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Few shot learning for Korean winter
temperature forecasts

Check for updates
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To address the challenge of limited training samples, this study employs the model-agnostic meta-
learning (MAML) algorithm along with domain-knowledge-based data augmentation to predict winter
temperatures on the Korean Peninsula. While data augmentation has been achieved by using global
climate model simulations, the proposed augmentation is purely based on the observed data by
defining the labels using large-scale climate variabilities associated with the Korean winter
temperatures. The MAML-applied convolutional neural network (CNN) (referred to as the MAML
model) demonstrates superior correlation skills for Korean temperature anomalies compared to a
referencemodel (i.e., the CNNwithout MAML) and state-of-the-art dynamical forecast models across
all target leadmonthsduring the boreal winter seasons. Sensitivity experiments show that the domain-
knowledge-based data augmentation enhances the forecast skill of the MAML model. Moreover,
occlusion sensitivity results reveal that the MAML model better captures the physical precursors that
influence Korean winter temperatures, resulting in more accurate predictions.

Because climate fluctuations trigger significant changes in ecosystems,
economies, and local communities worldwide, accurate predictions are
crucial for adapting to these changes and ultimately minimizing potential
risks1–3. Topredict global climate variabilities successfully,many efforts have
been made to advance the existing forecast systems by developing dyna-
mical models and initialization techniques4–6. Nevertheless, dynamical
models continue to exhibit undeniable magnitudes of uncertainties and
deficiencies due to inevitable errors in the parameterizations and initi-
alization scheme. Consequently, the dynamical climate forecast system has
not seen significant improvements for about a decade7,8. Recently, deep
learning (DL), which is capable of capturing andmodeling various complex
and nonlinear relationships within data, has emerged as a powerful data-
driven tool for weather and climate prediction systems9,10. The DL-based
model for weather forecasting already surpasses the performance of the
dynamical forecast system due to the benefits of a relatively large volume of
observed training samples. However, as the amount of temporally-averaged
data obtained from observations alone is insufficient for climate forecasts,
multi-century simulation results obtained from multi-dynamical model
simulations are used as an additional training dataset for DL models for
forecasting climate variabilities such as El Niño11–13 or Arctic sea-ice14.
However, data augmentation via the utilization of dynamicalmodel outputs
can potentially degrade the forecast skill if the dynamic model generates
substantial errors in simulating the targeted variability. For instance, the
current predictive capabilities of dynamical models formid-latitude climate
variabilities are still underdeveloped15,16, possibly due to their inadequate

representation of complexities in local land-atmosphere-ocean feedbacks
and large-scale teleconnections originating from various tropical, mid-
latitude, and arctic climate factors17–21. Therefore, when used as the training
dataset, the systematic errors of the dynamical models in predicting mid-
latitude climate variabilities will be reflected in the DL-based prediction
models. Indeed, studies have suggested that the forecast skill of a convolu-
tional neural network (CNN)model trainedwith dynamicalmodel results is
not significantly improved in predictingmid-latitude climate variability22,23.
These limitations pose challenges in using long-term model simulations to
train theDLmodel, thereby requiring theDLmodel to be trained using only
a small amount of observational data. In contrast to conventionalDL,which
relies on a large amount of data for generalization, few-shot learning has
proven advantageous for generalizing experiences from a few examples. By
adopting the approach of meta-learning inspired by the human learning
process, few-shot learning enhances the algorithm itself by ‘learning to
learn’, acquiring problem-solving methods when given the experience of a
collection of tasks known as an episode, rather than addressing fixed issues
in a specific task24,25. In the context of few-shot learning, the following three
primary approaches have been proposed: (i) themodel-based approach, (ii)
the metric-based approach, and (iii) the optimization-based approach.
Among these, the model- and metric-based approaches are specialized for
classification problems, while the optimization-based approach can be
applied to any kind of DL algorithm, not only for classification but also for
regression problems. In other words, the optimization-based approach
possesses a distinctive training method, thereby offering the advantage of
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applicability to various DL structures. The user can apply the optimization-
based few-shot learning algorithm to their own DL model without any
structural modifications. The model-agnostic meta-learning (MAML)
algorithm is a well-known optimization-based approach that is designed to
build an initial model that can be rapidly optimized for new tasks26. To
predict unlabeled targets successfully, the initialmodel undergoes validation
and updates itself through diverse collection of labeled data during each
iteration, thereby contributing to its initial development. Through this
process, MAML aims to develop a generalized internal representation,
which denotes weights that can exhibit sensitivity to new tasks. This pro-
vides theMAML algorithmwith an exceptional ability to generalize a given
task with a limited number of training samples for a regression problem.

