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Figure 1. Dynamic reconstruction results of the proposed X2-Gaussian on public DIR Dataset [9]. The red dashed line is the reference
line for diaphragm movement, and blue dashed box shows some tissue deformation. Our method demonstrates superior capability in
continuous-time reconstruction, significantly outperforming existing approaches.

Abstract

Four-dimensional computed tomography (4D CT) recon-
struction is crucial for capturing dynamic anatomical
changes but faces inherent limitations from conventional
phase-binning workflows. Current methods discretize tem-
poral resolution into fixed phases with respiratory gat-
ing devices, introducing motion misalignment and restrict-
ing clinical practicality. In this paper, We propose X2-
Gaussian, a novel framework that enables continuous-
time 4D-CT reconstruction by integrating dynamic radia-
tive Gaussian splatting with self-supervised respiratory mo-
tion learning. Our approach models anatomical dynam-
ics through a spatiotemporal encoder-decoder architecture
that predicts time-varying Gaussian deformations, elimi-
nating phase discretization. To remove dependency on ex-
ternal gating devices, we introduce a physiology-driven pe-
riodic consistency loss that learns patient-specific breath-
ing cycles directly from projections via differentiable opti-
mization. Extensive experiments demonstrate state-of-the-
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art performance, achieving a 9.93 dB PSNR gain over tra-
ditional methods and 2.25 dB improvement against prior
Gaussian splatting techniques. By unifying continuous
motion modeling with hardware-free period learning, X2-
Gaussian advances high-fidelity 4D CT reconstruction for
dynamic clinical imaging. Code will be publicly available
at: https://github.com/CUHK-AIM-Group/
X2-Gaussian.

1. Introduction
Four-dimensional computed tomography (4D CT) has be-
come a cornerstone in dynamic medical imaging, espe-
cially for respiratory motion management in clinical appli-
cations such as image-guided radiotherapy (IGRT) [12, 37].
By capturing both spatial and temporal information of the
chest cavity during breathing cycles, 4D CT enables clini-
cians to monitor and assess respiratory-induced tumor mo-
tion and other dynamic anatomical changes during treat-
ment [3, 13, 48].

Traditional 4D CT reconstruction follows a phase-
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binning workflow. It first divides the projections into dis-
crete respiratory phases using external gating devices that
require direct patient contact, followed by independent re-
construction of each phase to obtain a sequence of 3D vol-
umes. Within this framework, 3D reconstruction methods
such as Feldkamp-David-Kress (FDK) algorithm [41], or
total variation minimization [46, 47], can be directly ap-
plied to 4D CT reconstruction. Due to the limited num-
ber of projections available per phase, the reconstructed CT
images frequently exhibit significant streak artifacts, which
degrade the visibility of fine tissue structures. To address
this issue, several researchers [5, 11, 32, 40, 61] have pro-
posed methods for extracting patient-specific motion pat-
terns to compensate for respiratory motion across different
phases. Meanwhile, other studies [22, 24, 25, 30, 62] have
explored the use of Convolutional Neural Networks (CNNs)
to restore details in artifact-contaminated images.

Recent advances in Neural Radiance Fields (NeRF) [36]
have introduced improved methods for CT reconstruction
[7, 58]. These approaches enable high-fidelity 3D recon-
struction from sparse views, thereby mitigating the pro-
jection undersampling issues caused by phase partitioning.
The emergence of 3D Gaussian splatting (3DGS) [28] has
further facilitated the development of more efficient and
higher-quality methods [6, 59]. Despite these progress, the
reconstruction of 4D CT still suffers from two challenges
rooted in the traditional phase-binning paradigm. Firstly,
previous methods simulate 4D imaging through a series
of disjoint 3D reconstructions at predefined phases, fail-
ing to model the continuous spatiotemporal evolution of
anatomy. This discretization introduces temporal inconsis-
tencies, limits resolution to a few static snapshots per cycle,
and produces artifacts when interpolating between phases.
Secondly, they heavily relies on external respiratory gating
devices, not only introducing additional hardware depen-
dencies and potential measurement errors that can compro-
mise reconstruction accuracy, but also imposing physical
constraints and discomfort on patients during the scanning
process.

