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Figure 1. Residual Denoising Diffusion Models (RDDM) are diffusion models that learn the residual mapping between degraded source
domains and clean target domains. In contrast, our method constrains the residual within a low-rank subspace, yielding more compact
semantic representations and significantly more efficient sampling.

Abstract

Residual diffusion models have achieved remarkable
progress in image restoration tasks. In near-domain trans-
formations such as image deraining, however, we observe
that the residuals exhibit an inherent low-rank structure.
Motivated by this property, we propose the Low-Rank
Residual Diffusion Model (LRDM), which performs diffu-
sion within a compact low-rank residual subspace for ef-
ficient and structure-preserving restoration. We formal-
ize this observation as the Low-Rank Residual Assump-
tion and show that the variational lower bound becomes
tighter when residuals lie in a low-rank space. Building
on this insight, we introduce an Asymmetric Residual Dif-
fusion Process that constrains the forward process in the
low-rank domain while maintaining full-rank flexibility in
the reverse process. To accommodate the varying complex-
ity of residuals across diffusion timesteps, we further intro-
duce an Adaptive Rank Selection mechanism that dynam-
ically adjusts the rank during the diffusion process. Ex-
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periments on deraining, deblurring, and deshading bench-
marks show that LRDM surpasses full-rank diffusion base-
lines and achieves state-of-the-art performance, validating
the advantage of modeling diffusion in a low-rank residual
space. Project Page: https://github.com/JF-Tan/LRDM.

1. Introduction
Diffusion models [17, 39, 41–43] have emerged as a cor-

nerstone of modern generative modeling, achieving state-
of-the-art results in diverse domains such as text-to-image
synthesis [37], image editing [2, 32], and computational
photography [25]. Their iterative denoising process enables
the generation of photorealistic images with unprecedented
diversity and fidelity.

A particularly active line of research leverages condi-
tional diffusion models for image-to-image (I2I) transfor-
mations [18, 58], especially for image restoration tasks.
These tasks—such as deraining [8, 14], deblurring [33, 48],
and deshading [20, 40]—aim to reconstruct clean images
from degraded inputs. We denote the pixel-wise difference
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between the degraded domain and the clean domain as the
residual. Recent advances have proposed various strategies
to improve diffusion-based restoration. RDDM [27] intro-
duces a residual-learning formulation within the diffusion
process, while DiffUIR [56] adopts a selective hourglass
pathway to handle multiple degradations, and DeblurDiff
[21] predicts latent blur kernels to guide deblurring. How-
ever, in many practical restoration scenarios, the source and
target domains are already highly similar in pixel space.
We refer to such settings as near-domain restoration tasks,
where the underlying residuals are intrinsically sparse and
lie in a low-dimensional subspace. When diffusion is per-
formed directly in this sparse residual space using standard
full-rank formulations, the generative process must explore
a largely empty semantic space, which makes sampling less
efficient and can hinder stable reconstruction.

This observation suggests that explicitly modeling the
low-dimensional structure of residuals may provide a more
suitable inductive bias for near-domain restoration tasks.
We propose the Low-Rank Residual Diffusion Model
(LRDM), a novel generative paradigm for sparse residual
spaces in near-domain restoration tasks as shown in Fig.
1. To provide a rigorous mathematical foundation, we
first establish the Low-Rank Residual Hypothesis, demon-
strating theoretically that confining the residual distribution
to a low-rank subspace yields a tighter Variational Lower
Bound (VLB). Grounded in this insight, LRDM introduces
an Asymmetric Residual Diffusion Process. Specifically,
the forward noise-injection process is strictly constrained
to the low-rank manifold to prevent isotropic noise from
polluting background invariants, while the reverse gener-
ative process is relaxed to the full-rank space to maintain
high-fidelity reconstruction flexibility. Furthermore, to ac-
commodate the dynamic nature of the diffusion trajectory,
we design an Adaptive Rank Selection (ARS) mechanism.
ARS dynamically calibrates the subspace rank across vary-
ing timesteps, ensuring that the model’s representational ca-
pacity optimally aligns with the evolving structural com-
plexity of the residuals.

