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Abstract

Implicit Neural Representation (INR) has shown great po-
tential in constructing the complex nature signal as a con-
tinuous implicit function. However, the representation re-
sults are incomplete since different components of the sig-
nal correspond to different frequencies and neural network
inherently tends to low-frequency convergence. In this paper,
we propose the adaptive Wavelet-Positional Encoding (WPE)
to precisely represent content under different frequency dis-
tributions for coordinate-based implicit representations. The
High-Frequency Perception (HFP) method is first proposed
to query locations of high-frequency components from in-
put signals, which can be indicated as local centers of WPE.
Then, motivated by wavelet series regression, we present to
embed these queried low-dimensional coordinate inputs into
wavelet-frequency space by WPE to represent fine details
of target signals. Experiments demonstrate that the proposed
method can be integrated into various INR methods without
modifying training frameworks while significantly improving
their performance in 1D signal fitting, 2D image regression,
and even 3D scene representation.

Introduction
Implicit Neural Representation (INR) has recently emerged
as a potential representation paradigm in the coordinated-
based complex signal modeling field, including 2D image
fitting (Sitzmann, Zollhoefer, and Wetzstein 2019) and 3D
scene representation (Chen and Zhang 2019; Genova et al.
2020). One of the most influential INR works is the Neural
Radiance Field (NeRF) (Mildenhall et al. 2020), which em-
ploys the neural weights of MLP to learn the implicit rep-
resentation function of scenes and demonstrates adaptability
to various task formats (Chen et al. 2023; Zhou et al. 2023).
INR methods (Zhang et al. 2020; Pumarola et al. 2021; Bar-
ron et al. 2021) can circumvent the limitations associated
with classical methods like SfM (Schonberger and Frahm
2016) because of the continuous and implicit neural rep-
resentations they use. However, due to the “spectral bias”
problem, where neural networks inherently learn different
frequency components with different convergence perfor-
mances, it is difficult for these existing coordinate-based
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Figure 1: (a) The spatial distribution of different frequency
components in the scene is non-uniform. (b) Compared to
global transforms like Fourier transforms, wavelet transform
contributes to local signal representations. (c) The experi-
mental result of 1D signal regression using Fourier series
embedding and Wavelet series embedding respectively.

INR methods to provide a complete signal representation,
especially for the complex signals with more high-frequency
components (Jacot, Gabriel, and Hongler 2018). This issue
limits the ability of INR methods to effectively represent
complex nature signals and capture complete fine details.

To address the “spectral bias” problem, some meth-
ods embed low-dimensional coordinate inputs into higher-
dimensional feature space thus make network more aware
of the difference in the inputs (Mildenhall et al. 2020; Tan-
cik et al. 2020), while other methods investigate the activa-
tion function of MLP to preserve more fine-grained gradi-
ents (Sitzmann et al. 2020; Ramasinghe and Lucey 2022).
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These above methods apply global processing to the entire
input without the perception of different frequency compo-
nents. However, as shown in Fig. 1a, the spatial distribution
of different frequency components is non-uniform in the tar-
get signal. Therefore, a local perception method should be
proposed to mitigate the lack of awareness of different fre-
quency components and improve INR’s capability to repre-
sent complex signals in full frequency bands.

In this paper, inspired by wavelet series regression which
enhances the signal representative ability for localized in-
formation as Fig. 1b, we propose an adaptive Wavelet-
Positional Encoding (WPE) method to realize a complete
signal representation of INR with fine details including dif-
ferent frequency components. Using the local nature of
wavelet series, we achieve local perception and process of
coordinate inputs before putting them into MLP, while re-
taining global Positional Encoding (PE) to capture the en-
tirety feature. Moreover, the proposed method can realize
a more complete representation of signal details and pro-
vide generalization ability to various dimensional target sig-
nals, thus exhibiting excellent adaptability to INR. Specif-
ically, we first propose the novel High-Frequency Percep-
tion (HFP) method to decompose input signals in target
space and obtain spatial locations of high-frequency com-
ponents. Then we propose to embed low-dimensional co-
ordinate inputs into wavelet-frequency space by our WPE
function which is set at locations of high-frequency compo-
nents obtained by HFP, capitalizing on the inherently local
nature of wavelet series. Meanwhile, the retained PE method
can preserve global features and low-frequency components
in the entire signal space. In this way, our method can real-
ize a complete signal representation containing different fre-
quency information and construct complex fine details. Fur-
thermore, since our proposed method lifts input into higher
dimensions without any additional modification, it can be
directly applied to various INR-based signal representation
tasks with their original training frameworks. In experi-
ments, we conduct 1D signal fitting, 2D image regression,
and 3D scene representation. Experimental results demon-
strate that our method can significantly improve the perfor-
mance of INR especially in fine details, and even benefit ex-
plicit representations. Ablation study is carried out to further
investigate the effectiveness of HFP and WPE.

