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Dual-Level Cross-Modality Neural Architecture
Search for Guided Image Super-Resolution

Zhiwei Zhong ¥, Xianming Liu
Debin Zhao

Abstract—Guided image super-resolution (GISR) aims to recon-
struct a high-resolution (HR) target image from its low-resolution
(LR) counterpart with the guidance of a HR image from another
modality. Existing learning-based methods typically employ sym-
metric two-stream networks to extract features from both the
guidance and target images, and then fuse these features at ei-
ther an early or late stage through manually designed modules
to facilitate joint inference. Despite significant performance, these
methods still face several issues: i) the symmetric architectures treat
images from different modalities equally, which may overlook the
inherent differences between them; ii) lower-level features contain
detailed information while higher-level features capture semantic
structures. However, determining which layers should be fused and
which fusion operations should be selected remain unresolved; iii)
most methods achieve performance gains at the cost of increased
computational complexity, so balancing the trade-off between com-
putational complexity and model performance remains a critical is-
sue. To address these issues, we propose a Dual-level Cross-modality
Neural Architecture Search (DCNAS) framework to automatically
design efficient GISR models. Specifically, we propose a dual-level
search space that enables the NAS algorithm to identify effective
architectures and optimal fusion strategies. Moreover, we propose
a supernet training strategy that employs a pairwise ranking loss
trained performance predictor to guide the supernet training pro-
cess. To the best of our knowledge, this is the first attempt to intro-
duce the NAS algorithm into GISR tasks. Extensive experiments
demonstrate that the discovered model family, DCNAS-Tiny and
DCNAS, achieve significant improvements on several GISR tasks,
including guided depth map super-resolution, guided saliency map
super-resolution, guided thermal image super-resolution, and pan-
sharpening. Furthermore, we analyze the architectures searched
by our method and provide some new insights for future research.

Index Terms—Guided image super-resolution, neural archi-
tecture search, ranking loss.
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1. INTRODUCTION

MAGE super-resolution (SR) is a fundamental problem in
I computer vision that focuses on estimating high-resolution
(HR) images from low-resolution (LR) ones. Over the years,
this topic has received considerable attention, and various ap-
proaches have emerged [1], [2]. However, most of these algo-
rithms are tailored for single-modality images and do not exploit
the potential of utilizing other modalities as guidance. In many
practical scenarios, it is common to capture a specific scene using
different sensors to obtain a more comprehensive representation.
For instance, in robotics, an RGB-D camera is commonly used
to simultaneously capture color and depth images. Similarly,
in remote sensing, multiple images are acquired with different
spectral bands. To balance the trade-off between bandwidth and
computational efficiency, some of these images are captured at
notably low-resolution, such as depth maps, which limits their
practical applications.

Considering that these cross-modality images originate from
the same scene, they inherently exhibit shared characteristics,
such as edges and corners. This naturally raises the question:
Can we leverage HR images from other modalities to enhance
the SR performance of current LR images? To answer this ques-
tion, researchers have developed various methods to incorporate
cross-modality information into the SR pipeline. One prominent
solution is guided image super-resolution (GISR) [3], [4], [5],
which uses a HR image from a different modality to guide
the SR pipeline. The guidance image contains rich and diverse
structures that are relevant to the target image. By transferring
this information to the LR image, GISR models typically achieve
better performance.

Conventional GISR tasks include guided depth map SR [6],
[7], [8], guided saliency map SR [9], [10], guided thermal image
SR [11],[12] and pan-sharpening [13], [14]. Specifically, guided
depth map SR leverages HR RGB images to enhance the resolu-
tion of LR depth maps, addressing the resolution limitations of
depth sensors. Guided saliency map SR improves the resolution
and quality of saliency maps by using HR RGB images to
highlight visually significant regions more accurately. Guided
thermal image SR employs HR RGB images as guidance to
refine the resolution of thermal images, enhancing structural and
textural clarity for applications such as surveillance and medical
diagnostics. Pan-sharpening combines HR panchromatic images
with LR multispectral images to generate HR multispectral
images, which is widely used in remote sensing for applications
such as land use analysis and environmental monitoring.
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Fig. 1. RMSE comparisons for guided depth map super-resolution. The nota-
tion “T+G” indicates that the model takes both target and guidance images as
input, while “T+T" refers to a model employing two target images as inputs.

Recently, deep learning techniques have gained renewed in-
terest due to their remarkable feature extraction capabilities. As
a result, an increasing number of learning-based GISR mod-
els [15], [16], [17], [18] are proposed. These methods are mainly
based on symmetric two-stream architectures, wherein the guid-
ance and target images are independently processed, and then
the extracted features are fused at either an early or late stage by
manually designed modules to enable joint inference. Although
these methods have achieved significant performance, there are
still some limitations that need to be carefully addressed.

First, as the most ubiquitous solution, the symmetric two-
stream architectures may not fully exploit the inherent differ-
ences between the guidance and target images. In GISR, the
guidance and target images are usually obtained from different
sensors, due to intrinsically different imaging mechanisms, they
exhibit distinct characteristics. For example, the depth maps
offer information about object distances in a scene, while the
colorimage contains valuable color and texture details. The sym-
metric architectures may ignore the inherent differences between
these images. Additionally, as illustrated in Fig. 1, the guidance
images have different impacts on different tasks. For 16 x GISR,
the guidance images contribute significantly for improving the
model performance. However, its impact is minimal in simpler
cases (e.g., 4x). To further optimize the model performance,
we can allocate more computational resources to the guidance
stream for 16x GISR, and consider reducing or even removing
the guidance stream to conserve computational resources for
simpler tasks. Consequently, how to discover efficient feature
extractors to effectively exploit the unique characteristics of
the guidance and target images is crucial.

In addition to feature extraction, researchers have explored
various fusion strategies to further enhance the performance of
GISR models. Early studies [15], [19] employ simple concate-
nation or summation to fuse cross-modality features at a single
level. Nevertheless, these fusion strategies treat the features of
different streams equally, which can result in unwanted arti-
facts and blurred edges [10]. Moreover, in convolution neural
networks, the lower layers capture local and basic features
such as edges and textures, while the higher layers detect more
complex and abstract features such as semantic concepts and
objects. Manually selecting optimal intermediate features for
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Fig. 2. Adjust a baseline model with different network width (a), network
depth (b) and kernel size (c).

cross-modality fusion is a time-consuming and laborious task.
To address these challenges, the most straightforward way is to
design sophisticated fusion strategies [18], [20] and fuse cross-
modality features at each level in a brute force manner. However,
fusing features from all levels is a time-consuming process,
and developing an elegant fusion strategy relies heavily on hu-
man expertise through extensive trial and error. Consequently,
devising an elegant fusion strategy to seamlessly integrate
multilevel and cross-modality features is a non-trivial task.

Last but not least, it has been observed that improving the
performance of GISR models usually results in higher compu-
tational complexity. For example, JIIF [21] comprises 10.83 M
parameters, while DADA [22] reaches up to 32.53 M param-
eters. Even with the utilization of a powerful RTX 3090 GPU
server, the inference time for a 480 x 640 image in the DADA
model [22] requires approximately 13 seconds. Such large model
sizes and prohibitive inference latencies make them unsuit-
able for real-time or resource-constrained applications, such
as mobile phones and driving assistance systems. Therefore,
exploring how to design lightweight GISR models is worth
investigating.

In light of the above observations, we endeavor to take a
step further towards developing efficient GISR models. On
the one hand, designing such architectures manually can be a
tedious and time-consuming task, since it requires consideration
of numerous influential factors. As shown in Fig. 2, while
increasing network width and kernel size can initially boost
model performance, it may lead to overfitting beyond a certain
threshold. Similarly, deepening the network improves capability,
but the performance gains plateau as models grow larger. On
the other hand, neural architecture search (NAS) have emerged
as a promising approach for automatically discovering high-
performing architectures [23]. Motivated by this, we propose to
leverage NAS to design efficient GISR models. Considering that
GISR requires nested combinations of cross-modality features
and high-resolution output, directly transferring existing NAS
ideas from high-leve tasks to GISR is inadequate. Therefore, we
propose a dual-level search space comprised of a unimodality
feature extraction space and a cross-modality feature fusion
space. The former consists of lightweight building blocks, which
facilitates the NAS algorithm in exploring compact and efficient
architectures, whereas the latter integrates various popular fu-
sion operations, empowering the model to automatically deter-
mine the optimal fusion strategies (i.e., which features should be
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fused and which fusion operations should be chosen). Based on
this search space, we propose a Dual-level Cross-modal Neural
Architecture Search framework (DCNAS) for GISR. Our frame-
work is built upon one-shot NAS methods [24] which break
down the NAS process into two separate stages: supernet training
and architecture search. Moreover, we propose using pairwise
ranking loss to train a performance predictor that guides the
supernet training process, thereby improving the performance of
the supernet and bridge the gap between training and real-world
application. The contributions are as follows:

e We systematically analyze recent learning-based GISR
methods and identify that designing effective feature ex-
tractors and fusion strategies is crucial for GISR tasks. We
also show that manually designing optimal GISR models
is a complex process, demanding significant effort and
domain expertise. To address these challenges, we propose
a Dual-level Cross-modality Neural Architecture Search
(DCNAS) framework for automatically designing GISR
models. To the best of our knowledge, this is the first at-
tempt to explore the potential of applying NAS algorithms
to GISR.

e We propose a dual-level search space specifically designed
for GISR tasks, comprising a unimodality feature extrac-
tion space and a cross-modality feature fusion space. The
extraction space employs lightweight building blocks, such
as depthwise separable convolutions and inverted residual
structures, enabling the NAS algorithm to explore more
compact and efficient architectures. The fusion space in-
cludes a variety of fusion operations, allowing the model
to autonomously identify optimal fusion strategies.

e We propose a supernet training strategy that utilizes a
performance predictor trained with pairwise ranking loss
to guide the training process. This strategy focuses on
optimizing the most promising paths within the search
space, thereby improving the efficiency and effectiveness
of supernet training and facilitating the discovery of supe-
rior architectures.

