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ABSTRACT: The 2020 Atlantic tropical cyclone (TC) season was exceptionally active, producing
over twenty named storms, yet several seasonal forecasts failed to predict such extreme activity
across their ensemble spread. Even when forced with the observed 2020 sea surface temperatures
(SSTs), physics-based models simulated only a moderately active season across their ensemble
members. Using observations and statistical, dynamical, and deep learning (DL) models, we
evaluate several hypothesis regarding why the observed hyperactive outcome fell outside the
ensemble range of the physics-based models forced with observed SSTs. Analysis of observed
large-scale conditions indicates that 2020 did not exhibit favorable predictors of hyperactivity,
indicating that the moderate activity in the models should not be unexpected. We also find
support for a role in subseasonal atmospheric variability in enhancing the 2020 activity relative
to predictions based on monthly and seasonal characteristics. To comprehensively characterize
the range of outcomes for the 2020 season, we construct a 1,000-member ensemble using an DL
emulator forced with observed SSTs. The observed hyperactivity corresponds to a 0.5 percent event
within this ensemble. Although highly unlikely in any single year, such an outcome has roughly a 20
percent chance of occurring at least once in a 45-year period. Taken together, our findings support
the interpretation that 2020 represents an unlikely but possible outcome, potentially enhanced
by subseasonal atmospheric variability, given current understanding, models, and observations.
These results serve to remind us that rare events will occur in a chaotic climate system, and large

ensembles are one approach to sample them.
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SIGNIFICANCE STATEMENT: The 2020 Atlantic tropical cyclone (TC) season was exception-
ally active, producing more than twenty named storms, including Hurricanes Laura and Sally,
which caused severe impacts. Yet several state-of-the-art weather and climate models, spanning
both physics-based and deep learning (DL) approaches, failed to anticipate this heightened activity.
Our study evaluates several hypotheses to explain the models’ inability to realistically simulate the
2020 season as hyperactive. Our findings indicate that the 2020 season was an unlikely outcome
given the large-scale environmental conditions observed that year, rather than a fundamental failure
by the modeling or observational systems used to study TCs. We use a novel approach of simulating

1,000 possible 2020 scenarios with a DL-based model to quantify just how unlikely this event was.

1. Introduction

Tropical cyclones (TCs) that form in the North Atlantic Ocean pose severe hazards to communities
across the United States and the Caribbean (Young and Hsiang 2024; Weinkle et al. 2018; Klotzbach
et al. 2018; Pielke et al. 2008). Accurate forecasts are therefore essential for preparedness and
risk mitigation. Short-term weather forecasts, issued several days in advance, provide critical
guidance for evacuation decisions and emergency response. In contrast, seasonal forecasts, issued
months before the onset of the hurricane season, aim to anticipate the overall characteristics of the
upcoming season.

Seasonal forecasts can be generated by extending pre-season climate anomalies through the
forecast period using dynamical models (e.g., Murakami et al. 2025; Vecchi et al. 2014; Vitart and
Stockdale 2001; Zhao et al. 2010), statistical models (e.g., Gray 1984; Klotzbach and Gray 2003),
hybrid statistical-dynamical models (e.g., Vecchi et al. 2011) or deep learning (DL)-based models
(e.g., Zhang et al. 2025a). In addition, retrospective analyses can be performed to investigate
the relationship between large-scale environmental conditions and past TC activity. This can be
achieved using atmosphere-only dynamical models forced with observed monthly or daily historical
sea surface temperatures (SSTs) (Delworth et al. 2012; Zhao and Held 2010; Zhao et al. 2009; Chen
and Lin 2011) or statistical-dynamical models with observed monthly SSTs as predictors (e.g.,
Vecchi et al. 2011). While these experiments do not reproduce the specific storms that occurred,
they enable the generation of plausible realizations of past seasons and provide insight into the

factors that contributed to periods of enhanced or reduced activity.
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Evaluated over the extended period 1871-2024, two atmosphere-only models developed at the
Geophysical Fluid Dynamics Laboratory (GFDL), HIRAM and AM?2.5-C360, have demonstrated
considerable skill in simulating both interannual and multidecadal variability of Atlantic TC
activity when forced with observed monthly SSTs (Levin et al. 2025). Nonetheless, as expected for
storm-season simulations (Vecchi and Villarini 2014), these models exhibit biases in certain years.

Since 1980, both models have generally captured the observed interannual variability in Atlantic
TC counts, yet they verified poorly against the exceptionally active 2020 season. As shown in
Fig. 1a, between 1980 and 2024, the observed storm counts computed using the methodology
and duration thresholds of Landsea et al. (2010) typically fall within the ensemble spread of both
models. The 2020 season represents a striking exception: while the models simulated a relatively
moderate number of storms, with the ensemble means of both models anticipating roughly 8 storms,
23 were observed. The observed activity in 2020 also lay at the extreme upper tail of the ensemble
distributions from several coupled seasonal prediction systems (e.g., Murakami et al. 2025) and
from a DL-based seasonal forecast (Zhang et al. 2025a). As shown in Fig. 1b and c, the ensemble
spread poorly represents the 2020 storm count for more intense storms, including hurricanes and
major hurricanes. Although the 2020 season’s activity was remarkable, such hyperactivity is not
without precedent. For instance, the 2005 Atlantic hurricane season produced 20 named storms,
15 hurricanes, and 7 major hurricanes (Fig. 1). In that case, however, the observed TC, hurricane,
and major hurricane counts fell within the ensemble range of the AM2.5-C360 model, and HIRAM
also simulated enhanced activity with a local maximum in TC and hurricane frequency.

The origin of the discrepancy between the observed storm count and the model-simulated activity
during the 2020 Atlantic hurricane season remains unclear and has not been comprehensively
examined. Here we propose and evaluate a set of hypotheses to explain why the 2020 season,
which was exceptionally active, was not captured by the ensemble spread of several state-of-the-art
models. We group these hypotheses into two broad families and systematically test each using a
combination of models, theoretical arguments, and observational and reanalysis datasets.

The first family of hypotheses considers whether deficiencies in models or observational datasets
contributed to the poor simulation of 2020 Atlantic TC counts. Within this framework, we assess

the following possibilities:



78

79

80

81

82

83

84

a) Annual Atlantic TC Frequency

—— QObs

—— AM2.5-C360
231 HIRAM
20 1

Frequency
=
w

10 \/
1980 1985 1990 1995 2000 2005 2010 2015 2020 2025
b) Annual Atlantic Hurricane Frequency

Freguency

vo] | AV

1980 1085 1990 1995 2000 2005 2010 2015 2020 2025

c) Annual Atlantic Major Hurricane Frequency

12

10 A

Frequency
[=)]

1980 1985 1990 1995 2000 2005 2010 2015 2020 2025
Year

Fic. 1. Annual frequency of (a) TCs, (b) hurricanes, and (c) major hurricanes from 1980-2024. The
observational record (black) is computed using the methodology and duration thresholds of Landsea et al. (2010)
to estimate the observed TC count in panel (a). Model simulations include AM?2.5-C360 forced with observed and
bias-corrected SSTs from Chan et al. (2021) (blue) and HIRAM forced with the same SSTs (orange). Shading
denotes the full ensemble range (minimum-maximum) for each model (ten members for AM2.5-C360; five
members for HIRAM), and solid lines indicate ensemble means. Panel (c) shows only AM2.5-C360 results, as

HIRAM does not produce storms of sufficient intensity to be classified as major hurricanes.
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1. Atmosphere-only models may exhibit structural limitations in their representation of TC

formation, reducing their reliability in simulating interannual Atlantic TC variability.

