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Abstract

Due to cost and sampling constraints, real-world
scientific data are often incomplete, posing signifi-
cant challenges for data interpretation. As a result,
interpolation becomes a fundamental task in scien-
tific data processing. However, these constraints
also lead to off-the-grid observations, making it
difficult to directly apply conventional methods.
To address this, gridding strategies are commonly
used to map irregular samples onto a regular grid,
but this process inevitably introduces approxima-
tion errors. Meanwhile, the rapid growth of data
volume in large-scale surveys places significant
demands on computational efficiency. To address
these issues, we propose a Continuous Tensor
Ring Network (CTR-Net), which integrates Ten-
sor Ring (TR) decomposition with Implicit Neural
Representation (INR) for large-scale off-the-grid
data reconstruction. By combining continuous co-
ordinate modeling with low-rank priors, CTR-Net
effectively captures the intrinsic structure of high-
dimensional data. A LoRA-based progressive
learning scheme enables scalable reconstruction
over large survey areas. To account for distinct
temporal—spatial sampling characteristics, we in-
troduce a decoupling strategy for temporal and
spatial modeling, improving computational effi-
ciency. Experimental results show that CTR-Net
achieves a favorable balance between reconstruc-
tion accuracy and computational efficiency for
large-scale 5D seismic data reconstruction.

1. Introduction

Modern scientific discovery increasingly relies on the ac-
quisition, processing, and interpretation of large-scale mul-
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Figure 1: Illustration of off-the-grid sampling and gridding
process. (a) Real off-the-grid sampling; (b) illustration of
gridding; (c) ideal on-the-grid sampling.

tidimensional data, such as seismic exploration data (Trad,
2009), remote sensing and hyperspectral images (Liu et al.,
2023; Zhang et al., 2018), dynamic medical imaging (Lustig
et al., 2007), and climate and oceanographic observations
(Beckers & Rixen, 2003). Although these applications are
governed by different physical mechanisms, their data typ-
ically manifest as complex physical fields distributed over
multiple coordinate dimensions, including space, time, fre-
quency, angle, offset, wavelength, or other acquisition vari-
ables. From a mathematical perspective, such data can be
naturally represented as high-dimensional arrays or tensors,
providing an effective framework for modeling multivariate
correlations in scientific and engineering problems.

In practice, fully sampled multidimensional scientific data
are often difficult or even impossible to acquire. Unlike data
defined on regular pixel (Liu et al., 2018) or voxel (Shao
et al., 2023) grids, real-world high-dimensional observa-
tions are typically constrained by acquisition cost and mea-
surement conditions, making dense, regular, and complete
sampling infeasible. Complex acquisition environments fur-
ther lead to off-the-grid and incomplete observations, as
shown in Fig. 1(a). As a result, scientific data often exhibit
strong irregularity and high missing rates, making robust
reconstruction challenging.

To handle such irregularly sampled data, conventional in-
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dustrial workflows typically rely on gridding. Specifically,
observations collected at irregular spatial locations (Fig.
1(a)) are mapped onto a unified regular grid (Fig. 1(c)) via
weighted averaging, followed by interpolation to fill miss-
ing samples. Although this procedure facilitates storage and
numerical computation, it essentially projects a continuous
physical field onto a discrete grid, inevitably introducing
approximation errors that may accumulate and propagate
through subsequent processing stages.

Moreover, in large-scale scientific applications, the rapid
growth of data volume—often reaching TB scale or be-
yond—places significant demands on computational effi-
ciency. Due to GPU memory limitations, large-scale data are
often reconstructed using a window-wise strategy (Kreimer
et al., 2013). However, this introduces new challenges:
variations in structural features, signal characteristics, and
noise distributions across different windows hinder glob-
ally consistent reconstruction when trained independently,
while also significantly increasing computational cost due
to redundant training across regions.

Another important but often overlooked characteristic is that
different dimensions exhibit substantially different sampling
densities and physical meanings. Existing reconstruction
methods typically adopt fully coupled modeling (Chen et al.,
2016b; Liu et al., 2022), which exploits global correlations
but fails to account for the intrinsic differences between
densely sampled temporal dimensions and sparsely sampled
spatial dimensions. Directly coupling these heterogeneous
dimensions not only increases the complexity of the inverse
problem but also introduces additional computational over-
head, and may degrade robustness under high missing rates
and highly irregular sampling geometries.

