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Figure 1. Overview of the challenges and paradigms in multi-domain RAW-to-RAW (RAW2RAW) translation. (a). RAW images
captured under the same scene vary across sensors due to differing spectral sensitivity and noise characteristics. (b). Without RAW2RAW
translation, domain-specific task models must be independently trained for each camera. (c). One-to-one translation enables shared task
models, but requires a separate translation model for every source-target pair, leading to scalability issues. (d). Our proposed method,
MERIT, introduces a unified multi-domain RAW2RAW translator that supports all domains with a single model. (e). MERIT achieves su-
perior scalability in both parameter count and training iterations as the number of camera domains increases, outperforming prior methods.

Abstract

RAW images captured by different camera sensors exhibit
substantial domain shifts due to varying spectral responses,
noise characteristics, and tone behaviors, complicating
their direct use in downstream computer vision tasks. Prior
methods address this problem by training domain-specific
RAW-to-RAW translators for each source–target pair, but
such approaches do not scale to real-world scenarios in-
volving multiple types of commercial cameras. In this work,
we introduce MERIT, the first unified framework for multi-
domain RAW image translation, which leverages a single
model to perform translations across arbitrary camera do-
mains. To address domain-specific noise discrepancies, we
propose a sensor-aware noise modeling loss that explicitly
aligns the signal-dependent noise statistics of the generated
images with those of the target domain. We further enhance
the generator with a conditional multi-scale large kernel
attention module for improved context and sensor-aware

feature modeling. To facilitate standardized evaluation,
we introduce MDRAW, the first dataset tailored for multi-
domain RAW image translation, comprising both paired
and unpaired RAW captures from five diverse camera sen-
sors across a wide range of scenes. Extensive experiments
demonstrate that MERIT outperforms prior models in both
quality (+5.56 dB) and scalability (80% reduction in train-
ing iterations). Our code is available here.

1. Introduction

In recent years, the potential of camera RAW data has been
increasingly explored and leveraged across a wide range
of downstream vision tasks, including low-level restoration
(e.g., super-resolution [7, 34], low-light imaging [3, 15],
and reflection removal [17]), high-level perception (e.g., ob-
ject detection [8, 31], instance segmentation [4, 13], and
pose estimation [19]), and 3D reconstruction [9, 16, 23].
Alongside the growing research interest in RAW-based vi-
sion tasks, commercial cameras and smartphones have also
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been rapidly evolving. For instance, flagship smartphones
introduce diverse RAW formats, such as Apple ProRAW™,
Samsung Expert RAW™, and standard DNG options on
Android devices [28, 36], reflecting the growing hetero-
geneity of RAW data across mobile imaging systems. The
diversity in RAW formats also leads to significant inter-
device variability in captured data, even when capturing the
same scene; this variability can significantly affect color,
dynamic range, and noise structure (Fig. 1 (a)). There-
fore, multiple camera-specific downstream task models are
needed (Fig. 1 (b)). This domain shift roots in the physics
of image formation [24]. An ideal image formation can be
expressed as:

I(x) =

∫
ω

Rc(λ)S(x, λ)L(λ)dλ, (1)

where λ represents the wavelength, ω denotes the visible
spectrum, ρ(x, λ) is the spectral power distribution of the
illuminant. The term S(x, λ) represents the scene’s spectral
response at pixel x, and L(λ) is the lighting in the scene. Rc

is the camera’s spectral response, and c is the color channel,
which are the variables that change in this case.

Recent work [1, 25, 27, 33] addressed this challenge
through domain-specific RAW-to-RAW (RAW2RAW)
translation, which seeks to map RAW images from one
camera’s domain to another, enabling the reuse of a fixed
downstream task model trained on a particular camera
(Fig. 1 (c)). These methods rely on supervised or unsuper-
vised learning to perform domain alignment, but are inher-
ently limited to one-to-one mappings between two camera
domains. As a result, they do not scale well in scenarios in-
volving multiple camera domains, where training a separate
model for each camera pair becomes costly and impractical.

To overcome this scalability bottleneck, we propose the
first unified framework for multi-domain efficient RAW
image translation (MERIT). MERIT is capable of trans-
lating a RAW image from any source domain to any de-
sired target domain, using a single model conditioned on
domain embeddings (Fig. 1 (d)). MERIT introduces a uni-
fied multi-domain RAW2RAW translation architecture that
enables one-to-many and many-to-many transfers using a
single model. It maintains a superior translation perfor-
mance compared with prior work while improving the scal-
ability as the number of domains increases (Fig. 1 (e)).

While existing methods attempt to learn RAW domain
characteristics implicitly through adversarial training, we
observe that a significant portion of domain-specific varia-
tion arises from camera-dependent noise patterns. There-
fore, motivated by the physical Poisson-Gaussian nature
of RAW noise [11], we introduce a noise-aware loss that
guides the model to match the statistical noise properties of
the target domain. This shift from implicit to explicit mod-
eling improves both the realism and fidelity of the translated
RAW images, especially in noise-sensitive regions.

In addition, to enable effective context aggregation for
RAW2RAW translation, we introduce a novel Multi-Scale
Large Kernel Attention (MS-LKA) module that enhances
spatial perception and enables domain-adaptive modulation,
allowing the model to capture fine-grained local patterns
and long-range dependencies simultaneously. This is partic-
ularly well-suited for RAW images, where signal distribu-
tions and noise characteristics vary across spatial scales and
sensor types. This design not only improves the model’s ca-
pacity to learn sensor-specific mappings but also maintains
architectural efficiency with minimal parameter increase.

To facilitate training and evaluation in this new setting,
we also introduce the first benchmark dataset for multi-
domain RAW translation (named MDRAW), composed of
519 unpaired RAW images captured across a diverse set of
camera sensors, lighting conditions, and scenes. MDRAW
also includes multiple aligned image groups (285 images
/ 57 groups) across camera domains, enabling quantitative
evaluation. The key contributions of the paper are:
• We propose MERIT, the first multi-domain RAW2RAW

translation framework that generalizes RAW image trans-
lation across multiple camera domains using a single
model. Our architecture can flexibly convert RAW im-
ages between arbitrary domain pairs during inference.

• We introduce a novel explicit noise modeling that en-
forces statistical consistency of signal-dependent noise
across domains, improving translation fidelity under chal-
lenging conditions.

• We employ a multi-scale large kernel attention to enhance
the spatial perception, enabling domain-adaptive modula-
tion given target domain information.

• We construct and release MDRAW, the first benchmark
dataset of multi-domain RAW images for training and
evaluating RAW2RAW translation at scale.

