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ABSTRACT

With the rapid development of deep learning weather prediction (DLWP) models like GenCast,
rigorous evaluation of their physical consistency is essential. This study investigates the dynamical
fidelity of GenCast against ECMWF IFS-HRES and IFS-ENS using comprehensive kinetic energy
(KE) and difference kinetic energy (DKE) spectra over 2021. Unlike the physically consistent error
growth in IFS-ENS, GenCast exhibits weak planetary-scale growth and a persistent, flattened KE tail
at high wavenumbers starting from the first forecast step. These mesoscale artifacts persist across
multiple GenCast variants and AIFS-ENS, indicating a broader challenge for noise-conditioned
generation. Helmholtz decomposition further reveals white-noise-like variance rather than balanced
dynamics. Spatially, weak interactions between large-scale and mesoscale wind fields suggest a
misrepresentation of topography-flow interactions. Furthermore, analyses of KE gradient (| VKE|)
revealed that GenCast fails to reproduce the sharp, filamentary structures, instead generating broad,
isotropic, and noisy patterns. These findings suggest that current noise injection mechanisms in
DLWPs produce noisy artifacts mimicking variance without reproducing realistic error growth physics.
Improving these mechanisms is vital for developing physically consistent DLWPs.

Introduction

The butterfly effect, first proposed by Edward Lorenz, establishes a fundamental limit to atmospheric predictability
[1]. Since tiny initial errors rapidly amplify and alter the large-scale state, ensemble forecasting with perturbed initial
conditions was introduced to represent forecast uncertainty. Each perturbed member evolves toward a distinct but
plausible trajectory of the future atmosphere [2]. This probabilistic framework supports event-likelihood estimation
and more reliable risk assessment. For these reasons, ensemble forecasting has become a cornerstone of operational
Numerical Weather Prediction (NWP) systems, with major centers routinely providing ensemble-based forecasts for
medium-range prediction.

An NWP model, such as Integrated Forecasting System (IFS) from ECMWF, has conducted ensemble forecasts
comprising more than 50 members [3]. However, producing large ensembles with high-resolution NWP models requires
substantial computational resources. Deep learning has therefore emerged as an efficient alternative for global ensemble
forecasting. Over the past five years have seen the emergence of several deep learning weather prediction (DLWP)
models, many of which surpass conventional NWP systems across multiple evaluation metrics. Moreover, DLWPs
have offered notable reductions in computational expense, while increasing accessibility of advanced forecasting tools
[4,5,6,7,8,09].

Early DLWPs, such as Pangu-Weather or GraphCast, began as deterministic forecasting systems, produce only a single
prediction without ensembles [7, 4]. The fidelity of these deterministic DLWPs has been evaluated across multiple



dynamical diagnostics. [10] conducted experiments to test whether Pangu reproduces the butterfly effect through
Difference Kinetic Energy (DKE). They found that, unlike the PDE-based ICON (including a convection-permitting
configuration), Pangu-Weather did not reproduce the rapid error growth expected from tiny initial perturbations. Instead,
its growth rates and structures remained synoptic-scale, even under tiny perturbations. This highlights a critical limitation
and therefore motivates testing whether DLWPs can capture mesoscale error cascades and physically consistent
dynamics. Also, [11] emphasized that the model was not fully dynamically balanced, highlighting inconsistencies
in wind decomposition and vertical velocity compared with IFS-HRES forecasts and ERAS analyses. [12] observed
that Pangu-Weather lacked physical fidelity at the mesoscale, as it consistently underestimated KE required for
realistic atmospheric variability. On the other hand, [13] provided empirical evidence that Pangu-Weather showed
physically meaningful behavior, as artificial perturbations in geopotential or temperature fields elicited responses that are
consistent with atmospheric theory. Yet these studies primarily evaluated deterministic DLWPs such as Pangu-Weather,
ForecastNet, or GraphCast, often focusing on a limited number of case studies.

In contrast to deterministic DLWPs, some recent DLWPs generate ensembles and perform probabilistic forecasts that
do not rely on initial condition perturbations. For instance, GenCast generates ensembles via a conditional diffusion
process that iteratively denoises isotropic Gaussian noise sampled from the latent representation conditioned on the
previous step [9]. Because sampling in diffusion is stochastic, drawing fresh noise realizations at inference time allows
arbitrarily large ensembles without initial condition perturbations. This generative approach has reported ensemble
skill competitive with IFS-ENS, a probabilistic NWP model from ECMWF, on most verified targets, and influenced
subsequent probabilistic DLWPs [14, 15].

