Under review as a conference paper at ICLR 2026

TEMPORAL BRIDGES FOR SPATIAL RESOLUTION: EN-
HANCING CLIMATE DATA SUPER-RESOLUTION WITH
BIDIRECTIONAL ALIGNMENT

Anonymous authors
Paper under double-blind review

ABSTRACT

High-resolution climate data is crucial for meteorological predictions and for in-
forming decision support across diverse domains. However, the acquisition of
such high-resolution climate information is often prohibitively costly, necessitat-
ing the development of data-driven meteorological prediction models. These mod-
els aim to generate fine-grained climate data from low-resolution inputs, a process
termed climate data super-resolution (SR). Nevertheless, recent advancements in
deep learning for climate data SR have primarily focused on leveraging single-
frame spatial information, largely neglecting the temporal correlations between
different time frames that could enhance SR outcomes. Furthermore, climate data
are inherently stochastic and noisy, rendering widely used temporal alignment
methods, such as optical flow models, ineffective in this context. Consequently,
the development of a framework tailored for climate data SR that effectively cap-
tures implicit temporal correlations remains an unresolved challenge. To this end,
we propose a novel Temporal-Enhanced framework with bidirectional temporal
alignment. In essence, our framework establishes a temporal bridge to enhance
spatial resolution in climate data SR through bidirectional alignment, leading
to improved SR performance. Within this framework, Paired Latent Mapping
achieves spatial alignment and noise reduction by unifying latent spaces. Then a
Bidirectional Temporal Alignment captures temporal correlations by training for-
ward and backward networks on consecutive latent frames. Temporal Enhanced
Super-resolution then optimizes the entire framework for climate data SR. Exper-
iments on large-scale real-world datasets demonstrated the superior performance
of our framework.

1 INTRODUCTION

Climate data super-resolution (SR), also known as climate data downscaling, refers to transforming
low-resolution climate data into a higher-resolution format, yielding more detailed and precise infor-
mation for specific areas. Climate data SR is crucial for facilitating decision-making and enabling
high-resolution meteorological predictions. The high-resolution climate information is essential for
decision support in many sectors such as urban management, transportation optimization, and dis-
aster prevention [Lam et al.| (2023); Hertwig et al.|(2021). However, deploying sufficient sensors to
collect such high-resolution climate information is often impractical due to cost and infrastructure
barriers.

To address the scarcity of observational data, a promising and cost-effective approach is to leverage
the abundance of historical climate data by employing data-driven meteorological prediction models
to generate fine-grained (i.e., higher-resolution) climate data from low-resolution inputs. While
traditional numerical simulations and statistical interpolation have been extensively explored for
climate data SR, these methods can be computationally intensive or may neglect essential spatial
correlations |Lin et al.|(2023)). Recent advancements in models like ForecastNet|Pathak et al. (2022),
Pangu-Weather |B1 et al.| (2023), and GraphCast|Lam et al.| (2023) demonstrate the feasibility and
potential of training foundational models for meteorological prediction using large-scale climate
datasets and transformer-based architectures. However, existing data-driven models, including those
mentioned above, typically predict at coarse resolutions (e.g., 30 x 30 km), which are insufficient
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Figure 1: Overview of the proposed framework. a. Paired Latent Mapping module maps low and
high resolution climate data to unified latent space using a shared codebook. b. Bidirectional Tem-
poral Alignment module trains temporal alignment network as the regularization term of super-
resolution training. c. Temporal Enhanced Super-resolution module conduct super-resolution train-
ing based on a.and b.
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for the decision-making needs of sectors such as urban management and disaster prevention, as
previously discussed. Therefore, the development of effective super-resolution methods specifically
tailored for climate data SR is critically important.

While deep learning approaches have been applied to climate data SR, our insight is that the inherent
temporal correlations within climate data across different time steps have been largely overlooked.
Deep learning models such as Convolutional Neural Networks (CNNs) [Liu et al.| (2020); [Lin et al.
(2023)); [Kheir et al.| (2023) and Generative Adversarial Networks (GANs)|Stengel et al.| (2020) have
shown promise in climate data SR, and the recently developed ClimaX model, pre-trained on climate
data and fine-tuned for SR, has achieved state-of-the-art results Nguyen et al.| (2023)). However, ex-
isting research has primarily focused on exploiting spatial information within individual time frames,
neglecting inter-time correlations|Nguyen et al.[(2023). Given that climate is a continuously evolving
phenomenon driven by complex interactions between atmospheric conditions and Earth’s physical
features, and considering the significant temporal correlations exhibited by variables like tempera-
ture and wind speed, we hypothesize that incorporating these temporal relationships, in conjunction
with spatial information, can enhance high-resolution outputs and improve SR performance.