• Extensive experiments on existing and MDRAW demon-
strate that MERIT significantly outperforms prior models
in both quality (+5.56 dB) and scalability (2× smaller).

2. Method

2.1. Overall Framework

Let X and Y be the sets of RAW images and RAW do-
mains, respectively. Given an image Ia ∈ X from the
source domain a ∈ Y , our goal is to train a single gen-
erator G that can generate the corresponding RAW images
Îb of an arbitrary target domain except the source domain
b ∈ Y \{a}. We use a learnable style encoder E to generate
domain-specific style embedding for each domain and train
G to reflect the style embeddings. Fig. 2 (a) illustrates an
overview of MERIT, which consists of three key modules.
Generator (Fig. 2 (c)). The generator G translates an input
image Ia into an output image Îb = G(Ia, sb) reflecting the
domain-specific style embedding sb, which is provided by
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Figure 2. MERIT Framework Overview. (a). Overall architecture of MERIT. (b). The style encoder E extracts domain-specific
embeddings from target RAW exemplars using a transformer-based architecture. (c). The generator G synthesizes target-domain RAW
images. (d). The discriminator D operates on image patches and predicts the realism of each patch, using majority voting to make final
decisions. (e). The proposed MS-KLA module captures multi-scale features and modulates them via style-aware channel attention.

E . sb is designed to represent the style of a specific domain
b, which removes the necessity of providing a reference im-
age to G and allows G to translate images of all domains.
Style encoder (Fig. 2 (b)). Given an image Ib from domain
b, our encoder E extracts the style embedding sb = E(Ib)
of Ib. The extracted sb is domain-specific and content-
independent. This means any images from the same domain
should result in a similar embedding, while it may still de-
pend on some characters (e.g., brightness). We discuss this
in Sec. 3.
Discriminator (Fig. 2 (d)). We also incorporate a discrim-
inator D to supervise the training of G. D receives as input
the translated image, reference images from the target do-
main, and the target domain index, and determines whether
the input is a real sample from the target domain or a synthe-
sized output. Following the patch-based adversarial strat-
egy of [14], each image is partitioned into smaller patches,
which are independently evaluated by D to classify each as
real or fake. The image-level prediction is obtained via ma-
jority voting over the patch-level decisions, encouraging G
to produce globally coherent and locally realistic outputs.

2.2. Sensor-Aware Noise Modeling (SANM)
Unlike sRGB image-to-image translation, only generating
visually realistic images is not sufficient for RAW2RAW

RAW Image Gradient 
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Selected Patches Calculated 
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RAW Image Gradient 
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Selected Patches
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Figure 3. Visualization of the sensor-aware noise modeling pro-
cess. (a). Input RAW image. (b). Gradient magnitude map com-
puted via the Sobel operator. (c). Red-shaded regions indicate
low-texture patches selected for sensor noise profile estimation.

translation; capturing the sensor-dependent noise statistics
is essential to preserve physical plausibility, especially un-
der high ISO or low-light conditions. Traditional GAN-
based translation frameworks attempt to learn such char-
acteristics implicitly, but often fail to replicate domain-
specific noise patterns accurately.
Noise Modeling in RAW. In RAW data, which remains
in the linear light domain, the sensor noise can be well-
approximated by a Poisson-Gaussian mixture model [11]:

Var(x) = α · z + β, (2)
where x is the noisy observed signal, z is the true scene

intensity, α captures the signal-dependent shot noise, and β
models the signal-independent read noise. Our goal is to en-



sure that the translated RAW images exhibit the same noise
profile (i.e., the functional dependence between intensity
and variance) as the real RAW images from the target sen-
sor domain. To achieve this, we introduce a differentiable
histogram-based noise loss, Lnoise, which aligns the noise
characteristics of the generated image with those of the real
target-domain RAW images. Given an input RAW image
(Fig. 3 (a)), we extract small, non-overlapping patches and
compute the mean intensity and robust variance estimate via
median absolute deviation for each patch. To ensure that the
variance reflects sensor noise rather than texture, we use a
Sobel gradient magnitude filter to identify flat regions, i.e.,
the patches with minimal structural content. (Fig. 3 (b) vi-
sualizes the calculated gradient magnitude map.) Patches
are retained if their average gradient falls below a percentile
threshold, as demonstrated in Fig. 3 (c), making the influ-
ence from local texture minimal, and the variance is domi-
nated by sensor noise.

Let µi and σ2
i denote the mean intensity and variance of

the i-th flat patch. We bin the patches based on µi into fixed-
width intensity bins (e.g., 100 bins in [0, 1]), and compute
the average variance per bin. This yields a noise histogram
Hfake ∈ RC×B for the generated image, where C is the
number of channels and B the number of bins. The tar-
get noise profile Hreal is precomputed from real images in
the target domain using the same procedure and stored as a
lookup table. Lnoise compares the two histograms:

Lnoise =
1

BC

C∑
c=1

B∑
b=1

|Hfake[c, b]−Hreal[c, b]| · 1valid[c, b],

(3)
where 1valid masks out empty bins to avoid degenerate gra-

dient flow. Lnoise is fully differentiable, robust to image
content, and grounded in a physical noise model. It enables
the generator to learn not only the appearance style of the
target sensor domain but also its statistical noise behavior,
resulting in more realistic and sensor-faithful outputs.

2.3. Multi-Scale Large Kernel Attention

RAW images exhibit unique characteristics compared to
sRGB data, such as spatially correlated illumination pat-
terns, sensor-specific tone responses, and signal-dependent
noise distributions. Modeling these requires a network to
perceive global spatial relationships while maintaining the
precise local structure of the RAW signal. Conventional
convolutions fail to capture such long-range dependencies,
whereas transformer-based attention models are computa-
tionally expensive for high-resolution inputs. To bridge this
gap, we extend the concept of large kernel attention [12],
introducing a multi-scale large kernel attention (MS-LKA)
module on the upsampling path of G. MS-LKA aggregates
features at multiple spatial scales without relying on expen-
sive self-attention, as visualized in Fig. 2 (e).

Multi-Dilation Feature Extraction. Given an input feature
map Fin ∈ RC×H×W , we apply three parallel branches
of depthwise convolutions with large kernels and distinct
dilation rates. Each branch captures context at a differ-
ent receptive field scale, producing intermediate features
F1, F2, F3 ∈ RC×H×W , which are then concatenated
channel-wise and compressed via a 1 × 1 convolution to
maintain dimensionality. The resulting fused feature map
Fconcat = Conv1×1([F1;F2;F3]) integrates spatial cues
across a wide range of receptive fields.
Style-Modulated Channel Attention. To adaptively
weight the multi-scale features according to the target do-
main, we introduce a style-conditioned attention mecha-
nism. The style embedding s, extracted from the style en-
coder, is processed by a lightweight feed-forward network
(FFN) to produce channel-wise attention weights As ∈ RC .
These weights are applied to the fused feature map via
element-wise multiplication: Fout = As ⊙ Fconcat.