® We conduct extensive experiments across various GISR
tasks, demonstrating that the proposed method achieves
a superior performance-to-complexity trade-off compared
to existing hand-crafted approaches. Additionally, we an-
alyze the architectures identified by our NAS algorithm,
providing new insights into the design of efficient GISR
models.

II. RELATED WORK
A. Cross-Modality Image Processing

Cross-modality image processing aims to integrate informa-
tion from different image modalities, such as RGB, depth, and
thermal images, to overcome the limitations of individual modal.
By leveraging complementary information across modalities, it
has been widely applied in tasks like image super-resolution [3],
denoising [25], and fusion [14], with use cases in autonomous
driving [26], video surveillance [27], and more. Existing meth-
ods for cross-modality image processing can be broadly cat-
egorized into traditional optimization-based approaches and
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deep learning-based approaches. Traditional methods rely on
hand-crafted filter kernels or objective functions. However, these
methods often suffer from limited flexibility and accuracy when
processing diverse image modalities due to their reliance on
assumptions like structural consistency [28].

In recent years, learning-based methods have emerged as the
dominant paradigm in various computer vision tasks [29], sur-
passing traditional hand-crafted approaches due to their ability
to autonomously learn complex features. To this end, more and
more advanced neural architectures are proposed [15], [30],
[31], [32]. For example, Li et al. [15] propose a learnable image
filter which can selectively transfer salient structures from the
guidance to the target image. Lutio et al. [8] propose to explicitly
learn graph regularization to effectively leverage contextual
information from the guidance image. Zhou et al. [14] intro-
duce a spatial frequency information intergration network that
fuses cross-modality features in both the spatial and frequency
domains. Dian et al. [33] propose a method that integrates an
imaging model with CNNs and employs cross-fusion strategies
to effectively learn spatial and spectral priors, achieving supe-
rior performance on both simulated and real datasets. Yuan et
al. [34] propose a flow-guided upsampling network to align
cross-modality structures and a flow-enhanced pyramid edge
attention network for edge refinement.

B. Efficient Neural Network Design

In the literature, various methods have been proposed for
designing lightweight and fast models. For instance, Mo-
bileNet [35] and ShuffleNet [36] utilize depthwise separable
convolutions and group convolutions to reduce parameter counts
and computational costs. EfficientNet [37] introduces a com-
pound scaling method that simultaneously optimizes network
depth, width, and resolution using a unified scaling coefficient.
Besides improving network designs, techniques such as network
pruning [38], quantization [39], and knowledge distillation [40]
are widely used to make neural networks more compact and
efficient. However, a major drawback of these methods is the
reliance on labor-intensive experimentation to identify optimal
network structures.

Neural Architecture Search (NAS) aims to automatically de-
velop an optimal neural network architecture for a specific task,
thus reducing the reliance on human expertise. Typically, NAS
is formulated as a bi-level optimization problem:

. *
min Acval (Dval , O wa)
acA

st w) = argminLeyain (Digain, @, W) , (1)
w

where Dy,qin and D,,,; represent the training and validation
datasets, respectively. £ is loss function. Given a search space
A, the objective of NAS is to identify an optimal architecture
a € Asuch that after training its weights w?,, it minimizes L,4;.
Current research in NAS can be broadly categorized into two

dimensions: search space and search strategy.
The search space defines the set of all possible architectures
that can be explored during NAS. Early studies [42], [43] focus
on searching entire networks, achieving remarkable results.
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Fig. 3. (a) Illustration of the gap between supernet training and practical development in single path methods. During training, existing methods [24], [41] treat

each candidate architecture equally and utilize a uniform sampling strategy to select one architecture for weight updates in each iteration. Conversely, during

development, the focus shifts to the architectures that lie on the Pareto frontier (circle marker), while disregarding less efficient candidates (

) (b)

Probability density distribution of computational complexities across 100,000 randomly sampled paths from the proposed search space. For better presentation,
the computational complexity metrics have been normalized to a 0-1 scale (Better view in color version); (¢) The Latency calculated by the Lookup Table (LUT)

is very accurate, with an average error (RMSE) of 0.7994.

However, the significant computational overhead of these ap-
proaches limits their practicality for real-world applications. To
mitigate thisissue, the cell-based search space is introduced [44],
where architectures are constructed by repeating a predefined
cell structure. Subsequent works [45], [46] further optimize this
approach, enabling the development of efficient architectures
tailored to resource-constrained devices. However, cell-based
approaches struggle with low-level vision tasks that require com-
plex architectures for multi-scale information extraction. This
prompts researchers to explore diverse search spaces beyond
cell-based design, such as hybrid designs [47] and multi-scale
architectures [48]. However, these methods mainly focus on
single-modality tasks, neglecting the potential benefits of in-
tegrating multiple modalities.

The search strategy refers to the method used to explore
the search space and identify optimal architectures. Initially,
most NAS methods rely on reinforcement learning (RL) [49]
or evolutionary algorithm (EA) [50]. These methods require a
significant computational budget to train thousands of archi-
tectures. To reduce computational costs, one-shot methods are
proposed, which leverage an over-parameterized supernet to en-
code all candidate architectures within the search space and share
weights across different architectures. Unlike traditional NAS,
one-shot methods train the supernet only once, significantly re-
ducing computational demands and enabling high-performance
architecture search on standard hardware. A widely adopted
variant is the gradient-based approach, which formulates the
NAS as a differentiable optimization problem. For example,
DARTS [51] relaxes the search space to a continuous one and
jointly optimizes the network parameters and the architecture
parameters through backpropagation. E-DNAS [52] introduces
a latency-aware approach for embedded systems, which incor-
porates meta-kernel optimization, feedback mechanisms, and
gradient-based search to design efficient neural networks. DE-
DARTS [53] further enhances gradient-based NAS by utilizing
dynamic attention networks, which adapt architectures based
on input data to reduce bias during search process. However,
these methods often suffer from performance degradation due
to inadequate architecture discretization.

Another widely used one-shot NAS approach is the single-
path method, which mitigates weight-sharing instability by
training only one sampled path at atime. Since the search space is
usually very large, selecting appropriate paths for optimization is
crucial. SPOS [24] employs a uniform sampling strategy, where
each path is selected with equal probability. However, as shown
in Fig. 3(a), a gap often exists between supernet training and
practical development. To bridge this gap and accelerate the
supernet training process, Wang et al. [54] propose an attentive
sampling strategy. Specifically, during each iteration, instead
of sampling only one path, they first sample multiple paths
and then use a pre-trained performance predictor to select the
top-performing paths for optimization. This strategy ensures
that paths near the Pareto frontier receive sufficient optimiza-
tion while mitigating the adverse effects caused by optimizing
weaker paths, thereby further enhancing the supernet’s perfor-
mance. Despite its significant performance, how to efficiently
sample candidate architectures and how to accurately identify
the high-performing ones still require further exploration.

C. Learning to Rank

Learning to Rank (LTR) is a machine learning technique em-
ployed in information retrieval systems to optimize the ranking
of items, such as documents, images, or search results, based
on their relevance to a given query [55]. The goal of LTR is to
automatically learn a scoring function from training data, which
can subsequently be applied to new, unseen data to generate an
ordered list of items that best align with the user’s intent. Due
to its significance, LTR has garnered substantial attention from
the academic community.

Pointwise approaches [56] treat the ranking problem as a
regression or classification problem by assigning an absolute
score or label to each item independently. For example, Li et
al. [57] introduce a classification-based ranking scheme, where
class probabilities are learned and transformed into ranking
scores using expected relevance framework. A key limitation
of pointwise approaches is that they evaluate items individually
without considering their relative ordering, which is essential
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Fig. 5. Illustration of the proposed DCNAS workflow.

for ranking tasks. In contrast, pairwise approaches focus on
learning the relative ranking between item pairs rather than
assigning absolute scores. These methods aim to reduce rank-
ing errors by optimizing pairwise preferences, making them
more effective in capturing item relationships. For example,
Cao et al. [58] formulate the ranking as a classification prob-
lem, and employ Support Vector Machines (SVM) to learn
a ranking function that maximizes the margin between cor-
rectly and incorrectly ordered pairs. Burges et al. [59] propose
RankNet, a neural network-based ranking model that optimizes
ranking order using a probabilistic cost function and gradient
descent.

