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Abstract

Functional Magnetic Resonance Imaging (fMRI) data is a
widely used kind of four-dimensional biomedical data, which
requires effective compression. However, fMRI compressing
poses unique challenges due to its intricate temporal dynam-
ics, low signal-to-noise ratio, and complicated underlying re-
dundancies. This paper reports a novel compression paradigm
specifically tailored for fMRI data based on Implicit Neural
Representation (INR). The proposed approach focuses on re-
moving the various redundancies among the time series by
employing several methods, including (i) conducting spatial
correlation modeling for intra-region dynamics, (ii) decom-
posing reusable neuronal activation patterns, and (iii) using
proper initialization together with nonlinear fusion to de-
scribe the inter-region similarity. This scheme appropriately
incorporates the unique features of fMRI data, and experi-
mental results on publicly available datasets demonstrate the
effectiveness of the proposed method, surpassing state-of-the-
art algorithms in both conventional image quality evaluation
metrics and fMRI downstream tasks. This work in this paper
paves the way for sharing massive fMRI data at low band-
width and high fidelity.

Introduction
Functional Magnetic Resonance Imaging (fMRI), as a
widely available imaging tool, has been widely used in cog-
nitive neuroscience, clinical psychology, and psychiatry. As
large-scale fMRI datasets continue to proliferate, there is
an urgent necessity for a high-quality fMRI compression
paradigm to achieve efficient storage and transmission.

However, there are several challenges in compressing
fMRI data. Firstly, fMRI signals have a lower signal-to-
noise ratio(Diedrichsen and Shadmehr 2005), and exhibit
special patterns that are completely different from natural
images. These issues pose challenges for existing algorithms
in identifying and modeling the valid information within
fMRI data. Secondly, there is significant variability in neu-
ral dynamics(Krohn et al. 2023) across different fMRI files.
Current image compression algorithms are predominantly
based on pre-trained encoder-decoder architectures, which
cannot be fine-tuned to model the specific characteristics of
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each file restricted by generalization issues and time cost.
Thirdly, most dynamic image compressors focus on reduc-
ing redundancies by modeling correlations between adja-
cent frames because of the high continuity of them. How-
ever, distinct from natural videos, the correlations in fMRI
data predominantly reside within and between temporal sig-
nals of various brain regions (McKeown et al. 1998; Van
Den Heuvel and Pol 2010), rather than adjacent frames,
making it inefficient to apply these algorithms to fMRI.

To address these issues, we attempt to employ Implicit
Neural Representation (INR) as the framework for fMRI
compression for the first time, which possesses unique ad-
vantages. Unlike encoder-decoder architectures, INR trains
a distinct network for each compression target data, which
bypasses the generalization issue and can efficiently model
the unique features in each data. This approach aligns with
the specific characteristics of fMRI and the requirement
of high modeling accuracy for medical data compression.
Furthermore, INR excels in modeling internal data cor-
relations(Sitzmann et al. 2020), which aligns with strong
inter-regional correlations typical of fMRI(McKeown et al.
1998; Van Den Heuvel and Pol 2010). Additionally, INR-
based compression algorithms are highly flexible in model-
ing correlations and are not limited to those between adja-
cent frames, allowing for better reduction of redundancies
in fMRI compared to existing algorithms.

To better leverage the advantages of INR, we designed a
novel INR architecture specifically for fMRI, which is fun-
damentally different from existing INR frameworks. Firstly,
from an overall perspective, unlike NeRV’s frame-index-
to-frame mapping(Chen et al. 2021), our network archi-
tecture employs spatial-coordinate-to-time-series mapping,
which aligns better with the higher temporal signal correla-
tions among adjacent voxels within brain regions in fMRI,
reducing intra-region redundancies. Moreover, our network
decomposes the data into reusable neuronal activation pat-
terns and their corresponding spatial distributions to effec-
tively remove inter-region redundancies. Subsequently, we
further reduce redundancies in the spatial distribution of ac-
tivation patterns and introduce a feature fusion network to
simulate the integration of neuronal activation patterns in
real fMRI data, enhancing the encoding precision. Finally,
we introduce an initialization scheme for neuronal activation
patterns based on Independent Component Analysis (ICA)
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Figure 1: The basic structure of the proposed compression approach. Character T in the figure means T time slices.

to find the primary and unique neuronal activation patterns
among each fMRI data, which can better retain the more
significant information across brain regions to align with the
requirement of fidelity.

