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Abstract

In this work, we present an arbitrary-scale super-
resolution (SR) method to enhance the resolu-
tion of scientific data, which often involves com-
plex challenges such as continuity, multi-scale
physics, and the intricacies of high-frequency sig-
nals. Grounded in operator learning, the proposed
method is resolution-invariant. The core of our
model is a hierarchical neural operator that lever-
ages a Galerkin-type self-attention mechanism,
enabling efficient learning of mappings between
function spaces. Sinc filters are used to facilitate
the information transfer across different levels
in the hierarchy, thereby ensuring representation
equivalence in the proposed neural operator. Ad-
ditionally, we introduce a learnable prior structure
that is derived from the spectral resizing of the
input data. This loss prior is model-agnostic and
is designed to dynamically adjust the weighting
of pixel contributions, thereby balancing gradi-
ents effectively across the model. We conduct
extensive experiments on diverse datasets from
different domains and demonstrate consistent im-
provements compared to strong baselines, which
consist of various state-of-the-art SR methods.

1. Introduction
Super-resolution (SR) plays a pivotal role in low-level vision
tasks. The primary objective of SR is to transform blurred,
fuzzy, and low-resolution images into clear, high-resolution
images with enhanced visual perception. In recent years,
deep learning has significantly advanced SR and has demon-
strated promising performances in diverse domains beyond
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computer vision, including but not limited to medical imag-
ing (Li et al., 2022), climate modeling (Reichstein et al.,
2019), and remote sensing (Akiva et al., 2022). Neverthe-
less, existing deep learning-based SR methods often limit
themselves to a fixed-scale (e.g., ×2,×3,×4). The emer-
gence of implicit neural representation (INR) in computer vi-
sion allows for continuous representation of complex 2D/3D
objects and scenes (Xie et al., 2022). This development in-
troduces opportunities for arbitrary-scale SR.

Challenges: Current arbitrary-scale SR methods, while
capable of learning continuous representations from dis-
cretized data, face several challenges. 1) Low-resolution
Features: The spatial resolution of extracted features is
often inadequate for dense tasks such as image segmen-
tation and regression. For example, using ResNet-50 on
a 224 × 224 pixel input results in 7 × 7 deep features,
showing a marked loss of resolution due to aggressive pool-
ing (He et al., 2016). Even without resolution reduction,
empirical evidence shows performance decline after flipping
the feature map-a phenomenon termed flipping consistency
decline (Song et al., 2023). 2) Spectral Bias: INRs are
coordinate-based continuous functions usually parameter-
ized by a multi-layer perceptron (MLP). The point-wise
behavior of MLP in spatial dimensions poses challenges
in learning high-frequency information, commonly known
as spectral bias (Rahaman et al., 2019). This issue is par-
ticularly problematic when modeling scientific data, where
the super-resolved predictions often appear over-diffused
and fail to capture fine-scale details, such as small-scale
vortices in turbulent flows (Fukami et al., 2019). 3) Loss
Function: Most arbitrary-scale methods rely on per-pixel
loss metrics (e.g., L1/L2 loss) (Liu et al., 2023). Training
the model with a per-pixel L1 loss in a regression manner
biases the reconstruction error towards an averaged output
of all potential high-resolution images. Consequently, this
often leads to blurry model predictions.

Solutions: For challenge 1), the key solution lies in upsam-
pling deep features. Traditional spatial upsampling methods,
such as transposed convolution, focus on local pixel atten-
tion and overlook global dependencies (Dumoulin & Visin,
2016). In contrast, Fourier domain upsampling supports
global modeling. Therefore, we propose a hybrid approach
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that combines traditional convolution with spectral upsam-
pling for enhanced performance. For challenge 2), we re-
formulate SR as operator learning (Kovachki et al., 2023).
We replace the MLP-based inference network in an INR
with a neural operator. This approach considers images as
continuous functions rather than 2D pixel arrays, with each
image instance representing a discretization of an underly-
ing function. Here, we propose a hierarchical transformer
as a neural operator for learning mappings between these
function spaces. For challenge 3), we propose a spectral
resizing-based loss prior. This prior is designed to adjust
the contribution of each pixel to the overall loss within
the image space. Such re-weighting redistributes gradients,
thereby improving the SR model’s ability to capture details
across both high- and low-frequency regions.

The major contributions of our work include:
• We introduce a new hierarchical neural operator based

on the transformer architecture with a Galerkin-type
self-attention mechanism for arbitrary-scale super-
resolution of scientific data.

• We devise a simple yet highly effective mechanism to
construct a loss prior. It strategically adjusts pixel loss
contributions during training and rebalances them in
the next gradient updating step.

• We carry out extensive experiments to assess the effec-
tiveness of our proposed method, showcasing its su-
periority compared to existing state-of-the-art (SOTA)
SR approaches.

2. Background and Related Work
Super-resolution in many cases is a challenging ill-posed
inverse problem. Its primary goal is to establish a mapping
F : RDa → RDb that transforms a given low-resolution (LR)
input, denoted as a, into a high-resolution (HR) output, de-
noted as b, where D represents the discretization function
and D(a) represents the discretized resolution of a. The
SR problem has traditionally been addressed by a spectrum
of techniques, such as interpolation (Keys, 1981), neighbor
embedding (Chang et al., 2004), sparse coding (Yang et al.,
2010), and dictionary-based learning (Timofte et al., 2013).
Overall, these approaches struggle to capture the intricate
and nonlinear LR-to-HR transformation, often resulting in
subpar super-resolved images, particularly in contexts in-
volving high-wavenumbers (e.g. turbulence in Xie et al.
(2018) and climate in Stengel et al. (2020)). On the other
hand, the success of deep learning has brought about signifi-
cant advancements in this field.

2.1. Deep Super-Resolution Models

Single-scale SR. Dong et al. (2014) were the first to in-
troduce the CNN-based network to address SR challenges

in natural images, achieving superior results compared to
conventional methods. Following this, VDSR incorpo-
rated residual blocks (Kim et al., 2016), EDSR removed
batch normalization layers, utilizing a residual scaling tech-
nique for training (Lim et al., 2017), RDN introduced the
concept of dense feature fusion (Zhang et al., 2018), and
SwinIR proposed bi-level feature extraction mechanism for
local attention and cross-window interaction (Liang et al.,
2021). These advancements collectively contributed to fur-
ther enhancing the performance of super-resolution methods.
Nonetheless, these approaches are confined to conducting
upsampling with predefined factors, necessitating the train-
ing of separate models for each upsampling ratio, e.g. F1 for
D(a) s1−→ D(b) and F2 for D(a) s2−→ D(b). This constraint
restricts the practical applicability of these single-scale SR
models (Liu et al., 2023).

Arbitrary-scale SR. Addressing this issue, a more recent
and practical approach of arbitrary-scale super-resolution
has emerged. MetaSR provides the first single-model so-
lution for arbitrary-scale SR by predicting convolutional
filter weights based on scale factors and coordinates, en-
abling adaptive filter weight prediction (Hu et al., 2019). In
contrast to Meta-SR, LIIF employs an MLP as a local im-
plicit function to predict RGB values based on queried HR
image coordinates, extracted LR image features, and a cell
size (Chen et al., 2021). LTE further introduced a local tex-
ture estimator that converts coordinates into Fourier domain
data, enhancing the representational capacity of its local im-
plicit function (Lee & Jin, 2022). More recently, LINF (Yao
et al., 2023) and CiaoSR (Cao et al., 2023) have emerged to
enhance LIIF’s implicit neural representation. LINF focuses
on learning local texture patch distributions, employing co-
ordinate conditional normalizing flow for conditional signal
generation. Alternatively, CiaoSR introduces an implicit
attention network to determine ensemble weights for nearby
local features. While effective, many arbitrary-scale SR
methods heavily depend on continuous functions parame-
terized by MLPs. Unfortunately, MLPs are recognized for
struggling with the learning of high-frequency functions,
limiting their applicability in scientific domains character-
ized by complex, multiphysics-multiscale processes, such
as weather data (Luo et al., 2023).

2.2. Neural Operator

Recently, neural operators have arisen as a promising ap-
proach for approximating functions (Kovachki et al., 2023).
Unlike fully connected neural networks and convolutional
neural networks, neural operators incorporate function space
characteristics to guide network training, demonstrating su-
perior performance in nonlinear fitting and maintaining in-
variance through discretization (Lu et al., 2021; Li et al.,
2021; Hao et al., 2023; Tran et al., 2023). SRNO exemplifies
the application of neural operators in super-resolution tasks,
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<latexit sha1_base64="MNkhFSGCfxQVRjIQ+u5BA2S3RsQ="></latexit>�
h1(x)

 
x2D1

<latexit sha1_base64="ASnl99F4xeYsSBuRrSsnR9KAN1A="></latexit>�
h2(x)

 
x2D2

<latexit sha1_base64="O7vwdPM8/iKMvdL9A0fz4euN8ys="></latexit>n
hK(x)

o
x2DK

<latexit sha1_base64="EvfsS1o7thOpRSJXiAQcnWa+eLo="></latexit>n
bK(x)

o
x2DK

<latexit sha1_base64="mPiFpvwzL9z+vhFuuJpRytXiWJM="></latexit>�
b2(x)

 
x2D2

<latexit sha1_base64="YgnLe3lxWSnETcMgqVkckqWNnGw="></latexit>�
b1(x)

 
x2D1

<latexit sha1_base64="ASo7s+/9jbIQBauYkp9iW9YdGJk="></latexit>

Iterative Kernel Integral: · · · ! hn�1 ! hn ! . . .
<latexit sha1_base64="rBbU+VJA5HgjFEXBh5r3aKHgrmA=">AAAB83icbVDLSgNBEJz1GeMr6tHLYBA8hV2R6DHoRW8RzAOyS5id9CZDZh/M9IphyW948aCIV3/Gm3/jbLIHTSxoKKq66e7yEyk02va3tbK6tr6xWdoqb+/s7u1XDg7bOk4VhxaPZay6PtMgRQQtFCihmyhgoS+h449vcr/zCEqLOHrASQJeyIaRCARnaCTXRXjC7C5KUpz2K1W7Zs9Al4lTkCop0OxXvtxBzNMQIuSSad1z7AS9jCkUXMK07KYaEsbHbAg9QyMWgvay2c1TemqUAQ1iZSpCOlN/T2Qs1HoS+qYzZDjSi14u/uf1UgyuvEzkL0HE54uCVFKMaR4AHQgFHOXEEMaVMLdSPmKKcTQxlU0IzuLLy6R9XnPqtfr9RbVxXcRRIsfkhJwRh1ySBrklTdIinCTkmbySNyu1Xqx362PeumIVM0fkD6zPH7h6kiY=</latexit>

Input
<latexit sha1_base64="vATVMPgRX+Pr3tqfJR1PcdYS6YE=">AAAB9HicbVDLSgNBEOz1GeMr6tHLYBA8hV2R6DHoxZsRzAOSJcxOJsmQ2dl1pjcYlnyHFw+KePVjvPk3TpI9aGJBQ1HVTXdXEEth0HW/nZXVtfWNzdxWfntnd2+/cHBYN1GiGa+xSEa6GVDDpVC8hgIlb8aa0zCQvBEMb6Z+Y8S1EZF6wHHM/ZD2legJRtFKfhv5E6Z3CcYJTjqFoltyZyDLxMtIETJUO4WvdjdiScgVMkmNaXlujH5KNQom+STfTgyPKRvSPm9ZqmjIjZ/Ojp6QU6t0SS/SthSSmfp7IqWhMeMwsJ0hxYFZ9Kbif14rwd6VnwplX+KKzRf1EkkwItMESFdozlCOLaFMC3srYQOqKUObU96G4C2+vEzq5yWvXCrfXxQr11kcOTiGEzgDDy6hArdQhRoweIRneIU3Z+S8OO/Ox7x1xclmjuAPnM8fpnGSsQ==</latexit>

Output

<latexit sha1_base64="ituQw+MFrdieUnNL/Xe4oAe6yiU=">AAAB8XicbVBNTwIxFHyLX4hfqEcvjcTEE9k1Bj0SvXiERJAIhHTLW2jodjdt14Rs+BdePGiMV/+NN/+NXdiDgpM0mcy8l84bPxZcG9f9dgpr6xubW8Xt0s7u3v5B+fCoraNEMWyxSESq41ONgktsGW4EdmKFNPQFPviT28x/eEKleSTvzTTGfkhHkgecUWOlx15IzdgP0uZsUK64VXcOskq8nFQgR2NQ/uoNI5aEKA0TVOuu58amn1JlOBM4K/USjTFlEzrCrqWShqj76TzxjJxZZUiCSNknDZmrvzdSGmo9DX07mSXUy14m/ud1ExNc91Mu48SgZIuPgkQQE5HsfDLkCpkRU0soU9xmJWxMFWXGllSyJXjLJ6+S9kXVq1VrzctK/SavowgncArn4MEV1OEOGtACBhKe4RXeHO28OO/Ox2K04OQ7x/AHzucPxYiRAA==</latexit>

Q

<latexit sha1_base64="865zHo3yg+UcbXFyJGXfMGlGA8M=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIVJdFN4KbCvaBbSmZNNOGZjJDckcoQ//CjQtF3Po37vwbM+0stHogcDjnXnLu8WMpDLrul1NYWV1b3yhulra2d3b3yvsHLRMlmvEmi2SkOz41XArFmyhQ8k6sOQ19ydv+5Drz249cGxGpe5zGvB/SkRKBYBSt9NALKY79IL2dDcoVt+rOQf4SLycVyNEYlD97w4glIVfIJDWm67kx9lOqUTDJZ6VeYnhM2YSOeNdSRUNu+uk88YycWGVIgkjbp5DM1Z8bKQ2NmYa+ncwSmmUvE//zugkGl/1UqDhBrtjioyCRBCOSnU+GQnOGcmoJZVrYrISNqaYMbUklW4K3fPJf0jqrerVq7e68Ur/K6yjCERzDKXhwAXW4gQY0gYGCJ3iBV8c4z86b874YLTj5ziH8gvPxDbxqkPo=</latexit>

K

<latexit sha1_base64="q9waWXuRFlsPdwxqVfavqZrI8ZQ=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIVJdFNy4r2Ae2pWTSO21oJjMkGaEM/Qs3LhRx69+482/MtLPQ1gOBwzn3knOPHwuujet+O4W19Y3NreJ2aWd3b/+gfHjU0lGiGDZZJCLV8alGwSU2DTcCO7FCGvoC2/7kNvPbT6g0j+SDmcbYD+lI8oAzaqz02AupGftB2poNyhW36s5BVomXkwrkaAzKX71hxJIQpWGCat313Nj0U6oMZwJnpV6iMaZsQkfYtVTSEHU/nSeekTOrDEkQKfukIXP190ZKQ62noW8ns4R62cvE/7xuYoLrfsplnBiUbPFRkAhiIpKdT4ZcITNiagllitushI2poszYkkq2BG/55FXSuqh6tWrt/rJSv8nrKMIJnMI5eHAFdbiDBjSBgYRneIU3RzsvzrvzsRgtOPnOMfyB8/kDzSGRBQ==</latexit>

V

<latexit sha1_base64="rAICL86xypyPKXbopSQ/mpmMvw0=">AAAB+nicbVDLSgNBEJyNrxhfGz16GQyCp7ArEj0GvXjwEME8IAlhdtJJhszOLjO9aljzKV48KOLVL/Hm3zh5HDSxoKGo6qa7K4ilMOh5305mZXVtfSO7mdva3tndc/P7NRMlmkOVRzLSjYAZkEJBFQVKaMQaWBhIqAfDq4lfvwdtRKTucBRDO2R9JXqCM7RSx823EB4xvWEj0FRFOhx33IJX9Kagy8SfkwKZo9Jxv1rdiCchKOSSGdP0vRjbKdMouIRxrpUYiBkfsj40LVUsBNNOp6eP6bFVurQXaVsK6VT9PZGy0JhRGNjOkOHALHoT8T+vmWDvop0KFScIis8W9RJJMaKTHGhXaOAoR5YwroW9lfIB04yjTStnQ/AXX14mtdOiXyqWbs8K5ct5HFlySI7ICfHJOSmTa1IhVcLJA3kmr+TNeXJenHfnY9aaceYzB+QPnM8fugqUUg==</latexit>

Layer norm

<latexit sha1_base64="rAICL86xypyPKXbopSQ/mpmMvw0=">AAAB+nicbVDLSgNBEJyNrxhfGz16GQyCp7ArEj0GvXjwEME8IAlhdtJJhszOLjO9aljzKV48KOLVL/Hm3zh5HDSxoKGo6qa7K4ilMOh5305mZXVtfSO7mdva3tndc/P7NRMlmkOVRzLSjYAZkEJBFQVKaMQaWBhIqAfDq4lfvwdtRKTucBRDO2R9JXqCM7RSx823EB4xvWEj0FRFOhx33IJX9Kagy8SfkwKZo9Jxv1rdiCchKOSSGdP0vRjbKdMouIRxrpUYiBkfsj40LVUsBNNOp6eP6bFVurQXaVsK6VT9PZGy0JhRGNjOkOHALHoT8T+vmWDvop0KFScIis8W9RJJMaKTHGhXaOAoR5YwroW9lfIB04yjTStnQ/AXX14mtdOiXyqWbs8K5ct5HFlySI7ICfHJOSmTa1IhVcLJA3kmr+TNeXJenHfnY9aaceYzB+QPnM8fugqUUg==</latexit>

Layer norm

<latexit sha1_base64="kmjtBeKQ5PQMWGDQ6AOZBQ1+7v8=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi1WPRi8cK9gPaUDbbTbt2sxt2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZemAhu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVqyppUCaU7ITFMcMmayFGwTqIZiUPB2uH4dua3n5g2XMkHnCQsiMlQ8ohTglZq9ZDHzPTLFa/qzeGuEj8nFcjR6Je/egNF05hJpIIY0/W9BIOMaORUsGmplxqWEDomQ9a1VBK7JMjm107dM6sM3EhpWxLdufp7IiOxMZM4tJ0xwZFZ9mbif143xeg6yLhMUmSSLhZFqXBRubPX3QHXjKKYWEKo5vZWl46IJhRtQCUbgr/88ippXVT9WrV2f1mp3+RxFOEETuEcfLiCOtxBA5pA4RGe4RXeHOW8OO/Ox6K14OQzx/AHzucPub2PPw==</latexit>⇥
<latexit sha1_base64="7CDz+hFii/hnzm/SPcG6JVj1JjA=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoMgCGFXJHoMevGYgHlAsoTZSW8yZnZ2mZkVQsgXePGgiFc/yZt/4yTZgyYWNBRV3XR3BYng2rjut5NbW9/Y3MpvF3Z29/YPiodHTR2nimGDxSJW7YBqFFxiw3AjsJ0opFEgsBWM7mZ+6wmV5rF8MOME/YgOJA85o8ZK9YteseSW3TnIKvEyUoIMtV7xq9uPWRqhNExQrTuemxh/QpXhTOC00E01JpSN6AA7lkoaofYn80On5MwqfRLGypY0ZK7+npjQSOtxFNjOiJqhXvZm4n9eJzXhjT/hMkkNSrZYFKaCmJjMviZ9rpAZMbaEMsXtrYQNqaLM2GwKNgRv+eVV0rwse5VypX5Vqt5mceThBE7hHDy4hircQw0awADhGV7hzXl0Xpx352PRmnOymWP4A+fzB3UXjLo=</latexit>

+
<latexit sha1_base64="lq5bqreoUpmK63MwCE9UN+Wf/Ms=">AAAB+XicbVDLSsNAFJ3UV62vqEs3g0VwVRKR6rLoxmUF+4AmlMl00g6dTMLMTaGE/IkbF4q49U/c+TdO2iy09cDA4Zx7uWdOkAiuwXG+rcrG5tb2TnW3trd/cHhkH590dZwqyjo0FrHqB0QzwSXrAAfB+oliJAoE6wXT+8LvzZjSPJZPME+YH5Gx5CGnBIw0tG1vQiDzIgKTIMy6eT60607DWQCvE7ckdVSiPbS/vFFM04hJoIJoPXCdBPyMKOBUsLzmpZolhE7JmA0MlSRi2s8WyXN8YZQRDmNlngS8UH9vZCTSeh4FZrKIqFe9QvzPG6QQ3voZl0kKTNLloTAVGGJc1IBHXDEKYm4IoYqbrJhOiCIUTFk1U4K7+uV10r1quM1G8/G63ror66iiM3SOLpGLblALPaA26iCKZugZvaI3K7NerHfrYzlascqdU/QH1ucPJcuUAw==</latexit>

V̂

<latexit sha1_base64="kmjtBeKQ5PQMWGDQ6AOZBQ1+7v8=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi1WPRi8cK9gPaUDbbTbt2sxt2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZemAhu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVqyppUCaU7ITFMcMmayFGwTqIZiUPB2uH4dua3n5g2XMkHnCQsiMlQ8ohTglZq9ZDHzPTLFa/qzeGuEj8nFcjR6Je/egNF05hJpIIY0/W9BIOMaORUsGmplxqWEDomQ9a1VBK7JMjm107dM6sM3EhpWxLdufp7IiOxMZM4tJ0xwZFZ9mbif143xeg6yLhMUmSSLhZFqXBRubPX3QHXjKKYWEKo5vZWl46IJhRtQCUbgr/88ippXVT9WrV2f1mp3+RxFOEETuEcfLiCOtxBA5pA4RGe4RXeHOW8OO/Ox6K14OQzx/AHzucPub2PPw==</latexit>⇥

<latexit sha1_base64="nmSj7F8vRt6a9Dl+uwtwivAPoPc=">AAACAHicbZDLSsNAFIYn9VbrLerChZvBIrgqiUh1WezGZQV7gTaUyXTSDp1MwsxJsYRufBU3LhRx62O4822ctFlo6w8DH/85hzPn92PBNTjOt1VYW9/Y3Cpul3Z29/YP7MOjlo4SRVmTRiJSHZ9oJrhkTeAgWCdWjIS+YG1/XM/q7QlTmkfyAaYx80IylDzglICx+vaJi3vAQ6ZxBuwRUlyP5GTWt8tOxZkLr4KbQxnlavTtr94goknIJFBBtO66TgxeShRwKtis1Es0iwkdkyHrGpTE7PTS+QEzfG6cAQ4iZZ4EPHd/T6Qk1Hoa+qYzJDDSy7XM/K/WTSC48VIu4wSYpItFQSIwRDhLAw+4YhTE1AChipu/YjoiilAwmZVMCO7yyavQuqy41Ur1/qpcu83jKKJTdIYukIuuUQ3doQZqIopm6Bm9ojfryXqx3q2PRWvBymeO0R9Znz9j15Wr</latexit>

1 ⇥ 1 Conv
<latexit sha1_base64="7CDz+hFii/hnzm/SPcG6JVj1JjA=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoMgCGFXJHoMevGYgHlAsoTZSW8yZnZ2mZkVQsgXePGgiFc/yZt/4yTZgyYWNBRV3XR3BYng2rjut5NbW9/Y3MpvF3Z29/YPiodHTR2nimGDxSJW7YBqFFxiw3AjsJ0opFEgsBWM7mZ+6wmV5rF8MOME/YgOJA85o8ZK9YteseSW3TnIKvEyUoIMtV7xq9uPWRqhNExQrTuemxh/QpXhTOC00E01JpSN6AA7lkoaofYn80On5MwqfRLGypY0ZK7+npjQSOtxFNjOiJqhXvZm4n9eJzXhjT/hMkkNSrZYFKaCmJjMviZ9rpAZMbaEMsXtrYQNqaLM2GwKNgRv+eVV0rwse5VypX5Vqt5mceThBE7hHDy4hircQw0awADhGV7hzXl0Xpx352PRmnOymWP4A+fzB3UXjLo=</latexit>

+<latexit sha1_base64="nmSj7F8vRt6a9Dl+uwtwivAPoPc=">AAACAHicbZDLSsNAFIYn9VbrLerChZvBIrgqiUh1WezGZQV7gTaUyXTSDp1MwsxJsYRufBU3LhRx62O4822ctFlo6w8DH/85hzPn92PBNTjOt1VYW9/Y3Cpul3Z29/YP7MOjlo4SRVmTRiJSHZ9oJrhkTeAgWCdWjIS+YG1/XM/q7QlTmkfyAaYx80IylDzglICx+vaJi3vAQ6ZxBuwRUlyP5GTWt8tOxZkLr4KbQxnlavTtr94goknIJFBBtO66TgxeShRwKtis1Es0iwkdkyHrGpTE7PTS+QEzfG6cAQ4iZZ4EPHd/T6Qk1Hoa+qYzJDDSy7XM/K/WTSC48VIu4wSYpItFQSIwRDhLAw+4YhTE1AChipu/YjoiilAwmZVMCO7yyavQuqy41Ur1/qpcu83jKKJTdIYukIuuUQ3doQZqIopm6Bm9ojfryXqx3q2PRWvBymeO0R9Znz9j15Wr</latexit>

1 ⇥ 1 Conv
<latexit sha1_base64="Ezg3vBEUcNCJzAiOmzplIYyTXFY=">AAAB/XicbVDNS8MwHE39nPOrfty8BIfgxdGKTI9DLx4nuA/YSknTdAtLk5KkwizFf8WLB0W8+n94878x3XrQzQchj/d+P/LygoRRpR3n21paXlldW69sVDe3tnd27b39jhKpxKSNBROyFyBFGOWkralmpJdIguKAkW4wvin87gORigp+rycJ8WI05DSiGGkj+fbhIBAsVJPYXNko9zN+5ua+XXPqzhRwkbglqYESLd/+GoQCpzHhGjOkVN91Eu1lSGqKGcmrg1SRBOExGpK+oRzFRHnZNH0OT4wSwkhIc7iGU/X3RoZiVQQ0kzHSIzXvFeJ/Xj/V0ZWXUZ6kmnA8eyhKGdQCFlXAkEqCNZsYgrCkJivEIyQR1qawqinBnf/yIumc191GvXF3UWtel3VUwBE4BqfABZegCW5BC7QBBo/gGbyCN+vJerHerY/Z6JJV7hyAP7A+fwD7hpWU</latexit>

hn�1
<latexit sha1_base64="ucNeuLNC/Aeta10AW9CC5tqnRXU=">AAAB+3icbVBPS8MwHP11/pvzX51HL8UheBqtyPQ49OJxgpuDrZQ0TbewNClJKo7Sr+LFgyJe/SLe/DZmWw+6+SDk8d7vR15emDKqtOt+W5W19Y3Nrep2bWd3b//APqz3lMgkJl0smJD9ECnCKCddTTUj/VQSlISMPISTm5n/8EikooLf62lK/ASNOI0pRtpIgV0fhoJFapqYKx8XQc6LwG64TXcOZ5V4JWlAiU5gfw0jgbOEcI0ZUmrguan2cyQ1xYwUtWGmSIrwBI3IwFCOEqL8fJ69cE6NEjmxkOZw7czV3xs5StQsnplMkB6rZW8m/ucNMh1f+TnlaaYJx4uH4ow5WjizIpyISoI1mxqCsKQmq4PHSCKsTV01U4K3/OVV0jtveq1m6+6i0b4u66jCMZzAGXhwCW24hQ50AcMTPMMrvFmF9WK9Wx+L0YpV7hzBH1ifPxPBlSI=</latexit>

hn

<latexit sha1_base64="w2BdFYZy2TLSfiMSmkdqVHOTSuU=">AAACCXicbVA9SwNBEN2LXzF+nVraLAYhNuFOJFoGbSxSRDAfkAthb7OXLNm7PXbnxHCktfGv2FgoYus/sPPfuJek0MQHA4/3ZpiZ58eCa3Ccbyu3srq2vpHfLGxt7+zu2fsHTS0TRVmDSiFV2yeaCR6xBnAQrB0rRkJfsJY/us781j1TmsvoDsYx64ZkEPGAUwJG6tnYA/YAaY0HgCfYCwkMKRFpbYJLHu1LOO3ZRafsTIGXiTsnRTRHvWd/eX1Jk5BFQAXRuuM6MXRTooBTwSYFL9EsJnREBqxjaERCprvp9JMJPjFKHwdSmYoAT9XfEykJtR6HvunMTtWLXib+53USCC67KY/iBFhEZ4uCRGCQOIsF97liFMTYEEIVN7diOiSKUDDhFUwI7uLLy6R5VnYr5crtebF6NY8jj47QMSohF12gKrpBddRAFD2iZ/SK3qwn68V6tz5mrTlrPnOI/sD6/AHd25nP</latexit>

Lift L(·)
<latexit sha1_base64="SsHxA7Zls5fTx6CPh5cxIWxOQq4=">AAACDHicbVDLSgMxFM34rPVVdekmWIS6KTMi1WXRjcsK9gGdUjKZTBubSYbkjliGfoAbf8WNC0Xc+gHu/BvTx0JbDwQO55xL7j1BIrgB1/12lpZXVtfWcxv5za3tnd3C3n7DqFRTVqdKKN0KiGGCS1YHDoK1Es1IHAjWDAZXY795z7ThSt7CMGGdmPQkjzglYKVuoegDe4CsptUdo4BH2I8J9CkRWW2ESz4NFZzYlFt2J8CLxJuRIpqh1i18+aGiacwkUEGMaXtuAp2MaOBUsFHeTw1LCB2QHmtbKknMTCebHDPCx1YJcaS0fRLwRP09kZHYmGEc2OR4VTPvjcX/vHYK0UUn4zJJgUk6/ShKBQaFx83gkGtbgRhaQqjmdldM+0QTCra/vC3Bmz95kTROy16lXLk5K1YvZ3Xk0CE6QiXkoXNURdeohuqIokf0jF7Rm/PkvDjvzsc0uuTMZg7QHzifP29Omzk=</latexit>

