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Figure 1. Modern multi-lens devices capture scenes at multiple focal lengths simultaneously. By fusing images from these diverse focal
ranges, overall image quality and visual appeal can be substantially improved. The proposed method, DM3Net, achieves state-of-the-art
performance with clear advantages in perceptual quality.

Abstract

Dual-camera super-resolution is highly practical for smart-
phone photography that primarily super-resolve the wide-
angle images using the telephoto image as a reference.
In this paper, we propose DM3Net, a novel dual-camera
super-resolution network based on Domain Modulation and

Multi-scale Matching. To bridge the domain gap between
the high-resolution domain and the degraded domain, we
learn two compressed global representations from image
pairs corresponding to the two domains. To enable reliable
transfer of high-frequency structural details from the refer-
ence image, we design a multi-scale matching module that
conducts patch-level feature matching and retrieval across
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multiple receptive fields to improve matching accuracy and
robustness. Moreover, we also introduce Key Pruning to
achieve a significant reduction in memory usage and infer-
ence time with little model performance sacrificed. Experi-
mental results on three real-world datasets demonstrate that
our DM3Net outperforms the state-of-the-art approaches.

1. Introduction
With the advancement of multi-camera device hardware
(e.g., smartphones and action cameras), it has become pos-
sible to simultaneously capture images at different focal
lengths and resolutions using both wide-angle and tele-
photo lenses on the same device. The wide-angle lens pro-
duces images with a larger FOV (Field of View) but lower
resolution, while the telephoto lens captures a narrower
FOV with higher resolution. The telephoto image, which
contains high-frequency details, can serve as a reference
for the super-resolution of wide-angle images. This task
is a sub-problem in the Reference-based Super-Resolution
(RefSR) field, and is referred to as Dual-Camera Super-
Resolution [21].

Due to the content inconsistency between telephoto and
wide-angle images, previous works have exploited patch
matching mechanisms to transfer high-fidelity patches from
the reference image to the target image. For instance,
DCSR [21] performs feature matching between the refer-
ence and LR images to locate the most relevant reference
patch for each LR patch, enabling detail fusion. Similarly,
KeDuSR [30] matches the LR and LR-center images to lo-
cate the optimal patch positions, and uses the correspond-
ing reference patches to reassemble a high-resolution fea-
ture. However, the matching strategies adopted by previous
works are generally implemented at a coarse scale, which
limits the receptive field and leads to a loss of fine details
during reconstruction.

To resolve this, we propose a multi-scale matching
mechanism. Specifically, we extract multi-scale features
from the LR and LR-center images as the Query (Q) and
Key (K) features. After applying feature patchification,
we perform Q-K patch matching and reference feature re-
assembly at each scale. The resulting high-resolution fea-
tures from all scales are then fused to enhance the final re-
construction. Moreover, since many key patches represent
highly similar regions and cause redundant matching op-
erations, we introduce a Key Pruning strategy to suppress
unnecessary computations. This significantly reduces infer-
ence time and memory usage with minimal degradation in
performance.

In addition to the local matching strategy for detail re-
finement, we further exploit a global domain modulation
mechanism. We learn two global domain-aware embed-
dings from the LR-GT image pair and the LR center–Ref

image pair to model the global domain gap between the
high-resolution and degraded domains. Since the two em-
beddings are extracted from different image contents, we in-
troduce a domain-aware loss to encourage their distribution
similarity to filter out the content impact. These embed-
dings are then used to modulate the image reconstruction
process, effectively improving the reconstruction accuracy.

Built upon the above multi-scale matching and do-
main modulation mechanisms, we propose a novel dual-
camera super-resolution network, named DM3Net. Fig.1
presents example results generated by Real-ESRGAN [22],
TTSR [28], KeDuSR [30], and our DM3Net. It can be ob-
served that our method achieves noticeably better accuracy
in reconstructing fine details compared to the others.

Our contributions can be summarized as follows:
• We propose DM3Net, a novel dual-camera super-

resolution network based on domain modulation and
multi-scale matching. Extensive experiments on three
datasets validate that the proposed DM3Net outperforms
the existing approaches in both center region and corner
region. Moreover, the proposed DM3Net also has the best
generalization ability in cross-dataset evaluation.

• To transfer high-fidelity details from reference image,
we design a multiscale matching module that search the
best-matching reference patches across different recep-
tive fields for high-resolution feature reassembly and fu-
sion. To improve the model efficiency, we introduce Key
Pruning that eliminates redundant key patches during the
matching process, significantly reducing both memory
usage and inference time with little performance degra-
dation.

