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Fig. 1: Comparison of CT scan volumetric rendering pipelines. Top: 6DGS [12] re-
lies on physically-based rendering (PBR) of training views followed by per-scan op-
timization, and exhibits severe artifacts under limited training views. Bottom: Our
Render-FM produces high-quality renderings via a single feedforward pass.

Abstract. Photorealistic volumetric rendering of CT scans greatly ben-
e�ts clinical work�ows, yet neural approaches such as Neural Radiance
Fields (NeRF) and 3D Gaussian Splatting (3DGS) require prohibitive
per-scan optimization (hours for NeRF, about 30 minutes for 3DGS),
making them impractical in clinical settings. We propose Render-FM,
a feedforward model that eliminates this bottleneck by directly regress-
ing 6D Gaussian Splatting (6DGS) parameters from a CT volume in
a single 2.8-second forward pass, a 500× speedup over per-scan opti-
mization. To bridge the domain gap between natural scene reconstruc-
tion and medical volumetric rendering, we introduce Anatomy-Guided
Priming (AGP), which incorporates segmentation masks and transfer
functions as structural and appearance priors, information that exist-
ing Gaussian splatting methods overlook. Built on an nnU-Net-inspired
3D U-Net trained on diverse CT scans, Render-FM predicts per-voxel
6DGS parameters and supports immediate real-time rendering. Unlike
per-scan methods, it generalizes to unseen anatomies, novel transfer

⋆ Corresponding author

https://orcid.org/0000-0003-4344-4501
https://orcid.org/0000-0002-6110-6437
https://orcid.org/0000-0002-6677-2017
https://orcid.org/0009-0005-7342-0182
https://orcid.org/0000-0003-4749-9040
https://orcid.org/0009-0001-6697-7098
https://orcid.org/0000-0002-9774-7770


2 Z. Gao et al.

functions, and enables compositional organ visualization with zero ad-
ditional preparation time. Optional 89-second �ne-tuning further im-
proves quality, surpassing per-scan optimized baselines. Project page:
https://gaozhongpai.github.io/renderfm/.

Keywords: Gaussian splatting · Feedforward model · Volumetric ren-
dering · Computed tomography

1 Introduction

Medical imaging modalities like Computed Tomography (CT) produce rich vol-
umetric datasets that are conventionally reviewed as sequences of 2D slices.
While fundamental to clinical practice, this slice-by-slice approach often fails
to convey the intricate spatial relationships of 3D anatomical structures and
pathologies, particularly in complex cases involving multi-organ interactions or
vascular networks [6]. Volumetric rendering addresses this limitation by syn-
thesizing comprehensive 3D views that enable intuitive and interactive explo-
ration, signi�cantly enhancing diagnostic assessment, surgical planning, and pa-
tient communication [1, 7]. The ability to dynamically inspect patient anatomy
from arbitrary perspectives fundamentally transforms how clinicians interact
with medical imaging data [4].

Despite technological advancements, achieving photorealistic volumetric ren-
dering faces signi�cant barriers to routine clinical adoption. While conventional
Direct Volume Rendering (DVR) methods [17] enable real-time interaction through
GPU-accelerated ray-casting, they employ simpli�ed local illumination models
that produce visually limited results. In contrast, photorealistic rendering tech-
niques like Cinematic Rendering [6, 7, 26, 31] and physically-based path tracing
achieve remarkable visual quality through global illumination, soft shadows, and
subsurface scattering, e�ects critical for realistic tissue appearance and enhanced
spatial perception in surgical planning and patient communication. However,
these methods require computationally expensive light transport simulation.
More recent approaches, such as Neural Radiance Fields (NeRF) [20] and 3D
Gaussian Splatting (3DGS) [18], can achieve photorealistic quality but impose
prohibitive per-scan optimization requirements that fundamentally con�ict with
clinical time constraints.

The core bottleneck lies in per-scene optimization: 3DGS typically requires
around 30 minutes, while NeRF can extend to 10+ hours. This is compounded by
the prerequisite generation of physically-rendered training views, consuming ap-
proximately 18 seconds per view, bringing the full preparation pipeline to nearly
an hour per case for 3DGS, and far longer for NeRF. Beyond speed, optimized
parameters cannot transfer between scans due to variations in anatomy, pathol-
ogy, and acquisition protocols, nor can they generalize to new transfer functions
(i.e., color and opacity de�nitions) or support compositional organ visualization,
capabilities essential for comprehensive diagnostic work�ows.

