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Abstract

The majority of signal data captured in the real world uses numerous sensors with different
resolutions. In practice, most deep learning architectures are fixed-resolution; they consider
a single resolution at training and inference time. This is convenient to implement but
fails to fully take advantage of the diverse signal data that exists. In contrast, other deep
learning architectures are adaptive-resolution; they directly allow various resolutions to be
processed at training and inference time. This provides computational adaptivity but either
sacrifices robustness or compatibility with mainstream layers, which hinders their use. In
this work, we introduce Adaptive Resolution Residual Networks (ARRNs) to surpass this
tradeoff. We construct ARRNs from Laplacian residuals, which serve as generic adaptive-
resolution adapters for fixed-resolution layers. We use smoothing filters within Laplacian
residuals to linearly separate input signals over a series of resolution steps. We can thereby
skip Laplacian residuals to cast high-resolution ARRNs into low-resolution ARRNs that are
computationally cheaper yet numerically identical over low-resolution signals. We guarantee
this result when Laplacian residuals are implemented with perfect smoothing kernels. We
complement this novel component with Laplacian dropout, which randomly omits Laplacian
residuals during training. This regularizes for robustness to a distribution of lower resolu-
tions. This also regularizes for numerical errors that may occur when Laplacian residuals
are implemented with approximate smoothing kernels. We provide a solid grounding for the
advantageous properties of ARRNs through a theoretical analysis based on neural operators,
and empirically show that ARRNs embrace the challenge posed by diverse resolutions with
computational adaptivity, robustness, and compatibility with mainstream layers.

Efficient problem-solving strategies typically allocate effort according to difficulty. Efficient deep learning
architectures may therefore be created by incorporating a form of computational adaptivity that is con-
scientious of the difficulty of individual data points. The case of tasks involving image data, audio data,
volumetric data, or any other form of signal data is uniquely positioned to benefit from such an approach.
Signals have no universal resolution; there is, instead, a diversity of resolutions that are contingent on the
sensors used at the time of capture; there is, therefore, a concrete opportunity for impact given the varying
difficulty of individual data points across common data modalities. Signals also conform to a mathematical
structure that is well understood, which enables the implementation of inductive biases that can aid in finely
quantifying and decomposing this notion of difficulty within an architecture.
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To this end, we proposeAdaptive Resolution Residual Networks(ARRNs), a novel architecture for tasks
involving signal data that addresses a gap in the capabilities of prior methods, which either lackcomputational
adaptivity, lack robustness, or lack compatibility with mainstream layers. We begin by outlining a typology
of existing methods. We identify three categories: �xed-resolution ; adaptive-resolution through variable
sampling window; adaptive-resolution through variable sampling density.

Fixed-resolution. In the case of transformer architectures and certain other architectures, resolution is a
property that must remain �xed for evaluation to be possible, although signals of di�erent resolutions can
be interpolated to the resolution of the architecture to allow evaluation. This solution is su�cient for certain
applications. This solution is however incapable of deliveringcomputational adaptivity in the sense that it
cannot reduce its computational cost at lower resolutions. We thus �nd this approach unsatisfactory for our
purpose.

