 many PIT values below 0.5. In other words, ytrye falls in the bottom half of the #preq

561 distribution more often than it should. Meanwhile, Figures 7i-1 show the quality of un-
562 certainty estimates for HR. Panel i shows the profile of CEF's, which are similar to large-
563 error frequencies (panel e). In other words, most large errors are also catastrophic er-

564 rors, because the confidence interval (CI) cannot account for errors > 1 K day™'. The

565 spread-skill plot (panel j) shows that the model is extremely overconfident, producing

566 only 14% as much spread as it should. The discard test (panel k) shows that, despite

567 this overconfidence, the model’s overall uncertainty is strongly correlated with its HR

568 error. Finally, the PIT histogram (panel 1) shows that the model’s HR predictions are

569 poorly calibrated, with extreme PIT values (the first and last bars) occurring for 30%

570 of data samples. In other words, e falls near the bottom or top of the ¢req distribu-
571 tion 30% of the time, three times as often as it should.

572 Having used the moderately perturbed validation data to select the best UQ method

573 (BNN/CRPS), we now evaluate BNN/CRPS on the heavily perturbed testing data. By
574 comparison of Figure 6 and Supplemental Figure S23, the overall ranking of UQ meth-
575 ods is similar between the validation and testing data. Most importantly, BNN/CRPS
576 appears to be the best method for both datasets.
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Figure 8: Detailed results of the BNN/CRPS method on testing data, for a model
trained with clean data. Formatting is explained in the caption of Figure 7.

Figure 8 shows detailed results for the BNN/CRPS model on the testing data. Here
we highlight differences from the validation results (Figure 7). The attributes diagrams
(panels a-b) show that point predictions of Fie and HR are worse on the testing data
(note the higher REL values), but these plots still indicate good skill except for the high-
est HR predictions. The MAE and bias profiles (panels ¢-d) show that point predictions
of HR are still mostly acceptable in the troposphere, but problems in the stratosphere
are worse in the testing data. Large-error frequencies for HR (panel e) are similar to the
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validation data but with a slightly better maximum (7% decrease) in the upper strato-
sphere. Results for Fj.t uncertainty (panels f-h) are similar to the validation data, ex-
cept with a worse SSREL (55% increase) and slightly better PITD (12% decrease). Re-
sults for HR uncertainty (panels i-1) are also similar to the validation data — showing
very poor skill — except with a slightly better maximum for CEF (7% decrease), worse
SSREL (24% increase), and worse PITD (19% increase).

Key points: For models trained with clean data, even the best model produces
unacceptable errors, as expected. The most notable errors are poor HR predictions in
the stratosphere, with CEF > 40%; poor HR predictions at the highest values, with a
bias of > 1 K day™'; and poor HR uncertainty estimates throughout the atmosphere,
with SSRAT < 14%. Results for the testing data are worse than for the validation data,
as expected.

5.2 Case studies

Case study 1: Validation data. Figure 9 shows a case with the following per-
turbations: a two-layer ice cloud (panel a), a multi-layer liquid cloud with large/noisy
LWC values (panel a), and an ozone layer with noisy mixing ratios (panel b). For the
HR spike due to ice cloud (around 10 km), all point predictions are too low and most
CIs (for all models except BNN/CRPS; panel f) miss the observation. For the HR spikes
due to liquid cloud (from 1-3 km), point predictions have a large error (> 1 K day™!) but
observations generally fall within the CI, especially for the non-BNN models (panels c,
d, g). For the HR spike due to ozone (around 45 km), all point predictions and Cls are
far too low — i.e., all models produce a catastrophic error. The models also fail to cap-
ture other aspects of ozone-related heating (from 15-60 km), including the HR minimum
around 60 km.

Key points: This case study exemplifies that while perturbed cloud sometimes
causes larger point errors than perturbed ozone, perturbed ozone causes catastrophic er-
rors more often. This conclusion is supported more rigorously by comparing panel i across
Supplemental Figures S26-S28. The reason is that ozone varies much less in the train-
ing data than LWC/IWC — e.g., all training samples have exactly one ozone layer with
a maximum mixing ratio between 5.5 and 18.5 mg kg!, while different training samples
have very different LWC/IWC profiles. Thus, perturbed ozone layers are more alien to
the training data than perturbed cloud layers.
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Figure 9: Case study for models trained with clean data and applied to a validation
sample: 0000 UTC 9 Dec 2020, 1.58 °S, 94.80 °E. [a-b] Key predictor variables, i.e., those
subject to perturbation. [c] Actual HR profile (blue), along with ensemble-mean
prediction (dashed red line) and 95% confidence interval (shaded red envelope), from the
MME-only model. [d] Same but for MME/CRPS model. [¢] Same but for BNN-only
model. [f] Same but for BNN/CRPS model. [g] Same but for CRPS-only model. In the
legends, “HR MAE” is the MAE of ensemble-mean HR predictions over the 127 heights;
“Fhet error” is the ensemble-mean Fj ¢ prediction minus actual; and “ j(f)cwn error” and
“F;E,OA error” are defined analogously.
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Case study 2: Cloudy testing data. Figure 10 shows a case with two follow-
ing perturbations: a shallow ozone layer and near-surface moist layer (panel b). All mod-
els struggle with ozone-related heating (from 15-30 km), as in the validation case but worse.
The near-surface moist layer (bottom 0.6 km) causes an HR maximum of ~10 K day™!,
for which all UQ methods fail completely. The best models in this region are MME-only
(panel ¢) and MME/CRPS (panel d), but the HR maximum is still ~3 K day™! above
both ensemble means and ~1 K day™' above both Cls, so these errors are considered catas-
trophic.

