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ABSTRACT

Despite advances in climate modeling, the spread in equilibrium climate sensitivity
estimates has remained largely unchanged over generations of modeling, mainly
due to uncertainties in cloud feedback mechanisms arising from subgrid-scale tur-
bulence, convection, clouds, and the resulting cloud-radiation interactions. Mis-
representations of these processes affect both long-term climate projections and
the simulation of short-term atmospheric phenomena, such as the diurnal cycle of
precipitation. These limitations are most pronounced in regimes like stratocumu-
lus clouds and their transition to cumulus over ocean basins—areas where climate
models have the largest cloud biases in the historical record. This thesis aims to
constrain the critical subgrid-scale physics of turbulence and convection by devel-
oping and calibrating a hybrid physics—machine learning parameterization using the
Eddy-diffusivity Mass-flux (EDMF) framework. By integrating machine learning
components into the EDMF and employing data assimilation techniques for on-
line learning, we attempt to directly target some of the processes responsible for

uncertainties in cloud feedbacks.

In this thesis, we employ ensemble Kalman inversion within a single-column setup
to simultaneously perform online calibration of parameters in empirical closures and
embedded neural networks, targeting large-eddy simulations as ground truth. The
online learning framework ensures stability and physical consistency, as machine
learning components are trained within the context of the full model dynamics. By
directly targeting poorly constrained processes like lateral entrainment/detrainment
and turbulent mixing lengths, we improve the representation of subgrid-scale fluxes
and resulting cloud properties across various atmospheric regimes. We uncover lim-
itations of traditional semi-empirical closures, providing insights for future model
development. The calibrated hybrid parameterization outperforms existing schemes,
particularly in regions where climate models have historically underperformed, and
maintains accuracy in out-of-sample forcings from a warmer climate. This work
demonstrates that integrating machine learning with physics-based parameteriza-
tions through data assimilation offers a systematic and robust approach for reducing
biases in climate models and understanding the physics of elusive subgrid-scale

closures.
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Chapter 1

INTRODUCTION

11 Forward

Since Earth’s coalescence over 4.5 billion years ago, our planet has experienced
a myriad of climates—from global glaciations known as “Snowball Earth," where
ice sheets reached the equator, to hothouse periods devoid of polar ice caps. These
dramatic variations eventually led to a climate hospitable to human life. Soon
after, the most curious among us began meticulously observing the sky. Around
2,400 years ago, figures like Aristotle, one of the earliest meteorologists, began
systematically attempting to explain the atmospheric patterns he observed. The term
"climate" itself is derived from the Greek word * ] “U (klima), meaning "inclination"
or "slope," reflecting the ancient understanding of how the sun’s angle influenced

regional weather patterns and created distinct climatic zones.

The same species that once gave names to the systematically varying skies and
began to describe them with rudimentary rules have, through rapid technological
development, become powerful enough to unnaturally influence the climate at an
unprecedented rate. Today, the word "climate" has taken on a completely new
meaning. Through technological innovations in computing power and better process
understanding, we now have the power to predict aspects of future weather and
climate at a global scale, allowing us to take actions to prepare for or avoid potential
realities—a scenario unimaginable to the Oracles of Delphi. Today, we live in a
world where approximations of entire simulated Earth systems can be generated
on computers, playing out atmospheric realities that may or may not happen. The
usefulness of these models, however, hinges on their fidelity and ability to generalize.
As the complexity of processes in these models surpasses our ability to precisely
measure and constrain them with traditional techniques and measurements, we
face new challenges. Paradigm shifts are occurring that favor using Al techniques
largely as black boxes, but these tools and their evaluation must be approached
systematically and carefully, given the complexity of the Earth system and the large-
scale decision making that results from the predictions of climate models. While
Aristotle’s theories of the atmosphere loosely fit what he could observe in the sky

above him, many aspects of his broader reasoning of weather and climate turned out
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to be incorrect—and failed to predict characteristics of global weather he did not

directly observe.

