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Supplementary Material

A. More Implementation Details

A.1. Architecture and Pre-processing
Our LoG-VAE model employs a symmetric encoder-
decoder architecture. The pre-processing pipeline begins
with the ground-truth meshes, which are canonically nor-
malized into a unit cube of [−0.5, 0.5]3. From these, we
sample and compute Unsigned Distance Function (UDF)
fields at resolutions of 10243 and 20483. To focus the model
on the region near the surface, we truncate the UDF val-
ues: for the 10243 and 20483 fields, we clamp all values at
a maximum threshold of 4/1024 and 4/2048, respectively.
Any UDF value exceeding this threshold is set to the max-
imum value. Finally, the entire clamped UDF volume is
min-max normalized to the range [0, 1].

A.2. UBlock Setting and Sparsification
To enable a seamless fine-tuning process from the 10243

model to the 20483 model, we fix the initial spatial res-
olution of all UBlocks to D = 83. Consequently, the
partition factor s varies with the input resolution: for a
10243 field, s = 1024/8 = 128, and for a 20483 field,
s = 2048/8 = 256. After partitioning the entire UDF field,
we perform a sparsification step. We retain only the ”ac-
tive” UBlocks—defined as those containing at least one in-
ner voxel UDF value below the maximum threshold. This
dramatically reduces the number of blocks from a poten-
tial s3 to a much smaller set of L blocks. Finally, we add
a padding of α = 2 voxels around each of these L active
UBlocks. The final resolution of a UBlock fed into the net-
work is thus D = (8 + 2 ∗ 2)3 = 123.

A.3. Encoder
Due to GPU memory constraints, our network operates with
a batch size of one. The input to the encoder is a tensor of
shape [1, L, 123], representing the set of L sparse UBlocks.
For cases with a large L, we process the UBlocks in chunks
to further mitigate memory consumption.
Local 3D Convolution. The encoder first processes each
UBlock with a local 3D convolutional module. To achieve
this efficiently, we treat the L dimension as a batch dimen-
sion, reshaping the input tensor to [L, 1, 12, 12, 12]. An
initial MLP layer then projects these single-channel fea-
tures into a higher-dimensional space, expanding the chan-
nel dimension to 32 and resulting in a tensor of shape
[L, 32, 12, 12, 12]. Our local 3D convolution module con-
sists of four layers, where each layer sequentially performs

the following operations: a GroupNorm, an MLP for fea-
ture mapping, a 3x3x3 convolution with a ReLU activation,
a second GroupNorm, another 3x3x3 convolution with a
ReLU activation, and finally, a MaxPooling3D operation
for downsampling. With each layer, the spatial resolution
of the UBlock is halved (12 → 6 → 3 → 1), while the num-
ber of feature channels doubles (32 → 64 → 128 → 256).
After passing through the four-layer local 3D convolution
module, each of the L UBlocks is encoded into a feature
vector, yielding a tensor of shape [L, 256, 1, 1, 1].
Global Sparse Transformers. To facilitate information ex-
change between these UBlocks, we employ a global sparse
transformer module. We treat each of the L feature vec-
tors as a distinct token, reshaping the tensor to [1, L, 256] to
form a sequence. This sequence is then processed by a se-
ries of 8 sparse transformer blocks. Each block is based on
the shift-window-attention mechanism with the following
configuration: the input feature dimension is 256, the atten-
tion mechanism uses 8 heads, and the window size for the
shifted-window attention is set to 8. Absolute positional en-
codings are added to the input sequence to retain spatial in-
formation. Furthermore, to enhance contextual interaction,
an additional sparse voxel convolution layer that preserves
the feature dimension is appended to the end of each trans-
former block. After passing through all 8 blocks, the output
tensor retains its shape of [1, L, 256]. Finally, to produce the
sparse latents required by the VAE, this global feature rep-
resentation is projected down to a lower-dimensional space
using a final MLP. This yields a final latent tensor of shape
[L, 16].

A.4. Decoder

The decoder mirrors the encoder’s architecture, first apply-
ing a global sparse transformer followed by a local 3D de-
convolution module. The process begins with the sparse la-
tent vectors of shape [L, 16]. These are first projected back
to a 256-dimensional space via an MLP and then reshaped
into a sequence of shape [1, L, 256]. This sequence is pro-
cessed by a series of 8 sparse transformer blocks, which
share the same configuration as their counterparts in the en-
coder. The output is then reshaped back to [L, 256, 1, 1, 1]
to be fed into the local decoding module. The local module
consists of five 3D convolutional blocks designed to upsam-
ple the feature maps. Each block sequentially performs: a
3D nearest-neighbor interpolation for upsampling, a Group-
Norm, a 3x3x3 convolution with ReLU activation, a second
GroupNorm, and another 3x3x3 convolution with ReLU ac-



tivation. Through these five blocks, the spatial resolution of
each UBlock is progressively doubled (1 → 2 → 4 → 8 →
16), while the number of feature channels is halved (256 →
128 → 64 → 32 → 16). After the fifth block, each UBlock
is represented by a tensor of shape [L, 16, 16, 16, 16].

