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Abstract

We propose symmetric power transformation to enhance the
capacity of Implicit Neural Representation (INR) from the
perspective of data transformation. Unlike prior work utiliz-
ing random permutation or index rearrangement, our method
features a reversible operation that does not require addi-
tional storage consumption. Specifically, we first investigate
the characteristics of data that can benefit the training of INR,
proposing the Range-Defined Symmetric Hypothesis, which
posits that specific range and symmetry can improve the ex-
pressive ability of INR. Based on this hypothesis, we propose
a nonlinear symmetric power transformation to achieve both
range-defined and symmetric properties simultaneously. We
use the power coefficient to redistribute data to approximate
symmetry within the target range. To improve the robustness
of the transformation, we further design deviation-aware cal-
ibration and adaptive soft boundary to address issues of ex-
treme deviation boosting and continuity breaking. Extensive
experiments are conducted to verify the performance of the
proposed method, demonstrating that our transformation can
reliably improve INR compared with other data transforma-
tions. We also conduct 1D audio, 2D image and 3D video fit-
ting tasks to demonstrate the effectiveness and applicability
of our method.

Code — https://github.com/zwx-open/Symmetric-Power-
Transformation-INR

Introduction
Implicit Neural Representations (INRs) have been proposed
for continuously representing signals using neural networks,
which has garnered significant attention in the representa-
tion of multimedia data, including audios (Su, Chen, and
Shlizerman 2022), images (Chen, Liu, and Wang 2021)
and videos (Chen et al. 2021). Compared to traditional dis-
crete representations such as amplitudes, pixels and frames,
INR offers several advantages, including memory efficiency,
resolution agnosticism, and suitability for inverse prob-
lems. These advantages make INR particularly useful in
downstream tasks such as compression (Strümpler et al.
2022), super-resolution (Lu et al. 2023), novel view synthe-
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Figure 1: Pipeline of Symmetric Power Transformation. We
transform data with specific range and symmetry to enhance
implicit neural representation without any additional time
and spatial consumption. Integrating this simple nonlinear
transformation can significantly improve the reconstruction
quality. See comparison of “KBS” in reconstructed image.

sis (Mildenhall et al. 2020), and physics simulations (Raissi,
Perdikaris, and Karniadakis 2019).

However, encoding signals into neural representations is
resource-intensive, requiring training a neural network to fit
natural signals, which hinders the application of this novel
representation in real-world scenarios. Therefore, optimiz-
ing the training process of INR has become a crucial re-
search topic in recent times. To address this challenge, vari-
ous approaches have been proposed to improve INR train-
ing from different perspectives, including periodic activa-
tion functions (Liu et al. 2023b), partition-based acceler-
ation (Saragadam et al. 2022), and reparameterized train-
ing (Shi, Zhou, and Gu 2024). Recently, RPP (Seo et al.
2024) provided an insight to enhance INR through data
transformation in the pre-processing stage, aiming to trans-
form data such that optimization more effectively fits the
transformed data with INR. However, this work primar-
ily focused on random pixel permutation (RPP), which, al-
though accelerating training in the long run, disrupts signal
continuity and thus lowers performance in typical training
scenarios, limiting real-world applicability. Moreover, such
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index rearrangement necessitates an additional mapping to
store the projections of the index pair before and after the
pixel permutation. This requirement results in significant
storage consumption comparable to the input signal, thereby
diminishing the memory efficiency advantages.

To overcome these limitations, we propose symmetric
power transformation, a cost-free data transformation to en-
hance implicit neural representations. We first investigate
the characteristics of data that can benefit the training of
INR. Based on intuition of periodic activation functions,
we review the data from the range and symmetry perspec-
tives, proposing the Range-Defined Symmetric Hypothesis.
Specifically, scaling data to within a specific range and re-
distributing the data symmetrically can enhance the expres-
sive capability of INR. Based on this hypothesis, we design
symmetric power transformation to improve the training of
INR. We select power transformation (x → xβ) as the ba-
sic form due to its reversibility and monotonicity. By nor-
malizing data to [0, 1], we ensure the transformed values
remain bounded. The power coefficient β serves to redis-
tribute data and approximate symmetry in the distribution.
Given the complexity of natural signals, we additionally pro-
pose two methods to enhance the robustness of symmetric
power transformation: deviation-aware calibration and adap-
tive soft boundary. These methods respectively mitigate ex-
treme deviation boosting and continuity-breaking at bound-
aries, ensuring consistent performance improvements.

