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Abstract

3D Gaussian Splatting (3DGS) has revolutionized 3D scene
representation with superior efficiency and quality. While
recent adaptations for computed tomography (CT) show
promise, they struggle with severe artifacts under highly
sparse-view projections and dynamic motions. To address
these challenges, we propose Tomographic Geometry Field
(TG-Field), a geometry-aware Gaussian deformation frame-
work tailored for both static and dynamic CT reconstruction.
A multi-resolution hash encoder is employed to capture local
spatial priors, regularizing primitive parameters under ultra-
sparse settings. We further extend the framework to dynamic
reconstruction by introducing time-conditioned representa-
tions and a spatiotemporal attention block to adaptively ag-
gregate features, thereby resolving spatiotemporal ambigui-
ties and enforcing temporal coherence. In addition, a motion-
flow network models fine-grained respiratory motion to track
local anatomical deformations. Extensive experiments on
synthetic and real-world datasets demonstrate that TG-Field
consistently outperforms existing methods, achieving state-
of-the-art reconstruction accuracy under highly sparse-view
conditions.

Introduction

As a non-invasive imaging modality, Cone Beam Computed
Tomography (CBCT) is widely used across medicine, bi-
ology, and industry to visualize internal structures (Cor-
mack 1963; De Chiffre et al. 2014; Kherlopian et al. 2008).
To achieve high-quality 3D reconstructions, CBCT systems
typically require hundreds of X-ray projections (Feldkamp,
Davis, and Kress 1984). However, such dense angular sam-
pling raises concerns about radiation exposure, especially in
repeated scans or high-dose protocols. To mitigate radiation
dose, sparse-view CBCT reconstruction has become a key
research focus, aiming to reduce the number of projections
while preserving reconstruction fidelity.

Traditional CT reconstruction methods typically rely on
a discrete voxel-grid representation. Recently, 3D Gaus-
sian Splatting (3DGS) (Kerbl et al. 2023) has emerged as
a compelling alternative, modeling the volume with a set of
anisotropic 3D Gaussians and supporting fast image forma-
tion through efficient splatting. Building on this idea, recent
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studies (Cai et al. 2025; Gao et al. 2024; Zha et al. 2024)
extend 3DGS to X-ray imaging, showing clear benefits over
voxel-based baselines in accuracy and speed.

Nevertheless, existing methods still face two critical chal-
lenges in practical applications: (1) Robustness under ex-
tremely sparse views. While current methods perform well
with moderately sparse projections, their quality sharply
deteriorates when projections become extremely limited.
Without explicit geometric regularization, per-splat opti-
mization fails to maintain geometric consistency and struc-
tural coherence, leading to severe artifacts and loss of
anatomical detail. This poses challenges for clinical adop-
tion, where minimal-view imaging is crucial for dose reduc-
tion. (2) Struggle with dynamic CT reconstruction. Most
existing methods are designed for static cases and struggle
with respiratory motion. Modeling temporal coherence and
capturing non-rigid deformations remain challenging, limit-
ing effectiveness in real-world 4D CT.

To address these issues, we propose TG-Field, a
geometry-aware Gaussian deformation framework designed
for high-fidelity static and dynamic CT reconstruction.
Specifically, we employ a multi-resolution hash encoder
coupled with a two-stage iterative refinement strategy to
capture local geometric context and ensure spatial continu-
ity. To further tackle the ill-posedness of sparse-view pro-
jections, we introduce a semantic-consistency regularization
module powered by pretrained visual foundation models,
enforcing cross-view coherence. For dynamic scenes, TG-
Field embeds time-conditioned representations within each
Gaussian. Since naive joint spatiotemporal hashing often in-
duces collisions and temporal drift, we incorporate a spa-
tiotemporal attention block and a motion-flow network.

Our main contributions are summarized as follows:

* A new Gaussian deformation framework that achieves
high-quality static and dynamic reconstruction under
ultra-sparse views.