Despite the strong skill of diffusion-generated DLWPs, it remains unclear whether their ensembles are dynamically
equivalent to those produced by initial condition-perturbed NWP systems, whose spread reflects the upscale amplification
of initial uncertainties and adheres to physical constraints. The butterfly effect, a fundamental property of atmospheric
dynamics, and its related processes can be used as a benchmark to assess the physical fidelity of ensemble generation
methods such as GenCast. In geophysical turbulence, this effect appears as an upscale error cascade, which leaves a
clear spectral signature traceable in the DKE spectrum. Specifically, small initial uncertainties are amplified through
moist convective processes (e.g., latent heat release), and then propagate upscale via gravity waves and adjustments
to geostrophic balance. Ultimately, these errors saturate at large scales, setting an intrinsic limit on forecast skill
[16, 17, 18, 19, 20]. Moreover, the kinetic energy (KE) spectrum provides scale-dependent saturation bounds on
forecastable variance, so approaching these bounds at the appropriate wavenumbers indicates a physically consistent
energy dynamics. Accordingly, prior studies have widely used DKE and KE spectral diagnostics to assess both
reanalyses and climate simulation models, including NWPs and DLWPs [21, 22, 23, 24, 25, 26, 10, 27]. In this study,
we used both KE and DKE diagnostics to compare diffusion-generated and initial condition-perturbed ensembles. In
addition, we included the deterministic IFS-HRES forecast as a baseline, ensuring no single ensemble member is
privileged, consistent with the exchangeability requirement in ensemble evaluation [28]. The methodological details
for the two ECMWF models (IFS-ENS, IFS-HRES) and GenCast are provided in Methods. We began from 300 hPa
DKE analysis following the previous study ([10]) in 300 hPa Difference Kinetic Energy, then analyzed the 300 hPa
KE spectra in 300 hPa Kinetic Energy Spectra, performed Fourier scale separation in Fourier Analysis of 300 hPa
Wind Kinetic Energy, and conducted | VKE| diagnostics in Magnitude of Kinetic Energy Gradient. We mainly
discuss the first ensemble member of the two probabilistic models for easier comparison with IFS-HRES. Results of the
ensemble mean are also provided in Supplementary Material.

Results

300 hPa Difference Kinetic Energy

To evaluate the error growth characteristics of GenCast relative to the dynamical baseline, we analyzed the time
evolution of DKE between ensemble members. Figure 1 (a) presents the time series of globally integrated DKE. Note
that, since GenCast is initialized from a single ERAS5 reanalysis (i.e., without ensemble members), GenCast’s DKE is
not defined at initialization (lead time 0). GenCast exhibited a slightly slower increase in DKE and somewhat lower
overall DKE values compared to IFS-ENS during the first week, indicating a marginally weaker initial error growth rate.
Until 192 hours, GenCast maintained lower DKE values than IFS-ENS, but at this lead time, the two curves intersect,
and GenCast exhibited higher DKE values than IFS-ENS thereafter. Nevertheless, the overall similarity in the initial
growth rates suggests that GenCast successfully captures the essential large-scale error dynamics characteristic of a
practical forecast system.

However, the spectral evolution of DKE (Figure 1 (b, ¢)) reveals a fundamental divergence in how this error propagates
across scales. It is important to distinguish between the intrinsic predictability limit, which requires infinitesimal
“butterfly-sized” perturbations to observe the saturation of microscale errors and their subsequent upscale cascade



[21, 10], and the practical predictability limit observed here with full-magnitude perturbations. While our setup utilizes
operational-scale perturbations, a physically consistent model must still exhibit upscale error transfer, where uncertainty
at smaller scales eventually saturates and drives growth at larger scales, or error grows at all scales (up-amplitude
growth).

IFS-ENS demonstrated this physical behavior: the spectral peak of DKE shifted progressively towards smaller
wavenumbers with lead time, and error growth was observed across the entire scale, including the planetary scale (low
wavenumber), as shown in Figure 1 (b), indicating a physically consistent up-amplitude error growth of uncertainty
throughout all spatial scales. Similarly, on the synoptic scales, GenCast mimicked the behavior of IFS-ENS. The
spectral peak of DKE progressively shifted towards lower wavenumbers with lead time. Despite this synoptic similarity,
two anomalies indicate a fundamental disconnection in GenCast’s cross-scale interactions. First, in the small-scale
regime (K > 300), GenCast exhibited a flat, constant distribution that remained virtually unchanged across all lead
times. The estimated spectral slope in the band k£ > 300 by linear regression was -3.16 for IFS-ENS and -0.52 for
GenCast at saturation. This suggests that perturbations at these scales behave less like dynamically evolving fluid errors.
Another difference appeared to impede error growth at the planetary scale (k € [1,4]). While IFS-ENS showed a robust
amplification of large-scale errors, increasing by approximately two orders of magnitude over the 10-day forecast,
GenCast exhibited stunted growth, increasing by less than a single order of magnitude.

These findings indicate that while GenCast injects perturbations internally, such perturbations may not facilitate the
spread of perturbations across all scales. Another possibility is that, because GenCast learned from ERAS data with
a relatively coarse 12-hour time step, it may encounter inherent structural difficulties in replicating the sophisticated
error cascade processes that emerge from the continuous time integration used in NWP systems. Regardless of the
underlying cause, this raises questions regarding the physical fidelity of the simulated energy cascade mechanism. To
further investigate this issue, we provided an explicit analysis of the full KE spectra in the following section.

300 hPa Kinetic Energy Spectra

The jet stream at 300 hPa is particularly susceptible to rapid error accumulation due to its highly variable and energetic
dynamics so the temporal evolution of global KE spectra and spectra change (AE(k, 7)) were examined. The KE
spectra and their changes from the initial state (7 = 0) in Figure 2 reveal how forecasts develop KE across different
scales for each model. At low wavenumbers, all three models maintained their KE, as seen in Figure 2 (a, c, e). This
indicates that large-scale flow is generally conserved over the forecast period. However, the results diverged in how the
models handle energy dynamics at smaller scales. The spectral change plots for IFS-HRES and IFS-ENS show distinct,
dynamically consistent energy transfer.