While the incorporation of temporal relationships has been a common practice in video super-
resolution (VSR) [Tu et al.| (2022), effectively applying these techniques to climate data presents
significant challenges. The general idea of VSR for leveraging temporal information involves utiliz-
ing optical flow models to estimate motion between consecutive frames [Tu et al. (2022); Bar1 et al.
(2023). However, a fundamental assumption of these optical flow models is that pixel brightness
remains relatively consistent over time, which enables the estimation of motion by tracking pixel
intensity changes across frames Bari et al.|(2023). In contrast, this assumption is invalid for climate
data which exhibit inherently stochastic and prone to sudden changes |Palmer| (2019). Although
global and regional climate models can partially capture temporal variations in climate data Lynch
(2008)); |[Palmer| (2019), these model-regulated hidden temporal correlations cannot be explicitly ob-
served or annotated like the motion of objects. Moreover, observational limitations and instrumental
inaccuracies often introduce substantial spatial noise into climate data Privé et al. (2013), which can
significantly hinder the performance of super-resolution tasks. These unique challenges underscore
the need for a tailored framework that can effectively capture the implicit temporal correlations in
climate data while mitigating the inherent noise characteristics of such data.

To address the research gap in climate data super-resolution (SR), we propose a novel Temporal
Enhanced framework with bidirectional temporal alignment. This framework explicitly models the
bidirectional temporal correlations inherent in climate data using temporal alignment networks to
achieve enhanced SR performance. As illustrated in Figure[T} the framework comprises three key
modules: (a) the Paired Latent Mapping module, (b) the Bidirectional Temporal Alignment mod-
ule, and (c) the Temporal Enhanced Super-resolution module. The Paired Latent Mapping module
(Figure[Th) is specifically designed to mitigate the inherent spatial noise present in climate datasets.
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Leveraging Vector Quantised-Variational Autoencoders (VQ-VAE)|Van Den Oord et al.|(2017), this
module maps climate data into a unified latent space, effectively reducing noise and establishing a
robust spatial foundation for subsequent SR tasks. To ensure representational consistency across res-
olutions, VQ-VAE models for both low and high-resolution data are paired using a shared codebook.
Building upon this spatial foundation, the Bidirectional Temporal Alignment Module (Figure|[Ib) is
designed to achieve temporal alignment in climate data SR. By exploring the relationships between
climate data across different time frames, this module trains two distinct alignment networks — for-
ward and backward — to effectively leverage bidirectional temporal dependencies. Both alignment
networks are then integrated as the regularization term, thereby enhancing the detail and accuracy
of the reconstructed high-resolution outputs. Finally, building on the above two modules, the Tem-
poral Enhanced Super-resolution module (Figure[Ik) trains the SR process in two steps. Firstly, the
module focuses on SR within the latent space, incorporating the bidirectional temporal alignment
networks as regularization. Secondly, to refine the results in the original climate data domain, we
unfreeze and fine-tune the encoder and decoder components of the latent mapping.

Following the settings of previous studies [Nguyen et al.| (2023), we conduct extensive exper-
iments on a large dataset constructed with Coupled Model Intercomparison Project Phase 6
(CMIP6) O’ Neill et al.| (2016) and European Centre for Medium-Range Weather Forecasts Reanal-
ysis 5 (ERAS)|Hersbach et al.| (2020) data and achieve state-of-the-art results. Our contributions are
summarized as follows:

* We propose a carefully designed Temporal Enhanced SR framework tailored for the cli-
mate data SR task which aims to significantly boost SR performance.

* We develop a novel temporal alignment technique that can adapt to the stochastic nature
of climate data and effectively leverages temporal information to enhance spatial details,
establishing Temporal Bridges for Spatial Resolution in climate data SR.

*  We conduct thorough evaluations on CMIP6 and ERAS datasets, which demonstrates the
superior performance of our framework in real-world datasets.

2 RELATED WORK

2.1 CLIMATE DATA SUPER-RESOLUTION

Traditional climate data super-resolution techniques can be categorized into dynamic approaches
and statistical approaches. Dynamic methods primarily relies on regional climate models (RCMs),
while statistical methods improves resolution by establishing statistical relationships between GCM
outputs and ground-based observational data, such as Perfect Prognosis (PP) Landman et al.[(2001),
Model Output Statistics (MOS)|Eden & Widmann|(2014), and weather generators|Wilks|(2010). Re-
cently, there has been a notable increase in the application of deep learning methods for climate data
SR. Techniques such as CNNs|Liu et al.[(2020); Lin et al.|(2023)); |Kheir et al.| (2023), GANs Stengel
et al.| (2020), and Diffusion Models |Aich et al.| (2024); Watt & Mansfield| (2024) are significantly
explored to handle the climate data. The ClimaX [Nguyen et al.| (2023)) model has achieved good
performance in various downstream tasks, including SR, through deep pre-training on climate data.

2.2 TEMPORAL ALIGNMENT IN SUPER-RESOLUTION

From the perspective of technique, temporal alignment is critical due to the high correlation and
spatial displacement between adjacent frames in the super-resolution domain. Traditional methods
for temporal alignment typically use optical flow estimation methods based on gradients or block
matching Caballero et al.|(2017);Liu et al.| (2017); [Tao et al.|(2017)), which have been widely applied
in the scenario of VSR. Recent advancements have seen the emergence of deep learning-based
optical flow estimation, which offers more accurate and robust alignment Ranjan & Black! (2017).
More recently, modern SR works have begun to integrate these sophisticated optical flow models by
utilizing pre-trained networks to significantly enhance performance Xue et al.[(2019); [Chan et al.
(2022); [Liang et al.| (2024} 2022). In particular, VRT |Liang et al.| (2024) achieves state-of-the-art
results on various VSR benchmarks. Despite these advances, there is currently no research that
applies temporal alignment techniques to the field of climate data SR.
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3 METHOD
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Figure 2: Architecture of the proposed framework. a. Low and high-resolution climate data are
mapped to latent space using VQ-VAEs with a shared codebook. b. Temporal alignment network
is pre-trained by exploring correlations of data across time frames. c. Super-resolution training are
conducted initially in latent space and then in climate domain.

