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Abstract— Implicit neural representations (INRs) for time-varying volumetric data are typically trained using dense sampling over
spatiotemporal coordinates, where each observation corresponds to a single point in space and time. This coordinate-wise formulation
requires extensive sampling during optimization, leading to high computational cost and inefficient use of temporal structure. In this
work, we revisit this design choice and show that dense spatiotemporal sampling is not necessary for learning time-varying fields.
Instead, we represent the data as a collection of spatially indexed time series and train INRs using sequence-level supervision over
each spatial location, rather than coordinate-wise scalar samples. This reformulation eliminates the need for dense spatiotemporal
sampling and instead learns each spatial location from its full temporal evolution in a structured manner. We demonstrate that
this representation is compatible with a range of existing INR architectures and consistently improves reconstruction quality, while
significantly reducing training cost. Furthermore, we show that this formulation can be combined with mixture-of-experts architectures,
and that our MoE instantiation further improves reconstruction quality compared to both the base reformulation and existing MoE-
based INR methods, providing a stronger capacity allocation under heterogeneous temporal dynamics.

Index Terms—Volume visualization, time-varying volumetric data, implicit neural representation

1 INTRODUCTION

Efficient handling of large-scale scientific data is essential for down-
stream tasks such as visualization and analysis, making data com-
pression a fundamental component in modern workflows. Recently,
implicit neural representations (INRs), also referred to as coordinate-
based neural networks, have demonstrated strong capability in mod-
eling complex high-dimensional signals with compact parameteriza-
tions, and have been increasingly explored for time-varying volumet-
ric data. However, existing INR-based approaches [11, 21, 30] typi-
cally rely on a coordinate-wise formulation, where each observation
corresponds to a scalar value at a specific spatiotemporal coordinate.
Learning under this formulation requires dense sampling across both
space and time, leading to substantial computational cost, with training
often taking hours or even days. To mitigate this issue, prior work has
explored partitioning strategies along spatial [12, 32] or temporal [13]
dimensions, dividing the domain into smaller regions and training sep-
arate models to accelerate optimization by exploiting local continuity.

However, these approaches share a fundamental limitation. They
continue to rely on a coordinate-wise formulation, where learning is
driven by dense sampling over the joint spatiotemporal domain. While
partitioning strategies reduce the effective scale of optimization, they
do not remove the need for extensive sampling, and thus only partially
alleviate the computational burden. In addition, such methods often in-
troduce increased design complexity and may disrupt continuity across
spatial or temporal boundaries, leading to artifacts and reduced robust-
ness. More importantly, by treating each observation as an indepen-
dent scalar value, these formulations fail to fully exploit the structured
temporal coherence inherent in time-varying data.

To address this limitation, we revisit the conventional formulation
of INR-based compression for time-varying data. Rather than viewing
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a time-varying volume only as a dense four-dimensional scalar field,
we reinterpret it as a spatial grid of temporal sequences. This changes
the basic learning unit from an individual spatiotemporal scalar sam-
ple to the complete temporal trajectory associated with each spatial
location. Instead of relying on dense spatiotemporal sampling, we
reformulate the problem by organizing the data as a set of spatially
indexed temporal sequences. Under this formulation, each spatial lo-
cation is associated with its full temporal evolution, and the network
is trained to learn sequence-level mappings rather than independent
scalar values. This perspective eliminates the need for exhaustive sam-
pling in the joint spatiotemporal domain and enables a more structured
representation of temporal dynamics.

Building upon this reformulation, we develop a framework for mod-
eling time-varying volumetric data using coordinate-based neural net-
works. In this framework, the input to the model is a spatial coordinate,
and the output is the corresponding temporal signal. This abstraction is
independent of specific network designs and can be applied to a wide
range of INR architectures. By shifting the unit of learning from indi-
vidual space-time samples to temporally coherent signals, the frame-
work eliminates the need for dense sampling in the joint spatiotem-
poral domain and better aligns the learning process with the inherent
temporal structure of the data.

While this framework can benefit a wide range of coordinate-based
neural networks, it is particularly well suited for mixture-of-experts
(MoE) [7, 24, 42] architectures, as it explicitly exposes heterogeneity
in temporal patterns across the spatial domain. Under the proposed
representation, each spatial location is associated with a time series,
and different regions in the volume often exhibit distinct temporal dy-
namics. This spatial variation in temporal behavior naturally calls for
adaptive modeling strategies that can allocate capacity according to
local characteristics.

In this context, MoE models provide a natural mechanism to exploit
such heterogeneity. By assigning different experts to spatial locations
with distinct temporal patterns, the model can specialize in modeling
diverse types of temporal dynamics, rather than relying on a single
shared representation. This leads to a more flexible and expressive
model that better captures non-uniform patterns across the domain.

Based on this insight, we develop an MoE-based INR model within
the proposed framework. To improve expert routing, we incorporate a
trainable embedding that captures global temporal characteristics and
is fused with spatial features to guide expert assignment. In addition,
to control the parameter growth introduced by sequence prediction
and multiple experts, we adopt a lightweight decoder design based
on low-rank adaptation (LoRA) [16, 41], enabling efficient specializa-
tion with limited overhead. We evaluate our framework on multiple
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time-varying volumetric datasets from several perspectives, including
reconstruction numerical accuracy, perceptual quality, and geometric
consistency. Both quantitative results and visual comparisons show
that our framework achieves competitive reconstruction performance
against existing learning-based methods and traditional compression
techniques. In addition, our framework demonstrates significant com-
pression and decompression efficiency, benefiting from the sequence-
level formulation and one-shot prediction strategy.

In summary, our contributions can be described as follows:

• We propose a framework that reformulates time-varying volu-
metric data as spatially indexed temporal sequences. This shifts
coordinate-based neural representations from point-wise scalar
prediction to sequence-level learning, providing a unified per-
spective for structured and efficient modeling of temporal dynam-
ics.

• Building on this framework, we exploit spatial heterogeneity in
temporal patterns, where different regions exhibit distinct dynam-
ics. This motivates a mixture-of-experts design that assigns ex-
perts to locations with different temporal behaviors. A trainable
temporal embedding is introduced to guide expert routing.

• We evaluate the proposed framework on multiple time-varying
datasets, showing consistent compression quality across com-
pression ratios. The formulation also yields substantial efficiency
gains and generalizes across INR architectures.

2 RELATED WORK

Lossy volumetric data compression. With the increasing demand for
data reduction in scientific computing, considerable research efforts
have been directed toward compressing large-scale scientific simula-
tion data. Among them, lossy compression methods for volumetric
data have been a central research focus for several decades. Gob-
betti et al. [6] developed a dictionary-based multi-resolution com-
pression and rendering architecture to support interactive GPU visu-
alization of massive volumetric datasets. Lindstrom [19] introduced
a block-based transform compression method for floating-point volu-
metric data that achieves high compression efficiency and fast through-
put. TAMRESH [31] and TTHRESH [2] were developed to exploit
tensor decomposition frameworks and enable efficient compression of
multidimensional data on regular grids. Representative error-bounded
methods include SZ3 [18] and TopoSZ [38], which aim to improve
reconstruction fidelity while satisfying specified error constraints. Hi-
erarchical compression methods [1,15] leverage multilevel representa-
tions to support adaptive error control and flexible resolutionprecision
trade-offs.

Deep learning for volumetric data. Deep learning has been widely
adopted in scientific visualization for volumetric data representation
and analysis. Early studies primarily relied on convolutional archi-
tectures for volumetric super-resolution, adaptive sampling, and re-
construction [33, 34, 37, 44]. Generative adversarial networks (GANs)
were subsequently explored for temporal and spatial super-resolution,
volume generation, compression, and completion tasks [8–10, 14, 20].
More recently, coordinate-based neural representations have emerged
as an effective paradigm for volumetric compression and reconstruc-
tion through continuous coordinate-to-value mappings [11, 21, 27].