Several technical designs, including a hash-grid encoder,
a spatiotemporal attention module, and a motion-flow
network to model dynamic local deformations, plus
cross-view semantic-consistency regularization.

Experiments across diverse CT scenarios demonstrate
the superiority of TG-Field over existing methods, high-
lighting robustness and potential for clinical workflows.
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Figure 1: Visual comparison of point clouds obtained by
different initialization methods: (a) cubic uniform sampling
(Cai et al. 2025), (b) FDK-based initialization (Zha et al.
2024), (c) our iteration-based initialization, and (d) refer-
ence. Our method clearly captures more accurate and de-
tailed geometric structures.

Related Work
Cone-Beam CT Reconstruction

CBCT reconstruction methods are commonly categorized
as analytical and iterative. Analytical approaches (Feld-
kamp, Davis, and Kress 1984; Radon 1986) provide fast,
closed-form inversion but degrade markedly under sparse-
view sampling, whereas iterative approaches (Andersen and
Kak 1984; Sidky and Pan 2008) improve robustness by
solving data-fidelity—regularization objectives at the cost of
higher computation and increased sensitivity to hyperpa-
rameter settings and prior selection. Recently, deep learn-
ing—based methods have demonstrated substantial improve-
ments across CBCT tasks, including projection comple-
tion (Anirudh et al. 2018; Ghani and Karl 2018), volume
enhancement (Chung et al. 2023; Lee et al. 2023; Liu et al.
2023, 2020), and direct volume reconstruction from sparse-
view or limited-angle data (Adler and Oktem 2018 Jin et al.
2017; Lin et al. 2023, 2024; Ying et al. 2019). Nevertheless,
these supervised approaches often struggle to generalize to
out-of-distribution scenarios due to their reliance on paired
training data.

To mitigate such limitations, recent advances lever-
age self-supervised, NeRF-inspired implicit representa-
tions (Mildenhall et al. 2021), enabling CT reconstruction
without paired supervision. Representative methods include
IntraTomo (Zang et al. 2021), NAF (Zha, Zhang, and Li
2022), SAX-NeRF (Cai et al. 2024), NEAT (Riickert et al.
2022), and NeRP (Shen, Pauly, and Xing 2022). These meth-
ods optimize continuous implicit fields for reconstruction.
However, most NeRF-based approaches focus on static re-
construction and require dense ray sampling, incurring sig-
nificant computational cost. Recently, STNF4D (Zhou, Ye,
and Cai 2025) adopts a structured grid representation to
model dynamic CT scans, yet it still converges slowly and
yields suboptimal reconstruction quality.

3D Gaussian Splatting in Medical Imaging

3D Gaussian Splatting (3DGS) (Kerbl et al. 2023) enables
real-time rendering and rapid convergence, and has recently
been adapted to medical imaging (Cai et al. 2025; Gao et al.
2024; Zha et al. 2024). For synthesizing X-ray projections,
X-Gaussian (Cai et al. 2025) introduces grayscale model-
ing, while DDGS (Gao et al. 2024) incorporates radiosity
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decomposition. In contrast, R2-Gaussian (Zha et al. 2024)
directly targets CT volume reconstruction via differentiable
voxelization. Building on these static formulations, Spa-
tiotemporal Gaussian (Fu et al. 2025) extends R2-Gaussian
with a deformation network and parameterizes the represen-
tation with HexPlane to construct a spatiotemporal Gaussian
field for dynamic CBCT; X2-Gaussian (Yu et al. 2025) also
adopts a HexPlane representation and integrates dynamic ra-
diative GS with self-supervised respiratory motion learning.
While effective under moderate sampling, these dynamic
models degrade as views become sparser. In contrast, TG-
Field explicitly targets robustness under ultra-sparse views
and provides a geometry-aware framework for both static
and dynamic CT.