Extensive experiments were conducted to verify the per-
formance of our method. Our method achieved the most sig-
nificant improvement compared to all other current trans-
formations, and its integration consistently enhances perfor-
mance in 1D audio, 2D image, and 3D video fitting tasks.
Beyond its capability for steady improvement, the reversibil-
ity of symmetric power transformation enables lossless sig-
nal reconstruction without additional storage consumption,
making it a cost-free enhancement for INR. This is the most
significant advantage compared to prior work.

The main contributions are summarized as follows:

• We observe that scaling the data to a specific range and
ensuring a symmetric distribution benefits the training
of INRs. Based on these observations, we propose the
Range-Defined Symmetric Hypothesis.

• We propose symmetric power transformation to en-
hance implicit neural representation. We also introduce
deviation-aware calibration and adaptive soft boundary
to further improve the robustness of the method.

• We verify the effectiveness of our method through exten-
sive experiments, including 1D audio fitting, 2D image
fitting, and 3D video fitting task.

Method
Background and Problem Formulation
Consider an Implicit Neural Representation (INR) function:
Fθ : X ∈ Rc 7→ Y ∈ Rs. This function maps a c-dimension
coordinate X to the discrete form of a s-dimension signal Y ,
with θ representing the optimizable parameters a neural net-
work. Given a signal set S = {xi,yi}Ni=1 composed of N

pairs of coordinates xi and their corresponding signal rep-
resentations yi, the goal is to overfit an L-layer MLP Fθ(x)
to the ground truth y with minimal loss. The output of layer
l is given by zl = σ (Wlzl−1 + bl), where σ is a nonlin-
ear activation function, and Wl and bl are the weights and
bias of layer l. Optimizing Fθ using conventional ReLU ac-
tivations often fails to achieve satisfactory performance due
to Spectral Bias (Rahaman et al. 2019), which refers to the
tendency of MLPs to fit the low-frequency components of
signals more readily than the high-frequency components.
SIREN (Sitzmann et al. 2020) effectively mitigates this is-
sue by employing periodic sine as active functions to rep-
resent complex natural signals. The output of the l-th layer
can be expressed as zl = sin(ω0(Wlzl−1 + bl)), where
ω0 controls the frequency of the network. To further ad-
dress frequency issues, FINER (Liu et al. 2023b) introduced
variable-periodic activation function sin((|x|+1)x), achiev-
ing state-of-the-art performance.

Given the high capacity for signal representation, we con-
sider SIREN and its variant FINER as the backbone. Our
objective is to enhance its training from the perspective of
signal transformation without incurring additional time or
space consumption. Mathematically, we aim to identify a
reversible transformation T : Y ∈ Rs 7→ H ∈ Rs, with
its inverse denoted as T−1. Given the transformed signal
set ST = {xi, T (yi)}Ni=1, the INR function Fϕ is opti-
mized with the ground truth T (y). Under the same iteration
t, the transformed data should exhibit improved expressive-
ness compared to the vanilla data, adhering to the condition
Q(F t

θ(x),y) < Q(T−1(F t
ϕ(x)),y), where Q(·) is the met-

ric used to measure the quality of the reconstruction.

Range Defined Symmetric Hypothesis
In order to determine the target transformation T to enhance
implicit neural representations, it is essential to investigate
the characteristics of distribution that are beneficial for the
training process. We provide insights from the perspectives
of range and symmetry.

Range. The output of each layer in INRs is bounded by
the range I , which confines the final output of the network
approximately within this bound. Specifically, the output in
the (L − 1)-th layer zL−1 ∼ I , results in the final out-
put Fθ(x) = WLzL−1 + bL ∼ kI + b. The initialization
scheme (He et al. 2015) in the last layer ensures that kI + b
approximates I . Therefore, transforming the signal y within
the bound I should be beneficial for INRs training.

