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Fig. 1: Noise Generation Comparison. (a) Conventional clean-image-dependent ap-
proaches. (b) Our clean-image-free approach.

Abstract. Real-world sSRGB image denoising remains challenging due to
the nonlinear characteristics of sensor noise and the difficulty of acquiring
aligned clean-noisy image pairs. Supervised denoisers often overfit to
limited paired datasets, while self-supervised methods still depend on
sufficiently diverse noisy observations. These limitations motivate scalable
noise synthesis methods that can model real-world noise without clean
ground truth or camera metadata. We propose YeTI, a real-world sRGB
noise generation framework that learns from only two noisy observations
of the same scene. YeTI uses a Reconstruction Autoencoder to disentangle
scene structure and noise characteristics, and models the latent noise dis-
tribution with a one-step Conditional Diffusion Transformer trained using
consistency objectives. Given a single noisy input at inference time, YeTI
generates realistic, signal-dependent noise while preserving the underlying
scene content. Extensive experiments demonstrate the effectiveness of
YeTT across real-world benchmarks. We evaluate noise generation on SIDD
and further assess generalization on SIDD+, MAI2021, and SID, covering
smartphone and diverse consumer-camera sensors. Downstream denoising
results on DND further show that denoisers trained with YeTI-synthesized
images achieve strong real-world performance, highlighting the practical
value of clean-image-free and metadata-free noise generation. Code is
available at: https://github.com/ByungWanLim/YeTI-You-0Only-Need-
Two-Noisy-Images-for-Real-World-sRGB-Noise-Generation
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Table 1: Comparison between real-world sRGB noise modeling methods.

Generative Model ‘No Need for Clean? Realistic Noise? No Need for Metadata?

(a) NeCA, NAFlow X X
(b) CaN X X
(c) SeNM-VAE X

(d) YeTI (Ours)

1 Introduction

Image denoising is a fundamental problem in computer vision and plays a critical
role in various real-world applications such as photography [6l/17], surveillance [58],
and autonomous driving [25,43,48]. Despite the remarkable progress of deep
learning-based denoisers |7}/8}16/36L|55L/61,/62}/66|, achieving robust performance
in various imaging conditions remains a challenging problem.

In particular, real-world sSRGB denoising poses unique difficulties due to the
complex characteristics of sensor noise and the nonlinear transformations applied
during the image signal processing (ISP) pipeline [12,[13]/46]|. The raw sensor
noise becomes highly distorted after passing through demosaicing, tone mapping,
gamma correction, and other camera-specific operations. Consequently, the noise
distribution in the real-world sRGB domain deviates significantly from simple
Poisson-Gaussian (PG) assumptions [10,32|, making it difficult for supervised
denoising models to generalize well to real-world settings.

Moreover, the scarcity of real-world training datasets leads to overfitting
problems in supervised denoising methods. Although datasets such as SIDD |3]
and MIDD [9] attempt to collect real-world noisy—clean image pairs, the process
is labor-intensive and expensive. This process requires capturing more than a
thousand short- and long-exposure images for each scene under fixed camera
settings and controlled environmental conditions, followed by additional post-
processing to construct high-quality ground truth images.

To reduce the dependence on large-scale real-world data collection, recent
studies [2}/11}23,(27,|32,34,|/69] have modeled real-world noise distributions to
synthesize additional noisy samples. Nevertheless, many of these methods require
paired clean-noisy images or hardware-specific metadata, such as ISO and shutter
speed, which are often unavailable in practical scenarios.

To address these limitations, we introduce YeT1I, a clean-image-free framework
for real-world sRGB noise generation. As illustrated in Fig. [I] and summarized
in Tab. [} our framework eliminates the need for paired clean-noisy images and
camera metadata while synthesizing realistic SRGB noise. Existing sRGB noise
modeling methods differ substantially in their data requirements and generation
realism. Prior methods such as NeCA [11] and NAFlow [27] can synthesize
realistic noise, but require either camera metadata or paired clean-noisy images
for training or noise synthesis. Although C2N [23| learns noise generation in
an unpaired setting, producing realistic noise remains challenging due to the
instability of GAN-based unpaired training [4,49]. SeNM-VAE [69] improves the
realism of generated noise without relying on metadata, but still depends on
paired datasets during training. In contrast, YeTI synthesizes realistic sSRGB
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noise using only two noisy burst observations during training and a single noisy
image during inference, making it substantially more practical for real-world data
acquisition.