Recent advances in large-scale feedforward models present a transforma-
tive paradigm for addressing these limitations. Inspired by foundation model

https://gaozhongpai.github.io/renderfm/
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pre-training principles [2, 21, 22], Large Gaussian Models (LGMs) [27, 32] have
demonstrated that feedforward networks trained on large datasets can directly
predict 3D Gaussian parameters from sparse image inputs, bypassing per-scene
optimization entirely. While LGMs target natural scene reconstruction from 2D
views, their core insight transfers naturally to medical volumetric rendering: CT
scans provide dense, structured 3D input that makes the feedforward mapping
more tractable, and large-scale CT datasets spanning diverse institutions and
pathologies o�er the breadth needed to learn generalizable anatomical priors
across patients.

We introduce Render-FM, a feedforward model for photorealistic volumetric
rendering through direct prediction of 6D Gaussian Splatting (6DGS) parame-
ters from CT volumes. Unlike optimization-based methods requiring extensive
per-scan training, Render-FM performs parameter regression in a single 2.8-
second forward pass, a 500× speedup, while maintaining superior visual quality.
We adopt 6DGS [12] over standard 3DGS for its explicit modeling of complex
view-dependent optical e�ects in a 6D spatio-angular space, better capturing
scattering and re�ectance phenomena at tissue interfaces that are critical for
photorealistic medical visualization. The model employs an encoder-decoder ar-
chitecture inspired by nnU-Net's medical imaging principles [14, 16], combined
with our novel Anatomy-Guided Priming (AGP) that incorporates anatomical
segmentation masks and transfer functions as structured priors, contextual in-
formation that existing Gaussian Splatting methods entirely overlook.

Trained on diverse CT datasets spanning multiple institutions and patholo-
gies [30], Render-FM learns robust generalization across clinical imaging condi-
tions. The resulting model enables immediate real-time rendering at 328+ FPS
while supporting dynamic transfer function modi�cation and compositional or-
gan visualization, capabilities impossible with optimization-based approaches.
Optional �ne-tuning can further enhance quality to 31.67 dB PSNR within 89
seconds, providing �exibility while maintaining practical deployment timelines.
Our key contributions include:

� Feedforward Model Architecture: A novel feedforward model integrat-
ing nnU-Net's medical imaging principles with 6DGS's view-dependent ren-
dering capabilities to directly regress 6DGS parameters from CT volumes,
eliminating per-scan optimization and reducing preparation time from ∼1
hour to 2.8 seconds.

� Anatomy-Guided Priming (AGP): A novel initialization strategy that
leverages segmentation masks and transfer functions to provide anatomically-
informed structural and appearance priors for 6D Gaussian primitives, bridg-
ing the domain gap between natural scene reconstruction and medical volu-
metric rendering.

� End-to-End Training & Evaluation: A comprehensive training method-
ology using di�erentiable 6DGS rendering on large-scale CT datasets, with
extensive evaluation demonstrating superior rendering quality, 500× speedup
over per-scan optimization, and robust generalizability to unseen anatomies,
novel transfer functions, and compositional organ visualization.
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2 Related Work