Preliminaries

Radiative Gaussian Splatting (Zha et al. 2024) models the
3D CT density field as a finite sum of anisotropic Gaussian
kernels G = {G;} ;. Each kernel G; is parameterized by
density p;, center u; € R3, and covariance 3; € R3*3:

Gi(x | pi i, 3i) = prexp(—3(x — ) 57 (x — ) -
The density field is the superposition

N
o(x) = ZGi(X | pis pis 20)-
i=1

Let the X-ray be r(t) = 0 + td for t € [tin, tout]- By the
Beer—Lambert law (Swinehart 1962), the detected intensity

) I'(x) = Iy exp (- /t t o(x(t)) dt) 7

and the log-transformed measurement (line integral) is

tout
I(r) =log Iy —log I'(r) = / o(r(t)) dt.
tin
Thus each projection pixel I(r) records the integral of o
along its ray.

Method

We begin with a iterative strategy that produces a struc-
turally faithful initial point cloud. We then introduce a
geometry-aware deformation framework that regularizes
Gaussian primitives via a hash-grid encoder. Next, we ex-
tend the framework to dynamic CT by injecting time-
conditioned representations together with a spatiotemporal
attention module and a motion-flow network to capture res-
piratory motion. Finally, we impose a semantic-consistency
regularization to further enhance reconstruction quality.

Iteration-based Initialization

High-quality point cloud initialization is crucial for ensuring
fast convergence and high-fidelity reconstruction in 3DGS-
based methods (Wu et al. 2024a). However, under sparse-
view CT settings, existing point cloud initialization strate-
gies such as cubic grid sampling (Cai et al. 2025) and FDK-
based methods (Zha et al. 2024) struggle to preserve the ge-
ometric structures of the target, resulting in degraded recon-
structions.
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Figure 2: Our TG-Field framework first initializes a point cloud via a two-stage iterative refinement. The refined coordinates are
encoded using a hash encoder to capture spatial geometric features, which are then decoded into optimized Gaussian splats by
multiple MLP decoders. Additionally, we employ semantic consistency regularization with pretrained visual foundation models
to maintain multi-view semantic consistency. Finally, these Gaussian splats are rendered into arbitrary-view X-ray projections
and voxelized into a CT volume. For dynamic scenarios, we incorporate a spatiotemporal attention module and a Motion-Flow
module to effectively capture temporal variations and fine-grained local movements.

To address this, we propose an iteration-based initializa-
tion consisting of two iterative stages. First, we use the
algebraic reconstruction method Conjugate Gradient Least
Squares (Hestenes, Stiefel et al. 1952) to iteratively ob-
tain a coarse volumetric reconstruction from sparse pro-
jections. Subsequently, we refine this coarse reconstruction
using the regularization-based Adaptive Steepest Descent-
Projection Onto Convex Sets (Sidky and Pan 2008), enforc-
ing total variation (TV) constraints to reduce noise and pre-
serve structural edges. As shown in Figure 1-c, this itera-
tive approach significantly improves initialization quality.
The refined volume is then converted into Gaussian prim-
itives characterized by position, covariance, and attenua-
tion derived from voxel intensity, further optimized via our
geometry-aware neural field.

Geometry-aware Splat Field

We introduce a geometry-aware deformation field D that
models spatial correlations among Gaussian primitives. By
enforcing coherent deformation among the primitives, this
framework compensates for missing geometric information
under ultra-sparse projections and reduces artifacts.
Specifically, the deformation field predicts deformation
parameters for each Gaussian primitive (;, adjusting their
positions and shapes to preserve geometric consistency. We
write G; = (p;, R, Si, pi). The deformed Gaussians G/, are
computed as
G, = (p; + Ap;, Ri+ AR;, S;i+ AS;, pi+ Apy), (1)
where Ap,;, AR;, AS;, and Ap; denote offsets for position,

rotation, scale, and density, respectively. Formally, the de-
formation field is defined as