Implicit neural representation. Recent approaches [11, 30]
adopt implicit neural representations (INRs) to model volumetric data
through coordinate-based mappings. For example, SIREN [30] in-
troduces periodic activations to better capture high-frequency signals,
while Instant-NGP [23] leverages hash encoding to significantly accel-
erate training. To improve compression, KD-INR [13] employs knowl-
edge distillation to encode large-scale time-varying data into a single
network. To further reduce optimization cost, meta-learning-based
methods such as MetaSDF [29] and Meta-INR [39] reuse learned pri-
ors to enable faster convergence across different volumetric datasets.

For volumetric data, many INR-based methods incorporate spa-
tial partitioning strategies, dividing the domain into blocks to better
capture local patterns and improve representation efficiency. Mar-
tel et al. [22] employed an octree-based hierarchical partitioning strat-

egy to decompose data into blocks, which were then modeled us-
ing implicit neural representations to enhance data representation.
Reiser et al. [26] replaced a single large MLP with thousands of
compact neural fields distributed across spatial partitions, achieving
substantial speedups through parallelization. Han et al. [12] pro-
posed DCINR, which adopts a divide-and-conquer strategy by par-
titioning time-varying volumetric data into non-overlapping blocks,
enabling independent modeling and parallel training of each block.
Beyond block-wise partitioning, allowing different blocks to operate
at adaptive scales further enhances representation flexibility. Sara-
gadam et al. [28] proposed MINER, a multi-scale implicit neural repre-
sentation designed for image and mesh reconstruction. Tang et al. [32]
proposed ECNR, which partitions volumetric data into small blocks
and assigns similar blocks to the same MLP to enable balanced paral-
lelization.

Beyond explicit spatial partitioning, recent works have explored al-
ternative mechanisms for handling heterogeneous scientific data. Dis-
tributed neural representations [36] decompose large-scale simulations
across multiple neural fields to support scalable training and reactive
in-situ visualization. Another line of research employs parameter-
conditioned representations and hypernetworks to model data vari-
ability. For example, HyperINR [35] predicts compact INR weights
through a hypernetwork, while HyperFLINT [5] uses parameter-
conditioned networks for flow estimation and temporal interpolation
in scientific ensemble visualization. Compared with these approaches,
our work focuses on modeling heterogeneous temporal dynamics
through sequence-based representations and expert specialization.

Mixture-of-experts (MoE) architectures have also been applied
to implicit neural representations for 3D scene modeling [3, 43].
MoEC [42] employs a learnable gating network to jointly optimize spa-
tial partitioning and local INRs, enabling adaptive and efficient com-
pression. Han et al. [7] proposed a mixture-of-expertsbased implicit
neural representation that adaptively partitions time-varying volumet-
ric data to achieve improved compression accuracy.

Comparison with the existing works. Compared to existing
INR-based approaches, our framework differs in several key aspects.
Unlike grid-based methods that rely on predefined spatial partition-
ing [12, 32], we do not impose explicit spatial divisions, but instead
exploit temporal information by directly modeling full temporal se-
quences. In contrast to temporal decomposition strategies [13], which
partition data along the time dimension, our formulation captures the
complete temporal evolution at each spatial location. Furthermore,
while prior MoE-based INRs [7,42] focus on enhancing representation
capacity under coordinate-to-scalar mappings, our work reformulates
the task as a mapping from spatial coordinates to temporal sequences,
enabling more flexible capacity allocation through routing.

3 FRAMEWORK

This section presents our framework for modeling and compressing
time-varying volumetric data, together with its MoE-based network
instantiation. The framework begins with a sequence-wise reformu-
lation that treats each spatial location as a temporal signal, shifting
the learning objective from point-wise scalar prediction to structured
sequence modeling. This perspective highlights strong spatial hetero-
geneity in temporal dynamics, where different regions exhibit distinct
evolution patterns. To exploit this structure, we introduce a mixture-of-
experts (MoE)-based INR architecture that performs adaptive routing
based on spatial features, followed by a lightweight decoder for effi-
cient sequence reconstruction.

3.1 Framework Design

The upper-left of Fig. 1 illustrates our framework for compressing
time-varying volumetric data. Given a sequence of volumetric fields
with T time steps, the dataset is conventionally represented as V =

{V(t)}T
t=1, where each V(t) : Ω → R is defined over a spatial do-

main Ω ⊂ R3. Instead of modeling each time step independently,
we reformulate the dataset as a mapping from spatial coordinates
to temporal signals. Specifically, we define F : Ω → RT such that
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Figure 1: Overview of our framework. Time-varying volumetric data are reformulated as spatially indexed temporal sequences, where each 3D
coordinate is mapped to its corresponding scalar values across all time steps. This formulation is network-agnostic and can be instantiated with
different INR backbones. Such a spatial assignment explicitly reveals heterogeneous temporal patterns across locations and motivates adaptive
modeling. In this work, we instantiate the formulation with a MoE-based INR network, where routing guided by spatial features and time embeddings
enables flexible expert assignment for sequence decoding.

F(x) = [V(1)(x),V(2)(x), . . . ,V(T )(x)] for any spatial location x ∈ Ω.
Under this formulation, each voxel is associated with a temporal se-
quence, and the compression task reduces to learning the mapping F
using a coordinate-based neural network.

This formulation is broadly applicable to existing coordinate-based
INR architectures, as it shifts the learning target from point-wise
scalars to sequence-level signals without modifying the underlying
network design. In this work, we further exploit this perspective by
introducing an MoE design to better capture spatial heterogeneity in
temporal dynamics, as shown in the upper-right of Fig. 1.

3.2 MoE-based Network Instantiation
While the proposed sequence-level formulation enables structured
modeling of temporal dynamics, it also introduces increased modeling
complexity due to the diverse temporal patterns across different spatial
locations. In practice, a single network often struggles to capture such
heterogeneous behaviors effectively. To address this issue, we instan-
tiate the proposed formulation using a MoE-based INR architecture,
which enables different experts to specialize in distinct temporal be-
haviors across spatial locations. This design enables more flexible and
specialized modeling while maintaining efficiency [7, 42]. As will be
further demonstrated in Tab. 7, such a formulation is particularly com-
patible with MoE-based models, which exhibit smaller performance
degradation when extended to sequence-level prediction.

Spatial Encoder. Since our model takes three-dimensional spatial
coordinates as input, the encoder is responsible for mapping these low-
dimensional inputs into a higher-dimensional feature space to enhance
representational capacity. Directly feeding raw three-dimensional co-
ordinates into a multilayer perceptron is insufficient for capturing com-
plex spatial structures, especially in volumetric data where fine-scale
variations and sharp transitions frequently occur. This limitation is
largely attributed to the spectral bias of neural networks, which fa-
vors smooth, low-frequency components during optimization. Follow-
ing Han et al. [12], we adopt a trainable positional encoding to en-
hance the representational capacity of spatial coordinates. We choose
this lightweight design due to its low parameter overhead, while still
achieving competitive reconstruction performance in our setting (see
Appendix B). Given a spatial coordinate x ∈ R3, we project the input
coordinate into a higher-dimensional harmonic space using a learnable
linear transformation z = wx+ b, where w ∈ RP×3 and b ∈ RP are

trainable parameters, and P denotes the embedding dimension. The
positional encoding is then defined as

ϕ(x) = [sin(2πz),cos(2πz)] . (1)

This learnable frequency mapping allows the network to adaptively
capture spatial variations of different scales, providing a richer repre-
sentation for subsequent modeling.