III. PROPOSED METHOD

In this section, we provide a detailed introduction of the
proposed method. To offer a quick overview, we present
the framework diagram of DCNAS in Fig. 4 and illustrate
the architecture search workflow in Fig. 5.

A. Problem Formulation

Given a low-resolution (LR) target image L e R™* "€ and
its corresponding high-resolution (HR) guidance image G €
RM>*Nxe ‘the goal of GISR is to reconstruct a HR target image
Hgg € RM*NxC Jeveraging G as guidance. Here, M = s - m,
N = s - n,and s is the up-scale factor. To address the resolution
disparity between L and G, the LR image is typically inter-
polated to the same size as G. Then, the learning-based GISR
methods can be formulated as:

Hgg = Faisr(L, G, o, W), (2)

where Fgsr (+) denotes the GISR model, which learns the non-
linear mapping from the interpolated LR image L to the desired
HR target image Hgr; « is the network architecture and W,
means its weights. In this work, we propose to automatically
search for an optimal architecture « to achieve Fgisg(+). Specif-
ically, building upon recent advances in one-shot NAS [24], [54],
we formulate the process of finding the desired GISR models as
a two-stage optimzation problem. The first stage is to optimize
the weights of the supernet:

Wh=argmin E [Liin(Faisr(e, Wa))],
Wi a~A

3)

where A C A means the subset of paths that lie on the Pareto
frontier; A is the search space and W 4 means its weights. We
adopt a sampling-based method to train the supernet. Existing
methods utilize regression loss to train a performance predictor
for A. However, this method focuses on predicting absolute
performance scores, which may fail to preserve the relative
ranking of candidate architectures. To address this limitation,
we reformulate the training of the performance predictor from
a regression problem to a ranking problem and propose to use
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a pairwise ranking loss to train the predictor. Additionally, we
propose an optimized sampling strategy that enhances sampling
speed and ensures a more uniform distribution across architec-
tures with varying computational complexities.

The second stage is to search for the optimal candidate archi-
tectures under different resource constraints.

o = argmin Lyy(Fasr (o, W5)), st.Cla) <7, (4)
acA

where a* is the desired network architecture; C'(«r) measures
the computational cost for a given architecture «; 7 denotes
the computation complexity threshold. Since the supernet is
well-trained in the first stage, the performance of all paths can
be efficiently estimated by directly inheriting the weights W7,
from the supernet. The optimization of (3) and (4) is addressed
through two different stages of DCNAS, which are detailed in
Sections III-C and III-D, respectively.

B. Search Space Design

The search space is a basic component in NAS algorithms,
as it defines the range of potential neural architectures that
the algorithm can explore. To optimize the performance of
search algorithms, an effective search space must satisfy two
key criteria: 1) it should allow for a broad range of architectural
configurations with different levels of complexity to meet the
demands of diverse development scenarios, ii) it should be
constrained within a reasonable range to reduce computational
and time costs. Based on these principles, we propose a novel
search space tailored for GISR tasks. As illustrated in Fig. 4(a), it
consists of two main components: a searchable feature extractor
and a searchable fusion decoder. The feature extractor takes a
LR image and a guidance image as inputs, aiming to extract
multi-level features. The fusion decoder integrates the extracted
features from both images of the same level and generates the
desired HR target image.

For the proposed search space, the macro-architecture is
designed based on prior knowledge (i.e., an encoder-decoder
structure with multi-level feature fusion) derived from well-
established GISR models [5], [17], [18]. This design reduces the
search space, enabling the search algorithm to be more focused
and efficient. By adjusting the detailed configurations of the
feature extractor and fusion decoder, various architectures can
be obtained to meet different requirements. In the following, we
will provide a comprehensive explanation of each component
mentioned above.

Searchable Feature Extractor: As illustrated in Fig. 4(a),
the proposed feature extractor comprises two parallel image
encoders: one dedicated to processing the LR target image and
the other handling the guidance image. Each encoder consists
of four hierarchical feature learning stages separated by three
downsampling operations. Each stage contains several basic
searchable units, and by adjusting the configurations of these
units, we can obtain different feature extractors. In this work, we
use the Mobile block [35] with slightly modifications as the basic
unit. Specifically, we exclude all batch normalization (BN) [60]
layers, as recent studies [61], [62] have indicated that the BN
layers may impact the performance of SR models. Moreover, the
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TABLE I
THE CHOICES OF NUMBER OF BLOCKS, EXPAND RATIOS AND KERNEL SIZES
OF DEPTH-WISE CONVOLUTION IN THE PROPOSED RESIDUAL MOBILE
ATTENTION GROUP (RMAG)

Variable Depth Expand Ratio Kernel Size

Choices {0,1,2,3,4} 2,3,4,5,6} {3,5,7}

residual learning and squeeze-and-excitation (SE) block [63] are
added to facilitate information flow and enhance the capabilities
of the network architecture. As shown in Fig. 4(d), several
Mobile blocks are stacked sequentially to form the Residual
Mobile Attention Group (RMAG), where three key architectural
dimensions are optimized during neural search:

i) Elastic Depth: The number of Mobile blocks in each stage
(RMAGQG) is an important factor that affects both the computa-
tional cost and capacity of the model. To optimize these aspects,
we search for number of blocks within a broader range of
choices. ii) Elastic Expand Ratio: The Mobile block employs
a point-wise convolution to expand the feature channel by a
certain expansion ratio, followed by a depth-wise convolution,
and then reduces the feature channel through another point-wise
convolution. The expansion ratio determines the number of
feature channels that the depth-wise convolution operates on,
thereby influencing the trade-off between model accuracy and
computational efficiency. Previous approaches have employed
a fixed expansion ratio for all blocks. In contrast, we conduct a
search to determine a unique expansion ratio for each block. iii)
Elastic Kernel Size: The size of the kernel used in the depth-wise
convolution is a critical factor that impacts model complexity
and performance. Although most existing methods have relied
on fixed 3 x 3 convolution kernels, we argue that this simple
choice may not be optimal. Therefore, we include the kernel
size as a variable in our search space to explore different sizes
and find the most suitable choice. The detailed choices for these
search variables are listed in Table I.

Searchable Fusion Decoder: The fusion decoder is an es-
sential component in GISR models, which aims to fuse the
multi-modality features and generate the HR target image. As
shown in Fig. 4, the fusion decoder is composed of several
fusion blocks (Fig. 4(c)), and each block is dedicated to fuse
the extracted guidance and target features of the same level. We
search on two dimensions for it: feature fusion stage and fusion
operation. The feature fusion stage search aims to automatically
identify which stages of the features should be fused. To achieve
this, we define the following two operators as feature selection
operations:

(1) Identity () = z, i.e., the feature x is selected.

(2) Zero(x) = 0, i.e., the feature «x is discarded.

The fusion operation search aims to automatically discover
the suitable fusion operations for the selected features. Let @
and y be the input features, the set of possible fusion operations
used in our search space are as follows:

1) Sum (x,y): The element-wise summation is the most
widely fusion operation in GISR models, and it can be defined
as: Sum(x,y) =  + y. (2) ConcatPW(x, y): In this operation,
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Algorithm 1: Supernet Training Algorithm.

Input: Supernet Fgisr with parameter W, search space A, training dataset D\,in, validation dataset D,,), maximum
iteration 7', computational resource distribution R, number of sampled paths m, number of selected paths &,
pre-trained performance predictor P, predictor update interval ¢, batch size n

fori=1toT do

m

for j=1to k do
Randomly sample a training batch from Diy,in;

end
if i % t == 0 then

Calculate the loss {I}}_; of {3;}}_; on Dya;

end
end

Sample a target resource constraint 7 according to the resource distribution R;
Uniformly sample m paths {«; }7*, from the search space A following the constraint 7;
Get the top-k paths {ay, }¥ | using the path predictor P; /+ {t;}}_, are indices for top-k paths =/

Update the weights W, of path «;, using stochastic gradient descent;

Randomly sample a bacth of paths {3}}_; under the resource constrain 7;

Fine-tune the performance predictor P using {(5;,1;),|1 <j <n};

the two input features are first concatenated along the channel
dimension to create a fused feature. Then the fused feature
is passed through a point-wise (PW) convolution for feature
reduction:

ConcatPW(x,y) = PW(Concat(x, y)). (5)

3) Attention (x,y): Attention mechanisms have been widely
used in GISR models [17], [18] to enhance their ability to focus
on important regions of input features. Generally, they first send
the input features to a small network to generate the attention
map, then the attention maps are used to re-weight the input
features:

[m,, m,| = H(Concat(x,y)), (6)
Attention(x,y) = m, * & + m, * y, (7

where H is the network to learn the attention maps 1, and m,,.
We use the same architecture as in [18] to implement H.