Due to the above considerations, the MAML algorithm is applied
herein to a CNN for seasonal forecasts of the temperature anomalies over
the Korean peninsula, a particularly challenging region to predict. The
complexity of winter climate of the Korean Peninsula arises from land-
ocean thermal contrasts, local continental and oceanic attributes, and
atmospheric teleconnections from tropical, mid-latitude, and even polar
regions18,27–34. This complexity, when considered alongside the low forecast
skill of dynamicalmodels over Korea, implies that the successful forecasts of
the winter temperatures in Korea represents one of the most challenging
tasks to achieve.Hereafter, theCNNwithoutMAML is referred to simply as
the CNN model, while the CNN model with MAML is referred to as the
MAML model. This study comparatively evaluates the MAML model for
predicting Korean winter temperatures on a seasonal time scale with lead
times of 1 to 3 months, against a CNN model. Additionally, a domain-
knowledge-based data augmentation method is introduced, utilizing only
observational datasets.

Results
The forecast skill of the MAMLmodel
The performance of the MAML model is evaluated by comparing the
anomaly correlation skill and the mean squared skill score (MSSS) of the
predicted Korean temperature anomalies for 1- to 3-month lead times
during the December-January-February (DJF) season of each year for the
period of 2000/01–2020/21 obtained from the hindcast experiments using
the MAML and the CNN in Fig. 1. Here, the MAML model consistently
exhibits a higher correlation skill, with a maximum value of 0.54 for DJF,
and values of 0.49, 0.36, and 0.26 for December, January, and February,

respectively, thereby indicating a lower skill for a longer lead time (Fig. 1a).
Meanwhile, the CNN exhibits correlation skills of 0.35, 0.35, 0.19, and 0.19
forDJF,December, January, andFebruary, respectively, thereby indicating a
systematically lower forecast skill across all targets. Moreover, the correla-
tion improvementof theMAMLmodel for all targetmonths is above the top
2.5% of ensemblemean predictions from theCNNmodel, except for that in
February, thereby demonstrating that the skill improvement obtained using
theMAML is statistically significant.As shown in Fig. 1b, theMSSS are 0.17,
0.16, 0.11, and 0.07 during DJF, December, January, and February,
respectively, which are significantly greater than zero for all targets. This
indicates that the MAML model more accurately predicts both the phase
and magnitude of variability compared to the CNN model.

The advantage of theMAMLmodel lies in its ability to generalizeusing
episodes of non-target data by leveraging domain knowledge-based data
augmentation, which has the potential to generate cooperative effects. Here,
the MAML model was trained with the Korean temperature-related aug-
mented dataset, thereby allowing it to generalize the task of predicting
Korean winter temperatures even without direct training using the target
variable. By contrast, the CNNmodel was not effectively trained to predict
Korean winter temperatures, and therefore showed relatively lower pre-
diction skills compared to the MAML model. This is possibly due to the
insufficient quantity of training data. Furthermore, when the CNN model
was transfer-learned by augmenting the training data with dynamic model
data35, the correlation skill was 0.48, 0.4, 0.27, and 0.33 for DJF, December,
January, and February, respectively (Supplementary Fig. 1), outperforming
the CNNmodel trainedwith limited observational data. Thismeans that, as
the quantity of training data increased, the predictive performance of the
CNN model is generally improved. However, the MAML model still
demonstrated superiorperformance to theCNNtrainedwith thedynamical
model data for all seasons except for February. This suggests that, even
though the training of the DL model using the dynamical model output
would be beneficial, however, the degree of the improvement using the
dynamical model is not much as that using few-shot learning algorithm.
Moreover, the superiority of the MAML model in predicting mid-latitude
climate variability is also robust compared to other state-of-the-art dyna-
mical forecast systems36–39. For example, the correlation skill of Asia-Pacific
Economic Cooperation climate center (APCC) multi-model ensemble
prediction system for Korean Peninsula winter temperatures is approxi-
mately 0.4 in DJF36. Meanwhile, that of the East Asian winter monsoon

Fig. 1 | The comparative prediction performances
of the MAML and CNN models when evaluated
against ERA5 data. a The anomaly correlation
coefficient (correlation skill), and b the mean
squared skill score of KorT2m. Here, the predicted
time series of KorT2m from the MAMLmodel were
averaged across 30 ensemble members, while those
from the CNN model were averaged by randomly
selecting 30 ensemble members from a pool of 60
ensemble members with replacement, and this
process was repeated 1000 times. The gray bars and
hatched bars represent the skills of their median
values. The error bars on the gray and hatched bars
represent the range between the top and bottom
2.5% of the correlation skills and MSSSs in random
samples.
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(EAWM) index (a circulation pattern that dominates winter temperatures
on the Korean Peninsula) is approximately 0.438. Furthermore, the MAML
model outperforms the dynamical-based multiple linear regression model,
which has a correlation skill of approximately 0.5 in predicting Korean
Peninsula winter temperature39.

