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Abstract. Transformer architectures have achieved strong performance
in image denoising, but their computational and memory costs remain
high. We revisit self-attention (SA) from a Bayesian perspective and show
that standard SA mainly exploits first-order inter-patch statistics, resem-
bling a learnable non-local averaging scheme. However, this formulation
neglects second-order intra-patch statistics, which are important for cap-
turing local pixel dependencies. To address this, we introduce a Bayesian
SA formulation that jointly models first-order inter-patch and second-
order intra-patch statistics. This leads to a lightweight denoising Trans-
former, termed NLformer, featuring a dual-branch attention design and
an efficient feed-forward module. Experiments on several benchmarks
show that NLformer outperforms existing lightweight denoising networks
and substantially narrows the gap to full-size Transformer-based denois-
ers while maintaining low model complexity.
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1 Introduction

As a basic task in image processing, image denoising aims at recovering an clean
image x from its noisy measurement y, typically modeled as y = x + z, where
z denotes random noise. Traditional methods rely on the priors of both the
image and the noise to separate them. Typical image priors include sparsity
prior of image gradients (e.g., total variation [42|, data-driven tight frame [9])
and self-similarity of image patches (e.g., non-local means [6})8] and BM3D [17]).
Among these approaches, the non-local approach shows strong performance. The
key idea is to treat the image x as a set of image patches {p }r, group similar
patches across the image, and collaboratively estimate the clean patches pys from
its associated patch group. This approach estimates each patch from multiple
related noisy measurements, thereby improving performance.

Deep learning has been the prominent paradigm for image denoising [40,
53),56},/58|. The neural networks (NNs) are trained on noisy-clean image pairs to
learn a mapping from noisy inputs to clean ones. The main focus is on the design
of NN architectures. One particular influential one is convolutional NNs(CNNs),
including U-Net [41], DnCNN [56], FFDNet [58], complex-valued CNN [37], and
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many others. These architectures combine convolutional operations, non-linear
activations, and hierarchical up-down sampling.

Transformer [45] also shows strong performance on image denoising. The
transformer-based models are commonly built on the Vision Transformer (ViT) [19],
which treats an image as a set of image patches embedded into tokens. A series of
SA layers is then applied to capture long-range patch dependencies, enhancing
noise-resistant recovery by drawing from more information sources. By mod-
eling non-local correlations of tokens, Transformers effectively exploit the self-
similarity prior of image patches, offering advantages over CNNs, like traditional
non-local methods outperformed local ones.

Challenges in denoising Transformer: Denoising Transformer needs to
compute pairwise affinities with multi-head SA, which is computationally costly
as SA incurs quadratic complexity in the number of patches. Consequently, ef-
forts to adapt ViT architectures for image denoising have focused on reducing
model complexity and computational cost. Notably, SwinIR [28] confines atten-
tion to local spatial windows through Window SA while Restormer [50| reorders
input dimensions to apply attention along the channel axis, thereby reducing
computational cost. Despite these efforts, Transformer-based denoisers still ex-
hibit significantly large model sizes and high computational costs.

As shown in [15], standard strategies for reducing model size, such as decreas-
ing the number of blocks or channels, lead to substantial performance degrada-
tion. Recently, there have been a few attempts to design lightweight Trans-
former architectures for image denoising [16,/62]. However, the performance of
these models is far behind their full-sized counterparts. There is a practical need
for developing lightweight denoising Transformers that can achieve competitive
performance while maintaining computational efficiency.

1.1 Main idea

In this paper, we develop a lightweight denoising Transformer by revisiting SA
through the lens of non-local Bayesian inference (NLB) [27]. Existing denoising
Transformers mainly exploit first-order inter-patch statistics to capture non-local
similarity of patches, while overlooking second-order intra-patch statistics that
describe local pixel dependencies within each patch. To address this, we propose
a Bayesian formulation that unifies non-local inter-patch aggregation with intra-
patch second-order information, leading to a more effective SA mechanism and
a lightweight architecture with strong denoising performance.

