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A. Additional Implementation Details
In this section, we describe the implementation in more de-
tail, including the data preparation and training specifics.

We utilize a proprietary dataset of approximately 600k
high-quality 3D models from professional artists. All data
are normalized to the [−1, 1] unit space and pre-processed
by merging duplicate and outlier vertices without any quan-
tization. We excluded meshes with a maximum vertex de-
gree exceeding 50 from the dataset for all experiments. No-
tably, the most complex model in our unfiltered dataset con-
tains up to 15k faces. We uniformly sampled 32, 768 points
for shape conditioning, which were then fed into a simi-
larly pre-trained shape encoder with a structure similar to
Shape2VecSet [7] to obtain 2048 tokens. The resulting to-
kens and the vertex count serve as conditional inputs for our
Diffusion Transformer.

The mesh vertices are first sorted in z-y-x lexicographic
order and then padded using points uniformly sampled from
the mesh to the maximum vertex count before being used as
input to our MeshVAE. The MeshVAE is built upon an 8-
layer encoder and an 8-layer decoder Transformer architec-
ture, with a hidden size of 1024, resulting in a model with a
total of 233 million parameters. We use 16 Fourier encod-
ing frequency bands for all features. The hyperparameters
are set as follows: the threshold is τ = 0.6, the negative
sampling weight is λneg = 0.01, and the KL divergence
weight is λkl = 10−3 by default. For training, we employed
the AdamW optimizer with a learning rate of 5 × 10−4,
complemented by a warmup strategy and a cosine anneal-
ing schedule. The VAE was trained with a batch size of 64
per GPU for 3 days using 32 H100 GPUs. The DiT uses
the same standard transformer with 18 blocks and a 1024
hidden size, amounting to 427M parameters. Rotary Po-
sitional Embeddings (RoPE) [5] are utilized in every Self-
Attention module. The RoPE can be applied to either the
center coordinates or the indices of the encoded point set.
We observe that using the center coordinates of the point
set yields better performance during training. However, at
inference time, the point center coordinates are unavailable,
leading to a gap between the training and inference perfor-
mance. The results presented in the paper therefore employ
indices for RoPE. For training, we used a learning rate of
1 × 10−4 and trained the model for 10 days on 64 H100
GPUs with a batch size of 32 per GPU.

We also leverage Flash Attention [1] and BF16 mixed
precision to accelerate training, complemented by Expo-
nential Moving Average (EMA) to improve stability and

Algorithm 1 Robust Mesh Extraction

1: Input: Mask logits M ∈ RN , vertex coordinates ∈
RN×3, vertex normals N ∈ RN×3, edge embeddings
H ∈ RN×D and edge distance threshold τ

2: Output: Mesh = (V, F )
// Exact Edges and Adjacency Matrix

3: I←M > 0.5
4: ← [I], N ← CLAMP(N [I],−1, 1)
5: D ← Compute Pairwise Distances(H[I])
6: E ← NonZero((D > τ) ∧ UpperTriMask(D))
7: A ← Build Adjacency Matrix(E)

// Start Build All Faces from the Edges Soup
8: Ftemp ← ∅
9: for (v1, v2) ∈ Unique(E) do

10: Nc ← (A[v1] ∩ A[v2]) \ {v1, v2}
11: Ftemp ← Ftemp ∪ {Sorted(v1, v2, v3) | v3 ∈ Nc}
12: F ← Unique(Ftemp)

// Fix k-gon Ring in Topology
13: Eboundary ← Detect Boundary Edges(E)
14: Cloops ← Extract K-Loops(DFS(Eboundary))
15: F ← Triangulate(Cloops)

// Recover Cyclic Ordering
16: Nface ← Normalize(Cross(f,1−f,0,f,2−f,0))
17: Navg ← Normalize(Mean(F , dim = 1))
18: F [Nface ·Navg < 0, 1]↔ F [Nface ·Navg < 0, 2]
19: Return Mesh(V, F )

generalization.