Key points: This case study exemplifies two conclusions from the broader dataset.
First, although perturbed near-surface moisture generally causes smaller errors than per-
turbed ozone and cloud layers, near-surface moisture can still cause catastrophic errors.
These are most common in profiles with little to no cloud, leaving ample solar radiation
to reach the near-surface and interact with water vapour there. Second, perturbations
in the testing data cause worse errors than perturbations in the validation data (cf. Fig-
ures 7 and 8), as expected.
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Figure 10: Case study for models trained with clean data and applied to a testing
sample: 1200 UTC 18 Dec 2020, 27.47 °N, 6.91 °E. All formatting is explained in the
caption of Figure 9.

Case study 3: Cloud-free testing data. Figure 11 shows a case with the fol-
lowing perturbations: a shallow ozone layer with large mixing ratios (panel b), three cloud
layers with large/noisy LWC values (panel a), a near-surface moist layer with specific
humidity reaching ~30 g kg™! (panel b), and a near-surface warm layer with tempera-
ture reaching ~35 °C (panel b). There is virtually no heating near the surface, because
all solar radiation is attenuated by the clouds above. The models capture this lack of heat-
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ing quite well, except for MME/CRPS (panel d) and BNN/CRPS (panel f), which pro-

duce an erroneous HR maximum in the bottom 0.2 km. For the HR spike due to liquid

cloud (around 10 km), all models produce a catastrophic error. This error is worse than
cloud-related errors in the validation case (Figure 9), consistent with the more extreme

LWC values in this, a testing case. For ozone-related heating, all models produce catas-
trophic errors throughout the stratosphere.

Key points: The models were trained with clean data and simply have not seen
liquid cloud or ozone layers like the one here (¢f. Figure 11b and Supplemental Figure
S9a). Thus, when presented with heavily perturbed testing data, which are far out of sam-
ple compared to the training data, the models (including their uncertainty estimates)
completely fail. This confirms our expectation from Section 4 and motivates Experiment
2 — with lightly perturbed, instead of clean, training data.
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Figure 11: Case study for models trained with clean data and applied to a testing
sample: 1200 UTC 12 Aug 2020, 16.69 °S, 37.14 °E. All formatting is explained in the
caption of Figure 9.

649 6 Results for Experiment 2: Lightly perturbed training data

650 As in the discussion for Experiment 1, we start with overall diagnostics, then dig
651 deeper with case studies.
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6.1 Overall diagnostics

Figure 12 compares all five UQ methods on the validation data. This figure, which
shows models trained with lightly perturbed data (henceforth LP-trained models), is anal-
ogous to Figure 6, which shows clean-trained models. We highlight several observations
from Figure 12. Unless otherwise stated, these observations are true for the clean-trained
models as well.

1. MME-only and BNN-only produce too little spread for all variables (panel e).

2. Methods involving the CRPS produce too much spread for fluxes, but BNN/CRPS
is the least overspread among these methods (panel e).

3. The clean-trained models produce far too little spread for HR (no SSRAT > 0.19;
Figure 6e). However, among the LP-trained models, all except BNN-only produce
an HR SSRAT > 0.74 (Figure 12e).

4. The LP-trained models produce far fewer catastrophic errors than the clean-trained
models, especially for HR (panel h). For example, the LP-trained model with the
MME/CRPS method produces a CEF of 0.26% and 4.2% for HR and flux, respec-
tively; analogous values for the clean-trained model are 6.7% and 7.6%.

5. As for the clean-trained models, BNN/CRPS produces the best uncertainty es-
timates overall (performing best on 8 of 10 uncertainty-based metrics). Unlike for
the clean-trained models, there is no clear second-best method for uncertainty es-
timates.

6. BNN/CRPS also produces competitive point predictions (4'"-best HR MAE, 27d-
best flux MAE, best HR REL, best flux REL).
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Figure 12: Comparison of UQ methods on validation data, for models trained with
lightly perturbed data. In panels a-d and f, lower is better; in panel e, closer to 1.0 is
better; and in panel g, higher is better.

674 As for the clean-trained models, we judge that BNN/CRPS is the best UQ method
675 overall. Supplemental Figure S29 shows that this conclusion also holds on the testing

676 data. The remainder of this section focuses on the BNN/CRPS method and, for brevity,
677 focuses on the testing data rather than the validation data. We have already seen for

678 clean-trained models that performance deteriorates from the validation to the testing data,
679 and this is true for LP-trained models as well.
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Figure 13: Detailed results of the BNN/CRPS method on testing data, for a model
trained with lightly perturbed data. Formatting is explained in the caption of Figure 7.

Figure 13 shows detailed testing results for the LP-trained BNN/CRPS model. We
compare these results to the clean-trained BNN/CRPS model (Figure 8). The attributes
diagrams (panels a-b) show that point predictions of both Fe; and HR are extremely
well calibrated, except for the highest HR predictions. The attributes diagrams are bet-
ter for the LP-trained model. The MAE and bias profiles (panels c-d) show that point
HR predictions are better for the LP-trained model, much better in the stratosphere.
Specifically, the maximum MAE is 85% lower, and the maximum absolute bias is 92%
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lower. The frequency of large HR errors (panel e) is also better for the LP-trained model,
with a 69% decrease in the upper-stratosphere maximum. Results for F,.; uncertainty
(panels f-h) show that the LP-trained model is well calibrated, although slightly under-
confident in general (panel f) and producing slightly too many PIT values below 0.5 (panel
h). The SSREL and PITD are better than for the clean-trained model, but the SSRAT

is worse. Results for HR uncertainty (panels i-1) show that the LP-trained model is poorly
calibrated, with overconfidence at nearly all spread values (panel j) and too many PIT
values above 0.5 (panel 1). However, these results are much better than for the clean-
trained model, with a 69% decrease in maximum CEF, 89% decrease in SSREL, 285%
increase in SSRAT, and 38% decrease in PITD. Overall, the comparison of Figures 8 and
13 shows that the LP-trained model is better than the clean-trained model, but three
results of the LP-trained model are still concerning: large positive bias for HR point pre-
dictions > 38 K day™!, a 14% frequency of catastrophic HR errors in the upper strato-
sphere, and large overconfidence for HR in general. Supplemental Figure S30 — analo-
gous to Figure 13 but for the validation data — shows that similar concerns exist in the
validation data but are much less severe.