We demonstrate the largely superior performance of our
method on publicly available datasets in order to validate it.
It’s worth noting that, in terms of evaluation metrics, in ad-
dition to the common metrics like PSNR and SSIM, which
measure pixel-wise differences, we also introduced addi-
tional evaluation criteria as part of our assessment which are
downstream tasks widely used in fMRI data analysis.
In summary, this paper makes the following contributions:
• INR-based Four-dimensional Data Compressor. De-

velopment of a novel INR-based compression paradigm
tailored for challenges of fMRI data, which is also a
novel attempt to apply INR to 4D data compression.

• Coordinate-to-time-series Mapping for Intra-region
Correlations. A novel perspective viewing the dynamic
image data as a mapping from coordinates to time series
to eliminate redundancies within local brain regions.

• Decomposition and Fusion of Neuronal Activation
Patterns for Inter-region Correlations. A technique
to describe fMRI dynamics with a nonlinear fusion
of reusable activation patterns, minimizing the inter-
regional redundancies.

• Initialization with Main Neuronal Activation Patterns
by ICA. An ICA-based method to identify the dominant
activation patterns in brain regions for initialization, in
order to preserve salient information better.

Related Work
Data Compression. Over the past few decades, there
has been rapid development in data compression algo-
rithms, leading to tremendous successes with algorithms
like JPEG(Wallace 1992), H.264(Wiegand et al. 2003), and
H.265(Sullivan et al. 2012). The techniques which have been
adopted by these compressors such as discrete wavelet trans-
form(Heil and Walnut 1989) and block-size motion compen-
sation,have later become extensively applied in the field of
data compression. In recent years, with the emergence of

deep learning, data compression techniques based on deep
learning have gained momentum, resulting in the develop-
ment of various new compression algorithms(Lu et al. 2019;
Agustsson et al. 2020). However, when it comes to high-
dimensional data, such as four-dimensional data, proper
compressors are still lacking.

INR-based Compression. Recent progress in data com-
pression has introduced INR for more compact data repre-
sentation, yielding promising results(Chen et al. 2021; Li
et al. 2022; Dupont et al. 2021; Damodaran et al. 2023).
Unlike traditional data compression algorithms, INR-based
data compression algorithms leverage the powerful informa-
tion capacity of neural networks to implicitly store data in-
formation within network parameters. Some recent works
have also introduced INR into the compression of medical
imaging data(Yang et al. 2023; Yang 2023). Existing algo-
rithms tend to model images as spatiotemporal continuous
functions, but fMRI data exhibits poor temporal continuity
and thus we take a distinct perspective by decomposing data
into temporal profiles and spatial distributions instead. Be-
sides, INR-based compression typically uses either time-to-
frame or spatial-coordinate-to-intensity projection, while we
use voxel-coordinate-to-time-series, which avoids the high
complexity of the former and the slow speed of the latter.

High-Dimensional Medical Data Compression. There is a
lack of adequate compression methods for four-dimensional
medical data. The technical routes of these algorithms can
be roughly divided into two categories. The first category
is based on motion compensation, which uses motion vec-
tors to model the difference between frames to reduce re-
dundancies(Nguyen et al. 2011; Sanchez, Nasiopoulos, and
Abugharbieh 2009, 2008a,b). The second category is based
on transform, such as wavelet transform and so on.(Lalgudi
et al. 2005; Liu and Pearlman 2007; Rajeswari and Ra-
jesh 2009) The transform applied to images or signals is
modified to higher dimensions and then applied to medical
imaging data. This modification is usually a combination of
1D transform and 3D transform, leading to limited ability
to sparsely capture more complex, higher-order discontinu-
ities(Bruylants, Munteanu, and Schelkens 2015).
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Method
Mathematical Representation of fMRI Data
The fMRI data X can be represented as a set of time series

X = {xv|v(0) ∈ [0,W ),v(1) ∈ [0, H),v(2) ∈ [0, D)}.
(1)

Here v = [v(0),v(1),v(2)] represents the 3D spatial coor-
dinate of voxels, and xv ∈ RT represents the fMRI signal
time series at the corresponding spatial location

xv = [x(0)
v ,x(1)

v , · · · ,x(T−1)
v ], (2)

with W,H,D, T respectively denoting the width, height,
depth, and length of the time series in the fMRI data.