The main contributions are as follows:
• We propose the High-Frequency Perception (HFP)

method that enables adaptive acquisition of frequency
distribution corresponding to the target signal space.

• We propose the Wavelet-Positional Encoding (WPE)
method to embed low-dimensional coordinate inputs into
wavelet-frequency space before putting them into MLP.

• The proposed method can be integrated into various INR-
based methods to improve performance without chang-
ing the training framework.

Related Work
Implicit Neural Representation
Recent years Implicit Neural Representation (INR) meth-
ods have shown the capability of deep networks in sig-

nal modeling tasks (e.g.,2D regression and 3D reconstruc-
tion) as an implicit continuous function (Park et al. 2019;
Chen and Zhang 2019). Many works are presented using
network to represent 2D images (Sitzmann, Zollhoefer, and
Wetzstein 2019) or 3D scenes (Genova et al. 2020). The
most influential method among these works is Neural Ra-
diance Field (NeRF) (Mildenhall et al. 2020), which uti-
lizes MLP weights for scene representation and novel view
synthesis. Different from traditional methods (Chaurasia
et al. 2013) and (Germann et al. 2012) which indicate pixel
color through geometric information or interpolation, NeRF
and its related INR methods (Zhang et al. 2020; Pumarola
et al. 2021) can represent scenes continuously and implic-
itly by network weights, setting off a wave of neural rep-
resentation and rendering. Mip-NeRF (Barron et al. 2021)
improves the sampling approach by replacing ray with frus-
tum and realizes a high-quality multi-scale scene represen-
tation against spectral aliasing, Mip-NeRF 360 (Barrona
et al. 2022) further extends the implicit representation to
un-bounded scenes while maintaining reconstruction qual-
ity. However, these methods can not perfectly achieve com-
plete reconstruction results in fine-detailed regions where
the geometry or texture changes high-frequently in the target
space, which is crucial in practical real-world scenarios.