Key points: Experiment 1 showed that training with clean data, which barely sam-
ple important basis vectors in the validation/testing data, leads to catastrophic errors.
Experiment 2 shows that perturbing the training data just a little along these basis vec-
tors leads to much better performance on the validation/testing data, even if the latter
are still out of sample. However, catastrophic errors still occur, showing that ML-UQ
is not magic.

6.2 Case studies
Both case studies in this section are from the testing data.

Case study 1: Extreme liquid cloud and humidity. Figure 14 shows a case
with the following perturbations: a very dense liquid cloud (panel a), an ozone layer with
very large/noisy mixing ratios (panel b), and a near-surface moist layer with very large
humidity (panel b). Also, the maximum ozone content occurs at a lower height than usual,
around 20 km (in the lower stratosphere). For ozone-related heating around this level,
all models produce a catastrophic error. However, for ozone-related heating above this
level, most models (all except BNN-only; panel e) perform quite well. This result is in
stark contrast to case studies for the clean-trained models, which struggle with perturbed
ozone everywhere in the stratosphere. For the heating due to liquid cloud and the moist
layer (from 0-0.3 km), only the MME-only and MME/CRPS models (panels c-d) per-
form well. The BNN-only and BNN/CRPS models (panels e-f) produce catastrophic er-
rors, and the CRPS-only model (panel g) produces a large point error (~ 10 K day™)
for the HR maximum.

Key points: Although the LP-trained models are much better than the clean-trained
models, every LP-trained model produces a catastrophic error somewhere in the profile.
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Figure 14: Case study for LP-trained models applied to a testing sample: 1800 UTC 22
Apr 2020, 30.99 °N, 99.26 °W. All formatting is explained in the caption of Figure 9.

Case study 2: Extreme ice cloud and ozone. Figure 15 shows a case with the
following perturbations: a very dense two-layer ice cloud (panel a) and an ozone layer
with small/noisy mixing ratios (panel b). There is virtually no heating below 7 km, be-
cause all solar radiation is attenuated by the ice cloud above; all models capture this lack
of heating well. For the ice-cloud-related heating (around 8 km), all point predictions
are 1-3 K day™ too low. However, most Cls (for all models except BNN-only and BNN/CRPS;
panels e-f) capture the observed HR. For the ozone-related heating (above 10 km), the
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MME/CRPS model (panel d) performs best. Specifically, at every height except the HR
maximum around 29 km, the point error is < 1 K day™! and the CI captures the obser-
vation. The other models perform nearly as well, except the BNN-only model, which pro-

duces catastrophic errors from 30-45 km.

Key points: Again, the LP-trained models are much better than the clean-trained
models. The MME/CRPS model even manages to produce no catastrophic errors for this

case study, which is far out of sample.
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Figure 15: Case study in the testing data: 0000 UTC 29 Jan 2020, 41.65 °N, 168.52 °E.
All formatting is explained in the caption of Figure 9.
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740 7 Summary and future work

741 For a long time, uncertainty quantification (UQ) has been a key ambition for ma-

742 chine learning (ML) in environmental science (ES). The field of computer science has re-
73 cently made breakthroughs in ML-UQ, and environmental scientists are just beginning

744 to apply the resulting methods. One hope of the ES community is that new ML-UQ meth-
75 ods can be used to assess the trustworthiness of an ML model on a case-by-case basis

746 — e.g., to alert users when the model is expected to have a large error. However, ML-

747 UQ methods, just like the base ML models with which they are coupled, do not gener-

748 alize well to out-of-sample data. When a UQ-enhanced ML model encounters out-of-sample
749 data, it is likely to produce a catastrophic error — i.e., an extremely wrong prediction

750 with high confidence. While scientists are generally aware that ML generalizes poorly

751 out of sample, in our experience they do not have this awareness for UQ, leaving them

752 prone to catastrophic errors. We wish to discourage overreliance on ML-UQ by show-

753 ing that there are fundamentally unresolvable types of uncertainty, including that which

754 arises from out-of-sample data.

755 To this end, we trained neural networks (NN) to predict shortwave radiative trans-
756 fer. The NNs predict 130 quantities — a length-127 vector of heating rates and 3 flux com-
757 ponents — each with a 50-member ensemble. The ensemble is produced by one of five

758 UQ methods: a multi-model ensemble (MME), Bayesian neural network (BNN), train-
750 ing with the continuous ranked probability score (CRPS) loss function, or a hybrid method
760 (MME/CRPS or BNN/CRPS). The validation and testing data are pushed out of sam-

761 ple by perturbing several predictor variables: temperature, humidity, liquid cloud, ice

762 cloud, and ozone.

763 In Experiment 1, the NNs are trained with clean (unperturbed) data, then tasked
764 with generalizing to moderately perturbed validation data and heavily perturbed testing

765 data. Irrespective of the UQ method with which they are coupled, the NNs completely

766 fail on the validation and testing data, generating poor point predictions (ensemble means)
767 and uncertainty estimates. Even the best-performing UQ method (BNN/CRPS) is ex-

768 tremely overconfident for heating rates, producing only 14% as much spread as it should.
769 Perturbations made to the ozone layer — which are more severe than perturbations made
770 to other atmospheric properties — confound our NNs the most. The models fail on val-

m idation and testing data because the perturbations therein are simply not “seen” in the
m clean training data. In other words, the perturbations occur along basis vectors with lit-
3 tle to no variability in the training data. While it is generally recognized that ML-based
774 predictions will fail in this setting, ML-generated uncertainty estimates fail just as spec-
775 tacularly. This has serious implications for operational use of ML, e.g., in weather-forecasting.
776 If a high-impact event occurs in real time that is not represented in the training data

et (i.e., is out of sample), overreliance on ML — including ML-based uncertainty estimates
78 — could have severe consequences.