4) Identity (x,y): If one of the features is not selected at the
feature selection step, we will use this operation:

Identity(x, y) = x, vy, 3

Search Complexity: The proposed search space contains two
independent search space: feature extractor and fusion decoder.
As shown in Fig. 4, the feature extractor contains two feature
encoder, and each encoder have four RMAG. Correspondingly,
the fusion decoder also has four stages, and each stage have a
fusion block and a RMAG. Thus, the overall search complexity
of the proposed search space is:

(5x5x 82 x(6x5x5x8)~531x10%.  (9)

Feature Extractors Fusion Decoder

C. Supernet Training

In this subsection, we introduce the proposed supernet train-
ing pipeline. As outlined in Algorithm 1, each iteration begins
by sampling a resource constraint from the resource distribution.

Given this constraint, we uniformly sample m paths from the
search space. The Top-k paths are then selected by a performance
predictor and optimized on the training dataset. Additionally,
we fine-tune the predictor every ¢ steps to maintain its accuracy.
Our contributions are twofold: first, we propose an efficient path
sampling strategy; and second, we propose using a pairwise
ranking loss to train the predictor. In the following, we provide
a detailed explanation of the key steps of the algorithm.

Resource Constraint Sampling: Generally, we cannot directly
access the true distribution ‘R of computational resources. How-
ever, we know the distribution A of all candidate paths and the
transformation function C' that maps distribution A to R. There-
fore, we employ transformation sampling to draw a resource
constraint 7 from R

T=C(a), st a~A,

where C'(a) means a function that calculate the computational
cost for the path a. Compared to the method proposed in [54],
our method is more efficient since it require a large number of
samples and iterations to estimate distribution R, while ours
only requires a simple transformation function.

Lookup Table (LUT) Construction: To sample paths under
specific constraints, it is necessary to understand the computa-
tional complexity of each path within the search space. However,
since the search space is typically very large, measuring the com-
putational complexity for each path would be a time-consuming
task, especially for Latency, which requires testing on the target
device. Considering that the number of basic operations (e.g.,
3 % 3 convolution) is relatively small compared to the number
of candidate paths, we build up a operation-level lookup table
(LUT) to accelerate this process. Once the LUT is established,
the computational cost of a path « can be quickly estimated as:

Cla) =Y (o), (1)

l

(10)

where of* means the operation at the [-th layer of path a.
Resource-constrained Path Sampling: In this work, we adopt
the acceptance-rejection algorithm to sample candidate paths.
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Fig. 6. The pipline for the performance predictor training.

Specifically, given 7 as a constraint, this algorithm iteratively
samples paths from the search space. Paths that satisfy the
constraint are accepted, while others are rejected:

1, if0<T—-T(w) <o,
(i) = {O , otherwise,

where J¢(+) is an indicator function, and ¥ («;) = 1 means that
the path «; will be accepted; otherwise, it is rejected. o is a
predefined constant. This process continues until the desired
number of candidates is reached.

Performance Predictor Training: An overview of the pro-
posed performance predictor training process is presented in
Fig. 6. Given a resource constraint 79 and a batch of paths
{a;}, as inputs, we first employ a learned embedding layer
convert them into a unidied feature vector representation:

12)

13)
(14)

7—Oe = 87' (7—0)7
S =&, (ai)v
where & represents the embedding layer. Subsequently, the
embedded paths vectors {a$}?_; are processed through a bidi-

rectional gated recurrent unit (GRU) G to integrate cross-layer
information within each path:

& = G(a),

Finally, we concatenate the path features ¢&; with the resource
features 7§ and feed them into a multi-layer perceptron (MLP)
layer to predict the performance of each path:

s; = M(Concat(d;, 75)),

le' 0<1t<n,

0<i<n. (15)

0<i<n. (16)

Here, we propose to use the pair-wise ranking loss to train the
performance predictor:

Lrank = Z Z N((s; — ;) = sign(8; — 85)) , (17)
i=1 j=i+1

where R(z) = (z — €)4 is a hinge funtion with a margin €. §;
means the actual performance of path «;, and we set it as the
negative loss onvalidation set, i.e., §; = —L(W o, D).
Discussion. Resource Constraint Sampling: A resource-
constrained sampling strategy was proposed in [64], where the
total computational cost is discretized into multiple intervals
for uniform sampling. While effective in their context, we find
this approach is not well-suited for our algorithm. As shown in
Fig. 3(b), although the paths are uniformly sampled, the compu-
tational resource distribution of our search space is inherently
non-uniform. Consequently, this sampling method may lead
to an over-sampling of networks with excessively high or low
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computational complexities, while networks in the intermediate
range may be under-sampled.

Performance Predictor Training: The method proposed
in [54] also uses a performance predictor to select the most
promising paths. However, our method differs in two key as-
pects. First, we reformulate the training of the performance
predictor from a regression problem to a ranking problem and
propose to use ranking loss to train the predictor. This is because
the actual goal of the predictor is to determine which path will
perform better, rather than precisely predicting their exact per-
formance. Second, we replace the random forest regressor with a
bidirectional GRU to better capture the cross-layer relationships
within each path. Here, we use a toy example to demonstrate
that regression loss (e.g., £1 or L) may not be suitable for
addressing this problem: consider two paths with ground-truth
classification accuracies of 0.8 and 0.85 on the validation set.
In the first scenario, their predicted accuracies are 0.85 and 0.8,
respectively, reversing the true ranking. In the second scenario,
the predictions are 0.75 and 0.9, respectively, maintaining the
correct order. Although the regression losses are the same in
both cases, the first scenario is problematic as it incorrectly
swaps the rankings, leading to the selection of a suboptimal
path.

Local Optimum: In this paper, we fine-tune the performance
predictor at regular intervals to avoid trapping the supernet
training into local optimum. Additionally, if the network still
falls into a local optimum, the following two strategies can also
be applied to address the issue: i) Mixed Sampling Strategy:
Combining different sampling methods, such as uniform sam-
pling or random search with the proposed strategy, can enhance
exploration and exploitation. This approach balances the need
to discover new architectures while leveraging promising ones
based on current predictions. ii) Ensemble of Predictors: Utiliz-
ing multiple predictors can provide more reliable estimates and
reduce reliance on any single potentially unreliable predictor.
By leveraging the strengths of different models, this strategy
enhances robustness and mitigates the risk of being misled by
an inaccurate predictor.

D. Constrained Evolutionary Search

Once the supernet is trained, we can evaluate the perfor-
mance of different paths by directly inheriting the weights from
the supernet. In this paper, following [24], [54], we utilize
the evolutionary algorithm to search the top-performing paths,
as the resource constraints can be easily integrated into the
evolution process. The searching procedure is presented in Algo-
rithm 2. For all experiments, the population size is setas N = 50,
and the top number k = 10. Instead of randomly initializing
the population, we use the trained performance predictor P for
initialization: we first randomly select 1000 paths, then use P
to select the best 50 from this subset. In the crossover stage,
we randomly select two parent paths from the Top-k paths and
generate a new path by randomly choosing each layer from
either parent. During mutation, a path is randomly selected
from the Top-k paths and each layer is randomly altered with
a probability of 0.1. These steps are repeated until convergence
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Algorithm 2: Evolutionary Architectrure Search.

Input: Supernet Fgisr (A, W), performance predictor
P, population size N, validation dataset Dy,
resource constrain 7, max interations 717

Output: The path a* that performs the best under

the constrain 7
Py := InitializePopulation(P, N, 7);

n:=N/2; /* Crossover number =/
m:=N/2; /% Mutation number =/
prob:=0.1; /+ Mutation probability */

for i=1to T} do
RMSE;_; = Forward(W, D, P;_1);
Top-k = UpdataTopK(Top-k, n, 7);
Perossover = Crossover(Top-k, n, 7);
Prutation = Mutation(Top-k, n, prob, 7);
P; = Parossover U Prutations
end
Return the path o with the lowest RMSE in Top-k;

or the maximum number of iterations 77 is reached, and we set
T1 = 200.

IV. EXPERIMENTS

In this section, we evaluate the effectiveness of the proposed
method on four representative GISR tasks, including RGB
guided depth map SR (Section IV-B), RGB guided saliency
map SR (Section IV-C), Pan-sharpening (Section IV-D), and
RGB guided thermal SR (Section IV-E). For the RGB-guided
depth map super-resolution task, we perform three distinct ex-
periments to evaluate our method: 1) simulated depth map super-
resolution; ii) joint depth map super-resolution and denoising;
iii) real-world depth map super-resolution.

A. Implementation Details

The proposed framework is implemented with PyTorch and
trained on two NVIDIA RTX 3090 GPUs. It includes three
stages: supernet training, architecture search, and retraining.
The supernet is trained in about 30 hours, while the architecture
search completes in under 3 hours. In the following, we will
describe the training settings shared between different tasks. The
specific settings for each task will be detailed in their respective
sections.