Adaptive-resolution through variable sampling window. In the case of fully convolutional architec-
tures and a range of other architectures, resolution is a property that can be adapted at evaluation. This
solution achievescomputational adaptivity through translation equivariant layers or permutation equivariant
layers that can conform to arbitrary resolutions. This solution more formally adapts its resolution by varying
its sampling windowrather than its sampling density, which is a critically important consideration for robust-
ness. These two means of varying resolution are not equivalent: varying thesampling windowis analogous
to resizing the frame delineating a painting to o�er a larger or smaller �eld of view into the scene; varying
the sampling density is analogous to changing the quantity and size of brush strokes that make a painting
to convey the scene in a �ner or coarser degree of detail. We illustrate this distinction in Figure 10 and
Figure 11. In the context of natural images, thesampling windowtends to be consistent, as camera systems
have similar optics; the sampling density is however subject to vary signi�cantly, as camera systems have
sensors that range widely in resolution. This hints at a mismatch between the nature of resolution changes
within mainstream architectures and within natural image datasets. In certain applications, it is possible
for architectures with an adaptive sampling windowto learn some degree of invariance tosampling density,
which can attenuate this mismatch. In Figure 1, however, we demonstrate the adaptivesampling windowof
mainstream architectures can be inappropriate for handling even mild distribution shifts between training
resolution and inference resolution in the case of natural images. The training resolution of each architecture
is set to be the maximal resolution of each dataset. The inference resolution of each architecture is then
swept across a range of lower resolutions,evaluating directly at that resolution. Further experimental details
are given in section 4. We observe a regression to near-random accuracy by the point inference resolution is
halved relative to training resolution, highlighting the lack of robustnessof this approach.

Figure 1: Accuracy of mainstream architectures at various resolutions after training at the full dataset
resolution. Evaluation is performed directly at the inference resolution.

In Figure 2, we show these architectures display much greater robustness across various resolutions when
evaluating after an interpolation step that ensures the inference resolution matches the training resolution.
This e�ectively holds constant the sampling windowwhile accounting for the change in resolution by varying
the sampling density, which addresses exactly the discrepancy we have described in the case of natural
images. This has the shortcoming of negating any computational bene�t that would be gained by performing
inference at a lower resolution, as it amounts to treating the architectures as�xed-resolution . We cannot
�nd a satisfying solution to our problem through this approach, as it trades away computational adaptivity
for robustness.

2



Published in Transactions on Machine Learning Research (06/2025)

Figure 2: Accuracy of mainstream architectures at various resolutions after training at the full dataset
resolution. Evaluation is performed after interpolation to the training resolution .

Adaptive-resolution through variable sampling density. We wish to obtain both computational
adaptivity and robustness, therefore we must �nd a way to vary the sampling density of an architecture
directly. We e�ectively dedicate our contribution to solving this problem elegantly. We �rst overview prior
methods that achieve both computational adaptivity and robustness, but which all lack compatibility with
mainstream layers (section 1). We provide an overview of the fundamental notions of signal processing that
allow our work to be formulated and thoroughly de�ne our notation (subsection A.1). We introduce Lapla-
cian pyramids as a stepping stone towards our contribution (section 2). We introduce Laplacian residuals
and show that high-resolution ARRNs can be turned into low-resolution ARRNs that are computationally
cheaper by simply skipping Laplacian residuals (subsection 3.1). We prove that skipping Laplacian residuals
yields numerically identical results compared to using all Laplacian residuals when the input signal has a
low-resolution and when Laplacian residuals are implemented usingperfect smoothing kernels. We formulate
Laplacian dropout as a training augmentation that randomly omits Laplacian residuals (subsection 3.2). We
theoretically motivate its usefulness as a regularizer for low-resolution robustness and as an error correction
mechanism for Laplacian residuals implemented usingapproximate smoothing kernels. We perform a set of
experiments showing (subsection 4.1) that our method yields stronger robustness at lower resolutions com-
pared to mainstream methods; (subsection 4.2) that our method enables signi�cant computational savings
through adaptation; (subsection 4.3) that our method is capable of generalizing across layer types in a way
that far surpasses prior adaptive-resolution architectures with variable sampling density; (subsection 4.4)
that our theoretical guarantee for adaptation using perfect smoothing kernels holds empirically; (subsec-
tion 4.5) that our theoretical interpretation of the dual regularizing e�ect of Laplacian dropout also holds
empirically.

1 Related Works

We review related works that allow the formulation of adaptive-resolutionarchitectures with varying sampling
density. We also survey other related works that bear some similarity to Laplacian residuals in section A.2.

