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Abstract

Recent approaches to arbitrary-scale single image super-resolution (ASR) use neural fields
to represent continuous signals that can be sampled at arbitrary resolutions. However,
point-wise queries of neural fields do not naturally match the point spread function (PSF)
of pixels, which may cause aliasing in the super-resolved image. Existing methods attempt
to mitigate this by approximating an integral version of the field at each scaling factor,
compromising both fidelity and generalization. In this work, we introduce neural heat
fields, a novel neural field formulation that inherently models a physically exact PSF. Our
formulation enables analytically correct anti-aliasing at any desired output resolution, and –
unlike supersampling – at no additional cost. Building on this foundation, we propose Thera,
an end-to-end ASR method that substantially outperforms existing approaches, while being
more parameter-efficient and offering strong theoretical guarantees. The project page is at
https://therasr.github.io.

1 Introduction

Over the years, learning-based image super-resolution (SR) methods have achieved increasingly better results.
However, unlike interpolation techniques that can resample images at any resolution, these methods typically
require retraining for each scaling factor. Recently, arbitrary-scale SR (ASR) approaches have emerged, which
allow users to specify any desired scaling factor without retraining, significantly increasing flexibility (Hu
et al., 2019). Notably, with LIIF, Chen et al. (2021) pioneered the use of neural fields for single-image SR,
exploiting their continuous representation to enable SR at arbitrary scaling factors. LIIF has since inspired
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Figure 1: We present Thera , the �rst method for arbitrary-scale super-resolution with a built-
in physical observation model. Given an input image, a hypernetwork predicts the parameters of a
specially designedneural heat �eld, inherently decomposing the image into sinusoidal components. The
�eld's architecture automatically attenuates frequencies as a function of the scaling factor so as to match
the output resolution at which the signal is re-sampled.

several follow-ups which build upon the idea of using per-pixel neural �elds (Lee & Jin, 2022; Cao et al.,
2023; Chen et al., 2023; Zhu et al., 2025). This is not surprising: Neural �elds are in many ways a natural
match for variable-resolution computer vision and graphics (Xie et al., 2022). By implicitly parameterizing a
target signal as a neural network that maps coordinates to signal value, they o�er a compact representation,
de�ned over a continuous input domain, and are analytically di�erentiable.

While neural �elds naturally model continuous functions, they do not easily allow for observations of such
functions other than point-wise evaluations. For many tasks, however, integral observation models such as
point spread functions (PSFs) are desirable. This is particularly true for neural �elds-based ASR methods,
which by nature do not commit to a �xed upscaling factor a priori but regress continuous representations with
unbounded spectra that can be observed at various sampling rates. If the Nyquist frequency corresponding
to the desired sampling rate is lower than the highest frequency represented by the �eld, the sampling
operation is prone to aliasing. This explains the initially counterintuitive relevance of anti-aliasing for super-
resolution: When using neural �elds, signals are �rst upsampled to in�nite (continuous) resolution and
then resampled at the desired resolution, and this latter operation must be done carefully. Incorporating
a physically plausible observation model is not trivial (Barron et al., 2021; 2022; Lindell et al., 2022; Yang
et al., 2022; Hu et al., 2023; Barron et al., 2023), but has the potential to avoid aliasing. For this reason, Chen
et al. (2021) and successor works (Lee & Jin, 2022; Cao et al., 2023; Chen et al., 2023; Zhu et al., 2025) have
already taken a �rst step towards learning multi-scale representations, via cell encoding. Fundamentally,
these �learning-based anti-aliasing� approaches require the scaling factor (or, equivalently, the output pixel
area) as additional input to the neural �eld and learn an integrated ( i.e., appropriately blurred and therefore
anti-aliased) version of the �eld for each scaling factor; arguably wasting �eld capacity to approximate a
relation that can be described exactly through Fourier theory.

