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Abstract Recent studies have demonstrated that AI‐based weather models exhibit reasonably encoded
atmospheric dynamics and skill of short‐term forecasting comparable to physics‐based models. However, it
remains unclear whether AI‐based weather models can simulate system‐oriented dynamics and provide skillful
predictions across subseasonal timescales. Here, we assess the simulation of the North Pacific blocking and its
subseasonal prediction skill in three weather models with a hierarchical implementation of AI: ECMWF IFS
(full‐physics), NeuralGCM (hybrid), and Pangu‐Weather (data‐driven). While all models reproduce blocking
frequency well at 1–2 week lead times, biases diverge when the lead time increases to 3–4 weeks. ECMWF IFS
overpredicts blocking frequency, related to overestimations of both short‐lived blockings (5–6 days) and long‐
lived blockings (>9 days). Pangu‐Weather tends to underpredict blocking frequency, largely due to an
underestimation of blockings with 7–8 day durations. NeuralGCM has a dipolar structure of blocking frequency
bias, exhibiting mixed characteristics between the ECMWF IFS and Pangu‐Weather models. Despite these
biases, all three models successfully reproduced blocking evolutions through 3–4 weeks of simulation.
Remarkably, they all reasonably captured the moist processes of blocking dynamics despite different model
hierarchies. The subseasonal prediction remains skillful for up to 2 weeks across all models. In ECMWF IFS,
this skill can be enhanced by leveraging interannual and subseasonal variability originating from the tropical
Pacific. This enhancement of skill is also qualitatively observed in NeuralGCM and Pangu‐Weather, suggesting
that AI‐based weather models have the potential to deliver physically reliable predictions of weather extremes
across subseasonal timescales.

Plain Language Summary Recent studies have shown that AI‐based weather models reasonably
well reproduce atmospheric dynamics and achieve short‐term forecasting skill comparable to traditional
models. However, it remains unclear whether AI‐based models can physically reproduce blocking—a key
driver of midlatitude weather and climate extremes and provide skillful predictions of blocking at subseasonal
lead times. Here, we assess the simulation of the wintertime North Pacific blocking and its subseasonal
prediction skill in three weather models: ECMWF IFS (full‐physics), NeuralGCM (hybrid), and Pangu‐Weather
(data‐driven). While all models reproduce blocking frequency well at 1–2 week lead times, biases diverge when
the lead time increases to 3–4 weeks. Despite these biases, they still capture important features of how blocking
develops and evolves through 3–4 weeks of simulation. Our results also show that North Pacific blocking can be
predicted with useful skill for up to about 2 weeks. The prediction skills improve when the initial conditions
include tropical Pacific signals, such as El Niño‐like conditions or the Madden‐Julian Oscillation. These results
suggest that AI‐based weather models have the potential to deliver physically reliable predictions of weather
extremes across subseasonal timescales.

1. Introduction
Atmospheric blocking, often characterized by a quasi‐stationary high‐pressure system, disrupts or even splits the
westerly jet, thereby enhancing the meridional flows in the midlatitudes (Rex, 1950). This persistent circulation
anomaly, lasting from several days to weeks, shapes surface weather across the mid‐ and high latitudes (Coumou
& Rahmstorf, 2012; Kautz et al., 2021; Lupo, 2021; Woollings et al., 2018). More specifically, blocking can
induce cold spells in its downstream region through an equatorward cold advection (e.g., Hwang et al., 2022; Park
et al., 2014; Xie et al., 2017; Sillmann et al., 2011; Tuel & Martius, 2024; Xie et al., 2019). Precipitating systems
(e.g., mid‐latitude cyclones and atmospheric rivers) along a storm track are anchored or deflected by the blocking
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circulation, leading to a localized heavy precipitation (e.g., Benedict et al., 2019; Hong et al., 2011; Hu
et al., 2023; Lenggenhager & Martius, 2019). Droughts or heatwaves (i.e., warm anomalies) can be intensified
around the center of blocking due to clear skies, enhanced subsiding motion, and atmosphere‐land interaction
(Barriopedro et al., 2023; Domeisen et al., 2023; Rousi et al., 2023; Schaller et al., 2018; White et al., 2023).

Given its importance, reliable prediction of blocking is crucial in operational models (Wang et al., 2026). Earlier
studies reported that, while operational models show reasonable model prediction skill when initialized from
blocked states, they struggle with predicting the blocking onset, which in turn decreases the overall prediction
skill (Kimoto et al., 1992; Tibaldi et al., 1994; Tibaldi & Molteni, 1990; Tracton et al., 1989). Nutter et al. (1998)
confirmed that the models tend not to capture the blocking onset as lead time increases. The authors also sug-
gested that preconditioning of planetary‐scale waves might be important for long lead‐time blocking prediction
compared with synoptic‐scale activity in the initial state. Similarly, Pelly and Hoskins (2003) reported that since
the onset of blocking events is closely related to synoptic‐scale activity, the intrinsically limited prediction skill of
synoptic‐scale variability could lead to a deterministic predictability limit for blocking. This suggests that
probabilistic ensemble prediction could improve the blocking prediction (e.g., Watson & Colucci, 2002). Mat-
sueda (2009) reported that skillful prediction of atmospheric blocking extends overall up to ∼9 days of lead time
across operational models. Nevertheless, its predictability exhibits regional variations (e.g., Matsueda, 2009;
Xavier et al., 2026).

More recently, limited blocking prediction has been reframed in the context of longer timescale prediction, with a
particular focus on the winter season. For subseasonal‐to‐seasonal timescales, where flow regimes and large‐scale
patterns are emphasized as key forecast targets (Vitart et al., 2017; White et al., 2017), Quinting and Vitart (2019)
demonstrated that successful representation of synoptic‐scale Rossby wave packets can lead to enhanced blocking
prediction skill in operational models. Wandel et al. (2024) showed that misrepresentation of warm conveyor
belts (WCBs) is linked to limited prediction skill for blocking, whereas well‐predicted blocking cases with up to
2–3 weeks of lead time are accompanied by accurate WCB predictions. Huang et al. (2024) further found that
blocking cases driven by strong latent heating from WCBs are overall less predictable than blocking cases
accompanied by weak latent heating. At seasonal timescales, Davini et al. (2021) showed that the predicted
climatological blocking statistics, especially over the North Pacific and Greenland, improve across successive
generations of operational seasonal forecast systems. However, lower predictive skill and signal‐to‐noise ratio for
blocking are still exhibited in the most recent forecast generation. Athanasiadis et al. (2014) and Park et al. (2024)
reported that blocking representation and its seasonal predictability can be improved by leveraging subseasonal
and/or interannual variability.

