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Abstract. Implicit neural representation (INR) has emerged as a pow-
erful prior for multi-dimensional data (e.g., multispectral images and
videos). However, most INR methods employing periodic activation func-
tions (e.g., Sine) predominantly rely on function composition. This mech-
anism introduces optimization instability as network depth increases,
thereby limiting their performance. Meanwhile, these methods fail to in-
corporate proper physical priors to effectively alleviate spectrum bias. To
address these issues, inspired by the commonalities between deep periodic
networks and generalized Fourier series, we propose a novel Calibrated
Harmonic Overlaid Implicit Neural Representation (CHOIR). Specifi-
cally, we utilize Coordinated Harmonic Superposition (CHS) to replace
the conventional function composition used in most INRs, thereby en-
suring optimization stability when scaling network depth. Furthermore,
we introduce a Perceptual Spectrum Calibration (PSC) to mitigate spec-
trum bias. This calibration embeds the ubiquitous power-law spectrum
prior of natural images and adjusts the globally fixed spectrum towards a
physically plausible log-uniform distribution. Extensive experiments on
various multidimensional data recovery problems demonstrate that our
method achieves superior performance over state-of-the-art approaches.
Code is available at https://github.com/chorl0229/CHOIR.
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1 Introduction

Implicit Neural Representations (INR) have become a powerful paradigm for
multi-dimensional data recovery, such as multispectral images, videos, and other
forms of data, by parameterizing the signal as a continuous function of coordi-
nates [17,22,33,35,39,52]. Among them, methods employing periodic activation
functions (e.g., sine functions) [39] enable efficient modeling of high-frequency
components and exhibit prominent advantages in representing high-frequency
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details, which has made them one of the important research directions in this
field. Although subsequent works have continuously improved them through po-
sition encoding [12, 28, 42] or activation function design [22, 33, 35], the deep
scalability of INR has not been fully explored, and spectral bias calibration
matched to natural-image statistics remains underexplored.

In response, we reveal the reasons for the limitations of these methods from
the perspective of harmonic signal representation. First, most periodic INR
methods generally adopt a layer-wise function composition �� = �L � � � � � �1,
whereas the superposition principle of signals requires the components to be ad-
ditive. This architectural mismatch leads to a bottleneck: gradient pathologies
that destabilize deep network optimization and constrain model expressiveness.
Furthermore, the energy distribution of natural signals generally follows a 1=f
power-law statistic [9], while most INR methods constrain all neurons with a
globally fixed frequency scaling !0. This gives rise to another bottleneck: un-
constrained frequency distributions that impede model convergence. Resolving
these critical limitations to enable stable and scalable deep periodic INRs con-
stitutes our primary contribution. Figure 1 effectively confirms this problem. As
shown, the PSNR of our method increases gradually with the network depth
and achieves the highest value at 15 layers. All subsequent experiments use 12
layers for performance-efficiency trade-off. In contrast, other methods, such as
SIREN [39], FINER [22] and FreSh [12], reach their peak PSNR at relatively
shallow layers. A deeper network brings no performance gain for these meth-
ods; instead, it causes a clear performance degradation. Meanwhile, our method
exhibits stronger robustness to the learning rate than other methods.
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Fig. 1: PSNR heatmap vs. network depth and learning rate for sine-based INR methods
under data missing completion (random missing and observation rate OR=0.30) on
MSI Flowers dataset.

Inspired by the inherent equivalence between deep periodic INR and gener-
alized Fourier series, we replace the function composition paradigm with hybrid
composition-superposition architecture and proposeCalibrated Harmonic Over-
laid Implicit Neural Representations (CHOIR). CHOIR includes two key
mechanisms: Coordinated Harmonic Superposition (CHS), which eliminates op-
timization instability caused by deep networks via implicit curriculum learning,
and Perceptual Spectrum Calibration (PSC), which embeds the 1=f power-law
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spectrum prior into frequency allocation to systematically alleviate spectrum
bias. The core contributions of this paper are summarized as follows:

(i) We theoretically reveal the fundamental contradiction between the function
composition architecture of deep periodic INR and the superposition princi-
ple of signals, clarifying the essential reason for the deep scalability limitation
of most INR methods.