In this work, we combine recent advances in implicit neural representations with ideas from classical signal
theory to introduce neural heat �elds, a novel type of neural �eld that guarantees anti-aliasing by construction.
The key insight is that sinusoidal activation functions (Sitzmann et al., 2020b) enable selective attenuation
of individual components depending on their spatial frequency, following Fourier theory. This allows for
the exact computation of Gaussian-blurred versions of the �eld for any desired (isotropic) blur radius.
When rasterizing an image, the �eld can therefore be queried with a Gaussian PSF that matches the target
resolution, e�ectively preventing aliasing. In practice, heat �elds receive an additional input coordinate t,
controlling the strength of the Gaussian blur applied to the signal. Unlike learning-based anti-aliasing, the
resulting �ltering operation is expressed analytically, rather than learned from data. In other words, previous
approaches �t a 3D �eld ( x, y, and scale) while we only need to �t a 2D �eld ( x and y), whereas the scale
dimension is computed analytically, signi�cantly reducing �eld complexity and data requirements. Notably,
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Figure 2: Comparison of recent ASR methods, averaged over�f 2; 3; 4g scales. We generally achieve higher
performance at lower parameter counts. Our best model,Thera Pro, achieves highest overall performance
by a large margin.

�ltering with neural heat �elds incurs no computational overhead: The querying cost is the same for any
width of the anti-aliasing �lter kernel, including in�nite and zero widths.

Building on this, we then propose Thera, an end-to-end ASR method that combines a hypernetwork (Ha
et al., 2017) with a grid of local neural heat �elds, o�ering theoretical guarantees with respect to multi-
scale representation (see Figure 1). Empirically,Thera outperforms all competing ASR methods, often by a
substantial margin, and is more parameter-e�cient (see Figure 2). To the best of our knowledge,Thera is
also the �rst neural �eld method to allow bandwidth control at test time.

In summary, our main contributions are:

1. We introduce neural heat �elds, which represent a signal with a built-in, principled Gaussian obser-
vation model, and therefore allow anti-aliasing with minimal overhead.

2. We use neural heat �elds to build Thera, a novel method for ASR that o�ers theoretically guaranteed
multi-scale capabilities, delivers state-of-the-art performance and is more parameter e�cient than
prior art.

2 Related Work

2.1 Neural Fields

A neural �eld, also called an implicit neural representation, is a neural network trained to map coordinates
onto values of some physical quantity. Recently, neural �elds have been used for parameterizing various
types of visual data, including images (Karras et al., 2021; Sitzmann et al., 2020b; Tancik et al., 2020;
Chen et al., 2021; Lee & Jin, 2022; de Lutio et al., 2019; Wu et al., 2023), 3D scenes (e.g., represented
as signed distance �elds (Park et al., 2019; Sitzmann et al., 2020b;a; Williams et al., 2022; Wu et al.,
2023), occupancy �elds (Mescheder et al., 2019; Peng et al., 2020), LiDAR �elds (Huang et al., 2023), view-
dependent radiance �elds (Mildenhall et al., 2021; Barron et al., 2021; 2022; 2023; Wu et al., 2023)), or digital
humans (Yenamandra et al., 2021; Zheng et al., 2022; Cao et al., 2022; Xiu et al., 2022; Giebenhain et al.,
2023). Frequently, it is desirable to impose some prior over the space of learnable implicit representations.
A common approach for such conditioning is encoder-based inference (Xie et al., 2022), where a parametric
encoder maps input observations to a set of latent codesz, which are often local (Chen et al., 2021; Lee &
Jin, 2022; Vasconcelos et al., 2023; Cao et al., 2023; Chen et al., 2023). The encoded latent variablesz are
then used to condition the neural �eld, for instance by concatenatingz to the coordinate inputs or through
a more expressive hypernetwork (Ha et al., 2017), mapping latent codesz to neural �eld parameters � . An
early example of this approach, which is gaining popularity (Xie et al., 2022), was proposed in Sitzmann
et al. (2020b).
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2.2 Arbitrary-Scale Super-Resolution

ASR is the sub-�eld of single-image SR in which the desired SR scaling factor can be chosen at inference
time to be (theoretically) any positive number, allowing maximum �exibility, such as that of interpolation
methods. The �rst work along this line is MetaSR (Hu et al., 2019), which infers the parameters of a
convolutional upsampling layer using a hypernetwork conditioned on the desired scaling factor. An in�uential
successor work is LIIF (Chen et al., 2021), in which the high-resolution image is implicitly described by local
neural �elds. These �elds are conditioned via concatenation, with features extracted from the low-resolution
input image. The continuous nature of the neural �elds allows for sampling target pixels at arbitrary locations
and thus also arbitrary resolution.

