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Abstract. Diffusion prior-based methods have shown impressive results
in real-world image super-resolution (ISR), yet two key challenges per-
sist: balancing pixel-level fidelity with semantic quality, and adapting to
diverse degradations. Existing dual-branch approaches freeze the pixel
module during semantic training, but the semantic branch can still ex-
pand capacity within the pixel subspace, precluding genuine perceptual
improvement. Moreover, using a single static adapter cannot generalize
across heterogeneous real-world corruptions. To address both issues, we
propose FreqOrtho-SR, which comprises: Frequency-guided Mixture of
LoRA Experts (FreqMoE), it routes inputs to specialized experts via a
non-parametric FFT-based degradation-feature extractor that encodes
frequency-domain signatures, enabling stable and interpretable special-
ization across corruption types; and Orthogonal Gradient Projection
(OGP), which reframes the dual-objective optimization as a subspace-
constrained problem: by extracting the pixel-fidelity subspace via SVD
on combined expert weight deltas and projecting semantic gradients onto
its null space, OGP guarantees orthogonality between the two objectives,
enabling genuinely complementary learning without mutual interference.
Experiments show that FreqOrtho-SR achieves competitive overall per-
formance and a strong fidelity-perception trade-off across multiple bench-
marks with efficient single-step inference. The source code of our method
can be found at |sonhm3029/FreqOrtho-SR.

Keywords: Image Super-Resolution - Frequency-guided Mixture of Ex-
perts - Orthogonal Learning - Diffusion Models

1 Introduction

Image super-resolution (ISR) [53}62] aims to produce high-resolution (HR) im-
ages from degraded low-resolution (LR) inputs. A main challenge in ISR is the
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Fig. 1: Visual and quantitative comparison on DRealSR. Values below each patch

denote PSNR1/LPIPS], with best in red. Our FreqOrtho-SR achieves the best fidelity
and perceptual quality among one-step diffusion methods.

inherent trade-off between perception and distortion . While pixel-level regres-
sion methods using £1 or Ly losses achieve high fidelity metrics (e.g., PSNR,
SSIM), their results are perceptually unsatisfying and overly smooth . Dif-
ferently, generative methods create visually appealing textures but also intro-
duce artifacts that compromise content fidelity . The challenge becomes even
more complex in real-world ISR, which must handle diverse, unknown degrada-

tions .

Early methods |§|, employed deep neural networks trained
with pixel-level losses, but struggled with real-world degradations, producing
outputs that lacked perceptual realism. GAN-based approaches
significantly enhanced visual realism by aligning outputs with natural image
distributions. However, their limited generative capacity and training instability
often lead to unnatural artifacts. Recent text-to-image diffusion models, particu-
larly Stable Diffusion (SD), have transformed real-world ISR
by providing powerful generative prior knowledge from vast image datasets and
yielding more realistic SR outputs than GAN-based methods. However, the it-
erative sampling process inherent to dynamic models typically requires multiple
sequential steps, imposing significant latency that hinders practical deployment.

Recent efforts address these limitations via one-step diffusion
models, achieved either by distilling multi-step diffusion models or fine-tuning
pre-trained diffusion models with Low-Rank Adaptation (LoRA). OSEDiff
improves the process by inputting LR latent features and uses Variational Score
Distillation to condense multi-step diffusion into a single step via LoRA fine-
tuning. TVT addresses fine-structure preservation by transferring 8 x down-
sampled VAE of SD to a variant that supports 4x downsampling. PiSA-SR
pushes the field forward by using a dual-LoRA framework that decouples pixel-
level regression from semantic enhancement, better improving both objectives.

However, these methods still face two main challenges. First, many mono-
lithic architectures apply a uniform balance of fidelity and perceptual quality
across different degradation types, failing to adapt to complex scenarios where
conflicting restoration needs exist. Second, jointly optimizing pixel-level fidelity
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and semantic-level enhancement tends to entangle the two objectives, making it
difficult to balance faithful structure preservation and perceptual detail synthe-
sis. PiISA-SR [51] addresses this issue by decoupling them into two LoRA modules
and freezing the pixel branch during semantic training. However, we argue that
this passive decoupling is still insufficient because it does not explicitly control
the geometry of semantic updates. Even with the pixel weights frozen, the se-
mantic branch can receive update components along the pixel-fidelity subspace
and learn features already covered by the pixel branch, leading to redundant
subspace overlap. This redundancy hampers the model’s ability to fully utilize
its capacity for genuine perceptual enhancement.