The positional encoding is further processed by multiple fully con-
nected layers with sinusoidal activation functions to produce high-
dimensional feature embeddings [30]. To improve optimization sta-
bility and facilitate feature propagation across layers, we incorporate
residual connections between consecutive blocks. This residual har-
monic encoding structure enhances representational capacity while
maintaining stable training behavior.

Router. Since temporal sequence patterns vary significantly across
different spatial locations, a single shared decoder is insufficient to
model all structural variations effectively. Therefore, we adopt the
MoE architecture to enhance modeling flexibility within our frame-
work. Specifically, a Router is introduced to automatically assign spa-
tial coordinates to different expert decoders. Each expert decoder is
specialized in capturing one or more representative temporal patterns,
enabling the overall model to adapt to diverse spatiotemporal struc-
tures while maintaining parameter efficiency.

Using raw spatial coordinates alone for expert routing is insuffi-
cient to distinguish complex structural variations. Han et al. [7] use
standard Fourier mapping to encode spatiotemporal coordinates before
routing decisions are made, but this ignores the temporal patterns of
sequences. To this end, we introduce a trainable time embedding table
E ∈ RT×M , where T is the number of time steps and M is the hid-
den feature dimension. The table is optimized jointly with the INR
network and provides a global temporal context for expert routing, as
shown in the lower left corner at Fig. 1. In the router, E is projected to
the routing feature space and summarized by mean and variance pool-
ing along the temporal dimension to form a temporal descriptor. This
temporal descriptor is fused with spatial routing features, so that the
expert selection becomes aware of both spatial and temporal dynam-
ics.

The router outputs a set of routing scores, which are normalized by
a softmax function to obtain a probability distribution over all expert
decoders. The routing decision is based on the concatenated feature



representation, combining the spatial encoding and temporal-aware
features extracted by the router. In practice, we adopt a hard routing
strategy, ensuring sparse expert utilization.

Decoder. Each expert in the decoder takes the high-dimensional
feature representation generated by the spatial encoder as input and
predicts the corresponding temporal sequence for the queried spatial
coordinate. According to the routing decision of the router, only a sin-
gle expert is activated under the hard routing mechanism to map the
encoded features into the temporal output space. Although all experts
share the same network architecture, they are parameterized indepen-
dently to specialize in different temporal patterns. Each expert is com-
posed of fully connected layers with sinusoidal activation functions,
followed by a final linear layer that outputs the predicted time-series
values. However, since the output dimension of each expert corre-
sponds to the full temporal sequence of length T , maintaining multiple
independently parameterized experts would significantly increase the
overall parameter count.

To address this issue, we incorporate a Low-Rank Adaptation
(LoRA) mechanism [16] into the expert decoders. Instead of learning
completely independent weight matrices for each expert, we introduce
a shared base decoder and model expert-specific variations through
lightweight low-rank updates [7, 41], as shown in Fig. 1. This design
substantially reduces the parameter footprint while preserving the spe-
cialization capability of individual experts. Let the shared decoder
weight be denoted as W0 ∈ RD×T , where D is the feature dimension
and T is the length of the temporal sequence. For the k-th expert, the
effective weight matrix is defined as:

Wk = W0 +AkBk, (2)

where Ak ∈ RD×r, Bk ∈ Rr×T , and r is the rank of the low-rank adap-
tation. This formulation enables all experts to share the dominant
transformation W0, while modeling expert-specific variations through
lightweight low-rank updates, thereby increasing the compression ra-
tio. Moreover, since the encoded features already provide a high-
dimensional and expressive representation, the decoder does not re-
quire a deep architecture to reconstruct the temporal sequences.

3.3 Optimization

Proper initialization is critical for stabilizing INR optimization [30],
especially in MoE-based architectures where the router determines
expert specialization. An improperly initialized policy network may
lead to unstable expert assignments and slow convergence during early
training. To address this issue, we introduce a warm-up strategy to
guide the initial training of the routing mechanism.

Specifically, we first cluster the temporal sequences associated with
all spatial coordinates. Each spatial location is assigned a cluster label
according to the similarity of its corresponding time series. These
cluster labels serve as pseudo ground-truth assignments for the router
during the warm-up phase. The router is then trained using a cross-
entropy loss to predict the assigned cluster for each coordinate. After
this initialization stage, the entire network is jointly optimized without
explicit clustering supervision.

After the warm-up phase, we optimize the framework in an end-to-
end manner. During this stage, the routing assignments are no longer
supervised by clustering labels but are determined by the learned
router under the hard routing mechanism. Given a spatial coordinate
x, the router selects a single expert k according to k = argmaxi pi(x),
where pi(x) denotes the routing probability of the i-th expert. Only the
selected expert decoder is activated to predict the temporal sequence
sk(x) ∈ RT . The reconstruction loss is defined as the squared error
between the predicted and ground-truth temporal sequences:

Loss(x) = ∥sk(x)− s(x)∥2
2 , (3)

where y(x) is the ground-truth temporal sequence associated with co-
ordinate x. This hard routing strategy encourages expert specialization
while maintaining computational efficiency.

Table 1: The dimensions and size of each data set.

Data Set Variable Dimension (x× y× z× t) Data Size (GB)

argon bubble intensity 640×256×256×150 23.44
combustion CHI, YOH, MF 480×720×120×100 15.45
ionization H2, H+, PD 600×248×248×100 13.74
vortex vorticity 256×256×256×90 5.63
Tangaroa vorticity magnitude 300×180×120×150 3.62

4 RESULTS

In this section, we describe the configurations of evaluation metrics
and baselines, and present both quantitative and qualitative results to
assess the performance from different perspectives. Tab. 1 summarizes
the datasets used in our evaluation.

4.1 Configurations
Evaluation metrics. The difference between the reconstruction vol-
umes and the ground truth (GT) volumes is assessed from multiple
perspectives, including reconstruction quality and perceptual similar-
ity. We use voxel-level metrics to evaluate numerical fidelity with re-
spect to the ground truth. These include the Peak Signal-to-Noise Ra-
tio (PSNR), which measures pixel-wise intensity differences. We also
include the Learned Perceptual Image Patch Similarity (LPIPS) [40],
which correlates well with human perception by computing distances
between deep features extracted from a pretrained AlexNet [17]. Be-
yond low-level fidelity, we evaluate the perceptual and structural real-
ism of the reconstruction using high-level metrics. DreamSim [4] cal-
culates the cosine distance between features extracted by an ensemble
of vision-language models, including CLIP [25], and has been shown
to better align with human perceptual judgments. At the geometric
level, we compute the Hausdorff Distance (HD) between the isosur-
faces extracted from the reconstructed and ground-truth volumes. HD
reflects the maximum surface deviation.

Baselines. We compare our framework with both open-source
learning-based INR models and traditional lossy compression tech-
niques. The evaluation includes two major categories: neural im-
plicit representations and conventional error-bounded compressors.
For neural baselines, we consider representative INR architectures,
including CoordNet [11], NeurComp [21], and SIREN [30], which
employ coordinate-based MLPs for volumetric representation. We
also include mixture-of-experts INRs, such as MoE-INR [7], Switch-
NeRF [43] and Neural Experts [3]. Although originally designed for
scene rendering, image, or mesh representation, we adapt these MoE-
based INRs to the time-varying volumetric compression setting to en-
able a comparison of MoE modeling strategies. For traditional lossy
compressors, we select three typical solutions: ZFP [19], SZ3 [18],
and TTHRESH [2]. These methods represent widely adopted error-
bounded compression approaches for scientific volumetric data and
serve as strong non-learning baselines in our evaluation. All learning-
based methods are trained under the same optimizer and learning
rate schedule for comparison. To evaluate the performance of our
method against conventional INRs, all baseline methods are uniformly
configured under the scalar prediction setting. For a fair compar-
ison, all methods use the same voxel coordinate sampling strategy
and sampling ratio during training. To isolate the effect of the pro-
posed sequence-based formulation, we further evaluate the network
backbones from learning-based baselines under the sequence predic-
tion setting. The corresponding results and discussion are provided
in Sec. 5.2. For rendering evaluation, identical view parameters, trans-
fer functions, and lighting settings are applied across all methods.