1.2 Overview

A variety of aggregate metrics may be used to evaluate the physical realism of
atmospheric simulations and track the accuracy of their predictions. There is no
universally agreed upon metric for identifying the quality of a weather or climate
model, as stakeholders utilizing their predictions and researchers analyzing their
output are interested in accuracy of different aspects. For climate, perhaps among
the most consequential and generally informative metric is equilibrium climate sen-
sitivity (ECS), which measures the average, equilibrium increase in global-mean
surface temperature in response to a doubling of CO2 (Meehl et al., 2020). The
spread in ECS among climate models has remained largely unchanged since initial
estimates with simpler models in 1979, despite rapid growth in the complexity of
climate models (Charney, J. G. et al., 1979). The uncertainty of climate models in
their prediction of ECS, as indicated by the large spread in climate model ensem-
bles, has been largely traced to limitations in how cloud properties respond to their
environment, and the changes in these interactions brought about by a changing cli-
mate. The term "cloud feedbacks" is used to describe the response of cloud radiative
properties to climate change (Stephens, 2005). It is well-established that tropical
low clouds dominate uncertainties in Earth’s global cloud feedback through short-
wave interactions (Bony & Dufresne, Jean-Louis, 2005; Ceppi et al., 2017; Klein
et al.,, 2017). The misrepresentation of cloud feedbacks stems from inaccuracies
of subgrid-scale physics, namely turbulence, convection, clouds, radiation, and the
interaction between them (Bretherton et al., 2013; Gettelman & Sherwood, 2016).

The objective of this thesis is to constrain the subgrid-scale physics that is known
to link short-term atmospheric variability to long-term climate prediction uncer-
tainty, namely the processes responsible for dictating cloud feedbacks. Building
upon the initial work of Lopez-Gomez et al. (2022) and utilizing the calibration
and uncertainty quantification framework of CliMA (Schneider et al., 2017), in
conjunction with model improvements, this thesis aims to inform representations
of the subgrid phenomena, namely those dictating turbulence and convection. Per-
haps the largest contribution of this thesis is pushing data assimilation frameworks,
frequently published with simplified or idealized problems, towards use in more re-
alistic climate modeling settings, where numerous challenges arise. If the promise

of these methods is to make a difference in climate models, these challenges must
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be addressed systematically and one-by-one. We specifically target regimes where
state-of-the-art climate models broadly struggle to capture cloud properties, even in
the historical record—stratocumulus clouds and their transition to cumulus regimes

in ocean basins (Vignesh et al., 2020).

Numerous emergent constraints have been identified, establishing potential links
between observable geophysical variables in the present climate to future climate
outcomes (Klein & Hall, 2015). Proposed emergent constraints span various as-
pects of the present-day climate, including the depth of tropical low clouds (Brient
& Schneider, 2016), the strength of the double-ITCZ bias (Tian & Dong, 2020),
and the degree of vertical convective mixing (Sherwood et al., 2014), among others.
The Coupled Model Intercomparison Project (CMIP) consists of a large ensemble
of climate models run by institutions and modeling agencies all around the world. It
is noted that many proposed emergent constraints derived for CMIPS5 show consider-
able decrease in their skill when applied to CMIP6 (Schlund et al., 2020). Chapter 2
contains published work outlining an observed correlation between oceanic diurnal
precipitation characteristics and ECS. However, the physical mechanism responsible
for the correlation remains elusive. This chapter also highlights the shortcomings
of the latest generations of climate models, CMIP5 and CMIP6, in simulating the
diurnal cycle of precipitation (Christopoulos & Schneider, 2021). It is hypothesized
that subgrid-scale physics surrounding cloud microphysics and entrainment that
manifests locally and on daily timescales, through the diurnal precipitation cycle,
may also impact the mean climate. Stated differently, diurnal cycle biases and ECS
variations in CMIP models may have common causes, without the diurnal cycle
biases directly causing ECS variations. While several hypotheses are laid out for the
relationship surrounding cloud depth and radiative effects, the claims are ultimately
unfalsifiable without a controlled modeling study utilizing a subgrid-scale parame-
terization. Although numerous biases in climate models have been documented and
categorized across generations of CMIP models (Wang et al., 2014), the remainder

of the thesis aims to tackle these problems at their source.