D = F o Exash, )
where Eyaqn is @ hash-grid encoder capturing spatial correla-
tions, and F is a lightweight decoder.
Spatially Decomposed Encoder. To explicitly capture spa-
tial correlations under ultra-sparse views, we adopt a com-
pact spatial decomposition with multiple low-dimensional
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feature grids inspired by HexPlane (Cao and Johnson 2023)
and 4DGS (Wu et al. 2024b). Concretely, the hash encoder
is implemented as a set of trainable multi-resolution grids
{Gs}ses that are queried at primitive coordinates. Given a
primitive at coordinate p; € R3, we obtain per-scale fea-
tures by differentiable interpolation

fs(u) = F(Gs, ), fs(p;) € RE, 3)
and define the hash-encoded embedding as the multi-scale
concatenation

he(p;) = concatees[fs(p;)] € RISTC. (4)

This encoder provides multi-scale spatial context for each
primitive and serves as the input to the deformation decoder.

Multi-head Gaussian Deformation Decoder. Given
he(p;), a lightweight multi-head decoder outputs
Ap; = ]'—;L(haﬁ(lh‘))v AR; = ]:R(h¢(/'l’i))a AS; =

Fs(hg(p)), Api = Fp(he(p;))

4D CT Reconstruction. Our deformation-based framework
naturally extends to dynamic 4D CT, addressing artifacts
caused by respiratory motion and anatomical variations. We
jointly encode spatial coordinates p; and time ¢ to obtain
per-scale features

fs(/l’i’t) = F(Gsv (/Livt))v fs(p’ivt) € Rcv (5)

and form a unified spatiotemporal embedding by concatena-
tion
h(;,) = concatses(fs(py, 1)) € RISIC. (6)

However, jointly hashing spatial and temporal coordinates
can induce hash collisions, especially when identical (or
near-identical) spatial locations reoccur across time, causing
ambiguous embeddings and unreliable deformations.

To mitigate this, we recalibrate features across time with
a spatiotemporal attention block (STAB). For each primitive
i, we stack a short temporal window of embeddings

T .
B, = [ o )] RV

)



| Synthetic (5 Views) | Synthetic (10 Views) | Synthetic (20 Views) |

Real (5 Views) | Real (10 Views) |  Real (20 Views)

Method
| PSNRT SSIM1 | PSNRT  SSIMT | PSNRT  SSIMT | PSNRT SSIM4 | PSNRT  SSIMT | PSNRT  SSIM 1

FDK 11.83 0.112 15.21 0.186 18.48 0.293 13.20 0.109 17.57 0.225 21.03 0.356
SART 22.10 0.683 24.32 0.768 27.24 0.845 26.22 0.771 28.72 0.846 30.94 0.899
IntraTomo 23.79 0.733 26.47 0.781 28.54 0.825 26.59 0.748 29.67 0.802 31.65 0.835
NAF 23.83 0.711 2741 0.784 30.59 0.849 26.76 0.769 30.94 0.814 3371 0.853
SAX-NeRF | 24.05 0.740 27.55 0.801 31.93 0.875 26.96 0.784 3226 0.835 35.07 0.863
X-Gaussian 23.62 0.699 27.59 0.804 31.79 0.868 26.71 0.766 31.04 0.819 34.91 0.852
R®-Gaussian 23.81 0.735 28.15 0.833 32.25 0.923 27.00 0.789 32.73 0.859 36.59 0.901
Ours 24.54 0.779 28.95 0.849 32.92 0.936 27.65 0.794 33.59 0.872 37.20 0.911

Table 1: Quantitative comparisons of sparse-view static CT reconstruction on synthetic and real-world datasets. We bold the

best results and underline the second-best.