The principle of localization in brain function organiza-
tion suggests that brain functions are carried out in a set of
brain regions (McKeown et al. 1998). This implies that the
brain space can be divided into several brain regions based
on function, and there are similarities in neuronal activation
within each brain region. Therefore, in fMRI data, the set of
time series for each brain region can be represented as

Ai = {xv|v ∈ Vi}, i ∈ [0, N), (3)

in which Vi represents the set of three-dimensional coordi-
nates for the brain region labeled as i, and N represents the
number of brain region labels. Therefore, we have

X =

N−1⋃
i=0

Ai, (4)

i.e., V can be represented as the union of Ai.

Modeling Intra-region Correlations
The high similarities within the neural activation in a local
brain region tell that xv in the same Vi are highly corre-
lated, with the region Vi being a continuous brain volume.
In other words, if we model the fMRI data as the mapping
from spatial coordinates v to the time series xv

F (v) → xv, (5)

the local correlations of the function F (·) match well with
the advantageous performance of INR-based methods in
modeling continuous local structures. Combining the math-
ematical representation of fMRI, our parameterization func-
tion for the neural network can be written as

f(v|θ) → x̃v. (6)

Here θ denotes the network parameters, and x̃v represents
the prediction of the ground truth xv . The detailed network
structure is shown in Fig. 1, which leverages INR’s superb
capability of modeling internal correlations and can effec-
tively eliminate the redundancies of time series within local
brain regions.

Modeling Inter-region Correlations
fMRI Time-series Signal Decomposition. From the
studies in (Boynton et al. 1996; Boynton, Engel, and Heeger
2012), the generation process of fMRI time-series signals

can be theoretically viewed as the output of a Linear Time-
Invariant System (LTI System):

x(t)
v = H(

K−1∑
i=0

w(i)
v · ui(t)) =

K−1∑
i=0

w(i)
v ·H(ui(t)). (7)

Here, H denotes the system generating fMRI signals,
ui(t) represents the input stimulus, w(i)

v refers to the stimu-
lus distribution of signal intensity, and H(ui(t)) is the neu-
ronal activation pattern. Therefore, all xv can be decom-
posed into the weighted superposition of several time series
which characterize basic neuronal activation patterns. For
example, as illustrated in Fig. 2, we extracted three neuronal
activation patterns from one fMRI data, whose weighted
superposition can represent all xv in this fMRI data. The
weights of these neuronal activation patterns can be mapped
to the brain map, which shows the spatial distributions of
these patterns.

Inspired by this, as shown in Module #1 of Fig. 1, we have
established a learnable matrix Ctrain ∈ RK×T . Each row of
Ctrain represents a reusable neuronal activation pattern and is
mapped into the feature space through Conv1d blocks.
Spatial Distribution of the Activation Patterns. While
modeling several reusable neuronal activation patterns, as
shown in Module #2 of Fig. 1, we use INR groups to model
their spatial distributions to further decrease the redundan-
cies among each distribution

gi(v|σi) → w(i)
v , i ∈ [0,K). (8)

Here function gi(·) represents the ith INR network with σi

being its parameters, which models the distribution of the
ith neuronal activation pattern. For each spatial coordinate
v, we concatenate the outputs of these K INR networks into

wv = [w(0)
v ,w(1)

v , · · · ,w(K−1)
v ]. (9)

The components of wv ∈ RK represent the spatial distri-
bution values in coordinate v of each activation pattern. In
this way, we can further eliminate the redundancies within
the distributions of neuronal activities.