Most subsequent work has since been built upon the LIIF framework. For example, UltraSR (Xu et al.,
2021) improves the modeling of high-frequency textures with periodic positional encodings of the coordinate
space, as is common practice fore.g., neural radiance �elds (Mildenhall et al., 2021; Barron et al., 2021; 2022;
2023). LTE (Lee & Jin, 2022) makes learning higher frequencies more explicit by e�ectively implementing
a learnable coordinate transformation into 2D Fourier space, prior to a forward pass through an MLP.
Vasconcelos et al. (2023) use neural �elds in CUF to parameterize continuous upsampling �lters, which
enables arbitrary-scale upsampling. More recently, methods like CiaoSR (Cao et al., 2023), CLIT (Chen
et al., 2023), and most recently MSIT (Zhu et al., 2025) have integrated (multi-scale) attention mechanisms,
improving reconstruction quality. In a parallel line of research, Wei & Zhang (2023) propose SRNO, an
attention-based neural operator that learns a continuous mapping between low- and high-resolution function
spaces.

Another line of work employs generative models such as denoising di�usion for SR (Saharia et al., 2022;
Gao et al., 2023). While most methods minimize per-pixel errors (essentially predicting the minimum
mean square error estimate), generative models are trained to produce more realistic-looking outputs by
predicting one of many plausible high-resolution images. However, since speci�c ground truth details are not
exactly recovered, such models typically report worse distortion metrics (like PSNR and SSIM) compared
to pixel-based methods, c.f. Blau & Michaeli (2018); Delbracio & Milanfar (2023). In this paper, we adopt
a pixel-based objective to preserve �delity to the ground truth, which is important for many downstream
applications (e.g., face or license plate recognition).

2.3 Anti-Aliasing in Neural Fields

Early in the recent development of implicit neural representations, concerns regarding aliasing were raised.
Barron et al. (2021) proposed integrating a positional encoding with Gaussian weights, which reduced aliasing
in NeRF (Mildenhall et al., 2021). Improvements were later proposed for unbounded scenes (Barron et al.,
2022) and to improve e�ciency (Hu et al., 2023). Barron et al. (2023) tackle anti-aliasing within the
Instant-NGP (Müller et al., 2022) approach. Recent work has succeeded in limiting the bandwidth using
multiplicative �lter networks (Lindell et al., 2022), polynomial neural �elds (Yang et al., 2022) or cascaded
training (Shabanov et al., 2024), although these works are restricted to discrete, pre-de�ned band limits
(and thus resolutions) and have not tackled super-resolution tasks. These methods are not a good �t for
ASR because they do not allow for continuous anti-aliasing, nor bandwidth control at test time. To perform
scale-dependent �ltering, most �elds-based ASR methods instead explicitly provide the scale as input to
the �eld, attempting to learn an appropriate observation model from data. While this approach may work
reasonably well in in-distribution settings, it seeks to learn a model from data that can be described exactly
with a di�erential equation, ultimately sacri�cing �delity and generalization.

In contrast, in this paper we explore a way to directly integrate a physics-informed observation model into
the neural �eld representation.

