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1. Implementation Details

All experiments utilize frozen diffusion backbones identi-
cal to those in DDRM [1]. We employ publicly available
UNet architectures at 256 × 256 resolution, the standard
checkpoints for LSUN-Bedroom and LSUN-Cat, and the
OpenAI/Guided-Diffusion models for ImageNet.

1.1. Sampling configuration
Following DDRM, we sample from a uniformly spaced
subset of the T = 1000 pretraining timesteps. We per-
form K = 20 neural function evaluations (NFEs) per im-
age through linear subsampling of the original schedule.
Through hyperparameter grid search, we identify optimal
values of η = 0.80 for the stochasticity parameter and
ηb = 1.0 for the measurement-blending parameter. Com-
pared to DDRM’s default η = 0.85, our reduced stochastic-
ity consistently improves performance with correlated noise
while preserving perceptual quality.

1.2. Degradation models
We adopt the standard linear measurement model

y = Hx+ n, (1)

with pixel values normalized to [0, 1]. The forward op-
erators H are defined as follows. For denoising, we set
H = I (identity operator). For deblurring, we apply sep-
arable 1D kernels along horizontal and vertical axes with
three blur types: (i) uniform box filter with length 9 (ef-
fective 9 × 9 PSF), (ii) isotropic Gaussian blur with 5-tap
kernel (σ = 10 in code units), and (iii) anisotropic Gaus-
sian blur with orthogonal 9-tap kernels of differing spreads
(σx = 20, σy = 1). To address ill-posedness, singular
values below 3 × 10−2 are set to zero following standard
deblurring implementations. For super-resolution, we em-
ploy block-averaging downsamplers with scale factors 2×
and 4×, applied independently along each spatial dimen-
sion. All operators act on [0, 1]-normalized images and re-
main fixed across all compared methods.

1.3. Correlated noise generation and whitening
We model synthetic correlated noise using the covariance
structure

Σsynth = σ2(I + αB) + εI, (2)

where B is a symmetric banded adjacency matrix with non-
zeros on selected off-diagonals. To maintain computational
efficiency, correlation and whitening are applied to non-
overlapping 8×8 patches per channel. For patch size p = 8
and dimension d = p2 = 64, we instantiate a d× d covari-
ance matrix Σ and compute its Cholesky factor L and sym-
metric inverse square-root W = Σ−1/2. Correlated noise
samples are generated as n = Lz where z ∼ N (0, I), and
whitening is performed via W such that WΣW⊤ = I .

1.4. Blind covariance estimation from noisy images
When dark frames are unavailable, we estimate the cor-
related noise covariance Σ directly from noisy images by
leveraging low-content regions.

Patch extraction and low-content selection. We use p×
p patches and estimate the noise covariance independently
per color channel, matching our patchwise whitening im-
plementation. Given a noisy image y, we extract patches
and rank them using a lightly smoothed image

yscore = G(y), (3)

where G is a small Gaussian blur. We then compute a
flatness score on each patch of yscore using gradient en-
ergy, which favors spatially uniform regions. We select
the lowest-scoring fraction of patches (top-20% flattest) and
take the corresponding patch values from the original noisy
image y.

Covariance estimation and stabilization. Let X ∈
RM×d be the matrix formed by stacking the selected patch
vectors, after subtracting the empirical mean across sam-
ples. We estimate the patch-noise covariance as

Σ̂noise =
1

M
X⊤X. (4)



Table 1. ImageNet denoising results. We report PSNR/LPIPS as
P/L. Best and second-best results are marked in bold and under-
lined, respectively. CARD with estimated (blind) Σ shows small
performance drop vs. oracle Σ, but still outperforms all other base-
lines.

Model
Noise Level σ0

0.1 (P↑/L↓) 0.5 (P↑/L↓) 0.9 (P↑/L↓)

Restormer [2] 31.3/0.10 23.9/0.28 18.5/0.59
DDRM [1] 31.0/0.14 24.8/0.33 22.7/0.40
CARD (Blind Σ) 31.8/0.08 26.2/0.17 24.7/0.24
CARD (Oracle Σ) 34.0/0.07 29.1/0.15 26.7/0.22

To further reduce the influence of occasional textured out-
liers that pass the selection stage, we apply a robust refine-
ment step based on iterative reweighting (Huber) using Ma-
halanobis distances under the current covariance estimate.

Recovering Σ̂ and computing the whitening transform.
Under our noise model, the selected patch vectors are dom-
inated by the measurement noise n from the observation
model y = Hx + n, so Σ̂noise ≈ Cov(npatch). In exper-
iments where the noise magnitude σ0 is fixed and known,
we first normalize the covariance via

Σ̂ = Σ̂noise/σ
2
0 . (5)

To apply the whitening transform in CARD, we compute
a Cholesky factorization Σ̂ = LL⊤, yielding the whiten-
ing operator W = L−1 that satisfies W Σ̂W⊤ = I . This
whitening transform is used in CARD to form whitened
measurements and operators.

Evaluation of estimation quality. Table 1 reports Ima-
geNet denoising performance when CARD uses a covari-
ance Σ estimated from noisy images (blind) compared to
using the ground-truth covariance (oracle). Although the
blind estimate introduces a small performance drop rela-
tive to the oracle setting, it still consistently outperforms
all other baselines.

1.5. Noise level parameter
The parameter σ0 controls the measurement-noise magni-
tude in DDRM’s likelihood term. For simulated experi-
ments, we use a consistent noise level σ0 across all methods.
For real-world experiments, we tune σ0 separately for each
baseline to ensure fair comparisons.

1.6. Evaluation metrics
We report three standard metrics, computed per image and
then averaged: PSNR (dB) on [0, 1]-normalized RGB im-
ages, SSIM on [0, 1] scale, and LPIPS using the VGG back-
bone. All metrics are computed on outputs mapped from
the model’s native [−1, 1] range back to [0, 1].