Symmetry. Unlike traditional ReLU-based MLPs, acti-
vation functions σ(·) in INRs are centrally symmetric, sat-
isfying σ(x) = −σ(−x). Additionally, the initial scheme
for weights and biases is symmetric about zero, leading the
entire neural network to maintain symmetry during opti-
mization. If we transform the distribution to lower skew-
ness (Blanca et al. 2013), thereby approximating symmetry,
the network’s performance could be enhanced.

Based on the above intuitions, we propose the Range-
Defined Symmetric Hypothesis as follows:

Range-Defined Symmetric Hypothesis. Given an INR
Fθ with a bounded periodic activation function σ(·) ∼ I
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Figure 2: (a)&(b): Hypothesis verification from range and skewness perspectives; (c): Investigation of variance effects under
zero-skewness distribution. Red arrows indicate performance degradation direction.

and an input signal y with distribution G, satisfying the
following conditions can enhance the expressive ability of
INRs: 1) Range-Defined: the bound of y is approximately I .
2) Symmetric: the skewness of G is approximately 0.

We verify this hypothesis in the context of training INRs
from the following perspectives:

1. Different Range. Given a natural signal y and a
bounded activation function σ ∼ I , we implement min-max
normalization to constrain y within I . We then use a coeffi-
cient k to generate different bounds kI . This verification is
conducted using real image datasets (Tancik et al. 2020).

2. Different Skewness. To precisely measure the effect of
skewness, we use simulated data to avoid confounding fac-
tors. We generate signals yN, whose intensities are sampled
from a normal distribution N (µ, σ), where µ and σ repre-
sent the mean and standard deviation, respectively. We scale
the data to the range [−1, 1] to satisfy the optimal range
settings and keep σ constant to exclude frequency effects.
By varying µ, we simulate cases with different skewness
γ, which is computed using the third standardized moment.
When µ = 0, the distribution achieves zero-skewness. As
|µ| increases, γ increases, resulting in greater asymmetry.

3. Different Deviation under Zero-Skewness. We further
investigate the impact of variance under symmetric distri-
butions by maintaining zero-skewness and varying σ while
preserving the settings for yN.

As Fig. 2 (a)&(b) demonstrate, our hypothesis regarding
range and skewness can be verified. The expressive ability
of the INR reaches its maximum when k = 1 and γ = 0,
corresponding to the defined range and symmetric status of
signals. The performance gradually declines as the distribu-
tion deviates from these two configurations. Based on the
exploration of different variances under zero-skewness (Fig.
2 (c)), we further propose a supplementary statement for
Range-Defined Symmetric Hypothesis:

Supplementary Statement. When setting a symmetric
data distribution, the performance declines approximate lin-
early as deviation increases.

This phenomenon can be explained by the fact that an in-
crease in deviation potentially raises the frequency of the
signal, thereby negating the INRs training according to spec-
tral bias. Note that this effect is less significant than the ef-
fects of skewness of the distribution. Therefore, we should
aim to lower the variance while maintaining a range-defined
and symmetric distribution.

Symmetric Power Transformation
According to the Range-Defined Symmetric Hypothesis, we
propose symmetric power transformation Tsym, a nonlin-
ear and reversible transformation to enhance the training of
INRs by simultaneously meet the range-defined and sym-
metric criteria. We define the basic form of Tsym as follows:

Tsym(y) = (b− a)yβ
0 + a,y0 =

y −min(y)

max(y)−min(y)
. (1)

Here a and b are the minimum and maximum of target
bounding I . β is the power of the 0-1 normalized data
y0. Given the monotonic increasing nature of power func-
tions, Tsym is a reversible transformation within the bound-
ing I = [a, b]. We can use β to control the symmetry of y,
which is defined β as:

β =
log λ

log (Qλ)
, FY (Qλ) = P (Y ≤ Qλ) = λ, (2)

where FY is the cumulative distribution function of the
signal y. Note that for the natural signal, it is impossi-
ble to completely transform y into a symmetric distribu-
tion and recover it without information loss. Therefore, we
set λ = 0.5 to approximate symmetry while maintaining
reversibility and defined range. After the power transfor-
mation of β, we will have E[yβ

0 ] = 0.5, yβ
0 ∼ [0, 1],

and thus have E[Tsym(y)] = 1
2 (a + b) (symmetric) and

Tsym(y) ∼ I = [a, b] (range-defined).
Directly implementing the transformation as depicted in

Eq. 1 can indeed enhance implicit neural representations
based on our hypothesis. However, given the complex distri-
bution of natural signals, there are side effects in some cases.
Therefore, we propose two methods to improve the adapt-
ability and robustness of symmetric power transformation,
named deviation-aware calibration and adaptive soft bound-
ary, to address the extreme boosting of deviation and bound-
ary issues after symmetric power transformation.

