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Figure 1. (a) All models use the EDSR-baseline [31] encoder, except HINOTE [35] which has its own. (b) Compared to SRNO [54],
DiffFNO is strengthened by the fusion of spectral and spatial features and efficient refinement by a diffusion process.

Abstract

We introduce DiffFNO, a novel diffusion framework
for arbitrary-scale super-resolution strengthened by a
Weighted Fourier Neural Operator (WFNO). Mode Re-
balancing in WFNO effectively captures critical frequency
components, significantly improving the reconstruction of
high-frequency image details that are crucial for super-
resolution tasks. Gated Fusion Mechanism (GFM) adap-
tively complements WFNQO's spectral features with spa-
tial features from an Attention-based Neural Operator (At-
tnNO). This enhances the network’s capability to capture
both global structures and local details. Adaptive Time-
Step (ATS) ODE solver, a deterministic sampling strategy,
accelerates inference without sacrificing output quality by
dynamically adjusting integration step sizes ATS. Exten-
sive experiments demonstrate that DiffFNO achieves state-
of-the-art (SOTA) results, outperforming existing methods
across various scaling factors by a margin of 2—4 dB in
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PSNR, including those beyond the training distribution. It
also achieves this at lower inference time (Fig. 1 (a)). Our
approach sets a new standard in super-resolution, deliver-
ing both superior accuracy and computational efficiency.

1. Introduction

Image super-resolution (SR) reconstructs high-resolution
(HR) images from low-resolution (LR) inputs, recovering
lost fine details to enhance visual quality. SR is crucial
for applications like medical imaging [12], satellite imagery
[23, 52], and video games [38]. However, multiple HR im-
ages can correspond to the same LR input due to informa-
tion loss during downsampling. This ambiguity requires
algorithms capable of inferring plausible and perceptually
accurate high-frequency content from limited data.

Deep learning, particularly Convolutional Neural Net-
works (CNNs) [58], has significantly advanced SR. Dong et
al. introduced SRCNN [9], demonstrating the effectiveness
of end-to-end learning for SR. Subsequent models achieved
remarkable performance using deeper architectures and at-



tention mechanisms [6, 30, 31, 34, 57].

Diffusion models have emerged as powerful generative
frameworks modeling complex data distributions via itera-
tive denoising processes [1 1, 14, 45]. Their ability to gener-
ate high-fidelity images is well-suited for inferring missing
fine details. In SR, diffusion models progressively refine an
LR image by modeling the conditional distribution of HR
images given the LR input [15, 25, 41, 51]. This iterative
process reconstructs intricate textures and high-frequency
components, producing realistic outputs.

However, diffusion models are computationally inten-
sive due to the iterative reverse diffusion process [46]. To
address this, recent research explores efficient sampling
strategies to accelerate reverse diffusion. One approach is
approximating the diffusion process through deterministic
Ordinary Differential Equation (ODE), which can be solved
in fewer steps [33]. This accelerates inference and provides
consistent, reproducible results.

Arbitrary-scale SR models [7, 17, 24], which can up-
sample images at user-defined scales beyond those seen
in training, have gained attention in recent years. Meth-
ods involving attention mechanisms [5] and representing
images as continuous functions [10] have been explored.
Operator-learning methods such as Super-Resolution Neu-
ral Operators (SRNO) [54] and HiNOTE [35] have further
advanced this field. However, the inherent differences be-
tween physics simulations and real-world images introduce
challenges from computational demands to the difficulty in
restoring high-frequency details.

To address these limitations, our contributions are:

(1) We propose Weighted Fourier Neural Operator (WFNO)
strengthened by iterative refinement from a diffusion frame-
work for high-frequency reconstruction, detailed in Fig. 2.
Through Mode Rebalancing (MR), WFNO learns to empha-
size the most critical frequency components. This greatly
enhances high-frequency image detail reconstruction, over-
coming the limitations of standard FNOs and MLPs, which
underrepresent such details due to mode truncation and
spectral bias, respectively. (2) We develop Gated Fusion
Mechanism (GFM) to dynamically adjust the influence of
Fourier space features from WFNO and complementary
spatial domain features from an Attention-based Neural Op-
erator (AttnNO). AttnNO is lightweight, sharing an encoder
with and running in parallel to WENO. (3) Additionally, we
present Adaptive Time-Step (ATS) ODE solver, which flex-
ibly adjusts integration step sizes based on data characteris-
tics by assessing the complexity of image regions, thereby
reducing computational overhead without compromising
quality. (4) DiffFNO achieves state-of-the-art results on
multiple SR benchmarks, outperforming existing methods
by 2—-4 dB in PSNR in reconstruction quality. It also offers
competitive inference time as Fig. 1 (a) shows. DiffFNO re-
mains robust across various upscaling factors—even those
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unseen during training.