At the core of our approach is a Reconstruction Autoencoder (RAE) that
learns a compact latent space for disentangling scene structure and noise charac-
teristics from input noisy images using only two consecutively captured burst
observations. The RAE consists of two specialized encoders, namely a Structure
Encoder and a Noise Encoder, together with a shared decoder. The Structure
Encoder is trained with a contrastive objective [44] to extract noise-invariant
content representations, where the two burst noisy images from the same scene
form a positive pair and images from other scenes within the mini-batch serve as
negatives. Conditioned on these structural representations, the Noise Encoder
captures residual noise-specific information in a dedicated noise latent. The shared
decoder then reconstructs the noisy input using both structural and noise latent
features, preserving the underlying scene content while retaining signal-dependent
and spatially correlated noise characteristics.

To model the distribution of the noise latent, we train a Conditional Diffusion
Transformer (C-DiT) with a one-step consistency objective [41L|42}51]/52]. The
C-DiT is conditioned on the structure and noise latent features extracted from
one noisy observation in the burst pair, and learns to predict the noise latent
extracted from the other observation. This conditional training strategy provides
sensor-specific noise guidance without requiring clean images or camera meta-
data, enabling the model to synthesize novel noise samples rather than merely
reproducing a particular noise instance.

During inference, we sample a latent code from a simple prior and transform
it with C-DiT into a noise latent conditioned on the structure and noise repre-
sentations extracted from a single noisy image. The RAE decoder then maps
the generated latent back to the image space, producing a synthesized noisy
image that preserves the underlying scene structure while exhibiting realistic
noise characteristics.

Through extensive experiments, we demonstrate that YeTT achieves state-
of-the-art noise modeling performance across diverse real-world sensor domains.
Furthermore, downstream denoising experiments show that denoisers trained with
YeTI-synthesized noisy images achieve strong real-world performance, confirming
the practical value of clean-image-free and metadata-free noise generation.

2 Related Works
2.1 Real-World Image Denoising

Image denoising has long been a fundamental problem in low-level vision and
image processing. With the rapid progress of deep learning, recent approaches
have largely shifted toward data-driven frameworks that learn complex noise-to-
clean mappings from large-scale training data. Existing denoising methods can
be broadly grouped into supervised and self-supervised paradigms.

Supervised methods train denoisers using paired clean—noisy images |7}8}/15]
161,128,/36},551/61,(62}65-68]. Representative models, including NAFNet [7] and
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MambalR [16], adopt expressive architectures based on attention mechanisms
or state-space modeling to enlarge the receptive field and capture complex
degradation patterns. Despite their strong restoration performance, these methods
often depend heavily on the training noise distribution, which can lead to degraded
performance under unseen camera devices or imaging conditions. Such sensitivity
limits their generalization ability in diverse real-world environments.

Self-supervised methods alleviate the need for clean ground truth images by
exploiting internal noise statistics or spatial redundancy [33,[35,[38},57}59./64].
Blind-spot-based approaches, such as AP-BSN [35] and LG-BPN [57], have
shown promising performance on real-world noisy images by breaking spatial
noise correlations during training. However, their effectiveness still largely depends
on the diversity and representativeness of the available noisy data. When the
noisy observations are limited or biased toward specific imaging conditions,
self-supervised denoisers may overfit or fail to capture the full real-world noise
distribution. As a result, both supervised and self-supervised paradigms remain
constrained by the difficulty of acquiring diverse, high-quality real-world denoising
datasets.

2.2 Real-World sRGB Noise Generation

To mitigate overfitting caused by limited real-world paired datasets, recent
studies have explored sRGB noise modeling methods that synthesize realistic
noisy images. These methods aim to capture the statistical, spatial, and signal-
dependent characteristics of camera sensor noise, thereby enabling more robust
denoiser training without requiring large-scale additional data collection.

NeCA [11] introduces a neighboring correlation-aware model that explicitly
considers signal dependency and local noise correlations to synthesize realistic
noise. NAFlow [27] further models sSRGB noise distributions using a noise-aware
normalizing flow, enabling realistic noise sampling without camera-specific meta-
data during inference. C2N [23] formulates real-world noise generation as an
unpaired image-to-image translation problem, removing the need for paired super-
vision and metadata. SeNM-VAE [69] adopts a variational inference framework
that supports paired and partially unpaired training schemes. Despite these
advances, existing methods still face practical limitations. NeCA, NAFlow, and
SeNM-VAE require either metadata or paired clean-noisy images during training,
while C2N often struggles to faithfully model real-world sRGB noise due to
the instability of GAN-based unpaired learning. These requirements limit their
practicality and scalability in real-world data acquisition scenarios.

In contrast, our method relaxes these constraints by learning from only two
noisy burst images of the same scene. This design removes the dependency
on clean references and camera metadata during both training and inference,
enabling scalable, metadata-free, and realistic SRGB noise synthesis.

3 Proposed Method
3.1 Preliminaries: One-step Diffusion

Diffusion Models. Diffusion models [20L50}/53] generate data by reversing a
forward corruption process in which 4.i.d. Gaussian noise is added to a clean
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Fig. 2: Overview of the proposed method. (a) Two-stage training phase. (b) Inference
phase.

sample xg. Using reparameterization, the noisy sample at timestep ¢ is written
as:

Xt = X + O¢€, CNN(O7I), te {O,l,...,T}, (1)
where € denotes Gaussian random noise, o; controls the noise level and we set
ay = 1 following the formulation of EDM .