Our contributions are summarized as follows:

(1) We reveal and theoretically justify the low-rank
structure of residuals in near-domain restoration tasks,
showing that a low-rank diffusion space yields a tighter
variational bound.

(2) We introduce LRDM, a diffusion framework with
Adaptive Rank Selection that dynamically adjusts residual
rank throughout the diffusion process.

(3) Experiments on deraining, deblurring, and deshading
show that LRDM delivers state-of-the-art fidelity and detail
while using fewer sampling steps than full-rank diffusion
models.

2. Related Work

2.1. Image Restoration
Image restoration aims to reconstruct clean, high-quality

images from degraded observations. Classical approaches
typically rely on hand-crafted priors such as non-local self-
similarity [3], or gradient-domain statistics [22]. With the
rise of deep learning, convolutional networks have become
the dominant paradigm for tasks such as deraining [14, 53],
deblurring [33, 44], and deshading [16]. These methods
learn direct mappings from degraded to clean images, but
often struggle to generalize to diverse degradations or han-
dle fine-grained spatially varying artifacts.

More recent models introduce implicit priors via neu-
ral architectures, such as transformer-based restoration [52]
and kernel-modulated networks for deblurring [55]. Al-
though these models achieve strong performance, they re-
main constrained by deterministic one-shot prediction and
lack the generative flexibility required to preserve uncer-
tainty and fine-scale structures. This motivates the shift
toward more expressive generative frameworks for restora-
tion.

2.2. Diffusion Models for Image Restoration
Diffusion models have recently become a powerful tool

for image restoration due to their strong generative priors
and stable likelihood training [17, 41]. Early works adapt
diffusion models to inverse problems by integrating classi-
cal degradation operators into the generative process, such
as DDRM [20], DPS [11], and Palette [40]. These ap-
proaches exploit score-based sampling but still operate in
the full image space, requiring large numbers of sampling
steps to converge.

Subsequent improvements introduce task-specific struc-
tures. Whang et al. propose stochastic deblurring via diffu-
sion with learned noise priors [48], while RDDM [27] for-
mulates a residual-guided diffusion process to emphasize
degradation-specific components. DiffUIR [56] deploys a
selective hourglass architecture for multi-type degradations,
and DeblurDiff [21] predicts latent blur kernels to guide re-
verse sampling. Despite their diverse model designs, all
these methods retain a full-rank generative process, mean-
ing the diffusion model repeatedly operates in the complete
pixel or latent space. The residuals between domains are, in
fact, sparse for near-domain tasks, predominantly exhibit-
ing an inherent semantic pattern.

For near-domain restoration tasks, executing the dif-
fusion process within a full-rank space introduces exces-
sive degrees of freedom into the residual semantic space
learned by the model. Addressing this long-overlooked in-
efficiency, this paper proposes a solution: replacing the full-
rank core process with a low-rank residual diffusion mecha-
nism specifically tailored for near-domain restoration tasks.
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2.3. Low-Rank Methods in Vision
Low-rank modeling has a long-standing history in com-

puter vision. Traditional matrix decomposition meth-
ods—such as PCA, RPCA [5], and low-rank matrix com-
pletion [4]—have been widely applied in video denoising,
background subtraction, shadow removal, and image align-
ment. These approaches leverage the observation that many
visual signals lie near low-dimensional subspaces, espe-
cially when the variation is shallow or structured.

In image restoration, low-rank assumptions have been
used to capture patch redundancy [24], enforce structural
consistency [15], or model global correlations in degraded
images [54]. With deep learning, low-rank priors also ap-
pear in network compression, feature disentangling, and
generative modeling [12, 57]. Among diffusion-based
restoration methods, [34] represents the first attempt to
deeply integrate low-rank priors into the diffusion pipeline,
focusing specifically on the spectral low-rank property of
hyperspectral images.

Our work introduces a novel perspective: in near-
domain restoration, degradation residuals are inherently
low-rank. By modeling diffusion within this subspace—via
an asymmetric formulation and adaptive rank selec-
tion—we provide a principled, efficient alternative to ex-
isting diffusion paradigms.