(ii) We propose the Coordinated Harmonic Superposition (CHS) mechanism,
which enables stable deep scaling of hybrid composition-superposition archi-
tecture through implicit curriculum learning, fully unleashing the represen-
tational potential of deep periodic INR.

(iii) We introduce the Perceptual Spectrum Calibration (PSC) strategy, embed-
ding the 1=f power-law spectrum prior as a physical calibration into fre-
quency learning, significantly improving high-frequency detail reconstruction
in multi-dimensional data recovery tasks.

2 Related Work

2.1 Implicit Neural Representations

INR parameterizes signals as continuous coordinate mappings, emerging as a
powerful paradigm for multi-dimensional data representation. However, frequency
principles [31,45] reveal that ReLU-based MLPs inherently prioritize low-frequency
components during training, introducing a bias against high-frequency signals.
To alleviate this limitation, existing research has primarily focused on two di-
rections: advances in position encoding and advances in activation functions.

On the position encoding front, Gaussian Fourier feature encoding [42] lifts
low-dimensional coordinates into a high-dimensional frequency space via random
mappings. NeRF [28] popularized sine position encoding for novel view synthe-
sis, laying the foundation for modern coordinate encoding schemes. Subsequent
works further refined this line of research. BACON [20] proposed band-limited
coordinate networks to control spectrum bandwidth for multi-scale representa-
tion. PNF [46] enables controllable subband decomposition and manipulation,
while BANF [36] realizes band-limited filtering for level-of-detail reconstruction.
Instant-NGP [30] introduced multi-resolution hash encoding to drastically accel-
erate training convergence. FreSh [12] adaptively aligned frequency initialization
with input data. Additionally, batch normalization has been shown to effectively
mitigate spectrum bias in coordinate networks [5].

Regarding activation functions, SIREN [39] pioneered the use of sine ac-
tivations for efficient high-frequency representation, establishing the theoretical
framework for periodic INR. MSIREN [26] further modulates periodic activations
for generalizable local representations, and INCODE [13] conditions sinusoidal
activations with prior-knowledge embeddings. WIRE [35] extended this by em-
ploying continuous Gabor wavelet activations to jointly model time-frequency
domains, while [32] constructed a unified framework that transcends pure pe-
riodicity using Gaussian activations. MIRE [11] matches layer-wise activation
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functions to target signals through dictionary learning. Recent efforts have fo-
cused on adaptive and constrained designs. MFN [7] applies multiplicative filters
directly to the input coordinates and admits a basis-expansion interpretation.
However, it still relies on layer-wise nested multiplicative modulation rather than
explicitly altering the functional representation through additive superposition.
FINER [22] introduced variable-period activations for flexible spectrum adjust-
ment. STAF [29] parameterized activations as trainable Fourier-series functions
for adaptive spectral learning. SASNet [8] localized sinusoidal responses with
spatially adaptive masks to reduce frequency leakage. [38] proposed Fourier repa-
rameterization to impose structural constraints on weights in the frequency do-
main. SL2A-INR [33] leveraged a single-layer learnable activation for adaptive
frequency response, and IGA-INR [37] further reduced spectrum bias through
inductive gradient adjustments.

2.2 INR-based Methods in Multi-dimensional Data

Using the network structure itself as an implicit prior has emerged as an impor-
tant research direction in multi-dimensional data recovery. Deep Image Prior
(DIP) [43] first demonstrated the implicit regularization effect derived from
the structure of untrained convolutional networks. CoIL [41] further introduced
coordinate-based INR into imaging inverse problems, revealing the potential of
MLP-based continuous coordinate mappings for image recovery tasks. Physics-
guided imaging reconstruction further combines continuous priors with degrada-
tion modeling for inverse recovery [49]. Inspired by these advances, treating INR
as a continuous prior has become a vital paradigm for multi-dimensional data
recovery [25]. In this paradigm, discrete factor matrices are replaced by MLP-
parameterized continuous factor functions, which unify low-rank structures and
implicit smooth regularization within a unified framework.