Performance Predictor: We use pairwise ranking loss (17)
to train the performance predictor. Following [54], we first
conduct constraint-free training of the supernet for 30 epochs.
We then randomly sample 1,024 architectures and evaluate
their performance on the validation dataset. Finally, we use the
sampled architectures and their evaluated scores to train the
performance predictor. Additionally, we fine-tune the predictor
every 20 epochs to maintain its performance.

Supernet Training: Our model has three hyperparameters: the
number of sampled paths (m), the number of selected paths
(k), and the performance predictor update interval (¢), which
are set to m = 20, k=1, and t = 20, respectively. We use
the Adam optimizer with 3; = 0.9, 8o = 0.99, and ¢ = 1078
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to optimize our model. The mini-batch size is set to 16, and data
augmentation strategies, such as random horizontal flips and
90° rotations, are employed to avoid overfitting. The number of
feature channels of the first layer (C in Fig. 4) is set to 8 for
DCNAS-Tiny and 16 for DCNAS. We employ the £; loss as the
default loss function.

Architecture Search: Following [24], [54], we adopt the evo-
lutionary algorithm [50] to search for the desired architectures,
and the detailed settings can be found in Section III-D. However,
unlike these approaches, we initialize the population with the
trained performance predictor to accelerate the search process.
We provide two different models, DCNAS-Tiny and DCNAS,
with constraints of #Params < 0.6M and #Params < 2.0M,
respectively. For different scenarios, such as different tasks or
up-scale factors, we search for different architectures. Since we
use Lookup Table (LUT) to compute the computational com-
plexity of the candidate architectures, which is very efficient,
other constraints such as FLOPs and Latency can also be easily
incorporated into this process.

Retraining: We apply the same settings as in the supernet
training strategy to train the discovered architectures.

B. RGB Guided Depth Map Super-Resolution

Datasets and Settings: Following the experimental settings
of [3], [5], [14], we evaluate the performance of our proposed
method on two widely used benchmark datasets: the NYU
v2 dataset [65] and the RGB-D-D dataset [69]. The NYU v2
dataset [65] is a large scale indoor dataset containing 1,449
RGB-D image pairs. We use the first 1,000 image pairs as the
training set and the remaining 449 image pairs as the testing set.
To verify the generalization ability of the proposed method, we
further incorporate five additional datasets into our evaluation:
1) 1,064 RGB-D pairs from Sintel dataset [66]; 2) the testset of
DIDOE indoor dataset [67]; 3) the first 500 RGB-D pairs from
SUN RGBD testset [68]; 4) the testset of RGB-D-D dataset [69];
5) the testset of DIML indoor dataset [70]. For RGB-D-D
dataset [69], we use the official training and testing splits as
the training and test sets.

For the NYU v2 dataset [65], we conduct two experiments:
i) depth map super-resolution, where bicubic downsampling is
used to generate low-resolution (LR) depth maps with scaling
factors of 4x, 8 x, and 16 x; ii) joint super-resolution and denois-
ing, where we first downsample the depth maps using bicubic
interpolation and then add Gaussian noise with a noise level of
25. For the RGB-D-D dataset [69], it is a real-world dataset that
contains paired LR-HR depth images. We directly use these LR
depth images as input. During training, we set the initial learning
rate at 1 x 10~* and decrease it by multipliing it by 0.5 every
100 epochs until the model converges. The small patch for the
HR depth images is fixed as 256 x 256. For this task, we use
the Root Mean Square Error (RMSE) as the evaluation metric,
where a lower RMSE value indicates better performance.

Experimental Results on NYU v2 Dataset: We compare
our method with 15 manually designed methods. Notably, all
learning-based approaches are trained and tested under the same
configurations to ensure a fair comparison.
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TABLE II
RMSE COMPARISON WITH MANUALLY DESIGNED METHODS FOR DEPTH MAP SUPER-RESOLUTION

Method NYU v2 [65] Sintel [66] DIDOE [67] SUN RGB [68] RGB-D-D [69] DIML [70] Average

4x  8x 16x | 4x 8x 16x | 4x 8x 16x | 4x 8x 16x | 4x 8x 16x | 4x 8x 16x | 4x 8x 16x
DJFR [15] 238 494 9.18 490 7.39 1033 |5.63 824 989 |0.81 154 280|150 272 5.05|127 234 413|275 453 6.90
CUNet [16] 1.65 335 6.64 427 596 851 |3.80 698 944 |0.63 1.13 220|120 1.86 3.27 |1.18 1.88 3.25|2.12 3.53 5.55
SVLRM [7] 151 321 698 |4.05 583 8.60 |358 696 955|059 1.10 233|122 1.88 355|119 193 349 |2.02 348 5.75
FDKN [9] 1.86 358 696|423 592 873 |4.04 7.07 950 |0.67 1.13 223 |1.18 191 341|113 1.84 329|218 3.58 5.69
DKN [9] 1.62 326 651|438 589 840 |349 696 931 |0.63 1.10 216 |1.31 1.87 326|127 186 322|212 349 548
JIIF [21] 137 276 527|382 550 746 1294 6.17 858|054 095 1.79 |1.15 1.77 279|117 179 2.86|1.83 3.16 4.79
FDSR [69] 161 3.18 586|414 567 7.86 |3.62 654 885|064 105 197|116 182 3.06 |1.10 171 2.87|2.05 3.33 5.08
GraphSR [8] |1.79 3.04 6.02 429 556 793 [3.93 637 9.06 |0.67 1.05 203|130 1.83 312|125 1.79 3.03 [2.20 3.27 5.20
CODON [17] |1.40 277 592|376 537 786 |3.03 6.17 9.02 053 0.99 209|112 1.79 3.05|1.18 1.85 3.06 |1.82 3.17 517
AHMEF [18] 140 289 564|384 562 755|293 6.14 8541057 099 182|110 173 3.04 |1.10 170 2.83 | 1.82 3.18 4.90
DAGEF [10] 136 287 6.06 393 537 7.66 |345 6.09 871|057 095 196|113 176 293|115 173 2.84|1.93 3.13 5.03
DCTNet [6] 159 3.08 580|418 631 9.16 |3.84 720 9.69 | 0.65 128 243108 174 3.05|1.07 171 299 |1.88 3.34 5.32
SSDNet [5] 1.60 3.14 586|384 572 831 [3.04 654 946 (0.62 1.11 2.15|1.04 1.72 292 |1.15 1.83 321|198 332 5.65
SFINet++ [14] | 1.52 3.04 6.21 [3.91 566 878 |351 647 950|056 1.07 234|116 187 347|121 1.83 3.60 |1.98 3.32 5.65
DCNAS-Tiny | 1.33 276 537|383 535 745|298 6.07 859|054 093 181|114 172 2.64 115 176 2.81 |1.83 3.10 4.78
DCNAS 1.21 2.55 5.06 |3.68 524 7.19 |2.82 5.88 8.36|0.51 091 1.70 | 1.06 1.70 2.61 | 1.04 1.64 2.65|1.72 2.99 4.60

The best performance is indicated in bold, while the second-best and third-best performances are underscored and waved, respectively.

TABLE III
RMSE COMPARISONS WITH MANUALLY DESIGNED METHODS FOR JOINT
DEPTH MAP SUPER-RESOLUTION AND DENOISING

DJFR CUNet SVLRM DKN DAGF DCNAS-Tiny DCNAS

Method

R V1) B O T I VS I B 1) Ours Ours
Ax 401 384 347 345 325 3.19 3.06
8x 621 600 527 529 496 482 451
16x 983 923 882 855 7.76 7.58 7.41

Tables II and III present the RMSE comparisons for depth
map super-resolution and joint depth map super-resolution with
denoising, respectively. The results demonstrate that the models
discovered by our NAS algorithm, DCNAS and DCNAS-Tiny,
consistently achieve superior performance across various scal-
ing factors and datasets. Specifically, considering the average
RMSE values (the last three columns of Table II), DCNAS out-
performs all competitors, while DCNAS-Tiny ranks the second-
best scores for 8x and 16 x . Moreover, although DCNAS-Tiny
and JIIF [21] exhibit similar RMSE values, JIIF [21] requires
approximately 20 times more parameters (10.83M vs. 0.59M).
In contrast, SSDNet [5] (0.57M) has a comparable parameter
count to DCNAS-Tiny but is outperformed by margins of 0.15,
0.22, and 0.87 RMSE in 4x, 8x, and 16X super-resolution,
respectively. This superior performance can be attributed to
our method’s ability to automatically identify optimal network
architectures, thereby eliminating subjective biases and the lim-
itations inherent in manual design. Consequently, compared to
handcrafted methods relying on fixed or heuristic strategies, our
approach achieves superior performance with a smaller model
size, thereby striking a more favorable balance between model
complexity and performance.