3. Low-rank Residual Diffusion Models
3.1. Preliminary of Residual Diffusion Models

Residual Denoising Diffusion Models (RDDM) follow
the standard paradigm of diffusion models [17, 41], which
are typically defined by a forward diffusion process and the
corresponding reverse denoising process. The forward pro-
cess is a Markov Chain with a Gaussian transition in which
data are gradually corrupted by Gaussian noise accord-
ing to the variance schedules {αt, βt}Tt=1 : q(It|It−1) :=
N (It; It−1 + αtIres, β

2
t I), where {It}Tt=1 are latent vari-

ables having the same dimensionality as data I0 ∼ q(I0).
The term Iin denotes the degraded source domain image,
and Ires = Iin − I0 represents the domain gap, or residual,
between the source and target domains. One notable prop-
erty is that the forward process enables closed-form sam-
pling of It at any desired timestep t:

It = I0 + ᾱtIres + β̄tϵ, ϵ ∼ N (0, I), (1)

where ᾱt =
∑t

i=1 αi and β̄t =
√∑t

i=1 β
2
i . If t = T ,

ᾱT = 1 and IT = Iin+ β̄T ϵ. The reverse process is another
Markov Chain defined as:

q(It−1|It, I0, Ires) = N (It−1; I0 + ᾱt−1Ires

+
√

β̄2
t−1 − σ2

t

It − (I0 + ᾱtIres)

β̄t
, σ2

t I),
(2)

where σ2
t = ηβ2

t β̄
2
t−1/β̄

2
t and η controls whether the gen-

eration process is random (η = 1) or deterministic (η = 0).
And using network to parameterize: Iθ0 = It − ᾱtI

θ
res −

β̄tϵθ:

It−1 =It − (ᾱt − ᾱt−1)I
θ
res

− (β̄t −
√

β̄2
t−1 − σ2

t )ϵθ + σtϵt.
(3)

Thus, we can define pθ(It−1|It) :=
qθ(It−1|It, Iθ0 , Iθres). The goal of RDDM is to optimize
the KL divergence DKL(q(It−1|It, I0, Ires)∥pθ(It−1|It)),
resulting in the following two loss terms:

E[∥Ires − Iθres(It, t, Iin)∥2], (4)

E[∥ϵ− ϵθ(It, t, Iin)∥2], (5)

where the training input image It is synthesized using I0,
Ires, and ϵ by Eq. (1).

3.2. The Low-Rank Residual Hypothesis
Empirically (see Figs. 2 and 3), the residual between

degraded and clean images exhibits a rapidly decaying
singular-value spectrum: most energy is concentrated in a
small number of leading components. As shown in Fig. 2,
we observed that the specific residuals exhibit low-rank
characteristics, i.e., a typical degradation pattern. Further-
more, the result of SVD decomposition and reconstruction
using only a portion of the low-rank data is not significantly
different from the original image.

Hypothesis 1 (Low-Rank Residual Hypothesis)

Let Ires ∈ RD denote the residual, with an un-
centered covariance matrix Σ = E[IresI⊤res]. We
hypothesize that for near-domain restoration, the
eigenvalues of Σ (λ1 ≥ · · · ≥ λD ≥ 0) exhibit
a rapid spectral decay. Consequently, there exists a
rank-k subspace Sk (k ≪ D) spanning the principal
components, such that the projection error is tightly
bounded by an arbitrarily small threshold ϵ > 0:

E
[
∥Ires −Qk(Ires)∥22

]
=

D∑
i=k+1

λi ≤ ϵ, (6)

where Qk is the orthogonal projection onto Sk. In
the ideal near-domain limit (ϵ → 0), the orthogonal
complement vanishes: Q⊥

k (Ires) = 0.

Concretely, based on this assumption, we will explore
the differences and connections between full-rank and low-
rank models in residual diffusion models. Suppose Q is a
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(a) Clean target (b) Rainy input (c) Residual (d) Residual (k=50) (e) Reconstructed (k=50) (f) Residual (k=100) (g) Reconstructed (k=100)

Figure 2. Visual comparisons of residual analysis and low-rank reconstruction with different ranks on the Raindrop dataset (image size
512×512). Columns (a)–(b) show the clear ground truth and rainy input images; (c) shows their residual; (d)–(e) and (f)–(g) present low-
rank residuals and reconstructed images obtained via truncated SVD with k=50 and k=100, respectively.