To mitigate these limitations, we propose FreqOrtho-SR, a novel framework
for real-world SR with two key innovations: 1) Frequency-Guided Mizture of Ex-
perts (FreqMoE) employs multiple LoRA experts tailored to specific degradation
patterns. Using a lightweight Fast Fourier Transform (FFT) based [8] degrada-
tion feature extractor to guide a gating network that routes inputs to appro-
priate experts, enabling stable and interpretable specialization. 2) Orthogonal
Gradient Projection (OGP) to mitigate pixel-subspace gradient interference in
multi-objective optimization. Inspired by continual learning techniques, we view
fidelity preservation and perceptual enhancement as sequential tasks requiring
orthogonality. By projecting away semantic-gradient components that lie in the
pixel-level subspace, OGP enables the semantic LoRA to learn in an independent
subspace, resulting in significantly improved perceptual quality with minimal fi-
delity trade-off.

Our main contributions can be summarized as follows:

1. We propose FreqOrtho-SR, a novel method for degradation-adaptive op-
timization that introduces a frequency-aware gating mechanism based on
explicit FFT-based degradation signatures. This enables stable and inter-
pretable expert specialization, where different experts operate at distinct
fidelity-perceptual levels tailored to specific degradation characteristics.

2. We introduce orthogonal gradient projection from continual learning to real-
world ISR task, reducing overlap between pixel and semantic subspaces and
enabling the semantic LoRA to learn more effectively in an independent
subspace.

3. Our extensive experiments show that FreqOrtho-SR achieves competitive
overall performance, with best or second-best results on several key image
quality metrics across multiple datasets.

2 Related Work

2.1 Diffusion Model-based Super-Resolution

Latent Diffusion Models (LDMs) [47] extend DDPMs |21] by performing denois-
ing in a compressed latent space, yielding the Stable Diffusion (SD) model whose
generative priors are now widely used for real-world SR.
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Multi-step methods employ these priors at 20-50 denoising steps. StableSR
[58] injects LR features into a frozen SD model via spatial feature transform
layers; DIiffBIR [35] first removes degradations and then enhances details with
ControlNet [77]; PASD [69] adds pixel-aware cross-attention for structure guid-
ance; and SeeSR [67] steers generation with degradation-aware text prompts.
Despite strong visual quality, iterative sampling remains a practical bottleneck.
One-step alternatives address this cost via consistency distillation (SinSR [61]),
residual-shifting Markov chains (ResShift [74]), Variational Score Distillation
with LoRA [22] tuning (OSEDIfI [66]), adversarial diffusion distillation (AddSR
[52]), target score distillation (TSD-SR [13]), diffusion-inversion noise predic-
tion (InvSR |[73]), VAE transfer from 8x to 4x downsampling (TVT [70]),
dual-LoRA decoupling of pixel regression and semantic enhancement (PiSA-
SR [51]), and CLIP-guided mixture-of-ranks routing (MoR-DASR [19]). Unlike
MoR~DASR, which routes via a frozen CLIP encoder with predefined prompt
pairs, our FreqMoE employs non-parametric FFT-based degradation signatures
for interpretable routing without external pretrained models.

However, all these methods face a fundamental contradiction between pixel-
level fidelity and semantic-level enhancement. Monolithic architectures (e.g.,
TVT [70], PiSA-SR |51], OSEDiff |66]) lack the flexibility to adapt to diverse real-
world degradations, while dual-branch designs (e.g., PiSA-SR [|51]) can suffer
from subspace overlap between pixel- and semantic-level objectives. FreqOrtho-
SR addresses both issues via frequency-guided expert specialization and orthog-
onal constraint theory, transforming the dual-branch architecture from a rigid
structure into a dynamic, mathematically-constrained framework.

2.2 Frequency Analysis in Image Processing

Frequency domain analysis has long been a fundamental aspect of image process-
ing [7[31,43}/46,/54,55]. Our insight is that different types of degradation exhibit
unique frequency patterns. For example, blur suppresses high frequencies [29,42],
Gaussian noise elevates all frequencies uniformly |4,17], JPEG compression intro-
duces artifacts in 8x8 blocks that are visible in the frequency spectrum [39|, and
downsampling creates distinct aliasing patterns [3]. These observations have been
utilized for various tasks such as blur detection [16}56], noise estimation [37./45],
and quality assessment [41,/50]. Recent methods have incorporated frequency
information through spectral losses [23] and frequency-domain adversarial train-
ing [14]. However, frequency features have not been systematically applied to
routing in mixture of experts (MoE) architectures, which remains a significant
challenge for effective routing. Traditional gating based on spatial features may
suffer from training instability and load imbalance [15,49], leading some experts
to dominate routing while others remain underutilized. Additionally, learned
spatial representations may struggle to capture underlying degradation patterns
without explicit structural priors [44,80]. We address this gap by integrating
explicit frequency-based degradation features into the gating mechanism.
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Fig. 2: Overall architecture of our FreqOrtho-SR. The FreqMoE and Semantic LoRA
modules are optimized for pixel-level and semantic-level enhancements, respectively.
FreqMoE utilizes the power of Mixture of LoRA Experts to adaptively handle diverse
degradation types via FFT-based gating, while Orthogonal Gradient Projection ensures
the semantic LoRA learns in a subspace orthogonal to the pixel-level representations,
reducing subspace interference between fidelity and perceptual objectives.