779 The discouraging results from Experiment 1 motivated another question: what hap-
780 pens if the basis vectors represented by the perturbations are represented just a little in
781 the training data? To answer this, in Experiment 2 we trained NNs with lightly perturbed
782 data, calling these “LP-trained models” (as opposed to the clean-trained models in Ex-

783 periment 1). On the validation and testing data, the LP-trained models performed much
784 better than clean-trained models. This result illustrates the power of triggering each ba-
785 sis vector of variability — even just a little — in the training data. Ebert-Uphoff and Deng
786 (2017) found a similar result for causal discovery in ES: if a causal mechanism is not trig-
787 gered in the training data, it will not be learned by the model.

788 Despite the obvious advantages of the LP-trained models, evaluation on the test-

789 ing data revealed some concerning properties. For example, the best-performing UQ method
79 (BNN/CRPS) is still quite overconfident for heating rates, producing only 52% as much
701 spread as it should. Thus, lightly triggering important basis vectors in the training data
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allowed the ML-UQ models to extrapolate much better along these basis vectors, but

it did not cure all ills. This is especially true for the testing data; the three concerns listed
above are quite minor in the validation data. The above results have two important im-
plications for operational ML. First, while enhancing the training data by triggering im-
portant basis vectors of the predictor space allows ML to better extrapolate along these
vectors, ML will likely struggle when extrapolating far out of sample. Second, in large
predictor spaces (which are common in ES), it is hard to know all the important basis
vectors, especially those representing high-impact events. Thus, even for ML models with
safeguards against poor out-of-sample performance — such as UQ or enhanced training
data — we still discourage overreliance on ML and ML-UQ. Also, we encourage users to
be familiar with the training data used for an ML model, so that they can identify out-
of-sample (or poorly sampled) situations and approach the model with a healthy skep-
ticism.

Future work will proceed along two lines. First, we will explore strategies for adapt-
ing ML-UQ to more realistic out-of-sample data, such as those caused by climate change
(our application was a sandbox for testing the generalization of ML-UQ methods under
extreme conditions). Second, we will try combining ML-UQ with tools that automat-
ically detect out-of-sample data (Bulusu et al., 2020). Although these tools cannot im-
prove an ML model’s generalization to out-of-sample data, they can alert users when out-
of-sample data appear. This would automate part of the process of determining an ML
model’s trustworthiness.

Appendix A Aleatory vs. epistemic uncertainty

Uncertainty can be divided into two components: aleatory and epistemic. Briefly,
according to the ML literature, aleatory uncertainty is due to gaps in the (training) dataset,
while epistemic uncertainty is due to gaps in model development. Note, however, that
the definitions vary across disciplines — see Figure Al and discussions in Hiillermeier and
Waegeman (2021), Bevan (2022), Haynes et al. (2023)). We use the ML definition through-
out this manuscript, shown in Figure Alb. Figure Al is adapted from Figure 3 of Haynes
et al. (2023).

Aleatory (math): Al o
Uncertainty due to ea.toryd( ):
= stochastic processes only Uncertalnty u‘? T &Ny
= shortcomings in data
8 (stochastic + other)
8
B
© EpéSten;'f (m?th): Epistemic (ML):
° verything else Uncertainty due to
imperfect modeling
alea: Latin word, referring to game of dice (random). Only information available in ML context is what
epistémé: Greek word, meaning knowledge (model). arises from the data — that becomes dividing line.
(a) Math definition (b) ML definition

Figure Al: The aleatory/epistemic divide, according to different disciplines. [a] The
math (original) definition is based only on the mathematical nature of the observed
system. Only uncertainty due to stochastic processes, such as the chaotic nature of the
atmosphere, is considered aleatory. [b] The ML definition of aleatory uncertainty is much
wider, including not only uncertainty due to the stochastic nature of the system, but due
to all other shortcomings of the dataset, such as limited observations.
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In Section 1.3 we provide examples of unresolvable uncertainty, which cannot be
captured by any ML-UQ method. One might wonder whether the unresolvable uncer-
tainty in these scenarios is aleatory or epistemic. The answer is: it depends on how the
dataset is chosen. We illustrate this below for Scenario 1 from Section 1.3, where uncer-
tainty depends strongly on a variable z,nxnown not included in the ML model. The key
question in distinguishing aleatory from epistemic is: where was the information lost?
Let us track our steps:

1. The physical system contains both variables: Zynown and Tunknown (Equations 1).

2. The dataset collected by observing the physical system may or may not include
Tunknown- Letting M be the number of samples, the two possibilities for the dataset
are

Dy = {(xinown7xflnkllown); 1=1,2,..., M} or
D2:{(xf(nown); 'L:1,27,M}

3. Regardless of which dataset was chosen (D; or Ds), the ML model has no access
t0 Zunknown and depends only on Zynown-

In other words, regardless of which dataset was chosen, the ML model is exactly the same.
However, uncertainty in the model’s output arising from its ignorance of Zynknown i con-
sidered epistemic if the dataset chosen is Dy (because the problem is deemed to be in

the model), versus aleatory if the dataset chosen is Dy (because the problem is deemed

to be in the data). In other words, the distinction of aleatory vs. epistemic depends on
whether the relevant information was dropped during the data-collection or model-development
step. The key conclusion for this study is that the types of unresolvable uncertainty in

Section 1.3 can show up in both the aleatory and epistemic components; thus, we need

to employ UQ methods that can capture both types.

Appendix B Open research

We used version 3.0.0 of ML4ART (Machine Learning for Radiative Transfer; https://
doi.org/10.5281/zenodo.10086129) — a Python library managed by author Lagerquist
— for all tasks in this study. The input data and all models not involved in a MME can
be found at https://zenodo.org/doi/10.5281/zenodo.10081204; the MMEs can be
found at https://zenodo.org/doi/10.5281/zenodo.10084393, https://zenodo.org/
doi/10.5281/zenodo.10084403, https://zenodo.org/doi/10.5281/zenodo.10084445,
and https://zenodo.org/doi/10.5281/zenodo.10084454.
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1 Methods for data perturbation

This section explains how each atmospheric property is perturbed, with the excep-
tion of near-surface temperature (see Section 2d of main text).