To overcome these limitations, we propose X2-Gaussian,
a novel framework that achieves genuine 4D CT reconstruc-
tion by directly modeling continuous anatomical motion.
Firstly, unlike previous approaches that perform sequen-
tial 3D reconstructions, our method introduces a dynamic
Gaussian motion model that explicitly captures the contin-
uous deformation of anatomical structures over time by ex-
tending radiative Gaussian splatting [59] into the temporal
domain. Specifically, we design a spatiotemporal encoder
that projects Gaussian properties onto multi-resolution fea-
ture planes, effectively capturing both local anatomical rela-
tionships and global motion patterns. The encoded features
are then processed by a lightweight multi-head decoder net-
work that predicts deformation parameters for each Gaus-
sian at any queried timestamp, enabling true 4D reconstruc-
tion without discrete phase binning. Secondly, we intro-

duce a self-supervised respiratory motion learning method
to eliminate the requirement of external gating devices. By
leveraging the quasi-periodic nature of respiratory motion,
our approach learns to estimate the breathing period directly
from the projection data through a novel physiology-driven
periodic consistency mechanism that enforces temporal co-
herence across respiratory cycles. This approach funda-
mentally differs from traditional phase-based methods by
transforming the discrete phase assignments into learnable
continuous parameters, enabling our model to automatically
discover and adapt to patient-specific breathing patterns.

As shown in Fig. 1, X2-Gaussian exhibits superior recon-
struction performance compared to existing state-of-the-art
methods, establishing a new benchmark in 4D CT recon-
struction. Our contributions can be summarized as follows:
• We present X2-Gaussian, the first method to directly re-

construct time-continuous 4D-CT volumes from projec-
tions, which bypasses phase binning entirely, enabling
motion analysis at arbitrary temporal resolutions.

• We extend the static radiative Gaussian splatting into the
temporal domain. To our knowledge, this is the first at-
tempt to explore the potential of Gaussian splatting in dy-
namic tomographic reconstruction.

• We introduce a novel self-supervised respiratory motion
learning module that jointly estimates the respiratory cy-
cle and enforces periodic consistency, eliminating re-
liance on external gating devices.

• Extensive experiments demonstrate that our method sig-
nificantly improves reconstruction quality, reduces streak
artifacts, and accurately models respiratory motion, while
also showing potential for automatic extraction of various
clinical parameters.

2. Related Work

2.1. CT Reconstruction
Traditional 3D computed tomography reconstruction meth-
ods mainly include two categories: analytical algorithms
[15, 54] and iterative algorithms [1, 34, 43, 45]. Analytical
methods estimate the radiodensity by solving Radon trans-
formation and its inverse version. Iterative algorithms are
based on optimization over iterations. In recent years, deep
learning based models [2, 18, 26, 31, 33] like CNNs have
been employed to learn a brute-force mapping from X-ray
projections to CT slices. Another technical route is to em-
ploy the 3D rendering algorithms such as neural radiance
fields (NeRF) [36] and 3D Gaussian Splatting (3DGS) [28]
to solve the CT reconstruction prolblem in a self-supervised
manner, i.e. using only 2D X-rays for training. Based on
these algorithms, when coping with 4D CTs, researchers
typically segment the projections into ten discrete respira-
tory phases for sequential 3D reconstruction. This approach
not only necessitates external devices for phase measure-
ment during scanning but also impedes accurate modeling
of the continuous motion of anatomical structures. Concur-
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Figure 2. Framework of our X2-Gaussian, which consists of two innovative components: (1) Dynamic Gaussian motion modeling for
continuous-time reconstruction; (2) Self-Supervised respiratory motion learning for estimating breathing cycle autonomously.

rent work [17] also employs dynamic Gaussian splatting.
However, they merely establish ten timestamps correspond-
ing to ten phases, thereby maintaining a discrete represen-
tation. In contrast, this paper is dedicated to achieving truly
continuous-time 4D CT reconstruction.