Revisiting SA from the lens of inter-patch statistics: Existing denois-
ing Transformers typically follow the ViT design, i.e., an image y is split into
N patches and embedded as tokens Y = [Y1,...,Yn]. A single-head SA layer
produces the value @(Y;) for each patch Y; by

X .
DY) = w0V (V) wi;ocexp((¢9(Y;), ¢"(Y;))-d 2), (1)
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where ¢@(-), ¢%(-), ¢V (-) are learnable linear projections that map each token
to a query, key, and value vector, respectively; (-,-) denotes the inner product,
and w; ; is the normalized attention weight.

To understand SA from Bayesian inference, consider a simplified setting
where the projection matrices @, K,V are all identity. In this case, SA reduces
to a weighted averaging of patches across the image, where the weights depend
on the similarity between each pair of patches. Introducing learnable projections
@, K,V can then be interpreted as performing such averaging in a projected
feature space that is more robust to noise and better captures truth similar-
ity with noisy patches. In short, SA functions as a learnable extension of non-
local means [8], leveraging inter-patch correlations through first-order statistics
(mean), but differing in that both the similarity measure (query-key space) and
the aggregation space (value space) are learned over the training data.

Bayesian estimator with intra-patch correlation: The weighted average
over inter-patches ignores intra-patch correlations, which are strong in structured
regions such as edges and textures. Neglecting such intra-patch correlations can
lead to suboptimal estimation. NLB [27] addresses this limitation by approxi-
mating the linear minimum mean squared error (MMSE) estimator of the patch
through exploiting local pixel correlations within each patch. Specifically, it mod-
els intra-patch dependencies using second-order statistics among patch entries,
represented by the covariance terms {YjY'j>}j2 ;- More specifically, NLB esti-
mates X; by approximating Wiener estimator that minimizes the Bayesian risk:

min By x5z [[1X0 — Ri[1%) = By i [I1Xs = WY 1?): (2)

Let p;, X'x, denote the mean and covariance matrix of X;. Then, the Wiener
estimation (optimal linear estimation) is

X, =W (Y;) =pi+D (YZ _Mi)ﬂ D =Xx Yx, +UZI 17 (3)

where 02 is the noise variance.

A new Bayesian estimator with inter- and intra-patch correlation:
standard SA and NLB are two different approaches to exploiting the set of
image patches. SA leverages inter-patch correlations through the statistics on
{Y;};20:, while NLB utilizes intra-patch correlations, i.e., dependencies among
pixel values within each patch, through the statistics on {Y;Y;” }j20;.
In this paper, we propose a new Bayesian estimator that exploits both inter-

and intra-patch correlations. The proposed estimator can be expressed as

X

J28%

The optimal linear estimator H that minimize the risk is

X
H, = E[X;X]]— wi ;E[Y;Y]] EXiX]]+0%1
2%
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NLformer: SA with joint inter- and intra-patch modeling: We propose
a lightweight Transformer, named as NLformer, that not only captures inter-
patch correlations, as in existing SAs, but also captures intra-patch correlations.
Built on the Bayesian estimator J?Z defined by , NLformer leverages both lin-
ear and quadratic statistics in the value projection ¢V (-). Specifically, it utilizes
@Y (Y;) and ¢¥ (Y;)¢Y (Y;)™ to encode inter- and intra-patch correlations, which

can be formulated as:
<

OV (Y;) = [ (Y;), D5 (Vi)] = wi (67 (Y5), 03 (Y3)é5 (Y5)7]. (6)
2%

Directly incorporating full second-order statistics of ®Y (V;) into SA would sub-
stantially increase the model size and computational cost. To maintain efficiency,
@Y (Y;) is therefore approximated by a low-rank representation that preserves the
essential statistical information.