The aforementioned studies suggest that the limited prediction skill of blocking may, in part, reflect the intrinsic
prediction limit of the atmosphere due to its chaotic nature (Lorenz, 1969), as well as the complex dynamics of
blocking (e.g., Charney & DeVore, 1979; Hauser et al., 2023; Nakamura et al., 1997). In addition, the systematic
biases in the representation of blocking contribute to the limited blocking prediction, possibly due to coarse model
resolution (e.g., Berckmans et al., 2013; Davini et al., 2017), imperfect physical parameterization (e.g., Steinfeld
et al., 2020), mean‐state bias (e.g., Kleiner et al., 2021), and misrepresentation of other atmospheric processes
affecting blocking occurrence (e.g., Dolores‐Tesillos et al., 2025; Jung et al., 2012). This highlights the need for a
comprehensive assessment of both the physical representation of atmospheric blocking and its prediction skill in
weather models.

With advances in artificial intelligence (AI) techniques and computing resources, AI‐based weather prediction
models have recently emerged (e.g., Bi et al., 2023; Lam et al., 2023; Pathak et al., 2022). In the context of short‐to
medium‐range forecasting (up to ∼2 weeks), these models have reached performance levels comparable to
traditional physics‐based models (Ben Bouallègue et al., 2024; Bi et al., 2023; Brenowitz et al., 2025; K. Chen
et al., 2023; L. Chen et al., 2023; Kochkov et al., 2024; Lam et al., 2023; Lang et al., 2024; Pathak et al., 2022;
Price et al., 2025; Rasp et al., 2024). These models have also shown potential for extended‐range prediction at
subseasonal time scales (e.g., Chen et al., 2024). In addition, AI‐based models are able to encode the fundamental
dynamics of the atmosphere, suggesting that they can serve as a simple testbed for weather experiments (Hakim&
Masanam, 2024). Nevertheless, AI‐based models still have room for improvement (e.g., Bonavita, 2024). For
instance, the models qualitatively simulate the large‐scale structure and evolution of cyclones, but they under-
estimate the peak intensity, surface impacts, and smaller‐scale processes of the systems (Charlton‐Perez
et al., 2024; Dacre et al., 2025; DeMaria et al., 2025; Liu et al., 2024; Xu et al., 2024). The models also tend to
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produce increasingly smooth (or blurred) forecasts at longer lead times (Keisler, 2022; Lam et al., 2023; Rasp
et al., 2024).

Building on these studies, the present study investigates the predictability of atmospheric blocking in AI‐based
models, with a particular focus on the North Pacific region during winter. Beyond the short‐to medium‐range
forecasts where AI‐based models have generally shown good performance, we aimed to evaluate whether these
models can be utilized in a physically consistent manner for subseasonal blocking prediction. By analyzing two
AI‐based models with different architectures, namely Pangu‐Weather (fully data‐driven) and NeuralGCM
(hybrid), and comparing them with the Integrated Forecasting System (IFS) at the European Center for Medium‐
Range Weather Forecasts (ECMWF), we also assess the representation of moist processes in blocking onset
across a hierarchy of model architectures. While blocking can occur through dry dynamical processes, moist
processes associated with upstream latent heat release often modulate blocking amplification and maintenance,
particularly over the North Pacific (Liu & Wang, 2025; Pfahl et al., 2015; Steinfeld & Pfahl, 2019; Yamamoto
et al., 2021). This potentially provides an architecture‐sensitive diagnostic for evaluating how full‐physics,
hybrid, and fully data‐driven models represent blocking‐relevant diabatic processes. Thus, our main questions are
as follows:

1. How well do AI‐based models reproduce North Pacific blocking statistics and moist dynamics?
2. Can AI‐based models provide physically consistent subseasonal predictions of North Pacific blocking?

This study is organized as follows. In Section 2, the data description and methods, including the blocking
tracking, diabatic heating metrics, and prediction skill, are detailed. North Pacific blocking statistics and blocking
dynamics are assessed in Section 3.1. In Section 3.2, subseasonal prediction skills of North Pacific blocking in
three operational models are assessed. Finally, a summary and discussion are provided in Section 4.

2. Data and Methods
2.1. Data

To evaluate the subseasonal predictability of North Pacific blocking, this study employs three different opera-
tional models. The hindcasts of ECMWF IFS Cycle 49r1, a physics model coupled with ocean and sea‐ice, are
integrated with different resolutions of O1280 (∼9 km) for the medium forecast range and O320 (∼36 km) for the
subseasonal forecast range. For subseasonal prediction, this model configuration provides 46‐day forecasts
initialized every 2 days starting from November 2004. Instantaneous atmospheric variables at 00 UTC are
available at 24‐hr intervals with a 1.5° by 1.5° horizontal resolution at 13 vertical levels. The hindcast data sets
were analyzed for 20 winter seasons (DJF) from December 2004 to February 2024, totaling 920 initializations.

Pangu‐Weather is a fully data‐driven model with a vision transformer architecture developed by Huawei Cloud.
The model is trained with 5th generation of ECMWF reanalysis (ERA5; Hersbach et al., 2020) for the period of
1979–2017 (Bi et al., 2023). It provides the forecast output using only atmospheric variables such as horizontal
winds, geopotential height, specific humidity, temperature, and surface variables, with 0.25° by 0.25° horizontal
resolution on 13 vertical levels. The forecast system employs a hierarchical temporal aggregation strategy using 4
versions of the model trained for 1‐hr, 3‐hr, 6‐hr, and 24‐hr forecasts. Here, the 24‐hr model configuration is only
employed to compare it with the ECMWF IFS.