IFS-HRES exhibited oscillatory behavior at low wavenumbers (Figure 2 (b)). In contrast, at high wavenumbers, the
differences progressively decreased and converged toward a narrow range. It is noteworthy that IFS-ENS lost KE
on small scales from the early stage of the forecast. As shown in Figure S5, a more distinct separation between
models emerged starting at £ ~ 30. This rapid dissipation indicates that the model’s physical parameterizations act
as a damping mechanism on these initial perturbations. Specifically, IFS adopts a sequential calling procedure for its
moist physical parameterizations: radiation, turbulent diffusion, convection, and cloud schemes. In this sequence, the
convection parameterization acts not only as a physical representation of subgrid-scale activity but also as a numerical
filter. These schemes are designed to enhance atmospheric stability and suppress numerical noise efficiently, particularly
at the mesoscale where resolved motions begin to transition into subgrid-scale processes [29]. The KE dissipated by
turbulent diffusion, orographic form drag, and convective momentum transport is converted back into heat to satisfy
the conservation of moist static energy (enthalpy) [30]. As a result, the initial condition perturbations in IFS-ENS,
particularly those generated by the singular-vector initialization designed to amplify perturbations within 48 hours
[3], likely introduced an unbalanced state. The model’s moist physics and turbulent diffusion then act to immediately
stabilize this imbalance by rapidly converting the excess KE into heat to satisfy enthalpy conservation, thereby resulting
in a faster mesoscale convergence compared to the deterministic IFS-HRES.

On the other hand, GenCast exhibited a fundamentally different and less realistic pattern of energy transfer. The most
critical issue is visible in its change, a tail-shaped feature at high wavenumbers in Figure 2 (f), unlike IFS. This can also
be seen as a noticeable bending at the high-wavenumber end, where the slope flattens beyond a wavenumber of 300
(k > 300). Rather than showing upscale energy transfer and moving toward larger scales or dissipation, the mesoscale
KE remains static and unchanged after the first forecast step, as shown by the nearly perfect overlap of all lead times.
GenCast’s flattened tail suggests that its mesoscale structures are not generated or dissipated in a physically realistic
manner, unlike those of IFS. Figure 3 illustrates a quantitative summary of this behavior, showing that GenCast’s value
exhibits minimal variation around -0.4, whereas Ees0(7) of both IFS models decays until approximately 7 = 120h.



These results were similar when ensembles were averaged, as shown in Figures S3 and S4. Three other pretrained
GenCast models, which have different resolutions and fewer noise refinement steps, also exhibited similar results
(Figure S6), suggesting that all GenCast variants tend to generate unrealistic mesoscale features and spurious mesoscale
KE. Moreover, in Pilot Experiment: initial condition and additional model, which tested different initial conditions
and an additional ensemble DLWP model, initializing GenCast by the initial condition of the IFS control member
also produced the same flat tail (Figure S1). A recent study ([31]) showed that Denoising Diffusion Probabilistic
Models can undergo ““spectral collapse,” in which the model ”learn an increasingly biased representation of the data:
large-scale structures remain visible throughout the diffusion horizon, while inertial-range and dissipation-range
features are overwhelmed by noise.” More precisely, they defined “signal-to-noise spectral collapse” as occurring
when “standard Gaussian noise schedules disproportionately obscure high-wavenumber dynamics early in the forward
process, preventing the model from learning the fine-scale score components required for physically accurate long-term
emulation.” This theoretical finding is consistent with the anomalous mesoscale behavior we observed in GenCast,
whose backbone is conditional denoising diffusion. However, AIFS-ENS (ECMWF’s ensemble DLWP model published
as AIFS-CRPS) from the pilot experiment exhibited similar mesoscale behavior regardless of the choice of initial
condition, even though AIFS-ENS integrates Gaussian noise embeddings into its transformer layers, not a denoising
diffusion-based noise refinement (Figure S2) [32]. As both GenCast and AIFS-ENS use noise to represent uncertainty
and generate ensembles, the presence of a “flat tail” in the spectra is likely related to this noise injection, based on
the results above. Thus, we separated KE into rotational and divergent components by Helmholtz decomposition and
reexamined their spectra.

According to [33], rotational and divergent KE spectra are expected to follow distinct power laws: rotational KE
typically has a slope near -3, while divergent KE follows a -5/3 slope. Figures 4 (a) and (b) show that both IFS-HRES
and IFS-ENS adhered to these theoretical expectations. In contrast, GenCast in Figure 4 (c) exhibits flat slopes in the
mesoscale range for both rotational and divergent KE spectra, mirroring the flatness observed in Figure 2. This lack of
scale dependence is physically unrealistic and implies an underlying issue with GenCast’s mesoscale representation.
Second, we observed that in the problematic tail region (high wavenumbers), rotational and divergent KE become nearly
equal in GenCast. While it is expected that these quantities converge at very small scales [33], GenCast displays this
equipartition beginning at much lower wavenumbers around £ = 100, which is atypical. The combination of flat slopes
and equipartition between rotational and divergent energies more closely resembled the theoretical behavior of white
noise than realistic atmospheric dynamics.

