










Table 1. Quantitative comparisons with SISR, RefSR, and dual-lens SR for 2× and 4× SR on synthesized dual-lens data with image-
speci�c degradation (IG and AG). PSNR/SSIM (the higher, the better) are adopted for the evaluation of reconstruction accuracy. Red,
blue, and orange indicate the best, second best, and third best performance, respectively.

Method
HCI new Middlebury2021

IG AG IG AG
2× scale 4× scale 2× scale 4× scale 2× scale 4× scale 2× scale 4× scale

Bicubic 29.45/0.8119 27.62/0.7168 28.27/0.7505 27.33/0.7003 33.43/0.9409 30.87/0.9001 32.44/0.9267 30.33/0.8911
RCAN [52] 30.15/0.8371 28.23/0.7415 28.99/0.7670 28.00/0.7191 34.11/0.9465 31.84/0.9084 33.17/0.9326 31.30/0.9053

CSNLN [31] 30.24/0.8376 28.25/0.7379 28.94/0.7682 27.97/0.7172 34.23/0.9487 31.89/0.9136 33.10/0.9366 31.39/0.9040
SwinIR [22] 30.19/0.8329 28.27/0.7405 28.84/0.7652 27.90/0.7140 34.28/0.9492 31.96/0.9144 33.05/0.9361 31.27/0.9022
ZSSR [36] 30.29/0.8236 27.75/0.7186 28.63/0.7580 27.42/0.7041 33.93/0.9453 30.92/0.9021 32.91/0.9331 30.49/0.8925

KernelGAN [1] - - 29.78/0.8042 28.36/0.7358 - - 33.65/0.9399 31.83/0.9032
TTSR [46] - 28.03/0.7367 - 27.67/0.7082 - 31.39/0.9045 - 30.97/0.8991
MASA [25] - 28.32/0.7498 - 28.05/0.7212 - 32.01/0.9094 - 31.42/0.9011
DCSR [43] 30.40/0.8306 28.38/0.7440 29.22/0.7627 27.99/0.7176 34.29/0.9434 32.02/0.9073 33.18/0.9382 31.36/0.8992

SelfDZSR [53] 29.86/0.8382 27.91/0.7297 28.97/0.7943 27.60/0.7244 33.91/0.9442 31.32/0.9132 32.96/0.9405 31.03/0.9033
DCSR+SRA [43] 30.61/0.8424 28.56/0.7486 29.44/0.7910 28.18/0.7317 34.37/0.9468 32.17/0.9124 33.38/0.9404 31.59/0.9037

ZeDuSR 31.01/0.8529 28.87/0.7536 30.02/0.8146 28.66/0.7420 34.78/0.9553 32.41/0.9117 33.79/0.9421 31.76/0.9019
ZeDuSR� 31.17/0.8594 29.25/0.7601 30.23/0.8183 29.09/0.7483 34.89/0.9571 32.77/0.9212 33.94/0.9450 32.42/0.9141

Table 2. Quantitative comparisons with blind SR for 2× and 4× SR on synthesized dual-lens data with image-speci�c degradation (IG and
IG JPEG). PSNR/SSIM are adopted for the evaluation of reconstruction accuracy.

Method
HCI new Middlebury2021

IG IG JPEG IG IG JPEG
2× scale 4× scale 2× scale 4× scale 2× scale 4× scale 2× scale 4× scale

Bicubic 29.45/0.8119 27.62/0.7168 29.42/0.7839 27.21/0.6881 33.43/0.9409 30.87/0.9001 33.02/0.9277 30.41/0.8822
DANv1 [27] 30.29/0.8569 28.43/0.7534 29.07/0.7747 27.19/0.6917 34.44/0.9519 32.22/0.9159 33.10/0.9182 30.45/0.8720
DANv2 [28] 30.16/0.8539 28.48/0.7586 28.82/0.7721 27.28/0.6911 34.36/0.9516 32.29/0.9150 32.97/0.9169 30.56/0.8695
DCLS [26] 30.63/0.8651 28.68/0.7524 29.21/0.7841 27.45/0.6928 34.72/0.9528 32.46/0.9173 33.38/0.9250 30.71/0.8725
ZeDuSR 31.01/0.8529 28.87/0.7536 29.98/0.8006 27.82/0.7035 34.78/0.9553 32.41/0.9171 33.63/0.9316 30.97/0.8805