We compute queries, keys, and values as

Q=HWqy, K=HWg, V=HWy, (8

where W, Wi, Wy € RE*C, and we apply scaled dot-
K
Attn(H;) = softmaX(Q

product attention
V.
)

The recalibrated embeddings are H; = H; + Attn(H,),
from which we take the row corresponding to time ¢ as
hg(p;,t). By aggregating temporal context, STAB disam-
biguates colliding bins at repeated spatial locations and
yields more stable, accurate dynamic deformations. We then
decode the per-primitive embedding at time ¢ to obtain time-
varying offsets:

Aﬂi(t) = ]:H(B¢(Ni’t))> ARi(t) = ]:R(Ed)(ﬂiat))a

To address non-rigid tissue motion in 4D CT, we add
a motion-flow module that predicts fine-grained displace-
ment fields to further refine positions. We adopt a ResFields
MLP (Mihajlovic et al. 2024) to capture subtle local defor-
mations that the initial deformation may miss, yielding more
accurate Gaussian centers. Formally,

fi(t) = pi + Ap (1) + Flow (p; + Apy(t), ), (1)

where Flow(-,t) € R? outputs a per-point displacement at
time ¢.

T

©))

Optimization

Semantic Regularization. Prior work shows that cou-
pling neural scene representations with visual foundation
models (VFMs) (e.g., CLIP (Radford et al. 2021) or DI-
NOv2 (Oquab et al. 2023)) improves 3D semantic consis-
tency and robustness (Kerr et al. 2023; Qin et al. 2024). Un-
der sparse views, purely photometric supervision is under-
constrained; semantically unrelated textures can explain the
projections equally well. We therefore enforce cross-view
semantic consistency using frozen VFM features on geomet-
rically corresponding image regions. Specifically, we render
novel side views and extract VFM embeddings from their
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Figure 3: Ablation of the hash encoder (HE) and semantic
regularization (SR) on static CT reconstruction.

reprojected crops in a side view and a training view. Let P/
and P; be a pair of corresponding crops for the ¢-th 3D loca-
tion; we minimize

1 N
£sem = NZHfom(Pz/) _fvfm(Pi)Hgv (12)
i=1

where f,m, is a pretrained VFM encoder and || - ||» denotes
the L, norm.

Loss Function. We optimize our framework with a com-
pound objective. We use an L1 loss and D-SSIM to super-
vise the rendered X-ray projections. Following (Zha et al.
2024), we additionally employ a 3D TV regularizer Lty as
a homogeneity prior for tomography. The overall loss is

Lioal = L1 + Assiv Lssiv + Atv L1v + Asem Lsem,  (13)

with weighting factors Assiv, Atv, and g controlling the
contribution of each component.

Progressive Training Procedure. During training, we first
train an X-ray Radiative Gaussian splatting model (Zha et al.
2024) for 5000 iterations. This warm-up phase ensures the
model effectively captures underlying anatomical structures
from limited projection data. After warm-up, we incorporate
our geometry-aware deformation field for refinement.

Experiments
Experiment Settings

Dataset. We conduct experiments on both synthetic and
real-world datasets, covering static and dynamic CT scans.
For static CT reconstruction, we evaluate our method on
both synthetic (Cai et al. 2024) and real data (Zha et al.
2024) under three sparse-view settings (5, 10, and 20 views).
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Figure 4: Qualitative comparisons of static CT reconstruction results across different view numbers (5, 10, and 20 views).
Compared to SAX-NeRF and R2-Gaussian, our method consistently provides sharper structural details and fewer artifacts,

especially under extremely sparse-view conditions.

For dynamic CT reconstruction, we use the 4D extended car-
diac torso (XCAT) phantom (Segars et al. 2008), real-patient
4D CT images from the 4D-Lung collection of TCIA (Hugo
et al. 2017) (for simulated sparse-view projections), and
clinically acquired 4D CBCT data from the SPARE chal-
lenge (Shieh et al. 2019). For the XCAT and 4D-Lung
datasets, each 4D CT sequence consists of 10 respiratory
phases, and we simulate a total of 100 projections, evenly
distributed across the phases, which is significantly fewer
than the hundreds or thousands typically used in clinical
protocols. These X-ray projections are synthesized using the
TIGRE tomography toolbox (Biguri et al. 2016) with a full
360° circular trajectory and added noise to mimic realistic
acquisition.