To produce the final UDF values, we first use an MLP to
project the 16-channel feature map back to a single chan-
nel representing the UDF, resulting in a tensor of shape
[L, 1, 16, 16, 16]. From this upsampled 163 volume, we
crop out the central 123 region, which corresponds to the
original padded UBlock size. This yields the decoder’s fi-
nal output, a tensor of shape [L, 1, 12, 12, 12].

A.5. Mesh Reconstruction
In the final stage, we reconstruct the high-resolution mesh
from the decoded UBlocks. First, we assemble the L de-
coded UBlocks, each of shape [12, 12, 12], back into a full
UDF field. This is done by placing each block at its original
spatial location as determined during the initial partition-
ing stage. The UDF values are then de-normalized to their
original value range. Due to the padding added before the
encoder, adjacent UBlocks have overlapping voxel regions.
To ensure a seamless and continuous surface, we apply our
Pad-Average strategy: for any voxel located in an overlap-
ping region, its final UDF value is computed as the average
of the values from all contributing UBlocks.

Finally, we extract the mesh from this fully reconstructed
UDF field using the Marching Cubes [4] algorithm. Since a
UDF field represents unsigned distances, we cannot extract
a zero-level set directly. Instead, we extract an isosurface
at a small threshold ϵ. For our 10243 and 20483 resolution
fields, we set ϵ to 1/1024 and 1/2048, respectively. Given
the high resolution of the UDF field, this slight ”inflation”
of the surface has a negligible impact on the final mesh qual-
ity.

A.6. Training Details
Our framework is implemented in PyTorch [6]. For opti-
mization, we use the AdamW [5] optimizer with a learning
rate of 5e − 5 and a weight decay of 0.01. The models are
trained using the Huber loss, with the delta threshold set to
0.2. The weight λ assigned to the KL-divergence loss is set
to 1e − 6. To accelerate training, we leverage the Accel-
erate library for multi-GPU distributed training with fp16
mixed-precision. The batch size is set to 1 throughout all
experiments due to GPU memory constraints.

Our 10243 LoG-VAE model was trained from scratch for
approximately 3 days on 8 NVIDIA H20 GPUs. The 20483

resolution model was then fine-tuned from the pre-trained
10243 checkpoint for an additional 2 days on the same hard-
ware setup. We will make our training and inference code
publicly available to facilitate future research in the com-
munity.

B. Metrics
The Normal Mean Squared Error (NMSE) and Sharp Nor-
mal Error (SNE) metrics are adopted from Dora [1].

To compute the reconstruction metrics, we densely sam-
ple points from the outer surfaces of both the ground-truth
meshes (denoted as Xgt) and the predicted meshes (denoted
as Xpd), following the evaluation protocol of TRELLIS [9].
Chamfer Distance (CD). The Chamfer distance is com-
puted using:

CD =
1

2
(Comp.+Acc.),

Comp. =
1

|Xgt|
∑

xgt∈Xgt

min
xpd∈Xpd

||xgt − xpd||,

Acc. =
1

|Xpd|
∑

xpd∈Xpd

min
xgt∈Xgt

||xpd − xgt||

F-Score (F1). The F-Score is defined as follows:

FS =
2 · Precision ·Recall

Precision+Recall
,

where

Precision =
|{xpd ∈ Xpd|minxgt∈Xgt

||xgt − xpd|| < ξ}|
|Xpd|

,

Recall =
|{xgt ∈ Xgt|minxpd∈Xpd

||xpd − xgt|| < ξ}|
|Xgt|

We use ξ = 0.01 and ξ = 0.001 for the experiments.

C. Efficiency and Performance Comparison
Tab. 1 presents a quantitative comparison of our LoG-VAE
against previous state-of-the-art methods, Direct3D-S2 [8]
and TripoSF [2], in terms of inference time and the number
of trainable parameters. All models were benchmarked on
the 10243 resolution mesh reconstruction task. The results
demonstrate our model’s superior efficiency, as it requires
both less inference time and fewer parameters than com-
peting methods. Crucially, this efficiency is achieved with-
out compromising reconstruction quality; in fact, our model
delivers superior results (as shown in the main paper), high-
lighting the advantages of our architecture.

D. Additional Qualitative Comparisons
We provide additional qualitative comparisons against
Hunyuan3D-2.1 [3] and TRELLIS [9] to further validate the
performance of our model. Fig. 1 visually compares the re-
construction results from our models (at 10243 and 20483

resolutions) and these two methods. The results demon-
strate that our approach consistently produces superior re-
constructions across a diverse range of shapes. This holds



Table 1. Comparison of Inference Time and Model Size. All models were benchmarked on the 10243 resolution mesh reconstruction
task using a single NVIDIA H20 GPU. Our model is both faster and more compact.

Method Direct3D-S2 [8] TripoSF [2] Ours

Inference time per sample 18s 60s 15s

Parameters 84M 586M 77M

true for both common object categories, such as furniture,
and for highly complex geometries. In all cases, our method
yields results that are visually more faithful to the ground
truth.
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Figure 1. Qualitative Comparison of VAE reconstruction with Hunyuan3D-2.1 [3] and TRELLIS [9]. The 3D models depicted in
the figure are sourced from the Toys4k [7] and iHome dataset. Our method yields high-fidelity reconstructions for a diverse range of
geometries, demonstrating its superior ability to simultaneously preserve surface smoothness and capture intricate topological details.
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