NeuralGCM is a hybrid model with a differentiable dynamical core and physics parameterization in the form of a
learned neural network. Similar to Pangu‐Weather, we employed the pre‐trained model based on ERA5 data for
the period of 1979–2017. NeuralGCM produces forecasts with 37 vertical levels at different horizontal resolu-
tions (i.e., 0.7°, 1.4°, and 2.8°), by prescribing persistent raw sea surface temperature (SST) and sea‐ice from
ERA5 at the initialization date as lower‐boundary conditions. In this study, 1.4° by 1.4° resolution is employed for
stable model integration at subseasonal forecasts.

As in ECMWF IFS, the forecasts from Pangu‐weather and NeuralGCM models are also produced every 2 days
from December 2004 to February 2024, totaling 920 initializations. The models are integrated for up to 46 days,
producing 24‐hourly instantaneous outputs. By adopting a single‐member ensemble across the models, the
deterministic prediction skill of North Pacific blocking is examined. For reference, we also utilized ERA5 to
construct the same data set as in the model outputs. All atmospheric variables were then interpolated to a 2.5° by
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2.5° horizontal resolution prior to analysis. To understand the potential predictor sources for North Pacific
blocking, SST (OISSTv2; Huang et al., 2021) and outgoing longwave radiation (OLR) are analyzed.

It should be noted that the models differ not only in their architecture but also in their boundary conditions and
horizontal resolution, which may affect their representation of blocking. Thus, although we examine NP blocking
predictability in the models by considering a hierarchy of model architecture, the differences in the results shown
later cannot be attributed solely to model architecture. Additionally, the analysis should be ideally conducted for
the test period (2018–2024) for a fair comparison. However, due to the limited sample size of North Pacific
blocking during this period, the analysis is extended to 20 years of hindcasts including the training period, to
secure a large sample size of blocking cases. To ensure the validity of this approach, we also performed a
sensitivity analysis using the test period. As will be discussed later, the overall results are qualitatively similar
when the test period is considered (see Figures S1–S6 in Supporting Information S1).

2.2. Blocking Index

To identify blocking events, this study adopts the 2D‐hybrid blocking index (e.g., Barriopedro et al., 2010; Dunn‐
Sigouin et al., 2013), which integrates the two distinct approaches: the anomaly‐based (Dole &Gordon, 1983) and
absolute‐field‐reversal (Tibaldi & Molteni, 1990) methods. A large‐scale (≥2.0 × 106 km2) positive 500‐hPa
geopotential height (Z500) anomaly is considered as a blocking candidate if it exceeds the monthly‐based
amplitude threshold. For each calendar month, the threshold is defined as the 1.3 standard deviations of the
Z500 anomaly distribution, calculated using all grid points over mid‐ and high latitudes (30°N–90°N) centered on
a 3‐month window. The identified Z500 anomaly, satisfying quasi‐stationary (overlap ratio ≥0.5 within
consecutive days) and persistence (≥5 days duration) criteria along with meridional Z500 gradient reversal, is
then defined as a blocking event (see details in Hwang et al., 2022). Specifically, the meridional Z500 gradient
reversal is diagnosed when Z500 locally increases poleward relative to its value 15° to the south within grid points
surrounding the maximum Z500 anomaly. The anomaly is defined as a departure from lead‐time‐dependent
model climatology. The model climatology is obtained by averaging the 20 years of hindcasts from the same
calendar‐day initializations, minimizing the model drift. A blocking event is classified as a NP blocking when its
center (i.e., maximum Z500 anomaly) is located within the North Pacific sector (30°N–70°N, 120°E–250°E) on
the onset day. A total of 56 events of NP blocking were identified during the winters of 2004–2024 (16 events for
the test period).

2.3. Moist Process in Blocking Onset

To examine the role of the moist process in blocking formation across the models, latent heating was calculated as
follows (Emanuel et al., 1987):

θ̇LH = ω(
∂θ
∂p

−
γm
γd

θ
θe
∂θe
∂p

) (1)

where ω is the vertical velocity (Pa s− 1); θe is the equivalent potential temperature (K), and γd and γm denote dry
and moist adiabatic lapse rates (K m− 1), respectively. Since the vertical velocity is not available in NeuralGCM
and Pangu‐Weather, the vertical velocity of all data sets, including ERA5, is systematically diagnosed by
vertically integrating horizontal divergence (i.e., mass continuity equation). Here, the lower boundary condition is
set to zero. Although the diagnosed vertical velocity is unreliable over high‐topography regions, this diagnostic is
still qualitatively useful over the oceans, where North Pacific blocking frequently occurs (Bonavita, 2024). Then,
the contribution of latent heating is translated into geopotential height fields through the quasi‐geostrophic
geopotential tendency equation (Hwang & Son, 2025; Text S1 in Supporting Information S1).

2.4. Anomaly Correlation

To evaluate the subseasonal prediction skill of North Pacific blocking, two complementary anomaly correlation
coefficient (ACC) measures are utilized based on weekly‐mean blocking frequency (e.g., DeFlorio et al., 2018;
Zheng et al., 2019):
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ACCt(λ, τ) =
∑

Ni
i=1 (mi(λ, τ) − c(λ,τ)) (oi(λ,τ) − c(λ,τ))̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

∑
Ni
i=1(mi(λ, τ) − c(λ, τ))

2
√ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

∑
Ni
i=1(oi(λ,τ) − c(λ,τ))

2
√ (2)

ACCs(i, τ) =
∑

NR
λ=1 (mλ(i, τ) − cλ(i, τ)) (oλ(i, τ) − cλ(i, τ))̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

∑
NR
λ=1(mλ(i, τ) − cλ(i, τ))

2
√ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

∑
NR
λ=1(oλ(i, τ) − cλ(i, τ))

2
√ (3)

where, m and o denote the weekly‐mean blocking frequency at a given grid point (λ) in the models and ERA5,
respectively. i represents initialization index; τ denotes the weekly lead time; NR indicates the total number of grid
points for the target region. c represents the observed climatology of weekly‐mean blocking frequency for
2004–2024 at a given grid point.

The ACCt (i.e., temporal ACC) quantifies the mean prediction skill of weekly‐mean blocking frequency at a given
lead time and grid point (Equation 2). Thus, it highlights the geographical distribution of the blocking prediction
skill across the initializations. The latter shows the spatial ACC (ACCs) of weekly‐mean blocking frequency for a
given initialization and lead time (Equation 3). This metric evaluates the spatial pattern of weekly‐mean blocking
frequency between the forecasts and observations, characterizing the initialization‐dependent variability of
regional pattern skill.