1.7. Computational resources
All experiments are executed on a single NVIDIA GeForce
RTX 4090 GPU (24 GB) running on an Exxact workstation
and CUDA 13.0.

1.8. Latency analysis
We evaluate the runtime and memory overhead introduced
by the whitening operation and additional matrix compu-
tations. End-to-end inference time and total GPU memory
were measured on a single RTX 4090 GPU over 1000 Im-
ageNet images using identical sampling schedules for both
DDRM and CARD. DDRM requires 863.66 s total runtime
with 1281.4 MB memory allocation, while CARD requires
866.36 s total runtime with 1287.4 MB memory allocation.
This corresponds to an overhead of only +2.70 s per 1000
images (≈ 2.7ms per image, ≈ 0.3% runtime increase) and
+6.0 MB of memory.

In practice, whitening introduces negligible computa-
tional overhead because the covariance matrix Σ is defined
at the patch level, the whitening transform and the corre-
sponding whitened operator decomposition are computed
once and reused, and per-image whitening reduces to a
lightweight linear transformation. Consequently, the dom-
inant computational cost remains the UNet evaluations in
the diffusion model.

2. DDRM Under Whitening
This section derives the DDRM updates when measure-
ments are corrupted by correlated Gaussian noise and
whitened prior to conditioning. Whitening modifies only
the forward operator and measurements, and the diffu-
sion schedule {σt}Tt=0 and denoiser outputs remain un-
changed. The resulting equations are DDRM’s spectral
one-dimensional Gaussians applied to the whitened prob-
lem (see Eqs. (4)–(8) in [1]).

2.1. Whitened measurement model
We consider the linear observation model with correlated
noise

y = Hx0 + n, n ∼ N (0, σ2
yΣ). (6)

To restore independence, we left-precondition by the sym-
metric inverse square-root W = Σ−1/2, obtaining

ỹ = Wy, H̃ = WH, ñ = Wn ∼ N (0, σ2
yI).

(7)
All conditioning steps are then carried out on (H̃, ỹ) with
i.i.d. noise. Let H̃ = Ũ S̃Ṽ ⊤ denote the SVD. We work in
spectral coordinates defined by

¯̃xt = Ṽ ⊤xt, ¯̃y = S̃†Ũ⊤ỹ. (8)

The diffusion prior retains the usual Gaussian marginals

q(xt | x0) = N (x0, σ
2
t I), 0 = σ0 < · · · < σT , (9)



so whitening modifies only the measurement-consistency
component of the update (replacing si, ȳ

(i) by s̃i, ¯̃y
(i)),

while the prior side remains unchanged. For compact no-
tation, we define

δi ≡ σy/s̃i, αt ≡
√
1− η2 σt, βt ≡ αt/σt+1,

(10)
and use shorthands ξ(i)t := ¯̃x

(i)
t and υ(i) := ¯̃y(i) for spectral

coordinates. Following DDRM, we assume σT ≥ δi for all
s̃i > 0 to ensure non-negative initial variance.

2.2. Whitened DDRM updates
Initialization (t = T ). At the largest noise level, the pos-
terior per spectral coordinate is Gaussian centered at the
measurement component for observable coordinates (s̃i >
0), while unobservable coordinates (s̃i = 0) follow the un-
conditional prior:

q(T )
(
ξ
(i)
T | x0, ỹ

)
=

{
N
(
υ(i), σ2

T − δ2i
)
, s̃i > 0,

N
(
ξ
(i)
0 , σ2

T

)
, s̃i = 0,

(11)

p
(T )
θ

(
ξ
(i)
T | ỹ

)
=

{
N
(
υ(i), σ2

T − δ2i
)
, s̃i > 0,

N
(
0, σ2

T

)
, s̃i = 0.

(12)

These match DDRM’s initializers with the substitutions
(si, ȳ

(i)) 7→(s̃i, υ
(i)).

Transitions (t < T ): ground truth posterior q. Each
step interpolates between the current clean estimate and
the measurement across three scenarios. We abbreviate
q(t)(·|xt+1,x0, ỹ) as q(t)(·|·):

q(t)
(
ξ
(i)
t

∣∣ · ) = N
(
ξ
(i)
0 + βt(ξ

(i)
t+1 − ξ

(i)
0 ), η2σ2

t

)
,

s̃i = 0,
(13)

q(t)
(
ξ
(i)
t

∣∣ · ) = N
(
ξ
(i)
0 + αt

δi
( υ(i) − ξ

(i)
0 ), η2σ2

t

)
,

0 < σt < δi,
(14)

q(t)
(
ξ
(i)
t

∣∣ · ) = N
(
(1− ηb)ξ

(i)
0 + ηbυ

(i), σ2
t − η2bδ

2
i

)
,

σt ≥ δi.
(15)

When a coordinate is unobserved (s̃i=0), the step reduces
to unconditional generation. When observed and diffusion
noise dominates (σt < δi), the update pulls toward the mea-
surement with gain αt/δi. Once measurement noise dom-
inates (σt ≥ δi), the mean becomes a convex blend with
weight ηb and the variance reduces by η2bδ

2
i to preserve

Gaussian marginals.

Transitions (t < T ): sampling distribution pθ. Let
xθ,t = fθ(xt+1, t+1) and ξ

(i)
θ,t = (Ṽ ⊤xθ,t)

(i). The sam-

pling updates mirror the variational ones with ξ
(i)
0 replaced

by ξ
(i)
θ,t:

p
(t)
θ

(
ξ
(i)
t

∣∣ · ) = N
(
ξ
(i)
θ,t + βt(ξ

(i)
t+1 − ξ

(i)
θ,t), η

2σ2
t

)
,

s̃i = 0,
(16)

p
(t)
θ

(
ξ
(i)
t

∣∣ · ) = N
(
ξ
(i)
θ,t +

αt

δi
( υ(i) − ξ

(i)
θ,t ), η

2σ2
t

)
,

0 < σt < δi,
(17)

p
(t)
θ

(
ξ
(i)
t
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(
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(i)
θ,t + ηbυ

(i), σ2
t − η2bδ

2
i

)
,

σt ≥ δi.
(18)

These are DDRM’s per-coordinate sampling rules in
whitened coordinates, with substitutions (si, ȳ

(i)) 7→
(s̃i, υ

(i)) and threshold σy/si replaced by δi = σy/s̃i.