Meanwhile, GenCast produces realistic energy variability in low wavenumbers (kK < 100) without energy decay over
time, except k& < 10, where their power converged before 5 days (Figure 2 (f)). Notably, for k € [4, 10], the spectrum
converged to values higher than the initial condition, resulting in the accumulation of KE within this band. Figure 5
summarizes the KE variation across lead times for the three models. While both numerical models exhibited a consistent
decrease in KE across all spatial bands except the planetary scale, GenCast showed a persistent increase in energy within
the planetary to synoptic scale range (k € [4, 10]), as shown in Figure 5 (b). This accumulation contributes directly to
the rise in total KE (Figure 5 (g)), with a Pearson correlation coefficient of » = 0.93. Whereas IFS models exhibit a
steady decrease in KE due to numerical damping at high wavenumbers, GenCast might not learn such mechanisms from
the reanalysis data, which can be expected; instead, energy continues to accumulate between the large and synoptic
scales, leading to a steady increase in total KE.

Consequently, these results imply that GenCast’s representation of KE is dynamically inconsistent. The persistent
accumulation of energy at synoptic scales points toward a potential deficiency in physical dissipation while the spectral
flattening and equipartition at mesoscales hint residual effects of noise injection, rather than coherent flow. While the
spectra reveal that suspicious energy exists, they do not explain where these errors are located or how they interact with
the other scales yet. To address this, we now shift our focus from the spectral domain to the physical domain. In the
next section, we analyzed the spatial distribution of mesoscale KE to identify the localized signatures of these artifacts.

Fourier Analysis of 300 hPa Wind Kinetic Energy

To localize the scale contributions, we reconstructed the KE fields in physical space after wavenumber separation at
k =100. Figure 6 separately depicts KE components of the first ensemble member with ERAS. On the large scale (left
panels of Figure 6), GenCast closely resembles the spatial structure of IFS-HRES, with enhanced KE at the eastern
termini of the Northern Hemisphere continents and south of Africa, where the absence of major topographic barriers
allows jet intensification. It also captured a weak KE around Maritime Southeast Asia, which is more visible in Figure 6
(k). In general, regions with elevated KEp;g, corresponded well to the large-scale jet streams where total KE was
high, as shown in the middle panels of Figure 6. Strong KEj,, around the equator of the eastern Pacific implies the
conversion of available potential energy into KE driven by strong convection within the intertropical convergence zone
was well simulated in all three models, albeit not as distinctly as in ERAS. However, a difference lies in the magnitude:



the KEpign values in GenCast were approximately three times larger. This characteristic was more evident in Figure 7
(e), which indicates that the distribution of GenCast was broader than that of the other three models.

The cross-term represents the interaction between scales; specifically, how well the large-scale and mesoscale wind
components are aligned, since the cross-term is essentially the inner product of the two wind vectors. In the right panels
of Figure 6, a notable contrast emerged in cross-term over the Andes (this region is magnified for closer examination in
the figure). While ERAS and both IFS models displayed strong alternating cross-term values in this region, GenCast did
not. As KE can be dissipated by inertial gravity wave drag generated by orography, we further investigated whether this
was due to a lack of interaction between topography and the jet stream in GenCast [30]. The similar signals, however,
were not observed from Figure 6 (1). Instead, cross-term spatial maps of ensemble mean displayed in Figure S7 (b)
and (e), IFS-ENS exhibited strong KEp,, values primarily over mountainous and high-altitude regions, with most
other areas appearing smoothed out due to averaging, but GenCast did not show such pronounced enhancement in
these regions compared to IFS-ENS. Nevertheless, the distribution of values in the first ensemble member (Figure 7
(f)) revealed that the standard deviation for GenCast (4.50 m?/ s?) remained more than four times larger than that of
ERAS5 (0.82 m?/s?), IFS-HRES (1.13 m?/s?), and IFS-ENS (1.04 m?/ s?). The elevated distributions in KEp;jen and
cross-term can be interpreted from Figure 2 (e): since the spectral density of GenCast above k = 200 was lifted so
that it had stronger power in mesoscale KE than IFS. This excess and broad power at high wavenumbers align with
the expected signature of injected noise used for ensemble generation, as discussed in the previous section. The wide
ranges of KEyjgn and cross-term were greatly suppressed and became narrower in the ensemble-averaged distribution,
though it still remained wider than that of ERAS and IFS (Figure 7 (c)). This suggests that the extreme values observed
in the tails are incoherent across the ensemble; they appear sporadically rather than systematically, indicating a high
likelihood of them being noise.

Above all, the lack of coherent signals over complex terrain leads us to infer that GenCast may not have fully learned
the dynamical interactions between topography and atmospheric flow, despite the inclusion of surface geopotential as
an input [9]. Distributions of KEp;s, and cross-term suggest residual noise within the generated fields. To determine the
extent to which these artifacts degrade the flow’s structural integrity, we turned our attention to the magnitude of the
kinetic energy gradient.