Figs. 7 and 8 further show visual comparisons of differ-
ent methods on the NYU v2 [65] and DIML [70] datasets,

respectively. It is evident that both DCNAS and DCNAS-

Tiny produce depth maps with significantly fewer artifacts and
more accurate depth boundaries compared to other methods.
Taking Fig. 7 as an example, for larger objects, such as ta-
bles and doors, all the compared methods are able to generate
relatively good results. However, for smaller objects, such as
the lamp stand within the orange box, most methods produce
very blurry results and even fail to reconstruct the object’s
boundary information. In contrast, our methods excel in pre-
serving fine details and maintaining the structural integrity of
small objects. This is because our approach, unlike manu-
ally designed networks, automatically searches and combines
features from different network stages to effectively capture
cross-modality information. In this way, it adaptively selects
the optimal feature extraction and fusion strategies for both the
target and guidance images, thereby enhancing edge and detail
restoration.

Comparison of Model Complexity: To further demonstrate the
effectiveness of the proposed method, we show the number of
parameters, Latency and RMSE of different methods in Fig. 9.
We present five different depth SR models that are obtained by
different constraints (i.e., #Params < 0.3 M, 0.6M, 1.0M, 1.5M,
and 2.0M), and mark these models with red pentagrams. Based
on Fig. 9, we can draw the following coclusions: i) In most
cases, as the model complexity increases, model performance
also improves; ii) Models discovered by the proposed DCNAS
algorithm achieve a better tradeoff between computational com-
plexity and reconstruction performance. Fig. 10 presents speed
comparisons of different methods on resource-limitted devices.
We can see that our DCNAS-Tiny consistently outperforms the
compared methods across all tested devices. Notably, on Xiaomi
Mi 9 and Intel Movidius NCS2, our method achieves real-time
speed (i.e., > 25 fps). These speed improvements demonstrate
the effectiveness of the proposed method in identifying more
compact and efficient models.
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(h) CODON [17]
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Fig. 7.
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Visual comparison with manually designed methods for 16 x depth map super-resolution on NYU v2 dataset [65].
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Visual comparison with manually designed methods for 16 x depth map super-resolution on DIML dataset [70].

TABLE IV
RMSE COMPARISON WITH MANUALLY DESIGNED METHODS ON RGB-D-D [69] DATASET FOR REAL-WORLD DEPTH MAP SR

Method ~ GF [71] DJER [15] DKN [9] FDSR [69] DADA [22] DCTNet [6] SGNet [72] DAGF [10] SSDNet [5] SFINet++ [14] DCNAS-Tiny

RMSE| 6.97
#Params) -

6.24
0.082M

5.74
1.16M

5.49
0.60M

5.48
32.53M

5.38
0.48M

5.32
25.33M

5.36
2.50M

5.40
0.57M

5.38
0.85M

517
0.60M

Experimental Results on RGB-D-D Dataset: To validate the
practical effectiveness of our approach, we evaluate it on the real-
world RGB-D-D dataset [69]. We compare our approach with ten
state-of-the-art approaches. As shown in Table IV, the proposed
approach, DCNAS-Tiny, achieves the best performance with a
relatively small number of parameters. Fig. 11 presents a visual
comparison of the upsampled depth maps generated by various
methods. Please see the first image in this figure, the method
of FDSR [69] struggles to distinguish between the wall and the
tabletop barrier, resulting in unclear boundaries and a blending
of the two elements. Similarly, DCTNet [6] and SFINet [14]
also fail to effectively separate the wall from the tabletop barrier.

Although DAGF [10] performs better in distinguishing between
the wall and the barrier, it still produces relatively blurry edges.
In contrast, our proposed method clearly distinguishes between
the wall and the tabletop barrier, with much sharper and more
precise edges.

C. RGB Guided Saliency Map Super-Resolution

Datasets and Settings: Following the experimental protocols
of [9], [10], we conduct experiments on saliency map SR to
validate the generalization capability of the proposed method.
Specifically, we utilize the DUT-OMRON dataset [74] as the
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TABLE V
QUANTITATIVE COMPARISON WITH MANUALLY DESIGNED METHODS FOR 8 X SALIENCY MAP SUPER-RESOLUTION

Methods Bicubic GF[71] DJFR DMSG [73] AHMEF [18] DKN [9] DAGEF [10] DCTNet[6] SFINet++[14] DCNAS-Tiny

F-scoret 0.853 0.821 0.901 0.910 0.928 0.926 0.932 0.921 0.917 0.937

3.6 ) maintains sharp and distinct boundaries, effectively leveraging
FDKN (ICV21) Latency (ms)

® <20 20 - 50 .50-100 '100-500 .500+

3.4 | CUNet (TPAMI'20)

SVLRM (TPAMI'21)

32 ) s!ss(lccv%) DKNA(HEV'21)

=
2
5 DCTNet (CVPR'22
3.0 * SFINet++ (TPAMI24)
0.28M
CODON (ICV'22)
28 \DCNAS-Tiny DAGF (TNNLS'23
%
0.59M
2.6 e DCNAS
0.98M e S 1.95M
0.0 0.5 1.0 1.5 2.0 2.5
Number of Parameters (M)
Fig. 9. Comparison with manually designed methods for 8 x guided depth

map super-resolution on NYU v2 [65] dataset in terms of RMSE, number of
parameters and Latency (ms). For a fair comparison, we measure the Latency
of different models on the same NVIDIA RTX 3090 GPU with a low-resolution
depth map size of 60 x 60 as input.

B8 DAGF

[ DCNAS (Ours)

I DCNAS-Tiny (Ours)

2o 2 2
& & =3
] 5 6 5 2
4 4 8
2 0.05 o =
@ @ @,
om0
Raspberry-Pi-400 Xiaomi Mi 9 Intel Movidius NCS2
ARM Cortex-A72 CPU Adreno 640 GPU Myriad VPU
Fig. 10. Inference latency comparison of different methods on resource-

limitted platforms. The size of ground truth depth map is fixed as 128 x 128,
and the scale factor is set as 8.

testing set and employ bicubic downsampling with a scale factor
of 8 to generate LR saliency maps. For this task, we directly
apply the models trained on the NYU v2 dataset [65] to upsample
the LR saliency maps, and use F-socre (higher values indicate
better performance) as the evaluation metric.

Experimental Results: The quantitative results are shown
in Table V. Our method outperforms all compared methods,
achieving a score of 0.937, which is significantly higher than
the second-best score of 0.932 obtained by DAGF [10]. This
indicates the superior generalization capability of our method.
Furthermore, Fig. 12 provides a visual comparison of the super-
resolved saliency maps produced by different methods. The im-
ages illustrate that Bicubic interpolation results in oversmoothed
outputs with notable loss of structural details. Methods such as
DJFR [15] and SFINet++ [14] fail to generate clear boundaries,
while DKN [9] introduces artifacts around the edges. In contrast,
our method not only preserves high-quality details but also

the guidance image to transfer meaningful structural informa-
tion.

D. Pan-Sharpening

Datasets and Settings: For this task, we evaluate the pro-
posed method on two widely recognized datasets: World View 11
and Gaofen-2. Both WorldView II and Gaofen-2 provide high-
resolution satellite imagery. WorldView II captures a broader
range of geospatial features, while Gaofen-2 focuses on provid-
ing detailed imagery for specific regions, allowing for a com-
prehensive evaluation of the model’s performance. Specifically,
following [13], [14], we first split the MS and PAN images
into 128 x 128 small pathes and then downsample the MS with
a scale factor 8 to produce LRMS images. During training,
we set the initial learning rate at 2 x 10~* and decrease it by
multipling 0.5 ervery 100 epochs until the model converges.
Since most of the compared methods have parameter counts
less than 1M, we only provide results for our smaller model,
DCNAS-Tiny.

To evaluate the performance of different methods, we use
seven evaluation metrics: PSNR, SSIM, SAM, ERGAS, SCC,
Q index, and LPIPS. Among these metrics, PSNR, SSIM, SCC,
and Q index are better when their values are higher, whereas
lower values of SAM, ERGAS, and LPIPS are preferable.

Experimental Results: We compare our method with ten
state-of-the-art methods and present the quantitative results in
Table VI. From these results, itis evident that traditional methods
such as GS [75] and THS [76] generally exhibit lower perfor-
mance across all metrics compared to deep learning—based meth-
ods. Among these learning—based methods, our DCNAS-Tiny
achieves near—optimal results across all metrics. Notably, our
method also has the smallest number of parameters compared
to all other methods. We attribute this superior performance to
the proposed search space and architectural search algorithm,
which effectively leverage complementary information across
different modalities. Fig. 13 provides a visual comparison of
different pan-sharpening methods on two representative satellite
images from the WorldView II dataset. The initial LRMS images
display significant blurring and lack of detail. IHS [76] exhibits
notable spectral distortions, and the error maps reveal significant
inaccuracies. Pannet [19] improves spatial details compared to
IHS [76], but it still struggles to maintain spectral integrity. Al-
though the error maps show moderate improvements, but certain
areas still exhibit notable errors. GPPNN [80] and SFINet++ [14]
further improve both spatial and spectral quality. However, some
distortions remain visible on the error maps. In comparison,
our approach can better preserve both spectral information and
spatial details.
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Fig. 11.

(b) Input

(c) FDSR [69]

(d) DAGF[10]

magnification, and the error map of this area is also displayed. Best viewed by zooming.