ZeDuSR� 31.17/0.8594 29.25/0.7601 30.06/0.8032 28.17/0.7179 34.89/0.9571 32.77/0.9212 33.79/0.9332 31.57/0.8929

and anisotropic Gaussian downsampling (IG and AG) and
isotropic Gaussian downsampling with slight JPEG com-
pression (IG JPEG)3, on one of the two views (acting as
wide-angle), while the other view acts as telephoto after
center cropping. Details of synthesized data generation and
degradation simulation are in the supplement.

Implementation Details. For the alignment network,
we modify FlowNet-S [14] by decreasing the convolu-
tion layers to suit the limited training data. We use the
RCAN [52] backbone as the image-speci�c SR network.
The embodiments of the alignment and SR networks can
be replaced, the ablation studies are in Section 7. More im-
plementation details are in the supplement.

Comparison Methods. We compare ZeDuSR with
several representative methods including �ve categories:
1) non-blind single-image SR (SISR): RCAN [52],
CSNLN [31], and SwinIR [22], 2) blind SISR with a ker-
nel pool: DANv1 [27], DANv2 [28], and DCLS [26],
3) zero-shot SISR with kernel prediction: ZSSR [36]
and KernelGAN [1], 4) reference-based SR (RefSR):
TTSR [46] and MASA [25], 5) dual-lens SR: DCSR [43],
DCSR+SRA [43], and SelfDZSR [53]. SISR methods
use only the wide-angle image during training and infer-
ence, while RefSR and dual-lens SR methods use the wide-

3JPEG is commonly used on mobile devices, which is signal-dependent
and thus image-speci�c degradation, even at �xed compression ratio.

angle/telephoto image pair. These methods are reproduced
with the best possible training con�gurations following
their original papers. Besides, we provide an updated ver-
sion of ZeDuSR to demonstrate its promising potential (de-
noted as ZeDuSR*), where the parameters of the image-
speci�c SR network are initialized by a pretrained model
with bicubic degradation. Note that, still, no extra dual-lens
data is required during training.

Quantitative Comparison. We compare ZeDuSR
with non-blind SISR, zero-shot SISR, RefSR, and dual-
lens SR under image-speci�c degradation IG and AG
in Table 1. The methods using external training data
with bicubic degradation (e.g., SwinIR [22], MASA [25],
and DCSR [43]) inevitably face the domain gap caused
by the degradation variance between training and infer-
ence. Zero-shot SISR methods (e.g., KernelGAN [1]) may
meet dif�culty for degradation kernel estimation. Self-
supervised dual-lens SR methods (DCSR+SRA [43] and
SelfDZSR [43]) still assume consistent degradation on the
external training data from the target device, which limits
their generalization capabilities. It can be seen that Ze-
DuSR shows superior performance over the previous meth-
ods in most cases, thanks to the image-speci�c degradation
assumption. Meanwhile, ZeDuSR* achieves further im-
proved results, surpassing the previous methods by a large
margin. We compare ZeDuSR with blind SISR methods un-
der image-speci�c degradation IG and IG JPEG in Table 2,
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Figure 7. Visual comparisons on synthesized data. The white dotted box indicates the overlapped FoV. Top: �Origami� from HCI new.
Bottom: �Bandsaw1� from Middlebury2021.
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Figure 8. User study on the real-world dual-lens SR results.

where the blind SISR methods are trained using external
data with a kernel pool of AG degradation. As can be seen,
ZeDuSR achieves better results overall since the realistic
degradation is not within the kernel pool of blind SISR.

Qualitative Comparison. Examples of qualitative com-
parison between ZeDuSR and other methods are shown in
Figure 7. It can be observed that our method recovers more
accurate and reliable details, while others suffer from blurry
or unrealistic artifacts due to the degradation variance.

6. Real-world Experiments
Dataset. We conduct experiments on real-world datasets

captured by off-the-shelf smartphones, including Camer-
aFusion [43] (by iPhone11) and RealMCVSR [19] (by
iPhone12). The former supports 2× dual-lens SR while the
latter supports both 2× and 4× dual-lens SR. More details
of the datasets are in the supplement.

