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Abstract

Advanced Deep Neural Networks (DNNs) perform well for
high-quality images, but their performance dramatically de-
creases for degraded images. Data augmentation is com-
monly used to alleviate this problem, but using too much
perturbed data might seriously decrease the performance on
pristine images. To tackle this challenge, we take our cue
from the assumption of spatial coincidence in human visual
perception, i.e. multiscale and varying receptive fields are
required for understanding pristine and degraded images.
Correspondingly, we propose a novel plug-and-play net-
work architecture, dubbed Quality-Adaptive Receptive Fields
(QUARF), to automatically select the optimal receptive fields
based on the quality of the input image. To this end, we first
design a multi-kernel convolutional block, which comprises
multiscale continuous receptive fields. Afterward, we design
a quality-adaptive routing network to predict the significance
of each kernel, based on the quality features extracted from
the input image. In this way, QUARF automatically selects
the optimal inference route for each image. To further boost
efficiency and effectiveness, the input feature map is split into
multiple groups, with each group independently learning its
quality-adaptive routing parameters. We apply QUARF to a
variety of DNNs and conduct experiments in both discrimi-
native and generation tasks, including semantic segmentation,
image translation, and restoration. Thorough experimental re-
sults show that QUARF significantly and robustly improves
the performance for degraded images, and outperforms data
augmentation in most cases.

Code — https://github.com/AiArt-Gao/QuARF

1 Introduction
Deep Neural Networks (DNNs) have led to remarkable
progress in computer vision, from discriminative tasks, in-
cluding image classification (He et al. 2016; Liu et al.
2022b), object detection (Redmon et al. 2016), and seman-
tic segmentation (Ke et al. 2024), to generative tasks, e.g.
unsupervised image generation (Zhu et al. 2017), text-to-
image generation (Rombach et al. 2022) and multimodal
conditioned generation (Isola et al. 2017; Zhang, Rao, and
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Figure 1: Performance of SAM (semantic segmentation)
(Kirillov et al. 2023a) and MATEBIT (image-to-image
translation) (Jiang et al. 2023), on degraded images. The x-
axis indicates the degree of hybrid degradation, or Gaussian
blurring kernel size; 0 indicates the pristine input; and larger
values indicate lower quality. Higher BIoU or lower FID val-
ues indicate better performance.

Agrawala 2023). Nevertheless, despite these advancements,
a critical challenge remains: the performance of DNNs tends
to deteriorate when faced with degraded input images. As
illustrated in Fig. 1, the performance of advanced DNNs de-
clines rapidly with increased Gaussian blur, in either image
understanding or generation tasks. Such observations expose
a critical weakness in models that excel only with high-
quality inputs (Fan et al. 2023). To alleviate this problem, ex-
isting works commonly use data augmentation during train-
ing, by randomly perturbing an input image (Zhong et al.
2020; Xu et al. 2023). Although data augmentation boosts
the robustness of DNNs on degraded samples, it inversely
damages the performance on pristine images (Rebuffi et al.
2021). Since images obtained in practical application sce-
narios are spread in a wide range of degradations, it’s signif-
icant to develop degradation-robust DNN architectures.

To find the reasons why the quality of an input image
heavily affects the performance of a network, inspired by the
spatial coincidence assumption (Marr 2010), we use a group
of Difference-of-Gaussian (DoG) kernels to filter a pristine
and its degraded versions (Fig. 2). DoG can detect multiscale
zero-crossings in an image, which approximate the observed
psychophysical effects in human vision (Marr 2010). As
shown in Fig. 2, the resulting raw primal sketches provide
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Figure 2: Illustration of the requirement of adaptive recep-
tive fields. The input image is processed by the Difference-
of-Gaussian (DoG) operator: DoG(σ, 2σ). Larger σ values
indicate larger receptive fields. The yellow and green boxes
present similar zero-cross segments, respectively.

essential and diverse information for understanding an im-
age. The coincidence and diversity between adjacent scales
indicate the presence of a specific physical phenomenon, e.g.
the primary boundary, reflectance, or depth (Marr and Hil-
dreth 1980). Thus, multiscale continuous receptive fields are
necessary for visual understanding. In addition, to extract
the same (or similar) visual information from images with
different degradation, the required receptive fields may be
diverse (yellow boxes). In other words, the receptive fields
for inference should adapt to the quality of the input im-
age. Besides, large kernels usually produce consistent rep-
resentations, which are insensitive to the degradation in an
image (green boxes). Thus, a robust network should contain
multiple kernels with continuous receptive fields (from small,
medium, to large), and automatically select the optimal in-
ference route based on the quality of input.

