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Abstract

Implicit Neural Representations (INRs) are increasingly
recognized as a versatile data modality for representing dis-
cretized signals, offering benefits such as infinite query res-
olution and reduced storage requirements. Existing signal
compression approaches for INRs typically employ one of
two strategies: 1. direct quantization with entropy coding
of the trained INR; 2. deriving a latent code on top of the
INR through a learnable transformation. Thus, their per-
formance is heavily dependent on the quantization and en-
tropy coding schemes employed. In this paper, we introduce
SINR, an innovative compression algorithm that leverages
the patterns in the vector spaces formed by weights of INRs.
We compress these vector spaces using a high-dimensional
sparse code within a dictionary. Further analysis reveals
that the atoms of the dictionary used to generate the sparse
code do not need to be learned or transmitted to suc-
cessfully recover the INR weights. We demonstrate that
the proposed approach can be integrated with any exist-
ing INR-based signal compression technique. Our results
indicate that SINR achieves substantial reductions in stor-
age requirements for INRs across various configurations,
outperforming conventional INR-based compression base-
lines. Furthermore, SINR maintains high-quality decod-
ing across diverse data modalities, including images, occu-
pancy fields, and Neural Radiance Fields.

1. Introduction

Despite the fact that all naturally occurring signals observed
by humans are continuous, capturing these signals through
digital devices requires their discretization. For example,
an image of a mountain is processed and stored in a dis-
cretized format. A primary reason for this approach is to
conserve storage space; storing signals with high precision
in an almost continuous manner would necessitate a sub-

Project Page: https://dsgrad.github.io/SINR

stantial amount of storage. Consequently, the digital rep-
resentation of signals is both practical and essential. For
instance, it is estimated that over 400TB of data is created
every day [8]. Moreover, humans share their captured sig-
nals through various mediums on a daily basis. Therefore,
data compression is essential for efficient transmission.

Traditional signal compression techniques often rely
on classic signal processing methods and are modality-
specific. For example, JPEG [39], designed for photo-
graphic images, and is unsuitable for audio files. Simi-
larly, audio compression standards like MP3 or AAC [4]
are optimized for sound and are not applicable to images.
With the advancements of neural networks, researchers
have explored compressing signals using neural methods,
predominantly through mechanisms based on autoencoders
[2, 6, 7, 25, 37, 41]. In these systems, the encoder trans-
forms the signal into a latent vector, which the decoder then
uses to reconstruct the original signal. While autoencoder-
based methods effectively encode signals into latent vec-
tors, they are generally designed for a single modality.
Adapting these methods to different data modalities not
only requires training on a large corpus of data specific to
those modalities but also a specialized autoencoder archi-
tecture tailored to handle the data effectively.

In recent years, there has been a significant surge in in-
terest in representing signals through Implicit Neural Rep-
resentations (INRs). Unlike large models based on autoen-
coders, INRs typically consist of multi-layer perceptrons
(MLPs) equipped with specialized nonlinearities that dif-
fer from the conventional nonlinearities used in deep learn-
ing. This simplicity and versatility allow INRs to unify sig-
nal representations across diverse data modalities. When
signals are represented by INRs, they are encoded in the
MLPs’ weights and biases. For instance, in image trans-
mission, instead of using conventional JPEG encoding, the
weights and biases of the MLP are transmitted by a trans-
mitter (TX). A receiver (RX) can then feed the coordinates
into the MLP and decode the image. The primary advantage
of INRs lies in their ability to represent signals with high
fidelity while utilizing fewer parameters than parameter-
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heavy autoencoder-based mechanisms.
Recent advances in INR-based signal compression in-

clude COIN [9], COIN++ [10], INRIC [34], and SHACIRA
[11]. COIN pioneered the application of INRs for image
compression. Building on this, COIN++ and INRIC in-
troduced quantization and entropy coding to improve com-
pression efficiency. Both approaches also focus on enhanc-
ing the generalization capabilities of INRs through meta-
learning techniques. Additionally, COIN++ incorporates
latent modulations discovered via a learnable transforma-
tion applied on top of the INR model. However, COIN++
requires transmitting the base INR and the learned trans-
formation apriori, in addition to the latent modulations for
signal decoding. Alternatively, SHACIRA applies quanti-
zation on the latent weights and enforces entropy regular-
ization to reparameterize feature grids to enable efficient
compression across diverse domains. None of the exist-
ing methods; however, have explored fundamentally com-
pressing the INR by identifying patterns within its parame-
ter space before applying standard techniques such as quan-
tization and entropy coding.

