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Abstract

While deep learning-based super-resolution (SR) methods
have shown impressive outcomes with synthetic degradation
scenarios such as bicubic downsampling, they frequently strug-
gle to perform well on real-world images that feature complex,
nonlinear degradations like noise, blur, and compression ar-
tifacts. Recent efforts to address this issue have involved the
painstaking compilation of real low-resolution (LR) and high-
resolution (HR) image pairs, usually limited to several specific
downscaling factors. To address these challenges, our work in-
troduces a novel framework capable of synthesizing authentic
LR images from a single HR image by leveraging the latent
degradation space with flow matching. Our approach generates
LR images with realistic artifacts at unseen degradation levels,
which facilitates the creation of large-scale, real-world SR
training datasets. Comprehensive quantitative and qualitative
assessments verify that our synthetic LR images accurately
replicate real-world degradations. Furthermore, both tradi-
tional and arbitrary-scale SR models trained using our datasets
consistently yield much better HR outcomes.

Code — https://github.com/present091/DegFlow

Introduction
Single image super-resolution (SR) aims to reconstruct a high-
resolution (HR) image from a low-resolution (LR) observa-
tion. Recent deep learning-based methods (Kim, Lee, and
Lee 2016; Zhang et al. 2018b; Liang et al. 2021; Chen et al.
2023; Guo et al. 2024, 2025) achieve strong performance
in supervised settings by learning an end-to-end mapping
from synthetic LR inputs to HR outputs. However, most SR
models are trained and evaluated on LR–HR pairs generated
with simple operators such as bicubic downsampling. As a
result, they often perform poorly on real photographs, where
degradations combine unknown blur, noise, and compression
artifacts that are not captured by such synthetic pipelines.

One approach to reducing the distribution gap is to aug-
ment training data with handcrafted degradation pipelines
that consist of blur kernels, noise, downsampling, and com-
pression artifacts (Wang et al. 2021; Zhang et al. 2021). Al-
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Figure 1: DegFlow generates real-world LR images across
continuous scales by modeling degradation trajectories in a
learned latent space. The generated LR images are used to
train arbitrary SR models for high-quality restoration.

though these pipelines improve robustness, they still can-
not represent the complex properties of real-world degrada-
tions (Park et al. 2023; Peng et al. 2025). Another line of
research acquires paired HR-LR images with physical de-
vices using DSLR cameras with zoom lenses (Cai et al. 2019;
Wei et al. 2020; Fu et al. 2024; Li et al. 2024). While such
datasets provide plausible real-world degradations, the collec-
tion process is labor-intensive and limits both scale diversity
and scene variety. To alleviate these limitations, several recent
promising studies learn a degradation model from a small
set of real HR-LR images and then synthesize additional LR
images to boost realistic SR performance (Wolf et al. 2021;
Park et al. 2023; Peng et al. 2025).

Motivated by these approaches, we introduce DegFlow, a
novel degradation modeling framework, as shown in Fig. 1,
that learns real-world degradations from a small set of dis-
crete scale factors (e.g., ×2, ×4) with the corresponding
HR image and synthesizes LR images at unseen continuous
scales (e.g., ×2.55, ×3.78) during inference.

In Tab. 1, we compare the proposed DegFlow with rep-
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Generation
Method

Realistic
LR?

Arbitrary-Scale
Generation?

Require only HR
for Generation?

Real-ESRGAN, BSRGAN ✗ ✗ ✓
DeFlow, RealDGen ✓ ✗ ✓
InterFlow ✓ ✓ ✗
DegFlow (Ours) ✓ ✓ ✓

Table 1: Comparison between SR dataset generation methods.

resentative SR dataset generation methods. Unlike Real-
ESRGAN (Wang et al. 2021) and BSRGAN (Zhang et al.
2021), which rely on handcrafted operators (e.g., Gaussian
noise, blur, bicubic down/up-sampling), DegFlow produces
more realistic degradations by modeling degradation in real-
world datasets. Compared with DeFlow (Wolf et al. 2021)
and RealDGen (Peng et al. 2025), DegFlow offers explicit,
scale-specific control, which is essential for training arbitrary-
scale SR networks. In contrast to InterFlow, which requires
paired LR images at two distinct scales, a setting that may
not be applicable in real-world scenarios, DegFlow generates
LR outputs from a single HR input at inference time.