Interpretation of boundary conditions. After whiten-
ing, every coordinate has unit noise variance, but the
forward operator is rescaled by Σ−1/2. As a result,
the transition between the “diffusion-dominated” and the
“measurement-dominated” conditions occurs when the dif-
fusion noise level σt matches the effective measurement
noise along each singular direction. This happens at σt =
δi, where δi is the standard deviation of the measurement
noise in the whitened basis. Because whitening changes the
singular values from si to s̃i, the boundary is determined by
s̃i, not the original si.

3. CIN-D Capture Protocol
We collect the Correlated Image Noise Dataset (CIN-D) us-
ing a rolling-shutter machine-vision camera. The camera
is configured to output 16-bit Bayer frames and, for con-
venience, 16-bit Linear RGB images. To reduce storage
requirements and simplify subsequent noise modeling, we
configure the camera’s region of interest (ROI) to capture
only a 256 × 256 center crop of the full-resolution sen-
sor. This size matches the input resolution of the DDRM
backbone, avoiding the need for resizing operations that
would corrupt the natural noise structure. All gamma cor-
rection and automatic image-processing features (e.g., auto-
exposure, auto-gain, auto-white-balance) are explicitly dis-
abled to ensure a linear and stationary acquisition pipeline.
We show representative examples in Fig. 1 illustrating the
diversity and the degradation seen in the same scenes due to
higher correlated noise levels.

For each scene, we sequentially capture four images
by switching between the noise levels summarized in Ta-
ble 2. The gain and exposure combinations are carefully
selected through trial and error to maintain approximately
constant effective exposure, and hence overall scene bright-
ness, across all four noise levels. This design keeps all
acquisition variables fixed except for the noise-level con-
trol parameters, which is essential for studying denoising



Figure 1. CIN-D dataset examples. CIN-D contains images of the same scenes captured at different noise levels using a FLIR Blackfly
S BFS-U3-63S4C-C color camera. Noise levels decrease from top to bottom through controlled variations in sensor gain and exposure
time, while scene content and viewing geometry remain fixed. This illustrates the progressive degradation in image quality that our dataset
captures for benchmarking restoration algorithms under realistic correlated noise conditions.

Table 2. Gain and exposure settings for CIN-D noise levels.
Higher gain and lower exposure produce stronger noise.

Noise level ℓ Gain gℓ (dB) Exposure tℓ (ms)

Zero 0.0 350
Low 25.0 20
Medium 35.0 8
High 43.0 2.5

and restoration algorithms that assume identical underlying
scene radiance. In the remainder of this section, we briefly
describe the hardware setup (Table 3) and the acquisition
strategies for indoor and outdoor capture.

Table 3. Hardware components used for CIN-D acquisition.
The setup includes a rolling-shutter machine-vision camera, a
fixed focal-length lens, and a mounting system for stable capture.

Component Model / Part no. Key specifications

Camera FLIR Blackfly S
BFS-U3-63S4C-C

6.3 MP color CMOS,
rolling shutter

Lens Edmund Optics
TECHSPEC HP,
#86-572

25 mm, f/1.8–f/22,
C-mount

Mounting (indoor) Post Mounts Fixed camera,
repeatable alignment

Hardware setup and acquisition strategy We acquire
all images in CIN-D using a FLIR Blackfly S BFS-U3-
63S4C-C color rolling-shutter camera coupled with an Ed-



Figure 2. Camera and lens assembly used for CIN-D acquisi-
tion. A FLIR Blackfly S BFS-U3-63S4C-C camera is paired with
a fixed-focal-length C-mount lens and rigidly mounted on an opti-
cal bench for indoor scene capture.

Figure 3. Comparison of dark-frame noise in a machine-vision
rolling-shutter camera and a mirrorless SLR. Top row: Dark
frames showing pronounced horizontal striations in the machine-
vision camera due to rolling-shutter readout, versus more ho-
mogeneous noise in the Nikon mirrorless camera. Bottom row:
Noise covariance matrices of 8 × 8 luminance patches, showing
anisotropic correlations for the rolling-shutter sensor, compared to
a weakly correlated noise profile for the mirrorless SLR.

mund Optics TECHSPEC HP 25 mm C-mount lens as
shown in Fig. 2. This lens delivers well-corrected, low-

distortion imaging with an adjustable aperture that allows
us to control optical throughput and prevent saturation un-
der different lighting conditions. For indoor captures, we
mount the camera rigidly on an optical bench to maintain
consistent viewing geometry while varying only the tar-
get and illumination across scenes. Indoor targets remain
static under approximately uniform room lighting or con-
trolled illumination, and we adjust the lens f -number as
necessary to keep sensor response within a non-saturated,
signal-dominated regime at fixed gain and exposure set-
tings. For outdoor captures, we follow the same principle
of imaging static content while ensuring the camera remains
completely stationary throughout acquisition by securing it
firmly to a rigid surface using a tripod laptop stand and
duct tape. Under both indoor and outdoor conditions, we
carefully avoid moving objects, rapid illumination changes,
and strong specular highlights so that dataset variation is
dominated by our controlled changes in exposure, gain, and
noise statistics rather than by scene dynamics. We sequen-
tially vary the noise level using a custom acquisition script
built on the PySpin (Spinnaker) SDK to access and process
camera data programmatically. This approach is essential
for benchmarking denoising and restoration methods under
identical scene radiance and viewing geometry, while in-
troducing progressively more challenging noise conditions.
The 0 dB gain frame serves as a substitute ground-truth
clean image, enabling quantitative evaluation of denoising
performance on the corresponding noisy images.