2.2. Gaussian Splatting
3D Gaussian splatting [28] (3DGS) is firstly proposed for
view synthesis. It uses millions of 3D Gaussian point clouds
to represent scenes or objects. In the past two years, 3DGS
has achieved great progress in scene modeling [50, 53, 55,
60], SLAM [35, 52, 56], 3D Generation [39, 51], medical
imaging [6, 59], etc. For instance, Cai et al. design the
first 3DGS-based method, X-GS [6], for X-ray projection
rendering. Later work R2GS [59] rectifies 3DGS pipeline
to enable the direct CT reconstruction. Nonetheless, these
algorithms show limitations in reconstructing dynamic CT
volumes. Our goal is to cope with this problem.

3. Preliminaries

Radiative Gaussian Splatting [59] represents 3D CT using a
collection of Gaussian kernels G = {Gi}Ki=1, each charac-
terized by its central position µi ∈ R3, covariance matrix
Σi ∈ R3×3, and isotropic density ρi:

Gi(x|ρi,µi,Σi) = ρi·exp
(
−1

2
(x− µi)

TΣ−1
i (x− µi)

)
.

(1)

The covariance matrix can be decomposed as: Σi =
RiSiS

T
i R

T
i , where Ri ∈ R3×3 is the rotation matrix and

Si ∈ R3×3 is the scaling matrix. Then the total density at
position x is computed as the sum of all contributed Gaus-
sian kernels:

σ(x) =

N∑
i=1

Gi(x|ρi,µi,Σi). (2)

For 2D image rendering, the attenuation of X-ray through a
medium follows the Beer-Lambert Law [27]:

I(r) = log I0 − log I ′(r) =

∫
σ(r(t))dt, (3)

where I0 is the initial X-ray intensity, r(t) = o + td ∈ R3

represents a ray path, and σ(x) denotes the isotropic density
at position x ∈ R3. Thus, the final pixel value is obtained
by integrating the density field along each ray path

Ir(r) =

N∑
i=1

∫
Gi(r(t)|ρi,µi,Σi)dt, (4)

where Ir(r) is the rendered pixel value.

4. Methods
4.1. Overview
Given a sequence of X-ray projections {Ij}Nj=1 acquired at
timestamps {tj}Nj=1 and view matrices {Mj}Nj=1, our goal
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is to learn a continuous representation of the dynamic CT
volume that can be queried at arbitrary timestamps, thereby
overcoming the inherent limitations of discrete phase bin-
ning. To accomplish this, as shown in Fig. 2, our method
seamlessly integrates dynamic Gaussian motion modeling
with a self-supervised respiratory motion learning scheme
into a unified, end-to-end differentiable framework. Specifi-
cally, raw Gaussian parameters are initialized from {Ij}Nj=1

and {Mj}Nj=1. Given a timestamp tj , dynamic Gaus-
sian motion modeling module predicts the deformation of
each parameter, allowing continuous-time reconstruction.
Additionally, we model the respiratory cycle as a learn-
able parameter and sample another timestamp accordingly.
Through carefully designed periodic consistency loss, we
mine the real breathing period in a self-supervised way.

4.2. Dynamic Gaussian Motion Modeling
To achieve continuous 4D CT reconstruction, we introduce
a deformation field that models the anatomical dynamics.
At the core of our method is a time-dependent deformation
field D(µi, t) that predicts the deformation parameters ∆Gi

for each Gaussian at time t. The deformed Gaussians G
′

i

can be computed as:

G
′

i = Gi +∆Gi = (µi +∆µi,Ri +∆Ri,Si +∆Si, ρi),
(5)

where ∆µi, ∆Ri, and ∆Si are the deformation offsets for
position, rotation, and scaling, respectively. Our deforma-
tion field D is implemented as a composition of two com-
ponents: D = F ◦ E , where E is a spatiotemporal encoder
and F is a deformation-aware decoder.