DegFlow consists of two modules: Residual Autoencoder
(RAE) and Latent Flow Matching (LFM), which are trained
sequentially in a two-stage pipeline inspired by latent dif-
fusion models (Rombach et al. 2022; Podell et al. 2024).
Specifically, the RAE maps an input image to a compact
latent code, reducing computational cost and enabling di-
rect manipulation in latent space. Training on paired HR-LR
images embeds degradation cues directly in the latent repre-
sentation, which benefits the subsequent modeling stage.

LFM learns a continuous degradation trajectory in latent
space by training a flow-matching network to a natural cubic
spline that interpolates the sparse degradation levels available
in the training data. In contrast to simple piece-wise linear
interpolation in the latent space, the spline model better cap-
tures nonlinear geometry in latent space while ensuring the
trajectory’s first derivative remains continuous, as required by
ODE. To further improve perceptual quality, we incorporate
an LPIPS loss. Specifically, we project a predicted latent at
an intermediate scale (e.g., ×3.34) to its nearest available
scale in the training set (e.g., ×4.0), allowing perceptual su-
pervision to be applied even when direct ground truth at the
exact target scale is unavailable.

Given a single HR image, the trained LFM samples latent
codes at arbitrary points along the predicted latent trajectory
path. Subsequently, we utilize the RAE decoder to produce
LR images that demonstrate realistic degradations, including
those not shown during training. Extensive experiments show
that DegFlow produces more realistic degradations than prior
methods, while requiring only an HR input at test time, unlike
InterFlow, which depends on paired LR examples as well as
an HR image. The synthetic datasets generated by DegFlow
allow both fixed-scale and arbitrary-scale SR networks to
achieve state-of-the-art (SOTA) performance on numerous
real-world benchmark datasets.

Related Work
Image Super-Resolution. Single-image super-resolution
(SR) remains a fundamental problem in computer vision. Re-
cent deep learning approaches have achieved substantial per-
formance gains. RCAN (Zhang et al. 2018b), a CNN-based
SR network, introduces multi-scale skip connections that
bypass low-frequency content, allowing the network to con-
centrate on high-frequency detail. SwinIR (Liang et al. 2021)
incorporates window-based self-attention, which enlarges
the receptive field while reducing the quadratic complexity
of standard attention. MambaIR (Guo et al. 2024) applies a
selective structured state-space model to model long-range
dependencies with linear computational cost.

Arbitrary-Scale Super-Resolution. The conventional SR
models can handle only a discrete set of scale factors, which
limits their applicability in scenarios that require continu-
ous zoom. MetaSR (Hu et al. 2019) is the first method to
handle arbitrary continuous scales through a Meta-upscale
module that predicts scale-conditioned convolution weights.
LIIF (Chen, Liu, and Wang 2021) reformulates SR as an
implicit neural representation, modeling the image as a con-
tinuous function of spatial coordinates and scale.

Real-World SR Dataset. SR models trained on bicubic
downsampled synthetic LR images perform poorly on real
photographs due to the inability of these operators to cap-
ture the complexity of real-world degradations. To reduce
the discrepancy between training and real-world test scenar-
ios, BSRGAN (Zhang et al. 2021) and Real-ESRGAN (Wang
et al. 2021) propose handcrafted degradation pipelines. These
strategies improve robustness, but they still fall short of mod-
eling complex real degradations.

To address this problem, several works manually capture
real LR-HR pairs of images using physical equipment (e.g.,
DSLR cameras). RealSR (Cai et al. 2019), DRealSR (Wei
et al. 2020), and RealArbiSR (Li et al. 2024) capture the
dataset with multiple focal lengths and then align the images
across scales. Although these datasets accurately reflect real
degradations, their collection is costly and labor-intensive.

Real-World Degradation Modeling. Recent works reduce
data-collection costs by learning the degradation process. De-
Flow (Wolf et al. 2021) and NAFlow (Kim et al. 2024) model
degradations in latent space using a conditional normalizing
flow, while RealDGen (Peng et al. 2025) employs a diffusion
model with contrastive disentanglement for unpaired settings.
A key limitation of these methods is the absence of explicit
scale control, which is essential for training implicit SR net-
works. InterFlow (Park et al. 2023) addresses controllability
by interpolating LR latents with a normalizing flow, thereby
synthesizing images at unseen intermediate scales. However,
InterFlow requires paired LR observations at two distinct
scales, limiting its practicality in real-world scenarios.