• To globally bridge the domain gap between the high-
resolution domain and the degraded domain, we intro-
duce a domain modulation mechanism that learns two
global domain-aware embeddings from the LR-GT pair
and the LR center-Ref pair. Each of the embeddings is
used to modulate the image reconstruction process, effec-
tively improving the reconstruction accuracy.

2. Related Work
2.1. Reference-based Super-Resolution (RefSR)
RefSR methods enhance an LR image using an HR ref-
erence with similar content, where accurate alignment or
matching is crucial. Early works [14, 18, 28, 29, 32, 34]
rely on optical flow-based warping. SADC-SR [18] em-
ploys deformable convolution [35], while SRNTT [32]
and C2-Matching [11] adopt patch-wise feature matching
to better handle misalignment. Transformer-based meth-
ods [2, 15, 28] use multi-head attention for adaptive fusion.
MASA-SR [15] and AMSA [25] further improve match-
ing via coarse-to-fine and contrastive strategies. These ap-
proaches highlight the benefit of effective texture transfer
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Figure 2. Schematics and detailed architectures of DM3Net. (a) The framework of the proposed DM3Net for dual camera super-resolution.
The pipeline consists of four image encoders for feature extraction, the RAFT module for dense registration, the multi-scale matching
(MSM) module for feature matching and reassembly, the global prior extractors (GPE) for domain-aware embeddings generation, and the
domain modulated integrated reconstruction (DMIR) for resultant image prediction. (b) Detailed structure of multi-scale matching module.
(c) Details of domain modulated integrated reconstruction. (d) Details of global prior extractor.

from aligned references.

2.2. Dual-Camera Super-Resolution

Dual-camera super-resolution is highly practical for mo-
bile photography, where images are simultaneously cap-
tured using different lenses. In this scenario, the telephoto
image serves as the reference to enhance the wide-angle
LR image. Traditional approaches [4, 16, 17] often in-
volve brightness and color correction along with global reg-
istration to mitigate differences between the images. Re-
cently, deep learning methods address challenges like par-
tial overlap, misalignment, and domain gaps in dual-camera
SR. DCSR [21] pioneered deep models for real-world dual-
camera SR, integrating telephoto details and alignment for
spatial and color correction. Self-supervised approaches
like SelfDZSR [33] and ZeDuSR [27] use telephoto images
as supervision, eliminating the need for external HR labels.
Further, works such as [24, 30] improve efficiency and ro-

bustness through optimized system and matching designs.

3. Method
3.1. Overview
Fig. 2 (a) illustrates the framework of the proposed
DM3Net, which consists of four stages, i.e. feature
extraction, multi-scale matching, embedding generation,
and integrated reconstruction. Given a wide-angle im-
age ILR ∈ RH×W×3 and a telephoto reference image
IRef ∈ RH×W×3, we first crop the LR center region ILRc ∈
Rh×w×3 that has the same FOV with IRef . The spatial di-
mensions are related with the scale factor d as H = d × h
and W = d × w. The target of DM3Net is to predict a HR
image ISR ∈ RdH×dW×3 with richer structure details.

To achieve this, we extract features from ILR, ILRc, and
IRef , separately. Optical flow between ILRc and IRef is esti-
mated to guide the feature alignment. Multi-scale matching
is then performed between ILR and ILRc based on patch
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similarity to search the best-matching reference patches for
high-resolution feature reassembly. In parallel, two global
domain-aware embeddings z and zgt are extracted from the
ILRc-IRef pair and ILR-IGT pair to modulate the recon-
struction process. These two embeddings are encouraged to
follow a similar distribution through a domain-aware loss
during training. Finally, the LR features F↑

LR, the Ref fea-
ture F

′

Ref and the domain-aware embeddings are fed into a
reconstruction module to generate the output image ISR.