In our work, named SINR, we build upon the observed
behaviors of the vector spaces generated by the weights in
an INR. We integrate compressed sensing algorithms into
the INR-based compression pipeline, proposing a mecha-
nism that obtains a higher-dimensional sparse code for the
weight vectors without requiring any learnable transforma-
tions. Furthermore, based on the Central Limit Theorem
(CLT) [42], the transformation matrix can be directly sam-
pled from a distribution rather than learning or hand craft-
ing it. This eliminates the need to transmit the transforma-
tion matrix for accurately decoding weight spaces. Con-
sequently, SINR, as a fundamental compression technique
built on the observations of weights spaces, achieves supe-
rior compression and higher decoding quality for each data
modality compared to the competing methods. Moreover,
it can be easily embedded into any INR-based signal com-
pression algorithm.

2. Related works
2.1. Implicit neural representations
INRs have recently gained considerable attention in the
computer vision community due to their streamlined net-
work architectures and improved performance in various vi-
sion tasks compared to traditional, parameter-heavy models
[13, 29, 32]. This surge in interest followed the advent of
Neural Radiance Fields (NeRF) [24], which has inspired a
plethora of subsequent studies [26, 45]. Further research
has explored the pivotal role of different activation func-
tions in INRs [28, 29, 32, 35]. Moreover, INRs provide a
universal framework for representing various data modali-
ties. More recent studies have investigated the use of INRs
for image classification by transforming standard image for-

(a) INR weight distributions for image representation.

(b) INR weight distribution for occupancy fields (left) and NeRF (right).

Figure 1. Weight distribution of INRs tends to follow a Gaussian
distribution for various data modalities.

mats into INRs and training classifiers directly on the INRs’
weights and biases [31]. These innovative approaches have
showcased the potential of INRs to significantly reduce the
dimensionality and computational complexity typically as-
sociated with conventional image processing techniques.

2.2. Signal compression
Signal compression is crucial for reducing bandwidth needs
and saving storage space. With the rise of deep learning,
signal compression has evolved into two main approaches:
rule-based (traditional) and learning-based methods. Tradi-
tional compression methods, such as JPEG for images and
MP3 for audio, rely on algorithmic techniques tailored to
specific signal types. JPEG minimizes redundancies using
the discrete cosine transform [27], while MP3 [4] employs
a psycho-acoustic model that enhances compression by re-
moving inaudible sounds through auditory masking. On
the other hand, deep learning-based techniques use models
trained on vast datasets, adapting to a wide range of sig-
nals without predefined algorithms. These methods offer
flexibility but require different architectures for each data
modality, presenting unique challenges. In this landscape,
INRs stand out as a potential universal signal representor.

2.3. Compressed sensing
Compressed sensing is a field that capitalizes on the inher-
ent sparsity of data to capture information efficiently. In
digital imaging, not every pixel is crucial for accurate im-
age reconstruction. Although images appear dense in pixel
space, they exhibit considerable redundancy when trans-
formed into different basis functions. This sparsity is ex-
ploited by compressed sensing algorithms to reconstruct the
original image from fewer sampled data points. These algo-
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Figure 2. The proposed SINR compression algorithm: Standard compression techniques for INRs typically involve direct quantization
and entropy coding of their weights. However, since natural signals exhibit inherent compressibility in a dictionary, the characteristics that
aid in the compressibility of the weight space of an INR are discovered through the Gaussian nature of the weight space. Therefore, SINR
employs L1 minimization to identify a higher-dimensional sparse code. Furthermore, based on the weight space observations and the CLT,
we simplify the encoding and decoding process using a random sensing matrix controlled by a seed. Subsequently, only the non-zero (NZ)
values and their corresponding indices are quantized and entropy coded.