3 Method

In this section we introduce Thera, a novel neural �elds-based ASR method that guarantees analytical anti-
aliasing at any desired output resolution at no additional cost. First, we presentneural heat �elds, a special
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Figure 3: Overview of Thera. A hypernetwork estimates parametersf b1; W 2g( i;j ) of pixel-wise, local neural
heat �elds. The phase shifts b1 operate on globally learned components, before thermal activations scale
each component depending on their frequency and the desired scaling factor. The components are then
linearly combined using coe�cients W 2, resulting in an appropriately-blurred, continuous local neural �eld.
This �eld is then rasterized at the appropriate sampling rate (resolution) to yield a part of the �nal output
image (red square).

type of neural �eld that inherently achieves anti-aliasing by implicitly attenuating high-frequency components
as a function of a time coordinate. Next, we propose a mechanism for learning a prior over a grid of neural
heat �elds, enabling them to represent a multi-scale output image conditioned on a lower-resolution input
image. Finally, we show that our formulation allows us to impose a regularizer on the underlying, continuous
signal itself � something that, to the best of our knowledge is not possible in previous methods.

3.1 Neural Heat Fields for Analytical Anti-Aliasing

Let x 2 R2 denote the spatial coordinates of a continuous image functionf (x). Aliasing occurs when this
continuous signal is sampled at a rate that does not adequately capture its highest frequency components,
resulting in overlapping spectral replicas in the Fourier domain. One must therefore apply a low-pass �lter
g(x) whose cut-o� frequency is aligned with the Nyquist frequency of the sampling rate, then sample the
band-limited signal f ~ g(x). The key of our method is that, if a signal is decomposed into sinusoidal
components, such �ltering can be done simply by re-scaling each component by a factor that depends on
their frequency as well as a time coordinate, which we callt. The time coordinate acts as a third, continuous
input to the neural �eld and controls the amount of re-scaling, and therefore the Gaussian blur applied to the
signal. This perfectly mimics how high-frequency components decay faster than low-frequency ones in the
analytical solution to the heat equation. The detailed derivation can be found in Appendix A. The behavior
described above is naturally accomplished by parameterizing the �eld� as a two-layer perceptron,

�( x ; t) = W 2 � � (W 1x + b1; � (W 1); �; t ) + b2; (1)

with parameters � := f W 1; W 2; b1; b2g. Intuitively, W 1 serves as a frequency bank, with its components
acting as the basis functions that compose the signal�( x ; 0), and phase shifts encoded byb1. The matrix
W 2, with one row per output channel, contains initial magnitudes of these components, andb2 is the
global bias of � per channel. Finally, we introduce the thermal activation function � (�), which models the
aforementioned decay of sinusoidal components (implied byW 1) over time:

� (z; �; �; t ) = sin( z) � exp(� j � j2 �t ): (2)

Here, j� j = j� (W 1)j denotes the row-wise Euclidean norm ofW 1, representing the magnitudes of the implied
wave numbers (frequencies). Interestingly, Equation 1 constitutes the solution of the isotropic heat equation
@�
@t = � � r 2

x � , as derived in Appendix A. We therefore refer to this MLP as aneural heat �eld.

There is an ideal bijection between the desired sampling ratef s and t. At t = 0 no �ltering takes place,
implying a continuous signal (f s ! 1 ). A low-pass �ltered version of the signal is observed fort > 0.
To obtain a desired level of anti-aliasing, we only need to compute the corresponding value oft. The
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relationship between the cut-o� frequency of the �lter and t is controlled by a global di�usivity constant � ,
which de�nes how fast components of di�erent frequencies decay over time in the underlying PDE model.
We can freely set� to any positive number, but for simplicity, and without loss of generality, we set � in
our theoretical derivations such that the native resolution of the (observed, discrete) signalD corresponds
to t = 1 . Assuming equal sampling ratef s along both coordinate axes, the optimal value of� then evaluates
to

� =
ln(4)
2f 2

s � 2 : (3)

To subsample the signalD by a factor S, the �eld � should be sampled at

t = S2; (4)

where S is the subsampling rate, i.e., the inverse of the scaling factor. In other words, the equation above
de�nes the correct value for t according to the scaling factor at which the �eld should be sampled. For a
derivation of these values and a demonstration of the �ltering mechanism of neural heat �elds, see Section A.