To address these issues, we model large-scale off-the-grid
data as a continuous parametric function and use 5D seismic
data as a representative testbed. Seismic data are organized
along time and multiple acquisition-related dimensions (e.g.,
spatial location, offset, and azimuth), capturing rich multi-
dimensional correlations while remaining computationally
tractable. 5D seismic reconstruction involves challenges
including off-the-grid sampling, high missing rates, large
data volumes, and complex spatial-temporal characteristics.
To address these challenges, the main contributions of this
work are summarized as follows:

1. A CTR-Net framework is proposed. It integrates the
low-rank constraint of TR decomposition with the con-
tinuous coordinate representation of INR for modeling
large-scale off-the-grid data.

2. A progressive curriculum learning strategy is proposed
to reduce redundant training in window-wise process-
ing. By combining LoRA with parameter slots, the
model performs lightweight parameter updates while

keeping the core parameters stable, which reduces
training time across different data windows.

3. A temporal-spatial decoupled learning strategy is pro-
posed to improve reconstruction efficiency. It sepa-
rately models densely sampled temporal dimensions
and sparsely sampled spatial dimensions, thereby
avoiding the inefficiency of point-wise INR queries
in large-scale scenarios.

2. Related Work

Traditional methods: Traditional methods can be broadly
categorized into sparsity-based (Gilbert et al., 2014; Chen
et al., 2016a) and low-rank methods. The low-rank methods
involves matrix (Candes & Plan, 2010) and tensor com-
pletion (Liu et al., 2012) methods. Among them, singular
value decomposition (SVD)-based methods are particularly
prominent. The Cadzow method (Cadzow, 2002; Oropeza
& Sacchi, 2011) transforms reconstruction into a low-rank
matrix completion problem through Hankel matrix embed-
ding, enabling unified denoising and interpolation. With
the advancement of high-dimensional acquisition technolo-
gies, low-rank matrix approaches have naturally extended
to tensor-based formulations. More recently, tensor-based
methods, such as Tucker (Liu et al., 2025), Tensor Train (TT)
(Sedighin et al., 2020), and Tensor Ring (TR) decomposition
(Liu et al., 2022), have demonstrated strong capability in
capturing global correlations through low-rank constraints.
However, these methods are inherently defined on discrete
grids, which limits their applicability to irregularly sampled
data and continuous signal representation.

Implicit neural representations: Implicit Neural Represen-
tations (INRs) have recently emerged as a powerful frame-
work for continuous signal modeling (Mildenhall et al.,
2021). By learning a mapping from spatial coordinates
to signal values, INRs provide a compact and flexible rep-
resentation of high-dimensional data. Early INR models
(Chen et al., 2021) typically rely on positional encoding to
enhance high-frequency representation. Sinusoidal repre-
sentation networks (Sitzmann et al., 2020) significantly im-
prove the modeling of high-frequency details and have been
applied to off-the-grid data reconstruction(Li et al., 2024).
Because INRs directly model continuous coordinates, they
are naturally well-suited for off-the-grid data, avoiding the
discretization errors introduced by conventional gridding.
Nevertheless, existing INR-based methods generally em-
ploy direct point-wise querying, which fails to fully exploit
the intrinsic low-dimensional structure of high-dimensional
data and becomes computationally inefficient for large-scale
datasets.

Structured low-rank neural representations: To jointly
exploit structural constraints and the expressive power of
neural networks, a class of hybrid approaches has recently
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emerged, which integrate low-rank priors with neural repre-
sentations(Li et al., 2023). Early methods typically couple
low-rank models with neural networks in a straightforward
manner, but are limited to small-scale datasets and often re-
quire patch-wise processing (Liu et al., 2025). Subsequently,
Luo et al. (2023) combined Tucker decomposition with INR,
removing the dependence on patch-wise processing and suc-
cessfully extending the framework to 3D seismic data recon-
struction (Wang et al., 2026). However, the computational
efficiency of existing methods for large-scale irregular data
reconstruction still requires further improvement.