Decomposed Spatio-Temporal Encoding. To encode the
spatiotemporal features of Gaussian primitives, a straight-
forward approach would be to employ neural networks to
directly parameterize E . But such a method may lead to low
rendering speed and potential overfitting issues, especially
given the sparse projection data in 4D CT reconstruction.
Inspired by recent advances in dynamic scene reconstruc-
tion [8, 14, 50], we adopt a decomposed approach that fac-
torizes the 4D feature space into a set of multi-resolution
K-Planes [16], which reduces memory requirements while
preserving the ability to model complex spatiotemporal pat-
terns in respiratory motion.

Specifically, given a Gaussian center µ = (x, y, z) and
timestamp t, we project 4D coordinates v = (x, y, z, t) onto
six orthogonal feature planes: three spatial planes Pxy,
Pxz, Pyz and three temporal planes Pxt, Pyt, Pzt. Each
plane P ∈ Rd×lM×lM stores learnable features of dimen-
sion d at multiple resolutions l ∈ 1, ..., L, where M is the
basic resolution, enabling simultaneous modeling of fine lo-
cal motion and global respiratory patterns. The encoded
feature fe is computed through bilinear interpolation across
multi-resolution planes:

fe = ⊕l ⊗(a,b) ψ
(
P l
ab(v)

)
, (6)

t = 0.1s t = 3.1s t = 6.1s

t = 1.7s t = 4.7s t = 7.7s

Figure 3. Periodic display of respiratory motion (T = 3s). A
specific anatomical structure (framed by boxes of the same color)
at time t has the same position at time t+ nT .

where ψ denotes bilinear interpolation, ⊕ represents fea-
ture concatenation, ⊗ is Hadamard product, and (a, b) ∈
{(x, y), (x, z), (y, z), (x, t), (y, t), (z, t)}. Then fe is fur-
ther merged through a tiny feature fusion network ϕh (i.e.
one layer of MLP) as fh = ϕh(fe).

Deformation-Aware Gaussian Decoding. Once the spa-
tiotemporal features are encoded, we employ a lightweight
multi-head decoder network F to predict the deformation
parameters for each Gaussian:

∆µ, ∆R, ∆S = Fµ(fh), FR(fh), FS(fh). (7)

Such decoupled design allows specialized learning of differ-
ent motion characteristics: position shifts for translational
movements, rotation for orientation changes, and scaling
for volumetric expansion/contraction. Then the deformed
Gaussian parameters at timestamp t can be calculated ac-
cording to Eq. 5. In this way, our dynamic Gaussian motion
modeling not only allows independently fine-tune different
aspects of motion but also facilitates continuous interpola-
tion across time, yielding smooth temporal transitions in the
reconstructed CT volume.

4.3. Self-Supervised Respiratory Motion Learning
To eliminate the need for external respiratory gating devices
while accurately capturing breathing patterns, we introduce
a self-supervised approach that directly learns respiratory
motion from projection data. Our method leverages the in-
herently periodic nature of human respiration to establish
temporal coherence across respiratory cycles.

Physiology-Driven Periodic Consistency Loss. Respi-
ratory motion exhibits an inherently cyclic pattern, with
anatomical structures returning to approximately the same
position after each breathing cycle [20]. This physiolog-
ical characteristic serves as a powerful prior to constrain
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Figure 4. Convergence behavior of the learnable period T̂ . With-
out Bounded Cycle Shifts, T̂ undergoes wide-ranging oscillations
approaching half the true period. Without Log-Space Parameter-
ization, the optimization curve exhibits large oscillations. With
both techniques implemented, T̂ converges stably and accurately
to the correct breathing cycle.

the reconstruction process. As illustrated in Fig. 3, a given
anatomical position at time t should match its state at time
t + nT , where T represents the respiratory period and n is
an integer. To explicitly encode this periodicity, we enforce
a consistency constraint on the rendered images:

I(t) = I(t+ nT ). (8)

In practice, we define a periodic consistency loss:

Lpc = L1

(
I(t), I(t+nT )

)
+λ1 Lssim

(
I(t), I(t+nT )

)
,

(9)
which encourages the reconstructed images at times t and
t + nT to be similar. Here, L1 and Lssim are L1 loss and
D-SSIM loss [49], respectively. This constraint effectively
reduces the temporal degrees of freedom in our model by
enforcing cyclic coherence, helping to mitigate artifacts and
improve reconstruction quality, especially in regions with
significant respiratory-induced motion.