This modulation allows G to dynamically emphasize
domain-relevant channels conditioned on the desired sensor
style embedding. Compared to conventional convolution
blocks or static attention layers, our MS-LKA module offers
three distinct advantages for RAW2RAW translation: it ex-
pands the effective receptive field while maintaining convo-
lutional inductive bias; it enables domain-aware adaptation
through style-guided attention; and it integrates efficiently
into our generator without significant parameter overhead.

2.4. Loss Functions.
Given an image Ia, we train our framework using the fol-
lowing objectives.
Adversarial objective. During training, we sample a target
domain b ∈ Y \ {a}, and randomly select an RAW image
Ib from this domain. We compute its style embedding sb =
E(Ib), and generate a translated image Îb = G(Ia, sb). The
discriminator D is trained to correctly classify real RAW
images and distinguish them from generated ones using the
adversarial loss:

LD
adv =EIa [logD(a|Ia)]+

EIa,Ib [log (1−D(b|G(Ia, E(Ib))))], (4)

LG
adv = EIa,Ib [logD(b|G(Ia, E(Ib)))], (5)

where D(a|·) denotes the output of D corresponding to
domain a. G learns to utilize sb and generate an image
G(Ia, sb) that is indistinguishable from real RAW images
of the domain b.
Style reconstruction. To enforce G to utilize the style em-
bedding, we apply a style reconstruction loss:

Lstyle = EIa,Ib

[∥∥E(Ib)− E(G(Ia, E(Ib)))
∥∥
1

]
(6)

Specifically, after generating the image Îb = G(Ia, E(Ib)),
we re-extract the style embedding from the generated im-
age using the same encoder E . The loss minimizes the L1



distance between the original and reconstructed style em-
beddings, encouraging style consistency.
Preserving source semantics and content. To ensure that
G preserves domain-invariant characteristics, such as con-
tent and layout, we adopt a cycle consistency L1 loss:
Lcycle−L1 = EIa,Ib

[∥∥Ia − G(G(Ia, E(Ib)), E(Ia))
∥∥
1

]
(7)

Specifically, given a source image Ia and a target style em-
bedding E(Ib), we first generate the translated image then
translate it back to the source domain using the original
style embedding E(Ia), and minimize the L1 distance be-
tween the reconstructed image and the original input.

Empirically, unlike sRGB image translation, we observe
that solely relying on pixel-wise L1 loss is insufficient for
RAW2RAW translation to preserve structural and seman-
tic content. The L1 term enforces intensity alignment but
fails to maintain consistent texture and fine-grained sen-
sor details. We introduce a cycle-consistency SSIM loss
that complements the L1 reconstruction by encouraging
higher perceptual and structural fidelity between the origi-
nal and cycle-reconstructed RAW images:
Lcycle-SSIM = EIa,Ib

[
1− SSIM

(
Ia,G(G(Ia, E(Ib)), E(Ia))

)]
,

(8)
The full loss function is constructed as:

Ltotal =λ1Lnoise + λ2LD
adv + λ3LG

adv

+ λ4Lcycle−L1 + λ5Lcycle−SSIM , (9)
where λ1, · · · , λ5 are emperical hyper-parameters.
3. Experiments
Datasets. In this section, we provide a description of the
datasets used in this work. Particularly, we use two datasets:
(i). RAW-to-RAW mapping dataset [1]. It contains a total
of 392 unpaired RAW images (196 from each of the Sam-
sung Galaxy S9 and iPhone X). Additionally, the dataset
includes 115 paired testing RAW images from each cam-
era for evaluation. (ii). our collected dataset, Multi-Domain
RAW (MDRAW). As one of our contributions, we propose
MDRAW, a new dataset of RAW images captured by five
cameras with different sensors: Samsung Galaxy S23 Ul-
tra, Huawei P30, iPhone 13 Pro, Nikon Z5, and Canon EOS
Rebel T6. Fig. 5 (a) shows example RAW images from
each camera. To the best of our knowledge, there is no pub-
licly available dataset of RAW images captured by multiple
cameras that meets our setup requirements (i.e., containing
both unpaired and paired RAW image sets under diverse
illuminations and scenes). MDRAW consists of unpaired
and paired RAW images for each camera with their corre-
sponding sRGB images. Tab. 1 summarizes the sensor and
statistics of MDRAW. More details about the datasets are
provided in the supplementary material.

To construct a high-quality, pixel-level evaluation bench-
mark across multiple RAW domains, we also extract spa-
tially aligned patch pairs from images of the same scene

Camera Sensor No. of unpaired images

Samsung Galaxy S23 Ultra ISOCELL HP2 81
Huawei P30 Sony IMX650 Exmor RS 119
iPhone 13 Pro Max Sony IMX703 98
Nikon Z5 Sony IMX128 114
Canon EOS Rebel T6 DIGIC 4+ 107

Table 1. Summarization of our collected dataset (MDRAW).
taken by different devices (as shown in Fig. 5 (b)). Since
no ground truth pixel-level alignment exists between im-
ages from different sensors, we adopt a feature-based cor-
respondence approach to identify regions suitable for eval-
uation. Specifically, we extend the LoFTR [29] to operate
across domains, using a multi-stage pipeline that combines
dense matching, geometric verification, spatial filtering, and
patch-level synchronization. The whole construction pro-
cess is discussed in detail in the supplementary material.
Metrics. We assess the models utilizing three commonly
accepted metrics: mean absolute error (MAE), peak signal-
to-noise ratio (PSNR), structural similarity index measure
(SSIM) [32], and KL divergence. Details about the adopted
metrics are discussed in the supplementary material.
Training Details. We train our model with a batch size of
8 using the Adam optimizer (β1 = 0.9, β2 = 0.99), on a
NVIDIA H200 GPU. The learning rate is fixed at 1× 10−4

for all network components, including the generator, dis-
criminator, and style encoder. The training process is con-
ducted for 200,000 iterations. We apply random horizontal
flipping (p = 0.5) as the data augmentation strategy. All in-
put RAW images are pre-processed into 256× 256 patches.
All models are trained on unpaired images and evaluated
on paired image sets to assess cross-domain translation per-
formance. During evaluation, we adopt a brightness-based
reference image selection strategy. Specifically, for each
input, we select the target-domain image from the trainset
with the most similar brightness as the reference for style
embedding extraction. Brightness similarity is quantified
using channel-wise means: we compute the spatial mean
of each of the four Bayer channels to form a 4-dimensional
channel-mean vector, which is then used for comparison. In
addition to these settings, we use the following loss weights
in our full objective: λreg = 1, λcyc = 10, λsty = 1, λds = 5,
λid = 1.0, λnoise = 1.0, and λSSIM

cyc = 0.1.