2. Related Work

Neural Operators and Fourier Methods. Neural Oper-
ators (NO) [22] have emerged as a powerful framework
for learning mappings between infinite-dimensional func-
tion spaces, providing resolution-invariant models that gen-
eralize across different input resolutions. Unlike traditional
neural networks that map finite-dimensional vectors to other
vectors, neural operators learn mappings from functions to
functions [27], making them well-suited for tasks involving
continuous data or data at varying resolutions.

Multi-Layer Perceptrons (MLPs) often exhibit a spec-
tral bias, favoring low-frequency functions [39]. This lim-
its their ability to capture fine textures and sharp edges.
To overcome these limitations, techniques like positional
encodings and Fourier feature mappings capture high-
frequency details by embedding input coordinates into a
higher-dimensional sinusoidal space, allowing the network
to represent complex patterns [44, 47].

Fourier Neural Operator (FNO) [26] is a variant of NO
that uses spectral convolution to efficiently capture global
data patterns, modeling long-range dependencies with
lower computational complexity than traditional CNNs. In
physics and climate settings [19, 29, 55], FNOs can han-
dle arbitrary input resolutions without retraining. Although
successful, FNOs may still lose high-frequency informa-
tion due to mode truncation (discarding higher-frequency
Fourier modes). This loss impairs tasks such as SR that rely
on detailed reconstruction [13, 48, 49].

The Mode Rebalancing mechanism in WFNO over-
comes these limitations. Instead of being truncated, all
Fourier modes are preserved, with additional learnable
weights to modulate their impact on reconstruction. Fine-
grained feature representation is further enhanced by At-
tnNO, which captures local details by processing data di-
rectly in the spatial domain
Diffusion-Based SR and Efficient Sampling. Diffusion
models have gained prominence as powerful generative
models capable of producing high-quality images through
iterative denoising techniques [ 14, 42]. In the context of SR,
diffusion models have been employed to model the condi-
tional distribution of HR images given LR inputs, achieving
higher resolutions after progressive enhancement [40, 41].

Despite their effectiveness, diffusion models are compu-
tationally intensive due to the large number of time steps re-
quired in the reverse diffusion process. Such computational
demands pose significant challenges for practical applica-
tions [20], especially in real-time or resource-constrained
settings. Current solutions include: (i) Deterministic Sam-
pling via ODE Solvers: By reformulating the stochastic
reverse diffusion as a deterministic ODE, advanced ODE
solvers can be employed to reduce the number of sam-
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Figure 2. The proposed Diffusion Fourier Neural Opeartor (DiffFNO) architecture for arbitrary-scale super-resolution begins by lifting a
low-resolution input image x & (r) into a feature space using a convolutional encoder. Features extracted by the Weighted Fourier Neural
Operator (WFNO) and an Attention-based Neural Operator (AttnNO) are combined using a Gated Fusion Mechanism (GFM). The fused
features are then projected into RGB space, where Adaptive Time-Step (ATS) ODE solver efficiently completes the reverse diffusion
process with both accuracy and speed. This pipeline generates xur (r), a high-resolution version of the input image.

pling steps [21]. Methods like Denoising Diffusion Implicit
Models (DDIM) [45] and DPM-Solver [2, 33] have demon-
strated the ability to generate high-quality images with sig-
nificantly fewer steps. (ii) Operator Learning for Fast Sam-
pling: Neural operators accelerates sampling by learning
the solution operator of the reverse diffusion process [8, 59].
(iii) Progressive Distillation: Training a distilled model to
approximate the behavior of the full diffusion model allows
faster sampling with fewer steps [37, 43]. Although effec-
tive, this method may require extensive retraining and po-
tentially compromise image quality for increased speed.

Applying these acceleration methods to diffusion-based
SR enables faster inference while maintaining high image
quality. With efficient sampling methods, diffusion models
become more practical for SR tasks, balancing performance
and computational efficiency [32].