Differentiable Cycle-Length Optimization. In realistic
scenarios, the true respiratory cycle T is not available a pri-
ori. Hence, we treat it as a learnable parameter T̂ within our
framework. Instead of being provided externally, T̂ is op-
timized directly from the projection data by backpropagat-
ing the periodic consistency loss. This allows the network
to automatically discover the breathing period in a self-
supervised manner. To ensure numerical stability and avoid
harmonic artifacts, we implement two critical designs:
• Bounded Cycle Shifts: We restrict the integer n in our

periodic consistency loss to n ∈ {−1, 1}, focusing only
on adjacent respiratory cycles. This restriction is critical
for avoiding potential ambiguities in period estimation.
When using larger values of n, the optimization might
converge to period estimates that are multiples or divisors
of the true period. For example, if the true period T is 3

seconds and our model learns T̂ = 4 seconds, then with
n = 6, we would enforce consistency between times t
and t + 24 seconds, which coincidentally satisfies peri-
odicity (as 24 is divisible by the true period of 3). By
limiting n to adjacent cycles, we ensure the model learns
the fundamental period rather than its harmonics.

• Log-Space Parameterization: We represent T̂ =
exp(τ̂) where τ̂ ∈ R is an unbounded learnable variable.
This ensures positivity and provides smoother gradient
updates compared to direct period estimation. This loga-
rithmic parameterization ensures T remains positive, im-
proves numerical stability by preventing extremely small
period values, and creates a more uniform gradient land-
scape for optimization.

As shown in Fig. 4, these two technical designs are critical
for accurate and stable period estimation. Without bounded
cycle shifts, the learned period T̂ oscillates with large am-
plitude approaching sub-harmonics (i.e. T/2) of the true
respiratory period, as the periodic consistency loss can be
satisfied by most common multiples of sub-harmonics. Di-
rect optimization in linear space leads to pronounced oscil-
lations in the learning trajectory of T̂ . With both techniques
implemented, T̂ converges stably and accurately to the cor-
rect breathing cycle. In this way, we reformulate Eq. 9 as

Lpc = L1

(
I(t), I

(
t+ n exp(τ̂)

))
+ λ1 Lssim

(
I(t), I

(
t+ n exp(τ̂)

))
,

(10)

where n ∈ {−1, 1}. Then the optimal period T ∗ can be
learned via

τ∗ = argmin
τ̂

Lpc, T ∗ = exp(τ∗). (11)

Through this self-supervised optimization approach, our
model automatically discovers patient-specific breathing
patterns directly from projection data without requiring ex-
ternal gating devices, simplifying clinical workflow while
improving reconstruction accuracy.

4.4. Optimization
Loss Function. We optimize our framework by employ-
ing a compound loss function. Similar to Lpc, we use L1
loss and D-SSIM loss to supervise the rendered X-ray pro-
jections as Lrender = L1 + λ2 Lssim. Following [59],
we integrate a 3D total variation (TV) regularization term
[42] L3D

TV to promote spatial homogeneity in the CT vol-
ume. We also apply a grid-based TV loss [8, 16, 50] L4D

TV

to the multi-resolution k-plane grids used during spatiotem-
poral encoding. The overall loss function is then defined
as:

Ltotal = Lrender + αLpc + β L3D
TV + γ L4D

TV , (12)

where α, β, and γ are weights that control the relative influ-
ence of the periodic consistency and regularization terms.
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Table 1. Comparison of our X2-Gaussian with different methods on the DIR dataset.