rithms employ optimization techniques and linear algebra to
solve underdetermined systems, revolutionizing data acqui-
sition in areas such as medical imaging and signal process-
ing. Dictionary learning, integral to compressed sensing,
seeks sparse representations of data using dictionary ele-
ments or atoms that capture the data’s intrinsic structure.
These atoms are either predefined or adaptively learned.
Compressed sensing’s versatility is evident in its applica-
tions across various domains, such as image and video com-
pression [44], medical image encryption [17], and classifi-
cation tasks [14, 15, 19, 21]. It also addresses inverse vision
problems like image inpainting [30], deblurring [16, 23],
and super-resolution [3]. Recent efforts have merged dic-
tionary learning with deep learning to tackle more complex
computer vision challenges, including image recognition
[36], denoising [43], and scene recognition [22]. These de-
velopments underscore compressed sensing’s transforma-
tive impact on computer vision.

Our work, SINR, is pioneering the application of com-
pressed sensing principles to INRs. By leveraging these
principles alongside the structural distributions of INR
weights, SINR identifies redundancies in these spaces, re-
sulting in substantial compression improvements.

3. Method

3.1. Signal representation through INRs

Mathematically, an INR can be defined by a function Gθ,
where θ are the optimizable parameters of the neural net-

work. The input and output dimensions of Gθ vary for
different data modalities. In general, Gθ acts as a map-
ping from an a-dimensional input coordinate space to a b-
dimensional output signal space, described as:

Gθ : Ra → Rb.

For instance, for RGB images, a = 2 and b = 3, while
for audio signals, a = 1 and b = 1. In this architecture, the
output of the ith layer, which feeds into the (i + 1)th layer,
can be expressed as σ(W (i)y(i)+ b(i)). Here, σ denotes the
activation function, and y(i) represents the output from the
preceding layer. Furthermore, the choice of activation func-
tion (σ) plays a critical role in shaping the neural network’s
ability to model complex functions, as explored in various
studies [28, 29, 32, 35].

3.2. Exploring the compressibility
According to compressed sensing theory, most real-world
signals display sparsity when transformed into an appro-
priate domain, meaning they can be accurately represented
with fewer measurements than traditionally required. Fur-
thermore, real-world signals can be compressed through a
set of basis functions, and the coefficients of these func-
tions are derived by minimizing the reconstruction loss. The
core concept of INRs involves encoding signals into the
weights and biases of an MLP. This process can be viewed
as a classical domain transformation technique where pixel
values are reconstructed by feeding the corresponding co-
ordinates through the MLP. Unlike predefined signal trans-

3063



formers like Fourier [5] and DCT [20], the MLP attempts to
minimize the reconstruction loss through backpropagation
to find the transformation. The learned representation of
the signal resides in another domain. Given that real-world
signals inherently exhibit sparsity in transformed domains,
we hypothesize that this sparsity can be explored within the
MLP’s weights. If we can identify where this sparse na-
ture is hidden within the weight space, we could achieve
further compression on INRs compared to competing meth-
ods. However, identifying this sparse representation within
the weights is not straightforward. We believe there are two
main approaches to achieving a sparser representation, each
with its own challenges and considerations.