Figure 3. Joint visualization of singular values, their magnitude
derivative, and cumulative magnitude ratio of the residual matrix
between rainy and clean images. The sharp decay of singular val-
ues and the early saturation of the cumulative magnitude (≈ 90%
within the top 10 ranks) indicate that most structural information
is contained in a small number of dominant components, confirm-
ing the strong low-rank property of the residual signal. Results are
averaged over samples from the Raindrop dataset with an image
size of 512×512.

mapping from the original residual to the low-rank space
Sk. Therefore, we have Q(Ires) = Ires, Q⊥(Ires) = 0,
where Q⊥ is a mapping from the original residual to the
complement of the low-rank space Sk. We project It − I0
onto two orthogonal subspaces:

It,k ≜ Qk(It − I0)

= Qk(ᾱtIres + β̄tϵ)

= ᾱtIres + β̄tQk(ϵ),

(7)

I⊥t,k ≜ Q⊥
k (It − I0)

= Q⊥
k (ᾱtIres + β̄tϵ)

= β̄tQ
⊥
k (ϵ).

(8)

We observe that the q(It|I0, Ires) process naturally de-
composes into two independent Markov chains: (1) An
RDDM process q(It,k|I0, Ires) in the Sk space containing
all information of Ires; (2) A standard DDPM (pure noise)
process q(I⊥t,k) in the S⊥

k space containing no information
of Ires, starting from I⊥0,k = 0. Therefore, the true data dis-
tribution q(It|I0, Ires) can be written as: q(It|I0, Ires) =
q(It,k|I0, Ires) ·q(I⊥t,k). Similarly, the posterior distribution
q(It−1|It, I0, Ires) can also be decomposed as:

q(It−1|It, I0, Ires) = q(It−1,k|It,k, I0, Ires)·q(I⊥t−1,k|I⊥t,k).
(9)

Thus, the variational loss Lt−1 can be expressed as [17]:

Lt−1 = Eq(I0,It)
[DKL(q(It−1|It, I0, Ires)||pθ(It−1|It))]

= Eq [DKL(q(It−1,k|It,k, I0, Ires)||pθ(It−1,k|It))]
+ Eq

[
DKL(q(I

⊥
t−1,k|I⊥t,k)||pθ(I⊥t−1,k|It−1,k, It))

]
.

(10)
We decompose the above equation into Lt−1 = Lt−1,k(θ)+
L⊥
t−1,k(θ). According to the fundamental property of KL

divergence, we know that DKL(·||·) ≥ 0. Therefore, the
second term L⊥

t,k(θ) (i.e., the loss in the noisy space S⊥
k ) as

an expectation must be a non-negative value:

L⊥
t−1,k(θ) = Eq [DKL(. . . )] ≥ 0. (11)

This means that the total loss Lt of the full-rank model has
a lower lower bound, namely Lt−1,k(θ):

Lt−1(θ) = Lt−1,k(θ) + L⊥
t−1,k(θ) ≥ Lt−1,k(θ). (12)
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(a) (b)

Figure 4. (a) Rank evolution curves over time t, including lin-
ear (lin increase, lin decrease) and polynomial (poly increase,
poly decrease with p = 3) trends, scaled to maximum rank 256;
(b) Rank evolution k(t) over time t for polynomial envelope func-
tions with p = 1, 2, 3, 4, 5, showing increase and decrease trends,
scaled to maximum rank 256.

Recall that optimizing a diffusion model entails maximiz-
ing the Variational Lower Bound (VLB), which is math-
ematically equivalent to minimizing the variational loss
Lt−1. Since Lt−1,k(θ) represents the exact loss evaluated
solely on the informative low-rank space Sk, the inequality
Eq. (12) provides a profound theoretical guarantee: under
the Low-Rank Residual Hypothesis, restricting the genera-
tive process to the low-rank subspace intrinsically yields a
strictly tighter VLB.

3.3. Asymmetry Residual Diffusion Process
Based on our low-rank residual hypothesis, instead of

modeling the residuals Ires in the whole space RD, we re-
define the diffusion process in a subspace of low-rank k-
dimensional Sk with low-rank residuals I(k)res ≜ Qk(Ires).