3.2 Learning a Super-Resolution Prior

The multi-scale signal representation inherent in neural heat �elds is a natural match for ASR. Still, two
challenges must be addressed. First, our formulation restricts the choice of architecture to MLPs with a single
hidden layer. Second, while it theoretically guarantees the downsampling operation (t > 1), the upsampling
operation (0 < t < 1) remains ill-posed. To narrow down the (in�nite) solution space to a unique result, a
prior must either be de�ned in an unsupervised fashion or learned from data. Our solution to both challenges
is to condition local �elds with a hypernetwork 	 : RW � H � C ! RW � H � N . First, a standard backbone, as
used in previous work (Chen et al., 2021; Lee & Jin, 2022; Vasconcelos et al., 2023; Cao et al., 2023; Chen
et al., 2023), extracts image features from the low-resolution input image. Then, the hypernetwork maps
these features to theN parameters of each local neural heat �eld. As originally proposed by LIIF (Chen
et al., 2021) and adopted by recent ASR methods (Lee & Jin, 2022; Cao et al., 2023; Vasconcelos et al., 2023;
Chen et al., 2023), each local �eld spans the area of one pixel of the low-resolution input. It is important
that even though the �elds themselves model only a local part of the image, the hypernetwork informs them
with contextual features collected over a large receptive �eld.

During training, the local �elds are supervised with values of high-resolution target pixels at the appropriate
spatial coordinates x and time index t (ensuring that the signal is correctly blurred for the target resolu-
tion), and the entire architecture is optimized end-to-end. In practice, we directly optimize a single global
frequency bank W 1, rather than having the hypernetwork predict a separate W 1 for each low-resolution
pixel. Not only does this better �t the idea to represent the signal with a single, consistent basis, it also
reduces the total parameter count.

The described scheme, which we callThera, is depicted in Figure 3. It allows for arbitrary-scale
super-resolution, combining the multi-scale signal representation within neural heat �elds with the expres-
sivity of proven feature extraction backbones for SR and image restoration. As the entire network is trained
end-to-end, the feature extractor can learn super-resolution priors for a whole range of resolutions covered
by the training data. E.g., a network trained with scaling factors up to � 4 will encode priors that enable us
to observe the �eld at t > 1

16 . By training on multiple resolutions, we can also make� a trainable parameter
that allows the network to adapt to di�erent downsampling operators. Finally, we set the bias terms for
the three color channels of every local �eld� (i.e., b2) to the RGB values of the associated low-resolution
pixel. Thus, the hypernetwork only predicts �eld-wise phase shifts b1 and amplitudes W 2.

3.3 Total Variation at t = 0

To allow Thera to better generalize to higher, out-of-domain scaling factors, we can place an unsupervised
regularizer at t = 0 . Note that this is a prior on the continuous signal itself � something that, to the best
of our knowledge, setsThera apart from all previous methods. In our implementation it takes the form of
a total variation (TV) loss term, well known to promote piece-wise constant signals that describe natural
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images well (Chugunov et al., 2024). We use aǹ1 variant of TV,

L TV (�( x ; 0)) = Ex [jr �( x ; 0)j]: (5)

Given our continuous signal representation,r �( x ; 0) can be computed analytically by automatic di�erentia-
tion, rather than falling back to a neighborhood approximation as in most previous work (Rudin et al., 1992).
We further motivate this approach in Figure 5, which demonstrates that our method faithfully recovers the
gradients of super-resolved images.