3.1 PROBLEM DESCRIPTION

The primary objective of climate data SR is to transform low-resolution (LR) input frames, de-
noted as Irp € RT*XVXHXW “into high-resolution (HR) output frames, denoted as Iyp €
RTxVxsHxsW Here T denotes the size of the temporal window, V' denotes the number of climate
variables (e.g. temperature), s denotes the upsampling factor, and H and W denote the horizontal
and vertical dimensions of the Earth’s grid format respectively.

3.2 MODEL FRAMEWORK OVERVIEW

The proposed Temporal Enhanced SR framework consists of three components: the Paired La-
tent Mapping module, the Bidirectional Temporal Alignment module, and the Temporal Enhanced
Super-resolution module (Figure[2). The Paired Latent Mapping module (Figure[2h) maps both high
and low-resolution climate data into a unified latent space to reduce the impact of noise in the spatial
dimension. The Bidirectional Temporal Alignment module (Figure 2p) leverages relationships be-
tween climate data across different time frames by training two temporal alignment networks, which
are integrated into the SR loss function to utilize temporal information. The Temporal Enhanced
Super-resolution module (Figure [2) trains climate data based on the two modules above, which
involves a two-step process, initially focusing on latent space representations and subsequently on
the climate data domain itself. In the subsequent sections, we provide a comprehensive introduction
and discussion regarding these three components.

3.3 PAIRED LATENT MAPPING

To cope with the noise issue in climate data, we develop a Paired Latent Mapping module that maps
both high and low-resolution data into a unified and discrete latent space using Vector Quantised-
Variational Autoencoder (VQ-VAE) (Figure Zh). The encoder in VQ-VAE generates discrete vec-
tors, drawn directly from a learnable, fixed codebook, which enhances the model’s stability and
interpretability. Moreover, we introduce a paired latent mapping architecture in which both the low
and high resolution VQ-VAE models share the same codebook. This paired design ensures uniform
feature representation across different spatial resolution, facilitating improved performance in SR
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applications. The latent mapping module is formally defined as:
Zir(t) = a(drr(ILr(®)), ILr(t) = wir(Zr(D)
Zur(t) = q(éno(Iur(t)), Iur(t) =wnr(Zur(t)

where Z1,r(t) and Zy r(t) denote the latent representations for low and high-resolution data inputs
I gr(t) and Igg(t) at time t, respectively. The mappings ¢rr and ¢pg are encoder functions
specifically designed for different resolutions, while wyr and wg i are decoder functions. The
function ¢(-) represents the vector quantization operation, which discretizes the continuous latent

outputs into a shared codebook. 17z (t) and Iz (t) are the reconstructed low and high-resolution
data outputs from their respective latent representations at time ¢.

(D

During the training process, we start by training a VQ-VAE model on high-resolution climate data.
The encoder incorporates six layers of residual convolutional networks and four Transformer net-
work layers to effectively capture spatial correlations. The decoder uses upsampling layers that mir-
ror the encoder’s structure, progressively restoring data resolution. This architecture is then repli-
cated for low-resolution data training, using the same codebook trained from the high-resolution
data, with the codebook’s parameters frozen to ensure feature space consistency across different res-
olutions. Both Mean Squared Error (MSE) and commitment loss are used to measure reconstruction
quality and maintain encoding vector consistency.

3.4 BIDIRECTIONAL TEMPORAL ALIGNMENT

After the data is mapped to the latent space, we develop a Bidirectional Temporal Alignment module
to leverage temporal information in climate data SR (Figure[Zb). Consider the latent space represen-
tations at different resolutions at time ¢, denoted Z; g (t) and Zy r(t). Drawing on concepts in VSR,
the temporal correlation between consecutive low-resolution time frames, Zrr(t — 1) and Zp (),
shares common features with the correlation in high-resolution frames Zgr(t — 1) and Zgyr(¢).
Therefore, including Z1, r(t — 1) and Z;, g (t) can assist in the mapping from Zgr(t —1) to Zgr(t).
If a network ¢ is trained using Zpr(t — 1), Zpr(t), and Zggr(t — 1) to predict Zy (1), it is
reasonable to assume that 15 captures some shared temporal correlation features across different
resolutions, which can then be used in temporal alignment (forward alignment). Correspondingly,
training another network ¢ with inputs Zpg(t + 1), Zrr(t), and Zgr(t + 1), aiming to predict
Zr(t), can also be used for temporal alignment (backward alignment). Together, ¥z and 15 form
the core of the Bidirectional Temporal Alignment Module. They are formally defined as:

Zur(t) = Yp(Zor(t — 1), Zur(t — 1), ZLr (1)),

. 2)

Zur(t) = ¢p(ZLr(t + 1), Zur(t + 1), ZLr(1)),
Here, both forward and backward alignments are incorporated, drawing from the settings of optical
flow models commonly used in VSR.