Subsequently, we use the Feature Fusion Block to fuse the
features of various neuronal activation patterns, as illustrated
in Module #3 of Fig. 1. This module is composed of sev-
eral downsampling and upsampling operations. The internal
structures of the Down Block and Up Block are shown in
supplementary document. We concatenate the outputs of the
Down Block and Up Block, which allows better utilization
of the information contained in the outputs of each sampling
module(Ronneberger, Fischer, and Brox 2015), ultimately
modeling the target signal xv .
Initialization of Activation Patterns by ICA. To im-
prove the convergence of the neural network, it is crucial
to provide a suitable initialization for the neuronal activation
patterns, i.e. matrix Ctrain. As described in (McKeown et al.
1998), the brain can be divided into local regions, where
significant correlations exist among the neuronal dynamics.
Drawing inspiration, we use a set of activation patterns to
describe the main neuronal dynamics in each region. Specif-
ically, we adopted the ICA algorithm to decompose the orig-
inal fMRI data into basic time series as the neuronal activa-
tion patterns used to initialize the learnable matrix Ctrain, as
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Figure 2: The signal decomposition of an exemplar fMRI
time-series. Upper: top 3 neuronal activation patterns.
Lower: corresponding spatial distributions.

shown in Module #1 of Fig. 1. The matrix form of ICA can
be represented as Y = AS, which decomposes the original
signal matrix Y into a mixing matrix A and a source matrix
S = {s⃗1, s⃗2, · · · }. Correspondingly, applying ICA to fMRI
signals gets

xv = sv · [a0,a1, · · · ,aK−1]
T
. (10)

In this equation, xv represents the fMRI time series, ai ∈
RT×1 denotes the activation patterns, with the vector sv =

[s
(0)
v , s

(1)
v , · · · , s(K−1)

v ] describing their distributions. ICA
maximizes the independence among the distributions, allow-
ing the activation patterns to cover the principal neural dy-
namics in each region. This initialization promises to pre-
serve the dominant information, fulfilling the high fidelity
of medical data.

Overview of Network’s Workflow

Built on the above formulation, we summarize the work-
flow of the proposed compression network, as illustrated in
Fig. 1. Here we pursue a representative network for each
fMRI file for high data fidelity. Considering the high tem-
poral redundancy of the fMRI data, before compression, we
subtract the average frame of the target sequence to focus
on the sparse among-frame differences reflecting the neuron
activities. For the target fMRI data, the intensity and spatial
coordinates undertake respective processing before applying
Channel Attention. For the intensity, we first mask the black
areas and use their ICA coefficients to initialize Ctrain, and
then each row vector of Ctrain passes through K Conv1d
blocks and the output is concatenated into a feature map F .
Meanwhile, the coordinate v is embedded in the same way
as in (Mildenhall et al. 2021) and passes through K MLPs,
whose output w(i) concatenated into the weight vector w.
During Channel Attention, w and F are integrated and fed
into the Feature Fusion Block, which contains several Down
Blocks and Up Blocks respectively for downsampling and
upsampling, with structures shown in supplementary doc-
ument. Finally, a Conv1D block is applied to generate the
output vector x̃v .

Regarding model training, we employ a weighted combi-
nation of L2 loss and SSIM loss as a loss function, which is

formulated as

L =
(
1− SSIM

(
{xv}v=b

v=a, {x̃v}v=b
v=a

))
∗ σ

+ L2

(
{xv}v=b

v=a, {x̃v}v=b
v=a

)
.

(11)

Here {xv}v=b
v=a is a batch of training data and {x̃v}v=b

v=a is
their network prediction, with σ being a parameter balancing
the contribution of two terms.

Model Compression
Model pruning, quantization, and entropy coding are widely
used techniques in model compression(Han, Mao, and Dally
2016). After fitting the target data with the INR network, we
proceed to quantize the network parameters and utilize Huff-
man entropy coding to compress the model further. Here we
do not apply model pruning to ensure high compression ef-
ficiency.

Experiments and Analysis
This section presents the core experimental results. Please
refer to the supplement for ablation study and more results.