2.3 Continual Learning and Gradient Projection

Continual learning aims to acquire sequential tasks without forgetting previously
acquired knowledge [18l/40]. One prominent method is Gradient Projection Mem-
ory (GPM) [48], which preserves task-specific knowledge by constraining gradient
updates via subspace projection. After learning task A, GPM extracts impor-
tant parameter directions using Singular Value Decomposition (SVD) [48] and
projects the gradients of subsequent tasks into the null space of this subspace to
prevent interference [6]/75]. Related methods include Orthogonal Weights Modifi-
cation |75] and Gradient Episodic Memory [38], both of which constrain gradient
updates to preserve prior knowledge. While these methods are widely used in
classification [6,48| and reinforcement learning [65], they have not yet been ex-
plored in ISR. Therefore, we propose orthogonal projection to real-world ISR,
treating pixel-level fidelity and semantic-level enhancement as sequential learn-
ing tasks. By extracting pixel-level LoRA subspaces via SVD and projecting
semantic gradients into the null space, we remove pixel-subspace gradient com-
ponents that would otherwise drive redundant semantic updates. This enables
semantic LoRA to learn in an independent subspace, thereby improving percep-
tual quality while maintaining competitive fidelity.

3 Methodology

This section first formulates the SD-based SR as a residual learning model. It
then introduces our proposed FreqOrtho-SR, a novel framework designed for true
subspace disentanglement and adaptive restoration in real-world ISR, aiming to
achieve a better balance between fidelity and perceptual quality. In this study,
we denote the low-resolution (LR) and high-resolution (HR) images as zr and
xg. Their corresponding latent codes are represented as z;, = £(xy) and zy =
E(zpg). We can approximate that x; ~ D(z1) and gy ~ D(zg), where £ and D
are the encoder and decoder of a pre-trained Variational Autoencoder (VAE).
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3.1 Model Formulation

Multi-step DM-based SR methods [35,/58./67] perform T-step denoising to trans-
form Gaussian noise zr into the HR latent zg, conditioned on x . This iterative
process is computationally expensive and causes instability from random noise
sampling. In this work, we adopt a one-step approach that starts directly from
zr, and leverages residual learning scheme: zy = 25, — €g(z1), where ¢ is the
SD UNet parameterized by 6, and the noise schedule coefficients are absorbed
into ey following |51,/66]. This forces the network to learn the high-frequency
difference between z;, and zp, accelerating training convergence.

Following the dual-LoRA paradigm [51], we introduce two sets of LoRA [22]
modules upon the frozen SD weights 0,4: a pizel-level LoRA Af);, trained with
Lo loss for degradation removal, and a semantic-level LoORA A6, trained with
Lo, Lipips |78, and Lesq [51,[72] losses for detail and semantic enhancement.
The pixel-level LoRA is optimized first, then the semantic-level LoRA is trained
while Af);, remains frozen as follows:

iji-[”: =ZzZL — €Opix (ZL)7 epix = {05d7 Aepiz}, (1)
st'—]em =ZL — 69fuzz(ZL)7 efull = {esd, Aepizy Agsem}' (2)
The decoded outputs #/" = D(2%") and 3™ = D(zif™) are used for loss

computation in their respective phases.

Our overall framework is illustrated in Fig. which extends dual-LoRA
paradigm in two ways. First, we replace the single pixel-level LoRA A6,
with a robust Frequency-guided Mixture of LoRA Experts (Sec. , enabling
degradation-adaptive restoration rather than applying a static uniform approach.
Second, beyond simply freezing Af,;, during semantic training, we additionally
employ Orthogonal Gradient Projection (Sec. to constrain semantic gradi-
ents to the null space of the pixel-level subspace, providing a mathematically
stronger guarantee against fidelity degradation.

3.2 Frequency-guided Mixture of LoRA Experts

Recent DM-based methods [51,66] employ a single LoRA adapter for pixel-
level restoration, applying a uniform strategy regardless of degradation type.
Since real-world images exhibit diverse, mixed degradations requiring distinct
frequency-domain restoration behaviors (Fig. [59,/67], a single LoRA lacks
the capacity to specialize across such heterogeneous patterns. To address this
challenge, we replace the monolithic pixel-level LoRA Af,;, with a Frequency-
guided Mixture of LoRA Experts (FreqMoE; Fig. . Specifically, each target
layer in the UNet now contains N parallel LoRA expert pairs {(A;,B;)}Y,,
where A; € R"*%n and B; € R%ut*" are the low-rank down- and up-projection
matrices with rank r, respectively. A gating network G routes each input to
the top-k most suitable experts using both local spatial features from the layer
input and global frequency-domain degradation features extracted from x . The
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Fig. 3: (a) FFT magnitude spectra (log scale) of LR images under different degrada-
tions. Blur suppresses high-frequency energy (dim outer ring), noise raises it uniformly
(bright outer ring), and JPEG introduces periodic block artifacts (grid pattern). These
signatures enable our non-parametric extractor to reliably identify degradation types.
(b) Structure of the FreqMoE module which routes inputs to specialized LoRA experts
based on frequency-domain degradation features.