Project P(·)
<latexit sha1_base64="+lUoRn0E1YuZFf3UmYvcvJwNfdw=">AAACDHicbVDLSgMxFL1TX7W+qi7dBIvgxjIjUl0WXeiygn1AW0omzbShmQfJHbEM/QA3/oobF4q49QPc+Tdm2llo64XA4dxzkpzjRlJotO1vK7e0vLK6ll8vbGxube8Ud/caOowV43UWylC1XKq5FAGvo0DJW5Hi1Hclb7qjq3TfvOdKizC4w3HEuz4dBMITjKKhesVSB/kDJtdUcjUSAUk1xFznnVBEHqSiiVHZZXs6ZBE4GShBNrVe8avTD1nsGz+TVOu2Y0fYTahCwSSfFDqx5hFlIzrgbQMD6nPdTaZhJuTIMH3ihcqcAMmU/e1IqK/12HeN0qc41PO7lPxv147Ru+gmIohiE4zNHvJiSTCcpe4LxRnKsQGUKWH+StiQKsrQ9FcwJTjzkRdB47TsVMqV27NS9TKrIw8HcAjH4MA5VOEGalAHBo/wDK/wZj1ZL9a79TGT5qzMsw9/xvr8Aa2UnAk=</latexit>

Galerkin type self-attention

<latexit sha1_base64="pdJLtZ7ichNC1J1ruhuzZGzmtE8=">AAAB7HicbVBNS8NAFHypX7V+VT16WSyCp5KIVI9FLx4rmLbQhrLZbtqlm03YfRFK6G/w4kERr/4gb/4bt20OWh1YGGbesO9NmEph0HW/nNLa+sbmVnm7srO7t39QPTxqmyTTjPsskYnuhtRwKRT3UaDk3VRzGoeSd8LJ7dzvPHJtRKIecJryIKYjJSLBKFrJ7w8TNINqza27C5C/xCtIDQq0BtVPm2NZzBUySY3peW6KQU41Cib5rNLPDE8pm9AR71mqaMxNkC+WnZEzqwxJlGj7FJKF+jOR09iYaRzayZji2Kx6c/E/r5dhdB3kQqUZcsWWH0WZJJiQ+eVkKDRnKKeWUKaF3ZWwMdWUoe2nYkvwVk/+S9oXda9Rb9xf1po3RR1lOIFTOAcPrqAJd9ACHxgIeIIXeHWU8+y8Oe/L0ZJTZI7hF5yPb/T6js0=</latexit>

... <latexit sha1_base64="pdJLtZ7ichNC1J1ruhuzZGzmtE8=">AAAB7HicbVBNS8NAFHypX7V+VT16WSyCp5KIVI9FLx4rmLbQhrLZbtqlm03YfRFK6G/w4kERr/4gb/4bt20OWh1YGGbesO9NmEph0HW/nNLa+sbmVnm7srO7t39QPTxqmyTTjPsskYnuhtRwKRT3UaDk3VRzGoeSd8LJ7dzvPHJtRKIecJryIKYjJSLBKFrJ7w8TNINqza27C5C/xCtIDQq0BtVPm2NZzBUySY3peW6KQU41Cib5rNLPDE8pm9AR71mqaMxNkC+WnZEzqwxJlGj7FJKF+jOR09iYaRzayZji2Kx6c/E/r5dhdB3kQqUZcsWWH0WZJJiQ+eVkKDRnKKeWUKaF3ZWwMdWUoe2nYkvwVk/+S9oXda9Rb9xf1po3RR1lOIFTOAcPrqAJd9ACHxgIeIIXeHWU8+y8Oe/L0ZJTZI7hF5yPb/T6js0=</latexit>

...
<latexit sha1_base64="pdJLtZ7ichNC1J1ruhuzZGzmtE8=">AAAB7HicbVBNS8NAFHypX7V+VT16WSyCp5KIVI9FLx4rmLbQhrLZbtqlm03YfRFK6G/w4kERr/4gb/4bt20OWh1YGGbesO9NmEph0HW/nNLa+sbmVnm7srO7t39QPTxqmyTTjPsskYnuhtRwKRT3UaDk3VRzGoeSd8LJ7dzvPHJtRKIecJryIKYjJSLBKFrJ7w8TNINqza27C5C/xCtIDQq0BtVPm2NZzBUySY3peW6KQU41Cib5rNLPDE8pm9AR71mqaMxNkC+WnZEzqwxJlGj7FJKF+jOR09iYaRzayZji2Kx6c/E/r5dhdB3kQqUZcsWWH0WZJJiQ+eVkKDRnKKeWUKaF3ZWwMdWUoe2nYkvwVk/+S9oXda9Rb9xf1po3RR1lOIFTOAcPrqAJd9ACHxgIeIIXeHWU8+y8Oe/L0ZJTZI7hF5yPb/T6js0=</latexit>

...
<latexit sha1_base64="pdJLtZ7ichNC1J1ruhuzZGzmtE8=">AAAB7HicbVBNS8NAFHypX7V+VT16WSyCp5KIVI9FLx4rmLbQhrLZbtqlm03YfRFK6G/w4kERr/4gb/4bt20OWh1YGGbesO9NmEph0HW/nNLa+sbmVnm7srO7t39QPTxqmyTTjPsskYnuhtRwKRT3UaDk3VRzGoeSd8LJ7dzvPHJtRKIecJryIKYjJSLBKFrJ7w8TNINqza27C5C/xCtIDQq0BtVPm2NZzBUySY3peW6KQU41Cib5rNLPDE8pm9AR71mqaMxNkC+WnZEzqwxJlGj7FJKF+jOR09iYaRzayZji2Kx6c/E/r5dhdB3kQqUZcsWWH0WZJJiQ+eVkKDRnKKeWUKaF3ZWwMdWUoe2nYkvwVk/+S9oXda9Rb9xf1po3RR1lOIFTOAcPrqAJd9ACHxgIeIIXeHWU8+y8Oe/L0ZJTZI7hF5yPb/T6js0=</latexit>

...<latexit sha1_base64="vUWPz9lmQzerIxeJAkDyatePPQ0=">AAAB+XicbVDLSsNAFL2pr1pfUZdugkVwVRKR6rLoxmUF+4A2hMlk0g6dzISZSaGE/okbF4q49U/c+TdO2iy09cAwh3PuZc6cMGVUadf9tiobm1vbO9Xd2t7+weGRfXzSVSKTmHSwYEL2Q6QIo5x0NNWM9FNJUBIy0gsn94XfmxKpqOBPepYSP0EjTmOKkTZSYNvDULBIzRJz5eN54AZ23W24CzjrxCtJHUq0A/trGAmcJYRrzJBSA89NtZ8jqSlmZF4bZoqkCE/QiAwM5Sghys8XyefOhVEiJxbSHK6dhfp7I0eJKsKZyQTpsVr1CvE/b5Dp+NbPKU8zTThePhRnzNHCKWpwIioJ1mxmCMKSmqwOHiOJsDZl1UwJ3uqX10n3quE1G83H63rrrqyjCmdwDpfgwQ204AHa0AEMU3iGV3izcuvFerc+lqMVq9w5hT+wPn8A5XCT2A==</latexit>

h0

<latexit sha1_base64="SJOjjG70m0xDmw9gHfVEsUhqoDU=">AAAB+XicbVBPS8MwHP11/pvzX9Wjl+IQPI1WZHocevEkE5wbbKWkabqFpUlJ0sEo+yZePCji1W/izW9juvWgmw9CHu/9fuTlhSmjSrvut1VZW9/Y3Kpu13Z29/YP7MOjJyUyiUkHCyZkL0SKMMpJR1PNSC+VBCUhI91wfFv43QmRigr+qKcp8RM05DSmGGkjBbY9CAWL1DQxVz6aBfeBXXcb7hzOKvFKUocS7cD+GkQCZwnhGjOkVN9zU+3nSGqKGZnVBpkiKcJjNCR9QzlKiPLzefKZc2aUyImFNIdrZ67+3shRoopwZjJBeqSWvUL8z+tnOr72c8rTTBOOFw/FGXO0cIoanIhKgjWbGoKwpCarg0dIIqxNWTVTgrf85VXydNHwmo3mw2W9dVPWUYUTOIVz8OAKWnAHbegAhgk8wyu8Wbn1Yr1bH4vRilXuHMMfWJ8/EveT9g==</latexit>

hN<latexit sha1_base64="I5k7FvyKFB3tuXu3BZS6FCQe++Q=">AAAB/3icbVDNS8MwHE39nPOrKnjxEhyCp9GKTI9DLx4nuA9Yy0jTdAtLk5Kkwqw9+K948aCIV/8Nb/43plsPuvkg5PHe70deXpAwqrTjfFtLyyura+uVjerm1vbOrr2331EilZi0sWBC9gKkCKOctDXVjPQSSVAcMNINxteF370nUlHB7/QkIX6MhpxGFCNtpIF96GnKQpJ5gWChmsTmyh7yfGDXnLozBVwkbklqoERrYH95ocBpTLjGDCnVd51E+xmSmmJG8qqXKpIgPEZD0jeUo5goP5vmz+GJUUIYCWkO13Cq/t7IUKyKbGYyRnqk5r1C/M/rpzq69DPKk1QTjmcPRSmDWsCiDBhSSbBmE0MQltRkhXiEJMLaVFY1JbjzX14knbO626g3bs9rzauyjgo4AsfgFLjgAjTBDWiBNsDgETyDV/BmPVkv1rv1MRtdssqdA/AH1ucPW8yW/Q==</latexit>

z̃

<latexit sha1_base64="cxpse+EekHjVsghPGNPF2R95gVM=">AAAB9XicbVDLSgMxFL3js9ZX1aWbYBFclRmR6rLoxmUF+4B2LJlMpg3NJEOSUcrQ/3DjQhG3/os7/8ZMOwttPRByOOdecnKChDNtXPfbWVldW9/YLG2Vt3d29/YrB4dtLVNFaItILlU3wJpyJmjLMMNpN1EUxwGnnWB8k/udR6o0k+LeTBLqx3goWMQINlZ66AeSh3oS2ysLpoNK1a25M6Bl4hWkCgWag8pXP5QkjakwhGOte56bGD/DyjDC6bTcTzVNMBnjIe1ZKnBMtZ/NUk/RqVVCFElljzBopv7eyHCs82h2MsZmpBe9XPzP66UmuvIzJpLUUEHmD0UpR0aivAIUMkWJ4RNLMFHMZkVkhBUmxhZVtiV4i19eJu3zmlev1e8uqo3roo4SHMMJnIEHl9CAW2hCCwgoeIZXeHOenBfn3fmYj644xc4R/IHz+QM1cJL+</latexit>

b<latexit sha1_base64="w2BdFYZy2TLSfiMSmkdqVHOTSuU=">AAACCXicbVA9SwNBEN2LXzF+nVraLAYhNuFOJFoGbSxSRDAfkAthb7OXLNm7PXbnxHCktfGv2FgoYus/sPPfuJek0MQHA4/3ZpiZ58eCa3Ccbyu3srq2vpHfLGxt7+zu2fsHTS0TRVmDSiFV2yeaCR6xBnAQrB0rRkJfsJY/us781j1TmsvoDsYx64ZkEPGAUwJG6tnYA/YAaY0HgCfYCwkMKRFpbYJLHu1LOO3ZRafsTIGXiTsnRTRHvWd/eX1Jk5BFQAXRuuM6MXRTooBTwSYFL9EsJnREBqxjaERCprvp9JMJPjFKHwdSmYoAT9XfEykJtR6HvunMTtWLXib+53USCC67KY/iBFhEZ4uCRGCQOIsF97liFMTYEEIVN7diOiSKUDDhFUwI7uLLy6R5VnYr5crtebF6NY8jj47QMSohF12gKrpBddRAFD2iZ/SK3qwn68V6tz5mrTlrPnOI/sD6/AHd25nP</latexit>

Lift L(·)
<latexit sha1_base64="SsHxA7Zls5fTx6CPh5cxIWxOQq4=">AAACDHicbVDLSgMxFM34rPVVdekmWIS6KTMi1WXRjcsK9gGdUjKZTBubSYbkjliGfoAbf8WNC0Xc+gHu/BvTx0JbDwQO55xL7j1BIrgB1/12lpZXVtfWcxv5za3tnd3C3n7DqFRTVqdKKN0KiGGCS1YHDoK1Es1IHAjWDAZXY795z7ThSt7CMGGdmPQkjzglYKVuoegDe4CsptUdo4BH2I8J9CkRWW2ESz4NFZzYlFt2J8CLxJuRIpqh1i18+aGiacwkUEGMaXtuAp2MaOBUsFHeTw1LCB2QHmtbKknMTCebHDPCx1YJcaS0fRLwRP09kZHYmGEc2OR4VTPvjcX/vHYK0UUn4zJJgUk6/ShKBQaFx83gkGtbgRhaQqjmdldM+0QTCra/vC3Bmz95kTROy16lXLk5K1YvZ3Xk0CE6QiXkoXNURdeohuqIokf0jF7Rm/PkvDjvzsc0uuTMZg7QHzifP29Omzk=</latexit>

Project P(·)

<latexit sha1_base64="CrtZRI0J5OJxitoSdwOJc+/Wam0="></latexit>
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<latexit sha1_base64="Kkz5qLszyX5P9/KISnagrUBKHKQ=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0MOp7/XLFrbpzkFXi5aQCORr98ldvELM0QmmYoFp3PTcxfkaV4UzgtNRLNSaUjekQu5ZKGqH2s/mpU3JmlQEJY2VLGjJXf09kNNJ6EgW2M6JmpJe9mfif101NeO1nXCapQckWi8JUEBOT2d9kwBUyIyaWUKa4vZWwEVWUGZtOyYbgLb+8SloXVa9Wrd1fVuo3eRxFOIFTOAcPrqAOd9CAJjAYwjO8wpsjnBfn3flYtBacfOYY/sD5/AH2042b</latexit>

h1
<latexit sha1_base64="+QuQ58XVino6+hScoHmmH43bUWc=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkmR6rHoxWNF+wFtKJvtpF262YTdjVBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8O/PbT6g0j+WjmSToR3QoecgZNVZ6GPWr/VLZrbhzkFXi5aQMORr90ldvELM0QmmYoFp3PTcxfkaV4UzgtNhLNSaUjekQu5ZKGqH2s/mpU3JulQEJY2VLGjJXf09kNNJ6EgW2M6JmpJe9mfif101NeO1nXCapQckWi8JUEBOT2d9kwBUyIyaWUKa4vZWwEVWUGZtO0YbgLb+8SlrViler1O4vy/WbPI4CnMIZXIAHV1CHO2hAExgM4Rle4c0Rzovz7nwsWtecfOYE/sD5/AH4V42c</latexit>

h2

<latexit sha1_base64="BLD423yzviVm46txMjJh8ZFY7jc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lUqseiF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1Bqw8GHu/NMDMvSKQw6LpfTmFldW19o7hZ2tre2d0r7x+0TJxqxpsslrHuBNRwKRRvokDJO4nmNAokbwfjm5nffuTaiFg94CThfkSHSoSCUbTS/ah/3i9X3Ko7B/lLvJxUIEejX/7sDWKWRlwhk9SYrucm6GdUo2CST0u91PCEsjEd8q6likbc+Nn81Ck5scqAhLG2pZDM1Z8TGY2MmUSB7YwojsyyNxP/87ophld+JlSSIldssShMJcGYzP4mA6E5QzmxhDIt7K2EjaimDG06JRuCt/zyX9I6q3q1au3uolK/zuMowhEcwyl4cAl1uIUGNIHBEJ7gBV4d6Tw7b877orXg5DOH8AvOxzf5242d</latexit>

h3
<latexit sha1_base64="3yBX6PA8MuRYxuO8JYuMESIDlMY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0MOpf9ssVt+rOQVaJl5MK5Gj0y1+9QczSCKVhgmrd9dzE+BlVhjOB01Iv1ZhQNqZD7FoqaYTaz+anTsmZVQYkjJUtachc/T2R0UjrSRTYzoiakV72ZuJ/Xjc14bWfcZmkBiVbLApTQUxMZn+TAVfIjJhYQpni9lbCRlRRZmw6JRuCt/zyKmldVL1atXZ/Wanf5HEU4QRO4Rw8uII63EEDmsBgCM/wCm+OcF6cd+dj0Vpw8plj+APn8wf7X42e</latexit>

h4

<latexit sha1_base64="Kkz5qLszyX5P9/KISnagrUBKHKQ=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0MOp7/XLFrbpzkFXi5aQCORr98ldvELM0QmmYoFp3PTcxfkaV4UzgtNRLNSaUjekQu5ZKGqH2s/mpU3JmlQEJY2VLGjJXf09kNNJ6EgW2M6JmpJe9mfif101NeO1nXCapQckWi8JUEBOT2d9kwBUyIyaWUKa4vZWwEVWUGZtOyYbgLb+8SloXVa9Wrd1fVuo3eRxFOIFTOAcPrqAOd9CAJjAYwjO8wpsjnBfn3flYtBacfOYY/sD5/AH2042b</latexit>

h1

<latexit sha1_base64="+QuQ58XVino6+hScoHmmH43bUWc=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkmR6rHoxWNF+wFtKJvtpF262YTdjVBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8O/PbT6g0j+WjmSToR3QoecgZNVZ6GPWr/VLZrbhzkFXi5aQMORr90ldvELM0QmmYoFp3PTcxfkaV4UzgtNhLNSaUjekQu5ZKGqH2s/mpU3JulQEJY2VLGjJXf09kNNJ6EgW2M6JmpJe9mfif101NeO1nXCapQckWi8JUEBOT2d9kwBUyIyaWUKa4vZWwEVWUGZtO0YbgLb+8SlrViler1O4vy/WbPI4CnMIZXIAHV1CHO2hAExgM4Rle4c0Rzovz7nwsWtecfOYE/sD5/AH4V42c</latexit>

h2
<latexit sha1_base64="3yBX6PA8MuRYxuO8JYuMESIDlMY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0MOpf9ssVt+rOQVaJl5MK5Gj0y1+9QczSCKVhgmrd9dzE+BlVhjOB01Iv1ZhQNqZD7FoqaYTaz+anTsmZVQYkjJUtachc/T2R0UjrSRTYzoiakV72ZuJ/Xjc14bWfcZmkBiVbLApTQUxMZn+TAVfIjJhYQpni9lbCRlRRZmw6JRuCt/zyKmldVL1atXZ/Wanf5HEU4QRO4Rw8uII63EEDmsBgCM/wCm+OcF6cd+dj0Vpw8plj+APn8wf7X42e</latexit>

h4
<latexit sha1_base64="BLD423yzviVm46txMjJh8ZFY7jc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lUqseiF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1Bqw8GHu/NMDMvSKQw6LpfTmFldW19o7hZ2tre2d0r7x+0TJxqxpsslrHuBNRwKRRvokDJO4nmNAokbwfjm5nffuTaiFg94CThfkSHSoSCUbTS/ah/3i9X3Ko7B/lLvJxUIEejX/7sDWKWRlwhk9SYrucm6GdUo2CST0u91PCEsjEd8q6likbc+Nn81Ck5scqAhLG2pZDM1Z8TGY2MmUSB7YwojsyyNxP/87ophld+JlSSIldssShMJcGYzP4mA6E5QzmxhDIt7K2EjaimDG06JRuCt/zyX9I6q3q1au3uolK/zuMowhEcwyl4cAl1uIUGNIHBEJ7gBV4d6Tw7b877orXg5DOH8AvOxzf5242d</latexit>

h3

<latexit sha1_base64="qMUa1we0LayqCJtp0Xfa2TR1xHc=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KolI9Vj04rEF+wFtKJvtpF272YTdjVBCf4EXD4p49Sd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8N/PbT6g0j+WDmSToR3QoecgZNVZqtPulsltx5yCrxMtJGXLU+6Wv3iBmaYTSMEG17npuYvyMKsOZwGmxl2pMKBvTIXYtlTRC7WfzQ6fk3CoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDGz7hMUoOSLRaFqSAmJrOvyYArZEZMLKFMcXsrYSOqKDM2m6INwVt+eZW0LitetVJtXJVrt3kcBTiFM7gAD66hBvdQhyYwQHiGV3hzHp0X5935WLSuOfnMCfyB8/kDt8eM5g==</latexit>

W

<latexit sha1_base64="nrAaD6j0C7d7dZ5mZoUsM9OP+ww=">AAAB6XicbVBNS8NAEJ34WetX1aOXxSJ4KkmR6rHoxWMV+wFtKJvtpl262YTdiVBC/4EXD4p49R9589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR23TJxqxpsslrHuBNRwKRRvokDJO4nmNAokbwfj25nffuLaiFg94iThfkSHSoSCUbTSQ7XdL5XdijsHWSVeTsqQo9EvffUGMUsjrpBJakzXcxP0M6pRMMmnxV5qeELZmA5511JFI278bH7plJxbZUDCWNtSSObq74mMRsZMosB2RhRHZtmbif953RTDaz8TKkmRK7ZYFKaSYExmb5OB0JyhnFhCmRb2VsJGVFOGNpyiDcFbfnmVtKoVr1ap3V+W6zd5HAU4hTO4AA+uoA530IAmMAjhGV7hzRk7L86787FoXXPymRP4A+fzByi0jSI=</latexit>

2W

<latexit sha1_base64="b1eQ5b5xDlfVAUBGo2GLuA9aEp8=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaNQY9ELxwhkUcCGzI7NDAyO7uZmTUhG77AiweN8eonefNvHGAPClbSSaWqO91dQSy4Nq777eQ2Nre2d/K7hb39g8Oj4vFJS0eJYthkkYhUJ6AaBZfYNNwI7MQKaRgIbAeT+7nffkKleSQfzDRGP6QjyYecUWOlRq1fLLlldwGyTryMlCBDvV/86g0iloQoDRNU667nxsZPqTKcCZwVeonGmLIJHWHXUklD1H66OHRGLqwyIMNI2ZKGLNTfEykNtZ6Gge0MqRnrVW8u/ud1EzO89VMu48SgZMtFw0QQE5H512TAFTIjppZQpri9lbAxVZQZm03BhuCtvrxOWldlr1KuNK5L1bssjjycwTlcggc3UIUa1KEJDBCe4RXenEfnxXl3PpatOSebOYU/cD5/AKELjNc=</latexit>

H
<latexit sha1_base64="sf88qUc/oTclsONfpfEgmBSa8P0=">AAAB6XicbVDLTgJBEOzFF+IL9ehlIjHxRHaJQY9ELxzRyCMBQmaHWZgwO7uZ6TUhG/7AiweN8eofefNvHGAPClbSSaWqO91dfiyFQdf9dnIbm1vbO/ndwt7+weFR8fikZaJEM95kkYx0x6eGS6F4EwVK3ok1p6Eveduf3M399hPXRkTqEacx74d0pEQgGEUrPVTqg2LJLbsLkHXiZaQEGRqD4ldvGLEk5AqZpMZ0PTfGfko1Cib5rNBLDI8pm9AR71qqaMhNP11cOiMXVhmSINK2FJKF+nsipaEx09C3nSHFsVn15uJ/XjfB4KafChUnyBVbLgoSSTAi87fJUGjOUE4toUwLeythY6opQxtOwYbgrb68TlqVslctV++vSrXbLI48nME5XIIH11CDOjSgCQwCeIZXeHMmzovz7nwsW3NONnMKf+B8/gAR+I0T</latexit>
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Figure 1. Overview of the Hierarchical Neural Operator TransformEr (HiNOTE). HiNOTE features a structured architecture comprising
three key components: Firstly, an encoder designed for upsampling deep features; secondly, a sampler tasked with rendering a specific set
of features; and thirdly, a decoder capable of making inferences at various arbitrary points within the domain.

employing a linear attention operator for Petrov-Galerkin
projection (Wei & Zhang, 2023). DFNO is another instance
employing a Fourier neural operator for downscaling cli-
mate variables (Yang et al., 2023). This model undergoes
training with data featuring a modest upsampling factor and
subsequently demonstrates the ability to perform zero-shot
downscaling to arbitrary, unseen high resolutions.

3. Method
To achieve arbitrary-scale SR, we introduce Hierarchical
Neural Operator TransformEr (HiNOTE), featuring a hy-
brid upsampling module and a frequency-aware loss prior
(See Fig. 1). These designs enable accurate learning of the
continuous representation of the underlying data.

3.1. Problem Statement

Problem Reformulation. In the context of single-scale SR,
different methods aim to establish a mapping f : Rda →
Rdb from low-resolution input a ∈ Rda to high-resolution
output b ∈ Rdb with da < db. This formulation imposes
a constraint fixing the input/output resolution at da/db.
To overcome this limitation, we propose to learn a map-
ping from an infinite-dimensional function space to another
infinite-dimensional function space G† : A → B. Here,
A = A(D;Rda) and B = B(D;Rdb) are separable Ba-
nach spaces of functions taking values in Rda and Rdb re-
spectively (Kovachki et al., 2023). This approach models
observed digital data (dynamic fields, images of 2D pixel
arrays, or 1D acoustic signals) by continuous function repre-
sentations, treating corresponding data as observed measure-
ments in discretized domains of the underlying functions.
It allows for obtaining arbitrarily low-resolution inputs and
high-resolution outputs by evaluating a and b at numerous
points within D. For instance, a(D) = {a(x1), ..., a(xn)},
where D = {x1, . . . , xn} ⊂ D is a n-point discretization of
the domain D. For simplicity in the following discussion, a
and b will be used unless stated otherwise.

Optimization Goal. This new formulation based on con-
tinuous function representations enables arbitrary-scale SR:
Given observations {a(j), b(j)}Nj=1, where a(j) is an i.i.d.
low-resolution sample and b(j) = G†(a(j)) represents the
high-resolution counterpart, we seek to build a parametric
map to approximate G†:

Gθ : A×Θ → B, θ ∈ Θ (1)

for some finite-dimensional parameter space Θ by choosing
θ† ∈ Θ so that Gθ† ≈ G†.

3.2. Overview of Model Architecture

Following the defined problem, to achieve the goal of learn-
ing the mapping from the function space A to B, we design
Gθ as a composition of a hybrid upsampling-based encoder,
Eφ, and more importantly, a new hierarchical neural opera-
tor transformer-based decoder, Dϕ, stacked before and after
a parameter-free sampler S (Fig. 1):

Gθ := Dϕ ◦ S ◦ Eφ (2)

1. The encoder Eφ : A(D;Rda) → Z(D;Rdz ) is a func-
tional operator parameterized by φ. It maps the input
data a(j) to a condensed representation, i.e., a feature
vector z(j) = E(a(j);φ). We incorporate a hybrid
upsampling module into model Eφ, designed to effec-
tively capture both spatial and spectral information as
well as local and global details.

2. The sampler S is parameter-free and acts as an up-
sampling module S : Z(D;Rdz ) → Z(D;Rdb). It
aligns the encoder output size dz with any arbitrarily
chosen high-resolution discretization db.

3. The decoder Dϕ : Z(D;Rdb) → B(D;Rdb) is a func-
tional operator parameterized by ϕ. It enables the gen-
eration of super-resolved outputs at any specified reso-
lution during the inference b(j) = D(z(j);ϕ).
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3.3. Encoder

The encoder is engineered to extract a series of deep features
from the input data. However, these deep features often lack
the spatial resolution needed for tasks like segmentation
and depth prediction. This spatial insufficiency is amplified
in the SR setting, where every pixel from low-resolution
input is important. Common spatial up-sampling methods
in convolutional neural networks rely on local pixel atten-
tion, limiting global dependency exploration. In contrast,
the Fourier domain aligns with global modeling principles,
as per the spectral convolution theorem (Brigham, 1988).
To address this, we introduce a hybrid upsampling module
(See the encoder details in Fig. 1). It merges conventional
convolution-based upsampling with a recently developed
Fourier upsampling module (Yu et al., 2022). Our proposed
hybrid upsampling module effectively captures global fea-
tures and preserves overall structural integrity while also
benefiting from the local context awareness inherent in con-
volutional operations. An additional enhancement we intro-
duced pertains to the placement of the upsampling module.
While conventional SR models typically position the up-
sampling layer towards the end of the network. We propose
that refining feature maps at the network’s onset is more
advantageous (See Fig. 8).

3.4. Sampler

The sampler operator utilizes a patch-based interpolation
scheme to transform a discrete feature vector from the ex-
isting resolution dz to any target resolution db. Specifically,
this involves two steps: feature map rendering and patch
ensemble, as shown in Fig. 2.