Proposed Method
Preliminaries
Real-World Degradation Acquisition. In this paper, we
focus on modeling the real-world degradations that occur
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Figure 2: Overview of the proposed method. (a) Two-stage training phase. (b) Inference phase.

in real photographs acquired by DSLR cameras. We follow
prior works (Cai et al. 2019; Wei et al. 2020; Fu et al. 2024;
Li et al. 2024) to define the image scale s by the ratio of focal
lengths. We let S = {sk}mk=1 denote the discrete set of scales
in the dataset. We represent HR images as IHR (or equiva-
lently Is1) and their corresponding LR counterparts as ILR
(or equivalently {Isk}k>1). Lower scale values correspond
to HR images that preserve finer details, while higher scale
values correspond to LR images that exhibit stronger degra-
dations, including blur, noise, and compression artifacts.

Among several real-world SR datasets, we adopt the Re-
alSR benchmark (Cai et al. 2019) for training. RealSR pro-
vides carefully aligned LR-HR pairs at multiple scale fac-
tors. Specifically, each LR image is aligned to its HR coun-
terpart by correcting misalignment caused by lens distor-
tion and exposure variations through affine registration, fol-
lowed by luminance compensation. The resulting image pairs
{IHR, Is2 , Is3 , Is4} share the same scene at the same reso-
lution and are both geometrically and photometrically con-
sistent, facilitating accurate modeling of real-world degrada-
tions.

Notably, we use the term degradation level interchange-
ably with the scale factor s, following the convention in
InterFlow (Park et al. 2023) throughout the paper.

Flow Matching. Flow Matching (FM) (Lipman et al. 2023;
Tong et al. 2024; Liu, Gong, and Liu 2023) is a family of
generative models that learns a neural velocity field to ap-
proximate the true probability flow along a user-specified
transport path. Below, we revisit its four essential compo-

nents: ordinary differential equations (ODEs), vector fields,
the FM loss, and probability paths.

First, an ODE specifies how a state x evolves with respect
to time t ∈ [0, 1] as:

dx = u(x, t)dt, (1)

where u is a vector field and we will use u(x, t) and ut(x)
interchangeably. Given a vector field u and an initial state x0,
the flow (or trajectory) is given as follows:

xt = x0 +

∫ t

0

u(x,w)dw. (2)

where u(x,w) denotes the exact velocity that transports a
target probability path {pt}t∈[0,1]. Pushing forward an initial
probability distribution p0 through ut produces pt.

FM trains a neural field vϕ to regress onto u so that its
estimated distribution matches the target distribution pt at
every timestep through the FM loss as:

LFM = Et∼U [0,1],x∼pt

∥∥ vϕ(x, t)− u(x, t)
∥∥2
2
, (3)

where time t is sampled from uniform distribution (U [0, 1]).
In practice, both u(x, t) and pt(x) are not given in closed
form, making Eq. (3) typically unsolvable. Therefore, Con-
ditional flow matching (CFM) (Tong et al. 2024) is proposed
to alleviate this by conditioning on an auxiliary variable ϵ.
Specifically, the CFM loss is given as follows:

LCFM = Et∼U[0,1],x∼pt(x|ϵ),ϵ∼q(ϵ)

∥∥ vϕ(x, t)− u(x, t|ϵ)∥22, (4)
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where ϵ can be treated as a pair of samples (e.g., HR and LR
images) drawn from the joint distribution of initial (source)
and target q(ϵ) = π(x0, x1). The conditional vector field
u(x, t|ϵ) is defined according to a form of probability path
pt(x|ϵ). A probability path is a smooth family of distribu-
tions pt∈[0,1] connecting p0 and p1. Typical choices include
stochastic (e.g., Gaussian) bridge (Lipman et al. 2023) and
deterministic (e.g., Dirac) bridge (Liu, Gong, and Liu 2023).
In this work, we adopt the deterministic bridge as follows:

pt(x | ϵ) = δ
(
x− µt(ϵ)

)
, (5)

where δ(·) indicates the Dirac delta function and µt(ϵ) is
the interpolant (e.g., linear interpolation) that satisfies the
boundary conditions: µ0(ϵ) = x0 and µ1(ϵ) = x1. As setting
the intermediate variance to zero removes stochasticity (i.e.,
σt(ϵ) = 0), conditional vector field u(x, t | ϵ) in Eq. (4) can
be derived as the first derivative of the interpolant µ′

t(ϵ) (Liu,
Gong, and Liu 2023). Consequently, the CFM loss in Eq. (4)
can be reformulated as

LCFM = Et∼U [0,1],x∼pt(x|ϵ),ϵ∼q(ϵ)

∥∥ vϕ(x, t)−µ′
t(ϵ)∥22, (6)

which remains fully tractable.