Implementation Details
We conducted experiments on four fMRI datasets collected
for different downstream tasks: Three datasets are from
OpenfMRI1, an open-source repository for the free and open
sharing of fMRI datasets. The fourth dataset is the widely
used Haxby dataset, a pioneering study of brain pattern
recognition(Haxby et al. 2001), which has extended time se-
ries and suitable for the fMRI classification task. And the
compute workers we used were four NVIDIA GeForce RTX
3090 with 24 GB memory.

For the first three datasets, in order to facilitate subsequent
analysis, we uniformly preprocessed the fMRI data by align-
ing it to a standard brain template. This resulted in voxel di-
mensions of 64×64×48 and a time series length of 100. The
Haxby dataset comes with a pre-matched mask. And we did
not perform registration, as it is unnecessary for the clas-
sification task. Due to its longer time series, we addressed
CUDA memory limitations by slicing the data in Haxby.

In the experiments, our MLP network was configured
with five layers, and the frequency of the coordinate embed-
ding was set to 10. We used JPEG to compress the mean of
the data, and utilized the Adamax optimizer with an initial
learning rate of 8e-4. The training epoch was set to 1500.
The ICA number K was set to 15∼25 empirically. We also
utilized ICA’s output network pre-training. The compression
ratio of the network can be adjusted by varying parameters
such as the number of ICA components, average frame com-
pression quality, count of the MLP parameters, number of
convolution channels and network layers. All these parame-
ters can be adjusted using stored YAML files.

1These three datasets were obtained from the OpenfMRI
database, with accession numbers ds000007, ds000101, ds00102,
respectively.
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Figure 3: The performance of the proposed approach and the benchmark algorithms.
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Figure 4: The fMRI slices from the ground truth and decompressed versions of different algorithms. Here the size of the whole
fMRI data volume is 64 × 64 lateral pixels, 48 layers, and 100 frames, while the slices we picked are the central slice.

Benchmark Methods and Evaluation Metrics
To demonstrate the advantages of the proposed approach,
we comprehensively compare it with eight state-of-the-
art (SOTA) algorithms, which can be broadly catego-
rized into three groups: widely used traditional compres-
sion algorithms like JPEG(Wallace 1992), H.264(Wiegand
et al. 2003), and H.265 (HEVC)(Sullivan et al. 2012),
data-driven deep learning compression algorithms such as
SSF(Agustsson et al. 2020) and DVC(Lu et al. 2019), and
implicit neural representation-based compressors, including
HNeRV(Chen et al. 2023), NeRF(Mildenhall et al. 2021),
and SIREN(Sitzmann et al. 2020). For the competitors de-
signed for videos, we compressed the 4D fMRI data slice by
slice, and for NeRF, we replaced it with ReLU-MLP with
Positional Encoding and simplified the input to 4D coordi-
nates since rendering is unnecessary for compression.

We utilized the OpenCV implementation of JPEG and
the FFmpeg implementation of H.264 and H.265. We set
the compression ratio by calculating the corresponding bit
rate. For DVC and SSF, which are data-driven methods, we
changed the compression ratio by specifying the quality pa-
rameters and fine-tuning the pretrained models provided by
their authors. For SIREN and NeRF, we set the MLP layer
numbers to 7, and for HNeRV, we specified the network pa-
rameters to achieve different compression ratios.

The evaluation metrics employed in our experiments can
be divided into two parts. The first part involves traditional

image quality evaluation metrics PSNR and SSIM, which
are compared across various compression ratios. The sec-
ond part pertains to downstream tasks based on fMRI data.
We selected three downstream tasks, which are all classical
and widely used methods in fMRI analysis to comprehen-
sively evaluate the compression quality and fidelity. These
downstream tasks encompass the following:

i) General linear model First Level Analysis (FLA): This
task involves fitting and hypothesis testing of fMRI wave-
forms to compute the strength of association between spe-
cific stimuli/tasks and various brain regions(Friston et al.
1994), which is the most widely used in fMRI statistical
parametric mapping(Smith 2004). We conduct FLA on three
datasets and use the mean absolute difference between the
statistical maps obtained from the original and compressed
data for model evaluation.