Feature Map Rendering. For rendering a new feature
map from a discrete feature map with size h × w, we as-
sume feature vectors are evenly distributed in a 2D domain
[−1, 1]× [−1, 1]. Dividing this into h×w regions, each cell
(∆x×∆y) in the feature map z(j) is associated with abso-
lute central coordinates (x, y) in the corresponding region.
Given an arbitrary point at (x⋆, y⋆), we first calculate the
distances to the nearest four neighboring central coordinates
(xi, yi), where i ∈ {00, 01, 10, 11} represents the nearest
feature vectors in the top-left, top-right, bottom-left, and
bottom-right sub-spaces:

x′
i =

(x⋆ − xi) ·∆x

2
, y′i =

(y⋆ − yi) ·∆y

2
. (3)

We then normalize the feature vectors z(j)(xi, yi) based on
the area of the rectangle ai between the query point and its
nearest feature vector’s diagonal counterpart:

z(j)(x⋆, y⋆) = z(j)(xi, yi) · ai(x′
i, y

′
i) / (∆x ·∆y). (4)

Patch Ensemble. Instead of merging normalized feature
vectors, we propose feature ensembling. These normalized

features, along with positional information, are fused in the
decoder Dϕ(z

(j)) to enhance local feature ensembling:

z̃(j) = {z(j)(x⋆, y⋆), xi, yi,∆x,∆y}i. (5)

Compared to direct weighted summation
∑

i aiz
(j)
i , which

relies only on local feature coordinates (Chen et al., 2021),
fusing continuous feature maps z̃(j) in the decoder allows
the model to leverage more information from local features.
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<latexit sha1_base64="R5nH9qcfSrYP4rjA2ShKgbFknR4=">AAAB7XicbVDLSgMxFL1TX7W+qi7dBIvgqmTE17LoxmUF+4B2KJk008ZmkiHJCGXoP7hxoYhb/8edf2PazkJbD1w4nHMv994TJoIbi/G3V1hZXVvfKG6WtrZ3dvfK+wdNo1JNWYMqoXQ7JIYJLlnDcitYO9GMxKFgrXB0O/VbT0wbruSDHScsiMlA8ohTYp3UJL0M40mvXMFVPANaJn5OKpCj3it/dfuKpjGTlgpiTMfHiQ0yoi2ngk1K3dSwhNARGbCOo5LEzATZ7NoJOnFKH0VKu5IWzdTfExmJjRnHoeuMiR2aRW8q/ud1UhtdBxmXSWqZpPNFUSqQVWj6OupzzagVY0cI1dzdiuiQaEKtC6jkQvAXX14mzbOqf1m9uD+v1G7yOIpwBMdwCj5cQQ3uoA4NoPAIz/AKb57yXrx372PeWvDymUP4A+/zBx4fjtg=</latexit>a00

<latexit sha1_base64="r2MZmWIBWyyvBarhOw0zukK6Mtg=">AAACBHicbVA9SwNBEN3zM8avU8s0i0GwCnci0TJoYxnBfEByhL3NXLJk74PdOTEcKWz8KzYWitj6I+z8N26SKzTxwcDjvRlm5vmJFBod59taWV1b39gsbBW3d3b39u2Dw6aOU8WhwWMZq7bPNEgRQQMFSmgnCljoS2j5o+up37oHpUUc3eE4AS9kg0gEgjM0Us8udREeMOsLzRUg0AAYpgpoyJJJzy47FWcGukzcnJRJjnrP/ur2Y56GECGXTOuO6yToZUyh4BImxW6qIWF8xAbQMTRiIWgvmz0xoSdG6dMgVqYipDP190TGQq3HoW86Q4ZDvehNxf+8TorBpZeJKEkRIj5fFKSSYkynidC+UMBRjg1hXAlzK+VDphhHk1vRhOAuvrxMmmcVt1qp3p6Xa1d5HAVSIsfklLjkgtTIDamTBuHkkTyTV/JmPVkv1rv1MW9dsfKZI/IH1ucPa8qYmg==</latexit>

discrete feature map

<latexit sha1_base64="svJ1ml152Rn84m05D0rlduVaB+0=">AAAB/HicbVDLSsNAFJ34rPUV7dLNYBEqSJmIVDdC0Y3LCvYBbQiT6aQdOpmEmYk0hPorblwo4tYPceffOG2z0NYDFw7n3Mu99/gxZ0oj9G2trK6tb2wWtorbO7t7+/bBYUtFiSS0SSIeyY6PFeVM0KZmmtNOLCkOfU7b/uh26rcfqVQsEg86jakb4oFgASNYG8mzS2MvQ2gCr2Fl7KEzmHro1LPLqIpmgMvEyUkZ5Gh49levH5EkpEITjpXqOijWboalZoTTSbGXKBpjMsID2jVU4JAqN5sdP4EnRunDIJKmhIYz9fdEhkOl0tA3nSHWQ7XoTcX/vG6igys3YyJONBVkvihIONQRnCYB+0xSonlqCCaSmVshGWKJiTZ5FU0IzuLLy6R1XnVq1dr9Rbl+k8dRAEfgGFSAAy5BHdyBBmgCAlLwDF7Bm/VkvVjv1se8dcXKZ0rgD6zPH5OIksw=</latexit>

x00 = (x0, y0)

<latexit sha1_base64="YuGSPLVRWum/T5wwKoDgaw1oTbM=">AAACAnicbZC7SgNBFIbPxluMt1UrsRkMoo1hVyTaCEEbywjmAsm6zE4myZDZCzOzkrAsNr6KjYUitj6FnW/jJNlCE38Y+PjPOZw5vxdxJpVlfRu5hcWl5ZX8amFtfWNzy9zeqcswFoTWSMhD0fSwpJwFtKaY4rQZCYp9j9OGN7ge1xsPVEgWBndqFFHHx72AdRnBSluuuTe8T45S10KXSFNbKixSdIKGruWaRatkTYTmwc6gCJmqrvnV7oQk9mmgCMdStmwrUk6ChWKE07TQjiWNMBngHm1pDLBPpZNMTkjRoXY6qBsK/QKFJu7viQT7Uo58T3f6WPXlbG1s/ldrxap74SQsiGJFAzJd1I05UiEa54E6TFCi+EgDJoLpvyLSxwITpVMr6BDs2ZPnoX5assul8u1ZsXKVxZGHfTiAY7DhHCpwA1WoAYFHeIZXeDOejBfj3fiYtuaMbGYX/sj4/AEzcJYJ</latexit>

x
0
0 = x? � x0

<latexit sha1_base64="YLZoLlWIGG6FA9OVP5nWMAVNtpY=">AAACAnicbZDLSsNAFIZP6q3WW9SVuBksohtLIlLdCEU3LivYC7QxTKbTdujkwsxECCG48VXcuFDErU/hzrdx2mahrT8MfPznHM6c34s4k8qyvo3CwuLS8kpxtbS2vrG5ZW7vNGUYC0IbJOShaHtYUs4C2lBMcdqOBMW+x2nLG12P660HKiQLgzuVRNTx8SBgfUaw0pZr7iX36VHmWugSaepKhUWGTlDiWq5ZtirWRGge7BzKkKvuml/dXkhinwaKcCxlx7Yi5aRYKEY4zUrdWNIIkxEe0I7GAPtUOunkhAwdaqeH+qHQL1Bo4v6eSLEvZeJ7utPHaihna2Pzv1onVv0LJ2VBFCsakOmifsyRCtE4D9RjghLFEw2YCKb/isgQC0yUTq2kQ7BnT56H5mnFrlaqt2fl2lUeRxH24QCOwYZzqMEN1KEBBB7hGV7hzXgyXox342PaWjDymV34I+PzBzgklgw=</latexit>

y
0
0 = y? � y0

<latexit sha1_base64="UkTqgRhJECcLF2ajkjiGz702uRg=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoPgKeyKRI9BPXiMYB6QLGF2MkmGzM6uM71iWPITXjwo4tXf8ebfOEn2oIkFDUVVN91dQSyFQdf9dnIrq2vrG/nNwtb2zu5ecf+gYaJEM15nkYx0K6CGS6F4HQVK3oo1p2EgeTMYXU/95iPXRkTqHscx90M6UKIvGEUrtTo3XCIlT91iyS27M5Bl4mWkBBlq3eJXpxexJOQKmaTGtD03Rj+lGgWTfFLoJIbHlI3ogLctVTTkxk9n907IiVV6pB9pWwrJTP09kdLQmHEY2M6Q4tAselPxP6+dYP/ST4WKE+SKzRf1E0kwItPnSU9ozlCOLaFMC3srYUOqKUMbUcGG4C2+vEwaZ2WvUq7cnZeqV1kceTiCYzgFDy6gCrdQgzowkPAMr/DmPDgvzrvzMW/NOdnMIfyB8/kDmRePsw==</latexit>

�x
<latexit sha1_base64="TEl/LkSpk4J6Sr66wLpZjg408aA=">AAAB73icbVBNS8NAEJ34WetX1aOXxSJ4KolI9VjUg8cK9gPaUDbbTbt0s4m7E6GE/gkvHhTx6t/x5r9x2+agrQ8GHu/NMDMvSKQw6Lrfzsrq2vrGZmGruL2zu7dfOjhsmjjVjDdYLGPdDqjhUijeQIGStxPNaRRI3gpGN1O/9cS1EbF6wHHC/YgOlAgFo2ildveWS6Rk3CuV3Yo7A1kmXk7KkKPeK311+zFLI66QSWpMx3MT9DOqUTDJJ8VuanhC2YgOeMdSRSNu/Gx274ScWqVPwljbUkhm6u+JjEbGjKPAdkYUh2bRm4r/eZ0Uwys/EypJkSs2XxSmkmBMps+TvtCcoRxbQpkW9lbChlRThjaiog3BW3x5mTTPK161Ur2/KNeu8zgKcAwncAYeXEIN7qAODWAg4Rle4c15dF6cd+dj3rri5DNH8AfO5w+am4+0</latexit>

�y

<latexit sha1_base64="rcgAY+Pi1nvjzl5NkcYUp46Ei58=">AAAB6XicbVBNS8NAEJ34WetX1aOXxaJ4KolI9Vj04rGK/YA2lM120i7dbMLuRiih/8CLB0W8+o+8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6nfqtJ1Sax/LRjBP0IzqQPOSMGis9dM96pbJbcWcgy8TLSRly1Hulr24/ZmmE0jBBte54bmL8jCrDmcBJsZtqTCgb0QF2LJU0Qu1ns0sn5NQqfRLGypY0ZKb+nshopPU4CmxnRM1QL3pT8T+vk5rw2s+4TFKDks0XhakgJibTt0mfK2RGjC2hTHF7K2FDqigzNpyiDcFbfHmZNC8qXrVSvb8s127yOApwDCdwDh5cQQ3uoA4NYBDCM7zCmzNyXpx352PeuuLkM0fwB87nDx5CjRs=</latexit>

&

<latexit sha1_base64="gOWIUE8BT4YxlD66bJXt7hWnW4c=">AAAB8HicbVDLSgNBEJyNrxhfUY9eBoPgKeyKRI9BPXiMYB6SLGF20kmGzM4uM71iWPIVXjwo4tXP8ebfOEn2oIkFDUVVN91dQSyFQdf9dnIrq2vrG/nNwtb2zu5ecf+gYaJEc6jzSEa6FTADUiioo0AJrVgDCwMJzWB0PfWbj6CNiNQ9jmPwQzZQoi84Qys9dG5AIqNPtFssuWV3BrpMvIyUSIZat/jV6UU8CUEhl8yYtufG6KdMo+ASJoVOYiBmfMQG0LZUsRCMn84OntATq/RoP9K2FNKZ+nsiZaEx4zCwnSHDoVn0puJ/XjvB/qWfChUnCIrPF/UTSTGi0+9pT2jgKMeWMK6FvZXyIdOMo82oYEPwFl9eJo2zslcpV+7OS9WrLI48OSLH5JR45IJUyS2pkTrhJCTP5JW8Odp5cd6dj3lrzslmDskfOJ8/8WeP3Q==</latexit>

�x
<latexit sha1_base64="TEl/LkSpk4J6Sr66wLpZjg408aA=">AAAB73icbVBNS8NAEJ34WetX1aOXxSJ4KolI9VjUg8cK9gPaUDbbTbt0s4m7E6GE/gkvHhTx6t/x5r9x2+agrQ8GHu/NMDMvSKQw6Lrfzsrq2vrGZmGruL2zu7dfOjhsmjjVjDdYLGPdDqjhUijeQIGStxPNaRRI3gpGN1O/9cS1EbF6wHHC/YgOlAgFo2ildveWS6Rk3CuV3Yo7A1kmXk7KkKPeK311+zFLI66QSWpMx3MT9DOqUTDJJ8VuanhC2YgOeMdSRSNu/Gx274ScWqVPwljbUkhm6u+JjEbGjKPAdkYUh2bRm4r/eZ0Uwys/EypJkSs2XxSmkmBMps+TvtCcoRxbQpkW9lbChlRThjaiog3BW3x5mTTPK161Ur2/KNeu8zgKcAwncAYeXEIN7qAODWAg4Rle4c15dF6cd+dj3rri5DNH8AfO5w+am4+0</latexit>

�y
<latexit sha1_base64="rcgAY+Pi1nvjzl5NkcYUp46Ei58=">AAAB6XicbVBNS8NAEJ34WetX1aOXxaJ4KolI9Vj04rGK/YA2lM120i7dbMLuRiih/8CLB0W8+o+8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6nfqtJ1Sax/LRjBP0IzqQPOSMGis9dM96pbJbcWcgy8TLSRly1Hulr24/ZmmE0jBBte54bmL8jCrDmcBJsZtqTCgb0QF2LJU0Qu1ns0sn5NQqfRLGypY0ZKb+nshopPU4CmxnRM1QL3pT8T+vk5rw2s+4TFKDks0XhakgJibTt0mfK2RGjC2hTHF7K2FDqigzNpyiDcFbfHmZNC8qXrVSvb8s127yOApwDCdwDh5cQQ3uoA4NYBDCM7zCmzNyXpx352PeuuLkM0fwB87nDx5CjRs=</latexit>

&

<latexit sha1_base64="lEN30FG1kvh+VNmzuDR1qQeHSoY=">AAACAnicbVDLSgMxFM3UV62vUVfiJlgEF6UkItVl0Y3LCvYBnaFk0kwbmskMSUYoQ3Hjr7hxoYhbv8Kdf2PazkJbD1zu4Zx7Se4JEsG1QejbKaysrq1vFDdLW9s7u3vu/kFLx6mirEljEatOQDQTXLKm4UawTqIYiQLB2sHoZuq3H5jSPJb3ZpwwPyIDyUNOibFSzz3i0OMSehlEqAIRrkBsO8bepOeWURXNAJcJzkkZ5Gj03C+vH9M0YtJQQbTuYpQYPyPKcCrYpOSlmiWEjsiAdS2VJGLaz2YnTOCpVfowjJUtaeBM/b2RkUjrcRTYyYiYoV70puJ/Xjc14ZWfcZmkhkk6fyhMBTQxnOYB+1wxasTYEkIVt3+FdEgUocamVrIh4MWTl0nrvIpr1drdRbl+ncdRBMfgBJwBDC5BHdyCBmgCCh7BM3gFb86T8+K8Ox/z0YKT7xyCP3A+fwCpH5PE</latexit>

i 2 {00, 01, 10, 11}
<latexit sha1_base64="G60T4ouz5kZRbOYmKM68M+ZvrSc=">AAAB8nicbVBNS8NAEJ34WetX1aOXxSJ4KolI9Vj04rGK/YA2lM120y7dZMPuRCmhP8OLB0W8+mu8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bRqWa8QZTUul2QA2XIuYNFCh5O9GcRoHkrWB0M/Vbj1wboeIHHCfcj+ggFqFgFK3U6d6LwRCp1uqpVyq7FXcGsky8nJQhR71X+ur2FUsjHiOT1JiO5yboZ1SjYJJPit3U8ISyER3wjqUxjbjxs9nJE3JqlT4JlbYVI5mpvycyGhkzjgLbGVEcmkVvKv7ndVIMr/xMxEmKPGbzRWEqCSoy/Z/0heYM5dgSyrSwtxI2pJoytCkVbQje4svLpHle8aqV6t1FuXadx1GAYziBM/DgEmpwC3VoAAMFz/AKbw46L8678zFvXXHymSP4A+fzB5StkXg=</latexit>) <latexit sha1_base64="loGIS+anwnt4vwJ459pWTTSTdZ0=">AAAB/3icbZDLSsNAFIYn9VbrLSq4cTNYhApSEpHqsujGZQV7gTaWyXTSDp1cmDkRQ+zCV3HjQhG3voY738ZpG0Fbfxj4+M85nDO/GwmuwLK+jNzC4tLySn61sLa+sbllbu80VBhLyuo0FKFsuUQxwQNWBw6CtSLJiO8K1nSHl+N6845JxcPgBpKIOT7pB9zjlIC2uuZe6f427SggcnSMkx886ppFq2xNhOfBzqCIMtW65menF9LYZwFQQZRq21YETkokcCrYqNCJFYsIHZI+a2sMiM+Uk07uH+FD7fSwF0r9AsAT9/dESnylEt/VnT6BgZqtjc3/au0YvHMn5UEUAwvodJEXCwwhHoeBe1wyCiLRQKjk+lZMB0QSCjqygg7Bnv3yPDROynalXLk+LVYvsjjyaB8doBKy0RmqoitUQ3VE0QN6Qi/o1Xg0no03433amjOymV30R8bHN8galfg=</latexit>

(x?, y?)

<latexit sha1_base64="pdJLtZ7ichNC1J1ruhuzZGzmtE8=">AAAB7HicbVBNS8NAFHypX7V+VT16WSyCp5KIVI9FLx4rmLbQhrLZbtqlm03YfRFK6G/w4kERr/4gb/4bt20OWh1YGGbesO9NmEph0HW/nNLa+sbmVnm7srO7t39QPTxqmyTTjPsskYnuhtRwKRT3UaDk3VRzGoeSd8LJ7dzvPHJtRKIecJryIKYjJSLBKFrJ7w8TNINqza27C5C/xCtIDQq0BtVPm2NZzBUySY3peW6KQU41Cib5rNLPDE8pm9AR71mqaMxNkC+WnZEzqwxJlGj7FJKF+jOR09iYaRzayZji2Kx6c/E/r5dhdB3kQqUZcsWWH0WZJJiQ+eVkKDRnKKeWUKaF3ZWwMdWUoe2nYkvwVk/+S9oXda9Rb9xf1po3RR1lOIFTOAcPrqAJd9ACHxgIeIIXeHWU8+y8Oe/L0ZJTZI7hF5yPb/T6js0=</latexit>. .
.

<latexit sha1_base64="pdJLtZ7ichNC1J1ruhuzZGzmtE8=">AAAB7HicbVBNS8NAFHypX7V+VT16WSyCp5KIVI9FLx4rmLbQhrLZbtqlm03YfRFK6G/w4kERr/4gb/4bt20OWh1YGGbesO9NmEph0HW/nNLa+sbmVnm7srO7t39QPTxqmyTTjPsskYnuhtRwKRT3UaDk3VRzGoeSd8LJ7dzvPHJtRKIecJryIKYjJSLBKFrJ7w8TNINqza27C5C/xCtIDQq0BtVPm2NZzBUySY3peW6KQU41Cib5rNLPDE8pm9AR71mqaMxNkC+WnZEzqwxJlGj7FJKF+jOR09iYaRzayZji2Kx6c/E/r5dhdB3kQqUZcsWWH0WZJJiQ+eVkKDRnKKeWUKaF3ZWwMdWUoe2nYkvwVk/+S9oXda9Rb9xf1po3RR1lOIFTOAcPrqAJd9ACHxgIeIIXeHWU8+y8Oe/L0ZJTZI7hF5yPb/T6js0=</latexit>. .
.

<latexit sha1_base64="pdJLtZ7ichNC1J1ruhuzZGzmtE8=">AAAB7HicbVBNS8NAFHypX7V+VT16WSyCp5KIVI9FLx4rmLbQhrLZbtqlm03YfRFK6G/w4kERr/4gb/4bt20OWh1YGGbesO9NmEph0HW/nNLa+sbmVnm7srO7t39QPTxqmyTTjPsskYnuhtRwKRT3UaDk3VRzGoeSd8LJ7dzvPHJtRKIecJryIKYjJSLBKFrJ7w8TNINqza27C5C/xCtIDQq0BtVPm2NZzBUySY3peW6KQU41Cib5rNLPDE8pm9AR71mqaMxNkC+WnZEzqwxJlGj7FJKF+jOR09iYaRzayZji2Kx6c/E/r5dhdB3kQqUZcsWWH0WZJJiQ+eVkKDRnKKeWUKaF3ZWwMdWUoe2nYkvwVk/+S9oXda9Rb9xf1po3RR1lOIFTOAcPrqAJd9ACHxgIeIIXeHWU8+y8Oe/L0ZJTZI7hF5yPb/T6js0=</latexit>. .
.

<latexit sha1_base64="pdJLtZ7ichNC1J1ruhuzZGzmtE8=">AAAB7HicbVBNS8NAFHypX7V+VT16WSyCp5KIVI9FLx4rmLbQhrLZbtqlm03YfRFK6G/w4kERr/4gb/4bt20OWh1YGGbesO9NmEph0HW/nNLa+sbmVnm7srO7t39QPTxqmyTTjPsskYnuhtRwKRT3UaDk3VRzGoeSd8LJ7dzvPHJtRKIecJryIKYjJSLBKFrJ7w8TNINqza27C5C/xCtIDQq0BtVPm2NZzBUySY3peW6KQU41Cib5rNLPDE8pm9AR71mqaMxNkC+WnZEzqwxJlGj7FJKF+jOR09iYaRzayZji2Kx6c/E/r5dhdB3kQqUZcsWWH0WZJJiQ+eVkKDRnKKeWUKaF3ZWwMdWUoe2nYkvwVk/+S9oXda9Rb9xf1po3RR1lOIFTOAcPrqAJd9ACHxgIeIIXeHWU8+y8Oe/L0ZJTZI7hF5yPb/T6js0=</latexit>. .
.

<latexit sha1_base64="PVCJaITxHocWvpPVnyBLhmQ/Y2E=">AAACKnicbVC7TsMwFHV4lvIKMLJYVEjtUiUIFRakAgtjEfQhNaFyHKc1dR6yHaQS5XtY+BWWDqCKlQ/BaTPQlitZPjr3XN1zjxMxKqRhTLSV1bX1jc3CVnF7Z3dvXz84bIkw5pg0cchC3nGQIIwGpCmpZKQTcYJ8h5G2M7zN+u0XwgUNg0c5iojto35APYqRVFRPv7YkZS5JLCdkrhj56kte0/QpKT9XUngFLR/JAUYseUhheV4001R6esmoGtOCy8DMQQnk1ejpY8sNceyTQGKGhOiaRiTtBHFJMSNp0YoFiRAeoj7pKhggnwg7mZ6awlPFuNALuXqBhFP270SCfJE5VMrMuVjsZeR/vW4svUs7oUEUSxLg2SIvZlCGMMsNupQTLNlIAYQ5VV4hHiCOsFTpFlUI5uLJy6B1VjVr1dr9eal+k8dRAMfgBJSBCS5AHdyBBmgCDN7AB/gEX9q7NtYm2vdMuqLlM0dgrrSfXxUbqEE=</latexit>

z̃(j) = S(z(j))
<latexit sha1_base64="37u0glcDZFUrNHAOYBWsaZ1HF6o=">AAACC3icbVA9SwNBEN3z2/gVtbRZEgSrcCeilqKNpYIxgSSEvc1csmRv99idFcOR3sa/YmOhiK1/wM5/4yam0MQHA4/3ZpiZF2dSWAzDr2BufmFxaXlltbC2vrG5VdzeubXaGQ5VrqU29ZhZkEJBFQVKqGcGWBpLqMX9i5FfuwNjhVY3OMiglbKuEongDL3ULpaaCPeYc61QKKedpQkwdAZoyjJLLeCwXSyHlXAMOkuiCSmTCa7axc9mR3OXgkIumbWNKMywlTODgksYFprOQsZ4n3Wh4aliKdhWPv5lSPe90qGJNr4U0rH6eyJnqbWDNPadKcOenfZG4n9ew2Fy2sqFyhyC4j+LEicpajoKhnaEAY5y4AnjRvhbKe8xwzj6+Ao+hGj65Vlye1iJjivH10fls/NJHCtkj5TIAYnICTkjl+SKVAknD+SJvJDX4DF4Dt6C95/WuWAys0v+IPj4BikBm8M=</latexit>

continuous feature maps set
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Figure 2. Illustration of the parameter-free sampler. It samples
arbitrary resolutions from feature maps extracted by the encoder
and combines the positional information of the grid points.

3.5. Decoder

The decoder Dϕ is a functional operator parameterized by a
neural operator. It typically comprises three components:

• Lifting: The input z̃ ∈ Z undergoes lifting to its
first hidden representation h0 = L(z̃) using a point-
wise function Rdz̃ → Rdh0 . This lifting operation
is achieved by a fully connected neural network with
dimensions dz̃ < dh0

.

• Iterative Kernel Integral: For n = 0, . . . , N − 1,
each hidden representation evolves through an iter-
ative kernel integral approximation (Kn (hn)) (x) =∫
D
κ(n)(x, y)hn(y)dy, ∀x ∈ D, where the kernel ma-

trix κ(n) : Rd+d → Rdh×dh is a neural network.

• Projection: The output u is the projection of the last
hidden representation’s output, b = P(hN ), using
a local transformation RdhN → Rdb . Similar to the
lifting step, this is performed by a fully connected
neural network, typically with dhN

> db.

The core of the decoder Dϕ is the kernel integral, enabled by
a transformer-based neural operator. This choice is driven
by two primary factors:

1. Flexibility in Input and Output Sizes: Transformers
are adept at handling variable input and output data
sizes (Vaswani et al., 2017). This adaptability is essen-
tial for our arbitrary-scale SR tasks, where the domain
size or discretization level may vary.
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2. Ability to Capture Long-Range Dependencies: Trans-
formers excel at capturing long-range dependencies in
data, a critical feature for scientific applications like
global weather pattern prediction, where interactions
between distant variables are essential for accurate pre-
dictions (Gao et al., 2022).

We complete the design of HiNote, our proposed frame-
work. HiNOTE adopts a U-Net architecture with bandlim-
ited functions as both inputs and outputs. This design ren-
ders HiNOTE a representationally equivalent neural opera-
tor in terms of aliasing errors (Karras et al., 2021; Raonic
et al., 2023). For the kernel integral, HiNOTE incorporates
a Galerkin-type self-attention mechanism, which effectively
reduces computational complexity from quadratic to lin-
ear (Cao, 2021).

3.5.1. HIERARCHICAL ARCHITECTURE

Depicted in Fig. 2, we use a parameterized downsample
layer to derive deep representations {{hk(x)}x∈Dk}Kk=1

across K scales. These representations aggregate local ob-
servations with learnable parameters, with

{
h1(x)

}
x∈D1

representing the finest resolution. Traditional downsampling
methods, such as affine linear transformations combined
with a nonlinear activation, often lead to aliasing errors by
not adhering to the band-limits of the underlying function
space (Raonic et al., 2023). To tackle this issue, we first up-
sample the input function beyond its frequency bandwidth;
after the activation function, the signal is downsampled.

Upsampling The process involves initially augmenting the
number of samples in the signal. For instance, consider
upsampling a single channel signal h in Rnx×ny to h′ in
RnxN×nyN . This is achieved by interspersing each pair of
signal samples with N − 1 zero-valued samples:

h↑[i, j] = Inx(i) · Iny (j) · h[i mod nx, j mod ny], (6)

where i = 1 . . . N · nx and j = 1 . . . N · ny . Subsequently,
the upsampled signal is convolved with an interpolation
filter, which serves to remove high-frequency components.

Downsampling We utilize a sinc-based low-pass filter and
execute downsampling post-nonlinear activation:

h↓ =

(
wout

win

)2

(fwout ⋆ h) (x), ∀x ∈ D (7)

where ⋆ is the convolution operation and fwout(x0, x1) =
sinc (2wx0) · sinc (2wx1) is a sinc-based low-pass filter.

3.5.2. GALERKIN-TYPE SELF-ATTENTION

Building upon the proposed hierarchical network structure,
the next step is to conduct iterative kernel integral at each
hierarchical level. Based on Nyström approximation the-
ory, there is a similarity between the attention matrix in

transformers and an integral kernel (Kovachki et al., 2023).
More precisely, dot-product attention can be interpreted
as an approximation of an integral transform using a non-
symmetric, trainable kernel function (Cao, 2021; Li et al.,
2023). In this study, we adopt the perspective of learn-
able kernel integrals for attention, treating each channel
in the hidden feature map as a sample from a distinct
function on the discretization grid. Omitting the layer
index, let h = (h(x1), . . . , h(xm))T ∈ Rm×dh denote
evaluations in the iterative kernel integral. Consider ma-
trices {Q,K,V} ∈ Rm×dh as query/key/value matrices.
The columns of Q/K/V contain vector representations
of learned basis functions, spanning subspaces in latent
representation Hilbert spaces Z = 1

mQ
(
K̂T V̂

)
, where ·̂

denotes a column-wise normalized matrix. For instance,
V̂ij (also the i-th element of the j-th column vector: (vj)i)
is the evaluation of the j-th basis function on the i-th grid
point xi, i.e., V̂ij = vj(xi). Similarly, for matrices Q,K,
each column represents the sampling of basis functions
qj(·) and kj(·), respectively. Leveraging this interpretation
of learnable bases, we can employ the Monte-Carlo method,

(
hj

)
i
=

d∑

l=1

(
kl · vj

)

m

(
ql
)
i
, (8)

to approximate the kernel integral. Hence, the kernel in-
tegral is iteratively executed through Galerkin-type self-
attention (Cao, 2021). In contrast to standard attention,
Galerkin-type self-attention reduces the quadratic complex-
ity from O(m2dh) to a linear complexity of O(md2h).

3.6. Training

Though our model Gθ integrates three components Eφ, S
and Dϕ, it is trained jointly in an end-to-end fashion. While
DNN-based model excels in capturing complex signals, ac-
curately approximating high-frequency details remains chal-
lenging (Sitzmann et al., 2020).

To address this, we introduce a frequency-aware loss prior
in the corresponding discretized domain:

p = |G(a)−R(a)| , p ∈ Rdb , (9)

where R : Rda → Rdb is the spectral resizing func-
tion. Next, we rescale p using min-max normalization
n(p) = (p − min(p))/(max(p) − min(p)). Applying
the exponential function to n(p) yields non-zero weights
W = exp(n(v)). Similar to Jiang et al. (2021) and Gou
et al. (2023), we introduce hyperparameters α and β to
enhance the expressibility and controllability of the weights

W(p;α, β) = α · exp(β · n(p)). (10)

During training, the weighting matrix W(p;α, β) is utilized
to adjust the weights. This adjustment can be implemented
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either as a penalty term in the loss function or through a
two-step training approach. Due to limited space, detailed
implementations with this learnable frequency-aware loss
prior are provided in Appendix B.2.2.
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Spectral resizing

Figure 3. Distinguishing between pixels of different frequency re-
gions in image space poses a challenge. Deep learning predictions
often show high visual perception metrics when compared with
target HR images (See the left representations). We analyze the
images in the frequency domain and observe that the power spec-
tra of HR images and those produced by deep learning models
begin to diverge at a certain frequency (e.g., 0.2 in this example).
To identify this frequency, spectral resizing is applied to LR in-
puts, revealing a clear demarcation in frequency regions. This
demarcation aligns with the frequency divergence. Building on
this, we introduce a static structure prior, created by subtracting
low-frequency signals (obtained via spectral resizing) from deep
learning predictions in the image space. This prior is then utilized
to refine and enhance the network training process.

4. Experiments
4.1. Experimental Setup

Datasets. We evaluate our proposed method against base-
line methods using four diverse datasets. Detailed informa-
tion about the generation and preprocessing of these four
datasets can be found in Appendix A.