Overall Flow
We propose DegFlow, which synthesizes realistic LR images
exhibiting real-world degradations while requiring only a
single HR input at test time. As illustrated in Fig. 2, DegFlow
comprises two components sequentially trained in a two-
stage pipeline: a residual autoencoder followed by a latent
flow matching model.

Stage 1: Residual Autoencoder (RAE). Motivated by la-
tent diffusion studies (Rombach et al. 2022; Luo et al. 2023),
we first train the RAE to map each image to a compact latent
code with an L2 image reconstruction loss. To preserve fine
details despite the high compression ratio in the latent space,
we incorporate multi-scale skip connections between the en-
coder and decoder that propagate hidden features from the
HR images. In this design, both HR and LR images are used
for latent embedding, while only HR features are injected
into the decoder through skip connections.

Stage 2: Latent Flow Matching (LFM). Once the RAE is
trained and frozen, we embed paired HR-LR images in the
latent space and construct trajectories that connect them. The
FM network (Song et al. 2021) learns a continuous degra-
dation flow along each trajectory, parameterized by a time
variable t ∈ [0, 1].

Inference. Given a single HR image, the encoder first em-
beds it into a latent representation. The FM model then
evolves this latent over continuous timesteps, and the decoder
transforms the evolved latents at arbitrary timesteps back into
the image domain. By varying the timestep, DegFlow can
synthesize LR outputs corresponding to intermediate scales
including previously unseen degradation levels.

Residual Autoencoder (RAE)
As illustrated on the left side of Fig. 2 (a), the RAE con-
sists of an encoder Eθ and a decoder Dθ. Given an input

image I ∈ RC×H×W , which can be an HR image IHR or
an LR image ILR, the encoder produces a compact latent
representation: z = Eθ(I) ∈ RCr2×H

r ×W
r , where C, H ,

and W indicate the channel dimensions, height, and width
of the HR image, respectively, and r is the spatial compres-
sion factor. A larger r reduces computational cost, but also
removes high-frequency details that are essential for high-
fidelity restoration (Rombach et al. 2022; Podell et al. 2024;
Luo et al. 2023). To mitigate this loss, we propagate multi-
scale encoder features to the decoder through residual skip
connections as:

Î = Dθ

(
z; HHR

)
, (7)

where HHR = {h(l)
HR}Ll=1 is the set of hidden features on mul-

tiple scales, and h
(l)
HR denotes the hidden feature at scale level

l among L scales. Notably, multi-scale hidden features HHR
are extracted from the HR image only, and thus these skip
connections enable the decoder to recover fine-grained spatial
details while leveraging the compact latent for efficiency.

Reconstruction loss. Inspired by ReFusion (Luo et al.
2023), the RAE is trained with a reconstruction loss LRecon
applied to HR and LR inputs.

LRecon =
∥∥Dθ(Eθ(Is1);HHR)− Is1

∥∥2
2
+∥∥Dθ(Eθ(Isk);HHR)− Isk

∥∥2
2
,

(8)

where the scale sk is drawn uniformly from the available
degradation levels in the training dataset, excluding s1 (i.e.,
HR scale). This objective ensures that the decoder can faith-
fully reconstruct the input images while HR features are
consistently injected through skip connections, regardless
of the input degradation level. As a result, the latent space
encodes only the residual information between LR and HR
features (e.g., degradation-specific information), providing
an informative representation for the subsequent FM model.

Latent Flow Matching (LFM)
This subsection first formalizes the probability path that links
latents at different degradation levels and then introduces an
auxiliary perceptual loss that further improves visual fidelity.

Probability Path. As illustrated on the right side of Fig. 2
(a), each input image is first embedded into the latent space
using the RAE:

ztk = E(Isk), tk =
sk − s1
sm − s1

, (9)

where tk denotes the min-max normalized timestamp, and
s1 and sm are the minimum and maximum degradation lev-
els in the scale set S. This normalization linearly maps the
degradation level sk to the timestamp within the range [0, 1].
For instance, consider S = {1, 2, 4}, where each sk ∈ S is
distinctly matched with tk, and we have t1 = 0, t2 = 1

3 , and
t4 = 1.

We then construct a continuous trajectory that bridges
these embedded latents across degradation levels. Several
strategies can be adopted for trajectory construction. The
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simplest way to connect these marginals is a piecewise linear
trajectory, but it is suboptimal because the latent manifold
is highly nonlinear. Thus, linear interpolation deviates from
natural-image geometry, and the derivative µ′(t) in Eq. (6)
is discontinuous, thus violating the smoothness assumptions
required by the ODE formalism (Lipman et al. 2023).