Deviation-Aware Calibration. According to the supple-
mentary statement of our hypothesis, an increase in devia-
tion will cause a performance drop after setting to symmet-
ric. When there is an extreme increase in deviation at the
boundaries, the negative impact may outweigh the benefits
of symmetric power transformation, resulting in decreased
performance. To address this issue, we propose deviation-
aware calibration. Given the 0-1 normalized signal y0, β
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Figure 3: Visualization for 2D natural image fitting. With symmetric power transformation in the SIREN and FINER backbones,
texture details are reconstructed with greater fidelity.

would be calibrated as follows:

β+ = β −∆β = β − ξ

∫ τ

0

[fsym(y)− f(y)]dy, (3)

where f(·) and fsym(·) are the probability density functions
for y0 and yβ

0 , respectively. ξ and τ are scaling factors that
determine the degree and scope of deviation to be calibrated.
Note that Eq. 3 only works for β > 1 (squeeze to the left
side), and there is ∆β = ξ

∫ 1

1−τ
[fsym(y) − f(y)]dy when

squeezing to the right side, corresponding to β < 1.
Adaptive Soft Boundary. Power transformation can

maintain the same bounding for 0-1 normalized data because
of its property of being monotonic increasing and its invari-
ance when the base is 0 or 1. However, when setting rather
large β, this invariance can result in a gap (e.g., 15 = 1
and 0.95 = 0.59), which breaks the intrinsic continuity
of the data and thus lowers the performance. We alleviate
this problem by simply adding a soft padding between the
boundaries. This soft boundary helps compress the range
inward, thereby preventing the large gradients produced by
power functions at the boundaries from disrupting continu-
ity. Given that this padding will somewhat break the range-
defined condition, we set it to be adaptive to the percentage
of the intensity of the boundary values, f(0) and f(1). We
rewrite the 0-1 normalization in Eq. 1 as:

y+
0 =

y − [1 + κf(0)]min(y)

[1 + κf(1)]max(y)− [1 + κf(0)]min(y)
, (4)

where κ is the scaling factor to control the range of the soft
boundary.

Complete Formulation. Integrating these two methods,
Eq. 1 can be rewritten as:

Tsym(y) = (b− a)[y+
0 ]

β+

+ a, (5)

constituting the complete formulation of symmetric power
transformation.

Analysis for Skewness Reduction. Here we provide a
preliminary analysis of symmetric power transformation’s
effectiveness in reducing signal skewness and improving
INR training. We simplify the analysis by modeling natural

signal asymmetry using Log-normal distribution. Consider a
signal y ∼ Lognormal(µ, σ2) where µ ∈ (0, 1) and σ > 0,
with skewness γy = (exp(σ2) + 2)

√
exp(σ2)− 1. Let the

transformed signal be z = Tsym(y) as defined by Eq. 5.
Given the property of Log-normal distribution, we have
β = log λ/log (Qλ) ∈ (0, 1). Therefore, ln(z) = ln(xβ) ∼
N (βµ, β2µ2). The skewness of the transformed signal is
γz = (exp(β2σ2) + 2)

√
exp(β2σ2)− 1 < γy , demon-

strating a clear reduction in skewness. For β ∈ (1,+∞),
similar proof follows by transforming the signal as y′ :=
max(ζ − y,0), where ζ can be set to Φ−1(0.95) and Φ(·)
denotes the cumulative distribution function of y.