3.1. Results
Fig. 4 presents a visual comparison of different methods on
RAW-to-RAW mapping dataset. Odd-numbered rows de-
pict the RAW outputs, while even-numbered rows display
the corresponding absolute error maps with respect to the
ground truth. MERIT consistently produces translated im-
ages with fewer perceptual artifacts and lower reconstruc-
tion errors. Compared to prior methods, MERIT gener-
ates outputs with more faithful scene illumination and finer
structural alignment, especially in regions with sharp edges
or strong color contrast. The error maps show that MERIT
leads to smaller residuals, in terms of magnitude and spatial
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Figure 4. Qualitative results on the RAW-to-RAW mapping dataset. Each group of images (from left to right) shows: the input source
RAW image, predictions from CUT [26], Xie et al. [33], CycleGAN [37], UVCGAN [30], Rawformer [27], our method MERIT, and
the target ground truth. Odd-numbered rows display the translated RAW outputs, while even-numbered rows visualize the corresponding
absolute error maps with respect to the ground truth.

Training Paradigm Model Samsung-S9→iPhone-X iPhone-X→Samsung-S9
PSNR↑ SSIM↑ MAE↓ PSNR↑ SSIM↑ MAE↓

Non-learning
Global calibration (3×3) [24] 24.52 0.71 0.049 17.03 0.51 0.160
Global calibration (poly) [24] 24.88 0.72 0.048 16.88 0.50 0.160

FDA [35] 20.95 0.48 0.060 19.18 0.47 0.090

Semi-supervised Afifi et al. [1] 29.65 0.89 0.027 28.58 0.90 0.033

Unsupervised

CycleGAN [37] 24.55 0.76 0.046 25.21 0.76 0.042
Cut [26] 23.51 0.71 0.050 22.44 0.71 0.053

Swin-UNIT [20] 23.92 0.72 0.057 23.77 0.75 0.051
Chai et al. [2] 29.35 0.86 0.028 27.78 0.86 0.037

UVCGAN [30] 27.22 0.82 0.031 26.10 0.79 0.037
Xie et al. [33] 29.73 0.90 0.025 28.09 0.89 0.037

Rawformer [27]∗ 29.32 0.90 0.023 28.45 0.88 0.034
MERIT (Ours) 35.29 0.91 0.015 31.90 0.85 0.021

∗ We retrain the model under the same settings as our MERIT and other baselines, since the results reported in the
original paper were trained on the images demosaiced using the Menon algorithm [22].

Table 2. Quantitative results on the RAW-to-RAW mapping
dataset. Best results are bolded and second-best are underlined.

extent, indicating superior pixel-level accuracy.
Tab. 2 presents a comprehensive quantitative comparison

across various training paradigms. MERIT consistently out-
performs all baselines, achieving state-of-the-art (SOTA)
results under the unsupervised setting. Traditional non-
learning approaches perform poorly, especially in the direc-
tion iPhone→Samsung, with MAE values exceeding 0.16.
This demonstrates the inherent limitations of linear map-
pings in modeling complex inter-sensor differences. Afifi et
al. [1] performs competitively but requires paired super-
vision. In contrast, MERIT achieves outstanding results

without any paired supervision, validating the strength of
our unsupervised multi-domain training strategy. Among
unsupervised baselines, prior GAN-based and contrastive
methods yield moderate performance but lag behind re-
cent domain-specific designs, such as Rawformer [27] and
Xie et al. [33]. Even so, MERIT consistently outper-
forms these tailored approaches in 5 out of 6 evalua-
tion metrics across both translation directions. MERIT
achieves a PSNR gain of +5.56 dB and a MAE reduc-
tion of 0.008 on Samsung→iPhone, while also improv-
ing iPhone→Samsung by +3.45 dB in PSNR and reducing
MAE by 0.013. These results emphasize the importance
of our innovations in effectively bridging the spectral diver-
sity of real-world cameras, confirming the effectiveness and
robustness of MERIT in producing high-quality and seman-
tically consistent RAW image translations.

Tab. 3 presents a comprehensive evaluation of our
MERIT against two strong baselines, UVCGAN [30] and
Xie et al. [33], across all pairwise source-to-target cam-
era domain combinations in our proposed MDRAW dataset.
Each cell summarizes the performance for a specific do-
main pair using four metrics: MAE, PSNR, SSIM, and KL



Source
Target Samsung Huawei iPhone Nikon Canon

Samsung –
0.026 / 30.77 / 0.77 / 1.53
0.026 / 31.15 / 0.78 / 1.46
0.025 / 31.27 / 0.78 / 1.24

0.036 / 29.11 / 0.75 / 1.64
0.036 / 28.88 / 0.76 / 1.89
0.035 / 29.11 / 0.77 / 1.73

0.038 / 27.99 / 0.72 / 2.36
0.037 / 28.21 / 0.72 / 2.28
0.034 / 28.71 / 0.73 / 2.06

0.047 / 26.71 / 0.72 / 3.18
0.045 / 27.16 / 0.73 / 2.77
0.043 / 27.59 / 0.75 / 2.65

Huawei
0.028 / 30.26 / 0.74 / 1.73
0.032 / 29.15 / 0.73 / 1.65
0.029 / 30.26 / 0.76 / 1.51

–
0.033 / 29.20 / 0.77 / 2.38
0.035 / 28.48 / 0.76 / 2.03
0.033 / 29.23 / 0.79 / 2.30

0.033 / 29.43 / 0.75 / 2.05
0.032 / 29.52 / 0.74 / 1.93
0.032 / 29.39 / 0.75 / 1.89

0.045 / 26.98 / 0.72 / 3.63
0.043 / 27.46 / 0.73 / 2.59
0.042 / 27.60 / 0.75 / 3.07

iPhone
0.038 / 28.71 / 0.73 / 1.55
0.035 / 29.07 / 0.72 / 1.67
0.034 / 29.12 / 0.74 / 1.42

0.033 / 29.07 / 0.74 / 2.17
0.030 / 30.19 / 0.76 / 1.91
0.029 / 29.77 / 0.76 / 1.87

–
0.044 / 26.67 / 0.69 / 2.79
0.039 / 27.68 / 0.71 / 2.58
0.038 / 27.68 / 0.72 / 2.50