• Turbulence Flow: We explore two-dimensional
Kraichnan turbulence in a doubly periodic square do-
main spanning [0, 2π]2. The Navier-Stokes equation is
solved through direct numerical simulation to generate
the required data (Pawar et al., 2023).

• Global Weather Pattern: We utilize weather data
encompassing ERA5 reanalysis data, high-resolution
simulated surface temperature at 2 meters, kinetic en-
ergy at 10 meters above the surface, and total column
water vapor (Hersbach et al., 2020).

• SEVIR: We utilize the Storm EVent ImagRy (SEVIR)
dataset, which comprises a large, curated collection of
labeled examples. This dataset encompasses various
weather phenomena, including thunderstorms, convec-
tive systems, and related events (Veillette et al., 2020).

• MRI: The magnetic resonance imaging (MRI) dataset
includes a variety of snapshots from multiple sources.
Our primary focus is on brain scans that utilize a hori-
zontal sampling mask (Jalal et al., 2021).

Baselines. We benchmark HiNOTE against several well-
acknowledged and advanced models, encompassing five
single-scale SR baselines: SRCNN (Dong et al., 2015), ES-
PCN (Shi et al., 2016), EDSR (Lim et al., 2017), WDSR (Yu
et al., 2018), SwinIR (Liang et al., 2021), and five arbitrary-
scale SR baselines: MetaSR (Hu et al., 2019), LIIF (Chen
et al., 2021), LTE (Lee & Jin, 2022), DFNO (Yang et al.,
2023), and SRNO (Wei & Zhang, 2023). Due to space con-
straints, the configuration details for each baseline model
are provided in Appendix B.

Evaluation Protocol. We utilize an A100 GPU with 48GB
capacity. Training models directly on HR data poses signifi-
cant challenges due to memory constraints. Consequently,
we employ a strategy of randomly cropping each high-
resolution snapshot into smaller segments for training pur-
poses. To ensure fairness in comparison, all methods are
trained using the L1 loss function for 300 epochs. This
training employs the AdamW optimizer (Loshchilov & Hut-
ter, 2019), with the initial learning rate determined through
hyperparameter tuning. Due to the varying sizes of each
model and the limitations imposed by GPU memory, batch
sizes may differ (Details are available in Appendix B.1).
For the evaluation of model performance, we utilize mean
squared error (MSE), peak signal-to-noise ratio (PSNR), and
structural similarity index (SSIM) as our primary metrics.

4.2. Main Results

Single-scale SR Performance. In a single-scale SR task
(32 × 32 to 128 × 128), various models were trained and
their performance compared, as shown in Table 1. Key ob-
servations include: (1) HiNOTE consistently outperforms
other models in all SR tasks. It shows notable improvements
in weather data, e.g., a 13.29% enhancement on Tempera-
ture, a 34.44% improvement on Kinetic Energy and a 3.09%
improvement on Water Vapor. ’Improvement’ here refers
to the relative error reduction compared to the second-best
model. (2) Other baselines also show reasonable perfor-
mance. SwinIR, using a hierarchical transformer architec-
ture and shifted window strategy, is the most competitive
across datasets but has a higher computational demand, with
2.1 million parameters compared to HiNOTE’s 1.5 million.
HiNOTE, with its Galerkin-type self-attention, offers re-
duced computational needs. (3) Convolutional neural net-
work (CNN)-based models like EDSR and WDSR outper-
form transformer-based models like SwinIR in turbulence
data. On the other hand, HiNOTE leverages a UNet-based
hierarchical model architecture, enabling it to effectively
learn datasets characterized by patterns spanning various
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Table 1. Quantitative comparison results for the ×4 super-resolution task. Superior performance is denoted by a smaller MSE and higher
PSNR/SSIM values. Light red indicates the top performer, while light green represents the second-best performer among all baselines and
our method for each metric.

Turbulence Temperature Kinetic Energy Water Vapor

Model MSE PSNR SSIM MSE PSNR SSIM MSE PSNR SSIM MSE PSNR SSIM
single-scale baselines

SRCNN 1.196e-4 39.138 0.972 5.206e-5 42.690 0.980 3.595e-4 33.997 0.924 9.992e-5 39.912 0.975
ESPCN 1.587e-5 47.979 0.993 2.732e-5 45.472 0.985 1.896e-4 36.172 0.956 4.257e-5 43.417 0.985
EDSR 7.303e-6 51.305 0.997 2.831e-5 45.317 0.985 1.963e-4 36.465 0.957 4.890e-5 42.815 0.983
WDSR 6.270e-6 51.898 0.997 2.441e-5 45.984 0.986 1.769e-4 36.792 0.955 4.837e-5 42.662 0.983
SwinIR 2.789e-5 45.531 0.997 2.633e-5 45.722 0.986 1.736e-4 36.874 0.957 3.209e-5 44.449 0.986

arbitrary-scale baselines
MetaSR 7.988e-5 40.879 0.976 5.270e-5 42.639 0.978 2.199e-4 35.751 0.946 8.489e-5 40.564 0.977
LIIF 2.818e-5 45.482 0.988 2.969e-5 45.273 0.984 1.888e-4 35.944 0.943 5.460e-5 42.336 0.980
LTE 1.032e-5 48.792 0.993 2.796e-5 45.486 0.985 1.663e-4 36.313 0.951 3.266e-5 44.052 0.986
DFNO 2.147e-4 36.543 0.985 1.905e-4 37.048 0.980 2.914e-4 34.397 0.936 3.967e-4 33.867 0.944
SRNO 9.083e-6 50.403 0.996 2.287e-5 46.355 0.987 2.083e-4 36.635 0.949 3.446e-5 44.299 0.986
HiNOTE 6.112e-6 51.903 0.997 1.983e-5 46.424 0.987 1.138e-4 36.995 0.958 3.112e-5 44.501 0.987

Table 2. Quantitative comparison results for the arbitrary-scale SR tasks. For each metric, light red indicates the top performer and light
green represents the second-best performer.

×4.6 ×8.2 ×15.7 ×32

Model MSE PSNR SSIM MSE PSNR SSIM MSE PSNR SSIM MSE PSNR SSIM
Interpolation Methods

Bilinear 8.625e-5 39.177 0.973 3.141e-4 33.5634 0.936 8.053e-4 29.475 0.913 1.703e-3 26.223 0.903
Bicubic 9.323e-5 38.839 0.971 3.518e-4 33.0714 0.931 9.126e-4 28.932 0.909 1.960e-3 25.612 0.902
Nearest 1.341e-4 37.258 0.934 4.716e-4 31.7989 0.859 1.179e-3 27.817 0.831 2.454e-3 24.635 0.841

Deep Learning Methods
MetaSR 9.274e-5 40.295 0.974 4.043e-4 33.900 0.904 1.227e-3 29.077 0.842 2.716e-3 25.628 0.806
LIIF 2.818e-5 45.482 0.988 2.671e-4 35.715 0.940 9.731e-4 30.101 0.886 2.283e-3 26.397 0.874
LTE 7.860e-6 50.985 0.996 2.080e-4 36.759 0.951 1.033e-3 29.796 0.875 2.466e-3 26.018 0.844
DFNO 2.364e-4 36.102 0.984 4.339e-4 33.489 0.934 1.188e-3 29.112 0.878 2.412e-3 26.038 0.854
SRNO 9.272e-6 50.081 0.995 1.634e-4 37.852 0.959 8.008e-4 30.759 0.912 2.127e-3 26.708 0.879
HiNOTE 7.121e-6 51.225 0.996 8.906e-5 40.002 0.976 7.361e-4 32.164 0.920 2.041e-3 26.772 0.891

scales. These finding aligns with the nature of turbulence,
a small-scale phenomenon, and the strengths of CNNs in
capturing fine details, contrasting with attention blocks’
effectiveness in larger-scale weather patterns (Gao et al.,
2022). Complete results for the additional two datasets can
be found in the Appendix B.3 and B.4.

Arbitrary-scale SR Performance. Table.2 presents a quan-
titative comparison of HiNOTE with SOTA arbitrary-scale
SR models and traditional interpolation methods. For train-
ing, all deep learning models employ an upsampling ratio
si randomly drawn from a uniform distribution U [1, 4]. We
tested si ranging from a moderate extrapolation of 4.6 to
an extreme ratio of 32, noting that these ratios were not
included in training. The results reveal two key findings:
(1) HiNOTE surpasses current SOTA methods, achieving
an average improvement of 20.11% over the second-best
model, SRNO, across various upsampling ratios; (2) As si
increases, the relative performance of deep learning mod-
els compared to classical interpolation methods diminishes.
Notably, at si = 32, bilinear interpolation often outper-

forms deep learning in many metrics. This suggests that
the reliable extrapolation range for deep learning models is
approximately 16, considering their training on a maximum
upsampling ratio of 4. Including larger upsampling ratios in
training could potentially extend this range.

Showcases. Fig.4 presents qualitative comparisons between
the HiNOTE and other leading arbitrary-scale SR meth-
ods, specifically LIIF and SRNO. An expanded qualitative
comparison is detailed in the Appendix B.3. The results il-
lustrate HiNOTE’s ability to generate super-resolved images
with notably sharper textures compared to these methods.
For example, in the second row, which displays the abso-
lute error between the target and the predictions, HiNOTE
demonstrates superior performance to LIIF, as evidenced
by the significantly lower error margins. Against SRNO,
the previously best-performing arbitrary-scale SR method,
HiNOTE shows marked improvements, especially notice-
able in the errors pertaining to ocean areas in the images.
This enhanced performance further substantiates the effec-
tiveness of HiNOTE’s hierarchical structure in accurately

7



Hierarchical Neural Operator Transformer with Learnable Frequency-aware Loss Prior for Arbitrary-scale Super-resolution
<latexit sha1_base64="32fkqvlhPuZdCO2KrRzrdCtpXF0=">AAAB/HicbVBNS8NAEN3Ur1q/oj16WSyCp5KIVI9FD3qs0C9oQ9lstu3SzSbsTsQQ6l/x4kERr/4Qb/4bt20O2vpg4PHeDDPz/FhwDY7zbRXW1jc2t4rbpZ3dvf0D+/CoraNEUdaikYhU1yeaCS5ZCzgI1o0VI6EvWMef3Mz8zgNTmkeyCWnMvJCMJB9ySsBIA7vcB/YI2a2KEhngpkpgPB3YFafqzIFXiZuTCsrRGNhf/SCiScgkUEG07rlODF5GFHAq2LTUTzSLCZ2QEesZKknItJfNj5/iU6MEeBgpUxLwXP09kZFQ6zT0TWdIYKyXvZn4n9dLYHjlZVzGCTBJF4uGicAQ4VkSOOCKURCpIYQqbm7FdEwUoWDyKpkQ3OWXV0n7vOrWqrX7i0r9Oo+jiI7RCTpDLrpEdXSHGqiFKErRM3pFb9aT9WK9Wx+L1oKVz5TRH1ifP0mClTM=</latexit>

Ground Truth
<latexit sha1_base64="pxwnzulyPj8jXFP1WCH4frmRQfU=">AAAB8nicbVBNSwMxEM3Wr1q/qh69BIvgqeyKVI9FQSx4qGA/YLuUbJq2odlkSWbFsvRnePGgiFd/jTf/jWm7B219MPB4b4aZeWEsuAHX/XZyK6tr6xv5zcLW9s7uXnH/oGlUoilrUCWUbofEMMElawAHwdqxZiQKBWuFo+up33pk2nAlH2AcsyAiA8n7nBKwkt8B9gTpXa12M+kWS27ZnQEvEy8jJZSh3i1+dXqKJhGTQAUxxvfcGIKUaOBUsEmhkxgWEzoiA+ZbKknETJDOTp7gE6v0cF9pWxLwTP09kZLImHEU2s6IwNAselPxP89PoH8ZpFzGCTBJ54v6icCg8PR/3OOaURBjSwjV3N6K6ZBoQsGmVLAheIsvL5PmWdmrlCv356XqVRZHHh2hY3SKPHSBqugW1VEDUaTQM3pFbw44L8678zFvzTnZzCH6A+fzByg3kTA=</latexit>

LIIF
<latexit sha1_base64="4elEttpHhjaHP2eNouwz90sFQi8=">AAAB8nicbVDLSgNBEJyNrxhfUY9eBoPgKeyKRI9BL540PvKAzRJmJ5NkyOzMMtMrhiWf4cWDIl79Gm/+jZNkD5pY0FBUddPdFcaCG3Ddbye3tLyyupZfL2xsbm3vFHf3GkYlmrI6VULpVkgME1yyOnAQrBVrRqJQsGY4vJz4zUemDVfyAUYxCyLSl7zHKQEr+W1gT5De313fjDvFklt2p8CLxMtICWWodYpf7a6iScQkUEGM8T03hiAlGjgVbFxoJ4bFhA5Jn/mWShIxE6TTk8f4yCpd3FPalgQ8VX9PpCQyZhSFtjMiMDDz3kT8z/MT6J0HKZdxAkzS2aJeIjAoPPkfd7lmFMTIEkI1t7diOiCaULApFWwI3vzLi6RxUvYq5crtaal6kcWRRwfoEB0jD52hKrpCNVRHFCn0jF7RmwPOi/PufMxac042s4/+wPn8AVX5kU4=</latexit>

SRNO

<latexit sha1_base64="6I/PI+l9S6Da3Hqa6z4PEn3Lxik=">AAACAHicbVDLSgNBEJz1GeNr1YMHL4NB8BR2RaLHoAgeI5gHJEuYnXSSIbMPZnrFsOTir3jxoIhXP8Obf+NssgdNLGgoqrrp7vJjKTQ6zre1tLyyurZe2Chubm3v7Np7+w0dJYpDnUcyUi2faZAihDoKlNCKFbDAl9D0R9eZ33wApUUU3uM4Bi9gg1D0BWdopK592EF4xLSmoCd4JtEbpSI16dolp+xMQReJm5MSyVHr2l+dXsSTAELkkmnddp0YvZQpFFzCpNhJNMSMj9gA2oaGLADtpdMHJvTEKD3aj5SpEOlU/T2RskDrceCbzoDhUM97mfif106wf+mlIowThJDPFvUTSTGiWRq0JxRwlGNDGFfC3Er5kCnG0WRWNCG48y8vksZZ2a2UK3fnpepVHkeBHJFjckpcckGq5JbUSJ1wMiHP5JW8WU/Wi/Vufcxal6x85oD8gfX5A2WWlvA=</latexit>

Prediction Error
<latexit sha1_base64="6I/PI+l9S6Da3Hqa6z4PEn3Lxik=">AAACAHicbVDLSgNBEJz1GeNr1YMHL4NB8BR2RaLHoAgeI5gHJEuYnXSSIbMPZnrFsOTir3jxoIhXP8Obf+NssgdNLGgoqrrp7vJjKTQ6zre1tLyyurZe2Chubm3v7Np7+w0dJYpDnUcyUi2faZAihDoKlNCKFbDAl9D0R9eZ33wApUUU3uM4Bi9gg1D0BWdopK592EF4xLSmoCd4JtEbpSI16dolp+xMQReJm5MSyVHr2l+dXsSTAELkkmnddp0YvZQpFFzCpNhJNMSMj9gA2oaGLADtpdMHJvTEKD3aj5SpEOlU/T2RskDrceCbzoDhUM97mfif106wf+mlIowThJDPFvUTSTGiWRq0JxRwlGNDGFfC3Er5kCnG0WRWNCG48y8vksZZ2a2UK3fnpepVHkeBHJFjckpcckGq5JbUSJ1wMiHP5JW8WU/Wi/Vufcxal6x85oD8gfX5A2WWlvA=</latexit>

Prediction Error

<latexit sha1_base64="32fkqvlhPuZdCO2KrRzrdCtpXF0=">AAAB/HicbVBNS8NAEN3Ur1q/oj16WSyCp5KIVI9FD3qs0C9oQ9lstu3SzSbsTsQQ6l/x4kERr/4Qb/4bt20O2vpg4PHeDDPz/FhwDY7zbRXW1jc2t4rbpZ3dvf0D+/CoraNEUdaikYhU1yeaCS5ZCzgI1o0VI6EvWMef3Mz8zgNTmkeyCWnMvJCMJB9ySsBIA7vcB/YI2a2KEhngpkpgPB3YFafqzIFXiZuTCsrRGNhf/SCiScgkUEG07rlODF5GFHAq2LTUTzSLCZ2QEesZKknItJfNj5/iU6MEeBgpUxLwXP09kZFQ6zT0TWdIYKyXvZn4n9dLYHjlZVzGCTBJF4uGicAQ4VkSOOCKURCpIYQqbm7FdEwUoWDyKpkQ3OWXV0n7vOrWqrX7i0r9Oo+jiI7RCTpDLrpEdXSHGqiFKErRM3pFb9aT9WK9Wx+L1oKVz5TRH1ifP0mClTM=</latexit>

Ground Truth
<latexit sha1_base64="pxwnzulyPj8jXFP1WCH4frmRQfU=">AAAB8nicbVBNSwMxEM3Wr1q/qh69BIvgqeyKVI9FQSx4qGA/YLuUbJq2odlkSWbFsvRnePGgiFd/jTf/jWm7B219MPB4b4aZeWEsuAHX/XZyK6tr6xv5zcLW9s7uXnH/oGlUoilrUCWUbofEMMElawAHwdqxZiQKBWuFo+up33pk2nAlH2AcsyAiA8n7nBKwkt8B9gTpXa12M+kWS27ZnQEvEy8jJZSh3i1+dXqKJhGTQAUxxvfcGIKUaOBUsEmhkxgWEzoiA+ZbKknETJDOTp7gE6v0cF9pWxLwTP09kZLImHEU2s6IwNAselPxP89PoH8ZpFzGCTBJ54v6icCg8PR/3OOaURBjSwjV3N6K6ZBoQsGmVLAheIsvL5PmWdmrlCv356XqVRZHHh2hY3SKPHSBqugW1VEDUaTQM3pFbw44L8678zFvzTnZzCH6A+fzByg3kTA=</latexit>

LIIF
<latexit sha1_base64="4elEttpHhjaHP2eNouwz90sFQi8=">AAAB8nicbVDLSgNBEJyNrxhfUY9eBoPgKeyKRI9BL540PvKAzRJmJ5NkyOzMMtMrhiWf4cWDIl79Gm/+jZNkD5pY0FBUddPdFcaCG3Ddbye3tLyyupZfL2xsbm3vFHf3GkYlmrI6VULpVkgME1yyOnAQrBVrRqJQsGY4vJz4zUemDVfyAUYxCyLSl7zHKQEr+W1gT5De313fjDvFklt2p8CLxMtICWWodYpf7a6iScQkUEGM8T03hiAlGjgVbFxoJ4bFhA5Jn/mWShIxE6TTk8f4yCpd3FPalgQ8VX9PpCQyZhSFtjMiMDDz3kT8z/MT6J0HKZdxAkzS2aJeIjAoPPkfd7lmFMTIEkI1t7diOiCaULApFWwI3vzLi6RxUvYq5crtaal6kcWRRwfoEB0jD52hKrpCNVRHFCn0jF7RmwPOi/PufMxac042s4/+wPn8AVX5kU4=</latexit>

SRNO

<latexit sha1_base64="6I/PI+l9S6Da3Hqa6z4PEn3Lxik=">AAACAHicbVDLSgNBEJz1GeNr1YMHL4NB8BR2RaLHoAgeI5gHJEuYnXSSIbMPZnrFsOTir3jxoIhXP8Obf+NssgdNLGgoqrrp7vJjKTQ6zre1tLyyurZe2Chubm3v7Np7+w0dJYpDnUcyUi2faZAihDoKlNCKFbDAl9D0R9eZ33wApUUU3uM4Bi9gg1D0BWdopK592EF4xLSmoCd4JtEbpSI16dolp+xMQReJm5MSyVHr2l+dXsSTAELkkmnddp0YvZQpFFzCpNhJNMSMj9gA2oaGLADtpdMHJvTEKD3aj5SpEOlU/T2RskDrceCbzoDhUM97mfif106wf+mlIowThJDPFvUTSTGiWRq0JxRwlGNDGFfC3Er5kCnG0WRWNCG48y8vksZZ2a2UK3fnpepVHkeBHJFjckpcckGq5JbUSJ1wMiHP5JW8WU/Wi/Vufcxal6x85oD8gfX5A2WWlvA=</latexit>

Prediction Error
<latexit sha1_base64="6I/PI+l9S6Da3Hqa6z4PEn3Lxik=">AAACAHicbVDLSgNBEJz1GeNr1YMHL4NB8BR2RaLHoAgeI5gHJEuYnXSSIbMPZnrFsOTir3jxoIhXP8Obf+NssgdNLGgoqrrp7vJjKTQ6zre1tLyyurZe2Chubm3v7Np7+w0dJYpDnUcyUi2faZAihDoKlNCKFbDAl9D0R9eZ33wApUUU3uM4Bi9gg1D0BWdopK592EF4xLSmoCd4JtEbpSI16dolp+xMQReJm5MSyVHr2l+dXsSTAELkkmnddp0YvZQpFFzCpNhJNMSMj9gA2oaGLADtpdMHJvTEKD3aj5SpEOlU/T2RskDrceCbzoDhUM97mfif106wf+mlIowThJDPFvUTSTGiWRq0JxRwlGNDGFfC3Er5kCnG0WRWNCG48y8vksZZ2a2UK3fnpepVHkeBHJFjckpcckGq5JbUSJ1wMiHP5JW8WU/Wi/Vufcxal6x85oD8gfX5A2WWlvA=</latexit>

Prediction Error

<latexit sha1_base64="32fkqvlhPuZdCO2KrRzrdCtpXF0=">AAAB/HicbVBNS8NAEN3Ur1q/oj16WSyCp5KIVI9FD3qs0C9oQ9lstu3SzSbsTsQQ6l/x4kERr/4Qb/4bt20O2vpg4PHeDDPz/FhwDY7zbRXW1jc2t4rbpZ3dvf0D+/CoraNEUdaikYhU1yeaCS5ZCzgI1o0VI6EvWMef3Mz8zgNTmkeyCWnMvJCMJB9ySsBIA7vcB/YI2a2KEhngpkpgPB3YFafqzIFXiZuTCsrRGNhf/SCiScgkUEG07rlODF5GFHAq2LTUTzSLCZ2QEesZKknItJfNj5/iU6MEeBgpUxLwXP09kZFQ6zT0TWdIYKyXvZn4n9dLYHjlZVzGCTBJF4uGicAQ4VkSOOCKURCpIYQqbm7FdEwUoWDyKpkQ3OWXV0n7vOrWqrX7i0r9Oo+jiI7RCTpDLrpEdXSHGqiFKErRM3pFb9aT9WK9Wx+L1oKVz5TRH1ifP0mClTM=</latexit>

Ground Truth
<latexit sha1_base64="pxwnzulyPj8jXFP1WCH4frmRQfU=">AAAB8nicbVBNSwMxEM3Wr1q/qh69BIvgqeyKVI9FQSx4qGA/YLuUbJq2odlkSWbFsvRnePGgiFd/jTf/jWm7B219MPB4b4aZeWEsuAHX/XZyK6tr6xv5zcLW9s7uXnH/oGlUoilrUCWUbofEMMElawAHwdqxZiQKBWuFo+up33pk2nAlH2AcsyAiA8n7nBKwkt8B9gTpXa12M+kWS27ZnQEvEy8jJZSh3i1+dXqKJhGTQAUxxvfcGIKUaOBUsEmhkxgWEzoiA+ZbKknETJDOTp7gE6v0cF9pWxLwTP09kZLImHEU2s6IwNAselPxP89PoH8ZpFzGCTBJ54v6icCg8PR/3OOaURBjSwjV3N6K6ZBoQsGmVLAheIsvL5PmWdmrlCv356XqVRZHHh2hY3SKPHSBqugW1VEDUaTQM3pFbw44L8678zFvzTnZzCH6A+fzByg3kTA=</latexit>

LIIF
<latexit sha1_base64="4elEttpHhjaHP2eNouwz90sFQi8=">AAAB8nicbVDLSgNBEJyNrxhfUY9eBoPgKeyKRI9BL540PvKAzRJmJ5NkyOzMMtMrhiWf4cWDIl79Gm/+jZNkD5pY0FBUddPdFcaCG3Ddbye3tLyyupZfL2xsbm3vFHf3GkYlmrI6VULpVkgME1yyOnAQrBVrRqJQsGY4vJz4zUemDVfyAUYxCyLSl7zHKQEr+W1gT5De313fjDvFklt2p8CLxMtICWWodYpf7a6iScQkUEGM8T03hiAlGjgVbFxoJ4bFhA5Jn/mWShIxE6TTk8f4yCpd3FPalgQ8VX9PpCQyZhSFtjMiMDDz3kT8z/MT6J0HKZdxAkzS2aJeIjAoPPkfd7lmFMTIEkI1t7diOiCaULApFWwI3vzLi6RxUvYq5crtaal6kcWRRwfoEB0jD52hKrpCNVRHFCn0jF7RmwPOi/PufMxac042s4/+wPn8AVX5kU4=</latexit>

SRNO

<latexit sha1_base64="6I/PI+l9S6Da3Hqa6z4PEn3Lxik=">AAACAHicbVDLSgNBEJz1GeNr1YMHL4NB8BR2RaLHoAgeI5gHJEuYnXSSIbMPZnrFsOTir3jxoIhXP8Obf+NssgdNLGgoqrrp7vJjKTQ6zre1tLyyurZe2Chubm3v7Np7+w0dJYpDnUcyUi2faZAihDoKlNCKFbDAl9D0R9eZ33wApUUU3uM4Bi9gg1D0BWdopK592EF4xLSmoCd4JtEbpSI16dolp+xMQReJm5MSyVHr2l+dXsSTAELkkmnddp0YvZQpFFzCpNhJNMSMj9gA2oaGLADtpdMHJvTEKD3aj5SpEOlU/T2RskDrceCbzoDhUM97mfif106wf+mlIowThJDPFvUTSTGiWRq0JxRwlGNDGFfC3Er5kCnG0WRWNCG48y8vksZZ2a2UK3fnpepVHkeBHJFjckpcckGq5JbUSJ1wMiHP5JW8WU/Wi/Vufcxal6x85oD8gfX5A2WWlvA=</latexit>

Prediction Error
<latexit sha1_base64="6I/PI+l9S6Da3Hqa6z4PEn3Lxik=">AAACAHicbVDLSgNBEJz1GeNr1YMHL4NB8BR2RaLHoAgeI5gHJEuYnXSSIbMPZnrFsOTir3jxoIhXP8Obf+NssgdNLGgoqrrp7vJjKTQ6zre1tLyyurZe2Chubm3v7Np7+w0dJYpDnUcyUi2faZAihDoKlNCKFbDAl9D0R9eZ33wApUUU3uM4Bi9gg1D0BWdopK592EF4xLSmoCd4JtEbpSI16dolp+xMQReJm5MSyVHr2l+dXsSTAELkkmnddp0YvZQpFFzCpNhJNMSMj9gA2oaGLADtpdMHJvTEKD3aj5SpEOlU/T2RskDrceCbzoDhUM97mfif106wf+mlIowThJDPFvUTSTGiWRq0JxRwlGNDGFfC3Er5kCnG0WRWNCG48y8vksZZ2a2UK3fnpepVHkeBHJFjckpcckGq5JbUSJ1wMiHP5JW8WU/Wi/Vufcxal6x85oD8gfX5A2WWlvA=</latexit>

Prediction Error

<latexit sha1_base64="32fkqvlhPuZdCO2KrRzrdCtpXF0=">AAAB/HicbVBNS8NAEN3Ur1q/oj16WSyCp5KIVI9FD3qs0C9oQ9lstu3SzSbsTsQQ6l/x4kERr/4Qb/4bt20O2vpg4PHeDDPz/FhwDY7zbRXW1jc2t4rbpZ3dvf0D+/CoraNEUdaikYhU1yeaCS5ZCzgI1o0VI6EvWMef3Mz8zgNTmkeyCWnMvJCMJB9ySsBIA7vcB/YI2a2KEhngpkpgPB3YFafqzIFXiZuTCsrRGNhf/SCiScgkUEG07rlODF5GFHAq2LTUTzSLCZ2QEesZKknItJfNj5/iU6MEeBgpUxLwXP09kZFQ6zT0TWdIYKyXvZn4n9dLYHjlZVzGCTBJF4uGicAQ4VkSOOCKURCpIYQqbm7FdEwUoWDyKpkQ3OWXV0n7vOrWqrX7i0r9Oo+jiI7RCTpDLrpEdXSHGqiFKErRM3pFb9aT9WK9Wx+L1oKVz5TRH1ifP0mClTM=</latexit>

Ground Truth
<latexit sha1_base64="pxwnzulyPj8jXFP1WCH4frmRQfU=">AAAB8nicbVBNSwMxEM3Wr1q/qh69BIvgqeyKVI9FQSx4qGA/YLuUbJq2odlkSWbFsvRnePGgiFd/jTf/jWm7B219MPB4b4aZeWEsuAHX/XZyK6tr6xv5zcLW9s7uXnH/oGlUoilrUCWUbofEMMElawAHwdqxZiQKBWuFo+up33pk2nAlH2AcsyAiA8n7nBKwkt8B9gTpXa12M+kWS27ZnQEvEy8jJZSh3i1+dXqKJhGTQAUxxvfcGIKUaOBUsEmhkxgWEzoiA+ZbKknETJDOTp7gE6v0cF9pWxLwTP09kZLImHEU2s6IwNAselPxP89PoH8ZpFzGCTBJ54v6icCg8PR/3OOaURBjSwjV3N6K6ZBoQsGmVLAheIsvL5PmWdmrlCv356XqVRZHHh2hY3SKPHSBqugW1VEDUaTQM3pFbw44L8678zFvzTnZzCH6A+fzByg3kTA=</latexit>