Experiments
In this section, we verify that symmetric power transforma-
tion can freely enhance INR training, surpassing all exist-
ing data transformations in reconstruction performance. Ad-
ditionally, the effectiveness of the method is demonstrated
across various modalities, including 1D audios, 2D images,
and 3D videos. We implemented all experiments using l2
loss functions and the Adam optimizer (Kingma and Ba
2015). All experiments were conducted on 4 GPUs equipped
with NVIDIA RTX 3090.

Comparison of Different Transformations
We reviewed the various data transformations employed in
current INR training, as well as those studied in prior work.
These include 0-1 normalization, z-score standardization,
linear ranging, inverse operations, and random pixel permu-
tation (RPP), among others. We also included the Box-Cox
transformation (Box and Cox 1964) in our comparison, a
widely-used nonlinear method to improve the normality and
symmetry of the data. We compared all of these transforma-
tions with our method under the same settings to verify its
effectiveness. We chose SIREN as the backbone, fitting the
widely used processed DIV2K datasets (Agustsson and Tim-
ofte 2017; Tancik et al. 2020) and Kodak dataset (E.Kodak
1999). Following the same setting as (Liu et al. 2023b), we
used a 3 × 256 MLP for all comparisons and maintained
other settings same strictly. We set the total number of iter-
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Attributes 0.5k iterations 1k iterations 3k iterations 5k iterations
Trans. STD Skew Range PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑
0-1 norm. 0.24 0.31 0.5 24.46 0.9584 27.95 0.9782 31.95 0.9898 33.60 0.9924
z-score std. 1.00 0.31 2.2 26.49 0.9716 29.63 0.9841 33.71 0.9924 35.64 0.9945

gamma (0.5) 0.41 -0.28 1.0 26.14 0.9727 29.88 0.9879 33.89 0.9953 35.41 0.9953
gamma (2.0) 0.48 1.08 1.0 24.34 0.9409 27.45 0.9590 30.59 0.9713 31.81 0.9745

scale (×0.5) 0.24 0.31 0.5 26.01 0.9694 30.56 0.9866 34.28 0.9930 35.51 0.9942
scale (×1.0) 0.49 0.31 1.0 26.25 0.9704 30.23 0.9860 34.70 0.9935 36.18 0.9948
scale (×2.0) 0.97 0.31 2.0 26.19 0.9692 29.11 0.9820 33.02 0.9913 34.99 0.9938

inverse 0.49 -0.31 1.0 26.51 0.9807 30.44 0.9897 34.88 0.9946 36.37 0.9955
RPP 0.49 0.31 1.0 13.86 0.8045 17.04 0.9024 20.27 0.9531 21.09 0.9613
box-cox 0.47 -0.19 1.0 26.00 0.9729 30.03 0.9879 34.15 0.9941 35.47 0.9954

sym-power 0.46 0.16 1.0 26.96 0.9750 31.18 0.9888 35.41 0.9949 36.75 0.9959

Table 1: Comparison of different transformations for INRs. Our method (sym-power) consistently achieves the best performance
compared to all other transformations throughout each phase of training.

ations to 5000, with hyper-parameters ξ = 0.5, τ = 0.1,
and κ = 256 in our method. We use the above setting for all
other experiments unless otherwise stated.
Metrics. We used PSNR and SSIM as evaluation metrics,
both evaluated at iteration 5k. Additionally, we measured the
skewness and range of transformed data using the third cen-
tral moment and the ratio of transformed bounding to target
bounding. These metrics are represented as:

Skew(T (y)) = E

[(
T (y)− µ

σ

)3
]
,

Range(T (y)) =
maxT (y)−minT (y)

b− a
,

(6)

where I = [a, b] = [min(sin(·)),max(sin(·))] = [−1, 1].
The effectiveness of transformations can be quantified by
how closely the skewness approaches 0 and the range ap-
proaches 1, indicating alignment with our hypothesis.
Results. The results of the comparison are demonstrated
in Tab. 1 and Tab. 2, respectively on natural and Ko-
dak datasets. Quantitative analysis through standard devi-
ation (STD), skewness, and range metrics validates our
method’s effective approximation of desired distribution
properties, explaining its state-of-the-art performance. The
performance degradation observed in box-cox transforma-
tion can be attributed to its lack of deviation-aware cali-
bration, which particularly affects certain samples. While
RPP pioneered the transformation perspective for INR train-
ing optimization, its primary contribution lies in its counter-
intuitive insights rather than performance improvements.
Under standard conditions, RPP underperforms our method
and baseline by approximately 15 dB. Although it shows
marginal benefits with excessive iterations, its standard per-
formance suffers from disruption of pixel continuity. Other
transformations demonstrate inferior performance compared
to Symmetric Power Transformation due to their limitations
in addressing one or more critical aspects: skewness cor-
rection, range bounding, or preservation of signal frequency
and continuity properties.