Numerous advanced DNNs use multiscale kernels (as
summarized in Fig. 3), and present performance or robust-
ness improvement, in diverse tasks. However, they typically
use a group of small kernels (Chollet 2017; Guo et al. 2022;
Zhang et al. 2022), or small & large kernels (Yu and Koltun
2015; Li et al. 2023; Cui, Ren, and Knoll 2024). Few works
propose using continuous kernels (He et al. 2022). In ad-
dition, researchers have proposed some degradation-aware
networks for the image restoration or super-resolution re-
construction (SR) task (Zheng et al. 2023; Xie et al. 2024).
These works first estimate the possible degradation pre-
sented by the input image; and then use the degradation-
aware features to learn the dynamic convolutional kernels
(Gu et al. 2019; Zhou et al. 2022b; Wang et al. 2021a) or
synthesizing degraded images (Chen et al. 2024). However,
few works try to solve the processing of degraded images
been constructed for general computer vision tasks, such as
classification, segmentation, generation. Besides, to our best
knowledge, existing works haven’t considered the signifi-
cance of quality in receptive fields selection.

Based on the discussions above, in this work, we pro-
pose a novel plug-and-play network architecture, dubbed
Quality-Adaptive Receptive Fields (QUARF). Specifically,
QUARF mainly comprises two modules: (1) a multi-kernel
convolutional block with multiscale continuous receptive
fields; and (2) a quality-adaptive router, which predicts the
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Figure 3: Differences between the proposed QUARF and
existing multiscale kernel networks.

optimal inference path, based on the quality features of the
input image. To further enhance the efficiency and effective-
ness, the input feature map is split into multiple groups, with
each group independently learning its quality-adaptive se-
lection weights. We apply QUARF to a variety of DNNs for
diverse computer vision tasks, i.e., semantic segmentation,
image-to-image translation, style transfer, and restoration.
Thorough experimental results show that QUARF signifi-
cantly and robustly improves the segmentation accuracy and
the generation quality for degraded images, and outperforms
data augmentation. Our code have been released online.

2 Related Works
Multiscale & Large Kernel Networks have been ex-
plored for achieving multiscale receptive fields (Szegedy
et al. 2015a; Yu and Koltun 2015; Chollet 2017; Zhang et al.
2022; Guo et al. 2022) for the classification or segmenta-
tion tasks. Besides, recent works propose to use large kernels
(Liu et al. 2022b; Li et al. 2023; Liu et al. 2022a; Ding et al.
2022), or even global kernels (Cui, Ren, and Knoll 2024), to
model long-range dependence. These networks typically use
a residual connection or a small kernel for providing local
information. The methodologies of existing works are sum-
marized in Fig. 3. The input features might be parallelly fed
into the multi-branch convolutional block; or channel-wise
split for flexibility (Zhang et al. 2022; Kumar et al. 2024).
The multi-branch outputs are merged through addition (or
average) (Szegedy et al. 2015b), concatenation (Yuan et al.
2021), or attentively weighted selection (Li et al. 2023). Dif-
ferent from these works, we propose to use multiscale ker-
nels with continuous receptive fields at one layer. Besides,
we propose to select the optimal receptive fields based on
the quality of input image.