The reverse process is learned by solving the probability low ODE , which

transports xp toward xg. Solving this ODE typically requires many update steps,
which makes the sampling process computationally demanding.
Consistency Models (CM). To enable faster generation, consistency mod-
els learn a direct single-step mapping that produces predictions consistent
with the clean sample x( across different noise levels ;. Specifically, a consistency
model predicts:

f@(Xt7O't) :Xt+/ Tduwxo, (2)

Ot

and is trained with the consistency loss as:
Lot =E Moo d (£ (xesn,001) = se(f” (xe,00))) | 3)

where d(-) is a distance metric, A(:) is a weighting function, and the stop-
gradient operator (sg) stabilizes the training. Specifically, the teacher model
f? provides a stable distillation target to ensure the student network f? learns
consistent mappings along the probability flow ODE trajectory. Following prior
work , we do not apply exponential moving average (EMA) updates
from the student to the teacher, and instead share parameters between them such
that 6~ = 6. The hyperparameters follow the setting in EDM and iCT ,
and additional details are provided in the Supplementary Material Sec. S1.

3.2 Overall Flow

In this work, we propose YeTI to model real-world noise distributions from only
a single noisy input during inference. To achieve this, the model must disentangle
noise characteristics from the underlying scene structure in a given noisy image.
This task is highly challenging, and existing approaches often rely on external
information, such as camera metadata or paired clean images, to guide the
separation.
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Fig. 3: Detailed configuration. (a) Reconstruction Autoencoder (RAE). (b) Residual
Dense Channel Attention (RDCA) block.

In contrast, our approach learns to disentangle noise characteristics from
the underlying scene structure by using burst noisy images captured from the
same scene under identical camera settings during training. This design exploits
the signal consistency shared across burst observations, allowing transient noise
components to be isolated without clean references or camera metadata.

As illustrated in Fig. [2(a), YeTI consists of two main components: a Recon-
struction Autoencoder (RAE) and a Conditional Diffusion Transformer (C-DiT).
Following common latent diffusion practice , the framework is trained in
two stages. First, the RAE learns a disentangled latent space that separates
scene structure from stochastic noise using burst noisy observations. Then, with
the RAE fixed, the C-DiT models the distribution of the noise latent through
a one-step diffusion process, following the consistency training framework .
During inference, C-DiT transforms a randomly initialized latent into a realistic
noise latent conditioned on a single noisy image, which is subsequently decoded
by the RAE to synthesize a new noisy image while preserving the original scene
content.

3.3 Reconstruction Autoencoder (RAE)
As shown in Fig. [3] the key challenge of clean-image-free noise modeling is to
disentangle scene structure from stochastic noise using only noisy observations.
To address this challenge, we propose a Reconstruction Autoencoder (RAE)
consisting of a Structure Encoder &, a Noise Encoder &,,, and a Decoder D.
Unlike previous approaches that rely on synthetic augmentations or restrictive
prior assumptions , our framework exploits the physical redundancy of burst
noisy images. Since two burst observations captured from the same static scene
share identical scene content while containing independent noise realizations,
the RAE can naturally separate invariant structural information from transient
noise components. Consequently, the learned latent representations better reflect
real-world sensor characteristics and provide an effective representation space for
subsequent noise modeling.



YeTl 7

The RAE first extracts scene-invariant structural representations, then sup-
presses redundant structural information to obtain a compact noise representation,
and finally reconstructs the noisy image by combining both latent representations.

Structure Encoder (&;). The Structure Encoder &, serves as the foundation
of the RAE by extracting scene-invariant representations shared across burst
observations. Let I; and I, denote two burst noisy images captured from the
same static scene, where the subscripts indicate the burst indices. Although I
and Iy contain independent noise realizations, they share identical underlying
scene content. We exploit this property through contrastive learning, encouraging
representations extracted from the same scene to be aligned while separating
those from different scenes. As a result, the & preserves structural information
while suppressing noise-specific variations.

As shown in Fig. a), &, first applies RMSNorm [28]/63] to stabilize the
feature distribution across diverse noise conditions. Multi-scale features are then
extracted using Residual Dense Channel Attention (RDCA) blocks, producing
the structure latent representations z3*""* and z5%"°*. The extracted structure
latents are subsequently shared with both the &, and the D. Specifically, they
are used to suppress redundant scene information during noise encoding and
restore structural information during image reconstruction, enabling explicit
structure-noise disentanglement throughout the RAE.