DiffFNO adopts (i) for its simplicity and the robustness
of established numerical methods. We also strength it with
the ATS strategy, which adjusts integration step sizes adap-
tively to balance speed and quality.

3. The Proposed DiffFNO
3.1. Network Architecture and Novel Components

An overview of the proposed DiffFNO is shown in Fig. 1
(b). It has three parts: (i) A CNN encoder extracts fea-
tures from LR images. Unlike the simple linear transfor-
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mations in standard FNO setups for physics simulations,
our encoder is tailored for SR, extracting complex patterns
and textures needed for high-quality reconstructions. We
use the EDSR-baseline [31] and RDN models [58] in our
experiments. (ii)) WFNO and GFM: WENO captures both
global and local details alongside the AttnNO. GFM com-
bines these into a unified HR feature map, which is then
projected into RGB. (iii) ATS ODE solver accelerates in-
ference speed by taking fewer, larger, and dynamically ad-
justed steps toward the reconstructed HR image. Fig. 2
illustrates these components in detail.

The network minimizes the difference between the pre-
dicted image and the true image. The loss function is:

£(6) = Euy [lIs0(x0,t) = Vi, logpi (xelxo) 3] . (D)

where x; (i.e. x_r) is obtained by adding noise to x (i.e.
XHR)- So(X¢,t) is the neural network approximating the true
score function. Vx; log p;(x;|xo) is the true score function.

3.2. Weighted Fourier Neural Operator

The Fourier Neural Operator (FNO) [26] is an efficient
NO variant designed to learn mappings between function
spaces. It operates directly on inputs of arbitrary resolu-
tions, performing upscaling by mapping low-resolution in-
puts to high-resolution outputs. It first transforms the input
data into the frequency domain, applies the learned filters,
and then transforms the data back to the spatial domain.



Spectral convolution and mode truncation greatly enhance
computational efficiency.

Let x;gr(r) denote the low-resolution input function
(e.g., an image), where r € R? represents spatial coordi-
nates. The goal is to learn an operator G such that:

2

XHR (I‘) = g [XLR (I‘)] 9

where xpgr(r) is the output function (e.g., the super-
resolved image). The FNO models G by stacking:

vit1(r) = o Wyvi(r) + Kvi(r)), 3)

where v;(r) is the feature representation at layer [ evalu-
ated at spatial location r, and v;41(r) is its updated repre-
sentation in the following layer; o is a nonlinear activation
function; W is a linear transformation. K;, the integral op-
erator at layer [, transforms the features into the Fourier do-
main. Fourier modes are then truncated for computational
efficiency. Global convolution is performed with a point-
wise multiplication between the transformed features and
the learned Fourier coefficients.

Kivi(x) = F~H(Py(&) - Fvi](£)) )

where F and F~! denote the Fourier and inverse Fourier
transforms, respectively. £ is the frequency domain vari-
ables. F[v;](&) is the Fourier transform of v;, evaluated at
frequency £. P;(€) is a complex-valued tensor of learnable
parameters representing the Fourier domain filters.

However, mode truncation underrepresents high-
frequency components that are critical to SR of real-world
images. To address this limitation, we introduce Mode
Rebalancing. A learned weighting function w;(&) is ap-
plied to the Fourier modes to amplify or attenuate specific
frequency components. It is defined at layer [ as:

wi(§) =1+ (1€l )

where ; is a learnable scalar parameter at layer [ that con-
trols the strength of the weighting; « is a hyperparameter
(0.7 in our experiments or optionally a learnable parameter)
that determines how the weight scales with the frequency
magnitude ||&€||. w(&) assigns higher weights to higher fre-
quencies when o > 0, thus emphasizing high-frequency
components. This yields an updated £;:

Kivi(r) = F~H (wi(&) - Py(€) - F[vi](8)).

3.3. Gated Fusion Mechanism

(6)

While WFNO excels at capturing global dependencies
through spectral convolutions, it may not fully exploit local
interactions critical for detailed image reconstruction. We
incorporate AttnNO to complement WFNO by capturing
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local dependencies. Working in tandem, they learn map-
pings from the low-resolution input function to the high-
resolution output function. Gated Fusion Mechanism opti-
mally combines the complementary features from both op-
erators, adaptively balancing the contributions of each to a
fused feature map, which is then fed to a projection layer.