Blind Image Quality Assessment (BIQA) determines an
image’s quality without referencing a high-quality version.
Traditional BIQA techniques extract hand-crafted features
from the spatial (Mittal, Soundararajan, and Bovik 2012;
Mittal, Moorthy, and Bovik 2012), frequency (Moorthy and
Bovik 2011), or wavelet coefficients (Gao et al. 2013), us-
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Figure 4: Pipeline of Quality-Adaptive Receptive Fields (QUARF). (1) Channel Split. The input tensor is channel-wisely split
into ζ groups. (2) Multiscale Receptive Fields. Afterward, each group is separately fed into η branches of convolutional layers,
with kernel sizes kj×kj , j = 1, ..., η. (3) Quality-Adaptive Routing. For each group, we learn the optimal routing parameters,
based on the perceptual quality of the input image x, to integrate the multi-kernel outputs. In the implementation, we extract the
quality representation fQ by using an blind image quality assessment (BIQA) method ψQ, and maps fQ to the routing parameters
through multilayer perceptrons (MLP). (4) Merging. Finally, the outputs of all the groups are channel-wisely concatenated.

ing natural scene statistics (NSS) as a foundation. In recent
years, BIQA methods based on DNNs (Su et al. 2020; Qin
et al. 2023; Ke et al. 2021) or vision-language contrastive
learning (Zhang et al. 2023; Shi, Gao, and Qin 2024), have
achieved remarkable advancements. In this work, we use ex-
isting BIQA methods to extract quality features, for adap-
tively selecting the optimal receptive fields.

3 Method
3.1 Overview
Let F ∈ RH×W×Cin be the input feature map, and H ∈
RH×W×Cout be the output. H , W , Cin, and Cout are the
height, width, the number of input channels, and the num-
ber of output channels, sequentially. The pipeline of our
multi-kernel network architecture, i.e. Quality-Adaptive Re-
ceptive Fields (QUARF), is illustrated in Fig. 4. Similar to
the pipeline of previous multiscale or large kernel networks
(Fig. 3), QUARF mainly contains the following four stages:

(1) Channel Split The input tensor F is channel-split into
ζ groups: Fi ∈ RH×W×Cin/ζ , i = 1, ..., ζ .

(2) Multiscale Receptive Fields (MRF) Each group Fi is
fed into a multi-branch convolutional block, with η kernels:
Kj ∈ Rkj×kj×Cin×Cout/η, j = 1, ..., η, where kj is the ker-
nel width. Each kernel produces an output tensor:

Zi,j ∈ RH×W×Cout/η = Ki,j ⊗ Fi, (1)

where ⊗ denotes the convolutional operation.

(3) Quality-Adaptive Routing For each group, the signif-
icance of each receptive field (i.e. kernel), is adaptively pre-
dicted based on the perceptual quality of the input image x.
The output of the i-th group, denoted by Hi, is a weighted
combination of {Zi,j}ηj=1.

(4) Merging Finally, the outputs of all the groups are
channel-wisely concatenated as the output of QUARF.
In the following part, we’ll detail the implementation of mul-
tiscale receptive fields and quality-adaptive routing.

3.2 Multiscale Receptive Fields (MRF)
According to the spatial coincidence assumption (Marr and
Hildreth 1980), it’s better to design multiscale continuous
receptive fields. By “continuous” it means the kernels should
be “well separated in the frequency domain and covering
an adequate range of the frequency spectrum” (Marr 2010).
Following such instructions, we define the size kj of Kj by:

k1 = 3, and kj = 2kj−1 − 1, ∀j = 2, ..., η. (2)

We set η = 4 in default unless otherwise specified.

Computational Complexity To reduce the computational
complexity, we use dilated convolution (Yu and Koltun
2015), instead of the standard 2D Covolution, to achieve a
receptive field of kj × kj by using 3× 3 kernels with a dila-
tion of j. The amount of learnable kernel parameters here is
computed by:

CMRF =

ζ∑
i=1

η∑
j=1

cin
ζ

· 3 · 3 · cout
ζ

=
9 · cin · cout

ζ
. (3)

Obviously, the amount of parameters is inversely propor-
tional to the number of groups ζ.

