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Abstract This study evaluates the ability of the AI weather forecast model GraphCast to reproduce the
global diurnal cycle of boreal summer precipitation, comparing it with Integrated Multi‐satellite Retrievals for
GPM (IMERG) satellite observations, the ERA5 reanalysis, and an experimental global 5‐km Met Office
Unified Model (UM) which is convection permitting but still retains an active scale‐aware parametrization.
ERA5 captures large‐scale rainfall patterns but exhibits a premature afternoon peak and excessively weak
nocturnal precipitation over land compared to IMERG. GraphCast, while reproducing realistic mean spatial
rainfall distributions, inherits, and amplifies these timing and amplitude biases, concentrating precipitation near‐
midday and producing very little nocturnal signal. The 5‐km UM improves nocturnal precipitation across many
regions but overestimates rainfall over oceans and initiates convection too early over land, likely due to the still
active convective parametrization. Our analysis shows that these contrasting behaviors highlight both
challenges and opportunities for improving precipitation prediction through hybrid AI‐physics approaches.

Plain Language Summary Accurately simulating the daily cycle of rainfall remains a major
challenge for weather and climate models. This study evaluates an AI‐based weather forecast model,
GraphCast, in representing the global diurnal cycle of boreal summer (June–August) precipitation. Results are
compared with satellite observations, a reanalysis, and a global Met Office UnifiedModel (UM) simulation at 5‐
km resolution that allows convection to occur explicitly but still includes an approximate representation of
convection active. ERA5 captures large‐scale rainfall patterns but produces rain too early in the day and too little
at night. GraphCast shows similar but stronger errors, with rainfall concentrated around local midday. The UM
improves nocturnal rainfall in many regions but still triggers convection too early over land and overestimates
rainfall over oceans. These results show that combining the physical realism of kilometer‐scale models with the
computational efficiency of AI could improve the simulation of precipitation processes.

1. Introduction
Precipitation is a fundamental component of Earth's hydrological and energy cycles, and accurately representing
its temporal variability, particularly the diurnal cycle, is essential for improving weather prediction and climate
projection (G.‐Y. Yang & Slingo, 2001). The diurnal cycle arises from interactions among radiative forcing,
boundary‐layer dynamics, convective organization, cloud‐radiation‐aerosol processes, surface exchange, and
mesoscale circulations, making it a stringent benchmark for model physics (Bechtold et al., 2004; Edwards
et al., 2020; Jensen et al., 2022; Tao et al., 2024).

The governing mechanisms differ markedly between land and ocean. Over land, daytime heating deepens the
boundary layer and triggers late‐afternoon to early evening rainfall maxima (G.‐Y. Yang & Slingo, 2001). Over
tropical oceans, nocturnal radiative cooling and boundary‐layer convergence favor early morning peaks (Fang &
Du, 2022; S. Yang & Smith, 2006). Regional departures, such as the nocturnal maximum over the central United
States driven by mesoscale convective systems, highlight the multiscale nature of diurnal precipitation variability
(Hu et al., 2021; Nesbitt & Zipser, 2003).

Despite extensive observational and modeling efforts, the diurnal cycle remains a persistent bias in global models
(Christopoulos & Schneider, 2021). General Circulation Models (GCMs, O(100 km)) with parameterized con-
vection typically trigger rainfall too early and underestimate its amplitude over land (Curt et al., 2016; Dai, 2006),
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while over oceans they often weaken the nocturnal peak, reflecting insufficient coupling among surface fluxes,
clouds, and large‐scale circulation (Dai & Trenberth, 2004; Randall et al., 1991).

Two developments have recently transformed atmospheric modeling: global storm‐resolving simulations and AI‐
based forecasting systems. Kilometer‐scale models (Harris et al., 2020; Satoh et al., 2019; Schär et al., 2020;
Stevens et al., 2019; Tomassini et al., 2023) explicitly resolve deep convection and improve diurnal timing and
regional rainfall structure (Jones et al., 2023; O’Gorman et al., 2021; Takasuka et al., 2024), though amplitude and
phase biases persist over Africa, the Maritime Continent, and the central United States (Berthou et al., 2019; Feng
et al., 2023; Rackow et al., 2025; Zou & Zhou, 2024). Their computational cost also limits temporal coverage and
operational feasibility.