Implementation Details. TG-Field is implemented in Py-
Torch (Paszke et al. 2019) with CUDA (Sanders 2010).
Training is performed on an NVIDIA L40 GPU using the
Adam optimizer (Kinga, Adam et al. 2015) for 30k itera-

13561

tions. The initial learning rates for the Gaussian parameters
are set as follows: position at 2 x 10™4, density at 1 x 1072,
scale at 5 x 1072, and rotation at 1 x 1073, all exponen-
tially decaying to 10% of their initial values. The hash en-
coder and decoder use initial learning rates of 2 x 103 and
2x 10~%, respectively, also decaying to 10% of their original
values. Loss weights are set to Agspy = 0.25, Ay = 0.05,
and A\eem = 0.1. We adopt a pretrained DINO-ViT (Zhang
et al. 2022) model as the VFM for computing the seman-
tic consistency loss. During evaluation, we report PSNR and
SSIM (Wang et al. 2004) to measure volumetric reconstruc-
tion quality.

Baselines. For static CT reconstruction, we compare our
method with several state-of-the-art baselines. Traditional
methods include FDK (Feldkamp, Davis, and Kress 1984)
and SART (Andersen and Kak 1984). NeRF-based methods
include IntraTomo (Zang et al. 2021), NAF (Zha, Zhang,
and Li 2022), and SAX-NeRF (Cai et al. 2024), among



Method XCAT TCIA SPARE Average
PSNR1+ SSIM1T PSNR{T SSIMT PSNR?T SSIM{T PSNR1 SSIM?T
Hex-plane 21.79 0.866 23.91 0.835 26.43 0.856 24.04 0.852
K-plane 20.57 0.847 24.59 0.855 26.59 0.876 23.92 0.859
STNF4D 25.73 0.928 29.37 0.919 28.75 0.887 27.95 0911
4DGS 33.95 0.955 34.44 0.948 30.01 0.898 32.80 0.933
Ours 35.51 0.969 35.41 0.955 30.41 0.905 33.78 0.943

Table 2: Quantitative comparisons of our TG-Field with other methods on the 4D CT datasets. We bold the best results and

underline the second-best.
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Figure 5: Visual ablation of the motion-flow module (MF)
for 4D CT reconstruction.

Case Component Performance
HE STAB MF SR \ PSNR 1 SSIM 1
Static v 28.71 0.841
v v | 2895 0.849
v 3426  0.939
Dvnamic v v 34.89 0945
Y vV 3523 0.952
v v v v | 3541 0955

Table 3: Quantitative ablation of TG-Field components on
static and dynamic situation.

which SAX-NeRF employs a Transformer-based architec-
ture. Gaussian-splatting methods include X-Gaussian (Cai
et al. 2025), which focuses on novel projection synthesis,
and R%-Gaussian (Zha et al. 2024), which enables direct CT
reconstruction via differentiable voxelization.

For dynamic CT reconstruction, we compare against re-
cent methods designed for dynamic scenes, including Hex-
Plane (Cao and Johnson 2023), which represents dynamic
scenes via hexagonal decomposition, K-Planes (Fridovich-
Keil et al. 2023), an spatiotemporal radiance field represen-
tation, STNF4D (Zhou, Ye, and Cai 2025), which incorpo-
rates spatiotemporal information for dynamic CT, and 4D
Gaussian Splatting (4DGS) (Wu et al. 2024b), which focuses
on real-time rendering of dynamic scenes.
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Main Results