High Frequency Convergence
INR methods are based on deep networks to represent and
reconstruct target signals. As the theory of (Jacot, Gabriel,
and Hongler 2018) and (Rahaman et al. 2019), deep net-
works tend to converge low-frequency components and
disregard high-frequency components during training pro-
cess, which is referred to as “spectral bias”. To alleviate
this phenomenon, many works have been presented, vanilla
NeRF (Mildenhall et al. 2020) incorporates the idea of Po-
sitional Encoding (PE) from (Vaswani et al. 2017) to map
input coordinates into higher dimensional space before feed-
ing into MLP. FFN (Tancik et al. 2020) replaces the map-
ping transform function with Fourier functions. (Ramas-
inghe and Lucey 2023; Gao, Dai, and Zhang 2023) integrate
PE into optimization process to adaptive adjust encoding pa-
rameters. On the other hand, SIREN (Sitzmann et al. 2020)
and similar methods (Ramasinghe and Lucey 2022; Hertz
et al. 2021; Chng et al. 2022) replace the activation function
of network to provide higher-order gradient. WIRE (Sara-
gadam et al. 2023) further use complex Gabor wavelet ac-
tivation, which retains the advantages of periodic functions
while maintaining space and frequency compactness. But as
we know, all these methods are done on a global scale and
process entire space indiscriminately without distinguishing
different frequency components. Methods such as Instant-
NGP (Müller et al. 2022) and TensoRF (Chen et al. 2022)
introduce explicit representations to optimize local feature,
which require modification to overall framework, thus can
not be integrated into other works. We propose our WPE to
enhance high-frequency selectively by using the spatial fre-
quency distribution obtained from inputs. In this way, we
can particularly enhance the mapping function in interested
regions due to the local nature of wavelet transform, while
can be easily integrated into other representations
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Figure 2: Overview of Our Method. (Left) Position coordinates p are fed into Wavelet-Positional Encoding (WPE) with output
of High-frequency Perception(HFP) before putting into MLP. The HFP method is proposed to acquire the spatial distribution
of frequency components from the input signal, and thereby determine the center of wavelet functions in encoder. The WPE
encoder utilizes both global Fourier functions and local wavelet functions to embed the input coordinates into the wavelet-
frequency space. Our proposed method is applicable to various implicit neural representation frameworks. (Right) 3D HFP
method: Given a set of input RGB images Ik, we present a High-Frequency Decompose block to obtain high-frequency de-
composed images Hk. By performing ray tracing method on the high-frequency ray r̂ passing through the high-frequency pixel
on Hk and counting high-frequency points t̂i in each grids, the spatial distribution of high-frequency components in the target
scene can be obtained by statistic method. The positions of richer high-frequency components are set as the center wc of local
wavelet transforms.

Method
The overview of our method is shown in Fig. 2. Our goal is
to address the “spectral bias” problem in INR method, and
achieve the higher-fidelity representation results of complex
signals. Specifically, we first propose the High-Frequency
Perception method to adaptive acquire the distribution of
frequency components in the target space. Then we propose
the Wavelet-Positional Encoding (WPE) method to process
input selectively by leveraging the localized nature of the
wavelet series function. We also provide a brief introduction
of regression tasks utilizing INRs in the Preliminaries sec-
tion.

Preliminaries

Implicit Neural Representation (INR) is commonly formu-
lated as learning a mapping function fθ using MLP, which
takes low-dimensional coordinate p as input and outputs ex-
pected value of the function in the target space Rn such as
RGB values in the pixel coordinate. For instance, 1D signal
fitting task can be represented as fθ−1D : x → y where x de-
notes input position coordinate and y denotes output signal
value. 2D image regression task fθ−2D : (x, y) → (r, g, b)
can also be represented as INR function where (x, y) de-
notes input pixel coordinate and (r, g, b) denotes output
pixel value. 3D scene novel view synthesis task based on
NeRF can be formulated as fθ−3D : (x, d) → (c, σ), where
x denotes spatial coordinate (x, y, z), d denotes ray direc-
tion coordinate (θ, ϕ), c and σ denote RGB color and vol-
ume density respectively.

High-Frequency Perception Method
The goal of this paper is to represent complete fine details of
the target signal especially for high-frequency components,
which requests the frequency distribution in target space
Rn. The principles of the High-Frequency Perception (HFP)
method presented in this section can be primarily divided
into two parts: firstly HFP performs high-frequency decom-
position on the input signal I , then employs space partition-
ing and statistical methods to obtain the spatial distribution
of these components in the target signal space.

For the case of input information I being image Ik, we
present a High-Frequency Decompose block inspired by
WaveNeRF (Xu et al. 2023), which uses a pyramidal struc-
ture of Discrete Wavelet Transform (DWT) to obtain dif-
ferent frequency components, but reduces the size of input
image from (h × w) to (h4 × w

4 ) due to its down-sampling
operation. To preserve the size of input images, we use a 3-
layer Laplacian pyramid combined with DWT to decompose
the input image Ik into frequency images Dl with progres-
sively halved resolutions as:

DWT{Ik} = {Dl
k}, l ∈ {1, 2, 3} (1)

Then at each level l of the pyramid, we do subtraction
sub(·) between Dl−1

k and the up-sampling image of Dl
k as

up(Dl
k), resulting in a series of high-frequency decomposi-

tion images H l
k with the same resolution as Dl−1

k :

H l
k =


sub{Ik, up(Dl

k)}, if l = 1

sub{Dl−1
k , up(Dl

k)}, if l > 1

(2)
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Figure 3: 2D Image Regression Experiment Results. We compare our WPE method with global methods PE, FFN and WIRE
in 2D task. Quantitative and Qualitative comparisons show the proposed method can provide the best performance and more
fine details.