LoRA: In large-scale data applications, computational ef-
ficiency and scalability are critical. Window-wise train-
ing alleviates GPU memory limitations but introduces re-
peated training across different data windows, thereby in-
creasing time cost. Recently, parameter-efficient learning
methods, such as low-rank adaptation (LoRA) (Hu et al.,
2022; Dettmers et al., 2023; Mao et al., 2025), update only
a small number of additional parameters while keeping the
backbone stable. This enables fast adaptation and provides a
new solution to this problem. Given that different windows
of the same data still exhibit strong structural similarity,
LoRA can preserve shared structures during adaptation and
fit local variations with only a small number of parameter
updates, thereby improving computational efficiency.

3. Notations and Preliminaries
3.1. Notation

In this paper, the following notations are defined. Low-
ercase boldface letters (e.g., x) denote vectors, uppercase
boldface letters (e.g., X) denote matrices, and uppercase
calligraphic letters (e.g., X) denote higher-order tensors.
Let X € Rfixf2XxIN denote a N-th order tensor. An ele-
ment of tensor X is represented as X (i1, i2, . . ., 4y ), Where
(i1, 19, ...,1x) are the indices of the corresponding entries.
Given two tensors A € RI1x12xI3 gpnd B ¢ RIsxfaxIs
their contraction along the third mode of .A and the first
mode of B is defined as A x B € RI1>*12x14+xI5  Here
the operator “x” denotes this contraction over the common
mode. Furthermore, the /5 norm of a vector x € R" is
defined as x|z = v/>_;—; «7, and the Frobenius norm
of a tensor X € RI¥I2xXIN g defined as || X||r =

I I I PR . 2
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To formally describe the 5D data, we represent a sample
from the tensor X' € RI¢>*1axIy*IoXIa ysing the coordinate
vector:

v = [vt,vx,vy,vo,va}, @))
where v denotes a single point coordinate, and
Vg, Vg, Uy, Vo, Ug correspond to the temporal dimension ¢ and
spatial dimensions z, y, o, and a, respectively. In addition,
We use V = [V, Uz, Uy, Vo, Ug] for off-the-grid coordinates,
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Figure 2: Illustration of reconstruction methods for off-
the-grid data. (a) Reconstruction using the gridding-based
method; (b) Reconstruction using the coordinate-based con-
tinuous representation method.

; R v —

t 'M’
Iy | 2 T 1
@ I 3 A

| By ONE Re BAA
h—x — L = —g® §Or—t = !E’ s !’ﬁ

/N R\

/s ,
O ng " RR_ G®
SN “AAN W ﬂ
Iy

)/

Figure 3: Illustration of the Tensor Ring (TR) decomposi-
tion.

and & = [&, &z, &y, €o, & for on-the-grid coordinates.

3.2. Gridding-Based Discrete Reconstruction

Real scientific data are typically sampled off the grid, con-
ventional methods map the irregularly sampled data onto a
regular grid before reconstruction through weighted averag-
ing, as shown in Fig. 2(a).

Let D € RItxlexlyxIoxla denote the gridded, incom-
pletely sampled 5D data, and let X € RI¢*TexIyxIoxla
denote the fully sampled tensor. Their relationship can be

expressed as:
D=P0OAX, )

where ® denotes the Hadamard product and P €
RIex1zxIyxIoxTa jg the sampling tensor. Each element of
P is defined as:

0, if D¢, ¢, ¢,.¢,.¢, 18 DOt Observed,

Pe,c. = . .
Sobe by Lol {1, if D, ¢, ¢, ..., is Observed,

3)
where D, ¢, ¢, ¢,.¢, denotes the element of the 5D data
D indexed by (&, &x, &y Eo, Ea)- To recover the complete
tensor, we represent X using a parametric model:

X = My(D), “

where My denotes the reconstruction model parameterized
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Figure 4: Illustration of the CTR-Net method. (a) Overall framework of CTR-Net, consisting of two main modules; the
coordinate encoder and the tensor ring module; (b) Coordinate-based encoder, which parameterizes the core tensors by
processing a single coordinate input with an MLP, followed by element reshaping to generate the core matrices; (c) Tensor
Ring Recombination, where five core tensors are cyclically contracted to produce the amplitude at a single coordinate.

by . The model is optimized by:

min £(0) = min [P © My(D) = DI|F,  (5)

where £(¥) is the reconstruction loss.