4.2 Comparison Against Learning-based Methods
We compare our framework with representative learning-based INR
models across multiple time-varying volumetric datasets. The quanti-
tative reconstruction results are summarized in Tab. 2 and Tab. 3, cover-
ing reconstruction performance, compression ratio, compression time
and decompression time.



Table 2: Quantitative comparison of different learning-based INR models on various data set. CR denotes compression ratio, CT and DT indicate
compression (in hours) and decompression time (in minutes). Best results are highlighted in bold.

Data set CR Method PSNR (dB)↑ CT↓ DT↓ Data set CR Method PSNR (dB)↑ CT↓ DT↓

combustion (CHI) 2,585

SIREN 42.28 31.48 19.38

ionization (PD) 2,550

SIREN 50.38 24.26 14.26
NeurComp 43.16 31.69 26.98 NeurComp 50.81 24.16 21.33
CoordNet 44.42 29.47 20.85 CoordNet 54.08 24.75 15.61

Switch-NeRF 41.19 29.45 34.53 Switch-NeRF 52.59 29.02 26.26
Neural Experts 41.43 45.86 25.21 Neural Experts 52.32 34.94 19.26

MoE-INR 43.68 40.82 35.74 MoE-INR 53.31 35.52 25.91
ours 43.85 0.64 0.93 ours 57.89 0.59 0.80

argon bubble 3,140

SIREN 40.39 44.90 29.58

vortex 1,120

SIREN 41.39 12.19 6.21
NeurComp 41.70 46.21 34.40 NeurComp 44.31 14.56 6.99
CoordNet 42.83 45.18 30.98 CoordNet 45.80 18.63 11.03

Switch-NeRF 41.05 50.66 32.88 Switch-NeRF 39.53 11.15 9.85
Neural Experts 39.89 61.88 25.25 Neural Experts 36.53 13.32 6.73

MoE-INR 42.25 68.97 27.76 MoE-INR 52.38 14.70 6.86
ours 43.15 0.78 0.72 ours 48.18 0.54 0.27

(a) NeurComp (b) SIREN (c) CoordNet (d) ours (e) GT

Figure 2: Comparison of volume rendering results on learning-based INR methods using the argon bubble data set, and the CR is 3,140.

(a) NeurComp (b) SIREN (c) CoordNet (d) ours (e) GT

Figure 3: Comparison of volume rendering results on learning-based INR methods using the vortex data set, and the CR is 1,120.

Quantitative comparison. As shown in Tab. 2, our framework is
significantly faster across all datasets over learning-based INR base-
lines, with compression speedups ranging from 42.6× to 59.9× and
decompression speedups from 25.7× to 38.0×, corresponding to av-
erage improvements of approximately 49.2× and 31.5×, respectively.
This efficiency gain mainly comes from our formulation. Under the
same compression ratio settings, our framework achieves the highest
PSNR on the ionization (PD) and argon bubble datasets, and the sec-
ond best PSNR on the other two datasets. While the gap to CoordNet
on combustion (CHI) is marginal, MoE-INR achieves a larger improve-
ment on vortex, indicating that coordinate-wise MoE models can be ad-
vantageous for datasets with complex temporal dynamics. This behav-
ior is related to temporal coherence: full-sequence prediction is more
challenging when temporal trajectories are high-frequency and weakly
coherent. Detailed per-time-step results and temporal-complexity anal-
ysis are provided in Appendix C. On the ionization (PD) dataset, our

framework consistently achieves superior performance across multiple
evaluation metrics. This can be attributed to the active reaction regions
occupying relatively small areas, while the majority of the domain ex-
hibits more homogeneous and stable temporal patterns.

As listed in Tab. 3, in terms of iso-surface distance (HD), our
method achieves the best results on the ionization (PD) and vortex
datasets, and remains competitive on the other dataset, i.e, second on
argon bubble and third on combustion (CHI). These results indicate
that our method provides competitive geometric reconstruction qual-
ity. For the two perceptual metrics, our method remains competitive
across datasets, achieving the best performance in three out of eight
cases and maintaining comparable results in the remaining cases. Al-
though scalar-based representations may provide advantages for cer-
tain perceptual measurements, the proposed sequence-level formula-
tion achieves a favorable balance between reconstruction quality and
efficiency, with substantial reductions in compression and decompres-



Table 3: Quantitative comparison of visual reconstruction performance
across different INR models. CR denotes compression ratio. HD mea-
sures surface distance. LPIPS and DreamSim measure perceptual sim-
ilarity. Lower values are better. The chosen isovalue is 0.2, -0.2, -0.45
and 0, respectively.

Data set CR Method HD↓ LPIPS↓ DreamSim↓

combustion (CHI) 2,585

SIREN 100.05 0.065 0.089
NeurComp 40.47 0.058 0.059
CoordNet 100.46 0.033 0.061

Switch-NeRF 88.94 0.098 0.088
Neural Experts 94.31 0.064 0.098

MoE-INR 41.38 0.032 0.039
ours 87.26 0.045 0.037

ionization (PD) 2,550

SIREN 40.79 0.087 0.136
NeurComp 40.31 0.021 0.056
CoordNet 40.68 0.046 0.029

Switch-NeRF 86.49 0.068 0.021
Neural Experts 34.61 0.093 0.035

MoE-INR 37.31 0.073 0.026
ours 34.37 0.010 0.013

argon bubble 3,140

SIREN 36.23 0.096 0.071
NeurComp 17.32 0.087 0.066
CoordNet 15.19 0.067 0.088

Switch-NeRF 18.71 0.078 0.089
Neural Experts 31.33 0.093 0.109

MoE-INR 11.53 0.021 0.045
ours 13.45 0.076 0.076

vortex 1,120

SIREN 39.60 0.223 0.213
NeurComp 29.06 0.032 0.061
CoordNet 20.46 0.048 0.025

Switch-NeRF 56.32 0.151 0.125
Neural Experts 73.27 0.295 0.312

MoE-INR 22.31 0.012 0.034
ours 17.56 0.030 0.079

sion time.
Visual comparison. On the argon bubble dataset in Fig. 2, con-

ventional INRs such as NeurComp and SIREN exhibit slight over-
smoothing in regions with thin structures, leading to blurred bound-
aries and loss of fine geometric details in the zoomed-in areas. In
contrast, our framework preserves sharper structural transitions and
more continuous bubble surfaces in the highlighted regions. How-
ever, this local advantage does not lead to uniformly better perceptual
metrics, indicating that local structural fidelity and image-level per-
ceptual similarity emphasize different reconstruction properties. As
shown in Fig. 3, on the vortex dataset, the differences become more
pronounced in regions with complex swirling structures. Baseline
methods like SIREN tend to produce either fragmented patterns or lo-
cally distorted shapes, particularly in areas with strong intensity gradi-
ents. Benefiting from expert specialization and temporal-aware rout-
ing, our framework maintains more coherent iso-surface shapes and
smoother structural evolution, closely matching the ground truth. This
observation is consistent with the best HD achieved by our framework
in Tab. 3. However, its LPIPS and DreamSim scores are not uniformly
the best, suggesting that geometric consistency and rendered-image
perceptual similarity capture different reconstruction properties. In
the visual comparison with MoE-based INR models on combustion
(CHI) in Fig. 4, Neural Experts exhibits discontinuities near the vol-
ume boundaries, while Switch-NeRF additionally smooths some fine-
scale structures. Similar blurring and mild noise are visible for Switch-
NeRF on Tangaroa in Fig. 5. It is likely related to its MoE routing be-
havior: when expert assignments vary frequently across neighboring
samples, the final prediction effectively becomes a blend of multiple
experts.