Efficient implementation of the kernel integral using the
Galerkin-type attention mechanism [4] has been explored
in the neural operator applied to SR tasks [35, 54]. Our
AttnNO is composed of bicubic interpolation, Galerkin at-
tention, and nonlinearity, sharing an encoder with WFNO.
AttnNO models local interactions in the spatial domain, fo-
cusing on the most relevant spatial regions during the con-
volution process. Given the complementary role of AttnNO
to WENO, we simplify its structure to improve runtime.

While previous works have applied gating mechanisms
in different contexts, our approach differs significantly.
Zheng et al. [60] use gating within recurrent CRF networks
primarily for semantic segmentation, controlling the infor-
mation flow for boundary refinement rather than fusing fea-
ture maps with distinct representations. Hu et al. [16] intro-
duced channel-wise gating in Squeeze-and-Excitation (SE)
blocks, focusing on adaptively recalibrating feature chan-
nels within a single network stream. In contrast, our Gated
Fusion Mechanism applies spatial gating to integrate global
dependencies captured by WFNO and local information
from AttnNO. This mechanism adaptively combines both
operators’ feature maps, enhancing high-resolution image
reconstruction by balancing global and local contributions
at each spatial location.

Let vweno € RB*XHXWXC and VAtNO €
denote the feature maps obtained from WFNO and AttnNO,
respectively, where B is the batch size, H and W are the
height and width of the feature maps, and C' is the number
of channels. We first concatenate the feature maps along the
channel dimension and pass them through a convolutional
layer followed by a sigmoid activation to produce a gating
map G e RBXHXWX1:

RBXHXWXC

)

G = 0 (Convy 1 ([VwFNOs VAtnNO))) 5

where [+, -] denotes concatenation along the channel dimen-
sion; Conv x1 is a 1 x 1 convolutional layer that reduces the
concatenated features to a single-channel gating map; o (-)
is the sigmoid activation function applied element-wise.
The fused feature map vieq € REXHXWXC g the
element-wise weighted sum of the two feature maps:

®)

Viwsed = G © vweno + (1 — G) © vamno,

where © denotes element-wise multiplication, and subtrac-
tion is performed element-wise. The gating map G is
broadcast across the channel dimension to match the dimen-
sions of the feature maps.



Gated Fusion Mechanism brings two advantages com-
pared to a naive concatenation strategy: (i) Captures com-
plementary Information: WENO models global dependen-
cies through spectral convolutions, effectively modeling
long-range interactions and overall structure. In contrast,
AttnNO excels at capturing local dependencies and fine-
grained details via attention mechanisms. (ii) Balances con-
tributions dynamically: Gated Fusion Mechanism elicits the
importance of each feature map at each spatial location, dy-
namically balancing global and local information.

3.4. Forward Diffusion Process and Noise Schedule

Motivation. NOs are well-suited for SR tasks due to their
inherent resolution invariance and their ability to model
global dependencies efficiently. Diffusion models can it-
eratively refine a low-resolution image to a high-resolution
one, capturing the complex conditional distribution of high-
resolution images given low-resolution inputs.

DiffFNO leverages the strengths of both frameworks.
WENO is a powerful mechanism for handling arbitrary res-
olutions and capturing high-frequency details, while the dif-
fusion process iteratively improves reconstruction output.

In our framework, the forward diffusion process mod-
els the degradation of HR images to LR images, which in
our case is primarily due to downscaling. To incorporate
this degradation into the diffusion model framework, we
define a forward process that simulates the downscaling ef-
fect over continuous time ¢ € [0,7]. At, the image x
closely resemble the observed LR image xr after signifi-
cant degradation. We adopt a modified variance-preserving
(VP) stochastic differential equation (SDE):

dx, — _%5@) (x¢ — Dxy) dt + /BO)dw, ()

where 3(t) is the noise schedule; D is the downsampling
operator that reduces the resolution of the image; dw is the
standard Wiener process.

In this formulation, the term x — Dx quantifies the high-
frequency details lost during downscaling. The drift term
—3B(t) (x — Dx) dt models the gradual removal of these
details, while the diffusion term +//3(t)dw adds Gaussian
noise to simulate further degradation.