FreqMoE output for a given layer is represented as follows:

Ahpi:c = Z g (X7 f) . BiA,L'X, (3)
i€Top-k(£)

where x is the layer input, f € R% is the degradation feature vector extracted
from zp, £ are the gating logits, and g¢;(x,f) is the routing weight for expert
1 among the selected top-k experts. This sparse routing reduces computational
cost while enabling complementary experts to collaborate when beneficial. Ab-
lations on the number of experts, top-k routing, and expert routing behavior are
provided in Sec. 11 of the supplementary materials.

Degradation feature extraction. We design a lightweight, non-parametric
feature extractor that captures degradation signatures from the LR input zp
in the frequency domain. Real-world LR images are typically corrupted by a
composition of multiple degradation types. Following the second-order degrada-
tion model of RealESRGAN , which cascades blur, resize, noise, and JPEG
compression in two sequential rounds, each corruption leaves a characteristic
fingerprint in the frequency spectrum (Fig. : blur suppresses high-frequency
content , noise elevates energy uniformly across frequencies , JPEG com-
pression introduces periodic artifacts at 8x8 block boundaries , and resize
operations produce aliasing patterns visible in the radial energy distribution .

Given an input image x;, € RE*H*W e first convert it to a grayscale image
x4 and compute its centered 2D FFT magnitude spectrum M = |F(z,)|, where
F is the shift-centered 2D FFT magnitude operator. The spectrum is divided into
K concentric radial bands { R, }X_, from the center (low frequency) to the edges
(high frequency), where each band spans the radial range [(k—1)p/K, kp/K)
and p is the maximum radius. The normalized energy for each band is:

- 1 M,
M= = 3 M), e = =iy, (4)
|Rk;| (u,0)ERy, Zk'ZI Mk:’
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where |Ry| is the pixel count of band Rj. This area-normalized mean prevents
larger outer bands from dominating, yielding a probability distribution e =
le1,...,ex]. We further compute three scalar degradation indicators:

1. Blur score: spur = €1/(ex +¢€), measuring the ratio of low- to high-frequency
energy. A high score indicates blur-typical low-frequency dominance.

2. JPEG blocking score: Sjpeg = Gvlock/(Gait +€), Where Gpjock is the mean abso-
lute gradient at 8x8 block boundaries and g,;; is the overall mean gradient.
Elevated boundary gradients signal JPEG compression artifacts.

3. Noise score: Spoise = mean(|L x xr|), where L is the 3x3 Laplacian kernel
applied via depthwise convolution. A high Laplacian response indicates the
presence of high-frequency noise.

The final feature vector f = [€; Spiur; Sjpeg; Snoise) € RY (dy = K+3) concate-
nates the band energies with the three scalar scores. While the three scalar scores
target the dominant degradation types, the radial band energies e implicitly cap-
ture other corruptions such as resize-induced aliasing, which manifests as char-
acteristic shifts in the radial energy distribution. Together, f provides a compact
yet comprehensive degradation descriptor. This extractor is non-parametric and
computed with gradients disabled, achieving negligible overhead. The effect of
the number of frequency bands K is analyzed in Sec. 11 of the supplementary
materials.

Frequency-modulated gating network. The gating network G combines spa-
tial information from the layer activations with the global degradation features
f to produce routing weights. Given the layer input x € R%» and degradation
features f € R% , the gating logits are computed as:

€= W,x+o(f), (5)

where W, ¢ RN *din ig the base gate projection and ¢ : RY — RY is a
small MLP consisting of two linear layers with a ReLU activation: ¢(f) =
Wy ReLU(W,f), with W, € R245%ds and W, € RV*2ds,

This additive design allows ¢(f) to act as a degradation-dependent bias that
shifts the base routing logits. Since f is computed once per image and shared
across all spatial positions and layers, the frequency bias provides a consis-
tent global routing signal. Experts are not pre-assigned to specific degradation
types; instead, they emerge through end-to-end training guided by the frequency
features. For instance, experts may specialize in high-frequency recovery (acti-
vated for blurred inputs) or denoising (activated for noisy inputs), while mixed-
degradation images activate multiple experts via top-k routing.