Volumetric Rendering in Medical Imaging Direct Volume Rendering
(DVR) synthesizes images by casting rays through volumetric data using transfer
functions to map voxel intensities to optical properties [13, 17]. Standard GPU-
accelerated DVR implementations enable real-time interaction in clinical view-
ers like 3D Slicer and OsiriX [1], but employ simpli�ed local illumination (e.g .,
Phong shading) producing visually limited results. Cinematic Rendering [6�8,26]
achieves photorealism through physically-based rendering with global illumina-
tion, soft shadows, and subsurface scattering. However, such photorealistic meth-
ods require expensive light transport simulation (seconds per view) and expert
transfer function tuning, limiting routine clinical adoption despite their superior
visual quality.
Neural Radiance Fields (NeRF) and 3D Gaussian Splatting (3DGS)
NeRF [20] implicitly represents scenes using MLPs that map 5D position-and-
direction coordinates to density and color, achieving high-quality novel view syn-
thesis at the cost of extensive per-scene optimization (hours to days) and slow
rendering. 3DGS [18] addresses rendering speed by explicitly modeling scenes
with 3D Gaussian primitives and a di�erentiable tile-based rasterizer, enabling
real-time rendering, but still requires around 30 minutes of per-scene optimiza-
tion. Both have been adapted for medical imaging, including sparse-view CT
reconstruction [3] and X-ray visualization [11]. However, these adaptations re-
tain the per-scan optimization requirement, and optimized parameters cannot
transfer across scans or generalize to new transfer functions, which are funda-
mental limitations for clinical deployment.
6D Gaussian Splatting 6D Gaussian Splatting (6DGS) [12] extends 3DGS by
representing primitives within a 6D spatio-angular space, characterized by a 6D
covariance matrix that captures variance in both 3D position and 3D direction.
This formulation enables explicit modeling of complex view-dependent e�ects,
such as anisotropic re�ections and subsurface scattering, that are frequently
observed at tissue interfaces in medical data and are di�cult to capture with
standard 3DGS spherical harmonics. During rendering, the 6D covariance is dy-
namically sliced based on the viewing direction to yield an e�ective 3D Gaussian
for rasterization, achieving higher �delity with potentially fewer primitives [12].
These properties make 6DGS particularly well-suited for photorealistic medical
visualization.
Feedforward Models and Large Gaussian Models Foundation models
pre-trained on large-scale datasets demonstrate robust generalization to down-
stream tasks without task-speci�c optimization [2,21,22]. Large Gaussian Models
(LGMs) [27, 32] bring this paradigm to 3D reconstruction, training feedforward
networks to directly predict 3D Gaussian parameters from sparse 2D image in-
puts without per-scene optimization. However, LGMs are designed for natural
scene reconstruction from RGB images, a setting fundamentally di�erent from
medical volumetric rendering, which involves structured 3D CT input, domain-
speci�c appearance priors (transfer functions), and the need for anatomical gen-
eralization across patients. Render-FM adapts the feedforward paradigm to this
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medical setting by leveraging dense 3D CT volumes as input and incorporating
anatomy-guided priors, addressing the gaps that make LGMs ill-suited for direct
clinical application.
nnU-Net Framework The nnU-Net framework [14,16] excels in medical image
segmentation through self-con�guring pipeline adaptation, automatically adjust-
ing patch size, normalization, and architecture to handle the wide variation in CT
resolutions, spacings, and �elds-of-view across institutions. Its 3D U-Net back-
bone consistently achieves state-of-the-art results across diverse benchmarks, and
its principles have been extended beyond segmentation to tasks such as land-
mark detection [9] and interactive segmentation [15]. Render-FM leverages these
same architectural principles for CT-to-6DGS parameter regression, bene�ting
from nnU-Net's robustness to clinical CT variability.

To our knowledge, Render-FM is the �rst method to combine feedforward
prediction, 6D Gaussian Splatting, and anatomy-guided priming for photorealis-
tic CT volumetric rendering, eliminating per-scan optimization while achieving
rendering quality comparable to or better than per-scan optimized baselines.

3 Methodology

Render-FM learns a direct mapping from a CT volume to 6D Gaussian Splatting
(6DGS) parameters via a single feedforward pass, enabling real-time photoreal-
istic rendering without per-scan optimization. An overview of the pipeline is
shown in Fig. 2.

Problem Formulation Given a 3D CT scan V ∈ RC×D×H×W with C = 6 in-
put channels, our goal is to predict parameters Θ de�ning a 6DGS representation
that enables high-quality, view-dependent rendering from arbitrary viewpoints.
Formally, we learn a function fϕ : V 7→ Ψ , where Ψ ∈ R37×⌊D/2⌋×⌊H/2⌋×⌊W/2⌋

represents voxel-wise 6DGS parameters across the volume, parameterized by
network weights ϕ. During rendering, a foreground subset Θ ⊂ Ψ determined by
the segmentation mask is instantiated as 6D Gaussian primitives.

3.1 Model Architecture

Input Representation The 6-channel input V provides complementary anatom-
ical and appearance information: 1) normalized CT intensity (Houns�eld Units),
capturing tissue density; 2) a segmentation mask identifying foreground struc-
tures; and 3) four RGBA channels from pre-de�ned transfer functions, encoding
base color and opacity per anatomy class. This multi-channel design enriches
the network with structural and appearance context, including tissue density,
semantic identity, and base appearance, reducing the burden of learning these
priors from scratch and enabling more accurate Gaussian parameter prediction.

Encoder-Decoder Backbone Render-FM employs a 3D U-Net architec-
ture inspired by nnU-Net [14, 16]. The encoder applies successive blocks of two
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Fig. 2: Overview of the Render-FM pipeline. A 3D U-Net encoder-decoder network
processes a 6-channel input volume and regresses 37-channel 6DGS parameters per
voxel. Foreground voxels instantiate 6D Gaussians, which are rendered via di�erentiable
view-dependent slicing and tile-based rasterization. End-to-end training is supervised
by a rendering loss against physically-based ground-truth views.