At the same time, AI‐based global weather models have demonstrated competitive skill, often rivaling or
exceeding numerical weather prediction systems in headline metrics such as RMSE. For example, Yan
et al. (2025) reported reduced short‐range precipitation errors with GraphCast relative to ECMWF forecasts over
and Arai et al. (2025) found improved heavy rainfall scores at medium‐range lead times. However, such eval-
uations rely largely on aggregate error statistics, offering limited insight into process fidelity and potentially
masking physical inconsistencies (Bonavita, 2024; Hunt, 2025). It therefore remains unclear whether AI models
reproduce physically consistent temporal structures such as the diurnal cycle.

In this study, we evaluate the ability of the AI model GraphCast to reproduce the global diurnal precipitation cycle
during boreal summer (June–August), focusing on its mean rate, amplitude, and phase. We compare GraphCast
with ERA5 (Hersbach et al., 2020), the Integrated Multi‐satellite Retrievals for GPM (IMERG) satellite product
(Huffman et al., 2015), and a global 5 km Met Office Unified Model (UM) simulation that explicitly permits
convection while retaining a scale aware parametrization (Tomassini, 2025). This process‐based intercomparison
assesses whether GraphCast captures the mechanisms underlying diurnal precipitation variability or primarily
reproduces patterns embedded in its training data.

2. Methods
2.1. Data and Models

We assess the ability of the AI model GraphCast to reproduce the global diurnal precipitation cycle during boreal
summer by comparing its June–August (JJA) 2023 forecasts with ERA5, the IMERG satellite product, and an
experimental global 5‐km scale UM configuration from the Met Office.

GraphCast forecasts were generated using the ECMWF AI‐models toolbox. GraphCast is a deep learning system
trained on about 40 years of ERA5 atmospheric and surface fields (Hersbach et al., 2020) at 0.25° resolution
(approximately 30 km). Because it is autoregressive, outputs from each forecast step become inputs to the next.
Below we outline the characteristics of GraphCast, IMERG, ERA5, and the UM simulation.

• GraphCast: GraphCast employs a Graph Neural Network with roughly 36.7 million parameters. It predicts
five surface variables and six pressure‐level variables on 37 vertical levels. The encoder projects grid‐cell
information onto a multiresolution icosahedral mesh (12–40,962 nodes), followed by 16 processor layers
that propagate information across scales via message passing. The decoder maps node representations back to
a regular latitude‐longitude grid, avoiding the scalability limitations often encountered in transformer‐based
models (Battaglia et al., 2018; Lam et al., 2023). GraphCast outputs 6‐hourly accumulated precipitation. We
converted these values to instantaneous rates and concatenated daily forecasts initialized at 00:00 UTC to form
a continuous JJA 2023 data set. Although precipitation is part of the training data, GraphCast has no archi-
tecture specifically optimized for precipitation skill, despite the spatial sparsity and non‐Gaussian behavior of
rainfall.

• IMERG: The IMERG product (Huffman et al., 2015) provides 30‐min global precipitation estimates at 0.1°
resolution. Its high temporal sampling enables detailed analysis of diurnal amplitude and phase. Limitations
include reduced performance near coastlines due to distinct land‐ocean retrieval algorithms, underestimation
of light rainfall (relevant for nocturnal and maritime precipitation), and larger uncertainties over snow‐covered
regions, though the latter is less important for JJA.

• ERA5: ERA5 (Hersbach et al., 2020) provides hourly global fields at 0.25° resolution and 37 pressure levels.
Precipitation is a diagnostic from short‐range forecasts within the data assimilation system rather than an
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assimilated variable. We use the hourly mean precipitation rate for consistency with IMERG. ERA5 pre-
cipitation remains limited by convection parametrization and under‐resolved orography.