0.046 / 26.01 / 0.70 / 2.85
0.038 / 28.17 / 0.73 / 2.30
0.041 / 27.09 / 0.74 / 2.47

Nikon
0.039 / 27.64 / 0.69 / 2.65
0.041 / 26.79 / 0.67 / 2.69
0.039 / 27.37 / 0.70 / 2.60

0.034 / 28.58 / 0.70 / 2.54
0.033 / 28.83 / 0.74 / 2.65
0.033 / 28.92 / 0.74 / 2.47

0.044 / 26.54 / 0.71 / 3.15
0.043 / 26.32 / 0.71 / 2.65
0.043 / 26.61 / 0.73 / 3.16

–
0.033 / 29.31 / 0.76 / 2.12
0.033 / 29.38 / 0.77 / 2.20
0.032 / 29.51 / 0.78 / 2.32

Canon
0.047 / 26.61 / 0.70 / 3.06
0.049 / 25.78 / 0.66 / 2.82
0.045 / 26.49 / 0.70 / 2.79

0.044 / 26.88 / 0.71 / 3.20
0.042 / 27.08 / 0.70 / 3.28
0.041 / 27.15 / 0.72 / 3.24

0.044 / 26.40 / 0.73 / 2.94
0.043 / 26.07 / 0.71 / 2.31
0.042 / 26.42 / 0.73 / 2.63

0.033 / 29.13 / 0.75 / 2.11
0.032 / 29.31 / 0.75 / 1.99
0.031 / 29.27 / 0.76 / 2.27

–

Table 3. Cross-domain RAW2RAW translation results on MDRAW. Each cell reports results for translation from a source domain
(column) to a target domain (row). Within each cell, three lines correspond to different methods: UVCGAN [30], Xie et al. [33] , and

MERIT (Ours) . Each line contains four metrics in the order of MAE(↓)/ PSNR(↑)/ SSIM (↑)/ KL Divergence(↓).

Setting Source→Target MAE↓ PSNR↑ SSIM↑

Baseline

iPhone-X → Samsung-S9 0.0256 30.99 0.8357
Samsung-S9 → iPhone-X 0.0186 33.75 0.8841
Avg all 0.0221 32.37 0.8599

+ SANM

iPhone-X → Samsung-S9 0.0250 31.24 0.8426
Samsung-S9 → iPhone-X 0.0169 34.37 0.8966
Avg all 0.0210 32.71 0.8682

+ MS-LKA + SANM

iPhone-X → Samsung-S9 0.0226 31.74 0.8482
Samsung-S9 → iPhone-X 0.0164 34.66 0.9006
Avg all 0.0195 33.20 0.8744

+ MS-LKA + SANM + Lcycle−SSIM

iPhone-X → Samsung-S9 0.0219 31.90 0.8508
Samsung-S9 → iPhone-X 0.0151 35.29 0.9104
Avg all 0.0185 33.60 0.8806

Table 4. Ablation study on RAW-to-RAW mapping dataset.
divergence. Across the 20 non-diagonal translation pairs,
MERIT consistently achieves the best or second-best per-
formance in nearly every metric and direction. Specifically,
MERIT records the lowest MAE in 17 out of 20 cases,
the highest PSNR in 14 out of 20, the highest SSIM in
20 out of 20, and the lowest KL divergence in 11 out of
20, demonstrating superior accuracy and perceptual quality
in modeling inter-domain RAW distributions. These results
underscore the robustness and generalizability of MERIT in
diverse cross-camera scenarios, outperforming prior RAW
translation models.
3.2. Ablation Study
We conduct a detailed ablation study on the RAW-to-RAW
mapping dataset [1] to assess the individual and cumu-
lative impact of key components in MERIT. As shown

in Tab. 4, our baseline model achieves reasonable perfor-
mance, with an average MAE of 0.0221, PSNR of 32.37 dB,
and SSIM of 0.8599 across both translation directions. No-
tably, performance is asymmetric: Samsung-S9→iPhone-
X translation performs better across all metrics, indicating
domain-specific variation in complexity. Adding SANM
leads to a substantial performance boost, particularly in the
Samsung-S9→iPhone-X direction. MAE drops to 0.0210,
while PSNR improves to 32.71 dB, and SSIM rises to
0.8682. This suggests that explicit modeling of sensor-
specific noise profiles contributes significantly to image fi-
delity and structural consistency. Incorporating MS-LKA
alongside SANM further improves the overall translation
quality. The average PSNR reaches 33.20 dB, and the MAE
is reduced to 0.0195. These gains reflect MS-LKA’s ability
to capture long-range dependencies and contextual struc-
tures, which are particularly beneficial in sensor-specific
color or tone transitions that occur in challenging RAW do-
mains. Finally, adding an explicit consistency SSIM loss
term yields the best overall performance. The average MAE
drops to 0.0185, PSNR improves to 33.60 dB, and SSIM
reaches 0.8806. This confirms that directly optimizing for
perceptual similarity complements the pixel-level losses.

Tab. 5 presents a comparative study of MERIT against
recent SOTA models, as the number of camera domains in-
creases. Across all domain configurations, MERIT achieves
superior accuracy with significantly fewer parameters and
lower training cost than UVCGAN, and matches or exceeds
the performance of Xie et al. despite requiring 2 − 5×
fewer training iterations. In the 3-domain case, MERIT
achieves the best performance with only 58.7M parame-
ters, 1/3 the size of UVCGAN. Notably, while Xie et al.



has the smallest parameter count in this setting, it requires
longer training (266K iterations), and still underperforms
MERIT in all metrics. As the number of domains increases,
MERIT exhibits remarkable scalability. When moving from
3 to 5 domains, UVCGAN’s parameter count scales linearly
(186M→620M) and training time grows proportionally. In
contrast, MERIT maintains a nearly constant model size
(∼58.7M) and training iteration budget (180K), demon-
strating strong efficiency and parameter-sharing capability.
At 5 domains, MERIT still outperforms the baselines in
PSNR, SSIM, and MAE, while achieving the second-best
KL divergence. These results validate MERIT’s effective-
ness in maintaining high quality, while being significantly
more scalable and training-efficient than prior models.
More results are discussed in the supplementary material.