During the training process, the forward alignment network 1 initially concatenates inputs
Zir(t—1), Zrr(t), and Zgr(t — 1). This combined input is processed through two Transformer
blocks, followed by a convolutional block to refine the features, and then through two additional
Transformer layers to predict Zy r(t). The network is trained using Mean Squared Error (MSE) to
minimize the differences between predicted and high-resolution features. Similarly, the backward
alignment network 5 concatenates inputs Zrr(t + 1), Zpr(t), and Zgr(t + 1) and follows the
same architectural sequence to predict Zgg(t).

3.5 TEMPORAL ENHANCED SUPER RESOLUTION

Building on the latent mapping and temporal alignment network, we conduct Temporal Enhanced
SR training (Figure [2c). This training process includes two steps: the first focuses on the latent
space, and the second on the climate data domain itself.

Step 1: This step focuses on latent space representations at different resolutions which are repre-
sented as Zp r(t) and Zg g(t). The spatial-temporal SR network ¥ g7 is responsible for transform-
ing Zpr(t) into Zyr(t) as:

Zur(t) = Ysr(Zor(t)) 3)
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As observed in VSR, directly minimizing using Mean Squared Error (MSE) loss
minyg, MSE(¢s7(Zrr(t)), Zur(t)) may not effectively leverage the temporal correlation
between time frames. To enhance the model’s ability to utilize these temporal correlations, we
integrate the temporal alignment networks ¢/ and 15 defined in Section into the loss function
as regularization components:

3
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+-MSE(Wr(Zrr(t — 1), ZLr(t), YsT(ZLr(t — 1)), Zur(t)) “)
+ - MSE(p(Zrr(t + 1), ZLr(t), Ysr(ZLr(t + 1)), ZHR(t))]

Note that the alignment network in Equation []is different from Equation[2] For instance, the high
resolution input Zgg(t — 1) in ¢F is replaced by ¥s7(Zrr(t — 1)). This is to comply with the
specifications of super-resolution tasks, which exclusively use low-resolution data as inputs.

During the training process, the i gr first applies patch embedding and positional encoding to
Zrr(t—1), Zrr(t), and Zpg(t 4+ 1). These encoded inputs are then processed through two Trans-
former modules and a 3D transposed convolution layer, producing the predicted values Zu r(t—1),
Zugr(t), and Zygr(t + 1) for Zyp(t — 1), Zug(t), and Zyp(t + 1). By using the ¢, and ¢
networks with inputs Z1 g (t—1), Zpr(t), Zur(t+1), and Zg p(t— 1), the training for Zz z(t) can
be conducted. The s employs Mean Squared Error (MSE) to minimize the differences between
all predicted values and the actual high-resolution features.

Step 2: After training the network for a specified number of epochs, we unfreeze the encoder and
decoder components. The regularization term from the alignment network is retained to maintain
temporal information. We then shift our optimization focus to fine-tuning the network’s output
using the Latitude-weighted Mean Squared Error (LMSE) as defined in |Rasp et al.|(2020). This
specialized loss function, detailed below, incorporates a latitude weighting factor to account for the
varying area sizes at different latitudes on a global grid as:

T-1V-1sH-1sW—1 [(h) (I}’%w(t) _ [I?%w(t))

Limse = D TxV xsHxsW ®)
i=0 v=0 h=0 w=0

in which L(h) is the latitude weighting factor:

cos(lat(h))
L(h) =
) + ﬁ;écos(lat(h’))

(6)

Here, lat(h) indicates the latitude corresponding to the h-th row in the grid. This weighting method
adjusts for the unequal area representation across different latitudes, enhancing the model’s accuracy
in geographic areas.

3.6 INFERENCE

During the inference phase, the trained low resolution encoder ¢ g, high resolution decoder w g,
along with the SR network g7, are employed to transform low-resolution climate data into high-
resolution data. The inference process is defined as:

Zrr(t) = q(¢rr(ILR(t)))
Zrr(t) = Ysr(Zor(t)) (7
Tur(t) = wir(Zur(t))

4 EXPERIMENT

In this section, we conduct extensive experiments on real-world datasets to evaluate our proposed
framework for climate data SR. First, we compare the super-resolving performance on five climate
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Table 1: Performance of Our Method and the baselines on the SR task from CMIP6 (5.625°) to
ERAS (1.40625°). The mean and standard deviation are obtained through five random runs.

Features (RMSE) |

Method

7500 T850 T2m U10 V10
VRT 1098.95(9.94) 5.58(0.12) 6.33(0.18) 4.24(0.01) 4.24(0.01)
SwinlR 1099.07(3.41) 5.54(0.04) 6.22(0.12) 4.23(0.01) 4.24(0.02)
ClimaX 1088.42(2.00) 5.51(0.01) 6.11(0.02) 4.23(0.01) 4.24(0.01)

Our Method  1077.73(1.02) 5.41(0.01) 6.02(0.01) 4.22(0.01) 4.23(0.01)

features between our approach and state-of-the-art methods for climate SR tasks (Section 4.2). In
addition, we conduct an ablation study to verify the effectiveness of each design in our model (Sec-
tion[4.3), and also investigate the efficiency of our method (Section [4.4).