3. Results
3.1. Statistics and Dynamics of the Predicted North Pacific Blocking

Figure 1 shows the representation of the North Pacific (NP) blocking frequency in three operational models at lead
times of 1–2 and 3–4 weeks during boreal winter. Note that blocking events are counted using all initializations.
As a result, blocking events in the observations (i.e., ERA5) are counted multiple times (∼6 times; see Methods),
but this approach still allows at least a qualitative evaluation of blocking statistics in the models. The climato-
logical NP blocking frequency exhibits a northwest–southeast‐stretched spatial distribution (contours). This
suggests a westward propagating nature of NP blocking (Branstator, 1987; Kim&Kim, 2025; Kushnir, 1987). All
models reproduce this pattern well at lead times of 1–2 weeks, with minor biases in blocking frequency
(Figures 1a, 1c, and 1e), implying reliable predictions of NP blocking up to a lead time of 2 weeks. However, the
biases start to diverge as the lead time increases to 3–4 weeks (Figures 1b, 1d, and 1f). In the ECMWF IFS, the
positive blocking‐frequency bias over the eastern North Pacific in 1–2 weeks becomes more pronounced in
3–4 weeks, suggesting an overall overestimation of the NP blocking frequency (Figures 1a and 1b). In Neu-
ralGCM, the underestimation of blocking frequency over the western North Pacific in 1–2 weeks strengthens in
3–4 weeks, while a notable positive frequency bias also appears over the eastern North Pacific (Figures 1c and
1d), showing a dipole‐like bias pattern. In Pangu‐Weather, the negative frequency bias over the western North
Pacific shown in 1–2 weeks becomes more pronounced in 3–4 weeks, leading to an overall underestimation of NP
blocking in the model. It is also accompanied by a minor positive bias of the blocking frequency over the eastern
North Pacific (Figures 1e and 1f).

Figure 2 illustrates the number of NP blocking events occurring at lead times of 1–2 and 3–4 weeks in the three
models with respect to blocking duration. At lead times of 1–2 weeks (Figures 2a–2c), the number of NP blocking
events, counted across all initializations, decreases exponentially with increasing duration in all models, showing
a largely similar blocking distribution. However, all models overestimate the frequency of blockings with du-
rations of 5–6 and 9–10 days compared to ERA5, whereas they underestimate the blocking with durations of
7–8 days. These biases largely offset each other, resulting in weak blocking‐frequency biases at 1–2 weeks. At
lead times of 3–4 weeks, ECMWF IFS continues to overestimate the blocking events with the duration of
5–6 days and 9–10 days with an underestimation of 7–8‐day blocking events, as in 1–2 weeks. However, it
additionally overestimates long‐lived blocking events (≥11 days of duration), which explains the overall
overestimation of blocking frequency (Figure 2d). NeuralGCM exhibits a duration distribution similar to that
of ECMWF IFS, explaining the overestimation of NP blocking over the eastern North Pacific (Figure 2e).
However, it also simulates slightly fewer blocking events (≥7 days of duration) compared to ECMWF IFS, which
might be associated with the negative model bias over the western North Pacific. In Pangu‐Weather, although the
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9–10‐day blocking events are overestimated, the reduced number of the 7–8‐day blocking events largely explains
the overall underestimation of blocking frequency (Figure 2f).

The blocking statistics were also assessed for the test period (2018–2024). All models capture the spatial dis-
tribution of the NP blocking frequency at lead times of 1–2 weeks (Figures S1a, S1c, S1e in Supporting Infor-
mation S1), although they exhibit a reduced blocking frequency. At lead times of 3–4 weeks, ECMWF IFS tends
to overestimate the NP blocking frequency, consistent with the results for the full period (2004–2024; Figure S1b
in Supporting Information S1). Similarly, Pangu‐Weather shows a systematic underestimation of NP blocking
frequency at subseasonal lead times (Figure S1f in Supporting Information S1). In contrast, NeuralGCM exhibits
a slightly different blocking bias (Figure S1d in Supporting Information S1). Unlike the dipole pattern found over
the full period, it shows a positive bias in NP blocking frequency during the test period (Figure S1d in Supporting
Information S1).

Figure 3 shows the spatiotemporal evolution of NP blocking in ERA5 and the three operational models at lead
times of 1–2 weeks. All variables are composited relative to the blocking center on the onset day. In ERA5, NP
blocking frequently occurs in the climatological jet exit regions (purple contour; Figure 3a) (e.g., Jiang
et al., 2013). The blocking‐related Z500 anomaly exhibits a westward‐tilting structure, suggesting cyclonic wave
breaking (e.g., Masato et al., 2013). During the mature phase (on a day of maximum blocking anomaly), the
blocking anomaly overall amplifies with a westward expansion (Figure 3b). The anomaly substantially weakens
during the decay phase and propagates westward (Figure 3c). All models qualitatively reproduce the overall life
cycle of NP blocking, which occurs at lead times of 1–2 weeks. In the models, NP blocking occurs downstream of
the jet and exhibits a westward‐tilting structure, confirming a close relationship between cyclonic wave breaking

Figure 1. Biases of North Pacific blocking frequency (shadings; %) in (a, b) ECMWF IFS, (c, d) NeuralGCM, and (e, f) Pangu‐Weather during (left) 1–2 weeks and
(right) 3–4 weeks of simulation. As a reference, climatology of North Pacific blocking frequency in ERA5 is superimposed (contour; 2% interval starting from 1%).
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and NP blocking onset (Figures 3d, 3g, and 3j). Although weak, the blocking signal becomes more pronounced,
and the upstream trough deepens during the mature phase, which is consistent with ERA5 (Figures 3e, 3h,
and 3k). The blocking anomaly weakens and exhibits westward propagation during the decay phase (Figures 3f,
3i, and 3l).