LIIF
<latexit sha1_base64="4elEttpHhjaHP2eNouwz90sFQi8=">AAAB8nicbVDLSgNBEJyNrxhfUY9eBoPgKeyKRI9BL540PvKAzRJmJ5NkyOzMMtMrhiWf4cWDIl79Gm/+jZNkD5pY0FBUddPdFcaCG3Ddbye3tLyyupZfL2xsbm3vFHf3GkYlmrI6VULpVkgME1yyOnAQrBVrRqJQsGY4vJz4zUemDVfyAUYxCyLSl7zHKQEr+W1gT5De313fjDvFklt2p8CLxMtICWWodYpf7a6iScQkUEGM8T03hiAlGjgVbFxoJ4bFhA5Jn/mWShIxE6TTk8f4yCpd3FPalgQ8VX9PpCQyZhSFtjMiMDDz3kT8z/MT6J0HKZdxAkzS2aJeIjAoPPkfd7lmFMTIEkI1t7diOiCaULApFWwI3vzLi6RxUvYq5crtaal6kcWRRwfoEB0jD52hKrpCNVRHFCn0jF7RmwPOi/PufMxac042s4/+wPn8AVX5kU4=</latexit>

SRNO

<latexit sha1_base64="6I/PI+l9S6Da3Hqa6z4PEn3Lxik=">AAACAHicbVDLSgNBEJz1GeNr1YMHL4NB8BR2RaLHoAgeI5gHJEuYnXSSIbMPZnrFsOTir3jxoIhXP8Obf+NssgdNLGgoqrrp7vJjKTQ6zre1tLyyurZe2Chubm3v7Np7+w0dJYpDnUcyUi2faZAihDoKlNCKFbDAl9D0R9eZ33wApUUU3uM4Bi9gg1D0BWdopK592EF4xLSmoCd4JtEbpSI16dolp+xMQReJm5MSyVHr2l+dXsSTAELkkmnddp0YvZQpFFzCpNhJNMSMj9gA2oaGLADtpdMHJvTEKD3aj5SpEOlU/T2RskDrceCbzoDhUM97mfif106wf+mlIowThJDPFvUTSTGiWRq0JxRwlGNDGFfC3Er5kCnG0WRWNCG48y8vksZZ2a2UK3fnpepVHkeBHJFjckpcckGq5JbUSJ1wMiHP5JW8WU/Wi/Vufcxal6x85oD8gfX5A2WWlvA=</latexit>

Prediction Error
<latexit sha1_base64="6I/PI+l9S6Da3Hqa6z4PEn3Lxik=">AAACAHicbVDLSgNBEJz1GeNr1YMHL4NB8BR2RaLHoAgeI5gHJEuYnXSSIbMPZnrFsOTir3jxoIhXP8Obf+NssgdNLGgoqrrp7vJjKTQ6zre1tLyyurZe2Chubm3v7Np7+w0dJYpDnUcyUi2faZAihDoKlNCKFbDAl9D0R9eZ33wApUUU3uM4Bi9gg1D0BWdopK592EF4xLSmoCd4JtEbpSI16dolp+xMQReJm5MSyVHr2l+dXsSTAELkkmnddp0YvZQpFFzCpNhJNMSMj9gA2oaGLADtpdMHJvTEKD3aj5SpEOlU/T2RskDrceCbzoDhUM97mfif106wf+mlIowThJDPFvUTSTGiWRq0JxRwlGNDGFfC3Er5kCnG0WRWNCG48y8vksZZ2a2UK3fnpepVHkeBHJFjckpcckGq5JbUSJ1wMiHP5JW8WU/Wi/Vufcxal6x85oD8gfX5A2WWlvA=</latexit>

Prediction Error

<latexit sha1_base64="v1bUDB0FH7TyW6YsYAf10rAsmXY=">AAAB9HicbVBNS8NAEN3Ur1q/qh69BIvgqSQi1WNRhJ60Qr+gDWWznbZLN5u4OymW0N/hxYMiXv0x3vw3btsctPpg4PHeDDPz/EhwjY7zZWVWVtfWN7Kbua3tnd29/P5BQ4exYlBnoQhVy6caBJdQR44CWpECGvgCmv7oeuY3x6A0D2UNJxF4AR1I3ueMopG8DsIjJhV+e1e7mXbzBafozGH/JW5KCiRFtZv/7PRCFgcgkQmqddt1IvQSqpAzAdNcJ9YQUTaiA2gbKmkA2kvmR0/tE6P07H6oTEm05+rPiYQGWk8C33QGFId62ZuJ/3ntGPuXXsJlFCNItljUj4WNoT1LwO5xBQzFxBDKFDe32mxIFWVocsqZENzll/+SxlnRLRVL9+eF8lUaR5YckWNySlxyQcqkQqqkThh5IE/khbxaY+vZerPeF60ZK505JL9gfXwDouiSBw==</latexit>

HiNOTE
<latexit sha1_base64="v1bUDB0FH7TyW6YsYAf10rAsmXY=">AAAB9HicbVBNS8NAEN3Ur1q/qh69BIvgqSQi1WNRhJ60Qr+gDWWznbZLN5u4OymW0N/hxYMiXv0x3vw3btsctPpg4PHeDDPz/EhwjY7zZWVWVtfWN7Kbua3tnd29/P5BQ4exYlBnoQhVy6caBJdQR44CWpECGvgCmv7oeuY3x6A0D2UNJxF4AR1I3ueMopG8DsIjJhV+e1e7mXbzBafozGH/JW5KCiRFtZv/7PRCFgcgkQmqddt1IvQSqpAzAdNcJ9YQUTaiA2gbKmkA2kvmR0/tE6P07H6oTEm05+rPiYQGWk8C33QGFId62ZuJ/3ntGPuXXsJlFCNItljUj4WNoT1LwO5xBQzFxBDKFDe32mxIFWVocsqZENzll/+SxlnRLRVL9+eF8lUaR5YckWNySlxyQcqkQqqkThh5IE/khbxaY+vZerPeF60ZK505JL9gfXwDouiSBw==</latexit>

HiNOTE

<latexit sha1_base64="v1bUDB0FH7TyW6YsYAf10rAsmXY=">AAAB9HicbVBNS8NAEN3Ur1q/qh69BIvgqSQi1WNRhJ60Qr+gDWWznbZLN5u4OymW0N/hxYMiXv0x3vw3btsctPpg4PHeDDPz/EhwjY7zZWVWVtfWN7Kbua3tnd29/P5BQ4exYlBnoQhVy6caBJdQR44CWpECGvgCmv7oeuY3x6A0D2UNJxF4AR1I3ueMopG8DsIjJhV+e1e7mXbzBafozGH/JW5KCiRFtZv/7PRCFgcgkQmqddt1IvQSqpAzAdNcJ9YQUTaiA2gbKmkA2kvmR0/tE6P07H6oTEm05+rPiYQGWk8C33QGFId62ZuJ/3ntGPuXXsJlFCNItljUj4WNoT1LwO5xBQzFxBDKFDe32mxIFWVocsqZENzll/+SxlnRLRVL9+eF8lUaR5YckWNySlxyQcqkQqqkThh5IE/khbxaY+vZerPeF60ZK505JL9gfXwDouiSBw==</latexit>

HiNOTE
<latexit sha1_base64="v1bUDB0FH7TyW6YsYAf10rAsmXY=">AAAB9HicbVBNS8NAEN3Ur1q/qh69BIvgqSQi1WNRhJ60Qr+gDWWznbZLN5u4OymW0N/hxYMiXv0x3vw3btsctPpg4PHeDDPz/EhwjY7zZWVWVtfWN7Kbua3tnd29/P5BQ4exYlBnoQhVy6caBJdQR44CWpECGvgCmv7oeuY3x6A0D2UNJxF4AR1I3ueMopG8DsIjJhV+e1e7mXbzBafozGH/JW5KCiRFtZv/7PRCFgcgkQmqddt1IvQSqpAzAdNcJ9YQUTaiA2gbKmkA2kvmR0/tE6P07H6oTEm05+rPiYQGWk8C33QGFId62ZuJ/3ntGPuXXsJlFCNItljUj4WNoT1LwO5xBQzFxBDKFDe32mxIFWVocsqZENzll/+SxlnRLRVL9+eF8lUaR5YckWNySlxyQcqkQqqkThh5IE/khbxaY+vZerPeF60ZK505JL9gfXwDouiSBw==</latexit>
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Figure 4. Qualitative comparison with state-of-the-art (SOTA) methods for arbitrary-scale SR. Top-left: turbulence flow; Top-right: kinetic
energy; Bottom-left: temperature; and Bottom-right: water vapor.

modeling multi-scale data, such as climate-related imagery.

Continuous Representation. Fig. 5 presents a comparative
analysis of arbitrary SR methods: the bilinear interpolation-
based approach versus the deep learning-based HiNOTE.
Each subplot displays the predicted high-resolution output at
different upsampling ratios using turbulence flow data, with
specific focus on regions abundant in high-frequency struc-
tures (highlighted by rectangular boxes). The comparison
reveals the limitations of bilinear interpolation, particularly
its restricted context awareness and reliance on neighboring
pixels, resulting in imprecise high-frequency detail repre-
sentation. This deficiency is more pronounced at higher
upsampling ratios (e.g., ×32), producing images that are
blurry and lack detail. Conversely, HiNOTE effectively re-
constructs fine structures, underscoring the significance of
global integral kernels in capturing overall structures.

<latexit sha1_base64="S0zQTmBor1OsOxK0dxaL0ZpV2Hw=">AAAB73icbVBNS8NAEJ34WetX1aOXxSJ4KkmR6rHoxWMF+wFtKJvtpl262cTdiVBC/4QXD4p49e9489+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR23TJxqxpsslrHuBNRwKRRvokDJO4nmNAokbwfj25nffuLaiFg94CThfkSHSoSCUbRSp4ci4oZU+6WyW3HnIKvEy0kZcjT6pa/eIGZpxBUySY3pem6CfkY1Cib5tNhLDU8oG9Mh71qqqF3jZ/N7p+TcKgMSxtqWQjJXf09kNDJmEgW2M6I4MsveTPzP66YYXvuZUEmKXLHFojCVBGMye54MhOYM5cQSyrSwtxI2opoytBEVbQje8surpFWteLVK7f6yXL/J4yjAKZzBBXhwBXW4gwY0gYGEZ3iFN+fReXHenY9F65qTz5zAHzifP4UOj6U=</latexit>⇥2
<latexit sha1_base64="xA/c0zZpFmz9Z2yNGGU9Wfv99EU=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao9FLx4r2FpoQ9lsN+3SzSbuToQS+ie8eFDEq3/Hm//GbZuDtj4YeLw3w8y8IJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUNnGqGW+xWMa6E1DDpVC8hQIl7ySa0yiQ/CEY38z8hyeujYjVPU4S7kd0qEQoGEUrdXooIm5IvV+uuFV3DrJKvJxUIEezX/7qDWKWRlwhk9SYrucm6GdUo2CST0u91PCEsjEd8q6lito1fja/d0rOrDIgYaxtKSRz9fdERiNjJlFgOyOKI7PszcT/vG6KYd3PhEpS5IotFoWpJBiT2fNkIDRnKCeWUKaFvZWwEdWUoY2oZEPwll9eJe2Lqler1u4uK43rPI4inMApnIMHV9CAW2hCCxhIeIZXeHMenRfn3flYtBacfOYY/sD5/AGOJo+r</latexit>⇥8

<latexit sha1_base64="Y4X6l5eKqNwXLBrHlPXDXKVM3r8=">AAAB8HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRoEeiF4+YyMPAhswOszBhdnYz02tCCF/hxYPGePVzvPk3DrAHBSvppFLVne6uIJHCoOt+O7m19Y3Nrfx2YWd3b/+geHjUNHGqGW+wWMa6HVDDpVC8gQIlbyea0yiQvBWMbmd+64lrI2L1gOOE+xEdKBEKRtFKj10UETfkotIrltyyOwdZJV5GSpCh3it+dfsxSyOukElqTMdzE/QnVKNgkk8L3dTwhLIRHfCOpYraPf5kfvCUnFmlT8JY21JI5urviQmNjBlHge2MKA7NsjcT//M6KYbX/kSoJEWu2GJRmEqCMZl9T/pCc4ZybAllWthbCRtSTRnajAo2BG/55VXSrJS9arl6f1mq3WRx5OEETuEcPLiCGtxBHRrAIIJneIU3RzsvzrvzsWjNOdnMMfyB8/kD+h2P4g==</latexit>⇥32

<latexit sha1_base64="S0zQTmBor1OsOxK0dxaL0ZpV2Hw=">AAAB73icbVBNS8NAEJ34WetX1aOXxSJ4KkmR6rHoxWMF+wFtKJvtpl262cTdiVBC/4QXD4p49e9489+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR23TJxqxpsslrHuBNRwKRRvokDJO4nmNAokbwfj25nffuLaiFg94CThfkSHSoSCUbRSp4ci4oZU+6WyW3HnIKvEy0kZcjT6pa/eIGZpxBUySY3pem6CfkY1Cib5tNhLDU8oG9Mh71qqqF3jZ/N7p+TcKgMSxtqWQjJXf09kNDJmEgW2M6I4MsveTPzP66YYXvuZUEmKXLHFojCVBGMye54MhOYM5cQSyrSwtxI2opoytBEVbQje8surpFWteLVK7f6yXL/J4yjAKZzBBXhwBXW4gwY0gYGEZ3iFN+fReXHenY9F65qTz5zAHzifP4UOj6U=</latexit>⇥2
<latexit sha1_base64="oGdKUETcAFuUrWLrfuicQtPjcoM=">AAAB+HicbVA9SwNBEJ3zM8aPnFraLAbBKtyJRMugjYVFBPMByRH2NpvLkr3dY3dPiUd+iY2FIrb+FDv/jZvkCk18MPB4b4aZeWHCmTae9+2srK6tb2wWtorbO7t7JXf/oKllqghtEMmlaodYU84EbRhmOG0niuI45LQVjq6nfuuBKs2kuDfjhAYxjgQbMIKNlXpuqXsrRaRYNDRYKfnYc8texZsBLRM/J2XIUe+5X92+JGlMhSEca93xvcQEGVaGEU4nxW6qaYLJCEe0Y6nAMdVBNjt8gk6s0kcDqWwJg2bq74kMx1qP49B2xtgM9aI3Ff/zOqkZXAYZE0lqqCDzRYOUIyPRNAXUZ4oSw8eWYKKYvRWRIVaYGJtV0YbgL768TJpnFb9aqd6dl2tXeRwFOIJjOAUfLqAGN1CHBhBI4Rle4c15cl6cd+dj3rri5DOH8AfO5w9DqpOB</latexit>

=) <latexit sha1_base64="oGdKUETcAFuUrWLrfuicQtPjcoM=">AAAB+HicbVA9SwNBEJ3zM8aPnFraLAbBKtyJRMugjYVFBPMByRH2NpvLkr3dY3dPiUd+iY2FIrb+FDv/jZvkCk18MPB4b4aZeWHCmTae9+2srK6tb2wWtorbO7t7JXf/oKllqghtEMmlaodYU84EbRhmOG0niuI45LQVjq6nfuuBKs2kuDfjhAYxjgQbMIKNlXpuqXsrRaRYNDRYKfnYc8texZsBLRM/J2XIUe+5X92+JGlMhSEca93xvcQEGVaGEU4nxW6qaYLJCEe0Y6nAMdVBNjt8gk6s0kcDqWwJg2bq74kMx1qP49B2xtgM9aI3Ff/zOqkZXAYZE0lqqCDzRYOUIyPRNAXUZ4oSw8eWYKKYvRWRIVaYGJtV0YbgL768TJpnFb9aqd6dl2tXeRwFOIJjOAUfLqAGN1CHBhBI4Rle4c15cl6cd+dj3rri5DOH8AfO5w9DqpOB</latexit>

=) <latexit sha1_base64="oGdKUETcAFuUrWLrfuicQtPjcoM=">AAAB+HicbVA9SwNBEJ3zM8aPnFraLAbBKtyJRMugjYVFBPMByRH2NpvLkr3dY3dPiUd+iY2FIrb+FDv/jZvkCk18MPB4b4aZeWHCmTae9+2srK6tb2wWtorbO7t7JXf/oKllqghtEMmlaodYU84EbRhmOG0niuI45LQVjq6nfuuBKs2kuDfjhAYxjgQbMIKNlXpuqXsrRaRYNDRYKfnYc8texZsBLRM/J2XIUe+5X92+JGlMhSEca93xvcQEGVaGEU4nxW6qaYLJCEe0Y6nAMdVBNjt8gk6s0kcDqWwJg2bq74kMx1qP49B2xtgM9aI3Ff/zOqkZXAYZE0lqqCDzRYOUIyPRNAXUZ4oSw8eWYKKYvRWRIVaYGJtV0YbgL768TJpnFb9aqd6dl2tXeRwFOIJjOAUfLqAGN1CHBhBI4Rle4c15cl6cd+dj3rri5DOH8AfO5w9DqpOB</latexit>

=)
<latexit sha1_base64="gVZsm6HPdlLXnjEEp/FD/ap2k/E=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Ae0oWy2m3bpZhN3J0IJ/RNePCji1b/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilTg9FxA257JcrbtWdg6wSLycVyNHol796g5ilEVfIJDWm67kJ+hnVKJjk01IvNTyhbEyHvGuponaNn83vnZIzqwxIGGtbCslc/T2R0ciYSRTYzojiyCx7M/E/r5tieO1nQiUpcsUWi8JUEozJ7HkyEJozlBNLKNPC3krYiGrK0EZUsiF4yy+vktZF1atVa/eXlfpNHkcRTuAUzsGDK6jDHTSgCQwkPMMrvDmPzovz7nwsWgtOPnMMf+B8/gCIFo+n</latexit>⇥4

<latexit sha1_base64="gVZsm6HPdlLXnjEEp/FD/ap2k/E=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Ae0oWy2m3bpZhN3J0IJ/RNePCji1b/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilTg9FxA257JcrbtWdg6wSLycVyNHol796g5ilEVfIJDWm67kJ+hnVKJjk01IvNTyhbEyHvGuponaNn83vnZIzqwxIGGtbCslc/T2R0ciYSRTYzojiyCx7M/E/r5tieO1nQiUpcsUWi8JUEozJ7HkyEJozlBNLKNPC3krYiGrK0EZUsiF4yy+vktZF1atVa/eXlfpNHkcRTuAUzsGDK6jDHTSgCQwkPMMrvDmPzovz7nwsWgtOPnMMf+B8/gCIFo+n</latexit>⇥4

<latexit sha1_base64="S0zQTmBor1OsOxK0dxaL0ZpV2Hw=">AAAB73icbVBNS8NAEJ34WetX1aOXxSJ4KkmR6rHoxWMF+wFtKJvtpl262cTdiVBC/4QXD4p49e9489+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR23TJxqxpsslrHuBNRwKRRvokDJO4nmNAokbwfj25nffuLaiFg94CThfkSHSoSCUbRSp4ci4oZU+6WyW3HnIKvEy0kZcjT6pa/eIGZpxBUySY3pem6CfkY1Cib5tNhLDU8oG9Mh71qqqF3jZ/N7p+TcKgMSxtqWQjJXf09kNDJmEgW2M6I4MsveTPzP66YYXvuZUEmKXLHFojCVBGMye54MhOYM5cQSyrSwtxI2opoytBEVbQje8surpFWteLVK7f6yXL/J4yjAKZzBBXhwBXW4gwY0gYGEZ3iFN+fReXHenY9F65qTz5zAHzifP4UOj6U=</latexit>⇥2
<latexit sha1_base64="oGdKUETcAFuUrWLrfuicQtPjcoM=">AAAB+HicbVA9SwNBEJ3zM8aPnFraLAbBKtyJRMugjYVFBPMByRH2NpvLkr3dY3dPiUd+iY2FIrb+FDv/jZvkCk18MPB4b4aZeWHCmTae9+2srK6tb2wWtorbO7t7JXf/oKllqghtEMmlaodYU84EbRhmOG0niuI45LQVjq6nfuuBKs2kuDfjhAYxjgQbMIKNlXpuqXsrRaRYNDRYKfnYc8texZsBLRM/J2XIUe+5X92+JGlMhSEca93xvcQEGVaGEU4nxW6qaYLJCEe0Y6nAMdVBNjt8gk6s0kcDqWwJg2bq74kMx1qP49B2xtgM9aI3Ff/zOqkZXAYZE0lqqCDzRYOUIyPRNAXUZ4oSw8eWYKKYvRWRIVaYGJtV0YbgL768TJpnFb9aqd6dl2tXeRwFOIJjOAUfLqAGN1CHBhBI4Rle4c15cl6cd+dj3rri5DOH8AfO5w9DqpOB</latexit>

=) <latexit sha1_base64="oGdKUETcAFuUrWLrfuicQtPjcoM=">AAAB+HicbVA9SwNBEJ3zM8aPnFraLAbBKtyJRMugjYVFBPMByRH2NpvLkr3dY3dPiUd+iY2FIrb+FDv/jZvkCk18MPB4b4aZeWHCmTae9+2srK6tb2wWtorbO7t7JXf/oKllqghtEMmlaodYU84EbRhmOG0niuI45LQVjq6nfuuBKs2kuDfjhAYxjgQbMIKNlXpuqXsrRaRYNDRYKfnYc8texZsBLRM/J2XIUe+5X92+JGlMhSEca93xvcQEGVaGEU4nxW6qaYLJCEe0Y6nAMdVBNjt8gk6s0kcDqWwJg2bq74kMx1qP49B2xtgM9aI3Ff/zOqkZXAYZE0lqqCDzRYOUIyPRNAXUZ4oSw8eWYKKYvRWRIVaYGJtV0YbgL768TJpnFb9aqd6dl2tXeRwFOIJjOAUfLqAGN1CHBhBI4Rle4c15cl6cd+dj3rri5DOH8AfO5w9DqpOB</latexit>

=) <latexit sha1_base64="oGdKUETcAFuUrWLrfuicQtPjcoM=">AAAB+HicbVA9SwNBEJ3zM8aPnFraLAbBKtyJRMugjYVFBPMByRH2NpvLkr3dY3dPiUd+iY2FIrb+FDv/jZvkCk18MPB4b4aZeWHCmTae9+2srK6tb2wWtorbO7t7JXf/oKllqghtEMmlaodYU84EbRhmOG0niuI45LQVjq6nfuuBKs2kuDfjhAYxjgQbMIKNlXpuqXsrRaRYNDRYKfnYc8texZsBLRM/J2XIUe+5X92+JGlMhSEca93xvcQEGVaGEU4nxW6qaYLJCEe0Y6nAMdVBNjt8gk6s0kcDqWwJg2bq74kMx1qP49B2xtgM9aI3Ff/zOqkZXAYZE0lqqCDzRYOUIyPRNAXUZ4oSw8eWYKKYvRWRIVaYGJtV0YbgL768TJpnFb9aqd6dl2tXeRwFOIJjOAUfLqAGN1CHBhBI4Rle4c15cl6cd+dj3rri5DOH8AfO5w9DqpOB</latexit>

=)
<latexit sha1_base64="gVZsm6HPdlLXnjEEp/FD/ap2k/E=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Ae0oWy2m3bpZhN3J0IJ/RNePCji1b/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilTg9FxA257JcrbtWdg6wSLycVyNHol796g5ilEVfIJDWm67kJ+hnVKJjk01IvNTyhbEyHvGuponaNn83vnZIzqwxIGGtbCslc/T2R0ciYSRTYzojiyCx7M/E/r5tieO1nQiUpcsUWi8JUEozJ7HkyEJozlBNLKNPC3krYiGrK0EZUsiF4yy+vktZF1atVa/eXlfpNHkcRTuAUzsGDK6jDHTSgCQwkPMMrvDmPzovz7nwsWgtOPnMMf+B8/gCIFo+n</latexit>⇥4

<latexit sha1_base64="gVZsm6HPdlLXnjEEp/FD/ap2k/E=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Ae0oWy2m3bpZhN3J0IJ/RNePCji1b/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilTg9FxA257JcrbtWdg6wSLycVyNHol796g5ilEVfIJDWm67kJ+hnVKJjk01IvNTyhbEyHvGuponaNn83vnZIzqwxIGGtbCslc/T2R0ciYSRTYzojiyCx7M/E/r5tieO1nQiUpcsUWi8JUEozJ7HkyEJozlBNLKNPC3krYiGrK0EZUsiF4yy+vktZF1atVa/eXlfpNHkcRTuAUzsGDK6jDHTSgCQwkPMMrvDmPzovz7nwsWgtOPnMMf+B8/gCIFo+n</latexit>⇥4

<latexit sha1_base64="rBbU+VJA5HgjFEXBh5r3aKHgrmA=">AAAB83icbVDLSgNBEJz1GeMr6tHLYBA8hV2R6DHoRW8RzAOyS5id9CZDZh/M9IphyW948aCIV3/Gm3/jbLIHTSxoKKq66e7yEyk02va3tbK6tr6xWdoqb+/s7u1XDg7bOk4VhxaPZay6PtMgRQQtFCihmyhgoS+h449vcr/zCEqLOHrASQJeyIaRCARnaCTXRXjC7C5KUpz2K1W7Zs9Al4lTkCop0OxXvtxBzNMQIuSSad1z7AS9jCkUXMK07KYaEsbHbAg9QyMWgvay2c1TemqUAQ1iZSpCOlN/T2Qs1HoS+qYzZDjSi14u/uf1UgyuvEzkL0HE54uCVFKMaR4AHQgFHOXEEMaVMLdSPmKKcTQxlU0IzuLLy6R9XnPqtfr9RbVxXcRRIsfkhJwRh1ySBrklTdIinCTkmbySNyu1Xqx362PeumIVM0fkD6zPH7h6kiY=</latexit>

Input

<latexit sha1_base64="MjPu2XTnsXA5VIrjvf1vj+YIOCA=">AAAB+HicbVBNS8NAEJ34WetHox69BIvgqSQi1WOpF48V7Ae0oWy223bpZhN2J2IN/SVePCji1Z/izX/jps1BWx8MPN6b2Z15QSy4Rtf9ttbWNza3tgs7xd29/YOSfXjU0lGiKGvSSESqExDNBJesiRwF68SKkTAQrB1MbjK//cCU5pG8x2nM/JCMJB9yStBIfbvUQ/aIaZ1nDxA169tlt+LO4awSLydlyNHo21+9QUSTkEmkgmjd9dwY/ZQo5FSwWbGXaBYTOiEj1jVUkpBpP50vPnPOjDJwhpEyJdGZq78nUhJqPQ0D0xkSHOtlLxP/87oJDq/9lMs4QSbp4qNhIhyMnCwFZ8AVoyimhhCquNnVoWOiCEWTVdGE4C2fvEpaFxWvWqneXZZr9TyOApzAKZyDB1dQg1toQBMoJPAMr/BmPVkv1rv1sWhds/KZY/gD6/MHVEiTiw==</latexit>

Bilinear

<latexit sha1_base64="v1bUDB0FH7TyW6YsYAf10rAsmXY=">AAAB9HicbVBNS8NAEN3Ur1q/qh69BIvgqSQi1WNRhJ60Qr+gDWWznbZLN5u4OymW0N/hxYMiXv0x3vw3btsctPpg4PHeDDPz/EhwjY7zZWVWVtfWN7Kbua3tnd29/P5BQ4exYlBnoQhVy6caBJdQR44CWpECGvgCmv7oeuY3x6A0D2UNJxF4AR1I3ueMopG8DsIjJhV+e1e7mXbzBafozGH/JW5KCiRFtZv/7PRCFgcgkQmqddt1IvQSqpAzAdNcJ9YQUTaiA2gbKmkA2kvmR0/tE6P07H6oTEm05+rPiYQGWk8C33QGFId62ZuJ/3ntGPuXXsJlFCNItljUj4WNoT1LwO5xBQzFxBDKFDe32mxIFWVocsqZENzll/+SxlnRLRVL9+eF8lUaR5YckWNySlxyQcqkQqqkThh5IE/khbxaY+vZerPeF60ZK505JL9gfXwDouiSBw==</latexit>

HiNOTE

Figure 5. Qualitative demonstration of continuous representation
learning: model performance evaluated on two instances randomly
chosen from the test dataset, across various upsampling ratios.

4.3. Ablation Study

Necessity of Refining Features. To investigate the impor-
tance of refining deep features, we trained HiNOTE across
various upsampling ratios. Next, performance was evaluated
using a test dataset with an upsampling ratio fixed at 8. The
results reveal that enhancing the spatial resolution of feature
maps improves performance in tasks such as SR. Notably,
omitting up-sampling resulted in the lowest performance
(×1). The optimal up-sampling ratio varies with the prob-
lem. In this case, a model trained with a fourfold increase
outperforms a twofold increase by 4.16%.

Table 3. Experimental results for different up-sampling ratios.
Up-sampling ratio ×1 ×2 ×4

MSE 9.869e-5 9.307e-5 8.919e-5

Efficiency of the Upsampling Module. It is critical to
note that adding an upsampling layer at the end of the net-
work increases the computational cost. Traditionally, a SR
model requires a deep encoder to extract complex, abstract
features through upsampling at the end of the network. In
contrast, HiNOTE incorporates the iterative kernel integral
as a central feature, allowing for fewer channels thanks
to our proposed patch ensemble approach. Consequently,
our encoder requires fewer layers, significantly reducing
the overall computational demands. We have performed a
comparative analysis to assess the computational effects of
including versus excluding the upsampling module. The
results, detailed below, demonstrate a minimal increase in
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computational cost due to the efficient design of our model.

Figure 6. Efficiency comparison of three models: (1) without up-
sampling, (2) with upsampling after encoder, and (3) with upsam-
pling before encoder.

