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A Sparconv-VAE Implementation Details
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Figure A1: SparConv-VAE architecture. Our SparConv-VAE comprises a sequence of sparse
convolutional blocks, integrated with a lightweight local attention module adapted from PTv3 [6].

Similar to XCube [5] and Flux [4], we employ a variational autoencoder to learn a compact latent
representation for our SparCubes as shown in Fig. A1. The encoder consists of three downsampling
blocks, each comprising two sparse residual convolutional blocks and a downsampling layer. Follow-
ing Flux [4], we apply group normalization [7] with 32 groups and the Swish activation function [2].
In each downsampling layer, we first perform voxel shuffling to reduce spatial resolution, then use a
linear layer to decrease channel dimensionality. After the final downsampling block, we insert a local
attention module—adapted from PTv3 [6]—to further fuse neighborhood features.

The decoder mirrors this design with three upsampling blocks. Each block begins with a linear layer
to expand channel width, followed by shuffle-based upsampling to increase spatial resolution, and
two sparse residual blocks. We then apply a convolutional layer to predict an occupancy mask, which
is pruned before feature propagation. At the final stage, a tanh activation predicts the SparCubes
parameters. Channel dimensions grow progressively from 128 to 256 to 512 across the scales.
Empirically, we set the loss weights to Locc = 0.02, Lsign = 0.05, Lmag = 0.1, Lδ = 0.1, and
LKL = 1× 10−5.

B Comparison with SparseFlex

Concurrently, SparseFlex [3] adapts Trellis’s VAE [8] for high-resolution 3D reconstruction by
replacing the original DINOv2 features with surface-sampled points (with normals) and employing
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Figure A2: Qualitative comparison of VAE reconstructions from our method and SparseFlex [3].
SparseFlex exhibits token-count explosion (1,171,718 tokens for complex objects), loss of fine
geometric details (e.g., the house’s prismatic pillar), incorrect face normals (e.g., the dragon head on
the bow), and numerous holes. Best viewed with zoom-in.

a 2563 latent voxel grid. Nonetheless, in addition to the issues inherited from Trellis [8] (modality
conversion and non-watertight outputs), SparseFlex exhibits four further critical limitations compared
to our method, as illustrated in Fig. A2:

• Token-count explosion. Using a 2563 grid with redundant sampling inflates their token
count to 1,171,718 for a complex object—roughly the length of Les Misérables and 32×
larger than ours—making high-resolution generative training impractical.

• Loss of fine details Uniformly sampling points within each voxel cannot capture sharp edges
or intricate geometry, leading to blurred or missing features. By contrast, our progressively
downsampled, 3D-supervised pipeline faithfully recovers all geometric nuances.

• Dependence on raw mesh normals. Their pipeline relies on the input mesh’s face normals
and must automatically recompute them when they’re incorrect—an operation that can
fail and introduce erroneous normals into the result. In contrast, our method has no such
dependency, ensuring consistently accurate surface orientations.

• Numerous holes. The output mesh may contain holes, and because it has many open
surfaces with half-edge boundaries, these holes are difficult to detect and repair.

C Comparison with Trellis

To disentangle representation quality from training scale, we align the training setup at a comparable
resolution and report efficiency under identical hardware. Both models encode a latent tensor of
spatial size 643 (with the same sparsity ratio). The key differences are: (i) TRELLIS employs sparse
transformer blocks (Swin-style attention), while our VAE is built entirely on sparse convolutions
with explicit sparse down/up-sampling; (ii) our decoder targets higher output resolution and channel
capacity. Concretely, our VAE uses 16 latent channels and decodes to 5123, whereas TRELLIS uses
8 channels and decodes to 2563. Under the conventional compression definition (total voxels per
latent scalar), this yields a 4× higher compression ratio for ours. For an apples-to-apples efficiency
comparison at 2563, we adopt a two-stage pipeline (2563→643→2563), while TRELLIS keeps its
original single-stage (643→2563).

D Remeshing Cost Comparison

We compare the remeshing latency of our method against Dora [1] across different resolutions. At
low resolutions (below 5123), our remeshing pipeline delivers performance comparable to Dora’s.
However, at high resolutions (above 5123), our approach is significantly faster, thanks to its efficient
custom CUDA kernel design. Moreover, Dora [1] requires additional surface sampling and near-
surface point refinement to train its VAE, which incurs extra computational overhead—an expense
our method entirely avoids.
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Figure A3: Comparison of remeshing time costs between our method and Dora [1].

E Additional Generation Results

In Fig. A4, we present additional comparisons of 3D assets generated by our method, as detailed in
the Experiments section of the main paper.
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Figure A4: More generation results. Best viewed with zoom-in.
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