4. Related Work

4.1. RAW-to-RAW Translation

The objective of the RAW2RAW translation is to estab-
lish a mapping function f capable of accurately translat-
ing RAW images from Camera A’s RAW space to Cam-
era B’s RAW space, accommodating diverse scenes and
lighting conditions. In brief, the mapping function can
be expressed as IB = f(IA), where IA and IB denote
the packed RAW images [r, gr, gb, g] captured by camera
A and camera B, respectively. Work [18, 24] proposed
that by employing a quadratic transformation, the map-
ping function can be approximated by IB ≈ IAqtTqt, where
IAqt = [r2, g2r , · · · , r×gr, gr×b, · · · , r, gr, gb, g], and Tqt ∈
R14×4 is a transformation matrix. Work [1] was the first to
introduce neural networks into the RAW task; they placed
a standard color chart in the scene and captured RAW im-
ages using two cameras. Subsequently, they estimated Tqt

by minimizing the color differences between the two color
charts. They applied this transformation to the RAW im-
ages and obtained pixel-level paired data. They then utilized
a neural network for semi-supervised training. Although
the trained model can accomplish RAW2RAW translation
without having to capture paired images again, creating a
paired dataset for training is still inevitable. The following
work [27, 33] released the requirement of using paired im-
ages for training. Rawformer [27] proposed a transformer-
based encoder-decoder model to implement fully unsuper-
vised learning. They introduced contextual-scale aware
downsampler and upsampler blocks that efficiently summa-
rize the local-global contextual details in mixed scale rep-
resentations. Concurrent work [33] proposed a color space
predictor to predict the space transformation parameters in
a patch-wise manner, which accurately performs transfor-
mation and flexibly manages complex lighting conditions.
Work [25] leveraged the spline capabilities of Kolmogorov-
Arnold Networks [21] to model the color matching between

source and target distributions. They developed a hypernet-
work that generates spatially varying weights to control the
nonlinear splines of a KAN, enabling accurate matching.

4.2. Unpaired Image Translation
Unpaired image translation aims to map images from the
domain IA to IB without ground truth. CycleGAN [37]
utilized a cycle-consistency loss and identity loss to bridge
domain gaps. UVCGAN [30] introduced a pixel-wise
transformer into the CycleGAN framework, while Swin-
UNIT [20] addressed performance issues caused by high-
resolution images by introducing swin-transformer block.
StarGAN series [5, 6] extended the task from two-domain
transformation to multi-domain. StarGAN [5] proposed a
novel GAN that learns the mappings among multiple do-
mains using only a single generator and a discriminator by
adding a mask vector to the domain label. StarGANv2 [6]
introduced a style encoder. The style encoder learns to ex-
tract the style code from a reference image from the target
domain. Given the style codes, the generator learns to syn-
thesize images over multiple domains.
5. Conclusion
We presented MERIT, a novel and unified framework for
multi-domain RAW image translation, capable of perform-
ing one-to-many and many-to-many mappings across di-
verse camera sensor domains using a single model. By
explicitly modeling signal-dependent noise and enhancing
global context perception, MERIT significantly improves
the fidelity and generalizability of RAW2RAW translations.
To support standardized benchmarking, we also introduced
MDRAW, the first dataset specifically curated for multi-
domain RAW translation, including both paired and un-
paired RAW captures from five diverse camera sensors un-
der various real-world conditions. Extensive experiments
on existing datasets and MDRAW validate the advantages
of MERIT. MERIT achieves superior performance in terms
of quality and scalability while maintaining a compact pa-
rameter footprint.
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MERIT: Multi-domain Efficient RAW Image Translation

Supplementary Material

6. Dataset Details

This section provides detailed descriptions of the datasets
used in our study. We first introduce the RAW-to-RAW
Mapping Dataset [1], which serves as a benchmark for
cross-sensor RAW color mapping. Then, we present our
newly collected Multi-Domain RAW (MDRAW) Dataset,
designed for large-scale evaluation of multi-sensor RAW
domain adaptation and alignment.

6.1. RAW-to-RAW Mapping Dataset

The RAW-to-RAW Mapping Dataset introduced by Afifi
and Abuolaim [1] provides a benchmark for studying cross-
sensor color-space mappings between different camera de-
vices. It contains RAW images captured by two smartphone
cameras—Samsung Galaxy S9 and Apple iPhone X—and
includes both unpaired and paired subsets.

The unpaired set consists of 392 RAW images (196
per camera) captured under various scenes and illumination
conditions. The dataset also provides 115 paired testing
images and a small anchor set of 22 paired images, which
were used for semi-supervised training and evaluation.

Paired samples were generated using a color-chart-
based polynomial calibration between the two camera
RAW spaces. For each scene, corresponding patches were
manually selected from chart regions and homogeneous ar-
eas to compute the mapping matrix, ensuring more robust
color alignment.

All images are provided in DNG format with black-
level subtraction and normalization applied. Metadata
such as black/white levels and color matrices are included.
The dataset supports supervised, unsupervised, and semi-
supervised RAW-domain learning.

6.2. Multi-Domain RAW (MDRAW) Dataset

As one of our main contributions, we introduce Multi-
Domain RAW (MDRAW), a new dataset of RAW images
captured by multiple cameras with distinct sensor charac-
teristics. It is designed to facilitate research on cross-sensor
RAW image processing, domain adaptation, and universal
RAW representation learning.

MDRAW contains RAW images captured by five cam-
eras with different sensor designs and optics: Samsung
Galaxy S23 Ultra, Huawei P30, iPhone 13 Pro, Nikon Z5,
and Canon EOS Rebel T6. The dataset includes both un-
paired and paired RAW sets under diverse scenes and illu-
mination conditions, along with their corresponding sRGB
references.

For each camera, unpaired images were collected inde-
pendently across indoor and outdoor environments, while
paired data were captured under controlled conditions for
cross-domain alignment. To construct a pixel-level eval-
uation benchmark, we further extracted spatially aligned
patch pairs between images of the same scene taken by dif-
ferent devices using an extended LoFTR-based correspon-
dence pipeline that combines dense matching, geometric
verification, and patch-level synchronization.

All RAW files are stored in DNG format with corre-
sponding metadata. Tab. 1 summarizes the camera sensors
and data statistics, and Fig. 5 visualizes representative sam-
ples across devices.

7. MDRAW Construction via Cross-Domain
LoFTR Matching

To quantitatively evaluate cross-domain RAW2RAW trans-
lation at the pixel level, we construct a high-quality bench-
mark dataset of paired RAW patches using real images cap-
tured by five distinct cameras: Huawei, Nikon, iPhone,
Samsung, and Canon. Our goal is to extract spatially
aligned patch pairs from images of the same scene taken by
different devices, even in the presence of significant domain
gaps in resolution, noise, exposure, and white balance.