To that end, Chapters 3 and 4 focus on improving and calibrating a unified subgrid-
scale parameterization of turbulence, convection, and clouds, known as the Eddy-
diffusivity Mass-flux (EDMF) parameterization. The EDMF represents transport
from coherent updrafts and environmental turbulence in a unified manner across
a variety of convective and turbulent regimes (Tan et al., 2018; Thuburn et al.,
2022). When coupled to a global climate model (GCM), the scheme accounts for
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the effect of subgrid-scale processes and predicts vertical subgrid-scale fluxes and
cloud properties as a function of large-scale forcings. The primary contribution of
these chapters is to utilize data-driven models and data assimilation techniques to
target uncertain processes within the EDMF, using data from large-eddy simulations
for training. The concept of a "hybrid" EDMF is introduced, where semi-empirical
closures are replaced with expressive and data-driven models. In contrast to emerg-
ing approaches that replace subgrid-scale parameterizations entirely with machine
learning (ML) methods (Rasp et al., 2018; Yuval & O’Gorman, 2020), this research
adopts a physics-first approach that incorporates ML methods at a low level while
retaining well-established physical equations of motion (Schneider et al., 2024). In
this way, learned relationships can be more directly analyzed, distilled, and reasoned
about. The approach is especially pertinent for cloud mixing, where closures are
numerous and diverse in climate models (de Rooy et al., 2013; Gregory, 2001).
Chapter 4 pushes the setup to even further realism, accounting for interactions with
radiation and surface fluxes and using coarse vertical resolution typical of climate
models. Whereas Chapter 3 focuses on the dynamics of convection, Chapter 4 turns
to the representation of turbulence in the EDMF. We find that data-driven mappings
for turbulent mixing length can be distilled into relatively simple, interpretable, and

predictive expressions.

Parameterizations in Earth System Models have always been fundamental in dis-
tilling our physical understanding of subgrid-scale processes. Thus, improving
parameterizations refines our physical understanding and sheds light on the limits of
parameterizations to represent even presently observable metrics. Where and how
to replace physical closures in hybrid subgrid-scale parameterization remains an
open and challenging question, with guidance provided by the experiments detailed
in Chapters 3 and 4. The result of this thesis is ultimately a framework that can
address biases, like those laid out in Chapter 2, at the closure level in a systematic
and universal way. While not addressed in this thesis, the framework opens a va-
riety of avenues for addressing limitations of additional critical closures (such as
microphysics) and allows for the use of global, space-based, or sparse surface obser-
vations to fine-tune models to match measurements. In this way, we may constrain
subgrid-scale closures of varying complexities indirectly. As the climate modeling
enterprise continues to rapidly adopt ML methods to emulate processes in the Earth
System Models, it is important to offer physically-motivated and scientifically-sound
paradigms which avoid black boxes. Balancing accuracy with interpretability and

generalizability are the core tenets of this work.
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Chapter 2

ASSESSING BIASES AND CLIMATE IMPLICATIONS OF THE
DIURNAL PRECIPITATION CYCLE IN CLIMATE MODELS

2.1 Abstract

The diurnal cycle is a common benchmark for evaluating the performance of weather
and climate models on short timescales. For decades, capturing the timing of peak
precipitation during the day has remained a challenge for climate models. In this
study, the phase and amplitude of the diurnal precipitation cycle in Coupled Model
Intercomparison Project (CMIP) models are compared to satellite data. While
some improvements align CMIP6 models closer to satellite observations, significant
biases in the timing of peak precipitation remain, especially over land. Notably,
precipitation over land in CMIP6 models still occurs 5 4 hours too early; the
diurnal cycle amplitude is 0 81 mm day ' too small over the oceans. Further,
the diurnal phase of oceanic precipitation correlates weakly with the equilibrium
climate sensitivity in CMIP6 models: models with a later precipitation peak over
oceans tend to exhibit a higher climate sensitivity. However, it is unclear whether

this relationship is robust.



2.2 Introduction

The diurnal cycle of precipitation is among the fastest modes of variability in
the climate system. Simulating diurnal variations of fundamental variables such
as cloud cover and precipitation has been a long-standing issue for weather and
climate models (Dai & Trenberth, 2004). Disagreements at short timescales indicate
fundamental processes are misrepresented, even when seasonal and longer model
averages agree with observations. Simulating the diurnal cycle of precipitation
with fidelity requires correct accounting of surface-atmosphere interactions, cloud-
radiative feedbacks, boundary layer dynamics, and cloud microphysics (Bechtold et
al., 2004). Diurnal precipitation variability is multifaceted, and many mechanisms
operate across a range of scales to control its behavior, making it an important

benchmark for atmospheric models.