Specifically, LRTFR [23] substitutes the discrete factor matrices in Tucker
decomposition with MLP-based continuous factor functions, achieving a theoret-
ical unification of low-rank constraints and Lipschitz smoothness. DRO-TFF [19]
adopts three separate INR parameterizations for each dimensional factor under
a rank-1 spatial decomposition and deep modal transformation framework, en-
abling space-spectral dual smoothness encoding with extremely few parameters.
CRNL [24] leverages continuous functions instead of discrete block metrics to
capture non-local self-similarity, and further exploits coupled low-rank function
decomposition to model both cross-group shared patterns and intra-group in-
dividual variations. Furthermore, S-INR [17] incorporates superpixel semantic
units with a joint-attention MLP and shared dictionaries. FA-INR [52] per-
forms divide-and-conquer modeling of frequency components in a learnable fre-
quency space, thereby enhancing high-frequency representation capacity. Adja-
cent low-level restoration studies also exploit progressive spectral decomposition
and imaging-aware priors for robust detail recovery [27,51].

Although existing methods have achieved encouraging progress, they still fall
short of addressing the optimization instability and insufficient spectral calibra-



CHOIR for Multi-Dimensional Data 5

tion based on natural-signal statistics in deep periodic INR from a fundamental
architectural perspective, which is the key motivation of this work.

3 Method

3.1 Our Motivations

Most INR methods based on periodic activation functions (e.g., sine [35, 39],
Gabor wavelet [22]) normalize input coordinates v 2 [�1; 1] N (with N being the
signal dimensionality) and map them to signal values layer by layer, resulting in
the following network output:

� � (v) = � L � � � � � � 1(v); � l (x) , � (l)
�

W (l) x + b (l)
�

(1)

where x is the input to the layer, W (l) ; b (l) are the weights and biases,
and � (l) is the activation function. From this equation, the product of Jacobian
matrices in backpropagation, J� =

Q L
l=1 J � l [10], leads to gradient vanishing or

exploding as depth increases [16], limiting network scalability.
From a harmonic perspective, the ideal signal representation should be the

explicit superposition of frequency components, i.e., the generalized Fourier se-
ries:

� � (v) =
X

k

h
A k cos

�
! >

k v
�

+ B k sin
�
! >

k v
� i

(2)

where Ak ; B k are the cosine and sine amplitudes of the k-th harmonic, and !k
are the angular frequencies. Notably, using the trigonometric identity sin(x+y) =
sin x cos y + cos x sin y, a sine unit with bias sin(! > v + b) can be decomposed as
a linear combination of sine and cosine bases [2], making both representations
fundamentally equivalent.

Comparing the composition structure � L � � � � � � 1 with Eq. (2), we observe
two major de�ciencies in general INR architectures:

(i) Lack of a superposition paradigm. The nested function composition
fails to establish a one-to-one correspondence between learnable coe�cients
and basis functions under the

P
k summation operator, making it di�cult to

achieve term-wise pairing with f(A k ; B k )g. This impedes harmonic coexis-
tence and tends to introduce con�icting behaviors that aggravate over�tting.

(ii) Frequency rigidity. Common INRs adopt a globally �xed base frequency
scaling (e.g., scaling all neuron activations by a constant !0), resulting in
a frequency support set entirely determined by initialization [48], which is
inconsistent with the 1=f power-law statistics of natural signals [9]. Further-
more, since the magnitude of parameter gradients is proportional to their
corresponding frequencies, the update step of the gradient in the high fre-
quency part is much larger than that of the low frequency, which is easy to
produce shock and lead to unstable training.

Based on these issues, although many INRs claim to integrate deep networks,
experiments typically show optimal performance only in very shallow networks
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Fig. 2: Overview of the architecture of our proposed CHOIR vs. most periodic INR
methods (e.g., SIREN [39]). CHOIR establishes a hybrid composition-superposition
paradigm and leverages the power-law distribution of natural images for spectrum cal-
ibration. In the �gure, di�erent colors indicate di�erent angular frequencies of neurons.

(3�5 layers), with rapid degradation as depth increases. Fourier harmonic anal-
ysis theory o�ers unique advantages in solving these two problems, motivating
the work presented in this paper. The overview of proposed CHOIR is shown in
Figure 2.