4.3 Comparison Against Lossy Compression Methods
We further compare our framework with representative traditional
lossy compression methods, including ZFP, SZ3, and TTHRESH. To
ensure fair comparison, we fix the target PSNR and adjust error bounds
accordingly. As shown in Tab. 4, our framework consistently achieves
higher compression ratios ranging from 9.6× to 102.2× than tradi-

Table 4: Quantitative comparison of reconstruction quality across differ-
ent lossy compressors. CR indicates compression ratio, HD denotes
surface distance, and total CT (in hours) is measured under the same
PSNR with isovalue -0.8, 0.8, and 0.2.

Data set PSNR (dB) Method CR↑ HD↓ CT↓

combustion (YOH) 42.25

ZFP 148 72.14 0.06
SZ3 84 57.85 0.02

TTHRESH 235 51.46 0.55
ours 2,256 26.06 0.97

ionization (H2) 52.38

ZFP 62 72.93 0.02
SZ3 55 40.77 0.02

TTHRESH 278 54.61 0.40
ours 5,619 72.58 0.78

vortex 44.12

ZFP 43 63.96 0.01
SZ3 118 63.92 0.02

TTHRESH 146 39.74 0.03
ours 2,192 21.83 0.30

tional compressors at comparable reconstruction quality, demonstrat-
ing stronger representation compactness.

For geometric consistency (HD), our framework achieves the best
performance on 2/3 datasets, while traditional compressors perform
better on ionization (H2). Although SZ3 achieves the best HD on H2,
it requires 102.2× more storage than our approach. TTHRESH pro-
vides consistent performance, ranking second across all three datasets.
In terms of efficiency, traditional compressors remain faster due to
their lightweight encoding procedures. However, they achieve lower
compression ratios, highlighting the trade-off between encoding speed
and representation compactness.

Visual comparisons further highlight these differences. On the ion-
ization (PD) dataset ( Fig. 6), ZFP and SZ3 produce smoother re-
constructions but blur some thin structures in the highlighted regions,
while TTHRESH introduces mild local distortions. Our framework
retains sharper boundaries and more visible internal details in these
regions, although this local visual advantage is not uniformly reflected
by the global HD metric. On the combustion (YOH) dataset ( Fig. 7),
which contains stronger high-frequency turbulence, ZFP exhibits vis-
ible block artifacts, while SZ3 smooths some small-scale structures.
TTHRESH preserves several high-frequency features more effectively
but introduces local distortions in other regions. Among the tra-
ditional methods, TTHRESH preserves some high-frequency details
particularly well and locally outperforms our framework in the high-
lighted regions, possibly because its transform-domain representation
effectively captures sparse high-frequency structures. In contrast, our
framework provides competitive overall geometric consistency, as re-
flected by the HD results in Tab. 4.

4.4 Performance Under Varying Compression Ratios
Fig. 8 illustrates the reconstruction performance under varying com-
pression ratios for learning-based INR methods. On the combus-
tion (CHI) dataset, the performance gap among methods becomes
more pronounced at higher compression ratios. While several mod-
els achieve comparable PSNR at moderate compression levels, their
degradation trends differ as the compression ratio increases. In par-
ticular, LPIPS shows more noticeable divergence than PSNR, suggest-
ing that voxel-wise accuracy does not always correlate with percep-
tual quality under aggressive compression. As for the ionization (PD)
dataset, the degradation patterns appear more consistent across meth-
ods. The curves exhibit relatively smooth and monotonic trends, indi-
cating that this dataset may contain more spatially coherent or tempo-
rally stable structures.

5 ABLATION STUDY AND ANALYSIS

In this section, we study and analyze the modules used in our frame-
work through a series of ablation experiments. In particular, we in-
vestigate the effectiveness of each component and further analyze how



(a) Neural Experts (b) Switch-NeRF (c) MoE-INR (d) ours (e) GT

Figure 4: Comparison of volume rendering results with MoE-based compression INR methods on the combustion (CHI) data set, and the CR is
2,585.

(a) Neural Experts (b) Switch-NeRF (c) MoE-INR (d) ours (e) GT

Figure 5: Comparison of isosurface rendering results with MoE-based compression INR methods on the Tangaroa data set. The CR is 2,314, and
the chosen isovalue is -0.7.

Table 5: Comparison of PSNR (dB) and compression ratio (CR) with
and without LoRA on two data sets.

Data set Method PSNR (dB) ↑ CR ↑

combustion (MF)
w/o LoRA 42.35 2,013
w/ LoRA 40.87 2,256

vortex
w/o LoRA 46.17 876
w/ LoRA 48.18 1,120

Table 6: Comparison of PSNR (dB) and LPIPS with and without time
embedding on two data set.

Data set Method PSNR (dB) ↑ LPIPS ↓

ionization (H+)
w/o time embedding 48.63 0.067
w/ time embedding 51.54 0.056

combustion (VORT)
w/o time embedding 36.75 0.139
w/ time embedding 39.26 0.081

temporal sequences are routed across experts.

5.1 Ablation Study

LoRA. To investigate the effect of LoRA, we compare our framework
with and without LoRA in the decoder. As shown in Tab. 5, LoRA con-
sistently improves the compression ratio by reducing the number of
trainable parameters. As a low-rank reparameterization of the original
model, it preserves most of the reconstruction quality with a more com-
pact parameterization. The impact on PSNR is dataset dependent, with
a slight decrease on combustion (MF) and an improvement on vortex,
indicating that the effectiveness of LoRA is influenced by the underly-
ing data characteristics. A more detailed analysis of different LoRA
ranks and their effect on expert diversity is provided in Appendix B.

Time embedding. To examine the impact of time embedding in
router network on the decompression performance of routing experts,

we evaluate the reconstruction quality using PSNR and assess the per-
ceptual similarity through LPIPS for visual results. As shown in Tab. 6,
incorporating time embedding improves both reconstruction accuracy
and perceptual quality across datasets. For the ionization (H+) dataset,
PSNR increases from 48.63 to 51.54, and LPIPS drops from 0.067 to
0.056. A similar trend is observed in the combustion (VORT) dataset,
where PSNR improves by 2.5 dB and LPIPS is reduced. These results
suggest that time embedding provides a performance gain, particularly
in improving temporal consistency during decompression. Predicting
full temporal sequences introduces higher modeling complexity. By
incorporating trainable time embeddings, the network is better guided
to capture temporal patterns across time steps, leading to improved
reconstruction stability and temporal consistency.

Table 7: Quantitative comparison of different INR methods adapted
to a sequential modeling setting (-seq). All methods are extended
from their original formulations to process temporal sequences. Higher
PSNR, lower CT (in hours) and DT (in minutes) indicate better perfor-
mance. The compression ratio is set to 4,400 for the ionization (H2)
dataset and 2,300 for the vortex data set.

ionization (H2) vortex

Method PSNR↑ CT↓ DT↓ PSNR↑ CT↓ DT↓

Conventional Networks

SIREN-seq 47.96 0.42 0.26 34.64 0.24 0.11
CoordNet-seq 50.54 0.52 1.00 36.10 0.28 0.12
NeurComp-seq 49.39 1.05 0.34 34.95 0.55 0.14

MoE Networks

Neural Experts-seq 47.29 0.83 0.30 33.02 0.49 0.13
Switch-NeRF-seq 50.06 0.69 0.37 32.78 0.48 0.15
ours 52.41 0.67 0.78 42.41 0.32 0.19



(a) TTHRESH (b) SZ3 (c) ZFP (d) ours (e) GT

Figure 6: Comparison of volume rendering results on the ionization (PD) dataset with traditional lossy compression methods under the same
reconstruction quality, and the PSNR is 57.89 dB.