B. Details of the Mesh Extraction Algorithm

As shown in Algorithm 1, we propose a simple and highly
efficient mesh extraction algorithm to recover the local
cyclic ordering of the vertices for each face and extract the
final mesh from the decoded feature sequence X̂. In sharp
contrast to the method proposed by SpaceMesh [4], which
uses continuous permutation features to determine the lo-
cal cyclic ordering of incident edges and infer the half-edge
connectivity, we leverage the additionally predicted vertex
normal information to recover the edge ordering. Specifi-
cally, we first obtain a set of valid edges based on the edge
embeddings. Then, if an edge’s two endpoints share a third
vertex, the resulting triplet is considered to form a triangular
face. The cyclic ordering of the vertices within this face is
determined by calculating the mean of the three vertex nor-
mals to serve as the face normal. Furthermore, to repair de-
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Figure 1. Detailed structure of different downsample and upsample strategies.

fects caused by inaccurate diffusion predictions, we imple-
ment a boundary repair post-processing step. A boundary
edge is defined as an edge that belongs to only one triangu-
lar face. We therefore detect boundary edges and then deter-
mine whether these boundary edges form a k-gon ring. By
default, when k < 5, we perform triangulation to convert
the loop into multiple triangular faces, thereby enhancing
the robustness of the generated results.

C. Different Downsample/Upsample Strategies

We provide a detailed description of our Token Merge and
Token Split operators for downsampling and upsampling,
which are analogous to PixelShuffle. We also detail the spe-
cific variations examined in the ablation studies.
• A Q-Former-based approach that utilizes randomly ini-

tialized learnable tokens as queries for both downsam-
pling and upsampling.

• A FPS-based approach that employs Farthest Point
Sampling (FPS) on encoded vertex features during down-
sampling like Shape2Vecset [7], and uses learnable to-
kens for upsampling.

• Our TokenMerge/Split approach that groups the en-
coded vertex features for downsampling and splits the la-
tents by channel for upsampling like PixelShuffle.

D. Inference Time of A Single Object
As noted in Table 2 in the paper, to ensure consistency
with FastMesh [2], we initially adopted the same calculation
method for “Inf. Time”, which uses the average inference
time of a batch of multiple objects. However, this metric
may not accurately reflect the true speed of single-object
inference. For a fair comparison, we present the time re-
quired for different methods to infer a single mesh. The re-
sults in Tab. 1 demonstrate the superior inference efficiency
of our proposed diffusion-based method compared to auto-
regressive methods.

E. Latent Space Learned by MeshVAE
We compress the discrete mesh data structure into a contin-
uous and compact latent space. Here, we illustrate the dis-
tribution of the learned latent space of our MeshVAE, along
with the latent distribution of a randomly sampled channel.
As shown in Fig. 3, the latent distribution closely approxi-
mates a standard Gaussian distribution.

F. Additional Results
We present additional mesh reconstruction results of the
MeshVAE in Fig. 2. The results collectively demonstrate
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Figure 2. More mesh reconstruction results of our MeshVAE.

Table 1. Inference time of a single mesh generation. For autoregressive-based methods, the time varies with the complexity of the input.

Method BPT [6] TreeMeshGPT [3] DeepMesh [8] FastMesh-V1K [2] FastMesh-V4K [2] Ours

Inference Time ∼8 min ∼4 min ∼50 min ∼21 s ∼50 s ∼1.2 s
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Figure 3. Latent distribution of the learned latent space.

that our method is capable of high-fidelity reconstruction
of the input mesh from the learned latent space, preserving
critical geometric details. Furthermore, we show more re-
sults of point cloud conditioned mesh generation i Fig. 5.
These results highlight the ability of our method to generate
a diverse set of meshes that are faithful to the input point
cloud guidance.

G. Failure Cases
Our method is also subject to some failure cases when the
model has difficulty generating accurate latents during the
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Figure 4. Failure cases of our generated meshes.

denoising process, which in turn leads to noisy vertex po-
sitions and edge embeddings. This ultimately causes the
extracted meshes to exhibit holes, as shown in Fig. 4. We
believe that this could be further mitigated by carefully re-
fining the diffusion process or adopting a more powerful
DiT model for generation.
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Figure 5. Additional point cloud conditioned mesh generation results for our method.
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