The performance of the MAMLmodel with and without the domain-
knowledge-based data augmentation is compared in Fig. 2. Here, the
MAML model with data augmentation was trained using a dataset that
included temperature at 500 hPa and 850 hPa, as well asmeridional wind at
500 hPa and 850 hPa, averaged over the Korean Peninsula (denoted as
KorT500, KorT850, KorV500, and KorV850, respectively). Additional
variables included the SiberianHigh (SH), Arctic Oscillation (AO), Nino3.4
indices, and the 2-meter temperature (T2m) averaged over the Korean
Peninsula (KorT2m), as detailed in the Methods section. In contrast, the
MAML model without data augmentation was trained using only the
KorT2mdataset. In the latter case, the same training dataset was used as for
the CNNmodel in Fig. 1. The results in Fig. 2 indicate that the correlation
skills obtained without data augmentation are slightly degraded compared
to those obtainedwith data augmentation. Thus, the correlation skill values
of theMAMLwithout data augmentation are 0.50, 0.496, 0.28, and 0.24, for
DJF,December, January, andFebruary, respectively, compared to 0.54, 0.49,
0.36, and 0.26 for the MAML with data augmentation. However, this
indicates a significant increase in the correlation skill for the MAML with
data augmentation compared to that without data augmentation for both
the DJF and January forecasts, with a slight decrease in December. This
suggests that the data augmentation with dynamically relevant predictands
can enhance predictability. However, note that the impact of any single
pseudo-predictands is not significant: while pseudo-predictands generally
contribute to improving the prediction performance of KorT2m, the per-
formance of the MAMLmodel is rigorous even when any single particular
augmented predictand is removed (Supplementary Fig. 2). For example,
during DJF season, the correlation skill without KorT850, which was the
pseudo-predictand with a largest impact, is 0.47, and it is still significantly
higher than that of the reference model. This demonstrates that domain-
knowledge-based data augmentation helps to focus on dynamically relevant
features rather than superfluous relationships, highlighting the contribution
of the few-shot learning algorithm in improving Korean temperature
forecast skills. However, data augmentation is not always effective in
improving forecast performance, possibly due to a non-stationary rela-
tionship between the true label and the pseudo labels used in this study (i.e.,
AO, SH, and El Niño, etc.). Specifically, for December, when data aug-
mentation methodology was not effective, the determination coefficients
(r2) between KorT2m and pseudo-labels are relatively low than other sea-
sons. For example, correlation coefficients between KorT2m and the AO
and SH, and Nino3.4 for DJF season are 0.36, −0.62, and 0.5, respectively,
while those during the December is 0.25,−0.49, and 0.38, respectively. This
suggests that KorT2m in December is less explained by the pseudo-labels,

potentially reducing the effectiveness of data augmentation. Nevertheless,
the MAMLmodel without data augmentation still exhibits a systematically
superior skill compared to theCNNmodel. Thus, evenwhenboth the CNN
and MAML models are trained only for KorT2m, the MAML model sig-
nificantly outperforms theCNNmodel inDJF (0.50 vs. 0.36) andDecember
(0.496 vs. 0.36). These results clearly demonstrate the superiority of the
MAML in predictingmid-latitude climate variability with a limited number
of training data.

The time series of KorT2m predicted by theMAML and CNNmodels
are presented, alongwith the observedKorT2mvalues, in Fig. 3. Because the
two models share identical backbones, they exhibit similar predicted time
series characteristics for all targets. Nevertheless, a comparison of the pre-
dicted and observed DJF Korean winter temperatures (Fig. 3a) illustrates
that theMAMLmodel predicts the amplitudeofKoreanwinter temperature
more accurately than does the CNNmodel. The difference between the two
models is particularly prominent for 2006, 2008, 2009, 2014, and 2019, with
the predicted labels of the MAML model having the same sign as the
observedKoreanwinter temperature anomalies for 2008 and 2009, whereas
the CNN predicts the opposite sign. Similarly, significant differences are
observed in the December forecasts for 2011, 2015, and 2019 (Fig. 3b), with
the predicted labels from theMAMLmodel exhibiting the same sign as the
observed Korean winter temperature anomalies in December 2011, while
the CNN model predicts the opposite sign. Moreover, even though the
differences between the twomodels are less prominent than for theDJF and
December cases, the forecasted time series in the MAML generally exhibit
better agreement with the observed data than those of the CNN for January
(Fig. 3c) and February (Fig. 3d).