The diurnal cycle of precipitation has been characterized extensively in surface
observations (Dai et al., 1999), satellite observations (Bowman et al., 2005; Dai et al.,
2007; Kikuchi & Wang, 2008; Tan et al., 2019; Yang & Slingo, 2001) and in weather
and climate models (Bechtold et al., 2004; Covey et al., 2016; Dai, 2006; DeMott et
al., 2007; Lee et al., 2008; Pritchard & Somerville, 2009). The physical mechanisms
governing the diurnal cycle over land and ocean are distinct (Dai, 2001; Ruppert &
Hohenegger, 2018), leading to fundamentally different characteristics between these
regions. Oceanic precipitation tends to peak in the early morning hours (Bowman
et al., 2005; Sorooshian et al., 2002). Warm-season precipitation often peaks in the
late afternoon to early evening over land areas, with the central U.S. and a few other
regions peaking around midnight to early morning (Dai, 2001; Dai et al., 1999, 2007,
Lin et al., 2000). The diurnal characteristics of precipitation in climate models differ
from observations, most notably in terms of diurnal timing. Simulated precipitation
tends to peak too early over land (Collier & Bowman, 2004; Covey et al., 2016;
Dai, 2006). Over oceans, the diurnal precipitation amplitude has been noted to be
weak in some climate models, possibly as a result of weak temperature variations
in the ocean boundary layer and low atmosphere-ocean coupling frequency (Dai &
Trenberth, 2004; Randall et al., 1991).

Overall, the diurnal phase and amplitude of convection remain a challenge to properly
simulate in CMIP6 climate models. We find that only marginal improvements in
diurnal precipitation phase and amplitude have been made since CMIP5, and, by
some metrics, CMIP6 models on the whole perform worse. We further uncover

a tenuous relationship between diurnal cycle metrics and the equilibrium climate
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sensitivity (ECS), reinforcing the need to correctly capture the diurnal cycle in global
climate models. The relationship is found to be strongest over oceans in CMIP6
models, with a negligible relationship over land. Physical hypotheses are laid out
for why such a relationship may emerge in the models, but the relationship should be
further explored in future research. Studies aimed at constraining climate sensitivity
typically rely on indices and variability computed on seasonal, annual, and decadal
timescales. Because the diurnal cycle occurs on sub-daily timescales, statistics can

be generated over a relatively short time period relative to other emergent constraints.

While numerous studies have documented and quantified the diurnal precipitation
cycle and its biases in global climate models, as outlined above, less research
has been devoted to investigating its broader relationship to aggregate measures
of climate change such as ECS and TCR. Diurnal variability may affect the mean
climate through timescale feedbacks, as demonstrated by idealized cloud-resolving
modeling of cumulus clouds (Ruppert, 2015). Literature surrounding diurnal cycle
biases in CMIP6 is still sparse. A recent study looked at the diurnal cycle in 3
CMIP6 models (Watters et al., 2021), but the present study considers 21 CMIP5 and
26 CMIP6 models. The present paper complements existing studies of diurnal cycle
biases in climate models while also exploring the relationship between the diurnal

precipitation cycle and climate sensitivity.

2.3 Methods

To determine the phase and amplitude of the 24-hour precipitation composite, we
perform a 2-mode cosine transform fit to the precipitation rate for a given gridcell,
season, and CMIP model. More specifically, a function containing a diurnal (24
hour) and semi-diurnal (12 hour) component is fit after Universal Coordinated Time
is transformed to local solar time [LST] in each gridcell, and precipitation rate means
for each time bin are computed over the analysis period. The daily mean is subtracted
such that the amplitude represents a deviation from the daily mean. The periods
of the cosine functions are fixed, and the resulting phase [hours] and amplitude
[mm day '] of the 24-hour mode are used for the analysis laid out in later sections.
The Levenberg-Marquardt algorithm is employed for performing the non-linear co-
sine fit. To perform comparisons between model output and satellite observations at
different grid resolutions, calculations of diurnal phase and amplitude are performed
on the native CMIP model grid before regridding diurnal parameters to a common
analysis grid. A common analysis grid is needed to appropriately account for differ-

ing grid resolutions, both among models in CMIP and between models and satellite
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observations. The analysis grid resolution is chosen as an intermediate resolution
between CMIP output and IMERG observations. Nearest-neighbor regridding is
employed to interpolate the derived parameterstoa0 5 05 analysis grid, which
avoids issues with the cyclic discontinuity at midnight for phase. Otherwise, circu-
lar statistics are used when aggregating phase in space or time. Polar regions are

excluded by only including latitudes in the range »60 S 60 N..