3.2 Coordinated Harmonic Superposition (CHS)

To address these issues, we propose the Coordinated Harmonic Superposition
(CHS) mechanism, which restructures function composition into term-wise har-
monic superposition. The network �rst maps the input coordinate v to an initial
hidden state h0(v) = W (0) v + b (0) . Then, inspired by residual scaling [1], the
output of each harmonic module Fl (detailed in Sec. 3.3) is scaled by a learnable
scalar � l (initialized to zero) and added to the input feature h l :

h l+1 = h l + � l F l (h l ); l = 0; 1; : : : ; L � 1 (3)

Thus, at the beginning of training, the network degenerates into a simple linear
mapping (hL = h 0). This initialization ensures the overall Jacobian matrix J �

is highly stable, providing a good starting point for optimization. The stability
allows the network to �rst learn basic low-frequency components before handling
higher-frequency details.

This structure enables the network output to be expressed as an explicit
additive superposition, corresponding to the generalized Fourier series:

� � (v) = W out hL (v) = W out

 

h0(v) +
L�1X

l=0

� l F l (h l (v))

!

(4)

where f� l W out F l (�)g denotes a set of adaptive harmonic terms modulated by
� l and W out h0(v) corresponds to the zero-frequency component. As noted in
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Sec. 3.1, a sine unit with bias can be decomposed into orthogonal sine and cosine
bases, supporting harmonic superposition.

As optimization proceeds, the contribution of each harmonic term is dynam-
ically introduced through its weight � l . The gradient of � l is determined by the
inner product between Fl (h l ) and the downstream gradient @L

@hl+1
:

@L
@�l

=
�

F l (h l );
@L

@hl+1

�
(5)

This follows from the chain rule @L
@�l

= @L
@hl+1

> @hl+1

@�l
with @hl+1

@�l
= F l (h l ). Eq. (5)

reveals an implicit curriculum learning mechanism [3] in CHS: the weight �l of a
harmonic term increases only if its output direction F l aligns with the negative
gradient direction [15]. This guides the network to begin with the simplest model
and progressively activate the harmonic components most e�ective for �tting
the residual, decomposing the complex optimization into a sequence of simpler
subproblems.

3.3 Perceptual Spectrum Calibration (PSC)

To resolve frequency rigidity and specify the internal structure of Fl , we further
propose the Perceptual Spectrum Calibration (PSC). This mechanism embeds
physical priors into the network via frequency sampling and amplitude modula-
tion, achieving stable harmonic allocation that matches natural signal statistics.

Log-uniform Frequency Distribution. We assign an angular frequency
! l;i to each neuron in the l-th layer. The frequency range is set as [!min ; ! max ],
with the lower bound ! min = �, corresponding to the fundamental frequency
on the normalized coordinate domain [�1; 1]N . According to the Nyquist sam-
pling theorem [34], the theoretical upper bound should be the Nyquist frequency
! Nyq = � � min(D 1; : : : ; DN )=2. However, when taking it as the upper bound,
the spatial period corresponding to this frequency contains only two sampling
points, with a phase di�erence of � between them. This causes the continuous
sinusoid to degenerate into an alternating sequence of signs [40], leading to rel-
atively unstable gradient optimization. Moreover, near this upper bound, the
energy in natural signals is extremely low (following a 1=f spectrum [9]) and is
sensitive to noise and sampling errors. Adopting it as the upper bound would
waste capacity and increase the potential for error. Therefore we introduce a
scaling factor 
 (determined by ablation in Sec. 4.4) and set

! max = 
 � ! Nyq = 
 � (� � min(D 1; : : : ; DN )=2): (6)

Within the interval [! min ; ! max ], frequencies for d neurons are assigned ac-
cording to a geometric progression (i.e., equally spaced on a logarithmic axis):

! l;i = ! min �
�

! max

! min

� i�1
d�1

; i = 1; : : : ; d: (7)

Since adjacent neurons satisfy �! / !, the sampling density becomes �(!) /
1=!, which matches the power-law spectrum P(!) / 1=! of natural signals [9].
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Algorithm 1 CHOIR Algorithm for Multi-dimensional Data
Require: Degraded observations Y, mask 
, depth L, width d
Ensure: Network parameters �
1: Pre-compute f! l;i ; ~! l g for all l via log-uniform spacing (Eq. (6) Eq. (7))
2: Initialize fW (l) ; b (l) g with SIREN scheme; � l  0; �  2:0
3: for epoch = 1 to MaxEpochs do
4: h0  W (0) v + b (0)