PSNR PSNR PSNR SSIM
Trans. (1k)↑ (3k)↑ (5k)↑ (5k)↑
0-1 norm. 27.54 31.24 32.76 0.9944
z-score std. 29.29 33.10 34.84 0.9962
scale (×1.0) 30.06 33.88 35.21 0.9962
RPP 16.73 18.57 19.12 0.9329
box-cox 30.22 33.93 35.14 0.9966

sym-power 30.79 34.50 35.66 0.9968

Table 2: Performance of sym-power on Kodak datasets.

Complexity. Performance analysis reveals minimal compu-
tational overhead, with transformation operations requiring
only 0.2 seconds compared to the typical 5-minute training
duration. The memory overhead is negligible, requiring only
a single float-16 parameter (β).

1D Audio Fitting
Fitting 1D audio data can be formulated as Fθ : X ∈
R1 7→ Y ∈ R1. We use LibriSpeech (Panayotov et al. 2015)
datasets to evaluate the effectiveness of our method. Specif-
ically, we selected the test.clean split of the dataset
and cropped each audio to the first 5 seconds at a sam-
pling rate of 16k Hz. Following the setting of Siamese
SIREN (Lanzendörfer and Wattenhofer 2023), we set ω and
ω0 both to 100 in the SIREN backbone. We used average
MSE, STOI (Taal et al. 2011) and SI-SNR to evaluate the re-
construction quality. As demonstrated in Tab. 3, our method
consistently improves reconstruction quality across various
phases of INR training. Notably, the improvement is more
significant at the early stages of training (1k iterations).

2D Image Fitting
Fitting 2D image data can be formulated as Fθ : (x, y) 7→
(r, g, b). We verified the effectiveness of our method in pro-
cessed DIV2K, Kodak and text image dataset (Tancik et al.
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Backbones MSE ↓ STOI ↑ SI-SNR ↑
vanilla (1k) 2.16e-3 0.559 1.855
+ Tsym (1k) 1.63e-3 0.728 2.764

vanilla (3k) 0.57e-3 0.863 8.502
+ Tsym (3k) 0.43e-3 0.890 9.561

vanilla (5k) 0.29e-3 0.898 11.077
+ Tsym (5k) 0.22e-3 0.916 12.102

Table 3: 1D audio fitting task.

2020). We implemented symmetric power transformation on
SIREN and state-of-the-art FINER to show the effective-
ness of our method. We also compared our method with
position encoding MLP (PEMLP), Gauss (Ramasinghe and
Lucey 2022) and WIRE (Saragadam et al. 2023). The qual-
itative results are presented in Tab. 5 (natural image) and
Tab. 6 (text image). Our method improves reconstruction
quality at 1k, 3k, and 5k iterations in both scenarios. Inte-
grating our method with SIREN surpasses vanilla SIREN,
GAUSS and WIRE in 2D text fitting. Furthermore, FINER
+ Tsym achieves state-of-the-art performance in both tasks,
thanks to the improved variable-periodic functions. Fig. 3
shows the visual quality comparison for 2D natural image
(sculpture) fittings. With symmetric power transformation in
the SIREN and FINER backbones, texture details are recon-
structed with greater fidelity. Fig. 4 visualizes the results for
2D text fitting, where our method significantly enhances the
clarity and color fidelity of the synthesized text.
Why Does 2D Text Fitting Show More Significant Im-
provement? Our method achieves notably larger improve-
ments in synthesized text reconstruction (Tab. 6) compared
to natural images and videos (Tab.5 and Tab. 7). This per-
formance difference is primarily due to our transformation’s
mechanism of strengthening input signal symmetry. Syn-
thesized text data inherently has limited variety in pixel
intensities; for instance, a text image with 3 words might
only contain 4 pixel values (3 text colors and 1 background
color). This sparse intensity distribution significantly makes
the data distribution imbalance and thus lower the inherent
symmetry attribute of data. Consequently, our transforma-
tion can have a more pronounced impact on synthesized text
data by substantially improving symmetry. In contrast, natu-
ral images inherently maintain a degree of symmetry due to
their abundant pixel intensities, resulting in relatively mod-
est improvements when applying our method.