• UM 5‐km experimental simulation: We use the Met Office's global 5 km configuration developed for
DYAMOND‐3 and the Met Office km‐scale program. At this resolution, deep convection is largely explicitly
represented, improving the simulation of convective organization and the diurnal precipitation cycle relative
to coarser models (Tomassini, 2025; Tomassini et al., 2023). The configuration uses a 5 km horizontal grid
(N2560), about 85 vertical levels, and the GA9.0 physics suite with a scale‐aware, partially resolved con-
vection scheme based on a reduced CoMORPH‐A formulation (Lock et al., 2024). The simulation consists of
15‐day forecasts initialized every 3 days and coupled to a 10‐km ocean model. A continuous JJA 2021 data set
was constructed by concatenating the first 3 days of each forecast. Because GraphCast was trained on ERA5
data through 2021, the UM JJA 2021 period cannot be used for direct evaluation of the AI system. We
therefore analyze UM JJA 2021 as a reference for 5‐km model behavior, and GraphCast JJA 2023 as an
independent test period.

2.2. Computing the Diurnal Precipitation Cycle

All data sets were regridded to the ERA5 0.25° grid and sampled at 6‐hr intervals. Although IMERG, ERA5, and
the UM provide hourly data, GraphCast offers only 6‐hourly precipitation, which motivates adopting a common
6‐hr temporal sampling across all data sets analyzed in this study. At each grid point, we applied a discrete Fourier
transform to extract the dominant diurnal harmonic following Zhang et al. (2024):

F(tʹ) = F0 + S1 (tʹ) + residual, Sn (tʹ) = An sin(ntʹ + σn),

where F0 is the mean precipitation rate, and An and σn are the amplitude and phase of the nth harmonic. Local solar
time (LST) at longitude λ is defined as

LST = UTC + λ/15° hours,

where 15° corresponds to 1 hour of Earth's rotation. The first harmonic S1 provides the diurnal amplitude (A1) and
the local time of maximum precipitation (σ1) . Although higher harmonics such as the semi‐diurnal component
can contribute locally, the first harmonic captures most of the global variance in precipitation timing and intensity
(Dai, 2001; Curt et al., 2016; S. Yang & Smith, 2006).

3. Results
3.1. IMERG Global Diurnal Precipitation Cycle in Boreal Summer

Figure 1 shows IMERG JJA mean precipitation, amplitude, and phase over the Central U.S. Great Plains for 2021
and 2023, included to verify that interannual variability does not affect comparisons with GraphCast and the UM
5‐km model simulation.

Figures 1a and 1b indicate that the spatial distribution of mean precipitation is highly consistent across the
JJA2021 and JJA2023, with intense rainfall along the Intertropical Convergence Zone (ITCZ) and major monsoon
regions. JJA 2023 is slightly wetter over the western Pacific and tropical Atlantic (≈ 2 mm day− 1), while 2021
shows modestly drier conditions over some subtropical land areas.

The diurnal amplitude and phase fields (Figures 1c–1f) also show minimal interannual differences. Amplitude
peaks over continental interiors and coastal regions where land‐sea‐breeze circulations promote convection,
reaching 3–7 mm day− 1. Large values occur over central Africa, the Maritime Continent, and the western Pacific
warm pool, while open oceans and extratropical latitudes show weak diurnal modulation dominated by synoptic
variability.

IMERG phase patterns in both years confirm a robust late‐afternoon to early evening precipitation maximum over
land (≈15–19 LST) and an early morning maximum (≈03–06 LST) over tropical oceans. Several coastal regions
(e.g., Gulf of Mexico, Central America, South and Southeast Asia) exhibit a secondary near‐midday peak linked
to sea‐breeze interactions. Patchiness over the Southern Ocean reflects migrating midlatitude storm systems.
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Mountainous regions show slightly earlier afternoon peaks, while arid and subtropical regions display weak or
intermittent diurnal signals.

The similarity between IMERG 2021 and 2023 indicates weak interannual variability in the diurnal cycle,
supporting the use of the UM 5‐km simulation from JJA 2021 for comparison with GraphCast and ERA5.