Figure 4: Comparison of Optimization Efficiency. We
visualize the training PSNR curves including our method
(red), PE (green), FFN (blue) and WIRE (yellow) in “Lego”
scene of NeRF-Synthetic dataset.

We select the top-level decomposition image H l
k, which

has the same resolution (h × w) with the input image Ik,
as the output of the High-Frequency Decompose block, and
denote H l

k of Ik as Hk. In our 3-level pyramid, the top-level
l value is 3, and all H l

k have the same spatial resolution with
input Ik due to the up-sampling we employ when solving
higher-level H l

k.
Next, we partition the target signal space Rn into grids

based on its spatial dimension n (e.g., set grid’s dimen-
sion as 2 in 2D image regression). It is worth emphasizing
that, we solely take the spatial positional dimension into ac-
count. For example, the neural radiance field dimension is
set as n(x, y, z) = 3 instead of n(x, y, z, θ, ϕ) = 5. Based
on the obtained spatial positions of the decomposed high-
frequency components, high-frequency point t̂ statistics can
be performed within each grid, thereby approximating the
spatial distribution of high-frequency components in the sig-
nal space Rn. We select M grids that have the highest num-

ber of occurrences of t̂, and denote the central positions of
these grids as {wc}. In this way, HFP method can obtain
the spatial distribution of high-frequency components in the
target space:

{wc} = HFP{I} (3)
Fig. 2(right) illustrates our HFP method for 3D scene rep-

resentation, where the input coordinate dimension and spa-
tial dimension are inconsistent. We incorporate camera pa-
rameters of input images and perform high-frequency point
t̂i sampling on the high-frequency rays r̂ using ray tracing
way (Kajiya and Herzen 1984), which orders to obtain the
high-frequency distribution.

Wavelet-Positional Encoding
In the second stage of our work, we propose a novel en-
coding method called Wavelet-Positional Encoding (WPE)
to address the problem of “spectral bias” caused by the in-
sufficient convergence capability of implicit neural repre-
sentations to high-frequency components. Existing encoding
methods such as PE (Mildenhall et al. 2020) and FFN (Tan-
cik et al. 2020) globally process the entire spatial input,
lacking targeted perception and processing of detailed high-
frequency components. We combine the frequency distribu-
tion obtained in above section to selectively process com-
plex components, which is particularly helpful in mitigating
“spectral bias” issues.

The core of our proposed WPE lies in leveraging the lo-
cal characteristics of wavelet series to enable targeted lo-
cal wavelet-space embedding of low-dimensional input co-
ordinates p. It allows for more complex encoding in regions
with richer high-frequency details, while relatively simpler
encoding in other regions. In this paper, the base of WPE we
chose is the discrete morlet function:

f(p) = exp(
−(p− wc)

2

2w2
s

)[cos
w0(p− wc)

ws

+sin
w0(p− wc)

ws
] (4)
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Figure 5: Qualitative Comparison of 3D Reconstruction Novel View Synthesis on LLFF dataset. We compare the high-
frequency fine details of our Wavelet-Positional Encoding method with other global methods including PE, FFN and WIRE.
All experiments are conducted on a single RTX 3090 GPU with the same experimental setup.

where p denotes input coordinate, w0, ws, and wc respec-
tively denote the frequency, scale, and center of the wavelet
transform. In above section, we have obtained the central
positions of M grids with rich high-frequency components.
Therefore, we can directly set them as the center parameter,
denoted as wc in the wavelet function. As for w0 and ws, we
set them as trainable parameters and incorporate them into
the training process of the network, allowing for an adap-
tive adjustment of the frequency and scale parameters in the
wavelet series. When selecting M grids, we need to config-
ure M local wavelet functions, with each center correspond-
ing to a wc position. Therefore, the local encoding function
γL(p) for input coordinates p using wavelet series can be
summarized as:

