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Abstract

Spatial down-sampling techniques, such as strided convolution, Gaussian, and
Nearest down-sampling, are essential in deep neural networks. In this paper, we
revisit the working mechanism of the spatial down-sampling family and analyze
the biased effects caused by the static weighting strategy employed in previous
approaches. To overcome the bias limitation, we propose a novel down-sampling
paradigm in the Fourier domain, abbreviated as FouriDown, which unifies existing
down-sampling techniques. Drawing inspiration from the signal sampling theorem,
we parameterize the non-parameter static weighting down-sampling operator as a
learnable and context-adaptive operator within a unified Fourier function. Specif-
ically, we organize the corresponding frequency positions of the 2D plane in a
physically-closed manner within a single channel dimension. We then perform
point-wise channel shuffling based on an indicator that determines whether a chan-
nel’s signal frequency bin is susceptible to aliasing, ensuring the consistency of the
weighting parameter learning. FouriDown, as a general operator, comprises four
key components: 2D discrete Fourier transform, context shuffling rules, Fourier
weighting-adaptively superposing rules, and 2D inverse Fourier transform. These
components can be easily integrated into existing image restoration networks. To
demonstrate the efficacy of FouriDown, we conduct extensive experiments on
image de-blurring and low-light image enhancement. The results consistently show
that FouriDown can provide significant performance improvements. The code is
publicly available to facilitate further exploration and application of FouriDown at
https://github.com/zqcrafts/FouriDown.

1 Introduction

Down-sampling technique [, 2, 3] plays a vital role in deep neural networks because of its benefits in
enlarging the receptive field, extracting hierarchical features, improving computational efficiency, and
handling scale and translation variations. However, based on the signal sampling theorem, existing
down-sampling techniques such as strided convolution, Gaussian, and Nearest down-sampling
[1, 4,5, 6] unavoidably reduce the sampling frequency of discrete signals, leading to unexpected
frequency aliasing where high frequencies are folded into low frequencies.

To address the aliasing problem, several strategies [7, 8, 9, 10, 11, 12, 13] have been developed.
They pre-process the signals applying the low-pass filtering mechanism, which aims to filter out high-
frequency information by employing different types of low-pass designs. There are two commonly
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Figure 1: Comparison on the flowcharts of different down-sampling techniques in 2 scale. The
previous spatial down-sampling community stands on the static weighting templates and is not relevant
with the image context. By contrast, inspired by the signal sampling theorem, we parameterize the
static weighting down-sampling operator as a learnable and context-adaptive operator in a unified
Fourier function.

used types including the ideal low-pass filter that truncates high frequencies in the Fourier domain
and the Gaussian low-pass filter that gradually attenuates frequency components near the boundary.
However, the ideal low-pass filter may introduce ring artifacts due to spectrum leakage, while the
Gaussian low-pass filter may result in a significant loss of edge information that is crucial for visual
recognition tasks.

The prevailing approaches in the down-sampling family rely on a static weighting strategy, which
may lead to unintended biases (See Section 4.4 for details.). As described in Figure 1, strided
convolution and strided pooling variants rely on the static template w; = [0:25; 0:25; 0:25; 0:25] over
the corresponding cornered positions while the ideal low-pass one exploits the w; = [0:25; 0; 0; 0]
weighting template. (See Appendix B for proofs.) All of them are shared over all the coordinated
positions and uninvolved with the feature context. It is widely acknowledged that the static sampling
approach, which lacks contextual relevance, is sub-optimal for visual tasks. Therefore, both bridging
different down-sampling approaches and achieving an optimal approach are desirable, as shown
in Figure 1 where we focus on unifying the down-sampling modeling rules in a learnable and
context-adaptive parameterized function in Fourier domain.

In this study, we delve into the working mechanism of the spatial down-sampling family and ana-
lyze the biased effects resulting from the static weighting strategy used in existing down-sampling
approaches. To solve the bias problem, we propose a novel down-sampling paradigm called Fouri-
Down, which operates in the Fourier domain and adapts the feature sampling based on the image
context. Inspired by the signal sampling theorem, we parameterize the non-parameter static weighting
down-sampling operator as a learnable and context-adaptive operator in a unified Fourier function.
Furthermore, drawing from this insight, we organize the corresponding frequency positions of the 2D
plane, ensuring that they are physically closed in a single channel dimension. We then perform point-
wise channel shuffling based on an indicator that determines whether a channel’s signal frequency bin
is prone to aliasing, thereby maintaining the consistency of the weighting parameter learning. Fouri-
Down, as a generic operator, comprises four key components: 2D discrete Fourier transform, context
shuffling rules, Fourier weighting-adaptively superposing rules, and 2D inverse Fourier transform.
These components can be readily integrated into existing image restoration networks, allowing for a
plug-and-play approach. To verify its efficacy, we conduct extensive experiments across multiple
computer vision tasks, including image de-blurring and low-light image enhancement. The results
demonstrate that FouriDown consistently outperforms the baselines, showcasing its capability of
performance improvement.



In conclusion, this work propose a novel and unified framework for the research of down-sampling,
which have the following contributions.

1) We provide the first exploration of the aliasing problem in deep neural networks, analyzing it from
a spectrum perspective.

2) To achieve dynamic frequency aliasing, we introduce a unified approach to down-sampling
strategies within the Fourier function. Additionally, we propose a learnable and context-adaptive
down-sampling operator based on the Nyquist signal sampling theorem.