Physical interpretation
To understand the underlying mechanisms behind the superior perfor-
mance of the MAML, the atmospheric variables influencing KorT2m for
DJF 2006 and 2019 are analyzed in Figs. 4 and 5. These periodswere selected
because they represent particularly robust forecast improvement in the
MAMLmodel compared to the CNN. Figure 4a illustrates an anomalymap
of geopotential height field at 300 hPa (Z300) and wave activity flux at
300hPa (WAF), along with mean sea-level pressure (MSLP) for the
November-December-January-February (NDJF) period of 2006, to assess
the impact of November as a predictor on DJF. In the upper troposphere,
high-pressure anomalies were identified over East Asia. In the lower tro-
posphere, high-pressure anomalies were observed over Siberia, while low-
pressure anomalieswere identifiedover thewesternNorthPacific, forming a
baroclinic structure40,41. This east-west contrast in the lower-troposphere
may inducewarmsoutherly advectionover theKoreanPeninsula, leading to
an increase in winter temperatures over the Korean Peninsula (Fig. 4b).
Positive Z300 anomalies were observed in the North America, mid-latitude
NorthAtlanticOcean, Europe, Africa,Western IndiaOcean, andMongolia,
while negative Z300 anomalies were present in the high-latitude North

Fig. 2 | The comparative correlation skills of the
MAML model with and without data augmenta-
tion for the target data (KorT2m). Here, the error
bars on the red hatched bars represent the range
between the top and bottom 2.5% of the correlation
skills in random samples.
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Atlantic Ocean, the Norwegian Sea, and Western Russia. These areas
exhibited barotropic features in MSLP except for Mongolia and Western
Indian Ocean. In Fig. 4b, the positive temperature anomalies observed in
North America, Europe, Russia, and Korea, consistent with positive MSLP
anomalies except for Western Russia. Conversely, weak negative T2m
anomalies were observed in the mid-latitude North Atlantic Ocean, Africa,
and Central Asia. This spatial distribution suggests two Rossby waves
influencing the Korean winter climate: as evident by the WAF, one Rossby
wave extends from the mid-latitude North Atlantic through Russia to
Korean Peninsula, while another Rossby wave extends from the mid-
latitude North Atlantic through India to Korean Peninsula42.

Figure 5a illustrates an anomaly map of Z300, wave activity flux at
300hPa (WAF), and MSLP for the NDJF period of 2019. Here, upper-level
high-pressure anomalies are evident in the North America, mid-latitude
North Atlantic Ocean, Europe, Western Indian Ocean and the Korean
peninsula, while low-pressure anomalies manifest over the high-latitude
North Atlantic Ocean. Those regions exhibit the equivalent barotropic
features in MSLP, except for the Western Indian Ocean. Additionally,
positiveMSLP anomaliesmanifest over the Africa and SouthwesternChina.
Meanwhile, the anomalymapofT2m inFig. 5b reveals positive anomalies in
NorthAmerica, themid-latitudeNorthAtlanticOcean, Europe, Russia, and
East Asia, which correspond to the positive MSLP anomalies, except for
Russia and Southwestern China. This spatial distribution suggests that
positive temperatures over the Korean Peninsula are potentially influenced

by high-pressure anomalies induced by stationary Rossby waves extending
from the mid-latitude North Atlantic Ocean through the Western Indian
Ocean to theKoreanPeninsula, as evidencedby theWAF(vectors inFig. 5a).

To verify that the MAML model forecasts are based on physically
reasonable precursors, the importance ranks of the MSLP based on the
occlusion sensitivity test forDJF 2006 and 2019 are presented in Fig. 6, along
with the calculated difference in importance ranks between theMAML and
CNN models. Interpreting the difference in importance rank between the
two models contributes to a clear understanding of the relative crucial
information for predictingKorT2mby eachmodel. In addition, because the
forecast underestimated the observed value (Fig. 3a), the high importance
rank (i.e., grids that contribute to realistic forecasts) is identical to the
positive occlusion sensitivity (i.e., grids that increase the forecasted value).
Therefore, the region of high importance rank can be regarded as strongly
contributing to increasing the forecast skill. The prominent ranks of the
MAML, along with the positive difference in importance ranks between the
twomodels, suggest that the significance of importance ranks is noteworthy
for theMAMLmodel. For 2006, the positive difference in importance ranks
between the two models is particularly robust over regions including the
mid-latitude North Atlantic Ocean, Eastern Africa, Western Indian Ocean,
Southwestern Asia, and East Asia (Fig. 6a). These regions correspond to
atmospheric teleconnection patterns that influence winter temperatures in
Korean Peninsula (Fig. 4a). Figure 6b shows that, in predicting the winter
temperature in Korea in 2019, theMAMLmodel utilized information from

Fig. 3 | The time series of observed and predicted
Korean winter temperature. Black lines indicate
the observed Korean winter temperature, red and
blue lines indicate those predicted by the MAML
and CNN, respectively, for a DJF, b December,
c January, and d February. Here, the x-axis repre-
sents the test period, and the y-axis represents the
normalized Korean Peninsula T2m anomaly. The
numbers in the legends correspond to the correla-
tion skills of the MAML and CNN models.
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Europe, Africa, and the Western Indian Ocean, which corresponds to
positive MSLP anomalies over Europe and Africa, and negative MSLP
anomalies over the Western Indian Ocean, as depicted in Fig. 5a. Mean-
while, positive differences over the downstream region of the Korean
Peninsula are not clear (Supplementary Figure 3). This is physically rea-
sonable, as the stationary Rossby wave signals that drive atmospheric

teleconnections primarily originate from upstream regions43. This indicates
that the MAML model differs from the CNN model in that the former
employs an atmospheric teleconnection pattern that can affect KorT2m for
prediction, which is not the case with the CNNmodel.