Dark frame acquisition We capture dark frames to char-
acterize sensor noise and estimate the per-noise-level spatial
covariance matrix. The process mirrors the actual acquisi-
tion strategy but with the lens cap in place to block all light
from reaching the sensor. This procedure is performed once
per device (optionally per gain/exposure) and the resulting
whitening transform is reused for all subsequent restora-
tions. Dark frames use exactly the same (tℓ, gℓ) settings
as specified in Table 2 and are stored in parallel directory
trees using the same logging format. As shown in Fig. 3,
computing the noise covariance matrix allows us to quan-
tify the strength, spatial extent, and anisotropy of correlated
noise at each level, which informs the construction of our
whitening transform.

Estimation of noise covariance matrix. We estimate the
covariance of the spatially correlated sensor noise using
dark frames captured with the lens cap on at the same ex-
posure and gain settings as the scene images. We model
the dark-frame signal as a zero-mean random process that
is approximately locally stationary over small patches. We
first normalize intensities to [0, 1] and convert the image to
a single-channel linear luminance representation L to ob-
tain a scalar noise representation, where L = 0.2126R +



Figure 4. Effect of patch size on CARD denoising quality. Top two rows show low-noise images where smaller patches (8×8, 16×16)
produce slightly clearer outputs. Bottom two rows show high-noise images where larger and anisotropic patches (32×32, 4×128) yield
improved visual quality by better capturing spatial noise correlations.

Table 4. Patch size effect on denoising CIN-D indoor images
using CARD. Values are PSNR/SSIM/LPIPS (P/S/L). Each patch
size corresponds to the local neighborhood used for covariance
estimation and whitening.

Patch Size Low Noise (P↑/S↑/L↓) High Noise (P↑/S↑/L↓)

8× 8 39.8 / 0.96 / 0.17 33.1 / 0.87 / 0.29
16× 16 39.8 / 0.96 / 0.17 33.2 / 0.87 / 0.27
32× 32 39.2 / 0.94 / 0.15 33.3 / 0.88 / 0.27
4× 128 39.8 / 0.96 / 0.16 33.4 / 0.88 / 0.25

0.7152G+0.0722B. We partition the luminance image into
non-overlapping 8 × 8 patches and vectorize each patch as
z ∈ R64. We aggregate all patches from all dark-frames
to yield N samples, which we stack to form the data matrix
Z = [z1, . . . , zN ] ∈ R64×N . After we subtract the per-pixel
mean from each row of Z, we estimate the sample covari-
ance Σ ∈ R64×64. The noise covariance matrix Σ captures
spatial correlations between pixels within local neighbor-
hoods. We use this estimated covariance for the whitening
steps in CARD when evaluating on real data.

4. Patch Size for Covariance Estimation

The patch size used for covariance estimation has a mod-
est yet visible effect on denoising quality, as shown in Ta-
ble 4 and Figure 4. At low noise levels, all patch sizes
achieve comparable PSNR (∼39.8 dB) and SSIM (∼0.96),
indicating that CARD remains stable across spatial scales.
However, perceptual quality varies slightly, with the 32×32
patch achieving the lowest LPIPS (0.15). Qualitatively, as
seen in the top two rows of Figure 4, smaller patch sizes
such as 8×8 and 16×16 produce slightly clearer outputs
at low noise, likely because local noise statistics are well-
captured within compact neighborhoods when noise is mild.

At high noise levels, the elongated 4×128 patch attains
the highest PSNR (33.4 dB) and lowest LPIPS (0.25) while
maintaining high SSIM (0.88), suggesting it better captures
the horizontal correlations characteristic of rolling-shutter
readout. As illustrated in the bottom two rows of Figure 4,
larger patches yield improved visual quality under severe
noise, presumably because they aggregate sufficient sam-
ples to reliably estimate the stronger spatial correlations
present at high gain settings. CARD proves robust to patch
size choice, with 8×8 patches offering a good balance be-
tween computational efficiency and performance.



Figure 5. Effect of patch whitening. Patch whitening only affects
the intermediate whitened input, not the final reconstructed output.

4.1. Patch boundary artifacts
Patch processing in CARD is used only for whitening and
local data-consistency preconditioning, while the diffusion
denoiser operates on the full image at every step. This de-
sign ensures that global image priors enforced by the diffu-
sion model maintain spatial coherence across patch bound-
aries, preventing visible seams or blocking artifacts. In
practice, patchwise operations affect only the intermedi-
ate whitened representation and not the final reconstruction.
Figure 5 illustrates this behavior by comparing the whitened
image, where patch boundaries are visible, with the final re-
constructed result, where no boundary artifacts remain.

5. Additional Experiments
5.1. Experiments with simulated correlated noise
We evaluate CARD on denoising, deblurring, and super-
resolution tasks across ImageNet [3], LSUN-Bed, and
LSUN-Cat [4] datasets under simulated correlated noise.

Denoising results. We evaluate CARD on image denois-
ing under simulated correlated noise across three datasets:
ImageNet, LSUN-Bed, and LSUN-Cat. The quantitative re-
sults are summarized in Tables 5, 6, and 7 for noise levels
σ0 ∈ {0.1, 0.5, 0.9}. Across all datasets and noise lev-
els, CARD achieves the highest PSNR and SSIM, while
also obtaining the lowest LPIPS. Learning-based denois-
ers trained under the i.i.d. noise assumption (Restormer,
DnCNN, Noise2Info, PCST) experience substantial perfor-
mance degradation as noise becomes more correlated or
more severe. Classical and diffusion-based i.i.d. methods
(BM3D, DDNM, DDRM) remain competitive at low noise
levels but deteriorate rapidly for large σ0. In contrast,
CARD continues to outperform all baselines by a signifi-
cant margin. Learning-based models designed specifically
for correlated noise (APRRD-BSN, APRRD-NBSN, AP-
BSN, LG-BPN) offer more robustness than i.i.d. baselines,
yet they consistently fall short of CARD on all metrics.