The first approach involves either promoting or enforc-
ing a specified level of sparsity in the weights during the
training of an INR. Promoting sparsity can generally be
achieved by incorporating L1 regularization on the model
parameters, which encourages many weights to approach
zero, thereby creating a sparse representation. However,
while we observed that L1 regularization results in a higher
level of sparsity within the weights, it fails to accurately
represent the images. Alternatively, enforcing a speci-
fied level of sparsity can also be achieved through model
pruning, where weights deemed insignificant are pruned or
eliminated during the training process. When it comes to
model pruning, we employed both structured and unstruc-
tured pruning of weights. We noted that both methods led to
significant performance degradation for certain data modal-
ities, particularly for occupancy fields. Moreover, only a
small pruning percentages resulted in satisfactory perfor-
mance for signal representation. For applications that re-
quire a high level of generalization, such as NeRFs, the
pruning approach did not generalize well, indicating its lim-
itations in achieving a balance between sparsity and perfor-
mance.

The second approach seeks to uncover the inherent struc-
tures within the weights that aid in INR compression. This
involves identifying patterns or regularities that can be ex-
ploited to reduce the dimensionality of the representation
without sacrificing performance. We examined this from a
dimensionality reduction perspective; however, the weight
space in reduced dimensions did not reveal clear patterns,
even across different natural images. Nonetheless, we ob-
served that the weight space of an INR often tends to follow
a normal distribution. Fig. 1 shows the weight distribution
of the hidden layers of an INR when different data modal-
ities are encoded into it. This suggests that INRs share
a common pattern across different data modalities, show-
casing a potential pathway for a fundamental compression.
Given that each weight vector of an INR exhibits Gaussian
behavior, we seek a higher-dimensional but sparse equiva-
lent through a dictionary learning-based approach. Let us
denote w ∈ Rk1 as a hidden weight vector, A ∈ Rk1×k2 as

a dictionary, and x ∈ Rk2 as the corresponding sparse vec-
tor. In search of a sparse representation, according to stan-
dard compressed sensing, we can write w = Ax, where
∥x∥0 < k1. To discover the sparse code x, the best and
most efficient choice is L1 minimization, as L0 minimiza-
tion iterates through all possible combinations and is there-
fore not efficient. However, the problem arises with the
sensing matrix, commonly referred to as the dictionary A.
Although we could use either a dictionary learning-based
approach for learning basis functions for the dictionary or
a deep learning-based learnable transformation, these ap-
proaches would be time-consuming. Furthermore, a TX
needs to transmit the learned dictionary alongside the ob-
tained sparse codes. Conversely, we propose that the dictio-
nary does not need to be learned or even transmitted.

As we have confirmed, the weights are normally dis-
tributed. According to the CLT, a normally distributed ran-
dom variable can be produced through a finite linear com-
bination of any random variables. In summation form, this
can be expressed as: wi =

∑k2

j=1 Aijxj , where wi is the
i-th element of the weight vector w, Aij is the element in
the i-th row and j-th column of the sensing matrix A, and
xj is the j-th element of the vector x. To satisfy the CLT,
the number of terms in the summation, which is k2, should
be sufficiently large. Therefore, considering all elements
of the weight vector w, this can be compactly written as
w = Ax. From CLT, the sensing matrix can be defined by
a set of random vectors whose appropriate coefficients (x)
can be learned using sparse signal recovery algorithms such
as matching pursuit or its variants. Therefore, the optimiza-
tion can be written as, min ∥x∥1 subject to w = Ax.

For convenience, let us denote ∥x∥0 as s. A further con-
straint to the above optimization procedure is that when the
sparse code x is found, we need to store not only its non-
zero elements but also the corresponding indices. There-
fore, the above L1 minimization is solved with 2s < k1.
We do not apply our compression algorithm to the biases of
the INR as the size of bias vectors is very small compared
to those of the weight matrices.