2. Observed storm counts in recent decades, as shown in Fig. 1 (black lines), may be inaccurate.

3. Errors may be present in the observed monthly SST datasets used to force the models in 2020.

4. SST-forced models may not adequately represent the influence of observed aerosol changes on
TC activity. Two major events in 2020 likely altered aerosol concentrations over the Atlantic
basin. First, International Maritime Organization (IMO) regulations on the sulfur content of
shipping fuel took effect on 1 January 2020, reducing maximum sulfur content from 3.5% to
0.5%. Implemented to improve air quality, this policy reduced aerosol loading over the oceans
and altered regional radiative fluxes (Diamond 2023; Jordan and Henry 2024; Zhang et al.
2025b). Second, the onset of the COVID-19 pandemic led to substantial reductions in global
emissions. Previous work suggests that decreased aerosol concentrations over North America
and Europe can be associated with enhanced Atlantic TC activity (Murakami 2022, 2024).
Because the SST-forced simulations analyzed here employ prescribed CMIPS5 aerosol forcings
rather than observed 2020 aerosol fields, the combined radiative and dynamical effects of these

aerosol perturbations may not be represented.

The second family of hypotheses considers the possibility that the hyperactive 2020 season was
a highly unlikely, but dynamically plausible, realization of the internal variability of the climate
system. Under this interpretation, the large-scale environmental conditions in 2020 may have
permitted a wide range of outcomes, including a low-probability hyperactive season. Subseasonal
variability and internal atmospheric fluctuations could have amplified activity beyond the ensemble
mean response, leading to an outcome that was not well captured by the models.

In the following sections we apply statistical analyses, dynamical diagnostics, DL-based climate
simulations, and a theoretical framework to evaluate these competing explanations. The evidence
presented in this paper supports the claim that the 2020 season was a low-probability outcome,
rather than a structural failure in the models or observational record. At the same time, we cannot
exclude the possibility that additional mechanisms not examined in this paper influenced the 2020

Atlantic TC season.
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2. Methods and data

a. Dynamical Models

To place the 2020 Atlantic TC season in the context of recent historical variability, we generate
a multi-ensemble record of TC, hurricane, and major hurricane activity using two global TC-
permitting atmospheric models developed at GFDL: AM2.5-C360 and HIRAM (Zhao et al. 2009).
Following the methods of Levin et al. (2025), we conducted multi-ensemble historical experiments
with both models. We generated ten (five) ensemble members for AM2.5-C360 (HIRAM), each
forced with bias-corrected observed monthly SSTs from the HadISST dataset (Chan et al. 2021)
over the period 1980-2024. From these simulations, we compute annual counts of TCs, hurricanes,
and major hurricanes to construct a modeled range of historical Atlantic TC activity.

To evaluate hypothesis 4 from Section 1, which proposes that the 2020 reduction in atmospheric
aerosols was not represented in the SST-forced simulations, we conduct additional experiments.
We generate a five-member ensemble of AM?2.5-C180 (a slightly lower-resolution configuration of
AM2.5-C360 with approximately 50-km grid spacing) spanning 1980-2024. In these simulations,
the model is forced with observed aerosol fields from the MERRA-2 reanalysis (Gelaro et al. 2017),
rather than the CMIPS5 aerosol reconstructions used in the historical integrations. This experiment
isolates the effect of realistic interannual aerosol variability on modeled TC counts.

As asecond approach, we perform an idealized modeling experiment to obtain additional samples
and better quantify the relationship between sulfate and black carbon aerosols and Atlantic TC
activity. Using the HIRAM model, we perform four simulations to isolate the effects of sulfate
aerosols, which declined markedly in 2020 following the implementation of the IMO shipping
regulation, and black carbon, which also decreased in 2020 due to reduced industrial activity and
travel during the COVID-19 pandemic.

We perform a control experiment (cntl) in which the model is forced by the annual cycle of
SSTs averaged over the period 1986-2005, following the methodology of Vecchi et al. (2019).
This climatological SST cycle is repeated for 200 years following a 10-year spin-up, such that the
200-year mean represents the model’s steady-state climatological baseline. We then perform three
additional experiments using the same SST forcing as the control. In the first experiment, sulfate

aerosols are removed over the North Atlantic (zeroSO4NA), and the model is integrated for 50
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years. In the second experiment, sulfate aerosols are removed globally (zeroSO4global), and the
model is again integrated for 50 years. In the final experiment black carbon emissions are removed
globally (zeroBCglobal), and the model is integrated over 50 years. This serves as an exaggerated
analogue to the global reduction in black carbon brought on by the COVID-19 pandemic.

To identify TCs and seed disturbances in both models, we follow the tracking procedure described
in Levin et al. (2025). Hurricanes are defined as TCs that attain maximum winds exceeding 33 m s~
at least once during their lifetime. Major hurricanes are identified in AM2.5-C360 as storms whose
maximum winds exceed 45 m s~!, a threshold slightly lower than the observed 50 m s~! standard
because the model rarely produces storms at the observed major hurricane intensity. HIRAM
does not reliably simulate storms of sufficient intensity to meet this major hurricane threshold, and

therefore major hurricane statistics are reported only for AM2.5-C360.

b. Statistical-Dynamical Model

To characterize the range of plausible seasonal Atlantic TC counts over the recent historical
period (1980-2024), we employ the statistical-dynamical model of Vecchi et al. (2011). This
framework estimates the expected annual Atlantic TC count, A, using a Poisson regression in
which A depends solely on SST. A is modeled as a function of the mean seasonal SST anomaly
in the Atlantic main development region (MDR) and the mean seasonal SST anomaly across the
tropics, since these two predictors together have been shown to be a robust indicator of Atlantic TC
activity in the present climate (Vecchi and Soden 2007; Villarini et al. 2011; Eusebi et al. 2025).

Specifically, the logarithm of A is modeled as the following linear function:
A= exp(1.707 +1.388,58Typr—1.521, SSTTROP) , (1)

where SSTypr and SSTrrop are defined relative to the 1982-2005 climatology. The MDR is
defined as 10°-25°N, 80°-20°W, and the tropical mean spans 30°S—30°N.

This formulation provides a full probabilistic distribution of seasonal outcomes conditional on
the SST state. Thus, for each year in 1980-2024, the model yields a distribution of possible TC
counts. We use this distribution to quantify the percentile rank of the observed 2020 season relative

to SST-forced expectations.
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We further use this model to evaluate hypothesis 3 from Section 1, which posits that discrepancies
between observed and simulated 2020 TC counts may arise from inconsistencies in the observed
SST datasets used to force atmosphere-only models. The AM2.5-C360 and HIRAM simulations
analyzed here (Section a) are forced with a corrected version of the HadISST dataset (Chan et al.
2021). To assess the sensitivity of the inferred TC distribution to the choice of SST product,
we apply the statistical-dynamical model separately using three independent SST datasets: the
Optimum Interpolation Sea Surface Temperature dataset (OISST; Huang et al. (2021)), the Hadley
Centre Global Sea Ice and Sea Surface Temperature dataset (HadISST; Schneider et al. (2013)),
and the Extended Reconstructed Sea Surface Temperature dataset (ERSST; Huang et al. (2017)).