We therefore adopt a natural cubic spline, which produces
a trajectory with continuous first and second derivatives and
a piecewise constant third derivative, whose regularity sat-
isfies the flow matching objective. The deterministic mean
trajectory in Eq. (5) is thus defined as a natural cubic spline
that interpolates over each sub-interval [tk, tk+1] as:
µt

(
ϵ
)
= ak(ϵ)

(
t− tk

)3
+ bk(ϵ)

(
t− tk

)2
+ ck(ϵ)

(
t− tk

)
+ dk(ϵ), (10)

where t ∈ [tk, tk+1], ϵ = {ztk}mk=1 denotes the set of la-
tent representations at the available degradation levels, and
the coefficients {ak(ϵ), bk(ϵ), ck(ϵ), dk(ϵ)} are obtained by
solving a tridiagonal system that enforces the continuity of
µt(ϵ) and its first two derivatives, together with the natural
boundary conditions µ′′

t1(ϵ) = µ′′
tm(ϵ) = 0 (De Boor 1978).

Given this trajectory, the LFM network predicts the veloc-
ity ẑ′t, which is regressed to the ground-truth velocity using
the CFM loss LCFM in Eq. (6).

Perceptual Loss. Along with the CFM loss, we introduce
an additional perceptual loss to improve visual fidelity at
unseen, intermediate degradation scales. Direct supervision
at these scales (e.g., ×1.532, ×3.361) is infeasible because
ground-truth LR images do not exist. Instead, we approx-
imate the predicted latent ẑt at an intermediate timestep t
satisfying tk < t < tk+1 by extrapolating toward the next
degradation level sk+1 in the set of training degradation levels
S = {sk}mk=1. Specifically, we employ a third-order Taylor
expansion for the extrapolation as follows:

ẑtk+1
= zt + ẑ′t ∆t+ 1

2z
′′
t ∆t2 + 1

6z
′′′
t ∆t3, (11)

where ẑ′t is the predicted velocity from the LFM network,
∆t = tk+1 − t, while zt, z′′t , and z′′′t are computed from
µt(ϵ). Note that zt = µt(ϵ) due to the spline defining the
deterministic mean path.

The extrapolated latent ẑtk+1
corresponds to the coarser

degradation level sk+1, for which a ground-truth LR image
Isk+1

is available. We can therefore compute a perceptual
loss between the decoded ẑtk+1

and Isk+1
using the LPIPS

metric (Zhang et al. 2018a) as:

LLPIPS = LPIPS
(
Isk+1

, Dθ

(
ẑtk+1

))
. (12)

The LPIPS loss back-propagates through Eq. (11) into ẑ′t
and subsequently updates the LFM network parameters ϕ
in Eq. (6). This enables perceptual supervision to be applied
even for intermediate scales without direct ground-truth su-
pervision.

Final Training Objective. The LFM network is optimized
with the combined loss as:

Ltotal = LCFM + λLLPIPS, (13)

where λ balances perceptual quality and trajectory fidelity
(we set λ = 0.1 in all experiments). This joint objective en-
courages LFM to reproduce natural textures while faithfully
modeling the underlying degradation trajectory.

Experiments
Experimental Setup
RAE. The RAE is trained using the Adam optimizer to
minimize the reconstruction loss in Eq. (8). Training contin-
ues for 200k iterations with a cosine-annealed learning rate
schedule, decaying from 1× 10−4 to 1× 10−7. Each mini-
batch contains 16 randomly cropped 256× 256 patches with
random horizontal and vertical flips for data augmentation.

LFM. The LFM network uses the Adam optimizer to mini-
mize the CFM and LPIPS losses in Eq. (13) over 400k itera-
tions. A cosine-annealed learning rate schedule decays from
2 × 10−4 to 1 × 10−7, with mini-batches of 32 randomly
cropped 256× 256 patches and random flips.

Training. In all experiments, DegFlow is trained on the
RealSR-V2 dataset, which contains paired images at degra-
dation levels ×1, ×2, and ×4 from two DSLR camera mod-
els: Canon and Nikon. Following InterFlow, we train on the
Canon-train dataset and generate LR images from HR images
of Nikon-train dataset to test the robustness of our method.