The teleconnections originating from the upstream side of the Korean
Peninsula that can influence winter temperatures have been documented in

Fig. 4 | Anomaly maps for the NDJF period
of 2006. a Z300 (gpm, red and blue shading)
anomalies, WAF300 (m2=s2, vectors) anomalies,
MSLP (Pa, contour) anomalies, and b T2M (K)
anomalies were calculated by subtracting the cli-
matology for the entire study period (1950–2021).
Solid lines represent positive values, and dashed
lines indicate negative values, with contour intervals
of 15 Pa. Note that the WAF was represented only
for latitudes north of 10 degrees.

Fig. 5 | Anomaly maps for the NDJF period
of 2019. a Z300 (gpm, red and blue shading)
anomalies, WAF300 (m2=s2, vectors) anomalies,
MSLP (Pa, contour) anomalies, and b T2M (K)
anomalies were calculated by subtracting the cli-
matology for the entire study period (1950–2021).
Solid lines represent positive values, and dashed
lines indicate negative values, with contour intervals
of 15 Pa. Note that the WAF was represented only
for latitudes north of 10 degrees.

https://doi.org/10.1038/s41612-024-00813-z Article

npj Climate and Atmospheric Science |           (2024) 7:279 5

www.nature.com/npjclimatsci


manystudies44.ThedominantNorthAtlantic-originatedpatterns influencing
the winter climate in East Asia are either individually referred to as the
Eurasian (EU) pattern and the Scandinavian (SCAND) pattern, or the East
Atlantic/West Russia (EA/WR) pattern45,46. Positive phases of the EU and/or
EA/WR patterns, along with a negative phase of the SCAND pattern, induce
high-pressure anomalies in themid-troposphere of EastAsia, thereby leading
to an increase in winter temperatures on the Korean Peninsula44,47–49. In
addition, the North Atlantic Oscillation (NAO), known as one of the largest
variabilities in the North Atlantic46,50 and highly correlated with the AO, also
has an impact on winter temperatures in East Asia by modulating the
intensity of the Siberian High18. Moreover, when the CGT-like pattern is in a
positive phase during the northern hemisphere winter, Rossby waves from
the mid-latitude North Atlantic through the Indian Ocean to the Korean
Peninsula can induce high pressure over the peninsula, thereby creating a
warmwinter climate51,52. Especially, the winter of 2019 demonstrated that the
Indian Ocean’s super IOD contributed to a warm winter in Korea53,54. This
demonstrates that the MAML is able to capture the influences of the tele-
connection from the upstream region of theKorean Peninsula on theKorean
winter temperature,whereas theCNNmodelunderestimates them.Although
it would be valuable to perform sensitivity tests of the Korean winter climate
for the precursors using a dynamical model, this is beyond the current scope
of our research. Nevertheless, this further implies that the MAML model is
better at learning the physically-related precursors that influence Korean
winter temperatures, which ultimately leads to successful forecasts.

Discussion
In this study, the widely used few-shot learning algorithm known as the
model-agnostic meta-learning (MAML) algorithmwas used to train a deep
learning (DL) based model with only a limited observational dataset. The
forecast skill of the MAML-applied convolutional neural network (CNN)
model in predicting the Korean winter temperature significantly out-
performed that of theCNNmodelwithout theMAMLalgorithm (Fig. 1). In
addition, except for theDecember forecasts, the performance of theMAML
model was clearly enhanced by domain-knowledge data augmentation,
wherein the training data were augmented by observational data for indices
related to the Korean winter temperature (Fig. 2). Notably, even without
data augmentation, the performance of theMAMLmodel surpassed that of
the CNN-only model. These findings suggest thatMAML could serve as an

effective prediction model in regions beyond the tropics, where it is chal-
lenging to obtain abundant reliable data.