4.1 EXPERIMENTAL SETUP

Dataset. Following [Nguyen et al.| (2023), we construct the real-world climate SR dataset based
on CMIP6 data and ERAS5 data, where CMIP6 and ERAS provide the low-resolution and high-
resolution data, respectively. We next introduce how to construct the dataset for performance evalu-
ation from these two data sources.

ERAS is a reanalysis data for global climate in the past decades |Hersbach et al. (2020). The data
used in this study is derived from WeatherBench Rasp et al. (2020) which provides data in three
resolutions of 5.625°, 2.8125°, and 1.40625° for the period from 1979 to 2018, serving as a bench-
marking framework to facilitate comparisons of data-driven approaches in weather forecasting.

In accordance with ClimaX |Nguyen et al.[(2023)), we use the data at 1.40625° resolution as the high
resolution target in our experiments. For detailed characteristics of the raw ERAS data, please refer
to the ECMWF documentation available online [Hersbach et al.| (2020]).

CMIPO is a global project that provides climate model data covering historical and future periods.
We derive the six-hour interval, 5.625° resolution data through the official CMIP6 search interface
at CMIP6 Data Portal/|O’Neill et al.|(2016). For detailed dataset settings, refer to Appendix as the
low resolution input.

To construct the SR dataset, we further align the sampling interval and the time span of two sources
of data. For ERAS5 data, which originally collects data every hour, we perform downsampling to
match the six-hour sampling interval of CMIP6; while for CMIP6, we use data from after 1979 to
match the time span of ERAS. In this way, we obtain the super-resolution dataset spanning 37 years
(1979-2015) with a six-hour sampling interval. We split the data into three sets, in which the training
data is from 1979 to 2010, the validation data is in 2011 and 2012, and the test data is from 2013
and 2015. For evaluating the SR performance of all comparing methods, we follow ClimaX|Nguyen
et al. (2023)) and select the same five key climate variables, which are geopotential at 500 mb (Z500),
temperature at 850 mb (T850), 2-meter temperature (T2m), 10-meter u-component of wind (U10),
and 10-meter v-component of wind (V10).

Baseline. We compare our framework with several state-of-the-art baseline, including a climate SR
model ClimaX Nguyen et al.| (2023)), and two video SR approaches VRT |Liang et al. (2024) and
SwinlR |Liang et al.|(2021). VRT includes an optical flow to consider the temporal correlation. For
SwinlIR, we adapt it by replacing the internal Swin Transformer |Liu et al.|(2021) with a Video Swin
Transformer |Liu et al.|(2022)) to better suit our task.

Metric. We evaluate all methods using Latitude-weighted Root Mean Square Error (RMSE), which
was commonly used in existing works [Vandal et al.| (2017); [Liu et al.| (2020). It is calculated by:

1 N-1 1 H W
thaw h,w

where L(h) is the weighting factor defined in Equation [6]
Implementation. We implement the comparing methods based on the configurations described in
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the ClimaX paper Nguyen et al.| (2023)) and other established methods [Liang et al.| (2024; [2021).
For ClimaX model, we uses all climate variables at a single time point as input, denoted by [ ZQ(t),
where v € {0,2,...,V — 1}, and outputs five variables at the same time point, denoted by I3, (o)
for v € {0,1,2,3,4}. While for our proposed framework and other methods that utilize temporal
information, they take four consecutive time points, each with five features, as input, denoted as
I7o(t) fort € {0,1,2,3} and v € {0,1,2,3,4}, and produce the corresponding high-resolution
features at each time point, denoted as I3, (t) fort € {0,1,2,3} and v € {0,1,2,3,4}.

Next, we introduce other hyper-parameter settings in our framework. For the training of VQ-VAE
in latent mapping, we set the learning rate to 4.5e — 5, the batch size to 24, and train the model for
a maximum of 50 epochs using the Adam optimizer to ensure stable training and effective conver-
gence. For the temporal alignment network training, we also set the learning rate at 4.5e — 5, but
reduce the batch size to 5 due to memory constraints, with training still conducted for 50 epochs us-
ing the Adam optimizer. In the SR training, we use a much lower learning rate of 1e — 6 to facilitate
fine-tuning and used a batch size of 1 to manage high memory usage, while maintaining the same
optimizer and epoch count.

Computational infrastructure. In our experiments, we conduct comparison and ablation experi-
ments using a computing platform equipped with four NVIDIA V100 GPUs.

4.2 SUPER-RESOLUTION PERFORMANCE EVALUATION
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1110

1100 J

Z 1090

RMSE
i

1080

1
1070

Figure 3: Ablation study.

To evaluate the impact of temporal alignment networks on model performance, we conduct an abla-
tion study comparing our method with models under the following configurations:

* w/o ¥ r: removing the forward alignment network and keeping the rest.
* w/o ¢ p: removing the backward alignment network and keeping the rest.

* w/o align: removing all temporal alignment networks.