7.1. Cross-Domain Patch Pairing Pipeline
Since no ground truth pixel-level alignment exists between
images from different sensors, we adopt a feature-based
correspondence approach. Specifically, we extend the
LoFTR framework [29] to operate across domains, using
a multi-stage pipeline that combines dense matching, ge-
ometric verification, spatial filtering, and patch-level syn-
chronization. We briefly outline the core stages below:
Preprocessing and Normalization. Each RAW image is
linearized by subtracting the camera-specific black level
and normalizing by its dynamic range (white level − black
level). The Bayer data is then packed into a 4−channel
RGGB format and spatially normalized via center-crop and
downsampling to a fixed resolution. All images are rotated
or flipped to ensure consistent spatial orientation across
cameras.
LoFTR-based Feature Matching. We convert normalized
RGGB images to pseudo-RGB representations and extract
grayscale versions for matching. We use LoFTR [29], a
detector-free dense matching method, to establish corre-
spondences between grayscale image pairs. LoFTR excels
in handling texture-poor regions and illumination inconsis-
tencies, which are common issues in RAW domains.



Geometric Verification. Candidate matches are filtered via
RANSAC [10] using homography estimation. Matches that
are geometrically consistent form a reliable set of inliers for
cropping.
Spatial Non-Maximum Suppression (NMS). To ensure
spatial diversity and avoid redundancy, we apply NMS on
the match locations using a minimum center-to-center dis-
tance threshold. This encourages the patch pairs to cover
various regions and scene content.
Synchronized Cropping and Patch Extraction. For each
retained match, we extract a 256×256 RGGB patch. Crop-
ping is performed such that the patches are geometrically
aligned at the matched keypoints, with optional correction
for small shifts due to boundary constraints.

8. Evaluation Metrics

In this section, we provide detailed formulations of the
four quantitative metrics used in our evaluation: Mean Ab-
solute Error (MAE), Peak Signal-to-Noise Ratio (PSNR),
Structural Similarity Index Measure (SSIM), and symmet-
ric histogram-based KL divergence (KL Divergence). All
metrics are computed on the denormalized RAW images in
the linear intensity domain.

8.1. Mean Absolute Error (MAE)
MAE quantifies the average absolute difference between the
predicted RAW image Ip and the reference RAW image Ir:

MAE =
1

N

N∑
i=1

|Ip(i)− Ir(i)|, (10)

where N is the total number of pixels. As RAW data reside
in the linear intensity domain, MAE directly reflects radio-
metric consistency and low-level reconstruction accuracy.
A lower MAE indicates better preservation of RAW signal
characteristics.

8.2. Peak Signal-to-Noise Ratio (PSNR)
PSNR measures the ratio between the maximum possi-
ble signal and the distortion noise, derived from the mean
squared error (MSE):

MSE =
1

N

N∑
i=1

(Ip(i)− Ir(i))
2, (11)

PSNR = 10 log10

(
L2

MSE

)
, (12)

where L denotes the maximum possible pixel value (set
to 1.0 after normalization). PSNR values range from 0 to
∞, with ∞ indicating perfect similarity, implying no dis-
cernible difference between the compared images.

8.3. Structural Similarity Index Measure (SSIM)
SSIM assesses perceptual image quality by comparing local
luminance, contrast, and structural components between Ip
and Ir:

SSIM(Ip, Ir) =
(2µpµr + C1)(2σpr + C2)

(µ2
p + µ2

r + C1)(σ2
p + σ2

r + C2)
, (13)

where µp, µr are local means, σ2
p, σ

2
r are variances, and σpr

is the covariance. Constants C1 and C2 stabilize the divi-
sion. SSIM varies from 0 to 1, where a value of 0 indicates
no structural similarity between the images, and 1 denotes
identical local structures.

8.4. Symmetric KL Divergence (KL Divergence)
We compute a symmetric, histogram-based Kullback–
Leibler divergence to evaluate distributional similarity be-
tween Ip and Ir:

DKL(p∥q) =
∑
i

pi log
pi
qi
, (14)

Dsym(p, q) =
1
2

(
DKL(p∥q) +DKL(q∥p)

)
. (15)

The probability distributions p and q are estimated from per-
channel intensity histograms (256 bins, range [0,1]), with
small-value regularization ε added to ensure numerical sta-
bility. This metric captures global statistical differences be-
tween RAW image distributions across sensors.

Together, these four metrics provide complementary per-
spectives on both pixel-level reconstruction accuracy and
overall distributional alignment in the RAW domain.

9. More Results
Fig. 6 illustrates the diversity and cross-domain character-
istics of the proposed MDRAWdataset. Each row corre-
sponds to a specific camera sensor, including Huawei P30,
Nikon Z5, iPhone 13 Pro Max, Samsung S23 Ultra, and
Canon EOS Rebel T6, showcasing both RAW and their cor-
responding RGB images. The RAW samples reveal sub-
stantial variations in tone, exposure, and noise character-
istics across devices, even under similar scene conditions.
These differences stem from the distinct spectral response
functions, sensor noise patterns, and in-camera processing
pipelines of each sensor. In contrast, the RGB samples ap-
pear more visually consistent due to the influence of propri-
etary ISP modules. This highlights the challenge and neces-
sity of direct RAW2RAW translation to enable fair cross-
domain vision tasks without relying on device-specific ISP
outputs. Fig. 6 also underscores the importance of building
datasets like MDRAWto support learning models capable
of generalizing across multiple RAW domains.

Fig. 6 provides a visual comparison of RAW-to-RAW
translation results across five challenging real-world scenes,
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Figure 5. Sample images from our MDRAW benchmark. (a).
RAW images captured under various lighting and scenes from five
different camera sensors. (b). Example of aligned multi-domain
RAW captures of the same scene, used for evaluation in cross-
domain RAW2RAW translation.
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Camera RAW sample RGB sample

Figure 6. Visualization of more captured images in MDRAW.

highlighting the performance of different methods. Each
row corresponds to a different scene, with the source image
on the left, followed by translated outputs, and the ground

No. of Domains Method Parameters (M) Training Iteration (K) /
Training Time (Minutes) Avg MAE↓ Avg PSNR↑ Avg SSIM↑ Avg KL Div↓

3

UVCGAN [30] 186 228 / 1955 0.039 28.03 0.72 2.72
Xie et al. [33] 33.6 266 / 1338 0.038 27.82 0.73 2.33

MERIT (Ours) 58.7 120 / 1400 0.031 29.60 0.76 1.76

4

UVCGAN [30] 372 476 / 3956 0.038 27.85 0.72 2.66
Xie et al. [33] 67.2 507 / 2055 0.037 28.31 0.72 2.35

MERIT (Ours) 58.7 165 / 1925 0.033 29.08 0.74 2.07

5

UVCGAN [30] 620 748 / 6581 0.038 28.10 0.72 2.48
Xie et al. [33] 112 901 / 3428 0.037 28.23 0.73 2.28

MERIT (Ours) 58.9 180 / 2100 0.036 28.42 0.74 2.30

Table 5. Comparison of different models under increasing
numbers of domains. MERIT demonstrates both competitive per-
formance and efficiency.

truth on the right. For each method, the translated patch and
its corresponding absolute error map (visualized via MAE)
are shown, along with PSNR and SSIM metrics.