(a) TTHRESH (b) SZ3 (c) ZFP (d) ours (e) GT

Figure 7: Comparison of volume rendering results on the combustion (YOH) dataset with traditional lossy compression methods under the same
reconstruction quality, and the PSNR is 42.25 dB.
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Figure 8: Comparison of PSNR (top) and LPIPS (bottom) under varying
CRs among different learning-based INR compressors. (Left) combus-
tion (CHI); (Right) ionization (PD).

5.2 Additional Analysis

Adapting learning-based INRs for Sequence. To further analyze
the proposed formulation in our framework, we adapt several learning-
based INRs to directly predict temporal sequences using spatial coor-
dinates as input. This allows us to examine whether the sequence-wise
formulation can benefit existing INR architectures beyond our frame-
work. The quantitative comparison is summarized in Tab. 7. On the

ionization (H2) dataset, conventional INR architectures such as Co-
ordNet and NeurComp achieve competitive PSNR values under this
setting. Among MoE-based models, Switch-NeRF attains comparable
performance to Neural Experts. This is consistent with the relatively
simple temporal dynamics in H2, where sequence modeling does not
introduce significant additional difficulty.

On the vortex dataset, overall performance decreases for all meth-
ods due to more complex temporal dynamics. Notably, conventional
INR models suffer a significant drop when adapted to sequence pre-
diction. For example, CoordNet achieves a PSNR of 44.09 under the
original coordinate-to-scalar formulation at the same compression ra-
tio, but drops to 36.10 when predicting temporal sequences Tab. 7.
In contrast, MoE-based INRs exhibit a smaller performance gap under
this setting. Neural Experts and Switch-NeRF achieve 32.20 and 35.68
PSNR, respectively, in their original formulations, which are closer to
their performance in the sequence modeling setting shown in Tab. 7.
This suggests that the proposed formulation is more compatible with
MoE-based architectures, as it aligns better with their ability to model
heterogeneous temporal patterns.

Overall, while directly modeling temporal sequences increases the
difficulty of the task and may disadvantage methods originally de-
signed for scalar coordinate-to-value prediction, it reduces the perfor-
mance gap between conventional and MoE-based INR methods under
the adapted “-seq” setting. Therefore, these results should be inter-
preted as a controlled analysis of backbone compatibility with our
formulation, rather than as a definitive comparison with the original
methods.

Effect of sequence length. To investigate the effect of output se-
quence length, we vary the output sequence length within our frame-
work to compress time-varying volumetric data of different temporal
sizes, while keeping the compression ratio controlled. Specifically, the
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Figure 9: Impact of output sequence length on reconstruction quality
and forward efficiency. Left: PSNR under different sequence lengths on
three datasets. Right: forward time (seconds) as a function of sequence
length, compared with an ideal linear growth.
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Figure 10: Distribution of voxel assignments across seven experts on
the vortex data set, comparing models trained with and without time
embedding.
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Figure 11: Visualization of voxel-level routing results on three orthogo-
nal slices. Each color represents the expert assigned to the correspond-
ing spatial location, illustrating the spatial distribution of expert routing
across the volume.

length of the predicted temporal sequence is directly determined by ad-
justing the output dimension of the decoder, without modifying other
components of the framework. Fig. 9 illustrates the effect of output se-
quence length on reconstruction quality and forward efficiency. The
ionization (H+) dataset exhibits consistently high PSNR, with only
minor fluctuations as the sequence length increases. The stable per-
formance on the ionization (H+) dataset is likely due to its relatively
simple temporal patterns, especially in the base region of the volume.
For the combustion (HR) and argon bubble datasets, PSNR slightly de-
creases with longer sequences, indicating that increasing the temporal
output dimension introduces additional modeling difficulty. The right
plot further shows that the forward time grows slightly slower than the
ideal linear trend. This is because increasing the sequence length only
enlarges the computational cost in the decoder, while the encoder and
routing components remain unchanged. As a result, the overall time
scales efficiently with the output dimension.

Expert routing. Fig. 10 presents the distribution of voxel assign-
ments across seven experts on the vortex dataset, comparing models
with and without time embedding. Without time embedding, the router
heavily favors a single expert E2, which receives 33.4% of the total as-
signments, while others such as E1 and E3 are underutilized. It is
worth noting that imbalanced value distributions are common in vol-
umetric data [7]. When time embedding is incorporated, the expert
assignments become more evenly distributed across experts other than
E2, resulting in a more balanced routing pattern. This shift indicates
that in MoE architectures, balanced routing is often desirable to en-
hance expert specialization and overall representation capacity. The

Table 8: Decompression time (DT) in seconds and memory usage for
reconstructing different numbers of consecutive frames.

Dataset Method DT (s) for # Frames Mem. (MB)↓
T=1 T=2 T=4 T=16

Vortex
CoordNet 7.53 15.12 30.48 120.44 6,772
MoE-INR 6.64 13.05 26.05 103.80 5,988
Ours 6.99 7.10 7.18 7.42 5,887

combustion (CHI)
CoordNet 21.48 42.90 85.39 340.23 7,403
MoE-INR 21.46 42.85 84.51 335.81 7,028
Ours 25.38 25.78 25.82 25.91 6,615

voxel-level routing visualized in the orthogonal slices further supports
this observation. As shown in Fig. 11, neighboring voxels that form
coherent structures, such as iso-surfaces, tend to be assigned to the
same expert. This spatial consistency suggests that the routing behav-
ior is correlated with underlying structural patterns, rather than being
fragmented or random.

Decoding multiple time frames. The sequence-based formulation
introduces a trade-off in time-specific reconstruction and rendering.
Unlike coordinate-to-scalar INRs that can directly query arbitrary spa-
tiotemporal coordinates, our decoder predicts a temporal sequence for
each spatial coordinate. Therefore, reconstructing or rendering a sin-
gle target time step may require evaluating the sequence output and
then selecting the corresponding frame, which is less flexible for ran-
dom time-step access. This may also introduce additional memory
pressure in rendering scenarios if the full temporal outputs for many
sampled spatial locations are cached simultaneously. In practice, this
can be mitigated by chunk-based decoding and by retaining only the
queried time step during rendering. On the other hand, this design
is advantageous for continuous temporal reconstruction, where multi-
ple consecutive frames can be decoded from the same spatial query.
As shown in Tab. 8, the decompression time of our method remains
nearly constant when reconstructing larger temporal windows, while
coordinate-to-scalar baselines increase almost linearly with the num-
ber of reconstructed frames. This indicates that our formulation is
more suitable for full-sequence or consecutive-frame reconstruction,
but less flexible for applications requiring frequent access to specific
time steps.

6 DISCUSSION AND CONCLUSION

Limitations and future work. We acknowledge two limitations of
our framework and discuss future directions. First, although the pro-
posed sequence-based formulation improves compression and decom-
pression efficiency, it does not consistently achieve the highest recon-
struction quality across all datasets, particularly for highly complex
temporal dynamics. Since the formulation is architecture-agnostic,
future work will explore more advanced model instantiations, such
as adaptive expert selection and dynamic capacity allocation, to bet-
ter capture heterogeneous temporal patterns while preserving its effi-
ciency advantages. Second, our formulation models each spatial lo-
cation independently and does not explicitly capture temporal corre-
lations among neighboring coordinates. Incorporating such spatial-
temporal dependencies through structured priors, e.g., tensor decom-
position, may further improve representation capacity while maintain-
ing computational efficiency.