On the regular grid, 5D data exhibit strong multidimen-
sional correlations and redundancy. Low-rank methods are
particularly effective at exploiting these intrinsic structures.
Among them, TR decomposition (Zhao et al., 2016) has
been widely adopted due to its powerful high-dimensional
representation capability. TR represents a high-order tensor
using a sequence of cyclically connected third-order core
tensors, as shown in Fig. 3, enabling flexible modeling of
inter-dimensional dependencies.

For a 5D tensor, the TR representation is given by:

M (it i iy ioria) = TH{GW (i)
x G (i) x GW(i,)

x G (i)
x G (i)}, (6)

where G (i, ) = G (.0, ,:) € RE*Bnt1 denotes
the 4,,, -th lateral slice of the core tensor g<").

3.3. Coordinate-Based Continuous Reconstruction

Although TR decomposition and other discrete reconstruc-
tion methods have achieved impressive performance for reg-
ularly sampled data, it is only applicable to on-the-grid data.
For off-the-grid data, an explicit gridding step is required be-
forehand, which inevitably introduces approximation errors
and limits reconstruction accuracy.

Coordinate-based continuous reconstruction, represented by
INRs (Gao et al., 2025; Sitzmann et al., 2020), offers an al-
ternative for off-the-grid data reconstruction. As illustrated
in Fig. 2(b), INR directly learns from irregularly sampled
coordinates without requiring a prior gridding step. Once
trained, the model can predict signal values at arbitrary tar-
get locations, enabling direct reconstruction from irregular
samples to a regular grid.

The point-wise INR formulation can be written as:

My(v) = fa(v), ©)

where fy denotes an MLP network and v represents the
coordinate. By learning a continuous mapping from coor-
dinates to amplitudes, INR avoids the information loss and
distortion introduced by gridding. However, because INR
implicitly models the signal as a continuous function with-
out explicit global structural constraints, its reconstruction
may become unstable under noisy conditions.

4. Method

4.1. Continuous Tensor Ring Network

The essence of discrete TR decomposition lies in model-
ing cross-dimensional correlations through the cyclic con-
traction of a sequence of low-order core tensors, G (") ¢
Rftn xInxEni1 This formulation reduces the storage com-
plexity of a fifth-order tensor from O(I°) to O(I R?), where,
for simplicity, we assume [,, = I and R,, = R for all n.
Thereby effectively alleviating the curse of dimensionality.

To overcome the inherent limitation of discrete TR on regu-
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Figure 5: Progressive curriculum learning strategy based
on LoRA. (a) Window-wise reconstruction of large-scale
5D data and the curriculum learning process of the model
across different regions; (b) Parameter update process based
on LoRA and parameter slots.

lar grids, we generalize the discrete index i,, to a continuous
coordinate v,, € €2,,, where (,, denotes the continuous do-
main of the n-th dimension. Accordingly, the discrete slice
matrix G (i, ) € RE»*Rn+1 js extended to a continuous
kernel matrix function f,, (v,,) : Q,, — RFnXFnt1,

This leads to a continuous low-rank tensor mapping from
multidimensional coordinates to amplitudes (i.e., the pro-
posed CTR-Net):

5
Mﬂ(v) =Tr H fn(vn)
n=1
= Tr(fr(ve) o fu(va) o fiy(vy) © fo(vo) © fa(va)), (8)

where v = [vg, v, Uy, Vo, Ug] denotes the input coordinate
vector, Tr(-) represents the matrix trace, and o denotes ma-
trix composition in the continuous domain.

Since INRs naturally model continuous functions, each ker-
nel function f,,(v,,) is parameterized by a multilayer per-
ceptron (MLP), as showed in Fig. 4. Specifically:

fa(vn) =Wro(Wr_q---0(Wivy,)), 9)

where o(-) denotes the nonlinear activation function,
{W,}£_, are the learnable weight matrices. In this work,
we adopt the sinusoidal activation (Sitzmann et al., 2020)
due to its ability to represent high-frequency details.