(e) DCTNet [6] (f) SFINet++ [14](g) DCNAS-Tiny
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(h) GT

Visual comparisons with manually designed methods for real-world depth super-resolution. For better visualization, a small area is selected for

(a) Guidance

(b) Input

(c) DJFR [15] (d) DKN [9]

() DAGF [10]

(f) SFINet++ [14]

(g) DCNAS-Tiny

Fig. 12.  Visual comparison for 8 x saliency map super-resolution on DUT-OMRON dataset [74]. Best viewed by zooming.
TABLE VI

QUANTITATIVE COMPARISON WITH MANUALLY DESIGNED METHODS ON W V-II AND GF-2 DATASET FOR PANSHARPENING
Method WorldView II Gaofen-2

PSNRT SSIMT SAM| ERGAS| SCCtT Qt LPIPS] Params]|PSNRT SSIMT SAM| ERGAS] SCCt Qft LPIPS| Params)
GS [75] 35.6376 0.9176 0.0423 1.8774 0.9225 0.6307 0.0829 - 37.2260 0.9034 0.0309 1.6736 0.7851 0.4211 0.0559 -
IHS [76] 35.2962 0.9027 0.0461 2.0278 0.8534 0.5704 0.0847 - 38.1754 0.9100 0.0243 1.5336 0.6738 0.3682 0.0549 -
PNN [77] 40.7550 0.9624 0.0259 1.0646 0.9677 0.7426 0.0827 0.69M |43.1208 0.9704 0.0172 0.8528 0.9400 0.7390 0.0546 0.69M
PanNet [19]  |40.8176 0.9626 0.0257 1.0557 0.9768 0.7437 0.0811 0.69M |43.0659 0.9685 0.0178 0.8577 0.9402 0.7309 0.0538 0.69M
MSDCNN [78]{41.3355 0.9664 0.0242 0.9940 0.9721 0.7577 0.0782 2.40M |45.6874 0.9827 0.0135 0.6389 0.9526 0.7759 0.0529 2.40M
SRPPNN [79] |41.4538 0.9679 0.0257 1.0557 0.9680 0.7437 0.0768 17.11M |47.1998 0.9877 0.0106 0.5586 0.9564 0.7900 0.0486 17.11M
GPPNN [80] |41.1622 0.9684 0.0244 1.0315 0.9722 0.7627 0.0755 1.20M |44.2145 0.9815 0.0137 0.7361 0.9510 0.7721 0.0461 1.20M
MutNet [20] [41.6773 0.9705 0.0224 0.9519 0.9724 0.7741 0.0748 0.71M |47.3042 0.9892 0.0102 0.5481 0.9603 0.8025 0.0455 0.71M
MaDUN [13] |41.8577 0.9697 0.0229 0.9420 0.9745 0.7740 0.0721 0.70M |47.2668 0.9890 0.0102 0.5472 0.9597 0.7973 0.0439 0.70M
SFINet++ [14] |41.8115 0.9731 0.0220 0.9489 0.9735 0.7762 0.0734 0.85M |47.5344 0.9906 0.0100 0.5356 0.9611 0.8227 0.0434 0.85M
DCNAS-Tiny (42.1534 0.9717 0.0209 0.8944 0.9779 0.7956 0.0689 0.50M (48.1405 0.9904 0.0096 0.4908 0.9673 0.8289 0.0427 0.58M
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Visual comparison of different pansharpening methods on two typical satellite image pairs from the WorldView II dataset. For better visualization, a

small area is selected for magnification, and the error map of this area is also displayed.

TABLE VII
QUANTITATIVE COMPARISON WITH MANUALLY DESIGNED METHODS FOR
RGB-GUIDED THERMAL IMAGE SUPER-RESOLUTION

Method #Params 4x 8% 16 %
(8x) [PSNRt/SSIM?T PSNR?T/SSIM?T PSNR*T/SSIM T

Bicubic - 31.41/0.9076 25.48/0.7771 22.21/0.6992
MultiNet [81] | 8.72M | 33.19/0.9339 26.94/0.8247 23.73/0.7459
PAG-SR [11] 7.64M | 33.96/0.9421 27.95/0.8540 24.64/0.7796
UGSR [82] 4.50M | 33.48/0.9372 27.19/0.8318 23.92/0.7509
AHMF [18] 3.36M | 34.42/0.9460 28.15/0.8581 24.59/0.7717
DAGEF [10] 2.50M | 34.16/0.9439 27.98/0.8540 24.60/0.7748
GuidedSR [12]| 2.13M | 34.31/0.9433 28.20/0.8629 24.89/0.7805
DCTNet [6] 0.48M | 33.10/0.9337 27.08/0.8295 24.00/0.7533
SFINet++ [14] | 0.85M | 33.24/0.9349 27.56/0.8449 24.38/0.7685
DCNAS-Tiny | 0.60M | 34.35/0.9455 28.16/0.8624 24.89/0.7955
DCNAS 1.98M | 34.55/0.9473 28.45/0.8696 25.11/0.7912

E. RGB Guided Thermal Image Super-Resolution

Datasets and Settings: Masi et al. [12] provide a large-scale,
high-quality RGB-T dataset to validate the performance of
near-infrared image super-resolution algorithms. For this task,
we use the training set provided by the authors as our training set.
Since they do not provide ground-truth images for their testing
set, we employ the validation set as the testing set and randomly
select 100 image pairs from the training set to serve as our
validation set. We use PSNR and SSIM as evaluation metrics.
The initial learning rate is set to 2 x 10~* and is reduced by a
factor of 0.5 every 100 epochs. We train our models on small
patches of size 256 x 256 for the HR thermal images, and the
downsampling factors are set to 4x, 8, and 16, respectively.

Experimental Results: We compare our method with eight
state-of-the-art methods, For GuidedSR [12], we adjust its chan-
nel number to ensure its parameter count is approximately within
the same range as other comparison methods. The quantitative
results are presented in Table VII. We observe that the proposed

DCNAS achieves the best objective results across all upsam-
pling cases. Notably, DCNAS-Tiny, with only 0.6 M parame-
ters, also achieves competitive performance. Additionally, we
conduct another experiment to show the effectiveness of our
method. The experimental results are presented in Fig. 15, from
which we can see that the proposed method significantly out-
performs the hand-crafted methods under different complexity
constraints.

Fig. 14 illustrates the visual comparison of different methods
at 16x upscaling. Taking the first image as an example, the LR
image is heavily blurred and lacks detail, making it difficult to
distinguish the four wires clearly. Methods like MultiNet [81]
and SFINet++ [14] show moderate improvements over the
LR image, but the wires remain mostly indistinguishable and
blurred. AHMF [18] and DCTNet [6] show better results than
SFINet++ [14], with more distinct edges, but the wires are not
clearly separated and remain somewhat blurred. In contrast, the
proposed method significantly enhances clarity and definition,
with the four wires becoming more distinguishable.

V. ABLATION STUDY

In this section, we first analyze the hyperparameter settings of
our framework and then conduct ablation studies to evaluate the
effectiveness of our main contributions. Unless otherwise spec-
ified, all experiments are conducted on the NYU v2 dataset [65]
for 8x depth map super-resolution, and the complexity con-
straint is set as #Params < 2.0M.

Hyperparameters Analyses: Our model has three hyperpa-
rameters: the number of sampled paths m, the number of selected
paths k, and the performance predictor update interval ¢ (Algo-
rithm 1). Since increasing m has a similar effect to reducing &,
we set k to 1 and focus our analysis on the effect of m and ¢.
The experimental results are depicted in Fig. 16, from which
we can see that the RMSE values exhibits a significant decrease
when the m increases from 1 to 20. However, beyond m = 20,
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Fig. 15.  PSNR and number of parameters comparison between the proposed

DCNAS and recent state-of-the-art thermal image super-resolution methods
(8x). For the compared methods, we obtain the models with different parameter
counts by adjusting the channel number configurations.
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Fig. 16. Hyperparameters Analyses. RMSE comparison on NYU v2
dataset [65] (8x SR) by adjusting the number of (a) sampled paths m, and
(b) update interval ¢.

the RMSE reduction flattens, with some instances of increase.
Thus, we set m = 20. For ¢, its impact on RMSE is minimal. To
balance computational complexity and algorithm performance,
we set t = 20.

Search Space: In this paper, we propose a dual-level
search space to jointly optimize the feature extractor and

SFINet++ [14]

SFINet++ [14]
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PAG-SR [11] AHME [18] DAGF [10]

DCNAS-Tiny

PAG-SR [11] DAGE [10]

DCNAS-Tiny DCNAS GT

Visual comparison of different RGB guided thermal image super-resolution (16 x) methods. Best viewed by zooming.