Deblurring results. We evaluate the effectiveness of
CARD under simulated correlated noise across three de-
blurring settings: Gaussian, Uniform, and Anisotropic blur.

Figure 6 presents qualitative comparisons on ImageNet,
LSUN-Cat, and LSUN-Bed at two noise levels (σ0=0.2 and
0.5). Across all datasets and blur types, CARD produces
sharper reconstructions and preserves fine structures more
effectively than existing diffusion-based and learning-based
approaches. Tables 8, 9, and 10 report quantitative results.
CARD achieves the highest PSNR and SSIM, while also
obtaining the lowest LPIPS across all combinations of blur
type, dataset, and noise level.

Super-resolution results. We evaluate CARD for 2× and
4× super-resolution under medium and high correlated
noise. Tables 11, 12, and 13 summarize results on Ima-
geNet, LSUN-Bed, and LSUN-Cat. Across all datasets,
scales, and noise levels, CARD consistently achieves the
highest PSNR and SSIM, while obtaining the lowest LPIPS.
The gains are particularly significant at higher noise levels
and for the more challenging 4× setting, where other meth-
ods struggle to maintain stability.

5.2. Experiments on CIN-D
We evaluate CARD on our dataset CIN-D, which contains
indoor and outdoor scenes captured across three noise levels
defined by camera gain and exposure.

Denoising results. Table 14 summarizes the quantitative
results. CARD achieves the best PSNR, SSIM, and LPIPS
across all noise levels and environments. The improve-
ments are especially significant at medium and high noise,
where existing learning-based and diffusion-based methods
struggle to preserve structure under strong correlation ar-
tifacts. Figure 7 presents qualitative comparisons. Com-
peting methods either over-smooth fine structures or leave
noise artifacts behind, particularly in textured regions and
low-light areas. CARD suppresses noise more effectively
while retaining high-frequency detail such as textures.

Deblurring results. We evaluate CARD on deblurring
using the forward operators described in Section 1.2. Ta-
ble 15 shows results at the low-noise setting for both indoor
and outdoor scenes. CARD achieves the highest PSNR and
SSIM and the lowest LPIPS across all blur types and scene
categories. Competing diffusion-based methods such as
DDRM and DDNM recover overall structure but introduce
over-smoothing under correlated noise, reflected in higher
LPIPS and lower SSIM. Figure 8 shows qualitative com-
parisons. CARD removes noise while preserving fine de-
tails such as text and patterns, whereas other methods either
over-smooth or leave structured residuals.

Super-resolution results. We evaluate CARD on 2× and
4× super-resolution using the CIN-D dataset. The for-



Table 5. Denoising results on ImageNet across low (0.1), medium (0.5), and high (0.9) noise levels. We report PSNR/SSIM/LPIPS as
P/S/L. Best and second-best results are marked in bold and underlined, respectively. CARD achieves the best performance across all noise
levels.

Category Model Noise Level σ0

0.1(P↑/S↑/L↓) 0.5(P↑/S↑/L↓) 0.9(P↑/S↑/L↓)

Learning-based (i.i.d.)

Restormer [2] 31.3/0.93/0.10 23.9/0.74/0.28 18.5/0.52/0.59
DnCNN [5] 22.6/0.87/0.24 20.4/0.61/0.46 18.1/0.40/0.66
Noise2Info [6] 25.2/0.80/0.24 24.6/0.74/0.26 23.3/0.65/0.29
PCST [7] 25.6/0.71/0.36 19.8/0.48/0.63 16.6/0.36/0.79

Non-learning (i.i.d.)
BM3D [8] 30.1/0.78/0.11 25.8/0.71/0.33 22.4/0.58/0.50
DDNM [9] 28.1/0.83/0.25 16.3/0.24/0.57 12.3/0.10/0.68
DDRM [1] 31.0/0.92/0.14 24.8/0.79/0.33 22.7/0.74/0.40

Learning-based (correlated) APRRD-BSN [10] 23.9/0.72/0.25 22.0/0.60/0.38 20.1/0.52/0.51
APRRD-NBSN [10] 24.9/0.76/0.31 22.4/0.63/0.45 20.5/0.54/0.54
AP-BSN [11] 22.3/0.54/0.25 20.7/0.38/0.60 19.2/0.28/0.80
LG-BPN [12] 27.5/0.79/0.25 23.8/0.67/0.36 20.3/0.57/0.49

Ours CARD 34.0/0.96/0.07 29.1/0.90/0.15 26.7/0.86/0.22

Table 6. Denoising results on LSUN-Bed across low (0.1), medium (0.5), and high (0.9) noise levels. We report PSNR/SSIM/LPIPS as
P/S/L. Best and second-best results are marked in bold and underlined, respectively. CARD achieves the best performance across all noise
levels.

Category Model Noise Level σ0

0.1(P↑/S↑/L↓) 0.5(P↑/S↑/L↓) 0.9(P↑/S↑/L↓)

Learning-based (i.i.d.)