Noise Encoder (£€,,). We introduce a Noise Encoder &, to extract noise-specific
information from I; while suppressing scene structure. As in &, &, follows the
multi-scale design and employs a stack of RDCA blocks to maintain feature com-
patibility across spatial resolutions. To encourage noise-focused representations,
we remove structure-related information from &, through subtractive injection at
each scale, and later restore it in the decoder through additive injection. Unlike
simple feature concatenation, this complementary injection strategy encourages
the &, to focus on stochastic noise characteristics while allowing the Decoder to
recover the removed structural information, leading to improved structure-noise
disentanglement.

Specifically, the structure latent z#°* extracted by &, is transformed into a
scale-specific structure-guidance feature:

G/, = Convsys (Resizeg (COHV3X3 (z%t”‘“))) , (4)

where Resizey denotes spatial interpolation used to match the feature resolution
at scale level £ € {1,2,3}. At each scale, Gy is subtracted from the &, features
to suppress structural information and isolate stochastic noise residuals. Finally,
Layer Normalization (LN) [5] is applied to stabilize the noise feature distribution
across diverse imaging conditions, improving optimization stability and producing
the noise latent z)°ise,

Decoder (D). The Decoder D adopts a symmetric multi-scale architecture
similar to the two encoders. Given the noise latent z¥°'¢ as input, it progressively
reconstructs the noisy image through a multi-scale decoding process. Starting from
the coarsest level (i.e., £ = 3), it progressively upsamples the features and refines
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them with RDCA blocks. Since structural information is intentionally suppressed
in &,, D restores it through additive injection at each scale using the corresponding
structure-guidance feature Gy. This complementary design preserves scene fidelity
while allowing &, to remain dedicated to modeling stochastic noise.

Residual Dense Channel Attention (RDCA) Block. To encode scene
structure and noise statistics into compact latent representations, we introduce a
Residual Dense Channel Attention (RDCA) block. The RDCA block captures
local spatial dependencies through dense convolutional connections and global
channel relationships through channel attention.

As shown in Fig. (3| (b), the RDCA block first extracts dense spatial features

using a stack of convolutional layers |21]. Let F¥ € R 37 % denote the input
feature at scale level £ € {0,1,2,3}, where H and W are the spatial resolution of
the input image and C* is the number of channels at scale £. The dense feature
embedding is defined as:
F]gense :¢([F§7Fg77F§(]) ’ (5)
where F¥ = §(Convsy3(Ff_|)) denotes the i-th intermediate feature, 6(-) is a
LeakyReLU activation, [-] indicates channel-wise concatenation, and ¢(-) is a
3 x 3 convolution used for feature refinement.
To incorporate global contextual information, we apply channel attention |7,
54,61] to the dense feature:
thtn =w' O Ff (6)

Dense»

where © denotes element-wise multiplication. The channel-wise attention weight

w' is computed as:

w' = o (Convix; (6 (Convixi (GAP(FY,))))) . @

where GAP denotes global average pooling and o is the sigmoid function. Finally,
a residual connection is used to stabilize training and produce the output feature:

FZOut = an D thtn’ (8)

where @ denotes element-wise addition. By combining dense spatial feature
extraction with channel attention, the RDCA block effectively captures both
local and global contextual information.

Training Pipeline. The RAE is optimized with a multi-task objective that
reconstructs the input noisy image while encouraging the latent space to sep-
arate scene structure from noise characteristics. The main supervision is the
reconstruction loss Lrecon, defined as the Mean Absolute Error (MAE) between
the reconstructed image I, and the input noisy image I;. This loss preserves
pixel-level fidelity by recovering both the underlying signal and its corresponding
noise realization.

To learn noise-invariant structural representations, we employ a contrastive
loss Lcont based on InfoNCE [44]. Specifically, we compute two embeddings,
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u; = P(&(Iy)) and ug = P(Es(Iz)), where P(-) denotes a projection head
applied to the output of the &;. Since Iy and I, are captured from the same
scene, (uj,ug) forms a positive pair, while embeddings from other samples in
the mini-batch are treated as negatives. This objective pulls representations of
the same scene closer together despite different noise realizations, while pushing
apart representations from different scenes. As a result, & is encouraged to
capture structural information rather than noise-specific variations. To stabilize
contrastive learning, we adopt a momentum teacher encoder 5‘3 ~ updated by
an exponential moving average (EMA) of the online £7 and projection head,
following common practice in self-supervised representation learning [14./18|. This
momentum update provides slowly evolving target representations, facilitating the
learning of scene-invariant structural representations from burst observations with
different noise realizations. During training, 539 is optimized by backpropagation,
while £/ provides target representations. As illustrated in Fig. a), the stop-
gradient (sg) operation prevents gradients from propagating through the teacher
branch.