Magnitude of Kinetic Energy Gradient

As a complement to the spectra and scale-separated maps, jet-core sharpness and alignment using the magnitude of
the kinetic-energy gradient, [VKE|, at 300 hPa were evaluated. In a physically realistic atmosphere, sharp gradients
typically delineate the boundaries of the jet stream core. IFS-HRES and IFS-ENS demonstrated a superior ability
to reproduce the physically consistent structures of atmospheric flow, as shown in Figure 8 (b, c). Both models
exhibited a narrow, filamentary flow of | VKE| that meandered around the mid-latitudes, precisely aligning with the
core of the jet stream. These coherent, jet-aligned filaments were particularly effective at highlighting the entrance
and exit regions of jet streaks and boundaries of the jet. A prominent feature in both NWP models was the clear
preservation of jet cores, most notably in the distinct jet stream structure over East Asia. The structures produced by
these models were anisotropic, with a clear directional alignment that followed the zonal orientation of the jet stream.
While sharing a common fidelity to atmospheric dynamics, IFS-ENS and IFS-HRES displayed distinct differences. As
an ensemble system, IFS-ENS reflects the rapid amplification of initial perturbations imposed on its members. This
amplification leads to stronger amplitudes of |[VKE| and broader gradient filaments compared to the single control
forecast, IFS-HRES. Consequently, IFS-ENS predicted more intense jet-aligned gradients and a wider latitudinal extent
of storm-track variance than its HRES counterpart.

In contrast, GenCast failed to reproduce the sharp, dynamically consistent features observed in the NWP forecasts.
Instead of distinct filaments, GenCast’s output exhibited broad noisy gradient belts, smoothing out the sharp storm-track
peaks into wide belts at 30-40° latitude, as is visible in the profile in Figure 8 (d). The most striking difference lay in
the texture of the generated gradients. GenCast produced a nearly isotropic, granular texture across the mid-latitudes,
lacking the coherent directional alignment associated with jet dynamics. This texture was consistent with sampling
noise introduced by the diffusion-based ensemble generation. After ensemble averaging, as shown in Figure S8, most
of the texture present in Figure 8 (d) disappeared, indicating that the noisy patterns were incoherent and not associated
with persistent physical structures. This absence of spatial continuity in the magnitude of KE gradient implies that
the wind fields generated by GenCast were not dynamically smooth, which undermines their physical realism. This
fragmentation is particularly problematic given that it persisted even at 7 = 240h, when some loss of predictability and
fine detail is expected.

Furthermore, GenCast’s temporal evolution was inconsistent with the progressive loss of forecast accuracy observed
in NWPs; its fragmented, band-like gradients appear to be already established and remain largely unchanged across



lead times. The model also yielded anomalously high gradient magnitudes near the equatorial Indian Ocean and the
Maritime Continent, regions where such signals were not as pronounced in the NWP forecasts.

Discussion

Our analysis suggests a deficiency in GenCast’s handling of mesoscale dynamics. GenCast appears to simulate realistic
up-amplitude error growth, but only on the synoptic scale. Error growth in the planetary scale was suppressed, while
mesoscale DKE remained static. Also, the model’s KE spectra at the mesoscale exhibited a static, flattened tail, raising
the possibility that the spectral power at these scales primarily reflects noise via Helmholtz decomposition and the
pilot experiment. The observed accumulation of total KE, along with KE;,, and cross-term values at least three times
greater than those in ERAS, is highly suggestive of a lack of mesoscale KE dissipation in GenCast. The vanishing
cross-term signals over the Andes could potentially be linked to an underrepresentation of essential orographic drag
processes, such as mountain wave breaking, which may in turn contribute to the unchecked accumulation of KE. Lastly,
the isotropic, noisy texture of GenCast’s KE gradient, in contrast to the coherent, jet-aligned structures in IFS-HRES
and IFS-ENS, further suggests a structural difficulty in generating a dynamically consistent flow and its evolution.
Taken together, the persistence of non-physical, noise-like structures at the mesoscale supports the hypothesis that the
model might be operating without the necessary dissipative processes to properly control energy growth, potentially
preventing the physically consistent upscale propagation of errors required to simulate the true butterfly effect. These
apparent structural deficiencies suggest challenges to the physical realism of its jet stream representation and its ability
to capture crucial aspects of weather system evolution.

This study targets one of the probabilistic DLWPs, GenCast, which autoregressively generates forecasts from the
previous prediction. While a recent ensemble emulation model, such as Scalable Ensemble Envelope Diffusion Sampler
(SEEDS), generates ensembles from one or two steps of NWP forecasts, making it challenging to track initial error
propagation, some state-of-the-art DLWPs still produce ensembles based on a denoising algorithm similar to GenCast or
adopt GenCast for more advanced tasks [14, 32, 34, 35, 36]. We emphasize that this study does not argue that GenCast’s
forecasts are unreliable. In fact, its superior performance on many conventional evaluation metrics compared to NWPs
is a well-established finding and a promising supplement to current NWPs [9]. While DLWPs achieve high skill scores
in metrics such as root mean square error (RMSE) or anomaly correlation coefficient (ACC), these metrics do not fully
capture the models’ overall performance, particularly regarding physical feasibility [11, 37, 12]. Further, as the field
advances, it becomes increasingly important to evaluate these models not only through numeric metrics but also by
assessing the physical plausibility of their weather maps. Our analysis method focuses on key meteorological features
and their dynamic consistency. We acknowledge, however, that a full spectral KE budget analysis, as proposed by
[38], would provide even deeper insights into the processes underlying upscale energy transfer. We suggest that future
studies incorporate such an analysis to further advance our understanding of these results. Even so, our relatively simple
approach can be integrated into benchmarks such as WeatherBench2 or ChaosBench to provide a deeper understanding
of whether models produce physically feasible forecasts [39, 27]. We anticipate that addressing these specific physical
and dynamical deficiencies will lead to an improvement in the predictive performance of DLWPs.