For routing, we select the top-k experts per token. The gating weights are
obtained by applying softmax over the selected logits:

exp(t:) if i € Top-k(£)

— J Xierop-r exp(5)’
g; (X, f — jETop-k J 6
(e £) {O, otherwise (6)
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Top-k(£) returns the indices of k largest logits. This sparse routing lowers com-
putation over dense mixtures while still enabling complementary expert collab-
oration when useful. For stable training, we initialize W, with small random
values (0=0.01) and set the output layer of ¢ to zero, so the gating starts from
near-uniform routing and gradually learns degradation-specific specialization.

To address expert collapse in MoE frameworks [11}|15]|36], we employ the
Load Balancing Loss (LBL) [15], which encourages uniform expert utilization
by linking the frequency of expert selection to the routing weights each expert
receives. Let f; be the fraction of tokens directed to expert i, P; denote the
average routing probability for expert i, and N be the total number of experts.
The LBL is defined as: L = - N - sz\;1 fi - B

3.3 Orthogonal Gradient Projection

Problem formulation. A core challenge in decoupled real-world ISR is ensur-
ing that distinct adapters capture truly independent features. We have identi-
fied a fundamental phenomenon in subspace interference: when a semantic-level
adapter is trained on top of an existing fidelity-level module, the optimization
process often collapses into the subspace already covered by the fidelity weights.
Formally, consider the joint inference state 0,y = {0sd, Abpie, ABsern, . While
Al is optimized for structural alignment, the subsequent optimization of
Abgen, lacks a mechanism to prevent it from re-learning structural features that
are already encoded in Af;,. If the update directions of the semantic LoRA are
not constrained to be orthogonal to the fidelity subspace, the model suffers from
representational redundancy. This redundancy wastes the model’s limited rank
capacity on repetitive structural information instead of capturing novel percep-
tual textures. This prevents the model from reaching the optimal or near-optimal
boundary of the perception-fidelity trade-off, irrespective of the parameter bud-
get. To address this issue, we propose explicitly isolating these objectives by
projecting semantic updates into the null space of the fidelity manifold.

Subspace extraction via SVD. After the first phase, we extract the pixel-
level subspace for each layer using Singular Value Decomposition (SVD) [48]. For
a layer with weight W, the pixel LoRA introduces a change AW, = Bpiz Apiz €
RéeutXdin Tn 5 MoE framework with N experts, we concatenate all expert weight
changes to capture the union of their subspaces:

AWy = [AW, | AW, | -+ | AWy ] € RoutX(N-din)

We then perform SVD on AW,;; = UXV7T and retain the top k singular vectors
that account for 95% of the energy:

k 2
k = arg minj, {ij:lgl > 0.95}
2.5

The truncated left singular matrix Uy, € Rdout <k defines the essential pixel sub-
space preserved for Phase 2. This SVD is performed only once offline between
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training phases, not per iteration, and operates on relatively small matrices. On
our hardware, the entire SVD extraction across all layers completes in under
5 seconds, introducing negligible overhead relative to the total training time.
Ablations on the SVD energy threshold are provided in Sec. 11 of the supple-
mentary materials.

Gradient projection during semantic LoRA training. During the second
phase, we register backward hooks on all semantic LoRA B weight matrices.
When gradients are computed, the hook projects them into the null space of Uy

Gortho =G - U];(Uf;TG)a (7)

where G € R%w«X" is the original gradient of the LoRA B weight. Since U;,
has orthonormal columns (Ug U;, = I), it follows that U, g Gortho = 0, ensuring
that the semantic gradient has zero component along the pixel-level subspace
directions and removing pixel-subspace gradient interference. As a result, the
semantic LoRA is guided to learn in a subspace independent of the pixel-level
representations, enabling more effective perceptual enhancement. The projection
is computationally efficient with negligible overhead. The projection target choice
is further justified and ablated in Sec. 11 of the supplementary materials.

3.4 Training Strategy

The loss design in both phases builds upon the combination of L3, Lpips, and
Lsq losses, which has been shown effective for balancing pixel-level fidelity and
semantic enhancement in diffusion-based SR [51}/66]. We further use an interme-
diate SVD extraction step to enable orthogonal gradient projection.

Phase 1 - FreqMoE Training. In the first phase, we train the FreqMoE
module using the Lo loss to measure pixel-level fidelity between the predicted HQ
image and ground truth, combined with the load balancing loss Ly (Sec.
to encourage balanced expert utilization. All FreqMoE parameters A6, are
updated in this phase while the pre-trained SD parameters (654) remain frozen.

SVD-based subspace extraction. Between the two training phases, we
extract the pixel-level subspace from the learned FreqMoE weights via SVD as
described in Sec. The resulting orthogonal bases Uj, are stored and used to
construct the projection operators for Phase 2.