To interpret the MAML model, an importance rank was obtained
for DJF 2006 and 2019 (Fig. 6). In both prediction cases, the MAML
model exhibits a high degree of importance in regions that correspond
to the atmospheric teleconnection patterns that influence winter tem-
peratures on the Korean Peninsula (Figs. 4 and 5). This suggests that the
MAML model is capable of successfully forecasting winter tempera-
tures on the Korean Peninsula based on physically reasonable infor-
mation. Despite the inherent difficulties in forecasting mid-latitude
climates, as evidenced by the shortcomings of the MAML and CNN
models in predicting DJF for 2001, 2011, and 2020 (Fig. 3), the MAML
model exhibits significant advantages. It has the potential to be applied
in the development of forecasting systems capable of predicting a wide
range of climate variables across various seasons. This capability has the
potential to break through the recent decade-long stagnation in the
improvement of dynamical climate forecast systems.

DL-based climate forecasting systems have used outputs from dyna-
mical models for transfer learning to prevent overfitting issues arising from
limited observational data11,22,23. This learning strategy inevitably results in
the reliance of the DL performance on the simulated performance of
dynamical models. Consequently, to ensure optimal DL performance, it is
crucial to improve the simulated performance of the dynamical model.
However, as suggested in this study, if the DL model can be effectively
trained without overfitting by using only observational data via few-shot
learning, the dependence on dynamical model outputs can be significantly
reduced. Although this seems to be in contrast to the recent trends in the
development of DL-based large languagemodels based on large volumes of
data55,56, meta-learning could lead a breakthrough in overcoming the lim-
itations of the conventional training strategy for DL-based seasonal forecast
models in climate prediction, where a sufficient number of observations is
unlikely to be achieved in the near future, because the observational period
defines the total amount of independent data.

Methods
Data
Thefifth-generation reanalysis product of theEuropeanCentre forMedium
RangeWeather Forecasts (ERA5)57was used to trainDLmodel and evaluate

Fig. 6 | The importance ranks of mean sea-level
pressure (MSLP) of deep-learning models in DJF.
a 2006 and b 2019. Hatched areas represent the
importance ranks in MAML model. Shaded areas
represent the difference between the importance
ranks of the MAML and CNN models. More spe-
cifically, the hatches indicate the ranks above the
60th percentile. The solid, dashed, dash-double
dotted, and dash-single dotted, and dotted boxes in
DJF 2006 denote mid-latitude North Atlantic
Ocean, Eastern Africa, the Western Indian Ocean,
Southwestern Asia, and East Asia regions, respec-
tively. In DJF 2019, the solid, dashed, and dash-
single dotted boxes denote Europe, Africa, and
Western Indian Ocean regions, respectively.
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the forecast results of theDLmodel. Theoriginalhorizontal resolutionof the
ERA5 (0.25°) was regridded to 5° via bilinear interpolation. For training,
data from 1950/51 to 1999/2000were used, and data from 2000/01 to 2020/
21were used for testing. To evaluate the forecast skill of CNNmodel trained
with a large amount of climate simulation data, historical simulation data
from the Geophysical Fluid Dynamics Laboratory’s CM4.0 (GFDL-CM4)
model were used35. An ensemblemember (r1i1p1f1) was used, covering the
period from1870/71 to 1999/2000. The analyzed variables were: the 2-m air
temperature (T2m), the mean sea-level pressure (MSLP), the temperatures
at 850 and 500hPa (T850 and T500, respectively), the geopotential height
field at 500 and 300hPa (Z500 andZ300, respectively), themeridionalwinds
at 850, 500 and 300 hPa (V850, V500 andV300, respectively), and the zonal
winds at 500, 300 and 200 hPa (U500, U300 andU200, respectively). For all
variables, themonthly and seasonal anomalies are calculated by subtracting
the climatologybefore analysis. In addition, all variables used for training the
DL model were standardized by dividing by the standard deviation of each
grid fordata scaling.As apredictandof the forecast system, theT2mover the
Korean Peninsula is defined as the area-averaged T2m anomaly over
125–130°E and 33–39°N (designated as KorT2m hereafter). Similarly, the
area-averaged V500, V850, T500 and T850 anomalies over the Korean
peninsula are designated as KorV500, KorV850, KorT500, and KorT850,
respectively. The Nino 3.4 index is defined as the area-averaged sea-surface
temperature anomaly within the region of 5°S–5°N and 170–120°W58. The
Siberian High (SH) is defined as the area-averaged MSLP anomaly within
the region of 50–65°N and 90–120°E. The Arctic oscillation (AO) values
were acquired from https://www.cpc.ncep.noaa.gov/products/precip/
CWlink/daily_ao_index/ao.shtml.