Inspired by the optimal Bayesian estimator , the FFN module computes
the matrix inverse H; = ®¥ (V;) 1. Thanks to the low-rank structure of @Y (Y;),
this inverse can be efficiently obtained via the Woodbury matrix identity :

(H+UU?) *=H - 'vag+v~H 'U) 'U”H %, (7)

where U is a low-rank matrix. FFN part then estimates the clean patches through
oY (Y;), ¢¥ (Vi) and ®Y (Vi) 1. One head of NLformer can be expressed as:
8

14 > 1% 1 X Vv \% >
% SA @ ()= wel (V) H== el (el (V)"
2 i=1

X
P;(Vi)=H+  on(Yi)or(Vs)7;
k=1
TEEN: R=w ;0 (v;), 95 (Vi) Y (V) T

The proposed NLformer architecture is then formed by using multi-head SA and
FFN defined above, as illustrated in Figure ]
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Fig. 1: Overall structure of NLformer.
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1.2 Main contributions
The main contributions are summarized as follows:

We reinterpret SA for image denoising from a Bayesian perspective, showing
that standard self-attention mainly captures inter-patch correlations, while
e ective denoising also requires capturing intra-patch correlations.

We propose a uni ed Bayesian estimator that combines non-local inter-patch
aggregation with local intra-patch correlation modeling, thereby bridging
rst- and second-order patch statistics in a single formulation.

Based on this formulation, we develop NLformer, a lightweight and inter-
pretable denoising Transformer with dual-branch SA and an e cient Woodbury-
based feed-forward design for modeling second-order information.

Extensive experiments on synthetic and real-world benchmarks show that NL-
former outperforms existing lightweight denoising models and substantially nar-
rows the gap to full-size Transformer-based denoisers.

2 Related Work

Non-local methods: Non-local methods exploit the recurrence of similar
patches over an image|[7]. Most works |8, 17, 21, 26,27] adopt a grouping-and-
denoising scheme, where patches are grouped by similarity or spatial proximity.
The idea is to utilize multiple measurements of a target patch, which exhibit
strong intensity correlation but uncorrelated noise. Non-local means|[8] directly
applies a weighted average of similar patches based on their disparity to the
target patch. NL-Bayes [27] re nes it by using an approximate Wiener estimator
that includes pixel-wise correlations via Bayesian estimation. BM3D |[17] per-
forms a 3D Haar wavelet transform on patch groups to exploit both non-local
similarity and gradient sparsity. Low-rank prior of patch groups are utilized

in [21,2€] for image/video denoising.

Denoising Transformers: Originally developed for sequence modeling in nat-

ural language processing, Transformers [45] were introduced to computer vision
in VIiT [19], treating an image as a sequence of patches. They have been applied
to many image restoration tasks, including image denoising [10, 18,28, 38,46,50],
leveraging the SA to capture non-local correlations among patches. However,
two challenges remain in adapting plain Transformer for image restoration.

The rst concerns token de nition. Starting with IPT [10], many works adopt
convolutional layers to extract linear patch features from the noisy image, treat-
ing each patch as a token [28,46]. Restormer [50] instead applies learned lters to
extract multiple features, treating each as a token. Recent hybrid models com-
bine both strategies [11,12]. The second challenge is computational complexity,
which is quadratic in the number of tokens for plain Transformer [45]. SwinIR [28]
and Uformer [46] mitigate this by restricting attention within xed-size non-
overlapping windows. Restormer [50] uses transposed attention to keep atten-
tion on channel dimension, not spatial dimension. KGT [39] computes sparse
attention over the top-k similar tokens.
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Lightweight denoising Transformers: Despite the e orts to reduce com-
putational complexity, full-size Transformer-based denoisers [28, 46, 50, 54] still
incur higher model size and computational cost than CNN-based denoisers [43,
56, 58]. Choi et al. [15] shows that simply reducing blocks or channels leads
to a notable performance drop. To address this, recent studies focus on opti-
mizing Transformer architectures rather than simply reducing model size. LID-
Former [62] integrates discrete wavelet transforms with e cient multi-branch
attention. RAMIT [16] introduces bi-dimensional self-attention within a hierar-
chical reciprocal structure. However, these models still exhibit notable perfor-
mance gaps compared to their full-sized counterparts.

3 Method

In this section, we present the Bayesian estimator leveraging inter- and intra-
patch statistics and connect it to SA. We then introduce the proposed NLformer.

