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1. Face Reduction Performance
To assess the decimation robustness and geometric stabil-
ity of the reconstructed surfaces, we apply the Fast Quadric
Mesh Reduction (FQMR) algorithm (Garland and Heck-
bert [1]) to each mesh. Under a strict maximum geo-
metric error tolerance of 10−6, our reconstructed meshes
still achieve an average 91.32% face-reduction efficiency
while preserving visually indistinguishable geometry. Even
after such aggressive simplification, the reconstructed sur-
faces continue to exhibit remarkable planar smoothness
and well-preserved edge sharpness, indicating that the
proposed method produces surfaces with high geometric
consistency, smoothness, and excellent decimability under
strict error constraints. Examples are presented in Fig. 1.
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Figure 1. Applying FQMR decimation under a strict geometric
error tolerance of 10−6, Faithful contouring maintains extremely
high face-reduction efficiency (87.04%–95.11%) while preserv-
ing the global structure and fine geometric details. Even after
aggressive simplification, the reconstructed surfaces retain planar
smoothness, sharp edges, and clean topology, demonstrating the
strong geometric stability and decimability of our reconstruction
pipeline.

2. High-Fidelity Detail Preservation
Fig. 2 provides a visual comparison of detailed surface re-
construction at resolutions of 10243 and 20483. While
SparC3D at 10243 loses high-frequency structures and in-
troduces voxel-lattice artifacts, our Faithful Contour rep-
resentation preserves sharp edges, fine ornamental geom-
etry, and consistent surface smoothness even at the same
resolution. At 20483, Faithful Contour captures micro-
structures with near-lossless accuracy, demonstrating strong
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Figure 2. Visual comparison of high-frequency detail preser-
vation. From left to right: SparC3D (10243), Faithful Contour
(10243), and Faithful Contour (20483). Our method preserves
sharp edges, crisp relief patterns, and smooth surfaces at the same
resolution, and recovers nearly all micro-structures at 20483.

scalability and superior detail retention compared with ex-
isting voxelized methods.

3. Efficiency & Computational Cost

Figure 3. Scalability of FC. Memory usage and total runtime (en-
coding + decoding) as functions of input surface area, showing
approximately linear scaling across resolutions 512-2048.

Fig. 3 shows the cost of FC at resolutions from 512
to 2048. Using GPU-accelerated local operations without
global optimization or iterative solvers, FC stores data only
at surface-intersecting voxels. Thus, memory and runtime
scale linearly with mesh surface area, not cubic resolu-
tion or input mesh face count. In practice, the total pro-
cessing memory/time grows from 43 MB / 0.33 s (512) to
711 MB / 4.14 s (2048) for meshes up to 34.7M faces on a
single H100 GPU.

4. VAE Implementation Details
Our VAE implementation adopts a structure similar to those
in SparseFlex [2] and Sparc3D [3]. The encoder takes ge-



ometry features as input and performs three downsampling
stages using sparse convolutional blocks with residual con-
nections. Following this, four local attention blocks [4] are
applied to further aggregate information in the latent space.

For the decoder, we follow the SparseFlex design but
replace the swin-attention blocks [5] with local attention
blocks. The number of upsampling blocks is increased to
three to restore the original input grid resolution. Each up-
sampling block is augmented with an additional linear layer
to predict voxel occupancy and prune redundant voxels.

In the case of point inputs, a lightweight local atten-
tion module is incorporated to aggregate point-level features
within their corresponding voxels into voxel-level represen-
tations.

During the scenerio training higher resolution (e.g.
10243), we employ a chunk-wise upsampling strategy with
voxel-level supervision to reduce GPU memory usage.
Specifically, we first randomly select one of the eight cor-
ners from the dense volume, then expand the coordinates
along all three axes to extract the bounding box w.r.t. voxel
chunks for upsampling. The expansion ratio is adaptively
determined by a predefined threshold based on the num-
ber of voxels in each object, ensuring efficient utilization
of GPU memory.

The loss weights used in the final optimization objec-
tive are set as follows: λx = 0.5, λn = 0.01, λaxis =
0.5, λmask = 1.0, λocc = 0.2, λKL = 10−5 .

5. FC in 3D Generative Task

For validating the effectiveness of Faithful Contouring in
generative tasks, we build a diffusion framework upon the
introduced VAE. Here we demonstrate the qualitative re-
sults of the Image-to-3D generation results in Fig. 4. From
which it is able to see that FC can faithfully preserve sharp
edges, details and inner structures of given images.
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Figure 4. Generative results of Diffusion-based model with FC.
The first raw specifically shows the generation fo internal struc-
tures. Others shows the high fidelity of detail generations.
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