Noise Schedule 5(¢). We define the noise schedule §(t)
as a simple and effective linear function increasing over the
time interval [0, T:
t

B(t) = Bmin + (Bmax - Bmin) . Ty (10)
where [in=0.1 and [,,x=20. This linear schedule ensures
a gradual increase in the degradation strength from minimal
degradation at t=0 to maximum degradation at t=1".
Relation to Image Degradation. At each time ¢, the im-
age x; progressively loses high-frequency details due to the
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drift toward Dx,, the downscaled version of the image. The
added Gaussian noise further simulates the information loss
inherent in downscaling. At ¢ = T, the image x7 approxi-
mates the observed low-resolution image xyr. The reverse
diffusion process then aims to recover the high-resolution
image X (i.e.xggr ) from x7 by reversing the degradation.
Choice of 3(t). The linear noise schedule is chosen for its
simplicity and effectiveness. It provides a straightforward
way to control the rate of degradation over time. Parame-
ters Bmin and Bpax are selected to balance the trade-off be-
tween sufficient degradation (to simulate downscaling) and
numerical stability of the diffusion process.
Downsampling Operator D. The operator D is defined to
reduce the spatial dimensions of the image by the desired
scaling factor. We use bicubic downsampling.

3.5. Adaptive Time-Step

The standard reverse diffusion process is stochastic and re-
quires a large number of sampling steps, making it compu-
tationally expensive. To accelerate inference, we reformu-
late the reverse diffusion as a deterministic Ordinary Differ-
ential Equation (ODE), allowing us to use advanced ODE
solvers for faster sampling. The ODE solver integrates
the reverse diffusion process, and its output is the super-
resolved image. The reverse diffusion process can be de-
scribed by a Stochastic Differential Equation (SDE) [46]:

dx = [f(x,t) — g(t)*Vx log py(x)] dt + g(t)dw (11)

where x is the data; ¢ is the time variable; f(x,t) and g(t)
are drift and diffusion coefficients; Vy log p:(x) is the score
function; w is the reverse-time Wiener process. By remov-
ing the stochastic term, we obtain the probability flow ODE,
which deterministically transports the data from the noise
distribution to the data distribution.

Our ATS ODE solver comprises three key components:
1. Adaptive Time Step Selection Using a Learned Func-
tion. Optimizing the allocation of time steps based on
data characteristics has been explored in previous works
[28, 53]. We discretize the time interval [0,7] into N
non-uniform time steps {t;}¥,, where ¢ty = 0 and ty =
T. We introduce a learned function ¢, (t) as a weighted
sum of polynomial basis functions, where the weight is
parameterized by a set of learnable coefficients
{11, 12, ..., ¥k}, which adaptively determines the distri-
bution of time steps based on the data characteristics.
Parameterization of ¢.,(t). We define ¢, (t) as a normal-
ized weighted sum of K predefined monotonically increas-
ing basis functions {¢x(¢)} 1< ,:

e ki (t)

P = S (D)

) '(/}k = exp(wk)v (12)



where each basis function ¢y, (t) = t* fork = 1,2,..., K is
polynomial. wy, are unconstrained learnable parameters that
ensure ¥, > 0 through the exponential mapping. We set
K = 3 to balance model flexibility with computational ef-
ficiency. This setup allows ¢y, (t) to capture nonlinear time-
step distributions without excessive complexity.

Selection of Time Steps. Using the learned function ¢y, (),
we map uniformly spaced normalized values s; = -+ to
non-uniform time steps ¢;:

=X
N

ti= o5t (s:) = ¢ <]if) . i=01,....,N (13

Since ¢y (t) is monotonically increasing, its inverse
function gb;l (s) exists and can be efficiently computed.
2. Neural Operator Score Network. The score func-
tion, representing the gradient of the log probability density
log p:(x), is approximated using a neural network sy(x,t)
parameterized by 6:

Vi log pe(x) ~ s9(x,t). (14)

In our architecture, sy consists of: (i) An encoder that ex-
tracts features from x;g); (ii)) WENO for capturing global
dependencies and high-frequency details; (iii) AttnNO for
modeling local dependencies and fine-grained structures;
(iv) Gated Fusion Mechanism to dynamically combine fea-
tures; (v) Time embedding e(t) incorporating the time vari-
able ¢ into our neural network sy (x, ¢) using sinusoidal po-
sitional embeddings [14, 50], concatenating it and encoded
features along the channel dimension.
3. Efficient Solver. We solve the reverse-time stochastic
differential equation (SDE) of the diffusion process, trans-
formed into an ODE:

dx

B = Fx 1)~ G0 Valogpx),  (15)
where x € R? is the image estimate at time ¢ in the reverse
diffusion process; f(x,t) and g(t) are coefficients derived
from the forward diffusion process.