Across all examples, MERIT consistently produces
translated outputs that are both visually faithful and quan-
titatively superior. In the first scene (world map), MERIT
accurately reconstructs the fine textural patterns and sub-
tle gradients with the highest PSNR (40.16) and SSIM
(0.96), significantly outperforming other methods that ei-
ther blur the details or introduce artifacts. In the second
scene (indoor poster), MERIT achieves a near-perfect re-
construction (PSNR: 39.03, SSIM: 0.99), preserving text
clarity and illumination distribution that others fail to re-
tain. In the third and fourth scenes, characterized by repet-
itive textures and sharp edges, MERIT demonstrates supe-
rior structure preservation. Competing methods such as Cy-
cleGAN and Rawformer often produce distorted patterns
or overly smoothed outputs, as evident in the high error
maps. Conversely, MERIT maintains edge consistency and
semantic accuracy, with notably lower MAE. Finally, in
the fifth example (indoor hallway), MERIT again achieves
the best perceptual quality and the most faithful reconstruc-
tion of lighting and geometry. The overall results demon-
strate MERIT’s strong generalizability across diverse do-
mains and scenes, as well as its ability to balance perceptual
quality and pixel-level fidelity more effectively than prior
methods.

Source
Target Samsung Huawei iPhone Nikon

Samsung – 0.025 / 31.23 / 0.77 / 1.33 0.036 / 29.02 / 0.76 / 1.78 0.035 / 28.45 / 0.72 / 2.11

Huawei 0.029 / 30.11 / 0.74 / 1.70 – 0.033 / 29.12 / 0.77 / 2.34 0.032 / 29.42 / 0.74 / 1.95

iPhone 0.035 / 28.88 / 0.73 / 1.56 0.030 / 29.69 / 0.76 / 1.95 – 0.039 / 27.52 / 0.71 / 2.38

Nikon 0.040 / 27.22 / 0.68 / 3.00 0.034 / 28.71 / 0.73 / 2.69 0.043 / 26.51 / 0.71 / 3.34 –

Table 6. 4×4 Cross-domain RAW2RAW translation results on
MDRAW. Each cell reports results for translation from a source
domain (column) to a target domain (row). Each line contains
four metrics in the order of MAE(↓)/ PSNR(↑)/ SSIM (↑)/ KL
Divergence(↓).

To evaluate the generalization and scalability of our pro-
posed MERIT framework, we compare its cross-domain
translation performance when trained on 3 domains (Sam-
sung, Huawei, iPhone) versus 4 domains (adding Nikon).
As shown in Tab. 7 and Tab. 6, MERIT consistently main-
tains strong translation performance across both settings.
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Figure 7. More qualitative results on the RAW-to-RAW mapping dataset.

Source
Target Samsung Huawei iPhone

Samsung – 0.025 / 31.24 / 0.77 / 1.36 0.036 / 29.02 / 0.76 / 1.63

Huawei 0.029 / 30.04 / 0.75 / 1.48 – 0.034 / 28.96 / 0.77 / 2.27

iPhone 0.035 / 28.53 / 0.72 / 1.65 0.036 / 29.02 / 0.76 / 1.63 –

Table 7. 3×3 Cross-domain RAW2RAW translation results on
MDRAW. Each cell reports results for translation from a source
domain (column) to a target domain (row). Each line contains
four metrics in the order of MAE(↓)/ PSNR(↑)/ SSIM (↑)/ KL
Divergence(↓).

Notably, the average PSNR across all 3×3 transfers re-
mains high (e.g., 30.04→31.24 for Samsung→Huawei),
with marginal variation from the corresponding 4×4 re-
sults. For instance, the translation from Samsung to Huawei
achieves 31.24 dB PSNR in both settings, while Huawei
to iPhone reaches 29.12 dB in the 4-domain setup and
28.96 dB in the 3-domain setup. Similarly, SSIM values
remain stable across settings. These results indicate that
MERIT generalizes well to varying numbers of domains
without significant degradation. Furthermore, the stable

performance with the added domain (Nikon) demonstrates
MERIT ’s scalability: the unified model scales gracefully
to more diverse camera domains while maintaining high-
quality translation, supporting its deployment in real-world
multi-sensor environments.

We conduct a thorough ablation study to examine the
sensitivity of MERIT to the weighting of its two proposed
loss terms, Lnoise and Lcycle-SSIM, as shown in Tab. 8. For
Lnoise, performance improves steadily as the weight λ in-
creases from 0.25 to 1.0, reaching optimal results at λ = 1
with a PSNR of 33.60, SSIM of 0.8806, and MAE of
0.0185. Beyond this point, further increasing the weight
degrades performance, suggesting that overly emphasizing
noise alignment may compromise semantic fidelity or over-
all reconstruction quality. A similar trend is observed for
Lcycle-SSIM. The optimal setting is again λ = 0.1, pro-
ducing identical peak performance across all three metrics.
Lower weights underutilize the semantic supervision pro-
vided by SSIM, while larger values likely over-constrain
the reconstruction, leading to degraded perceptual quality.
Overall, both proposed loss terms contribute positively to



Loss Term Setting MAE ↓ PSNR ↑ SSIM ↑

Lnoise

λ = 0.25 0.0203 32.81 0.08668
λ = 0.75 0.0199 33.27 0.8707
λ = 1 0.0185 33.60 0.8806
λ = 1.5 0.0195 33.24 0.8769
λ = 5 0.0212 32.36 0.8576

Lcycle−SSIM

λ = 0.02 0.0222 32.21 0.8560
λ = 0.05 0.0200 33.18 0.8735
λ = 0.08 0.0211 32.54 0.8683
λ = 0.1 0.0185 33.60 0.8806
λ = 0.2 0.0192 33.18 0.8695

Table 8. Ablation study on loss weight sensitivity. We evalu-
ate the impact of loss weighting coefficients λ for the proposed
noise modeling loss Lnoise and the cycle consistency SSIM loss
Lcycle-SSIM. Each cell reports average performance on the RAW-to-
RAW mapping dataset. Best results for each loss term are high-
lighted in bold.

performance when appropriately weighted, and the consis-
tent peak at λ = 1 and λ = 0.1, respectively, highlights
the effectiveness and stability of these components in the
MERIT.
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