Method Patient1 Patient2 Patient3 Patient4 Patient5 Average

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
FDK [41] 34.47 0.836 25.05 0.624 34.23 0.826 28.05 0.709 25.25 0.638 29.41 0.727

IntraTomo [57] 40.04 0.965 30.62 0.889 33.55 0.888 33.00 0.910 32.8 0.935 34.00 0.917
NeRF [36] 40.85 0.964 32.87 0.917 33.43 0.897 33.66 0.922 34.29 0.955 35.02 0.931

TensoRF [10] 33.21 0.907 30.32 0.864 33.47 0.881 33.64 0.813 32.40 0.928 32.61 0.898
NAF [58] 38.21 0.945 31.73 0.875 34.11 0.900 33.95 0.911 31.74 0.927 33.95 0.912

SAX-NeRF [7] 37.21 0.961 31.53 0.938 36.71 0.929 34.30 0.944 33.14 0.947 34.58 0.942
3D-GS [28] 34.19 0.847 22.96 0.713 32.53 0.840 26.32 0.793 29.89 0.812 29.18 0.801

X-GS [6] 38.00 0.903 25.32 0.739 33.54 0.854 28.69 0.807 28.77 0.793 30.86 0.819
R2-GS [59] 40.51 0.966 33.75 0.921 39.66 0.956 36.45 0.938 35.09 0.937 37.09 0.943

Ours 44.6 0.978 35.32 0.935 43.22 0.972 37.18 0.942 36.36 0.947 39.34 0.955

Table 2. Comparison of our X2-Gaussian with different methods
on the 4DLung and SPARE datasets.

Method 4DLung SPARE

PSNR SSIM PSNR SSIM
FDK [41] 27.03 0.611 14.25 0.359

IntraTomo [57] 34.28 0.939 27.29 0.871
TensoRF [10] 34.55 0.937 26.91 0.857

NAF [58] 34.94 0.936 28.44 0.893
X-GS [6] 29.62 0.705 18.20 0.442

R2-GS [59] 37.31 0.952 31.12 0.908
Ours 38.61 0.957 32.24 0.922

Progressive Training Procedure. During training, we
first train a static 3D radiative Gaussian splatting model [59]
for 5000 iterations. This warm-up phase ensures that the
model effectively captures the underlying anatomical struc-
tures from the projection data. After the warm-up period,
we extend the framework to its full 4D form. The Gaussian
parameters, spatiotemporal encoder/decoder, and the learn-
able respiratory period parameter τ̂ are jointly optimized
using the combined loss Ltotal. This progressive training
strategy enables the model to build on a robust 3D recon-
struction before incorporating temporal dynamics, resulting
in stable convergence and high-quality dynamic reconstruc-
tion.

5. Experiments
5.1. Dataset and Implementation Details
We conducted experiments on 4D CT scans from 13 pa-
tients across three public datasets: 5 patients from DIR
dataset [9], 5 from 4DLung dataset [23], and 3 from SPARE
dataset [44]. Each patient’s 4D CT consists of 10 3D CTs
from different phases. We used the tomographic toolbox
TIGRE [4] to simulate clinically significant one-minute 4D
CT sampling. The respiratory cycle was configured at 3

seconds, with the corresponding phase determined based on
sampling time to obtain X-ray projections. For each patient,
300 projections were sampled, which is substantially fewer
than the several thousand projections currently required in
clinical settings.