Comparing the resulting modeled TC distributions across SST products serves two purposes.
First, it enables us to evaluate the robustness of the estimated 2020 percentile to observational
uncertainty in SST. Second, if substantial differences emerge across SST products, this would
suggest that biases in the dataset used to force the atmosphere-only models could have contributed
to their underestimation of 2020 activity. Conversely, consistency across SST products would

indicate that SST dataset choice is unlikely to explain the model-observation discrepancy.

c. DL-based Model

Although the multi-ensemble historical integrations with AM2.5-C360 and HIRAM provide a
dynamical range of Atlantic TC outcomes and require substantial computational resources, their
ensemble sizes of ten and five members, respectively, are too small to fully characterize the
probabilistic distribution of plausible 2020 seasonal outcomes.

Recent advances in deep-learning weather models have shown substantial promise for simulating
TCs. Once trained, these models can be integrated efficiently with significantly lower computational
costs compared to traditional dynamical models like AM2.5-C360 and HIRAM (e.g. (Bi et al.
2023; Chen et al. 2023; Lam et al. 2023; Lang et al. 2024; Kochkov et al. 2024). In this study,
we employ the Ai2 Climate Emulator version 2 (ACE2; Watt-Meyer et al. (2025)) to perform
multi-ensemble annual simulations of historical Atlantic TC seasons, including 2020. We use a
version of ACE2 trained on the ERAS reanalysis (Hersbach et al. 2020). Previous studies have
demonstrated that ACE?2 is numerically stable over simulations spanning hundreds to thousands of

years (Watt-Meyer et al. 2025) and can realistically reproduce TC characteristics across subseasonal
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to interannual timescales (Chien et al. 2025). These properties make ACE2 a robust platform for
generating large ensembles of Atlantic TC seasons and for investigating the range of plausible
outcomes for extreme events such as the 2020 season.

We generate a 1,000-member SST-forced ensemble for each year during 2005-2020 (including
the anomalously active 2005 and 2010 seasons) and for the anomalously inactive 1982 season.
Following Chien et al. (2025), ensemble members for a given year are generated by repeatedly
integrating the ACE2 model under identically fixed SST boundary forcing. For a given target year
(e.g., 2020), observed SSTs from that year are prescribed and repeated cyclically. The model is
then integrated autoregressively for 100 consecutive years under these repeating SST boundary
conditions. Each simulated year represents one dynamically distinct realization of the same SST-
forced year and is treated as an independent ensemble member.

To obtain 1,000 members efficiently, we perform ten parallel integrations (‘“‘chunks”), each
producing 100 ensemble members via the 100-year repeated-SST integration described above.
Distinct initial atmospheric states are used for each chunk. Specifically, we initialize ACE2
from publicly available initial conditions and integrate the model forward for one year using SST
boundary conditions from the year preceding the target year (e.g., 2019 SSTs when constructing the
2020 ensemble). The final model state from this spin-up integration is then used to initialize one
100-year repeated-SST chunk. This procedure is repeated to generate ten distinct initial conditions,
yielding 10 x 100 = 1,000 ensemble members. Because SST boundary conditions are held fixed
within each ensemble while atmospheric initial conditions differ, the resulting spread reflects
internal atmospheric variability under identical SST forcing. This design allows us to quantify the
distribution of plausible seasonal TC outcomes conditioned on the observed SST state.

To detect TCs in ACE2, we follow the methodology of Chien et al. (2025) and Watt-Meyer et al.
(2025), utilizing the TempestExtremes framework (Ullrich and Zarzycki 2017). By generating a
1,000-member ensemble for the 2020 season, we can robustly estimate the percentile rank of the
observed 2020 storm count within the modeled distribution and to characterize the tail behavior
of seasonal variability. In doing so, we can assess whether the observed hyperactivity represents
a statistically rare but dynamically plausible realization, consistent with the second family of

hypotheses outlined in Section 1.
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d. Theoretical Framework

To assess whether the large-scale environmental conditions in 2020 were favorable for a hyperac-
tive Atlantic season, and to evaluate whether the observed activity may represent a low-probability
but dynamically plausible outcome consistent with the second family of hypotheses outlined in
Section 1, we apply the theoretical framework of Hsieh et al. (2020) to ERAS reanalysis data
(Hersbach et al. 2020) over the period 1980-2024.

The framework conceptualizes TC formation as a two-stage process involving precursor seed
disturbances and subsequent development into fully formed TCs. Under this formulation, the

annual number of North Atlantic TCs, Nr¢, is approximated as
Ntc %SPIXP(A), )

where SPI is the seed propensity index, a proxy for the number of precursor seed disturbances,
and P(A) is a proxy for the nondimensional probability that a seed disturbance develops into a TC.
The seed propensity index is defined as

SPI = (~w) - 3)

142z Vo’

where

fri
VIB+3,L10

The variable w is the 500 hPa pressure coordinate vertical velocity (w < 0 for upward motion),

Z= “4)

o =0.69 is a nondimensional fitting parameter, and Z is nondimensional variable that represents
low level vorticity spinup. f is the Coriolis parameter, S is its meridional gradient, £ is 850 hPa
relative vorticity, and U is a constant wind speed of 20 m/s which is empirically fit in Hsieh et al.
(2020).

Next, P(A) is defined as

1
P(A) = m, (5)

where
Vs X

A= .
PI

(6)
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The variables Ag = 0.014 and y = —0.9 are dimensionless fitting parameters, and A denotes the
ventilation index (Tang and Emanuel (2010); Tang and Emanuel (2012)). v, is vertical wind
shear between 250 hPa and 850 hPa, PI is potential intensity, and y is a dimensionless variable
representing entropy deficit.

In this study, we extend the existing framework to investigate both seasonal and subseasonal
variability by incorporating monthly mean and daily environmental data from ERAS, averaged
over the tropical Atlantic (10°-30° N) during June through November, to derive a proxy for TC
activity. Basin-wide means are calculated over a region extending beyond the Main Development
Region (10°-25° N, 80°-20° W) to include the Gulf of Mexico, in order to account for the high
concentration of storms that occurred there in 2020 (Fig. S4). Including the Gulf of Mexico ensures
that differences in TC track locations among years are appropriately represented in the analysis.
To our knowledge, this TC proxy (Ny¢ =~ SPI X P(A)) has not been computed on subseasonal
timescales to study subseasonal TC variability.

We also construct an alternative proxy for annual Atlantic TC counts that explicitly incorporates

tracked precursor seeds. In this formulation, annual TC activity is approximated as

NTCzNSXP(A)’ (7)

where N denotes the observed annual count of explicitly tracked TC seeds. Here, seed frequency
is diagnosed directly from reanalysis data, allowing us to more explicitly separate variability in

seed frequency from variability in development probability.

3. Results

a. Testing the first hypothesis family

In this section, we present the results to evaluate the first family of hypotheses as to why
the models poorly represented the hyperactive 2020 Atlantic TC season: whether there were

fundamental deficiencies in the models or observational datasets.

12
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1) HypotHESIs NUMBER ONE

This hypothesis poses that the dynamical atmosphere-only models used in this study to generate
the historical TC record in Figure 1 (AM2.5-C360 and HIRAM) may be limited in their ability to
represent TC genesis, and thus, are unreliable to assess Atlantic TC interannual variability.