3.1 Bayesian Estimation with Inter- and Intra-Patch Correlations

Bayesian estimator with inter-patch correlation: Lety be a noisy image,
divided into N overlapping patches fY;gl, , where each Y 2 RY is a noisy
observation of the clean patch X, modeled as

Yi=X;+Zi; Zi N(@©; 2I):

For each patch Y, a set of patches fY g , is identied based on similarity
or spatial proximity. The goal of denoising with inter-patch correlation is to
estimate X; using both Y; and its associated group fYgp> ;.

In the ideal case, all patches Y are the nois‘y measurement of the target patch
Xi. Then, the average of the noisy patche§1—lj 2 Y isthe MMSE estimation
of X;. However, in practice, the patches Ys are noisy measurements related to
the clean patch X, rather than exact observations of it. Then, the clean patch
X is estimated via the weighted average of the noisy patches i\, :

2 Wi Y]
b= P———: wy =K(Yi;Y); 9)

i2 o Wij

where K denotes a kernel function that measures the patch-wise similarity. The
common choice for K is Gaussian kernel exp(KY; Y jk3=h?).

Under additive white Gaussian noise (AWGN), this estimator can be viewed
as a Nadaraya Watson estimator approximating the conditional meanE[X; j Y;]:

R
Ri p(Yi | Xi)px (Xi)dX;
P(Yi | Xi)px (Xi)dX;

Assuming clean patchedX j g, , are locally stationary and drawn from a neigh-
borhood around X;. px (X) can be approximated by kernel density estimation:

EXijYil= (Bayes' rule) (10)
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1 X kX X k3
x(X) —  exp —12 (11)
Joil, h?
j2 i
Using (11) and replacingX; by their noisy measurementsy;, we obtain
P exp KY i Y k3=h?Y;
Y, = P2 L (12)
2, exp(KY i Y jks=h?)
For normalized Y; and Y; with unit norm, we have
P .
o = _pz_ OPNOY;Yi 2=h%)Y; (13)
i = ¥

2 exp(hY;Yji 2=h?) -

Clearly, the estimator (13) closely resembles the SA with Q; K;V being identity.

Note that the estimator by (9) is not exactly E[X ijY;], but rather its approx-
imation. The main issue is that it does not explicitly model correlations among
pixels within a patch, assuming nearby pixels are independent. This simpli ca-
tion is inaccurate for natural images. As a result, it requires larger search win-
dows and more sophisticated inter-patch modeling to compensate for the missing
intra-patch correlation, leading to higher computation and model complexity.
Bayesian estimator with intra-patch correlation: Instead, NLB is an
Bayesian estimator focusing explicitly on exploiting intra-patch statistics to fa-
cilitate estimation. It assumes that the clean patchesX;, corresponding to noisy
observations Y;, are independent samples drawn from a common distribution
with mean ; and covariance ;. If the estimator is restricted to be a linear
function of the noisy patch Y;, it is known that the optimal linear estimator,
known as Wiener estimator, minimizes the Bayesian risk:

Eppyipy  KXi W(Y DK :

The optimal Wiener estimator W is given by

W (Y)= i+D (Y, D = x x, + 2 L

(14)
See [33] for more details. As both expectation ; and the covariance matrix
are unknown, one can approximate it from the noisy patches fYg;, ; as follows:
1 X 1 X
Yo o ox, o— (G DYy )7 o (19)
il

] ijjz

I
Discussion on Inter- and Intra-Patch correlations: Natural images ex-

hibit both inter- and intra-patch correlations. Inter-patch correlation often arises
between distant patches sharing similar textures or repetitive patterns, whereas
intra-patch correlation is typically pronounced in locally structured regions,
where neighboring pixels exhibit strong dependence. For illustration, we select
ve image patches with distinct patterns and visualize their rst-order inter-
patch and second-order intra-patch statistics. As shown in Figure 2, the rst
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Fig. 2: Visualization of selected patches and the corresponding empirical statistics
computed from patch groups. First row: original patches. Second row: rst-order
inter-patch statistics. Third row: second-order intra-patch statistics, where the diag-
onal entries are normalized to 1 for better visualization.