Phase 2 - Semantic LoRA Training with OGP. In this phase, we train
the semantic-level LoRA { A, } while keeping both the pre-trained SD 6,4 and
the pixel-level FreqMoE (A6);;) frozen. The training objective combines three
complementary losses: £, loss to maintain pixel-level consistency, Lpips loss to
align high-level features with a pre-trained VGG for perceptual quality, and L ¢
loss to leverage semantic priors from the pre-trained SD for detail enhancement.
Detailed loss configurations are provided in Sec. 6 of the supplementary ma-
terials. Critically, during backpropagation, we employ the orthogonal gradient
projection (Sec. to all gradients flowing into the semantic LoRA B matrices,
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ensuring the semantic LoRA learns in a subspace orthogonal to the pixel-level
representations.

Inference. In the default setting, both the FreqMoE and semantic LoRA are
active, and the SR output is produced in a single forward pass via zyg =
21, — €6;,,(20). Our dual-LoRA design also supports an adjustable mode by
introducing pixel-level and semantic-level guidance scales Ap;; and Agep:

EQ(ZL) = /\piac €0pic (ZL) + )\sem(G(?fuzz (ZL) — €Opin (ZL))v (8)
where €, (21) is the output with only the FreqMoE active, and ey, (21) —
€0pin (z1) isolates the semantic-level contribution. Setting Apiz=>Asem=1 recovers
the default single-pass mode. This adjustable mode requires two forward passes
but enables controllable fidelity-perception trade-off without re-training.

4 Experiments

4.1 Experimental Settings

Training settings. We train FreqOrtho-SR using the SD 2.1-base [47] for the
x4 SR task. A pixel-level FreqMoE and semantic LoRA modules are applied
to the weights of all convolutional and MLP layers, both initialized using a
Gaussian distribution with a rank of 4. The FreqMoE uses N=4 experts with top-
k=2 routing, and the frequency band number is set to K=4 (d;=7). Following
recent methods [19}/51,/66},70], we use LSDIR [32] and the first 10K images from
FFHQ |24] dataset as training data. We generate paired training data using
RealESRGAN’s degradation pipeline [59]. The batch size and patch size are set
to 16 and 512x512. We use the AdamW optimizer [27| with a learning rate of
5e-5. We train Phase 1 and Phase 2 for 4K and 26K iterations, respectively.

Compared methods. We compare FreqOrtho-SR with several recent one-step
DM-based methods: AddSR [52|, SinSR [61], OSEDiff [66], MoR-DASR [19],
PiSA-SR [51], and TVT |70]. Additional comparisons with GAN-based methods
(BSRGAN [76], RealESRGAN [59], LDL [33]) and multi-step DM-based methods
(DiffBIR [35], PASD [69], SeeSR [67]) are provided in Sec. 7 and Sec. 8 of the
supplementary materials, respectively. All comparative results are obtained
from officially released codes.

Test datasets and metrics. Following prior work [19}/51], we test on both
synthetic and real-world data. Synthetic test samples are obtained by applying
RealESRGAN’s degradation pipeline [59] to DIV2K dataset |1]. Real-world data
are center-cropped from the RealSR [5] and DRealSR [64] datasets. To measure
fidelity, we use PSNR and SSIM [63], computed on the Y channel in YCbCr color
space. We also evaluate perceptual quality using LPIPS |78] and DISTS [10], both
computed in RGB space. FID [20] is used to evaluate the distribution similarity
between GT and SR images. For image quality assessment without reference
GT, we use NIQE [41], CLIPIQA [57], MUSIQ [25], and MANIQA [68].
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Table 1: Quantitative comparison among the state-of-the-art one-step DM-based SR
methods on synthetic and real-world test datasets. The best and the second-best results
are highlighted in red and blue, respectively. “-” indicates metrics not reported in the
original paper due to unavailable code.