3.3 Quality-Adaptive Routing (QAR)
As previously discussed on Fig. 2, images with diverse qual-
ity (or degree of degradation), may require different sizes of
receptive fields, for extracting the same presentations. Thus,
we propose to learn the weighting parameters for every re-
ceptive fields, based on the quality of the input image x. To
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Figure 5: Impact of QUARF on various image-to-image translation (I2IT) models, in diverse I2IT tasks. In each task, we train
the model with high-quality samples (Official), data augmentation (Data Aug.), and QUARF, respectively; and then apply the
learned model to both high-quality (HQ) content image and its randomly degraded low-quality (LQ) version.

obtain effective quality representations, we choose an exist-
ing IQA method ψQ in the implementation. Let fQ denote
the quality feature vector, we map fQ to the routing param-
eters for each group i, through a shallow MLP ϕi with a
Softmax activation function. The process is formulated by:

wi = ϕi(fQ) = Softmax(MLP(fQ)), (4)

where wi = [wi,1, ..., wi,η];wi,j determines the significance
of the j-th receptive field for group i. The integrated output
of group i becomes:

Hi =

η∑
j=1

wi,j ⊙ Zj , (5)

where ⊙ denotes the element product.

Quality Representations In this work, we focus on de-
signing the quality-adaptive kernel selection mechanism.
Thus, we adopt an existing blind image quality assessment
(BIQA) models to extract the quality feature vector fQ from
the input image x. In default, we choose CONTRIQUE
(Madhusudana et al. 2022) to extract deep features from the
input image; because CONTRIQUE can efficiently and pre-
cisely predict the perceptual quality of an image. Note that,
it’s optional to select other BIQA methods instead. We’ll

also evaluate the performance of QUARF while using a dif-
ferent BIQA method in the experiments.

3.4 Plug-and-Play Applications
As presented previously, the proposed QUARF is simple
and intuitive. One can easily apply it to a wide range of
networks, by replacing a convolutional layer or block by
QUARF, or by additionally plugging QUARF to an appro-
priate position. As will present in the experimental section,
QUARF stably gains performance improvement on various
networks, in diverse tasks, and under different settings.

4 Experiments
We apply QUARF to a variety of DNNs, and conduct ex-
periments in the image translation, restoration, and seman-
tic segmentation tasks, respectively. In each task, we select
an advanced DNN-based method as the baseline model, and
then apply QUARF to the network. Afterward, we compare
the following three settings: (1) train the original model ex-
actly following the official settings or using the officially re-
leased model (Official); (2) train the original model with
data augmentation (+Data Aug.); and (3) train the model
with QUARF on the augmented dataset (+QUARF). All the
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(a) I2IT & NST. Lower FID/SIFID values indicate better style realism; higher CPBD values indicate better clairity.

face sketch sythesis summer-to-winter photo-to-sketch sketch-to-painting neural style transfer
Pix2Pix CycleGAN GLD MATEBIT AdaAttN

FID↓ SIFID↓ CPBD↑ FID↓ SIFID↓ CPBD↑ FID↓ SIFID↓ CPBD↑ FID↓ SIFID↓ CPBD↑ FID↓ SIFID↓ CPBD↑
Original 40.54 2.398 0.613 167.00 3.044 0.251 124.45 0.823 0.806 96.26 1.700 0.272 84.98 0.280 0.699
+Data Aug. 26.68 2.372 0.639 80.41 0.566 0.670 163.30 1.763 0.776 35.14 0.660 0.712 89.39 0.356 0.658
+QUARF 26.25 2.157 0.649 83.97 0.467 0.717 154.95 1.245 0.796 29.87 0.437 0.720 86.39 0.336 0.665

(b) Image Restorition. AST: deraining on AGAN-Data . Degradations in Data Aug. are included in Official.

Real-ESRGAN (×4 SR) (Wang et al. 2021b) AST (Zhou et al. 2024)
BSD100 Manga109 Urban100 DF1K AGAN-Data

PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑ FID↓ LPIPS↓ PSNR↑ SSIM↑
Official 25.21 0.660 26.01 0.837 21.20 0.657 24.03 0.704 23.49 0.2743 32.32 0.935
+QUARF 26.69 0.702 27.11 0.841 22.35 0.692 26.67 0.779 18.09 0.1966 32.39 0.946

(c) Face Parsing: SegNeXt (Guo et al. 2022) on the CelebAMask-HQ dataset (Lee et al. 2020).

mIoU ↑ (Mask IoU) BIoU ↑ (Boundary IoU)
SegNeXt HQ LQ-1 LQ-2 LQ-3 LQ-4 LQ-5 avg HQ LQ-1 LQ-2 LQ-3 LQ-4 LQ-5 avg