TABLE VIII
ABLATION STUDY

Encoder Fusion Decoder | 4x 8% 16x

Modell b 4 v v 127 261 515
Model?2 v b 4 v 1.24 258 510
Model3 v v X 129 265 517
DCNAS v v v 1.21 2.55 5.06

Quantitative comparison of different search space on NYU v2 dataset [65].

fusion decoder. To evaluate the effectiveness of the proposed
search space, we decompose it into three distinct components:
the encoder, the decoder, and the fusion operation, and imple-
ment three variants of our models:

e Modell: where the encoder is fixed and the algorithm

searches for the fusion operation and decoder;

® Model2: where the fusion operation is fixed while the

encoder and decoder are searched;

e Model3: where the decoder is fixed and the encoder and

fusion operation are optimized,;

® DCNAS: our final model.

For fixed components, we initialize them by randomly se-
lecting operations from the search space. To ensure a fair com-
parison, each experiment is repeated 10 times, and the average
performance is recorded.

The experimental results are presented in Table VIII, from
which we can see that Model3 achieves the worst perfor-
mance, indicating that the decoder plays a crucial role in the
overall performance of the GISR models. Model2 performs
better than Modell and Model3. This could be attributed to
the relatively small number of fusion operations available in
the framework (a maximum of four), making it less sensitive
to the search process. DCNAS, which utilizes the entire search
space, obtains the best results, demonstrating the effectiveness
of the proposed search space. In addition, as shown in Figs. 9 and
15, compared to existing methods, our models, which are derived
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TABLE IX
ABLATION STUDY

L1 Lo L rank 4x 8% 16x

Model4 X X X 1.30 2.73 5.30
Model5 v X X 1.26 2.64 5.18
Model®6 X v X 1.29 2.70 5.28
DCNAS X X v 1.21 2.55 5.06

Comparison of different performance predictor training strategies on NYU v2 dataset [65].

Kendall rank correlation: 0.76 Kendall rank correlation: 0.74 Kendall rank correlation: 0.82

Predicted Ranking

o s

& 7

(a) True Ranking (£ Loss) (b) True Ranking (£ Loss)  (c) True Ranking (Lrank Loss)

Fig. 17. Ablation Study. The predicted ranking and the true ranking. We
randomly select 500 architectures for exhibition.

from the proposed search space, achieve better performance
with lower computational complexity. This further validates the
effectiveness of the search space introduced in this paper.

Supernet Training: In one-shot NAS, a common issue is the
gap between supernet training and practical development. To
reduce this gap, we propose to use pairwise ranking loss to train
a performance predictor, which is then employed to guide the
supernet training process. To validate the effectiveness of the
proposed method, we implement three variants of our models:

® Model4: it does not use the predictor;

e Model5: ituses £ loss to train the predictor;

e Model6: it uses Lo loss to train the predictor;

® DCNAS: it uses Lk loss to train the predictor.

The experimental results are summarized in Table IX.
Model4, which does not use the performance predictor, exhibits
the poorest performance. Both Model2 and Model3, which
utilize regression losses (£ or L) to train the performance pre-
dictor, show significant improvements over Mode14, highlight-
ing the importance of the predictor for supernet training. Among
all methods, our approach (DCNAS), which employs rank loss
to train the performance predictor, achieves the best results.
This demonstrates the effectiveness of rank loss in accurately
capturing the relative performance of different architectures. Ad-
ditionally, we randomly select 500 architectures from the search
space and compute the rankings predicted by models trained
with different losses. The Kendall rank correlation between these
predicted rankings and the true rankings is presented in Fig. 17.
It is clear that the model trained with rank loss achieves the
best performance, further demonstrating the effectiveness of our
method.

Architecture Search: We use the evolution algorithm to find
the desired architectures. Moreover, to accelerate the searching
process, we initialize the population using the trained perfor-
mance predictor. This strategy allows us to start the search
from a more informed position, potentially reducing the time
needed to discover high-performing architectures. To evaluate
the effectiveness of our approach, we compare it with a baseline

IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL. 47, NO. 9, SEPTEMBER 2025

3.00

u +  Random «  Evolutionary *  Ours
29545
=
£l
i-===!!!§!!!!!!!!!!!!!l!!!Il!ll!u!mmmnm
250 I”'H::::HMHH‘!!!H!Hlnnnnnnnnnnnnn
0 5 10 15 20 25 30 35 40 45 50
Search Interaction
Fig. 18.  Abaltion Study. The performance of Top-50 candidate architectures

at each search iteration. We calculate the RMSE values by inheriting weights
from the supernet.

evolution algorithm and a random search method. The RMSE
curves for different strategies during the searching process are
plotted in Fig. 18. As shown in the figure, our approach consis-
tently outperforms both the standard evolution algorithm and the
random search, demonstrating the benefits of using the predictor
to guide the initial population in the evolutionary search process.

Searched Architecture Analyses: The searched architectures
for 4x and 16x depth map super-resolution on the NYU v2
dataset [65] are shown in Table X. We observe several interesting
phenomena:

1) in the shallow layers of the network, we can see a lot of 7 x
7 convolutions, while in the deeper layers, 3 x 3 convolutions are
more common. This trend can be attributed to the need for larger
receptive fields in the initial stages of the network, where the
input features are more localized. The 7 x 7 convolutions help
to quickly expand the receptive field and capture broader context.
But as the features go deeper, the receptive field is already large
enough, so smaller 3 x 3 convolutions can be used, which helps
to reduce the number of parameters and computational load;

2) for multi-modality feature fusion, the fusion operations in
the early stages of the network are relatively straightforward, of-
ten involving simple summation or concatenation of features. As
the network goes deeper, more sophisticated fusion strategies,
such as attention mechanisms, are used. This indicates that while
early-stage fusion focuses on combining basic features, later
stages require more complex operations to effectively integrate
the richer and more intricate features;

3) for different tasks, the allocation of computational re-
sources to various branches varies. As shown in the last column
of Table X, for 4x SR, the Target branch has more parame-
ters than the Guidance branch. In contrast, for 16x SR, the
Guidance branch has more parameters. This is likely because,
for 4x SR, the input target image contains more informative
content. However, for 16 x SR, the structural details in the target
image are severely degraded, necessitating the guidance image
to provide additional structural information. Consequently, more
parameters are allocated to the guidance branch. Additionally,
we observe that the Decoder branch consistently has the highest
number of parameters, indicating that the fused features are
particularly beneficial for the GISR task.

Based on the above observations, we find that the network
architectures discovered through the proposed method differ
significantly from those manually designed, which further con-
firms the necessity of the search algorithm.
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TABLE X
SEARCHED ARCHITECTURES FOR 4 X AND 16 x DEPTH MAP SUPER-RESOLUTION ON NYU V2 DATASET [65]

Model Module (k,r), where k mear?s the kernel size, and r reRresents the expand ratio #Params

i=1 =2 (Average)
Guidance (Fy) 6)( ( 0.46M
DCNASsx | Target (F) [(Z), 5)(5, 3)( ( 0.65M
Decoder (D) (8] 4) (l (. 4) (' 4) ( 0.66M
Guidance(Fy) 6)|( 0.53M
DCNAS16x| Target (F) 2)(( 0.48M
Decoder (D?%) 5)|( , 0.63M
Guidance(Fy) (17}, 5)(Z,, 6)(Z,, 5)(5, 5)(7, 9 (5., 3)(5., H(5, 6)((5. 6)({3., 6)({5, 2)(18., )(. 2)(. . 3) (0,0)| 0.16M
Tinyiox | Target () (7, (2, 2(7, 2072, 3\(Z »(8 5(Z, 3)(I, 6) (I, 5 (I, 6) (I, 6) (I, )(I 2) (I I 6) (I 0.18M
Decoder (DY) (), 6)(Z, 5)(Z, 3)(Z, 3|(Z, 4(5, 2(8, (8], 5)(8, 6)(Z, 3)(8, 3)(8), 5/(8], 2)( 4)( 0.20M

Here,ng,Fti,andDidenote the i-th block of the guidance branch, target branch, and decoder branch, respectively (see Fig. 4). The last row represents the average number of
parameters for the top 50 architectures. The parameter counts for upsampling, downsampling, and fusion operations are not included in these numbers.

VI. CONCLUSION

In this paper, we first analyze the challenges faced by current
learning-based guided image super-resolution (GISR) methods,
such as insufficient feature extraction and high computational
complexity. We then highlight the difficulties in addressing these
issues through hand-crafted network design. To this end, we
propose a novel Dual-level Cross-Modality Neural Architecture
Search (DCNAS) framework to automatically design optimal
GISR models. Our contributions are threefold. First, we propose
a dual-level search space that consists of a unimodality feature
extraction space and a cross-modality feature fusion space.
The unimodality feature extraction space incorporates several
lightweight modules as primary building blocks, allowing the
neural architecture search (NAS) algorithm to explore more
compact and efficient neural architectures. The cross-modality
feature fusion space includes various widely used fusion oper-
ators, allowing the model to automatically identify the optimal
fusion strategy. Second, we propose to use the pairwise ranking
loss to train a performance predictor, which is then employed
to assist in the supernet training process, thereby improving
overall performance. Finally, we provide a visual analysis of the
searched networks, offering valuable insights for future network
design. The experimental results demonstrate that the models
discovered by DCNAS outperform state-of-the-art hand-crafted
models and other NAS baselines in terms of both performance
and efficiency.
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