The forward process is a Markov chain whose Gaus-
sian transition mean is constrained in a low-rank space:
q(It|It−1) := N (It; It−1 + αtI

(k)
res, β2

t I). The sample It
(i.e., Eq. (1)) at any t time can be rewritten as:

It = I0 + ᾱtQk(Ires) + β̄tϵ, ϵ ∼ N (0, I), (13)

where ᾱt =
∑t

i=1 αi and β̄t =
√∑t

i=1 β
2
i . When t = T ,

ᾱT = 1 and IT = Iin + β̄T ϵ.
Although the forward noise addition process is low-rank,

It itself is still full-rank due to the presence of the isotropic
noise term β̄tϵ. Therefore, the true posterior probability is
still full-rank. q(It−1 | It, I0, I

(k)
res) is a full-rank Gaus-

sian with isotropic covariance determined by the forward
noise schedule. Therefore, forcing the learned reverse ker-
nel pθ(It−1 | It) to lie in the low-rank subspace Sk would
induce a fundamental model mismatch: a low-rank parame-
terization cannot represent the full-rank posterior and would
necessarily discard components required to match the true
conditional distribution.

To avoid this mismatch, LRDM adopts an asymmetric
design: the forward process injects signal only in Sk (regu-
larizing the learned signal prior), while the reverse model pθ

remains unrestricted and operates in the full ambient space
RD. This design preserves the expressivity needed to ap-
proximate the full-rank posterior while benefiting from the
tighter variational bound and inductive bias induced by the
low-rank forward signal.

3.4. Adaptive Rank Selection Strategies
The Asymmetry Residual Diffusion Process introduced

above implicitly assumes a fixed rank for the residual sub-
space throughout the forward process. This assumption
is overly restrictive: the structural statistics of an image
evolve over timesteps—early transitions are dominated by
coarse, high-energy components, whereas later stages em-
phasize finer details and noise-like variations. To accom-
modate this progression, we decompose the residual repre-
sentation Ires into subspaces of time-varying dimensionality
and introduce a rank schedule k(t) that adapts to the evolv-
ing diffusion dynamics. The forward diffusion process can
be further rewritten using the time-dependent low-rank pro-
jection:

It = I0 + ᾱtQ
(t)
k (Ires) + β̄tϵ, ϵ ∼ N (0, I). (14)

As illustrated in Fig. 4, we propose a family of adap-
tive rank selection strategies that parameterize the rank at
each timestep t ∈ [0, T ] as a deterministic function of time.
These schedules allow the model to flexibly modulate the
low-rank constraint in accordance with the semantic com-
plexity at different diffusion stages. We investigate four
representative strategies:

Linear Increasing (LI): The rank grows linearly with
time, gradually introducing higher-rank components as the
process progresses. This schedule is defined as:

kLI(t) =

⌈
t

T
·Rm

⌉
, (15)

where t is the current timestep, T is the total number of
timesteps, Rm is the maximum rank value, and ⌈·⌉ denotes
the ceiling function.

Linear Decreasing (LD): The rank starts high and
decreases linearly, prioritizing global and low-frequency
structures in early stages while imposing stronger low-rank
regularization later. Its formulation is:

kLD(t) =

⌈(
1− t

T

)
·Rm

⌉
. (16)

Polynomial Increasing (PI): The rank follows a non-
linear growth curve, maintaining a low-rank approximation
for most of the diffusion process and rapidly increasing rank
near the end. It is derived from a polynomial envelope func-
tion:

envelope(d; p) = 1 + a · dp + b · dp+1 + c · dp+2, (17)
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(a) Input (b) Ground truth (c) Restormer (d) X-Restormer (e) Diff-Plugin (f) RDDM (g) LRDM

Figure 5. Visual comparison of deraining results on the Raindrop [35] and Rain1400 [14] datasets. Columns (a)–(b) show the rainy
inputs and ground-truth clean images. Columns (c)–(f) present the outputs of representative baselines, including Restormer, X-Restormer,
Diff-Plugin, and RDDM. Column (g) shows the results of our proposed LRDM. Across both datasets, LRDM produces cleaner structures,
sharper textures, and more faithful restoration in challenging regions (e.g., water-streak areas and high-frequency details), demonstrating
its effectiveness in modeling informative low-rank residuals within the diffusion framework.