4.2. Progressive Curriculum Learning Strategy

Despite its strong representational capability, this contin-
uous formulation still faces significant optimization and
computational challenges in large-scale settings.

In practice, large-scale SD data are reconstructed in win-
dows due to GPU memory limits (Fig. 5(a)). Each window
(i.e., region) is treated as an independent data segment;
however, this leads to inconsistencies across regions and
increases computational cost due to repeated training. To
address this, we propose a progressive curriculum learning

strategy. The model is first trained on a simple, high-SNR
base region to obtain pretrained parameters ¥*, then grad-
ually transferred to more complex regions. As shown in
Fig. 5(b), a lightweight LoRA-based fine-tuning mechanism
is introduced.

For the linear mapping layers in the network, the cross-
region update can be expressed as:

W' = W, + AW = W, + AB, (10)

where the core weight matrix W, is inherited from the pre-
trained model ¥* and remains frozen during reconstruction
in new regions. The low-rank increment AW is formed
by the product of two matrices A € R?" and B € R"*¥,
where r < min(d, k). The increment AW is assigned
to lightweight parameter slots in the network to capture
region-specific geological variations. During training, only
the low-rank increment AW is updated, while the core
parameters remain unchanged.

Overall, this framework supports knowledge transfer across
regions, providing a scalable and consistent solution for
large-scale data.

4.3. Temporal-Spatial Decoupled Learning Strategy

In TR decomposition, core tensors model data structure via
cyclic products, where each element reflects interactions
across dimensions. As shown in Fig. 6, INRs represent five
core tensor slices that are cyclically multiplied to obtain the
amplitude at a given coordinate.

Traditional INRs adopt point-wise queries, predicting one
value per coordinate. However, real-world scientific datasets
are often TB-scale, leading to substantial I/O overhead, re-
dundant computation, and low GPU utilization. Moreover,
different dimensions differ significantly in sampling density
and physical meaning. Directly coupling dense temporal co-
ordinates with sparse, irregular spatial coordinates increases
the inverse problem complexity.

To address this issue, we exploit the variable-separation
property of CTR-Net and decouple temporal and spatial
dimensions based on their distinct sampling characteristics.
Taking seismic data as an example, it exhibits high and
uniformly sampled temporal resolution but sparse spatial
sampling, allowing each time series to be treated as the basic
computational unit, thereby shifting from point-wise queries
to parallel time-series representation. Similar characteristics
also exist in other scientific data such as acoustic signals,
where temporal measurements are densely sampled while
spatial sensor distributions are typically sparse. The main
steps are as follows.

(1) Temporal-spatial decoupling and spatial feature
reuse. All time samples in a time series share the same
spatial coordinates, allowing decoupled computation. For
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Figure 6: Comparison of the point-wise query and time-
series mapping paradigms in the continuous tensor ring
framework. (a) In the conventional point-wise query mode,
spatial core matrices are repeatedly computed for each time
sample, leading to substantial redundancy. (b) In the time-
series mapping mode, samples within a time-series share
the same spatial coordinates and are vectorized along the
time dimension, greatly improving inference efficiency.

each spatial location, the corresponding spatial core tensors
(i.e., features of v, and v, in Fig. 6) are computed once and
cached.

(2) Time-series generation via tensor contraction. The
cached spatial features are then contracted with the time
core tensor spanning the full time axis ( Fig. 6(b)), enabling
one forward pass to generate an entire seismic time-series
rather than a single amplitude.

The training objective minimizes the difference between the
predicted and observed time-series:

NF
min Y ([[ My (v7) — u(vi)|2), an

Jj=1

min L(Y) =

where v/ = [v%, UZJ/, vl fugJ denotes the spatial coordinate,
u(vj ) represents the observed time-series at coordinate v,
and IV, is the number of observed time-series. Notably, the
learning is unsupervised, with the wavefield represented
by optimizing network parameters without external data.
During inference, the trained model is evaluated on grid

coordinates &’ to reconstruct amplitudes Mﬂ(ﬁj).