For the Variance Preserving (VP) SDE commonly used

in diffusion models, the coefficients are defined as:

A1), (16)

1
f(X, t) = _iﬁ(t)xv g(t) -
where (3(t) is a predefined noise schedule specific to the dif-
fusion process and is consistent with our DiffFNO. By sub-
stituting the score function approximation from Eq. (14),
we define the approximate drift function:

1
fo(x,t) = f(x,t) — gg(t)zse(x,t). (17)
The adaptive time steps {t;}~, discretize the ODE.

We apply the Runge-Kutta 4th-order (RK4) method, as it
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balances computational cost and accuracy, requiring fewer
steps than lower-order methods while retaining precision.

The benefits of ATS are threefold: (i) Deterministic Sam-
pling: It consistently produces the same results for identi-
cal inputs, improving reproducibility. (ii) Reduced Compu-
tation: Fewer sampling steps significantly decrease infer-
ence time. (iii) High-Quality Reconstruction: It maintains
high-quality reconstruction by efficiently allocating compu-
tational resources.

4. Experiments

Datasets and Evaluation Metrics. We use the DIV2K [1]
dataset for training. For evaluation, we use the DIV2K val-
idation set and four standard datasets: Set5 [3], Setl4 [56],
BSD100 [36], and Urban100 [18].

We evaluate our model on upscaling factors of x2, x3,
x4, x6, x8, and x12. Notably, scales x6, x8, and x12
are outside the training distribution, as the training scales
are uniformly sampled from x1 to x4. This setup assesses
our model’s ability to generalize to arbitrary scales. We use
Peak Signal-to-Noise Ratio (PSNR) and Structural Similar-
ity Index Measure (SSIM) as our evaluation metrics.
Quantitative Results. Building on the quantitative gains of
our model, we also present qualitative results to illustrate
the visual improvements achieved. We compare our pro-
posed DiffFNO model with several SOTA arbitrary-scale
SR methods, including Meta-SR [17], LIIF [7], LTE [24],
SRNO [54], LIT [5], LMI [10], and HiNOTE [35]. All
models are trained on the DIV2K dataset with identical set-
tings to ensure a fair comparison in Tables 1 and 2.

Among the compared methods, Meta-SR performs ad-
equately at lower scales but struggles at higher scaling
factors due to its generalized approach that lacks special-
ized mechanisms for fine detail capture. LIIF and LTE
improve upon Meta-SR by using local implicit functions
and frequency-based estimations, respectively, which en-
hance high-frequency texture representation. However,
they still face limitations in capturing non-periodic textures
and high-frequency details, resulting in blurred textures at
larger scales. LIT and LMI further advance performance
by integrating attention mechanisms and MLP-mixer ar-
chitectures, effectively preserving high-frequency textures
and handling diverse scales, but they may not generalize
well across datasets with varying distributions. SRNO and
HiNOTE employ neural operator frameworks with attention
mechanisms and frequency-aware loss priors to better cap-
ture global spatial properties and enhance high-frequency
detail reconstruction. We observed mixed results between
SRNO and HiNOTE: at certain scaling factors, one outper-
forms the other, indicating their varying strengths at differ-
ent resolutions. Overall, their neural operator foundation
improves the handling of arbitrary scaling but may increase
computational demands.
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Figure 3. Qualitative comparison on integer and continuous super-resolution scales. The models use RDN [58] as their encoder (except
HiNOTE [35], has its own). In the HR image, the cropped patch is outlined in green.