In addition, we apply a total variation loss L1v [24] to the structure latent
z$U to promote spatial coherence and suppress residual noise. This regu-
larization helps obtain a cleaner structure representation while preserving the
underlying scene content. We also apply an Lo regularization loss Lyorm to the
noise latent z)°5¢ extracted by the &,, which constrains the latent scale and
improves optimization stability.

The final RAE objective is defined as:

‘CRAE - ‘CRecon + )\ContECont + )\TVL:TV + )\NormL‘Norma (9)

where Acont, ATv, and Anorm control the contribution of each loss term. This
objective jointly optimizes faithful reconstruction, robust structure-noise disentan-
glement, and stable latent representations, providing an effective representation
space for the subsequent diffusion-based noise generation.

3.4 C-DiT: Learning Real-World Noise Distribution

Using the compact latent space learned by the RAE, we model the real-world noise
distribution directly in the latent domain. Since the &, extracts representations
that capture the noise characteristics of the input image, learning a generative
model in this space enables realistic noise synthesis.

To this end, we adopt a one-step diffusion framework based on consistency
models, inspired by [30]. This framework learns a direct mapping from a sampled
latent to its target noise latent, enabling efficient generation without iterative
sampling.

Conditioning and Target Latent Features. Given a noisy observation I,
we first extract the target noise latent using the pretrained &,. Specifically, I is
mapped to

Zy — LN(gn(Il)), (10)
which serves as the target latent for the diffusion model. Layer Normalization
(LN) is applied to align the latent distribution and improve the stability of
diffusion training.
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To guide noise synthesis, we construct a conditioning feature z°"d from
the other noisy observation I in the burst pair. This condition combines the
noise latent zY°*¢ = &, (I) and the structure latent z5"°* = £,(I,) through
channel-wise concatenation:

ZCond — [Z2Noise7zgtruct] ) (11)
Here, z)°*¢ is used without LN to preserve raw noise-related statistics, such
as variations induced by sensor type and ISO. Meanwhile, z5'™"* provides a
structural anchor for the underlying scene content. By conditioning on both noise
and structure information, C-DiT learns the signal-dependent characteristics of
real-world noise and synthesizes realistic noise latent features.

Training Pipeline. We apply the diffusion process described in Sec. to the
target latent zg, producing noisy latent variables z; for ¢ € {0,1,...,T}. At each
timestep ¢, the forward process is defined as:

Zy = Zo D 0€, GNN(O,I>, (12)

where o, denotes the noise level. Following the consistency objective in Eq. (3)),
C-DiT is trained to map different points along the same probability flow ODE
trajectory to a consistent target state:

C-DiTy(z¢41, 0141 | 2°°"Y) =~ C-DiTy(zs, 01 | 2°°Y) = 2. (13)

This training objective encourages C-DiT to serve as a stable single-step genera-
tion operator across different noise levels.

3.5 sRGB Noise Generation with Single Noisy Image

With the fully trained RAE and C-DiT, YeTI synthesizes burst noisy images
from a single noisy input. As illustrated in Fig. [2| (b), we first sample a random
latent zp from a predefined normal distribution. Conditioned on latent features
extracted from the input noisy image I, C-DiT transforms zp into a latent code
Zo that captures realistic, signal-dependent noise characteristics. The decoder D
then maps zy back to the image space to generate a synthesized noisy image I
This process enables YeTI to generate diverse noisy images from a single input
while preserving the underlying scene content and matching the input noise
distribution.

4 Experiments

4.1 Experimental Setup
Implementation Details. The RAE is trained with the Adam optimizer 29|
by minimizing the joint objective Lrap defined in Eq. @D The weights of the
individual loss terms are provided in the Supplementary Material Sec S2. We
initialize the learning rate to 1x10~* and use a cosine annealing scheduler [40]
to gradually decrease it to 1x10~% over 200k iterations. During training, we use
randomly cropped 256 x 256 patches with a mini-batch size of 64.

The C-DiT model is trained from scratch without distillation. We optimize it
with the RAdam optimizer [37] using a fixed learning rate of 2x10~% for 100k
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iterations. Following iCT [51], we use the pseudo-Huber loss to optimize the
consistency objective in Eq. . The input images are randomly cropped to
256 %256, producing latent codes of size 32x32, and the mini-batch size is set to
64.

For downstream denoising with the synthesized data, we adopt blind-spot
networks (BSNs), which are trained using only noisy images and therefore align
well with our noise generation setting. Specifically, we use AP-BSN [35] and
MM-BSN [64] with their official training configurations.

All YeTT models are trained on four NVIDIA RTX A6000 GPUs and inference
is evaluated on a single A6000 GPU.

Metrics. We evaluate the quality of the generated noise using the Kullback-
Leibler divergence (KLD) and the Average KLD (AKLD) [60]|. For denoising
performance, we report PSNR and SSIM [56] values.