1.1 Near-surface humidity

Our motivation is to mimic the lower-tropospheric moistening expected with cli-
mate change. The procedure has three parameters: maximum depth of the moist layer
(Dmax), minimum surface relative humidity (RHgflén), and maximum (RH>™). Param-
eter settings are shown in Table S1; the procedure is shown schematically in Figure S1.
After the numbered procedure below, we recompute the two moisture variables used as
predictors (relative and specific humidity), based on the new mixing ratio and untouched

temperature/pressure.

1. Sample to determine the depth of the moist layer: D € U [0, Diax]-

2. Sample to determine the surface RH: RHy, € U [RHIE", RHGX].

3. Compare the new and original (unperturbed) surface-RH values. If RHg. < RH
do nothing and end the procedure.

4. Convert surface RH to surface mixing ratio, wsc. .

5. Calculate the increase in surface mixing ratio: Awsge = Wwsfe — Wep.°.

6. At each height in the moist layer, scale the mixing-ratio increase linearly from Awg,
at the surface to 0 at height D above the surface. See Figures Sla-c.

7. If step 6 led to any height with dewpoint > temperature, reduce dewpoint to tem-
perature. See Figure S1d.

8. If step 6 led to any mixing ratio above 40 g kg™, reduce to 40 g kg™!. See Figure
Sle.

orig
sfc
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Figure S1: Procedure for perturbing near-surface humidity. In this example, the

moist-layer depth D is 3 km and the new surface relative humidity RHgg is 100%. In
panel c, the new mixing ratio is obtained by adding panels a and b; the new dewpoint is
then computed from the new mixing ratio. In panel d, the new dewpoint is obtained by
taking the minimum of dewpoint and temperature at each height; the new mixing ratio is
then computed from the new dewpoint. In panel e, the new mixing ratio is obtained by
reducing to 40 g kg! at each height if necessary; the new dewpoint is then computed from
the new mixing ratio.
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Table S1: Parameter settings for perturbation of predictor variables.

Parameter Setting for Setting for Setting for
lightly perturbed validation data testing data
training data
Near-surface temperature
Dax 1.25 km 2.5 km 5 km
ATE2X 2 K 4K 8 K
Near-surface humidity
Dimax 1.25 km 2.5 km 5 km
RH%» 50% 50% 50%
RHZG 62.5% 75% 100%
Liquid cloud
Nmax 2 3 5
Dimax 5 km 5 km 5 km
LWCRE o 2 gm3 25gm3 5gm>
OLWC 0.25 g m™ 0.5gm™ 1gm™
Ice cloud
Nmax 2 3 5
Diax 5 km 5 km 5 km
IwCmax 2gm 25 gm3 5gm>
oIWC 025 ¢g m> 05¢g m™> lg m>
Ozone
Dmin and Diax 40 and 60 km 25 and 60 km 0.1 and 60 km
Zmin and 222 | 20 and 50 km AGL | 20 and 50 km AGL | 20 and 50 km AGL
Weenter 20 mg kg™ 25 mg kgt 50 mg kg™
Ow 0.25 mg kg™ 0.5 mg kg™ 1 mg kgt

1.2 Liquid cloud

Our motivation is to create more complex cloud profiles, as well as denser and deeper
clouds, than seen in the real atmosphere. The procedure has four parameters: maximum
number of cloud layers (Npax), maximum layer depth (Dax), maximum liquid-water

content at layer center (LWC

max
center

), and noise level for LWC (opwc). Parameter settings

are shown in Table S1; the procedure is shown schematically in Figure S2.

1. Sample to determine the number of cloud layers: N € U [0, Nypax]-
2. For each cloud layer i from 1...N:

(a) Sample to determine the depth of the i*® cloud: D € U [0, Dyyax]-

(b) Sample to determine the height of the cloud top above the surface:
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Ztop € u [07 Ztropopause +2 km].2’3

(c) Calculate the height of the cloud bottom: zhottom = 2top—D. If this leads to
Zbottom < 0 km AGL, increase to 0 km AGL. See Figure S2b.

d) Find all grid points in the cloud. These are grid points with a height in |[2pottoms 2to
P
and temperature > -40 °C that have not already been assigned to another liquid-
cloud layer.? See Figure S2c.

(e) Sample to determine the LWC at the center of the cloud: LWCenter € U [0, LWCY ]

center

(f) At each height in the cloud, scale the LWC linearly from LWC epter at the cen-
ter to 0 g m™ at both the top and bottom. See Figure S2d.

(g) Add Gaussian noise to the LWC profile for this cloud. Specifically, at each height
in the cloud, add an offset ¢, sampled from a normal distribution with mean
= 0 g m™ and standard deviation = orwc. Symbolically, § € N(0,orwc). See
Figure S2e.

(h) If the previous step led to any LWC < 0 g m™, increase to 0 g m™. If the pre-
vious step led to any LWC > LWC epter, reduce to LWC epter- See Figure S2f.

2 We use the World Meteorological Organization (Slovnik, 1992) definition of the first tropopause: the
lowest height at which lapse rate decreases to < 2 K km™ (let this be 2’), provided that the mean lapse

rate between 2’ and z’ + 2 km does not exceed 2 K km™1.
3 A maximum height of ztropopause + 2 km allows clouds to reach 2 km into the stratosphere, as in the

overshooting tops of thunderstorms. Figure 12 of Cooney et al. (2018) shows that few overshooting tops

reach further than 2 km into the stratosphere.
4 Supercooled liquid droplets can exist at temperatures down to ~-40 °C; see Figure 6.29 of Wallace

and Hobbs (2006).
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Figure S2: Procedure for creating a new liquid cloud layer. [a] Original profiles of LWC
and temperature. Temperature is not perturbed in this procedure, but it is shown as a
reference variable, because liquid droplets cannot exist at temperatures below -40 °C. [b]
Same as panel a, but the extent of the proposed new cloud is shaded in grey. In this
example, the proposed new cloud has depth D = 5 km. [c] Same as panel b, but corrected
to exclude temperatures < —40°C and overlap with other liquid cloud. [d] LWC profile
after adding new cloud. In this example, the LWC at the center of the cloud is LWC epter
=5 gm3. [e] Same as panel d, but after adding Gaussian noise for new cloud. In this
example, the noise parameter is opwe = 1 ¢ m™. [f] Same as panel e, but after removing
unwanted values created by Gaussian noise.