This explanation appears unlikely. In addition to the demonstrated skill of AM2.5-C360 and
HIRAM in reproducing the long-term historical variability of Atlantic TC activity (Levin et al.
2025), the influence of SSTs on TC frequency and intensity (Chan et al. 2021), and the annual TC
cycle (Yang et al. 2021), it is notable that the anomalous 2020 season also lies at or beyond the
ensemble range in other independent modeling systems. Seasonal forecasts from physics-based
coupled models such as GFDL SPEAR and FLOR (Murakami et al. 2025), as well as from DL-
based models such as Neural GCM (Zhang et al. 2025a), similarly place 2020 at the edge or outside
their ensemble distributions. The fact that multiple structurally distinct modeling frameworks
fail to encompass the observed 2020 hyperactivity within their ensemble spread suggests that a

model-specific deficiency is unlikely to be the sole explanation.

2) HypoTHESsIs NUMBER Two

This hypothesis posits that the observed storm counts in recent decades, shown in Fig. 1, may
be inaccurate. Although it is not possible to retrospectively reanalyze past seasons to verify the
historical record, confidence in TC observations during the modern era is high. Since the 1960s,
operational monitoring has relied on polar-orbiting and geostationary satellites, supplemented
beginning in the 1980s by routine aircraft reconnaissance. In more recent decades, scatterometers
and microwave radiometers have further improved the detection and characterization of TCs (see
Supplemental Fig. SB1 of Klotzbach et al. (2022)).

Our analysis focuses on the post-1980 period shown in Fig. 1, when these modern observing
systems were consistently in place. The launch of advanced geostationary satellites, including
GOES-16 and GOES-17 beginning in 2016, further enhanced spatial and temporal resolution, in-
creasing confidence in estimates of recent storms, including those in 2020. Although observational
uncertainty is larger prior to the satellite era and may be somewhat higher before 2016 relative to

the most recent years, the modern record is widely regarded as reliable for basin-wide TC counts.
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Moreover, Figs. 1b and ¢ show that the 2020 season was also anomalously active in terms of
hurricanes and major hurricanes. These more intense systems are less susceptible to detection
ambiguity than TCs, since high wind speeds, organized structure, and satellite signatures are more
clearly identifiable. Given the robustness of the modern observing network and the particularly clear
identification of intense storms, it is unlikely that errors in the observed 2020 record can explain

the discrepancy between the observed activity and the ensemble range of the model simulations.

3) HypoTtHESIs NUMBER THREE

The third hypothesis proposes that the discrepancy between the observed 2020 TC count and
simulated ensemble spread arises from errors in the SST dataset forcing the atmosphere-only
models. To evaluate this possibility, we apply the statistical-dynamical model of Vecchi et al.
(2011), which uses SST as the predictor of Atlantic TC activity. Generate seasonal TC distributions
for 1980-2024 using three independent SST products as input: OISST, HadISST, and ERSST.

The resulting SST-based seasonal TC activity statistical reconstructions are shown in Fig. S1.
Across the historical period, the model captures a substantial fraction of the observed interannual
variability, with correlations between modeled and observed TC counts ranging from r = 0.66 to
r = 0.70 across the three SST products. Historically active seasons such as 1995, 2005, and 2010,
as well as relatively inactive seasons such as 1982 and 2009, fall within the 90% confidence interval
of the modeled distribution.

For the 2020 season, two key findings emerge. First, although the three SST datasets exhibit
differences in global mean trends and regional structure (Menemenlis et al. 2025), their predictions
for 2020 are nearly identical when used in the statistical-dynamical TC model. The mean predicted
TC count ranges from 10.9 to 11.8 storms across the three products, demonstrating close agreement.
Based on this consistency, we have no evidence to support the presence of a fundamental error in
the HadISST dataset, which was used to force the dynamical simulations. Second, all three SST
products indicate that 2020 should have been only moderately active. In each case, the observed
TC count lies well above the 90% confidence bound of the modeled distribution. Thus, even when
accounting for uncertainty across independent SST datasets, seasonal mean SST conditions do not

support an expectation of hyperactive activity comparable to what was observed.
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4) HyprotHEsIS NUMBER Four

Our fourth hypothesis posits that the failure of the observed 2020 TC count to fall within the
ensemble range of the AM2.5-C360 and HIRAM simulations may reflect limitations of SST-forced
models in capturing the impacts of the abrupt aerosol perturbations. If these changes altered
the large-scale environment in a manner favorable to TC development, but were not adequately
represented in the model forcing, they could have contributed to the model—observation discrepancy.

To evaluate this hypothesis, we employ two complementary approaches. First, we perform a five-
member AM2.5-C360 ensemble integration over 1980-2024 using observed aerosol concentrations
derived from reanalysis, in contrast to the historical simulations shown in Fig. 1, which use
prescribed CMIPS aerosol forcing. Second, we conduct idealized sensitivity experiments in which
sulfate and black carbon aerosols are substantially reduced to emulate an exaggerated analogue of
the 2020 aerosol decline. The experimental design is described in Section 2.

For the first approach, the resulting Atlantic TC counts are shown in Fig. S2 alongside the
observed record. The multi-member simulation reproduces interannual variability reasonably
well, with a correlation of r = 0.61 relative to observations. However, even when forced with
observed aerosol concentrations, the model simulates 2020 as a relatively inactive season. The
absence of a change in simulated Atlantic TC activity when including observed aerosols suggests
that any radiative or dynamical effects associated with the 2020 aerosol reduction were either small
or already reflected indirectly in the observed SST boundary conditions. This result indicates that
aerosol forcing alone does not reconcile the simulated and observed TC counts for 2020.

The idealized experiments yield a similar conclusion. The distributions of annual Atlantic TC
counts from the control and aerosol-reduction simulations are shown in Fig. S3. The distributions
are broadly similar, with all three experiments yielding an average of approximately twelve Atlantic
TCs per year. A Kolmogorov—Smirnov test comparing each experimental simulation to the control
indicates that we cannot reject the null hypothesis that the annual TC counts from the zeroSO4NA
and cntl simulations are drawn from the same distribution (p = 0.74). Similarly, we cannot
reject the null hypothesis that the zeroSO4global and cntl simulations originate from the same
distribution (p = 0.28), nor can we reject the null hypothesis that the zeroBCglobal and cntl
simulations originate from the same distribution (p = 0.99). These results suggest that, within this

modeling framework, the direct radiative effects of prescribed low-frequency (>monthly) aerosol
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variations on atmospheric heating do not exert a statistically robust influence on Atlantic TC activity.
This conclusion does not preclude potential aerosol influences operating through SST-mediated

pathways or synoptic-scale interactions, which are not explicitly represented in these experiments.

b. Testing the second hypothesis family

In this section, we evaluate the second hypothesis family, which considers the possibility that the

hyperactive 2020 season was a highly unlikely but dynamically plausible outcome.

1) STATISTICAL ANALYSIS OF MODELED TC ACTIVITY

To evaluate this hypothesis, we first examine the historical ensembles from the dynamical AM2.5-
C360 and HIRAM models shown in Fig. 1. Rather than treating 2020 in isolation, we quantify
how often the observed storm count falls outside the modeled ensemble spread across the entire
45-year record.