Restormer [2] 33.8/0.93/0.08 23.7/0.75/0.32 18.6/0.56/0.61
DnCNN [5] 23.2/0.90/0.20 21.1/0.63/0.45 18.7/0.41/0.67
Noise2Info [6] 26.3/0.83/0.21 25.7/0.78/0.23 24.1/0.69/0.29
PCST [7] 25.8/0.76/0.33 20.2/0.53/0.65 17.0/0.40/0.81

Non-learning (i.i.d.)
BM3D [8] 30.1/0.74/0.14 26.1/0.73/0.31 22.5/0.61/0.50
DDNM [9] 28.5/0.83/0.23 16.3/0.24/0.55 12.2/0.10/0.67
DDRM [1] 32.2/0.95/0.10 26.0/0.85/0.25 23.9/0.81/0.30

Learning-based (correlated)

APRRD-BSN [10] 24.5/0.75/0.27 22.5/0.65/0.40 20.8/0.57/0.53
APRRD-NBSN [10] 25.8/0.79/0.31 23.1/0.67/0.47 21.2/0.59/0.58
AP-BSN [11] 29.3/0.86/0.17 25.5/0.74/0.29 23.0/0.56/0.52
LG-BPN [12] 27.4/0.81/0.24 24.1/0.71/0.38 20.9/0.61/0.52

Ours CARD 35.1/0.97/0.05 29.6/0.92/0.12 27.2/0.89/0.17

ward operators follow the standard degradation models de-
scribed in Section 1.2. Table 16 reports quantitative results
at the low-noise setting for both indoor and outdoor scenes.
CARD achieves the best performance across all configura-
tions, delivering higher PSNR and SSIM as well as signif-
icantly lower LPIPS for both scales. The gains are more
significant at 4× upsampling, where correlated noise and
aliasing artifacts make the reconstruction particularly chal-
lenging. Figure 9 shows qualitative comparisons. DiffIR
and DDRM recover structure but either over-smooth tex-
tures or leave noise artifacts, whereas CARD preserves both
sharpness and fine detail.



Table 7. Denoising results on LSUN-Cat across low (0.1), medium (0.5), and high (0.9) noise levels. We report PSNR/SSIM/LPIPS as
P/S/L. Best and second-best results are marked in bold and underlined, respectively. CARD achieves the best performance across all noise
levels.

Category Model Noise Level σ0

0.1(P↑/S↑/L↓) 0.5(P↑/S↑/L↓) 0.9(P↑/S↑/L↓)

Learning-based (i.i.d.)

Restormer [2] 33.6/0.92/0.11 23.9/0.75/0.30 18.6/0.55/0.58
DnCNN [5] 24.0/0.90/0.20 21.3/0.61/0.45 18.5/0.39/0.67
Noise2Info [6] 25.5/0.81/0.25 25.0/0.76/0.26 23.7/0.68/0.29
PCST [7] 26.7/0.75/0.35 20.2/0.52/0.61 16.8/0.39/0.77

Non-learning (i.i.d.)
BM3D [8] 30.1/0.76/0.14 26.1/0.72/0.34 22.4/0.61/0.51
DDNM [9] 28.3/0.82/0.27 16.5/0.24/0.57 12.4/0.10/0.68
DDRM [1] 31.6/0.93/0.15 26.1/0.83/0.30 24.1/0.80/0.35

Learning-based (correlated)

APRRD-BSN [10] 24.2/0.76/0.25 22.7/0.65/0.35 20.9/0.57/0.47
APRRD-NBSN [10] 25.5/0.80/0.31 23.1/0.67/0.44 21.2/0.59/0.52
AP-BSN [11] 29.6/0.84/0.22 25.9/0.73/0.33 23.3/0.64/0.41
LG-BPN [12] 28.3/0.82/0.25 24.3/0.71/0.36 20.6/0.61/0.47

Ours CARD 34.3/0.96/0.07 29.6/0.91/0.16 27.3/0.88/0.22

Table 8. Deblurring results on ImageNet across medium (0.2) and high (0.5) noise levels. We report PSNR/SSIM/LPIPS as P/S/L. Best
and second-best results are marked in bold and underlined, respectively. Entries marked “–” indicate the method does not support the
corresponding task. CARD achieves the best performance across all noise levels.

Model Gaussian Deblur Anisotropic Deblur Uniform Deblur
0.2 (P↑/S↑/L↓) 0.5 (P↑/S↑/L↓) 0.2 (P↑/S↑/L↓) 0.5 (P↑/S↑/L↓) 0.2 (P↑/S↑/L↓) 0.5 (P↑/S↑/L↓)

Restormer [2] 19.2/0.39/0.76 17.9/0.20/1.01 20.9/0.37/0.62 18.1/0.17/1.03 19.3/0.29/0.71 17.1/0.12/1.12
DPS [13] 19.4/0.53/0.41 19.3/0.51/0.46 – – – –
DiffIR [14] 20.1/0.43/0.65 17.8/0.19/0.98 11.0/0.19/0.92 10.7/0.08/1.10 20.7/0.37/0.80 18.2/0.15/1.05
DDNM [9] 21.8/0.53/0.45 15.9/0.21/0.60 – – 21.2/0.50/0.49 15.8/0.20/0.62
DDRM [1] 24.3/0.77/0.36 22.2/0.72/0.42 24.1/0.76/0.37 22.4/0.72/0.42 22.9/0.72/0.41 21.4/0.69/0.46
CARD (ours) 26.6/0.84/0.23 24.4/0.79/0.30 25.9/0.82/0.24 23.9/0.77/0.30 24.1/0.77/0.29 22.3/0.72/0.33

Table 9. Deblurring results on LSUN-Bed across medium (0.2) and high (0.5) noise levels. We report PSNR/SSIM/LPIPS as P/S/L.
Best and second-best results are marked in bold and underlined, respectively. Entries marked “–” indicate the method does not support the
corresponding task. CARD achieves the best performance across all noise levels.