Methods

Data

Our study spanned the full calendar year of 2021 with 52 Monday initializations. For each initialization, we used 20
forecast steps at a uniform 12-hour interval, covering a lead time of 240 hours. We analyzed 300 hPa wind fields (v and
v) from three forecasting systems, evaluated on a 0.25° spatial resolution: ECMWF’s Integrated Forecasting System in
its high-resolution deterministic (IFS-HRES) and ensemble (IFS-ENS) configurations, and GenCast.

IFS

IFS-HRES is initialized by a 4D-Var data assimilation system that ingests conventional and satellite observations [3].
We downloaded IFS-HRES for our 2021 period from WeatherBench2 [39]. IFS-ENS comprises 51 members (50
perturbed + 1 control); perturbed initial conditions combine an ensemble of data assimilations with singular-vector
perturbations [3]. IFS-ENS was obtained from TIGGE archive, a THORPEX component aggregating global ensemble
forecasts from 13 centres and distributed via the ECMWEF portal [40]. The archived TIGGE IFS-ENS has higher native
resolution (0640, corresponding to approximately 16 km or 0.14° at the equator) than GenCast, so IFS-ENS was
regridded to a common resolution of 0.25° for our analysis [41].



We used the first 10 ensemble members from the TIGGE dataset. Note that we excluded the control member from
IFS-ENS ensembles and use IFS-HRES for deterministic comparisons, i.e., the first ensemble member of IFS-ENS does
not correspond to a control forecast but is the first perturbed forecast.

GenCast

GenCast is an open-source deep learning weather prediction model that consumes two ERAS reanalyses separated
by 12h (at t — 12h and ¢) and predicts the subsequent ¢ + 12h state and auto-regressively predicts future states [42].
Internally, each 12h forecast is obtained by a multi-step refinement of a noise-initialized candidate. At the start of
the step, isotropic Gaussian noise on the sphere is sampled and projected to the latitude-longitude grid via an inverse
spherical-harmonic transform, forming the initial candidate for £ + 12h. The encoder maps this candidate together
with the conditioning from the grid to a latent field on a refined icosahedral mesh. Next, the processor updates that
representation with a graph transformer, and then the decoder projects the updated features back to the grid to produce a
12h forecast increment, which is added to the previous state. Details can be found in [9].

Four pretrained versions are publicly released, and we primarily used GenCast Op25deg <2019, which has a 0.25°
resolution and a 6-time refined icosahedral mesh, trained on 1979-2018 ERAS reanalysis, tested using 2019 and later
years. GenCast 1pOdeg <2019 and GenCast 1pOdeg Mini <2019 are also used for an additional experiment, which both
have 1.0° resolution but 5-time and 4-time refined icosahedral mesh, respectively. We run GenCast on two NVIDIA
H100 GPUs to produce forecasts with 10 ensemble members. Since the original splashattention is TPU-only, the
implementation uses triblockdiag_mha for GPU execution instead: a tri-block-diagonal multi-head attention layer that
is algebraically equivalent to splashattention. The authors noted a slight performance drop attributable to numerical
precision differences between GPUs and TPUs [43].

It should be noted that these three models are initialized in fundamentally different ways. IFS-HRES utilizes a 4D-Var
data assimilation system for its single deterministic initialization, IFS-ENS relies on ensembles of data assimilations
and singular-vector perturbations to create its ensemble members, while GenCast starts with two ERAS reanalyses.

Kinetic Energy and Difference Kinetic Energy

The butterfly effect has often been investigated in previous studies using spectral diagnostics by examining error
saturation and the upscale cascade of energy in the spectral domain. The temporal evolution of DKE spectra is effective
for diagnosing the growth of forecast errors and the limits of atmospheric predictability [21, 19, 20, 10]. In addition,
atmospheric physics is closely linked to flow dynamics; the KE spectrum captures the multiscale interplay of energy
generation, cascade, and dissipation [44]. Consequently, KE spectra are widely used to evaluate model formulation,
scale interactions, and the physical realism of atmospheric models [25, 24, 22, 33]. In this study, we tracked the time
evolution of global DKE and KE and their spectra to reveal the behavior of forecast error and to assess the realism of
the model forecasts.

We focused on the 300 hPa level, near the climatological jet core, where wind speeds, and thus KE, are largest and
small perturbations amplify most rapidly [10]. At each grid point on that pressure surface, KE and DKE are defined as

KE = %(UQ +v?) (D
DKE = var(u) + var(v) )

with v and v the zonal and meridional wind components, respectively, and var denotes the variance across ensemble
members. To obtain KE spectra E(k, 7) for a given wavenumber & and lead time 7, we employed the spherical-
harmonic methodology of NCAR Technical Note NCAR/TN-388+STR [45]. Before the transform, all wind fields were
conservatively remapped to a Gaussian grid with 360 latitudes (N360), ensuring a common representation for spectral
diagnostics. For DKE spectra, our diagnostics followed the framework of [19, 10].