A standard practice in the diurnal cycle literature is to mask out grid cells where the
diurnal cycle is weak and ill-defined, which reduces noise and improves the validity
of satellite-model comparisons. The masking is often performed by removing cells
with either low precipitation or low diurnal cycle amplitude ratio, as determined
by the ratio of diurnal amplitude to mean precipitation (Covey et al., 2016). A
more objective approach, employed here, is to find a parameter distribution of di-
urnal amplitude and exclude grid cells that contain 0 mm day ! within 3 standard
deviations of the estimated amplitude (i.e., cells that include O in the 99.7% confi-
dence interval when the number of degrees of freedom in the estimate is large and
statistics are normal). The remaining cells thus have a robustly detectable diurnal
cycle amplitude. To build the parameter distribution, we use stationary bootstrap-
ping (Politis & Romano, 1994). Briefly, the method entails continually sampling,
with replacement, blocks of variable length from the full timeseries to build an
ensemble of bootstrap samples, each representing a resampled version of the full
dataset. Diurnal analysis is performed separately on each bootstrap sample, and
the set of derived diurnal amplitudes forms a parameter distribution that quantifies
uncertainty. For this analysis, 200 bootstrap samples with a size of 3 years are
generated from the full IMERG timeseries. Block sizes are an integer number of
days in length and follow a geometric distribution with a mean length of 10 days.
The mask obtained by excluding cells outside 3 standard deviations is then applied
to model output, such that only regions with a robust diurnal cycle in observations
are analyzed. However, our results are insensitive to whether and how precisely this

masking is carried out.

2.4 Data

Observational data

To assess the fidelity of simulated diurnal precipitation cycles, parameters estimated
using an identical methodology are computed for NASA’s Integrated Multi-satellite
Retrievals for GPM (IMERG) V06B data product (Huffman et al., 2019). Briefly,

the IMERG dataset combines estimates of precipitation from several passive mi-
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crowave sounders aboard satellites in the GPM constellation. The “final” satellite
product is inter-calibrated and regridded toa 0 1 grid before undergoing a series of
advanced interpolation, re-calibration, assimilation, and correction procedures. The
aforementioned processing steps are performed by NASA to produce the IMERG
data product. Satellite-based rainfall products infer surface precipitation indirectly
from emitted cloud top infrared radiation or the detection of hydrometers with mi-
crowave sounders, leading to diurnal phase biases of 2—4 hours with respect to rain
gauge observations (Dai et al., 2007). However, IMERG V06 has been shown to
reliably capture details of the diurnal phase with a smaller bias of around ,0 6
hours compared to surface-based estimates, albeit the validation was only done for
the Southeast U.S. (Tan et al., 2019). Estimates of precipitation rate are provided
at 30-minute time intervals for the IMERG product. The IMERG V06 satellite
product is reliably available starting June 2000. For this study, diurnal parameters
are computed using data in the 15-year period spanning June 2000 to May 2015 for
latitudes between 60 S and 60 N.

Climate Simulations

The analysis includes all historical CMIP runs with 3-hourly precipitation flux output
available on the Earth System Grid Federation (ESGF) data server (https://esgf-
node.llnl.gov/), including 26 models for CMIP6 and 21 models for CMIP5 (Eyring
et al., 2016; Taylor et al., 2012). Because model realization and initialization are
not expected to affect the fundamental representation of the diurnal cycle, a single
ensemble member is used for each model. The latest 30-year period for each CMIP
iteration is used. The analysis period spans 1976-2005 for CMIP5 and 1985-2014
for CMIP6. Estimates of the transient climate response (TCR) and equilibrium
climate sensitivity come from Meehl et al. (2020), which uses the Gregory method
to compute climate sensitivity. It is noted the Gregory method has been recently
shown to underestimate the true ECS by 10% on average, and up to 25% for models
with an ECS over 3 K (Dai et al., 2020). Not all models from ESGF with 3-hourly
precipitation output have a reported climate sensitivity by Meehl and colleagues, so
comparisons between diurnal parameters and climate sensitivity are made using the
21 overlapping CMIP6 models and 17 CMIP5 models.
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Figure 2.1: Probability density functions of diurnal precipitation phase (local solar
time in hours of maximum) in IMERG observations (top, for 6/2000-5/2015 mean)
and all-forcing historical simulations from 26 CMIP6 (middle, for 1985-2014 mean)
and 21 CMIP5 (bottom, for 1976-2005 mean) models for land (orange) and water
(blue) grid boxes between 60 S and 60 N on a common analysis grid. The diurnal
phase is estimated using the diurnal component of a sinusoidal fit with diurnal (24
hour) and semi-diurnal (12 hour) modes. Grid cells for which 0 mm day ! lies
within 3 standard deviations of the diurnal amplitude are masked out.