Dataset. We train YeTI on the SIDD training set [3|, which covers 34 camera
configurations. Following prior works [27},69], we use the SIDD Medium split,
which consists of 320 noisy-clean image pairs captured by five smartphones: Google
Pixel (GP), iPhone 7 (IP), Samsung Galaxy S6 Edge (S6), Motorola Nexus 6 (N6),
and LG G4 (G4). Although clean images are provided, YeTT does not use them
for training; instead, it only exploits the two noisy burst observations available
for each scene, which naturally satisfy the input requirement of our framework.
We use the SIDD validation set to evaluate both generated noise quality and
downstream denoising performance. To assess cross-dataset robustness, we further
evaluate noise generation on SIDD- [1], MAI2021 [22], and the See-in-the-Dark
(SID) dataset [6], which includes images captured by Fujifilm X-T2 and Sony
a7S II cameras. Finally, we use the DND benchmark [45] to evaluate downstream
denoising performance on unseen real-world domains.

Table 2: Quantitative results of synthetic noise on the SIDD validation subset across
different camera devices. The results are computed with KLD] and AKLD/. The best
and second-best results are shown in bold and underline, respectively.

Camera ‘ G4 ‘ GP ‘ 1P ‘ N6 ‘ S6 ‘ Average
Methods | KLD} AKLDJ| KLD{ AKLD}|KLD] AKLD{| KLD| AKLD}|KLD| AKLD||KLD| AKLD|

NAFlow (100%) 0.0254 0.1367 | 0.0352 0.1180 |0.0339 0.1522 | 0.0309 0.1108 |0.0272 0.1355 | 0.0305 0.1306
SeNM-VAE (0.01%)|0.0942 0.1509 | 0.0490 0.1204 | 0.0687 0.1169|0.0731 0.1244 | 0.0512 0.1350 | 0.0672 0.1295
C2N (0%) 0.1660 0.2007 | 0.1315 0.1968 | 0.0581 0.2929 | 0.3524 0.2919 | 0.4517 0.4190 | 0.2129 0.2802

Ours (0%) [0.0226 0.1171(0.0218 0.1017|0.0328 0.1176 [0.0224 0.1024|0.0284 0.1155|0.0256 0.1108

4.2 sRGB Noise Generation Performance

Device-Specific Noise Quality Assessment. In Tab. [2] we evaluate device-
specific noise generation quality using KLD and AKLD. We compare YeTI with
three representative methods under different supervision settings: NAFlow [27]
and SeNM-VAE (69|, which use paired noisy-clean supervision, and C2N [23],
which follows an unpaired setting. For a fair comparison, we synthesize noise using
SIDD validation pairs whose metadata, such as device type and ISO, matches
that of the training set.

Compared with existing methods, YeTI achieves highly competitive perfor-
mance across nearly all device types and obtains the lowest average KLD and
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AKLD scores. The visual results in Fig. 4] further show that YeTI synthesizes
realistic noise patterns that closely match real-world noise in magnitude, spatial
correlation, and signal dependency. These quantitative and qualitative results
demonstrate that YeTT effectively models device-specific noise distributions with
high fidelity.

NAFlow  SeNM-VAE C2N Ours Real NAFlow  SeNM-VAE C2N Ours Real
(100%) (0.01%) (0%) (0%) (100%) (0.01%) (0%) (0%)

9
2
5}
z
0.0661/0.3183 1.9638 /0.6454 0.7461 / 0.4666 0.0148/0.1274 [0.0220/0.1006 | i 0.2048 /0.6795 | {f 0.1016/0.1282 | 00]05 /0.0873
NENENEYEWE
ot 4 $ i
2 '
z '
'
'
L
9
2
5}
Z
i 0.0206/0.2151 0.8882 /0.5354 0.8550/0.5016 0.0152/0.1167 0.0766 /0.5360 1.5161/0.5952 0.4676 /04149 0.0309 /0.2056

Fig. 4: Visualization of synthetic noisy images on the SIDD validation set. From left
to right: NAFlow (100%), SeNM-VAE (0.01%), C2N (0%), Ours (0%, YeTI), and real
noisy images. The percentage indicates the amount of paired data used to train each
noise generation model. Metrics below each image denote KLD]/AKLD].
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Robustness on Various Real-World Datasets. To further validate the
robustness and generalization ability of YeTI, we evaluate the quality of generated
noise on multiple real-world datasets, including SIDD+, MAI2021, and SID. As
reported in Tab. [3] YeTT consistently achieves lower KLD and AKLD scores than
NAFlow across all evaluated datasets. This is particularly notable since NAFlow
requires paired noisy-clean images and camera metadata during training, whereas
YeTI does not rely on either. These results demonstrate the robustness of YeTl
across diverse camera environments and highlight its potential for augmenting
real-world datasets with realistic synthetic noisy images without requiring paired
ground truth or metadata.