γL(p) =


exp[−(p− w1

c )
2/2w1

s
2
] cos[w1

0(p− w1
c )/w

1
s ]

exp[−(p− w1
c )

2/2w1
s
2
] sin[w1

0(p− w1
c )/w

1
s ]

· · ·
exp[−(p− wM

c )2/2wM
s

2
] cos[wM

0 (p− wM
c )/wM

s ]

exp[−(p− wM
c )2/2wM

s
2
] sin[wM

0 (p− wM
c )/wM

s ]


(5)

Since our method perceives frequency distribution in spa-
tial dimension, the local encoding function γL(p) also em-
beds only spatial coordinates when p contains non-spatial
coordinates. Taking NeRF framework as example, where
signal space dimension n = 3 but input coordinates

(x, y, z, θ, ϕ) dimension is 5, we only embed the spatial co-
ordinates (x, y, z) using γL(p) and do not embed the ray
direction coordinates (θ, ϕ) locally.

Due to the localized nature of wavelet encoding function
and significant variations of frequency information distribu-
tion across different signals, we retain the global method of
PE (Mildenhall et al. 2020) to achieve a comprehensive em-
bedding of the entire input signal, which ensures the conver-
gence of information from all frequency bands. Setting the
embedding dimension for global encoding from R to R2L,
the global encoding function γG(p) for input coordinates p
is:

γG(p) =


sin(20πp)
cos(20πp)

· · ·
sin(2L−1πp)
cos(2L−1πp)

 (6)

For the low-dimensional coordinate input p, WPE
achieves local and global embedding through γL(p) and
γG(p) respectively, embedding the input to a high-
dimensional wavelet-frequency space before putting into
MLP:

WPE(p) =

[
γL(p)

γG(p)

]
(7)
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Scene
View synthesis quality

PSNR ↑ SSIM ↑ LPIPS ↓
PE FFN WIRE Ours PE FFN WIRE Ours PE FFN WIRE Ours

Fern 24.51 24.69 25.08 25.40 0.80 0.79 0.81 0.83 0.129 0.147 0.125 0.121
Flower 26.90 26.77 27.49 27.83 0.82 0.81 0.85 0.85 0.108 0.106 0.101 0.094
Fortress 30.81 30.07 30.41 30.86 0.87 0.85 0.86 0.87 0.052 0.066 0.057 0.051
Horns 25.35 25.73 25.38 25.49 0.79 0.82 0.77 0.81 0.190 0.172 0.197 0.177
Leaves 22.17 21.51 22.80 23.25 0.75 0.72 0.75 0.78 0.139 0.160 0.132 0.123
Orchids 21.64 21.63 23.18 23.39 0.71 0.69 0.76 0.77 0.158 0.174 0.133 0.129
Room 36.87 34.99 35.68 37.23 0.96 0.94 0.94 0.97 0.034 0.043 0.039 0.032
T-rex 28.39 28.99 29.41 29.71 0.89 0.91 0.92 0.92 0.067 0.047 0.054 0.052

Mean 27.08 26.80 27.43 27.89 0.82 0.81 0.83 0.85 0.110 0.114 0.105 0.097

Table 1: Quantitative Comparison on LLFF Dataset. ”↑”means more is better, and ”↓”means less is better. We select PSNR,
SSIM, and LPIPS as evaluation metrics. The best results are in bold.

GT Ours PE FFN WIRE

Figure 6: Qualitative Comparison of 3D Reconstruction
Detail on NeRF-Synthetic Dataset. The representation and
reconstruction details of “Lego” and “Chair” scene using
PE, FFN, WIRE and Ours.

Experiments
We conduct experiments on three implicit neural represen-
tation tasks: 1D signal fitting fθ−1D : x → y, 2D image
regression fθ−2D : (x, y) → (r, g, b), and 3D scene recon-
struction fθ−3D : (x, d) → (c, σ) to demonstrate the ef-
fectiveness of our method in various INR framework. They
all under the category of regression tasks utilize coordinate-
based MLPs for implicit neural representation. The compar-
ison and ablation study experiment results show the effec-
tiveness of our method. The more detail experimental setup
and results are shown in supplementary materials.