At lead times of 3–4 weeks, a qualitatively similar NP blocking evolution is found in all models (Figure 4). This
suggests that AI‐based models can produce physically consistent NP blocking in subseasonal forecast ranges
despite the biases of NP blocking in the models. A systematically weaker blocking anomaly is also found across
the models during the mature (Figures 4e, 4h, and 4k) and decay phases (Figures 4f, 4i, and 4l). Notably, Pangu‐
Weather shows a weakened climatological jet at 3–4 weeks, which may reflect the blurred model outputs at longer
lead times in a fully data‐driven architecture (Figures 4j–4l). A sensitivity analysis further shows that all models
reproduce the characteristics of the NP blocking evolution during the test period, which is consistent with the full
period (Figures S2 and S3 in Supporting Information S1).

The center‐composited blocking evolution suggests that NP blocking formation is closely related to cyclonic
wave breaking, implying an important role for moist processes in NP blocking formation (e.g., Orlanski, 2003;
Riviere & Orlanski, 2007; Steinfeld & Pfahl, 2019). In this regard, the direct and indirect effects of latent heating
on NP blocking formation are further investigated in Figure 5. The direct effect of latent heating, related to the low
potential vorticity (PV) transport from the lower to the upper troposphere in the upstream warm conveyor belts
(WCBs; Steinfeld & Pfahl, 2019), is translated into geopotential height tendency using the quasi‐geostrophic
geopotential tendency equation (Equation; see also Hwang & Son, 2025). To focus on the upper‐level pro-
cesses, the attributed height tendency is vertically averaged from 500 to 300 hPa. The indirect effect of latent
heating is estimated from horizontal PV advection by divergent flow in the upper troposphere (300 hPa). Here, the
divergent flow in the blocking upstream region, driven by ascent associated with latent heating, is obtained via
Helmholtz decomposition of the horizontal winds.

In ERA5, a pronounced positive geopotential height tendency is observed upstream of the blocking region (purple
contour; Figure 5a). The tendency is elongated northeastward along with the blocking circulation, suggesting a
strong upper‐level negative PV tendency in the upstream region. A weaker negative geopotential height tendency
is also evident over the east of the blocking center, likely related to less condensation associated with anomalous
subsidence motion (e.g., Nabizadeh et al., 2021). The divergent flow (vectors) appears centered on the maximum
of the positive height tendency. The resulting negative PV advection by divergent flow (shading) is observed in

Figure 2. The number of North Pacific blocking events (filled bar) as a function of duration in (a, d) ECMWF IFS, (b, e) NeuralGCM, and (c, f) Pangu‐Weather. Here,
blocking events are counted when they occur during (top) 1–2 weeks and (bottom) 3–4 weeks of simulation considering all initialization for the period of 2004–2024. As
a reference, the blocking events in ERA5 (empty bar) are also counted based on the same data set as in the models.
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the upstream of blocking, consistent with a westward expansion of the system. All three models qualitatively
capture both the direct and indirect latent‐heating processes during lead times of 1–2 weeks (Figures 5c, 5e,
and 5g). The positive height tendency upstream of the blocking and its peak magnitude are well reproduced. The
indirect process, that is, negative PV advection by divergent flow, is also simulated in a qualitatively similar
manner. Notably, smoother PV composites are observed across the models compared to ERA5. This is partly
because the model composites, averaging over a larger amount of blocking samples across all initializations,
reduce small‐scale noise. At lead times of 3–4 weeks, similar moist processes were still evident in all models
(Figures 5d, 5f, and 5h). Although the peak positive tendency is weaker in ECMWF IFS and Pangu‐Weather than
in ERA5,the overall results indicate that key moist processes associated with NP blocking are represented in
subseasonal forecasts regardless of model architecture.

Figure 3. Spatiotemporal evolution of the 500 hPa‐geopotential height (black contour; 100 m interval) and its anomaly (shading) associated with the North Pacific
blocking during (left) onset, (middle) mature, and (right) decay in (a–c) ERA5, (d–f) ECMWF IFS, (g–i) NeuralGCM, and (j–l) Pangu‐Weather. Here, the blocking is
considered when it occurs during the periods corresponding to 1–2 weeks of simulation. The composite was conducted based on the blocking center on the onset day.
Purple contours indicate the 300 hPa zonal wind and its climatology above 30 m s− 1 (10 m s− 1 interval), respectively.
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To further quantify the model representation of the direct effect of latent heating, Figure 6 shows box plots of the
attributed height tendency (boxed region in Figure 5) for lead times of 1–2 and 3–4 weeks. At 1–2 weeks, the
distributions of the height tendency in the three models exhibited mean (dashed) and median (solid) values similar
to those in ERA5, showing a pronounced positive skewness (Figure 6a). The positive tails of the distributions
(upper whiskers) are also broadly comparable to ERA5 across the models. At 3–4 weeks, qualitatively similar
distributions persist (Figure 6b), but the overall spread becomes narrower (as indicated by smaller boxes) in all
models. In Pangu‐Weather, not only a narrower distribution but also a weakened contribution from moist pro-
cesses is observed at 3–4 weeks (Figure S4 in Supporting Information S1), partly reflecting the smoother forecasts
of data‐driven models over time. The models also qualitatively simulate moist processes during the test period,
showing consistency with the full‐period analysis (Figure S5 and S6 in Supporting Information S1)

3.2. Subseasonal Prediction Skill of the North Pacific Blocking Frequency

The above results show that, although operational models exhibit biases in NP blocking frequency, all models,
including the AI‐based models, simulate physically consistent dynamics and evolution of NP blocking at

Figure 4. Same as Figure 3 but for 3–4 weeks.
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subseasonal lead times. In this section, we assess the predictability of NP blocking in the three operational models.
For the subseasonal prediction, we evaluate the prediction skill for weekly‐mean NP blocking frequency (i.e., the
number of blocked days per week).