Table 3: Quantitative results of synthetic noise on the SIDD++, MAI2021, and SID
datasets (Fujifilm and Sony). All methods are trained with the SIDD training set. The
results are computed with KLD| and AKLDJ]. The best results are shown in bold.

Methods ‘ SIDD-+ MAI2021 Fujifilm X-T2  Sony a7S II ‘ Average
| KLD| AKLD| KLD| AKLD| KLD| AKLD| KLD| AKLD/|KLD] AKLD|

NAFlow (100%)] 0.0493 0.2914 0.7304 2.6465 0.3850 1.4640 0.2970 1.3860 |0.3654 1.4470
Ours (0%) 0.0251 0.1451 0.0795 0.2860 0.1510 0.2410 0.1070 0.3690 |0.0907 0.2603

4.3 Real-World Denoising Performance

Denoising Results on SIDD. To evaluate the effectiveness of generated noise
in a downstream denoising task, we train AP-BSN and MM-BSN on synthetic
noisy datasets generated from the SIDD training set. In Tab. [d] we compare self-
supervised denoisers trained with YeTI-generated images against those trained
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Table 5: Quantitative denoising results on
the DND benchmark dataset using differ-
ent synthetic noisy data generation strate-
gies. We report PSNR and SSIM values for
two denoising backbones, AP-BSN and MM-
BSN. The best and second-best results are

as bold and underline, respectively. denoted as bold and underline, respectively.

Mothods AP-BSN MM-BSN Methods AP-BSN MM-BSN
PSNRT SSIMt PSNRT SSIM{ PSNR1 SSIMt PSNR1 SSIM/

Real Noisy 36.58 0.8865 37.01 0.8915 ,

NAFlow (100%) 36.25 0.8912 36.66 0.8941 Real Noisy 3820 0939 38.61 0941

SeNM-VAE (0.01%) 36.58 0.8911 36.83 0.8868 Ours (0%) 38.37 0.940 38.62 0.942

C2N (0%) 34.06 0.8519 34.15 0.8486 Ours-Mixed (50%) 38.55 0.941 38.70 0.942

Ours (0%) 36.86 0.8946 37.01 0.8950

SeNM-VAE-Mixed (50%) 36.71 0.8927 36.91 0.8894

Ours-Mixed (50%) 37.09 0.8953 37.09 0.8950

with images synthesized by competing methods, including NAFlow, SeNM-VAE,
and C2N;, as well as a Real Noisy baseline. The percentages in parentheses indicate
the proportion of paired clean-noisy data used to train each noise generation
model.

YeTT consistently outperforms competing noise generators and achieves per-
formance comparable to, or slightly better than, the Real Noisy baseline. This
indicates that YeTT synthesizes realistic and diverse noise patterns that help
reduce overfitting by exposing the denoiser to a broader range of noise realizations
than the original training set. Moreover, our Mized strategy, which combines
real and synthetic noisy images, further improves denoising performance and
surpasses both the Real Noisy baseline and other mixed-data approaches. In
contrast, BSN models trained with C2N-generated data show noticeably lower
performance, suggesting that its synthesized noise distribution is less aligned
with the target real-world noise characteristics required for effective denoising.
Qualitative results for both denoisers are shown in Fig.

NAFlow SeNM-VAE C2N Ours
(100%) (0.01%) (0%) (0%)

] ]
|
]

g .17 /0.9337] §{35.03 /0.9316] §[34.93 /0.9337] 1] 36.68 /

28.10/0.7639

NAFlow SeNM-VAE C2N

(100%) (0.01%) (0%) (0%)

. 3653/ .
. 36.67/0.9147) [36.84/0.9145 37.21/0.9215 .

Fig. 5: Visual comparison. Denoising results on SIDD validation set from AP-BSN and
MM-BSN trained on each method. From left to right: noisy image, NAFlow (100%),
SeNM-VAE (0.01%), C2N (0%), Ours (0%, YeTI), and clean GT. The percentage
indicates the amount of paired data used to train each noise generation model. Numbers
below each image denote PSNR1/SSIMT.

Denoising Results on External Dataset. To evaluate the generalization
of synthetic noise beyond the original training distribution, we further conduct
downstream denoising experiments on the DND benchmark. Since DND does not
provide clean-noisy pairs for training, YeTI synthesizes noisy images using only
the available noisy observations. As shown in Tab. [5} AP-BSN and MM-BSN

Ours

Noisy Clean Noisy Clean

BSN

MM

31,

99/0.7756.
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trained on YeTl-generated data achieve performance comparable to, or slightly
better than, the Real Noisy baseline. In addition, the Mized strategy, which
combines real and synthetic noisy images, provides further performance gains.
These results indicate that YeTT can generate effective training data for unseen
real-world domains and improve denoising robustness without requiring clean
ground truth.