Evaluation. SR performance is evaluated on two real-
world benchmarks: RealSR (Cai et al. 2019) and RealAr-
biSR (Li et al. 2024). These datasets collectively cover a
wide range of camera, scene, and degradation characteristics,
offering a comprehensive evaluation of generalization.

LR Image Generation Results
Continuous Degradation Modeling Visualization. We
first demonstrate the capability of our DegFlow to model
continuous real-world degradations in latent space. In Fig. 3
(a), we display RealSR dataset images at discrete scales (HR,
×2, ×3, ×4). Fig. 3 (b) shows LR images generated by
DegFlow at uniformly spaced timesteps 0 ≤ t ≤ 1, using the
model trained on degradation levels S = {1, 2, 4}. Our ap-
proach achieves smooth and physically consistent transitions
between scales, and the synthesized images exhibit gradual
variations in blur and detail loss. These transitions closely
match the characteristics of both seen levels (×2, ×4) and un-
seen levels (×3), indicating that DegFlow successfully learns
a scale-continuous degradation manifold.

Timestep-Specific Degradation Analysis. To verify
whether DegFlow accurately models degradation character-
istics across the continuous trajectory, we evaluate its syn-
thesized degradation transition at different timesteps. Fig. 4
shows the normalized PSNR, CLIP (Radford et al. 2021),
and FID (Heusel et al. 2017) scores across different timesteps
t on the RealSR ×3 test set. For visualization, each metric
is normalized to its respective maximum value to facilitate
direct comparison, and the FID scores are inverted so that
higher values indicate better performance. We observe that
PSNR and FID values peak around t ≈ 0.73 (corresponding
to a degradation level of s ≈ 3.2) and CLIP score peaks
around t ≈ 0.70 (corresponding to s ≈ 3.1), where the
synthesized degradations most closely match the real-world
×3 characteristics. This result demonstrates that DegFlow
successfully learns a continuous degradation manifold and
captures timestep-specific degradation, both of which are
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Figure 3: Visualization of continuous degradation. (a) Real
images from the RealSR dataset at discrete scales (HR, ×2,
×3, ×4). (b) DegFlow-generated intermediate degradations at
evenly spaced timesteps 0 ≤ t ≤ 1.
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Figure 4: Normalized PSNR, CLIP, and FID scores across
different timesteps on the RealSR ×3 test set.

essential for training arbitrary-scale SR models that require
scale-specific degradations in the dataset.

Real-world SR Performance
Fixed-Scale SR. Tab. 2 demonstrates quantitative results on
the RealSR ×3 test set, comparing five models: RCAN, HAN,
SwinIR, HAT, and MambaIR. First, the oracle setting is es-
tablished by training on RealSR ×3, which directly matches
the target degradation level. Next, SR models are trained on
RealSR ×2 and ×4, without using the target degradation
level. Finally, SR models undergo training using synthetic
LR images generated by InterFlow and our model (Ours),
ranging from ×2 to ×4. Notably, InterFlow and our model
are trained on only RealSR ×2 and ×4 datasets, synthesizing
intermediate scales including the target scale (×3).

In the results, the SR models trained with our synthesized
dataset consistently outperform those trained on RealSR
×2, ×4 and InterFlow ×2∼×4, achieving higher PSNR
and SSIM values while maintaining comparable or better
LPIPS. These results validate the effectiveness of our contin-
uous degradation modeling in generating realistic and scale-
continuous LR images, enabling SR networks to generalize
more effectively to unseen target scales.

Arbitrary-Scale SR. Tab. 3 demonstrates quantitative re-
sults for arbitrary-scale SR, where we evaluate three SR
models (MetaSR, LIIF, and CiaoSR). RealSR ×3 refers to
the ground-truth target scale dataset (oracle setting), without
requiring an LR generation method. RealSR ×1 represents
the HR images, and is used with LR generation methods

Model SR Train Set RealSR ×3 Test Set
PSNR↑ SSIM↑ LPIPS↓

RCAN
RealSR ×3 30.68 0.8641 0.3243
RealSR ×2,×4 30.30 0.8596 0.3281
InterFlow ×2~×4 30.57 0.8631 0.3155
Ours ×2~×4 30.72 0.8650 0.3221

HAN
RealSR ×3 30.76 0.8659 0.3216
RealSR ×2,×4 30.43 0.8616 0.3261
InterFlow ×2~×4 30.68 0.8644 0.3167
Ours ×2~×4 30.82 0.8660 0.3212