Spectral KE evolution from the initial valid time, A FE is defined as

AE(k,7) = E(k,7) — E(k,0). 3)

All spectra (E and AE) were computed for each forecast initialized on Mondays in 2021 (total of 52 cases). For IFS,
7 = 0 corresponds to the 12 UTC Monday initialization. For GenCast, 7 = 0 uses the ERAS reanalysis at ¢ (the second
input), i.e., the valid time immediately preceding the first 12h forecast step ¢t + 12h. Although GenCast ingests two
analyses (¢ — 12h, t), the spectral difference between these inputs was negligible at the scales considered; using ¢ — 12h
instead of ¢ as the reference yields indistinguishable AE.



Further, to quantify the evolution with lead time in specific spatial scales, we used the following notations for the partial
sum and relative spectral change:

Enm(r) =Y E(k,7) “
k=n

En m - En m =

= AB, (1) = —2 (;) " S)T 0 100, (5)
n,m\T =
and accordingly,
Kmax
Emeso(7'> = AE(k, T) dk (6)
100

where the integral spans from & = 100 (approximately 400km in wavelength at the equator) to the maximum
wavenumber, k... Following seminal theoretical and observational work on atmospheric turbulence, the KE spectrum
is known to exhibit a distinct transition in slope around k& ~ 100. At scales larger than this, the spectrum typically
follows a k~2 power law (associated with quasi-geostrophic turbulence) [46, 47], while at smaller, mesoscale ranges, it
follows a k~5/2 slope. This mesoscale regime has been attributed to forward energy cascades of stratified turbulence
[48] or inertia-gravity waves [33], consistent with aircraft observations [49], although, as highlighted by [33], the
precise origin of the mesoscale spectral slope remains questionable and controversial. Although the universality of
these slopes of the atmosphere has been debated [22], the transition near £ = 100 remains a standard reference for
distinguishing dynamical regimes in atmospheric modeling [38, 25, 24, 19, 33, 50]. Accordingly, we used k£ = 100 as a
cutoff to separate synoptic and mesoscale bands in our spectral diagnostics.

Scale Seperation

99 <

Next, we computed KE in “large scale (from planetary to synoptic-scale),” “mesoscale,” and cross-term components
to visualize the KE distribution on a map. To do this, 300 hPa wind fields were first split in the wavenumber domain:
coefficients with |k| < k. = 100 (respectively |k| > k.) are retained for the large-scale (mesoscale) component.
All complementary coefficients were set to zero, and an inverse transform restored the filtered wind fields to the
latitude-longitude grid. Note that a cosine-tapered window was implemented at the cutoff. Then KEs for each scale
were calculated as follows:

—_

2 2
KE = §(u +v7)  (where u & Uiow + Unigh, ¥V = Viow + Vhigh) (N
1 2 2 1 2 2
~ E (ulow + Ulow) + 5 (uhigh + Uhigh) + (ulowuhigh + Ulowvhigh) (®)
K Kb cross-term
low high

where subscripts “low” and “high” refer to low-wavenumber (large scale) and high-wavenumber (mesoscale) compo-
nents, respectively.

Gradient of Kinetic Energy

On the 300 hPa surface, we also diagnosed flow sharpness via the magnitude of KE gradient. The use of gradient-based
methods is well established in computer vision, where they are commonly employed to detect edges and boundaries in
images [51, 52]. Recently, similar gradient-based diagnostics were applied to quantitatively assess the sharpness of
meteorological images generated by Al models [53]. Since the gradient can amplify grid-scale high-frequency noise, a
Gaussian filter was applied before the computation [52]. Horizontal derivatives were computed with a coordinate-aware
geospatial gradient operator that accounts for the Earth’s spherical geometry, yielding

VKE| = /(0,KE)? + (9,KE)? )

at each grid point.

Pilot Experiment: initial condition and additional model

Changing ICs can influence error propagation and the behavior of models, as IFS does. Recently, probabilistic DLWP
models have been developed, so it is worth examining an additional state-of-the-art ensemble DLWP model to verify
whether the issues observed are unique to GenCast. To assess the effect of ICs and the additional ensemble DLWP
model, we designed this pilot experiment.



AIFS-ENS

ECMWEF’s AIFS-ENS (also known as AIFS-CRPS) was tested as an additional DLWP ensemble baseline of Pilot
Experiment: initial condition and additional model in Supplementary Material. AIFS-ENS was trained on
ERAS reanalysis (1979-2017) and fine-tuned on operational IFS data (2016-2023), and is publicly available https:
//huggingface.co/ecmwf/aifs-ens-1.0. AIFS-ENS and GenCast share several similarities: both are trained on
ERAS5 reanalysis, have a spatial resolution of 0.25°, and adopt an encoder-processor-decoder architecture in which the
processor stage centrally employs a transformer-based graph neural network (GNN) as ensemble DLWPs [9]. However,
two models utilize noise for ensemble generation in different ways. In AIFS-ENS, a sampled Gaussian noise tensor is
passed through a two-layer perceptron followed by layer normalization to obtain a noise embedding, which is then used
as the conditioning signal in conditional layer normalization layers in the processor transformer blocks. Further details
can be found in [32].