Table 6: Quantitative results of meta- Table 7: Evaluation of 25" purity on
data classification on SIDD validation. We  SIDD validation. We decode images using

evaluate the impact of Noise Encoder com- only z3""* (i.e., 2M°®¢ = 0) and compare
ponents on classification accuracy 1. against Clean GT.
Methods ‘Camera Sensor (%)‘W Methods ‘PSNRT SSIM?T

‘ |Top-1 (%) Top-3 (%)

w/0 Lcont| 15.49 0.4855

N?’Silm””e‘ :228 | i;g ;iﬁ: w/o Head | 17.21 0.6769
W/0 LNorm .65 . .

w/o Head 59.70 51.20 85.66 w/o Lry | 2149 0.7090
Ours \ 76.20 | 65.22  94.87 Ours | 23.06 0.7597

4.4 Ablation Study

Noise Latent Quality Evaluation. To examine whether z captures intrin-
sic noise characteristics, we conduct a metadata classification task. Specifically,
we train a ResNet-based classifier [19] to classify 16 noise profiles defined by
five camera sensors and their corresponding ISO levels. As shown in Tab. [6]
our full model achieves the highest accuracy, outperforming the Noisy Image
baseline. Removing either the projection head or Lnom decreases the classifica-
tion accuracy, demonstrating their importance in learning a discriminative noise
representation. In particular, Lnorm constrains the noise latent and discourages
the &, from encoding redundant scene structure, guiding it to focus on stochastic
noise statistics. These results indicate that &, extracts noise-specific attributes
that are useful for accurate real-world sRGB noise modeling.

Noise

Structure Latent Quality Evaluation. To evaluate the quality of the structure
latent z5t"°t we perform a reconstruction test by feeding only the structure
latent into the RAE decoder while setting zN°¢ to zero. The reconstructed image
is then compared with the clean ground truth. As shown in Tab. [7] removing
either Lcont or the projection head P leads to lower PSNR and SSIM, indicating
weaker structure-noise disentanglement. Without these components, the model
tends to rely more on zN°¢ for reconstruction, leaving z5™"t less informative.
In contrast, our full model preserves scene-specific structural information more
effectively while encouraging &, to focus on sensor-specific noise statistics. In
addition, Lpy further improves the structure representation by suppressing
residual high-frequency noise.

Analysis on Conditioning Strategy. We compare our dual-conditioning
strategy with a Single Encoder baseline, which uses the Noise Encoder architec-
ture &, without structural suppression through subtractive injection. As shown
in Tab. |8} our method consistently achieves lower KLD and AKLD scores across
all evaluated datasets. This improvement comes from the &, which separates
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invariant scene information from noise-related features, allowing C-DiT to model
the target noise distribution with less structural interference. By using z5t as
a stable structural anchor and zN°'° as statistical noise guidance, YeTI produces
more realistic noisy images. The resulting improvement in noise fidelity also
leads to higher downstream PSNR for AP-BSN, demonstrating that disentangled
conditioning is beneficial for real-world noise modeling and restoration.

Table 8: Ablation study on the conditioning mechanism of C-DiT on the SIDD
validation, SIDD+, and MAI2021 datasets. We evaluate the efficacy of disentangled
conditioning by comparing the baseline using a single latent representation against our
strategy utilizing 25" and z™°'se,

Method | SIDD \ SIDD+ \ MAI2021
[KLD/AKLD(}) PSNR/SSIM(1)|KLD/AKLD(]) PSNR/SSIM(1)|KLD/AKLD(}) PSNR/SSIM(1)

Single Enc| 0.0275/0.1118  36.82/0.8942 | 0.0322/0.1624  35.74/0.9037 | 0.1584,/0.4309  33.73/0.8589
Ours 0.0256/0.1108  36.86,/0.8946 | 0.0251/0.1451  35.81/0.9104 | 0.0793/0.2860  34.40/0.8798

5 Conclusion

We presented YeTlI, a clean-image-free and metadata-free framework for real-world
sRGB noise generation. Unlike prior approaches that rely on paired clean-noisy
images or camera metadata, YeTI learns from only two noisy observations of the
same scene during training and requires only a single noisy image at inference.
By disentangling scene structure and noise characteristics with a Reconstruction
Autoencoder (RAE) and modeling the latent noise distribution using a one-step
Conditional DiT (C-DiT) trained with consistency objectives, YeTI synthesizes
realistic, signal-dependent noise while preserving the underlying scene content.
Extensive experiments demonstrate that YeTI effectively captures device-specific
noise distributions and generalizes across diverse real-world sensor domains.
Moreover, self-supervised denoisers trained with YeTI-synthesized data achieve
competitive performance compared to those trained on real noisy images, con-
firming the practical value of scalable noise generation without clean references or
metadata. These results suggest that two-noisy-observation-based noise modeling
is a promising direction for building robust real-world image restoration systems.
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