Discussion. Our formulation models time-varying data as spatially
indexed temporal sequences, motivated by the different sampling char-
acteristics across dimensions. In most scientific datasets, time is sam-
pled regularly and evolves smoothly, making temporal sequences nat-
urally suitable for sequence-level modeling. In contrast, spatial varia-
tions are often more irregular, making flexible spatial sampling better
suited to capture local value changes. While sequences can also be
constructed along spatial dimensions (e.g., x or y), they generally ex-
hibit weaker continuity and higher variability. Such a perspective may
enable in-situ compression during simulation by progressively encod-



ing data without waiting for all time steps, although it currently relies
on structured grids and is not readily applicable to unstructured data.

Conclusion. In this work, we present a sequence-wise formula-
tion for time-varying volumetric data compression, where each spatial
location is represented as a temporal sequence to reduce dense spa-
tiotemporal sampling and enable efficient sequence-level modeling.
We instantiate this formulation with an MoE-based INR framework
for adaptive temporal modeling, and experiments on multiple datasets
show competitive reconstruction quality with improved compression
and decompression efficiency.
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A NETWORK CONFIGURATION

In this section, we provide the network architecture and training of our
framework.

Network architecture. Our model follows a mixture-of-experts
design that maps a 3D spatial coordinate directly to its corresponding
temporal sequence. Given input coordinates, the network first encodes
spatial information into a shared high-dimensional representation. In
parallel, the router determines the most suitable expert for each co-
ordinate by incorporating both spatial features and a learnable global
time embedding. Each expert decoder then predicts the full tempo-
ral sequence in a single forward pass, and the final output is selected
through hard routing.

Table 1: Architecture details of framework. M denotes the embedding
dimension, K the number of experts, T the sequence length, and r the
LoRA rank.

Module Layer/Pars In Out

Encoder

Linear (PE) 3 M
Linear (Sine) M 2M
Linear (Sine) 2M 4M
Res. Sine Block 4M 8M

Router

Linear (Sine) 3 M
Linear (Sine) M M
Time Emb. Table – T ×M
Time Proj. M M
Classifier 9M K

Decoder
Shared Expert (W0) 8M T
LoRA-A (Ak) 8M r
LoRA-B (Bk) r T

The Encoder maps a 3D spatial coordinate into a high-dimensional
latent representation. It consists of an initial linear projection followed
by multiple sine-activated layers and a residual sine block. This design
enhances the capacity to model high-frequency variations while main-
taining stable optimization.

The Router determines expert assignment for each coordinate. It
employs lightweight sine layers to extract spatial features and inte-
grates a trainable time embedding through a fusion operation. The
fused representation is then passed to a linear classifier to produce rout-
ing logits over K experts. The trainable global time embedding is first
projected into the routing feature space and summarized using mean
and variance pooling across time steps. The resulting temporal con-
text is fused through a linear layer and added to the spatial routing fea-
tures to modulate expert assignment. The time embedding parameters
are optimized jointly with the entire network in an end-to-end manner.
Since the embedding table contains only T ×M parameters, its mem-
ory overhead is negligible compared with the full model. For example,
for the vortex configuration with T = 90 and M = 352, the time em-
bedding contains 31.7K parameters, accounting for about 1.2% of the
model parameters.

The Decoder is implemented as a parallel expert structure. All ex-
perts share a base weight matrix, while expert-specific variations are
modeled through low-rank matrix updates. Each routed expert pre-
dicts the full temporal sequence of length T in a single forward pass.
Since the decoder is designed as a lightweight linear mapping that di-
rectly predicts the temporal sequence, the LoRA rank r can be set to a
small value without significantly degrading reconstruction quality. In
practice, we set the rank to 8. As for the number of experts, we fol-
low prior MoE-based INRs [7, 42] and set the number of experts to
seven (excluding the shared base component). In practice, we observe
that using fewer experts leads to noticeable performance degradation,
while increasing the number of experts beyond this setting yields only
marginal improvements.

Training and inference. We compress each variable of a multi-
variate time-varying volumetric dataset independently. For each vari-
able in training, the network is trained to learn a mapping from 3D

Table 2: CR, PSNR, and DreamSim with and without PE on the com-
bustion (CHI) dataset.

PE CR ↑ PSNR (dB) ↑ DreamSim ↓
w/o PE 2,484 41.22 0.0898
w/ hash PE [23] 1,710 38.82 0.1294
w/ harmonic PE [12] 2,585 43.85 0.0374

Table 3: Effect of different warm-up training ratios on reconstruction qual-
ity on the ionization (PD) dataset.

Warm-up Ratio PSNR (dB)↑ LPIPS↓
w/o warm up 55.89 0.071

5% 56.49 0.047
10% 57.89 0.010
20% 57.32 0.012
30% 56.98 0.064

spatial coordinates to the corresponding temporal sequence. During
inference, the trained network directly predicts the full temporal se-
quence for a queried spatial coordinate in a single forward pass. Our
implementation is based on PyTorch, and all training and inference
are performed on an NVIDIA RTX A100 GPU equipped with 80GB
of memory. During both training and inference, the input coordinates
and corresponding output values are normalized to the range of [−1,1],
following the preprocessing strategy in [11]. Specifically, the output
values are normalized independently at each time step to account for
potential variations in value ranges across different temporal frames.
We initialize the network parameters following the strategy proposed
by Sitzmann et al [30]. The model is trained for 300 epochs with a
batch size of 1,600 sampled spatial coordinates per iteration. Follow-
ing Sitzmann et al. [30], we observe that using relatively small batch
sizes is beneficial for stabilizing INR training. Since our formulation
operates purely on spatial coordinates without explicitly sampling the
temporal dimension, it naturally allows efficient training with moder-
ate batch sizes. We warm up the routing network during the first 10%
of the training epochs to guide the expert assignment process toward a
more stable initialization. We use the Adam optimizer with an initial
learning rate of 10−5, momentum parameters β1 = 0.9, β2 = 0.999,
and apply L2 regularization with a weight decay of 10−6. The learn-
ing rate decayed by half with a multistep scheduler. All computations
are performed in 32-bit floating point during training and inference,
while 16-bit floating point precision is used for model storage to re-
duce memory consumption.

B ADDITIONAL ABLATION

Positional encoding. To analyze the impact of positional encoding
(PE), we compare no PE, a learnable hash-grid PE [23], and the har-
monic PE used in our model [12] on the combustion (CHI) dataset. For
the hash-grid PE, the deterministic harmonic mapping is replaced by
a learnable multi-resolution grid encoding, and all grid parameters are
included in the compressed representation when computing CR. As
shown in Tab. 2, harmonic PE achieves the best trade-off among the
tested settings, improving PSNR from 41.22 dB to 43.85 dB and reduc-
ing DreamSim from 0.0898 to 0.0374 while maintaining a similar CR.
In contrast, the hash-grid PE introduces additional learnable parame-
ters, reducing CR to 1,710, and does not improve PSNR or Dream-
Sim on this dataset. These results motivate our use of harmonic PE
as a lightweight deterministic encoding for sequence-level volumetric
compression.

Warm-up. To evaluate the influence of warm-up training in opti-
mization, we vary the warm-up ratio on the ionization (PD) dataset and
report the corresponding PSNR and LPIPS values in Tab. 3. As shown
in the table, introducing warm-up training consistently improves re-
construction quality compared to the setting without warm-up. Perfor-
mance peaks at a 10% warm-up ratio, achieving the highest PSNR and
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Figure 1: Per-time-step PSNR comparison among different methods on four datasets: Argon Bubble, combustion (CHI), ionization (PD), and vortex.
The curves illustrate reconstruction quality variations across time steps, showing the performance of three methods under the same compression
setting.

Table 4: Effect of LoRA rank on reconstruction quality, expert diversity,
and model size. Expert variance is computed as the mean variance of
predictions across experts, following the uncertainty analysis in MoE-
INR [7].