three patches exhibit distinct edges and thus high intra-patch correlations. In
contrast, the last patch, sampled from a relatively at region, shows strong local
dependence, with nearly all pixels highly correlated with their neighbors.
New Bayesian estimation with both inter- and intra-patch correla-
tion: For natural images, both inter- and intra-patch correlations inherently ex-
ist in them. Accordingly, the optimal Bayesian estimator should simultaneously
leverage non-local inter-patch correlations and local intra-patch correlations to
achieve more accurate estimation. Motivated by the complementary nature of
inter- and intra-patch correlations, we propose a Bayesian estimator that exploits
both inter- and intra-patch correlations. The idea is to correct the estimator (13)
by a linear estimator that leverages the intra-patch correlation:
X
®i = wij Vi o+ KX (16)
j|2_i{2_} Linear correction
NLM prediction
where H; is a linear mapping. For a linear estimator, its Bayesian risk is
X
min Eppgp) (KXo Rik?] = Epoopy KX wij Yj +H YK (17)
l i2 i

Proposition 1. The optimizer to the problem (17) is

X
H, = EXiX[] wij EIY, Y71 EDXGX7]+ 2T (18)
2

where E[X; X; ] denotes the second-order moment of X
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Proof. See supplementary le for the proof.

3.2 Architecture of NLformer

Existing denoising Transformers employ SA based solely on inter-patch corre-
lations through rst-order statistics, ignoring intra-patch dependencies that are
crucial in structured regions such as edges and textures. Consequently, they
need many attention heads and large patch groups to gather su cient informa-
tion for good estimation. By including intra-patch correlations into the SA as
shown in the proposed Bayesian estimator (18), we can use less attention heads
and smaller windows to achieve comparable performance.

Building on the Bayesian estimator in (18), we incorporate both linear and
quadratic statistics into the value projection V(). One computational issue
is that it is expensive to compute and average the outer product of the value
vectors for each patchY;. To address this, we employ a low-rank approximation
approach which is computationally e cient. In particular, we rst average the
outer product of all the value tokens to obtain a global estimation H:

X
H= = 2(Y) 3(Y)7: (19)
=1
To have a more re ned and patch-wise variant second-order statistics Y (Y;) for

each patch, we approximate the di erence between ¥ (Y;) and H by a low-rank
matrix H ;, which is expressed as the summation of r rank-1 matrices:

X
Y(Y)) H+H 5 H = k(Yi) «(Yi)7; (20)
k=1
where each () is a learned linear projection. In our implementation, we choose
r = 2 after evaluating its impact. Low-rank approximation enables SA to model
intra-patch correlations with reduced computational cost while preserving key
information. The dual-branch attention design then allows the model to capture
both inter- and intra-patch correlations in a lightweight manner.
A lightweight FFN module rst computes an explicit matrix inversion: H ; =
Y(Y;)! through the Woodbury matrix identity:

H+UiU )t =H' H *U(+U H* U U HY, (21)
where each Y =[ 1(Yi); 2(Yi))] 2 RY92 is a rank-2 matrix. FFN module then

estimates the clean patches using Y (Y;), ¥ (Yi)and Y(Yi)! . A Transformer
blogk with single attention head in NLformer is formulated as:

v X Y 1 X \ \% >
% sa YO0=wy YOOE H= o YO0 Y00
2 j=1
X (22)
% y(Yi)=H+ k(YD) k(Y
k=1

CERND Ri= Y Y () SO 3 (Yi)!
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The proposed NLformer architecture is then formed by using multi-head SA
and FFN de ned above. The overall structure of NLformer is shown in Figure 1.
Speci cally, the proposed NLformer consists of three main components: (a) A
3 3 convolution is rst applied to the input noisy image y to extract overlapping
patchesfY;gl, ; (b) A U-shaped stack of m Transformer blocks processes these
patches to estimate the clean counterparts X igh, ; (¢) A nal 3 3 convolution
aggregates the restored patches into the denoised image