1.3 Ice cloud

This procedure has the same parameters as for liquid cloud, but replacing liquid-

water content with ice-water content (IWC). In other words, replace LWCygoay,

with IWCDax

center

and opwc with opwe. Parameter settings are shown in Table S1.

The procedure itself — shown schematically in Figure S3 — is the same as for lig-
uid cloud, except in step 2d. The criterion “temperature > -40 °C” is replaced with “tem-

perature < 0 °C”.

center
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Figure S3: Procedure for creating a new ice cloud layer. [a] Original profiles of IWC and

temperature. [b] Same as panel a, but the extent of the proposed new cloud is shaded in

grey. In this example, the proposed new cloud has depth D = 5 km. [c] Same as panel b,

but corrected to exclude temperatures > 0°C and overlap with other ice cloud. [d] IWC
profile after adding new cloud. In this example, the IWC at the center of the cloud is

IWCeenter = 5 g m™. [e] Same as panel d, but after adding Gaussian noise for new cloud.
In this example, the noise parameter is oywe = 1 g m™. [f] Same as panel e, but after

removing unwanted values created by Gaussian noise.

1.4 Ozone

Our motivation is to create more complex ozone layers — over a wider range of lo-
cations, depths, and mixing ratios — than seen in the real atmosphere. The procedure
has six parameters: minimum and maximum depth (D, and Dyax), minimum and max-
imum height of layer center (zfamte, and zhearer), Maximum ozone mixing ratio at layer
center (weaX ), and noise level for mixing ratio (o). Parameter settings are shown in

Table S1; the procedure is shown schematically in Figure S4.

1. Sample to determine the ozone-layer depth: D € U [Dpin, Dimax]-
. Sample to determine the height of the layer center: zcenter € U [zé’éin‘;m, zéﬁi’gcr].
3. Find all grid points in the ozone layer. These are grid points with a height in
[zcenter — %D, Zeenter + %D] that are above the tropopause.
4. Sample to determine the ozone mixing ratio at the layer center: weenter € U [0, WX, ].
5. At each height in the ozone layer, scale the mixing ratio linearly from wecepter at
the center to 0 mg kg™' at both the top and bottom.
6. Add Gaussian noise to the mixing-ratio profile. Specifically, at each height in the
ozone layer, add an offset § sampled from N(0, oy,).
7. If the previous step led to any w < 0 mg kg™, increase to 0 mg kg™'. If the pre-

vious step led to any w > Weenter, reduce to Weenter-

[\]
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Figure S4: Procedure for creating a new ozone layer. [a] Original temperature profile,
with proposed extent of ozone layer shaded in grey. In this example, the proposed ozone
layer has depth D = 20 km and center zeenter = 25 km AGL. The tropopause is at 16.5

km AGL, where temperature begins to increase with height. [b] Same as panel a, but

corrected to exclude heights below the tropopause. [c] New ozone profile. In this example,
Weenter = 10 mg kgL, [d] Same as panel ¢, but after adding Gaussian noise. In this
example, the noise parameter is o, = 1 mg kg''. [e] Same as panel d, but after removing
unwanted values created by Gaussian noise.

2 Effects of data perturbation

Figures S5-S9 show the effects of different levels of data perturbation: light (for one
set of training data), moderate (for the validation data), and heavy (for the testing data).
Specific perturbation methods are discussed in Section 3d of the main text and Supple-
mental Section 1. A key property shown in these figures is that the perturbations to ozone
are more drastic than those to liquid and ice water, which in turn are much more dras-
tic than the perturbations to temperature and humidity.

Note that, as in Table S1, temperature is perturbed only at heights below {1.25,2.5,5}
km AGL in the {lightly perturbed training, validation, testing} data. Thus, above 5 km,
the temperature distribution is nearly identical across the four datasets (Figure S5). All
differences above 5 km are caused by differences among the clean datasets, i.e., before
perturbation. The same is true for other quantities not affected by perturbation: spe-
cific humidity above 5 km, liquid-water content in the stratosphere, ice-water content
in the stratosphere, and ozone mixing ratio in the troposphere.
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Figure S9: Same as Figure S5 but for ozone mixing ratio.

3 Hyperparameter experiment to determine the best BNN architec-
ture

We conduct four hyperparameter experiments, each to determine the best BNN (Bayesian

neural network) architecture in a given context. The contexts are:

« for the BNN-only UQ method, trained with clean data;

o for the BNN/CRPS method, trained with clean data;

+ for the BNN-only method, trained with lightly perturbed data;

+ for the BNN/CRPS method, trained with lightly perturbed data.

For each context we optimize four hyperparameters: the number of Bayesian fully con-
nected layers (N,fully ), number of Bayesian upsampling connections (lepsamphng)
ber of Bayesian skip connections (lekip), and training method for Bayesian layers (repa-
rameterization or flipout). Bayesian fully connected layers allow the network to do UQ
for scalar outputs (fluxes), while Bayesian upsampling and skip connections allow the
network to do UQ for vector outputs (heating rates). The attempted values for each hy-

perparameter are listed in Table S2.

, hum-
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Table S2: Hyperparameters optimized for BNNs.