Instead of saving k1 floating-point numbers for w, we
now only need to save 2s elements: s elements are floating-
point numbers representing the non-zero values in the
sparse code, and the remaining s elements are integers that
give the indices of those non-zero values. The indices can
often be represented with 16-bit precision, unlike the non-
zero values in the sparse code, which require 32-bit floating-
point precision. At the RX end, x must be converted back
to w. This requires the sensing matrix A, which is random
and can be controlled by a seed to reproduce the exact w
using w = Ax. Thus, the receiver only needs x to obtain
w. This process can be viewed as a method of uncovering
the inherent sparsity within natural signals, as represented
through the weight space of INRs. As we hypothesized, the
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ability to condense natural signals into a dictionary hinges
on identifying specific patterns encoded within the weights
of INRs. Once the non-zero elements of the sparse vector
are obtained at the RX, the resulting procedure is virtually
the same across different INR-based baselines. Our method
fundamentally achieves compression by delving into the
weight spaces to uncover patterns, a step not typically taken
by existing methods. A summarization of SINR is illus-
trated in Fig. 2. As can be seen from Fig. 2, SINR is only
dependent on the weights of the INR and is applied prior
to any quantization or entropy coding schemes. Therefore,
SINR can be applied to existing INR compression methods
to improve their compressibility.

3.3. How much fundamental compression does
SINR achieve?

3.3.1. Standard INRs
Consider an INR with l hidden layers, yielding l + 2 total
layers. For simplicity, assume k neurons per hidden layer.
If the input dimension is a and the output dimension is b,
the total number of weight parameters is given by Ts =
a × k + l × k2 + b × k. However, SINR modifies this
structure by reducing the parameters from Ts in the original
network to TsSINR = a × 2s + k × l × 2s + b × 2s, where
s ≪ k. Additionally, SINR does not require transmitting
any additional data to recover the original INR weights.

3.3.2. Tiny INRs
Let us define an INR as “tiny” if the number of neurons in
a hidden layer, denoted by k, is less than 50. In such cases,
we aim to achieve a sparse representation where 2s < k and
∥x∥0 = s. However, achieving a sparse representation that
satisfies 2s < k is often extremely challenging and typically
does not result in effective compression. To overcome this,
we exploit the fact that the weight matrix connecting the ith

layer to the (i+ 1)th layer is of dimensions k × k. By vec-
torizing this weight matrix, we obtain a vector of dimension
k2 × 1. Given that k2 is significantly larger than k, we can
apply our SINR procedure directly to the flattened weight
matrix. This strategy leads to a sparser representation, thus
enhancing compression efficiency for tiny INRs.

3.3.3. COIN++
In the COIN++ framework, modulation parameters are
stored instead of traditional weights and biases, under the
assumption that the base network parameters can be trans-
mitted beforehand. For n test images, each segmented into
m patches with a latent dimension of size d, COIN++ neces-
sitates the transmission of m×d parameters for reconstruct-
ing each image. As the base network in COIN++ conforms
to a standard INR structure, it is amenable to further com-
pression via the SINR technique. By implementing SINR
principles on the modulations in COIN++, the parameter
transmission requirement per image can be reduced from

m× d to just 2s× d, where s≪ m. As the size of each test
image and the number of images in the test dataset grow,
COIN++ would typically require the transmission of nu-
merous parameters. However, by leveraging SINR, both
the modulations and the base network can be significantly
compressed, achieving enhanced compression.

3.4. Quantization and entropy coding
After an INR is trained, its parameters are not immediately
saved but are first subject to quantization [12]. This in-
volves reducing the bitwidths below typical floating-point
precision. Following quantization, the parameters are pro-
cessed through entropy coding, in our experiments we uti-
lize Brotli coding [1, 18], which allows the compressed data
to be stored or transmitted efficiently. To retrieve the origi-
nal parameters, the decoder must reverse the entropy coding
and then perform dequantization. In the case of SINR, the
compression process is intensified by utilizing the sparsity
induced in the model parameters by natural signals. Once
the sparse code is established, the parameters are quantized
and subjected to entropy coding. The decoder then reverses
the entropy coding and dequantizes the data. Finally, the
model parameters are reconstructed by multiplying them
with a random Gaussian matrix with a specific seed.