Our X2-Gaussian was implemented by PyTorch [38] and
CUDA [19] and trained with the Adam optimizer [29] for
30K iterations on an RTX 4090 GPU. Learning rates for
position, density, scale, and rotation are initially set at 2e-
4, 1e-2, 5e-3, and 1e-3, respectively, and decay exponen-
tially to 10% of their initial values. The initial learning
rates for the spatio-temporal encoder, decoder, and learn-
able period are set at 2e-3, 2e-4, and 2e-4, respectively, and
similarly decay exponentially to 10% of their initial values.
τ̂ was initialized to 1.0296 (T̂ = 2.8). λ1 and λ2 in Lpc

and Lrender were 0.25. α, β, and γ in Eq. 12 were set to
1.0, 0.05, and 0.001, respectively. During testing, We used
PSNR and SSIM to evaluate the volumetric reconstruction
performance. X2-Gausian predicted 10 3D CTs correspond-
ing to the time of each phase, with PSNR calculated on the
entire 3D volume and SSIM computed as the average of 2D
slices in axial, coronal, and sagittal directions.

5.2. Results
Tab. 1 and Tab. 2 illustrate the quantitative results of our X2-
Gaussian and SOTA 3D reconstruction methods which fol-
low the phase-bining workflow, including traditional meth-
ods (FDK [41]), NeRF-based methods (IntraTomo [57],
NeRF [36], TensoRF [10], NAF [58], SAX-NeRF [7]), and
GS-based methods (3D-GS [28], X-GS [6], R2-GS [59]).
As can be seen in Tab. 1, our method significantly outper-
forms other approaches in reconstruction quality. Specif-
ically, compared to the traditional FDK method, our ap-
proach demonstrates a 9.93 dB improvement in PSNR,
achieving approximately a 34% enhancement. When com-
pared to state-of-the-art methods, our approach surpasses
the NeRF-based method SAN-NeRF by 4.76 dB and the
GS-based method R2-GS by 2.25 dB. Similar results can
be observed in Tab. 2, demonstrating the superiority of our
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Figure 5. Qualitative comparison of reconstruction results across coronal, sagittal, and axial planes. Our method shows superior per-
formance in modeling dynamic regions (e.g. diaphragmatic motion and airway deformation) while preserving finer anatomical details
compared to existing approaches.

method.
Fig. 5 shows the quantitative comparison of reconstruc-

tion results between our method and existing approaches.
Examination of the coronal and sagittal planes shows that
our method distinctly captures diaphragmatic motion with
remarkable fidelity, which can be attributed to the powerful
continuous-time reconstruction capability of X2-Gaussian.
Similarly, on the axial plane, X2-Gaussian successfully
reconstructs the deformed airways. Additionally, X2-
Gaussian preserves fine anatomical details that competing
approaches fail to recover, underscoring its effectiveness for
high-fidelity volumetric reconstruction.

5.3. Ablation study
Period Optimization Tab. 3 demonstrates the effective-
ness of our X2-Gaussian for respiratory cycle estimation
and examines how various optimization techniques influ-
ence estimation precision. Our approach achieves ex-
ceptional accuracy with an average error of just 5.2 mil-
liseconds—approximately one-thousandth of a typical hu-
man respiratory cycle. This precision stems from two key
technical contributions: Log-Space Parameterization and
Bounded Cycle Shifts. Without Log-Space Parameteriza-

tion, we observe oscillatory convergence behavior that com-
promises accuracy. More dramatically, when Bounded Cy-
cle Shifts are omitted, the optimization incorrectly con-
verges to harmonic frequencies rather than the fundamen-
tal cycle, resulting in a 40-fold increase in estimation error.
These findings highlight the critical importance of our opti-
mization framework in achieving reliable respiratory cycle
estimation.

Component Analysis We conducted ablation experi-
ments on DIR dataset to validate the effect of key com-
ponents in X2-Gaussian, including the dynamic gaussian
motion modeling (DGMM) and self-supervised respiratory
motion learning (SSRML). Tab. 4 reports the results. As we
can see, DGMM extends the static 3D radiative Gaussian
splatting model to temporal domain, enabling continuous-
time reconstruction and achieving improved 4D reconstruc-
tion results. Building upon this foundation, SSRML lever-
ages the periodicity of respiratory motion to directly learn
breathing patterns. Remarkably, this approach not only suc-
cessfully captures specific respiratory cycles but also further
enhances reconstruction quality by 0.78 dB, demonstrating
its significant contribution to improving temporal coherence
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(a) Reconstruction results with different view numbers (b) Tidal volume during respiratory cycle

Figure 6. (a) Reconstruction results of X2-Gaussian using different numbers of projections. (b) Temporal variations of lung volume in 4D
CT reconstructed by X2-Gaussian.

and physiological motion plausibility.