Statistic Evaluation. Since the HR ground-truth image
is NOT available on the real-world dual-lens data, we per-
form a user study on the real-world results generated by rep-
resentative methods. We provide the users with anonymous
pair comparisons (ZeDuSR vs. the other method) and ask
them to select the one with higher quality. We collect 1200
votes from 30 users and the statistics are summarized in Fig-
ure 8. The user study veri�es the superiority of our method

Table 3. Ablation on the loss function and training strategy.

Ls
adv Lf

adv Lcl DaTS PSNR SSIM
� � � � 30.48 0.8362
� � � � 30.59 0.8429
� � � � 30.72 0.8452
� � � � 30.89 0.8512
� � � � 31.01 0.8529

on real-world data. We also provide non-reference evalua-
tions in the supplement.

Visual Comparison. Examples of real-world visual re-
sults are shown in Figure 9. It can be observed that ZeDuSR
reconstructs higher-�delity outputs within and outside the
overlapped FoV, by leveraging the implicit modeling of the
image-speci�c degradation, where more realistic textures
and sharper edges are recovered. More real-world results
are provided in the supplement.

7. Ablation Study
Loss Function and Training Strategy. To investi-

gate the effectiveness of our proposed loss function for
degradation-invariant alignment and the degradation-aware
training strategy (DaTS), we conduct an ablation study on
the HCI new dataset with IG degradation for 2× SR. As can
be seen in Table 3, the PSNR gradually increases by adding
the three loss terms to the L2 loss when training the align-
ment network. If the image-speci�c SR network is trained
with DaTS, the PSNR further increases.

Alignment and SR backbones. To investigate the im-
pact of the embodiments for the alignment network and
the image-speci�c SR network, we take SPyNet [34] and
PWCNet [39] as the alternative alignment networks, while
CSNLN [31] and SwinIR [22] are selected as the alterna-
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Figure 9. Visual comparisons on real-world data. The white dotted box indicates the overlapped FoV. More results are in the supplement.

Table 4. Ablation on the alignment backbone.
Alignment Network IG AG

FlowNet-S [8] 31.01/0.8529 30.02/0.8146
SPyNet [34] 31.05/0.8533 29.97/0.8139

PWCNet [39] 29.98/0.8515 30.06/0.8159

tive SR networks. We retrain our method on the HCI new
dataset with IG and AG degradation for 2× SR. As can be
seen in Table 4 and Table 5, the performances of different
embodiments are close, which demonstrates the robustness
of ZeDuSR for different backbones.

8. Conclusion
In this paper, we present a zero-shot learning solution

for dual-lens SR (ZeDuSR), which learns an image-speci�c
SR model with the single dual-lens pair at test time. Speci�-
cally, we propose a degradation-invariant alignment method
to generate an aligned LR-HR image pair for training the SR
model while keeping the realistic degradation, along with
a degradation-aware training strategy to effectively exploit
the information within the highly limited training data. Ex-
periments on synthesized and real-world datasets demon-
strate the superiority of ZeDuSR over existing solutions.

Table 5. Ablation on the SR backbone.
SR Network IG AG
RCAN [52] 30.15/0.8371 28.99/0.7670

RCAN [52] + ZeDuSR 31.01/0.8529 30.02/0.8146
CSNLN [31] 30.24/0.8376 28.94/0.7682

CSNLN [31] + ZeDuSR 31.03/0.8516 29.97/0.8135
SwinIR [22] 30.19/0.8329 28.84/0.7652

SwinIR [22] + ZeDuSR 31.04/0.8531 29.91/0.8128

Similar to zero-shot SISR methods, ZeDuSR has the
drawback of online training, i.e., a long inference time (see
supplement). This problem can be alleviated by initializ-
ing the parameters with a pretrained model as in ZeDuSR*,
or it will no longer be a problem if cloud computing is en-
abled on mobile devices. We believe ZeDuSR moves closer
to addressing realistic SR on the widely available dual-lens
devices, which would bene�t downstream applications that
require HR and large FoV inputs.
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