Official 74.51 71.21 57.80 45.61 21.87 9.76 41.25 64.15 59.85 43.35 27.32 8.20 3.89 28.52
+ Data Aug. 71.79 70.00 63.99 59.98 54.96 49.94 59.77 62.41 59.78 51.57 47.87 42.40 36.87 47.70
+ QUARF 72.59 70.16 64.06 60.10 55.35 50.48 60.03 62.76 60.34 52.46 48.82 43.54 37.97 48.62

(d) Semantic Segmentation: average performance aross the DIS, COIFT, HRSOD, and ThinObject datasets.

mIoU ↑ (Mask IoU) BIoU ↑ (Boundary IoU)
HQ-SAM HQ LQ-1 LQ-2 LQ-3 LQ-4 LQ-5 avg HQ LQ-1 LQ-2 LQ-3 LQ-4 LQ-5 avg

Official 88.67 79.17 73.85 70.11 64.70 54.86 71.89 77.74 62.37 52.88 47.31 42.37 29.74 52.07
+ Data Aug. 88.38 80.84 76.75 70.41 70.51 59.29 74.36 78.13 64.32 56.28 53.25 48.16 35.70 55.97
+ QUARF 87.70 77.89 76.21 72.28 69.15 57.69 73.49 79.79 65.90 59.03 51.64 49.50 36.21 57.01

Table 1: Impacts of QUARF on generative and discriminative vision tasks. HQ: high-quality pristine image; LQ-l: low-quality
image with the l-level degradation.

other experimental settings are exactly the same; and all the
learned models are evaluated on the same testing set.

4.1 Image Translation
Settings We conduct experiments on both image-to-image
translation (I2IT) and neural style transfer (NST) tasks,
and evaluate our approach against four baselines: (1) Face
sketch synthesis (FSS) with Pix2Pix (Isola et al. 2017) on
the CUFS dataset (Wang and Tang 2008), (2) Summer-to-
winter translation with CycleGAN on the summer2winter
dataset (Zhu et al. 2017), (3) Exemplar-based image trans-
lation with MATEBIT (Jiang et al. 2023) on the Metface
(Karras et al. 2020) dataset, (4) Image-to-sketch translation
with GLD (Chan, Durand, and Isola 2022) on the COCO
dataset and the Anime Colorization dataset (Chan, Durand,
and Isola 2022), and (5) Neural Style Transfer (NST) with
AdaAttN (Liu et al. 2021), using the MSCOCO and WikiArt
datasets (Lin et al. 2014; Phillips and Mackintosh 2011).

Criteria We use the Fréchet Inception Score (FID)
(Seitzer 2020), Single Image Fréchet Inception Distance
(SIFID), and Cumulative Probability of Blur Detection
(CPBD) (Narvekar and Karam 2011) for evaluating the qual-
ity of generated images. Lower FID or SIFID values indicate
better style realism; while lower CPBD values indicate more

serious blurring effects.

Results Table 1 (a) shows that QUARF consistently de-
livers significant improvements across various baselines,
achieving the lowest FID and competitive results on SIFID
and CPBD. Besides, Fig. 5 shows that the images generated
by our method present the best visual quality, in terms of
clarity and style, across all these tasks.

4.2 Image Restoration (IR)
Settings For Single-Image Super Resolution (SISR), we
use Real-ESRGAN (Wang et al. 2021b) as the baseline net-
work, and conduct experiments on the DF2K (Lim et al.
2017) and OST300 (Wang et al. 2018) datasets. The dataset
is split 7:3 into training and testing sets, with the test set re-
ferred to as DF1K. For Image Restoration, we utilize AST
(Zhou et al. 2024) as the base network and perform derain-
ing experiments under the official settings. In each task, we
compare (1) the official baseline model and (2) the model
variant with QUARF learned from the same training set.

Results Following the official settings, we use PSNR and
SSIM on Urban100, BSD100, Manga109 and AGAN-Data,
and FID and LPIPS on DF1K. As shown in Table 1(b),
QUARF stably and significantly boost the SR performance
across all the datasets, according to all the indices. Besides,
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Figure 7: Illustration of semantic segmentation results.

