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1. Overview of Our Optimization Pipeline

We illustrate our overall optimization pipeline in Figure 1. Our method consists of two stages, following a structure similar to the baseline
approach [ZLC∗24]. In the first stage, a conventional reconstruction method, such as FDK [FDK84], is employed to obtain an initial volumetric
reconstruction. From this volume, we randomly sample a subset of voxel locations and initialize 3D Gaussian primitives with their centers
placed at the sampled positions. These Gaussians are forward-projected onto the projection image domain under a cone-beam geometry
using the given system response parameters. The resulting synthetic projections are compared with the measured projection images, and the
reconstruction loss is backpropagated to jointly optimize the corresponding 3D Gaussian parameters and the system response parameters.
During this iterative optimization, our adaptive density control strategy is applied to prune the negligible Gaussians and to split or clone
Gaussians in order to better represent the underlying volume. The output of the first stage is a set of optimized 3D Gaussian parameters. In the
second stage, the optimized Gaussians are evaluated at the voxel locations of interest, from which the final reconstructed volume is obtained.
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Figure 1: Overview of our optimization pipeline.
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2. Additional Ablation Results

Figure 2 provides additional qualitative results that support the ablation experiments reported by Table 5 in the main paper. The numbers
shown in the upper-right corners indicate the corresponding 3D PSNR values. As shown in this figure, the baseline reconstruction is noticeably
blurred and suffers from severe metal artifacts. When only our response model is applied, finer details are recovered; however, prominent metal
artifacts remain since the beam-hardening is not taken into account. Applying only the attenuation model significantly reduces these artifacts,
although minor residual artifacts persist near metallic regions. When both models are jointly employed, metal artifacts are further suppressed
and the overall intensity level closely matches the ground-truth volume, resulting in the highest PSNR among all ablation settings.

Baseline With response modelGround truth

0.03

0.0

With attenuation model With both models

20.68 21.21 27.73 29.19

Figure 2: Qualitative results of the ablations reported by Table 5 in the main paper.

3. Derivation of Backward Propagation

We implement a custom CUDA pipeline to enable automatic differentiation of the parameters in the discrete polychromatic forward projection
model using the Gaussian primitives as Equation (1):
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R2-Gaussian [ZLC∗24] consists of the Preprocessor that transforms the position and shape of each Gaussian, and the Rasterizer
that computes the intensity projected onto each detector pixel. While the Preprocessor reuses the original implementation, we design a
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new Rasterizer model and manually derive the gradients with respect to each intermediate parameter as Equations (2)–(6):

𝑑L
𝑑ρ𝑎

𝑖

����
x̂
=

𝑑L
𝑑𝑃(x̂) ·

𝑑𝑃(x̂)
𝑑ρ𝑎

𝑖

=
𝑑L

𝑑𝑃(x̂) · (𝑠𝑖𝐺𝑖 (x̂)) , (2)

𝑑L
𝑑ρ𝑏

𝑖

�����
x̂

=
𝑑L

𝑑𝑃(x̂) ·
𝑑𝑃(x̂)
𝑑ρ𝑏

𝑖

=
𝑑L

𝑑𝑃(x̂) ·
(
− 1
𝐴(x̂) 𝑠𝑖𝐺𝑖 (x̂)

𝑁−1∑︁
𝑘=0
(𝐵𝑘 (x̂)𝐶𝑘)

)
, (3)

𝑑L
𝑑𝑠𝑖

����
x̂
=

𝑑L
𝑑𝑃(x̂) ·

𝑑𝑃(x̂)
𝑑𝑠𝑖

=
𝑑L

𝑑𝑃(x̂) ·
(
ρ𝑎𝑖 𝐺𝑖 (x̂) −

1
𝐴(x̂) ρ

𝑏
𝑖 𝐺𝑖 (x̂)

𝑁−1∑︁
𝑘=0
(𝐵𝑘 (x̂)𝐶𝑘)

)
, (4)

𝑑L
𝑑𝐺𝑖

����
x̂
=

𝑑L
𝑑𝑃(x̂) ·

𝑑𝑃(x̂)
𝑑𝐺𝑖 (x̂)

=
𝑑L

𝑑𝑃(x̂) ·
(
ρ𝑎𝑖 𝑠𝑖 −

1
𝐴(x̂) ρ

𝑏
𝑖 𝑠𝑖

𝑁−1∑︁
𝑘=0
(𝐵𝑘 (x̂)𝐶𝑘)

)
, (5)

𝑑L
𝑑𝜂𝑘

����
x̂
=

𝑑L
𝑑𝑃(x̂) ·

𝑑𝑃(x̂)
𝑑𝜂𝑘

=
𝑑L

𝑑𝑃(x̂) ·
(
− 1
𝐴(x̂)

𝐵𝑘 (x̂)
𝜂𝑘

)
, (6)

where 𝐴(x̂) = ∑𝑁−1
𝑘=0 𝐵𝑘 (x̂), 𝐵𝑘 (x̂) = 𝜂𝑘 exp

(
−𝐶𝑘

∑𝑀
𝑖 ρ𝑏

𝑖
𝑠𝑖𝐺𝑖 (x̂)

)
, 𝐶𝑘 = − 1((

2𝑘
𝑁−1 −1

)
𝛾+1

)3 . All these equations are then implemented in the

CUDA backward function. The final gradient with respect to 𝜂𝑘 is obtained by summing the pixel-wise partial derivatives:
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4. Comparison Implementation Detail