5. Experiments

We evaluate the proposed method on off-the-grid 5D syn-
thetic seismic data and real seismic data. To better evaluate
the performance, we compare our method with two meth-
ods, the discrete TR-based PMF-TR method (Liu et al.,
2022) and the point-wise INR method (Li et al., 2024). The
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Figure 7: Reconstruction results of different methods on
clean off-the-grid synthetic data with a 50% missing rate.
(a) synthetic off-the-grid data; (e) observed data with miss-
ing time-series; (b)—(d) reconstruction results of PMF-TR,
INR, and CTR-Net, respectively; (f)—(h) corresponding re-
construction errors. The error amplitudes are magnified by
10.

PMF-TR method is implemented in MATLAB, whereas
the INR-based methods are implemented in PyTorch and
trained on an NVIDIA GeForce RTX 3090 GPU.

5.1. Synthetic Off-the-Grid Data

We generated an off-the-grid 5D seismic dataset, and the
reconstructed regular-grid data size is 256 x 20 x 20 X
10 x 10. The first dimension corresponds to time, while the
remaining four dimensions correspond to spatial axes. The
temporal sampling interval is 2 ms, and the spatial sampling
interval is 18 m. The dataset contains four reflection events.
Experiments are conducted under missing rates ranging
from 0.1 to 0.9 for both noise-free and noisy cases. The
noisy data are obtained by adding additive white Gaussian
noise (AWGN) to the clean data, resulting in an SNR of
—0.02 dB. The reconstruction results are shown in Table 1
and Table 2. Since PMF-TR performs poorly on clean data,
we do not test it on noisy data.

We visualize reconstruction results on clean data with a
missing rate of 0.5. Fig. 7 shows a slice at (:, :, 5, 2, 2).
Ideally, regularly sampled data should be evenly spaced,
but Fig. 7(a) exhibits clear irregularity. Although PMF-TR
results appear visually smooth, the SNR remains low due
to waveform distortion and loss of signal details introduced
by gridding. In contrast, CTR-Net avoids gridding and di-
rectly models irregular data, preventing resampling-induced
information loss. As a result, it preserves more waveform
features and achieves higher reconstruction accuracy and
robustness than conventional INR methods.

We further compare computational efficiency under different
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Figure 8: Reconstruction results of different methods on the real dataset. (a) Observed data; (b) and (c) reconstruction
results of PMF-TR and CTR-Net, respectively. In the region marked by the red box, the proposed method produces clearer
reflection events. Meanwhile, as indicated by the yellow arrow, the data recovered by CTR-Net is not significantly affected

by bottom noise.

Table 1: Reconstruction results for clean off-the-grid syn-
thetic seismic data (unit: dB).

Missing rate PMF-TR  INR  CTR-Net Missing rate  INR ~ CTR-Net
0.1 8.72 42.85 53.96 0.1 19.84 22.36
0.2 9.03 41.96 5247 0.2 19.12 2141
0.3 9.31 40.84 50.89 0.3 18.46 20.55
0.4 9.47 39.76 49.52 04 17.82 19.76
0.5 9.59 38.90 48.30 0.5 17.21 19.09
0.6 10.02 37.88 47.42 0.6 16.63 18.32
0.7 10.43 36.75 46.71 0.7 15.87 17.47
0.8 9.87 34.28 41.85 0.8 14.14 15.46
0.9 9.21 31.82 36.69 0.9 11.90 13.06

thetic seismic data (—0.02 dB) (unit: dB).

Table 2: Reconstruction results for noisy off-the-grid syn-

training strategies. Conventional INR uses point-wise train-
ing and takes about 2h11m. In contrast, CTR-Net adopts
time-series learning strategy and completes training in about
36m. This indicates that time-series learning significantly
reduces computational cost and improves efficiency.

5.2. Real Off-the-Grid Data

We conduct experiments on a real 5D seismic dataset, and
the reconstructed regular-grid data size is 2001 x 204 x
51 x 11 x 8, with a missing rate of 67.2%. The sampling
parameters are Az = 10 m, Ay = 10 m, Ao = 400 m,

and Aa = 45°. Due to the large data size, PMF-TR cannot
reconstruct the full dataset directly. Therefore, PMF-TR is
applied in a window-wise manner. In contrast, CTR-Net is
trained on the entire dataset.