3.2. Feature Extraction
LR Encoder and Ref Encoder: The LR encoder and Ref
encoder share a similar architecture, each consisting of sev-
eral residual blocks [6] and channel attention modules [8].
These encoders are designed to extract the LR feature
FLR ∈ RC1×H×W and the Ref feature FRef ∈ RC1×H×W

from ILR and IRef , respectively. The extracted LR feature
FLR is then upsampled to F↑

LR ∈ RC1×dH×dW to match
the target resolution.
RAFT: To address the misalignment between ILRc and
IRef , we employ a pretrained RAFT model (small ver-
sion) [20] to estimate the optical flow O ∈ R2×h×w at a
coarse scale. The estimated optical flow is then upsampled
to H ×W and used to warp the Ref feature FRef , resulting
in the aligned feature V ∈ RC1×H×W :

V = Warp(FRef,O ↑), (1)

where ↑ denotes the upsampling operation. We note that the
RAFT module is unfrozen during training to participate in
the joint optimization.
Matching Feature Encoder: We use the pretrained VGG-
19 [19] network as the matching feature encoder and take
the three hidden layers as the multi-scale features. We ex-
tract the multi-scale Q and K features from ILR and ILRc,
respectively, using the weight-shared matching feature en-
coders, formulated as

Q1,Q2,Q3 = MFE(ILR),

K1,K2,K3 = MFE(ILRc).
(2)

where Q1 ∈ RC2×H×W , Q2 ∈ RC2×H
2 ×W

2 , Q3 ∈
RC2×H

4 ×W
4 , K1 ∈ RC2×h×w, K2 ∈ RC2×h

2 ×
w
2 , K3 ∈

RC2×h
4 ×

w
4 , and MFE(·) denote the matching feature en-

coder.

3.3. Multi-scale Matching
The feature of LR center region can be complemented by
the aligned high-resolution Ref features. However, in the
corner regions, it is difficult to directly obtain correspond-
ing high-resolution features. To address this issue, previ-
ous approaches [21, 30] adopt block matching strategy to
search similar feature patches in the center region and use
them to enhance the feature patches in the corner region.

Table 1. The performance, inference time (IT), and memory usage
(MU) before and after using Key Pruning. Tests are conducted on
NVIDIA H20 on CameraFusion-Real dataset.

PSNR↑ / SSIM ↑ IT (s) MU (GB)

Before Key Pruning 27.87 / 0.8436 31.08 49.41
After Key Pruning 27.75 / 0.8364 11.32 40.95

However, these methods typically perform single-scale fea-
ture matching at a coarse scale, which restricts the receptive
field of the matching process. In this work, we propose a
multi-scale matching module to further improve the accu-
racy and robustness of feature transfer from the Ref image.
As illustrated in Fig. 2 (b), the multi-scale matching module
takes the V feature, multi-scale Q and K features as the in-
put. For the i-th scale, we patchify V, Qi and Ki to obtain
patches of V, Q and K. And then, we compute cosine simi-
larity between each Q patches and all K patches to select the
best-matching K patch to form both a matching index map
Midx-i and a confidence map Ci, as illustrated in Fig. 3 (a).
Each element of Midx-i and Ci can be computed as

M j
idx-i = arg max

1≤k≤N
sim(Qj

i ,K
k
i ), (3)

Cj
i = max

1≤k≤N
sim(Qj

i ,K
k
i ) (4)

where j denotes the element position, N denotes the num-
ber of K patches, sim(·) denotes the cosine similarity oper-
ator. The index map Midx-i is then used to retrieve the cor-
responding V patches and reassemble a high-resolution fea-
ture, while the confidence map Ci is applied via element-
wise multiplication to adaptively weight the stitched fea-
tures. Finally, we concatenate the three weighted feature
maps and feed them to a fusion head that consists of four
convolution and ReLU[1] layers to produce the output fea-
ture F

′

Ref ∈ RC1×dH×dW .
Fig 4 presents an example image generated by Ke-

DuSR [30], which employs single-scale matching, and our
method. It is observed our method outperforms KeDuSR
in terms of structural consistency and fine details. This im-
provement is primarily attributed to the enhanced reliabil-
ity of feature transfer enabled by our multi-scale matching
mechanism.

However, we notice that the above multi-scale matching
mechanism between the Q and K features incurs significant
memory consumption and increases inference time. Con-
sidering that many K patches are highly similar to some oth-
ers, a large portion of the similarity computations between
Q and K patches are redundant and unnecessary. Motivated
by this observation, we propose Key Pruning to improve
the efficiency of the model, as illustrated in Fig. 3 (b).
We uniformly sample a subset of K patches, compute the
similarity between the sampled patches and all K patches,
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and remove those patches whose similarity exceeds a cer-
tain threshold. The remaining patches serve as the pruned
K patches for subsequent matching. In this work, we set
the sampling interval as 16 in both the horizontal and ver-
tical directions, and set the threshold as 0.7. Through Key
Pruning, we achieve a substantial reduction in resource con-
sumption by sacrificing little model performance. Specifi-
cally, as listed in table 1, on the CameraFusion-Real dataset,

Figure 5. Visualization of the Charbonnier loss [3] curves during
training under four experiment settings

memory usage was reduced from 49.41 GB to 40.95 GB,
and inference time decreased from 31.08s to 11.32s, with
only a slight performance drop of 0.12 dB in PSNR[7] and
0.072 in SSIM[23].