4. Experiments
4.1. Experimental setup
SINR, a novel INR compression algorithm, is predicated
on the idea that if natural signals are compressible through
a dictionary, then INRs should be similarly compressible.
This concept underpins SINR’s goal to efficiently reduce
INR storage requirements while maintaining high fidelity.
Our experiments, conducted using the PyTorch framework
following WIRE [29] codebase on an NVIDIA RTX A6000
GPU, spanned various data types including images, occu-
pancy fields, and neural radiance fields. Image encoding
metrics involved file size, bits per pixel (bpp) and Peak
Signal-to-Noise Ratio (PSNR). Occupancy fields were eval-
uated using file size and Intersection over Union (IoU),
and neural radiance fields were assessed using file size and
PSNR. Other than the network configurations mentioned in
the paper, for occupancy field evaluation, we utilized an
MLP with 128 hidden neurons, and 3 hidden layers. For
INRIC, we applied the network hyperparameters specified
in its paper. In COIN++, we followed the guidelines in
its paper but modified the hidden neuron size to 300. All
experiments used Brotli entropy coding with a 16-bitwidth
(65536 levels) uniform quantizer.

4.2. How do we find s?
We implemented L1 minimization using the Orthogonal
Matching Pursuit (OMP) algorithm [38]. The OMP algo-
rithm requires the pre-determination of s before obtaining
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x, and it must adhere to the condition 2s < k1. If 2s is
set too low, it results in inaccurate representations of w
within the weight space. Therefore, we incrementally in-
creased s from a low value until 2s = k1 for all KODAK
images in the C1 experiment, as outlined in Sec. 4.3. Our
findings suggest that the optimal value of s for successfully
reconstructing the weight space does not depend on the spe-
cific image but on the number of neurons in a hidden layer.
By adjusting the neuron count, we identified an optimal s
that accurately reconstructs the weight space while satisfy-
ing the specified constraint. Extending these experiments to
natural signals outside the KODAK dataset confirmed the
consistency of our results. Additionally, we have included
a regression plot in the supplementary that details how to
determine the optimal s based on the number of neurons.

4.3. Image encoding

Representing an image through the weights and biases of a
neural network serves as a method of encoding. For our im-
age encoding task, we utilized the KODAK dataset, which
includes 24 natural RGB images, each measuring 768×512
pixels. We conducted five types of experiments, denoted as
Ci, where i ranges from 1 to 5, to demonstrate the effective-
ness of our proposed method.

Experiment C1 involved encoding each image in the KO-
DAK dataset using an INR without positional embedding,
by varying the number of neurons in each hidden layer. Ex-
periment C2 mirrored C1, but with the variation in the num-
ber of hidden layers instead. Experiments C3 and C4 imple-
mented the meta-learning approach for INRs proposed in
INRIC, without and with positional embedding for the input
layer, respectively. Experiment C5 involved the COIN++
framework, testing both with and without patching. When
using patching, we adopted 32 × 32 patches as suggested
by COIN++. However, we observed that without patch-
ing, even as the latent modulation dimension increased, the
average PSNR obtained by COIN++ remained nearly con-
stant. For these meta-learning-based experiments, we used
the first 12 images of the KODAK dataset for meta-learning
and the remaining 12 images for fine-tuning. For all im-
age encoding experiments, we used the Sinusoidal activa-
tion function (see supplementary).

Let us define h and m as the number of hidden layers
and the number of neurons per hidden layer in an INR, re-
spectively. For experiment C1, we configured the INR with
settings (h,m) as (2, 32), (3, 64), (3, 128). Experiment C1

aims to assess the effectiveness of SINR by varying the
number of hidden neurons. The results, depicted in Fig. 3,
demonstrate how effectively SINR identifies the compress-
ibility of the weight space. This is indicated by the bpp
values, which reflect the size of the model parameters. For
example, representing the KODAK dataset with an average
PSNR of 30 dB requires about 3.7 bpp for COIN and 2.0

Figure 3. Experiments C1 and C2: Identifying compressible
INR combinations. The SINR approach demonstrates that con-
figurations in C1 are more compressible than those in C2. Fur-
thermore, in both configurations SINR achieves lower bpp while
maintaining the PSNR values.