Since both Polyner [WCW∗23] and Park et al. [PSJ] are originally designed for the fan-beam geometry, we extend their implementations to
support the cone-beam configuration for fair comparison with our method. Specifically, we constrain the sampling range that is originally
set to (-SOD,SOD) where SOD is Source-to-Object Distance, to a narrower interval that better matches the actual object region to reduce
sensitivity to variations across different datasets. To improve the reconstruction quality under the cone-beam setting, which is more challenging
to reconstruct a volume due to its 3D geometry of beams, we also increase the depth of the network and expand the hash encoding parameters
used in the reconstruction. As the official implementation of Park et al. is not publicly available, we instead adapt the extended cone-beam
implementation of Polyner and fine-tune several network and training-related parameters for fair comparison. For learning-based methods such
as ACDNet, DICDNet, and OSCNet, we employ publicly available pre-trained models. As these baselines only support metal artifact reduction
on 2D slices, we first reconstruct a 3D volume using FDK and then apply each model independently to the individual slices.

5. Geometry Configuration

The geometry configurations for the datasets are provided in Tables 1–2. To validate the robustness of our method, we conduct experiments
under various geometric setups.

6. GPU Memory Usage

We report the memory footprint of the baseline and our method in Table 3. Although our model is more complex than the baseline, its memory
requirement increases only marginally, indicating that the additional polychromatic features do not compromise memory efficiency.

7. Additional Discussion

We compute the PSNR and SSIM for the 3D volume to compare the reconstruction performance on the synthetic dataset. For the PSNR
calculation, the ground truth (GT) is determined based on the center energy, and following the evaluation methods of existing metal artifact
reduction techniques [WCW∗23] and [PSJ], PSNR is measured for all regions except for the metal mask area. Since there is no proper GT
available for the real dataset, we do not conduct quantitative evaluations, but qualitative comparison evaluations are done instead.

8. Additional Results

Figure 3 presents the objects for which we provide additional results. Figures 4–6 show qualitative comparisons of our method against
FDK [FDK84] and the state-of-the-art joint reconstruction and metal artifact reduction methods: Polyner [WCW∗23], and Park et al. [PSJ].
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Table 1: The scanning configuration of our synthetic datasets.

Parameters Synthetic Dataset

Broccoli Lung Teeth

Source voltage (kV) 90 ← ←
Aluminium filter (mm) 0.5 ← ←
Metal material Aluminum Steel Titanium
Volume resolution 256×256×256 ← ←
Volume size (mm) 50.0×50.0×50.0 ← ←
Angle range (◦) [0, 360) ← ←
Number of angles 720 ← ←
Detector resolution 512×512 ← ←
Detector size (mm) 145.485 ← ←
Source-to-object distance (mm) 200.962 ← ←
Source-to-detector distance (mm) 501.309 ← ←

Table 2: The scanning configuration of our real datasets.

Parameters Real Dataset

Walnut Metal Rods Chicken (Wire) Bell Pepper (Rivet) Broccoli (Rivet)

Source voltage (kV) 90 ← ← ← ←
Source current (𝜇A) 166 ← 300 ← ←
Aluminum filter (mm) 1.0 0.5 1.0 ← ←
Metal material Steel Aluminum Steel ← ←
Volume resolution 256×256×256 ← ← ← ←
Volume size (mm) 40.0×40.0×40.0 60.0×60.0×60.0 120.0×120.0×120.0 ← ←
Angle range (◦) [0, 360) ← ← ← ←
Number of angles 720 ← ← ← ←
Detector resolution 512×512 ← ← ← ←
Detector size (mm) 104.773 145.485 229.902 145.485 229.902
Source-to-object distance (mm) 200.962 ← 334.942 ← ←
Source-to-detector distance (mm) 501.309 ← ← ← ←
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Table 3: GPU Memory usage (in MB) comparison between the baseline [ZLC∗24] and our method across different scenes.

Type Scene Baseline (MB) Ours (MB)

Synthetic
Broccoli 1212 1402
Lung 1242 1404
Teeth 1272 1398

Real

Walnut 1308 1390
Metal Rods 1330 1406
Chicken (Wire) 1196 1382
Bell Pepper (Rivet) 1210 1388
Broccoli (Rivet) 1256 1340

Broccoli (Rivet)Bell Pepper (Rivet)Chicken (Wire)

Figure 3: The objects used for our additional results. The type of metallic objects used for each scene is shown in the parentheses.
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Figure 4: Qualitative comparison on the real dataset: Chicken (Wire). The odd columns show the sampled slices from the reconstructed
volumes by each algorithm, and the red boxes indicate the close-up regions. The even columns show the zoom-in patches from the corresponding
slices.
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Figure 5: Qualitative comparison on the real dataset: Bell Pepper (Rivet). The odd columns show the sampled slices from the reconstructed
volumes by each algorithm, and the red boxes indicate the close-up regions. The even columns show the zoom-in patches from the corresponding
slices.
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Figure 6: Qualitative comparison on the real dataset: Broccoli (Rivet). The odd columns show the sampled slices from the reconstructed
volumes by each algorithm, and the red boxes indicate the close-up regions. The even columns show the zoom-in patches from the corresponding
slices.
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