Raindrop Removal (Raindrop) Deraining (Rain1400)

Method PSNR↑ SSIM↑ Method PSNR↑ SSIM↑

AttentGAN [35] 31.59 0.917 Uformer [47] 32.84 0.931
Quanetal et al. [36] 31.37 0.918 Restormer [52] 33.68 0.939
IDT [50] 31.87 0.931 DRSformer [8] 33.66 0.939
UDR-S2 [7] 32.64 0.942 UDR-S2 [7] 33.08 0.930
Restormer [52] 31.67 0.958 AirNet [23] 32.36 0.928
NAFNet [6] 31.03 0.952 DA-CLIP [30] 29.67 0.851
MPerceiver [1] 33.21 0.929 NAFNet [6] 32.38 0.943
RainDiff64* [52] 32.29 0.942 MPerceiver [52] 33.40 0.937
RainDiff128 [6] 32.43 0.933 EMResformer [6] 32.93 0.936
RDDM [27] 32.51 0.956 RDDM [27] 32.21 0.952
LRDM (Ours) 33.09 0.967 LRDM (Ours) 34.39 0.954

Table 1. Quantitative comparison (PSNR/SSIM) on Raindrop and
Rain1400 datasets. Bold text represents the best result, and hori-
zontal lines represent the second-best result.

where d = t/T (normalized timestep), p is the polynomial
exponent, and coefficients are a = − (p+1)(p+2)

2 , b =

p(p+ 2), c = −p(p+1)
2 . The rank evolution is:

kPI(t; p) =

⌈(
1− envelope

(
t

T
; p

))
·Rm

⌉
. (18)

Polynomial Decreasing (PD): The inverse of PI, where
the rank starts high and decays polynomially, emphasiz-
ing high-rank reconstruction early and enforcing rapid com-
pression as the diffusion stabilizes. Using the same enve-
lope function, its expression is:

kPD(t; p) =

⌈
envelope

(
t

T
; p

)
·Rm

⌉
. (19)

These adaptive schedules enable the diffusion model
to flexibly balance low-rank structure preservation and
high-frequency detail reconstruction throughout the pro-
cess. Empirically, we find that the choice of scheduling
function significantly influences both convergence stability
and perceptual quality in Tab. 4, suggesting that rank dy-
namics play a crucial role in regulating the flow of informa-
tion between different subspaces.

Method RealBlur-J RealBlur-R

PSNR SSIM PSNR SSIM

Restormer [52] 28.96 0.878 36.19 0.957
X-Restormer [9] 28.87 0.878 36.27 0.958
HI-Diff [10] 29.15 0.889 36.28 0.958
UFPNet [13] 29.87 0.884 36.25 0.952
AdaRevD [31] 30.12 0.894 36.53 0.957

DiffBIR [26] 26.92 0.745 32.60 0.849
OSEDiff [49] 26.83 0.801 33.54 0.905
Diff-Plugin [29] 25.77 0.771 32.64 0.849
FideDiff [28] 28.96 0.869 36.01 0.942
LRDM (Ours) 30.21 0.933 37.92 0.976

Table 2. Quantitative comparison on RealBlur-J and RealBlur-R.

4. Experiments and Analysis

4.1. Datasets and Metrics
We evaluate our Low-Rank Residual Diffusion Models

(LRDM) with adaptive rank modulation across a diverse
set of vision restoration tasks to demonstrate its robustness
and generalization ability. For image deraining, we use the
Raindrop [35] and Rain1400 [14] datasets. Image deblur-
ring experiments are conducted on GoPro [33], RealBlur-J
[38], and RealBlur-R [38]. For shadow removal, we adopt
the ISTD dataset [45]. For image inpainting, we adopt the
CelebA-HQ dataset [19]. These datasets cover both syn-
thetic and real-world degradations, providing a comprehen-
sive testbed for evaluating the effectiveness of our method.

Following standard evaluation protocols [27], we report
restoration fidelity and structural quality using PSNR and
SSIM [46].