Datasets Methods PSNRf SSIMt LPIPS] DISTS| FID, NIQE] CLIPIQAT MUSIQT MANIQA?T
AddSR 23.12 0.6550 0.3090 0.2703 154.14 6.66  0.5520 67.14 0.4880
SinSR 26.30 0.7354 0.3212 0.2346 137.05 6.31 0.6204 60.41 0.5389
OSEDiff 25.15 0.7341 0.2921 0.2128 123.50 5.65 0.6693 69.09 0.6339
RealSR \[oR-DASR  25.32 0.7280 0.2910 - - - 0.6910 69.78 0.512
PiSA-SR 25.50 0.7417 0.2672 0.2044 124.09 5.50  0.6702 70.15 0.6560
TVT 25.81 0.7596 0.2587 0.2061 109.93 5.92 0.6882 69.89 0.6228
FreqOrtho-SR 26.27 0.7481 0.2537 0.1951 108.91 5.32 0.6630 69.39 0.6586
AddSR 26.71 0.7380 0.3210 0.2631 164.79 7.72 0.5930 62.13 0.4580
SinSR 28.41 0.7495 0.3741 0.2488 177.05 7.02 0.6367 55.34 0.4898
OSEDiff 27.92 0.7835 0.2968 0.2165 135.29 6.49  0.6963 64.65 0.5899
DRealSR \oR-DASR  28.37 0.7760 0.3070 - - - 0.7170 65.94 0.5090
PiSA-SR 28.31 0.7804 0.2960 0.2169 130.61 6.20  0.6970 66.11 0.6156
TVT 28.27 0.7899 0.2900 0.2205 134.19 7.02 0.7220 65.56 0.5783
FreqOrtho-SR 29.08 0.7911 0.2799 0.2110 130.85 6.29 0.6879 65.89 0.6182
AddSR 23.26  0.5900 0.3620 0.2344 35.03 5.82 0.5730 63.39 0.4050
SinSR 24.43 0.6012 0.3262 0.2066 35.45 6.02 0.6499 62.80 0.5395
OSEDiff 23.72 0.6108 0.2941 0.1976 26.32 4.71 0.6683 67.97 0.6148
DIVZK \oR-DASR  24.01 0.6060 0.2890 - - - 0.6810 68.09 0.4750
PiSA-SR 23.87 0.6058 0.2823 0.1934 25.07 4.55 0.6927 69.68 0.6400
TVT 24.23 0.6292 0.2773 0.1860 24.78 5.60  0.6986 68.67 0.6037

FreqOrtho-SR 24.35 0.6189 0.2748 0.1889 23.54 4.63 0.6702 68.67 0.6355

4.2 Comparisons with State-of-the-Art Methods

Quantitative results. Table|l|compares the performance of our FreqOrtho-SR
with SOTA one-step DM-based SR methods across both synthetic and real-world
test datasets. From this comparison, we can make the following observations:

— First, our method demonstrates clear advantages over competing methods in
full-reference fidelity metrics, such as PSNR, and SSIM, as well as in percep-
tual quality metrics including LPIPS and DISTS. Notably, these advantages
are especially evident on the two real-world datasets, DRealSR and RealSR.

— Second, FreqOrtho-SR consistently performs well on non-reference metrics
like NIQE and MANIQA, which are widely recognized for evaluating real-
world ISR. Although PiSA-SR surpasses us on one non-reference metric
(MUSIQ), our performance on this metric remains comparable. This is sat-
isfactory given that we excel on most of the metrics listed in Table [T}

Notably, FreqOrtho-SR manages to achieve competitive results on both fidelity
and perceptual quality metrics, which is a significant challenge in real-world ISR.
This is achieved through our proposed components: Frequency-guided Mixture
of LoRA Experts and orthogonal gradient projection, in a two-phase training
setup that mimics a sequential task setup. Generally, there is no single method
that consistently improves performance at all metrics; results vary substantially
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Fig. 4: Visual comparisons of one-step DM-based SR methods. Zoom in for best view.

across metrics. In contrast, FreqOrtho-SR. achieves the best or second-best in
several cases, indicating substantial improvements in the real-world ISR field.

Qualitative results. Fig.[d] presents visual comparisons of FreqOrtho-SR with
SOTA one-step DM-based SR methods. AddSR and SinSR produce over-
smoothed textures, failing to recover fine-grained details. OSEDiff generates
more consistent outputs but with limited semantic details. While PiSA-SR.
and TVT can restore richer textures, they occasionally introduce visual ar-
tifacts or structural distortions. In contrast, FreqOrtho-SR reconstructs more
accurate structures (e.g., the sharp text in the first example) and produces
more natural, realistic details (e.g., the fine textures in the second example),
benefiting from frequency-guided expert learning that effectively disentangles
pixel-level and semantic-level enhancements. As described in Sec. [3] our dual-
LoRA design naturally supports an adjustable inference mode (Eq. (g)), enabling
controllable fidelity-perception trade-off via pixel-semantic guidance scales. De-
tailed adjustable SR experiments are provided in Sec. 9 of the supplementary
materials.

Complexity analysis. Table [2] re- Table 2: Complexity and perfor-
ports run time, model size, and repre- mance of one-step DM-based meth-
sentative metrics of recent SOTA meth- ods. Time on 128x128 inputs (A100).
ods on RealSR dataset. FreqOrtho-SR LPIPS/FID on RealSR. f: no code.

has same parameter count as PiSA-SR ~ Method Time (s) Params (B) LPIPS| FID|

(1.30 B); lower than OSEDIff (1.77B) and E)i;lg%ﬂ 8-3 (1];? 83;;1 gggg
TVT (172 B) For FLOPs/peak memory, MoR-DASR} B - 0:2910 R

PiSA-SR, TVT, and FreqOrtho-SR re- PiSASR 0.09 130 02672 124.09
quire 2.23T/3.00 GB, 2.97T/7.31 GB, and ¢ R R

2.25T/3.03 GB, respectively. Thus, our
activated compute and memory remain
close to PiSA-SR, while being much lower
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Table 3: OOD evaluation on RealLR200 (real-world, no GT). The image shows
an in-the-wild LR input (left) and our output (right).