3D Video Fitting
Fitting 3D video data can be formulated as Fθ : (x, y, t) 7→
(r, g, b). We conducted the video fitting with SIREN and
FINER backbones, both using the same network size of
6 × 256. Following the settings of (Xie et al. 2023), all
experiments were evaluated on the ShakeNDry video from
the UVG dataset (Mercat, Viitanen, and Vanne 2020) (the
first 30 frames with 1920×1080 resolution). Each scenario
was trained for 100 epochs. The results are demonstrated in
Tab. 7. Our method consistently improves video fitting with

PSNR PSNR PSNR SSIM
Backbones (1k)↑ (3k)↑ (5k)↑ (5k)↑
PEMLP 25.79 28.33 29.26 0.9787
GAUSS 30.46 34.02 35.39 0.9926
WIRE 28.86 32.56 33.91 0.9872

SIREN 30.23 34.70 36.18 0.9948
SIREN + Tsym 31.18 35.41 36.75 0.9959

FINER 32.30 36.79 38.44 0.9964
FINER + Tsym 33.04 37.58 39.03 0.9972

Table 4: 2D natural image fitting task.

PSNR PSNR PSNR SSIM
Backbones (1k)↑ (3k)↑ (5k)↑ (5k)↑
PEMLP 27.36 29.58 30.45 0.9877
GAUSS 31.11 34.40 35.58 0.9954
WIRE 29.97 33.21 34.26 0.9943

SIREN 30.06 33.88 35.21 0.9962
SIREN + Tsym 30.79 34.50 35.66 0.9969

FINER 31.99 36.12 37.49 0.9974
FINER + Tsym 32.83 36.80 37.95 0.9980

Table 5: Additional verification on Kodak datasets.

Figure 4: Visualization for 2D text image fitting. Symmet-
ric Power Transformation can enhance the clarity and color
fidelity of the synthesized text.

both the SIREN and FINER backbones in terms of PSNR
and SSIM. Both metrics are averaged over all frames.

Ablation Study
To validate the effectiveness of each components within our
proposed symmetric power transformation, we conducted a
series of ablation experiments. All settings are align with
the experiment of comparing different transformations. Our
methods (full Tsym) consists three primary components: ba-
sic form of symmetric power transformation (basic Tsym),
deviation-aware calibration (cali.) and adaptive soft bound-
ary (soft.). We conducted ablation studies for each of these
components. We used the scale (×1) as the baseline, since it
is applied in the most INR framework. The results are pre-
sented in Tab. 8. We report each studies with PSNR in iter-
ation 1k, 3k and 5k. The contributions of each component
can be clearly observed. Note that the soft boundary parts
seem to contribute little to the average PSNR (0.05-0.1 dB).
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PSNR PSNR PSNR SSIM
Backbones (0.1k)↑ (0.3k)↑ (0.5k)↑ (0.5k)↑
PEMLP 17.71 19.44 21.11 0.9838
GAUSS 23.72 30.48 32.98 0.9962
WIRE 22.98 29.68 32.58 0.9973

SIREN 20.41 23.77 25.06 0.9926
SIREN + Tsym 24.28 28.89 30.39 0.9979

FINER 22.24 26.17 27.56 0.9956
FINER + Tsym 27.64 32.71 34.30 0.9992

Table 6: 2D text fitting task.

SIREN FINER
Backbones vanilla + Tsym vanilla + Tsym

PSNR ↑ 26.97 27.25 27.28 27.51
SSIM ↑ 0.9803 0.9828 0.9804 0.9831

Table 7: 3D video fitting task.

This is because the datasets include only a few samples that
might have boundary issues, and thus their improvements
are averaged out by the other data.