Ablations on Self-attention Mechanisms. The primary
motivation of employing Galerkin-type self-attention is to
decrease computational complexity. Among various self-
attention mechanisms that also reduce complexity, Galerkin-
type self-attention is preferred due to its origin in operator-
based learning problems, aligning closely with our model de-
sign. Here, we have conducted an ablation study of different
self-attention mechanisms: Vanilla (Vaswani et al., 2017),
FAVOR (Choromanski et al., 2020), and ProbSparse (Zhou
et al., 2021). Due to vanilla attention’s high computational
demands, especially in GPU memory usage, we have scaled
down the resolution to 128× 128 for practical evaluation,
instead of using the original 1024× 1024 resolution of the
turbulence data. FLOPs are calculated per sample. We have
observed that while the FAVOR method from the Performer
and the ProbSparse self-attention from the Informer signif-
icantly reduce computational complexity, adapting these
sequence-to-sequence models for computer vision tasks in-
cluding super-resolution necessitates further optimization,
such as adopting patch-based learning similar to ViT (Doso-
vitskiy et al., 2021). This adaptation process may influence
the computational cost metrics, potentially biasing them.
For this reason, the computational cost metrics measured
by the wall clock time may be biased due to our naive
re-implementation of Performer and Informer not being
optimized for this specific context. Despite these consid-
erations, our findings indicate superior performance from
the Galerkin-type self-attention. This is likely due to its
specific design for operator learning problems. However,
recent studies have reported variants of Galerkin-type atten-
tion that achieve even better results, which merits further
investigation (Hao et al., 2023).

Table 4. Ablation study for self-attention mechanisms.
Model Params. (M) FLOPs (G) Time (sec) MSE
Vanilla 1.441 28.062 5.2147 3.382e-5
FAVOR 1.665 5.622 2.4746 1.002e-5

ProbSparse 1.681 5.644 2.4688 9.941e-6
Galerkin 1.709 2.708 0.3278 5.201e-6

Enhancement via Loss Prior. Table. 5 quantitatively sum-
marizes the model performance, as measured by MSE, both

with and without the inclusion of the proposed loss function.
The experiments have been conducted with the upsampling
ratio set at 4. The ablation study demonstrates that the in-
clusion of the proposed loss function enhances performance
by at least 1.32% across various datasets.

Table 5. Ablation study for learnable frequency-aware loss prior.
Model design Turbulence Temperature Kinetic Energy Water Vapor
loss prior (-) 6.194e-6 2.061e-5 1.455e-4 3.169e-5
loss prior (+) 6.112e-6 1.983e-5 1.138e-4 3.112e-5
improvement 1.32% 3.78% 21.78% 1.79%

Furthermore, we investigate the correlation between high-
frequency signals missing in deep learning predictions and
the structure prior. We begin by calculating the error as the
absolute difference between the deep learning predictions
and the target. Subsequently, Pearson’s correlation coeffi-
cient is utilized to assess the relationship between this error
and the structure priors, each associated with distinct hyper-
parameters. In our specific case, we observe that settings
of α = 1 and β = 0.1 yield the most effective structure
prior, demonstrating a significant correlation (0.7978) with
the error (See Fig.7). This insight allows us to employ this
matrix to direct the network towards improved learning of
high-frequency signals.
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Figure 7. Illustration of the correlation between the high-frequency
signals absent in deep learning predictions and the structure priors.

5. Conclusion
In this paper, we introduce the Hierarchical Neural Operator
TransformEr (HiNOTE) for arbitrary-scale super-resolution.
HiNOTE conceptualizes digital data as continuous func-
tions, learning mappings between finite-dimensional func-
tion spaces, which enables training and generalization across
various discretization levels. The process begins by trans-
forming discretized low-resolution input into enhanced
spatial-resolution feature maps. Subsequently, these maps
are elevated to a higher-dimensional feature space by in-
creasing the channel size to reveal latent features omitted in
the original representation. This is followed by applying a
hierarchical and self-attention-based kernel approximation
before the final output mapping. HiNOTE demonstrates
consistent state-of-the-art performance on both turbulence
and weather data benchmarks, benefiting from its innovative
architecture.

9



Hierarchical Neural Operator Transformer with Learnable Frequency-aware Loss Prior for Arbitrary-scale Super-resolution

Acknowledgement
This research were supported by funding from the Ad-
vanced Scientific Computing Research program in the
Department of Energy’s Office of Science under project
B&R#KJ0402010.

Impact Statement
Broader impacts The proposed model carries significant
broader impacts across various domains, enhancing our abil-
ity to interpret and utilize data at unprecedented levels of de-
tail. For instance, in environmental science, it can enhance
satellite imagery resolution, enabling more precise climate
models and improved decision-making for natural disaster
response. In healthcare, it transforms medical imaging by
offering detailed visualization of small anatomical features,
which could facilitate earlier disease detection. Ultimately,
the development of arbitrary-scale super-resolution methods
promises to significantly impact society by improving our
understanding and management of complex systems, from
global ecosystems to human health.

Fairness and ethic issues Our research is committed to
upholding ethical standards, focusing on developing models
that ensure fairness, reduce biases, and protect privacy. We
emphasize transparency in our methods and are willing to
share our results to encourage ethical evaluation and peer
review.

References
Akiva, P., Purri, M., and Leotta, M. Self-supervised mate-

rial and texture representation learning for remote sens-
ing tasks. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, pp. 8203–
8215, 2022.

Arakawa, A. Computational design for long-term numer-
ical integration of the equations of fluid motion: Two-
dimensional incompressible flow. part i. Journal of com-
putational physics, 135(2):103–114, 1997.

Brigham, E. O. The fast Fourier transform and its applica-
tions. Prentice-Hall, Inc., 1988.

Cao, J., Wang, Q., Xian, Y., Li, Y., Ni, B., Pi, Z., Zhang,
K., Zhang, Y., Timofte, R., and Van Gool, L. Ciaosr:
Continuous implicit attention-in-attention network for
arbitrary-scale image super-resolution. In Proceedings
of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pp. 1796–1807, 2023.

Cao, S. Choose a transformer: Fourier or galerkin. Ad-
vances in neural information processing systems, 34:
24924–24940, 2021.

Chang, H., Yeung, D.-Y., and Xiong, Y. Super-resolution
through neighbor embedding. In Proceedings of the 2004
IEEE Computer Society Conference on Computer Vision
and Pattern Recognition, 2004. CVPR 2004., volume 1,
pp. I–I. IEEE, 2004.

Chen, Y., Liu, S., and Wang, X. Learning continuous image
representation with local implicit image function. In
Proceedings of the IEEE/CVF conference on computer
vision and pattern recognition, pp. 8628–8638, 2021.

Choromanski, K. M., Likhosherstov, V., Dohan, D., Song,
X., Gane, A., Sarlos, T., Hawkins, P., Davis, J. Q., Mo-
hiuddin, A., Kaiser, L., et al. Rethinking attention with
performers. In International Conference on Learning
Representations, 2020.

Dong, C., Loy, C. C., He, K., and Tang, X. Learning a
deep convolutional network for image super-resolution.
In Computer Vision–ECCV 2014: 13th European Con-
ference, Zurich, Switzerland, September 6-12, 2014, Pro-
ceedings, Part IV 13, pp. 184–199. Springer, 2014.

Dong, C., Loy, C. C., He, K., and Tang, X. Image super-
resolution using deep convolutional networks. IEEE
transactions on pattern analysis and machine intelligence,
38(2):295–307, 2015.

Dosovitskiy, A., Beyer, L., Kolesnikov, A., Weissenborn,
D., Zhai, X., Unterthiner, T., Dehghani, M., Minderer,
M., Heigold, G., Gelly, S., Uszkoreit, J., and Houlsby,
N. An image is worth 16x16 words: Transformers for
image recognition at scale. In International Conference
on Learning Representations, 2021. URL https://
openreview.net/forum?id=YicbFdNTTy.

Dumoulin, V. and Visin, F. A guide to convolution arith-
metic for deep learning. arXiv preprint arXiv:1603.07285,
2016.

Fukami, K., Fukagata, K., and Taira, K. Super-resolution
reconstruction of turbulent flows with machine learning.
Journal of Fluid Mechanics, 870:106–120, 2019.

Gao, Z., Shi, X., Wang, H., Zhu, Y., Wang, Y. B., Li, M., and
Yeung, D.-Y. Earthformer: Exploring space-time trans-
formers for earth system forecasting. Advances in Neural
Information Processing Systems, 35:25390–25403, 2022.

Gou, Y., Hu, P., Lv, J., Zhu, H., and Peng, X. Rethink-
ing image super resolution from long-tailed distribution
learning perspective. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition,
pp. 14327–14336, 2023.

10

https://openreview.net/forum?id=YicbFdNTTy
https://openreview.net/forum?id=YicbFdNTTy


Hierarchical Neural Operator Transformer with Learnable Frequency-aware Loss Prior for Arbitrary-scale Super-resolution

Hao, Z., Wang, Z., Su, H., Ying, C., Dong, Y., Liu, S.,
Cheng, Z., Song, J., and Zhu, J. Gnot: A general neu-
ral operator transformer for operator learning. In Inter-
national Conference on Machine Learning, pp. 12556–
12569. PMLR, 2023.

He, K., Zhang, X., Ren, S., and Sun, J. Deep residual learn-
ing for image recognition. In Proceedings of the IEEE
conference on computer vision and pattern recognition,
pp. 770–778, 2016.

Hersbach, H., Bell, B., Berrisford, P., Hirahara, S., Horányi,
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A. Data
A.1. Turbulent Flow

Turbulent flow is a fluid motion marked by irregular fluctuations in velocity and pressure. In this type of flow, fluid
particles move chaotically, causing rapid changes in velocity and direction. The understanding of turbulent flow relies on
the Navier-Stokes (NS) equations, which serve as a fundamental framework for studying fluid dynamics (Holmes, 2012).
However, solving these equations becomes challenging when turbulence is present, as they couple the velocity field to
pressure gradients:

∇ · u = 0,
∂u

∂t
+ u · ∇u = −1

ρ
∇p+ ν∇2u (11)

The variables u and p represent the velocity field and pressure, respectively. ρ and ν stand for density and viscosity. In this
study, we focus on two-dimensional Kraichnan turbulence in a doubly periodic square domain within [0, 2π]2. The spatial
domain is discretized using 20482 degrees of freedom. Solution variables of the NS equations are obtained through direct
numerical simulation. A second-order energy-conserving Arakawa scheme computes the nonlinear Jacobian (Arakawa,
1997), and a second-order finite-difference scheme is employed for the Laplacian of the vorticity (Ren et al., 2023).

A.2. Global Weather Pattern

Global weather patterns depict the dominant atmospheric conditions and circulation features defining the Earth’s climate
globally. These patterns arise from interactions among elements of the Earth’s atmosphere, including air temperature,
pressure, humidity, and wind. These interactions span spatial and temporal scales over O(10) orders of magnitude, ranging
from micrometers to planetary scales. In this study, we employ ERA5, an advanced atmospheric reanalysis dataset (Hersbach
et al., 2020). Specifically, ERA5 has global coverage, ranging from the surface to the stratosphere, with a spatial resolution
of 0.25 degrees (approximately 25 kilometers). When represented on a cartesian grid, these variables form a 720× 1440
pixel field at any given altitude. Vertically, it is resolved into 37 pressure levels, offering detailed insights up to about
100 kilometers in altitude. The dataset provides hourly estimates of various atmospheric variables, facilitating detailed
analyses of short-term weather events. Spanning from 1979 to near-real-time, ERA5 delivers a continuous, long-term
record of Earth’s atmospheric state. Its creation involves assimilating observations from diverse sources, such as satellite
data, ground-based measurements, and meteorological observations, using an advanced numerical model. In this work, we
employed three key variables: (1) kinetic energy at 10 meters above the surface, (2) surface temperature at 2 meters, and (3)
total column water vapor. The variables are sampled daily at a frequency of 24 hours, spanning a period of 7 years.

A.3. SEVIR

The Storm EVent ImagRy (SEVIR) (Veillette et al., 2020) dataset is specifically curated to facilitate the development and
evaluation of machine learning models in meteorology, with a particular emphasis on nowcasting severe weather events.
SEVIR offers a substantial and well-organized collection of labeled examples depicting a range of weather phenomena,
including thunderstorms, convective systems, and other related events. Key features of the SEVIR dataset include: (1)
High-resolution Imagery: SEVIR encompasses high-resolution spatial and temporal satellite and radar imagery, capturing
the intricate dynamics of storm development and progression; (2) Multimodal Data: The dataset incorporates data from
various sources, such as satellite imagery (both visible and infrared), radar data, lightning maps, and derived products like
Vertically Integrated Liquid (VIL) maps. This multimodal integration enables a comprehensive understanding of storm
structures; (3) Event-based Sampling: SEVIR adopts an event-based sampling approach, concentrating on specific storm
events. This method provides a focused dataset for the analysis of severe weather, including images captured before, during,
and after significant events, which facilitates the temporal analysis of storm evolution; and (4) Wide Coverage: The dataset
spans a broad geographic area, primarily across the continental United States, which experiences a diverse array of severe
weather events. This extensive coverage enhances the general applicability of models trained on this data.

A.4. Data Summary

Overall, Table. 6 summarizes the datasets utilized in our experiments. The spatial resolution of these datasets has been
carefully selected to enable efficient training without requiring multi-GPU computing resources.
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Table 6. Summary of experiment benchmarks. Turbulence data is simulated using a time step of ∆t = 5× 10−4, while weather data is
gathered at a sampling frequency of 24 hours.

Datasets Spatial Temporal Train/Valid/Test
Turbulence 1024× 1024 0 → 4 700/200/100

Weather 720× 1440 2007 → 2012 700/200/100
SEVIR 768× 768 2018 700/200/100

MRI 512× 512 N/A 700/200/100

B. Model
B.1. Baselines

In this section, we provide additional training details for all baseline models. To ensure the reliability and consistency of our
findings, each experiment was thoughtfully replicated five times. The models were implemented in PyTorch and experiments
were conducted on an A100 GPU with 48GB.

• SRCNN: Dong et al. (2015) pioneered the use of a fully convolutional neural network for image super-resolution
(SR), enabling end-to-end learning of the LR-to-HR mapping with minimal preprocessing. In our study, we employed
SRCNN as a baseline for comparison and followed its default network design. To enhance training, we replaced the
original Stochastic Gradient Descent (SGD) optimizer with ADAM (Kingma & Ba, 2015), balancing convergence
speed and stability with a learning rate of 1× 10−3. Regularization was implemented using a weight decay factor of
1× 10−5 to prevent overfitting and encourage generalization. Our training regimen extended over 200 epochs, with a
batch size of 32 chosen for computational efficiency.

• ESPCN: Shi et al. (2016) introduce an innovative resolution enhancement approach through pixel-shuffle, facilitating
deep neural network training within the low-resolution latent space. The study employs the default network architecture,
with a learning rate of 1 × 10−3, a batch size of 32, and a weight decay of 1 × 10−4. Training spans 200 epochs,
employing the Adam optimizer (Kingma & Ba, 2015).

• EDSR: Utilizing a deep residual network architecture with an extensive array of residual blocks, EDSR (Lim et al.,
2017) effectively acquires the LR-to-HR image mapping while capturing hierarchical features. Our comparison study
adheres to EDSR’s default network configuration, employing 16 residual blocks with a hidden channel size of 64. For
optimization, we set the learning rate to 1× 10−4 and incorporate a weight decay of 1× 10−5. The batch size is fixed
at 64, and training spans 300 epochs, facilitated by the ADAM optimizer (Kingma & Ba, 2015).

• WDSR: Yu et al. (2018) introduced WDSR to enhance reconstruction accuracy and computational efficiency by
considering wider features before ReLU in residual blocks. They presented two architectures, WDSR-A and WDSR-B,
with WDSR-B being deeper and more powerful but demanding greater computational resources. Our implementation
employs 18 lightweight residual blocks with wide activation and a hidden channel of 32. Training utilizes a learning
rate of 1× 10−4 and a weight decay of 1× 10−5 over 300 epochs with the ADAM optimizer (Kingma & Ba, 2015).
The batch size is set to 32.

• SwinIR: SwinIR (Liang et al., 2021) is built upon the sophisticated Swin Transformer architecture (Liu et al., 2021),
leveraging its capabilities for local attention and cross-window interaction. Key architectural parameters include the
use of 6 residual Swin Transformer blocks (RSTB), 6 Swin Transformer layers (STL), a window size of 8, a channel
number of 180, and 6 attention heads. For training, a learning rate of 1× 10−4 and a weight decay of 1× 10−5 are
selected. The batch size for the training process is configured as 32.

• MetaSR: The Meta-Upscale Module (Hu et al., 2019) is composed of a stack of 16 residual blocks. In the encoding
phase, we aim to extract 64 features. During the training phase, we have chosen a learning rate of 1× 10−4 along with
a weight decay of 1× 10−5. The training process is conducted with a batch size of 32.

• LIIF: Following the original approach (Chen et al., 2021), we utilize patches as inputs for the encoder. Denoting the
batch size as B, we start by randomly selecting B scaling factors (r1∼B) from a uniform distribution U [1, 4]. Then, we
extract B patches from training images, each sized at {32ri × 32ri}Bi , while their down-sampled counterparts remain
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32 × 32. For the ground-truth data, we convert these images into pixel samples, with 1024 samples sampled from
each image to ensure consistent shapes within a batch. The encoder, denoted as E(·), is based on EDSR-baseline but
excludes its up-sampling modules, generating a feature map of the same size as the input image. The decoding function,
denoted as f(·), is implemented as a 5-layer MLP with ReLU activation functions and hidden dimensions of 256.

• LTE: Lee (Lee & Jin, 2022) introduced the Local Texture Estimator (LTE), a dominant-frequency estimator designed for
natural images. This estimator allows an implicit function to capture fine details during the continuous reconstruction
of images. When integrated with a deep super-resolution (SR) architecture, the LTE effectively characterizes image
textures in 2D Fourier space. We configure LTE analogously to LIIF. The amplitude and frequency estimators are
constructed using 3× 3 convolutional layers, each with 256 output channels. This configuration is equivalent to a fully
connected layer when the feature maps are unfolded. The phase estimator consists of a single fully connected layer
with a hidden dimension of 128.

• DFNO: Consistent with the original paper (Yang et al., 2023), our implementation follows a specific architectural
design: (1) Encoder: Modeled as a residual convolutional network inspired by super-resolution GAN generators (Wang
et al., 2018); (2) Decoder: Implemented as a Fourier Neural Operator; and (3) Upsampling: Achieved using bicubic
interpolation. Specifically, the encoder consists of five residual blocks, and the Fourier neural operator comprises four
layers of Fourier integral operators with ReLU activation and batch normalization. We built and trained the DFNO
model on a turbulence and weather dataset with a ×4 upsampling factor (32× 32 to 128× 128). Subsequently, we
evaluated its performance using various upsampling factors.

• SRNO: The SRNO network (Wei & Zhang, 2023) architecture features a key component, namely a feature encoder
denoted as E(·). To construct this encoder, we adopt the EDSR-baseline architecture and exclude its upsampling
layers, while maintaining output channel dimensions at de = 64. We also include a multi-head attention mechanism,
which involves dividing queries, keys, and values into nh segments, each with a dimension of dz/nh. In our specific
implementation, we set the embedding dimension as dz = 256 and the number of heads as nh = 16, resulting in
16-dimensional output values from the attention mechanism. The kernel integral operator is applied twice.

B.2. Our Approach

B.2.1. IMPROVEMENTS

• Feature Refining In contemporary super-resolution methods, the upsampling layer is typically positioned towards the
end of the network. We suggest that enhancing feature maps at the beginning of the network is more effective for SR
tasks.

• Neural Operator Implicit neural representations, often parameterized by multi-layer perceptrons (MLPs), struggle
with high-frequency information learning due to their point-wise spatial behavior, a phenomenon known as spectral
bias. To address this, we substitute the MLP-based inference network with a neural operator. This operator treats
images as continuous functions instead of 2D pixel arrays, where each image is a discretization of an underlying
function.

B.2.2. LOSS FUNCTION

We propose two approaches to incorporate the loss prior into training our HiNOTE model: (1) utilizing a focal loss-based
technique, and (2) employing a two-stage network training process.

Approach 1 Similar to the concept of focal loss (Jiang et al., 2021; Gou et al., 2023), the loss function can be formulated as

L =
1

N

N∑

j=1

Lj where Lj = W(p(j);αp, βp)×W(b̂
(j)

;αb̂, βb̂)×
∣∣∣Gθ

(
a(j)

)
+R

(
a(j)

)
− b(j)

∣∣∣ (12)

In Eq. 12, the prior loss W(p(j);αp, βp) quantifies the discrepancy between the target and the output of spectral resizing,

while W(b̂
(j)

;αb̂, βb̂) assesses the difference between the target and the deep learning prediction.

16



Hierarchical Neural Operator Transformer with Learnable Frequency-aware Loss Prior for Arbitrary-scale Super-resolution

<latexit sha1_base64="pdJLtZ7ichNC1J1ruhuzZGzmtE8=">AAAB7HicbVBNS8NAFHypX7V+VT16WSyCp5KIVI9FLx4rmLbQhrLZbtqlm03YfRFK6G/w4kERr/4gb/4bt20OWh1YGGbesO9NmEph0HW/nNLa+sbmVnm7srO7t39QPTxqmyTTjPsskYnuhtRwKRT3UaDk3VRzGoeSd8LJ7dzvPHJtRKIecJryIKYjJSLBKFrJ7w8TNINqza27C5C/xCtIDQq0BtVPm2NZzBUySY3peW6KQU41Cib5rNLPDE8pm9AR71mqaMxNkC+WnZEzqwxJlGj7FJKF+jOR09iYaRzayZji2Kx6c/E/r5dhdB3kQqUZcsWWH0WZJJiQ+eVkKDRnKKeWUKaF3ZWwMdWUoe2nYkvwVk/+S9oXda9Rb9xf1po3RR1lOIFTOAcPrqAJd9ACHxgIeIIXeHWU8+y8Oe/L0ZJTZI7hF5yPb/T6js0=</latexit>. . .

<latexit sha1_base64="pdJLtZ7ichNC1J1ruhuzZGzmtE8=">AAAB7HicbVBNS8NAFHypX7V+VT16WSyCp5KIVI9FLx4rmLbQhrLZbtqlm03YfRFK6G/w4kERr/4gb/4bt20OWh1YGGbesO9NmEph0HW/nNLa+sbmVnm7srO7t39QPTxqmyTTjPsskYnuhtRwKRT3UaDk3VRzGoeSd8LJ7dzvPHJtRKIecJryIKYjJSLBKFrJ7w8TNINqza27C5C/xCtIDQq0BtVPm2NZzBUySY3peW6KQU41Cib5rNLPDE8pm9AR71mqaMxNkC+WnZEzqwxJlGj7FJKF+jOR09iYaRzayZji2Kx6c/E/r5dhdB3kQqUZcsWWH0WZJJiQ+eVkKDRnKKeWUKaF3ZWwMdWUoe2nYkvwVk/+S9oXda9Rb9xf1po3RR1lOIFTOAcPrqAJd9ACHxgIeIIXeHWU8+y8Oe/L0ZJTZI7hF5yPb/T6js0=</latexit>. . .

<latexit sha1_base64="+CbRIw0I7QiZCS+aiyxdu/fKOhY=">AAAB/nicbVDLSgNBEJz1GeMrKp68DAbBU9gViR6DXjxJBPOAJITZ2U4yZHZ2mekVwxLwV7x4UMSr3+HNv3GS7EETCxqKqm66u/xYCoOu++0sLa+srq3nNvKbW9s7u4W9/bqJEs2hxiMZ6abPDEihoIYCJTRjDSz0JTT84fXEbzyANiJS9ziKoROyvhI9wRlaqVs4bCM8YjoQQQCKSjYCTce33ULRLblT0EXiZaRIMlS7ha92EPEkBIVcMmNanhtjJ2UaBZcwzrcTAzHjQ9aHlqWKhWA66fT8MT2xSkB7kbalkE7V3xMpC40Zhb7tDBkOzLw3Ef/zWgn2LjupUHGCoPhsUS+RFCM6yYIGQgNHObKEcS3srZQPmGYcbWJ5G4I3//IiqZ+VvHKpfHderFxlceTIETkmp8QjF6RCbkiV1AgnKXkmr+TNeXJenHfnY9a65GQzB+QPnM8fTriVuA==</latexit>

hidden layer N
<latexit sha1_base64="BSOXsot5zBPqqapak9NMFsgV5PI=">AAACAHicbVA9SwNBEN2LXzF+RS0sbBaDYGO4E4mWQRsriWA+IAlhb2+SLNnbO3bnxHCk8a/YWChi68+w89+4+Sg08cHA470ZZub5sRQGXffbySwtr6yuZddzG5tb2zv53b2aiRLNocojGemGzwxIoaCKAiU0Yg0s9CXU/cH12K8/gDYiUvc4jKEdsp4SXcEZWqmTP2ghPGLaF0EAiko2BE1Ht6deJ19wi+4EdJF4M1IgM1Q6+a9WEPEkBIVcMmOanhtjO2UaBZcwyrUSAzHjA9aDpqWKhWDa6eSBET22SkC7kbalkE7U3xMpC40Zhr7tDBn2zbw3Fv/zmgl2L9upUHGCoPh0UTeRFCM6ToMGQgNHObSEcS3srZT3mWYcbWY5G4I3//IiqZ0VvVKxdHdeKF/N4siSQ3JETohHLkiZ3JAKqRJORuSZvJI358l5cd6dj2lrxpnN7JM/cD5/ADgklio=</latexit>

hidden layer N � 1
<latexit sha1_base64="TZ2+9AOi1Bq8vDyyGOK9ky8ypls=">AAAB/nicbVDLSgNBEJyNrxhfUfHkZTAInsKuSPQY9OIxgnlAEsLsbCcZMju7zPSKYQn4K148KOLV7/Dm3zhJ9qCJBQ1FVTfdXX4shUHX/XZyK6tr6xv5zcLW9s7uXnH/oGGiRHOo80hGuuUzA1IoqKNACa1YAwt9CU1/dDP1mw+gjYjUPY5j6IZsoERfcIZW6hWPOgiPmA5FEICiko1B04nXK5bcsjsDXSZeRkokQ61X/OoEEU9CUMglM6btuTF2U6ZRcAmTQicxEDM+YgNoW6pYCKabzs6f0FOrBLQfaVsK6Uz9PZGy0Jhx6NvOkOHQLHpT8T+vnWD/qpsKFScIis8X9RNJMaLTLGggNHCUY0sY18LeSvmQacbRJlawIXiLLy+TxnnZq5Qrdxel6nUWR54ckxNyRjxySarkltRInXCSkmfySt6cJ+fFeXc+5q05J5s5JH/gfP4AIsSVmw==</latexit>

hidden layer 1

<latexit sha1_base64="pdJLtZ7ichNC1J1ruhuzZGzmtE8=">AAAB7HicbVBNS8NAFHypX7V+VT16WSyCp5KIVI9FLx4rmLbQhrLZbtqlm03YfRFK6G/w4kERr/4gb/4bt20OWh1YGGbesO9NmEph0HW/nNLa+sbmVnm7srO7t39QPTxqmyTTjPsskYnuhtRwKRT3UaDk3VRzGoeSd8LJ7dzvPHJtRKIecJryIKYjJSLBKFrJ7w8TNINqza27C5C/xCtIDQq0BtVPm2NZzBUySY3peW6KQU41Cib5rNLPDE8pm9AR71mqaMxNkC+WnZEzqwxJlGj7FJKF+jOR09iYaRzayZji2Kx6c/E/r5dhdB3kQqUZcsWWH0WZJJiQ+eVkKDRnKKeWUKaF3ZWwMdWUoe2nYkvwVk/+S9oXda9Rb9xf1po3RR1lOIFTOAcPrqAJd9ACHxgIeIIXeHWU8+y8Oe/L0ZJTZI7hF5yPb/T6js0=</latexit>. . .

<latexit sha1_base64="pdJLtZ7ichNC1J1ruhuzZGzmtE8=">AAAB7HicbVBNS8NAFHypX7V+VT16WSyCp5KIVI9FLx4rmLbQhrLZbtqlm03YfRFK6G/w4kERr/4gb/4bt20OWh1YGGbesO9NmEph0HW/nNLa+sbmVnm7srO7t39QPTxqmyTTjPsskYnuhtRwKRT3UaDk3VRzGoeSd8LJ7dzvPHJtRKIecJryIKYjJSLBKFrJ7w8TNINqza27C5C/xCtIDQq0BtVPm2NZzBUySY3peW6KQU41Cib5rNLPDE8pm9AR71mqaMxNkC+WnZEzqwxJlGj7FJKF+jOR09iYaRzayZji2Kx6c/E/r5dhdB3kQqUZcsWWH0WZJJiQ+eVkKDRnKKeWUKaF3ZWwMdWUoe2nYkvwVk/+S9oXda9Rb9xf1po3RR1lOIFTOAcPrqAJd9ACHxgIeIIXeHWU8+y8Oe/L0ZJTZI7hF5yPb/T6js0=</latexit>. . .

<latexit sha1_base64="pdJLtZ7ichNC1J1ruhuzZGzmtE8=">AAAB7HicbVBNS8NAFHypX7V+VT16WSyCp5KIVI9FLx4rmLbQhrLZbtqlm03YfRFK6G/w4kERr/4gb/4bt20OWh1YGGbesO9NmEph0HW/nNLa+sbmVnm7srO7t39QPTxqmyTTjPsskYnuhtRwKRT3UaDk3VRzGoeSd8LJ7dzvPHJtRKIecJryIKYjJSLBKFrJ7w8TNINqza27C5C/xCtIDQq0BtVPm2NZzBUySY3peW6KQU41Cib5rNLPDE8pm9AR71mqaMxNkC+WnZEzqwxJlGj7FJKF+jOR09iYaRzayZji2Kx6c/E/r5dhdB3kQqUZcsWWH0WZJJiQ+eVkKDRnKKeWUKaF3ZWwMdWUoe2nYkvwVk/+S9oXda9Rb9xf1po3RR1lOIFTOAcPrqAJd9ACHxgIeIIXeHWU8+y8Oe/L0ZJTZI7hF5yPb/T6js0=</latexit>. .
.