2.5 Results

Diurnal Precipitation Cycle Biases

We compare models to satellite observations using probability density functions
(PDF), spatial maps of phase and amplitude, and radial plots. PDFs highlight
how characteristics of the phase distribution across space, time, and models differ
from the phase distribution across space and time in satellite estimates. Figure 1
shows annual-mean PDFs of the diurnal precipitation phase. The GLDAS land
mask, which includes large inland lakes, is used to identify grid cells over land
and water. The spatial variance of precipitation phase over water is much larger
in IMERG observations relative to both iterations of CMIP, although the model
phase distribution includes variations across models. While spatial variance of

the precipitation phase over land is comparable to satellite estimates, mean phase
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remains 5 4 hours too early in CMIP6 and 5 2 hours too early hours in CMIP5.
The CMIPS5 biases are largely in line with the 6-10 hour phases biases found in
(Covey et al., 2016) relative to TRMM satellite observations, although that study
uses a different masking method and looks at warm-season diurnal cycles. Using
the mode of the PDF instead of the mean, the land phase is 5 1 hours too early
in CMIP6 and 4 5 hours too early in CMIPS. A notable outlier in land phase is
FGOALS, which has a peak around 1.6 LST (FGOALS-g3 in CMIP6) and 0.8 LST
(FGOALS-g2 in CMIP)).

The regional manifestations of the aforementioned biases over land and water be-
come clearer in spatial plots of diurnal amplitude and phase. Figure 2 shows the
annual-mean phase and amplitude, where the CMIP simulations are averaged across
all models in each experiment after regridding to a common grid. Grid cells for
which 0 mm day ! lies within 3 standard deviations of the diurnal amplitude in
satellite observations are masked out. Using 2 standard deviations retains much of
the noisy signals in the extratropics (Fig. S1). The most striking difference globally
is the early triggering of precipitation over land in climate models, a well known
problem that remains an issue in CMIP6. The diurnal phase over extratropical
continents has shifted earlier from CMIPS5 to CMIP6, further from observations,
notably over northern Asia and North America. Previous studies have noted issues
with simulating nocturnal precipitation peaks associated with eastward-propagating
mesoscale convective systems during summer (Liang et al., 2004; Trenberth et
al., 2003), especially over the central U.S. (Jiang et al., 2006). The characteris-
tic signature of these systems is a convective phase that smoothly transitions from
early morning just east of the Rockies to late afternoon towards the southeastern
U.S. CMIP6 models that robustly demonstrate this signal in northern hemisphere
summer include MRI-ESM2-0, EC-Earth3, and EC-Earth3-Veg-LR. Diurnal phase
over the rainiest ocean regions in the Intertropical Convergence Zone (ITCZ) is

systematically a couple hours too early in both CMIP iterations.

While significant issues in phase remain, several improvements in the diurnal am-
plitude are noted. A more realistic diurnal amplitude ( 7 mm day ') is observed
over land in the Maritime Continent and South America for CMIP6. This may
result from higher-resolution outputs in CMIP6 models, which better capture the
localized nature of convection instead of spreading out the signal across a larger
gridcell. Studies employing cloud-resolving models have revealed better agreement

of diurnal amplitude and phase with satellite estimates with increases in horizontal
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Figure 2.2: Annual-mean diurnal precipitation amplitude (deviation from daily mean
inmm day !, right column) and phase (local solar time in hours of the maximum, left
column) in IMERG observations (top row, for 6/2000-5/2015 mean) and averaged
across 26 CMIP6 models (middle row, for 1985-2014 mean) and 21 CMIP5 models
(bottom row, for 1976-2005 mean). The amplitude and phase are estimated using
the diurnal component of a sinusoidal fit with diurnal (24 hour) and semi-diurnal
(12 hour) modes. Grid cells for which 0 mm day ! lies within 3 standard deviations
of the diurnal amplitude are masked out.

resolution (Dirmeyer et al., 2012; Sato et al., 2009). A slight improvement in the
diurnal cycle amplitude over the South Pacific Convergence Zone (SPCZ) brings
the models more in line with observations, but the double-ITCZ bias still exists in
CMIP6 (Tian & Dong, 2020).