Figure 1. Global mean precipitation characteristics and diurnal cycle during boreal summer JJA. Panels (a, c, and e) show the (a) mean precipitation rate (mm day− 1),
(c) amplitude (mm day− 1), and (e) phase (hour of maximum in Local solar time [LST]) derived from the Integrated Multi‐satellite Retrievals for GPM observational
product for the 2021 JJA. Panels (b, d, and f) display the corresponding fields from the 2023 JJA. Phase is defined as the LST peak precipitation in the diurnal harmonic, and
amplitude corresponds to the magnitude of the first harmonic. The phase scale is circular (0–24 LST), with warmer colors indicating afternoon peak times, while cooler
colors indicating night or early morning peak times.
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3.2. ERA5, GraphCast, and UM 5‐km Experimental Model Capability
in Capturing Mean Precipitation Rate, Amplitude, and Phase

The ERA5 reanalysis well reproduces the global structure of the IMERG
mean precipitation rate (Figure 2a). It captures the main precipitation maxima
exceeding 12 mm day− 1 along the ITCZ and over the Maritime Continent, as
well as secondary maxima of 3–7 mm day− 1 across regions such as the Great
Plains, central Africa, and the Southern Ocean. However, ERA5 over-
estimates mean precipitation by approximately 2 mm day− 1 along the eastern
Pacific ITCZ and underestimates it by a similar magnitude across extensive
areas of the Maritime Continent.

GraphCast broadly reproduces the ERA5 spatial distribution of mean pre-
cipitation rate (Figure 2b), including the location of the primary mean rate
precipitation maxima, with rates occasionally exceeding 12 mm day− 1 along
the ITCZ and over the Maritime Continent. Moreover, the spatial distribution
of mean precipitation rate predicted by GraphCast over North America and
the Southern Ocean is broadly consistent with ERA5 and IMERG. However,
the regions of maximum mean precipitation are considerably smaller in
GraphCast than in ERA5, with underestimations up to ≈ 5 mm day− 1 across
parts of the Atlantic and Pacific ITCZ and around Mexico.

The experimental UM 5‐km model simulation (Figure 2c) reproduces the
spatial distribution of the IMERG mean precipitation rate more accurately,
particularly in capturing the location and magnitude of tropical rainfall
maxima. However, it substantially overestimates precipitation in the mid-
latitudes, most notably over the Southern Ocean but also across Europe and
central to eastern North America, a bias that neither GraphCast nor ERA5
exhibited. In the Southern Ocean, areas with mean precipitation of 5–
7 mm day− 1 cover nearly twice the extent indicated by IMERG, suggesting
excessive frontal precipitation in this region.

When considering the diurnal amplitude of ERA5 precipitation (Figure 3a),
larger discrepancies relative to IMERG arise than for the mean precipitation
rate. More in details, ERA5 exhibits a less organized and more fragmented
amplitude structure, particularly over the Great Plains, where the amplitude
rarely exceeds 1.5–2 mm day− 1, and over the Maritime Continent, where,
although values reach up to 7–10 mm day− 1, the areas of strong diurnal
variability are considerably smaller and more spatially discontinuous than in
IMERG. Around the coastal regions of Mexico, the amplitude barely reaches
7–10 mm day− 1, while in IMERG they exceed 12 mm day− 1.

Graphcast appears to inherit and amplify ERA5 underestimations in the
precipitation amplitude of the first diurnal harmonic, with Figure 3b showing
the amplitude systematically weaker, by up to 3 mm day− 1, over both primary
and secondary convective regions, including the Maritime Continent, ITCZ,
and the Great Plains. Central Africa exhibits a similar negative bias, while
amplitudes over the Southern Ocean and North Atlantic remain smaller than
in both ERA5 and IMERG.

The diurnal amplitude in the UM 5‐km simulation (Figure 3c) closely
matches IMERG across most regions, with only minor differences: a slight

underestimate of up to ∼1 mm day− 1 over the Great Plains and a modest overestimate of ∼1.5 mm day− 1 over the
Maritime Continent. Elsewhere, such as central Africa, the Gulf of Mexico, the ITCZ, and the midlatitude oceans,
the amplitude agrees well with IMERG.