Each Transformer block contains a Dual-Branch Window Self-Attention
(DWSA) module followed by a Woodbury Inversion Feed-Forward Network
(WIFN). DWSA rst performs %patch-wise aggregation to estimate rst-order
statistics in its primal branch: 2 Wi Y (Yij ), where Y () is a linear pro-
jection. The attention weights fw; g are computed via softmax-normalized inner
products between query and key matrices, as in standard Transformers. In the
dual branch of DWSA, a global estimation of second-ordq_r, statistics H is com-
puted by averaging outer products of all the value tokens:Ni j’il YY) Yy,
where Y () is a linear projection. Consequently, an incremental rank-2 approx-
imation H ; = 1(Y;) 1(Y;)>+ 2(Yi) 2(Yi)” is computed separately for each
patch Y;. At last, DWSA merges & (Yi) and 2 (Y;) Y by a linear layer. The
WIFN is implemented as a composition of the Woodbury matrix inversion 21
and a gated layer [50] with GELU activation [23].

Moreover, NLformer is implemented with a multi-scale structure [50] using
pixel-unshu e and pixel-shu e operations for down- and up-sampling, respec-
tively. This design helps preserve ne textures and structural details. Further-
more, we adopt an overlapped attention window [13], where each patch attends
to a larger region with more samples. This improves the receptive eld and
mitigates redundancy caused by shifting non-overlapping windows [28, 46].

4 Experiments

4.1 Experimental Settings

Network settings: NLformer employs a 4-level encoder-decoder structure.
For each level, the number of Transformer blocks is set as [2; 2;2; 2], the num-
ber of attention heads is set as [1;2;4; 8], and the feature dimension is set as
[20; 40; 80; 160]. For all DWSA layers, window size W= 8. For all FFN layers,
hidden dimension is set as 2:5 input dimension.

Training settings: If not specied, our model is trained with L ; loss on
AdamW [31] optimizer ( 1 = 0:9, , = 0:999, weight decay 1€¢® ) for 500K
iterations. Learning rate is initialized as 5e* and gradually reduced to 1€
with the cosine annealing [30]. We use mini-batches of size [(64; 12% and ap-
ply random ips and rotations for data augmentation. Training and evaluation
are performed using PyTorch [35] on NVIDIA RTX 3090 GPUs. The code of the
proposed method is available on GithuB.

Dataset for training and evaluation: The proposed method is evaluated on
two types of noises: synthetic AWGN and real-world noise. For AWGN, following

! https://github.com/Ryann2001/NLformer_Lightweight_Denoising.git
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Table 1: PSNR (dB) and SSIM results on real-world datasets. Models marked with *
are trained with additional data. Bold and underline _indicate the best and second-best
performance among lightweight NNs, respectively.

Category | Method | sIDD [1] DND [36] | Params/M FLOPS/G
KSVD [3] 26.88/.842 36.49/.924 -
Non-learning BM3D [17] 25.65/.685  34.51/.851 -
WNNM [21] 25.78/.809 34.67/.865 -
CNN MPRNet [53] 39.71/.958  39.82/.954 15.74 588
MIRNet [52] 39.72/.959  39.88/.956 31.79 785
° HWrformer [43] 39.72/.958 - 40.06 170
g AKDT [5] 39.70/.961  39.90/.955 11.43 59.69
- Transformer Uformer32 [46] 39.77/.959  39.93/.955 20.63 43.86
Restormer [50] 40.02/.960  40.03/.956 26.11 155
ART [54] 39.96/.960  40.05/.956 25.7 782
DnCNN [56] 38.56/.910  32.43/.790 0.56 36.63
CBDNet* [22] 30.78/.801 38.06/.942 4.34 34.02
RIDNet [4] 38.71/.951 39.26/.953 1.49 197
VDN [48] 39.28/.956 39.38/.952 7.81 99.00
CNN InvDN [29] 39.28/.955 39.57/.953 2.64 47.80
DANet [49] 39.30/.916  39.47/.955 9.15 14.85
Em DeamNet* [40] 39.47/.955  39.63/.953 2.23 146
% Thunder [61] 39.50/.956  39.57/.953 2.68 18.81
5 CyclelSP* [51] 39.52/.957  39.56/.956 2.84 184
] Uformer16 [46] 39.57/.957 39.66/.952 5.29 11.39
SwinIR-lw [28] 39.48/.957 39.61/.952 2.25 146
Restormer-lw [50] 39.53/.957  39.70/.953 2.60 18.61
Transformer .
RAMIT [16] 39.52/.957  39.70/.953 2.45 112
LIDFormer [62] 39.63/.958  39.76/.956 2.72 2.83
NLformer (Ours) 39.88/.959 39.92/.956 2.44 22.19