Dataset. We select the restored picture of “Girl With a
Pearl Earring” in resolution 13240 × 15500 as dataset for
1D signal fitting and 2D image regression. For the former,
we sample random row pixel values in the image as target
signals and divide them into training and test sets in an alter-
nating 1:1 pattern. For the latter, we divide the whole image
into training and testing sets using a pixel-wise alternating
pattern. 3D scene representation and reconstruction task is
the primary part of our experimental study, we mainly carry
out our experiments on the following two public datasets:
NeRF-Synthetic dataset (Mildenhall et al. 2020) and Real-
World LLFF dataset (Mildenhall et al. 2019). We use NeRF-
Synthetic dataset in resolution 800 × 800, and down-scale
LLFF dataset to resolution 1008 × 756.

1D and 2D Comparison
1D Signal Fitting. As shown in Fig. 1c, the qualitative
experiment is conducted to illustrate that the localization
property of wavelet encoding can enhance the convergence
of neural networks towards high-frequency information. We
employ 30 dimension Fourier function as global encoding,
and add 30 uniformly distributed wavelet functions with
Fourier function as our WPE, to embed the input coordi-
nate x before putting into training. The experiment result
demonstrates that local wavelet encoding can significantly
enhance the convergence capability of coordinate networks.
Note that the HFP module is not used here, which verify
that using wavelets embedding alone can enhance the signal
fitting performance.

2D Image Regression. Fig. 3 shows the qualitative and
quantitative results of 2D image regression, and the local en-
largements are shown to compare the fine details. We train
an MLP to regress from a 2D input pixel coordinate to the
corresponding RGB value of an image. The High-Frequency
Perception method in 2D task follows the same principles
as 3D HFP described in above section. It involves perform-
ing high-frequency decomposition on image and dividing
the 2D plane into grids. Adding two-dimensional wavelets
to the plane based on the distribution of high-frequency in-
formation on a 2D spatial grid. We compared our method
with several global methods: PE, FFN and WIRE. Experi-
mental results prove that the proposed method can signifi-
cantly outperform global methods and preserve more details
of 2D image.

3D Comparison
We evaluate our method in 3D NeRF task and compare it
with existing methods that aim to solve the “spectral bias”
problem, including global encoding methods PE, FFN and
periodic activation method WIRE. We quantitatively com-
pare the models in terms of PSNR, SSIM (Wang et al.
2004), and LPIPS (Zhang et al. 2018), thus demonstrate
the superiority of our WPE method over previous methods.
The LPIPS results vary when different network models are
used, and we employ the “alex” network for computation.
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Method View Synthesis Quality
PSNR ↑ SSIM ↑ LPIPS ↓

PE 28.07 0.91 0.079
FFN 27.93 0.91 0.081
WIRE 28.49 0.93 0.071
Ours 28.81 0.94 0.067

Table 2: Quantitative Results on the NeRF-Synthetic
Dataset. Specific experimental results are shown in the Sup-
plementary Material.

Configures View Synthesis Quality
PE WE HFP PSNR ↑ SSIM ↑ LPIPS ↓
✓ 27.08 0.82 0.110

✓ ✓ 27.31 0.83 0.102
✓ ✓ 27.14 0.82 0.113
✓ ✓ ✓ 27.89 0.85 0.097

Table 3: Quantitative Results of Ablation Study. We con-
duct the ablation study on LLFF dataset in 3D novel view
synthesis task. Where PE denotes global Positional Encod-
ing, WE denotes Wavelet Encoding, HFP denotes High-
Frequency Perception method. The best results are in bold.

Notably, to achieve a fair comparison, we set all methods
under the same setting and conduct experiments instead of
directly quoting the results from original papers.