QUARF outperforms the official AST model in terms of
both PSNR and SSIM. Consistently, Fig. 6 shows that the
images generated by QUARF present less artifacts.

4.3 Face Parsing
Settings We used SegNeXt (Guo et al. 2022) as the base
network for face parsing experiments on CelebAMask-HQ
(Lee et al. 2020), to validate QUARF’s effectiveness, under
the same standard settings.

Results We report the mIoU and BIoU on the
CelebAMask-HQ test set, across different levels of
hybrid degradation levels (following CodeFormer (Zhou
et al. 2022a)). Table 1(c) shows that QUARF significantly
boost the face parsing accuracy for degraded images, in
terms of both mIoU and BIoU. Besides, QUARF lessens
the performance decrease on high-quality images caused
by data augmentation. Fig. 7 shows that QUARF leads
to preciser parsing results, compared to the Official
and Data Aug. models, especially in terms of regional
boundaries. Such observations are consistent with the
superiority of QUARF in BIoU.

Pix2Pix MATEBIT
Position FID↓ SIFID↓ CPBD↑ FID↓ SIFID↓ CPBD↑
Encoder 26.25 2.157 0.649 29.87 0.437 0.720
Decoder 26.89 2.330 0.653 32.14 0.448 0.726
both 60.16 2.076 0.608 32.63 0.651 0.698

Table 2: Impact of the plug positions of QUARF.

Pix2Pix CycleGAN
FID↓ SIFID↓ CPBD↑ FID↓ SIFID↓ CPBD↑

QUARF CNN 27.08 2.310 0.655 133.64 0.776 0.665
QUARF BRSQ 26.47 2.342 0.651 95.19 0.517 0.683
QUARF CTRQ 26.25 2.157 0.649 83.97 0.467 0.717

GLD MATEBIT
FID↓ SIFID↓ CPBD↑ FID↓ SIFID↓ CPBD↑

QUARF CNN 144.1 1.662 0.778 34.40 0.711 0.708
QUARF BRSQ 158.2 1.390 0.741 33.45 0.610 0.690
QUARF CTRQ 154.9 1.245 0.796 29.87 0.437 0.720

Table 3: Impact of quality representations on QUARF, in
various I2IT tasks. CTRQ is our default choice.

4.4 Semantic Segmentation
Settings For semantic segmentation, we evaluate the im-
pact of QUARF on SAM models (Kirillov et al. 2023b),
by using HQ-SAM (Ke et al. 2024) as the baseline. We
conducted experiments on the HQSeg-44K dataset, follow-
ing the official settings (Ke et al. 2024). For HQ-SAM, we
chose the image encoder of the ViT-B model as the visual
backbone. We test the model performance on ThinObject-
5K (Liew et al. 2021)(test set), DIS (Qin et al. 2022) (val-
idation set), HR-SOD (Zeng et al. 2019) and COIFT (Liew
et al. 2021). The original clear images as well as their de-
graded versions (5 different levels of hybrid distortion fol-
lowing CodeFormer (Zhou et al. 2022a)), are used for train-
ing and testing accordingly.

Results Fig. 7 shows that both Official and Data
Aug. present prediction errors in low-quality images; while
our module reduces the error regions. Similarly, Table 1(d)
shows that QUARF achieves optimal BIOU values, across
diverse levels of degradation. Both the quantitative and qual-
itative results imply that QUARF typically leads to continu-
ous segmentation regions with precise boundaries.

4.5 Ablation Study
Impacts of Plug Position We first analyze the perfor-
mance of QUARF when plugged in different layers of a
network. Specifically, we insert QUARF after the down-
sampling operation in the front encoder layer (Encoder),
or after the up-sampling operation in the decoder layer
(Decoder), or both. As shown in Table 2, using QUARF
in the encoder leads to the best balanced performance ac-
cording to all the indices. This is consistent with our mo-
tivation, of using multiscale kernels for extracting effective
information, since the encoder is near to the input.
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Impacts of Quality Representations. In this part, we aim
to analyze the impact of quality features. To this end, we
extract quality feature vectors by using three BIQA mod-
els, i.e. a 5-layer CNN, BRISQUE (Mittal, Moorthy, and
Bovik 2012) and CONTRIQUE (Madhusudana et al. 2022),
respectively. The corresponding variants of QUARF are de-
noted by the subscripts, CNN, BRSQ and CTRQ, sequentially.
As shown in Table 3, all the variants of QUARF achieve
superior performance in most cases. Such consistent perfor-
mance improvement demonstrates that we can use different
quality features in QUARF. It’s potential to further boost the
performance by using better quality representations.