Table 3. Results of respiratory cycle estimation and different opti-
mization techniques used on DIR dataset.

Method PSNR SSIM Est. error of T (ms)
Ours 39.34 0.955 5.2

- Log-sp. param. 39.32 0.954 12.0
- B. cyc. shifts 39.28 0.954 216.8

- Both 39.23 0.953 914.0

Hyperparameter Analysis We further analyzed the im-
pact of different weights α of periodic consistency loss
Lpc in Tab. 4. The optimal performance is achieved when
periodic consistency loss and rendering loss are equally
weighted (i.e. α = 1.0), as this balance enables the model
to simultaneously preserve visual fidelity while enforcing
physiologically plausible temporal dynamics. When the
weighting is either too high or too low, this equilibrium
is disrupted, leading to performance degradation due to ei-
ther over-constraining the periodic structure at the expense
of reconstruction accuracy or prioritizing visual appearance
without sufficient temporal coherence.

5.4. Discussion
Projection Numbers Fig. 6 (a) demonstrates the recon-
struction results of X2-Gaussian using different numbers of
projections. As can be observed, the reconstruction quality
gradually improves with an increasing number of available
projections. Surprisingly, when compared with Tab. 1, we
found that even when trained with only 100 X-ray images,
our method still achieves better reconstruction results than
the current SOTA method R2-GS using 300 X-rays (37.41
dB vs. 37.09 dB). This clearly demonstrates the powerful
capability of our approach.

Respiratory Motion Quantification We densely sam-
pled our X2-Gaussian reconstructed 4D CT within 9 sec-
onds, resulting in 180 3D CT volumes. With automated
segmentation algorithm [21], we extracted lung masks and

Table 4. Ablation studies on components and hyperparameters.
DGMM denotes dynamic gaussian motion modeling in Sec. 4.2,
and SSRML is self-supervised respiratory motion learning in
Sec. 4.3. α is the weight of periodic consistency loss in Eq. 12.

Method PSNR SSIM
Baseline 37.09 0.943

+ DGMM 38.56 0.947
+ DGMM + SSRML 39.34 0.955

α = 0.1 38.86 0.952
α = 0.5 39.14 0.954
α = 1.0 39.34 0.955
α = 2.0 38.41 0.949

calculated the volumetric changes of the lungs over time, as
displayed in Fig. 6 (b). The pulmonary volume dynamics
exhibit a periodic sinusoidal pattern, which precisely cor-
relates with the subject’s respiratory cycle, demonstrating
that our method successfully models respiratory dynamics
while achieving truly temporally continuous reconstruction.
Furthermore, clinically relevant parameters can be quanti-
tatively extracted from the volume-time curve: Tidal Vol-
ume (TV) is 370 ml, Minute Ventilation (MV) is 7.4 L/min,
I:E Ratio is 1:1.9, etc. These automatically extracted clini-
cal parameters demonstrate the potential of X2-Gaussian in
radiomic-feature-guided treatment personalization.

6. Conclusion
This paper presents X2-Gaussian, a continuous-time 4D CT
reconstruction framework that leverages dynamic radiative
Gaussian splatting to capture smooth anatomical motion.
Our method bypasses the limitations of phase binning and
external gating by integrating dynamic Gaussian motion
modeling with a self-supervised respiratory motion mod-
ule. Experimental results on clinical datasets demonstrate
notable improvements in reconstruction fidelity and artifact
suppression. This work bridges the gap between discrete-
phase reconstruction and true 4D dynamic imaging, offer-
ing practical benefits for radiotherapy planning through im-
proved motion analysis and patient comfort.
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