3.4 Implementation and Training

Thera is implemented in JAX (Bradbury et al., 2018). Similar to prior work (Chen et al., 2021; Lee & Jin,
2022; Cao et al., 2023; Zhu et al., 2025), we randomly sample a scaling factorr � U (1:2; 4) for each image
during training, then randomly crop an area of size(48r )2 pixels as the target patch, from which the source
is generated by bicubic downsampling to size482. As corresponding targets,482 random pixels are sampled
from the target patch. We train with standard augmentations (random �ipping, rotation, and resizing),
using the Adam optimizer (Kingma & Ba, 2015) with a batch size of 16 for 5 � 106 iterations, with initial
learning rate 10� 4, � 1 = 0 :9, � 2 = 0 :999 and � = 10 � 8. The learning rate is decayed to zero according to a
cosine annealing schedule (Loshchilov & Hutter, 2016). We use MAE as reconstruction loss, to which the TV
loss from Eq. 5 is added with a weight of10� 4. Like previous work (Timofte et al., 2016; Lim et al., 2017;
Vasconcelos et al., 2023), we employ geometric self-ensembling (GSE) instead of the local self-ensembling
introduced in LIIF (Chen et al., 2021). In GSE, the results for four rotated versions of the input are averaged
at test time. Including re�ections did not improve performance.

4 Results

Throughout this section we evaluate three variants of our method, which di�er solely in the size of the
hypernetwork and the number of �eld parameters:

ˆ Thera Air : A tiny version with the number of globally shared components inW 1 set to 32, and the
hypernetwork being a single1 � 1 convolution that maps features to �eld parameters. This version
adds only 8,256 parameters on top of the backbone.

ˆ Thera Plus: A balanced version that employs an e�cient ConvNeXt-based (Liu et al., 2022) hyper-
network. Its parameter count of � 1.41 M matches that of recent medium-sized competitors like Cao
et al. (2023).

ˆ Thera Pro: The strongest version uses a high-capacity, attention-based hypernetwork. Its added
parameter count is � 4.63 M, still less than the most recent competitor (Zhu et al., 2025) and much
smaller than Chen et al. (2023), both attention-based.

Datasets and metrics. Following previous work, our models are trained with the DIV2K (Agustsson
& Timofte, 2017) training set, consisting of 800 high-resolution RGB images of diverse scenes. We re-
port evaluation metrics on the o�cial DIV2K validation split as well as on standard benchmark datasets:
Set5 (Bevilacqua et al., 2012), Set14 (Zeyde et al., 2012), BSDS100 (Martin et al., 2001), Urban100 (Huang
et al., 2015), and Manga109 (Matsui et al., 2017). Following prior work, we use peak signal-to-noise ratio
(PSNR, in decibels) as the main evaluation metric and compute it in RGB space for DIV2K and on the
luminance (Y) channel of the YCbCr representation for benchmark datasets. Additional quantitative results
are given in Appendix C. Not all numbers could be computed for competing methods for which code or
checkpoints were not publicly shared (see Appendix H).

Backbones. We combine each of the three variants of our method with two standard backbones for super-
resolution and image restoration, as done in previous work:(i) EDSR-baseline (Lim et al., 2017) (1.22 M
parameters) and(ii) RDN (Zhang et al., 2018) (22.0 M parameters).
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Table 1: Quantitative comparison of peak signal-to-noise ratio (PSNR, in dB) obtained by various methods
on the held-out DIV2K validation set. The highest PSNR value per backbone and scaling factor isbold and
the second highest is underlined.

Backbone
(params.) Method

Num. of In-distribution Out-of-distribution
add. params. � 2 � 3 � 4 � 6 � 12 � 18 � 24 � 30

� Bicubic � 31.01 28.22 26.66 24.82 22.27 21.00 20.19 19.59

EDSR-
baseline
(1.22 M)