Domain knowledge-based data augmentation
To maximize the generalization capability of the MAML algorithms
across various labels, the training data were augmented only by using
the observed data. Climate variabilities known to affect, or be associated
with, Korean temperatures during the boreal winter season, such as the
SH, AO, and Nino3.4 indices18,21, along with the KorT500, KorT850,
KorV500 and KorV850 indices, were used to augment the training data.
The SH index was multiplied by −1 based on its negative correlation
with Korean winter temperatures. To avoid pairing diverse augmented
outputs with a singular input map, the input variables were also aug-
mented. For example, to predict seven different outputs (Nino3.4, SH,
AO, KorT850, KorT500, KorV500, and KorV850) from data collected
in 1950, they are paired with the same input, namely the November
1950 monthly mean field. Therefore, the input was also increased
sevenfold by constructing monthly mean fields through the random
selection and averaging of 30 daily values. The randomly averaged
monthly mean field exhibited slightly different values even for the same
period, thereby indicating the effect of added noise. In total, seven
climate variability indices were used for data augmentation along with
seven averaged monthly mean filed, resulting in a sevenfold increase in
the volume of the training data in this study.

Importance rank based on occlusion sensitivity
To identify the key regions for predicting the KorT2m, an importance
rank was introduced by using occlusion sensitivity to quantify the
relative importance of each grid point for predicting the output59. The
importance rank I t; x; y

� �
over ensembles (n) is a three-dimensional

tensor incorporating time (t), longitude (x), and latitude (y), and is
defined by Eq. (1):

I t; x; y
� � ¼ Rank

1
n

Xn

i¼1

ð yi tð Þ �Mi P t; x; y
� � � Z 3; 3ð Þ� ��� ��� yi tð Þ � ŷi tð Þ

�� ��Þ
 !

ð1Þ

where � is the horizontal convolution operator, y and ŷ denote the
observed KorT2m and the original predicted KorT2mwith the original

input data P(t, x, y), respectively,M denotes theMAMLor CNNmodel,
and Z(3, 3) denotes a 3 × 3 grid occluding mask with zero filling. The
first term on the right-hand side of Eq. (1) indicates the reproduced
KorT2m forecasts using the occluded map. Rank(·) signifies the
calculation of ranks for the grids by sorting the obtained values at
specific t values in ascending order at 10 percentile intervals for each
model for cross comparison. The importance rank is closely related to
the occlusion sensitivity results, which are defined as the difference
between the original forecast and the reproduced forecast. In cases
where the model underestimates the observed value, a large positive
occlusion sensitivity represents a high importance rank, which
indicates that information from the occluded area contributes to an
accurate prediction of KorT2m. The present study is aimed at
interpreting the model by selecting cases where it underestimates the
KorT2m.

Hindcast experiments and skill evaluation metric
Seasonal forecasts were conducted in order to predict the average values
for the boreal December-January-February (DJF) season as well as
those for the individual months of December, January, and February.
Because the November variables were used as predictors (inputs), the
forecasts for December, January, and February are referred as forecast
lead times of 1, 2, and 3 months, respectively. The periods for the
training and testing datasets were 1950/51–1999/2000 and 2000/
01–2020/21, respectively (Table 1). The validation dataset was estab-
lished by randomly extracting 2-year data from the training dataset at a
decadal interval. The following two skill metrics were used to assess the
forecast skills of each model: (i) the correlation skill and (ii) the mean-
square skill score (MSSS)60–64. The correlation skill ranges from −1 to
+1, where a value closer to +1 indicates a higher accuracy of phase
forecasting. The MSSS is a dimensionless measure of the improvement
in the mean squared error (MSE) of a forecast system relative to a
reference forecast system, and can range from negative infinity (−∞) to
+165,66. Thus, the forecast skill of the MAML model can be assessed by
comparing the MSEs of the MAMLmodel predictions with those of the
CNNmodel. A positiveMSSS indicates that theMAMLmodel forecasts
are more skillful than those of the CNN model forecasts, while a
negativeMSSS indicates that theMAMLmodel forecasts are less skillful
than those of the CNN.

The convolutional neural network (CNN)
The CNN is widely used in DL architecture for climate forecasts11,22,23,67. In
the present study, it is used to construct the baseline model and as the
backbone of theMAMLmodel. As shown schematically in the upper part of
Fig. 7, the CNN model used herein consists of one input layer, two con-
volutional layers, and one output layer. To extract key features from the
input andgenerate featuremaps, the convolutional kernel is configuredwith

Table 1 | The training strategies of the CNN model and
MAML models

Output CNN MAML

Variables Period

KorT2m-related
variablesa

1950/
51–1999/2000

– Training #1

KorT2mb 1950/
51–1999/2000

Training Training #2

Validation

2000/
01–2020/21

Test

aThe augmented training data, including Nino3.4, Siberian high, AO, KorT500, KorT850, KorV500,
and KorV850 indices, totaling 350 years, used for the initial training of the MAML model.
bUsed for training and testing in both theMAMLandCNNmodels,with thedata sets consisting of 50
and 21 years, respectively.
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a size of 3 × 3 and a stride of 2. The longitude and latitude dimensions of the
feature map that is generated by the convolutional kernel are both reduced
to one half with respect to the corresponding input dimensions, while
channel dimension is altered tofilter dimension.Given that the dimensional
size is reduced during the convolution phase with a stride of 2, a pooling
layer is not used. For example, the input variables consist of the monthly-
mean T2m, MSLP, V850, and U200 over 10°S–60°N and the entire long-
itude, and the convolutional layer incorporates four filters. In the first
convolutional layer, input data with dimensions of 72 × 15 × 4 undergo
feature map extraction, resulting in a dimension reduction to 36 × 8 × 4.
Subsequently, in the second layer, it is further reduced to 18 × 4 × 4 before
being flattened and input to the output layer.