Model x2 x3 x4 X6 x8 x12
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
EDSR-MetaSR [17] 3332 0913 30.10 0.800 2823 0.830 26.10 0.792 2477 0.742 2395 0.720
EDSR-LTE [24] 33.83 0921 3050 0.880 2879 0.852 26,55 0.800 25.05 0.760 2420 0.736
EDSR-LIIF [7] 3436 0925 3094 0.885 2931 0.855 27.02 0.814 2544 0.771 2432 0.743
EDSR-LIT [5] 3481 0928 31.39 0.890 29.70 0.860 27.44 0815 2578 0.775 24.69 0.745
EDSR-LMI [10] 3540 0930 31.88 0.895 3040 0.865 2795 0.820 26.16 0.780 25.56 0.750
EDSR-SRNO [54] 3485 0928 3145 0.890 30.05 0.863 2736 0.810 26.00 0.772 2591 0.760
EDSR-DiffFNO (Ours) 35.72 0932 3250 0905 30.88 0.870 28.29 0.830 26.78 0.790 2648 0.775
HiNOTE [35] 3529 0931 3190 0.895 3046 0.842 27.83 0.799 2641 0.772 2623 0.732
RDN-MetaSR [17] 33,50 0920 30.32 0.893 2841 0.861 2629 0810 2490 0.780 24.01 0.790
RDN-LTE [24] 3398 0922 30.65 0.882 2894 0.852 26.70 0.802 2520 0.762 2435 0.732
RDN-LIIF [7] 3451 0927 31.09 0887 2946 0.857 27.17 0812 2559 0.772 2447 0.742
RDN-LIT [5] 3496 0930 31.54 0.892 29.85 0.862 27.59 0817 2593 0.777 2484 0.747
RDN-LMI [10] 35,55 0932 32.03 0.897 30.55 0867 28.10 0.822 2631 0782 2571 0.752
RDN-SRNO [54] 35.00 0930 31.60 0.892 3020 0.862 27.51 0812 26.15 0.772 26.06 0.762
RDN-DiffFNO (Ours) 3587 0934 32,65 0902 31.03 0.872 2844 0.832 2693 0.792 26.63 0.777

Table 1. PSNR/SSIM comparison on the DIV2K [1] validation set using EDSR [31] and RDN [58] encoders. HINOTE [35] uses its own.

Our DiffFNO model consistently achieves the high-
est PSNR and SSIM scores across all scaling factors and
datasets. The performance gap widens at larger scaling fac-
tors (x8 and x12), demonstrating a superior generaliza-
tion to the out-of-distribution scales. The improvements
are more pronounced on complex datasets like Urban100,
which contain intricate textures and structures. By combin-
ing WENO and AttnNO features through the Gated Fusion
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Mechanism, which adaptively balances global and local fea-
tures, DiffFNO synthesizes global and local dependencies.
The ATS ODE solver efficiently refines high-resolution im-
ages, further enhancing quality. This combination addresses
the limitations of prior models, such as spectral bias and in-
sufficient high-frequency detail capture.

Qualitative Results. Fig. 3 compares arbitrary-scale SR
methods on a BSD100 image (scaling factor of x12) with



Set5 Set14 BSD100 Urban100
x2 x3 x4 x6 x8 x2 x3 x4 x6 x8 x2 x3 x4 x6 x8 x2 x3 x4 x6 x8
MetaSR [17] 37.50 34.05 31.52 28.23 26.02 33.51 30.03 28.02 25.53 24.02 31.02 28.05 26.52 24.82 23.52 32.02 28.03 25.82 23.52 22.03

Model

LIIF [7] 38.02 34.42 32.04 28.57 26.25 34.03 30.43 28.43 25.84 24.33 31.52 28.55 27.03 25.03 23.83 32.52 28.53 26.03 23.83 22.33
LTE [24] 38.21 34.63 32.25 28.76 26.44 34.22 30.65 28.64 26.05 24.52 31.71 28.73 27.23 25.23 24.03 32.72 28.75 26.23 24.03 22.53
SRNO [54] 38.32 34.84 32.69 29.38 27.28 34.27 30.71 28.97 26.76 25.26 32.43 29.37 27.83 26.04 24.99 33.33 29.14 26.98 24.43 23.02
LIT [5] 38.53 35.02 32.82 29.51 27.42 34.44 30.83 29.03 26.82 25.33 32.52 29.51 27.92 26.12 25.01 33.42 29.22 27.02 24.52 23.12
LMI[10] 38.72 35.14 32.95 29.63 27.55 34.63 31.02 29.24 27.05 25.55 32.72 29.74 28.04 26.25 25.14 33.62 29.44 27.24 24.63 23.23

HiNOTE [35]  39.01 35.22 33.08 29.85 27.74 35.02 31.25 29.55 27.35 25.85 33.02 30.05 28.15 26.35 25.25 34.03 29.83 27.55 24.73 23.34
DiffFNO (Ours) 39.72 35.30 33.16 30.23 27.93 36.01 31.54 30.22 27.58 26.02 33.56 30.24 28.21 26.45 25.30 34.19 29.99 27.74 24.80 23.35

Table 2. PSNR comparison on four benchmark datasets: Set5 [3], Set14 [56], BSD100 [36], and Urban100 [18]. All models use RDN [58]
as their encoder, besides HINOTE [35] which has its own.