Adaptive-resolution through variable sampling density with neural operators. We begin our
search for means of varying the sampling density of whole architectures by �rst considering a single con-
volutional layer. We can see that varying the sampling density of the layer implies changing the sampling
density of the kernel itself while preserving the role it plays as a feature extractor. A useful tool to this
end is functional analysis; we can think of the kernel as adiscrete function k[ � ]n : X n ! Rf l +1 � f l de�ned
over a discrete coordinate spaceX n � Rd; we can imagine that it that holds a �nite number of samples
jX n j of an underlying continuous function k( � ) : X ! Rf l +1 � f l de�ned over a continuous coordinate space
X � Rd where X n � X ; we can then make some assumptions about the space of functions we are working
with to allow interpolation into an equivalent discrete function k[ � ]u : X u ! Rf l +1 � f l that more �nely
(jX u j > jX n j) or coarsely (jX u j < jX n j) covers the same continuous coordinate space; we can thus cast
the layer from its original sampling density jX n j=area(X ) to a new sampling densityjX u j=area(X ). A next
logical step is to conceptualize every layer that composes an architecture as anoperator that expressesa map
between inputs and outputs that are functions; we gain the ability to adapt the sampling density of the entire
architecture if we ensure every layer can be converted between adiscrete operator form and a continuous
operator form (Bartolucci et al., 2023); we dedicate part of our appendix to a more formal de�nition of
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this constraint (subsection A.1, Equation 36). This is the approach favored byneural operator methods
Li et al. (2021); Kovachki et al. (2023); Fanaskov & Oseledets (2023). This approach provides the ability
to vary sampling density and sampling window independently. This approach comes with an important
drawback however: compatibility with mainstream layers is lost as the conversion between operator forms
cannot be achieved without substantial alterations to typical layers (Bartolucci et al., 2023), which presents
a signi�cant barrier to more widespread adoption. In contrast, our approach follows the general paradigm of
neural operators, but it entirely absorbs the conversion constraints within the �xed structure of Laplacian
residuals, which providescompatibility with mainstream layers; our approach also skips layers as it reduces
its sampling density, which enhancescomputational adaptivity.

Adaptive-resolution through variable sampling density with implicit neural representations.
We can derive architectures with variable sampling density by leveraging an alternate representation of
functions. While we can explicitly represent the input or output of layers as functions s( � ) : X ! Rf

through a set of samplesf (x i ; s(x i )) jx i 2 X n g that is tied to a discrete coordinate spaceX n � X , we can
instead implicitly represent functionss( � ) through a parameter � that is attached to a neural representation
n( � ; � ) � s( � ) which approximates the function over the entire continuous coordinate spaceX . This later
approach is at the core ofimplicit neural representation methods Park et al. (2019); Mescheder et al. (2019);
Sitzmann et al. (2020); Mildenhall et al. (2021); Chen et al. (2021); Yang et al. (2021); Lee & Jin (2022);
Xu et al. (2022). Some of these methods directly leverage this scheme to reconstruct and render partially
observed volumetric data, image data and light �eld data with great success (Park et al., 2019; Mescheder
et al., 2019; Sitzmann et al., 2020; Mildenhall et al., 2021). Some of these methods expand on this scheme by
splitting the parameter � into a �xed part # that is shared across all data points, and a latent partz that is
speci�c to individual data points, which enables forming more complex and reusable representations (Chen
et al., 2021; Lee & Jin, 2022; Yang et al., 2021). This approach faces limited usefulness in the context of
classi�cation tasks, segmentation tasks, and di�usion tasks. This shortfall comes from a lack ofcompatibility
with mainstream layers, and more broadly from a set of challenges that arise when mapping between implicit
representationsn( � ; #; zl ) 7! n( � ; #; zl +1 ) directly through the latent space zl 7! zl +1 , as such maps cannot
easily preserve the symmetries of signals. This even renders di�cult the implementation of convolutional
layers (Xu et al., 2022) since there isa priori no simple relationship between the latent embeddingzl of a
signal n( � ; #; zl ) and the latent embedding zl +1 of the same signal convolved against a kernelkl ; there is
within zl 7! zl +1 a nonlinear constraint n( � ; #; zl +1 ) = n( � ; #; zl ) � kl that must be satis�ed everywhere
over the continuous coordinate spaceX . In contrast, our method uses the most ubiquitous form of signal
representation, which straightforwardly enablescompatibility with mainstream layers.