ii) Brain regions Functional Connectivity Analysis (FCA):
The brain connectome characteristics have offered valuable
insights to explain the diversity of pathological conditions
and behaviors across different peoples(Mohanty et al. 2020).
It is defined as the correlation coefficients between the voxel
waveforms of different brain areas(Salvador et al. 2005). In
this task, the same dataset was used as in the FLA task, with
the MSDL atlas template provided in nilearn(Varoquaux
et al. 2011). Again, we use the mean absolute difference
between the correlation matrices from the ground truth and
decompressed fMRI for performance evaluation.
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Method ICAINR(ours) H.264 H.265 JPEG NeRF HNeRV SIREN SSF DVC
Compression Ratio↑ 127.83×* 97.49× 125.99×# 102.95× 99.77× 102.71× 99.76× 66.99× 81.13×

PSNR(dB)↑ 79.31* 65.37 61.49 56.14 67.63 70.49# 69.09 33.03 57.09
1 - SSIM↓ 5.54E-5* 1.96E-3 8.38E-4 2.74E-3 4.83E-4 2.62E-3 4.01E-4# 9.39E-2 4.39E-4

Mean of FLA Residual↓ 0.32* 1.15 1.04 1.19 0.37# 0.86 1.10 1.21 1.32
Std of FLA Residual↓ 0.24* 0.60 0.58 0.72 0.34# 0.57 0.50 0.61 0.55

Mean of FCA Residual↓ 0.09* 0.32 0.37 0.33 0.18 0.29 0.12# 0.50 0.29
Std of FCA Residual↓ 0.04* 0.22 0.28 0.14 0.12 0.22 0.08# 0.35 0.24

Table 1: The performance of different compressors at a specific compression ratio, roughly 100×. Methods marked with the *
suffix are the best-performing methods, while those marked with the # suffix are the second-best-performing methods.

iii) fMRI-based Classification Task Analysis (CTA): Decod-
ing or pattern recognition techniques are a significant part of
fMRI analysis(Haxby et al. 2001). We use a linear classifier
based on SVM(De Martino et al. 2008), which is most com-
monly used in fMRI classification(Naselaris et al. 2011), to
do our experiment. In this task, we employed the Haxby
dataset with various kinds of images serving as stimuli. We
trained the SVM with the voxel waves, to distinguish stim-
uli images of the house and face. We applied 10-fold cross-
validation and used the cross-validation classification accu-
racy of the decompressed fMRI as the evaluation metric.

Experiment Results
PSNR & SSIM. We first validate the data fidelity after
fMRI compression and compare our approach against exist-
ing compression algorithms. Here we use PSNR and SSIM
as quantitative evaluation metrics, and provide the scores of
different algorithms across varying compression ratios, as
plotted in Fig. 3a and Fig. 3b. Notably, under similar com-
pression ratios, our method consistently outperforms exist-
ing SOTA algorithms. When changing the compression ra-
tio, some algorithms fluctuate, in contrast to the remarkably
stable performance of our approach.
Visual Results. The visual comparison of the data decom-
pressed by various algorithms in a fixed compression ratio
(∼100×) is shown in Fig. 4. Note that the achieved compres-
sion ratio of different algorithms differs slightly, as shown
in Tab. 1, because one cannot specify the final compres-
sion ratio exactly. The results show that despite yielding
relatively high PSNR and SSIM values, many algorithms
failed to deliver satisfactory visual quality. For instance,
JPEG and DVC suffer from block effect(Lee, Kim, and Park
1998), with noticeable fragmentation between adjacent im-
age blocks. Some INR-based algorithms, like NeRF and
SIREN, sacrificed a considerable amount of high-frequency
details, thus showing over-smoothness. In contrast, other
algorithms such as H.264 and H.265 exhibited noticeable
noise, and SSF almost failed to model the fMRI data.
FLA Results. To evaluate the behaviors of our compressor
and other competitors in FLA, we calculated the mean and
standard deviation of the residue between the compressed
fMRI data and the ground-truth FLA results, as plotted in
Fig. 3c and Fig. 3d. The curves indicate that our method has
the smallest fluctuation in residue and performance in all
compression ratios among these algorithms. Furthermore,
we display the visualized FLA obtained by various algo-
rithms at a compression ratio of about ∼100×, as illustrated