Figure 7 shows the prediction skill of weekly‐mean NP blocking frequency, evaluated using the temporal
anomaly correlation coefficient (ACCt). At a lead time of 1 week, all models show relatively high skill over the
North Pacific, reaching ∼0.8 in regions where NP blocking occurs frequently (Figures 7a–7c). ACC decreases
across the North Pacific at lead times of 2 weeks with a prediction skill up to ∼0.5, which suggests a prediction
limit of the NP blocking prediction at ∼2 weeks (Figures 7d–7f). A simple sensitivity analysis using the mean
squared skill score also confirms the appreciable prediction skill of NP blocking up to approximately 2 weeks

Figure 5. Composites of North Pacific blocking centered on the onset day in (a, b) ERA5, (c, d) ECMWF IFS, (e, f) NeuralGCM, and (g, h) Pangu‐Weather. Here, the
composite is conducted using blockings when they occur during the periods corresponding to (left) 1–2 weeks and (right) 3–4 weeks of simulation. Black contours
indicate geopotential height at 500 hPa (200 m interval). Purple and blue contours show a vertically averaged geopotential height tendency attributed to the moist
process (m 6 hr− 1) from 500 to 300 hPa. Shading indicates the horizontal advection of potential vorticity (pvu s− 1) by divergent winds at 300 hPa. Green vectors denote
300‐hPa divergent wind vectors (their magnitude less than 0.7 m s− 1 is omitted).
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(Figure S8 in Supporting Information S1). At week 3, prediction skill keeps decreasing across the North Pacific to
∼0.3 (Figures 7g–7i). Finally, ACC values approach zero over most regions at lead times of week 4 in all models
(Figures 7j–7l). These results indicate that the overall NP blocking predictability is qualitatively similar across the
model hierarchy. Similar results are also observed using the test period (Figure S6 in Supporting Information S1).

What drives the predictability of NP blocking at subseasonal timescales? To address this issue, we further
evaluated NP blocking prediction skill in ECMWF IFS, by distinguishing between cases when NP blocking is
present at lead times of 3–4 weeks (blocked cases) and those when it is absent (non‐blocked cases) based on
ERA5. Figure 8a shows spatial ACC (ACCs) of weekly‐mean NP blocking frequency in ECMWF IFS. Here,
prediction skill is quantified by averaging individual initialization's ACC for weekly‐mean NP blocking fre-
quency across all grid points in the blocking preferred region (boxed region in Figure 7a). As indicated in
Figure 7, prediction skill decreases with an increasing lead time (green line). For blocked cases (sky blue), while
the prediction skill is comparable to all cases during the lead time of 1 week, it decreases sharply with increasing
lead time. In contrast, non‐blocked cases (pink) show higher prediction skill compared to blocked cases across
lead times, showing ∼0.6 at lead times of 4 weeks. Given that blocking is a rare event, the higher skill observed in
non‐blocked cases is not surprising, as the model captures well the normal states (i.e., blocking absent states).
Figure 8b further shows that the prediction skill of the top 30% blocked cases (navy) remains appreciable (∼0.6)
even at lead times of 3–4 weeks (Figure 8b). For the non‐blocked cases, the skill of the well‐predicted (top 30%)
subset shows an ACC of 1, indicating that the model successfully captures the normal states at lead times of
3–4 weeks (Figure 8c).

To identify potential sources of enhanced predictability for blocked cases (i.e., cases in which blocking occurs at
lead times of 3–4 weeks), the initial conditions are compared between all blocked cases and well‐predicted
blocked cases in Figure 9. Figure 9a shows the composite of 300‐hPa zonal wind at initialization in all
blocked cases. A poleward‐shifted jet is observed in the North Pacific region in comparison to the climatological
jet (contours). This suggests the presence of reduced meridional wind shear, which is a preferred condition for NP
blocking occurrence (e.g., Deng & Jiang, 2011; Nakamura & Huang, 2018). To understand the jet change,
equatorial Pacific SST anomalies and 10–100‐day bandpass‐filtered OLR anomalies were further investigated
(Figure 9b). The result shows that cold SST anomalies are pronounced over the equatorial Pacific (− 0.27 K in the
Niño 3.4 region). Positive OLR anomalies appear over the cold SSTs with the negative OLR anomalies over the
western equatorial Pacific, suggesting a typical La Niña‐related OLR response. These initialized states with
enhanced NP blocking activity at lead times of 3–4 weeks suggest that blocked cases are largely related to La
Niña‐like SST conditions (Renwick & Wallace, 1996). Figure 9c shows the composite of the mid‐latitude jet for
the well‐predicted blocked cases. The poleward‐shifted NP jet is more evident than in all blocked cases (compare
Figures 9a and 9c). Interestingly, this jet change is not accompanied by the same equatorial SST signal
(Figure 9d). The cold equatorial SST anomaly is not apparent in well‐predicted cases (− 0.07 K in the Niño 3.4
region). Instead, a positive OLR anomaly is pronounced over the east of the Maritime Continent. This suggests
that modes of subseasonal variability in the tropics, such as the Madden–Julian Oscillation (MJO), may serve as a
potential source of predictability for subseasonal prediction of NP blocking.

Figure 6. Boxed plot of a vertically averaged geopotential height tendency attributed to a moist process (m 6 hr− 1) from 500 to 300 hPa (boxed region in Figure 5) in
(a) weeks 1–2 and (b) weeks 3–4 of simulation.
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The same analysis was repeated for non‐blocked cases (Figure 10). Figure 10a shows the 300‐hPa zonal wind
composite at initialization for non‐blocked cases. In contrast to blocked cases, the NP jet is more zonally elon-
gated relative to the climatology, leading to enhanced meridional wind shear. The warm equatorial SST anomalies
(+0.29 K in the Niño 3.4 region) and the corresponding OLR dipole response over the equatorial Pacific indicate
that initializations are related to El Niño‐like conditions, explaining the elongated NP jet and reduced blocking
activity (Figure 10b; Renwick & Wallace, 1996). The well‐predicted cases show a more zonally elongated jet
(Figure 10c), with stronger warm SST anomalies (+0.49 K in the Niño 3.4 region) and the corresponding OLR
response (Figure 10d). This suggests that, when initial conditions are favorable for suppressed blocking activity
(e.g., warm equatorial SST anomalies), the model successfully produces fewer blocking events, thereby leading to
higher NP blocking predictability.