To quantify the ability of models to simulate the spatial structure of the phase,
correlations between model and satellite parameters are computed for each model
across gridcells and are averaged in space. The sine of phase is used because local
solar time is a circular quantity. The phase correlation is slightly higher in CMIP6
over oceans (0.30 and 0.35 for CMIPS and CMIP6, respectively) and land (0.23
and 0.29). The slight, but insignificant, improvement in the spatial correlations
over land from CMIP5 to CMIP6 is largely attributable to regions influenced by
topography, notably east of the Andes mountains in South America, the periphery
of the Tibetan Plateau, and over the Central Plains of the U.S. In CMIP6, the phase
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Figure 2.3: Mean diurnal phase and amplitude averaged over 60°S—60°N land
(green) and water (blue) for 21 CMIPS5 (left) and 26 CMIP6 (right) models and
satellite-derived estimates (IMERG as stars). Grid cells for which 0 mm day ' lies
within 3 standard deviations of the diurnal amplitude are masked out. The radius
from the center represents the mean diurnal amplitude (deviation from daily mean)
and the angular position represents the mean phase (LST in hours of the maximum).
The dashed concentric circles (representing diurnal amplitude) are spaced at 0.5
mm day .

in these regions shifts earlier by 1-2 hours. Over the oceans, no discernible regional
pattern is noticeable outside the ITCZ; in the ITCZ, the phase of precipitation is
shifted 0—1 hours earlier in CMIP6 models.

In addition to model-satellite correlations, spatially-averaged phase and amplitude
over land and water are used as a summary metric to systematically and objectively
assess changes between CMIP iterations. Figure 3 demonstrates the spatially-
averaged phase and amplitude on a clock-like radial plot, where the distance from
the center corresponds to diurnal amplitude and the azimuth angle to diurnal phase.
The spread in mean diurnal amplitude and phase among models is larger over land
in both iterations of CMIP. The spread over land, as measured by the standard
deviation, decreases slightly from 2.4 in CMIPS5 to 2.2 hours in CMIP6. The spread
in amplitude increases from 0.64 to 0.76 mm day ', although there are more models
in CMIP6 . Over water, the standard deviation of phase increases slightly from 1.2
in CMIPS5 to 1.3 hours in CMIP6, and the spread in amplitude increases from 0.44
to 0.51 mm day '. When spatially averaged, CMIP6 models have a larger bias than
CMIPS5 over both land and water for diurnal phase but a reduced bias for diurnal

amplitude. The spread in diurnal parameters remains large in both CMIP iterations.
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Figure 2.4: Scatter plot of ECS against mean diurnal cycle phase over global oceans
between 60S and 60N for 26 CMIP6 (Corr = 0.51) and 21 CMIP5 (Corr = -0.26)
models. Grid cells for which 0 mm day ! lies within 3 standard deviations of the

diurnal amplitude are masked out. Satellite-based estimate of diurnal phase from
IMERG shown as red dashed line.

ECS Relationship and Potential Physical Mechanisms

To assess broader climate implications of the diurnal precipitation cycle, mean
phase and amplitude over both land and water are regressed against ECS and TCR.
We also broke down the regressions by season and hemisphere (Table S1); the
robust relationships that emerged are summarized in what follows. A weak but
persistent relationship between precipitation phase over oceans and ECS is found
across hemispheres in the annual mean and in individual seasons. The strongest
relationship exists in northern hemisphere winter over the oceans (Corr = 0 63),
with a comparable correlation in southern hemisphere winter (Corr = 0 62). In
the global and annual mean, the ECS-phase correlation over oceans in CIMP6 is
0 51, while the correlation is only 0 26 in CMIP5. To illustrate the relationship,
scatter plots of the ECS—phase relationships are shown in Figure 4, together with the
observed oceanic phase. Weighting the ocean phase by annual-mean precipitation or
subselecting regions by mean precipitation has a minor impact on this relationship.
Correlations between ECS/TCR and diurnal parameters over land are negligible.
The correlation between ECS and TCR for the available CMIP6 models is 0.7,

which is comparable to the ECS—phase relationship over oceans in winter months.

Previous studies have pointed to the potential for using short-term variability such as
diurnal and seasonal cycles to characterize a climate model’s sensitivity (Brient &
Schneider, 2016; Covey et al., 2000; Williams et al., 2020). However, it is important
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to understand the physical mechanism that accounts for any such relationship. These
are several possible mechanisms for why such a relationship between diurnal phase
and ECS may exist in CMIP6 models:

 Areflection of entrainment ECS is strongly sensitive to the selected cumulus
parameterization, specifically to the bulk detrainment efficiency and details
of how cumulus cloud droplets are converted to precipitation (Zhao et al.,
2016). The diurnal cycle is also sensitive to cumulus parameterization, as
noted by Liang et al. (2004). For instance, diurnal studies employing the
Community Atmosphere Model (CAM) have revealed that the entrainment rate
in the cumulus parameterization affects both the diurnal timing and intensity
of precipitation significantly (DeMott et al., 2007). Similarly, modifying
cumulus mixing through entrainment/detrainment rates in GCMs has also
been shown to influence the phase and amplitude of oceanic precipitation,
with little impact on mean precipitation amounts (Hohenegger & Stevens,
2013). That is, subgrid-scale physics surrounding cloud microphysics and
mixing that manifests itself locally and on daily timescales through the diurnal
precipitation cycle may also impact the mean climate. In other words, the
diurnal cycle biases and ECS variations may have common causes, without

the diurnal cycle biases directly causing ECS variations.