3) Our proposed down-sampling approach serves as a plug-and-play operator, consistently enhancing
the performance of image restoration tasks, such as low-light enhancement and image deblurring.

2 Related Work

2.1 Traditional Down-Sampling

Downsampling is an important and common operator in computer vision [14, 15, 16, 17, 18, 19, 20,

, 22,23, 24, 25], which benefits from enlarging the receptive field and reducing computational
costs. So many models incorporate downsampling to allow the primary reconstruction components
conducting at a lower resolution. Moreover, with the emergence of increasingly compute-intensive
large models, downsampling becomes especially crucial, particularly for high-resolution input images.

Previous downsampling methods often utilized local spatial neighborhood computations (e.g., Bilin-
ear, Bicubic and MaxPooling), which show decent performances across various tasks. However, these
computations are relatively fixed, making it challenging to maintain consistent performance across
different tasks. To address this, some methods made specific designs to make the downsampling more
efficient in specific tasks. For instance, some works [12, 11, 10, 7]introduce the Gaussian blur kernel
before the downsampling convolution to combat aliasing for better shift-invariance in classification
tasks. Grabinski et al. [26, 27] equip the ideal low-pass filter or the hamming filter into downsampling
to enhance model robustness and avoid overfitting.

2.2 Dynamic Down-Sampling

Due to the development of data-driven deep learning, in addition to traditional down-sampling, some
other works [28, 29, 30, 31, 32, 33] introduce dynamic downsampling to adaptively adjust for different
tasks, thereby achieving better generalizability. For instance, Pixel-Shuffle [28] enables dynamic
spatial neighborhood computation through the interaction between feature channels and spaces,
restoring finer details more effectively. Kim et al. [29] proposes a task-aware image downsampling to
support upsampling for more efficient restoration.

In addition to dynamic neighborhood computation, dynamic strides have also gained widespread
attention in recent years. For instance, Riad et al. [30] posits that the commonly adopted integer
stride of 2 for downsampling might not be optimal. Consequently, they introduce learnable strides
to explore a better trade-off between computation costs and performances. However, the stride is
still spatially uniformly distributed, which might not be the best fit for images with uneven texture
density distributions. To address this issue, dynamic non-uniform sampling garners significant
attention [31, 32, 33]. For example, Thavamani et al. [31] proposed a saliency-guided non-uniform
sampling method aimed at reducing computation while retaining task-relevant image information.

In conclusion, most of recent researches focus on dynamic neighborhood computation or dynamic
stride for down-sampling, where the paradigm can be represented as Down(s), where S denotes the
stride. However, in this work, we observe that the methods based on this downsampling paradigm
employ static frequency aliasing, which may potentially hinder further development towards effective
downsampling. However, learning dynamic frequency aliasing upon the existing paradigm poses
challenges. To address this issue, we revisit downsampling from a spectral perspective and propose
a novel paradigm for it, denoted as FouriDown(s;w). This paradigm, while retaining the stride
parameter, introduces a new parameter, W, which represents the weight of frequency aliasing during
downsampling and is related to strides. Further, based on this framework, we present an elegant and
effective approach to achieve downsampling with dynamic frequency aliasing, demonstrating notable
performance improvements across multiple tasks and network architectures.



(a) 1-Dimension: F(u) and F' (u) (b) 2-Dimension: F(u,v) and F'(u,v)
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Figure 2: The visualization of the shuffling and superposing theory in the 1-D and 2-D signals.

3 Method

Definitions. f(x;y) 2 RH*WXC g the 2-D discrete spatial signal and the sampling rates in X and
y axisare xand , respectively. F(u;Vv) 2 RH*WXC ig the Fourier transform of f(X;y), where
the maximum frequencies in U and V axis are respectively denoted as Umax and Vimax. Moreover,

f'(x;y) 2 R X% *C i5 2-strided down-sampled f(x,y) and its Fourier transform F’(u;v).

Theorem-1. Shuffling and Superposing. The spatial down-sampling typically results in a shrinkage
of the tolerance for the maximum frequency of the signal. Specifically, high frequencies will fold
back into new low frequencies and superpose onto the original low frequencies. To illustrate with 1-
dimensional signal, the high and low frequency superposition in the down-sampling can be formulated
as

F’(u) = S(F (u); F (u+ 7’()) when u 2 (0; 7’(); 1))

where S is a superposing operator. Note that the high frequency is F (U + <) considering positive
directions, while the low frequency is F (U) considering positive directions instead.

Theorem-2. Static Averaging Superposing. For an image, the spatial down-sampling operator with
2 strides can be equivalent to dividing the Fourier spectrum into 2 2 equal parts and superposing
them averagely by % factor

Foo;V) | Fepu;v)
F(u;v) = _P@OAM Y] T ODAM Y] : 2

V)= B oy (UV) * Fy (Ui V) @
where Fi.jy(U; V) is a sub-matrix of F (U;V) by equally dividing F (U;V) into 2 2 partitions and
i;J 2 f0;19. Given that Down; is 2-strided down-sampling operator and |DFT is inverse discrete

Fourier transform, we have
O 1

L X X
Down,(f(x;y)) = IDFT @Z Faisjy (U v)A: 3)
i=0 j=0

The proof of the above theorem can be found in the Appendix, and examples of 1-D and 2-D signals
can also be referred in Figure 2(a) and (b).
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