3.4. Embedding Generation
Motivated by previous image restoration approaches [9, 26],
we also learn a compressed global representation that cap-
tures the high-fidelity prior to bridge the domain gap be-
tween the high-resolution domain and the degraded domain.
To this end, we propose Global Prior Extractor (GPE) that
extracts a domain-aware embedding from two images cor-
responding to the two domains. The structure of GPE is
illustrated in Fig. 2 (d). In particular, we consider two dif-
ferent input pairs: {ILR, IGT} and {ILRc, IRef}. Both pairs
share two key characteristics: (1) the two images have the
same scene region, and (2) one in the high-resolution do-
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main and the other in the degraded domain. We employ two
GPEs to extract domain-aware embeddings z ∈ R1×1024

and zgt ∈ R1×1024 using the pair {ILRc, IRef} and pair
{ILR, IGT}, respectively, formulated as

z = GPE1 (ILRc, IRef) , zgt = GPE2 (ILR, IGT) . (5)

Each of the embeddings is employed in the Integrated Re-
construction stage for image reconstruction.

Since zgt is extracted from the GT image, the Charbon-
nier loss, one of the image reconstruction loss, of the model
using zgt during training is significantly lower than that us-
ing z (see the orange and blue curves in Fig. 5). However,
zgt is unavailable during inference because the GT image is
not accessible. To mitigate this gap, we employ the domain-
aware loss Ldomain to enforce z to have similar distribution
to zgt, which also helps reduce the image reconstruction
loss (see the green curve in Fig. 5). In this way, during
inference, we can use z as a substitute for zgt for image
reconstruction.

3.5. Integrated Reconstruction
In this stage, the reassembled ref feature F

′

Ref , the LR
feature F↑

LR, and the domain-aware embedding z/zgt are
fed into the Domain Modulated Integrated Reconstruc-
tion (DMIR) module to predict the super-resolved image
ISR/ĨSR. The architecture of DMIR module is illustrated
in Fig. 2 (c), where the domain-aware embedding z/zgt is
processed by an MLP[5] to generate affine parameters γ and
β for feature modulation [10].

We note that during the training phase, ISR denotes the
output using z as the input, while ĨSR denotes the output
using zgt. Both outputs are supervised to encourage z and
zgt to effectively bridge the high-resolution and degraded
domain gap. During inference, only z is required as input
to generate the predicted image ISR.

3.6. Loss Functions
In the training phase, we employ reconstruction loss Lrec
and domain-aware loss Ldomain to guide the learning pro-
cess. The reconstruction loss consists of the Charbonnier
loss Lcha and the perceptual loss Lper, while the domain-
aware loss Ldomain is used to encourage the two domain-
aware embeddings to have similar distributions.

Charbonnier Loss. We use the Charbonnier loss [3], a
differentiable variant of the L1 loss, as the primary recon-
struction loss for both predicted images ISR and ĨSR. The
loss is defined as:

Lcha =

√
(ISR − IGT)

2
+ ϵ2 +

√(
ĨSR − IGT

)2

+ ϵ2, (6)

where ϵ is a small constant (set to 10−6 in our experiments)
added for numerical stability.

Perceptual Loss. To further enhance the image visual
fidelity, we introduce the perceptual loss [12] that com-
pares deep features extracted from a pretrained VGG net-
work [19]. The perceptual loss is defined as:

Lpercep =
∑
l

∥ϕl(ISR)− ϕl(IGT)∥22+
∑
l

∥∥∥ϕl(ĨSR)− ϕl(IGT)
∥∥∥2
2
,

(7)
where ϕl(·) denotes the activation of the l-th layer of the
VGG network.

Domain-Aware Loss. We employ the domain-aware
loss to encourage the domain-aware embeddings z and zgt
to have similar distributions, computed as

Ldomain = ∥z− zgt∥1 . (8)

Total Loss. The final training objective is formulated as
a weighted combination of all loss components:

Ltotal = Lrec + λ3Ldomain = λ1Lrec + λ2Lper + λ3Ldomain,
(9)

where λrec, λpercep, and λembed are balancing parameters. We
empirically set λ1 = 1, λ2 = 0.01, and λ3 = 1000 in this
work.