Dataset LoRA Rank Params PSNR (dB)↑ Expert Var.

combustion (MF)

– 7.82M 42.46 5.65×10−2

2 6.71M 40.55 3.98×10−5

4 6.72M 40.53 4.85×10−5

8 6.75M 40.87 8.10×10−5

16 6.80M 40.61 7.00×10−5

Vortex

– 3.45M 46.17 1.21×10−2

2 2.70M 46.84 8.07×10−6

4 2.71M 46.85 9.79×10−6

8 2.73M 48.18 2.17×10−5

16 2.77M 47.80 1.44×10−5

Table 5: Effect of the number of experts on compression ratio, recon-
struction quality, and memory usage. The dataset used is vortex.

# Experts CR↑ PSNR (dB)↑ Mem. (MB)↓

4 1,124 47.85 5,465
7 1,120 48.18 5,887
12 1,113 48.33 6,201
32 1,088 48.44 12,195

the lowest LPIPS. Increasing the ratio beyond 10% does not further im-
prove performance; instead, both PSNR and LPIPS slightly degrade at
20% and 30%. This trend suggests that a moderate warm-up phase
helps the router learn more reliable expert assignments in the early
stage of training. However, excessive warm-up may over-constrain
the routing behavior, reducing the flexibility of joint optimization in
later stages.

LoRA. Table 4 reports the impact of different LoRA ranks on re-
construction quality, model size, and expert diversity. The primary
motivation for introducing LoRA is to reduce the number of trainable
parameters and improve model compactness, which is particularly im-
portant in the context of neural compression. Across both datasets,
LoRA reduces the parameter count by approximately 20% while pre-
serving most of the reconstruction quality. Furthermore, increasing the
LoRA rank from 1 to 16 results in only minor changes in PSNR, sug-
gesting that reconstruction quality is relatively insensitive to the rank
value. Therefore, a small rank is generally sufficient to achieve a favor-
able trade-off between model compactness and reconstruction quality.
To further analyze this behavior, we follow MoE-INR [7] and measure
expert diversity using the variance of predictions across experts. As
shown in Table 4, applying LoRA significantly reduces expert vari-
ance compared with the full decoder, indicating that experts become
more similar due to the shared low-rank parameterization. Interest-

ingly, the impact on reconstruction quality is dataset dependent. For
the combustion (MF) dataset, LoRA introduces a noticeable PSNR
drop together with a substantial reduction in expert variance. This
suggests that MF contains highly heterogeneous dynamics that bene-
fit from stronger expert specialization. In contrast, the vortex dataset
maintains comparable reconstruction quality despite the reduced ex-
pert variance. We attribute this behavior to the more homogeneous
data distribution in vortex. A histogram analysis of voxel values will
show that the value distribution in vortex is more concentrated and
uniform than that of MF. Consequently, reducing expert diversity has
a much smaller impact on reconstruction quality. In this case, the pa-
rameter sharing introduced by LoRA acts as a lightweight regularizer
and achieves a favorable trade-off between model compactness and
reconstruction quality.

Expert numbers. As shown in Tab. 5, increasing the number of
experts improves reconstruction quality but also introduces additional
memory cost and slightly reduces the compression ratio. On the vortex
dataset, increasing the number of experts from 4 to 12 improves PSNR
from 47.85 dB to 48.33 dB, while the memory usage increases mod-
erately from 5,465 MB to 6,201 MB. However, further increasing the
number of experts to 32 only brings a marginal PSNR improvement to
48.44 dB, but nearly doubles the memory usage to 12,195 MB and fur-
ther reduces the CR to 1,088. This indicates that using more experts
improves modeling capacity, but the benefit quickly saturates while
the memory overhead continues to grow. In our main experiments, we
use 7 experts following the settings of prior MoE-based INR meth-
ods [7, 42]. The additional result with 32 experts serves as a more
aggressive configuration to examine whether substantially increasing
the expert number can further improve performance. The results show
that such an increase brings only limited PSNR improvement but sub-
stantial memory overhead. Therefore, we select 7 experts as a practical
trade-off between reconstruction quality, compression ratio, and mem-
ory efficiency.

C QUANTITATIVE ANALYSIS OF TEMPORAL BEHAVIOR

Performance across timesteps. Fig. 1 shows the per-time-step
PSNR curves on four datasets: Argon Bubble, combustion (CHI), ion-
ization (PD), and vortex. For Argon Bubble, the reconstruction quality
gradually decreases as the time step increases, indicating a progres-
sive increase in temporal complexity. In ionization (PD), the PSNR
values fluctuate more irregularly across time, reflecting non-uniform
temporal dynamics. For the combustion (CHI) dataset, the decreasing
PSNR values over time are due to the increasingly turbulent nature
of the combustion process. As the data gets more complex, the vol-
ume rendering results show larger differences with respect to the GT.
The vortex dataset exhibits relatively stable performance with occa-
sional sharp drops at specific time steps. These observations suggest
that reconstruction quality is closely related to the temporal evolution
characteristics of each dataset, and different datasets exhibit distinct
time-dependent behaviors.

As shown in Fig. 1, the temporal variations of our method closely
follow those of scalar-prediction INR models, indicating that the



sequence-wise formulation preserves the underlying temporal evolu-
tion. Moreover, our method exhibits smaller fluctuations across time
steps, suggesting more stable behavior when modeling temporal se-
quences. This reduced variance is more evident in datasets with rel-
atively smoother dynamics, while in more complex cases, the overall
trends remain consistent despite increased variability. For example,
on the ionization (PD) and vortex datasets, our method exhibits rela-
tively smaller fluctuations across time steps, resulting in more stable
temporal behavior.
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Figure 2: Analysis of temporal complexity and spatial coherence of tem-
poral trajectories.

Impact of temporal complexity and spatial coherence of se-
quences. To further understand this behavior, we analyze the temporal
high-frequency ratio and the spatial coherence of temporal trajectories
in Fig. 2. These two metrics are computed as follows. We randomly
sample a set of spatial locations and perform Fourier analysis on the
temporal sequence at each location. For each sequence, the temporal
high-frequency ratio is computed as the proportion of high-frequency
energy in these sampled trajectories, reflecting how rapidly the scalar
values change over time. We also randomly sample neighboring voxel
pairs and compute the Pearson correlation between their temporal se-
quences. The neighbor trajectory correlation is obtained by averag-
ing these correlations over all sampled pairs, measuring the degree to
which adjacent spatial locations exhibit similar temporal evolution.

The results show that combustion (CHI) has a high temporal high-
frequency ratio and the lowest neighbor trajectory correlation among
the evaluated datasets. This indicates that CHI contains rapid temporal
variations that are also less spatially coherent, making full-sequence
prediction more challenging. In contrast, ionization (PD) also exhibits
relatively strong temporal variations, but its neighbor trajectory corre-
lation remains high. This suggests that although PD changes rapidly,
its temporal evolution is more spatially coordinated and structured,
making it more suitable for sequence-level modeling. Similarly, vor-
tex exhibits high spatial trajectory coherence, indicating that neighbor-
ing spatial locations tend to share similar temporal evolution patterns.
Such characteristics are favorable for the proposed sequence-based for-
mulation, as the model can exploit both temporal regularity and spa-
tially coherent temporal trajectories.

Argon Bubble shows fewer high-frequency signals and high spatial
coherence, but its reconstruction quality still gradually decreases over
time, indicating that temporal complexity can also accumulate progres-
sively as the simulation evolves. Overall, these results suggest that the
effectiveness of sequence modeling depends not only on the magni-
tude of temporal complexity, but also on whether the temporal dynam-
ics are spatially coherent. Datasets with high temporal frequency and
weak spatial trajectory coherence, such as combustion (CHI), repre-
sent more challenging cases where the full-sequence prediction target
may lead to reconstruction degradation.
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