3 × 3 × 3 convolutions with Instance Normalization and Leaky ReLU activa-
tion, interleaved with 2 × 2 × 2 max-pooling for downsampling. The decoder
mirrors this structure with transposed convolutions for 2 × 2 × 2 upsampling
and skip connections that concatenate encoder features at corresponding reso-
lutions (excluding the �nal stage, which outputs at half the input resolution).
The �nal 1× 1× 1 convolution produces 37 output channels per voxel, yielding
Ψ ∈ R37×⌊D/2⌋×⌊H/2⌋×⌊W/2⌋. To satisfy the spatial divisibility requirements of
the multi-scale pooling operations, input volumes are zero-padded to the nearest
multiple of 32 along each spatial dimension prior to the forward pass.

6DGS Parameter Prediction Each spatial location in Ψ encodes the at-
tributes of one potential 6D Gaussian primitive. The 3D position µp is �xed to
the voxel's world-space coordinates and is not predicted by the network. The 37
predicted channels at each location encode: mean direction µd (3 channels), view-
dependent color via Spherical Harmonic coe�cients at degrees L=0 and L=1
(12 channels total), an opacity o�set (1 channel), and the 21 upper-triangular
elements of the 6 × 6 covariance matrix Σ. To guarantee a valid positive semi-
de�nite covariance, the 6 diagonal elements are predicted in log-space, while
the 15 o�-diagonal elements are constrained via tanh activation before Cholesky
reconstruction.

3.2 Anatomy-Guided Priming

Standard 3DGS initialization relies on SfM-derived sparse point clouds [25] or
random placement, both unsuitable for volumetric medical data as they fail
to leverage domain-speci�c anatomical information. Recent CT-based methods
such as DDGS-CT [11] and 6DGS [12] improve upon this by using marching-
cubes on CT radiodensity, but still ignore segmentation labels, transfer function
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colors, and opacity, information that is readily available in clinical pipelines. We
introduce Anatomy-Guided Priming (AGP) as a comprehensive initialization
strategy for 6D Gaussian primitives. Since Render-FM predicts a 6D Gaussian
for each voxel, Gaussian positions are set directly to voxel world coordinates;
base colors and opacities are derived from pre-de�ned transfer functions; and
semantic labels are assigned from the segmentation mask. This anatomically-
informed starting point guides the network to predict residual re�nements on
top of meaningful priors, rather than learning geometry and appearance entirely
from scratch, leading to more stable training and better generalization.

3.3 Di�erentiable Rendering

Gaussian Instantiation Since the network outputs Ψ at half the input res-
olution, each foreground voxel index in Ψ is �rst upsampled by a factor of 2
to recover full-resolution voxel coordinates, which are then mapped to physical
world-space positions via the volume's a�ne transformation. Direction µd,i and
covariance components are extracted from Ψ at the corresponding half-resolution
location, and the 6× 6 covariance matrix Σi is reconstructed from its predicted
Cholesky factors. The appearance attributes are: color ci, computed by combin-
ing AGP base RGB values with predicted spherical harmonic o�sets; opacity
αi = σ(αbase+∆αi), which blends the AGP prior with the predicted residual to
ensure αi ∈ [0, 1]; and class label li, assigned from the segmentation mask.

Covariance Slicing for View-Dependence For rendering from a camera at
position p, we apply view-dependent covariance slicing to each Gaussian i ∈ Θ
as described in [12]. The view direction is vi = (µp,i − p)/∥µp,i − p∥. The 6× 6
covariance Σi is partitioned into spatial (pp), directional (dd), and cross-term
(pd, dp) blocks:

Σi =

(
Σpp Σpd

Σdp Σdd

)
. (1)

The view-conditioned spatial mean and covariance are then:

µ′
p,i = µp,i +ΣpdΣ

−1
dd (vi − µd,i), (2)

Σ′
pp,i = Σpp −ΣpdΣ

−1
dd Σdp, (3)

with an opacity modulation factor wi = N (vi | µd,i, Σdd) that scales visibil-
ity based on the alignment between the viewing direction and the Gaussian's
directional distribution. This slicing mechanism adapts each Gaussian's shape,
position, and opacity per viewpoint, capturing view-dependent optical e�ects
such as subsurface scattering and specular re�ectance at tissue interfaces.