4. Experiments
4.1. Experimental Settings
Datasets. We conduct our experiments on 3 public datasets:
DuSR-Real, RealMCVSR-Real, and CameraFusion-
Real. Details of the datasets are in Supplementary Mate-
rials.
Comparing Methods. We compare our method with sin-
gle image SR approaches, reference-based SR approaches,
and dual-camera SR approaches. The single image SR
approaches include SwinIR [13] and Real-ESRGAN [22].
The reference-based SR includes MASA-SR [15] and
TTSR [28]. The dual-camera SR approaches include
DCSR [21], SelfDZSR [33], and KeDuSR [30]. For a fair
comparison, we retrain all the aforementioned approaches
except KeDuSR [30] using the same training set as our
method.

4.2. Small Version of DM3Net
To meet the memory constraints of edge deployment, we
further propose a lightweight variant of DM3Net. The
design follows the principle of reducing model complex-
ity while maintaining performance. The resulting model,
DM3Net-small, contains only 40.4% of the parameters of
the original version. Despite this substantial reduction, eval-
uations on three benchmark datasets demonstrate that the
performance drop is marginal, and the model still achieves
state-of-the-art results. Please refer to the supplementary
materials for more details.
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Table 2. Quantitative comparisons on DuSR-Real dataset. The best metrics are in bold.

Method PSNR ↑ SSIM ↑ LPIPS ↓ Center PSNR/SSIM Corner PSNR/SSIM Inference Time (s) Params (M)

SwinIR 26.02 0.8580 0.226 26.22 / 0.8592 25.99 / 0.8576 4.609 11.75
Real-ESRGAN 24.19 0.8339 0.188 24.39 / 0.8372 24.17 / 0.8328 0.113 16.70

MASA-SR 26.17 0.8528 0.233 26.69 / 0.8554 26.05 / 0.8519 7.067 6.25
TTSR 25.59 0.8544 0.234 26.14 / 0.8612 25.46 / 0.8521 6.013 4.02

DCSR 26.06 0.8576 0.190 28.33 / 0.8975 25.54 / 0.8440 1.172 3.19
SelfDZSR 25.62 0.8351 0.198 26.23 / 0.8387 25.47 / 0.8339 0.793 0.52
KeDuSR 27.18 0.8752 0.164 29.06 / 0.9219 26.77 / 0.8593 0.836 5.63

DM3Net 27.74 0.8879 0.159 29.67 / 0.9291 27.34 / 0.8738 1.404 18.64
DM3Net-small 27.65 0.8875 0.161 29.37 / 0.9302 27.28 / 0.8729 1.387 7.53

Table 3. Quantitative comparisons on RealMCVSR-Real and CameraFusion-Real datasets. The best metrics are in bold.

Method PSNR ↑ SSIM ↑ LPIPS ↓ Center PSNR/SSIM Corner PSNR/SSIM

RealMCVSR-Real
SwinIR 25.78 0.7992 0.304 25.57 / 0.7896 25.92 / 0.8025
Real-ESRGAN 24.00 0.7704 0.251 23.79 / 0.7640 24.15 / 0.7725
MASA-SR 25.81 0.7911 0.315 25.73 / 0.7821 25.90 / 0.7941
TTSR 24.83 0.7889 0.311 25.63 / 0.7990 24.63 / 0.7855
DCSR 25.79 0.8024 0.275 27.14 / 0.8524 25.47 / 0.7853
SelfDZSR 25.15 0.7803 0.276 25.32 / 0.7748 25.17 / 0.7821
KeDuSR 26.42 0.8184 0.226 28.51 / 0.9090 25.95 / 0.7875
DM3Net 27.07 0.8394 0.222 29.27 / 0.9197 26.58 / 0.8120
DM3Net-small 26.90 0.8356 0.229 29.10 / 0.9145 26.40 / 0.8087

CameraFusion-Real
SwinIR 25.32 0.7926 0.347 25.90 / 0.8000 25.19 / 0.7901
Real-ESRGAN 24.37 0.7643 0.287 24.79 / 0.7690 24.30 / 0.7626
MASA-SR 25.92 0.7886 0.343 26.75 / 0.8004 25.74 / 0.7846
TTSR 25.51 0.7945 0.376 25.42 / 0.7890 25.61 / 0.7964
DCSR 24.96 0.7569 0.316 26.15 / 0.7898 24.67 / 0.7458
SelfDZSR 25.78 0.7833 0.280 26.76 / 0.7950 25.55 / 0.7794
KeDuSR 27.00 0.7931 0.274 29.77 / 0.8418 26.43 / 0.7768
DM3Net 27.75 0.8364 0.131 32.22 / 0.8894 27.08 / 0.8186
DM3Net-small 27.55 0.8387 0.280 31.48 / 0.9090 26.80 / 0.8147