bpp for INRIC. However, SINR significantly reduces the
bpp to approximately 1.7 using the same quantizer and en-
tropy coder. The first configuration in C1 falls under the cat-
egory of tiny INRs, underscoring the proposed method’s ef-
fectiveness even for compact INRs. As illustrated in Fig. 3,
SINR achieves the same level of PSNR as baselines with
a lower bpp for any network configuration. This substan-
tial reduction of bpp across the C1 experiment showcases
the efficiency and compactness achieved by SINR. From
C1, it can be established that greater compressibility of an
INR into a dictionary is possible with an increased num-
ber of hidden neurons. Following the conclusions drawn
from experiment C1, experiment C2 was designed to ex-
plore the impact of increasing the number of hidden layers
on the effectiveness of SINR. The configurations tested in
C2 were (h,m) = {(3, 64), (5, 64), (7, 64)}. As illustrated
in Fig. 3, SINR consistently achieved PSNR levels compa-
rable to baseline methods, but with a reduced bpp. Given
that C2 maintained a constant neuron count at 64, the ob-
served deviations in compression between SINR and IN-
RIC were less significant than those observed in C1. This
discrepancy can be attributed to the following: an INR con-
figuration with a higher number of neurons (e.g., m = 128),
even with fewer hidden layers (e.g., h = 2), possesses more
trainable parameters. Consequently, such a model is ca-
pable of learning a more robust representation of the im-
age compared to configurations with a larger number of
layers but fewer neurons per layer. As a result, the com-
pressible characteristics of the images are more effectively
transferred into the model parameters during the INR train-
ing process. This leads to a more compressible INR. These
findings support the premise that if natural images can be
efficiently compressed into a dictionary, the weight space
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Figure 4. Experiments C3, C4, and C5: Identifying compress-
ible INR combinations under Meta-Learning. Meta-learning
approaches have been introduced for INRs to enhance their gener-
alization abilities and achieve faster convergence. When assessing
induced sparsity in the weight space, SINR demonstrates a signif-
icant reduction in bpp values while maintaining nearly the same
PSNR performance as the baselines.

of INRs can also be effectively compressed.
As in previous experiments, each image required sep-

arate training of an INR. Experiments C3 and C4 ad-
dress this challenge through meta-learning, with and
without positional embedding, respectively. The con-
figurations for these INRs are given by (h,m) =
{(3, 32), (3, 64), (3, 96), (3, 128)}. For COIN++, the num-
ber of layers was set to 5 with MLP’s hidden dimension
at 300. The latent dimension parameter (d) varied as fol-
lows: d = {16, 32, 64, 96}. Fig. 4 presents the experimen-
tal results for C3, C4, and C5, illustrating significant com-
pression capabilities of the proposed SINR within a meta-
learning framework. Notably, models using positional em-
bedding generally have more parameters than those without.

Comparing the performance of INRIC and SINR with-
out positional embedding schemes, the initial INR configu-
ration shows that SINR exhibits a lower bpp for the same
average PSNR. Generally, as bpp increases, the represen-
tation capacity of the INR enhances, leading to more ro-
bust image representation. From the graphs, as bpp in-
creases, SINR demonstrates greater improvements in PSNR
than INRIC, a phenomenon that can be explained by the
aforementioned logic. In the case of COIN++, the ap-
proach focuses on fine-tuning only the modulations using
their proposed meta-learning method. However, since fine-
tuning encodes natural signals within these modulations,
they should also be compressible via a dictionary. Due to
patching, each KODAK test image results in a d × 384
matrix. Our experiments reveal that these modulations en-
code hidden redundancies in natural signals. For instance,
to achieve an average PSNR of approximately 24.2 dB,

COIN++ requires more than 1.5 bpp; however, the same
PSNR can be achieved with COIN++ using just under 1 bpp
by exploiting the hidden sparsity in its modulations through
our proposed approach. Therefore, when a high-capacity
model effectively represents a signal, it must encapsulate
this sparsity within its weight and bias spaces. SINR ex-
plores and removes redundancies in these parameters, re-
taining only essential information. Fig. 5 showcases the de-
coded images by SINR alongside with the INR based image
compressors. Decoded PSNR, BPP, and file size are dis-
played in the first, second, and third rows of the text boxes.