Tile-Based Rasterization The view-conditioned Gaussians (de�ned by µ′
p,i,

Σ′
pp,i, modulated opacity wiαi, and color from ci) are rendered using a di�er-

entiable tile-based rasterizer adapted from 3DGS [18]. Gaussians are projected
onto the image plane, sorted by depth, culled, and assigned to screen tiles. Alpha
compositing is performed e�ciently within each tile in parallel on the GPU. This
fully di�erentiable process enables end-to-end training through the renderer and
achieves real-time rendering speeds at inference.
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3.4 Training

A central design choice of Render-FM is the uni�cation of the nnU-Net [14, 16]
volumetric prediction backbone with the di�erentiable 6DGS rendering pipeline
into a single end-to-end trainable system. Rather than treating parameter re-
gression and rendering as separate stages, rendering gradients �ow directly back
through the rasterizer into the network weights, allowing the network to learn
6DGS parameters that are optimal for visual quality rather than for any inter-
mediate proxy loss.

Concretely, at each training step, predicted Gaussians are rendered from
4 randomly sampled viewpoints p via di�erentiable rasterization Î = R(Θ,p)
and compared against physically-based ground-truth images Igt produced o�ine
via PBRT [23]. We supervise training with a combination of pixel-level and
perceptual losses:

L = λL1LL1 + λSSIMLSSIM, (4)

where LL1 = ∥Î−Igt∥1 penalizes pixel-level error and LSSIM = 1−MS-SSIM(Î , Igt)
[28] enforces structural �delity, with weights λL1 = 0.8 and λSSIM = 0.2. View
losses are averaged before backpropagation across all training scans.

3.5 Inference Pipeline

The Render-FM inference pipeline �rst preprocesses the CT volume: it is re-
sampled to isotropic 1.5mm spacing, a segmentation mask is either provided or
generated automatically (e.g ., via TotalSegmentator [30]), and per-voxel RGBA
values are computed from pre-de�ned transfer functions. The normalized CT in-
tensity, segmentation mask, and RGBA volume are assembled into the 6-channel
input V , zero-padded to the nearest multiple of 32.

The assembled input is passed through fϕ in a single forward pass, producing
the dense parameter volume Ψ . Foreground voxels identi�ed by the segmentation
mask are immediately instantiated as 6D Gaussians with geometry and appear-
ance attributes derived from Ψ and the AGP priors, as described above. These
6D Gaussians are ready for real-time interactive rendering without any further
optimization, enabling the clinician to inspect the anatomy from arbitrary view-
points at 328+ FPS. The entire process from raw CT to interactive visualization
completes in under 3 seconds on GPU, compared to approximately one hour
required by per-scan optimization methods.

For cases requiring higher rendering �delity, the instantiated 6DGS model
can optionally be �ne-tuned for less than 2 minutes. This �ne-tuning optimizes
the predicted Gaussian parameters directly on the test scan using the same dif-
ferentiable renderer and loss, providing a quality boost while remaining far more
practical than full per-scan optimization. The two-stage design, fast feedforward
prediction followed by optional lightweight re�nement, o�ers a �exible trade-o�
between speed and quality to suit di�erent clinical demands.
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4 Experiments

We conduct extensive experiments to evaluate the performance of Render-FM
against the 6DGS baseline [12], focusing on rendering quality, computational ef-
�ciency, and generalizability. We �rst ablate the role of anatomy-guided priming
(AGP) as both an initialization strategy and a necessary condition for feed-
forward learning, then present a full quantitative and qualitative comparison
across in-domain and out-of-domain settings, including seen and unseen transfer
functions, �ne-tuning, and compositional organ visualization.

4.1 Experimental Protocol

Datasets We utilized two publicly available CT datasets: 1) TotalSegmenta-
tor [30]: This dataset comprises 1,228 CT scans from clinical routines, covering
117 anatomical classes. It includes a wide range of pathologies, scanners, acqui-
sition protocols, and institutions, making it representative of real-world clinical
variability. After �ltering scans exceeding 48 million voxels (due to GPU memory
constraints) or lacking orthonormal directionality, we used 991 scans for train-
ing and 46 for in-domain (ID) testing; 2) CT-ORG [24]: This dataset includes
140 CT scans from diverse sources, featuring both large organs (e.g ., lungs) and
small, challenging structures (e.g ., bladder). We selected 10 scans (volumes 2�
11) for out-of-domain (OOD) testing to evaluate Render-FM's generalizability
to unseen data distributions.