Table E] compares the performance of our method with three baselines (VRT, SwinlR, and ClimaX)
in super-resolving five climate variables from CMIP6 (5.625°) to ERAS (1.40625°). The mean and
standard deviation of RMSE defined in Equation (8| are reported over five random runs. It is ob-
served that our framework achieves the lowest RMSE across all variables—Z500 (1077.73), T850
(5.41), T2m (6.02), U10 (4.22), and V10 (4.23)-significantly outperforming all baselines, revealing
the superior performance of our method (see visualization examples in Appendix). As the second-
best model, ClimaX shows better performance than VRT and SwinIR with RMSE values: Z500
(1088.42), T850 (5.51), T2m (6.11), U10 (4.23), and V10 (4.24). This improved performance is
likely due to ClimaX using more climate variables as input, enhancing the SR performance. How-
ever, even with ClimaX utilizing more input variables, our method still outperforms it, notably
reducing the RMSE of Z500 from 1088.42 (2.00) to 1077.73 (1.02) and T2m from 6.11 (0.02) to
6.02 (0.01). It is also worth noting that the performances of VRT and SwinIR are quite close, de-
spite VRT’s use of optical flow models. Specifically, VRT records RMSE values of Z500 (1098.95),
T850 (5.58), T2m (6.33), U10 (4.24), and V10 (4.24), while SwinIR, which does not use optical
flow, records RMSE values of Z500 (1099.07), T850 (5.54), T2m (6.22), U10 (4.23), and V10



Under review as a conference paper at ICLR 2026

(4.24). This similarity indicates that optical flow models, despite their utility in video data for han-
dling visual continuity and motion, may not effectively address the spatial and temporal variability
in climate data.

In contrast, our method incorporates a specifically designed temporal alignment mechanism tailored
to address the inherent characteristics of climate data. This design enables our method to outper-
form both VRT and SwinIR under the same input-output conditions, and even exceed the results of
ClimaX, despite the latter having more input variables.

4.3 ABLATION STUDY

As depicted in Figure[3] the bidirectional temporal alignment we designed significantly contributes
to the super-resolution (SR) results. When ¢/ and i p are removed, there is a substantial decline in
model performance across all five variables. Meanwhile, the contributions of alignment in different
directions vary among the variables. Compared to U10 and V10, the backward alignment appears
to be more critical for Z500, T850, and T2m, as the removal of g leads to greater drops in SR
performances of these variables.

4.4 EFFICIENCY EVALUATION

Table 2: Training and Inference Efficiency Comparison

Model Training Time (h/epoch) Inference Time (s/instance) Model Size (MBytes)
VRT 0.598 0.058 30.7
SwinIR 0.130 0.016 25.1
ClimaX 0.423 0.081 110
Our Model 0.355 0.05 180

To evaluate the applicability of our model, we compare it with existing techniques including VRT,
SwinIR, and ClimaX on a computing platform equipped with four NVIDIA V100 GPUs. Table [2]
lists the training time, inference time, and model size for each model. Despite its larger size of 180
MBytes compared to VRT’s 30.7 MBytes and ClimaX’s 110 MBytes, our model maintains superior
efficiency. It achieves a faster training time of 0.355 hours per epoch, outperforming VRT at 0.598
hours and ClimaX at 0.423 hours. Furthermore, it provides faster inference, taking 0.05 seconds per
global instance (i.e. the global climate data for each time frame), which is much quicker than 0.081
seconds of ClimaX and 0.058 seconds of VRT. The results reveal our model’s ability to achieve a
balance between efficiency and high performance, demonstrating stronger practicality in real-world
applications compared to others.

5 CONCLUSION

In this study, we develop a novel Temporal-Enhanced framework that utilizes temporal information
to enhance SR performance. The core of the framework involves training two temporal alignment
networks for SR task to achieve temporal alignment. This design effectively addresses the challenge
of stochastic variations in climate data, which hinder the use of conventional optical flow methods
in VSR. Experiments on CMIP6 and ERAS datasets confirm the superior performance of our frame-
work. However, the applicability of our framework is not limited to these datasets. Future studies
could extend our proposed framework to similar climate datasets. Additionally, the proposed tem-
poral alignment architecture has the potential to be used for the super-resolution of spatial-temporal
data in other fields. Despite significant achievements, our approach has limitations. We followed the
practice in optical flow models, which mainly model the mapping relationships between adjacent
time frames. As a result, our framework does not consider the temporal correlation between longer
time frames. Future research could explore ways to integrate these longer temporal correlations to
investigate whether they enhance the performance in climate data SR.



Under review as a conference paper at ICLR 2026

REFERENCES

Michael Aich, Philipp Hess, Baoxiang Pan, Sebastian Bathiany, Yu Huang, and Niklas Boers. Con-
ditional diffusion models for downscaling & bias correction of earth system model precipitation.
arXiv preprint arXiv:2404.14416, 2024.

Driss Bari, Nabila Lasri, Rania Souri, and Redouane Lguensat. Machine learning for fog-and-low-
stratus nowcasting from meteosat seviri satellite images. Atmosphere, 14(6):953, 2023.

Kaifeng Bi, Lingxi Xie, Hengheng Zhang, Xin Chen, Xiaotao Gu, and Qi Tian. Accurate medium-
range global weather forecasting with 3d neural networks. Nature, 619(7970):533-538, 2023.

Jose Caballero, Christian Ledig, Andrew Aitken, Alejandro Acosta, Johannes Totz, Zehan Wang,
and Wenzhe Shi. Real-time video super-resolution with spatio-temporal networks and motion
compensation. In Proceedings of the IEEE conference on computer vision and pattern recogni-
tion, pp. 4778-4787, 2017.