4.2. Quantitative Comparison
We evaluate LRDM against recent state-of-the-art meth-

ods on two deraining benchmarks (Raindrop [35], Rain1400
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(a) (b)

(c) (d)

(e) (f)

Figure 6. Analysis of PSNR/SSIM versus rank on (a) Raindrop,
(b) Rain1400, (c) ISTD, (d) GoPro, (e) RealBlur-J, and (f) CelebA-
HQ. Across all datasets, our method achieves optimal performance
at medium ranks, consistently outperforming the full-rank base-
line. This demonstrates that an appropriate low-rank constraint in-
troduces a beneficial inductive bias, effectively enhancing restora-
tion across diverse degradation types and domains.

Figure 7. Comparison of image restoration results under different
fixed rank settings and without low rank (w.o. LR), where GT is
the ground truth image, Input is the input image, r represents the
rank, and PSNR values are used to evaluate the quality of each
restoration result.

[14]) and two real-world deblurring benchmarks (RealBlur-
J [38], RealBlur-R [38]). PSNR and SSIM are used as the
evaluation metrics; higher values indicate better restoration.

Tab. 1 summarizes the quantitative results on Rain-
drop and Rain1400. On Raindrop, LRDM achieves the

best SSIM (0.967) and the second-highest PSNR (33.09
dB), while ranking first among all diffusion-based mod-
els. On Rain1400, LRDM delivers the best overall perfor-
mance, achieving 34.39 dB PSNR and 0.954 SSIM, again
surpassing all diffusion-based baselines as well as trans-
former/CNN methods. These results highlight that enforc-
ing a low-rank constraint on the residual pathway enables
diffusion models to better preserve structures and suppress
irrelevant high-frequency noise.

Tab. 2 summarizes results on RealBlur-J and RealBlur-
R. LRDM obtains the best reported scores in our compar-
isons (30.21 dB PSNR / 0.933 SSIM on RealBlur-J and
37.92 dB PSNR / 0.976 SSIM on RealBlur-R). Compared to
several diffusion-based methods, LRDM shows noticeable
improvements; against top non-diffusion baselines the mar-
gins are smaller but still positive. Overall, the quantitative
results indicate that low-rank residual modeling is broadly
effective across both synthetic and real degradations.

As shown in Fig. 5, we provide a visual comparison
with representative baseline methods on the Raindrop and
Rain1400 datasets. The results show that LRDM removes
rain streaks while better preserving background details.

4.3. Fixed-rank Ablation
We first study the effect of using a fixed low-rank ap-

proximation for the residual across multiple datasets. Fig. 6
plots PSNR/SSIM as a function of rank for Raindrop,
Rain1400, ISTD, GoPro, RealBlur-J and CelebA-HQ. A
consistent pattern emerges: performance rises rapidly from
very low ranks, peaks in a mid-range, and then saturates or
slightly declines toward full rank.

For example, on Raindrop PSNR increases from 31.7 dB
(rank 10) to a peak near 33.03 dB (rank 80), then slightly
drops at full rank. Rain1400 shows a similar behaviour with
an optimum near rank 100. ISTD and GoPro follow the
same trend though with different saturation points. These
observations support the hypothesis that a modest low-
rank subspace captures most task-relevant residual structure
while suppressing redundant noise. The qualitative results
in Fig. 7 further confirm this finding. We can intuitively
see that a fixed low rank (e.g., r=20 or r=40) is sufficient to
achieve recovery performance comparable to, or even better
than, a full-rank (w.o. LR) baseline in terms of PSNR.

4.4. Adaptive Rank Modulation
Motivated by the fixed-rank findings, we evaluate adap-

tive rank schedules that vary k(t) over diffusion timesteps.
We compare four representative schedules: Linear Increas-
ing (LI), Linear Decreasing (LD), Polynomial Increasing
(PI) and Polynomial Decreasing (PD).

Tab. 3 reports the summary on Raindrop and Rain1400.
Dynamic schedules consistently outperform fixed-rank
baselines, with the polynomial-decreasing (PD) schedule
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Modulation
Raindrop Rain1400

PSNR SSIM PSNR SSIM

lin increase 32.95 0.9670 33.01 0.9535
lin decrease 32.92 0.9668 32.79 0.9534
poly increase 32.69 0.9650 32.88 0.9516
poly decrease 33.03 0.9669 33.39 0.9540

Table 3. Performance comparison of different modulation rank
methods on Raindrop [35] and Rain1400 [14] datasets.