5: for l = 0 to L � 1 do
6: Compute F l (h l ) via PSC amplitude modulation (Eq. (8))
7: Update h l+1 via CHS additive gating (Eq. (3))
8: end for
9: � � (v)  W out hL + b out

10: Update � via Adam on L(P 
 (� � ); P 
 (Y))
11: end for
12: return �

Consequently, model capacity allocated to each frequency band is proportional
to its energy, automatically assigning more parameters to energy-dense low fre-
quencies while maintaining su�cient high-frequency coverage.

Adaptive Amplitude Modulation. To counteract the optimization in-
stability caused by high-frequency gradients dominating in standard periodic
networks, we design an adaptive amplitude modulation method. Leveraging the
power-law spectrum decay P(!) / ! �� , we constrain amplitudes to be propor-
tional to the square root of the power spectrum density, i.e., A / P 1=2 / ! ��=2 .
Combined with log-uniform sampling, the output of the i-th neuron in F l is
de�ned as:

F l (h l ) i =
�

~! l

! l;i

� �=2

sin
�
! l;i (w >

l;i h l + b l;i )
�
; (8)

where � is a globally learnable spectral decay rate (initialized to 2:0), ~! l =
� Q d

j=1 ! l;j
� 1=d

is the geometric mean of frequencies in layer l, computed once
at initialization and kept �xed. The amplitude factor (~! l =! l;i ) �=2 compresses
high-frequency neuron outputs following the power law, suppressing their ten-
dency to dominate gradients. Speci�cally, when � = 2, the gradient norm with
respect to wl;i becomes proportional to ~!l �j cos(�)j�kh l k2, which has the same ex-
pectation for all frequencies, yielding a naturally balanced training initialization.
During training, � is adaptively updated to �t the actual spectral distribution
of the target signal. In summary, PSC integrates physical priors through coordi-
nated frequency and amplitude modulation, not only constraining the solution
space but also improving the geometry of the optimization landscape, leading to
stable and e�cient training.

3.4 Problem Formulation

To solve the inverse problem of multi-dimensional data recovery, we employ an
implicit neural representation (INR) as a self-supervised prior. Concretely, we
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parameterize the target tensor T as a continuous mapping �� : RN ! R C imple-
mented by an MLP, where N and C are the coordinate dimensionality and num-
ber of channels, respectively. For any coordinate v 2 [�1; 1]N , the network out-
puts � � (v) 2 R C . Querying the full coordinate grid produces the reconstructed
tensor T (�). The recovery problem is then formulated as an optimization over
the network parameters �:

min
�

L(�) = `
�
P


�
� �

�
; P
 (Y)

�
; (9)

where Y is the degraded observation, P
 is the projection operator that retains
only entries in the observable index set 
, and `(�; �) is a task-adaptive per-sample
loss. The complete training procedure is summarized in Algorithm 1. More anal-
ysis and results on convergence are provided in the supplementary material.

4 Experiment

4.1 Experimental Setup

We employ Peak Signal-to-Noise Ratio (PSNR, in dB), Structural Similarity In-
dex (SSIM) [44], and Learned Perceptual Image Patch Similarity (LPIPS) [50]
to assess recovery quality. Additionally, the number of parameters (Params, in
M) and runtime (Time, in seconds) are used to comprehensively evaluate all
methods. All reported results are the average of �ve independent runs. In imple-
mentation, we use the Adam optimizer [14] with a learning rate of 1 � 10 �4 and
weight decay. For all compared methods, we either use their open-source imple-
mentations or strictly reproduce them according to the published papers, care-
fully tuning hyperparameters to ensure optimal performance. All experiments
are conducted on two NVIDIA RTX A6000 GPUs. In all tables of comparisons,
the best and second-bestvalues are highlighted.