Kelvin CK Chan, Shangchen Zhou, Xiangyu Xu, and Chen Change Loy. Basicvsr++: Improv-
ing video super-resolution with enhanced propagation and alignment. In Proceedings of the
IEEE/CVF conference on computer vision and pattern recognition, pp. 5972-5981, 2022.

Jonathan M Eden and Martin Widmann. Downscaling of gcm-simulated precipitation using model
output statistics. Journal of Climate, 27(1):312-324, 2014.

Hans Hersbach, Bill Bell, Paul Berrisford, Shoji Hirahara, Andrds Hor4nyi, Joaquin Mufioz-Sabater,
Julien Nicolas, Carole Peubey, Raluca Radu, Dinand Schepers, Adrian Simmons, Cornel Soci,
Saleh Abdalla, Xavier Abellan, Gianpaolo Balsamo, Peter Bechtold, Gionata Biavati, Jean Bidlot,
Massimo Bonavita, Giovanna De Chiara, Per Dahlgren, Dick Dee, Michail Diamantakis, Rossana
Dragani, Johannes Flemming, Richard Forbes, Manuel Fuentes, Alan Geer, Leo Haimberger,
Sean Healy, Robin J. Hogan, Elias Hélm, Marta Janiskova, Sarah Keeley, Patrick Laloyaux,
Philippe Lopez, Cristina Lupu, Gabor Radnoti, Patricia de Rosnay, Iryna Rozum, Freja Vamborg,
Sebastien Villaume, and Jean-Noé&l Thépaut. The ERAS global reanalysis. Quarterly Journal
of the Royal Meteorological Society, 146(730):1999-2049, July 2020. ISSN 0035-9009. doi:
10.1002/qj.3803.

Denise Hertwig, Matthew Ng, Sue Grimmond, Pier Luigi Vidale, and Patrick C. McGuire. High-
resolution global climate simulations: Representation of cities. International Journal of Clima-
tology, 41(5):3266-3285, April 2021. ISSN 0899-8418. doi: 10.1002/joc.7018.

Ahmed MS Kheir, Abdelrazek Elnashar, Alaa Mosad, and Ajit Govind. An improved deep learning
procedure for statistical downscaling of climate data. Heliyon, 9(7), 2023.

Remi Lam, Alvaro Sanchez-Gonzalez, Matthew Willson, Peter Wirnsberger, Meire Fortunato, Fer-
ran Alet, Suman Ravuri, Timo Ewalds, Zach Eaton-Rosen, Weihua Hu, Alexander Merose,
Stephan Hoyer, George Holland, Oriol Vinyals, Jacklynn Stott, Alexander Pritzel, Shakir Mo-
hamed, and Peter Battaglia. Learning skillful medium-range global weather forecasting. Science,
382(6677):1416—-1421, December 2023. doi: 10.1126/science.adi2336.

Willem A Landman, Simon J Mason, Peter D Tyson, and Warren J Tennant. Statistical downscaling
of gcm simulations to streamflow. Journal of Hydrology, 252(1-4):221-236, 2001.

Jingyun Liang, Jiezhang Cao, Guolei Sun, Kai Zhang, Luc Van Gool, and Radu Timofte. Swinir:
Image restoration using swin transformer. In Proceedings of the IEEE/CVF international confer-
ence on computer vision, pp. 1833-1844, 2021.

Jingyun Liang, Yuchen Fan, Xiaoyu Xiang, Rakesh Ranjan, Eddy Ilg, Simon Green, Jiezhang Cao,
Kai Zhang, Radu Timofte, and Luc V Gool. Recurrent video restoration transformer with guided
deformable attention. Advances in Neural Information Processing Systems, 35:378-393, 2022.

Jingyun Liang, Jiezhang Cao, Yuchen Fan, Kai Zhang, Rakesh Ranjan, Yawei Li, Radu Timofte, and
Luc Van Gool. Vrt: A video restoration transformer. IEEE Transactions on Image Processing,
2024.

10



Under review as a conference paper at ICLR 2026

Hai Lin, Jianping Tang, Shuyu Wang, Shuguang Wang, and Guangtao Dong. Deep learning down-
scaled high-resolution daily near surface meteorological datasets over east asia. Scientific Data,
10(1):890, 2023.

Ding Liu, Zhaowen Wang, Yuchen Fan, Xianming Liu, Zhangyang Wang, Shiyu Chang, and Thomas
Huang. Robust video super-resolution with learned temporal dynamics. In Proceedings of the
IEEE International Conference on Computer Vision, pp. 2507-2515, 2017.

Yumin Liu, Auroop R Ganguly, and Jennifer Dy. Climate downscaling using ynet: A deep convo-
lutional network with skip connections and fusion. In Proceedings of the 26th ACM SIGKDD
International Conference on Knowledge Discovery & Data Mining, pp. 3145-3153, 2020.

Ze Liu, Yutong Lin, Yue Cao, Han Hu, Yixuan Wei, Zheng Zhang, Stephen Lin, and Baining Guo.
Swin transformer: Hierarchical vision transformer using shifted windows. In Proceedings of the
IEEE/CVF international conference on computer vision, pp. 10012-10022, 2021.