Modulation and Orders
Raindrop Rain1400

PSNR SSIM PSNR SSIM

poly decrease

(p=1) 32.57 0.9651 34.39 0.9542
(p=2) 33.09 0.9670 33.54 0.9538
(p=3) 33.03 0.9669 33.39 0.9540
(p=4) 32.92 0.9666 33.22 0.9535
(p=5) 33.03 0.9667 33.34 0.9538

poly increase

(p=1) 32.74 0.9664 32.94 0.9541
(p=2) 32.83 0.9663 32.97 0.9534
(p=3) 32.69 0.9650 32.88 0.9516
(p=4) 32.56 0.9639 33.11 0.9501
(p=5) 32.48 0.9615 33.60 0.9481

Table 4. Performance comparison of different polynomial dy-
namic scheduling orders on Raindrop and Rain1400 datasets.

(specifically at p = 3) producing the best overall balance.
PD reaches 33.03 dB / 0.9669 SSIM on Raindrop and 33.39
dB / 0.9540 SSIM on Rain1400.

We further analyze the effect of the polynomial order p
in Tab. 4. In practice, lower-order schedules yield better
performance, providing an effective balance between early-
stage low-rank regularization and sufficient capacity for de-
tail recovery in later steps. This pattern indicates that a
mildly decreasing rank schedule (with respect to the diffu-
sion timesteps) aligns best with the diffusion process’s in-
herent coarse-to-fine progression.

4.5. Sampling Steps and Efficiency

We assess rank modulation under different sampling
steps on Rain1400. As shown in Fig. 8, low-rank configura-
tions—particularly the PD schedule—achieve higher PSNR
in the small-step regime (1–3 steps) compared with higher-
rank LRDM variants that use more sampling steps. Re-
markably, PD attains 34.65 dB with only 2 sampling steps,
even surpassing some full-rank configurations that rely on
larger sampling budgets. As expected, this advantage nar-
rows as the number of steps increases, but within the prac-
tical low-step regime (≤ 5), adaptive low-rank modulation
offers a compelling balance between quality and efficiency.

Figure 8. PSNR performance versus sampling steps on the
Rain1400 dataset. Our adaptive polynomial modulation strategy
achieves significantly higher PSNR at few sampling steps (1-5)
compared to fixed-rank models, demonstrating superior conver-
gence speed.

Model Rain1400 GoPro ISTD
PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑

RDDM [27] 32.21 0.952 32.40 0.963 30.13 0.956
RDDM + Low-Rank 33.30 0.954 32.48 0.927 30.15 0.958

ResShift [51] 25.41 0.713 26.38 0.803 24.92 0.719
ResShift + Low-Rank 25.44 0.716 27.18 0.809 25.23 0.724

Table 5. Ablation study on the feasibility of the proposed low-rank
space across three datasets. Low-rank constraints improve PSNR
across all datasets and maintain competitive SSIM.

4.6. Ablation on Low-Rank Feasibility
To validate the general applicability of low-rank con-

straints, we integrate our low-rank module into two dif-
ferent baselines [27, 51] and evaluate on Rain1400, GoPro
and ISTD shown in Tab. 5. Adding the low-rank constraint
improves PSNR/SSIM for diffusion-based baselines, with
only a slight trade-off in GoPro’s SSIM. For ResShift the
gains are more varied across datasets but remain positive
overall. These controlled experiments indicate that the pro-
posed low-rank space is a generally useful inductive bias for
near-domain restoration.

5. Conclusion
We presented Low-Rank Residual Diffusion Model

(LRDM), a diffusion framework that models the restoration
process within a low-rank residual subspace. By constrain-
ing diffusion dynamics and adaptively adjusting the rank
across timesteps, LRDM achieves efficient and structure-
preserving image restoration. This work reveals the in-
trinsic low-rank nature of near-domain transformations and
provides a new perspective for designing efficient and inter-
pretable diffusion models.
Limitation: We acknowledge that our low-rank hypothesis
inherently relies on the near-domain assumption. There-
fore, LRDM’s applicability is currently restricted in far-
domain tasks with extreme structural deformations.
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