Figure 2. Mean precipitation rate as in Figures 1a and 1b but for (a) ERA5,
(b) GraphCast, and the (c) Unified Model (UM) 5‐km model. Note that
ERA5 and GraphCast refer to JJA 2021 while the UM 5‐km simulation to
JJA 2023.
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Finally, we analyze the precipitation phase (precipitation peak timing) in
Figure 4. The ERA5 precipitation peak timing displays substantial biases
(Figure 4a), especially over land. Over the Amazon, central Africa, conti-
nental Europe, the United States, and Siberia, the diurnal maximum is shifted
toward midday or early afternoon (approximately 12–16 LST), rather than the
late‐afternoon to evening peak observed in IMERG. This premature peak is a
well‐known feature of ERA5 and arises from the convective parameterization
in the IFS model, which tends to trigger convection too early in the day in
response to rapid surface heating and boundary‐layer growth, before suffi-
cient moistening and instability have developed to support deep convection as
observed in IMERG. In contrast, regions dominated by frontal‐driven pre-
cipitation, such as the Southern Ocean, show similar patchy phase structures
to those in IMERG.

The timing of the diurnal precipitation maximum (phase) in GraphCast also
shows systematic biases (Figure 4b). Over land, precipitation peaks nearly
everywhere between late morning and early afternoon (approximately 11:00–
14:00 LST), amplifying the premature convective onset already present in
ERA5 and further degrading its midday bias. Exceptions include the Great
Plains, southern South America, and southern Africa, where the phase aligns
more closely with observations. Over oceans, GraphCast precipitation peaks
too early, typically between 1 and 3 LST, whereas both ERA5 and IMERG
indicate a later maximum between 7 and 10 LST. Frontal precipitation regions
over the North Atlantic and Southern Ocean display similar patchy phase
structures to ERA5, reflecting the model's inherited large‐scale dynamics
rather than localized convective processes.

While the experimental UM 5‐km model improved the precipitation diurnal
amplitude relative to IMERG compared to ERA5, the timing of the diurnal
precipitation maximum (phase) exhibits larger regional biases, in particular
over land (Figure 4c). Notably, spurious midday peaks occur across parts of
central and southern Africa as well as across the western and central United
States. Similarly (and again relatively degraded) to ERA5, continental regions
such as Siberia and Europe also display an unrealistically synchronized
midday maximum, indicative of an overly rapid convective response to sur-
face heating. However, there are some notable exceptions, that is regions
where the experimental UM 5‐km model does well capture the diurnal pre-
cipitation phase. For instance, the model realistically simulates a midday peak
over South America, albeit occurring a few hours earlier than the early af-
ternoon maximum observed in IMERG. It also reproduces the early morning
and spatially patchy phase structure over the Maritime Continent, as well as
the characteristic frontal‐driven “comma‐shaped” phase alternations over the
Southern Ocean.

We repeated the diurnal diagnostics using five JJA seasons (2021–2025) for
GraphCast, IMERG, and ERA5 (Figures S1–S6 in Supporting Informa-
tion S1) to assess sensitivity to multi‐year sampling. While averaging
modestly improves spatial coherence where the diurnal signal is strong, it
does not materially change phase structure, amplitude, or model‐observation

differences. Because km‐scale output is unavailable only for extended multi‐years JJA seasons, we retain same‐
season comparisons to ensure consistent temporal sampling. This highlights the need for longer km‐scale in-
tegrations to enable systematic skill assessment of key fields such as precipitation, which lies beyond the scope of
this study.

Figure 3. Diurnal amplitude of precipitation as in Figures 1c and 1d but for
(a) ERA5, (b) GraphCast, and the (c) Unified Model 5‐km model.
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3.3. Land‐Ocean Contrast in IMERG, ERA5, GraphCast, and the UM
5‐km Experimental Model

To better examine regional contrasts and quantify land‐ocean differences in
model performance, we show and compare in Figure 5 domain‐averaged
diurnal precipitation without projection onto a single harmonic for IMERG
JJA 2021 and 2023, ERA5 (2023), GraphCast (2023), and the UM 5‐km
model (2021).

The two IMERG seasons exhibit only minor differences, less than 0.25 mm
day− 1 across all regions, with 2023 showing slightly higher totals, consistent
with Figure 1. This further confirms that the seasonal mismatch between the
UM 5‐km simulation (2021) and ERA5/GraphCast (2023) data sets does not
compromise intercomparison, as already discussed in Figure 1.