Impacts of Groups We here analyze the impact of the
number of groups (ζ) in QUARF (Fig. 4). As shown in the
left plot of Fig 8, QUARF stably leads to optimal perfor-
mance when the input feature tensor is chanel-wisely di-
vided into 2 to 8 groups. Recall that the amount of param-
eters is inversely proportional to the number of groups (Eq.
3). We choose ζ = 4 in default to achieve optimal balance
between performance stability and efficiency.

Learned Kernel Routing Parameters To have an insight
into QUARF, we compute the average kernel routing pa-
rameters of each receptive field, for images degraded with
different sizes of Gaussian blurring. As visualized in Fig.
8, as image quality decreases, the weights of small recep-
tive fields, i.e. (3, 9), increase; while the weights of large

MATEBIT AdaAttN
FID↓ SIFID↓ CPBD↑ FID↓ SIFID↓ CPBD↑

Sum 33.77 0.650 0.692 93.88 0.362 0.674
Concatenation 31.75 0.592 0.706 89.64 0.341 0.670
Channel Para. 33.29 0.673 0.692 91.20 0.384 0.692
Channel Att. 34.56 0.650 0.693 88.93 0.412 0.667
Spatial Att. 33.57 0.626 0.705 88.77 0.357 0.656

QUARF 29.87 0.437 0.720 86.39 0.336 0.665
QUARF(F,fQ) 32.22 0.617 0.712 87.08 0.349 0.682
QUARFhard 33.13 0.622 0.715 88.12 0.384 0.660

Table 4: Impact of kernel selection mechanisms (Fig. 3).

receptive fields, i.e. (5, 17), decrease. As previously shown
in Fig. 2, features extracted by small receptive fields focus
more on local characteristics, while large receptive fields fo-
cus more on extracting global features. As image quality de-
clines, the model needs to pay more attention to local fea-
tures that might be lost. This is consistent with the trend re-
flected in the curve.

Implementation of Convolutions We further investigate
the implementation method of QUARF by using differ-
ent types of convolutions, i.e. standard 2D convolution
(Conv2D), depth-separable convolution (DSConv), and di-
lated convolution (Dilated). As shown in Fig 9, the di-
lated convolution lead to the best image quality according
to both FID and CPBD, with the best efficiency in terms of
giga floating point of operations per second (GFLOPs).

Comparison with Existing Feature Fusion Mechanisms
In this part, we compare our quality-adaptive selection meth-
ods, with existing ones (Fig. 3), i.e. Sum, Concatenation,
Channel-wise learnable parameters (Channel Para.),
Channel-wise Attention (Channel Att.), and Spatial-
wise Attention (Spatial Att.). Besides, we modify
QUARF by (1) using both the global average of the in-
put tensor and the quality features (QUARF(F,fQ)), or (2)
merely selecting the receptive fields with the greatest rout-
ing parameter (hard). From above mentioned, using quality
features is superior to using current feature maps to adjust.
Table 4 shows that most feature fusion mechanisms lead to
better performance, compared with data augmentation. Be-
sides, our default QUARF achieves the best performance in
general. Such observations again demonstrate our basic mo-
tivation, i.e. learning quality-adaptive receptive fields.

5 Conclusions
In this paper, we propose a novel methodology of Quality-
Adaptive Receptive Fields (QUARF). Qualitative and quan-
titative experiments have shown that QUARF is capable
of achieving quality adaptation and can significantly im-
prove the generation quality across multiple existing mod-
els. The experimental results demonstrate the effectiveness
of quality-adaption on various tasks. In the future, we will
explore more approaches to solve the challenge of process-
ing, analyzing, and generation tasks for degraded images.
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