Model Gaussian Deblur Anisotropic Deblur Uniform Deblur
0.2 (P↑/S↑/L↓) 0.5 (P↑/S↑/L↓) 0.2 (P↑/S↑/L↓) 0.5 (P↑/S↑/L↓) 0.2 (P↑/S↑/L↓) 0.5 (P↑/S↑/L↓)

Restormer [2] 19.4/0.38/0.84 18.1/0.19/1.08 21.3/0.38/0.69 18.3/0.16/1.11 19.8/0.31/0.76 17.4/0.12/1.19
DPS [13] 19.7/0.58/0.40 19.3/0.56/0.46 – – – –
DiffIR [14] 20.5/0.43/0.72 18.1/0.18/1.05 22.6/0.44/0.71 19.3/0.19/1.01 20.9/0.38/0.85 18.4/0.15/1.11
DDNM [9] 22.0/0.54/0.42 15.9/0.21/0.58 – – 21.5/0.51/0.45 15.9/0.20/0.59
DDRM [1] 25.1/0.82/0.28 23.0/0.78/0.34 24.8/0.81/0.29 23.1/0.78/0.33 23.7/0.78/0.32 22.2/0.75/0.36
CARD (ours) 26.6/0.86/0.19 24.5/0.81/0.34 25.9/0.82/0.24 24.0/0.80/0.25 24.4/0.80/0.24 22.6/0.76/0.29



Table 10. Deblurring results on LSUN-Cat across medium (0.2) and high (0.5) noise levels. We report PSNR/SSIM/LPIPS as P/S/L.
Best and second-best results are marked in bold and underlined, respectively. Entries marked “–” indicate the method does not support the
corresponding task. CARD achieves the best performance across all noise levels.

Model Gaussian Deblur Anisotropic Deblur Uniform Deblur
0.2 (P↑/S↑/L↓) 0.5 (P↑/S↑/L↓) 0.2 (P↑/S↑/L↓) 0.5 (P↑/S↑/L↓) 0.2 (P↑/S↑/L↓) 0.5 (P↑/S↑/L↓)

Restormer [2] 18.8/0.40/0.82 17.6/0.20/1.06 21.0/0.39/0.66 18.2/0.17/1.08 19.3/0.52/0.48 17.1/0.13/1.16
DPS [13] 19.1/0.57/0.40 18.9/0.54/0.44 – – – –
DiffIR [14] 19.8/0.44/0.68 17.7/0.19/1.02 22.5/0.46/0.67 19.2/0.21/0.98 20.6/0.39/0.82 18.2/0.16/1.08
DDNM [9] 22.3/0.55/0.45 16.2/0.22/0.60 – – 21.8/0.52/0.48 16.0/0.21/0.61
DDRM [1] 25.5/0.82/0.32 23.2/0.77/0.38 25.2/0.81/0.33 23.3/0.77/0.38 24.0/0.78/0.37 22.4/0.75/0.41
CARD (ours) 27.6/0.87/0.22 25.2/0.82/0.28 26.8/0.85/0.23 24.7/0.81/0.28 25.1/0.81/0.26 23.2/0.77/0.31

Table 11. Super-resolution results on ImageNet across 2× and 4× upscaling, medium (0.2) and high (0.5) noise levels. We report
PSNR/SSIM/LPIPS as P/S/L. Best and second-best results are marked in bold and underlined, respectively. CARD achieves the best
performance for both 2× and 4× upscaling, and at both noise levels.

Model SR2 SR4
0.2 (P↑/S↑/L↓) 0.5 (P↑/S↑/L↓) 0.2 (P↑/S↑/L↓) 0.5 (P↑/S↑/L↓)

DiffIR [14] 25.7/0.71/0.34 23.9/0.65/0.42 23.8/0.63/0.47 23.0/0.53/0.60
DDRM [1] 25.7/0.81/0.32 22.7/0.74/0.41 22.9/0.74/0.40 20.4/0.69/0.46
CARD (ours) 28.0/0.86/0.20 25.1/0.77/0.33 25.0/0.78/0.30 23.1/0.71/0.40

Table 12. Super-resolution results on LSUN-Bed across 2× and 4× upscaling, medium (0.2) and high (0.5) noise levels. We report
PSNR/SSIM/LPIPS as P/S/L. Best and second-best results are marked in bold and underlined, respectively. CARD achieves the best
performance for both 2× and 4× upscaling, and at both noise levels.

Model SR2 SR4
0.2 (P↑/S↑/L↓) 0.5 (P↑/S↑/L↓) 0.2 (P↑/S↑/L↓) 0.5 (P↑/S↑/L↓)

DiffIR [14] 26.8/0.72/0.32 23.6/0.47/0.62 24.5/0.67/0.40 23.7/0.56/0.56
DDRM [1] 26.1/0.85/0.24 23.5/0.80/0.32 23.1/0.78/0.31 20.9/0.74/0.37
CARD (ours) 28.9/0.90/0.14 27.0/0.86/0.22 25.9/0.83/0.24 25.0/0.81/0.29

Table 13. Super-resolution results on LSUN-Cat across 2× and 4× upscaling, medium (0.2) and high (0.5) noise levels. We report
PSNR/SSIM/LPIPS as P/S/L. Best and second-best results are marked in bold and underlined, respectively. CARD achieves the best
performance for both 2× and 4× upscaling, and at both noise levels.

Model SR2 SR4
0.2 (P↑/S↑/L↓) 0.5 (P↑/S↑/L↓) 0.2 (P↑/S↑/L↓) 0.5 (P↑/S↑/L↓)

DiffIR [14] 27.6/0.75/0.34 24.0/0.50/0.64 25.4/0.69/0.48 24.3/0.58/0.63
DDRM [1] 26.6/0.85/0.30 23.7/0.79/0.37 23.7/0.79/0.36 21.1/0.75/0.41
CARD (ours) 29.1/0.88/0.19 26.9/0.83/0.27 26.5/0.83/0.27 25.2/0.80/0.33



Figure 6. Qualitative comparison of Gaussian, Uniform, and Anisotropic deblurring at varying noise levels (σ0 = 0.2, 0.5) on
ImageNet (top three rows), LSUN-Cat (middle three rows), and LSUN-Bedroom (bottom three rows). The boxed regions highlight areas
of interest where differences are most apparent. CARD outperforms other baselines while preserving fine details.