Data Preparation To prepare the training data, we applied a standardized
preprocessing pipeline: 1) Resampling: Volumes were resampled to isotropic spac-
ing of 1.5mm in all dimensions to ensure consistency; 2) Normalization: CT in-
tensities (Houns�eld Units) were normalized following the nnU-Net pipeline [14]
to standardize intensity ranges; 3) Segmentation: Segmentation masks were gen-
erated using TotalSegmentator [30], grouping 117 anatomical classes into 11
semantic categories (e.g ., skeleton, muscle, cardioVascular; see Supplementary
Material). Note that masks can also be manually annotated or automatically
generated by other methods, ensuring �exibility for clinical use; 4) Transfer

Functions: We de�ned RGBA transfer functions for the 11 semantic groups to
provide base appearance cues, enhancing the model's ability to predict Gaussian
parameters; and 5) Ground-Truth Rendering: For each training scan, we ren-
dered 60 views of all classes, 30 views of skeleton group, and 30 views of organ
groups (except the skeleton and muscle groups) with the resolution of 1600 ×
1600 using physically-based rendering via PBRT [23] to serve as ground truth,
which takes 18.8 seconds per view on average. To enhance model robustness, we
applied data augmentations, including random intensity shifts, Gaussian noise,
and simulated acquisition artifacts, mimicking variations in clinical CT imaging.

For evaluation, we applied identical preprocessing to both test sets: 46 To-
talSegmentator scans (ID) and 10 CT-ORG scans (OOD). Our experiments
evaluated performance under three conditions: 1) Seen TF : using transfer func-
tions identical to training for testing generalization to new scans; 2) Unseen TF :
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using novel transfer functions not seen during training to test appearance gener-
alizability; and 3) Skeleton group: visualizing only skeletal structures to evaluate
compositional capabilities. For each test scan, we rendered 40 views for comput-
ing evaluation metrics, while 20 views were used for training 6DGS baseline or
�ne-tuning Render-FM.

For semantic labeling of the 6DGS baseline, the original implementation does
not support per-Gaussian class assignment. We therefore extended it using k-
nearest neighbors (with k=1) to assign anatomical classes from the segmentation
mask to each Gaussian primitive during initialization. In contrast, our anatomy-
guided priming approach (6DGS + AGP) integrates semantic classi�cation di-
rectly during the initialization process, providing more consistent anatomical
structure representation.

Implementation Details Render-FM was implemented in PyTorch using the
Adam optimizer [19] (β1 = 0.9, β2 = 0.999) with an initial learning rate of
1× 10−3 and PolyLR scheduling [5]. Due to GPU memory constraints, we used
a batch size of 3 volumes, leveraging automatic mixed precision (AMP) and gra-
dient accumulation for e�ciency. Training was performed on a single NVIDIA
A100 80GB GPU, requiring approximately 3 days. At inference, we additionally
adopt FlashGS [10] to accelerate rasterization throughput. The number of in-
stantiated Gaussians varied by scan complexity, ranging from 50,000 to 800,000,
depending on the anatomical structures present.

The 6DGS experiments, including the original 6DGS and 6DGS with our
AGP initialization (i.e., 6DGS + AGP), were trained following the o�cial im-
plementation [12] for 30,000 iterations, with evaluations every 500 iterations to
mitigate potential over�tting when training with limited views (20 per scan). We
reported the best results for 6DGS experiments to ensure fair comparison. For
Render-FM �ne-tuning (FT ), we conducted 300 optimization iterations, repre-
senting a substantial reduction in computational requirements, and reported the
�nal results.

Evaluation Metrics To assess rendering quality, we employed three standard
metrics: Peak Signal-to-Noise Ratio (PSNR), which quanti�es pixel-level accu-
racy with higher values indicating better �delity; Structural Similarity Index
(SSIM) [29], which evaluates structural and perceptual similarity; and Learned
Perceptual Image Patch Similarity (LPIPS) [33], which measures perceptual sim-
ilarity with lower values indicating closer alignment to human visual perception.
For e�ciency, we measured preparation time (in seconds), de�ned as the dura-
tion from raw CT input to 6DGS interactive rendering readiness; the number of
Gaussian points, which re�ects model complexity; and frames per second (FPS),
which quanti�es real-time rendering performance.

4.2 Ablation: Anatomy-Guided Priming

We evaluate the contribution of Anatomy-Guided Priming (AGP) from two per-
spectives: its e�ect as an initialization strategy for per-scan optimization (6DGS
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Table 1: Quantitative comparison. ID : in-domain (TotalSegmentator); OOD : out-of-
domain (CT-ORG); Seen/Unseen TF : transfer functions used/not used for training;
AGP : anatomy-guided priming; Skeleton group: compositional visualization requiring
0.0s additional preparation, enabled by per-Gaussian labels assigned during AGP.