Related Work
Implicit Neural Representations
Implicit Neural Representation (INR), also known as coor-
dinate network, can represent signals by over-fitting a neural
network. Thanks to advanced progress in frequency-guided
spatial encoding (Tancik et al. 2020) and effective peri-
odic activation functions (Sitzmann et al. 2020), INR has
been capable of representing various data types including
sketches (Bandyopadhyay et al. 2024), microscopic imag-
ing (Liu et al. 2022), shapes (Park et al. 2019), climate
data (Huang and Hoefler 2023), and medical data (Molaei
et al. 2023). Compared with discrete representations, INR
store data in a powerful and differentiable function (MLP),
which provides advantages in memory efficiency and solv-
ing inverse problems. This makes INR useful in various
research fields, including novel view synthesis (Milden-
hall et al. 2020; Müller et al. 2022), image enhance-
ment (Yang et al. 2023), and solving partial differential
equations (Raissi, Perdikaris, and Karniadakis 2019).

Enhanced Neural Field Training
Due to spectral bias (Rahaman et al. 2019) and high training
cost of INR, numerous work have been proposed to improve
the INR’s training from various perspectives. We classify
these efforts as follows. 1.Activation Functions View. Fol-
lowing SIREN (Sitzmann et al. 2020), which uses sine ac-
tivation functions, this line of work explores different acti-
vation functions to improve INR, including Gaussian (Ra-
masinghe and Lucey 2022), complex Gabor wavelets (Sara-
gadam et al. 2023), and variable-periodic sine functions (Liu
et al. 2023b). 2.Partition-based Acceleration View. The

PSNR PSNR PSNR
Settings (1k)↑ (3k)↑ (5k)↑
baseline (scale ×1.0) 30.23 34.70 36.18

w/o basic Tsym 30.30 34.73 36.21
w/o cali. 31.07 35.26 36.61
w/o soft. 31.08 35.36 36.71
w/o cali. & soft. 31.04 35.20 36.52

full Tsym 31.18 35.41 36.75

Table 8: Ablation experiment.

main idea of partition-based methods is to divide the input
signal into numerous small parts and use different smaller
MLPs to represent local data. The partitioning mechanisms
can include regular blocks (Reiser et al. 2021), adaptive
blocks (Martel et al. 2021), Laplacian pyramids (Saragadam
et al. 2022), and segmentation maps (Liu et al. 2023a).
3.Others. INR can also be improved from other perspec-
tives, including meta-learning (Tancik et al. 2021), opti-
mizers (Chng, Saratchandran, and Lucey 2024), additional
modulation (Kazerouni et al. 2024), reparameterized train-
ing (Shi, Zhou, and Gu 2024), etc.

Data Transformation View Enhancing INR through data
transformation is a novel perspective that explores how to
transform the data itself to make it more suitable for INR,
as proposed by (Seo et al. 2024). In this work, they found
that random pixel permutation (RPP) can enhance INR for
high-fidelity reconstruction. Another work, Diner (Xie et al.
2023), adapts index rearrangement to lower the spectrum of
data, thus accelerating the training process of INRs. Differ-
ences. Both of these transformations are irreversible and re-
quire additional spatial cost. Our symmetric power transfor-
mation is the first method to steadily improve INR by trans-
formaing data without incurring any additional costs.

Conclusion
In this work, we present symmetric power transformation,
a novel approach to enhance INR’s traning through data
transformation. We introduce the Range-Defined Symmet-
ric Hypothesis, which posits that aligning data range with
activation function bounds and ensuring distribution sym-
metry improves INR performance. Guided by this hypoth-
esis, we develop symmetric power transformation, incorpo-
rating deviation-aware calibration and adaptive soft bound-
ary mechanisms to ensure robust performance. Extensive ex-
periments demonstrate that our method achieves superior re-
construction quality over existing approaches without addi-
tional computational cost.
Future Work. While our method demonstrates empirical
effectiveness based on observed patterns and heuristic in-
sights, we acknowledge the need for more rigorous mathe-
matical foundations. Future research could establish theoret-
ical guarantees through Neural Tangent Kernel (Jacot, Hon-
gler, and Gabriel 2018) analysis, providing formal validation
of our hypothesis and methodology.
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