most existing works, training datasets are combination of DIV2K (800), Flickr2K
(2650), BSD (400), and WED (4744) [2,32,34,44]. Noisy images are synthesized
by adding AWGN with noise variance randomly sampled from 2 [10; 55]. Test-
ing datasets include Set12, (C)BSD68, Kodak24, McMaster, and Urban100. For
real-world denoising, we follow [50], training on SIDD Medium and evaluating
on the testset of SIDD and DND [1,36]. The PSNR and SSIM metrics are used
to evaluate the performance. Computational cost is measured in terms FLOPs
on an sRGB image of size 256 256, and total inference time on SIDD test set.

4.2 Performance evaluation

Real-world datasets: To assess the performance of NLformer on real-world
image denoising, we compare it with a comprehensive set of lightweight denois-
ing networks, including CBDNet [22], RIDNet [4], DeamNet [40], InvDN [29],
DANet [49], VDN [48], Uformerl6 [46], SwinIR-lw [28] (short for lightweight),
Restormer-lw [50], LIDFormer [62] and RAMIT [16]. We also report results from
full-size models to illustrate the performance gap. As shown in Table 1, NLformer
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Table 2: PSNR (dB) results on synthesized dataset of color images with AWGN.
The lightweight models with the best and second best score are marked as bold and
underline, respectively. y denotes the model is non-blind to noise level.

Gategory Vethod | cBspes [34] | Kodak24 [20] | McMaster [59] | urban100 [25]
[ =15 =25 =50 [ =15 =25 =50 [ =15 =25 =50 [ =15 =25 =50

NL-Bayes 3347 3068 27.32 3438 3227 2845 3445 31.88 28.67 - - -

Non-learning CBM3D 3352 3071 27.38 34.28 3215 28.46 34.06 31.66 2851 3393 3136 27.93
WNNM 32.92 30.25 26.97 3394 3137 28.02 - - - - - -
NN RDN Y - - 28.31 - - 29.66 - - - - 29.38
DRUNet 3430 3169 2851 3531 3289 29.86 3540 33.14 30.08 3481 3260 29.61

o swinlR Y 34.42 3178 2856 3534 3289 29.79 3561 3320 30.22 35.13 32.90 29.82
g Trans- Restormer 3439 31.78 2859 35.44 33.02 30.00 3555 3331 30.29 3506 3291 30.02
former ART Y 34.46 31.84 2863 3539 32.95 20.87 3568 3341 30.31 3529 3314 30.19
DSCAFormer 3435 3172 2848 3542 32.87 29.67 3558 3328 30.21 - - -

DNCNN 3390 3124 27.95 34.60 32.14 28.95 3345 3152 2862 3298 30.81 27.59

NN IRCNN 3386 3116 27.86 3469 3218 2893 3458 3218 2891 33.78 3120 27.70
FFDNet 3387 3121 27.96 3463 3213 28.98 3466 3235 29.18 3383 3140 28.05

= BRDNet Y |[34.10 3143 28.16 3488 3241 29.22 3508 32.75 29.52 3442 3199 2856
2 SwinlR-lw 3416 3150 2822 |3518 32.69 2954 |3523 32.90 2971 |3459 3223 28.89
H Trans- Restormer-lw 3399 31.33 28.04 34.86 32.38 29.19 34.69 32.44 2931 34.00 31.60 28.30
2 former CAT-w 3401 3137 2811 3490 3243 29.29 34.83 3258 20.48 3412 3175 28.46
ART-w 34.08 3140 28.08 3500 3249 29.27 3510 32.74 29.48 34.44 3203 2862

NLformer 34.33 31.71 2851 35.34 32.92 29.88 35.42 33.17 30.12 34.87 32.67 29.68

outperforms all compared lightweight methods on the SIDD and DND bench-
marks with a notable margin, while maintaining a compact model size and low
computational cost. Compared to large models, NLformer achieves a comparable
performance with highly reduced model size and computational complexity.