Table 14. Denoising results on our dataset (CIN-D), evaluated at low, medium, and high noise levels. We report PSNR/SSIM/LPIPS
as P/S/L. Best and second-best results are marked in bold and underlined, respectively. CARD achieves the best performance at all noise
levels.

Model Indoor Scenes Outdoor Scenes
Low (P↑/S↑/L↓) Med (P↑/S↑/L↓) High (P↑/S↑/L↓) Low (P↑/S↑/L↓) Med (P↑/S↑/L↓) High (P↑/S↑/L↓)

DnCNN [5] 29.4/0.86/0.29 24.5/0.66/0.49 25.0/0.47/0.69 27.9/0.86/0.29 24.7/0.70/0.45 24.3/0.50/0.65
Noise2Info [6] 12.8/0.65/0.25 12.8/0.35/0.87 13.5/0.46/0.44 19.7/0.71/0.25 19.8/0.69/0.27 20.4/0.60/0.42
APRRD-BSN [10] 14.1/0.68/0.23 14.3/0.67/0.24 14.8/0.65/0.35 20.6/0.72/0.32 20.5/0.71/0.27 20.6/0.67/0.43
APRRD-NBSN [10] 13.3/0.68/0.26 13.3/0.67/0.28 13.7/0.65/0.34 20.7/0.73/0.30 20.2/0.73/0.28 20.5/0.70/0.42
PCST [7] 38.1/0.93/0.18 27.3/0.67/0.34 29.8/0.80/0.38 36.3/0.91/0.22 27.3/0.67/0.35 29.0/0.76/0.42
BM3D [8] 33.7/0.86/0.31 26.8/0.82/0.27 29.1/0.78/0.44 33.7/0.78/0.43 27.9/0.84/0.35 24.2/0.31/0.94
PnP-ADMM [15] 33.9/0.90/0.24 24.4/0.80/0.33 26.1/0.72/0.46 33.1/0.89/0.25 24.7/0.79/0.33 25.6/0.71/0.45
DDNM [9] 34.2/0.93/0.32 25.3/0.86/0.43 24.5/0.60/0.51 33.5/0.92/0.35 26.7/0.85/0.31 25.1/0.63/0.50
DDRM [1] 36.7/0.89/0.21 27.7/0.86/0.25 32.3/0.84/0.32 33.9/0.85/0.35 27.6/0.81/0.40 29.4/0.77/0.46
CARD (ours) 39.8/0.95/0.17 27.8/0.88/0.20 33.1/0.86/0.28 36.4/0.92/0.22 28.0/0.87/0.26 30.0/0.80/0.40

Table 15. Deblurring results on our dataset (CIN-D) evaluated at low noise level. We report PSNR/SSIM/LPIPS as P/S/L. Best
and second-best results are marked in bold and underlined, respectively. Entries marked “–” indicate the method does not support the
corresponding task. CARD consistently outperforms all baselines.

Model Gaussian Deblur Anisotropic Deblur Uniform Deblur
Indoor (P↑/S↑/L↓) Outdoor (P↑/S↑/L↓) Indoor (P↑/S↑/L↓) Outdoor (P↑/S↑/L↓) Indoor (P↑/S↑/L↓) Outdoor (P↑/S↑/L↓)

DPS [13] 18.0/0.74/0.42 17.2/0.67/0.54 – – – –
DiffIR [14] 19.1/0.81/0.34 18.6/0.76/0.42 25.6/0.87/0.33 25.9/0.82/0.38 21.8/0.82/0.46 21.2/0.77/0.53
Restormer [2] 18.4/0.78/0.30 17.9/0.73/0.39 26.9/0.88/0.30 21.7/0.78/0.50 22.3/0.82/0.40 21.7/0.78/0.50
DDNM [9] 33.2/0.87/0.35 32.0/0.81/0.40 – – 32.6/0.83/0.37 31.4/0.77/0.42
DDRM [1] 34.5/0.85/0.31 32.1/0.80/0.44 34.1/0.85/0.32 31.9/0.79/0.44 33.0/0.82/0.37 30.9/0.77/0.48
CARD (ours) 36.3/0.88/0.23 33.9/0.84/0.35 35.9/0.88/0.25 33.5/0.83/0.37 34.9/0.86/0.30 32.6/0.81/0.42

Table 16. Super-resolution results on our dataset (CIN-D), across 2× (SR2) and 4× (SR4) upscaling, evaluated at low noise level. We
report PSNR/SSIM/LPIPS as P/S/L. Best and second-best results are marked in bold and underlined, respectively. CARD consistently
outperforms all baselines.

Model SR2 SR4
Indoor (P↑/S↑/L↓) Outdoor (P↑/S↑/L↓) Indoor (P↑/S↑/L↓) Outdoor (P↑/S↑/L↓)

DiffIR [14] 37.5/0.92/0.19 35.6/0.91/0.18 35.5/0.89/0.24 33.7/0.87/0.29
DDRM [1] 35.7/0.92/0.28 32.9/0.87/0.41 32.5/0.88/0.39 30.7/0.84/0.49
CARD (ours) 39.5/0.94/0.14 37.4/0.93/0.12 37.2/0.91/0.20 35.1/0.89/0.22



Figure 7. Qualitative comparison of denoising on our dataset (CIN-D) at low, medium, and high noise levels. The boxed regions
highlight areas of interest where differences are most apparent. CARD outperforms other baselines while preserving fine details.



Figure 8. Qualitative comparison of Gaussian, Uniform, and Anisotropic deblurring on our dataset (CIN-D) at low noise level. The
boxed regions highlight areas of interest where differences are most apparent. CARD outperforms other baselines while preserving fine
details.



Figure 9. Qualitative comparison of 2× and 4× super-resolution on our dataset (CIN-D) at low noise level. The boxed regions
highlight areas of interest where differences are most apparent. CARD outperforms other baselines while preserving fine details.
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