To further assess the influence of tropical subseasonal variability on NP blocking prediction, Figure 11 examines
the relative frequency of MJO phases at initialization for blocked and non‐blocked cases. Here, relative frequency
is defined as the ratio of theMJO phase frequency in each subset to its wintertime climatological frequency for the

Figure 7. Prediction skill, estimated by temporal anomaly correlation coefficient (ACCt), of weekly frequency of North Pacific blocking in (left) ECMWF IFS, (middle)
NeuralGCM, and (right) Pangu‐Weather.
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period of 2004–2024. MJO phases are considered only when the amplitude of the real‐time Multivariate MJO
(RMM) index exceeds 1 (Wheeler & Hendon, 2004). The result shows that MJO phases 1–3 occur more
frequently in blocked cases, whereas MJO Phase 4 is less frequent (Figure 11a). A different phase distribution is
observed between all cases and well‐predicted cases. Well‐predicted blocked cases are associated with increased
occurrences of MJO phases 8 and 2 compared to all blocked cases, explaining the poleward‐shifted jet in the
initial states through MJO teleconnection (Figure 9c). The appreciable prediction of MJO and the resulting tel-
econnection can influence the North Pacific extratropical circulations for 3–4 weeks (e.g., Kim et al., 2023),

Figure 8. (a) Spatial anomaly correlation coefficient (ACCs) of weekly North Pacific blocking frequency in ECMWF IFS (boxed region in Figure 7a) for all
initializations (green), and for initializations classified as observed blocked (sky blue) or non‐blocked (pink) during 3–4 weeks. Shading indicates the 90% confidence
intervals estimated from 2,000 bootstrap resamples. Panels (b, c) highlight the top 30% of ACC for observed blocked (navy) and non‐blocked (red) cases during
3–4 weeks, respectively. For reference, the ACCs for all observed blocked and non‐blocked cases shown in panel (a) are reproduced in panels (b, c), respectively, to
facilitate comparison with the corresponding top 30% cases.

Figure 9. Composites of (a, c) 300‐hPa zonal wind anomalies (U300; shading; m s− 1) and (b, d) sea surface temperature anomalies (shading; K) and 10–100 day
bandpass filtered OLR (contours; 2Wm− 2 intervals) for the initialization dates of (a, b) all blocked cases and (c, d) the top 30%ACC blocked cases during 3–4 weeks. In
panels (a, c), the climatology of U300 is contoured (10 m s− 1 interval) as a reference. Zero lines are omitted. Statistical significance was evaluated using Monte Carlo
resamples (2,000 iterations). Regions that are statistically significant at the 90% confidence level are dotted.
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thereby modulating NP blocking predictability. Conversely, a reduced occurrence of MJO phases 1–3 with
increased MJO Phase 4 is evident in non‐blocked cases. For non‐blocked cases (Figure 11b), the MJO phase
distributions are overall similar between all cases and well‐predicted cases, suggesting a secondary role of MJO in
these cases.

Overall, these results suggest that interannual and subseasonal variability from the tropical Pacific may serve as
potential sources of predictability for subseasonal NP blocking prediction in ECMWF IFS. We next tested
whether leveraging this tropical variability can also enhance subseasonal NP blocking prediction in AI‐based
models. Figure 12 evaluates NP blocking prediction in NeuralGCM and Pangu‐Weather using the well‐

Figure 10. Same as Figure 9 but for non‐blocked cases.

Figure 11. Relative frequency of MJO phases on the initialization dates for (a) blocked and (b) non‐blocked cases. In each panel, all initializations (light color) are
compared with the top 30% ACC cases (dark color). Relative frequency is defined as the ratio of the MJO phase frequency in each subset to its wintertime climatological
frequency for the period of 2004–2024. MJO phases are considered only when the amplitude of the RMM index exceeds 1.
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predicted initializations identified in the ECMWF IFS. For blocked cases, both NeuralGCM and Pangu‐Weather
showed enhanced NP blocking prediction skill at lead times of weeks 3–4 (Figure 12a). Similarly, prediction skill
increases for non‐blocked cases in both models (Figure 12b). This result indicates that AI‐based models may
utilize tropical sources of predictability to enhance blocking prediction (e.g., Park et al., 2024) even when the
information of the predictability sources is implicitly embedded only in the atmospheric initial states, as in the
Pangu‐Weather.

4. Summary and Discussion
This study evaluates the representation and subseasonal predictability of wintertime NP blocking across a hi-
erarchy of operational prediction systems, namely ECMWF IFS (physics‐based), NeuralGCM (hybrid), and
Pangu‐Weather (data‐driven). All three models successfully reproduced the spatial distribution of the NP
blocking frequency at forecast lead times of 1–2 weeks, exhibiting relatively weak biases. However, the fore-
casted blocking biases start to diverge substantially at lead times of 3–4 weeks. ECMWF IFS demonstrates an
overestimation of NP blocking frequency over the eastern North Pacific, partly due to the overestimation of long‐
lived events. NeuralGCM exhibits a negative‐positive dipolar bias pattern across the North Pacific. Pangu‐
Weather overall underestimates the NP blocking frequency due to the fewer events with 7–8‐day durations be-
ing predicted.

Our results indicate that the three models predict distinct blocking statistics at long lead time. However, it is hard
to conclude that these differences stem purely from variations in model architecture (i.e., from physics‐based to
data‐driven) since the three models also differ in other aspects. For instance, the ECMWF IFS is fully coupled to
the ocean and sea ice, whereas NeuralGCM utilizes fixed sea ice and SST as boundary conditions throughout the
model integration. In contrast, Pangu‐Weather is an atmosphere‐only model without explicit knowledge of the sea
ice and SST states. Furthermore, while ECMWF IFS and Pangu‐Weather are both run at a horizontal resolution of
0.25° by 0.25° in our prediction experiments, NeuralGCM is simulated at a coarser resolution (1.4° by 1.4°).
These differences in boundary conditions and model resolution can affect model representation of blocking.
Additionally, the number of NP blocking events in the observation is limited even considering the period used for
the training of AI‐based models. Therefore, the exact sources of the blocking frequency biases found in the
predictions across the three operational models should be interpreted with caution.