4.2 Evaluation of Representation Capability

To assess the intrinsic representation capability of INRs, we conduct two types
of experiments: (1) 2D signal �tting, which is commonly used as a benchmark
for INRs due to its rich composition of both low and high-frequency compo-
nents. We employ the House image (512 � 768 � 3) from the Kodak dataset [6]
as the test data. (2) 5D Novel view synthesis, which examines the capability
of modeling neural radiance �elds from 5D coordinates to RGB. We utilize the
classic NeRF Blender synthetic dataset [28], which comprises 8 synthetic scenes
with complex geometry and �ne textures. From the training set, 25 images are
randomly sampled (downsampled to 200 � 200) for training, and the synthesis
quality on unseen viewpoints is evaluated. Comparison methods include: MLP
with Positional Encoding (PEMLP) [42], SIREN [39] based on sinusoidal ac-
tivation functions, Gauss [32] which employs Gaussian activation functions to
overcome purely periodic limitations, FINER [22] which �exibly regulates spec-
tral bias through variable-period activations, SL2A-INR [33] which introduces
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Fig. 3: Results of signal �tting by di�erent methods on RGB House dataset.

Table 1: Quantitative results on novel view synthesis in various methods.

Methods Chair Drums Ficus Hotdog Lego Materials Mic Ship

P
S

N
R

^

PEMLP [28] 32.576 25.418 24.665 31.421 25.340 25.319 28.281 25.277
SIREN [39] 32.843 24.719 24.949 35.187 23.793 27.114 32.394 22.719
Gauss [32] 34.115 24.237 25.458 36.555 20.034 28.877 28.354 25.235

FINER [22] 32.249 24.553 25.472 33.901 23.700 26.516 31.633 25.625
SL2A-INR [33] 34.273 25.257 25.539 36.088 24.644 29.698 33.357 25.094
IGA-INR [37] 34.676 25.997 24.891 36.066 23.550 28.131 31.584 27.368
CHOIR(Ours) 35.317 26.430 27.650 37.454 28.299 29.793 35.613 27.555

S
S

IM
^

PEMLP [28] 0.972 0.921 0.904 0.959 0.904 0.918 0.963 0.893
SIREN [39] 0.973 0.915 0.908 0.977 0.862 0.933 0.980 0.894
Gauss [32] 0.979 0.893 0.909 0.981 0.768 0.944 0.964 0.895

FINER [22] 0.967 0.901 0.911 0.971 0.854 0.920 0.977 0.886
SL2A-INR [33] 0.981 0.916 0.922 0.979 0.886 0.951 0.981 0.896
IGA-INR [37] 0.984 0.930 0.903 0.980 0.884 0.937 0.973 0.917
CHOIR(Ours) 0.986 0.939 0.952 0.985 0.933 0.955 0.987 0.926

LP
IP

S
_

PEMLP [28] 0.036 0.097 0.161 0.048 0.077 0.086 0.050 0.093
SIREN [39] 0.034 0.103 0.153 0.021 0.130 0.053 0.020 0.134
Gauss [32] 0.031 0.174 0.209 0.021 0.258 0.045 0.045 0.129

FINER [22] 0.040 0.112 0.175 0.030 0.150 0.055 0.019 0.130
SL2A-INR [33] 0.025 0.120 0.110 0.024 0.110 0.034 0.015 0.084
IGA-INR [37] 0.078 0.090 0.144 0.042 0.094 0.036 0.064 0.069
CHOIR(Ours) 0.017 0.088 0.078 0.015 0.088 0.030 0.013 0.080

learnable single-layer activation functions, and IGA-INR [37] which mitigates
spectral bias via induced gradient adjustment.

On the signal �tting task, as shown in Figure 3, CHOIR consistently out-
performs all comparison methods across all evaluation metrics (PSNR, SSIM,
LPIPS) on the House dataset. Moreover, the visual results reveal that our
method �ts higher-frequency signals, such as the clearer contour of the woman
under the eaves. For novel view synthesis, Table 1 systematically demonstrates
that CHOIR also achieves superior performance on the NeRF Blender dataset.
From the zoomed-in details in Figure 4, it can be observed that CHOIR recovers
the drums with more lustrous stands and sharper body. These two experiments
validate the excellent �tting capability and generality of our proposed method.


	Calibrated Harmonic Overlaid Implicit Neural Representations for Multi-Dimensional Data