Dataset Type Method SSIM PSNR LPIPS Time (s) # points FPS

T
o
t
a
l
S
e
g

ID
Seen TF

6DGS 0.912 26.63 0.096 1463.9 68,785 697.5
6DGS + AGP (Ours) 0.925 28.92 0.093 1786.5 135,827 575.6
Render-FM (Ours) 0.919 27.30 0.097 2.8 343,058 328.6
Render-FM (Ours) + FT 0.937 31.67 0.088 89.4 227,925 423.8

C
T
-
O
R
G

OOD
Seen TF

6DGS 0.903 25.97 0.105 1528.7 75,956 679.1
6DGS + AGP (Ours) 0.926 29.36 0.091 2261.9 239,609 411.0
Render-FM (Ours) 0.918 26.21 0.092 2.6 586,225 245.2
Render-FM (Ours) + FT 0.940 32.48 0.082 136.2 469,969 275.1

C
T
-
O
R
G

OOD
Unseen TF

6DGS 0.908 26.59 0.103 1546.4 81,802 684.3
6DGS + AGP (Ours) 0.924 29.66 0.090 2129.3 246,017 385.5
Render-FM (Ours) 0.913 26.77 0.092 2.8 586,225 245.5
Render-FM (Ours) + FT 0.936 31.91 0.083 133.4 462,219 277.5

C
T
-
O
R
G OOD

Seen TF
Skeleton group

6DGS 0.935 26.78 0.066 5146.0 76,848 602.0
6DGS + AGP (Ours) 0.938 28.95 0.064 7545.3 286,308 425.1
Render-FM (Ours) 0.925 26.10 0.070 0.0 586,225 295.7
Render-FM (Ours) + FT 0.944 30.74 0.061 140.1 466,638 337.3

+ AGP vs. 6DGS), and its role as a necessary condition for feedforward learning
in Render-FM.

AGP as initialization for 6DGS As shown in Table 1, applying AGP to
the 6DGS baseline consistently improves rendering quality across all conditions.
On TotalSegmentator (ID, Seen TF), 6DGS + AGP achieves SSIM of 0.925,
PSNR of 28.92, and LPIPS of 0.093, compared to 0.912, 26.63, and 0.096 for
vanilla 6DGS, with similar gains on CT-ORG under both seen (SSIM: 0.926 vs.
0.903) and unseen transfer functions (SSIM: 0.924 vs. 0.908). These improve-
ments con�rm that initializing Gaussians with anatomically-grounded positions,
colors, and opacities from transfer functions provides a stronger starting point
than marching-cubes. As a natural consequence of this richer initialization, fewer
Gaussians are pruned during optimization, yielding a higher �nal point count
(135,827 vs. 68,785 on TotalSegmentator) that better covers anatomical struc-
tures, which is a desired outcome re�ecting improved scene representation. This
also explains the longer optimization time (1786.5s vs. 1463.9s). Nonetheless,
6DGS + AGP still requires per-scan optimization for every new case.

AGP as a necessary component of Render-FM For our Render-FM
feedforward model, AGP is not merely bene�cial but essential. Without AGP,
Render-FM fails to converge during training. This is because the feedforward net-
work must predict meaningful 6DGS parameters for hundreds of thousands of
voxels simultaneously, a highly underconstrained problem without a structured
starting point. AGP resolves this by providing each Gaussian with a physically
grounded initialization: positions anchored to voxel world coordinates, colors
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Fig. 3: Qualitative comparison on two datasets: in-domain (ID) TotalSegmentator [30]
and out-of-domain (OOD) CT-ORG [24] for seen transfer functions (Seen TF ).

and opacities derived from transfer functions, and semantic labels from the seg-
mentation mask. This transforms the learning objective from predicting absolute
parameters from scratch into predicting residual corrections on top of meaning-
ful priors, making the optimization landscape tractable. The convergence failure
without AGP thus con�rms that anatomy-guided initialization is a fundamental
design requirement of Render-FM, not an optional enhancement.

4.3 Comparison with Baseline

Table 1 summarizes the performance of Render-FM, the 6DGS baseline [12],
and Render-FM with �ne-tuning (FT ) across the TotalSegmentator (ID) [30]
and CT-ORG (OOD) [24] datasets, under Seen TF, Unseen TF, and Skeleton

group conditions.

In-Domain (TotalSeg, Seen TF) On the TotalSegmentator test set with
seen transfer functions, Render-FM surpasses the 6DGS baseline across all qual-
ity metrics (SSIM: 0.919 vs. 0.912, PSNR: 27.30 vs. 26.63, LPIPS: 0.097 vs.
0.096) without any per-scan optimization. Preparation time is reduced from
1463.9 seconds to just 2.8 seconds, a 500-fold improvement, while sustaining
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Fig. 4: Qualitative comparison on out-of-domain (OOD) CT-ORG [24] for unseen
transfer functions (Unseen TF ) and composability (Skeleton group).

real-time rendering at 328.6 FPS. Fine-tuning further elevates performance sub-
stantially (SSIM: 0.937, PSNR: 31.67, LPIPS: 0.088), outperforming all methods
at a preparation time of only 89.4 seconds.