Assuming the dynamical models are well calibrated, the observed record can be interpreted as
an additional equally likely realization drawn from the same distribution as the model ensemble
members. Under this assumption, the AM2.5-C360 system effectively contains 11 realizations
per year, comprising 10 model members plus the observational record, while HIRAM contains
6 realizations per year, comprising 5 model members plus the observational record. To see the
implication of this assumption, consider a simple analogy. Suppose we place 1 red ball (the
observation) and n — 1 blue balls (the ensemble members) in a line at random. Because all
permutations are equally likely, the red ball is equally likely to occupy any of the n positions. The
red ball lies at one of the two ends with probability 2/x. In our application, the “ends” correspond
to the smallest or largest value among the n realizations. Thus, if the system is well calibrated, the
probability that the observation lies outside the ensemble range in any given year (i.e., is either the

minimum or maximum among the n realizations) is
. 2
P(outside ensemble range) = —.
n

For AM2.5-C360, n = 11, giving the probability that the observation lies outside the ensemble

range for in a given year as
2

~0.18.
11
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For HIRAM, n = 6, giving the probability that the observation lies outside the ensemble range for
in a given year as

(oIl

g .
The expected values, or expected number of instances when the observational record lies outside

the ensemble range during the historical period, are therefore

2
E[X]=45x— =8
[X] T
for AM2.5-C360 and

1
BIX] =45x 2 =15

for HIRAM.

In Fig. 1, the observed record lies outside the AM?2.5-C360 ensemble spread 6 times for total
TCs, 3 times for hurricanes, and 5 times for major hurricanes. These outcomes are well within
sampling variability and are therefore consistent with a calibrated system. Similarly, for HIRAM,
the observed record lies outside the ensemble spread 15 times for TCs and 12 times for hurricanes,
both close or equal to the expectation of 15 exceedances.

Thus, even in a perfectly calibrated system with only five to ten ensemble members, it is expected
that the observation will fall outside the ensemble range multiple times over a 45-year period.
Although 2020 stands out visually because it lies outside the ensemble spread simultaneously for
TCs, hurricanes, and major hurricanes, similar exceedances occur elsewhere in the historical record
(e.g., 2013 and 1996).

At the same time, the limited ensemble sizes of AM2.5-C360 and HIRAM (10 and 5 members,
respectively) constrain our ability to precisely estimate tail probabilities. For this reason, while the
dynamical ensembles suggest that occasional out-of-range seasons are expected, they do not allow
a precise quantification of how unlikely a hyperactive season such as 2020 may have been. This
limitation motivates the use of the ACE2 DL-based model to generate a much larger ensemble of
seasonal TC counts and more robustly characterize the distribution’s tail behavior.

To determine the probability of a hyperactive 2020 Atlantic TC season under the observed 2020
SST forcing, we generate a 1,000-member ensemble for that year, each representing a plausible

realization of the season (Section c). We also generate a 1,000-member ensemble for each year
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within the 1982 and 2005-2020 period, spanning both active and inactive seasons that are captured
within the ensemble spread of dynamical models, including 1982, 2005, 2009, and 2010 (Fig. 1).
Our comparison across years in the recent record allows us to assess whether the behavior of the
DL-based model diverges substantially from that of physics-based atmosphere-only models. This
large-ensemble technique also enables us to capture the full spectrum of possible 2020 TC season
outcomes under the observed SST forcing.

The observed annual TC counts and the distribution of simulated TC counts from the 1,000-
member historical ACE2 ensemble are shown in Figure 2a. ACE2 exhibits a moderate positive
correlation between the observed TC counts and the ensemble-mean simulated counts (r = 0.62),
indicating skill in distinguishing between relatively active and inactive seasons due to SST and
carbon dioxide external forcing alone. The ensemble mean peaks during active seasons such as
2005 and 2010, and shows local minima during inactive seasons such as 2009 and 2014, consistent
with the observed variability.

Beyond reproducing the observed mean-state variability, the ensemble exhibits substantial inter-
annual spread. For each of the 17 seasons shown, the simulated range of TC counts (the difference
between the ensemble minimum and maximum) spans roughly 10 to 26 storms. For instance,
in 2005 the ensemble indicates that between approximately five and 28 TCs were dynamically
plausible, whereas in the relatively inactive 2014 season the simulated range extends from one to
19 TCs. Despite this considerable variability, the observed TC count falls within the ensemble
distribution for most seasons in the historical record. Furthermore, the calibration Q-Q plot (Fig.
2b) shows the empirical cumulative distribution function closely tracking the 1:1 line, indicating
that the ACE2 ensemble spread is well calibrated. In other words, the verifying observational quan-
tile is approximately uniformly distributed across years, suggesting that the ensemble dispersion
realistically represents seasonal uncertainty.

Although ACE2 generally distinguishes between active and inactive years, visual inspection
of Figure 2a indicates that discrepancies between the ensemble mean and observations are the
largest prior to 2010 and in 2020, while agreement improves during the 2010-2019 period. This is
consistent with the fact that these latter years overlap with the model’s training period of 2011-2019

(Watt-Meyer et al. 2025).
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FiG. 2. (a) Annual Atlantic tropical cyclone (TC) counts for 1982 and 2005-2020. The adjusted observational
record computed using the methods from Landsea et al. (2010) is shown in black. Blue violin plots depict the
distribution of simulated TC counts from the 1,000-member ACE2 ensemble forced with observed SSTs, with
the ensemble mean indicated by the solid blue line, and ensemble minimum and maximum indicated by the
dashed dark gray lines. The correlation between the ensemble-mean TC frequency and the observed counts
is shown in the upper-right corner. (b) Quantile—quantile (Q—Q) calibration diagnostic of ACE2 over the 17
verification years. For each year, we compute the percentile (quantile) at which the observed TC count falls
within the 1,000-member ensemble distribution. This yields one quantile value per year (17 total). We then plot
the empirical cumulative distribution function (CDF) of these 17 quantiles. If the ensemble is well calibrated,
these verification quantiles should be uniformly distributed across years, and the empirical CDF should align

with the 1:1 line (black dashed).

There are several years in which the observed TC count falls near the extreme tails of the ACE2
ensemble distribution. One such case is 2007, an anomalously inactive season with only five
observed TCs. The 1,000-member ACE2 ensemble, forced with observed 2007 SSTs, simulated a
plausible range of approximately one to 26 storms, with an ensemble mean of 12. Only 15 of the
1,000 members produced five or fewer TCs, indicating that the realized season corresponds to a
1.5% lower-tail event within the modeled distribution. An even more pronounced tail event occurs
in 2020. The ensemble simulates a mean of approximately 14 TCs (Table 1), compared to the
23 storms observed. Only 37 ensemble members produce at least 20 storms (3.7%), and just five

members simulate 23 or more storms (0.5%). Thus, under the observed 2020 SST forcing, ACE2
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TaBLE 1. Modeled distribution of 2020 seasonal TC counts using a statistical-dynamical model with three
SST products as inputs and the DL-based ACE2 1,000-member ensemble model. For each modelled TC count
distribution we show the distribution’s mean, quantile at which the observed 23 TC counts in 2020 verified

against the modeled distribution, and the corresponding percent of such an event.