4.3. Quantitative Comparison
Table 2 and Table 3 present the quantitative results
on 3 benchmark datasets. Full-Image denotes evalua-
tion over the entire image, Center-Image corresponds to
the overlapping FOV region, and Corner-Image refers to
the non-overlapping regions. Across all datasets, our
DM3Netconsistently achieves the best Full-Image perfor-
mance in PSNR, SSIM, and LPIPS [31], demonstrating
its superior reconstruction fidelity. Moreover, the perfor-
mance advantage of our method remains evident in both
Center-Image and Corner-Image regions, especially on the
CameraFusion-Real dataset, highlighting its strong restora-
tion capability and robustness to FoV variation.

4.4. Qualitative Comparison
Figure 6 shows qualitative comparisons on three benchmark
datasets. SwinIR, TTSR, MASA-SR, and SelfZeDuSR of-
ten produce blurry textures and structural distortions (e.g.,
red boxes in CameraFusion-Real, yellow in DUSR-Real,

red in RealMCVSR-Real). TTSR also exhibits color distor-
tion (e.g., DUSR-Real). While Real-ESRGAN, DCSR, and
KeDuSR generate sharper details, they introduce artifacts
around characters (see red/yellow boxes), and KeDuSR fur-
ther fails to preserve window and block shapes. In contrast,
DM3Net reconstructs high-frequency textures and character
details faithfully without color distortion. Additional com-
parisons are provided in the Supplementary Materials.

4.5. Abalation Study
Ablation studies are conducted on the CameraFusion-Real
dataset to assess the impact of the proposed multi-scale
matching and domain modulation.
Multi-Scale Matching: To assess the impact of the multi-
scale matching, we evaluated seven different combinations
of matching at 1/4 scale, 1/2 scale, and full scale. As listed
in Table 4, adopting higher-scale matching generally leads
to consistently better reconstruction accuracy. Moreover,
combining multiple scales brings further improvements, be-
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Table 4. Ablation Study on Multi-scale Matching. 1/4, 1/2, and
1 denote matching at respective scales.

1/4 1/2 1 PSNR ↑ SSIM ↑

✓ 26.55 0.8112
✓ 27.17 0.8250

✓ 27.30 0.8327
✓ ✓ 27.41 0.8331
✓ ✓ 27.55 0.8335

✓ ✓ 27.54 0.8365
✓ ✓ ✓ 27.75 0.8364

Table 5. Ablation Study on Domain Modulation.

z zgt PSNR ↑ SSIM ↑

55 55 27.37 0.8337
✓ 55 27.50 0.8360
✓ ✓ 27.75 0.8364

cause the receptive fields associated with different scales are
highly complementary and effectively mitigate the inherent
limitations of each individual scale.
Domain Modulation: To validate the effectiveness of the
domain-aware embeddings z and zgt, we trained three ver-
sions of models: (1) a baseline model without z and zgt,
(2) a model incorporating only z without supervision from

zgt, and (3) the full model. As listed in Table 5, incorpo-
rating z alone already improves the reconstruction metrics,
demonstrating that a global domain-aware embedding bene-
fits high-resolution image reconstruction. Furthermore, the
full model achieves the best performance, indicating that
supervision from zgt further enhances reconstruction qual-
ity, highlighting the importance of explicitly modeling the
domain gap for robust dual-camera super-resolution.

5. Conclusions
In this work, we propose DM3Net, a novel framework for
dual-camera super-resolution. DM3Net utilizes multi-scale
matching to transfer high-quality structure details from
the reference image, and leverages domain modulation to
bridge the HR and the degraded domain gap. By intro-
ducing a key pruning strategy, DM3Net also enhances com-
putational efficiency with slight performance drop. Exten-
sive experiments on three real-world datasets demonstrate
that our method achieves SOTA performance across mul-
tiple visual quality metrics. By explicitly modeling do-
main and FOV discrepancies, DM3Net achieves more ac-
curate detail reconstruction and delivers strong generaliza-
tion and robustness across diverse real-world dual-camera
super-resolution scenarios, making it a promising solution
for practical deployment.
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