Despite the prediction biases identified, the blocking‐center composites indicate that the overall NP blocking life
cycle is qualitatively captured across the model hierarchy at both lead times of 1–2 and 3–4 weeks. NP blocking
occurs in the climatological jet exit region and exhibits a westward‐tilting structure consistent with cyclonic wave
breaking. During the mature phase, the NP blocking anomaly is further intensified with a westward expansion.
The blocking anomaly then weakens and futher propagates westward during the decay phase. All models

Figure 12. Differences in spatial ACC (ACCs) between well‐predicted and all initializations for (a) blocked and (b) non‐blocked cases in NeuralGCM and Pangu‐
Weather. Error bars indicate 90% confidence intervals estimated from 2,000 bootstrap resamples. Filled bars indicate significant differences at 90% confidence level,
and asterisks denote significance at the 95% level. Here, the top 30% ACC cases are selected based on ECMWF IFS.
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reproduce these dynamic features, although the blocking anomaly is systematically weaker than in ERA5,
particularly at lead times of 3–4 weeks. Pangu‐Weather additionally shows a weakened climatological jet at
3–4 weeks, partly due to blurred model forecasts at longer lead times in a data‐driven model architecture.

The moist processes of NP blocking onset are qualitatively represented in all models despite variations in the
model hierarchy. The direct effect of latent heating, estimated through upper‐tropospheric positive geopotential
(i.e., negative PV) tendency attributed to ascending motion within WCBs, is observed in the upstream of NP
blocking. The indirect effect, horizontal PV advection by upper‐tropospheric divergent flow, is also qualitatively
captured in all three models. The distributions of the height tendency attributed to latent heating are overall
comparable to ERA5 at lead times of 1–2 weeks. They remain qualitatively similar but narrower at lead times of
3–4 weeks, especially for Pangu‐Weather.

Deterministic prediction skill for weekly‐mean NP blocking frequency, measured by temporal and spatial
anomaly correlation coefficients, declines rapidly with lead time in all models, showing a prediction limit of NP
blocking near 2 weeks. The ERA5‐based separation between blocked and non‐blocked cases at 3–4 weeks further
shows different prediction skill of NP blocking in ECMWF IFS. Non‐blocked cases exhibit an overall higher skill
score at 3–4 weeks compared to blocked cases. This is partly due to the rare occurrence of the blocking events,
making it easier for models to simulate non‐blocking states (i.e., normal states).

Composite analyses further show that blocked cases are preferentially initialized under La Niña‐like background
states consistent with a poleward‐shifted NP jet. However, a robust subseasonal tropical signal associated with
MJO phases 8 and 2 with a weak dependence on the equatorial SST anomalies improves the blocking prediction
for blocked cases at lead times of 3–4 weeks. Conversely, non‐blocked cases are closely related to the initiali-
zations with El Niño‐like background states (e.g., a zonally elongated NP jet). The model simulations initialized
with stronger El Niño‐like background states exhibit a higher skill score across non‐blocked cases. Using the
well‐predicted initializations identified in the ECMWF IFS, both NeuralGCM and Pangu‐Weather demonstrated
enhanced prediction skill for blocked and non‐blocked cases at lead times of 3–4 weeks. This indicates that the
AI‐based models can be utilized for physically consistent NP blocking prediction at subseasonal forecast ranges
by leveraging the sources of predictability associated with modes of subseasonal and interannual variability in the
tropical Pacific. Nevertheless, it remains unclear whether the enhanced prediction skill arises primarily from the
intrinsic predictability of the tropical forcing or from the models' ability to exploit the forcing from tropics.
Further analysis is therefore needed to distinguish these factors more clearly and to better understand the source of
enhanced predictability.

This study utilized initializations from the ECMWF IFS hindcast period from 2004 to 2024, which partly overlaps
with the training period of the AI‐based models, to ensure a sufficiently large sample of blocking events. To
address this limitation, we additionally conducted a sensitivity test utilizing only the period outside the training
data (i.e., test period). Unlike ECMWF IFS, which shows biases of comparable magnitude between the full period
and the test period, the blocking frequency biases in the AI‐based models are less consistent or become more
pronounced during the test period. More specifically, NeuralGCM exhibits an overall enhanced blocking fre-
quency at weeks 3–4, whereas the underestimation becomes more pronounced in Pangu‐Weather. This difference
may partly result from the limited sample size of observed NP blocking events (16 events identified) during the
test period. Another possible factor is that the AI‐based models may have greater difficulty reproducing the NP
blocking statistics under the out‐of‐sample conditions. In particular, during the training period, especially for
Pangu‐Weather, the influence of long‐memory systems (e.g., the MJO and SST) on the atmosphere may be
overfitted, which could lead to a better reproduction of blocking statistics compared to the test period. Despite the
larger or less consistent biases in the blocking statistics, the AI‐based models qualitatively reproduce the evo-
lution of blocking and the moist processes associated with blocking formation. The AI‐based models exhibit
appreciable prediction skill for NP blocking up to ∼2 weeks during the test period, which is consistent with the
full period. In addition, the relationship between NP blocking and other internal variability was tested during the
test period, particularly focusing on Pangu‐Weather. The changes in ACC for weekly mean NP blocking fre-
quency with respect to MJO and the differences in NP blocking frequency related to tropical SST variability are
qualitatively reproduced as in ECMWF IFS (Figures S9 and S10 in Supporting Information S1). These results
suggest the potential use of AI‐based models for physically reliable prediction of weather extremes on sub-
seasonal timescales despite the larger bias in blocking statistics.
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It is also noted that the present study primarily evaluates subseasonal blocking prediction skill using deterministic
forecasts. Given the diversity of blocking and its complex mechanisms (e.g., Woollings et al., 2018), the un-
certainty arising from the internal variability in the model can play a crucial role in evaluating blocking prediction
skill. In this regard, ensemble‐based diagnostics can provide additional information. For instance, assessing the
potential predictability of blocking in the models would help estimate the gap between realized prediction skill
and potential predictability, thereby indicating the possible room for further improvement in blocking prediction
(e.g., Admasu&White, 2025; Becker et al., 2014). Given the available data set, lagged initializations may provide
an alternative way to generate ensembles. However, this approach can be practically limited in subseasonal
forecasting (e.g., Toth & Kalnay, 1993). In addition, different ensemble‐generation methods may lead to different
estimates of blocking prediction skill (e.g., Matsueda et al., 2011), indicating the importance of applying a
consistent ensemble‐generation framework across models. Therefore, it remains an important next step to develop
ensemble techniques that are tailored to subseasonal forecasting and can also be implemented consistently across
a model hierarchy, from full‐physics systems to purely data‐driven (AI‐based) models.
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