Model Model Mean TC count  Verified Quantile ~ Event Percent
Statistical-Dynamical (HadISST) 11.0 0.999 0.1%
Statistical-Dynamical (ERSST) 11.8 0.997 0.3%
Statistical-Dynamical (OISST) 10.9 0.999 0.1%
ACE2 1,000 member ensemble 14.1 0.995 0.5%

characterizes the realized season as a rare but physically plausible outcome, verifying at the 99.5th
percentile of the modeled distribution.

To place this result in broader context, Table 1 compares ACE2 with the statistical-dynamical
Poisson model described in Eq. 1, forced separately with three SST datasets (HadISST, ERSST, and
OISST). All models consistently indicate that the boundary conditions in 2020 were not expected
to produce such an exceptional season, with event probabilities ranging from 0.1% to 0.5%.

Although a 0.5% event is highly unlikely in any single year, its occurrence over a multidecadal
record is less implausible. Assuming independence between seasons, the probability of observing

at least one 0.5% event over a 45-year period (e.g., 1980-2024) is
P(At least one 0.5% event) = 1 — (0.995)* ~ 0.20. (8)

Thus, an event with a 0.5% annual probability has roughly a 20% chance of occurring at least once
in a 45-year historical record.

To evaluate how ensemble size influences the ability to capture the full range of plausible 2020
Atlantic TC outcomes, and to demonstrate how reliance on the ensemble mean alone can obscure
tail risk, we conduct a resampling experiment using the 1,000-member ACE2 simulation of the
2020 season. From this large ensemble, we randomly draw either 10 or 15 members without
replacement and repeat this procedure 10,000 times. These sample sizes mimic the ensemble sizes
typically used in physics-based seasonal forecasting systems, which often consist of only 10-15

members (e.g., Murakami et al. (2025)).
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TaBLE 2. The percentage of 10,000 resampled realizations of annual Atlantic TC counts from the ACE2 model
that satisfy specific activity thresholds. Each realization is constructed by randomly selecting either 10 or 15
ensemble members from the 1,000 ACE2 simulations of the 2020 season, without replacement, and repeating

this sampling process 10,000 times.

Criteria across all samples (%) 10 ensembles 15 ensembles
>1 ens with at least 20 TCs 32.99% 44.96%
>2 ens with at least 20 TCs 5.86% 12.06%
>1 ens with at least 23 TCs 8.03% 11.51%
>2 ens with at least 23 TCs 0.24% 0.56%
mean > 12 TCs (‘active season’) 97.96% 99.62%
mean < 12 TCs (‘inactive season’) 2.04% 0.38%
mean > 17 TCs (‘+1 0 season’) 0.65% 0.16%
mean < 7 TCs (‘—10 season’) 0.00% 0.00%

For each resampled ensemble, we evaluate whether specific activity thresholds are met (Table
2). In particular, we assess the probability that at least one or at least two members simulate (i)
a season with >20 TCs (comparable to other hyperactive years such as 2005) and (i1) a season
with >23 TCs, matching the observed 2020 count. We also classify seasons using the ensemble
mean. An “active” season is defined as one with a mean >12 TCs, consistent with the 2005-2020
observed mean (approximately 12 storms).

A 10-member (15-member) ensemble includes at least one member with >23 TCs in approx-
imately 8% (12%) of realizations, suggesting that even with a limited ensemble, there is a non-
negligible chance that a hyperactive scenario would appear within the ensemble spread. At the
same time, reliance on the ensemble mean would have masked much of this tail behavior. Nearly
all resampled ensembles (98—100%) produce a mean above 12 storms, correctly indicating that
2020 was likely to be active. However, extremely active outcomes are rarely reflected in the mean:

fewer than 1% of samples exceed the +10 threshold (>17 storms), and none fall below —10.

2) LARGE-SCALE ENVIRONMENTAL CONDITIONS IN 2020

To further evaluate the second family of hypotheses, that the hyperactive 2020 season was a highly
unlikely but dynamically plausible realization of the climate system, we examine the large-scale

environmental conditions that prevailed during that year. Internal atmospheric variability operating

21



506

507

508

509

510

511

512

513

514

515

516

517

518

519

520

521

522

523

on subseasonal timescales could have amplified activity beyond what would be anticipated from
seasonal-mean conditions alone.

To test this idea, we leverage ERAS reanalysis data in combination with the theoretical TC proxy
introduced by Hsieh et al. (2020), defined as Ntc =~ SPI X P(A), which approximates seasonal
TC counts as a function of the large-scale environment. We compute the seasonally and tropical
Atlantic basin-averaged TC proxy using monthly mean ERAS inputs for the period 1980-2024
(SPIx P(A), Fig. 3). This framework reproduces a substantial portion of the observed interannual
variability in Atlantic TC activity, yielding a correlation of r = 0.65 between observed and both
proxy-derived TC counts. Thus, seasonal-mean large-scale environmental conditions explain much

of the historical variability in Atlantic TC activity.

Annual Atlantic TC Frequency

=T Obs r=0.65
= ERAS5 SPI x P(N\)
20 A 2
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Fic. 3. Observed annual Atlantic tropical cyclone (TC) counts (black; left y-axis), approximated annual TC
frequency (SPI x P(A); blue; right y-axis) derived from seasonally and TC main development region (MDR)-
averaged monthly ERAS data for 1980-2024. The parameterized TC frequencies are standardized using Z-score
normalization, defined as Z(x) = (x — ux) /0o, Where x is the data point, p, is the mean over the full record,
and oy is the standard deviation. The correlation coefficient between observed and approximated TC counts is

shown in the upper-right corner of the panel.

However, a clear discrepancy emerges in 2020, when the observed TC count substantially exceeds

the proxy estimate (blue line in Fig. 3). When the 2020 season is excluded, the correlation between
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the observed counts and the seasonal SPIx P(A) (blue line) increases to r = 0.70. Deviations
between the proxy and observations are also evident in the surrounding years, particularly from
2018 to 2021. These results indicate that, based on seasonally averaged large-scale conditions
alone, 2020 did not appear exceptionally favorable for hyperactivity.

To determine whether subseasonal atmospheric variability contributed to the inability of the
HIRAM and AM2.5-C360 models to capture a hyperactive 2020 TC season within their ensemble
range, we further analyze the TC proxy in ERAS5 data on daily and subseasonal timescales. In
addition to computing the TC proxy using exclusively monthly input data, we also compute the
proxy using daily data. For the 2020, 2010, and 2005 seasons, we calculate the monthly product
of SPIx P(A) (our TC proxy) using four distinct approaches:

1. SPIpaily X P(A)paily: Daily input data are used to compute both SPI and P(A). Monthly
means of these daily values are then computed, multiplied, and averaged over the tropical

Atlantic (10°-30° N).

2. SPInmonthly X P(A)Monthly: Monthly mean input data are used to compute SPI and P(A). These

fields are then multiplied and averaged over the tropical Atlantic (10°-30° N).

3. SPIpaily X P(A)montnly: Daily input data are used to compute SPI, which is then averaged to
monthly means. These values are multiplied by P(A) computed from monthly mean input

data and averaged over the tropical Atlantic (10°-30° N).

4. SPImonthly X P(A)paily: Monthly input data are used to compute monthly SPI. Daily input
data are used to compute daily P(A), which is then averaged to monthly means. These values

are multiplied and averaged over the tropical Atlantic (10°-30° N).