» A proxy for tropical low cloud amount or depth The depth of tropical low
clouds in subsidence regions has been identified as correlating with climate
sensitivity, owing to competing effects of how convective drying and turbulent
moistening are parameterized in models (Brient et al., 2016). The diurnal
phase may also depend on cloud depth or cloud amount and reflect the well-
known uncertainties associated with low clouds in GCMs. If we posit a
relationship between cloud depth and the diurnal precipitation cycle, models

with deeper clouds may have a more robust diurnal cycle.

» A proxy for cloud radiative e [ecks Presuming a later precipitation peak in
the early morning hours corresponds to a later minimum of precipitation in
the afternoon, the observed relationship may reflect how clouds interact with
shortwave radiation during the day. We expect shortwave reflection to depend
both on cloud properties as well as on the solar zenith angle. For instance,
maximum cloudiness that occurs at midday (small solar zenith angle) would

result in more shortwave reflection than maximum cloudiness at night or early
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morning, even for the same daily mean cloud cover. Nevertheless, such an

effect does not fully explain a relationship to ECS.

In an attempt to falsify some of the mechanisms suggested above, we assess whether
either deep convective or shallow cloud regions are contributing disproportionately
to the ECS-phase relationship. The analysis is repeated by correlating the mean
diurnal phase in both low precipitation ( 1 Smm day ') and high precipitation
(i Smm day !) regions against ECS, in both cases without the observational mask
(Table S2). Low precipitation regions are found to have a marginally higher correla-
tion (Corr = 0.52) than high precipitation regions (Corr = 0.47), meaning the source
of the relationship may involve mechanisms operating in both regions or involve a
combination of the hypotheses listed above. However, further work is needed to
elucidate the mechanisms involved—if the relation between diurnal cycle phase and
ECS in CMIP6 in fact turns out to be significant.

2.6 Conclusions
This study quantified diurnal precipitation biases in a consistent manner in CMIP5
and CMIP6 and highlights that biases in diurnal parameters improve marginally
between these CMIP iterations. In particular, the mean diurnal precipitation
phase remains 5 4 hours too early over land, and the diurnal amplitude remains
0 81 mm day ! too small over the oceans. While comparisons of aggregate statis-
tics such a spatial means and correlations with satellite-based observations reveal
no significant improvements, more realistic characteristics of the diurnal cycle are
noted in CMIP6. Improvements include the more robust simulation in several
CMIP6 models of diurnal cycle characteristics that appear to be shaped by noctur-
nal mesoscale convective systems, and a more realistic diurnal amplitude over the

Maritime Continent.

A secondary aim of this study was to assess the broader importance of the diurnal
precipitation cycle by regressing diurnal-cycle parameters against ECS. Climate
models with a later precipitation phase over the oceans tend to have a higher climate
sensitivity in CMIP6; however, this relationship is not evident in CMIP5, calling

into question its robustness.
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Figure 2.5: Annual-mean diurnal precipitation amplitude (deviation from daily mean
inmm day 1, right column) and phase (local solar time in hours of the maximum, left
column) in IMERG observations (top row, for 6/2000 5/2015 mean) and averaged
across 26 CMIP6 models (middle row, for 1985 2014 mean) and 21 CMIP5 models
(bottom row, for 1976 2005 mean). The amplitude and phase are estimated using
the diurnal component of a sinusoidal t with diurnal (24 hour) and semi-diurnal
(12 hour) modes. Grid cells for which 0 mm daylies within 2 standard deviations

of the diurnal amplitude are masked out.

2.7 Supporting Information

Table S1Correlation coe cient between spatial mean of diurnal precipitation phase
over oceans against)(ECS andlf) TCR for 26 CMIP6 models. Correlations are
broken down by season (row) and hemisphere (column). Grid cells for which O
mm day 1 lies within 3 standard deviations of the diurnal amplitude are masked
out.

a
CMIP6 Oceanic Phase ECS Correlations
Season Northern Hemisphere Southern Hemisphere
DJF 0.63 0.49
MAM 0.46 0.55
JIA 0.41 0.62
SON 0.45 0.47