Fig. 4 shows the optimization efficiency in “Lego” scene
of NeRF-Synthetic dataset. In the early stage of training,
global methods like WIRE converge faster. However, as the
training progresses, our WPE method eventually surpasses
others and achieves the highest PSNR value. We attribute it
to the fact that local wavelet embedding primarily handles
detailed information, which does not have a significant im-
pact on metrics in the early-training stage. And introducing
higher-dimensional embedding also makes it more challeng-
ing for MLP to converge at first. But in later stage of train-
ing, the network benefits from the complete reconstruction
of better details, resulting in higher PSNR values.

Fig. 5 presents the qualitative results and enlarged details
of the synthetic novel views on Real-World LLFF dataset.
And Fig. 6 showcases the reconstruction detail in Nerf-
Synthetic Dataset. Both trained for same iterations, our pro-
posed WPE method can reach the best implicit neural rep-
resentation and reconstruction results than global process-
ing methods PE, FFN and WIRE. More importantly, the
proposed method is capable of achieving better reconstruc-
tion details in regions with rich high-frequency informa-
tion, which enhances the representation capability of im-
plicit neural radiance fields for capturing fine details.

Table. 1 shows the quantitative results of views synthesis
quality on Real-World LLFF dataset. It shows that our pro-
posed WPE method achieved the best performance in terms
of the evaluation metrics. Table. 2 presents the quantitative
results on NeRF-Synthetic dataset, we compute the average
experimental results for each sequence and compare them
with other global methods, and specific metrics of each case

are shown in the supplement material. The quantitative re-
sults demonstrate that by incorporating our method, the per-
formance of the 3D coordinate-based implicit scene repre-
sentation and novel view synthesis can be improved. Note
that in scenes like “Horns”, where high-frequency informa-
tion is lacking, our method does not make significant im-
provement. This is because global methods are already suf-
ficient for simple scenes, while it demonstrates the effective
improvement of our method in fine details representation.

Ablation Study
We conduct our ablation study experiments to validate the
effectiveness of our proposed method on the Real-World
LLFF dataset. The evaluation includes the following vari-
ants: (1) the baseline model with only global Positional En-
coding method; (2) the baseline model with Wavelet Encod-
ing and High-Frequency Perception method; (3) the base-
line model with global Positional Encoding and uniformly
distributed Wavelet Encoding without High-Frequency Per-
ception method; (4) the baseline model with our proposed
Wavelet-Positional Encoding and High-Frequency Percep-
tion method; To ensure fairness in the comparison, we added
50 wavelets in (3) and (4), 70 wavelets in (2) to keep same
embedding dimension. Table. 3 shows the quantitative re-
sults of the ablation study, indicating the effectiveness of our
proposed WPE method. As Table. 3, WE with HFP can rep-
resent signal well even without global PE encoding, though
it requires higher wavelet dimensions and relatively slower
convergence. This is because the use of wavelets exclu-
sively is more capable of representing local high-frequency
components, but rises the difficulty of convergence for low-
frequency global components, which is why we retain PE
in our methods. Another thing worth noting is that sim-
ply adding wavelet transforms uniformly can not signifi-
cantly improve the performance either, this is because, for
3D NeRF MLP models, the dimension of PE is already suffi-
ciently high. Merely increasing the dimension of the encod-
ing function can’t further enhance performance. This also
explains the observation that methods such as FFN exhibit
better performance improvements in 2D tasks compared to
3D tasks. We also conduct experiments on different repre-
sentation frameworks to demonstrate the effectiveness of our
method, details are in the Supplementary Material.

Conclusion
In this paper, we address the “spectral bias” difficulty in Im-
plicit Neural Representations, and effectively improve the
detail quality of signals learned by coordinate-based MLP.
Specifically, we propose the novel High-Frequency Percep-
tion method to obtain the frequency distribution of target
signal space, and then propose a novel embedding method
called Wavelet-Positional Encoding to simultaneously per-
form global and local embedding on input coordinates by in-
corporating frequency distribution. Our method is simple to
implement without modifying existing frameworks, which
means it can be easily integrated into various INR tasks. Ex-
periment results demonstrate the effectiveness of our method
in INR models, showcasing its significant complete repre-
sentation capacity especially for details.
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