+ Sinc interpol. � 34.52 30.89 28.98 26.75 23.76 22.25 21.29 20.62
MetaSR 0.45 M 34.64 30.93 28.92 26.61 23.55 22.03 21.06 20.37
LIIF 0.35 M 34.67 30.96 29.00 26.75 23.71 22.17 21.18 20.48
LTE 0.49 M 34.72 31.02 29.04 26.81 23.78 22.23 21.24 20.53
CUF 0.30 M 34.79 31.07 29.09 26.82 23.78 22.24 � �
CiaoSR 1.43 M 34.88 31.12 29.19 26.92 23.85 22.30 21.29 20.44
CLIT 15.7 M 34.81 31.12 29.15 26.92 23.83 22.29 21.26 20.53
SRNO 0.80 M 34.85 31.11 29.16 26.90 23.84 22.29 21.27 20.56
MSIT 4.83 M 34.95 31.23 29.22 26.94 23.83 22.27 21.26 20.54
Thera Air (ours) .008 M 34.75 31.09 29.10 26.84 23.80 22.26 21.26 20.56
Thera Plus (ours) 1.41 M 34.89 31.22 29.24 26.96 23.89 22.34 21.32 20.61
Thera Pro (ours) 4.63 M 35.19 31.50 29.51 27.19 24.09 22.51 21.48 20.73

RDN
(22.0 M)

+ Sinc interpol. � 34.59 31.03 29.12 26.89 23.87 22.34 21.36 20.68
MetaSR 0.45 M 35.00 31.27 29.25 26.88 23.73 22.18 21.17 20.47
LIIF 0.35 M 34.99 31.26 29.27 26.99 23.89 22.34 21.31 20.59
LTE 0.49 M 35.04 31.32 29.33 27.04 23.95 22.40 21.36 20.64
CUF 0.30 M 35.11 31.39 29.39 27.09 23.99 22.42 � �
CiaoSR 1.43 M 35.13 31.39 29.43 27.13 24.03 22.45 21.41 20.55
CLIT 15.7 M 35.10 31.39 29.39 27.12 24.01 22.45 31.38 20.64
SRNO 0.80 M 35.16 31.42 29.42 27.12 24.03 22.46 21.41 20.68
MSIT 4.83 M 35.16 31.42 29.42 27.11 23.99 22.42 21.37 20.65
Thera Air (ours) .008 M 35.06 31.42 29.43 27.13 24.04 22.48 21.44 20.71
Thera Plus (ours) 1.41 M 35.00 31.40 29.44 27.16 24.06 22.49 21.45 20.71
Thera Pro (ours) 4.63 M 35.25 31.56 29.57 27.25 24.14 22.56 21.52 20.77

Table 2: Results on common benchmark datasets for in-distribution scale factors with an RDN (Zhang et al.,
2018) backbone. The numbers represent PSNR in dB, calculated on the luminance (Y) channel of the YCbCr
representation following previous work.

Method
Set5 Set14 B100 Urban100 Manga109

� 2 � 3 � 4 � 2 � 3 � 4 � 2 � 3 � 4 � 2 � 3 � 4 � 2 � 3 � 4

MetaSR 38.22 34.63 32.38 33.98 30.54 28.78 32.33 29.26 27.71 32.92 28.82 26.55 � � �
LIIF 38.17 34.68 32.50 33.97 30.53 28.80 32.32 29.26 27.74 32.87 28.82 26.68 39.26 34.21 31.20
LTE 38.23 34.72 32.61 34.09 30.58 28.88 32.36 29.30 27.77 33.04 28.97 26.81 39.28 34.32 31.30
CUF 38.28 34.80 32.63 34.08 30.65 28.92 32.39 29.33 27.80 33.16 29.05 26.87 � � �
CiaoSR 38.29 34.85 32.66 34.22 30.65 28.93 32.41 29.34 27.83 33.30 29.17 27.11 39.51 34.57 31.57
CLIT 38.26 34.80 32.69 34.21 30.66 28.98 32.39 29.34 27.82 33.13 29.04 26.91 � � �
SRNO 38.32 34.84 32.69 34.27 30.71 28.97 32.43 29.37 27.83 33.33 29.14 26.98 39.52 34.67 31.61
MSIT 38.31 34.85 32.72 34.26 30.70 28.97 32.42 29.35 27.81 33.27 29.14 26.93 39.44 34.62 31.58
Thera Air 38.18 34.75 32.60 34.13 30.70 28.95 32.33 29.29 27.80 33.16 29.14 26.91 39.03 34.57 31.66
Thera Plus 38.11 34.67 32.56 34.20 30.67 28.97 32.26 29.28 27.81 33.14 29.15 26.97 38.69 34.42 31.65
Thera Pro 38.36 34.88 32.79 34.43 30.85 29.08 32.46 29.39 27.87 33.63 29.58 27.26 39.62 34.98 31.98