Hyperparameter | Values attempted

Number of Bayesian fully connected layers 2,3, 4
Number of Bayesian upsampling connections | 1, 2

Number of Bayesian skip connections 1,2
Training method for Bayesian layers Reparameterization, flipout
Spectral complexity 64, 128

We experiment with the first four hyperparameters in particular — defined in Sec-
tion 3a of the main text — because they are the main choices involved in changing a U-
net from deterministic to Bayesian. When making fully connected layers Bayesian, we
start at the layer nearest to the scalar outputs and work backwards. For example, if Nguny
= 3, we make the two output layers (labeled “A” in Figure S10) and the preceding layer
(“B” in Figure S10) Bayesian. Similarly, when making upsampling and skip connections
Bayesian, we start at the layer nearest to the vector outputs and work backwards. For
example, if N psampling _ 9 and N:klp = 1, the two upsampling connections with high-
est spatial resolution (“C” in Figure S10) and one skip connection with highest spatial
resolution (“D” in Figure S10) are made Bayesian. The vector output layer (“E” in Fig-
ure S10) is always Bayesian if the network is Bayesian. Within a network, the training
method (reparameterization or flipout) is the same for all Bayesian layers.

—13—
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Figure S10: The optimal U-net++ setup for one context: the BNN-only UQ method with
lightly perturbed training data. Since BNN-only uses the deterministic loss function
rather than the CRPS, N (the ensemble size) = 1. This figure, which shows one specific
U-net++ setup, is analogous to Figure 4 in the main text, which shows the generic
U-net++ setup for UQ. In Figure 4 the double arrows indicate a component that might be
Bayesian, while in this figure the double arrows indicate a component that is Bayesian.

For all hyperparameters not related to UQ, we use the optimal value determined
in Lagerquist et al. (2023, henceforth 1.23), with one exception. The exception is spec-
tral complexity, defined as the number of filters in the first convolutional layer (128 in
Figure S10, the optimal value determined by L23). With the BNN/CRPS UQ method,
this spectral complexity makes the network so large that training leads to out-of-memory
errors. Thus, we attempt values of 64 and 128, as .23 found that a spectral complex-
ity of 64 is nearly optimal.

The hyperparameter experiment is a grid search (Section 11.4.3 of Goodfellow et
al., 2016), meaning that we try all 48 possible combinations of the hyperparameters. We
use the validation data to find the best model, i.e., best combination of hyperparame-
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ter values. Because we wish to optimize both point predictions (ensemble means) and
uncertainty estimates for two variables (heating rates [HR] and fluxes), choosing the “best”
model is non-trivial, as model performance can be described by a wide variety of error
metrics. We examine the 12 metrics shown in Figure 5 of the main text: {MAE, REL,
SSREL, SSRAT, PITD, and MF} for {HR, flux}. MAE is mean absolute error; REL is
reliability; SSREL is spread-skill reliability; SSRAT is spread-skill ratio; PITD is devi-
ation from the perfect probability integral transform (PIT) histogram; and MF is mono-
tonicity fraction measured from the discard test. MAE and REL concern point predic-
tions only, while the other metrics concern the entire predicted distribution, including
uncertainty. MAE, REL, SSREL, and PITD are negatively oriented with a perfect value
of 0.0; MF is positively oriented with a perfect value of 1.0; and SSRAT has a perfect
value of 1.0, with values of [0, 00) possible. We choose the best model by subjectively
combining results across the 12 metrics.

For brevity — and because results are similar across the four contexts — here we
show the results for only one context, namely the BNN-only method trained with lightly
perturbed data. These results are shown in Figures S11-S22. In each figure, the circle
represents the selected model (based on all 12 metrics) and the star represents the model
with the best value of the given metric. Note that the best values for HR MF (Figure
S16) and flux MF (Figure S22) are a multi-way tie, as many models achieve a perfect
MF of 1.0. In this case, the tie is broken arbitrarily and the star marks one of the many
models with perfect MF. The selected model has N™Y = 3, NyPsampling — o - nskip
1, spectral complexity of 128, and uses the reparameterization method instead of flipout.
The first four of these hyperparameter values are represented in Figure S10.
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Figure S11: MAE for heating rate, computed on validation data for each set of
hyperparameters. “Dense” here is a synonym for “fully connected”. Each panel shows one
spectral complexity and one Bayesian training method (reparameterization or flipout);
within each panel the other three hyperparameters vary. The white circle marks the
selected model, and the white star (hidden behind the white circle) marks the model with
the lowest value for this error metric.
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Figure S16: MF for heating rate, computed on validation data for each set of
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Figure S17: MAE for flux variables, computed on validation data for each set of
hyperparameters. Formatting is explained in the caption of Figure S11.
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Figure S19: SSREL for flux variables, computed on validation data for each set of
hyperparameters. Formatting is explained in the caption of Figure S11.
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Figure S20: SSRAT for flux variables, computed on validation data for each set of
hyperparameters. Formatting is explained in the caption of Figure S11.
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Figure S22: MF for flux variables, computed on validation data for each set of
hyperparameters. Formatting is explained in the caption of Figure S11.

4 Further results of Experiment 1 (clean training data)

Figure S23 shows error metrics, based on the heavily perturbed testing data, for all
five UQ methods. This is analogous to Figure 5 in the main text, which shows results
on the moderately perturbed validation data. The main purpose of Figure S23 is to show
that the overall ranking of UQ methods is similar between the validation and testing data.
Most importantly, BNN/CRPS appears to be the best method for both datasets.
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Figure S23: Comparison of UQ methods on testing data, for models trained with clean
(unperturbed) data. In panel g, higher is better; in panel e, closer to 1.0 is better; in all
other panels, lower is better. “CEF” in panel h is catastrophic-error frequency.

Figure S24 shows detailed results for the BNN/CRPS model on the subset of the
testing data with perturbed near-surface temperature. This is analogous to Figure 7 in
the main text, which shows results on the entire testing set. Figures S25-S28 are anal-
ogous to 524 but for different perturbation types: near-surface moisture, liquid cloud,
ice cloud, and ozone. Some broad conclusions from these figures are highlighted in the

main text.
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Figure S25: Same as Figure S24 but for the subset of testing data with perturbed

near-surface moisture.
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Figure S26: Same as Figure S24 but for the subset of testing data with perturbed liquid

cloud.