SwinIR
RealSR ×3 30.69 0.8647 0.3217
RealSR ×2,×4 30.23 0.8597 0.3255
InterFlow ×2~×4 30.56 0.8634 0.3166
Ours ×2~×4 30.78 0.8658 0.3193

HAT
RealSR ×3 30.71 0.8645 0.3221
RealSR ×2,×4 30.39 0.8607 0.3248
InterFlow ×2~×4 30.65 0.8645 0.3135
Ours ×2~×4 30.86 0.8668 0.3186

MambaIR
RealSR ×3 30.62 0.8636 0.3208
RealSR ×2,×4 30.29 0.8660 0.3240
InterFlow ×2~×4 30.51 0.8625 0.3138
Ours ×2~×4 30.73 0.8686 0.3152

Table 2: Fixed-scale SR results on RealSR ×3 test set. Best
and second-best are highlighted in red and blue.

(Bicubic, BSRGAN, and Real-ESRGAN). Bicubic denotes
the conventional arbitrary-scale SR training strategy, where
LR images are generated via bicubic downsampling of HR
images, and Real-ESRGAN and BSRGAN synthesize LR im-
ages for training through a hand-crafted pipeline from the HR
images. InterFlow and our model (Ours) are trained on only
RealSR ×2 and ×4 datasets, synthesizing intermediate-scale
datasets in the range ×2∼×4 to train SR models. Unlike
InterFlow, which needs both LR and HR images, we use only
HR images.

Compared with the oracle setting, our method achieves
higher PSNR and lower LPIPS with comparable SSIM, in-
dicating that it can closely approximate the upper bound
without requiring ground-truth LR images at the target scale.
Moreover, our method consistently matches or surpasses In-
terFlow in PSNR and LPIPS across all SR models, with
significant perceptual quality enhancements. These results
demonstrate that our continuous degradation modeling pro-
duces realistic and scale-consistent LR images, enabling
arbitrary-scale SR networks to generalize more effectively to
unseen target scales.

Ablation Study
For the ablation study, we measure the performance of the
HAT SR network on the RealSR ×3 test set.

Effect of Proposed Components. In Tab. 4, we show the
effectiveness of each component in our framework. We be-
gin with a baseline variant of DegFlow that adopts a piece-
wise linear trajectory to model the latent degradation path.
Next, using the natural cubic spline for a nonlinear trajectory
model improves PSNR and LPIPS, demonstrating the ben-
efits of smooth path modeling for real-world degradations.
Then, incorporating the 3rd-order Taylor approximation for
the LPIPS-based supervision further improves perceptual
fidelity. In addition, introducing skip connections from high-
resolution features in the RAE further enhances the recon-
struction quality, showing the best performance across all
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Figure 5: Qualitative comparisons on the RealSR ×3 dataset. Fixed-scale SR results (HAT, MambaIR) and arbitrary-scale SR
results (LIIF, CiaoSR) trained with either InterFlow (IF) generated LR (a) or our synthesized LR (b) are compared.

Model Train set LR Generation Method
RealSR Test Set RealArbiSR Test Set

Model Generation Train set LR Generation Method ×3 ×2.5 ×3 ×3.5
PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

Meta-SR

RealSR ×3 None (Oracle) 30.43 0.8572 0.3311 29.65 0.8679 0.3330 29.58 0.8338 0.3557 28.15 0.7974 0.3996
RealSR ×1 Bicubic (Baseline) 28.99 0.8165 0.3488 30.05 0.8473 0.3087 28.77 0.8042 0.3544 27.86 0.7711 0.3886
RealSR ×1 BSRGAN 28.15 0.8114 0.3867 28.41 0.8326 0.3679 27.41 0.7932 0.3971 26.76 0.7625 0.4199
RealSR ×1 Real-ESRGAN 26.90 0.8077 0.3813 27.32 0.8177 0.3738 26.50 0.7821 0.4014 25.94 0.7305 0.4380
RealSR ×2,×4 InterFlow 30.42 0.8569 0.3222 30.71 0.8703 0.3099 29.40 0.8302 0.3504 28.50 0.7983 0.3828
RealSR ×2,×4 Ours 30.58 0.8565 0.3190 30.88 0.8713 0.2995 29.63 0.8321 0.3429 28.71 0.8008 0.3780