The distinction among the four approaches lies in the order of operations: whether monthly means
are taken prior to computing SPI and P(A), or whether these quantities are first computed daily and
then averaged to monthly scales. This framework enables us to assess the influence of subseasonal
atmospheric variability on the TC proxy. When approaches (1) and (2) closely agree for a given
season, it suggests that subseasonal atmospheric variability plays a limited role, indicating higher
seasonal TC predictability from monthly mean boundary conditions. We calculate the seasonally

averaged ratio of approaches (1) and (2) for the 2005, 2010, and 2020 seasons. We select the 2010
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and 2005 seasons because, despite their high activity, both were anticipated to be active by the the
ensemble spread of the HIRAM and AM2.5-C360 models forced with monthly SSTs (Fig. 1).

The seasonally-averaged ratios are shown in Fig. 4. For both the full TC season (June—-November)
and the peak period (August—October), the 2020 season exhibits the greatest deviation from one,
with the lowest values (0.57 and 0.67), indicating the largest disagreement between approaches
(1) and (2) and weakest seasonal TC predictability from monthly mean boundary conditions. In
contrast, the ratios for 2010 (0.63 and 0.77) and 2005 (0.64 and 0.74) are closer to one, suggesting
higher predictability for seasonal TC activity from monthly mean conditions. These results are
consistent with the consensus across the ensemble spread of both DL and dynamical models that the
2005 and 2010 seasons would be active. These results also suggest that monthly conditions alone
were insufficient to represent the conditions leading to the exceptional activity of 2020. While this
framework helps diagnose differences in seasonal TC predictability with monthly mean boundary
conditions, it does not fully explain the physical drivers behind the extreme activity of 2020.

The monthly and daily TC-proxy calculations for 2005, 2010, and 2020 (Fig. 5) provide further
insight into the role of subseasonal variability in seasonal outcomes. To isolate which proxy
component (either the seed component (SPI) or the transition component (P(A))) contributes most
strongly to subseasonal sensitivity, we compare two hybrid formulations: SPIpaity X P(A)monthty
and SPIyontnty X P(A)paily- Across all three active seasons, the orange (monthly-only) and red
(monthly SPI, daily P(A)) curves remain relatively close, whereas the gray curve (daily SPI,
monthly P(A)) departs more substantially. This behavior indicates that subseasonal variability in
the seed component (SPI), contributes more strongly to subseasonal variability than subseasonal
fluctuations in the environmental transition probability P(A).

Therefore, we test whether seed disturbances contributed to the hyperactive 2020 TC season
emerging as a rare realization within the ensemble spread of multiple models. To do so, we
examine explicitly tracked Atlantic TC seeds from three independent ERAS5-based datasets (Moon
et al. (2025); Vishnu et al. (2020); Ikehata and Satoh (2021)), in addition to our own tracking
methodology. Each method tracks storms using 6-hourly June-November North Atlantic ERAS
data. The resulting seed counts are shown in Fig. 6. These differing approaches yield different

mean seed climatologies, yet they share broad interannual patterns. Notably, none identifies 2020
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F1G. 4. The seasonally averaged ratio SPInontly X P(A)Monthty (approach 2) to SPIp,ily X P(A)paily (approach
1) is shown for the full TC season of June-November and the most active portion of the season, August-November
for 2020 (olive bars), 2010 (brown bars), and 2005 (gray bars). A higher ratio closer to one implies greater
predictability. We observe the ratio to be lower in 2020 than 2010 and 2005 for the full season and most active

portion of the season.

as a local maximum in seed count (Fig. 6). If the hyperactivity of 2020 were driven by anomalously
many seeds, we would expect at least one tracking methodology to identify an extreme seed year.

We then incorporate explicitly tracked seeds into the TC proxy, replacing SPI with observed
seed count to compute Ny¢ ~ Seeds X P(A), where P(A) is derived from seasonal monthly ERAS
conditions. This modified proxy reproduces a substantial portion of observed interannual variability
(correlations r = 0.63-0.69) and successfully captures both inactive and active years such as 2005
and 2010. Yet across all three seed-tracking methodologies, the proxy converges on a moderately
active 2020 season of roughly twelve storms, below the observed 23.

Thus, even when incorporating subseasonally tracked seeds and accounting for observed atmo-
spheric variability within the proxy framework, the 2020 atmospheric conditions do not appear
conducive to a hyperactive TC season. While subseasonal variability appears more influential in

2020 than in other active seasons, suggesting reduced predictability from monthly mean boundary
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Fic. 5. Monthly mean products of SPIx P(A) computed using four methodological approaches applied
to ERAS data during the Atlantic tropical cyclone season (June—November) for (a) 2020, (b) 2010, and (c)
2005. The blue line corresponds to approach 1, SPIp,ily X P(A)paily; the orange line corresponds to approach
2, SPIvontty X P(A)Montly; the gray line corresponds to approach 3, SPIpgty X P(A)Monmiy; and the red line
corresponds to approach 4, SPIyjontly X P(A)paily. The seasonal mean of the blue line, representing a proxy for
TC activity derived solely from daily data, is indicated by the horitzontal blue dotted line. The seasonal mean
of the orange line, representing a proxy for TC activity derived solely from monthly data, is indicated by the

horizontal orange dotted line.

conditions, even this variability, as captured by the theoretical framework proposed by Hsieh et al.

(2020), cannot fully explain the realized activity.

4. Discussion

This study examines the apparent unpredictability of the 2020 Atlantic TC season, during
which observed activity across all intensity bins, including TCs, hurricanes, and major hurricanes,
exceeded the ensemble spread of state-of-the-art GFDL atmosphere-only climate models forced
with observed SSTs (Fig. 1). Seasonal forecasts from both dynamical systems (Murakami et al.
2025) and DL-based models (Zhang et al. 2025a) similarly underestimated the realized storm

frequency across their ensemble spreads. Although Klotzbach et al. (2022) suggested that elevated
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Fic. 6. (a) Tracked Atlantic tropical cyclone (TC) seed counts from the ERAS dataset using the methods
described in Section 2 (blue; 1979-2024), from Moon et al. (2025) (orange; 1980-2023), Tkehata and Satoh
(2021) (gray; 2000-2018), and Vishnu et al. (2020) (red; 1980-2022).(b) Observed annual Atlantic TC counts
(black) and approximated annual TC frequencies derived from seed counts (Seeds X P(A)), where P(A) represents
the transition probability estimated from seasonally and MDR-averaged monthly ERAS5 conditions. Seed counts
are obtained following the respective tracking methods in Section 2 (blue; 1980-2024), Moon et al. (2025)
(orange; 1980-2023), and Vishnu et al. (2020) (red; 1980-2022). Approximated TC counts are scaled by a
multiplicative factor so that their mean matches the observed mean. Correlation coefficients between observed

and approximated TC counts for each seed dataset are shown in the upper-left corner of panel (b).
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late-season activity in 2020 may have been partially anticipated using large-scale indices, that work
focused on intensity metrics such as Accumulated Cyclone Energy and rapid intensification. To
the best of our knowledge, the predictability of storm frequency on seasonal timescales has not
previously been examined.

We proposed two broad families of hypotheses to explain the discrepancy between observations
and model simulations. The first considers whether model or observational deficiencies prevented
the ensembles from capturing a hyperactive outcome comparable to that observed. The second
examines whether the hyperactive season represented a dynamically plausible but low-probability
outcome given the large-scale conditions present during the season.