4.4. Occupancy fields encoding
Occupancy fields are represented by binary values, either 1
or 0, where 1 denotes that the signal lies within a specified
region and 0 indicates its absence. Another variant of oc-
cupancy volumes stores not only the presence or absence of
a signal but also the color at that location. Typically, oc-
cupancy fields consume more space than other data modal-
ities. However, they can be represented with higher accu-
racy and lower storage requirements using INRs. In this ex-
periment, we followed the sampling procedure described in
[29]. Occupancy fields can be thought of as representations
of three-dimensional objects, capturing natural signals. De-
spite following the sampling procedure, redundancies may
exist that are not essential for representing the occupancy
volume. Identifying these redundancies can reduce stor-
age requirements. However, identifying them in the spa-
tial domain (xyz) requires domain-specific algorithms, as
described in Sec. 1. As INRs serve as unified data modal-
ity representators, these redundancies must be encapsulated
within its weights space. SINR fundamentally compresses
the INRs into a dictionary regardless of the data modal-
ity; therefore, indeed it is equally applicable to occupancy
fields. To validate this hypothesis for occupancy fields, two
experiments were conducted using shapes from the Stan-
ford shape dataset [33]. Figure 6 showcases the decoded
SINR’s representations for ’Thai Statue’(first volume) and
’Lucy’ (fourth volume) datasets alongside the existing INR-
based occupancy compressor. We use the Gaussian activa-
tion function for this task (see supplementary). The first
value and second value in each text box represent the IoU
metric and storage requirement, respectively, except for GT.

4.5. Additional materials
The pseudocode for SINR, additional results and ablation
studies on finding s are in the supplementary material.

5. Conclusion
Implicit Neural Representations (INRs) have emerged as a
promising framework for unified data modality representa-
tion. Several studies have explored the potential for com-
pressing images, occupancy fields, and audio using INRs.
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Figure 5. Results for image encoding experiment. SINR compresses the INR into a dictionary, significantly reducing the storage required
compared to baseline INR image compressors. The results demonstrate that the decoded representations undergo a very negligible loss in
PSNR, which is minimal considering the substantial storage space saved.

Figure 6. Results for occupancy fields encoding experiment. The results clearly demonstrate that SINR achieves the smallest file size
and the highest accuracy metric for every shape in the tested dataset. The significant compression obtained by our algorithm suggests that
occupancy fields, when represented using an INR, can be more efficiently compressed into a dictionary compared to images.

However, none of these methods have investigated whether
the INR itself can be compressed prior to quantization and
entropy coding. As natural signals can be efficiently com-
pressed in bases of transformed domains due to their spar-
sity—allowing for higher accuracy and lower storage re-
quirements—we hypothesize that a similar compressible
nature must also exist in the INR once it is trained. With
the discovery that weight vectors in the weight space tend
to adhere to a Gaussian distribution, we propose SINR,
which compresses any INR in a dictionary. Furthermore,
we demonstrate that this dictionary does not need to be
learned but can instead be generated using a seed. We com-
pare our findings with standard INR compressors for im-

ages, occupancy fields, and neural radiance fields. SINR
achieves fundamental compression for any INR, indepen-
dent of other post-processing methods such as quantization
and entropy coding, and it showcases significantly lower
storage requirements and higher fidelity across various data
modalities. Through our experiments, we observed that the
INR can be more compressed when a more robust repre-
sentation of the signal is learned. Additionally, some data
modalities exhibit greater compressibility than others. We
firmly believe this research will aid other researchers in ex-
ploring more patterns in the weight spaces of INRs and in
developing operators and transforms for INR.
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