LIIF

RealSR ×3 None (Oracle) 30.43 0.8578 0.3324 30.71 0.8718 0.3222 29.56 0.8336 0.3579 28.66 0.8028 0.3861
RealSR ×1 Bicubic (Baseline) 29.00 0.8167 0.3290 30.04 0.8472 0.3096 28.76 0.8042 0.3550 27.86 0.7711 0.3892
RealSR ×1 BSRGAN 28.23 0.8133 0.3875 28.28 0.8303 0.3719 27.32 0.7912 0.4009 26.75 0.7617 0.4242
RealSR ×1 Real-ESRGAN 27.07 0.8090 0.3817 27.24 0.8135 0.3755 26.36 0.7777 0.4025 25.73 0.7492 0.4243
RealSR ×2,×4 InterFlow 30.44 0.8581 0.3263 30.70 0.8705 0.3144 29.38 0.8307 0.3547 28.44 0.7985 0.3860
RealSR ×2,×4 Ours 30.61 0.8577 0.3251 30.99 0.8729 0.3105 29.74 0.8341 0.3517 28.78 0.8027 0.3845

CiaoSR

RealSR ×3 None (Oracle) 30.65 0.8609 0.3251 30.61 0.8705 0.3105 29.59 0.8339 0.3487 28.54 0.8011 0.3810
RealSR ×1 Bicubic (Baseline) 28.98 0.8160 0.3496 30.04 0.8472 0.3079 28.76 0.8037 0.3545 27.85 0.7708 0.3881
RealSR ×1 BSRGAN 28.55 0.8288 0.3638 28.88 0.8443 0.3490 27.90 0.8046 0.3797 27.29 0.7755 0.4069
RealSR ×1 Real-ESRGAN 27.48 0.8200 0.3696 27.86 0.8341 0.3539 26.95 0.7953 0.3823 26.31 0.7664 0.4091
RealSR ×2,×4 InterFlow 30.52 0.8590 0.3162 30.69 0.8702 0.3057 29.36 0.8298 0.3408 28.52 0.8000 0.3795
RealSR ×2,×4 Ours 30.70 0.8590 0.3153 31.03 0.8739 0.3059 29.58 0.8318 0.3439 28.77 0.8032 0.3793

Table 3: Arbitrary-scale SR results on RealSR ×3 test set. Best and second-best are highlighted in red and blue.

RealSR ×3 Test Set
Methods PSNR↑ SSIM↑ LPIPS↓

Baseline (Piecewise Linear Trajectory) 30.58 0.8640 0.3214
(+) Nonlinear Trajectory (Natural Cubic Spline) 30.68 0.8652 0.3209
(+) LPIPS 3rd-order Taylor Approx. 30.81 0.8662 0.3200
(+) RAE’s HR Features Skip Connection 30.86 0.8668 0.3186

Table 4: Impact of each component on RealSR ×3 test set.

metrics. These results validate the importance of each pro-
posed component and highlight their complementary contri-
butions to both perceptual and distortion-based performance.

Effect of External HR Dataset. We further investigate
whether synthesizing the SR training set with external HR
images can enhance SR performance. In particular, we lever-
age the DIV2K (Agustsson and Timofte 2017) dataset, which
contains high-quality HR images, to generate synthetic LR
images for scales in the range ×2 to ×4 using our frame-
work. Notably, our approach can synthesize these interme-
diate degradations directly from HR images, in contrast to
InterFlow, which requires paired LR images captured at mul-
tiple degradation levels. As shown in Tab. 5, training the HAT
network with the augmented dataset consistently improves
PSNR, SSIM, and perceptual quality on the RealSR ×3 test
set. Generating high-quality degradations from only HR data

RealSR ×3 Test Set
Train Set PSNR↑ SSIM↑ LPIPS↓

DegFlow ×2~×4 30.86 0.8668 0.3186
(+) Additional Synthetic Dataset (DIV2K) 31.00 0.8673 0.3180

Table 5: Impact of using external HR images.

offers a practical benefit when paired LR data is unavailable.

Conclusion
We introduce DegFlow, a novel continuous degradation
modeling framework for real-world super-resolution. Un-
like previous methods that rely on handcrafted degradation
pipelines or require paired low-resolution inputs for genera-
tion, DegFlow learns a degradation manifold in latent space
from only discrete real-world HR-LR pairs and synthesizes
realistic degradations at arbitrary, unseen scales using only
high-resolution images. By combining a residual autoencoder
with latent flow matching, DegFlow effectively captures the
nonlinear geometry of real-world degradations while main-
taining explicit degradation level control. Experiments show
that SR networks trained on our synthetic datasets consis-
tently outperform those trained with existing generation meth-
ods in both fidelity and perceptual quality.
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