Fig. 8 shows the sections (;, :, 7, 3:8, 1). Off-the-grid acquisi-
tion results in only a small number of valid time-series, and
the data are contaminated by significant noise, which greatly
increases the difficulty of reconstruction. Nevertheless, both
low-rank-based methods still recover the overall data struc-
ture reasonably well. However, in the region marked by the
red box, the proposed method produces clearer and more
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Figure 9: Reconstruction results on the same real dataset
with and without the curriculum learning strategy. (a) Ob-
served data; (b) reconstruction without a pretrained model
(300 epochs); (c) reconstruction with the curriculum learn-
ing strategy (100 epochs).

continuous reflection events. In addition, at the locations
indicated by the yellow arrows, the CTR-Net results are not
affected by obvious bottom noise. The reconstructed events
show better continuity and consistency.

5.3. Ablation Studies
5.3.1. CURRICULUM LEARNING STRATEGY

We use a previously trained CTR-Net model on seismic data
as the initialization and introduce an curriculum learning
strategy. We then train the model on another 5D seismic
dataset from the same survey area, with the same recon-
structed data size. Fig. 9 shows the sections (:, :, 7, 3:8, 1)
and presents the results obtained using two different training
strategies. Fig. 9(b) presents the result without a pre-trained
model, where the network is trained from scratch for 300
epochs. Fig. 9(c) shows the result with curriculum learning,
where only 100 epochs are required. The reconstruction
quality of the two methods is similar, indicating that the
proposed curriculum learning strategy improves training
efficiency while maintaining reconstruction performance.

To further quantify the efficiency, we compare the training
time with and without curriculum learning. Without curricu-
lum learning, the training takes about 3h45m. With curricu-
lum learning, the training time is reduced to about 1h20m,
achieving more than a 50% improvement. These results
show that the proposed mechanism effectively reduces re-
dundant training cost while preserving model performance.

5.3.2. TEMPORAL-SPATIAL DECOUPLED LEARNING
STRATEGY

To evaluate the efficiency of the proposed time-series learn-
ing strategy, we compare it with conventional point-wise
training on a synthetic clean dataset.

Experimental results show that point-wise training requires
approximately 2h33m, whereas time-series training com-
pletes in only 36m, achieving an overall speedup of ap-
proximately 4.3 . This substantial acceleration is primarily
attributed to the fact that time-series learning generates an
entire seismic time-series in a single forward pass, thereby
greatly reducing the number of network evaluations and
improving computational resource utilization.

5.3.3. EFFECT OF TENSOR DECOMPOSITION

To further validate the superiority of TR decomposition in
continuous tensor representation, we replace the TR module
in CTR-Net with Tensor Train (TT) (Oseledets, 2011) and
Tucker (Kolda & Bader, 2009) decompositions, resulting in
CTT and CTucker. The results are shown in Table 3. All
other settings are kept identical for a fair comparison.

Table 3: Reconstruction SNR (dB) using different tensor
decomposition methods on clean synthetic data.

Missing Rate  CTucker CTT CTR
0.5 43,52 4596 48.30
0.7 4178 4419 46.71
0.9 31.64 3421 36.69

As shown in Table 3, CTR consistently achieves the best
reconstruction performance across all missing rates, fol-
lowed by CTT, while CTucker performs the worst. This
superiority can be attributed to the cyclic structure of TR,
which effectively alleviates boundary rank constraints and
provides greater representational flexibility.

6. Conclusions

Experimental results demonstrate that the proposed CTR-
Net achieves accurate and stable reconstruction of high-
dimensional (e.g., 5D) scientific data under off-the-grid and
extremely sparse sampling conditions. Compared with con-
ventional low-rank and grid-based methods, it produces
fewer aliasing artifacts, better preserves structural continu-
ity, and more faithfully recovers details. The LoRA-based
approach improves large-scale training efficiency. Mean-
while, the temporal-spatial decoupled strategy significantly
improves computational efficiency, enabling practical pro-
cessing of large-scale data. Overall, CTR-Net provides an
effective, efficient, and scalable solution for off-the-grid
data reconstruction.
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7. Impact Statement

This paper presents work whose goal is to advance the field
of Machine Learning. There are many potential societal
consequences of our work, none which we feel must be
specifically highlighted here.
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