—25—



Attributes diagram for SW Fpee
REL = 447.88 W2 m~*

_
Q
~

Large-point-error frequency for SW heating rate
Max value = 0.42

(e)

Observation frequency

010

750

0.05
500
000 o worn

0
-250 Prediction frequency

-500

=750

Conditional mean observation (W m~2)

s
SRRARARRERR

~10007

—1000 —500 0 500

Prediction (W m~2)

Attributes diagram for SW heating rate
REL = 0.10 K? day—2

Observation frequenc:

_—
T
=3

N
[=)

0

5

w
o

B ]

w
=)

NERRRSET

N
v

N
=]

diction frequency

—
v

—
o

Conditional mean observation (K day~1)

5
°

BB AART 0!

10 20 30

Prediction (K day~1)

40

Mean absolute error for SW heating rate
Max value = 4.10

(c)

10.0

1.0

Height (km AGL)

0.1

0 1 2 3 4
Mean absolute error (K day~?)

Bias for SW heating rate
Max absolute value = 2.54

(d)

10.0

1.0

Height (km AGL)

0.1

0.0 0.5 1.0 15

Bias (K day™!)

2.0 25

10.0

1.0

Height (km AGL)

0.1

0.0 0.1 0.2 0.3 0.4

Large-point-error frequency

0.5

Spread vs. skill for SW Fpet
SSREL = 6.755 W m~2; SSRAT = 1.009 :

(f)

160
5
=140
T c
> £
£
$120 4c
] 3
% 100 c
o 3&
£ 20 8
[=%
g : iy
< 60 W/ 25
s} 5 X
w g S
2 40 ‘ 5 g g | ¥
z s [
[ r
0 50 100 150 ©

Spread (stdev of predictive distribution; W m~2)

Discard test for SW Fper
MF = 100.0%

1400 IR —
7
§1200 LR
= %10
51000
e 2
= = S & % v &
S 800 DBardind
s o i i
S 600
L)
£
5 400
Il
2 200
00 02 08

0.4 0.6
Discard fraction

PIT histogram for SW Fpe¢
PITD = 0.0264

_—
=2
~—

0.14

0.12

=
N
=)

o
o
©

Frequency

o
o
o

o
<)
=

0.02

0080 02 04 06

PIT value

0.8 1.0

Catastrophic-error frequency for SW heating rate
Max value = 0.42

(i)

10.0

1.0

Height (km AGL)

0.1

0.0 0.1 0.2 0.3 0.4

Catastrophic-error frequency

0.5

) Spread vs. skill for SW heating rate
5 SSREL = 1.295 K day~!; SSRAT = 0.159

=
=)

®

Augs by model spread

o))

~
0
% examples in each bin

Avg target or pred (K day

Skill (RMSE of mean prediction; K day™) &3
s

2 _soead ¢ aav;‘:ﬁ
- Mean predcton| |2
8o 25 s0 75 100 °

Spread (stdev of predictive distribution; K day™1)

Discard test for SW heating rate
MF = 100.0%

) -
=~
~—

gs by di raction

=
o
o

o]
o

Avg target or pred (K day~!)

Discard fraction.

DWMSE for mean prediction (K3 day~3

60 e frean o
40
20

00 02 04 06 0.8

Discard fraction

PIT histogram for SW heating rate
PITD = 0.0614

i

0.30

0.25

Frequency
=4 o
= N
w o

o
-
o

0.05

0.08.0

0.2 0.4 0.6

PIT value

0.8

Figure S27: Same as Figure S24 but for the subset of testing data with perturbed ice

cloud.
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Figure S28: Same as Figure S24 but for the subset of testing data with perturbed ozone.
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5 Further results of Experiment 2 (lightly perturbed training data)

Figure S29 shows error metrics, based on the heavily perturbed testing data, for all
five UQ methods. This is analogous to Figure 11 in the main text, which shows results
on the moderately perturbed validation data. The main purpose of this new figure is to
show that the BNN/CRPS method appears to be best for both datasets.
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Figure S30 shows detailed results for the BNN/CRPS model on the validation data.
This is analogous to Figure 12 in the main text, which shows results on the testing set.
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The main purpose of this new figure is to show that concerning properties of the test-
ing results are much less concerning in the validation results. Specifically, the positive
bias for large HR, (when ensemble mean > 38 K day™!) decreases from ~5 K day™! to ~1
K day™!; struggles with perturbed ozone improve (catastrophic-error frequency in the up-
per stratosphere decreases from 14% to 5%); and overall underestimation of HR uncer-
tainty improves, with SSRAT increasing from 0.520 to 0.884.
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Figure S30: Detailed results of the BNN/CRPS method, for a model trained with lightly
perturbed data, on the validation data. Formatting is explained in the caption of Figure 6

in the main text.
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Figure S31 shows detailed results for the BNN/CRPS model on the subset of the
testing data with perturbed near-surface temperature. This is analogous to Figure 12
in the main text, which shows results on the entire testing set. Figures S32-S35 are anal-
ogous to S31 but for different perturbation types: near-surface moisture, liquid cloud,
ice cloud, and ozone. Some broad conclusions from these figures are highlighted in the
main text.
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Figure S31: Detailed results of the BNN/CRPS method, for a model trained with lightly
perturbed data, on the subset of the testing data with perturbed near-surface
temperature. Formatting is explained in the caption of Figure 6 in the main text.
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Figure S32: Same as Figure S31 but for the subset of testing data with perturbed

near-surface moisture.
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Figure S33: Same as Figure S31 but for the subset of testing data with perturbed liquid

cloud.
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Figure S34: Same as Figure S31 but for the subset of testing data with perturbed ice

cloud.
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