Synthetic datasets: We compare our NLformer with a comprehensive set of
lightweight denoising models, including DnCNN [56], IRCNN [57], FFDNet [58],
BRDNet [43], SwinIR-lw [28], Restormer-lw [50], CAT-lw [14] and ART-lw [54].
To highlight the performance gap, we also include several full-size denoising net-
works for reference, such as RDN [60], DRUNet [55], SwinIR [28], Restormer [50],
ART [54] and DSCAFormer [24]. As shown in Table 2 for color images, NLformer
achieves the best performance among all lightweight models. Moreover, Figure 3
and Figure 4 show that our NLformer delivers superior visual quality.

More settings and other tasks: We also evaluate our NLformer on other syn-
thetic denoising settings (e.g. grayscale images, mixed Poisson-Gaussian noise)
and other restoration tasks (e.g. plug-and-play deblurring, super-resolution).
See supplementary le for the studies. Same as the case of color images, our
NLformer remains the top performer among lightweight models.

Computational overhead: To verify the computational e ciency of NL-
former, we compare it with representative Transformer-based denoisers. As shown
in Table 3, our proposed model achieves the lowest inference time on the SIDD
test set. Notably, compared to large-scale models, NLformer delivers comparable
denoising performance with substantially reduced computational cost.
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Noisy( =50)/15.15 SwinlR/31.24 Restormer/31.78 DRUNet/31.16
Urban100: img_033 Reference/PSNR SwinIR-Iw/30.26 Restormer-lw/30.36 NLformer/31.10
Noisy( =25)/20.62 SwinlR/29.12 Restormer/28.87 DeamNet/27.99
Urban100: img_006 Reference/PSNR SwinlR-w/28.34 Restormer-Iw/27.81 NLformer/28.62

Fig. 3: Visual comparisons on Gaussian color and grayscale image denoising.

Table 3: Comparison on inference time, memory cost, model size and FLOPs cost.

PSNR/SSIM ‘39.77/.959 40.02/.960 |39.57/.957 39.53/.957 39.52/.957 39.88/.959

Model Large | Lightweight
\Uformer32 Restormer [UformerlG Restormer-lw  RAMIT  NLformer
Inference time (s) 384 400.6 30.8 215 119.1 19.5
Memory cost (G) 2.24 241 1.94 2.03 2.35 2.09
Params (M) 20.63 26.11 5.29 2.6 2.45 2.44
FLOPs (G) 43.86 155 11.39 18.61 112 22.19
|

4.3 Ablation study

Impact of model size: We evaluate NLformer's performance across model
sizes, from lightweight to large. Table 4 shows the results on Gaussian and real-
world denoising. Increasing the model size from lightweight( 2M) to large(
25M) vyields signi cant gains, both on Gaussian and real-world noise. Notably,
the bene t of second-order statistics remains evident as model capacity increases.
Impact of di erent component choice in SA: We study the impact of three
components in the implementation of SA, summarized in Table 5. To be fair,
all variants of the model in the study has comparable model size. (a)Overlapped
attention window: Replacing it with non-overlapped ones will lead to the un-
balanced attention range for patches at the corner of a window, which results
in a sub-optimal performance on real-world noise. (b) Dual-branch attention:
Dual branches in SA incorporate both rst-order inter-patch and second-order
intra-patch statistics. Removing either branch discards essential statistical in-
formation, leading to a noticeable degradation in performance.

Impact of di erent component choice in FFN: We study the following

FFN designs, as summarized in Table 5: (a) Plain linear FFN composed of
two convolutional layers learns a uni ed linear transform for all patches, ignor-
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