4.1 Super-Resolution Performance

Quantitative results. We �rst evaluate the three variants of our method on the held-out DIV2K validation
set, following the setup described above. Table 1 shows PSNR values for all tested methods, for both in-
distribution ( � 2 to � 4) and out-of-distribution ( � 6 to � 30) scaling factors. Thera Pro outperforms all
competing methods at all scaling factors, often by a substantial margin (e.g., 29.51vs. 29.22 on EDSR� 4),
even though its parameter overhead on top of the backbone is lower compared to the second-best method
MSIT (Zhu et al., 2025), and less than a third of CLIT (Chen et al., 2023). Interestingly, even our minimal
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Figure 4: Qualitative examples for a representative� 6 scale factor, with an RDN (Zhang et al., 2018)
backbone for all methods. Best viewed zoomed in.

variant Thera Air � with only about 8000 parameters on top of the backbone � performs on par with or better
than methods of much higher parameter count. This supports our claim that hard-wiring a theoretically
principled sampling model, which rules out signal aliasing, enables better generalization and higher-�delity
reconstruction. For comparison with conventional interpolation, we also report numbers obtained with
Lanczos (sinc) resampling on top of the respective� 4 backbone. This baseline is consistently outperformed
by dedicated ASR methods, indicating that the latter do learn scale-speci�c priors.

Like earlier work, we further report the performance of Thera on �ve popular benchmark datasets with an
RDN backbone in Table 2. Our method again outperforms all competing methods in all settings, often
substantially ( e.g., 29.58 vs. 29.14 on Urban100� 3). We hypothesize that Thera's hard-wired PSF is also
bene�cial when generalizing to unseen datasets. Once again we observe that the performance ofThera Air
is often comparable to that of methods with orders of magnitude higher parameter counts.
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Figure 5: Thera reconstructs a signal� and its gradient r x � more faithfully than a ReLU-based competitor
(Chen et al., 2021). Due to its natural, Fourier-inspired representation,Thera is also in�nitely di�erentiable,
while ReLU-based competitors approximate the signal as a piecewise-linear function with null higher deriva-
tives (last row).

Qualitative results. Upon visual inspection � see Figure 4 for examples � we observe thatThera produces
results that are both perceptually convincing and more correct, particularly in the presence of repeating
structures. Neural heat �elds enableThera to reproduce a high level of detail without su�ering from aliasing,
no matter the sampling scale (see also Figure 9 in Appendix B).

Fidelity of the Signal and its Derivatives. Neural �elds with periodic activation functions have been
shown to be superior when it comes to �tting high-resolution, natural signals, and to correctly recovering
their derivatives (Sitzmann et al., 2020b). We observe similar e�ects forThera, whose thermal activations
at t = 0 can be seen as a special case of periodic activations,cf . Figure 5. In fact, due to the use of thermal
activations � and unlike all prior work based on multi-layer ReLU-activated �elds � Thera is in�nitely
di�erentiable.

4.2 Ablation Studies

In Table 3, we ablate individual components and design choices of our method to understand their contribu-
tions to overall performance. The comparisons useThera Plus with EDSR backbone, and are representative
of all variants.

Single scale training. We run three experiments using a single scale (� 2, � 3, � 4) to test how this a�ects
scale generalization. � was �xed at the theoretically derived value for these experiments, as multi-scale
training is required to optimize it. As expected, we observe equal or even superior performance of single-
scale training when tested at the training scale (marked in yellow in Table 3), but a signi�cant drop compared
to the default multi-scale version when generalizing to other scaling factors.

Trainable � . Fixing � at the theoretically derived value (Equation 3) leads to a small drop in performance.
This suggests that there remain e�ects that are not accounted for by our proposed observation model, albeit
very minor.
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