Method NIQE| CLIPIQAt MUSIQt MANIQAT

PiSA-SR 4.00 0.6869 70.5058 0.6271
TVT 4.73 0.6909 70.5275 0.5954
Ours 3.90 0.6912 70.6040 0.6321

than TVT in memory. The additional inference time stems from FreqMoE rout-
ing: unlike a single LoRA that can merge into the base weights for free, MoE
structure requires computing top-k experts per token along with the lightweight
FFT-based gating, yielding a higher run time. Despite this overhead, FreqOrtho-
SR has comparable inference time compared to the current SOTA model TVT
while achieving the best LPIPS and FID among all compared methods,
yielding a favorable quality-efficiency trade-off. We note that MoE inference
overhead can potentially be reduced via expert pruning or structured sparsity
that we leave for future work.

OOD real-world evaluation. To further evaluate robustness to unknown real-
world degradations, we test on RealLR200 , a no-reference real LR benchmark
without ground-truth HR images. As shown in Table |3] FreqOrtho-SR achieves
the best no-reference scores among the strongest one-step baselines, supporting
its generalization beyond the RealESRGAN degradation pipeline.

4.3 Ablation Study

We conduct ablation studies on the RealSR dataset to validate all proposed com-
ponents of FreqOrtho-SR, (Table ) by progressively removing each component.
For a fair comparison, we run all experiments on the same standard settings.
Additional branch-design ablations, including applying FreqMoE to both the
pixel and semantic branches, are reported in Sec. 11 of the supplementary
materials.

FreqMoE with spatial-only gating (i.e., without frequency features) in the
second row already improves fidelity (PSNR 40.87 dB, SSIM +0.015), showing
the benefit of multi-expert capacity. Adding frequency-guided routing (first row)
further improves LPIPS and FID, confirming that FFT-based degradation sig-
natures provide a more discriminative routing signal than spatial features alone.
OGP (third row) also independently reduces FID, even without multi-expert
routing. The complete FreqOrtho-SR (last row), which combines FreqMoE and
OGP, achieves the best DISTS, FID, NIQE, and MANIQA scores among all
variants, with a slight PSNR trade-off as OGP constrains the semantic LoRA
to an independent subspace. The significant FID improvement confirms better
output distribution, validating that OGP effectively mitigates subspace-level re-
dundancy.
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Table 4: Ablations on the RealSR dataset. We validate the effectiveness of each pro-

posed component. The best results are highlighted in red.

MoE Freq OGP PSNRt SSIMt LPIPS, DISTS, FID| NIQE, MANIQA?T
NV x 263097 07520 02517 01968 11145 54812  0.6510
v x X 263718 07571 02584 02017 11835  5.678 0.6560
x x V261992 07432 02651 02021 11339 54390  0.6557
v vV 2627 07481 02537 01951 10891 53200  0.6586
Subspace orthogonality analysis. To directly ver- 17—~ -
ify that OGP enforces subspace independence and ex- = N aat
plain the perceptual gains when adding OGP to Fre- .
gMoE in Table [] (row 1 vs. last row), we measure / = Voer
. CUPTAWD 1
the per-layer projection energy ratio AWz "
. . H .se'/nHF
which quantifies how much of the semantic LoRA ° R T e

weights lie within the pixel-level subspace (lower is
better). As shown in Fig. |5 the overlap without OGP
is highly non-uniform: the output layer reaches 87%

Fig.5: Per-layer projec-
tion energy ratio onto the
pixel-level subspace.

and encoder attention layers up to 32%, meaning nearly all semantic capacity
at those layers redundantly duplicates pixel-level features. OGP suppresses the
overlap to near-zero across all 258 layers, confirming that the semantic LoRA
learns in a truly independent subspace, thereby improving perceptual metrics
DISTS, FID, NIQE, and MANIQA simultaneously.

5 Conclusion

We propose FreqOrtho-SR, a one-step diffusion framework that introduces two
novel principles for real-world image super-resolution. FreqMoE introduces fre-
quency-domain degradation signatures as a principled routing signal for ex-
pert specialization, yielding stable and interpretable gating without additional
learned feature extractors. OGP bridges continual learning with multi-objective
SR optimization, providing a provable orthogonality guarantee that moves be-
yond simple parameter freezing. Together, these contributions demonstrate a
strong fidelity-perception balance across RealSR, DRealSR, and DIV2K, with
competitive or best performance on key metrics among one-step diffusion meth-
ods.
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