Experimental design

12 forecasts were produced, each initialized on the first Monday of each month, from December 2024 to November 2025,
by the same version of GenCast (GenCast Op25deg <2019) and AIFS-ENS. We chose 2024-2025 for this experiment in
order to avoid overlap with the training period of AIFS-ENS. In addition, 0.25-degree resolution initial conditions from
Open data are only available from February 2023 onward. The TIGGE dataset and WeatherBench2, where IFS-HRES
and IFS-ENS were downloaded, do not fully cover the pressure levels and variables GenCast demands. Furthermore, the
original period, 2021, overlaps with the AIFS-ENS fine-tuning data. Each forecast was initialized using the IFS-ENS
control member (ensemble 0) or ERAS reanalysis, and as in the main experiments, we generated 10 ensemble members
for each case, each with a 10-day lead time. The initial condition data for IFS-ENS was obtained from ECMWF’s Open
data.

Data Availability ERAS reanalysis and IFS-HRES data were obtained from the WeatherBench?2 dataset https://
console.cloud.google.com/storage/browser/weatherbench2/datasets. ERAS reanalysis is also available
at Climate Data Store (https://cds.climate.copernicus.eu/). IFS-ENS were downloaded from the ECMWF
TIGGE archive https://apps.ecmwf.int/datasets/data/tigge/levtype=pv/type=pf/). ECMWEF’s Open
data is available at https://www.ecmwf . int/en/forecasts/datasets/open-data

Code Availability The GenCast model code is available at https://github.com/google-deepmind/graphcast.
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Figure 1: Difference Kinetic Energy (DKE) of IFS-ENS and GenCast. (a) The time series of global-averaged DKE.
The blue line corresponds to IFS-ENS, and the red line corresponds to GenCast. Gray dashed line marks the intersection
between IFS-ENS and GenCAst at 7 = 192h. (b) DKE spectra of IFS-ENS and (c) that of GenCast. The gray line in

(b) represents DKE of the initial condition of IFE-ENS. The colorbar on the right in (b) and (c) indicates the forecast
lead time.
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Figure 2: Kinetic Energy (KE) spectra evolution as function of lead time for three models. The left column (a, c, e)
shows the first ensemble member 300 hPa KE spectra, and the right column (b, d, f) shows spectra change (AE(k, 7)).
From top to bottom, rows correspond to IFS-HRES, IFS-ENS, and GenCast. Colors denote lead time from 7 = 12h to
7 = 240h. Black solid lines in (a, ¢, e) show the KE spectrum of the initial condition of each model: the spectrum of
step O for IFS, and that of ERAS reanalysis for GenCast. Black vertical dashed lines mark the wavenumber £ = 100 (=~
400 km), separating synoptic and mesoscale ranges. Ensemble mean results are shown in Figure S3.
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Figure 3: Time evolution of integrated mesoscale spectral change for the first ensemble member. The plot quantifies
the cumulative energy change within the mesoscale wavenumber band (k£ > 100) over a 10-day forecast. The solid
orange line represents the deterministic IFS-HRES forecast, the solid green line indicates the first IFS-ENS ensemble

member, and the solid red line shows the results for the first ensemble member of GenCast. Ensemble mean results are
shown in Figure S4.
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Figure 4: Rotaional and divergent components of Kinetic Energy (KE) spectra. Solid lines indicate rotational
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KE change. Shaded areas denote the full ensemble spread (min-max).
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Figure 6: Spatial decomposition of 300 hPa Kinetic Energy (KE) at lead time 7 = 240h Rows correspond to (top
to bottom) ERAS reanalysis(a-c), IFS-HRES (d-f), the first member of IFS-ENS (g-i), and GenCast (j-1). Columns
(from left to right) show KEj,, (k < 100), KEyign (K > 100), and cross-term representing the interaction between these
scales, respectively. For the cross-term panels (c, f, i, and 1), magnified views of the Andes region are provided as insets
to represent atmospheric flow behavior over high terrain.
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Figure 7: Probability density functions of the decomposed Kinetic Energy (KE) terms at lead time 7 = 240h.
Columns (from left to right) show KEjsy, KEp;gh, and cross-term, respectively. Line colors correspond to the following:
ERAS reanalysis (blue), IFS-HRES (orange), IFS-ENS (green), and GenCast (red). The top row shows the ensemble
mean, while the bottom row shows the first ensemble member (corresponding to Figure 6). (e) and (f) include insets
that show zoomed-in views of the distributions, allowing for a more detailed comparison.
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Figure 8: Magnitude of Kinetic Energy (KE) gradient at 300 hPa at lead time 7 = 240h. The profiles and
maps demonstrate the sharpness of KE distribution across (a) ERAS reanalysis, (b) IFS-HRES, (c) the first member
of IFS-ENS, and (d) GenCast. The left profiles show the zonal averaged |VKE]| at longitude band 130.5°-139.5°E
(red-highlighted band on global map), while global maps on the right panels display the | VKE| using color shading.
White contours overlaid on the maps denote the 300 hPa zonal wind from the corresponding model. Ensemble mean
results are shown in Figure S8.