Static CT Reconstruction. Table 1 reports quantitative
comparisons for sparse-view CT reconstruction on synthetic
and real datasets under 5, 10, and 20 views. TG-Field
achieves the best PSNR and SSIM in all settings. On the
synthetic dataset, it yields PSNR gains of about 0.5, 0.8,
and 0.7 dB over the strongest baseline for the 5-, 10-, and
20-view cases, respectively, together with consistent SSIM
improvements. On the real dataset, TG-Field similarly out-
performs all baselines, with PSNR gains of about 0.7, 0.9,
and 0.6 dB for 5-, 10-, and 20-view settings. Figure 4 com-
pares the reconstruction quality of R2-Gaussian and our TG-
Field across different numbers of projection views. Under
extremely sparse-view conditions, R?-Gaussian often yields
blurred details and noticeable artifacts, whereas TG-Field
preserves finer anatomical structures and effectively sup-
presses artifacts even with very limited projections.
Dynamic CT Reconstruction. We evaluate TG-Field on
three 4D CT datasets: XCAT, TCIA 4D-Lung, and SPARE.
As shown in Table 2, TG-Field achieves the best PSNR/S-
SIM on all datasets and the highest average performance.
Compared with the strongest baseline 4DGS, it improves the
average PSNR from 32.80 to 33.78 dB and SSIM from 0.933
to 0.943, indicating stronger robustness under severe view
sparsity. STNF4D performs reasonably but is more prone to
noise and blurring, while HexPlane and K-Planes lag behind
across all metrics. 4DGS is a strong baseline, yet TG-Field
further enhances temporal modeling and local motion han-
dling. Visual results in Figure 6 qualitatively confirm these
gains, showing clearer structures and fewer artifacts.

Ablation Study

Initialization Analysis. To evaluate the impact of initializa-
tion quality on reconstruction performance, we compare our
proposed geometry-informed strategy against two widely
used alternatives: cubic uniform sampling and FDK-based
point cloud initialization. Quantitative results under vary-
ing view numbers on the object CT are visualized in Fig-
ure 7-(a). Our method consistently outperforms the base-
lines across 2, 4, 6, and 8-view settings, achieving notable
gains in PSNR. These improvements confirm that accurate,
geometry-aware initialization significantly enhances recon-
struction fidelity under limited-view conditions.

Projection Numbers. We further examine robustness with
respect to the number of projections on the TCIA dataset.
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Figure 6: Visual comparisons of dynamic CT reconstruction results on the SPARE dataset. Our TG-Field shows superior per-
formance in modeling anatomical details compared to existing approaches.

2 )
Z 2
& & 32+
Z Z
: E 30 == Ours
STNF4D
28 --A+ 4DGS

100 150 200
Number of training views

(b

6 50

4
Number of views

(2)

Figure 7: (a) Comparison of different initialization strategies
under varying numbers of projections. (b) Reconstruction re-
sults of TG-Field using different numbers of projections.

As shown in Figure 7-(b), reconstruction quality improves
as more projections are available, and TG-Field consistently
outperforms both STNF4D and 4DGS across all settings.

Component Analysis. We perform ablations on both static
and dynamic CT to quantify the contribution of each module
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in TG-Field, including the hash encoder (HE), spatiotempo-
ral attention block (STAB), motion-flow module (MF), and
semantic regularization (SR). As summarized in Table 3,
on static CT adding SR on top of HE brings a consistent
gain in PSNR/SSIM, which is also reflected by sharper bone
boundaries and fewer artifacts in Figure 3. On 4D CT, pro-
gressively introducing STAB and MF yields steady improve-
ments, and the full model with SR achieves the best over-
all PSNR and SSIM. Qualitative results in Figure 5 further
show that MF mainly refines motion-sensitive regions.

Conclusion

We presented TG-Field, a geometry-aware Gaussian defor-
mation framework for ultra-sparse-view tomographic recon-
struction. It encodes geometric priors into radiative Gaussian
optimization without requiring paired training data. Build-
ing on the same formulation, we handle dynamic CT via
time-conditioned modeling to preserve temporal coherence.
Experiments on synthetic and real datasets show consistent
gains over recent methods, with higher fidelity and fewer ar-
tifacts in both static and dynamic settings.
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