All methods were initiated from scratch and used the Adam
optimizer with an initial learning rate of 10�3 as the gradient-descent
method, with the mean squared error as the loss function68. The Xavier
initialization technique was employed for weight and bias
initialization69, while tangent hyperbolic functions were adopted as the
activation functions for the convolutional layers. Batch normalization
layers were applied to each convolutional layer to prevent weight
vanishing or exploding70. Additionally, a dropout layer with a rate of 0.2
was added on the second layer to prevent overfitting not only during
training, but also during the testing phase71.

As a baseline, the CNNmodel is trained with the mini-batch size of 8
for each epoch, and early stopping is implemented using a validationdataset
to prevent overfitting. For theCNNmodels trainedwithGFDL-CM4model
data, thehyperparameters of the initial training are the same as those used in
the baseline, and the CNNmodel is then finetuned with observational data
for 20 epochs using full-batch training (Supplementary Fig. 1). Sixty
ensemble models were generated, and parameters initialized using random
values were employed for training. Among 60 ensemble members, 30
models were randomly selected and averaged to produce the final forecasts.
By repeating this process 1,000 times, the confidence range of the CNN
forecast skill was assessed.

The model-agnostic meta-learning (MAML) algorithm
TheMAML is ameta-learning algorithm capable of considering anyDL
model structure as the backbone; it is a few-shot learning algorithm

enabling a unique training process that is irrespective of its backbone
architecture. In theMAMLmodel, episodes consisting of a support and
query set are randomly selected from the total training set. As indicated
by the blue dotted line arrows in Fig. 7, the model is first updated by
minimizing the loss function based on the support set. Then, the
updated model is used for making predictions on the query set. The loss
value, obtained by comparing the predicted and true labels for the query
set, is backpropagated to update the model weights, as indicated by the
red dotted line arrows in Fig. 7. The number of updates performed
within an episode is set as a pre-defined hyperparameter. By repeating
this procedure with different random sets of support and query data, the
MAML model can acquire the ability to learn from limited labeled data
by training on an episode.

In the present study, the initial training of the MAML model was
performed using the augmented data. At this stage, support and query sets
were composedof the augmented trainingdataset (i.e., theAO,SH,Nino3.4,
KorT500, KorT850, KorV500, and KorV850 indices) within the entire
training period (i.e., 1951–2000). This process was used to generalize the
weights pertaining to the temperature in the Korean Peninsula. Next, all of
the support and query sets were composed by randomly sampling from the
target dataset (KorT2m) within the entire training period. After training
with the augmented training data, the MAML model was subjected to
optimization with the target dataset and was then used to predict the
KorT2m during the testing period (Table 1).

The MAML model was trained with 400 episodes and 10 updates
when training with the augmented data, and 100 episodes and 10
updates when training with the target dataset. In the MAMLmodel, the
number of episodes during the first training phase was set to approxi-
mately half of the total number of iterations calculated based on an early
stopping criterion, patience of 20 epochs, which was set in the CNN
model. In the second training phase, the number of episodes was
adjusted to be comparable to this calculated total. For each episode, 5
labeled instances were selected as the support set and 8 instances were
selected for the query set. A collection of 30 MAML models was
established, where the parameters were initialized with random values,
and random episodes were used for training. These models were then
averaged to compute the final forecasts.

Fig. 7 | A schematic diagram of the MAML model. Here, the dashed lines represent the backpropagation process, and the solid lines represent the weight transfer after
forwarding with the support set (blue) and the query set (red).
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Data availability
The datasets analyzed during the current study are available in the ERA5
repository, https://www.ecmwf.int/en/forecasts/dataset/ecmwf-reanalysis-
v5, and AO index is available in the NOAA Climate Prediction Center
(CPC) repository, https://www.cpc.ncep.noaa.gov/products/precip/
CWlink/daily_ao_index/ao.shtml.

Code availability
TensorFlow (https://www.tensorflow.org) libraries were used to formulate
the deep-learningmodel for theCNNandMAMLmodel. The Python3 and
TensorFlow2-based MAML and CNN model code used in this study is
available upon request from the authors.
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