2 Background

In our overview of background material, we introduce Laplacian pyramids as a stepping stone for the formu-
lation of Laplacian residuals. In addition, we provide a discussion of signals in subsection A.1 that introduces
the notation and fundamental concepts behind this work in a way that aims for accessibility.

2.1 Laplacian pyramids

Laplacian pyramids (Burt & Adelson, 1987) closely relate to Laplacian residuals, and are often used in vision
techniques to decompose signals across a range of resolutions.

Laplacian pyramids take some signals, and produce a series of lower and lower bandwidth signals
plow

1 ; : : : ; plow
m +1 by convolving against a sequence of smoothing kernels� 1; : : : ; � m +1 . Laplacian pyramids

then generate di�erence signalspdi�
1 ; : : : ; pdi�

m that isolate the part of the signal that was smoothed away at
each step, which intuitively correspond to a certain level of detail of the original signal. The operations that
compose a Laplacian pyramid can be captured by a base de�nition and two simple recursive de�nitions:

plow
1 = s � � 1 2 S1 (1)

plow
n = plow

n � 1 � � n 2 Sn = f sjs � � n = sg (2)

pdi�
n = plow

n � plow
n +1 2 Dn = f djd � � n � d � � n +1 = dg � Sn (3)
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In Figure 3, we summarize the recursive formulation of Laplacian pyramids in a three-block pyramid; this is
intended to allow easy comparison with the Laplacian residuals we later illustrate in Figure 4.

Figure 3: Visualization of three Laplacian pyramid blocks.

Laplacian pyramids are convenient to implement as each level reduces its computational cost relative to the
preceding one. Each level �ts within a stricter and stricter bandwidth constraint S1 � � � � � Sm . Each level
therefore can be represented with a lower and lower sampling densityjX 1j=area(X ) > � � � > jX m j=area(X ).
We illustrate this in Figure 3. We represent signals in this way both in Laplacian pyramids and Laplacian
residuals.

Laplacian pyramids enable reconstructing the original signal up to an arbitrary bandwidth Sn using only
the last lower bandwidth signal plow

m +1 and a variable number of di�erence signalspdi�
n ; : : : ; pdi�

m . We illustrate
this in the lower part of Figure 3. We express this as a linear decomposition more formally below:

plow
n| {z }

8 2 Sn

= pdi�
n| {z }

9! 2 Dn

+ � � � + pdi�
m| {z }

9! 2 Dm

+ plow
m +1| {z }

9! 2 Sm +1
| {z }

9! 2 Sm| {z }
9! 2 Sn

(4)

Laplacian pyramids o�er adaptive-resolution with variable sampling window, since they rely entirely on
convolutions that are equivariant to translation.

Laplacian pyramids also o�er adaptive-resolution with variable sampling densitythrough computation skip-
ping. We can intuit this from Figure 3; if we were to start with an 8 � 8 image of the bird, it would
appear reasonable to skip the16 � 16 level of the Laplacian pyramid. We can deduce this is formally cor-
rect from Equation 4. We observe that any discrete signals[ � ]u that is correctly sampled must respect
the bandwidth constraint Su associated with its sampling pattern X u . We can therefore locate the band-
width constraint of the signal relative to the bandwidth constraint of each level of the Laplacian pyramid �
S1 � � � � � Sn � Su � � � � � Sm � thus revealing the level of the Laplacian pyramid plow

n that fully captures
the signal. We know that all prior di�erence signals pdi�

1 ; : : : ; pdi�
n � 1 must be zero in this case. We can ignore

the computation of earlier levels of the Laplacian pyramid and start the computation immediately at pdi�
n ,
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