in Fig. 5. Our method exhibits high similarity to the ground
truth, while others show significant differences.
FCA Results. Regarding the influence of compression on
FCA, similar to FLA, we illustrate the mean and standard
deviation of residual after decompression in Fig. 3e and
Fig. 3f. The curves show that our method has much less in-
formation loss than other algorithms if the compression ra-
tio is lower than 170×, and the average loss approximates
zero when the compression ratio is around 30∼40×. From
the standard deviation, one can conclude that our approach
exhibits the lowest performance fluctuation among all algo-
rithms working at a similar compression ratio and achieves
stable performance (standard deviation close to 0) when the
compression ratio is lower than 100times. We also compare
the visualized brain connectivity at a compression ratio of
about 100× in Fig. 6, from which one can observe that our
compressor presents the highest similarity to ground truth.
CTA Results. To test the effectiveness of our compres-
sor and its advantage over previous competitors in the suc-
cessive classification task (CTA), we calculated the 10-fold
cross-validation accuracy and AUC of the decompressed
data compared to the original data before compression, as
shown in Fig. 3g and Fig. 3h. The results demonstrate that
our algorithm outperforms other methods in compression ra-
tios lower than 170×, and can achieve accuracy and AUC
close to ground truth, 93. 89% and 0.9975, respectively,
when the compression ratio falls below 100×.

In summary, our algorithm presents superior results in
terms of both PSNR and SSIM, as well as impressive scores
in downstream tasks, while some previous algorithms focus
on PSNR and SSIM but suffer from degraded performance
in successive analyzes. This robust performance substanti-
ates our algorithm’s capacity to effectively retain crucial in-
formation in fMRI, providing the necessity to take into ac-
count the physical meaning of fMRI data during compres-
sion and presenting the potential to perform transmission,
processing, and analysis on fMRI data at low bandwidth.

Summary and Discussions
In this paper, we introduce a novel INR-based compression
paradigm for fMRI data. By leveraging the strong represen-
tation capability of deep neural networks and taking into ac-
count of fMRI’s unique characteristics, we aim to compactly
describe the neural activation patterns and their spatial dis-
tributions, which reduces both temporal and spatial redun-
dancies in the raw recordings.
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Figure 5: The brain t-score map calculated from the ground truth and decompressed results by different algorithms. We set the
confidence level to be 90% to label the voxels which are highly correlated with the stimuli. Here the displayed intersecting
plane of the brain map is the center frame along y axis.
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Figure 6: The brain region connectivity matrix involving 39 brain regions calculated from ground truth and decompressed
results of all algorithms. Each matrix entry is calculated as the correlation coefficients between two corresponding regions.

Advantages. Based on the comprehensive experiments
conducted, our algorithm outperforms existing SOTAs in
terms of data fidelity such as PSNR and SSIM, as well as
evaluation metrics for downstream fMRI tasks, which meets
the fidelity requirements for medical image compression.
Notably, our study pioneers the application of INR-based
compression methods to four-dimensional biomedical data.
Additionally, we present a novel INR-based compression
framework, offering valuable insights for future research in
INR-based biomedical image compression.

Limitations and Future Work. As a preliminary re-
search on INR-based fMRI compression, our approach can
be extended in several aspects before becoming a mature
compression tool. Firstly, as a deep learning-based compres-
sion algorithm, our approach takes longer time than con-
ventional compressors. Therefore, we are exploring novel
techniques, such as meta-learning, for fast model learning.
Secondly, we use all the initial components obtained from

ICA, but some of them contain little information about the
neural activities. We are also working on strategies for ex-
tracting informative signals to avoid compressing unneces-
sary components and thus build a more compact compres-
sion. Thirdly, we adopt a widely used method for network
compression, and there is room for designing more tailored
model compression techniques for our network in the future.
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