<latexit sha1_base64="pdJLtZ7ichNC1J1ruhuzZGzmtE8=">AAAB7HicbVBNS8NAFHypX7V+VT16WSyCp5KIVI9FLx4rmLbQhrLZbtqlm03YfRFK6G/w4kERr/4gb/4bt20OWh1YGGbesO9NmEph0HW/nNLa+sbmVnm7srO7t39QPTxqmyTTjPsskYnuhtRwKRT3UaDk3VRzGoeSd8LJ7dzvPHJtRKIecJryIKYjJSLBKFrJ7w8TNINqza27C5C/xCtIDQq0BtVPm2NZzBUySY3peW6KQU41Cib5rNLPDE8pm9AR71mqaMxNkC+WnZEzqwxJlGj7FJKF+jOR09iYaRzayZji2Kx6c/E/r5dhdB3kQqUZcsWWH0WZJJiQ+eVkKDRnKKeWUKaF3ZWwMdWUoe2nYkvwVk/+S9oXda9Rb9xf1po3RR1lOIFTOAcPrqAJd9ACHxgIeIIXeHWU8+y8Oe/L0ZJTZI7hF5yPb/T6js0=</latexit>. .
.

<latexit sha1_base64="+WVmREGzoBpwmWnjQ6FWL/qA5M8=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi1WPRi8cK9gPaUDbbTbt0sxt2J0oJ/RlePCji1V/jzX/jts1BWx8MPN6bYWZemAhu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVqyppUCaU7ITFMcMmayFGwTqIZiUPB2uH4dua3H5k2XMkHnCQsiMlQ8ohTglbq9jQfjpBorZ765YpX9eZwV4mfkwrkaPTLX72BomnMJFJBjOn6XoJBRjRyKti01EsNSwgdkyHrWipJzEyQzU+eumdWGbiR0rYkunP190RGYmMmcWg7Y4Ijs+zNxP+8borRdZBxmaTIJF0silLhonJn/7sDrhlFMbGEUM3trS4dEU0o2pRKNgR/+eVV0rqo+rVq7f6yUr/J4yjCCZzCOfhwBXW4gwY0gYKCZ3iFNwedF+fd+Vi0Fpx85hj+wPn8AcZNkZg=</latexit>!<latexit sha1_base64="+WVmREGzoBpwmWnjQ6FWL/qA5M8=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi1WPRi8cK9gPaUDbbTbt0sxt2J0oJ/RlePCji1V/jzX/jts1BWx8MPN6bYWZemAhu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVqyppUCaU7ITFMcMmayFGwTqIZiUPB2uH4dua3H5k2XMkHnCQsiMlQ8ohTglbq9jQfjpBorZ765YpX9eZwV4mfkwrkaPTLX72BomnMJFJBjOn6XoJBRjRyKti01EsNSwgdkyHrWipJzEyQzU+eumdWGbiR0rYkunP190RGYmMmcWg7Y4Ijs+zNxP+8borRdZBxmaTIJF0silLhonJn/7sDrhlFMbGEUM3trS4dEU0o2pRKNgR/+eVV0rqo+rVq7f6yUr/J4yjCCZzCOfhwBXW4gwY0gYKCZ3iFNwedF+fd+Vi0Fpx85hj+wPn8AcZNkZg=</latexit>!

<latexit sha1_base64="+WVmREGzoBpwmWnjQ6FWL/qA5M8=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi1WPRi8cK9gPaUDbbTbt0sxt2J0oJ/RlePCji1V/jzX/jts1BWx8MPN6bYWZemAhu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVqyppUCaU7ITFMcMmayFGwTqIZiUPB2uH4dua3H5k2XMkHnCQsiMlQ8ohTglbq9jQfjpBorZ765YpX9eZwV4mfkwrkaPTLX72BomnMJFJBjOn6XoJBRjRyKti01EsNSwgdkyHrWipJzEyQzU+eumdWGbiR0rYkunP190RGYmMmcWg7Y4Ijs+zNxP+8borRdZBxmaTIJF0silLhonJn/7sDrhlFMbGEUM3trS4dEU0o2pRKNgR/+eVV0rqo+rVq7f6yUr/J4yjCCZzCOfhwBXW4gwY0gYKCZ3iFNwedF+fd+Vi0Fpx85hj+wPn8AcZNkZg=</latexit>! <latexit sha1_base64="+WVmREGzoBpwmWnjQ6FWL/qA5M8=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi1WPRi8cK9gPaUDbbTbt0sxt2J0oJ/RlePCji1V/jzX/jts1BWx8MPN6bYWZemAhu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVqyppUCaU7ITFMcMmayFGwTqIZiUPB2uH4dua3H5k2XMkHnCQsiMlQ8ohTglbq9jQfjpBorZ765YpX9eZwV4mfkwrkaPTLX72BomnMJFJBjOn6XoJBRjRyKti01EsNSwgdkyHrWipJzEyQzU+eumdWGbiR0rYkunP190RGYmMmcWg7Y4Ijs+zNxP+8borRdZBxmaTIJF0silLhonJn/7sDrhlFMbGEUM3trS4dEU0o2pRKNgR/+eVV0rqo+rVq7f6yUr/J4yjCCZzCOfhwBXW4gwY0gYKCZ3iFNwedF+fd+Vi0Fpx85hj+wPn8AcZNkZg=</latexit>!
<latexit sha1_base64="pdJLtZ7ichNC1J1ruhuzZGzmtE8=">AAAB7HicbVBNS8NAFHypX7V+VT16WSyCp5KIVI9FLx4rmLbQhrLZbtqlm03YfRFK6G/w4kERr/4gb/4bt20OWh1YGGbesO9NmEph0HW/nNLa+sbmVnm7srO7t39QPTxqmyTTjPsskYnuhtRwKRT3UaDk3VRzGoeSd8LJ7dzvPHJtRKIecJryIKYjJSLBKFrJ7w8TNINqza27C5C/xCtIDQq0BtVPm2NZzBUySY3peW6KQU41Cib5rNLPDE8pm9AR71mqaMxNkC+WnZEzqwxJlGj7FJKF+jOR09iYaRzayZji2Kx6c/E/r5dhdB3kQqUZcsWWH0WZJJiQ+eVkKDRnKKeWUKaF3ZWwMdWUoe2nYkvwVk/+S9oXda9Rb9xf1po3RR1lOIFTOAcPrqAJd9ACHxgIeIIXeHWU8+y8Oe/L0ZJTZI7hF5yPb/T6js0=</latexit>. . .

<latexit sha1_base64="pdJLtZ7ichNC1J1ruhuzZGzmtE8=">AAAB7HicbVBNS8NAFHypX7V+VT16WSyCp5KIVI9FLx4rmLbQhrLZbtqlm03YfRFK6G/w4kERr/4gb/4bt20OWh1YGGbesO9NmEph0HW/nNLa+sbmVnm7srO7t39QPTxqmyTTjPsskYnuhtRwKRT3UaDk3VRzGoeSd8LJ7dzvPHJtRKIecJryIKYjJSLBKFrJ7w8TNINqza27C5C/xCtIDQq0BtVPm2NZzBUySY3peW6KQU41Cib5rNLPDE8pm9AR71mqaMxNkC+WnZEzqwxJlGj7FJKF+jOR09iYaRzayZji2Kx6c/E/r5dhdB3kQqUZcsWWH0WZJJiQ+eVkKDRnKKeWUKaF3ZWwMdWUoe2nYkvwVk/+S9oXda9Rb9xf1po3RR1lOIFTOAcPrqAJd9ACHxgIeIIXeHWU8+y8Oe/L0ZJTZI7hF5yPb/T6js0=</latexit>. . .

<latexit sha1_base64="pdJLtZ7ichNC1J1ruhuzZGzmtE8=">AAAB7HicbVBNS8NAFHypX7V+VT16WSyCp5KIVI9FLx4rmLbQhrLZbtqlm03YfRFK6G/w4kERr/4gb/4bt20OWh1YGGbesO9NmEph0HW/nNLa+sbmVnm7srO7t39QPTxqmyTTjPsskYnuhtRwKRT3UaDk3VRzGoeSd8LJ7dzvPHJtRKIecJryIKYjJSLBKFrJ7w8TNINqza27C5C/xCtIDQq0BtVPm2NZzBUySY3peW6KQU41Cib5rNLPDE8pm9AR71mqaMxNkC+WnZEzqwxJlGj7FJKF+jOR09iYaRzayZji2Kx6c/E/r5dhdB3kQqUZcsWWH0WZJJiQ+eVkKDRnKKeWUKaF3ZWwMdWUoe2nYkvwVk/+S9oXda9Rb9xf1po3RR1lOIFTOAcPrqAJd9ACHxgIeIIXeHWU8+y8Oe/L0ZJTZI7hF5yPb/T6js0=</latexit>. . . <latexit sha1_base64="+WVmREGzoBpwmWnjQ6FWL/qA5M8=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi1WPRi8cK9gPaUDbbTbt0sxt2J0oJ/RlePCji1V/jzX/jts1BWx8MPN6bYWZemAhu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVqyppUCaU7ITFMcMmayFGwTqIZiUPB2uH4dua3H5k2XMkHnCQsiMlQ8ohTglbq9jQfjpBorZ765YpX9eZwV4mfkwrkaPTLX72BomnMJFJBjOn6XoJBRjRyKti01EsNSwgdkyHrWipJzEyQzU+eumdWGbiR0rYkunP190RGYmMmcWg7Y4Ijs+zNxP+8borRdZBxmaTIJF0silLhonJn/7sDrhlFMbGEUM3trS4dEU0o2pRKNgR/+eVV0rqo+rVq7f6yUr/J4yjCCZzCOfhwBXW4gwY0gYKCZ3iFNwedF+fd+Vi0Fpx85hj+wPn8AcZNkZg=</latexit>!<latexit sha1_base64="+WVmREGzoBpwmWnjQ6FWL/qA5M8=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi1WPRi8cK9gPaUDbbTbt0sxt2J0oJ/RlePCji1V/jzX/jts1BWx8MPN6bYWZemAhu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVqyppUCaU7ITFMcMmayFGwTqIZiUPB2uH4dua3H5k2XMkHnCQsiMlQ8ohTglbq9jQfjpBorZ765YpX9eZwV4mfkwrkaPTLX72BomnMJFJBjOn6XoJBRjRyKti01EsNSwgdkyHrWipJzEyQzU+eumdWGbiR0rYkunP190RGYmMmcWg7Y4Ijs+zNxP+8borRdZBxmaTIJF0silLhonJn/7sDrhlFMbGEUM3trS4dEU0o2pRKNgR/+eVV0rqo+rVq7f6yUr/J4yjCCZzCOfhwBXW4gwY0gYKCZ3iFNwedF+fd+Vi0Fpx85hj+wPn8AcZNkZg=</latexit>!

<latexit sha1_base64="pdJLtZ7ichNC1J1ruhuzZGzmtE8=">AAAB7HicbVBNS8NAFHypX7V+VT16WSyCp5KIVI9FLx4rmLbQhrLZbtqlm03YfRFK6G/w4kERr/4gb/4bt20OWh1YGGbesO9NmEph0HW/nNLa+sbmVnm7srO7t39QPTxqmyTTjPsskYnuhtRwKRT3UaDk3VRzGoeSd8LJ7dzvPHJtRKIecJryIKYjJSLBKFrJ7w8TNINqza27C5C/xCtIDQq0BtVPm2NZzBUySY3peW6KQU41Cib5rNLPDE8pm9AR71mqaMxNkC+WnZEzqwxJlGj7FJKF+jOR09iYaRzayZji2Kx6c/E/r5dhdB3kQqUZcsWWH0WZJJiQ+eVkKDRnKKeWUKaF3ZWwMdWUoe2nYkvwVk/+S9oXda9Rb9xf1po3RR1lOIFTOAcPrqAJd9ACHxgIeIIXeHWU8+y8Oe/L0ZJTZI7hF5yPb/T6js0=</latexit>. . . <latexit sha1_base64="+WVmREGzoBpwmWnjQ6FWL/qA5M8=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi1WPRi8cK9gPaUDbbTbt0sxt2J0oJ/RlePCji1V/jzX/jts1BWx8MPN6bYWZemAhu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVqyppUCaU7ITFMcMmayFGwTqIZiUPB2uH4dua3H5k2XMkHnCQsiMlQ8ohTglbq9jQfjpBorZ765YpX9eZwV4mfkwrkaPTLX72BomnMJFJBjOn6XoJBRjRyKti01EsNSwgdkyHrWipJzEyQzU+eumdWGbiR0rYkunP190RGYmMmcWg7Y4Ijs+zNxP+8borRdZBxmaTIJF0silLhonJn/7sDrhlFMbGEUM3trS4dEU0o2pRKNgR/+eVV0rqo+rVq7f6yUr/J4yjCCZzCOfhwBXW4gwY0gYKCZ3iFNwedF+fd+Vi0Fpx85hj+wPn8AcZNkZg=</latexit>!<latexit sha1_base64="+WVmREGzoBpwmWnjQ6FWL/qA5M8=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi1WPRi8cK9gPaUDbbTbt0sxt2J0oJ/RlePCji1V/jzX/jts1BWx8MPN6bYWZemAhu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVqyppUCaU7ITFMcMmayFGwTqIZiUPB2uH4dua3H5k2XMkHnCQsiMlQ8ohTglbq9jQfjpBorZ765YpX9eZwV4mfkwrkaPTLX72BomnMJFJBjOn6XoJBRjRyKti01EsNSwgdkyHrWipJzEyQzU+eumdWGbiR0rYkunP190RGYmMmcWg7Y4Ijs+zNxP+8borRdZBxmaTIJF0silLhonJn/7sDrhlFMbGEUM3trS4dEU0o2pRKNgR/+eVV0rqo+rVq7f6yUr/J4yjCCZzCOfhwBXW4gwY0gYKCZ3iFNwedF+fd+Vi0Fpx85hj+wPn8AcZNkZg=</latexit>!
<latexit sha1_base64="pdJLtZ7ichNC1J1ruhuzZGzmtE8=">AAAB7HicbVBNS8NAFHypX7V+VT16WSyCp5KIVI9FLx4rmLbQhrLZbtqlm03YfRFK6G/w4kERr/4gb/4bt20OWh1YGGbesO9NmEph0HW/nNLa+sbmVnm7srO7t39QPTxqmyTTjPsskYnuhtRwKRT3UaDk3VRzGoeSd8LJ7dzvPHJtRKIecJryIKYjJSLBKFrJ7w8TNINqza27C5C/xCtIDQq0BtVPm2NZzBUySY3peW6KQU41Cib5rNLPDE8pm9AR71mqaMxNkC+WnZEzqwxJlGj7FJKF+jOR09iYaRzayZji2Kx6c/E/r5dhdB3kQqUZcsWWH0WZJJiQ+eVkKDRnKKeWUKaF3ZWwMdWUoe2nYkvwVk/+S9oXda9Rb9xf1po3RR1lOIFTOAcPrqAJd9ACHxgIeIIXeHWU8+y8Oe/L0ZJTZI7hF5yPb/T6js0=</latexit>. . .

<latexit sha1_base64="pdJLtZ7ichNC1J1ruhuzZGzmtE8=">AAAB7HicbVBNS8NAFHypX7V+VT16WSyCp5KIVI9FLx4rmLbQhrLZbtqlm03YfRFK6G/w4kERr/4gb/4bt20OWh1YGGbesO9NmEph0HW/nNLa+sbmVnm7srO7t39QPTxqmyTTjPsskYnuhtRwKRT3UaDk3VRzGoeSd8LJ7dzvPHJtRKIecJryIKYjJSLBKFrJ7w8TNINqza27C5C/xCtIDQq0BtVPm2NZzBUySY3peW6KQU41Cib5rNLPDE8pm9AR71mqaMxNkC+WnZEzqwxJlGj7FJKF+jOR09iYaRzayZji2Kx6c/E/r5dhdB3kQqUZcsWWH0WZJJiQ+eVkKDRnKKeWUKaF3ZWwMdWUoe2nYkvwVk/+S9oXda9Rb9xf1po3RR1lOIFTOAcPrqAJd9ACHxgIeIIXeHWU8+y8Oe/L0ZJTZI7hF5yPb/T6js0=</latexit>. . .

<latexit sha1_base64="pdJLtZ7ichNC1J1ruhuzZGzmtE8=">AAAB7HicbVBNS8NAFHypX7V+VT16WSyCp5KIVI9FLx4rmLbQhrLZbtqlm03YfRFK6G/w4kERr/4gb/4bt20OWh1YGGbesO9NmEph0HW/nNLa+sbmVnm7srO7t39QPTxqmyTTjPsskYnuhtRwKRT3UaDk3VRzGoeSd8LJ7dzvPHJtRKIecJryIKYjJSLBKFrJ7w8TNINqza27C5C/xCtIDQq0BtVPm2NZzBUySY3peW6KQU41Cib5rNLPDE8pm9AR71mqaMxNkC+WnZEzqwxJlGj7FJKF+jOR09iYaRzayZji2Kx6c/E/r5dhdB3kQqUZcsWWH0WZJJiQ+eVkKDRnKKeWUKaF3ZWwMdWUoe2nYkvwVk/+S9oXda9Rb9xf1po3RR1lOIFTOAcPrqAJd9ACHxgIeIIXeHWU8+y8Oe/L0ZJTZI7hF5yPb/T6js0=</latexit>. .
.

<latexit sha1_base64="pdJLtZ7ichNC1J1ruhuzZGzmtE8=">AAAB7HicbVBNS8NAFHypX7V+VT16WSyCp5KIVI9FLx4rmLbQhrLZbtqlm03YfRFK6G/w4kERr/4gb/4bt20OWh1YGGbesO9NmEph0HW/nNLa+sbmVnm7srO7t39QPTxqmyTTjPsskYnuhtRwKRT3UaDk3VRzGoeSd8LJ7dzvPHJtRKIecJryIKYjJSLBKFrJ7w8TNINqza27C5C/xCtIDQq0BtVPm2NZzBUySY3peW6KQU41Cib5rNLPDE8pm9AR71mqaMxNkC+WnZEzqwxJlGj7FJKF+jOR09iYaRzayZji2Kx6c/E/r5dhdB3kQqUZcsWWH0WZJJiQ+eVkKDRnKKeWUKaF3ZWwMdWUoe2nYkvwVk/+S9oXda9Rb9xf1po3RR1lOIFTOAcPrqAJd9ACHxgIeIIXeHWU8+y8Oe/L0ZJTZI7hF5yPb/T6js0=</latexit>. .
.

<latexit sha1_base64="+WVmREGzoBpwmWnjQ6FWL/qA5M8=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi1WPRi8cK9gPaUDbbTbt0sxt2J0oJ/RlePCji1V/jzX/jts1BWx8MPN6bYWZemAhu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVqyppUCaU7ITFMcMmayFGwTqIZiUPB2uH4dua3H5k2XMkHnCQsiMlQ8ohTglbq9jQfjpBorZ765YpX9eZwV4mfkwrkaPTLX72BomnMJFJBjOn6XoJBRjRyKti01EsNSwgdkyHrWipJzEyQzU+eumdWGbiR0rYkunP190RGYmMmcWg7Y4Ijs+zNxP+8borRdZBxmaTIJF0silLhonJn/7sDrhlFMbGEUM3trS4dEU0o2pRKNgR/+eVV0rqo+rVq7f6yUr/J4yjCCZzCOfhwBXW4gwY0gYKCZ3iFNwedF+fd+Vi0Fpx85hj+wPn8AcZNkZg=</latexit>!

<latexit sha1_base64="rBbU+VJA5HgjFEXBh5r3aKHgrmA=">AAAB83icbVDLSgNBEJz1GeMr6tHLYBA8hV2R6DHoRW8RzAOyS5id9CZDZh/M9IphyW948aCIV3/Gm3/jbLIHTSxoKKq66e7yEyk02va3tbK6tr6xWdoqb+/s7u1XDg7bOk4VhxaPZay6PtMgRQQtFCihmyhgoS+h449vcr/zCEqLOHrASQJeyIaRCARnaCTXRXjC7C5KUpz2K1W7Zs9Al4lTkCop0OxXvtxBzNMQIuSSad1z7AS9jCkUXMK07KYaEsbHbAg9QyMWgvay2c1TemqUAQ1iZSpCOlN/T2Qs1HoS+qYzZDjSi14u/uf1UgyuvEzkL0HE54uCVFKMaR4AHQgFHOXEEMaVMLdSPmKKcTQxlU0IzuLLy6R9XnPqtfr9RbVxXcRRIsfkhJwRh1ySBrklTdIinCTkmbySNyu1Xqx362PeumIVM0fkD6zPH7h6kiY=</latexit>

Input
<latexit sha1_base64="vATVMPgRX+Pr3tqfJR1PcdYS6YE=">AAAB9HicbVDLSgNBEOz1GeMr6tHLYBA8hV2R6DHoxZsRzAOSJcxOJsmQ2dl1pjcYlnyHFw+KePVjvPk3TpI9aGJBQ1HVTXdXEEth0HW/nZXVtfWNzdxWfntnd2+/cHBYN1GiGa+xSEa6GVDDpVC8hgIlb8aa0zCQvBEMb6Z+Y8S1EZF6wHHM/ZD2legJRtFKfhv5E6Z3CcYJTjqFoltyZyDLxMtIETJUO4WvdjdiScgVMkmNaXlujH5KNQom+STfTgyPKRvSPm9ZqmjIjZ/Ojp6QU6t0SS/SthSSmfp7IqWhMeMwsJ0hxYFZ9Kbif14rwd6VnwplX+KKzRf1EkkwItMESFdozlCOLaFMC3srYQOqKUObU96G4C2+vEzq5yWvXCrfXxQr11kcOTiGEzgDDy6hArdQhRoweIRneIU3Z+S8OO/Ox7x1xclmjuAPnM8fpnGSsQ==</latexit>

Output

<latexit sha1_base64="IZeDJ8FKmQC9rE4djujD2sh9tJI=">AAACAHicbVBNS8NAEN34WetX1IMHL4tFqJeSiFSPRS/erGA/oA1ls920SzfJsjsRS8jFv+LFgyJe/Rne/Ddu2xy09cHA470ZZub5UnANjvNtLS2vrK6tFzaKm1vbO7v23n5Tx4mirEFjEau2TzQTPGIN4CBYWypGQl+wlj+6nvitB6Y0j6N7GEvmhWQQ8YBTAkbq2YddYI+Qlv1TfJsoTKRUMaHDrGeXnIozBV4kbk5KKEe9Z391+zFNQhYBFUTrjutI8FKigFPBsmI30UwSOiID1jE0IiHTXjp9IMMnRunjIFamIsBT9fdESkKtx6FvOkMCQz3vTcT/vE4CwaWX8kgmwCI6WxQkAkOMJ2ngPleMghgbQqji5lZMh0QRCiazognBnX95kTTPKm61Ur07L9Wu8jgK6AgdozJy0QWqoRtURw1EUYae0St6s56sF+vd+pi1Lln5zAH6A+vzBzEyliw=</latexit>

(b) Our approach

<latexit sha1_base64="p4JcwpQZMlwwYDOfIjgS+O8qVGk=">AAACAnicbVC7SgNBFJ31GeMraiU2g0GITdgViZZBG8sI5gFJCHcns8mQ2Z1l5q4YlmDjr9hYKGLrV9j5N04ehSae6nDOvdxzjx9LYdB1v52l5ZXVtfXMRnZza3tnN7e3XzMq0YxXmZJKN3wwXIqIV1Gg5I1Ycwh9yev+4Hrs1++5NkJFdziMeTuEXiQCwQCt1MkdtpA/YFqAU1rRQmkKcawVsP6ok8u7RXcCuki8GcmTGSqd3Ferq1gS8giZBGOanhtjOwWNgkk+yrYSw2NgA+jxpqURhNy008kLI3pilS4NbIBARUgn6u+NFEJjhqFvJ0PAvpn3xuJ/XjPB4LKdiihOkEdseihIJEVFx33QrtCcoRxaAkwLm5WyPmhgaFvL2hK8+ZcXSe2s6JWKpdvzfPlqVkeGHJFjUiAeuSBlckMqpEoYeSTP5JW8OU/Oi/PufExHl5zZzgH5A+fzB9BilxU=</latexit>

(a) Prior approach

<latexit sha1_base64="anTi+jWea6z2oNtm8ofoc/JZRV8=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiQi1WXRjcsq9gFtDJPJpB06eTAzKZSQP3HjQhG3/ok7/8ZJm4W2Hhg4nHMv98zxEs6ksqxvo7K2vrG5Vd2u7ezu7R+Yh0ddGaeC0A6JeSz6HpaUs4h2FFOc9hNBcehx2vMmt4Xfm1IhWRw9qllCnRCPIhYwgpWWXNMchliNPS97yJ8y38W5a9athjUHWiV2SepQou2aX0M/JmlII0U4lnJgW4lyMiwUI5zmtWEqaYLJBI/oQNMIh1Q62Tx5js604qMgFvpFCs3V3xsZDqWchZ6eLHLKZa8Q//MGqQqunYxFSapoRBaHgpQjFaOiBuQzQYniM00wEUxnRWSMBSZKl1XTJdjLX14l3YuG3Ww07y/rrZuyjiqcwCmcgw1X0II7aEMHCEzhGV7hzciMF+Pd+FiMVoxy5xj+wPj8AfZfk+Q=</latexit>

Rda

<latexit sha1_base64="qnDsyC9Wps14/Q0O9XsslJ4JGD0=">AAAB+XicbVC7TsMwFHXKq5RXgJHFokJiqhKECmMFC2NB9CG1IbIdp7XqOJHtVKqi/AkLAwix8ids/A1OmwFajmTp6Jx7dY8PTjhT2nG+rcra+sbmVnW7trO7t39gHx51VZxKQjsk5rHsY6QoZ4J2NNOc9hNJUYQ57eHJbeH3plQqFotHPUuoF6GRYCEjSBvJt+1hhPQY4+whf8oCH+e+XXcazhxwlbglqYMSbd/+GgYxSSMqNOFIqYHrJNrLkNSMcJrXhqmiCSITNKIDQwWKqPKyefIcnhklgGEszRMaztXfGxmKlJpF2EwWOdWyV4j/eYNUh9dexkSSairI4lCYcqhjWNQAAyYp0XxmCCKSmayQjJFERJuyaqYEd/nLq6R70XCbjeb9Zb11U9ZRBSfgFJwDF1yBFrgDbdABBEzBM3gFb1ZmvVjv1sditGKVO8fgD6zPH/fkk+U=</latexit>

Rdb

<latexit sha1_base64="uGHL4Hl2v075MpiZWGcm32SOk5Q=">AAACGXicbVDLSgNBEJz1GeMr6tHLYBAiSNgViYKXqBdvRjEPyMaldzJJhszOLjOzQlj2N7z4K148KOJRT/6Nk8dBEwsaiqpuurv8iDOlbfvbmptfWFxazqxkV9fWNzZzW9s1FcaS0CoJeSgbPijKmaBVzTSnjUhSCHxO637/cujXH6hULBR3ehDRVgBdwTqMgDaSl7MBu0xgNwDdI8CT8xS7h7jgXge0Cx6cjQzfT27T+6TtQXrg5fJ20R4BzxJnQvJogoqX+3TbIYkDKjThoFTTsSPdSkBqRjhNs26saASkD13aNFRAQFUrGX2W4n2jtHEnlKaExiP190QCgVKDwDedw0PVtDcU//Oase6cthImolhTQcaLOjHHOsTDmHCbSUo0HxgCRDJzKyY9kEC0CTNrQnCmX54ltaOiUyqWbo7z5YtJHBm0i/ZQATnoBJXRFaqgKiLoET2jV/RmPVkv1rv1MW6dsyYzO+gPrK8fCsGfwA==</latexit>

a 2 A (⌦a; Rda)
<latexit sha1_base64="c8KVg7/ksbbyucH+czgEkmFNYJk=">AAACGXicbVDLSgMxFM34rPVVdekmWIQKUmZEquCm1I07q9gHdMYhSdM2NJMZkoxQhvkNN/6KGxeKuNSVf2M67UJbD1w4nHMv996DI86Utu1va2FxaXllNbeWX9/Y3Nou7Ow2VRhLQhsk5KFsY6QoZ4I2NNOctiNJUYA5beHh5dhvPVCpWCju9CiiXoD6gvUYQdpIfsHG0GUCugHSA4J4UkuhewxL7nVA+8jHF5mBcXKb3iddH6dHfqFol+0McJ44U1IEU9T9wqfbDUkcUKEJR0p1HDvSXoKkZoTTNO/GikaIDFGfdgwVKKDKS7LPUnholC7shdKU0DBTf08kKFBqFGDTOT5UzXpj8T+vE+veuZcwEcWaCjJZ1Is51CEcxwS7TFKi+cgQRCQzt0IyQBIRbcLMmxCc2ZfnSfOk7FTKlZvTYrU2jSMH9sEBKAEHnIEquAJ10AAEPIJn8ArerCfrxXq3PiatC9Z0Zg/8gfX1AxE0n8Q=</latexit>

b 2 B (⌦b; Rdb)

<latexit sha1_base64="fG8lylEcvy1ZtUFndEd525npK94=">AAACEXicbVDLSgMxFM3UV62vqks3wSJ0VWZEqsuiIC4r2Ae0pWQyt21o5kFyRyxDf8GNv+LGhSJu3bnzb0yns9DWAwmHc+69uTluJIVG2/62ciura+sb+c3C1vbO7l5x/6Cpw1hxaPBQhqrtMg1SBNBAgRLakQLmuxJa7vhq5rfuQWkRBnc4iaDns2EgBoIzNFK/WO4iPGCS3um0RIE3Ta6BYaygUad+6MUSptN+sWRX7BR0mTgZKZEM9X7xq+uFPPYhQC6Z1h3HjrCXMIWCm4GFbqwhYnzMhtAxNGA+6F6S7jClJ0bx6CBU5gRIU/V3R8J8rSe+ayp9hiO96M3E/7xOjIOLXiKCKEYI+PyhQSwphnQWD/WEAo5yYgjjSphdKR8xxTiaEAsmBGfxy8ukeVpxqpXq7VmpdpnFkSdH5JiUiUPOSY3ckDppEE4eyTN5JW/Wk/VivVsf89KclfUckj+wPn8AyDme4Q==</latexit>

FeatureUP module

<latexit sha1_base64="fG8lylEcvy1ZtUFndEd525npK94=">AAACEXicbVDLSgMxFM3UV62vqks3wSJ0VWZEqsuiIC4r2Ae0pWQyt21o5kFyRyxDf8GNv+LGhSJu3bnzb0yns9DWAwmHc+69uTluJIVG2/62ciura+sb+c3C1vbO7l5x/6Cpw1hxaPBQhqrtMg1SBNBAgRLakQLmuxJa7vhq5rfuQWkRBnc4iaDns2EgBoIzNFK/WO4iPGCS3um0RIE3Ta6BYaygUad+6MUSptN+sWRX7BR0mTgZKZEM9X7xq+uFPPYhQC6Z1h3HjrCXMIWCm4GFbqwhYnzMhtAxNGA+6F6S7jClJ0bx6CBU5gRIU/V3R8J8rSe+ayp9hiO96M3E/7xOjIOLXiKCKEYI+PyhQSwphnQWD/WEAo5yYgjjSphdKR8xxTiaEAsmBGfxy8ukeVpxqpXq7VmpdpnFkSdH5JiUiUPOSY3ckDppEE4eyTN5JW/Wk/VivVsf89KclfUckj+wPn8AyDme4Q==</latexit>

FeatureUP module

<latexit sha1_base64="SSsSmDI2q7DdA1ozsvyVx5kcX7o=">AAACBXicbVC7TsNAEDyHVwgvAyUUFhESVWQjFCgjaCiDRB5SYkXnyyY55fzQ3RqILDc0/AoNBQjR8g90/A0XxwUkjLTSaGb39na8SHCFtv1tFJaWV1bXiuuljc2t7R1zd6+pwlgyaLBQhLLtUQWCB9BAjgLakQTqewJa3vhq6rfuQCoeBrc4icD16TDgA84oaqlnHnYRHjB7J5HQT5Ou5MMRUinD+7Rnlu2KncFaJE5OyiRHvWd+dfshi30IkAmqVMexI3QTKpEzAWmpGyuIKBvTIXQ0DagPyk2y7al1rJW+NQilrgCtTP09kVBfqYnv6U6f4kjNe1PxP68T4+DCTXgQxQgBmy0axMLC0JpGYvW5BIZiogllkuu/WmxEJWWogyvpEJz5kxdJ87TiVCvVm7Ny7TKPo0gOyBE5IQ45JzVyTeqkQRh5JM/klbwZT8aL8W58zFoLRj6zT/7A+PwBfu2Z3g==</latexit>!