Ze Liu, Jia Ning, Yue Cao, Yixuan Wei, Zheng Zhang, Stephen Lin, and Han Hu. Video swin trans-
former. In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition,

pp. 3202-3211, 2022.

Peter Lynch. The origins of computer weather prediction and climate modeling. Journal of compu-
tational physics, 227(7):3431-3444, 2008.

Tung Nguyen, Johannes Brandstetter, Ashish Kapoor, Jayesh K Gupta, and Aditya Grover. Climax:
A foundation model for weather and climate. arXiv preprint arXiv:2301.10343, 2023.

B. C. O’Neill, C. Tebaldi, D. P. van Vuuren, V. Eyring, P. Friedlingstein, G. Hurtt, R. Knutti,
E. Kriegler, J.-F. Lamarque, J. Lowe, G. A. Meehl, R. Moss, K. Riahi, and B. M. Sanderson.
The scenario model intercomparison project (ScenarioMIP) for CMIP6. Geoscientific Model De-
velopment, 9(9):3461-3482, 2016. doi: 10.5194/gmd-9-3461-2016.

T. N. Palmer. Stochastic weather and climate models. Nature Reviews Physics, 1(7):463-471, July
2019. ISSN 2522-5820. doi: 10.1038/s42254-019-0062-2.

Jaideep Pathak, Shashank Subramanian, Peter Harrington, Sanjeev Raja, Ashesh Chattopadhyay,
Morteza Mardani, Thorsten Kurth, David Hall, Zongyi Li, Kamyar Azizzadenesheli, et al. Four-
castnet: A global data-driven high-resolution weather model using adaptive fourier neural opera-
tors. arXiv preprint arXiv:2202.11214, 2022.

N. C. Privé, R. M. Errico, and K.-S. Tai. The influence of observation errors on analysis er-
ror and forecast skill investigated with an observing system simulation experiment. Journal of
Geophysical Research: Atmospheres, 118(11):5332-5346, June 2013. ISSN 2169-897X. doi:
10.1002/jgrd.50452.

Anurag Ranjan and Michael J Black. Optical flow estimation using a spatial pyramid network. In
Proceedings of the IEEE conference on computer vision and pattern recognition, pp. 4161-4170,
2017.

Stephan Rasp, Peter D Dueben, Sebastian Scher, Jonathan A Weyn, Soukayna Mouatadid, and Nils
Thuerey. Weatherbench: a benchmark data set for data-driven weather forecasting. Journal of
Advances in Modeling Earth Systems, 12(11):¢2020MS002203, 2020.

Karen Stengel, Andrew Glaws, Dylan Hettinger, and Ryan N King. Adversarial super-resolution of
climatological wind and solar data. Proceedings of the National Academy of Sciences, 117(29):
16805-16815, 2020.

Xin Tao, Hongyun Gao, Renjie Liao, Jue Wang, and Jiaya Jia. Detail-revealing deep video super-
resolution. In Proceedings of the IEEE international conference on computer vision, pp. 4472—
4480, 2017.

Zhigang Tu, Hongyan Li, Wei Xie, Yuanzhong Liu, Shifu Zhang, Baoxin Li, and Junsong Yuan.
Optical flow for video super-resolution: A survey. Artificial Intelligence Review, 55(8):6505—
6546, 2022.

11



Under review as a conference paper at ICLR 2026

Aaron Van Den Oord, Oriol Vinyals, et al. Neural discrete representation learning. Advances in
neural information processing systems, 30, 2017.

Thomas Vandal, Evan Kodra, Sangram Ganguly, Andrew Michaelis, Ramakrishna Nemani, and
Auroop R Ganguly. Deepsd: Generating high resolution climate change projections through
single image super-resolution. In Proceedings of the 23rd acm sigkdd international conference
on knowledge discovery and data mining, pp. 1663-1672, 2017.

Robbie A Watt and Laura A Mansfield. Generative diffusion-based downscaling for climate. arXiv
preprint arXiv:2404.17752, 2024.

Daniel S Wilks. Use of stochastic weathergenerators for precipitation downscaling. Wiley Interdis-
ciplinary Reviews: Climate Change, 1(6):898-907, 2010.

Tianfan Xue, Baian Chen, Jiajun Wu, Donglai Wei, and William T Freeman. Video enhancement
with task-oriented flow. International Journal of Computer Vision, 127:1106-1125, 2019.
.1 DETAILS FOR CMIP6 DATA

Following the configurations in ClimaX Nguyen et al.|(2023), the criteria for data selection include:

* Experiment ID: ‘historical’ — focusing on historically simulated climate conditions.
 Table ID: ‘6hrPlevPt” — which indicates data sampled every six hours at specific pressure

levels.

* Variant Label: ‘rlilplfl’ — a code identifying simulations differentiated by initial con-
ditions (‘r’), initialization methods (‘i’), physics adjustments (‘p’), and forcing variants
().

With the selected data, we regrid them to 5.625° resolution, which will be used as the low-resolution
input to perform the super-resolution task. This regriding process is implemented by xesmf Python
package with bilinear interpolation.

.2 VISUALIZATION OF SUPER-RESOLUTION RESULTS
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Figure 4: Examples of Model Output.

Figure [ presents comparisons between low resolution inputs (top), model predictions (middle), and
the ground truth (bottom) in our experiment.
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