After systematically testing four hypotheses within the first family using dynamical and statis-
tical-dynamical models, we find little evidence supporting model or observational failure. Inde-
pendent SST datasets yield consistent predictions of only moderately active conditions in 2020
using a statistical-dynamical model (Fig. S1). Simulations forced with observed aerosols do
not substantially increase activity relative to simulations using prescribed CMIP5 aerosols (Fig.
S2). Idealized aerosol reduction experiments, acting as exaggerated analogues of the 2020 drop in
aerosols) also show no statistically robust impact on basin-wide TC frequency (Fig. S3). Moreover,
analysis of large-scale environmental conditions using the theoretical framework of Hsieh et al.
(2020) indicates that 2020 did not exhibit environmental parameters strongly favoring a hyperactive
season. Collectively, these results suggest that the SST-forced atmosphere-only models did not
fundamentally fail in simulating moderate activity, as the large-scale state itself was not strongly
conducive to a hyperactive TC season.

Using the theoretical framework, we further find that subseasonal variability in 2020 may have
made it more difficult for the atmosphere-only GFDL models to simulate a hyperactive season
given monthly boundary conditions alone (Fig. 4). In contrast, for other active seasons such as
2005 and 2010, the same models produced relatively elevated activity under identical monthly SST
forcing, suggesting that the character of intraseasonal atmospheric variability in 2020 reduced the
likelihood of a hyperactive outcome within the ensemble. Even after incorporating known sources
of subseasonal variability within the framework (Fig. 6), 2020 remains an outlier. This suggests
the 2020 season was either a result of an exceptionally rare realization of internal atmospheric

variability or from variability mechanisms not fully captured by the framework.
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Additional features of the 2020 season are consistent with enhanced subseasonal noise. Activity
was disproportionately concentrated in the Gulf of Mexico (Fig. S4), aregion where TC variability
is less tightly coupled to basin-scale predictors (Ng and Vecchi 2020). The season also included
a large number of relatively weak storms compared with other hyperactive years such as 2005
and 2010 (Fig. S5). These characteristics are consistent with a scenario in which weather-
scale variability amplified seasonal counts beyond what would be anticipated from large-scale
environmental forcing alone.

We also assessed whether 2020 can be interpreted as a low-probability outcome under the
observed SST forcing by generating a 1,000-member ensemble of the year 2020 using the ACE2
DL-based model. This large ensemble indicates that, under the observed 2020 SST forcing, a
23-TC season corresponds to approximately a 0.5% event. Although such an outcome is highly
unlikely in any single year, the probability of at least one 0.5% event occurring within a 45-year
period is approximately 20%. Thus, the hyperactive 2020 season can be interpreted as a rare but

dynamically plausible realization rather than clear evidence of systematic model failure.

5. Conclusions

The evidence presented here supports the conclusion that 2020 was a result of an unlikely
atmospheric state, not necessarily a model or observational failure. Further, our results support the
conclusion that the hyperactive 2020 season can be understood as an unlikely outcomes that even a
well-calibrated system, like the modeling systems used in this study, will exhibit. This interpretation
does not exclude the possibility that additional mechanisms not examined here contributed to the
observed activity. Future observations, modeling advances, or reanalysis improvements could alter
this assessment. New evidence could emerge to support hypotheses one through four, for which we
were not able to find compelling support in the results presented here. Moreover, if similar large
discrepancies between observations and model ensembles become more frequent, reassessment of
model calibration and structural assumptions would be warranted.

Our findings have several broader implications. First, the 2020 season occurs at the end of
the recent historical record and is anomalously hyperactive, which makes it disproportionately
influential in linear trend estimates (Fig. S7). Because trend calculations are especially sensitive

to extreme values near the endpoints of a time series, the inclusion of 2020 amplifies the estimated
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1980-2024 increase in Atlantic TC, hurricane, and major hurricane activity by approximately 6
storms per century for TCs, 2 storms per century for hurricanes, and 1 storm per century for
major hurricanes. Although removing 2020 does not reverse the positive sign of the TC or major
hurricane trends at the 95% confidence level, it substantially reduces their magnitudes. In contrast,
for hurricanes, excluding 2020 causes the 95% confidence interval to cross zero, implying that the
statistical evidence for a positive hurricane trend weakens considerably in its absence. This behavior
indicates that 2020 acts as a high-leverage endpoint in the regression and exerts disproportionate
influence on the inferred trends. This sensitivity is important because projected changes in TC
frequency under anthropogenic forcing remain an open and actively debated research question
(e.g., Knutson et al. 2020; Sobel et al. 2021). If the exceptional 2020 season primarily reflects
internal variability, such as subseasonal fluctuations or weather-scale noise, then its strong influence
on multidecadal trends complicates the interpretation of those trends as indicators of externally
forced climate change. These results highlight the need for caution when drawing conclusions
about long-term TC trends from relatively short observational records, particularly when extreme
endpoint seasons exert substantial leverage on estimated changes. Our findings therefore stress the
importance of employing statistical measures more resistant to the influence of outliers, such as
the median of pairwise slopes (Lazante 1996).

Second, this study underscores the importance of properly characterizing ensemble uncertainty,
especially with a limited ensemble size (e.g., Deser et al. 2012; Deser 2020; Deser and Phillips
2023). Small ensemble sizes may underrepresent tail risk and can create the impression that
out-of-range observations reflect model failure. Even with well-calibrated models, we still must
plan for extreme departures from the ensemble mean, since they are still possible outcomes.

Third, our results underscore the important role of subseasonal variability and weather-scale
noise in shaping seasonal TC outcomes. The analysis suggests that 2020 may have been more
strongly influenced by subseasonal variability than other recent active seasons (Fig. 4). Such
variability could reduce the ability of atmosphere-only models, when forced with monthly boundary
conditions, to reproduce the observed level of hyperactivity. This finding reinforces the need to
carefully separate externally forced climate signals from internally generated variability when
interpreting extreme seasons. Weather-scale fluctuations can project onto seasonal statistics and

thereby contaminate apparent climate signals (Kortum et al. 2024). Consequently, caution is
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warranted when attributing an extreme season such as 2020 to long-term climate variability without
explicitly accounting for the contribution of internal atmospheric noise.

Lastly, this study is one of many to highlight the value of very large ensembles (e.g., Mahesh
et al. 2024a,b). We found that the five to ten member size from the dynamical models used in
this study is not sufficient to study a full distribution of potential outcomes, especially given that
the observed record is expected to exceed the ensemble spread across a multidecadal historical
record several times. Traditional modeling efforts leverage a relatively small ensemble size. For
example, the seasonal forecasting systems in Murakami et al. (2025) and Zhang et al. (2025a) use
ensembles of 10-15 members, and operational global meteorological agencies generally use no
more than a few dozen. In contrast, this study employs 1,000 ensemble members of the ACE2
DL model to assess the full distribution of outcomes for 2020 Atlantic TC season. By leveraging
the computational efficiency of DL-based weather and climate emulators, future forecast systems
should continue to incorporate much larger ensembles and explicitly consider tail risks, rather than
depending primarily on ensemble means, to prepare for low-probability but high-impact events.

In summary, the 2020 Atlantic TC season appears consistent with a rare realization within a
probabilistic framework rather than a systemic model failure. Even well-calibrated forecasting
systems will occasionally encounter extreme outcomes like the 2020 season. Recognizing and

quantifying this possibility is essential for interpreting past extremes and preparing for future risk.
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