X2 x3 x4 X6 x8 x12
Model Inference Steps
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
SRNO [54] 3381 0920 3053 0880 2874 0850 2659 0800 25.10 0.760 24.18 0.730 147 -
FNO [26] 3436 0925 3094 0885 2931 0855 27.02 0810 2544 0770 2432 0.740 85 -
WENO 3481 0928 3139 0888 2970 0.858 27.44 0815 2578 0.775 24.69 0.745 97

WENO-AttnNO 3540 0930 3188 0892 3040 0862 2795 0820 26.16 0.780 2556 0.750 139 1000
DiffENO(-w, -a, -s) 34.85 0928 3145 0890 30.05 0860 2736 0.815 26.00 0.775 2591 0.760 204 1000
DiffFNO(-a, -s) 3529 0930 3190 0893 3046 0863 27.83 0.820 2641 0.780 2623 0.765 231 1000
DiffFNO(-s) 3570 0932 3248 0896 3085 0866 2826 0825 2675 0.785 2645 0.770 266 1000
DiffFNO 3572 0932 3250 0900 30.88 0.870 28.29 0.830 26.78 0.790 26.48 0.775 141 30

Table 3. Ablation study of variants of DiffFNO on the DIV2K [1] validation set. All use EDSR-baseline [31] backbone as their encoder.
Inference times are measured in milliseconds (ms). WFNO-AttnNO has Gated Fusion Mechanism.

fine-grained details like animal fur and rock textures and an default FNO [26], at the cost of a slightly increased number
Urban100 (continuous scaling factor of x7.6) image featur- of parameters and inference time.

ing large structures and fine local details such as reflections Effect of Gated Fusion Mechanism and AttnNO. The
on the grass. SRNO and HiNOTE capture multiscale details Gated Fusion Mechanism introduces minimal computa-
effectively, from the animal’s body to tiny gaps between tional overhead. In addition, extra computational cost in-
glass panels. However, DiffFNO reconstructs crisper edges curred by Attention-based Neural Operator is effectively
with fewer artifacts, enhancing texture in animal fur pat- mitigated by running it in parallel with WFENO while em-
tern and reflections. WENO captures large-scale patterns, ploying a shared encoder.

while AttnNO and Gated Fusion Mechanism preserve intri- Effect of ATS ODE Solver: ATS dramatically reduces the
cate textures. This multiscale approach followed by a dif- number of inference steps from 1,000 to just 30, which
fusion process enhanced by the ATS ’s ODE solver further substantially improves the inference time while delivering
reduces visual artifacts. competitive performance (Tab. 3). DiffENO outperforms

Ablation Studies. Extensive ablation studies validate the the SOTA in both PSNR and inference time (Fig. 1 (a)).
effectiveness and complementary nature of new compo- .
nents in DiffENO. Table 3 reports the PSNR results on the 5. Conclusion

DIVZK validation set for different model variant§ with scal- We propose Diffusion Fourier Neural Opeartor (DiffENO)
ing factors from X2 to x12. -w denotes leaving out the for arbitrary-scale image super-resolution. DIffENO is
Mode Rebalancing (yielding the default FNO [26]). -a de- made of Weighted Fourier Neural Operator with a Mode

notes omitting AttnNO. -s denotes the removal of ATS ODE Rebalancing mechanism to emphasize high-frequency
solver. We also measure inference time by averaging over details. It is complemented by a Attention-based Neural
100 runs, and report inference steps. We establish a baseline Operator through a Gated Fusion Mechanism that effec-
with SRNO, whose architecture is the most similar to our tively adjusts the influence of global and local features.
DiffENO aamong the methods covered in our study. Over- Image reconstruction is further refined by a diffusion pro-

cess augmented with an Adaptive Time-Step ODE solver
that dynamically allocates time steps, drastically cutting
down inference time without compromising output quality.
Experiments demonstrate DiffFNO’s competitiveness in
Effect of Mode Rebalancing. Incorporating Mode Rebal- both reconstruction quality and inference time across
ancing into WFNO boosted performance compared to the various benchmarks, establishing a new state-of-the-art.

all, we observe notable improvements with the addition of
model components. The complete DiffFNO achieves the
highest PSNR and SSIM values across all upscaling factors.
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