ERA5 broadly reproduces the tropical‐ocean diurnal cycle but exhibits pro-
nounced biases over land (±50° latitude). Precipitation peaks too early in the
afternoon and is markedly underestimated at night. Regionally, ERA5's
diurnal maximum occurs ≈2 hr earlier than IMERG over Africa and Asia,
while Europe and the central United States display a more realistic late‐
afternoon peak. Nighttime rainfall is systematically too weak, with deficits
of ≈2 mm day− 1 over Asia and the central U.S., ≈1 mm day− 1 over Africa,
and ≈0.5 mm day− 1 over Europe relative to IMERG (Figure 5a).

The UM 5‐km simulation exhibits a substantially stronger diurnal amplitude
than IMERG and ERA5, with peak precipitation occurring ≈3 hr earlier than
IMERG and earlier than ERA5 in several regions. Thus, in terms of amplitude
and phase, it does not represent an overall improvement over ERA5. How-
ever, it produces enhanced nocturnal precipitation over global land, including
Africa and the central United States, partially reducing ERA5's nighttime
deficit. While this likely reflects explicitly resolved convective organization
at kilometer scale, convection remains triggered too readily, contributing to
the premature afternoon maximum. ERA5 precipitation is also indirectly
constrained by data assimilation, whereas the UM 5‐km simulation is a free‐
running forecast re‐initialized every 72 hr, the two are therefore not directly
comparable in overall skill.

GraphCast shows a comparable or larger phase bias, with precipitation
peaking≈4 hr earlier than IMERG over global land (Figure 5a) and exhibiting
a pronounced nighttime deficit. The phase centers in late morning to early
afternoon, consistent with the 10–14 LST peak identified in Figure 4c, leading
to rainfall being concentrated near local noon. Although the present analysis
does not directly diagnose convective organization, this bias suggests an
overrepresentation of daytime processes and underrepresentation of nocturnal
rainfall. A caveat is the native 6‐hourly GraphCast output: while hourly
curves are derived after LST conversion and interpolation, the limited tem-
poral sampling reduces the number of independent time points entering the
harmonic analysis. This may affect quantitative precision but does not alter
the qualitative early peaking structure.

4. Discussion and Conclusions
This study provides a process‐based evaluation of the ability of the AI weather prediction model GraphCast to
reproduce the global diurnal cycle of summertime (JJA) precipitation, relative to IMERG, ERA5, and an
experimental global 5‐km convection‐permitting configuration of the Met Office UM. Although leading AI
systems such as GraphCast approach or exceed NWP skill for smooth synoptic fields at far lower computational

Figure 4. Phase of precipitation as in Figures 1e and 1f but for (a) ERA5,
(b) GraphCast, and the (c) Unified Model 5‐km experimental model.
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cost (e.g., 500 hPa geopotential height), their representation of higher‐order physical variability, including the
diurnal cycle, remains insufficiently understood.

Analysis of mean rate, amplitude, and phase shows that GraphCast inherits ERA5 strengths and weaknesses, and
often amplifies the latter. It captures the spatial distribution of mean rainfall, including 12 mm day− 1 maxima
along the ITCZ and Maritime Continent, but underestimates diurnal amplitude by up to 5 mm day− 1 relative to
IMERG and performs worse than ERA5 in this metric, consistent with known ERA5 limitations (Dai, 2024;
Pradhan et al., 2025; Watters et al., 2021) and similar issues in MERRA‐2 (Reichle et al., 2017).

GraphCast also worsens the timing of the diurnal cycle, placing peak land rainfall in late morning to early af-
ternoon, about 4 hr early relative to IMERG and 2 hr early relative to ERA5, mirroring premature triggering in the
IFS used for ERA5 (Bechtold et al., 2014). In addition, GraphCast shows substantially reduced nocturnal pre-
cipitation in regions where observations exhibit pronounced nighttime maxima, including parts of Africa, Asia,
and the central United States, indicating a systematic nighttime deficit relative to IMERG (and the 5‐km UM).
Although the present diagnostics do not directly resolve mesoscale organization or cold‐pool dynamics that
govern nocturnal rainfall, the combination of an early daytime peak and suppressed nighttime precipitation is
consistent with an overrepresentation of locally timed daytime processes.