Out-of-Domain (CT-ORG, Seen TF) For out-of-domain testing on CT-
ORG with seen transfer functions, Render-FM demonstrates robust generaliza-
tion, outperforming 6DGS on all metrics (SSIM: 0.918 vs. 0.903, PSNR: 26.21
vs. 25.97, LPIPS: 0.092 vs. 0.105) with a preparation time of just 2.6 seconds at
a rendering speed of 245.2 FPS. Fine-tuning signi�cantly enhances performance
further (SSIM: 0.940, PSNR: 32.48, LPIPS: 0.082), achieving the best results
across all metrics with a preparation time of 136.2 seconds.

Unseen Transfer Functions (CT-ORG, Unseen TF) When evaluated
with novel transfer functions unseen during training, Render-FMmaintains strong
performance (SSIM: 0.913, PSNR: 26.77, LPIPS: 0.092), outperforming the 6DGS
baseline (SSIM: 0.908, PSNR: 26.59, LPIPS: 0.103) and demonstrating that
the learned representation generalizes to unseen appearance mappings with-
out retraining. Fine-tuning further improves results (SSIM: 0.936, PSNR: 31.91,
LPIPS: 0.083) with a preparation time of 133.4 seconds.
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Composability (CT-ORG, Skeleton group) We further evaluated Render-
FM's capability for compositional organ visualization. By selectively rendering
Gaussians corresponding to speci�c anatomical classes (e.g ., lungs, liver, bones)
based on the segmentation mask, Render-FM enables interactive exploration of
individual or combined structures with zero additional preparation time (0.0s).
This is a fundamental advantage over 6DGS: incorporating semantic labels into
6DGS requires a full separate per-scan optimization pass, in�ating preparation
time from 1528.7s to 5146.0s. Render-FM achieves SSIM of 0.925, PSNR of 26.10,
and LPIPS of 0.070 without any reprocessing, and �ne-tuning further improves
results to SSIM of 0.944, PSNR of 30.74, and LPIPS of 0.061 with only 140.1
seconds of preparation.

Across all conditions, Render-FM consistently delivers rendering quality com-
parable to or better than per-scan optimized 6DGS, with preparation times
reduced by two to three orders of magnitude. The dense Gaussian prediction
strategy results in a higher point count and consequently lower FPS for Render-
FM (245.2�328.6 without �ne-tuning; up to 423.8 with �ne-tuning) compared
to 6DGS (602.0�697.5), yet all values far exceed the threshold for real-time
clinical interaction. Fine-tuning leverages Render-FM's robust initialization to
achieve state-of-the-art quality with minimal additional computation.

Figures 3 and 4 provide a qualitative comparison across all methods. The
6DGS baseline, trained on 20 sparse views per scan, often over�ts, producing
�oating noise artifacts in novel views. AGP-initialized 6DGS reduces these ar-
tifacts but does not fully eliminate them. In contrast, Render-FM leverages its
learned generalizable priors to largely mitigate �oating noise, though it may
appear slightly blurry in some cases. After brief �ne-tuning, Render-FM signi�-
cantly enhances visual quality, capturing intricate details such as vasculature and
bone interfaces with superior clarity, which are critical for clinical interpretation
and diagnostic accuracy.

5 Conclusion

We presented Render-FM, a feedforward model for real-time, high-�delity vol-
umetric rendering of CT scans using 6D Gaussian Splatting. By employing an
nnU-Net inspired encoder-decoder architecture trained end-to-end, Render-FM
directly regresses 6DGS parameters from a multi-channel CT input volume,
without the need for time-consuming per-scan optimization. The model lever-
ages large-scale pre-training to learn generalizable mappings from CT data to
expressive, view-dependent 3D representations. Our experiments demonstrate
that Render-FM achieves rendering quality comparable or better than that of
per-scan optimized methods while reducing preparation time from hours to sec-
onds, enabling interactive frame rates suitable for clinical use. By integrating the
robustness of nnU-Net with the expressive power and view-dependent render-
ing capabilities of 6DGS, Render-FM bridges the gap between advanced neural
rendering quality and clinical practicality.
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Future Work. While this work focuses on CT, the Render-FM pipeline is de-
signed to be general: given modality-appropriate input channels and transfer
functions, the same feedforward framework extends to other volumetric modal-
ities such as MRI, which we leave as a promising direction for future work.
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