<latexit sha1_base64="C5RW14eS04mUW6KyoCXEp/B0R3k=">AAAB+HicbVBNSwMxEM3Wr1o/uurRS7AInsquSPVY9OKxgv2AdinZNNuGZpMlmVXq0l/ixYMiXv0p3vw3pu0etPXBwOO9GWbmhYngBjzv2ymsrW9sbhW3Szu7e/tl9+CwZVSqKWtSJZTuhMQwwSVrAgfBOolmJA4Fa4fjm5nffmDacCXvYZKwICZDySNOCVip75Z7Qsmh5sMREK3VY9+teFVvDrxK/JxUUI5G3/3qDRRNYyaBCmJM1/cSCDKigVPBpqVealhC6JgMWddSSWJmgmx++BSfWmWAI6VtScBz9fdERmJjJnFoO2MCI7PszcT/vG4K0VWQcZmkwCRdLIpSgUHhWQp4wDWjICaWEKq5vRXTEdGEgs2qZEPwl19eJa3zql+r1u4uKvXrPI4iOkYn6Az56BLV0S1qoCaiKEXP6BW9OU/Oi/PufCxaC04+c4T+wPn8AXXKk6E=</latexit>�!

<latexit sha1_base64="RijICR+ha0v+sTmSg9oCTKoxYRs=">AAACCXicbVC7TgMxEPTxDOEVoKSxiJCoojuEAmUEDWWQyENKosjnbBIrPvtk7wHRKS0Nv0JDAUK0/AEdf4PzKCBhpJVGM7v27oSxFBZ9/9tbWl5ZXVvPbGQ3t7Z3dnN7+1WrE8OhwrXUph4yC1IoqKBACfXYAItCCbVwcDX2a3dgrNDqFocxtCLWU6IrOEMntXO0ifCAk3dSA51R2pRa9Yzo9ZEZo+9H7VzeL/gT0EUSzEiezFBu576aHc2TCBRyyaxtBH6MrZQZFFzCKNtMLMSMD1gPGo4qFoFtpZMNRvTYKR3a1caVQjpRf0+kLLJ2GIWuM2LYt/PeWPzPayTYvWilQsUJguLTj7qJpKjpOBbaEQY4yqEjjBvhdqW8zwzj6MLLuhCC+ZMXSfW0EBQLxZuzfOlyFkeGHJIjckICck5K5JqUSYVw8kieySt58568F+/d+5i2LnmzmQPyB97nD9USm7Y=</latexit>�!

<latexit sha1_base64="S3RnkBczxeLlPoAOZ1+U+4KHKoY=">AAACD3icbVA9SwNBEN3zM8avqKXNYlCswp2IilXQRrsI5gOSEPY2c3Fxb+/YnRPDkX9g41+xsVDE1tbOf+NecoUaHyw83puZnXl+LIVB1/1yZmbn5hcWC0vF5ZXVtfXSxmbDRInmUOeRjHTLZwakUFBHgRJasQYW+hKa/u155jfvQBsRqWscxtAN2UCJQHCGVuqV9joI95hehrGO7iAEhdQ7pQEwTDRQDYFQQg1GvVLZrbhj0Gni5aRMctR6pc9OP+JJNpBLZkzbc2Pspkyj4BJGxU5iIGb8lg2gbaliIZhuOr5nRHet0qdBpO2zC43Vnx0pC40Zhr6tDBnemL9eJv7ntRMMTrqpUHGCoPjkoyCRFCOahUP7QgNHObSEcS3srpTfMM042giLNgTv78nTpHFQ8Y4qR1eH5epZHkeBbJMdsk88ckyq5ILUSJ1w8kCeyAt5dR6dZ+fNeZ+Uzjh5zxb5BefjG2urnOo=</latexit>

Improvement 1: feature refining
<latexit sha1_base64="By9uOmlrqYxD8DRUAAt0fb/ebz0=">AAACEHicbVC7TgMxEPTxJrwClDQWEYIquotQQFQIGuhAIiRSEkU+Zy9Y8dkney8iOuUTaPgVGgoQoqWk429wHgUEphrN7NqzEyZSWPT9L29mdm5+YXFpObeyura+kd/curU6NRwqXEttaiGzIIWCCgqUUEsMsDiUUA2750O/2gNjhVY32E+gGbOOEpHgDJ3Uyu83EO4xu4wTo3sQg0JaOqE6AcNQGyqBGSVUZ9DKF/yiPwL9S4IJKZAJrlr5z0Zb83T4IpfM2nrgJ9jMmEHBJQxyjdRCwniXdaDuqGIx2GY2OmhA95zSppELEGmXaKT+3MhYbG0/Dt1kzPDOTntD8T+vnmJ03MyESlIExccfRamkqOmwHdoWBjjKviOMG+GyUn7HDOPoOsy5EoLpk/+S21IxKBfL14eF07NJHUtkh+ySAxKQI3JKLsgVqRBOHsgTeSGv3qP37L157+PRGW+ys01+wfv4BmGenXM=</latexit>

Improvement 2: operator learning

<latexit sha1_base64="TTigjvJExu1KOJ1Qj9LCK32okLo=">AAACEHicbVC7TgMxEPTxDOF1QEljESGoojuEAmUEDRUEiTykJIp8ziax4nvI3kNEp/sEGn6FhgKEaCnp+BucSwpIGMnWaGZ3vR4vkkKj43xbC4tLyyurubX8+sbm1ra9s1vTYaw4VHkoQ9XwmAYpAqiiQAmNSAHzPQl1b3g59uv3oLQIgzscRdD2WT8QPcEZGqljH7UQHjDJ7mxaoqCbJtcQKybpTQSKYajStGMXnKKTgc4Td0oKZIpKx/5qdUMe+xAgl0zrputE2E6YQsElpPlWrCFifMj60DQ0YD7odpKtkNJDo3RpL1TmBEgz9XdHwnytR75nKn2GAz3rjcX/vGaMvfN2IoIoRgj45KFeLCmGdJwO7QoFHOXIEMaVMLtSPmCKcTQZ5k0I7uyX50ntpOiWiqXb00L5YhpHjuyTA3JMXHJGyuSKVEiVcPJInskrebOerBfr3fqYlC5Y05498gfW5w8sLZ6T</latexit>

Neural Operator

<latexit sha1_base64="TTigjvJExu1KOJ1Qj9LCK32okLo=">AAACEHicbVC7TgMxEPTxDOF1QEljESGoojuEAmUEDRUEiTykJIp8ziax4nvI3kNEp/sEGn6FhgKEaCnp+BucSwpIGMnWaGZ3vR4vkkKj43xbC4tLyyurubX8+sbm1ra9s1vTYaw4VHkoQ9XwmAYpAqiiQAmNSAHzPQl1b3g59uv3oLQIgzscRdD2WT8QPcEZGqljH7UQHjDJ7mxaoqCbJtcQKybpTQSKYajStGMXnKKTgc4Td0oKZIpKx/5qdUMe+xAgl0zrputE2E6YQsElpPlWrCFifMj60DQ0YD7odpKtkNJDo3RpL1TmBEgz9XdHwnytR75nKn2GAz3rjcX/vGaMvfN2IoIoRgj45KFeLCmGdJwO7QoFHOXIEMaVMLtSPmCKcTQZ5k0I7uyX50ntpOiWiqXb00L5YhpHjuyTA3JMXHJGyuSKVEiVcPJInskrebOerBfr3fqYlC5Y05498gfW5w8sLZ6T</latexit>

Neural Operator

Figure 8. Comparison of the proposed model’s enhancements over the previous approach.

Approach 2 In the first stage, we employ the standard training procedure. The problem of learning an operator that
approximates the mapping between A and B naturally takes the form of an empirical risk minimization problem

θ† = argmin
θ∈Θ

Ea

[
C
(
G(a, θ),G†(a)

)]
≈ argmin

θ∈Θ

1

N

N∑

j=1

∥∥∥b(j) − Gθ

(
a(j)

)∥∥∥
2

B
(13)

where function C : B × B → R serves as a cost functional, quantifying the distance within the space B. The optimized
parameter values from stage 1 serve as the initial values for stage 2, aiming to solve

argmin
θ∈Θ

1

N

N∑

j=1

W(p(j);α, β) ·
∥∥∥b(j) − Gθ

(
a(j)

)∥∥∥
2

B
(14)

In stage 2, the model prioritizes learning from challenging-to-fit pixels during the initial fitting stage.

B.2.3. HYPERPARAMETERS

In deep learning, the design of network architectures and the optimization of hyperparameters are substantial challenges,
typically addressed through empirical, problem-specific methods. To facilitate a fair comparison, we have executed extensive
hyperparameter tuning and architecture searches for each model under consideration. The specific model configurations for
our proposed method are outlined in Table 7.

Table 7. Model configurations, hyperparameters, and associated ranges.
Hyperparameters Values
Upsample ratio {×1,×2,×4}
Nonlinear activation { ReLU, LeakyReLU, ELU, SELU, GELU, RReLU }
Attention width {128, 160, 192, 224, 256}
Attention head {2, 4, 8, 16, 32}

B.3. Additional qualitative results

We present the test predictions of HiNOTE alongside various arbitrary-scale super-resolution baseline methods. For each
figure, the super-resolved predictions are depicted in the top row, while the bottom row features error maps with respect to
the reference data, with darker pixels indicating greater errors. This visual comparison not only highlights the accuracy
of our model in generating high-resolution predictions but also provides a quantitative assessment of its performance by
visualizing the error distribution across the domain.
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<latexit sha1_base64="wdBupD1LTs1YQK+y2VjT9MyoNtM=">AAAB9HicbVDJSgNBEO2JW4xb1KOXxiB4CjMi0WPQixchLlkgGUJPpyZp0rPYXRMMQ77DiwdFvPox3vwbO8kcNPqg4PFeFVX1vFgKjbb9ZeWWlldW1/LrhY3Nre2d4u5eQ0eJ4lDnkYxUy2MapAihjgIltGIFLPAkNL3h5dRvjkBpEYX3OI7BDVg/FL7gDI3kdhAeMb0GZHe3k26xZJftGehf4mSkRDLUusXPTi/iSQAhcsm0bjt2jG7KFAouYVLoJBpixoesD21DQxaAdtPZ0RN6ZJQe9SNlKkQ6U39OpCzQehx4pjNgONCL3lT8z2sn6J+7qQjjBCHk80V+IilGdJoA7QkFHOXYEMaVMLdSPmCKcTQ5FUwIzuLLf0njpOxUypWb01L1IosjTw7IITkmDjkjVXJFaqROOHkgT+SFvFoj69l6s97nrTkrm9knv2B9fAMMbpJM</latexit>

MetaSR
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HiNOTE

Figure 9. Qualitative assessment of the models on turbulence flow data.
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Figure 10. Qualitative assessment of the models on kinetic energy data.
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<latexit sha1_base64="32fkqvlhPuZdCO2KrRzrdCtpXF0=">AAAB/HicbVBNS8NAEN3Ur1q/oj16WSyCp5KIVI9FD3qs0C9oQ9lstu3SzSbsTsQQ6l/x4kERr/4Qb/4bt20O2vpg4PHeDDPz/FhwDY7zbRXW1jc2t4rbpZ3dvf0D+/CoraNEUdaikYhU1yeaCS5ZCzgI1o0VI6EvWMef3Mz8zgNTmkeyCWnMvJCMJB9ySsBIA7vcB/YI2a2KEhngpkpgPB3YFafqzIFXiZuTCsrRGNhf/SCiScgkUEG07rlODF5GFHAq2LTUTzSLCZ2QEesZKknItJfNj5/iU6MEeBgpUxLwXP09kZFQ6zT0TWdIYKyXvZn4n9dLYHjlZVzGCTBJF4uGicAQ4VkSOOCKURCpIYQqbm7FdEwUoWDyKpkQ3OWXV0n7vOrWqrX7i0r9Oo+jiI7RCTpDLrpEdXSHGqiFKErRM3pFb9aT9WK9Wx+L1oKVz5TRH1ifP0mClTM=</latexit>

Ground Truth
<latexit sha1_base64="v1bUDB0FH7TyW6YsYAf10rAsmXY=">AAAB9HicbVBNS8NAEN3Ur1q/qh69BIvgqSQi1WNRhJ60Qr+gDWWznbZLN5u4OymW0N/hxYMiXv0x3vw3btsctPpg4PHeDDPz/EhwjY7zZWVWVtfWN7Kbua3tnd29/P5BQ4exYlBnoQhVy6caBJdQR44CWpECGvgCmv7oeuY3x6A0D2UNJxF4AR1I3ueMopG8DsIjJhV+e1e7mXbzBafozGH/JW5KCiRFtZv/7PRCFgcgkQmqddt1IvQSqpAzAdNcJ9YQUTaiA2gbKmkA2kvmR0/tE6P07H6oTEm05+rPiYQGWk8C33QGFId62ZuJ/3ntGPuXXsJlFCNItljUj4WNoT1LwO5xBQzFxBDKFDe32mxIFWVocsqZENzll/+SxlnRLRVL9+eF8lUaR5YckWNySlxyQcqkQqqkThh5IE/khbxaY+vZerPeF60ZK505JL9gfXwDouiSBw==</latexit>

HiNOTE

Figure 11. Qualitative assessment of the models on temperature data.
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Hierarchical Neural Operator Transformer with Learnable Frequency-aware Loss Prior for Arbitrary-scale Super-resolution
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LIIF
<latexit sha1_base64="PcT9uK9ndxpV7HF+OKaW228yV0g=">AAAB8nicbVBNSwMxEM3Wr1q/qh69BIvgqeyKVI9FRTxpBfsB26Vk07QNzSZLMiuWpT/DiwdFvPprvPlvTNs9aOuDgcd7M8zMC2PBDbjut5NbWl5ZXcuvFzY2t7Z3irt7DaMSTVmdKqF0KySGCS5ZHTgI1oo1I1EoWDMcXk785iPThiv5AKOYBRHpS97jlICV/DawJ0ivrm/vxp1iyS27U+BF4mWkhDLUOsWvdlfRJGISqCDG+J4bQ5ASDZwKNi60E8NiQoekz3xLJYmYCdLpyWN8ZJUu7iltSwKeqr8nUhIZM4pC2xkRGJh5byL+5/kJ9M6DlMs4ASbpbFEvERgUnvyPu1wzCmJkCaGa21sxHRBNKNiUCjYEb/7lRdI4KXuVcuX+tFS9yOLIowN0iI6Rh85QFd2gGqojihR6Rq/ozQHnxXl3PmatOSeb2Ud/4Hz+ACytkTM=</latexit>

DFNO
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Ground Truth
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HiNOTE

Figure 12. Qualitative assessment of the models on water vapor data.
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LIIF
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<latexit sha1_base64="6I/PI+l9S6Da3Hqa6z4PEn3Lxik=">AAACAHicbVDLSgNBEJz1GeNr1YMHL4NB8BR2RaLHoAgeI5gHJEuYnXSSIbMPZnrFsOTir3jxoIhXP8Obf+NssgdNLGgoqrrp7vJjKTQ6zre1tLyyurZe2Chubm3v7Np7+w0dJYpDnUcyUi2faZAihDoKlNCKFbDAl9D0R9eZ33wApUUU3uM4Bi9gg1D0BWdopK592EF4xLSmoCd4JtEbpSI16dolp+xMQReJm5MSyVHr2l+dXsSTAELkkmnddp0YvZQpFFzCpNhJNMSMj9gA2oaGLADtpdMHJvTEKD3aj5SpEOlU/T2RskDrceCbzoDhUM97mfif106wf+mlIowThJDPFvUTSTGiWRq0JxRwlGNDGFfC3Er5kCnG0WRWNCG48y8vksZZ2a2UK3fnpepVHkeBHJFjckpcckGq5JbUSJ1wMiHP5JW8WU/Wi/Vufcxal6x85oD8gfX5A2WWlvA=</latexit>
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<latexit sha1_base64="6I/PI+l9S6Da3Hqa6z4PEn3Lxik=">AAACAHicbVDLSgNBEJz1GeNr1YMHL4NB8BR2RaLHoAgeI5gHJEuYnXSSIbMPZnrFsOTir3jxoIhXP8Obf+NssgdNLGgoqrrp7vJjKTQ6zre1tLyyurZe2Chubm3v7Np7+w0dJYpDnUcyUi2faZAihDoKlNCKFbDAl9D0R9eZ33wApUUU3uM4Bi9gg1D0BWdopK592EF4xLSmoCd4JtEbpSI16dolp+xMQReJm5MSyVHr2l+dXsSTAELkkmnddp0YvZQpFFzCpNhJNMSMj9gA2oaGLADtpdMHJvTEKD3aj5SpEOlU/T2RskDrceCbzoDhUM97mfif106wf+mlIowThJDPFvUTSTGiWRq0JxRwlGNDGFfC3Er5kCnG0WRWNCG48y8vksZZ2a2UK3fnpepVHkeBHJFjckpcckGq5JbUSJ1wMiHP5JW8WU/Wi/Vufcxal6x85oD8gfX5A2WWlvA=</latexit>

Prediction Error

<latexit sha1_base64="32fkqvlhPuZdCO2KrRzrdCtpXF0=">AAAB/HicbVBNS8NAEN3Ur1q/oj16WSyCp5KIVI9FD3qs0C9oQ9lstu3SzSbsTsQQ6l/x4kERr/4Qb/4bt20O2vpg4PHeDDPz/FhwDY7zbRXW1jc2t4rbpZ3dvf0D+/CoraNEUdaikYhU1yeaCS5ZCzgI1o0VI6EvWMef3Mz8zgNTmkeyCWnMvJCMJB9ySsBIA7vcB/YI2a2KEhngpkpgPB3YFafqzIFXiZuTCsrRGNhf/SCiScgkUEG07rlODF5GFHAq2LTUTzSLCZ2QEesZKknItJfNj5/iU6MEeBgpUxLwXP09kZFQ6zT0TWdIYKyXvZn4n9dLYHjlZVzGCTBJF4uGicAQ4VkSOOCKURCpIYQqbm7FdEwUoWDyKpkQ3OWXV0n7vOrWqrX7i0r9Oo+jiI7RCTpDLrpEdXSHGqiFKErRM3pFb9aT9WK9Wx+L1oKVz5TRH1ifP0mClTM=</latexit>

Ground Truth
<latexit sha1_base64="v1bUDB0FH7TyW6YsYAf10rAsmXY=">AAAB9HicbVBNS8NAEN3Ur1q/qh69BIvgqSQi1WNRhJ60Qr+gDWWznbZLN5u4OymW0N/hxYMiXv0x3vw3btsctPpg4PHeDDPz/EhwjY7zZWVWVtfWN7Kbua3tnd29/P5BQ4exYlBnoQhVy6caBJdQR44CWpECGvgCmv7oeuY3x6A0D2UNJxF4AR1I3ueMopG8DsIjJhV+e1e7mXbzBafozGH/JW5KCiRFtZv/7PRCFgcgkQmqddt1IvQSqpAzAdNcJ9YQUTaiA2gbKmkA2kvmR0/tE6P07H6oTEm05+rPiYQGWk8C33QGFId62ZuJ/3ntGPuXXsJlFCNItljUj4WNoT1LwO5xBQzFxBDKFDe32mxIFWVocsqZENzll/+SxlnRLRVL9+eF8lUaR5YckWNySlxyQcqkQqqkThh5IE/khbxaY+vZerPeF60ZK505JL9gfXwDouiSBw==</latexit>

HiNOTE

Figure 13. Qualitative assessment of the models on SEVIR data.
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LIIF
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DFNO
<latexit sha1_base64="4elEttpHhjaHP2eNouwz90sFQi8=">AAAB8nicbVDLSgNBEJyNrxhfUY9eBoPgKeyKRI9BL540PvKAzRJmJ5NkyOzMMtMrhiWf4cWDIl79Gm/+jZNkD5pY0FBUddPdFcaCG3Ddbye3tLyyupZfL2xsbm3vFHf3GkYlmrI6VULpVkgME1yyOnAQrBVrRqJQsGY4vJz4zUemDVfyAUYxCyLSl7zHKQEr+W1gT5De313fjDvFklt2p8CLxMtICWWodYpf7a6iScQkUEGM8T03hiAlGjgVbFxoJ4bFhA5Jn/mWShIxE6TTk8f4yCpd3FPalgQ8VX9PpCQyZhSFtjMiMDDz3kT8z/MT6J0HKZdxAkzS2aJeIjAoPPkfd7lmFMTIEkI1t7diOiCaULApFWwI3vzLi6RxUvYq5crtaal6kcWRRwfoEB0jD52hKrpCNVRHFCn0jF7RmwPOi/PufMxac042s4/+wPn8AVX5kU4=</latexit>

SRNO

<latexit sha1_base64="6I/PI+l9S6Da3Hqa6z4PEn3Lxik=">AAACAHicbVDLSgNBEJz1GeNr1YMHL4NB8BR2RaLHoAgeI5gHJEuYnXSSIbMPZnrFsOTir3jxoIhXP8Obf+NssgdNLGgoqrrp7vJjKTQ6zre1tLyyurZe2Chubm3v7Np7+w0dJYpDnUcyUi2faZAihDoKlNCKFbDAl9D0R9eZ33wApUUU3uM4Bi9gg1D0BWdopK592EF4xLSmoCd4JtEbpSI16dolp+xMQReJm5MSyVHr2l+dXsSTAELkkmnddp0YvZQpFFzCpNhJNMSMj9gA2oaGLADtpdMHJvTEKD3aj5SpEOlU/T2RskDrceCbzoDhUM97mfif106wf+mlIowThJDPFvUTSTGiWRq0JxRwlGNDGFfC3Er5kCnG0WRWNCG48y8vksZZ2a2UK3fnpepVHkeBHJFjckpcckGq5JbUSJ1wMiHP5JW8WU/Wi/Vufcxal6x85oD8gfX5A2WWlvA=</latexit>

Prediction Error
<latexit sha1_base64="6I/PI+l9S6Da3Hqa6z4PEn3Lxik=">AAACAHicbVDLSgNBEJz1GeNr1YMHL4NB8BR2RaLHoAgeI5gHJEuYnXSSIbMPZnrFsOTir3jxoIhXP8Obf+NssgdNLGgoqrrp7vJjKTQ6zre1tLyyurZe2Chubm3v7Np7+w0dJYpDnUcyUi2faZAihDoKlNCKFbDAl9D0R9eZ33wApUUU3uM4Bi9gg1D0BWdopK592EF4xLSmoCd4JtEbpSI16dolp+xMQReJm5MSyVHr2l+dXsSTAELkkmnddp0YvZQpFFzCpNhJNMSMj9gA2oaGLADtpdMHJvTEKD3aj5SpEOlU/T2RskDrceCbzoDhUM97mfif106wf+mlIowThJDPFvUTSTGiWRq0JxRwlGNDGFfC3Er5kCnG0WRWNCG48y8vksZZ2a2UK3fnpepVHkeBHJFjckpcckGq5JbUSJ1wMiHP5JW8WU/Wi/Vufcxal6x85oD8gfX5A2WWlvA=</latexit>

Prediction Error

<latexit sha1_base64="32fkqvlhPuZdCO2KrRzrdCtpXF0=">AAAB/HicbVBNS8NAEN3Ur1q/oj16WSyCp5KIVI9FD3qs0C9oQ9lstu3SzSbsTsQQ6l/x4kERr/4Qb/4bt20O2vpg4PHeDDPz/FhwDY7zbRXW1jc2t4rbpZ3dvf0D+/CoraNEUdaikYhU1yeaCS5ZCzgI1o0VI6EvWMef3Mz8zgNTmkeyCWnMvJCMJB9ySsBIA7vcB/YI2a2KEhngpkpgPB3YFafqzIFXiZuTCsrRGNhf/SCiScgkUEG07rlODF5GFHAq2LTUTzSLCZ2QEesZKknItJfNj5/iU6MEeBgpUxLwXP09kZFQ6zT0TWdIYKyXvZn4n9dLYHjlZVzGCTBJF4uGicAQ4VkSOOCKURCpIYQqbm7FdEwUoWDyKpkQ3OWXV0n7vOrWqrX7i0r9Oo+jiI7RCTpDLrpEdXSHGqiFKErRM3pFb9aT9WK9Wx+L1oKVz5TRH1ifP0mClTM=</latexit>

Ground Truth
<latexit sha1_base64="v1bUDB0FH7TyW6YsYAf10rAsmXY=">AAAB9HicbVBNS8NAEN3Ur1q/qh69BIvgqSQi1WNRhJ60Qr+gDWWznbZLN5u4OymW0N/hxYMiXv0x3vw3btsctPpg4PHeDDPz/EhwjY7zZWVWVtfWN7Kbua3tnd29/P5BQ4exYlBnoQhVy6caBJdQR44CWpECGvgCmv7oeuY3x6A0D2UNJxF4AR1I3ueMopG8DsIjJhV+e1e7mXbzBafozGH/JW5KCiRFtZv/7PRCFgcgkQmqddt1IvQSqpAzAdNcJ9YQUTaiA2gbKmkA2kvmR0/tE6P07H6oTEm05+rPiYQGWk8C33QGFId62ZuJ/3ntGPuXXsJlFCNItljUj4WNoT1LwO5xBQzFxBDKFDe32mxIFWVocsqZENzll/+SxlnRLRVL9+eF8lUaR5YckWNySlxyQcqkQqqkThh5IE/khbxaY+vZerPeF60ZK505JL9gfXwDouiSBw==</latexit>

HiNOTE

Figure 14. Qualitative assessment of the models on magnetic resonance imaging data.

B.4. Additional quantitative results

Here, we present comprehensive quantitative results for the arbitrary-scale super-resolution models applied to the SEVIR
and MRI datasets.
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Table 8. Quantitative comparison results for the arbitrary-scale SR tasks on the SEVIR data.
×4.6 ×8.2 ×15.7 ×32

Model MSE PSNR SSIM MSE PSNR SSIM MSE PSNR SSIM MSE PSNR SSIM
MetaSR 5.630e-4 32.378 0.865 4.475e-3 23.376 0.675 9.420e-3 20.143 0.655 1.362e-2 18.542 0.685
LIIF 1.099e-4 39.473 0.965 4.059e-4 33.799 0.923 8.763e-4 30.457 0.894 1.504e-3 28.110 0.879
DFNO 1.729e-4 37.504 0.957 4.606e-4 33.251 0.915 9.226e-4 30.234 0.895 1.423e-3 28.349 0.881
SRNO 1.093e-4 39.488 0.964 3.312e-4 34.674 0.928 6.730e-4 31.595 0.905 1.119e-3 29.385 0.893
HiNOTE 1.048e-4 39.680 0.969 3.191e-4 34.845 0.931 6.302e-4 31.889 0.911 9.981e-4 29.892 0.902

Table 9. Quantitative comparison results for the arbitrary-scale SR tasks on the SEVIR data.
×4.6 ×8.2 ×15.7 ×32

Model MSE PSNR SSIM MSE PSNR SSIM MSE PSNR SSIM MSE PSNR SSIM
MetaSR 4.761e-4 33.222 0.942 3.499e-3 24.559 0.784 9.841e-3 20.069 0.680 1.853e-2 17.320 0.624
LIIF 6.348e-4 31.973 0.916 2.327e-3 26.331 0.815 5.773e-3 22.385 0.734 1.123e-2 19.495 0.676
DFNO 4.937e-4 33.065 0.928 2.284e-3 26.412 0.830 6.161e-3 22.103 0.754 1.166e-2 19.330 0.663
SRNO 4.464e-4 33.502 0.937 2.125e-3 26.726 0.839 5.573e-3 22.538 0.759 1.176e-2 19.293 0.681
HiNOTE 3.805e-4 34.195 0.947 1.808e-3 27.427 0.871 4.806e-3 23.181 0.786 1.076e-2 19.678 0.704
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