These compressed amplitudes and early phases align with broader evidence of physical limitations in current ML
weather models (Bonavita, 2024). Weak nocturnal rainfall likely reflects both missing mesoscale organization
and under‐resolved contributions from large‐scale processes such as nocturnal low‐level jets and circulation‐
driven moisture convergence (Liang & Zhang, 2021; Ma et al., 2024; Ousmane et al., 2024). Since ERA5 pre-
cipitation is not directly assimilated and contains systematic timing biases, GraphCast likely learns from biased
labels. Its coarse (0.25°, 6‐hourly) resolution constrains mesoscale convective system propagation, while losses

Figure 5. Domain averaged hourly precipitation (units: mm day− 1) without projection to first harmonic over (a) global land, (b) tropical ocean, (c) Africa (d) Asia,
(e) Europe, and (f) Central US for IntegratedMulti‐satellite Retrievals for GPM (IMERG) JJA2021 (blue lines), IMERG JJA 2023 (orange lines), ERA5 JJA 2023 (green
lines), GraphCast JJA 2023 (red lines), and Unified Model 5‐km JJA 2021 (purple lines).

Geophysical Research Letters 10.1029/2025GL120961

GENTILE ET AL. 8 of 11

 19448007, 2026, 9, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2025G

L
120961 by B

enjam
in H

arvey - C
ochraneA

ustria , W
iley O

nline L
ibrary on [05/05/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



on sparse, heavy‐tailed rainfall fields tend to smooth amplitudes (Hunt, 2025; Lam et al., 2023). Autoregressive
drift may further worsen timing errors in CAPE, CIN, and moisture convergence.

In contrast, the global UM 5‐km experimental simulation improves both amplitude and nocturnal phase over land
and ocean, particularly across the central United States, Africa, and the Maritime Continent. These improvements
stem from resolving deep convection and mesoscale processes largely absent or heavily parameterized in coarser
models (Tomassini et al., 2023). More realistic convective organization enhances nighttime precipitation and
brings the UM closer to IMERG. However, the UM retains a substantial wet bias (Takasuka et al., 2025;
Tomassini, 2025), likely linked to sensitivities in microphysics and boundary‐layer and air‐sea coupling. It also
produces an afternoon peak 3 hr early, potentially arising from the scale‐aware convective parametrization
(Lavender et al., 2024; Lock et al., 2024), which remains active at 5 km and may trigger convection ahead of the
observed onset under daytime heating.

Overall, neither GraphCast nor the experimental 5‐km UM fully resolves longstanding biases in the diurnal
precipitation cycle. Because accurately capturing the diurnal cycle relies on processes spanning convective
initiation, turbulence‐microphysics coupling, and surface‐atmosphere feedbacks (Pearson et al., 2014), persistent
errors across model paradigms indicate that progress must focus on improving sub‐grid physical process rep-
resentation, whether in conventional or AI‐based models. The diurnal cycle thus remains a valuable, physically
interpretable benchmark that should be routinely incorporated into future model development and evaluation.

Future work should prioritize improving physical‐process closures in km‐scale models, including turbulence,
convection, and microphysics (Bogenschutz & Krueger, 2013; De Roode et al., 2019; Gentile et al., 2025;
Honnert et al., 2020; Larson et al., 2019; Nardi et al., 2024), while advancing AI systems toward learning the
governing dynamics of moist convection rather than replication of statistical patterns (Bonavita, 2024;
Hunt, 2025; Lam et al., 2023; Pathak et al., 2022; Selz & Craig, 2023). A complementary strategy emerging at
operational centers applies scale‐selective spectral nudging, constraining large‐scale modes (≈1000 − 2000 km
and above) of a physical model toward an AI forecast while allowing smaller scales to evolve freely (Husain
et al., 2025). Hybrid AI‐physics frameworks, combining the physical realism of km‐scale simulations with the
computational efficiency of AI (Das et al., 2024; Driscoll et al., 2025; Schneider et al., 2023; Shamekh &
Gentine, 2023; Slater et al., 2023; Wang et al., 2025) offer a promising route for improving precipitation timing,
amplitude, and spatial variability across scales.
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